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ABSTRACT OF THE DISSERTATION

Towards Efficient and Adaptive LLM System: From Uncertainty-Aware Inference to
Hybrid Training Integration

by
Yufei Li

Doctor of Philosophy, Graduate Program in Electrical Engineering
University of California, Riverside, September 2025
Dr. Cong Liu, Chairperson

Large language models (LLMs) have rapidly advanced in capability but pose sig-
nificant challenges for deployment, particularly under tight latency constraints and limited
hardware resources. This dissertation presents three systems for adaptive scheduling and
resource management, each addressing a critical layer of complexity in vectorizing LLM
inference and retraining.

In the first part of the dissertation, I tackle the unpredictability of autoregressive
decoding latency induced by input uncertainty. By quantifying correlations between input
queries and response length, our scheduler dynamically prioritizes and consolidates infer-
ence workloads—further leveraging CPU offloading when beneficial, which reduces average
response time and improves throughput during heavy traffic periods. In the second part
of the dissertation, I extend the ecosystem to multi-GPU, distributed settings, enabling
colocated inference and retraining. Through offline profiling, execution prediction, node
partitioning, and runtime scheduling, our system significantly boosts resource utilization

and inference accuracy without sacrificing service-level objectives. In the third chapter, 1

vii



propose a hybrid runtime GPU-local system that jointly optimizes iteration-level schedul-
ing, prefix cache reuse, and KV pruning. This enables adaptive allocation between prefill,
decoding, and fine-tuning phases. Compared to both periodic and continuous retraining
strategies, our system reduces inference latency, sustains throughput, achieves alignment

accuracy up, and maintains GPU utilization.
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Chapter 1

Introduction

1.1 Efficient and Resource-Aware LLM Systems

Large language models (LLMs) have rapidly evolved from research prototypes to
the backbone of real-world applications such as conversational agents, code assistants, and
decision-support systems. Despite their success, deploying LLMs efficiently in practical sys-
tems remains a formidable challenge. Their enormous parameter sizes and autoregressive
decoding characteristics lead to high computational demand, memory pressure, and unpre-
dictable latency under dynamic workloads. Moreover, as LLMs are increasingly required to
adapt to new data and user preferences in real time, system design must jointly consider
inference efficiency and continual training.

This dissertation addresses the central question of how to design resource-aware
LLM systems that balance accuracy, latency, and adaptability across a spectrum of deploy-

ment scenarios. We approach this challenge incrementally:



e Starting from single-GPU real-time inference, we develop mechanisms to handle workload
variability and latency service-level objectives (SLOs).

e We then scale to multi-GPU distributed environments, where joint scheduling of inference
and training tasks becomes critical to maximize utilization and maintain throughput.

e Finally, we extend to single-node systems where inference and training co-exist, tackling
the fundamental tension between fast response time and frequent retraining for alignment.

Through these stages, the dissertation provides a coherent exploration of how system-level

scheduling, resource management, and model-level adaptation can be co-designed to enable

efficient, reliable, and adaptive LLM serving.

1.2 Dissertation Outlines and Contributions

1.2.1 Chapter 2: RT-LM: Uncertainty-Aware Resource Management for

Real-Time Inference of Language Models

We begin with the problem of efficient inference serving on a single GPU/CPU.
RT-LM proposes an uncertainty-aware resource manager that dynamically adjusts batching
and scheduling to meet strict latency SLOs while maintaining model accuracy. By leveraging
uncertainty estimation, RT-LLM adapts resource allocation under variable request patterns,
improving both responsiveness and throughput. This chapter establishes the foundation of

SLO-aware inference scheduling.



1.2.2 Chapter 3: LeMix: Unified Scheduling for LLM Training and In-

ference on Multi-GPU Systems

We then extend to distributed multi-GPU clusters, where both inference and re-
training must be orchestrated together. LeMix introduces a unified scheduler that coor-
dinates GPU resources between training and inference at the node level. It accounts for
heterogeneous resource requirements, network contention, and synchronization delays. By
co-optimizing training and serving, LeMix demonstrates that retraining can be performed
continuously without significantly degrading inference performance. This chapter highlights

the feasibility of co-locating inference and training in distributed systems.

1.2.3 Chapter 4: MACE: A Hybrid LLM Serving System with SLO-aware

Continuous Retraining Alignment

Finally, we focus on the runtime dynamics of a single GPU when inference and
training jobs compete for fine-grained resources. Unlike prior node-level approaches, our
hybrid iteration-level scheduler integrates priority assignment (PA), iteration-level batching
(IB), and cache management (CM) to reduce fragmentation and latency interference. The
system aligns retraining with inference workloads while preserving SLOs, offering a practical
pathway toward real-time “learning while serving”. This chapter represents the culmination
of our exploration, demonstrating that hybrid GPU-local scheduling can bridge inference

efficiency and continual alignment.



Chapter 2

RT-LM: Uncertainty-Aware
Resource Management for

Real-Time Inference of Language

Models

2.1 Introduction

The recent surge in the development and dissemination of language models (LMs)
such as ChatGPT has significantly reshaped the landscape of natural language process-
ing (NLP) [14, 23,24, 83]. This advancement holds immense promise for a multitude of
applications, including multi-lingual robots and voice control devices integral to the fu-

ture of smart homes [61,72,162]. Despite the impressive capability to generate human-like



responses, these state-of-the-art LMs present a formidable challenge when attempting to
deploy them on various devices due to their complex computational behaviors and unpre-
dictable real-time inference capabilities [148,150]. With the increasing demand for real-time
language processing, server-backed systems, such as online chatbots (e.g., ChatGPT man-
ages over 10 million daily queries) and live-translation services, exemplify the need for
devices that can efficiently process simultaneous requests from multiple users, especially
during peak times.

A set of recent works seek to enhance the inference latency of on-device LMs
by crafting an array of model optimization techniques, including quantization [160], prun-
ing [44,56], and distillation [133]. These techniques aim at decreasing model complexity
(thus the computational demand) while preserving their accuracy. Nonetheless, a knowl-
edge gap persists in understanding and exploring the correlation between an input text and
the corresponding inference latency within a given LM from a system-level perspective.

The NLP community has recently brought to light various sources of uncertain-
ties [36,49, 51, 104, 177], which have been shown to negatively impact model’s accuracy
and may introduce significant variations in the lengths of generated responses. Take, for
example, a broad and ambiguous question such as “Can you tell me the history of art?”.
This could prompt a LM to generate lengthier outputs, given that the history of art spans
millennia and includes a multitude of cultures, styles, periods, and artistic movements. Intu-
itively, the longer output a LM generates, the greater the inference latency, as each output
token is sequentially generated with negligible computational difference [98,147]. These

sources of uncertainties, often intrinsic to the nature of language understanding and gener-



ation, can stem from varying data distributions [55,71], intricate model architectures [43],
or even the non-deterministic parallel computing behaviors at runtime [111], rendering the
induced latency more complex and challenging to manage. Consequently, it is critical to
understand and mitigate such uncertainties due to their potential to induce non-trivial infer-
ence latency and computational inefficiency, or even hinder the prompt delivery of dialogue
generation (DG) due to degraded system performance.

This work is specifically motivated by the following queries: (i) What is the in-
trinsic correlation between an input text’s uncertainty characteristics and the subsequent
computational demand (and thus, the inference latency) for a given LM, such as why two
syntactically similar inputs may necessitate dramatically different inference latencies? (ii)
Is it feasible to devise a lightweight approach to predict an input’s computational demand
at runtime? and (iii) Can the system-level resource manager exploit these quantified in-
put characteristics to improve latency performance during inference? Understanding the
quantifiable correlation between an input text and its computational demand is critical,
as it could unveil novel opportunities for system-level optimization, thereby enhancing the
performance and efficiency of LMs deployed on embedded devices, e.g., by deferring the
execution of inputs with high computational demand thus reducing head-of-line blocking.

Our research attempts to comprehend, quantify, and optimize these uncertainty-
induced variations on latency performance in LMs. We propose a cohesive ecosystem that
integrates an application-level uncertainty quantification framework with a system-level
uncertainty-aware resource manager. The application-level framework aims to precisely

quantify task uncertainties and their potential impacts on latency. Simultaneously, the



system-level resource manager utilizes the provided estimations to make informed decisions
on resource allocation and task scheduling, thereby mitigating the detrimental effects of
uncertainties on system performance.
Contributions. In this paper, we propose an uncertainty-ware resource management
ecosystem, namely RT-LM, for real-time on-device LMs. Specifically, RT-LM features three
technical novelties: 1) It first quantitatively reveals how major input uncertainties—well-
defined by the NLP community—mnegatively impact latency. Our findings demonstrate that
uncertainty characteristics of an input text may notably increase the output length, i.e.,
the number of tokens in the generated response; 2) Building on this insight, we develop a
lightweight yet effective method that can quickly correlate and quantify the output length
for an input text at runtime, considering a comprehensive set of uncertainties defined by the
NLP community; 3) Leveraging this quantification as a heuristic of latency, we incorporate
the uncertainty information of each input into system-level scheduler that performs sev-
eral optimizations, including uncertainty-aware prioritization, dynamic consolidation, and
strategic utilization of CPU cores.

We implement RT-LM mainly on an edge server. We evaluate the response time
and throughput across five state-of-the-art LMs!, namely DialoGPT [167], GODEL [120],
BlenderBot [130], BART [80], and T5 [126]. We utilize RT-LM four widely-researched bench-
mark datasets: Blended Skill Talk [143], PersonaChat [166], ConvAI2 [33], and Empathetic
Dialogues [128]. For both the models and datasets, we use the versions released by Hugging

Face.

"While there are larger models like ChatGPT that offer impressive capabilities, their resource-intensive
nature makes them less viable for deployment.



Evaluation results demonstrate that RT-LM achieves: Efficiency: RT-LM outper-
forms all compared methods by a significant margin in most cases, improving the maximum
response time by up to 30% and throughput by up to 40% compared to uncertainty-oblivious
baselines. Efficacy across a range of behaviors: The tested workloads include five LMs
with diverse task uncertainty characteristics and varied workload settings. Robustness
under malicious scenarios: RT-LM is resilient when facing adversarial conditions, ef-
fectively mitigating the impact of malicious tasks by resource management. Runtime
overhead: The design and implementation of RT-LM is efficient, incurring a rather small

runtime latency and memory usage.

2.2 Background and Challenges

2.2.1 Dialogue Generation using LMs

Recently, pre-trained LMs such as ChatGPT and GPT-4 [14] have emerged as a
dominant force in the field of dialogue generation (DG). These models are characterized by
their large size and are often trained on vast amounts of textual data, which demonstrate
remarkable capabilities in understanding and generating human-like responses across a wide
range of tasks. A key property of these models is the autoregressive generation process [150],
where output tokens are generated sequentially with each new token being conditioned
on the previously generated tokens. Consequently, the output length plays a pivotal role
in determining the inference latency of a LM, as generating longer sequences inherently
requires more time. Depending on the nature of inputs, a LM may generate outputs of

varied lengths. For instance, a query that has clear and concise meanings may elicit a brief



Table 2.1: Types of linguistic uncertainty, their definitions and example statements or questions.

Type Definition Statement/Question
Structural Uncertainty related to multiple possible parse “John saw a boy in the park with
ambiguity structures, leading to outputs with varying a telescope.”

lengths.

Syntactic am-
biguity

Uncertainty arising from multiple part-of-speech
tags of a word, resulting in different interpreta-
tions.

“Rice flies like sand.”

Semantic am-
biguity

Uncertainty stemming from words with multiple
meanings, leading to varying interpretations.

“What’s the best way to deal
with bats?”

Vague expres-
sions

Uncertainty arising from broad concepts or
highly-generalized topics that demand specific
analysis.

“Tell me about the history of
art.”

Open-
endedness

Questions or statements that lack a single defini-
tive answer and require providing relevant con-
text, background, and explanations.

“What are the causes and conse-
quences of poverty in developing
countries?”

Multi-
partness

Questions or statements containing multiple sub-
questions or topics, which demand detailed an-
swers.

“How do cats and dogs differ in
behavior, diet, and social inter-
action?”

response, whereas an ambiguous or broad query may demand a considerably longer output.
This variability, often called linguistic uncertainty [136] by the NLP community, in output
length and the subsequent impact on latency, can pose significant challenges when deploying
LMs on resource-constrained devices, as the performance requirements and computational

constraints must accommodate a wide range of potential latencies.

2.2.2 Sources and Impacts of Linguistic Uncertainty

Linguistic uncertainty is a challenging and diverse sub-domain in NLP, which often
leads to multiple interpretations of inputs and potentially varied outputs in dialogue sys-
tems. The language and linguistics community has well-defined a categorization of linguistic
uncertainty that encompasses the majority of uncertainty sources, including three types of

lexical ambiguity (structural ambiguity [49, 158], syntactic ambiguity [78,104], semantic
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ambiguity [58,77]), vague expressions [51], open-ended questions [36,105], and multi-part
questions [177] that demand comprehensive answers and additional explanations. Their

definitions and example statements or questions are listed in Table 2.1.

2.3 Key Observations and Ideas

2.3.1 Uncertainty-Induced Negative Impact on Latency and Root Cause

We conducted a comprehensive set of studies investigating the correlation be-
tween inputs’ uncertainty characteristics and the resulting inference latency of several LMs.
Specifically, we create 1,000 utterances for each of the six uncertainty types (defined in

Sec. 2.2.2) and record the averaged output length as well as inference latency across Di-
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aloGPT, GODEL, BlenderBot, BART, and T5, as shown in Fig. 2.1a. We observe that
all types of linguistic uncertainties lead to longer outputs and non-trivially larger latencies
to varying degrees. Specifically, vague expressions, open-endedness, and multi-partness are
generally more deterministic compared to the three types of lexical ambiguities. This can
be attributed to that modern neural networks (NNs) lack uncertainty awareness and are
prone to overconfidence when making decisions [52], which results in LMs understanding
one potential interpretation and respond accordingly without seeking further clarifications.
Furthermore, semantic ambiguity has a more significant impact on output lengths than
structural and syntactic ambiguities. We speculate that this is because some words with
multiple meanings such as “trunk” or “monitor” are more likely to cause confusions for a LM
and thereby triggering longer responses, e.g., by enumerating all potential interpretations
of a word sense and asking for explanations.

Fig. 2.1b plots the correlation between inference latency and output length for
sentences that contain different types of uncertainties. We observe that inference latency is
proportional to the output length, with longer outputs generally requiring larger inference
latencies. Some sentences with uncertainties such as open-endedness and multi-partness
may even take over 700ms for a LM to generate corresponding responses, which is 2~4 times
the latency of normal sentences. This presents a substantial opportunity for system-level
optimization, as resource manager can leverage this uncertainty impact as an estimation of

task execution times to enhance system efficiency and resource utilization.
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Listing 2.1: Code for measuring vague expression scores.

1 def vague_expressions_score(sentence, weight=1):

2 vague_count = 0
words = word_tokenize(sentence)
| stem_words = [lemmatizer.lemmatize (word) for word in words]

5 # VAGUE_WORDS are pre-defined in the literature
6 for phrase in VAGUE_WORDS:

7 matches = stem_words.count(lemmatizer.lemmatize (phrase))
8 vague_count += matches

9 return weight * vague_count

2.3.2 Predicting the Output Length for a Given Input

Upon observing that inference latency is determined by output length, we develop
methods that can accurately yet efficiently predict such length for a given input at runtime.
As discussed earlier, uncertainty of an input text may increase the output length and thus
negatively impact inference latency. Our methods shall take uncertainty into account when
making such predictions. Uncertainty score: In this work, we define uncertainty score
for an input text as the estimated number of tokens (output length) required to formulate a
comprehensive and unambiguous response that sufficiently addresses the posed inquiry.
Input length. Intuitively, longer inputs may lead to LMs generating longer outputs, even
without considering uncertainty. We demonstrate the impact of this naive heuristic on
output lengths in Fig. 2.2a. We observe that although the correlation is not deterministic
and noisy, longer input lengths generally induce longer generated outputs. This inspires us
to further improve it by considering uncertainty.

Single rule. We measure the intensity of each uncertainty using hand-crafted rules in-
troduced in the literature. Specially, we use the spaCy? language tool to tokenize input
text and obtain the Part-of-Speech (PoS) tag for each token in the original text. Then,

we quantify uncertainty scores by searching for pre-defined patterns inherently existing in

*https://spacy.io/
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Figure 2.3: Distribution of latency and corresponding uncertainty on four benchmark DG datasets,
(a) Blended Skill Talk, (b) ConvAI2, (c) PersonaChat, (d) Empathetic Dialogue. The data points
are ranked by descending order of latency.

each uncertainty source using regular expressions. Listing 2.1 shows an example code for
quantifying vague expression uncertainty. Note that for input sentences that do not contain
the defined six uncertainty sources, we use input lengths as their single rule scores. We
evaluate the correlation between single rule scores and the output lengths for inputs con-
taining the corresponding type of uncertainty in Fig. 2.2b. We observe that the correlation
is slightly more apparent and less noisy, which demonstrates the impact of uncertainty on
LM generation process.

Weighted rule. The previous method assumes a primary uncertainty source for each
sentence, which is not generic for real-world test cases that may contain multiple uncertainty
sources. Instead, we measure the six defined uncertainty scores for a given text and assign
a weight to each category by learning a linear regression to the previously fitted line. We
evaluate the correlation between weighted rule scores and output lengths for inputs with the
corresponding type of uncertainty in Fig. 2.2c. We observe that the dependency between
uncertainty scores and output lengths noticeably increases, without more data points getting
close to the trend line.

Lightweight model. While hand-crafted rules can capture certain uncertainty for sen-

tences, they are heuristic methods and not comprehensive enough since the data distribution
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Figure 2.4: Prioritization example for HPF, LUF, and UP. J; denotes the i-th task, 7; denotes its
arrival /priority point. Tasks depicted in red color denote those missing their priority points.

is not learned. To make such estimation more reliable, we introduce a data-driven black-box
lightweight (LW) multi-layer perceptron (MLP) [127] that takes the six rule-based scores
as features and predicts the output length for any given query. Specifically, we train a LW
model on the training sets of four benchmark datasets and evaluate the correlation between
its predictions and output lengths for unseen queries in the test sets in Fig. 2.2d. We ob-
serve the output lengths are almost linearly dependent on our predicted scores, with only
few noisy samples. We further evaluate the correlation between the predicted uncertainty
scores and averaged inference latency across different LMs on the four benchmark datasets
in Fig. 2.3. The predicted scores are highly consistent with the inference latencies across
all datasets, i.e., sentences with smaller uncertainties generally require larger inference la-
tencies. This suggests that our method can precisely estimate LM execution times for any

unseen query in real-world dialogue scenarios.

2.3.3 System-level Optimization Opportunities

We now illustrate several precious system-level optimization ideas enabled by lever-

aging uncertainty score metric.
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Figure 2.5: Comparison of (a) random batching and (b) consolidation using uncertainty on eight
tasks with a batch size of four. 7; denotes the arrival/priority point for the i-th batch. Tasks with
red notations miss the priority points.

Prioritization. Online queries, though without intrinsic deadlines, have priorities (e.g.,
urgency of the task) that can be specified by RT-LM using the priority point parameter
according to their estimated workloads. Leveraging the uncertainty score of each task (i.e.,
the estimated number of output tokens of each input), the scheduler shall make better
prioritization decisions. Intuitively, prioritizing tasks that require shorter execution times
and earlier priority points would improve throughput and timing correctness (often due to
reduced head-of-line blocking), as illustrated in Fig. 2.4. In this example, five tasks that
arrive at the same time (the length of each block presents its execution time) are scheduled
by three strategies, namely Highest Priority Point First (HPF), Least Uncertainty First
(LUF), and RT-LM utilizing Uncertainty-aware Prioritization (UP). As a result, HPF and
LUF respectively miss two (Jy and J5) and three (J2, Jy, and J5) priority points, whereas
UP misses only one priority point (Jz).

Consolidation. In any heavily-loaded systems requiring machine learning workload multi-
tasking, batch execution is a commonly-used method to enhance response time and timing
correctness. Our estimated uncertainty scores can assist deciding which tasks shall be

batched and executed together to better utilize hardware resources. Fig. 2.5 describes this
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Figure 2.6: Data transfer time (offloading) compared to GPU execution time for AlexNet.

idea using an intuitive example comparing two batch executions for eight tasks with a batch
size of four. Fig. 2.5a presents a schedule under uncertainty-oblivious batching, e.g., HPF
where tasks in each batch have similar priority points. Four tasks (Ja, Js, Jg, Js) miss
priority points with a fairly low GPU utilization. Fig. 2.5b describes uncertainty-aware
batching, where tasks in each batch have similar uncertainty scores. Only two tasks (Jg,
Jg) miss priority points with an improved GPU utilization and shorter response time.

Strategic offloading to CPU. Previous works [63,67] and our experiments indicate that
offloading machine learning workloads to CPU cores often introduces non-negligible commu-
nication and synchronization overhead, negating the benefits of parallel utilization of both
CPUs and GPUs. Fig. 2.6 depicts an illustrative example, where we compare the layer-wise
data transfer cost with layer-wise GPU execution times for running AlexNet [73]. As seen,
data transfer takes nearly the same amount of time as GPU execution for the majority
of layers. Nonetheless, under overloaded situations or scenarios containing computation-
demanding workloads, RT-LM could identify such tasks by checking whether the estimated
uncertainty scores exceeds a pre-defined threshold. The scheduler can then decide whether

offloading such demanding tasks to CPUs can improve the overall efficiency of the system.
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Figure 2.7: Design overview of RT-LM.

While it is likely that the negative impact due to offloading and communication can be
totally negated by freeing up the precious GPU resource for executing other normal tasks,
our intuition is to leverage uncertainty scores to reflect different levels of task demand and
offload demanding tasks to CPU. This strategic offloading balances the workload between
CPU and GPU, enabling efficient use of system resources and ensuring that the overall

system remains responsive and productive.

2.4 Design of RT-LM

2.4.1 Design Overview

In this section, we illustrate the overall design of RT-LM, as shown in Fig. 2.7.

RT-LM comprises two major components: an application-level framework that quantifies

17



task uncertainty, and a system-level framework that leverages this information for opti-
mized scheduling (prioritization, dynamic consolidation) and resource allocation (strategic
offloading).

Defined in Sec. 2.3.2, the uncertainty score of an input text reflects the required
output length and thus, its execution times. Leveraging this critical uncertainty informa-
tion of input texts, RT-LM develops an uncertainty-aware system-level resource manager
that makes better scheduling decisions. To ensure timing correctness, RT-LM introduces an
uncertainty-aware priority scheduler that takes into account both uncertainty scores and
priority points of tasks to reflect how critical a task is. By smartly considering both fac-
tors, RT-LM is capable of improving the system’s throughput. Moreover, RT-LM includes
a runtime consolidation mechanism to enhance the system’s latency performance through
uncertainty-aware batching. Our uncertainty estimation aids in deciding which tasks should
be batched together to better utilize hardware resources. The system dynamically forms
batches of tasks with similar execution times by reordering the tasks in two adjacent batches
according to their uncertainty scores. In this way, tasks within each batch have both similar
criticality and latency, leading to improved GPU utilization and less response time. Lastly,
RT-LM integrates strategic CPU offloading to handle highly-demanding or malicious work-
loads. By leveraging uncertainty scores to indicate the demand of a task, RT-LM strategically
offload tasks that may potentially lead to overloaded situations on GPUs to the CPU core

to maintain a balanced workload distribution across the system.
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2.4.2 Uncertainty-aware Prioritization

For any given input J, our rule generator RULEGEN(+) first yields a feature vector
containing the intensity of the six linguistic uncertainties. Then our LW model my takes

the feature vector and predicts the final uncertainty score:

uy = my(RULEGEN(J)) (2.1)

In some scenarios such as conversational Al in healthcare [13], if an LM request
has a user-specified deadline ¢;, RT-LM can specify the priority point parameter using that
deadline (dy in Eq. 2.3 is replaced by t;); whereas most LM-assisted dialogue systems do
not have such user-specified deadlines. Based on our observations in Fig. 2.2e where longer
inputs generally induce longer outputs, we empirically define a priority point for each task
according to its input length d; = ¢f|.J|, where ¢ is a coefficient that projects input length
to the latency of an LM f.

A straightforward way of factoring in both uncertainty and priority point into a
system is to use the concept of “slack” (¢), which measures the remaining time until the
priority point:

1 1

b;g=—=
C;j  dj—ry—mnp-uy

(2.2)

Here rj;, d; denote the arrival time and priority point of the task, respectively.
The term wu; presents the uncertainty score of the task, reflecting the estimated output

length, while 7y is a coefficient that projects output lengths to latencies, regarding the LM
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f. This slack-based approach prioritizes urgent tasks that are close to their priority points,
which is suitable for systems with stringent priority point constraints and relatively stable
task execution times.

However, for on-device LM systems facing workloads with high variability in un-
certainties, such as input texts with a large uncertainty range causing LMs to generate
outputs with varied lengths, a more flexible approach that can prioritize tasks with shorter
execution times when needed ensures more predictable and consistent system performance.
In RT-LM, we design Uncertainty-aware Prioritization (UP) where each task is assigned a

priority py that reflects its weighted criticality:

_ l—a-uy
dy—ry—mnf-uy

pJ (2.3)

Here a is a system-level hyper-parameter that provides a control over the impact
of uncertainty on the priority. Specifically, d; — r; — 1y - uy represents the estimated
slack for the execution of the task, and a - u; is a scaled uncertainty score. The fraction
computes the estimated execution time after considering the scaled uncertainty, normalized
by how much time is left, to represent the criticality of a task. The intuition behind this
priority assignment is that a task with a shorter slack window or smaller uncertainty score
should have a higher priority. This ensures that tasks with imminent priority points or
short execution times are attended to promptly, enhancing the likelihood of meeting their
priority points. The factor a provides a level of adaptability to the system. A larger value
of o implies that the system is placing a higher emphasis on tasks with lower uncertainties,

regardless of how soon their priority points are, while a smaller « value reduces the impact
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of uncertainty on the priority calculation, placing a higher emphasis on the remaining time
until the priority point. We search an optimal « value from 0 to 2.0 with a increment of

0.1 by testing the corresponding response time (see Fig. 2.13a).

2.4.3 Dynamic Consolidation

In the dynamic consolidation process, we aim to enhance the overall system effi-
ciency by executing batches of tasks with similar estimated uncertainties, as they are more
likely to have comparable processing requirements. The intuition is that executing tasks
with similar workload characteristics as a batch can potentially lead to better resource uti-
lization and reduced overheads, as illustrated in Fig. 2.5. Specifically, we maintain a queue
of tasks sorted by the priority based on our UP algorithm (Eq. 2.3). We then group tasks
with similar uncertainty scores together by introducing two hyper-parameters, A and b.
Among them, b determines the number of tasks to consider for a batch. Given a pre-defined
batch size C, once the current batch accumulates b x C' tasks from the task queue, we
reorder these tasks according to their uncertainty scores. We then select the top-C' tasks
from this reordered list for execution. This mechanism ensures that tasks are executed in an
order that prioritizes higher urgency as well as shorter execution times. Additionally, pa-
rameter A controls the maximum allowable ratio in uncertainty scores between tasks within
a batch. As we traverse the sorted list of tasks within the current batch, if we encounter a
situation where the uncertainty score of the current task is more than A times that of the
previous one, we segment the list at this point. The tasks preceding this point are executed
as a batch, while the remaining tasks are returned to the queue for future processing. The

whole consolidation process unfolds as follows: (1) Maintain a queue of tasks ordered by
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descending priority, based on the UP algorithm. (2) Once accumulating b x C' tasks in the
current batch, reorder them in accordance with their uncertainty scores. (3) Traverse the
reordered batch of tasks. If the uncertainty of a task exceeds A times the uncertainty of the
previous task, or if the batch size C' is met, segment the list at this point. (4) Execute the
tasks before the segmentation point as a batch, while returning the remaining tasks to the
queue.

Dynamic consolidation provides flexibility in adjusting to varied workload char-
acteristics and system conditions through the adjustment of the parameters b and A. For
instance, in scenarios where tasks exhibit diverse uncertainty scores, a smaller b or larger
A can be utilized to ensure that only tasks with similar uncertainties are grouped together.
Conversely, if tasks have similar uncertainty scores, a larger b or smaller A will form larger
batches, potentially achieving higher system throughput. Moreover, dynamic consolidation
can help balance the trade-off between throughput and predictability. By executing tasks
with similar uncertainties as a batch, the system may exhibit more predictable behaviors,
as estimating the execution time of a batch is often simpler than predicting individual task
execution times. Meanwhile, by executing tasks in batches, the system can potentially

achieve higher throughput compared to executing tasks individually.

2.4.4 Strategic Offloading to CPU

In the dynamic consolidation process described above, tasks are assigned to batches
and then executed based on uncertainty scores. However, such a process can lead to the
situation where some tasks with high uncertainty scores (e.g., malicious, adversarial tasks)

may potentially delay the execution of the whole batch, negatively affecting the overall
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system performance. To address this, we propose a protective mechanism, termed ‘strategic
offloading’, to offload potentially malicious tasks and execute them separately on CPU cores.
In our implementation, we define a parameter k (0 < k& < 1) which denotes the

top-k percentage of uncertainty scores in the training set to control the malicious threshold

7 = quantile;, ({my(RULEGEN(J))|J € Dirain}t) (2.4)

In essence, 7 corresponds to the boundary of the highest k-percentile of uncer-
tainty scores. If the uncertainty score of a task is larger than 7, it is offloaded to a CPU
batch for separate execution. Otherwise, it is assigned to a GPU batch for grouped execu-
tion. Furthermore, we ensure that there is always a batch of tasks ready for execution. If
the task queue is empty and there are remaining tasks in the GPU batch, these tasks are
offloaded for execution. Similarly, if there are no tasks in the GPU and CPU batches, the
remaining tasks from the task queue are offloaded to the appropriate execution batch based
on their uncertainty scores. This strategic ofloading mechanism provides a layer of protec-
tion against extreme execution times, ensuring malicious tasks do not excessively delay the
execution of a batch and promising a more predictable and reliable system performance,
particularly under workloads with high variability. By carefully controlling the offloading
parameter k, this mechanism can be tuned to balance the benefits of grouping tasks for

efficient execution against the potential delays caused by malicious tasks.
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Table 2.2: Hardware platforms used in our experiments.

Edge Server NVIDIA AGX Xavier
96-core AMD 8-core NVIDIA
CPU EPYC 7352 Carmel Armv8.2
24-Core Processor 64-bit CPU
GPU NVIDIA RTX A4500 NVIDIA Volta GPU
Memory 512GB 16GB LPDDR4x
Storage 8TB SSD 32GB eMMC
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Figure 2.8: Offline decisions on (a) optimal batch size C' and (b) malicious threshold 7 (k = 0.9) for
the five LMs.

2.4.5 Pseudo Code and Illustration

The whole framework of RT-LM, known as UASCHED, takes several aforementioned
control parameters, «, A, k, and b, and operates in two main phases: offline profiling and
online scheduling.

Offline profiling. The algorithm starts by initializing a LW regressor my. For each task in
the training set, RULEGEN(-) generates rule scores r;, which is taken by my as features and
calculates the output length from the LM. The algorithm then minimizes the Mean Squared
Error (MSE) between the estimated output lengths and the LM output lengths, thereby
updating the LW model. It also records GPU utilization to determine the minimum batch

size Cy for the LM f(-) that can better utilize hardware resources, e.g., when GPU usage
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reaches 100%. Finally, it determines the malicious threshold 7 according to the uncertainty

score distribution.

Online scheduling. The algorithm iterates over tasks in the test set, calculating uncer-

tainty scores using the pre-trained LW model my, and then placing them into a task queue.

The tasks are then popped and processed in a descending order of priority scores. If a task’s

uncertainty score is greater than the threshold, it is ofloaded to a CPU batch; otherwise, it

is placed in a temporary batch. If the temporary batch reaches a size of b-C, the scheduler

sorts tasks in the batch in ascending order of uncertainty scores. It then segments the batch

at a point where the current uncertainty score is larger than A times that of the previous

one or if the pre-defined batch size C'y has been reached. The segmented tasks are offloaded

to a GPU batch, while the remaining ones are put back into the queue.
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2.5 Implementation and Evaluation

2.5.1 Experiment Setup

Testbeds. We implement RT-LM and conduct an extensive set of experiments on an edge
server, as shown in Table 2.2, simulating the single-device multitasking scenarios of online
chatbots or services, and live-translation services.

Benchmark. We evaluate RT-LM across five state-of-the-art LMs that are widely used
in dialogue systems—DialoGPT [167], GODEL [120], BlenderBot [130], BART [80], and
T5 [126]—on four benchmark datasets: Blended Skill Talk [143], PersonaChat [166], Con-
vAI2 [33], and Empathetic Dialogues [128]. We use the pre-trained versions of these
models—DialoGPT-medium, GODEL-v1_1-base-seq2seq, blenderbot-400M-distill, bart-base,
t5-base and annotated datasets released by Hugging Face®.

Metrics. We evaluate RT-LM’s performance w.r.t. the average response time, throughput,
and runtime overhead. We also delve deeper into the effect of different components of
RT-LM on the system-level performance, the robustness of RT-LM against different parameter
settings, and its effectiveness under different proportions of malicious tasks.
Hyper-parameters. For the offline profiling, we initialize a lightweight MLP which has
four layers of hidden size [100, 200, 200, 100], and train the model with a learning rate
of le-4. We record the average GPU usage for the five LMs with different batch sizes in
Fig. 2.8a. Specifically, we choose an optimal batch size (i.e., minimum batch size that a
LM can reach 100% GPU usage) of 11, 24, 33, 11, 33, for DialoGPT, GODEL, BlenderBot,

BART, T5, respectively. We further record the distribution of uncertainty scores for each

Shttps://huggingface.co/
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Table 2.3: Maximum response time (s) and percentage of improvement for sentences with small, nor-
mal, and large uncertainty variance on the edge server. The evaluated methods consist of uncertainty-
oblivious (former) and uncertainty-aware (latter) ones. Bold numbers denote the best metric values
among them.

DialoGPT | GODEL BlenderBot | BART | T5

Method ‘ ‘
‘Small Normal Large ‘ Small  Normal Large ‘ Small  Normal Large ‘ Small  Normal Large‘ Small  Normal Large

FIFO ‘ 2.25 3.75 3.90 ‘ 2.15 3.06 3.93 2.24 2.52 3.41 1.87 1.93 1.95 ‘ 2.90 2.95 3.30

HPF 3.25 3.92 4.68 2.75 3.79 4.53 2.90 3.54 3.37 2.34 2.13 2.63 3.56 413 3.97
LUF 2.85 2.77 3.55 2.47 3.06 3.41 2.86 2.79 2.93 1.98 1.82 2.19 3.24 3.43 3.17
MUF 3.03 3.68 3.93 3.52 3.74 4.21 3.36 3.52 3.10 2.97 3.00 2.38 4.01 3.30 3.98
RT-LM 2.24 2.96 3.18 2.52 2.80 3.17 2.92 2.26 2.38 1.93 1.66 1.86 3.45 2.64 3.25

-04% -21.1% -18.5% | +17.2%  -8.5%  -19.3% | +30.4% -10.3% -30.2% | +3.2% -14.0% -4.6% | +19.0% -23.4% -1.5%

LM in Fig. 2.8b, and select a malicious threshold of 35, 34, 29, 26, 22 for DialoGPT,
GODEL, BlenderBot, BART, T5, respectively. We set the uncertainty-weight « as 1.0, the
output-latency coefficients n as 0.05, 0.04, 0.1, 0.05, 0.04, and the input-latency coefficients
© as 0.08, 0.10, 0.13, 0.08, 0.07 across the five LMs for priority assignment; A, b as 1.5, 1.8,
respectively for dynamic consolidation; and k as 0.9 for protective mechanism. To gather
necessary statistics, we employ the tegrastats utility for recording GPU and CPU memory
usage. Additionally, we use Python’s time library to track the arrival and end time of each
task, as well as the latency incurred by RT-LM.

Workload setup. Real-world human-generated processes, such as phone calls to a call
center, can often be represented as a Poisson process, where the number of arrivals within a
specific time interval is governed by a Poisson distribution [29,132]. Given the independent
nature of user queries in our context, we adopt a similar model to simulate task arrivals. This
model is principally defined by its average arrival rate, denoted as 3 (representing queries per
minute). We generated synthetic traces by sampling inter-arrival times from an exponential
distribution with differing mean p = % to modulate the arrival rate. To create time-

varying synthetic workloads, we continuously evolve the workload generator across different

exponential distributions throughout the process. This involves iterating through integer
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values of § ranging from 10 to 150. For each minute, we sample from the corresponding
exponential distribution, ensuring a comprehensive representation of workload scenarios,
from light-load phases to high-traffic peaks. Following the generation of these traces, we
shuffle the test dataset and map them to the created arrival patterns. To enhance realism,
acknowledging that users may require some time to complete a query, we introduced a wait
time interval £ = 2 seconds so that tasks arriving within this span are processed as either

a single batch or multiple batches?.

2.5.2 Latency Performance

We evaluate the latency performance of various strategies by calculating their
response time — the time elapsed between a task’s end time and its arrival time across the
five LMs. Naturally, a lower average response time indicates a more efficient system. We

compare RT-LM to the following baselines:

e First-In-First-Out (FIFO): Tasks are queued based on their arrival times, creating

uncertainty-oblivious random batches with a fixed size for execution.

e Highest Priority-Point First (HPF) [102]: Tasks with higher priority points are prioritized.
This approach batches tasks with similar priority points together, maintaining a fixed

batch size, yet remains uncertainty-oblivious.

o LUF': Tasks with lower uncertainty scores are given precedence. Those with comparable

uncertainty scores (or execution times) are batched together using a fixed size.

4We conducted supplementary experiments using diverse sets of y and & values. The findings consistently
align with the trends observed in Fig.2.9~2.11.
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e Maximum Uncertainty First (MUF): This strategy prioritizes tasks with higher uncer-

tainty scores. Those with analogous scores are batched together with a set size.

To gauge the impact of uncertainty on system-level performance, we evaluate all
methods across three subsets of tasks featuring small, medium, and large variance of un-
certainty scores on the edge server. Fig. 2.9 demonstrates the distribution of response time
values, while Table 2.3 records the worst-case response time for each method across task sub-
sets. From our observations: 1) Uncertainty-aware strategies tend to surpass uncertainty-
oblivious ones, especially when input data exhibits varied uncertainty scores. For the small-
variance subset, all methods display similar response times in Fig. 2.9a, with the maximum
values of LUF, MUF, RT-LM even larger than FIFO, HPF in some cases in Table 2.3, but
on the large-variance subset, LUF, MUF, RT-LM consistently outperform FIFO and HPF.
This is because when tasks exhibit similar workloads, all strategies essentially mimic FIFO.
However, when there’s significant variance in task uncertainty, grouping tasks with analo-
gous uncertainty scores reduces the likelihood of computation-intensive tasks holding up the
entire batch. 2) Generally, LUF produces a better performance than MUF. By prioritizing
tasks with high uncertainty, MUF can inadvertently cause the entire system to lag, thus
compromising average response times. 3) RT-LM consistently exhibits superior performance,
achieving the most efficient response times across all LMs. The average response time of
RT-LM is roughly 0.8s less than FIFO for BART in Fig. 2.9¢; and its maximum response time
is up to 30% smaller than FIFO for BlenderBot in Table 2.3. This suggests that considering
both execution times and priority points in task prioritization can further optimize latency

performance. This dual consideration ensures RT-LM is versatile across varied workload dis-
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Table 2.4: Average throughput for sentences with small, normal, and large uncertainty variance on
the edge server.

Method | DialoGPT | GODEL | BlenderBot | BART | T5

‘Small Normal Large ‘ Small Normal Large ‘ Small Normal Large ‘ Small Normal Large ‘ Small Normal Large

FIFO ‘ 21.68 18.00  15.68 | 17.89  18.28 13.36 | 21.15 17.90  17.63 ‘ 3230 30.62  25.92 ‘ 17.86 16.57  16.15

HPF 20.26 19.27 16.41 | 19.55 18.69 13.99 | 21.26 18.28 17.32 | 33.59  30.22 26.56 | 18.10 16.75 17.18
LUF 23.19 21.09 19.97 | 19.71 19.17 17.68 | 21.34  19.48 19.81 | 32.86 31.02 28.52 | 19.75 18.94 18.84
MUF 22.40 20.06 19.44 | 19.14 18.34 16.76 | 21.20 18.92 20.08 | 32.03 31.28 27.97 | 19.58 17.78 17.52
RT-LM | 24.61 23.89 22.34 | 23.73 21.54 19.78 | 21.12 20.66 20.80 | 32.14 31.71 28.64 | 22.28 21.94 20.03

tributions. 4) Larger LMs are more sensitive to variations in task uncertainty, requiring
even more execution times for tasks with high uncertainty scores, thereby benefiting more
from uncertainty-aware strategies, e.g., RT-LM improves the maximum response time over

FIFO to a larger extent for GODEL and BlenderBot (20% and 30%) than other LMs.

2.5.3 Throughput Performance

We further evaluate the throughput of various strategies as the average completed
tasks per minute, across the five LMs, on the edge server. As expected, a higher through-
put implies a more efficient system. Table 2.4 summarizes the results on the three subsets.
We observe the throughput profiles of all methods are highly consistent with their latency
performance metrics. Specifically, uncertainty-aware strategies notably exhibit larger ad-
vantages over uncertainty-oblivious ones when the uncertainty variance of test inputs grows,
e.g., RT-LM can process over 6 more tasks per minute than FIFO, with DialoGPT in the
large-variance subset. Among these, LUF is generally superior to MUF. RT-LM, however,
stands out by consistently outperforming all other strategies. Moreover, uncertainty-aware
strategies, particularly on larger LMs, can significantly boost system efficiency, e.g., RT-LM

boosts the average throughput by 10% to 30% for BART and GODEL.
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2.5.4 Ablation Study

To elucidate the superiority of RT-LM, we conduct an ablation study investigating
the individual contributions of each component of our method to the response time and

throughput performance:

e Uncertainty-aware prioritization (UP): We compare uncertainty-oblivious prioritization
strategies, namely FIFO and HPF, with UP for response time and throughput evaluation,

respectively.

e Dynamic consolidation: We contrast UP (using static batching) with its dynamic consol-

idation counterpart (UP+C).

e Strategic offloading: We compared UP+C with RT-LM, which facilitates execution of

malicious tasks on the CPU.

Fig. 2.10 illustrates the subtle improvements of each component-enabled method
over its component-oblivious counterpart in terms of reduced response times on the edge
server, with RT-LM consistently outperforming the rest. For example, UP achieves an av-
erage response time of 0.2~0.7s less than FIFO. This indicates all three components of
RT-LM are integral to its superior performance. Notably, the performance boost derived
from prioritization and consolidation is typically larger than offloading, e.g., the average
response time gap between UP+4+C and RT-LM is smaller than other pairs in most cases.
This suggests that our prioritization and consolidation are more consequential in improving
efficiency. Interestingly, strategic offloading has slightly more significant impact on larger

LMs, e.g., RT-LM reduces the average response time over UP+C to 0.4s for GODEL, while
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their performance are nearly the same for BART. This is because computational demand-
ing tasks have larger impact on sophisticated LMs, causing even more severely overloaded

systems.

2.5.5 On-Device Evaluation

Emerging embedded devices, augmented with powerful computing capabilities and
LM intelligence [137], have the potential to serve as the local central service in future smart
homes. These devices may support hundreds of IoT devices, facilitating concurrent multi-
user or multi-device (e.g., refrigerator, air conditioner) communications with a single LM,
a concept known as connected intelligence. In this context, we delve into the performance
evaluation of various methods on an NVIDIA AGX Xavier (see Table 2.2), which is widely
used in various applications such as autonomous driving [68,69] and robotics [112-114,123],
to reflect the feasibility of RT-LM in on-device multitasking scenarios.

Fig. 2.11 showcases the response time of all evaluated methods across three subsets
on the AGX Xavier. The observed patterns largely mirror those seen on the edge server. For
instance, uncertainty-aware strategies excel, particularly in subsets with diverse uncertainty
characteristics. LUF is generally more efficient than MUF, RT-LM consistently outperforms
other baselines across all LMs, and uncertainty-aware strategies derive greater efficiency
benefits from larger LMs, such as GODEL. Furthermore, a comparative analysis between
the two platforms reveals an interesting insight: high-performance devices, being quicker
in execution, tend to display a smaller disparity in performance across different methods
compared to embedded devices. This subtly hints at a diminished relative advantage for

RT-LM on more powerful devices.

32



—¥— DialoGPT  —%— GODEL BlenderBot —¥— BART —¥%— T5

2.50 2.50
‘v 2.25 A2 W2 S 2.25 T
Ez.om MW“"F' 2.001 W \/ W
=)

s
S 1.75 1 1.75

& 1501 W 1.50

g

< 1254 1.25 1

1.00 T T T —1.00 +— T T T T
0.0 0.5 1.0 15 2.0 1.0 15 2.0 2.5 3.0

(a) Parameter a (b) Parameter b

Figure 2.13: Study of average response time with different values of (a) « and (b) b across five LMs
on the edge server.

Fig. 2.12 depicts the individual contributions of each RT-LM component, in terms of
reduced response time on the embedded device. The findings align with on the edge server:
all three components collectively boost its performance, prioritization and consolidation
emerge as more influential factors in enhancing efficiency than offloading, and larger LMs

generally derive more pronounced benefits from offloading.

2.5.6 Parameter Study

We explore the impact of two key hyperparameters, a and b, which control the in-
fluence of uncertainty in priority computation and the batch size determined by the number
of tasks, on RT-LM. We vary « from 0.1 to 2.0 (with a fixed b = 2.0) and b from 1.0 to 3.0
(with a fixed @ = 1.0), incrementing by 0.1 in both cases, and assess the resulting average
response time of RT-LM across different LMs.

Fig. 2.13a shows that RT-LM is robust to changes in «, with a maximum divergence
in response time not exceeding 0.35s for each LM. This resilience indicates that UP functions
as a well-balanced, uncertainty-aware priority, aptly mediating between priority points and

execution times for tasks. An optimal « value of 1.0 is indicated by our performance

33



Table 2.5: An example of crafted sentence that causes DialoGPT to generate much longer outputs.
Ttalics and strike-threueh denote added and removed tokens, respectively.

Q: Not really. Let’s tatk think about food. What do you like to eat?

I leve like fish.

A: T love fish too! What is your favorite kind?

A: T like to eat fish too. What is your favorite kind? I like pasta, filipino,
steak, etc. I talk a lot on IRC and it is fun to learn about it with some
other guys.

metrics. Placing a higher emphasis on either uncertainty (larger «) or remaining time until
the priority point (smaller «v) results in a slight increase of response time.

Fig. 2.13b reveals that b has a more significant impact on latency performance than
«, with the maximum deviation in response time reaching about 0.75s for T5. This indicates
a considerable dependence of dynamic consolidation on the number of tasks considered for
a batch. Optimal performance is achieved at b = 1.8. Values below or above this introduce
inefficiencies, either mimicking static batching or causing delays in task completion due to

longer wait time.

2.5.7 Evaluating Malicious Scenarios

To evaluate the robustness of RT-LM against malicious inputs, we apply a state-
of-the-art adversarial attack method [87] that crafts provided input texts to elongate LM
outputs. Table 2.5 presents an example of a malicious sentence designed to prompt an LM
to generate longer output A than the original one A, leading to a computational burst and
degraded system performance. Tasks are deemed malicious if their uncertainty scores exceed

a predefined threshold (see Eq. 2.4). To assess the response, we control the proportion of
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Figure 2.14: Average response time and LM inference latency on the edge server, under varying
ratios of malicious tasks.

deliberately crafted malicious tasks within a range of 0% to 100%, increasing in increments
of 10%, and evaluate subsequent system latency performance.

Fig. 2.14 shows the effects of varying ratios of malicious tasks on the average
response time of both FIFO and RT-LM, as well as the associated average inference latency
across different LMs. As seen, RT-LM is proficient in managing extreme conditions wherein
a large proportion of malicious tasks need to be processed, outperforming the uncertainty-
oblivious FIFO. When the malicious task ratio exceeds 30%, FIFO exhibits high sensitivity,
with the average response time increases from around 2.0s to 3.0s. Whereas RT-LM is resilient
against malicious tasks, maintaining a steady average response time of around 1.5~1.9s. Our
results confirm that RT-LM effectively prevents malicious tasks from hindering the execution
of other critical tasks. This resilience enhances RT-LM’s suitability for applications like
chatbots [176], personal assistants [153], and conversational AI in healthcare [13] where

defense against adversarial attacks is crucial.

2.5.8 Overhead Analysis

Analyzing overhead is crucial in practical real-time systems which are more com-

plicated and variant. A solution with high overhead may undermine response time and
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Table 2.6: Latency and memory of offline profiling.

LM | Total LW latency (s) | Memory
‘ Train Ratio ‘ Train
DialoGPT 351 3.01% 14,607 MB
GODEL 490 3.96% 14,768 MB
BlenderBot | 448 3.71% 14,723 MB
BART 392 3.25% 14,631 MB
TH 369 3.06% 14,639 MB

Table 2.7: Latency, memory, and CPU/GPU utilization of online scheduling. Prior., consol., and
off. denote prioritization, consolidation, and offloading.

| Avg. per-task latency (ms) | Memory | CPU / GPU util.
‘ Prior. Comnsol. Off. Ratio ‘ Test ‘

DialoGPT | 8.04 0.42  0.37 2.10% | 11,293 MB 97% / 92%
GODEL 7.78 0.43 049 2.04% | 12,795 MB 93% / 97%
BlenderBot | 9.24 0.53 040 2.39% | 12,136 MB 99% / 95%
BART 7.84 0.35  0.10 2.06% | 11,979 MB 97% / 91%
T5 8.39 0.33  0.18 2.27% | 11,653 MB 95% / 90%

LM

Ratio

throughput, as the scheduling process may severely block task execution. We present an
analysis of both latency and memory usage introduced by RT-LM on the edge server, offering
insights into the practical efficiency of our design.

Offline Profiling. We initialize an LW model and train it for 100 epochs, using the LM
outputs as ground truths. We report both the average training time per epoch and its
proportion relative to the LM inference time. Memory usage during this phase is also
recorded. As shown in Table 2.6, our training consumes merely around 3~4% of the LM
inference latency, and less than 3% of the total available memory (512 GB), demonstrating
the overhead efficiency of RT-LM.

Online Scheduling. We evaluate the average per-task latency of each component of
RT-LM and compare the combined latency to the LM inference time. We also record the

average memory usage as well as CPU/GPU utilization during online scheduling. Table 2.7
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reveals that RT-LM introduces less than 3% additional latency overhead relative to the
LM inference time (around 415 milliseconds per task). Such small overheads are unlikely
to affect real-time dialogue systems noticeably. Notably, prioritization accounts for the
majority of scheduling time, as uncertainty is computed and queued at this stage. For all
LMs, CPU/GPU utilization reach over 90%, which suggests effective resource allocation

under RT-LM.

2.6 Related Work and Discussion

2.6.1 Real-time DNN Inference.

Recent research has improved real-time Deep Neural Network (DNN) performance
with strategies optimizing performance-accuracy trade-offs [9,11,175], and exploring system
design for DNN execution [10,62,63,65,67,96,109,159]. Despite these advancements, pre-
vious works neither consider the dynamics of DNNs for different execution times of inputs.
In contrast, our proposed method, RT-LM, builds upon these existing scheduling algorithms
by incorporating uncertainty estimation to further enhance performance and resource allo-

cation.

2.6.2 Uncertainty Estimation.

Uncertainty estimation has been a topic of interest in the machine learning and
NLP community, particularly in the context of deep learning [118]. Methods like Monte
Carlo dropout [43] and Bayesian neural networks [70] have been proposed to quantify the

uncertainty in model predictions. Previous works [36,92,105] also show that uncertainty may
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cause an LM to generate outputs with varied lengths. Our method employs a lightweight
regressor to estimate the uncertainty in terms of the output length of an LM inference,
which can be used to inform the scheduling process, improving resource utilization and

response time.

2.6.3 Intelligent Edge Server Systems.

In cloud-edge-client hierarchical systems, AI models are co-deployed on the cloud
and edge servers [137,161], where multiple requests from diverse users via edge devices can
be processed concurrently by the DNNs. Notable examples of such applications include
online chatbots and live translation services. Additionally, cloud servers frequently grapple
with load balancing across multiple workers [50]. RT-LM could prioritize critical requests
and redirect malicious tasks to CPU cores, thereby enhancing overall system performance

and reducing the threat of performance attacks against DNNs [16, 18, 19,22, 54, 87].

2.6.4 Limitations of RT-LM.

RT-LM mainly targets system-level optimization in heavy-workload scenarios, em-
phasizing concurrent task processing by taking into account the uncertainty characteristics
of each task. In real-world on-device LM-embedded systems, where queries typically arrive
sequentially, there’s room for further improvement, e.g., optimizing performance for each
individual task by leveraging the correlation between uncertainty and layer-level LM infer-
ence/training efficiency could be pursued. Additionally, our current approach is designed
for single-machine scenarios. Expanding to hybrid deployment setups, such as server-edge

combinations, is an avenue worth exploring. Moreover, RT-LM doesn’t account for mem-
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ory and power constraints, which could cause potential out-of-memory (OOM) issues on
edge environments and pose challenges when deploying on low-power devices. Although
deep learning compilers [20,21] may mitigate the challenges posed by limited resources in
such scenarios, adapting RT-LM to work efficiently in memory-constrained edge settings and

optimizing LM inference from a power-efficiency standpoint is an area yet to be addressed.

2.7 Conclusion

In this paper, we introduced RT-LM, a novel uncertainty-aware resource manage-
ment for real-time on-device LMs. Our extensive evaluations demonstrated the superior
performance of RT-LM in terms of response time, system throughput, and robustness to var-
ious system settings, while maintaining low overhead and excellent memory efficiency. In
the future, we will focus on further optimizing the uncertainty estimation mechanism and

expanding the applicability of RT-LM to more diverse and dynamic real-world workloads.
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Chapter 3

LeMix: Unified Scheduling for
LLM Training and Inference on

Multi-GPU Systems

3.1 Introduction

Recent advances in large language models (LLMs) have underscored the impor-
tance of continuous adaptation to maintain alignment with evolving data and user feed-
back [154,163,172]. Techniques like test-time training [3,146] exemplify the potential for
LLMs to improve dynamically during deployment. However, achieving this adaptability
requires concurrent training and inference workloads, which are traditionally partitioned
and seperated across dedicated infrastructures [26,76,152]. For instance, platforms such as

Amazon SageMaker provide isolated environments for training and serving, where models
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Figure 3.1: GPU utilization of three SEPARATE setups, NAIVEMIX, and LEMiX when deploying
Llama-8B on eight A100 GPUs under LMSYS workloads. SEPARATE (2-2) and SEPARATE (1-3)
dedicate 2 (1) nodes to inference and 2 (3) nodes to training, while SEPARATE (dynamic) alternates
between these configurations based on request rates. NAIVEMIX and LEMIX co-locate both work-
loads across all four nodes.

are periodically retrained on new data and redeployed to inference endpoints [4]. While this
SEPARATE setup simplifies management, it inherently results in resource inefficiency.
Potential resource inefficiencies. In distributed systems, resource under-utilization
arises from both independent training and inference workflows. On the inference side,
advanced serving systems [2,27,40,74,145,157,174] employ continuous batching [164] to
handle dynamic request arrivals. Although these approaches improve throughput and re-
sponse times under high traffic, they often assume sustained demand, leading to serving
idleness during off-peak periods when resources remain frequently inactive. On the train-
ing side, parallelism techniques [7,25,45,75,97,107,141] are widely used to accommodate the
resource demands of LLMs by vertically partitioning computations across distributed sys-
tems. While these approaches improve utilization, they introduce sequential dependencies
in forward and backward passes, causing pipeline idleness (a.k.a. “bubbles”) [60] during
execution.

Figure 3.1a empirically demonstrates inefficiencies of the SEPARATE strategy run-

ning a Llama-8B model [149] across four nodes (servers) with eight A100 GPUs. Each
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model instance is divided into two stages on a node, with two nodes allocated to serving in-
ference requests based on real-world traces from the LMSYS Chatbot Arena [170,171], and
the remaining two nodes dedicated to training. We observe that inference suffers from low
average GPU utilization at just 13.62% due to inactive request periods. Despite a higher
utilization of 29.16%, distributed training exhibits interleaving patterns caused by pipeline
idle intervals.

Joint inference and training. To address these inefficiencies, we first propose NAIVEMIX,
a strategy that co-locates training and inference workloads on shared nodes via a simple
round-robin (RR) policy. As shown in Figure 3.1d, NAIVEMIX increases the average GPU
utilization by around 8% over SEPARATE through dynamically interweaving inference and
training tasks. This increased utilization arises from the overlap of inference and training
workloads, enabling otherwise idle GPU resources to be utilized more efficiently. Moreover,
NAIvVEMIX enables on-the-fly adaptation for concurrent workloads, where training updates
immediately enhance the accuracy of subsequent co-located inference tasks, eliminating the
delay associated with periodic inter-node model synchronization [40] required in SEPARATE
setups.

However, naive co-location alone offers limited gains, with NAIVEMIX achieving
an average of 31.88% GPU utilization. One reason is that NAIVEMIX is not sufficiently fine-
grained, leading to co-execution interference between asynchronous workloads. For example,
unfinished training backward passes can race and delay subsequent inference requests, es-
pecially under high traffic. Furthermore, real-world workloads exhibit dynamic request

arrival patterns [145], with heterogeneous request lengths [2,174] that exacerbate execution
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delays and additional GPU idle periods. During high traffic, these inefficiencies compound
as memory contention induces prolonged overruns, causing degraded responsiveness and
potential service level objective (SLO) violations [139].

A comprehensive solution. Recognizing these challenges, we propose LEMIX, a fine-
grained framework for co-operating LLM training and inference workloads in distributed
systems. LEMIX aims to: (1) maximize resource utilization, (2) improve inference accuracy
via continuous retraining, and (3) meet response time SLO. Unlike NAIVEMIX, LEMIX in-
tegrates task-specific execution awareness and runtime adaptability to dynamically balance
these objectives.

Specifically, LEM1x leverages an offline profiler to gather latency and memory
coefficients on each hardware (§3.4.1). These profiled results enable the system to speculate
the execution behaviors of online tasks and their system-wide impact (§3.4.2), while also
providing actionable insights for co-optimizing multiple objectives during resource allocation
(§3.4.3) and runtime execution scheduling (§3.4.4).

As a result, LEMIX can consolidate workloads onto fewer nodes during periods of
light demand—such as low request rates or reduced training intensity—without compromis-
ing SLO compliance. As shown in Figure 3.1e, LEMIX significantly improves the average
GPU utilization by around 22% over NAIVEMIX, through fine-grained node partitioning
and runtime scheduling based on real-time workload conditions (e.g., request rate, retrain-
ing burden). This adaptability ensures LEMIX remains robust in real-world scenarios with

dynamic arrival patterns and heterogeneous computational demands.
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Contributions. We evaluate LEMIX on diverse models and hardware, including three GPT
models on A6000 GPUs and three Llama models on A100 GPUs, leveraging model paral-
lelism under both synthetic and real workload traces. LEMIX delivers up to 3.53x higher
throughput, 0.61x lower inference loss, and 2.12x higher SLO attainment over SEPARATE
under various conditions. Our contributions are:

e To our knowledge, this is the first study of concurrent LLM training and inference in
distributed systems, unveiling inefficiencies in both SEPARATE (§3.2) and NAIVEMIx
(§3.3) setups and identifying optimization opportunities.

e We propose LEMIX, a dynamic task-specific framework that coordinates mixed workloads,
optimizing resource utilization, inference accuracy, and response SLO compliance under
diverse real-time conditions (§3.4).

e We extend the scope of co-location techniques to support a wide range of LLM serving
(e.g., autoregressive generation) and parallel training (e.g., data parallelism) scenarios,

demonstrating the generality of LEMIx (§3.5).

3.2 Background and Analysis of Separate

Recent surge in deploying LLMs for continuous user interaction [138] has neces-
sitated effective strategies for handling concurrent training and inference tasks. These
workloads span responding to user queries and retraining aimed at aligning LLM outputs
with human preferences [28,90] and ensuring factuality [30,42]. A widely adopted approach
to manage such workloads in distributed systems is the SEPARATE strategy, which dedicates

servers in different phases to either inference or training tasks [26]. While this setup sim-
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plifies management and ensures inference accuracy, it exhibits resource inefficiencies under

realistic workload conditions.

3.2.1 System Model and Terminology

Table 3.1: List of key terms used in the paper.

Stage Sharded sub-model (e.g., layers 0-8) on a specific GPU.

Node A single server containing multiple GPUs (e.g., 8 xA100).

Task An inference or training operation across stages within a node, where an inference task
is forward-only, while a training task includes a forward + backward.

Batch Internal mini-/micro-batching strategies within each task. They do not affect how
LEMIX views or schedules tasks across nodes.

Table 3.1 includes a system model, defining key terms such as task, node, and stage
of execution in this paper. We assume tasks are independent (no inter-task communication),

and their arrivals are externally triggered (e.g., by user queries).

3.2.2 Empirical Analysis of Separate

Figure 3.1b highlights the limitation of SEPARATE under another static “1-3” par-
tition, allocating one node for inference and three nodes for training. While this setup
slightly increases the average inference utilization to 14.28%, training utilization drops to
27.78% compared to the “2-2” partition, leading to negligible overall gains. These observa-
tions suggest that altering the fixed partition of nodes alone provides limited benefits.

To address workload variability, we further evaluate a more adaptive dynamic
SEPARATE strategy that alternates between “1-3” and “2-2” setups based on request rates
(“1-3” for less than 50 rps and “2-2” otherwise), as shown in Figure 3.1c. However, even with

these adjustments, the average utilization only improves marginally to 26.43%, indicating
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Figure 3.2: Left: The length distribution (w/ standard deviation) of two datasets and Right: the
forward (F') and backward (B) latency running GPT models on a single RTX A6000 GPU.

the persistent inefficiencies of partitioning regardless of node allocation. These inefficiencies
stem from two key challenges: serving idleness due to dynamic request arrivals and training

pipeline idleness caused by workload heterogeneity.

3.2.3 Two Main Sources of Inefficiencies in Separate

Serving idleness in dynamic environments. Modern LLM deployments operate in
a multitenant environment with highly dynamic request patterns across multiple node in-
stances [145]. To address the significant memory demands of LLM inference, model par-
allelism (MP) [64] and continuous batching [164] are widely employed, wherein each GPU
hosts a sharded model slice (a.k.a. stage) and sequentially executes forward passes of a
mini-batch to reduce latency through statistical multiplexing [97]. While MP enables serv-
ing large models on memory-constrained devices, it exacerbates GPU idle periods during
light traffic. For example, under low request rates in Figure 3.4a, idle GPU intervals,
such as between tasks 2 and 3 on Node 1, are frequent, leaving significant portions of the
pipeline underutilized. This inefficiency becomes more pronounced in large-scale distributed

systems, where per-node request rate is even lower during off-peak hours [48].
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Pipeline idleness from workload heterogeneity. To meet the high computational
costs of LLM training, pipeline parallelism (PP) [7,60] extends MP to divide mini-batches
into smaller micro-batches that are processed in parallel to maximize utilization. While
asynchronous PP (A-PP) [45] theoretically minimizes idleness by continuously processing
micro-batches without flushing, LLM tasks with context-specific inputs introduce a unique
challenge: workload heterogeneity. As shown in Figure 3.2, real-world user preference align-
ment datasets: HH-RLHF [8] and SHP [35], exhibit significant variability in query lengths,
leading to diverse forward and backward latencies due to attention computation [151]. This
variability disrupts the seamless execution of A-PP, as overlapping forward and backward
passes contend for GPU resources, leading to execution delays and increased idle periods.
For example, on Node 2 of Figure 3.4a, task 2’ (V) begins execution on GPU2 (S2) much
later due to interference from the backward pass of task 1’. Similarly, task 5" () cannot
leverage the pipeline idle periods left by task 3’ or task 4’. This postponed inter-stage execu-
tion is termed as far dependency [25], as opposed to immediate dependency when tasks have
the same lengths and execute without delays. These inefficiencies accumulate over time,
resulting in prolonged E2E latency and fragmented memory. Although increasing concur-
rency, such as splitting mini-batches into more micro-batches, partially mitigates idleness,
the associated communication overhead [7] and far dependencies impose fundamental limits

on system efficiency.
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Figure 3.3: Real data showcasing (a) inference loss over time and (b) weight synchronization latency
across nodes for SEPARATE.

3.3 Motivation of Workload Co-Location

The evolving in-context learning capabilities of LLMs [154] present an opportunity
to optimize resource utilization by learning while serving inference requests. We propose
that co-locating training and inference workloads on shared resources mitigate the inefficien-
cies inherent in SEPARATE. A baseline strategy, NAIVEMIX, assigns tasks to nodes using
a fair Round-Robin (RR) policy based on their in-queue order, as shown in Figure 3.4b.
Inference tasks are queued according to their online arrival times, while training tasks are
queued according to the first-stage (S1) forward end times of previous training tasks. For
example, in the right part of Figure 3.4, the first four tasks enqueued are 1/, 1, 2, 2. Con-
sequently, NAIVEMIX co-locates tasks 1’ and 2 on Node 1, while allocating tasks 1 and 2’

to Node 2 for execution.

3.3.1 Advantages of NaiveMix

De-fragmentation. NAIVEMIX effectively enhances resource utilization compared to SEP-

ARATE by reducing idle periods across various real-time conditions:
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(b) NAIVEMIX co-locates both workloads by assigning tasks in a Round-Robin (RR) manner
based on their in-queue order.

Figure 3.4: Comparison of (a) SEPARATE and (b) NAIVEMIX under Left: low and Right: high
request rates on a two-node cluster. For simplicity, we present one micro-batch for each mini-batch.

e At low request rates, NAIVEMIX alleviates serving idleness by running training workloads
within the arrival gaps. For example, majority of training tasks 3’ and 4’ on Node 2 are
executed in the interval between inference tasks 1 and 3.

e At high request rates, NAIVEMIX reduces pipeline idleness by inserting inference work-
loads into underutilized stages of training pipelines. For example, task 8 on Node 1
utilizes the idle pipeline period left by tasks 4’ and 5'.

Latency reduction. By distributing training tasks across potentially more nodes,

NAIVEMIX naturally relaxes the far dependencies caused by forward-backward interfer-

ence in A-PP. For example, task 5’ completes much earlier than in SEPARATE training.

These optimizations in utilization consequently reduces E2E latency—the cumulative exe-

cution time across all nodes for executing a given workload, enabling more GPU time to be

devoted to actual computations.
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Enhanced serving quality. NAIVEMIX continuously improves inference accuracy by co-
locating both workloads, which allows model instances to be updated in near real-time,
benefiting serving quality on shared nodes. For example, under low traffic, the perfor-
mance of task 4 on Node 1 is enhanced due to updates after the backward pass of training
task 1’. Conversely, as shown in Figure 3.3a, SEPARATE requires periodically synchronizing
(e.g., checkpointing) updated weights [40] from training to inference nodes, sacrificing serv-
ing quality before each communication. The synchronization overhead is also non-trivial
and grows with model size and cluster scale (e.g., the number of nodes), as illustrated in

Figure 3.3b.

3.3.2 Optimization Opportunities

While NAIVEMIX alleviates multi-source inefficiencies of SEPARATE, its effective-
ness is limited due to coarse-grained task-agnostic execution awareness.
Suboptimal resource utilization. NAIVEMIX still leaves spaces for utilization optimiza-
tion. For example, low training rate—the proportion of training tasks in the queue—Ilimits
the reduction in serving idleness when insufficient training tasks are available to reduce
the serving idleness if distributed across more nodes, such as between tasks 2 and 4 on
Node 1 in Figure 3.4b under low request rates. Moreover, workload heterogeneity remains
a challenge. In Figure 3.4b, task 1 is assigned to Node 2 under low request rates. However,
allocating task 1 to Node 1 would instead utilize the idle periods left by task 1’. Figure 3.5a
validates this impact on NAIVEMIX’s utilization across subsets with different length vari-
ances sampled from HH-RLHF [8]. We observe a consistently decreasing GPU utilization

under highly-variable query lengths, particularly under heavy traffic. These inefficiencies

50



3 20 o EmE S rps | = a=0% b‘.\"b

< Q ] 10 rps £ 44 a=25% "

c ( 1) + 7

S 151 o SR 30 tps £,| = a=50% & 7]

4{_6 09 ‘bb‘+ Q*‘_ + M ch

= 101 & > Y § 2 “"+/-/ - 2

45 o Q/~\ Qg)b+ g_ /E&?" V)

o 54 u 1 \

S Q1w <+ 4

< = » 5 S

ole o Yo
150 300 450 600 25 50 75 100 125
Length variance Request rate (rps)
(a) Workload heterogeneity (b) Traffic intensity

Figure 3.5: Impact of (a) workload heterogeneity on utilization under different request rates and (b)
request rate on serving responsiveness under different training rates a.

highlight the need for a fine-grained policy that accounts for task-specific contributions to
GPU idle periods during resource allocation.

Prolonged serving response time. Naive co-location inevitably enlarges inference re-
sponse times due to resource contention between training and serving, especially during
high-traffic periods. In Figure 3.4b, task 5 () on Node 2 takes longer to complete com-
pared to its execution on Node 1 under SEPARATE. Our empirical results of deploying
GPT-2.5B under NAIVEMIX in Figure 3.5b show a prolonged inference response time as
request and training rates grow, due to more frequent co-execution interference. A fine-
grained approach is needed to estimate task-specific response times and prioritize inference
tasks that risk violating SLO targets.

Memory contention in overloaded systems. NAIVEMIX lacks runtime awareness of
resource availability, leading to potential memory contention [155] when concurrent work-
loads interfere in their pipelines. Under heavy traffic, autoregressive inference workloads
may overlap with computation-intensive backward passes, especially when longer sequences
and KV cache [122] are involved. These simultaneous workloads can trigger memory over-

runs and further extend latencies, which is compounded by the unpredictable behaviors of
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accelerators under high load, such as non-deterministic scheduling delays and memory frag-
mentation [129]. Therefore, a runtime profiler is needed to monitor resource usage, defer or

offload memory-blocking workloads to ensure SLO compliance.

3.4 Design of LeMix

From §3.3, we discuss that LLM systems with concurrent workloads benefit from
joint training-inference and can be further optimized by task-specific scheduling. We pro-
pose LEMIX, a fine-grained framework for co-operating LLM training and inference work-
loads in distributed systems, addressing inefficiencies such as serving idleness and pipeline
delays. As shown in Figure 3.6, LEMIX first conducts offline profiling to derive latency-
and memory-sensitive coefficients for estimating hardware-dependent execution latencies
(§3.4.1). Using these profiled results, LEMIX speculates the idle impact and serving la-
tency of incoming tasks on each node through task-specific execution planning (§3.4.2).
These predictions aid in determining task preferences for each node, which are integrated
with global task prioritization for hierarchical resource (node) allocation to balance
utilization and SLO compliance (§3.4.3). After assigning tasks, LEMIX executes them while
mitigating memory contention through runtime scheduling, selectively offloading caches,

and balancing the memory demands of concurrent workloads (§3.4.4).

3.4.1 Offline Profiling

To support efficient scheduling and memory-aware execution, LEMIX starts with

an offline profiler that captures the latency and resource characteristics of LLM workloads.
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Figure 3.6: LEMIX’s components and their interactions.

Latency estimation. Forward and backward execution latencies scale quadratically with
query length ¢ (Figure 3.2) and linearly with batch size C. We model Stage-level execution
time as Ap = - C - 42, Ag = 0 - C - (2, where % and 1% are hardware-dependent
coefficients. These are obtained by measuring average stage runtimes across various batch
sizes! and query lengths from the HH-RLHF [8] and SHP [35] datasets, normalized by C'-¢2.
Memory profiling. To preempt memory saturation, we profile peak GPU memory usage
under synthetic workloads with increasing ¢ and C. To balance throughput and stability,
LEMIX defines a memory utilization threshold, Mipreshold = & - Mpeak, Where x is a safety
factor. We select x empirically to avoid memory overflows while preserving throughput
and responsiveness under diverse real-time conditions. When memory constraints prevent
immediate execution, tasks are delayed in the queue. However, excessive delay impacts

responsiveness. Offline profiler empirically varies the maximum wait time T, and identify

1For serving requests, we apply iteration-level FCFS continuous batching [164] to form inference mini-
batches.
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on arrival time a, length ¢, and batch size C through execution planning. Dashed lines indicate that
backward operations are omitted for inference tasks.

a cutoff beyond which task latency degrades sharply. This value bounds deferrals before
offloading.

Insights for online scheduling. The results of offline profiling are integrated into LEMIxX
for online scheduling and resource management. Latency coefficients (9}, n}) enable
fine-grained planning of forward and backward executions (§3.4.2), while memory thresh-
olds (Minreshold) and waiting tolerance limits (Tinax) guide adaptive queueing and runtime
scheduling decisions (§3.4.4). Additionally, offline profiler offers practical insights in con-
tinuous retraining strategies. By correlating training rates with model accuracy and SLO
requirements, practitioners can adaptively adjust system priorities:

e If performance metrics (e.g., loss) are acceptable offline or SLO deadline is stringent, the

system reduces the training rate during online to prioritize inference throughput.

e Conversely, resources can be prioritized for training to pursue accuracy gains while at-

taining SLO (§3.4.3).

3.4.2 Task-Specific Execution Planning

When a task arrives in a distributed LLM system, the first challenge is to assess its

impact if executed on a specific node. This involves anticipating both resource utilization
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and response latency introduced by the task. To address NAIVEMIX’s limitations (§3.3.2),

LEMix adopts fine-grained execution planning of the task by considering its arrival (en-

queued) time, execution latencies, and inter-stage dependencies, as shown in Figure 3.7.

Specifically:

e [dleness increased (I1I): LEMIX distinguishes between “usable” and “unusable” idle peri-
ods on each node. Task-specific II measures the resource utilization gap created by the
new task’s execution, which transforms previously “usable” idle periods into “unusable”
ones.

e Response time (R): the estimated latency from the task’s arrival time to the completion
of its forward pass.

Their calculation is detailed in Algorithm 1.

Initialization. For each node n, LEMIX maintains two trace queues @, and Q¢ . .,

which track the execution paths of ongoing tasks. The forward path of a new task is initial-

ized based on the end time of the preceding task taskpev and the immediate dependency.

For each stage s, its forward start time is the later of two events: its forward end time in

the preceding stage s — 1 or taskprev’s forward end time in the current stage (line 5). The

forward end time is incremented by an estimated forward execution latency (line 6).

Far dependency rescheduling. To efficiently account for far dependencies caused by co-

execution interference, LEMIX introduces a temporary queue, Qtemp, which tracks pending

training tasks in Qf.,;,. For each training task in Qtemp:
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Algorithm 1 COMPUTEIDLENESS

1: Input: number of GPUs per node S, trace queues Q" := Q. U @ ference fOr €ach node n,
new task batch: {a,?,C}

2: Parameters: forward and backward coeflicient 7%, n%
3: Initialize: II < 0, taskprev < Q" [—1], Qtemp < Qfnin
4: for each stage s € {1...5} do
5: task.start} < max(task.endjl_l, taskprey-end})
6: task.endy « task.start} 4+ np - C - £
7 offset + 0
8: while Qiemp # 0 do
9: taSktrain : {atrainyetrain7 Ctrain} — thmp~dequeue()
10: if task.endjc < taskirain-start; then
11: Qtemp — Qtemp U {taSktrain}
12: break
13: task.startjc <+ max(task.start$, tasktrain.endy )
14: task.end} < task.start} +np - C - €2
15: if taskprev-end} < taskirain-start; then
16: offset < offset + 1% - Cirain * Leain
17: if s =1 A CHECKEXECUTED(taskiain, ) then
18: Remove taskirain from Qfain

19: IT « II + task.start} — taskprev.endjc — offset

20: R+ task.endf —a
21: return II, R

e If the current forward can finish before the backward of the training task begins, the stage
executes the forward pass during this idle pipeline period. The task is then reinstated in
Qtemp for subsequent stages (lines 10-12).

e Otherwise, the forward start time is postponed to the backward end time of this interfered
task, and the forward end time is recalculated accordingly (lines 13-14). Particularly, if
this training task completes its backward pass, it is removed from the node queue Q7..;,
to avoid recomputation in subsequent stages (lines 17-18).

All backwards executed between the previous and current forward (e.g., task 1’ on Node 1

in Figure 3.7) are recorded, and their cumulative execution times are subtracted from the

serving intervals to yield II (line 15-19). The response time R is estimated after forward

path planning (line 20).
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Figure 3.8: Number of allocated nodes (out of 4) by LEMIX for GPT-400M (left), GPT-1.4B (mid-
dle), and GPT-2.5B (right), when processing concurrent workloads under various setups.

Backward planning. For tasks requiring training, the backward paths are initialized
immediately after the forward paths. The backward start and end times are sequentially
computed for each stage in reverse order, propagating back through the pipeline and main-
taining a dependency chain between stages until the traversal ends. The planned backward

paths aid in forecasting subsequent tasks before the execution.

3.4.3 Hierarchical Resource (Node) Allocation

Based on anticipated idle periods and response times for each node, LEMIX op-
timizes resource allocation to address three objectives—maximizing resource utilization,
minimizing serving response time, and improving serving quality under dynamic workload
conditions. To achieve this, LEMIX employs a two-level hierarchical policy:

e Task-level (local): New tasks are assigned to nodes with the highest priority scores,
calculated using heuristic balancing the three objectives. For example, the new task in
Figure 3.7, if assigned to Node 2, would produce lower II and R.

e Queue-level (global): LEMIx dynamically adjusts task priorities in the global task queue,
deprioritizing training tasks that risk delaying subsequent inference tasks (and violating

SLO goals) at high request rates.

o7



Task-level multi-objective node allocation. LEMIx defines idleness profit (IP) to

capture the utilization benefit of accommodating the incoming task to a specific node

IP:—max{g—(a—a[”),T}, (3.1)

where a — a[_y) represents the inter-arrival interval between the preceding and incoming
task, S is the number of GPUs per node, and 7 is a threshold. IP penalizes nodes with
large increased idle periods relative to arrival intervals, enabling LEMIX to adapt to dynamic
request rates—a key characteristic of modern LLM-serving systems [145].

LEMIX incorporates length consistency (LC), which quantifies how well a task

with query length ¢ aligns with a node’s historical workload, as the serving quality heuristic

1 (E - M<a)2
LC=—— —_ 3.2
O'<aV27Texp{ 202 7 ( )

<a)

where pu~, and o, are the mean and standard deviation for previously executed tasks on
the node. Higher LC scores align tasks with a node’s workload profile, which has been
shown benefiting training convergence [89,95] and minimizing GPU idle periods caused by
workload heterogeneity (§3.3.2). For inference tasks assigned to different nodes, LEMIx
minimizes cache miss rate by prioritizing prefiz reuse [173] for length-bucketed queries,
which keeps most requests on warm caches.

The node priority score integrates the three objectives

_IP+ X LC

fo (33)
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Figure 3.9: An illustration of how Bottom: LEMIX consolidates workloads from Top: NAIVEMIX
into one node to optimize utilization while maintaining SLOs via deprioritization.

where A1 and As balance the trade-off between response latency R and serving quality

heuristic. Tasks are assigned to nodes with the highest priority scores, dynamically up-

dating the node queues. This priority-based mechanism enables workload consolidation,
dynamically adjusting the number of active nodes based on real-time conditions, as shown
in Figure 3.8. Key observations include:

e Higher training rates lead to an increased II, as more unfinished backward passes create
contention for resources, reducing IP and f for allocated nodes. This shift tasks to new
nodes to alleviate resource contention.

e As request rates rise, arrival intervals shorten, amplifying II due to the added interference
caused by workload heterogeneity, again lowering f and favoring new nodes.

e Larger model sizes exacerbate workload heterogeneity, as they magnify n} and 7} (Fig-
ure 3.2). This increase in II reduces the profitability (IP) of assigning tasks to allocated
nodes, instead favoring new nodes.

Queue-level task prioritization. While local-level selection optimizes individual assign-

ment, it neglects the inter-task impact that arises under high-traffic scenarios. In such cases,
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both bursty inference requests and training tasks compete for shared resources, preempting
subsequent inference tasks and risking SLO violations. To maintain serving throughput,
LEMIX deprioritizes training tasks if the minimum estimated response time of its subse-
quent enqueued inference task tasknext across all nodes violates the SLO target

i taskexs-end3} + 0% - C" - 02 — o/ > 3.4
1£?N{tagggén{ asknext-endf } + }—a >R, (3.4)

where C’, ¢/, ' are the batch size, query length, and arrival time of tasknext. TR is a response
SLO goal, e.g., 5x inference latency. In Figure 3.9, LEMIX defers training tasks 2’ and 3’
on Node 1, as either would significantly delay inference task 2. These severe delays, if arise
from far dependencies in preceding tasks (e.g., task 2'), also indicate under-utilization and
could be optimized through this deprioritization process. Practitioners can set different
SLO goals to balance serving responsiveness and training efficiency. A larger 7gr increases
delay tolerance, preserving training priority for improving serving quality, while a smaller

TR penalizes SLO violations more strictly, prioritizing serving responsiveness.

3.4.4 Runtime Memory-Aware Scheduling

After dispatching tasks to specific nodes, LEMIX coordinates all ongoing tasks
with the new one on each node, ensuring reliable service under dynamic traffic. To handle
the risk of memory overruns—especially critical when co-locating computation-intensive
batched operations—LEMIX incorporates a runtime scheduler that maintains SLOs without
sacrificing resource efficiency. Memory overruns occur when overlapping pipelines exceed the

system’s available memory, potentially delaying inference generation or disrupting training
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Algorithm 2 EXECUTETASKMEMORY AWARE

1: Input: number of GPUs per node S, task queues Q" := QF..in, U Q1 terence fOr €ach node n.
2: Parameters: Memory utilization threshold My eshola, check interval A;, and maximum wait
time Tinax

3: while Q" # () do

4: task < Q™ .dequeue()

5: for each stage s € {1...5} do

6: wait < 0

7: while not MEMORY AVAILABLE(n, §, Mihreshold) dO

8: wait <+ wait + Ay

9: if wait > T then
10: Offload KV cache of task from GPU s
11: break
12: if MEMORYAVAILABLE(n, S, Minreshold) then
13: FORWARD(task, s)
14: Calibrate < task.start}, task.end} >€ Q"
15: if s = S A task.require_backward then
16: BACKWARD(task)
17: Calibrate < task.start}, task.end, >€ Qfin

operations. To preemptively manage memory and mitigate these issues, LEMIX employs a
stage-level wait-or-drop policy, as shown in Algorithm 2.

Wait-or-drop with execution calibration. Runtime monitoring is conducted before
each forward on a stage. When an incoming task’s memory demands exceeds the device’s
capacity due to concurrency, it is placed in a temporary wait state (lines 6-8). By deferring
execution until enough memory is available, this phase prevents immediate conflicts without
disrupting ongoing tasks. It is particularly beneficial for autoregressive generation tasks,
where low latency is critical. If the memory remains constrained beyond a profiled threshold
Timax, LEMIX offloads intermediate activations and KV cache [122] to CPU [34] to scale
down memory demands and free resources for inference to attain SLOs (lines 9-10). After
execution, forecasted paths (§3.4.2) in the node queues are calibrated by the execution traces

(lines 13-17), facilitating future task planning and scheduling optimization.
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3.5 Implementation and Discussion

3.5.1 Implementation

LEMIX is built on top of vLLM [74] and DeepSpeed [5] for MP and PP, and
FlashAttention [31] for memory optimization during inference generation. We realize asyn-
chronous execution of stages using Python concurrent library. Specifically, LEMIX employs
a global scheduler that makes scheduling decisions oriented to the node instances, according
to the priority and memory load of them. It invokes each node as a multi-threaded execution
environment, where each thread is assigned to manage a stage of the instance pipeline. For
each node, tasks are scheduled across these threads following the forward and backward
dependencies. Each thread is responsible for coordinating and executing the forward and
backward (if applicable) jobs for its assigned stage. Once the memory availability for a task

is confirmed, the appropriate thread invokes the execution process.

3.5.2 Model Update Synchronization

In SEPARATE, model on the final training node is periodically checkpointed (e.g.,
every 100 training tasks) and loaded onto inference nodes to ensure consistent serving
quality.

Co-location methods, such as NAIVEMIX and LEMIX, adopt a decentralized strat-
egy similar to federated learning where each node independently updates its local model
instance based on its local training tasks. This setup resolves privacy concerns where sharing

weight can be highly risky.
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3.5.3 Scalability and Distributed Architecture

We assume an implicit client-server architecture. Real-world LLM systems (like
Azure, AWS) do not rely on a centralized scheduler for every request. Instead, they adopt
a distributed, hierarchical architecture that scales efficiently to millions of requests per
minute. LeMix operates on both cluster-level and GPU-level, with its global queue stored
in a cluster, and each local queue stored in a server (node):
¢ Front-end load balancers: Distribute client requests geographically across server clus-

ters (e.g., by regions, time zones) using stateless heuristics like round-robin or SLO-aware
routing to handle high traffic volumes (e.g., 10k+ rps) without per-request scheduling.

e Cluster-level scheduler: LEMIX precisely allocate requests to specific servers within
each cluster to coordinate training and inference tasks, which typically handles < 150
rps. This aligns with our experimental setups and reflects the practical scale of resource
allocation at the cluster level. As shown in analysis (§3.6.6), LEMIX incurs negligible
overhead under this workload.

e GPU-level runtime scheduler: Once tasks are assigned to a server, LEMIX man-
ages execution using fine-grained techniques such as memory-aware batching, KV cache
offloading, to optimize throughput and avoid OOM.

The efficiency of LEMIX is rooted in its lightweight design, enabling scalability in
large-scale distributed systems. Task-specific execution planning involves forecasting idle
periods and response times for incoming tasks. This step incurs an O(S) complexity per
node, where S is the number of stages (GPUs) in the node. Resource allocation computes

priority scores for all N nodes and selects the optimal node for each task, resulting in
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Algorithm 3 CONTINUOUSBATCHING

1: Input: Maximum batch size C', maximum waiting time T, task queue Q™ for a specific node
n.

2: Initialize: batch B™ < (), batch start Ty;q,+ < current time

3: while True do

4: if B" = () then

5: Tstart < current time
6: while Q™ # ) and |B"| < C do
T r < get_next_request(Q™)
8: if not r.require_backward A Tsqr¢ + Ty > current time then
9: Add r to B™ with padding (if necessary)
10: else
11: break
12: if B" # () then
13: Execute batch B™ on node n
14: B™ «+ filter_finished requests(B™)

an O(N - S) complexity. Memory-aware scheduling adjusts task execution based on run-
time conditions such as memory availability and task inter-dependencies, maintaining an
O(S) overhead per node by only considering active queues. Overall, LEMIX ’s end-to-end
scheduling operates with O(N-S) complexity across N nodes and S stages, ensuring efficient

coordination even in large clusters.

3.5.4 Autoregressive Generation

Serving requests are handled using continuous batching into mini-batches up to
a maximum size C' on a FCFS basis, as shown in Algorithm 3. To prevent excessive de-
lays during low-traffic periods, a maximum waiting time 7T, (defaulting to 0.5x inference
latency) ensures timely execution even when the batch size C' is not reached. In particular,
for autoregressive generation, we adopt hybrid iteration-level batching [164]. Each incoming
request represents a prefilling workload, which is integrated with ongoing decoding work-

loads into mini-batches to improve throughput and responsiveness. In LEMIX, prefilling
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Table 3.2: Model configuration and latency requirements.

Name Size # Layers Hidden size Forward Backward
GPT-400M 1.0GB 12 768 0.03s 0.04s
GPT-1.4B  2.3GB 24 1024 0.08s 0.09s
GPT-2.5B 4.5GB 36 1280 0.12s 0.14s
Llama-8B 13GB 32 4096 0.11s 0.15s
Llama-13B  26GB 40 5120 0.24s 0.36s
Llama-70B  132GB 80 8192 0.73s 1.05s

requests, which initialize new sequences, are allocatable across nodes based on our task
assignment strategy, informed by execution predictions of continuously batched task on
each node. Decoding requests, which extend prefilled contexts, operate continuously on the
same node as their corresponding prefilling tasks, maintaining data locality and supporting

dynamic scheduling, such as offloading, when memory bottlenecks arise.

3.6 Evaluation

We evaluate LEMIX across different LLM sizes and workload conditions, including
diverse request rates and training rates. Experimental results show that LEMIX consis-
tently outperforms baseline systems in all scenarios, achieving up to 3.53x higher through-
put, 0.61x lower inference loss, and 2.12x higher SLO attainment compared to SEPARATE
(83.6.2). We further delve into node-level latency and response time breakdown under real
workloads, showcasing how LEMIx’s dynamic resource allocation enhances utilization and
operational efficiency (§3.6.3). The benefits of LEMIX become even more pronounced under
high workload heterogeneity, where task-specific scheduling proves critical to performance
gains (§3.6.4). We also analyze fine-grained inference latency in different phases (§3.6.5).

Finally, we conduct ablation studies to provide deeper insights into its techniques (§3.6.6).
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3.6.1 Experimental Setup

Datasets and models. We use two popular preference datasets targeting different align-
ment domains: HH-RLHF [8] (harmlessness) and SHP [35] (helpfulness), to mimic the
serving and alignment fine-tuning of LLM deployment. Specifically, we sample 1,000 query-
reference pairs in each online test to evaluate the model and system performance. In this
work, we consider GPT [168] and Llama [149] family models of various sizes. Table 3.2
shows their detailed configurations.

Testbed setups. We use two testbed configurations. For GPT models, we use 4 servers,
each equipped with 2 NVIDIA RTX 6000 Ada GPUs (48 GB), 64 AMD EPYC-7543 CPU
cores, and 2 TB memory. For larger Llama models, we use 4 AWS EC2 servers, each
equipped with 2 NVIDIA A100 Tensor Core GPUs (80 GB), connected with pairwise
NVLINK.

Synthetic workloads. We mimic human requests as a Poisson process [89,97,139] and
synthesize traces by sampling inter-arrival times from an exponential distribution with mean
of the reciprocal of the various request rates. Tasks are sampled from the same dataset as
training (e.g., SHP) to simulate online serving and retraining scenarios.

Real workloads. We further explore the effectiveness of LEMIX in more complex inference
workloads constructed from the trace of LMSYS Chatbot Arena [170]—a real-world LLM
serving platform for clients.

Metrics. We measure throughput as the average number of completed tasks per second
and analyze the E2E latency across all nodes running the same amount of workloads, for

utilization analysis. For serving quality, we evaluate the average inference decoding loss.
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Figure 3.10: Average inference loss at various training rates for Llama-8B (left), Llama-13B (middle),

and Llama-70B (right).

For serving efficiency, we evaluate prefilling latency, i.e., time-to-first-token (TTFT), de-

coding latency, i.e., time-between-tokens (TBT) [174], and SLO attainment—proportion of
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inference tasks whose TTFT meet a SLO deadline of 5x forward latency [97].

Baselines. We compare LEMIX with three baselines as below:

e SEPARATE [25,97]: Nodes are partitioned into training and inference nodes based on
training rates &. Nipain = |N - @+ 0.5] nodes are dedicated to training and the remaining

to inference to balance workloads. Each task is assigned to a training or inference node

in a RR fashion.

e Mix-RR (NAIVEMIX): Tasks are assigned to nodes in a sequential RR order. This

method ensures a uniform distribution of tasks across all nodes.

e Mix-LUF: Lowest utilization first [38], serving as a strong baseline with more fine-grained
execution awareness over RR, measures the GPU utilization and allocates tasks to nodes

with the lowest average scores. MiX-LUF balances the active duration of all nodes over

time, potentially preventing any single node from becoming a bottleneck.
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Figure 3.11: Throughput (task/s) across various request rates for Llama-8B (left), Llama-13B (mid-
dle), and Llama-70B (right).

3.6.2 Results on Synthetic Workloads

We assess LEMIX and the baselines in three dimensions—inference loss of decoding
human references to measure service quality under continuous retraining, throughput as a
resource utilization metric when running mixed workloads, and SLO attainment to ensure
prompt service responsiveness, under a spectrum of training rates for multiple models at
different request rates on a four-node cluster.
Improved serving quality under retraining. Figure 3.10 shows Llama models’ average
inference loss when running concurrent serving and training workloads. We observe a gen-
eral decreasing loss under larger training rates, as the model are retrained on more samples.
All mixed approaches achieve a lower loss compared to SEPARATE due to continuous up-
dates from retraining (§3.3.1), with LEMIX consistently outperforming the others, reducing
the average loss by up to 0.61x over SEPARATE. This superiority indicates that our idea of
workload co-location and consideration of LC (§3.4.3) in LEMIX benefits the training pro-
cedure and convergence. The discrepancy between SEPARATE and co-location methods gets

larger as model sizes grow, due to prolonged inter-node weight synchronization latencies

(§3.3.1).
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Figure 3.12: SLO attainment under various request and training rates for Llama-8B (left), Llama-
13B (middle), and Llama-70B (right).

Throughput under varying traffic intensity. Figure 3.11 shows Llama models’
throughput at various request rates when processing concurrent mixed workloads. We ob-
serve a notable enhance in resource efficiency for all methods at higher request rates, where
LEMIxX achieves the overall highest scores, improving throughput by up to 3.53x over SEP-
ARATE. Particularly, Mix-LUF also excels under light traffic conditions (e.g., less than
50 rps), which demonstrates the benefit of execution awareness in optimizing resource effi-
ciency (83.3.2), though such improvement over NAIVEMIX diminishes in rapid task arrival
due to the time-intensive GPU utilization querying procedure (Table 3.3) that significantly
delays task execution. Moreover, the advantage of mixed methods over SEPARATE is pro-
nounced for larger models at high request rates, as the execution delays caused by workload
heterogeneity are amplified under these circumstances (§3.2).

SLO attainment in varying conditions. Figure 3.12 demonstrates a decreasing SLO

attainment for Llama models as request rates (top row) and training rates (bottom row)
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increase. LEMIX consistently outperforms alternative methods, maintaining high SLO com-
pliance across workload spectrum. This resilience stems form its dynamic latency-aware
scheduling which reduces response times for inference tasks. In contrast, other mixed ap-
proaches suffer significant drop in SLO attainment, particularly at higher request rates, as
co-locating workloads exacerbates contention for shared resources, delaying inference exe-
cution (§3.3.2). While SEPARATE achieves comparable performance to LEMIX under low
workloads, its static property leads to declines in SLO compliance under higher training
rates or request intensities. The performance gap widens with larger model sizes (e.g.,
Llama-70B), where LEMIX achieves up to 2.12x better SLO attainment over SEPARATE at

high training rates, indicating its scalability in managing heterogeneous workloads.

3.6.3 Breakdown Analysis on Real Workloads

We constructed real workload traces from LMSYS platforms following a similar
process in [139], where we treat each LLM as a client and sample requests from the trace
and re-scale the real-time stamps to a time window. During this serving window, training
samples from the datasets are mixed to form in total 1,000 samples with varying training
rates. We evaluate node-level breakdown of E2F latencies and response time for LEMIX
and the baselines.

E2E latencies across nodes. Figure 3.13 shows GPT models’ E2E latencies breakdown
on each node when processing real workloads. We observe a clear increased latency when
running larger models due to more computational demands. All mixed approaches require

less time than SEPARATE to operate concurrent workloads, especially for larger models
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Figure 3.13: Breakdown E2E latencies under training rates of 10% (light), 50% (medium), and 90%
(dark color).
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Figure 3.14: Breakdown average response time on each node. Zero values mean no inference work-
loads are allocated on that node.

(e.g., GPT-2.5B) where workload heterogeneity amplifies the pipeline idleness of SEPARATE
(83.2). LEMIX achieves the lowest accumulative latencies, reducing the scores by up to
0.43x over SEPARATE. One notable reason behind such gain is its ability to “dynamically”
adjust resource allocation (§3.4.3) based on real-time conditions. For examples, LEMIX
allocates only 2 nodes when running two smaller models under lower training rates (e.g.,

10%), effectively mitigating the sparsity issue in low workload demands.
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Response time across nodes. Figure 3.14 details Llama-8B’s average response time
(TTFT) on four nodes across various training rates. By default, Node 1 is dedicated to
inference workloads in SEPARATE, where LEMIX achieves lower response times, reducing
the average scores by up to 0.22x. Such efficiency gain is more obvious under larger training
rates where inference execution delays on Node 1 in SEPARATE are amplified due to over-
loaded requests. For the remaining three nodes, LEMIX still achieves the lowest response
latencies under lower training rates (e.g., less than 50%), while SEPARATE excels under
larger training rates since few or even no inference workloads are allocated to those nodes
(e.g., Node 3). Mix-LUF exhibits significant response delays due to the latency of query-
ing GPU utilization, indicating its limited practical applicability when SLO attainment is

pursued.

3.6.4 Impact of Workload Heterogeneity

Rapid task arrival combined with larger workload heterogeneity could result in
substantial idleness (§3.2) and hampered training convergence (§3.4.3) when operating syn-

thetic workloads. To explore how LEMiX handles this property inherent in real-world
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Figure 3.16: Left: prefill and Right: decode latency of inference serving under various request rates
for GPT-2.5B.

workloads, we simulate a range of length heterogeneities by sampling subsets from the two
datasets. We run GPT-2.5B model on each subset under a request rate of 150 rps across
various training rates. Figure 3.15 demonstrates a general increase in loss and E2E latency
for LEMIX and the baselines as length heterogeneity grows. LEMIX is more robust against
workload heterogeneity compared to the baseline methods: with up to 1.03x increase in
inference loss and the maximum latency gain is 1.13x. This suggests that task-specific re-
source allocation can effectively mitigate the idleness incurred by co-execution interference

and training inconsistency caused by workload heterogeneity.

3.6.5 Inference (Generation) Efficiency Study

To independently study inference latency under mixed training workloads, we run
GPT-2.5B with a memory pool size of 1000 tokens allocated for KV cache [122] across vari-
ous request rates with 50% training rate. Figure 3.16 highlights the performance variations
across methods in both prefilling and decoding phases. LEMIX consistently achieves the
lowest latency in both TTFT and TBT across all request rates, achieving up to 0.43x lower

TTFEFT and 0.50x lower TBT compared to SEPARATE. Both MIix-LUF and NAIVEMIX
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Figure 3.17: Ablation analysis of LEMIX’s components.

incurs additional serving latency when co-locating serving and training workloads due to
resource contention, and their TBT discrepancies are caused by the hybrid batches of both
prefilling and decoding requests where node allocation (§3.4.3) makes difference. Mix-LUF
exhibits relatively better TTFT performance as the computation-intensive prefilling work-
loads are allocated to low-utilization nodes, but its TBT latency becomes a bottleneck due to
frequent GPU utilization tracking during decoding. LEMIX dynamically allocates prefilling
workloads across nodes (§3.4.3) to prevent resource bottlenecks and cut TTFT latency, and
leverages runtime scheduling (§3.4.4) to fill idle GPU slots and use batching opportunities
to minimize TBT during decoding. This adaptability ensures balanced resource utilization
across computation- (prefill) and memory-bound (decode) phases, allowing LEMIX to excel

in diverse conditions.

3.6.6 Understanding LeMix’s Improvements

We run Llama-70B on synthetic workloads across varying request and training

rates to evaluate the contributions of individual components in LEMIX and their overheads.
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Robustness to offline priors. LEMIX employs offline profiling (§3.4.1) to improve the
planning precision of execution latencies and memory demands, which enhances resource
utilization. As shown in Figure 3.17, removing offline profiling (w/o profile) causes notable
decrease in throughput, dropping by up to 0.82x compared to the full LEMiX design,
particularly under high request rates when misjudgments tend to be accumulated. Inference
loss also increases from 3.3 to 3.6 at 75% training rate due to potential update delays for
inference tasks. Despite these setbacks, LEMIX (w/o profile) still outperforms baseline
methods in higher throughput and SLO attainment due to fine-grained scheduling. This
robustness to profiling accuracy highlights LEMIX’s applicability even when offline resources
are limited.

Prioritization in responsiveness. Queue-level task prioritization (§3.4.3) in LEMIX is
essential for meeting SLOs under high request rates. As shown in Figure 3.17, removing
prioritization (w/o prioritize) causes SLO attainment to collapse drastically from 95% to
below 30% at 100 rps and further plummeting to 0% at 150 rps. This is caused by the uncon-
trolled interference from training tasks which delay inference requests. LEMIX, in contrast,
dynamically deprioritizes training tasks that risk SLO breaches, maintaining SLO attain-
ment above 50% and improving throughput across the workload spectrum. Additionally,
its slight drop in loss suggests the strength of dynamic scheduling where deprioritization
sacrifices short-term accuracy improvements to ensure responsiveness.

Memory awareness in efficiency. Memory-aware scheduling (§3.4.4) enables LEMIX to
adaptively manage GPU resources and prevent memory overruns, ensuring system respon-

siveness. When memory awareness is disabled (w/o memory), SLO attainment degrades
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Table 3.3: Average time overhead (ms) and memory (MB) of schedulers. EP, RA, MS represents
execution planning, resource allocation, and memory-aware scheduling.

LEMIX
EP RA MS
Latency (ms) 1.4e-2  1.5e-2 76  1lde-l1 1.4e-2 b5.6e-2
Memory (MB) 1.6 1.8 727.5 9.6 1.9 1.8

Separate  RR LUF

significantly, dropping from 95% to 55% at 100 rps, as shown in Figure 3.17. Consequently,
throughput drops from 8 to 6 at 80 rps due to memory-induced latency. By proactively
offloading activations and enforcing memory thresholds, the full LEMIX ensures stable per-
formance across diverse workloads while balancing resource demands.

Overhead analysis. Table 3.3 shows the average latency and memory usage under a re-
quest rate of 50 rps and training rate of 50%. LEMIX achieves its scheduling improvements
with minimal computational cost. Specifically, execution planning incurs an average latency
of 0.14 ms, slightly higher than simpler policies like RR, but still negligible compared to the
model forward latency (Table 3.2). Meanwhile, resource allocation and scheduling achieve
latency comparable to RR, ensuring real-time responsiveness. Memory usage remains simi-
larly efficient. While methods like LUF incur high overhead (727.5 MB) due to system-level
GPU utilization tracking, LEMIX remains lightweight, consuming only 9.6 MB for its ex-
ecution prediction and less than 4 MB for other modules. This efficient nature of LEMIX
ensures scalability under heavy traffic conditions and supports real-time decision-making

without introducing performance bottlenecks.
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Figure 3.18: Trade-offs in LEMI1X’s multi-objective allocation.

3.6.7 Parameter Study

Figure 3.18 illustrates the trade-offs between response time, serving quality (infer-
ence loss), and throughput under varying priority weights (A1, A2) and idleness tolerance
threshold (7) in LEMIX’s resource allocation. Increasing A\; (response time weight) re-
duces latency by prioritizing faster execution but limits resource utilization, while higher Ao
(length consistency weight) improves serving quality by reducing workload heterogeneity at
the cost of slight delays. Meanwhile, larger 7 allows better idle-period utilization and higher
throughput by consolidating workloads to fewer nodes, but risks prolonged response times
as tasks wait for resources. Overall, LEMIX achieves a robust balance with “sweet spots”
of A1, A2, and 7: it maintains low response times (e.g., 150 ms), high throughput (e.g.,

4.5 task/s), and stable inference quality (e.g., 2.5), showcasing its adaptability to dynamic

real-time conditions.

3.7 Related Work

3.7.1 Distributed training.

Distributed training of large models has been extensively explored to address the

computational demands of increasing complexity. Techniques such as data parallelism [32,
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66, 135] where the data is split across multiple processors, model parallelism [141] where the
model is horizontally sharded into multiple computational units, and pipeline parallelism [7,
60, 82,116] which divides each input mini-batch into small micro-batches to further reduce
idleness, are well-established. While these approaches optimize utilization, they leave inter-

pipeline idle periods unaddressed.

3.7.2 Inference serving.

LLM serving systems have evolved to tackle the dynamic requirements of LLM
workloads. General-purpose systems [17,20, 88,110, 115] are widely used for production
environments, while LLM-optimized systems [2,84,108] have emerged to handle KV cache
management and chunked prefill processing. Techniques like Orca [164] and FastServe [156]
introduce continuous batching and preemptive scheduling [145], addressing delays caused by
long jobs, but often exacerbate interference when workloads are co-located. Furthermore,
disaggregation-based approaches [119,144,174] reduce contention by isolating specific work-
load stages. Unlike these methods, LEMIX focuses on node allocation, idleness utilization,

and retraining alignment, demonstrating compatibility with autoregressive generation.

3.7.3 Data drift and continual learning.

Adapting to data drift [85,86] has been widely studied in continuous learning sce-
narios, where models evolve with new incoming data. Traditional methods include transfer
learning [57,90,146] and catastrophic forgetting mitigation [47,91, 93], while edge deploy-
ment systems [12,81,142] demonstrate scheduling techniques for model retraining. Infer-

ence serving for LLMs also faces challenges similar to data drift, as models require frequent
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alignment to updated user interactions and factual knowledge. LEMIX builds upon contin-
uous learning principles by co-locating training and inference workloads, enabling real-time
adaptation with reduced inter-node synchronization delays, which is critical for emerging

“learning while serving” paradigms.

3.8 Conclusion

In this work, we introduced LEMIX, a framework that schedules concurrent LLM
training and inference workloads in distributed systems. The key innovation is exploring
optimizations when co-locating both computational workloads under dynamic traffic and
execution heterogeneity, and integrating these insights to optimize resource utilization while
attaining SLOs. By real-time quantifying task-specific contributions to idle periods, accu-
racy, and response time, LEMIX achieves up to 3.53x higher throughput, 0.61x lower loss,

and 2.12x higher SLO attainment over traditional SEPARATE setups.

79



Chapter 4

MACE: A Hybrid LLM Serving
System with Colocated SLO-aware

Continuous Retraining Alignment

4.1 Introduction

Large language models (LLMs) have demonstrated impressive capabilities across
diverse real-world applications, including open-domain question answering, code generation,
and mathematical reasoning. As a result, LLMs have been widely adopted in interactive
systems such as chat assistants [1,124], search engines [121], multimodal agents [101, 134],
and real-time code assistants [46]. These systems process user queries in real-time and have
increasingly shifted toward edge deployment, where models are hosted on local edge servers

closer to the user [37,142].
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Edge servers offer low-latency responses and improved data privacy, complying
with regional policies like GDPR that prohibit the transmission of sensitive data to distant
cloud regions [12]. However, edge servers often have limited GPU capacity [106], making
it challenging to concurrently serve inference requests and support continual adaptation
of models to user feedback or real-time data shifts [12]. For instance, user responses may
signal changes in preference (e.g., political leaning, toxicity tolerance) [99], requiring the sys-
tem to fine-tune the model to reflect these updated objectives—departing from generalized
alignment toward personalized alignment.

While compression methods (e.g., quantization, distillation) can reduce inference
costs, their limited generalization capacity makes them highly sensitive to data distribution
shifts [106,142]. Therefore, continual retraining (e.g., every 30-60 seconds) becomes neces-
sary to maintain alignment [12,142], using user-specific preferences and temporal contexts
extracted from live inference interactions. Unlike conventional supervised training pipelines,
labels for LLM alignment data are not manually annotated. Instead, they are derived from
implicit user feedback signals. A common approach is to use preference-based supervision,
where users are presented with multiple generated responses and asked to select the most
preferred one. User feedback is converted into supervision through preference signals (e.g.,
chosen, rejected), enabling ranking-based pairwise losses like Direct Preference Optimiza-
tion (DPO) [125]. Additional implicit signals—e.g., thumbs-up/down, skip rate, or dwell
time—can be mapped to preferences or reward scores. In multi-turn dialogs, user rephrasing

or corrections also serve as supervision. Over time, this generates a personalized feedback
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Figure 4.1: Requests A, B, C, D arrive over time. Subscripts p and d indicate prefill and decode
iterations, while ft marks fine-tuning. Periodic retraining delays model updates for A due to
inference priority. Sync retraining preempts decodes for B, C, D. Async (hybrid) schedule colocates
Ay, By, Cq4, Dg into the same iteration, reducing latency and ensuring B, C, D benefit (in subsequent
iterations) from the updated model—without stalling either workload.

corpus for fine-tuning models toward user-specific goals, without centralized fine-tuning or

privacy violations.

However, co-running fine-tuning and inference on a resource-constrained GPU in-
troduces a fundamental scheduling dilemma. Figure 4.1 illustrates the trade-offs among
three commonly used scheduling strategies, building upon iteration-based continuous batch-
ing [164], where time is divided into discrete iterations, and each iteration forms a batch of
tasks for the model to process concurrently:

e Periodic retraining defers model updates to fixed intervals, preserving inference respon-
siveness. Yet, this can delay alignment—decoding requests (B, C, D) are served using
outdated models, reducing accuracy.

e Continuous (sync) retraining immediately preempts inference to perform fine-tuning,

ensuring alignment but often stalling inference requests and causing SLO violations.
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e Hybrid (async) retraining aims to interleave both workloads within the same GPU it-
eration, packing complementary workloads to reduce idle fragments and maximize both
alignment and inference throughput.

The core challenge arises from their conflicting resource usage patterns under tight GPU

budgets. Inference—especially LLM autoregressive decoding—requires sequential gen-

eration and sustained attention memory, which makes batching difficult and memory-
intensive [2,74]. Fine-tuning, on the other hand, demands high GPU memory bandwidth

and model parameter updates, which can stall ongoing inference [25].

To mitigate this tension, recent approaches employ parameter-efficient fine-tuning

(PEFT) methods such as low-rank adaptation (LoRA) [59], which injects trainable low-

rank matrices into the frozen weights of the base model. PEFT significantly reduces the

number of trainable parameters and memory overhead during training, making it a natu-
ral fit for resource-constrained edge environments. It allows fine-tuning to be performed
with minimal disruption to inference serving. However, even with PEFT, co-executing fine-
tuning and inference remains non-trivial. For example, LoRA introduces additional memory

(for adapters and optimizer state), and its backward pass can conflict with autoregressive

decoding, particularly when multiple user requests are queued. Moreover, resource fragmen-

tation—caused by variable-length inputs and dynamic arrival rates—can lead to suboptimal

utilization and SLO violations (for inference requests) if not carefully managed [145].

To this end, we propose MACE, a hybrid execution framework that co-optimizes
fine-tuning and inference on shared edge GPU resources. MACE introduces a fine-grained

iteration-level hybrid scheduler that selects and packs both workloads together based on
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alignment potential, memory feasibility, and latency constraints. It adopts a unified schedul-

ing strategy that handles inference and continual learning under a shared memory and

execution budget. Compared to traditional periodic or sync baselines, MACE adapts dy-
namically to the queue state and application demand, maximizing GPU utilization while
minimizing latency for heterogeneous workloads. MACE is built on two key components:

o Memory-aware hybrid scheduler, which jointly allocates prefill, decode, and fine-tune
workloads per iteration using memory and alignment heuristics (§4.4.2).

e (lache manager, including prefix sharing at prefilling, enabling reuse of previously com-
puted KV cache across requests to reduce response time and free memory, and KV cache
pruning at decoding, which identifies and removes redundant attention heads or layers
with negligible contribution to final output (§4.4.3).

We conduct extensive experiments on real-world traces from personalized chat
datasets using Mistral-7B and LLaMA3-8B. As shown in Figures 4.9, 4.10, MACE con-
sistently achieves the best trade-off between alignment accuracy and inference throughput,

outperforming both periodic and synchronous baselines across retraining frequencies.

4.2 Background

Recent surge in deploying LLMs for real-time user interaction [138] has necessi-
tated effective strategies for handling concurrent training and inference tasks. These work-
loads span responding to user queries and retraining aimed at aligning LLMs with human

preferences [6,28] to ensure helpfulness [35] and harmlessness [8,30].
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Alignment fine-tuning and personalization. Modern LLMs often rely on post-training
alignment techniques, such as reinforcement learning from human feedback (RLHF) [117]
or DPO [125] to better align generated responses with human preferences. To reduce the
cost of full fine-tuning, PEFT like LoRA [59] and surgical fine-tuning [79] have been widely
adopted. LoRA introduces learnable low-rank matrices into attention layers, enabling effi-
cient adaptation to new data without updating the backbone model. Surgical fine-tuning,
on the other hand, identifies and updates only specific components of the model that are
most impactful for alignment [140]. Such resource-efficient techniques are particularly ad-
vantageous for user personalization or continual alignment during deployment, where rapid
adaptation to new preferences is essential.

Advanced LLM serving systems. Deploying LLMs in real-time and high-throughput
environments requires serving systems that can simultaneously satisfy low latency, high ef-
ficiency, and hardware resource constraints. Continuous batching has become the de facto
design in modern LLM systems to handle dynamic request arrival, which group them on-the-
fly to improve GPU utilization without introducing excessive queuing delays [89], as shown
in Algorithm 3. Systems like Orca [164], vLLM [74], Llumnix [145], and DistServe [174]
have proposed various optimizations in this space. For example, Orca enables mixed pre-
fill/decode execution via iteration (token)-level scheduling; vLLM introduces Paged Atten-
tion for flexible KV cache reuse; Llumnix proposes chunked prefill to pipeline long-context
inputs; and DistServe decouples scheduling stages to support distributed execution. Despite
implementation differences, these systems share a core challenge: How to efficiently pack

heterogeneous requests with diverse memory and latency profiles? We argue that continuous
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batching can be viewed through the lens of bin-scheduling—treating each GPU or sub-batch
as a bin and scheduling tasks based on joint memory-latency fit. This abstraction forms

the basis for our unified scheduling approach in later sections.

4.3 Motivation Study

4.3.1 Accuracy Benefits of Continuous Retraining

Traditional approaches to adapting LLMs to evolving user preferences often involve
periodic retraining at fixed intervals, potentially leading to stale models that lag behind
rapidly changing user needs. In contrast, continuous retraining allows models to adapt in
near real-time, incorporating new information as it becomes available.

Alignment metrics. To evaluate the effectiveness of continuous retraining in aligning
LLMs with user preferences, we define the following setting. Let D = (z,y",y~) denote
a dataset of user preference annotations, where x represents the input prompt, 3y is the
preferred response, and y~ is the dispreferred response. We assess model my’s performance
using the following alignment metrics:

e Preference accuracy (win rate) [165] 1: Win rate measures the fraction of preference

pairs where the model assigns a higher probability to the preferred response:

Win Rate = E(x7y+,y—)~D [1 [Wﬁ(y+ ‘ -T) > 7r9(y_ | 'I)H )

where 1[-] is the indicator function. A higher win rate signifies better alignment with user

preferences.
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e Contrastive log-probability difference (CLPD) [15] 1: CLPD quantifies the average

difference in log-probabilities between the preferred and less preferred responses:
CLPD = E(, y+ y)op [logmo(y™ | 2) —logme(y~ | z)] .

Higher CLPD means stronger preference for preferred responses over less preferred ones.
Retraining setup. To avoid the complexity of reinforcement learning, DPO [125] provides
a lightweight alternative by leveraging contrastive learning over user preferences. Instead
of optimizing a reward model, DPO directly fine-tunes LLMs by comparing the preferred
and dispreferred outputs, while regularizing against a reference policy 7t (e.g., the initial
model). The goal is to maximize CLPD between y* and y~, balanced by a regularization

term that discourages excessive divergence from myef:

ﬁDPO = E(az,y"",y‘)wl) [loga (ﬁ ’ (A;_ - AQ_))] ’

+ —
o (y IJU)’A;:10 mo(y~ | )

st. At =1o .
A L)) ooty | )

Here, 7y is the current model policy, § is a temperature parameter controlling the sharpness
of preference, and o(-) denotes the sigmoid function.

Empirical results. We study the impact of retraining strategies under a shared LLM
serving system using two alignment fine-tuning benchmarks: Anthropic HH-RLHF [8] and
StanfordNLP SHP [35]. The former focuses on harmlessness, where preferred responses tend
to reject unsafe or illegal requests, while the latter focuses on helpfulness, where preferred

responses are more factually correct.
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Figure 4.2: Win rate and CLPD over time when serving Mistral-7B on Left: RLHF and Right: SHP
dataset. The inset bar plots show the average metric value of each method, highlighting the overall
performance difference beyond temporal variations.

Figure 4.2 compares win rate and CLPD over time under different retraining strate-
gies. We observe that: Both periodic and continuous retraining consistently outperform the
no-retrain baseline. For instance, in the RLHF dataset (top-left), periodic retraining im-
proves win rate by up to 1.19x, while continuous retraining yields a 1.24x gain. Similar
trends hold for CLPD, where the confidence gap grows even more substantially (bottom-left,
2.47x and 3.17x, respectively). Continuous retraining provides a larger performance boost.
Since retraining is triggered more frequently, continuous updates adapt the model faster to
distributional shifts, leading to higher overall metrics compared to periodic retraining. This
advantage is consistently seen across both datasets and both metrics. CLPD reveals larger
fluctuations and improvements than win rate. While win rate rises more smoothly, CLPD
exhibits stronger variance and larger relative gains. This is expected, as CLPD directly
measures the preference confidence difference, which is more sensitive and interpretable

in reflecting alignment strength. Harmlessness alignment is harder than helpfulness align-
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Figure 4.3: Left: latency per-token and Right: memory per-token for the three workloads across
varying batch sizes.

ment. Comparing the two datasets, performance improvement is smaller for RLHF (left
column) than for SHP (right column). This indicates that aligning models to avoid harmful

behaviors (harmlessness) is inherently more challenging than aligning them to be helpful.

4.3.2 Optimization Opportunities for Latency Induced by Continuous

Retraining

Profiling LLM workload heterogeneity. To effectively co-serve inference and continual
fine-tuning for LLMs, it is essential to understand the latency and memory footprints of
the constituent workloads. We profile the latency and memory usage of three major LLM
operations—prefill, decode, and fine-tune—across varying batch sizes, shown in Figure 4.3.
We observe that:

e Prefill latency and memory scale with input sequence length and batch size (linearly

under FlashAttention [31]), since each token attends to the full prefix.

e Decode operations are much cheaper, as only a single token is appended per iteration,

but memory gradually increases due to KV cache accumulation [74].
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Figure 4.5: Left: GPU utilization, and Right: Latency breakdown on two (a) A6000 Ada server and
(b) AGX Orin edge device.

e Fine-tune, even with efficient PEFT methods like LoRA [59], exhibits significantly higher
latency and memory consumption—making it the dominant bottleneck in edge inference-
tuning pipelines.

Memory fragmentation and hybrid scheduling. Figure 4.4 (left) visualizes the re-

source usage of each workload as a memory-latency box. When scheduled independently,

these misaligned workloads leave significant holes in GPU memory and timeline—leading

to fragmentation and low utilization. For instance, a retraining task may consume only a

fraction of GPU memory but blocks the entire iteration window. Conversely, prioritizing

inference may delay critical fine-tunes that personalize the model. Inspired by continu-
ous batching [164], we extend iteration-level scheduling to jointly colocate fine-tuning with

prefill and decode. By dynamically adjusting batch sizes to opportunistically fill leftover
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memory within each iteration, the system mitigates fragmentation and exploits latency
complementarity while respecting alignment freshness. Figure 4.4 (right) illustrates this
idea.

A6000 server (Figure 4.5a)—fragmentation-dominated and hybrid gains. On the

A6000 server, average utilization is low: Periodic 17.8% / Continuous 21.1% / Hybrid 27.7%.
Here, the bottleneck is not compute saturation but fragmentation: alternating between
training and inference leaves idle gaps in both time and memory. Continuous retraining
partially fills these gaps, but Hybrid scheduling is far more effective by colocating small-
batch fine-tuning with inference workloads and resizing batches per iteration. This directly
translates into significant latency reduction: TTFT: 0.62x-0.86x, TBT: 0.59%x-0.85x, and
FT:0.68%x-0.86x.

Orin_(Figure 4.5b)—compute-bound, consistently saturated. On the AGX Orin

edge device, the average utilization remains consistently high across all strategies: Periodic
82.7% / Continuous 80.6% / Hybrid 85.2%. With tighter compute and memory budgets,
any workload—particularly fine-tuning—pushes the GPU close to saturation. As a result,
the opportunity to further increase parallelism is limited. The latency breakdown confirms
this: relative to Periodic, Continuous and Hybrid only provide marginal improvements
(TTFT 0.92%x-0.98x, TBT~1.01x, FT 0.97x-0.98%). In short, on compute-constrained
edge platforms, scheduling refinements mainly ensure that continuous training does not
worsen inference latency, while the overall improvement remains bounded by hardware

ceilings.
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Figure 4.6: Design overview of MACE. The scheduler dispatches requests to prefill (prefix sharing),
decode (KV cache pruning), and fine-tune (LoRA) workers, while feedback from reward computation
and queuing time enables real-time priority updates under CPU-GPU cache coordination.

4.4 System Design of MACE

We present MACE;, a fine-grained GPU-local scheduling system designed to sup-
port colocated LLM inference serving and continuous retraining. Figure 4.6 illustrates the
design: user requests arrive asynchronously into a shared priority queue. The scheduler
dynamically assigns priorities and batches them into iterations using a best-fit bin packing
strategy, accounting for memory fragmentation and alignment reward. These batches are
dispatched to GPU workers, where each worker concurrently handles prefilling, decoding,
or fine-tuning workloads. After execution, tasks are re-prioritized if not finished and pushed
back into the queue. MACE is built on three key components:

e Priority computation: Assign dynamic priority to each request based on workload
type, enqueued time, and accuracy-driven rewards (e.g., DPO loss).

e Iteration-level memory-aware batching: A GPU-local scheduler that allocates tasks
to minimize memory fragmentation and latency interference.

e Cache management: Optimizes memory reuse through prefix sharing in prefilling and

cache pruning in decoding, and evicts unused cache to prevent memory bloat.
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4.4.1 Alignment-aware Prioritization

Fach incoming request is tagged with its arrival time ¢, and workload type w €
{prefill, decode, ft}. We define its base priority m, and temporal growth rate d,,, allowing a

dynamic priority P(t) at current time ¢ to grow over time:

Pw(t) = Tw + 5w : (t - tarr)a

where we set Tgecode > Tprefill > T to prioritize inference serving and avoid SLO violation
caused by frequent preemption, and set dg > Oprefil > Odecode t0 gradually escalate the
criticality of fine-tuning requests over time to avoid retraining starvation.

Additionally, to promote retraining samples that are particularly valuable for
model alignment, MACE integrates their alignment reward (i.e., DPO loss) to the pri-
ority:

Piel(t) = Py(t) + v - Loro(z,y T, y7),

where v is a tunable weight. This mechanism prioritizes retraining samples with higher
misalignment. As shown in Figure 4.7, after prioritization at iteration 9, the tasks are

ordered by priority as Ay, Cq, Fy, Eq, Hp, Gg, and Dy, (from highest to lowest).

4.4.2 Iteration-level Resource-aware Batching

Best-fit heuristic motivation. Scheduling a mix of LLM workloads on a single GPU
can be viewed as a bin-packing problem in which each iteration’s “bin” is the available

GPU memory and each request (prefill, decode, ft) is an execution unit with particular
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Algorithm 4 GPU-Local Request Scheduling

Require: Task queue Q, memory capacity P, thresholds (Tmem, Ttask), memory-latency weights
(A1, A2)
Ensure: Scheduled bin B; for execution
1: Initialize bin list B < [], task counter ¢ < 0
2: while Q not empty do
3: if B # 0 A (By.memory > Tmem + PV ¢ > Tiask) then

4: break
5: Retrieve task <— Q.dequeue(), increment ¢ < ¢+ 1
6: Estimate workload: (m,¢) - GETWORKLOAD(task)
7: Initialize best_bin < Null, best_score < co
8: for each bin B; in B do
9: if B;.free_memory > m then
10: Compute fragmentation score f
11: if score < best_score then
12: Update: best_score < score, best_bin < B;
13: if best_bin # None then
14: Assign task to best_bin, update memory and latency
15: else
16: Create new bin By, insert task, append to B

17: if B # () then
18: for i =2 to |B| do

19: for each task in B; do
20: if CHECKEND(task) == False then
21: Push task back into Q with updated priority

22: Output: B,

sizes (memory footprint) and duration (latency). Unlike general static bin packing, MACE
involves an online, heterogeneous stream of tasks with different memory /latency profiles
(Figure 4.3). A naive greedy scheduler that runs tasks sequentially or without regard
for workload size can lead to low GPU utilization—e.g. large training jobs leaving gaps of
unused memory that smaller inference jobs could have filled, or short decoding tasks waiting
behind long-running jobs.

MACE adopts a best-fit heuristic as a pragmatic solution to this dynamic packing
problem. Best-fit scheduling greedily fills the GPU with the combination of tasks that most
tightly fits the available memory, while also accounting for execution time compatibility.

It minimizes memory fragmentation (unutilized memory, which appears as the red gap
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Figure 4.7: GPU-local scheduling of inference and training workloads using best-fit bin packing
method. Bold texts denote scheduled tasks for the next bin execution.

in Figure 4.4) and helps balance latency so that no single task unduly delays the others.
Formally, the scheduler assigns a composite score f to each candidate set of tasks using a

two-dimensional objective:

f = A1+ |Bi.free_memory — M| + A2 - |B;.max_latency — ¢|,

where A1, A9 trade off vertical and horizontal memory fragmentation. In practice, this best-
fit heuristic is fast, adaptive, and well-suited to colocated workloads, even though globally
optimal packing is NP-hard. By prioritizing a tight memory fit, we ensure that the GPU’s
capacity is used as much as possible each iteration, while the latency-aware term prevents
pathological cases (e.g. packing a very slow task with many fast tasks that would all finish
and leave the GPU underutilized waiting for the slow one).

Bin allocation. As illustrated in Algorithm 4, the scheduler dequeues tasks sorted by
dynamic priority (§4.4.1) and attempts to assign them to the current iteration bin using

the best-fit score (lines 1-16). It considers memory fit to reduce fragmentation and latency
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divergence to avoid stalls. This enables effective co-scheduling of short decode jobs and
large fine-tune jobs within a single GPU iteration. After execution, the system decides
whether to reschedule unfinished tasks (lines 17-21) according to the CheckEnd output:

e For inference, it determines if the next decoded token is [EOS] or if the decoding iteration

reaches the predefined maximum steps.

e For retraining, it checks whether DPO loss is still above a pre-defined threshold.

Tasks needing further iterations are requeued with updated priorities; others are retired.
Figure 4.7 demonstrates the effectiveness of MACE. In iteration 6, a bin is formed by pack-
ing several decode jobs B; ~ F; and one prefill G, with a large fine-tune Ay; temporarily
delayed to prioritize throughput. While in iteration 9, the scheduler flexibly prioritizes the
fine-tune Ay; which now has a higher priority, and delays the decode Gy to ensure timely
model updates. This memory-aware batching balances the idleness-dependent throughput

and continuous alignment learning process for heterogeneous workloads.

4.4.3 Prefix Sharing and Cache Management

To further mitigate the retraining—inference tradeoff, MACE leverages two key
optimization techniques: prefix sharing [100,173] and KV cache pruning [41,94]. These
techniques aim to reduce memory and latency overhead for inference, thereby creating
more opportunities for retraining without compromising serving throughput.

Reduced prefill via prefix tree. Prefix sharing exploits input redundancy across user
queries to avoid redundant prefill computation. As illustrated in Figure 4.8, multiple user

queries often share common token prefixes, e.g., “What is the best way to...”. We construct
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Figure 4.8: Prefix (Trie) tree from overlapping prompts. Leaf nodes are requests while others denote
common prefix in prompts. Shared prefixes enable reduced prefill cost through reuse.

a prefix tree over active inference requests, where each leaf represents a complete request
and each internal node represents a shared prefix segment. This design follows a Trie struc-
ture [173], where a path from the root to any leaf captures the longest common prefix of
a request. To maximize reuse, we traverse the tree in a DF'S manner to co-execute shared
prefixes. At each internal node of the prefix tree, we cache the KV pairs from the prefill
outputs. This cache is efficiently reused by descendant nodes without recomputation. To
manage memory usage, we offload least recently used (LRU) cache when inference concur-
rency is high to release more memory budget. By avoiding repeated computation for shared
prefix tokens, prefix sharing reduces both latency and memory consumption in prefill. It
also provides more headroom for opportunistic retraining, as the scheduler can pack training

tasks without disrupting inference throughput. Given that aggressive resource overlapping
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(e.g., colocation) may interfere with prefix alignment, reducing reuse opportunities [169],
we enforce prefix sharing only within inference requests.

Norm-guided decode cache pruning. Decoding presents another challenge: KV cache
for each output token accumulates linearly and quickly saturates GPU memory. To mit-
igate this, we introduce a norm-based cache pruning mechanism, inspired by the revealed
contextual sparsity of LLMs [103]. At each decoding iteration, we compute the L2-norm
of the output attention vector across heads. Let a;j, € R? denote the output at iteration ¢
and attention head h, and define its norm as [|a;;[|,. We maintain a rolling average a; for

each head and reallocate per-head KV storage capacity proportionally:

T
1 ap
an =Y llawally, wn = ==, Ch = |wh - Crota] -
= 28
Here, ay, is the average £5 norm of the attention output at head h, Cioia1 is the total available
KV cache capacity, and C}, is the per-head allocation. The remaining capacity is greedily

assigned to heads with the largest weight wy:
Prune if ¢ —tiastused > W Vgl < 7,

where W is a fixed sliding window size and 7 is a norm threshold below which attention
heads are considered uninformative [41]. This dynamic reallocation selectively retains high-
signal attention heads while pruning less informative ones. If a head’s norm is consistently
small, it receives lower cache budget and may prune earlier attention positions. Practically,

this reduces decoding memory while retaining output quality—especially helpful under long

98



outputs or memory pressure. By combining prefix sharing for prefill and norm-guided cache
pruning for decoding, we allow more training jobs to execute without sacrificing inference

throughput.

4.5 Discussion and Implementation

We build our system by integrating efficient LLM inference engine, lightweight
retraining modules, and a scheduler with fine-grained concurrency and batching support.
Below, we elaborate on each component.

Inference engine. Our system adopts vLLM [74], an inference backend optimized for
decoding throughput using PagedAttention and FlashAttention [31] mechanisms. This en-
ables our system to leverage token-level parallelism and key-value memory optimization for
high-throughput generation.

Personalized adapter. To enable low-latency retraining without degrading inference
throughput, we leverage PEFT techniques by assigning each user or domain an indepen-
dent LoRA adapter ¢,, [59]. This allows user-personalized updates while sharing the frozen
base model 8 across all requests. Inspired by recent findings on layer-wise alignment sen-
sitivity [79,140], , we adopt surgical fine-tuning that selectively updates only the top-k
alignment-sensitive layers (typically the final few transformer blocks), drastically reducing
compute and memory overhead. Concretely, for a transformer model with L layers, we
fine-tune only the last k < L layers’ LoRA weights, which retains the learning capability of
alignment fine-tuning with much less cost. By combining per-user adapters with top-layer

selective tuning, MACE supports rapid retraining even on large models within a shared
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GPU environment. This improves retraining responsiveness and allows tighter integration
with online serving, as fine-tuning can occur opportunistically during memory gaps between
inference batches.

Concurrency support. Our system is implemented with multithreaded concurrency using
a thread pool design: A producer thread ingests inference/retraining requests. A scheduler
thread computes dynamic priorities and forms hybrid iteration-level batches, where a bin
allocator maps scheduled jobs to physical GPU sessions. Multiple ezecutor threads run
on-device workloads asynchronously.

To balance latency and throughput, the scheduler maintains a priority queue that
supports: Dynamic priority refresh: periodically updates request priorities based on util-
ity functions (e.g., model freshness, deadline slack). Preemption-aware iteration batching:
schedules batches with overlapping prefill tokens and similar generation lengths to maximize
GPU reuse. This pipeline ensures high concurrency and responsiveness while preserving

fine-grained control for hybrid scheduling decisions.

4.6 FEvaluation

4.6.1 Experimental Setup

Hardware platforms. We test both server with NVIDIA A6000 Ada GPU (48 GB
VRAM) and edge device with NVIDIA AGX Orin (32GB LPDDRS5), ensuring a controlled
environment to isolate the scheduler’s effects.

Workloads and datasets. We simulate a mixed workload of inference requests and re-

training jobs representing single and multiple user domains with varying alignment needs.
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The inference requests are generated as a Poisson arrival process [89], and additional frac-
tion of them (i.e., retrain rate, which is less than 50% [12]) are fine-tuning jobs. We consider
two datasets to emulate different alignment domains or user preferences:

e RLHF [8] (harmlessness): Human feedback dataset focusing on safety align-
ment—vpreferred responses tend to avoid unsafe or illegal content. This represents users
requiring the model to refuse or modify harmful outputs.

o SHP [35] (helpfulness): A broad human preference dataset with 385k comparisons across
18 topics, emphasizing helpfulness of responses over others. This represents general user
satisfaction alignment.

By using these distinct datasets, we create multi-tenant scenarios where different “tenants”

(user groups) issue requests with different alignment objectives. This diversity lets us

evaluate LEMIX ’s overall alignment capability.

Baselines. We compare LEMIX against several baseline scheduling strategies:

e Ekya [12]: A policy that periodically preempts inference to run retraining at fixed inter-
vals. Inference requests queue up during retraining epochs (synchronous blocking). This
baseline represents traditional FT where serving and training are separated in phases.

e Adalnf [142]: A continuous scheduling that gives retraining jobs highest priority in a
FIFO queue, where incoming FT tasks can preempt or delay inference until they complete.
It maximizes retraining frequency but with no special handling for interference, e.g., often

hurting inference latency significantly.
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Figure 4.9: Average win rate and CLPD across various retrain rates of different methods on Left:
SHP and Right: RLHF dataset.

4.6.2 Performance under Varying Retraining Intensity

We evaluate LEMIX against Ekya and Adalnf under varying retraining intensities,
focusing on alignment accuracy, inference throughput, and latency breakdown.
Alignment accuracy. Figure 4.9 shows average win rate and CLPD across SHP and RLHF
datasets. LEMIX consistently outperforms both baselines, especially under higher retraining
rates. On SHP, LEMIX achieves up to 1.03x higher win rate and 1.21x higher CLPD
compared to Adalnf. On RLHF, the advantage is more pronounced: LEMIX improves win
rate by up to 1.02x and CLPD by 1.34x, reflecting its ability to retain alignment accuracy
even under intensive retraining. In contrast, Ekya and Adalnf show diminishing returns

as retraining frequency increases, highlighting the importance of LEMIX ’s fine-grained

scheduling and cache-aware optimizations.
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Figure 4.10: Inference throughput comparison of different methods.

Throughput. Figure 4.10 reports inference throughput on both server-scale and edge-scale
platforms. On the A6000, LEMIX delivers up to 1.29x higher throughput than Adalnf at
20% retraining rate, while maintaining superior accuracy. On the AGX Orin, which is more
resource constrained, LEMIX sustains 1.12x higher throughput on average, with benefits
most evident at higher retraining intensities where baselines degrade rapidly. These results
demonstrate that LEMiX ’s hybrid batching and pruning strategies effectively amortize
retraining costs without sacrificing inference performance, a critical property for deployment
on heterogeneous hardware.

Latency breakdown. Figure 4.11 decomposes end-to-end latency into prefill, decode, and

fine-tuning components. LEMIX achieves lower decode latency (TBT) via cache pruning,
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Figure 4.11: Latency breakdown on (a) A6000 and (b) AGX Orin.

while prefix sharing substantially reduces prefill cost (TTFT). Fine-tuning overhead remains
bounded due to iteration-level batching, which overlaps retraining with inference execution.
Compared to Adalnf, LEMIX reduces prefill latency by 63% on A6000 server and decode
latency by 30% on edge device platforms. This balanced reduction explains its ability to
simultaneously improve alignment accuracy and throughput, highlighting the effectiveness

of joint scheduling across retraining and inference phases.

4.6.3 Understanding LeMix

To better understand the contribution of each component in LEMIX, we create
the following variants by disabling specific mechanisms:
e MACE/Bin: This variant disables memory-aware batching by fixing maximum batch
sizes and applying FIFO queuing without hybrid scheduling.
e MACE/Prefiz: This variant disables prefix sharing during the prefill phase, resulting in

redundant computation across similar requests.
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Figure 4.12: Performance of different variants of LEMIX.

e MACE/Prune: This variant disables KV cache pruning under memory constraints, forc-
ing full cache retention during decoding.

Alignment accuracy. Figure 4.12a presents the average alignment accuracy across all ap-
plications and time periods. The results show the following order: LEMIxX > LEMIX/Prune
> LEMIX/Prefix > LEMix/Bin. LEMIX achieves up to 5.2% higher accuracy than
LEMix/Prune, demonstrating the effectiveness of dynamic KV cache pruning in reduc-
ing latency-induced alignment degradation. Compared to LEMIX/Prefix, LEMIX achieves
6.7% higher accuracy, showing the benefit of prefix sharing in avoiding redundant computa-
tion and enabling faster response without sacrificing alignment. Notably, LEMIX achieves
12.3% higher accuracy than LEMIX/Bin, which validates the core idea that fixed batch-
ing and FIFO scheduling fail to adapt to the heterogeneous retraining/inference workloads,
leading to less timely model updates and accuracy loss.

Throughput. Figure 4.12b reports the average inference throughput (in tokens per sec-
ond). The trend is: LEMix > LEMix/Prefix > LEMix/Prune > LEMIx/Bin. LEMIx

maintains throughput at 52.4 tok/s, outperforming all variants. LEMIX/Prefix sees a 7.5%
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Table 4.1: Average time overhead (ms) and memory (MB) of schedulers. PA, 1B, €M mean without
prioritization (§4.4.1), iteration-level batching (§4.4.2), and cache management (§4.4.3).

LEMIxX
PA B M
Latency (ms)  3e-2 8e-2  l.le-l1 1.2e-1 1.5e-1
Memory (MB) 0.6 2 3.5 4.5 4
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Figure 4.13: Left: total iterations and Right: average per-iteration latency for Mistral-7B on A6000
Ada.

drop due to redundant prefix tokenization and attention. LEMIX/Prune shows an 11.2%
drop due to KV cache pressure causing decoding slowdowns. The worst throughput is
observed in LEMI1X/Bin (down by 17.6%) since it statically batches requests and cannot
prioritize workloads that benefit from hybrid iteration-level handling. These results con-
firm that each component in LEMIX —iteration-aware scheduling, prefix sharing, and cache
pruning—contributes uniquely to achieving both high alignment accuracy and low-latency
inference throughput.

Bin efficiency. Figure 4.13 shows that under the same concurrency constraints (e.g., in-
ference batch size < 50, train < 2) and queuing policy (e.g., FIFO), hybrid requires fewer
iterations to finish the same workload, especially when retraining is light. This suggests

a better iteration efficiency by reducing idle memory slots. Despite mixing heterogeneous
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workloads, its per-iteration latency remains close to baselines, indicating that hybrid effec-
tively fills memory and latency gaps (i.e., fragmentation) without incurring extra runtime
cost.

Overhead analysis. As shown in Table 4.1, the added overhead is computationally
lightweight and memory efficient (under 5MB total), and the latency cost is amortized
across each batch. In real workloads with high GPU compute cost, this overhead is a
worthwhile tradeoff for improved throughput and accuracy. The scheduling decision in our
full method introduces ~15 ms/request overhead, about 5x higher than Ekya, which is
expected given our scheduler tracks per-request priority, memory fragmentation estimates,
and iteration-level packing. However, this is still negligible (<0.1%) compared to typical
request execution time (which ranges from tens to hundreds of milliseconds). Compared to
Adalnf, LEMIX adds ~7 ms/request additional overhead due to more fine-grained request-
level decision-making instead of coarse DAG session-level scheduling. Our full scheduler uses
up to 5MB, largely for per-iteration job queues, lightweight memory pressure estimation,
and cache tracking structures (prefix/KV /retention flags). In contrast, Ekya and Adalnf

maintain only coarse batch/session metadata (no fine-grained tracking), hence use <2MB.

4.7 Limitations and Discussion

Scalability beyond a single node. Our current design and evaluation focus on a single
edge server equipped with limited GPU resources. While the method naturally general-
izes to multiple concurrent models and tasks within a node, scaling across multiple edge

nodes or hybrid cloud-edge architectures introduces challenges such as synchronization of
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model versions, cross-node retraining coordination, and distributed cache consistency. Fu-
ture extensions may explore hierarchical or federated variants of MACE that operate over
distributed GPU clusters.

GPU heterogeneity and offline profiling. Our current system assumes access to a sin-
gle GPU type within a node, following prior work [131,142]. Extending MACE to support
heterogeneous GPU types or multi-node edge clusters introduces new challenges in profil-
ing transfer latency, maintaining cache coherency, and synchronizing retraining checkpoints
across devices. Additionally, as with prior systems, we rely on offline profiling to character-
ize prefill/decode latencies under different batch sizes and context lengths. Reducing this
profiling overhead or making the scheduler online-adaptive remains an important direction
for future work.

CPU execution alternatives. Several inference systems consider fallbacks to CPU exe-
cution under low-load scenarios [39, 53], which can be more cost-efficient. While our work
focuses on GPU-based deployment due to the high latency sensitivity and memory footprint
of LLMs, lightweight variants or early-exit configurations could be executed on CPUs under
certain regimes. Integrating such hybrid CPU-GPU execution into MACE is a promising

extension to reduce energy and cost.

4.8 Related Work

4.8.1 LLM serving.

Serving systems for LLMs have rapidly evolved to meet the stringent demands of

low-latency, high-throughput workloads. General-purpose platforms [110,115] are widely
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adopted in production, while LLM-specific frameworks [2, 108] introduce optimizations
such as KV-cache management and segmented prefill. To mitigate straggler effects, sys-
tems like Orca [164] and FastServe [156] leverage continuous batching and preemptive
scheduling, with recent advances like Llumnix [145] further improving request interleav-
ing. Meanwhile, disaggregation-based methods [119,144,174] isolate execution stages across
resources to reduce interference. Distinct from these approaches, LEMIX targets GPU-
local scheduling, emphasizing iteration-level batching, cache-aware execution, and hybrid
retraining—inference co-location, ensuring efficiency without compromising autoregressive

generation latency.

4.8.2 Online alignment fine-tuning.

Handling data drift remains a central challenge in machine learning systems.
Classical strategies such as transfer learning [57,146] and catastrophic forgetting mitiga-
tion [47] have been extended to real-time deployments. At the edge, systems like Ekya [12],
Adalnf [142], and Lyra [81] schedule retraining alongside inference to maintain accuracy
while respecting resource limits. LLM serving faces a similar problem: user-driven interac-
tions and shifting knowledge bases require frequent model adaptation. LEMIX extends this
line of work by embedding continual retraining directly into the serving loop, co-scheduling
inference and finetuning within a single GPU. This design eliminates cross-node synchro-

nization overheads and directly supports the emerging paradigm of “learning while serving.”
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4.9 Conclusion

This work introduced MACE, a hybrid GPU-local scheduler that unifies inference
and continual retraining for large language models. By combining priority-aware request
handling, iteration-level batching, and cache management, M ACE maximizes GPU utiliza-
tion while maintaining low inference latency. Our evaluation demonstrates that MACE
reduces fragmentation, accelerates workload completion, and sustains alignment accuracy
under data drift—surpassing existing systems designed for either inference-only or periodic
retraining.

Overall, MACE highlights the importance of fine-grained runtime scheduling as
a key enabler for practical “learning while serving” LLM deployments. Future directions
include extending hybrid scheduling to heterogeneous accelerators, incorporating multi-user

adaptation policies, and generalizing the approach to multimodal foundation models.
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Chapter 5

Conclusions

This dissertation addressed the central challenge of deploying LLMs under strict
accuracy—latency constraints through a progression of three systems. RT-LM tackled input-
level variability via uncertainty-aware resource management for real-time inference. LEMIX
extended scheduling to the cluster level, enabling efficient co-location of inference and re-
training on multi-GPU systems. Finally, MACE focused on fine-grained runtime control
within a single GPU, introducing iteration-level scheduling, batching, and cache manage-
ment to balance retraining and inference.

Together, these works demonstrate that adaptive scheduling across different gran-
ularities—input, node, and GPU-runtime—is essential for sustainable and efficient LLM
deployment. They highlight the need to co-optimize latency, throughput, and continual
learning while respecting limited GPU resources.

Looking forward, several directions emerge: (1) extending scheduling to hetero-

geneous accelerators beyond GPUs, (2) enabling scalable multi-user continual adaptation
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with robust rollback and fairness, (3) developing profiling-free, self-adaptive schedulers, and
(4) generalizing beyond language to multimodal foundation models.

In summary, this dissertation shows that fine-grained, workload-aware scheduling
is a principled approach to bridging real-time inference and continual retraining, paving the

way for practical and resilient deployment of future foundation models.
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