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Abstract 

Machine learning (ML) scheduling of tasks has become a fundamental research focus in edge-

cloud computing, and seeks to optimize latency, energy, and resource usage in distributed systems. 

However, as algorithms have gotten rapidly better, recent studies do not engage in consistent, 

rigorous benchmarking practices, so comparisons across studies are not reliable and cumulative 

scientific advancement cannot be made. 

This paper is a descriptive, quantitative review of 103 exemplary articles on ML-based task 

scheduling in edge clouds. It is established that there are significant methodological differences: 

82% of the studies employ synthetic workloads only, and only 35% perform rigorous 

benchmarking. Although 95/103 studies claim to use multi-objective optimization, there are 

extensive utilizations of performance-based metrics (e.g., latency and QoS), whereas reliability 

and SLA compliance are addressed in less than 12% of studies. In addition, the practices of 

baseline comparison are not even, and less than 10 % of the studies provide paradigm-balanced 

comparison. 

We perform inferential statistical tests to go beyond descriptive observations and show significant 

structural dependencies among learning paradigms, dataset types, and benchmarking rigour (chi-

square tests, p < 0.001, large effect sizes). The findings suggest that the identified differences are 

not random but systemic, revealing underlying issues in contemporary evaluation practices. 

These weaknesses will be addressed by providing a Unified Taxonomy and Benchmarking 

Framework (UTBF), including a hierarchical method classification and a standardised, 

reproducibility-aware evaluation protocol. UTBF transforms taxonomy into a working assessment 

tool, formalizing the strength of benchmarking and cross-paradigm comparisons, and promoting 

uniform experimental design, unlike traditional survey-based taxonomies. The proposed 

framework will be used to make fair comparisons, enhance methodological rigour, and perform 

more deployment-relevant validation in future research on ML-based edge-cloud task scheduling. 

Keywords: Edge–Cloud Computing; Task Scheduling; Machine Learning; Benchmarking; 

Unified Taxonomy; Evaluation Framework. 
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1. Introduction 

The recent rapid spread of latency-sensitive Internet of Things (IoT) applications and services has 

boosted the uptake of edge-based cloud computing frameworks. Edge computing provides greater 

privacy, faster responsiveness, and less network congestion than traditional, cloud-centric models 

by bringing computation closer to data sources [1], [2]. As such, distributed systems are being 

developed to be even more heterogeneous edge cloud environments. 

Task scheduling is one of the major issues of such environments. Unlike conventional cloud data 

centres, edge infrastructures are described as being heterogeneous, with dynamic loads, limited 

computational capacity, and high-latency constraints [3]. The process of effective scheduling then 

has to compromise among conflicting goals, such as latency, energy usage, cost, and resource 

usage. 

To ensure such solutions, machine learning (ML) and deep reinforcement learning (DRL) 

strategies have become major focuses due to their adaptability to dynamic system conditions [4], 

[5]. Simultaneously, edge-centric intelligence has recently been studied, with edge nodes partially 

offloading computation and decision-making to enhance responsiveness and efficiency [1], [2]. 

Although these advances have enhanced scheduling performance, there have been no 

correspondingly rigorous and consistent evaluation practices. 

Specifically, previous research is characterized by a high degree of diversity in workload choice, 

benchmarking bottom line, objective modelling, use of the simulator, and reporting on 

reproducibility. Despite the numerous works that purport to work on multi-objective optimization, 

latency, and QoS, which are performance-based metrics, they usually prevail in the evaluation. 

Comparisons across paradigms are not very widespread, and statistical confirmation is used 

unevenly. Consequently, benchmarking practices remain quite fragmented, which does not allow 

for fair comparisons and minimizes the external validity of reported results. 

To theoretically investigate these concerns, the paper presents a scientific study of 103 articles that 

analyze the concept of ML-based task scheduling in edge-cloud systems. The analysis does not 

just cover descriptive categorization, but quantitatively measures benchmarking strength, data 

utilization, planned diversity, and reproduction practices. According to the specified gaps in the 

methodology, we develop a Unified Taxonomy and Benchmarking Framework (UTBF) that is a 

synthesis of hierarchical classification and systematic evaluation process. The proposed 

framework can contribute to the increased consistency of the comparison and to the 

methodological rigor of the future studies. 

The contributions of this work are principally as follows: 

1. A systematic review of 103 edge-cloud ML-based studies of task scheduling. 

2. Quantitative determination of the methodological gaps concerning benchmarking practices, data 

set selection, objective modelling, and the use of the simulator. 

3. A Unified Taxonomy and Benchmarking Framework (UTBF), a compilation of classification 

and a standardized evaluation point of view. 



4. Recommendations on practical guidelines to aid reproducibility, cross-paradigm comparison, as 

well as better experimental design in further studies. 

The rest of this paper is structured as follows. Section 2 is a review of related work. The 

methodology, together with the construction of the data set, is presented in Section 3. In section 4, 

the results of the analysis are provided. Research gaps are discussed in Section 5. The proposed 

framework is presented in Section 6. Threats to validity are described in section 7. Section 8 

concludes the paper. 

2. Related Work 

In distributed systems, research on task scheduling has advanced significantly with the emergence 

of edge-cloud computing. The first scheduling methods available in traditional cloud environments 

were largely heuristic and rule-based, such as First-Come-First-Served (FCFS), Min-Min, and 

Round Robin [7], [8]. These techniques have been developed in relatively stable, homogeneous 

environments, whereas edge cloud environments are more heterogeneous, with fluctuating 

workloads, fewer computational resources, and more rigid latency constraints. Consequently, 

further adaptive scheduling plans have become more extensively investigated. 

2.1 Metaheuristic-Based Scheduling 

The PSO, Genetic Algorithms (GA), and Ant Colony Optimization (ACO) are metaheuristic 

algorithms that have been extensively used to solve distributed task scheduling problems due to 

their ability to search a vast solution space under a variety of constraints [9], [10]. These 

approaches are often able to generate superior approximate solutions in complex optimization 

contexts compared to deterministic schedulers. To a significant extent, however, most of this 

literature relies on synthetic simulation scenarios, and performance is measured against a relatively 

small set of baselines. Moreover, comparisons of fundamentally different scheduling paradigms, 

including learning ones, are uncommon in most studies. 

2.2 Machine Learning and Deep Reinforcement Learning Approaches 

The shortcomings of manual scheduling policies have given rise to growing interest in machine 

learning (ML) and deep reinforcement learning (DRL) techniques. Workload prediction, 

classification, and decision support in scheduling systems have been addressed using supervised 

learning [11], but DRL has increasingly been used for adaptive resource management in uncertain, 

non-stationary scenarios [4] and [12]. Deep Q-Networks (DQN) and policy-gradient methods, such 

as actor-critic methods, have demonstrated encouraging performance in latency-constrained edge 

scenarios [12], [13]. 

Meanwhile, these approaches provide trade-offs. Deep models can enhance adaptive decision-

making; however, they increase training complexity, memory requirements, and computational 

cost, which can be considerable in resource-limited edge environments [6]. This places the 

evaluation design in a special position of importance, as any reported gains cannot be evaluated 

based on performance metrics alone; they should be evaluated in relation to deployment feasibility, 

model cost, and the experimental conditions. 



2.3 Edge Intelligence and Distributed Processing Frameworks 

In addition to time-scheduling research, edge intelligence has received considerable attention, in 

which preprocessing, inference, and decision-making are moved closer to data sources [1], [2]. 

Such architectures can reduce latency, enhance responsiveness, and reduce reliance on centralized 

cloud resources. They are also more effective at supporting privacy-sensitive, bandwidth-

constrained applications than an entirely cloud-based solution. 

Irrespective of these architectural developments, assessment practices are inconsistently assessed 

across studies. Numerous publications focus on algorithmic or system-level novelty, whereas the 

workload is characterized in a vastly different fashion, the simulator is configured, reporting is 

detailed, and validation processes are conducted differently. That is why one cannot easily 

compare the reported results across studies, even when they concern similar scheduling objectives. 

2.4 Existing Taxonomies and Survey Studies 

Some of the surveys and taxonomy research have examined scheduling techniques in both cloud 

and edge settings [14], [15]. Such works typically divide the literature by algorithm families, 

system architectures, or application scenarios. These classifications can be used to organize the 

field and identify significant directions for research. 

But earlier surveys have been mostly descriptive in their nature. They do not make clear evaluation 

dimensions for benchmarking strength, dataset diversity, reproducibility, or cross-paradigm 

fairness in most instances. Consequently, they offer little assistance in determining the quality or 

comparability of methodology in the available research. This necessitates a common point of view 

that not only classifies scheduling approaches but also enables a more systematic and consistent 

review. In contrast to previous surveys, the study directly defines benchmarking strength as an 

evaluative dimension (formally) and combines taxonomy with a benchmarking protocol that is 

reproducible. 

3. Research Methodology 

The paper employs a data-driven review approach to systematically examine trends in 

methodology, benchmarking practices, and objective modelling strategies in machine-learning-

based task-scheduling studies in edge-cloud settings. Instead of the narrative comparison, the 

adopted approach turns the reviewed literature into a clear-cut dataset that will support quantitative 

analysis and cross-study comparison. 

Fig. 1 shows the entire research process, including study selection, manual annotation, validation, 

and analysis. 



 

Fig. 1. Research workflow illustrating the study selection, annotation, and analysis pipeline 

adopted in this study 

 3.1 Study Collection and Selection Process 

The study corpus was formed through a multi-stage selection process. A preliminary list of 115 

records was compiled from the literature on task scheduling, task offloading, and resource 

allocation in edge-cloud and mobile edge computing settings, obtained through targeted searches 

of key academic databases using combinations of keywords. 

 



A sieving step was then performed based on predetermined inclusion and exclusion criteria. To be 

included in the research, the studies had to: 

(1) dealt with scheduling or offloading tasks or resources in edge-cloud, MEC, or similar 

distributed systems; 

(2) utilized machine learning, reinforcement learning, metaheuristic, or hybrid optimization 

algorithm. 

(3) provided experimental evaluation results 

(4) have been published either in peer-reviewed journals or accepted conference locations. 

Literature that focused entirely on theoretical representation without experimental verification was 

excluded. Moreover, papers whose main theme was not scheduling (e.g., network routing) or that 

lacked an edge-cloud background were excluded. 

After this process, 103 studies were left to be structured, coded, and quantified. 

3.2 Manual Annotation and Coding Protocol 

To ensure uniformity in data typing, a coding protocol was created before annotation and applied 

uniformly across all study groups. The protocol includes seven coding manuals in each category, 

whose attributes are defined, permissible values are specified, and explicit decision rules are 

provided, all of which are specific to a particular methodological paradigm, along with inclusion 

and exclusion criteria. These manuals are supplementary materials that can promote transparency 

and replicability in the annotation process. 

One researcher annotated all the studies, and another reviewed them independently. More 

systematic observation of arguments was also made, and their resolution was based on discussion 

through the established coding protocol, not on intuition. This was done until all the entries agreed 

on the general response. Though no formal inter-annotator agreement measures were conducted 

(e.g., Cohen's Kappa), a structured procedure that combines predefined decision rules, independent 

review, and consensus-based resolution was adopted to ensure coding consistency, as is customary 

in other data-driven survey studies. 

The annotation was also intended to reflect the methodological characteristics, not the quality of 

specific studies. The coding decisions were therefore made solely on what each paper actually 

said, and no attribute was ever decided based on context or convention. 

 3.3 Data Extraction and Structured Encoding 

The selected works were coded using the structured taxonomy template, which included 32 

attributes describing conceptual, methodological, and evaluative issues. These are learning 

paradigms, families of algorithms, objective formulations, types of data to use, evaluation settings, 

baseline comparison strategies, strengths of benchmarking, and pointers to reproducibility. 



These data have been obtained mainly from the methods and assessment sections of the articles 

and matched to the standardized values using controlled vocabularies. By doing so, there will be 

fewer variations in wording, making it more feasible to achieve a consistent aggregation of studies. 

Later in the processing stage, the attributes were selected, cleaned, and recoded, and the resulting 

normalized fields were prepared for quantitative analysis. 

 3.4 Benchmarking Strength Classification 

To make the evaluation rigorous and comparable, the benchmarking practices were divided into 

three ratings: weak, moderate, and strong. The classification was made based on rule-based criteria 

based on observable and expressly reported characteristics of each study, and in line with the 

decision rules outlined in the coding manuals. 

In strong benchmarking, cross-paradigm baseline comparisons (i.e., comparisons with methods 

from at least two different methodological paradigms) are required, as are statistical validation 

(e.g., confidence intervals or significance testing) and adequate disclosure of reproducibility (e.g., 

simulator identification, parameter reporting, and workload description). Moderate benchmarking 

is a set of comparisons made between the bases, but it is within a single methodological paradigm, 

with minimal statistical reporting and only limited information on reproducibility. Weak 

benchmarking is defined by one or intra-paradigm basis comparisons, lack of statistical validation, 

and little to no data on reproducibility. 

The reason for this formalization is twofold. First, it enables benchmarking strength to be evaluated 

as a comparable dimension, measurable across studies, rather than as a description. Second, it 

guarantees that the classification as a reflection of the nature of structural evaluation - the diversity 

of comparison methods and the completeness of reportage of the experiment - is not a subjective 

evaluation of the quality of research. This is equally true of all the methodological paradigms in 

the dataset. 

 3.5 Quantitative Analysis Procedure 

The coded data were interpreted through structured quantitative approaches. It will be analyzed 

using frequency distributions across the dimensions of taxonomy, trends over time, cross-

dimensional interactions (e.g., between learning paradigms and dataset types), baseline 

comparison patterns, and objective diversity evaluation. 

Programmatic creation of all analytic outputs, such as figures and summary tables, was performed 

within a controlled computing workflow, and traceability between the encoded dataset and the 

reported results was ensured. 

 3.6 Validity and Reproducibility Measures 

A few measures were taken to increase the study's internal consistency and analytical reliability. 

Standardized vocabulary categories were used for encoding, and compatibility checks of similar 



attributes were performed to identify any missing or contradictory records. Attributes that were 

not identifiable using the reported content were not inferred and were merely left unencoded. 

The encoded dataset and analysis scripts are published alongside the predetermined coding 

manuals, detailing decision rules and permissible values for each category, in a reproducibility 

package. The table and summary tables used in this article are the results of programmatic 

computation of structured data using repeatable Python scripts, and both the encoded data and the 

reported results are fully traceable. It is a package provided to enable independent checking and 

extend the analytical pipeline. 

All of the above would contribute to the transparency and reproducibility of the methodological 

pipeline employed in this research by assisting in ensuring that the application of category-specific 

coding manuals, cross-reviewing (independent), consensus-based resolution of conflicts, 

controlled vocabularies, and programmatic analysis are facilitative. 

4. Results and Analytical Insights 

Section 4 gives a quantitative analysis of the 103 peer-reviewed articles that are contained in the 

curated dataset [16]-[118]. These are the analytical articles to serve as the analytical corpus of the 

proposed research and were chosen based on the process described in Section 3. 

The analysis is conducted in an aggregate manner where standardized attributes are determined 

and contrasted in the studies rather than providing separate descriptive summaries. The discussion 

covers various points, which include, learning paradigm, objective modelling techniques, use of 

datasets, benchmarking and evaluation environments. 

The whole system of statistical distributions, temporal trends, and cross-dimensional correlations, 

which are introduced in this section, is founded on the complete dataset. This ensures that there is 

uniformity in interpretation and traceability between the encoded data and the reported findings. 

4.1 Evolution of Learning Paradigms 

The dynamic nature of learning paradigms in ML-based task scheduling for edge-cloud 

environments has undergone significant change in recent years. 



 
 

Figure 2: Temporal Evolution of Learning Paradigms in ML-based Edge–Cloud Task Scheduling 

 

The DRL-based approaches have increased dramatically since 2021, as shown in Figure 2, and 

have become increasingly popular in recent research. Hybrid approaches, especially those 

integrating DRA with a metaheuristic or assistive ML elements, have demonstrated the fastest 

growth, most notably between 2022 and 2025. By contrast, classical metaheuristic methods do not 

show such a pronounced increase in adoption. 

This trend represents a fundamental shift towards standalone heuristic optimization, learning-

based scheduling strategies, and hybrid approaches. Meanwhile, the growing variety of learning 

paradigms underscores the need for stable, comparable benchmarking practices, as these 

paradigms can be tested under heterogeneous experimental conditions. 

4.2 Benchmarking Rigour Over Time 

The rigour of benchmarking was studied within the framework of learning paradigms to 

understand differences in evaluation methodology. 



 
Figure 3: Benchmarking Rigour by Learning Paradigm 

 

The benchmarking levels are distributed among various learning paradigms as shown in Figure 3. 

Studies based on DRL can be split into strong and moderate benchmarking, and a few into the 

survey-only category. Hybrid methods continue to focus primarily on the moderate category, 

whereas metaheuristic research is linked to nearly all moderate benchmarks. The trends of 

supervised ML studies indicate that the distributions of strong and moderate benchmarking are 

more balanced, whereas survey papers are inherently assigned to the non-experimental category. 

This trend indicates that benchmarking rigour is not uniformly distributed across methodological 

paradigms. Otherwise, paradigms are more likely to be linked to different sets of evaluation 

practices, implying that benchmarking decisions can be based on the adopted methodology rather 

than on a field-wide standard. 

As a further test of whether the rigour of benchmarking varies systematically with methodological 

characteristics, two chi-square tests of independence were conducted. 

 



To begin with, the connection between the learning paradigm and the level of benchmarking was 

examined. The findings reveal that the relationship is statistically significant (χ² = 92.82, df = 10, 
p = 0.001), and the effect size is large (Cramér's V = 0.67; N = 103). This implies that the practice 

of benchmarking does not occur randomly in the selection of a learning paradigm, but instead has 

a systematic connection. 

Second, the correlation between dataset type and the level of benchmarking was considered. The 

chi-square test also demonstrated a significant relationship (χ² = 97.95, 8 df, p = 0.001), and the 
findings are high. It means that research based on synthetic workloads is more often associated 

with lower benchmarking rigour than research using real-world datasets. 

When put together, these results provide quantitative evidence that the differences in methodology 

across the literature are structural rather than accidental. They also support the idea that more 

consistent, similar benchmarking practices should be used across more studies. 

4.3 Baseline Comparison Practices 

We next examined baseline comparison strategies at the per-paper level. 

 
 

Figure 4: Baseline Comparison Practices Across Studies (Per-Paper) 

 

Figure 4 indicates that 57 studies (55.34%) compare to DRL-based baselines, and 55 studies 

(53.4%) use heuristic or rule-based baselines. However, by comparison, classical scheduling 

baselines (e.g., FCFS and Round Robin) are included in only 31 studies (30.1%) and 7 studies 

(6.8%), respectively, compared to ML/DL-based methods. These %ages do not sum to 100% 

because individual studies may include multiple baseline categories. 



 

All in all, this distribution indicates a propensity towards intra-paradigm or selectively chosen 

comparisons, in which studies tend to benchmark their methods against those of the same 

paradigm. Such practice can decrease cross-paradigm fairness and narrow down the scope of 

evaluation. This trend can be further demonstrated by the temporal development of the baseline 

practices. 

 
 

Figure 5:   Evolution of Baseline Comparison Practices 

 

As Figure 5 indicates, comparisons relying on DRL grow significantly after 2021, as the use of 

learning-based scheduling methods continues to grow. Meanwhile, the comparative application of 

classical scheduling baselines decreases. Another widely used technique, year after year, is the use 

of heuristic and metaheuristic baselines, which are often presented alongside learning-based 

approaches. 

The numbers in Figure 5 do not sum to zero, since individual studies can have multiple baseline 

categories. All in all, the trends show that benchmarking practices have shifted to include learning-

based references and to reduce reliance on foundational scheduling baselines. 

4.4 Dataset Usage and External Validity 

One of the most notable findings concerns dataset selection. 



 
 

Figure 6: Dataset Usage Distribution 

 

Table 1 and Figure 6, presented in summary form, show that 82 studies are based on synthetic 

workloads (79.61%). Conversely, real-world data and trace-based assessments collectively amount 

to 10 studies (9.71) in the analytical corpus. 

 

Further cross-analysis shows that advanced paradigms, in particular, DRL, hybrid, and 

metaheuristic, rely largely on synthetic data.  

 

Table 1: Dataset Type by Learning Paradigm 
 

Learning Paradigm Synthetic Analytical Real-Trace Real-World Total 

DRL 45 3 0 1 49 

Meta-Heuristic 19 0 0 0 19 

Supervised ML 5 5 3 2 15 

Hybrid 7 1 1 0 9 

Hybrid (DRL+Meta) 6 1 1 0 8 

Other — — — — — 

 

 

Precisely, over 90% of studies based on DRA use synthetic workloads, and all studies based on 

metaheuristics in the dataset rely solely on synthetic data. Quite to the contrary, real-world data 

appear to be more prevalent in supervised learning investigations than in other paradigms. 



This extensive use of synthetic data poses substantial problems of external validity, deployment 

realism, and the generalizability of reported scheduling performance. This extreme reliance on 

synthetic data, with no corresponding analysis of real-world datasets or trace-based workloads, is 

a concern for external validity and deployment realities. 

4.5 Objective Function Diversity 

Even though a high percentage of the studies reviewed are described as multi-objective, the 

distribution of the optimization targets is skewed. 

 

 
 

 Figure 7: Objective Frequency Distribution 

 

As Figure 7 shows, the most common objectives to maximize are latency and QoS, which are 

applied in 95 (92.23) and 96 (93.2) studies, respectively. These are then preceded by energy 

consumption (75 studies, 72.82) and resource utilization (73 studies, 70.87), which are also 

commonly found in scheduling optimization models. 

Quite to the contrary, several goals are not represented significantly. Compliance with SLA (11 

studies, 10.68) is only 11, throughput (10 studies, 9.71) is only 10, and reliability (7 studies, 6.8) 

is only 7. Other goals, such as cost satisfaction and meeting deadlines, are considered at a moderate 

level, but not to the same extent as performance-based measures. 

The analysis reveals that in spite of the wide usage of multi-objective formulations, the scope of 

optimization is still limited to a few objectives in practice. In particular, the emphasis on latency 



and QoS means that performance-based evaluation is more significant, while aspects related to 

service guarantees, system robustness, and long-term operational availability are less emphasized. 

Therefore, current models of multi-objective scheduling might not fully capture the intricacies of 

real-world deployment requirements, and a more balanced, all-encompassing modelling of the 

objectives should be a research agenda for the future. 

4.6 Simulator Fragmentation and Reproducibility 

Lastly, benchmarking contexts were analyzed to evaluate the degree of fragmentation of 

experiments in the literature. 

 

Figure 8: Simulator and Benchmarking Environment Usage 

Table 2. Simulator and Benchmarking Environment Usage 

Simulator / Environment Number of Studies %age (%) 

Custom Simulator 55 53.4% 

Not Specified 29 28.16% 

CloudSim 8 7.77% 

iFogSim 3 2.91% 

Other Simulators 8 7.77% 

Total 103 100% 

 



Figure 8 and Table 2 show that more than half of the studies (55 papers, 53.4) employ custom-

built simulators, and 29 studies (28.16) do not mention their evaluation platform. In comparison, 

popular simulation tools such as CloudSim and iFogSim can be found in 8 and 3 studies, 

respectively, and make up 10.68% of the articles analyzed collectively. 

The degree of fragmentation of the benchmarking practices is reflected in the dependence on 

custom or unspecified environments. Such non-standardization restricts reproducibility and cross-

study comparisons since results are generally specific to particular non-shared simulations.All in 

all, the observed inconsistency in the use of the simulator indicates that measurement settings are 

not aligned across studies, supporting the need for a standardized, consistent benchmarking 

framework. 

5. Research Gaps and Future Directions 

The analytical results presented in Section 4 indicate common methodological gaps in the existing 

literature on ML-based task scheduling in edge clouds. Taken together, these gaps demonstrate 

that a more systematic and consistent design and benchmarking of taxonomies is needed. 

5.1 External Validity Gap: Dependence on Synthetic Workloads 



The review indicates that a significant %age of the articles studied are based on synthetic 

workloads, and the %age that use real-world datasets or trace-based analyses is low. State-of-the-

art paradigms, especially DRL and hybrid models, are also largely reliant on synthetic data. 

The statistical outcomes in Section 4 also support this imbalance. The strong correlation between 

the type of dataset used and the degree of benchmarking suggests that the use of synthetic 

workloads is associated with poorer benchmarking practices, rather than being randomly 

distributed across studies. 

Synthetic data can be handy for controlled experimentation, but excessive use of it without 

additional analysis of real-world data sets or trace-based workloads can undermine external 

validity, restrict deployment applicability, and limit cross-study comparability. 

Future directions are the creation of open benchmark trace repositories of edge-cloud systems, 

more explicit workload-generation practices, and more extensive use of trace-driven or real-data-

driven validation, as well as simulation. 

5.2 Benchmarking Rigour Gap: Paradigm-Dependent Evaluation Practices 

The findings also indicate that the rigour of benchmarking varies across methodological 

paradigms. Certain categories are more often associated with robust evaluation activities, while 

others remain confined to moderate benchmarking environments. Moreover, comparisons of 

baselines are often intra-paradigm, thus limiting the scope and impartiality of comparative 

assessment. 

The latter differences are supported by the statistical analysis in Section 4, which found that the 

level of benchmarking and the learning paradigm were significantly related. This implies that 

practice in evaluation is influenced, at least in part, by methodological tradition rather than by a 

standard of benchmarking used throughout the discipline. 

Therefore, the literature cannot be easily compared systematically across paradigms, despite 

studies discussing similar scheduling problems. 

The way forward is to embrace clearer benchmarking processes, wider application of cross-

paradigm baselines, and more uniform reporting of reproducibility and statistical validation 

procedures. 

5.3 Objective Diversity Gap: Concentration on Performance-Centric Metrics 

Most studies are stated as multi-objective, but the objectives optimized focus on a relatively limited 

set of performance-related indicators, in particular, latency and QoS. Reliability, SLA compliance, 

and throughput seem to be far less often in the list of objectives. 

This concentration shows that the edge cloud scheduling is only partially modeled in the current 

optimization practice. In particular, it may be underexpressed in aspects such as service guarantees, 

resilience, and the system's long-term behavior. 



Future directions include greater use of reliability-sensitive and SLA-sensitive goal models, more 

balanced multidimensional optimization schemes, and greater emphasis on goal-related aspects of 

robustness, fairness, and operational stability. 

5.4 Reproducibility Gap: Simulator Fragmentation and Limited Standardization 

The other gap concerns the disintegration of experimental settings. A large portion of the literature 

is based on custom simulators, and many other studies do not specify the evaluation platform. In 

comparison, the most popular tools, including CloudSim and iFogSim, account for only a 

relatively small portion of the literature. 

This inconsistency makes it difficult to replicate the reported results and even to compare studies 

conducted under similar experimental conditions. Not all of the time is the problem; the issue is 

the absence of standardization of reporting and shared evaluation environments throughout the 

field. 

New directions include standardizing simulator reporting practices, publishing code and 

experimental settings, and community-supported benchmarking. 

5.5 Toward a Unified Taxonomy and Benchmarking Framework 

The observed imbalance in datasets, variations in benchmarking due to paradigm dependencies, 

objective concentration, and fragmentation of simulators indicate that there is no sufficiently 

consistent evaluation ecosystem to support research on ML-based edge-cloud task scheduling. 

Section 4 also presents statistical results that again suggest these inequalities are not by chance. 

This creates an evident motivation towards a standard framework that can be applied to make a 

more systematic comparison of studies. 

It is believed that a framework of this sort acts as a guide towards improving cross-paradigm 

comparability, methodological clarity, reproducibility, and evaluation transparency. It is not 

intended to establish a general protocol to be followed by all studies, but rather a flexible guideline 

to provide a more balanced and understandable benchmarking practice. 

The following section introduces the proposed Unified Taxonomy and Benchmarking Framework 

(UTBF), which is aimed at addressing these gaps with a systematic, sensitivity to reproducibility, 

and evaluation procedure 

6. Proposed Unified Taxonomy and Benchmarking Framework 
 

This section presents a Unified Taxonomy and Benchmarking Framework (UTBF) for ML-based 

task scheduling in edge-to-cloud computing systems, addressing the methodological gaps 

identified in Section 5. The framework will be applied to support more consistent classification 

and evaluation practices through fragmentation in benchmarking, inconsistency in objectivity 

modeling, and a lack of standardization of experimental reporting 



The UTBF motivation is further explained by the statistical results of Section 4. Specifically, the 

chi-square tests show that there are considerable relationships between learning paradigms and 

benchmarking rigour, between dataset types and benchmarking strength (p < 0.001; large effect 

sizes). These findings indicate that differences in methodology across the literature are systematic 

rather than isolated, providing an excellent foundation for a more organized, cross-paradigm 

evaluation. 

The proposed framework is not intended to be a mandatory protocol but rather a reference structure 

to enhance comparability, methodological transparency, and reproducibility across studies. The 

framework can be divided into two complementary components: 

1. A hierarchical taxonomy layer. 

2. A uniform benchmarking protocol layer. 

Table 3 compares UTBF with six exemplary studies across seven evaluation dimensions to situate 

the proposed framework within the current body of literature. The studies were chosen to represent 

the variety of taxonomic and benchmarking methods already in use in the field, such as algorithm-

based taxonomies, surveys of performance metrics, and domain-specific surveys. The comparison 

is structured around the dimensions that are core to the framework design paradigm classification, 

benchmarking formalization, cross-paradigm baseline requirements, dataset diversity assessment, 

statistical validation, reproducibility reporting, and the existence of a structured evaluation 

protocol. As illustrated in Table 3, the current literature covers these dimensions either partially or 

on a small scale. Houssein et al. present a systematic taxonomy and only extend it to metaheuristic 

techniques. Aslanpour et al. address performance measures and evaluation criteria, but the strength 

of benchmarking is not formalized as a classification criterion used across all studies. The 

remaining surveys incompletely classify the paradigm and fail to cover other dimensions. 

Collectively, this comparison demonstrates that no existing work combines all seven dimensions 

into a single, operationally feasible framework, thereby stimulating the conceptualization of 

UTBF. 

Table 3: Dimensional comparison of existing surveys and taxonomy studies against the proposed 

Unified Taxonomy and Benchmarking Framework (UTBF).  

Study 
Hierarchical 

paradigm 

classification 

Benchmarking 

strength 

formalized 

Cross-

paradigm 

baseline 

required 

Dataset 

diversity 

assessed 

Statistical 

validation 

included 

Reproducibility 

as an explicit 

dimension 

Structured 

evaluation 

protocol 
Coverage 

Houssein 

et al. (2021) 

Meta-heuristic 

taxonomy, 

cloud 

scheduling 

✓ — — — — — — 1/7 

Aslanpour 

et al. (2020) 
◑ ◑ — ◑ ◑ — — 4◑/7 



Study 
Hierarchical 

paradigm 

classification 

Benchmarking 

strength 

formalized 

Cross-

paradigm 

baseline 

required 

Dataset 

diversity 

assessed 

Statistical 

validation 

included 

Reproducibility 

as an explicit 

dimension 

Structured 

evaluation 

protocol 
Coverage 

Performance 

evaluation 

metrics, 

benchmarks 

& standards 

Dong et al. 

(2024) 

Task 

offloading 

strategies 

survey, MEC 

◑ — — ◑ — — — 2◑/7 

Ismail et al. 

(2025) 

DRL-based 

scheduling 

survey, MEC 

◑ — — — — — — 1◑/7 

Islam et al. 

(2022) 

Edge-cloud 

scheduling 

survey, 

issues & 

challenges 

◑ — — — — — — 1◑/7 

Singh et al. 

(2025) 

Task 

scheduling 

survey, edge-

cloud 

environments 

◑ — — ◑ — — — 2◑/7 

UTBF (This 

work) 

Data-driven 

unified 

taxonomy & 

benchmarking 

framework 

✓ ✓ ✓ ✓ ✓ ✓ ✓ 7/7 

 

✓ = explicitly addressed as a formal dimension; ◑ = mentioned but not formalized or 

systematically applied; — = outside the stated scope of the study. 



6.1 Unified Taxonomy Layer 

The taxonomy element of the suggested framework offers a hierarchical categorization of studies 

on ML-based task scheduling across five fundamental dimensions that reflect the different facets 

of methodological design and critique. These dimensions constitute the first phase of the UTBF 

application workflow, as shown in Phase 1 of Figure 9, in which a study is organized before the 

benchmarking protocol. 

 

Figure 9: Proposed UTBF architecture, the taxonomy layer and the benchmarking protocol layer. 



The first dimension is the learning paradigm, which divides studies by the methodological 

approach they use. It encompasses deep reinforcement learning (DRL) algorithms, including 

value-based, policy-based, actor-critic, and multi-agent variants; supervised or predictive machine 

learning models; metaheuristic optimization methods; and combinations of multiple paradigms. 

The explicit classification of these categories facilitates cross-paradigm comparability and 

minimizes siloed evaluation practices, which, as found in the statistical analysis of Section 4.2, 

were identified as a systemic feature of the existing body of literature. 

The second dimension is the objective modeling, which transcends the classical duality of single- 

and multi-objective models. Instead, the framework directly represents the type of optimization 

objectives to achieve in any study in three groups: performance-driven (latency, QoS, throughput) 

objectives, efficiency-driven (energy, cost, resource utilization) objectives, and operational 

(reliability, SLA compliance, load balancing) objectives. This kind of systematic organization, as 

in Figure 9, aids in clarifying objective selection and reducing multi-objective ambiguity in broad 

labeling, the issue of which is that reliability and SLA compliance are reported in less than 12% 

of the sources reviewed, whereas all sources assert them. 

The third dimension addresses the evaluation environment and is intended to address the piecemeal 

benchmarking practices identified in Section 4.6. Research falls into the categories of using 

standardized simulators (e.g., CloudSim or iFogSim), custom-made simulators, testbeds (real 

world), or trace-driven evaluations. In this dimension, the framework facilitates the reporting of 

important configuration parameters, thereby making interpretation of results easier and enabling 

comparisons across studies. 

The fourth dimension standardizes benchmarking power as an evaluative characteristic that can be 

measured rather than described. The rigor of benchmarking, depicted in Figure 9, is divided into 

three levels with clear criteria: strong benchmarking, which entails cross-paradigm baseline 

comparing, statistical validation, and disclosure of reproducibility; moderate benchmarking, where 

multiple baselines are compared but do not offer much support of reproducibility; and weak 

benchmarking, where only intra-paradigm or single-baseline compare These standards create a 

common point of evaluation of the quality of assessments of studies based on reporting indicators 

that can be observed, as presented in Section 4.2. 

Lastly, the framework has a reproducibility dimension that assesses the extent to which studies 

provide sufficient information to enable the reproduction of their results. This, as is denoted in 

Figure 9, encompasses code availability, configuration disclosure, workload description, and 

reporting of random seeds and hardware environments. The framework can be used to answer the 

limitations on reproducibility found in Section 4.6, where 53.4% of studies used custom simulators 

and 28.16% failed to identify their evaluation environment by explicitly incorporating these 

elements as a classifiable dimension. 

6.2 Standardized Benchmarking Protocol Layer 

In addition to the taxonomy layer, the proposed framework presents a structured benchmarking 

protocol to enable more uniform and open evaluation practices across studies. The protocol has 



five suggested steps arranged in order but flexible across various experimental settings, as shown 

in Phase 2 of Figure 9. 

The former one involves the selection and standardization of datasets. It is recommended that 

studies use at least one real-world or trace workload to supplement synthetic workloads where 

feasible, and clearly report key workload properties, including arrival patterns, heterogeneity, and 

system scale. The rationale for this step is that 82 % of the reviewed studies used only synthetic 

workloads, which is statistically associated with less rigorous benchmarking (Section 4.4). 

The second step is dedicated to the choice of the baseline. In order to reduce the intra-paradigm 

bias the framework suggests having at least one of the three methodological categories (classical 

scheduling strategies e.g., FCFS, Round Robin), heuristic or metaheuristic strategies, and learning-

based strategies. This minimum requirement, as shown in Figure 9, makes possible broader cross-

paradigm comparisons, and overcomes the pattern shown in Section 4.3, where less than 10 per 

cent. of the studies conducted paradigm-balanced assessments. 

The third level concerns objective reporting. Studies should report results in multi-objective 

dimensions and show trade-offs among them, rather than reporting individual performance 

measures. This may be Pareto front analysis or weighted multi-objective analysis particularly when 

the objectives have not been reflected in the literature well, e.g. reliability and SLA compliance 

(Section 4.5). 

The fourth step concerns statistical validation. The protocol indicates that, to enhance the 

plausibility of the reported findings, repeated experimental runs with appropriate statistical 

summaries, including confidence intervals and, where appropriate, significant tests, must be 

employed. 

Finally, the fifth step increases the likelihood of reproducibility by making it easier to share 

experimental artefacts, such as implementation code, configuration information, and random seed 

information, allowing other researchers to reproduce the work. This can be attributed to the fact 

that in Section 4.6, 53.4% of the studies utilized custom environments, and 28.16 did not specify 

their evaluation platform. 

Overall, this protocol is expected to serve as an effective guideline for creating more similar and 

consistent evaluation systems, rather than a mandatory and strict procedure. 

6.3 Framework Advantages 

Besides the taxonomy layer, the suggested framework introduces a well-structured benchmarking 

protocol to facilitate more standard and open evaluation practices across studies. The protocol 

suggests five recommended steps that are ordered but can be adaptable under different 

experimental conditions as indicated in Phase 2 of Figure 9. 

The first one is connected with the choice and standardization of datasets. Studies are advised to 

employ at least one real-world or trace workload to augment synthetic workloads where possible 

and to explicitly report important workload characteristics, such as arrival patterns, heterogeneity, 



and system scale. The reasoning behind this move is that 82 of the studies reviewed employed 

synthetic workloads exclusively, which is statistically related to less rigorous benchmarking 

(Section 4.4). 

The second step is dedicated to the choice of the baseline. To reduce intra-paradigm bias, the 

framework proposes to incorporate at least one baseline that belongs to three methodological 

groups: classical strategizing approaches (e.g., FCFS, Round Robin), heuristic or metaheuristic 

approaches, and learning-based approaches. As Figure 9 shows, this minimum condition makes it 

easier to make broader cross-paradigm comparisons and addresses the pattern shown in Section 

4.3, where less than 10% of the studies conducted paradigm-balanced assessments. 

The third level concerns objective reporting. Rather than reporting single performance measures, 

the multi-objective dimensions should be reported in the studies and trade-offs between them 

should be demonstrated. This can be Pareto front analysis or weighted multi-objective evaluation, 

especially when the objectives are underrepresented in the literature, e.g., reliability and SLA 

compliance (Section 4.5). 

The fourth step relates to statistical validation. The protocol suggests that, to increase the 

credibility of the reported results, repeated experimental runs with relevant statistical summaries, 

such as confidence intervals and, where relevant, significant tests, should be used. 

Lastly, the fifth step enhances reproducibility by facilitating the dissemination of experimental 

artefacts, such as implementation code, configuration information, and random seed information, 

enabling other researchers to reproduce the work. This is due to the simulator fragmentation 

mentioned in Section 4.6, in which 53.4% of the studies used custom environments, and 28.16% 

did not report their evaluation platform. 

On the whole, this protocol is supposed to be a useful guideline in developing more similar and 

consistent evaluation systems, but not a rigid or compulsory process. 

6.4 Illustrative Application Scenario 



Figure 9 demonstrates that the UTBF application workflow incorporates taxonomy classification 

and benchmarking protocol steps into a single evaluation process. 

To demonstrate the application of UTBF in practice, this section presents it as a real classification 

and evaluation analysis of an existing study based on the reviewed corpus. The chosen article is 

Kardani-Moghaddam et al. (2021) [115], which proposes ADRL, a hybrid anomaly-aware deep 

reinforcement learning model for cloud environment resource scaling. The study was chosen 

because it presents a methodology profile across several UTBF dimensions, making it a 

representative and informative application case. 

The study is categorised at the taxonomy level according to the framework's five dimensions as 

follows. Regarding the learning paradigm, ADRL is a hybrid methodology that integrates 

supervised anomaly detection with deep reinforcement learning and falls under the ML+DRL 

category in the taxonomy. Its objective model is truly a multi-dimensional one, with its latency, 

energy consumption, QoS, cost, resource utilization, reliability, and SLA compliance (6 out of 10 

objectives being monitored in the framework), and it includes two of the least represented 

objectives in the literature reviewed (reliability and SLA compliance, respectively). The evaluation 

environment is based on a real-world trace dataset rather than a synthetic workload, which 

categorises it as one of the 9.71% of studies that use trace-based evaluation. The concept of 

benchmarking strength is categorised as strong, supported by comparisons with four 

methodologically distinct baselines: DQN, a rule-based controller, a threshold-based approach, 

and an LSTM-based predictor. Lastly, as far as reproducibility is concerned, the study is 

adequately experimental enough to interpret the results, but the implementation code is not 

publicly accessible. 

The study follows some of the steps the framework recommends at the benchmarking protocol 

level. The application of the real-world trace dataset meets the dataset standardization step and 

mitigates the external validity issues that were found in Section 4.4. The baseline set includes 

several paradigms, such as a learning-based approach (DQN), a classical rule-based one, and a 

predictive model (LSTM), which agrees with the cross-paradigm baseline recommendation. The 

multi-objective reporting step is manifested in the multi-dimensional objective reporting, which is 

both performance-oriented and reliability-oriented metrics. However, the study does not have 

repeated experimental runs, confidence limits, or present any implementation code, making 

correspondence to the statistical validation and reproducibility steps of the protocol more 

challenging. 

This discussion shows that UTBF can be utilised in describing the strengths and weaknesses of an 

existing study in a coherent evaluation framework. The framework places the study in multiple 

dimensions at the same time, rather than producing binary judgment, following the points of 

consistency with the recommended practice and the points of methodological inadequacy. In this 

way, UTBF may be thought of as a diagnostic, but not a ranking, of its kind - it can be used to give 

systematic interpretation without the necessity to reduce the quality of the study to one number. 

 7. Threats to Validity 

 



Various threats to validity are possible in this study's findings and conclusions and ought to be 

taken into account when interpreting them. 

7.1 Selection Bias 

The existing study is based on a filtered set of 103 articles on the topic of task scheduling using 

ML on edge clouds. Although systematic inclusion criteria were employed, some of the relevant 

studies may not have been found because of differences in database coverage, formulation of 

keywords or indexing of publications. This risk was addressed by using general search terms to 

cover DRL, ML, metaheuristics and hybrid scheduling techniques, inclusion of journal and high-

quality conference papers, and similar screening and categorization criteria throughout the study 

selection. 

7.2 Classification Bias 

Since analysis is based on structured manual encoding of published studies, there may be some 

residual classification bias. Misclassification may happen when articles report on their approach, 

assessment environments, or benchmarking information so incompletely or vaguely. To minimise 

this risk, explicit indicators, such as the availability of statistical testing, cross-paradigm baselines, 

the type of datasets and the use of simulators, were used to guide the coding process and were 

directly born out of the reported methodology and evaluation sections. Besides, all entries were 

normalised in a structured taxonomy template. 

7.3 Reporting Bias in Primary Studies 

Another weakness is the lack of reported primary studies. Other papers are silent on simulator 

settings, parameter settings, workload characteristics and implementation. Consequently, some of 

the benchmarking rigour analysis could indicate the quality of reporting rather than the strength of 

the methodological aspects. Meanwhile, partial reporting is pertinent to the evaluation of 

reproducibility and thus a significant part of the assessment. 

7.4 Temporal Bias 

The dataset has a skewed temporal distribution of studies, with the number of publications rising 

over the last few years. This can influence how temporal trends are interpreted, particularly in 

early years with small sample sizes or incomplete years, e.g., 2026. To limit overinterpretation, 

temporal observations were approached more decisively during lean periods, and more focus was 

on the more stable period of publication between 2019 and 2025. 

7.5 Framework Generalization Limitations 



The proposed Unified Taxonomy and Benchmarking Framework (UTBF) is designed for use in 

edge-cloud-based ML task scheduling. Though some of its principles can be applicable in other 

distributed computing settings, its relevance beyond this field would have to be investigated 

empirically. In this regard, the framework should be construed as rather a guide to this field of 

research than a world-tested paradigm of all scheduling problems. 

 8. Conclusion 

The authors presented a data-driven literature review on the topic of ML-based task scheduling in 

edge-cloud computing environments in this article with a selected list of 103 studies representing 

different methodological paradigms. Structured quantitative analysis and inferential statistical 

testing of the research paper revealed that several common methodological gaps recur, including 

dataset realism, benchmarking rigour, objective diversity, and experimental fragmentation. 

The findings indicate a high dependency on synthetic workloads, an imbalanced benchmarking 

across paradigms, little cross-paradigm comparison and a large variance in evaluation 

environments. The statistical analysis also shows that these differences are not randomly related 

to the learning paradigms and the choice of dataset, but they are part of a systematic association of 

specific differences. Besides, despite being extensively reported, the objectives considered in 

multi-objective optimization are still focused on performance-related devices like latency and 

QoS, whereas reliability- and SLA-related goals are far underrepresented. 

 

The paper, in response to these observations, proposed a Unified Taxonomy and Benchmarking 

Framework (UTBF), which integrates a structured classification framework with a benchmarking-

oriented evaluation perspective. The framework is not to be viewed as a strictly descriptive 

taxonomy but is instead designed to facilitate more transparent reporting, more consistent 

comparisons, and enhanced reproducibility across studies. 

 

In general, the offered framework is a systematic approach to interpreting and analysing ML-based 

task-scheduling studies in edge-cloud applications. Future research can further explore its 

applicability by extending its use in more empirical ways, such as trace-driven studies, real-world 

data, and more publicly accessible benchmarking materials. 
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