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Abstract

On GPU-based clusters, the training workloads of machine learning (ML) models, particu-
larly neural networks (NNs), are often structured as Directed Acyclic Graphs (DAGs) and
typically deployed for parallel execution across heterogeneous GPU resources. Efficient
scheduling of these workloads is crucial for optimizing performance metrics such as ex-
ecution time, under various constraints including GPU heterogeneity, network capacity,
and data dependencies. DAG-structured ML workload scheduling could be modeled as a
Nonlinear Integer Program (NIP) problem, and is shown to be NP-complete. By leveraging
a positive correlation between Scheduling Plan Distance (SPD) and Finish Time Gap (FTG)
identified through an empirical study, we propose to develop a Running Time Gap Strat-
egy for scheduling based on Whale Optimization Algorithm (WOA) and Reinforcement
Learning, referred to as WORL-RTGS. The proposed method integrates the global search ca-
pabilities of WOA with the adaptive decision-making of Double Deep Q-Networks (DDQN).
Particularly, we derive a novel function to generate effective scheduling plans using DDQN,
enhancing adaptability to complex DAG structures. Comprehensive evaluations on prac-
tical ML workload traces collected from Alibaba on simulated GPU-enabled platforms
demonstrate that WORL-RTGS significantly improves WOA’s stability for DAG-structured
ML workload scheduling and reduces completion time by up to 66.56% compared with
five state-of-the-art scheduling algorithms.

Keywords: task scheduling; machine learning workload; distributed and parallel computing;
whale optimization algorithm; double deep Q-network

1. Introduction
On GPU-based clusters for machine learning (ML) training, a significant portion of

resources is dedicated to long-running workloads, often modeled as Directed Acyclic
Graphs (DAGs) [1,2]. These workloads, prevalent in large-scale ML applications such
as Deep Neural Network (DNN) training, consist of tasks with complex dependencies,
managed by resource orchestration frameworks such as Kubernetes [3], Apache Hadoop
YARN [4], or Apache Mesos [5]. The nodes in a DAG represent tasks, while the edges
denote data dependencies, making efficient scheduling critical for optimizing performance
metrics such as execution time. Despite extensive efforts, scheduling DAG-structured ML
tasks in GPU environments remains challenging due to the trade-offs between data transfer
overheads in distributed schedules and task waiting times in centralized ones.
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Deploying ML workloads on a GPU cluster faces unique scheduling difficulties, par-
ticularly when relying on heuristic rules or ML-driven decision-making. Reinforcement
Learning (RL) approaches, including Deep Q-Networks (DDQN) [6], attempt to discover
effective policies by capturing task dependencies and the dynamics of resource availabil-
ity. However, these methods face drawbacks such as expensive training costs, large data
requirements, and poor adaptability when applied to heterogeneous GPU platforms or
varied DAG topologies. Whereas heuristic-based strategies such as Genetic Algorithms
(GAs) and Whale Optimization Algorithm (WOA) [7] offer computationally lightweight
solutions, they frequently stagnate in non-optimal states or perform poorly in discrete and
high-dimensional DAG scheduling, where conventional distance measures fail to represent
plan similarity effectively.

In our previous research [8], we modeled the scheduling of DAG-structured workloads
as a Nonlinear Programming (NLP) problem, termed as Long-Running Workload Task
Scheduling (LRW-TS), and proved its NP-completeness. We identified a positive correlation
between Scheduling Plan Distance (SPD) and Finish Time Gap (FTG), and by leveraging
this finding, we designed RTGS, a hybrid approach combining WOA with a Greedy strategy.
Our work in this paper extends that foundation to GPU-based ML training, replacing the
Greedy algorithm with a Double Deep Q-Network (DDQN) to establish a novel scheduling
solution, referred to as WORL-RTGS. By exploiting the SPD-FTG correlation, we redefine
Scheduling Plan Distances, enabling WOA to effectively handle complex DAG depen-
dencies in heterogeneous GPU environments. The WORL-RTGS integration mitigates
the limitations of standalone RL (e.g., slow convergence) and traditional heuristics (e.g.,
local optima traps), achieving superior makespan and resource utilization. Key challenges
addressed include

• Measuring Scheduling Plan Distances: We use FTG as a proxy for distance, convert-
ing it to SPD via the identified correlation.

• Generating controlled scheduling plans: DDQN dynamically generates plans with
precise distances, improving over the rigidity of a Greedy approach.

Empirical evaluations using real-world ML workload traces from Alibaba in simu-
lated GPU environments demonstrate that WORL-RTGS reduces completion time by up
to 66.56% compared with state-of-the-art baselines. The proposed approach excels on
heterogeneous GPU clusters, adapting to diverse DAG structures and resource constraints
while maintaining stability. Our key contributions are summarized as follows:

• Formulate the Neural Network with Hybrid Parallel (N2HP) scheduling problem and
prove its NP-completeness.

• Leverage the SPD-FTG correlation to redefine Scheduling Plan Distances for GPU-based
ML tasks.

• Design WORL-RTGS, a hybrid scheduler combining WOA’s global search with DDQN’s
adaptive decision-making, outperforming traditional heuristics and RL methods.

• Introduce a generalizable framework for DAG-structured ML task scheduling, opening
new research directions.

The rest of the paper is organized as follows: Section 2 surveys related work, high-
lighting limitations of swarm intelligence for task scheduling. Section 3 formulates the
N2HP problem and analyzes its complexity. Section 4 details the design of the WORL-RTGS
algorithm, leveraging the SPD-FTG correlation. Section 5 evaluates performance against
baselines. Section 6 concludes our work and sketches future efforts.
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2. Related Work
Recent advancements in intelligent task scheduling for cloud computing and deep

learning (DL) environments address resource optimization and quality of service (QoS).
In three-tier cloud marketplaces, SaaS providers aim to minimize VM leasing costs while
ensuring QoS for dynamic workloads. A two-layer DQN-based framework integrates
QoS-aware task assignment with elastic VM auto-scaling, improving resource utilization
and reducing costs [9]. For DAG-structured workloads in heterogeneous real-time systems,
novel node-priority assignment strategies leveraging global DAG structures achieve up to
14.35% makespan improvement over baselines [10].

In GPU-based distributed DL training, Chronus [11] supports deadline-constrained
and best-effort jobs by exploiting DL workload characteristics like predictability and
preemptibility, enhancing SLO satisfaction and completion time. Datacenter-level anal-
ysis, such as SenseTime’s trace study, informs quasi-shortest-service-first policies and
energy-saving managers, boosting cluster utilization and reducing latency [12]. For hy-
brid clouds, DRL-based VM selection optimizes execution cost and QoS under fluctuating
workloads [13].

For safety-critical tasks on many-core platforms, DAG-Order [14] uses non-preemptive
scheduling on SLT NoC architectures, ensuring safe response times and outperforming
state-of-the-art methods. Multi-core systems face multi-DAG interference, addressed by
improved scheduling schemes that model core allocation constraints, enhancing schedu-
lability [15]. In DNN training, DAPPLE [16] combines data and pipeline parallelism
with intelligent scheduling, improving throughput and memory efficiency over GPipe
and PipeDream.

Reinforcement Learning (RL) schedulers show promise in dynamic environments.
The A2C Scheduler [17] reduces gradient estimation variance, outperforming policy gra-
dient methods. DRL-based edge computing solutions using DQNs adaptively schedule
workloads, improving service time and task success rates [18]. For GPU datacenters,
DL2 [19] integrates supervised and RL to reduce job completion times, while a survey [20]
categorizes DL workload characteristics and future scheduling directions.

Large-scale Transformer models benefit from TeraPipe’s token-level pipeline paral-
lelism, reducing training time via dynamic programming [21]. PipePar [22] enhances
load balancing on heterogeneous GPU clusters by considering performance diversity and
bandwidth. DRL-based schedulers handle dynamic resource demands, with workload
clustering to improve scalability [23] and Spark cluster scheduling to optimize cost and
performance [24].

Multi-objective optimization in cloud scheduling, such as Pareto-efficient schedulers,
minimizes makespan and communication costs [25]. MORL-WS [26] uses multi-objective
RL for workflow scheduling, improving makespan and energy efficiency. Systems like
Liquid [27] and Horus [28] enhance GPU resource sharing by addressing interference,
improving job completion times and utilization.

In High-Performance Computing (HPC), DRAS [29] employs hierarchical DRL
scheduling, outperforming heuristics by up to 50% on real workloads. Hierarchical parti-
tioning for GPU co-scheduling achieves 1.87× throughput improvement [30]. Multi-agent
RL frameworks [31] and mDRL [32] reduce job completion time and power consumption
on large-scale GPU clusters. DeepShare [33] mitigates network contention, cutting job
completion times by up to 20.7%.

These studies highlight the trend toward hybrid, learning-based, and system-aware
scheduling, leveraging RL and workload characteristics to optimize performance across
diverse computing platforms. Our work proposes a novel scheduling approach, WORL-
RTGS, to deal with complex task dependencies in heterogeneous cloud environments
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by integrating the WOA algorithm with the DDQN algorithm. A key discovery is the
positive correlation between two critical variables, enabling variable transformation to
adapt WOA for efficiently handling intricate task scheduling with strict dependencies. This
hybrid WORL-RTGS method overcomes limitations of traditional heuristic algorithms,
such as local optima traps, and standalone RL approaches, which often suffer from high
computational overhead and slow convergence. The synergy of WOA’s global search
capability and DDQN’s adaptive decision-making ensures robust performance, achieving
superior makespan and resource utilization compared with existing methods.

3. Problem Formulation
3.1. Cost Model for Neural Network Training with Hybrid Parallelism

The distribution of neural network training across multiple GPUs and servers depends
on the adopted parallelization strategy. In distributed parallel processing systems, three
main types of parallelism are commonly employed as follows: data parallelism, model
parallelism, pipeline parallelism, and hybrid parallelism, as briefly described below.

• Data Parallelism: The entire neural network model is replicated on each GPU/server.
Different subsets of data are distributed to each GPU. After each forward and back-
ward pass, gradients from all GPUs are averaged (or summed) across the devices
(e.g., via AllReduce [34]) before updating the model. This parallelism is considered
when the model fits in a single GPU’s memory, but training data is large.

• Model Parallelism: The model is split spatially by layers or by tensor dimensions
across multiple GPUs. The splitting method is usually structure-agnostic or based
on tensor shapes or layer sizes, not the functional purpose of model components.
Forward/backward pass is conducted sequentially across GPUs. The purpose of this
parallelism is to train a large model that does not fit in a single GPU.

• Pipeline Parallelism: This parallelism divides the model into stages, and each GPU
handles a stage. Splitting into stages is conducted intentionally, with functional
awareness (e.g., grouping layers that form logical blocks or stages of computation).
To improve GPU utilization, the input mini-batch of training samples is divided
into smaller micro-batches, which are fed into the pipeline in a staggered fashion,
allowing different micro-batches to flow through different GPUs concurrently. Pipeline
parallelism is useful when training large models that do not fit in a single GPU but
also require efficient hardware usage.

• Hybrid Parallelism: A hybrid approach combines two or more parallelization strate-
gies: data parallelism, model parallelism, and pipeline parallelism, to efficiently train
large-scale models on multi-GPU and multi-server systems. It is used when no single
type of parallelism is sufficient alone, especially for very large neural networks such
as GPT-3 [35] or GPT-4 [36] that far exceed the memory and compute capacity of a
single GPU.

We define the cost model to support the scheduling of neural network (NN) training
workloads on multi-GPU, multi-server platforms using hybrid parallelism, which combines
data parallelism, model parallelism, and pipeline parallelism. A computational unit repre-
sents either a complete layer, a partitioned sublayer due to model parallelism, or a group of
layers or sublayers forming a pipeline stage. Note that a computational unit may contain
neurons from multiple layers. We represent each layer within a computational unit as a sin-
gle node, as shown in Figure 1. The nodes belonging to the same computational unit should
be scheduled onto the same GPU for processing. A neural network training job is modeled
as a Directed Acyclic Graph (DAG) GNN = {L, EL, W, M, D}, where L = {l1, l2, . . . , ln} is
the set of n nodes, EL =

{
(li, lj) | li, lj ∈ L

}
defines the forward/backward computational
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dependencies between nodes, W = {w1, w2, . . . , wn} is the computational workload, e.g.,
in unit of FLoating point OPerations (FLOPs) [37], for the n nodes, M = {m1, m2, . . . , mn}
represents the GPU memory requirement of each node, and D =

{
dij | li, lj ∈ L

}
is the

size of the data such as activations or gradients transferred between dependent nodes. Let
CU =

{
cu1, cu2, . . . , cup

}
denote the set of computational units. Each unit cuq ⊆ L consists

of a subset of nodes that must be co-located on the same GPU. The exact granularity of each
li ∈ L and cuq ⊆ L depends on the adopted parallelization strategy. Figure 1 illustrates
an example of a neural network training job that incorporates data parallelism, model
parallelism, and pipeline parallelism, respectively.
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Figure 1. An example of a neural network training job with data parallelism, model parallelism, and
pipeline parallelism.

We model the training platform as a GPU cluster GGPU = {G, S, EG, C, B}, where
G = {g1, g2, . . . , gm} denotes the set of m available GPUs across all servers on the training
platform, S = {s1, s2, . . . , sk} denotes the set of k servers, EG =

{
(gi, gj) | gi, gj ∈ G

}
denotes the set of interconnections between GPUs, C = {c1, c2, . . . , cm} denotes the set of
computational capabilities of each GPU, e.g., in unit of Tera FLoating point OPerations
Per Second (TFLOPS) [38], and B =

{
bij | (gi, gj) ∈ EG

}
denotes the bandwidth between

two connected GPUs gi and gj. We define a function host(gi) ∈ S that maps each GPU
gi ∈ G to a server and a mapping function map(li) ∈ G that assigns each node li to a GPU
gk for execution. For any pair of nodes li, lj ∈ L that belong to the same computational
unit, we enforce map(li) = map(lj). For each pair (gi, gj) ∈ EG, if host(gi) = host(gj), the
interconnection is classified as intra-server; otherwise, if host(gi) ̸= host(gj), it is classified
as inter-server. The value of bij depends on the type of interconnect. If gi and gj are
on the same server and connected via NVLink, then bij reflects the NVLink bandwidth
(e.g., 50–600 GB/s depending on hardware generation). If gi and gj reside on different
servers, then bij represents the inter-server communication bandwidth, typically provided
by Remote Direct Memory Access (RDMA) technologies or high-speed Ethernet. Figure 2
illustrates a GPU cluster consisting of two servers, along with an example of computational
unit allocation.

The total training time for a mini-batch depends on the following factors:

• Node Execution Time: Each node li has an execution time dependent on its computa-
tional workload wi and the GPU capability ck of the assigned GPU gk.

• Data Transfer Time: For two dependent nodes li → lj, if they are placed on different
GPUs gk and gl , the data transfer time is governed by dij and bandwidth bkl between
gk and gl .
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• Stall Time: In both pipeline and model parallelism, adjacent stages or model parti-
tions may experience stall time due to imbalances in execution time across stages or
model parts.

• Synchronization Time: In data parallelism, all GPUs must synchronize gradients at
the end of each backward pass, hence introducing communication overheads.
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Figure 2. A GPU cluster with two servers and an example of computational unit allocation.

The optimization goal is to minimize hybrid parallel training cost for one iteration
(mini-batch) by scheduling computational units to GPUs in a way that balances work-
loads, minimizes inter-GPU communication, and avoids stall time caused by pipeline and
model parallelism.

3.2. Formulation of the Scheduling Problem for NN Training

We investigate how a DAG-structured neural network training task executes, formu-
late the scheduling problem as a nonlinear integer programming model, and prove its
NP-completeness.

A node l ∈ L is considered as an entry node if it has no predecessors, i.e., there is no
lp ∈ L with (lp, l) ∈ EL. For such a node, the earliest start time EST(l) is 0; otherwise,
EST(l) is determined by the maximum arriving time (AT) among all data produced by its
immediate predecessors:

EST(l) =

0, if l = entry node;

maxl′∈precede(l) AT
(

l
′
, l
)

, else.
(1)

Equation (1) defines the earliest start time EST(l) of node l. If l is an entry node with no
predecessors, then EST(l) = 0, meaning that it can start execution immediately without
waiting for any input; otherwise, EST(l) depends on the latest arrival time AT(l′, l) of data
produced by all its immediate predecessor nodes l′, using the maximum to ensure that l can
begin to execute only after all dependency data are ready, thereby enforcing the topological
order constraints in the DAG.

The data arrival time from a predecessor node li is given by the actual finish time
AFT(li) plus the transmission delay Trans(li, lj) required to transfer results from the GPU
executing li to the GPU assigned to its successor lj:

AT
(
li, lj

)
= AFT(li) + Trans

(
li, lj

)
. (2)
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Equation (2) computes the data arrival time AT(li, lj) from predecessor node li to successor
node lj, which equals the actual finish time AFT(li) of li plus the cross-GPU data transmis-
sion delay Trans(li, lj). This equation captures the direct impact of communication overhead
on task start time, particularly in model parallelism or pipeline parallelism scenarios, where
significant delay may occur if li and lj are on different GPUs, potentially postponing the
execution of lj.

The data transmission time from the GPU running node li to the GPU running node lj
is calculated as

Trans
(
li, lj

)
=

d
(
li, lj

)
b
(
map(li), map

(
lj
)) , (3)

where d(li, lj) represents the volume of data transferred from predecessor li to successor
lj, b(map(li), map(lj)) denotes the bandwidth between the GPUs executing li and lj, and
map(li) specifies the GPU assigned to node li. Equation (3) provides the precise calcu-
lation of data transmission time Trans(li, lj): the data volume d(li, lj), such as activations
or gradients, divided by the actual bandwidth b(map(li), map(lj)) between the GPUs
executing li and lj. This formula highlights the strong correlation between communica-
tion cost and scheduling mapping: if two nodes are mapped to the same GPU, b → ∞
(theoretically no transmission delay); if across servers, b is small, leading to large delays,
and hence incentivizing the scheduler to prioritize placing strongly dependent nodes on
high-bandwidth links.

If GPU g has sufficient Available Resources (AvailR) to run node l at its earliest start
time EST(l), then the actual start time AST(l) is EST(l); otherwise, the execution of l is
delayed until GPU g provides Sufficient Resources (SufR). The value of AST(l) is calcu-
lated as

AST(l) =

EST(l), if AvailR(g, EST(l)) > ml

SufR(g, l), else
(4)

where AvailR
(

g, EST(l)
)

represents the memory available on GPU g at time EST(l).
Equation (4) determines the actual start time AST(l) of node l, considering the dynamic
availability of GPU memory resources. If, at the earliest possible start time EST(l), the
available memory AvailR(g, EST(l)) on the target GPU g exceeds the memory required
by node l (ml), then no delay is needed and execution starts immediately; otherwise, it
must be postponed until the time SufR(g, l) when the GPU releases sufficient memory. This
mechanism prevents memory over-allocation and simulates execution blocking due to
insufficient GPU memory in real training scenarios.

We determine AvailR for GPU g at a given time point as

AvailR(g, time) = AllMem(g)−UsedM(g, time), (5)

where UsedM(g, time) denotes the occupied memory on GPU g at time. Equation (5) straight-
forwardly defines the available memory on GPU g at any time time: total memory capacity
AllMem(g) minus the currently occupied memory UsedM(g, time). This expression serves
as the foundation for subsequent memory scheduling decisions, ensuring that tasks exceed-
ing remaining memory are not assigned to the GPU, avoiding runtime Out-of-Memory
(OOM) errors.

The value of UsedM(g, time) is calculated as

UsedM(g, time) = ∑
l∈L

ml · x(l, g) ·max
{

0,
AFT(l)− time
|AFT(l)− time|

}
, (6)
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where ml is the memory required for node l, and x(l, g) is 1 if node l is assigned to GPU
g, and 0, otherwise. Meanwhile, SufR(g, l) indicates the earliest time when GPU g has
sufficient resources to execute node l. Equation (6) accurately accounts for the used memory
on GPU g at time time: for all nodes l assigned to this GPU (marked by x(l, g) = 1), if their
actual finish time AFT(l) > time (i.e., still executing or just completed but memory not yet
released), their memory requirement ml is included in the sum; otherwise, it contributes 0.
This piecewise function simulates the lifecycle of memory occupancy via sign judgment,
counting memory only during the active period of tasks, reflecting the dynamic allocation
and release behavior of intermediate results such as activations and gradients in training.

The value of SufR(g, l) is computed as

SufR(g, l) = min

AFT
(
l′
)∣∣∣∣∣∣∣

l′ ∈ L,
x(l′, g) = 1,
AvailR(g, AFT(l′)) ⩾ ml

. (7)

Equation (7) provides the earliest executable time SufR(g, l) that node l must wait for
when GPU g has insufficient memory: among all tasks l′ already assigned to g, find the
completion time AFT(l′) such that after l′ finishes, the available memory on the GPU
first meets the demand ml of l, and take the minimum of such AFT(l′). This equation
essentially identifies the critical points of memory release, ensuring that l does not start
earlier than resource readiness, embodying the serialization scheduling constraints in
resource-constrained environments.

Additional constraints on DAG workload execution include the following:

x(l, g) = 0 or 1, l ∈ L, g ∈ G, (8)

z(g, s) = 0 or 1, g ∈ G, s ∈ S, (9)

∑
g∈G

x(l, g) = 1, l ∈ L, (10)

∑
s∈S

z(g, s) = 1, g ∈ G, (11)

map(l) = ∑
g∈G

x(l, g) · g, l ∈ L, (12)

host(g) = ∑
s∈S

z(g, s) · s, g ∈ G, (13)

ext(l) =
wl

c(map(l))
, l ∈ L, (14)

AFT(l) = AST(l) + rt(l), l ∈ L, (15)

map(li) = map(lj), li, lj ∈ cuq, ∀cuq ∈ CU. (16)

Constraints (8)–(16) form the core integer linear constraint system of the scheduling problem.
Among them, Equations (8) and (9) declare x(l, g) and z(g, s) as binary assignment variables;
Equation (10) ensures that each node l is assigned to exactly one GPU; Equation (11) ensures
that each GPU belongs to exactly one server; Equations (12) and (13) define the mapping
functions map(l) and host(g) via weighted sums, facilitating reference to actual devices in
the objective; Equation (14) computes the execution time ext(l) of node l on its assigned
GPU, i.e., workload wl divided by the compute capability c(map(l)) of that GPU, reflecting
performance differences in heterogeneous hardware; Equation (15) obtains the finish time
from actual start time plus execution time; and Equation (16) forces all nodes within the
same computational unit cuq to be mapped to the same GPU, preserving locality in model
parallelism or pipeline stages and preventing communication explosion due to unnecessary
cross-device partitioning.
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The objective of a scheduler is to minimize the final finish time (FFT) of a DAG-
structured neural network training job:

FFT = max{AFT(l)| l ∈ L}. (17)

The objective function in Equation (17) defines the ultimate metric of scheduling optimiza-
tion as the maximum of the actual finish times AFT(l) of all nodes in the DAG, i.e., the total
time FFT to train one mini-batch. Minimizing FFT is equivalent to compressing the critical
path length while balancing various bottlenecks from computation, communication, and
memory contention, making it the core optimization goal of the hybrid parallel training
scheduling problem.

We formally define the Neural Network with Hybrid Parallel (N2HP) scheduling
problem as follows:

Definition 1 (N2HP). Let GNN = {L, EL, W, M, D} represent a DAG-structured training job
and GGPU = {G, S, EG, C, B} denote a parallel computing platform. The scheduling objective is
to determine a schedule that minimizes FFT subject to the precedence constraints and resource
limitations established in Equations (1)–(16).

3.3. Analysis of Computational Complexity

In this section, we show that N2HP is NP-complete. We begin by presenting the
set partition problem, one of Karp’s 21 NP-complete problems [39], and then show a
polynomial-time reduction from it to N2HP.

Set Partition Problem: The problem is to split a set Q into two disjoint subsets with
equal sums. Let A ⊆ Q have sum Q1. The problem asks if the remaining elements (Q− A)

form a subset with sum Q2 such that Q1 = Q2.

Theorem 1. N2HP belongs to the class of NP-complete problems.

Proof. For the decision version of N2HP, we consider a DAG-structured job defined by
GNN = {L, EL, W, M, D}, a GPU-based parallel computing system GGPU = {G, S, EG, C, B},
and a performance limit l. The question is if a scheduling approach exists that achieves
FFT ≤ l.

To demonstrate that N2HP belongs to NP, we begin by confirming that FFT can be
computed in polynomial time under any given schedule. Starting with a DAG, we apply
topological sorting to arrange its vertices in linear time, as described in Cormen et al. [40].
Using this order, we compute the longest paths from a chosen starting vertex by processing
each vertex and determining the maximum path length through its incoming edges, also in
linear time [41]. The FFT is then derived by identifying the longest path among all entry
nodes in polynomial time. Thus, for any scheduling plan, we can efficiently calculate FFT,
compare it to the threshold l, and verify the solution, thereby confirming that N2HP is
in NP.

To establish the NP-hardness of N2HP, we consider a simplified instance of N2HP with
a specific network structure. The simplified job consists of n task nodes, including n− 1
entry nodes and a single exit node. The computing platform comprises two identical GPUs
on a server. The execution time of the exit node, as well as all data transfer costs from the
entry nodes to the exit node, are considered negligible. Under these conditions, the DAG
reduces to a star topology, while the platform becomes two homogeneous GPUs without
bandwidth limitations. This abstraction eliminates the effects of communication delays and
dependency overheads, isolating the node placement problem for analysis. Although not
encompassing complete intricacy of practical N2HP situations, this treatment demonstrates
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that computational difficulty endures even in this severely simplified scenario. The goal
of minimizing the job’s completion time can be reduced to the problem of splitting the
entry nodes’ execution times into two collections with matching sums. This specific case
of N2HP can be directly transformed to the classic set partition problem [39]: the set Q
denotes the execution times of entry nodes, subset A represents those entry nodes allocated
to one GPU, and (Q− A) represents those entry nodes assigned to the other. This reduction
establishes that N2HP is computationally not easier than the set partition problem. Given
that the reduction executes in polynomial time and N2HP ∈ NP, we prove that N2HP is
NP-complete.

4. Design of the Proposed Algorithm
Given the NP-completeness of N2HP established in Section 3.3, no polynomial-time

algorithm exists that guarantees optimal solutions unless P = NP. This section presents the
design of the Whale Optimization and Reinforcement Learning-based Running Time Gap
Strategy (WORL-RTGS). First, we introduce a variable to quantify the gap between schedul-
ing strategies and demonstrate its positive correlation with the running time difference
between two scheduling schemes. Then, inspired by the hunting behavior of humpback
whales, we design a time-difference Whale Optimization method to control the positioning
of new whales during the generation of candidate scheduling schemes. The time-difference
Whale Optimization method consists of three components, each representing a mechanism
by which the scheduling plan iteratively approaches the optimal solution. Finally, based on
the inference results of the time-difference Whale Optimization method, we design a Double
Deep Q-Network (DDQN)-based method to locate the position matrix of new whales.

4.1. Introduction to the WOA

The WOA is a nature-inspired metaheuristic modeled on the social hunting behavior
of humpback whales, especially their Bubble-Net Feeding Strategy. The WOA iteratively
transitions between exploration (global search) and exploitation (local search). Using
different mathematical formulations for these phases, WOA maintains a balance between
wide-ranging search and precise local optimization. The algorithm simulates key behaviors
such as the Spiral Bubble-Net Attack and Prey Encircling through subsequent procedures:

Encircling Prey:

Whales identify the position of their prey and proceed to envelop it. This behavior is
represented mathematically as

D⃗is = |C⃗oe · X⃗∗(t)− X⃗(t)|, (18)

X⃗(t + 1) = X⃗∗(t)− A⃗c · D⃗is, (19)

where X⃗∗(t) represents the current best solution’s position, X⃗(t) is the position vector of a
whale, and A⃗c and C⃗oe are coefficient vectors given by

A⃗c = 2⃗a′ · r⃗1 − a⃗′, (20)

C⃗oe = 2 · r⃗2, (21)

where a⃗′ linearly decreases from 2 to 0 over iterations and r⃗1, r⃗2 ∼ U(0, 1).

Bubble-Net Attacking (Exploitation Phase):
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The Bubble-Net Strategy is modeled through a spiral movement, allowing whales to
refine their search around high-quality solutions. This motion is expressed by the spiral
update equation:

X⃗(t + 1) = D⃗is
′ · eb·l · cos(2πl) + X⃗∗(t), (22)

where D⃗is
′
= |X⃗∗(t)− X⃗(t)|, the parameter b controls the spiral’s shape, and l represents a

uniformly distributed random variable within the interval [−1, 1].

Search for Prey (Exploration Phase):

To maintain diversity and avoid premature convergence, whales perform random
searches across the global space. When |A⃗c| > 1, the update is modeled as

D⃗is = |C⃗oe · X⃗rand − X⃗(t)|, (23)

X⃗(t + 1) = X⃗rand − A⃗c · D⃗is, (24)

where X⃗rand represents a randomly chosen whale’s position from the current population.
The Whale Optimization Algorithm (WOA) starts by generating an initial set of

candidate solutions, representing whales, with random placements across the search do-
main. During every cycle, the fitness of these potential solutions is evaluated through a
problem-specific objective function. Subsequently, the whales adjust their locations either
by approaching the current best-known solution or by exploring new regions, according to
a probabilistic rule. This iterative process continues until a stopping criterion is reached,
such as a maximum number of iterations or attainment of a convergence threshold.

Task scheduling in distributed systems with DAG-structured workloads constitutes a
challenging combinatorial optimization problem. It involves assigning heterogeneous tasks
to diverse resources while adhering to constraints on execution time, resource utilization,
and data locality. Effective solutions must strike a balance between broad exploration of
the search space and fine-grained exploitation of promising regions. WOA is well suited to
this requirement because its mathematical model alternates naturally between exploration
and exploitation, thereby mitigating premature convergence and enabling near-optimal
schedules to be discovered. In this formulation, the position of each whale encodes a
mapping of tasks to resources, offering a direct and intuitive representation of scheduling
decisions. Compared with alternative metaheuristics such as Genetic Algorithms (GAs)
and Particle Swarm Optimization (PSO), WOA requires fewer control parameters and relies
on simpler update mechanisms, which reduces computational overhead and accelerates
convergence. Furthermore, its flexible structure allows seamless integration of domain-
specific heuristics, such as awareness of data locality and task precedence. Consequently, we
employ WOA as the optimization backbone of this work, with additional problem-driven
enhancements incorporated to further improve scheduling efficiency. These refinements
are elaborated in the following subsections.

4.2. Analysis of Positive Correlation

This section analyzes the relationship between Scheduling Plan Distance (SPD) and
Finish Time Gap (FTG) using both theoretical arguments and experimental evidence. To
highlight their inherent positive correlation, we begin by analyzing a representative work-
load with a clearly defined network structure as described in Section 3.3. In this scenario,
we derive an analytical expression showing that SPD = (n− 1) · FTG, revealing a direct
linear dependency between the two metrics. This theoretical insight lays the foundation for
our subsequent experimental validation across a range of diverse scheduling cases.



Big Data Cogn. Comput. 2025, 9, 284 12 of 41

The Finish Time Gap (FTG) represents the absolute difference in completion times
between two scheduling strategies, formulated as

FTG = |FFT(S1)− FFT(S2)|, (25)

where FFT(Si) is the final finish time for scheduling plan Si, i = 1 or 2. This metric reflects
the performance gap between two scheduling strategies in terms of makespan.

Scheduling Plan Distance (SPD) is a novel metric introduced in this work to quantify
the distance between two scheduling plans, denoted as S1 and S2. It captures the degree
of difference in workload distribution across GPUs between the two plans. The metric is
formally defined as

SPD =
1
n ∑

l∈L

∣∣loadS1(map(l))− loadS2(map(l))
∣∣, (26)

where n is the total number of nodes in the neural network, and loadSi (map(l)) denotes
the cumulative execution time computed according to Equation (14) of all nodes mapped
to the same GPU as node l under scheduling strategy Si with i being either 1 or 2. To
compute SPD, we first determine, for each node l, the absolute difference in workload
between the GPUs to which l is assigned in the two scheduling plans. These differences
reflect how much the GPU workloads vary between the two plans from the perspective
of each node. Finally, we take the average of these absolute differences over all nodes to
obtain the overall SPD value. This metric provides an intuitive and quantitative means
of comparing scheduling plans, especially in terms of their impact on load balancing and
GPU utilization.

In WORL-RTGS algorithm, we utilize the Finish Time Gap (FTG) as a measure of
dissimilarity between two scheduling plans. This metric provides an intuitive and direct
reflection of how the overall performance differs between two scheduling approaches.
Although FTG serves as a useful evaluation metric, it is not directly applicable for steering
the creation of new scheduling strategies in iterative optimization. To address this, we
investigate the mathematical connection between FTG and the Scheduling Plan Distance
(SPD), a novel structural measure introduced here. Our findings indicate a robust positive
correlation, where an increase in SPD typically corresponds to a proportional rise in
FTG. This finding is crucial, as it allows us to indirectly control and optimize FTG by
manipulating SPD. Leveraging this relationship, we treat SPD as a proxy objective that
is differentiable and structurally informative, making it suitable for guiding the search
process. In particular, we use the functional form of SPD to derive directions for generating
next step scheduling plans, elaborated in Section 4.3.

To explore the connection between SPD and FTG, we analyze a distinct workload
scenario featuring a clear network structure. The workload consists of n task nodes,
including n− 1 entry nodes and a single exit node. The computing platform comprises
two identical GPUs on a server. The execution time of the exit node, as well as all data
transfer costs from the entry nodes to the exit node, are considered negligible. Under
these conditions, the DAG reduces to a star topology, while the platform becomes two
homogeneous GPUs without bandwidth limitations. Each entry node requires 1 s of
execution time. In the baseline scheduling strategy S1, the entry nodes are split evenly,
with each GPU handling (n− 1)/2 nodes. Conversely, in the second strategy S2, GPU g1

processes n1 entry nodes, while GPU g2 manages n2 nodes, where n1 > (n− 1)/2 and
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n2 < (n− 1)/2. Let num′ = n1 − (n− 1)/2 represent the degree of imbalance between the
two plans. We then derive the Scheduling Plan Distance as

SPD = num′ ·
(

num′ +
n− 1

2

)
+ num′ ·

(
n− 1

2
− num′

)
, (27)

SPD = num′ · (n− 1). (28)

Since each node has a unit execution time, the Finish Time Gap between the two schedul-
ing plans is determined solely by the workload imbalance across the GPUs. In particular, as
S1 balances the workload equally, and S2 does not, the Finish Time Gap is given by

FTG = num′. (29)

Substituting Equation (29) into Equation (28), we obtain the following:

SPD = (n− 1) · FTG. (30)

This reveals a clear linear relationship between SPD and FTG within this particular work-
load context. This theoretical result supports the idea that SPD can be used as a proxy for
controlling FTG during scheduling optimization.

Furthermore, to comprehensively investigate the relationship between SPD and FTG,
we conduct a series of large-scale experiments using both real-world data from the Alibaba
Cluster Trace Program (https://github.com/alibaba/clusterdata, accessed on 6 November
2025) and synthetically generated workloads. The dataset from Alibaba’s operational
clusters contains detailed job scheduling information, including DAG structures for both
batch workloads and long-running online services, making it highly suitable for evaluating
task scheduling strategies.

Real-World Data Experiments. The experimental analysis using the Alibaba Cluster
Trace data is divided into two groups based on server status: busy and idle, to reflect
different practical workload conditions. In the busy state, each GPU’s resource usage rate is
randomly sampled from the range [50, 80], while in the idle state, it is sampled from [10, 50].
Jobs are randomly selected from the trace across various computational scales. Specifically,
the number of nodes ranges from 100 to 1000 in increments of 100 for small-scale jobs,
from 1200 to 3000 in increments of 200 for medium-scale jobs, and from 4000 to 10,000 in
increments of 1000 for large-scale jobs. We simulate six cluster environments with 10, 20, 50,
100, 200, and 500 GPUs, each capable of processing multiple nodes concurrently. For each
combination of GPU count, system state (busy/idle), and job scale (small/medium/large),
we perform 1000 repetitions to ensure statistical reliability. In each repetition, two distinct
scheduling plans, S1 and S2, are randomly generated, and SPD and FTG are computed
according to Equations (25) and (26). The resulting (SPD, FTG) pairs are recorded for
correlation analysis. After completing all repetitions for each combination of GPU count,
system state and job scale, we compute the Pearson Correlation Coefficient (PCC) [42] to
quantify the strength of the correlation between SPD and FTG.

The experimental results in Table 1 report the PCC values between SPD and FTG across
different GPU count, workload scales, and system states, based on real-world Alibaba
cluster data. Each PCC value in Table 1 represents the mean correlation calculated for
a specific combination of GPU count, system state, and job scale. Overall, the results
indicate a consistent positive correlation across all configurations, suggesting that higher
SPD values generally correspond to higher FTG values. Figures 3 and 4 show this trend
specificly for 50-GPU and 500-GPU clusters, respectively. Both line charts show a clear
positive relationship between SPD and FTG, reinforcing that the SPD metric can serve as

https://github.com/alibaba/clusterdata
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a reliable indicator for FTG across different cluster scales. Notably, while the correlation
strength fluctuates slightly depending on job scale and system state, no negative correlations
are observed, highlighting the robustness of SPD as a predictive metric. These PCC
values indicate a moderate correlation strength, aligning well with benchmarks in the
scheduling literature where proxy metrics for makespan (e.g., load imbalance or resource
utilization) typically yield PCCs in the range of 0.3–0.6 [43,44]. For instance, PCC was
used for load correlation detection in VM placement decisions to minimize Service Level
Agreement (SLA) violations and migration counts. Experiments show that PCC-guided
load balancing can reduce energy consumption by 15% to 20%, with PCC values in the
range of 0.4–0.55 considered sufficient for dynamic optimization [43]. Higher PCCs (>0.7)
are rarer in such complex, dynamic environments and often limited to synthetic, low-
variability benchmarks; thus, our results are not only comparable but also indicative
of SPD’s suitability as a proxy for FTG in practical DAG scheduling, where full linear
predictability is not required.

Figure 3. Positive correlation between FTG and SPD for Alibaba workflows with 50 GPUs.

Figure 4. Positive correlation between FTG and SPD for Alibaba workflows with 500 GPUs.

We acknowledge that the average PCC of 0.4603 reflects moderate rather than strong
linear correlation (where PCC > 0.7 is conventionally considered strong). However, in
complex DAG scheduling under resource contention and precedence constraints, there
may not exist perfect linearity and consistent directional alignment is of more practical
significance: SPD and FTG monotonically co-vary across all tested conditions. To further
validate this non-parametric robustness, we supplement SPD and FTG with Spearman’s
rank correlation coefficient (ρ), which measures monotonicity without the assumption
on linearity.
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Table 1. PCC for SPD and FTG on real-world workloads.

System State Job Scale 10 GPUs 20 GPUs 50 GPUs 100 GPUs 200 GPUs 500 GPUs

Busy
Small 0.429 0.405 0.437 0.410 0.491 0.464

Medium 0.516 0.485 0.446 0.494 0.401 0.432
Large 0.403 0.493 0.524 0.414 0.445 0.448

Idle
Small 0.433 0.487 0.386 0.514 0.472 0.454

Medium 0.522 0.417 0.450 0.435 0.500 0.474
Large 0.466 0.525 0.421 0.463 0.423 0.476

Table 2 reports Spearman’s ρ for the same experimental configurations. Values range
from 0.49 to 0.55 with mean = 0.52 and variance = 0.004, consistently higher than PCC
and uniformly positive, confirming that the relationship between SPD and FTG is even
stronger than linear trends. This is expected because structural divergence SPD influences
makespan FTG through cumulative, nonlinear dependency chains, precisely the regime
where rank-based metrics outperform Pearson’s. Critically, no configuration yields negative
ρ, and the gap ρ > PCC holds in 92% of the cases, reinforcing that SPD provides reliable
monotonic guidance even when linear fit is moderate. In optimization contexts such as
WORL-RTGS, this ensures that minimizing SPD would reduce FTG on average. Edge cases
with lower PCC (e.g., 0.386) still yield ρ > 0.41, preserving directivity.

Table 2. Spearman’s ρ between SPD and FTG.

System Scale PCC Spearman ρ

Busy Small 0.439 0.489
Busy Medium 0.462 0.536
Busy Large 0.455 0.501
Idle Small 0.458 0.528
Idle Medium 0.466 0.552
Idle Large 0.462 0.514

Synthetic Workload Experiments. The experimental analysis with synthetically
generated workloads, also divided into busy and idle states. GPU resource usage is
sampled in the same ranges as in the real-world experiments. We simulate the same six
cluster environments, with job scales and node counts as previously described. Execution
times for jobs are sampled from normal distributions: N(10, 22) for small-scale, N(20, 42) for
medium-scale, and N(30, 62) for large-scale jobs. DAG topologies are generated using the
Erdős–Rényi model [45], with the average in-degree/out-degree set to either 1 or 3, resulting
in 54 workloads in total: 27 with degree 1 and 27 with degree 3. For each combination
of system state, job scale, GPU count, and average degree, we perform 1000 independent
repetitions. In each repetition, two scheduling plans, S1 and S2, are randomly created, and
SPD and FTG are computed. The (SPD, FTG) pairs are recorded for correlation analysis,
and the PCC is computed for each combination to measure the correlation strength between
SPD and FTG.

Table 3 reports the PCC values between SPD and FTG under synthetic workloads
across different system states, job scales, GPU counts, and average in-degree/out-degree.
Overall, the results demonstrate a consistently positive correlation, with PCC values rang-
ing approximately from 0.39 to 0.55. Stronger correlations are observed for medium and
large workloads in the busy state, especially when the correlation degree is 3 (e.g., 0.550
at 20 GPUs and 0.534 at 200 GPUs). In the idle state, small workloads exhibit greater
variability, while medium and large workloads remain relatively stable, often exceeding
0.45 and reaching above 0.54 in several cases. Figures 5 and 6 further show the positive
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trend, showing consistent correlation of 50 GPUs and 500 GPUs. These PCC values indicate
a moderate correlation strength, aligning well with benchmarks in the scheduling literature
where proxy metrics for makespan (e.g., load imbalance or resource utilization) typically
yield PCCs in the range of 0.3–0.6 [43,44], particularly in heterogeneous or variable-degree
topologies. In our case, the slightly higher PCCs for d = 3 (e.g., up to 0.550) underscore
SPD’s enhanced predictiveness in denser graphs, where inter-task dependencies amplify
load-makespan sensitivity, ideal for our proxy’s role in WORL-RTGS, as it enables reliable
indirect minimization of FTG amid topological variability.

Figure 5. Positive correlation between FTG and SPD for synthetic workflows with 50 GPUs.

Figure 6. Positive correlation between FTG and SPD for synthetic workflows with 500 GPUs.

As in the real-world data, we compute Spearman’s ρ for synthetic workloads. Across
all 108 configurations, ρ ranges from 0.42 to 0.59 with mean = 0.508 and variance = 0.004,
again outperforming PCC and uniformly positive. The improvement is most pronounced in
high-degree (d = 3) topologies, where dependency chains amplify effects (e.g., ρ = 0.58 vs.
PCC = 0.550 at 20 GPUs, medium scale, busy state). This further validates SPD’s robustness
as a proxy in topologically complex scenarios.

Furthermore, the positive correlation observed in Figures 3–6 has profound implica-
tions: it empirically substantiates that greater structural divergence in scheduling plans
(SPD) reliably predicts larger makespan disparities (FTG), enabling SPD to steer search to-
ward balanced, low-makespan solutions without exhaustive FTG evaluations. This not only
accelerates convergence in metaheuristic frameworks but also enhances load balancing, as
higher SPD correlates with imbalance-induced delays, directly tying to energy efficiency
and SLA compliance on GPU clusters.
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Table 3. PCC for SPD and FTG on synthetic workloads.

System State Job Scale Degree 10 GPUs 20 GPUs 50 GPUs 100 GPUs 200 GPUs 500 GPUs

Busy

Small 1 0.473 0.489 0.456 0.438 0.439 0.434
3 0.471 0.442 0.474 0.388 0.466 0.411

Medium 1 0.416 0.418 0.477 0.434 0.491 0.396
3 0.538 0.550 0.487 0.391 0.469 0.412

Large 1 0.423 0.433 0.488 0.503 0.514 0.413
3 0.538 0.549 0.495 0.396 0.534 0.424

Idle

Small 1 0.533 0.397 0.438 0.513 0.409 0.429
3 0.435 0.447 0.476 0.430 0.402 0.466

Medium 1 0.447 0.476 0.490 0.544 0.540 0.404
3 0.503 0.522 0.458 0.438 0.512 0.438

Large 1 0.404 0.551 0.465 0.499 0.536 0.422
3 0.522 0.431 0.462 0.403 0.407 0.440

The results shown in the experiments of real-world data and synthetic workloads con-
firm a persistent positive correlation between FTG and SPD across varying conditions. In
all cases, the PCC value remains above zero. From a statistical perspective, the PCC values
ranging from 0.16 to 0.57 with the average of 0.4603 and variance around 0.003 suggest
a consistent trend: as FTG increases, SPD tends to increase as well. These experiments
clearly illustrate the increasing trend of SPD with larger values of FTG. This persistent pos-
itive correlation, spanning workload scale, topology, cluster size, and utilization, validates
SPD as a reliable proxy for FTG. The moderate PCC strength (mean 0.46) is reasonable
for DAG scheduling problems, where exact linearity may not exist due to precedence
constraints and resource heterogeneity [43,44]; instead, it ensures directional guidance for
optimization, reducing makespan by aligning structural adjustments with performance
gaps. Notably, the absence of negative correlations across diverse setups and the low
variance (0.003) make SPD a computationally tractable surrogate in iterative algorithms
such as WORL-RTGS. We report global Spearman’s ρ = 0.51± 0.004, reinforcing stability
and predictability. In WORL-RTGS, we exploit this relationship to indirectly optimize
makespan by minimizing SPD via differentiable, structural updates (Section 4.3). The data
and code used to generate these visualizations are publicly available in our GitHub repos-
itory (https://github.com/AIprinter/WORL-RTGS.git, accessed on 6 November 2025).
This observed correlation plays a crucial role in our algorithm design. It provides theoretical
and empirical support for using SPD as a proxy to indirectly control and optimize FTG,
thereby improving the efficiency of our scheduling strategy.

4.3. Whale Optimization and Reinforcement Learning-Based Running Time Gap Strategy

We design WORL-RTGS by integrating the WOA with a Deep Reinforcement Learning
(DRL) framework. WOA is a nature-inspired meta-heuristic optimization algorithm intro-
duced by Seyedali et al. [7] in 2016, modeled on the unique hunting behavior of humpback
whales [46].

In the context of WORL-RTGS, each humpback whale metaphorically represents a
candidate scheduling plan. This plan is encoded as an n-dimensional vector, where each
dimension specifies the GPU assigned to a corresponding task node. A population of
whales is maintained across iterations, with each whale representing a different scheduling
plan. Following the core principles of WOA, the optimization process in WORL-RTGS is
divided into three phases. Encircling Prey phase simulates the convergence towards an
optimal solution, Spiral Bubble-Net Feeding Maneuver balances exploration and exploita-
tion through a logarithmic spiral, and Search for Prey phase diversifies the search space by

https://github.com/AIprinter/WORL-RTGS.git
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moving whales randomly. In each iteration, every whale updates its position by executing
one of these three directions. However, the traditional WOA mechanism is insufficient for
accurately determining the position matrix of a new whale when applied to complex task
scheduling problems, especially in high-dimensional GPU assignment spaces. To overcome
this limitation, WORL-RTGS integrates a Double Deep Q-Network (DDQN) module within
the DRL framework. Based on the direction selected by WOA, the DDQN is responsible for
predicting the next-step position matrix for each whale, thereby enhancing the quality and
precision of the scheduling plan evolution.

4.3.1. Encircling Prey

Humpback whales are able to detect prey and move around it. In WORL-RTGS, the
prey’s position is analogous to the Optimal Scheduling Plan (OSP). Since the exact OSP
is unknown beforehand, the algorithm instead designates the best available scheduling
plan at each step as the target prey, represented by the leading whale. Once this leader is
identified, the remaining whales adjust their positions in relation to it, which is expressed
mathematically as

D = |C · S∗(k)− S(k)|, (31)

S(k + 1) = S∗(k)− A · D, (32)

where k denotes the iteration index, while A and C are coefficients obtained from
Equations (33) and (34). The term S∗(k) represents the leader’s position, i.e., the best
scheduling plan in iteration k. Each whale in the population is represented by S(k),
and its updated position in the next iteration is given by S(k + 1). The symbol | | indicates
element-wise absolute values, and the operator · refers to element-wise multiplication. The
distance between a whale S(k) and the leader S∗(k) is expressed as D. The definitions of
A and C are provided below:

A = 2a′ · r′ − a′, (33)

C = 2 · r′ − 1, (34)

a′ = 2 ·
(

1− k
kmax

)
, (35)

where r′ is a random value uniformly sampled from the interval [0, 1]. The parameter r′

introduces stochasticity into both A and C, ensuring population diversity and preventing
premature convergence. Its value in [0, 1] represents the normalized probability range
for random behavior: r′ = 0 corresponds to no influence from the leader (pure explo-
ration), whereas r′ = 1 enforces complete attraction toward the leader (pure exploitation).
This probabilistic modulation helps balance the two phases during optimization. The
coefficient a′ controls the exploration–exploitation transition. As Equation (35) shows,
a′ decreases linearly from 2 to 0 as the iteration index k increases, meaning that early
iterations favor exploration (larger A range) and later iterations emphasize exploitation
(smaller A). Consequently, A is confined to the range [−a′, a′], gradually shrinking to zero
as convergence progresses. kmax denotes the maximum number of iterations and governs
the temporal decay of a′. Together, (a′, r′) dynamically adjust the search pressure toward
the best scheduling plan S∗(k).

In practice, Equation (31) can measure the actual distance between humpbacks, but
applying it directly to scheduling plans is not meaningful. Each dimension of a plan
corresponds to a GPU index, and subtracting one index from another provides no useful
interpretation. To resolve this, we introduce FTG, defined in Equation (25), as a metric
for quantifying differences between humpbacks. However, FTG by itself is insufficient
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for directly producing new scheduling plans. To overcome this limitation, we leverage
its positive correlation with SPD, as discussed in Section 4.2. By translating FTG into
SPD, we derive a more actionable metric that facilitates the generation of new humpback
positions—corresponding to scheduling plans—throughout the iterative procedure.

It is not feasible to directly generate the next-step humpback whale location, S(t + 1),
using Equation (32) based solely on a given value of FTG, as computed from Equation (25).
The challenge stems from the fact that FTG is a single scalar capturing only the absolute
gap in final finish times, while scheduling plans are inherently high-dimensional vectors.
As a result, FTG lacks the necessary structure and dimensionality to guide the generation
of a new scheduling plan vector directly. To overcome this challenge, we must find a
function that not only reflects the behavior of FTG but also supports extension into a
multidimensional space consistent with the representation of scheduling plans. This is
where our earlier analysis proves useful: we have observed a medium positive correlation
between FTG and SPD in Section 4.2, meaning that as the SPD between two scheduling
plans increases, the corresponding FTG also tends to increase. This correlation enables us
to indirectly control FTG by manipulating SPD. Therefore, in the optimization process,
we replace the original abstract distance term D in Equation (32) with SPD to guide the
humpback’s movement. Unlike FTG, SPD is computable based on the structural differences
between scheduling plans and can be naturally expanded to a higher dimensions. This
allows us to use SPD not only as a proxy for FTG but also as a foundation for deriving new,
high-dimensional scheduling plans through Reinforcement Learning-driven methods.

The next position of a humpback whale, S(k + 1), is obtained by first deriving a set of
target values, referred to as hope(li). Each hope(li) represents the expected workload which
is the total execution time of the GPU that task node li is expected to be assigned to in the
upcoming scheduling plan S(k + 1). Formally, this is expressed as

hope(li) = loadS(k+1)(map(li)), (36)

where map(li) indicates the GPU to which task node li is mapped, and loadS(k+1) computes
the total execution time of tasks assigned to that GPU under the new plan.

To construct this list of hope values for all task nodes li ∈ L, we rely on both the
leader whale’s location and the current whale’s position in iteration k. Specifically, lead(li)
denotes the current load on the GPU handling task node li in the leader whale’s scheduling
plan S∗(k):

lead(li) = loadS∗(k)(map(li)), (37)

curr(li) represents the current load on the GPU handling li in the given humpback’s current
location S(k):

curr(li) = loadS(k)(map(li)). (38)

With both lead(li) and curr(li) known, the algorithm derives hope(li) based on the
relative influence of the leader and current humpback states guided by the coefficients
defined in the WOA mechanism. This hope value list then serves as a basis for reassigning
task nodes in order to construct the whale’s next-step scheduling plan S(k + 1).

Substituting Equation (31) into Equation (32) and comparing with Equation (25),
we obtain the following:

S∗(k)− S(k + 1) = A · |C · S∗(k)− S(k)|,
FTG(S∗(k),S(k + 1)) = A · FTG(S∗(k),S(k)). (39)
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Here, D is substituted with FTG to quantify the gap between two scheduling plans. As
shown in Equation (39), the gap between the leader whale and its follower in the next
step is scaled by factor A. During this stage, the randomness term C is omitted; assign-
ing C = 1 effectively removes stochasticity and ensures the leader humpback’s position
remains deterministic.

Since Section 4.2 shows a positive correlation between FTG and SPD, we suggest
employing SPD as a substitute for FTG. By making this substitution in Equation (39), we
bridge the distance with a more interpretable and extendable metric in multidimensional
scheduling space. Thus, the distance between the leader’s load distribution and the hope
distribution in the next-step schedule can be expressed as

1
n ∑

li∈L
|lead(li)− hope(li)| =

A
n ∑

li∈L
|lead(li)− curr(li)|, (40)

∑
li∈L
|lead(li)− hope(li)| = ∑

li∈L
A · |lead(li)− curr(li)|. (41)

To derive the above expressions, we make a simplifying assumption: for each task
node li, the corresponding terms on both sides of the equation are equal, that is

|lead(li)− hope(li)| = A · |lead(li)− curr(li)|. (42)

Under this assumption, the hope load for each GPU node at the next position S(k + 1)
can be calculated through the following transformation:

lead(li)− hope(li) = ±A · (lead(li)− curr(li)),

hope(li) = lead(li)± A · (lead(li)− curr(li)). (43)

Equation (43) expresses the estimated load on the GPU hosting task node li at the
humpback whale’s next position. It is calculated based on a weighted difference between
the leader whale’s load and the current whale’s load, scaled by the factor A. The ± sign
introduces a bifurcation in movement direction, which aligns with the behavior modeled
by the WOA algorithm enabling the search to either approach or diverge from the leader,
depending on the optimization dynamics in a given iteration. WORL-RTGS feeds the value
of hope(li) from Equation (43) into the DDQN module detailed in Section 4.3.4, which then
determines the next humpback position according to the optimization objective.

In WORL-RTGS, every humpback whale chooses a unique direction for movement in
each iteration. For each selected path, a distinct derivation process is applied to assess the
computational demand on the GPU hosting each task node li at the whale’s anticipated
next location. For instance, in the Encircling Prey phase, this estimation is formulated in
Equation (43), which provides the predicted load values referred to as hope values, based on
the current and leader positions. In the subsequent sections, namely Sections 4.3.2 and 4.3.3,
we apply a similar derivation methodology to the other two behavioral strategies: Bubble-
Net Attacking Method and Search for Prey. These derivations likewise yield a list of hope
values tailored to each phase, enabling us to generate updated scheduling plans that reflect
the selected movement strategy within the WOA-inspired optimization framework.

4.3.2. Bubble-Net Feeding Strategy (Exploitation Phase)

Humpback whales employ a distinctive hunting technique known as Bubble-Net
Feeding [47]. They submerge approximately 12 m, then generate bubbles along a path
resembling a ‘9’ to encircle a school of fish, ascending toward their target. This Bubble-Net
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Feeding behavior comprises two key mechanisms: a shrinking encirclement process and a
spiral position update.

Shrinking encirclement process. In Equation (32), the coefficient A is randomly generated
from the interval [−a, a], with a decreasing linearly as the iteration index k grows. Conse-
quently, the absolute value of A gradually reduces over the course of the iterations. This
gradual reduction causes the search area around the the leader solution to contract progres-
sively. In the context of the Encircling Prey phase, this mechanism reflects the humpback
whale’s strategy of narrowing its focus and moving closer to the optimal solution as the
optimization progresses. The shrinking encirclement helps guide the algorithm toward
exploitation by reducing randomness and encouraging convergence in the later stages of
the search process.

Spiral position update. Seyedali et al. [7] proposed a spiral equation to emulate the distinc-
tive helical motion of humpback whales. The procedure first measures the distance between a
whale at S(k) and the current leader at S∗(k). Based on this distance, a new position along a
spiral path between S(k) and S∗(k) is computed using the following formulation:

S(k + 1) = D′ · ebl · cos(2πl) + S∗(k), (44)

where D′ = |S∗(k)− S(k)| represents the distance between the whale’s current position
and that of the leader, b is a constant parameter, and l is a random value sampled from the
interval [−1, 1]. The random variable l ∈ [−1, 1] controls the direction and amplitude of the
spiral motion. Values of l close to −1 produce outward spirals (encouraging exploration),
while values near 1 generate inward spirals that contract toward the leader (favoring
exploitation). Sampling l symmetrically around zero allows the algorithm to maintain a
balanced probabilistic tendency between expansion and contraction around the current
best solution.

As in the Encircling Prey strategy, the Spiral Bubble-Net Movement determines the
whale’s next position S(k + 1) by first estimating the hope load on the GPU assigned to
task node li at that location. Using a derivation approach analogous to that in the encircling
phase, we obtain the following expression for the hope value:

hope(li) = lead(li)± A′ · (lead(li)− curr(li)), (45)

A′ = ebl · cos(2πl). (46)

Humpbacks reduce the circle while following a spiral trajectory at the same time.
To replicate this dual behavior, a random variable p ∈ [0, 1] is introduced to decide the
movement pattern. If p ≤ 0.5, the whale updates its position using the shrinking-encircling
mechanism; otherwise, the spiral updating rule is applied as follows:

hope(li) =

lead(li)± A · (lead(li)− curr(li)), p ⩽ 0.5

lead(li)± A′ · (lead(li)− curr(li)), p > 0.5.
(47)

4.3.3. Searching for Prey (Exploration Phase)

In natural hunting scenarios, humpback whales know the prey’s location and head
straight toward it. However, in the context of discovering a suboptimal scheduling plan,
whales in WORL-RTGS are not always guaranteed to converge on a globally optimal
solution. Instead, they may become trapped in a local optimum by repeatedly moving
toward a currently best-known solution.

To enhance global exploration and avoid local optima, WORL-RTGS adopts a strategy
where a humpback whale is forced to explore new regions of the solution space when
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|A| > 1. Under this condition, the current leader whale is no longer followed. Instead,
a random whale Srand is selected to act as a temporary guide, and the current whale at
position S(k) is repelled from this randomly chosen whale. This mechanism increases
diversity in the population and encourages exploration of unvisited scheduling plans. The
corresponding position update rule is given by

S(k + 1) = Srand − A · D, (48)

D = |C · Srand − S(k)|, (49)

where Srand represents the scheduling plan of a randomly chosen whale, while D is the
distance to this whale from the current whale, scaled by the random factor C.

To derive the expected workload which is the hope value on the GPU that hosts task
node li at the next-step location S(k+1), we apply the same transformation used in other
movement strategies. The resulting expression is

hope(li) = rand(li)± A · (rand(li)− curr(li)), (50)

where rand(li) = loadSrand(map(li)) is the current total execution time of all task nodes
mapped to the GPU processing li in the randomly selected whale. This equation allows
WORL-RTGS to estimate the updated task distribution under the exploration-driven move-
ment and facilitates the generation of new scheduling candidates with greater diversity.

Having introduced the three behavioral mechanisms of the humpback whale: Encir-
cling Prey, Bubble-Net Attacking, and Search for Prey, we have derived three corresponding
sets of target values, denoted as {hope(li)|li ∈ L}. Each set represents the desired workload
outcomes for task nodes under one of the three movement strategies, guiding how the
whale (i.e., the scheduling plan) should evolve in the next iteration. The next step is to trans-
late these hope values into a concrete next-step scheduling plan, i.e., the whale’s updated
position. To achieve this, the WORL-RTGS algorithm employs a Double Deep Q-Network
(DDQN) framework. The DDQN is used to generate a scheduling plan that aligns as closely
as possible with the desired workload distribution specified in the corresponding hope(li)
list, thereby guiding the whale or scheduling plan toward more optimal solutions in a
structured and adaptive manner.

4.3.4. DDQN-Based Whale Position Generation

To generate an optimized scheduling plan S(k + 1), we design a Double Deep
Q-Network (DDQN) module that predicts the optimal GPU assignment for each task node
li based on its expected workload, denoted as hope(li). The DDQN agent is trained to learn
a mapping strategy that minimizes the deviation between the actual and expected GPU
workloads, thereby enhancing scheduling efficiency in high-dimensional task allocation
scenarios. The corresponding Markov Decision Process (MDP) is defined as follows.

State Space S:

Each state s(li) characterizes the scheduling environment of task node li and includes
the following components: the index of the current task node li; the expected workload
vector L⃗isthope ∈ Rn, where n denotes the total number of task nodes, and each entry
corresponds to the desired total load on the GPU to which li is expected to be assigned; the
computational workload vector W⃗ ∈ Rn for all task nodes (e.g., measured in FLOPs); and
the current GPU load vector ⃗Loadcurr ∈ Rm, where m is the number of GPUs. Thus, each
state is represented as

s(li) =
[
li, L⃗isthope, W⃗, ⃗Loadcurr

]
. (51)
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Action Space A:

The action space consists of all available GPUs:

A = {GPU1, GPU2, . . . , GPUm}. (52)

Each action a ∈ A corresponds to assigning task node li to a specific GPU.

Reward Function R(s, a):

The reward function encourages the agent to minimize the deviation between the
predicted and desired GPU workloads:

R(s, a) = −
∣∣hope(li)− pred_loada(li)

∣∣. (53)

Here, pred_loada(li) denotes the predicted load on GPU a after assigning task node li to it.
The closer this predicted load is to the desired workload value hope(li), the higher (i.e., less
negative) the reward.

Training Objective:

The training objective is to derive a scheduling policy that reduces the overall Load
Deviation (LoD) once all task nodes have been allocated. The LoD is defined as

LoD =
n

∑
i=1

∣∣∣hope(li)− loadS(k+1)(map(li))
∣∣∣, (54)

where loadS(k+1)(map(li)) denotes the total runtime of all tasks assigned to the same GPU
as li in the final plan, and hope(li) represents the expected workload prior to scheduling.

DDQN Architecture:

The DDQN module is implemented using a lightweight multilayer perceptron (MLP)
architecture. The network receives a state vector s(li) ∈ R2n+m+1 as input, which encodes
the scheduling environment of the current task node. The output is a Q-value vector
Q(s, a) ∈ Rm, where each element corresponds to the estimated cumulative reward of
assigning task node li to one of the m available GPUs. The network consists of an input
layer of size 2n + m + 1. This is followed by two hidden layers containing 128 and 64 units,
respectively, each using the ReLU activation function. The final output layer has m units
and uses a linear activation to produce Q-values for each possible GPU assignment.

During training, we employ experience replay and the Double DQN target update
strategy to stabilize learning. The Q-value update is computed as

y = r + γ ·Qtarget(s′, arg max
a

Qonline(s′, a)),

with the corresponding loss function defined as

L = (y−Qonline(s, a))2.

To mitigate overestimation bias, the parameters of the target network are periodically
synchronized with those of the online network.

The pseudocode of the DDQN-based whale position generation method is presented in
Algorithm 1. This method is applied in conjunction with the three behavioral mechanisms
of the humpback whale: Encircling Prey, Bubble-Net Attacking, and Search for Prey, each
of which yields a corresponding set of target values, denoted as {hope(li) | li ∈ L}. The
complete pseudocode of the overall WORL-RTGS algorithm is provided in Algorithm 2.
We begin by presenting the pseudocode of Algorithm 1, followed by the full process of
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the WORL-RTGS algorithm as shown in Algorithm 2. Algorithm 1 presents the DDQN-
based task-to-GPU scheduling method. In each training episode, task nodes are scheduled
sequentially according to a topological order. For each task node, the current state is
constructed and used as input to the online Q-network to select the GPU with the highest
predicted Q-value. The selected action is applied by assigning the task to the chosen GPU
and updating the current load. A reward is computed based on the deviation between the
expected and predicted GPU load, and the transition tuple (s, a, r, s′) is stored in the replay
buffer. Mini-batches drawn from the buffer are employed to update the online network
through Q-learning, with target Q-values computed using the Double DQN approach. The
target network is synchronized with the online network at regular intervals. After training,
the learned Q-network is used to generate the final scheduling plan S(k + 1). Algorithm 2
outlines the integrated optimization procedure of the WORL-RTGS algorithm, which
combines the Whale Optimization Algorithm (WOA) with a DDQN-based scheduling
module. The algorithm begins by initializing a population of humpback whales and
evaluating their fitness values using Equation (17). The best-performing whale is selected as
the current leader. At each iteration, whale positions are updated according to one of three
behaviors: Encircling Prey, Searching for Prey, or Spiral Bubble-Net Attack, determined
by the randomly chosen control parameters r and p. For each behavior, a corresponding
hope value list L⃗isthope is computed, and the DDQN module as Algorithm 1 is invoked
to guide the position update. After all whales are updated, their fitness values are re-
evaluated and the leader is updated accordingly. The process continues until the maximum
iteration limit is reached, at which point the optimal solution S∗ is delivered. As iterations
progress, the magnitude of |A| steadily declines from 2 to 0, facilitating a shift from
exploration to exploitation. In each cycle, WORL-RTGS chooses between a spiral or circular
trajectory based on a randomly determined parameter p. Once a humpback whale selects
its movement pattern, a set of hope values {hope(li) | li ∈ L} is computed. Guided by a
Q-network, a new whale position is established by fulfilling these hope values. Successful
fulfillment of the hope values ensures that the FTG metric is also met, owing to its positive
correlation with SPD, as discussed in Section 4.2. For reference, the primary parameters
utilized in the algorithm are outlined in Table 4.

Algorithm 1 DDQN-Based Task-to-GPU Scheduling Algorithm.

1: Input: Task set L = {l1, l2, . . . , ln}, initial GPU loads ⃗Loadcurr, hope vector L⃗isthope
2: Output: Scheduling plan S(k + 1)
3: Initialize Qonline, Qtarget, and replay buffer D
4: for episode = 1 to Nepisodes do
5: for each task node li in topological order do
6: Construct state s
7: a← arg max Qonline(s, a)
8: Assign li to GPU a, update ⃗Loadcurr
9: Compute reward r

10: Construct next state s′

11: Store (s, a, r, s′) in D
12: Sample batch from D
13: for each (s, a, r, s′) in batch do
14: a′ ← arg max Qonline(s′, a)
15: y← r + γ ·Qtarget(s′, a′)
16: Update Qonline with loss (y−Qonline(s, a))2

17: Periodically update Qtarget

18: return Final scheduling plan S(k + 1)
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Table 4. Notations and parameter descriptions used in the algorithm.

Parameter Description

SPD Distance measure between two scheduling plans
k Current iteration index
kmax Maximum number of iterations

loadS (map(l)) Total execution time of tasks assigned to the GPU executing node l in
plan S

FTG Gap in final finish time between two scheduling plans
S∗ Position of the leader whale
S(k) Whale’s position at iteration k
r′, l Two random values
p Random variable controlling spiral vs. circular movement
A, C, a′, A′ Coefficients
S State space
s(li) A state in state space S

li Index of the current task node
L⃗isthope Expected workload for each task node
W⃗ Computational demands of all task nodes (e.g., FLOPs)
⃗Loadcurr Current load on each GPU

C⃗ Computational capability of each GPU (e.g., TFLOPS)
A Action space
a An action in action space A

R(s, a) Reward function
pred_loada(li) The predicted load on GPU a after assigning task node li to it
LoD The Load Deviation, which is the training objective
Q(s, a) A Q-value vector
L Loss function
b′ Batch size used in the replay buffer during Q-network training
Nepisodes Count of training episodes
numHump Count of whales in the population
numIter Total number of whale position update iterations

The overall computational complexity of the WORL-RTGS algorithm is determined by
the interaction between the Whale Optimization loop and the DDQN-based scheduling
procedure embedded within each iteration. In the DDQN-based whale next-position
generation method Algorithm 1, let b′ denote the batch size used in the replay buffer during
training and n denote the number of task nodes. Let Nepisodes denote the number of training
episodes. For each episode, the algorithm iterates over all n task nodes. For each task node,
it performs: state construction and action selection using the Q-network: O(m), where m is
the number of GPUs; reward computation and buffer update: O(1); and backpropagation
on the sampled batch of size b′: O(b′ ·m). Thus, the total complexity of the DDQN module
per episode isO(n · (m+ b′ ·m)) = O(n · b′ ·m), and the overall complexity across Nepisodes

episodes is CostDDQN = O(Nepisodes · n · b′ · m). In the WORL-RTGS optimization loop
Algorithm 2, let numHump denote the number of whales in the population, and numIter
the total number of optimization iterations. In each iteration, the algorithm evaluates
and updates the position of each whale using one of three behavioral strategies. Each
position update invokes the DDQN module once. Therefore, the total complexity of the
WORL-RTGS algorithm isO(numIter · numHump ·CostDDQN) = O(numIter · numHump ·
Nepisodes · n · b′ ·m). This reflects the nested nature of the hybrid metaheuristic–learning
framework, where each metaheuristic update is guided by a learned scheduling policy.
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Algorithm 2 WORL-RTGS Integrated Optimization Procedure.

1: Input: Maximum number of iterations numIter; number of humpback whales
numHump;

2: Randomly initialize the population of humpback whales Si, where i =
1, 2, . . . , numHump;

3: Compute the fitness value (FFT) of each whale according to Equation (17);
4: Identify the whale with the smallest FFT and assign it as the leader S∗;
5: Initialize iteration counter: k← 0;
6: while k < numIter do
7: for each whale in the population do
8: Randomly generate control parameters r and p;
9: Update the coefficient A using Equation (33);

10: if p < 0.5 then
11: if |A| < 1 then
12: Compute the hope value list L⃗isthope using Equation (43);
13: Update the whale position using the DDQN-based method Algorithm 1;
14: else if |A| ≥ 1 then
15: Randomly select a whale Srand and assign it as S∗;
16: Compute the hope value list L⃗isthope using Equation (50);
17: Update the whale position using the DDQN-based method Algorithm 1;
18: else if p ≥ 0.5 then
19: Update A using the spiral equation: A = ebl · cos(2πl);
20: Compute the hope value list L⃗isthope using Equation (45);
21: Update the whale position using the DDQN-based method Algorithm 1;
22: Recalculate the FFT for all whales;
23: Update the leader S∗ based on the best fitness;
24: Increment iteration: k← k + 1;
25: Output: Final optimal solution S∗;

The space complexity of the DDQN-based scheduler mainly consists of three parts: the
parameters of the online and target Q-networks, the experience replay buffer, and auxiliary
data structures for state and load tracking. Assuming an L′-layer neural network with
hidden dimension h, the space for network parameters is O(L′ · h2). Since both Qonline and
Qtarget are maintained, the total becomes O(2L · h2). The replay buffer stores b′ experience
tuples, each with state, action, reward, and next state, leading to space O(b′ · (2n + m + 1)),
where (2n + m + 1) is the state vector dimension. Additionally, the scheduling plan and
GPU load tracking introduce negligible overhead O(n + m). In total, the space complexity
is O(L′ · h2 + b′ · (n + m)).

5. Performance Evaluation
5.1. Experiment Setup

In this section, we first analyze the sensitivity of four key parameters: the num-
ber of training episodes Nepisodes, the discount factor γ, the maximum number of iter-
ations numIter, and the spiral coefficient b. We then conduct comparative experiments
between WORL-RTGS and five baseline scheduling algorithms, using both real-world
workloads from the Alibaba Cluster Trace v2018 (https://github.com/alibaba/clusterdata,
accessed on 6 November 2025) and synthetic DAG-structured workloads. The Alibaba Clus-
ter Trace v2018, collected from Alibaba’s production environment, spans approximately
4000 machines over eight days. It provides DAG-structured workloads, machine status
snapshots at each timestamp, and detailed execution logs. To cover short-, medium-, and
long-duration workloads, we select jobs from the trace with roughly 100–1000 tasks in
steps of 100 for small-scale workloads, 1200–3000 tasks in steps of 200 for medium-scale

https://github.com/alibaba/clusterdata
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workloads, and 4000–10,000 tasks in steps of 1000 for large-scale workloads, noting that
task counts are approximate. Our evaluation consists of four experimental sets based on
DAG-structured workloads, examining system performance under both high-load and
low-load server conditions.

The WORL-RTGS algorithm and all baseline scheduling methods are implemented
in Java. Workload scheduling tests are executed on a cluster of nine local servers running
Ubuntu 20.04.6 LTS with Java 1.8.0_191. Data processing and visualization of results are
conducted using Python 3.14.0 on a Windows-based PC. All source code, datasets, and
selected instance configurations are openly accessible on GitHub (https://github.com/
AIprinter/WORL-RTGS.git, accessed on 6 November 2025).

5.2. Comparison Algorithms

• DRAS algorithm [29]: A hierarchical Deep Reinforcement Learning (DRL) framework
designed for High-Performance Computing (HPC) clusters. It learns a dynamic
scheduling policy via Deep Reinforcement Learning (RL), outperforming traditional
heuristics by up to 45%.

• mDRL algorithm [32]: This approach leverages multi-agent Reinforcement Learning
combined with graph neural networks to schedule deep learning jobs in large GPU
clusters. The method focuses on minimizing job completion time by encoding cluster
topology and modeling interference. It achieves over 20% improvements compared to
stateless schedulers.

• MAGRL algorithm [31]: A topology-aware scheduling framework for large-scale
GPU clusters. It uses multiple cooperative RL agents and a hierarchical graph neural
network to model both intra-server and inter-scheduler structures. To handle limited
feedback, MAGRL incorporates a learned interference model to predict co-location
performance. Experiments show it reduces average job completion time by over 20%.

• RL-Hybrid algorithm [33]: This work models GPU cluster scheduling by explicitly
accounting for network contention. A Reinforcement Learning agent learns to delay or
reorder jobs to reduce network bottlenecks. Experiments show an 18.2% reduction in
average job completion time and a 20.7% decrease in tail completion times compared
to conventional schedulers.

• MIG+MPS algorithm [30]: Focusing on co-locating multiple tasks on a single GPU
using NVIDIA’s MPS/MIG partitioning, this method employs deep RL to jointly opti-
mize partition configuration and job co-location. It achieves up to 1.87× throughput
improvement over traditional time-sharing scheduling.

We unify the notation across all the six algorithms to present a concise and consistent
time and space complexity analysis. Let n denote the number of task nodes or jobs, m the
number of available GPUs, L′ the number of neural network layers, h the hidden layer
width, b′ the batch size or replay buffer size, ds the dimensionality of the input state vector,
da the dimensionality of the action vector, Nepisode the total number of training episodes,
E the number of edges in a topology graph, and N the number of agents for multi-agent
frameworks. For MAGRL, let de be the GNN embedding dimension. For WORL-RTGS,
let numIter be the number of Whale Optimization iterations and numHump the number
of whales.

Although the theoretical time complexity of WORL-RTGS appears higher due to the
presence of multiplicative constants such as numIter, numHump, Nepisode, and b′ as shown
in Table 5, these values are typically small and fixed in practice. As a result, the actual
runtime scaling of WORL-RTGS is primarily linear in the number of tasks n and GPUs m,
making it computationally efficient in real-world deployments. In contrast, algorithms
such as MAGRL and mDRL involve high-dimensional GNN embeddings de, large agent

https://github.com/AIprinter/WORL-RTGS.git
https://github.com/AIprinter/WORL-RTGS.git
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populations N, or complex state or action vectors with dimensionality ds and da, which can
easily exceed hundreds of features. This leads to higher-order polynomial complexity terms
like O(d2

e ) or O(b′ · (ds + da)), significantly increasing both computational and memory
requirements. Therefore, from a practical perspective, WORL-RTGS achieves a balance
by keeping model dimensionality compact and avoiding agent duplication, leading to
competitive time and space efficiency in large-scale scheduling scenarios.

Table 5. Time and space complexity of six scheduling algorithms.

Algorithm Time Complexity Space Complexity

DRAS O(Nepisode · (n · ds + b′ · L′ · h2)) O(L′ · h2 + b′ · ds)
mDRL O(N · Nepisode · (L′ · h2 + n)) O(N · (L′ · h2 + b′ · ds))
MAGRL O(N · L′ · E · d2

e ) O(N · L′ · d2
e + b′ · (ds + da))

RL-Hybrid O(L′ · h2 + n ·m) O(L′ · h2 + b′)
MIG+MPS w/RL O(Nepisode · b′ · L′ · h2) O(L′ · h2 + b′ · ds)
WORL-RTGS O(numIter · numHump · Nepisode · n · b′ ·m) O(L′ · h2 + b′ · (n + m))

5.3. Parameter Sensitivity Analysis

To evaluate the robustness and performance impact of the WORL-RTGS scheduling al-
gorithm under different hyperparameter configurations, we conduct a parameter sensitivity
analysis. We focus on four key parameters from both the DDQN and WOA components of
the algorithm: number of training episodes Nepisodes, discount factor γ, maximum number
of iterations numIter, and the spiral coefficient b in the WOA model.

In each experiment, we vary one parameter at a time while keeping the others fixed at
their default values. For each configuration, we run the scheduling algorithm 10 times and
report the average results of key performance metrics, including the final makespan and
convergence behavior. This helps assess the sensitivity and stability of the WORL-RTGS
algorithm with respect to changes in each parameter. The design of the sensitivity analysis
is summarized in Table 6.

Table 6. Experimental design for parameter sensitivity.

Parameter Symbol Default Value Test Values Type Evaluation Metrics

Training Episodes Nepisodes 1000 100, 500, 1000, 2000, 3000 Discrete Makespan, Convergence

Discount Factor γ 0.95 0.90, 0.93, 0.95, 0.97, 0.99 Continuous Stability, Final Reward

Spiral Coefficient b 1.0 0.5, 1.0, 1.5, 2.0 Continuous Local Exploitation Ability

Max Iterations numIter NaN NaN Discrete Makespan

5.3.1. Sensitivity Analysis on Training Episodes Nepisodes

To investigate how the number of training episodes Nepisodes affects the performance
of the WORL-RTGS algorithm, we conduct a sensitivity analysis by varying Nepisodes while
keeping all other parameters fixed at their default values. Specifically, the parameters
γ = 0.95, numIter = 300, and spiral coefficient b = 1.0 are held constant.

The training episodes control how many times the DDQN agent learns from scheduling
experiences for each task node. Intuitively, a small number of episodes may lead to
underfitting, while a very large number may cause unnecessary computation without
further improvement. Therefore, we test five different values of Nepisodes: 100, 500, 1000,
2000, and 3000. For each configuration, we run the WORL-RTGS algorithm on three
benchmark DAG workloads consisting of 500, 1000, and 5000 task nodes selected from the
Alibaba Cluster Trace v2018. We collect performance metrics including the final makespan
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of the generated schedule and the convergence behavior of the learning process. To mitigate
the effects of randomness, each test is repeated ten times. The average results and standard
deviation are reported in Table 7.

Table 7. Average makespan and standard deviation under different training episodes.

Nepisodes 500 Tasks 1000 Tasks 5000 Tasks

100 93.2 ± 3.5 184.1 ± 5.2 892.5 ± 12.3
500 85.6 ± 2.8 169.4 ± 4.1 848.3 ± 9.8

1000 81.7 ± 2.0 161.2 ± 3.7 832.0 ± 6.4
2000 80.5 ± 1.5 158.9 ± 3.1 828.6 ± 4.3
3000 80.3 ± 1.2 158.4 ± 2.8 827.5 ± 3.9

Figure 7 illustrates the impact of the number of training episodes Nepisodes on the
scheduling performance of the WORL-RTGS algorithm. The left y-axis shows the average
makespan of the generated schedules across three workloads of different sizes: 500, 1000,
and 5000 tasks, while the right y-axis displays the corresponding standard deviations,
reflecting the stability of the scheduling results.
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Figure 7. Effect of Nepisodes on makespan (left axis) and standard deviation (right axis).

As Nepisodes increases from 100 to 3000, all three workload sizes exhibit a clear reduc-
tion in makespan, especially within the range of 100 to 1000 episodes. For example, in
the 500-nodes workload, the average makespan drops from 93.2 to 81.7 as the number of
episodes increases from 100 to 1000. However, beyond 1000 episodes, the improvement be-
comes marginal, e.g., only a 1.4 reduction between 1000 and 3000, suggesting a diminishing
return from further training. Meanwhile, the standard deviation decreases steadily across
all workload sizes, indicating that more training episodes lead to more stable scheduling
decisions. For instance, the standard deviation for the 5000-nodes workload decreases from
12.3 at 100 episodes to 3.9 at 3000 episodes. This confirms that increased training helps the
DDQN component converge to more consistent policies.

In summary, increasing Nepisodes improves both scheduling quality and stability up to
a certain point, beyond which additional training yields little benefit. A value around 1000
to 2000 appears to offer a good trade-off between performance and training cost.

5.3.2. Impact of Discount Factor γ

To evaluate the impact of the discount factor γ on the learning performance of the
DDQN-based scheduling strategy within the WORL-RTGS framework, we perform a
parameter sensitivity analysis by varying γ while keeping all other hyperparameters fixed
at their default values. The discount factor γ ∈ (0, 1) plays a pivotal role in balancing the
importance of immediate versus future rewards. A smaller γ places greater emphasis on
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short-term gains, whereas a larger value encourages long-term planning. In the context
of GPU task scheduling, this trade-off directly influences how the algorithm prioritizes
near-term scheduling efficiency versus delayed but globally optimal task placements.

As shown in Table 6, we consider five representative values of γ: 0.90, 0.93, 0.95, 0.97,
0.99, covering a wide range from myopic to far-sighted decision-making. Each configuration
is evaluated using three benchmark DAG workloads with 500, 1000, and 5000 task nodes,
respectively, drawn from the Alibaba Cluster Trace v2018, following the same experimental
setup described in Section 5.3.1. Based on prior analysis of training episode sensitivity, we
fix the number of training episodes at Nepisodes = 1000 for all tests.

By examining how different values of γ affect the learning stability and final cumula-
tive reward, this experiment aims to reveal whether the scheduling policy benefits more
from short-term optimization or long-term reward accumulation. The results help identify
the most effective setting of γ that ensures stable convergence and high-quality scheduling
performance across diverse GPU workloads. Each test is repeated ten times to reduce the
impact of randomness, and average results are reported.

To investigate the influence of the discount factor γ on the learning dynamics and final
scheduling performance of the DDQN-based strategy in WORL-RTGS, we perform a param-
eter sensitivity analysis across five representative values: γ ∈ {0.90, 0.93, 0.95, 0.97, 0.99}.
Unlike traditional Reinforcement Learning setups that analyze convergence based on the
number of training episodes alone, our setting involves a total of 9 million episodes, across
three benchmark tasks, each involving 300 iterations × 10 whales × 1000 episodes. This
renders the conventional notion of episode-based convergence unsuitable. To address this,
we redefine the convergence speed metric. Specifically, we partition the entire training
process into 9000 stages, each representing 1000 training episodes. At the end of each stage,
training is paused, and the current DDQN policy is used in inference mode to schedule a
test DAG with 500 task nodes. The Cumulative Reward and Stability (Std.) are recorded.
This enables us to observe how the policy evolves and whether its scheduling quality
improves as training progresses.

Figure 8 illustrates the cumulative reward progression for each γ value across all
stages. The results reveal that γ = 0.90 exhibits faster early-stage improvement, but suffers
from larger fluctuations and a lower overall performance ceiling. γ = 0.93 balances stability
and reward more effectively, showing smoother progression with improved final outcomes.
γ = 0.95 and γ = 0.97 both demonstrate strong long-term optimization behaviors. In
particular, γ = 0.97 achieves the highest final cumulative reward 1401.8 with relatively
low variance 64.9, indicating excellent convergence and generalization. γ = 0.99, while
conceptually emphasizing long-term reward, shows signs of slower adaptation and mild
instability in early and middle stages, although its final performance remains competitive.

Table 8 further confirms these observations by summarizing the final reward and
corresponding standard deviation across three test tasks: 500, 1000, and 5000 task nodes.
The performance trend shows that a moderate-to-high discount factor (0.95–0.97) leads to
the best overall trade-off between convergence speed, reward maximization, and stability.
Taken together, these results suggest that γ = 0.97 is the most effective setting under
our workload characteristics, as it promotes both high reward accumulation and robust
learning convergence throughout the prolonged training process. Therefore, in practical
deployments of WORL-RTGS on large-scale GPU clusters, setting γ within the range of
0.95–0.97 is recommended to ensure optimal scheduling quality and learning robustness.
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Figure 8. Parameter sensitivity analysis for different values of γ.

Table 8. Final reward and stability (Std.) under different γ values.

Task Size
γ = 0.90 γ = 0.93 γ = 0.95 γ = 0.97 γ = 0.99

Reward Std. Reward Std. Reward Std. Reward Std. Reward Std.

500 1325.7 92.4 1358.9 75.2 1392.7 62.3 1401.8 64.9 1387.4 78.6
1000 2590.3 185.1 2684.1 142.5 2794.5 118.2 2831.0 126.1 2762.6 141.3
5000 12,845.6 548.2 13,242.8 504.6 13,872.4 465.8 14,034.7 478.3 13,759.5 512.7

5.3.3. Impact of Parameter b

For the subsequent experiments, we configure Nepisodes to 1000 and γ to 0.97, as
determined by the evaluations in Sections 5.3.1 and 5.3.2, while maintaining all other
hyperparameters at their default settings. To examine the impact of parameter b in WORL-
RTGS, we devise a series of controlled tests using three representative workloads, consistent
with Section 5.3.1: a small job with 500 task nodes, a medium job with 1000 task nodes, and
a large job with 5000 task nodes. This categorization enables us to assess the stability of
parameter b across varying workload magnitudes.

For each chosen job, we run WORL-RTGS with different configurations of parameter
b, varying from 0.5 to 2.0 in steps of 0.5, resulting in four values: b ∈ {0.5, 1.0, 1.5, 2.0}. For
every b value and job size, we conduct 30 trials of the algorithm, logging the makespan after
each trial. Using this data, we create a box plot to visualize the makespan distribution across
small, medium, and large jobs for each b value. In the plot, the x-axis indicates the b value,
while the y-axis shows the makespan. To verify the statistical significance of performance
disparities, we utilize non-parametric statistical methods: the Friedman test [48], succeeded
by the Nemenyi post hoc test [49], applied to the makespan outcomes across various b
values. The Friedman test’s lack of reliance on normal distribution assumptions renders it
well suited for these scheduling experiments, allowing us to assess whether performance
differences are statistically significant.
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Figure 9 displays boxplots illustrating makespan distributions for three job sizes under
different b values. The parameter b notably influences the algorithm’s effectiveness. In partic-
ular, when b falls within [1.0, 1.5], the algorithm consistently delivers improved performance,
with shorter and more consistent job completion times across all job scales. Conversely, at
extreme values like b = 0.5 or b ≥ 2.0, completion times show greater variability and often
rise significantly, suggesting diminished scheduling efficiency and stability.
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Figure 9. Completion time for small, medium, and large jobs across varying b values.

To evaluate the impact of the priority parameter b on scheduling efficiency, we con-
ducted Friedman and Nemenyi post hoc tests on the makespan results under the four
distinct b settings [0.5, 1.0, 1.5, 2.0], across three job sizes: small, medium, and large. The
Friedman test results in Table 9 indicate statistically significant differences in makespan
among different b values for all job sizes p < 0.01. This validates that the choice of b has a
non-negligible effect on the scheduling outcome.

Table 9. Friedman test results for different job sizes.

Job Size Friedman Statistic p-Value

Small 19.8400 0.0002
Medium 73.2400 0.0000
Large 71.5600 0.0000

Subsequent Nemenyi post hoc comparisons reveal several key insights. In the small
job tests Table 10, settings b = 1.0 and b = 1.5 significantly outperform b = 0.5, and there is
no significant difference between them, suggesting these values are more appropriate for
lightweight tasks. In the medium job tests Table 11, nearly all pairs differ significantly except
between b = 1.0 and b = 1.5, indicating these two settings provide optimal makespan
while b = 0.5 consistently underperforms. In the large job tests Table 12, b = 0.5 yields
the worst performance. Both b = 1.0 and b = 1.5 are statistically better, while b = 2.0 may
introduce overhead or less balanced scheduling. In conclusion, while smaller b values lead
to poorer performance, the values b = 1.0 and b = 1.5 consistently demonstrate statistically
superior makespan outcomes across job types, making them favorable default choices in
the WORL-RTGS scheduling algorithm.
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Table 10. Nemenyi post hoc test p-values for small jobs.

0.5 1.0 1.5 2.0

0.5 1.000 0.0018 0.0004 0.1879
1.0 0.0018 1.000 0.9783 0.3786
1.5 0.0004 0.9783 1.000 0.1879
2.0 0.1879 0.3786 0.1879 1.000

Table 11. Nemenyi post hoc test p-values for medium jobs.

0.5 1.0 1.5 2.0

0.5 1.000 3.12× 10−11 1.78× 10−13 0.0026
1.0 3.12× 10−11 1.000 0.8971 0.0038
1.5 1.78× 10−13 0.8971 1.000 0.0002
2.0 0.0026 0.0038 0.0002 1.000

Table 12. Nemenyi post hoc test p-values for large jobs.

0.5 1.0 1.5 2.0

0.5 1.000 3.71× 10−14 4.82× 10−10 0.0012
1.0 3.71× 10−14 1.000 0.5629 0.0002
1.5 4.82× 10−10 0.5629 1.000 0.0263
2.0 0.0012 0.0002 0.0263 1.000

5.3.4. Impact of Max Iterations

The parameters Nepisodes, γ, and b are determined based on prior experiments. For
subsequent tests, we configure Nepisodes to 1000, γ to 0.97, and b to 1.0 to simplify the spiral
update equation. To capture both short- and long-duration workloads, we select tasks
with approximately 100–1000 nodes for short jobs and 1000–10,000 nodes for long jobs. To
establish the maximum iteration count, we perform two experiment groups. The first group
analyzes the makespans of jobs from the Alibaba Cluster Trace across iterations during the
cluster’s busy phase. The second set of experiments assesses the total completion times of
jobs during the cluster’s idle state. The findings are illustrated in Figure 10, with Figure 10a
presenting results for the busy state and Figure 10b displaying outcomes for the idle state. It
is observed that makespans reach stability after approximately 200 iterations in Figure 10a
and 300 iterations in Figure 10b, suggesting a slower convergence rate during idle periods.
Consequently, we set the iteration limit to 300 for subsequent experiments.

(a) Busy period (b) Idle period

Figure 10. Makespan across iterations during busy and idle periods.
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5.4. Ablation Study: Contribution of Hybrid Design

To directly evaluate the effectiveness of WORL-RTGS in overcoming the limitations of
standalone Reinforcement Learning and traditional heuristic optimization WOA, we con-
duct an ablation study using real-world workloads. Job traces are sampled from the Alibaba
Cluster Trace dataset, which reflects large-scale production workloads with diverse job sizes,
resource demands, and execution patterns. We randomly select representative jobs covering
small, medium, and large computational scales to maintain workload heterogeneity.

We compare the following variants to assess the contribution of each component:

• WORL-RTGS (full): Hybrid WOA-guided RL.
• WORL-RTGS w/o WOA: Pure DDQN with the same state-action space as the RL

component in WORL-RTGS. The hope(li) value is set to the mean task load.
• WORL-RTGS w/o RL: Pure WOA with a fixed iteration budget. WOA is used as a

standalone population-based optimizer to search the task-to-GPU mapping space,
using the same makespan objective as the hybrid approach.

Tables 13–15 show that WORL-RTGS (full) consistently achieves the lowest mean
makespan and highest scheduling stability across all tested job scales. Removing either
the WOA or RL component leads to significant performance degradation, which becomes
more pronounced as the job size increases.

Table 13. Ablation study on real workload with 300 nodes.

Algorithm Mean Makespan (s) Relative Increase Std. Dev. Relative Increase (Std. Dev.)

WORL-RTGS (full) 137.7 - 5.2 -
w/o WOA (pure DDQN) 315.4 +129.1% 12.8 +146.2%
w/o RL (pure WOA) 593.7 +331.2% 24.6 +373.1%

Table 14. Ablation study on real workload with 1000 nodes.

Algorithm Mean Makespan (s) Relative Increase Std. Dev. Relative Increase (Std. Dev.)

WORL-RTGS (full) 395.5 - 11.3 -
w/o WOA (pure DDQN) 876.2 +121.5% 26.7 +136.3%
w/o RL (pure WOA) 1638.4 +314.2% 63.8 +464.6%

Table 15. Ablation study on real workload with 5000 nodes.

Algorithm Mean Makespan (s) Relative Increase Std. Dev. Relative Increase (Std. Dev.)

WORL-RTGS (full) 287.9 - 9.1 -
w/o WOA (pure DDQN) 682.4 +137.0% 23.5 +158.2%
w/o RL (pure WOA) 1423.6 +394.3% 79.1 +769.2%

Specifically, under the 300-node workload, pure DDQN (w/o WOA) increases the
mean makespan by 129.1%, while pure WOA (w/o RL) leads to an increase of 331.2%.
Similar trends occur for larger jobs: the 1000-node case shows 121.5% (DDQN) and 314.2%
(WOA) increases; the 5000-node case exhibits 137.0% and 394.3% increases, respectively.
These results highlight the critical synergy between WOA’s global search and RL’s adaptive
decision-making for scalability and convergence efficiency.

In terms of stability, WORL-RTGS has the lowest standard deviation in makespan.
Pure DDQN shows 1.3–1.6× higher variability, while pure WOA fluctuates even more, up
to 7.7× higher at 5000 nodes. This demonstrates that the hybrid design not only accelerates
convergence but also ensures robust performance under dynamic workload variations.
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Overall, the ablation study confirms that the WOA-guided RL architecture effectively
integrates heuristic global exploration with data-driven policy optimization. Removing
WOA leads to poor exploration, increasing makespan by up to 137%, whereas removing RL
limits learned generalization, increasing makespan by up to 394%. Meanwhile, the hybrid
design accelerates convergence (3.2× faster than pure DDQN), demonstrating robust and
scalable performance in real-world cluster environments.

5.5. Comparison of Scheduling Algorithms on Real Workloads

Figure 11 presents a comparison of makespans for six scheduling algorithms: DRAS,
mDRL, MAGRL, MIGMPS, RL-Hybrid, and WORL-RTGS. It highlights their performance
in scheduling DAG-structured jobs during both high-load and low-load cluster periods.
The horizontal axis represents the number of tasks, ranging from 100 to 1000 for short-
running jobs and from 1000 to 10,000 for long-running jobs, all of which are extracted from
the Alibaba dataset. The vertical axis represents the job makespan. Note that a lower job
makespan indicates a better performance of the scheduler.
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Figure 11. Experiments conducted on DAG-structured workloads.

Across all settings, WORL-RTGS consistently outperforms all other algorithms, achiev-
ing the lowest job makespan in both idle and busy environments, regardless of job size, as
shown in Figure 11. This confirms the robustness and efficiency of the WORL-RTGS algo-
rithm in optimizing task scheduling under diverse system loads. In contrast, RL-Hybrid
consistently shows the worst performance, with significantly higher makespan values and
larger fluctuations, especially in large job scenarios. This suggests that RL-Hybrid lacks
sufficient generalization and adaptability when handling complex DAG dependencies or
under high resource contention.

In idle cluster environments, both small and large job sets reveal noticeable perfor-
mance differences despite the abundance of resources. WORL-RTGS consistently achieves
the lowest makespan across all task sizes, demonstrating superior data locality and schedul-
ing efficiency. DRAS and mDRL follow closely, although mDRL exhibits more variability
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with occasional spikes (e.g., 265 s at 900 tasks). MAGRL and MIGMPS show moderate
performance but suffer from instability, indicated by intermittent makespan surges. RL-
Hybrid performs the worst, especially for large jobs where its makespan reaches up to
1175 s, highlighting its poor scalability and limited optimization capability.

In busy cluster scenarios, where resource contention is intense, the differences between
algorithms become more pronounced. WORL-RTGS remains the most robust, maintaining
relatively low makespan values even under pressure (e.g., 891 s at 10,000 tasks). DRAS
and mDRL show moderate degradation but remain competitive. In contrast, MAGRL and
MIGMPS struggle with increased volatility and frequent performance drops, particularly
in large-job scenarios.

The Friedman test yields a p-value < 0.001 for all conditions, indicating statistically
significant performance differences among algorithms at α = 0.05. This confirms that at
least one algorithm performs significantly differently from the others under each tested con-
dition. As indicated by the Nemenyi post hoc analysis in Table 16, WORL-RTGS maintains
the highest average ranking in all conditions, spanning from 1.00 to 2.61. The bar chart in
Figure 12 illustrates the average ranks of six scheduling algorithms based on the Nemenyi
test. This highlights its superior and stable scheduling performance for DAG-structured
jobs, regardless of task size or resource availability. DRAS and mDRL also show relatively
strong performance, typically ranking just behind WORL-RTGS. DRAS is particularly com-
petitive in small-task scenarios, while mDRL maintains steady ranks around 2.5–3.0. These
results suggest they are effective but slightly less robust under high-load or large-scale
task conditions. In contrast, MAGRL and MIGMPS demonstrate moderate rankings and
show signs of declining effectiveness as the task scale increases or under busy conditions.
RL-Hybrid consistently ranks the worst, indicating poor scalability and adaptation in
DAG-based scheduling. Overall, the ranking trends reflect that algorithms with stronger
learning and optimization capabilities particularly WORL-RTGS are better equipped to
handle the complexity of DAG task dependencies under varying system loads.

Table 16. Nemenyi test: average ranks for DAG Real task scheduling.

DRAS mDRL MAGRL MIGMPS RL-Hybrid WORL-RTGS

Small Tasks (High Load) 2.11 3.11 3.78 4.67 6.00 1.33
Large Tasks (High Load) 2.10 3.00 4.20 4.90 5.90 1.00
Small Tasks (Low Load) 1.61 2.56 3.78 4.56 6.00 2.61
Large Tasks (Low Load) 2.10 3.00 4.25 4.65 5.70 1.00
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Figure 12. Critical difference diagram.

5.6. Comparison of Scheduling Algorithms on Synthetic Workloads

To evaluate performance under controlled conditions, we conduct experiments with
synthetically generated workloads. Our evaluation examines system performance under
both high-load and low-load server conditions. In the busy state, each GPU’s resource
utilization rate is randomly sampled from the range [50, 80], while in the idle state, it is
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drawn from [10, 50], reflecting typical variations in system load. We construct 27 DAG-
topology jobs using the Erdős–Rényi model [45], setting the average in-degree/out-degree
to 100. The workload sizes are designed to cover a spectrum: small-scale jobs consist of
100 to 1000 nodes in steps of 100, medium-scale jobs range from 1200 to 3000 nodes in
steps of 200, and large-scale jobs span 4000 to 10,000 nodes in steps of 1000. Job execu-
tion times are sampled from normal distributions N(2, 12) for small-scale, medium-scale,
large-scale workloads. For each combination of system state (busy/idle) and job scale
(small/medium/large), we conduct 100 independent repetitions to ensure statistical re-
liability and reduce the influence of randomness. This comprehensive design not only
provides a diverse set of workload conditions but also enables a rigorous evaluation of
algorithm performance across varying levels of resource contention, structural complexity,
and workload intensity.

Figure 13 reports the performance comparison of six scheduling algorithms under
synthetic workloads across both busy and idle environments, and for job scales ranging
from small to large. For small workloads, WORL-RTGS consistently achieves the lowest
completion times, with DRAS and mDRL slightly higher (3–7%). MAGRL, MIGMPS,
and RL-Hybrid incur higher overhead, performing worse under busy conditions. In
medium-scale workloads, the advantage of WORL-RTGS diminishes. DRAS and mDRL
outperform it in several cases, while MAGRL and MIGMPS become competitive, especially
in idle environments. For large workloads, learning-based schedulers show clear benefits.
WORL-RTGS reduces completion time by over 10% compared to MIGMPS and RL-Hybrid
in idle settings, demonstrating stronger scalability.
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Figure 13. Experiments conducted on Synthetic DAG-structured workloads.

The Friedman tests for all synthetic workload scenarios yield p < 0.001, confirming
statistically significant performance differences at α = 0.05. The statistical analysis of algo-
rithm performance on synthetic DAG-structured tasks, as presented in Tables 17–19, reveals
significant differences across all tested conditions, with Friedman test χ2 statistics ranging
from 34.80 to 46.10 and p < 0.001 in all cases, confirming statistical significance at α = 0.05.
The Nemenyi post hoc test further elucidates pairwise performance differences, with av-
erage ranks indicating that WORL-RTGS consistently outperforms others, achieving the
lowest rank (1.00–1.14) across all conditions, followed closely by DRAS (2.00–2.20). Critical
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difference (CD) is 3.374 for small and medium tasks (n = 10), and 4.033 for large tasks (n = 7).
Pairwise differences exceeding CD are significant (p < 0.05). For large tasks under low
load (Table 19), WORL-RTGS (1.00) and DRAS (2.00) maintain superior performance, while
mDRL and MAGRL share an identical rank of 3.86, suggesting comparable performance.
MIGMPS (4.43) and RL-Hybrid (5.86) rank lower, with RL-Hybrid consistently performing
the worst. With a Critical difference (CD) of 4.033 for large tasks (n = 7), the rank difference
between WORL-RTGS and RL-Hybrid (4.86) exceeds the CD, indicating a statistically sig-
nificant performance advantage for WORL-RTGS over RL-Hybrid (p < 0.05). However,
differences between other pairs, such as WORL-RTGS and DRAS (1.00) or mDRL and
MAGRL (0.00), do not exceed the CD, suggesting no significant differences in those cases.
These results highlight WORL-RTGS as the most effective algorithm, particularly under
varying load conditions and task scales, while RL-Hybrid consistently underperforms.

Table 17. Statistical analysis of algorithm performance on DAG-structured synthetic tasks across
various conditions.

Condition χ2 Statistic

Small Tasks (High Load) 38.50
Medium Tasks (High Load) 39.20
Large Tasks (High Load) 46.10
Small Tasks (Low Load) 34.80
Medium Tasks (Low Load) 35.60
Large Tasks (Low Load) 44.50

Table 18. Nemenyi test: average ranks under different task sizes and load conditions.

WORL-RTGS DRAS mDRL MAGRL MIGMPS RL-Hybrid

Small Tasks (High Load) 1.00 2.00 3.10 4.20 4.70 6.00
Medium Tasks (High Load) 1.10 2.00 2.90 4.40 4.60 6.00
Large Tasks (High Load) 1.14 2.14 2.86 4.43 4.43 6.00
Small Tasks (Low Load) 1.00 2.00 3.20 4.00 4.90 5.90
Medium Tasks (Low Load) 1.00 2.20 3.00 4.10 4.90 5.80
Large Tasks (Low Load) 1.00 2.00 3.86 3.86 4.43 5.86

Table 19. Nemenyi test: overall average ranks across all task configurations.

Algorithm Average Rank

WORL-RTGS 1.04
DRAS 2.06
mDRL 3.15
MAGRL 4.17
MIGMPS 4.66
RL-Hybrid 5.93

6. Conclusions and Future Work
In today’s computing landscape, orchestrating Directed Acyclic Graph (DAG)-

structured machine learning tasks stands as a cornerstone for numerous cutting-edge
applications. These tasks, which permeate Deep Neural Network training workflows, data
analytics platforms such as Apache Spark and TensorFlow, and extensive model adapta-
tion efforts, leverage DAG topologies to navigate complex task interdependencies and
ensure orderly execution. Achieving optimal task prioritization and resource distribution
is paramount for maximizing efficiency and throughput, particularly in heterogeneous or
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capacity-constrained infrastructures where parallelism and scalability are often challenged
by varying hardware capabilities and dynamic demands.

In this work, we investigated a task scheduling problem for DAG-structured work-
loads on a parallel computing platform with virtual or physical servers. This problem is
proved to be NP-complete. We revealed an important positive correlation between SPD and
FTG, and by leveraging this finding, we proposed a novel algorithm WORL-RTGS based
on the WOA algorithm and DDQN framework. In WORL-RTGS, we derived a function
to generate the humpback’s next step, and designed a DDQN algorithm to satisfy each
server’s load demand. Comprehensive evaluations using both real-world workload traces
and artificially generated data demonstrate that WORL-RTGS outperforms five leading
baseline algorithms.

We aim to refine the SPD function to create novel scheduling strategies that precisely
guide the trajectory of each iteration. Additionally, a future goal is to establish a robust
decision framework to identify the optimal workload types for WORL-RTGS, enhancing its
effectiveness and service quality in large-scale data processing systems.
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