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Abstract—Simulation is an important tool for the verification
of modern complex time-critical communication systems, espe-
cially when worst-case schedulability analysis is not available.
Evaluating worst-case traversal times via simulation traditionally
involves resource-intensive long simulations that are poorly par-
allelizable. Recent research has demonstrated that aggregating
many short simulations with randomized starting conditions
yields substantial improvements over this classical approach
in terms of likelihood of observing very large communication
latencies. In this study, we explore the potential of many-objective
optimization to further enhance the efficiency of the aggregation
approach.

To this end we further reduce the length of the aggregated
simulations and perform many-objective optimization to set the
starting conditions, namely the node start offsets and initial
flow scheduling order. Our approach consists in modelling the
approximation of worst-case traversal times as a many-objective
Pareto optimization problem in the context of real-time Ethernet
networks. Performance evaluation, conducted on different indus-
trially relevant use cases from the automotive and aerospace
domains, shows up to 46.42% increased end-to-end latencies for
a 50 times shorter total simulation time, in comparison to the
traditional approach of running single long simulations.

Index Terms—Performance evaluation, simulation, timing ver-
ification, worst-case traversal times, Ethernet, simulation aggre-
gation.

I. INTRODUCTION

Context of the work: Recent research has explored
the potential of aggregated short simulations using a
stratified random search approach on node start offsets
(NSO) for approximating worst-case latencies in static real-
time networks with fixed traffic known at design time [5].
Significant improvements over long simulations with favorable
starting conditions were observed, but the full potential of
this new verification and validation paradigm remains largely
unexplored. In this work, we explore the potential of more
advanced techniques, namely multi-objective optimization,
that allow leveraging the underlying interference patterns
to increase the probability of observing “critical instants”
leading to large end-to-end communication delays.
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More specifically, we model the approximation of the worst-
case traversal times (WCTT) as an optimization problem
and apply a popular multi-objective algorithm. We chose
”Non-dominant Sorting Genetic Algorithm II” (NSGA2,
see [1]), as this simple and well understood algorithm has
been successfully used for many studies in various domains
and applications.

Applications: Approximating Worst-Case Traversal Times
(WCTT) in Ethernet networks becomes an increasingly
relevant task as the complexity of modern communication
architectures and the applications they support grow, and
formal timing verification does not cover all the use-cases
anymore. For instance, to the best of our knowledge, there is
no worst-case analysis for the TCP-based flows, increasingly
present in complex real-time systems such as vehicles.
However, validation via simulation has some drawbacks
that need to be addressed. For instance, it only provides an
inaccurate lower-bound on the actual WCTT [11]. One aim
of this work is to push the boundaries of how close we can
get to the actual WCTT while limiting ourselves to using a
reasonable amount of computational resources, as available in
most engineering contexts. Another application of this work
is design automation, as the results presented allows for a
quicker and more reliable preliminary evaluation of candidate
solutions compared to standard simulation approaches.

WCTT approximation via aggregation of short
simulations: Recent research has found aggregation of short
simulations to be an effective alternative to the classical
approach of running long simulations with specific starting
conditions [3]. A big advantage of the aggregation approach
is that it can be parallelized easily and at a massive scale.
Another significant advantage of the approach is that it
allows for more versatility and, thus, the usage of advanced
algorithms to explore the design parameters more optimally,
as investigated in this work.



Contributions: The contributions of this paper are three-
fold. The first contribution is the evaluation of how efficient
simulation aggregation performs for WCTT approximation
when minimizing the simulation time. The second contribution
is a proposal how the worst-case traversal time approximation
can be modeled as a Pareto multi-objective optimization
problem. Using NSGA2 as a reference algorithm, the po-
tential of many-objective optimization is then evaluated on
five diverse industrially relevant network configurations of
different complexities. The final contribution is an analysis
of the optimization overhead, which is evaluated based on the
same experiments.

II. RELATED PRIOR WORK

The effectiveness of aggregation of short simulation
for approximating worst-case latencies in the context of
Ethernet-based real-time networks was first explored in
2022 by Keller and Navet in [3]. Limited but significant
improvements could be observed over the traditional approach
of running long simulations using synchronized node start
offsets (NSO) and randomized node clock drifts (CD). The
work investigated how random search could be applied
to explore the search space of node start offsets (NSO),
which can significantly impact the observed traversal times
if chosen well. Many open questions about the aggregation
approach for evaluating WCTT in real-time Ethernet traffic
remain unanswered, such as how to set the simulation time
of short simulations and how to better select node start offsets.

The work on simulation aggregation by Keller and Navet
was inspired by a comparable approach to maximize observed
worst-case response times for a specific process in bus-based
networks using CAN and FlexRay as presented in 2008
by Samii et al. in [4]. They apply expert knowledge on
bus-systems to reduce the execution-time space of the
various processes involved and apply different optimization
algorithms, including genetic algorithms, to find the maximal
response time for a certain process. The system model applied
in this work significantly differs from ours as it focuses on
bus-based systems and execution times of processes rather
than the traffic interaction in Ethernet networks, which is the
focus of our system model.

The open question of how to set the simulation time and
node start offsets in the short simulation aggregation approach
was addressed in 2023 by Keller and Navet in [5]. To set
the simulation time, they proposed a pretest to determine the
speedup factors for a range of simulation times and suggest
to select a possibly small time that roughly maintains the
same speedup as longer simulations. For selecting the node
start offsets they suggest to apply an overlapping stratified
sampling approach on the node start offset range. It means
that the values are drawn in equal parts from multiple
ranges, starting from a narrow range around the synchronized
case and increasing exponentially, leading to a reasonable

trade-off of exploration and exploitation. The results conclude
a significant increment of observed maximal traversal times
over naively sampling NSO from a single fixed range.

The controlling of node start offsets to generate critical in-
stants was inspired heavily by findings made in 2010 and 2011
by Bauer, Scharbarg and Fraboul in [7] and [8]. They present a
trajectory-based analytical approach to generating unfavorable
scenarios that yield very high traversal times in Ethernet-based
real-time networks limited to sporadic flows using first-in-first-
out (FIFO) and fixed priority (FP/FIFO) traffic mechanisms.
The approach has shown to be effective in approximating
worst-case latencies in [12] by Boyer et al. in 2012.

The conveyed understanding of how high latencies
scenarios can be generated helped motivate the stratified
approach [5] in that the inter-flow offsets are generally
concentrated around multiple hotspots. The work further
inspired this current paper as optimization can be seen in this
context as a generic approach for exploring and optimizing
towards such unfavorable scenarios in the generic case.

As this current work relies on multi-objective optimiza-
tion, more specifically multi-objective evolutionary algorithms
(MOEAs), we want to highlight a 2021 survey [9] by Tian et
al. on the topic. They provide an overview of the state-of-the-
art MOEA algorithms, discuss their respective strengths and
weaknesses and provide an overview on the benchmarking of
MOEAs.

For our approach, NSGA?2, introduced in 2002 by Deb,
Pratap, Agarwal and Meyarivan in [1], was chosen due to
its popularity, simplicity and wide availability of implemen-
tations. The algorithm is briefly introduced in the second
research question section in the context of our application.

III. SYSTEM MODEL

The system model is typical for static Ethernet-based real-
time networks. It consists of a topology comprising network
bridges, end-nodes and communication links. The network
bridges forward traffic packets on the network, also known
as switches. The end-nodes are networked devices, and are
known under different names depending on the application
domain, for instance end-systems, stations or ECUs. They typ-
ically provide computation, sensing or actuation capabilities,
and communicate with other end-nodes on the network. The
links in our model are full-duplex Ethernet connections that
support speeds of 100, 1000 or higher Mbit/s. The network
traffic is known at design time and is referred to as flows in
this work, which specify the traffic characteristics. A traffic
flow is defined by a transmission type of sporadic, periodic,
periodic burst or TFTP using either a fixed or a minimal
sending frequency, and a fixed predefined data packet size.
The routing of the different flows is also determined at design
time and does not change during the execution of the system.
Our network model further includes several free parameters,
such as node start offsets (NSO), frame offsets (FO) and node
clock drifts (CD). The NSO define for each node when it starts



initially sending data after the origin of time ¢y, at which the
system is started. The FO define a time displacement of the
initial frame belonging to a flow in relation to the node start
offset, when it becomes ready for sending data. CD defines
a drift for each end-node compared to the system reference
clock. A node with a positive clock drift will process and emit
packets faster. In our case, they can amount to up to 200ppm,
which is deemed acceptable in automotive scenarios [11]. To
retain the genericity of the system model, we assume that node
clocks are not synchronized.

A. Terminology

« Simulation time is the time elapsed inside the simulated
system.

o Simulation duration is the time the simulation runs on
the computer, also known as wall-clock time.

o Multi-/Many-objective optimization is used solve op-
timization problems with multiple competing objectives,
which are referred to as many-objective when the number
of objectives exceeds four.

o Worst-Case Traversal Time (WCTT) is the highest end-
to-end latency (or delay) that can possibly be observed
for a traffic flow.

o Stratified Sampling refers to sampling a value from
different ranges. In this work, the node start offsets are
sampled from five overlapping exponential strata (layers)
[0, 2™] for n € 1..n, with 2™ being the selected maximum
range for the NSO.

B. Traversal Times

Traversal times, or more generally known as end-to-end
latencies, are a property of traffic flows resulting from delays
that the flow packet faces while transmitted from the sender to
the receiver node along its predefined routing. Traversal times
can be influenced by many factors. Some of these factors are
free and can be adjusted for simulation and some are fixed and
predetermined by the network configuration. Fixed factors that
must not be changed, include the network topology, the link
speeds, and the traffic characteristics, such as flow type, packet
size, routing, etc.. Free factors, which can be adjusted at each
simulation run without changing the validity concerning the
modeled system, include the following:

o Node Start Offsets: They define the offset of when an
end-node initially starts sending data after the system
was started at the origin of time ty. The node start
offsets significantly impact when packets of different data
flows interfere with each other at the beginning of the
simulation.

o Flow Scheduling Order: In our model, flows are initially
scheduled simultaneously after the node start offset has
elapsed. The sending order is thus typically randomly
selected based on the simulation random seed. As our
simulation software does not support explicitly setting the
flow scheduling order at the time of writing, we achieve
this by means of setting very minor frame offsets (FO).
Frame Offsets define a delay that is added to the node

start offset of the sender node of a flow. It impacts
when the first packet of a flow is scheduled on the
sender node. This parameter is normally used in synchro-
nized systems like, for instance, when using Time-Aware
Shaping. Adjusting them would typically invalidate our
simulation as the traffic characteristics would change.
To avoid this invalidation, we select and optimize frame
offsets in the low nanosecond range, which in the context
of our experiments only impact the flow scheduling order
without measurably impacting the traffic characteristics.

e Clock Drifts: They define how the clock of an end-
node changes over time relative to a reference system
clock. Randomized clock drifts are a crucial part of the
traditional solution of running long simulations, as they
enable gradual exploration of the simulation state space.
In this study, clock drifts are uniformly sampled from the
[0, 200]ppm range for every node in each simulation run.

« Random seed of the simulator: It can be set to make
random factors in the system deterministic to achieve
reproducible simulation results. Random factors that are
influenced by this seed include, for instance, switching
delays, delay between packets of sporadic flows and the
flow scheduling order in case two flows try to schedule a
packet at the same time. Simultaneously scheduled flows
occur, for instance, when all flows originating from the
same node are initially scheduled once the NSO time has
elapsed.

C. Implementation details

We use the Java based software RTaW-Pegase [10] in
version 4.3.8.4 to run our simulations. To implement our
experiments, we use Python in version 3.10.5 and use the
optimization algorithms provided by the pymoo library [6]
in version 0.6.0.1. The NSGA2 implementation provided by
this library has shown to be applicable even to our largest
use case, which consists of over 3000 objectives. The Python
implementation of our experiments communicates via sockets
with a custom simulation service implemented using the Java
library provided by RTaW-Pegase to execute the simulations.

D. Use cases

Our use cases comprise five configurations based on three
different industrially relevant network topologies from the
aerospace and automotive domains. Each configuration fea-
tures unique traffic properties and different QoS mechanisms.
The automotive topology we apply is depicted in Figure 1, the
avionics AFDX topology in Figure 2, and Figure 3 depicts a
space launcher topology. For each topology, a configuration
using fixed priorities (denoted as "FP/FIFO”) for traffic man-
agement is considered, and for the automotive and avionics
topologies, additionally a configuration based on first-in-first-
out (denoted as "FIFO”). Further traffic characteristics of the
configurations, together with some statistics on the topologies,
are summarized in Table I.



TABLE I
CHARACTERISTICS OF THE NETWORK CONFIGURATIONS (DERIVED FROM [3]).

Topology #nodes  # switches # links # flows  # flow receivers QoS mecha.  Flow types
21 Command and Control (periodic)
Space 18 18 24 100 985 4 Priorities 78 Telemetry (periodic)
1 Video (periodic burst)
Avionics 52 4 57 453 3214 3 Priorities 453 ncategorized (sporadic)
FIFO
19 Command and Control (periodic)
10 Audio (periodic)
58 70 4 Priorities 11 Video (periodic burst)
6 Best Effort (periodic)
Automotive 14 5 18 4 TFTP (each ACK+DAT+RRQ)
46 58 FIFO 46 (sporadic, no TFTP traffic)
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Fig. 1. Automotive topology. Illustration from [3].

Fig. 2. Avionics topology. Illustration from [3].

IV. RESEARCH QUESTIONS

We designed research questions to individually investigate
the potential of minimizing the simulation time in simulation
aggregation, the addition of optimization of node start offsets
with and without scheduling order, and the overhead of the
multi-objective optimization with respect to the resources
spent on simulation. For all experiments, stratified sampling
is used to determine the NSO, as it is a cost-free method
to boost the observed WCTT. For optimization, the initial
population is determined by stratified sampling.

Fig. 3. Space launcher topology. Illustration from [3].

We formulate the research questions as follows:

o RQI. Can we leverage the exploratory power of shorter
simulations by minimizing the simulation time beyond a
threshold that would maintain the speedup factor?

o RQ2. Can multi-objective Pareto optimization algorithms
improve the exploration of the node start offset search
space in the approach of aggregating short simulations for
approximating worst-case traversal times via simulation?

o RQ3. What is the overhead cost of performing the opti-
mization compared to resources invested in simulations?

Evaluation Metric: The metric we apply for evaluating
the WCTT approximation is the sum of the cumulative
maximum per flow. As discussed in the previous section, no
single solution typically exists that maximizes the WCTT
for all flows simultaneously. For that reason, the cumulative
maximum is used in our metric to reflect the action of
retaining the best solutions per flow during an experiment.
Technically, the goal is maximizing the WCTT for every flow,
but this is impractical for evaluation and visualization as the



number of flows can reach many thousands. This means we
retain the highest observed end-to-end latency value per flow
across all simulation runs up to a certain point of a given
experiment and compute the sum of those maximal latencies
as a metric. We will refer to this metric as “aggregated
maximal traversal times” (AMTT). The higher this value, the
better our approximation of the WCTT.

Experiment Types: Five types of experiments are con-
ducted for each configuration. A single long simulation with
100 hours of simulation time (denoted by “’single long™), two
aggregation experiments with different simulation times ST
and stratified sampling for the NSO (denoted by “random
short” and “random minimized”), and two aggregation ex-
periments with minimized simulation times and optimization
of NSOs (denoted by “opti. NSO”), and, optionally, frame
scheduling order (“opti. NSO+FO”).

The simulation time is minimized to a value such that the
simulation still produces an end-to-end delay for every flow
when applying the maximal value to be considered for the
NSO. The maximal NSO range for the stratification sampling
is set to be half of the simulation time.

Result representation: The results of the different exper-
iments for RQ1 and RQ2 are combined in Figure 4 and in
Table II for simplified comparison. The results for RQ3 are
summarized in Table III. All results reported represent the
average over at least ten experiment repetitions to increase
statistical significance.

Figure 4 depicts the experiment results for the space
launcher configuration. The figures for the other use cases
show similar trends but are omitted for brevity, and the key
information is summarized in Table II instead. The figure
shows the evolution of the aggregated maximal traversal times
metric (AMTT) on the y-axis with respect to the simulation
duration (wall-clock time) on the x-axis. The long simulation
is drawn as a dashed horizontal line as no intermediate results
are retained, and only the final flow latencies are reported.
Table II summarizes the results for all configurations. The
column denoted ”ST” shows the simulation time per simu-
lation, "EST” shows the total simulation time for a single
experiment repetition, ”’SD” denotes the average simulation
duration for a single experiment repetition, ’speedup” denotes
the simulation speedup factor resulting from the EST/SD
columns and "AMTT” denotes our evaluation metric, the
aggregated maximal traversal times.

Context: In this study, we primarily aim to investigate the
exploratory power of simulations with very short simulation
time. However, reducing the simulation time (ST, the time
elapsed inside the simulation) causes the initialization cost
to gain increasing importance with respect to the overall
computational resources. This can be observed in Table II
from the reduced speedup factors. Therefore, for RQ1 and
RQ2, we focus on pure simulation time, which includes the
time to initialize and run the simulation.

The optimization overhead cost, which highly depends on
the choice of the optimization algorithm and on the con-

figuration complexity, is separately investigated in RQ3. As
shorter simulations become less efficient as the simulation time
decreases, due to the increased relevance of the initialization
cost, we chose two hours of total experiment simulation time
for the experiments with minimized simulation time. This
results in a total simulation duration (SD, wall-clock time)
comparable to the long simulation in most cases, as can be
seen in Table II.
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Fig. 4. Space Launcher - Results of the different experiments for RQl
and RQ2 (x-axis, in ms, shows up to 20 h simulation duration) for the
space launcher configuration with fixed priorities. The y-axis represents our
“aggregated maximal traversal times” metric (AMTT) in milliseconds.

A. Research Question #1 - Minimized simulation time

In this research question, we investigate how aggregated
simulations with minimized simulation time perform
compared to single long simulations and aggregated short
simulations. The aim is to investigate the effect of the
increased exploratory potential on the observed end-to-end
latencies. By reducing the simulation time (ST) to the low
millisecond range, more simulations can be run for the same
simulation time budget, which increases the opportunity for
exploration by a factor of up to a few thousand compared to
simulations of multiple seconds, as in [3], for instance.

Results: We observe that both aggregation of simulations
with short (denoted as “random short”) and minimized (de-
noted as “random minimized”) simulation time (ST) yield,
on average, better results on our metric (AMTT) than long
simulation (denoted as “’single long”) on all use cases and up
to +46.42%. Additionally, minimized ST performs better than
short ST in all cases except for the automotive configuration
with FP/FIFO, where the metric AMTT of minimized ST is
0.52% lower. It should be noted that the automotive FP/FIFO
also has the highest ST and, thus, less opportunity for explo-
ration compared to the other cases.

B. Research Question #2 - Optimization

This research question describes how the WCTT approxima-
tion can be modeled as a many-objective Pareto optimization
problem and aims to analyze the performance of optimizing



TABLE II
EXPERIMENT RESULTS SUMMARY FOR RQ1 AND RQ2.

Configuration experiment ST EST°[h] SD%h] speedup AMTTC[ms] wrt. single longd
single long 100 h 100.0 5.29 18.869 24.41
random short 225 s 100.0 5.61 17.821 28.44 +16.51%
Automotive FIFO random minimized 8 ms 2.0 5.65 0.354 31.58 +29.37%
opti. NSO 8 ms 2.0 5.18 0.386 34.61 +41.79%
opti. NSO+FO 8 ms 2.0 5.34 0.375 35.74 +46.42%
single long 100 h 100.0 6.83 14.655 257.18
random short 56.3 s 100.0 7.88 12.682 261.62 +1.73%
Automotive FP/FIFO  random minimized 30 ms 2.0 0.91 2.197 260.35 +1.23%
opti. NSO 30 ms 2.0 0.85 2.353 267.78 +4.12%
opti. NSO+FO 30 ms 2.0 0.84 2.380 268.82 +4.53%
single long 100 h 100.0 11.4 8.809 662.60
random short 450 s 100.0 15.6 6.425 774.89 +16.95%
Space Launcher random minimized 18 ms 2.0 19.0 0.105 792.56 +19.61%
opti. NSO 18 ms 2.0 15.9 0.126 846.37 +27.73%
opti. NSO+FO 18 ms 2.0 15.0 0.133 881.79 +33.08%
single long 100 h 100.0 34.0 2.942 4999.08
random short 450 s 100.0 439 2.277 6116.37 +22.35%
Avionics FIFO random minimized 14 ms 2.0 34.6 0.058 6289.82 +25.82%
opti. NSO 14 ms 2.0 29.0 0.069 6670.35 +33.43%
opti. NSO+FO 14 ms 2.0 29.0 0.069 7118.70 +42.40%
single long 100 h 100.0 34.0 2.940 4073.57
random short 900 s 100.0 46.9 2.130 4660.83 +14.42%
Avionics FP/FIFO random minimized 16 ms 2.0 32.7 0.061 4780.18 +17.35%
opti. NSO 16 ms 2.0 28.4 0.070 5079.91 +24.70%
opti. NSO+FO 16 ms 2.0 28.4 0.070 5220.15 +28.15%

# ST: simulation time (time elapsed inside the simulation); SD: simulation duration (wall-clock time)

> EST: total experiment simulation time

¢ AMTT: "aggregated maximum traversal time” metric
d

the node start offsets (NSO) in isolation, and in combination
with optimizing flow order (NSO+FO). We briefly describe
NSGA?2, the optimization algorithm of our choice, without
going into much detail as it is not the focus of the study. We
further describe the structure of the problem and the essential
chosen optimization parameters.

To be able to compare the optimization results to the
random search approach, we report the results in terms
of total experiment simulation time (EST), excluding the
optimization overhead cost. The optimization overhead will
be analyzed and discussed separately in the third research
question.

Modelling as an optimization problem: Approximating
the worst-case traversal times can be modeled as a many-
objective Pareto optimization problem. The goal of the prob-
lem is to maximize the observed traversal time of every
individual traffic flow, hence each flow traversal time is an
objective of the problem. The design variables can include
any free variables that influence the traversal times in the
simulation. In our case, we focus on the node start offsets
(NSO) as they are highly important in generating high traversal
times, as discussed before. We further conduct experiments
(NSO+FO) that additionally optimize the flow scheduling
order by the means of optimizing minor frame offsets in the
nanosecond range. This allows us to impact the flow schedul-
ing order without invalidation of the model. Finding a distinct
set of node start offsets might be necessary to maximize the

wrt. single long: performance in comparison to the single long reference simulation; higher is better

worst-case traversal time for every flow, rendering it a Pareto
problem.

To model this problem, our input variables are defined by
the number of NSO we can set for a simulation, which is the
number of nodes in our network architecture. It is increased
by the number of flows when additionally optimizing for the
flow scheduling order. The number of objectives to optimize
for is the number of traversal times that a simulation produces.
It is equivalent to the number of flow receptions of our
configuration. As our system model supports multi-cast flows,
it means that the number of traversal times can be significantly
higher than the number of flows in the configuration.

As an optimization algorithm, we chose NSGA?2 [1], which
is simple to understand and has proven useful in many
scientific studies of various fields. It combines the classic
genetic algorithm with a non-dominated sorting and survivor
selection via crowding-distance to maintain the diversity of
solutions. We apply mostly standard parameters appropriate
for our application.

Results: For this research question, we specifically compare
the results of the random search using the minimized simula-
tion time (denoted as “random minimized” in the figures and
tables), the optimization of NSO (denoted as “opti. NSO”),
and additionally optimizing the initial flow scheduling order
(denoted as “opti. NSO+FO”).

As we can observe, the optimization approach (opti. NSO”
and “opti. NSO+FO”) shows advantages over the random
search approach (“random short”) across all of our use cases.



TABLE III
RESULTS OF OPTIMIZATION OVERHEAD EVALUATION OF RQ3.

Configuration experiment exp. duration ED [h] PSD?h]  SD?[h] overhead®
) opti. NSO 0706 0432 5.08  +63.55%
Automotive FIFO opti. NSO+FO 0729 0445 534  +63.82%
) opti. NSO 00935 0071 085  +3129%
Automotive FP/EIFO " Ns o4 FO 0092 0070 084  +31.43%
Somce Launchor opti. NSO 1903 1325 150  +3.62%
P opti. NSO+FO 1830 1250 150  +4640%
— opti. NSO 121 2418 290 +235.93%
Avionics FIFO opti. NSO+FO 7983 2418 290 +230.22%
— opti. NSO 7364 2367 284 +201.15%
Avionics FP/FIFO i NSO4FO 7255 2367 284  +206.55%

* PSD: parallel simulation duration (SD); time to run in parallel on 12 cores

b

We observe an improvement of up to an additional 46.42%
over long simulations (“’single long”), and thus, an addi-
tional improvement of +29.91% over aggregation of short
simulations (“random short”). Further, we can observe that
optimizing the initial flow scheduling order in addition to the
node start offsets (“opti. NSO+FQO”) yields further relative
improvements in most use cases, up to an additional 8.97%
increase over only optimizing NSOs (“opti. NSO”).

C. Research Question #3 - Overhead cost of optimization

In this final research question, we aim to evaluate the
overhead cost of the optimization algorithm. Previously, we
excluded the optimization overhead to compare the results to
the traditional approach. Evaluating the overhead, however, is
tricky as it depends on many factors and is not paid at every
simulation run but mainly after each epoch and further depends
on the specific optimization algorithm.

Each experiment’s total duration (ED) and the total
simulation duration (SD) are collected to evaluate this
cost. Since our implementation uses parallelism, the total
per-core simulation duration (SD) must be divided by the
parallelization factor of 12, yielding the parallel simulation
duration (PSD), as shown in Table III. The PSD represents the
part of the experiment duration spent on running simulations.
Since perfect parallelism is assumed, the overhead cost we
compute is an upper bound and thus slightly pessimistic
concerning the actual overhead, as some of it stems from
minor synchronization needs.

Results: To evaluate the optimization overhead cost of our
approach, we report the total simulation duration, the total
experiment duration and the proportions of simulation and
optimization in Table III. The values reported include the
total experiment duration (ED) per repetition, the parallel
simulation duration (PSD), the sequential simulation duration
(SD), and the overhead of the computed optimization as a
percentage in relation to the PSD.

As we can see from the results, the overhead for the
avionics configurations is significantly larger, up to +207%
to +236% of the duration used on simulation. The main

overhead: time spent on optimization rather than simulation := (ED — PSD)/PSD

reasons for this are the increased complexity in the size of
the population and the number of objectives. These factors
increase the complexity of generating new solutions and
performing the non-dominated sorting, which grows linearly
in the number of objectives and quadratically in the population
size for NSGA2 [1]. The population size is typically chosen
proportional to the number of objectives and thus increases
with the number of end-to-end latencies considered. The
increased number of variables, however, seems less important
as optimizing flow orders does not significantly impact the
experiment duration.

For the automotive and space use cases, we still observe a
significant overhead of 31.29% up to 63.55% of the resources
spent on the simulation on average, but even then, the benefits
outweigh the overhead cost as observing higher end-to-end
latencies typically becomes exponentially less likely the closer
the true WCTT is approximated.

V. CONCLUSION

In this work, we have explored the efficiency of simulation
aggregation when applying a minimized simulation time that
is still viable, which is in the milliseconds for our use cases.
Despite yielding a lower speedup factor compared to longer
simulations, we conclude that aggregation of simulations with
minimal simulation time is competitive to the traditional
approach of long simulations and to the aggregation of longer
short simulations.

Further, we describe how the WCTT approximation can
be modeled as a many-objective optimization problem, using
a biased generation of the initial population inspired by the
stratified sampling of the NSO. The optimization approach
is evaluated on our use cases using NSGA-II as a sample
algorithm. In our experiments, we observed up to 46.42%
increased end-to-end latencies compared to single long sim-
ulations with a total simulation time reduced by a factor of
50. Achieving higher traversal times in simulation becomes
exponentially harder the closer we approach the true WCTT.
Thus, we conclude that the optimization approach is superior
in terms of resource efficiency and/or lower-bound tightness
compared to previously explored simulation-based approaches
to approximating WCTTs. Improving the efficiency of ex-



tremely short simulations to maintain a reasonable speedup
factor remains a technical challenge to be solved.

We end the paper with an analysis of the overhead of the op-
timization approach, which has shown to be rather high, up to
+236% of the simulation duration, for more complex network
configurations due to the nature of the chosen optimization
algorithm. Despite this overhead cost, we conclude that the
approach is promising and could potentially be leveraged
further by technical advances such as, for instance, simulators
that better support shorter simulations and thus maintain higher
speedup factors, or application of optimization algorithms that
are better suited for high numbers of variables and objectives.

A. Parallelizability

The simulation aggregation approach, in general, is highly
parallelizable as simulations are independent of each other.
The introduction of optimization slightly reduces the paral-
lelizablilty but can still be realized in different ways. All
simulations performed during the same epoch can be run
in parallel, thus larger population sizes could be beneficial,
given a scalable optimization algorithm. Beyond that, co-
evolutionary techniques would allow for an increase of this
parallelization factor, for instance, an island model” as sug-
gested in [2].

B. Perspectives

Further research and technical developments may enhance
the efficiency and the generality of the proposed approach.
In this section, we outline two shortcomings of our current
implementation and suggest potential solutions for them.
Finally, we suggest potential research directions on how the
problem could be approached alternatively using Machine
Learning.

A main bottleneck of the optimization approach presented
in this work is the ability to scale to higher objective counts
due to exponential overhead with higher objective counts.
This could, for example, be done by leveraging the property
that some objectives in our problem are independent of each
other, or by applying more scalable optimization algorithms.
This means that we could, for instance, explicitly keep
a certain number of solutions per traffic flow rather than
generating the costly non-dominant sorting for NSGA2.

The “Polynomial Mutation” and “Simulated Binary
Crossover” operators used in this work are standard in the
genetic algorithm domain. They are employed by the genetic
algorithm to recombine the parent solutions and mutate the
resulting offsprings to explore the parameter search space.
Designing specialized operators that more explicitly exploit
the properties and expert knowledge about how the offsets we
applied influence traffic congestion on the network could be
beneficial. Specifically, it could be useful to have a mutation
operator that more quickly offsets multiple flows into several
hot spots, which may benefit flow interference at switches.

In recent years, Reinforcement Learning (RL) has proven
effective in many domains and optimization problems. An
interesting research avenue could be to model the optimization
problem presented in this work as an RL problem, potentially
in combination with Graph Neural Networks (GNN) as intro-
duced by Scarselli et al. in [13]. GNNs have proven effective
in Ethernet-based real-time networks before, for instance, in
predicting the schedulability as done by Mai and Navet in [14].
This approach could be leveraged further by applying Transfer
Learning to create an optimization agent that can adjust to
new use cases more quickly by exploiting previously attained
networking knowledge.
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