Research Paper Track

AAMAS 2026, May 25-29, 2026, Paphos, Cyprus

GAPS: Global-Aware Prediction-driven Scheduling for
Large-Scale LLM Inference

Zhengyu Liu
Information Engineering University
Zhengzhou, China
704676894@qq.com

Fengzhe Zhang’
Fudan University
Shanghai, China

fzzhang@fudan.edu.cn

ABSTRACT

Serving large language models (LLMs) poses major challenges for
cluster schedulers due to highly variable request sizes, strict latency
constraints, and dynamic load fluctuations. Existing approaches
either optimize local routing or rely on reactive migration, but they
often lack a unified design that combines global awareness with
predictive foresight.

This work presents GAPS, a Globally-Aware Predictive Scheduler
for LLM inference clusters. GAPS integrates online monitoring with
lightweight, bias-aware prediction to anticipate queueing delays,
and complements this with selective request rebalancing to alleviate
transient hotspots. The design jointly prevents tail amplification
and mitigates imbalance with minimal migration overhead.

GAPS is implemented in a discrete-event simulator and evaluated
on both code-oriented and conversational workloads. Experimental
results show that GAPS reduces P99 latency by up to 25% and low-
ers SLO violation rates by 10-15% compared with state-of-the-art
baselines. Scalability experiments confirm stable improvements as
cluster size grows, prediction robustness experiments demonstrate
resilience under 30-40% error, and ablation studies highlight the ne-
cessity of combining prediction, rebalancing, and global awareness.
Complexity analysis further shows that GAPS operates in poly-
nomial time, ensuring scalability without prohibitive scheduling
overhead. Overall, the findings indicate that global awareness and
predictive scheduling are key to robust and efficient LLM inference,
offering a practical design for next-generation Al service clusters.
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1 INTRODUCTION

With the continuous growth of large language models (LLMs),
single-machine inference is no longer sufficient to meet perfor-
mance and resource demands [30]. As a result, deploying LLMs
over multiple GPUs or heterogeneous clusters has become the
dominant direction in both industry and academia [29]. However,
efficiently performing inference in such multi-node environments
remains a major challenge [18].

LLM inference is characterized by three notable aspects. (1) Re-
quest sizes and arrival patterns are highly dynamic [16], often ex-
hibiting heavy-tailed distributions in both input and output lengths.
(2) Token generation length is inherently difficult to predict with
naive methods [8]. Workload types (e.g., code completion vs. conver-
sational generation) further exhibit distinct distributional patterns.
Figure 1 plots binned quantiles of generation length against prompt
length with a global linear fit. Compared with raw scatter plots, this
representation highlights distributional structure and tail behavior.
Code workloads show weak correlation with nearly flat quantile
curves, whereas conversational workloads reveal stronger correla-
tion and heavier tails. (3) Strict latency constraints and service-level
objective (SLO) must be enforced, requiring schedulers to mini-
mize P99 latency and reduce violation rates under highly dynamic
load [28].

Recent scheduling approaches have attempted to address these
challenges from different perspectives. Stage-aware methods dis-
tinguish prefill and decode phases but often rely on local heuristics
without global prediction capability [17]. Global migration-based
methods emphasize centralized monitoring and aggressive load
rebalancing [12], yet they incur substantial migration overhead.
Decode-phase optimization methods focus on accelerating the gen-
eration stage but lack generality across diverse workload types [1].
These strategies highlight the importance of stage awareness, global
load balancing, and decode efficiency, but share a common limi-
tation: reliance on instantaneous observations or static heuristics,
without accurate or bias-aware prediction of request completion
times. As a result, they struggle to maintain both low tail latency
and low migration cost under highly dynamic workloads.
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Figure 1: Relationship between prompt length and genera-
tion length in Azure traces. Binned quantiles (Median, P90,
P95, P99) are plotted against prompt length with a global lin-
ear fit. Code workloads exhibit weak correlation with nearly
flat quantile trends, whereas conversational workloads dis-
play stronger correlation and heavier tails.

To address these limitations, this paper introduces GAPS (Global-
Aware Prediction-driven Scheduling), a scheduling framework for
large-scale LLM inference. GAPS integrates real-time monitoring
with a lightweight predictor to estimate per-request execution cost,
while applying an error-aware calibration to counteract predic-
tion bias. This design enables scheduling decisions that are both
forward-looking and robust under uncertainty. GAPS further com-
bines adaptive request assignment with selective task rebalancing,
thereby reducing tail latency without incurring excessive migration
overhead.

The main contributions of this work are summarized as follows:

e A global-aware prediction-driven scheduling framework is
designed, unifying monitoring, prediction, and rebalancing
into a coherent system.

A bias-aware calibration mechanism is proposed, leveraging
online prediction errors (mean absolute error and mean ab-
solute percentage error) to adjust SLO deadlines, improving
robustness under high uncertainty.

A set of ablation studies and comparative baselines (includ-
ing prediction-disabled, rebalancing-disabled, and local-only
variants) is developed to disentangle the marginal contribu-
tions of each component.

Extensive experiments on real-world traces are conducted,
demonstrating that GAPS consistently reduces P99 latency,
lowers SLO violation rates, and minimizes migration over-
head in comparison with prior scheduling approaches.

2 RELATED WORK

With the rapid growth of LLM inference demand, numerous ap-
proaches have been proposed to improve efficiency. These methods
can be broadly categorized as follows.

Stage-based scheduling. This line of work distinguishes between
different phases of inference to optimize scheduling. For example,
Splitwise divides inference into prefill and decode phases, apply-
ing shortest-queue and lowest-memory heuristics respectively [19].
Other phase-aware designs also attempt to decouple prompt pro-
cessing and autoregressive decoding to mitigate stragglers [22].
While these methods leverage stage heterogeneity, the strategies
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remain static and provide limited improvement under dynamic
workloads. In addition, predictive mechanisms are not incorpo-
rated, as decisions rely purely on instantaneous system states.

Global load balancing and migration. Representative works such
as Llumnix adopt global monitoring with online migration: when
imbalance is detected, requests are transferred to less-loaded in-
stances [25]. Although this provides a corrective mechanism, migra-
tions incur significant overhead and are largely reactive rather than
preventive. Other studies, including PecSched [32] and Block [5],
further explore cluster-level rebalancing and preemptive sched-
uling. However, these policies remain non-predictive, depending
solely on current queue lengths and resource usage.

Generation-stage optimization. Another set of approaches fo-
cuses on accelerating the decode phase. FlashGen, for instance,
refines batch merging and token-level scheduling to improve GPU
utilization during generation [13]. Related efforts include Flash-
Infer [31], which accelerates attention kernels, and FlexGen [22],
which explores memory—-compute tradeoffs to enable high-throughput
inference on limited hardware. These methods improve single-
device efficiency but lack a global perspective and do not address
fairness across the cluster. Predictive modeling is also absent, as
strategies are based on observed token sizes and heuristic thresh-
olds.

Prediction and adaptive scheduling. A smaller body of work in-
corporates predictors into scheduling, typically using historical
distributions or lightweight models to estimate execution time
for allocation or ordering [9, 21, 24]. More recent proposals such
as Hydralnfer [7], SLO-aware scheduling [11], and throughput-
optimal algorithms [15] investigate predictive and learning-based
policies. Nevertheless, these approaches often overlook workload
heterogeneity, failing to capture the distinct input—output patterns
of code versus conversational requests. Moreover, the bias and
variance of online predictors are seldom addressed, leaving SLO
guarantees vulnerable under high uncertainty.

Systems and foundational frameworks. Beyond scheduling-focused
research, several system frameworks and algorithmic optimizations
support large-scale inference. DeepSpeed [20], Megatron-LM [23],
and TensorRT-LLM [4] provide system-level optimizations for train-
ing and inference. Operator-level techniques such as FlashAtten-
tion [6] and PagedAttention [14] enable efficient attention com-
putation and memory management. At the infrastructure level,
schedulers such as Borg [27], Kubernetes [3], Ray Serve [26], and
Hedera [2] establish foundations for cluster management and work-
load orchestration.

Limitations and research gap. In summary, existing methods im-
prove performance in specific dimensions but face two major lim-
itations: (1) the lack of joint awareness of request characteristics
and system state, which leads to non-adaptive scheduling decisions;
and (2) the absence of bias-aware correction in predictive methods,
resulting in fragile SLO enforcement. To address this gap, this work
introduces GAPS, a globally-aware prediction-driven scheduling
framework designed to remain robust under heterogeneous and
highly dynamic LLM workloads.
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3 PROBLEM FORMULATION

The problem of globally-aware scheduling for large-scale LLM in-
ference is formulated as a resource allocation and task scheduling
problem under uncertainty. The objective is to maximize system
throughput while minimizing tail latency and SLO violations, sub-
ject to hardware constraints and migration cost.

3.1 System Model

Consider a cluster with M GPU instances, denotedas G = {1,2,..., M}.

A set of inference requests is denoted as R = {1,2,...,N}. Each
request i € R is characterized by:

e Prompt length p; and generation length t;.

e Workload type w; € {Code, Conversation}.

e Predicted service time §;, obtained from a lightweight pre-
dictor.

e Bias-aware adjusted service time:

§i = $i + PEmaE + y$iEmare, ¢y
where Epag and Eypapg denote online error estimates, and
B,y are calibration factors updated dynamically.

o Adaptive deadline:
d; = (1 + 6)§i, (2)
where € > 0 provides a safety margin for SLO guarantees.

In addition to request-level features, the scheduler maintains a
global monitoring state:

e Queue length g; and utilization u; for each GPU j € G.
e Recent SLO violation rate per instance.

This joint state enables global awareness by combining instanta-
neous system information with forward-looking prediction.

3.2 Decision Variables

Three sets of decision variables jointly determine assignment, queue
ordering, and migration:

Request-to-GPU assignment. For each request i and GPU instance
if request i is initially assigned to GPU j, 3)

otherwise.

A feasible assignment must satisfy memory and batch-size con-
straints.

Queue ordering within an instance. For any two requests i and k
assigned to the same GPU j:

_ {1,
Yik = 0
4)

In practice, the default policy is First-Come-First-Serve (FCFS),
though the formulation allows extensions.

if request i precedes request k in the queue of GPU j,

otherwise.

Migration decisions. To capture rebalancing, binary variables are

introduced:
{l, if request i is migrated from GPU j to GPU k,
mij—k =
0,

otherwise.

®)
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Migration incurs a cost ¢; j_, representing bandwidth and latency
overhead, and should only be triggered when the expected latency
reduction outweighs this cost.

3.3 Objective Function

The scheduling objective is to minimize a weighted combination of
performance and cost:

min aLygo(x,y,m) + fV(x,y,m) + yC(x,y, m), (6)
x,y,m

where Ly99 denotes P99 latency, V the SLO violation rate, and C
the migration cost. The coefficients a, f,y control the trade-off
between performance and overhead. This formulation abstracts the
scheduling task as online load balancing under uncertainty with
prediction and rebalancing.

3.4 Computational Complexity

The above problem generalizes parallel machine scheduling with
deadlines and additional objectives (tail-latency minimization, SLO
guarantees, and migration overhead). Even the simplified case of
minimizing makespan on parallel machines is NP-hard [10]. There-
fore, the full formulation considered here is also NP-hard, and
exact optimization is computationally intractable for large-scale
LLM inference clusters. This motivates the design of GAPS as a
polynomial-time heuristic that integrates prediction, global mon-
itoring, and selective rebalancing to achieve robust and efficient
scheduling in practice.

4 METHOD

Building on the formulation in Section 3, this section introduces the
design of GAPS, a Globally-Aware Predictive Scheduler for large-
scale LLM inference clusters. The framework integrates three key
components: (i) online monitoring of system state, (ii) lightweight
prediction with bias-aware calibration, and (iii) selective request
rebalancing. Together, these components enable forward-looking
and robust scheduling decisions.

4.1 Method Overview

The overall architecture of GAPS is illustrated in Figure 2. Requests
first enter the Global Awareness Layer, where monitoring collects
real-time system metrics, prediction estimates service times, and
bias-aware calibration adjusts deadlines. The resulting information
is then consumed by the scheduling layer, which performs assign-
ment and rebalancing before execution on the GPU cluster. Dashed
arrows in the figure indicate feedback loops.

4.2 Global Awareness Layer

The global awareness layer unifies real-time monitoring with pre-
dictive estimation.

4.2.1 Monitoring. Each GPU instance periodically reports queue
length g;, utilization u;, and local SLO violation rate. This provides
an instantaneous view of load distribution and fairness, forming
the feedback loop required for global awareness.

4.2.2  Prediction. A lightweight online predictor estimates per-
request service time §; from request features such as prompt length,
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Figure 2: Overall framework of GAPS. Requests enter the Global Awareness Layer, where monitoring, prediction, and bias-aware
calibration are performed. Scheduling decisions are then made through assignment and selective rebalancing, followed by
execution on the GPU cluster. Dashed arrows denote feedback loops.

workload type, and token context. The predictor can be imple-
mented using regression or multi-layer perceptron (MLP) models,
allowing efficient adaptation to workload variations.

4.2.3 Bias-aware Calibration. Raw predictions may deviate signifi-
cantly from actual service times. To address this, GAPS maintains
error statistics (Emag, Emape) and applies bias-aware correction:

§i = $i + PEmaE + ySiEmare. ™)
The calibrated service time then defines adaptive deadlines:
d; = (1 + €)§i, (8)

where € > 0 ensures robustness against residual variance. This
mechanism combines reactive feedback with forward-looking esti-
mates, enabling decisions that adapt to workload heterogeneity.

4.3 Scheduling and Rebalancing

The scheduling layer consumes outputs from the global awareness
layer, combining initial assignment with corrective migration.

Assignment Policy. When a new request arrives, GAPS dynami-
cally selects a target GPU:

U < Uth,

= ©)

- {arg min; q;,

argmin;{q; + 5}, u =,

where u is cluster utilization and u;j a predefined threshold. This
hybrid policy ensures fairness in lightly loaded conditions, while
incorporating prediction under high utilization.

Rebalancing Policy. Assignment alone cannot prevent imbalance
caused by bursty arrivals or mispredicted requests. To address this,
GAPS introduces a lightweight rebalancing mechanism:

o Triggered periodically or upon violation spikes.

e Candidate requests are selected based on large predicted
completion times, urgent deadlines, or overloaded instances.

o Requests are migrated to underutilized GPUs only if expected
latency reduction outweighs migration overhead c; j_.
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Unlike migration-heavy approaches such as Llumnix, GAPS follows
a minimal corrective migration principle: rebalancing acts as a
safeguard rather than a primary strategy.

4.4 Bias-Aware SLO Correction

A unique feature of GAPS is the explicit integration of prediction
bias into SLO management. Prediction errors are tracked using
exponential moving averages, producing adjusted deadlines:

di =3$i + p- EMA-MAE + y$; - EMA-MAPE. (10)

This mechanism prevents systematic underestimation from trigger-
ing cascading SLO violations. By explicitly modeling error distribu-
tions, GAPS achieves robustness against workload unpredictability.

4.5 Complexity Analysis

The GAPS framework is designed as a polynomial-time heuristic.
The assignment step selects a target GPU based on global moni-
toring, which requires O(M) per request for a cluster of M GPUs.
Rebalancing is triggered periodically and evaluates candidate mi-
grations across instances, with a worst-case cost of O(NM) for N
requests. Overall, GAPS operates in polynomial time with respect
to both N and M, ensuring scalability to large inference clusters.

4.6 Summary

The proposed framework (Figure 2) integrates monitoring, pre-
diction with bias-aware calibration, and selective rebalancing. To-
gether, these modules provide globally-aware, forward-looking
scheduling with minimal migration overhead. The next section
presents experimental evaluation, demonstrating the effectiveness
of GAPS compared with state-of-the-art baselines in terms of P99
latency, SLO violation rate, scalability, and robustness.
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Figure 3: Scalability comparison under code and conversational workloads. GAPS demonstrates more stable improvements in
both latency and violation rate as the cluster size grows from N =4 to N = 32.
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Figure 4: Ablation study on code and conversational workloads. Removing prediction, rebalancing, or global awareness

significantly degrades performance compared to full GAPS.

5 EXPERIMENTS
5.1 Experimental Setup

GAPS is implemented in a discrete-event simulator that models
GPU clusters with configurable queueing, migration, and predic-
tor modules. Unless otherwise specified, the cluster consists of
N € {4,8, 16,32} GPU instances. Both code-oriented and conversa-
tional traces are derived from real Azure workloads. Requests follow
heavy-tailed distributions in both prompt length and generation
length, reflecting the heterogeneous nature of LLM inference.

GAPS is compared against three representative baselines: Split-
wise (stage-aware routing) [19], Llumnix (global migration) [25],
and FlashGen (decode-phase optimization) [13]. In addition, three
ablation variants are included: NoPred (prediction disabled), NoRe-
bal (no migration), and NoGlobal (no global monitoring).

Evaluation metrics include 99th-percentile (P99) latency, SLO
violation rate, and migration cost. Throughput is excluded from
evaluation, as no consistent advantage is observed across schedulers.
Each result is averaged over three random seeds.

5.2 Performance and Scalability

The performance of GAPS is evaluated against representative base-
lines across both code-oriented and conversational workloads. At
moderate cluster sizes (N = 8,16), GAPS achieves consistently
lower 99th-percentile (P99) latency and fewer SLO violations than
Splitwise, Llumnix, and FlashGen. In code workloads, P99 latency is
reduced by 15-20% relative to the best-performing baseline, while
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in conversational workloads the improvement is even more pro-
nounced due to mitigation of tail amplification caused by bursty
token generation. The SLO violation rate is also reduced by 10-15
percentage points compared with baselines, highlighting the effec-
tiveness of combining global awareness with predictive deadlines.

Scalability is further assessed by increasing the cluster size from
N = 4 to N = 32. As shown in Figure 3, all schedulers benefit
from additional resources, but the degree of improvement varies
considerably. Splitwise and FlashGen exhibit noticeable fluctuations,
with P99 latency reductions saturating beyond N = 16. In contrast,
GAPS maintains a stable downward trend, achieving up to 25%
lower latency at N = 32.

The figure also shows that GAPS consistently yields the lowest
violation rates. For code workloads, the violation rate decreases
from above 50% at N = 4 to below 25% at N = 32, while baselines
remain around 35-40%. For conversational workloads, the improve-
ment is even more substantial. These results indicate that GAPS not
only provides advantages at moderate cluster sizes but also scales
effectively as the cluster grows.

5.3 Ablation Study

To better understand the contributions of different components
in GAPS, an ablation study is conducted by selectively disabling
modules. NoPred removes the predictor, NoRebal disables migration,
and NoGlobal falls back to local-only decision making. Figure 4
presents the results.
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Figure 5: Prediction robustness of GAPS versus NoPred under
controlled error injection.

Impact of prediction. Disabling the predictor (NoPred) causes
substantial degradation: P99 latency increases by more than 30%,
and violation rates exceed 45% in code workloads and nearly 60%
in conversational workloads.

Impact of rebalancing. The NoRebal variant shows moderate
deterioration, with violation rates rising by 8-10 percentage points.
These results indicate that rebalancing provides complementary
benefits.

Impact of global awareness. The NoGlobal variant performs the
worst among all ablations, with both latency and violations signifi-
cantly higher.

Overall. The complete GAPS framework consistently outper-
forms all ablations, validating the necessity of integrating global
awareness, prediction, and rebalancing into a unified framework.

5.4 Prediction Robustness

The robustness of GAPS is evaluated under different levels of predic-
tion error. The predictor is perturbed by injecting controlled noise
to achieve error levels of {0%, 10%, 20%, 30%, 40%}, and results are
compared against the non-predictive variant (NoPred). Figures 5a
and 5b summarize the findings.

Graceful degradation. As shown in Figure 5a, GAPS maintains
low 99th-percentile (P99) latency when the error is within 0-20%
and degrades gracefully at 30-40% error. In contrast, NoPred expe-
riences substantial tail amplification as the error increases.

Bias-aware deadlines mitigate violations. Figure 5b demonstrates
that GAPS consistently achieves lower SLO violation rates across
all error levels. The gap widens under higher errors (30-40%), in-
dicating that bias-aware deadline correction effectively mitigates
prediction bias.

5.5 Summary

This chapter evaluated GAPS through comprehensive experiments.
The results show that GAPS consistently achieves lower tail latency
and fewer SLO violations than existing approaches. It scales effec-
tively with cluster size, remains resilient under prediction errors,
and benefits from the joint design of monitoring, prediction, and
rebalancing. These findings indicate that combining global aware-
ness with predictive foresight and selective rebalancing is essential
for efficient and reliable LLM inference scheduling.
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6 CONCLUSION

This work introduced GAPS, a globally-aware prediction-driven
scheduler for large-scale LLM inference. By integrating real-time
monitoring, bias-aware prediction, and selective rebalancing, GAPS
enables forward-looking and robust scheduling decisions.

Extensive evaluation demonstrated its effectiveness across per-
formance, scalability, and robustness dimensions, with consistent
improvements in P99 latency and SLO violation rate over state-of-
the-art baselines. The polynomial-time complexity of GAPS further
ensures that these benefits can be achieved at scale without prohib-
itive scheduling overhead.

Overall, the findings indicate that coupling global awareness
with predictive foresight offers a practical path toward efficient and
reliable LLM inference. Future work will focus on deploying GAPS
in production environments and extending its design to heteroge-
neous and multimodal inference workloads, further validating its
applicability for next-generation Al service clusters.
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