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Abstract
Effective test case generation is crucial for ensuring software correctness, whereas 
generating high-coverage test suites efficiently remains a challenge. Graph transfor-
mations provide a formal way to specify and analyse software systems by modeling 
system operations as transformation rules and constructing a state-based represen-
tation of system behavior. Model-based testing (MBT) often uses model check-
ing over this representation to discover execution paths that satisfy certain test 
requirements. However, such approaches suffer from severe scalability issues due 
to the rapid growth of the state space and the high computational cost of exhaustive 
exploration. While optimization-based approaches mitigate these issues by explor-
ing a reduced portion of the state space, they still struggle to scale effectively. 
MBT approaches using graph transformation faces the same scalability and often 
face additional challenges due to the richer structural complexity of graph-based 
models. However, apart from the behavioral information derived from state tran-
sitions, graph transformation systems also encode explicit structural relationships 
between states and transformation rules. These structural characteristics can be used 
to define and evaluate test objectives. To exploit this, we propose a novel approach 
based on deep reinforcement learning to generate test suites for systems specified 
through graph transformations. We use the reward/penalty mechanism of reinforce-
ment learning to optimize the selection of moves within the state space, enabling 
the generation of test cases based on prior decisions. Our goal is to achieve greater 
coverage of test objectives while minimizing the size of the test cases. The meth-
od has been implemented in GROOVE, an open-source toolset for designing and 
model checking graph transformation systems. Experimental results on well-known 
case studies demonstrate that our approach achieves higher coverage with reduced 
computational cost compared to state-of-the-art techniques.

Keywords  Model checking-based testing · Test suite generation · Graph 
transformation systems · Deep reinforcement learning · Neural network
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1  Introduction

Software testing is a fundamental aspect of the software development life-cycle. It 
involves assessing a software application to identify defects, errors, or bugs while 
ensuring it meets the required specifications and functions as intended (Leloudas 
2023). Software testing is a resource-intensive process that can take up a substantial 
portion of both time and budget in the software development life-cycle (Offutt and 
Ammann 2008). Automation in software testing is gaining popularity due to its abil-
ity to save time, reduce costs, and enhance accuracy (Kumar and Mishra 2016). A key 
aspect of this process is the automation of test case generation, which significantly 
lowers overall testing expenses and improves the effectiveness of tests to discover 
errors (Sahoo et al. 2016). The utilization of software models to automate the testing 
process and minimize associated costs has been a well-established practice for sev-
eral years (Dias Neto et al. 2007). Model-Based Testing (MBT) (Utting et al. 2016) 
is an approach that generates and executes test cases from behavioral models of the 
System Under Test (SUT). By systematically deriving test cases from formal models, 
MBT enables early detection of faults before implementation, reducing the cost of 
testing and improving the quality of the SUT. Various strategies have been employed 
in MBT to generate more effective tests at a lower cost.

Model checking  (Mohalik et  al. 2014) has been applied to software testing for 
state-based models. Originally designed as formal verification tools, model check-
ers (Baier and Katoen 2008) are capable of generating paths that represent counter-
examples/witnesses for the violation/satisfaction of a desired property. These paths, 
which start from the initial state and lead to a state where the property is either vio-
lated or verified, can then be utilized as test cases (Gargantini and Heitmeyer 1999; 
Rayadurgam and Heimdahl 2001). In Model-Checking-Based Testing (MCT), a 
model checker is employed to take the system model as input and use test objectives 
as reachability properties to derive paths representing test scenarios. While MCT 
ensures high coverage of test objectives for small models, its scalability is limited 
by state-space explosion (Baier and Katoen 2008), the inherent complexity of model 
checking, and the potential generation of redundant test cases (Fraser et al. 2009b; 
Villani et al. 2019).

One approach to addressing the state space explosion problem is to use search 
and optimization methods that heuristically explore only a relevant portion of the 
state space. Techniques such as Genetic Algorithms (GA) (Haupt and Haupt 2004), 
Particle Swarm Optimization (PSO) (Eberhart and Kennedy 1995), and Ant Colony 
Optimization (ACO) (Dorigo et al. 2006) have been utilized in this context. However, 
there remains potential for further improvement, particularly in terms of eliminating 
redundant test cases and enhancing both accuracy and efficiency. A key challenge 
with these techniques is that they generate test cases over multiple iterations, which 
complicates the identification and removal of redundant test cases produced at dif-
ferent stages. Furthermore, the heuristic functions used for test case selection can 
exhibit random behavior, occasionally leading to the generation of incorrect or inac-
curate test cases. Additionally, further steps are often needed to evaluate test case 
quality and eliminate redundancy or inaccuracies, introducing extra post-processing 
efforts that ultimately reduce overall efficiency.
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Graphs are powerful tools for representing, visualizing, and analyzing complex 
software models. Graph Transformation Systems (GTS) (Ehrig et al. 1999) use rules 
to represent pre-conditions and post-conditions of operations, modeling a system’s 
behavior as a graph transition system, i.e., labelled transition systems (LTS), where 
graphs serve as states, and graph transformations act as transitions. GTS (Heckel 
2006) provide a formal framework for modeling the dynamics of complex systems. 
They facilitate a step-by-step simulation of a system’s behavior, beginning from 
an initial state and progressing toward a state that meets specified objectives, fol-
lowing a well-defined path. This type of analysis is commonly applied in GTS and 
offers valuable insights into the operation of complex systems. Within a GTS, there 
are interdependencies among the rules in each sequence of states. The order of rule 
execution is critical to maintaining consistency and correctness within the system. 
Rules may have preconditions and dependencies that must be satisfied before they 
can be executed. These interdependencies can influence the system’s overall behavior 
and performance. Established algorithms and tools exist to simulate transformations, 
generate a graph-based LTS, and analyse it through model checking.

However, both graph-based MCT and testing based on heuristic search and opti-
mization suffer from the same limitations as the generic approaches described above, 
in particular if they treat the graph transition system as a generic LTS without exploit-
ing the graphical structure.

Recently, the application of deep reinforcement learning (DRL) has been proposed 
as a solution to mitigate the problem of state space explosion, particularly for search-
ing reachability properties in systems specified through GTS (Mehrabi and Rafe 
2022). In this paper, we propose a testing approach for GTS that leverages DRL to 
explore the state space and identify test cases with the optimal coverage. The process 
starts at the initial state and selects actions, where actions are selected randomly. As 
the exploration progresses, the system adapts its strategy based on the reward/penalty 
received from previous actions, ultimately generating semi-optimal test cases with 
high coverage and low cost. Additionally, DRL improves over time by continuously 
learning from the environment. We aim to apply this technique to enhance the effi-
ciency and effectiveness of test case generation in GTS.

Figure 1 shows the proposed conceptual framework. This framework consists of 
an agent, an environment, and a repository containing a collection of the agent’s 
previous experiences, along with the corresponding rewards or penalties associated 
with those experiences. Initially, the agent aims to explore an environment that rep-
resents a state space. After various explorations, assume the agent currently resides 
in state s2 must choose the next action from the available rules: r1, r3, or r4 (Step 
❶). To make this decision, the agent refers to its experience repository and, based on 
the rewards and penalties encountered previously, estimates the value of each action 
(Step ❷). Consequently, the agent selects action r1, which has the highest estimated 
value. Upon executing this action, the agent transitions to state s6 (Step ❸). This new 
state, along with the associated reward or penalty, is then stored in the experience 
repository for future reference (Step ❹).
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The novel contributions of this paper are as follows:

	– We develop a DRL-based approach to generate test cases for systems specified 
through GTS.

	– We devise a search strategy to cover more test objectives.
	– The proposed approach enables the storage of network weights, allowing them 

to be reloaded in subsequent executions, thereby reducing computational costs.
	– The approach demonstrates improved efficiently and scalablity, significantly re-

ducing the time required to generates test cases.
	– The generated test set is smaller and contains shorter test cases, resulting in lower 

execution cost.

This paper is an extended version of our ICG2025 conference article (Ghasemi et al. 
2025b). While the conference version introduced the core idea of applying DRL to 
test case generation in GTS, this paper substantially extends both the methodology 
description and the empirical evaluation. In particular, we provide more detailed 
explanations of the methodology, incorporate additional recent studies and com-
parisons, and present a deeper analysis of the results. In particular, we introduce a 
statistically rigorous analysis of the experimental results, including non-parametric 
hypothesis testing (Mann–Whitney U test) and effect size analysis using Vargha–
Delaney’s A12, to assess both statistical significance and practical relevance of the 
observed differences. Due to the strict space limitations of the conference format, 
such statistical validation and extended analysis were not included in the earlier ver-
sion. Additionally, unlike the conference version, this paper provides a complete 
algorithmic formalization of MoTDeReL, enabling reproducibility and precise anal-
ysis. These extensions substantially strengthen the evaluation and demonstrate the 
scalability and effectiveness of the proposed approach.

Fig. 1  The proposed conceptual framework
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The rest of this paper is organized as follows. Section 2 provides some background 
on different concepts used in this paper. Section 3 introduces the state of the art in 
MBT and reviews existing work on testing based on GTS. Section 4 describes our 
approach in detail. The experimental results and the discussions are presented in Sec-
tion 5. Finally, Section 6 concludes the paper and suggests future work.

2  Background

In this section, we provide an overview of essential concepts that form the foundation 
of the proposed methodology.

2.1  Graph transformation systems

GTS (Ehrig et al. 2004) offer a formal and graphical approach to modeling systems 
by capturing both their states and behaviors. A GTS is represented by the tuple (TG, 
HG, R), where:

	– TG (Type Graph) represents the system’s abstract schema. It is composed of dif-
ferent node types (TGN) and edge types (TGE), with two key functions, src: TGN 
→ TGE and trg: TGE → TGN, which link nodes to edges.

	– HG (Host Graph) represents the initial state of the system and must conform to 
the structure defined in the type graph.

	– R (Rules) defines the transformation rules of the system, where each rule p is de-
noted by a triple (LHS, RHS, NAC). LHS refers to the left-hand side graph (pre-
condition), RHS to the right-hand side graph (post-condition), and NAC is the 
negative application condition, specifying configurations where the rule should 
not apply.

Several popular graph transformation tools, such as ATOM3 (Lara and Vangheluwe 
2002), VIATRA2 (Varro and Balogh 2007), AGG (Taentzer 2004), and GROOVE 
(Rensink 2003), are widely used for modeling and analyzing systems specified with 
Graph Transformation Systems (GTS). Although each of these tools offers distinct 
advantages, we selected GROOVE for our approach. This is due to its integrated 
model checking capabilities, which make it particularly suitable for the automatic 
exploration and analysis of the state space, as well as for verification and validation 
purposes (Kastenberg and Rensink 2006).

2.2  Graph transformation system in GROOVE: A running example

The GROOVE toolset is used as the foundation in this paper for modeling and ana-
lyzing systems specified by GTS. To illustrate its application, in this section, we 
present a Hotel Management System (HMS), originally introduced in Heckel et al. 
(2011). The revised HMS includes multiple rooms and registered guests within a 
hotel, where each guest has the option to reserve at most one available room. The 

1 3

Page 5 of 42     68 



Automated Software Engineering           (2026) 33:68 

Fig. 2  The a type graph and b host graph for the HMS
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system automatically generates the corresponding bill, which must be settled before 
the guest proceeds to checkout.

In this case, the Type Graph and Host Graph of the system are illustrated in 
Fig. 2 and the corresponding graph transformation rules are presented in Fig. 3. The 
GROOVE framework provides a visual integration of LHS, RHS, and NAC graphs, 
with distinct color-coding to differentiate elements (Rensink et al. 2010). Specifically:

	– Black highlights common nodes and edges between LHS and RHS.
	– Blue represents elements removed from LHS after rule execution.
	– Green is used to show newly created elements.
	– Red (bold double-border) represents NAC elements.

In practical terms, to apply a transformation rule to a graph, the matching instances 
of the LHS graph within the host graph are identified, and one instance is replaced by 
the RHS, provided no instances of the NAC graph exist in the host graph. Figure 4 
illustrates a portion of the state space, generated by iteratively applying transforma-
tion rules to the initial graph configuration.

Fig. 3  A subset of the graph transformation rules in HMS a Book Room, b Occupy Room, c Checkout
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Figure 3 shows three rules of the HMS, which include Book Room, Occupy Room, 
and CheckOut. In this figure, a solid black line denotes readers, blue dashed lines 
symbolize erasers, green solid lines represent creators, and forbidden elements, con-
stituting negative application conditions (NAC), are indicated by red dashed lines.

Fig. 4  A segment of the HMS’s state space
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2.3  Data-flow testing and dependency analysis in GTS

In MBT approaches using GTS, criteria such as state coverage, data-dependency cov-
erage, transition coverage, path coverage, and rule coverage serve as test objectives 
and direct the testing process (Bahrampour and Rafe 2020). Many studies use data-
dependency coverage where data-flow relations between rules are considered where 
one rule can enable another, e.g., when it creates a node or edge or updates an attribute 
and another rule uses, reads, or deletes it, or when the first rule deletes entities that 
would violate the negative application conditions (NAC) of the second. Data-flow 
testing (DFT) is a software testing methodology that focuses on examining how data 
moves through a program. This approach, first introduced by Herman (1976), selects 
specific execution paths based on the interaction between data definitions (where a 
variable is assigned a value) and data uses (where that variable is accessed).

One of the fundamental aspects of DFT is the concept of def-use pairs, which track 
how a particular variable is defined at one program location and subsequently used 
at another. The integrity of this flow is maintained as long as no intermediate redefi-
nition disrupts the sequence. Such uninterrupted transitions are often referred to as 
def-clear paths, as defined in Definition 1.

Definition 1  (Def-Use Pair) A def-use pair, expressed as du(ℓd, ℓu, v), represents 
a program segment where variable ’v’ is defined at location ℓd and later utilized at ℓu 
without any redefinition occurring in between. Ensuring these pairs remain intact is 
essential for validating the correctness of data flow.

To verify def-use relationships in a program, data-flow testing is employed. This 
method involves designing test inputs that trigger execution paths covering specific 
def-use pairs. A test case successfully verifies a def-use pair when it enables the pro-
gram to transition from a variable’s definition point to its use without interference.

Definition 2  (Data-Flow Testing) For a given def-use pair du(ℓd, ℓu, v) in pro-
gram P, data-flow testing aims to construct an input t that forces execution along a 
path p starting at ℓd, where ’v’ is defined, and terminating at ℓu, where ’v’ is used. No 
redefinition of ’v’ must occur along this path to ensure the test properly examines the 
variable’s lifecycle.

Among various data-flow testing strategies, the all-def-use-path criterion (Rapps and 
Weyuker 1985) is widely regarded as one of the most comprehensive. This criterion 
ensures that all possible execution paths linking definitions to uses are exercised, vali-
dating whether data is correctly propagated throughout a program (Offutt and Ammann 
2008). Data-flow coverage is particularly valuable because it targets faults that arise 
from incorrect interactions between variable definitions and uses, bugs that often 
remain undetected by control-flow-based techniques such as statement or branch cov-
erage. The proposed approach integrates this coverage metric to enhance test adequacy.

A dependency graph (DG) (Albanese 2019) is a structural representation that cap-
tures dependencies among different components in a software system. It visually 
illustrates how various operations interact, making it a useful tool for identifying 
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potential conflicts, redundancies, or areas that require refactoring. In GTS, computa-
tions are represented as rule-based transformations applied to graphs as illustrated by 
the HMS rules in Fig. 3.

Since these transformation rules may read, create, or delete graph elements, they 
often exhibit dependencies, ensuring proper execution order is critical. Some rules 
may require prior execution of others to function correctly, leading to interdependen-
cies that must be analyzed to determine appropriate coverage criteria. Such inter-
dependencies are illustrated by the HMS running example, where rule applications 
over graphs conforming to the type graph and initial host graph in Fig. 2 give rise to 
execution paths in the state space (Fig. 4). To capture these relationships, a DG can be 
derived from the SUT by examining dependencies between transformation rules. Let 
R1 and R2 be two transformation rules in a GTS. Their dependency or interference 
relationships can be defined formally based on conditions outlined in Definitions 3 
and 4, following the approach in Heckel et al. (2011). These relations are then repre-
sented structurally in the dependency graph introduced in Definition 5.

Definition 3  (Dependency) A rule R1 is considered dependent on rule R2, represented 
as R1 ≺ R2, if any of the following conditions hold:

	– An edge or node appearing in the left-hand side (LHS) of R1 is introduced by the 
right-hand side (RHS) of R2.

	– An edge or node appearing in the negative application condition (NAC) of R1 is 
deleted by the RHS of R2.

Definition 4  (Interference) A rule R1 is said to interfere with rule R2, represented as 
R2 ↗ R1, when either of the following conditions is met:

	– An edge or node in the LHS of R1 is deleted by the RHS of R2.
	– An edge or node in the NAC of R1 is added by the RHS of R2.

Definition 5  (Dependency Graph) A dependency graph (DG) is a formal structure 
represented as DG = <G, OP, op, lab>, where:

	– G = <V, E, src, tar>, which is a graph
	– OP: a set of operations
	– op: V → OP, a function that maps vertices to operation names
	– lab: E → {c, u, r, d} × { ≺, ↗ } × {c, u, r, d}, a labeling function that differenti-

ates between source and target types such as create, update, read, and delete, as 
well as dependency types ≺, ↗.

Hence, possible relationships between rules include Create_Read (C_R), Create_
Delete (C_D), Create_Update (C_U), Delete_Nac (D_N), Update_Read (U_R) and 
Update_Update (U_U). In C_R a rule creates an entity that another rule reads, in 
C_D a rule creates an entity that another rule deletes, etc. For example, in the HMS 
there is a C_D relation between the BookRoom and CheckOut rules, as shown in 
Fig. 3, because BookRoom creates bookingInfo edge which Checkout deletes it.
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2.4  Reinforcement learning and deep reinforcement learning

Reinforcement learning (RL) is a type of machine learning concerned with how 
agents learn optimal behaviors through interaction with an environment (Sutton 
2018). Unlike supervised learning, where agents learn from labeled examples, RL 
agents must discover strategies autonomously by trial and error, guided by rewards 
and penalties. Formally, RL problems are modeled as Markov Decision Processes 
(MDPs), where an agent observes a state, selects an action, transitions to a new state, 
and receives a corresponding reward. In this framework, machines that learn and 
make decisions are referred to as agents and everything external interacting with 
the agents represents the environment. This interaction forms the basis for decision-
making and learning, where the agent aims to maximize cumulative rewards. Ini-
tially, the agent’s knowledge about the environment is zero and must explore various 
actions to identify those leading to the highest long-term rewards. Through interac-
tion with the environment, it acquires information and learns how to achieve the 
defined goals (Sutton 2018).

Classic RL algorithms, such as Q-learning and SARSA, rely on tabular represen-
tations like Q-tables to store the expected utility of state-action pairs (Sutton 2018). 
While effective in small and discrete environments, these approaches become infea-
sible as the size or complexity of the state space grows, a problem often referred to as 
the curse of dimensionality. In high-dimensional or continuous spaces, maintaining 
and updating exhaustive Q-tables is computationally prohibitive, and generalizing 
learning across unseen states becomes impractical.

Supervised Deep Learning (DL) focuses on training models, particularly deep 
neural networks, to approximate complex input-output mappings by learning from 
labeled datasets. A deep learning model receives inputs, processes them through mul-
tiple layers of representations, and predicts the corresponding output. The success of 
deep learning in approximating highly nonlinear functions motivated its integration 
into reinforcement learning frameworks, enabling agents to handle large and continu-
ous state spaces more effectively.

Deep Reinforcement Learning (DRL) was introduced to overcome these limi-
tations by combining RL frameworks with deep learning techniques. Specifically, 
DRL leverages deep neural networks, a core component of deep learning (DL), to 
approximate complex functions, such as value functions or policies, without requir-
ing explicit tabular storage. Instead of mapping each state-action pair manually, the 
neural network learns to predict Q-values directly from input states, enabling the 
agent to handle environments with very large or continuous state spaces. Figure 5 
illustrates how Deep Reinforcement Learning integrates the decision-making prin-
ciples of RL with the representational power of DL, enabling agents to operate effec-
tively in environments with large and continuous state spaces.

One of the prominent DRL methods is the Double Deep Q-Network (DDQN) (Has-
selt et al. 2016), which extends the original Deep Q-Network (DQN) approach. In 
standard DQN, the same network is used to both select and evaluate the max Q-value, 
which can lead to overestimating the true value of actions. DDQN addresses this 
bias by decoupling the selection and evaluation of actions across two separate neural 
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networks: a primary (online) network and a target network. The primary (online) 
network selects the action a∗ with the maximum predicted Q-value for the next state 
s′ as shown in (1), while the target network then evaluates the value of the selected 
action, as defined in (2).

	
a∗ = arg max

a
Qonline(s′, a)� (1)

	 Qtarget(s′, a∗)� (2)

This separation ensures that the policy updates are based on more accurate value 
estimates, resulting in more stable learning.

Some important terminology relevant to reinforcement learning includes the fol-
lowing concepts. A step refers to a move of an agent involving the execution of an 
action and the subsequent state change. An episode is a sequence of steps from the 
start to a final state. The experience replay memory is a mechanism used to store 
the agent’s past experiences, allowing for randomized sampling during training to 
improve learning stability. Finally, the ϵ-greedy algorithm is an exploration policy 
where the agent selects the current best-known action most of the time but occasion-
ally chooses a random action with a small probability ϵ.

Deep Reinforcement Learning, by integrating the decision-making capabilities 
of RL with the generalization power of deep neural networks, offers a scalable and 
effective framework for solving complex problems. Given the intricate, high-dimen-
sional nature of the state spaces encountered in our work, DRL provides a natural and 
powerful foundation for the proposed approach.

Fig. 5  Relationship between Reinforcement Learning (RL), Supervised Deep Learning (DL), and Deep 
Reinforcement Learning (DRL)
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3  Related work

MBT has been widely explored in the literature, with various approaches leveraging 
different techniques (Li et al. 2018). To better structure and analyze existing work, we 
categorize related approaches into the following sections.

3.1  MBT in general

MBT is a software testing technique which involves creating test cases based on a 
model that represents the system under test and its environment (Utting et al. 2016). 
Instead of deriving test cases directly from the source code, MBT uses abstract rep-
resentations such as state machines, flowcharts, or formal specifications to create and 
execute tests (González et al. 2018). This approach helps ensure systematic testing by 
using the model to guide test design and execution.

Most MBT approaches are built upon the widely adopted Unified Modelling Lan-
guage (UML) (Mustafa et al. 2021). For example, Nabuco and Paiva (2014) present 
an MBT approach for web applications that incorporates UML and Web diagrams, 
while  Jadhav et  al. (2023) use finite-state machines to minimize redundancy and 
enhance efficiency. Rocha et al. (2021) propose a methodology for generating test 
cases from UML sequence diagrams by transforming them into Extended Finite 
State Machines (EFSMs). The process involves systematically converting sequence 
diagrams into EFSMs, from which test cases can be automatically generated and 
executed using ModelJUnit and JUnit libraries. Their approach facilitates automa-
tion and formalization in test case generation, addressing the ambiguity inherent in 
UML sequence diagrams by assigning precise semantics to their elements. However, 
the transformation process is limited to UML-based models, which may not gener-
alize well to more complex software representations such as graph transformation 
systems. While our approach also uses MBT techniques, it distinguishes itself by 
integrating GTS and optimization, making it a search-based technique rather than a 
traditional UML-driven method.

Recently, Gómez-Abajo et al. (2025) proposed Wodel-Test, a model-based frame-
work for engineering mutation testing tools tailored to domain-specific languages. 
While this work focuses on systematic mutation generation to assess test adequacy, 
MoTDeReL addresses test generation itself by learning optimal exploration strat-
egies in systems with large state spaces. The two approaches are complementary: 
mutation-based frameworks such as Wodel-Test could benefit from DRL-guided test 
generation to improve scalability, while mutation analysis could be integrated into 
the reward function of MoTDeReL to further strengthen fault detection.

3.2  MBT using model-checking techniques

Model Checking has emerged as a powerful technique for automated test case gener-
ation in MBT. By systematically exploring system models, it verifies whether certain 
properties hold generate test cases that ensure high structural and logical coverage. In 
this approach, testing requirements are typically specified as reachability properties, 
and counterexamples from violated properties are used as test paths. The integration 
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of MBT with Model Checking provides a systematic and exhaustive approach to 
test generation by verifying system properties through complete state space explora-
tion. Fraser et al. (2009a) present a survey of various model-checking-based testing 
approaches, analyzing their effectiveness across different contexts. In Gönczy et al. 
(2007), the authors present a methodology for testing components described in a 
high-level language using GTS. They employed model checking to find adequate test 
sequences for a given requirement. Yang (2023) proposes a bounded model checking 
framework combined with coverage-guided fuzzing to enhance test case generation. 
This approach leverages Bounded Model Checking (BMC) to generate targeted test 
cases within a predefined execution depth, improving fault detection efficiency. BMC 
has gained prominence as an alternative to Binary Decision Diagram (BDD)-based 
symbolic model checking, addressing the state space explosion problem by encoding 
the verification problem as a propositional satisfiability (SAT) problem (Biere 2021). 
Unlike traditional symbolic model checking, which explores the full system state 
space, BMC systematically searches for counterexamples within a predefined bound. 
If a counterexample is found, it serves as a test case revealing potential system viola-
tions. The technique has been successfully integrated into various verification tools 
and has demonstrated efficiency in hardware verification and software model check-
ing. However, BMC does not fully eliminate state space explosion, as increasing 
the bound leads to exponential growth in the generated SAT clauses. Additionally, 
Model Checking techniques have been successfully applied to Function Block Dia-
gram (FBD) programs, commonly used in safety-critical systems (Enoiu et al. 2014). 
The research focused on transforming FBD programs into formal representations 
suitable for Model Checking, allowing for the automatic generation of test cases that 
satisfy structural coverage criteria, including decision coverage (DC) and modified 
condition/decision coverage (MC/DC). The approach demonstrated that using Model 
Checking, specifically with tools like Uppaal, facilitates the systematic generation of 
test sequences, ensuring that logic-based test obligations are met efficiently. While 
these studies highlight the effectiveness of Model Checking in test case generation, 
MCT methods often face scalability limitations, especially when applied to complex 
systems. The practical application of this technique to industrial software systems 
often faces scalability issues due to the large state space of real-world programs. 
Since model checkers were originally designed for verification rather than test gen-
eration (Fraser et al. 2009a). To address this, heuristic search techniques and opti-
mizations have been explored to improve the efficiency of test generation, which is 
discussed in the following section.

3.3  MBT using optimization and search-based techniques

MBT has been extensively enhanced using search-based techniques, which leverage 
heuristic search algorithms to explore large state spaces and generate effective test 
cases. Search-Based Testing formulates test generation as an optimization problem, 
where the goal is to find a set of test cases that achieve high coverage while minimiz-
ing computational cost.
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In Sulaiman et  al. (2023), the authors propose ISR-MCF, which employs three 
search algorithms—NSGA-II-LLH, SPEA2-LLH, and PSO-LLH—along with rein-
forcement learning to optimize the selection of test cases. The study highlights that 
NSGA-II-LLH outperforms other methods in generating cost-effective and high-
coverage test cases.

Several approaches utilize GTS for MBT. A variety of evolutionary, heuristic, and 
AI-based algorithms have been used in MBT, such as Bee Colony, Genetic Algo-
rithms (GA), Particle Swarm Optimization (PSO), Bat Algorithms (BA), Gravi-
tational Search Algorithms (GS), data mining, Bayesian optimization Algorithm 
(BOA), Beam search Algorithm (Bahrampour and Rafe 2020; Kalaee and Rafe 2019; 
Ghasemi et al. 2025a; Asgari Araghi et al. 2024; Rafe et al. 2022; Asgariaraghi et al. 
2019). These techniques explore the state space partially to extract high-coverage test 
paths. In Kalaee and Rafe (2019), the authors use search-based algorithms, including 
Genetic Algorithm (GA), Particle Swarm Optimization (PSO), Bat Algorithm (BA), 
Gravitational Search Algorithm (GSA), and a hybrid algorithm combining GA and 
PSO (HGAPSO) to generate test cases from models specified through GTS. They 
defined the test generation as an optimization problem, aiming to maximize the static 
data dependency of test paths. The implementation, carried out using Groove, dem-
onstrates that HGAPSO achieves highest test coverage. However, the approach faces 
challenges in defining test objectives statically and is not suitable for complex sys-
tems. To overcome these limitations, Bahrampour and Rafe (2021) extend HGAPSO 
to a Memetic Algorithm (MA) to enhance robustness testing. Their primary goals 
of this approach are to maximize test coverage while minimizing testing costs. The 
effectiveness of the strategy is evaluated using mutation analysis at model level. The 
experimental results demonstrate that the approach outperforms the existing ones 
in fault detection. Further, in Bahrampour and Rafe (2020), the authors introduce 
another approach for testing software models specified through GTS. Their method-
ology employs GA to maximize coverage across rule, state, transition, and data-flow 
criteria. Results suggest that data-dependency coverage outperforms other criteria, 
particularly in complex systems with numerous states and interrelated rules. How-
ever, this approach also has drawbacks, including high computational complexity and 
excessive length of generated tests. In Ghasemi et al. (2025a), the authors explore 
the use of ACO to generate whole test suites rather than individual test cases. Their 
findings show that this method produces superior test suites in terms of size and 
coverage. However, its primary drawback is the high computational cost associated 
with generating the state space and finding optimal test paths. Another contribution 
in this domain is the use of the Bayesian Optimization Algorithm (BOA) for model-
based integration testing (Rafe et  al. 2022). This approach tackles the challenges 
of state space explosion and redundant test case generation by leveraging Bayesian 
Optimization to guide test suite generation. The authors define test cases as execut-
able sequences of system functions, ensuring that the paths cover essential data flow 
dependencies. A recent study (Asgari Araghi et al. 2024) proposes an approach that 
uses two data mining algorithms, Apriori and FP-Growth, to avoid exhaustive state 
space exploration. This method initially employs a Breadth-First Search (BFS) strat-
egy to explore a portion of the state space, followed by the application of data mining 
algorithms to extract frequent patterns that guide the exploration process. Despite its 
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advantages, this approach has two notable limitations: it relies on static dependencies 
to evaluate test case fitness and requires an additional reduction phase to minimize 
the test suite, significantly increasing computational complexity.

For our comparison, we have selected HGAPSO  (Kalaee and Rafe 2019), 
GA (Bahrampour and Rafe 2020), WholeAcoT (Ghasemi et al. 2025a), ISR-MCF 
(Sulaiman et al. 2023), and the FP-Growth approach proposed in Asgari Araghi et al. 
(2024). These approaches were chosen not only because they align with our study’s 
objectives and their implementations are accessible but also because they represent 
more recent advancements in the field.

We have excluded BOA (Rafe et al. 2022) from direct comparison, as Asgari Araghi 
et al. (2024) has already demonstrated superior performance over this method. Given 
that Asgari Araghi et al. (2024) outperforms BOA, and is a more recent approach, 
comparing against it ensures a more relevant and up-to-date evaluation.

4  Test generation through deep reinforcement learning

The main challenge of MBT is the quality of the generated test cases and test suites in 
terms of coverage and test size. The key objectives are to achieve high coverage, min-
imise test size, and develop an executable algorithm that avoids state-space explosion 
and excessive testing costs. Several approaches in the literature utilise AI methods 
to explore state space heuristically and choose promising paths. To the best of our 
knowledge, although most of these methods have improved MBT and provided use-
ful results, the desired criteria are not satisfactorily covered. An effective method for 
exploring the state space is one that actively acquires knowledge during traversal and 
utilises this knowledge to guide the exploration of subsequent states. One possible 
way to design this method is a mechanism that calculates reward and penalty values 
to guide it toward better paths, a principle that lies at the core of reinforcement learn-
ing algorithms. In this paper, we propose MoTDeReL as an approach to create and 
optimise test cases for GTS, based on DRL. MoTDeRel stands for MOdel-based test-
ing through DEep REinforcement Learning. Our aim is to cover more test objectives 
at each step based on accumulated experience while also reducing the costs associ-
ated with testing and test generation.

Figure 6 illustrates our approach using two flowcharts, which we divided to sim-
plify the explanation. According to Fig. 6(a), MoTDeReL initially receives the input 
model along with the appropriate parameter values. The process begins with the start 
graph of the input model as the initial state (later referred to as the current state). To 
facilitate a move (action, rule) within the state space, the approach employs the steps 
outlined in the second flowchart depicted in Fig. 6(b). In this flowchart (as the second 
flowchart), action selection is performed using the ϵ-greedy algorithm. Initially, a 
random number is generated; If this number is less than ϵ (an input parameter), the 
action is selected randomly; otherwise, it is chosen based on the recommendations 
of the neural network. The neural network can either be a pre-trained model or one 
with newly loaded weights. After applying the chosen action, its reward is calculated 
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using the fitness function, and the action is stored in the experience replay memory. 
If the memory size reaches a predefined limit, a random batch from memory will be 
selected for training the network. Upon completion of the steps in the second flow-
chart (Fig. 6(b)), the approach resumes with the steps in the first flowchart (Fig. 6(a)). 
After the movement is executed, the length of the traversed path is checked. If the 
length of test cases reaches the maximum allowed for a test case or attains a final 
state, the path terminates. Additionally, the maximum length of the test suite restricts 
the number of generated test cases. If the fitness of a generated test case is repetitive 
up to a maximum number of allowed repeated rewards, that test case is disregarded. 
Finally, the generated test cases are printed as part of the final test suite. In the follow-
ing subsections, we will explain each part of the proposed approach in more detail.

4.1  Neural network configuration

The core components of DRL are its neural networks. Neural networks consist of 
many simple processing nodes that are arranged in layers to learn weights between 
connections through several iterations of training data. In MoTDeReL, we use a Dou-
ble Deep Q-Network (DDQN) employing a multi-layer perceptron with three layers: 
an input layer, a hidden layer, and an output layer. The activation functions for the 
hidden layer and the output layer are the rectified linear unit and IDENTITY, respec-
tively. The number of neurons in the hidden layer is set to two-thirds of the number 
of neurons in the input layer, as this configuration has shown optimal results in many 
case studies (Mehrabi and Rafe 2022). The number of neurons in the output layer is 
a variable parameter and will match the maximum number of applicable rules of the 
running model.

Fig. 6  The general flowcharts of the proposed approach a Main flowchart b Second flowchart
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4.2  Parameter analysis

There are different parameters in the DRL that should be analysed and initialised to 
determine the proper values for them. In this subsection, the most important param-
eters are explained:

The parameter ϵ is used for the ϵ-greedy algorithm. Its value is a number between 
0 and 1. The higher its value, the closer the agent’s behaviour is to random selection 
of actions. A low value for ϵ causes the agent to rely more on the recommendations of 
the neural network (exploitation) rather than exploring random actions. This means 
that the agent behaves more purposefully according to its learned policy.

In DRL, the value of ϵ is decreased in each step to balance exploration and exploi-
tation. As ϵ decreases, the agent explores less and takes more advantages of learned 
experiences. Decreasing ϵ at each step ensures sufficient exploration early on, while 
gradually shifting to exploitation later in the process. There is another parameter 
that determines the rate at which ϵ is reduced over time. This parameter controls the 
reduction in ϵ in each step, gradually changing the agent’s behaviour from explora-
tion to exploitation. The larger this parameter, the earlier ϵ reaches zero. Small values 
are usually used for this parameter.

The learning rate directly affects the speed of convergence. Values of 0.1, 0.001 
and 0.00001 have been obtained and validated in various experiments. With high 
learning rates, the algorithm may converge to a local minimum, while low learning 
rates can result in slow convergence. To achieve optimal results requires the use of 
an adaptive optimiser. One commonly used parameter for this purpose is Root Mean 
Square Propagation (RMSProp).

The number of actions (rules) is another important parameter to consider, as it 
defines the maximum number of output transitions a state can have in determining 
the number of neurons in the output layer of the neural network. It should be defined 
according to the problem setting. In many large case studies, more than 200 actions 
may be required.

When an agent relies solely on its previous experiences to learn, it can lead to 
an unstable system where the agent forgets its past experiences. To prevent this, the 
agent’s experiences should be stored in its experience-replay memory. Its size must 
be carefully chosen: A larger size increases storage usage but allows the agent to 
retain more past experiences, while a smaller size may cause the agent to forget older 
experiences and rely more heavily on recent ones.

The batch size of the training dataset determines how many samples are processed 
in each neural network training iteration. A larger batch size can enhance prediction 
accuracy, but requires more time and storage, while a smaller batch size may lead to 
poor future predictions. Therefore, balancing speed and accuracy is crucial.

4.3  Reward engineering

Rewards management is crucial in reinforcement learning framework, as they guide 
the agent’s decision-making process by providing feedback on the consequences of 
its actions. To design a more accurate reward function, we should assign rewards to 
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each action (rule) based on the relative worthiness or impact of that action in achiev-
ing the desired goal.

In our MBT, the goal is to generate a test suite containing test cases with the high-
est coverage and shortest length while minimising time and effort. For an accurate 
reward function, these parameters must be considered; however, the nature of DRL 
allows us to eliminate some of them. For the coverage score of generated test cases, 
in each step we count the data dependencies between the rules and return this number 
as a reward. These dependencies instantiate edges of the dependency graph defined 
in Definition 5, restricted to the executed transformation path, which corresponds to 
a sequence of rule applications in the graph transition system, as illustrated by the 
HMS state-space fragment in Fig. 4. The more data dependencies a test case covers, 
the higher its reward. Based on this reward function, the DRL agent aims to select 
rules that maximise dependency coverage.

For the length of the generated test cases, we initialise the discount factor (γ) value 
accordingly. The discount factor is an important parameter in reinforcement learning 
that influences the agent’s valuation of future rewards, the balance between explo-
ration and exploitation, and the stability of the learning process. It determines the 
degree to which agents prioritise long-term rewards over short-term ones. If γ = 0, 
the agent will be completely myopic and learn about actions that produce an imme-
diate reward. And if γ = 1, the agent will evaluate each of its actions based on the 
total sum of all future rewards. If we choose a value near 1 for γ, the behaviour of 
the neural network will lead to a longer test case, and if the value was near zero, the 
length of the test case will be very short. According to these explanations, we choose 
the value for γ as 0.95 to prevent the agent from generating very short test cases with 
low coverage scores.

Algorithm  2 computes data-flow coverage for a given transformation path 
by extracting valid def-use pairs with respect to Definition 2. The input is a path 
p = ⟨t0, . . . , tk⟩ of rule application; the output is the set of dependencies Deps, each 
represented as a triple (rd, ru, rel), where rd is the defining rule, ru the using rule, 
and rel the dependency type (e.g., C_R, C_D, U_R), as specified in Definition 5.

To enable efficient computation, we first derive, once for the entire grammar (each 
GTS rule), a global map of Event signatures. These signatures describe, abstractly, 
which elements the rule reads, creates, updates, or deletes and are computed by Algo-
rithm 1. An event signature is an abstract description of the operations a rule performs 
on its pattern elements, expressed as a triple (op, pe, locus), where:

	– op ∈ {C, U, R, D} denotes the type of operation: Create, Update, Read, or De-
lete.

	– pe represents a pattern element of the rule (a node or edge in the graph transfor-
mation rule).

	– locus ∈ {LHS, RHS, NAC} indicates the structural context in which the element 
occurs.
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For every rule r, the Algorithm 1 enumerates its pattern elements and classifies them 
according to structural position: (i) every element in the LHS contributes a read 
access; (ii) elements appearing only in the RHS are marked as creations; (iii) elements 
present in both sides but structurally modified are updates; (iv) elements present in 
the LHS but absent from the RHS are deletions. Additionally, negative application 
conditions (NACs) contribute read accesses. The resulting mapping Events is fixed 
throughout test generation and is implicitly referenced by Algorithm 2.

Algorithm 1  PrecomputeRuleEventSignatures.

Algorithm 2 begins by initializing Deps as empty and setting up a mapping lastDef 
to store the most recent definition for each runtime element. The algorithm iterates 
over all transformations in the path (lines 5–7). For each rule application, its pat-
tern events are lifted to runtime by binding pattern elements to matched elements 
(lines 8–11), producing Ui. Next, each runtime event is analyzed to identify pos-
sible uses (lines 13–26). If an element has a prior definition in lastDef, the algorithm 
checks the Def-Clear property, ensuring no redefinition occurs between the original 
definition and the current use. If this property holds, the pair of defining and using 
rules is classified into one of relation types: C_R, C_D, C_U , U_R, U_U , or 
D_N  (lines 28–43). After processing uses, any Create, Update, or Delete in the cur-
rent rule updates lastDef (lines 47–50). Finally, the set Deps of all valid dependencies 
is returned. This method ensures precise identification of definition–use relations for 
data-flow-based coverage in model based testing.
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Algorithm 2  ComputeDataFlowCoverage.
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For the time effort involved in the test-case generation, there is no need to parame-
trise the reward function, as the nature of DRL enables the agent to quickly learn the 
test case generation process and produce suitable test cases with minimal time effort. 
Although most rule selections in the early stages of DRL are random, after several 
steps, the neural network is appropriately weighted, and rule selection becomes more 
deliberate.

According to the above description, we define the reward function to measure the 
data-flow coverage achieved by the current sequence of applied rules in the model 
transformation process. The reward function implemented in MoTDeReL is shown in 
Algorithm 3. The algorithm takes as input a GTS model of the system under test, the 
current state St in the state space, and a list of previously computed rewards (allRe-
wardsUntilNow). The goal is to compute the reward R for the current state.

First, the algorithm retrieves the path Pt from the initial state S0 to the current 
state St, which corresponds to the sequence of applied transformation rules. Next, it 
computes the data-flow dependencies among the applied rules using ComputeData-
FlowCoverage Algorithm 2, resulting in a set of dependent rule pairs. Redundant 
pairs are then removed to avoid counting duplicates. The size of the remaining depen-
dency set is considered as the coverage value.

To discourage repetitive exploration, the algorithm checks if the current coverage 
value has already appeared in allRewardsUntilNow. If so, a penalty is applied by 
subtracting the number of previous occurrences from the coverage value. Otherwise, 
the reward equals the current coverage. Finally, the computed reward R is returned.

Algorithm 3  The reward function.

The algorithm first computes all definition–use dependencies along the path by 
invoking ComputeDataFlowCoverage(p) (line 4). These dependencies correspond 
to pairs of rules connected by one of the data-flow relation types: C_R, C_D, C_U , 
U_R, U_U , or D_N . Since this helper already ensures uniqueness and enforces 
the Def-Clear property, no further processing is typically required. Finally, in line 4, 
the reward value R is computed as the cardinality of the dependency set. This value 
directly represents the degree of data-flow coverage achieved by the current state and 
serves as the fitness measure guiding the reinforcement learning process.
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4.4  Feature selection

Feature selection is the process of designing a model that is easier to understand and 
interpret by humans (Duboue 2020). In large state spaces with numerous features, 
identifying the most relevant features serves to reduce the dimensionality of the fea-
ture space and improve model efficiency.

In MoTDeReL the inputs to the neural network correspond to the sequence of 
rules applied, from the initial state to the current state. The number of inputs is 
also equal to the maximum number of steps the agent can take in the environment. 
For example, if the agent is allowed a maximum of 4 steps per episode, the neural 
network will have 4 inputs, all initialized to 0 at the beginning. The maximum 
number of steps allowed for the agent is determined by the maximum length of the 
test case, which is specified in the input parameters by the user. The user usually 
specifies it according to the input model and the maximum length to cover more 
dependencies.

An example is shown in Fig. 7 where the agent is allowed to take 4 steps, result-
ing in 4 inputs for the neural network. Suppose the agent selects the rules in the fol-
lowing sequence: 2, 1, 2, and 1 (Fig. 7a). Consequently, the first input to the neural 
network becomes 2 in the first step. In the second step, the second input is updated 
to 1. The third input changes to 2 in the following step. In the final step, the fourth 
input changes to 1, after which the agent cannot proceed further. Therefore, the final 
inputs to the neural network are 2, 1, 2, and 1, matching the order of rule selection 
shown in Fig. 7b. As explained previously, the number of neurons in the output layer 
is determined by the user to cover all applicable rules of the model. In this example, 
the output layer has 3 neurons, which means that the network can estimate one of 
three rules for the next movement.

Fig. 7  An example for feature selection in MoTDeReL
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(lines 19–21). After completing all episodes, the algorithm returns the set of selected 
test cases (line 24).

4.5  Handling invalid actions

In MoTDeReL the agent in each step selects one rule according to the recommendation of 
the neural network. Sometimes, this rule is not applicable to the current state. These types 
of actions are referred to as invalid actions. To address this issue, a large output layer is 
created. After filtering the outputs using applicable rules, the highest Q-value is selected.

4.6  Double deep Q-network implementation

The MoTDeReL approach leverages a Double Deep Q-Network (DDQN) for adap-
tive test case generation. The entire process is outlined in Algorithm 4. This algo-
rithm operates on a Graph Transformation System (GTS) model of the system under 
test and iteratively explores the state space to generate diverse and high-coverage test 
cases. For each episode, the agent starts from the initial state and performs a series 
of steps, each corresponding to applying a rule (transition) on the state space. The 
exploration is guided by Q-learning with experience replay, target network updates, 
and an ϵ-greedy policy for balancing exploration and exploitation.

Algorithm 4 describes the overall MoTDeReL approach for generating test cases 
using a DDQN-based exploration strategy. The algorithm receives as input the GTS 
model of the system under test, the number of episodes (M), the number of steps per 
episode (N), the maximum number of selected test cases (MST), and several reinforce-
ment learning parameters such as ϵ (exploration rate), γ (learning rate), maximum 
steps for target network update (MSUTN), maximum repetition threshold (MFR), 
replay memory capacity, batch size (β), and an ϵ reduction threshold. The output is 
a set of selected test cases with the highest coverage or fitness, each represented as 
a sequence of applied rules. As shown in line 3, the algorithm begins by initializing 
the required data structures, including the electedTestCases, replay memory D and 
the two Q-networks (Qθ and Qθ′ ). For each episode (line 4), the initial state of the 
GTS model is selected (st), and an empty array allRewardsUntilNow is created to 
track accumulated rewards (achieved for different test cases) for stagnation detec-
tion. Within each episode, the algorithm performs up to N steps (line 7). for each step 
of the episode, it traverses a transition of the state space or performs an action. At 
every step, the procedure NextMoveExecution (Algorithm 5) is invoked to determine 
the next state and update the Q-network based on the selected action (line 10). If the 
returned state is null or terminal, the episode ends early, otherwise a movement on 
the state space will occur, representing an application of a rule which changes the 
current state to the next one. After completing the steps of an episode, the algorithm 
extracts the path (Pt) from the initial state to the final state (line 15). This path rep-
resents a candidate test case. The MST determines the total number of test cases that 
are ultimately generated. To maintain best test cases and limit the size of the final 
test set, the algorithm checks if the maximum allowed number of test cases (MST) is 
reached (line 18). If so, the weakest test case in the selectedTestCases set is replaced 
by the new candidate; otherwise, the new test case is added to selectedTestCases 
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Algorithm 4  The MoTDeReL approach.

As seen in line 14 of Algorithm 4, the procedure NextMoveExecution is invoked 
at each step to determine the next state and update the Q-network. This procedure is 
detailed in Algorithm 5. It applies an ϵ-greedy strategy to select the next action (rule), 
executes the action to explore the next state, calculates its reward, and performs DDQN 
updates based on experience replay and target network synchronization. In Algo-
rithm 5, the next move execution on state space is presented. At first, the input includes 
the GTS model of the system under test, epsilon parameter (ϵ), the maximum steps for 
updating the target network (MSUTN), the maximum number of repetitions in a test 
case (MFR), the current state of the model, the allRewardsUntilNow array, the learning 
rate (γ), experience replay memory D, batch size β, and two Q-networks (Qθ and Qθ′).

The user specifies the initial value for epsilon parameter of DRL. The MSUTN 
parameter specifies the number of steps required to update the target network, while 
MFR is used to finalize the test case if the fitness value does not improve after a series 
of identical fitness evaluations. The allRewardsUntilNow array is an array which 
contains all gathered rewards until now in prior episodes. It will be updated in this 
algorithm. The algorithm finally will return the updated current state i.e., the next 
traversed state or null if termination conditions are met.

The algorithm begins by extracting the applicable rules of the current state (line 3) 
denoted as rules. Then, according to the ϵ-greedy policy, a random number between 0 and 
1 is generated as rand. Based on the value of rand and its comparison to the epsilon an 
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action (rule) is selected. It either selects a random rule or predicts the best action using the 
primary Q-network (lines 4–9). If the rand value is lower than the epsilon, the action (rule) 
will be selected randomly (line 6). Otherwise, it is predicted using the main neural network 
(line 8). The selected action is executed, leading to the next state (line 10), and the reward 
of applied action on the current state is computed via a reward function (Algorithm 3) 
(line 11). Experience tuples (st, at, rt, st+1) are stored in the replay memory D(line 13).

In line 14, if the size of the D is equal or greater than the batch size β, a random batch 
of experiences is retrieved from D and used to train the main neural network. If enough 
samples are available, a batch is sampled to update the Q-network using gradient descent 
with respect to the network parameters (lines 14–19). Here, the target value refers to the 
value used to update the Q-value of a state-action pair during training. The target Q-net-
work is synchronized periodically based on MSUTN (lines 20–22). If the steps value equals 
MSUTN, the weights of the two neural networks (main and target) are synchronized. 
Finally, ϵ is decayed (line 25). In line 27, it counts the number of repeated rewards (e.g., 
fitness) in the path (e.g., allRewardsUntilNow) and if this number is greater than the MFR, 
the loop is broken. This is done to return the test case if the fitness does not improve after 
a number of repetitions. Finally, the Algorithm returns the updated current state at line 30.

Algorithm 5  NextMoveExecution.
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5  Evaluation

In this paper, we propose an approach based on deep reinforcement learning to test 
software models specified using GTS. The MoTDeReL approach has two main objec-
tives: first, to generate a TS that maximizes the coverage of the test objectives, and 
second, to develop a cost-aware test generation methodology that addresses the state 
space explosion problem in complex systems. To evaluate our solution against these 
objectives, we implemented MoTDeReL using the Groove toolset 1 and assessed its 
coverage score and cost-effectiveness. In the following, we consider three research 
questions and answer them based on our findings.

There are several approaches in the literature that use MBT for graph transforma-
tions. The most relevant are FP-Growth (Asgari Araghi et al. 2024), HGAPSO (Kalaee 
and Rafe 2019), GA  (Bahrampour and Rafe 2020), WholeAcoT  (Ghasemi et  al. 
2025a), and ISR-MCF (Sulaiman et al. 2023). Hence, we compared our proposed 
approach with these approaches.

In addition to comparing against state-of-the-art techniques, it is also standard 
practice to evaluate a test generation method against a baseline, such as Random 
Testing (RT). RT operates by randomly exploring the state space without any strate-
gic guidance, and while simple, it serves as a common reference point for assessing 
the relative improvements offered by more advanced methods.

Notably, prior studies  (Asgari Araghi et  al. 2024; Kalaee and Rafe 2019) have 
shown that their proposed techniques consistently outperform RT. In our evalua-
tion, we benchmarked our approach against the best-performing methods from these 
works. As demonstrated in the following section, our method achieves superior 
coverage, indicating not only an advancement over the selected approaches but, by 
implication, an improvement over RT as well. Due to space constraints, we do not 
include RT’s results explicitly, as its limited performance is already well-documented 
in the literature.

We first describe the experimental setup. Then we evaluate the performance and 
cost of MoTDeReL in comparison with similar approaches and provide answers for 
the research questions.

5.1  Case studies

For the evaluation of our proposed approach, we selected six well-established case 
studies, each recognized for their significant state spaces and the potential to encoun-
ter the state explosion problem: the Dining Philosophers Problem (DPs)  (Schmidt 
and Varró 2003), the Hotel Management System (HMS)  (Heckel et  al. 2011), the 
Bug Tracker System (BTS)  (Runge et  al. 2013), the Online Shopping System 
(OSS) (Engels et al. 2006), the Travel Agency System (TAS) (Thöne 2005), and the 
Scanflow Cash Register Protocol (SCRP) (Bruijn 2013). The case studies have differ-
ent sizes but all of them can encounter state explosion due to the use of a fairly large 
start graph. Although the DPs and HMS case studies are relatively small, they are 

1 The Groove toolset version designed for this research along with the necessary case studies are available 
at ​h​t​t​p​s​:​/​/​g​i​t​h​u​b​.​c​o​m​/​S​G​h​a​s​e​m​i​1​9​8​7​/​M​o​T​D​e​R​e​L​​​​​​
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fundamental examples commonly used in the literature to compare different strate-
gies. To incorporate more realistic scenarios, we included BTS, TAS, OSS, and SCRP 
as real-world case studies. Our objective with these diverse benchmarks is to rigor-
ously assess the effectiveness of our methodology in handling such challenging and 
complex scenarios.

Specifically, the Dining Philosophers Problem (DPs) serves as a classic concur-
rency control challenge, modeling how multiple processes (philosophers) share lim-
ited resources (forks) without deadlock or starvation. The Hotel Management System 
(HMS) simulates the intricate operations of a hotel, including booking, check-in/out, 
and room service, representing a real-world system with numerous interacting com-
ponents and states. The Online Shopping System (OSS) facilitates customer interac-
tions for online product purchases and credit card payments, encompassing various 
transactional workflows. The Bug Tracker System (BTS) is designed to manage the 
lifecycle of software defects throughout development projects, involving states such 
as submission, assignment, resolution, and verification. The Travel Agency System 
(TAS) handles flight and hotel bookings for clients, dynamically adapting to their 
preferences and budgetary constraints. Finally, the Scanflow Cash Register Protocol 
(SCRP) models the communication and transaction logic of a modern cash register 
system, highlighting complex protocol interactions.

Table 1 presents the specifications of these chosen case studies, including the num-
ber of rules defining their behavior, serving as a metric of their relative sizes. These 
models, all based on practical real-world scenarios, are particularly valuable due to 
their inherent large state spaces, which make them excellent candidates for evaluat-
ing the efficacy of our test case generation techniques in navigating and covering vast 
solution landscapes.

5.2  Experimental setup

We implemented MoTDeReL using Groove. Although primarily a model checker 
designed for verifying graph transformation systems, we adapted Groove to generate 
effective test cases and test suites.

Given the heuristic nature of the algorithms introduced in this study, each experi-
ment was executed ten times to ensure consistency and reduce the impact of ran-
domness. The average of these runs was then used for further analysis. To assess 
the performance and reliability of the proposed method, we employed the Mann-
Whitney U test, a non-parametric statistical test commonly used for comparing two 
independent samples. In addition, we utilized the effect size measure Â12, proposed 
by Vargha and Delaney (Arcuri and Briand 2011), to quantify the magnitude of dif-
ferences between methods.

Table 1  Case studies specifications
Case Study DPS HMS BTS OSS TAS SCRP
#Rule 6 7 34 20 43 63
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The Â12 statistic represents the probability that a randomly selected observation 
from one method will have a higher value than a randomly selected observation from 
another. A value below 0.5 suggests that the second method is more likely to pro-
duce better results, a value of 0.5 indicates no difference, and a value above 0.5 
favors the first method. Alongside this, we evaluated statistical significance using 
the P − value. A P − value less than 0.05 is considered evidence of a statistically 
significant difference between the two methods. If the P − value exceeds this thresh-
old, further analysis is needed to draw reliable conclusions.

The experiments were conducted on a PC with an Intel Core TM i7-8565U CPU 
at 1.80 GHz and 16 GB of memory. In this experiment, we used data dependencies 
including C_R, C_D, C_U, D_N, U_R, and U_U as our coverage criteria. As stated 
in Section 2.3, data dependency gives a suitable estimation of the def-use relations 
among rules, and this is the motivation to reveal the bugs of the system under test. In 
order to specify suitable values for these parameters, we ran the experiment multiple 
times and chose the optimal values. The MST and step values which determine the 
maximal number and length of TCs, respectively, are variable for each case study.

Algorithm 5 comes with its own set of hyperparameters that must be configured. 
Below, we outline the choices made for these parameters. Unless explicitly specified, 
we rely on the default settings. A potential avenue for future research could involve 
a more in-depth investigation into how hyperparameter selection impacts the final 
learning outcomes and whether these parameters should be specifically tailored to 
the SUT.

The ϵ parameter is initially set to 0.2, allowing the agent to take some random 
actions. To gradually reduce randomness over time, we apply a decay factor of 0.995, 
ensuring epsilon decreases at each step. This approach progressively shifts the agent 
from exploration to exploitation.

The learning rate, a key parameter in neural network training, is set to 0.001, a 
commonly used value that facilitates fast convergence to a global optimum. Addi-
tionally, we chose RMSProp as the optimizer to regulate the learning rate effectively.

After evaluating various case studies, we determined that a maximum action out-
put parameter of 400 is optimal. This value is sufficiently large to accommodate most 
models while maintaining efficiency.

According to the explanation in Section 4.3, we set the discount factor to 0.95. 
This value assists the agent in making decisions. Additionally, we set the experi-
ence replay memory size to 1000 to achieve a balanced trade-off between memory 
usage and learning stability. In addition, the batch size is set to 8 to achieve a balance 
between speed and accuracy. A very high batch size increases computational time and 
storage requirements, so we chose this value to effectively manage these trade-offs. 
Moreover, we set the MSUTN value to 5 to update the target network as often as pos-
sible. The summary of the parameter setting for the experiments is listed in Table 2.

We determined different values for step and MST parameters with respect to each 
case study. These values were chosen to generate applicable TSs. In Table 3, the step 
and MST values are listed for each case study.
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5.3  Experimental results

This section presents the empirical evaluation of our proposed approach, MoTDeReL. 
To assess its effectiveness, we compare it against several existing test generation 
strategies, including FP-Growth (Asgari Araghi et al. 2024), HGAPSO (Kalaee and 
Rafe 2019), GA (Bahrampour and Rafe 2020), WholeAcoT (Ghasemi et al. 2025a), 
and ISR-MCF (Sulaiman et al. 2023). All approaches were executed under consis-
tent experimental settings, and each run was repeated ten times to ensure statistical 
reliability.

The evaluation is structured around the following research questions:

	– RQ1: To what extent does MoTDeReL improve coverage compared to the state-
of-the-art techniques?

	– RQ2: How effectively does MoTDeReL reduce test size and overall testing cost?
	– RQ3: How does MoTDeReL perform in terms of test generation time?

The remainder of this section presents the results and provides a detailed analysis to 
address each research question.

RQ1: How much has MoTDeReL improved the coverage score compared to the 
state-of-the-art?

Parameter Value
episode 10
step variable
MST variable
MFR 5
epsilon 0.2
decrease value of epsilon 0.995
learning rate 0.001
adaptive optimizer RMSProp
Max action output 400
Max steps for update target network 5
discount factor 0.95
experience replay memory size 1000
batch size 8

Table 2  Parameters of 
MoTDeReL
 

Case Study MST Step
DPs 1 20
HMS 1 20
BTS 7 15
OSS 4 30
TAS 7 15
SCRP 10 30

Table 3  Step and MST for each 
case study
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To answer this question, we analyzed the coverage scores obtained by each 
approach across all benchmark case studies. As shown in Table 4, coverage results are 
reported using three statistical measures, mean, median, and variance, computed over 
ten independent runs. The first column lists the case studies, and the second speci-
fies the type of metric. The subsequent columns present the results for FP-Growth, 
HGAPSO, GA, WholeAcoT, ISR-MCF, and the proposed MoTDeReL method.

For a clearer comparison of average coverage, Fig. 8 visualizes the mean values 
from the table. This graphical representation highlights the relative performance of 
each approach in terms of their average test objective coverage. The bold values in 
Table 4 indicate the highest mean coverage scores achieved for each case study.

In the DPs case study, MoTDeReL achieves the highest mean coverage (18.2), 
slightly outperforming WholeAcoT (17.5) and GA (17.1). ISR-MCF (13.6) and FP-
Growth (12.2) provide moderate results, while HGAPSO performs the worst with 
only 2.0 coverage. In HMS case study, MoTDeReL leads significantly with 54.3, 
a substantial improvement over all other approaches. The next best, WholeAcoT 
(34.0), is followed closely by GA (33.9) and FP-Growth (32.9). HGAPSO again per-
forms the worst (8.0), while ISR-MCF shows limited effectiveness (27.1). For BTS 
case study, MoTDeReL again leads with 95.5, followed by WholeAcoT (85.9) and 
ISR-MCF (84.0). Interestingly, FP-Growth (79.1) outperforms GA (74.5), reversing 
the trend seen in previous models. HGAPSO ranks last (49.2), continuing its under-
performance. In OSS case study, MoTDeReL achieves the highest mean coverage 
(223.2), with WholeAcoT and ISR-MCF following at 207.8 and 166.3, respectively. 
GA (122.9) performs moderately, while FP-Growth (45.9) slightly underperforms 

Table 4  Comparison of achieved coverage for MoTDeReL and baseline approaches across benchmark 
case studies
Case Metric FP-Growth HGAPSO 

(Kalaee and 
Rafe 2019)

GA (Bahram-
pour and  
Rafe 2020)

WholeAcoT 
(Ghasemi 
et al. 2025a)

ISR-MCF MoT-
DeReL

DPS Mean 12.2 2 17.1 17.5 13.6 18.2
Median 12 2 17 17.5 13.5 18.5
Variance 2.4 0 0.6 0.5 1.1 2.3

HMS Mean 32.9 8 33.9 34.0 27.1 54.3
Median 33 8 34 34 28 53.5
Variance 1.3 0 0.7 0.5 4.7 2.9

BTS Mean 79.1 49.2 74.5 85.9 84.0 95.5
Median 78.5 49 80 85 83.5 78.5
Variance 5.5 5.4 22.5 4.3 12.3 37.8

OSS Mean 45.9 46.0 122.9 207.8 166.3 223.2
Median 46 46 120.5 207 170.5 215.5
Variance 0.9 1.3 38.3 1.3 24.3 34.3

TAS Mean 84 55.7 203.0 286.70 230.00 370.7
Median 86 57 184 288 228 360
Variance 4.7 4.4 75.9 5 23.2 31

SCRP Mean 351.1 108.0 390.8 457.2 454.5 981.6
Median 345 108.5 376.5 455 442 1014
Variance 27.7 2.2 52.9 10.1 39.3 343
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HGAPSO (46.0), marking the only case where FP-Growth ranks lowest. In TAS case 
study, MoTDeReL maintains its lead (370.7), with WholeAcoT (286.7) and ISR-
MCF (230.0) trailing. GA (203.0), FP-Growth (84.0), and HGAPSO (55.7) remain 
consistently behind. In SCRP case study, MoTDeReL achieves a mean coverage of 
981.6, more than double that of the next best method, WholeAcoT (457.2). All other 
approaches perform significantly worse, with HGAPSO (108.0) at the bottom, and 
FP-Growth (351.1) and GA (390.8) showing only modest results.

A comparison of these values shows that MoTDeReL consistently achieves the 
best coverage of the test objectives across all benchmarks, outperforming all coun-
terparts. As the size of the case study increases, the difference in coverage scores 
achieved by the MoTDeReL approach becomes more significant.

To complement these summary statistics, it is important to examine the distribu-
tion of coverage values across the different algorithms for each case study. Figure 9 
provides violin plots illustrating the spread, median, and density of coverage results 
across ten independent runs per algorithm. Each subfigure in Fig. 9 represents a case 
study, highlighting the variance and median coverage for each approach.

Figure 9 highlights important distributional patterns. While MoTDeReL consis-
tently achieves the highest median coverage across all case studies, its distribution is 
wider for complex systems (e.g., TAS and SCRP), reflecting its exploratory nature. 
This variance, however, still lies well above the maximum coverage of compet-
ing methods, demonstrating robustness even in stochastic conditions. In contrast, 
FP-Growth and HGAPSO exhibit low variance but at the cost of limited coverage, 
indicating weaker adaptability. GA and WholeAcoT provide competitive results for 
smaller cases but fail to scale effectively, as evident from their plateaued distributions 
in larger models. A more compact distribution reflects stability but often at the cost 
of adaptability, as seen in FP-Growth and HGAPSO. In contrast, MoTDeReL’s wider 
distribution in complex cases suggests active exploration, leading to significantly 
higher best and median coverage values.

While these results offer valuable insights, statistical significance must also be 
verified. To establish the significance and practical relevance of the findings, we 
conducted a detailed analysis using P − value calculations and the Â12 effect size 
measure.

Fig. 8  Mean coverage comparison across all case studies and approaches
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Table  5 presents the results of pairwise statistical comparisons between MoT-
DeReL and the other approaches across the six benchmark case studies. For each 
comparison, the P − value indicates whether the observed difference in mean cov-
erage is statistically significant, while the Â12 effect size represents the probability 
that MoTDeReL achieves higher coverage than the corresponding method. A value 
of Â12 > 0.5 suggests superior performance by MoTDeReL, whereas a value below 
0.5 indicates lower performance. A value equal to 0.5 denotes no measurable differ-
ence. Statistically significant outcomes (P-value < 0.05) are highlighted in bold to 
emphasize meaningful differences.

Based on the findings presented in Table 5, MoTDeReL demonstrates consistent 
and significant improvement in coverage across most case studies. In the major-
ity of comparisons, the Â12 values exceed 0.9, often reaching 1, indicating a very 
high probability that MoTDeReL outperforms the other methods in terms of average 
coverage.

In the DPs case study, MoTDeReL demonstrates strong effect sizes compared 
to FP-Growth, HGAPSO, and ISR-MCF (all with Â12 ≥ 0.95), while showing no 
statistically significant difference when compared to GA and WholeAcoT, as their 
respective P − values exceed the 0.05 threshold. Similarly, in BTS, the compari-
sons with FP-Growth, GA, WholeAcoT, and ISR-MCF also result in non-significant 
differences, whereas the comparison with HGAPSO reveals a clear and statistically 
significant advantage in favor of MoTDeReL. In the OSS case study, MoTDeReL 
achieves the highest average coverage; however, its comparison with WholeAcoT 
does not yield statistical significance (P − values > 0.05).

Across the HMS, TAS, and SCRF case studies, MoTDeReL consistently outper-
forms all other methods, with statistically significant P-values and large effect sizes 
(Â12 ≥ 0.98), demonstrating a clear performance advantage.

Fig. 9  Coverage distribution across MoTDeReL and baseline approaches for benchmark case studies 
using violin plots
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In total, 30 pairwise comparisons were conducted between MoTDeReL and com-
peting approaches across all case studies. Among these, 23 comparisons showed 
statistically significant differences (P-value < 0.05), confirming MoTDeReL’s con-
sistent advantage in coverage performance. The remaining 7 comparisons did not 
reach statistical significance (the P − values exceeded the 0.05 threshold), likely 
due to marginal performance differences or limited sample variability.

To visually illustrate the effect sizes for average coverage across the case studies, 
Fig. 10 presents box plots for the 23 comparisons in which MoTDeReL demonstrated 
statistically significant differences. These visual summaries provide a clearer view of 
its comparative performance.

In conclusion, MoTDeReL outperforms existing methods across all evaluated 
scenarios, with no cases of inferior performance. In instances where statistical sig-
nificance was not established (7 comparisons where P-values exceed 0.05), further 
analysis using complementary metrics, such as test suite size or generation time, 
may offer a more nuanced comparison and reinforce the practical strengths of the 
proposed approach.

Q2: How much has MoTDeReL reduced testing costs compared to the 
state-of-the-art?

In software testing, achieving cost-effective tests is crucial for an efficient testing 
process and for delivering high-quality software. When a smaller test case reveals 
more defects, its cost becomes significantly lower compared to larger tests with the 
same output. In software testing, it is ideal for a test to achieve higher objective cov-
erage while remaining compact in size.

Table 5  Effect size of coverage differences between MoTDeReL and other approaches across benchmark 
case studies
Case Metric FP-Growth HGAPSO  

(Kalaee and 
Rafe 2019)

GA (Bahram-
pour and  
Rafe 2020)

WholeAcoT 
(Ghasemi et al. 
2025a)

ISR-MCF

DPS P-Value 6.94 × 10−4 6.20 × 10−5 0.1621 0.2584 3.35 × 10−4

Â12 0.95 1 0.69 0.65 0.97

HMS P-Value 1.65 × 10−4 6.25 × 10−5 1.56 × 10−4 1.09 × 10−4 1.78 × 10−4

Â12 1 1 1 1 1

BTS P-Value 0.8495 1.82 × 10−4 0.3447 0.5421 1

Â12 0.53 1 0.63 0.41 0.51

OSS P-Value 1.63 × 10−4 1.61 × 10−4 1.81 × 10−4 0.4688 2.81 × 10−4

Â12 1 1 1 0.60 0.98

TAS P-Value 1.32 × 10−1 1.81 × 10−4 1.83 × 10−4 1.79 × 10−4 1.83 × 10−4

Â12 1 1 1 1 1

SCRP P-Value 1.81 × 10−4 1.54 × 10−4 1.83 × 10−4 1.82 × 10−4 2.46 × 10−4

Â12 1 1 1 1 0.99

Note: The notation Â12 < 0.5 indicates that MoTDeReL resulted in lower coverage, Â12 = 0.5 denotes 
equal coverage, and Â12 > 0.5 indicates higher coverage than the other algorithms. Effect sizes with 
statistically significant differences (p − V alue < 0.05) are highlighted in bold
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One commonly used metric for evaluating approaches is the length of the gener-
ated test cases. Table 6 indicates the size of the generated test cases for each approach, 
with the smallest test size in each case study shown in bold. For test size, we calcu-
lated the total size of the final generated test suite, which includes multiple test cases. 
Based on the bold values in Table  6, the test cases generated by the MoTDeReL 
approach are not consistently shorter in most cases. However, upon closer exami-
nation, tests with shorter lengths cover significantly fewer test objectives, making 
their reduced size less beneficial for these approaches. To illustrate this point, we 
define the concept of testing cost as an efficiency metric (Schieferdecker 2012) that 
describes the capacity of the specified test to fulfill the test objectives along with its 
size, which affects the testing process. As shown in Definition 6, the testing cost cap-
tures the tradeoff between the number of tests and their achieved coverage.

Definition 6  Given a test suite TS with length L and coverage value CV, the testing 
cost is defined as

	
Cost(TS) = L

CV
.

Figure 11 represents the cost of generated tests associated with FP-Growth, HGAPSO, 
GA, WholeAcoT, ISR-MCF, and MoTDeReL. The goal is to have smaller tests with 
higher coverage values, resulting in lower testing costs. According to this figure, the 
proposed approach generates test suites with appropriate costs in most case studies, 
making it more suitable for complex problems. Although in DPs and BTS, the cost 
of WholeAcoT is lower than that of MoTDeReL, its low coverage level in these case 
studies outweighs this advantage.

Fig. 10  Box plot visualization of coverage variation across case studies: MoTDeReL consistently out-
performs competing approaches in achieved coverage
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Q3: How does MoTDeReL work in terms of time compared to state-of-the-art 
methods? A key criterion for assessing the efficiency of a new strategy is the time 
required to complete the test design and development process. This time represents 
the cost of preparing the test, and it is desirable to generate tests in the shortest pos-
sible time.

Figure 12 shows the time required for test generation by each approach for all 
case studies. As shown in the figure, the MoTDeReL approach is the most time-effi-
cient compared to all other approaches in every case study. While the time difference 
between the MoTDeReL approach and both GA and HGAPSO is not very significant 
for small test cases, it becomes particularly notable for large and complex models. 
The time complexity of WholeAcoT is excessively high, making it an inefficient 
approach for complex case studies.

5.4  Discussion

In this section, we discuss the experimental results to validate the objectives of our 
test suite generation approach and address some potential weaknesses.

Table 6  Comparison of the generated test suite size for MoTDeReL and baseline approaches across bench-
mark case studies
Case FP-Growth HGAPSO  

(Kalaee and  
Rafe 2019)

GA (Bahram-
pour and  
Rafe 2020)

WholeAcoT 
(Ghasemi et al. 
2025a)

ISR-MCF MoT-
DeReL

DPS 28 19.3 29.3 17.3 20 19.9
HMS 30 18.7 32.8 18 20 19.5
BTS 151.33 105 79 29.2 105 88.4
OSS 60 103.6 74.3 113.6 120 119
TAS 113.77 103.2 57.5 99.9 105 83
SCRP 200 292.3 193 207.50 300 256.5

Fig. 11  Comparison of testing cost for MoTDeReL and baseline approaches across benchmark case 
studies
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Tables 4 and 6 demonstrate that MoTDeReL generates test cases and test suites 
that cover more test objectives and can detect more defects in the models. This per-
formance is attributed to the well-trained neural network within the DRL structure. 
In MoTDeReL, the agent traverses the state space and receives rewards or penal-
ties based on the coverage score of its actions. The neural network leverages this 
feedback to distinguish between effective and ineffective actions, thereby refining its 
decision-making process for future moves. This iterative learning mechanism allows 
the network to progressively improve its performance by prioritizing actions that 
yield favourable outcomes while avoiding those that do not. Since these moves are 
guided by neural network recommendations, the exploration of the state space is 
conducted heuristically, enabling the discovery of paths with extensive coverage. 
This approach ensures that the system efficiently navigates through potential states, 
prioritizing areas of interest while maintaining a broad exploration of possibilities. As 
a result, the neural network can identify and exploit high-value trajectories, balancing 
exploration and exploitation to optimize decision-making over time.

Table 6 indicates that the tests generated by MoTDeReL are not smaller than with 
the other approaches. While generating smaller tests is advantageous, it is not the 
primary objective of test generation. The ideal scenario is to produce a small test 
suite that covers more test objectives. To quantify this, we introduced a metric called 
testing cost, which calculates the ratio of the test coverage score to the test size. For 
a small test with a high coverage score, this cost becomes smaller. According to 
Fig. 11, the testing cost of MoTDeReL is lower than HGAPSO, GA, and WholeAcoT 
in most cases. This suggests that MoTDeReL generates an efficient test suite, improv-
ing test objective coverage while maintaining a shorter length.

The data in Fig. 12 shows that test generation in MoTDeReL is faster than other 
approaches. Since HGAPSO, GA, and WholeAcoT utilize multiple generations to 
produce semi-random TCs and TSs, they require more time to produce final gen-
eration. In contrast, MoTDeReL uses a previously trained neural network to select 
actions in new iterations, leading to improved TCs in terms of coverage score.

From the experimental results and discussions presented, we can conclude several 
advantages of the MoTDeReL approach:

Fig. 12  Comparison of test development time for MoTDeReL and baseline approaches across bench-
mark case studies
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	– It generates acceptable TSs with high coverage compared to related approaches.
	– It produces effective TSs with low testing cost relative to other methods.
	– The runtime of MoTDeReL is significantly lower than other approaches.
	– MoTDeReL improves with each iteration as it learns, progressively enhancing its 

performance until it achieves full coverage.
	– Due to the nature of DRL, the results of each learning cycle can be stored and ap-

plied to larger or smaller host graphs, eliminating the cold start issue.

However, there are some weaknesses that should be addressed in future work:

	– The length of generated tests could be shorter in certain models or case studies.
	– In limited-time systems, a zero-knowledge agent may initially produce subopti-

mal tests due to the time required for DRL to acquire sufficient knowledge.
	– Given MoTDeReL’s reliance on rewards and penalties, even minor changes to the 

reward function can have significant effects.

An additional factor that influences the effectiveness of MoTDeReL is the choice of 
reinforcement learning hyperparameters, such as the exploration rate (ϵ), discount 
factor (γ), replay memory size, and network architecture. In this study, a fixed config-
uration was used across all case studies to ensure fairness, reproducibility, and com-
parability with existing approaches. While this configuration proved robust across 
systems of varying size and complexity, different SUT characteristics, such as the 
number of rules, branching factor, or state-space density, may benefit from alterna-
tive parameter settings. A systematic sensitivity analysis or adaptive hyperparameter 
tuning could further improve learning efficiency and coverage, particularly for large-
scale or highly dynamic models.

6  Conclusion

We proposed an approach that employs DRL to generate test cases and test suites for 
systems specified by graph transformation. This approach traverses the state space to 
explore desired test paths that cover a high number of test objectives. It utilizes the 
penalty/reward mechanism of DRL to assess the effectiveness of selected actions and 
adjusts the neural network’s weights based on this feedback. The next action is then 
selected based on the neural network’s recommendations.

We implemented the approach alongside other related methods in the Groove tool-
set and evaluated them based on coverage score, testing cost, and test generation 
time. Experimental results indicate that our approach improves the testing process by 
generating test cases with a high coverage score at a lower cost and in significantly 
less time. Despite these improvements, there are areas for future work:

	– Instead of randomly retrieving experiences, we can employ more intelligent tech-
niques, such as prioritized experience replay.

	– While Double DQN demonstrates strong overall performance in DRL, alternative 
methods such as the Actor-Critic method could also be explored.
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	– A deeper investigation into the impact of hyperparameter selection on learning 
outcomes is a promising direction for future work. In particular, adapting hyper-
parameters to the characteristics of the SUT, such as model size, rule complexity, 
or state-space structure, could further improve learning efficiency and coverage.

	– Since the reward function plays a central role in guiding the learning process, 
future work will focus on refining and extending reward design. In addition to 
structural coverage metrics, we will investigate the use of mutation score as an 
effectiveness measure to assess the fault-detection capability of generated test 
cases, and explore the integration of mutation analysis into the reward function of 
MoTDeReL to guide learning toward generating more fault-revealing test cases.
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