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Abstract

Modern clinical systems frequently exhibit sporadic patient visits, delayed diagnoses,
and unequal care distribution among diverse populations. Often, diseases aren’t identified
until they reach advanced stages. The scarcity of specialists and disparities in healthcare
access further complicate the long-term monitoring, timely intervention, and unbiased as-
sessments. This thesis addresses the above challenges by developing artificial intelligence
(AI) and machine learning (ML) algorithms and building practical systems that use these
algorithms to solve key problems in healthcare and medicine.

Specifically, on the algorithms front, the thesis introduces principled ML approaches
to achieve fair, unbiased, and generalizable AI models, addressing core challenges in real-
world medical data which encompass four main axes:

¢ Label Scarcity: The thesis presents a novel self-supervised learning scheme that learns
periodic and frequency information in data without labels, enabling representation learn-
ing for periodic tasks like vital signs estimation with minimal labeling efforts.

¢ Data Imbalance: The thesis develops new ML algorithms to address data imbalance in
regression, filling the gap in techniques for practical imbalanced regression problems.

* Domain Generalization: The thesis presents theoretically grounded learning methods
that ensure generalization across imbalanced domains and unseen environments.

¢ Subpopulation Shifts: The thesis studies learning in the presence of underrepresented
subgroups, providing actionable insights for model deployment in real-world settings.

On the applications front, the thesis develops new Al-driven biomarkers and systems
for human disease and medicine leveraging the proposed algorithms, enabling discovery
and advancing delivery and equity in healthcare:

¢ Early Diagnosis Biomarker for Parkinson’s: The thesis presents an Al-based biomarker
for Parkinson’s disease that enables early detection years before standard clinical diag-
nosis, as well as longitudinal progression tracking using nocturnal breathing signals.

¢ In-Home Touchless Monitoring of Sleep Posture: The thesis designs novel Al systems
for continuous and contactless sleep posture monitoring overnight in the user’s own
home using wireless signals.



¢ Equitable Medical AI Deployments In The Wild: The thesis establishes best practices
for medical imaging Al models that maintain their performance and fairness in deploy-
ments beyond their initial training contexts, across diverse populations and unseen sites.

Thesis Supervisor: Dina Katabi
Title: Professor of Electrical Engineering and Computer Science
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CHAPTER 1

Introduction

Recent decades have witnessed the profound transformations in clinical and healthcare
systems [8], significantly driven by artificial intelligence (AI) and machine learning (ML)
that hold tremendous potential to reshape health and medicine [9]. The application of Al
in health spans a wide array of crucial medical tasks including automated diagnosis, risk
modeling, triage, remote health monitoring, treatment selection, optimizing clinical trials,
disease progression modeling, and enhancing patient interaction with healthcare systems
[10,11,12,13, 14, 15,16, 17]. Yet, despite these advancements, today’s healthcare continues

to face unique real-world challenges and persistent gaps that need to be addressed:

¢ Time Gap: The infrequent nature of clinical visits, which spans months or even years,
poses a significant challenge for early disease detection and timely intervention [5]. For
example, small delays in diagnosing conditions like cancer can drastically increase mor-
tality risk [18]. This issue is further exacerbated by substantial gaps in healthcare ob-
servation — periods during which patients receive no clinical oversight [19]. Therefore,
methods that can see across time are essential, facilitating the early detection and longi-

tudinal tracking of diseases.

* Location Gap: The scarcity of healthcare professionals and facilities often restricts hos-
pital care to a limited number of individuals. Not everyone can easily access clinical
resources, especially for continuous care [20]. For instance, approximately 40% of indi-

viduals with Parkinson’s disease never see a specialist, largely due to health inequities,
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including restricted access to specialized medical centers [10]. Consequently, intelligent
sensing and computing technologies that deliver healthcare directly to patients” homes

are crucial, enabling equitable access to medical services regardless of location.

¢ Individual Gap: With the increasing use of Al for tasks such as triage or screening, it is
crucial that these technologies function effectively for every patient they serve. However,
Al models could fail in unexpected ways, especially when deployed in new environ-
ments or subpopulations [4]. For instance, Epic’s Al model for detecting early signs of
sepsis, while effective in initial tests, frequently misdiagnosed patients when deployed
across hundreds of hospitals [21]. Thus, it is critical to develop Al systems that perform
consistently and accurately across diverse settings, domains, and individuals, ensuring

reliable healthcare outcomes for all patients.

The goal of the research presented in this dissertation is to address the above gaps by
developing new Al and ML algorithms, and building practical systems that deploy these
algorithms to extend healthcare beyond the clinic. However, developing such algorithms
is non-trivial. Real-world medical data is inherently imperfect and biased, often marked
by limited annotations, skewed data distributions, underrepresented subgroups, and per-
vasive biases affecting diverse populations. Additionally, translating these algorithms into
practical systems, however, is not always straightforward.

In this dissertation, we make contributions on both algorithm and application fronts:

¢ Algorithms (Fig. 1-1): This dissertation designs generic ML algorithms to tackle chal-
lenges presented by real-world healthcare data, including label scarcity [1], data imbal-
ance and biases [2, 22, 23], subpopulation fairness [4], and domain generalization [3].
These principled learning algorithms serve as foundational elements to build trustwor-
thy medical decision-making systems, ensuring fairness, robustness, and generalizabil-

ity for high-stakes applications.

¢ Applications (Fig. 1-2): This dissertation introduces novel Al-driven biomarkers and
systems that bridge the aforementioned gaps and improve discovery, delivery, and eq-
uity in healthcare and medicine. Specifically, they address persistent clinical constraints
in (1) time, by facilitating pre-clinical diagnosis and post-clinical prognosis [5, 16], (2)
location, by delivering medical assessments directly to patients” homes [24, 6], and (3)

individual, by ensuring precise and equitable outcomes for all patients [25, 26, 7].
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(a) Periodic learning without labels (Chapter 2). (b) Learning imbalanced regression (Chapter 3).
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(c) Learning from distinct domains (Chapter 4). (d) Learning over subpopulations (Chapter 5).

Figure 1-1: Machine learning algorithms developed to address real-world medical
data problems. (a) We study simple self-supervised learning of periodic targets with
no labels (more information is available here). (b) We address learning imbalanced
data with continuous targets (more information is available here). (c) We tackle imbal-
anced learning and generalization with data arising from multiple distinct domains
(more information is available here). (d) We analyze subpopulation shift and investi-
gate learning with underrepresented subgroups (more information is available here).

B 1.1 Learning Algorithms

Real-world health data are by their nature complex and imperfect, characterized by scarce
clinical annotations, skewed data distributions, underrepresentation of certain demographics,
and biases across diverse populations. This dissertation aims to tackle these multifaceted
challenges, addressing label scarcity (Fig. 1-1(a)), data imbalance (Fig. 1-1(b)), domain gen-
eralization (Fig. 1-1(c)), and subpopulation shifts (Fig. 1-1(d)). While driven by healthcare,
the algorithmic foundations are broadly applicable to other high-stakes applications.

B 1.1.1 Label Scarcity

From human physiology to environmental evolution, important processes in nature often
exhibit meaningful and strong periodic or quasi-periodic changes. Due to their inherent label
scarcity, learning useful representations for periodic tasks with limited or no supervision is
of great benefit. Yet, existing self-supervised learning (SSL) methods overlook the intrinsic
periodicity in data, and fail to learn representations that capture periodic or frequency

attributes (see Fig. 1-1(a)).
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This dissertation first presents SimPer, a simple contrastive SSL regime for learning
periodic information in data. To exploit the periodic inductive bias, SimPer introduces
customized augmentations, feature similarity measures, and a generalized contrastive loss
for learning efficient and robust periodic representations.

The resulting algorithm SimPer learns robust periodic representations with high fre-
quency resolution, as shown in Fig. 1-1(a). Extensive experiments on common real-world
tasks in human behavior analysis, environmental sensing, and healthcare domains ver-
ify the superior performance of SimPer compared to state-of-the-art SSL methods, high-
lighting its intriguing properties including better data efficiency, robustness to spurious

correlations, and generalization to distribution shifts.

B 1.1.2 Data Imbalance

Real-world data often exhibit imbalanced distributions, where certain target values have
significantly fewer observations. Existing techniques for dealing with imbalanced data fo-
cus on targets with categorical indices, i.e., different classes. However, many tasks involve
continuous targets, where hard boundaries between classes do not exist.

This dissertation formally defines and studies the Deep Imbalanced Regression (DIR)
problem as learning from such imbalanced data with continuous targets, dealing with po-
tential missing data for certain target values, and generalizing to the entire target range
(see Fig. 1-1(b)). Motivated by the intrinsic difference between categorical and continu-
ous label space, we propose distribution smoothing for both labels and features, which
explicitly acknowledges the effects of nearby targets, and calibrates both label and learned
feature distributions. We curate and benchmark large-scale DIR datasets from common
real-world tasks in computer vision, natural language processing, and healthcare domains.
Extensive experiments verify the superior performance of our strategies. This thesis fills

the gap in benchmarks and techniques for practical imbalanced regression problems.

B 1.1.3 Domain Generalization

Existing studies on data imbalance focus on single-domain settings, i.e., samples are from
the same data distribution. However, natural data can originate from distinct domains,
where a minority class in one domain could have abundant instances from other domains.

This dissertation further formalizes the task of Multi-Domain Long-Tailed Recognition
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(MDLT), which learns from multi-domain imbalanced data, addresses label imbalance, do-
main shift, and divergent label distributions across domains, and generalizes to all domain-class
pairs (see Fig. 1-1(c)).

We first develop the domain-class transferability graph, and show that such transferability
governs the success of learning in MDLT. We then propose BoDA, a theoretically grounded
learning strategy that tracks the upper bound of transferability statistics, and ensures bal-
anced alignment and calibration across imbalanced domain-class distributions. We curate
tive MDLT benchmarks based on widely-used multi-domain datasets, and compare BoDA
to twenty algorithms that span different learning strategies. Extensive and rigorous exper-
iments verify the superior performance of BoDA. Further, as a byproduct, BoDA establishes
new state-of-the-art on Domain Generalization benchmarks, highlighting the importance
of addressing data imbalance across domains, which can be crucial for improving general-

ization to unseen domains.

B 1.1.4 Subpopulation Shifts

Finally, ML models often perform poorly on subgroups that are underrepresented in the
training data. Yet, little is understood on the variation in mechanisms that cause subpop-
ulation shifts, and how algorithms generalize across such diverse shifts at scale. In this
dissertation, we provide a fine-grained analysis to model and benchmark subpopulation
shift (see Fig. 1-1(d)).

We first propose a unified framework that dissects and explains common shifts in sub-
groups. We then establish a comprehensive benchmark of 20 state-of-the-art algorithms
evaluated on 12 real-world datasets in vision, language, and healthcare domains. With
results obtained from training over 10,000 models, we reveal intriguing observations for
future progress in this space. First, existing algorithms only improve subgroup robust-
ness over certain types of shifts but not others. Moreover, while current algorithms rely
on group-annotated validation data for model selection, we find that a simple selection
criterion based on worst-class accuracy is surprisingly effective even without any group
information. Finally, unlike existing works that solely aim to improve worst-group accu-
racy (WGA), we demonstrate the fundamental tradeoff between WGA and other impor-

tant metrics, highlighting the need to carefully choose testing metrics.
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(a) Early diagnosis of Parkin- (b) In-home touchless moni- (c) Equitable AI deployment
son’s disease using nocturnal toring of sleep posture using across diverse environments
breathing (Chapter 6). wireless signals (Chapter 7). and subgroups (Chapter 8).

Figure 1-2: New Al-driven biomarkers and systems for disease and medicine using
the proposed algorithms. (a) Al-based biomarker for early detection and longitudinal
progression tracking of Parkinson’s disease using nocturnal breathing signals [5]. (b)
Contactless monitoring of sleep posture overnight in the home using Al and wireless
signals [6]. (c) Fair and equitable medical AI model deployment in new environments
and patient populations [7].

B 1.2 Applications in Healthcare and Medicine

Next, we translate the proposed ML algorithms to develop practical systems that extend
healthcare capabilities. Specifically, these systems enhance healthcare across three key di-
mensions: time, location, and individual. For time, they enable early detection of chronic
diseases before clinical diagnosis (Fig. 1-2(a)). For location, the systems bring compre-
hensive health assessments into people’s homes, and passively profile diverse facets of
human health (Fig. 1-2(b)). For individuals, they support equitable decision-making sys-
tems, providing actionable clinical insights for AI models deployed in real-world settings

(Fig. 1-2(c)).

B 1.2.1 Early Diagnosis Biomarker for Parkinson’s Disease

Parkinson’s disease (PD) is the fastest-growing neurological disease in the world [27]. Over
one million people are living with PD in the US as of 2020 [28], resulting in an economic
burden of $52 billion per year [29]. Today, however, there are no effective biomarkers for
diagnosing PD or tracking its progression. In this dissertation, we develop an Al model to
detect PD and track its progression from nocturnal breathing signals (see Fig. 1-2(a)).

The Al-based system takes as input one night of breathing signals, which can be col-
lected using a breathing belt worn on the person’s chest or abdomen [30], or using low

power radio signals and analyzing its reflections off the person’s body [6]. The nocturnal
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breathing is passed as input to our neural network, which analyses it to produce two out-
puts: (1) it predicts whether the person has PD, and (2) it estimates the severity of PD with
respect to the clinical gold standard [5].

The model is evaluated on a large dataset comprising 7,671 individuals, created by
pulling data from several US hospitals and multiple public datasets. The AI model can
detect PD with an area-under-the-curve (AUC) of 0.90 and 0.85 on the held-out and exter-
nal test sets, respectively. The Al model can also estimate PD severity and progression in
accordance with the Movement Disorder Society-Unified Parkinson’s Disease Rating Scale
(R=0.94, p=3.6e-25). Moreover, the model can assess PD in the home setting in a touchless
manner, by extracting breathing from radio waves that bounce off a person’s body during
sleep. Our study demonstrates the feasibility of objective, noninvasive, at-home assess-
ment of PD, and also provides initial evidence that this AI model may be useful for risk

assessment prior to clinical diagnosis.

B 1.2.2 In-Home Touchless Monitoring of Sleep Posture

Monitoring sleep posture is important for avoiding bedsores after surgery, reducing apnea
events, tracking the progression of Parkinson’s disease, and even alerting epilepsy patients
to potentially fatal sleep postures. Today, there is no easy way to track sleep postures. Past
work has proposed installing cameras in the bedroom, mounting accelerometers on the
subject’s chest, or embedding pressure sensors in their bedsheets. Unfortunately, such
solutions jeopardize either the privacy of the user or their sleep comfort.

In this dissertation, we introduce BodyCompass, the first RF-based system that pro-
vides accurate sleep posture monitoring overnight in the user’s own home (see Fig. 1-2(b)).
BodyCompass works by studying the RF reflections in the environment. It disentangles RF
signals that bounced off the subject’s body from other multipath signals. It then analyzes
those signals via a custom machine learning algorithm to infer the subject’s sleep posture.
BodyCompass is easily transferable and can apply to new homes and users with minimal
effort. We empirically evaluate BodyCompass using over 200 nights of sleep data from
26 subjects in their own homes. Our results show that, given one week, one night, or 16
minutes of labeled data from the subject, BodyCompass’s corresponding accuracy is 94%,

87%, and 84%, respectively.
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B 1.2.3 Equitable Medical Al across Environments and Subgroups

Finally, as Al rapidly approaches human-level performance in medical imaging, it is cru-
cial that it does not exacerbate or propagate healthcare disparities. Prior research has estab-
lished Al’s capacity to infer demographic data from chest X-rays, leading to a key concern:
do models using demographic shortcuts have unfair predictions across subpopulations?
In this dissertation, we conduct a thorough investigation into the extent to which medi-
cal Al utilizes demographic encodings, focusing on potential fairness discrepancies within
both in-distribution training sets and external test sets (see Fig. 1-2(c)).

Our analysis covers three key medical imaging disciplines: radiology, dermatology,
and ophthalmology, and incorporates data from six global chest X-ray datasets. We con-
firm that medical imaging Al leverages demographic shortcuts in disease classification.
While correcting shortcuts algorithmically effectively addresses fairness gaps to create “lo-
cally optimal” models within the original data distribution, this optimality is not true in
new test settings. Surprisingly, we find that models with less encoding of demographic
attributes are often most “globally optimal”, exhibiting better fairness during model eval-
uation in new test environments. Our analysis provides best practices for medical imaging
models which maintain their performance and fairness in deployments beyond their initial
training contexts, underscoring critical considerations for Al clinical deployments across

populations and sites.

B 1.3 Thesis Roadmap

This thesis is divided into two parts.

Part I describes the algorithmic foundations of reliable machine learning in the wild.
Chapter 2 presents a simple self-supervised learning algorithm for periodic targets. Chap-
ter 3 introduces algorithms and benchmarks for imbalanced regression. Chapter 4 focuses
on long-tailed learning in the presence of multiple imbalanced domains and how to gener-
alize to novel domains. Chapter 5 analyzes subpopulation shifts and provides actionable
insights for model deployment in real-world settings.

Part II describes the applications and systems designed using the proposed ML algo-
rithms. Chapter 6 describes an Al-driven biomarker for Parkinson’s disease that enables

early detection years before standard clinical diagnosis, as well as longitudinal progres-
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sion tracking using nocturnal breathing signals. Chapter 7 presents a novel Al system for
continuous and contactless sleep posture monitoring overnight in the user’s own home
using wireless signals. Chapter 8 establishes best practices for medical imaging AI models
that maintain their performance and fairness in deployments beyond their initial training
contexts, across diverse populations and unseen sites.

Finally, in Chapter 9, we conclude and discuss the future work.
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Algorithms: Machine Learning In The
Wild
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CHAPTER 2
Simple Self-Supervised Learning of

Periodic Targets

Practical and important applications of machine learning in the real world, from mon-
itoring the earth from space using satellite imagery [31] to detecting physiological vital
signs in a human being [32], often involve recovering periodic changes. In the health do-
main, learning from video measurement has shown to extract (quasi-)periodic vital signs
including atrial fibrillation [33], sleep apnea episodes [34] and blood pressure [32]. In the
environmental remote sensing domain, periodic learning is often needed to enable now-
casting of environmental changes such as precipitation patterns or land surface tempera-
ture [35]. In the human behavior analysis domain, recovering the frequency of changes
or the underlying temporal morphology in human motions (e.g., gait or hand motions) is
crucial for those rehabilitating from surgery [17], or for detecting the onset or progression
of neurological conditions such as Parkinson’s disease [16, 5].

While learning periodic targets is important, labeling such data is typically challenging
and resource intensive. For example, if designing a method to measure heart rate, collect-
ing videos with highly synchronized gold-standard signals from a medical sensor is time
consuming, labor intensive, and requires storing privacy sensitive bio-metric data. Fortu-
nately, given the large amount of unlabeled data, self-supervised learning that captures the
underlying periodicity in data would be promising.

Yet, despite the great success of self-supervised learning (SSL) schemes on solving dis-

11
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SimPer (Ours)

Figure 2-1: Learned representations of different methods on a periodic learning
dataset, RotatingDigits (details in Section 2.3). Existing self-supervised learning
schemes fail to capture the underlying periodic or frequency information in data. In
contrast, SimPer learns robust periodic representations with high frequency resolu-
tion.

crete classification or segmentation tasks, such as image classification [36, 37], object de-
tection [38], action recognition [39], or semantic labeling [40], less attention has been paid
to designing algorithms that capture periodic or quasi-periodic temporal dynamics from
data. Interestingly, we highlight that existing SSL methods inevitably overlook the intrin-
sic periodicity in data: Fig. 2-1 shows the UMAP [41] visualization of learned represen-
tations on RotatingDigits, a toy periodic learning dataset that aims to recover the under-
lying rotation frequency of different digits (details in Section 2.3). As the figure shows,
state-of-the-art (SOTA) SSL schemes fail to capture the underlying periodic or frequency
information in the data. Such observations persist across tasks and domains as we show
later in Section 2.3.

To fill the gap, we present SimPer, a simple self-supervised regime for learning pe-
riodic information in data. Specifically, to leverage the temporal properties of periodic
targets, SimPer first introduces a temporal self-contrastive learning framework, where posi-
tive and negative samples are obtained through periodicity-invariant and periodicity-variant
augmentations from the same input instance. Further, we identify the problem of using
conventional feature similarity measures (e.g., cos(+)) for periodic representation, and pro-
pose periodic feature similarity to explicitly define how to measure similarity in the context of
periodic learning. Finally, to harness the intrinsic continuity of augmented samples in the
frequency domain, we design a generalized contrastive loss that extends the classic InfoNCE
loss to a soft regression variant that enables contrasting over continuous labels (frequency).

To support practical evaluation of SSL of periodic targets, we benchmark SimPer against
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SOTA SSL schemes on six diverse periodic learning datasets for common real-world tasks
in human behavior analysis, environmental remote sensing, and healthcare. Rigorous ex-
periments verify the robustness and efficiency of SimPer on learning periodic information
in data.

In this chapter, we make the following contributions: (i) We identify the limitation
of current SSL methods on periodic learning tasks, and uncover intrinsic properties of
learning periodic dynamics with self-supervision over other mainstream tasks. (ii) We de-
sign SimPer, a simple & effective SSL framework that learns periodic information in data.
(iii) We conduct extensive experiments on six diverse periodic learning datasets in differ-
ent domains: human behavior analysis, environmental sensing, and healthcare. Rigorous
evaluations verify the superior performance of SimPer against SOTA SSL schemes. (iv)
Further analyses reveal intriguing properties of SimPer on its data efficiency, robustness to

spurious correlations & reduced training data, and generalization to unseen targets.

B 2.1 Related Work

Periodic Tasks in Machine Learning. Learning or recovering periodic signals from high
dimensional data is prevailing in real-world applications. Examples of periodic learning
include recovering and magnifying physiological signals (e.g., heart rate or breathing) [42],
predicting weather and environmental changes (e.g., nowcasting of precipitation or land
surface temperatures) [35, 31], counting motions that are repetitious (e.g., exercises or ther-
apies) [43, 44], and analyzing human behavior (e.g., gait) [16]. To date, much prior work
has focused on designing customized neural architectures [45, 43], loss functions [46], and
leveraging relevant learning paradigms including transfer learning [47] and meta-learning
[48] for periodic learning in a supervised manner, with high-quality labels available. In con-
trast to these past work, we aim to learn robust & efficient periodic representations in a

self-supervised manner.

Self-Supervised Learning. Learning with self-supervision has recently attracted increas-
ing interests, where early approaches mainly rely on pretext tasks, including exemplar
classification [49], solving jigsaw puzzles [50], object counting [51], clustering [52], and
predicting image rotations [53]. More recently, a line of work based on contrastive losses

[54, 55, 36, 37] shows great success in self-supervised representations, where similar em-
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beddings are learned for different views of the same training example (positives), and dis-
similar embeddings for different training examples (negatives). Successful extensions have
been made to temporal learning domains including video understanding [56] or action
classification [39]. However, current SSL methods have limitations in learning periodic
information, as the periodic inductive bias is often overlooked in method design. Our
work extends existing SSL frameworks to periodic tasks, and introduces new techniques

suitable for learning periodic targets.

B 2.2 The SimPer Framework

When learning from periodic data in a self-supervised manner, a fundamental question

arises:
How do we design a self-supervised task such that periodic inductive biases are exploited?

We note that periodic learning exhibits characteristics that are distinct from prevailing
learning tasks. First, while most efforts on exploring invariances engineer transformations
in the spatial (e.g., image recognition) or temporal (e.g., video classification) domains, dy-
namics in the frequency domain are essential in periodic tasks, which has implications for
how we design (in)variances. Second, unlike conventional SSL where a cosine distance is
typically used for measuring feature similarity, representations learned for repetitious tar-
gets inherently possess periodicity that is insensitive to certain shifts (e.g., shifts in feature
index), which warrants new machinery for measuring periodic similarity. Third, labels of
periodic data have a natural ordinality and continuity in the frequency domain, which in-
spires the need for strategies beyond instance discrimination, that contrast over continuous
targets.

We present SimPer (Simple SSL of Periodic Targets), a unified SSL framework that ad-
dresses each of the above limitations. Specifically, SimPer first introduces a temporal self-
contrastive learning scheme, where we design periodicity-invariant and periodicity-variant
augmentations for the same input instance to create its effective positive and negative views
in the context of periodic learning (Section 2.2.1). Next, SimPer presents periodic feature
similarity to explicitly define how one should measure the feature similarity when the
learned representations inherently possess periodic information (Section 2.2.2). Finally, in

order to exploit the continuous nature of augmented samples in the frequency domain,
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Figure 2-2: An overview of the SimPer framework. Input sequence is first passed
through periodicity-variant transformations 7(-) to create a series of speed (frequency)
changed samples, where each augmented sample exhibits different underlying peri-
odic signals due to the altered frequency, and can be treated as negative examples for
each other. The augmented series are then passed through two sets of periodicity-
invariant transformations o(-) to create different invariant views (positives). All sam-
ples are then encoded in the feature space through a shared encoder f(-). The SimPer
loss is calculated by contrasting over continuous speed (frequency) labels of different
feature vectors, using customized periodic feature similarity measures.

we propose a generalized contrastive loss that extends the classic InfoNCE loss [54] from
discrete instance discrimination to continuous contrast over frequencies, which takes into

account the meaningful distance between continuous labels (Section 2.2.3).

B 2.2.1 Temporal Self-Contrastive Learning Framework

Problem Setup. Let D = {(x;)}, be the unlabeled training set, where x; € R” denotes
the input sequence. We denote as z = f(x;6) the representation of x, where f(-;0) is
parameterized by a deep neural network with parameter ¢. To preserve the full temporal
dynamics and information, z typically extracts frame-wise feature of x, i.e., z has the same
length as input x.

As motivated, frequency information is most essential when learning from periodic
data. Precisely, augmentations that change the underlying frequency effectively alter the
identity of the data (periodicity), and vice versa. This simple insight has implications for

how we design proper (in)variances.

Periodicity-Variant Augmentations. We construct negative views of input data through
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Table 2-1: Differences of view constructions.

Algorithm Positives Negatives
Conventional Instance: Same Instance: Different
SSL methods Aug.: Invariant Aug.: Invariant
) Instance: Same Instance: Same
SimPer . . : ]
Aug.: Period.-Invariant Aug.: Period.-Variant

transformations in the frequency domain. Specifically, given input sequence x, we de-
fine periodicity-variant augmentations 7 € 7, where T represents the set of transfor-
mations that change x with an arbitrary speed that is feasible under the Nyquist sam-
pling theorem. As Fig. 2-2 shows, SimPer augments x by M times, obtaining a series of
speed (frequency) changed samples {11 (x), 72(x)}, ..., Tar(x) }, whose relative speeds satisfy
51 < 82 < ... < sp, 8  freq(7;(x)). Such augmentation effectively changes the underlying
periodic targets with shifted frequencies, thus creating different negative views. Therefore,
although the original target frequency is unknown, we effectively devise pseudo speed (fre-
quency) labels for unlabeled x. In practice, we limit the speed change range to be within
[Smin, Smax], ensuring the augmented sequence is longer than a fixed length in the time

dimension.

Periodicity-Invariant Augmentations. We further define periodicity-invariant augmen-
tation 0 € S, where S denotes the set of transformations that do not change the identity
of the original input. When the set is finite, i.e., S = {01, ...,01}, we have freq(c;(x)) =
freq(o;(x)),Vi,j € [k]. Such augmentations can be used to learn invariances in the data
from the perspective of periodicity, creating different positive views. Practically, we lever-
age spatial (e.g., crop & resize) and temporal (e.g., reverse, delay) augmentations to create

different views of the same instance (see Fig. 2-2).

Temporal Self-Contrastive Learning. Unlike conventional contrastive SSL algorithms
where augmentations are exploited to produce invariances, i.e., creating different posi-
tive views of the data, SimPer introduces periodicity-variant augmentations to explicitly
model what variances should be in periodic learning. Concretely, negative views are no
longer from other different instances, but directly from the same instance itself, realizing a
self-contrastive scheme. Table 2-1 details the differences.

We highlight the benefits of using the self-contrastive framework. First, it provides ar-
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bitrarily large negative sample sizes, as long as the Nyquist sampling theorem is satisfied.
This makes SimPer not dependent on the actual training set size, and enables effective
contrasting even under limited data scenarios. We show in Section 2.3.2 that when drasti-
cally reducing the dataset size to only 5% of the total samples, SimPer still works equally
well, substantially outperforming supervised counterparts. Second, our method naturally
leads to hard negative samples, as periodic information is directly being contrasted, while
unrelated information (e.g., frame appearance) are maximally preserved across negative

samples. This makes SimPer robust to spurious correlations in data (Section 2.3.5).

B 2.2.2 Feature Similarity in the Context of Periodic Learning

We identify that feature similarity measures are also different in the context of periodic rep-
resentations. Consider sampling two short clips x1, x2 from the same input sequence, but
with a frame shift ¢. Assume the frequency does not change within the sequence, and
its period T" > t. Since the underlying information does not change, by definition their
features should be close in the embedding space (i.e., high feature similarity). However,
due to the shift in time, when extracting frame-level feature vectors, the indexes of the
feature representations (which represent different time stamps) will no longer be aligned.
In this case, if directly using a cosine similarity as defined in conventional SSL literature,

the similarity score would be low, despite the fact that the actual similarity is high.

Periodic Feature Similarity. To overcome this limitation, we propose to use periodic feature
similarity measures in SimPer. Fig. 2-3 highlights the properties and differences between
conventional feature similarity measures and the desired similarity measure in periodic
learning. Specifically, existing SSL methods adopt similarity measures that emphasize
strict “closeness” between two feature vectors, and are sensitive to shifted or reversed
feature indexes. In contrast, when aiming for learning periodic features, a proper peri-
odic feature measure should retain high similarity for features with shifted (sometimes
reversed) indexes, while also capturing a continuous similarity change when the feature

frequency varies, due to the meaningful distance in the frequency domain.

Concrete Instantiations. We provide two practical instantiations to effectively capture
the periodic feature similarity. Note that these instantiations can be easily extended to
high-dimensional features (in addition to the time dimension) by averaging across other

dimensions.
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(a) Conventional Feature Similarity (e.g., cosine) (b) Periodic Feature Similarity
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Figure 2-3: Differences between (a) conventional feature similarity, and (b) periodic
feature similarity. A proper periodic feature similarity measure should induce high
similarity for features with shifted (sometimes reversed) indexes, while capturing a
continuous similarity change when the feature frequency varies.

* Maximum cross-correlation (MXCorr) measures the maximum similarity as a function of
offsets between signals [57], which can be efficiently computed in the frequency domain.
* Normalized power spectrum density (nPSD) calculates the distance between the normal-
ized PSD of two feature vectors. The distance can be a cosine or Lo distance (details in

Appendix A.3.4).

B 2.2.3 Generalized Contrastive Loss with Continuous Targets

Motivated by the fact that the augmented views are continuous in frequency, where the
pseudo speed labels {s;}}1, are known through augmentation (i.e., a view at 1.1x is more
similar to the original than that at 2x), we relax and extend the original InfoNCE con-
trastive loss [54] to a soft variant, where it generalizes from discrete instance discrimina-

tion to continuous targets.

From Discrete Instance Discrimination to Continuous Contrast. The classic formulation

of the InfoNCE contrastive loss for each input sample x is written as

exp(sim(z,z)/v)

2e2\(z) EXP(sim(z,2') /v) ’

LinfoNcE = — log 5 (2.1)

where z = f(X) (X is the positive pair of x obtained through augmentations), Z is the set of
features in current batch, v is the temperature constant, and sim(-) is usually instantiated
by a dot product. Such format indicates a hard classification task, where target label is 1

for positive pair and 0 for all negative pairs. However, negative pairs in SimPer inherently
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possess a meaningful distance, which is reflected by the similarity of their relative speed
(frequency). To capture this intrinsic continuity, we consider the contributions from all

pairs, with each scaled by the similarity in their labels.

Generalized InfoNCE Loss. For an input sample x, SimPer creates M variant views with
different speed labels {s;}}4,. Given the features of two sets of invariant views {z;}} ,

{2/}, we have

exp(sim(z;, z") /v

Lsimper = Y — Z xpl1ig) log —77 P ( : ])/,) ;Wi = siMiabel (53, S5),
i Zk 1 €xp(wi k) > k=1 exp(sim(z;, 2} ) /v)

2.2)

where sim(-) denotes the periodic feature similarity as described previously, and simype(-)
denotes the continuous label similarity measure. In practice, simjpe(-) can be simply in-

stantiated as inverse of the L; or L label difference (e.g., 1/|s; — s;]).

Interpretation. Lsimper is a simple generalization of the InfoNCE loss from discrete in-
stance discrimination (single target classification) to a weighted loss over all augmented
pairs (soft regression variant), where the soft target exp(w; ;)/> ;. exp(w; ) is driven by
the label (speed) similarity w; ; of each pair. Note that when the label becomes discrete
(ie., wij € {0,1}), Lsimper degenerates to the original InfoNCE loss. We demonstrate in
Appendix A.3.4 that such continuity modeling via a generalized loss helps achieve better

downstream performance than simply applying InfoNCE.

B 2.3 Experiments

Datasets. We perform extensive experiments on six datasets that span different domains
and tasks. Complete descriptions of each dataset are in Appendix A.1, Fig. A-1, and Table
A-1.

* RotatingDigits (Synthetic Dataset) is a toy periodic learning dataset consists of rotating
MNIST digits [58]. The task is to predict the underlying digit rotation frequency.

* SCAMPS (Human Physiology) [59] consists of 2,800 synthetic videos of avatars with real-
istic peripheral blood flow. The task is to predict averaged heart rate from input videos.

* UBFC (Human Physiology) [60] contains 42 videos with synchronized gold-standard con-

tact PPG recordings. The task is to predict averaged heart rate from input video clips.
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Table 2-2: Feature evaluation re- Table 2-3: Feature evaluation re-
sults on RotatingDigits. sults on SCAMPS.
FFT 1-NN FFT 1-NN
Metrics MAE} MAPE! MAE' MAPE!  Metrics MAE! MAPE!} MAE} MAPE*+

SIMCLR [36] 296 109.27 098 48.30 SIMCLR [36] 27.48 3839 34.09 40.79
MoCov2[37] 2.83 90.78 0.62 3274 MoCo v2[37] 28.16 40.23 35.61 4247
BYOL [63] 220 7843 046 22.08 BYOL [63] 2615 3734 3277 38.26
CVRL [39] 1.69 49.09 038 1441 CVRL [39] 27.67 38.80 3332 39.54

SIMPER 0.22 16.49 0.09 4.51 SIMPER 1445 22.09 13.75 18.64
GAINS +1.47 +32.60 +0.29 +9.90 GAINS +11.70 +15.25 +19.02 +19.62
Table 2-4: Feature evaluation re- Table 2-5: Feature evaluation re-

sults on UBFC. sults on PURE.
FFT 1-NN FFT 1-NN
Metrics MAE' MAPE! MAE' MAPE'}  Metrics MAE} MAPE' MAE' MAPE}

SIMCLR [36] 1692 1473 16.23 18.62 SIMCLR [36] 23.70 22.07 2948 31.44
MoCov2[37] 1464 1317 1512 16.56 MoCov2[37] 2423 24.08 30.82 33.95
BYOL [63] 17.86 1690 18.13 19.34 BYOL [63] 2324 2178 29.27 31.03
CVRL [39] 11.75 10.67 1236 13.38 CVRL [39] 19.27 1894 22.08 23.75
SIMPER 8.78 7.46 8.92 10.21 SIMPER 13.97 12.88 14.03 15.35

GAINS +2.97 +3.21 +3.44 +3.17 GAINS +5.30 +6.06 +8.05 +8.40

* PURE (Human Physiology) [61] contains 60 videos with synchronized gold-standard con-
tact PPG recordings. The task is to predict averaged heart rate from input video clips.

* Countix (Action Counting). The Countix dataset [43] is a subset of the Kinetics [62] dataset
annotated with segments of repeated actions and corresponding counts. The task is to
predict the count number given an input video.

* Land Surface Temperature (LST) (Satellite Sensing). LST contains hourly land surface
temperature maps over the continental United States for 100 days (April 7th to July 16th,

2022). The task is to predict future temperatures based on past satellite measurements.

Network Architectures. We choose a set of logical architectures from prior work for our
experiments. On RotatingDigits and SCAMPS, we employ a simple 3D variant of the CNN
architecture as in [3]. Following [45], we adopt a variant of TS-CAN model for experiments
on UBFC and PURE. Finally, on Countix and LST, we employ ResNet-3D-18 [64, 65] as our

backbone network. Implementations details are in Appendix A.2.
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Table 2-6: Feature evaluation results Table 2-7: Feature evaluation re-
on Countix. sults on LST.
FFT 1-NN Linear Probing

Metrics MAE' GM‘ MAEY GM* Metrics MAE' MAPE'  pf
SIMCLR [36] 390 226 443 3.19 SIMCLR [36] 5.12 0.20 0.89
MoCov2[37] 375 218 396 3.04 MoCo v2[37] 5.16 0.20 0.89
BYOL [63] 326 1.87 372 2.66 BYOL [63] 5.71 0.24 0.86
CVRL [39] 281 138 315 212 CVRL [39] 4.88 0.18 0.91
SIMPER 2.06 0.98 2.76 1.84 SIMPER 4.84 0.18 0.90
GAINS +0.75 +0.40 +0.99 +0.28 GAINS +0.04 +0.00 -0.01

Baselines. We compare SimPer to SOTA SSL methods, including SimCLR [36], MoCo v2
[37], BYOL [63], and CVRL [39], as well as a supervised learning counterpart. We provide
detailed descriptions in Appendix A.2.1.

Evaluation Metrics. To assess the prediction of continuous targets (e.g., frequency, counts),
we use common metrics for regression, such as the mean-average-error (MAE), mean-
average-percentage-error (MAPE), Pearson correlation (p), and error Geometric Mean (GM)

2].

B 2.3.1 Main Results

We report the main results in this section for all datasets. Complete training details, hyper-

parameter settings, and additional results are provided in Appendix A.2 and A.3.

Feature Evaluation. Following the literature [37, 36], we first evaluate the representations
learned by different methods. For dense prediction task (e.g., LST), we use the linear prob-
ing protocol by training a linear regressor on top of the fixed features. For tasks whose tar-
gets are frequency information, we directly evaluate the learned features using a Fourier
transform (FFT) and a nearest neighbor classifier (1-NN). Table 2-2, 2-3, 2-4, 2-5, 2-6, 2-7
show the feature evaluation results of SimPer compared to SOTA SSL methods. As the ta-
bles confirm, across different datasets with various common tasks, SimPer is able to learn
better representations that achieve the best performance. Furthermore, in certain datasets,

the relative improvements are even larger than 50%.

Fine-tuning. Practically, to harness the power of pre-trained representations, fine-tuning

the whole network with the encoder initialized using pre-trained weights is a widely



22 CHAPTER 2. SIMPLE SELF-SUPERVISED LEARNING OF PERIODIC TARGETS

Table 2-8: Fine-tune evaluation results on all datasets. We first pre-train the feature
encoder using different SSL methods, then fine-tune the whole network initialized
with the pre-trained weights.

RotatingDigits ~ SCAMPS UBFC PURE Countix LST
Metrics MAE' MAPE* MAE* MAPE* MAE' MAPE' MAE* MAPE* MAE* GMY MAE' ot
SUPERVISED 072 2896 361 533 513 472 425 493 150 073 154 096
SIMCLR [36] 069 2654 496 692 532 496 48 532 158 080 154 095
MoCo v2 [37] 064 2473 533 724 505 464 497 560 154 079 153 095
BYOL [63] 039 2091 349 527 551 507 428 497 147 071 162 092
CVRL [39] 034 1882 552 734 507 470 419 471 148 071 149 096
SIMPER 020 1433 327 489 424 397 389 401 133 059 147 096

GAINS VS. SUPERVISED +0.52 +14.63 +0.34 +0.44 +0.89 +0.75 +0.36 +0.92 +0.17 +0.14 +0.07 +0.00

adopted approach [37]. To evaluate whether SimPer pre-training is helpful for each down-
stream task, we fine-tune the whole network and compare the final performance. The
details of the setup for each dataset and algorithm can be found in Appendix A.2. As Ta-
ble 2-8 confirms, across different datasets, SimPer consistently outperforms all other SOTA
SSL methods, and obtains better results compared to the supervised baseline. This demon-
strates that SimPer is able to capture meaningful periodic information that is beneficial to

the downstream tasks.

B 2.3.2 Data Efficiency

In real-world periodic learning applications, data is often prohibitively expensive to ob-
tain. To study the data efficiency of SimPer, we manually reduce the overall size of Rotat-
ingDigits, and plot the representations learned as well as the final fine-tuning accuracy of
different methods in Fig. 2-4.

As the figure confirms, when the dataset size is large (e.g., using 100% of the data),
both supervised learning baseline and SimPer can learn good representations (Fig. 2-4(a))
and achieve low test errors (Fig. 2-4(b)). However, when the training dataset size becomes
smaller, the learned representations using supervised learning get worse, and eventually
lose the frequency information and resolution when only 5% of the data is available. Cor-
respondingly, the final error in this extreme case also becomes much higher. In contrast,
even with small number of training data, SimPer can consistently learn the periodic infor-
mation and maintain high frequency resolution, with significant performance gains espe-

cially when the available data amount is small.
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Reduced training dataset size Mean Average Percentage Error (1)

> 0.0 2.5 5.0 7.5 100 125 150 175

10% 5%

5%

)
<
=

B Supervised
100% mmm SimCLR
SimPer

a ot
|

(a) Learned representations under different training dataset sizes (b) Quantitative error changes

Figure 2-4: Data efficiency analysis of SimPer. (a) Learned representations of different
algorithms on RotatingDigits when training dataset size reduces from 100% to 5%.
(b) The quantitative MAPE errors on SCAMPS with varying training dataset sizes.
Complete quantitative results are provided in Appendix A.3.1.

Table 2-9: Transfer learning results.

UBFC — PURE PURE — UBFC
Metrics MAE! MAPE'} MAE'  MAPE!
SUPERVISED 7.83 8.85 3.15 3.11
SIMCLR 7.86 8.79 3.46 3.80
SIMPER 6.46 6.98 2.76 2.38
GAINS +1.37 +1.87 +0.39 +0.73

B 2.3.3 Transfer Learning

We evaluate whether the self-supervised representations are transferable across datasets.
We use UBFC and PURE, which share the same prediction task. Following [36], we fine-
tune the pre-trained model on the new dataset, and compare the performance across both
SSL and supervised methods. Table 2-9 reports the results, where in both cases, SimPer is
able to achieve better final performance compared to supervised and SSL baselines, show-

ing its ability to learn transferable periodic representations across different datasets.
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Figure 2-5: Zero-shot generalization analysis. We create training sets with missing
target frequencies and keep test sets evenly distributed across the target range. Green
regions indicate successful generalization with high frequency resolution. re-
gions indicate successful generalization but with low frequency resolution. Red re-
gions represent failed generalization. SimPer learns robust representations that gen-
eralize to unseen targets.

Table 2-10: Mean absolute error (MAE) results for zero-shot generalization analysis.

Interpolation Extrapolation
Seen Unseen Seen Unseen
SUPERVISED 0.09 0.85 0.03 1.74
SIMPER 0.05 0.07 0.02 0.02
GAINS +0.04 +0.78 +0.01 +1.72

B 2.3.4 Zero-shot Generalization to Unseen Targets

Given the continuous nature of the frequency domain, periodic learning tasks can (and
almost certainly will) have unseen frequency targets during training, which motivates the
need for target (frequency) extrapolation and interpolation. To investigate zero-shot gen-
eralization to unseen targets, we manually create training sets that have certain missing
targets (Fig. 2-5), while making the test sets evenly distributed across the target range.
As Fig. 2-5 confirms, in the interpolation case, both supervised learning and SimPer can
successfully interpolate the missing targets. However, the quality of interpolation varies:
For supervised learning, the frequency resolution is low within the interpolation range,
resulting in mixed representations for a wide missing range. In contrast, SimPer learns
better representations with higher frequency resolution, which has desirable discrimina-

tive properties.
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Figure 2-6: Robustness to spurious correlations. We make the target frequency spuri-
ously correlated with digit appearances in training set, while removing this correspon-
dence in test set. SimPer is able to capture underlying periodic information & learn
robust representations that generalize. Quantitative results are in Appendix A.3.3.

Furthermore, in the extrapolation case, in the lower frequency range, both methods ex-
trapolate reasonably well, with SimPer capturing a higher frequency resolution. However,
when extrapolating to a higher frequency range, the supervised baseline completely fails to
generalize, with learned features largely overlapping with the existing frequency targets
in the training set. In contrast, SimPer is able to generalize robustly even for the higher
unseen frequency range, demonstrating its effectiveness of generalization to distribution

shifts and unseen targets. Quantitative results in Table 2-10 confirm the observations.

B 2.3.5 Robustness to Spurious Correlations

We show that SimPer is able to deal with spurious correlations that arise in data, while
existing SSL methods often fail to learn generalizable features. Specifically, RotatingDigits
dataset naturally has a spurious target: the digit appearance (number). We further enforce
this information by coloring different digits with different colors as in [66]. We then con-
struct a spuriously correlated training set by assigning a unique rotating frequency range
to a specific digit, i.e., [0.5Hz, 1Hz] for digit 0, [I1Hz, 1.5Hz] for digit 1, etc, while removing
the spurious correlations in test set.

As Fig. 2-6 verifies, SimCLR is easy to learn information that is spuriously correlated in
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the training data, but not the actual target of interest (frequency). As a result, the learned
representations do not generalize. In contrast, SimPer learns the underlying frequency
information even in the presence of strong spurious correlations, demonstrating its ability

to learn robust representations that generalize.

B 2.3.6 Further Analysis and Ablation Studies

Amount of labeled data for fine-tuning (Appendix A.3.2). We show that when the amount
of labeled data is limited for fine-tuning, SimPer still substantially outperforms baselines
by a large margin, achieving a 67% relative improvement in MAE even when the labeled

data fraction is only 5%.

Ablation: Frequency augmentation range (Appendix A.3.4). We study the effects of dif-
ferent speed (frequency) augmentation ranges when creating periodicity-variant views
(Table A-5). While a proper range can lead to certain gains, SimPer is reasonably robust to

different choices.

Ablation: Number of augmented views (Appendix A.3.4). We investigate the influence
of different number of augmented views (i.e., M) in SimPer. Interestingly, we find SimPer
is surprisingly robust to different M in a given range (Table A-6), where larger M often

delivers better results.

Ablation: Choices of different similarity metrics (Appendix A.3.4). We explore the effects
of different periodic similarity measures in SimPer, where we show that SimPer is robust
to all aforementioned periodic similarity measures, achieving similar performances (Table
A-7).

Ablation: Effectiveness of generalized contrastive loss (Appendix A.3.4). We confirm
the effectiveness of the generalized contrastive loss by showing its consistent performance

gains across all six datasets, as compared to the vanilla InfoNCE loss (Table A-8).

B 2.4 Limitations and Broader Impacts

Limitations. There are some limitations to our approach in its current form. The SimPer
features learnt in some cases were not highly effective without certain fine-tuning on a

downstream task. This may be explained by the fact that some videos may contain mul-
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tiple periodic processes (e.g., pulse/PPG, breathing, blinking, etc.). A pure SSL approach
will learn features related to all these periodic signals, but not information that is specific
to any one. One practical solution for this limitation could be incorporating the frequency
priors of the targets of interest. Precisely, one can filter out unrelated frequencies during
SimPer pre-training to force the network to learn features that are constrained within a

certain frequency range. We leave this part as future work.

Broader Impacts. While our methods are generic to tasks that involve learning periodic
signals, we have selected some specific tasks on which to demonstrate their efficacy more
concretely. The measurement of health information from videos has tremendous potential
for positive impact, helping to lower the barrier to access to frequent measurement and
reduce the discomfort or inconvenience caused by wearable devices. However, there is
the potential for negative applications of such technology. Whether by negligence, or bad
intention, unobtrusive measurement could be used to measure information covertly and
without the consent of a user. Such an application would be unethical and would also
violate laws in many parts of the world!. It is important that the same stringent measures
applied to traditional medical sensing are also applied to video-based methods. We will be
releasing code for our approach under a Responsible Al License (RAIL) [67] to help prac-
tically mitigate unintended negative behavioral uses of the technology while still making

the code available.

B 25 Summary

In this chapter, we present SimPer, a simple and effective SSL framework for learning pe-
riodic information from data. SimPer develops customized periodicity-variant and invari-
ant augmentations, periodic feature similarity, and a generalized contrastive loss to exploit
periodic inductive biases. Extensive experiments on different datasets over various real-
world applications verify the superior performance of SimPer, highlighting its intriguing

properties such as better efficiency, robustness & generalization.

"https://www.ilga.gov/legislation/ilcs/ilcs3.asp?ActID=3004&ChapterID=57
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CHAPTER 3
Delving into Deep Imbalanced

Regression

Data imbalance is ubiquitous and inherent in the real world. Rather than preserving an
ideal uniform distribution over each category, the data often exhibit skewed distributions
with a long tail [68, 69], where certain target values have significantly fewer observations.
This phenomenon poses great challenges for deep recognition models, and has motivated
many prior techniques for addressing data imbalance [70, 71, 69, 72, 73].

Existing solutions for learning from imbalanced data, however, focus on targets with
categorical indices, i.e., the targets are different classes. However, many real-world tasks
involve continuous and even infinite target values. For example, in vision applications,
one needs to infer the age of different people based on their visual appearances, where age
is a continuous target and can be highly imbalanced. Treating different ages as distinct
classes is unlikely to yield the best results because it does not take advantage of the sim-
ilarity between people with nearby ages. Similar issues happen in medical applications
since many health metrics including heart rate, blood pressure, and oxygen saturation, are
continuous and often have skewed distributions across patient populations.

In this work, we systematically investigate Deep Imbalanced Regression (DIR) arising
in real-world settings (see Fig. 3-1). We define DIR as learning continuous targets from
natural imbalanced data, dealing with potentially missing data for certain target values,

and generalizing to a test set that is balanced over the entire range of continuous target

29
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Figure 3-1: Overview of Deep Imbalanced Regression (DIR). DIR aims to learn from
imbalanced data with continuous targets, tackle potential missing data for certain re-
gions, and generalize to the entire target range.

values. This definition is analogous to the class imbalance problem [69], but focuses on the
continuous setting.

DIR brings new challenges distinct from its classification counterpart. First, given
continuous (potentially infinite) target values, the hard boundaries between classes no
longer exist, causing ambiguity when directly applying traditional imbalanced classifi-
cation methods such as re-sampling and re-weighting. Moreover, continuous labels in-
herently possess a meaningful distance between targets, which has implication for how
we should interpret data imbalance. For example, say two target labels ¢; and ¢» have
a small number of observations in training data. However, ¢; is in a highly represented
neighborhood (i.e., there are many samples in the range [t; — A,t; + A]), while ¢5 is in a
weakly represented neighborhood. In this case, t; does not suffer from the same level of
imbalance as t;. Finally, unlike classification, certain target values may have no data at all,
which motivates the need for target extrapolation & interpolation.

In this chapter, we propose two simple yet effective methods for addressing DIR: label
distribution smoothing (LDS) and feature distribution smoothing (FDS). A key idea under-
lying both approaches is to leverage the similarity between nearby targets by employing
a kernel distribution to perform explicit distribution smoothing in the label and feature
spaces. Both techniques can be easily embedded into existing deep networks and allow
optimization in an end-to-end fashion. We verify that our techniques not only successfully

calibrate for the intrinsic underlying imbalance, but also provide large and consistent gains
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when combined with other methods.

To support practical evaluation of imbalanced regression, we curate and benchmark
large-scale DIR datasets for common real-world tasks in computer vision, natural lan-
guage processing, and healthcare. They range from single-value prediction such as age,
text similarity score, health condition score, to dense-value prediction such as depth. We
further set up benchmarks for proper DIR performance evaluation.

In this chapter, our contributions are as follows: (i) We formally define the DIR task
as learning from imbalanced data with continuous targets, and generalizing to the entire
target range. DIR provides thorough and unbiased evaluation of learning algorithms in
practical settings. (ii) We develop two simple, effective, and interpretable algorithms for
DIR, LDS and FDS, which exploit the similarity between nearby targets in both label and
feature space. (iii) We curate benchmark DIR datasets in different domains: computer
vision, natural language processing, and healthcare. We set up strong baselines as well as
benchmarks for proper DIR performance evaluation. (iv) Extensive experiments on large-

scale DIR datasets verify the consistent and superior performance of our strategies.

B 3.1 Related Work

Imbalanced Classification. Much prior work has focused on the imbalanced classification
problem (also referred to as long-tailed recognition [69]). Past solutions can be divided
into data-based and model-based solutions: Data-based solutions either over-sample the
minority class or under-sample the majority [74, 75, 76]. For example, SMOTE generates
synthetic samples for minority classes by linearly interpolating samples in the same class
[74]. Model-based solutions include re-weighting or adjusting the loss function to compen-
sate for class imbalance [70, 77, 72, 71, 78], and leveraging relevant learning paradigms,
including transfer learning [79], metric learning [80], meta-learning [81], and two-stage
training [82]. Recent studies have also discovered that semi-supervised learning and self-
supervised learning lead to better imbalanced classification results [22]. In contrast to these
past work, we identify the limitations of applying class imbalance methods to regression
problems, and introduce new techniques particularly suitable for learning continuous tar-

get values.

Imbalanced Regression. Regression over imbalanced data is not as well explored. Most of
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the work on this topic is a direct adaptation of the SMOTE algorithm to regression scenar-
ios [83, 84, 85]. Synthetic samples are created for pre-defined rare target regions by either
directly interpolating both inputs and targets [83], or using Gaussian noise augmentation
[84]. A bagging-based ensemble method that incorporates multiple data pre-processing
steps has also been introduced [85]. However, there exist several intrinsic drawbacks for
these methods. First, they fail to take the distance between targets into account, and rather
heuristically divide the dataset into rare and frequent sets, then plug in classification-based
methods. Moreover, modern data is of extremely high dimension (e.g., images and physio-
logical signals); linear interpolation of two samples of such data does not lead to meaning-
ful new synthetic samples. Our methods are intrinsically different from past work in their
approach. They can be combined with existing methods to improve their performance, as
we show in Sec. 3.3. Further, our approaches are tested on large-scale real-world datasets

in computer vision, NLP, and healthcare.

B 3.2 Methods

Problem Setting. Let {(x;,3;)}}Y, be a training set, where x; € R? denotes the input and
yi € R is the label, which is a continuous target. We introduce an additional structure
for the label space ), where we divide ) into B groups (bins) with equal intervals, i.e.,
Yo, Y1), [Y1,¥2)s - - -, [yB—1,yB). Throughout the chapter, we use b € B to denote the group
index of the target value, where B = {1,..., B} C Z™ is the index space. In practice, the
defined bins reflect a minimum resolution we care for grouping data in a regression task.
For instance, in age estimation, we could define §y £ y,11 — y, = 1, showing a minimum
age difference of 1 is of interest. Finally, we denote z = f(x;6) as the feature for x, where
f(x;0) is parameterized by a deep neural network model with parameter . The final

prediction 7 is given by a regression function g(-) that operates over z.

B 3.2.1 Label Distribution Smoothing
We start by showing an example to demonstrate the difference between classification and
regression when imbalance comes into the picture.

Motivating Example. We employ two datasets: (1) CIFAR-100 [86], which is a 100-class
classification dataset, and (2) the IMDB-WIKI dataset [87], which is a large-scale image
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Figure 3-2: Comparison on the test error distribution (bottom) using same training
label distribution (top) on two different datasets. (a) CIFAR-100, a classification task
with categorical label space. (b) IMDB-WIKI, a regression task with continuous label
space.

dataset for age estimation from visual appearance. The two datasets have intrinsically
different label space: CIFAR-100 exhibits categorical label space where the target is class
index, while IMDB-WIKI has a continuous label space where the target is age. We limit the
age range to 0 ~ 99 so that the two datasets have the same label range, and subsample
them to simulate data imbalance, while ensuring they have exactly the same label density
distribution (Fig. 3-2). We make both test sets balanced. We then train a plain ResNet-50
model on the two datasets, and plot their test error distributions.

We observe from Fig. 3-2(a) that the error distribution correlates with label density dis-
tribution. Specifically, the test error as a function of class index has a high negative Pearson
correlation with the label density distribution (i.e., —0.76) in the categorical label space.
The phenomenon is expected, as majority classes with more samples are better learned
than minority classes. Interestingly however, as Fig. 3-2(b) shows, the error distribution
is very different for IMDB-WIKI with continuous label space, even when the label den-
sity distribution is the same as CIFAR-100. In particular, the error distribution is much
smoother and no longer correlates well with the label density distribution (—0.47).

The reason why this example is interesting is that all imbalanced learning methods, di-
rectly or indirectly, operate by compensating for the imbalance in the empirical label density
distribution. This works well for class imbalance, but for continuous labels the empirical

density does not accurately reflect the imbalance as seen by the neural network. Hence,
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Figure 3-3: Label distribution smoothing (LDS). LDS convolves a symmetric kernel
with the empirical label density to estimate the effective label density distribution that
accounts for the continuity of labels.
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compensating for data imbalance based on empirical label density is inaccurate for the

continuous label space.

LDS for Imbalanced Data Density Estimation. The above example shows that, in the
continuous case, the empirical label distribution does not reflect the real label density dis-
tribution. This is because of the dependence between data samples at nearby labels (e.g.,
images of close ages). In fact, there is a significant literature in statistics on how to estimate
the expected density in such cases [88]. Thus, Label Distribution Smoothing (LDS) advo-
cates the use of kernel density estimation to learn the effective imbalance in datasets that
corresponds to continuous targets.

LDS convolves a symmetric kernel with the empirical density distribution to extract
a kernel-smoothed version that accounts for the overlap in information of data samples
of nearby labels. A symmetric kernel is any kernel that satisfies: k(y,y’) = k(v/,y) and
Vk(y,y') + Vyk(y',y) = 0, Vy,y € Y. Note that a Gaussian or a Laplacian kernel is
a symmetric kernel, while k(y,y’) = yy’ is not. The symmetric kernel characterizes the
similarity between target values ¥’ and any y w.r.t. their distance in the target space. Thus,

LDS computes the effective label density distribution as:

By) 2 /y k(y, 4/ )p(y)dy, (3.1)



3.2. METHODS 35

where p(y) is the number of appearances of label of y in the training data, and p(y’) is the
effective density of label y/'.

Fig. 3-3 illustrates LDS and how it smooths the label density distribution. Further,
it shows that the resulting label density computed by LDS correlates well with the error
distribution (—0.83). This demonstrates that LDS captures the real imba-lance that affects
regression problems.

Now that the effective label density is available, techniques for addressing class imbal-
ance problems can be directly adapted to the DIR context. For example, a straightforward
adaptation can be the cost-sensitive re-weighting method, where we re-weight the loss
function by multiplying it by the inverse of the LDS estimated label density for each tar-
get. We show in Sec. 3.3 that LDS can be seamlessly incorporated with a wide range of

techniques to boost DIR performance.

B 3.2.2 Feature Distribution Smoothing

We are motivated by the intuition that continuity in the target space should create a corre-
sponding continuity in the feature space. That is, if the model works properly and the data
is balanced, one expects the feature statistics corresponding to nearby targets to be close to

each other.

Motivating Example. We use an illustrative example to highlight the impact of data im-
balance on feature statistics in DIR. Again, we use a plain model trained on the images
in the IMDB-WIKI dataset to infer a person’s age from visual appearance. We focus on
the learned feature space, i.e., z. We use a minimum bin size of 1, i.e., yp+1 — y» = 1, and
group features with the same target value in the same bin. We then compute the feature
statistics (i.e., mean and variance) with respect to the data in each bin, which we denote as
{y, o} 2. To visualize the similarity between feature statistics, we select an anchor bin
bo, and calculate the cosine similarity of the feature statistics between by and all other bins.
The results are summarized in Fig. 3-4 for by = 30. The figure also shows the regions with
different data densities using the colors purple, yellow, and pink.

Fig. 3-4 shows that the feature statistics around by = 30 are highly similar to their values
at by = 30. Specifically, the cosine similarity of the feature mean and feature variance for
all bins between age 25 and 35 are within a few percent from their values at age 30 (the

anchor age). Further, the similarity gets higher for tighter ranges around the anchor. Note
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Figure 3-4: Feature statistics similarity. Top: Cosine similarity of the feature mean
at a particular age w.r.t. its value at the anchor age. Bottom: Cosine similarity of
the feature variance at a particular age w.r.t. its value at the anchor age. The color
of the background refers to the data density in a particular target range. The figure
shows that nearby ages have close similarities; However, it also shows that there is
unjustified similarity between images at ages 0 to 6 and age 30, due to data imbalance.

that bin 30 falls in the high shot region. In fact, it is among the few bins that have the
most samples. So, the figure confirms the intuition that when there is enough data, and
for continuous targets, the feature statistics are similar to nearby bins. Interestingly, the
tigure also shows the problem with regions that have very few data samples, like the age
range 0 to 6 years (shown in pink). Note that the mean and variance in this range show
unexpectedly high similarity to age 30. In fact, it is shocking that the feature statistics at
age 30 are more similar to age 1 than age 17. This unjustified similarity is due to data
imbalance. Specifically, since there are not enough images for ages 0 to 6, this range thus
inherits its priors from the range with the maximum amount of data, which is the range

around age 30.

FDS Algorithm. Inspired by these observations, we propose feature distribution smooth-
ing (FDS), which performs distribution smoothing on the feature space, i.e., transfers the

feature statistics between nearby target bins. This procedure aims to calibrate the poten-
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tially biased estimates of feature distribution, especially for underrepresented target values
(e.g., medium- and few-shot groups) in training data.

FDS is performed by first estimating the statistics of each bin. Without loss of gener-
ality, we substitute variance with covariance to reflect also the relationship between the

various feature elements within z:

1
. 32
%<m; (32)
1
_ 4 . T
Xy = N, —1 Z(Zz — )z — ) (3.3)

=1

where N, is the total number of samples in b-th bin. Given the feature statistics, we employ
again a symmetric kernel k(yp, ypy) to smooth the distribution of the feature mean and

covariance over the target bins B. This results in a smoothed version of the statistics:

fi, = Y ks, Y )y (34)
v'eB

Sy = ks ) S (3.5)
beB

With both {p,, 23} and {1, =3}, we then follow the standard whitening and re-coloring

procedure [89] to calibrate the feature representation for each input sample:
z2=3,3, *(z — ) + Ky (3.6)

We integrate FDS into deep networks by inserting a feature calibration layer after the final
feature map. To train the model, we employ a momentum update of the running statis-
tics {p;, Xy} across each epoch. Correspondingly, the smoothed statistics {7, %3} are
updated across different epochs but fixed within each training epoch. The momentum
update, which performs an exponential moving average (EMA) of running statistics, re-
sults in more stable and accurate estimations of the feature statistics during training. The
calibrated features z are then passed to the final regression function and used to compute
the loss.

We note that FDS can be integrated with any neural network model, as well as any past

work on improving label imbalance. In Sec. 3.3, we integrate FDS with a variety of prior
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Figure 3-5: Feature distribution smoothing (FDS). FDS introduces a feature calibra-
tion layer that uses kernel smoothing to smooth the distributions of feature mean and

covariance over the target space.

techniques for addressing data imbalance, and demonstrate that it consistently improves

performance.

B 3.3 Benchmarking DIR

Datasets. We curate five DIR benchmarks that span computer vision, natural language

processing, and healthcare. Fig. 3-6 shows the label density distribution of these datasets,

and their level of imbalance.

¢ IMDB-WIKI-DIR (age): We construct IMDB-WIKI-DIR using the IMDB-WIKI dataset

[87], which contains 523.0K face images and the corresponding ages. We filter out un-

qualified images, and manually construct balanced validation and test set over the sup-

ported ages. The length of each bin is 1 year, with a minimum age of 0 and a maximum

age of 186. The number of images per bin varies between 1 and 7149, exhibiting signifi-

cant data imbalance. Overall, the curated dataset has 191.5K images for training, 11.0K

images for validation and testing.

* AgeDB-DIR (age): AgeDB-DIR is constructed in a similar manner from the AgeDB dataset

[90]. It contains 12.2K images for training, with a minimum age of 0 and a maximum

age of 101, and maximum bin density of 353 images and minimum bin density of 1. The
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Figure 3-6: Overview of training set label distribution for five DIR datasets. They
range from single-value prediction such as age, textual similarity score, and health
condition score, to dense-value prediction such as depth estimation. More details are
provided in Appendix B.1.

validation and test set are balanced with 2.1K images.

® STS-B-DIR (text similarity score): We construct STS-B-DIR from the Semantic Textual Sim-
ilarity Benchmark [91, 92], which is a collection of sentence pairs drawn from news
headlines, video and image captions, and natural language inference data. Each pair is
annotated by multiple annotators with an averaged continuous similarity score from 0
to 5. From the original training set of 7.2K pairs, we create a training set with 5.2K pairs,

and balanced validation set and test set of 1K pairs each. The length of each bin is 0.1.

* NYUD?2-DIR (depth): We create NYUD2-DIR based on the NYU Depth Dataset V2 [93],
which provides images and depth maps for different indoor scenes. The depth maps
have an upper bound of 10 meters and we set the bin length as 0.1 meter. Following
standard practices [94, 95], we use 50K images for training and 654 images for testing.

We randomly select 9357 test pixels for each bin to make the test set balanced.

e SHHS-DIR (health condition score): We create SHHS-DIR based on the SHHS dataset [96],
which contains full-night Polysomnography (PSG) from 2651 subjects. Available PSG
signals include Electroencephalography (EEG), Electrocardiography (ECG), and breath-
ing signals (airflow, abdomen, and thorax), which are used as inputs. The dataset also
includes the 36-Item Short Form Health Survey (SF-36) [97] for each subject, where a
General Health score is extracted. The score is used as the target value with a minimum

score of 0 and maximum of 100.

Network Architectures. We employ ResNet-50 [64] as our backbone network for IMDB-
WIKI-DIR and AgeDB-DIR. Following [92], we adopt the same BiLSTM + GloVe word
embeddings baseline for STS-B-DIR. For NYUD2-DIR, we use ResNet-50-based encoder-
decoder architecture introduced in [94]. Finally, for SHHS-DIR, we use the same CNN-
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RNN architecture with ResNet block for PSG signals as in [98].

Baselines. Since the literature has only a few proposals for DIR, in addition to past work
on imbalanced regression [83, 84], we adapt a few imbalanced classification methods for
regression, and propose a strong set of baselines. Below, we describe the baselines, and
how we can combine LDS with each method. For FDS, it can be directly integrated with

any baseline as a calibration layer, as described in Sec. 3.2.2.

¢ Vanilla model: We use term VANILLA to denote a model that does not include any tech-
nique for dealing with imbalanced data. To combine the vanilla model with LDS, we
re-weight the loss function by multiplying it by the inverse of the LDS estimated den-

sity for each target bin.

* Synthetic samples: We choose existing methods for imbalanced regression, including
SMOTER [83] and SMOGN [84]. SMOTER first defines frequent and rare regions using
the original label density, and creates synthetic samples for pre-defined rare regions by
linearly interpolating both inputs and targets. SMOGN further adds Gaussian noise to
SMOTER. We note that LDS can be directly used for a better estimation of label density

when dividing the target space.

¢ Error-aware loss: Inspired by the Focal loss [99] for classification, we propose a regression
version called Focal-R, where the scaling factor is replaced by a continuous function that
maps the absolute error into [0, 1]. Precisely, Focal-R loss based on L; distance can be
writtenas £ 3" | o(|Be;|)7e;, where ¢; is the Ly error for i-th sample, o(-) is the Sigmoid
function, and f3, y are hyper-parameters. To combine Focal-R with LDS, we multiply the

loss with the inverse frequency of the estimated label density.

* Two-stage training: Following [82] where feature and classifier are decoupled and trained
in two stages, we propose a regression version called regressor re-training (RRT), where
in the first stage we train the encoder normally, and in the second stage freeze the en-
coder and re-train the regressor ¢(-) with inverse re-weighting. When adding LDS, the

re-weighting in the second stage is based on the label density estimated through LDS.

¢ Cost-sensitive re-weighting: Since we divide the target space into finite bins, classic re-
weighting methods can be directly plugged in. We adopt two re-weighting schemes

based on the label distribution: inverse-frequency weighting (INV) and its square-root
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Table 3-1: Benchmarking results on IMDB-WIKI-DIR.

Metrics MAE | GM |

Shot All Many Med. Few All Many Med. Few
VANILLA 806 723 1512 2633 457 417 1059 2046
SMOTER [83] 814 742 1415 2528 | 464 430 9.05 19.46
SMOGN [84] 803 730 14.02 2593 | 463 430 874 20.12
SMOGN + LDS 8.02 739 1371 2322 | 463 439 871 1580
SMOGN + FDS 803 735 14.06 2344 | 465 433 8.87 16.00
SMOGN + LDS + FDS 797 738 13.22 2295 | 459 439 7.84 14.94
FocAL-R 797 712 1514 2696 | 449 410 1037 21.20
FocAL-R + LDS 790 710 1472 2584 | 447 4.09 1011 19.14
FocaL-R + FDS 796 714 1471 26.06 | 451 412 10.16 19.56
FocAL-R + LDS + FDS 788 710 14.08 2575 | 447 411 9.32 18.67
RRT 781 7.07 1406 2513 | 435 4.03 891 16.96
RRT + LDS 779 708 1376 24.64 | 434 4.02 872 16.92
RRT + FDS 7.65 7.02 1268 2385 | 431 403 758 16.28
RRT + LDS + FDS 7.65 7.06 1241 23.51 | 431 4.07 717 15.44
SQINV 787 724 1244 2276 | 447 422 725 1510
SQINV + LDS 783 731 1243 2251 | 442 419 700 1394
SQINV + FDS 783 723 1260 2237 | 442 420 6.93 13.48
SQINV + LDS + FDS 778 720 1261 2219 | 437 412 739 1261
OURS (BEST) VS. VANILLA | +0.41 +0.21 +2.71 +4.14 | +0.26 +0.15 +3.66 +7.85

weighting variant (SQINV). When combining with LDS, instead of using the original
label density, we use the LDS estimated target density.

Evaluation Process and Metrics. Following [69], we divide the target space into three dis-
joint subsets: many-shot region (bins with over 100 training samples), medium-shot region
(bins with 20~100 training samples), and few-shot region (bins with under 20 training sam-
ples), and report results on these subsets, as well as overall performance. We also refer to
regions with no training samples as zero-shot, and investigate the ability of our techniques
to generalize to zero-shot regions in Sec. 3.3.2. For metrics, we use common metrics for re-
gression, such as the mean-average-error (MAE), mean-squared-error (MSE), and Pearson
correlation. We further propose another metric, called error Geometric Mean (GM), and is

defined as (][}, ei)% for better prediction fairness.

B 3.3.1 Main Results

We report the main results in this section for all DIR datasets. All training details, hyper-

parameter settings, and additional results are provided in Appendix B.2 and B.3.
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Table 3-2: Benchmarking results on AgeDB-DIR.

Metrics MAE | GM |

Shot All Many Med. Few All Many Med. Few
VANILLA 777 662 955 13.67 505 423 7.01 1075
SMOTER [83] 816 739 865 1228 | 521 465 569 849

SMOGN [84] 826 764 9.01 1209 | 536 490 619 844

SMOGN + LDS 79 744 864 1177 | 503 468 569 7.98

SMOGN + FDS 806 752 875 1189 | 502 466 563 8.02

SMOGN + LDS + FDS 790 732 851 1119 | 498 4.64 541 735
FOCAL-R 764 668 922 13.00 | 490 426 639 952

FOCAL-R + LDS 756 6.67 882 1240 | 482 427 587 883

FocAL-R + FDS 765 689 870 11.92 | 483 432 589 8.04

FOCAL-R + LDS + FDS 747 6.69 830 1255| 471 425 536 859
RRT 774 698 879 11.99 | 500 450 588 8.63

RRT + LDS 772 700 875 1162 | 498 454 571 827

RRT + FDS 770 695 876 11.86 | 482 432 583 8.08

RRT + LDS + FDS 7.66 699 8.60 1132 | 480 442 553 6.99
SQINV 781 716 880 1120 | 499 457 573 777

SQINV + LDS 767 698 886 10.89 | 485 439 580 745

SQINV + FDS 769 710 886 998 | 483 441 597 6.29

SQINV + LDS + FDS 755 701 824 1079 | 472 436 545 6.79

OURS (BEST) VS. VANILLA | +0.30 -0.05 +1.31 +3.69 | +0.34 -0.02 +1.65 +4.46

Inferring Age from Images: IMDB-WIKI-DIR & AgeDB-DIR. We report the perfor-
mance of different methods in Table 3-1 and 3-2, respectively. For each dataset, we group
the baselines into four sections to reflect their different strategies. First, as both tables indi-
cate, when applied to modern high-dimensional data like images, SMOTER and SMOGN
can actually degrade the performance in comparison to the vanilla model. Moreover,
within each group, adding either LDS, FDS, or both leads to performance gains, while
LDS + FDS often achieves the best results. Finally, when compared to the vanilla model,
using our LDS and FDS maintains or slightly improves the performance overall and on
the many-shot regions, while substantially boosting the performance for the medium-shot

and few-shot regions.

Inferring Text Similarity Score: STS-B-DIR. Table 3-3 shows the results, where similar ob-
servations can be made on STS-B-DIR. Again, both SMOTER and SMOGN perform worse
than the vanilla model. In contrast, both LDS and FDS consistently and substantially im-
prove the results for various methods, especially in medium- and few-shot regions. The

advantage is even more profound under Pearson correlation, which is commonly used for
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Table 3-3: Benchmarking results on STS-B-DIR.

Metrics MSE | Pearson correlation (%) 1
Shot All Many Med. Few All Many Med. Few
VANILLA 0974 0851 1520 0984 742 720 627 752
SMOTER [83] 1.046 0924 1542 1154|726 693 653 706
SMOGN [84] 0990 0.89% 1327 1.175|732 704 655 69.2
SMOGN + LDS 0962 0.880 1242 1.155|74.0 715 652 69.8
SMOGN + FDS 0987 0945 1101 1.153|73.0 69.6 685 69.9
SMOGN + LDS + FDS 0.950 0.851 1.327 1.095 | 746 72.1 659 71.7
FOCAL-R 0951 0.843 1425 0957 | 746 723 618 764
FocAL-R + LDS 0930 0.807 1.449 0993 | 75.7 739 624 754
FOCAL-R + FDS 0920 0.855 1.169 1.008 | 75.1 726 664 74.7
FocAL-R + LDS + FDS 0940 0.849 1358 0916 | 749 722 663 77.3
RRT 0964 0.842 1503 0978 | 745 724 623 754
RRT + LDS 0916 0817 1344 0945|757 735 641 76.6
RRT + FDS 0929 0.857 1.209 1.025|749 721 672 740
RRT + LDS + FDS 0.903 0.806 1.323 0.936 | 76.0 73.8 65.2 76.7
INV 1.005 0.894 1482 1.046 | 728 703 625 732
INV + LDS 0914 0.819 1319 0955 | 75.6 734 638 762
INV + FDS 0927 0.851 1.225 1.012 |75.0 724 66.6 742
INV + LDS + FDS 0.907 0.802 1.363 0.942 | 76.0 74.0 65.2 76.6

OURS (BEST) VS. VANILLA | +.071 +.049 +.419 +.068 | +1.8 +2.0 +5.8 +2.1

Table 3-4: Benchmarking results on NYUD2-DIR.

Metrics RMSE | o1 1

Shot All Many Med. Few All Many Med. Few
VANILLA 1477 0591 0952 2123 | 0.677 0.777 0.693 0.570
VANILLA + LDS 1387 0.671 0913 1954 | 0.672 0.701 0.706 0.630
VANILLA + FDS 1442 0.615 0940 2.059 | 0.681 0.760 0.695 0.596

VANILLA + LDS + FDS 1.338 0.670 0.851 1.880 | 0.705 0.730 0.764 0.655

OURS (BEST) VS. VANILLA | +.139 -.024 +.101 +.243 | +.028 -.017 +.071 +.085

this NLP task.

Inferring Depth: NYUD2-DIR. For NYUD2-DIR, which is a dense regression task, we
verify from Table 3-4 that adding LDS and FDS significantly improves the results. We note
that the vanilla model can inevitably overfit to the many-shot regions during training.
FDS and LDS help alleviate this effect, and generalize better to all regions, with minor

degradation in the many-shot region but significant boosts for other regions.

Inferring Health Score: SHHS-DIR. Table 3-5 reports the results on SHHS-DIR. Since
SMOTER and SMOGN are not directly applicable to this medical data, we skip them for
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Table 3-5: Benchmarking results on SHHS-DIR.

Metrics MAE | GM |

Shot All  Many Med. Few All Many Med. Few
VANILLA 1536 1247 1398 1694 1063 804 959 1220
FocAL-R 1467 11.70 13.69 17.06 | 998 793 885 1195
FocAL-R + LDS 1449 1201 1243 1657 | 998 7.89 859 1140
FocAL-R + FDS 1418 11.06 1356 1599 | 945 695 881 11.13
FocAL-R + LDS + FDS 14.02 11.08 12.24 1549 | 932 7.18 810 10.39
RRT 1478 1243 1401 1648 | 10.12 805 9.71 11.96
RRT + LDS 1456 12.08 1344 1645 | 989 785 918 11.82
RRT + FDS 1436 1197 1333 16.08 | 974 754 920 11.31
RRT + LDS + FDS 14.33 11.96 1247 1592 | 9.63 735 874 11.17
INv 14.39 1184 1312 16.02 | 934 773 849 1120
INV + LDS 1414 1166 1277 1605 | 926 764 818 11.32
INV + FDS 1391 1112 1229 1553 | 894 691 779 10.65
INv + LDS + FDS 13.76 1112 1218 15.07 | 870 694 7.60 10.18

OURS (BEST) VS. VANILLA | +1.60 +1.41 +1.80 +1.87 | +1.93 +1.13 +1.99 +2.02

Table 3-6: Interpolation & extrapolation results on the curated subset of IMDB-
WIKI-DIR. Using LDS and FDS, the generalization results on zero-shot regions can
be consistently improved.

Metrics MAE | GM |

Shot All  w/data Interp. Extrap. All w/data Interp. Extrap.
VANILLA 1172 9.32 16.13 1819 | 7.44 5.33 1441  16.74
VANILLA + LDS 1054 831 1414  17.38 | 6.50 4.67 1213 15.36
VANILLA + FDS 11.40 897 1583  18.01 | 7.18 5.12 14.02 1648

VANILLA + LDS + FDS 10.27 8.11 13.71 17.02 6.33 4.55 11.71 15.13

OURS (BEST) VS. VANILLA | +1.45  +1.21 +2.42 +1.17 | +1.11 +0.78 +2.70 +1.61

this dataset. The results again confirm the effectiveness of both FDS and LDS when applied
for real-world imbalanced regression tasks, where by combining FDS and LDS we often

get the highest gains over all tested regions.

B 3.3.2 Further Analysis

Extrapolation & Interpolation. In real-world DIR tasks, certain target values can have no
data at all (e.g., see SHHS-DIR and STS-B-DIR in Fig. 3-6). This motivates the need for
target extrapolation and interpolation. We curate a subset from the training set of IMDB-
WIKI-DIR, which has no training data in certain regions (Fig. 3-7), but evaluate on the

original testset for zero-shot generalization analysis.
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Figure 3-7: The absolute MAE gains of LDS + FDS over the vanilla model. We test
on a curated subset of IMDB-WIKI-DIR with certain target values having no training
data. We establish notable performance gains w.r.t. all regions, especially for extrapo-
lation & interpolation.

As Table 3-6 shows, compared to the vanilla model, LDS and FDS can both improve the
results not only on regions that have data, but also achieve larger gains on those without
data. Specifically, substantial improvements are established for both target interpolation
and extrapolation, where interpolation enjoys larger boosts.

We further visualize the absolute MAE gains of our method over vanilla model in
Fig. 3-7. Our method provides a comprehensive treatment to the many, medium, few,

as well as zero-shot regions, achieving remarkable performance gains.

Understanding FDS. We investigate how FDS influences the feature statistics. In Fig. 3-
8(a) and 3-8(b) we plot the similarity of the feature statistics for anchor age 0, using model
trained without and with FDS. As the figure indicates, since age 0 lies in the few-shot re-
gion, the feature statistics can have a large bias, i.e., age 0 shares large similarity with region
40 ~ 80 as in Fig. 3-8(a). In contrast, when FDS is added, the statistics are better calibrated,
resulting in a high similarity only in its neighborhood, and a gradually decreasing similar-
ity score as target value becomes larger. We further visualize the L; distance between the
running statistics {g;, ¥} and the smoothed statistics {fi;, %3} during training in Fig. 3-

8(c). Interestingly, the average L, distance becomes smaller and gradually diminishes as
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Figure 3-8: Analysis on how FDS works. (a) & (b) Feature statistics similarity for
anchor age 0, using model trained without and with FDS. (¢) L; distance between the

running statistics {p;, ¥} and the smoothed statistics {1, =) during training.

the training evolves, indicating that the model learns to generate features that are more
accurate even without smoothing, and finally the smoothing module can be removed dur-
ing inference. We provide more results for different anchor ages in Appendix B.4.7, where

similar effects can be observed.

Ablation: Kernel type for LDS & FDS (Appendix B.4.1). We study the effects of different
kernel types for LDS and FDS when applying distribution smoothing. We select three
different kernel types, i.e., Gaussian, Laplacian, and Triangular kernel, and evaluate their
influences on both LDS and FDS. In general, all kernel types lead to notable gains (e.g.,
3.7% ~ 6.2% relative MSE gains on STS-B-DIR), with the Gaussian kernel often delivering

the best results.

Ablation: Different regression loss functions (Appendix B.4.2). We investigate the influ-
ence of different training loss functions on LDS and FDS. We select three common losses
used for regression tasks, i.e., L1 loss, MSE loss, and the Huber loss (also referred to as
smoothed L, loss). We find that similar results are obtained for all losses, indicating that

both LDS and FDS are robust to different loss functions.

Ablation: Hyper-parameter for LDS & FDS (Appendix B.4.3). We investigate the effects
of hyper-parameters on both LDS and FDS. As we mainly employ the Gaussian kernel for
distribution smoothing, we extensively study different choices of the kernel size [ and stan-
dard deviation o. Interestingly, we find LDS and FDS are surprisingly robust to different
hyper-parameters in a given range, and obtain similar gains. For example, on STS-B-DIR

with! € {5,9,15} and ¢ € {1,2,3}, overall MSE gains range from 3.3% to 6.2%, with = 5
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and o = 2 exhibiting the best results.

Ablation: Robustness to diverse skewed label densities (Appendix B.4.4). We curate
different imbalanced distributions for IMDB-WIKI-DIR by combining different number of
disjoint skewed Gaussian distributions over the target space, with potential missing data
in certain target regions, and evaluate the robustness of FDS and LDS to the distribution
change. We verify that even under different imbalanced label distributions, LDS and FDS
consistently boost the performance across all regions compared to the vanilla model, with

relative MAE gains ranging from 8.8% to 12.4%.

Comparisons to imbalanced classification methods (Appendix B.4.6). Finally, to gain
more insights on the intrinsic difference between imbalanced classification & imbalanced
regression problems, we directly apply existing imbalanced classification schemes on sev-
eral appropriate DIR datasets, and show empirical comparisons with imbalanced regres-
sion approaches. We demonstrate in Appendix B.4.6 that LDS and FDS outperform im-
balanced classification schemes by a large margin, where the errors for few-shot regions
can be reduced by up to 50% to 60%. Interestingly, the results also show that imbalanced
classification schemes often perform worse than even the vanilla regression model, which
confirms that regression requires different approaches for data imbalance than simply ap-
plying classification methods. We note that imbalanced classification methods could fail
on regression problems for several reasons. First, they ignore the similarity between data
samples that are close w.r.t. the continuous target. Moreover, classification cannot extrapo-
late or interpolate in the continuous label space, therefore unable to deal with missing data

in certain target regions.

B 3.4 Summary

In this chapter, we introduce and study the DIR task that learns from natural imbalanced
data with continuous targets, and generalizes to the entire target range. We propose two
simple and effective algorithms for DIR that exploit the similarity between nearby targets
in both label and feature spaces. Extensive results on five curated large-scale real-world
DIR benchmarks confirm the superior performance of our methods. Our work fills the gap

in benchmarks and techniques for practical DIR tasks.
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CHAPTER 4
On Multi-Domain Long-Tailed
Recognition, Generalization and

Beyond

Real-world data often exhibit label imbalance —i.e., instead of a uniform label distribution
over classes, in reality, data are by their nature imbalanced: a few classes contain a large
number of instances, whereas many others have only a few instances [68, 71, 22]. This
phenomenon poses a challenge for deep recognition models, and has motivated several
prior solutions [71, 100, 69, 72, 22, 2]. Such prior solutions focus on single domain scenarios,
i.e.,, samples are from the same data distribution; they propose techniques for learning
from imbalanced training data and generalizing to a balanced test set.

In contrast, this chapter formulates the problem of Multi-Domain Long-Tailed Recogni-
tion (MDLT) as learning from multi-domain imbalanced data, with each domain having
its own imbalanced label distribution, and generalizing to a test set that is balanced over
all domain-class pairs. MDLT is a natural extension of the single domain case. It arises
in real-world scenarios, where data targeted for one task can originate from different do-
mains. For example, in visual recognition problems, minority classes from “photo” images
could be complemented with potentially abundant samples from “sketch” images. Simi-
larly, in autonomous driving, the minority accident class in “real” life could be enriched

with accidents generated in “simulation”. Also, in medical diagnosis, data from distinct

49
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Figure 4-1: Multi-Domain Long-Tailed Recognition (MDLT). MDLT aims to learn
from imbalanced data from multiple distinct domains, tackle label imbalance, domain
shift, and divergent label distributions across domains, and generalize to the entire set
of classes over all domains.

populations could enhance each other, where minority samples from one institution could

be enriched with instances from others. In the above examples, different data types act

as distinct domains, and such multi-domain data could be leveraged to tackle the inherent

data imbalance within each domain.

We note that MDLT has key differences from its single-domain counterpart:

First, the label distribution for each domain is likely different from other domains. For
example, in Fig. 4-1, both “Photo” and “Cartoon” domains exhibit imbalanced label dis-
tributions; Yet, the “horse” class in “Cartoon” has many more samples than in “Photo”.
This creates challenges with divergent label distributions across domains, in addition to in-
domain data imbalance.

Second, multi-domain data inherently involves domain shift. Simply treating different
domains as a whole and applying traditional data-imbalance methods is unlikely to
yield the best results, as the domain gap can be arbitrarily large.

Third, MDLT naturally motivates zero-shot generalization within and across domains —i.e., to
generalize to both in-domain missing classes (Fig. 4-1 right part), as well as new domains
with no training data, where the latter case is typically denoted as Domain Generaliza-

tion (DG).

To deal with the above issues, we first develop the domain-class transferability graph,

which quantifies the transferability between different domain-class pairs under data im-
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balance. In this graph, each node refers to a domain-class pair, and each edge refers to
the distance between two domain-class pairs in the embedding space. We show that the
transferability graph dictates the performance of imbalanced learning across domains. In-
spired by this, we design BoDA (Balanced Domain-Class Distribution Alignment), a new
loss function that encourages similarity between features of the same class in different do-
mains, and penalizes similarity between features of different classes within and across do-
mains. BoDA does so while accounting for that different classes have very different number
of samples, and hence the statistics of their features are intrinsically imbalanced. Analyt-
ically, we prove that minimizing the BoDA loss optimizes an upper bound of the balanced
transferability statistics, corroborating the effectiveness of BoDA for learning multi-domain
imbalanced data.

For MDLT evaluation, we curate five MDLT benchmarks based on datasets widely
used for domain generalization (DG). These datasets naturally exhibit heavy class imbal-
ance within each domain and data shift across domains, highlighting that the MDLT prob-
lem is widely present in current benchmarks. We compare BoDA against twenty algorithms
that span different learning strategies. Extensive experiments across benchmarks and al-
gorithms verify that BoDA consistently outperforms all these baselines on all datasets.

Additionally, we examine how BoDA performs in the DG setting. We show that com-
bining BoDA with the DG state-of-the-art (SOTA) consistently brings further gains, yielding
a new SOTA for DG. These results shed light on how label imbalance can affect out-of-
distribution generalization and highlight the importance of integrating label imbalance
into practical DG algorithm design.

In this chapter, we summarize our contributions as follows: (i) We formulate the MDLT
problem as learning from multi-domain imbalanced data and generalizing across all domain-
class pairs. (ii) We introduce the domain-class transferability graph, a unified model for
investigating MDLT. We further show that the transferability statistics induced from such
graph are crucial and govern the success of MDLT algorithms. (iii) We design BoDA, a
simple, effective, and interpretable loss function for MDLT. We prove theoretically that
minimizing the BoDA loss is equivalent to optimizing an upper bound of balanced transfer-
ability statistics. (iv) Extensive experiments on benchmark datasets verify the superior and
consistent performance of BoDA. Further, combined with DG algorithms, BoDA establishes a

new SOTA on DG benchmarks, highlighting the importance of tackling cross-domain data
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imbalance for domain generalization.

B 4.1 Related Work

Long-Tailed Recognition. The literature is rich with research on long-tailed recognition
[69, 101]. Proposed solutions include re-balancing the data by either over-sampling the
minority classes or under-sampling the majority classes [74, 75], re-weighting or adjusting
the loss functions [70, 72, 71, 78], as well as leveraging relevant learning paradigms such
as transfer learning [69], metric learning [80], meta-learning [81], two-stage training [82],
ensemble learning [102, 103], and self-supervised learning [22, 104]. Recent studies have
also explored imbalanced regression [2]. In contrast to these past works, we extend long-
tailed recognition to the multi-domain setting, and introduce new techniques suitable for

learning from multi-domain imbalanced data.

Multi-Domain Learning. Multi-domain learning (MDL) aims to learn a model of minimal
risk from datasets drawn from different underlying distributions [105], and is a specific
case of transfer learning [106]. In contrast to domain adaptation (DA) [107, 106], which
aims to minimize the risk over a single “target” domain, MDL minimizes the risk over all
“source” domains, and considers both average and worst risks over all distributions [108].
Past solutions for MDL include designing shared and domain-specific models [105, 109],
leveraging multi-task learning [110], and learning domain-invariant features [108, 111, 112,
113]. Our work falls under the MDL framework, but considers the practical and realistic

setting where the label distribution is imbalanced within each domain and across domains.

Domain Generalization. Unlike MDL which focuses on in-domain generalization, do-
main generalization (DG) aims to learn from multiple training domains and generalize
to unseen domains [114]. Previous approaches include learning domain-invariant features
[115,113, 112], learning transferable model parameters using meta-learning [116, 117], data
augmentation [118, 119], and capturing causal relationships [66, 120]. Past work on DG has
not investigated label imbalance within a domain and across domains. This chapter shows
that label imbalance plays a crucial role in DG, and that by combating data imbalance, we

substantially boost DG performance on standard benchmarks.
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B 4.2 Domain-Class Transferability Graph
When learning from MDLT, a natural question arises:

How do we model MDLT in the presence of both domain shift and

class imbalance within and across domains?

We argue that in contrast to single-domain imbalanced learning where the basic unit
one cares about is a class (i.e., minority vs. majority classes), in MDLT, the basic unit natu-

rally translates to a domain-class pair.

Problem Setup. Given a multi-domain classification task with a discrete label space C =
{1,...,C} and a domain space D = {1,..., D}, let S = {(x;,c;,d;)}, be the training set,
where x; € R! denotes the input, ¢; € C is the class label, and d; € D is the domain label.
We denote as z = f(x;60) the representation of x, where f : X — Z maps the input into
a representation space Z C R”. The final prediction ¢ = g(z) is given by a classification
function g : Z — C. We denote the set of samples belonging to domain d and class ¢
(i-e., the domain-class pair (d, c)) as Sy C S, with Ny . £ |Sy.| as the number of samples.

Similarly, Z;. C Z denotes the representation set for (d,c). We use M =D x C := {(d, c) :

d € D, c € C} to denote the set of all domain-class pairs.

Definition 1 (Transferability). Given a learned model and a distance function d : R? x R" —

R in the feature space, the transferability from domain-class pair (d, c) to (d', ) is:

trans((d, C), (d,, Cl)) = ]EzGZ(LC [d (Z, Md/,C/) ] s
where g o = Byez, 2] is the first order statistics (i.e., mean) of (d', ).

Intuitively, the transferability between two domain-class pairs is the average distance
between their learned representations, characterizing how close they are in the feature
space. By default, d is chosen as the Euclidean distance, but it can also represent the higher
order statistics of (d, c). For example, the Mahalanobis distance [121] uses the covariance
Yae 2 Brez,, [(z2 — pa.)(z — pg,.) "] In the remainder of the chapter, with a slight abuse

of the notation, we allow p, . to represent both the first and higher order statistics for (d, c).
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(a) Full Transferability Graph as a Distance Matrix (b) 2D Graph Visualization (c) Transferability Statistics
Domain 1 Domain 2 .
, Cl 1 Class 2
I I I e O J B s
W TN
in1 [ O
; o @ | mu
&

)
A ] L N ' e /y
VAR R
N . 00 = =
Z : ‘“m °° Domain 2 ’%"h w:" ‘
g T 2 (7 5 (cartoon) r(y .13
domaiq-class {u’d } ﬂm a a Q N~
o WP e ot Y ) g
| Distance function d T | T (Oc, B, ’y) Statistics Example

Figure 4-2: Overall framework of transferability graph. (a) Distribution statistics
{14} is computed for all domain-class pairs, by which we generate a full transfer-
ability matrix. (b) MDS is used to project the graph into a 2D space for visualization.
(c) We define (a, 8, ) transferability statistics to further describe the whole transfer-
ability graph.

Definition 2 (Transferability Graph). The transferability graph for a learned model is defined
as G = (V, &), where the vertices, V C { gy .}, represents the domain-class pairs, and the edges,

E CV x V, are assigned weights equal to trans ((d, ¢), (d', ¢)).

Transferability Graph Visualization. It is convenient to directly visualize the transfer-
ability graph of a learned model in a 2D Cartesian space. To do so, we use the average
of trans ((d, ¢), (d', ¢)) and trans ((d', ¢’), (d, ¢)) as a similarity measure between them. We
can then visualize this similarity and the underlying transferability graph using multidi-
mensional scaling (MDS) [122]. Figs. 4-2a and 4-2b show this process, where for each (d, c)
pair, we estimate its distribution statistics {, .} from the learned model and compute the
transferability graph as a distance matrix. We then use MDS to project it into a 2D space,

where each dot refers to one (d, ¢), and the distance represents transferability.

Definition 3 ((«, (3, y) Transferability Statistics). The transferability graph can be summa-
rized by the following transferability statistics:

Different domains, same class: o = EEqEqgq [trans((d, c), (d,¢))] .
Same domain, different classes: 8 = EqEEy . [trans((d, ), (d,c))] .

Different domains, different classes: v = EqEg 2qEEe 4. [trans((d, c), (d, )] .

As illustrated in Fig. 4-2¢, («, /3, 7) captures the similarity between features of the same

class across domains and different classes within and across domains.
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Figure 4-3: The evolving pattern of transferability graph when varying label pro-
portions of Digits-MLT. (a) Label distributions for two domains are balanced and
identical. (b) Label distributions for two domains are imbalanced but identical. (c)
Label distributions for two domains are imbalanced and divergent.

B 4.3 What Makes for Good Representations in MDLT

B 4.3.1 Divergent Label Distributions Hamper Transferable Features

MDLT has to deal with differences between the label distributions across domains. To

understand the implications of this issue we start with an example.

Motivating Example. We construct Digits-MLT, a two-domain toy MDLT dataset that
combines two digit datasets: MNIST-M [113] and SVHN [123]. The task is 10-class digit
classification. Details of the datasets are in Appendix C.3. We manually vary the number
of samples for each domain-class pair to simulate different label distributions, and train a
plain ResNet-18 [64] using empirical risk minimization (ERM) for each case. We keep all
test sets balanced and identical.

The results in Fig. 4-3 reveal interesting observations. When the per-domain label dis-
tributions are balanced and identical across domains, although a domain gap exists, it does
not prohibit the model from learning discriminative features of high accuracy (90.5%), as
shown in Fig. 4-3a. If the label distributions are imbalanced but identical, as in Fig. 4-3b,
ERM is still able to align similar classes in the two domains, where majority classes (e.g.,
class 9) are closer in terms of transferability than minority classes (e.g., class 0). In contrast,
when the labels are both imbalanced and mismatched across domains, as in Fig. 4-3c, the
learned features are no longer transferable, resulting in a clear gap across domains and
the worst accuracy. This is because divergent label distributions across domains produce an

undesirable shortcut; the model can minimize the classification loss simply by separating
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Figure 4-4: Correspondence between (5 + 7) — a quantity and test accuracy across
different label configurations of Digits-MLT. Each plot refers to specific label distri-
butions for two domains (e.g., (a) employs “Uniform” for domain 1 and “Uniform”
for domain 2). Each point corresponds to a model trained with ERM using different
hyperparameters.

the two domains.

Transferable Features are Desirable. As the results indicate, transferable features across
(d, c) pairs are needed, especially when imbalance occurs. In particular, the transferability
link between the same class across domains should be greater than that between different
classes within or across domains. This can be captured via the («, 3,7) transferability

statistics, as we show next.

B 4.3.2 Transferability Statistics Characterize Generalization

Motivating Example. Again, we use Digits-MLT with varying label distributions. We
consider three imbalance types to compose different label configurations: (1) Uniform
(i.e., balanced labels), (2) Forward-LT, where the labels exhibit a long tail over class ids,
and (3) Backward-LT, where labels are inversely long-tailed with respect to the class ids.
For each configuration, we train 20 ERM models with varying hyperparameters. We then
calculate the (a, 3, ) statistics for each model, and plot its classification accuracy against
(B+7)—a

Fig. 4-4 reveals the following findings: (1) The («, /3, ) statistics characterize a model’s per-
formance in MDLT. In particular, the (8 + ) — o quantity displays a very strong correlation
with test performance across the entire range and every label configuration. (2) Data im-
balance increases the risk of learning less transferable features. When the label distributions are
similar across domains (Fig. 4-4a), the models are robust to varying parameters, cluster-

ing in the upper-right region. However, as the labels become imbalanced (Figs. 4-4b, 4-4c)
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and further divergent (Figs. 4-4d, 4-4e), chances that the model learns non-transferable
features (i.e., lower (8 + v) — «) increase, leading to a large drop in performance. We pro-
vide further evidence in Appendix C.7.4 showing that these observations hold regardless

of datasets and training regimes.

B 4.3.3 A Loss that Bounds the Transferability Statistics

We use the above findings to design a new loss function particularly suitable for MDLT.
We will first introduce the loss function then prove that it minimizes an upper bound of
the («, 3, ) statistics. We start from a simple loss inspired by the metric learning objective
[124, 125]. We call this loss Lp, since it aims for Domain-Class Distribution Alignment, i.e.,
aligning the features of the same class across domains. Let (x;, ¢;, d;) denote a sample with

feature z;. Given a set of training samples with feature set Z, we have

exp (_d(zi7 /J'd,ci))
(D= g 3 s b (—d(z g ) Y
7, €2 deD\{di} (d,¢)eM\{(disci)} i Fod e

Intuitively, Lpa tackles label divergence, as (d, c) pairs that share same class would be
pulled closer, and vice versa. It is also related to («, /3, ) statistics, as the numerator rep-
resents positive cross-domain pairs («), and the denominator represents negative cross-class
pairs (3, 7). A detailed probabilistic interpretation of Lp, is provided in Appendix C.2.2.

But, L£py does not address label imbalance. Note that (a, 3,7) is defined in a balanced
way, independent of the number of samples of each (d, c). However, given an imbalanced
dataset, most samples will come from majority domain-class pairs, which would dominate

Lps and cause minority pairs to be overlooked.

Balanced Domain-Class Distribution Alignment (BoDA). To tackle data imbalance across

(d, c) pairs, we modify the loss in Eqn. (4.1) to the BoDA loss:

X d(zz /J’dc )) d(z7 12 )

Lsopa(Z, =1 1 oxp ( d(z, — d@ipac)
BODA( {l”’}) 263 |7 deD;{d} 0g Z(d’ cHheM\{(d;,c;)} exp( d zz By, /) (ZZ l”’GZC) Nd e

4.2)

BoDA scales the original d by a factor of 1/Ny;, ,, i.e., it counters the effect of imbalanced

domain-class pairs by introducing a balanced distance measure d.
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Theorem 4 (Lgopa as an Upper Bound). Given a multi-domain long-tailed dataset S with
domain label space D and class label space C satisfying |D| > 1 and |C| > 1, let Z be the
representation set of all training samples, and (., 3,7) be the transferability statistics for S
defined in Definition 3. It holds that

Lpopa(Z,{p}) > Nlog <|D| — 14+ |D|(|IC| — 1) exp (|C|N?| S0 — % B - W ’y)) )
(4.3)

The proof of Theorem 4 is in Appendix C.1.2. Theorem 4 has the following interesting im-
plications: (1) Lgopa upper-bounds (v, 3, y) statistics in a desired form that naturally translates to
better performance. By minimizing Lgopa, we ensure a low « (attract same classes) and high
B, (separate different classes), which are essential conditions for generalization in MDLT.
(2) The constant factors correspond to how much each component contributes to the transferability
graph. Zooming on the arguments of exp(-), we observe that the objective is proportional

toa — (‘%‘ﬁ + ‘?‘T_llv). According to Definition 3, we note that o summarizes data simi-

larity for the same class, while (‘%‘B + ‘2|)|D_|1 ) summarizes data similarity across different

classes, using the weighted average of 5 and ~, where their weights are proportional to the

number of associated domains (i.e., 1 for 5, (|D| — 1) for 7).

B 4.3.4 Calibration for Data Imbalance Leads to Better Transfer

BoDA works by encouraging feature transfer for similar classes across domains, i.e., if (d, c)
and (d’, ¢) refer to the same class in different domains, then we want to transfer their fea-
tures to each other. But, minority domain-class pairs naturally have worse p, . estimates
due to data scarcity, and forcing other pairs to transfer to them hurts learning. Thus, when
bringing two domain-class pairs closer in the embedding space, we want the minority
(d, ¢) to transfer to majority ones, not the inverse. The following example further clarifies
this point.

Motivating Example. We use Digits-MLT with divergent labels (Fig. 4-5). We focus on
feature discrepancy, i.e., the distance between training and test features for the same class.
For each class in domain 1, we compute the distance in the feature space between the
means of the training set and test set ( ). We also compute the distance between

the training data of domain 2 and test data of domain 1 (dashed line), for the same class.
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Figure 4-5: The need for distance calibration. (a) Per-domain label distribution of
Digits-MLT. (b) Distance between training and test data. plots the distance
between training and test data from the same domain-class pairs. Dashed line plots
the distance between test data from a particular domain-class pair and the training
data with which it shares the same class but differs in the domain. The blue and

background colors refer to majority and minority domain-class pairs, respectively.
(c) Correspondence between the ratio of the sample size and their feature distances
between testing and training across different domain-class pairs.

As shown by the solid orange line in Fig. 4-5b, for minority domain-class pairs such
as class “8” and “9” in domain 1, the distance in the feature space between training and
testing is large. In fact, the test set of these minority domain-class pairs is closer to the
training data for “8” and “9” in domain 2 than in their own domain, as shown by the
dashed purple line. This example indicates that a better training would try to transfer the
features of minority domain-class pairs to majority pairs with which they share the same
class, as shown by the grey arrow in Fig. 4-5b. Such transfer will improve generalization

to the test set.

BoDA with Calibrated Distance. The above discussion motivates a modification to BoDA to

favor transfer to majority domain-class pairs:

d,c; Y
exp (*/\d;,zid(zi#d,ci))

d’ !5 )
Dol el e M\{(d; e;)} EXP (_)‘di,uid(zi>”d’,c’)>

—1
IDI—-

)\d’,c’ — Nd/,c/ v
d,C - Nd,c ’

(4.4)

Loaon(Z.{p}) = 3 log
z,€EZ

" det\(d)
where v is a constant that allows for a sublinear relation (default v = 1). )\i’ccl indicates
how much we would like to transfer (d,c) to (d’, ), based on their relative sample size.
Fig. 4-5¢ verifies that the ratio of the sample size is highly correlated with the ratio of the
distance between testing and training. Further, Theorem 6 in Appendix C.1 shows that

Lpopa is an upper bound of the calibrated transferability statistics.

Variants of BoDA: Matching Higher Order Statistics. The distance d can be set to the Eu-
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Table 4-1: The benefits of decoupling the classifier.

Algorithm w/o decouple w/ decouple
ERM [127] 77.6 +0.2 79.2 +0.3
DANN [113] 77.7 £0.6 79.0 +0.1
CORAL [111] 78.0 0.1 79.6 +0.2

clidean distance d(z, p,.) = \/ (z — pg.)" (2 — pg,), which captures the first order statis-

tics. To match higher order statistics in the features such as covariance, d(z, {14, Za,c}) =

\/ (z — Hd,c)ngé(Z — Mg) is used, resembling the Mahalanobis distance [121]. We refer

to these variants as Lgops and Leopa-u.

Joint Loss. BoDA serves as a representation learning scheme for MDLT, which operates
over Z. For classification, we train deep networks by combining EB(,DA and the standard
cross-entropy (CE) loss in an end-to-end fashion, where CE is applied to the output layer,
and BoDA is applied to the latent features. We combine the losses as Lcg + wEBoDA, with w

as a trade-off hyperparameter.

B 4.4 What Makes for Good Classifiers in MDLT

In the long-tailed recognition literature, an important finding is that decoupling represen-
tation learning and classifier learning leads to better results [82, 126]. In particular, instance-
balanced sampling is used during the first stage of learning, while class-balanced sampling
is used for re-training the classifier (with the representation fixed) in the second stage [82].
Motivated by this, we explore whether a similar decoupling benefits MDLT. We use three
learning algorithms, ERM [127], DANN [112], and CORAL [111]. We train each algorithm
with and without the second stage classifier learning, and report the average accuracy over
all MDLT datasets (presented later).

As Table 4-1 shows, similar to what has been observed in the single domain case
[82, 126], regardless of algorithm, decoupling the classifier learning consistently improves
performance. Since BoDA can support both coupled and decoupled classifier learning, we
use BoDA, to refer to models that couple representation and classifier learning, and BoDA, .
for models that decouple representation from classifier learning. In the classifier learning

stage, we simply use class-balanced sampling.
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B 4.5 Benchmarking MDLT

Datasets. We curate five multi-domain datasets typically used in DG and adapt them
for MDLT evaluation. To do so, for each dataset, we create two balanced datasets one
for validation and the other for testing, and leave the rest for training. The size of the
validation and test data sets is roughly 5% and 10% of original data, respectively. Table C-
1 in Appendix C.3 provides the statistics of each MDLT dataset. Fig. 4-6 shows the label

distributions across domains in the five datasets.

® VLCS-MLT. We construct VLCS-MLT using the VLCS dataset [128], which is an object recog-

nition dataset with 10,729 images from 4 domains and 5 classes.

® PACS-MLT. PACS-MLT is constructed from the PACS dataset [129], an object recognition

dataset with 9,991 images from 4 domains and 7 classes.

¢ OfficeHome-MLT. We set up 0OfficeHome-MLT using the OfficeHome dataset [130] which

contains 15,588 images from 4 domains and 65 classes.

¢ TerraInc-MLT. TerraInc-MLT is created from TerraIncognita [131], a species classifica-

tion dataset including 24,788 images from 4 domains and 10 classes.

* DomainNet-MLT. We construct DomainNet-MLT using DomainNet [132], a large-scale multi-
domain dataset for object recognition. It contains 586,575 images from 345 classes and 6

domains.

Network Architectures. For experiments on the synthetic Digits-MLT dataset, we use a
simple CNN architecture as in [133]. For the MDLT datasets, we follow [133], and use
ResNet-50 [64] for all algorithms.

Competing Algorithms. We compare BoDA to a large number of algorithms that span
different learning strategies and categories, including (1) vanilla: ERM [127], (2) distribu-
tionally robust optimization: GroupDRO [134], (3) data augmentation: Mixup [135], SagNet
[136], (4) meta-learning: MLDG [116], (5) domain-invariant feature learning: IRM [66], DANN
[113], CDANN [112], CORAL [111], MMD [137], (6) transfer learning: MTL [138], (7) multi-
task learning: Fish [139], and (8) imbalanced learning: Focal [99], CBLoss [72], LDAM [71],
BSoftmax [100], SSP [22], CRT [82]. We provide detailed descriptions in Appendix C.4.2.
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Figure 4-6: Overview of training set label distribution for five MDLT datasets. We
set up MDLT benchmarks from datasets traditionally used for DG, and make vali-
dation/test sets balanced across all domain-class pairs. More details are provided in
Appendix C.3.

Implementation and Evaluation Metrics. For a fair evaluation, following [133], for each
algorithm we conduct a random search of 20 trials over a joint distribution of all hyperpa-
rameters (see Appendix C.4.3 for details). We then use the validation set to select the best
hyperparameters for each algorithm, fix them and rerun the experiments under three dif-
ferent random seeds to report the final average accuracy with standard deviation. Such
process ensures the comparison is best-versus-best, and the hyperparameters are opti-
mized for all algorithms. In addition to the average accuracy across domains, we also
report the worst accuracy over domains, and further divide all domain-class pairs into
many-shot (pairs with over 100 training samples), medium-shot (pairs with 20~100 train-
ing samples), few-shot (pairs with under 20 training samples), and zero-shot (pairs with no

training data), and report the results for these subsets.

B 4.5.1 Main Results

We report the main results in this section for all MDLT datasets. The complete results and

all additional experiments are provided in Appendix C.5 and C.7.

Benchmark Results on MDLT Datasets. The performance of all methods on VLCS-MLT,
PACS-MLT, OfficeHome-MLT, TerraInc-MLT and DomainNet-MLT are in Table 4-2, 4-3, 4-4, 4-
5 and 4-6, respectively. We highlight rows in gray for BoDA and its variants, and bolden
the best result in each column. First, as all tables indicate, BoDA consistently achieves the
best average accuracy across all datasets. It also achieves the best worst-case accuracy
most of the time. Moreover, on certain datasets (e.g., 0fficeHome-MLT), MDL methods

perform better (e.g., CORAL), while on others (e.g., TerraInc-MLT), imbalanced methods
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Table 4-2: Results on VLCS-MLT.

Table 4-3: Results on PACS-MLT.

Accuracy (by domain) Accuracy (by shot) Accuracy (by domain) Accuracy (by shot)
Algorithm Average Worst Many Medium Few Zero Algorithm Average Worst Many Medium Few Zero
ERM [127] 763 +04 53.6+1.1 84.6+05 76.6 404 — 329+04 ERM[127] 97.1+01 95.8+02 97.1+00 97.0+0.0 98.0+09 —
IRM [66] 76.5+02 523407 853406 755+1.0 — 33.5+10 IRM[66] 96.7 0.2 952404 96.8+0.2 96.7 0.7 94.7 +14 —
GroupDRO [134] 76.7 0.4 541 +13 85309 762+1.0 — 345+20 GroupDRO [134] 97.0+01 953404 973401 953 +12 947 +36 —
Mixup [135] 759 +01 527413 844402 771+06 — 292414 Mixup [135] 96.7 0.2 95.1+0.2 97.0+0.1 96.7 +0.3 913 £2.7 —
MLDG [116] 769 +02 53.6 +05 849 +03 77.5+10 — 344409 MLDG [116] 96.6 0.1 941403 96.8+0.1 96.3 0.7 92.7 0.5 —
CORAL [111] 759 +0.5 51.6+07 843+06 755405 — 345+08 CORAL[111] 96.6 +0.5 943 +0.7  96.6 +0.5 97.0 0.8 94.7 0.5 —
MMD [137] 763 +0.6 534403 845408 771405 — 32.7+03 MMD [137] 969 +0.1  96.2+02 969 +0.2 97.0 0.0 96.7 0.5 —
DANN [113] 775+0.1 54.1+03 859+05 76.0+04 — 380+23 DANN/[113] 96.5+40.0 943401 96.5+0.1 98.0+0.0 94.7 +24 —
CDANN [112] 76.6 +0.4 53.6 04 844 +0.7 77.3+08 — 35.0+08 CDANN/[112] 96.1+0.1 945402 96.1+01 96.3+05 94.0+09 —
MTL [138] 763 +0.3 529 +05 84.8+09 76.2+06 — 33.3+14 MTL[138] 96.7 0.2 945406 96.8+0.1 953 +1.7 973 +1.1 —
SagNet [136] 763 +02 523402 853403 75.1+02 — 329+03 SagNet[136] 972401 952 +03 974 +0.1 96.7 +0.5 953 +0.5 —
Fish [139] 775+03 543404 86.2+05 76.0+04 — 35.6+22 Fish[139] 969402 952402 97.0+01 97.0+05 94.7 1.1 —
Focal [99] 75.6 +0.4 523 +02 84.0+0.2 755406 — 327409 Focal [99] 96.5+0.2 94.6 +0.7 96.6 +0.1 95.0 +1.7 96.7 0.5 —
CBLoss [72] 76.8 0.3 525+05 84.8+0.7 775+14 — 33.2+16 CBLoss[72] 969 +0.1 951404 96.8 +0.2 97.0 £1.2 100.0 +0.0 —
LDAM [71] 775+01 529402 86.5+04 755405 — 352+06 LDAM|[71] 96.5+0.2 947402 96.6 +0.1 95.7 £1.4 96.0 £0.0 —
BSoftmax [100] 76.7 +0.5 529409 84.4+09 782+06 — 343409 BSoftmax[100] 96.9 403 95.6+0.3 96.6 £0.4 98.7 +0.7 99.3 +0.5 —
SSP [22] 76.1+0.3 523 +1.0 83.8+03 76.0+12 — 371407 SSP[22] 969 +0.2 954 +04  96.7 +0.2 98.3 0.5 98.0+09 —
CRT [82] 763 +0.2 514+03 845+01 77.3+00 — 31.7+1.0 CRT[82] 96.3 +0.1 949 +0.1  96.3 +0.1 97.3 +0.3 94.0+09 —
BoDA.,. 769 +0.5 514403 853 +03 77.3+02 — 333+05 BoDA, 97.0+0.1  95.1+04 97.0+0.1 96.3 +0.5 98.0+09 —
BoDA-M,. 775403 534403 858+02 77.3+02 — 357+07 BoDA-M, 97.1+01 949 +0.1 973 +0.1 96.3 £0.5 96.0 £0.0 —
BoDA,. . 773 +0.2 534403 853+03 78.0+02 — 38.6+07 BoDA,. 97.2 0.1  95.7 £0.3 97.4 4+0.1 97.0 0.0 947 +1.1 —
BoDA-M,. . 78.2+04 554405 853403 79.3+06 — 43.3+1.1 BoDA-M, . 97.1+0.2 963 +0.1 97.1+0.0 97.0 +0.8 96.0 £0.0 —
BoDA vs. ERM +1.9 +1.8 +0.7 +2.7 —  +104 BoDA vs. ERM +0.1 +0.5 +0.3 +0.0 -2.0 -
Table 4-4: Results on 0H-MLT. Table 4-5: Results on TerraInc-MLT.
Accuracy (by domain) Accuracy (by shot) Accuracy (by domain) Accuracy (by shot)

Algorithm Average Worst Many Medium Few Zero Algorithm Average Worst Many Medium Few Zero
ERM [127] 80.7 +0.0 71.3+0.1 87.8+0.2 81.0+0.2 63.1 +0.1 63.3 +7.2 ERM [127] 753 403 674403 85.6+0.8 69.6 3.2 66.1 +2.4 14.4 +2.8
IRM [66] 80.6 +0.4 70.7 0.2  87.6 +0.4 81.5+0.4 61.1£0.9 56.7 +1.4 IRM [66] 733407 643 +1.3 835406 70.0 +1.8 58.3 +3.4 20.1 +1.4
GroupDRO [134] 80.1 0.3  68.7 0.9  88.1+0.2 80.8 +0.4 59.8 +1.2 51.7 3.6  GroupDRO [134] 72.0 £0.4  66.6 0.2 847 +1.1 64.6 +4.7 389 +1.2 135 £1.1
Mixup [135] 812402 72306 87.9+04 81.8+0.1 64.1+0.4 60.0+4.1 Mixup [135] 711407 604 +1.1  83.240.7 60.0 0.6 56.1 3.0 12.2 +2.1
MLDG [116] 80.4 +0.2 702406 87.1+0.1 81.3+0.3 61.3 +1.0 61.7 +1.4 MLDG [116] 76.6 £0.2 669 0.5 86.1 0.6 73.8 3.9 70.6 +3.7 18.8 +2.4
CORAL [111] 81.9+0.1 727406 87.9+0.1 83.0+0.1 63.5+0.7 65.0+24 CORAL [111] 764405 67.8+09 86.3+0.3 77.5+3.1 66.1 2.0 11.0 +1.4
MMD [137] 784404 67.7 408 85.2+0.2 79.4 +0.7 58.8 0.4 56.7 +3.6 MMD [137] 733404 63.7+1.1  84.0 404 67.9 +2.7 60.6 +1.6 13.6 +2.6
DANN [113] 792402 702409 86.2+0.1 80.0 +0.1 60.3 +1.1 61.7 +5.9 DANN [113] 68.7 £0.9 61.1+1.0 79.6 +1.2 62.5+8.1 489 +2.8 13.3 +1.1
CDANN [112] 79.0 402 69.4 +0.3 86.440.6 79.8 +0.1 58.9 +0.8 50.0 +4.7 CDANN [112] 703 405 639 +1.0 83.540.8 50.0 +4.2 43.9 +4.7 20.4 +3.1
MTL [138] 795402 69.8+0.6 87.340.3 79.8+0.2 61.1 0.2 51.7 +2.7 MTL [138] 75.0 0.7  67.7 +1.4  85.240.7 73.8 +1.6 61.1 2.8 12.4 +4.0
SagNet [136] 809 +0.1  70.5+05 87.8 0.4 81.9 +0.1 61.2+0.9 56.7 +3.6 SagNet [136] 751416 66.5+2.1 855409 77.1 +5.0 57.8 +4.3 13.0 +3.4
Fish [139] 81.3+0.3 71.3+0.7 88.240.2 81.9+0.3 63.2+0.8 61.7 +1.4  Fish [139] 753405 663 +0.5 85.840.2 73.3 +3.9 61.1 £3.0 13.7 +3.3
Focal [99] 779 £0.0  67.6 0.4  86.5+0.3 78.3 +0.1 57.4 +0.3 46.7 +3.6  Focal [99] 75.7 £0.4 653 +1.1  85.7 £0.3 76.2 £3.9 68.9 +3.2 12.6 +1.9
CBLoss [72] 79.8 £0.2  69.5+0.7 86.6 0.4 80.6 0.2 61.1 +1.4 65.0 +24 CBLoss [72] 78.0 +£0.4 683 +20 85.0+0.1 89.2+1.2 839 +25 9.3 £3.9
LDAM [71] 80.3+0.2 699 +0.5 87.1+0.2 81.3+0.3 61.1+0.2 51.7 +27 LDAM [71] 747 £09 641 +14 851406 70.8+3.5 67.8 +1.2 11.1 +24
BSoftmax [100] 80.4 +0.2 709 +0.5 86.7 0.5 81.3 £0.3 62.4 +1.0 60.0 +4.1 BSoftmax [100] 76.7 +1.0 65.6 +1.3 83.4 +0.8 90.8 £0.9 78.3 +3.9 12.6 +2.4
SSP [22] 81.1+03 71.1+03 873406 823 +0.3 61.6+0.7 63.3 +1.4 SSP [22] 785407 673 +04 85.5+1.0 87.84+0.9 82.6 +1.2 13.2 +28
CRT [82] 81.2+00 725+02 87.7+01 81.8+0.1 64.0+0.1 65.0+24 CRT[82] 81.6+0.1 70.0 +0.4  89.7 +0.2 90.4 +0.3 83.9 +0.5 12.9 +0.0
BoDA.,. 81.5 +0.1 71.8 +0.1  87.7 +0.2 82.3 +0.1 64.2+0.3 63.3 +1.4 BoDA, 78.6 £0.4 68.5+03 86.4 +0.1 85.0 £1.0 80.0 £0.9 13.7 £2.1
BoDA-M,. 819402 71.6+02 87.3+0.3 83.4+0.2 62.3+0.3 65.0 +2.4 BoDA-M, 794 +06 713404 884 +03 76.2+27 883 +1.6 144 +1.4
BoDA, . 823 +0.1 723403 87.1+02 83.9+03 63.2+0.2 65.0+24 BoDA, . 823 +03 685+06 89.240.2 92.5+09 88.3 +1.2 21.3 +0.7
BoDA-M, . 824 +02 723 +03 87.7+0.1 83.9+0.6 64.2+0.3 66.7 +2.7 BoDA-M, . 83.0 £0.4 74.6 +0.7 89.2+02 91.2 +0.6 91.7 +2.0 21.7 +1.4
BoDA vs. ERM +1.7 +1.0 -0.1 +2.9 +1.1 +3.4 BoDA vs. ERM +7.7 +7.2 +3.6 +22.9 +25.6 +7.3

achieve higher gains (e.g., CRT); Nevertheless, regardless of dataset, BoDA outperforms all

methods, highlighting its effectiveness for the MDLT task. Finally, compared to ERM, BoDA

slightly improves the average and many-shot performance, while substantially boosting

the performance for the medium-shot, few-shot, and zero-shot pairs. Table 4-7 summarizes

the averaged accuracy across all datasets, where BoDA brings large overall improvements

of ~ 3%.

A Closer Look at Accuracy Gains. We further explore how BoDA performs across all

domain-class pairs. Fig. 4-7 shows the absolute accuracy gains of BoDA over ERM on
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Table 4-6: Results on Table 4-7: Results over all MDLT bench-
DomainNet-MLT. marks.
Accuracy (by domain) Accuracy (by shot) Algorithm VLCS-MLT PACS-MLT OfficeHome-MLT Terralnc-MLT DomainNet-MLT Avg
Algorithm Average  Worst Many Medium Few  Zero ERM [127] 763 £0.4 97.1 £0.1 80.7 +0.0 75.3 +0.3 58.6+02 |77.6
ERM [127] 58.6 02 29403 66.0+01 56.1 0.1 359 0.5 27.6 +0.3  IRM[66] 76502 96.7 £0.2 80.6 +0.4 733 07 57101 |768
IRM [66] 571401 27.640.1 647 +0.1 54.3 £0.3 33.5+0.3 25.8 0.3 GY.OUPDRO [134] 76.7 0.4 97.0 +0.1 80.1+0.3 72.0 £0.4 53.6 +0.1 75.9
GroupDRO [134] 53.6 0.1 259 +0.2  61.8 £0.1 49.1£03 30.7 +0.7 22.0 £0.1 Mixup [135] 75.9 0.1 96.7 £0.2 81.2 +0.2 71.1 x0.7 57.6 £0.1 76.5
Mixup [135] 57.6 401 287400 649 +02 54.5+01 35.6+02 273 +03  MLDG [116] 76.9 £0.2 96.6 £0.1 80.4 +0.2 76.6 +0.2 58.5 £0.0 77.8
MLDG [116] 58.540.0 28.7+0.1 66.0 £0.1 55.7 £0.1 35.3 0.2 26.9 +£0.3 CORAL [111] 759 0.5 96.6 £0.5 81.9 +0.1 76.4 +0.5 59.4 +0.1 78.0
CORAL [111] 59.4 401  30.1+04 66.4+0.1 57.1+0.0 37.7 0.6 29.9 +0.2 MMD [137] 76.3 £0.6 96.9 +0.1 78.4 +0.4 73.3 £04 56.7 +£0.0 76.3
MMD [137] 56.7 £0.0 272402 64.2+0.1 54.0 £0.0 33.9 +0.2 254 +0.2 DANN [113] 775 +£0.1 96.5 £0.0 79.2 0.2 68.7 £0.9 55.8 +0.1 755
DANN [113] 558 £0.1 269404  63.0+0.1 52.7 £0.1 34.2 +0.4 26.8 £0.4 CDANN [112] 76.6 0.4 96.1 £0.1 79.0 £0.2 70.3 £0.5 56.0 £0.1 75.6
CDANN [112]  56.0 40.1  27.7 £0.1  63.2+0.0 52.7 0.2 34.3 £0.5 27.6 £0.1 MTL [138] 76.3 £0.3 96.7 £0.2 79.5 £0.2 75.0 0.7 58.6 +£0.1 77.2
MTL [138] 58.6£0.1 293402 65901 56.0 £0.4 354 +0.1 282 £0.3 SagNet [136] 763 02 97.2 +0.1 80.9 +0.1 751 +1.6 58.9 +0.0 777
SagNet [136]  58.9400 294402 663201 56400 36203 272404 Fish [139] 775403 969402 81303 753 +0.5 50.6 401 [78.1
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Figure 4-7: The absolute accuracy improvements of BoDA vs. ERM over all domain-
class pairs on 0fficeHome-MLT. BoDA establishes large improvements w.r.t. all regions,
especially for the few-shot and zero-shot ones. Results for other datasets are in Ap-
pendix C.7.2.

OfficeHome-MLT, where BoDA consistently improves the performance over all domains.
The improvements are especially large for domain “Art”, where most of the classes lie
in the few-shot region. For certain classes, BoDA can improve up to 50% accuracy, indicating

its effectiveness on tackling MDLT.

Ablation Studies on BoDA Components (Appendix C.7.1). We study the effects of (1)

adding balanced distance (i.e., BoDA vs. vanilla DA), and (2) different choices of distance

calibration coefficient )\ZI’CC, in BoDA. We observe that BoDA improves over DA by a large

margin (2.3% on average over all MDLT datasets), highlighting the importance of using

balanced distance. Interestingly, as for )\gf, we find that BoDA is pretty robust to different



4.5. BENCHMARKING MDLT 65

mean difference w.r.t. domain 1 test set Transferability Graph

i e
“”1,1‘7“1(“‘ ° °
o ||t e
o [l — i @

(a) Domain 1 (MNIST-M) (b

-

—~
(2]

~

Iabel distribution
800 many-shot region
medium-shot region

600 few-shot region Domain 1

©O| @ Domain2

100

# of samples

200

normalized feature mean distance

Domain 2 (SVHN) 6 # of samples:

000 YY) ]
123 04 . 4 <20

5 g
a ,’ L@ Teg (2] 20~100
£ 60 oo Q. .2’
8 @ (1) >100
- 00
o 0.2
e o

G 1334056780 o 1 3 s 1 3 6 1 & 3 ) ) N
class index class index Test acc gains (vs. ERM): +9.5%

Figure 4-8: BoDA analysis. (a) Label distribution setup. (b) Distance of feature mean
between train and test data. BoDA enables better learned tail (d, ¢) with smaller feature
discrepancy. (c) BoDA learns features that are more aligned across domains even in the
presence of divergent labels, and significantly improves upon ERM by 9.5%.

Table 4-8: BoDA bound.

EBODA
Empirical 2.92947 +7.3e-3
Theoretical 2.92513 +7.8e-3

choices within a given range, and obtain similar gains (1.9% to 2.9% over ERM).

B 4.5.2 Understanding the Behavior of BoDA on MDLT

To better understand how the design of BoDA contributes to its ability to outperform other
algorithms, we go back to the Digits-MLT dataset, but this time we run BoDA as opposed
to ERM.

Better Learned Representations for Minority Data. Similar to Fig. 4-5, we plot in Fig. 4-8b
the feature mean distance between training and test data for BoDA on Digits-MLT. The plot
shows that BoDA learns better representations with smaller feature discrepancy, especially

for minority classes.

Improved Transferability against Severe Imbalance. Fig. 4-8c plots the transferability
graph induced by BoDA. It shows that even in the presence of severe and divergent label
imbalance (Fig. 4-8a), BoDA still learns transferable features. Further, BoDA learns a balanced
feature space that separates different classes away. The better learned features translate
to better accuracy (9.5% absolute accuracy gains vs. ERM in Fig. 4-3c). We provide more

related results in Appendix C.7.3 and C.7.5.

Tightness of the Bound. We study whether the BoDA bound derived in Theorem 4 is tight.
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Table 4-9: BoDA strengthens performance on Domain Generalization (DG) bench-
marks. Full tables including detailed results for each DG dataset are provided in Ap-

pendix C.6.
Algorithm VLCS PACS 0fficeHome Terralnc DomainNet Avg
ERM 77.5 +0.4 85.5 +0.2 66.5 +0.3 46.1 +1.8 40.9 +0.1 63.3
Current SOTA [111] 78.8 +0.6 86.2 +0.3 68.7 £0.3 47.6 +£1.0 41.5 +0.1 64.5
BoDA, . 78.5 +£0.3 86.9 +0.4 69.3 +0.1 50.2 +£0.4 42.7 +0.1 65.5
BoDA, . + Current SOTA [111] 79.1 0.1 87.9 +0.5 69.9 +0.2 50.7 +0.6 43.5 4+0.3 66.2
BoDA vs. ERM +1.6 +2.4 +3.4 +4.6 +2.6 +2.9

We train a ResNet-18 on Digits-MLT for 5,000 steps to ensure convergence. We compute
the loss over all samples, and combine the results over 3 random seeds. Table 4-8 confirms

the bound is empirically tight.

B 4.6 Beyond MDLT: Imbalanced Domain Generalization

Domain Generalization (DG) refers to learning from multiple domains and generalizing
to unseen domains. Since naturally the learning domains differ in their label distributions
and may even have class imbalance within each domain, we investigate whether tackling
cross-domain data imbalance can further strengthen the performance for DG. Note that all
datasets we adapted for MDLT are standard benchmarks for DG, which confirms that data
imbalance is an intrinsic problem in DG, but has been overlooked by past works.

We study whether BoDA can improve performance for DG. To test BoDA, we follow stan-
dard DG evaluation protocol [133], and compare to the current SOTA [111]. Table 4-9 re-
veals the following findings: First, BoDA alone can improve upon the current SOTA on four
out of the five datasets, and achieves notable average performance gains. Moreover, com-
bined with the current SOTA, BoDA further boosts the result by a notable margin across
all datasets, suggesting that label imbalance is orthogonal to existing DG-specific algo-
rithms. Finally, similar to MDLT, the gains depend on how severe the imbalance is within
a dataset — e.g., TerraInc exhibits the most severe label imbalance across domains, on
which BoDA achieves the highest gains. Detailed results for each DG dataset are provided
in Appendix C.6. These intriguing results shed light on how label imbalance can affect out-
of-distribution generalization, and highlight the importance of integrating label imbalance

for practical DG algorithm design.
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B 4.7 Summary

In this chapter, we formalize the MDLT task as learning from multi-domain imbalanced
data, and generalizing to all domain-class pairs. We introduce the domain-class transfer-
ability graph, and propose BoDA, a theoretically grounded loss that tackles MDLT. Exten-
sive results on five curated real-world MDLT benchmarks verify its superiority. Further-
more, incorporating BoDA into DG algorithms establishes a new SOTA on DG benchmarks.
Our work opens up new avenues for realistic multi-domain learning and generalization in

the presence of data imbalance.
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CHAPTER 5
A Closer Look at Subpopulation Shift

Machine learning models frequently exhibit drops in performance under the presence of
distribution shifts [140]. Constructing machine learning models that are robust to these
shifts is critical to the safe deployment of such models in the real-world [141]. One ubig-
uitous type of distribution shift is subpopulation shift, which is characterized by changes in
the proportion of some subpopulations between training and deployment [142]. In such
settings, models may have high overall performance but still perform poorly in rare sub-
groups [143, 144].

A well-studied type of subpopulation shift occurs when data contains spurious corre-
lations [145] — non-causal relationships between the input and the label which may shift
in deployment [146]. For example, image classifiers frequently make use of non-robust
features such as image backgrounds [109], textures [147], and erroneous markings [148].
However, there has been little work in defining subpopulation shift in a holistic way, un-
derstanding when these shifts happen, and how state-of-the-art (SOTA) algorithms gener-
alize under diverse and realistic shifts. Subpopulation shift can encompass a much wider
array of underlying mechanisms. First, different attributes in data often exhibit skewed
distributions, inevitably causing attribute imbalance [149]. Moreover, certain labels can have
significantly fewer observations, where such long-tailed label distribution induces severe
class imbalance [69]. Finally, certain attributes may have no training data at all, which moti-
vates the need for attribute generalization to unseen subpopulations [150].

In this chapter, we systematically investigate subpopulation shift in realistic evaluation

69
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settings. We first formalize a generic framework of subpopulation shift, which decomposes
attribute and class to enable fine-grained analyses. We demonstrate that this modeling cov-
ers and explains the aforementioned common subgroup shifts, which are basic units of
building more complex shifts that arise in real data. Using this framework, we can quan-
tify the type and degree of different shift components in each given dataset.

We establish a realistic and comprehensive benchmark of subpopulation shift, con-
sisting of 20 SOTA algorithms that span different learning strategies and 12 real-world
datasets in vision, language, and healthcare domains. While existing analysis on subpop-
ulation shift either focus on a single shift type, or have limited severity, our benchmark
provides a much larger set of datasets that cover different types of realistic subgroup shifts.
Our experimental framework can be easily extended to include new methods, shifts, and
datasets.

This chapter also evaluates current algorithms across different settings including at-
tribute availability in training set and/or validation set, model selection strategies, and
a wide range of metrics for understanding subpopulation shift in-depth. With the estab-
lished framework and over 10K trained models, we reveal intriguing observations for fu-
ture research.

Concretely, in this chapter, we make the following contributions: (i) We formalize a uni-
fied framework for subpopulation shift which defines basic types of shift, explains when
and why shifts happen, and quantifies their degrees. (ii) We set up a comprehensive and
realistic benchmark for systematic subpopulation shift evaluation, with 20 SOTA methods
and 12 diverse datasets across various domains. (iii) Based on over 10K trained models,
we verify that current algorithms only advance subgroup robustness over certain types of
shift identified by our framework, but not others. (iv) We confirm that while successful
algorithms rely on the access to group information for model selection, a simple criterion
based on worst-class accuracy is surprisingly effective even without group-annotated val-
idation data. (v) We establish the fundamental tradeoff between worst-group accuracy
(WGA) and important metrics such as worst-case precision, highlighting the need to re-

think evaluation metrics in subpopulation shift beyond WGA.
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B 5.1 Related Work

Subpopulation Shift. Machine learning models frequently experience performance degra-
dation under subpopulation shift, where the proportion of some subpopulations differ be-
tween the training and test [142, 151]. Depending on the definition of such subpopulations,
this could lead to vastly different problem settings. Prior works largely focus on the case
of shortcut learning [145], where subpopulations are defined as the product of attributes
and labels. In such settings, models trained to minimize overall loss tend to learn spuri-
ous correlations, resulting in poor performance in the minority subpopulation [148, 152].
There have been a large set of methods developed to address this scenario, both when the
attribute is known [153, 134, 154, 155, 156, 157], and unknown [158, 159, 160, 161].

However, subpopulations may also be defined using only the label. This setting cor-
responds to class-imbalanced learning, which has also been well studied with extensive
proposed methods [22, 3, 71, 72, 104, 162, 163, 164].

Finally, when subpopulations are defined based on a particular attribute (e.g., demo-
graphic group) [165, 166], the objective of maximizing performance for the worst-case
group then becomes identical to minimax fairness [167, 168].

In this chapter, we present a unified framework of subpopulation shift across these

aforementioned scenarios.

Distribution Shift Benchmarks. There have been few prior works which benchmark the
performance of subpopulation shift methods. [142] proposed the WILDS benchmark for
domain generalization and subpopulation shift, though they only evaluated four methods
over five datasets. [169] and [133] proposed the NICO++ and DomainBed benchmarks re-
spectively for domain generalization, and we adapt elements of their benchmark into our
subpopulation shift evaluation. [150] proposed the BREEDS benchmark, which consists
of multiple datasets constructed from ImageNet [170] using the WordNet hierarchy [171],
aiming to evaluate generalization across unseen attributes. Finally, [172] conducted a sim-
ilar analysis in the general distribution shift setting on four synthetic and two real-world
datasets.

Our work differs from these prior works by evaluating a much larger set of algorithms
that span different categories on many more real-world datasets. We further define, dis-

sect and quantify the type and degree of shift components in each dataset, and relate it to
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Table 5-1: Formulation summary of basic types of subpopulation shift under our

framework.
Subpopulation Shift Type Attribute Bias Class Bias Impact on Classification Model
Spurious Correlations (SC) Prrain (@Y, Xcore) > Pirain (@] Xcore) _ ﬂ”yéz\;{)(::;) >1 = P(ylx) 1t

DPrest(ay Xcore) = Prest(@[Xcore)

Attribute Imbalance (Al) DPrain(a]Y, Xcore) > Ptrain (@' [y, Xcore) _

a' |y Xeore) /
Sl = P(y]Xcores @) > P(y|Xcore, @
Drest(aly, Xcore) = Prest(a[Y/, Xcore) B cor) b/ Xcore, @) (b/Xcore, @)

v _ —
Class Imbalance (CI) - p;m(g, = 1’3 > 17::[(‘9{7 ui’)) P(y) > Py') = Pylx) > P(y'|x)
est(Y = ) = prest(¥ =

Prrain (A]Y, Xeore) = 0, Ya € Aunseen

Unconstrained Generalize to Aunseen
Prest(aly, Xeore) > 0,Va € A

Attribute Generalization (AG)

the performance of each method. In addition, we analyze important yet overlooked fac-
tors such as model selection criteria and metrics to evaluate against, and reveal intriguing

properties in subpopulation shift.

B 5.2 Unified Framework of Subpopulation Shift

Problem Setup. In the general subpopulation shift setting, given input x € X and label
y € ), the goalis tolearn f : X — ). In addition, there exist attributes a1, ..., a;, ..., am, a; €
A;, which may or may not be available when learning f. Then, discrete subpopulations
can be defined based on the attribute and label, by some function h : A x Y — G.

Let ¢(y, f(x)) — R be a loss function. Consider the source distribution where (x,y)
are drawn as a mixture of group-wise distributions: Py, = ) 9€G agPy, where a € Aig).
Further, consider some target distribution which is not observed: Py, = 9€G Bg Py, where

B € Ag|- The objective of subpopulation shift is to find [134]:

f* =argmin sup E(x,y)wpm [e(y, f(x))].
BEA|g|

This objective is equivalent to minimizing risk for the worst-case group [134], i.e.,
‘. .
f* = argminmax By, [y, £(x)))

B 5.2.1 A Generic Framework for Subpopulation Shift

As motivated earlier, both attribute a and label y can have specific skewed distributions,
resulting in distinct types of subpopulation shift. To this end, we propose to decompose

the effect of a and y given a multi-group dataset, and characterize general subpopulation
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shift into several basic shift components for fine-grained interpretation.

Specifically, we view each input x as being fully described or generated from a set
of underlying core features X.ore (representing the label) and a list of attributes a [173,
174]. Here, Xcore denotes the underlying invariant components that are label-specific and
support robust classification, whereas attributes a may have inconsistent distributions and
are not label-specific. Such modeling helps us disentangle the attributes and examine how
they affect the classification results P(y|x). Following Bayes’ theorem, we can rewrite the

classification model as:

P = o B)

IED(Xcorea a’y)

IP)(Xcorea a) ( )
P(Xcore|y) P )
_ (,‘X relY) ) (a]y Xcore) IP’(y), (51)
P(Xcore) P(a’XCOI’e) N~
~~ class
PMI attribute

where the first term in Eqn. (5.1) represents the pointwise mutual information (PMI) be-
tween Xcore and y, the second term corresponds to the potential bias arising in the attribute
distribution, and the third term explains the potential bias arising in the class (label) dis-
tribution. Given invariant X..re between training and testing distributions, we can ignore
changes in first term (which is a robust indicator), and focus on how the second and third
term, i.e., the attribute and class, influence the outcomes under subpopulation shift.
More formally, assuming the mutual independence and conditional independence across

different attributes a; [172], we can further decompose the attribute term into a fine-grained

version:
]P)<a’y7xcore) N P(ai’yaxcore)

: 5.2
P(a’Xcore) P(ai |Xcore) ( )

a;€a
where each a; corresponds to an attribute. Note that for benign attributes that are inde-
pendent of y (i.e., a; 1L y,Va; € apenign), we have P(a;|y, Xcore) = P(a;[Xcore), indicating that
the attribute term in Eqn. (5.2) is only driven by biased attributes that are label-dependent.

Using the formulation of “attribute-class” decomposition, we can intuitively explain
when do common subpopulation shifts happen, and how they affect the classification re-

sults.
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Table 5-2: Overview of the datasets for evaluating subpopulation shift. Detailed
statistics and example data are provided in Appendix D.1.

Dataset Data type #Attr.  #Classes #Trainset # Val.set # Test set Max group Min group %
Waterbirds Image 2 2 4795 1199 5794 3498 (73.0%) 56 (1.2%) v v v
CelebA Image 2 2 162770 19867 19962 71629 (44.0%) 1387 (0.9%) v v
MetaShift Image 2 2 2276 349 874 789 (34.7%) 196 (8.6%) v

ImageNetBG Image N/A 9 183006 7200 4050 N/A N/A v
NICO++ Image 6 60 62657 8726 17483 811 (1.3%) 0(0.0%) v v v
Livingl7 Image N/A 17 39780 4420 1700 N/A N/A v
MultiNLI Text 2 3 206175 82462 123712 67376 (32.7%) 1521 (0.7%) v
CivilComments Text 8 2 148304 24278 71854 31282 (21.1%) 1003 (0.7%) v v
MIMICNotes Clinical text 2 2 16149 3229 6460 8359 (51.8%) 676 (4.2%) v
MIMIC-CXR Chest X-rays 6 2 303591 17859 35717 68575 (22.6%) 7846 (2.6%) v

CheXpert Chest X-rays 6 2 167093 22280 33419 51606 (30.9%) 506 (0.3%) v v
CXRMultisite Chest X-rays 2 2 338134 19891 39781 299089 (88.5%) 574 (0.2%) v v v

B 5.2.2 Characterizing Basic Types of Subpopulation Shift

We formally define and characterize four basic types of subpopulation shift using our
framework: spurious correlations, attribute imbalance, class imbalance, and attribute general-
ization (see Table 5-1). In practice, we note that dataset often consists of multiple types
of shift instead of one. The four cases constitute the basic shift units, and are important

elements to explain complex subgroup shifts in real data.

Spurious Correlations (SC). Spurious correlations happen when certain a is spuriously
correlated with y in training but not in test data. Under our framework, it implies that
Dtrain (@]Y, Xcore) > Ptrain (@|Xcore ), Which is not true of prest. As a result, it introduces bias to
the attribute term, which induces higher prediction confidence for certain label once given

its spuriously correlated attribute (details in Table 5-1).

Attribute Imbalance (AI). Attributes often incur biased distributions in the wild. In our
framework, it happens when certain attributes are sampled with a much smaller proba-
bility than others in pain, but not in peest. To disentangle the effect of labels, we assume
no class bias under this basic shift. As such, it again affects the attribute term in Eqn. (5.1)
where Pirain (a|Y, Xcore) > Prain (@Y, Xcore ), causing lower prediction confidence for under-

represented attributes.

Class Imbalance (CI). Similarly, class labels can exhibit imbalanced distributions, caus-
ing lower preference for minority labels. Within our framework, CI can be explained by

biasing the class term in piain, leading to higher prediction confidence for majority classes.
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Attribute Generalization (AG). Certain attributes can be totally missing in pirain, but present
in prest, Which motivates the need for attribute generalization. In our framework, this trans-
lates tO Pirain(a]y, Xcore) = 0,a € A" yet we have prest(a|y, Xcore) > 0. AG requires
learning robust xcore in order to generalize across unseen attributes, which is harder but

more ubiquitous in real data [150].

B 5.3 Benchmarking Subpopulation Shift

Datasets. We explore subpopulation shift using 12 real-world datasets from a variety of
modalities and tasks. First, for vision datasets, we use Waterbirds [175] and CelebA [176],
which are commonly used in the spurious correlation literature [158]. Similarly, we use the
MetaShift cats vs. dogs dataset [177]. We further convert the ImageNet backgrounds chal-
lenge (ImageNetBG) [178], the NICO++ [169] benchmark, and the Living17 dataset from the
BREEDS benchmark [150] for subpopulation shift. Further, for language understanding
datasets, we leverage CivilComments [179] and MultiNLI [180], which are commonly used
text datasets in subpopulation shift. Finally, we curate 4 datasets in the medical domain.
We construct MIMIC-CXR [181] and CheXpert [182] to predict the presence of any pathology
from a chest X-ray. We also construct MIMICNotes for mortality classification from clinical
notes [183]. Finally, we follow a recent work in evaluating subgroup shift and construct
the CXRMultisite dataset [184]. Table 5-2 reports the details of each dataset. We leave full

information and descriptions for each of the datasets in Appendix D.1.1.

Algorithms. We evaluate 20 algorithms that span a broad range of learning strategies and
categories, and relate their performance to different shifts defined in our framework. We
believe this is the first work to comprehensively evaluate a large set of diverse algorithms
in subpopulation shift. Concretely, these algorithms cover the following areas: (1) vanilla:
ERM [127], (2) subgroup robust methods: GroupDRO [134], CVaRDRO [185], LfF [186],
JTT [158], LISA [153], DFR [154], (3) data augmentation: Mixup [187], (4) domain-invariant
feature learning: IRM [66], CORAL [111], MMD [137], (5) imbalanced learning: ReSample
[188], ReWeight [188], Focal [99], CBLoss [72], LDAM [71], BSoftmax [100], CRT [82],
ReWeightCRT [82]. Our framework can be easily extended to include new algorithms.

We provide detailed descriptions for each algorithm in Appendix D.1.2.

Evaluation Metrics. Existing works on subpopulation shift mainly report worst-group ac-
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curacy (WGA) as the gold-standard. While WGA faithfully assesses worst-group perfor-
mance, other important metrics (e.g., worst-case precision, calibration error, etc.) are also
essential especially when involving subpopulation shift. Therefore, in our benchmark we
include a variety of metrics aiming for a thorough evaluation from different aspects. In
particular, besides Avg Accuracy and Worst Accuracy, we further include Avg Precision,
Worst Precision, Avg F1-score, Worst Fl-score, (Class-)Balanced Accuracy, Adjusted Ac-
curacy (accuracy on a group-balanced dataset), and expected calibration error (ECE) [189].

Detailed summaries of all metrics are in Appendix D.1.3.

Attribute Availability. Whether attribute is known in both (1) training set and (2) validation
set has long been a vital factor for almost all subgroup algorithms [154]. Specifically, classic
methods (e.g., GroupDRO) assume access to attributes during training to define meaning-
ful groups. Recently, a number of methods (e.g., JTT, LfF, DFR) try to improve worst-group
accuracy without knowing the training attributes. Nevertheless, current approaches still
require access to group-annotated validation set for model selection and hyperparameter
tuning [160].

We systematically investigate this phenomenon by considering three settings in our
benchmark: (1) attributes are known in both training & validation, (2) attributes are unknown in
training, but known in validation, and (3) attributes are unknown in both training & validation.
Note that when training attributes are unknown, methods that operate over subgroups de-
generate to operate over classes. Without further specification, we report results under the
third setting, which is the hardest but the most realistic one. We include full results across

all settings in Appendix D.4.

Model Selection. As mentioned earlier, model selection becomes essential when attributes
are completely unknown. Significant drop (over 20%) in worst-group test accuracy has
been observed if using the highest average validation accuracy as the model selection crite-
rion without any group annotations [160]. To this end, we provide a rigorous analysis on
different model selection strategies, especially when attributes are fully unknown. Further

details are provided in Appendix D.1.4.

Implementation. For a fair evaluation, following [133], for each algorithm we conduct
a random search of 16 trials over a joint distribution of all hyperparameters (details are

provided in Appendix D.2). We then use the validation set to select the best hyperparame-
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Figure 5-1: Quantification of the degree of different shifts over all datasets. Addi-
tional metrics are provided in Appendix D.3.1.

ters for each algorithm, fix them and rerun the experiments under three different random
seeds to report the final average results with standard deviation. Such process ensures the

comparison is best-versus-best, and the hyperparameters are optimized for all algorithms.

B 5.4 A Fine-Grained Analysis

B 5.4.1 Quantifying Subpopulation Shift

In order to quantify the degree of each shift for each dataset relative to others, we use
several simple metrics. For spurious correlations, we use the normalized mutual information
between A and Y, where norm I(A;Y) = 1 means that the two are perfectly correlated:

norm [(A4;Y) = %.

For attribute and class imbalance, we use the normalized entropy, where norm H(Y) =1

_ _ HY)
= log [supp(Y)["

For attribute generalization, we simply examine whether there exist any subpopulations

indicates that the distribution is uniform (i.e., no imbalance): norm H(Y)

in the test set which do not appear during training via an indicator function (see Fig. 5-1).
We provide several additional metrics in Appendix D.3.1.

We find that different datasets exhibit very different types of shift, and the degrees also
greatly vary (Fig. 5-1). To further study how algorithms perform across various types of

shift, we categorize each dataset into its most dominant shift type.
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Figure 5-2: Worst-group improvements over ERM across different datasets when
attributes are unknown in both training and validation set. SOTA algorithms only
enhance subgroup robustness on certain types of shift (i.e., SC and CI). Complete
results are in Appendix D.3.2.

B 5.4.2 Performance across Different Types of Shift

As described earlier, we run experiments for all algorithms, datasets, and attribute avail-
ability settings. We use worst-group accuracy as the model selection criterion, and provide
analysis for other metrics in Appendix D.3.3. When attributes are unknown in the val-
idation set, this criterion degenerates to worst-class accuracy. Interestingly, we discover
that this simple method is surprisingly effective (related results in Sec. 5.4.4). In total, we
trained over 10,000 models.

We study model performance over different shifts. Specifically, we report results when
attributes are unknown in both training and validation. Results for other settings are in Ap-
pendix D.3.2. We present main results in Fig. 5-2 and Table 5-3, where we make intriguing

observations as follows.

SOTA algorithms only improve subgroup robustness on certain types of shift, but not
others. As Fig. 5-2 illustrates, for spurious correlations and class imbalance, existing algo-
rithms can provide consistent worst-group gains over ERM even in the absence of vali-
dation attributes, indicating that progress has been made for tackling these two specific
shifts. Interestingly however, when it comes to attribute imbalance, little improvement is
observed across datasets. In addition, the performance becomes even worse for attribute
generalization. These findings stress that current advances are only made for specific shifts
(i.e., SC and CI), while no progress has been made for the more challenging shifts such as

AG.

Methods that decouple representation and classifier are more effective. When further

zoom into the performance across all datasets in Table 5-3, a set of methods that decou-
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Table 5-3: Results on all tested subpopulation benchmarks, when attributes are un-
known in both training and validation set. Full results for each dataset and other
settings are in Appendix D.4. Methods that re-train classifier using a two-stage strat-
egy are marked in gray .

Algorithm Waterbirds CelebA CivilComments MultiNLI MetaShift ImageNetBG NICO++ MIMIC-CXR MIMICNotes CXRMultisite CheXpert Livingl7 Avg

ERM 69.1+4.7  57.6 £0.8 63.2+1.2 66.4+2.3 821408 76.8 £0.9 35041  68.6 +0.2 80.4 +0.2 50.1 +0.9 417 £34  27.7 +11 | 59.9
Mixup 77.5 +0.7 57.8 +0.8 65.8 +1.5 66.8 +0.3 79.0 +0.8 76.9 +0.7 30.0 +4.1  66.8 +0.6 81.6 +0.6 50.1 +0.9 374 +35 29.8+1.8 | 60.0
GroupDRO 731404 683 +0.9 61.5+1.8 64.1+08  83.1+0.7 76.4+02 31109 674405 83.7 +0.1 59.2 0.3 74.7 £0.3  31.1+1.0 | 64.5
CVaRDRO 75.5 +2.2 60.2 +3.0 62.9 +3.8 482 +3.4 83.5 +0.5 74.8 +0.8 278 423  68.0 +0.2 65.6 £1.5 50.2 +0.9 502 4+1.8 273 +16 | 57.8
JTIT 712405 483 +15 51.0 +4.2 65.1+1.6  82.6 +0.4 77.0 0.4  30.6+2.3 649 +0.3 83.8 £0.1 57.9 £2.1 60.4 +4.8 283 +1.1 | 60.1
LfF 75.0+0.7  53.0 +4.3 422 472 573457 723413 70.1+1.4 288420 622424 84.0 +0.1 50.1 +0.9 13.7 498 264 +1.3 | 52.9
LISA 775407 57.8 0.8 65.8 1.5 66.8+£0.3  79.0 408 769 +0.7  30.0+4.1  66.8 +06 81.6 0.6 50.1 £0.9 374435 29.8+1.8 | 60.0
ReSample 700 £1.0 74122 61.0 +£0.6 66.8 £0.5  81.0 +1.7 777 +11  30.6+23 67.5403 82.6 0.6 55.0 0.2 743 404 314406 | 643
ReWeight 719 +0.6  69.6 £0.2 59.3 +1.1 64.2+1.9  83.1+0.7 76.8 £0.9  25.0+00 67.04+0.4 84.0 +0.1 61.4 +1.3 73.7 +1.0  27.7 +1.1 | 63.6
SqrtReWeight ~ 71.0 £1.4  66.9 2.2 68.6 £1.1 63.8+24 826404 76.8 £0.9 32835 68.0+0.4 83.1+0.2 61.2 0.6 685+1.6 27.7+1.1 | 64.2
CBLoss 744 +1.2 65.4 +1.4 67.3 +0.2 63.6 +2.4 83.1 +0.0 76.8 +0.9 31.7 3.6  67.6 +0.3 84.0 +0.1 50.2 +0.9 74.0 +0.7  27.7 +1.1 | 63.8
Focal 71.6 £0.8  56.9 3.4 619 +1.1 624420 81.0+04 719 12  30.6+2.3 68.7 +04 70.9 9.8 50.0 +0.9 421440 269 +06 | 57.9
LDAM 70.9 +1.7 57.0 +4.1 28.4 +7.7 65.5 +0.8 83.6 +0.4 76.7 +0.5 31.7 3.6  66.6 £0.6 81.0 +0.3 50.1 +0.9 36.0 +0.7  24.3 +0.8 | 56.0
BSoftmax 741409  69.6 £1.2 583 +1.1 63.6+2.4  82.6+04 76.1+20 35618 67.6+06 83.8 +0.3 58.6 +1.8 738 +1.0 28.6+1.4 | 64.4
DFR 89.0+0.2  73.7 £0.8 64.4 +0.1 63.8+£0.0 814401 744 +18 380438 671404 80.2 +0.0 60.8 +0.4 758 £0.3  26.3 £0.4 | 66.2
CRT 76.3 £0.8  69.6 £0.7 67.8 +£0.3 65.4+02  83.1+0.0 782405  333+00 68.140.1 83.4 +0.0 61.8 +0.1 74.6 +0.4  31.1 +0.1 | 66.1
ReWeightCRT ~ 76.3 +0.2  70.7 £0.6 64.7 £0.2 652402 851404 77507 33300 67.9+0.1 83.4 +0.0 53.1+2.3 75.1+02 33.1+01 | 654

ple the training of representation and classifier [154, 82] achieve remarkable gains over
all other algorithms (highlighted in gray). As prior works also confirmed [154], features
learned by ERM seem to be good enough under spurious correlations. These findings in-
spire us to further understand the role of representation and classifier in subpopulation shift,

especially their behaviors under different subgroup shifts.

B 5.4.3 The Role of Representation and Classifier

We are motivated to explore the role of representation and classifier in subpopulation shift.
In particular, we separate the whole network into two parts: the feature extractor and the
classifier. We then employ three training strategies for representation and classifier learn-
ing, respectively: (1) uniform, which follows the normal ERM training; (2) balanced sampling,
where balanced samples are drawn from each group (class if attribute not available) dur-
ing training, and (3) re-weighting, where we re-weight all the samples by the inverse of
the sample size of their groups (classes). Note that classifier re-balancing resembles CRT
[82] and DFR [154]. We train models following the above settings across all datasets, and

average the results over datasets according to the type of shift.

Representation & classifier quality play different roles under different shifts. As Fig. 5-3
reveals, for SC and CI, balanced classifier learning (i.e., both re-sampling and re-weighting)
can substantially improve the performance when fixing the representation, whereas differ-
ent representation learning schemes do not lead to notable gains when fixing the classifier

learning manner. Interestingly, for Al, balancing the classifier does not lead to better per-



80 CHAPTER 5. A CLOSER LOOK AT SUBPOPULATION SHIFT

Spurious Correlations Attribute Imbalance Class Imbalance Attribute Generalization

36.90 35.70 3500 Mohe O

35.10 34.70 35.10

Avg. Acc. (1)

‘‘‘‘‘

- 69.80 77.00 76.30 66.40 66.40 66.40 44.70 53.40 54.20

- 68.30 67.00 67.00 66.90 41.60

]
Representation Learning

bal. weight  bal. sampling  uniform
Representation Learning

bal. weight  bal. sampling  uniform

>

g

>
Representation Learning

bal. weight bal. sampling  uniform

- 68.40 67.40 67.40 67.60 42.10 54.50 55.10 35.40 35.20

Representation Learning
bal. weight bal. sampling  uniform

uniform  bal. sampling _ bal. weight
Classifier Learning

. -664 .
uniform  bal. sampling bal. weight uniform  bal. sampling bal. weight uniform  bal. sampling bal. weight
Classifier Learning Classifier Learning Classifier Learning

Figure 5-3: Averaged worst-group accuracy of different manners for representation
learning and classifier learning under different shifts. Within each shift type, we
average the results across datasets that belong to this shift to report the final accuracy.
As observed, balanced classifier learning substantially improves the results for SC
and CI, while balanced representation learning gives reasonable gains for Al Yet, no
stratified learning manners lead to performance gains under AG compared to vanilla
ERM. Experimental details are in Section 5.4.3.

Table 5-4: Relative improvements over ERM when using stratified balanced repre-
sentation or classifier learning under different shifts.

SC Al CI AG
REPRESENTATION -0.3 +1.1 -0.2 -0.4
CLASSIFIER +8.1 +0.0 +11.9 -04

formance, while balanced representation schemes can bring notable gains.

ERM features are not sufficient for subpopulation shift. Unlike recent works that claim
ERM features are sufficient for out-of-distribution generalization [190, 154], our above in-
triguing findings suggest that features learned via ERM may only be good enough for
certain shifts. Concretely, improving the feature extractor still leads to notable gains espe-
cially for Al The results in turn well explain the performance differences in Fig. 5-2, that
SOTA algorithms with two-stage training do not improve worst-case accuracy under Al

or AG.

Stratified balanced learning does not outperform ERM under AG. Finally, no stratified
learning manners lead to performance gains under AG. As Table 5-4 summarizes, both
stratified representation and classifier learning manners even exhibit negative gains for
datasets that require AG. This reveals the intrinsic limitation of SOTA algorithms [154]

against diverse types of subpopulation shift.
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Figure 5-4: Averaged worst-group accuracy of various algorithms under different
model selection and attribute availability settings.

Table 5-5: Test-set worst-group accuracy difference (%) between each selection strat-
egy on each dataset, relative to the oracle which selects the best worst-group accu-
racy. Complete results across all datasets and all selection strategies are provided in

Appendix D.3.3.
Selection Strategy CelebA CheXpert  CivilComments  MIMIC-CXR  MIMICNotes MetaShift Avg
Max Worst-Class Accuracy -5.0 £6.3 -0.4 +0.8 -3.245.2 -0.9 £1.0 -0.1 +0.5 -1.5 £3.0 -1.8
Max Balanced Accuracy -4.4 +54 -1.3 +25 -3.5+58 2.9 +4.9 2.3 462 -1.7 3.0 2.7
Min Class Accuracy Diff -6.1 +9.1 -1.9 453 -4.1 480 -1.9 +5.0 -0.3 +1.2 22446 27
Max Worst-Class F1 -13.4 +10.4 -5.4 +6.7 -3.2 3.8 -2.5+422 -4.4 487 -1.8 +3.3 -5.1
Max Overall AUROC -12.2 103 -10.4 +13.0 -8.2 £9.0 -6.6 £9.9 -10.0 +16.5 -3.2+7.0 -8.4
Max Overall Accuracy -18.6 £12.0  -30.9 £24.9 -13.7 +9.5 -5.146.3 -19.9 +26.0 -1.9 433 | -15.0

B 5.4.4 On Model Selection and Attribute Availability

Model selection (e.g., choice of hyperparameters, training checkpoints) and attribute avail-
ability affect subpopulation shift evaluation considerably, especially given that almost all
SOTA algorithms need access to a group-annotated validation set for model selection [160].
We study this problem in-depth, where we follow three settings mentioned earlier (i.e., the

availability of both training and validation attributes), and summarize the results in Fig. 5-4.

The importance of training attribute availability relies on algorithm properties. As
Fig. 5-4 verifies, when training attribute is available, it can greatly boost the performance of
algorithms that need group information (e.g., GroupDRO), while it does not bring benefits
for attribute-agnostic methods (e.g., ERM, JTT).

Validation attribute may not be necessary once you have a good selection metric. We
further investigate the performance without validation attributes. It is widely known that
SOTA subpopulation shift methods rely on group labels for validation. Surprisingly how-
ever, we observe a relatively small accuracy drop over all methods when using a simple

worst-class accuracy (degenerated from worst-group as attributes are unknown in validation)
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as selection metric. Specifically, comparing the last two bars across all methods in Fig. 5-
4, the average accuracy drop is less than merely 2%. This striking finding contrasts with
the literature, where large degradation (over 20%) is observed when using average accu-
racy as the metric without validation attributes. This suggests that if carefully choosing a
metric for model selection, we can achieve minimal worst-group accuracy loss even in the

absence of any attribute information.

Simple selection criterion using worst-class accuracy is surprisingly effective even with-
out validation attribute. We examine different strategies for choosing when to stop during
model training when no attribute annotations are available in both training and validation.
We select six representative datasets and six representative selection strategies, respec-
tively (full results across all datasets and all selection strategies are in Appendix D.3.3).
For each model, we utilize each stopping criterion over the validation set metrics com-
puted throughout training, to determine its corresponding stopping point. We evaluate
a variety of selection criteria in this way for a large variety of methods trained on each
dataset. We compare each strategy with the oracle selection criteria, summarizing our re-
sults in Table 5-5. We observe that simply stopping when the worst-class accuracy reaches
a maxima achieves the best worst-group accuracy on average. As expected, any selection

criterion based on overall performance (e.g., accuracy, AUROC) performs much worse.

B 54.5 Metrics Beyond Worst-Group Accuracy

Worst-group accuracy (WGA) has long been treated as the gold-standard for assessing the
model performance in subpopulation shift. Recent studies also discovered that WGA and
model average performance are linearly correlated, a phenomenon called “Accuracy on the
line” [191, 154]. However, WGA essentially assesses the worst-case (top-1) recall condi-
tioned on attribute [3], which does not reflect other important metrics such as worst-case
precision and calibration error. Whether models with high WGA will also perform better
across these metrics remains unknown. Therefore, we further examine the relationship

between WGA and other evaluation metrics that proposed in our benchmark.

Intrinsic tradeoff: Accuracy can be on the inverse line. Interestingly, we observe that
not all metrics are positively correlated with WGA. In particular, we show scatter plots of
WGA vs. other metrics for representative datasets. As Fig. 5-5(a) confirms, adjusted ac-

curacy is linearly correlated with WGA, which is well aligned with existing observations
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(a) Accuracy on the line: Adjusted accuracy is positively correlated with WGA.
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(b) Accuracy on the inverse line: Worst-case precision is negatively correlated with WGA.

Figure 5-5: Fundamental tradeoff between WGA and other evaluation metrics.
Complete results for all metrics are in Appendix D.3.4.

[154]. Interestingly however, for worst-case precision, the positive correlation does not hold
anymore; instead, we observe a strong negative linear correlation, indicating an intrinsic
tradeoff between WGA and worst-case precision. We show in Appendix D.3.4 that many
metrics also possess such “accuracy on the inverse line” property, further verifying the in-

herent tradeoff between testing metrics.

Fundamental limitations of WGA as the only metric. The above observations highlight
the complex relationship between WGA and other metrics: Certain metrics display high
positive correlation, while many others show the opposite case. This finding uncovers the
fundamental limitation of using only WGA to assess model performance in subpopulation
shift: A well performed model with high WGA can however have low worst-case preci-
sion, which is alarming especially in critical applications such as medical diagnosis (e.g.,
CheXpert). Our observations emphasize the need for more realistic evaluation metrics in

subpopulation shift.

B 5.4.6 Further Analysis

Impact of model architecture (Appendix D.3.5). We study the effect of different model
architectures on subpopulation shift across various datasets and modalities. In particular,

we employ ResNets and vision transformers (ViTs) for the image modality, and five dif-
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ferent transformer-based language models for the text modality. We observe that on text
datasets, base BERT models are already competitive over other architecture variants (Ta-
ble D-8). Yet, the results on image datasets are mixed when comparing the worst-group

performance for ResNets and ViTs (Tables D-9 and D-10).

Impact of pretraining methods (Appendix D.3.5). We investigate how different pretrain-
ing methods affect the model performance under subpopulation shift. We consider both
supervised and self-supervised pretraining using various SOTA methods. Similar to previ-
ous findings [154], we observe that supervised pretraining outperforms self-supervised
counterparts for most of the experiments. The results may also suggest that better self-

supervised schemes could be developed for tackling subgroup shifts.

Impact of pretraining datasets (Appendix D.3.5). Finally, we investigate whether increas-
ing the pretraining dataset size could lead to better subgroup performance. We leverage
ImageNet-21K [192] and SWAG [193] in addition to the default ImageNet-1K. Interest-
ingly, we find consistent and significant worst-group performance gains when going from
ImageNet-1K to ImageNet-21K to SWAG, indicating that larger and more diverse pretrain-

ing datasets seem to increase worst-group performance.

B 5.5 Limitations and Broader Impacts

Limitations. We acknowledge several limitations of our benchmark and analyses. First,
we have used 12 real-world predictive datasets in our benchmark. However, real-world
data can have many complexities including potential mislabelling in both attributes and
labels. We do not consider this effect, though it would be interesting to examine it in a
synthetic setting. Moreover, prior work has shown that in the case of multiple spurious at-
tributes, reducing reliance on one can increase reliance on another [194]. We only consider
a single attribute in this benchmark, though an evaluation of this effect in the context of

model selection criteria would be an interesting direction of future research.

Potential Negative Impacts. There are several potential negative social impacts of our
work. First, we assume throughout the work that we would like to have models that
are robust to subpopulation shift. However, in practice, this comes at the cost of overall
accuracy on the training distribution. There may be cases where the practitioner would like

to maximize overall accuracy regardless of spurious correlations, and thus subpopulation
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shift methods would worsen overall performance and potentially cause excess harm. Next,
we recognize that the large grid of deep models trained for our evaluations likely resulted
in a significant carbon footprint [195]. However, we hope that the insights provided in
this chapter will reduce the number of models and training steps (and therefore carbon
emissions) required by future practitioners. Finally, we have constructed several models
in this chapter that utilize clinical data for clinical predictive tasks. We do not advocate
for blind deployment of these models in any way, as there are many issues that need to be
verified and resolved before their deployment, such as real-world clinical testing, privacy,

fairness, interpretability, and regulatory requirements [196, 197].

B 5.6 Summary

In this chapter, we systematically study the subpopulation shift problem, formalize a uni-
tied framework to define and quantify different types of subpopulation shift, and fur-
ther set up a comprehensive benchmark for realistic evaluation. Our benchmark includes
20 SOTA methods and 12 real-world datasets across different domains. Based on over
10K trained models, we reveal several intriguing properties in subpopulation shift that
have implications for future research, including divergent performance on different shifts,
model selection criteria, and metrics to evaluate against. We hope our benchmark and
findings will promote realistic and rigorous evaluations and inspire new advances in sub-

population shift.
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Applications: Extending Healthcare
Beyond Clinics



CHAPTER 6

Artificial Intelligence-Enabled
Detection and Assessment of
Parkinson’s Disease using Nocturnal

Breathing Signals

Parkinson’s disease (PD) is the fastest-growing neurological disease in the world [27]. Over
one million people are living with PD in the US as of 2020 [28], resulting in an economic
burden of $52 billion per year [29]. Today, no drugs can reverse or stop the progression
caused by the disease [10]. A key difficulty in PD drug development and disease manage-
ment is the lack of effective diagnostic biomarkers [198]. The disease is typically diagnosed
based on clinical symptoms, mainly related to motor functions such as tremor and rigid-
ity [199]. However, motor symptoms tend to appear several years after the onset of the
disease, leading to late diagnosis [10]. Thus, there is a strong need for novel diagnostic
biomarkers, particularly ones that can detect the disease at an early stage.

There are also no effective progression biomarkers for tracking the severity of the dis-
ease over time [198]. Today, assessment of PD progression relies on patient self-reporting
or qualitative rating by a clinician [200]. Typically, clinicians use a questionnaire called
the Movement Disorder Society Unified Parkinson’s Disease Rating Scale (MDS-UPDRS)

[201]. The MDS-UPDRS is semi-subjective and does not have enough sensitivity to capture
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small changes in patient status [202, 203, 204]. As a result, PD clinical trials need to last
multiple years before changes in MDS-UPDRS can be reported with sufficient statistical
confidence [202, 205], which increases cost and delays progress [206].

The literature has investigated a few potential PD biomarkers, among which cere-
brospinal fluid [207, 208], blood biochemical [209], and neuroimaging [210] have good
accuracy. However, these biomarkers are costly, invasive, and require access to special-
ized medical centers, and as a result are not suitable for frequent testing to provide early
diagnosis or continuous tracking of disease progression.

In this chapter, we present a novel Al-based system that detects PD, predicts disease
severity, and tracks disease progression over time using nocturnal breathing. Our system
delivers a diagnostic and progression digital biomarker that is objective, non-obtrusive,
low-cost, and can be measured repeatedly in the patient’s home. A relationship between
PD and breathing was noted as early as 1817, in the work of Dr. James Parkinson [211].
This link was further strengthened in later work which reported degeneration in areas
in the brainstem that control breathing19 [212], weakness of respiratory muscle function
[213], and sleep breathing disorders [214, 215, 216, 217]. Further, these respiratory symp-
toms often manifest years before clinical motor symptoms [213, 216, 218], which indicates
that the breathing attributes could be promising for risk assessment prior to clinical diag-
nosis.

The Al-based system is illustrated in Fig. 6-1. It takes as input one night of breath-
ing signals, which can be collected using a breathing belt worn on the person’s chest or
abdomen [30]. Alternatively, the breathing signals can be collected without wearable de-
vices by transmitting a low power radio signal and analyzing its reflections off the person’s
body [219, 220, 6]. The nocturnal breathing is passed as input to our neural network, which
analyses it to produce two outputs: (1) it predicts whether the person has PD, and (2) it
estimates the severity of PD in terms of the MDS-UPDRS. The neural network leverages
transfer learning and multi-task learning (details in Sec. 6.2). Transfer learning allows
the model to transfer knowledge across different data types (i.e., breathing-belt data and
radio-based data). Multi-task learning addresses the limited supervision of PD labels (only
one bit for a full-night of nocturnal breathing). Specifically, the model is made to learn the
auxiliary task of predicting the person’s quantitative electroencephalogram (qEEG) from

nocturnal breathing, which prevents the model from overfitting and helps interpreting the
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Figure 6-1: Overview of the AI model for PD diagnosis and disease severity pre-
diction from nocturnal breathing signals. The system extracts nocturnal breathing
signals either from a breathing belt worn by the subject, or from radio signals that
bounce off their body while asleep. It processes the breathing signals using a neural
network to infer whether the person has PD, and if they do, assess the severity of their
PD in accordance with the MDS-UPDRS.
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model’s output (as explained in Sec. 6.3).

The resulting biomarker is noninvasive and can be collected in the person’s home.
The measurements can be repeated longitudinally to track changes in disease severity,
and hence disease progression. Further, by using a contactless wireless sensor to extract
breathing, the measurements can be collected passively and continuously without effort

from patients or caregivers.

B 6.1 Datasets

We use a large and diverse dataset created by pulling multiple datasets from several sources
including Mayo Clinic, MGH sleep lab, observational PD clinical trials sponsored by the
Michael J. Fox Foundation (MJFF) and the NIH Udall Center, an observational study con-
ducted by MIT, and public sleep datasets from the National Sleep Research Resource such
as the Sleep Heart Health Study (SHHS) [30] and the MrOS Sleep Study (MrOS) [221]. The
combined dataset contains 11,964 nights with over 120,000 hours of nocturnal breathing
signals from 757 PD subjects (mean (SD) age 69.1 (10.4), 27% women) and 6,914 control
subjects (mean (SD) age 66.2 (18.3), 30% women). Fig. 6-2 summarizes the datasets.
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Figure 6-2: Characteristics of the datasets used in this study. PSG refers to
polysomnography; hyphens indicate fields with unavailable data; N/A indicates
fields for which the data are inapplicable.

The data is divided to two groups: the breathing belt datasets and the wireless datasets.
The first group comes from polysomnography (PSG) sleep studies and uses a breathing
belt to record the person’s breathing throughout the night. The second group collects noc-
turnal breathing in a contactless manner using a radio device [219]. The radio sensor is
deployed in the person’s bedroom, and analyzes the radio reflections from the environ-
ment to extract the person’s breathing signal [220, 6]. The breathing belt datasets have
only one or two nights per person and lack MDS-UPDRS and H&Y scores. In contrast, the
wireless datasets include longitudinal data for up to one year and MDS-UPDRS and H&Y
scores, allowing us to validate the model’s predictions of PD severity and its progression.
Since some individuals in the wireless datasets are fairly young (e.g., in their 20’s or 30’s),
when testing on the wireless data, we limit ourselves to the PD patients and their age-

matched control subjects (i.e., 10 control subjects from the Udall and MJFF studies and 18
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age and gender-matched subjects from the MIT and MGH studies for a total of 28 control
individuals). Control subjects missing MDS-UPDRS or H&Y scores receive the mean value

for the control group.

B 6.1.1 Data Pre-Processing

The datasets are divided into two groups. The first group comes from polysomnography
(PSG) sleep studies. Such studies use a breathing belt to record the subject’s breathing
signals throughout the night. They also include EEG and sleep data. The PSG datasets
are the Sleep Heart Health Study (SHHS) [30] (n=2,630 nights from 2,630 subjects), the
MrOS Sleep Study (MrOS) [221] (n=3,883 nights from 2,875 subjects), and the MGH sleep
dataset (n=223 nights from 155 subjects). Further, an external PSG dataset from Mayo
Clinic (n=1,920 nights from 1,920 subjects) is held back during the Al model development,
and serves as an independent test set. The second group of datasets collects nocturnal
breathing in a contactless manner using a radio device developed by our team at MIT
[219]. The data is collected by installing a low-power radio sensor in the subject’s bedroom,
and analyzing the radio reflections from the environment to extract the subject’s breathing
signal as described in our prior work [220, 6]. This group includes the Michael J. Fox
dataset (n=526 nights from 15 subjects), the Udall dataset (n=1,734 nights from 20 subjects)
and the MIT dataset (n=1,048 nights from 56 subjects). The wireless datasets have multiple
nights per subject and information about PD severity such as the MDS-UPDRS and/or the
Hoehn and Yahr stage [222].

We process the data to filter out nights shorter than 2 hours. We also filter out nights
where the breathing signal is distorted or non-existent, which occurs when the person
does not wear the breathing belt properly for breathing belt data, and when a source of
interference (e.g., fans or pets) exists near the subject for wireless data. We normalize the
breathing signal from each night by clipping values larger than a particular range (we use
[—6, +6]), subtracting the mean of the signal, and dividing by the standard deviation. The
resulting breathing signal is a 1-D time series z € R'*/T, with a sampling frequency f; of
10 Hz, and a length of 7" seconds.

We use the following variables to determine whether a participant has PD: “Drugs Used

77

To Treat Parkinson’s” for SHHS, and “Has a doctor or other health care provider ever told you that

you had Parkinson’s disease?” for MrOS. The other datasets explicitly report whether the
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person has PD, and for those who do have PD, they provide their MDS-UPDRS and H&Y
stage.

In the experiments involving distinguishing Parkinson’s from Alzheimer’s disease (AD),
we use the following variables to identify AD patients: “Acetylcholine Esterase Inhibitors For
Alzheimer’s” for SHHS, and “Has a doctor or other health care provider ever told you that you

had dementia or Alzheimer’s disease?” for MrOS.

B 6.2 Methods

B 6.2.1 Training and Testing Protocols

Subjects used in training the neural network were not used for testing. We performed
k-fold cross-validation (k=4) for PD detection, and leave-one-out validation for severity
prediction. We also assessed cross-institution prediction by training and testing the model
on data from different medical centers. Furthermore, data from Mayo Clinic was kept as

external data, never seen during development or validation, and used only for a final test.

B 6.2.2 Sensing Breathing using Radio Signals

By capturing breathing signals using radio signals, our system can run in a completely
contactless manner. To do so, we leverage past work on extracting breathing signals from
radio frequency (RF) signals that bounce off people’s bodies. The RF data is collected
using a multi-antenna Frequency-Modulated Continuous Waves (FMCW) radio, which is
commonly used in passive health monitoring [220, 6]. The radio sweeps the frequencies
from 5.4 GHz to 7.2 GHz and transmits at sub-milliwatt power in accordance with FCC
regulations, and captures the reflections from the environment. The radio reflections are
processed to infer the subject’s breathing signals. Past work shows that respiration sig-
nals extracted in this manner are highly accurate, even when multiple people sleep in the
same bed [220, 219]. In this chapter, we extract the participant’s breathing signal from the
RF signal using the method developed by [220, 6], which has been shown to work well
even in the presence of bed partners, producing an average correlation 0.914 with an FDA-
approved breathing belt on the person’s chest. We have further confirmed their accuracy
results in a diverse population by collecting wireless signals and breathing belt data from

326 subjects attending the MGH sleep lab, and running the above method to extract breath-
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ing signals from RF signals. The RF-based breathing signals have an average correlation

of 0.91 with the signals from a breathing belt on the subject’s chest.

B 6.2.3 The Al-Based Model

We use a neural network to predict whether a subject has PD, and the severity of their
PD in terms of the MDS-UPDRS. The neural network takes as input a night of nocturnal
breathing. The neural network consists of a breathing encoder, a PD encoder, a PD classi-

tier and a PD severity predictor.

¢ Breathing Encoder: We first use a breathing encoder to capture the temporal information
in breathing signals. The encoder E(-) uses eight layers of 1-D bottleneck residual blocks
[64], followed by three layers of simple recurrent units (SRU) [223].

¢ PD Encoder: We then use a PD encoder to aggregate the temporal breathing features into
a global feature representation. The PD encoder G(-) is a self-attention network [64].
It feeds the breathing features into two convolution layers with a stride of 1 followed
by a normalization layer to generate the attention scores for each breathing feature. It
then calculates the time average of the breathing features weighted by the corresponding
attention scores as the global PD feature G(FE(z)) € R¥!, where d is the fixed dimension

of the global feature.

* PD Classifier: The PD classifier M (-) is composed of three fully-connected layers and
one sigmoid layer. The classifier outputs the PD diagnosis score M (G(E(x)), which is a

number between 0 and 1. The person is considered to have PD if the score exceeds 0.5.

e PD Severity Predictor: The PD severity predictor N(-) is composed of four fully con-
nected layers. It outputs the PD severity estimation N(G(E(z)), which is an estimate of
the subject’s MDS-UPDRS score.

Multi-task Learning. To tackle the sparse supervision from PD labels (i.e., only one label
for ~10 hours of nocturnal breathing signals), we introduce an auxiliary task of predicting
a summary of the patient’s quantitative electroencephalogram (qQEEG) during sleep. The
auxiliary task provides additional labels (from the qEEG signal), which help regularize the

model during training. We chose qEEG prediction as our auxiliary task because EEG is
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related to both PD [224, 225] and breathing [226]. Further, the datasets collected during
sleep studies have EEG signals, making the labels accessible.

To generate the qEEG label, we first transform the ground-truth time series EEG signals
into the frequency domain using the short-time Fourier transform (STFT) and the Welch’s
periodogram method [227]. We extract the time series EEG signals from the C4-M1 chan-
nel, which is commonly used and available in sleep studies [30, 221]. We then decompose
the EEG spectrogram into the Delta (0.5-4 Hz), Theta (4-8 Hz), Alpha (8-13 Hz), and Beta
(13-30 Hz) bands [225, 224, 228], and normalize the power to obtain the relative power in

each band every second.

* qEEG Predictor: The qEEG predictor F'(-) takes as input the encoded breathing signals,
and predicts the relative power in each EEG band at that time. It consists of three layers
of 1-D deconvolution blocks, which up-sample the extracted breathing features to the
same time resolution as the qEEG signal, and two fully connected layers. Each 1-D de-
convolution block contains three deconvolution layers followed by batch normalization,
ReLU activation, and a residual connection. We also use a skip connection by concate-
nating the output of SRU layers in the breathing encoder to the deconvolution layers in
the qEEG predictor, which follows the UNet structure [64, 229]. The predicted qEEG is
F(E(x)).

Transfer Learning. Our model leverages transfer learning to enable a unified model that
works with both a breathing belt and a contactless radio sensor of breathing signals, and

transfers the knowledge between different datasets.

* Domain-Invariant Transfer Learning. Note that our breathing signals are extracted
from both breathing belts and wireless signals. There could exist a domain gap between
these two data types, which makes jointly learning both of them less effective. To deal
with this issue, we adversarially train the breathing encoder to ensure that the latent rep-
resentation is domain invariant [230]. Specifically, we introduce a discriminator Dpp(-)
that differentiates features of breathing belt from features of wireless signals, for PD pa-
tients. We then add an adversarial loss to the Breathing Encoder that makes the features
indistinguishable by Dpp(-). Similarly, we introduce a second discriminator D¢ ontroi(+)

with a corresponding adversarial loss for control subjects. We use two discriminators
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because the ratio of PD to control individuals is widely different between the wireless
datasets and the breathing belt datasets (59% of the wireless data is from individuals
with PD, whereas less than 2% of the breathing belt data comes from individuals with
PD). If one uses a single discriminator, the discriminator may end up eliminating some
features related to PD as it tries to eliminate the domain gap between the wireless dataset

and the breathing-belt dataset.

¢ Transductive Consistency Regularization. For PD severity prediction (i.e., predicting
the MDS-UPDRS), since we have multiple nights for each subject, the final PD severity
prediction for each subject can further leverage the information that PD severity does not
change over a short period (e.g., one month). Therefore, the prediction for one subject
across different nights should be consistent, i.e., the PD severity prediction for different
nights should be the same. To enforce this consistency, we add a consistency loss on the

predictions of different nights (samples) for the same subject.

Distribution Calibration. Since the percentage of individuals with PD is quite different
between the wireless data and breathing belt data, we further calibrate the output prob-
ability of the PD classifier M (-) to ensure that all data types have the same threshold for
PD diagnosis (i.e., 0.5). Specifically, during training, we randomly split training samples
into four subsets of equal size, and we use three of them for training, and the remaining
one for calibration. We apply Platt Scaling [231] to calibrate the predicted probability for
PD diagnosis. After training a model using three subsets, we use the remaining calibration
subset to learn two scalars A, B € R and calibrate the model output by y. = c(Ay + B),
where ¥ is the original model output, ¥. is the calibrated result, and o(-) is a sigmoid func-
tion [232]. The cross-entropy loss between y. and y is minimized in the calibration subset.
This process is repeated four times, with each subset used once for calibration, leading to

four calibrated models. Our final model is the average ensemble of these models.

Training Details. At each epoch, we randomly sampled a full-night nocturnal breathing
signal as a mini-batch of the input. The total loss in general contains a weighted cross-
entropy loss of PD classification, a weighted regression loss of MDS-UPDRS regression, an
Ly loss of qEEG prediction, a discriminator loss of which domain the input comes from,
and a transductive consistency loss of minimizing the difference of the severity prediction

across all nights from the same subject. For each specific input nocturnal breathing sig-
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nal, its total loss depends on the existing labels for this night. If one kind of label is not
available, the corresponding loss term is excluded from the total loss. During training, the
weights of the model are randomly initialized, and we use Adam optimizer [64] with a
learning rate of le-4. The neural network model is trained on multiple NVIDIA TITAN Xp

graphical processing units using the PyTorch deep learning library.

B 6.2.4 Statistical Analysis

PD Diagnosis and PD Severity Prediction. Intraclass correlation coefficient (ICC) was
used to assess test-retest reliability for both PD diagnosis and PD severity prediction. To
evaluate PD severity prediction, we assessed the correlation between our model predic-
tions (median value from all nights used) and clinical PD outcome measures (MDS-UPDRS
total score) at the baseline visit using a Pearson correlation. We further compared the ag-
gregated mean values among groups with different Hoehn and Yahr stages using Kruskal-

Wallis test (a« = 0.05).

Risk Assessments Prior to Clinical Diagnosis. In addition, we assessed the capability of
our Al-based system to identify high-risk individuals prior to actual diagnosis. For PD
diagnosis, we compared the aggregated predictions between the prodromal group and
the control group using one-tailed Wilcoxon rank-sum test (« = 0.05). For PD severity
prediction, we again used one-tailed Wilcoxon rank-sum test (o = 0.05) to assess the PD

severity prediction between the prodromal group and the control group.

Longitudinal Disease Progression Analysis. We evaluated the Al model predictions on
the disease severity across longitudinal data. To assess the disease progression over one
year, we aggregated the one-year MDS-UPDRS change values over all patients, and used
one-tailed one-sample Wilcoxon signed-rank test (v = 0.05) to assess the significance of
6-month and 12-month MDS-UPDRS change for both clinician assessment and our model
prediction. For continuous severity prediction across one year, we further compared the
aggregated model predictions with an interval length of one month using Kruskal-Wallis

test (« = 0.05).

qEEG and Sleep Statistics Comparison Between PD and Control Subjects. Finally, we
assessed the distribution difference between control and PD subjects using aggregate at-

tention score associated with different EEG bands and sleep status. To do so, we used a
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one-tailed Wilcoxon rank-sum test (o = 0.05) for statistical analysis between the PD group
and the control group.
All statistical analyses were performed with Python version 3.7 (Python Software Foun-

dation) and R version 3.6 (R Foundation).

B 6.2.5 Evaluation Methods

To evaluate the performance of PD severity prediction, we use the Pearson correlation. To
evaluate the performance of PD classification, we use sensitivity, specificity, receiver oper-
ating characteristic (ROC) curves, and area under the ROC curve (AUC). When reporting
the sensitivity and specificity, we use a classification threshold of 0.5 for both data from
breathing belt, and data from wireless signals. We follow standard procedures to calculate
the 95% confidence interval for sensitivity and specificity [233].

We also evaluate the test-retest reliability. This is a common test for identifying the
lower bound on the amount of data aggregation necessary to achieve a desirable statistical
confidence in the repeatability of the result. The test-retest reliability is evaluated using the
intraclass correlation coefficient (ICC) [234]. To compute the ICC, we divide the longitudi-
nal data into time windows. We use the month immediately after the baseline visit. Using
more than a month of data is undesirable since a key requirement for test-retest reliability
analysis is that for each patient, the disease severity and symptoms have not changed dur-
ing the period included in the analysis. We choose one month because this period is short
enough to assume that the disease has not changed, and long enough to analyze various

time windows for assessing reliability. From that period, we include all available nights.

B 6.3 Results

B 6.3.1 Evaluation of Parkinson’s Disease Diagnosis

We evaluate the accuracy of diagnosing PD from one night of nocturnal breathing. Fig. 6-3a
and 6-3b show the receiver operating characteristic (ROC) curves for data from breathing
belt and data from wireless signals, respectively. The AI model detects PD with high accu-
racy. For nights measured using a breathing belt, the model achieves an AUC of 0.889 with
a sensitivity of 80.22% (95% CI [70.28%, 87.55%]) and specificity of 78.62% (95% CI [77.59%,

79.61%]). For nights measured using wireless signals, the model achieves an AUC of 0.906
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Figure 6-3: PD diagnosis from nocturnal breathing signals. a, b, Receiver operating
characteristic (ROC) curves for detecting PD from breathing belt data (n=6,660 nights
from 5,652 subjects) and wireless data (n=2,601 nights from 53 subjects) respectively.
¢, Test-retest reliability of PD diagnosis as a function of the number of nights used by
the Al model. The test was performed on one month of data from each subject in the
wireless dataset (n=53 subjects). The dots and the shadow denote the mean and 95%
CI, respectively. The model achieved a reliability of 0.95 (95% CI [0.92, 0.97]) with 12
nights of data. d, e, Distribution of PD prediction scores for subjects with multiple
nights (n1=1,263 nights from 25 PD subjects and n2=1,338 nights from 28 age- and
gender-matched controls). The graphs show a boxplot of the prediction scores as a
function of the subject ids. f, ROC curves for detecting PD on an external test set
from Mayo Clinic (n=1,920 nights from 1,920 subjects). The model has an AUC of
0.851 with a sensitivity of 80.12% and specificity of 72.65%. g, h, Cross-institution PD
prediction performance. In this analysis, all data from one institution was held back
as test data, and the Al model was retrained excluding all data from that institution.
Cross-institution prediction achieved an AUC of 0.857 with a sensitivity of 76.92% and
specificity of 83.45% on SHHS, and an AUC of 0.874 with a sensitivity of 82.69% and
specificity of 75.72% on MrOS.
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with a sensitivity of 86.23% (95% CI [84.08%, 88.13%]) and specificity of 82.83% (95% CI
[79.94%, 85.40%]).

We further investigate whether the accuracy improves by combining multiple nights
from the same individual. We use the wireless datasets since they have multiple nights
per subject (mean (SD) 61.3 (42.5)), and compute the model prediction score for all nights.
The PD prediction score is a continuous number between 0 and 1, where the subject is
considered to have PD if the score exceeds 0.5. We use the median PD score for each subject
as the final diagnosis result. As Fig. 6-3d and 6-3e show, with multiple nights considered
for each subject, both sensitivity and specificity of PD diagnosis further increase to 100%
for the PD and control subjects in this cohort.

Next, we compute the number of nights needed to achieve a high test-retest reliabil-
ity31. We use the wireless datasets, and compute the test-retest reliability by averaging
the prediction across consecutive nights within a time window. The results show that the
reliability improves when we use multiple nights from the same subject, and reaches 0.95

(95% CI[0.92, 0.97]) with only 12 nights (Fig. 6-3c).

B 6.3.2 Generalization to External Test Cohort

To assess the generalizability of our model across different institutions with different data
collection protocols and patient populations, we validated our Al model on an external test
dataset (n=1,920 nights from 1,920 subjects out of which 644 have PD) from an independent
hospital not involved during model development (Mayo Clinic). Our model achieved
an AUC of 0.851 (Fig. 6-3f). The performance indicates that our model can generalize to
diverse data sources from institutions not encountered during training.

We also examined the cross-institution prediction performance by testing the model on
data from one institution, but training it on data from the other institutions excluding the
test institution. For breathing belt data, and as highlighted in Fig. 6-3g and 6-3h, the model
achieved a cross-institution AUC of 0.857 on SHHS and 0.874 on MrOS. For wireless data,
the cross-institution performance was 0.892 on MJFF, 0.884 on Udall, 0.974 on MGH, and
0.916 on MIT. These results show that the model is highly accurate on data from institutions
it never seen during training. Hence, the accuracy is not due to leveraging institution

related information, or misattribution of institution-related information to the disease.
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Figure 6-4: PD severity prediction from nocturnal breathing signals. a, The Pearson
correlation coefficient of the model with MDS-UPDRS is R = 0.94 (p = 3.6e-25, two-
sided t-test). The center line and the shadow denote the mean and 95% CI, respec-
tively. b, Severity prediction distribution of the model with respect to the Hoehn and
Yahr stage; a higher Hoehn and Yahr stage indicates increased PD severity (p = 5.6e-
08, Kruskal-Wallis test). On each box, the central line indicates the median, and the
bottom and top edges of the box indicate the 25th and 75th percentiles, respectively.
The whiskers extend to 1.5 times the interquartile range. ¢, Test-retest reliability of PD
severity prediction as a function of the number of nights per subject. The dots and the
shadow denote the mean and 95% CI, respectively. The model achieved a reliability
of 0.97 (95% CI [0.95, 0.98]) with 12 nights of data. d-g, Correlations of the AI model
predictions with different sub-parts of MDS-UPDRS (Part I: R = 0.84, p = 2e-15; Part
II: R=0.91, p =2.9e-21; Part III: R = 0.93, p = 7.1e-24; Part IV: R = 0.52, p = 7.6e-05; all
using two-sided t-test). The center line and the shadow denote the mean and 95% CI,
respectively. Data in all panels is from the wireless dataset (n=53 subjects).

B 6.3.3 Evaluation of Parkinson’s Disease Severity Prediction

Today the MDS-UPDRS is the most common method for evaluating PD severity, with
higher scores indicating more severe impairment. Evaluating MDS-UPDRS requires ef-
fort from both patients and clinicians: patients are asked to visit the clinic in-person and
evaluations are performed by trained clinicians who categorize symptoms based on quasi-
subjective criteria [202].

We evaluate the ability of our model to produce a PD severity score that correlates well

with the MDS-UPDRS simply by analyzing the patients” nocturnal breathing at home. We
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use the wireless dataset where MDS-UPDRS assessment is available, and each subject has
multiple nights of measurements (n=53 subjects, 25 PD subjects with a total of 1,263 nights
and 28 controls with a total of 1,338 nights). We compare the MDS-UPDRS at baseline with
the model’s median prediction computed over the nights from the one-month period fol-
lowing the subject’s baseline visit. Fig. 6-4a shows strong correlation between the model’s
severity prediction and the MDS-UPDRS (R = 0.94, p = 3.6e-25), providing evidence that
the Al model can capture PD disease severity.

We also study the feasibility of predicting each of the four sub-parts of MDS-UPDRS
(i.e., predicting subparts I, II, III, and IV). This is done by replacing the module for pre-
dicting the total MDS-UPDRS by a module that focuses on the sub-part of interest, while
keeping all the other components of the neural network unmodified. Fig. 6-4d-g show the
correlation between the model’s prediction and the different sub-parts of MDS-UPDRS.
We observe a strong correlation between the model’s predictions and Part I (R = 0.84, p
= 2e-15), Part II (R = 0.91, p = 2.9e-21), and Part III (R = 0.93, p = 7.1e-24) scores. This
indicates that the model captures both non-motor (e.g., Part I), and motor symptoms (e.g.,
Part II and III) of PD. The model’s prediction has mild correlation with Part IV (R = 0.52,
p = 7.6e-05). This may be caused by the large overlap between PD and control subjects in
Part IV scores (i.e., most of the PD patients and control subjects in the studied population
have a score of 0 for Part IV).

We also compare our model’s severity prediction with the Hoehn and Yahr (H&Y) stage
[222], another standard for PD severity estimation. The H&Y stage uses a categorical scale,
where a higher stage indicates worse severity. Again, we use the Udall and the MJFF
datasets since they report the H&Y scores and have multiple nights per subject. Fig. 6-4b
shows that even though the model is not trained using H&Y, it can reliably differentiate
patients in terms of their H&Y stages (p = 5.6e-08, Kruskal-Wallis test).

Finally, we compute the test-retest reliability of PD severity prediction on the same
datasets in Fig. 6-4c. Our model provides consistent and reliable predictions for assessing

PD severity with its reliability reaching 0.97 (95% CI [0.95, 0.98]) with 12 nights per subject.

B 6.3.4 PD Risk Assessment

Since breathing and sleep are impacted early in the development of PD [216, 10, 218], we

anticipate that our AI model can potentially recognize individuals with PD before their
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Figure 6-5: Model evaluation for PD risk assessment prior to actual diagnosis, and
disease progression tracking using longitudinal data. a, The model prediction scores
for the prodromal PD group (i.e., undiagnosed individuals that eventually were diag-
nosed with PD) and the age- and gender-matched control group (p = 4.27e-06, one-
tailed Wilcoxon rank-sum test). b, ¢, The Al model assessment of the change in MDS-
UPDRS over 6-month and 12-month periods (p = 0.024 for 6 months, p = 0.006 for
12 months, one-tailed one-sample Wilcoxon signed-rank test) and the clinician assess-
ment of the change in MDS-UPDRS over the same periods (p =0.983 for 6 months, p =
0.748 for 12 months, one-tailed one-sample Wilcoxon signed-rank test). d, Continuous
severity prediction across one year for the patient with maximum MDS-UPDRS in-
crease (p = 2.9e-06, Kruskal-Wallis test; n=365 nights from 09/01/2019 to 10/31/2020).
For each box in all sub-figures, the central line indicates the median, and the bottom
and top edges of the box indicate the 25th and 75th percentiles, respectively. The
whiskers extend to 1.5 times the interquartile range.

actual diagnosis. To evaluate this capability, we leverage the MrOS dataset [221], which
includes breathing and PD diagnosis from two different visits, separated by approximately
6 years. We consider subjects who were diagnosed with Parkinson’s by their second visit,
but had no such diagnosis by their first visit, and refer to them as the “prodromal PD

group” (n=12). To select the “control group”, we sample subjects from the MrOS dataset



6.3. RESULTS 103

who did not have a PD diagnosis in the first visit nor in the second visit, occurring six years
later. For each of the subject in the prodromal group, we sample up to 40 control subjects
that are age and gender matched, resulting in 476 qualified control subjects. We evaluate
our model on breathing data from the first visit when neither the prodromal group nor
the control group had a PD diagnosis. Fig. 6-5a shows that the model gives the prodromal
group (i.e., subjects eventually diagnosed with PD) much higher PD scores than the control
group (p = 4.27e-06, one-tailed Wilcoxon rank-sum test). Indeed, the model predicts 75%

of them as individuals with PD prior to their reported PD diagnosis.

B 6.3.5 PD Disease Progression

Today, assessment of PD progression relies on MDS-UPDRS, which is semi-subjective and
does not have enough sensitivity to capture small, progressive changes in patient status
[202, 203]. As a result, PD clinical trials need to last for multiple years before changes in
MDS-UPDRS can be reported with sufficient statistical confidence [202, 205], which creates
a great challenge for drug development. A progression marker that captures statistically
significant changes in disease status over short intervals can shorten PD clinical trials.

We evaluate disease progression tracking on data from the Udall study, which includes
longitudinal data from participants with PD 6 months (n=13) and 12 months (n=12) into
the study. For those individuals, we assess their disease progression using two methods.
In the first method, we use the difference in the clinician-scored MDS-UPDRS at baseline
and at month 6, or month 12. In the second method, we use the change in their pre-
dicted MDS-UPDRS over 6 months, or 12 months. To compute the change in the predicted
MDS-UPDRS, we take the data from the one month following the baseline and compute its
median MDS-UPDRS prediction, and take the month following the month-6 visit and com-
pute its median MDS-UPDRS prediction. We then subtract the median at month 6 from
the median at baseline. We repeat the same procedure for computing the prediction differ-
ence between month 12 and baseline. We plot the results in Fig. 6-5b and 6-5c. The results
show both the 6-month and one-year changes in MDS-UPDRS as scored by a clinician are
not statistically significant (6-month p = 0.983, 12-month p = 0.748, one-tailed one-sample
Wilcoxon signed-rank test), which is consistent with prior observations [202, 203, 205]. In
contrast, the model’s estimates of changes in MDS-UPDRS over the same periods are statis-

tically significant (6-month p = 0.024, 12-month p = 0.006, one-tailed one-sample Wilcoxon
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Figure 6-6: Performance of the AI model on differentiating subjects with Parkin-
son’s disease (PD) from subjects with Alzheimer’s disease (AD). a, The model’s
output scores differentiate PD subjects from AD subjects (p = 3.52e-16, one-tailed
Wilcoxon rank-sum test). b, Receiver operating characteristic (ROC) curves for de-
tecting PD subjects against AD subjects (n=148). The model achieves high AUC for
differentiating PD from AD (AUC = 0.895).

signed-rank test).

To provide more insight, we examine continuous severity tracking over one year for
the patient in our cohort who exhibited the maximum increase in MDS-UPDRS over this
period (Fig. 6-5d). The results show that the Al model can achieve statistical significance
in tracking disease progression in this patient from one month to the next (p = 2.9e-06,
Kruskal-Wallis test). The figure also shows that the clinician-scored MDS-UPDRS is noisy;
the MDS-UPDRS at month-6 is lower than at baseline, though PD is a progressive disease
and the severity should be monotonically increasing.

Finally, we note that the above results persist if one controls for changes in symptomatic
therapy. Specifically, we repeated the above analysis while limiting it to patients who had
no change in symptomatic therapy. The changes in the model-predicted MDS-UPDRS
are statistically significant (6-month p = 0.049, 12-month p = 0.032, one-tailed one-sample
Wilcoxon signed-rank test), whereas the changes in the clinician-scored MDS-UPDRS are
statistically insignificant (6-month p = 0.894, 12-month p = 0.819, one-tailed one-sample

Wilcoxon signed-rank test).

B 6.3.6 Distinguish Parkinson’s Disease from Alzheimer’s Disease

We additionally test the model’s ability to distinguish between PD and Alzheimer’s dis-

ease (AD), the two most common neurodegenerative diseases. To evaluate this capability,
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Figure 6-7: Interpretation of the output of the AI model with respect to EEG and
sleep status. a, b, Attention scores were aggregated according to sleep status and EEG
bands for PD patients (n=736 nights from 732 subjects) and controls (n=7,844 nights
from 6,840 subjects). Attention scores were normalized across EEG bands or sleep
status. a, Attention scores for different EEG bands between PD patients and control
individuals (Delta band p = 3.57e-273, Theta band p = 1.28e-49, Alpha band p = 1.84e-
287, Beta band p = 2.79e-275, one-tailed Wilcoxon rank-sum test). b, Attention scores
for different sleep status between PD patients and control individuals (sleep onset p =
1.39e-234, awake period p = 4.89e-282, light sleep p = 2.74e-160, deep sleep p = 7.04e-
163, one-tailed Wilcoxon rank-sum test). On each box in all sub-figures, the central
line indicates the median, and the bottom and top edges of the box indicate the 25th
and 75th percentiles, respectively. The whiskers extend to 1.5 times the interquartile
range.

we leverage the SHHS [30] and MrOS [221] datasets, which contain subjects identified with

AD (details in Sec. 6.2). In total, 99 subjects are identified with AD, and 9 of them also re-

ported to have PD. We exclude subjects with both AD and PD, and evaluate our model’s

ability to distinguish the PD group (n=57) from the AD group (n=91). Fig. 6-6 shows that

the model achieves an AUC of 0.895 with a sensitivity of 80.70% and specificity of 78.02%

in differentiating PD from AD, and reliably distinguish PD from AD subjects (p = 3.52e-16,

one-tailed Wilcoxon rank-sum test).
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B 6.3.7 Model Interpretability

Our AI model employs a self-attention module [64], which scores each interval of data
according to its contribution to making a PD or Non-PD prediction. Since the SHHS and
MrQOS datasets include EEG signals and sleep stages throughout the night, we can analyze
the breathing periods with high attention scores, and the corresponding sleep stages and
EEG bands. Such analysis allows for interpreting and explaining the results of the model.

The analysis shows that the model’s attention focuses on periods with relatively high
qEEG Delta activity for control individuals, while focusing on periods with high activities
in Beta and other bands for PD patients (Fig. 6-7a). Interestingly, these differences are
aligned with prior work which observed that PD patients have reduced power in Delta
band and increased power in Beta and other EEG bands during non-REM sleep [235, 14].
Further, comparing the model’s attention to the person’s sleep stages shows that the model
recognizes control subjects by focusing on their light/deep sleep periods, while attending
more to sleep onset and awakenings in PD patients (Fig. 6-7b). This is consistent with the
medical literature which reports that PD patients have significantly less light and deep
sleep, and more interruptions and wakeups during sleep [235, 236], and the EEG in PD
patients during sleep onset and awake periods show abnormalities in comparisons with

non-PD individuals [224, 225, 228].

B 6.4 Discussion

This chapter provides evidence that Al can identify people who have Parkinson’s disease
from their nocturnal breathing and accurately assess their disease severity and progres-
sion. Importantly, we were able to validate our findings in an independent external PD co-
hort. The results show the potential of a new digital biomarker for PD. This biomarker has
multiple desirable properties. It operates both as a diagnostic and progression biomarker.
It is objective and does not suffer from the subjectivity of either patient or clinician. It is
noninvasive and easy to measure in the person’s own home. Further, by using wireless
signals to monitor breathing, the measurements can be collected every night in a touchless
manner.

Our results have multiple implications. First, our approach has the potential of reduc-

ing the cost and duration of PD clinical trials, and hence facilitating drug development.
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The average cost and time of PD drug development are approximately $1.3 billion and 13
years, which limits the interest of many pharmaceutical companies in pursuing new thera-
pies for PD [206]. PD is a slowly progressing disease, and the current methods for tracking
disease progression are insensitive and cannot capture small changes [202, 203, 205, 206].
Hence, they require several years to detect progression [202, 203, 205, 206]. In contrast, our
Al-based biomarker has shown potential evidence of increased sensitivity to progressive
changes in PD. This can help shorten clinical trials, reduce cost, and speed up progress.
Our approach can also improve patient recruitment and reduce churn because the mea-
surements can be collected at home with no overhead to patients.

Second, today, about 40% of individuals with PD do not receive care from a PD special-
ist [237]. This is because PD specialists are concentrated in medical centers in urban areas,
while patients are spread geographically, and have problems traveling to such centers due
to old age, and limited mobility. By providing an easy and passive approach for assessing
disease severity at home and tracking changes in patient status, our system can reduce the
need for clinic visits and help extend care to patients in underserved communities.

Third, our system could also help in early detection of PD. Today’s diagnosis of PD is
based on the presence of clinical motor symptoms [199], which are estimated to develop
after 50-80% of dopaminergic neurons have already degenerated [238]. Our system shows
initial evidence that it could potentially provide risk assessment prior to clinical motor
symptom.

We envision that the system could eventually be deployed in the homes of PD patients
and individuals at high risk for PD (e.g., those with LRRK2 gene mutation) to passively
monitor their status and provide feedback to their provider. If the model detects severity
escalation in PD patients, or conversion to PD in high-risk individuals, the clinician could
follow up with the patient to confirm the results either via telehealth or a visit to the clinic.
Future research is required to establish the feasibility of such use pattern, and the potential
impact on clinical practice.

Our study also has some limitations. PD is a non-homogeneous disease with many
subtypes [239]. We did not explore subtypes of PD and whether our system works equally
well with all subtypes. Another limitation of the chapter is that both the progression analy-
sis and preclinical diagnosis are validated in a small number of participants. Future studies

with larger populations are required to further confirm those results. Also, while we have
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confirmed that our system could separate PD from AD, we did not investigate the ability
of our model to separate PD from broader neurological diseases. Further, while we have
tested the model across institutions and using independent datasets, further studies can
expand the diversity of datasets and institutions. Additionally, our empirical results high-
light a strong connection between PD and breathing and confirm past work on the topic;
however, the mechanisms that lead to the development and progression of respiratory
symptoms in PD are only partially understood and require more studies.

Finally, our work shows that advances in Al can support medicine by addressing
important unsolved challenges in neuroscience research and allowing for the develop-
ment of novel biomarkers. While the medical literature has reported several PD respi-
ratory symptoms, such as weakness of respiratory muscles [213], sleep breathing disor-
ders [214, 215, 216, 217], and degeneration in the brain areas that control breathing [212],
without our Al-based model, no physician today can detect PD or assess its severity from
breathing. This shows that Al can provide new clinical insights that otherwise may be

inaccessible.



CHAPTER 7
In-Home Monitoring of Sleep Posture

with Wireless Signals

Each of us has our favorite sleep postures: sleeping on the right side, left side, facing
up, or facing down. Significant clinical research has shown that sleep posture is a valu-
able marker of disease progression, and has a significant impact on health. For instance,
patients with Parkinson’s disease often suffer from loss of axial movement; and less fre-
quent nocturnal turnovers and longer periods spent recumbent or supine (i.e., facing up)
are associated with deterioration in the condition of Parkinson’s patients [240]. Similarly,
infrequent changes in sleep posture can lead to pressure ulcers in the elderly and post-
surgery patients [241]. Studies have also demonstrated that sleeping in a supine position
can reduce back pain since it is the position in which the muscles have the least amount of
work to do to maintain one’s posture against the force of gravity [242]. In contrast, if one
has obstructive sleep apnea (OSA), the supine position becomes the worst posture because
it imposes unfavorable airway geometry and reduces lung volume. Studies have shown
that more than half of all OSA cases can be classified as supine related [243, 244]. Improper
sleep posture can even be fatal — sleeping on the stomach can boost the risk of sudden in-
fant death syndrome (SIDS) [245] and sudden death in epilepsy patients [246, 11]. These
examples highlight the importance of continuous and fully automatic sleep posture mon-
itoring. Such monitoring can provide doctors with information to better manage patient

conditions; it can also provide people themselves information to adjust their posture and
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Figure 7-1: BodyCompass in one of our deployments. The white box mounted on
the wall is the radio. It uploads the RF signals to the cloud where the model processes
them to extract sleep posture.

reduce their health risks.

Unfortunately, today, there is no good way to provide such sleep posture monitor-
ing. Doctors typically resort to asking patients about their sleep posture, an error-prone
mechanism since people routinely, and unknowingly, change their postures while sleep-
ing. Automated monitoring systems primarily fall into two categories. The first category
is vision-based. These methods use a camera to monitor the user’s sleep, then extract
postures from recorded videos with a machine learning system. Deploying cameras in
people’s bedrooms, however, is privacy-intrusive. Furthermore, cameras have difficulties
tracking body posture if the person is covered or lighting is bad, both of which are typical
scenarios when sleeping. The second category uses various kinds of on-bed sensors. Such
methods require the user to fix the sensor to the surface of the mattress, which can affect
sleep comfort.

Ideally, one desires a system that is non-contact, non-intrusive, and works even in dark
scenarios typical of sleeping conditions. In this chapter, we present BodyCompass, an RF-
based system for sleep posture monitoring. BodyCompass analyzes the reflections of RF
signals to infer subjects’ sleep postures. It does so without requiring users to wear or be in
contact with any sensors. It is not invasive of privacy, and can also work in the dark. Unlike
much previous work, BodyCompass has also been demonstrated to work in the wild - with
real subjects sleeping in their own homes, and can generalize to new environments with

minimal additional training. Fig. 7-1 shows BodyCompass deployed in the home of one of
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our users.

But how can one extract the sleep posture from radio signals? Our idea is to use the
multipath effect, a known phenomenon in RF communication systems that refers to the
fact that RF signals bounce off different objects and obstacles in the environment and reach
the receiver through multiple paths. Past work has shown that the human body acts as a
reflector in the low-GHz frequencies, commonly used in commodity radios [247]. As the
RF signal is incident upon the human body; it reflects from the body based on the body
orientation and bounces off the surrounding objects and walls creating a multipath signa-
ture indicative of the body posture. Our objective is to learn an inverse map that receives
the reflected multipath profile and attempts to infer the body posture. A key challenge in
delivering this idea is that the RF signal bounces off many objects in the environment, not
just the human body. Only a subset of the signal path involves reflections from the human
body, and hence is relevant to the sleep posture. Thus, one has to extract only the RF reflec-
tions that bounced off the human body either directly or indirectly in order to determine
the sleep posture.

To address this challenge, we leverage past work that shows how to extract a person’s
breathing from RF signals. Our intuition is that all paths that bounce off a person’s trunk
(e.g. chest and belly) during their sleep are modulated by the person’s breathing, and
hence we can use this property to disentangle these reflections from the rest of the reflec-
tions. Specifically, we use standard techniques to separate signals along different paths
(FMCW and angle of arrival [248]), and correlate these separated signals individually with
the subject’s breathing signal to identify the specific signals corresponding to the person in
bed. We further design a neural network model that takes this breathing filtered multipath
profile, and predicts the sleep posture of the person.

A key question with such a system is how well the neural network model works with
different people and in different homes. While RF reflections and the multipath effect
naturally depend on the environment, one would hope that with proper design, the model
would be able to transfer some of the knowledge across environments. Such a model
would learn the underlying features that identify each sleep posture, and tune them to a
new environment with a small amount of additional labeled data from that environment.
To address this issue, we design our model to be easily transferable. Specifically, given a

set of source domains i.e., a number of people and their sleep postures in the training set,
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and a target domain i.e., a new person in his own home, the model can use a small amount
of labeled data (16 minutes to one night) from the new home to optimize its performance
for this new environment.

Our model delivers high accuracy. Specifically, our basic sleep posture model using
multipath, when trained and tested on the same person and home, achieves an accuracy
of 94.1%. The transfer learning model to a new person and a new home has an accuracy
of 86.7% with one night of labeled data, and 83.7% with a labeled dataset comprising 8
examples, where in each example, the person lies down in one of his typical sleep postures
for a duration of 2 minutes.

To summarize, this chapter makes the following contributions: (i) We present Body-
Compeass, the first RF-based system that provides accurate sleep posture monitoring in
users” own homes. It achieves high accuracy without sacrificing privacy and sleep com-
fort. (ii) BodyCompass can transfer its model to new homes and users with very little
additional training data. (iii) We implement and evaluate BodyCompass extensively in
real world settings using data from 26 homes with 26 different subjects and more than 200

nights of sleep.

B 7.1 Related Work

Past work on sleep posture monitoring can be divided into two major categories: 1) sys-

tems with on-body sensors, and 2) non-contact monitoring systems.

(a) On-body Solutions: On-body sensors can monitor sleep postures accurately [249, 250,
251]. For example, one may attach an accelerometer to the person’s chest to monitor their
sleep posture. Since gravity always points downwards, the accelerometer’s orientation can
be calculated by combining the acceleration along three different axes [250, 251]. However
this method is cumbersome and uncomfortable since the accelerometer needs to be fixed

on the user’s body during their sleep.

(b) Non-Contact Solutions: Contactless systems are more comfortable for the user com-
pared to on-body sensors. Work in this class falls in the following categories. First, vision-
based systems [253, 254, 255] deploy RGB or infra-red cameras to record videos of the
user’s sleep, then process those videos using convolutional neural networks to predict

sleep postures. However, cameras, particularly in people’s bedrooms, are privacy-intrusive.
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Figure 7-2: Pressure sensitive bedsheet from [252].

Further, the accuracy of camera systems decreases significantly in dark settings and when
people are covered with a blanket or comforter [253, 254, 255].

Second, on-bed sensors cover the mattress with an array of pressure sensors [256, 252,
257, 258, 259] or RFID Tags [260, 261]. These solutions are more privacy-preserving than
camera systems. However, on-bed sensors, shown in Fig. 7-2, change the feel of the bed
and thus affect the sleep comfort of the subject. Further, most of these systems are evalu-
ated in the lab, as opposed to overnight testing in people’s own homes [256, 257, 258, 259,
260, 261].

Third, a few papers have proposed the use of RF signals for monitoring sleep posture
[262, 263, 264]. The approach in those papers is intrinsically different from ours; they
analyze the signal power as measured by the RSSI (received signal strength indicator)
[263] or the power of the frequency sub-channels extracted from the CSI (channel state
information) [262, 264]. As studied in [265], they all inherently suffer from interference.
That is, they have no ability to separate changes in the signal that are due to the sleeping
person from those due to other sources of motion (e.g. a fan, or a person moving in a
neighboring room). Such extraneous motion brings randomness and will greatly hamper
the robustness of the system in the wild. As a result, all previous papers are evaluated
in a single lab environment with one or two subjects consciously performing specified
postures.! In contrast, we study the spatial pattern of reflections —i.e., the multipath — and
ignore the power by re-normalizing the power distribution of each path (see Section 7.3).
Therefore, our system can provide accurate sleep posture monitoring overnight in users’

homes and can be easily transferred to new environments.

1We note that while the authors of [264] test their vital sign algorithms outside the lab, the sleep posture is
only tested in the lab and in one setting.
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We also note that past work has demonstrated the feasibility of inferring the human
skeleton using only RF reflections [247, 266]. It might seem that one could use such models
to infer the skeleton of the person lying in bed and hence their sleep posture. However,
due to RF specularity, such models rely on people walking and moving around to achieve
good accuracy [247, 266]. Specifically, as described in those papers, a snapshot of RF signal
reflections does not capture the full body; Any snapshot captures only a few limbs or body
parts that reflect signals directly towards the radio. Hence, their neural networks rely on
people moving and walking to expose different body parts in each snapshot so that the
network can combine those body parts to create the human skeleton. In contrast, when the
person is asleep in bed, the person is mostly static and hence there is not enough motion
to allow the neural network to fill in the gaps and combine body parts across different
snapshots. To deal with this challenge, our system not only takes the direct reflections
towards the radio, but also all the indirect reflections due to multipath. By taking all the
multi-path reflections as input, our system estimates the sleep posture accurately even
when the person remains static.

Finally, this chapter belongs to a growing body of research that focuses on passive
monitoring using radio signals. Researchers have demonstrated that by carefully analyz-
ing RF reflections off the human body, they can monitor people’s location [248, 267, 268],
gait [269, 270, 16], breathing [271, 220, 272], heart rate [219, 273, 274], falls [275, 276, 277],
and sleep quality and stages [230, 265, 278, 279]. Our work builds on this foundation and
leverages past work on inferring the breathing signal as a sub-component in our system

[220].

B 7.2 BodyCompass

BodyCompass is the first RF-based system that provides accurate sleep posture monitoring
in the wild, i.e., with subjects sleeping in their own beds in their homes, and it generalizes
to new subjects and homes with minimal additional effort. It can be used by healthy indi-
viduals interested in monitoring their sleep behavior, or can be provided either to patients
to help them modify their sleep posture, or to doctors to assist them in understanding
disease prognosis and patient health.

BodyCompass leverages measurements from an FMCW radio equipped with an an-
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tenna array [280]. Such radios are commonly used in passive health monitoring using
RF signals [220, 278, 265]. They work by transmitting a low power radio signal, and ob-
serving its reflections from the surrounding environment. The use of an antenna array
combined with FMCW enables the radio to resolve RF reflections from multiple points in
space. Specifically, at each instance in time, the radio outputs an array of signal values
from various voxels in space, which we refer to as an RF-snapshot.

BodyCompass takes a sequence of RF-snapshots from an FMCW radio across a whole
night, and produces the sleep postures for the night. A sleep posture is described by an
angle between two normal vectors, one of the bed surface and one of the user’s anterior
trunk surface, as shown in Fig. 7-3(a). For example, 0° represents the user facing upwards
and 90° represents the user facing rightwards. Defining sleep posture in terms of angle
allows us to differentiate between a slight tilt of the trunk to the right and someone sleep-
ing on their right side. This enables a finer granularity definition of sleep postures that
encompasses and expands beyond common posture classes (supine, left side, right side,
prone). A fine granularity in posture estimation is important for applications that aim to
detect changes in postures, such as tracking the progression of Parkinson’s patients by
monitoring the frequency of their change of sleep posture.

BodyCompass computes sleep postures using three components:

¢ A filtered multipath profile feature extractor to estimate the RF reflections that bounced

off the person directly or indirectly.

* A source-specific neural network that utilizes the multipath profile features to estimate

the sleep posture of a specific person in a specific home.

¢ A transfer learning model that adapts the source-specific models to estimate the sleep

posture of a new person in a new home with minimal additional labeled data.

Below, we describe these components in detail.

B 7.3 Filtered Multipath Feature Extractor

In this section, we describe how BodyCompass extracts filtered multipath features specific

to a person from RF-snapshots produced by a FMCW antenna array.
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(a) Angle of body orientation. (b) Coordinates of RF-snapshots.

Figure 7-3: Illustration of body orientation and coordinates of RF-snapshots. In
Fig. 7-3(b), we represent all RF voxels in a Cartesian coordinate system. The rightmost
pixels are closest to the device, and have the shortest distance. Therefore the direct-
path reflections should be to the right of the indirect-path reflections since they travel
the shortest path between the user and the device.

An RF-snapshot consists, for each point of space (RF voxel), of the magnitude of the
RF reflection from that point of space. An RF voxel is represented by two coordinates, its
distance from the device, and the angle of that position relative to the normal from the de-
vice. Specifically, an RF voxel at coordinate (i, j) represents a small cube around the point
at traveling distance d; from the device, and an angle of arrival of «;, as shown in Fig. 7-4.
We divide the space into N angles, and M distances, and therefore each RF-snapshot is an
N x M matrix. For better visualization, we plot voxels in a standard Cartesian coordinate

system, as shown in Fig. 7-3(b), instead of a polar coordinate system.

B 7.3.1 Stable Sleep Periods

We first note that sleep postures are not independent over time, since people typically
sleep in a posture for some period of time, followed by a movement, after which they
settle into a different sleep posture, and so on. BodyCompass therefore first segments the
night into a series of stable sleep periods. During each stable period, the orientation of the
body is approximately constant, and BodyCompass extracts a single sleep posture from
that period. BodyCompass leverages prior work [220] to identify motion events from RF-

snapshots, and defines the intervals between such motion events as stable sleep periods.

B 7.3.2 Filtered Multipath profile

Next, BodyCompass extracts the multipath profile for each stable sleep period, with the
objective of learning the sleep posture from the multipath profile. Recall that the multipath
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Figure 7-4: Illustrative example of an RF voxel. The green rectangle represents the
radio location and the red rectangle represents the bed location. Our FMCW antenna
array divides the space into small grids. The coordinates of the grid represent the
distance from the radio and the angle of arrival.

profile captures the pattern of spatial reflections, i.e., how the RF signals bounce around in
space before they reach our radio. We represent the multipath profile of a particular stable
period with the relative signal power along each path. Thus, the multipath profile of a
particular stable period can be computed by taking the RF-snapshots corresponding to the
stable sleep period and computing the variance in each voxel.

The multipath profile is affected by the sleep posture of the person, and is therefore
informative about their orientation. For instance, when the person is supine, i.e., lying flat
on their back, a significant portion of the signal reflects towards the ceiling and bounces
off other objects in the environment before reflecting back to the radio, and as a result
the multipath profile shows significant dispersion. In contrast, when the person is sleep-
ing on their side, the direct RF reflections will be significantly stronger than the indirect
reflections, and the multipath profile will therefore show high concentration.

However, one cannot directly use the overall multipath profile in a stable sleep period
to infer sleep posture. This is because such multipath profile contains reflections both from
the environment and from the subject. While reflections from static reflectors (e.g., walls,
tables) can be removed,? reflections from moving objects cannot be easily disentangled,
and their contributions can confound the system for two reasons. First, even within a sin-
gle home, those contributions can change over time even when the sleep posture does not

change, for instance, because of movements from a fan, people walking in the environ-

*We remove static reflections by subtracting the average RF-snapshot for each stable period before com-
puting the multipath profile [220].
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Figure 7-5: An illustrative example of signal reflections. In this case the multipath
profile contains reflections from the subject (in blue) and a ceiling fan (in orange).
Correct processing requires eliminating the fan reflections. Also the figure illustrates
how the posture could affect the multipath. When the user is facing the device, the
reflections along the direct path have the largest signal variations because the chest
movements are most significant in that direction. In contrast, the signal variations
along the indirect path are much smaller because the side of the body is not moving
significantly.

ment, or heating, ventilation, and air conditioning (HVAC) systems. Since these changes
are not correlated with the sleep posture of the person, they will adversely affect the ability
of BodyCompass to infer sleep posture. Furthermore, such reflections are highly specific to
each home, and incorporating them into the multipath profile will prevent BodyCompass
from generalizing to new homes.

So, how does one filter out environmental contributions while still retaining the mul-
tipath contributions from the sleeping subject? Our idea is inspired by the following ob-
servation: when breathing, the chest and belly area of the human body move forward and
backward. These motions will change the multipath contributions corresponding to the
human body in a manner correlated with the breathing signal, while other environment
related multipath contributions will not change in a manner correlated with the person’s
breathing. Fig. 7-5 shows an illustrative example of this point with a person sleeping facing
the device, and a nearby fan.

Using breathing also allows BodyCompass to identify the orientation of the person,
i.e., whether the person is facing up/down when supine, and whether the person is facing
towards/away from the device when on their side. This is because during breathing, only
the front of the human body moves significantly, whereas the back does not, therefore
breaking symmetry between the orientations, and changing the filtered multipath profiles

in the two cases.
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Figure 7-6: Visualization of one stable period. The value of each RF-voxel represents
the corresponding attribute of the RF reflection. The visualization is color-coded, the
redder the pixel, the higher the relative value of that pixel, and the bluer the pixel, the
lower the relative value. Points A, B, C highlight three different kinds of reflections:
environmental movement reflections, breathing reflections along direct-path, breath-
ing reflections along indirect-path.

BodyCompass uses DeepBreath [220], to extract the breathing signal of the subject in
bed from the RF-snapshots in the stable period. The breathing signal is a time series that
reflects the scaled chest displacement of the subject over time. Then, for each RF-voxel,
BodyCompass correlates this extracted breathing signal with the time series of signal mag-
nitudes for this RF-voxel obtained from the RF-snapshots. Specifically, for each voxel,
BodyCompass computes the absolute value of the Pearson correlation coefficient between
the person’s breathing and the magnitude of the RF signal received from that voxel, as
expressed in the sequence of RF-snapshots. This correlation provides a spatial filter that
allows us to extract the voxels in the multipath profile whose signal is highly correlated
with the person’s breathing.

Next, BodyCompass multiplies the multipath profile with the above filter to extract the
filtered multipath profile, which focuses on the signals that bounced directly or indirectly
off the subject. The filtered multipath profile emphasizes pixels with a significant contri-

bution from the subject’s breathing while still retaining the relative power contributions
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(a) The user facing up. (b) The user facing the device.

Figure 7-7: Two typical examples of filtered multipath profiles of the user facing
up (Fig. 7-7(a)) and facing towards the device (Fig. 7-7(b)). Compared to Fig. 7-7(b),
in Fig. 7-7(a), we can see much higher power in further away pixels. This is because
when the user is facing up, he deflects the signal towards the ceiling causing indirect
reflections.

from direct and indirect paths corresponding to that breathing.

To help understand the process, we plot an example in Fig. 7-6. Specifically, Fig. 7-6(a)
shows the relative power in each voxel in space in the original multipath profile. Fig. 7-
6(c) shows the breathing filter, and Fig. 7-6(b) shows the filtered multipath profile. As we
can see, pixel A is very bright in the original multipath profile (Fig. 7-6(a)), meaning that
it has very a high reflection power relative to other pixels. However, since it has a very
low correlation coefficient with breathing (Fig. 7-6(c)), it is removed in the final filtered
multipath profile (Fig. 7-6(b)). In this case, pixel A was contributed by environmental
movements from a different person walking in the environment. In contrast, while pixels
B and C have lower power compared to A, they are emphasized in the filtered multipath
profile since they exhibit strong correlation with the breathing signal. It is also worth
noting that pixel B is actually the direct-path reflection, and pixel C is one of the indirect-
path reflections.

Next we show two typical filtered multipath profiles of two different postures in Fig. 7-
7. When the user is sleeping in a supine position, the filtered multipath profile shows more
dispersion because the subject reflects a significant part of the signal towards the ceiling
causing more indirect reflections. In contrast, when the user is facing the device most of the
signal is directly reflected from the user to the device and hence the power in the filtered

multipath profile is concentrated at the user’s location, i.e. the direct path.
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B 7.4 Source-Specific Sleep Posture Model

Having computed the filtered multipath profile for each stable sleep period corresponding
to a source (i.e. a user in a specific home), BodyCompass then uses a neural network to
predict the sleep posture for that source during each stable sleep period.

Our model uses a multi-layer fully-connected neural network. We deliberately choose
a fully-connected neural network instead of the commonly used convolutional neural net-
work (CNN). CNNs are more suitable for natural images because one typically needs to
compare each pixel with the pixels in its neighborhood. In contrast, to capture the multi-
path profile, one needs to compare pixels globally. (See Sec. 7.7.4 for an empirical compar-
ison of the performance of a fully-connected network and a CNN on this task.)

For training the neural network, we ask subjects to wear accelerometers to collect the
ground-truth angular orientation of the body. Detailed ground truth collection process
is described in Sec. 7.6.2. Recall that we express the sleep position in terms of the angle
specifying the trunk rotation with respect to the bed. BodyCompass averages the angular
values that the accelerometer measures during a stable period to obtain the ground truth
sleep posture of the subject in that period.

BodyCompass trains the neural network to predict the sleep angle associated with each
filtered multipath profile. To train the network we need to compare the predicted angle
with the ground truth angle. Directly comparing angles however leads to discontinuity
since angles wrap around, i.e., 0° and 360° are the same angle, but simply computing their
difference will yield a large loss.

Therefore, in order to ensure smoothness of the loss function, BodyCompass’s model
predicts complex numbers, and uses the phase of the complex number as the angle predic-
tion. Specifically, we define Circular Loss as follows:

Re(F(x,0) - e‘iy))
|F'(z,0)|

L.(0)=E

= Lzy~p(z,y

y arccos( (7.1)

where z is the input feature vector (i.e., the filtered multipath profile of a stable segment),
y is the ground-truth angle, F'(-, ) is the model that maps a feature vector into a complex
number, 6 is the model parameters (the wights of the neural network), arccos denotes the

arc cosine function, and E is the expectation.

Re(F(z,0)-e%)

The operand of arccos: T (z.0)]

can be interpreted as the cosine similarity between
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two vectors: one is our prediction (Re(F(-)), Im(F(-)) and the other one represent the unit
vector of the ground truth angle (cos(y), sin(y)). The similarity reaches its maximum when
the predicted vector has the same angle as the ground truth (an arccos of 0). And it reaches
its minimum when these two vectors are diametrically opposed (an arccos of 7 radians).
This loss function solves the discontinuity problem since it computes the angle difference

between our prediction and the ground truth in a differentiable way:.

B 7.5 Transferring the Model to New Users

In the previous section, we explained how to train a model to predict a user’s sleep posture
accurately given abundant labeled data from the that user. However, data collection is
a laborious and time-consuming task for both the user and the operator of the system.
Ideally, we would like our system to perform well on new users with minimal effort.

Since the properties of RF signals (power, phase, and multipath) depend on the en-
vironment, transfer between different homes is a challenging task. In order to achieve
satisfactory performance while reducing the burden on the user, we assume that only lim-
ited labeled data from a new user is available. We refer to such labeled examples (where
an example is a filtered multipath profile and its correct sleep angle) as Calibration Points.
As described in Sec. 7.7.2, the number of calibration points can be as few as 8 examples,
each lasting for 2 minutes, for a total of only 16 minutes.

Given the scarcity of the calibration points, it is not practical to train a model entirely
based on those points. Instead, we formulate the task as a semi-supervised domain adap-
tation problem: we have multiple source users, each with abundant labeled data, and
a target user for which we have a few calibration points. We would like the system to

achieve high accuracy on the target user given the above information.

B 7.5.1 Overview of the Transfer Model

Given a set of source domains i.e. a number of people and their sleep postures in the
training set, and a target domain i.e. a new person in their own home, we design a model
that learns from the training data of the source domains how to infer sleep posture in the
target domain, with a small number of calibration points.

At a high level, our transfer model first preprocesses the training data to ensure that
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(a) User A’s bedroom layout. (b) User B’s bedroom layout.

Figure 7-8: Bedroom layouts of two users. Green rectangle shows the location of our
device. Red rectangles shows the location of the bed and blue circle shows the position
of the pillow.

the probability distributions of the source domains look as close as possible to the target
domain. Next, given that the amount of data from the target domain is not sufficient to
train a model, we try to augment the data from the target by selecting data points from the
source domains that look similar to the target data, both in terms of its feature map (i.e.,
tiltered multipath) and the corresponding posture. We use this augmented data to create a
virtual target which is similar to the original target but has much more labeled data. Now
we can adapt the model from each source domain to work well on the virtual target. The
tinal prediction is then performed by majority voting over all of these adapted models.

In the following sub-sections, we expand on this high-level description, providing the

details of the three key components of our transfer model:

¢ Distribution Alignment: We explicitly align the data distributions across users, whose

differences are caused by different room layouts.

¢ Data Augmentation: We generate augmented data by picking data points from source

subjects that resemble the calibration points.

* Ensemble Learning: We use Majority Voting to generate one final prediction that is

robust and accurate.

B 7.5.2 Distribution Alignment

Without any alignments, the model’s generalization ability will be greatly hampered by
the distribution shift between the source user and the target user. One major reason of this

distribution shift is caused by different room layouts. For example, we have User A and



124 CHAPTER 7. IN-HOME MONITORING OF SLEEP POSTURE WITH WIRELESS SIGNALS

Left Left

Center Center

Angle of Arrival
Angle of Arrival

Right 0 Right

Longest Shortest Longest Shortest
Reflection Traveling Distance Reflection Traveling Distance

(a) User A’s profile when facing to the device. (b) User B’s profile when facing to the device.

Figure 7-9: Examples showing how the bed position with respect to the radio affects
the signal’s strength and location. The figures show that due to differences in the po-
sition of the bed with respect to the radio, User A’s direct path signal is much stronger
and closer to the radio compared to User B's.

User A User B Combined

Domain-Coded

Figure 7-10: Visualization of data distribution of User A (red) and User B (green).
Since the feature map (i.e., the filtered multipath profile) is high-dimensional, to vi-
sualize the data in a two-dimensional space we perform joint Principal Component
Analysis (PCA) on all the feature vectors (all filtered multipath profiles) from both A
and B using the same set of basis, and plot the data with respect to the two largest
principle components. We plot the data of the source and target separately in the left
two figures and combined in the right figure. As we can see, the distributions of two
users are mismatched significantly.

User B with their floor plan visualized in Fig. 7-8. User A’s bed is very close to the device
(the device is right above the bed), and in comparison, User B’s bed is far from the device.
We show the multipath profiles of the two users in in Fig. 7-9 (a) and (b). As clear from
these figures, the difference in the bed location with respect to the radio impacts the filtered
multipath profile in two ways. First, the direct-path reflection of User B needs to travel a
longer distance compared to User A. Thus pixels at the same location in the multipath
profiles are not directly comparable. Second, the power of RF reflections decreases as the
traveling distance increases. Therefore the breathing powers of User B’s pixels are much
smaller than User A. As a result, and as shown in Fig. 7-10, the data distributions of User
A and User B are significantly mismatched. Below, we explain the two methods we use to

align the distributions.
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(a) User A’s profile after aligning bed location. (b) User B’s profile after aligning bed location.

Figure 7-11: The multipath profiles in Fig. 7-9 after aligning bed locations. Now the
direct path pixels of both Users A and B are at the same location.
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Figure 7-12: Visualization of data distribution of User A (red) and User B (green)
after bed alignment and power normalization. Compared to Fig. 7-10, we can see
that the two distributions are much better aligned.

(a) Aligning Bed Locations: We first align the relative location between the bed and radio
across all users. While not all differences can be eliminated, this way, we ensure that all
direct-path reflections have the same traveling distance. And since we cannot ask every
user to move their bed, we can do this alignment virtually by reducing or increasing trav-
eling distances of all the RF reflections in the multipath profile. This method brings us two
advantages: 1) it keeps the original RF reflection pattern, and 2) we only need to know the
bed location to perform this alignment.

Identifying the bed position can be done manually, however it is tedious and error-
prone. Instead, we propose a robust and accurate way of measuring bed location for
aligning. For each user, we do a pixel-wise summation for all of his filtered multipath
profiles. Since the direct signal path has the shortest traveling distance, usually it has the
highest breathing power in the filtered multipath profiles. Therefore, the pixel with the
highest sum will give us an accurate estimation of the bed location. We additionally apply
a Gaussian filter with a sigma of 1 to erase small location mismatches.

Looking back to Fig. 7-8, there is another mismatch. In User A’s case, the radio device
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is on the right-hand side of the user, and for User B, the device is on his left-hand side. This
indicates that, when two users are both facing the device, they are actually facing different
directions (to the right in Fig. 7-9(a) and to the left in Fig. 7-9(b)). Therefore we also align
directions by flipping the angles. In all of the following discussions and results, —90° (left)
represents the direction facing the device (to the right for User A and to the left for User
B), and 90° (right) represents the opposite direction.

Fig. 7-11 shows the filtered multipath profiles of Users A and B above after aligning the
bed location. We can see that the direct path pixels of both A and B are now at the same

location.

(b) Power Normalization: RF signals attenuate with distance. Hence, the power in a par-
ticular pixel in the filtered multipath profile depends on the path length, more so than the
sleep posture, as shown in Fig. 7-11. This dependence can prevent model generalization to
a new target user if the target’s room layout differs from the source user. Thus we would
like to eliminate this dependence. To deal with this issue, we normalize the power distri-
bution in each pixel of the filtered multipath profile (i.e., for each data point, we subtract
the mean of the distribution and divide by its standard deviation).

Data distributions for User A and B after both aligning the bed location and normal-
izing the power are plotted in Fig. 7-12, and they are aligned much better compared to

Fig. 7-10.

B 7.5.3 Target Data Augmentation

Given the small number of calibration points, our information about the target user is lim-
ited. One solution is to perform data augmentation. In computer vision tasks, researchers
have long been using augmentation techniques such as cropping, rotating, and horizontal
flipping to help the model to capture data invariances. After those augmentations, images
are still valid images. However, this is not true for our multipath profile. For example, flip-
ping means that the furthest pixel becomes the closest, and the longest indirect reflections
becomes the direct-path reflection. Therefore such standard augmentation techniques for
images will break the spatial structure of the multipath profile.

Instead, we use data points from the source users that are similar to the calibration
points from the target user. Specifically, our augmentation process contains the following

steps: First, we align all the data points from all the users (including the calibration points),
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as described in the previous section. Then given one calibration point (xo, yo), we first
select all the points (z;,y;) that satisfy the condition that the angle difference between
yo and y; is smaller than a certain threshold (the default is 20 degrees). Then for those
selected points, we further sort them based on the similarity of their multipath profiles to
the calibration point as captured by the L2 distance: ||z; — xo||2. Finally, we pick the data
points most similar to the calibration point (specifically we pick the 30 most similar source
points to each calibration point). We refer to the set of augmented data points as the virtual
target.

When adapting the neural network model from a particular source user to the target
user, we combine the augmented data points with the labeled data from that source user
to train the model and improve the model’s performance on the target user. Note that
we do not use the calibration points in training any of the adapted models. We hold the
calibration points and use them to select the most effective adapted models as explained

in the next section.

B 7.5.4 Majority Voting

So far, we adapted each of the source models to transfer its knowledge to the virtual target.
However, some of the source users in our training set may be very different from the
target user, and despite adaptation, their knowledge may not translate well to the target
user. Thus we need a mechanism to detect models that are well adapted to the target and
combine their predictions.

We define validation accuracy as the model’s accuracy on the target’s calibration points.
This validation accuracy is an estimate of the adapted model’s true accuracy on the target
data. Thus, we use this validation accuracy to evaluate the source’s compatibility with the
target. We filter out models that have bad validation accuracy (accuracy worse than 10%
compared to the best model), and perform a majority vote among the models with good
accuracy.

The majority vote is performed as follows: We create a histogram of the predictions
where each angle degree has its own bin. Then we smooth this histogram with a Gaussian
tilter with a standard deviation of 20. Finally we pick the angle that has the highest value
after smoothing as our final predicted angle. It is worth mentioning that, the smoothing is

performed in a circular way, i.e., the last bin and the first bin are connected.
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Figure 7-13: The placement of accelerometers on the subject’s body. The accelerom-
eters are used to collect the ground truth posture.

B 7.6 Experiment Setup

B 7.6.1 Data Collection

All experiments with human subjects were approved by our IRB, and we have obtained
informed consent from every subject. In total, we have collected 224 nights of data from 26
subjects (17 male subjects and 9 female subjects).® Subjects’ bed sizes cover most common
sizes, from twin-size (Im wide) to king-size (2m wide). Each subject sleeps alone in his/her
own bedroom. For each subject, we install the radio device on the wall to the side of the
bed. The distance between the bed and the radio ranges from 0 meters (right above the

bed) to 4 meters (on the other side of the bedroom).

B 7.6.2 Ground Truth Collection

To collect the ground truth postures, for each night, we ask the subject to wear two ac-
celerometers, one on the chest and one on the abdomen. Both accelerometers are fixed
on the body using sport tapes to prevent sliding during sleep. In Fig. 7-13, we show the
placement of accelerometers on the body.

We align both accelerometers so that the accelerometer’s z’s positive points towards
the subject’s head, and z’s positive points opposite to the body. Then the angle of body

orientation y can be calculated using the following equation [281]:
y = atan2(ay, a;)

where atan? is the 2-argument arctangent function.

® After data cleaning described in Sec. 7.6.2
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Figure 7-14: Architecture of the neural network.

We use two accelerometers for mutual validation. There are many factors that can lead
to poor data quality. Most commonly, sensors may fall off from the body during sleep, or
the subject may fail to align the sensors correctly. By having two accelerometers, we can
identify bad data points because readings from those two will no longer be equal. Such

bad data points are then excluded from training and testing.

B 7.6.3 Radio Specification

We use a standard FMCW radio similar to the one used in past work [282, 220, 219, 283].
The radio sweeps the frequencies from 5.4 GHz to 7.2 GH z and transmits at sub-milliwatt
power in accordance with the FCC regulations. The radio is equipped with two antenna
arrays: a horizontal array and a vertical array. Each array is capable of dividing space
into 20 (angle) by 71 (distance) pixels, with an angular resolution of ~ 8° and a distance

resolution of ~ 20cm. In total we have 2 x 20 x 71 different pixels.

B 7.6.4 Model Implementation

We use a fully-connected neural network with 4 layers. After each hidden layer, there is
a layer of Batch Normalization [284], a layer of ReLU and a layer of Dropout. Fig. 7-14

illustrates the neural network architecture.

B 7.7 Evaluation

In this section, we empirically evaluate the performance of BodyCompass.

B 7.7.1 Metrics

We define Angle Error as follows: For a single data point (stable segment) with a ground

truth angle of y and a predicted angle of v/, its Angle Error is the difference between y and



130 CHAPTER 7. IN-HOME MONITORING OF SLEEP POSTURE WITH WIRELESS SIGNALS

Y/, as defined in Eq. 7.2. Angle error is always within the range from 0° to 180°.

e(y,y') = |(y — y' + 180) mod 360 — 180 (7.2)

We use following two metrics that are based on angle error to evaluate the performance

of our system.

¢ Average Angle Error (Error): Average Angle Error is the weighted average of all the
angle errors for all stable segments in the testing dataset, where the weight of each stable

segment is set its time the duration.

¢ Threshold Accuracy (Accuracy): Since most past work computes accuracy with respect
to a few key postures (supine, right side, left side, and prone), we similarly estimate
accuracy as the percentage of time that the angle error between the prediction and the
ground truth is smaller than 45°. This gives us an intuitive understanding of the per-

centage of time we predict the direction of the user correctly.

B 7.7.2 Evaluation Setting

Depending on the amount of data available from the target subject, we present results

under three different evaluation settings:

¢ 1-Week: If we collected enough data from the target subject, we can directly train on
the target’s data, without transfer learning. Under this setting, for each subject in our
dataset, we report the result with leave-one-night-out cross-validation, i.e., using one
night for testing and the remaining nights for training, and repeat this process until all

the nights have been tested.

¢ 1-Night: In this setting we limit ourselves to only one night of labeled data from the tar-
get subject, and the rest of data from the target is unlabeled. One night is not enough for
training. Therefore, we use this one night of data for our calibration points as discussed

in Sec. 7.5.

¢ 16-Minutes: To further reduce the effort required from users, we present the results with

only 8 labeled data points from the target subject. We assume that those 8 points cover
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Table 7-1: Evaluation results under three different settings with different methods
(BodyCompass, k-NN, Random Forest (RF), XGBoost [285] (XGB)). Baseline meth-
ods are evaluated under two scenarios: All (A): trained with data from all the subjects;
Target (T): trained with data from the target subject only. Note that BodyCompass sig-
nificantly outperforms all three baselines under all settings.

BodyCompass k-NN (A) k-NN (T) RF (A) RF (T) XGB (A) XGB (T)
Angle Error (1-week)  15.3° £4.4° NA 31.3°+£9.7° NA 33.8°£13.0° NA 33.8°+£13.3°
Accuracy (1-week) 94.1% + 4.3% NA 77.7% + 9.8% NA 75.4% + 12.0% NA 75.5% + 12.9%

Angle Error (1-night) 25.6° £ 6.7° 43.1° £ 11.0° 40.6° £ 11.0° 52.5° £ 17.0° 45.4° £ 15.1° 53.9° £ 16.2° 49.2° +13.1°
Accuracy (1-night) 86.7% +6.7%  65.2% +10.5% 67.8% +10.2% 54.8% + 14.5% 62.2% + 13.8% 53.5% + 14.2%  59.9% + 10.5%

Angle Error (16-min) 28.3° £8.7° 59.1° +19.0° 60.6° +19.0° 58.4° 4+ 20.2° 55.0° +18.9° 60.7° 4+ 20.1° 65.1° £ 13.1°
Accuracy (16-min) 83.7% +6.8%  50.3% + 14.6% 46.4% +17.0% 51.0% £+ 14.9% 52.2% + 15.0% 48.7% + 15.8% 42.8% + 11.4%

most common positions of that user. This can be achieved by asking the user to emulate
sleeping in his common sleep postures. In our evaluation, We select those calibration
points from the existing sleep dataset by clustering the subject’s sleep postures, and
picking the center points for each cluster. If the resulting stable segment is longer than
2 minutes we use only a window of two minutes. Thus, collecting these 8 calibration

points can be done in 16 minutes.

B 7.7.3 Evaluation of BodyCompass’'s Performance

To evaluate the effectiveness of BodyCompass, we compare its performance with three
baselines: k-NN (k-Nearest Neighbors), Random Forest and XGBoost [285]. Note that all
baselines and BodyCompass take filtered multipath profiles as input. Since the baselines
do not have transferability capability like BodyCompass it is not clear how to train them
when the available labeled data from the target subject is limited, i.e., in the 1-night and 16-
minutes settings. Thus, for these settings, we evaluate the baselines’” performance under
two different training setups: 1. using data from all the available subjects; 2. using data
only from the target subject.

Table 7-1 compares BodyCompass with the baselines for three different amounts of
labeled data from the target subject: 1-week, 1-night, and 16-minutes. The table shows that
BodyCompass significantly outperforms all three baselines under all settings. Specifically,
BodyCompass and the baselines achieve their best performance when there is sufficient
data from the target user. In such setting, BodyCompass’s accuracy is 94%, whereas best
accuracy across all baseline methods is only 77.7%.

The table also shows that when the amount of labeled data from the target subject is
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Figure 7-15: Accuracy for each of our subjects under three different test settings.
Subjects are separated by their gender.

limited (e.g., in the 1-night setting and 16-minutes setting), the accuracies of all baselines
are significantly reduced — 27.4% reduction for k-NN, 24.4% reduction for Random For-
est, and 26.8% reduction for XGBoost. This is because of the natural variability in sleep
postures. For example, even in the same body orientation, a slight change in arm or leg
positions can cause a change in the pattern of RF reflections. All three baselines do not have
the ability to handle such variability in the absence of a large amount of labeled data from
the target. And since differences between different subjects are large, data from other sub-
jects cannot help the baselines improve their robustness (e.g. under 1-night setting, data
from other subjects is detrimental to the final performance). In contrast, BodyCompass
aligns the distribution across different users, and performs data augmentation to battle
this variability. As a result, BodyCompass can sustain high accuracy of 83.7% even with
only 16 minutes of labeled data from the target user.

Next, we zoom in on BodyCompass and check the accuracy for each target user. In
Fig. 7-15, we plot the average accuracy for each subject with our system under three dif-
ferent settings: 1-week, 1-night, 16-minutes. One can see that while transfer learning gives
good accuracy across subjects, not all subjects have equal accuracy. Subjects who are more
different from the source subjects will naturally have a lower accuracy when they have
only 1-night of labeled data or 8 calibration points. We notice that, in our dataset, on aver-
age the accuracy on male subjects is higher than female subjects. Given the small number
of subjects, it is not clear whether this accuracy gap is due to gender differences or is spe-
cific to the individuals in our dataset.

Another interesting aspect is that we see a slight increase of the accuracy of Subject #11
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Figure 7-16: Accuracy and amount of labeled data for each body orientation.

when moving from 1-week setting to a transfer setting like 1-night or 16-minutes. This
is because while collecting data from Subject #11, the accelerometers often fell off during
sleep. As a result, a significant part of each night from this subject had bad data with no
accurate labels and was ignored. In this case, transfer learning can potentially have higher
accuracy because it leverages labeled data from other users.

Finally, Fig. 7-16(a) presents the accuracy as a function of body orientation under all
three settings. Our system has a high accuracy across all body orientations except for
some corner cases where we lack enough training data (See the amount of labeled data for
each angle in Fig. 7-16(b)). For example, at angle —180°, our system has low accuracy due
to the fact that the amount of labeled data for this posture is 1/20 amount of labeled data

for the supine case, i.e., 0°.

B 7.7.4 Evaluating the Components of BodyCompass

We evaluate the contribution of each component in our system by evaluating the perfor-
mance of the system without that component. Specifically, we evaluate the contribution
of using multipath profiles, breathing-filtering multipath profiles, distribution alignment,
data augmentation, majority voting, fully-connected neural network, and circular loss. Re-
moving the contribution of the breathing-filtering multipath profiles, data alignment and
data augmentation components is straightforward, yet for the rest, we present the follow-

ing substitutions:

¢ Substitution for the Multipath Profiles: Instead of taking the multipath profile as input,
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Table 7-2: Evaluation of the various components of BodyCompass. The table shows
the accuracy under a 1-night setting for the whole system and for the system without
a particular component.

Angle Error  Threshold Accuracy

Full System 25.6° £ 6.7° 86.7% £ 6.7%

CNN instead of Fully-Connected Network 29.5° + 10.1° 82.5% £ 10.0%
Direct Path instead of Multipath 43.0° £11.8° 67.7% £ 9.5%

L2 loss instead of Circular Loss 33.1°+12.4° 77.7% £ 13.2%

w /o Breathing Filtering 30.0° 4+ 10.2° 81.7% £ 9.3%

w /o Distribution Alignment 33.4° £11.9° 78.5% £ 10.8%

w /o0 Data Augmentation 30.7° £ 10.2° 81.5% + 8.6%

w /0 Majority Voting 31.2° £11.2° 80.5% £ 9.7%

we zoom in on the voxels from the bed area, and take only those voxels. This is equiv-
alent to focusing on the direct path only, and ignoring any indirect paths that involve

signals that bounced off the person and other objects in space.

¢ Substitution for the Fully-Connected Network: We substitute the fully-connected neu-
ral network with a convolutional neural network (CNN) and evaluate the resulting per-

formance. The CNN model follows the AlexNet model [286].

¢ Substitution for the Circular Loss: We can directly regress the angle and use the stan-

dard L2 loss.

¢ Substitution for Majority Voting: Instead of training on each source subject and per-
forming majority voting, we can combine labeled data from all source subjects and train

only one model.

Table 7-2 provides the evaluation results for BodyCompass’s components. All experi-
ments are conducted under 1-night setting. The first row shows BodyCompass’s accuracy
1-night setting when all components are active. Comparing the first row with the other
rows in the table shows that each of BodyCompass’s components offers a considerable
improvement to the overall performance, and the removal of any component results in

reduced accuracy.
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Figure 7-17: Robustness to moving neighbors. The figures in the top row show the
multipath profile without and with a moving neighbor. Figures in the bottom row
filtered multipath profile without and with a moving neighbor. The figures show that
filtering the multipath profile eliminates extraneous movements from other people,
hence boosts the robustness of the system.

B 7.7.5 Sensitivity Study

In this section, we test our system’s robustness to various factors such as the presence of
other people in the environment and their movements, whether the subject has shallow
or deep breathing, and the exact location of the radio. We note that when collecting data
in the wild, i.e., in people’s own homes during their natural overnight sleep, we have no
control over the above factors. In fact, in all of the experiments reported in the previous
sections, we leave the radio in the home of the subject for about a week to collect the
data. We have no control over when the subject goes to bed, where in the bed they sleep,
whether their sleep location changes from one night to the next, how they breathe, and
who else is at home and how they move while the subject is asleep. Thus, we cannot
run sensitivity tests in the wild. We run these tests in a controlled environment where
the subject is lying in bed but they are not asleep. In each case, the subject lies in bed
at a particular body orientation, while we change the parameter we want to study, and
measure BodyCompass’s accuracy. The subject then changes his body orientation and we

repeat the measurements while varying the parameter of interest.
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Table 7-3: Performance w/ neighbor movements.

Angle Error  Accuracy

Full System 12.7° 100%
w /o Filtering 53.6° 58.3%

Table 7-4: Performance when subjects breathe at different strengths.

Strength  Angle Error Accuracy

Deep 13.6° £13.5° 97.2% +4.8%
Shallow | 8.6°+4.8° 100% £ 0%

Sensitivity to Movements by Other People

We evaluate our system’s performance when there is a neighbor moving in an adjacent
room. The subject sleeps approximately 3 meters away from the radio, whereas the neigh-
bor is about 7 meters away from the radio. We ask the subject to lay down for 2 minutes
in each of the following postures: supine, facing left, facing right, and prone. We train
the system with examples in which the subject was alone without anyone moving in the
neighboring room. We use 6 examples for each sleep posture for training. During testing,
we bring a second person to the adjacent room and ask them to move at will, while the
subject is lying in bed. We collect 3 examples of each sleep posture for testing.

Fig. 7-17 shows that our filtering of the multipath profile makes the system robust to
extraneous movements such as the presence of a neighbor. The figure plots the multi-
path profile as well as the filtered multipath profile. As the figure shows, the neighbor’s
movements have a significant impact on the unfiltered multipath profile (Fig. 7-17(b)), yet
its impact is removed after filtering the multipath profile using the method in Sec 7.3.2
(Fig. 7-17(d)).

Table. 7-3 presents BodyCompass’s accuracy results averaged across the test examples.

It shows that our system is robust against extraneous movements by other people.

Sensitivity to Breathing Strength

In this section, we investigate BodyCompass’s robustness to variations in breathing strength,
i.e., to people having shallow vs. deep breathing. As in the previous section, we ask the

subject to lie in bed in various sleep postures and for each posture, vary their breathing
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Figure 7-18: Breathing signals and their corresponding multipath profiles. Although
the amplitude and frequency of the two breathing signals are quite different, their
multipath profiles have similar patterns.

depth and rate. We repeat the test for each sleep posture, and with 3 different subjects.
During testing, we ask the subject to perform 2 groups of experiments. Each group con-
tains 4 postures (supine, facing left, facing right, and prone) and each posture is repeated 3
times. For the first group, we ask the subject to breathe deeply and slowly, and for the sec-
ond group, we ask the subject to breathe shallowly and quickly. In Fig. 7-18, we show the
breathing signals as well as their corresponding multipath profiles. Table. 7-4 reports the
average accuracy for different breathing strength. It shows that BodyCompass has high
accuracy for both shallow and deep breathing.

We also note that the accuracy results in these sensitivity tests are higher than the num-
bers presented in Table. 7-1 for testing in the wild. This is because when the subject is
awake, the subject is able to accurately control his posture; In contrast, when the subject is
asleep, the limbs can take various positions; Also the subjects may use pillows to support
their bodies, and their use of pillows may change across days. Thus, overall there is much

more variability in the wild.

Sensitivity to Device Location

Because the radio has directional antennas and the breathing signal is relatively weak, the

device should face the bed to get a good SNR. However, we do not require the device to
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Figure 7-19: Scatter plots of accuracy w.r.t. difference location settings. As two plots
show, our system can accommodate a wide range of location settings.

be exactly facing the chest of the person, nor do we require the device to be at a specific
distance from the person.

In this section, we show that BodyCompass is fairly robust to variability in device
distance and deviation from facing the chest of the person. In contrast to the previous
two sensitivity tests, our in-the-wild deployments exhibit significant diversity in terms
of device distance and azimuthal angle with respect to the person’s chest. Specifically,
in terms of distance between the chest and the device, our deployments cover a range
from 0.5m to 4m. In terms of the angle between the device and the person’s chest, our
deployments cover a range up to plus/minus 35°, where a zero degree means that the
device is facing the chest of the person.

Fig. 7-19 plots the accuracy of BodyCompass as a function of the distance to the person,
and the angle to person’s chest. The results in the figure show that BodyCompass works

reliably for different location settings.

B 7.7.6 Example Application: Monitoring the Frequency of Posture Changes

The frequency of posture shift (moving from one posture to another) during sleep is an
important sleep-related metric. The literature shows that posture shift frequency is corre-
lated with aging [287, 288] and sleep qualities [288]. Further for patients with Parkinson’s
disease, less frequent nocturnal turnovers reflects a deterioration in the disease condition
[240].

Note that not every motion is a posture change. For example, when the user just
changes his arm position, his body angle remains the same. To thoroughly evaluate our

system’s performance, we adopt the definition of posture change in [287]: to be quantified
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Figure 7-21: Angle histogram of Subject #15. Histogram is color-coded into the ring,
as a more reddish color represent more occurrence.

as a posture change, a body angle change of at least 30° is required.

Fig. 7-20 plots the frequency of posture shifts for all 26 subjects, ordered in ascending
order. The figure compares the ground truth and our model with 1-night of training data
from the target user. The figure shows that our model is capable of tracking the frequency
of posture shifts accurately, with an average relative error of only 10.3%. These results in-

dicate that our model can be used to track changes in posture shift in Parkinson’s patients.

B 7.7.7 Failure Case Analysis

Looking back at Fig. 7-15, we can see that even when the amount of labeled data is scarce,
our system is still able to deliver satisfactory accuracies for most subjects. However, there
are few exceptions where we can see a significant reduction in performance when the
amount of labeled data is reduced. For example, for Subject #15, we have the largest re-
duction in performance, from 95.0% to 68.7%. To understand the reason, we plot his angle

histogram in Fig. 7-21. We can see that most of his time is spent in prone position (sleep on
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stomach), and he never sleeps facing left or right. Recall in Sec. 7.5.2, we explicitly align
the distribution to be the same. However this subject’s intrinsic distribution is not simi-
lar to any other subjects. Therefore the alignment cannot fully succeed, which causes bad
transfer performance. We expect to see an increase of our system’s performance on this

subject if we have more subjects with similar sleep postures.

B 7.8 Summary

In this chapter, we present BodyCompass, a wireless system that provides accurate sleep
posture monitoring in the wild. By explicitly extracting RF reflections from the user and
designing appropriate machine learning algorithms, our system can accurately capture the
user’s posture and is able to transfer its knowledge to a new home with minimal additional
data. A user study in 26 different homes with 26 subjects and more than 200 nights shows
that BodyCompass is highly accurate, with an accuracy of 94% using 1 week of data from
the user, and 83.7% using only 16 minutes of data. We believe that this work can serve as
a practical sleep posture monitoring system, enabling easy adoption and helping doctors

and patients address this unmet need.



CHAPTER 8
Towards Fair Medical Imaging Al

across Environments and Subgroups

As Al models are increasingly deployed in real-world clinical settings, it is crucial to eval-
uate not only model performance, but also potential biases towards specific demographic
groups [197, 289]. While deep learning has achieved human-level performance in numer-
ous medical imaging tasks [290], existing literature indicates a tendency for these models
to manifest existing biases in the data, causing performance disparities between protected
subgroups [4, 291]. For instance, chest X-ray classifiers trained to predict the presence of
disease systematically underdiagnose Black patients [291], potentially leading to delays in
care. To ensure the responsible and equitable deployment of such models, it is essential
to understand the source of such biases and, where feasible, take actions to correct them
[292].

Recent studies have unveiled the surprising ability of deep models to predict demo-
graphic information such as self-reported race, sex, and age from medical images [293],
achieving performance far beyond that of radiologists. These insights raise the concern of
disease prediction models leveraging demographic features as heuristic “shortcuts” [294]
— correlations that are present in the data, but have no real clinical basis, for instance deep
models using the hospital as a shortcut for disease prediction [295].

In this work, we investigate four questions. First, whether disease classification models

also utilize demographic information as shortcuts, and whether such demographic short-
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Figure 8-1: Overall experimental pipeline. a, We train a grid of deep learning models
on medical images from a variety of modalities on several clinical tasks. We apply a
variety of state-of-the-art algorithms to mitigate shortcuts, for up to four demographic
attributes (where available). b, We evaluate each model in-distribution (i.e., on the
same dataset where it is trained), along the axis of performance, fairness, amount of
demographic encoded, and calibration. ¢, We evaluate the performance and fairness
of chest X-ray classification models on out-of-distribution (OOD) domains. To mimic
a realistic deployment setting where OOD samples are not observed, we choose the
"best" model based on several in-distribution selection criteria.

cuts result in biased predictions. Second, we evaluate the extent to which state-of-the-art
methods can remove such shortcuts and create “locally optimal” models that are also fair.
Third, we consider real-world clinical deployments settings where shortcuts may not be
valid in the out-of-distribution data, in order to dissect the interplay between algorithmic
fairness and shortcuts when data shifts. Finally, we explore which algorithms and model
selection criteria can lead to “globally optimal” models that maintain fairness when de-

ployed in an out-of-distribution setting.
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We perform a systematic investigation into how medical Al leverages demographic
shortcuts through these questions, with an emphasis on fairness disparities across both
in-distribution training and external test sets. Our primary focus is on chest X-ray (CXR)
prediction models, with further validation in dermatology and ophthalmology. Our X-ray
analysis draws upon six extensive, international radiology datasets: MIMIC-CXR [181],
CheXpert [182], NIH [296], SIIM [297], PadChest [298], and VinDr [299]. We explore
fairness within both individual and intersectional subgroups spanning race, sex, and age
[291]. Our assessment uncovers compelling new insights on how medical Al encodes de-
mographics, and the impact this has on various fairness considerations, especially when
models are applied outside their training context during real-world domain shifts, with

actionable insights on what models to select for fairness under distribution shift.

B 8.1 Datasets

We utilize six publicly available chest X-ray datasets as described in Fig. 8-2. We focus
on four binary classification tasks that have been shown to have disparate performance
between protected groups [291, 300]: “No Finding”, “Effusion”, “Pneumothorax”, and
“Cardiomegaly”.

We also examine medical Al applications in dermatology and ophthalmology. Specifi-
cally, we use the ISIC dataset [301] with “No Finding” as the task for dermatological imag-
ing, and the ODIR dataset [302] with “Retinopathy” as the task for ophthalmology images.

All datasets used in this study are publicly available. The MIMIC-CXR and VinDr-
CXR datasets are available from PhysioNet after the completion of a data use agreement
and a credentialing procedure. The CheXpert dataset, along with associated race labels,
is available from the Stanford AIMI website. The ChestX-rayl4 (NIH) dataset is avail-
able to download from the National Institute of Health Clinical Center. The PadChest
dataset can be downloaded from the Medical Imaging Databank of the Valencia Region.
The SIIM-ACR Pneumothorax Segmentation dataset can be downloaded from its Kaggle
contest page. The ISIC 2020 dataset can be downloaded from the SIIM-ISIC Melanoma
Classification Challenge page. The ODIR dataset can be obtained from the ODIR 2019
challenge hosted by Grand Challenges.

Unless otherwise stated, we train models on MIMIC-CXR [181], and evaluate on an
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MIMIC CheXpert NIH SIIM PadChest VinDr
Location Boston, MA Stanford, CA  Bethesda, MD  Bethesda, MD  Alicante, Spain  Hanoi, Vietnam
# Images 357,167 222,792 112,120 11,582 144,478 6,354
% Frontal 64.5 85.5 100.0 100.0 69.1 100.0
- TR
Sample Image
Sex (%) Female 47.8 40.7 43.5 44.6 50.4 43.1
© Male 52.2 59.3 56.5 55.4 49.6 56.9
Asian 3.1 10.5 - - - -
Black 15.6 5.4 - - - -
Race (%) White 61.0 56.4 - - - -
Other 20.3 27.8 - - - -
0-18 - - 4.8 5.0 3.7 21.8
18-40 13.8 13.9 27.7 27.3 9.2 16.0
Age (%) 40-60 31.1 31.1 43.9 42.9 26.5 27.1
60-80 40.0 39.0 22.7 23.9 38.0 30.0
80-100 15.1 16.0 0.9 0.9 22.6 5.1
Asian Female 1.5 4.5 - - - -
Asian Male 1.6 6.0 - - - -
Black Female 9.3 2.6 - - - -
. Black Male 6.3 2.7 - - - -
Intersection (%) White Female 273 229 - - - -
‘White Male 33.8 34.1 - - - -
Others Female 9.8 11.3 - - - -
Others Male 10.5 16.5 - - - -
No Finding 39.8 10.0 53.8 - 34.9 41.2
Effusion 20.0 38.6 11.9 - 5.9 7.5
Task Prevalence (%) b oymothorax 3.4 8.7 47 28.4 0.3 0.7
Cardiomegaly 14.9 12.1 2.5 - 9.5 22.6

Figure 8-2: Demographic and label characteristics of the six X-ray datasets used in
this study.

OOD dataset created by merging CheXpert [182], NIH [296], SIIM [297], PadChest [298],
and VinDr [299]. We include all images (both frontal and lateral), and split each dataset
into 70% train, 15% validation, 15% test sets. Note that only MIMIC-CXR and CheXpert
have patient race information available. For MIMIC-CXR, demographic information was
obtained by merging with MIMIC-IV [303]. For CheXpert, separate race labels were ob-
tained from the Stanford AIMI website. Where applicable, we drop patients with missing
values for any attribute.

For all datasets, we exclude samples where the corresponding patient has missing age
or sex. For ODIR and ISIC, we drop samples from patients younger than 18 and older than
80 due to small sample sizes (i.e., smaller than 3% of the total dataset).

We scale all images to 224 <224 for input to the model. We apply the following image
augmentations during training only: random flipping of the images along the horizontal
axis, random rotation of up to 10 degrees, and a crop of a random size (70% to 100%) and

a random aspect ratio (3/4 to 4/3).
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B 8.2 Methods

B 8.2.1 Model Training

We train a grid of deep convolutional neural networks [304] on MIMIC-CXR (radiology),
ODIR (ophthalmology), and ISIC (dermatology), varying the classification task. Our ap-
proach follows prior work which achieves state-of-the-art performance in these tasks [291]
using standard training or Empirical Risk Minimization (ERM) [305]. We also evaluate
five algorithms designed to remove spurious correlations, or increase model fairness dur-
ing training. We categorize these algorithms into those that (1) reweight samples based
on their group to combat underrepresentation (ReSample [160], GroupDRO [134]), (2) ad-
versarially remove group information from model representations (DANN [113], CDANN
[306]), and (3) more generically attempt to improve model generalization (MA [307]). In
total, our analysis encompassed a total of 3,456 models trained on MIMIC-CXR, corre-
sponding to the cartesian product of 4 tasks, 4 demographic attributes, 6 algorithms, 12

hyperparameter settings, and 3 random seeds.

B 8.2.2 Assessing the Fairness of ML Models

In order to assess the fairness of ML models, we evaluate the metrics described above
for each demographic group, as well as the difference in the value of the metric between
groups. Equality of TPR and TNR between demographic groups is known in the algorith-
mic fairness literature as equal odds [308]. As the models we study in this work are likely
to be used as screening or triage tools, the cost of a False Positive (FP) may be different
from the cost of a False Negative (FN). In particular, for No Finding prediction, FPs (cor-
responding to underdiagnosis [291]) would be more costly than FNs, and so we focus on
the FPR (or TNR) for this task. For all remaining disease prediction tasks, we focus on the
FNR (or TPR) for the same reason. Equality in one of the class conditioned error rates is an
instance of equal opportunity [309].

Finally, we also examine the per-group ECE and ECE gap between groups. Note that
zero ECE for both groups (i.e., calibration per group) implies the fairness definition known
as sufficiency of the risk score [308]. We emphasize that differences in calibration between
groups is a significant source of disparity, as consistent under or over-estimation of risk for

a particular group could lead to under or over-treatment for that group at a fixed operating
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threshold relative to the true risk [310].

B 8.2.3 Evaluation Methods

To evaluate the performance of disease classification in medical imaging, we use the fol-
lowing metrics: the area under the ROC curve (AUC), True Positive Rate (TPR), True Neg-
ative Rate (TNR), and Expected Calibration Error (ECE).

We also reported AUC, which is the area under the corresponding ROC curves showing
an aggregate measure of detection performance. Finally, we report the Expected Calibra-

tion Error (ECE) [189], which we compute using the netcal library [311].

B 8.2.4 Training Details

We train DenseNet-121 [304] models on each task, initializing with ImageNet [312] pre-
trained weights. We evaluate six algorithms: empirical risk minimization (ERM [305]), re-
sampling to equalize group size (Resample [160]), group distributionally robust optimiza-
tion (GroupDRO [134]), domain adversarial training (DANN [113]), domain adversarial
training conditioned on the label (CDANN [306]), and weight averaging (MA [307]).

For each combination of task, algorithm, and demographic attribute, we conduct a
random hyperparameter search [313] with 15 runs. During training, for a particular at-
tribute, we evaluate the validation set worst-group validation AUROC every 1,000 steps,
and early stop if this metric has not improved for 5 evaluations. We tune the learning rate
and weight decay for all algorithms, and also tune algorithm specific hyperparameters
as mentioned in the original works. We select the hyperparameter setting that maximizes
the worst-attribute validation AUROC. Confidence intervals are computed as the standard
deviation across three different random seeds for each hyperparameter setting.

To obtain the level of demographic encoding within representations, we first compute
representations using a trained disease prediction model. We freeze these representations,
and train a multi-class multinomial logistic regression model to predict the demographic
group using the training set using the scikit-learn library [314]. We vary the L, regular-
ization strength between 1075 and 10, and select the model with the best macro-averaged

AUROC on the validation set. We report the macro-averaged AUROC on the test-set.
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B 8.2.5 Decomposing Out-of-Distribution Fairness

Here, we present a first approach towards decomposing the fairness gap in an out-of-
distribution environment as a function of the in-distribution fairness gap, and the impact
that the distribution shift has in each group. In particular, let Dy, and Dy,, be the source
and target datasets, respectively. Let ¢ € G be a particular group from a set of groups.
Let L¢(g, D) be an evaluation metric for a model f, which is decomposable over individ-
ual samples, i.e., Ly(g,D) = >_(, , :epg—=g [(f(2),y). Examples of such metrics are the

accuracy, TPR, or TNR. Then, we can decompose:

Lf(gh Dtar) - Lf(g27 Dtar) - [Lf(glv Dsrc) - Lf(QZ; Dsrc)] +
[Lf(92a Dsrc) - Lf(g2, Dtar)} -

[Lf(gla Dsrc) - Lf(gla Dtar)} .

The left-hand term is the fairness gap in the out-distribution environment, and the three
terms on the right are (1) the fairness gap in the in-distribution data, (2) the impact of the
distribution shift on g, and (3) the impact of the distribution shift on g;. We note that to
achieve a low fairness gap in the out-of-distribution environment, it is important not only
to minimize the in-distribution fairness gap (term 1), but also to minimize the difference

in how the distribution shift impacts each group (term 2 - term 3).

B 8.2.6 Statistical Analysis

Correlation. To calculate the correlations between variables, we used Pearson correlation
coefficients and their associated p-value (two-sided t-test, & = 0.05). 95% CI for the Pear-

son correlation coefficient was calculated.

Increase in OOD fairness gap. One-tailed Wilcoxon rank-sum test (o« = 0.05) was used to

assess the increase in OOD fairness gap compared to oracle models.

Confidence intervals. We use the non-parametric bootstrap sampling to generate confi-
dence intervals: random samples of size n (equal to the size of the original dataset) are
repeatedly sampled 1,000 times from the original dataset with replacement. We then es-
timate the increase in OOD fairness gap compared to oracle using each bootstrap sample

(a = 0.05).
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All statistical analysis was performed with Python version 3.9 (Python Software Foun-

dation).

B 8.3 Results

B 8.3.1 Algorithmic encoding of protected attributes leads to model fairness
gaps

We separately train deep learning models for our four distinct CXR prediction tasks (“No
Finding”, “Cardiomegaly”, “Effusion”, “Pneumothorax”), as well as “Retinopathy” in
ophthalmology, and “No Finding” in dermatology. Each model consists of a feature extrac-
tor followed by a disease prediction head. We then employ a transfer learning approach,
wherein we keep the weights of the feature extractor frozen and retrain the model to pre-
dict sensitive attributes (e.g., race). This allows us to assess the amount of attribute-related
information present in the features learned by each model as measured by the area under
the ROC curve (AUC) for attribute prediction (details in the Methods section). We extend
prior work [315] demonstrating that deep models trained for disease classification encode
demographic attributes, and test across a wider range of settings. As Fig. 8-3a, 8-3c, and
8-3e confirms, the penultimate layer of different disease models contains significant infor-
mation about four demographic attributes (age, race, sex, and the intersection of sex and
race), and that is consistent across different tasks and medical imaging modalities.

We then assess the fairness of these models across demographic subgroups as defined
by equal opportunity [309], i.e., discrepancies in the model’s false negative rate (FNR) or
false positive rate (FPR) for demographic attributes. We focus on underdiagnosis [291], i.e.,
discrepancies in FPR for “No Finding” and discrepancies in FNR for other diseases. For
each demographic attribute, we identify two key subgroups with sufficient sample sizes:
age groups “80-100” (n=8,063) and “18-40” (n=7,319); race groups “White” (n=32,732)
and “Black” (n=8,279); sex groups “female” (n=25,782) and “male” (n=27,794); sex & race
groups “White male” (n=18,032) and “Black female” (n=5,027). In all tasks, we observe
that the models displayed biased performance within the four demographic attributes, as
evidenced by the FNR disparities (Fig. 8-3b). The observed gaps can be as large as 30% for
age. The same results hold for the other two imaging modalities (Fig. 8-3d, 8-3f).

We further investigate the degree to which demographic attribute encoding “shortcuts”
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Figure 8-3: Medical imaging models encode sensitive attributes and are unfair
across subgroups. a, The area under the ROC curve (AUROC) of demographic at-
tribute prediction from frozen representations for the best ERM model. We train ERM
models on MIMIC-CXR to predict four different binary tasks. ERM representations
encode demographic attributes to a high degree. b, The fairness gap, as defined by
the FPR gap for No Finding, and the FNR gap for all other tasks for the best ERM
model. ERM models exhibit high fairness gaps, especially between age groups. ¢, The
AUROC of demographic attribute prediction from frozen representations for the best
ERM model on the ODIR dataset (ophthalmology), following the same experimental
setup. d, The fairness gap for the best ERM model on the ODIR dataset (ophthalmol-
ogy). e, The AUROC of demographic attribute prediction from frozen representations
for the best ERM model on the ISIC dataset (dermatology), following the same exper-
imental setup. f, The fairness gap for the best ERM model on the ISIC dataset (der-
matology). g, The correlation between attribute prediction performance and fairness
for all learned models. We exclude models with suboptimal performance, i.e., with an
overall validation AUROC below 0.7. The attribute prediction AUROC shows a high
correlation with the fairness gap (No Finding, age: R=0.82, p=4.7e-08; No Finding,
sex & race: R=0.81, p=8.4e-09; Cardiomegaly, age: R=0.81, p=1.9e-07; Effusion, race:
R=0.71, p=6.4e-06; Pneumothorax, sex: R=0.59, p=2.3e-03). Each bar and its error bar

indicate the mean and standard deviation across 3 independent runs.
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may impact model fairness. We note that a model encoding demographic information does
not necessarily imply a fairness violation, as the model may not necessarily use this infor-
mation for its prediction. For each task and attribute combination, we train different mod-
els with varying hyperparameters (see Sec. 8.2). We focus on the correlation between the
degree of encoding of different attributes, and the fairness gaps as assessed by underdiag-
nosis. Fig. 8-3g shows that a stronger encoding of demographic information is significantly
correlated with stronger model unfairness (No Finding, age: R=0.82, p=4.7e-08; No Find-
ing, sex & race: R=0.81, p=8.4e-09; Cardiomegaly, age: R=0.81, p=1.9e-07; Effusion, race:
R=0.71, p=6.4e-06; Pneumothorax, sex: R=0.59, p=2.3e-03). Such consistent observations
indicate that models using demographic encodings as heuristic shortcuts also have larger

performance disparities.

B 8.3.2 Mitigating shortcuts creates locally optimal models that are fair and

performant

We perform model evaluations first in the in-distribution (ID) setting, where ERM models
trained and tested on data from the same source perform well. We compare ERM to state-
of-the-art robustness methods that have been designed to effectively address fairness gaps
while maintaining overall performance. As shown in Fig. 8-4a, ERM models exhibit large
fairness gaps across age groups when predicting Cardiomegaly (i.e., models centered in
the top right corner, FNR gap 20% between groups “80-100” and “18-40”). By applying de-
biasing robustness methods that correct demographic shortcuts, such as GroupDRO and
DANN, the resulting models are able to close the FNR gap, while achieving similar AU-
ROCs (e.g., the bottom right corner). Our results hold across different combinations of
diseases and attributes (Fig. 8-4b).

To demonstrate the value of model debiasing, we further plot the set of locally optimal
models - those on the Pareto front [316] that balance the performance-fairness tradeoff most
optimally on ID data (Fig. 8-4a). Those models that lie on this front are “locally optimal”, as
they have the smallest fairness gap that can be achieved for a fixed performance constraint
(e.g., AUROC > 0.8). In the ID setting, we find several existing algorithms that consistently
achieve high ID fairness without losing overall performance for disease prediction (Fig. 8-
4a, 8-4b).

Similar to our observations in radiology, we identify fairness gaps within subgroups



8.3. RESULTS 151

Figure 8-4:

Radiology
a Cardiomegal b ..
galy ( ) No Finding (age) Cardiomegaly (race)
o vanilla (ERM) ERM models %
@ 3
e subgroup robustness 330 ©° — g
= * 1
(®#Resample ¢ GroupDRO) ,'«\‘ § § .
20 e group adversarial II H P 4 i
J
(#DANN ¢ CDANN) "% g ¢ 8
= T 10 ‘52 *
< e general robustness (MA) ( ] v &
X _ $ $
~ 154 .00 * ®
Q " T v T 01_*
© 0.5 0.6 0.7 038 05 06 07 0%
(O] Overall AUROC Overall AUROC
2 10 ]
2 Effusion (sex) Effusion ( )
=
‘©
w Pareto front «® 6 e
8 3
- (J S5 2 ]
5+ 25 2 s
4 £ : :
LK 8 X
2 2
° ¢
041 @ & 2 & 5 i
T T T T ) S
0.5 0.6 0.7 0.8 11 e b *
T T T T ( T T T T
0.6 0.7 0.8 0.9 0.6 0.7 0.8 0.9
Overall AUROC Overall AUROG Overall AUROC
Ophthalmology Dermatology
c _ _ d - -
Retinopathy (age) Retinopathy (sex) No Finding (age) No Finding (sex)
. 104
15.04
10 o
S £ = S
g%, »y g 210,01 96 1
] ] 0] 0]
3 20 . 3 8 ™ 3
2 N % 14
o ° ] “ o o
£ £ 5 £ 509 % £
& 10 P * £ o ® g s £ .
K 2.5 ]
® [ Y]
04 L d 04 L 0.04 « o o @o@ 04« ” 4w i@
T . T T T T T T T T T T T T T T
0.5 0.6 0.7 0.8 0.5 0.6 0.7 038 05 06 07 08 05 06 07 08
Overall AUROC Overall AUROC Overall AUROC Overall AUROC

Algorithms for removing demographic shortcuts mitigate in-
distribution fairness gaps and maintain performance. a, b, Trade-off between the
fairness gap and overall AUROC for all trained models. Each plot represents a spe-
cific disease prediction task (e.g., Cardiomegaly) with a specific attribute (e.g., age). In
each case, we plot the Pareto front, the best achievable fairness gap with a minimum
constraint on the performance. ¢, d, Trade-off between the fairness gap and the overall
AUROC on the ODIR dataset (ophthalmology) and ISIC dataset (dermatology).
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Figure 8-5: The tradeoff between the fairness gap and the expected calibration error
(ECE) gap. For the No Finding task, we examine the trade-off between the fairness
gap and the ECE gap (age: R=-0.85, p=7.5e-42; race: R=-0.64, p=6.1e-15; sex: R=-0.73,
p=4.4e-28; sex & race: R=-0.45, p=1.9e-08).

based on age and sex in dermatology and ophthalmology, respectively (Fig. 8-3d, 8-3f).
We further verify the Pareto front for both attributes, where similar observations hold that
algorithms for fixing demographic shortcuts could improve in-distribution fairness while

incurring minimal detriments to performance (Fig. 8-4c, 8-4d).

B 8.3.3 Locally optimal models exhibit trade-offs in other metrics

We examine how locally optimal models that balance fairness and AUROC impact other
metrics, as previous work has shown it is theoretical impossibility to balance fairness mea-
sured by probabilistic equalized odds and calibration by group [317, 318]. We find that
optimizing fairness alone leads to worse results for other clinically meaningful metrics
in some cases, indicating an inherent tradeoff between fairness and other metrics. First,
for the “No Finding” prediction task, enforcing fair predictions across groups results in
worse expected calibration error gap (ECE Gap, Fig. 8-5) between groups. Across different
demographic attributes, we find a consistent statistically significant negative correlation
between ECE Gap and Fairness Gap (age: R=-0.85, p=7.5e-42; race: R=-0.64, p=6.1e-15;
sex: R=-0.73, p=4.4e-28; sex & race: R=-0.45, p=1.9e-08).

These findings stress that these models, though being locally optimal, exhibit worse
results on other important and clinically relevant performance metrics. This uncovers the
limitation of blindly optimizing fairness, emphasizing the necessity for more comprehen-

sive evaluations to ensure the reliability of medical Al models.
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Figure 8-6: The transfer of performance (overall AUROC) and fairness between the
ID (MIMIC-CXR) and OOD datasets. a, We plot the Pearson correlation coefficient
of ID vs. OOD performance versus the Pearson correlation coefficient of ID vs. OOD
fairness. Here, each point is derived from a grid of models trained on a particular
combination of task and attribute. We find that there is a high correlation between ID
and OOD performance in all cases, but the correlation between ID and OOD fairness
is tenuous. b, ¢, We show how two particular points in the first plot are obtained;
one where fairness transfers (“Effusion” with “age” as the attribute; R=0.98, p=3.0e-
36), and one where it does not (“Pneumothorax” with “sex & race” as the attribute;
R=-0.50, p=4.4e-3). d, e, We show the transformation of the ID Pareto front to the
OOD Pareto front, for Cardiomegaly prediction using race as the attribute, finding
that models that are Pareto optimal ID often do not maintain Pareto optimality OOD.
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B 8.3.4 Locally optimal model fairness does not transfer under distribution

shift

When deploying Al models in real settings, it is crucial to ensure that models can general-
ize to data from unseen institutions or environments. We directly test all trained models in
the out-of-distribution (OOD) setting, where we report results on external test datasets that
are unseen during model development. Fig. 8-6a illustrates that the correlation between ID
and OOD performance is high across different settings, which has been observed in prior
work [191]. However, we find that there is no consistent correlation between ID and OOD
fairness. For example, Fig. 8-6b shows an instance where the correlation between ID fair-
ness and OOD fairness is strongly positive (“Effusion” with “age” as the attribute; R=0.98,
p=3.0e-36), while Fig. 8-6c shows an instance where the correlation between these metrics
is actually significantly negative (“Pneumothorax” with “sex & race” as the attribute; R=-
0.50, p=4.4e-03). Across 16 combinations of task and attribute, we find that 5 such settings
exhibit this negative correlation, and 3 additional settings exhibit only a weak (R < 0.5)
positive correlation. Thus, improving ID fairness may not lead to improvements in OOD
fairness, highlighting the complex interplay between fairness and distribution shift [319].
In addition, we investigate whether models achieving ID Pareto optimality between
fairness and performance will maintain in OOD settings. As shown for “Cardiomegaly”
prediction using race as the attribute, models originally on the Pareto front ID (Fig. 8-6d)
do not guarantee to maintain Pareto optimality when deployed in a different OOD setting

(Fig. 8-6e).

B 8.3.5 Dissecting model fairness under distribution shift

To disentangle the OOD fairness gap, we present a way to decompose model fairness un-
der distribution shift. Specifically, we decompose and attribute the change in fairness be-
tween ID and OOD to be the difference in performance change for each of the groups, i.e.,
the change in fairness is determined by how differently the distribution shift affects each
group (details in Sec. 6.2).

In Fig. 8-7, we show an example of transferring a model to predict No Finding trained
on CheXpert (ID) to the MIMIC-CXR data (OOD), while evaluating fairness across gen-
ders. We find that the model is fair with respect to the FPR gap in the ID setting (-0.1%
gap, not significant), but has a significant FPR gap when deployed in the OOD setting
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Figure 8-7: Examining the gender biases of an ERM model for No Finding predic-
tion, trained on CheXpert (ID) and deployed on MIMIC-CXR (OOD). a, We plot the
receiver operating characteristic (ROC) curves for each group and each dataset, mark-
ing the operating point of the model. b, This shift in the operating point results in a
change in the FPR values of males and females on the OOD dataset, with both groups
seeing increased underdiagnosis, but females are impacted more heavily. ¢, We de-
compose the OOD fairness gap as a function of the ID fairness gap, and the change in
FPR for each of the groups, finding that the large increase in OOD fairness is primarily
attributable to the increase in FPR for females. Each bar and its error bar indicate the
mean and standard deviation across 3 independent runs.

(3.2%), with females being underdiagnosed at a higher rate (Fig. 8-7b).

We then segment this FPR gap by gender, and find that females experience an increase
in FPR of 3.9%, while males experience an increase in FPR of 0.8% (Fig. 8-7c). In other
words - the model becomes worse for both groups in an OOD setting, but to a much larger
extent for female patients. This decomposition suggests that mitigation strategies which
reduce the impact of the distribution shift on females could be effective in reducing the
OOD fairness gap in this instance. We further extend this study to a larger set of tasks
and protected attributes. Across all settings, the disparate impact of distribution shift on
each group is a significant component, indicating that mitigating the impact of distribution
shift is as important as mitigating ID fairness, if the goal is to achieve a fair model out-of-

distribution.

B 8.3.6 Globally optimal model selection for out-of-domain fairness

Fig. 8-6 shows that selecting a model based on in-distribution fairness may not lead to a
model with optimal OOD fairness. Here, we examine alternate model selection criteria
that may lead to better OOD fairness, when we only have access to ID data. Our goal is
to find “globally optimal” models which maintain their performance and fairness in new

domains. First, we subset our selection only to models that have satisfactory ID overall
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Figure 8-8: OOD fairness of models with different model selection criteria and for
different algorithms. a, We vary the in-distribution model selection criteria, and com-
pare the selected model against the oracle which chooses the model that is most fair
OOD. We plot the increase in OOD fairness gap of the selected model over the or-
acle, averaged across 42 combinations of OOD dataset, task, and attribute. We find
that selection criteria based on choosing models with minimum attribute encoding
achieve better OOD fairness than naively selecting based on in-distribution fairness,
or other aggregate performance metrics (“Minimum Attribute Prediction Accuracy”
vs “Minimum Fairness Gap”: p=9.60e-94, one-tailed Wilcoxon rank-sum test; “Min-
imum Attribute Prediction AUROC” vs “Minimum Fairness Gap”: p=1.95e-12, one-
tailed Wilcoxon rank-sum test). b, We select the model for each algorithm with the
minimum in-distribution fairness gap. We evaluate its OOD fairness against the oracle
on the same 42 settings. We find that removing demographic encoding (i.e., DANN)
leads to the best OOD fairness (“DANN" vs “ERM”: p=1.86e-117, one-tailed Wilcoxon
rank-sum test). Error bars indicate 95% confidence intervals estimated using non-
parametric bootstrap sampling (n=1,000) are shown.
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performance (defined as those with overall validation AUROC no less than 5% of the best
ERM model). As validated in Fig. 8-6, this set of models will also have satisfactory OOD
performance.

Next, we propose eight candidate model selection criteria (Fig. 8-8a), corresponding to
selecting the model from this set that minimizes or maximizes some in-distribution metric.
We evaluate the selected model by its OOD fairness across five external datasets, each con-
taining up to four attributes and up to four tasks, corresponding to a total of 42 settings. We
compare the OOD fairness of the selected model to the OOD fairness of an “oracle”, which
observes samples from the OOD dataset and directly chooses the model with the smallest
OOD fairness gap. For each setting, we compute the increase in fairness gap of each selec-
tion criteria relative to the oracle. In Fig. 8-8a, we report the mean across the 42 settings,
as well as the 95% confidence interval computed from 1,000 bootstrap iterations. We find
that, surprisingly, selecting the model with the minimum ID fairness gap may not be opti-
mal. Instead, two other criteria based on selecting models where the embedding contains
the least attribute information, lead to a lower average OOD fairness gap. For instance,
we observe a significantly lower increase in OOD fairness gap by selecting models with
the “Minimum Attribute Prediction Accuracy” as compared to “Minimum Fairness Gap”
(p=9.60e-94, one-tailed Wilcoxon rank-sum test). The result echoes our finding in Fig. 8-3
that the encoding of demographic attributes is positively correlated with ID fairness.

Finally, we study the fairness of each algorithm in the OOD setting. We maintain the
performance cutoff described above, and select the model for each algorithm with the
lowest ID fairness gap. In Fig. 8-8b, we report the mean increase in OOD fairness gap
relative to the oracle across the same 42 settings. We find that methods which remove
demographic information from embeddings (specifically, DANN) lead to the lowest aver-
age OOD fairness gap (“DANN”" vs “ERM”: p=1.86e-117, one-tailed Wilcoxon rank-sum
test). Our findings demonstrate that evaluating and removing demographic information
encoded by the model in-distribution may be the key to “globally optimal” models which

transfer both performance and fairness to external domains.
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B 8.4 Discussion

We have demonstrated the interplays between the demographic encoding of attributes as
“shortcuts” in medical imaging Al models, and how they change under distribution shifts.
Importantly, we were able to validate our findings across global-scale datasets in radiol-
ogy, and across multiple medical imaging modalities. The results show that algorithmic
encoding of protected attributes leads to unfairness (Fig. 8-3), and mitigating shortcuts
can reduce ID fairness gaps and maintain performance (Fig. 8-4). However, our results
also show that there exists inherent tradeoff for clinically meaningful metrics beyond fair-
ness (Fig. 8-5), and such fairness does not transfer under distribution shift (Fig. 8-6). We
provide initial strategies to dissect and explain the model fairness under distribution shifts
(Fig. 8-7). Our results further reveal actionable algorithm and model selection strategies
for out-of-domain fairness (Fig. 8-8).

Our results have multiple implications. First, they offer a cautionary tale on the efficacy
and consequences of eliminating demographic shortcuts in disease classification models.
On the one hand, removing shortcuts addresses ID fairness which is a crucial consideration
in fair clinical decision making [291]. On the other hand, the resulting trade-offs with other
metrics and non-transferability to OOD settings raises the question about the long-term
utility in removing such shortcuts. This is particularly complex in the healthcare setting,
where the relationship between the demographics and the disease or outcome label are
complex, variables can be mislabeled, and distribution shifts between domains are difficult
to quantify [320].

Second, we frame demographic features as potential “shortcuts”, which should not be
utilized by the model to make disease predictions. However, some demographic variables
could be a direct causal factor in some diseases (e.g., sex as a causal factor of breast cancer).
In these cases, it would not be desirable to remove all demographic reliance, but instead
match the reliance of the model on the demographic attribute to its true causal effect [321].
In the tasks we have examined here, demographic variables such as race may have an
indirect effect on disease (e.g., through socioeconomic status) [322], which may vary across
geographic location, or even time period. Whether demographic variables should serve as
proxies for these causal factors is a decision that should rest with the model deployers

[323, 320].
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Third, we present a preliminary decomposition for diagnosing OOD model fairness
changes, by expressing it as a function of the ID fairness gap, and the performance change
of each group. We find that the disparate impacts of distribution shift on per-group perfor-
mance is a significant contributor to lack of fairness in OOD settings. Our work suggests
that, for practitioners trying to achieve fairness in models deployed in a different domain,
mitigating ID fairness (e.g., through methods we have evaluated here) is at least as impor-
tant as mitigating the impact of distribution shift for particular groups. However, building
models robust to arbitrary domain shifts is, in general, a challenging task [133]. Having
some knowledge or data about how the distributions may shift, or even the ability to ac-
tively collect data for particular groups, may be necessary [324]. Developing methods and
deriving theoretical characterizations of fairness under distribution shift is an active area
of research [319].

Fourth, the FDA, as the primary regulatory body for medical technologies [9], along
with guidelines from a recent White House Executive Order on Al [325], does not require
external validation of clinical AI models, relying instead on the assessment by the prod-
uct creator. Our findings underscore the necessity for regular evaluation of model perfor-
mance under distribution shift [142], challenging the popular opinion of a single fair model
across different settings [326]. This questions the effectiveness of developer assurances on
model fairness at the time of testing and highlights the need for regulatory bodies to con-
sider real-world performance monitoring, including fairness degradation. Finally, when
a model is deployed in any clinical environment, both its overall and per-group perfor-
mance, as well as associated clinical outcomes, should be continuously monitored [327].

Finally, while we imply that smaller “fairness gaps” are better, enforcing these group
fairness definitions can lead to worse utility and performance for all groups [317, 328], and
other fairness definitions may be better suited to the clinical setting [329]. We note that
these invariant notions of fairness could have drawbacks [330], as equalized odds are in-
compatible with calibration by group (Fig. 8-5), and enforcing equalized odds often lead
to the “levelling down” effect in overall performance [328]. We present the Pareto curve
showing the tradeoff between fairness and accuracy, allowing the practitioner to select a
model that best fits their deployment scenario. In general, we encourage practitioners to
choose a fairness definition that is best-suited to their use case, and carefully consider the

performance-equality trade-off. The impact of minimizing algorithmic bias on real-world
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health disparities, the ultimate objective, is complex [331], and there is no guarantee that
deploying a fair model will lead to equitable outcomes. In addition, though we construct
several models for clinical risk prediction in this chapter, we do not advocate for deploy-
ment of these models in real-world clinical settings without practitioners carefully testing
models on their data and taking other considerations into account (e.g., privacy, regulation,

interpretability) [197].



CHAPTER 9

Conclusion

In this dissertation, we present machine learning approaches and systems that extend
healthcare capabilities beyond current clinical settings. By customizing machine learning
models and algorithms, the presented technologies are able to close the healthcare gaps
across time, location, and individuals, enabling new disease biomarker discovery and im-
proving medical delivery and health equity. Specifically, the first part of the thesis intro-
duces new machine learning algorithms to address inherent healthcare data challenges,
including learning under label scarcity, tackling data imbalance, improving domain general-
ization, and maintaining fairness under subpopulation shifts. In the second part, we study
the translation of these generic algorithms into practical systems that extend healthcare
capabilities. These include the Al-enabled biomarker for early detection of Parkinson’s
disease, in-home touchless monitoring of sleep posture overnight, and practices for fair
and ethical deployment of medical AI models in changing environments.

Our contributions span both machine learning and computational health. From a
machine learning perspective, we introduce algorithms that account for the unique con-
straints posed by health data. Unlike the carefully curated datasets commonly used in
other Al fields, imperfect health data present distinct challenges that necessitate robust
algorithm design. Consequently, the algorithms developed not only enhance healthcare
applications but are also versatile enough to be applied across other high-stakes domains.
From a healthcare perspective, this dissertation adopts a data-driven computational ap-

proach that significantly extends healthcare capabilities. This approach holds the potential
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to transform discovery, delivery, and equity in healthcare. While this dissertation presents
only three implementations of such applications, they serve as driving examples for pro-
gressing towards the ultimate vision of a generalist medical Al that sees into the future,
blends into our surroundings, and equalizes care for all.

The dissertation also has a broader impact on precision health and drug clinical trials.
The Al-based sensing technologies could be deployed in the home to monitor sleep, vi-
tal signs, activities, and infer disease states in a passive and continuous manner. It could
inform the caregiver of real-time changes in health status and help clinicians better under-
stand disease progression. It could also be used in clinical trials to monitor medication
response, improve safety, and speed up the drug development process. Notably, some
of the technologies presented in this dissertation have already been deployed in the real
world. In particular, our Al-based biomarker has been used in collaboration with Univer-
sity of Rochester Medical School to monitor sleep and gait in Parkinson’s patients [16]. It

has also been adapted to monitor COVID-19 patients remotely [24].

B 9.1 Future Directions

This thesis opens the door for several interesting future directions. Below, I outline direc-
tions that expand upon the presented research and move towards tackling open challenges
in this field.

We begin with directions on the machine learning for healthcare side:

¢ Interpretable Medical AI Models. An exciting and crucial direction is enhancing the inter-
pretability and human-compatibility of medical AI models. While AI models are pow-
erful, they can often be fragile and opaque [332], which is particularly problematic in
high-stakes fields such as medicine and healthcare. The biomarkers and systems devel-
oped here provide initial steps towards understanding model behaviors and decision-
making processes (e.g., the attention layer and interpretation through EEG in Chapter 6).
Future research should prioritize the development of models that are explainable, fos-

tering trust among clinicians and enhancing their usability in clinical settings.

* Combining Retrospective and Prospective Learning. The dynamic and ever-changing nature

of healthcare necessitates a dual approach in machine learning: leveraging insights from
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historical data while constantly adapting to emerging trends. This dissertation has ex-
plored both retrospective analyses (e.g., Chapter 8) and prospective studies (e.g., Chap-
ter 6 & 7). Future research could develop reliable offline and online learning frameworks
that not only draw insights from complex historical health data but also adapt efficiently

and proactively in real-time for effective decision-making.

* Fairness under Shifts and Uncertainty. In healthcare and other high-stakes applications,
ensuring equity requires rethinking their behaviors under distribution shifts and uncer-
tainties in evolving health and societal contexts. Building on this thesis in fairness under
distribution shifts [7, 25, 26], future work could explore principled methods to quantify
and mitigate biases under real-world shifts, uncertainties, and regulations. This involves
addressing fairness on multiple fronts: individual, subgroup, and systemic levels, espe-

cially when algorithms are deployed in new environments or populations.

Next, we envision future directions for moving towards next-generation healthcare

along multiple avenues:

* Using Al to Understand Chronic Diseases. This dissertation has demonstrated the poten-
tial of Al-enabled digital biomarkers for Parkinson’s disease (Chapter 6). This modeling
pipeline is an initial step toward a deeper understanding and management of chronic
diseases. Future research could investigate phenotypes identification, discovering com-
posite biomarkers, and measuring medication responses at a more personalized level.
While this thesis has focused on Parkinson’s, the framework could be expanded to in-
clude other neurological diseases such as ALS and Alzheimer’s. Beyond neurological
disorders, there is potential for this framework to be applied to a wider range of chronic

conditions, including mental health issues and depression.

* Closing the Sensing-Learning-Intervention Loop. Another promising direction is to create a
fully integrated "sensing-learning-intervention" ecosystem. This dissertation has high-
lighted the capabilities of Al-enabled devices for passive and remote health monitoring.
By utilizing computational methods, these technologies can reveal insights outside clin-
ics (Chapter 6 & 7). Taking this further, such a sensing-learning pipeline sets the stage
for closing the loop by implementing Al-driven interventions that can modify behaviors
and enhance health outcomes. We can then continually gather sensory data, establishing

a self-sustaining loop that propels next-generation healthcare right in the home.
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* Human-Centered Medical Al Finally, incorporating a human-centric approach into med-
ical Al systems is crucial for tackling unique challenges in health and medicine. Fu-
ture research could focus on enhancing collaboration between humans and Al to create
systems that are transparent, accountable, and capable of providing actionable insights
while fostering trust among all stakeholders. This involves improving human-Al inter-
actions using advanced tools, such as large language models (LLMs), to enhance patient-
provider communications, support decision-making processes, and personalize inter-
ventions. Prioritizing the co-design of Al systems with clinicians, patients, and other

stakeholders is crucial to ensure their ethical deployment.



APPENDIX A

Details and Results for SimPer

B A.1 Dataset Details

In this section, we provide the detailed information of the six datasets we used in our
experiments. Fig. A-1 shows examples of each dataset, and Table A-1 provides the statistics

of each dataset.

RotatingDigits (Synthetic Dataset). We create RotatingDigits, a synthetic periodic learning
dataset of rotating MINIST digits [58], where samples are created with the original digits
rotating on a plain background at rotational frequencies between 0.5Hz and 5Hz. The
training set consists of 1,000 rotating video clips (100 samples per digit number), each
sample with a frame length of 150 and a sampling rate of 30Hz. The test set consists of

2,000 rotating video clips (200 samples per digit number).

SCAMPS (Human Physiology). The SCAMPS dataset [59] contains 2, 800 synthetic videos
of avatars with realistic peripheral blood flow and breathing. The faces are synthesized us-
ing a blendshape-based rig with 7,667 vertices and 7,414 polygons and the identity basis
is learned from a set of high-quality facial scans. These texture maps were sampled from
511 facial scans of subjects. The distribution of gender, age and ethnicity of the subjects
who provided the facial scans can be found in [333]. Blood flow is simulated by adjust-
ing properties of the physically-based shading material'. We randomly divide the whole
dataset into training (2, 000 samples), validation (400 samples), and test (400 samples) set.

"https://www.blender.org/
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Each video clip has a frame length of 600 and a sampling rate of 30Hz.

UBFC (Human Physiology). The UBFC dataset [60] contains a total of 42 videos from 42 sub-
jects. The videos were recorded using a Logitech €920 HD Pro at 30Hz. A pulse oximeter
was used to obtain the gold-standard PPG data (30Hz). The raw resolution is 640 x 480 and
videos are recorded in a uncompressed 8-bit RGB format. We postprocess the videos by
cropping the face region and resizing them to 36 x 36. We manually divide each video into
non-overlapping chunks [45] with a window size 180 frames (6 seconds). The resulting

number of training and test samples are 518 and 106, respectively.

PURE (Human Physiology). The PURE dataset [61] includes 60 videos from 10 subjects
(8 male, 2 female). The subjects were asked to seat in front of the camera at an average
distance of 1.1 meters and lit from the front with ambient natural light through a win-
dow. Each subject was then instructed to perform six tasks with varying levels of head
motion such as slow/fast translation between camera plane and head motion as well as
small/medium head rotations. Gold-standard measurements were collected with a pulse
oximeter at 60Hz. The raw video resolution is 640 x 480. We postprocess the videos by
cropping the face region and resizing them to 36 x 36, and downsample the ground-truth
PPG signal to 30Hz from 60Hz. We manually divide each video into non-overlapping
chunks [45] with a window size 180 frames (6 seconds). The resulting number of training

and test samples are 1,028 and 226, respectively.

Countix (Action Counting). The Countix dataset [43] is a subset of the Kinetics [62] dataset
annotated with segments of repeated actions and corresponding counts. The creators
crowdsourced the labels for repetition segments and counts for the selected classes. We
further filter out videos that have a frame length shorter than 200, and make all videos
have a fixed length of 200 frames. The resulting dataset has 1, 712 training samples, 457

validation samples, and 963 test samples, with a resolution of 96 x 96.

Land Surface Temperature (LST) (Satellite Sensing). Land surface temperature is an indica-
tor of the Earth surface energy budget and is widely required in applications of hydrology,
meteorology and climatology. It is of fundamental importance to the net radiation budget
at the Earth’s surface and for monitoring the state of crops and vegetation, as well as an
important indicator of both the greenhouse effect and the energy flux between the atmo-

sphere and earth surface. We created a snapshot of data from the NOAA GOES-16 Level 2
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Figure A-1: Examples of sequences from the datasets used in our experiments.

(b) SCAMPS [59]

(f) Countix [43]
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Table A-1: Detailed statistics of the datasets used in our experiments.

Targets Sampling freq. Frame length # Training set # Val. set # Test set
RotatingDigits Rotation frequency 30Hz 150 1,000 — 2,000
SCAMPS [59] Heart rate 30Hz 600 2,000 400 400
UBEC [60] Heart rate 30Hz 180 518 - 106
PURE [61] Heart rate 30Hz 180 1,028 — 266
Countix [43] Action counts 20~30Hz 200 1,712 457 963
LST Temperature Hourly 100 276 — 92

LST product comprising of hourly land surfaces temperature outputs over the continental
United States (CONUS). The LST measurements are sampled hourly over a 100 day period
leading to 2,400 LST maps at a resolution of 1, 500 x 2, 500. As the spatial resolution is high,
we divide each map into four quarters (North-West US, North-East US, South-West US,
and South-East US). We create each input sample using a window size of 100 frames with
a step size of 24 (a day). The target signal is the temperature time series of the future 100
frames. The resulting dataset has 276 training samples and 92 test samples, with a spatial

resolution of 100 x 100.

B A.2 Experimental Settings

B A.2.1 Competing Algorithms

We employ the following state-of-the-art SSL algorithms for comparisons.

SimCLR [36]. SimCLR learns feature representations by contrasting images with data
augmentation. The positive pairs are constructed by sampling two images with different

augmentations on one instance. The negative pairs are sampled from two different images.

MoCo v2 [37]. MoCo learns feature representations by building large dictionaries along
with a contrastive loss. MoCo maintains the dictionary as a queue of data samples by
enqueuing the current mini-batch and dequeuing the oldest mini-batch. The keys are en-
coded by a slowly progressing encoder with a momentum moving average and the query

encoder.

BYOL [63]. BYOL leverages two neural networks to learn the feature representations: the

online and target networks. The online network has an encoder, a projector, and a predictor
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while the target network shares the same architecture but with a different set of weights.

The online network is trained by the regression targets provided by the target network.

CVRL [39]. Contrastive Video Representation Learning (CVRL) is a self-supervised learn-
ing framework that learns spatial-temporal features representations from unlabelled videos.
CVRL generates positive pairs by adding temporally consistent spatial augmentation on
one videos clip and generate negative pairs by sampling two different video clips. The goal
of contrastive loss is to minimize the embedding distance from the positive augmented

video clips but maximize the distance from negative video clips.

B A.2.2 Implementation Details

We describe the implementation details in this section. We first introduce parameters that
are fixed to be the same across all methods, then detail the specific parameters for each
dataset.

For all SSL methods, we follow the literature [36, 37] and apply the same standard data
augmentations in contrastive learning. For temporal augmentations, we mainly employ
random_reverse and random_delay (with shorter clip subsampling [39]). Unless specified,

all augmentation hyper-parameters follow the original setup of each method.

RotatingDigits. On RotatingDigits, we adopt the network architecture as a simple 3D vari-
ant of the MNIST CNN used in [3, 133]. In the supervised setting, we train all models for
20 epochs using the Adam optimizer [334], with an initial learning rate of 1073 and then
decayed by 0.1 at the 12-th and 16-th epoch, respectively. We fix the batch size as 64 and
use the checkpoint at the last epoch as the final model for evaluation. In the self-supervised
setting, we train all models for 60 epochs, which ensures convergence for all tested algo-
rithms. We again employ the Adam optimizer and decay the learning rating at the 40-th

and 50-th epoch, respectively. Other training hyper-parameters remain unchanged.

SCAMPS. Similar to RotatingDigits, we employ the same 3D CNN architecture for all the
SCAMPS experiments. In the supervised setting, we train all of the models for 30 epochs
using the Adam optimizer, with an initial learning rate of 1073 and then decayed by 0.1
at the 20-th and 25-th epoch, respectively. We fix the batch size as 32 and use the last
checkpoint for final evaluation. In the self-supervised setting, we follow the same training

regime in RotatingDigits as described in the previous section.
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UBFC & PURE. Following [45, 48], we use the temporal shift convolution attention net-
work (TS-CAN) as our backbone model. To adapt TS-CAN on SimPer, we remove the
attention branch and make a variant of TS-CAN which only requires 3-channel as the in-
put instead of 6-channel. In the supervised setting, we use the Adam optimizer, learning
rate of 1073 and train the network for a total of 10 epochs. On the inner-dataset evaluation
(i-e., test and validation are the same), we use last epoch from the training of 80% for the
dataset and evaluate the pre-trained model on the last 20% dataset. On the cross-dataset
evaluation, we use 80% of the dataset for training and 20% for checkpoint selection then
evaluate the pre-trained model on a different dataset. In the self-supervised setting, all
other parameters remain unchanged except that we train for 60 epochs to ensure the SSL

loss converges for all algorithms.

Countix. We use a ResNet-3D-18 [65, 64] architecture for all Countix experiments, which is
widely used for video-based vision tasks. In the supervised setting, we train all models for
90 epochs using the Adam optimizer with an initial learning rate of 10~3 and then decayed
by 0.1 at the 60-th and 80-th epoch. We fix the batch size as 32 for all experiments. In the
self-supervised setting, we train all models for 200 epochs, and leave other parameters

unchanged.

LST. Similar to Countix, we use the ResNet-3D-18 [65] network architecture for LST ex-
periments. In the supervised setting, we train all models for 30 epochs using the Adam
optimizer with a learning rate of 1072 and a batch size of 16. In the self-supervised setting,
we train all models for 60 epochs while having other hyper-parameters the same for all

methods.

B A.2.3 Evaluation Metrics

We describe in detail all the evaluation metrics we used in our experiments.

MAE. The mean absolute error (MAE) is defined as 4 Zf\;l lyi — ¥i|, which represents
the averaged absolute difference between the ground truth and predicted values over all

samples.

MAPE. The mean absolute percentage error (MAPE) is defined as % vaz 1 \yzy;?], which
assesses the averaged relative differences between the ground truth and predicted values

over all samples.



A.3. ADDITIONAL RESULTS AND ANALYSIS 171

GM. We use error Geometric Mean (GM) as another evaluation metric [2]. GM is defined
as (Hf\; 1€) %, where e; = |y; — 7] represents the L error of each sample. GM aims to char-
acterize the fairness (uniformity) of model predictions using the geometric mean instead

of the arithmetic mean over the prediction errors.

Pearson correlation p. We employ Pearson correlation for performance evaluation on LST,
where Pearson correlation evaluates the linear relationship between predictions and cor-

responding ground truth values.

B A.3 Additional Results and Analysis

B A.3.1 Data Efficiency w.r.t. Reduced Training Data

We provide quantitative results to verify the data efficiency of SimPer in the presence of
reduced training data. Specifically, we use SCAMPS dataset, and vary the training dataset
size from 100% to only 5%, and use it for both pre-training and fine-tuning. We show the
final performance in Table A-2, where SimPer is able to achieve consistent performance
gains compared to baselines when the dataset size varies. Furthermore, the gains are more
significant when the dataset size is smaller (e.g., 5%), demonstrating that SimPer is partic-

ularly robust to reduced training data.

Table A-2: Data efficiency w.r.t. reduced training data. We vary the training dataset
size of SCAMPS (size fixed for both pre-training and fine-tuning), and show the final
fine-tuning performance of different methods.

Dataset size 100% 50% 20% 10% 5%
Metrics MAE! MAPE' MAE' MAPE' MAE! MAPE' MAE' MAPE' MAE'! MAPE*!
SUPERVISED 3.61 5.33 3.85 5.60 4.57 7.16 713  10.08 1224 1542
SIMCLR [36] 4.96 6.92 6.55 9.39 6.01 9.25 763 1019 13.75 15.72
CVRL [39] 5.52 7.34 3.66 5.64 4.86 7.77 7.08 945 1411 1591
SIMPER 3.27 4.89 3.38 5.24 3.93 5.67 4.65 7.06 4.75 7.64

GAINS VS. SUPERVISED +0.34 +0.44 +0.47 +0.36 +0.64 +1.49 +2.48 +3.02 +7.49 +7.78

B A.3.2 Amount of Labeled Data for Fine-tuning

We investigate the impact of the amount of labeled data for fine-tuning. Specifically, we

use the whole training set of SCAMPS as the unlabeled dataset, and vary the labeled data
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fraction for fine-tuning. As Table A-3 confirms, when the amount of labeled data is lim-
ited for fine-tuning, SimPer still substantially outperforms baselines by a large margin,
achieving a 67% relative improvement in MAE even when the labeled data fraction is only
5%. The results again demonstrate that SimPer is data efficient in terms of the amount of

labeled data available.

Table A-3: Data efficiency w.r.t. amount of labeled data for fine-tuning. We use
all data from SCAMPS as unlabeled training set for self-supervised pre-training, and
vary size of labeled data for fine-tuning.

Labeled data fraction 100% 50% 20% 10% 5%
Metrics MAE!' MAPE} MAE' MAPE' MAE!' MAPE' MAE} MAPE' MAE' MAPE!
SUPERVISED 3.61 5.33 3.85 5.60 457 7.16 7.13 10.08 1224 1542
SIMCLR [36] 496 6.92 492 7.09 5.57 8.46 7.82 1053 13.21 15.64
CVRL [39] 5.52 7.34 3.79 5.83 4.83 7.71 6.82 9.06 12.18 13.25
SIMPER 3.27 4.89 3.32 5.13 3.58 5.44 3.98 5.81 4.02 6.27

GAINS VS. SUPERVISED +0.34 +0.44 +0.53 +0.47 +0.99 +1.72 +3.15 +4.27 +8.22 +9.15

B A.3.3 Robustness to Spurious Correlations

We provide detailed quantitative results for the spurious correlations experiment in Sec-
tion 2.3.5. Recall that SImCLR is easy to learn information that is spuriously correlated
in the training data, and the learned representations do not generalize. Table A-4 fur-
ther confirms the observation, where SIimCLR achieves bad feature evaluation results with
large MAE & MAPE errors.

In contrast, SimPer is able to learn the underlying frequency information even in the
presence of strong spurious correlations, obtaining substantially smaller errors compared
to SimCLR. The results demonstrate that SimPer is robust to spurious correlations, and can

learn robust representations that generalize.

B A.3.4 Ablation Studies for SimPer

In this section, we perform extensive ablation studies on SimPer to investigate the effect of

different design choices as well as its hyper-parameter stability.
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Table A-4: Feature evaluation results on RotatingDigits with spurious correlations
in training data. Quantitative results in addition to Fig. 2-6 further verify that state-of-
the-art SSL methods (e.g., SImCLR) are vulnerable to spurious correlations, and could
easily learn information that is irrelevant to periodicity; In contrast, SimPer learns
desirable periodic representations that are robust to spurious correlations.

FFT 1-NN
Metrics MAE?! MAPE! MAE* MAPE*
SIMCLR [36] 3.06 125.48 1.49 80.28
SIMPER 0.36 15.04 0.78 27.03
GAINS +2.70 +110.44 +0.71 +53.25

Range of Periodicity-Variant Frequency Augmentation

We study the effect of using different ranges of the variant speed augmentations in SimPer.
We use the SCAMPS dataset, and vary the speed range during SimPer pre-training. As
Table A-5 reports, using different speed ranges does not change the downstream perfor-
mance by much, where all the results outperform the supervised baseline by a notable

margin.

Table A-5: Ablation study on the range of speed (frequency) augmentation. Default
settings used in the main experiments for SimPer are marked in gray .

SPEED RANGE = [0.5,1.5] [0.8,1.8] [0.5,2] [0.5,3]
MAPE* 4.97 4.92 4.89 4.98

Number of Periodicity-Variant Augmented Views

We study the effect of different number of periodicity-variant augmented views M on
SimPer. We again employ the SCAMPS dataset, and vary the number of augmented views
as M € {3,5,10,20}. Table A-6 shows the results, where we can observe a clear trend of
decreased error rates when increasing M. Yet, when M > 5, the benefits of increasing M
gradually diminish, indicating that a moderate // might be enough for the task. In the ex-
periments of all tested datasets, to balance the efficiency while maintaining the contrastive

ability, we set M = 10 by default.
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Table A-6: Ablation study on the number of periodicity-variant augmented views.
Default settings used in the main experiments for SimPer are marked in gray .

NUM. VIEWS 3 5 10 20
MAPE* 512 496 489 487

Table A-7: Ablation study on the choices of different periodic similarity measures.
Default settings used in the main experiments for SimPer are marked in gray .

SIMILARITY METRICS = MXCorr nPSD (cos(-)) nPSD (Ls)
MAPE* 4.89 4.88 4.92

Choices of Different Similarity Metrics

We investigate the impact of different choices of periodic similarity measures introduced
in Section 2.2.2. Specifically, we study three concrete instantiations of periodic similarity
measures: MXCorr, nPSD (cos(+)), and nPSD (L3). As Table A-7 shows, SimPer is robust
to all aforementioned periodic similarity measures, achieving similar downstream perfor-
mances. The results also demonstrate the effectiveness of the proposed similarity measures

in periodic learning.

Effectiveness of the Generalized Contrastive Loss

We assess the effectiveness of the generalized contrastive loss, as compared to the classic
InfoNCE contrastive loss. Table A-8 highlights the results over all six datasets, where
consistent gains can be obtained when using the generalized contrastive loss in SimPer

formulation.

Table A-8: Ablation study on the effectiveness of using generalized contrastive loss
in SimPer. We show the feature evaluation results (FFT, MAEY) with and without gen-
eralized contrastive loss across different datasets. Note that generalized contrastive
loss with no continuity considered degenerates to InfoNCE [54].

RotatingDigits SCAMPS UBFC PURE Countix LST

SimPer (InfoNCE) 0.23 18.27 953 15.74 242  4.84
SimPer (Generalized) 0.22 14.45 8.78 13.97 2.06 4.84

Gains +0.01 +3.82 +0.75 +1.77 +0.36  +0.00
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Table A-9: Ablation study on the input sequence lengths. We show the fine-tune
evaluation results (MAEY) using different yet reasonable sequence lengths across var-
ious datasets.

RotatingDigits SCAMPS LST
# Frames 150 120 90 600 450 300 100 80 60
SUPERVISED 0.72 0.71 0.72 3.61 3.57 3.63 1.54 1.56 1.61
SIMPER 0.20 0.19 0.20 3.27 3.11 3.12 1.47 1.47 1.48
GAINS +0.52 +0.52 +0.52 +0.34 +046 +0.51 +0.07 +0.09 +0.13

Choices of Different Input Sequence Lengths

Finally, we investigate the effect of different sequence lengths on the final performance in
periodic learning. To make the observations more general and comprehensive, we choose
three datasets from different domains (i.e., RotatingDigits, SCAMPS, and LST) to study the
effect of sequence length. We fix all the experimental setups the same as in Appendix A.1
& A.2, and only vary the frame/sequence lengths with different yet reasonable choices for
each dataset.

As highlighted from Table A-9, the results illustrate the following interesting observa-

tions:

¢ For “clean” periodic learning datasets with the periodic targets being the only dominat-
ing signal (i.e., RotatingDigits), using different frame lengths do not inherently change
the final result.

¢ For dataset with relatively high SNR (i.e., LST), SimPer is also robust to different frame
lengths. The supervised results however are worse with shorter clips, which could be
attributed to the fact that less information is used in the input.

¢ Interestingly, for datasets where other periodic signals might exist (i.e., SCAMPS), using
shorter (but with reasonable length) videos seems to slightly improve the performance
of SimPer. We hypothesize that for a complex task such as video-based human physio-
logical measurement, some videos may contain multiple periodic processes (e.g., PPG,
breathing, blinking, etc.). A smaller frame length may not be enough to capture some
of the “slow” periodic processes (e.g., breathing), thus the features learned by SimPer
can become even more representative for PPG or heart beats estimation. Nevertheless,
the differences between various choices are still small, indicating that SimPer is pretty

robust to different frame lengths.
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B A.3.5 Compatibility with SOTA Supervised Learning Methods

As motivated, for each specific periodic learning application, supervised learning meth-
ods [43, 59, 335] have achieved remarkably good results via incorporating certain domain
knowledge tailored for a specific task. Therefore, we provide additional results and com-
parisons using SOTA algorithms on each of the tested dataset. In the following, we show
existing SOTA baselines and demonstrate that SimPer could further boost the performance

when jointly applied.

Table A-10: Compatibility of SimPer with SOTA supervised techniques across dif-
ferent datasets. SOTA refers to RepNet [43] on Countix, and refers to EfficientPhys
[335] on SCAMPS, UBFC & PURE. SimPer delivers robust performance and comple-
ments the performance of SOTA models.

Countix SCAMPS UBEC PURE
Metrics MAE* GM+ MAE* MAPE* MAE* MAPE* MAE! MAPE*
SOTA 1.03 0.41 242 4.10 4.14 3.79 2.87 2.89
SIMCLR + SOTA 1.06 0.43 2.56 4.17 4.31 4.02 294 3.25
SIMPER + SOTA 0.72 0.22 1.96 3.45 3.27 3.06 2.29 2.21
GAINS +0.29 +0.19 +0.46 +0.65 +0.87 +0.73 +0.58 +0.68

Countix. In the video repetition counting domain, RepNet [43], a novel neural network
architecture that composed of a ResNet-50 encoder and a Transformer based predictor,
is proposed to achieve advanced results for repetitious counting in the wild. We verify
the compatibility of SimPer with RepNet by changing the encoder on Countix to RepNet,
and compare with the vanilla supervised training as well as SImCLR. To ensure a fair and
comparable setting, we train RepNet from scratch instead of using ImageNet pre-trained

ResNet-50 backbones as in the original paper [43].

SCAMPS, UBFC & PURE. In video-based human physiological measurement domain
(i.e., SCAMPS, UBFC, and PURE), the main advances in the field have stemmed from
better backbone architectures and network components [45, 335, 336]. In the main the-
sis, for SCAMPS, since it is a synthetic dataset, we employed a simple 3D ConvNet; as
for real datasets UBFC and PURE, we used a more advanced backbone model [45]. To
further demonstrate that SimPer can improve upon SOTA methods, we employ a recent
architecture, called EfficientPhys [335], which is specialized for learning physiology from

videos.
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As confirmed in Table A-10, when jointly applied with SOTA models, SimPer can fur-
ther boost the performance and consistently achieves the best results regardless of datasets
and tasks. In contrast, SImCLR is not able to improve upon SOTA supervised learning
techniques. The results indicate that SimPer is orthogonal to SOTA models for learning

periodic targets.

Table A-11: Comparisons between SimPer and additional SSL baselines on human
physiological measurement datasets. Compared to customized SSL algorithms in the
specific domain, SimPer still delivers robust performance and consistently achieves
the best results.

SCAMPS UBFC PURE
Metrics MAE' MAPE! MAEY MAPE* MAE?! MAPE*

Without face saliency module:

[336] 3.53 5.26 4.98 4.61 4.18 4.70
[337] 3.71 5.54 5.07 4.88 4.32 4.95
SIMPER 3.27 4.89 4.24 3.97 3.89 4.01

With face saliency module:

[336] 3.51 5.15 4.88 429 4.03 4.28
[337] 3.61 5.40 5.02 4.86 4.07 4.33
SIMPER 2.94 4.35 4.01 3.68 3.47 3.76

Table A-12: Comparisons between SimPer and additional SSL baselines on gen-
eral periodic learning datasets other than human physiological measurement ones.
When extending to general periodic learning tasks, SSL baselines tailored for human
physiological measurement [337, 336] no longer provide benefits, and sometimes per-
form even worse than the vanilla supervised learning. In contrast, SimPer consistently
and substantially exhibits strengths in general periodic learning across all domains.

RotatingDigits Countix LST
Metrics MAE! MAPE! MAE! GM*t MAE! ot
SUPERVISED 0.72 28.96 1.50 0.73 1.54 0.96
[336] 0.70 28.03 1.58 0.81 1.62 0.92
[337] 0.77 29.44 1.68 0.94 1.64 0.89
SIMPER 0.20 14.33 1.33 0.59 1.47 0.96

B A.3.6 Comparisons to SSL Methods in Human Physiological Measurement

In video-based human physiological measurement domain, recent works [337, 336] have

proposed to leverage contrastive SSL for better learned features and downstream perfor-
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mance in the corresponding application (e.g., heart rate estimation). They studied specific
SSL methods tailored for video-based human physiological measurement, and as a result,
many of the proposed techniques therein only apply to that specific domain (e.g., the face
detector, the saliency sampler, and the strong assumptions that are derived from the appli-
cation context, cf. Table 1 in [336]). Nevertheless, it is possible to extend the SSL objectives
therein to other general periodic learning domains. In this section, we provide additional
experimental results and further discussions, which distinguish SimPer from these prior

works.

Comparisons on the human physiological measurement task. We first compare SimPer
against the aforementioned SSL methods [336, 337] on the human physiological measure-
ment task. To provide a fair comparison, we fix all methods to use a simple 3D ConvNet
backbone [133] on SCAMPS, and a TS-CAN backbone [45] on UBFC and PURE as stated
in Appendix A.2. As Table A-11 demonstrates, SimPer outperforms these SSL baselines
across all tested human physiology datasets by a notable margin. We break the results out
to confirm that they hold regardless of whether we include the customized face saliency

module [336] or not.

Comparisons on other periodic learning tasks. We further extend the comparisons to
other general periodic learning tasks. We directly apply the SSL objectives in [336, 337]
to other domains and datasets involving periodic learning, and show the corresponding
results in Table A-12. The table clearly shows that the SSL objectives in the referenced pa-
pers do not provide a benefit in other periodic learning domains, and sometimes perform
even worse than the vanilla supervised baseline. The above results further emphasize the
significance of SimPer, which consistently and substantially exhibits strengths in general

periodic learning across all domains.

B A.3.7 Visualization of Learned Features

Since representations learned in periodic data naturally preserves the periodicity informa-
tion, we can directly plot the learned 1-D features for visualization. Fig. A-2 shows the
learned feature comparison between SimCLR, CVRL, and SimPer, together with the un-
derlying periodic information (rotation angle & frequency) in RotatingDigits. As the fig-
ure verifies, SimPer consistently learns the periodic information with different frequency

targets, delivering meaningful periodic representations that are robust and interpretable.



A.3. ADDITIONAL RESULTS AND ANALYSIS

179

Angle

Angle

Angle

Angle

Angle

Angle

Angle

Angle

Target Frequency: 0.616 Hz

SimCLR

CVRL

Target Frequency: 0.871 Hz

Target Frequency: 1.554 Hz

. AHM

Target Frequency: 2.541 Hz

MAM“A,

Target Frequency: 2.958 Hz

Target Frequency: 3.638 Hz

'I:arget Fréquency:l 4.161 Hz L

'I:arget Fr('aquency:' 4.738 H'z

0 50 100 150 50 100 150 50 100 150 50 100 150

Feature index

Feature index

Feature index

Feature index

Figure A-2: Visualization of learned periodic representations. We directly plot the
1-D feature vector of data in the test set of RotatingDigits with different underlying
target frequencies (left), via different self-supervised learning methods (right). Exist-
ing SSL solutions [39, 36] fail to learn meaningful periodic representations, whereas
SimPer is able to capture the underlying periodicity information.

In contrast, existing SSL methods cannot capture the underlying periodicity, and fail to

learn useful representations for periodic learning tasks.
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APPENDIX B
Details and Results for Deep

Imbalanced Regression

B B.1 Details of DIR Datasets

In this section, we provide the detailed information of the five curated DIR datasets we

used in our experiments. Table B-1 provides an overview of the five datasets.

® B.1.1 IMDB-WIKI-DIR

The original IMDB-WIKI dataset [87] is a large-scale face image dataset for age estimation
from single input image. The original version contains 523.0K face images and the corre-
sponding ages, where 460.7K face images are collected from the IMDB website and 62.3K
images from the Wikipedia website. We construct IMDB-WIKI-DIR by first filtering out
unqualified images with low face scores [87], and then manually creating balanced valida-
tion and test set over the supported ages. Overall, the curated dataset has 191.5K images
for training, and 11.0K images for validation and testing, respectively. We make the length
of each bin to be 1 year, with a minimum age of 0 and a maximum age of 186. The number
of images per bin varies between 1 and 7,149, exhibiting significant data imbalance.

As for the data pre-processing, the images are first resized to 224 x 224. During training,
we follow the standard data augmentation scheme [64] to do zero-padding with 16 pixels

on each side, and then random crop back to the original image size. We then randomly flip

181
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Table B-1: Overview of the five curated DIR datasets used in our experiments.

Dataset Target type Target range Binsize Max bin density Min bin density # Training set # Val. set # Test set
IMDB-WIKI-DIR Age 0~ 186 1 7,149 1 191,509 11,022 11,022
AgeDB-DIR Age 0~101 1 353 1 12,208 2,140 2,140
STS-B-DIR Text similarity score 0~5 0.1 428 1 5,249 1,000 1,000
NYUD2-DIR Depth 0.7 ~ 10 0.1 1.46 x 10® 1.13 x 10° 50,688 (3.51 x 10%) — 654 (8.70 x 10°)
SHHS-DIR Health condition score 0~ 100 1 275 0 1,892 369 369

the images horizontally and normalize them into [0, 1].

B B.1.2 AgeDB-DIR

The original AgeDB dataset [90] is a manually collected in-the-wild age database with
accurate and noise-free labels. Similar to IMDB-WIKI, the task is also to estimate age
from visual appearance. The original dataset contains 16,488 images in total. We con-
struct AgeDB-DIR in a similar manner as IMDB-WIKI-DIR, where the training set contains
12,208 images, with a minimum age of 0 and a maximum age of 101, and maximum bin
density of 353 images and minimum bin density of 1. The validation set and test set are
made balanced with 2,140 images. Similarly, the images in AgeDB are resized to 224 x 224,
and go through the same data pre-processing schedule as in the IMDB-WIKI-DIR dataset.

B B.1.3 STS-B-DIR

The original Semantic Textual Similarity Benchmark (STS-B) [91], also included in the
GLUE benchmark [92], is a collection of sentence pairs drawn from news headlines, video
and image captions, and natural language inference data. Each pair is human-annotated
by multiple annotators with an averaged continuous similarity score from 0 to 5. The task
is to predict these scores from the sentence pairs. From the original training set of 7.2K
pairs, we create a training set with 5.2K pairs, and balanced validation set and test set of
1K pairs each for STS-B-DIR. We make the length of each bin to be 0.1, and the number of
training pairs per bin varies between 1 and 428.

As for the data pre-processing, the sentences are first tokenized using NLTK toolkit
[338] with a maximum length of 40. We then count the frequencies of all words (tokens)
of all splits, build the word vocabulary based on the word frequency, and finally use the
300D GloVe word embeddings (840B Common Crawl version) [339] to embed words in

the vocabulary into 300-dimensional vectors. Following [92], we use AllenNLP [340] open
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source library to facilitate the data processing, as well as model training and evaluation.

B B.1.4 NYUD2-DIR

We create NYUD2-DIR based on the NYU Depth Dataset V2 [93], which provides images
and depth maps for different indoor scenes. Our task is to predict the depth maps from
the RGB scene images. The depth maps have an upper bound of 10 meters and a lower
bound of 0.7 meters. Following standard practices [94, 95], we use 50K images for training
and 654 images for testing. We set the bin length to 0.1 meter and the number of pixels
per bin varies between 1.13 x 10% and 1.46 x 10%. Besides, we randomly select 9,357 test
pixels (the minimum number of bin pixels in the test set) for each bin from 654 test images
to make the test set balanced, with a total of 8.70 x 10° test pixels in the NYUD2-DIR test
set, as indicated in Table B-1.

Following [94], for both training and evaluation phases, we first downsample images
(both RGB and depth) from original size 640 x 480 to 320 x 240 using bilinear interpolation,
then conduct center crop to obtain images of size 304 x 228, and finally normalize them
into [0, 1]. Note that our pixel statistics are calculated and selected based on this resolution.
For training, we further downsample the depth maps to 114 x 152 to fit the size of outputs.
Additionally, we also employ the following data argumentation methods during training;:
(1) Flip: randomly flip both RGB and depth images horizontally with probability of 0.5; (2)
Rotation: rotate both RGB and depth images by a random degree from -5 to 5; (3) Color
Jitter: randomly scale the brightness, contrast, and saturation values of the RGB images by

¢ €[0.6,1.4].

B B.1.5 SHHS-DIR

We create SHHS-DIR based on the SHHS dataset [96], which contains full-night Polysomnog-
raphy (PSG) signals from 2,651 subjects. The signal length for each subject varies from
7,278 seconds to 45,448 seconds. Available PSG signals include Electroencephalography
(EEG), Electrocardiography (ECG), and breathing signals (airflow, abdomen, and thorax).
In the experiments, we consider all of these PSG signals as high-dimensional information,
and use them as inputs. Specifically, we first preprocess both EEG and ECG signals to
transform them from time domain to the frequency domain using the short-time Fourier

64x1

transform (STFT), and get the dense EEG spectrograms x. € R***" and ECG spectrograms
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x. € R?2Xli where [; € [7278,45448] is the signal length for the i-th subject. For the breath-
ing signals, we use the original time series with a sampling rate of 10Hz, resulting in the
high-dimensional input as x, € R3*1% where the three different breathing sources are
concatenated as different channels.

The dataset also includes the 36-Item Short Form Health Survey (SF-36) [97] for each
subject, where a General Health score is extracted. We use the score as the target value, and
formulate the task as predicting the General Health score for different subjects from their
PSG signals (i.e., X¢,X¢,Xp). The training set of SHHS-DIR contains 1,892 samples (sub-
jects), and the validation set and test set are made balanced over the health score with 369
samples each. We set the length of each bin to be 1, with a minimum score of 0 and a max-
imum score of 100. The number of samples per bin varies between 0 and 275, indicating

the missing data issue in certain target bins.

B B.2 Experimental Settings
B B.2.1 Implementation Details

IMDB-WIKI-DIR & AgeDB-DIR. We use ResNet-50 model [64] for all IMDB-WIKI-DIR
and AgeDB-DIR experiments. We train all models for 90 epochs using the Adam optimizer
[334], with an initial learning rate of 10~ and then decayed by 0.1 at the 60-th and 80-th
epoch, respectively. We mainly employ the L loss throughout the experiments, and fix
the batch size as 256.

For both LDS and FDS, we use the Gaussian kernel for distribution smoothing, with
the kernel size | = 5 and the standard deviation 0 = 2. We study different choices of
kernel types, training losses, and hyper-parameter values in Sec. B.4.1, B.4.2, and B.4.3. For
the implementation of FDS, we simply use the feature variance instead of covariance for
better computational efficiency. The momentum of FDS is fixed as 0.9. As for the baseline
methods, we set 3 = 0.2 and v = 1 for FOCAL-R. For RRT, in the second training stage,
we employ an initial learning rate of 10~* with total training epochs of 30. For SMOTER
and SMOGN, we divide the target range based on a manually defined relevance method,
under-sample majority regions, and over-sample minority regions by either interpolating
with selected nearest neighbors [83] or also adding Gaussian noise perturbation [84]. We

use pixel-wise Euclidean distance to define the image distance, which is further used to
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determine nearest neighbors, and set Gaussian perturbation ratio as 0.1 for SMOGN.

STS-B-DIR. Following [92], we use 300D GloVe word embeddings (840B Common Crawl
version) [339] and a two-layer, 1500D (per direction) BiLSTM with max pooling to encode
the paired sentences into independent vectors v and v, and then pass [u;v; |u — v]|; uv]
to a regressor. We train all models using the Adam optimizer with a fixed learning rate
10~*. We validate the model every 10 epochs, use MSE as the validation metric, and stop
training when performance does not improve, i.e., validation error does not decrease, after
10 validation checks. We employ the MSE loss throughout the experiments and fix the
batch size as 128.

We use the same hyper-parameter settings for both LDS and FDS as in the IMDB-WIKI-
DIR experiments. For the baselines, we employ MSE-based FOCAL-R and set 8 = 20 and
v = 1. For RRT, the hyper-parameter settings remain the same between the first and the
second training stage. For SMOTER and SMOGN, we use the Euclidean distance between
the word embeddings to measure the sentence distance and do interpolation or Gaussian
noise argumentation based on the word embeddings. We set Gaussian perturbation ratio
as 0.1 and the number of neighbors £ = 7. For STS-B-DIR, we define many-shot region as
bins with over 100 training samples, medium-shot region with 30~100 training samples, and

few-shot region with under 30 training samples.

NYUD2-DIR. We use ResNet-50-based encoder-decoder architecture proposed by [94] for
all NYUD2-DIR experiments, which consists of an encoder, a decoder, a multi-scale feature
fusion module, and a refinement module. We train all models for 20 epochs using Adam
optimizer with an initial learning rate of 10~* and then decayed by 0.1 every 5 epochs. To
better evaluate the performance of our methods, we simply use the MSE loss as the depth
loss without adding the gradient and surface normal losses as in [94]. We fix the batch size
as 32 for all experiments. We use the same hyper-parameter settings for both LDS and FDS
as in the IMDB-WIKI-DIR experiments. For NYUD2-DIR, many-shot region is defined as
bins with over 2.6 x 107 training pixels, medium-shot region as bins with 1.0 x 107 ~ 2.6 x 107

training pixels, and few-shot region as bins with under 1.0 x 107 training pixels.

SHHS-DIR. Following [98], we use a CNN-RNN network architecture for SHHS-DIR ex-
periments. The network first employs three encoders with the same architecture to encode

the high-dimensional EEG x., ECG x., and breathing signals x; into fixed-length vectors
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(each with 256 dimensions). The encodings are then concatenated and sent to a 3-layer
MLP regression network to produce the output value. Each of the encoder uses the ResNet
block [64] with 1D convolution as the CNN components, and employs the simple recur-
rent units (SRU) [223] as the RNN components. We train all models for 80 epochs using
the Adam optimizer with a learning rate of 1073, and remain all other hyper-parameters
the same as [98]. We use the same hyper-parameter settings for both LDS and FDS, as well
as other baseline methods as in the IMDB-WIKI-DIR experiments.

B B.2.2 Evaluation Metrics

We describe in detail all the evaluation metrics we used in our experiments.

MAE. The mean absolute error (MAE) is defined as 4 SN | lyi — 7i|, which represents
the averaged absolute difference between the ground truth and predicted values over all

samples.

MSE & RMSE. The mean squared error (MSE) is defined as % Zf\il (y; — 4;)?, which rep-
resents the averaged squared difference between the ground truth and predicted values
over all samples. The root mean squared error (RMSE) is computed by simply taking the

square root of MSE.

GM. We propose another evaluation metric for regression, called error Geometric Mean
(GM), and is defined as (Hf\il ei)%, where ¢; = |y; — Ui represents the L; error of each
sample. GM aims to characterize the fairness (uniformity) of model predictions using the

geometric mean instead of the arithmetic mean over the prediction errors.

Pearson correlation & Spearman correlation. Following the common evaluation practice
as in the STS-B [91] and the GLUE benchmark [92], we employ Pearson correlation as well
as Spearman correlation for performance evaluation on STS-B-DIR, where Pearson correla-
tion evaluates the linear relationship between predictions and corresponding ground truth

values, and Spearman correlation evaluates the monotonic rank-order relationship.

Mean log; error & Threshold accuracy. For NYUD2-DIR, we further use several standard
depth estimation evaluation metrics proposed by [341]: Mean log; error (log,), which is
expressed as % Zfi 1 [logyo di — logyq g;|; Threshold accuracy (d;), which is defined as the
percentage of d; such that max (%, %) =§; < 1.25" (i = 1,2, 3). Here, g; denotes the value

of a pixel in the ground truth depth image, d; represents the value of its corresponding
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Table B-2: Complete evaluation results on IMDB-WIKI-DIR.

Metrics MSE | MAE | GM |

Shot All Many  Med. Few All Many Med. Few All Many Med. Few
VANILLA 138.06 10870 366.09 96492 806 723 1512 2633 457 417 1059 20.46
VANILLA + LDS 131.65 109.04 298.98 82935 783 731 1243 2251 442 419 7.00 1394
VANILLA + FDS 133.81 10751 33290 91618 | 785 718 1335 2412 | 447 418 818 1518
VANILLA + LDS + FDS 129.35 106.52 311.49 811.82 7.78 720 12,61 2219 | 4.37 4.12 739 1261
Mixup [187] 14111 109.13 389.95 103798 | 822 729 1623 2811 | 468 422 1228 2355
M-MIxXUP [342] 13745 108.33 363.72 95753 | 822 739 1524 2670 | 480 439 1085 21.86
SMOTER [83] 138.75 111.55 346.09 93589 | 814 742 1415 2528 | 464 430 9.05 1946
SMOGN [84] 136.09 109.15 339.09 94420 | 803 730 14.02 2593 | 463 430 874 2012
SMOGN + LDS 13731 111.79 333.15 823.07 | 802 739 1371 2322 | 463 439 871 1580
SMOGN + FDS 137.82  109.42 340.65 84796 | 803 735 1406 2344 | 465 433 887 16.00
SMOGN + LDS + FDS 135.26 11091 326.52  808.45 7.97 738 13.22 2295 | 4.59 4.39 7.84 14.94
FOCAL-R 136.98 106.87 368.60 1002.90 | 797 712 1514 2696 | 449 410 1037 21.20
FOCAL-R + LDS 132.81 105.62 35437 949.03 | 790 7.0 1472 2584 | 447 409 1011 19.14
FOCAL-R + FDS 133.74 10535 351.00 95891 | 796 714 1471 2606 | 451 412 1016 19.56
FOCAL-R + LDS + FDS 132,58 105.33 338.65 944.92 | 7.88 7.0 14.08 2575 | 447 411 932 18.67
RRT 13299 10573 34136 92826 | 781 707 1406 2513 | 435 403 891 1696
RRT + LDS 13291 10597 33898 91698 | 779 708 1376 2464 | 434 402 872 1692
RRT + FDS 129.88 104.63 310.69 890.04 | 7.65 7.02 1268 2385 | 431 403 758 16.28
RRT + LDS + FDS 129.14 10592 306.69 880.13 | 7.65 7.06 1241 23,51 | 431 407 717 1544
INV 139.48 11672 305.19 869.50 | 817 7.64 1246 2283 | 470 451 694 13.78
SQINV 13436 11123 308.63 834.08 | 7.87 724 1244 2276 | 447 422 725 1510
SQINV + LDS 131.65 109.04 298.98 829.35 | 7.83 731 1243 2251 | 442 419 7.00 13.94
SQINV + FDS 13264 10928 311.35 851.06 | 7.83 723 1260 2237 | 442 420 693 1348
SQINV + LDS + FDS 129.35 106.52 31149 811.82 | 7.78 7.20 1261 2219 | 437 412 739 1261
OURS (BEST) VS. VANILLA | +8.92  +4.07 +67.11 +156.47 | +0.41 +0.21 +2.71 +4.14 | +0.26 +0.15 +3.66 +7.85

pixel in the predicted depth image, and [V is the total number of evaluation pixels.

B B.3 Additional Results

We provide complete evaluation results on the five DIR datasets, where more baselines

and evaluation metrics are included in addition to the reported results in the main thesis.

B B.3.1 Complete Results on IMDB-WIKI-DIR

We include more baseline methods for comparison on IMDB-WIKI-DIR. Specifically, the

following two baselines are added for comparison in the group of Synthetic samples strate-

gies:

* Mixup [187]: MIXUP trains a deep model using samples created by the convex combi-

nations of pairs of inputs and corresponding labels. It has shown promising results on

improving the generalization of deep models as a regularization technique.
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Table B-3: Complete evaluation results on AgeDB-DIR.

Metrics MSE | MAE | GM |

Shot All Many  Med. Few All Many Med. Few All Many Med.  Few
VANILLA 101.60  78.40 138.52  253.74 7.77 6.62 9.55 13.67 5.05 4.23 7.01 10.75
VANILLA + LDS 10222 83.62  128.73 204.64  7.67 6.98 886 1089 485 4.39 5.80 7.45

VANILLA + FDS 98.55  75.06 123.58 23570 | 7.55 6.50 897 13.01 | 475 4.03 642 993

VANILLA + LDS + FDS 99.46 8410 11220 209.27 | 7.55 7.01 824 1079 | 4.72 4.36 5.45 6.79
SMOTER [83] 114.34 9335  129.89 24457 | 8.16 7.39 865 1228 | 521 4.65 5.69 8.49

SMOGN [84] 11729 101.36  133.86 23290 | 8.26 7.64 9.01 12.09 | 536 4.90 6.19 8.44

SMOGN + LDS 11043 9373 12419 22935 | 7.96 7.44 8.64 11.77 | 5.03 4.68 5.69 7.98

SMOGN + FDS 11242 9768 13137 23330 | 8.06 7.52 875 11.89 | 5.02 4.66 5.63 8.02

SMOGN + LDS + FDS 108.41  91.58 120.28  218.59 7.90 7.32 8.51 11.19 4.98 4.64 5.41 7.35
FocAL-R 101.26  77.03 131.81 25247 7.64 6.68 9.22 13.00 4.90 4.26 6.39 9.52

FOCAL-R + LDS 98.80 7714 12553 22936 | 7.56 6.67 8.82 1240 | 482 4.27 587 883

FOCAL-R + FDS 100.14 8097  121.84 22115 | 7.65 6.89 870  11.92 | 4.83 4.32 5.89 8.04

FocAL-R + LDS + FDS 96.70 76.11 115.86  238.25 7.47 6.69 8.30 12.55 4.71 4.25 5.36 8.59

RRT 102.89 8337  125.66 22427 | 7.74 6.98 879 1199 | 5.00 4.50 5.88 8.63

RRT + LDS 102.63 8393  126.01 214.66 | 7.72 7.00 875 11.62 | 498 4.54 5.71 8.27

RRT + FDS 102.09 8449 12289 22405 | 7.70 6.95 876  11.86 | 4.82 4.32 5.83 8.08

RRT + LDS + FDS 101.74  83.12 121.08  210.78 7.66 6.99 8.60 11.32 4.80 4.42 5.53 6.99
INV 110.24 9193  130.68 211.92 | 7.97 7.31 881 11.62 | 5.05 4.64 5.75 8.20

SQINV 105.14 8721  127.66 21230 | 7.81 7.16 880  11.20 | 4.99 4.57 5.73 7.77

SQINV + LDS 10222 83.62  128.73 204.64 | 7.67 6.98 886 10.89 | 4.85 4.39 5.80 7.45

SQINV + FDS 101.67 8649  129.61 167.75 | 7.69 7.10 8.86 9.98 4.83 441 597  6.29

SQINV + LDS + FDS 99.46 8410 11220 209.27 | 7.55 7.01 824 1079 | 4.72 4.36 5.45 6.79

OURS (BEST) VS. VANILLA +4.90 +3.34  +26.32 +85.99 | +0.30 +0.12 +1.31 +3.69 | +0.34 +0.20 +1.65 +4.46

¢ Manifold-Mixup (M-MIXUP) [342]: M-MIXUP extends the idea of MIXUP from input
space to the hidden representation space, where the linear interpolations are performed

in (multiple) deep hidden layers.

We note that both MIXUP and M-MIXUP are not tailored for imbalanced regression prob-
lems, but share similarities with SMOTER and SMOGN as synthetic samples are con-
structed. The differences lie in the fact that MIXUP and M-MIXUP create virtual samples
(either in input space or feature space) on the fly during network training, while SMOTER
and SMOGN operate on a newly generated and fixed dataset for training. We set o = 0.2
for MIXUP in implementation, and set o = 0.2 as well and eligible layers S = {0, 1, 2, 3} for
M-MIXUP. In addition, for INV which re-weights the loss based on the inverse frequency
in the empirical label distribution, we further clip the maximum weight to be at most 200 x
larger than the minimum weight to avoid extreme loss values.

We show the complete results in Table B-2. As the table illustrates, both MIXUP and
M-MIXUP can improve the performance in the many-shot region, but lead to negligible
improvements in the medium-shot and few-shot regions. In contrast, adding both FDS and

LDS can substantially improve the results, especially for the underrepresented regions.
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Table B-4: Complete evaluation results on STS-B-DIR.

Metrics MSE | MAE | Pearson correlation (%) Spearman correlation (%) 1
Shot All Many Med. Few All Many Med. Few All Many Med. Few All Many Med. Few
VANILLA 0974 0851 1.520 0984 0794 0740 1.043 0771 742 720 627 752 744 688 505 750
VANILLA + LDS 0914 0819 1319 0955 0773 0729 0970 0.772 756 734 638 762 761 70.4 55.6 74.3
VANILLA + FDS 0916 0.875 1.027 1.086 | 0.767 0.746 0.840 0.811 | 75.5 73.0 67.0 728 | 758  69.9 544 720
VANILLA + LDS + FDS 0.907 0.802 1363 0.942 | 0.766 0.718 0.986 0.755 | 76.0 74.0 652 766 | 764  70.7 549 749
SMOTER [83] 1.046 0924 1542 1.154 | 0834 0782 1.052 0861 | 72.6  69.3 653 706 | 72.6  65.6 55.6  69.1
SMOGN [84] 0990 0896 1.327 1175 | 0.798 0.755 0967 0.848 | 73.2 704 655 692 | 732 670 551 67.0
SMOGN + LDS 0962 0880 1242 1155 | 0.787 0748 0944 0837 | 740 715 652 69.8 | 743 685 536 67.1
SMOGN + FDS 0987 0945 1101 1153 | 0.796 0.776 0.864 0.838 | 73.0 69.6 685 69.9 | 729 66.0 543 68.0
SMOGN + LDS + FDS 0950 0.851 1.327 1.095 | 0.785 0.738 0987 0.799 | 74.6 72.1 659 717 | 75.0  68.9 544 703
FOCAL-R 0951 0.843 1425 0957 | 0.790 0739 1.028 0759 | 746 723 618 764 | 750 694 519 755
FocaL-R + LDS 0930 0.807 1449 0993 | 0.781 0.723 1.031 0.801 | 75.7  73.9 624 754 | 762 712 50.7 747
FocAL-R + FDS 0920 0.855 1.169 1.008 | 0.775 0.743 0.903 0.804 | 75.1 72.6 664 747 | 754  69.4 527 754
FOCAL-R + LDS + FDS 0940 0849 1358 0916 | 0.785 0737 0984 0.732 | 749 722 663 773 | 751 692 525 764
RRT 0964 0.842 1503 0978 | 0.793 0.739 1.044 0.768 | 74.5 724 623 754 | 747  69.2 51.3 747
RRT + LDS 0916 0.817 1344 0945 | 0772 0727 0980 0.756 | 75.7 735 641 766 | 76.1 70.4 532 742
RRT + FDS 0929 0857 1.209 1.025 | 0.769 0736 0905 0.795 | 749 721 672 740 | 750 691 528 746
RRT + LDS + FDS 0.903 0.806 1.323 0.936 | 0.764 0.719 0.965 0.760 | 76.0 73.8 652 767 | 764  70.8 54.7  74.7
INV 1005 0.894 1482 1.046 | 0.805 0761 1.016 0.780 | 72.8 703 625 732 | 731 672 541 714
INV + LDS 0914 0819 1319 0955 | 0.773 0729 0970 0772 | 75.6 734 638 762 | 761 704 556 743
INV + FDS 0927 0.851 1225 1.012 | 0.771 0.740 0914 0.756 | 75.0 724 66.6 742 | 752  69.2 552 748
INV + LDS + FDS 0.907 0.802 1363 0.942 | 0.766 0.718 0986 0.755 | 76.0 74.0 652 766 | 764  70.7 549 749
OURS (BEST) VS. VANILLA | +.071  +.049  +.419 +.068 | +.030 +.022 +.203 +.039 | +1.8  +2.0 +58 421 | +2.0 +24 +51  +14
Table B-5: Complete evaluation results on NYUD2-DIR.
Metrics RMSE | logyg 4 6 T 0y 83 1
Shot All Many Med. Few All Many Med. Few All Many Med. Few All Many Med. Few All Many Med. Few
VANILLA 1.477 0.591 0.952 2.123]0.086 0.066 0.082 0.107|0.677 0.777 0.693 0.570|0.899 0.956 0.906 0.840|0.969 0.990 0.975 0.946
VANILLA + LDS 1.387 0.671 0.913 1.954|0.086 0.079 0.079 0.097|0.672 0.701 0.706 0.630|0.907 0.932 0.929 0.875|0.976 0.984 0.982 0.964
VANILLA + FDS 1.442 0.615 0.940 2.059|0.084 0.069 0.080 0.101|0.681 0.760 0.695 0.596 [0.903 0.952 0.918 0.849|0.975 0.989 0.976 0.960
VANILLA + LDS + FDS 1.338 0.670 0.851 1.880|0.080 0.074 0.070 0.090 |0.705 0.730 0.764 0.655|0.916 0.939 0.941 0.884|0.979 0.984 0.983 0.971
OURS (BEST) VS. VANILLA |+.139 -.024 +.101 +.243|+.006 -.003 +.012 +.017|+.028 -.017 +.071 +.085|+.017 -.004 +.035 +.044|+.010 -.001 +.008 +.025

Finally, FDS and LDS lead to remarkable improvements when compared to the VANILLA

model across all evaluation metrics.

B B.3.2 Complete Results on AgeDB-DIR

We provide complete evaluation results for AgeDB-DIR in Table B-3. Similar to IMDB-
WIKI-DIR, within each group of techniques, adding either LDS, FDS, or both can lead to

performance gains, while LDS + FDS often achieves the best results. Overall, for different

groups of strategies, both FDS and LDS consistently boost the performance, where the

larger gains come from the medium-shot and few-shot regions.
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Table B-6: Complete evaluation results on SHHS-DIR.

Metrics MSE | MAE | GM |

Shot All Many  Med. Few All Many Med. Few All Many Med. Few
VANILLA 369.18  269.37 31145 41731 1536 1247 1398 1694 10.63  8.04 9.59 1220
VANILLA + LDS 309.19 220.87 25253 39491 | 1414 1166 1277 16.05 | 9.26 7.64 8.18  11.32
VANILLA + FDS 303.82  214.63 267.08 386.75 | 13.84 11.13 1272 1595 8.89 6.93 8.05 11.19
VANILLA + LDS + FDS 29218  211.89 24748 346.01 | 13.76 1112 1218 15.07 8.70 6.94 7.60 10.18
FocAL-R 34544  219.75 309.01 43026 | 1467 1170 13.69 17.06 | 9.98 7.93 885  11.95
FOCAL-R + LDS 317.39 24218 270.04 41173 | 1449 1201 1243 1657 | 9.98 7.89 859  11.40
FOCAL-R + FDS 31094 18516 30390 39122 | 1418 1106 1356 1599 | 9.45 6.95 881 11.13
FocAL-R + LDS + FDS 297.85 19342 25933 37516 | 14.02 11.08 12.24 1549 9.32 7.18 8.10 10.39
RRT 35475 27401 308.83 40847 | 1478 1243 1401 1648 | 1012  8.05 9.71 1196
RRT + LDS 344.18 24539  304.32 40256 | 1456 12.08 1344 1645 | 9.89 7.85 9.18 11.82
RRT + FDS 328.66 239.83 29871 39725 | 1436 1197 1333 16.08 | 9.74 7.54 920 1131
RRT + LDS + FDS 313.58 238.07 276.50 380.64 | 14.33 11.96 1247 15.92 9.63 7.35 8.74 11.17
INv 322,17 231.68 29343 38748 | 1439 1184 1312 16.02 | 9.34 773 849  11.20
INV + LDS 309.19  220.87 25253 39491 | 1414 11.66 1277 16.05 9.26 7.64 8.18 11.32
INV + FDS 307.95 219.36 24755 36129 | 1391 1112 1229 1553 | 8.94 6.91 779  10.65
INV + LDS + FDS 29218  211.89 24748 346.01 | 13.76 1112 1218 15.07 8.70 6.94 7.60 10.18
OURS (BEST) VS. VANILLA | +77.00 +84.21 +63.97 +71.30 | +1.60 +1.41 +1.80 +1.87 | +1.93 +1.13 +1.99  +2.02

B B.3.3 Complete Results on STS-B-DIR

We present complete results on STS-B-DIR in Table B-4, where more metrics, such as MAE
and Spearman correlation are added for further evaluation. In summary, across all the
metrics used, by adding LDS and FDS we can substantially improve the results, particu-
larly for the medium-shot and few-shot regions. The advantage is even more profound

under Pearson correlation, which is commonly used for this task.

B B.3.4 Complete Results on NYUD2-DIR

Table B-5 shows the complete evaluation results on NYUD2-DIR. As described before, we
further add common metrics for depth estimation evaluation, including log,q, 1, 2, and
3. The table reveals the following results. First, either FDS or LDS alone can improve the
overall depth regression results, where LDS is more effective for improving performance in
the few-shot region. Furthermore, when combined together, LDS & FDS can alleviate the
overfitting phenomenon to many-shot regions of the vanilla model, and generalize better

to all regions.

B B.3.5 Complete Results on SHHS-DIR

We report the complete results on SHHS-DIR in Table B-6. The results again confirm the
effectiveness of both LDS and FDS beyond the success on typical image data and text data,
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Table B-7: Ablation study of different kernel types for LDS & FDS on IMDB-WIKI-

DIR.
Metrics MSE | MAE | GM |
Shot All Many  Med. Few All' Many Med. Few All Many Med. Few
VANILLA 138.06 108.70 366.09 964.92 8.06 7.23 1512 2633 457 4.17 10.59  20.46

LDS:

GAUSSIAN KERNEL 131.65 109.04 29898 834.08 7.83 7.31 1243 2251 4.42 4.19 7.00 13.94
TRIANGULAR KERNEL  133.77 11024 309.70 850.74 7.89 7.30 1272 2280 4.50 424 775 1491
LAPLACIAN KERNEL 132.87 109.27 31210 829.83 7.87 7.29 12.68 2238 4.50 4.26 7.29 13.71

FDS:

GAUSSIAN KERNEL 133.81 107.51 33290 916.18 7.85 7.18 13.35 2412 447 4.18 818  15.18
TRIANGULAR KERNEL ~ 134.09 11049 301.18 92799 797 7.41 1220 2399 4.64 4.41 706  14.28
LAPLACIAN KERNEL 133.00 10426 35295 968.62 8.05 7.25 1478 26.16 471 433 10.19  19.09

Table B-8: Ablation study of different kernel types for LDS & FDS on STS-B-DIR.

Metrics MSE | MAE | Pearson correlation (%) T Spearman correlation (%) 1
Shot All Many Med. Few All Many Med. Few All Many Med. Few All Many Med. Few
VANILLA 0974 0.851 1.520 0.984 0.794 0.740 1.043 0.771 742 720 627 752 744 688 50.5 750
LDS:

GAUSSIAN KERNEL 0.914 0.819 1.319 0955 0.773 0.729 0970 0.772 75.6 734 638 762 761 704 556 743
TRIANGULAR KERNEL 0.938 0.870 1.193 1.039 0.786 0.754 0929 0.784 748 724 641 740 752 693 541 739
LAPLACIAN KERNEL ~ 0.938 0.829 1.413 0962 0.782 0.731 1.014 0.773 75.7 73.0 658 765 760 700 523 752

FDS:

GAUSSIAN KERNEL 0916 0.875 1.027 1.086 0.767 0.746 0.840 0.811 75,5 73.0 670 728 758 699 544 720
TRIANGULAR KERNEL 0.935 0.863 1.239 0.966 0.762 0.725 0912 0.788 74.6 724 648 759 744 691 484 754
LAPLACIAN KERNEL ~ 0.925 0.843 1.247 1.020 0.771 0.733 0.929 0.800 75.0 72.6 647 742 754 701 535 735

as superior performance is demonstrated when applied for real-world imbalanced regres-
sion tasks with healthcare data as inputs (i.e., PSG signals). We verify that by combining

LDS and FDS, the highest performance gains are established over all tested regions.

B B.4 Further Analysis and Ablation Studies

B B.4.1 Kernel Type for LDS & FDS

We study the effects of different kernel types for LDS and FDS when applying distribution
smoothing, in addition to the default setting where Gaussian kernels are employed. We
select three different kernel types, i.e., Gaussian, Laplacian, and Triangular kernel, and
evaluate their effects on both LDS and FDS. We remain other hyper-parameters unchanged
as in Sec. B.2.1, and report results on IMDB-WIKI-DIR in Table B-7 and results on STS-B-

DIR in Table B-8. In general, as both tables indicate, all kernel types can lead to notable
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Table B-9: Ablation study of different loss functions used during training for LDS
& FDS on STS-B-DIR.

Metrics MSE | MAE | Pearson correlation (%) t  Spearman correlation (%) 1
Shot All Many Med. Few All Many Med. Few All Many Med. Few All Many Med. Few
LDS:

L1 0.893 0.808 1.241 0964 0.765 0.727 0938 0.758 763 739 660 759 767 711 545 756
MSE 0914 0.819 1.319 0955 0.773 0.729 0970 0772 756 734 638 762 761 704 556 743
HuBeEr Loss 0.902 0.811 1276 0978 0.761 0.718 0954 0.751 76.1 742 647 755 765 716 529 743
FDS:

L1 0918 0.860 1.105 1.082 0.762 0.733 0.859 0.833 755 737 653 723 756 709 521 715
MSE 0916 0.875 1.027 1.086 0.767 0.746 0.840 0.811 755 730 670 728 758 699 544 720

HUBER Loss 0.920 0.867 1.097 1.052 0.765 0.741 0.858 0.800 753 729 66.6 73.6 753 69.7 523 73.6

Table B-10: Hyper-parameter study on kernel size | and standard deviation o for
LDS & FDS on IMDB-WIKI-DIR.

Metrics MSE | MAE | GM |
Shot All Many  Med. Few All' Many Med. Few All Many Med. Few

VANILLA  138.06 108.70 366.09 964.92  8.06 7.23 1512 2633 457 417 1059  20.46

l o

LDS:

132.08 108.53  309.03 84353 7.80 7.22 1261 2233 442 4.19 716 1254
135.04 11232 30790 803.15 7.97 7.39 1274 2219 455 4.30 753 1411
134.06 110.49 308.83 864.30 7.84 7.28 1235 2281 444 422 6.95 14.22
131.65 109.04 298.98 834.08 7.83 7.31 1243 2251 442 4.19 7.00 1394
136.78 11241 322.65 85047 8.02 7.41 13.00 2323 455 4.29 7.55  15.65
135.66  111.68 319.20 833.02 7.98 7.40 1274 2227 4.60 4.37 7.30 12.92
137.56 11350 32247 831.38 8.07 7.47 13.06 2285 4.63 4.36 787 1511
13891 114.89 31940 863.16 8.18 7.57 13.19 2333 471 4.44 8.09 1517
138.86  114.25 32697 856.27 8.18 7.54 1353 2317 477 4.47 8.52 15.25

©
W W WM NN P

FDS:

133.63 104.80 354.24 972.54 7.87 7.06 1471 2596 442 4.04 995 1847
134.34 10597 356.54 919.16 7.95 7.18 1458 2480 4.54 4.20 9.56 1513
136.32 107.47 355.84 94871 797 7.23 1481 2559  4.60 4.23 9.99  17.60
133.81 10751 33290 916.18 7.85 7.18 1335 2412 447 4.18 8.18 1518
133.99 105.01 357.31 963.79 7.94 711 1495 2597 448 4.09 1049 18.19
136.61 10793 361.08 973.56 7.98 7.23 1468 2521 4.61 4.24 10.14 1791
136.81 107.76  359.08 953.16 7.98 7.18 14.85 2494 453 4.15 1027 17.33
133.48 10414 359.80 97229 7.94 7.09 15.04 25.87 448 4.09 1040 16.85
132.55 103.08 360.39 97043 8.03 7.22 1486 2540 4.67 4.33 10.04 13.86

©
W W W N NN =P

gains compared to the vanilla model. Moreover, Gaussian kernel often delivers the best

results among all kernel types, which is consistent for both LDS and FDS.

B B.4.2 Training Loss for LDS & FDS

In the main thesis, we fix the training loss function used for each dataset (e.g., MSE loss is
used for experiments on STS-B-DIR). In this section, we investigate the influence of differ-
ent training loss functions on LDS & FDS. We select three common losses used for regres-

sion tasks, i.e., L1 loss, MSE loss, and the Huber loss (also referred to as smoothed L1 loss).
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Table B-11: Hyper-parameter study on kernel size ! and standard deviation o for
LDS & FDS on STS-B-DIR.

Metrics MSE | MAE | Pearson correlation (%) Spearman correlation (%)
Shot All Many Med. Few All. Many Med. Few All Many Med. Few All Many Med. Few

VANILLA 0.974 0.851 1.520 0984 0.794 0.740 1.043 0771 742 720 627 752 744 688 50.5 75.0

0942 0.825 1.431 1.023 0.781 0.726 1016 0.809 751 732 618 745 753 702 522 725
0931 0.840 1.323 0962 0.785 0.744 0972 0.773 750 727 633 758 756 701 53.6 748
0.941 0.833 1413 0953 0781 0.728 1.014 0.776 750 728 626 763 755 702 520 746
0914 0819 1319 0955 0773 0729 0970 0.772 756 734 638 762 761 704 556 743
0926 0.823 1379 0944 0782 0.733 1003 0.764 755 734 636 768 760 705 535 76.2
0949 0831 1452 1.005 0788 0.735 1.023 0782 749 729 63.0 747 754 701 525 736
0928 0.845 1250 1.041 0775 0733 0951 0798 751 733 632 738 753 704 514 726
0939 0816 1462 1.000 0.786 0.732 1.030 0783 753 735 626 747 759 709 53.0 737
0927 0.824 1.348 1.010 0.774 0.726 0982 0.780 752 734 622 746 757 707 530 723
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0943 0869 1.217 1.066 0776 0.742 0914 0.799 744 717 656 725 742 684 511 712
0927 0.851 1.193 1.096 0770 0.736 0.896 0.822 749 728 658 716 748 697 523 683
0926 0854 1202 1.029 0776 0.743 0914 0800 749 726 66.1 740 751 698 495 736
0916 0875 1.027 1.086 0.767 0.746 0.840 0811 755 73.0 67.0 728 758 699 544 720
0933 0.888 1.068 1.081 0.776 0.752 0.855 0.839 748 72.0 679 722 749 689 533 720
0944 0890 1.125 1.078 0.783 0761 0.864 0822 744 718 658 722 745 689 531 709
0924 0860 1.190 0964 0.771 0.740 0897 0.790 750 727 644 761 751 694 538 765
0932 0878 1.149 0982 0770 0.746 0876 0.780 748 725 638 753 748 693 502 75.6
0956 0915 1.110 1.016 0.784 0.767 0.855 0.803 744 721 637 755 743 687 500 746

©
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We show the results on STS-B-DIR in Table B-9, where similar results are obtained for all
the losses, with no significant performance differences observed between loss functions,

indicating that FDS & LDS are robust to different loss functions.

B B.4.3 Hyper-parameters for LDS & FDS

In this section, we study the effects of different hyper-parameters on both LDS and FDS. As
we mainly employ the Gaussian kernel for distribution smoothing, we extensively study
different choices of the kernel size [ and the standard deviation o. Specifically, we conduct
controlled experiments on IMDB-WIKI-DIR and STS-B-DIR, where we vary the choices of
these hyper-parameters as [ € {6,9,15} and o € {1,2,3}, and leave other training hyper-

parameters unchanged.

IMDB-WIKI-DIR. We first report the results on IMDB-WIKI-DIR in Table B-10. The table
reveals the following observations. First, both LDS and FDS are robust to different hyper-
parameters within the given range, where similar performance gains are obtained across
different choices of {l, o }. Specifically, for LDS, the relative MAE improvements in the few-
shot regions range from 11.4% to 15.7%, where a smaller o usually leads to slightly better

results over all regions. As for FDS, similar conclusion can be made, while a smaller [ often
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Figure B-1: The absolute MAE gains of LDS + FDS over the vanilla model under
different skewed label distributions. We curate different imbalanced label distribu-
tions on IMDB-WIKI-DIR using different number of skewed Gaussians over the target
space. We confirm that LDS and FDS are robust to distribution change, and can con-
sistently bring improvements under different imbalanced label distributions.

obtains slightly higher improvements. Interestingly, we can also observe that LDS leads
to larger gains w.r.t. the performance in medium-shot and few-shot regions, while with
minor degradation in many-shot regions. In contrast, FDS equally boosts all the regions,
with slightly smaller improvements in medium-shot and few-shot regions compared to

LDS. Finally, for both LDS and FDS, setting I = 5 and o = 2 exhibits the best results.

STS-B-DIR. Further, we show the results of different hyper-parameters on STS-B-DIR in
Table B-11. Similar to the results on IMDB-WIKI-DIR, we observe that both LDS and FDS
are robust to the hyper-parameter changes, where the performance gaps between {/,c}
pairs become smaller. In summary, the overall MSE gains range from 3.3% to 6.2% com-
pared to the vanilla model, with | = 5 and ¢ = 2 exhibiting the best results for both LDS
and FDS.
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Table B-12: Ablation study on different skewed label distributions on IMDB-WIKI-

DIR.
Metrics MAE | GM |
Shot All Many Med. Few Zero Interp. Extrap. All Many Med. Few Zero Interp. Extrap.
1 peak:
VANILLA 1120 6.05 11.43 14.76 22.67 — 2267 7.02 3.84 867 1226 21.07 — 21.07
VANILLA + LDS 10.09 626 991 1212 19.37 — 1937 614 392 650 830 16.35 - 16.35
VANILLA + FDS 11.04 597 11.19 1454 22.35 - 2235 696 3.84 854 12.08 20.71 - 20.71
VANILLA + LDS + FDS 10.00 6.28 9.66 11.83 19.21 — 19.21 6.09 396 6.26 814 15.89 — 15.89
2 peaks:
VANILLA 11.72 6.83 11.78 1535 16.86 16.13 1819 744 361 8.06 1294 1521 1441 16.74
VANILLA + LDS 1054 672 9.65 12,60 1530 1414 1738 650 3.65 565 9.30 1320 1213 15.36
VANILLA + FDS 1140 6.69 11.02 1485 16.61 1583 1801 7.18 3.50 749 1273 1486 14.02 1648
VANILLA + LDS + FDS 10.27 6.61 9.46 11.96 14.89 13.71 17.02 6.33 354 568 8.80 12.83 11.71 1513
3 peaks:
VANILLA 9.83 701 9.81 1193 20.11 - 20.11 6.04 393 694 984 17.77 - 17.77
VANILLA + LDS 9.08 677 882 1048 1843 — 1843 535 378 563 749 1546 - 15.46
VANILLA + FDS 9.65 688 958 11.75 19.80 — 19.80 586 3.83 6.68 948 1743 — 17.43
VANILLA + LDS + FDS 896 6.88 8.62 10.08 17.76 — 17.76 538 390 5.61 7.36 14.65 - 14.65
4 peaks:
VANILLA 949 723 973 1085 12.16 8.23 1878 568 345 695 820 943 6.89 16.02
VANILLA + LDS 880 698 826 10.07 1126 8.31 16.22 5.10 3.33 5.07 708 847 6.66 12.74
VANILLA + FDS 928 711 9.16 1088 1195 8.30 1811 549 336 635 815 9.21 6.82 15.30

VANILLA + LDS + FDS 876 7.07 823 9.54 11.13 8.05 1632 505 336 5.07 656 830 6.34 13.10

B B.4.4 Robustness to Diverse Skewed Label Distributions

We analyze the effects of different skewed label distributions on our techniques for DIR
tasks. We curate different imbalanced label distributions for IMDB-WIKI-DIR by com-
bining different number of skewed Gaussians over the target space. Precisely, as shown
in Fig. B-1, we create new training sets with {1,2,3,4} disjoint skewed Gaussian distri-
butions over the label space, with potential missing data in certain target regions, and
evaluate the robustness of LDS and FDS to the distribution change.

We verify in Table B-12 that even under different imbalanced label distributions, LDS
and FDS consistently bring improvements compared to the vanilla model. Substantial
improvements are established not only on regions that have data, but more prominent on
those without data, i.e., zero-shot regions that require target interpolation or extrapolation.
We further visualize the absolute MAE gains of our methods over the vanilla model for the
curated skewed distributions in Fig. B-1. Our methods provide a comprehensive treatment
to the many, medium, few, as well as zero-shot regions, where remarkable performance
gains are achieved across all skewed distributions, confirming the robustness of LDS and

FDS under distribution change.
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Table B-13: Additional study of performance on different test set label distributions
on IMDB-WIKI-DIR.

Metrics MSE | MAE | GM |

Shot All Many  Med. Few All' Many Med. Few All Many Med. Few
Balanced:

VANILLA 138.06 108.70 366.09 96492 ' 8.06 7.23 1512 2633 ' 457 417 1059 20.46

VANILLA + LDS + FDS | 129.35 106.52 31149 811.82 | 7.78 7.20 12.61 2219 | 437 412 739  12.61

Same as training set:

VANILLA 68.44 6210 32052 1350.01 | 5.84 5.72 1511 3054 | 344 340 1176 24.06
VANILLA + LDS + FDS | 69.86 6343 161.97 1067.89 | 590 5.77 994 2517 | 348 344 7.03 15.95

B B.4.5 Additional Study on Test Set Label Distributions

We define the evaluation of DIR as generalizing to a testset that is balanced over the entire
target range, which is also aligned with the evaluation in the class imbalance setting [69]. In
this section, we further investigate the performance under different test set label distribu-
tions. Specifically, we consider the test set to have exactly the same label distribution as the
training set, i.e., the test set also exhibits skewed label distribution (see IMDB-WIKI-DIR
in Fig. 3-6). We show the results in Table B-13. As the table indicates, in the balanced test-
set case, using LDS and FDS can consistently improve the performance of all the regions,
demonstrating that our approaches provide a comprehensive and unbiased treatment to
all the target values, achieving substantial improvements. Moreover, when the testset has
the same label distribution as the training set, we observe that adding LDS and FDS leads
to minor degradation in the many-shot region, but drastically boosts the performance in
medium-shot and few-shot regions. Note that when testset also exhibits skewed label dis-
tribution, the overall performance is dominated by the many-shot region, which can result

in biased and undesired evaluation for DIR tasks.

B B.4.6 Further Comparisons to Imbalanced Classification Methods

We provide additional study on comparisons to imbalanced classification methods. For
DIR tasks that are appropriate (e.g., limited target value ranges), imbalanced classification
methods can also be plugged in by discretizing the continuous label space. To gain more
insights on the intrinsic difference between imbalanced classification and imbalanced re-
gression problems, we directly apply existing imbalanced classification schemes on several

appropriate DIR datasets, and show empirical comparisons with imbalanced regression
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Table B-14: Additional study on comparisons to imbalanced classification methods
across several appropriate DIR datasets.

Dataset IMDB-WIKI-DIR (subsampled) STS-B-DIR NYUD2-DIR
Metric MAE | MSE | RMSE |
Shot All Many Med. Few All Many Med. Few All Many Med. Few

Imbalanced Classification:

CLs-vANILLA ' 1594 1564 1895 3021 ' 1926 1906 2.022 1907 ' 1.576 0596 1.011 2.275

CB[72] 2241 2232 2205 3290 | 2159 2194 2028 2107 | 1.664 0592 1.044 2415
CRT [82] 15.65 1533 1752 29.54 | 1.891 1906 1930 1.650 | 1.488 0.659 1.032 2.107
Imbalanced Regression:

REG-VANILLA | 14.64 1398 1747 3029 | 0974 0851 1.520 0.984 | 1477 0.591 0952 2.123
LDS 14.03 1372 1593 2671 | 0914 0.819 1319 0955 | 1.387 0.671 0913 1.954
FDS 13.97 1355 1642 24.64 | 0916 0.875 1.027 1.086 | 1.442 0.615 0940 2.059

LDS + FDS 13.32 1314 15.06 23.87 | 0.907 0.802 1363 0942 | 1.338 0.670 0.851 1.880

approaches. Specifically, we select the subsampled IMDB-WIKI-DIR (see Fig. 3-2), STS-B-
DIR, and NYUD2-DIR for comparison. We compare with CB [72] and CRT [82], which
are the state-of-the-art methods for imbalanced classification. We also denote the vanilla
classification method as CLS-VANILLA. For fair comparison, the classes are set to the same
bins used in LDS and FDS. Table B-14 confirms that LDS and FDS outperform imbalanced
classification schemes by a large margin across all DIR datasets, where the errors for few-
shot regions can be reduced by up to 50% to 60%. Interestingly, the results also show that
imbalanced classification schemes often perform worse than even the vanilla regression
model (i.e., REG-VANILLA), which confirms that regression requires different approaches
for data imbalance than simply applying classification methods.

We note that imbalanced classification methods could fail on regression problems for
several reasons. First, they ignore the similarity between data samples that are close w.r.t.
the continuous target; Treating different target values as distinct classes is unlikely to yield
the best results because it does not take advantage of the similarity between nearby targets.
Moreover, classification methods cannot extrapolate or interpolate in the continuous label

space, therefore unable to deal with missing data in certain target regions.

B B.4.7 Complete Visualization for Feature Statistics Similarity

We provide additional results for understanding FDS, i.e., how FDS influences the feature
statistics. In Fig. B-2, we plot the similarity of the feature statistics for different anchor ages

in {0, 30,60, 90}, using models trained without and with FDS. As the figure indicates, for
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the vanilla model (i.e., Fig. B-2(a), B-2(c), B-2(e), and B-2(g)), there exists unexpected high
similarities between the anchor ages and the regions that have very few data samples.
For example, in Fig. B-2(a) where the anchor age is 0, the highest similarity is obtained
with age range between 40 and 80, rather than its nearby ages. Moreover, for anchor ages
that lie in the many-shot regions (e.g., Fig. B-2(c), B-2(e), and B-2(g)), they also exhibit
unjustified feature statistics similarity with samples from age range 0 to 6, which is due to
data imbalance. In contrast, by adding FDS (i.e., Fig. B-2(b), B-2(d), B-2(f), and B-2(h)), the
statistics are better calibrated for all anchor ages, leading to a high similarity only in the
neighborhood, and a gradually decreasing similarity score as target value becomes smaller

or larger.
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Figure B-2: Analysis on how FDS works. First column: Feature statistics similarity
for anchor ages {0, 30, 60, 90}, using model trained without FDS. Second column: Fea-
ture statistics similarity for anchor ages {0, 30, 60,90}, using model trained with FDS.
We show that using FDS, the statistics are better calibrated for all anchor ages, leading
to a high similarity only in the neighborhood, and a gradually decreasing similarity
score as target value becomes smaller or larger.
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APPENDIX C
Details and Results for Multi-Domain

Long-Tailed Recognition

B C.1 Theoretical Analysis and Complete Proofs

In this section, we explain the details of Theorem 4 in the main thesis, and also formally
describe Theorem 6. We start with giving additional definitions and providing a useful
lemma and its proof, which invoked through the proof of the theorems. We then formally

prove the arguments in Theorem 4 and 6.

B C.1.1 Additional Definition, Lemma, and Theorem

Definition 5 ((&, 3,7) Calibrated Transferability Statistics). The transferability graph can
be further described by the following three components:

a= EcEdEd’7£d {)‘filjf : trans((d, C), (d/, C))] y
B = EqEEy £ {)\Z:g -trans((d, ¢), (d, c/))} ,

Y = EqEg 2dEcEe [Ag:f/ -trans((d, c), (d', c'))} ,

' Ny o\ : Lo .
where A% = ( ]\“,‘;") denotes the distance calibration coefficient.
) o@

201
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Lemma 5.1. Let n,m > 0and ¢ : R — R, p(z) = log(n + mexp(z)). Given a finite sequence
x1,%2,...,xy € R, it holds that

i)

Proof. Note that ¢ is smooth and thus twice differentiable for all z € R. We obtain the

second derivative of ¢ as

//(x _ nm eXp(:L‘)
(7 + mexp(x))?

>0, VxeR.

Therefore, ¢ is convex. Thus, by Jensen’s inequality, we obtain that ﬁ @']\il o(x;) >

% ( ﬁ Zf\i 1 xz> , which completes the proof. O

Theorem 6 (ZBoDA as an Upper Bound). Given a multi-domain long-tailed dataset S with
domain label space D and class label space C satisfying |D| > 1 and |C| > 1, let Z be the

representation set of all training samples. It holds that

~ Cl|lD| ~ || 5 [C|(|IP|-1) .
Bran(2. ) 2 1o (121 = 1+ I(el - Dexp (P -5 - B - KELZD 5,
(C1
where (&, 3,7) are the calibrated transferability statistics for S defined in Definition 5.

B C.1.2 Proof of Theorem 4

Recall that M = D x C := {(d,c) : d € D, c € C} is the set of all domain-class pairs. Lgopa
is given by

d(zi, g,
ﬁBoDA z, {M} Z ’ Z log exp( (Z Hq, z))
zeZ 1 sedvian Z(d’ YEM\{(ds,ei)} €XP (= d(2i, o o))

— Z gBoDA<Zia {“’})7

z,€EZ
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where lgopa(z;, {pt}) is the sample-wise BODA loss. We rewrite /gopy in the following format

—d(2i, g,
= 1 1 Z log €xp ( (Z Hq, L))
’ ‘ o deD\{d;} Z(d/,CI)EM\{(di,Ci)} exXp (_d(Zi, ,Ud’,c’))

1 o .1 €X —a Z;, ' o
= log (Z(d,c)EM\{(d“cz)} p (—d(zi, pgr )))

Cropa(zi, {1}) = —

_1

e a,y e (=d(zi, g )

' el o)) X —a Zi, g o
~ log (Z(d ,c)eMl\{(d“cz)} D ( - ( Ky, ))) . (C2)
exp (‘W > _aep\{d,} 9(2i, “d,c)>

We will first focus on the term in the numerator of Eqn. (C.2). We can rewrite the sum into

two terms

Z exp (—E(Zi, K o))

() eM\{(di,ci)}

= Z Z exp ZZ, [Ld/ / + Z Z €xp (*H(Zl’, ﬂd’,c/)) :

d'e€D\{d;} c'€{c;} d'eD c'eC\{ei}

T T>

Since the exponential function exp(-) is convex, we apply Jensen’s inequality on both T

and T5:

d’eD\{d }ef{e}

T > (Dl)exp( S dzi s )
= (|D| —1)exp (Dll Z a(zi,ud/’cl))

d'eD\{d:}

15

v

|D|(|C‘ - 1) exXp ( "D’ |C‘ Z Z d Zl,llld/ / )

d’eD ceC\{c;}

Thus, by using exp(z)/ exp(y) = exp(z — y) and rearranging terms, we bound /g.ps by

Bopa(2i; {1t})

1 -
> log <|D—1+|D(|C—1)€Xp(|p_1 Z d(zi, b ;) — D) \C| Z Z d(2i, o ))

d’eD\{d;} d’eD ceC\{ei}

T(zi,{n})
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Leveraging Lemma 5.1, by setting n = |D| — 1, # = |D|(|C| — 1), and x; = T'(z;, {u}), we
further bound Lgopa(Z, {p}) by

Leopa(Z,{p}) = Z Cpopa(zi; {p})

z,€EZ
> Y log(|D| = 1+ |D|(IC| = 1) exp (T(zs, {1})))
z,€EZ
> |Z|log (’D —1+|D[(|C] = 1) exp (Z T Zu{u}))) . (€3
z,EZ

Note that the argument of the exp(-) in Eqn. (C.3) can be expanded and further rearranged

as

|Z\ D Tl {n}) = yz| Z \p\ > d(zi )

7, €2 d’eD\{d~}

’Z| Z "D‘ ’C| Z Z d Zuﬂd/ /)

d’GD c/eC\{c:}

\zum 12, 2 A

2,€Z d'eD\{d;}

1
EIEEED) \cw Z D e pae) -

z,€Z /€C\{c; }

|Z‘ |D| |C‘ -1) Z Z Z d ZZ?P‘d/ /) (C.4)

2:€Z d'eD\{d;} ¢'€C\{ci}

Ty

Recall that each z; € Z belongs to a domain-class pair (d;, ¢;), and Z;. denotes the repre-

sentation set of S; . with size Ny .. For simplicity, we remove the subscript i in the follow-
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ing derivation. We can further rewrite T,,, T3, T’, as

fo = rZHDr—lZZ 2 2 dmpad

c€C deD d’'eD\{d} €24,

1 -
= |Z| "D’ ‘CHD‘(’D‘ )EcEdEd’;édEzEZd,c [Nd,c : d(Z7 H’d’,c)]
——
d(z7l’l'd/,c)
C||D
- !!ﬂ e EdEd’dezezdc[d(zaudf,c)}, (C.5)
1
s = =D ZZ > 3 dmpae)
cGC deD c'eC\{c} 2€E24,¢
1 1 ~
= 1CIIPI(C] = V)EELEy 2 Epez, [Nue-d(z, g
|Z| |D’(|C| _ 1) |CH ‘(|C| ) d #* sz,c[ d, (Z Ky, )]
d(z’u‘d,c’)
C
— ”2/,‘|EdEcEcl;ﬁcEZEch[d(zaudc’)]7 (C6)

1
TV:]ZHD!WI ZZ Z Z Zdzud//
CEC deD d'eD\{d} ¢/eC\{c} z€EZ4,
1 [C]|D|(IDP] = 1)(€] - 1)

= —_— EE/ EE/ E N a ;.
ZI e -y CafezBBesaez, [ Nao 4@ py o)

d(z,bty 1)

Cl(|IP| -1
= ’mz‘,’) EdEd/#dECEC/#CEZEZd@ [d(Z, l,l;dl7cl):| 5 (C7)

y

where («, 8, 7) are the transferability statistics for S as in Definition 3. Finally, replace

|Z| = N and combine Eqn. (C.3), (C.4), (C.5), (C.6), and (C.7), we have

ClID] €]

oo (2. () = Nog (D] = 1+ I(e] ~ Dexp (7 - [T 5= AURZD ),

This completes the proof.

B C.1.3 Proof of Theorem 6

We first define a notion of calibrated distance d. Let z € Z4.., we have

o~ !~ N/ / v ~

d, a,
d(z, prgr ) 2 737 (2, prg ) = ( S ) d(z, g o).
d,c
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From Theorem 4, by substituting d with 8, it holds that

Looon(Z. {1}) = Looon (2. ()|,

> Nlog (|D| — 1+ |D|(IC| — 1) exp (T}, — T —T%)),

(C.8)

where T}, Té, and Tfy can be expressed as

C||D
T, = | ]’lf ‘E EdEd/#dEzech[Ndc'd(zv“d’,cﬂ
C||D
= ‘ ]|l[ |]E ]Ed]EdlsﬁdEZEch[)‘d:: Ndc'd(zvﬂd’,c)}
N—_— ———
d(z7p‘d/,c)

1P|

= T BB [N Baez,, 42 10 )] (C9)

«

C ~
Té = ]\]—’EdECEC/#CEZGZd’C [Nd,c : d(Z, “’d,c’)]
C p ~
_ | |EdEE,¢CEzegdc[)\g:c Ny -d(z,pgo) ]
—_— ———
d(Z,/J,dyc/)
_ Ol g, Ao d C.10
= N d c'#c d,c ZGZdC[ (Z’p‘d,c/)] ) ( . )

B

C|(ID] —1 —~
T, = M)EdEdfyédEcEc'#cEzezd,c [Nac-d(z, py o))
C D - ]_ o —~
== M)EdEd’idEcEc’icEzezd,c [Ag’f . Nd,c . d(Z, l“"d’,c/) ]

d(zvlJ’d/,c/)

CI(|ID] — 1 ' !
= |(|]\|7)EdEd’7édEcEc’¢c [)‘g,é Ezez,, [d(zal‘d’,c’)ﬂ’ (C.11)

where (a, B ,7) are formally defined in Definition 5. Combine Eqn. (C.8), (C.9), (C.10), and
(C.11), we have

Coomn (2 () = Niog (191 = 1+ I(c] ~ Dexp (07— 1.5 FIRZD 5,

which completes the proof.
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B C.2 Additional Discussions, Properties, and Interpretations

B C.2.1 \Unified Interpretation for Single- and Multi-Domain Imbalance

In the main thesis we show that, in the multi-domain setting, label imbalance implicitly
brings label divergence across domains, which brings additional challenges and potentially
harms MDLT performance. Here we provide a unified viewpoint from the label divergence
perspective to explain single- and multi-domain data imbalance.

To elaborate, in single domain imbalanced learning, we essentially cope with the di-
vergence between the imbalanced training label distribution and the uniform test label

distribution:

div(p(y) [ U),

where div(-||-) indicates certain divergence measure. In contrast, when extending to the
multi-domain scenario, given |D| domains with (different) imbalanced label distributions,

the target divergence becomes

> "div(pa(y) [| U) + const - Y div(pa(y) || par(y)),
d

dtd’

Vv
imbalanced training divergence across domains

where one not only needs to tackle the imbalanced training data for each domain d € D
in order to generalize to the balanced test set, but also takes into consideration the label
divergence across domains.

Such interpretation echoes our BoDA objective: We design the DA loss for cross-domain
distribution alignment to tackle the latter term, and further adapt it to BoDA via balanced

distance to address the former term.

B C.2.2 A Probabilistic Perspective of L;, Derivation

Recall M = D x C the set of all (d, ¢) pairs. Let (x;,¢;,d;) denote a sample with feature
z;. Following the metric learning setting [124], we model the likelihood of p, . given z; to
decay exponentially with respect to their distance in the representation space. Such mod-
eling can be viewed as performing a random walk with transition probability inversely

related to distance [343]. For domain-class pairs that share the same class label but differ-
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ent domain labels with x; (i.e., (d,¢;),d # d;), the normalized likelihood of Ky, given z;

can be written as

_ exp (—d(zi; Hyyc,))
D@ ey eM\[(dssen)} €XP (—d(2Zi, By )

P((d,c:)|z)

where the denominator is a sum over all domain-class pairs except (d;, ¢;). As motivated,
we want to concentrate all z; from the same class across different domains (i.e., smaller
«), while separating z; from different classes within and across domains (i.e., larger 3, ).
Therefore, the positive domain-class pairs with x; are those share the same class labels but
different domain labels. As a result, we define the per-sample loss as the average negative

log-likelihood over all positive domain-class pairs:

1 exp (—d(zi; M)
) = —pry 2 M Cd )
deD\{d;) . -

Given a set of all training samples with representation set as Z, the total loss can then be

derived as

_ —1 exp (—d(2i, )
EDA(Z’ {,J,}) - Z |D| -1 Z 10g Z d'.cNeM )1 €XP (—d(Zi, g /)) '
7,€Z deD\{d;} (', )eM\{(di,ci)} c

B C.2.3 Intrinsic Hardness-Aware Property of BoDA

Below, we demonstrate an additional property of BoDA: the intrinsic hardness-aware prop-
erty. Specifically, we analyze the gradients of BoDA loss with respect to positive (d, ¢) pairs
and different negative (d, c) pairs. We observe that the gradient contributions from hard
positives/negatives are larger than that from the easy ones, indicating that BoDA automat-
ically concentrates on the hard (d,c) pairs, where penalties are given according to their

hardness.
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Recall that the sample-wise calibrated BoDA loss ZBoDA can be written as

Coopa(zi, {1})

exp (—Aglila(zzv I‘l’d,ci))

- - log 1~
D] -1 Z S g ey exp (=X d (i, pgr )
dED\(d;}  2o(de)eM\{(dirci)) disei 707 e

Nd (24, pgc,)

d,c;
1 exXp (— — >
=——— Y log - (C.12)

1 i ’
AEPMA D ey eM{(dy i)} P <— N, od(zi, l"d’,d))

10C%

where z; € Zg, .,. For convenience, we further define the probability of z; being recognized

as belonging to p, . as

XiCe,
exp (—Nd;; (2, ud,c)>

i A
Pd,c_

;o (dye) € MA\{(di,ci) }-

d/,cl

2o ) eM\{(divc)} OXP <— ~, d(z, “dcc')>

Note that the essential goal of Eqn. (C.12) is to align (minimize) positive distances d(z;, p, )
and to separate (maximize) negative distances d(z;, 4 ). Therefore, we analyze the gra-
dients with respect to positive distance and different negative distances to explore the

properties of CBopa- Specifically, we have

aZBODA(Zia {H})
8d(zia /J’d,ci)

-1 o )\Z’Ci )\Z’,c’
= W Z 0d(z:, pra..) N d(zhﬂd,ci) — log Z o) exp <N d(z;, Hd/,p/))

deD\{d;} dici (d ") eM\{ i
d i d( )
o Y e P |~y A P,
|D| -1 deD\id Na, e, )‘Zii/i
€D\{d:} Z(d@c/)e/\/l\{(duci)} exp _Ndi’wid(zi’ud/’cl)

1 Nici 7
=D -1 2 i (1~ Fie)

dG'D\{di} di,ci

X Z Nalici (1 - Pczém) )
deD\{d;}
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Olaopa(zi, {1})

0d(z;, Hd',c')
dc d/ !
o) Ad e N
3 ——~d(zi, ) — log > exp ( Az )
“p-1 I* L ehia,y 040z pa o) { Nas (@) EMV{(dire)} N e

A&
N2 exp (— N‘:ZL d(z;, ,Ud,c,,j)>
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Combine the above results, we have

[ o 19 3

positive: Oloa (i, {11}) o Z Nj.. (1-Pi.), (C.13)
ad (Z'L; l"l’d Cz) dGD\{d } ’

negative: Olsova(2i: {11}) x —N§7C,P§,7C,. (C.14)

8d(zi7 /J‘d’,C’)

Interpretation. Eqn. (C.13) and (C.14) illustrate several interesting and important proper-
ties of BoDA:

¢ Intrinsic hard positive and negative mining. For positive pairs, we observe that the gradient
magnitudes are proportional to (1 — Péycl_), where for an easy (d, ¢;) pair, Pé}cl_ ~ 1 and
(1-Pj,,) = 0,and for a hard (d,¢;) pair, Pj, ~ 0and (1 — P; ) ~ 1, indicating that
the gradient contributions from hard positives are larger than easy ones. Similarly, for
negative pairs, the gradient magnitudes are proportional to Pi,ﬂ,, where an easy (d, )
pair has Pfl',#, ~ 0 and a hard (d, ¢;) pair induces Pé,’c, ~ 1, showing that the gradient
contribution is large for hard negatives and small for easy negatives. Therefore, BoDA is

a hardness-aware loss with intrinsic hard positive/negative mining property.

e Scaling gradients according to the number of samples of each (d, ¢). Furthermore, as we have
shown in Fig. 4-5, when data are imbalanced across different (d, ¢) pairs, minority pairs
with smaller number of samples would induce worse p,; . estimates. We further ob-
serve that the gradients for both positive and negative pairs are proportional to their
number of samples (i.e., Nj . and Nj ). This suggests that BoDA automatically adjusts

the gradient scale for each (d,c) according to how accurate the estimation of . is
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Table C-1: Detailed statistics of the curated MDLT datasets used in our experiments.
For the synthetic Digits-MLT dataset, we manually vary the minimum (d, ¢) size to
simulate different degrees of imbalance.

Dataset # Domains # Classes Max (d,c) size Min (d,c) size # Trainingset # Val.set # Testset
Digits-MLT 2 10 1,000 10 ~ 1,000 20,000 ~ 4,956 16,000 16,000
VLCS-MLT 4 5 1,454 0 9,872 285 572
PACS-MLT 4 7 741 5 7,891 700 1,400
0fficeHome-MLT 4 65 84 0 11,688 1,300 2,600
TerraInc-MLT 4 10 4,455 0 23,269 353 708
DomainNet-MLT 6 345 778 0 468,574 39,240 78,761

The appealing property highlights that BoDA also implicitly calibrates the gradient scale,
emphasizing gradients from majority pairs (which are more reliable) while suppressing
gradients from minority pairs (which are less reliable). Such behavior is essential for

better statistics transfer as we demonstrated in the main thesis.

B C.3 Details of MDLT Datasets

In this section, we provide the detailed information of the curated MDLT datasets we used
in our experiments. Table C-1 provides an overview of the datasets. Table C-2 provides

the image examples across domains for each MDLT dataset.

Digits-MLT. We construct Digits-MLT by combining two digit datasets: (1) MNIST-M
[113], a variant of the original MNIST handwritten digit classification dataset [344] with
colorful background, and (2) SVHN [123]. The original MNIST-M dataset contains 60,000
training samples and 10,000 testing examples, and the original SVHN dataset contains
73,257 images for training and 26,032 images for testing. Both datasets have examples of
dimension (3,32, 32) and 10 classes. We create Digits-MLT with controllable degrees of
data imbalance, where we keep the maximum number of samples each (d, c¢) to be 1,000,
and manually vary the imbalance degree to adjust the number of samples for minority
(d, c). For validation and test set, we use the original test set of the two datasets, but keep

the number of samples each (d, ¢) to be 800.

VLCS-MLT. The original VLCS dataset [128] is an object recognition dataset that comprises
photographic domains d € { Caltech101, LabelMe, SUN(09, VOC2007 }, with scenes cap-

tured from urban to rural. The dataset contains 5 classes with 10,729 examples of dimen-
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Table C-2: Overview of images from different domains in all MDLT datasets. For
each dataset, we pick a single class and show illustrative images from each domain.

Dataset Domains
MNIST-M SVHN
Digits-MLT 3 .
Caltech101 LabelMe SUNO09 VOC2007
VLCS-MLT : {( m
Art Cartoon Photo Sketch
: N .
PACS-MLT o)
R T
Art Clipart Product Photo
0fficeHome-MLT m N\\H %
L100 L38 L46

2
143
= : 3 .

Clipart Infographic Painting QuickDraw Photo Sketch

Terralnc-MLT H

(camera trap location)

TP N y
DomainNet-MLT _gi 7 ol
N = = ~%

sion (3,224, 224). To construct VLCS-MLT, for each (d, ¢) we split out a validation set of size

15 and a test set of size 30, and leave the rest for training.

PACS-MLT. The original PACS dataset [129] is an object recognition dataset that comprises
four domains d € { art, cartoons, photos, sketches } with image style changes. It contains 7
classes with 9,991 examples of dimension (3,224, 224). We construct PACS-MLT in a similar
manner as VLCS-MLT, where we split out a validation set of size 25 and a test set of size 50

for each (d, ¢), and leave the rest for training.

OfficeHome-MLT. The original 0fficeHome dataset [130] includes domains d € { art, clipart,
product, real }, containing 15,588 examples of dimension (3,224, 224) and 65 classes. We
make 0fficeHome-MLT by splitting out a validation set of size 5 and a test set of size 10 for

each (d, c), leaving the rest for training.

TerraInc-MLT. TerraInc-MLT is constructed from TerraIncognita dataset [131], a species

classification dataset that contains photographs of wild animals taken by camera traps at
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locations d € {L100,L38,1L43,L46}. The dataset contains 10 classes with 24,788 examples
of dimension (3, 224, 224). For each (d, ¢), we split out a validation set of size 10 and a test

set of size 20, and use all remaining samples for training.

DomainNet-MLT. We construct DomainNet-MLT using DomainNet dataset [132], a large-scale
multi-domain dataset for object recognition that consists of six domains d € { clipart,
infograph, painting, quickdraw, real, sketch }, 345 classes, and 586,575 examples of size
(3,224,224). To construct DomainNet-MLT, for each (d, c) we split out a validation set of

size 20 and a test set of size 40, and leave the rest for training.

B C.4 Experimental Settings

B C.4.1 Implementation Details

For the synthetic Digits-MLT dataset, we fix the network architecture as a small MNIST
CNN [133] for all algorithms, and use no data augmentation. For all other MDLT datasets,
following [133], we use the pretrained ResNet-50 model [64] as the backbone network
for all algorithms, and use the same data augmentation protocol as [133]: random crop
and resize to 224 x 224 pixels, random horizontal flips, random color jitter, grayscaling
the image with 10% probability, and normalization using the ImageNet channel statistics.
We train all models using the Adam optimizer [345] for 5,000 steps on all MDLT datasets
except DomainNet-MLT, on which we train longer for 15,000 steps to ensure convergence.
We fix a batch size of 64 per domain for Digits-MLT experiments, a batch size of 32 per
domain for DomainNet-MLT experiments, and a batch size of 24 per domain for experiments
on all other datasets.

For all MDLT datasets except 0fficeHome-MLT and TerraInc-MLT, we define many-shot
(d, c) pairs as with over 100 training samples, medium-shot as with 20~100 training samples,
and few-shot as with under 20 training samples. For 0fficeHome-MLT, we define many-shot
as (d, c) pairs with over 60 training samples, medium-shot as with 20~60 training samples,
and few-shot as with under 20 training samples. For TerraInc-MLT, we define many-shot as
(d, ) pairs with over 100 training samples, medium-shot as with 25~100 training samples,

and few-shot as with under 25 training samples.
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B C.4.2 Competing Algorithms

We compare BoDA to a large number of algorithms that span different learning strategies.
We group them according to their categories, and provide detailed descriptions for each

algorithm below.

¢ Vanilla: The empirical risk minimization (ERM) [127] minimizes the sum of errors across
all domains and samples.

* Group robust optimization: Group distributionally robust optimization (GroupDRO) [134]
performs ERM while increasing the importance of domains with larger errors.

* Cross-domain data augmentation: Inter-domain mixup (Mixup) [135] performs ERM on
linear interpolations of examples from random pairs of domains and their labels. Style-
agnostic network (SagNet) [136] disentangles style encodings from image content by
randomizing and augmenting styles.

* Meta-learning: Meta-learning for domain generalization (MLDG) [116] leverages meta-
learning to learn how to generalize across domains.

* Domain-invariant representation learning: Invariant risk minimization (IRM) [66] learns a
feature representation such that the optimal linear classifier on top of that representation
matches across domains. Domain adversarial neural networks (DANN) [113] employ an
adversarial network to match feature distributions. Class-conditional DANN (CDANN)
[112] builds upon DANN but further matches the conditional distributions across do-
mains for all labels. Deep correlation alignment (CORAL) [111] matches the mean and
covariance of feature distributions. Maximum mean discrepancy (MMD) [137] matches
the MMD [346] of feature distributions.

* Transfer learning: Marginal transfer learning (MTL) [138] estimates a mean embedding
per domain, passed as a second argument to the classifier.

* Multi-task learning: Gradient matching for domain generalization (Fish) [139] maximizes
the inner product between gradients from different domains through a multi-task objec-
tive.

* Imbalanced learning: Focal loss (Focal) [99] reduces the relative loss for well-classified
samples and focuses on difficult samples. Class-balanced loss (CBLoss) [72] proposes
re-weighting by the inverse effective number of samples. The LDAM loss (LDAM) [71]

employs a modified marginal loss that favors minority samples more. Balanced-Softmax
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(BSoftmax) [100] extends Softmax to an unbiased estimation that considers the number
of samples of each class. Self-supervised pre-training (SSP) [22] uses self-supervised
learning as a first-stage pre-training to alleviate the network dependence on imbalanced
labels. Classifier re-training (CRT) [82] decomposes the representation and classifier
learning into two stages, where it fine-tunes the classifier using class-balanced sampling

with representation fixed in the second stage.

B C.4.3 Hyperparameters Search Protocol

For a fair evaluation across different algorithms, following the training protocol in [133],
for each algorithm we conduct a random search of 20 trials over a joint distribution of its
all hyperparameters. We then use the validation set to select the best hyperparameters
for each algorithm, fix them and rerun the experiments under 3 different random seeds
to report the final average accuracy (and standard deviation). Such process ensures the
comparison is best-versus-best, and the hyperparameters are optimized for all algorithms.

We detail the hyperparameter choices for each algorithm in Table C-3.

B C.44 Settings for DG Experiments

For DG experiments, we strictly follow the training protocols described in [133]. Across
all benchmark DG datasets, we keep the same hyperparameter search space for BoDA as in
Table C-3. We fix all other training parameters unchanged so that the results of BoDA are
directly comparable to the results in [133].

For model selection, we use the training-domain validation set protocol in [133] with
80% — 20% training-validation split, and the average out-domain test performance is re-

ported across all runs for each domain.

B C.5 Complete Results for MDLT

We provide complete evaluation results on the five MDLT datasets. In addition to the
reported results in the main thesis, for each dataset we also include the accuracy on each

domain together with the averaged and the worst accuracy.



216

APPENDIX C. DETAILS AND RESULTS FOR MULTI-DOMAIN LONG-TAILED RECOGNITION

Table C-3: Hyperparameters search space for all experiments.

Condition Parameter Default value Random distribution
General:
learning rate 0.00005 1QUniform(=5,-3.5)
ResNet dropout 0 RandomChoice([0,0.1,0.5])
generator learning rate 0.00005 1(Uniform(—5,~3.5)
discriminator learning rate 0.00005 1Uniform(—5,-3.5)
learning rate 0.001 1(Uniform(—4.5,-3.5)
not ResNet generator learning rate 0.001 1QUniform(—4.5,~2.5)
discriminator learning rate 0.001 1Uniform(—4.5,-2.5)
- weight decay 0 0
Digits-MLT generator weight decay 0 0
. weight decay 0 1(Uniform(—6,-2)
D ts-MLT .
notpigits generator weight decay 0 1(Uniform(—6,-2)
Algorithm-specific:
lambda 100 1(Uniform(—1,5)
IRM i i i Uniform (0,4
iterations of penalty annealing 500 1(Uniform(0,4)
GroupDRO eta 0.01 1(Uniform(—3,~1)
Mixup alpha 0.2 1 OUniform( 0,4)
MLDG beta 1 1(Uniform(—1,1)
CORAL, MMD gamma 1 1(Uniform(—1,1)
lambda 1.0 10Uniform(—2,2)
S . Uniform(—6,—2)
DANN, d%scqm%nator weight decay 0 18 ;“ Ormo )
discriminator steps 1 9Uniform(0,3)
CDANN k nit -
gradient penalty 0 1(Uniform(~2,1)
adam 0.5 RandomChoice([0, 0.5])
MTL ema 0.99 RandomChoice([.5, .9, .99, 1])
SagNet adversary weight 0.1 1Uniform(—2,1)
Fish meta learning rate 0.5 RandomChoice([.05, .1, .5])
Focal gamma 1 0.5 % 10Unif0rm(0,1)
CBLoss beta 0.9999 1 — 1QUniform(=5,-2)
max_m 0.5 1(QUniform(—1,-0.1)
LDAM scale 30 RandomChoice([10, 30])
nu 1 1(QUniform(—0.5,0)
BobDA BoDA loss weight 0.1 1(QUniform(—2,—-0.5)
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m C.5.1 VLCS-MLT

Table C-4: Complete evaluation results on VLCS-MLT.

Accuracy (by domain) Accuracy (by shot)

Algorithm C L S v Average Worst Many Medium Few Zero

ERM 99.3 £0.3 53.6 £1.1 65.9 +1.2 86.4 £0.7 76.3 £0.4 53.6 £1.1 84.6 £0.5 76.6 +0.4 329 +04
IRM 99.1 £0.4 52.3 £0.7 68.8 £1.4 86.0 £0.3 76.5 £0.2 52.3 £0.7 85.3 £0.6 75.5 £1.0 33.5 +1.0
GroupDRO 98.7 £0.3 54.1 +£1.3 67.5 +1.5 86.7 £0.3 76.7 £0.4 54.1 +1.3 85.3 0.9 76.2 £1.0 34.5 £2.0
Mixup 99.3 £0.3 52.7 £1.3 66.1 £0.0 85.3 +1.1 75.9 +0.1 52.7 +1.3 84.4 +0.2 77.1 £0.6 29.2 +1.4
MLDG 99.3 £0.3 53.6 £0.5 68.3 £0.4 86.4 +£0.5 76.9 £0.2 53.6 £0.5 84.9 £0.3 77.5 £1.0 34.4 +0.9
CORAL 99.3 £0.3 51.6 £0.7 67.5 £1.8 85.3 £0.9 75.9 +0.5 51.6 £0.7 84.3 £0.6 75.5 £0.5 34.5 +0.8
MMD 99.6 £0.2 53.4 £0.3 65.6 £0.8 86.7 £1.1 76.3 +£0.6 53.4 £0.3 84.5 +0.8 77.1 £0.5 32.7 £0.3
DANN 99.6 £0.2 54.1 £0.3 69.9 £0.2 86.7 £0.0 77.5 £0.1 54.1 £0.3 85.9 £0.5 76.0 +0.4 38.0 +2.3
CDANN 99.6 £0.4 53.6 £0.4 67.5 +£0.6 85.8 £0.8 76.6 +£0.4 53.6 +0.4 84.4 +0.7 77.3 +£0.8 35.0 +0.8
MTL 99.1 £0.2 52.9 +£0.5 66.7 £0.4 86.7 £0.6 76.3 £0.3 52.9 +0.5 84.8 £0.9 76.2 +0.6 33.3 £1.4
SagNet 99.6 £0.4 52.3 £0.2 67.2 £0.2 86.2 £1.0 76.3 £0.2 52.3 £0.2 85.3 +0.3 75.1 +0.2 32.9 +0.3
Fish 98.7 £0.3 54.3 +0.4 69.4 0.8 87.6 £0.4 77.5 £0.3 54.3 £0.4 86.2 £0.5 76.0 +£0.4 35.6 £2.2
Focal 99.1 £0.4 52.3 £0.2 66.1 £0.8 84.9 +£0.2 75.6 £0.4 52.3 £0.2 84.0 £0.2 75.5 +£0.6 32.7 £0.9
CBLoss 99.1 £0.2 52.5 +0.5 68.5 +1.0 87.1 £1.0 76.8 £0.3 52.5 £0.5 84.8 £0.7 77.5 £1.4 33.2 £1.6
LDAM 98.9 +0.2 529 £0.2 69.4 £1.4 88.0 £1.3 77.5 0.1 52.9 +0.2 86.5 £0.4 75.5 £0.5 35.2 0.6
BSoftmax 99.3 £0.3 52.9 £0.9 68.0 +0.2 86.7 £0.8 76.7 +£0.5 52.9 £0.9 84.4 +£0.9 78.2 +0.6 34.3 +0.9
SSP 99.1 £0.2 52.3 £1.0 68.0 £0.2 85.1 £0.4 76.1 £0.3 52.3 £1.0 83.8 £0.3 76.0 £1.2 37.1 +0.7
CRT 99.6 £0.3 51.4 £0.3 66.9 £0.8 86.9 £0.4 76.3 £0.2 51.4 £0.3 84.5 +0.1 77.3 £0.0 31.7 £1.0
BoDA.. 99.3 +0.3 51.4 +0.3 70.2 0.4 86.7 0.3 76.9 +0.5 51.4 +0.3 85.3 +0.3 77.3 40.2 33.3 +0.5
BoDA-M,. 100.0 +0.0 53.4 +0.3 68.5 +0.4 88.0 +£0.8 77.5 +0.3 53.4 +0.3 85.8 +0.2 77.3 +0.2 35.7 +0.7
BoDA, . 99.3 0.3 53.4 +0.3 68.5 +0.4 88.0 £0.4 77.3 +0.2 53.4 +0.3 85.3 £0.3 78.0 +0.2 38.6 +0.7
BoDA-M,. . 100.0 +0.0 55.4 +0.5 72.6 +0.3 84.7 +0.5 78.2 +0.4 55.4 +0.5 85.3 £0.3 79.3 +0.6 43.3 +1.1
BoDA vs. ERM  +0.7 +1.8 +6.7 +1.6 +1.9 +1.8 +0.7 +2.7 +10.4
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B C.5.2 PACS-MLT

Table C-5: Complete evaluation results on PACS-MLT.

Accuracy (by domain) Accuracy (by shot)
Algorithm A C P S Average Worst Many Medium Few  Zero
ERM 96.8 +0.1 97.0 £0.3 98.9 £0.3 95.8 +0.2 97.1 +0.1 95.8 £0.2 97.1 +0.0 97.0 £0.0 98.0 +0.9 —
IRM 96.8 £0.1 96.3 £0.7 98.7 £0.2 95.2 £0.4 96.7 £0.2 95.2 £0.4 96.8 £0.2 96.7 £0.7 94.7 +14 —
GroupDRO 96.9 +0.2 97.0 £0.4 99.0 £0.1 95.3 +0.4 97.0 £0.1 953 £0.4 97.3 £0.1 953 £1.2 947 £36 —
Mixup 96.5 +0.3 96.9 £0.7 98.5 +0.2 95.1 0.2 96.7 £0.2 95.1 +0.2 97.0 0.1 96.7 £0.3 91.3 £2.7 —
MLDG 96.6 £0.2 97.2 £0.3 98.5 £0.1 94.1 £0.3 96.6 £0.1 94.1 £0.3 96.8 £0.1 96.3 £0.7 92.7 £0.5 —
CORAL 96.9 +0.4 97.0 £0.5 98.3 £0.3 94.3 £0.7 96.6 £0.5 94.3 £0.7 96.6 £0.5 97.0 £0.8 94.7 0.5 —
MMD 96.8 £0.2 97.1 £0.4 97.4 £0.3 96.3 £0.3 96.9 £0.1 96.2 £0.2 96.9 £0.2 97.0 0.0 96.7 0.5 —
DANN 95.7 £0.3 97.2 £0.4 98.9 +£0.1 94.3 £0.1 96.5 £0.0 94.3 £0.1 96.5 £0.1 98.0 0.0 94.7 £24 —
CDANN 95.5 £0.5 96.7 £0.2 97.2 £0.3 94.9 £0.5 96.1 £0.1 94.5 +0.2 96.1 £0.1 96.3 +0.5 94.0 £09 —
MTL 96.3 £0.4 97.9 £0.3 98.2 £0.3 94.6 0.7 96.7 £0.2 94.5 +0.6 96.8 £0.1 953 +1.7 973 +11 —
SagNet 97.0 £0.2 97.8 £0.4 98.9 £0.1 95.2 +0.3 97.2 £0.1 95.2 £0.3 97.4 +£0.1 96.7 £0.5 953 £0.5 —
Fish 95.5+0.2 979 £0.4 98.2 £0.3 959 £0.5 96.9 £0.2 95.2 £0.2 97.0 £0.1 97.0 0.5 94.7 £11 —
Focal 96.6 £0.4 96.6 £0.8 98.1 £0.2 94.6 £0.7 96.5 £0.2 94.6 £0.7 96.6 £0.1 95.0 £1.7 96.7 0.5 —
CBLoss 97.3 £0.1 97.4 +0.5 97.8 £0.6 95.1 £0.4 96.9 +0.1 95.1 £0.4 96.8 +0.2 97.0 £1.2 100.0 £0.0 —
LDAM 96.9 £0.1 96.6 £0.6 97.9 +£0.1 94.7 £0.2 96.5 £0.2 94.7 £0.2 96.6 £0.1 95.7 £1.4 96.0 £0.0 —
BSoftmax 96.0 £0.5 96.9 £0.6 98.8 £0.6 95.9 +0.1 96.9 £0.3 95.6 £0.3 96.6 £0.4 98.7 £0.7 99.3 £0.5 —
SSP 96.2 £0.5 96.8 £0.2 98.9 +£0.1 95.7 £0.3 96.9 £0.2 95.4 £0.4 96.7 £0.2 98.3 +0.5 98.0 £09 —
CRT 95.3 £0.2 96.7 £0.1 98.5 £0.1 94.9 +0.1 96.3 £0.1 94.9 £0.1 96.3 +0.1 97.3 £0.3 94.0 t09 —
BoDA.,. 96.9 +£0.4 97.4 £0.2 98.6 £0.2 95.1 £0.4 97.0 £0.1 95.1 +0.4 97.0 0.1 96.3 0.5 98.0 £0.9 —
BoDA-M.,. 96.6 +£0.2 98.0 +£0.2 99.1 +0.2 94.9 +0.1 97.1 £0.1 949 +0.1 97.3 0.1 96.3 +0.5 96.0 £0.0 —
BoDA, . 96.3 £0.1 97.4 +0.5 99.4 +0.3 95.7 £0.3 97.2 +0.1 95.7 0.3 97.4 +0.1 97.0 +0.0 94.7 +1.1 —

BoDA-M, . 96.3 £0.4 97.7 0.2 98.1 £0.4 96.4 +0.2 97.1 £0.2 96.3 £0.1 97.1 £0.0 97.0 £0.8 96.0 £0.0 —

BoDA vs. ERM  -0.5 +0.7 +0.5 +0.6 +0.1 +0.5 +0.3 +0.0 -2.0 -
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B C.5.3 O0OfficeHome-MLT

Table C-6: Complete evaluation results on 0fficeHome-MLT.

Accuracy (by domain) Accuracy (by shot)

Algorithm A C P R Average Worst Many Medium Few Zero

ERM 71.3 £0.1 78.4 +0.2 89.6 £0.3 83.3 £0.2 80.7 £0.0 71.3 £0.1 87.8 0.2 81.0 £0.2 63.1 0.1 63.3 £7.2
IRM 70.7 £0.2 78.5 £0.8 89.4 +0.5 83.8 £0.6 80.6 £0.4 70.7 £0.2 87.6 £0.4 81.5+£0.4 61.1 £0.9 56.7 £1.4
GroupDRO 68.7 £0.9 79.0 £0.2 89.4 +0.4 83.3 +0.5 80.1 £0.3 68.7 £0.9 88.1 +£0.2 80.8 +0.4 59.8 +1.2 51.7 +3.6
Mixup 723 £0.6 79.1 £0.4 89.7 +£0.1 83.9 £0.2 81.2 +0.2 72.3 +0.6 87.9 £0.4 81.8 +0.1 64.1 +0.4 60.0 +4.1
MLDG 70.2 +0.6 78.2 £0.5 89.4 +0.4 83.7 £0.3 80.4 +0.2 70.2 £0.6 87.1 £0.1 81.3 £0.3 61.3 £1.0 61.7 £1.4
CORAL 72.7 £0.6 80.9 £0.3 89.9 +0.2 84.2 +0.4 81.9 £0.1 72.7 £0.6 87.9 £0.1 83.0 £0.1 63.5 +£0.7 65.0 £2.4
MMD 67.7 £0.8 77.8 £0.2 87.4 +0.5 80.6 £0.4 78.4 £0.4 67.7 £0.8 85.2 +£0.2 79.4 +0.7 58.8 £0.4 56.7 +3.6
DANN 70.2 £0.9 77.3 £0.3 87.3 £0.5 82.1 £0.4 79.2 +0.2 70.2 £0.9 86.2 £0.1 80.0 £0.1 60.3 +1.1 61.7 +5.9
CDANN 69.4 +0.3 77.2 £0.3 87.7 £0.2 81.5 £0.3 79.0 £0.2 69.4 £0.3 86.4 £0.6 79.8 £0.1 58.9 +0.8 50.0 +4.7
MTL 69.8 £0.6 77.6 £0.3 87.9 £0.1 82.4 +£0.3 79.5 £0.2 69.8 £0.6 87.3 £0.3 79.8 £0.2 61.1 +0.2 51.7 +2.7
SagNet 70.5 +0.5 79.6 £0.5 89.3 +0.4 83.9 +0.1 80.9 +0.1 70.5 +0.5 87.8 £0.4 81.9 +0.1 61.2 +0.9 56.7 +3.6
Fish 71.3 £0.7 79.1 +0.1 90.2 +0.6 84.7 0.4 81.3 +0.3 71.3 +0.7 88.2 +£0.2 81.9 +0.3 63.2 £0.8 61.7 £1.4
Focal 67.6 £0.4 76.6 £0.8 87.1 £0.5 80.2 £0.3 77.9 £0.0 67.6 £0.4 86.5 £0.3 78.3 £0.1 57.4 +0.3 46.7 £3.6
CBLoss 69.5 £0.7 78.7 £0.3 88.9 £0.4 82.2 +£0.1 79.8 £0.2 69.5 £0.7 86.6 £0.4 80.6 £0.2 61.1 +1.4 65.0 £2.4
LDAM 69.9 £0.5 78.9 £0.4 89.4 +0.3 83.0 £0.4 80.3 £0.2 69.9 +0.5 87.1 0.2 81.3 +0.3 61.1 +0.2 51.7 +2.7
BSoftmax 709 +0.5 78.7 £0.2 89.0 £0.8 83.0 £0.3 80.4 +0.2 70.9 +0.5 86.7 £0.5 81.3 £0.3 62.4 £1.0 60.0 £4.1
ssp 71.1 £0.3 79.6 £0.8 89.4 £0.3 84.2 0.2 81.1 £0.3 71.1 £0.3 87.3 0.6 82.3 £0.3 61.6 £0.7 63.3 £1.4
CRT 72.540.2 79.6 £0.2 88.9 +0.1 83.6 0.2 81.2 £0.0 72.5 +0.2 87.7 £0.1 81.8 £0.1 64.0 £0.1 65.0 £2.4
BoDA, 71.8 £0.1 80.3 £0.3 89.1 +0.4 84.6 +0.2 81.5 +0.1 71.8 +0.1 87.7 £0.2 82.3 +0.1 64.2 +0.3 63.3 £1.4
BoDA-M,. 71.6 £0.2 80.5 £0.3 89.2 £0.2 85.7 £0.4 81.9 +0.2 71.6 £0.2 87.3 £0.3 83.4 £0.2 62.3 £0.3 65.0 £2.4
BoDA, . 72.3 +£0.3 80.8 +£0.2 89.4 +0.4 86.3 +0.3 82.3 +£0.1 72.3 +0.3 87.1 +£0.2 83.9 +0.3 63.2 +0.2 65.0 +2.4

BoDA-M, . 72.3 +0.3 81.5+0.4 89.5 +0.3 85.8 +£0.2 82.4 +0.2 72.3 +0.3 87.7 £0.1 83.9 0.6 64.2 +0.3 66.7 +2.7

BoDA vs. ERM  +1.0 +3.1 -0.1 +3.0 +1.7 +1.0 -0.1 +2.9 +1.1 +3.4
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B C.b.4 Terralnc-MLT

Table C-7: Complete evaluation results on TerraInc-MLT.

Accuracy (by domain) Accuracy (by shot)

Algorithm L100 L38 L43 L46  Average Worst Many Medium Few Zero

ERM 80.3 £1.3 71.2 +0.7 82.2 £0.3 67.4 £0.3 75.3 £0.3 67.4 £0.3 85.6 £0.8 69.6 £3.2 66.1 +2.4 14.4 +2.8
IRM 78.2 £0.9 69.6 £2.0 81.1 £0.7 64.3 +1.3 73.3 £0.7 64.3 £1.3 83.5 0.6 70.0 £1.8 58.3 +£3.4 20.1 £1.4
GroupDRO 68.3 £1.0 68.8 £1.3 82.6 +0.2 68.1 £0.8 72.0 £0.4 66.6 £0.2 84.7 £1.1 64.6 £4.7 38.9 +1.2 13.5 +1.1
Mixup 754 +14 70.2 £1.3 78.3 +£0.6 60.4 £1.1 71.1 +0.7 60.4 +1.1 83.2£0.7 60.0 +0.6 56.1 +£3.0 12.2 +2.1
MLDG 82.3 £0.9 73.5 +2.0 83.8 £1.4 66.9 £0.5 76.6 £0.2 66.9 £0.5 86.1 £0.6 73.8 £3.9 70.6 +£3.7 18.8 £2.4
CORAL 81.6 £1.0 72.0 £0.6 84.2 £0.2 67.8 £0.9 76.4 £0.5 67.8 £0.9 86.3 £0.3 77.5 £3.1 66.1 £2.0 11.0 £1.4
MMD 78.9 £0.6 68.8 £1.0 81.9 +0.9 63.7 +1.1 73.3 £0.4 63.7 £1.1 84.0 £0.4 67.9 £2.7 60.6 +1.6 13.6 +2.6
DANN 74.1 £0.8 63.1 £1.9 75.9 +0.2 61.5 +0.9 68.7 £0.9 61.1 +1.0 79.6 £1.2 62.5 £8.1 48.9 +2.8 13.3 £1.1
CDANN 73.0 £1.3 67.8 £2.0 75.0 £0.6 65.2 £1.1 70.3 £0.5 63.9 +£1.0 83.5 £0.8 50.0 £4.2 43.9 +4.7 20.4 £3.1
MTL 79.4 £0.8 70.8 £0.6 81.9 £0.8 67.8 £1.4 75.0 £0.7 67.7 +1.4 85.2 £0.7 73.8 £1.6 61.1 +2.8 12.4 +4.0
SagNet 79.4 +1.8 71.2 £0.7 83.4 +2.4 66.5 +2.1 75.1 £1.6 66.5 +2.1 85.5 +£0.9 77.1 £5.0 57.8 +4.3 13.0 +£3.4
Fish 80.1 £1.9 70.2 +0.2 84.4 +0.9 66.3 £0.5 75.3 £0.5 66.3 £0.5 85.8 £0.2 73.3 £3.9 61.1 +3.0 13.7 £3.3
Focal 80.9 £0.7 71.6 +1.6 84.4 £1.3 66.1 £1.7 75.7 £0.4 65.3 £1.1 85.7 £0.3 76.2 £3.9 68.9 +£3.2 12.6 £1.9
CBLoss 84.9 +0.6 78.0 £1.2 80.7 £0.3 68.3 +2.0 78.0 £0.4 68.3 £2.0 85.0 £0.1 89.2 1.2 83.9 +2.5 9.3 £3.9
LDAM 83.0 £0.9 70.6 +0.6 81.3 +1.1 64.1 +1.4 74.7 +0.9 64.1 +1.4 85.1 0.6 70.8 £3.5 67.8 +1.2 11.1 +24
BSoftmax 83.5 £2.1 75.5 +0.4 82.1 £0.7 65.6 £1.3 76.7 £1.0 65.6 +£1.3 83.4 £0.8 90.8 £0.9 78.3 £3.9 12.6 +2.4
ssp 82.6 £1.3 80.7 £1.8 83.2 £0.6 67.3 £0.4 78.5 £0.7 67.3 £0.4 85.5 1.0 87.8 £0.9 82.6 +1.2 13.2 £2.8
CRT 89.0 +0.1 81.8 £0.3 85.8 +0.3 70.0 +0.4 81.6 +0.1 70.0 £0.4 89.7 +£0.2 90.4 +0.3 83.9 +0.5 12.9 +0.0
BoDA, 86.7 £0.7 74.1 £1.1 85.2 £0.7 68.5 +£0.3 78.6 £0.4 68.5 +0.3 86.4 +0.1 85.0 £1.0 80.0 £0.9 13.7 +2.1
BoDA-M,. 87.8 £0.9 76.5 £0.9 82.2 +0.3 71.3 £0.4 79.4 +0.6 71.3 +0.4 88.4 £0.3 76.2 £2.7 88.3 £1.6 14.4 +1.4
BoDA, . 88.3 £0.6 82.9 +0.5 89.3 +£0.9 68.5 +0.6 82.3 +£0.3 68.5 +0.6 89.2 +0.2 92.5 +0.9 88.3 +1.2 21.3 +0.7

BoDA-M, . 90.4 +0.3 81.2 £0.7 85.8 £0.4 74.6 +£0.7 83.0 £0.4 74.6 £0.7 89.2 £0.2 91.2 £0.6 91.7 +2.0 21.7 +1.4

BoDA vs. ERM  +10.1 +11.7 +7.1 +7.2 +7.7 +7.2 +3.6 +22.9 +25.6 +7.3
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B C.5.5 DomainNet-MLT

Table C-8: Complete evaluation results on DomainNet-MLT.

Accuracy (by domain) Accuracy (by shot)

Algorithm clip info paint  quick real sketch Average Worst Many Medium Few Zero

ERM 68.6 £0.1 29.4 +0.3 57.1 £0.2 62.8 £0.3 72.1 £0.2 61.7 +£0.2 58.6 £0.2 29.4 £0.3 66.0 £0.1 56.1 £0.1 35.9 £0.5 27.6 +£0.3
IRM 66.7 £0.2 27.6 £0.1 56.0 £0.2 60.1 £0.1 72.0 £0.0 60.2 £0.2 57.1 +£0.1 27.6 £0.1 64.7 +0.1 54.3 £0.3 33.5 +£0.3 25.8 £0.3
GroupDRO 60.1 £0.2 25.9 +0.2 50.3 +£0.1 63.9 +0.2 64.9 £0.2 56.7 £0.3 53.6 +£0.1 25.9 +0.2 61.8 +0.1 49.1 +0.3 30.7 +£0.7 22.0 +0.1
Mixup 67.6 £0.2 28.7 £0.0 56.4 £0.2 60.0 £0.4 72.1 £0.1 60.9 £0.1 57.6 +£0.1 28.7 £0.0 64.9 £0.2 54.5 £0.1 35.6 £0.2 27.3 +£0.3
MLDG 68.0 £0.2 28.7 £0.1 57.2 0.1 61.6 £0.2 73.3 £0.1 61.9 £0.2 58.5 +£0.0 28.7 £0.1 66.0 £0.1 55.7 £0.1 35.3 £0.2 26.9 £0.3
CORAL 69.1 +0.3 30.1 £0.4 57.8 £0.2 63.4 £0.2 72.8 £0.2 63.3 £0.3 59.4 +0.1 30.1 £0.4 66.4 +0.1 57.1 £0.0 37.7 £0.6 29.9 +0.2
MMD 66.1 £0.1 27.2 £0.2 55.9 £0.1 59.3 £0.2 71.9 £0.1 60.0 £0.2 56.7 £0.0 27.2 £0.2 64.2 +0.1 54.0 £0.0 33.9 £0.2 25.4 +0.2
DANN 65.5 £0.3 26.9 +0.4 55.2 0.1 57.4 £0.2 70.6 £0.1 59.0 £0.2 55.8 +£0.1 26.9 £0.4 63.0 £0.1 52.7 £0.1 34.2 £0.4 26.8 £0.4
CDANN 65.9 +0.1 27.7 £0.1 55.3 £0.1 57.6 £0.2 70.9 £0.2 58.7 +£0.1 56.0 £0.1 27.7 £0.1 63.2 £0.0 52.7 £0.2 34.3 £0.5 27.6 +0.1
MTL 68.2 £0.2 29.3 £0.2 57.3 £0.1 62.1 £0.1 72.9 £0.1 61.8 +£0.2 58.6 £0.1 29.3 £0.2 65.9 +0.1 56.0 £0.4 35.4 £0.1 28.2 +£0.3
SagNet 68.5 £0.1 29.4 +0.2 57.8 £0.2 62.1 £0.2 73.3 £0.1 62.4 +0.1 58.9 +£0.0 29.4 +0.2 66.3 £0.1 56.4 +0.0 36.2 +0.3 27.2 +0.4
Fish 68.7 £0.1 29.1 +0.1 58.4 +0.1 64.1 £0.1 73.9 £0.1 63.7 £0.1 59.6 +0.1 29.1 £0.1 67.1 £0.1 57.2 +0.1 36.8 £0.4 27.8 +0.3
Focal 67.6 £0.1 27.5 +0.1 56.5 +0.3 62.3 £0.3 71.7 £0.3 61.4 £0.3 57.8 £0.2 27.5 +0.1 65.2 0.2 55.1 £0.2 35.8 £0.1 26.3 +0.1
CBLoss 68.3 +0.2 30.1 +0.1 57.8 +0.1 60.8 +0.1 73.3 £0.2 63.3 +0.1 58.9 +0.1 30.1 £0.1 64.3 +0.0 61.0 +0.3 42.5 +0.4 28.1 +0.2
LDAM 68.8 +0.2 29.2 +0.2 57.1 £0.1 65.0 £0.0 72.3 £0.1 63.1 £0.1 59.2 £0.0 29.2 £0.2 66.6 £0.0 57.0 £0.0 37.1 £0.2 27.8 +0.3
BSoftmax 68.5 £0.1 29.9 +0.1 57.8 £0.1 60.5 £0.3 73.4 £0.1 63.3 £0.0 58.9 £0.1 29.9 £0.1 64.3 £0.1 60.9 £0.3 42.4 £0.6 28.2 +0.1
SSP 69.7 £0.1 31.6 +0.2 58.8 +0.1 59.7 £0.3 73.9 £0.1 64.2 +0.1 59.7 £0.0 31.6 £0.2 64.3 +0.1 62.6 +0.1 45.0 +0.3 30.5 +0.0
CRT 70.0 £0.1 31.6 £0.1 59.2 +0.2 64.0 £0.1 73.4 £0.1 64.4 +0.1 60.4 £0.2 31.6 £0.1 66.8 £0.0 61.6 £0.1 45.7 £0.1 29.7 +0.1
BoDA,. 70.0 £0.1 32.6 +0.1 59.1 +0.1 61.2 +0.4 73.3 +0.1 64.1 £0.1 60.1 +0.2 32.6 £0.1 65.7 +0.2 60.6 +£0.1 42.6 +0.3 30.5 +0.2
BoDA-M,. 70.6 £0.1 32.2 +0.2 57.7 £0.3 65.5 0.3 70.2 £0.1 64.5 +0.1 60.1 £0.2 32.2 +0.2 65.9 +0.2 60.7 £0.1 42.9 +0.3 30.0 +0.1
BoDA,. . 72.0 +0.2 33.4 +0.1 60.7 +£0.2 63.6 +£0.2 74.6 +0.1 65.5+0.2 61.7 +0.1 33.4 +0.1 67.0 +0.1 62.7 +0.1 46.0 +0.2 32.2 +0.3

BoDA-M,. . 71.8 £0.1 33.3 +0.1 60.8 +0.1 63.7 +0.3 74.6 +0.1 65.8 +0.2 61.7 +0.2 33.3 £0.1 67.0 +0.1 63.0 +0.3 46.6 +0.4 31.8 +0.2

BoDA vs. ERM  +3.4 +4.0 +3.7 +0.9 +2.5 +4.1 +3.1 +4.0 +1.0 +6.9 +10.7 +4.6
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B C.6 Complete Results for DG

We provide detailed results of Table 4-9 across five DG benchmarks [133]. Results for all

algorithms except BoDA are directly copied from [133].

m C.6.1 VLCS

Table C-9: Complete domain generalization results on VLCS.

Algorithm C L S \" Avg
ERM 97.7 £04 643 +09 734 +05 74.6+1.3|77.5
IRM 98.6 0.1 64.9 £0.9 734406 77.3+09 | 785
GroupDRO 973 0.3 63.4+09 69.5+08 76.7+0.7|76.7
Mixup 983 +0.6 64.8+t1.0 72.1+05 743+08|774
MLDG 974 +0.2 652 +07 71.0+14 753 +1.0 | 772
CORAL 98.3 +0.1 66.1+12 734403 775+1.2 | 78.8
MMD 97.7 £0.1 64.0+1.1 728 +02 753 +3.3 | 77.5
DANN 99.0 0.3 65.1 +1.4 73.1+0.3 77.2+0.6 | 78.6
CDANN 97.1+03 651412 70.7+08 77.1+15 ]| 77.5
MTL 97.8 £04 64.34+03 71507 753 +1.7|77.2
SagNet 979 +04 645405 71.4+1.3 775+05 | 77.8
ARM 98.7 £0.2 63.6+£0.7 713 +12 76.7 £0.6 | 77.6
VREXx 98.4+03 644414 741404 76.2+1.3 | 78.3
RSC 979 +0.1 625+07 723 +1.2 756408 | 77.1
BoDA 98.1 £0.3 64.5+04 743403 78.0+0.6 | 78.5
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B C.6.2 PACS

Table C-10: Complete domain generalization results on PACS.

Algorithm A C P S Avg
ERM 84.7 £0.4 80.8+0.6 97.2+0.3 79.3 +£1.0 | 85.5
IRM 84.8 +£1.3 764 +1.1 96.7 +0.6 76.1 £1.0 | 83.5
GroupDRO 835409 79.1+06 96.7+03 783=+20 | 844
Mixup 86.1 £0.5 789 +0.8 97.6+0.1 75.8 +1.8 | 84.6
MLDG 855 +14 80.1+1.7 974403 76.6+1.1 | 849
CORAL 88.3 £0.2 80.0 £0.5 97.5+0.3 78.8+1.3 | 86.2
MMD 86.1 £1.4 794 +£09 96.6+0.2 76.5+0.5 | 84.6
DANN 86.4 +0.8 774 +08 973 +04 735423 | 83.7
CDANN 84.6 £1.8 755409 96.8 +0.3 73.5+0.6 | 82.6
MTL 87.5+0.8 771405 964 +08 77.3+1.8 | 84.6
SagNet 87.4+1.0 80.7+06 97.1+0.1 80.0+0.4 | 86.3
ARM 86.8 £0.6 76.84+0.5 97.4 +0.3 793 +1.2 | 85.1
VREXx 86.0 £1.6 79.1+0.6 969 +05 77.7+1.7 | 84.9
RSC 854 +0.8 79.7 £1.8 97.6403 782 +1.2 | 852
BoDA 88.2 +0.2 81.7+0.3 97.8 +0.2 80.2 +0.3 | 86.9
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B C.6.3 O0fficeHome

Table C-11: Complete domain generalization results on 0fficeHome.

Algorithm A C P R Avg
ERM 61.3 +0.7 524 +0.3 75.840.1 76.640.3 | 66.5
IRM 58.9 £2.3 522 +1.6 72.1+29 74.0+25 | 64.3
GroupDRO 60.4 +0.7 52.7 £1.0 75.0+0.7 76.0 £0.7 | 66.0
Mixup 62.4+08 54.8+0.6 769 +03 783402 | 68.1
MLDG 61.5 +0.9 53.2+0.6 75.0+12 77.5+04 | 66.8
CORAL 65.3 £0.4 544 +05 76.5+0.1 784405 | 68.7
MMD 60.4 +0.2 53.3+03 743 +01 77.4+0.6 | 66.3
DANN 599 +1.3 53.0+03 73.6+07 769 +0.5 | 65.9
CDANN 61.5+14 504 +24 744 +09 76.6+08 | 658
MTL 61.5+0.7 524406 749404 76.8+04 | 66.4
SagNet 634 +0.2 548404 758404 783+03 | 68.1
ARM 58.9 0.8 51.0+0.5 74.1 +0.1 75.2+0.3 | 64.8
VREx 60.7 £0.9 53.0+0.9 75.3 +0.1 76.6 £0.5 | 66.4
RSC 60.7 +1.4 514403 748 +11 75.1+1.3 | 65.5
BoDA 65.4 +0.1 55.4+0.3 77.1+0.1 79.5+0.3 | 69.3
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B C.6.4 Terralnc

Table C-12: Complete domain generalization results on Terralnc.

Algorithm L100 L38 L43 L46 Avg
ERM 498 +4.4 421414 569 +1.8 35.7 439 | 46.1
IRM 54.6 £1.3 39.8+1.9 56.2 +1.8 39.6 +0.8 | 47.6
GroupDRO 41.2 +0.7 38.6 +2.1 56.7 £0.9 36.4 +2.1 | 43.2
Mixup 59.6 +2.0 422 +14 559 +08 33.9+1.4 | 47.9
MLDG 542 +3.0 443 +1.1 55.6 +0.3 36.9 +2.2 | 47.7
CORAL 51.6 +24 422 +1.0 57.0+1.0 39.8+£29 | 47.6
MMD 41943.0 348+10 57.0+1.9 352418 | 422
DANN 51.1+3.5 40.6 +0.6 57.4 +05 37.7 £1.8 | 46.7
CDANN 47.0+1.9 413 +48 549417 39.8 +2.3 | 45.8
MTL 493 £12 39.6 £6.3 55.6 £1.1 37.8 £0.8 | 45.6
SagNet 53.0+29 43.0+25 579 +06 40.4 +1.3| 48.6
ARM 493 +0.7 383424 558 +0.8 38.7+1.3 | 45.5
VREx 48.2 +4.3 417 +1.3 56.8 +0.8 38.7 £3.1 | 46.4
RSC 502 +2.2 392 +14 563 +1.4 40.8 +0.6 | 46.6
BoDA 54.0 +0.3 46.5+0.2 59.5+0.3 41.0+0.4 | 50.2
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B C.6.5 DomainNet

Table C-13: Complete domain generalization results on DomainNet.

Algorithm clip info paint quick real sketch  Avg
ERM 58.1 £0.3 18.8 +0.3 46.7+03 122 +04 59.64+01 49.8+04 | 409
IRM 485428 15.0+15 383 +43 109 +05 482+52 423431 | 339
GroupDRO 472 +05 175+04 33.8+05 93403 51.6+04 40.1+06 |33.3
Mixup 56.7+0.3 185+05 443405 125+04 55.8+03 482105 | 39.2
MLDG 59.1 +0.2 19.1 +0.3 45.8+0.7 134 +03 59.6+02 50.2+04 | 41.2
CORAL 59.2 +0.1 19.7 +02 46.6 £0.3 13.4+04 59.8+02 50.1=+0.6 | 415
MMD 321 +13.3 11.0 +46 26.8+11.3 8.7 421 32.74+13.8 2894119 | 234
DANN 53.1+0.2 183 +0.1 44.2+0.7 11.8+0.1 555404 46.8+0.6 | 38.3
CDANN 54.6 +0.4 173 +0.1 437409 121 +07 562404 459 +05 | 38.3
MTL 579 +0.5 185+04 460401 125+01 595403 49.2+0.1 | 40.6
SagNet 577 +03 19.0+02 453403 127+05 58.1+05 48802 | 403
ARM 49.7 403 163 +05 409+11 94401 534+04 435404 | 355
VREXx 473 +35 16.0+15 358 +46 109 +03 49.6+49 42.0+3.0 | 33.6
RSC 550 +1.2 183 +05 444406 122 +02 557407 47.8+0.9 | 389
BoDA 62.1 +04 20.5+0.7 48.0+0.1 13.8+06 60.6+0.4 51.4+0.3 | 42.7
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B C.6.6 Averages

Table C-14: Complete domain generalization results over all DG benchmarks.

Algorithm VLCS PACS OfficeHome Terralnc DomainNet Avg
ERM 775 +04 855402  66.5 403 46.1+1.8 409 =+0.1 | 63.3
IRM 785405 83508 643 +22 47.6 £0.8 339 28 | 61.6
GroupDRO 76.7 +0.6 844408  66.0+0.7  432+11 333 +02 |60.7
Mixup 774 +06 84.6+06  68.1+0.3 479 t08  39.2+0.1 | 634
MLDG 772404 849 +1.0  66.8 106 477 +£09 412 +0.1 | 63.6
CORAL 78.8 £0.6 86.2+0.3  68.7 £0.3 476 +1.0 415401 | 645
MMD 775 +09 84.6+05  66.3 +0.1 422416 234495 | 588
DANN 78.6 £04 83.6+04 659 +0.6 46.7 £0.5 383 0.1 | 62.6
CDANN 775401 82.6+09  65.8 £1.3 458 16 383 +0.3 | 62.0
MTL 772 +04 84.6+05  66.4 40.5 456+1.2  40.6+0.1 | 629
SagNet 778 £05 86.3 +0.2  68.1 +£0.1 48.6 £1.0 403 +0.1 | 64.2
ARM 77.6 £0.3 85.1+04  64.8 +0.3 45.5+03 35.5+02 |61.7
VREx 783 +0.2 849406  66.4 406 464 +t06  33.6 +29 | 61.9
RSC 77.1 +0.5 852409  65.540.9 46.6 £1.0 389 +0.5 | 62.7
BoDA 785403 86.9 £0.4  69.3 £0.1 50.2 £0.4 427 £0.1 | 65.5
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Table C-15: Ablation study on effect of adding balanced distance in BoDA.

VLCS-MLT PACS-MLT OfficeHome-MLT Terralnc-MLT DomainNet-MLT Avg

DA 76.6 £0.4  96.8 +0.2 80.7 +0.3 76.4 +0.5 58.9 +0.2 77.9
BoDA 77.3 £0.2  97.2 +0.1 82.3 +0.1 82.3 +0.3 61.7 +0.1 80.2
Gains +0.7 +0.4 +1.6 +5.9 +2.8 +2.3

Table C-16: Ablation study on effect of distance calibration coefficient )\glf in BoDA.

We vary the value of v and report the averaged results over all five MDLT datasets.

v 0 0.5 0.7 0.9 1 1.1 1.2 1.5 ERM
BoDA 789 80.1 800 802 801 798 796 79.2 77.6

B C.7 Additional Analysis and Studies
B C.7.1 Ablation Studies for BoDA

Effect of Balanced Distance. We study the effect of adding balanced distance in BoDA com-
pared to the vanilla DA loss. As Table C-15 demonstrates, incorporating balanced distance
in BoDA is essential for addressing MDLT: we observe that BoDA improves over DA by a large
margin, resulting in an averaged improvements of 2.3% over all MDLT benchmarks. The
improvements are especially large on datasets with severe data imbalance across domains

(e.g., TerraInc-MLT).

Effect of Different Distance Calibration Coefficient )\gj’ccl. We further investigate the ef-
fect of different distance calibration coefficients in BoDA. Recall that /\;l:f/ = (Ndfjcz /Nd,c)y
indicates how much we would like to transfer (d, ¢) to (d’, ¢’), based on their relative sam-
ple sizes. We vary the value of v, and study its effect on BoDA performance across all MDLT
datasets. Table C-16 reveals several interesting findings. First, when v = 0 (i.e., no calibra-
tion is used as the coefficient is always equal to 1), BoDA performance is lower than those
with a positive v, confirming the effectiveness of the calibrated distance. Moreover, when
we vary v between 0.5 — 1.5, the overall performance gains are similar across different
choices, where v around 0.9 seems to achieve the best results. Finally, when compared to

ERM, we demonstrate that BoDA consistently obtains notable gains across different v.
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Figure C-1: The absolute accuracy gains of BoDA vs. ERM over all domain-class pairs
on VLCS-MLT.
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Figure C-2: The absolute accuracy gains of BoDA vs. ERM over all domain-class pairs
on PACS-MLT.

B C.7.2 Absolute Accuracy Gains on All MDLT Benchmarks

We provide additional results for understanding how BoDA performs across all domain-
class pair when cross-domain imbalance occurs. Similar to Fig. 4-7 in the main text, we plot
the absolute gains of BoDA over ERM on all five MDLT datasets, shown in Figs. C-1, C-2, C-
3, C-4, and C-5. Across all datasets, we observe that BoDA establishes large improvements

w.r.t. all regions, especially for the few-shot and zero-shot ones.



230 APPENDIX C. DETAILS AND RESULTS FOR MULTI-DOMAIN LONG-TAILED RECOGNITION

absolute accuracy gains (%)

absolute accuracy gains (%)

absolute accuracy gains (%)

# of samples
=

m Domain 1 (Art) Domain 2 (Clipart) Domain 3 (Product) Domain 4 (Photo)
[ label distribution
many-shot
medium-shot
few-shot
zero-shot

# of samples

[ absolute acc. gains

0 10 20 30 40 50 60 0 10 20 30 40 50 60 O 10 2 30 40 50 60 O 10 2 30 40 50 60
class index class index class index class index

Figure C-3: The absolute accuracy gains of BoDA vs. ERM over all domain-class pairs
on OfficeHome-MLT.
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Figure C-4: The absolute accuracy gains of BoDA vs. ERM over all domain-class pairs
on Terralnc-MLT.
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Figure C-5: The absolute accuracy gains of BoDA vs. ERM over all domain-class pairs
on DomainNet-MLT.
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B C.7.3 Robustness to Diverse Skewed Label Distributions

We investigate how BoDA performs under arbitrary label imbalance across domains, espe-
cially when the cross-domain label distributions are both imbalance and divergent. We again
employ the Digits-MLT dataset, and manually vary the label proportions for each domain.

As Fig. C-6 demonstrates, when the label distributions for two domains are balanced
and identical, both ERM and BoDA maintains discriminative representations. If the label
distributions become imbalanced but still identical across domains, ERM is still able to
align similar classes in the two domains, but with majority classes being closer in terms of
transferability than minority classes. In contrast, BoDA maintains consistent transferability
regardless of number of samples within each class. Finally, as the label distributions be-
come further mismatched across domains, ERM is not able to align the domains and pro-
duces a clear gap; by contrast, BoDA maintains consistent and transferable representations
even under severe data imbalance. As a result, BoDA substantially boosts the performance

upon ERM, with an average gains of 6.4% across all label configurations.
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Figure C-6: The evolving patterns of the transferability graph of BoDA vs. ERM
across different label configurations on Digits-MLT. Label distributions for two do-
mains are (a) balanced and identical; (b)(c) imbalanced and identical; (d)(e) imbal-
anced and divergent. BoDA maintains consistent and transferable representations
across all label configurations, and leads to much better test accuracy.
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with ERM using different hyperparameters.

B C.7.4 Transferability vs. Generalization on More Datasets

We provide further results on transferability statistics vs. generalization on real MDLT
datasets, in addition to results on Digits-MLT as we showed in the main text.

Specifically, on all five MDLT datasets, we train 20 ERM models with varying hyperpa-
rameters, calculate the (o, 3, ) statistics for each model, and plot its classification accuracy
against (5 + ) — o Fig. C-7 reveals similar and consistent findings, that the («, 3, ) statis-
tics characterize model performance in MDLT. Across all datasets, the (5 + v) — a quantity
displays a very strong correlation with test performance across the entire range, suggesting

that the (a, 3, 7) statistics govern the success of learning in MDLT.

B C.7.5 Additional Visualization of Feature Discrepancy

We provide additional results for understanding BoDA4, i.e., how BoDA calibrates the feature
statistics. Fig. C-8 shows the feature discrepancy of BoDA vs. ERM across different label
configurations on Digits-MLT. In addition to the mean distance we showed in the main
text, we show also the feature covariance distance between training and test data, and plot
them for both domains. Similarly, solid lines plot the distance between training and test
data from the same domain-class pairs. Dashed lines plot the distance between test data
from a particular domain-class pair and the training data with which it shares the same
class but differs in the domain. The figure also shows regions with different data densities
using colors blue, ,

As the figure confirms, across different label distributions, BoDA consistently learns
better representations especially for the tail data (i.e., the red regions), where the fea-

ture mean/covariance distance between training and test data becomes smaller and more
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Figure C-8: Feature discrepancy of BoDA vs. ERM across different label configura-
tions on Digits-MLT. Each row plots a per-domain label distribution, and the feature
mean / covariance distance between training and test data on each domain for both
ERM and BoDA. BoDA enables better learned tail (d, ¢) with smaller feature discrepancy.

aligned across domains. Comparing BoDA with ERM further demonstrates that BoDA main-

tains consistent and transferable representations with smaller feature discrepancy.



APPENDIX D

Details and Results for Subpopulation
Shift Analysis

B D.1 Details of the Subpopulation Shift Benchmark

B D.1.1 Dataset Details

We explore subpopulation shift using 12 real-world datasets from a variety of domains
including computer vision, natural language processing, and healthcare applications. We
provide example inputs for each dataset in Table D-1 and Table D-2. Note that we omit
showing examples for MIMIC-CXR, MIMICNotes, and CXRMultisite to comply with the Phy-
sioNet Credentialed Health Data Use Agreement. Below, we provide detailed descriptions for

each dataset in our benchmark.

Waterbirds [175]. Waterbirds is a commonly used binary classification image dataset in
the spurious correlations setting, constructed by placing images from the Caltech-UCSD
Birds-200-2011 (CUB) dataset [175] over backgrounds from the Places dataset [347]. The
task is to classify whether a bird is a landbird or a waterbird, where the spurious attribute
is the background (water or land). We use standard train/val/test splits given by prior

work [160].

CelebA [176]. CelebA is a binary classification image dataset consisting of over 200,000
celebrity face images. The task, which is also used widely in the spurious correlations lit-

erature, is to predict the hair color of the person (blond vs. non-blond), where the spurious

235
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Table D-1: Example inputs for image datasets in our benchmark. We omit showing
samples for MIMIC-CXR and CXRMultisite to comply with the PhysioNet Credentialed
Health Data Use Agreement.

Dataset Examples

Waterbirds

CelebA

MetaShift

CheXpert

NICO++

ImageNetBG

Livingl7

Table D-2: Example inputs for text datasets in our benchmark. We omit showing
samples for MIMICNotes to comply with the PhysioNet Credentialed Health Data Use
Agreement.

Dataset Examples

“Munchins looks like a munchins. The man who dont want to show his taxes, will tell you everything...”
CivilComments “The democratic party removed the filibuster to steamroll its agenda. Suck it up boys and girls.”
“so you dont use 0il? no gasoline? no plastic? man you ignorant losers are pathetic.”

“The analysis proves that there is no link between PM and bronchitis.”
MultiNLI “Postal Service were to reduce delivery frequency.”
“The famous tenements (or lands) began to be built.”

correlation is the gender. We also use standard dataset splits from prior work [160]. The

dataset is licensed under the Creative Commons Attribution 4.0 International license.

MetaShift [177]. MetaShift is a general method of creating image datasets from the Visual
Genome project [348]. Here, we make use of the pre-processed Cat vs. Dog dataset, where

the goal is to distinguish between the two animals. The spurious attribute is the image
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background, where cats and more likely to be indoors, and dogs are more likely to be

outdoors. We use the “unmixed” version generated from the authors’ codebase.

CivilComments [179]. CivilComments is a binary classification text dataset, where the goal
is to predict whether a internet comment contains toxic language. The spurious attribute is
whether the text contains reference to eight demographic identities (male, female, LGBTQ,
Christian, Muslim, other religions, Black, and White). We use the standard splits provided by
the WILDS benchmark [142].

MultiNLI [180]. MultiNLI is a text classification dataset with 3 classes, where the target
is the natural language inference relationship between the premise and the hypothesis
(neutral, contradiction, or entailment). The spurious attribute is whether negation appears
in the text, as negation is highly correlated with the contradiction label. We use standard

train/val/test splits given by prior work [160].

MIMIC-CXR [181]. MIMIC-CXR is a chest X-ray dataset originating from the Beth Israel Dea-
coness Medical Center from Boston, Massachusetts containing over 300,000 images. We
use “No Finding” as the label, where a positive label means that the patient has no illness.
Inspired by prior work [291], we use the intersection of race (White, Black, Other) and gen-
der as attributes. We randomly split the dataset into 85% train, 5% validation, and 10% test
splits.

CheXpert [182]. CheXpert is a chest X-ray dataset originating from the Stanford University
Medical center containing over 200,000 images. We use the same data processing setup as

MIMIC-CXR.

CXRMultisite [184]. CXRMultisite is a dataset proposed by [184] which combines MIMIC-
CXR [181] and CheXpert [182] to create a semi-synthetic spurious correlation. The task is
to predict pneumonia, and the dataset is constructed such that 90% of the patients with
pnuemonia are from MIMIC-CXR, and 90% of the healthy patients are from CheXpert.
Thus, the site where the image was taken is the spurious correlation. We create this corre-
lation by subsampling. We randomly split the dataset into 85% train, 5% validation, and
10% test splits.

MIMICNotes [349]. MIMICNotes is a dataset used in a prior work [183] showing differences
in error rate between demographic groups in predicting mortality from clinical notes in

MIMIC-III [349]. Following their work, we reproduce their dataset which consists of fea-
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turizing the first 48 hours of clinical text from a patient’s hospital stay using the top 5,000

TF-IDF features. We use gender as the attribute.

NICO++ [169]. NICO++ is a large-scale benchmark for domain generalization. Here, we use
data from Track 1 (the common context generalization) of their challenge. We only use
their training dataset, which consists of 60 classes and 6 common attributes (autumn, dim,
grass, outdoor, rock, water). To transform this dataset into the attribute generalization setting,
we select all (attribute, label) pairs with less than 75 samples, and remove them from our
training split, so they are only used for validation and testing. For each (attribute, label)
pair, we use 25 samples for validation and 50 samples for testing, and use the remaining

data as training samples.

ImageNetBG [178]. ImageNetBG is a benchmark created with the goal of evaluating the re-
liance of ImageNet classifiers on the background. The authors first created a subset of Ima-
geNet with 9 classes (ImageNet-9), and annotated bounding boxes so that backgrounds can
be removed. In our setup, we train models on the original IN-9L (with backgrounds), and
evaluate our model on MIXED-RAND. Note that attribute (i.e., the label of the background) is
not available for this dataset. This can be thought of as an attribute generalization setting,

as we do not observe test backgrounds during training.

Living17 [150]. Living17 is a dataset created as part of the BREEDS benchmark for sub-
population shift. Their setup is slightly different from a traditional subpopulation shift
setting, where subpopulations are defined using a WordNet hierarchy, and the goal is to
generalize to unseen subclasses in the same hierarchy level. As such, it is difficult to define
the notion of an “attribute” in this setting. In particular, the Living17 dataset consists of
images of living objects across 17 classes. We train our models on the source subclasses

and evaluate them on the target subclasses.

Label distribution for different types of subpopulation shift. Finally, we provide typi-
cal label distributions for different subpopulation shift types in Fig. D-1. As highlighted,
different shifts exhibit distinct types of label distributions, resulting in different properties
in learning. For NICO++ (Fig. D-1(d)), certain attributes have no training samples in certain

classes.
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Figure D-1: Typical label distributions for different types of subpopulation shift.

B D.1.2 Algorithm Details

Our benchmark contains a large number of algorithms that span different learning strate-
gies. We group them according to their categories, and provide detailed descriptions for

each algorithm below.

¢ Vanilla: The empirical risk minimization (ERM) [127] minimizes the sum of errors across

all samples.

* Subgroup robust methods: Group distributionally robust optimization (GroupDRO) [134]
performs ERM while increasing the importance of groups with larger errors. CVaRDRO
[185] proposes a variant of GroupDRO that dynamically weights data samples that have
the highest losses. LfF [186] trains two models simultaneously, where the first model is
biased and the second one is debiased by re-weighting the gradient of the loss. Just train
twice (JTT) [158] first trains an ERM model to identify minority groups in the training
set and then trains a second ERM model with the identified samples being re-weighted.
LISA [153] learns invariant predictors through data interpolation within and across at-
tributes. Deep feature re-weighting (DFR) [154] first trains an ERM model, then retrains

the last layer of the model using a balanced validation set with group annotations.

* Data augmentation: Mixup [187] performs ERM on linear interpolations of randomly

sampled training examples and their labels.

* Domain-invariant representation learning: Invariant risk minimization (IRM) [66] learns
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a feature representation such that the optimal linear classifier on top of that represen-
tation matches across domains. Deep correlation alignment (CORAL) [111] matches
the mean and covariance of feature distributions. Maximum mean discrepancy (MMD)
[137] matches the MMD [346] of feature distributions. Note that all methods in this cat-

egory require group annotations during training.

¢ Imbalanced learning: ReSample [188] and ReWeight [188] simply re-sample or re-weight
the inputs according to the number of samples per class. Focal loss (Focal) [99] reduces
the relative loss for well-classified samples and focuses on difficult samples. Class-
balanced loss (CBLoss) [72] proposes re-weighting by the inverse effective number of
samples. The LDAM loss (LDAM) [71] employs a modified marginal loss that favors
minority samples more. Balanced-Softmax (BSoftmax) [100] extends Softmax to an unbi-
ased estimation that considers the number of samples in each class. Classifier re-training
(CRT) [82] decomposes the representation and classifier learning into two stages, where
it fine-tunes the classifier using class-balanced sampling with representation fixed in the

second stage. ReWeightCRT [82] is a re-weighting variant of CRT.

B D.1.3 Evaluation Metrics

We describe in detail all the evaluation metrics we used in our experiments.

Average & Worst Accuracy. The average accuracy is defined as the accuracy over all sam-
ples. For worst-group accuracy (WGA), we compute the accuracy over all subgroups in
the test set and report the worst one. When viewing each class as a subgroup, WGA de-

generates to the worst-class accuracy.

Average & Worst Precision. Precision is defined as TP /(TP + FP), where TP is the number
of true positives and FP the number of false positives. Average precision simply takes the
average precision score over all classes, whereas the worst precision reports the lowest

precision value across classes.

Average & Worst F1-score. The Fl-score is defined as the harmonic mean of precision and
recall. Average Fl-score simply takes the average Fl-score over all classes, whereas the

worst Fl-score reports the lowest value across all classes.

Adjusted Accuracy. Adjusted accuracy is defined as the average accuracy on a group-

balanced dataset, which accounts for the data imbalance over subgroups.
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Balanced Accuracy. Balanced accuracy is defined as the average of recall obtained on each

class, taking the imbalance over classes into account.

AUROLC. Following the common evaluation practice for the medical datasets used in our
benchmark [181, 182], we also include the area under the receiver operating characteristic

curve (AUROC) for evaluation.

ECE [189]. The expected calibration error (ECE) is defined as the difference in expected ac-
curacy and expected confidence, which measures how close the output pseudo-probabilities

match with the actual probabilities of a correct prediction (lower the better).

B D.1.4 Model Selection Protocol

There has been an increasing interest in model selection within the literature on out-of-
distribution generalization [133]. In subpopulation shift, model selection becomes essen-
tial especially when attributes are completely unknown in both training and validation
set. Significant drop (over 20%) in worst-group test accuracy has been reported if using
the highest average validation accuracy as the model selection criterion without any group
annotations [154].

Our benchmark provides different model selection strategies based on various eval-
uation metrics as described in Appendix D.1.3. Throughout the thesis, we mainly use
worst-group accuracy as the metric for model selection (which degenerates to worst-class ac-
curacy when attributes are unknown in the validation set). Nevertheless, one can specify
any aforementioned metric during model selection stage for experimenting with different

selection strategies.

B D.2 Experimental Settings

B D.2.1 Implementation Details

Following [133, 154], we use pretrained ResNet-50 model [64] as the backbone network for
image datasets (except for Living17, which we train from scratch), and use pretrained
BERT model [160] for all text datasets. We employ a three-layer MLP for MIMICNotes
dataset given its simplicity. For all image datasets, we follow standard pre-processing
steps [160]: resize and center crop the image to 224 x 224 pixels, and perform normaliza-

tion using the ImageNet channel statistics. Following the literature [154, 160], we use the
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Table D-3: Hyperparameters search space for all experiments.

Condition Parameter Default value Random distribution
General:
ResNet f;r;}?:?z Zate (1)60801 ;g:;;fr:rz;(;l—m
learning rate 0.00001 1QUniform(—5.5,—4)
BERT batch size 32 9Uniform(3,5.5)
dropout 0.5 RandomChoice([0, 0.1, 0.5])
MLP learning rate 0.001 10Uf1iform(74,72)
batch size 256 9Uniform(7,10)
Algorithm-specific:
IRM lambda 100 10Unfform(—1,5)
iterations of penalty annealing 500 1 QUniform(0,4)
GroupDRO eta 0.01 1(Uniform(—3,~1)
Mixup alpha 0.2 1(Uniform(0,4)
CVaRDRO alpha 0.1 1(Uniform(—2,0)
first stage step fraction 0.5 Uniform(0.2,0.8)
JTT lambda 10 1(Uniform(0,2.5)
Uniform(—1,1
HSA gl—it?ed 3.5 %?niform((o7 1))
L{F q 0.7 Uniform(0.05, 0.95)
DFR regularization 01 10Uniform(~2,0.5)
CORAL, MMD gamma 1 1Uniform(—1,1)
Focal gamma 1 0.5 % 10Uniform(0,1)
CBLoss beta 0.9999 1 — 1QUniform(=5,-2)
Uniform(—1,—0.1
LDAM :clzi(e_ . gOS ll?gndom((jh;)icez [10, 30])

AdamW optimizer [345] for all text datasets, and use SGD with momentum for all image
datasets. We train all models for 5,000 steps on Waterbirds and MetaShift, 10,000 steps
on MIMICNotes and ImageNetBG, 20,000 steps on CheXpert and CXRMultisite, and 30,000

steps on all other datasets to ensure convergence.

B D.2.2 Hyperparameters Search Protocol

For a fair evaluation across different algorithms, following the training protocol in [133],
for each algorithm we conduct a random search of 16 trials over a joint distribution of its
all hyperparameters. We then use the validation set to select the best hyperparameters

for each algorithm, fix them and rerun the experiments under 3 different random seeds to



D.3. ADDITIONAL ANALYSIS AND STUDIES 243

report the final average results (and standard deviation). Such process ensures the com-
parison is best-versus-best, and the hyperparameters are optimized for all algorithms.

We detail the hyperparameter choices for each algorithm in Table D-3.

B D.3 Additional Analysis and Studies

B D.3.1 Quantifying the Degree of Different Shifts

In order to quantify the degree of each shift for each dataset relative to others, we use
several simple metrics (see Table D-4, Table D-5, and Table D-6). For spurious correlations,

we use:
e The Mutual Information (MI) between Aand Y, I(A;Y).

¢ The Normalized Mutual Information (NMI) between A and Y, where norm [(4;Y) =1

indicates that the two are perfectly correlated:

norm I[(A;Y) =

¢ Cramer’s V, which is an association measure based on the Chi-squared test statistic. It

has a range of [0, 1], where 1 indicates perfect correlation.
e Tschuprow’s T, which is closely related to Cramer’s V. It also has a range of [0, 1].

Note that we only examine the correlation between A and Y, but not the degree of
effectiveness to which A can be inferred from X. This is an important component, as the
model can not take advantage of the spurious correlation if it could not be learnt easily.
However, we would expect that most attributes (e.g., words in text, image backgrounds)
should be easily inferred from the inputs for the datasets we examine.

For attribute and class imbalance, we use the following metrics (shown for the class

imbalance case):
e Entropy: H(Y).

¢ Normalized Entropy, where norm H(Y) = 1 means that the distribution is uniform (i.e.,

no imbalance):
H(Y)

norm H(Y) = m
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Table D-4: Metrics for quantifying the degree of spurious correlations.

Dataset MmI' NMI' Cramer!  Tschuprow'
Waterbirds 0.37 0.67 0.87 0.87
CelebA 0.06 0.11 0.31 0.31
MetaShift 0.09 0.13 0.41 0.41
CivilComments 0.02 0.02 0.19 0.11
MultiNLI 0.03 0.04 0.25 0.21
MIMIC-CXR 0.01 0.01 0.15 0.10
MIMICNotes <le™* <let 0.01 0.01
CXRMultisite 0.03 0.13 0.32 0.32
CheXpert <le 3 < le 3 0.03 0.02
NICO++ 0.11 0.04 0.20 0.11
ImageNetBG — - - -
Livingl7 — — — —

Table D-5: Metrics for quantifying the degree of attribute imbalance.

Dataset Entropy* N. Entropy* Prmax — Prmin |
Waterbirds 0.82 0.82 0.48
CelebA 0.98 0.98 0.16
MetaShift 0.99 0.99 0.14
CivilComments 2.78 0.93 0.20
MultiNLI 0.37 0.37 0.86
MIMIC-CXR 2.33 0.90 0.27
MIMICNotes 0.99 0.99 0.14
CXRMultisite 0.51 0.51 0.77
CheXpert 2.20 0.85 0.32
NICO++ 247 0.96 0.17
ImageNetBG — — —
Livingl?7 — — -

¢ Difference between the probability of the most frequent class and the probability of the

least frequent class (Pmax — Pmin)-

For attribute generalization, we simply examine whether there exist any subpopula-

tions in the test set which do not appear during training.
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Table D-6: Metrics for quantifying the degree of class imbalance.

Dataset Entropy* N. Entropy* Prmax — Prmin |
Waterbirds 0.78 0.78 0.54
CelebA 0.61 0.61 0.70
MetaShift 0.99 0.99 0.13
CivilComments 0.67 0.67 0.65
MultiNLI 1.58 0.99 0.001
MIMIC-CXR 0.97 0.97 0.20
MIMICNotes 0.45 0.45 0.81
CXRMultisite 0.12 0.12 0.97
CheXpert 0.47 0.47 0.80
NICO++ 5.81 0.98 0.03
ImageNetBG 3.17 1 0
Livingl?7 4.09 1 0

B D.3.2 Improvements across Different Shifts & Settings

We show in Fig. D-2 the complete results on worst-group performance improvements over
ERM under different settings. As can be observed from all figures, algorithmic advances
have been made for spurious correlations and class imbalance, where consistent improve-
ments can be obtained across different training & validation settings. Yet, small overall
improvements are observed for attribute imbalance, while almost no performance gains can
be obtained for attribute generalization, indicating the limitation of SOTA algorithms on

tackling these types of subpopulation shift.

B D.3.3 Model Selection without Validation Attributes

In the main thesis, we examine the feasibility of different metrics for model selection with-
out group-annotated validation data. We further confirm this in Table D-7 by showing the
results for more selection strategies with all metrics across all datasets in our benchmark.
Specifically, when using worst-class accuracy as the model selection criterion, on average we
achieve only 2.4% degrade of worst-group accuracy compared to oracle selection method.

The selection criterion also performs the best over all other selection metrics on 10 out of
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Figure D-2: Complete results on worst-group performance improvements over ERM
under different settings.

Table D-7: Test-set worst-group accuracy difference (%) between each selection strat-
egy on each dataset, relative to the oracle which selects the best test-set worst-group
accuracy. Note that we have only defined AUPRC and Brier score for the binary clas-
sification case.

Selection Strategy

CXRMultisite CelebA CheXpert CivilComments ImageNetBG Livingl7 MIMIC-CXR MIMICNotes MetaShift MultiNLI NICO++ Waterbirds Avg

Max Worst-Class Accuracy
Max Balanced Accuracy
Min Class Accuracy Diff
Max Worst-Class F1

Max Macro Avg F1

Min Per-Class Recall Stdev.
Max Weighted Avg Precision
Max Overall AUROC

Max Overall AUPRC

Min Overall BCE

Max Per-class Precision
Max Overall Accuracy
Min Overall Brier Score
Min Overall ECE
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12 datasets, indicating its effectiveness for reliable model selection without any attribute

information.
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Figure D-4: Accuracy on the inverse line. We show metrics that are negatively corre-
lated with worst-group accuracy.

B D.3.4 Rethinking Evaluation Metrics in Subpopulation Shift

We provide complete results on the correlation between worst-group accuracy (WGA) and

other metrics we consider in our benchmark.

Accuracy on the line. In the main thesis we show that certain metrics exhibit high linear
correlation with WGA. We further show in Fig. D-3 with a full list of metrics that exhibit
consistent positive correlation across diverse datasets. Specifically, both adjusted accuracy

and balanced accuracy display the “accuracy on the line” property, which has also been
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Figure D-5: Accuracy not on the line. We show metrics that do not demonstrate
consistent correlations across datasets with worst-group accuracy.

confirmed in prior work [154].

Accuracy on the inverse line. More interestingly, we further establish the intrinsic trade-

off between WGA and certain metrics. Fig. D-4 shows that both worst-case precision and

ECE exhibit clear negative correlation with WGA, demonstrating the fundamental trade-

off between WGA and several important metrics in subpopulation shift. These intriguing

observations highlight the need for considering more realistic evaluation metrics in sub-

population shift beyond just using WGA.

Accuracy not on the line. Finally, we display also other metrics that do not show either

positive or negative correlation with WGA (Fig. D-5). As observed, the correlation between



D.3. ADDITIONAL ANALYSIS AND STUDIES 249

these metrics and WGA shows inconsistent behavior across datasets. Interestingly, this
phenomenon also indicates the potential bad performance on these metrics when merely
optimizing for better WGA. We leave the exploration of other metrics and the rationale

behind these behaviors for future work.

B D.3.5 Impact of Architecture, Pretraining Method, and Pretraining Dataset

In this section, we examine the impact of model architecture and the source of the initial
model weights on the worst group accuracy. Similar to the experiments above, we consider

the following settings:

¢ Known Attributes. Attributes are known in both training and validation, and validation

set worst-group accuracy is used as the model selection criteria.

¢ Unknown Attributes. Attributes are unknown during training and validation. Follow-

ing our findings in Sec. 5.4.4, we use worst-class accuracy as the model selection criteria.

We experiment with ERM, JTT, and DFR as representative methods; CivilComments as
the representative text dataset, and Waterbirds, CheXpert, and NICO++ as representative
image datasets.

For the text modality, we consider the following architectures and initial weights:

* BERTgasg [350]: A contextual language model based on the transformer architecture
pretrained on BookCorpus and English Wikipedia data using the masked language model

and next sentence prediction tasks.

* SciBERT [351]: Same architecture as BERTgpasg, but pretrained on scientific papers from

Semantic Scholar, and has higher reported performance on scientific NLP tasks.

¢ DistilBERT [352]: A knowledge distilled [353] version of BERTgasg with 40% fewer pa-

rameters, pretrained using the same datasets as BERTgasE.

¢ GPT-2 [354]: An autoregressive language model based on the transformer decoder, pre-

trained using text from webpages upvoted on Reddit.

* RoBERTagasg [355]: Same architecture as BERTgasE, but pretrained with a more efficient

procedure and using a collection of corpora much larger than BERTgAsE.
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For the image modality, we consider ResNet-50 [64] and vision transformers (ViT-B)
[356]. We consider model weights initialized with the following pretraining methods that

span supervised and self-supervised manners:

* Supervised pretraining [357].

SimCLR [36]: Self-supervised contrastive pretraining using image augmentations.

Barlow Twins [358]: Self-supervised pretraining via redundancy reduction.

DINO [359]: Self-distillation with no labels.

CLIP [360]: Using associated text as supervision. We select only the vision encoder.

We consider model weights initialized using the above pretraining methods on the

following pretraining datasets:

¢ ImageNet-1K [170]: 1.2 million images belonging to 1,000 classes, introduced as part of
the ILSVRC2012 visual recognition challenge [361].

¢ ImageNet-21K [192]: A superset of ImageNet-1K, consisting of 14 million images be-
longing to 21,841 classes.

* SWAG [193]: 3.6 billion images collected from public Instagram posts, weakly super-

vised using their associated hashtags.
¢ LAION-2B [362]: 2.32 billion English image-text pairs constructed from Common Crawl.

* OpenAI-CLIP [360]: 400 million image-text pairs collected by OpenAl in training their
CLIP model.

As model weights for many combinations of the above architectures, pretraining meth-
ods, and pretraining datasets are not available, we only experiment with the subset of
combinations of weights that exist in public repositories.

Based on our experimental results on CivilComments (Table D-8), we find that BERTgasg
is competitive in performance, even outperforming its successor RoOBERTagasg on many
tasks. In addition, DistilBERT and GPT-2 exhibits much worse performance especially on
ERM models.

Based on our experimental results on image datasets (Tables D-9 and D-10), we find

the following:
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Table D-8: Test-set worst-group accuracy on CivilComments for different text archi-

tectures and pretraining methods.

Arch Unknown Attributes Known Attributes
rc

ERM JTT DFR ERM JTT DFR
BERT 65.6 69.6 62.4 66.2 65.0 69.7
SciBERT 61.1 58.3 62.5 61.1 58.3 68.0
DistilBERT 51.8 55.1 61.8 59.6 66.2 67.6
GPT-2 14.7 49.0 51.7 14.7 49.0 51.9
RoBERTa 61.0 58.0 61.6 63.1 66.7 68.2

Table D-9: Test-set worst-group accuracy for three image datasets with known at-
tributes, varying the model architecture and source of model initial weights. Best

results of each column are in bold and the second best are underlined.

CheXpert NICO++ Waterbirds
Arch Pretrain Method  Pretrain Dataset Avg
ERM JTT DFR ERM JIT DFR ERM JTT DFR
Barlow ImageNet-1K 46.2 66.0 747 40.0 40.0 200 67.3 724 883 57.2
DINO ImageNet-1K 430 715 728 395 400 40 729 725 891 561
ResNet  SimCLR ImageNet-1K 479 723 74.8 30.0 30.0 16.0 70.1 68.1 81.2 54.5
Supervised ImageNet-1K 592 617 722 250 300 200 765 743 902 566
Supervised ImageNet-21K 514 68.0 70.0 40.0 46.0 40.0 74.5 75.9 90.2 61.8
CLIP Laion-2B 492 585 691 333 400 333 396 469 755 495
CLIP OpenAI-CLIP 422 558 688 333 400 300 404 404 782 477
vig  DINO ImageNet-1K 434 718 724 300 400 320 639 646 902 565
Supervised ImageNet-1K 404 645 701 200 333 00 512 526 804 458
Supervised ImageNet-21K 475 691 691 480 500 180 699 738 872 592
Supervised SWAG 487 673 725 500 500 340 827 812 875 638
Table D-10: Test-set worst-group accuracy for three image datasets with unknown
attributes, varying the model architecture and source of model initial weights. Best
results of each column are in bold and the second best are underlined.
CheXpert NICO++ Waterbirds
Arch Pretrain Method  Pretrain Dataset Avg
ERM JTT DFR ERM JTT DFR ERM JIT DER
Barlow ImageNet-1K 46.2 66.0 73.7 33.3 40.0 40.0 67.3 724  89.8 58.7
DINO ImageNet-1K 430 715 733 395 400 120 729 725 879 570
ResNet  SimCLR ImageNet-1K 479 723 746 300 300 260 701 690 792 555
Supervised ImageNet-1K 592 617 754 400 300 333 670 743 896 589
Supervised ImageNet-21K 453 693 699 400 400 400 745 759 883 604
CLIP Laion-2B 492 585 697 300 300 400 452 469 784 498
CLIP OpenAI-CLIP 422 574 704 333 400 400 265 444 774 480
vig  DINO TmageNet-1K 434 694 723 400 412 375 639 646 900 580
Supervised ImageNet-1K 404 695 715 333 333 167 494 526 812 498
Supervised ImageNet-21K 47.5 69.7 71.3 50.0 50.0 38.0 69.9 73.8 88.9 62.1
Supervised SWAG 525 638 713 500 500 500 827 812 886 656

¢ Optimal architecture is dataset dependent. Contrary to prior work [363], we find mixed

results when comparing the worst-group performance for ResNet and ViT-B. Specifi-

cally, ResNets seem to work better on CheXpert and Waterbirds, while vision trans-

formers work better on NICO++.
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¢ Supervised pretraining outperforms others. Similar to prior work [154], we find that
supervised pretraining outperforms self-supervised learning for the most part, though
some self-supervised pretraining methods are still competitive. The results also warrant

better self-supervised schemes for subgroup shifts [1].

¢ Larger pretraining datasets yield better results. The biggest impact on worst-group
accuracy by far appears to be the dataset on which the initial model weights are derived.
This is especially true for NICO++ and Waterbirds, where going from ImageNet-1K to
ImageNet-21K to SWAG almost always leads to a significant increase in worst-group
accuracy, indicating that larger and more diverse pretraining datasets seem to increase
performance. The effectiveness of SWAG-pretrained ViTs on Waterbirds has also been

discussed in prior work [364].

B D.4 Complete Results

We provide complete evaluation results in this section. As confirmed earlier, model se-
lection and attribute availability play critical roles in subpopulation shift evaluation. To

provide a thorough analysis, we investigate the following three settings:

¢ Attributes are known in both training & validation (Appendix D.4.1). When attributes
are known in both training and validation set, which corresponds to the most ideal sce-
nario, we use “test set worst-group accuracy” as an oracle selection method to identify the

best possible performance for each algorithm.

¢ Attributes are unknown in training, but known in validation (Appendix D.4.2). When
attributes are still known in validation, we use “validation set worst-group accuracy” to
select models. We ignore algorithms that require attribute information in the training set

(i.e., IRM, MMD, CORAL) when reporting results under this setting.

e Attributes are unknown in both training & validation (Appendix D.4.3). When at-
tributes are completely unknown, we still use “validation set worst-group accuracy” for
model selection, which however degenerates to “worst-class accuracy”. We again ignore

algorithms that require attribute information in the training set.
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B D.4.1 Attributes Known in Both Training & Validation

Waterbirds
Algorithm Avg Acc. Worst Acc.  Avg Prec.  Worst Prec.  AvgF1  Worst F1  Adjusted Acc. Balanced Acc. AUROC ECE
ERM 84.1 +1.7 69.1 +4.7 774 +2.0 60.7 +3.2 794 +21  69.5 +2.9 83.1 +2.0 83.1 +2.0 91.0+14 129 417
Mixup 89.5 04 782104 83.9 +0.6 716 £1.3 859 04 78.8 %06 88.9 +0.3 88.9 0.3 94.7 02 7.0 £0.6
GroupDRO 888 £1.8  78.6+1.0 83.6 £2.4 709 50 853 £20 78.1 126 88.5 0.8 88.5 0.8 95.5+05 9.1 £2.2
IRM 88.4 +0.1 745 +15 82.5 +0.2 69.5 +0.6 84.3 +01 76.4 +0.1 87.1 +0.3 87.1 +0.3 94.0+03  9.5=+02
CVaRDRO 89.8 +0.4 75.5 +2.2 84.5 +0.7 732417 86.1+03 79.0 £0.4 88.5 +0.3 88.5 +0.3 95.4 +02 8.2 +0.2
JIT 88.8 +0.6 72.0 +0.3 83.1 +0.8 712 +15 84.7 +06 769 +0.8 86.9 +0.3 86.9 +0.3 94.1 401 9.0 +04
LfF 87.0 +0.3 75.2 +0.7 80.7 +0.3 66.2 +0.5 82.8 +03 74.3 +05 86.2 +0.3 86.2 +0.3 93303 9.4 +05
LISA 92.8 +0.2 88.7 +0.6 88.4 +0.4 79.5 +08 90.0 +0.3  84.8 0.4 92.0 +0.1 92.0 +0.1 97.0+01 54 +03
MMD 93.0 +0.1 83.9 +1.4 89.5 +0.4 83.1 +1.1 90.0 0.1 84.5 +0.1 90.5 +0.2 90.5 +0.2 96.2 0.1 6.4 +0.5
ReSample 89.4 +0.9 77.7 £1.2 84.0 +1.4 72.1 +31 85.7 +1.0 784 +14 88.3 +0.4 88.3 +0.4 952 03 8.0+11
ReWeight 91.8 02  86.9 x07 87.1 0.3 775+08 887 x02 82.7+03 90.7 £0.1 90.7 +0.1 95.8 +0.1 7.0 £0.6
SqrtReWeight ~ 88.7 +0.3 78.6 +0.1 82.8 +0.4 69.6 +1.1 84.9 +0.3 77.3 104 88.1 +0.2 88.1 +0.2 94.5 £0.1 8.2 +0.7
CBLoss 91.3 0.7 86.2 +0.3 86.5 +1.1 76.4 +2.3 88.2 +0.7 82.0+1.0 90.4 +0.1 90.4 +0.1 95.7 0.0 8.2 +1.4
Focal 89.3 +0.2 71.6 +0.8 83.7 +0.3 72.4 +05 85.2 +0.3 77.5 04 87.1 +0.3 87.1 +0.3 942 t02 6.9 x01
LDAM 87.3 +05 71.0 £18 81.2 +06 67.7 £1.5 83.0 05 74.4 06 85.7 +0.2 85.7 +0.2 933 +0.2 13.7 +22
BSoftmax 88.4 +1.3 74.1 +0.9 82.7 +1.6 70.1 +3.0 844 +15 765 +21 87.0 1.0 87.0 +1.0 94.1+10 9.8+12
DFR 92.3 +0.2 91.0 0.3 87.5 +0.3 77.5 +0.6 89.5+02 84.1+03 92.1 +0.1 92.1 +0.1 97.4 01 7.1 +0.6
CRT 90.5 +0.0 79.7 0.3 85.3 +0.0 74.5 +0.0 87.0 01  80.3 +0.1 89.3 +0.1 89.3 +0.1 95.7 0.0 7.9 x0.1
ReWeightCRT = 91.2 +0.1 784 +0.1 86.4 +0.2 768 0.3 87.7+01 8l.2+02 89.4 +0.1 89.4 +0.1 95.8 +0.1 6.3 0.2
CelebA

Algorithm Avg Acc. Worst Acc.  Avg Prec.  Worst Prec. AvgF1  Worst F1  Adjusted Acc. Balanced Acc. AUROC  ECE
ERM 95.1 0.2 62.6 +1.5 87.5 +0.5 764 +12  90.1zx03 83.1+05 86.9 +0.2 93.4 +0.2 98.4 0.1 3.3 +0.5
Mixup 954 +01 578 +0s8 88.4 +0.3 785+07  90.6 +0.2 83.8 +03 85.8 +0.2 93.1 +0.1 98.4 401 25402
GroupDRO 914 +06  89.0+07 80.4 +0.8 615+17 849 +08 749 +12 92.6 +0.1 93.3 0.2 98.1+00 8.0+09
IRM 94.7 0.8 63.0 +2.5 87.0 +1.9 75.3 £3.9 89.6 +1.1 822 +18 86.9 +0.5 93.3 +0.3 98.5+0.0 3.4 +1.3
CVaRDRO 95.2 0.1 64.1 +2.8 88.4 +0.6 78.6 1.4 90.1 01  83.0 +0.2 86.7 £0.9 92.2 +0.7 98.2 £0.1 2.6 £0.3
JIT 90.4 +2.3 70.0 £10.2 80.5 +4.2 62.5 +8.7 834 £33 72.6+5.1 86.4 +1.6 90.3 +1.1 93.2+22 4.1 +14
LfF 81.1 4556 53.0 £4.3 71.8 +4.1 452 £8.3 732456 59.0 +73 78.3 £3.0 85.3 +2.9 94.1 12 279 455
LISA 92.6 0.1 86.5 +1.2 82.2 +0.2 65.1 +0.4 86.6 +0.2  77.6 +0.3 92.0 +0.3 94.0 +0.1 98.5£0.0 7.7 0.3
MMD 92.5 +0.7 24.4 20 91.4 +1.4 90.1 +2.2 79.8 +21  63.7 +3.9 68.5 +0.7 74.3 +2.1 96.0 £0.9 3.6 0.2
ReSample 92.0 +0.8 87.4 108 81.4 +1.2 63.6 +2.6 85.6 +1.0 76.0 +1.5 92.0 +0.2 93.1 +0.1 98.1+£00 7.4 +11
ReWeight 919 05  89.7 x02 81.2 £0.8 632+18 854 %07 757x10 92.6 0.2 93.0 0.2 98.0 0.1 7.9 0.9
SqrtReWeight ~ 93.6 0.1 82.4 +0.5 84.0 £0.2 69.0 03  87.9x02 79.6+03 91.2 +01 93.8 +0.1 98.4 101 5.8 x0.2
CBLoss 91.2 0.7 89.4 +0.7 80.2 £1.1 61.0 +2.3 84.6 +1.0 745<+16 92.6 +0.2 93.2 +0.3 98.0+01 84 +10
Focal 94.9 +0.3 59.1 +2.0 87.5 +0.8 76.7 1.7 89.7 04 82.4 +0.6 85.6 +0.5 92.5 +0.4 98.2 0.1 3.2 404
LDAM 94.5 +0.2 59.6 +2.4 86.5 +0.8 74.7 £1.9 89.0 +02 81.3 +0.3 85.6 +0.8 92.3 +0.7 98.0 0.1 28.3 +2.7
BSoftmax 91.9 +0.1 83.3 +0.5 81.1 +o0.2 62.9 +0.4 85.6 +0.2  76.1 +0.3 91.1 +o0.2 93.9 +0.1 98.6 £0.0 8.4 +0.2
DFR 91.9 +0.1 90.4 +0.1 81.2 +0.2 63.2 +0.3 85.5+0.1  75.8 +0.2 92.3 +0.0 93.1 +0.1 979 +0.0 8.9 0.1
CRT 92.7 +0.1 87.2 +0.3 82.4 +0.1 65.7 +0.2 86.5+0.1  77.4 +0.1 91.8 +0.1 93.4 +0.0 98.2 £0.0 6.6 £0.1
ReWeightCRT  92.5+02  87.2+03 82.1 0.3 65.1 0.6 863 +02 77.1x03 91.8 0.0 93.4 +0.0 98.2+00 7.1+03
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CivilComments

Algorithm Avg Acc. Worst Acc. Avg Prec.  Worst Prec.  AvgF1 Worst F1 Adjusted Acc. Balanced Acc.  AUROC ECE

ERM 85.4 +0.2 63.7 +1.1 754 +0.2 57.8 +0.6 77.0 00  63.1 +0.1 77.7 £0.2 79.2 +03 90.0 0.0 8.1 +0.2
Mixup 849 03 66.1 +1.3 74.8 £0.4 56.4 £0.9  76.6 £02 62.7 +02 77.9 0.3 79.3 £0.3 89.7 +0.0 8.4 +10
GroupDRO 818 06  70.6+12 72.0 £0.5 49.6 11 742105 603 +06 78.5 0.2 79.9 +0.2 88.8 02 122 +0.9
IRM 85.5 +0.0 63.2 +0.8 75.5 +0.1 57.8 +0.2 77.1 00 63.3 +0.1 77.8 £0.1 79.4 +0.1 89.9 +01 7.4 06
CVaRDRO 83.5 +0.3 68.7 +1.3 73.5 +0.3 52.8 +0.6 759 +02 624 +0:2 78.6 +0.2 80.7 +0.1 89.8 +0.1  32.9 +0.4
JTIT 83.3 +0.1 64.3 +1.5 72.8 +0.1 524 +0.3 74.8 01 60.3 +0.2 76.8 +0.2 78.4 +0.2 88.2 +01 10.2 +03
LfF 65.5 +5.6 51.0 +6.1 60.4 +3.5 31.2 456 58.5+50 419 +56 64.8 +4.2 65.6 +4.5 69.2 465 264 +24
LISA 82.7 +0.1 73.7 +0.3 72.6 +0.1 51.1 +0.2 75.0 +01  61.1 0.1 78.7 +0.2 80.1 +0.1 89.1+01 11.7 +0.3
MMD 84.6 +0.2 54.5 +1.4 73.9 +0.4 56.7 +0.7 744 +04 582 x07 73.6 +0.6 749 +05 86.1 +0.7  5.0+15
ReSample 822+00 733 x05 724 0.0 502 +01 748 +00 61.1x00 79.2 £0.0 80.6 0.0 89.3 01 122 +0.2
ReWeight 82.5 +0.0 72.5 +0.0 72.6 +0.1 50.8 +0.1 75.0 01  61.4 +0.1 79.1 0.1 80.6 +0.1 89.5+00 12.0 +0.2
SqrtReWeight ~ 83.3 +0.5 71.7 +0.4 73.3 +0.4 52.5+10 757 £04 62.0 £0.4 78.9 +0.1 80.4 +0.1 89.7 +00 10.3 +0.8
CBLoss 82.9 +0.1 73.3 +0.2 72.9 +0.1 51.5 +0.2 754 01  61.7 +0.1 79.2 0.1 80.6 +0.1 89.6 01 11.1 x0.3
Focal 85.5 +0.2 62.0 £1.0 75.5 +0.4 58.5 +0.8 76.8 £03  62.5 +0.4 76.9 +0.4 78.4 +0.4 89.1+03 6.7 +0.4
LDAM 81.9 +2.2 37.4 +8.1 69.6 +3.5 499 +5.9 69.7 34 50.6 +5.5 67.5 +4.0 70.0 £3.3 79.7 +42  21.1 +03
BSoftmax 83.8 +0.0 71.2 +0.4 73.8 £0.0 53.5 +0.0 76.1 00 62.5 0.0 78.7 +0.1 80.4 +0.0 89.8 0.0 10.3 +0.1
DFR 83.3 +0.0 69.6 +0.2 73.2 +0.0 52.3 +0.1 75.6 0.0  61.8 +0.0 78.1 +0.0 80.2 +0.0 89.5+00 16.6 £0.3
CRT 83.8 +0.0 71.1 201 73.8 +0.0 53.5 +0.0 76.1 00 62.5 +0.0 78.6 +0.0 80.4 +0.0 89.4 00 11.2+03
ReWeightCRT  83.8 +0.1 71.0 £0.1 73.8 £0.1 535+02  76.1+00 62.4+00 78.5 0.0 80.4 +0.1 89.6 0.0 10.7 £0.1
MultiNLI

Algorithm Avg Acc. Worst Acc. Avg Prec.  Worst Prec.  AvgF1  Worst F1  Adjusted Acc. Balanced Acc. AUROC  ECE

ERM 80.9 +0.1 66.8 +0.5 81.1 +0.1 76.0 +0.2 80.9 +0.1  77.8 +0.1 79.7 £0.0 80.9 +0.1 93.6 0.1 8.1 0.3
Mixup 814 +03  68.5+0.6 81.6 +0.3 76.0 05 814 +03 78.0+02 80.1 +0.3 81.4 +0:3 93.6 +0.1 9.4 +0.9
GroupDRO 81.1 +03 76.0 +0.7 81.4 +03 747 +05  81.1+03 77.8 +0.1 80.8 +0.3 81.1 +0.3 93.7 01 9.8 1.0
IRM 77.8 +0.6 63.6 +1.3 78.3 +0.5 71.0 11 779 0.6 74.8 +0.4 76.6 +0.5 77.8 +0.6 91.5+03 11.2+18
CVaRDRO 75.1 +0.1 63.0 +1.5 76.2 +0.2 65.6 +0.2 752401 721 +0:2 742 104 75.1 01 86.3 +02 414 +o0.1
JTT 80.9 +0.5 69.1 +0.1 81.3 +0.4 743 +1.1 81.0 05 77.6+05 80.0 +0.4 80.9 +0.5 93.7 +0.2 7.0 £1.5
LfF 71.7 11 63.6 +2.9 71.8 +1.1 68.7 +0.7 71.7 11 685 +18 70.8 £1.4 71.7 11 87.0 +08 4.4 +06
LISA 80.3 +0.4 73.3 £1.0 80.4 +0.4 75.9 +0.3 80.3 +0.4  76.7 +0.4 79.8 +0.5 80.3 +0.4 92.7 0.2 4.3 +04
MMD 78.8 +0.1 69.1 +15 79.3 +0.2 71.7 +0.7 789 +01 755 +0.1 78.0 +0.4 78.8 +0.1 91.7 +01  11.6 +03
ReSample 77.2 +0.2 72.3 +038 77.6 £0.0 70.7 1.0 773 +01  73.8 +0.1 77.6 £0.3 77.2 +02 90.9 0.0 10.8 +0.2
ReWeight 81.0 02  68.8 +0.4 81.1 0.2 76.0 0.7 81.0+02 77.4x01 79.6 £0.1 81.0 0.2 93.5+01 8.1 =x01
SqrtReWeight ~ 80.7 +03  69.5 0.7 81.0 0.3 746 05  80.8+03 77.5+03 79.9 0.4 80.7 +0.3 934102 92+10
CBLoss 80.6 +0.1 72.2 403 80.8 +0.1 74.9 103 80.6 +0.1  77.5 +0.1 80.1 +0.1 80.6 +0.1 93.4 £01 7.5 +05
Focal 80.7 +0.2 69.4 +0.7 81.2 +0.2 73.7 +0.6 80.8 +0.2  77.3 +0.1 79.6 +0.2 80.7 +0.2 93.6 0.1 4.4 £1.0
LDAM 80.7 +0.3 69.6 +1.6 81.1 +0.1 73.9 +0.9 80.8 +0.2  77.4 +02 79.7 +0.3 80.7 +0.3 93.5£0.1 334 +03
BSoftmax 80.9 +0.1 66.9 +0.4 81.1 +0.1 759 0.3 80.9 0.1  77.7 +0.1 79.7 +0.0 80.9 +0.1 93.6 +0.1 8.1 +02
DFR 81.7 +0.0 68.5 +0.2 82.1 +0.0 75.6 +0.2 81.7 +00  77.9 +0.0 81.2 +0.0 81.7 +0.0 932 £0.0 8.8 +0.3
CRT 81.9 +0.0 70.7 +0.1 82.2 +0.0 75.9 +0.1 82.0 0.0 78.3 +0.0 81.1 +0.0 81.9 +0.0 93.9 0.0 11.5 0.0

ReWeightCRT =~ 81.3 00  69.0 0.2 81.4 0.0 770+01 813 +00 77.6+00 80.5 +0.0 81.3 0.0 93.7 00 6.9 01
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MetaShift

Algorithm Avg Acc. Worst Acc. Avg Prec.  Worst Prec.  AvgF1 Worst F1 Adjusted Acc. Balanced Acc.  AUROC ECE

ERM 91.3 +0.3 82.6 +0.4 91.2 +03 90.6 0.4 91.2+03 90.7 +0.3 89.3 +0.3 91.2 +0.3 97.3 0.2 6.3 £0.9
Mixup 91.6 0.3  81.0 x0s8 91.7 0.3 90.6 0.2 91.6 £03 91.0 03 89.4 0.3 91.6 0.3 973 +01 2.3 401
GroupDRO 91.0 01 85.6 +04 90.9 0.1 90.0 0.6 90.9 01 90.4 +0.0 89.8 £0.1 91.0 +0.1 975100 3.2+05
IRM 91.8 +£0.4 83.0 +0.1 91.8 +0.4 90.5+10  91.7 04 91.3 +04 89.7 +0.5 91.7 +0.4 97.6 0.2 5.3 +0.2
CVaRDRO 92.1 0.2 84.6 +0.0 92.1 +0.2 90.8 +0.6 921 +02 91.6 +0.2 90.4 +0.2 92.1 +0.2 97.7 0.0 4.9 +0.3
JTIT 91.2 +0.5 83.6 +0.4 91.3 +0.6 89.3 +1.1 91.1 405  90.6 +0.4 89.6 +0.8 91.1 +0.5 974 +00 59 +o.7
LfF 80.2 +0.3 731 +16 80.5 +0.3 772413 80.1 +0.3 78.8 +0.3 80.3 +0.6 80.1 +0.1 90.6 +0.6 8.3 £1.5
LISA 89.5 +0.4 84.1 +0.4 89.6 +0.4 88.4 +0.3 89.5+0.5 88.8 106 88.5 +0.3 89.5 +0.5 96.0 0.1 25.4 +0.2
MMD 89.4 +0.1 85.9 +0.7 89.5 +0.2 88.3 +0.2 89.3 +01  88.4 +0.1 89.4 +0.0 89.2 +0.1 954 +03  3.2+03
ReSample 912101  85.6+04 91.1 01 90.8 £01  91.1x01 90.5 01 90.0 +0.2 91.1 z01 974 101 5202
ReWeight 91.7 +0.4 85.6 +0.4 91.8 +0.4 90.2 +0.6 91.7 03 91.1 +0.3 90.6 +0.5 91.6 +0.3 97.5 +01 4.2 +02
SqrtReWeight  91.5 +02  84.6 +0.7 91.5 +0.2 89.7 02  915x02 91.1x02 89.7 0.3 91.6 0.2 97.7 00 3.6 £0.6
CBLoss 91.7 0.4 85.5 +0.4 91.8 +0.4 902 +07  91.6 +03 91.1+03 90.6 +0.4 91.6 +0.3 97501 4.1 02
Focal 91.7 +0.2 81.5 +0.0 91.7 +0.2 91.1+06  91.7 x02 91.2 x0.2 89.5 +0.2 91.7 +0.2 97.7 0.0 52 +16
LDAM 91.5 +0.1 83.6 +0.4 91.5 +0.1 90.7 +03  91.5+01  90.9 +0.1 89.8 +0.1 91.5 +0.1 97.5 £01  10.8 +0.6
BSoftmax 91.6 0.2 83.1 +0.7 91.6 +0.2 89.8+03  91.6+0.2 91.2 +0.2 89.4 +0.3 91.7 +0.1 97.7 0.0 4.0 +0.6
DFR 88.4 +0.3 85.4 +0.4 88.4 +0.3 86.8 +0.3 88.4 +0.3 87.8 +04 87.7 +0.3 88.5 +0.3 95.6 0.1 5.7 +0.2
CRT 91.3 +0.2 84.1 +0.4 91.3 +0.2 90.2 +0.2 91.3 +0.2  90.8 +0.2 89.6 +0.2 91.3 +0.2 973 0.0 7.4 01
ReWeightCRT ~ 91.2 +0.1 85.6 +£0.4 91.1 0.1 90.1 01 91.2+01  90.7 +0.0 89.8 +0.1 91.2 +0.0 96.8 +0.1 7.8 £0.1

ImageNetBG

Algorithm Avg Acc. Worst Acc.  Avg Prec.  Worst Prec.  AvgF1  Worst F1  Adjusted Acc. Balanced Acc. AUROC  ECE

ERM 88.4 +0.1 81.0 +0.9 88.5 +0.1 80.4 +0.1 88.4 +01 81.3 +0.1 88.4 +0.1 88.4 +0.1 99.0 0.0 5.8 0.2
Mixup 88.5+03 824403 88.7 +0.2 804 +1.3  885+03 81.9+0s8 88.5 +0.3 88.5 +0.3 98.8 +0.1 3.3 £1.0
GroupDRO 87.3 +0.2 78.2 +0.3 87.5 +0.2 77.9 +1. 87.3 +02  80.0 +0.9 87.3 +0.2 87.3 +0.2 98.9 0.0 4.3 0.5
IRM 88.7 +0.1 81.3 +0.3 88.8 +0.1 81.6 +0.2 88.7 +01  81.7 +0.1 88.7 +0.1 88.7 +0.1 99.1£0.0 5.2 =01
CVaRDRO 88.2 +0.1 80.7 +1.1 88.4 +0.1 78.6 £1.9 88.3 +0.1  80.7 +0.5 88.2 +0.1 88.2 +0.1 99.0 +0.0 4.9 +04
JTT 87.2 +0.1 80.5 +0.3 87.5 +0.2 78.0 +0.7 87.2+01 80.2 +0.6 87.2 +0.1 87.2 +0.1 989 +0.0 2.4 +05
LfF 85.3 +0.3 76.7 +0.5 85.6 +0.3 74.0 +2.2 85.3 +0.3 75.8+1.3 85.3 +0.3 85.3 +0.3 98.5£0.0 2.6 £0.4
LISA 86.2 +0.3 76.1 +0.8 86.3 +0.3 75.5 £1.0 86.2 +03 77.1 +05 86.2 +0.3 86.2 +0.3 98.3 £0.1 4.2 +0.2
MMD 88.2 +0.2 80.8 +0.5 88.4 +0.2 80.0 +1.1 88.2 +0.2 80.7 +0.3 88.2 +0.2 88.2 +0.2 99.0 0.0 5.8 £0.2
ReSample 88.5 +0.2 81.0 +0.4 88.7 +0.2 799 +10  885=+02 81.5+04 88.5 +0.2 88.5 +0.2 99.0 0.0 6.0 0.2
ReWeight 88.4 01 81.0 +09 88.5 £0.1 80.4 01 884 +01 81.3x01 88.4 £0.1 88.4 +0.1 99.0 +0.0 5.8 £0.2
SqrtReWeight ~ 88.3 +0.1 80.1 +0.2 88.4 +0.1 80.5+05 883 +01 80.9 +0.4 88.3 +0.1 88.3 +0.1 99.0 0.0 5.3 +0.3
CBLoss 88.4 +0.1 81.0 +0.9 88.5 +0.1 80.4 +0.1 88.4 +0.1 81.3 +0.1 88.4 +0.1 88.4 +0.1 99.0 0.0 5.8 0.2
Focal 87.2 +0.1 78.4 +0.1 87.3 +0.2 78.7 07 87.2+01 789 05 87.2 +0.1 87.2 0.1 98.8 0.0 4.4 +1.1
LDAM 88.0 +0.1 80.1 +0.3 88.3 +0.0 80.1 +0.6 88.1+01 81.4 =03 88.0 +0.1 88.0 +0.1 98.7 0.1 48.3 1.9
BSoftmax 88.3 +0.1 80.7 +0.7 88.4 +0.1 79.4 +0.9 88.3+0.1  80.8 +0.4 88.3 +0.1 88.3 +0.1 99.0 0.0 6.0 0.2
DFR 87.2 +0.2 78.5 +0.6 87.2 +0.3 78.2 +1.2 87.2 +0.2 78.8 +0.9 87.2 +0.2 87.2 +0.2 98.8 0.0 9.9 +1.3
CRT 88.4 +0.1 80.2 +0.3 88.4 +0.1 80.4 +0.8 88.3 +01  80.7 +0.3 88.4 +0.1 88.4 +0.1 99.0 0.0 4.5 +0.5
ReWeightCRT ~ 88.6 00  79.4 0.2 88.7 £0.0 81.6 0.7 88.6+00 815102 88.6 £0.0 88.6 +0.0 99.1+00 4.5=+08
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NICO++

Algorithm Avg Acc. Worst Acc. Avg Prec.  Worst Prec.  AvgF1  Worst F1  Adjusted Acc. Balanced Acc.  AUROC ECE

ERM 84.5 +0.5 37.6 +2.0 85.5 +0.3 54.5 1238 84.6 +04 65.8 +1.1 84.0 +0.5 84.3 +0.5 99.3 £0.0  10.4 0.1
Mixup 84.0 +06  42.7 +14 85.2 +0.5 53.0+1.6  84.2+06 63.4+1.1 83.7 +0.6 83.9 +0.6 99.3 0.0 2.5 +1.0
GroupDRO 832+04  37.84+1s8 84.5 £0.4 55.5+1.0 833 +04 63.6+06 82.7 £0.4 83.0 £0.4 99.3 0.0 8.7 0.6
IRM 84.4 +0.7 40.0 +0.0 85.1 +0.5 63.0 +2.0 84.4+06 659 +1.2 83.9 +0.7 84.3 +0.7 994 0.0 7.0 +14
CVaRDRO 83.6 +0.6 36.7 £2.7 85.0 +0.4 55.7 +2.3 83.8 +06 64.3 +15 83.2 +0.6 83.5 +0.6 99.4 0.0 7.9 +11
JTIT 85.1 +0.3 40.0 +0.0 86.0 +0.3 54.8 +2.7 852 +03 654 +18 84.7 +0.3 85.0 +0.3 99.4 +0.0 10.2 +0.2
L{F 78.3 +0.4 30.4 +1.3 80.7 +0.2 45.6 £1.3 78.6 +0.4  52.5 +06 78.0 +0.3 78.3 +0.4 99.2 £0.0 1.4 +03
LISA 84.7 +0.3 427 +2.2 85.7 +0.2 54.7 +1.4 84.8 403 65.4 +1.2 84.2 +0.3 84.6 +0.3 99.2+0.0 11.9 +16
MMD 84.9 +0.1 40.7 0.5 85.8 +0.1 57.0 +1.2 85.0 0.1 66.3 +0.7 84.5 +0.1 84.8 +0.1 99.4 0.0 9.2 +04
ReSample 84.8 03 40.0 0.0 85.8 £0.3 58.6+26 849 +04 65.4+17 84.4 £0.4 84.7 +0.4 99.4 100 8.8 0.2
ReWeight 85.7 +02 419 +16 86.6 +0.1 573 +38  85.8+01 65.0 £1.7 85.3 +0.2 85.6 +0.2 99.4 £0.0 9.8 0.3
SqrtReWeight ~ 84.7 +07  40.0 0.0 85.7 +0.4 575+13  84.8+06 65.7+15 84.2 +0.6 84.6 +0.7 994 +00 8.1 +11
CBLoss 84.5 +0.4 37.8 £1.8 85.2 +0.5 61.1 +08 84.5+05 66.1 +1.4 84.0 +0.4 84.3 +0.4 99.4 0.0 83 +1.2
Focal 83.8 +1.4 36.7 +2.7 85.0 +1.1 54.2 +3.7 83.9 +1.4  63.8 +3.0 83.3 +1.4 83.6 1.4 99.4 01 4.8 x0.7
LDAM 82.8 +0.4 42.0 +0.9 84.4 +03 51.1 +2.7 83.0 +04 62.0+16 82.4 +0.4 82.7 +0.4 98.7 +0.1  68.7 +2.2
BSoftmax 84.0 +0.5 40.4 +0.3 84.8 +0.3 61.4 +1.1 84.1 +04 652 +1.1 83.7 +0.5 84.0 +0.5 99.4 +0.0 7.0 £1.2
DFR 75.6 £0.5 23.7 +0.7 774 +0.4 37.7 £3.2 75.8 +04  46.0 +26 75.3 £0.5 75.5 +0.5 98.6 0.0 19.4 +0.5
CRT 85.2 +0.3 43.3 2.7 85.7 +0.2 64.6 +0.6 85.2+03 69.2 +0.3 84.7 +0.3 85.0 +0.3 99.4 0.0 7.9 +0.6
ReWeightCRT ~ 85.0 +0.1 233 +14 85.5 +0.1 61.6 +0.3 85.0 +0.1  67.0 +0.1 84.3 +0.1 84.8 +0.1 99.3 +0.0 3.6 +0.3
MIMIC-CXR

Algorithm Avg Acc. Worst Acc.  Avg Prec.  Worst Prec. AvgF1  Worst F1  Adjusted Acc. Balanced Acc.  AUROC  ECE

ERM 78.2 +0.1 68.9 +0.3 77.3 +0.1 71.1 +0.1 77.5+01  73.6 +0.1 77.2 £0.0 77.8 +0.1 85.2 +01 3.4 02
Mixup 78.3 £0.0 68.1 +0.9 774 +0.0 71.6 0.2 775400 734401 77.2 +0.1 77.8 £0.1 85.1+01 3.6 +02
GroupDRO 76.9 +0.3 74.4 +0.2 76.1 +0.2 68.7 +0.5 76.3 £0.2  72.7 +0.1 76.7 £0.1 76.9 +0.2 83.7 +01 4.7 +0.1

IRM 78.2 +0.0 67.7 +0.2 77.3 £0.0 71.4 +01 775 +00 73.5 0.1 77.2 0.1 77.8 0.1 85.2 +01 3.4 02
CVaRDRO 78.3 +0.1 68.6 +0.4 774 +0.1 71.1 +0.3 77.7 £01  73.9 +0.0 77.4 +0.0 78.1 +0.0 85.1+00 7.8 +03
JTT 78.1 +0.0 67.3 +0.7 77.1 +0.0 71.4 0.2 77.3 400 73.2 +0.1 77.0 0.0 77.5 +0.1 84.9 +00 3.4 +0.1

LfF 73.3 +0.9 62.6 +2.6 72.3 +1.0 65.2 +1.0 724 +10 67.7 1.4 724 +1. 72.8 £1.1 793 +1.3 123 +07
LISA 77.9 +0.1 70.4 +0.2 77.0 0.1 70.6 +0.3 772 01 73.3 +0.1 77.2 0.1 77.6 +0.1 84.9 +01 4.0 x06
MMD 76.8 +0.2 68.0 +0.6 75.9 0.2 70.2 +0.4 76.0 +02 71.5 %03 76.0 +0.3 76.2 £0.2 83.4+02 8.8+20
ReSample 78.1 +0.1 71.9 +0.2 77.3 +0.1 70.7 +0.3 775401  73.8 +0.2 77.6 +0.1 78.0 +0.1 85.0 +0.1 5.5 +0.8
ReWeight 78.2 +0.1 71.6 +0.3 774 +0. 709 +03  77.6 01 73.8 +0.1 77.6 +0.1 78.0 +0.1 85.1 +01 4.2 02
SqrtReWeight ~ 78.2 +02  70.3 0.2 77.3 £0.2 71.0 £03  775x02 73.6+02 77.3 £0.3 77.9 x0.2 852 +02 4.1x02
CBLoss 78.4 +0.1 70.7 +0.1 77.5 +0.1 71.6 +0.2 77.7 +01  73.8 0.1 77.6 +0.1 78.0 £0.1 85.2+00 4.1 +04
Focal 78.3 +0.1 68.7 +0.4 774 +0.1 70.8 +0.2 77.6 0.1 73.9 0.0 77.4 +0.1 78.1 0.0 85.4 +00 10.1 +0.6
LDAM 77.7 0.6 68.6 +1.1 76.8 +0.6 70.4 +0.9 77.0 x06  73.1 x0.7 76.9 +0.6 774 +0.6 84.6 +0.6  22.0 0.2
BSoftmax 77.8 +0.2 68.4 +0.2 76.9 +0.2 70.2 +0.3 77.1 +02 73.3 +0:2 77.0 +0.2 77.6 +0.2 84.9 +0.2 5.0 +0.2
DFR 78.0 +0.0 68.9 +0.0 77.1 +0.0 70.9 +0.0 77.3 400 73.3 +0.0 77.0 0.0 77.6 £0.0 84.9 +00 7.0 +0.1

CRT 78.5 +0.0 71.0 +0.0 77.6 £0.0 71.5 +0.1 779 +00  74.0 0.0 77.7 £0.0 78.2 +0.0 85.4 +00 4.1 +0.1

ReWeightCRT  78.5+00  70.8 £0.0 77.6 £0.0 71501 778 00 73.9 x00 77.7 £0.0 78.2 £0.0 85.4 00 4.3 x00
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MIMICNotes
Algorithm Avg Acc. Worst Acc. Avg Prec.  Worst Prec.  AvgF1 Worst F1 Adjusted Acc. Balanced Acc.  AUROC ECE
ERM 91.1 +0.1 18.7 +2.7 77.6 +0.9 63.1 +2.0 63.2+1.6 31.2+3.1 59.7 1.3 59.9 +1.3 85.3 +01 2.1 +08
Mixup 91.1+00  22.7 432 76.8 £0.7 612+16  65.1+16 35.0%32 615 +1.6 61.7 £1.7 85.4+0.0 2.0 +08
GroupDRO 76.1£07  72.6 405 61.3 £0.1 257104  61.8 104 38.6+03 76.2 £0.3 76.5 +0.2 85.0 01 222 +0.6
IRM 91.0 +0.0 225 +25 76.3 +0.5 60.1 +1.2 65.2 +1.2  35.3 +24 61.5 +1.2 61.7 +1.2 85.3 +00 1.9 +0:2
CVaRDRO 90.9 +0.1 23.0 +4.6 76.5 +1.2 60.6 +2.9 64.6 +2.4 34.0 +438 61.4 +23 61.6 +2.4 85.1+01 4.2+16
JTIT 71.3 +3.7 65.9 +2.8 60.3 +0.7 234 +1.9 58.6 +2.3  36.0 +1.8 75.5 +0.4 75.6 +0.4 849 +01 275439
LfF 84.0 +1.2 62.7 +2.1 64.6 +0.7 33.6 +16 67.1+08 43.6 +08 74.7 +0.4 747 +05 85.1+00 125+12
LISA 85.2 +1.4 58.0 £3.1 65.5 +0.9 35.7 +2.1 68.0 £0.9  44.5 +0.9 74.0 +0.6 74.2 x0.7 85.3 +00 15.5 +1.5
MMD 91.2 0.1 23.0 +0.5 76.8 +0.3 61.0 +0.5 65.9 +0.5  36.5 +0.9 61.9 +0.4 62.1 +0.4 85.3 +0.0 1.4 =01
ReSample 80.4 £1.8  68.0 £3.0 63.0 £0.8 297 18 649 +12 41.6+12 75.8 £0.4 76.1 £0.4 85.3 0.0 18.8 £2.2
ReWeight 84.8 +0.8 60.5 +2.5 65.2 +0.6 34.8 +1.3 67.8 +0.5 444 +05 74.5 +0.5 74.7 105 85.2 +00 14.1 +0.9
SqrtReWeight  90.1 +03  37.2 +45 71.8 1.1 499 +25  69.1+09 43.7 £19 67.6 £1.7 67.8 £1.7 852+01 4.2+10
CBLoss 83.2 +1.2 63.3 +2.2 64.1 +0.6 32.5+15 66.6 +0.8 43.0 +08 74.8 +0.4 749 +05 85.2 +01 14.7 1.3
Focal 91.0 +0.0 19.1 23 77.1 106 62.1 +1.4 63.6 +1.3 31.9 +26 59.9 +1.1 60.2 +1.1 853 +01  8.1zx0.7
LDAM 90.6 +0.1 5.3 +24 84.4 +038 78.1 +1.7 52.5+21  10.0 +4.1 52.7 +1.2 52.7 +1.2 84.9 +01 289 +10
BSoftmax 76.9 +0.9 73.1 +1.0 61.7 +0.2 26.5 +0.6 62.5+05 39.3 +04 76.6 +0.2 76.7 +0.2 85.4 +00 23.5+1.1
DFR 43.1 +19.8 6.7 £5.5 51.9 +238 7.3 £3.0 28391 72458 53.4 +2.8 53.4 +2.8 84.5+00 40.1+03
CRT 821435  56.2 £13.8 65.9 +3.5 36.8 +8.2 63.4 +05 37.5+14 70.9 +4.0 71.0 £4.0 84.3 +00 28.3 +43
ReWeightCRT  83.5+26  58.7 +63 64.6 £1.5 339435  66.1+15 42.0=+12 729 +15 73.0 £1.5 84.3 0.0 289 +22
CXRMultisite

Algorithm Avg Acc. Worst Acc.  Avg Prec.  Worst Prec.  AvgF1  Worst F1  Adjusted Acc. Balanced Acc. AUROC ECE
ERM 98.3 +0.0 0.0 0.0 49.2 +0.0 0.0 +0.0 49.6 0.0 0.0 £0.0 50.0 +0.0 50.0 +0.0 93.1+01 0.3 0.1
Mixup 98.3 £0.0 0.0 +0.0 49.2 +0.0 0.0 +0.0 49.6 0.0 0.0 0.0 50.0 +0.0 50.0 +0.0 929 +01 0.3 %00
GroupDRO 84.0 +109 193 +13.7  55.7 +20 12.7 41 51.2 450 124429 55.9 4255 59.7 1255 794 129 293 463
IRM 77.5 £17.0 8.8 +72 49.6 +0.3 0.7 +05 424 +59 1.3 +10 51.1 +0.9 51.8 +1.5 642473 473 +11
CVaRDRO 98.3 +0.0 0.0 +0.0 61.2 £49 24.0 +9.8 50.7 +0.7 2.2 £15 50.2 +0.2 50.6 +0.4 93.0+00 0.9 +03
JIT 94.1 +0.9 0.0 0.0 59.0 +0.7 18.5 +1.4 629 +08 289 +12 55.2 +0.9 82.2 +2.4 93.2 +0.1 6.4 +0.5
LfF 9.9 +6.7 54 +44 17.4 +135 0.6 +0.5 85456 1.2 +10 50.5 +0.4 51.7 +1.4 60.6 +1.6  82.6 +12.8
LISA 98.3 +0.0 0.0 +0.0 49.2 +0.0 0.0 0.0 49.6 +00 0.0 x0.0 50.0 +0.0 50.0 +0.0 90.3 +00 89 +16
MMD 874489  12.8 +10.4 49.6 +0.4 0.8 +0.6 470421 14 +12 50.6 +0.5 52.0 £1.7 56.5+1.9 154 +125
ReSample 96.4 £0.3 1.1 +05 57.9 0.3 171 +05  59.8 01 214103 54.0 £0.1 63.4 £1.2 89.7 01 4.1 02
ReWeight 88.0+53 19479 52.9 x0.7 6.9 +1.4 520 +22 10.8 +21 56.7 £1.7 64.1 £4.4 75.7 24 37.2 41
SqrtReWeight ~ 98.0 £0.1 0.0 0.0 65.5 0.3 324 06 60718 225437 53.4 0.7 58.9 21 929 +01 4.1 x09
CBLoss 98.0 +0.0 0.0 0.0 64.7 +0.3 309 0.6  59.2+10 19.4+19 52.5+03 56.9 +1.0 92.5+00 6.0 +0.8
Focal 98.3 +0.0 0.0 0.0 55.4 +5.1 125 +102  49.7 01 0.3 +02 50.0 +0.0 50.1 +0.1 93.2+00 11.5=x06
LDAM 98.3 +0.0 0.0 0.0 49.2 x0.0 0.0 +0.0 49.6 0.0 0.0 0.0 50.0 +0.0 50.0 +0.0 92.9 00  33.3 +0.0
BSoftmax 89.1 +0.2 0.5 0.1 56.2 +0.1 125 +02  58.1+02 22.0+03 50.4 +0.0 90.0 +0.1 929 +01 199 +13
DFR 79.3 £8.8 22.2 +9.9 54.9 +2.7 109 +56 482435  9.0+14 55.5 418 63.9 +4.7 789 +53 415 +19
CRT 87.0 +2.7 172 +655 54.2 1.4 9.1 +2.8 54.2 £29 155 42 58.2 +1.5 73.4 £3.0 81.5+41 351434
ReWeightCRT 82.5+63  27.8+11.4  56.0 +35 13.0 £7.1 51.8 +41  13.6 +45 58.7 +2.1 66.8 +2.8 81.1+48 299186
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Algorithm Avg Acc. Worst Acc. Avg Prec. Worst Prec.  AvgF1  Worst F1  Adjusted Acc. Balanced Acc.  AUROC ECE

ERM 86.9 +0.5 50.2 +3.8 66.3 +0.3 37.6 +08 68.6+02 44.6 +05 72.5 £1.1 72.8 £1.1 84.8 0.3 8.6 +0.4
Mixup 819462 374435 63.5 +5.0 339493 625459 357476 63.8 +4.7 64.1 +46 76.1+85  16.1+9.0
GroupDRO 789 x03 74502 62.8 £0.1 283 03 644102 41.7 03 78.4 x0.1 79.0 £0.1 86.0 01  21.1 £1.0
IRM 89.8 +0.3 34.4 +1.7 70.1 +0.7 46.5£1.6  68.6 +0.1 427 +0.3 67.5 +0.6 67.5 +0.6 85.8 +03 4.4 +12
CVaRDRO 66.2 +2.7 57.9 +0.4 56.4 +0.5 17.7 +1.0 529 +16 279 411 66.1 +0.6 67.0 +0.6 73.0+06  40.4 0.0
JTT 73.0 £1.9 61.3 +4.9 58.6 +1.1 21.6 +1.7 579 +17  32.8 +24 69.8 +2.6 71.0 +25 77.6 +23 263 +2.0
LfF 223 +102  13.7 +98 37.3 +58 9.0 +0.7 19.5+83 8.8 439 46.2 +2.9 46.2 +3.1 30.5 101 65.7 £10.2
LISA 79.2 +0.8 75.6 £0.6 63.1 +0.4 28.8 +0.8 648 +06 423 0.7 78.8 £0.3 79.4 +0.1 86.5+0.1  21.5+12
MMD 86.9 +0.5 50.2 +3.8 66.3 +0.3 37.6 08  68.6+02 44.6 05 725 +1.1 72.8 +1.1 84.8 +03 8.6 +0.4
ReSample 79.0 +0.8 75.3 +0.5 62.8 +0.3 284 +07  645x06 41.7 x07 78.4 +0.0 78.7 +0.1 85.7 +02  20.1 +1.4
ReWeight 78.7 0.4 75.7 +0.1 62.7 +0.1 28.2+03 643103 41.6+03 78.5 0.1 78.9 +0.0 86.3 +00 209 +0.5
SqrtReWeight  82.1+15  70.0 2.3 64.3 +0.7 318 +1.7  66.7+11 44.1+12 77.7 05 78.3 0.5 86.5+01 18.8 +22
CBLoss 79.1 +0.1 74.7 +0.3 62.7 +0.0 28.3 +0.1 643 +01 414 +01 77.9 +0.0 78.4 +0.1 85.7 01 22.1+05
Focal 89.3 +0.3 42.1 +4.0 69.6 +0.4 447 11 69.8 +04 455 +1.0 704 £1.1 70.4 £1.3 86.5+0.1  16.1+1.7
LDAM 90.1 +0.0 36.4 +0.3 70.6 +0.1 47.5 +0.1 68.9 +0.2  43.3 +0.3 67.3 +0.3 67.6 +0.2 86.0 +0.1  32.3 +0.3
BSoftmax 79.1 +0.4 754 +05 63.0 +0.2 28.6 04  64.7 03 42.1 +04 78.4 0.2 79.2 +0.1 86.4 0.1 239 x0.2
DFR 78.2 +0.4 71.7 +02 62.4 +0.2 27.6 04  63.8+03 409 +03 77.5 0.1 78.6 +0.0 85.5+00 39.5 +0.1
CRT 79.1 0.2 74.6 £0.3 62.8 +0.1 284 +02 64402 41.6=+03 78.0 0.2 78.6 +0.2 85.8 +02  21.2 +03
ReWeightCRT  80.4 +0.0 76.0 +0.1 63.5 +0.0 29.8 +0.1 65.6 +0.1  43.0 +0.1 78.8 +0.1 79.1 +0.1 86.3 +0.0  20.2 +0.1
Livingl7

Algorithm Avg Acc. Worst Acc.  Avg Prec.  Worst Prec. AvgF1  Worst F1  Adjusted Acc. Balanced Acc.  AUROC  ECE

ERM 28.2 1.5 8.7 £1.0 29.5 +1.1 9.0 £1.2 278 1.3 10.0 1.5 28.2 +15 28.2 £15 779 +1.2  53.5 25
Mixup 29.8 +1.8 9.3 414 325 +23 9.5+13 29.8 18 10.1+15 29.8 £1.8 29.8 +1.8 783 £12  34.6 £1.7
GroupDRO 272 415 9.7 0.7 29.8 +0.7 7.8 +0.9 273 411 9.1 08 272 +15 272 +15 77.8 +06 55.8 +0.5
IRM 28.2 1.5 8.7 £1.0 29.5 +1.1 9.0 £1.2 278 1.3 10.0 15 28.2 +15 28.2 £15 779 12 53.5 25
CVaRDRO 28.3 0.7 8.3 0.7 30.0 +0.7 7.9 x0.2 279 +0s 8.0 +0.2 28.3 +0.7 28.3 +0.7 81.0 +0.1  33.2 4.1
JTIT 28.8 +1.1 8.7 1.0 29.8 +1.8 8.3 £1.5 283 +14 91 z+16 28.8 +1.1 28.8 +1.1 80.2+11 38.0 £5.8
LfF 26.2 +1.1 8.7 +0.3 28.3 +0.9 8.8 +1.1 26.0+1.1 9.3 06 26.2 +1.1 26.2 +1.1 76.6 +0.7  56.4 +3.3
LISA 29.8 0.9 11.3 +03 32.0 +0.4 9.4 +0.4 29.9 0.7 10.4 +0.3 29.8 +0.9 29.8 +0.9 782 +0.6  30.3 0.6
MMD 26.6 £1.8 8.3 0.3 28.9 +1.1 9.5 £1.1 26515  9.5+09 26.6 +1.8 26.6 £1.8 785 +1.0 484 +6.7
ReSample 30.7 +2.1 10.3 +2.3 33.1 +1.2 10.5 +1.3 30.7 20 11.2 +1.4 30.7 2.1 30.7 2.1 80.9 +0.4 47.5 +31
ReWeight 28.2 +1.5 8.7 +1.0 29.5 +1.1 9.0 +1.2 278 +1.3  10.0 1.5 282 +15 282 +15 779 +12 535 +25
SqrtReWeight  28.2 +1.5 8.7 £1.0 29.5 11 9.0 +12 27.8 1.3 10.0 £15 282415 282 +15 779 £1.2 535 +25
CBLoss 28.2 1.5 8.7 £1.0 29.5 £1.1 9.0 £1.2 27.8 1.3  10.0 £1.5 28.2 +1.5 28.2 +1.5 779 +12  53.5 +2.5
Focal 28.0 +1.2 8.0 +0.5 28.8 +1.3 7.8 +1.1 271 +10 8310 28.0 +1.2 28.0 +1.2 79.5+1.1  48.6 £1.0
LDAM 24.7 0.8 7.0 £0.5 28.3 +0.6 6.0 £0.4 245106 6.7 +03 24.7 +0.8 24.7 x0.8 781412 9.7 x27
BSoftmax 27.5 0.8 8.7 x0.7 28.6 +1.0 8.5 0.7 27.0 08 9.4 +1.0 27.5 +0.8 27.5 +0.8 781 +1.0 54.7 £31
DFR 29.0 +0.2 10.0 +0.0 31.6 +0.3 10.8 +0.5 28.8 +0.2  11.6 +0.5 29.0 +0.2 29.0 +0.2 82.8 +00 3.4 +0.4
CRT 33.9 +0.1 10.7 0.3 34.5 +0.2 10.0 0.2 33.3+01  10.3 x0.2 33.9 +0.1 33.9 +0.1 83.2+01 32.8+14

ReWeightCRT  33.7 0.1 7.7 0.3 33.9 £0.1 15306  33.1x01 11.5zx04 33.7 £0.1 33.7 z0.1 82500 41.4 x0.2
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Overall
Algorithm Waterbirds CelebA  CivilComments MultiNLI MetaShift ImageNetBG NICO++ MIMIC-CXR MIMICNotes CXRMultisite CheXpert Livingl7 | Avg
ERM 69.1 +4.7 62.6 £1.5 63.7 £1.1 66.8 +0.5 82.6 +0.4 81.0 +0.9 37.6 +20  68.9 0.3 83.1 0.1 50.1 +0.9 50.2 +38 282415 | 62.0
Mixup 78.2 +0.4 57.8 +0.8 66.1 +1.3 68.5+06 81008 824 +03 427414 68.1+09 82.0 +0.4 50.1 +0.9 37435  29.8+18 | 62.0
GroupDRO 78.6 £1.0 89.0 z0.7 70.6 £1.2 76.0 t07  85.6 £04 782+03 378418 744 +02 83.7 £0.1 59.6 £1.0 745+02 272415 | 69.6
IRM 74.5 £15 63.0 £2.5 63.2 £08 63.6 £1.3 83.0 +0.1 81.3 +0.3 40.0 +0.0  67.7 x0.2 83.2 0.2 47.9 £11 344 +17 282415 | 60.8
CVaRDRO 75.5 +2.2 64.1 28 68.7 +1.3 63.0+1.5  84.6 0.0 80.7 +1.1 36.7 427 68.6 +0.4 81.9 +0.1 50.2 +0.9 579 +04  28.3 407 | 63.3
JTT 72.0 +0.3 70.0 +10.2 64.3 £1.5 69.1 0.1 83.6 £0.4 80.5 0.3 40.0 00  67.3 +0.7 83.8 +0.1 50.1 +0.9 61.3 +49 288 +1.1 | 64.2
LfF 75.2 £0.7 53.0 +4.3 51.0 £6.1 63.6 £2.9 73.1 1.6 76.7 £05 304 £1.3  62.6 £26 84.0 +0.1 50.1 0.9 13.7 x98 262411 | 55.0
LISA 88.7 +0.6 86.5 +1.2 73.7 +0.3 73310 841104 76.1+08 427422 704 +02 83.6 +0.2 489 +1.3 75.6 406  29.8 £09 | 69.5
MMD 83.9 +1.4 24.4 120 545414 69.1 £1.5 85.9 +0.7 80.8 +0.5 40.7 05 68.0 +0.6 82.0 +0.5 50.1 +0.9 502438  26.6 +18 | 59.7
ReSample 77.7 £1.2 87.4 08 73.3 05 723 08 85.6 +0.4 81.0 0.4  40.0+00 71.9 z0.2 83.9 0.1 59.0 £1.1 753 +05  30.7 +21 | 69.8
ReWeight 86.9 0.7 89.7 0.2 72.5 £0.0 68.8 +0.4 85.6 +0.4 81.0+09  419+16 71.6x03 83.6 £0.3 64.2 +0.7 75.7 t01 282415 | 70.8
SqrtReWeight 78.6 +0.1 82.4 105 71.7 +0.4 69.5+07  84.6 +0.7 80.1+02  40.0+00 703 +0.2 83.1 0.1 50.0 +1.0 700 +23 282415 | 67.4
CBLoss 86.2 +0.3 89.4 0.7 73.3 0.2 722 +03 85.5 £0.4 81.0 0.9 378 1.8 70.7 0.1 83.2 +0.1 50.1 0.9 74.7 03 282415 | 69.4
Focal 71.6 +0.8 59.1 2.0 62.0 £1.0 69.4 +0.7 81.5 +0.0 78.4 +0.1 36.7 +27  68.7 £0.4 71.1 +9.9 50.0 +0.9 42.1 +40  28.0 +12 | 59.9
LDAM 71.0 £1.8 59.6 +2.4 37.4 481 69.6 £1.6 83.6 +0.4 80.1 +0.3 420409  68.6 +1.1 81.0 +0.3 50.0 +0.0 364403 247 +0s | 587
BSoftmax 74.1 +0.9 83.3 +0.5 71.2 +0.4 66.9 +0.4 83.1 0.7 80.7 0.7 404 03  68.4 0.2 83.4 +0.3 50.1 +1.1 754405 27.5+0s | 67.0
DFR 91.0 +0.3 90.4 +0.1 69.6 +0.2 68.5 +0.2 85.4 +0.4 78.5 £0.6 23.7 0.7 68.9 0.0 83.6 +0.0 53.5 +0.2 71.7 02 29.0 +0.2 | 67.8
CRT 79.7 +0.3 87.2 +03 71.1 0. 70.7 £0.1 84.1 +0.4 80.2 +0.3 433 +27 710 x0.0 83.4 +0.0 65.2 0.1 74.6 0.3 33.9 +01 | 704
ReWeightCRT ~ 78.4 0.1 87.2 +0.3 71.0 £0.1 69.0+02  85.6+0.4 79402 233414 708 00 83.4 +0.0 60.9 0.8 76.0+01  33.7 x01 | 68.2
B D.4.2 Attributes Unknown in Training, but Known in Validation
Waterbirds
Algorithm Avg Acc. Worst Acc. Avg Prec.  Worst Prec.  AvgF1  Worst F1  Adjusted Acc. Balanced Acc.  AUROC ECE
ERM 84.1 +1.7 69.1 +4.7 774 £20 60.7 +3.2 794 21 69.5 +29 83.1 +2.0 83.1 +2.0 91.0 14 129 1.7
Mixup 89504 782104 83.9 0.6 716 £1.3 859 04 78806 88.9 0.3 88.9 0.3 94.7 02 7.0 £0.6
GroupDRO 86.9 0.9 73.1 404 80.7 +1.1 66.1 +22 828 +09 744 +12 86.3 +0.5 86.3 +0.5 94.0 +03  10.5 0.8
CVaRDRO 89.9 +0.4 75.5 +2.2 84.5 +0.7 732417 86.2+03 79.0 £0.4 88.5 +0.3 88.5 +0.3 95.4 +02 8.3 +0.2
JIT 88.9 +0.6 71.0 +0.5 83.2 +0.8 715 +1.7 84.7 +06 76.8 +0.8 86.8 +0.2 86.8 +0.2 94.2 401 9.1 +0.3
LfF 86.5 +0.6 74.7 £1.0 80.1 +0.7 64.7 +1.4 82.3 +0.6 73.8 +08 86.2 +0.3 86.2 +0.3 93.5+02 9.9 o8
LISA 89.5 +0.4 782 +04 83.9 +0.6 71.6 £1.3 85.9 +04 78.8 0.6 88.9 +0.3 88.9 +0.3 947 x02 7.0 +0.6
ReSample 86.2 +0.5 70.0 +1.0 79.8 +0.6 64.9 +1.4 817 05 72.7 x0.7 85.0 +0.2 85.0 +0.2 92.8 01 11.3 +0.3
ReWeight 86.9 05  72.5+03 80.7 0.6 66.1£1.3 827 +05 742106 86.1 £0.1 86.1 0.1 939 +01  10.6 +0.3
SqrtReWeight  89.7 +04  71.3 £1.4 84.3 0.6 73.6+09 857 x06 782zx0s8 87.4 0.5 87.4 05 945104 8.8 04
CBLoss 86.8 +0.6 74.4 112 80.4 +0.7 65.5 +1.3 82.6 £0.7  74.0 £1.0 86.2 +0.6 86.2 +0.6 93.5 +04 113 +04
Focal 89.3 +0.2 71.6 +0.8 83.7 +0.3 72.4 105 85.2 +0.3 77.5+04 87.1 +0.3 87.1 +0.3 94.2 02 6.9 +0.1
LDAM 87.3 +0.5 71.0 +1.8 81.2 +0.6 67.7 £1.5 83.0 +05 74.4 +06 85.7 +0.2 85.7 +0.2 933 x0.2  13.7 +22
BSoftmax 88.4 +1.2 74.1 +0.9 82.6 +1.6 69.9 +29 844 +15 76.4 +20 87.0 £1.0 87.0 1.0 94.0+09 99 +12
DFR 92.2 +0.2 89.0 +0.2 87.7 +0.3 78.4 +0.5 89.2 +02 83.6 +0.3 91.2 +0.1 91.2 +0.1 96.8 0.1 6.8 £0.4
CRT 89.2 +0.1 76.3 +0.8 83.5 +0.1 71.3 +0.4 85.3 +0.1  77.8 +0.1 87.9 +0.1 87.9 +0.1 94.8 £0.0 9.2 +0.2
ReWeightCRT  89.4 +0.3  76.3 £0.2 83.8 £0.3 719 07 85.6£03 78.1 04 88.0 0.2 88.0 0.2 949 101 8.8 0.2
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CelebA

Algorithm Avg Acc. Worst Acc. Avg Prec.  Worst Prec.  AvgF1 Worst F1 Adjusted Acc. Balanced Acc.  AUROC ECE

ERM 95.0 +0.1 57.6 £0.8 87.4 +0.2 76.3 +0.3 89.9 +01  82.7 +02 85.6 +0.2 93.0 +0.0 98.4 £0.0 2.9 +0.1
Mixup 954 101  57.8 +08 88.4 0.3 785+07  90.6 02 83.8 +03 85.8 0.2 93.1 z0.1 98.4 +01 25402
GroupDRO 924102  7854+11 81.9 +0.3 64.5+05 863 +02 77.1+04 90.1 +0.3 93.9 0.1 98.5+00 7.4 +05
CVaRDRO 95.1 +0.1 62.2 +3.1 87.8 +0.2 77.1+05 902 +01 83.2+0.1 86.8 +0.7 93.2 +0.2 98.4 £0.1 3.0 £0.2
JIT 88.1+05  66.0 £11.9 75.2 1.1 54.1 +1.0 76.7 £33  60.5 +6.6 81.7 +5.5 82.7 +6.7 91.3+02 5.0+1.0
LfF 81.1 4556 53.0 +4.3 71.8 4.1 452 +8.3 732456 59.0 +7.3 78.3 £3.0 85.3 +2.9 94.1+12 279 455
LISA 95.4 +0.1 57.8 +0.8 88.4 +0.3 78.5 +0.7 90.6 +0.2  83.8 +0.3 85.8 +0.2 93.1 +0.1 984 +01  2.5+02
ReSample 922 104 822412 81.5 +0.6 63.7 £1.3 859 %05 76.6+08 90.8 +0.1 93.8 +0.1 98.5+00 7.4 +08
ReWeight 92.0 04 81509 81.3 0.6 632+14  857x06 76.3x08 90.7 +0.2 93.8 +0.1 98.4 101 7.8 x08
SqrtReWeight ~ 93.7 x02  72.0 £2.2 84.3 0.5 69411 88.1x04 80.0=x06 89.0 0.5 94.0 0.0 98.4 100 5.3 +04
CBLoss 93.8 +£0.3 75.0 +2.4 84.5 +0.7 69.9 +1.6 88.3 +0.5 80.3 +08 89.8 +0.5 94.0 +0.1 98.5 +0.0 5.1 +0.6
Focal 94.9 +0.3 59.1 +2.0 87.5 +0.8 76.7 1.7 89.7 04 82.4 +06 85.6 +0.5 92.5 +0.4 98.2 £0.1 3.2 +04
LDAM 94.5 +0.2 59.3 +2.3 86.5 +0.8 74.7 £1.9 89.1 +02 81.4+03 85.6 +0.8 92.5 +0.7 98.2 £0.1  28.0 +26
BSoftmax 91.9 +0.1 83.3 +05 81.1 +0.2 62.9 +0.4 85.6 +0.2  76.1 +0.3 91.1 +0.2 93.9 +0.1 98.6 £0.0 8.4 +0.2
DFR 91.2 0.1 86.3 +0.3 80.0 +0.1 61.0 +0.2 84.4 +01 74.1 +01 90.8 +0.0 92.6 +£0.0 97.9 £0.0 14.1 200
CRT 94.1 0.1 70.4 +0.4 85.1 +0.2 71.3 +055 88.6 +0.1  80.6 +0.2 88.5 +0.1 93.5 +0.1 98.4 0.0 4.5 +0.2
ReWeightCRT  94.2 +01  71.1 +05 85.3 £0.1 718 03 88.7+01 80.9 01 88.7 £0.1 93.6 +0.1 98.4 100 4.6 £0.2
CivilComments

Algorithm Avg Acc. Worst Acc. Avg Prec.  Worst Prec.  AvgF1 Worst F1 Adjusted Acc. Balanced Acc. AUROC ECE

ERM 85.4 +0.2 63.2 +1.2 754 +0.3 57.6 +0.7 77.0 0.1 63.2 +0.1 77.7 0.1 79.4 +0.2 89.8 +0.1 7.8 +0.4
Mixup 849 03 66.1 +1.3 74.8 £0.3 56208  76.7 £02 62.8 03 78.0 £0.1 79.6 £0.1 89.8 +0.1 9.0 +06
GroupDRO 83.1+03  69.5+0.7 73.2 £0.2 520+06 757 +02 62.2+02 79.1 £0.1 80.9 0.1 89.9 01 123 +05
CVaRDRO 83.5 +0.3 68.7 +1.3 73.5 +0.3 52.8 +0.6 759 102 624 +02 78.6 +0.2 80.7 +0.1 89.8 +0.1  32.9 +0.4
JIT 83.3 +0.1 64.3 £1.5 72.8 0.1 52.4 +0.3 74.8 01 60.3 +0.2 76.8 +0.2 78.4 +0.2 88.2 +01 10.2 +03
LfF 68.2 +5.0 50.3 +5.9 62.9 +3.5 34.1 +5.4 61.5+47 458 155 68.5 +4.4 69.8 +4.8 75.0 +6.5  30.8 2.7
LISA 84.9 +0.3 66.1 +1.3 74.8 103 56.2 +0.8 76.7 +02  62.8 +0.3 78.0 +0.1 79.6 £0.1 89.8 01 9.0 +0.6
ReSample 825+06  68.2+0.7 72.7 £0.5 51.0 1.3 75.0 £05 61.2 +05 78.4 0.1 80.3 +0.1 89.3 01 13.8 £1.0
ReWeight 83.1+01  69.9 0.6 73.2 £01 520+01  75.6£01 62.1x01 78.8 £0.1 80.7 +0.1 89.8 0.0 11.0 0.2
SqrtReWeight  83.6 01 70.1 0.3 73.6 £0.1 52902  76.0+£01 62.4 102 78.7 £0.2 80.7 0.2 89.9 01 10.1 01
CBLoss 84.1 +0.7 67.0 +0.1 74.1 +0.7 54.3 +16 76.2+05 62.6 +0.5 78.4 +0.1 80.2 +0.2 90.0 +0.0 9.1 +10
Focal 85.6 +0.3 61.9 +1.1 75.6 +0.4 58.5 +0.9 77.0 +0.3 629 +05 77.3 £0.3 78.7 +0.3 89.4 +04 7.7 04
LDAM 81.8 +2.2 37.0 7.9 69.4 +3.4 49.7 £5.8 69.4 £33 499 152 67.1 £3.9 69.5 £3.2 79.0 £33  21.0 0.2
BSoftmax 83.0 +0.4 69.4 +1.2 73.1 +0.3 51.8 +o.7 755 +03 619 +0.3 78.7 £0.3 80.6 +0.3 89.7 +02  12.1 +0.9
DFR 81.3 +0.0 66.5 +0.2 71.2 +0.0 48.6 £0.0 734 +00 59.0 0.0 76.8 £0.0 78.8 +0.0 86.7 +0.1  19.6 0.1
CRT 83.0 +0.0 68.5 +0.0 73.0 +0.0 51.7 +0. 754 00 61.8 +0.0 78.6 £0.0 80.6 +0.0 89.4 +01 12.5 +0.1

ReWeightCRT ~ 83.4 +00  68.2 £0.4 73.3 £0.0 525+01 75700 62.0+00 78.3 £0.0 80.4 0.0 89.4 00 11.5 +0.2
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MultiNLI
Algorithm Avg Acc. Worst Acc. Avg Prec.  Worst Prec.  AvgF1 Worst F1 Adjusted Acc. Balanced Acc.  AUROC ECE
ERM 80.9 +0.3 69.5 +0.3 81.3 +0.3 73.7 0.4 81.0 +0.3 77.6 +0.3 79.7 0.3 80.9 +0.3 93.6 0.1 10.7 +0.5
Mixup 814 £03  68.5 106 81.6 £0.3 76.0 t05 814 x03 78.0x02 80.1 0.3 81.4 0.3 93.6 01 9.4 409
GroupDRO 81.0+00  69.3+15 81.3 £0.1 749 x06  81l.1x01 77.7 x01 79.5 0.3 81.0 0.0 93.8 400 8.7 £0.4
CVaRDRO 75.1 +0.1 63.0 +1.5 76.2 +0.2 65.6 +0.2 752 +01 721 +02 74.2 £0.4 75.1 +0.1 86.3 +02 41.4 +0.1
JIT 81.4 +o0.1 68.4 +0.6 81.6 +0.1 75.7 +0.3 81.5+01 78.1 +0.1 80.2 +0.2 81.4 +0.1 93.9 +0.0 9.4 +05
LfF 71.7 11 63.6 +2.9 71.8 +1.1 68.7 +0.7 71.7 11 68.5+18 70.8 £1.4 71.7 +11 87.0 +08 4.4 +06
LISA 81.4 +03 68.5 +0.6 81.6 +0.3 76.0 +0.5 81.4 +03 78.0 +0.2 80.1 +0.3 81.4 +0.3 93.6 +0.1 9.4 +09
ReSample 814 +£03  67.5+04 81.7 0.3 747 0.6 814 +03 77.8+03 79.9 +0.2 81.4 +0:3 93.8 +01 11.3 +1.3
ReWeight 792 +04  67.8%12 79.5 0.3 730+05 793 +04 75703 78.4 0.2 79.2 £0.4 925101 13.1+15
SqrtReWeight ~ 80.9 01 66.6 £0.4 81.1 £0.1 76.0 03 809 x01 77.7 x01 79.6 £0.0 80.9 0.1 93.6 +0.1 8.1 0.2
CBLoss 81.1 +0.2 66.2 +0.7 81.2 +0.2 76.6 +0.3 81.1+02 77.8+01 79.7 0.0 81.1 +0.2 93.7 +0.1 8.9 +04
Focal 80.7 +0.2 69.3 +0.8 81.2 +0.2 73.5 +0.5 80.8 +0.2  77.4 +02 79.5 +0.1 80.7 +0.2 93.6 0.1 4.5 +1.1
LDAM 80.7 +0.3 69.6 +1.6 81.1 +0.1 73.9 +0.9 80.8 +0.2  77.4 +02 79.7 £0.3 80.7 +0.3 93.5£0.1 334 +03
BSoftmax 80.9 +0.1 66.9 +0.4 81.1 +0.1 759 03 80.9 01 77.7 0.1 79.7 0.0 80.9 +0.1 93.6 0.1 8.1 +02
DFR 80.2 +0.0 63.8 +£0.0 80.3 +0.0 75.2 0.0 80.3 +0.0  76.2 +0.0 78.5 £0.0 80.2 +0.0 929 £0.0 5.7 +0.0
CRT 80.2 +0.0 65.4 +0.1 80.3 +0.0 74.4 +0. 80.2 +0.0 76.4 +0.0 78.6 £0.0 80.2 +0.0 929 +0.0 14.9 0.1
ReWeightCRT = 80.2+00  65.3 0.1 80.3 0.0 744 00  80.2+00 76.4+00 78.6 £0.0 80.2 +0.0 929 100 15.0 +0.2
MetaShift

Algorithm Avg Acc. Worst Acc. Avg Prec.  Worst Prec. AvgF1  Worst F1  Adjusted Acc. Balanced Acc.  AUROC  ECE
ERM 91.5 0.2 82.1 +0.8 91.5 +0.1 90.7 +0.3 91.4 02 909 +o0.2 89.4 0.3 91.4 +o0.2 97.5 01 5.7 0.4
Mixup 91402  79.0 z0s 914 102 909 x02  91.3x02 90.8 +02 88.7 +0.1 91.3 +0.2 972 x00 1.7 x02
GroupDRO 91.5+03  82.6+1.1 91.5 +0.3 90.8 +03  91.5+03 91.0 +03 89.5 +0.4 91.5 +0.3 97.5+01 5.9 +05
CVaRDRO 91.5 +0.2 82.6 +1.1 91.5 +0.2 90.7 +0.5 91.5 +02  91.0 +0.2 89.5 0.4 91.5 +0.2 97.5+01 7.8 +21
JTT 91.5 +0.2 82.6 +0.4 91.5 +0.2 91.0 +0.1 91.5+02 90.9 +0.3 89.6 +0.1 914 +0.3 97.6 +0.1 6.5 +0.1
LfF 80.3 0.4 72.6 £1.2 80.6 0.3 77.5+14 802403 789 04 80.4 0.6 80.2 0.2 90.7 +06 8.0 £1.3
LISA 91.4 +o0.2 79.0 +0.8 91.4 +o0.2 90.9 +0.2 91.3 0.2 90.8 +0.2 88.7 +0.1 91.3 +0.2 97.2 +0.0 1.7 +0.2
ReSample 92.1+03 80515 92.1 +0.3 91404 921 x03 91.6+03 89.5 +0.1 92.1 +0.3 975 +01 6.7 £04
ReWeight 91.2 0.5 83.1 +0.7 91.1 0.5 90.2 0.4 91.1+05 90.6 0.6 89.3 0.5 91.1 +0.5 974 +02 6.6 £0.8
SqrtReWeight  91.1 +0.2 82.1 +0.8 91.1 +0.2 90.5+02  91L.1+02 90.5+0.2 89.1 0.3 91.1 +0.2 97.4 £01 6.7 0.3
CBLoss 91.2 0.1 82.6 0.4 91.2 x0.1 90.7 0.2 91.2 z0.1  90.6 +0.1 89.3 0.2 91.1 x0.1 97.4 £00 6.7 £0.1
Focal 91.6 0.2 81.0 +0.4 91.6 0.3 91.2 +0.4 91.6 0.2 91.0 +02 89.5 0.2 91.5 +0.2 97.6 +0.0 3.3 £04
LDAM 91.7 0.0 83.6 +£0.4 91.7 +0.0 90.9 0.3 91.7+0.0 91.2 +0.0 90.0 +0.1 91.7 +0.0 975 +01 9.9 xo07
BSoftmax 91.2 0.3 82.6 0.4 91.1 +0.3 90.2 0.2 91.2 £03  90.7 +0.3 89.2 0.3 91.2 +0.3 974 +01 6.8 +0.3
DFR 90.5 +0.4 81.5 +0.0 90.5 +0.4 89.2 +0.3 90.5 0.4 90.0 +0.4 88.2 £0.3 90.6 +0.4 96.7 +0.0 3.2 0.2
CRT 91.5 +0.0 83.1 +0.0 91.4 +0.0 90.6 +0.1 91.4 +0.0 909 0.0 89.5 +0.0 91.4 +0.0 97.3 +00 6.8 £0.0
ReWeightCRT ~ 91.3 +0.1 85.1 +0.4 91.2 +0.1 90.1+03 912401 90.8 +0.1 89.7 402 91.3 +0.1 96.8 +0.1 8.1 +0.1
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ImageNetBG

Algorithm Avg Acc. Worst Acc. Avg Prec.  Worst Prec.  AvgFl1 Worst F1 Adjusted Acc. Balanced Acc.  AUROC ECE

ERM 87.7 +0.1 76.8 £0.9 87.9 +0.1 78.3 +1.3 87.7 01 80.7 +0.4 87.7 +0.1 87.7 0.1 99.0 0.0 5.1 +0.1
Mixup 87902 769 x07 88.4 £0.1 76.6 £2.6  88.0 £02 80.5x1.0 87.9 0.2 87.9 0.2 98.7 x0.0 4.7 £16
GroupDRO 87.7+01 764 +02 87.9 +0.1 76.2+05  87.6+01 81.1+03 87.7 +0.1 87.7 +0.1 99.0 +0.0 5.1 +0.1
CVaRDRO 87.8 +0.2 74.8 +0.8 88.0 +0.1 79.9 +0.9 87.8 +02 79.5+03 87.8 +0.2 87.8 +0.2 99.0 0.0 5.6 +0.2
JTIT 87.6 +0.4 77.0 0.4 87.8 +0.3 78.3 £3.0 87.5+03 80.4 +0.6 87.6 +0.4 87.6 +0.4 99.0 +0.0 3.7 +0.2
LfF 84.7 +0.5 70.1 +1.4 85.4 +0.3 72.1 +3.1 84.7 +05 76.2 +0.6 84.7 +0.5 84.7 +0.5 98.6 £0.0 1.8 +0.4
LISA 87.9 0.2 76.9 0.7 88.4 +0.1 76.6 +2.6 88.0 +02  80.5 +1.0 87.9 +0.2 87.9 +0.2 98.7 £0.0 4.7 £16
ReSample 88.2+04 777 411 88.4 +0.4 797 1.0 882+04 80.6+1.0 88.2 +0.4 88.2 +0.4 99.0 +0.0 5.4 +05
ReWeight 87.7 01 76.8 109 87.9 +0.1 783 £1.3 877 x01 80.7 +04 87.7 £0.1 87.7 +0.1 99.0 00 5.1 401
SqrtReWeight  87.7 x01  76.8 £0.9 87.9 0.1 783 £1.3 877 x01 80.7 +04 87.7 £0.1 87.7 +0.1 99.0 0.0 5.1 +01
CBLoss 87.7 +0.1 76.8 +£0.9 87.9 +0.1 78.3 +1.3 87.7 +01  80.7 +0.4 87.7 0.1 87.7 +0.1 99.0 0.0 5.1 +01
Focal 86.7 +0.2 71.9 +1.2 87.1 +0.2 74.2 +13 86.6 +0.2  77.6 +0.7 86.7 +0.2 86.7 +0.2 98.9 0.0 2.8 0.6
LDAM 88.2 +0.1 76.7 +0.5 88.5 +0.1 77.6 1.1 88.1 +01 81.3 +0.4 88.2 +0.1 88.2 +0.1 98.8 0.0 459 +0.7
BSoftmax 87.7 +0.1 76.1 +2.0 88.0 +0.1 77.7 £1.3 87.7 +01  80.4 +0.8 87.7 +0.1 87.7 +0.1 99.0 +0.0 5.6 0.5
DFR 86.8 +0.5 744 118 86.9 +0.5 78.9 +1.6 86.7 +0.5  78.1 +1.3 86.8 +0.5 86.8 +0.5 98.8 0.1 8.9 +1.4
CRT 88.3 +0.1 78.2 +0.5 88.3 +0.1 82.7 +0.4 88.3 +0.1  80.9 +0.2 88.3 +0.1 88.3 +0.1 99.1£0.0 5.6 0.2
ReWeightCRT  88.4 +0.1  77.5+07 88.5 £0.1 82.1+04 884 x01 8l.2x03 88.4 £0.1 88.4 +0.1 99.1+00 5.4 +02
NICO++

Algorithm Avg Acc. Worst Acc. Avg Prec.  Worst Prec.  AvgF1  Worst F1  Adjusted Acc. Balanced Acc.  AUROC ECE

ERM 85.3 +0.3 40.0 +0.0 86.2 +0.2 59.2 411 85.4 +0.3 66.0 +0.6 84.8 +0.3 85.2 +0.3 99.4 £0.0 9.6 £0.2
Mixup 85.5+02  30.0 +4.1 86.5 +0.1 55.7 +25 857 £0.2 66.5 £1.6 85.0 +0.2 85.4 +0.2 99.1 0.0 2.0 0.3
GroupDRO 83.0+03  31.1x09 84.5 +0.2 544 +39  832x03 64909 82.6 £0.3 82.9 0.3 99.3 +00 7.4 +05
CVaRDRO 84.4 +06 31.7 +36 85.5 +0.5 57.1 +16 84.6 +06 66.6 +1.5 84.0 +0.6 84.3 +0.6 994 0.0 7.8+13
JIT 85.4 +0.2 32.2 +0.9 86.2 +0.2 57.8 +4.6 85.5+02 65.1+28 84.9 +o0.2 85.3 +0.2 99.4 +0.0 10.2 +0.2
LfF 78.5 +0.6 28.3 +1.7 80.9 +0.3 44.3 o8 78.8 +0.6 54.4 +1.3 78.1 +0.6 78.4 +0.6 99.2 00 1.8 +0.2
LISA 85.5 +0.2 30.0 +4.1 86.5 +0.1 55.7 +2.5 85.7 +02  66.5 +1.6 85.0 +0.2 85.4 +0.2 99.1 £0.0 2.0 0.3
ReSample 84.8 +0.4 233 +1.4 85.7 +0.3 58.9 +2.7 84.9 +04 655 +1.1 84.2 +0.4 84.7 +0.4 99.3 +0.0 10.1 +0.0
ReWeight 85.8 +0.1 25.0 +0.0 86.6 +0.1 59.8 +1.1 85.9 +01  69.1 +05 85.3 +0.1 85.7 +0.1 99.4 0.0 9.4 +0.2
SqrtReWeight 854 +02  35.6 18 86.4 £0.1 575+14 85601 66.7 +12 84.9 +0.2 85.3 0.2 99.4 100 9.3 £0.0
CBLoss 85.1 +0.4 344 424 85.9 +0.3 56.9 +1.1 85.2+04 64.9 +01 84.7 +0.4 85.1 +0.4 994 +0.0 9.1 =+07
Focal 85.1 +0.5 29.4 +20 86.0 +0.3 58.1 +2.2 85.3 +04 65.0 +038 84.6 +0.5 85.0 +0.5 99.4 £0.0 4.6 £1.1
LDAM 84.7 +0.4 26.7 +1.4 85.6 +0.3 60.4 +1.4 84.8 +0.4 65.3 +0.7 84.2 +0.4 84.6 +0.4 98.9 £0.1  62.6 £2.0
BSoftmax 85.2 +0.3 29.4 £2.0 85.9 +0.2 57.6 2.1 85.3 £0.3  66.9 +0.7 84.8 +0.3 85.1 +0.3 99.4 0.0 8.4 +0.9
DFR 82.5 +0.0 39.3 +2.4 83.3 +0.0 55.3 +1.3 82.6 £0.0  63.7 +0.9 82.1 +0.0 82.4 +0.0 99.2 +0.0 11.7 +0.1
CRT 85.7 +0.0 33.3 £0.0 86.1 +0.0 64.4 +0.2 85.7 +00  69.1 +0.1 85.2 +0.0 85.6 +£0.0 99.4 0.0 4.7 0.0

ReWeightCRT  85.8 0.1 33.3 £0.0 86.1 £0.1 66.1 05 85801 69.9 +02 85.4 £0.1 85.7 +0.1 99.4 100 6.2 £0.2
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MIMIC-CXR
Algorithm Avg Acc. Worst Acc. Avg Prec.  Worst Prec.  AvgF1 Worst F1 Adjusted Acc. Balanced Acc.  AUROC ECE
ERM 78.6 +0.2 68.5 +0.4 77.7 +0.2 722 +05 77.8 02  73.7 +0.2 77.5 +0.2 78.1 +0.2 85.5+02 2.6 +0.2
Mixup 785+01  67.2+11 77.5 0.1 72305 77600 73.4x01 772 £01 77.8 £0.1 853 +01 2.4 +07
GroupDRO 783 01 674109 774 01 719 £02 776 +01 734101 772 £01 77.8 £0.1 85.1+£00 3.7 +04
CVaRDRO 78.4 +0.3 67.5 +0.1 774 +03 72.1 +0.6 77.6 0.3 73.4 +0.2 77.2 +0.2 77.7 +02 84.9 +02 5.7 +03
JIT 78.2 +0.1 66.6 +0.8 77.3 0.1 719 +0.3 774 +01 732 +0.1 77.0 +0.1 77.6 +0.1 85.0+01 3.3 +0.1
LfF 73.9 +1.1 62.1 +2.4 72.9 +11 66.5 +1.1 73.0+12  68.0 +16 72.9 +1.2 732 +12 799 +15  11.3 0.3
LISA 78.5 +0.1 67.2 +1.1 77.5 +0.1 723 +05 77.6 +00 734 +0.1 77.2 +0.1 77.8 £0.1 853 +01 2.4 +0.7
ReSample 78.7 +0.1 68.9 +0.3 77.8 +0.1 72.2 +0.1 78.0 +0.1  74.0 0.1 77.7 0.1 78.2 +0.1 85.4 +0.1 3.6 +0.1
ReWeight 780+01 674103 77.1 £0.0 709 02 773 00 73.3 00 77.0 £0.0 77.6 £0.0 849 00 4.1 x06
SqrtReWeight 78502  68.9 05 77.6 £0.2 716 £03 777 £02 73.8 +02 774 0.2 78.1 x0.2 85.4 £01 3.6 04
CBLoss 78.6 +0.1 67.8 +0.6 77.6 +0.1 72.3 +0.4 77.8 01 73.6 +0.2 774 +0.1 78.0 +0.1 85.4 +01  3.2+03
Focal 78.3 +0.1 67.3 +1.2 774 +0. 71.6 +0.1 77.5+01  73.5+02 77.2 +0.2 77.8 +0.1 85.3 +0.1  10.0 +0.6
LDAM 78.5 +0.1 68.2 +1.4 77.6 +0.1 72.0 +0.4 77.7 01 73.6 +0.3 77.5 £0.2 78.0 +0.2 85.3 +0.1 22.2 x0.1
BSoftmax 78.2 +0.2 67.2 +0.2 77.3 +0.2 719 05 774 02 732 +0.1 77.1 0.1 77.6 £0.1 85.1+01 3.6 +05
DFR 78.3 £0.0 67.1 +0.4 77.3 £0.0 72.0 +0.2 77.5+00 732401 77.1 £0.0 77.6 +0.1 85.0 +0.0  20.0 +0.1
CRT 78.3 £0.0 69.1 +0.2 774 +0.0 71.1 +0. 77.6 £0.0  73.7 0.0 77.4 £0.0 78.0 +0.0 85.3 +0.0 4.7 +0.1
ReWeightCRT ~ 77.9 00  68.9 0.0 77.0 £0.0 70500 773 00 73.4 100 77.0 £0.0 77.7 £0.0 85.0 £00 4.9 03
MIMICNotes

Algorithm Avg Acc. Worst Acc. Avg Prec.  Worst Prec.  AvgF1 Worst F1 Adjusted Acc. Balanced Acc. AUROC ECE
ERM 91.1 +0.1 242 +238 76.4 +0.9 60.3 +2.1 65.8 +12  36.5 +25 62.2 +1.3 62.4 +1.4 852 +0.1 2.2 +0.1
Mixup 91.1+00  22.7 432 76.8 £0.7 612+16  65.1+16 35032 615 +1.6 61.7 £1.7 85.4+0.0 2.0 +08
GroupDRO 832424  62.6463 64.7 £1.4 337434 664 +13 428 +11 743 £15 744 115 85.1+01 13.8 £3.2
CVaRDRO 90.2 +0.0 0.0 +0.0 45.1 0.0 0.0 +0.0 47.4 £0.0 0.0 0.0 50.0 +0.0 50.0 +0.0 71.6 +0.4  40.2 0.0
JIT 71.3 +3.7 65.9 +2.8 60.3 +0.7 234 +1.9 58.6 +2.3  36.0 £1.8 75.5 +0.4 75.6 £0.4 849 +01 275439
LfF 84.0 +1.2 62.7 2.1 64.6 +0.7 33.6 +1.6 67.1 +08 43.6 +038 74.7 +0.4 74.7 +0.5 85.1 +00 12.5=+1.2
LISA 91.1 +0.0 22.7 +3.2 76.8 +0.7 61.2 +16 65.1+16 35.0 +3.2 61.5 +1.6 61.7 +1.7 85.4 +00 2.0=+08
ReSample 814 +15  67.1+26 63.3 0.6 305+15 654 +10 42.0+10 75.4 +0.3 75.6 £0.4 85.1+00 17.4 +19
ReWeight 827 £0.7  65.5 %13 63.8 £0.4 317 09 66305 42.8+05 75.3 £0.2 75.4 0.3 85.2£01 159 x0.7
SqrtReWeight  90.3 x02  35.7 £4.0 724 £0.9 513 £21  68.7 09 42.8 121 66.7 £1.6 66.8 £1.6 852 +01 3.7 07
CBLoss 78.2 +1.0 723 +1.3 61.9 +0.3 27.3 +0.8 63.2 +0.7  39.8 +0.6 76.1 +0.2 76.2 +0.2 85.0 +00 20.6 +1.3
Focal 91.0 +0.0 19.1 +23 77.1 +0.6 62.1 +1.4 63.6 +1.3 319 +26 59.9 +1. 60.2 +1.1 85.3 +01 8.1 +0.7
LDAM 90.6 +0.1 5.3 +24 84.4 +08 781 +17  525+21  10.0 41 52.7 +1.2 52.7 +1.2 84.9 +01 289 x1.0
BSoftmax 76.9 +0.9 73.1 +1.0 61.7 +0.2 26.5 +£0.6 62.5+0.5 39.3 +0.4 76.6 +0.2 76.7 +0.2 85.4 +00 23.5+1.1
DFR 69.2 413 67.3 +1.7 58.8 +0.2 21.0 +05  56.5 +0.8 33.1+0.5 73.1 £0.0 73.1 +0.0 81.0 +0.0 38.4 +0.1
CRT 77.8 £0.0 73.1 +0.0 61.6 +0.0 26.7 +£0.0 62.8 +00 39.2 +0.0 75.9 +0.0 75.9 +0.0 84.3 +0.0 23.0 0.1
ReWeightCRT  81.2+28  63.9 £7.6 63.6 £1.6 314 +39 647 +16 40.7+13 738 £1.6 73.9 £16 84.3 00 26.5 2.4
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CXRMultisite

Algorithm Avg Acc. Worst Acc.  Avg Prec.  Worst Prec.  AvgF1  Worst F1  Adjusted Acc. Balanced Acc.  AUROC ECE

ERM 98.3 +0.0 0.0 0.0 49.2 x0.0 0.0 x0.0 49.6 0.0 0.0 0.0 50.0 +0.0 50.0 +0.0 93.1+01 0.3 x0.1
Mixup 98.3 +0.0 0.0 0.0 49.2 x0.0 0.0 +0.0 49.6 0.0 0.0 0.0 50.0 +0.0 50.0 +0.0 929 +01 0.3 +0.0
GroupDRO 90.2 +0.1 0.0 0.0 56.7 +0.1 13.6 z0.1 592 +01  23.7 +0:2 50.2 +0.1 90.4 +0.0 92.8 +0.2 13.5 0.7
CVaRDRO 98.3 +0.0 0.0 0.0 61.2 +49 24.0+98  50.7 +07 22 +15 50.2 +0.2 50.6 +0.4 93.0+0.0 0.9 0.3
JIT 94.1 +0.9 0.0 +0.0 59.0 +0.7 185 +1.4 629 +08 289 +1.2 55.2 +0.9 82.2 +2.4 93.2 +0.1 6.4 +0.5
LfF 9.9 6.7 5.4 a4 17.4 +13.5 0.6 +0.5 85456  1.2+10 50.5 +0.4 51.7 +1.4 60.6 +1.6  82.6 +12.8
LISA 98.3 +0.0 0.0 0.0 49.2 +0.0 0.0 +0.0 49.6 0.0 0.0 0.0 50.0 +0.0 50.0 +0.0 929 +01 0.3 0.0
ReSample 88.3 +1.6 0.1 0.1 55.9 +0.6 120 +12 573 +14 209 418 50.3 +0.5 88.1 +0.7 923 +01  13.0 +28
ReWeight 89.5 +0.0 0.3 0.1 56.4 +0.0 13.0 00  585+00 22.7 +0.0 50.5 +0.2 90.3 +0.0 93.2+01 17.7 +17
SqrtReWeight ~ 94.5 0.4 0.0 +0.0 59.4 +0.2 193 06  63.7+03 30.2 +04 56.3 0.1 823 +1.6 933 0.0 6.0 +0.2
CBLoss 1.7 +0.0 0.0 0.0 0.8 +0.0 0.0 +0.0 1.7 x00 0.0 +0.0 50.0 +0.0 50.0 +0.0 62.7 +1.5  98.3 +0.0
Focal 98.3 +0.0 0.0 0.0 55.4 +5.1 125 +102 497 01 0.3 02 50.0 +0.0 50.1 +0.1 93.2+00 11.5+06
LDAM 98.3 +0.0 0.0 0.0 49.2 +0.0 0.0 +0.0 49.6 0.0 0.0 0.0 50.0 +0.0 50.0 +0.0 93.1+01 0.3 0.1
BSoftmax 89.1 +0.2 0.5 +0.1 56.2 +0.1 12.5 +0.2 58.1+02 22.0+03 50.4 +0.0 90.0 +0.1 929 +01 199 +13
DFR 89.7 +0.1 0.6 +0.1 56.5 +0.0 13.2 +0.1 58.7 +0.1  23.0 +0.1 50.4 +0.0 90.4 +0.0 92.8 +0.1  47.3 +0.1
CRT 90.4 +0.1 1.1 05 56.9 +0.0 13.9 +0.1 59.5+01 242401 51.2 +0.1 90.2 +0.1 933 +00 15.7 +0.9
ReWeightCRT ~ 89.9 +0.1 14 +o06 56.6 +0.0 134 +01  59.0+01 233401 51.1 +0.3 90.4 +0.0 93.1+01 155+07
CheXpert

Algorithm Avg Acc. Worst Acc. Avg Prec. Worst Prec.  AvgF1  Worst F1  Adjusted Acc. Balanced Acc. AUROC ECE

ERM 88.6 +0.7  41.7 +34 68.3 +1.1 423 +24 687 +02 43.8 07 69.5 +1.3 70.0 1.5 854 +04  5.0+11

Mixup 819 +62 374435 63.5 +5.0 339493 625459 357476 63.8 +4.7 64.1 +46 76.1 +85  16.1 £9.0
GroupDRO 79.0 +0.3 75.1 406 62.9 +0.1 28.5+03  64.6+02 42.0+03 78.6 +0.0 79.3 +0.1 86.3 +0.1  22.0 +£0.4
CVaRDRO 73.7 £1.0 50.2 +1.8 57.3 +0.1 20.1+03  56.8 04 29.9 x0.2 65.7 +0.6 67.0 +0.4 729 04  40.4 x0.0
JTIT 75.2 +0.8 60.4 +4.8 594 +1.1 23.0 +1.5 59.6 +1.4 34.4 +23 70.7 +2.6 72.0 +2.5 79.0 +25 244 405
LfF 223 +102  13.7 +9.8 37.3 4538 9.0 +0.7 195483 8.8+39 46.2 +2.9 46.2 +3.1 30.5 +10.1  65.7 £10.2
LISA 81.9 +6.2 37.4 £35 63.5 +5.0 339493 625459 357 +76 63.8 +4.7 64.1 +46 76.1+85  16.1 £9.0
ReSample 77.6 £0.4 73.0 +06 62.3 £0.1 272403  63.4+03 40.6 +03 78.0 +0.3 78.7 £0.3 85.9 04  19.1 10
ReWeight 79.2 405 73.8 +1.0 62.9 +0.3 28.6 +05  64.6 +04 42.0 05 78.5 +0.3 79.0 +0.2 86.2+0.1  20.6 £0.4
SqrtReWeight  83.5 03 685 +16 65.0 £0.2 33304  67.9x02 455x03 77.8 £0.4 78.5 0.3 86.3 03  15.6 £1.1
CBLoss 80.0 +0.5 74.0 +0.7 63.3 +0.2 294 +05  65.2+04 42.6+05 78.6 +0.2 79.0 +0.2 86.1 +0.3  19.6 £0.6
Focal 89.3 +0.3 42.1 +4.0 69.6 +0.4 44.7 £11 69.8 +0.4 455 +1.0 70.4 +1.1 704 +1.3 86.5+01 16.1 £1.7
LDAM 90.1 +0.0 34.5 +15 70.6 +0.1 47.6 £0.1 68.6 +0.3 425 +0.7 66.8 +0.5 67.0 +0.5 85.5+03  31.7 £0.4
BSoftmax 79.5 +0.2 742 1.1 63.2 +0.1 29.0 +0.2 65.0 +02 42.5 +02 78.7 +0.2 79.6 +0.1 86.6 +0.1  21.9 0.2
DFR 78.9 +0.2 75.4 +06 62.9 +0.1 28.5 +0.1 64.5+01  42.0 +0.1 78.9 +0.1 79.3 £0.0 86.0 +0.1  26.2 405
CRT 79.1 +0.1 74.0 +0.2 62.9 +0.0 28.6 +0.1 64.6 £0.1  42.0 +0.1 78.7 +0.1 79.1 +0.1 86.2+00 21.9 x0.1

ReWeightCRT  79.0 x0.0  73.9 +02 62.9 0.0 285+00  64.5x00 41900 78.8 £0.1 79.2 £0.1 86.3 01 223 0.1
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Livingl7

Algorithm Avg Acc. Worst Acc. Avg Prec.  Worst Prec.  AvgFl1 Worst F1 Adjusted Acc. Balanced Acc.  AUROC ECE
ERM 27.7 £11 5.7 15 28.2 +1.0 8.2 £1.6 271 +11 69 =+17 27.7 £1. 27.7 11 773 £1.3  59.6 £0.5
Mixup 29.8 +1.8 8.7 £1.4 30.9 2.2 9.5+13 293119 9.7 +15 29.8 £1.8 29.8 £1.8 782 +12 34.1+£19
GroupDRO 31.1+10 6.0 +1.4 32.1 +0.9 9.6 +0.2 30.8 +0.7 7.6 +0.8 31.1+10 31.1+10 80.1 08 53.5 +038
CVaRDRO 27.3 +1.6 4.0 0.5 29.2 +1.7 5.1+08 265 +15 4.8 +06 27.3 +1.6 27.3 +1.6 81.0 +0.2 28.8 +6.8
JTIT 28.3 +1.1 5.7 +2.2 31.1 +0.9 8.0 1.7 283 +1.3 72+23 28.3 +1.1 28.3 +1.1 81.0 08 36.9 +3.2
LfF 26.4 1.3 7.0 £1.2 28.3 +0.8 9.6 £1.8 26.1+12 8.7 x17 26.4 +1.3 26.4 +1.3 76.6 +0.6  61.0 0.7
LISA 29.8 +1.8 8.7 +1.4 30.9 +2.2 9.5+13 293419 9.7 +15 29.8 +1.8 29.8 +1.8 782 +12 341 +19
ReSample 31.4 +0.6 6.7 £1.5 33.0 +0.6 11.0+06  31.0+06 83 +12 31.4 +0.6 31.4 +0.6 81.0 +0.7 46.6 +£3.1
ReWeight 27.7 +11 5.7 +15 282 £1.0 8.2 1.6 271411 69 +17 27.7 £11 27.7 £11 773 £1.3  59.6 £0.5
SqrtReWeight ~ 27.7 +1.1 57 415 28.2+1.0 8.2 116 271411 69 +17 27.7 £11 27.7 +11 773 £1.3  59.6 £0.5
CBLoss 27.7 11 5.7 £15 28.2 +1.0 82+16 271411 69 +17 27.7 11 27.7 11 773 +1.3  59.6 0.5
Focal 26.9 +0.6 5.3 +0.3 28.8 +1.0 7.1 +10 27.0 0.7 6.3 05 26.9 +0.6 26.9 +0.6 787 +05  49.9 £1.9
LDAM 24.3 +0.8 4.0 +08 28.0 +1.2 6.6 £1.4 24.0 08  5.1+03 24.3 +0.8 24.3 +0.8 79.1+10 124 xo05
BSoftmax 28.6 +1.4 6.7 +0.7 30.7 +1.0 82408 283 +13 7.3 %05 28.6 +1.4 28.6 +1.4 78.0 1.0 56.5+1.7
DFR 26.3 0.4 6.0 +0.9 274 +0.3 8.6 +0.8 257 +0.2 7.5 +11 26.3 +0.4 26.3 +0.4 794 +01  13.8 +04
CRT 31.1 0.1 6.3 £0.3 31.8 +0.0 7.5 0.3 30.5+01 6.8+03 31.1 +0.1 31.1 +0.1 80.3 +0.1  49.6 £1.7
ReWeightCRT  33.1 +0.1 9.3 03 33.4 0.1 113 +03  32.6x00 10.8 0.2 33.1 £0.1 33.1 z0.1 82.0 0.0 40.0 £0.4

Overall

Algorithm Waterbirds CelebA  CivilComments MultiNLI MetaShift ImageNetBG NICO++ MIMIC-CXR MIMICNotes CXRMultisite CheXpert Livingl7 | Avg
ERM 69.1 +4.7 57.6 +0.8 63.2 £1.2 69.5 +0.3 82.1 0.8 76.8 £0.9 40.0 +0.0  68.5 +0.4 80.4 +0.2 50.1 +0.9 41.7 £34  27.7 +11 | 60.5
Mixup 78.2 £0.4 57.8 +08 66.1 £1.3 68.5 +0.6 79.0 £0.8 76.9 +0.7 30.0 41 672 +11 81.6 £0.6 50.1 +0.9 374 +35 29.8+18 | 60.2
GroupDRO 73.1 404 78.5 £1.1 69.5 £0.7 69315 826 +11 76.4 02 31109  67.4x09 83.7 £0.0 49.2 105 751+06 31.1+10 | 65.6
CVaRDRO 75.5 +2.2 62.2 £3.1 68.7 £1.3 63.0 £1.5 82.6 +1.1 74.8 £08 31.7 £36  67.5x0.1 65.6 £1.5 50.2 +0.9 50.2 1.8 273 +16 | 59.9
JTT 71.0 +0.5 66.0 £11.9 64.3 £1.5 68.4 +0.6 82.6 +0.4 77.0 £0.4 322409  66.6 £08 83.8 +0.1 50.1 +0.9 60.4 +48 283 +11 | 62.6
LfF 74.7 £1.0 53.0 +4.3 50.3 +5.9 63.6 +2.9 72.6 £1.2 70.1 £14 283417 621424 84.1 +0.0 50.1 +0.9 13.7 to8 264413 | 54.1
LISA 78.2 +0.4 57.8 +08 66.1 £1.3 68.5 +0.6 79.0 +0.8 76.9 0.7 30.0 +41 672 11 81.6 +0.6 50.1 +0.9 374 +35 29.8+18 | 60.2
ReSample 70.0 +1.0 822 412 68.2 +0.7 675+04  80.5+15 77.7 £11 233414  68.9 03 82.4 405 47.8 +2.5 73.0+06 314 +06 | 644
ReWeight 725 403 81.5 +0.9 69.9 £0.6 67812  83.1z+07 76.8 £09 250400 674 %03 84.0 £0.1 51.9 2.3 738410 27711 | 65.1
SqrtReWeight 71.3 +1.4 72.0 +2.2 70.1 +0.3 66.6 +0.1 82.1 0.8 76.8 £0.9 35.6 1.8 68.9 05 83.1 0.2 50.2 +0.9 68.5+1.6  27.7+11 | 64.4
CBLoss 744 12 75.0 +2.4 67.0 +0.1 66.2+0.7  82.6 0.4 76.8 09 344424 678 £06 83.9 +0.1 50.2 +0.9 74007 27.7 £11 | 65.0
Focal 71.6 +0.8 59.1 +20 61.9 +1.1 69.3 £0.8 81.0 +0.4 71.9 £12 294 420 673 %12 70.3 £9.6 50.0 +0.9 421440 269 +06 | 584
LDAM 71.0 £18 59.3 +2.3 37.0 £7.9 69.6 £1.6 83.6 +0.4 76.7 £05 26.7 £14 682 x14 81.0 0.3 50.1 0.9 345+15 243 +08 | 56.8
BSoftmax 74.1 £0.9 83.3 £0.5 69.4 +1.2 66.9 +0.4 82.6 +0.4 76.1 £2.0 29.4 +20  67.2 02 83.7 +0.3 50.1 1.1 742 +11  28.6 £14 | 65.5
DFR 89.0 +0.2 86.3 +0.3 66.5 £0.2 63.8 +0.0 81.5 +0.0 74.4 £18 393 424  67.1 204 80.2 +0.0 56.1 +3.5 754406 263 +04 | 67.2
CRT 76.3 +0.8 70.4 0.4 68.5 0.0 65.4 +0.1 83.1 +0.0 782 +05 33300  69.1 02 83.4 0.0 56.5 +3.5 74.0 0.2 31.1+0a1 | 65.8
ReWeightCRT 763 +02 71.1 05 68.2 +0.4 65.3 +0.1 85.1 +0.4 77.5+07 333400 689 %00 83.4 +0.0 55.4 +4.9 739402  33.1+01 | 66.0
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B D.4.3 Attributes Unknown in Both Training & Validation

Waterbirds

Algorithm Avg Acc. Worst Acc.  Avg Prec.  Worst Prec.  AvgF1  Worst F1  Adjusted Acc. Balanced Acc. AUROC ECE

ERM 84.1 +1.7 69.1 +4.7 774 +2.0 60.7 +3.2 794 +21  69.5 +2.9 83.1 +2.0 83.1 +2.0 91.0+14 129 417
Mixup 89.2 +0.6 77.5 +0.7 83.5 +0.8 70.6 +1.9  85.6 0.7 78.4 +0.9 88.9 +0.2 88.9 +0.2 94.9 01 8.0 £1.1

GroupDRO 86.9 0.9 73.1 04 80.7 £1.1 66.1 22 82809 744112 86.3 £0.5 86.3 +0.5 94.0 +0.3  10.5 0.8
CVaRDRO 89.9 +0.4 75.5 +2.2 84.5 +0.7 732 417 86.2+03 79.0 0.4 88.5 +0.3 88.5 +0.3 954 +02 8.3 02
JTT 88.9 +0.6 712 +05 83.2 +08 714 +16 84.7 +06 76.8 +0.8 86.8 +0.2 86.8 +0.2 942 +01 9.2 +03
LfF 86.6 +0.5 75.0 +0.7 80.3 +0.6 65.1 +1.1 82.5+05 74.0 +07 86.3 +0.3 86.3 +0.3 93.4 +0.2  10.0 +0.8
LISA 89.2 +0.6 77.5 x0.7 83.5 +0.8 70.6 +1.9 85.6 +0.7  78.4 +0.9 88.9 +0.2 88.9 +0.2 949 +01 8.0 +11

ReSample 86.2 +0.5 70.0 £1.0 79.8 +0.6 649 +1.4 817 +05 727 +07 85.0 +0.2 85.0 0.2 928 0.1 11.3 +0.3
ReWeight 86.2 +0.6 71.9 +0.6 79.9 x0.7 643 +1.6 821 +06 73.5+07 86.2 +0.1 86.2 +0.1 94.0 01 10.8 +0.4
SqrtReWeight  89.4 04  71.0 £1.4 83.9 0.6 728 0.9 853 %06 77.7 +09 87.2 +0.6 87.2 +0.6 94.4 105 9.0 x05
CBLoss 86.8 +0.6 744 +1.2 80.4 +0.7 65.5 +1.3 82.6 +0.7  74.0 +1.0 86.2 +0.6 86.2 +0.6 93.5 £04 11.3 +0.4
Focal 89.3 +0.2 71.6 +0.8 83.7 +0.3 724 +05 85.2+03 77.5+04 87.1 +0.3 87.1 +0.3 942 +02 6.9 +0.1

LDAM 87.9 +0.2 70.9 +1.7 81.9 +0.3 69.1 +0.8 83.6 +0.1  75.2 +0.1 86.0 +0.2 86.0 +0.2 93.5+01 11.8 +1.7
BSoftmax 88.4 +1.2 74.1 +0.9 82.6 +1.6 69.9 +2.9 844 +15 764 +20 87.0 £1.0 87.0 £1.0 94.0 09 9.9 x12
DFR 92.2 +0.2 89.0 +0.2 87.6 +0.3 78.3 +0.6 89.2+02 83.5 0.4 91.2 +0.1 91.2 +0.1 96.8 £0.0 6.9 +0.4
CRT 89.2 +0.1 76.3 +0.8 83.5 +0.1 71.3 +0.4 85.3 +0.1  77.8 +0.1 87.9 +0.1 87.9 +0.1 94.8 £0.0 9.2 +0.2
ReWeightCRT  89.4 +0.3 76.3 +0.2 83.8 +0.3 719 +07  85.6 +0.3 78.1 +0.4 88.0 +0.2 88.0 +0.2 94.9 +01 8.8 +0.2

CelebA

Algorithm Avg Acc. Worst Acc.  Avg Prec.  Worst Prec.  AvgF1  Worst F1  Adjusted Acc. Balanced Acc. AUROC ECE

ERM 95.0 +0.1 57.6 +0.8 87.4 +0.2 76.3 +0.3 89.9 0.1 82.7 +0.2 85.6 +0.2 93.0 +0.0 984 +0.0 29 =+01
Mixup 95.4 0.1 57.8 £0.8 88.4 +0.3 785+07  90.6 £02 83.8 +03 85.8 +0.2 93.1 0.1 98.4 101 2502
GroupDRO 94.4 100 683 +09 85.8 £0.1 727 01 892x01 817 01 88.4 0.2 93.9 x0.1 98.6 0.0 4.1 £0.0
CVaRDRO 95.1 +0.1 60.2 £3.0 87.7 +0.3 769 +0.6  90.1 01 83.1 +0.2 86.3 +0.7 93.1 +0.1 98.4 0.0 3.1+01
JTT 95.9 +0.0 48.3 +1.5 90.5 +0.1 82.9 +0.3 914 +01  85.2 +0.1 83.4 +0.4 92.4 +0.2 98.6 +0.0 1.3 +0.1
LfF 81.1 4556 53.0 +4.3 71.8 +4. 452 +8.3 732456 59.0 +73 78.3 £3.0 85.3 +2.9 941 +12 279 455
LISA 95.4 +0.1 57.8 +0.8 88.4 +0.3 78.5+07  90.6 0.2 83.8 +0.3 85.8 +0.2 93.1 +0.1 98.4 0.1 2.5+02
ReSample 94.1 +0.1 74.1 +2.2 85.0 +0.1 71.1+02  88.6+01 80.7 +02 89.5 +0.5 93.8 +0.1 984 +00 4.8 +01
ReWeight 94.1 101 69.6 +£0.2 85.1 £0.1 71202 887 +01 81.0+02 88.6 +£0.0 94.0 +0.1 98.5+0.0 4.6 £0.0
SqrtReWeight  94.0 02 66.9 +2.2 85.0 £0.4 71.0 0.9  88.6£03 80.7 +0.4 87.9 0.5 93.9 0.1 98.4 100 4.8 x0.2
CBLoss 94.4 +0.0 65.4 +1.4 85.9 +0.1 72.9 +0.2 89.2 +01  81.7 +0.1 87.6 +0.3 93.8 +0.1 98.5£0.0 4.4 +01
Focal 94.9 +0.3 56.9 +3.4 87.4 +0.7 764 +15 89.7 +04 824 0.7 85.2 +0.8 92.6 +0.3 983 +0.1 3.1 +04
LDAM 94.7 0.3 57.0 +4. 86.7 +0.9 74.8 +2.0 89.5+05 821 +08 85.5 +0.9 93.2 +0.2 98.4 0.0 30.7 +0.5
BSoftmax 94.5 +0.1 69.6 +1.2 85.9 +0.2 72.9 +0.4 89.4 +02 82.0=x03 88.8 +0.3 94.2 +0.1 98.6 £0.0 4.6 +£0.0
DFR 93.6 +0.0 73.7 +08 84.1 +0.1 69.4 +0.2 87.8+01 79.4 +0.1 89.0 +0.2 93.2 +0.0 98.2+0.0 14.8 05
CRT 94.1 +0.1 69.6 +0.7 85.1 +0.3 71.4 +05 88.6 +0.2  80.7 +0.3 88.4 +0.1 93.6 +0.0 98.4 £0.0 4.6 +0.2

ReWeightCRT ~ 94.2 +0.1 70.7 +0.6 85.4 +0.1 719 +03  88.8 +0.1 81.1 0.2 88.7 +0.1 93.6 +0.0 98.4 0.0 4.7 0.1
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CivilComments

Algorithm Avg Acc. Worst Acc. Avg Prec.  Worst Prec.  AvgF1 Worst F1 Adjusted Acc. Balanced Acc.  AUROC ECE

ERM 85.4 +0.2 63.2 +1.2 754 +0.3 57.6 +0.7 77.0 01 63.2 +0.1 77.7 0.1 79.4 +0.2 89.8 +0.1 7.8 +0.4
Mixup 84.6 £01  65.8 +15 74.4 0.2 553 £03 76401 62.6+02 78.0 £0.2 79.7 £0.0 89.7 +01 9.3 +04
GroupDRO 812+03  61.5+1s8 71.9 +0.2 48.6 +05 742103 609 +03 78.9 0.1 81.3 +0.1 89.8 01 15.7 0.6
CVaRDRO 81.6 +0.7 62.9 +338 72.1 +05 493 +1.2 744106 609 0.6 78.4 +0.4 80.8 +0.1 89.6 +0.1  31.9 +0.1
JIT 79.0 £1.8 51.0 +4.2 69.7 £1.3 45.5 +2.8 714 +16 56.6 +1.8 75.0 +0.8 77.7 +0.8 86.5+10 14.0+16
LfF 69.1 +4.3 42.2 72 62.6 +3.2 33.9 445 62.0 +4.3 45.7 +52 67.2 +4.0 69.7 +4.7 75.0 +6.6  27.9 +1.6
LISA 84.6 +0.1 65.8 +1.5 74.4 102 55.3 +0.3 76.4 +01  62.6 +0.2 78.0 +0.2 79.7 0.0 89.7 +01 9.3 +0.4
ReSample 80.4 £02  61.0 +0.6 71.2 £0.1 472 02 734101 59.8 02 78.3 £0.1 80.7 +0.1 89.3 01 17.0 0.6
ReWeight 80.6 0.3  59.3 +1.1 71.5 0.2 47.6 x05  73.7x02 60.3 0.2 78.7 £0.1 81.3 0.0 89.9 01 14.9 x05
SqrtReWeight 829 x05  68.6 £1.1 73.0 £0.4 51.7 0.9 754 +04 61.8 04 78.6 £0.2 80.6 0.2 89.8 01 10.9 0.7
CBLoss 84.0 +08 67.3 +0.2 74.0 +0.7 54.1 418 76.2 +06 62.5+05 78.5 +0.2 80.3 +0.3 90.0 £0.0 9.5 +1.4
Focal 85.6 +0.3 61.9 +1.1 75.6 +0.4 58.5 +0.9 77.0 +0.3 629 +05 77.3 £0.3 78.7 +0.3 89.4 +04 7.7 +04
LDAM 80.2 +2.1 28.4 7.7 67.8 £3.3 46.2 £5.6 68.3 31 489 5.0 66.1 £3.6 69.5 £3.2 774 x40 20.7 0.5
BSoftmax 80.3 +0.2 58.3 +1.1 71.3 +0.1 47.2 x0.3 735402 60.0 0.1 78.4 +0.1 81.1 +0.1 89.8 +01  16.5 +0.8
DFR 80.7 +0.0 64.4 +0.1 70.9 +0.0 47.6 £0.1 73.1+00 58.7 +0.0 76.8 £0.0 79.0 +0.0 86.9 +0.0 20.4 +0.1
CRT 82.7 +0.1 67.8 +0.3 72.8 +0.1 51.1 +o0.2 752 +01  61.6 +0.1 78.7 £0.0 80.7 +0.0 89.5+01 13.0 0.1
ReWeightCRT = 82.4 +00  64.7 £0.2 72.6 £0.0 50.5+01  75.0 £00 61.4+00 78.4 £0.0 80.7 0.0 89.5 00 12.6 £0.1

MultiNLI

Algorithm Avg Acc. Worst Acc. Avg Prec.  Worst Prec.  AvgF1 Worst F1 Adjusted Acc. Balanced Acc. AUROC ECE

ERM 81.0 +0.3 66.4 +2.3 81.3 +0.3 74.2 +0.4 81.1+0.3 77.6 +02 79.4 +08 81.0 +0.3 93.6 0.1 11.1 +0.6
Mixup 81.7 01 66.8 +0.3 81.9 0.1 758 01 81.8+01 78301 80.1 +0.2 81.7 +0.1 93.7 +00  10.9 +0.2
GroupDRO 81.1+02 64108 81.3 0.2 748 01 8l1x02 77901 79.4 0.2 81.1 0.2 93.7 01 9.1 0.9
CVaRDRO 75.4 102 48.2 £3.4 75.8 +0.3 68.9 +0.1 755403 72,0 +0.1 72.3 +08 75.4 102 87.3 +02 41.8 +0.2
JIT 81.4 +0.0 65.1 +1.6 81.7 +0.0 75.0 0.1 81.5+00 77.8 +0.1 79.8 +0.3 81.4 +0.0 93.9 +0.0 9.4 +04
LfF 714 +16 57.3 45.7 71.5 +1.7 67.1 +2.0 714 17 684 +27 69.3 +2.9 714 +16 86.6 +1.4 6.2 +0.5
LISA 81.7 +0.1 66.8 +0.3 81.9 +0.1 75.8 +0.1 81.8 +01 783 0.1 80.1 +0.2 81.7 +0.1 93.7 +0.0  10.9 0.2
ReSample 81.5+00  66.8 +0.5 81.9 0.1 742 +02  8l.6+00 78.0=+01 79.9 +0.1 81.5 +0.0 939 +00 12.2 0.6
ReWeight 794 02 64.24+19 79.6 £0.2 729 03 794 x02 758 %01 78.0 £0.2 79.4 x0.2 92.6 +01  14.2 +0.6
SqrtReWeight ~ 80.6 x02  63.8 £2.4 80.8 +0.2 75.1+02  80.6+02 77.5x02 78.8 £0.5 80.6 0.2 93.5+01 7.8 £02
CBLoss 80.6 +0.3 63.6 +2.4 80.8 +0.2 75.1 403 80.6 +0.3  77.5 +0.2 78.7 0.5 80.6 +0.3 93.5+0.1 7.8 +0.2
Focal 80.9 +0.2 62.4 +2.0 81.2 +0.2 74.3 +0.1 81.0 +02 77.4 +02 78.7 +0.3 80.9 +0.2 93.7 01 5.3 +0.8
LDAM 80.9 +0.1 65.5 +0.8 81.1 +0.1 74.6 +0.3 80.9 +0.1  77.4 +0.0 79.2 +0.2 80.9 +0.1 93.5£0.0 33.2 +04
BSoftmax 80.6 +0.2 63.6 +2.4 80.8 +0.2 75.1 +0.2 80.7 +02  77.6 +0.2 78.7 +0.5 80.6 +0.2 935+01  7.8+02
DFR 80.2 +0.0 63.8 +£0.0 80.3 +0.0 752 +00 803 +£0.0 76.2+0.0 78.5 £0.0 80.2 +0.0 929 £0.0 5.8 £0.0
CRT 80.2 +0.0 65.4 +0.2 80.3 +0.0 74.3 +0.0 80.2 +0.0 76.4 +0.0 78.6 £0.0 80.2 +0.0 92.8 0.0 14.9 0.1
ReWeightCRT  80.2+00  65.2 0.2 80.3 0.0 744 00  80.2+00 76.4+00 78.6 £0.0 80.2 0.0 929 +00 14.7 +01
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MetaShift

Algorithm Avg Acc. Worst Acc. Avg Prec.  Worst Prec.  AvgF1 Worst F1 Adjusted Acc. Balanced Acc.  AUROC ECE

ERM 91.2 +0.4 82.1 +08 91.1 +0.4 904 +05  91.1+04 90.6 +0.4 89.1 +0.5 91.1 +0.4 97.4 01 6.1 +0.7
Mixup 914 101 79.0 08 91.4 01 90.6 0.4 914 01 90.9 01 88.5 +0.2 91.4 x01 973 +00 1.9 +04
GroupDRO 915103  83.1x07 91.4 +0:3 90.1 0.6 914 +03 91.0 +03 89.4 +0.5 91.5 +0:3 97.6 +0.1 5.5 £1.0
CVaRDRO 91.2 1.0 83.5 +0.5 91.2 +1.0 894 +18  91.1+10 90.7 +0.9 89.2 +1.0 91.2 +0.9 97.5 +0.2 13.0 £5.9
JIT 91.2 +0.1 82.6 +0.4 91.1 +0.1 90.6 +0.2 91.1 +0.1  90.6 +0.1 89.2 +0.1 91.1 +0.1 97.6 +0.0 7.2 +0.2
LfF 80.4 +0.4 72.3 +1.3 80.7 +0.3 76.9 +1.7 80.4 +0.4  79.7 +0.4 80.5 +0.6 80.6 +0.3 91.5+01 8511
LISA 91.4 +0.1 79.0 +08 91.4 +0.1 90.6 +0.4 914 01 90.9 +0.1 88.5 +0.2 91.4 +0.1 973 0.0 1.9 +04
ReSample 92.2 £0.3 81.0 +1.7 92.1 +0.3 914 +04 922 +03 91.7 +03 89.6 +0.1 92.2 +0.2 97.5£01 6.8 £0.4
ReWeight 915404  831x07 91.5 0.4 90.6 0.3 91.5x04 91.0 04 89.5 0.4 91.5 0.4 975101 5.8 x06
SqrtReWeight  91.3 x01  82.6 £0.4 91.2 £01 90.3 02 912=x01 90.7 +02 89.2 £0.2 91.3 z0.1 975101 5.6 £1.0
CBLoss 91.4 +0.1 83.1 +0.0 91.3 +0.1 90.4 +0.4 914 +01  90.9 +0.2 89.4 +0.1 91.4 +0.2 974 +01 6.3 +04
Focal 91.6 +0.2 81.0 +0.4 91.7 +0.2 909 +0.6  91.6 0.2 91.1 +0.2 89.4 +0.2 91.6 +0.2 97.6 0.0 4.9 +1.2
LDAM 91.6 0.1 83.6 +0.4 91.6 +0.0 909 +03  91.6+01 91.1 01 89.9 +0.1 91.6 +0.1 97.5+01 9.5+10
BSoftmax 91.3 +0.3 82.6 +0.4 91.3 +0.3 89.9+03  91.3+03 909 03 89.2 +0.3 91.4 +0.3 97.5+01 5.7 +08
DFR 90.2 +0.2 81.4 +0.1 90.2 +0.2 88.1+05  90.2+02 89.8 +0.2 88.0 +0.2 90.3 +0.2 96.7 £0.0 3.2 +0.2
CRT 91.5 +0.0 83.1 +0.0 91.4 +0.0 90.6 +0.1 91.4 0.0 90.9 +0.0 89.5 +0.0 91.4 +0.0 97.3 £0.0 6.8 £0.0
ReWeightCRT  91.3 0.1 85.1 0.4 91.2 £01 90.1 03 912+01 90.8 +0.1 89.7 0.2 91.3 z0.1 96.8 +0.1 8.1 01
ImageNetBG

Algorithm Avg Acc. Worst Acc. Avg Prec.  Worst Prec.  AvgFl1 Worst F1  Adjusted Acc. Balanced Acc. AUROC ECE

ERM 87.7 +0.1 76.8 +£0.9 87.9 +0.1 78.3 +1.3 87.7 01 80.7 +0.4 87.7 +0.1 87.7 0.1 99.0 0.0 5.1 +0.1
Mixup 87902 769 x07 88.4 £0.1 76.6 £2.6  88.0 £02 80.5+1.0 87.9 0.2 87.9 0.2 98.7 0.0 4.7 £1.6
GroupDRO 87.7+01 764 +02 87.9 +0.1 76.2+05  87.6+01 8l.1+03 87.7 +0.1 87.7 +0.1 99.0 +0.0 5.1 +0.1
CVaRDRO 87.8 +0.2 74.8 +0.8 88.0 +0.1 79.9 +0.9 87.8 +02  79.5+03 87.8 +0.2 87.8 +0.2 99.0 0.0 5.6 +0.2
JTIT 87.6 +0.4 77.0 0.4 87.8 +0.3 78.3 +3.0 87.5+03 80.4 +0.6 87.6 +0.4 87.6 +0.4 99.0 +0.0 3.7 +0.2
LfF 84.7 +0.5 70.1 +1.4 85.4 +0.3 72.1 431 84.7 +05  76.2 +0.6 84.7 +0.5 84.7 +0.5 98.6 0.0 1.8 +0.4
LISA 87.9 +0.2 76.9 +0.7 88.4 +0.1 76.6 +2.6 88.0 +02 80.5 +1.0 87.9 +0.2 87.9 +0.2 98.7 £0.0 4.7 £16
ReSample 88.2+04  77.7 411 88.4 +0.4 797 1.0 882+04 80.6+1.0 88.2 +0.4 88.2 +0.4 99.0 +0.0 5.4 +05
ReWeight 87701  76.8 +0.9 87.9 £0.1 783 £1.3 877 x01 80.7 04 87.7 £0.1 87.7 0.1 99.0 0.0 5.1 x01
SqrtReWeight  87.7 x01  76.8 £0.9 87.9 0.1 783 £1.3 877 x01 80.7 +04 87.7 £0.1 87.7 +0.1 99.0 0.0 5.1 +01
CBLoss 87.7 +0.1 76.8 +0.9 87.9 +0.1 783 +1.3 87.7 +01  80.7 +0.4 87.7 +0.1 87.7 +0.1 99.0 +0.0 5.1 +0.1
Focal 86.7 +0.2 71.9 +1.2 87.1 +0.2 74.2 413 86.6 +0.2  77.6 +0.7 86.7 +0.2 86.7 +0.2 98.9 0.0 2.8 0.6
LDAM 88.2 +0.1 76.7 £0.5 88.5 +0.1 77.6 1.1 88.1 +01 81.3 +0.4 88.2 +0.1 88.2 +0.1 98.8 0.0 459 +0.7
BSoftmax 87.7 +0.1 76.1 +2.0 88.0 +0.1 77.7 £1.3 87.7 01  80.4 +0.8 87.7 +0.1 87.7 +0.1 99.0 +0.0 5.6 0.5
DFR 86.8 +0.5 744 118 86.9 +0.5 78.9 +1.6 86.7 +0.5  78.1 +1.3 86.8 +0.5 86.8 +0.5 98.8 0.1 8.9 +1.4
CRT 88.3 +0.1 78.2 +0.5 88.3 +0.1 82.7 +0.4 88.3 +0.1  80.9 +0.2 88.3 +0.1 88.3 +0.1 99.1£0.0 5.6 0.2

ReWeightCRT  88.4 +0.1  77.5+07 88.5 £0.1 82.1+04 884 x01 8l.2x03 88.4 £0.1 88.4 +0.1 99.1+00 5.4 +02
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NICO++

Algorithm Avg Acc. Worst Acc. Avg Prec.  Worst Prec.  AvgF1  Worst F1  Adjusted Acc. Balanced Acc.  AUROC ECE

ERM 85.3 +0.3 35.0 +4.1 86.3 +0.2 56.3 +4.9  85.4 +03 64.9 +23 84.9 +0.3 85.2 +0.3 99.4 £0.0 9.4 +0.1
Mixup 85.4 +0.1 30.0 4.1 86.2 +0.1 62.2+05  855+01 69.4 +0.4 85.0 +0.1 85.3 +0.1 99.2 0.0 2.3 +0.5
GroupDRO 83.7 05  31.1+09 84.6 £0.4 582+15  83.8+05 66.7 +0.9 83.3 £0.4 83.6 +0.5 99.3 00 7.0 £0.2
CVaRDRO 85.8 +0.1 27.8 2.3 86.5 +0.1 61.5 +0.7 85.8 +01 67.3 +05 85.2 +0.1 85.7 +0.1 994 +0.0 9.9 x0.0
JIT 85.7 +0.1 30.6 +2.3 86.4 +0.1 60.9 +1.2 85.8 0.1  66.7 +0.4 85.2 +0.1 85.6 +0.1 99.4 +0.0 9.5 +02
LfF 78.7 +0.6 28.8 +2.0 81.0 +0.3 45.1 1.2 79.0 0.6 542 +1.4 78.4 +0.5 78.6 +0.6 99.2 00 1.5+03
LISA 85.4 +0.1 30.0 +4.1 86.2 +0.1 62.2 +0.5 85.5+0.1 69.4 +0.4 85.0 +0.1 85.3 +0.1 99.2 £0.0 2.3 +0.5
ReSample 84.9 +0.2 30.6 +2.3 85.6 +0.1 62.9 +1.6 84.9 +02  67.1 +03 84.3 +0.2 84.8 +0.2 99.3 0.0 10.2 +0.4
ReWeight 85.5 +0.2 25.0 +0.0 86.4 +0.1 59.0+1.3  85.6 £0.2 67.6 +0.4 84.9 +0.2 85.4 +0.2 99.4 0.0 9.7 0.0
SqrtReWeight  85.5+0.1  32.8 £35 86.5 £0.1 559 +21  85.6 01 66.4 +13 85.0 £0.1 85.4 +0.1 99.4 100 9.4 x01
CBLoss 85.9 +0.1 31.7 +36 86.6 +0.1 59.3 £3.0 86.0 +0.1  67.2 +0.7 85.4 +0.1 85.8 +0.0 99.4 +0.0 10.1 +0.1
Focal 85.7 +0.1 30.6 +2.3 86.5 +0.1 58.5 +0.6 85.8 +0.1  66.7 +08 85.2 +0.1 85.6 +0.1 99.5 £0.0 6.3 £0.3
LDAM 85.4 +0.4 31.7 £3.6 86.1 +0.3 62.4 +1.0 85.5+04 68.1+1.3 84.9 +0.5 85.3 +0.4 99.1 £0.0 56.9 +1.4
BSoftmax 85.8 +0.0 35.6 +1.8 86.4 +0.1 60.7 +1.4 85.8 0.0 69.2 +0.6 85.3 +0.0 85.7 +0.0 99.4 0.0 9.4 x01
DFR 82.7 +0.1 38.0 £3.8 83.2 +0.1 58.5 +1.6 82.7 +01  65.1 +0.2 82.4 +0.1 82.6 +0.1 99.2 +0.0 11.7 +02
CRT 85.8 +0.1 33.3 £0.0 86.1 +0.0 65.3 +0.6 85.8 +0.1  69.9 +0.4 85.3 +0.1 85.6 +0.1 99.4 0.0 6.0 £0.6
ReWeightCRT  85.8 0.1 33.3 £0.0 86.1 £0.1 643 07 85801 69.7 04 85.4 £0.1 85.7 +0.1 99.4 100 6.1 £08

MIMIC-CXR

Algorithm Avg Acc. Worst Acc.  Avg Prec.  Worst Prec.  AvgF1  Worst F1  Adjusted Acc. Balanced Acc. AUROC ECE

ERM 78.3 +0.1 68.6 +0.2 774 +0.1 71.2 +0.1 77.6 £0.1  73.7 +0.1 77.3 £0.1 78.0 +0.1 85.4 +01 3.8 +0:2
Mixup 77.9 +0.3 66.8 +0.6 77.0 0.3 70.7 06 77.2+03 73.2+03 76.9 +0.3 77.5 +03 84.9 +03 3.6 +05
GroupDRO 779 00 674 x05 77.1 £0.0 702+01 774 x00 73.7 +00 77.3 £0.0 77.9 0.0 852 +01 5503
CVaRDRO 78.2 +0.1 68.0 +0.2 77.3 +0.1 70.7 +0.2 77.6 +01  73.8 +0.1 77.3 0.1 78.0 £0.1 85.1+00 6.8 +0.7
JTT 774 +03 64.9 +0.3 76.5 +0.3 70.1 +0.7 76.7 +02  72.8 +0.2 76.4 +0.2 77.1 +0.2 84.5+02 4.2 +04
LfF 73.2 +0.9 62.2 +2.4 72.3 £1.0 65.1 +0.9 725+10 67815 72.4 £11 729 +1.1 793 +1.3  11.3 0.8
LISA 77.9 +0.3 66.8 +0.6 77.0 +0.3 70.7 +0.6 772 +03 73.2 03 76.9 +0.3 77.5 +0.3 84.9 +03 3.6 +0.5
ReSample 78.4 +0.1 67.5 +0.3 77.6 +0.1 70.8 +0.1 77.8 +01 742 +0.1 77.6 +0.1 78.3 +0.1 85.4 +01 5.3 +0.0
ReWeight 77.6 £0.0 67.0 +0.4 76.8 +£0.0 69.7 00  77.1+00 73.4+00 76.9 +0.1 77.6 £0.0 84.9 +00 5.2 +04
SqrtReWeight ~ 78.3 00  68.0 £0.4 77.5 £0.0 70.6 £0.0 778 00 74.2+00 77.6 £0.0 78.3 £0.0 85.6 £0.0 5203
CBLoss 78.3 +0.2 67.6 +0.3 77.4 +0.2 70.8 +0.2 77.7 02  74.0 +0.2 77.5 +0.1 78.2 +0.2 85.5+01 4.7 +03
Focal 78.3 +0.1 68.7 +0.4 774 +0.1 70.8 +0.2 77.6 0.1 73.9 +0.0 774 +0.1 78.1 +0.0 85.4 +0.0 10.1 +0.6
LDAM 78.0 +0.1 66.6 +0.6 77.2 +0.2 70.4 +0.2 774 02 73.7 +02 77.2 +0.2 77.9 +0.2 85.2 +01 22.5 +0.2
BSoftmax 78.0 +0.1 67.6 +0.6 77.1 +0.1 70.4 +0.1 773 £01  73.6 +0.1 77.2 0.1 77.8 +0.1 85.1 +01 5.2 +0.4
DFR 78.3 £0.0 67.1 +0.4 77.4 +0.0 72.1 +0.2 77.5+00 73.2 %01 77.1 0.0 77.6 £0.1 85.1+00 20.0 0.1
CRT 78.0 +0.0 68.1 +0.1 77.2 £0.0 70.1 +0.0 774 00 73.9 +0.0 77.3 £0.0 78.0 +0.0 85.3 £00 6.2 +0.0
ReWeightCRT = 77.8 £00  67.9 0.1 77.0 £0.0 70.0 £0.0 772 +00 73.6 +0.0 77.0 £0.0 77.8 £0.0 85.0 £0.0 5.4 00
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MIMICNotes

Algorithm Avg Acc. Worst Acc. Avg Prec.  Worst Prec.  AvgF1 Worst F1 Adjusted Acc. Balanced Acc.  AUROC ECE

ERM 91.1 +0.1 242 +238 76.4 +0.9 60.3 +2.1 65.8 +12 36.5+25 62.2 +1.3 62.4 +1.4 852 +0.1 2.2 +0.1

Mixup 91.1+00  22.7 432 76.8 £0.7 612+16  65.1+16 35.0%32 615 +1.6 61.7 £1.7 85.4+0.0 2.0 +08

GroupDRO 832424  62.6463 64.7 £1.4 337434 664 +13 428 +11 743 £15 744 £15 85.1+01 13.8 £3.2
CVaRDRO 90.2 +0.0 0.0 +0.0 45.1 0.0 0.0 +0.0 47.4 £0.0 0.0 0.0 50.0 +0.0 50.0 +0.0 71.6 +0.4  40.2 0.0
JIT 71.3 £3.7 65.9 +2.8 60.3 +0.7 234 +1.9 58.6 +2.3  36.0 £1.8 75.5 +0.4 75.6 £0.4 849 +01 275439
LfF 84.0 +1.2 62.7 2.1 64.6 +0.7 33.6 +1.6 67.1 +08 43.6 +08 74.7 +0.4 74.7 +0.5 85.1 +00 12.5=+1.2
LISA 91.1 +0.0 22.7 +3.2 76.8 +0.7 61.2 +16 65.1+16 35.0 +3.2 61.5 +1.6 61.7 +1.7 85.4 +00 2.0=+08
ReSample 814 +15  67.1+26 63.3 0.6 30.5+1.5 654 +10 42.0+1.0 75.4 +0.3 75.6 +0.4 85.1 +00 17.4 +1.9
ReWeight 827 £0.7  65.5 %13 63.8 £0.4 31.7 09 66305 42.8+05 75.3 £0.2 75.4 0.3 85.2£01 159 x0.7
SqrtReWeight  90.3 x02  35.7 £4.0 724 £0.9 513 £21  68.7 09 42.8+21 66.7 £1.6 66.8 £1.6 852 +01 3.7 07
CBLoss 78.2 +1.0 723 +1.3 61.9 +0.3 27.3 +0.8 63.2 +0.7  39.8 +0.6 76.1 +0.2 76.2 +0.2 85.0 +00 20.6 +1.3
Focal 91.0 +0.0 19.1 +23 77.1 +0.6 62.1 +1.4 63.6 +1.3 319 +26 59.9 +1. 60.2 +1.1 85.3 +01 8.1 zx07
LDAM 90.6 +0.1 5.3 +24 84.4 +08 781 +17  525+21  10.0 4.1 52.7 +1.2 52.7 +1.2 84.9 +01 289 x1.0
BSoftmax 76.9 +0.9 73.1 £1.0 61.7 +0.2 26.5 +0.6 62.5+05 39.3 +0.4 76.6 +0.2 76.7 +0.2 85.4 +00 23.5+11
DFR 69.2 +1.3 67.3 +1.7 58.8 +0.2 21.0 +05  56.5 +0.8 33.1+0.5 73.1 £0.0 73.1 +0.0 81.0 +0.0 38.4 +0.1
CRT 77.8 £0.0 73.1 +0.0 61.6 +0.0 26.7 +0.0 62.8 +00 39.2 +0.0 75.9 +0.0 75.9 +0.0 84.3 +0.0 23.0 0.1
ReWeightCRT  81.2+28  63.9 £7.6 63.6 £1.6 314 +39 647 +16 407 +13 738 £1.6 73.9 £16 84.3 0.0 26.5 2.4

CXRMultisite

Algorithm Avg Acc. Worst Acc.  Avg Prec.  Worst Prec.  AvgF1  Worst F1  Adjusted Acc. Balanced Acc.  AUROC ECE

ERM 98.3 +0.0 0.0 0.0 49.2 x0.0 0.0 x0.0 49.6 0.0 0.0 0.0 50.0 +0.0 50.0 +0.0 93.1+01 0.3 x0.1
Mixup 98.3 +0.0 0.0 0.0 49.2 x0.0 0.0 +0.0 49.6 0.0 0.0 0.0 50.0 +0.0 50.0 +0.0 929 +01 0.3 +0.0
GroupDRO 90.2 +0.1 0.0 0.0 56.7 +0.1 13.6 z0.1 592 +01  23.7 +0.2 50.2 +0.1 90.4 +0.0 92.8 +0.2  13.5 0.7
CVaRDRO 98.3 +0.0 0.0 0.0 61.2 +49 24.0+98  50.7 +07 22 +15 50.2 +0.2 50.6 +0.4 93.0+00 0.9 0.3
JIT 94.1 +0.9 0.0 +0.0 59.0 +0.7 185 +1.4 629 +08 289 +1.2 55.2 +0.9 82.2 +2.4 93.2 +0.1 6.4 +0.5
LfF 9.9 +6.7 5.4 +a.4 17.4 +13.5 0.6 0.5 85456  1.2+10 50.5 +0.4 51.7 +1.4 60.6 +1.6  82.6 +12.8
LISA 98.3 +0.0 0.0 0.0 49.2 x0.0 0.0 +0.0 49.6 0.0 0.0 0.0 50.0 +0.0 50.0 +0.0 929 +01 0.3 +0.0
ReSample 88.3 +1.6 0.1 +0.1 55.9 0.6 120+12 57314 209418 50.3 £0.5 88.1 0.7 923 +01  13.0 +28
ReWeight 89.5 +0.0 0.3 0.1 56.4 +0.0 13.0+00  585+00 22.7 +0.0 50.5 +0.2 90.3 +0.0 93.2+01 17.7 +17
SqrtReWeight ~ 94.5 +0.4 0.0 0.0 59.4 +0.2 193 06  63.7 +0.3 30.2 +0.4 56.3 +0.1 82.3 +16 93.3+00 6.0 £0.2
CBLoss 1.7 +0.0 0.0 0.0 0.8 +0.0 0.0 +0.0 1.7 x00 0.0 +0.0 50.0 +0.0 50.0 +0.0 62.7 +1.5  98.3 +0.0
Focal 98.3 +0.0 0.0 +0.0 55.4 +5.1 125 +102 497 01 0.3 02 50.0 +0.0 50.1 +0.1 93.2+00 11.5+06
LDAM 98.3 +0.0 0.0 0.0 49.2 +0.0 0.0 +0.0 49.6 +0.0 0.0 £0.0 50.0 +0.0 50.0 +0.0 93.1+01 0.3 0.1
BSoftmax 89.1 +0.2 0.5 +0.1 56.2 +0.1 12.5 +0.2 58.1+02 22.0+03 50.4 +0.0 90.0 +0.1 929 +01 199 +13
DFR 89.7 +0.1 0.6 +0.1 56.5 +0.0 13.2 +0.1 58.7 +01  23.0 +0.1 50.4 +0.0 90.4 +0.0 92.8 +0.1  47.3 +0.1
CRT 90.4 +0.1 1.1 05 56.9 +0.0 13.9 +0.1 59.5+01 242401 51.2 +0.1 90.2 +0.1 933 +00 15.7 +0.9
ReWeightCRT ~ 89.9 +0.1 14 +o0.6 56.6 +0.0 134 +01  59.0+01 233401 51.1 +0.3 90.4 +0.0 93.1+01 155+07

CheXpert
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Algorithm Avg Acc. Worst Acc. Avg Prec. Worst Prec.  AvgF1  Worst F1 Adjusted Acc. Balanced Acc.  AUROC ECE
ERM 88.6 +0.7 41.7 +34 68.3 +1.1 423 +2.4 68.7 +0.2  43.8 +0.7 69.5 +1.3 70.0 £1.5 85.4 +04  5.0+11
Mixup 819462 374435 63.5 +5.0 339493 625459 357 +76 63.8 +4.7 64.1 +46 76.1+85  16.1+9.0
GroupDRO 792x02 747 x03 62.9 £0.1 286 £02  64.7 02 42.0=x02 78.4 102 79.1 x0.1 86.2 00 21.3 08
CVaRDRO 73.7 1.0 50.2 +1.8 57.3 +0.1 20.1+03  56.8 04 29.9 x0.2 65.7 +0.6 67.0 0.4 729 04  40.4 x0.0
JTT 75.2 +0.8 60.4 +4.8 59.4 +1.1 23.0 +1.5 59.6 +1.4 344 +23 70.7 £2.6 72.0 25 79.0 +25 244 105
LfF 223 +102  13.7 +9.8 37.3 4538 9.0 +0.7 195 +83 8.8 439 46.2 +2.9 46.2 £3.1 30.5 101 65.7 £10.2
LISA 81.9 6.2 374 +35 63.5 +5.0 339 +9.3 625459 357 76 63.8 +4.7 64.1 £46 76.1 +85  16.1 +9.0
ReSample 79.6 +0.6 74.3 +0.4 63.1 +0.3 29.0 +06  65.0 05 42.3 +0.6 78.3 +0.3 79.0 +0.2 86.3 +02  20.1 +1.4
ReWeight 79.6 05  73.7 10 63.1 £0.2 29.0 £05  65.0+04 424 05 78.4 +03 79.1 02 86.2 01  21.0 0.7
SqrtReWeight ~ 83.5 +0.3 68.5 +1.6 65.0 +0.2 33.3+04  679+02 455 +03 77.8 +0.4 78.5 +0.3 86.3 +03 15.6 £1.1
CBLoss 80.0 +0.5 74.0 +0.7 63.3 +0.2 294 +05 652104 42.6+05 78.6 +0.2 79.0 +0.2 86.1 +0.3  19.6 £0.6
Focal 89.3 +0.3 42.1 +4.0 69.6 +0.4 44.7 £11 69.8 +0.4 455 +1.0 70.4 +1.1 704 +1.3 86.5+0.1  16.1 +1.7
LDAM 90.0 +0.0 36.0 +0.7 70.6 +0.1 47.3 +0.2 69.1 +0.1  43.6 +0.1 67.8 +0.2 67.9 0.1 86.1 +0.1 323 +02
BSoftmax 79.9 0.2 73.8 £1.0 63.3 £0.0 29.4 +0.1 65.3 0.1 42.8 +0.0 78.6 £0.2 79.5 +0.1 86.6 +0.1  21.3 +04
DFR 79.1 +0.0 75.8 +0.3 63.0 £0.0 28.6 00  64.7 x00 42.1 +0.0 78.8 +0.0 79.3 +0.0 86.0 +0.0  25.6 0.1
CRT 79.3 +0.1 74.6 +0.4 62.9 +0.1 28.7 +0.1 64.7 +0.1  42.0 +0.1 78.5 +0.1 79.0 +0.1 86.1 x01  21.7 01
ReWeightCRT  79.3 +0.1 75.1 +02 63.0 +£0.0 28.7 +00  64.7 00 42.0 +0.0 78.6 +0.1 79.0 +0.1 86.2 +00 21.7 +0.1
Livingl7

Algorithm Avg Acc. Worst Acc.  Avg Prec.  Worst Prec.  AvgF1  Worst F1  Adjusted Acc. Balanced Acc. AUROC  ECE
ERM 27.7 11 5.7 £15 28.2 +1.0 82+16 271411 69 =+17 27.7 11 27.7 11 773 +1.3  59.6 +0.5
Mixup 29.8 £1.8 8.7 £14 30.9 +2.2 9.5 £1.3 29319 97415 29.8 +1.8 29.8 £1.8 782 +12 341 +19
GroupDRO 31.1 1.0 6.0 £1.4 32.1 +0.9 9.6 £0.2 30.8 0.7 7.6 +08 31.1 +1.0 31.1 £1.0 80.1 +08 53.5 +0.8
CVaRDRO 27.3 1.6 4.0 +05 29.2 +1.7 5.1 +o0.8 26515 4.8 106 27.3 +1.6 27.3 +1.6 81.0 +0.2 28.8 +6.8
JIT 28.3 +1.1 5.7 +22 31.1 +0.9 8.0 £1.7 283 +1.3 7.2 +23 28.3 +1.1 28.3 +1.1 81.0 08 36.9 +3.2
LfF 264 +1.3 7.0 +1.2 28.3 +0.8 9.6 £1.8 26112 8.7 x17 26.4 +1.3 26.4 £1.3 76.6 +0.6  61.0 £0.7
LISA 29.8 £1.8 8.7 £1.4 30.9 +2.2 9.5 £1.3 29319 9.7 +15 29.8 +1.8 29.8 £1.8 782 +12 341 19
ReSample 314 +o06 6.7 +15 33.0 0.6 11.0+06  31.0x06 8312 31.4 +0.6 31.4 +o0.6 81.0 0.7 46.6 £3.1
ReWeight 27.7 +1.1 57 +15 282 +1.0 8.2 +1.6 271411 69 +17 27.7 +1.1 27.7 +1.1 773 +1.3  59.6 +0.5
SqrtReWeight ~ 27.7 +1.1 5.7 £15 28.2 +1.0 8.2 +1.6 271 +11 69 =+17 27.7 £1. 27.7 11 773 +1.3  59.6 £0.5
CBLoss 27.7 £11 5.7 15 28.2 +1.0 8.2 +16 271 +11 69 =+17 27.7 11 27.7 11 77.3 £1.3  59.6 £0.5
Focal 26.9 +0.6 5.3 +0.3 28.8 +1.0 7.14+10 27.0+07 6.3 %05 26.9 +0.6 26.9 +0.6 78.7 +0.5 499 x1.9
LDAM 24.3 +0.8 4.0 +0.8 28.0 +1.2 6.6 +1.4 240+0s8 5.1+03 24.3 +08 24.3 +0.8 791410 124 +o05
BSoftmax 28.6 £1.4 6.7 £0.7 30.7 +1.0 8.2 +o0.8 283 1.3 73105 28.6 +1.4 28.6 +1.4 78.0 +1.0 56.5 £1.7
DFR 26.3 £0.4 6.0 0.9 27.4 103 8.6 0.8 257 02 7.5+11 26.3 +0.4 26.3 +0.4 794 01  13.8 £0.4
CRT 31.1 +0.1 6.3 +0.3 31.8 +0.0 75403 30.5+01 6.8 +03 31.1 +0.1 31.1 +0.1 80.3 0.1  49.6 £1.7
ReWeightCRT  33.1 +0.1 9.3 03 33.4 0.1 113 +03  32.6+00 10.8 0.2 33.1 £0.1 33.1 £0.1 82.0 0.0 40.0 £0.4
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Overall
Algorithm Waterbirds CelebA CivilComments MultiNLI MetaShift ImageNetBG NICO++ MIMIC-CXR MIMICNotes CXRMultisite CheXpert Livingl7 | Avg
ERM 69.1 4.7 57.6 +0.8 63.2 +1.2 66.4 +2.3 82.1 +0.8 76.8 +0.9 35.0+41  68.6 £02 80.4 +0.2 50.1 +0.9 41.7 434 277 +11 | 59.9
Mixup 775+07  57.8 +08 65.8 +1.5 66.8+0.3  79.0 0.8 769 +0.7  30.0 +141  66.8 0.6 81.6 +0.6 50.1 +0.9 374435 29.8+1s | 60.0
GroupDRO 731404 683409 61.5+18 64.1+08  83.1+07 764402 311409 67405 83.7 +0.1 59.2 +0.3 74.7 03 31.1+10 | 645
CVaRDRO 75.5 +2.2 60.2 +3.0 629 +3.8 48.2 +3.4 83.5 +0.5 74.8 +0.8 278423  68.0 02 65.6 +1.5 50.2 +0.9 502418 27.3+16 | 57.8
JTIT 71.2 +05 483 +1.5 51.0 +4.2 65.1 1.6 82.6 +0.4 77.0 £0.4 30.6 +2.3  64.9 0.3 83.8 0.1 57.9 +2.1 60.4 +48 283 +1.1 | 60.1
LfF 75.0 +0.7 53.0 +4.3 422 172 573 +5.7 72.3 £1.3 70.1 £1.4 28.8 £20  62.2 +24 84.0 +0.1 50.1 0.9 13.7 +98 264 +13 | 52.9
LISA 77.5 +0.7 57.8 +0.8 65.8 +1.5 66.8 +0.3 79.0 +0.8 76.9 +0.7 30.0+41  66.8 £0.6 81.6 +0.6 50.1 +0.9 374435 29.8+1s8 | 60.0
ReSample 70.0 £1.0 74.1 +2.2 61.0 0.6 66.8 +0.5 81.0 £1.7 77.7 £11 30.6 2.3  67.5 0.3 82.6 +0.6 55.0 0.2 743 04 314 x06 | 643
ReWeight 719 106 69.6 £0.2 59.3 +1.1 642419 83107 768 +0.9 250400  67.0 0.4 84.0 +0.1 614 +13 73.7 10  27.7 £11 | 63.6
SqrtReWeight 71.0 £1.4 66.9 +2.2 68.6 +1.1 63.8 +2.4 82.6 +0.4 76.8 +0.9 328 +35  68.0 0.4 83.1 +0.2 61.2 +0.6 685 1.6  27.7 11 | 64.2
CBLoss 74.4 +1.2 65.4 +1.4 67.3 +0.2 63.6 +2.4 83.1 +0.0 76.8 £0.9 317 436  67.6 £03 84.0 +0.1 50.2 +0.9 74.0 07 27.7 £11 | 63.8
Focal 71.6 +0.8 56.9 +3.4 61.9 +1.1 62.4 +2.0 81.0 +0.4 71.9 1.2 30.6 +2.3  68.7 +0.4 70.9 +9.8 50.0 +0.9 42.1+40 269 x06 | 57.9
LDAM 70.9 +1.7 57.0 +4.1 284 +7.7 65.5 0.8 83.6 +0.4 76.7 £0.5 317436  66.6 £0.6 81.0 +0.3 50.1 +0.9 36.0+0.7  24.3 x0s | 56.0
BSoftmax 741409  69.6 1.2 58.3 +1.1 63.6 +2.4 82.6 +0.4 761420 356418  67.6 +0.6 83.8 +0.3 58.6 +1.8 738410 28.6+14 | 64.4
DFR 89.0 0.2 73.7 +0.8 64.4 +0.1 63.8 +0.0 81.4 +0.1 74.4 £18 380438  67.1 £04 80.2 +0.0 60.8 +0.4 758 +0.3 263 £04 | 66.2
CRT 763 +08  69.6 +0.7 67.8 +0.3 65.4 +0.2 83.1 +0.0 782405 333400  68.1+01 83.4 +0.0 61.8 +0.1 74.6 04 31.1+01 | 66.1
ReWeightCRT ~ 76.3 +02  70.7 +0.6 64.7 +0.2 652402  85.1 %04 775407 333 +00 67.9 =01 83.4 +0.0 53.1 %23 751402  33.1x01 | 65.4
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