ConServe: Fine-Grained GPU Harvesting for LLM
Online and Offline Co-Serving

Yifan Qiao! Shan Yu? Shu Anzai’ Haoran Ma? Shuo Yang' Yang Wang*

Miryung Kim? Yongji Wu' Yang Zhou'* Jiarong Xing'> Joseph E. Gonzalez

Abstract

Large language model (LLM) serving demands
low latency and high throughput, but high
load variability often leads to significant GPU
under-utilization. In this paper, we identify a
synergistic but overlooked opportunity to co-serve
latency-critical online requests alongside latency-
tolerant offline tasks, which existing systems fail
to exploit because their coarse-grained resource
management introduces interference. We present
ConServe, a co-serving system that enables
fine-grained resource sharing through latency-
aware token-level scheduling, sub-iteration
layer-wise preemption, and incremental KV-cache
management. These mechanisms allow offline
execution to fill millisecond-scale GPU idle time
while preserving strict online latency guarantees.
Across real-world workloads with Llama-3.1 and
Qwen-2.5 models, ConServe improves throughput
by 2.2 on average and reduces online tail latency
by 2.9 over state-of-the-art systems.

1. Introduction

Large language models (LLMs) power chatbots (OpenAl,
2025; The Claude Team, 2024; Chiang et al., 2024),
coding assistants (GitHub, 2025; Roziere et al., 2024),
and document processing (Narayan et al., 2018; Google
Labs, 2024), driving massive GPU deployments (OpenAl,
2024b; Anthropic, 2024b). Yet inference clusters remain
underutilized: bursty online traffic (load can triple within
seconds (Wang et al., 2024)) forces providers to provision
for peak demand, leaving substantial capacity idle.
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A natural approach to improving utilization is to backfill
idle resources with best-effort workloads.  However,
GPU resource harvesting is challenging because online
inference workloads must promptly reclaim resources to
meet millisecond-level SLOs. Prior approaches primarily
co-locate inference with training or fine-tuning jobs (Xiao
etal., 2020; Miao et al., 2024; Oliaro et al., 2026), typically as
independent processes running in separate containers or vir-
tual machines (Fu et al., 2024; Zhang et al., 2024), incurring
task-switching overheads that take seconds to minutes.

To make GPU harvesting practical, it is critical to find
best-effort jobs suitable for co-locating. In this work, we
argue that a more synergistic yet overlooked opportunity
lies in co-serving online, latency-sensitive requests with
offline, latency-tolerant batch inference. This option is
increasingly viable as providers like OpenAl (OpenAl,
2024a) and Anthropic (Anthropic, 2024a) now offer batch
APIs with a 24-hour turnaround at a lower price for tasks
such as data analytics (Liu et al., 2024) and model test-
ing/evaluation (Liang et al., 2023). Offline batch inference
offers two key advantages for GPU harvesting: (1) offline
tasks share the same model and can be co-scheduled with
online ones in the same inference engine, enabling seamless
reuse of the loaded model without costly process switching;
and (2) offline requests can be freely preempted to quickly
accommodate sudden online traffic spikes.

However, simply co-locating online and offline requests is
insufficient, as existing serving systems manage requests and
their states at a coarse granularity, leading to severe interfer-
ence between co-located workloads and causing violations
of the tight SLOs of online workloads. Specifically, our
profiling reveals three critical problems spanning the entire
serving lifecycle: scheduling, execution, and KV cache state
management.

o Static scheduling leads to unpredictable latency. Chunked
prefill with fixed compute budgets works for online-only
serving but fails under co-serving where GPUs are
kept near saturation, making latency highly sensitive to
context lengths and KV cache states. As a result, static,
chunk-level scheduling cannot control latency accurately,
which causes frequent SLO violations.
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* [teration-level preemption causes slow responsiveness.
Current engines execute batches as uninterruptible itera-
tions for efficiency, allowing preemption only after comple-
tion. However, our profiling shows that this coarse-grained
approach can delay online requests by up to 970 ms.

* Request-level state management incurs prohibitive
overhead. KV caches can grow to gigabytes per request.
Preempting a request either discards its cache (expensive
recomputation) or swaps to host memory (long stalls),
both degrading throughput.

This paper addresses a central question: Can idle GPU cycles
and memory be harvested during online LLM serving while
achieving both high throughput and strict SLO guarantees?
Our key insight is that resolving the tension between low
latency and high efficiency requires managing resources and
orchestrating execution at a granularity finer than requests or
iterations, which enables millisecond-scale scheduling and
preemption to preserve SLOs while improving throughput.

We introduce ConServe, an LLM co-serving system that
harvests idle GPU resources while adhering to strong online
SLOs. ConServe operates at sub-request and sub-iteration
granularity: (1) SLO-aware scheduling controls offline
token admission, (2) layer-wise preemption enables fast
reaction to traffic spikes, and (3) incremental KV cache
management avoids expensive recomputation or swapping.
Together, these mechanisms allow ConServe to saturate GPU
resources with offline work while retaining millisecond-scale
responsiveness for online requests.

Across four real-world datasets and diverse synthetic
workloads, ConServe provides strong performance isolation
for online inference, reducing P99 latency by an average of
2.9x while improving offline throughput by 2.2 x compared
to state-of-the-art preemptive serving systems.

In summary, this paper makes the following contributions:

* We identify fundamental limitations of existing co-serving
systems and design an SLO-aware, token-level scheduling
framework with a precise cost model that captures both
compute and memory pressure for latency prediction.

* We introduce layer-wise preemption and incremental
KV cache management, enabling millisecond-scale
preemption with near-zero overhead.

* We implement ConServe with 2.9 x lower P99 latency and
2.2x higher offline throughput on real-world workloads.

Conflict of Interest Disclosure. The authors declare no

financial conflicts of interest in connection with this work.

2. Background
2.1. Online and Offline LLM Serving

Broadly, LLM serving can be categorized into two types:
online serving, which generates real-time responses to user
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Figure 1: User traffic to ChatGPT within a campus exposes high
load variability at various time scales.

inputs, and offline serving, which processes inputs in batches
and responds asynchronously.

Online serving is latency-critical and is the default mode
offered by existing API providers (OpenAl, 2024b; An-
thropic, 2024b). Because LLMs generate variable-length
token sequences, serving latency is measured at the token
level, using time to first token (TTFT) for the prefill phase
and time between tokens (TBT) for per-token latency during
decoding. To ensure responsive user experiences, LLM
serving systems must tightly control both TTFT and TBT
under strict SLOs. For instance, interactive chatbots may
require P99 TTFT of 1.5s and P99 TBT of 100ms (Proxet.,
2023; Mosaic Al Research., 2024).

In contrast to online serving, which prioritizes low latency,
offline serving targets latency-tolerant, best-effort workloads.
Requests are submitted in batches and processed to
maximize hardware utilization; as a result, foken throughput
becomes the primary performance metric. Offline serving
is widely used for large-scale tasks such as document
summarization (Jin et al., 2024), data wrangling (Narayan
et al., 2022), data analytics (Liu et al., 2024), and LLM
benchmarking and evaluation (Liang et al., 2023).

3. Motivation
3.1. GPU Underutilization in LLM Serving

Online Load Burstiness. LLM service providers and
recent studies (Moonshot Al, 2024; Patel et al., 2025; Wang
et al., 2024) have reported that real-world LLM workloads
often expose diurnal patterns and high load variability. As
shown in Figure 1(a), ChatGPT traffic varies significantly
between peak afternoon hours and off-peak morning periods.
Figure 1(b) further shows that load fluctuates sharply even
at the minute timescale, with request rates increasing by up
to 3x within 10 minutes.
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Figure 2: GPU utilization and the P99 TTFT across request
rates measured with Llama-3.1 8B on an H100 GPU. Utilization
is defined as the offered load relative to the GPU’s maximum
achievable load.
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Figure 3: P99 online latencies and offline throughput when
co-serving online and offline requests with preemptive or non-
preemptive scheduling with Llama-3.1 8B on one H100 GPU.

Static Reservation Underutilizes GPUs. To meet stringent
latency SLOs under such highly variable demand, LLM
service providers typically reserve GPU capacity for peak
load using long-term or on-premise GPU instances (Xiaetal.,
2025). Because peak demand can be several times higher
than average load, this static reservation leads to substantial
underutilization during off-peak periods. As shown in Fig-
ure 2, while the model achieves high utilization at peak load,
under a moderate load of 2000 tokens/s (the average load
in Figure 1b), more than 70% of GPU resources are left idle.

3.2. Challenges in LLM Co-Serving

While co-serving online and offline workloads on the same
LLM instance can significantly improve GPU utilization,
it poses a fundamental challenge: simultaneously satisfying
the strict low-latency requirements of online inference
and the high-throughput demands of offline workloads.
To quantify this trade-off, we extend vLLM (vLLM team,
2025) with priority-based scheduling and preemption
(details in §6.1), denoted as Preemptive. Building on
chunked-prefill (Agrawal et al., 2024), the scheduler
fills unused capacity with low-priority offline tokens and
preempts offline requests when online requests arrive. We
also introduce a non-preemptive variant, Non-Preempt ive,
which schedules offline requests at low priority but allows
them to run to completion, providing an upper bound on
achievable offline throughput.

We compared these two policies against Online-Only,
which serves only online inference and represents optimal
online latency. We used a synthetic online workload (Gamma
arrivals, CV=0.5, 2 req/s) alongside sufficient offline re-
quests. As shown in Figure 3, simple preemptive scheduling
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Figure 4: Design overview of ConServe.

achieves neither low online latency nor high offline through-
put: compared to Online-Only, Preemptive increases
P99 online TTFT and TBT by 3.59x and 3.01 x, respec-
tively, and reduces offline throughput by 4.27x relative to
Non-Preemptive. Our analysis revealed three root causes:

e Coarse-grained scheduling leads to contention: The
scheduler operates at chunk granularity and greedily fills
each chunk with offline tokens without accounting for the
resulting compute and memory contention, which slows
concurrent online decoding and inflates TBT.

o Iteration-level preemption causes queuing delays:
Preemption is only possible after a full iteration finishes,
forcing incoming online requests to wait for the entire
in-flight chunk to complete. Such iteration-level preemp-
tion creates head-of-line blocking that can last hundreds
of milliseconds, severely degrading TTFT.

e Request-level KV cache management incurs high over-
head: KV cache state is managed at the entire sequence’s
granularity, forcing a costly dilemma upon preemption:
either recompute the entire KV cache later or stall the
GPU to swap it to host memory. Our profiling shows that
under memory pressure, up to 69% of GPU time is wasted
on recomputation or swapping (Kwon et al., 2023).

Takeaway. These challenges necessitate a system featuring
fine-grained resource management: (1) Adaptive scheduling
that bounds the latency impact of co-served offline work
within online SLOs; (2) sub-iteration preemption to mitigate
head-of-line blocking; and (3) sub-request KV cache
management for efficient context switching.

4. Design

4.1. ConServe Overview

As shown in Figure 4, ConServe is an LLM co-serving
system that harvests idle GPU compute and memory by
jointly serving online and offline requests within a single
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engine, while preserving strict online SLOs. ConServe
achieves this by operating at a much finer granularity than
existing systems across the entire serving stack. At the
scheduling layer, an SLO-aware scheduler admits offline
work at the token level using a context-aware performance
model to dynamically determine a safe token budget each
iteration. At the execution layer, ConServe enables fast,
layer-wise preemption, allowing offline requests to be
interrupted within a forward pass to promptly accommodate
online traffic bursts. At the state management layer,
ConServe employs incremental, token-level KV cache
checkpointing to preserve offline progress at near-zero
cost. Together, these mechanisms allow ConServe to safely
saturate GPU resources with offline work while maintaining
millisecond-scale responsiveness for online inference.

4.2. SLO-Aware Token-Level Scheduling

Limitations of static chunk-level scheduling. Modern
serving engines (Zheng et al., 2024; Kwon et al., 2023) adopt
chunked prefill (Agrawal et al., 2024) by default for online
serving. Chunked prefill splits a long prefill into fixed-size
chunks to reduce head-of-line blocking and stabilize TBT,
assuming that a chunk of a given token size incurs roughly
constant latency. While this assumption holds in online-only
serving with lightly loaded GPUs, it breaks down under
co-serving at high GPU utilization, where chunk latency
becomes highly sensitive to request context length and
accumulated KV cache state. For example, prefilling a
2048-token chunk for Llama-3.1 8B on an H100 takes 51ms
for a new request but increases to 124ms when the request
already has a 40K-token context. Given a 100ms TBT SLO,
a static chunking policy treats both cases identically, leading
to an SLO violation in the latter case. This demonstrates
that fixed, static chunk-level scheduling yields inaccurate
latency estimates under varying request contexts and cannot
simultaneously provide high efficiency and strict latency
guarantees under co-serving.

Context-aware performance model. To accurately predict
the latency of any potential batch with varying contexts, we
build a context-aware performance model for LLMs. We
model iteration latency as a function of two key variables:
the number of compute tokens (P) being actively processed,
and the number of pre-existing context tokens (C') held in
the KV cache.

Latency(P,C)= k1P  +kP(P+C)
~—~ ——

Linear Compute Attention

+  ksP 4 ka(P+C) + ks
~~ N—_—— ~~~
Communication Memory Access Constant
Each term captures a distinct component of transformer
execution. The linear compute term (k; P) accounts for
per-token operations such as QKV projections and FFN
layers. The attention term (ko P(P-+C)) explicitly models

the quadratic cost of attention, reflecting interactions
between newly generated tokens and all existing context
tokens, and dominates latency for long-context requests.
The communication term (k3 P) captures collective com-
munication overheads (e.g., al1l_reduce) in tensor-parallel
settings. The memory-access term (k4(P + C')) models
HBM traffic for loading the KV cache, while the constant
term (k5) captures fixed per-iteration overheads.

ConServe learns the coefficients (k1—k5) using a one-time,
offline profiler. For a given model and hardware configura-
tion, the profiler measures iteration latency across a grid of
(P,C) values and fits the model via polynomial regression.
Profiling completes within 20 minutes even for 70B models
and achieves under 4% relative prediction error.

At runtime, the profiler exposes a can_schedule (batch,
req, TBT) interface that determines whether and how
many tokens from req can be admitted into the current batch
while satisfying the TBT SLO; returning zero indicates that
admission would violate the latency budget.

Latency-aware token-level scheduling. Guided by the
latency prediction model, ConServe performs dynamic,
token-level scheduling at each iteration to compose the
optimal batch that respects online SLOs while maximizing
utilization. As shown in Algorithm 1, the scheduler always
prioritizes online requests to avoid queuing delay, then
incrementally admits offline tokens by querying the profiler
to ensure the resulting batch satisfies the online TBT SLO.

Beyond latency control, the scheduler must also manage
the limited GPU KV cache capacity. In co-serving, paused
offline requests continue to occupy memory and can block
incoming online requests; to address this, ConServe releases
their KV caches on demand and restores them efficiently
when offline execution resumes (§4.4). When no online traf-
fic is present, the scheduler switches to an offline-optimized
mode, using the performance model to select batch sizes that
maximize throughput until online requests arrive.

4.3. Layer-Wise Preemption

As discussed in §3, iteration-level preemption in co-serving
forces new online requests to wait for long-running offline
iterations, causing TTFT violations under traffic spikes.
Avoiding this head-of-line blocking requires sub-iteration
preemption. However, it is challenging because inference
engines execute each iteration uninterruptibly as a single
executable or a CUDA Graph. Intra-iteration interruption
can leave inconsistent states and potentially crash the engine.

ConServe breaks this iteration-level barrier by instrumenting
the model at the Transformer layer granularity, which
brings two key advantages. First, modern LLMs typically
comprise dozens of layers where each layer runs for a few
milliseconds, ensuring high responsiveness. Second, layers
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Algorithm 1 SLO-aware token-level scheduling.

Input: Online queue Qon, offline queue Qo, TBT target tra.
B«

for request r € Qon do
if GPU memory insufficient for r then
Preempt paused offline requests to free KV cache
end if
n < Profiler.can_schedule(B,r,treT)
break when n=0
Add n tokens from r to B
end for

for request r € Qo do
if GPU memory insufficient for r then
break
end if
n < Profiler.can_schedule(B,r,treT)
break when n=0
Add n tokens from r to B
end for
return Batch B

represent natural computation boundaries with clear input
and output dependencies, which allows offline requests to
pause and exit early with simple cleanup.

ConServe codesigns the scheduler and workers to realize
layer-wise preemption. The scheduler is responsible for
detecting potential latency violations. It spawns a dedicated
monitor thread, which is triggered upon receiving a new on-
line request. It uses the performance model and profiler (§4.2)
to estimate if waiting for the current batch to finish would
cause the new request to miss its TTFT SLO. If a violation is
predicted, the scheduler immediately signals for preemption
by writing to a designated flag in shared host memory.

ConServe workers instrument the model with lightweight
synchronization points (safepoints) between layers, inspired
by language runtime designs (OpenJDK, 2024). At each
safepoint, the worker checks the preemption flag with a
single device-to-host memory load. If the flag is set, the
worker will terminate computation for all offline requests in
the batch, clean up their hidden states and attention metadata,
and then resume execution for the remainder of the iteration
with only the online requests.

Tensor parallelism. One additional challenge in im-
plementing the safepoint with tensor parallelism (TP) is
that collective communication (e.g., all-reduce) in TP
requires strict synchronization across workers. Arbitrary
preemption of a subset of workers can cause communication
deadlocks (Pan et al., 2023). To address this, ConServe will
synchronize all workers with ncclBroadcast at the begin-
ning of the safepoint before checking for preemption signals.

CUDA graph compatibility. Our safepoint mechanism
is fully compatible with CUDA Graphs. First, modern
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Figure 5: Different preemption and resumption strategies. (a)
Resuming by recomputation achieves low preemption delay at the
cost of additional computation. (b) Resuming by swapping avoids
recomputation but blocks the schedule of incoming online requests.
(c) Incremental checkpointing (IC) minimizes both preemption
delay and resumption cost. (d) Incremental checkpointing +
prefetching overlaps swap-in with computation of the next batch.

engines such as vLLM capture each model layer as a separate
graph, where we can insert the safepoint between graph
launches. For systems that capture the model as a single
graph, safepoint can be implemented as a conditional CUDA
graph node (NVIDIA, 2025) within the graph.

Overhead analysis. @ We have carefully implemented
safepoint to minimize its cost. Each safepoint check consists
of a single read from pinned host memory (7us) and a single
broadcast/barrier operation across GPUs (13us on NVLink).
This raw cost of ~20us is negligible compared to the several
milliseconds required to execute a transformer layer. More
details are presented in §6.5.

4.4. Incremental KV Cache Management

Effective preemption requires not only interrupting computa-
tion but also rapidly reclaiming GPU memory. Modern LLM
serving engines, such as SGLang (Zheng et al., 2024) and
vLLM (Kwon et al., 2023), support preemption by evicting
the KV cache of a request as a whole. This coarse-grained
design forces a fundamental tradeoff between reclamation
latency and restoration cost.

Figure 5 illustrates two strawman eviction strategies.
(a) Recomputation immediately discards the KV cache,
enabling fast memory reclamation but wasting GPU cycles
by requiring the request to recompute its entire prefix upon
resumption. (b) Swapping preserves the KV cache by spilling
it to host memory, but incurs blocking I/O overhead propor-
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tional to the request’s token length, delaying online request
admission and potentially causing TTFT SLO violations.

This inefficiency stems from request-level KV cache
management, which tightly couples preemption cost to a
request’s sequence length. To enable fine-grained preemp-
tion, ConServe manages the KV cache at token granularity
with incremental checkpointing. Leveraging the insight
that the cache is append-only, ConServe asynchronously
saves only the state for the single, newly-generated token
after each iteration. This decouples the cost of preemption
from a request’s history, making the overhead constant and
negligible, and eliminating the swap-vs-recompute dilemma
of monolithic eviction.

Unlike traditional swapping, incremental checkpointing
keeps KV caches in GPU memory during normal execution
and discards them only on demand at token granularity when
preemption occurs. Symmetrically, when GPU memory
becomes available, ConServe incrementally prefetches KV
caches for evicted tokens in the background. As shown in
Figure 5(d), prefetching fully overlaps with computation and
remains off the critical path.

Overhead analysis. The overhead of incremental KV check-
pointing is negligible. On an H100 with a 64 GB/s device-
to-host interconnect, checkpointing Qwen-2.5-14B (192 KB
KV cache per token) supports over 349K tokens/s, far ex-
ceeding typical generation throughput. Even checkpointing
a full 2048-token chunk takes only 10 ms and can be fully
overlapped with computation (detailed evaluation in §6.5).

5. Implementation

We have implemented ConServe atop vLLM (Kwon et al.,
2023). To unify the scheduling logic, ConServe internally
assigns priorities to online and offline requests upon their
arrival via the real-time streaming API or the batch API. The
ConServe scheduler manages all requests using a priority
queue and coordinates the scheduling of online and offline
requests with a unified control loop.

To support incremental KV cache checkpointing, ConServe
manages KV cache at a granularity of 16 tokens to align with
vLLM page size, and enhances vVLLM’s KV cache manager
to track the mapping between each GPU KV page and its cor-
responding CPU KV page for checkpointing. This mapping
is recorded in an extended field of the virtual page table.

To support efficient KV cache transfer for tokens scattered in
GPU memory, we implement an efficient kernel that gathers
their KV cache into a contiguous buffer and transfers it once.

To ensure overlap between computation and asynchronous
swap I/O, ConServe creates a separate CUDA stream for KV
cache checkpointing operations. Original model executable
or CUDA Graphs are still launched in their own streams.

Since the checkpointed or prefetched KV cache blocks have
no data dependencies with the ongoing model computation,
no synchronization is required between CUDA streams.

6. Evaluation

Our evaluation aims to answer the following questions:

1. Can ConServe efficiently harvest GPU resources while
maintaining low online latency? (§6.2)

2. Can ConServe achieve both low online latency and high
offline throughput under real-world workloads? (§6.3)

3. Can ConServe maintain efficiency for workloads with
different degrees of burstiness and request lengths? (§6.4)

6.1. Setup

Environment and models. We conducted experiments
on a DGX server with two 48-core CPUs, 2TB of memory,
and eight NVIDIA H100 GPUs connected with 900GB/s
fully-meshed NVLink.

We evaluated ConServe on three models of varying sizes,
including Llama-3.1 8B (Grattafiori et al., 2024), Qwen-2.5
14B (Yang et al., 2024), and Llama-3.1 70B (Grattafiori et al.,
2024). All models were served in FP16 using the minimum
required GPUs: 1 H100 for Llama-3.1 8B and Qwen-2.5
14B, and 4 H100s for Llama-3.1 70B with tensor parallelism.
Among them, Llama-3.1 8B represents a memory-rich
setting, with small model weights (16 GB) leaving ample
GPU memory for KV caches (60 GB), while Qwen-2.5 14B
reflects a memory-constrained setting, where larger weights
(28 GB) reduce KV cache capacity (48 GB). Llama-3.1 70B
demonstrates a multi-GPU tensor-parallel setting.

Baselines. We compared ConServe with four baselines:

e Online-Only: Original vLLM serving only online infer-
ence (optimal online latency, zero offline throughput).

e Non-Preemptive: Schedules offline requests at low priority
without preemption (upper bound on throughput).

e Sarathi-Preemptive (Sarathi-P): Chunked prefill (Agrawal
et al., 2024) extended with priority scheduling and pre-
emption under memory pressure.

o DistServe-Preemptive (DistServe-P): Prefill-decode disag-
gregated serving (Zhong et al., 2024) with similar preemp-
tion policies; we report the best prefill/decode GPU ratio.

We implemented or ported all baselines to the same engine
with chunked-prefill enabled by default for fair comparisons.

Real-world workloads. For the online workload, we
evaluated BurstGPT (Wang et al., 2024), a representative
trace of GPT-4 (OpenAl, 2023) user requests collected
from a university campus. For offline workloads, we
evaluated three tasks: DuReader (He et al., 2018) for
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Table 1: Real-world online and offline workloads for evaluation.

Input Tokens | Output Tokens
Mean P99 | Mean P99
BurstGPT (Wang etal., 2024) | 2747 3446 267 481
Benchmarking DuReader (He et al.,2018) 21776 29306| 166 754
Question answer | MultiNews (Fabbri et al., 2019) | 6916 12084 | 394 788
Summarization VCSUM (Wu et al., 2023) 18803 32768 | 337 510

Task Dataset

Online chatting

model benchmarking, MultiNews (Fabbri et al., 2019) for
multi-document summarization, and VCSUM (Wu et al.,
2023) for meeting summarization. Table 1 summarizes all
workloads and their input/output length distributions.

Synthetic workloads. = We generate synthetic request
arrivals using a Gamma process, following methodologies
established in prior trace studies (Wang et al., 2024; Sheng
et al., 2024; Li et al., 2023). We vary key parameters,
including request rate, SLO tightness, request lengths, and
traffic burstiness for overall performance testing (§6.2) and
sensitivity analysis (§6.4).

Metrics. We use different metrics for online and offline
serving. For online requests, we report P99 TTFT and TBT,
following prior work (Agrawal et al., 2024). For offline
requests, we measure throughput as total tokens processed
per second, including both prefill and decode tokens.

6.2. GPU Efficiency and Latency

This subsection evaluates whether ConServe can harvest
idle GPU resources to improve offline throughput while
preserving online SLOs.

Setup. To enable a comprehensive evaluation, we generate
synthetic online loads with varying request rates and SLO
scales. Following BurstGPT (Wang et al., 2024), we set the
burstiness (coefficient of variation, CV) to 0.5, with each

request containing 4096 input tokens and 256 output tokens.

A sensitivity analysis on request lengths and burstiness is
provided in §6.4. We configured ConServe’s target SLOs
based on the P99 latencies achieved by Online-0Only.

Online load vs. performance trade-offs. Figure 6(a)
shows P99 latencies and offline throughput as request rate
increases. ConServe is the only system achieving both low
online latency and high offline throughput.

ConServe maintains P99 TTFT and TBT within 25% and
19% of the optimal baseline across all rates. Other baselines
suffer from coarse-grained designs: Non-Preemptive
has high latency from head-of-line blocking; preemptive
baselines cannot bound interference from offline tokens;
Sarathi-P sometimes yields worse TBT due to costly
recomputation. Di st Serve—P shows poor latencies due to
load imbalance between prefill/decode instances, causing
frequent swapping and back-pressure.

For offline throughput, ConServe consistently outperforms
all other preemptive baselines and achieves an average of
82.3% of the optimal throughput. At low online load, both
Sarathi-P and ConServe achieve over 70% throughput
due to sufficient GPU memory. As load increases, ConServe
’s advantage widens: by eliminating recomputation overhead,
it achieves 3.0x higher offline throughput on average (up
to 7.48x) compared to Sarathi-P, while DistServe-P
yields the lowest throughput due to frequent decode-side
preemptions.

Online SLO scale vs. performance trade-offs. Figure 6(b)
illustrates how system performance changes as we relax the
online SLO scale s, where SLOtrer/rBT(S) = S P99TTRFT/TBT,
dictating the allowed latency increase over Online-Only.

Uniquely, ConServe can trade off offline throughput for
stricter online SLO adherence, enabling >99% TTFT and
TBT attainment in all settings when s > 1. Even in the
most challenging setting with no slack (s = 1.0), where
minor system jitter can cause violations, ConServe still
maintains at least 86% attainment, significantly exceeding
all baselines. This SLO awareness also enables ConServe
to harness latency slack for higher offline throughput until
5=1.5, where ConServe achieves an average 93% optimal
throughput. Further increasing s brings a diminishing 2%
throughput improvement.

In contrast, all other baselines are SLO-oblivious and show
constant offline throughput. DistServe-P presents an
interesting case. It can achieve high TBT attainment thanks
to the disaggregation. But the attainment is still lower than
ConServe in most cases because preemptions still cause TBT
jitter. Its TTFT attainment remains poor due to back-pressure.

In summary, the results demonstrate that ConServe can
effectively co-serve online and offline inference and adapt to
different SLOs. It maintains near-optimal P99 online latency
while achieving high GPU utilization for offline throughput,
closely matching the optimal baseline. Compared to
other baselines, on average, ConServe reduces P99 online
TTFT by 2.37x and TBT by 2.72x, respectively, while
simultaneously increasing offline throughput by 3.00x.

6.3. End-to-End Serving with Real-World Workloads

This subsection evaluates ConServe with real-world loads
and compares its end-to-end performance against the base-
lines. We sampled a 10-minute trace from BurstGPT (Wang
etal., 2024) as the online workload. For the offline workload,
we use both arandom mixture of three distinct offline datasets
and evaluate co-serving with each dataset individually.

Figure 7 shows time-series results for Llama-3.1 70B,
with red lines indicating SLOs. Only Online-Only and
ConServe consistently meet SLOs; other baselines exhibit
unstable latency with frequent violations.
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ConServe achieves 1553 tokens/s offline throughput (78% of
optimal). Sarathi—P triggers costly recomputations on long
sequences, yielding only 895 tokens/s. DistServe—-P per-
forms worst due to back-pressure (details in Appendix A.3).

In summary, under realistic and dynamic workload
conditions, ConServe can maintain strict online SLOs
while delivering near-optimal offline throughput. Detailed
summarized results across all offline datasets are provided
in Table 2 in Appendix A.2.

6.4. Performance Sensitivity Analysis

In this section, we evaluate ConServe’s robustness to varying
workload characteristics, specifically load burstiness and
request lengths. We conduct these experiments based on the
setup used for Figure 6(a), varying one parameter at a time
(burstiness, input length, or output length) while keeping
other conditions constant.

Load burstiness vs. performance. We use CV to represent
load burstiness, where higher CV indicates greater load vari-

ability. As Figure 8(a) shows, ConServe demonstrates strong
resilience to bursty loads with low online latency and high
offline throughput that are close to ideal values. Compared to
the best-performing baseline, ConServe reduces P99 TTFT
and TBT by an average of 1.68x and 2.38x, respectively,
and improves offline throughput by 3.62 x.

Input/output lengths vs. performance. To maintain
comparable load when varying sequence lengths, we adjust
the request rate inversely proportional to length relative to the
§6.2 setup (4096 input tokens, 256 output tokens, at 2 req/s).

Figure 8(b) and (c) show results for varying input and output
lengths. ConServe delivers good online latency that is
close to Online—-Only across most settings. Regarding
offline throughput, ConServe consistently outperforms two
preemptive baselines. This advantage is most pronounced
for typical requests with input lengths between 2K and
16K tokens, and output lengths longer than 128 tokens. We
analyze the performance at the extremes. (1) Requests with
short inputs (<2K tokens) cannot fully utilize KV cache
capacity. This allows preemptive baselines to keep paused
offline requests in GPU memory and avoid recomputation;
(2) Requests with long inputs (> 16K tokens) or short outputs
(<128 tokens) are compute-intensive, leaving little idle
capacity for offline serving. (3) Requests with long outputs
(>512 tokens) are less compute-intensive but consume more
KV cache because they stay on GPUs longer. This memory
pressure limits the number of offline requests that can be
served and slightly hinders offline throughput.

In summary, ConServe can achieve robust performance
across varying degrees of burstiness and request lengths,
and it delivers consistently higher offline throughput than
baselines, especially for typical-length requests that closely
align with real-world workloads.
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Figure 8: Llama-3.1 8B serving performance under workloads with
varying CVs and input and output lengths.

6.5. Design Drill-Down

Ablation study. We quantified the individual contribution
of each of our three core optimizations by incrementally
enabling them atop the Sarathi-P baseline, using the
Llama-3.1 8B setup from Figure 6(a). Compared to
Sarathi-P, our SLO-aware scheduler reduces P99 online
TBT from 375ms to 73ms. This shorter iteration time also
makes the scheduler more responsive to new requests and
reduces P99 online TTFT from 1399ms to 686ms. Enabling
layer-wise preemption eliminates TTFT jitter and further
reduces P99 TTFT from 686ms to 523ms and worst-case
TTFT by 34% from 866ms to 573ms. Finally, adding
incremental KV cache management further improves offline
throughput by 1.29x from 8810 tokens/s to 11366 tokens/s.

Cost of incremental KV cache management. We mea-
sured the overhead and PCle utilization of our incremental
KV cache mechanism. For Llama-3.1 8B on a single H100
GPU, our kernel can transfer KV caches at 37GB/s, and the
largest transfer finishes within 7ms and can be completely
overlapped. The kernel introduces a <500us cost to gather
KV caches of scattered tokens, which is negligible compared
to model execution. It also scales well in a distributed
setting. For Llama-3.1 70B on 4 H100s, each TP worker
checkpoints its local KV cache shard concurrently, achieving
an aggregated bandwidth of 132GB/s.

Efficiency of layer-wise preemption. We measured the
runtime cost of the preemption safepoint and compared it to
the model execution time. On a single GPU, the instrumented
safepoint incurs negligible cost (< 10us). Even on four GPUs
with TP, each safepoint takes only 167.2us on average. This
is slightly higher than raw instruction cost due to the minor
lag among TP workers, but still three orders of magnitude
faster than model execution, which takes 262ms on average.

ConServe instruments the model every 4 layers and intro-
duces a total latency increase of 3.0ms when no preemption
occurs, accounting for a 1.1% overhead compared to the

model execution time. Meanwhile, ConServe maintains
responsiveness by detecting new requests and preempting
the running batch within 13ms, ensuring timely responses
to online load bursts.

7. Related Work

LLM Serving Systems. Prior systems optimize ei-
ther throughput (continuous batching (Yu et al., 2022),
PagedAttention (Kwon et al., 2023)) or latency (chunked-
prefill (Agrawal et al., 2024; Holmes et al., 2024)) for
single workload types. DistServe (Zhong et al., 2024) and
Splitwise (Patel et al., 2025) disaggregate prefill/decode
but suffer from load imbalance. Concurrent with our work,
HyGen (Sun et al., 2026) also explores online-offline
co-serving with SLO-aware scheduling. While HyGen
focuses on latency prediction and prefix sharing at iteration
granularity, ConServe uniquely enables sub-iteration
preemption through layer-wise interruption and addresses
KV cache overhead through incremental checkpointing.

Generic Model Serving Systems. Prior ML serving
systems (NVIDIA, 2024; The PyTorch Foundation, 2024;
Crankshaw et al., 2017; Gujarati et al., 2020; Han et al.,
2022; Li et al., 2023; Bai et al., 2020) batch and schedule
requests for general neural networks, with some supporting
preemptive GPU multiplexing (Han et al., 2022; Zhang et al.,
2023; Bai et al., 2020). However, they do not account for
LLMs’ large model size and autoregressive generation.

Offline LLM Serving. Systems like FlexGen (Sheng et al.,
2023) and DeepSpeed (Aminabadi et al., 2022) offload to
host memory for throughput but are ill-suited for online
latency. BlendServe (Zhao et al., 2026) and PSM (Liu
et al., 2024) optimize offline batch reordering; ConServe is
compatible with these for further improvements.

8. Conclusion

We present ConServe, a co-serving system that harvests idle
GPU cycles for offline inference while enforcing strict online
SLOs. By orchestrating execution at fine-grained token and
layer levels, ConServe resolves the tension between utiliza-
tion and latency, significantly outperforming state-of-the-art
systems in both responsiveness and throughput.

Impact Statement

This paper presents work whose goal is to advance the field
of Machine Learning. There are many potential societal
consequences of our work, none of which we feel must be
specifically highlighted here.
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A. Appendix

A.1. Layer-Wise Preemption Details

Algorithm 2 illustrates how exactly ConServe leverages layer-wise preemption to provide strict SLO guarantees. The
procedure runs asynchronously in a dedicated monitor thread, so the check never blocks worker execution. On each new
online request, the monitor uses the cost model (§4.2) to project whether the in-flight batch’s remaining time plus the new
request’s prefill would exceed the TTFT budget trrprr; if so, it raises a shared-memory flag that worker safepoints (§4.3)
detect to yield the GPU mid-iteration. When no offline work is in flight, the procedure returns immediately, so online-only
execution incurs zero scheduling overhead.

Algorithm 2 Preventing online TTFT violations.

Input: Online TTFT objective trrpr.
Let Q,,, denote incoming online requests, B denote the current batch, and ¢,,45scq denote elapsed time since the batch started.
> Run in the monitor thread.
Function ONRECVONLINEREQUEST(t77p7):
if no offline requests in the current batch then
return
end if
ton < Profiler.estimate_exec_time(Q,y, )
tremaining <— Profiler.estimate_exec_time(B) —tpassed
if tremaining +ton >trTFT then
Worker.signal layerwise_preemption()
end if

A.2. Summarized Results for End-to-End Serving

Table 2 summarizes results across all offline datasets in complement to Figure 7. Compared to the best-performing baseline,
ConServe reduces P99 online TTFT and TBT by an average of 2.04 x and 2.86 x, respectively, while improving the offline
throughput by 2.23 x on average.

In summary, under realistic and dynamic workload conditions, ConServe can maintain strict online SLOs while delivering
close to optimal offline throughput.

Table 2: Overall latency and throughput of Llama-3.1 70B when co-serving real-world online and different offline workloads achieved
byOnline-Only/Non-Preemptive/Sarathi-Preemptive/DistServe-Preemptive/ConServe.

Offline P99 Online TTFT (s) P99 Online TBT (ms) Offline Tput (tok/s)

Workload | c0 ~Np sp DP Ours| 00 NP SP  DP Ours|{00 NP SP DP Ours
Mixed 152 291 124 1.14 450 441 1398 201 1995 895 26 1553
DuReader 1.08 38.7 298 149 1.67 184 659 400 1607 204 0 1276 715 15 1187
MultiNews | ** 11.0 2.11 11.3 1.04 305 212 1384 194 2765 1698 39 2281
VCSUM 46.2 3.01 15.1 1.68 566 453 1774 208 1218 255 15 1064

A.3.Llama-3.1 8B with Real-World Workloads

Figure 9 shows the performance of all systems on the BurstGPT workload with Llama-3.1 8B. ConServe maintains low
P99 online TTFT and TBT, close to the ideal latencies of the On1ine-0Only baseline. It concurrently achieves an offline
throughput of 2645 tokens/s, which is 88% of the optimal throughput measured with Non-Preemptive.

In contrast, both Sarathi-pP and DistServe-P suffer from high and unstable online latencies. Their offline throughputs
are also much lower, at 661 and 1034 tokens/s, respectively.

Note that while we report the best-performing configuration for Dist Serve-P, finding an optimal static setting is infeasible
in practice due to the high variability in request rate, length, and burstiness of real-world workloads. This also highlights
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Figure 9: Serving performance for Llama-3.1 8B on real workloads. ConServe achieves consistently low P99 TTFT and TBT below online
latency SLOs and 88% of the ideal offline serving throughput (measured with Non-Preemptive).

the key advantage of ConServe: its ability to dynamically adapt to maintain high performance and efficiency across real-world
conditions without manual re-tuning.
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