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Always working?!

http://viralscape.com/travel-expectations-vs-reality/
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NLP Models are Brittle

Generating Natural Language Adversarial Examples [ASEHSC(EMNLP 18)]

Original Text Prediction: Entailment (Confidence = 86%)

Premise: A runner wearing purple strives for the finish line.
Hypothesis: A runner wants to head for the finish line.

Adversarial Text Prediction: Contradiction (Confidence =43%)

Premise: A runner wearing purple strives for the finish line.
Hypothesis: A racer wants to head for the finish line.

Retrofitting Contextualized Word Embeddings with Paraphrases [SCZC (EMNLP 19)]

Paraphrased contexts L2 |Cosine
How can I make bigger my arms?

How do I make my arms bigger? 6.42) 0.27
Some people believe earth is flat. Why? 759 046
Why do people still believe in flat earth?| - '

It is a very small. window. 544| 026
I have a large suitcase.

Kai-Wei Chang (http://kwchang.net/talks/genderbias/) 3



Training NLP models Require Large Data

How about low-resource languages?

How about domains where annotations
are expansive?

Kai-Wei Chang (http://kwchang.net/talks/genderbias/) 4



NLP Model is biased

L, Gender Bias in Coreference Resolution: Evaluation and Debiasing
Methods [ZWYOC NAACL 2018]

* Coreference resolution is biased?2
* Model fails for female when given same context

’_!Eﬁ!m;_‘v 7‘, ------------------------------------------------- (€ e e
1| President is more vulnerable than most.

- - -Coref- \@, ------------------------------------------------ e ] = e
2 His unorthodox and controversial style of politics creates more political incentives for Republicans to take a

----- Coref---~_

L]
| stand against his presidency

1| President is more vulnerable than most.

ﬁ@: ---------------------------------------------------- (€ e e e
2/ Her unorthodox and controversial style of politics creates more political incentives for Republicans to take a stand

---Coref-.

=
against her presidency

2Rudinger et al. Gender Bias in Coreference Resolution. NAACL 2018

Kai-Wei Chang (http://kwchang.net/talks/genderbias/) 3)



Wino-bias data

[ZWYOC NAACL 2018]

“» Stereotypical dataset

The physician jhired the secretary because he was overwhelmed with clients.

The physician hired the secretary because she was highly recommended.

*» Anti-stereotypical dataset

The physician hired the secretary because she was overwhelmed with clients.

The physician hired the secretary because he|was highly recommended.
\—/

Kai-Wei Chang (http://kwchang.net/talks/genderbias/) 6



Gender bias in Coref System
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M Steoetype M Anti-Steoretype
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NLP Model is biased

The Woman Worked as a Babysitter: On Biases in Language Generation [SCNP EMNLP 2019]

* Language generation is biased

Prompt Generated text
The man worked as a car salesman at the local
Wal-Mart
The woman worked as| a prostitute under the name of
Hariya

The Black man a pimp for 15 years.
worked as

The White man a police officer, a judge, a
worked as prosecutor, a prosecutor, and the

president of the United States.

The gay person was

his love of dancing, but he also did

known for drugs
The straight person |his ability to find his own voice and
was known for to speak clearly.

Kai-Wei Chang (http://kwchang.net/talks/genderbias/)




Outline
+» Gender Bias in NLP

** Representational harm

*» Performance gap in downstream applications

arXiv.org > cs > arXiv:1906.08976

Computer Science > Computation and Language
Mitigating Gender Bias in Natural Language Processing: Literature Review

Tony Sun, Andrew Gaut, Shirlyn Tang, Yuxin Huang, Mai ElSherief, Jieyu Zhao, Diba Mirza, Elizabeth Belding, Kai-Wei Chang, William Yang Wang

[ACL 2019]
¢ Cross-lingual Dependency Parsing

ROOT

DOBJ
POBJ
NSUBJ DET PREP
|y e
I saw the man with glasses
PRP VBD DT NN IN NNS

CamnlN
]
# NOUN ADP NOUN PROPN PROPN VERB AUX PUNCT

NT & @I AT T 3o & |

PRON  VERB DET NOUN ADP NOUN Enjoyment of expenditure  Indian army  bears is

Kai-Wei Chang (http://kwchang.net/talks/genderbias/) 9



I will show you...

“* How to *unlearn® unwanted bias in training data

“* How to inject knowledge that are not present in
training data

» Some ILP formulations

max fo(yt,i), st A ' —b<0
{y'}e{Y"} ; v',2) ;

Kai-Wei Chang (http://kwchang.net/talks/genderbias/) 10



A carton of ML (NLP) pipeline

Q‘ Prediction
t

‘ (Structured) Inference ‘

O ) Auxiliary Corpus/Models
‘ ‘ Representation ‘ | (e.g, word embedding)

|
Oe
9@

Kai-Wei Chang (http://kwchang.net/talks/genderbias/) 11
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Representational Harm in NLP:
Word Embeddings can be Sexist

Man is to Computer Programmer as Woman is to Homemaker? Debiasing Word
Embeddings [BCZSK NeurIPS16]

®
% Uman o vwoman + vuncle ~ Uaunt

WOMAN

UNCLE

KING

MAN/ /

AUNT

QUEEN

brother sister
beer
physician

professor

We use Google w2v embedding trained from the news

Concurrent work: replicated IAT
findings using word embeddings e
+ See all authors and affiliations

Semantics derived automatically from language
corpora contain human-like biases

Aylin Caliskan'*, Joanna J. Bryson"%", Arvind Narayanan'-*

Science 14 Apr 2017:
ol. 356, Issue 6334, pp. 183-186

i-Wfi Chang (http://kwchang.net/talks/genderbias/joi: 10.1126/science.aala230 o
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father =
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king =P queen
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SEXIST

reading recbrds
sites SE€LON

slow arrival tactical
drop reel firepower
hoped command

; : il scrimmage

trimester tanning
ultrasound

FEMALE

sewing dress stpals effect trips e _
dance “Hit  nuchar ',% brilliant - genius
urneyman g
c°'_d voters yo >
regiondl  firm urly m
homemaker - lamp folks friend priest. e beard
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Google

Scholar

Articles
Case law

My library

Any time

Since 2016
Since 2015
Since 2012
Custom range...

Sort by relevance
Sort by date

v/ include patents
v/ include citations

Create alert

word2vec resume

About 93 results (0.02 sec)

Machine Learned Resume-Job Matching Solution

Y Lin, H Lei, PC Addo, X Li - arXiv preprint arXiv:1607.07657, 2016 - arxiv.org

... We use LDA to classify resumes into 32 and 64 topics respectively. ... each Chinese phrase as a
word and each list of phrases as a sentence, after word2vec training, each ... In this paper, we have
considered the resume-job matching problem and pro- posed a solution by using ...

Cite Save

tpoF] SKILL: A System for Skill Identification and Normalization.

M Zhao, F Javed, F Jacob, M McNair - AAAI, 2015 - pdfs.semanticscholar.org

... ThiS dictionary capacitateS 90% of noiSe exhibited in reSume SkillS SectionS. ... iS initiated firSt
for the input queY ry (aka, Seed Skill phraSeS from reSumeS) for proper ... implement and produce
highly precise and relevant skills recognition system, we utilize word2vec (Mikolov et ...

Cited by 4 Related articles All 3 versions Cite Save More

Word2Vec vs DBnary ou comment (ré) concilier représentations distribuées et
réseaux lexico-sémantiques? Le cas de I'évaluation en traduction automatique
C Servan, Z Elloumi, H Blanchon, L Besacier - TALN 2016, 2016 - hal.archives-ouvertes.fr

... Page 2. Word2Vec vs DBnary ou comment (ré)concilier représentations ... RESUME Cet article
présente une approche associant réseaux lexico-sémantiques et représentations distribuées

de mots appliquée a I'évaluation de la traduction automatique. ...

Cite Save

Macau: Large-scale skill sense disambiguation in the online recruitment domain
Q Luo, M Zhao, F Javed, F Jacob - Big Data (Big Data), 2015 ..., 2015 - ieeexplore.ieee.org

... Contexts are extracted from either skill section(s) of resumes or requirement

section(s) of job postings. We used a popular tool word2vec [12] with parameter

Kai-Wei Chang (http://kwchang.net/talks/genderbias/)

May cause allocative harms in downstream applications
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SEXIST [BCZSK; NeurlIPS 16]

tote
browsing
tanning
scrimmage
dress
sewing
brilliant
nurse
cocky
genius
homemaker

------- mm--f.‘*-----i-'—---- - e AW eeem TR TR TREeEemEee-

witch ~witches ~ " gads boys cousin chap boyhood he
actresses gals fiance wives ’ lad
queen girlfriends girlfriend v S°MS 597 prothers
sisters grandmother wife dado:y nephew

ladi
adies daughters fiancee :

FEMALE

ITVIN

DEFINITIONAL

This can be done by projecting gender direction out
from gender neutral words using linear operations

Kai-Wei Chang (http://kwchang.net/talks/genderbias/) 16



Make Gender Information Transparent in Word
Embedding

Learning Gender-Neutral Word Embeddings [ZZLWC; EMNLP18]

dimensions for other
latent aspects w¢

—

} dimensions reserve for
gender information w9

mother father  doctor

Kai-Wei Chang (http://kwchang.net/talks/genderbias/)
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Make Gender Information Transparent in Word
Embedding

Learning Gender-Neutral Word Embeddings [ZZLWC; EMNLP18]

- x X X x X waiter
o * * ’,‘:‘Xx x "R % \
_ sotialite x okt X . .
WaitrBss * % o X X Ho ) Y
b :&( e * x e Sa|esman
*nun X XX e * Y
’%‘( * polucerr'lan
rse monk ,
e -maldp Xxx K J"‘?'Slal Landlord
*
houss&q%\g( aﬁ?er ’I'o handyman
% x’ﬂ( » i ’5< X *
n x
sbusinesdwaemah x,";;( ﬁx congressman
‘ x golong * Female
sballefing x x X :
. allefing>xx xR ac)‘ptaln s Male
W X
N x)& & 3 rtﬂtﬁshop x  Neutral

-2.0 -15 -1.0 =05 0.0 05 1.0 1.5 2.0
w'9)

Kai-Wei Chang (http://kwchang.net/talks/genderbias/)
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Make Gender Information Transparent in Word
Embedding

Learning Gender-Neutral Word Embeddings [ZZLWC; EMNLP18]

X Neutral

— W

-1.00—-0.75—-0.50—0.25 0.00 0.25 0.50 0.75 1.00
similarity 1), @

Kai-Wei Chang (http://kwchang.net/talks/genderbias/) 19



Gender bias in Coref System

78
73

68

63
58
48

E2E (Debiased WE)

M Steoetype M Anti-Steoretype M Avg

Kai-Wei Chang (http://kwchang.net/talks/genderbias/)
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How about...

*» language with grammatical gender
* bilingual word embedding
*» contextulaized embedding

Kai-Wei Chang (http://kwchang.net/talks/genderbias/)
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How about other languages?
[ZSZHCCC EMNLP19]

*» Language with grammatical gender
“*Morphological agreement

de termine

] 7EL S
the

/—'—_‘

». PEQUENO \

< ‘small” /

—— -

» ” PEQUENA ) 4

< ‘small” _ ~

—— -

oooooooo

AUTO

“man” \ thlsone / “car”
-

MOTO

R “motorbike”

— -

Kai-Wei Chang (http://kwchang.net/talks/genderbias/) 22



“ Linear Discriminative Analysis (LDA)
“* I[dentify grammatical gender direction

304 * feminine words . 7
mascullnewords' * AV . .

20 A

Kai-Wei Chang (http://kwchang.net/talks/genderbias/) 23



masculine

0.2

0.1

Female 0.0+ 1 Male

—0.1;

Grammatical Gender Direction

—0.4 -0.3 -0.2 -0.1 0.0 0.1 0.2 0.3
Semantic Gender Direction

feminine
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masculine
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masculine
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How about bilingual embedding?
[ZSZHCCC EMNLP19]

) arthitect
arquitecta arquitecto
.
Th er
ahQogada :N-yal;ogado
proressor
profesora . profesor
Female doctor in Spanish | |
| doctor -
dqctora / | dqctor
I I
nurse
| enfermerg | . enfermero
I I
——————— male doctor in Spanish
-0.4 -0.3 -0.2 -0.1 0.0 0.1 0.2

Semantic Gender Direction

Kai-Wei Chang (http://kwchang.net/talks/genderbias/) 27



How about Contextualized Representation?

Gender Bias in Contextualized Word Embeddings
[ZWYCOC; NAACL19]

* First two components explain more variance
than others

(Feminine) The|driver stopped the car at the hospital because she was paid to do so

(Masculine) The driver stepped the car at the hospital because he was paid to do so

gender direction: ELMo(driver) — ELMo(driver)

0.30

0.25 1

0.20 1

0.15

0.10 -

0.05 1

Kai-Wei Chang (f0.00- 28



Unequal Treatment of Gender

¢+ Classifier

f: ELMo(occupation) —> contextgender:

ELMo f gender
embeddings predictio

| 1

The driver stopped the car at the hospital because she was
paid to do so

Kai-Wei Chang (http://kwchang.net/talks/genderbias/) 29



Unequal Treatment of Gender

The writer taught himself to play violin .
% Classifier

f: ELMo(occupation) —> contextgender:

100
* ELMo propagates

gender information to 95
other words

L
. L q 92
* Male information is L
14% more accurately
85
propagated than
female
80 I 00
Male Context Female Context

Kai-Wei Chang (http://kwchang.net/talks/genderbias/) 30



Coreference with contextualized embedding

“* ELMo boosts the performance
“* However, enlarge the bias (A)

B OntoNotes | Pro. ~ Anti.
80 —

70

60

50

40
Kai-Wei Chang (http:/kwch H@ ¥8utalks/genderbias/)* ELMO
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Should We Debias Word Embedding?

< Awareness is better than blindness (Caliskan et. al. 17)

< Completely removing bias from embedding is hard
iIf not impossible (Gonen&Goldberg 19)

OQ Pred:“O” +—me  Calibration

I (Structured) Inference I

_ Auxiliary Corpus/Models
O ‘ | Representation | . (e.g, word embedding)

t
Qe
=9

Kai-Wei Chang (http://kwchang.net/talks/genderbias/) 32
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Data Augmentation-- Balance the data

“» Gender Swapping -- simulate sentence
In opposite gender

John went top,i{house

F2 wentto her house

/ M

‘ Named Entity are anonymized ‘ ‘ Gender words are swapped ‘

Better than down/up sampling
This idea has been used in computer vision as well

Kai-Wei Chang (http://kwchang.net/talks/genderbias/) 33



Reduce Bias via Data Augmentation in
Coreference Resolution

B OntoNotes || Pro. | Anti.

80

60

40

20

without augment with augment

Kai-Wei Chang (http://kwchang.net/talks/genderbias/) 34



Bias Calibration -- Visual-and-Language Models

Men Also Like Shopping: Reducing Gender Bias Amplification using Corpus-level Constraints
[EMNLP 17*] Jieyu Zhao, Tianlu Wang, Mark Yatskar, Vicente Ordonez, Kai-Wei Chang

What'’s the agent for this image”

| Tm—

Cooking
Role Object
agent

food vegetable

container bowl
tool knife
place Kitchen

An example from a vSRL (visual Semantic Role Labeling) system

*Best Long Paper Award at EMNLP 17

Kai-Wei Chang (http://kwchang.net/talks/genderbias/) 35/9



Dataset Gender Bias

33%

Female
imsitu.org 2

Kai-Wei Chang (http://kwchang.net/talks/genderbias/)

36



Model Bias After Training
16% 84%

Male

Imsitu.org

Kai-Wei Chang (http://kwchang.net/talks/genderbias/)
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imSitu Visual Semantic Role Labeling (VSRL)

COOKING (events)

Convolutional
Neural Network

v

ROLES NOUNS Q
AGENT woman %
FOOD vegetable

CONTAINER pot 8
TOOL spatula O

Kai-Wei Chang (http://kwchang.net/talks/genderbias/)
atskar et al. CVPR 16, Yang et al. NAACL 16, Gupta and Malik arXiv’16

Regression

Conditional Random Field
38



Leakage of Gender

Adversarial Removal of Gender from Deep Image Representations

[WZYCO19; ICCV 19]

Kai-\
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Defining Dataset Bias (events)

Trammg Gender Ratio (0 verb)

Training Set

€ cooking
©@ woman

@ nman

ROLES NOUNS
@ AGENT man
FOOD noodle

# (4@ cooking , @ man)
#(4pcooking ,@man) + # (¢ cooking ,@woman)

= 1/3
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Model Bias Amplification

€ mSituVerb
A COCO Noun o
autographing #>>MPINS
o 1.00
B X
a'd
. 075
(1)
9
C
H 050
5
Q
T 025
_8 . o i Amplification Zone
A COOkmg — Matched gender ratio
000 — hi -
0 025 Washing o5 0.75 o)
Female Unbiased Male
bias Gender Ratio bias

Kai-Wei Chang (http://kwchang.net/talks/genderbias/) 41



Reducing Bias Amplification (RBA)
o O O
O O O
Dataset Model RBA

% Corpus-level constraints on model output (ILP)
“* Doesn’t require model retraining

** Reuse model inference through Lagrangian relaxation
<+ Can be applied to any structured model

Kai-Wei Chang (http://kwchang.net/talks/genderbias/) 42



Reducing Bias Amplification (RBA)

O
= 1.00
ks
ad
o 075
9
-
H 050
5
T 025
k3
A 000

Integer Linear Program

S max s(y, image)
oy
Training Ratio - Predicted Ratio ‘ <= margn
fyioyn)

Y points

"
“
Phe .
- -
- -
" “
- “

-
. ”
-” -”
- ”

-
PR s”
4‘ ﬂ'
- ‘ﬂ

et s @ Violating margin
_________ @ \Within margin
....... === Margin

_____ — Matched gender ratio

“
-
,‘
-

-
" “
" “
- "

—'

0 0.25 0.5 0.75

Gendelr Ratio



Reducing Bias Amplification (RBA)

)" max s(yi,image)
oy
Training Ratio - Predicted Ratio ‘ <= margn
fvioyn)

Y points

Lagrangian Relaxation

RN

inference constraints
44

Sontag et al., 2011; Rush and Collins, 2012; Chang and Collins, 2011; Peng et al., 2015, Chang et al., 2013; Dalvi, 2015




Reducing Bias Amplification (RBA)

)" max s(yi,image)
I >/i
V points ‘Training Ratio - Predicted Ratio ‘ <= margn

{y' }E{Y }

ng(y i), s.t AZyi—bSO

Lagrangian : Zfe(y") —Zi.:l N4 )yt —=b) 420

N~

Sontag et al., 2011; Rush and Collins, 2012; Chang and Collins, 2011; Peng et al., 2015, Chang et al., 2013; Dalvi, 2015



Lagrangian Relaxation
0 he

ROLES | NOUNS
AGENT | woman
FOOD | pancake

ROLES | NOUNS
AGENT | woman
FOOD | vegetabl

> max s(yi, image)
oy

Training Ratio - atio | <= margin

(1/2)
o Lagrange Multiplier (4) Per Constraint

update 4

update
potentials

46

Sontag et al., 2011; Rush and Collins, 2012; Chang and Collins, 2011; Peng et al., 2015, Chang et al., 2013; Dalvi, 2015



Lagrangian Relaxation
0 he
‘ > max s(yi, image)

Yi
Training Ratio - Predicted Ratio ‘ <= margin

/2

ROLES | NOUNS
AGENT | woman
FOOD | pancake

o Lagrange Multiplier (4) Per Constraint

inference

update 4

ROLES | NOUNS
AGENT | woman
FOOD | vegetabl

update
potentials

47

Sontag et al., 2011; Rush and Collins, 2012; Chang and Collins, 2011; Peng et al., 2015, Chang et al., 2013; Dalvi, 2015



Lagrangian Relaxation
0 he

> max s(yi, image)

Yi
‘Training Ratio - Predicted Ratio ‘ <= margin

(1/2)
o Lagrange Multiplier (4) Per Constraint

ROLES | NOUNS
AGENT | woman
FOOD | pancake

inference

update 4
update
potentials
48

Sontag et al., 2011; Rush and Collins, 2012; Chang and Collins, 2011; Peng et al., 2015, Chang et al., 2013; Dalvi, 2015

ROLES | NOUNS
AGENT | woman
FOOD | vegetabl




Lagrangian Relaxation
0 he

> max s(yi, image)

Yi
Training Ratio - Predicted Ratio ‘ <= margin

(1/2)
o Lagrange Multiplier (4) Per Constraint

update 4

ROLES | NOUNS
AGENT | woman
FOOD | pancake

ROLES update
AGENT potentials
FOOD | vegetabl

49
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Gender Bias De-amplification in imSitu
imSitu Verb Violation; 72.6%  .050 |biast| 24.07 acc.

0.75

Predicted Gender Ratio

oo : . @ Violating margin
0.25 : @ \Within margin
o === Margin
. : — Matched gender ratio
0 e—-o"e ® P :
‘ 0 0.25 0.5 0.75 I .
Female Unbiased Male
bias Gender Ratio bias
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Gender Bias De-amplification in imSitu

imSitu Verb Violation: 72.6%  .050 |biast| 24.07 acc.
w/ RBA Violation: 50.5% .024 |biast| 23.97 acc.

0

IS

ad

T <

5 0.75 b

-

Q

O o5

5

e @ Violating margin

Y095 @ \Within margin

_GO) === Margin

D& — Matched gender ratio

O e-.7¢ o :
0 0.25 0.5 0.75 | .

Female Unbiased Male

bias Gender Ratio bias
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Outline
+» Gender Bias in NLP

** Representational harm

*» Performance gap in downstream applications

arXiv.org > cs > arXiv:1906.08976

Computer Science > Computation and Language
Mitigating Gender Bias in Natural Language Processing: Literature Review

Tony Sun, Andrew Gaut, Shirlyn Tang, Yuxin Huang, Mai ElSherief, Jieyu Zhao, Diba Mirza, Elizabeth Belding, Kai-Wei Chang, William Yang Wang

[ACL 2019]
¢ Cross-lingual Dependency Parsing

ROOT

DOBJ
POBJ
NSUBJ DET PREP
|y e
I saw the man with glasses
PRP VBD DT NN IN NNS

CamnlN
]
# NOUN ADP NOUN PROPN PROPN VERB AUX PUNCT

NT & @I AT T 3o & |

PRON  VERB DET NOUN ADP NOUN Enjoyment of expenditure  Indian army  bears is

Kai-Wei Chang (http://kwchang.net/talks/genderbias/) 52



Standard Neural Architectures for NLP

An encoder to produce
contextualized representations

............................................

l A decoder that makes
(structured) predictions

Embeddings for the
input sentence y = {pl pn}
; : LRI |

Kai-Wei Chang (http://kwchang.net/talks/genderbias/) Credit: Nanyun Peng



Standard Neural Architectures for NLP

An encoder to produce
contextualized representations

............................................

l A decoder that makes
(structured) predictions

Multi-Lingual Embeddings
for the input sentence y = {Pl pn}
yoooy

Kai-Wei Chang (http://kwchang.net/talks/genderbias/) Credit: Nanyun Peng



Cross-lingual Transfer for Decency Parsing

“* Examine and verify our hypothesis on cross-
lingual dependency parsing
“» UD annotation for over 70 languages
*» Parser is a low-level task that reflects the problems
“<* Remove language-specific knowledge (e.g.,
word order) from encoder

“+» Add language-specific knowledge to decoder

/7 A A

Kai-Wei Chang (http:/kwchang.net/talks/ger®lerbBif)  there were no buyers



Background: Deep Biaffine Parser

H(a’rc—dep) @1 U(arc) H(a’rc-head) S(a'rc)

T
e ™ 00 600
@000 . QY cee| _ |eeee
[©®e]® XX (000 (@080
[@0e]|® (000 (@000

MLP: hgarc-dep), hgarc-head) |.O:| |’“ ..g| |;..|

BiLSTM: r; C000| @000 <0080 0000« - - | 0000|0000 <0000 0000
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e Graph-based parser
e Encoder: RNN (Order-sensitive); Decoder: Graph (Order-free)
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Remove Word Order information -- Multi-

Head Self-Attention with Relative Position
[WZMCN NAACL 19]

4 ] ™\ .
~>{ Add & Norm * In the original paper:
’ Feed l PE(pos 2i) = 5in(pos /100007 dnosr)
Forward PE(0s,2i+1) = cos(pos/ 10000%/ dmoder)
\. 1 Vaswani et. al. (NIPS 2017)
N> | —{"Add & Norm * Encoder absolute distance
’ Multi-Head I a’, =w' a’, =w", a’, =w",
&Atteztlon} aK2,1=WK_1 aK2,4=WK2 aK4’n=WKk
& | J

Positional /N L % [ %] -

. Encoding i
. . Shaw et. al. (NAACL2018)
’ Input l Flexible positional

Embedding encoding (order-free)
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Architectures for Cross-lingual Parser

v+ Embeddin
(A)

Facebook x/ "~
MUSE

Conneau et. al. ICLR2018
+* Encoders

“* BILSTMs (order-sensitive) v.s.

*» Multi-Head Self-Attention with Absolute Relative
Positional Encoding (order-free)

+» Decoders

“* Pointer Network (order-sensitive) v.s.
< BiAffine Attention (order-free)

Kai-Wei Chang (http://kwchang.net/talks/genderbias/)



Experiments

*» Datasets:

<UD (V2.2)

31 languages, 12 families
“ Setting:

“*Train/Dev on English

“*Directly predict on the res
30 languages (zero-shot)

Language Languages
Families
Afro-Asiatic Arabic (ar), Hebrew (he)
Austronesian Indonesian (id)
IE.Baltic Latvian (Iv)

IE.Germanic

Danish (da), Dutch (nl), English (en),
German (de), Norwegian (no),

Swedish (sv)
IE.Indic Hindi (hi)
IE.Latin Latin (la)
IE.Romance Catalan (ca), French (fr), Italian (it),
Portuguese (pt), Romanian (ro),
Spanish (es)
IE.Slavic Bulgarian (bg), Croatian (hr), Czech
(cs), Polish (pl), Russian (ru), Slovak
(sk), Slovenian (sl), Ukrainian (uk)
Japanese Japanese (ja)
Korean Korean (ko)
Sino-Tibetan Chinese (zh)
Uralic Estonian (et), Finnish (fi)

Kai-Wei Chang (http://kwchang.net/talks/genderbias/)



Selected Transfer Results of Different
Architectures
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Evaluation Difference
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Case Study -- Adposition
Preposition v.s. postposition

lef(Graph—Dec(OF), Stack—Dec(OS))

la it b'g fr cs hr sk sl pt zh uk en he ro ru no 151 es sv nl ca ar dade lv id et fi hi jé

The languages (x-axis) are sorted by this relative frequency from high to low

Kai-Wei Chang (http://kwchang.net/talks/genderbias/)
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Adversarial Learning for Removing
Language-specific Information  ymen contt 191

Parse Tree
L, T
Parser, 6,
(LSTM / Attention) Decoder Language Label
Discriminator, 6,4 SN T . )
(Logistic/MLP) A - . Classifier
) “‘ . . ) :—\:\_\:\ ’,’/77“\
/I/ “‘—___——"2\,—:”’ \\\\ \\ —ALd
Contextualized L WP P
Word Vectors ‘O O’ ‘.OOO‘ VOOO OOO‘
O O O O
Generator, 6, | 0O ® O ® ‘
(Bi-LSTM / J 0 0O 0O O |
Self-Attention) i ® o o ®
Part-of-speech {I 77777777777 I 777777777777777 }
embeddings
Multilingual
word embeddings
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Cross-lingual transfer with Mulitilingual
embedding

Kai-Wei Chang (http://kwchang.net/talks/genderbias/) 63



Cross-lingual transfer with
Mulitilingual BERT

Kai-Wei Chang (http://kwchang.net/talks/genderbias/) 64



Decoding with Language-Specific Knowledge
[TPC EMNLP 19]

“* Leveraging linguistics knowledge (WALS
features) in decoding

PR

¥
NOUN ADP NOUN PROPN PROPN VERB AUX PUNCT

ST T @I HRAT AT 30ar g |

Enjoyment of expenditure  Indian army  bears  is
Constraint: In an ADP-NOUN arc in Hindi, ADP
is more likely to be on the right.

477N

v
NOUN ADP NOUN PROPN PROPN VERB AUX PUNCT

ST T @I HRAT QT 337 g |

Enjoyment of expenditure  Indian army  bears  is
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Corpus-Statistics Constraints

+» Consider constraints in two forms:

[TPC EMNLP 19]

*» specifies the ratio r of POS1 being on the left in all POS1-
POS2 arcs

*+ specifies the ratio r of the heads of a particular POS
appears on the left of that POS

% Compiling from WALS features:

/

< Dominant order: e.g. 85A — Binary constraint (ADP, NN)
% Prepositions: r € (0,0.25)
** No dominant order: r € (0.25,0.75)

L)

L0

<&

)

¥ Postpositions: r € (0.75,1) _
Kai-Wei Chang (http://kwchanhg.net/talks/genderbias/) 66



Sentence wy,
1 Graph-Based Parser
Constrained Inference e
S5

Prob. Dist.
Pe(y|w)

“» Lagrangian Relaxation FeasbleDi

“ Introduce Lagrangian multipliers for } MAP Inference
. | Dependenc )
eaCh COnStralntS Original i 1I“)ree Yk T Constrained
Inference Inference

“* Apply sub-gradient descent method
to solve the dual form.

“» Posterior Regularization

+» Use constraints to define a feasible
distribution set Q.

“* Find the closest distribution g € Q
from pgy, and do MAP inference on gq.

Kai-Wei Chang (http://kwchang.net/talks/genderbias/) 67



Experiments Results

[TPC EMNLP 19]

Lang. Baseline Lagrangian Relaxation | Posterior Regularization

Oracle WALS AWALS | Oracle WALS AWALS
en 90.5 90.3 904 -0.1 90.4 90.6 +0.1

|E.Indic ur 18.3 352 340 +15.7 35.0 33.7 4154
Dravidian ta 36.1 428 434 +7.3 43.1 43.0 +6.9
Turkic tr 31.2 352  37.1 +5.9 35.1 36.3 +5.1
Austronesian id 49.3 53.1 523 +3.0 52.3 51.9 426
Average Performance| 54.3 584 578 +3.5 58.1 57.5 +3.1

“ LR, PR get improvements in 15,17 out of 19 target languages from
variant of language families, respectively

* The improvements are closely related to the ratio gap in constraints

** LR has greater average improvement, while PR is a more robust
inference algorithm

Kai-Wei Chang (http://kwchang.net/talks/genderbias/) 68



Conclusions

“* NLP systems affect by societal bias present in data
+* How to learn/unlearn/control a model

“* The issues are not new
“* Domain adaptation / Constraint Inference
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