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Abstract—Commercial cyber-physical system (CPS) develop-
ment tools are complex and safety-critical software, yet face two
major testing challenges. First, the lack of formal specifications
necessitates fuzzing for bug discovery. Second, the scarcity of
large, open-source models hampers effective scalability testing
and empirical research. To address these challenges, we present
GRANDSLAM, a Simulink model synthesizer that scales linearly
and generates models far larger than prior work. GRANDSLAM
enables both fuzzing and scalability testing at unprecedented
scales, synthesizing diverse models with over 1M blocks. Our
evaluation reveals eleven confirmed bugs, and two confirmed
scalability issues in Simulink, demonstrating its effectiveness.

Index Terms—Interfaces, Fuzzing, Cyber-Physical Systems,
Simulink, Equivalence Under Substitution, Reproducibility

I. INTRODUCTION

Commercial cyber-physical system (CPS) development
tools, such as MathWorks Simulink [1], are fundamental plat-
forms for designing, simulating, and analyzing CPS models
for embedded code implementation. However, these intricate
software systems are prone to bugs, posing significant chal-
lenges for developers, and risks in safety-critical domains.
Detecting these bugs is challenging due to the lack of formal
specifications and closed-source tools, so current research
relies on fuzzing to uncover them [2]–[5].

Yet, current state-of-the-art CPS fuzzers are limited to
small and medium-sized models, while synthesis approaches
struggle to generate valid models at scale [3], [6]. These
limitations add to broader challenges in tool simulation model
research, including reproducibility, replicability [7], and tool
development. Large models are particularly critical for testing
scalability of tools, and conducting empirical research, both of
which rely on models of sufficient size and complexity [8]–
[12]. Together, these gaps undermine both the reliability of
CPS tools and the rigor of research aimed at advancing them.

To address these challenges, we develop a Simulink model
synthesizer that (i) scales more effectively than prior ap-
proaches, enabling the synthesis of very large valid models,
and (ii) supports the synthesis of models with various con-
straints, shapes, and sizes. Our synthesizer enables fuzzing
and scalability testing, and also provides dataset augmentation
for empirical research. We synthesize models larger than any
currently available open-source models. While our primary
focus in this work is on Simulink as a representative CPS
development tool, we design our approach to be generalizable
to other modeling and textual languages.

Our synthesis approach leverages our novel concept of
equivalence under substitution. In a nutshell, our approach
guarantees that a valid model remains valid if a model element

is substituted. Given a dataset of models, we form equivalence
classes, where a model element of a class can safely be
substituted with any other element of its class. This approach
enables us to implement our linearly scaling Simulink synthe-
sizer GRANDSLAM (Giant Recomposition AND Synthesis of
LArge Models) that synthesizes Simulink models by substitut-
ing Subsystems – Simulink’s primary abstraction mechanism
– that have equivalent interfaces. GRANDSLAM is written in
MATLAB and comes with five highly configurable synthesis
strategies, generating models of various shapes and sizes. In
the evaluation of our approach, we found eleven confirmed
bugs, and two confirmed scalability issues in Simulink. We
further found missing elements in the Simulink Subsystem
interface definition by Jaskolka et al. [13].

Overall, GRANDSLAM enables researchers and developers
to systematically test and validate CPS tools at scale, improv-
ing both the reliability of the tools and the reproducibility
of research. This manuscript is a revised version of material
originally presented in the author’s PhD thesis [14], which is
available under a CC-BY license. We summarize our contri-
butions as follows:

• We develop a novel approach for synthesizing statically
valid and/or compilable Simulink models.

• We implement our approach in a prototype GRANDSLAM
with five strategies for synthesizing models of various
shapes and sizes. To the best of our knowledge, this is
the first model synthesizer that scales linearly.

• Our fuzzing revealed eleven confirmed bugs, and two
confirmed scalability issues in Simulink.

• We extend the definition of Simulink Subsystem inter-
faces from prior literature.

• We provide all GRANDSLAM artifacts as open-source and
make them available online.1 Our artifact package in-
cludes 4,600 highly diverse synthesized Simulink models,
of which 100 models are larger than any previous open-
source Simulink model, known to us.

II. SIMULINK BACKGROUND

Simulink [1] is a block-diagram environment integrated
with MATLAB and widely used for modeling, simulating, and
analyzing dynamic systems across domains such as control en-
gineering, signal processing, and embedded systems design. Its
graphical interface enables intuitive representation of complex
systems, while its tight integration with MATLAB facilitates

1Code available at https://zenodo.org/records/18900319 Data available at
https://zenodo.org/records/17296885.

https://zenodo.org/records/18900319
https://zenodo.org/records/17296885
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Fig. 1: Complete Subsystem breakdown of an exemplary Simulink model, showing all its views simultaneously.

algorithm development, data analysis, and automated code
generation for real-time applications.

Simulink models are block diagrams composed of Blocks
and Lines as their core model elements. Blocks are connected
by Lines and Lines carry information from Block Outports to
Block Inports during model simulation. Lines can hold values
of different types (e.g., boolean, double, int16) and dimension-
ality (e.g., scalars, 1-D vectors, matrices). Meanwhile, Blocks
transform their input from Inports to output at their Outports.
To handle complex models, developers can use Subsystem
Blocks and use them to hierarchize the model. A model’s root
Subsystem and its content is given at the top of Figure 1. We
show all Subsystems’ internals at once (normally only one
is visible at a time), e.g., the Subsystem S1’s internals are
shown on the bottom left of Figure 1. S1 contains one nested
Subsystem: S5. In addition to normal Inports and Outports,
Subsystems may also have a SpecialPort. SpecialPorts in
Simulink are: EnablePort, TriggerPort, ActionPort, PMIOPort,
or ResetPort. There is an Enable- and a TriggerPort on top of
the Subsystem S7 in Figure 1. A Subsystem’s closest analog in
textual languages are functions, or methods. While the figure
contains several other model elements, only the following
ideas are essential for the subsequent understanding: models
may have (nested) Subsystems and each Subsystem has a
number of typed Ports connecting them with other model
elements.

Simulink models adhere to multiple levels of validity [3],
[15]. In this work, we focus on models being statically valid
(pass Simulink’s loading checks, e.g., Lines connect existing
Blocks), compilable (e.g., mismatched data types), and simu-
lable (e.g., division by zero). Each level presupposes the prior
one. As we will show in Section V-A, most compilable models
are also simulable.

III. SUBSYSTEM EQUIVALENCE UNDER SUBSTITUTION

A. Definition of Subsystem Equivalence

Our main idea in this paper is to synthesize models by sub-
stituting Subsystems. A substitution, is a model transformation
that removes a Subsystem So (original) and replaces it with
a Subsystem Ss (substitute) exactly in its place, including all
prior Line connections. A substitution does not require the
two Subsystems to be from two different models, i.e., the
most trivial substitution is to substitute a Subsystem with
itself (So = Ss). To ensure meaningful substitutions, we
restrict Ss to those that maintain the model’s validity after
substitution. Specifically, we require the resulting model to
retain static validity and compilability. Unlike textual program-
ming languages, models can provide value even if they are
not compilable, as long as they are statically valid [16]. By
supporting multiple levels of validity, our approach enables
fuzzing and scalability testing for a wider range of Simulink
models and tools. As the metamodel of Simulink isn’t pub-
lished, we conjecture substitution validity based on the official
Simulink documentation and Jaskolka et al.’s Subsystem in-
terface definition [13]. Our later experiments strengthen and
extend their interface definition and our conjectures.

We can ensure a model remains statically valid, if after
the substitution Ss is connected exactly at the same Lines
as So. This gives our first definition of equivalence under
substitution, or untyped-equivalence: So and Ss must have
the same number of Lines at their Inports, SpecialPorts, and
Outports. E.g., the Subsystems S1 and S3 in Figure 1 are
untyped-equivalent; all other Subsystems of the model have
pairwise different numbers of connected Inports and Outports
and are not substitutable. With this definition, a substitution
becomes easy: we remove a Subsystem, and replace it by
connecting the old Lines with the Ports of the new Subsystem.

For the second equivalence level, we aim to ensure com-
pilability. During compilation, Simulink checks the types and



dimensions of Lines: the type and dimensionality from every
Outport must conform (in general be identical) to the type
that is expected at the other end of the Line (an Inport). This
inspires our second definition of typed-equivalence: So and Ss

must be untyped-equivalent, with all connected Lines having
identical types and dimensions. Note that this definition is very
conservative. During our automatic inspection, we can only
observe that a Port in its current context supports, e.g., int32.
It may also support, e.g., int16, or int8, though.

B. Equivalence Classes and Relaxed Equivalence

All Subsystems that are equivalent to each other fall into
(typed or untyped) equivalence classes, i.e., every Subsystem
is substitutable by all members of its equivalence class. Each
class is defined by inputs and outputs, i.e., the ‘interface’ of
the representative of its class.

With our goal of substitution in mind, equivalence classes
should not be singletons, i.e., sets with one element, in order
for substitution to be possible. To reduce the number of
singletons, we define four variations of relaxation, that follow
the common adapter patterns for harmonizing function calls
from classical programming languages. In order-relaxation
(argument reordering), we allow for rewiring of Lines during
substitution: the order of the Inports and Outports, and their
types or dimensionality may vary, as long as there is a match
for each of them. E.g., in Figure 2a for each input and output
Port there is an equivalent input and output Port in Figure 2b;
inputs 2, and 3 and the outputs need to be rewired. In type-
relaxation (parameter coercion and return value mapping), we
allow for the conversion of data types that can be safely cast,
e.g., int16 to int32. Lastly, we define number-relaxation
(argument truncation and return value suppression): a Subsys-
tem is number-relaxed to another if it uses a subset of its
inputs and produces a superset of its outputs; dimensionality-
relaxation can be defined similarly. The concepts of type-
relaxation, number-relaxation, and dimensionality-relaxation
are shown in Figure 2c.

C. Impact of Substitution

In Figure 3, we depict the impact of substitutions on a
model. On the left, we can see the complete Subsystem
hierarchy, or Subsystems tree of the model from Figure 1.
As S1 and S3 are equivalent, they can replace each other.
The Subsystem tree of S1 is bigger than the one of S3: the
resulting model on the right grew sligthly after substitution.
This observation is key to our GIANT synthesis strategy (cf.
Section IV-D), where we repeatedly apply such substitutions.

IV. IMPLEMENTING OUR APPROACH IN GRANDSLAM

To implement our approach, we first mine a given dataset
of models to construct two hash tables: interface2ids,
which uses a description of a Subsystem’s interface as a key
to look up its equivalence class, and id2subinfo, which is
used to look up properties of Subsystems. In the later synthesis
step, we use these hash tables extensively. We thus first present
the mining and their construction.

A. Encoding and Mining Equivalence Classes

The mining of equivalence classes iterates over every
model’s Subsystem and each of its Inports, Outports, and
SpecialPorts. We encode the hash-key of a Subsystem interface
as a string. For untyped equivalence, we quantify their number,
such as ‘3,2’ for 3 Inports, 2 Outports, and no SpecialPort.

For typed equivalence, we have to differentiate Port type and
dimensionality. For each Port, we denote its type and dimen-
sionality as ‘<type><dim1>+...+<dimN>’. The added
‘+‘ differentiates a 2x2 matrix from a 22-row vector. For
SpecialPorts, we denote their name. Next, an Inport, Outport,
and SpecialPort hash is formed by joining their individ-
ual Port hashes with a ‘:’. Finally, the overall interface
hash is formed by joining the three partial hashes with a
‘,’. Some examples: The hashes of the Subsystems in Fig-
ure 2 are ‘int3:double2:int1,bool1:int1’ (Fig. 2a),
‘int3:int1:double2,int1:bool1’ (Fig. 2b), and
‘int3:int1,bool1:single1:int1’ (Fig. 2c).

The values of interface2ids are all the identifiers of
Subsystems that belong to the equivalence class of its interface
hash-key. We construct an identifier that describes the absolute
position of the Subsystem by combining: the Simulink model
file it belongs to, the relative path of the Subsystem within
the model, and the Subsystem’s name. The identifier of S6
in Figure 1 may thus be: "ExampleModel/S2/S6". Given
an interface of a Subsystem, one can thus quickly lookup
equivalent substitute candidates in interface2ids.

To mitigate filling the equivalence classes with clones,
e.g., from libraries, and thus substituting a Subsystem with
itself, we deduplicate each equivalence class. We classify
Subsystems from the same equivalence class as duplicates,
when they have the same number of direct children, number
of Subsystem children, and local Subsystem tree depth. These
are metrics we compute for our synthesis strategies, and suffice
as a quick heuristic for our prototype. However, the heuristic
does not guarantee that every Subsystem of an equivalence
class is truly unique.

B. Encoding Relaxation

We encode order-relaxation by normalizing the interface
hashes. This can be achieved, by sorting the Inport, Out-
port, and SpecialPort hashes alphabetically, before joining
them. Both Subsystems in Figures 2a and 2b get the hash
‘double2:int1:int3,bool1:int1’ proving they are
order-relaxed-equivalent. The other three relaxations could
be achieved by adding a Subsystem not only to its direct
equivalence class, but also to every other equivalence class,
that is more specific. We only followed up to implement order-
relaxation in our prototype.

C. Mining Subsystem Properties

We use the hash table id2subinfo to look up various
properties of Subsystems. The previously introduced identi-
fiers are the keys of id2subinfo. The most valuable proper-
ties of a Subsystem stored in id2subinfo are the identifiers
of all direct child-Subsystems as well as its own interface
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Fig. 3: Substituting within the model from Figure 1 (left):
replacing S1 with S3 (middle), replacing S3 with S1 (right).

which enables the lookup of the Subsystem’s equivalence class
via interface2ids. Depending on synthesis goals, one
can also store other properties. We store the Subsystem’s own
depth within the model, the depth of its local Subsystem tree,
and the number of its local Blocks.

D. Synthesizing and Synthesis Strategies

Using the combination of id2subinfo and
interface2ids, we can now elegantly synthesize
models using two paradigms:
1. Synthesizing from the ground up: This paradigm starts
by synthesizing a new model M using a root Subsystem
r from the dataset as the seed. We substitute each of r’s
Subsystem children, by another Subsystem from its respective
equivalence class, if a suitability criterion for the substitution
is passed. Depending on relaxation, adaptions may have to
be made for a valid substitution (cf. Figures 2b and 2c). This
process is then repeated until the Subsystem tree is completed,
i.e., all leaf Subsystems are processed. The pseudocode of
our approach is given in Listing 1.

We define four suitability criteria (i.e., synthesis strategies)
within this paradigm: RANDOM: any Subsystem from the
equivalence class passes. ROLE: given a separate ‘role model’
M ′ from the dataset, we synthesize M with an isomorphic
Subsystem tree to M ′. A substitute Subsystem is thus suit-
able,2 when it has the same number of children as the role
model’s Subsystem has at the same position. BUSHY: From
a sample from the equivalence class, the Subsystem with the
most children is suitable. DEEP: From a sample of Subsystems
from the equivalence class, the one with the biggest Subsystem
tree depth is suitable.
We propose RANDOM and ROLE to synthesize models that
are similar in size to the original models, and BUSHY and
DEEP to synthesize large models. We expect BUSHY to create

2isSuitable in line 14 of Listing 1 needs M ′ as an additional parameter.

1 Input: Subsystem tree rooted in r
2 Output: The synthesized model M
3
4 //Init model M and Stack S of TODO Subsystems
5 M = r;
6 S = id2subinfo(r).childSubsystems;
7 while S ̸= ∅ do
8 s = pop(S);
9 //Lookup equivalent Subsystems

10 E = interface2ids(id2subinfo(s).interface);
11 //Choose k elements e from E as substitute

candidates; avoids uniform substitutions
12 E’ = sample(E, k);
13 for e ∈ E’ do
14 if isSuitable(s, e, M, E’) then
15 M = substitute(s, e, M);
16 s = e;
17 break;
18 endif
19 endfor
20 //Repeat for substitute’s children
21 S = S.append(id2subinfo(s).childSubsystems);
22 endwhile

Listing 1: Pseudo-code of synthesis from the ground up.

wide and dense Subsystem trees, and DEEP to create deep
Subsystem trees.

Without further moderation, our experiments showed that
BUSHY and DEEP tend to grow infinitely. We thus introduce
a backtracking mechanism that activates, when a previously
selected maximum depth of the model is overshot. The
backtracking voids substitutions in shallower levels and tries
other candidates instead, until the complete Subsystem tree
obeys our constraints. A similar backtracking also activates
for ROLE, when no local candidate Subsystems can be found
to keep the local Subsystem trees isomorphic.

Note, that while we choose root Subsystems as the seed of
our models, any other Subsystem also works. We focus on root
Subsystems as seeds because the dataset models are rooted by
them by definition. However, if the chosen root Subsystem has
no children, the synthesis process terminates immediately. In
such cases, another root must be tried, except if M ′ in ROLE
is also just a singular Subsystem model without children.

The big models constructed by BUSHY and DEEP are
assembled from hundreds or even thousands of models. Since
Simulink’s model loading, and Subsystem substitution are
computationally expensive – and must be executed hundreds
or thousands of times – we also developed an alternative
paradigm for large models, based on fewer unique models,



and fewer substitutions:
2. Recomposing existing models: The second paradigm
recomposes existing models, embodying our fifth and final
strategy: GIANT. Instead of starting the synthesis with a
single root Subsystem – for our last strategy GIANT, we
use a complete model as its seed. In every step, we select
a partial Subsystem tree from anywhere in the model and
try to substitute it with an equivalent Subsystem tree (cf.
Figure 3), when it is suitable. To quickly grow a model,
we found that alternating between two suitability criteria at
each depth level improves the synthesis process of GIANT:
substitute Subsystem has deeper tree depth, and substitute
Subsystem has more direct children. To create large models,
we let a model grow with GIANT, until the recomposed model
trumps the biggest models from the dataset in their maximum
number of model elements, maximum depth, and maximum
number of Subsystems all at once. GIANT can be stopped at
any point, as after each substitution in GIANT the model’s
Subsystem tree is complete. Stopping DEEP or BUSHY, how-
ever, needs a phase of capping off all unprocessed Subsystem
trees with leaves. The other main difference between them is
that GIANT recombines existing models, where large parts of
the Subsystem trees remain intact. BUSHY and DEEP create a
patchwork of Subsystems from various models, because each
node of the Subsystem tree is chosen individually.

In our implementation, we decoupled the building of a
blueprint of the model and the actual construction of the
model with Simulink API calls. This enables ‘completely dry
builds’, where the Subsystem tree outline is completed but no
actual Simulink model is created yet. The construction phase
of GIANT copies Subsystem trees (cf. Figure 3), the others
synthesize their Simulink models one model element at a time.

V. METHODS

A. Dataset Mining

In order to construct our hash tables interface2ids
and id2subinfo, as described in Section IV, we mine
the SLNET data set by Shrestha et al. [17]. SLNET is a
diverse and large dataset of 9,095 Simulink models stemming
from 2,837 Simulink repositories. The set encompasses various
domains, model sizes, modeling goals, and has become a
benchmark in the field as it has been used in a number
of empirical studies [9], [12], [18]–[22]. Before mining the
Subsystem equivalence classes, we filter the SLNET model
set for stable models: each model should be statically valid,
i.e., free of errors while loading, it should also not cause any
Simulink bugs, while loading, compiling, simulating, saving
and closing. We compile every stable model and simulate it for
10 seconds to assess both compilability and simulability. We
do this by performing all the mentioned model operations and
restarting the script, whenever Simulink crashes (hard crashes
or stops without a catchable exception). This filtering step is
vital for our later scripts as they have to handle thousands of
models automatically. Especially the synthesis of large models
becomes brittle if just a few models in the dataset are unstable.
To further ‘tame’ the models, we remove all Callbacks (cf. our

TABLE I: Summary of the SLNET dataset.

SLNET models Stable Compilable Simulable

Models 9,095 5,912 761 697
Subsystems N/A 313,820 1,807 N/A

results of RQ2.3). After filtering our dataset, it contains 5,912
models that we mine for untyped-equivalence and 761 models
for typed-equivalence – both in bold in Table I.

B. Research Questions

As we intend to compose models by substituting equivalent
Subsystems, we first evaluate:
RQ1: Is our approach of repetitive substitution feasible?
Our substitution approach assumes a small set of equivalence
classes, ensuring that a significant portion of Subsystems can
be replaced by equivalent alternatives. Untyped equivalence
might seem to limit the equivalence classes – a maximum
of, e.g., 10 Inports and Outports yield just 121 combinations
– but SpecialPorts can inflate this number considerably. For
typed-equivalence, it may be possible that most Subsystems
are fragmented into singletons classes, as inputs could vary
by dimension and type. Additionally, not every model is
compilable, and thus the number of Subsystems that are
available for our analysis is lower from the start. If too
many equivalence classes are singletons, then we relax our
equivalence requirements (cf. Section III-B).

We further evaluate the feasibility of our proposed strategies
(cf. Section IV-D). We run all five strategies with both typed
and untyped equivalence, and measure how they perform in
regard to success rate and scalability. For RQ1, we answer the
following sub-questions:

RQ1.1How are the equivalence classes constituted?
RQ1.2Can we synthesize models with untyped and typed

equivalence classes?
RQ1.3How do the blueprint and construction phases scale?
Once we are satisfied with the general feasibility of our

approach, we investigate the synthesized models: RQ2: What
are the synthesized models’ characteristics? Our goal in
RQ2 is to gauge the synthesized models broadly, before we
use them for fuzzing or scalability tests. We measure basic
model metrics [9], [16] to answer the following sub-questions:

RQ2.1How large are the synthesized models?
RQ2.2How diverse are the models?
RQ2.3How many models are compilable, and simulable?
Lastly, we evaluate the suitability for our use cases:

RQ3: Are the synthesized models practical for fuzzing and
scalability tests? For fuzzing, we analyze all program halts
encountered during synthesis and analysis. Most halts stem
from implementation bugs in our scripts (which we fuzz ‘along
the way’), while others reveal Simulink bugs, which we report
to MathWorks. Additionally, we identify a few bugs through
ad-hoc testing. Related fuzzing approaches are discussed in
Section VIII, as they primarily target compiler bugs, whereas
our focus is on a broader range of model actions.



TABLE II: Equivalence classes across configurations.

#classes
singleton
class %

mean
other

Subsystems

mean
other

models

untyped
with duplicates 326 20 49,582 1,927
unique 326 42 532 508

typed, strict
with duplicates 202 46 273 249
unique 202 74 40 38

typed, order-relaxed
with duplicates 199 44 273 249
unique 199 72 40 39
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Fig. 4: Box plots of equivalence class sizes.

To assess scalability, we reuse the synthesized models from
RQ2 and apply various model actions to them. By iteratively
computing regression curves while relaxing model size con-
straints, we determine whether larger models provide deeper
insights into scalability behavior. Comparisons with related
approaches are deferred to Section VIII, as their synthesized
Simulink models are limited in size and thus less informative
for scalability analysis.

VI. RESULTS

RQ1: Is our approach of repetitive substitution feasible?
RQ1.1 How are the equivalence classes constituted?
Table II summarizes our findings for the first research ques-
tion, highlighting the strong impact of deduplication – which
removes both intra- and inter-model Subsystem clones – on
reducing equivalence class sizes. Since substituting a Sub-
system with an identical clone is meaningless, and the two
typed configurations differ only marginally (order-relaxing
unifies just 3 classes), we focus our analysis on the bolded
configurations in Table II and Fig. 4.

42% of the untyped equivalence classes are singletons,
which means the equivalence class’ representative has a unique
interface, and we cannot find a substitute. This number goes
up to 72% for the typed equivalence classes. Despite the
prevalence of singletons, the data in the final two columns
of Table II demonstrates that a randomly selected typed
Subsystem retains substantial substitutability – with an average
of 40 distinct replacement possibilities from 39 unique models.

Our analysis of the most frequent equivalence classes and
their interfaces (cf. Figure 5) reveals that the most common
classes have few Inports and Outports, and seldomly feature
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Fig. 5: Distribution of the 20 most frequent equivalence classes
and their occurrences in Subsystems and Models.

SpecialPorts. By far the most common Line type is uni-
dimensional double, but we also found boolean, uint8,
uint16, and three-dimensional double in the top 20 inter-
faces. Furthermore, a class’ Subsystems are spread over many
models and not just populated by a single model’s Subsystems,
noticeable by the similar heights of the orange and dark red
bars in Figure 5.
RQ1.2 Can we synthesize models with untyped and typed
equivalence classes?
We ran each of our five strategies once with the untyped,
unique equivalence classes, and once with the typed, relaxed,
unique equivalence classes (bold in Table II and Fig. 4). With
RANDOM and ROLE we generated 1,000 models, with the
others 100 models, totalling 4,600 models over all runs. Every
synthesized model is a statically valid Simulink model and can
be opened and edited in Simulink.

While all strategies met their generation quotas, BUSHY
and DEEP exhibited higher failure rates (cf. the first row in
Table III). This is due to the high number of singletons in the
blueprint phase, which leads to extensive backtracking until
a seed is abandoned after three attempts per Subsystem tree
node. GIANT, however, avoids these bottlenecks by substitut-
ing entire Subsystem trees rather than individual Subsystems.
Failures in the construction phase were minimal, occurring in
only 0.8% of attempts due to implementation bugs.
RQ1.3 How do the blueprint and construction phases scale?
The first two rows of Figure 6 show that the blueprint phase
(1,000-10,000 Blocks/s for the large strategies) is much faster
than the construction phase (100-1,000 Blocks/s). The linear
relationship for untyped BUSHY between the times in blueprint
and construction phase vs. the number of elements is clearly



TABLE III: Various metrics across our strategies.

RANDOM ROLE BUSHY DEEP GIANT

Blueprint failure rates
untyped .000 .079 .099 .174 .007
typed .000 .040 .888 .996 .145

mean pairwise Jaccard similarity (models)
untyped .003 .002 .265 .249 .398
typed .002 .002 .178 .309 .290

mean pairwise Jaccard similarity (Subsystems)
untyped 0 0 .007 .001 .058
typed .001 .001 .076 .023 .201

% of SLNet models covered
untyped 48.3 44.1 79.5 50.2 47.9
typed 87.9 81.2 56.4 61.9 23.5

% of SLNet Subsystems covered
untyped 4.8 3.7 79.1 15.1 69.6
typed 78.1 60.1 69.9 75.8 52.2

% compilable
untyped 14.5 13.6 0 0 0
typed 94.1 96.3 19 23 24

% simulable
untyped 13.9 12.9 0 0 0
typed 89.9 92.9 15 23 15
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Fig. 6: Box plot comparison of SLNET and our synthesis
strategies. All plots are scaled logarithmically, except ‘Depth‘
which is scaled symmetrically logarithmic [23]. All times are
measured on an MX Linux laptop with an i9-13980HX CPU,
94GB RAM, and MATLABR2025a.
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visible in Figure 7. The other methods also scale effectively
linear, though with less clarity. We highlight BUSHY because
it generated the largest models by a significant margin.
RQ2: What are the synthesized models’ characteristics?
RQ2.1 How large are the synthesized models?
The third and fourth rows of Figure 6 show that RANDOM
and ROLE generate models with similar sizes to their SLNET
datasets. BUSHY, DEEP, and GIANT’s models are much larger.
The untyped GIANT models all have more than 108,523
Blocks (typed more than 1,122) – the maximum size in
SLNET. The largest model of BUSHY comprises more than
1.1 million Blocks. The typed models exhibit a reduction
in size by an order of magnitude or greater. For untyped
models, our depth constraints (8-12 for BUSHY, 50-99 for
DEEP) were nearly always maxed out. We lowered these
constraints for typed DEEP (30-50), otherwise the failure rates
were impractically high.
RQ2.2 How diverse are the models?
The final row in Figure 6 shows the number of models
whose Subsystems were recomposed into each new model. For
example, GIANT recomposed Subsystems from approximately
600–1,000 different models per synthesized model. The large
strategies lead to very high diversities with more than 100
models for typed and more than 10 models for untyped classes.
Judging the mean pairwise Jaccard similarities [24] of models
and Subsystems (cf. row three and four in Table III), we
find all strategies to be highly dissimilar. Table III further
gives the percentages of SLNET models/Subsystems that were
covered by a strategy’s synthesized models, e.g., the 100
untyped BUSHY models used nearly 80% of the models and
Subsystems from the SLNET dataset for their synthesis.
RQ2.3 How many models are compilable, and simulable?
The last two rows of Table III show that the typed models
have a much higher chance of being compilable, and the large
strategies rarely produce compilable or simulable models. We
found the low number of compilable typed models to stem
from an incomplete interface definition – specifically, the one
we adopted from Jaskolka et al. [13] in our definition of
equivalence (Section III).

In our experiments, we found three violations to their
definition, where model elements have global dependencies



or side effects: (1) Callbacks: models, Blocks, and Ports may
have Callbacks, that are called and executed by various events.
These events can be: the model is loaded, closed, it is saved,
a Block is renamed, the model simulation starts, etc. These
Callbacks are common MATLAB scripts, and they can – in
rare cases – rename, or delete other model elements, which
may dynamically change a Subsystem’s interface and thus
equivalence class. When synthesizing models with thousands
of Subsystems, a single bad Callback can break the whole
model. We thus repeated all of our experiments with the
previously described ‘taming’ of the dataset. (2) Asynchronous
Blocks: Certain Blocks in Simulink require the entire model,
including all other Subsystems, to operate under asynchronous
semantics. Thus, each Subsystem’s interface needs to be
extended with a label ‘synchronous’ or ‘asynchronous’. (3)
Locality of type and dimension declaration: Signal types and
dimensions can be the result of (i) manual declaration at some
point in the model, (ii) implicit generation from a model
element that can only generate such type and dimension, (iii)
inheriting the type and dimension from either (i) or (ii) from
the prior Signal path. Thus, our equivalence definition for
each type and Signal needs to be extended with labels (i)-
(iii). During the synthesis, one then needs to order Subsystems
from Signal sources to sinks (source-sink ordered depth first
traversal), to guarantee valid type and dimension propagation
in the synthesized model. Cross-dependent type propagations,
where Subsystem A needs B, and B needs A for a Signal’s
type, are not resolvable with this concept though.

For the simulability, we only found divisions by zero, or
algebraic loops to be causing halts – both of which our
equivalence approach is not intended to catch.
RQ3: Are the synthesized models practical for fuzzing and
scalability tests?
In our experiments, we found eleven confirmed bugs (cf.
Table IV). Of these, the six hard crashes are critical, as it
can lead to data loss. Bug 9 is system critical, as all available
system RAM will be hogged. In addition to the bugs listed
in Table IV, we found five bugs (two inconsistent outputs
during ‘taming’; two memory leaks and a failed assertion with
synthesized models), which we experienced multiple times but
could not consistently reproduce.

For the scalability tests, we computed regression curves
for the model actions in Table V. Only ‘finding clones in
a model’ and ‘closing a model’ showed quadratic scaling.
For ‘finding clones’, the quadratic regression started to be
the best fit at around 10,000 elements – for ‘closing models’
very large models with more than one million elements had to
be included. The coefficient of determination R2 [25] in the
last column shows that all regression curves are strong fits.
Because of bug 9, we could not perform an automated RAM
regression analysis. Our preliminary manual analysis suggests
that Simulink allocates roughly 2,900 bytes of RAM per model
element, scaling linearly. After we reported the Close Model
time scaling and our preliminary RAM analysis to MathWorks,
they confirmed both as scalability issues that they plan to fix
in future releases.

TABLE IV: Summary of confirmed bugs.

Number Case Number Description of Bug

Discovered during ‘taming’
1 07130317 Hard crash in set_param
2 07131902 Hard crash in set_param
3 07144514 Hard crash in set_param
4 08020574 Message box flood in compile
5 08020724 Irrecoverable exception in load_system

Discovered during synthesis experiments
6 06653446 Loaded model throws exceptions, errors
7 08112233 Irrecoverable exceptions in compile
8 08128597 Hard crash in compile
9 08147973 RAM usurped in close_system

10 08160317 Hard crash in findClones
11 08160318 Hard crash in findClones

TABLE V: Scalability regression curves Time = an2+bn and
Space = bn, with n = number of model elements.

a (quadratic) b (linear) R2

Time in microseconds
Load Model — 30.947 .98
Find Elements — .242 .81
Save Model — 27.610 .95
Find Clones .007,978,387 −178.301 .95
Close Model .000,004,412 7.603 .93

Space in Bytes
File Size — 122.811 .98

VII. DISCUSSION

A. Suitability and versatility of our approach

All five GRANDSLAM strategies performed well in the
untyped setting. Even with the high number of singleton equiv-
alence classes in the typed setting, all strategies succeeded
in synthesizing models, though failure rates increased and
compilability rates decreased significantly. We thus suspect
that our typed setting approached the upper limit of singleton
equivalence classes for which our strategies remain effective.
The untyped setting was far more permissive, and it was there
that we synthesized the largest statically valid models – by
a substantial margin – of which we are aware. The largest
statically valid model was generated by untyped BUSHY and
has more than 4.3M model elements, 1.1M Blocks, 110k
Subsystems, 80k of which are unique and sourced from more
than 3k unique models. This is about 400 times larger than
synthesized Simulink models in prior work (cf. Section VIII),
and much larger than typical industrial models that seldom
have more than 20k Blocks [16].

While every model we generated was statically valid, the
success rate of creating dynamically valid models was much
lower (cf. RQ2.3). Still, 66 of the 300 larger typed models
we generated are compilable. The largest models that are
compilable/simulable were generated by typed GIANT and en-
compass 1,660/1,419 Blocks, 148/148 Subsystems stemming
from 16/12 unique models.

Our five strategies already demonstrate the versatility of
our approach in the resulting models and the process, i.e.,
by dynamically switching the isSuitable-function based



on the current synthesis status. Completely different strategies
are easily integrated, with our approach: if one, e.g., desires
to synthesize models with many Blocks of type t, one can
extend the id2subinfo in Section IV-C with the count of t.
For speed and effectivity of sample, one can also sort each
equivalence class in interface2ids by number of t.

In this work, we tried five strategies in different settings, but
left a number of variation points unexplored. (1) While order-
relaxation has nearly no impact at all (Section VI), number-,
type-, and dimensionality-relaxation may offer a significant
reduction of singleton classes for the typed setting. (2) The
deduplication of equivalence classes may be sharpened with a
better heuristic with less false negatives and false positives.
(3) Our strategies always choose root Subsystems as their
root Subsystem, but Subsystems from any level could be a
model’s root – the synthesized models may be smaller, on
average though. (4) Furthermore, our strategies have many
more tunable parameters, which we chose by intuition and
did not systematically explore, e.g., the sample sizes k, mini-
mum/maximum depth of Subsystem trees, etc.

B. Fuzzing and scalability potential

While our approach uncovered eleven bugs, only bug 9
was directly attributable to large model size. Reproducing
bugs with large models also proved complex, as it required
replaying time-consuming synthesis sequences (cf. Figure 7).
In fact, MathWorks declined to fix one reported issue due to
its complex reproducibility, highlighting a broader challenge
in fuzzing: the value of bugs triggered by nonsensical or overly
complex inputs [26]–[28]. This suggests that synthesizing
many smaller models may be a more efficient fuzzing strategy.

In contrast, we view large models as excellent subjects
for scalability testing, as their performance provides insights
into how their underlying dataset – from which they were
synthesized – would behave at scale. Our scaling experiments
already revealed a surprising asymmetry in core Simulink tool
performance: while opening a model scales linearly, closing
it exhibits quadratic scaling. MathWorks plans to fix two
performance issues in relation to our scalability findings.

Given our success in finding bugs and scalability issues in
Simulink, a safety-critical software that is applied in prac-
tice since decades, we view GRANDSLAM as promising. We
identify two main weaknesses, though. (1) our approach of
typed equivalency does not guarantee models to be compilable.
Following Chowdhury et al. [29], techniques such as fixing
synthesized models depending on their compilation errors
could be used to deal with this problem. (2) GRANDSLAM
ignores semantics while synthesizing. This often leads to large
but nonsensical models. However, MathWorks still confirmed
six bugs and two issues that we uncovered using them.

C. Generalizing to other elements and languages

As we have seen, our synthesis approach of substituting
equivalent Subsystems works very well in Simulink. More
general though, any combination of model elements with a
definable interface and an equivalence relation is suitable for

our substitution approach. This means individual Blocks or
groups of connected Blocks could be used to build equivalence
classes. We chose Subsystems, as they naturally limit the
number of interfaces we have to analyze, and are the natural
abstraction unit in Simulink. This means, that our approach
can be generalized to other (modeling) languages the easiest,
if there is a similar abstraction unit as a Simulink Subsystem,
e.g., subnets in Petri Nets [30], EClasses in Eclipse Modeling
Framework [31], or methods/functions in textual languages. In
fact, our approach may be more suitable in synthesizing valid
instances in other languages, when one can construct clean
interfaces without Simulink’s global effects (cf. RQ2.3).

To illustrate the parallel in textual languages, consider
the following example: depending on equivalence definition,
the Java-methods int min(int a, int b) and int
max(int a, int b) may be typed equivalent – Python’s
min(a, b) and max(a, b) may be untyped equivalent.

D. Scaling and Accelerating Our Approach

Our strategies RANDOM, ROLE, BUSHY, and DEEP use the
algorithm of Listing 1 in their blueprint phase. It substitutes
each Subsystem of the synthesized model once. Thus, in order
to scale linearly, the functions sample, isSuitable, and
the backtracking mechanism must produce constant overhead
per Subsystem, as in BUSHY, cf. Figure 7. For the models
of our experiments, the construction phase scales effectively
linearly, but is much slower for RANDOM, ROLE, BUSHY, and
DEEP. This is mainly because of Simulink’s API for copying
Subsystems or Blocks. In our experiment, the largest model’s
blueprint only took 30 seconds, but its Simulink construction
4 hours. As an additional scaling test, we also synthesized
a blueprint-only model encompassing 2.4M Subsystems and
24M Blocks in 15 minutes using BUSHY – its Simulink con-
struction would take about 5 days. While GIANT’s blueprint
phase is slower, its construction is much faster (cf. Figure 6)
as fewer substitutions need to be performed.

We identified two factors to speed up the construction
phase: (1) add each Subsystem’s interface mapping to its
properties in Section IV-C, as currently each substitution
computes two interface mappings for the order relaxation: one
for the Subsystem before substitution; one for the Subsystem
after. (2) The construction (and all other phases) could be
parallelized. Currently, our implementation is fully sequential,
but the model synthesis steps are completely independent.

E. Threats to Validity

To ensure robust evaluation, we excluded the unstable mod-
els from the SLNET dataset (cf. Section V-A) as they caused
bugs in Simulink. If we use the whole, ‘untamed’ dataset,
the large strategies BUSHY, DEEP, and GIANT would mostly
fail to produce any valid models. Excluding these models thus
partially shifted our fuzzing from the synthesis phase to the
earlier ‘taming’ phase (cf. Table IV), while simultaneously
ensuring we can synthesize large models.

Our scalability results of Table V showed good fits (R2 >
0.6) for four regression curves when applied to the ‘tamed’



dataset. However, ‘taming’ removed model elements (e.g.,
Callbacks) that impact time/space complexity. We expect the
original SLNET models to: (i) Run slower (due to Callback
computations), (ii) Impede prediction based solely on element
count (again, due to Callbacks), and (iii) Yield larger files
(from restored elements) or smaller files (if library Blocks
dominate). Thus, our regression may only reflect scaled-up
behavior of the ‘tamed’ dataset – not the original models.

We treated some Subsystems with complicated or
‘clunky’ [32], [33] interfaces (Subsystems with Bus Ports,
physical Ports, and Stateflow Charts) as common Blocks that
are not substitutable. Including them would result in more
equivalence classes, potentially as singletons.

VIII. RELATED WORK

A. Fuzzing in CPS and other Domains

Approaches for creating fuzzing candidates can be roughly
divided into two categories: generative, and transforma-
tive [34]. In generative approaches, rules, or LLMs are lever-
aged to generate candidates from scratch, while the latter ones
mutate existing seeds into candidates. A number of fuzzing
techniques – mostly promising approaches from textual lan-
guages – have already been employed in the CPS domain [3],
[4], [15], [29], [35]. Chowdhury et al. [29] developed CyFuzz
(generates models up to size of ∼35 Blocks), a generative ap-
proach, which was inspired by CSmith [36] to fuzz Simulink’s
code generator. Shrestha et al. [15] then employ the long short
term memory [37] approaches DeepSmith, and Deepfuzz [38],
[39] (40 Blocks; 8 connected), and later improve it with a
trained version of the LLM GPT-2 [40] to generate their
models [4] (30 Blocks; 12 connected). With the rise of LLMs
in modern textual language fuzzers [41], [42], we anticipate
their adoption in the CPS domain in the future.

Prior transformative approaches in the CPS domain rely
on equivalence modulo inputs (EMI) [43], which mutates
unexecuted code in compilable models and detects generated
code changes. Note that in their context, equivalence refers
to preserving semantics after mutation, whereas our equiva-
lence ensures that two Subsystems can be substituted without
invalidating the model. Using EMI, Chowdhury et al. [2],
[3] developed SLforge, and later SLEMI (∼3,000 Blocks).
Both, Guo et al.’s COMBAT [35], and Li et al.’s RECORD
[5], combine generation and transformation to first seed with
SLforge, and then mutate with EMI (∼3,000 Blocks).

The most comparable approaches to our work were not
yet used in the CPS domain. Both Holler et al. and Han et
al. [27], [44] mine building blocks from a program collection
and then recombine them. Han et al.’s fuzzer, CodeAlchemist,
recombines building blocks by putting fitting ones in sequence,
the blocks can then grow in size to be recombined again
(8 JavaScript statements). While CodeAlchemist does check
block types, it can only put them in sequence. Instead, we
put building blocks into ‘suitable holes’ of building blocks:
in effect, we leave large local sub-ASTs intact. Already in
2011, Holler et al. proposed LangFuzz, which first mines AST-
fragments to then replace a fragment in a program with another

of the same type (no size given). In our work, we also replace a
type of AST-fragments – Subsystems – but guarantee validity
by only substituting equivalents.

Wang et al. [45] developed another related idea to construct
more natural fuzzing candidates. Their fuzzer, SkyFire, learns
the patterns from a code dataset, which are recreated in a
probabilistic context-sensitive grammar (< 200 elements).

B. Model Synthesis

Models are also synthesized for scalability or stress tests.
Semeráth et al. [6] synthesize valid and diverse Yakindu
statecharts and EMF models by iteratively extending partial
models until acceptance criteria are met. This is similar to our
ground-up synthesis, though their approach is less scalable
(300-1,000 model elements per hour). Nassar et al. [46]
generated large EMF models, leveraging given metamodels
for rule-based model transformations, which they iteratively
apply. While their approach does scale super-linearly, it still
can generate up to 500k model elements. He et al. [47]–[49]
generate various model types in quadratic time, relying on
constraint solvers and metamodels. In contrast, our approach
does scale linearly and works without a known metamodel.

C. Clone Detection

There are various approaches to detect clones in mod-
els. Clone detectors may also cluster Subsystems into clone
classes [50], [51]. These are only loosely related to our
equivalence classes: while Subsystems of the same clone class
are similar in structure, substituting two Subsystems of a
class often invalidates the model. However, our equivalence
classes guarantee substitutions work. Furthermore, most clone
detectors ignore dynamic aspects of typing or dimensions,
which is central to our concept of typed equivalence.

IX. CONCLUSION

Based on our concept of equivalence, we introduced
GRANDSLAM with five synthesis strategies – each generating
models with Subsystem trees of different shape or size. All
models are statically valid, with many also being compilable
and simulable. Our approach uncovered eleven bugs and two
scalability issues in Simulink, a safety-critical and mature tool
that is used in industry for decades. GRANDSLAM’s linear
scaling enables the generation of very large Simulink models,
making it ideal for scalability tests.

In future work, we will extend GRANDSLAM to support
more fine-grained substitutions. As discussed, our approach
can be generalized to any group of Blocks. It could also
be combined with another fine-grained mutator such as the
modeling assistant SimGESTION from Adhikari et al. [51],
which can mutate models one element at a time, or an LLM
model completion tool like RAMC [52]. GRANDSLAM could
first generate the model’s rough outline (i.e., the Subsystem
tree) and then delegate the finer details to another approach.
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