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Abstract: The proliferation of heterogeneous Graphics Processing Unit (GPU) 

clusters has introduced unprecedented computational capabilities for workflow 

execution across diverse scientific and industrial domains. However, the 

inherent heterogeneity of GPU resources, coupled with dynamic workload 

characteristics and complex workflow dependencies, presents substantial 

challenges for efficient scheduling. Traditional heuristic-based scheduling 

algorithms such as Heterogeneous Earliest Finish Time (HEFT) and First-In-

First-Out with Duplication and Earliest Finish Time (FIFO-DEFT) often fail to 

adapt to rapidly changing cluster states and evolving workload patterns. This 

paper proposes an adaptive workflow scheduling framework leveraging Deep 

Reinforcement Learning (DRL) to intelligently allocate workflow tasks to 

heterogeneous GPU resources. The proposed approach employs a Deep Q-

Network (DQN) architecture integrated with prioritized experience replay to 

learn optimal scheduling policies through continuous interaction with the cluster 

environment. The framework models workflow scheduling as a Markov Decision 

Process (MDP) where the agent learns to minimize makespan, maximize 

resource utilization, and maintain quality-of-service guarantees. Extensive 

experimental evaluations demonstrate that the DRL-based scheduler achieves 

significant performance improvements compared to baseline algorithms 

including HEFT, FIFO-DEFT, and other state-of-the-art schedulers. The 

proposed method exhibits superior adaptability to varying cluster configurations 

and workflow characteristics, maintaining robust performance across diverse 

execution scenarios while reducing average makespan and improving scheduling 

length ratio metrics. 

Keywords: Workflow Scheduling; Deep Reinforcement Learning; Heterogeneous 

GPU Clusters; Deep Q-Network; Resource Management; Task Allocation; 

Markov Decision Process; Directed Acyclic Graph 

INTRODUCTION 

Contemporary scientific computing and data-intensive applications increasingly rely 

on heterogeneous GPU clusters to satisfy their growing computational demands. The 

emergence of heterogeneous computing architectures, integrating multiple GPU types 

with varying computational capabilities, memory capacities, and interconnection 

topologies, has fundamentally transformed the landscape of high-performance 

computing [1]. Workflow applications in domains such as bioinformatics, climate 
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modeling, image processing, and machine learning training exhibit complex 

dependencies represented as Directed Acyclic Graphs (DAGs), where nodes denote 

computational tasks and edges represent data dependencies between tasks [2]. 

Efficiently scheduling these workflow tasks across heterogeneous GPU resources 

constitutes a critical challenge that directly impacts application performance, resource 

utilization efficiency, and operational costs. 

The complexity of workflow scheduling in heterogeneous GPU clusters stems from 

multiple interrelated factors. GPU resources within a cluster frequently exhibit 

substantial performance heterogeneity due to architectural differences across GPU 

generations, varied memory bandwidth characteristics, and divergent parallel 

processing capabilities [3]. Furthermore, workflow applications demonstrate diverse 

computational characteristics, with individual tasks exhibiting varying degrees of GPU 

utilization, memory intensity, and communication requirements [4]. The interaction 

between heterogeneous resources and heterogeneous workloads creates a complex 

optimization space where traditional scheduling approaches struggle to achieve 

optimal performance. 

Traditional workflow scheduling methodologies predominantly rely on heuristic 

algorithms that make greedy decisions based on predefined priority rules. The HEFT 

algorithm, one of the most widely adopted heuristics, prioritizes tasks based on upward 

rank values and assigns them to resources that minimize estimated completion times 

[5]. Alternative approaches such as FIFO-DEFT combine simple first-in-first-out 

queuing with task duplication strategies to reduce communication overhead [6]. While 

these approaches offer computational efficiency and provide reasonable performance 

for static scenarios, they fundamentally lack the adaptability required to handle 

dynamic cluster conditions and evolving workload characteristics. The static nature of 

heuristic-based schedulers prevents them from learning from past scheduling decisions 

or adapting their strategies based on observed system behavior. 

Machine learning approaches, particularly DRL techniques, have emerged as 

promising alternatives for addressing the limitations of traditional scheduling 

methodologies. DRL enables schedulers to learn optimal policies through trial-and-

error interactions with the environment, continuously refining their decision-making 

processes based on accumulated experience [7]. Unlike static heuristics that rely on 

predetermined rules, DRL-based schedulers can discover complex patterns in system 

behavior and adapt their strategies accordingly [8]. The ability of deep neural networks 

to approximate high-dimensional value functions makes DRL particularly suitable for 

workflow scheduling problems, where the state space encompasses numerous variables 

including task characteristics, resource availability, dependency structures, and 

historical performance metrics. 

The application of reinforcement learning to workflow scheduling addresses several 

fundamental limitations of conventional approaches. First, DRL schedulers can 

naturally handle the sequential decision-making nature of workflow scheduling, where 

each scheduling decision influences future opportunities and constraints [9]. Second, 

the model-free characteristics of DRL eliminate the need for explicit system models or 

accurate performance predictions, which are often difficult to obtain for heterogeneous 

GPU clusters [10]. Third, DRL frameworks can incorporate multiple conflicting 
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objectives through carefully designed reward functions, enabling schedulers to balance 

competing goals such as makespan minimization, resource utilization maximization, 

and fairness maintenance. 

This paper presents a comprehensive framework for adaptive workflow scheduling in 

heterogeneous GPU clusters using DRL. The proposed approach models the 

scheduling problem as an MDP where states capture comprehensive information about 

cluster configuration, task characteristics, and workflow dependencies [11]. The 

remainder of this paper is organized as follows. Section 2 surveys existing literature on 

workflow scheduling methodologies and reinforcement learning applications in 

resource management. Section 3 describes the system model, problem formulation, 

and the proposed DRL framework. Section 4 presents the experimental methodology 

and discusses performance evaluation results comparing our approach against HEFT, 

FIFO-DEFT, and other baseline schedulers. Section 5 concludes the paper and 

identifies promising directions for future research. 

2. Literature Review 

Workflow scheduling in heterogeneous computing environments has attracted 

substantial research attention over the past two decades. Early work in this domain 

focused on developing list-based heuristic algorithms that extend classical scheduling 

techniques to handle resource heterogeneity and task dependencies [12]. The HEFT 

algorithm emerged as a seminal contribution, employing upward rank values to 

prioritize tasks and selecting resources that minimize estimated finish times. 

Subsequent research proposed numerous variants including lookahead HEFT, which 

considers multiple future scheduling decisions to improve solution quality [13]. While 

these heuristic approaches demonstrate computational efficiency and provide 

acceptable performance for many scenarios, their reliance on simplifying assumptions 

limits their applicability to complex real-world environments characterized by 

dynamic conditions and uncertain execution times. 

Task duplication strategies have been explored as mechanisms to reduce 

communication overhead in distributed workflow execution. The FIFO-DEFT 

algorithm combines simple first-in-first-out queuing with selective task duplication, 

replicating predecessor tasks on multiple resources to eliminate data transfer delays 

[14]. The Decima-DEFT variant extends this approach by incorporating learned task 

prioritization policies derived from neural network models. While duplication can 

effectively reduce makespan for communication-intensive workflows, it introduces 

additional resource consumption that may degrade performance when cluster 

utilization is high [15]. Balancing the benefits of reduced communication against the 

costs of increased resource usage remains a challenging optimization problem. 

Mathematical optimization approaches have been extensively investigated as 

alternatives to heuristic scheduling methods. Integer Linear Programming (ILP) 

formulations model workflow scheduling as constrained optimization problems where 

binary decision variables indicate task-to-resource assignments [16]. Although ILP-

based methods can guarantee optimal solutions for small problem instances, they 

suffer from exponential computational complexity that renders them impractical for 

realistic workflow sizes and cluster scales. Meta-heuristic algorithms including 

Genetic Algorithms, Particle Swarm Optimization, and Simulated Annealing attempt 
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to balance solution quality with computational tractability [17]. However, their 

iterative nature introduces significant computational overhead that limits their 

applicability to online scheduling scenarios requiring real-time decision-making. 

The integration of machine learning techniques with workflow scheduling has gained 

momentum in recent years as researchers seek to develop adaptive scheduling 

frameworks capable of learning from historical execution data [18]. Supervised 

learning approaches train predictive models to estimate task execution times, data 

transfer latencies, and resource availability patterns based on historical observations. 

However, supervised learning methods require extensive labeled training data and 

struggle to generalize to novel scenarios that deviate significantly from their training 

distributions [19]. Furthermore, they treat scheduling as a prediction problem rather 

than a sequential decision-making process, failing to capture the cumulative impact of 

scheduling decisions on overall workflow performance. 

Reinforcement Learning represents a paradigm shift in workflow scheduling by 

framing the problem as a sequential decision-making process where an agent learns 

optimal scheduling policies through interaction with the environment [20]. Q-learning, 

a fundamental reinforcement learning algorithm, has been applied to various 

scheduling problems including job-shop scheduling and task allocation in cloud 

environments. The Lachesis scheduler employs deep reinforcement learning to 

optimize DAG scheduling in heterogeneous environments, demonstrating superior 

performance compared to traditional heuristics on large-scale workflow instances [21]. 

These early applications demonstrated the potential of RL to discover effective 

scheduling strategies without explicit programming of decision rules. 

The advent of DRL, combining deep neural networks with reinforcement learning 

principles, has enabled the application of RL techniques to complex problems with 

high-dimensional state and action spaces [22]. DQN demonstrated that convolutional 

neural networks could learn effective control policies directly from raw sensory inputs. 

The Task Dependency-aware Clustering Algorithm (TDCA) represents an alternative 

approach that clusters dependent tasks to optimize makespan while considering 

workflow structure constraints [23]. Policy gradient methods such as Proximal Policy 

Optimization and Actor-Critic architectures have been successfully applied to 

continuous control problems including dynamic resource allocation and adaptive task 

scheduling. 

Several recent studies have explored the application of DRL to workflow and task 

scheduling problems. Research in job-shop scheduling has demonstrated that DRL 

agents can learn to outperform traditional dispatching rules by capturing complex 

patterns in task arrival times, processing requirements, and machine availability [24]. 

Some researchers have investigated DRL-based schedulers for scientific workflows in 

cloud environments, formulating the problem as an MDP and employing Actor-Critic 

algorithms to learn scheduling policies. However, these studies have primarily focused 

on homogeneous cloud resources or limited heterogeneity scenarios [25]. 

GPU scheduling presents unique challenges distinct from general-purpose CPU 

scheduling due to the massive parallelism, specialized memory hierarchies, and 

stringent data transfer requirements of GPU workloads [26]. Research on GPU 

resource management has examined various aspects including GPU sharing 
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mechanisms, memory management strategies, and interference mitigation techniques. 

Recent work has explored reinforcement learning approaches for GPU job scheduling 

in data centers, demonstrating improvements in resource utilization and job completion 

times compared to static scheduling policies. The integration of DRL with workflow 

scheduling specifically targeting heterogeneous GPU clusters remains an 

underexplored research direction with significant potential for advancing the state-of-

the-art [27]. 

The application of DRL to heterogeneous systems requires careful consideration of 

state representation, action space design, and reward engineering. State representations 

must capture relevant information about system configuration, resource availability, 

task characteristics, and workflow structure while maintaining computational 

tractability. Recent research has explored various neural network architectures for 

DRL-based scheduling, including attention mechanisms for capturing task 

dependencies and graph neural networks for exploiting workflow structure. Current 

research gaps in DRL-based workflow scheduling for heterogeneous GPU clusters 

motivate the work presented in this paper, which addresses challenges of extreme 

resource heterogeneity, dynamic cluster conditions, and real-time scheduling 

requirements characteristic of production GPU clusters. 

3. Methodology 

3.1 System Model and Problem Formulation 

The heterogeneous GPU cluster architecture follows a multi-layered design that 

facilitates efficient communication between high-level workflow applications and low-

level GPU hardware. At the application layer, GPU applications interact with the 

system through library and runtime interfaces including OpenGL, OpenCL, CUDA, 

and HMPP, which provide standardized programming models for GPU computation. 

These high-level interfaces translate application-level commands into GPU command 

groups that are submitted to the scheduling infrastructure. The user-space driver 

receives these command groups and communicates with the device driver layer, which 

directly manages the physical GPU hardware through specialized interfaces including 

the PushBuf Interface for command submission and the IRQ Handler for interrupt 

processing. 
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Figure 1: illustration of the GPU scheduling system architecture 

Figure 1 illustrates the comprehensive GPU scheduling system architecture 

incorporating critical components for adaptive workflow management. The 

architecture includes a Wait Queue that buffers incoming GPU command groups from 

multiple concurrent workflow applications, providing temporary storage for 

commands awaiting execution. The GPU Command Scheduler serves as the central 

decision-making component, implementing scheduling policies that determine the 

order and assignment of commands to available GPU resources based on priority, 

resource requirements, and workflow dependencies. The GPU Reserve Manager 

handles resource allocation and isolation management, ensuring that allocated GPU 

resources are properly reserved and protected from interference by other workflows. 

The GPU Command Profiler performs execution cost prediction through online 

monitoring and historical analysis, providing essential information for informed 

scheduling decisions. The device driver implements a Ring Buffer mechanism that 

efficiently transfers commands from the driver to the physical GPU hardware. This 

multi-layered architecture enables the implementation of sophisticated scheduling 

policies while maintaining low-latency communication paths between workflow 

applications and GPU resources, making it particularly suitable for deploying DRL-

based scheduling algorithms that require rapid policy evaluation and action execution. 

Workflow applications are modeled as DAGs denoted as W = (T, E) where T = {t₀, t₁, 

..., tn} represents the set of tasks and E ⊆ T × T represents the dependency 

relationships between tasks. Each task tᵢ is characterized by properties including 

estimated computational workload, input data size, output data size, and memory 

requirements. An edge (tᵢ, tⱼ) ∈ E with weight wᵢⱼ indicates that task tⱼ depends on the 

output of task tᵢ, where the weight represents either the volume of data to be transferred 
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or the communication cost between the tasks. The workflow exhibits a precedence 

constraint structure that must be respected by any valid scheduling solution to ensure 

correctness of the application execution. 

 

Figure 2: illustration of a representative workflow DAG 

Figure 2 presents a representative workflow DAG consisting of 10 tasks labeled from 

node 0 (entry task) to node 9 (exit task). The entry task t₀ has no predecessors and 

represents the initial data preparation or input acquisition phase of the workflow. Task 

t₀ fans out to five immediate successor tasks t₁, t₂, t₃, t₄, and t₅, with edge weights of 18, 

12, 19, 11, and 14 respectively, indicating the communication costs or data transfer 

volumes between the entry task and its successors. These weights reflect the 

heterogeneous nature of inter-task data dependencies, where different task pairs 

exchange varying amounts of data. The middle layer tasks t₁ through t₅ demonstrate 

complex dependency patterns with multiple successors. For instance, task t₁ connects 

to task t₆ with weight 19, task t₂ connects to both t₆ (weight 16) and t₇ (weight 23), task 

t₃ has edges to t₇ (weight 27) and t₈ (weight 23), task t₄ connects to both t₇ (weight 13) 

and t₈ (weight 15), and task t₅ connects solely to t₈ with weight 15. The convergence 

layer comprises tasks t₆, t₇, and t₈, which aggregate results from multiple predecessors 

before forwarding them to the exit task t₉. Task t₆ connects to t₉ with weight 17, task t₇ 

with weight 11, and task t₈ with weight 13. This DAG structure exemplifies common 

workflow patterns including fork-join parallelism, pipeline processing, and result 

aggregation, making it suitable for evaluating scheduling algorithms under realistic 
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workflow characteristics with varying degrees of parallelism and communication 

complexity. 

3.2 Markov Decision Process Formulation 

The workflow scheduling problem is reformulated as an MDP to enable the application 

of DRL techniques. The MDP framework models the scheduling process as a 

sequential decision-making problem where an agent makes scheduling decisions at 

discrete time steps and receives feedback through reward signals quantifying the 

quality of its decisions. The MDP is formally defined by the tuple (S, A, P, R, γ) where 

S represents the state space, A denotes the action space, P specifies the state transition 

probability function, R defines the reward function, and γ represents the discount 

factor governing the agent's time preference. 

The state space encompasses comprehensive information about the current cluster 

configuration, workflow execution status, and historical performance metrics. Each 

state s ∈ S is represented as a multi-dimensional feature vector capturing relevant 

aspects of the scheduling environment. State features include resource utilization 

metrics for each GPU device indicating current load and availability, queue lengths of 

pending tasks waiting in the Wait Queue component, characteristics of tasks currently 

eligible for scheduling including their computational requirements and memory 

demands, estimated remaining execution time for active tasks based on profiling 

information from the GPU Command Profiler, workflow structure information 

including critical path statistics and dependency chain lengths, and historical 

performance observations such as recent average task execution times and resource 

allocation patterns. The high-dimensional nature of the state representation necessitates 

the use of deep neural networks for function approximation. 

The action space defines the set of possible scheduling decisions available to the agent 

at each decision point. An action a ∈ A specifies the assignment of a ready task from 

the Wait Queue to an available GPU resource. To manage the complexity of the action 

space, actions are structured hierarchically with a two-stage decision process. The first 

stage selects which ready task to schedule next from the set of eligible tasks whose 

dependencies have been satisfied. The second stage determines which GPU resource 

should execute the selected task based on resource characteristics and current 

utilization. This hierarchical action representation reduces the combinatorial 

complexity compared to flat action spaces while enabling the agent to learn 

sophisticated task prioritization and resource selection policies. 

The reward function quantifies the quality of scheduling decisions and provides the 

learning signal that guides the agent toward optimal policies. The reward at each time 

step is formulated as a weighted combination of multiple components addressing 

different performance metrics. The primary reward component penalizes workflow 

makespan by providing negative rewards proportional to the elapsed time since 

workflow initiation, incentivizing the agent to complete workflows as quickly as 

possible. Additional reward components encourage high resource utilization by 

providing positive rewards when GPU devices are actively executing tasks rather than 

remaining idle, promote fairness by penalizing excessive load imbalance across 

resources, and discourage scheduling decisions that create bottlenecks or violate 
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quality-of-service requirements. The relative importance of these components is 

controlled through weight parameters that can be tuned to prioritize specific objectives 

based on system requirements and operator preferences. 

3.3 Deep Reinforcement Learning Framework 

The proposed DRL framework employs a DQN architecture to learn the optimal 

scheduling policy for heterogeneous GPU clusters. DQN approximates the action-

value function Q(s, a) which estimates the expected cumulative reward obtained by 

taking action a in state s and following the optimal policy thereafter. The neural 

network architecture comprises multiple fully connected layers with rectified linear 

unit activation functions, processing the high-dimensional state representation 

including Wait Queue status, GPU Command Profiler predictions, and GPU Reserve 

Manager allocation information to produce Q-value estimates for each possible action. 

The network parameters are denoted by θ and are optimized through gradient descent 

to minimize the temporal difference error between predicted Q-values and target Q-

values derived from observed state transitions. 

The DQN training procedure utilizes experience replay to break correlations between 

consecutive training samples and improve data efficiency. During interaction with the 

cluster environment, the agent stores observed transitions (s, a, r, s') in a replay buffer 

where s represents the current state including cluster configuration and workflow 

status, a denotes the selected scheduling action, r indicates the received reward based 

on makespan and utilization metrics, and s' represents the subsequent state after task 

execution and resource state updates. Training proceeds by sampling random mini-

batches of transitions from the replay buffer and performing gradient descent steps to 

update the network parameters. This approach decorrelates the training data and 

enables more stable learning compared to online learning from sequential 

observations. 

Prioritized experience replay extends the basic replay mechanism by sampling 

transitions with probabilities proportional to their temporal difference errors, focusing 

learning on experiences where the agent's predictions exhibit the largest discrepancies 

from observed outcomes. This modification accelerates learning by concentrating 

computational effort on the most informative transitions while still maintaining some 

uniform sampling to prevent overfitting to high-error experiences. The priority of each 

transition is computed based on the magnitude of its TD-error plus a small constant to 

ensure non-zero sampling probability for all experiences. The target network 

mechanism addresses instability issues arising from the fact that the Q-value targets 

used in the loss function depend on the same network parameters being optimized. By 

maintaining a separate target network with parameters that are periodically 

synchronized with the main network parameters, the learning procedure uses more 

stable target values that change slowly over time. 

4. Results and Discussion 

4.1 Experimental Setup and Performance Evaluation 

The experimental evaluation employs synthetic workflow benchmarks generated using 

standard DAG models to assess the performance of the proposed DRL scheduler. 

Synthetic workflows follow structures similar to the example shown in Figure 2, with 



Adaptive Workflow Scheduling in Heterogeneous GPU 
  

898 | P a g e  
 

varying numbers of tasks ranging from 20 to 150 jobs. The random DAG generator 

produces workflows with configurable parallelism levels, dependency densities, and 

heterogeneous task execution time distributions. Task computational requirements are 

sampled from log-normal distributions to reflect the highly variable nature of real-

world workflow task execution times. The heterogeneous GPU cluster simulation 

incorporates resource characteristics representative of real datacenter deployments, 

with multiple GPU types exhibiting different computational throughputs, memory 

capacities, and interconnection bandwidths. 

 

Figure 3: comparative evaluation of workflow scheduling methods 

Baseline scheduling algorithms evaluated in this study include HEFT representing the 

state-of-the-art list-based heuristic approach, FIFO-DEFT combining first-in-first-out 

queuing with task duplication strategies, Decima-DEFT employing neural network-

based task prioritization with duplication, Lachesis utilizing deep reinforcement 

learning for DAG optimization, and TDCA implementing task dependency-aware 

clustering. These baselines provide comprehensive coverage of traditional heuristic 

approaches, learning-augmented methods, and alternative reinforcement learning 

techniques. Performance metrics evaluated include average makespan measuring the 

elapsed time from first task start to last task completion, average speedup computed as 

the ratio of sequential execution time to parallel execution time under the scheduling 

algorithm, and average Scheduling Length Ratio (SLR) defined as the ratio of the 

achieved makespan to the theoretical lower bound based on the critical path length. 

Figure 3(a) presents the average makespan comparison across all evaluated scheduling 

algorithms as the number of jobs increases from 0 to 150. The results demonstrate that 

the proposed DRL-based scheduler (represented by the learning-based curve pattern) 

achieves consistently lower makespan values compared to all baseline algorithms 

throughout the entire job range. HEFT maintains relatively stable performance with 

makespan values ranging from approximately 0.5 to 0.7 time units, demonstrating the 

reliability of traditional heuristic approaches for moderate workloads. However, FIFO-

DEFT exhibits significantly higher makespan values, increasing from approximately 

0.5 at low job counts to over 3.5 time units at 150 jobs, indicating poor scalability of 

simple queuing-based approaches. The learning-based methods including Lachesis and 

the proposed DRL scheduler maintain superior performance, with makespan values 

remaining below 0.5 time units even for large job counts, representing approximately 

30-40% reduction compared to HEFT and over 85% improvement compared to FIFO-

DEFT at high workload levels. 
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Figure 3(b) illustrates the average speedup achieved by each scheduling algorithm 

relative to sequential execution. The proposed DRL scheduler and Lachesis 

demonstrate exceptional speedup characteristics, with values increasing from 

approximately 7x at low job counts to nearly 25x speedup at 150 jobs. This superlinear 

speedup growth indicates that the learning-based schedulers effectively exploit 

increasing parallelism opportunities as workflow size grows. HEFT achieves moderate 

speedup ranging from 5x to 16x across the job range, while Decima-DEFT shows 

similar patterns with slightly higher values reaching 18x at maximum workload. In 

contrast, FIFO-DEFT exhibits poor speedup characteristics with values remaining 

below 3x throughout the evaluation range, confirming its inability to effectively utilize 

parallel resources. The TDCA algorithm maintains steady speedup around 15x across 

all job counts, demonstrating consistent but non-adaptive performance characteristics. 

Figure 3(c) displays the average SLR metric, which quantifies scheduling quality by 

comparing achieved makespan to the theoretical optimum based on critical path 

analysis. Lower SLR values indicate scheduling solutions closer to optimal 

performance. The proposed DRL scheduler maintains SLR values between 1.0 and 2.0 

across the entire job range, with values clustering around 1.5 for most workload sizes. 

This indicates that the DRL agent learns to produce schedules that are within 50% of 

the theoretical optimum on average. HEFT, Lachesis, Decima-DEFT, and TDCA all 

achieve similar SLR performance with values ranging from 1.0 to 2.0, demonstrating 

that these algorithms maintain reasonable scheduling quality relative to lower bounds. 

However, FIFO-DEFT shows dramatically worse SLR characteristics, with values 

increasing from approximately 4.0 at low job counts to over 16.0 at 150 jobs. This 

indicates that FIFO-DEFT produces schedules that are 4-16 times longer than 

theoretical optimums, highlighting the critical importance of intelligent task 

prioritization and resource selection in workflow scheduling. 

4.2 Performance Analysis and Discussion 

The experimental results demonstrate that the proposed DRL scheduler consistently 

outperforms all baseline algorithms across diverse workflow characteristics and cluster 

configurations. The superior performance of learning-based approaches including the 

proposed DRL scheduler and Lachesis can be attributed to their ability to adaptively 

learn task prioritization strategies that account for complex interactions between 

workflow structure, resource heterogeneity, and dynamic cluster conditions. Unlike 

HEFT which relies on static upward rank calculations, the DRL agent learns to 

recognize patterns in workflow execution that lead to improved makespan through 

accumulated experience across thousands of training episodes. 

The poor performance of FIFO-DEFT, particularly evident in makespan and SLR 

metrics at high job counts, illustrates the limitations of simple queuing-based 

approaches that ignore workflow dependencies and resource characteristics. While task 

duplication can reduce communication overhead in specific scenarios, the FIFO 

ordering fails to prioritize critical path tasks, resulting in unnecessary delays that 

cascade through the workflow. The increasing performance gap between FIFO-DEFT 

and other algorithms as job count grows demonstrates that naive scheduling strategies 

become increasingly suboptimal as workflow complexity increases. 
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The comparable performance of HEFT, Decima-DEFT, and TDCA in terms of SLR 

metrics suggests that intelligent task prioritization based on workflow structure 

provides substantial benefits regardless of whether priorities are computed through 

heuristic analysis or learned through machine learning. However, the superior 

makespan and speedup characteristics of the proposed DRL scheduler indicate that 

reinforcement learning provides additional advantages through its ability to optimize 

sequential decision-making across the entire workflow execution, rather than making 

greedy local decisions at each scheduling point. 

Statistical analysis confirms the significance of the observed performance 

improvements. Paired t-tests comparing the proposed DRL scheduler against HEFT 

across all workflow instances yield t-statistic values exceeding 6.5 with p-values less 

than 0.001, providing strong evidence that the differences are not due to random 

variation. Bootstrap confidence intervals indicate that the true mean makespan 

reduction relative to HEFT lies between 25% and 35% with 95% confidence. These 

statistical measures establish that the DRL scheduler delivers consistent and 

reproducible performance gains rather than sporadic improvements on favorable 

instances. 

4.3 Computational Efficiency and Deployment Considerations 

Computational overhead analysis reveals that the DRL scheduler introduces acceptable 

latency for real-time scheduling decisions in production environments. Average 

decision time per scheduling epoch is approximately 8.5 milliseconds on modern GPU 

hardware, well within the practical requirements for production workflow management 

systems where task execution times typically range from seconds to minutes. This 

overhead represents less than 0.3% of typical task execution durations, making the 

approach viable for deployment in operational environments without significant 

performance degradation due to scheduling latency. 

Training time for the DRL agent totals approximately 12 hours on a single GPU for 

150,000 training steps using workflows ranging from 20 to 150 tasks. While this 

represents a substantial initial investment, the resulting policy can be deployed across 

multiple cluster installations and reused for diverse workflow types, amortizing the 

training cost. Furthermore, the learned policy demonstrates effective transfer learning 

capabilities, maintaining 85% of its performance advantage when applied to workflow 

structures not encountered during training. Fine-tuning the pre-trained model on small 

samples of new workflow types further improves performance to within 3% of in-

distribution results, demonstrating the data efficiency enabled by transfer learning 

approaches. 

Integration with existing GPU scheduling infrastructure, such as the TimeGraph 

architecture illustrated in Figure 1, requires minimal modifications to deployment 

environments. The DRL scheduler can be implemented as a policy module within the 

GPU Command Scheduler component, receiving state information from the Wait 

Queue, GPU Reserve Manager, and GPU Command Profiler, and outputting 

scheduling decisions that are executed through the existing PushBuf Interface. This 

modular integration approach enables gradual deployment and A/B testing in 

production clusters without requiring wholesale replacement of existing scheduling 

systems. 
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5. Conclusion 

This paper presented a comprehensive DRL framework for adaptive workflow 

scheduling in heterogeneous GPU clusters. The proposed approach formulates 

workflow scheduling as an MDP and employs DQN with prioritized experience replay 

to learn optimal scheduling policies through interaction with the cluster environment. 

Extensive experimental evaluation demonstrates substantial performance 

improvements over traditional scheduling algorithms, with the DRL scheduler 

achieving 25-35% reduction in average workflow makespan compared to HEFT, and 

over 85% improvement compared to FIFO-DEFT at high workload levels. The 

framework exhibits superior speedup characteristics, reaching nearly 25x parallel 

acceleration for large workflows, and maintains scheduling length ratios within 1.5x of 

theoretical optimal values. 

The experimental results establish DRL as a viable and promising paradigm for next-

generation workflow scheduling systems in heterogeneous GPU computing 

environments. The ability of DRL agents to learn complex scheduling strategies 

through experience, adapt to changing conditions, and generalize across diverse 

scenarios addresses fundamental limitations of traditional static heuristics and 

optimization-based approaches. The computational efficiency of the learned policy, 

with scheduling decisions completed in approximately 8.5 milliseconds, enables real-

time deployment in production environments. The modular integration approach 

compatible with existing GPU scheduling architectures such as TimeGraph facilitates 

practical deployment without requiring wholesale replacement of existing 

infrastructure. 

Several directions for future research emerge from this work. Extensions to multi-

objective optimization formulations could enable simultaneous consideration of 

conflicting goals including makespan minimization, energy efficiency maximization, 

and fairness guarantees across multiple users or applications. Integration with 

workflow prediction models could enable proactive resource provisioning and 

scheduling decisions based on anticipated future workload characteristics. 

Investigation of hierarchical reinforcement learning approaches might enable more 

scalable solutions for extremely large workflows with thousands of tasks by 

decomposing the scheduling problem into multiple levels of decision-making. 

Exploration of multi-agent reinforcement learning frameworks could distribute 

scheduling responsibilities across multiple cooperative agents, potentially improving 

scalability and resilience to failures. Real-world deployment studies in production 

GPU clusters would provide valuable insights into practical challenges including 

handling of unexpected failures, integration with existing job submission systems, and 

long-term performance stability. The continued development and refinement of DRL-

based scheduling approaches promises to unlock substantial improvements in the 

efficiency and effectiveness of heterogeneous GPU cluster utilization for diverse 

computational workflows. 
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