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Abstract

Efficient scheduling of deep learning workloads in heterogeneous GPU clusters is

increasingly challenging due to diverse workload characteristics and stringent memory

constraints. Existing approaches often rely on coarse-grained metrics such as runtime or

resource demand, which fail to capture workload semantics and lead to resource misalloca-

tion, where high-memory GPUs are occupied by low-demand jobs while memory-intensive

workloads remain blocked. To address this limitation, we first develop a semantic-aware

workload simulator that models deep learning jobs using intrinsic attributes such as model

type, dataset size, and training configuration, and estimates execution behavior based on

hardware-agnostic computational workloads. This enables more realistic modeling of

heterogeneous performance and system-level behaviors. Building on this foundation, we

propose SARL, a Semantic-Aware Reinforcement Learning scheduler that incorporates

workload semantics and hardware heterogeneity into scheduling decisions. We formu-

late the scheduling problem as a Markov Decision Process and introduce a model-based

GPU allocation mechanism to enable efficient decision making under large action spaces.

Experimental results demonstrate that SARL consistently outperforms strong baselines,

achieving a 29.6% reduction in deadline miss rate and a 14.4% reduction in job completion

time (JCT).
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1 Introduction

Since the introduction of the Transformer architecture [2] and the subsequent emer-

gence of GPT-3 [3], the field of deep learning has become one of the most prominent fo-

cuses in computer science, achieving remarkable success across numerous real-world appli-

cations. In particular, computationally intensive tasks such as graph analysis and natural

language processing (NLP) have greatly benefited from these advancements. However,

when dealing with large-scale datasets and complex model architectures, the computa-

tional demands become prohibitively high, often requiring cutting-edge GPU hardware

for execution.

For example, in a preliminary experiment using PyTorch, we simulated a GPT-

3–style model with a sequence length of 128, batch size of 32, and 50 epochs on a

dataset containing 50,000 samples. The estimated resource consumption covered the

entire training process—forward pass, backward propagation, and parameter updates us-

ing the Adam optimizer. Under these conditions, the model occupied approximately 79.3

GB of GPU memory and required at least 1.7× 1018 floating-point operations (FLOPs).

Given that the state-of-the-art NVIDIA A100 GPU delivers a peak throughput of 312

TFLOPS (trillion floating-point operations per second) [4], the theoretical lower bound

for completing this workload is approximately 1.5 hours. In practice, however, the ac-

tual training time is typically much longer due to memory limitations, communication

overhead, and suboptimal hardware utilization. Consequently, training models of this

scale on a single GPU is increasingly impractical in terms of both cost and time, par-

ticularly in real-world scenarios [5]. This has led to distributed learning over a cluster

of machines becoming the standard approach, with individual machines equipped with

several GPUs[6, 7].

Meanwhile, with the rapid advancement of AI and the ever-increasing scale of model

architectures—from the 175 billion parameters in GPT-3 (2020) to the 671 billion param-

eters in DeepSeek-R1 (2025)[3, 8]—the memory required to store and train such models

has grown dramatically. As a result, memory bottlenecks have become a critical chal-

lenge in large-scale training workloads, directly limiting system throughput and overall

efficiency [6, 9].

Yet ironically, despite this growing demand, resource utilization in production envi-

ronments remains strikingly inefficient [10]. Under the commonly adopted data-parallel

training paradigm, lightweight jobs may occupy high-memory GPUs despite requiring

only a fraction of their capacity. Meanwhile, a more complex job waiting in the queue

may require substantially larger GPU memory. In such cases, although lower-tier GPUs

may still be idle, their memory capacity may be insufficient to satisfy the job’s require-

ments. As a result, the job must remain in the waiting queue until the high-end GPUs

become available, which increases the risk of significant deadline overruns.
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This situation commonly appears in modern deep learning workloads. For example,

models such as ResNet-style architectures used in large-scale vision tasks often require

relatively moderate GPU memory per device but may run for extended periods due

to extremely large datasets. The ImageNet dataset alone contains tens of millions of

images and is widely used for training large-scale models [11, 12]. Consequently, these

jobs can occupy powerful GPUs for long durations. In contrast, large language models

(LLMs) such as GPT-style represent another extreme. In many practical scenarios, these

models are fine-tuned rather than trained from scratch. Fine-tuning refers to adapting

a pretrained model using a smaller task-specific dataset (for example, sentiment analysis

on the IMDB 50K dataset [13]). Such workloads typically have shorter training durations

but require significantly larger GPU memory footprints, creating strong memory pressure

during scheduling.

Recent large-scale models impose increasingly stringent compute demands, often ex-

ceeding the capacity of a single accelerator. In practice, modern systems adopt distributed

training (e.g., Distributed Data Parallel, DDP) to scale such workloads. However, under

this paradigm, the coexistence of heterogeneous GPUs and memory-constrained work-

loads introduces new scheduling challenges. Efficiently allocating limited high-memory

GPUs while maintaining overall system performance becomes increasingly difficult.

In particular, practical clusters must handle diverse workloads with varying urgency

and resource requirements, where naive scheduling policies can lead to deadline violations

or suboptimal job completion time (JCT). Therefore, this work focuses on improving

scheduling intelligence at the system level.

To formalize this problem, we consider the scheduling of deep learning training jobs

in a heterogeneous GPU cluster, where multiple jobs with diverse resource demands and

semantic characteristics arrive over time. Each job is associated with workload-specific

attributes, such as model type, dataset size, and training configuration, which influence

its computational and communication cost. At each decision point, the scheduler must

select the most suitable job(s) from the pending queue and allocate appropriate GPU

resources, including the type of GPUs within the cluster.

The objective is to minimize the deadline miss rate while maintaining efficient JCT.

The scheduling process is inherently dynamic and must account for system-level factors

such as communication overhead, resource fragmentation, and reconfiguration costs. Due

to the tightly coupled interactions among workload semantics, hardware heterogeneity,

and cluster state, designing effective scheduling policies remains a challenging problem.

Designing an effective scheduler for deep learning workloads presents several unique

challenges. Unlike traditional HPC jobs, which are often characterized by runtime and re-

source requests, deep learning workloads exhibit rich semantic properties that directly de-

termine their execution behavior. For instance, memory consumption depends on model

architecture and batch size, while job duration is influenced by dataset scale and training

2



configuration.

However, such semantic information is unavailable to the scheduler in practice. As

a result, scheduling decisions are often based on coarse signals which are insufficient for

accurately estimating resource requirements or predicting execution behavior.

This limitation is further exacerbated by the lack of semantic information in publicly

available cluster traces. Widely used datasets, such as Alibaba cluster traces [14], typi-

cally record only job runtime without exposing key workload attributes. Consequently,

many prior works approximate job length solely based on observed runtime [15, 16, 17].

Such abstractions introduce several critical challenges. First, they implicitly assume

homogeneous hardware environments, where runtime is comparable across devices. In

contrast, modern GPU clusters are increasingly heterogeneous [18], making runtime an

unreliable proxy for workload complexity. Second, in online scheduling settings, the

absence of semantic information prevents schedulers from accurately estimating job char-

acteristics, forcing reliance on indirect signals such as GPU demand or historical statis-

tics. Third, it obscures important execution factors that depend on workload semantics,

such as communication overhead and preemption cost. While communication behavior

is closely tied to model structure and parameter scale [19], it cannot be reliably inferred

from runtime alone. More importantly, preemption overhead can vary significantly across

jobs—interrupting some workloads may incur minimal cost, while others may require

nearly restarting training from scratch [20]. Without semantic context, such differences

remain invisible, leading to suboptimal scheduling decisions.

Fortunately, recent studies indicate that workload semantic attributes are becom-

ing increasingly available in modern production GPU clusters. For example, Wang et

al. [21] show that commercial cluster traces can include rich metadata such as model

types and training configurations, making semantic-aware scheduling practically feasible.

Furthermore, Lee et al. [22] demonstrate that such semantic features can be leveraged to

accurately predict training time, achieving prediction errors within a small range.

At the same time, distributed training introduces significant communication over-

head that depends on both workload semantics and resource placement. Prior work

shows that communication cost is highly sensitive to GPU locality and scales with model

size [23, 24, 25]. In large-scale models, communication can dominate total training

time [19], making topology-aware scheduling essential.

Taken together, these challenges highlight the need for scheduling policies that jointly

consider workload semantics, hardware heterogeneity, and communication locality. The

interactions among these factors are highly coupled and dynamic, making it difficult to

design effective rules or heuristics that generalize across workloads.

This naturally aligns with the strengths of reinforcement learning, which can learn

adaptive scheduling policies by capturing complex system-level interactions through ex-

perience.
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To address these challenges, we propose a Semantic-Aware Reinforcement Learning

Scheduler (SARL), a learning-based scheduling framework that incorporates workload

semantics and hardware heterogeneity into decision making. The main contributions of

this work are summarized as follows:

• Semantic-Aware Deep Learning Workload Simulator

We propose a semantic-aware workload simulator that represents each job using a

compact set of semantically meaningful attributes, including model type, dataset

size, batch size, number of epochs, and GPU demand. Based on these attributes, job

execution is modeled using hardware-agnostic computational workloads (measured

in TFLOPs) rather than fixed runtime. This allows the simulator to adapt execution

time according to the computational capability of different GPUs.

We further incorporate model-aware performance estimation. For convolutional

neural networks (e.g., ResNet, VGG, Inception), job length is estimated based on

model size, number of epochs and samples in the dataset. For large language models,

we adopt scaling-law-based estimation and calibrate predictions using prior perfor-

mance modeling techniques (e.g., NeuSight [22]). Memory consumption is estimated

using a profiling-based approach combined with regression modeling. Specifically,

we first collect empirical memory usage data through offline profiling across dif-

ferent batch sizes for each model. Based on these measurements, we fit regression

models to estimate memory consumption for unseen batch sizes of the same model.

In addition, the simulator models system-level behaviors that depend on work-

load semantics, including communication overhead and preemption cost. Different

model families exhibit distinct communication patterns and checkpointing over-

heads, which are explicitly captured in the simulation.

Finally, we design a deadline generation mechanism that reflects job urgency rather

than purely random scaling of runtime. Deadlines are derived from estimated exe-

cution time based on cluster performance, with different urgency levels assigned to

jobs to better mimic real-world usage.

By integrating semantic attributes with model-aware execution modeling, the pro-

posed simulator generates workloads that more closely resemble real-world deep

learning training jobs, enabling more realistic evaluation of scheduling policies.

• Topology- and Heterogeneity-Aware Scheduling Representation

To enable effective scheduling in realistic GPU clusters, we design a topology- and

heterogeneity-aware representation of the system state.

First, we explicitly model the hierarchical structure of the cluster (rack → machine

→ GPU) to capture communication locality. Since distributed training performance
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is sensitive to inter-GPU communication, the scheduler must be able to distinguish

whether GPUs are allocated within the same machine, within the same rack, or

across racks.

Second, we incorporate hardware heterogeneity into the state representation. Mod-

ern GPU clusters often consist of multiple GPU types with varying computational

capabilities and memory capacities. As a result, scheduling decisions must consider

not only resource availability but also the performance implications of assigning

different GPU types to a job.

This representation enables the scheduler to jointly reason about resource avail-

ability, communication cost, and hardware capability, providing a more informative

state for decision-making.

• Single-Agent Model-Based GPU Allocation RL Scheduler

We propose a single-agent reinforcement learning scheduling framework with model-

based GPU allocation for heterogeneous clusters.

Prior work has explored both single-agent and dual-agent designs. For example,

Ryu et al. adopts a single-agent formulation that jointly determines job selection

and fine-grained GPU allocation [26]. Similar single-agent designs have also been

explored in systems such as DeepGJS [27]. However, such joint decision-making

leads to a large action space and degraded learning efficiency in complex environ-

ments [15].

More recent approaches employ dual-agent or decoupled strategies with cooperative

training or heuristic components [28, 15], which reduce the action complexity but

introduce additional training overhead and coordination challenges, especially in

heterogeneous clusters.

To address these limitations, we introduce a hierarchical decision mechanism. After

selecting a job, the RL agent selects a GPU model, corresponding to a group of

GPUs with identical hardware characteristics (e.g., computational capability and

memory capacity). A lightweight heuristic is then used to assign specific GPUs

within the selected model.

This design significantly reduces the action space compared to fine-grained alloca-

tion while preserving sensitivity to hardware heterogeneity. As a result, it achieves

a practical balance between scalability and scheduling effectiveness.

• Performance Improvements

Experimental results demonstrate that our approach is highly effective. Compared

to strong baseline methods, SARL achieves a 29.6% reduction in average deadline

miss rate,and a 14.4% improvement in average JCT. These results highlight the
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effectiveness of incorporating workload semantics and hardware heterogeneity into

scheduling decisions.

The remainder of this paper is organized as follows.

Chapter 2 provides background on deep learning workloads and GPU cluster systems,

covering distributed training paradigms, cluster architectures, communication character-

istics, preemption mechanisms, and representative scheduling approaches in multi-GPU

environments.

Chapter 3 presents the methodology of the proposed framework. It first formulates

the scheduling problem in heterogeneous GPU clusters, and then describes the overall sys-

tem design, including the semantic-aware simulation environment and the reinforcement

learning–based scheduler. The chapter further details the formulation of the scheduling

process as a Markov Decision Process, including the state representation, action space,

and reward design, as well as the training methodology.

Chapter 4 evaluates the proposed approach through comprehensive experiments. It

describes the experimental setup, including baseline methods and cluster configurations,

and compares the proposed scheduler with existing approaches using multiple perfor-

mance metrics. The chapter further analyzes performance under different resource condi-

tions and presents ablation studies to examine the contribution of key design components.

Finally, Chapter 5 concludes the thesis and discusses potential directions for future

work.
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2 Literature Review

Deep learning has become a fundamental component of modern software systems,

with applications ranging from everyday tasks such as face recognition and image analysis

to advanced domains including autonomous driving and large language models such as

GPT. These applications rely heavily on large deep learning models to achieve high

prediction accuracy. Improving model performance typically requires both large-scale

training datasets and increasingly complex model architectures. For example, Kaplan et

al. observed that increasing the number of model parameters can systematically reduce

training loss and improve model performance [29].

In a typical modern deep learning training process, model parameters are iteratively

optimized using gradient-based learning algorithms. Each training iteration consists of

three main stages: the forward pass, the backward pass, and the parameter update.

During the forward pass, the model processes a mini-batch of input data and produces

predictions. The backward pass then computes gradients of the loss function with respect

to model parameters using the backpropagation algorithm. Finally, the model parame-

ters are updated according to an optimization rule such as stochastic gradient descent

(SGD) [30] or the Adam optimizer [31]. Formally, the parameter update at iteration t

can be expressed as [32]

θt+1 = θt − η∇θL(θt)

where θ denotes the model parameters, η is the learning rate, and L represents the

training loss function.

The computational cost of the training procedure scales with both the size of the

training dataset and the number of model parameters. Larger datasets require more

training steps to process all samples, while larger models increase the computational

workload and memory footprint of each forward and backward pass.

2.1 Estimating job length from Job Semantics

However, existing publicly available cluster traces typically use the observed job

runtime as a proxy for job length [14, 33], while omitting detailed semantic information

about the jobs themselves. Such information includes model architecture, batch size,

dataset characteristics, and operator-level configurations. The absence of these semantics

significantly limits the ability of schedulers to make informed decisions, particularly for

learning-based approaches such as reinforcement learning (RL), where the environment

is often modeled as a Markov Decision Process (MDP). Without access to intrinsic job

properties, the scheduler effectively treats jobs as opaque entities, making it difficult to

generalize across workloads or adapt to unseen scenarios.
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In practice, however, job-level semantic information is often accessible. For instance,

modern machine learning platforms and APIs require users to explicitly specify model

configurations and training parameters. A representative example is the OpenAI fine-

tuning API, where users must provide details such as the base model (e.g., GPT variants),

batch size, and training dataset [34]. This suggests that job semantics are not inherently

unavailable, but rather underutilized in existing cluster datasets and scheduling frame-

works.

Recent studies have begun to explore how such semantic information can be lever-

aged. Wang et al. [21] point out that conventional schedulers “do not understand the

jobs,” and propose extracting semantic features from job logs using LLMs. Their work

demonstrates that meaningful job representations can be derived from textual and struc-

tural information, which in turn can enhance scheduling decisions.

Beyond semantic extraction, another line of work investigates how job semantics can

be used to quantitatively estimate job execution time. In particular, Lee et al. propose

NeuSight [22], a performance forecasting framework that predicts the latency of deep

learning workloads on GPUs without requiring actual execution. NeuSight takes as input

both job-level semantics (e.g., operator types and tensor dimensions) and GPU hardware

characteristics (e.g., memory bandwidth, peak FLOPS, and cache size). Instead of di-

rectly regressing end-to-end runtime, it models GPU execution at a finer granularity by

decomposing each operator into smaller computational tiles, estimating device utilization

using a machine learning model, and aggregating these estimates under fundamental per-

formance constraints. Through this hybrid approach, NeuSight achieves high prediction

accuracy even for unseen models and GPUs.

Importantly, NeuSight provides strong empirical evidence that job semantics, when

combined with hardware-aware modeling, are sufficient to accurately predict job runtime

on a single GPU, even across heterogeneous hardware platforms. This establishes a

reliable foundation for reasoning about job length beyond raw runtime observations. In

particular, it enables the possibility of generalizing job length across different hardware

environments by relating execution time to normalized compute metrics such as FLOPS

or throughput. This insight motivates our approach to redefine job length in a more

portable and hardware-aware manner, rather than relying solely on historical runtime

measurements.

While these methods demonstrate that job semantics can be effectively used to esti-

mate execution time on a single GPU, modern deep learning workloads are rarely confined

to a single device. In practice, large-scale models and datasets often exceed the computa-

tional and memory capacity of individual GPUs, necessitating the use of multiple devices

for training. As a result, job length is no longer solely determined by single-device execu-

tion, but also by the parallelization strategy and inter-device communication overhead.
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2.2 Extending job length Estimation to Distributed Training

Consequently, as both dataset size and model complexity continue to grow, the com-

putational and memory demands of deep learning training have increased dramatically.

To address these challenges, developers distribute the training workload across multiple

computing devices, a paradigm known as distributed training [1]. Today, distributed

training has become a standard feature in modern deep learning frameworks, including

TensorFlow [35] and PyTorch [36].

The growing importance of distributed training is also reflected in developer com-

munities. For instance, the number of questions related to distributed deep learning on

Stack Overflow has increased steadily over the past decade, as illustrated in Figure 1.

Figure 1: Trend of Stack Overflow questions related to distributed deep learning over
time (adapted from [1]).

Compared with training deep learning models on a single GPU, distributed training

typically imposes stricter requirements on the underlying computing environment. First,

provisioning and maintaining multiple high-performance GPUs can be costly for individ-

ual users. In practice, large-scale deep learning training often requires clusters equipped

with many GPUs, which are typically available only in dedicated servers or data centers.

Second, distributed training generally benefits from homogeneous hardware configura-

tions. A typical training job is executed across multiple GPUs of the same model to ensure

balanced computational performance and efficient communication. Using heterogeneous

GPUs may lead to performance imbalance, where slower devices become bottlenecks

during synchronization, thereby degrading the overall training efficiency. Consequently,

large-scale distributed training is commonly performed in specialized computing clusters

or data centers designed to support such workloads.

To better understand how distributed training workloads are executed in these en-

vironments, it is useful to first review the basic workflow of deep learning training.
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2.3 Workflow of Distributed Deep Learning Training

In distributed deep learning systems, a training task is first decomposed into multiple

subtasks that can be executed in parallel across different computing devices. Several par-

allelization strategies have been proposed to support distributed training, among which

the most widely adopted approaches include data parallelism and model parallelism [1].

In addition, recent studies have explored hybrid approaches that combine multiple par-

allelization techniques to further improve scalability and efficiency [37].

2.3.1 Data Parallelism

Data parallelism is the most commonly used distributed training paradigm [38] and is

widely supported by modern deep learning frameworks such as PyTorch. In this approach,

the training dataset is partitioned into multiple non-overlapping subsets, each of which is

processed by a separate GPU. Meanwhile, every GPU maintains a replica of the same deep

learning model [37, 1, 39]. Frameworks such as PyTorch provide built-in modules (e.g.,

DistributedDataParallel) that enable data-parallel training with minimal modifications

to existing training code.

This strategy demonstrates strong scalability in large-scale training tasks. For ex-

ample, when training ResNet-50 on the ImageNet dataset using large mini-batches, data-

parallel training has been shown to achieve near-linear scaling across multiple GPUs [40].

However, due to the need for gradient synchronization among GPUs, data-parallel

training inevitably introduces communication overhead, which can become a significant

performance bottleneck in large-scale distributed systems [37].

2.3.2 Model Parallelism

In contrast to data parallelism, model parallelism partitions a deep learning model

into multiple components that are executed on different devices. Each GPU stores and

computes only a subset of the model parameters, allowing the training of models whose

size exceeds the memory capacity of a single device [41, 1, 37].

During training, a mini-batch of data must pass through these model partitions se-

quentially. As a result, some devices may remain temporarily idle while waiting for the

next portion of the mini-batch to arrive from preceding stages. This idle period is com-

monly referred to as the pipeline bubble, which reduces overall hardware utilization [37].

Another challenge of model parallelism lies in determining how to partition the model

computation across devices. Unlike data parallelism, where each worker simply maintains

a replica of the entire model, model-parallel training requires careful design of the model

partitioning strategy to balance computation and communication across devices [42].
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2.3.3 Hybrid Parallelism

Hybrid parallelism combines both data parallelism and model parallelism within the

same training system. In this approach, different parallelization strategies are applied

to different parts of the neural network according to their computational and memory

characteristics [37].

Empirical studies have shown that well-designed hybrid parallel strategies can achieve

lower communication overhead than pure data-parallel training under the same hardware

conditions [43].

However, hybrid parallelism also introduces additional system complexity. In addi-

tion to determining how the model should be partitioned, the system must decide which

parallelization strategy should be applied to each component of the model. Furthermore,

hybrid approaches inherit the challenges associated with both data and model paral-

lelism, such as gradient synchronization overhead and pipeline inefficiencies. As a result,

hybrid parallelism is often viewed as a trade-off between communication overhead and

computational efficiency in distributed systems [43].

Among these approaches, data parallelism remains the dominant strategy in many

practical deep learning systems due to its relative simplicity and scalability. However,

the efficiency of data-parallel training is highly influenced by communication overhead

and resource allocation across GPUs, which motivates the need for effective scheduling

and resource management in GPU clusters.

2.4 GPU Cluster Architecture

Modern GPU clusters are typically organized in a hierarchical structure. A cluster

consists of multiple racks, each rack contains several machines (or nodes), and each

machine is equipped with multiple GPUs, commonly ranging from four to eight devices

per node. In many production environments, GPUs within the same machine are usually

of the same model to ensure balanced computational performance.

Within a single machine, GPUs are typically interconnected using high-speed links

such as NVLink [7]. Compared with traditional PCIe interconnects, NVLink provides

substantially higher bandwidth and lower latency, often achieving several times the band-

width of PCIe connections [44]. This high-speed interconnect enables efficient communi-

cation among GPUs located on the same node.

Across different machines within the same rack, communication is commonly sup-

ported by high-performance networking technologies such as InfiniBand. Although the

bandwidth of InfiniBand is generally lower than that of NVLink, it remains signifi-

cantly faster than conventional Ethernet-based connections and is widely used in high-

performance computing clusters [45, 46].

Communication between machines located in different racks typically relies on Ethernet-
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based networks, which usually provide lower bandwidth and higher latency compared

with NVLink and InfiniBand. Consequently, the physical topology of the cluster can

have a substantial impact on communication performance in distributed deep learning

workloads.

It is worth noting that in Yang et al.’s work [7], the term cluster is used to refer to

a group of machines that are physically organized within a single rack. In this thesis,

we adopt the more commonly used hierarchical terminology in large-scale computing

infrastructures and treat such a group as a rack within a larger GPU cluster.

This terminology is consistent with observations from real-world production systems.

For example, Kamra et al. study the infrastructure of a commercial IBM compute cluster

and describe a hierarchical organization consisting of clusters, racks, and machines [47].

Such hierarchical architectures naturally introduce multiple levels of communication lo-

cality within GPU clusters.

Consequently, for distributed deep learning workloads—particularly those using data

parallelism—the communication cost between GPUs generally follows an increasing order

based on their physical distance in the cluster topology. Communication among GPUs

within the same machine is typically the fastest due to high-speed interconnects such as

NVLink, followed by communication across machines within the same rack, while com-

munication across different racks often incurs the highest latency and lowest bandwidth.

Understanding these communication hierarchies is essential for analyzing the per-

formance of distributed training systems. Therefore, the next subsection discusses the

communication mechanisms used in distributed deep learning workloads.

2.5 Communication in Deep Learning Models

As discussed earlier, data parallelism dominates distributed deep learning training

due to its conceptual simplicity, wide applicability, and strong framework support. How-

ever, the primary challenge associated with data-parallel training is the communication

overhead introduced by gradient synchronization.

In data-parallel training, each worker computes gradients locally using its assigned

subset of data. After the backward pass, these gradients must be synchronized across

all workers through collective communication operations such as AllReduce in order to

ensure that all model replicas maintain consistent parameters [48].

In modern frameworks such as PyTorch’s DistributedDataParallel (DDP), gradient

synchronization is typically implemented using a technique known as bucketed AllRe-

duce [48]. Instead of synchronizing gradients parameter by parameter, multiple gradient

tensors are grouped into communication buckets. Once all gradients in a bucket become

available during the backward pass, an AllReduce operation is launched to aggregate

them across workers. This design allows communication to overlap with ongoing gradi-
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ent computation while also amortizing the overhead of communication across multiple

tensors [48].

However, the choice of bucket size introduces an important trade-off. Larger buckets

may introduce additional communication latency, since an AllReduce operation can only

start after all gradients in the bucket become available during the backward pass. This

may lead to an increase of time in each iteration. Conversely, smaller buckets allow earlier

communication but may incur higher communication overhead due to more frequent

collective operations [48].

As the scale of distributed training increases, particularly with a growing number

of GPUs, the cost of gradient synchronization can become a dominant component of

the total training time [48]. Therefore, modeling communication overhead is essential

when analyzing the performance of data-parallel workloads in GPU clusters, especially

when taking the physical topology of GPUs into account. Since GPUs located within

the same machine, rack, or across racks exhibit significantly different communication

characteristics, the placement of GPUs allocated to a training job can greatly affect its

performance.

In practice, deep learning training jobs often run for extended periods of time and are

executed in shared GPU clusters where workloads arrive dynamically. As a result, cluster

resource management mechanisms must support flexible runtime adjustments in order to

maintain efficient utilization of the available GPUs. One commonly used mechanism

to enable such flexibility is preemption, which allows the system to interrupt running

workloads and reallocate resources when necessary.

2.6 Preemptions

Preemption refers to the ability of a system scheduler to interrupt a currently running

job, release its allocated resources, and return the job to the waiting queue so that

higher-priority workloads can be executed. This mechanism is commonly used in shared

computing environments where multiple jobs compete for limited resources. For example,

a scheduler may preempt a running job in order to allocate GPUs to a newly arrived task

with a tighter deadline.

For non-distributed training workloads that execute on a single device, the preemp-

tion process is relatively straightforward. The system only needs to save the current

training state, including model parameters and optimizer states, and release the occu-

pied resources. When the job resumes in the future, the training process can simply

reload the saved model state from storage and continue execution.

However, preemption becomes significantly more complicated in distributed training

scenarios. In distributed settings such as data parallelism, training involves frequent

communication among multiple GPUs. For instance, gradient synchronization is typically
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performed through collective communication operations such as AllReduce. If a job is

interrupted during such communication phases, the participating workers may end up

with inconsistent states, which can lead to instability or incorrect model updates when

training resumes.

To avoid such inconsistencies, a safe approach is to allow preemption only at well-

defined synchronization boundaries, such as the end of a training iteration. In practice,

however, cluster schedulers often cannot precisely guarantee that preemption occurs at

these safe points due to the unpredictable nature of system events.

To address this challenge, two major mechanisms are commonly adopted in practice:

checkpointing [49, 16, 20] and context-based suspension [50, 51, 52]. Checkpointing is a

well-established technique that periodically saves the training state to local storage(e.g.,

SSD) so that the job can later be resumed from the saved state. This mechanism is widely

supported in modern deep learning frameworks such as PyTorch and TensorFlow [53,

54]. In practice, implementing checkpointing is relatively straightforward. For example,

in PyTorch-based training pipelines, users can periodically save model states using a

checkpoint callback mechanism, as illustrated in the following simplified example:

Procedure Checkpointing

Every N training steps do

Save(model_parameters)

Save(optimizer_state)

Write state to local storage

End

The primary limitation of checkpoint-based preemption lies in the overhead associ-

ated with periodically saving the training state. In particular, checkpointing introduces

additional I/O costs because model parameters and optimizer states must be written

to persistent storage. This overhead becomes especially significant for large-scale mod-

els. For example, modern large language models such as GPT-3 or GPT-4 may contain

hundreds of gigabytes to several terabytes of parameters. Consequently, in practical de-

ployments, checkpoints are typically saved only every few hours in order to reduce the

I/O burden [20]. As a result, a preemption event may cause the loss of several hours of

training progress.

Moreover, some production GPU clusters do not provide built-in checkpointing sup-

port, which means that the training state cannot be safely preserved when preemption

occurs. In such cases, a preempted job may lose its entire training progress and must

restart from the beginning [52].

An alternative approach is context-based suspension, commonly referred to as GPU

context switching. This method is conceptually similar to process context switching in

CPU scheduling. Instead of terminating the training process or writing model states to
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disk, the system temporarily pauses the GPU execution state and saves the GPU context

to host memory, after which the GPU can be reassigned to execute another task [50].

Compared with checkpointing, this approach avoids the large I/O overhead associated

with periodically saving and restoring model parameters.

In practice, context-based suspension can be significantly faster. For example, as-

suming a PCIe bandwidth of approximately 20 GB/s, transferring tens of megabytes of

GPU context to host memory may take only a few milliseconds, whereas restoring model

checkpoints of tens of gigabytes may take tens of seconds. However, this approach also

faces several challenges. First, GPU contexts are substantially larger than CPU contexts,

leading to higher context-switch overhead (e.g., approximately 44 MB for GPU contexts

compared with roughly 1 KB for CPU contexts) [50]. More importantly, modern GPUs

generally lack a user-facing interface for explicit context switching, making it difficult for

cluster schedulers to directly control this mechanism [50].

2.7 Task Scheduling in Multi-GPU Clusters

Broadly, scheduling strategies can be categorized into three classes: heuristic-based

methods, optimization-based approaches, and learning-based methods, particularly those

leveraging deep reinforcement learning (DRL). These categories differ in how scheduling

decisions are derived—whether through predefined rules, explicit objective optimization,

or data-driven policy learning.

2.7.1 Heuristic-based methods

Heuristic methods include simple greedy strategies such as First-In-First-Out (FIFO)

and Shortest Job First (SJF) [55, 56]. These algorithms typically rely on handcrafted rules

and do not explicitly account for workload-specific features or system-level complexities.

Nevertheless, they are widely adopted in practice due to their simplicity, generality, and

low scheduling overhead [57, 58, 59].

As one of the most fundamental algorithms, First-In-First-Out (FIFO) is among

the simplest and most widely adopted scheduling strategies, and became the default algo-

rithm for thread block scheduler of many GPUs [60]. It processes jobs strictly in the order

of their arrival, without considering factors such as resource demands, expected execu-

tion time, or deadline. In multi-GPU clusters, FIFO places incoming training jobs into

a queue and launches them sequentially once sufficient resources become available [17].

Its advantages lie in its simplicity and minimal scheduling overhead [57], which is why

it is commonly used as a default policy in production systems. However, in resource-

constrained or workload-heterogeneous scenarios, FIFO may lead to poor resource uti-

lization: large jobs that consume significant memory can block the queue, delaying smaller

jobs that could otherwise be scheduled immediately. This often results in volatile system
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throughput [60]. Moreover, since FIFO is a non-preemptive algorithm, shorter jobs ar-

riving during the execution of longer ones must wait until the current job finishes. This

can result in a scheduling behavior similar to the worst-case strategy—Longest Job First.

As a consequence, FIFO performs poorly on fairness metrics such as StrictF [60].

Shortest Job First (SJF) is another classical scheduling strategy that prioritizes

jobs with the shortest estimated execution time, aiming to minimize the system’s average

waiting time [58, 61]. While highly efficient for workloads dominated by short jobs, a

major drawback of SJF is that longer jobs may suffer from starvation under high system

load, leading to poor fairness and reduced throughput.

Earliest Deadline First (EDF) is a widely used real-time scheduling algorithm

that orders jobs according to their deadlines, giving higher priority to jobs whose deadlines

occur sooner. In its preemptive form, if a newly arriving job has a tighter deadline than

the currently running job, the scheduler interrupts the current execution and reallocates

the processor to the new job. EDF has been shown to be optimal for deadline-based

scheduling on a single processor under standard real-time assumptions [62]. However, this

optimality does not directly extend to distributed cluster environments, where scheduling

decisions must consider multiple GPUs, heterogeneous resource capacities, and varying

job characteristics such as memory demand and execution length. As a result, EDF may

fail to achieve optimal deadline satisfaction or overall system efficiency in such settings.

Once the job scheduling order is determined, a classic strategy for mapping jobs to

GPUs is First-Fit. The core idea of this method is to sequentially scan the resource pool

and assign each job to the first available GPU (or group of GPUs) that meets its resource

requirements [56]. Due to its fixed traversal order, First-Fit is simple to implement and

offers good resource utilization while effectively reducing fragmentation [56, 17]. However,

because of its greedy nature and lack of backtracking, the algorithm may only achieve a

locally optimal solution.

An early attempt to combine job scheduling policies with resource allocation strate-

gies is the Rate-Monotonic First-Fit (RMFF) algorithm [63]. This approach is

conceptually similar to combining SJF with First-Fit, but differs in that it employs a

preemptive scheduling policy based on task urgency—specifically, the tightness of task

deadlines [64]. Compared to SJF, RMFF can theoretically achieve a higher deadline

satisfaction rate, potentially reaching 100% under certain conditions [63].

Based on the above strategies, researchers have proposed a variety of scheduling algo-

rithms tailored to local conditions, striving to achieve higher GPU utilization and fairness

while meeting different constraints (such as deadlines, resource balance and preemption

overhead)

In 2019, Gu et al. proposed Tiresias, a modern heuristic scheduling algorithm for

deep learning workloads on GPU clusters [16]. It was evaluated using real traces from

a Microsoft production cluster in simulation, and on the Michigan ConFlux cluster with
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60 NVIDIA P100 GPUs [16]. Tiresias adopts exclusive GPU allocation: a DL job either

acquires all required GPUs at once or waits. It also supports preemptive scheduling with

carefully estimated costs—each preemption is measured to incur a saving overhead of 1.3

to 26.3 seconds for the main GPU [16].

The scheduling policy revolves around the concept of attained service, defined as

the product of a job’s runtime and the number of GPUs allocated to it. Once a job’s

attained service exceeds the total number of GPUs in the cluster, it is demoted to a

lower-priority queue to prevent starvation.

Within each priority queue, job ordering is determined based on the availability of

historical information:

• With prior knowledge: If historical execution time distributions for similar jobs

are available, the Discretized 2D-Gittins Index is used to compute priority.

This index originates from the classic Gittins Index theory [65], and is defined as:

Gittins Index(priority) =
P (completion in ∆)

E[remaining service]
[16]

where ∆ is a tunable parameter called the Service Quantum, typically chosen such

that 60% of jobs finish within this period. Jobs with a low probability of completion

within ∆ and high remaining service are assigned lower priority.

• Without prior knowledge: The Discretized 2D-LAS (Least Attained Service)

metric is employed instead, defined as:

Priority =
1

WJ × tJ
[16]

where WJ is the number of GPUs allocated to job J , and tJ is its elapsed runtime.

For jobs with equal priority, FIFO is applied. To avoid high overhead from frequent

preemptions, priority re-evaluation is performed at fixed intervals rather than continu-

ously.

Despite its effectiveness, Tiresias has several limitations. It assumes a homogeneous

cluster where all GPUs are identical and does not consider memory usage heterogeneity.

Additionally, it does not estimate job complexity using FLOPs or user-defined epochs,

relying instead on the empirical observation that most jobs terminate early due to hy-

perparameter tuning. The algorithm also does not handle deadline constraints.

Although heuristic scheduling methods (e.g., FIFO, SJF) are widely adopted due

to their simplicity and low overhead, they lack dynamic adaptability. As a result, they

struggle to handle the heterogeneity of jobs in multi-GPU environments—such as vary-

ing memory demands and computational intensity—as well as strict deadline constraints.
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To enhance flexibility, history-based schedulers like Tiresias leverage information from

previously executed similar jobs to predict the running time of incoming ones, thereby en-

abling dynamic prioritization and preemption. However, such approaches still encounter

critical limitations in production environments:

• Limited workload semantic modeling: Scheduling decisions are based on his-

torical runtime estimates, without explicitly modeling job-level semantics such as

computational workload, scaling behavior, or training configuration. This limits

their ability to generalize across different models and hardware settings.

• Insufficient support for deadline-aware scheduling: Due to the lack of seman-

tic and placement-aware information, existing approaches rely heavily on historical

JCT for prioritization. However, JCT alone cannot distinguish whether a long ex-

ecution time is caused by the intrinsic complexity of the job (e.g., large model or

dataset) or by suboptimal resource placement (e.g., GPUs distributed across ma-

chines or racks, leading to high communication overhead). As a result, the scheduler

may misinterpret the underlying causes of performance degradation and make sub-

optimal prioritization decisions, particularly when handling dynamically arriving

high-priority or latency-sensitive jobs.

Therefore, there is a pressing need for a DRL framework that is better aligned

with production settings—one that can explicitly model the coupling of computation,

communication, and memory, and dynamically respond to evolving deadline constraints.

2.7.2 DRL-based methods

Considering that heuristic-based algorithms often lack flexibility in complex and dy-

namic environments, recent studies have explored learning-based approaches for resource

scheduling. In particular, deep learning and DRL methods enable data-driven decision

making without relying on handcrafted models or expert knowledge.

A representative work is DL2 [66], which proposes a deep learning-driven sched-

uler for distributed deep learning clusters. Instead of relying on analytical performance

models or manually designed heuristics, DL2 adopts a hybrid learning paradigm that

combines supervised learning and reinforcement learning. Specifically, the scheduler is

first initialized using offline supervised learning based on historical scheduling traces, and

then further refined online via reinforcement learning to adapt to dynamic cluster condi-

tions. The learning objective is guided by a relatively simple reward function, primarily

focusing on job-level performance metrics such as JCT.

However, when extending such a framework to modern distributed training paradigms

such as data parallelism (e.g., DDP), several limitations arise. In DL2, GPUs are allo-

cated to jobs incrementally in a fine-grained manner. In contrast, under synchronous
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data-parallel training, the set of participating devices typically forms a tightly coupled

worker group, where adding or removing GPUs requires reconfiguration of the process

group and redistribution of model states. This necessitates pausing the training job and

reinitializing communication contexts, effectively introducing implicit preemption and

restart overhead.

As a result, frequent incremental allocation decisions may lead to repeated disrup-

tions of running jobs, significantly degrading training efficiency. Furthermore, DL2 does

not explicitly model communication costs in its scheduling decisions. In heterogeneous or

multi-rack clusters, this may result in highly fragmented GPU allocations, where devices

assigned to the same job are distributed across different machines or racks. Such place-

ments can incur substantial synchronization overhead (e.g., during all-reduce operations),

ultimately increasing job completion time and limiting scalability.

One step further, Kexuan and Jiayi (2023) proposed a reinforcement learning frame-

work, DeepGJS, for job scheduling [27].

The simulated environment consists of a cluster with multiple servers Ri, where each

Ri is represented by a three-dimensional vector (number of available GPUs, available

memory size, and available CPUs) [27].

However, a notable limitation of this work lies in the ambiguous definition of job

representation. The authors describe each job J only as a matrix containing at least

the job identifier, expected duration, arrival time, completion time, and resource require-

ments [27].

In particular, the inclusion of completion time in the job state is problematic, as it is

not available for jobs that have not yet been scheduled or executed. This raises concerns

about the consistency of the state representation.

After all, given the cluster state, and the states of jobs in the waiting queue as inputs,

the optimization objective is to minimize both JCT and slowdown [27], where slowdown

is defined as the ratio between the actual elapsed time (including queuing delay) and the

theoretical shortest execution time. Therefore, the overall reward function is defined as

Reward =
∑
j

(fj − rj) + α
∑
j

fj − rj
ej

[27],

where fj denotes the completion time of job j, rj represents its arrival time, ej is the

execution time (theoretical shortest time), and α is a weighting coefficient.

Through experiments on both a randomly generated dataset and the Alibaba cluster

trace [14], it was shown that the RL-based approach using Policy Gradient demonstrates

the most robust performance, consistently outperforming baselines such as Shortest Job

first and the more advanced heuristic algorithms, such as Tiresias [27, 16].

However, the limitations of this early attempt are also evident. In addition to the

aforementioned ambiguity in job characterization, the simulated server topology is overly
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simplified and fails to capture the heterogeneity of GPU computational capabilities. Fur-

thermore, the system explicitly assumes a non-preemptive setting, which limits its ability

to adapt to dynamic workloads and reduces scheduling flexibility.

Previously, Ayadi et al. proposed a dual-agent DRL framework called Priority-

DRL, designed to achieve deadline-aware and low-overhead preemptive scheduling [17],

bearing more aspects compare to DeepGJS. Compared to Chronus (an earlier deadline

aware algorithm), PriorityDRL aims to reduce computational cost while maintaining ef-

fective deadline and preemption handling. The architecture consists of two agents: a Job

Selector (JS), which determines the priority of jobs in the queue, and a GPU Allocator

(GA), which assigns high-priority jobs to specific GPU(s) [17].

The JS agent dynamically adjusts the job priority at each timestep based on the state

of each job and the GPU cluster’s topology matrix [17]. If a job is preempted during exe-

cution, its remaining time is increased by the time needed to save and restore the model,

thereby modeling the preemption cost. In general, JS tends to assign higher priorities to

near-completion jobs to reduce overall JCT. To account for deadlines, exponential and

logarithmic reward shaping functions are introduced to assign higher rewards to urgent

or overdue jobs.

The GA agent allocates GPUs to queued jobs in priority order, considering the GPU

cluster’s topology and communication costs. A three-tier communication cost model is

used: Cintra-machine < Cintra-rack < Cinter-rack. For a job j requiring k GPUs, the GA

computes a normalized communication cost penalty Rcc(j) as follows:

Rcc(j) =

0, if k = 1

1− Ccomm(j)−mink
maxk−mink

, otherwise

Adapted from [17].

Here, mink and maxk refer to the minimum and maximum possible communication costs

for a k-GPU job, assuming best-case (e.g., same machine) and worst-case (e.g., across

racks) placements, respectively.

However, since job length are provided as input values [17], and the paper does not

clarify whether the (remaining) execution time τ is normalized based on the heteroge-

neous computing capacities of GPUs, we assume that the framework operates under a

homogeneous GPU cluster. One fundamental reason for this limitation is that the paper

directly treats the estimated runtime of a job as its job length. Consequently, the job

length implicitly depends on the computational capability of the GPUs in the cluster

where the trace was collected. This design makes the workload representation tightly

coupled with the underlying hardware performance, which limits the generalizability of

the scheduling framework when deployed on clusters with different GPU configurations.

Furthermore, such a representation makes it difficult to extend the approach to hetero-
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geneous GPU environments, where the execution time of the same job vary significantly

depending on the GPU model.

Additionally, although PriorityDRL explicitly encodes communication cost into the

reward function to reduce fragmentation and improve job placement, its simulation envi-

ronment does not incorporate communication delays into the actual job execution process.

In other words, communication overhead is not reflected in the simulated JCT or deadline

satisfaction. As a result, the framework was not able to capture the real-system impact

of communication overhead, which can significantly influence both job completion time

and the likelihood of meeting deadlines in the cluster.

In contrast, representing workloads in terms of computational demand (e.g., FLOPs)

allows the scheduler to decouple job characteristics from specific hardware configurations.

2.7.3 Optimization-based methods in heterogeneous GPU cluster

In addition to heuristic-based and learning-based approaches, another line of work

formulates scheduling as an explicit optimization problem. These methods differ funda-

mentally in that they aim to derive scheduling decisions by directly minimizing a pre-

defined objective function under system constraints, rather than relying on handcrafted

rules or learned policies.

A representative optimization-based approach is FFT [67], which targets efficient

and fair scheduling of distributed deep learning workloads in heterogeneous GPU clusters.

Unlike heuristic-based schedulers, FFT formulates the scheduling process as a global cost

minimization problem, explicitly balancing JCT and long-term fairness.

At the core of FFT is a per-round resource allocation strategy, where the scheduler

determines a resource allocation vector for all active jobs at each scheduling round. This

vector specifies not only the number of GPUs assigned to each job but also the types of

GPUs used, enabling fine-grained control over heterogeneous resources. Such a design

allows FFT to capture the dynamic nature of cluster states while avoiding excessive

reallocation overhead.

To address the inherent trade-off between efficiency and fairness, FFT introduces

a fairness compensation mechanism that penalizes deviations from an ideal fair alloca-

tion. This mechanism is seamlessly integrated into the optimization objective, allowing

the scheduler to jointly optimize system throughput and fairness in a unified frame-

work. Furthermore, FFT incorporates a hierarchical, topology-aware placement strategy

to mitigate communication overhead, ensuring that distributed training jobs are assigned

to communication-efficient GPU configurations.

Overall, FFT demonstrates that optimization-based methods can effectively lever-

age fine-grained resource allocation and explicit objective design to achieve significant

improvements in both JCT and fairness in heterogeneous GPU environments. However,
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solving the underlying optimization problem (e.g., integer linear programming (ILP) or

its relaxed variants) can incur substantial computational overhead, especially since such

optimization must be performed at every scheduling round over all active jobs. This may

limit the practicality and scalability of the approach in large-scale or highly dynamic

cluster environments.

Moreover, FFT implicitly assumes that resource reallocation can be performed with

negligible overhead. In practice, under distributed data parallel (DDP) training, ad-

justing the number of GPUs assigned to a job typically requires interrupting execution

and reinitializing communication groups (e.g., all-reduce collectives), especially when

checkpointing mechanisms are employed. This introduces non-trivial preemption and

reconfiguration costs, which are not explicitly modeled in the framework.
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3 Methodology

In this chapter, we present SARL, a Semantic-Aware Reinforcement Learning Sched-

uler for deep learning workloads in heterogeneous GPU clusters. We first formulate the

scheduling problem and describe the system model. We then introduce the semantic-

aware simulation environment. Finally, we present the reinforcement learning framework

and training methodology.

3.1 Problem Definition

We consider the problem of scheduling deep learning training jobs in a heteroge-

neous GPU cluster. Jobs arrive dynamically over time and are placed into a waiting

queue. Each job is characterized by a set of semantic attributes, including model type,

dataset size, batch size, number of epochs, and GPU demand (i.e., the number of GPUs

requested), which jointly determine its computational workload, memory requirement,

and communication behavior. At each decision point, the scheduler selects a job from

the queue and allocates a subset of available GPUs to it, subject to resource constraints.

Unlike homogeneous settings, the execution time of a job depends not only on the num-

ber of assigned GPUs but also on their types and placement, due to heterogeneity in

computational capability and communication bandwidth.

The scheduling problem is inherently challenging due to several factors. First, the

system operates in a dynamic environment where job arrivals and resource availability

evolve over time. Second, heterogeneous GPUs introduce non-uniform performance char-

acteristics, making resource allocation decisions more complex. Third, preemption and

job migration incur non-negligible overhead that depends on workload semantics, further

complicating decision making.

From a system perspective, the scheduler aims to maximize resource utilization by

efficiently assigning available GPUs. From a workload perspective, the objective is to

minimize the deadline miss rate while reducing average JCT and maintaining reasonable

waiting times.

We formulate this problem as a sequential decision-making process, where the sched-

uler must continuously make allocation decisions under evolving system states. The de-

tailed system modeling and formulation are described in the following sections.

3.2 System Overview

Figure 2 illustrates the overall architecture of the proposed system. The system

consists of two main components: a simulation environment and a reinforcement learning

(RL) agent. The environment maintains the state of the heterogeneous GPU cluster

and the job queue, including the semantic attributes of waiting jobs and the availability
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Figure 2: System architecture.

of GPU resources. Based on the observed system state, the agent makes scheduling

decisions at each decision point, i.e., when significant system events occur (defined in

Subsection Event-Driven design).

Specifically, the agent first encodes the system state using a Transformer-based fea-

ture extractor, followed by PPO policy and value networks implemented as multilayer

perceptrons (MLPs). Based on this representation, the agent first selects a job from

the job queue and then chooses a GPU model for allocation. Given the selected job

and GPU model, the environment applies a topology-aware best-fit allocation strategy

to assign concrete GPUs.

The allocation policy prioritizes GPUs within the same machine to reduce commu-

nication overhead and resource fragmentation. If this is infeasible, the allocator expands

the search to machines within the same rack, and finally across racks when necessary.

The detailed GPU placement procedure is summarized in Algorithm 1. Given a job

selected by the agent and a target GPU model, the allocator first identifies all feasible idle

GPUs with sufficient memory under the selected model. It prioritizes allocations within

the same machine; if this is infeasible, it expands the allocation scope to machines within

the same rack, and finally across racks when necessary, in order to balance feasibility,

communication overhead, and resource fragmentation.

We further enforce that each job is allocated GPUs of a single model and must ob-

tain its required number of GPUs in a single allocation step. This design is consistent

with common scheduling practices in modern GPU cluster schedulers, where jobs typi-
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Algorithm 1 Topology-Aware Best-Fit Allocation under a Selected GPU Model

Require: Job j, selected GPU model m
Ensure: Allocation result
1: need← number of GPUs required by j
2: mem← memory requirement of j
3: candidates← all idle GPUs of model m with sufficient remaining memory
4: if |candidates| < need then
5: return None
6: end if
7: Group GPUs in candidates by machine

▷ First: exact match
8: for each machine M do
9: if |M | = need then
10: Select all GPUs from M
11: return allocation result
12: end if
13: end for

▷ Second: any feasible machine
14: for each machine M do
15: if |M | > need then
16: Select the first need GPUs from M
17: return allocation result
18: end if
19: end for
20: Group the candidate GPUs by rack
21: for each rack R do
22: if the total number of GPUs in R is at least need then
23: Sort machine in R by available GPU count in descending order
24: Initialize selected← ∅
25: for each machine G in sorted order do
26: Add as many GPUs as possible from G to selected
27: if |selected| = need then
28: return allocation result
29: end if
30: end for
31: end if
32: end for
33: Sort all machines by available GPU count in descending order
34: Initialize selected← ∅
35: for each machine group G in sorted order do
36: Add as many GPUs as possible from G to selected
37: if |selected| = need then
38: return allocation result
39: end if
40: end for
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cally require homogeneous resources and are not partially scheduled across heterogeneous

devices [67].

This design allows the learning agent to focus on high-level scheduling decisions,

while delegating low-level GPU placement to a lightweight heuristic. As a result, the

action space is significantly reduced without ignoring cluster topology.

3.3 Cluster architecture

We consider a GPU cluster composed of multiple racks, where each rack contains

several machines, and each machine is equipped with multiple GPUs. GPUs within

the same machine are assumed to be homogeneous, while different machines may host

different types of GPUs, resulting in a heterogeneous cluster environment.

For illustration, Fig. 3 shows an example of a heterogeneous GPU cluster. The

cluster consists of three racks (Rack 1, Rack 2, and Rack 3), each containing a different

number of machines.

Specifically, Rack 1 contains three machines (Machine 1, Machine 2, and Machine 3),

Rack 2 contains two machines (Machine 4 and Machine 5), and Rack 3 contains one

machine (Machine 6).

Within the same machine, GPUs are assumed to be homogeneous, whereas different

machines may be equipped with different GPU models, reflecting hardware heterogeneity

across the cluster.

In this example, Machine 1 is equipped with eight A100 80GB GPUs (GPU 1 to

GPU 8), Machine 2 and Machine 3 are each equipped with eight H100 80GB GPUs

(GPU 9 to GPU 16 and GPU 17 to GPU 24, respectively). Machine 4 and Machine 5

are equipped with four and six V100 16GB GPUs (GPU 25 to GPU 28 and GPU 29 to

GPU 34), respectively, while Machine 6 contains three A100 80GB GPUs (GPU 35 to

GPU 37).

This example highlights both the hierarchical organization of the cluster (rack →
machine → GPU) and the heterogeneity in GPU types and capacities across different

machines.

We assume a unified communication framework across the cluster, allowing dis-

tributed training jobs to span multiple GPUs across machines and racks. However, the

performance of such distributed execution depends on the underlying topology and re-

source allocation.

3.4 Job Model

As time progresses, deep learning training jobs arrive dynamically and are placed

into a job queue. The job queue consists of multiple jobs with diverse resource demands

and execution characteristics, reflecting the heterogeneity of real-world workloads.

26



Figure 3: An example of a heterogeneous GPU cluster organized hierarchically into
racks, machines, and GPUs. Different machines may host different GPU models,
resulting in heterogeneity in both computational capability and memory capacity.

Each job is associated with a set of semantic attributes specified at submission time,

including the model type, batch size, number of training samples (or sequences for lan-

guage models), and number of epochs. These attributes collectively determine the com-

putational cost and memory requirements of the job.

We refer to these attributes as the semantic information of the workload. In practice,

additional parameters such as random seed, learning rate, and dataset-specific configu-

rations (e.g., number of classes or class labels) may also be specified by users. However,

these parameters have negligible impact on training time and resource consumption, and

are therefore omitted in our abstraction.

In our simulation environment, we consider four representative model types, each

paired with a corresponding dataset, as summarized in Table 1. These models are se-

lected as representative deep learning workloads for several reasons. First, they cover di-

verse application domains, including image classification (ResNet18, Inception, VGG16),

natural language processing (GPT-2), and speech recognition (DeepSpeech-2), thereby

reflecting the heterogeneity of real-world training workloads. Second, these models are

well-established and widely adopted in prior literature, making them suitable benchmarks

for evaluating scheduling strategies. Third, and most importantly, all selected models are

publicly available and open-sourced, which enables reproducibility and facilitates esti-
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Table 1: Model and Dataset Mapping

Model Dataset

ResNet18 [68] ImageNet [12]
Inception [69] ImageNet [12]
VGG16 [70] ImageNet [12]
GPT-2 [71] IMDB50K [72]
DeepSpeech-2 [73] LibriSpeech [74]

mation of computational cost (e.g., FLOPs and memory consumption) through profiling

tools.

We assume that all input data has been properly preprocessed (e.g., converted into

efficient formats such as .pt for PyTorch-based models), and therefore the data I/O cost

is not considered in our model.

It is important to note that key execution characteristics, such as job length and

memory consumption, are not explicitly specified at submission time. In practice, users

often have limited knowledge of these properties before execution. This motivates the

need for a profiling mechanism to estimate job length behavior based on workload se-

mantics.

3.4.1 Profiler

To quantify the computational complexity of different input jobs, we develop a profil-

ing mechanism to estimate their workload. To provide a unified metric that is applicable

across heterogeneous GPU clusters, we measure job length in terms of FLOPs, rather

than execution time.

job length estimation For CNN-based and deepspeech2 models, including ResNet,

VGG, and Inception, we estimate the computational cost using the THOP profiling

tool [75]. Specifically, given a model and an input tensor, THOP computes the num-

ber of multiply-accumulate operations (MACs), from which the forward-pass FLOPs are

approximated as twice the MACs, as summarized in Algorithm 2. When estimating train-

ing cost, we follow the common assumption that the backward pass incurs approximately

twice the computational cost of the forward pass. As a result, the total training FLOPs

per iteration are estimated as three times the forward-pass FLOPs. Let N denote the

number of training examples and E the number of epochs. The total computational cost

of a CNN-based job is then estimated as:

FLOPsCNN job = 3× FLOPsforward ×N × E.

An example profiling procedure is illustrated in Algorithm 2. For large language

28



Algorithm 2 FLOPs Estimation for CNN Models

Require: Model architecture M , input tensor shape S
Ensure: Estimated FLOPs
1: Initialize model M on device
2: Generate dummy input tensor x ∼ N (0, 1) with shape S
3: Compute MACs using profiling tool:
4: MACs← Profile(M,x)
5: Convert to FLOPs:
6: FLOPs← 6×MACs
7: return FLOPs

models (LLMs), we estimate the computational cost based on the scaling law proposed

by Kaplan et al. [29]. Specifically, the total training FLOPs can be approximated as:

FLOPs ≈ 6MD,

where M denotes the number of model parameters, and D represents the total number

of tokens processed during training.

The number of tokens D is given by:

D = L×B × T,

where L is the sequence length, B is the batch size, and T is the number of training steps.

The number of training steps can be expressed as:

T =
Nseq × E

B
,

where Nseq is the number of training sequences and E is the number of epochs.

By substitution, the total computational cost of an LLM training job can be ex-

pressed as:

FLOPsLLM job ≈ 6M × L×Nseq × E.

For example, for GPT-2 XL with approximately 1.5 billion parameters, the total

training cost can be estimated as:

FLOPsjob ≈ 6× 1.5B× L×Nsamples × E.

Memory Estimation To estimate the memory consumption of different workloads,

we perform offline profiling using a reference GPU (NVIDIA A40 with 48 GB memory).

For each model, we measure the peak GPU memory usage during training under different

batch sizes.

Specifically, for a given model and batch size, we simulate one training iteration,
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Algorithm 3 Memory Estimation via Offline Profiling

Require: Model M , batch size B, input shape S, GPU device
Ensure: Estimated peak memory usage
1: Initialize model M on GPU in training mode
2: Generate input tensor x with shape (B, S)
3: Generate target labels y
4: Reset GPU memory statistics
5: Perform forward pass: o←M(x)
6: Compute loss: ℓ← Loss(o, y)
7: Perform backward pass: ℓ.backward()
8: Record peak memory usage:
9: m← MaxMemoryAllocated()
10: if B exceeds GPU memory capacity then
11: Fit regression model using previous (B,m) pairs
12: Estimate memory usage via regression
13: end if
14: return m

including forward propagation, loss computation, and backward propagation, and record

the peak memory allocation. This process captures the dominant memory usage during

training.

When the target batch size exceeds the memory capacity of the profiling GPU,

direct measurement becomes infeasible. In such cases, we construct a regression model

based on previously observed data points to extrapolate memory consumption for larger

batch sizes. This approach enables scalable and model-aware estimation of memory

requirements, which is critical for scheduling in heterogeneous GPU environments.

For large language models such as GPT-2, we adopt a similar profiling strategy to

estimate memory consumption. Specifically, we simulate a single training iteration with

given batch size and sequence length, and record the peak GPU memory usage. For

speech recognition models such as DeepSpeech2, we follow the same profiling approach

by simulating training iterations with varying batch sizes and input sequence lengths

(i.e., audio durations), and measuring the corresponding peak memory usage. Together,

the proposed profiling methods provide a unified estimation of both computational and

memory requirements for different types of workloads.

Submission time Each job is also associated with a submission time, which records

the time at which the job is submitted to the cluster.

Deadline In addition to workload characterization, we assign a deadline to each job

upon submission. While deadlines are typically specified by users in real-world systems,

we generate them automatically based on the estimated job length.

Specifically, we first compute the total computational cost of a job in FLOPs using

30



the proposed profiler. The baseline deadline is then estimated by normalizing the job

length with respect to the average computational capacity of the cluster:

Tbase =
FLOPsjob

Cavg

,

where Cavg denotes the average computational throughput (in FLOPs/s) across all GPUs

in the cluster. To ensure fairness, Cavg is computed from the static hardware configuration

and does not depend on the current system load. This design prevents later-arriving jobs

from being assigned excessively long deadlines due to transient system congestion, which

would otherwise bias the evaluation against jobs submitted under high load conditions.1

To model varying levels of job urgency and to avoid a strict linear correlation between

job length and deadline, we further introduce a random scaling factor:

Tdeadline = α · Tbase, α ∼ U(0.7, 1.5).

This design enables the generation of realistic and diverse deadlines while preserving

the relative difficulty of scheduling decisions.

3.5 Communication Cost

In distributed training, when a job utilizes multiple GPUs, communication overhead

arises due to synchronization operations such as all-reduce. The communication cost

depends on both the placement of GPUs and the workload characteristics.

It is widely observed that communication latency increases with the physical dis-

tance between GPUs [15]. This effect is particularly pronounced in hierarchical cluster

architectures, where communication performance differs across intra-machine, intra-rack,

and cross-rack placements.

Placement-Aware Communication Efficiency When a job is distributed across

multiple GPUs, synchronization and data exchange introduce communication overhead,

which reduces the amount of useful computation completed within a given simulation

interval. Rather than explicitly simulating communication time from message size and

link bandwidth, we approximate this effect using a placement-dependent communication

efficiency factor η ∈ (0, 1].

Let G denote the set of GPUs allocated to a job. The communication-adjusted

computation completed during a simulation interval ∆t is defined as

1In our simulation, each time step corresponds to one second of simulated time, which is aligned with
one second of real-world execution time.
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Fstep =

(∑
g∈G

FLOPsg

)
·∆t · η (1)

where FLOPsg denotes the peak computational throughput of GPU g, and ∆t is the

simulated time interval in seconds. Here, η captures the reduction in effective throughput

caused by inter-GPU communication.

The communication efficiency factor η is determined by the placement of the allo-

cated GPUs:

η =



1.0, |G| = 1

ηtypesame machine, if GPUs are on the same machine

ηtypesame rack, if GPUs span multiple machines within the same rack

ηtypecross rack, if GPUs span multiple racks

In the current simulator, communication overhead is approximated at a coarse place-

ment level. In particular, allocations spanning multiple machines within the same rack

share the same communication efficiency factor, regardless of the exact number of ma-

chines involved. This simplification is adopted for tractability, although in real distributed

training, collective communication cost may further increase with the number of machines

participating in the job.

Workload-Aware Communication Modeling To further capture workload charac-

teristics, we define model-specific communication efficiency coefficients

ηtype· ∈ {ηsame machine but different machines, ηsame rack, ηcross rack},

which vary across model types. Larger models typically incur higher communication

overhead due to increased parameter synchronization and communication volume.

These coefficients are not directly measured from a specific hardware platform.

Instead, they are coarse-grained simulator parameters calibrated from communication

trends reported in prior work. In particular, [19] shows how the ratio between exposed

communication cost and computation time varies across model types under different band-

width settings. To relate these bandwidth-dependent trends to our simulator, we further

draw on the topology-aware discussion in [15], which highlights that communication cost

depends strongly on placement locality, such as whether GPUs are placed within the

same machine, across machines in the same rack, or across racks. Guided by these two

observations, we approximately associate our placement categories with different effec-

tive bandwidth regimes and assign representative communication efficiency coefficients
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accordingly.

For illustration, we use the following representative settings in the simulator:

• CNN-based models (e.g., ResNet, VGG), which typically exhibit relatively lower

communication overhead:

ηsame machine ≈ 0.95, ηsame rack but different machines ≈ 0.80, ηcross rack ≈ 0.70

• Large language models (e.g., GPT), which are more communication-intensive:

ηsame machine ≈ 0.85, ηsame rack but different machines ≈ 0.70, ηcross rack ≈ 0.60

These values should be interpreted as approximate simulator settings rather than

exact hardware-specific measurements. They are chosen to reflect two qualitative effects

observed in prior work: (i) communication efficiency decreases as placement locality

becomes weaker, and (ii) larger models tend to expose a larger fraction of communication

overhead relative to computation.

Comparison with Prior Modeling Approaches Compared to prior work that con-

siders communication cost in GPU job scheduling [17, 15], our communication modeling

differs in two key aspects. First, beyond capturing placement-dependent communication

effects (e.g., intra-machine, intra-rack, and cross-rack), we additionally incorporate work-

load characteristics by introducing model-specific communication efficiency factors. This

allows larger models to incur proportionally higher communication overhead, reflecting

their increased synchronization cost. Second, we incorporate communication cost into

the job throughput computation. As shown in Eq. (1), communication efficiency η de-

termines the amount of computation completed within each simulation interval, thereby

directly influencing the training speed of each job. This design enables communication

cost to be naturally propagated to higher-level system metrics, such as JCT and deadline

satisfaction, resulting in a more faithful and unified modeling of system performance.

3.6 Preemption Cost

We define preemption as the action of interrupting a running job and returning it to

the job queue, transitioning its state from running to queued. While preemption improves

scheduling flexibility, it introduces additional computational overhead.

We assume that the system employs checkpointing to support preemption. When a

job is preempted, it loses all progress made since the last checkpoint and must resume from

the most recent saved state. This behavior is consistent with prior observations in [16],
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which show that preemption involves both system recovery and checkpoint reloading

overhead.

Preemption Penalty Formulation We model the preemption penalty as an increase

in the remaining computational workload (measured in FLOPs). Specifically, when a job

j is preempted at time t, its total required computation is increased by an additional

amount ∆Fj, defined as:

∆Fj = α · fj(t)︸ ︷︷ ︸
recovery overhead

+ βj · fj(t)︸ ︷︷ ︸
rollback (checkpoint loss)

where:

• fj(t) denotes the amount of FLOPs processed by job j in the last simulation step,

• α is a constant factor representing system-level recovery overhead (e.g., process

restart and checkpoint loading),

• βj is a workload-dependent factor representing the expected rollback due to check-

pointing.

The first term captures the cost of system interruption and recovery, which is rela-

tively small. The second term models the loss of training progress since the last check-

point, which dominates the preemption cost.

Workload-Dependent Modeling We model βj based on workload characteristics,

particularly the checkpointing behavior during training. Checkpointing introduces over-

head proportional to model size, as both saving and loading model states involve signif-

icant data movement. As a result, larger models typically checkpoint less frequently to

amortize this cost, while smaller models can afford more frequent checkpointing.

To capture this effect, we model βj as the expected interval (in simulation steps)

between two consecutive checkpoints. Since each simulation step corresponds to one

second of training time, βj can be interpreted as a time-based checkpoint interval.

For example:

• For CNN-based models such as VGG:

βj ≈ 600

corresponding to checkpointing approximately every 10 minutes.

• For large language models such as GPT:

βj ≈ 2100
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corresponding to checkpointing approximately every 35 minutes.

This setting reflects the trade-off between checkpoint overhead and recovery cost

observed in practice. In particular, larger models tend to adopt less frequent checkpoint-

ing strategies due to their higher I/O and memory overhead, which is consistent with

observations in large-scale training systems [20].

Implementation In the simulator, this penalty is implemented by increasing the total

required FLOPs of the job:

Fj ← Fj +∆Fj

which directly delays the job’s completion time.

Integration into Reward The preemption penalty is implicitly incorporated into the

reward function through its impact on job completion time and deadline satisfaction.

Since the reward is defined based on system performance metrics such as JCT and

deadline miss rate, any increase in workload due to preemption leads to:

• longer job completion times,

• increased waiting time for subsequent jobs,

• higher likelihood of deadline violations.

Therefore, excessive or unnecessary preemption results in lower cumulative reward,

encouraging the agent to balance the benefit of preemption against its cost.

In addition, we include a lightweight explicit penalty for preemption actions in the

reward design to further discourage frequent interruptions. The detailed formulation of

the reward function is described in Section Reward Function.

3.7 RL-based Scheduling Model

We model the scheduling problem as a sequential decision-making process and adopt

a RL approach to learn an adaptive scheduling policy. Specifically, we employ Masked

Proximal Policy Optimization (Maskable PPO) to handle the dynamic and constrained

action space.

3.7.1 Observation Space

At each decision point, the agent observes a representation of the current system

state, which consists of three components: (1) the cluster resource state, (2) Total number

of idle GPUs of each model, and (3) the job queue state. The job queue state encodes
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the semantic attributes of pending jobs, while the cluster state captures the availability

and characteristics of GPUs across the system.

These three components are concatenated and flattened into a fixed-length vector to

form the final observation:

st = Flatten(ClusterState⊕ idle GPU permodel⊕ JobQueueState).

Cluster Resource State We represent the cluster resource state as a matrix

C ∈ RM×dc ,

where M is the number of machines in the cluster and dc is the feature dimension of

each machine. Each row of C corresponds to a machine and encodes its current resource

status.

For each machine m, we extract a feature vector f(m) that summarizes its resource

characteristics, including:

• Available GPUs: the number of idle GPUs on the machine.

• Busy GPUs: the number of GPUs currently occupied by running jobs.

• Computational capability: the normalized peak FLOPs of the GPU type, using

a reference GPU as baseline.

• Memory availability: the average and minimum of per-GPU memory availability

ratios within the machine, where each ratio is computed as the avaliable memory

normalized by the GPU’s total capacity, reflecting per-GPU (non-shared) mem-

ory constraints.For example, consider a machine with three A100 GPUs (each with

80GB memory), where one GPU is fully occupied and the other two are idle. The

corresponding per-GPU memory availability ratios are 0.0, 1.0, and 1.0. The re-

sulting average and minimum values are 0.67 and 0.0, respectively, reflecting both

overall availability and the most constrained GPU.

• GPU model indicator: a one-hot encoding representing the GPU model type of

the machine (e.g., H100, A100, V100).

The cluster state matrix C is constructed by stacking the machine-level feature

vectors across all racks:

C =


f(m1)

f(m2)
...

f(mM)

 .
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To interface with the learning model, C is flattened and concatenated with other com-

ponents of the observation.

Job Queue State The job queue state is represented as a matrix

J ∈ RX×dj ,

where X is the maximum number of jobs considered in the queue, and dj is the number

of features used to describe each job. Since the actual number of jobs in the queue may

vary over time, we fix the queue length to X by convention. If the number of jobs is

smaller than X, the remaining rows are padded with zeros.

Jobs included in the observation are ordered by submission time, so that earlier

submitted jobs appear first. Each row of J corresponds to one job and contains the

following features:

• GPU demand: the total number of GPUs required by the job.

• Waiting time: the amount of time the job has spent waiting in the system, nor-

malized by a fixed time scale.

• Remaining time to deadline: the remaining time until the job reaches its as-

signed deadline, normalized by a predefined scale.

• Job type: a one-hot encoding indicating the workload type (e.g., ResNet, VGG,

Inception, GPT-2 and DeepSpeech-2).

• Job status: a one-hot encoding indicating whether the job is queued or running.

• Estimated computational cost: the normalized FLOPs of the job, as estimated

by the profiler.

• Estimated memory requirement: the normalized GPU memory demand of the

job.

• Estimated remaining execution time: the normalized estimated time required

for the job to finish under its current allocation, computed from the remaining

training FLOPs and the job’s recent effective throughput. For jobs that are not

currently running, this value is set to a large predefined constant (MAX EST TIME =

106) to indicate that no reliable throughput-based estimate is available.

• Preemption count: the number of times the job has been preempted.

• Original deadline: the initial deadline assigned to the job before any subsequent

updates.
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The job queue observation is finally flattened into a one-dimensional vector before

being concatenated with the cluster state representation.

3.7.2 Hybrid Event-Driven Scheduling

To avoid unnecessary decision making at every simulation step, which may lead to

sparse reward signals and increased training overhead, we adopt a hybrid scheduling

mechanism that combines event-driven triggers with periodic reconsideration.

Instead of invoking the agent at every simulation step, decisions are made only at

specific decision points. Most decision points are triggered by meaningful system events,

while an additional periodic trigger is introduced to maintain responsiveness when no

such event occurs for an extended period. Between decision points, the system evolves

without intervention from the agent. This design reduces inference overhead while still

allowing the scheduler to react to important system changes in a timely manner.

We define a decision point as the occurrence of one of the following:

• Job arrival: a new job is submitted to the cluster.

• Job completion: a running job finishes and releases resources.

• Periodic trigger: a scheduling decision is invoked at fixed time intervals when

no arrival or completion event occurs for some time. This is included to ensure

that the agent can periodically reconsider the current allocation, especially in long-

running phases where the system state may remain unchanged in terms of arrivals

and completions, but rescheduling or preemption may still be beneficial.

3.7.3 Action Space

At each decision point, the scheduler follows a two-stage decision process consisting

of optional preemption and a final scheduling action.

Preemption Stage Before making a scheduling decision, the agent may optionally

perform a sequence of preemption actions. Each preemption action selects a currently

running job, terminates it, and returns it to the job queue. Preemption is treated as a

”free” operation at the decision level, which will not end this decision point, allowing the

agent to preempt multiple jobs within the same decision point if necessary.

Scheduling Stage After completing preemption actions, the agent selects one of the

following final actions:

• Schedule: select a job from the queue and assign it a GPU model for alloca-

tion. The environment then performs concrete GPU placement using the heuristic

topology-aware allocation policy.
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• No-Op: No-Op: take no action and allow the system to evolve until the next event.

This action is always available to the agent, regardless of whether a preemption has

occurred earlier in the decision process. If a job is preempted in the preemption

stage, it is immediately returned to the job queue and becomes visible again in the

agent’s observation. Therefore, in principle, the agent may choose to schedule that

job again in the subsequent scheduling stage. However, the agent may also select

No-Op, meaning that a preemption can indeed be followed by no new scheduling

action in the same decision cycle.

Since the action space is composed of concrete job-specific decisions, not every action

entry is valid at every decision point, we employ action masking to restrict the policy

to feasible actions only. For example, an action that schedules job j to a specific GPU

tier is invalid if job j is not currently in the queue, if the selected tier does not have

enough available GPUs, or if the GPUs in that tier cannot satisfy the job’s memory

requirement. Similarly, a preemption action is invalid if the corresponding job is not

currently running. By masking out such invalid action entries, the agent is prevented

from selecting infeasible decisions, while valid actions such as feasible scheduling choices

and No-Op remain available. This significantly improves training stability and sample

efficiency.

3.7.4 Reward Function

The reward function is designed to guide the agent toward minimizing deadline

violations while maintaining efficient scheduling behavior.

Action-Level Signals To encourage active scheduling behavior, we introduce a small

positive reward for each scheduling action. Since infeasible actions are filtered out by

action masking, every scheduling action corresponds to a valid allocation. We assign a

constant reward:

rschedule = +0.05

This value is intentionally kept small (approximately 1% of the typical job-level re-

ward) to avoid dominating the learning signal. Its purpose is to provide a mild incentive

for the agent to utilize available resources without overshadowing the primary optimiza-

tion objectives.

For preemption, we introduce a lightweight penalty that increases with the number

of times a job has been preempted:

rpreempt = −0.05 ·min(nj, Nmax)
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where nj denotes the number of times job j has been preempted, and Nmax = 5 is a

clipping threshold to prevent excessively large penalties.

This penalty is also designed to be small relative to job-level rewards. Its role is

to regularize the agent’s behavior by discouraging excessive or unnecessary preemptions

during exploration.

We note that the primary cost of preemption is already modeled in the environment

through increased computational workload (see Section preemption cost), which directly

affects job completion time and deadline satisfaction. The explicit penalty here serves

only as an auxiliary signal to stabilize training and guide exploration.

Completion-Based Reward The primary reward signal is defined upon job comple-

tion, based on whether the job meets its deadline.

Let Td denote the job deadline and Tc denote the completion time. We define the

overdue ratio as:

roverdue =
Tc − Td

Td

.

The completion-based reward is defined as:

rcompletion =


+5, if Tc ≤ Td

−ϕ(roverdue), if Tc > Td

where ϕ(·) is a piecewise penalty function:

ϕ(r) =



2r, 0 < r < 0.2

4r, 0.2 ≤ r < 0.5

6r, 0.5 ≤ r < 0.75

8r, 0.75 ≤ r < 1

min(9r, 12), r ≥ 1

This design ensures that the penalty increases monotonically with the overdue ratio,

and grows more aggressively as the delay becomes larger.

The use of piecewise scaling allows the reward function to distinguish between mild

and severe deadline violations, while clipping prevents excessively large penalties that

could destabilize training.

Overall Reward The final reward at each decision step is defined as the sum of the

action-level signals and the completion-based reward:

rt = rschedule + rpreempt + rcompletion,
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where rschedule and rpreempt are applied when the corresponding actions are taken, and

rcompletion is issued upon job completion events.

Design Rationale The reward function prioritizes deadline satisfaction as the primary

objective, while implicitly promoting lower JCT. By penalizing the magnitude of delay

rather than using a binary penalty, the agent is encouraged to complete overdue jobs as

early as possible. This design provides richer learning signals and empirically leads to

improved JCT and waiting time performance.

3.7.5 Policy Network

To effectively represent the structured state in the scheduling environment, we em-

ploy a Transformer-based feature extractor to encode the raw observation into a compact

latent representation for reinforcement learning. As illustrated in Figure 4, the environ-

Figure 4: Overview of the observation encoding pipeline. Raw cluster-, model-, and
job-level features are concatenated into a flattened vector and encoded by a

transformer-based dual-tower into a compact latent representation for PPO policy and
value estimation.

ment state consists of three semantically distinct components: cluster observation, model

observation, and job-queue observation. The cluster observation captures the current

resource status of the system, the model observation provides global information about

resource availability across different GPU models, and the job-queue observation describes

the candidate jobs waiting to be scheduled. These components are concatenated into a

flattened observation vector for input to the policy.

Although this flattened representation is convenient for standard RL pipelines, it

obscures the internal structure of the state. In particular, machine states form a set of

resource-bearing entities, while queued jobs form a set of candidate entities competing
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for resources. A naive flatten-and-MLP design treats all input dimensions uniformly and

does not explicitly exploit such structure, requiring the model to implicitly learn rela-

tionships such as inter-machine dependencies, inter-job prioritization, and job–resource

compatibility from unstructured inputs.

To address this limitation, we design a Transformer-based feature extractor with

separate machine and job towers. Machine-level observations are reshaped into machine

tokens and encoded by one Transformer tower, while job-level observations are reshaped

into job tokens and encoded by another. Since the number of observable jobs may vary

across states, padded job tokens are masked during encoding.

To further incorporate resource awareness into job representations, we apply a cross-

attention block in which job tokens attend to the encoded machine tokens. This allows

each job representation to integrate information about the current machine states and

thus capture job–resource compatibility more explicitly.

The encoded machine tokens are aggregated through attention pooling to obtain

a machine-side context vector, while the job-side representations are aggregated using

masked mean pooling to produce a job-side context vector. In parallel, the global GPU-

model observation is encoded by a lightweight MLP. These three context vectors are

then augmented with learnable type embeddings, concatenated, and projected into a

fixed-dimensional latent representation.

This latent representation is subsequently passed to the PPO policy and value net-

works, both implemented as MLPs. The actor and critic share the same encoded state

representation but use separate fully connected heads. The policy head outputs action

probabilities, while the value head estimates the state value. In this way, the Transformer

module serves as a structured feature extractor, while the downstream PPO networks re-

main lightweight and efficient.

3.7.6 Supervised Pretraining

To improve training stability and reduce variance across random seeds, we initialize

the PPO agent with a supervised pretraining stage before standard reinforcement learn-

ing. Rather than starting from a fully random policy, this stage provides the agent with

a task-relevant initialization based on heuristic demonstrations.

In our scheduling environment, purely random early-stage exploration can be highly

unstable, since scheduling decisions are sequential and their effects accumulate over time.

Moreover, the valid action set is dynamically constrained by action masks, which further

increases the difficulty of effective exploration at the beginning of training. To alleviate

this issue, we adopt a teacher-guided warm-start strategy.

Specifically, we use EDF as the teacher policy. EDF is chosen because it serves as a

strong heuristic baseline in our environment and provides reasonable scheduling decisions
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without additional learning. We run multiple rollout episodes using EDF and collect

state–action pairs together with their corresponding action masks. Each training sample

therefore contains the observation, the teacher-selected action, and the set of valid actions

at that decision step.

Using this dataset, we pretrain the policy network in a supervised manner. Given an

observation, the agent first produces latent features through the proposed Transformer-

based feature extractor, followed by action logits from the PPO policy head. Invalid

actions are then masked out, and the model is trained to predict the teacher action using

a cross-entropy loss over the valid action space. In this way, the policy learns to imitate

EDF under the same masked action constraints used during RL training.

The purpose of this stage is not to force the final policy to mimic EDF exactly, but to

provide a stronger initialization for subsequent PPO optimization. After pretraining, the

agent continues interacting with the environment and is further optimized using standard

PPO updates, allowing it to refine or deviate from the teacher policy when beneficial.

3.7.7 Training Details

After supervised pretraining, the agent is further optimized using Maskable PPO

with generalized advantage estimation (GAE). The PPO agent takes as input the latent

state representation produced by the proposed Transformer-based feature extractor, and

optimizes separate MLP-based actor and critic heads. Training follows the standard PPO

procedure, including rollout collection, mini-batch updates, and multiple optimization

epochs for each policy update.

To stabilize training, we employ standard techniques including clipped policy up-

dates, entropy regularization for exploration, and gradient norm clipping. The discount

factor and GAE parameters are chosen to balance long-term credit assignment and vari-

ance in return estimation. Invalid actions are filtered through action masking, which

ensures that the policy only assigns probability mass to feasible scheduling decisions

during both training and inference.

3.8 Summary of the Proposed Framework

In this chapter, we presented a semantic-aware reinforcement learning framework for

multi-GPU job scheduling. We first formulated the scheduling problem in a heterogeneous

GPU cluster and described the design of the simulation environment. We then introduced

a transformer-based dual-tower feature extractor to encode structured observations, along

with a supervised pretraining strategy to improve training stability. Finally, we integrated

these components into a PPO-based training pipeline.

In the next chapter, we evaluate the proposed framework against several baseline

scheduling methods under diverse workload settings.
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4 Experiments

We compare SARL with seven representative baseline methods from different cate-

gories. Specifically, four classical heuristic algorithms are included, namely FIFO, SJF,

Backfill, EDF with preemption. In addition, we consider a modern GPU-cluster-oriented

heuristic proposed by Gu et al. [16], a reinforcement learning (DRL)–based scheduler,

DL2 [66], and an optimization-based method, Fast and Fair Training (FFT) [67].

We provide detailed descriptions of all baseline methods in the following section.

4.1 RL Hyperparameter Settings

The proposed scheduler is implemented in PyTorch and trained using MaskablePPO,

which enables dynamic action masking to exclude invalid scheduling decisions. Given the

large discrete action space induced by joint job selection and GPU allocation, action

masking plays a critical role in improving learning efficiency.

The policy adopts an actor–critic architecture, where the policy (actor) and value

(critic) networks are parameterized by separate MLP. The actor network consists of three

fully connected layers with sizes 1024, 1024, and 512, while the critic network uses three

layers of size 512 to provide stable value estimation.

During training, we use a learning rate of 1 × 10−4 and a rollout horizon of 3072

steps, with minibatch updates of size 256 over 5 epochs per iteration. The discount

factor is set to 0.99, and GAE with λ = 0.98 is applied to reduce variance. An entropy

regularization coefficient of 0.05 is used to encourage exploration, and gradient clipping

with a maximum norm of 0.5 is applied to improve training stability.

We use a fixed time scale of 1800 seconds for normalization, which is also applied to

features such as waiting time and periodic trigger.

All models are trained on GPU, and training progress is monitored using Tensor-

Board.

4.2 Environment

Our environment consists of a cluster and a job queue.

4.2.1 Cluster Configuration

We simulate a heterogeneous GPU cluster organized in a hierarchical structure con-

sisting of racks, machines, and GPUs. Each cluster contains multiple racks, where each

rack is composed of several machines, and each machine hosts a set of GPUs. This hier-

archical design reflects the topology of modern data center clusters and enables modeling

of placement-dependent communication overhead.
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The cluster includes multiple GPU types with different computational and memory

capabilities, including A100 (80GB), H100 (80GB), and V100 (16GB). GPUs are unevenly

distributed across machines to emulate realistic hardware heterogeneity.

In our default configuration, the cluster consists of two racks with a total of eight ma-

chines and 46 GPUs. This configuration is informed by prior measurements of real-world

GPU clusters [16], and represents a realistic small-to-medium scale deployment. Despite

its moderate size, it captures essential system dynamics such as resource contention,

heterogeneous device characteristics, and scheduling complexity, making it suitable for

evaluating scheduling policies.

Rack 1 (high-capacity homogeneous machines). The first rack contains four

high-capacity machines, each equipped with 8 GPUs of the same model:

• Machine 1: 8 × A100 (80GB)

• Machine 2: 8 × H100 (80GB)

• Machine 3: 8 × A100 (80GB)

• Machine 4: 8 × H100 (80GB)

This rack represents the high-performance portion of the cluster, where each machine

provides a large number of homogeneous GPUs.

Rack 2 (heterogeneous low-capacity machines). The second rack contains four

smaller and heterogeneous machines with varying GPU counts and types:

• Machine 5: 3 × A100 (80GB)

• Machine 6: 3 × H100 (80GB)

• Machine 7: 4 × V100 (16GB)

• Machine 8: 4 × V100 (16GB)

Compared to Rack 1, machines in Rack 2 have fewer GPUs (3–4 per machine) and

include both modern (A100/H100) and legacy (V100) devices, resulting in a highly het-

erogeneous and non-uniform resource pool.

Overall, this configuration captures both: (i) high-capacity homogeneous nodes for

efficient large-scale training, and (ii) fragmented heterogeneous resources that introduce

realistic scheduling challenges such as resource fragmentation and device compatibility

constraints.

To capture system-level effects, we distinguish between intra-machine, intra-rack,

and inter-rack placements when allocating multiple GPUs to a job. Different placement
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patterns incur different levels of communication overhead, reflecting the varying band-

width and latency characteristics of NVLink, intra-rack interconnects, and cross-rack

communication.

This configuration results in a moderately sized yet heterogeneous cluster, providing

a realistic testbed for evaluating scheduling policies under both resource diversity and

topology-aware constraints.

GPU Modeling. Each GPU in the cluster is characterized by a set of hardware at-

tributes, including memory capacity, peak computational throughput, memory band-

width, and interconnect bandwidth. Among these, we primarily focus on memory capac-

ity and peak FLOPs, as they are the dominant factors affecting the performance of deep

learning workloads.

Specifically, memory capacity determines whether a model can be accommodated on

a given device and directly impacts batch size and training feasibility, while peak FLOPs

provide an upper bound on the achievable computational throughput. These two factors

are therefore explicitly incorporated into both job profiling and scheduling decisions.

The GPU configurations used in our simulator are based on publicly available spec-

ifications from NVIDIA, including A100 (Ampere), H100 (Hopper), and V100 (Volta)

architectures [76, 77, 78].

Other attributes, such as memory bandwidth and NVLink interconnect bandwidth,

are also included in the system model, but are primarily used to support future extensions

(e.g., model affinity) and are not the main focus of this work.

4.2.2 Job Queue

Jobs are maintained in a priority queue with a fixed capacity N , where jobs are

ordered by their submission time. This queue represents the set of jobs within a single

episode, and N can be interpreted as the total number of jobs generated during that

episode.

At each decision step, the agent does not observe the entire job queue. Instead,

we adopt a truncated observation mechanism, where only the first K jobs (sorted by

submission time) are exposed to the agent. In our implementation, K is fixed to 50.

This design reflects practical system constraints, where schedulers typically operate on a

limited visible window of pending jobs.

When a job completes, its allocated resources are released and returned to the clus-

ter. The completed job is then moved to a separate completed-job queue for evaluation

purposes (e.g., computing performance metrics such as job completion time and deadline

satisfaction). Meanwhile, new jobs from the tail of the queue are automatically promoted

into the observable window, ensuring a continuous flow of scheduling decisions.
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To evaluate the proposed scheduling framework, we next describe the synthetic work-

load used in our experiments.

4.3 Datasets

We construct a synthetic workload to emulate the characteristics of deep learning

training jobs in GPU clusters. Each episode consists of 50 jobs, and the GPU demand of

each job is sampled uniformly from 1 to 8 GPUs, covering the typical resource demand

range observed in real-world cluster traces [14]. Job arrivals follow a stochastic process

within a fixed time horizon of 36,000 seconds, resulting in diverse system load conditions.

The configuration of representative workloads is summarized in Table 2.

Remark on model coverage. While the main workload focuses on representative

models such as CNNs and GPT-2 for consistency in workload calibration, recent large

language models (e.g., Llama 2) are not included in the primary dataset. This is because,

under our cluster configuration, the available GPU memory capacity limits the feasible

batch size and sequence length for Llama 2. As a result, only small-scale configurations

can be supported, which are not representative of typical real-world LLM workloads.

In practice, training or serving models at the scale of Llama 2 commonly relies on

model parallelism to distribute parameters across multiple GPUs. Such setups intro-

duce additional system-level factors, including inter-GPU communication overhead and

pipeline or tensor parallel scheduling, which are not explicitly modeled in our current

workload abstraction.

Including Llama 2 under these constraints would therefore introduce inconsistencies

in workload characterization and affect the validity of performance comparisons. To

maintain methodological consistency, we exclude Llama 2 from the main experiments.

Nevertheless, for completeness, we provide an extended workload configuration including

Llama 2 in Appendix C with a smaller setting of batch size and sequence length.

Table 2: Configuration of representative training workloads in the synthetic dataset.

Job Type Model Dataset Dataset Size Batch Size Epochs Sequence Length / Input Length GPUs

Image Classification ResNet18 [68] ImageNet [12] ≤ 11,060,223 32–512 1–20 N/A 1–4

Image Classification Inception [69] ImageNet [12] ≤ 11,060,223 32–512 1–20 N/A 1–5

Image Classification VGG16 [70] ImageNet [12] ≤ 11,060,223 32–512 1–20 N/A 4–6

Natural Language Processing GPT-2 [71] IMDB50K [72] ≤ 50,000 2–128 1–20 64–128 tokens 6–8

Automatic Speech Recognition DeepSpeech-2 [79] LibriSpeech [74] ≤ 104,014 8–128 5–20 10–20 s (audio) 3–4

During training, the reinforcement learning agent interacts with the environment

over a sequence of episodes generated on-the-fly. Rather than relying on a fixed dataset,

each episode is newly sampled according to a predefined job distribution, which improves

the generalization ability of the learned policy.

In practice, we train the agent for a maximum of 1500 episodes. To monitor training

progress and perform model selection, we employ a checkpointing mechanism: every 15
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episodes, the current model is saved and evaluated on a separate validation set.

The validation set consists of 4 fixed episodes, each containing 50 jobs sampled from

the same distribution as the training workload. For each checkpoint, we compute the

average deadline miss rate across the validation episodes. If the new model achieves

a lower validation miss rate than the previously best-performing model, it replaces the

previous checkpoint as the best model.

Training does not rely on an explicit convergence criterion; instead, the final model

is selected as the checkpoint that achieves the best validation performance over the entire

training process.

For evaluation, we prepare 10 independent test episodes, each with 50 jobs, to assess

the performance of different scheduling methods under diverse workload realizations.

Each job is initialized with a minimal set of semantic attributes, including the model

type, batch size, number of training epochs, submission time, and deadline-related con-

figuration. These attributes are sufficient to characterize the computational complexity

and resource requirements of the job. Other hyperparameters that have limited impact

on overall training complexity, such as learning rate, are omitted for simplicity.

To generate such jobs in a structured manner, we define a set of job templates,

each corresponding to a representative model family (e.g., ResNet, VGG, Inception, and

GPT).

4.3.1 Job Templates

Jobs are generated based on a set of predefined templates corresponding to different

model families, including ResNet, VGG, Inception, and GPT. Each template specifies a

range of feasible batch sizes and candidate GPU counts, reflecting the typical training

configurations of different workloads. For example, convolutional models generally sup-

port larger batch sizes and moderate GPU parallelism, while large language models tend

to require smaller batch sizes but a higher number of GPUs.

4.3.2 Batch Size and Epochs

Batch sizes are sampled from template-specific candidate sets with a bias toward

smaller values, using a skewed sampling distribution. Similarly, the number of training

epochs is sampled such that most jobs are relatively short, while a small fraction of

jobs are significantly longer. This design captures the heavy-tailed nature of training

workloads observed in practice.

4.3.3 Job Arrival Process

Job submission times are generated within a fixed time horizon and follow a mix-

ture distribution combining a uniform background arrival process and multiple Gaussian
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peaks. This allows us to model both steady job arrivals and bursty workload patterns,

which are commonly observed in shared cluster environments.

Specifically, all jobs arrive within a horizon of 10 × 3600 simulated time steps, cor-

responding to a 10-hour period in real time (where one simulation time step represents

one second). Within this horizon, submission times are sampled using a mixture of a

uniform background component and several Gaussian peaks, enabling the generation of

both baseline traffic and bursty arrival patterns.

4.3.4 Training Dataset Size for Job Generation

In this subsection, we describe the dataset sizes associated with individual training

jobs in the simulated workload, rather than the datasets used for training or evaluating

the RL scheduler.

For convolutional neural network (CNN) jobs, the dataset size (i.e., the number of

training samples) is randomly sampled within a predefined range. Specifically, we define

a minimum and maximum dataset size, and sample a normalized variable from a Beta

distribution Beta(2, 5) to bias the sampling toward smaller datasets while still allowing

occasional large-scale jobs. The final dataset size is then obtained by linearly scaling this

sample to the predefined range (with the maximum set to 11,060,223 samples and the

minimum set to 40% of this value), as summarized in Table 2. This design reflects the

observation that most training jobs are relatively small, while large-scale jobs appear less

frequently.

For other job types, dataset size is modeled in a similar range-based manner but

adapted to their training characteristics, with configuration summarized in Table 2. For

transformer-based language models (e.g., GPT-style models), the effective dataset size

is represented by the total number of training tokens, with an upper bound of 50,000.

For speech recognition models (e.g., DeepSpeech2), dataset size corresponds to the total

number of audio samples or utterances, with an upper bound of 104,014. In both cases,

sampling follows the same skewed distribution strategy to preserve workload diversity.

These dataset-related attributes are not directly used by the scheduler. Instead,

they serve as intermediate variables for deriving system-level characteristics, including

computational cost (in FLOPs), memory requirements, and job deadlines, which are

ultimately exposed to the scheduling agent.

4.3.5 Job Profiling

Upon arrival at the job queue, each job is automatically processed by a profiling

module that derives its resource and computational characteristics based on its semantic

attributes. Specifically, given the job type, batch size, dataset size, and training config-

uration, the profiler estimates the total computational cost of the job in FLOPs, as well
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as its memory requirement.

These estimates are subsequently used to determine job feasibility, such as whether

a job can fit within GPU memory constraints, and to approximate execution time under

different resource allocations. In other words, once a job is received by the cluster-side

job queue, the profiling procedure is automatically invoked to transform high-level job

semantics into quantitative system-level descriptors that can be directly used by the

scheduler.

4.3.6 Deadline Generation

Based on the profiling results, we further assign a deadline to each job. Specifically,

the deadline is derived from the estimated computational cost of the job, measured in

terms of total FLOPs, together with the number of GPUs requested by the job.

We first estimate a baseline execution time by dividing the total computational

demand by the effective cluster throughput, which is determined by the average peak

FLOPs per GPU, the number of GPUs assigned to the job, and a scaling efficiency factor.

The average peak FLOPs per GPU is treated as a tunable hyperparameter reflecting the

overall computational capability of the cluster.

To model diverse user expectations, we introduce a slack factor sampled from a mix-

ture distribution. This results in three categories of deadlines: tight, medium, and loose.

Tight deadlines correspond to latency-sensitive jobs that require prompt scheduling, while

loose deadlines allow greater flexibility in resource allocation. The final deadline is ob-

tained by scaling the baseline execution time with the sampled slack factor.

This design ensures that deadlines remain correlated with job complexity while pre-

serving diversity in urgency levels, thereby enabling a more realistic evaluation of schedul-

ing policies.

4.4 Baselines

We compare the proposed SARL scheduler against a diverse set of baselines, including

five heuristic scheduling algorithms, one RL-based method, and one optimization-based

approach.

For a fair comparison, all learning-based baselines are implemented using the same

job and cluster representations, and are adapted with minimal modifications to be com-

patible with our environment.

4.4.1 Heuristic Scheduling Algorithms

We consider five widely used heuristic scheduling algorithms as baselines:
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FIFO. FIFO schedules jobs strictly in the order of their arrival. Resources are allocated

to jobs based on submission time, without considering job length or deadline. This

strategy provides a reasonable balance in waiting time across jobs and is commonly

adopted as a default scheduling policy in production GPU clusters.

SJF. SJF prioritizes jobs with the smallest estimated size. In our setting, job length

is defined based on the total computational workload. By favoring shorter jobs, SJF

improves system throughput and is often effective in reducing average JCT.

EDF. EDF prioritizes jobs with the most urgent deadlines. We adopt a preemptive

version of EDF, where newly arrived jobs with tighter deadlines can preempt currently

running jobs. This enables the scheduler to better satisfy deadline constraints under

dynamic workloads.

Backfilling. Backfilling [80] improves resource utilization by allowing smaller jobs to

be scheduled ahead of waiting large jobs, as long as the execution of the large jobs is not

delayed. Specifically, when a large job is waiting for sufficient resources, the scheduler

reserves the required resources while temporarily filling idle slots with smaller jobs that

can complete before the reserved resources are needed. This approach increases cluster

utilization without violating the scheduling guarantees of large jobs.

Tiresias (Discretized 2D-LAS). We implement the discretized 2D-LAS scheduler

proposed in Tiresias [16]. This method is an information-agnostic scheduling policy that

does not rely on prior knowledge of job duration. Instead, it assigns priority based on

attained service, i.e., the amount of GPU time a job has already received, following the

Least Attained Service (LAS) principle.

The 2D-LAS formulation extends LAS to a two-dimensional setting by jointly con-

sidering temporal progress (attained service) and resource demand (number of GPUs).

Jobs with less attained service are prioritized, which helps reduce queueing delay and

mitigates head-of-line blocking caused by long-running jobs.

Compared to approaches such as the 2D-Gittins index scheduler, which rely on par-

tial knowledge of job duration distributions, 2D-LAS is fully information-agnostic and

therefore more suitable for our setting. In our environment, job execution time depends

on heterogeneous factors such as GPU type (e.g., A100 vs. V100) and placement topol-

ogy, making runtime estimation unreliable. As a result, methods that depend on prior

distributional assumptions or analytical predictions are not directly applicable.
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4.4.2 RL Algorithm

DL2 [66] is a learning-based scheduler designed for deep learning clusters. It leverages

a neural network to dynamically adjust resource allocation for running jobs, aiming to

minimize overall training completion time.

DL2 adopts a hybrid training strategy that combines supervised learning and rein-

forcement learning. The model is first initialized using offline supervised learning based

on historical scheduling traces, and is then refined online through reinforcement learning

during job execution. This design enables a smooth transition from existing heuristic

schedulers while improving scheduling performance.

We also considered implementing TopDRL [26], a representative single-agent RL

scheduler that explicitly considered topology of the cluster. However, due to a mismatch

between its underlying assumptions and our simulation environment, a faithful imple-

mentation was not feasible. A detailed discussion of these discrepancies is provided in

Appendix A.

DL2 Implementation Details. We implement a DL2-style scheduling environment

following an incremental resource allocation paradigm. At each scheduling round, the

agent iteratively assigns GPUs to jobs by selecting a job and allocating one additional

GPU, until a stop action is issued. This formulation converts the combinatorial resource

allocation problem into a sequence of discrete decisions.

To ensure consistency with our simulation framework, we adopt a two-phase exe-

cution mechanism. During the allocation phase, decisions are applied to a temporary

copy of the cluster state, allowing the agent to construct a full allocation plan without

affecting the actual system. Once the stop action is triggered, all allocation decisions are

committed to the real cluster automatically, and the environment advances for a fixed

simulation horizon.

The observation space consists of per-job features derived from the cluster state,

including resource demand, allocation status, and system-level context. The action space

is defined as selecting one of the candidate jobs to allocate an additional GPU, along

with a special stop action. An action masking mechanism is employed to ensure feasi-

bility, preventing invalid allocations such as exceeding job demand or violating resource

constraints.

We adopt a best-fit incremental allocation heuristic to determine the placement of

GPUs for each allocation decision. Specifically, the allocator prioritizes assigning GPUs

from the same machine as those already allocated to the target job. If this is not feasible,

it expands the allocation scope to other machines within the same rack, and finally to

machines across different racks.

The reward is computed based on normalized training progress accumulated during
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simulation, encouraging the agent to improve overall system throughput while maintain-

ing fairness across jobs.

To extend DL2 to distributed training scenarios, we adapt its original single-resource

allocation formulation to support multi-GPU jobs. Since DL2 allocates resources incre-

mentally, we allow jobs to start execution even when the number of allocated GPUs is

smaller than their requested demand. In such cases, the job progresses at a reduced speed

determined by the allocated GPU count and placement topology, reflecting the impact

of parallelism and communication overhead.

In addition, we follow the original DL2 design and assume that dynamically increas-

ing the number of GPUs for a running job does not incur additional reconfiguration cost.

Specifically, expanding a job’s allocation does not trigger a full preempt-and-reschedule

procedure, enabling smooth scaling of resources during execution.

4.4.3 Optimization Based

We include an optimization-based scheduler(namely, FFT) proposed in [67] as a

baseline. This method explicitly targets deep learning workloads in heterogeneous GPU

clusters and formulates scheduling as a global optimization problem.

Unlike heuristic policies, this approach models job execution performance under

different GPU types and configurations, and jointly optimizes resource allocation to im-

prove both system throughput and fairness. In particular, it explicitly accounts for GPU

heterogeneity by considering the performance differences across devices when assigning

resources, allowing jobs to be mapped to the most suitable GPUs.

While meta-heuristic methods and FFT both aim to explore the space of possible job-

to-resource assignments, they differ fundamentally in how this exploration is performed.

Meta-heuristic methods rely on iterative and stochastic search over a large candidate

space, whereas FFT explicitly constructs a set of candidate assignments and selects the

optimal combination in a single pass via integer linear programming (ILP). This struc-

tured optimization process replaces the need for iterative meta-heuristic search, enabling

more efficient decision making in online scheduling scenarios.

FFT Implementation Details. We implement an optimization-based scheduler fol-

lowing the design of [67]. At each scheduling round, the scheduler evaluates candidate

assignments for each job across different GPU models. For each candidate, the expected

training throughput is estimated under the corresponding resource configuration, en-

abling heterogeneity-aware decision making. This allows the scheduler to account for

performance differences across GPU types when assigning resources.

The scheduling objective considers job progress, resource efficiency, and fairness,

and aims to determine a set of job-to-resource assignments that minimizes the overall
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cost while respecting resource capacity constraints. In addition, switching overhead is

incorporated to capture the cost of reallocating running jobs.

Since the original paper does not explicitly specify the interval between scheduling

rounds, we adopt a fixed scheduling interval (1800 simulated time steps) in our implemen-

tation, where the scheduler is invoked periodically every several simulation time steps.

This design aligns with our event-driven environment while ensuring consistent compar-

ison across different methods.

4.5 Evaluation metrics

We evaluate scheduling performance using three widely adopted metrics: mean JCT,

deadline miss rate, and maximum waiting time. While mean JCT and deadline miss rate

are the primary optimization targets, maximum waiting time is included to account for

fairness across jobs.

Mean JCT. For each job i, the job completion time is defined as:

JCTi = tcompletion
i − tsubmission

i .

The mean JCT over all jobs is computed as:

JCTmean =
1

N

N∑
i=1

JCTi,

whereN is the total number of jobs. Lower values indicate better overall system efficiency.

Deadline Miss Rate. Each job is associated with a deadline. A job is considered to

meet its deadline if it completes before its deadline. The deadline miss rate is defined as:

DMR =
1

N

N∑
i=1

I
(
tcompletion
i > tdeadlinei

)
,

where I(·) is the indicator function. Lower values indicate better deadline satisfaction.

Waiting Time. The waiting time of a job is defined as the cumulative duration it

spends in the queue without being allocated any GPU resources. In particular, if a job

is preempted and returned to the queue, its waiting time continues to accumulate during

subsequent queueing periods.

Formally, the waiting time of job i is defined as the total time spent in the queued
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state across its entire lifetime:

WTi =
∑
k

(
tstarti,k − tqueuedi,k

)
,

where each term corresponds to a queueing interval between a job entering the queue and

being scheduled again.

We report the maximum waiting time across all jobs.

The maximum waiting time is defined as:

WTmax =
N

max
i=1

WTi,

which captures the worst-case waiting time and indicates the degree of starvation.

Lower values indicate improved fairness.

4.6 Training Performance

We train the vanilla SARL agent from scratch in an online manner. During training,

the model is evaluated every 10,000 time steps on workloads generated from five different

random seeds. Performance is measured separately on each seed and then aggregated

to assess overall generalization performance. The total training budget is set to 400,000

time steps, corresponding to approximately 1,200 episodes.

To ensure stable model selection, we track the best-performing model based on the

training reward. Specifically, the final model used for evaluation is the checkpoint that

achieves the highest reward during training, rather than the one obtained at the end of

training.

After training, the selected SARL model is evaluated on a separate test set and

compared against the seven baselines described above. For baseline methods that do not

explicitly perform GPU allocation, we adopt a variant of the Best-Fit allocation strategy

(Algorithm 3), where GPU model distinctions are ignored to ensure a fair comparison.

At the early stage of training, the vanilla SARL agent performs significantly worse

than strong heuristic baselines due to random initialization and exploration. However,

as training progresses, the performance steadily improves and eventually surpasses all

baselines.

A detailed comparison with baseline methods is presented in the following subsection.

4.7 Comparison with Baselines

Due to the interaction between the allocation strategy in DL2 and preemption over-

head, its performance is sensitive to the assumed preemption cost. It is worth noting that
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the original DL2 framework does not explicitly model fine-grained preemption overhead,

whereas our environment incorporates workload-dependent preemption costs.

To account for this difference and ensure a fair evaluation, we assess all methods

under two preemption settings: (i) a low preemption cost, set to 0.001 times the normal

cost, and (ii) the default (normal) preemption cost. This setup enables us to examine the

robustness of different scheduling policies under varying levels of preemption overhead.

Although SARL does not achieve the best performance in terms of maximum waiting

time, this metrics is not the primary optimization targets in our setting. Instead, our

objective focuses on reducing mean JCT and deadline miss rate, where SARL consistently

outperforms all baselines. The differences in waiting time remain minor and do not affect

the overall conclusions.

The quantitative results are summarized in Table 3, where each reported value is

averaged over 10 independent test seeds. Under all settings, SARL uses the Transformer-

based feature extractor and is initialized with the supervised pretraining strategy de-

scribed earlier, which together improve representation learning and training stability

under more challenging conditions.

Preemption
Cost

Metric Heuristic Models RL Opt. Ours

SJF FIFO Backfill Tiresias EDF DL2 FFT SARL

Low

Mean JCT
(TU)

8319.6 8192.2 8561.0 8808.4 8147.0 9054.5 7025.4 6268.7

Max Wait
(TU)

4646.8 3789.8 3227.2 3869.6 7123.0 3560.2 8287.0 4245.8

Miss Rate
(%)

46.8 38.0 37.6 33.6 31.6 46.0 32.0 23.5

Normal

Mean JCT
(TU)

8319.6 8192.2 8561.0 8808.4 8005.6 10052.3 9324.0 6852.8

Max Wait
(TU)

4646.8 3789.8 3227.2 3869.6 7250.1 4920.8 14980.3 3883.9

Miss Rate
(%)

46.8 38.0 37.6 33.6 32.4 54.0 56.0 22.8

Table 3: Comparison under different preemption cost settings. Results are averaged
over 10 test seeds. Bold indicates the best result, and underline indicates the second

best. Lower values indicate better performance for all metrics.

4.7.1 Result Analysis

From Table 3, several important observations can be made.
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We first note that heuristic methods such as SJF, FIFO, Backfill, and Tiresias exhibit

identical performance under both low and normal preemption cost settings. This is

because these methods are non-preemptive, and therefore their scheduling decisions are

not affected by changes in preemption overhead.

First, SARL consistently outperforms all baselines across both preemption settings,

achieving the lowest mean JCT and deadline miss rate. This demonstrates the effective-

ness of learning-based scheduling in capturing complex interactions between job charac-

teristics, resource allocation, and preemption decisions. In particular, SARL is able to

implicitly infer the impact of preemption on job progress under different system condi-

tions, and accordingly adjust its scheduling strategy, enabling more informed decisions

on when preemption is beneficial or should be avoided.

Second, the performance gap becomes more pronounced under the normal preemp-

tion cost setting. In particular, DL2 and FFT significantly underperform in both JCT

and miss rate when preemption becomes expensive. This is because these methods either

rely on frequent reallocation or assume relatively low switching overhead, making them

less robust under realistic preemption costs.

To further validate the improvement in deadline-related performance, we compare

SARL with EDF, which is the strongest baseline in terms of deadline satisfaction. Under

the normal preemption cost setting, we perform a Welch’s t-test on the deadline miss rate

across multiple test seeds. The test yields a p-value of 0.046, indicating that the observed

performance difference is statistically significant at the 5% significance level. Therefore,

we reject the null hypothesis that the two methods have equal performance, and conclude

that SARL achieves a statistically significant improvement over EDF.

In contrast, SARL adapts its behavior by implicitly learning to avoid unnecessary

preemption under high-cost conditions, leading to more stable execution and fewer dead-

line violations.

Among heuristic baselines, EDF achieves the best overall performance, particularly

in terms of deadline miss rate, followed by FIFO. This indicates that simple priority-

based strategies remain effective when the required scheduling signals (e.g., deadlines or

arrival order) are readily available in the environment. Backfill, while not achieving the

best overall performance, exhibits the lowest maximum waiting time. This suggests that

it effectively utilizes idle resources by scheduling smaller jobs when large jobs block the

queue head, thereby mitigating starvation. Since we report maximum waiting time rather

than average waiting time, this result highlights Backfill’s ability to control worst-case

delays.

Interestingly, we observe that under the normal preemption cost setting, EDF shows

a slight (though not statistically significant) improvement in mean JCT compared to

the low-cost setting. We attribute this phenomenon to the dynamic nature of EDF’s

decision process. Since EDF decisions are triggered by job arrivals and completions,
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higher preemption cost leads to larger progress rollback when jobs are interrupted, which

in turn delays job completion events. This effectively alters the timing of EDF’s decision

points, resulting in a different sequence of scheduling decisions that can occasionally lead

to marginally better JCT.

However, from a system-level perspective, the increase in preemption cost still neg-

atively impacts overall responsiveness. In particular, the maximum waiting time of EDF

increases (by 1.7%), indicating that some jobs experience longer delays. This suggests

that while local scheduling decisions may occasionally improve, the global effect of higher

preemption cost is still detrimental to latency-related metrics.

In contrast, SARL demonstrates improved robustness under higher preemption cost,

maintaining a comparable deadline miss rate to the low-cost setting and reduced maxi-

mum waiting time (-9.3%).

DL2 demonstrates relatively stable performance across both settings, which may be

attributed to its use of heuristic-based pretraining. However, its performance remains

limited, as it does not explicitly consider cluster topology during GPU allocation. As

a result, it cannot effectively capture communication overhead induced by distributed

execution, leading to suboptimal scheduling decisions.

In particular, when the preemption cost increases, DL2 exhibits a noticeable degra-

dation in both average and tail performance. Its mean JCT increases by 11.0%, while its

maximum waiting time rises significantly (by 38.2%). Consequently, the advantage it pre-

viously held under the low preemption cost setting—where it achieved the second-lowest

waiting time after Backfill—no longer exists.

Finally, the optimization-based scheduler (FFT) exhibits mixed performance in our

setting. We observe that its performance improves noticeably under the low-preemption

setting, while achieving lower mean JCT than other baselines.

This method relies on several key quantities, such as switching cost and job through-

put, which are assumed to be accurately known. However, in our simulation environment,

these quantities are not directly observable and must be estimated. For example, switch-

ing cost depends on the amount of lost training progress, which is influenced by model

characteristics, checkpointing behavior, and previously accumulated progress. Similarly,

job throughput depends on GPU placement and cluster topology, including intra-machine

and cross-rack communication overhead, as well as resource contention among concur-

rently running jobs.

As a result, the optimization procedure relies on approximate estimations, and errors

in these inputs can propagate to the final scheduling decisions, leading to suboptimal

performance. Unlike learning-based approaches, FFT does not adapt its policy based on

past experience and therefore cannot correct such modeling inaccuracies over time.

In addition, we observe that FFT behaves differently under varying preemption costs.

Although the original design acknowledges the need to avoid excessive job migration,
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preemption is not explicitly modeled as a first-class decision variable. Instead, it is

implicitly controlled through per-round allocation and the choice of scheduling interval.

This design introduces a trade-off between responsiveness and stability. With a small

scheduling interval (i.e., frequent re-optimization), the scheduler can react quickly but

may trigger frequent job migrations. Under low preemption cost, this does not signifi-

cantly impact performance and can even improve resource utilization. However, under

realistic (normal) preemption cost, frequent migrations become expensive. Increasing

the scheduling interval can reduce switching overhead, but overly large intervals lead to

delayed decisions, increased waiting time, and potential starvation.

As a result, FFT faces an inherent trade-off: balancing preemption overhead against

scheduling responsiveness. In our experiments, this leads to increased mean JCT and

maximum waiting time under normal preemption cost, despite improved performance in

the low-preemption setting.

4.8 Inference Time

We evaluate the total inference time of different scheduling methods over 10 test

episodes, and averaged. For learning-based methods (SARL and DL2), inference corre-

sponds to policy evaluation during each scheduling decision.

Figure 5 presents the comparison. SARL achieves the lowest total inference time,

with an average of 1.05 s per episode, and 2.85 s when using the Transformer-based feature

extractor (with supervised pretraining). Note that pretraining only affects parameter

initialization and does not introduce additional inference overhead. This is compared to

3.78 s for DL2 and 5.59 s for FFT.

The lower inference cost of SARL is primarily due to its use of an MLP-based PPO

policy, which enables efficient inference through a single forward pass after training.

Given the current system state, SARL produces a complete scheduling decision in one

step, resulting in low and consistent latency.

When incorporating the Transformer-based feature extractor, the inference time in-

creases significantly. This is mainly due to the higher computational complexity of self-

attention mechanisms, which introduce additional matrix multiplications and require

processing interactions among all jobs and machines. Moreover, the sequence-based en-

coding and attention pooling operations add overhead compared to simple MLP feature

extraction, leading to increased latency during each decision step.

In contrast, DL2 incurs higher inference overhead due to its sequential decision-

making process. Specifically, selecting a job only assigns a single GPU, and the scheduler

must repeatedly select actions until a STOP action is issued to complete the alloca-

tion. This multi-step decision process increases the overall inference time per scheduling

decision.
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Figure 5: Total inference time comparison across different scheduling methods. SARL
achieves the lowest inference overhead, significantly outperforming DL2 and FFT.

We also observe that FFT incurs the highest inference time among all methods. Al-

though FFT operates in a round-based manner, each scheduling decision requires solving

an optimization problem. Specifically, FFT formulates the allocation as an ILP problem

to efficiently evaluate candidate assignments, which avoids the iterative population-based

search required by meta-heuristic methods (see Appendix B), thereby reducing the num-

ber of candidate evaluations, while each evaluation is carried out more efficiently through

structured optimization rather than repeated simulation-based scoring. However, solv-

ing an ILP remains computationally expensive, especially as the number of jobs and

resources increases. Moreover, FFT still needs to evaluate and compare multiple candi-

date allocations within each round, leading to substantial computational overhead per

decision.

Noticably that the total inference time of FFT is sensitive to the scheduling inter-

val. Specifically, the choice of round time, which determines how frequently scheduling

decisions are made, has a significant impact on the overall inference overhead.

A smaller round time increases scheduling responsiveness, which helps reduce job

waiting time and can indirectly improve average JCT. However, more frequent scheduling

decisions significantly increase the inference overhead and may lead to excessive preemp-

tions, introducing additional overhead due to checkpointing.

In contrast, a larger round time reduces inference cost and avoids frequent preemp-

tions, but results in coarser scheduling decisions. This may increase job waiting time and

consequently lead to higher JCT.

Empirically, we find that reducing the scheduling interval (e.g., decreasing round time
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from 1800 to 300) can effectively improve mean JCT under low preemption cost, with a

corresponding reduction in deadline miss rate (e.g., mean JCT improves from 7025.4 to

6390, and deadline miss rate decreases from 35.0% to 28.0%). However, this comes at

the expense of a several-fold increase in inference overhead. Under normal preemption

cost, the benefit diminishes, and the increased preemption overhead outweighs the gains,

leading to overall worse performance.

Overall, all methods operate within a second-level inference time, which is acceptable

for GPU cluster scheduling, where decisions are made at relatively coarse time granularity

(e.g., seconds) and do not require millisecond-level responsiveness.

4.9 Enhancement Techniques

In this section, we evaluate the impact of two design components within the pro-

posed SARL framework, namely a Transformer-based feature extractor and supervised

pretraining.

Rather than introducing separate variants of the scheduler, these techniques are

treated as optional components of the same model, and are analyzed to understand their

contributions to performance and training efficiency.

4.9.1 Transformer-based Feature Extractor

We replace the original feature extractor with a Transformer architecture while keep-

ing the same policy (π) and value (V ) network configurations.

Faster convergence. The primary advantage of the Transformer-based extractor lies in

significantly improved training efficiency. On the default cluster, the Transformer-based

model begins to converge after approximately 75 training episodes, whereas the vanilla

SARL requires substantially more episodes to reach a similar performance level.

Improved training stability. In addition to faster convergence, the Transformer-based

model exhibits lower performance variance during training. In contrast, the vanilla SARL

shows noticeably larger fluctuations even after convergence, indicating less stable policy

learning.

Comparable final performance. After sufficient training, the Transformer-based

model achieves performance comparable to vanilla SARL in terms of both mean JCT

and deadline miss rate, with no statistically significant differences.

Better performance under reduced capacity. More importantly, the Transformer

extractor enables effective learning under significantly reduced model capacity. When

reducing the network size from (1024, 1024, 512) to (256, 128, 64), the agent is still able

to learn a stable scheduling policy, with the mean JCT remaining within 8% of the full

SARL model and a deadline miss rate gap of only 4.5%. In contrast, the vanilla SARL

fails to converge under the same reduced setting.
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This further demonstrates that the Transformer-based feature extractor can more

effectively capture and compress relevant system information, leading to both faster and

more stable learning.

4.9.2 Supervised Pretraining

We evaluate supervised pretraining using a heuristic policy as a teacher to initialize

the model parameters. Under low preemption cost, the pretrained SARL achieves, within

only a few episodes, a performance level comparable to the mid-stage of SARL without

pretraining training (e.g., after 600+ episodes). However, its final performance is slightly

lower(but not significant) and exhibits higher variance during training. We attribute

this to reduced exploration diversity caused by the initialization, which limits the agent’s

ability to fully explore the policy space when preemption is inexpensive.

In contrast, under high preemption cost, supervised pretraining provides substantial

benefits. The pretrained SARL converges within 50 episodes to a performance level

comparable to EDF, and further improves to match the final performance reported earlier.

Without pretraining, SARL either fails to converge or requires significantly more training

episodes.

We attribute this improvement to the teacher policy providing a strong and concrete

starting point, which effectively guides exploration in a large and complex action space.

(a) Mean JCT (b) Deadline miss rate

Figure 6: Impact of supervised pretraining under different preemption cost
settings(after 500 episodes).

Overall, these results suggest that supervised pretraining is particularly beneficial in

scenarios with complex action spaces, such as smaller clusters or high contention settings,

where frequent preemption decisions and large candidate sets increase the difficulty of

exploration.
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4.9.3 Combination of Transformer and Supervised Pretraining

We further evaluate the combined effect of the Transformer-based feature extractor

and supervised pretraining.

This hybrid approach inherits the advantages of both techniques. Similar to su-

pervised pretraining, the model achieves strong performance within only a few episodes,

demonstrating a significantly faster warm-up compared to vanilla SARL. At the same

time, the Transformer extractor contributes to more stable training dynamics, as re-

flected by smoother loss curves.

As training progresses, the deadline miss rate quickly converges to a level comparable

to EDF, while maintaining competitive mean JCT performance.

Scheduler Mean JCT (TU) Miss Rate (%)

SARL (Pretrained + Transformer) 7261 26

EDF 8005 32.4

Table 4: Performance comparison between SARL(after 205 episodes of training) with
both enhancements and EDF.

Overall, based on the above observations, we find that supervised pretraining is

generally beneficial, as it provides the agent with a strong initialization and significantly

reduces the exploration time required to learn effective scheduling policies. Meanwhile,

the incorporation of the Transformer-based feature extractor improves training stability

and helps the agent achieve competitive performance comparable to vanilla SARL.

We attribute this to the fact that a sufficiently trained MLP-based PPO model is

capable of learning meaningful representations from the observation space and capturing

the underlying scheduling patterns. In this context, the proposed enhancement techniques

can be viewed as complementary mechanisms that improve robustness, particularly under

more challenging conditions such as smaller clusters with higher contention.

In contrast, under medium or large cluster settings, where more GPUs are available,

the scheduling problem becomes less sensitive to individual decisions. Specifically, the

larger resource pool provides the agent with more feasible allocation options, reducing

the likelihood that a locally suboptimal decision leads to severe resource fragmentation

or long-term inefficiency. As a result, SARL can more effectively refine its policy through

exploration, since the impact of each individual action on future system states is less

drastic, allowing for more stable and gradual performance improvement.

4.10 Ablation Study

To better understand the contribution of each component in SARL, we conduct an

ablation study by removing or modifying key design elements.
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Variant Mean JCT (TU) Miss Rate (%)

SARL 6852.8 22.8

w/o Job type in observation 7485.6 (+9.2%) 28.5 (+25.0%)

w/o Preemption 7734.4 (+12.9%) 38.0 (+66.7%)

w/o model allocation 7254.0 (+5.9%) 27.0 (+18.4%)

w/o Reward shaping 7178.0 (+4.7%) 27.8 (+21.9%)

Table 5: Ablation study of SARL. Relative changes are computed with respect to the
vanilla SARL model.

4.10.1 w/o Job Type in Observation

We remove the job type information from the observation space by assigning the

same encoding to all jobs. This eliminates the agent’s ability to differentiate between

workload characteristics.

4.10.2 w/o Preemption

We disable preemption by modifying the action mask, such that all preemption-

related actions are masked out. As a result, the agent can only perform scheduling or

no-op decisions.

4.10.3 w/o model Allocation

We remove the agent’s ability to select GPU models by modifying the allocation

strategy. Instead of allowing the agent to specify the target GPU type, we adopt the

same best-fit allocation used in heuristic baselines, where the system automatically assigns

available GPUs based on current resource availability.

4.10.4 w/o Reward Shaping

We replace the original reward function with a DeepRM-style formulation [81]. At

each decision step, the reward is defined as the negative inverse of the estimated job

completion time. The estimated completion time is computed based on the average

cluster compute capacity, and thus remains a static approximation independent of system

dynamics.

4.10.5 Number of Neurons and Network Depth

We evaluate the impact of network architecture by varying the number of neurons

and layers in the policy (π) and value (V ) networks. The results are illustrated in Fig. 7a

and Fig. 7b.
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(a) Mean JCT under different architectures
(b) Deadline miss rate under different

architectures

Figure 7: Impact of network architecture (number of neurons and layers) on scheduling
performance.

Interestingly, we observe a non-monotonic effect when increasing network depth.

Adding a single additional layer leads to noticeable performance degradation, while fur-

ther increasing the depth results in only marginal additional impact.

We attribute this behavior to the interplay between model capacity and training

stability. Introducing one extra layer increases optimization difficulty without providing

sufficient representational benefits, leading to higher gradient variance and less stable

policy learning. When more layers are added, the increased capacity begins to compensate

for this difficulty, allowing the network to better capture complex scheduling patterns and

partially mitigating the performance drop.

Overall, increasing network depth does not yield meaningful improvements in either

mean JCT or deadline miss rate, while significantly increasing training time. In con-

trast, reducing the number of neurons leads to clear performance degradation, indicating

that sufficient model capacity is essential for capturing the complexity of the scheduling

problem.

We also observe that reducing network depth results in unstable training and failure

to converge, and thus such configurations are excluded from the results. These findings

suggest that, once sufficient model capacity is achieved, increasing network complexity

introduces additional optimization difficulty and training instability without bringing

meaningful performance gains. Therefore, it is preferable to adopt the simplest architec-

ture—with minimal depth and number of neurons—that satisfies the capacity require-

ments for both the policy (π) and value (V ) networks.
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4.11 Scalability

To evaluate the scalability of our approach under varying resource conditions, we

conduct experiments under both reduced (scale-down) and expanded (scale-up) cluster

configurations.

4.11.1 Scale-down setting

Compared to the default setting, the cluster contains only half of the GPUs, while

the number of jobs per episode remains unchanged, effectively doubling the system load.

The results are shown in Fig. 8. Under this high-load scenario, SARL achieves a

mean JCT of 11997 with a deadline miss rate of 50.6%, while the strong baseline EDF

obtains a higher mean JCT of 15293 with a comparable miss rate of 49.6%.

(a) Mean JCT (b) Deadline miss rate

Figure 8: Performance comparison under a small cluster configuration

These results indicate that when server resources are highly limited, meeting job

deadlines becomes inherently difficult for all methods, leading to similar deadline miss

rates. However, SARL still maintains a clear advantage in terms of mean JCT, demon-

strating its ability to better utilize limited resources even under heavy system load.

4.11.2 Scale-up Setting

We further evaluate performance under a larger cluster configuration. Compared to

the default setting, the total number of GPUs is increased by 1.5× through the addition

of a third rack, while the number of jobs per episode remains unchanged.

Additional rack configuration. The newly added rack (Rack 3) consists of four

machines with heterogeneous GPU configurations:

• Machine 9: 8 × A100 (80GB)

• Machine 10: 8 × H100 (80GB)
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Figure 9: Configuration of the additional rack (Rack 3) used in the scale-up setting.

• Machine 11: 4 × V100 (16GB)

• Machine 12: 3 × H100 (80GB)

This added rack further increases both the scale and heterogeneity of the cluster,

introducing additional resource fragmentation and more complex placement decisions.

An illustration of the added rack is shown in Figure 9.

The results are shown in Fig. 10, where Fig. 10a and Fig. 10b report the mean JCT

and deadline miss rate, respectively. Under this lower-load scenario, SARL consistently

outperforms EDF in both metrics, demonstrating improved efficiency and deadline satis-

faction when resources are more abundant. Overall, these results show that SARL gen-

eralizes well across different resource regimes. As resource availability increases, SARL

is able to fully leverage additional capacity and consistently outperform EDF. Under

resource-constrained settings, although overall performance degrades for all methods,

SARL remains competitive and continues to achieve better or comparable performance

compared to EDF, highlighting its robustness across varying system loads.
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(a) Mean JCT (b) Deadline miss rate

Figure 10: Performance comparison under a large cluster configuration

5 Conclusion

In this thesis, we present a unified framework for semantic-aware workload modeling

and reinforcement learning-based scheduling in multi-GPU clusters. We first develop a

semantic-aware deep learning workload simulator that captures both workload semantics

and system-level behaviors. Unlike traditional simulators that rely on fixed execution

time, our approach models job execution using hardware-agnostic computational work-

loads, enabling execution time to adapt to different GPU capabilities. Building upon this

simulator, we propose SARL, a reinforcement learning-based scheduler for multi-GPU

clusters. The proposed approach jointly models job selection, GPU allocation, and pre-

emption decisions, allowing the agent to capture complex interactions in heterogeneous

and dynamic environments. Through extensive experiments, we demonstrate that SARL

consistently outperforms heuristic, RL and optimization-based baselines in terms of mean

job completion time and deadline miss rate.

Insights Our study also provides several important insights beyond the design of the

scheduler itself.

First, we find that supervised pretraining is an effective way to improve training

efficiency. Rather than reducing the action space, pretraining provides a structured ini-

tialization that guides the agent toward promising regions of the policy space, thereby

reducing ineffective exploration and accelerating convergence.

Second, the Transformer-based feature extractor contributes to more stable training

dynamics. By better capturing relationships among jobs and system states, it improves

representation quality and reduces variance during training, leading to more consistent

performance.

Finally, we observe that many existing scheduling studies rely on trace-based runtime
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as a proxy for job length. While this approach simplifies modeling, it limits generaliza-

tion, particularly in heterogeneous environments where performance depends on hardware

characteristics and communication patterns. In contrast, our semantic-aware modeling

approach estimates workload based on intrinsic job attributes, enabling more flexible

adaptation across different system configurations.

We believe that this bottom-up, semantic-driven perspective can inspire future re-

search to better leverage workload characteristics when designing both simulators and

scheduling policies.

Limitations. Despite the effectiveness of the proposed approach, several limitations

remain.

First, our evaluation is conducted entirely in a simulated environment, and the pro-

posed scheduler has not yet been validated on a real-world GPU cluster. Although the

simulator is designed to capture workload semantics and system-level behaviors, discrep-

ancies between simulation and real systems may still exist.

Second, the simulator relies on approximate modeling of key system factors, such

as communication overhead and preemption cost. While these approximations improve

realism compared to trace-based approaches, they may not fully capture all aspects of

real-world system dynamics.

Finally, training the reinforcement learning model introduces additional computa-

tional overhead compared to heuristic or optimization-based methods, which may limit

its applicability in scenarios with strict deployment constraints. This overhead becomes

more pronounced when combining supervised pretraining with a Transformer-based fea-

ture extractor. In particular, the training process is dominated by environment simulation

and sequential decision making, which can be computationally intensive and CPU-bound,

leading to longer training times.

Future Work Several directions can be explored to further extend this work.

First, we assume that each GPU executes only one job at a time. A natural extension

is to support multi-tenant execution, where multiple jobs share the same GPU by utilizing

different CUDA cores or streaming multiprocessors. Such designs could further improve

GPU utilization, particularly for computational-bound workloads.

Second, our current framework assumes static resource allocation, where each job

requests a fixed number of GPUs. In practice, allowing jobs to dynamically adjust their

resource allocation based on system conditions (e.g., elastic training or adaptive scaling)

could further improve overall efficiency and system utilization.

Finally, recent advances in memory disaggregation and unified virtual memory (UVM)

provide new opportunities for improving resource utilization in GPU clusters. These

techniques enable more flexible memory sharing across devices and nodes, potentially
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alleviating memory bottlenecks in distributed training. A more detailed discussion of

these directions is provided in Appendix D.
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Appendices

A Why We Do Not Include TopDRL as a Baseline

Although the work in [26] by Hajer et al. incorporates workload complexity (e.g.,

FLOPs), it is not directly applicable as a baseline in our setting due to a fundamental

difference in problem formulation.

Specifically, their approach treats job execution time as an intrinsic property of each

job, which is provided as an input to the scheduler. In contrast, in our environment,

execution time is not a fixed attribute, but is instead determined by the scheduling

decision itself. The effective execution speed of a job depends on the allocated GPU

configuration, including the number and type of GPUs, as well as their placement within

the cluster topology.

In particular, hardware heterogeneity leads to significant variation in compute through-

put across different GPU types, while communication overhead introduces additional

performance variability depending on placement (e.g., intra-node vs. inter-node alloca-

tion). As a result, the same job may exhibit substantially different execution times under

different allocation strategies.

Therefore, execution time in our setting is an outcome of the scheduling policy rather

than a predefined input. This violates a key assumption of [26], making it difficult to

reproduce their method faithfully without fundamentally altering its underlying model.

Consequently, we do not include it as a baseline.
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B Why We Do Not Include Meta-Heuristic Baselines

Meta-heuristic algorithms, such as Genetic Algorithms (GA) [82] and Simulated

Annealing (SA) [83], are widely used for solving combinatorial optimization problems.

However, we do not include them as baselines in our evaluation for several reasons.

First, meta-heuristic methods incur significantly higher computational complexity

compared to both optimization-based and learning-based approaches. In GPU schedul-

ing, each candidate solution corresponds to a complete assignment of jobs to resources,

and evaluating its quality requires estimating system performance under that allocation.

While FFT evaluates a limited number of candidate assignments in a single pass per

scheduling round, meta-heuristic methods require iterative search over a population of

candidate solutions. This results in a computational cost on the order of O(I · P · eval),
where I is the number of iterations and P is the population size. In practice, this leads

to orders of magnitude more candidate evaluations than FFT, making meta-heuristic

methods significantly more expensive in our setting.

Second, meta-heuristic methods are inherently round-based and must be re-executed

whenever the system state changes. In dynamic scheduling scenarios with continuous

job arrivals and evolving resource availability, this implies that the optimization process

must be repeatedly invoked. Running such iterative algorithms at fine-grained time

scales is computationally prohibitive, while applying them at coarse scheduling intervals

introduces the same responsiveness limitations as FFT, but with substantially higher

overhead.

Third, unlike FFT, which deterministically evaluates and selects from candidate as-

signments in a single pass, meta-heuristic methods rely on stochastic search and repeat-

edly evaluate similar candidate solutions across iterations. This redundant exploration

further increases computational overhead without guaranteeing improved solution quality

under strict time constraints.

In addition, evaluating the quality of each candidate assignment requires simulating

its impact on the current system state. In practice, this involves maintaining an iso-

lated copy of the cluster state (e.g., via deep copy or equivalent mechanisms) to avoid

interfering with the actual execution state. Each candidate must be evaluated on such

an independent state representation, which introduces additional memory overhead and

computational cost.

As the cluster size and workload scale increase, the system state becomes more

complex, and the cost of maintaining and evaluating multiple such state instances grows

accordingly. This further limits the scalability of meta-heuristic methods, making them

difficult to generalize to large-scale heterogeneous GPU clusters.

Finally, prior studies have shown that while meta-heuristic methods such as GA/SA

may achieve slightly better performance than simple greedy heuristics in heterogeneous
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cluster environments, they require minutes of computation time per run [84]. This fun-

damentally limits their applicability in online scheduling settings.

In practice, such high computational cost forces meta-heuristic methods to operate in

a round-based manner with relatively coarse scheduling intervals. However, as discussed

earlier, the length of the scheduling round has a significant impact on key performance

metrics such as JCT and deadline miss rate.

Moreover, due to the dynamic nature of GPU clusters, the system state may change

substantially during the optimization process (e.g., job completions or new arrivals). As

a result, the scheduling decisions derived from an outdated system state can become

suboptimal by the time they are applied.

For these reasons, meta-heuristic approaches are not well suited for online GPU

scheduling scenarios, and are therefore not included as baselines in our evaluation.
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C Extended Workload Configuration Including Llama 2

Although Llama 2 [85, 86] is a widely used large language model in recent years, we

do not include it in the main synthetic dataset presented in the thesis.

The primary reason is to ensure consistency in workload profiling and job length esti-

mation. In our framework, workload characterization relies on profiling-based estimation,

which requires access to open-source models and feasible execution on a reference GPU.

In the main experiments, representative NLP workloads such as GPT-2 are calibrated

using NeuSight [22]. However, this tool does not support Llama 2.

Moreover, for large-scale models such as Llama 2, accurate memory profiling becomes

impractical under our setup. Our reference GPU has limited memory capacity (40GB),

which is insufficient to run Llama 2 under realistic configurations for offline measurement.

As a result, only artificially reduced settings (e.g., very small batch size or sequence

length) would be feasible, which are not representative of real-world deployments.

In addition, training or serving Llama 2 at scale typically requires model parallelism

to distribute model parameters across multiple GPUs. In this work, we focus on a data-

parallel training paradigm, under which all workloads are assumed to follow a consistent

execution model. In contrast, model-parallel approaches introduce fundamentally differ-

ent execution patterns and communication structures, which fall outside the scope of our

current modeling framework.

Including Llama 2 under these constraints would therefore introduce inconsistencies

in workload calibration and compromise the validity of performance comparisons. To

maintain methodological consistency, we exclude Llama 2 from the primary experimental

setting.

Nevertheless, given its practical importance, we include Llama 2 in this appendix as

an extended workload configuration. For Llama 2 jobs, we estimate the computational

cost using the same method described in Section 3.4.1. Specifically, the job length is

approximated by

FLOPs ≈ 6MD,

where M denotes the number of model parameters and D denotes the number of

processed tokens. The memory estimation for Llama 2 is also performed consistently

with the methodology described in Section 3.4.1, with extrapolation based on available

profiling data.

Following the same methodology described in the main text, we obtain the results

shown in Table 7.

We observe that all three metrics, namely mean JCT, maximum waiting time, and

deadline miss rate, increase under the extended workload setting that includes Llama 2.

This is likely because Llama 2 is substantially larger than GPT-2. In our setting, the
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Table 6: Extended configuration of representative training workloads in the synthetic
dataset, including Llama 2.

Job Type Model Dataset Dataset Size Batch Size Epochs Sequence Length / Input Length GPUs

Image Classification ResNet18 [68] ImageNet [12] ≤ 11,060,223 32–512 1–20 N/A 1–4

Image Classification Inception [69] ImageNet [12] ≤ 11,060,223 32–512 1–20 N/A 1–5

Image Classification VGG16 [70] ImageNet [12] ≤ 11,060,223 32–512 1–20 N/A 4–6

Natural Language Processing GPT-2 [71] IMDB50K [72] ≤ 50,000 2–128 1–20 64–128 tokens 6–8

Natural Language Processing Llama 2 [86] IMDB50K [72] ≤ 50,000 16–64 1–20 64 tokens 6–8

Automatic Speech Recognition DeepSpeech-2 [79] LibriSpeech [74] ≤ 104,014 8–128 5–20 10–20 s (audio) 3–4

Metric Heuristic Models RL Opt. Ours

SJF FIFO Backfill Tiresias EDF DL2 FFT SARL

Mean JCT
(TU)

8635.3 8816.3 8902.2 9173.5 8525.9 11061.5 10033.1 7241.7

Max Wait
(TU)

5246.8 4289.8 3843.6 4469.6 8042.6 5107.8 16480.3 4083.9

Miss Rate
(%)

48.4 40.0 36.6 34.5 31.4 58.0 56.0 25.2

Table 7: Comparison of different scheduling methods under the normal preemption cost
setting. Results are averaged over 10 test seeds. Bold indicates the best result, and
underline indicates the second best. Lower values indicate better performance for all

metrics.

Llama 2 model has 7B parameters, whereas GPT-2 has approximately 1.5B parameters,

resulting in longer estimated job lengths and higher resource demands. Consequently,

the inclusion of Llama 2 makes the overall scheduling problem more challenging, leading

to higher JCT, waiting time, and miss rate across methods. However, the overall trend

remains consistent with that reported in the main methodology chapter, and SARL still

achieves the best overall performance among the compared schedulers.

85



D Memory Disaggregation and UVM as Future Directions

While this thesis focuses on scheduling policies under conventional GPU memory

constraints, recent advances in memory disaggregation and unified memory mechanisms

suggest promising directions for future research. In particular, techniques such as remote

memory access and Unified Virtual Memory (UVM) introduce new opportunities for

alleviating memory bottlenecks in multi-GPU systems.

Existing studies have demonstrated the potential of memory sharing in CPU-centric

environments. For instance, FaMAS [87] enforces partial local memory usage and offloads

excess demand to a remote memory pool, effectively increasing system concurrency and

reducing job completion time. These results indicate that memory disaggregation can

fundamentally reshape resource constraints in distributed systems.

However, extending such mechanisms to GPU environments remains challenging.

Deep learning workloads exhibit significantly higher memory bandwidth requirements

compared to CPU workloads, making traditional remote memory access (e.g., RDMA)

less effective due to its limited bandwidth and high latency. As a result, large-scale GPU

memory disaggregation is still an open problem.

An alternative approach is to leverage hardware-supported mechanisms such as Uni-

fied Virtual Memory (UVM), GPUVM, and GPU Direct Storage. These techniques

enable GPUs to access memory beyond their local capacity, either from peer GPUs or

host memory, without explicit data movement management. This abstraction introduces

a new form of memory elasticity, which could potentially be exploited by scheduling

algorithms.

Despite these advantages, UVM-based memory sharing introduces several non-trivial

trade-offs. Memory accesses to remote locations incur additional latency and may suffer

from NUMA effects. Furthermore, the performance of UVM depends heavily on hardware

topology (e.g., NVLink vs. PCIe) and access patterns, making it difficult to model

accurately in scheduling decisions.

Recent work such as HUVM [88] demonstrates that carefully designed memory man-

agers can improve utilization by coordinating data placement across GPUs and host

memory. However, these systems typically operate at the memory management layer and

remain largely decoupled from scheduling policies.

Implications for Scheduling. These observations suggest that future schedulers should

not treat memory as a static per-GPU constraint, but rather as a dynamic and shareable

resource. In particular, integrating memory-aware mechanisms into scheduling decisions

introduces several research opportunities:

• Memory-aware job placement: Scheduling decisions could consider not only

GPU availability but also the global memory state, enabling jobs to utilize remote
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or shared memory when necessary.

• Joint scheduling and memory management: Instead of treating memory man-

agement and scheduling as separate layers, a unified framework could jointly op-

timize both aspects, potentially improving overall system efficiency. Recent work

such as FaMAS [87] has already demonstrated the effectiveness of decoupling mem-

ory from compute resources in CPU environments by introducing a disaggregated

memory pool. Although such designs have not yet been widely adopted in GPU sys-

tems, they highlight a promising direction for extending memory-sharing paradigms

to GPU clusters.

• Topology-aware scheduling: Given the heterogeneous bandwidth and latency

across NVLink, PCIe, and RDMA, schedulers could incorporate communication

cost models when allocating GPUs and memory resources.

• Learning-based policies: The complex trade-offs introduced by memory sharing

(e.g., latency vs. capacity) make this problem well-suited for reinforcement learn-

ing approaches, such as extending SARL to incorporate memory-related state and

actions.

Connection to This Work. When large-scale GPU memory sharing or borrowing

becomes practically feasible, scheduling policies should evolve accordingly. In such en-

vironments, memory can no longer be treated as a strictly local per-GPU constraint.

Instead, schedulers may need to account for shared or remotely accessible memory re-

sources when making placement and preemption decisions. This shift would introduce a

new scheduling dimension, where the trade-off between memory capacity, communication

overhead, and execution efficiency must be jointly considered.

Overall, incorporating memory disaggregation into scheduling remains an open and

promising research direction. We leave the integration of memory-sharing upon UVM

mechanisms as future work.

D.1 UVM

Traditional GPU programming treats CPU and GPU memory as separate physical

spaces, which requires explicit memory allocation and data movement. As a result,

applications are typically constrained by the local physical memory of each GPU, and

out-of-memory failures may occur when the working set exceeds device capacity.

To alleviate this limitation, modern GPU vendors have introduced Unified Virtual

Memory (UVM), which provides a unified address space across CPUs and GPUs. Under

UVM, data can be migrated transparently between local GPU memory, host memory,

87



and, in some systems, peer GPUs. This reduces programming complexity and enables a

degree of memory elasticity for memory-intensive workloads.

However, UVM does not eliminate the cost of remote memory access. Its effectiveness

still depends on hardware support, device compatibility, and interconnect performance.

Accessing remote memory may incur substantial latency and bandwidth penalties, espe-

cially when host memory is involved.

Despite these limitations, UVM is highly relevant to scheduling research. It suggests

that GPU memory need not always be modeled as a strictly local constraint. Instead,

future schedulers may need to jointly consider computation, communication, and remotely

accessible memory resources.

A representative example is HUVM, proposed by Choi et al.[88], which improves

memory utilization in NVLink-connected multi-GPU servers by borrowing underutilized

memory from neighboring GPUs. Their results show that limited remote GPU memory

can still provide meaningful performance gains for memory-intensive workloads. Never-

theless, such mechanisms operate mainly at the memory-management layer and remain

largely invisible to existing schedulers.

This observation motivates an important future direction for our work. While node-

local memory sharing may improve utilization within a machine, a cluster-level scheduler

must still decide where jobs should be placed and how communication overhead should

be controlled. Integrating UVM-aware memory sharing into semantic-aware scheduling

therefore remains a promising topic for future research.
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