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Abstract

The compute continuum enables dynamic resource allocation
across cloud, edge, and endpoint devices, but also introduces
significant challenges for system design and performance
evaluation. Simulators and workload traces are critical for
realistic modeling and benchmarking, yet current resources
are fragmented and lack standardization due to the inherent
complexity of the continuum, including device heterogene-
ity, workload diversity, and use-case specificity. This survey
provides a systematic review and taxonomy of existing sim-
ulators and trace frameworks for the compute continuum,
analyzes their modeling capabilities and trace support, and
categorizes available trace datasets. We also discuss key is-
sues in integrating traces with simulators and outline future
research directions, including standardization and digital twin
approaches. Our survey aims to guide researchers and practi-
tioners in selecting appropriate tools and advancing the state
of compute continuum simulation.

1 Introduction

In recent years, the compute continuum has emerged as a
comprehensive paradigm that seamlessly integrates cloud
computing, edge computing, and endpoint devices [1, 65]. In
this continuum, computation, data, and services can flexibly
migrate across the cloud, edge, and endpoint layers to better
satisfy the diverse and dynamic requirements of modern ap-
plications. By leveraging the massive scalability of cloud data
centers together with the low latency responsiveness of edge
and endpoint devices, the compute continuum enables a new
generation of applications ranging from real-time analytics
and autonomous vehicles to smart cities and large-scale IoT
deployments. Figure 1 provides a simple view of the compute
continuum.

However, this highly distributed and heterogeneous con-
tinuum infrastructure introduces significant challenges for
system design, resource management, and performance op-
timization [65]. As a result, researchers and practitioners ur-

Figure 1: Compute Continuum Layers

gently require effective tools to experiment, validate, and
optimize new architectures and management strategies before
deployment in real-world systems. Among these tools, simu-
lators and traces play foundational roles. Simulators and trace
generation frameworks serve distinct purposes in compute
continuum research. Simulators create controlled virtual envi-
ronments to test algorithms and systems under configurable
conditions, whereas trace generation focuses on capturing or
synthesizing real or representative workload behavior to feed
into such simulators.

Simulators are indispensable tools in the study of cloud-



edge computing systems because deploying and experiment-
ing with real large-scale infrastructures is often costly, time-
consuming, and in many cases even infeasible [12] [9]. Sim-
ulators provide a safe and controlled environment to model
the complex behavior of the compute continuum, evaluate
resource management algorithms, and test new application
scenarios under a variety of conditions. To ensure simula-
tion results are realistic and actionable, it is crucial to drive
simulators with accurate and representative traces datasets
that record the actual workloads, user behaviors, resource
consumption patterns, and event sequences observed in op-
erational systems [24]. High-quality traces make it possible
to benchmark system performance, stress-test scalability, and
analyze behavior under diverse operating conditions. Con-
versely, the lack of appropriate traces can lead to misleading
results or overly optimistic conclusions.

Despite their importance, there is currently a lack of a clear
survey on available simulators and trace generation frame-
works specifically tailored for the compute continuum. Ex-
isting tools and datasets are often fragmented, focus only on
specific layers (cloud or edge), or lack interoperability. This
fragmentation is largely due to the sheer scale and complexity
of the compute continuum, which encourages specialization
tools are often developed for specific use cases, layers, or
domains, rather than general purpose continuum wide devel-
oping. And the fragmentation complicates the evaluation and
comparison of research results, and limits the community’s
ability to advance the state of the art.

To address these challenges, this survey systematically in-
vestigates existing simulators and trace generation frame-
works for the compute continuum. It establishes a compre-
hensive taxonomy, supports researchers and practitioners in
selecting appropriate tools, identifies current limitations and
integration issues, and outlines future research directions to-
ward more realistic and practical simulation environments.

The key contributions of this survey are as follows:

1. We provide a comprehensive survey and taxonomy
of simulators that support compute continuum opera-
tions, analyzing their architectural models, simulation
paradigms, and target layers. (see Section 4)

2. We review and classify existing trace datasets relevant
to the compute continuum, covering real-world and syn-
thetic sources, layer coverage (cloud, edge, or both), and
application domains. (see Section 5)

3. We analyze the compatibility between traces and simu-
lators, identifying current limitations, challenges in in-
tegration, and future opportunities for standardization,
automation, and digital twin–driven simulation. (see Sec-
tion 6)

2 Related Work

Existing research on the compute continuum spans multiple
directions. In this survey, we concentrate on three aspects that
are most relevant to building and using simulators and traces:
architectural overviews, simulation tools, and trace genera-
tion frameworks. This section reviews related work across
these areas. We begin with studies that define and structure
the compute continuum, followed by surveys of simulation
platforms in cloud and edge computing, and conclude with
research on trace generation frameworks and public datasets,
highlighting their roles and limitations in continuum-based
evaluation.

We use the term simulator to encompass any software
framework that models or emulates continuum infrastruc-
tures, including what some papers call “simulation platforms.”
Likewise, we use trace to denote any workload log or dataset
captured from real systems (or faithfully generated), which
some literature refers to as “workload datasets.”

2.1 Background on the Compute Continuum
The concept of the compute continuum, spanning endpoint
devices, edge nodes, and cloud data centers, has been widely
discussed in recent surveys. Al-Dulaimy et al. [1] proposed a
unified vision of the compute continuum, outlining reference
architectures that integrate computational and communication
infrastructures. They emphasized the importance of seamless
orchestration across different layers to achieve performance,
reliability, and energy efficiency goals. Similarly, Gkonis et
al. [25] offered an extensive overview of IoT-Edge-Cloud sys-
tems, highlighting challenges such as resource heterogeneity,
security, and distributed learning across layers.

Although these studies are valuable for understanding the
architectural and operational aspects of continuum systems,
they mainly focus on system-level challenges. They do not ad-
dress simulation tools or trace generation frameworks, which
are essential for designing, evaluating, and optimizing appli-
cations across the continuum. As a result, researchers lack a
comprehensive understanding of the simulation resources and
workload datasets available for continuum research.

2.2 Existing Surveys on Simulators
Simulation platforms have been a major focus in cloud and
edge computing research. Lata and Singh [38] surveyed over
25 cloud simulators, such as CloudSim, GreenCloud, and
iCanCloud, comparing features like virtualization support, en-
ergy modeling, scalability, and scheduling policies. Likewise,
Fakhfakh et al. [21] conducted a comparative study on cloud
simulation tools, focusing on their performance evaluation
features, usability, and extensibility.

In the edge computing domain, Le et al. [77] reviewed
nine simulation platforms, pointing out the unique needs of
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Table 1: Coverage of Key Topics in Recent Surveys and This Survey

Survey Compute Continuum Simulator Trace

Fakhfakh et al. (2017) [21] ✓ ✓
Le et al. (2021) [77] ✓ ✓
Lata & Singh (2022) [38] ✓ ✓
Pati et al. (2022) [56] ✓ ✓
Toczé et al. (2022) [76] ✓ ✓
Gkonis et al. (2023) [25] ✓
Al-Dulaimy et al. (2024) [1] ✓
Liu et al. (2025) [41] ✓ ✓
Mechalikh et al. (2025) [49] ✓ ✓
This Survey ✓ ✓ ✓

edge simulations, such as mobility modeling, low-latency sup-
port, and flexible network topologies. Their work highlighted
how edge environments pose different simulation challenges
compared to traditional cloud systems. Mechalikh et al. [49]
reviewed the development of edge computing simulators over
the past decade, with a particular focus on the progress of
major open-source platforms since 2018 in terms of mod-
eling capability, scalability, and flexibility. They evaluated
the strengths and weaknesses of mainstream platforms and
proposed future challenges and prospects. Moreover, Pati et
al. [56] expanded the discussion by reviewing simulation tools
across IoT, fog, edge, and cloud layers, although with uneven
coverage across each layer.

While these surveys provide important overviews, most of
them are limited to a single layer, either cloud or edge, and do
not consider the compute continuum as a whole. Also, they
primarily compare technical features but often overlook how
simulations can be driven by real-world workload traces. As
continuum environments become more complex, trace-driven,
realistic simulations across multiple layers are increasingly
necessary, highlighting a gap in the existing literature.

2.3 Existing Surveys and Analyses on Trace
Generation Frameworks

Trace generation frameworks and workload datasets are crit-
ical for realistic evaluation, but have received less attention
compared to simulators. Toczé et al. [76] gathered and ana-
lyzed edge workload traces, revealing the limited availabil-
ity of public datasets and the challenges in modeling edge
workloads. Their work emphasized the difficulty of capturing
realistic, diverse traces, especially for dynamic and resource-
constrained edge systems.

Liu et al. [41] provided a comprehensive survey of public
datasets available for cloud computing, identifying 42 datasets
and classifying them based on features like size, resource
types, application domains, and energy information. While
this survey enriches the available resources for researchers,
it mainly focuses on cloud environments and offers limited

insights into edge or endpoint traces.
In addition to dataset surveys, empirical studies like Alam

et al. [2] have performed detailed analysis of specific datasets,
such as the Google Cluster Trace, using clustering techniques
to characterize workloads based on resource usage patterns.
Such studies provide valuable observations but typically focus
on a single dataset and do not address broader issues like work-
load heterogeneity across the continuum or trace-simulator
compatibility.

Overall, although some work has been done on trace col-
lection and analysis, there is still no systematic review that
connects traces with simulation platforms in a continuum-
aware manner.

Figure 2: Taxonomy of the survey
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2.4 Summary of Gaps

To summarize, prior surveys have either focused on architec-
tural challenges of the compute continuum, compared simu-
lation tools for isolated layers, or cataloged available work-
load traces within specific domains. However, there is a clear
gap in providing a comprehensive, continuum-wide review
that jointly examines simulation tools and trace generation
frameworks, while analyzing their compatibility and coverage
across endpoint, edge, and cloud layers.

Our survey addresses this gap by proposing a unified tax-
onomy of simulators and traces, analyzing their scope, source
layers, usability, and suitability for realistic continuum evalua-
tions. By combining the definition of the compute continuum,
the capability analysis of various representative simulators,
and the characteristics and compatibility evaluation of public
traces, this survey provides an integrated perspective that was
previously lacking in this field. This approach is particularly
important because architectural choices, simulator capabili-
ties, and real-world trace data are fundamentally interrelated;
only by considering them together can researchers ensure that
simulation-based evaluation results are reproducible, realistic,
and practically valuable in real compute continuum scenarios.
In doing so, we aim to offer a solid reference for researchers
and practitioners working on the design, benchmarking, and
optimization of applications across the compute continuum.
Figure 2 presents an overview of the taxonomy developed in
this survey.

3 Research Methodology

The design of the research method is a crucial step to explicitly
clarify how relevant literature was collected. As shown in
Figure 3, this section details the entire process of this literature
survey, which mainly includes three primary stages: planning,
execution, and extraction.

3.1 Planning

Objective: The main objective of this study is to systemati-
cally review and analyze the simulators and trace resources
used in the compute continuum, clarify their classification, ca-
pability differences, and the key challenges in their integration
process.

Research questions: This study addresses the following
research questions:

RQ1: What simulators currently exist for compute contin-
uum operations?

RQ2: What traces are available in the compute continuum
domain?

RQ3: How well do existing traces support current simu-
lators? What issues exist? How can future research improve
simulation and trace generation?

Figure 3: Research Method

Keyword:
Initial keyword combination:

("cloud-edge" OR "cloud" OR "edge" OR
"compute continuum" OR "fog computing")
AND ("simulation" OR "simulator" OR
"digital twin" OR "emulation")
AND ("trace" OR "workload" OR "dataset"
OR "benchmark")

Subsequently, Boolean clauses related to specific subtopics
(HPC, AI/ML, IoT) were added to ensure coverage of multiple
application domains.

3.2 Execution

Selection: This step aims to select papers related to the re-
search field. The preliminary inclusion criteria include studies
that propose, evaluate, or extend cloud/edge/fog/continuum
simulators; studies that publish, analyze, or synthesize trace

4



datasets at any layer; as well as studies describing trace-driven
experiments.

Filtering: After collecting the initial set of papers, further
filtering is performed to narrow the range of literature. This
is mainly achieved by reading abstracts to exclude studies
that focus only on a single layer of cloud or edge, and those
unrelated to simulation or tracing, as well as blog articles,
master’s theses, or papers with unclear research methodology.

Snowball: To enhance the comprehensiveness of the sur-
vey and prevent missing relevant literature, the snowballing
method was also employed. Specifically, several highly rele-
vant core papers were chosen as the starting point, and both
backward snowballing (checking their references) and for-
ward snowballing (identifying later works that cite them) were
conducted to systematically expand the literature pool.

3.3 Extraction

Information Extraction: At this stage, the filtered papers are
read in depth to extract information related to the research
questions. Labels include simulator attributes (such as target
layer, modeling paradigm), trace attributes (such as real/syn-
thetic, layer coverage), and application domains.

Taxonomy: The final step is to organize the extracted key
information into a structured taxonomy. This taxonomy is
mainly structured along three dimensions: simulator, trace,
and trace-simulator capability.

4 Simulator Taxonomy

Observations:

O-1: The mainstream simulator ecosystems are repre-
sented by the CloudSim and SimGrid families.

O-2: Simulators that support integrated
cloud–edge–endpoint modeling remain scarce;
cross-layer scalable modeling is a key direction
for future development.

O-3: Mobility, fine-grained network modeling, energy
consumption, and reliability are becoming stan-
dard capabilities in next-generation simulators.

This section provides a structured taxonomy of simulators
in the compute continuum domain. After systematically ana-
lyzing existing simulators, we categorize existing simulators
based on their modeling scope as well as their underlying sim-
ulation paradigms. For each category, we summarize represen-
tative platforms and highlight their design features, modeling
capabilities, and application scenarios.

4.1 Primary application Layers
In this subsection, we examine simulators according to their
primary application layers along the continuum. We distin-
guish between simulators that focus mainly on the cloud layer,
those tailored for edge or fog environments, and platforms ca-
pable of modeling the integrated cloud–edge ecosystem. The
following sections detail representative tools in each category.

4.1.1 Cloud-centric

Cloud computing simulators at the cloud layer provide flex-
ible and cost-effective experimental environments for re-
source scheduling, system design, and performance eval-
uation. CloudSim is the most representative open-source
platform in this field, capable of finely simulating multiple
data centers, virtual machines, tasks (Cloudlets), and various
scheduling and energy management strategies [12]. It sup-
ports multilevel cloud service modeling such as IaaS and
PaaS, and allows users to customize extensions. On this ba-
sis, CloudAnalyst simplifies the modeling and visualization
of features such as geographic distribution, load balancing,
and service cost with a graphical interface, making it suit-
able for performance analysis of large-scale cloud applica-
tions [82]. CloudReports further integrates energy consump-
tion modeling, automatic report generation, and a plug-in
extension mechanism, making it convenient to study data cen-
ter energy consumption and QoS trade-offs under different
scheduling strategies [75]. DynamicCloudSim has been spe-
cially extended to address resource heterogeneity, dynamic
performance fluctuations, and node failures in real cloud en-
vironments, and can support complex instability simulation
of public clouds such as Amazon EC2, as well as algorithm
testing in scenarios like scientific workflow scheduling [10].

In addition to mainstream tools represented by CloudSim,
the cloud computing field has also seen the emergence of var-
ious simulation platforms focusing on different dimensions.
GreenCloud, as an extension of NS2, pays more attention to
energy consumption modeling and fine-grained analysis of
network communications [33]. It can track the energy con-
sumption distribution of servers, switches, and links in data
centers, and is especially suitable for research on energy ef-
ficiency optimization and green computing schemes. How-
ever, due to its packet-level simulation approach, GreenCloud
is relatively limited in simulation efficiency for ultra-large-
scale cluster scenarios. In contrast, iCanCloud features flexi-
ble virtual machine modeling and high scalability, supports
customizable hardware configurations and diverse scheduling
strategies, and can efficiently reproduce the application scenar-
ios of mainstream cloud services such as Amazon EC2 [55].
The C++ implementation of iCanCloud brings better runtime
performance and resource management capabilities, making
it suitable for cloud environment modeling that requires a
large number of experiments and parameterized evaluation.
The latest GAME-SCORE combines energy consumption
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and performance scheduling by introducing a Stackelberg
game model, dynamically coupling scheduling strategies with
energy efficiency management, and achieving adaptive trade-
offs in resource allocation and energy optimization [22].

Overall, these cloud-only simulation platforms each focus
on energy modeling, scalable experimentation, or dynamic
scheduling mechanisms, greatly enriching the performance
evaluation and algorithm verification methods of cloud com-
puting systems.

4.1.2 Edge/Fog-centric

The academic community has developed a variety of simu-
lation tools targeting edge and fog computing environments,
which have greatly promoted research and innovation in re-
lated fields. Among them, iFogSim is currently the most
widely used fog computing simulation platform. Based on
CloudSim, this tool extends support for hierarchical modeling
of large-scale heterogeneous fog nodes and IoT devices, and
enables flexible configuration of physical, logical, and man-
agement components. It can evaluate multiple metrics such as
end-to-end latency, network load, energy consumption, and
QoS satisfaction, and is widely used in simulation studies of
resource allocation and energy efficiency optimization [27].
Building on this, MyiFogSim extends iFogSim to address re-
source allocation needs in mobile scenarios, with a particular
focus on supporting virtual machine migration (VM migra-
tion) for mobile users [42]. By introducing user mobility,
access point (AP) modeling, and various migration strategies,
MyiFogSim can simulate dynamic migration of a user’s vir-
tual machine to the nearest cloudlet as the user moves across
different access points, thereby effectively reducing latency
and improving service quality.

Meanwhile, FogNetSim++ addresses the shortcomings of
existing simulators in network modeling and mobility support
by proposing a more flexible simulation framework [61]. This
platform not only supports heterogeneous devices and various
mobility models, but also allows customized node manage-
ment and scheduling algorithms. It can realistically simulate
distributed deployment, device handover, and multiple proto-
col interactions (such as MQTT/CoAP), significantly improv-
ing modeling capabilities in complex network environments.
In addition, YAFS, a new simulator implemented in Python,
adopts complex network theory for topology modeling, sup-
ports dynamic deployment, node failure, and user mobility
strategies, facilitates integration with third-party tools, and
provides fine-grained event recording and JSON scenario defi-
nition, making it suitable for IoT/Fog application evaluation in
large-scale, dynamic, and heterogeneous environments [39].

Overall, mainstream edge/fog simulation tools are contin-
uously evolving towards heterogeneous modeling, protocol
support, dynamic scenario extension, and security and trust-
worthiness, greatly enriching the means for performance eval-
uation and mechanism innovation of edge computing systems.

4.1.3 Compute Continuum

Compared with cloud-centric or edge-centric simulators, sim-
ulation tools capable of unified modeling and analysis of the
compute continuum remain relatively scarce. ENIGMA is
a recently proposed scalable simulation platform that sup-
ports multilayer modeling of large-scale IoT, edge, fog, and
cloud environments [18]. It introduces features such as de-
vice mobility, energy consumption modeling, and multilevel
task distribution, making it suitable for resource optimization
and performance analysis in complex scenarios like smart
cities. Built as an extension to SimGrid, ENIGMA maintains
high scalability while allowing detailed evaluation of different
algorithms in continuum environments.

Another representative tool is IoTSim-Osmosis, which is
specifically designed for modeling and analyzing complex IoT
applications in integrated edge–cloud (osmotic computing)
environments [5]. This tool supports multilayer heterogeneous
resource modeling, dynamic task migration, and SDN/SD-
WAN network coordination. It represents IoT applications
using microservice graphs (MEL Graph), making it especially
suitable for analyzing end-to-end QoS, energy consumption,
and complex scheduling strategies in practical applications.

EdgeCloudSim extends CloudSim by enabling collabora-
tive modeling between the edge and the cloud [72]. It en-
hances support for device mobility, wireless/wide-area net-
work modeling, and edge orchestration, allowing flexible anal-
ysis of the impact of different architectures and service of-
floading strategies on system performance such as latency,
bandwidth, and energy efficiency. Its modular design also fa-
cilitates the extension of various scenarios and customization
of experimental parameters.

In addition, RECAP Simulator targets next-generation
cloud/edge/fog capacity optimization, emphasizing integra-
tion with real resource monitoring, resource allocation, and op-
timizers [11]. It supports multilayer deployment, large-scale
devices and tasks, and failure event simulation, making it
suitable for QoS, energy consumption, and cost strategy veri-
fication and system evaluation in large-scale environments.

Overall, although compute Continuum Simulators continue
to advance in aspects such as heterogeneous multilayer model-
ing, mobility, and network support, tools that can truly realize
an end-to-end complete continuum while also offering scal-
ability and ease of use remain limited. Related research and
tools are still being continuously improved and developed.

4.2 Modeling Paradigm

Observations:

O-4: DES (Discrete Event Simulation) can scale to tens
of thousands of nodes on a single machine by ad-
vancing simulation time through events, but it can-
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Table 2: Representative simulators: layer, paradigm, and notes
Simulator Layer Paradigm Notes

CloudSim Cloud DES Multi-datacenter, VM, Cloudlet; scheduling and energy models; IaaS/PaaS modeling;
extensible.

CloudAnalyst Cloud DES GUI for geographic distribution, load balancing, and cost analysis; built on CloudSim.
CloudReports Cloud DES Energy modeling and automatic report generation; plug-in extensions.
DynamicCloudSim Cloud DES Models heterogeneity, performance fluctuations, and node failures.
GreenCloud Cloud DES NS2-based; energy-focused with packet-level network analysis; less efficient for

ultra-large scale.
iCanCloud Cloud DES C++ implementation; configurable hardware; scalable for large experimental cam-

paigns.

iFogSim Edge/Fog DES Hierarchical heterogeneous fog/IoT modeling; evaluates latency, network load, en-
ergy, QoS.

MyiFogSim Edge/Fog DES Extends iFogSim for mobility; VM migration to nearest cloudlet to reduce latency.
FogNetSim++ Edge/Fog DES Heterogeneous devices and mobility models; customizable management; MQTT/-

CoAP.
YAFS Edge/Fog DES Python; complex-network topologies; dynamic deployment/failures/mobility; JSON

scenarios.

ENIGMA Continuum DES Scalable multilayer IoT/Edge/Fog/Cloud modeling; mobility and energy; built on
SimGrid.

IoTSim-Osmosis Edge+Cloud DES Integrated edge–cloud (osmotic) modeling; dynamic migration; SDN/SD-WAN;
microservice (MEL) graphs.

EdgeCloudSim Edge+Cloud DES Extends CloudSim; mobility; wireless/WAN modeling; edge orchestration; offload-
ing analysis.

RECAP Simulator Continuum DES Capacity optimization; integrates monitoring and optimizers; multilayer deployment;
failure events.

SimGrid (family) Cloud/HPC DES High-performance C++ event engine; large-scale scenarios on a single machine.

Mininet SDN/Network Emulation Real protocol stacks/apps via Linux namespaces; single-machine rapid SDN proto-
typing.

MaxiNet SDN/Network Emulation Distributed extension of Mininet across multiple hosts; thousand-node experiments.
EmuFog Fog/Network Emulation Builds on Mininet/MaxiNet; fog nodes, topology generation, Docker instances; multi-

machine emulation.
WoTemu Edge/IoT Emulation Docker Swarm with W3C WoT; traffic shaping; metrics collection; horizontal scaling;

runs real code.
Simu5G Edge/5G Hybrid OMNeT++/INET; 5G NR stack; DES coupled with real sockets; supports real-time

HIL/MEC setups.

not directly run real applications.

O-5: Emulation retains real protocol stacks and binaries,
making it suitable for high-fidelity and latency-
sensitive validation.

O-6: The hybrid approach combines real protocols on
critical nodes with abstract models for the rest,
striking a balance between scalability and realism.

The choice of simulation paradigm greatly influences the
fidelity, scalability, and usability of a simulator. In this sub-
section, we discuss three main modeling paradigms: discrete
event simulation (DES), emulation, and hybrid approaches,
each offering distinct advantages and trade-offs.

4.2.1 Discrete Event Simulation (DES)

Discrete Event Simulation (DES) advances simulation time
by processing an event queue sorted in chronological order.
Each event modifies the global state, such as virtual machine
startup or task completion, and may schedule new events [46].
Since the overhead of time advancement is proportional to
the number of events rather than to real wall-clock time, DES
can scale to tens of thousands of nodes on a single laptop.
Both the CloudSim family and SimGrid family of mainstream
simulators are built around a native DES engine.

In terms of tooling ecosystem, the CloudSim family
(CloudSim, CloudAnalyst, EdgeCloudSim, etc.) provides
Java-based IaaS/PaaS modeling interfaces, supporting virtual
machine and container lifecycles, energy consumption and
cost models, and, in EdgeCloudSim, introduces wireless links
and terminal mobility [12] [82] [72]. As a result, it is widely
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used for resource scheduling and energy efficiency research in
cloud-centric or edge-centric scenarios. In parallel, the Sim-
Grid family (SimGrid 4, ENIGMA, RECAP Simulator, etc.)
employs a high-performance C++ core and optimized event
queue management, enabling replay of scenarios with over a
hundred thousand nodes on a single machine [15] [18] [11].
Its derivative tools extend DES capabilities to large-scale
compute continuum environments by incorporating mobile
devices, fog nodes, and network hierarchies.

However, DES cannot directly run real applications. More-
over, research shows that as model details increase, the accu-
racy gains of DES diminish, and event queue management
can become a bottleneck [64]. Therefore, when research focus
shifts to real systems, scholars may turn to emulation.

4.2.2 Emulation

Compared with discrete event simulation (DES), emulation re-
tains real protocol stacks and application binaries, allowing ex-
perimental traffic to progress according to the real wall-clock
time [26]. It uses virtualization or container technologies
to simulate network links, latency, and bandwidth, thereby
providing researchers with a controllable and repeatable ex-
perimental environment.

Mininet and MaxiNet are currently the most widely used
SDN network emulation platforms. Mininet is a lightweight
network emulator that uses Linux processes and network
namespaces to run real protocol stacks and applications on a
single machine, and is commonly used for rapid prototyping
of SDN [37]. Building on this, MaxiNet extends Mininet to a
distributed architecture, allowing virtual networks to be par-
titioned and run across multiple physical machines, thereby
supporting simulations at the scale of thousands of nodes and
enabling the emulation of real data center traffic [81].

EmuFog, based on MaxiNet/Mininet, integrates fog com-
puting nodes, topology generation, and Docker application
instances into a scalable framework, enabling real-time emu-
lation of large-scale fog computing infrastructures across mul-
tiple physical machines and supporting the evaluation of edge
node placement algorithms [47]. WoTemu combines container
orchestration (Docker Swarm) with the W3C Web of Things
standard, supporting automatic traffic shaping, application-
level metric collection, and horizontal scaling, all while run-
ning real code [43]. These tools allow direct execution of
production-grade Docker images, avoiding the need to re-
abstract business logic.

Emulation is suitable for high-fidelity validation of pro-
tocol prototypes, latency-sensitive edge/fog computing ap-
plications, and test scenarios requiring integration with real
devices or third-party systems.

4.2.3 Hybrid

The hybrid paradigm combines the scalability of DES with
the high fidelity of emulation, allowing the simulation kernel
to operate collaboratively with external real applications or
devices through a “soft real-time” mechanism.

Simu5G, based on the OMNeT++/INET framework, imple-
ments the 5G NR protocol stack and couples the event-driven
scheduler with real TCP/IP sockets. Researchers can perform
large-scale DES offline, or connect to MEC platforms or ve-
hicular terminals in real-time mode to conduct end-to-end
HIL evaluation [53]. Its lightweight base station mechanism
simulates interference while simplifying higher-layer proto-
cols, enabling hybrid scenarios with a dozen base stations to
run in real-time on a single machine.

Hybrid approaches offer the advantages of both paradigms:
they can run real protocols on critical nodes while using ab-
stract models to simulate the rest, thus maintaining scalability.

Table 2 provides a structured summary of representa-
tive simulators, covering their primary layer focus, modeling
paradigm, and notable features.

5 Trace Taxonomy

Observations:

O-7: Real-world traces are representative but often
suffer from missing fields, incompleteness, or
anonymization; synthetic traces offer flexibility
and control but require rigorous validation.

O-8: Publicly available datasets are predominantly
cloud-focused, with a clear lack of edge-side and
cloud–edge joint traces.

O-9: The application domain (HPC/AI/IoT) determines
event granularity and metric sets, which directly
influence simulation mapping strategies.

In this section, based on existing work, we propose a taxon-
omy for categorizing existing traces relevant to the compute
continuum. The classification focuses on three key aspects:
the source of the trace, its coverage layers across cloud and
edge infrastructures, and the application domain it targets.

5.1 Source
The source of a trace describes how the dataset was generated
or collected. We distinguish between two main types: Real-
world traces and Synthetic traces.

5.1.1 Real-world

Real-world traces refer to datasets collected from operational
systems functioning in production environments. They cap-
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ture authentic workload behaviors, resource usage patterns,
and system events over time, providing critical insights for
modeling and evaluating real-world system performance [63]
[24]. Although highly valuable, real-world traces often face
challenges such as data incompleteness (e.g., missing logging
periods and unavailable features) [30].

A representative example is the Google cluster usage trace,
which records production workload data from a compute cell
managed by Google’s Borg system. It provides fine-grained
information on job and task lifecycles, machine events, and
resource utilization patterns across thousands of nodes. Due
to privacy considerations, identifiers and resource units are
obfuscated. Despite its richness, the trace presents challenges
such as data omissions and the lack of certain scheduling
dependencies [63].

5.1.2 Synthetic

Synthetic traces refer to datasets that are artificially gener-
ated rather than collected from operational systems. They
are created using workload generation tools, simulation plat-
forms, or statistical modeling techniques to replicate realistic
workload behaviors. Synthetic traces address scenarios where
real-world traces are scarce, incomplete, or unavailable due
to privacy, operational, or scalability constraints.

Several approaches exist for generating synthetic traces.
One approach relies on profiling real-world cloud workloads
to model key behavioral characteristics, such as request arrival
patterns and resource usage distributions. Tools like TRAGEN
generate synthetic request streams to reproduce traffic patterns
in distributed systems and cloud environments [67].

In addition, Bahga and Madisetti proposed a workload char-
acterization and modeling framework for cloud applications,
where benchmark and workload models are extracted from
real traces and used to drive synthetic workload generators [8].
Their method enables sensitivity analysis and scalable bench-
marking without relying on access to operational cloud data.

While synthetic traces offer flexibility, reproducibility, and
scalability, they may not fully capture the nuanced, unpre-
dictable behaviors present in real-world systems. Careful
modeling and validation are essential to ensure their represen-
tativeness for the intended application.

5.2 Coverage Layers
Coverage layers define which layers of the compute contin-
uum a trace represents. We classify traces into three cate-
gories based on their target layers: Cloud-only, Edge-only,
and Cloud+Edge.

5.2.1 Cloud-only

Cloud-only traces focus exclusively on workloads executed
within centralized cloud infrastructures. They typically record

data related to virtual machine (VM) provisioning, container
orchestration, resource allocation, and system-level events
within large-scale data centers [63]. Cloud traces play a cru-
cial role in enabling resource optimization and elastic scaling
in cloud systems. For instance, in [69], the authors propose
CloudScale, a system that uses resource usage prediction to
automate elastic scaling decisions. The vast majority of traces
currently released are Cloud-only traces.

Prominent examples of cloud-only traces include the Al-
ibaba Cluster Trace [3], which provides detailed information
on containerized workloads, user job submissions, and re-
source consumption metrics collected from Alibaba’s inter-
nal production clusters. Similarly, the Microsoft Azure VM
Workload Trace [51] captures virtual machine lifecycles, re-
source utilization patterns, and deployment behaviors across
Microsoft’s cloud infrastructure. Both traces have been exten-
sively utilized in research on cloud workload characterization,
scheduling simulations, and resource optimization strategies.

Despite their richness, cloud-only traces often lack informa-
tion about decentralized or distributed computing across the
continuum, making them insufficient for modeling emerging
hybrid edge-cloud scenarios without significant adaptation.

5.2.2 Edge-only

Edge-only traces record system-level activities occurring at
the network edge, closer to end devices. These traces typically
capture interactions involving IoT sensors, mobile devices, or
fog nodes, but do not include raw user content. However, truly
publicly available edge-only trace datasets are extremely rare.
This is mainly due to the fact that edge devices often handle
sensitive information, raising security and privacy concerns,
as well as the lack of standardized environments and bench-
marking practices [32] [34]. Moreover, since cloud and data
center traces are more readily available and can be partially
applied to edge scenarios, many existing studies still prefer to
rely on these available datasets.

In response to this gap, recent research efforts have
emerged. Toczé et al. propose a systematic methodology for
edge workload classification and trace gathering, releasing
open-source traces from real-world applications to foster the
development of representative benchmarks for edge comput-
ing research [76]. Similarly, Samani et al. released an edge
infrastructure trace dataset collected from heterogeneous de-
vices running microservices for video processing tasks, which
includes execution times, bandwidth, and latency measure-
ments across different edge nodes [68].

5.2.3 Cloud+Edge

In our taxonomy, the Cloud+Edge layer includes traces that
span edge devices and cloud infrastructure, reflecting the com-
plexity and comprehensiveness of compute continuum envi-
ronments. Unlike scenarios limited to cloud or edge alone,
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Cloud+Edge traces integrate data flows and computations
across multiple heterogeneous environments, bringing unique
challenges to resource management and performance opti-
mization. Although the importance of such traces is increas-
ing, comprehensive datasets and detailed studies that fully
cover the spectrum from edge to cloud remain scarce.

Kolosov et al. [35] proposed a workload composition
method. They realized that existing datasets usually capture
only partial characteristics of edge computing, such as user
mobility, storage access patterns, or computational demands,
and therefore advocated combining attributes from multiple
existing datasets. This innovative method enables researchers
to construct synthetic yet realistic workloads that accurately
reflect the complex interactions in edge-to-cloud scenarios,
providing a new perspective for related research in the ab-
sence of comprehensive real-world datasets.

To better capture end-to-end trace data, Rosendo et al.
[66] developed ProvLight, a provenance capture tool inte-
grated into the E2Clab framework. Their method focused on
workflow provenance collection across IoT/edge devices and
cloud/HPC infrastructures. By deploying federated learning
workloads on large-scale testbeds such as FIT IoT-LAB and
Grid’5000, they successfully captured detailed runtime traces.
These datasets include key execution provenance, such as
inputs, outputs, and intermediate states, providing valuable
insights for analyzing system performance in compute contin-
uum scenarios.

The work of Tanaka et al. [74] also contributed to trace
research from edge to cloud. They extended the Pegasus Work-
flow Management System to support automated workflows
across edge and cloud infrastructures. In their experiments
on the Chameleon Cloud testbed, they used representative
workflows such as CASA-Wind and Orcasound, which gen-
erate data on edge devices and perform subsequent intensive
computations in the cloud. The integrated monitoring tools
of Pegasus captured detailed provenance and performance
data, enabling researchers to systematically analyze the im-
pact of different task placement strategies on overall system
efficiency.

Overall, although these research results are not complete
trace databases for Cloud+Edge environments, they provide
some of the key methods and tools needed to develop realistic,
trace-driven models in Cloud+Edge environments. They lay
the foundation for future innovation and optimization in the
compute continuum field.

5.3 Application Domain

Application domain refers to the specific application scenar-
ios and fields that the traces correspond to. Beyond the actual
workload content, the application domain also shapes how
a trace is structured: it determines the granularity of events
(e.g., job-level records in HPC versus packet-level logs in
IoT), the resource metrics captured (CPU memory for HPC,

GPU utilization for AI/ML, network flows and sensor data
for Edge/IoT), and even the labeling or provenance infor-
mation provided. Consequently, different domains require
distinct preprocessing steps and simulation mappings. In the
following, we will specifically discuss three representative
application domains: High-Performance Computing (HPC),
Artificial Intelligence and Machine Learning (AI/ML), and
Edge/IoT, reviewing the existing research and related achieve-
ments in each domain.

5.3.1 HPC Traces

The collection and analysis of traces in the HPC field have
always been crucial for understanding and optimizing super-
computing systems, yet challenges remain in terms of data
diversity and accessibility. Amvrosiadis et al. [6] pointed out
that research overly relying on a single dataset (such as the
Google cluster trace) leads to results that are difficult to gen-
eralize. They introduced the LANL Mustang and Trinity HPC
traces and found that these traces differ significantly from the
Google trace as for job size, duration, and failure patterns, em-
phasizing that the evaluation of new methods requires diverse
and representative traces.

In recent years, researchers have been expanding the scope
of trace analysis to address the diversity of modern HPC work-
loads. Chu et al. [16] compared traditional jobs and machine
learning (ML) jobs in a large HPC data center and found that
although ML jobs are relatively few in number, they account
for a disproportionately high share of energy consumption,
and a large amount of energy is actually consumed by jobs
that do not successfully complete. This provides significant
opportunities for future improvements in resource scheduling
and energy efficiency. Publishing traces containing informa-
tion on jobs, nodes, and energy consumption, as they did,
helps provide a deeper understanding of system efficiency
and reliability issues.

In the aspect of trace collection, McKerracher et al. [48] pro-
posed the FRESCO framework, which provides a unified trace
dataset for HPC environments across multiple institutions and
clusters. It combines job-level attributes with fine-grained
performance metrics through standardized data collection and
integration processes and makes the dataset publicly avail-
able to support cross-cluster and cross-institution workload
analysis.

On the other hand, the automatic generation of synthetic
traces has become a research hotspot. Paul et al. [57] proposed
a machine learning-based HPC I/O trace generation method
that uses Darshan fine-grained logs. Through feature engi-
neering and a two-stage deep generative model, the method
can generate synthetic HPC traces that closely resemble real
ones, alleviating the difficulty of obtaining real traces and thus
enabling performance simulation and evaluation in scenarios
where large-scale real traces are unavailable.

In conclusion, the HPC trace ecosystem is evolving toward
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more diverse, with increasing emphasis on standardization
and openness. These developments can help researchers gain
a more realistic understanding of HPC traces.

5.3.2 AI/ML Traces

Over the past few years, with the rise of large-scale machine
learning and deep learning applications, the industry has con-
tinuously released real trace data from large-scale GPU clus-
ters to support in-depth research on AI/ML systems in both
academia and industry. Alibaba has successively published
several representative GPU cluster traces, covering different
types of ML tasks and real production scenarios [3]. Weng
et al. [79] released and analyzed a two-month trace from Al-
ibaba’s PAI cluster, which contains over 6,000 GPUs and
encompasses training, inference, computer vision, NLP, rec-
ommendation, reinforcement learning, and other tasks, while
revealing scheduling and resource utilization issues under het-
erogeneous hardware and diverse workloads. Weng et al. [80],
based on actual inference traces, analyzed the high dynamism
and high concurrency characteristics of large-scale inference
tasks, and emphasized the need for resource isolation and
scheduling optimization. Yang et al. [83], on the basis of
DLRM inference traces, proposed a GPU resource decoupling
and heterogeneous scheduling system, effectively improving
the resource utilization and elasticity of inference clusters,
with the related traces also made publicly available.

Additionally, Jeon et al. [29] systematically analyzed deep
learning training traces from multi-tenant GPU clusters in
Microsoft’s production environment, revealing practical chal-
lenges such as gang scheduling, locality constraints, and re-
source fragmentation, and providing real data support for
multi-tenant scheduling optimization.

In terms of advancing standardization and toolchain devel-
opment, Sridharan et al. [73] proposed the Chakra framework,
which defines a unified execution trace (ET) format, supports
automatic collection and conversion of traces from main-
stream deep learning frameworks, and integrates generative
AI techniques to synthesize privacy-preserving representa-
tive traces. This system not only promotes the open sharing
of traces but also provides flexible support for distributed
training simulation and benchmarking.

Meanwhile, Sibai et al. [70] conducted detailed micro
level trace profiling on AI benchmarks such as AIBench, us-
ing VTune Profiler to capture multidimensional performance
events such as CPU and memory, and employed machine
learning models to achieve automatic workload classification
and performance prediction based on traces. This has brought
new insights for AI processor design and heterogeneous sys-
tem optimization.

5.3.3 Edge/IoT Traces

With the development and popularization of edge comput-
ing and the Internet of Things (Edge/IoT) technologies, re-
searchers have continuously constructed and released real
trace datasets to support tasks such as network security, traffic
modeling, and intelligent analytics. Ferrag et al. [23] pro-
posed the Edge-IIoTset dataset, which is based on a complex
seven-layer experimental platform and collects network traffic
from more than ten types of IoT/IIoT devices under various
attack scenarios. The dataset supports federated learning and
multiple analysis paradigms, emphasizing feature richness
and broad attack coverage. Neto et al. [54] released the CI-
CIoT2023 dataset, which was collected in an environment
with 105 real IoT devices and includes 33 types of attacks
as well as normal traffic. All attacks are launched by real
malicious IoT devices, highlighting the heterogeneity of the
devices and the diversity of attack methods.

Koroniotis et al. [36] designed the Bot-IoT dataset, which
combines virtual and emulation environments, covers both
normal and various attack traffic, and provides detailed la-
bels of attack types and protocol features. It has been widely
used in IoT security detection research. Moustafa et al. [52]
proposed the TON_IoT dataset, which is based on a real edge-
fog-cloud three-layer architecture and collects heterogeneous
traces such as network traffic, IoT/IIoT sensor data, and operat-
ing system audit logs. It covers nine types of modern network
attacks, all data are provided with high-quality labels, and it is
specifically designed for the evaluation of AI-driven security
analytics systems, becoming an important data foundation for
smart city and Industry 4.0 security research.

Furthermore, in practical application fields, Peyman et
al. [58] collected real-time IoT traces from transportation
systems at the edge layer, combined them with optimization
algorithms for urban traffic scheduling, and demonstrated the
potential of trace data in smart transportation and large-scale
urban IoT systems.

6 Trace-Simulator Compatibility

This section explores the compatibility between workload
traces and mainstream simulators in the cloud and edge com-
puting domains. We analyze the extent to which different
simulators support the replay and integration of traces, and
discuss how these traces are adapted or utilized in simulation
workflows.
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Table 3: Trace-support levels of representative cloud/edge simulators
Simulator Trace support Notes

CloudSim (orig.) Partial Ships with small PlanetLab samples; real traces must be converted to Cloudlet format.
CloudSim Plus Yes Built-in parsers (e.g. Google cluster CSV/JSON) map jobs and hosts directly.
EdgeCloudSim No Only synthetic load generators; real traces require custom workload generators.
iFogSim / iFogSim2 Partial No official parser; public logs (Google, Alibaba, Azure) can be replayed via user scripts.
YAFS Partial Highly programmable; users can ingest any log and replay events, but scripts are required.
SimGrid Yes Supports XML/CSV execution traces (MPI, SimDag) for event-driven simulation.
FaaS-sim Yes Designed for serverless; replays production invocation logs out-of-the-box.
OpenDC Yes GUI/CLI import of diverse workload traces; flexible format handling.
PerficientCloudSim Yes CloudSim extension with direct Google/Azure trace ingestion and VM-migration support.
K8sSim Yes Kubernetes-focused; includes parser for Alibaba K8s job traces.
DISSECT-CF Yes Fine-grained simulator; accepts device-level logs or synthetic distributions.

6.1 Trace Support in Common Cloud/Edge
Simulators

Observations:

O-10: Simulators differ significantly in their built-in sup-
port for traces, ranging from “sample-only/manual
script import” to “native parsers included.”

O-11: Emerging tools targeting Kubernetes and Server-
less platforms (e.g., K8sSim, FaaS-sim) tend to
adopt native trace-driven simulation approaches.

Currently, there are many simulators widely used in the
fields of cloud computing and edge computing, but their sup-
port for workload traces (trace) varies. The following is a
brief overview of major simulators and their support for re-
al/synthetic traces:

CloudSim series: A classic discrete-event cloud simulation
tool. CloudSim can read traces from given text files and create
VMs accordingly; however, it does not support reading large
trace files for long durations, nor dynamically creating VMs
at runtime [84]. For example, CloudSim’s built-in examples
use CPU utilization traces from the PlanetLab platform to
drive VM workloads, but these traces are merely sample data
bundled with the simulator [7]. Later versions and extensions
of CloudSim have enhanced trace support: CloudSim Plus, for
instance, adds a reader for Google cluster traces, allowing real
datacenter traces to be parsed into simulation tasks (Cloudlet)
and hosts [71].

EdgeCloudSim: Extended from CloudSim and focused on
edge computing scenarios. In terms of trace support, Edge-
CloudSim does not directly provide a module for reading real
traces; users typically generate workloads via custom code
(e.g., tasks arriving according to a Poisson process, requests
from mobile nodes generated according to a given distribu-
tion). Therefore, for real trace data, users need to convert the
traces into EdgeCloudSim’s simulation input format (such as
generating corresponding tasks and events) [72].

iFogSim: Built on CloudSim for simulating IoT, fog, and

edge computing. Trace support is mainly reflected in allow-
ing users to customize task generation: researchers usually
program assumed scenarios specifying the sensor data rate
or task arrival events, without directly reading external trace
files [27]. iFogSim does not officially support direct import
of Google/Alibaba traces, but research cases have shown that
such traces can be used for simulator validation and scenario
configuration. For example, some studies use Google cluster
data, Alibaba cluster traces, and Azure traces in iFogSim to
create different workload scenarios and test resource schedul-
ing algorithms. In these cases, researchers convert public
trace data (task scheduling records, load variation over time,
etc.) into task submission and resource usage patterns within
iFogSim, making the simulation closer to reality. Overall,
iFogSim supports trace-driven experiments via code flexibil-
ity, but lacks a dedicated trace parser module [40].

YAFS: Yet Another Fog Simulator, suitable for
IoT–fog–edge environments. YAFS is characterized
by flexible event definition, support for dynamic topology
changes, and customizable strategies. Regarding trace
support, YAFS allows importing user and mobile terminal
location movement routes, which is very useful for simulating
mobility scenarios. As for computing task traces, YAFS
leans toward users defining via code when and what tasks
are generated. However, due to its high programmability,
users can easily read real system task logs and replay them
according to time in the simulation process, thereby achieving
trace-driven simulation [39].

SimGrid: A high-performance simulator for distributed
systems, widely used in HPC, grid, and cloud system research.
SimGrid emphasizes precise simulation of network commu-
nications and parallel task execution, supporting the loading
of execution traces (such as MPI traces, event lists) into the
simulation to achieve event-driven simulation flows [14].

FaaS-sim: A new class of simulators designed specifically
for Serverless/FaaS scenarios. FaaS-sim is inherently trace-
driven: it records function invocation logs (such as request
arrival times, resource usage) from real serverless platforms
and replays them in simulation to evaluate edge serverless de-
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ployment’s function scheduling and scaling strategies. FaaS-
sim can replay real platform invocation traces and supports
adjusting function behavior, providing simulation results that
match actual serverless workloads [62].

OpenDC: An open-source datacenter simulation platform
emerging in recent years, offering a graphical interface and
model-driven simulation. OpenDC particularly emphasizes
workload trace and metric collection: users can import custom
workload traces and set monitoring metrics via the interface,
which are then executed by the built-in discrete-event en-
gine. OpenDC comes with some predefined scenarios, such
as serverless and HPC cluster scenarios, and supports import-
ing real traces from various sources. Although OpenDC is
mainly aimed at datacenter computing, it supports multiple
workload types and is relatively flexible regarding trace file
formats, making it adaptable to diverse data sources. One of
its design goals is to lower the threshold for using real traces
in simulation [45] [7].

In addition to the above tools, many other simulators have
unique features. For example, PerficientCloudSim extends
CloudSim to support heterogeneous resources and VM mi-
gration, and uses real Google/Azure traces to validate the
model [84]; K8sSim is designed for Kubernetes scheduling
and uses real Alibaba Cloud traces to evaluate the perfor-
mance of different scheduling algorithms [78]; DISSECT-CF
focuses on fine-grained resource simulation, supporting de-
vice behavior defined by trace files or workload generation
according to distributions [31].

As shown in the above comparison, the degree of trace
support varies significantly among simulators. Some require
researchers to manually adapt traces for import, while others
have built-in parsing modules; some focus on specific trace
types (such as serverless functions or Kubernetes jobs), while
others rely on synthetic models to generate workloads. The
following section further discusses types of real traces and
their current application in simulators.

6.2 Application of Traces in Simulators

Observations:

O-12: In practice, techniques such as sampling, window-
ing, and feature extraction are commonly used to
convert large-scale traces into reproducible simu-
lation inputs.

Real workload traces usually originate from the operational
logs of large-scale clusters or cloud platforms and consist of
job submissions and resource usage data from real users. In
cloud computing research, the Google cluster trace, Alibaba
cluster trace, and Microsoft Azure trace are the most repre-
sentative public datasets. However, different traces vary in
their suitability for use in simulators:

Google Cluster Trace: Released by Google, this dataset
provides one month of datacenter scheduling logs, containing
about 670,000 jobs and 25 million task records across 12,000
machines. The trace records task lifecycle events (submission,
scheduling, start, finish, etc.) and resource requests/usage (nor-
malized values), among other information [63]. The data vol-
ume and complexity of the Google trace are significant. When
applying it in simulators, issues such as extraction and conver-
sion arise: researchers typically do not validate all 25 million
tasks, but rather select a specific time window or a sampled
subset to reduce simulation scale. For example, the GloudSim
tool is specifically designed for the Google trace and gener-
ates sampled task sets for simulation after analyzing trace
characteristics. GloudSim considers unique task behaviors in
the trace (such as checkpoint/restart overhead and constant
task memory usage), reproducing them accurately in the sim-
ulation [19]. A major feature of the Google trace is that fields
are anonymized and normalized: for confidentiality, almost
all numerical values (such as CPU and memory amounts) are
linearly normalized to their maximum values. This means
simulation requires de-normalization or assumptions about
actual scale [59]. The Google trace also contains a wealth of
scheduling semantics (such as priority queues, preemption,
and failure retries), often exceeding the original models of
traditional simulators and necessitating custom simulation
logic. To narrow the semantic gap, some simulation exten-
sions (such as GloudSim) implement task interruption and
recovery mechanisms so that the simulation can capture pre-
emption and checkpoint behavior present in the trace [19].
In summary, due to its scale and detail, the Google trace is
an important benchmark for cloud simulation research, but
it must be extracted, abstracted, and adapted before it can be
effectively replayed in simulators.

Alibaba Cluster Trace: Alibaba has released cluster job
scheduling data, including a series of batch and long-running
online service workloads [3]. In simulation applications, be-
cause the Alibaba trace is of moderate scale, direct replay is
more feasible. Some scheduling studies load job lists from
the Alibaba trace into simulation frameworks to emulate re-
source scheduling and validate algorithm performance under
real workloads [50]. Some researchers have developed the
K8sSim simulator, using the Alibaba trace as input to repro-
duce the scheduling process and compare the effectiveness of
different Kubernetes scheduling algorithms [78]. This demon-
strates the value of using the Alibaba trace in simulators:
it preserves real workload patterns while improving testing
efficiency.

Azure Cloud Platform Trace: Microsoft Azure has re-
leased several VM workload traces. Compared to the Google
Cluster Trace or Alibaba Cluster Trace, Azure’s trace focuses
more on the statistics of VM requests and resource usage, and
offers less support for task-level details (such as scheduling
events, failures, or preemption). The Azure trace is often used
to validate the effectiveness of scheduling models, perfor-
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mance prediction, or resource allocation strategies [17].
In summary, real traces play a benchmark role in

cloud/edge simulation, enabling evaluation of how closely
simulators match real-world scenarios. However, due to their
complex formats and massive size, direct application is im-
practical, and they often require sampling, conversion, or ex-
pansion. The advantage of synthetic traces is flexibility and
controllability, but the downside is the possible omission of
details and burst patterns present in real workloads. Therefore,
some research suggests combining real traces with simula-
tion modeling: first extract statistical models from real traces,
then use them to generate longer or larger-scale simulation
traces [60].

6.3 Key Challenges in Integrating Traces with
Simulators

Observations:

O-13: Format incompatibilities and differences in field
semantics result in substantial preprocessing and
parsing efforts.

O-14: Semantic gaps—such as priority scheduling, pre-
emption, and container scaling—make simple
trace replay insufficient to reflect real-world de-
cision logic.

To systematically identify and categorize the challenges in
integrating traces with simulators, we followed an iterative
bottom-up coding approach. We reviewed multiple recent aca-
demic papers and technical reports that described trace driven
simulation efforts in cloud, edge, and IoT systems. Through
open coding, we extracted frequently mentioned obstacles
and recurring patterns, which we then grouped into four main
categories based on their technical nature and impact on sim-
ulation: (i) format compatibility, (ii) granularity differences,
(iii) semantic gap, and (iv) performance bottlenecks. These
categories reflect the most commonly encountered and dis-
cussed issues in the literature, and serve as a structured lens
for analyzing trace–simulator integration.

Format compatibility issues: Traces from different data
sources vary in format, field meanings, and granularity, while
each simulator has fixed requirements for input formats. This
leads to obvious incompatibility. For example, the Google
cluster trace consists of multiple CSV logs, including machine
events, task events, resource usage, etc., which need to be com-
bined to describe task execution [63]. CloudSim, by design,
does not natively support directly reading the CSV format
of the Google trace. Therefore, to simulate real workloads, it
is indeed necessary to develop a custom parser that converts
the CSV files into CloudSim’s internal data structures (such
as Hosts, Cloudlets, etc.) [71]. Solving format compatibility
usually requires extensive preprocessing: writing scripts to

parse trace files, extracting necessary fields, and generating
simulation events in chronological order. Differences in field
semantics across traces also pose compatibility challenges.
For example, the Google trace uses Normalized CPU to in-
dicate usage, requiring one to assume a total CPU value and
then convert it back to an absolute value; or, Azure trace may
lack fine-grained task logs and only provide statistics at the
VM level, so if the simulator requires task-level events, the in-
formation is missing. Overall, the lack of unified standards is
a general problem—traces from different sources are difficult
to simply plug into different simulators, and manual work is
needed to bridge format differences.

Granularity Differences: The time advancement mech-
anism of the simulator and the time granularity recorded in
the trace may not be consistent. If the trace records are too
fine-grained, the number of simulation events increases dra-
matically, resulting in excessive overhead; conversely, if the
records are too coarse-grained, critical dynamics may be lost.
Traces at the Cloud/Edge layer typically record coarse-grained
events (such as task scheduling or function calls), whereas
IoT device traces are often fine-grained continuous sensor
data. Studies have shown that there is a "semantic gap" be-
tween low-level sensor data and high-level business events,
and abstraction is required to assign business meaning [44].

Semantic Gap: This refers to the mismatch between the
real system behaviors reflected in the trace and the models
within the simulator. Sometimes, concepts present in the
trace do not exist at all in the simulator. For example, the
Google trace involves multi-priority task scheduling, preemp-
tive scheduling, and jobs composed of multiple tasks, but
early versions of CloudSim did not have corresponding mech-
anisms [84]. Another example is that the trace may contain
container or microservice scaling, while the simulator only
supports VM abstraction. This semantic mismatch means that
even if trace events are forcibly replayed, the simulation re-
sults may be distorted, as the simulator cannot replicate the
real system’s decision logic at that time.

Performance Bottlenecks and Scalability Issues: Trace-
driven simulation brings a sharp increase in scale and com-
plexity, making it prone to performance bottlenecks. In real
environments, the number of IoT and edge devices is enor-
mous, continuously generating streams of logs (high through-
put, high frequency), and feeding these into a simulator often
leads to I/O bottlenecks and excessive memory consump-
tion [4]. Sequential execution of a large number of events
may result in prolonged simulation runtimes or even memory
exhaustion. Simulators such as early versions of CloudSim
were originally designed for relatively small-scale scenarios
and thus have limited scalability.
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6.4 Future Research Directions and Prospects

Observations:

O-15: Promoting trace standardization and openness can
significantly reduce integration costs and enhance
reproducibility.

O-16: Digital twins and automated abstraction extrac-
tion—including AI-generated workloads and align-
ment validation—are key directions for improving
simulation timeliness and representativeness.

Based on the current state of the field, there are several
directions worthy of exploration and improvement regarding
the integration of traces and cloud/edge simulators:

Standardization and Openness of Trace Formats: There
is currently a lack of unified trace format standards, resulting
in frequent format conversion in research. In the future, both
industry and academia should work together to establish a uni-
versal cloud workload trace schema (similar to open telemetry
standards). At the same time, cloud service providers should
be encouraged to make more diverse traces public (covering
traditional VMs, containers, serverless, edge devices, etc.).
Through standardization, simulator developers can directly
support standard formats, reducing repetitive effort. Opening
more traces can also address gaps in current coverage, such
as traces of edge IoT device interactions, 5G network slicing
traces, etc., providing research data for these new scenarios.

Digital Twin: Digital twin is considered an important fu-
ture direction for the simulation of complex systems. Its core
is to build a real-time, data-driven virtual replica of the physi-
cal system, allowing the model to continuously update itself
according to streaming trace data [20]. Through such model
adaptation, the twin can automatically adjust its state or pa-
rameters as new sensor data arrives, thus maintaining long-
term synchronization with the real object. Some preliminary
explorations have already demonstrated the value of digital
twins in the IoT domain: for example, in the TWIN-ADAPT
framework proposed by Gupta et al., a continuous learning
mechanism was introduced to dynamically adjust its anomaly
detection model in real time for concept drift in IoT data
streams [28].

Automated Trace Analysis and Abstraction Extraction:
Facing massive volumes of trace data, manual analysis and
conversion are inefficient. In the future, AI technology can
be used to automate the extraction of simulation models from
traces. Some works on TechRxiv have already attempted to
use deep learning to predict trace workloads, and in the future,
this can be extended to automatically generate simulation
scenarios [85]. With the help of AI, it is even possible to gen-
erate workloads that do not exist but could potentially appear
for prospective research. It is necessary to ensure that these
automatically generated models still retain the key character-

istics of the original traces and do not distort the underlying
semantics.

Higher Scalability : As the scale of production systems
continues to grow, the volume of trace data is constantly in-
creasing, and simulators need to possess orders-of-magnitude
scalability, such as supporting the simulation of millions of
tasks and hundreds of millions of events. Currently, some
parallel discrete-event simulation frameworks (such as MPI-
based ROSS) have already achieved ultra-large-scale simu-
lation in the HPC field [13]. These technical approaches can
serve as references for the scalability design of future cloud
and edge computing simulators.

Acquisition and Utilization of Edge and IoT Scenario
Traces: Compared with cloud datacenter traces, traces in the
edge and IoT domains are currently scarce. In the future,
efforts should be made to strengthen the collection of such
traces (for example, operational logs from large-scale IoT
sensor networks, task records from edge computing nodes,
vehicular network traces, etc.) and to expand simulators to
support these traces. For instance, geographic information
processing modules could be introduced to support city-level
simulations, and physical environment simulation (such as
climate and power) could be combined with IoT trace usage.
Edge simulators should also take privacy issues into account,
as many IoT traces involve personal data; how to protect
privacy in simulation is also a major topic.

7 Conclusion

This survey reviews the simulators and workload trace re-
sources in the field of compute continuum, proposes a unified
classification method, and conducts a comprehensive anal-
ysis of existing tools, datasets, and their compatibility. The
study finds that although simulation platforms and workload
traces are essential for evaluating and optimizing continuum
systems, there is still a lack of holistic surveys and analyses.
Most simulators are mainly applied to a single layer or specific
domain, and the formats and integration methods of traces
lack standardization, making reproducible and highly reliable
evaluation challenging. We also identify the insufficiency of
publicly available edge and cloud-edge collaborative trace
data, as well as key technical challenges such as format in-
compatibility, semantic mismatch, and scalability bottlenecks.

Regarding future development directions, relevant research
should promote the standardization and open sharing of trace
formats, develop digital twin-based real-time trace-driven sim-
ulation methods, and advance the automation of trace analysis
and abstraction extraction. At the same time, expanding the
collection and utilization of edge and IoT trace data is of
great significance for supporting emerging applications and
ensuring the practical applicability of simulations. We believe
that addressing these issues will help the field move toward
more realistic, scalable, and reproducible simulation-based
research. This survey aims to provide practical references for
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researchers and engineering practitioners, assist them in se-
lecting and combining appropriate tools, and offer suggestions
for future development.
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