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Abstract. The paper proposes a Lyapunov-based dynamic scheduling algorithm for heteroge-
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sensitive workloads. By constructing a quadratic Lyapunov function and applying a drift-plus-
penalty framework, the scheduling problem is formulated as a two-criteria optimization problem
balancing queue stability and scheduling delay. A dynamic control parameter V is introduced to
quantitatively regulate the trade-off between backlog stability and delay minimization. Sensitivity
analysis demonstrates an O(1/V) backlog and O(V) delay trade-off. Experiments conducted on
the Alibaba GPU cluster trace dataset show that under burst-dominant workloads, the proposed
method reduces average scheduling delay to 0.2663 seconds, while achieving a 0.5459 resource
utilization and a 0.6489 fairness index. The method is particularly suitable for latency-sensitive
and dynamically fluctuating environments.

Keywords: Lyapunov optimization, drift-plus-penalty, resource scheduling, cloud computing, two-
criteria optimization

Citation: Wang Shan, Nikiforov I.V. A Lyapunov-based dynamic scheduling algorithm for
heterogeneous computing clusters. Computing, Telecommunications and Control, 2026, Vol. 19,
No. 1, Pp. 65—79. DOI: 10.18721/JCSTCS.19107

© Wang Shan, Nikiforov I.V., 2026. Published by Peter the Great St. Petersburg Polytechnic University


https://orcid.org/0000-0003-0198-1886
https://orcid.org/0000-0001-8591-9080

4 MogennpoBaHue BbIYUCIIUTENbHbBIX, TENEKOMMYHUKALMOHHBIX W YNPaB/SIOWMX CUCTEM

>
I
Hay4dHas cTaTbs @ 013)
DOI: https://doi.org/10.18721/]JCSTCS.19107 T
YK 004.42

ANTOPUTM AUHAMUYECKOIO NJIAHUPOBAHMUA
HA OCHOBE ®YHKUUUN NANMYHOBA
ANA TETEPOTEHHbIX BbIYUC/IUTEJIbHDbIX KJIACTEPOB

Ban WaHb © , U.B. HukugopolB =

CaHkT-MNeTepbyprcknii NoAnUTEXHUYECKUA yHUBEepcuTeT MNeTpa Benunkoro,
CaHkT-NeTepbypr, Poccuitickaa Pepepauma

= jgor.nikiforovv@gmail.com

Annoramus. B cTaThe paccMaTpuBaeTCs aIropuTM IMHAMMYECKOTO TNIAHMPOBAHUS Ha OC-
HoBe (GyHKIMM JInmyHOBa JJIs1 T€TEPOreHHBIX BBIYMCIAUTEIbHBIX KJIACTEPOB, OPUEHTUPOBaH-
HBII HA TOYHOE YIIpaBJeHUEe pecypcaMu MPU UMITYJbCHBIX U UYBCTBUTEIbHBIX K 3aJepXKKam
pabouux Harpyskax. IlyreM mocTpoeHus KBaapaTUuHO (pyHKIMUU JIsimyHOBa W MpPUMEHEHUs
nonxona drift-plus-penalty 3amada TIaHUpPOBaHMST (OPMYIUPYETCS KakK 3agadya IBYXKPUTEPHU-
aJbHON ONITMMM3AIIAM [JII CTAOMJIBHOCTH O4Yepear M 3alepKKM TUTaHUpOBaHUs. BBoguTcs ma-
paMeTp IMHAMMYECKOIO YIpaBJeHUS V UISI KOJMYECTBEHHOTO PEryardpoBaHUsS KOMIIPOMHUCCA
MEXIy CTaOMJIBHOCTBIO OYepear U MUHUMU3AIMEN 3anepXKU. AHaIU3 YyBCTBUTEJIbHOCTU Ne-
MoHcTpupyeT Kommpomuce Mexay O(1/V) ouepenu nu O(V) 3amepkku. DKCIIEPUMEHTHI, TTPO-
BeeHHbIe Ha Habope maHHBIX TpaccupoBkuM kKiactepa GPU Alibaba, moka3biBaioT, 4TO MpU
UMITYJIbCHBIX pab0O4YMX Harpy3Kax IMPpeaIoXeHHBI METO CHIKAeT CPEIHIO0 3alIepKKY TIJIaH!-
poBanus 10 0,2663 cek, rpu 3TOM JocThras KoadduimeHTa ucnoiab3oBanus pecypcos 0,5459
U uHaeKkca crapaBemiuBocTu 0,6489. JlaHHBIA MeTOI OCOOEHHO XOPOIIO MOAXOMUT ISl YyB-
CTBUTEJIbHBIX K 3a7epKKaM U AMHAMUYECKU U3MEHSIOIIMXCS PaOOUYMX OKPYXKEHUH.

KmoueBbie cioBa: onrumusanns JIsmyHoBa, drift-plus-penalty, maHmpoBaHMEe pecypcoB, 00Iad-
HBIC BBIYMCIICHUS, IBYXKPUTepHUATbHASI OIITUMU3ALIIST

Jna nutupoBanus: Wang Shan, Nikiforov I.V. A Lyapunov-based dynamic scheduling algorithm
for heterogeneous computing clusters // Computing, Telecommunications and Control. 2026.
T. 19, Ne 1. C. 65—79. DOI: 10.18721/JCSTCS.19107

Introduction

With the rapid development of cloud computing, big data analytics and Al technologies, comput-
ing clusters have become the core infrastructure supporting high-performance computing (HPC),
large-scale data processing and distributed services. The efficiency of resource scheduling in cluster
systems directly affects system throughput, resource utilization and quality of service (QoS). In het-
erogeneous computing environments, where multiple types of resources, such as CPUs, GPUs and
memory, coexist, dynamic workload characteristics introduce additional challenges for efficient re-
source management. Traditional workload analysis methods, which rely primarily on static threshold
monitoring or periodic sampling strategies, often fail to capture bursty workloads and complex task
dependencies, resulting in inefficient resource allocation and increased response latency [1].

Cluster workloads typically exhibit strong spatiotemporal heterogeneity. From a temporal perspec-
tive, bursty workloads frequently interleave with periodic workloads, causing significant fluctuations
in system load [2]. From a spatial perspective, resource contention among heterogeneous nodes and
complex task dependencies further increases the unpredictability of workload distribution across the
cluster [3]. In addition, many traditional scheduling approaches are unable to fully consider fac-
tors, such as resource preemption, data locality and communication overhead in distributed systems,
which may lead to resource fragmentation and performance degradation under heavy workloads [4].
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To address these challenges, dynamic resource scheduling strategies have been widely investigat-
ed. Among them, the Lyapunov optimization framework provides an effective theoretical tool for
stochastic system control by transforming system stability problems into queue control problems [5].
This approach has been successfully applied in network resource allocation and edge computing sys-
tems, enabling dynamic decision-making based on system state observations [6—8]. However, ex-
tending Lyapunov-based scheduling mechanisms to fine-grained resource allocation in large-scale
heterogeneous clusters remains challenging, particularly when dealing with dynamic workloads and
cross-domain resource orchestration in edge—cloud collaborative environments [9, 10].

Previous studies have explored resource scheduling and workload management in large-scale dis-
tributed systems. For example, cluster management platforms, such as Borg and Kubernetes, pro-
vide practical solutions for large-scale resource orchestration in cloud infrastructures [11—13]. In
addition, the dominant resource fairness (DRF) model has been proposed as a widely adopted fair-
ness-oriented scheduling mechanism for multi-resource environments [14]. Recent research has also
focused on scheduling optimization for GPU-intensive workloads and deep learning clusters, where
efficient resource sharing and dynamic resource allocation are critical for improving system through
put [15—17]. Moreover, edge computing and mobile edge computing systems have received increasing
attention, highlighting the importance of scalable scheduling algorithms capable of adapting to highly
dynamic distributed environments [18—20].

Despite these advances, many existing approaches either focus primarily on fairness-oriented al-
location strategies or rely on static scheduling policies that are not well suited for highly dynamic
workloads. In particular, maintaining system stability while simultaneously minimizing scheduling
delay remains a challenging problem in heterogeneous cluster environments.

To address this issue, this paper proposes a Lyapunov-based dynamic scheduling framework
for heterogeneous computing clusters. By constructing a Lyapunov function and introducing a drift-
plus-penalty control mechanism, the scheduling problem is formulated as a multi-objective optimiza-
tion task that balances queue stability and scheduling delay. The main contributions of this work are as
follows:

* Theoretical extension. The classical Lyapunov optimization framework is extended from coarse-
grained scheduling to fine-grained resource allocation in heterogeneous cluster environments.

» Algorithm design. A dynamic scheduling algorithm integrating instantaneous scheduling, joint
iterative optimization, and feedback control mechanisms is proposed to adaptively allocate resources
according to system states.

» Experimental evaluation. Extensive experiments based on the Alibaba GPU cluster trace dataset
demonstrate that the proposed method significantly reduces scheduling delay while maintaining com-
petitive resource utilization and fairness.

Materials and methods

Task backlog queue model

The key symbols and descriptions used in this section are described in Table 1.

Therefore, the CPU scheduling process of a computer cluster can be modeled as the following
dynamic system:

O(t+1)=max {Q(t)+a(t)-b(t),0}.
Lyapunov optimization framework

Lyapunov optimization has been widely applied in stochastic network control and resource alloca-
tion problems due to its ability to balance system stability and performance objectives [5, §].
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Table 1
Symbols used
Symbol Description
[0[0)) Task waiting queue, which indicates the number of tasks waiting to be processed at time ¢
N Total number of CPU cores
R Number of tasks that can be assigned to each CPU core at time ¢, where n =123...N
a, Task arrival rate, which is the number of tasks added at each time step
N
b, b(t)=Y R, (), which is the number of tasks completed at each time step
n=1

Lyapunov function construction
The function L(#) used to reflect the “unstable state” of the system is constructed, and the follo-
wing quadratic function is often used:

L(t):%Q(t)z.

This function quantifies the square of the queue backlog. The larger L(?) is, the larger the system
error is and the more unstable the system is; the smaller L(?) is, the more stable the system is.

Single-step drift analysis

Single-step drift analysis is a commonly used method to determine the stability of a system. Its core
idea is to analyze whether the Lyapunov function of the system tends to decrease in each step, so as to
determine whether the system tends to be stable. According to the Lyapunov function L(f) obtained in
the previous section, the single-step drift definition can be obtained as follows:

AL(t)=E[L(t+1)-L(t)|0() |-

That is, the “next step change” of the Lyapunov function under conditional expectation, which
represents the average change trend of the function within a time step. Given that the queue dynamic
equation is Q(f + 1) = Q(¢) + a(t) — b(?), it follows that:

1
L(t+1)-L(t)= E(Q(Hl)z ~0(1)’).
Substituting the expression for Q(¢ + 1) into the above equation and expanding it, we obtain:

O(1+1) =(Q(1)+a(r)=b())) =0(1) +20(r)(a(t)=b(r)) +(a()=(s)) -

Therefore, we can deduce that:

L(t+1)=L(1)=0(t)(a(t)~b(1))+>(a(0) =5 (1))

Taking the conditional expectation of the above result, we obtain:
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1

8= | 0(0)(al0)0(0))+ 3 £ (al0) (1)}

Q(t)}.

Separating the linear and quadratic terms, we get:

A(0)=0(1) E[a(0)-b(1)]0 (1) +5 [ (a(1) (1))
Expanding the quadratic term, we find:

(a(6)=b(2)) =a(e) +b(c)’ ~2a(t)b(t).

Assuming that the covariance between task arrivals and processing is bounded, and that a(#) and
b(t) are independent or weakly correlated, the cross term E [a(t)b(t)|Q (t)] can be neglected or
absorbed into a constant term. Hence:

Q(t)}.

E (a(t)—b(t))z‘Q(t)]sE[a(t)z +b()

o(r)]
Assuming that the variances of a(f) and b(f) are bounded, i.e., there exists a constant B such that
%E[a(t)z +b(1)]o(n)]<B.
At this point, the drift _inequality simplifies to:
A(t)<B+Q(t)E|a(t)-b(t)0(r) |

After adjusting the signs, we arrive at the final form:

A(t)<B-Q(t)E[b(t)-a(1)Q(1) ]

Drift-plus-penalty optimization

The drift-plus-penalty method integrates Lyapunov optimization theory, aiming to balance system
stability by controlling the queue length through the drift term and to optimize system performance
by minimizing costs or losses through the penalty term. We define the initial objective function as:

min (A(t) +V- Penally),

where the drift term 8(#) reflects the expected change in the queue Q(#), which needs to be suppressed
to maintain stability. The penalty term represents the time loss incurred during the task scheduling
process, given by TimeLoss = b onoduied — Loreation” The weight parameter V is responsible for balancing
system stability and performance; as the queue length Q(¢) increases, V decreases to prioritize reduc-
ing queue congestion, and as the queue length decreases, V increases to prioritize reducing time loss.

By substituting the drift term, we obtain the new objective function:

min(B-0(¢)-E[b(r)-a(t)|0(r) |+ -TimeLoss).
By minimizing the objective function, the system can dynamically adjust the control strategy at

each time slot ¢ based on the current queue state (J(f). The parameter V flexibly adjusts the optimiza-
tion focus, and under the premise of bounded variance, ensures queue stability.
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Parameter selection and stability — performance trade-off

The control parameter J plays a central role in balancing queue stability and delay performance.
According to classical Lyapunov optimization theory, the following asymptotic bounds hold:

+ Average Queue Length = O(1/V);

« Average Delay Gap = O(V).

Thus, increasing V prioritizes delay minimization but allows larger backlog accumulation, while
decreasing V enhances queue stability at the cost of higher delay.

To quantitatively define the notion of “balance”, we introduce a normalized trade-off metric:

Balance(V') = a-%+(l—a)-¥.

max max

where Q (V) is the average queue length, E(V) is the average delay, 0 < a < 1 is the preference
weight.

The optimal V" is selected by minimizing Balance(V).

Sensitivity analysis empirically verifies the theoretical trade-off behavior.

Algorithm design

Cluster scheduling algorithms typically focus on different optimization goals, such as fairness, re-
source packing efficiency, and workload adaptability [10, 14]. The purpose of this program is to design
a dynamic resource allocation algorithm that adjusts the task processing rate R of resources to achieve
stability of the task backlog queue, thereby preventing the task queue Q(f) from growing indefinitely,

ie., lim,

1 71
? Z E I:Q(t):l < o0, and to minimize the time loss. The overall design philosophy of the
=0

algorithm is as follows.

Dynamic diversion and instantaneous scheduling to maximize the instantaneous task processing rate
and reduce queue congestion. Resource threshold judgment: for each newly arrived task, first check
whether its resource requirement (cpu milli) is less than or equal to the current available resources R.
If the condition is met: directly add it to the execution queue and execute it as scheduled. If the con-
dition is not met: trigger a joint optimization process to iteratively adjust the task’s scheduling time
and resource allocation limits to minimize time loss.

Joint iterative optimization to balance system stability and time loss. When resources are insufficient,
fix one variable to optimize another, approaching the optimal solution through alternating iterations.

Optimize scheduling time. Assuming the task execution time follows an exponential distribution,
calculate the expected scheduling time and time loss based on a statistical model:

_ Current total task volume
V x Core efficiency C

E (real _scheduled time) = creation _time + 1 In (Mj

C reqg—R

Optimize resource allocation. Reallocate the resource upper limits based on the scheduling time
loss to ensure that resource requirements do not exceed dynamically adjusted limits:

( ) B Remaining volume
Core efficiency C x (scheduled __time —creation _ time) ’
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C_reqzmin(K(t), C_req).

These two steps are iterated until the difference in time loss or resource allocation is less than or
equal to a threshold of 0.01.

Priority queues and feedback control. Tasks that can be executed immediately are directly placed
into the queue to participate in scheduling. Tasks that cannot be executed immediately are arranged
in descending order of TimeLoss and enter the queue 7TimelLoss to ensure that tasks with high delay
risk are prioritized for resource allocation. Additionally, two separate threads are opened to handle
periodic resource monitoring and release. Every A(tl), the available resources R are checked; if the
resources are sufficient to meet the requirements of the next task, the task waiting in line is dequeued
and sent to the queue for execution. Every A(tz), the execution queue is checked for completed tasks
and their occupied resources are released, dynamically adjusting the control parameter V-

0 max
o(t)+1

By feedback regulation of V/, a balance is achieved between queue length and optimization weight.
The flowcharts corresponding to the above processes are as follows:

V(t)=V(t-1)x

Algorithm 1: Main Task Scheduling Process

Input: Task set tasks, total CPU resource R Output: Scheduling result
1 Initialize global variables;

2 Start daemon threads:

3 Thread 1: resource checker

4 Thread 2: task releaser;

5 while main loop is running do

6 Traverse each task in tasks;

7 for each task in tasks do

8 if current time > task’s release time then

9 calculate task priority: calculate task priority(task);

10 if task’s CPU demand < remaining CPU resource R then
11 Add task to task queue;

12 Update R: R < R — task.cpu requirement;

13 Output result;

Experimental results

Previous studies have investigated scheduling performance in distributed many-task computing
systems and workflow execution platforms, providing valuable insights into experimental evaluation
of scheduling algorithms [21, 22].

Experiment environment

The proposed algorithm was implemented in Python 3.10 using NumPy, Pandas and multiproces-
sing for concurrent queue simulation.

The offline simulation environment was deployed on hardware with CPU Intel Xeon Gold 6230,
128GB RAM, Ubuntu 22.04. Dataset was comprised of 80000 tasks extracted from Alibaba cluster-
trace-gpu-v2023. Similar workload traces and cluster usage datasets have been widely used in previous
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Algorithm 2: Resource Checker Thread

Input: CPU resource R, task queue TimeLoss queue, time step timestep

Output: Updated task queue task queue
1 while true do

2 Sleep(timestep);

3 if main loop task ends then

4 break;

5 Check TimeLoss queue for tasks;

6 for each task in TimeLoss queue do

7 if R > task.cpu requirement then

8 Move task to task queue;

9 R « R —task.cpu requirement;

Algorithm 3: Task Releaser Thread
Input: Task queue task queue, time step timestep2

Output: Tasks marked for deletion

1 while true do

2 Sleep(timestep2);

3 if main loop task ends then

4 break;

5 for each task in task queue do

6 Compute u =V - Q/(queue length);
7 if current time > deletion time then
8 Mark task as True for deletion;

experimental studies on distributed scheduling systems and workload analysis [12]. Task traces were
preprocessed to extract arrival time, CPU requirement, GPU requirement, memory footprint, exe-
cution duration.

Scheduling simulation was event-driven. Resource allocation, queue update and parameter adjust-
ment were performed per time slot.

All experiments were repeated ten times with different random seeds to ensure stability of results.

The implementation source code related to this study has been made publicly available on GitHub!
to ensure transparency and reproducibility of the experimental results. The repository includes the
core scheduling algorithm implementation, dataset preprocessing scripts and visualization programs
used to generate the experimental figures reported in this paper.

Evaluation indicators

Average task scheduling delay

The average time interval from task submission to start of execution was calculated as:

n

lZ(Ez _Si)’

n i=1

! GitHub — shan5972/nonlinear - GitHub [online] Available: https://github.com/shan5972/nonlinear/tree/main (Accessed 13.03.2026).
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where 7 is the number of tasks, Sl, is the time of sending task i, El. is the time of starting execution of
task 7.

CPU utilization

The share of effective CPU working time in the total time was calculated as:

Zm ];Jusy,j
5 ]—;otal
—— % 2 x100%,
m

where m is the number of cores, T oral
Resource fragmentation rate
A measure of the extent to which CPU time blocks are split into discontinuous blocks was calcula-
ted as:

is the total monitoring time, T busy is the CPU busy time.

1_ Tseq

T free

b

where Tseq is the consecutive free idle time blocks, Y}.ree is the total idle time blocks.

Jain’s fairness index

Jain’s fairness index is used to measure the fairness of resource allocation. The value range is [1/n,
1], where 1 represents complete fairness. The calculation formula is

(Zx)

DY

where x, represents the number of resources obtained by each task i.

FElasticity coefficient

The elasticity coefficient indicates the speed and efficiency of the algorithm to adjust resource al-
location when resource demand increases or decreases suddenly. The calculation formula is:

1
o, *T +o, *AU + o, *R,’

where T' s the average scheduling delay of all Pods during the burst phase, AU is the sum of the abso-
lute value changes in utilization, R , 1s the ratio of the delay during the burst phase to the delay during
the normal phase, ® is the parameter weight.

Experimental results analysis

Dynamic resource schedulers have also been proposed for deep learning clusters, where efficient
GPU utilization and adaptive resource management are critical for large-scale training workloads [23].

This section analyzes the scheduling algorithm delay distribution diagram and compares the delay
performance of four scheduling strategies (DRF, FilterScore, Priority preemption algorithm, and Lya-
punov) during task execution to evaluate their stability and efficiency in controlling task response delay.

Latency

The delay values of the Lyapunov method are all concentrated at an extremely low level (< 0.5),
and there is no obvious growth trend as the number of samples increases, showing extremely strong
stability and scalability. This shows that the strategy can effectively adapt to changes in task flow load
and prioritize resource allocation to maintain low system delay, which is suitable for systems with high
requirements for real-time and predictability (Fig. 1).
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Fig. 1. Delay distribution of four algorithms

The delay distribution of FilterScore shows a significant “step-like” growth trend, and the delay
of multiple consecutive samples gradually increases, up to 20, which is much higher than other strat-
egies. This performance reflects that it has serious scheduling imbalance problems when tasks are
intensive or resource competition is fierce. It may be because the scheduling scoring mechanism fails
to fully and dynamically adapt to the system state, causing some tasks to suffer from serious queuing
or starvation.

The delay distribution of DREF is relatively dispersed, with most task delays in the range of 0—10,
but there are also obvious delay spikes (over 15), indicating that there are large response delays in some
task scheduling stages. Overall, DRF can maintain reasonable performance under medium loads, but
its stability is slightly inferior to Lyapunov.

The priority preemption algorithm is almost invisible in the graph, probably because its color over-
laps heavily with FilterScore, or because of its small number of samples. If its performance is similar
to FilterScore, its stability also needs further verification. In order to obtain clearer evaluation results,
it is recommended to display the graph separately or adjust the identification method in subsequent
experiments.

Resource fragmentation rate

The DRF algorithm shows a significant concentrated distribution of fragmentation, with the frag-
mentation rate mainly concentrated in the range of 0.9—1.0, and only a small number of samples
have low fragmentation rates. This shows that while DRF achieves fairness in resource allocation,
it is prone to accumulation of resource fragmentation, especially in multi-user sharing scenarios.
Although it has theoretical advantages in ensuring fairness of dominant resources, it has a significant
disadvantage in terms of resource integration efficiency (Fig. 2).

The FilterScore algorithm shows a more dispersed fragmentation velocity distribution, main-
ly concentrated in the medium fragmentation range (0.2—0.8). Its typical violin plot has a bimodal
structure, reflecting the large differences in the performance of the algorithm in different scenarios.
This method relies on resource screening and scoring mechanisms, and has strong adaptability to task
resource patterns. It is suitable for systems with variable resource demand patterns but some regula-
rities.

The priority preemption algorithm performs particularly well, with its fragmentation rate extreme-
ly concentrated in the range of 0.1—0.3, and almost no high fragmentation value. This method has a
natural advantage in resource packaging and arrangement, and prioritizes tasks that are more friendly
to resource integration, thereby significantly reducing the fragmentation rate. This method is suitable
for scenarios with tight resources and strict requirements for fragmentation control, such as HPC and
large-scale cloud platforms.

The Lyapunov control algorithm shows high fragmentation rates in almost all samples, with dis-
tribution concentrated in the range of 0.9—1.0. Although this method has advantages in controlling
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Comparison of resource fragmentation rate distribution
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Fig. 2. Resource fragmentation rate of four algorithms

system state stability, its optimization goal does not include resource fragmentation control, so it
has obvious deficiencies in resource utilization efficiency. This method is more suitable for non-re-
source-sensitive systems such as delay control and queue stability, or as a basic control mechanism in
conjunction with other scheduling algorithms.

CPU utilization

The Lyapunov-based algorithm demonstrates exceptional resource consolidation efficiency. Its
utilization is highly concentrated within the 0.87—0.95 range (with an interquartile range span of
only 0.08), exhibiting a leptokurtic symmetric distribution devoid of outliers. This indicates that the
algorithm achieves near-optimal resource utilization while ensuring system stability through dynamic
optimization of system states. Its design characteristics make it particularly suitable for critical in-
frastructure sensitive to resource utilization, such as real-time computing clusters or edge computing
nodes (Fig. 3).

The priority preemption algorithm displays significant scenario dependence. Its utilization dis-
tribution manifests a right-skewed bimodal structure (primary peak at 0.75, secondary peak at 0.95),
accompanied by numerous high-end outliers (up to 1.0). This phenomenon stems from its task pri-
oritization mechanism: under normal loads, utilization is moderate (interquartile range 0.65—0.85),
but specific high-priority task combinations can trigger resource packing optimization, achieving in-
stantaneous high-efficiency utilization. This characteristic makes it suitable for systems with high task
heterogeneity and potential bursty critical loads (e.g., hybrid cloud environments), albeit with limited
overall reliability.

The DRF algorithm exhibits robust yet conservative characteristics. Utilization is primarily dis-
tributed within the 0.75—0.88 range (median 0.82), showing a mild left-skewed distribution. Its design
imposes strong fairness constraints on dominant resources, which, while mitigating the risk of re-
source monopolization, results in a distribution tail extending into inefficient regions of 0.4—0.6 (with
a few low-end outliers). This approach holds theoretical advantages in multi-tenant fair-sharing sce-
narios but suffers from insufficient consolidation efficiency in resource-constrained environments.

The FilterScore algorithm exhibits a distribution pattern similar to DRE, with utilization concen-
trated in the 0.77—0.89 range (median 0.83), but demonstrates a less pronounced left skew. Its iter-
ative score-based resource allocation mechanism achieves slightly better efficiency than DRF under
normal loads. However, it still carries a systemic risk of inefficiency (minimum utilization 0.5). This
algorithm can serve as an improved variant of DREF, suitable for general-purpose computing platforms
requiring a balance between fairness and baseline efficiency.
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Fig. 3. CPU utilization distribution of the four algorithms

Table 2
Performance comparison of scheduling algorithms
Index FilterScore DRF Priority Lyapunov
Elasticity coefficient 0.1782 0.2385 0.7013 0.6167
Average scheduling delay 17.5362 13.1076 1.4942 0.2663
Resource utilization 0.4647 0.4538 0.4463 0.5459
Jain’s fairness index 0.6579 0.6121 0.5882 0.6489
Resource fragmentation rate 0.3663 0.8189 0.1907 0.7726

Comprehensive evaluation

To comprehensively evaluate the overall performance of the four scheduling algorithms, we selec-
ted five key metrics:

1) resilience coefficient;

2) average scheduling latency;

3) resource utilization;

4) resource fragmentation rate;

5) Jain’s fairness index.

These metrics respectively reflect a system’s robustness against fluctuations, scheduling efficiency,
resource consolidation capability, resource allocation compactness, and fairness in multi-user envi-
ronments, as evident from Table 2.

The Lyapunov-based algorithm demonstrates superior performance in scheduling latency (merely
0.2663 seconds), significantly lower than the other algorithms, indicating exceptionally strong re-
sponsiveness. This makes it particularly suitable for latency-sensitive system environments. Concur-
rently, it achieves the highest resource utilization (0.5459) among all algorithms, signifying excellent
resource scheduling efficiency. Furthermore, its fairness index (0.6489) ranks second, demonstrating
its ability to reasonably balance the demands of different tasks during allocation. Although its resil-
ience coefficient (0.6167) is not the highest, it remains relatively high, indicating a degree of system
stability. However, its resource fragmentation rate (0.7726) is the highest among the four, potentially
resulting from frequent scheduling causing discontinuous resource allocation; nevertheless, this value
remains within acceptable limits.

The DRF algorithm exhibits moderate performance across most evaluation metrics. As shown in
Table 2, DRF achieves a fairness index of 0.6121, which reflects its design objective of maintaining
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fairness across multiple resource types by allocating resources according to dominant resource shares.
However, this strict fairness constraint also introduces certain efficiency trade-offs. The average
scheduling delay of DRF reaches 13.1076, significantly higher than that of the proposed Lyapunov
method. In addition, the resource fragmentation rate of 0.8189 indicates that DRF tends to produce
scattered resource allocations under dynamic workloads, which may reduce the efficiency of conti-
guous resource utilization.

The Priority preemption algorithm demonstrates strong adaptability to workload fluctuations,
achieving the highest elasticity coefficient (0.7013) among the compared methods. Its average sched-
uling delay (1.4942) is significantly lower than that of DRF and FilterScore, indicating relatively fast
task response. However, the fairness index (0.5882) is lower due to priority-based allocation, which
may lead to resource starvation for low-priority tasks. The low resource fragmentation rate (0.1907)
suggests that the algorithm can maintain relatively compact resource allocation.

The FilterScore algorithm shows moderate performance across most metrics. As shown in Table 2,
it achieves a fairness index of 0.6579, indicating relatively balanced resource allocation among tasks.
However, its average scheduling delay (17.5362) is the highest among the compared algorithms, sug-
gesting limited efficiency in latency-sensitive scenarios. In addition, its elasticity coefficient (0.1782)
is relatively low, indicating weaker adaptability to dynamic workload changes.

Based on the analysis across the five metrics, the performance characteristics of the scheduling
algorithms differ significantly. The Lyapunov-based scheduling algorithm demonstrates superior per-
formance in average scheduling latency, resource utilization, and fairness, achieving optimal or sub-
optimal results across most dimensions. It is, therefore, the most recommended solution for practical
high-concurrency, low-latency scenarios.

Generalization analysis

Although experiments were conducted on Alibaba GPU clusters, the proposed framework is not
GPU-specific. The algorithm relies solely on queue dynamics and resource availability constraints.

The theoretical formulation is independent of GPU type, Node scale, Hardware heterogeneity. To
validate generality, additional small-scale CPU-only simulations were conducted. Results demon-
strate consistent delay reduction trends under bursty arrival patterns. However, the method may not
be optimal in systems where resource fragmentation minimization is the primary objective.

Conclusion

This paper presents a Lyapunov-based dynamic scheduling framework tailored for fine-grained
resource allocation in heterogeneous computing clusters. By leveraging queue-based system modeling
and a drift-plus-penalty optimization approach, the proposed algorithm effectively maintains task
queue stability while minimizing task scheduling delays. The algorithm dynamically adjusts sched-
uling decisions based on real-time queue states and feedback-regulated optimization parameters,
achieving high responsiveness and adapt-ability. Experimental results demonstrate that the proposed
Lyapunov-based scheduling algorithm achieves substantial improvements in scheduling efficiency.
The average scheduling delay is reduced to 0.2663 seconds, which is approximately 49 times lower
than DRF and 66 times lower than FilterScore. Meanwhile, the algorithm achieves the highest re-
source utilization (0.5459) and maintains a competitive fairness index (0.6489). These results indicate
that the proposed approach effectively balances delay reduction, resource efficiency, and fairness in
heterogeneous cluster environments, although it introduces higher resource fragmentation due to
frequent dynamic scheduling decisions. These findings demonstrate the method’s strong potential for
deployment in latency-sensitive and real-time computing environments. Future work will focus on
integrating fragmentation-aware mechanisms and extending the approach to support decentralized
and cross-domain resource orchestration.
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