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ABSTRACT 
This paper presents a comprehensive numerical evaluation of our physics-guided scheduling approach for cloud workloads. We 

evaluate our scheduler against five baseline approaches across multiple workload dimensions including cluster size, workload 

density, arrival patterns, and Directed Acyclic Graph structures. The pressure-focused configuration achieves the best overall 

makespan of twelve point five one seconds, outperforming Round-Robin by thirteen-point four percent and First-Come First-

Served by fifteen-point four percent. The aggressive diffusion configuration achieves thirteen point two six seconds, 

outperforming Round-Robin by eight-point two percent. Our analysis reveals that the optimal weight configuration depends on 

workload characteristics, with pressure-focused being best for uniform workloads and aggressive diffusion being better for 

imbalanced workloads. The physics-guided scheduler demonstrates robust performance across all tested configurations, with 

minimal degradation under out-of-distribution conditions compared to Graph Neural Network-based schedulers which 

experience catastrophic failure. These results validate the effectiveness of physics-guided scheduling as a practical and robust 

alternative to both classical heuristics and machine learning-based approaches for cloud resource orchestration. 

Keywords: Physics-Guided Scheduling, Cloud Scheduling, Numerical Evaluation, Makespan Optimization, Diffusion-Based 

Load Balancing, Out-of-Distribution Generalization, Graph Neural Networks, Weight Configuration, Scalability Analysis, 
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I.     INTRODUCTION 

Cloud scheduling remains one of the most critical 

challenges in modern distributed computing, directly 

impacting the performance, cost, and energy efficiency of 

cloud platforms [1]. The scheduling problem, which 

involves deciding which tasks to run on which machines 

and in what order, has been studied extensively for decades. 

However, despite significant advances, no single scheduling 

algorithm has emerged as universally optimal for all 

scenarios [2]. The heterogeneous nature of cloud 

environments, the diversity of workloads, and the 

competing objectives of minimizing completion time, 

reducing energy consumption, and maximizing resource 

utilization make scheduling a complex multi-dimensional 

optimization problem [3]. 

While numerous scheduling algorithms have been proposed 

over the years, each with its own strengths and weaknesses, 

the evaluation of these algorithms often relies on limited 

experimental setups that do not capture the full complexity 

of real-world cloud environments [4]. Many studies evaluate 

schedulers on a narrow set of workload configurations, 

making it difficult to assess their generalizability and 

robustness [5]. Furthermore, the recent surge in machine 

learning-based schedulers has introduced new challenges 

related to training data requirements, out-of-distribution 

generalization, and interpretability [6]. These limitations 

have motivated the need for more comprehensive and 

systematic evaluations of scheduling algorithms across 

diverse conditions. 

Our companion paper introduced the conceptual foundation 

of physics-guided scheduling, establishing the cross-domain 

mapping between physical concepts such as pressure, 

diffusion, and vorticity and cloud metrics such as CPU 

utilization, load spreading, and task contention [7]. Fig 1. The 

methodology was presented in detail, including the 

mathematical formulation of the physics-inspired scoring 

function and the weight optimization process [8]. However, 

that paper intentionally focused on the conceptual framework 

and qualitative advantages of the approach, deferring detailed 

numerical results to this companion paper [9]. 
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Fig 1: Cross Domain Mapping variables from fluid 

dynamics into scheduling. 

This paper provides the complete numerical 

evaluation of our physics-guided scheduler. We 

present experimental results across multiple workload 

dimensions including cluster size, workload density, 

arrival patterns, and Directed Acyclic Graph 

structures [10]. We compare our approach against five 

baseline schedulers that represent different classes of 

scheduling algorithms: First-Come First-Served, 

Round-Robin, Shortest Job First, Load-Aware, and 

Graph Neural Network-based schedulers [11]. We 

analyze the performance of different weight 

configurations and identify optimal settings for 

different workload types [12]. We also compare our 

approach against Graph Neural Network-based 

schedulers, focusing specifically on out-of-

distribution performance, which has been identified as 

a critical weakness of machine learning-based 

approaches [13]. 

The remainder of this paper is organized as follows. 

Section 2 describes the experimental setup in detail, 

including the simulation environment, workload 

generation, evaluation metrics, and the statistical 

methodology used to ensure the reliability of our 

results [14]. Section 3 presents the main comparison 

results across all schedulers, establishing the baseline 

performance of our approach [15]. Section 4 analyzes 

scalability with respect to cluster size, examining how 

performance changes as the number of available 

nodes increases [16]. Section 5 examines performance 

under different workload densities, testing the 

robustness of our approach across varying load levels 

[17]. Section 6 evaluates robustness to different 

arrival patterns, from highly bursty traffic to more 

regular intervals [18]. Section 7 analyzes performance 

across different Directed Acyclic Graph structures, 

testing generalization across workflow topologies [19]. 

Section 8 presents the weight configuration analysis 

and identifies optimal settings for different workload 

characteristics [20]. Section 9 compares our approach 

against Graph Neural Network-based schedulers with 

a focus on out-of-distribution generalization, which is 

a critical weakness of learning-based approaches [21]. 

Section 10 discusses the implications of our findings, 

the practical significance of the results, and the 

limitations of our study [22]. Section 11 concludes the 

paper with a summary of contributions and directions 

for future work [23]. 

2. Experimental Setup 

    2.1 Simulation Environment 

We implemented a discrete-event simulator using the 

SimPy framework in Python, which provides a robust 

platform for modeling discrete-event systems such as 

cloud clusters [24]. The simulator was designed to 

accurately model task dependencies, resource 

allocation, and execution timing, providing a realistic 

test environment for evaluating scheduling algorithms 

[25]. The simulator tracks all task executions, node 

resource utilization, and job completion times with 

millisecond precision. Each experiment is repeated 

with different random seeds to ensure statistical 

significance, and the reported results represent 

averages across multiple runs. The simulation 

environment was validated against established cloud 

simulators such as Cloud Sim to ensure the accuracy 

of the modeling [26]. 

The cluster configuration includes a baseline of eight 

nodes, with additional configurations of four and 

sixteen nodes for scaling experiments. This range was 

chosen to represent typical cloud deployments, from 

small-scale test environments to larger production 

clusters [27]. Each node has four CPU cores and eight 

gigabytes of memory, representing typical cloud 

virtual machine configurations found in production 

environments such as Amazon EC2 and Google 

Compute Engine [28]. The baseline workload consists 

of twenty jobs, with additional configurations of ten, 

thirty, and fifty jobs for density experiments. Task 

duration follows a uniform distribution between one 

and three seconds, representing typical cloud task 

durations observed in production traces from Google 

and Alibaba [29]. The Directed Acyclic Graph 

structure defaults to chain topology, with parallel and 

mixed topologies also tested to evaluate scheduler 

robustness across different workflow structures 

commonly found in scientific workflows and big data 

processing [30]. 

The simulator models task dependencies accurately, 

ensuring that tasks cannot start until all their 

predecessor tasks have completed [31]. Resource 

allocation is modeled with fine granularity, tracking 

both CPU and memory usage at the task level. 

Execution timing includes the overhead of scheduling 

decisions, which is modeled as a small constant to 

reflect real-world conditions [32]. The simulator also 

models the heterogeneity of cloud environments by 

varying node performance characteristics slightly 

across nodes, representing the differences commonly 

found in production systems [33]. 
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2.2 Baseline Schedulers 

We compared our physics-guided scheduler against 

five baseline approaches that represent different 

classes of scheduling algorithms [34]. The First-Come 

First-Served scheduler executes tasks in the order they 

arrive, representing the simplest possible scheduling 

algorithm and providing a lower bound on 

performance [35]. This scheduler has no optimization 

logic and simply processes tasks as they become 

available, making it a useful baseline for measuring 

the benefits of more sophisticated approaches. The 

Round-Robin scheduler cyclically assigns tasks to 

nodes in a rotating sequence, providing fair but load-

unaware scheduling that serves as a common baseline 

in scheduling research [36]. This scheduler ensures 

that all nodes receive approximately equal numbers of 

tasks, but it does not consider the current load or task 

characteristics when making decisions. The Shortest 

Job First scheduler sorts of tasks by duration with the 

shortest tasks first, providing good average 

completion time but risking starvation of long tasks 

[37]. This scheduler is optimal for minimizing 

average waiting time but can cause long tasks to wait 

indefinitely if short tasks keep arriving. The Load-

Aware scheduler assigns tasks to the least loaded 

node, representing a simple load-balancing approach 

that is widely used in practice [38]. This scheduler 

aims to balance the load across nodes but does not 

consider future workload patterns or task 

characteristics. We also compared Graph Neural 

Network-based schedulers from the literature as state-

of-the-art machine learning approaches, focusing 

specifically on their out-of-distribution performance 

as reported in recent studies [39]. These schedulers 

have shown impressive performance when tested on 

workloads similar to their training data but have been 

found to fail catastrophically under distribution shift. 

2.3 Physics-Guided Scheduler Configurations 

We evaluated five configurations of our physics-

guided scheduler, each with different weight 

parameters representing different scheduling 

strategies [40]. The pressure-focused configuration 

uses alpha equal to one point two, beta equal to zero 

point three, and gamma equal to zero point two. This 

configuration emphasizes immediate load awareness 

and is expected to perform best when tasks are 

homogeneous and short, as it focuses on balancing the 

current load rather than spreading tasks aggressively. 

The aggressive diffusion configuration uses alpha 

equal to zero point five, beta equal to one point five, 

and gamma equal to zero point five. This 

configuration emphasizes aggressive load spreading 

and is expected to perform best for imbalanced 

workloads where some nodes are overloaded, and 

others are underutilized. The balanced configuration 

uses alpha equal to zero point eight, beta equal to zero 

point eight, and gamma equal to zero point four, 

representing a moderate approach that balances both 

immediate load awareness and load spreading. The 

diffusion-focused configuration uses alpha equal to 

zero point six, beta equal to one point two, and 

gamma equal to zero point three, emphasizing 

spreading over immediate load balancing. The basic 

configuration uses alpha equal to one point zero, beta 

equal to zero point zero, and gamma equal to zero 

point zero, considering pressure only and essentially 

implementing a simple Load-Aware scheduler. 

These configurations , Fig 2 ,were selected based on 

preliminary experiments that explored a wide range of 

parameter combinations. The weight parameters were 

systematically varied, and the performance of each 

combination was evaluated to identify the most 

promising configurations for detailed analysis. The 

selected configurations represent the spectrum of 

possible strategies, from pressure-focused to 

diffusion-focused, providing insight into the trade-

offs between different scheduling objectives. 

 

 
Fig 2: three subplots that visually illustrate the core physical 

concepts underlying our scheduling approach.  

        The first subplot shows a heatmap representing pressure, 

which corresponds to CPU utilization across nodes with 

lighter colors indicating higher load. The second subplot 

displays a heatmap representing diffusion, which shows 

the load spreading potential across the cluster with 

varying intensities. The third subplot illustrates the task 

assignment strategy where tasks are directed to nodes 

with the lowest pressure first, following the diffusion 

principle. Together, these visualizations provide an 

intuitive understanding of how pressure, diffusion, and 

task assignment work together to balance load across the 

cluster. 

 

2.4 Workload Dimensions 

To test generalization capabilities, we evaluated all 

schedulers across multiple workload dimensions [41]. 
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Cluster size varied from four to sixteen nodes to test 

scalability, examining how performance changes as 

the number of available resources increases. 

Workload density varied from ten to fifty jobs to test 

performance under different load levels, from lightly 

loaded systems to heavily loaded systems. Arrival 

spacing varied from zero point five to four point zero 

seconds to test performance under different arrival 

patterns, from highly bursty traffic where jobs arrive 

in rapid succession to more regular patterns with 

longer gaps between arrivals. Directed Acyclic Graph 

structure included chain, parallel, and mixed 

topologies to test robustness across workflow 

structures, from deep sequential workflows to wide 

parallel workflows to balanced workflows with both 

characteristics. Workload type included standard, 

bursty, and heavy patterns to test performance under 

different workload characteristics, including 

variations in task durations, resource requirements, 

and dependency structures. 

This comprehensive evaluation framework allows us 

to assess not just absolute performance but also the 

robustness and generalization capabilities of each 

scheduler. By testing across multiple dimensions, we 

can identify the conditions under which each 

scheduler performs well and the conditions under 

which it struggles. This approach provides a more 

complete picture of scheduler performance than 

evaluations that focus on a narrow set of conditions. 

2.5 Evaluation Metrics 

Performance was evaluated using several 

complementary metrics. Makespan represents the 

total completion time of all jobs and serves as our 

primary metric because it directly captures the user-

perceived performance of the system. Resource 

utilization represents the average CPU utilization 

across nodes, measuring how efficient resources are 

used and providing insight into the economic 

efficiency of scheduling decisions. Load imbalance 

represents the standard deviation of node utilizations, 

measuring how evenly load is distributed and 

providing insight into the fairness and stability of 

scheduling decisions. The percentage improvement 

over baseline schedulers is calculated using Equation 

(1). 

Improvement = ((M_baseline - M_physics) / 

M_baseline) × 100% (1) 

Where M_baseline is the makespan achieved by the 

baseline scheduler and M_physics is the makespan 

achieved by our physics-guided scheduler. The 

pressure p(i) is defined as the ratio of CPU used to 

CPU capacity, as shown in Equation (2). 

p(i) = CPU_used(i) / CPU_capacity(i) (2) 

Where p(i) represents the pressure on node i. The 

mean utilization is calculated using Equation (3). 

μ = (1/N) × Σ p(i) (3) 

Where μ represents the mean utilization across all 

nodes and N is the total number of nodes. The 

diffusion potential d(i) is defined by Equation (4). 

d(i) = max (0, μ - p(i)) (4) 

Where d(i) is the diffusion potential of node i. The 

contention penalty c(i) is given by Equation (5). 

c(i) = max (0, p(i) - (μ + σ)) × γ (5) 

Where c(i) is the contention penalty for node i, σ is 

the standard deviation of utilization, and γ is the 

contention weight parameter. The physics-inspired 

scoring function S(i) is given by Equation (6). 

S(i) = α × p(i) - β × d(i) + γ × c(i) (6) 

Where S(i) is the score for node i, α is the pressure 

weight, and β is the diffusion weight. 

3. Main Comparison Results 

The main comparison results demonstrate a clear and 

significant advantage for our physics-guided 

scheduler across all tested configurations. The 

pressure-focused configuration with alpha equal to 

one point two, beta equal to zero point three, and 

gamma equal to zero point two achieves the best 

overall makespan of twelve point five one seconds, 

outperforming Round-Robin by thirteen-point four 

percent and First-Come First-Served by fifteen-point 

four percent. This represents a substantial 

improvement that would translate into significant 

operational benefits for cloud providers, including 

reduced job completion times, improved user 

satisfaction, and lower operational costs. 

The aggressive diffusion configuration with alpha 

equal to zero point five, beta equal to one point five, 

and gamma equal to zero point five achieves thirteen 

point two six seconds, outperforming Round-Robin 

by eight-point two percent and First-Come First-

Served by ten-point two percent. While this 

configuration does not achieve the same level of 

performance as the pressure-focused configuration for 
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the standard workload, it remains significantly better 

than the baseline approaches. The Load-Aware 

scheduler achieves thirteen point five one seconds, 

representing a six-point four percent improvement 

over Round-Robin and an eight-point four percent 

improvement over First-Come First-Served. This 

shows that simple load-balancing approaches can 

provide meaningful benefits, but they are still 

outperformed by our physics-guided configurations. 

The balanced configuration with alpha equal to zero 

point eight, beta equal to zero point eight, and gamma 

equal to zero point four achieves thirteen point five 

four seconds with six-point two percent improvement 

over Round-Robin and eight-point two percent 

improvement over First-Come First-Served. This 

configuration represents a moderate approach that 

balances immediate load awareness with load 

spreading, and its performance is comparable to the 

Load-Aware scheduler. The Shortest Job First 

scheduler achieves thirteen point eight five seconds 

with four-point one percent improvement over 

Round-Robin and six-point one percent improvement 

over First-Come First-Served. This shows that task 

duration awareness provides some benefit, but it is not 

as effective as our physics-guided approach for this 

workload. 

The diffusion-focused configuration with alpha equal 

to zero point six, beta equal to one point two, and 

gamma equal to zero point three achieves thirteen 

point nine four seconds with three-point five percent 

improvement over Round-Robin and five-point five 

percent improvement over First-Come First-Served. 

This configuration emphasizes spreading over 

immediate load balancing, and its performance is 

slightly worse than the Load-Aware scheduler for the 

standard workload. The First-Come First-Served 

scheduler achieves fourteen points four seconds as 

baseline. The Round-Robin scheduler achieves 

fourteen points, six seconds as baseline. 

The results of Fig 3 demonstrate that all physics-

guided configurations outperform both Round-Robin 

and First-Come First-Served. The pressure-focused 

configuration provides the best overall performance, 

suggesting that for the standard workload of twenty 

jobs with chain Directed Acyclic Graph structure and 

two point zero second arrival spacing, emphasis on 

immediate load awareness is more effective than 

aggressive load spreading. This finding is consistent 

with the nature of the workload, which consists of 

homogeneous tasks with similar durations and 

resource requirements. When tasks are uniform, the 

most effective strategy is to balance the current load 

across nodes, as this minimizes the maximum 

completion time without introducing unnecessary task 

movement. Table 1. 

Table 1: Main Comparison Results 

 

Scheduler 
Makespan 

(seconds) 

Improvement vs 

Round-Robin 

Improvement vs First-Come 

First-Served 

Physics (Pressure-

Focused) 
12.51 +13.4% +15.4% 

Physics (Aggressive 

Diffusion) 
13.26 +8.2% +10.2% 

Load-Aware 13.51 +6.4% +8.4% 

Physics (Balanced) 13.54 +6.2% +8.2% 

Shortest Job First 13.85 +4.1% +6.1% 

Physics (Diffusion-

Focused) 
13.94 +3.5% +5.5% 

First-Come First-

Served 
14.44 baseline +1.5% 

Round-Robin 14.66 -1.5% Baseline 

 
 

 

Fig 3: A bar chart comparing the makespan achieved 

by all tested schedulers across the standard workload 

configuration of eight nodes and twenty jobs.  

The horizontal axis lists each scheduler including 

Physics (Aggressive), Physics (Diffusion), Physics 

(Basic), Physics (Balanced), Load-Aware, Physics 

(Pressure), and Round-Robin. The vertical axis 

represents makespan measured in seconds. The 

Physics (Aggressive) configuration achieves the 

lowest makespan of twelve point five one seconds, 

clearly outperforming all other schedulers. The 

Round-Robin and Physics (Pressure) configurations 

tie at fourteen point four seconds, representing the 

baseline performance. The bar chart visually 
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demonstrates the performance gap between the 

physics-guided scheduler and traditional approaches, 

with the Physics (Aggressive) configuration standing 

out as the clear winner. 

The resource utilization analysis reveals that the 

pressure-focused configuration achieves the highest 

average utilization of seventy-eight-point four percent, 

which is significantly higher than Round-Robin at 

sixty-two-point seven percent and First-Come First-

Served at sixty-five-point three percent. This indicates 

that the physics-guided scheduler utilizes cluster 

resources more effectively than the baseline 

approaches, reducing idle time and improving the 

return on investment for cloud infrastructure. The 

Load-Aware scheduler achieves seventy-two-point 

one percent utilization; the aggressive diffusion 

configuration achieves seventy-four-point two percent, 

and the balanced configuration achieves seventy-

three-point five percent. The Shortest Job First 

scheduler achieves sixty-eight-point nine percent, 

while the diffusion-focused configuration achieves 

seventy-one-point eight percent. 

The load imbalance analysis shows that Round-Robin 

has the lowest load imbalance at zero point zero nine, 

reflecting its fair but load-unaware nature. The 

pressure-focused configuration has a load imbalance 

of zero point one two, which is slightly higher but still 

indicates good load distribution. The aggressive 

diffusion configuration has zero point one five, the 

balanced configuration has zero point one six, the 

diffusion-focused configuration has zero point one 

seven, and the Load-Aware scheduler has zero point 

one eight. The Shortest Job First scheduler has zero 

point two, and the First-Come First-Served scheduler 

has the highest load imbalance at zero point two eight, 

indicating significant unevenness in resource usage. 

These results show that the physics-guided schedulers 

achieve a good balance between high utilization and 

reasonable load distribution, avoiding the extreme 

imbalances that can occur with simpler approaches, 

Fig 4. 

The energy consumption results show that the 

physics-guided schedulers consume less energy than 

the baseline approaches. The pressure-focused 

configuration consumes thirty-two point one watt-

hours, compared to Round-Robin at forty-two point 

five watt-hours and First-Come First-Served at forty-

one point three watt-hours. This represents a twenty-

four-point five percent reduction in energy 

consumption compared to Round-Robin and a twenty-

two-point three percent reduction compared to First-

Come First-Served. The aggressive diffusion 

configuration consumes thirty-five point two watt-

hours, while the balanced configuration consumes 

thirty-six point one watt-hours. The diffusion-focused 

configuration consumes thirty-seven point eight watt-

hours, and the Load-Aware scheduler consumes 

thirty-eight point four watt-hours. The Shortest Job 

First scheduler consumes thirty-nine point seven watt-

hours. These energy savings are significant and would 

translate into reduced operational costs and 

environmental impact for cloud providers. 

 

Fig 4: A horizontal bar chart showing the percentage 

improvement of each physics-guided configuration 

over the Round-Robin baseline.  

The chart lists six configurations: Pressure, Load-

Aware, Balanced, BasicDiffusion, and Aggressive. 

The Physics (Aggressive) configuration achieves the 

highest improvement of thirteen-point four percent, 

followed by Physics (Diffusion) at eight-point two 

percent. The Physics (Basic) and Balanced 

configurations achieve six-point four percent and six-

point two percent respectively. Load-Aware achieves 

four-point one percent while Pressure achieves three-

point five percent. The chart clearly illustrates that all 

physics-guided configurations outperform the Round-

Robin baseline, with the Aggressive configuration 

providing the most significant performance gain. 

4. Scalability Analysis 

The scalability analysis examines how scheduler 

performance changes as the number of available 

nodes increases from four to sixteen nodes, with the 

standard workload configuration of twenty jobs and 

chain Directed Acyclic Graph structure. This analysis 

is important for understanding how schedulers 

perform in different deployment scenarios, from 

small-scale test environments to large production 

clusters. 

With four nodes, the physics-guided scheduler 

achieves fifteen point two four seconds compared to 

Round-Robin at eighteen point five six seconds, 
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representing a seventeen-point nine percent 

improvement. The First-Come First-Served scheduler 

achieves nineteen point two one seconds, which is 

three-point five percent worse than Round-Robin. 

This shows that even with limited resources, the 

physics-guided scheduler provides substantial benefits 

by making better use of the available nodes. With 

only four nodes, the load on each node is higher, and 

the pressure-focused configuration effectively 

balances the load to minimize the maximum 

completion time. 

With eight nodes, the physics-guided scheduler 

achieves twelve point five one seconds compared to 

Round-Robin at fourteen point four seconds, 

representing a thirteen-point four percent 

improvement. The First-Come First-Served scheduler 

achieves fourteen points in six seconds, which is one 

point five percent worse than Round-Robin. The 

improvement is slightly lower than with four nodes, 

which is expected as the additional resources reduce 

the pressure on individual nodes and make the 

scheduling problem less challenging. However, the 

physics-guided scheduler still provides a meaningful 

advantage over the baseline approaches. 

With sixteen nodes, the physics-guided scheduler 

achieves ten point eight two seconds compared to 

Round-Robin at twelve point eight nine seconds, 

representing a sixteen-point one percent improvement. 

The First-Come First-Served scheduler achieves 

thirteen points one four seconds, which is one point 

nine percent worse than Round-Robin. The 

improvement rebounds with more nodes, suggesting 

that the physics-guided scheduler can exploit 

additional resources more effectively than Round-

Robin. With more nodes available, the pressure-

focused configuration can spread tasks more evenly 

and reduce the impact of local imbalances. 

The consistent improvement across cluster sizes 

demonstrates that the physics-guided scheduler scales 

effectively with cluster resources, maintaining its 

advantage over baseline approaches as the number of 

nodes increases. The improvement is particularly 

notable at larger cluster sizes, where the physics-

guided scheduler can exploit additional resources 

more effectively than the baseline approaches. This 

scalability is an important property for cloud 

providers who may need to add or remove nodes 

dynamically based on workload demands. Table 2. 

Table 2: Scalability Analysis with Cluster 

Size 

 

Cluster Size 
Physics (Pressure-

Focused) 

Round-

Robin 

Improvement vs Round-

Robin 

4 nodes 15.24s 18.56s +17.9% 

8 nodes 12.51s 14.44s +13.4% 

16 nodes 10.82s 12.89s +16.1% 

 
 

 

The resource utilization across different cluster sizes 

shows that the physics-guided scheduler maintains 

high utilization as the cluster grows. With four nodes, 

the utilization is sixty-eight-point two percent, with 

eight nodes it is seventy-eight-point four percent, and 

with sixteen nodes it is eighty-two-point one percent. 

In contrast, Round-Robin achieves fifty-two-point one 

percent with four nodes, sixty-two-point seven 

percent with eight nodes, and sixty-eight-point three 

percent with sixteen nodes. The gap in utilization 

widens as the cluster size increases, indicating that the 

physics-guided scheduler makes better use of 

additional resources. 

5. Workload Density Analysis 

The workload density analysis examines how 

scheduler performance changes as the number of jobs 

increases from ten to fifty jobs, with the standard 

cluster configuration of eight nodes and chain 

Directed Acyclic Graph structure. This analysis is 

important for understanding how schedulers perform 

under different load levels, from lightly loaded 

systems to heavily loaded systems. 

With ten jobs, the physics-guided scheduler achieves 

eight point nine two seconds compared to Round-

Robin at ten point one five seconds, representing a 

twelve-point one percent improvement. This shows 

that even with light workloads, the physics-guided 

scheduler provides benefits by making better 

decisions about task placement. The First-Come First-

Served scheduler achieves ten point eight nine 

seconds, which is seven-point three percent worse 

than Round-Robin. 

With twenty jobs, the physics-guided scheduler 

achieves twelve point five one seconds compared to 
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Round-Robin at fourteen point four seconds, 

representing a thirteen-point four percent 

improvement. The First-Come First-Served scheduler 

achieves fourteen points in six seconds, which is one 

point five percent worse than Round-Robin. The 

improvement increases slightly compared to the light 

workload, suggesting that the physics-guided 

scheduler becomes more valuable as the load 

increases. 

With thirty jobs, the physics-guided scheduler 

achieves sixteen point three seven seconds compared 

to Round-Robin at eighteen point nine two seconds, 

representing a thirteen-point five percent 

improvement. The First-Come First-Served scheduler 

achieves nineteen point five four seconds, which is 

three-point three percent worse than Round-Robin. 

The improvement remains consistent, demonstrating 

that the physics-guided scheduler maintains its 

advantage as the system becomes more heavily loaded. 

With fifty jobs, the physics-guided scheduler achieves 

twenty-one point zero five seconds compared to 

Round-Robin at twenty-four point three eight seconds, 

representing a thirteen-point seven percent 

improvement. The First-Come First-Served scheduler 

achieves twenty-five point four one seconds, which is 

four-point two percent worse than Round-Robin. The 

improvement is slightly higher than with lower 

workloads, suggesting that the physics-guided 

scheduler becomes increasingly valuable as the 

system approaches saturation. 

The physics-guided scheduler maintains consistent 

improvement of approximately thirteen percent across 

varying workload densities, demonstrating that its 

advantages are not limited to specific load levels. The 

physics-guided scheduler maintains robust 

performance regardless of how heavily the system is 

loaded, making it suitable for environments with 

varying workload intensities. The resource utilization 

across different workload densities shows that the 

physics-guided scheduler consistently achieves higher 

utilization than Round-Robin. With ten jobs, the 

utilization is seventy-two-point three percent 

compared to Round-Robin at fifty-eight-point one 

percent. With twenty jobs, the utilization is seventy-

eight-point four percent compared to Round-Robin at 

sixty-two-point seven percent. With thirty jobs, the 

utilization is eighty-one-point two percent compared 

to Round-Robin at sixty-five-point four percent. With 

fifty jobs, the utilization is eighty-four-point seven 

percent compared to Round-Robin at sixty-eight-point 

two percent. The gap widens as the number of jobs 

increases, indicating that the physics-guided scheduler 

makes better use of resources under heavy loads. 

6. Arrival Rate Analysis 

The arrival rate analysis examines how scheduler 

performance changes as the arrival spacing between 

jobs varies from zero point five seconds to four point 

zero seconds, with the standard cluster configuration 

of eight nodes, twenty jobs, and chain Directed 

Acyclic Graph structure. This analysis is important 

for understanding how schedulers perform under 

different arrival patterns, from high bursty traffic to 

more regular intervals. 

With zero point five second spacing, representing 

highly bursty traffic where jobs arrive in rapid 

succession, the physics-guided scheduler achieves 

twelve point nine eight seconds compared to Round-

Robin at fourteen point nine eight seconds, 

representing a thirteen-point four percent 

improvement. The First-Come First-Served scheduler 

achieves fifteen point four two seconds, which is two-

point nine percent worse than Round-Robin. The 

bursty nature of the traffic creates challenges for 

schedulers that are not designed to handle rapid 

arrivals, but the physics-guided scheduler maintains 

its performance advantage. 

With one point zero second spacing, the physics-

guided scheduler achieves thirteen point nine seconds 

compared to Round-Robin at fifteen point eight seven 

seconds, representing an eleven-point eight percent 

improvement. The First-Come First-Served scheduler 

achieves sixteen points in three four seconds, which is 

three-point zero percent worse than Round-Robin. 

The improvement is slightly lower than with the more 

bursty traffic, suggesting that the physics-guided 

scheduler is particularly effective in bursty conditions. 

With two point zero second spacing, representing the 

standard configuration, the physics-guided scheduler 

achieves twelve point six seconds compared to 

Round-Robin at fourteen point four seconds, 

representing a twelve-point three percent 

improvement. The First-Come First-Served scheduler 

achieves fourteen points in six seconds, which is one 

point five percent worse than Round-Robin. The 

improvement remains consistent across different 

arrival rates. 

With four point zero second spacing, the physics-

guided scheduler achieves thirteen point three seconds 

compared to Round-Robin at fifteen point two eight 

seconds, representing a twelve-point eight percent 

improvement. The First-Come First-Served scheduler 

achieves fifteen point seven one seconds, which is 

two-point eight percent worse than Round-Robin. The 

improvement is similar to the standard configuration, 

demonstrating that the physics-guided scheduler 
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maintains its advantage across a wide range of arrival 

patterns. 

The consistent improvement across different arrival 

rates demonstrates that the physics-guided scheduler 

is robust to variations in job arrival patterns. The 

slightly lower improvement at one point of zero 

second spacing is within the expected variance of the 

experiments and does not indicate a fundamental 

limitation of the approach. The physics-guided 

scheduler maintains its advantage across a wide range 

of arrival rates, from high bursty traffic to more 

regular patterns, making it suitable for diverse cloud 

environments where traffic patterns can change 

unpredictably. 

7. Directed Acyclic Graph Structure 

Analysis 

The Directed Acyclic Graph structure analysis 

examines how scheduler performance changes across 

different Directed Acyclic Graph topologies including 

chain, parallel, and mixed structures. This analysis is 

important for understanding how schedulers perform 

different workflow patterns, from deep sequential 

workflows to wide parallel workflows to balanced 

workflows with both characteristics. This is a critical 

evaluation dimension because real-world cloud 

workloads exhibit a wide variety of Directed Acyclic 

Graph structures, and schedulers must perform well 

across this diversity. 

For chain topology representing deep structures with 

long sequential dependencies, the physics-guided 

scheduler achieves thirteen point zero two seconds 

compared to Round-Robin at fourteen point eight 

seconds, representing a twelve-point five percent 

improvement. The First-Come First-Served scheduler 

achieves fifteen point one two seconds, which is one 

point six percent worse than Round-Robin. Chain 

topologies are challenging for many schedulers 

because tasks cannot be parallelized, and the critical 

path dominates the makespan. However, the physics-

guided scheduler effectively manages the sequential 

dependencies and balances the load across nodes to 

minimize completion time. 

For parallel topology representing wide structures 

with many independent tasks, the physics-guided 

scheduler achieves twelve point three four seconds 

compared to Round-Robin at fourteen point one two 

seconds, representing a twelve-point six percent 

improvement. The First-Come First-Served scheduler 

achieves fourteen points in three eight seconds, which 

is one point eight percent worse than Round-Robin. 

Parallel topologies are more amenable to load 

balancing because tasks do not have dependencies, 

and the scheduler can freely distribute them across 

nodes. The physics-guided scheduler excels in this 

scenario by effectively distributing independent tasks 

to balance the load. 

For mixed topology combining both deep and wide 

characteristics, the physics-guided scheduler achieves 

twelve point five one seconds compared to Round-

Robin at fourteen point four seconds, representing a 

thirteen-point four percent improvement. The First-

Come First-Served scheduler achieves fourteen points 

in six seconds, which is one point five percent worse 

than Round-Robin. Mixed topologies are the most 

common in real-world applications, and the strong 

performance of the physics-guided scheduler on this 

topology is encouraging practical deployment. 

The physics-guided scheduler demonstrates robust 

performance across all Directed Acyclic Graph 

structures, with improvements ranging from twelve-

point five percent to thirteen-point four percent. The 

consistent performance across different Directed 

Acyclic Graph structures is a critical advantage of our 

approach. Graph Neural Network-based schedulers, 

by contrast, fail catastrophically when the Directed 

Acyclic Graph structure changes from the training 

distribution. This failure is a direct consequence of 

learning workload-specific patterns rather than 

general scheduling principles. When the graph 

topology changes, the learned message passing 

patterns no longer capture the relevant structural 

properties, causing the policy to make systematically 

wrong decisions. Our physics-guided scheduler 

avoids this limitation because it relies on domain-

invariant physical principles rather than workload-

specific patterns. 

8. Weight Configuration Analysis 

The weight configuration analysis examines the 

performance of different weight parameter 

combinations across all tested workloads. This 

analysis is important for understanding how the 

choice of pressure weight alpha, diffusion weight beta, 

and contention weight gamma affects scheduler 

performance and for identifying optimal 

configurations for different workload types. 

The pressure-focused configuration with alpha equal 

to one point two, beta equal to zero point three, and 

gamma equal to zero point two achieves the best 

overall average makespan of twelve point five one 

seconds. This configuration emphasizes immediate 

load awareness and is best for uniform workloads 

where tasks are homogeneous and short. When tasks 
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are uniform, the most effective strategy is to balance 

the current load across nodes, as this minimizes the 

maximum completion time without introducing 

unnecessary task movement. The high alpha value 

prioritizes nodes with low current load, while the low 

beta value reduces the emphasis on load spreading, 

which is not necessary when tasks are similar, and the 

load is already relatively balanced. 

The aggressive diffusion configuration with alpha 

equal to zero point five, beta equal to one point five, 

and gamma equal to zero point five achieves thirteen 

point two six seconds. This configuration emphasizes 

aggressive load spreading and is best for imbalanced 

workloads where some nodes are overloaded, and 

others are underutilized. The high beta value 

prioritizes diffusion, spreading tasks from overloaded 

nodes to underutilized nodes. The moderate alpha and 

gamma values balance the emphasis on current load 

and contention, preventing the scheduler from 

becoming too aggressive and causing unnecessary 

task movement. This configuration is particularly 

effective when workload patterns are bursty or when 

task durations are skewed. 

The balanced configuration with alpha equal to zero 

point eight, beta equal to zero point eight, and gamma 

equal to zero point four achieves thirteen point five 

four seconds. This configuration represents a 

moderate approach that balances immediate load 

awareness with load spreading. The equal alpha and 

beta values give equal weight to pressure and 

diffusion, while the moderate gamma value adds a 

contention penalty to prevent overloaded nodes from 

receiving more tasks. This configuration performs 

well across a wide range of workloads and serves as a 

good default when the workload characteristics are 

not well understood. 

The diffusion-focused configuration with alpha equal 

to zero point six, beta equal to one point two, and 

gamma equal to zero point three achieves thirteen 

point nine four seconds. This configuration 

emphasizes spreading over immediate load balancing. 

The high beta value relative to alpha prioritizes 

diffusion, while the low gamma value reduces the 

contention penalty. This configuration is effective 

when the primary goal is to spread tasks evenly across 

nodes, but it may not perform as well when 

immediate load awareness is more important, Fig 5. 

The basic configuration with alpha equal to one point 

zero, beta equal to zero point zero, and gamma equal 

to zero point zero achieves fourteen point one two 

seconds. This configuration considers pressure only 

and essentially implements a simple Load-Aware 

scheduler. The performance is like the Load-Aware 

baseline, which is expected to be given the similarity 

of the approach. This configuration serves as a useful 

reference point for understanding the benefits of the 

additional physics-inspired terms. 

The results reveal a critical insight: the optimal 

configuration depends on workload characteristics. 

Pressure-focused is best for uniform workloads, while 

aggressive diffusion is better for imbalanced 

workloads. This insight suggests the potential for 

adaptive weight selection based on observed 

workload characteristics. By monitoring the workload 

and dynamically adjusting the weight parameters, a 

scheduler could achieve optimal performance across a 

wider range of conditions. This is a promising 

direction for future research that could further 

enhance the practical utility of physics-guided 

scheduling. Table 3. 

 

Fig 5: A line chart analyzing the sensitivity of scheduler 

performance to different weight configurations. 

The chart displays two lines representing the effect of 

the pressure weight alpha on makespan and the 

diffusion weight beta on makespan. The optimal value 

for alpha is shown at zero point seven, where 

makespan reaches its minimum of approximately 

thirteen point zero seconds. The optimal value for 

beta is shown at one point one, where makespan also 

reaches its minimum. The chart demonstrates that the 

choice of weight parameters significantly affects 

performance, with deviations from the optimal values 

leading to increased makespan. This analysis validates 

the importance of systematic weight optimization and 

shows that the optimal configuration depends on the 

specific workload characteristics. 

Table 3: Weight Configuration Analysis 
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Configuration α β Γ 
Average Makespan 

(seconds) 
Best For 

Pressure-

Focused 
1.2 0.3 0.2 12.51 

Uniform 

workloads 

Aggressive 

Diffusion 
0.5 1.5 0.5 13.26 

Imbalanced 

workloads 

Balanced 0.8 0.8 0.4 13.54 
Moderate 

workloads 

Diffusion-

Focused 
0.6 1.2 0.3 13.94 Load spreading 

Basic 1.0 0.0 0.0 14.12 
Load-Aware 

equivalent 

 
 

9. Comparison with Graph Neural 

Network-Based Schedulers 

The comparison with Graph Neural Network-based 

schedulers reveals significant differences that 

highlight the advantages of our approach. According 

to research by Hattay and colleagues [17], Graph 

Neural Network-based Deep Reinforcement Learning 

schedulers exhibit specific out-of-distribution failure 

modes that undermine their practical deployment. 

When trained on shallow wide Directed Acyclic 

Graphs and tested on deep narrow Directed Acyclic 

Graphs, these schedulers experience catastrophic 

failure because the message passing patterns learned 

during training no longer capture the structural 

properties of the new graph topology. When trained 

on homogeneous machines and tested on 

heterogeneous machines, they experience catastrophic 

failure because the learned resource representations 

do not generalize different machine characteristics. 

When trained on regular arrival patterns and tested on 

bursty arrival patterns, they experience significant 

degradation because the temporal patterns learned 

during training do not match deployment conditions. 

When trained on uniform tasks and tested on skewed 

tasks, they experience moderate degradation because 

the task duration distributions are mismatched. 

Under in-distribution conditions where the workload 

matches training data, Graph Neural Network-based 

schedulers achieve ten point two zero seconds, 

outperforming our physics-guided scheduler which 

achieves twelve point five one seconds. This is 

expected, as Graph Neural Network-based schedulers 

are designed to learn workload-specific patterns and 

can achieve impressive performance when the 

workload matches the training distribution. However, 

the performance advantage comes at a significant 

cost: the requirement for extensive training data and 

the vulnerability to out-of-distribution conditions. 

Under out-of-distribution conditions where the 

workload differs from training data, Graph Neural 

Network-based schedulers experience catastrophic 

failure with makespan increasing to forty-five point 

eight zero seconds, representing a negative seventy-

eight-point eight percent degradation. This 

catastrophic failure is a direct consequence of learning 

workload-specific patterns rather than general 

scheduling principles. When the graph topology 

changes, the learned message passing patterns no 

longer capture the relevant structural properties, 

causing the policy to make systematically wrong 

decisions. The scheduler is essentially operating 

without a valid policy, resulting in extremely poor 

performance. 

In contrast, our physics-guided scheduler maintains 

consistent performance with makespan increasing 

only from twelve point five one seconds to thirteen 

point two seconds, representing a minimal negative 

five-point four percent degradation. This robustness 

stems from the use of domain-invariant physical 

principles rather than workload-specific statistical 

correlations. The physical principles of pressure, 

diffusion, and contention apply regardless of whether 

the workload is a chain, parallel, or mixed topology. 

When the workload changes, the scheduler does not 

need to recognize a pattern from training data. It 

simply applies the same physical principles to the new 

context. 

The stark difference in out-of-distribution 

performance demonstrates the fundamental advantage 

of our approach. While Graph Neural Network-based 

schedulers can achieve impressive performance when 

the workload matches training data, they are fragile 

and unreliable when the workload changes. Our 

physics-guided scheduler, by contrast, provides 

consistent performance across all conditions, making 

it more suitable for real-world cloud environments 

where workloads are inherently dynamic and 

unpredictable. Cloud providers cannot afford to 

continuously retrain their schedulers on every 

possible workload variation, as the data collection and 

training processes are prohibitively expensive and 

time-consuming. The out-of-distribution 

generalization capabilities of our approach provide a 

practical advantage that is critical for production 

deployment. 
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10. Discussion 

10.1 Interpretation of Results 

The experimental results demonstrate that physics-

guided scheduling is an effective and robust 

alternative to both classical heuristics and machine 

learning-based approaches. The pressure-focused 

configuration achieves the best overall performance, 

suggesting that for the standard workload of 

homogeneous tasks, emphasis on immediate load 

awareness is more effective than aggressive load 

spreading. However, the aggressive diffusion 

configuration performs better for imbalanced 

workloads, indicating that the optimal strategy 

depends on workload characteristics. 

The scalability analysis shows that the physics-guided 

scheduler maintains its performance advantage as 

cluster size increases, making it suitable for large-

scale cloud deployments. The workload density 

analysis demonstrates consistent performance across 

varying load levels, suggesting that the approach is 

robust to changes in system load. The arrival rate 

analysis confirms robustness to different job arrival 

patterns, from bursty to regular traffic. The Directed 

Acyclic Graph structure analysis shows consistent 

performance across different workflow topologies, 

addressing a key limitation of Graph Neural Network-

based schedulers. 

10.2 Practical Implications 

The results have several important practical 

implications for cloud providers and system 

administrators. First, the physics-guided scheduler 

provides substantial improvements over traditional 

heuristics without requiring complex training data or 

machine learning pipelines. This makes it easier to 

deploy and maintain than machine learning-based 

schedulers, which require significant expertise and 

infrastructure for training and validation. 

Second, the robustness to out-of-distribution 

conditions makes the physics-guided scheduler more 

reliable in production environments where workloads 

are dynamic and unpredictable. Cloud providers 

cannot afford to have their scheduling system fail 

catastrophically when the workload changes, as this 

would lead to significant service degradation and 

customer dissatisfaction. The physics-guided 

scheduler provides consistent performance across a 

wide range of conditions, reducing the risk of 

unexpected failures. 

Third, the interpretability of the physics-guided 

scheduler makes it easier to understand and debug 

than machine learning-based schedulers. When a 

scheduling decision is made, we can explain it in 

terms of physical principles: a node was chosen 

because it had low pressure, or because diffusion was 

needed to balance the load, or because contention on 

other nodes was high. This interpretability is valuable 

for building trust in automated systems and for 

diagnosing performance issues. 

10.3 Limitations 

Our study has several limitations that should be 

acknowledged. The simulation-based evaluation, 

while modeling realistic cloud environments, should 

be validated on actual cloud platforms such as AWS, 

Azure, or Google Cloud. Real-world cloud 

environments introduce additional complexities such 

as network latency, storage I/O, and virtual machine 

migration overhead that are not fully captured by 

simulation. The workload variety, while testing a 

range of workloads, may not capture the more 

complex patterns seen in real cloud environments. 

Real workloads often exhibit long-tail distributions, 

periodic patterns, and unexpected bursts that are 

difficult to fully replicate in simulation. 

The single objective focus on makespan means that 

real schedulers must balance multiple objectives 

including cost, energy, and service level agreement 

compliance. Future work should extend our approach 

to multi-objective optimization. The lack of real 

Walrus integration means that while we use physics-

inspired concepts, full integration with foundation 

models like Walrus remains in future work due to 

technical challenges. Real Walrus integration could 

potentially enhance our approach by providing 

learned concept directions from physics datasets, 

further improving performance. 

11. CONCLUSION 

This paper has presented a comprehensive numerical 

evaluation of our physics-guided scheduling approach 

for cloud workloads. Through systematic 

experimentation across multiple workload dimensions 

including cluster size, workload density, arrival 

patterns, and Directed Acyclic Graph structures, we 

have demonstrated that physics-guided scheduling is 

an effective and robust alternative to both classical 

heuristics and machine learning-based approaches. 

The pressure-focused configuration achieves the best 

overall makespan of twelve point five one seconds, 
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outperforming Round-Robin by thirteen-point four 

percent and First-Come First-Served by fifteen-point 

four percent. The aggressive diffusion configuration 

achieves thirteen point two six seconds, 

outperforming Round-Robin by eight-point two 

percent and First-Come First-Served by ten-point two 

percent. The physics-guided scheduler maintains 

consistent performance across varying cluster sizes, 

workload densities, arrival rates, and Directed Acyclic 

Graph structures. 

The comparison with Graph Neural Network-based 

schedulers reveals the fundamental advantage of our 

approach. While Graph Neural Network-based 

schedulers experience catastrophic failure under out-

of-distribution conditions with a negative seventy-

eight-point eight percent degradation, our physics-

guided scheduler maintains consistent performance 

with only a negative five-point four percent 

degradation. This robustness stems from the use of 

domain-invariant physical principles rather than 

workload-specific statistical correlations. 

The weight configuration analysis reveals that the 

optimal configuration depends on workload 

characteristics, with pressure-focused being best for 

uniform workloads and aggressive diffusion being 

better for imbalanced workloads. This insight 

suggests the potential for adaptive weight selection 

based on observed workload characteristics. 

Future research directions include real Walrus 

integration to combine the robustness of physics-

guided scheduling with the predictive power of 

foundation models. Adaptive weight selection would 

develop mechanisms to dynamically adjust alpha, beta, 

and gamma based on observed workload 

characteristics. Multi-objective optimization would 

extend the framework to balance multiple objectives 

including cost, energy, and service level agreement 

compliance. Real-cloud validation would confirm the 

practical effectiveness of the approach on actual cloud 

platforms such as AWS, Azure, or Google Cloud. 
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