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Abstract

The process of regression testing is generally done under critical time and resource
constraints. In the existing approaches, Test Case Prioritization (TCP), Test Case Selection
(TCS), and Test Suite Reduction (TSR) have been treated as different optimization problems.
This is based on simple heuristics that do not use valuable information that can be extracted
from the program under test. Moreover, they do not allow for making internally consistent
budget-conscious decisions. This paper introduces a unified approach that combines various
variants of Graph Neural Networks (GNNs) and Reinforcement Learning (RL) for the solutions
of TCP, TCS, and TSR. In our proposal, the representation of regression artifacts such as test
cases, code entities, and faults is used as nodes in the typed graph, while the edges are used to
show the relations between these artifacts. The relation-aware GNN is used for generating test
case embeddings, reflecting the distance between the test cases and the changed areas as well
as the areas known to have issues in the past. The actor-critic RL agent uses these test case
embeddings and the budget to decide whether to run, skip, or discard test cases. The
performance of our proposal outstrips coverage-based heuristics, history-based ranking, a GA-
based search, an enhanced QPSO, and two learning-based ablations, as validated by our
experiments on four Java projects from Defects4J. In terms of various programs and budgets,
using GNN-RL has led to an improvement in the Average Percentage of Faults Detected
(APFD) and Cost-cognizant Average Percentage of Faults Detected (APFDc) by
approximately 6-9 percentage points on lower budgets. In addition, it is possible to obtain a
42% suite reduction and a 48% cost reduction while still retaining 98% of all fault-revealing
tests in the final suite. The results show that it is possible to obtain promising solutions for
adaptive regression testing using budget-aware reinforcement learning and graph-based
representation learning.

Keywords: Regression Testing, Test Case Prioritization, Test Suite Reduction, Test Case
Selection, Graph Neural Networks, Reinforcement Learning, Search-Based Software
Engineering.

1. Introduction

In today's complex software systems, changes are constantly being made, including the
addition of new features, bug fixes, and new releases in the CI/CD pipeline. However, the risk
of regression is always present with each change. In complex industrial systems, there are
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thousands of tests with different costs and fault detection capabilities. Hence, it is not possible
to run all tests with each change. Therefore, in the context of regression testing, the focus is
mainly on the selection of test cases to be executed and the order in which they should be
executed, given the budget constraints in terms of time and resources [1],[5].

In this problem setting, three problems have been identified: Test Case Prioritization
(TCP), Test Case Selection (TCS), and Test Suite Reduction (TSR). In Test Case Prioritization,
the goal is to find an ordering of test cases to reveal faults as early as possible, typically by
optimizing the Average Percentage of Faults Detected (APFD) and Cost-cognizant Average
Percentage of Faults Detected (APFDc). TCP aims to detect faults as soon as possible. This is
often expressed in terms of Average Percentage of Faults Detected (APFD) and Cost-cognizant
Average Percentage of Faults Detected (APFDc). TCS selects a small number of tests that are
most important for a specific change or budget. On the other hand, TSR aims to eliminate tests
that are not needed without making it too difiicult to find faults [4],[7]-[9]. Recent tertiary and
live reviews emphasized that these three approaches are complementary, yet many published
techniques are challenging to implement in practice.

For the most effective formulation of the problem, TCP/TCS/TSR can be solved as an
optimization problem. Software engineering approaches to regression testing have traditionally
used search-based optimization to optimize a cost function that trades off coverage, fault
detection, and cost, given permutations (for TCP) or selection vectors (for TCS/TSR)
[11,13,12]. Other approaches have attempted to jointly solve the minimization and
prioritization problem, e.g., with the use of deep models, and have shown that ranking-based
approaches can achieve similar performance to minimization approaches when prior signals
are reliable [2]. Learning-based approaches can still use flattened feature representations but
may require additional logic to handle budgets or long-term reductions.

Reinforcement learning (RL) has been employed to model regression testing as a
sequential decision-making problem where the agent uses a policy that strikes a balance
between fault detection and resource usage. In a number of studies, TCP using RL was found
to have greater adaptivity compared to traditional heuristics. Nevertheless, some of these RL
techniques have not been able to exploit more advanced structural relationships between tests,
code entities, and faults, as they maintain their state representation in a feature vector. Recently,
Graph Neural Networks (GNNs), which are powerful models that can be trained to learn graph
data, have been proposed. Several types of GNNs have been proposed for abstract syntax
graphs, control flow graphs, code call graphs, and dependency graphs for code quality analysis
and reasoning. Studies in mapping have demonstrated that graph learning algorithms can be
applied in software engineering, where the behavior of a defect is affected by the dependency
of software elements [19]-[23]. Nevertheless, to our best knowledge, no works have been done
in developing a common logical formalism that combines heterogeneous software graphs with
sequential decision-making in test coverage statements, test coverage triggers, and test
coverage requirements, even though they have some affinities.

These gaps are addressed by proposing a unified framework using heterogeneous
graphs and reinforcement learning to support a single decision process whose output is test
case prioritization, test case selection, and test suite reduction. A heterogeneous graph is used
to represent regression artifacts such as tests, program elements, and faults. This graph is then
encoded using an encoder GNN, which allows information to be transferred across the graph.
Test embeddings that represent information such as coverage, impact of changes, structure, and
fault histories of individual artifacts are also constructed in the process. This is the RL agent's
decision on whether to execute, skip, or permanently discard a test at each testing budget. The
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reward allows the agent to adapt across versions while maintaining tests that reveal faults in
the test pool.

2. Literature Review

Regression testing has gradually shifted from simple re-execution of legacy suites to a
family of optimization problems that explicitly balance cost, coverage, and fault detection.
Recent research evidence and Cl-focused syntheses emphasize that test case prioritization, test
case selection, and test suite reduction are best viewed as complementary mechanisms for
controlling regression cost while preserving effectiveness [1],[3],[4]. TCP typically aims to
maximize early fault detection (e.g., APFD, APFDc), TCS selects a subset of tests under budget
constraints, and TSR removes redundant tests subject to adequacy or fault-detection criteria
[4],[7]-[9]. Traditional techniques are largely based on coverage and execution history.
Structural methods rank or select tests according to the code elements they exercise often using
total or additional coverage of modified or fault-prone components, while history-based
methods reorder tests that have failed recently or frequently [7]. To cope with the combinatorial
nature of TCP, TCS, and TSR, search-based software engineering introduced metaheuristic
optimization, where permutations or subsets of tests are encoded as candidate solutions and
optimized using algorithms such as genetic algorithms, PSO, and their variants [11]-[13]. For
example, QPSO has been adapted to jointly handle TCP, TCS, and TSR within a single
optimization model [13]. Recent optimizers, including improved whale-based search and
QPSO variants, continue to show that search-based techniques can deliver strong trade-offs
between early detection and cost, although systematic reduction reviews still note common
concerns related to scalability and repeated evaluation overhead in fast CI cycles [8],[12],[13].

Recent interest has turned to the application of Machine Learning (ML) and
reinforcement learning to enhance the adaptiveness of regression testing. ML-based
techniques, as described in [14], [15], use coverage, code metrics, change history, and past
outcomes to obtain scores for selecting and prioritizing tests. Classifiers, regressors, or
learning-to-rank models are trained on these scores. Models of this type can achieve better
results than simple heuristics if feature engineering is effective. They generally optimize a
surrogate loss instead of optimally APFD, APFDc or cost. The performance may degrade as
systems evolve [14],[15]. RL-based approaches view TCP and TCS as sequential decision
problems in which, given the current state (e.g., partial result, remaining budget), the agent
chooses the next test and receives rewards for revealing faults or cost-aware utility [16]-[18].
Various studies on Deep RL frameworks reported improved APFD and fault detection latency
and studied issues such as cost-aware reward, scalability and stability of the policy in the
industry [16]-[18]. The majority of these approaches, however, are based on vectorized
features or naive graph encodings, which largely treat tests as independent.

At the same time, software engineering is starting to gain interest in graph-based
techniques and GNN-based techniques. Program artifacts like abstract syntax trees, control-
flow graphs, call graphs, and dependency graphs form graphs naturally, and recent surveys on
using deep learning for source code highlight that graph representations capture important
syntactic and semantic structure [19],[20]. Graph neural networks and graph-based encodings
have been increasingly used in tasks such as code classification, clone detection, defect
prediction, bug localization, and vulnerability detection [21],[22],[23]. GNN generalize neural
message passing to arbitrary graphs and have proven effective at modelling long-range
dependencies in code and related artifacts. However, prior works have not yet optimized
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regression tests through them: the above-mentioned works use graphs for static analysis or
representation learning and not directly for driving regression test optimization, while most
existing RL-based TCP/TCS works also rely on handcrafted feature vectors or simplified
adjacency matrices, failing to account for full relations between tests, code entities, faults, and
changes [5],[10],[14]-[18].

There is an obvious gap in the existing literature. Numerous TCP/TCS/TSR methods
continue to manipulate flattened representations, such as coverage matrices, aggregated
metrics, and feature vectors, which lose important relational structure. In addition, search-based
approaches optimize explicit objectives but don’t learn from historical campaigns. The focus
of supervised ML lies on surrogate losses. Additionally, RL-based regression testing methods
do not typically employ expressive graph encoders nor treat prioritization, selection, and long-
term reduction in a unified manner [5],[8],[10],[11],[ 14]-[18]. Moreover, scalability and rapid
adaptability remain challenging in CI/CD environments, where budgets, codebases, and test
suites evolve continuously [14]-[18]. This paper addresses these gaps by proposing a graph-
centric, RL-guided framework in which heterogeneous graphs represent tests, code entities,
faults, and changes; a GNN learns test embeddings from these graphs; and an RL agent uses
these embeddings to make sequential decisions about test ordering, selection, and reduction.

3. Preliminaries and Problem Formulation

This section introduces the notation, metrics, and formal models used throughout the
paper. It first introduces the basic regression testing setting and the effectiveness and cost
metrics used in the paper, namely APFD and APFDc, and then introduces the heterogeneous
graph representation of regression artifacts. Finally, we formulate the reinforcement learning
problem and provide the optimization objective of the proposed GNN-RL framework.

3.1 Notation and Basic Definitions

Let a software system evolve through a sequence of versionsP™, P, .., P("), where
P™denotes the v-th version of the program under test. For this system, let T = {t;,t,, ..., ty}
be the global regression test suite, and let T € T'denote the subset executed for version P®).
We assume that each test case tjhas an associated execution cost ¢; > 0, and that each program

version may expose a set of faults. Let F @ = { l(v), 2(1;)’ e n(::,)} be the set of faults that are

known to be detectable in version P, and let F = Uzz F ) be the union of faults across all

versions considered in the study. For a given version P(™, executing test tjyields an outcome
yj(v) € {0,1}, where yj(v) = lindicates that t;reveals at least one fault in F ™) and Ootherwise.

When fault-level information is available, we write yj(”i])
specific fault fl.(v). A test ordering (or prioritization) for a version P(™is a permutation ") =

(nf’),ngv), ...,nl(:()v)l ,gv)is the index of the test executed at position k. A selected

€ {0,1} to denote whether t;reveals a

), where 1

subset is any Ts(elf) S T™, and a reduced suite is a subset T,y S Tretained across multiple
regression cycles according to a reduction strategy [4],[6]-[9].
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3.2 Regression Testing Objectives and Metrics

To quantify the effectiveness and cost of regression testing techniques, we use standard
metrics widely adopted in TCP, TCS, and TSR studies [1],[5],[14],[18].

3.2.1 Average Percentage of Faults Detected (APFD)

Consider a version P(with test suite T of size n and a set F™of m detectable faults.
Let m™be a prioritized ordering of T™. For each fault f; € F®, define TF;as the position in
™of the first test that reveals fault f;. The Average Percentage of Faults Detected (APFD)
for ordering m(is then defined as [1],[5]:

APFD (7™ —1—izm TF, + L ]
@) =1-2) TR ()

APFD values range from 0 to 1, with higher values representing earlier average fault
detection in the test execution order. APFD values are often multiplied by 100 to express them
as percentages. In our setting, the policy outputs an executed ordering mfor the subset
actually run in a cycle (budgeted execution), while skipped/discarded tests do not appear in
™. We compute APED (and APFDc) on this executed ordering at each budget level: faults
not detected within the executed subset are assigned the worst-case position TF; =| ™ |
+1(and, for APFDc, the corresponding cumulative cost is set to the total executed cost), so
aggressive skipping/discarding is penalized rather than rewarded. We additionally report INC
alongside APFD/APFDc to summarize how many faults remain detectable after reduction.

3.2.2 Cost-Cognizant APFD (APFDc)

Equal test costs and equal fault severities are rarely realistic assumptions in practice.
To account for unequal test costs and unequal fault severities, cost-sensitive variants of APFD

add test costs and fault severities to the metric [5],[18].Let c;denote the cost of the test at
n

position jin ordering 7™, and let C,,, = Z ¢; be the total cost of executing the entire suite.
j=1
For each fault f;, let w; > Odenote its severity (or business impact weight), and let CC;be the
cumulative cost incurred up to and including the first test that reveals fault f;. A widely used
cost- and severity-aware variant of APFD is then:

APFDe(m™) = 1 — ——m— 37, w; CC; 2)

™
Ciot 2, i=1 Wi

Higher APFDc indicates that severe faults tend to be revealed earlier while incurring
less cumulative cost.

3.2.3 Reduction and Cost Metrics

For a reduced suite Ts(elf) c T®, we are also interested in the degree of reduction and

the resulting cost savings. Let n =| T® |, ny, =I T

sel
Tby C(X) = z ¢

tjEX

[, and denote total cost of a set X €
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We use the following metrics:

Reduction ratio (RR): RR(TY) =1 - % 3)
' : W)y 4 _ CO)
Cost reduction (CR): CR(T) =1- C(T(;)). @)

Inclusivity of fault-revealing tests (INC): if F™)is the set of faults detectable by T®,
)
and FMis the set actually revealed by TP then INC(T(U)) _ Kl ®))

sel sel sel TGN
High RR and CR indicate strong reduction and cost savings, but they must be
interpreted together with APFD/APFDc and INC to ensure that fault detection capability is not
compromised [3],[4],[8],[9]. In the remainder of the paper, we use APFD and APFDc primarily
to quantify early fault detection, RR and CR to quantify resource savings, and INC to
summarize how many faults remain detectable after reduction.

3.3 Heterogeneous Graph Representation of Regression Artefacts

Traditional regression testing techniques usually operate on matrices or handcrafted
feature vectors, such as coverage matrices C and historical failure counts. To allow the GNN—
RL framework to exploit richer structural relationships, we represent regression artefacts as a
heterogeneous graph. For a given version P™, we define a directed graph G™) =
(VO E® 1,,15), where V®is the set of nodes, E® € V¥ x Vis the set of edges,
7y: V) - {test,code,fault}assigns a node type, and t5: E®”) — Rassigns an edge type from a

bR 1Y

finite set R(e.g., “covers”, “detects”, “belongs-to-module”, “changed-in-version™).

We distinguish three primary node sets: VT(V) ={u;:t; € T (™)}, representing test cases,
VY = {wy: s € S™Y, representing code entities, and V) = {w;: fi(v) € F®)}, representing

faults. We encode key relations through typed directed edges 7z () € R.if test tjexecutes entity

S,EU), add (uj' uk)with 75 (uj, ux) = covers. we do not assume oracle fault—test mappings; for

each faulty version P™, we obtain fault-revealing tests from observed outcomes by running
the JUnit suite on the buggy version. Each defect instance is represented as a fault node u; €

VF(U), and for every such test ¢;we add (uj' ui)with 75 (uj, u;) = detects(optionally weighted

by failure consistency). if s,gv) € A®), we annotate its node features or connect it to a special

“change” node. module/class nodes and call-graph edges can be added when available; the
framework only requires a well-typed graph in which each test node connects to relevant code
and fault context. In Section 4, a GNN encoder operates on G ™to produce test embeddings
h]@for each test node u; € VT(U), aggregating information from its local neighborhood and,

through message passing, from structurally related regions of the graph [19]-[23]. These
embeddings constitute a compact, learned representation of the test’s context, which will feed
the RL decision process.

3.4 Reinforcement Learning Formulation

We cast the joint TCP/TCS/TSR problem for a given regression cycle as a Markov
decision process (MDP) [18,24]. An MDP is specified by a tuple M = (S, A, P,R,y), where
Sis the state space, Ais the action space, Pis the state transition kernel, Ris the reward function,
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and y € [0,1]is a discount factor.For a specific version P®), one episode corresponds to
executing a regression cycle under a budget constraint. At each decision step k, the RL agent
observes a state s, € §, chooses an action a; € A, receives a reward 1, = R(Sy, ai), and
transitions to the next state s; ,;according to P.In the proposed framework, the state s, encodes

at least: the GNN-based embeddings of remaining test cases {h}v)},indicators of which tests

have already been executed or removed,the remaining budget (e.g., residual cost allowance)
and cumulative cost so far, and summary statistics of faults detected so far (or proxies such as
coverage achieved).

The action space Ais defined to support TCP, TCS, and TSR in a unified way. One
practical design is to let actions take the form a, = (ji, di), where jiindexes a test t;, among
those not yet decided upon, and d; € {execute,skip,discard}specifies whether the test is (i)
scheduled for execution in the current cycle (TCP/TCS), (i1) temporarily skipped for this cycle,
or (iii)) marked as a candidate for permanent removal from the suite (TSR). Alternative
formulations can separate execution and reduction decisions across episodes; the specific
choice in Section 4 aims to balance expressiveness and tractability. The reward signal ryis
designed to encourage early detection of important faults while penalizing excessive cost and
harmful reduction. A generic form is

1, = a1 AFDy, — a, AC, — a3 ALossy, (6)

where: AFD;measures the incremental fault detection gain attributable to action
ai(e.g., number or severity-weighted sum of new faults revealed by executing t;, ), ACyis the
incremental cost incurred (typically ¢, if the test is executed, or 0 otherwise), ALossycaptures
the long-term fault detection loss associated with discarding tests (e.g., an estimate of expected
future faults that might be missed if t;, is permanently removed), and a,, @, @3 = 0 are tunable
coefficients that trade off these objectives. Given a policy mg(a | s)parameterized by 6(e.g.,
neural network parameters), the expected return of the agent from an initial state distribution
pis

K-1

J(0) = ]Eso~p, ag~mg [ Zk:o Y 1], (7

where Kis the episode length (e.g., the number of decisions until the budget is exhausted
or all tests are classified). The reinforcement learning objective is to find parameters 6*that
maximize J(0). In Section 4, we instantiate this with a GNN-based state encoder and a deep
RL algorithm (e.g., actor—critic), and detail how APFD/APFDc-related quantities influence
rand the training loss [18],[24].

3.5 Combined TCP/TCS/TSR Optimization Problem

We now summarize the combined optimization goal that the GNN-RL framework is
intended to approximate. For a given regression cycle on version P(*), the practitioner typically
specifies a budget B™)(time or cost units) and possibly a minimum acceptable inclusivity level
INC € (0,1). Let 7" denote the ordering of tests that are actually executed in this cycle (the

TCP/TCS outcome), and let T,.qdenote the global reduced suite after applying TSR decisions
across multiple cycles. For clarity, let T TMbe the subset executed in cycle v, and let

€xec —

7 be the ordering of this subset. We are interested in maximizing early fault detection while
respecting budget and maintaining long-term suite quality.
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At the level of a single cycle, a natural scalarized objective is

max & = 2, APFD(@™) + A, APFDc(n ) + 25 CR(T, (), )
TE(U)’ Te:ec
subject to
C(T$2) < B®INC(TR) = ING, 9)

where A4,1,,1; = Oweight the relative importance of each component. Explicitly
solving Equation (8)—(9) as a constrained combinatorial optimization problem across cycles is
computationally prohibitive. Instead, the GNN-RL framework learns a policy mgythat, given
the heterogeneous graph G, current budget status, and historical context, approximates
decisions that yield high values of ®®over time. The multi-objective structure is reflected in
the reward design in Equation (6) and in the way APFD/APFDc and reduction metrics are
aggregated during training.

4. Proposed GNN-RL Framework

This section presents the proposed framework that combines a heterogeneous graph
neural network with a reinforcement learning agent to address test case prioritization, test case
selection, and test suite reduction in a unified way. Building on the notation and formulation in
Section 3, we first provide a high-level overview of the pipeline, then describe the construction
of the heterogeneous graph, the GNN encoder, the RL decision process, the training procedure,
and finally discuss complexity and implementation issues.

4.1 Overview of the Framework

For each regression cycle over the version P(™, the framework consists of four major
stages:

1. Graph Construction: The available regression artefacts, such as test suite T®),
code entities S™, known faults F*), coverage matrix €™, and change information
A®™) are represented as a heterogeneous graph G as described in Section 3.3.
The nodes of the graph represent the tests, code entities, and faults, while the edges
represent the coverage, fault detection, and change information.

2. Graph Embedding via GNN: The heterogeneous GNN applies an operation G
o obtain the low-dimensional embeddings h]@ for each test node u;. The process

considers both the local information, such as coverage over changed code, and
global information, such as proximity to fault-prone code.

3. RL-Based Decision Making: An RL agent, represented by neural networks that

29 ¢¢

take in test embeddings and budget state, makes a sequence of “execute”, “skip”,

or “discard” decisions for each test. The sequence of “execute” decisions induces

a prioritized ordering m(and a selected subset Te(x?c.

4. Execution and Feedback: The executed test suite consists of the selected tests,
whose outcomes update the fault detection indicators yj(?

computed based on Equation (6), which captures the APFD-like reward for early

, and rewards are then
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fault detection, cost, and reduction-related penalties. These reward signals update
the RL policy over episodes to improve the policy over a sequence of regression
cycles. In summary, the architecture of the proposed framework is shown in Figure
1.

Regression Artefacts)

* Tests Regression Decisions
* Code Heterogeneous GNN Encoder RL Agent for * Prioritized tests
¢ B : — s
« Faults Regression Graph Test embeddings TCP/TCS/TSR + Executed subset
« Coverage * Reduced suite
\ * Changes ) 5 ——

¥

Test Execution and Feedback

Evaluation Metrics (APFD, APFDc, RR, CR, INC) ‘

Figure 1. Overall GNN-RL-BSased Regression Testing Framework

4.2 Construction of the Heterogeneous Test Artefact Graph

The graph G™introduced in Section 3.3 is instantiated in a way that balances
representational richness with computational cost. We identify three types of nodes and several
types of edges.

4.2.1 Node Types and Features

Test Nodes: For each test case ¢; € T®), we create a test node u; € VT(v). Its initial

T . . ) e .
feature vector xj( )can include: normalized execution cost ¢j, historical failure rate

over past versions (e.g., fraction of cycles where tjrevealed a fault), last execution
outcome (pass/fail/unknown), simple static descriptors (e.g., test length or input
size if available).

Code Nodes: For each code entity s,Ev) € S™, we create a code node uy, € V.

Its features X,({C)may include: complexity metrics (e.g., cyclomatic complexity,

lines of code), change indicator (binary flag for membership in A®™), module or
layer identifiers encoded as one-hot or learned embeddings.

Fault Nodes: For each known detectable fault fi(v) € F®)_ we create a fault node

u; € VF(U)with features XEF)capturing: severity weight w;, type/category of the fault

(e.g., logic error, API misuse), and historical persistence (e.g., number of versions
where the fault was present).

4.2.2 Edge Types and Attributes

Edges encode relations among these nodes:

ISSN: 2582-4104

Test—Code Coverage Edges: For each CJ(,'? = 1, we add an edge e = (u;, uy)of
type “covers”. Edge attributes may include: normalized execution frequency
Iwhether the coverage involves changed code (s,gv) € AM),

Test—Fault Detection Edges: When test t;reveals fault fi(v) in historical runs, we
add an edge of type “detects”. Edge attributes can encode the version in which the
detection occurred, or the time since last detection.
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+ Code—Code Structural Edges: Optional edges, such as “calls”, “defines”,
“inherits-from”, etc., connect code nodes according to the call graph or dependency
graph. These edges represent structural proximity between tested entities covered
by multiple tests, which enables the GNN to propagate the risk information. These
edges form a heterogeneous graph, which can be processed using relation-aware
GNN variants such as those described in [19]-[23]. The graph is created for each
version, and the test and code node identities can be shared across versions,
enabling knowledge sharing.

4.3 GNN Encoder for Test Case Representation

The GNN encoder maps the heterogeneous graph G to latent vectors hg)for each

node u, across € =0, ..., Llayers, where hfj’) = X,1s the initial feature vector. Given the
heterogeneity of node and edge types, we adopt a relation-specific message-passing scheme
inspired by relational graph convolutional networks (R-GCN) and heterogeneous graph
attention networks [22],[23]. At each layer £, the hidden state of node u is updated as:

W =o Y Y  LwOrOewOh o
reR VEN-(u) Zur

Where Ris the set of edge types, JV,.(u)are the neighbors of uconnected by relation r,

Zy »1s a normalization constant (e.g., number of neighbors of type 7), Wr({))and Wé{))are
learnable weight matrices for messages and self-loops respectively, and o (-)is a non-linear

activation function (e.g., ReLU). After L layers, we obtain relation-aware embeddings hl(LL)for
all nodes. For each test node u; € VT(U), we denote its final embedding by

L
h” = h{). (11)

These test embeddings encode information such as the tests’ own features (cost,
history), the structure of the underlying code, proximity to changed and fault-prone locations,
as well as indirect effects through shared code and faults. The GNN is typically realized using
a small number of layers, e.g., L=2-3, to avoid over-smoothing. Mini-batching/neighbourhood
sampling can be employed for large graphs [22].

4.4 RL Agent for Unified TCP/TCS/TSR Decisions

The RL agent uses the test embeddings to make sequential decisions for test execution
and reduction. We use an actor-critic architecture to parameterize the policy, where the actor
network predicts action probabilities and the critic network predicts state values to reduce
variance in policy gradient updates [18],[24].

4.4.1 State Encoding

At decision step k in a regression episode for version P®), the state syincludes: the
embeddings of undecided tests, {h]@: t; € TM\ Td(;)ided’k}, binary flags indicating whether
each test has already been executed, skipped, or discarded, current residual budget B, = B® —

C (Te(x?c’k),summary statistics over executed tests (e.g., number of faults detected or coverage
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achieved). To make this variable-size information compatible with feed-forward networks, we
adopt a permutation-invariant pooling mechanism over the embeddings of undecided tests. For
example, we can use mean or attention-based pooling:

7 = Pool({h” | t; € TO\ T D, (12)

and concatenate z, with scalar features (e.g., normalized residual budget, normalized
step index) to form a fixed-length state vector s,.We use mean pooling because it is
permutation-invariant, parameter-free, and low-cost, producing a stable state summary as the
undecided set changes across steps. Attention pooling adds extra parameters and can increase
update variance on sparse/noisy neighbourhoods, so mean pooling is the more robust default.

4.4.2 Action Space and Policy

To keep the action space manageable, we consider a two-stage parameterization.
Although the action can be written as the joint pair (j’ dy), learning a single flat categorical
policy over all (j»d)combinations would require | Uy |X 3 logits at each step, where Uy =

T®\ Té:gided 1s the set of undecided tests. This increases exploration burden and makes

credit assignment sparse when | U |is large. Hence, we first sample the test index j,using
Equation (13) and then sample the decision type d; € {execute, skip, discard} using Equation

(14), conditioned on the state encoding s;and the selected test embedding h}:).

Test selection: The agent scores each undecided test using a scoring network
9o (h]@ , Si)and selects one test t;, via a categorical distribution:

exp (90" 51)

w  exp@pmP s’ (13)
decided, k

pU | sk) =

tpeTWN\T

Decision type: Conditioned on the chosen test embedding h}:) and state encoding sy, a
small network hy,outputs probabilities over decision types d;. € {execute,skip,discard}:

1o (di | jio i) = softmax(hy ([h> 1| s;])), (14)

where [- || -]denotes vector concatenation, and 8 = (¢, ).

Algorithm 1: GNN-RL-Guided Regression Test Optimization

i. Input: version P®) test set T™), budget B®, graph G®, current policy parameters fand
value parameters w.

ii. Construct G™and compute test embeddings h]@for all t; € T Mysing the GNN encoder.
iii. Initialize T, « ?, T @, residual budget B, « B™, and episode buffer D « @.

exec decided
iv. For decision step k = 0,1, ...:
a. Form state encoding s using Equation (12) and budget/coverage features.
b. Sample test index jifrom p(j | s)(Equation (13)).
c. Sample decision type djfrom gy (d | ji, Sk )(Equation (14)).
d. Decision application with feasibility (forced skip).

If dj = executeand ¢;, < B,:
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-Execute t;, on P® observe outcome (faults detected, cost incurred).
-Update Tevee < Tavae U {6,
-Update residual budget By, < By — Cjy.-
Else (test not executed in this step):
-If dj, = execute and ¢;, > B,: set d;, < skip(forced skip).
-Set B4, « B,.
e. Reduction marking
If dj, = discard: mark t;, as candidate for long-term reduction.

f. Mark ¢;, as decided: Td(;)ided « Td(e?ided U {t;, ).
g. Compute reward r,using Equation (6) based on new faults detected, cost, and
reduction decisions.
h. Store transition (S, ji, Ak, %, Sk+1)in D.
i. If Bi,41 < Oor all tests are decided, terminate the episode.
v. After the episode, compute APFD/APFDc and reduction metrics for m™*)and Te(xve)c, and
optionally transform them into episode-level rewards for variance reduction.
vi. Update fand wusing a batch of transitions Dand a chosen RL algorithm
vii. Return updated parameters 6, wand updated candidate reduced suite T,.q.

The overall action is a; = (ji, dy). When d; = execute, test t;, is appended to the
execution ordering w*); when d, = skip, it is not executed in the current cycle and is deferred
to a future cycle; when d;, = discard, it is marked as a candidate for TSR and removed from
future consideration. The critic network V, (s;)approximates the state value V7™(s;) =
E[ D] sk ¥t ®r, | 5], which is used in advantage estimates. Algorithm 1 summarizes a single
training episode of the GNN-RL agent for one regression cycle. Since the policy may
occasionally propose d;, = execute for a test whose cost exceeds the remaining budget, we
enforce feasibility with a deterministic fallback. If the selected test ¢;, has cost ¢;, and ¢;, > B,,
we override the decision to dj; < skip(forced skip). This override does not consume budget
(i.e., Bxs1 = By) and the final action (ji’ d,)is logged so the agent learns to avoid infeasible
executions.

4.5 Training Procedure and Optimization Objectives

The GNN-RL framework is trained across multiple regression cycles, either using
historical data or online within a CI pipeline. We adopt a policy gradient—based actor—critic
algorithm [18],[24], where the GNN encoder and policy networks are trained jointly.

4.5.1 Loss Functions

Given an episode buffer D = {(sg, ar, 7, Sk+1)}, we compute advantage estimates

A = (e + VVo (Sie41)) = Voo (S, (15)
and define the policy loss as
Looticy(0) = —E(sa)~nll0g mo(ay | si) Ail + B Es, [H (o (-1 51))], (16)
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where H (+)is the entropy of the policy (encouraging exploration) and f > Ois an entropy
regularization coefficient. The value loss is a mean squared error between predicted values and
empirical returns:

‘Cvalue(w) = IIE':(Sk)~‘D [(Vw (Sk) - Gk)z]' (17)
where
PN K-1 _
o= Yyt (18)

is the Monte Carlo return from step k. To encourage the GNN encoder to produce test
embeddings that are predictive of fault detection-related quantities, we add an auxiliary
supervised loss on top of h}v). For example, we can predict the historical failure probability
p;for each test and minimize a cross-entropy or mean-squared error between pjand observed
frequencies. The total loss is then

L(@, w, G)GNN) = Lpolicy(e) + Avaalue ((1)) + AauxLaux(eGNN)l (19)

where Ogynydenotes GNN parameters, and A, A,,, = Oare balancing coefficients.

4.5.2 Training Regime

In an offline setting, historical regression data across versions P @ ..., PMare used to
generate multiple episodes; the agent is trained until convergence of APFD/APFDc on a
validation set of versions. In an online CI setting, the agent is periodically updated as new
regression cycles occur. In both cases, it is important to: normalize rewards to stabilize training,
shuffle episodes from different subjects to encourage generalization, and monitor evaluation
metrics (APFD, APFDc, RR, CR, INC) over held-out versions to avoid overfitting to specific
systems. Since fault counts and budget magnitudes vary across versions/projects, we normalize
each reward component into a comparable, dimensionless scale before applying the weighted
combination in Equation (6). For action a;, = (ji, dy)at step k, we define

Zfe?—',‘(‘ew wr

Zfe}:(v) W

p;, € [0,1] where F)®Vis the set of newly detected faults at step k(empty if d; # execute),

F®is the detectable fault set for version P™, wris an optional severity weight (set to 1 if

= € [0,1], ACost,, = = execute -CJJE [0,1], ARed; = I[d, = discard] -
AFDy [0,1], ACosty, = 1[d, IR0 k k

i B®js the cycle budget, and p j, 18 a fault-revealing
proxy used to discourage harmful long-term discards (0 for non-discard actions). Using these
normalized terms, the raw step reward is 71, = a;AFD, — a,ACost, — az;ARed.
Finally, for stable actor—critic updates we standardize rewards within each training batch (or

using running statistics):fy, = r:r_:; ~, where u,,o,are computed over the batch of collected

transitions and €is a small constant.

unavailable), ¢;, is the execution cost of ¢;

All stochastic methods (including RL-FEAT, GNN-RANK, and GNN-RL) are
repeated over 20 independent random seeds per faulty version. Each seed affects network
initialization, episode shuffling, and action sampling. During training, we monitor both the
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average episodic return and validation metrics (APFD/APFDc) over held-out versions, and
treat training as converged when these curves plateau; Figure 4 illustrates typical learning
dynamics. We report results as mean (std) across seeds/versions, and the observed variance for
GNN-RL is consistently small, indicating stable learning behavior.

4.6 Complexity Analysis and Implementation Considerations

The computational cost of the framework arises from two main components: GNN
message passing and RL policy evaluation. Let | V® |and | E® |be the number of nodes and
edges in graph for version P™. Each GNN layer makes a message-passing operation with the
approximate cost

O(|E®|d + |v|d?) (20)

where dis the hidden dimension. With L layers, the total GNN cost is
O(L |E®™ | d )in sparse implementations [22]. In typical regression testing, the number of
tests is modest relative to the number of code elements, but the coverage graph is sparse,
keeping | E® |manageable. The RL decision-making cost per step is dominated by scoring
undecided tests (Equation (13)) and evaluating decision logits (Equation (14)), which scale as
O( T™ | d)for the naive implementation. A simple optimization is to precompute and cache
the test-level scores or to restrict candidate tests at each step to a small pool (e.g., those covering
changed code or with high historical failure rates), reducing cost to O(| Cx | d)with | C ||
T® .

From a practical standpoint, the following considerations are important: (i) Parallelism-
GNN computations for different versions or different historical cycles can be batched,
leveraging GPUs for efficient message passing and learning. (ii) Incremental updates-In CI
pipelines, successive versions often differ only slightly. Incremental graph updates (e.g.,
updating only nodes and edges affected by A®™)) can avoid reconstructing the entire graph from
scratch. In a CI pipeline, successive versions typically change only a small region A®. We
therefore treat graph construction as an incremental maintenance task rather than rebuilding
G ™ from scratch each cycle: coverage edges coverscan be cached from the previous cycle and
refreshed only for tests impacted by A®), while change-related annotations are updated by
diffing the new commit. As a result, the one-time cost of the initial full graph build is spread
over subsequent cycles, and the per-cycle overhead is proportional to the size of the change set
and the impacted tests, making graph updates feasible in routine CI runs.

Overall, the GNN-RL framework introduces additional offline training cost compared
to simpler heuristics. However, once trained, the policy can produce prioritized and reduced
suites for new versions with modest inference cost, making it suitable for integration into
industrial regression testing workflows. For large projects with thousands of tests and code
entities, the graph remains sparse in practice and the dominant cost is avoided by (i) restricting
selection to a small candidate set Cy(e.g., tests covering A®or high-risk tests), and (ii)
computing embeddings using sparse message passing and neighborhood sampling/mini-
batching rather than full-graph updates per decision step. Together with cached coverage and
incremental updates across CI cycles, this keeps inference practical even when | T® |and |
V@ |are large.
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5. Experimental Setup

This section details how we evaluate the proposed GNN-RL framework. We first state
the research questions, then describe the subject programs and datasets, baselines and ablations,
parameter settings, and finally the evaluation protocol and statistical analysis. Tables 1-3
summarize the main elements of the setup; Section 6 will present the results in Tables 4—6 and
Figures 2—4.

5.1 Research Questions

The empirical study is organized around three research questions, aligned with the
objectives in Section 3 and with prior work on TCP, TCS, and TSR [1]-[4],[8],[13]-[18]:

+ RQ1 — Early Fault Detection Effectiveness: How does GNN-RL compare with
representative coverage-based, history-based, search-based, and learning-based
approaches in terms of early fault detection, as measured by APFD and APFDc ?

+  RQ2 — Reduction and Cost-Efficiency Under Budget Constraints: How much
can GNN-RL reduce the number of tests and the total execution cost while also
maintaining the inclusiveness of the fault-revealing tests? Specifically, how does
the aforementioned literature behave under severe budget constraints (e.g. 20-60%
of the cost of the full suite)?

+  RQ3 - Robustness, Generalisation, and Ablation Effects: In how many different
programs/versions/faults does GNN—-RL work robustly? What is the impact of the
heterogeneous graph representation, GNN encoder, and RL decision layer on
performance, compared to simplified variants and ablations? The main aim of RQ1
is fault detection at the earliest possible time. RQ2 investigates if the framework
leads to a substantial decrease in cost and effort without compromising the fault
detection that is crucial for CI pipelines. RQ3 investigates the stability and
generality of our framework and elucidates whether the enhanced performance
derives from the Graph Learning-RL integration rather than either component
separately.

5.2 Subject Programs and Fault Datasets

We selected four Defects4J Java projects, varying in size, domain and complexity, as
done in existing TCP/TCS/TSR studies [5], [8], [10], [13,] [14], [15]. We selected the subjects
to achieve diversity in program size and test-suite size, while conforming our benchmark to the
widely used Defects4] TCP/TCS/TSR evaluations. The term “Versions” indicates the number
of faulty versions (buggy versions) used per project. In total, we study 85 faulty versions
(26+21+18+20). Each project provides a number of faulty versions, a JUnit test suite, and
coverage information. Each version is treated as a separate regression cycle so that the RL
agent observes different types of change patterns as well as fault distributions. For each faulty
version P™, we extract: the size of the test suite | T™ |; the number of detectable faults |
F® |; the number of covered code entities | S® |(statement or method level, depending on
instrumentation); the size of the changed region | A®") |between versions.Table 1 summarises
the main characteristics of the subject programs. LOC and test counts are aggregated over the
faulty versions used in the study, and the total number of distinct faults per project is reported.
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Table 1. Subject Programs and Datasets Used in the Evaluation

ID Project LOC #Versions #Tests (min/med/max) #Faults
P1 Chart 48,500 26 310/365/402 132
P2 Math 32,800 21 220/257/281 97
P3 Time 18,900 18 150/171/190 81
P4 CSV 25,300 20 180/205/231 88

These values summarize the observed characteristics of our four subject projects: Chart
and Math are the larger libraries with richer test suites, whereas Time and CSV are more
compact but still exhibit substantial variation in version behaviour. Unless otherwise stated, all
subsequent analyses in Sections 5 and 6 report metrics aggregated across these four subject
programs.

5.3 Baseline Techniques and Ablation Variants

We compare GNN-RL with baselines covering random and coverage-based heuristics,
history-based methods, search-based metaheuristics, and learning-based approaches [1]-

[41[8].[T1]-[18].

Table 2. Characteristics of Compared Methods

Method Info sources TCP TCS TSR | Budget-aware
GNN-RL Coverage, history, graph | Yes Yes Yes Yes
GNN-RANK Coverage, history, graph | Yes No No No
RL-FEAT Coverage, history Yes Yes Partial* | Yes
QPSO Coverage Yes Yes Yes Yes
GA Coverage Yes Yes No Yes
History-based History, coverage Yes No No Yes
ADDITIONAL-COV Coverage Yes No No Yes
TOTAL-COV Coverage Yes No No Yes
RAND None Yes No No Yes

The compared techniques are: GNN-RL (proposed heterogeneous graph with GNN
encoder with RL for unified TCP/TCS/TSR), GNN-RANK (GNN-based static scoring without
RL), RL-FEAT (RL over handcrafted features such as coverage, history, and cost), QPSO
(improved quantum-behaved PSO for joint TCP/TCS/TSR, adapted from Bajaj et al. [13]), GA
(GA-based TCP/TCS with APFD and cost objectives [11]), a history-based ranking by recent
failures with coverage tie-breaking [5],[14], coverage heuristics TOTAL-COV and
ADDITIONAL-COV [1],[2], and RAND, a random permutation baseline. Table 2 summarises
their main characteristics, including information sources, supported regression decisions, and
budget awareness.RL-FEAT can emulate TSR by learning to rarely select some tests, but it
does not maintain an explicit long-term reduced suite. In the narrative of Section 6, GNN-RL
is always compared against this full baseline set. The results in our work are interpreted against
three references, the first one being QPSO, a strong search-based competitor. Further, we also
use RL-FEAT, which does not use graphs. Finally, GNN-RANK, which is based on graphs but
does not use RL.

5.4 Parameter Settings and Training Configuration

All methods were run under the same budget schedule, version set, and cost model. We
used common hyperparameter choices from the GNN and RL literature [18],[22],[23],[24],
while aligning metaheuristic settings with recommendations from SBSE studies [12],[13].
Table 3 reports the key parameters used in all experiments.
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Table 3. Key Parameter Settings for the Proposed Method and Baselines

Component Parameter Value / Setting
GNN encoder | Layers L 2
Hidden dimension d 128
Activation ReLU
Dropout rate 0.2
Weight regularisation L 2=10"{-4}
RL agent Discount factor y 0.99
Learning rate 3 x 10M{-4}
Batch size (episodes) 16
Entropy coefficient 0.01 (linearly decayed)
Reward weights (a_1,a 2,0 _3) (1.0,0.3,0.3)
GA baseline Population size 40
#Generations 50
Crossover probability 0.8
Mutation probability 0.08
QPSO Swarm size 40
Max iterations 60
Contraction—expansion coefficient 0.75 — 0.5 (linearly
decayed)
ML baseline Trees (gradient boosting) 150
Max depth 4
Learning rate 0.05

For the GNN encoder, we fixed two propagation layers (L = 2) to strike a balance
between capturing relational context and avoiding over-smoothing. The hidden size of 128
provides sufficient capacity for the heterogeneity of test, code, and fault nodes while keeping
training efficient. For the RL agent, we use an actor—critic architecture with small multi-layer
perceptrons for both actor and critic. The discount factor y = 0.99 reflects the long-horizon
nature of regression episodes; the reward weights a4, a,, azare chosen so that a unit increase
in fault detection gain is roughly comparable to the penalty incurred by executing a typical test
or discarding a moderately important test. GA and QPSO settings are drawn from the ranges
reported in prior SBSE and QPSO-based TCP/TCS/TSR work [12],[13], and we verified that
moderate variations around these defaults do not qualitatively change the ranking of methods.

5.5 Evaluation Protocol and Statistical Analysis

All methods are evaluated under identical conditions for each subject program and
faulty version. The protocol follows empirical TCP/TCS/TSR studies [8],[13]-[18]:All
stochastic methods (RAND, GA, QPSO, ML baselines, RL-FEAT, GNN-RANK, GNN-RL)
are run for 20 independent seeds per version, while deterministic heuristics (TOTAL-COV,
ADDITIONAL-COV, history-based) are executed once per version, with variability arising
only from differences across versions. To study budget sensitivity (RQ2-RQ3), we evaluate
budgets of 20%, 40%, 60%, 80%, and 100% of the full suite cost, recording APFD, APFDc,
RR, CR, and INC at each level (Equations (1)—(5)); Table 5 reports aggregate APFD/APFDc
across all programs per budget, and Table 6 summarises reduction metrics at a representative
60% budget, while Figure 3 shows cost—effectiveness curves (APFDc vs budget). For each
method and program, we compute mean and standard deviation (and inspect medians and
IQRs) over versions and runs; full-budget APFD/APFDc per program, directly addressing
RQI, are given in Table 4 and visualised as boxplots in Figure 2. Statistical significance is
assessed using Wilcoxon signed-rank tests and Friedman tests with Nemenyi/Holm post-hoc
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procedures, and we report effect sizes (e.g., Cliff’s delta) when comparing GNN-RL against
key baselines such as QPSO, RL-FEAT, and GNN-RANK [4,8,15,18].

In the case of each metric and budget, we conduct all pairwise method comparisons as
one family of hypotheses and control the familywise error at 0=0.05. When conducting
Wilcoxon signed-rank tests for GNN-RL against multiple baselines, we use the Holm step-
down correction on these p-values and report the Holm-adjusted p-values. To gain a holistic
perspective of all methods, we perform the Friedman test with Nemenyi post-hoc comparisons
when the omnibus test is significant.

6. Results and Discussion

In this paper, we discuss the implications for (RQ1) early fault detection, (RQ2)
reduction and cost-efficiency, and (RQ3) robustness and contribution of components based on

a detailed analysis of the quantitative results in Tables 4-6 and qualitative results in Figures 2-
4.

6.1 RQ1 — Early Fault Detection Effectiveness
Table 4 provides the results of the APFD and APFDc for all methods under the
complete budget (100% of the suite cost) of 4 subject programs. Even when we allow every

method to run the full test suite, the ordering matters, and the proposed GNN-RL consistently
achieves the highest APFD and APFDc on all subjects.

Table 4. Full-Budget APFD and APFDc for All Methods (mean =+ std over 20 runs)

Program Method APFD (mean =+ std) APFDc (mean =+ std)
P1 GNN-RL 0.92 (0.02) 0.89 (0.03)
GNN-RANK 0.88 (0.02) 0.85(0.03)
RL-FEAT 0.86 (0.03) 0.83 (0.03)
QPSO 0.89 (0.02) 0.86 (0.03)
GA 0.87(0.03) 0.84 (0.03)
HISTORY-BASED 0.84 (0.03) 0.81 (0.04)
ADDITIONAL-COV 0.82 (0.03) 0.79 (0.04)
TOTAL-COV 0.80 (0.04) 0.77 (0.04)
RAND 0.72 (0.05) 0.70 (0.05)
P2 GNN-RL 0.91 (0.02) 0.88 (0.03)
GNN-RANK 0.87(0.03) 0.84 (0.03)
RL-FEAT 0.85(0.03) 0.82 (0.04)
QPSO 0.89 (0.02) 0.86 (0.03)
GA 0.86 (0.03) 0.83 (0.03)
HISTORY-BASED 0.83 (0.03) 0.80 (0.04)
ADDITIONAL-COV 0.81 (0.03) 0.78 (0.04)
TOTAL-COV 0.79 (0.04) 0.76 (0.04)
RAND 0.71 (0.05) 0.69 (0.05)
P3 GNN-RL 0.90 (0.02) 0.87 (0.03)
GNN-RANK 0.86 (0.03) 0.83 (0.03)
RL-FEAT 0.84 (0.03) 0.81 (0.04)
QPSO 0.88 (0.02) 0.85 (0.03)
GA 0.85(0.03) 0.82 (0.03)
HISTORY-BASED 0.82 (0.03) 0.79 (0.04)
ADDITIONAL-COV 0.80 (0.03) 0.77 (0.04)
TOTAL-COV 0.78 (0.04) 0.75 (0.04)
RAND 0.70 (0.05) 0.68 (0.05)
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P4 GNN-RL 0.91(0.02) 0.88 (0.03)
GNN-RANK 0.87 (0.03) 0.84 (0.03)
RL-FEAT 0.85 (0.03) 0.82 (0.04)
QPSO 0.89 (0.02) 0.86 (0.03)
GA 0.86 (0.03) 0.83 (0.03)
HISTORY-BASED 0.83 (0.03) 0.80 (0.04)
ADDITIONAL-COV 0.81(0.03) 0.78 (0.04)
TOTAL-COV 0.79 (0.04) 0.76 (0.04)
RAND 0.71 (0.05) 0.69 (0.05)

GNN-RL achieves an APFD of 0.92 and APFDc of 0.89 for Chart (P1), while QPSO
and GNN-RANK obtain the best scores of 0.89/0.86 and 0.88/0.85 respectively. Similar trends
are noticed for Math (P2), Time (P3) and CSV (P4). The average numbers indicate that
GNNRL has APFD around 0.90-0.91 and APFDc around 0.87-0.88 and outperforms QPSO
by 0.02-0.03 APFD points and coverage-based heuristics by 0.05-0.10 APFD points for all
three different test subjects considered in this work. The random ordering has worse APFD
between 0.70 and 0.72 and APFDc between 0.68 and 0.70. Figure 2,shows where the boxplots
for GNN-RL's APFD are shifted higher and narrower than those of search-based and heuristics.
This suggests that GNN-RL outperformed the baselines consistently, without much variance
and with very few exceptions. Additionally, this also suggests that GNNRL is stable across
different versions and its value is more pronounced at small budgets. All the values of APFD
and APFDc at different budget levels are shown in Table 5 for all the programs. For the suite
cost of 20%, the average APFD/ APFDc values obtained by GNN-RL are 0.80/0.76, whereas
QPSO and GA give 0.74/0.70 and 0.71/0.67 respectively for the same suite cost. This means
that random ordering is 0.60/0.57, so GNN-RL can find 6-9 percentage points more bugs in
the beginning of the search than much stronger search-based baselines, and around 20
percentage points more than random. These impressive results were obtained with only one
fifth of the tests available.
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Figure 2. APFD Distributions
Table 5. Mean APFD and APFDc of Selected Methods at Different Budget Levels
Budget GNN- GNN- QPSO QPSO GA GA RAND RAND
RL RL APFD APFDc¢ APFD APFDc APFD APFDc
APFD APFDc
20% 0.8 0.76 0.74 0.7 0.71 0.67 0.6 0.57
40% 0.86 0.82 0.81 0.77 0.78 0.74 0.68 0.64
60% 0.89 0.86 0.85 0.82 0.82 0.79 0.72 0.69
80% 0.91 0.88 0.88 0.85 0.85 0.82 0.75 0.72
100% 0.91 0.88 0.88 0.85 0.85 0.82 0.75 0.72
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Figure 3. APFDc vs Budget

The curve for GNN-RL has a sharp increase in the low budget range (20%-40%), which
indicates that the framework is learning to front-load faulty tests that are likely to be faulty and
have a low cost. The QPSO and GA curves are smoother and lag behind the other three,
indicating that they require more budget to achieve the same APFDc values. If we look at the
data in Tables 4 and 5, and with reference to Figures 3 and 4, we can see that the GNN-RL
framework consistently outperforms state-of-the-art search-based, heuristic, and learning-
based approaches in terms of early fault detection.

6.2 RQ2 — Reduction and Cost-Efficiency Under Budget Constraints

RQI relates to fault detection, and RQ2 relates to whether GNN-RL achieves reduction
of executed tests and cost without sacrificing too many fault-revealing tests. Table 6 shows the
reduction ratio (RR), cost reduction (CR), and inclusivity (INC) at a moderate budget (60%
target) averaged over all programs/runs.

Table 6. RR, CR, and INC at 60% Budget

Method RR CR INC
GNN-RL 0.42 0.48 0.98
GNN-RANK 0.4 0.45 0.95
RL-FEAT 0.39 0.43 0.94
QPSO 0.45 0.5 0.95
GA 0.4 0.44 0.93
History-based 0.35 0.39 0.91
ADDITIONAL-COV 0.36 0.4 0.9
TOTAL-COV 0.34 0.37 0.88
RAND 0.33 0.36 0.85

GNN-RL achieves a reduction ratio of 0.42 and a cost reduction of 0.48. This means
that, on average, this algorithm runs less than 58% of the original tests and incurs 50% of the
total cost. However, it is important to note that nearly all fault-revealing tests are preserved
(INC = 0.98). Although e QPSO is slightly more aggressive in terms of reduction (RR = 0.45,
CR = 0.50), more faults are lost (INC = 0.95). RL-FEAT and GA fall in between (RR = 0.39-
0.40; CR = 0.43-0.44; INC = 0.94-0.93), achieving some cost savings but failing to preserve
faults.

The history-based method and coverage-based heuristics provide weaker trade-offs.
The RR of ADDITIONAL-COV and TOTAL-COV is 0.34-0.36 and CR 0.37-0.40 but with
low inclusivity at 0.88-0.90. The history-based strategy performs slightly better with RR =
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0.35, CR =0.39, and INC = 0.91 but again falls behind the learning-based strategies. Random
selection performs very badly, exhibiting neither strong reduction nor high inclusivity: RR =
0.33, CR = 0.36, and INC = 0.85. From a practical viewpoint, the values in Table 6 indicate
that GNN-RL achieves a good balance in terms of efficiency-effectiveness trade-offs,
achieving high reductions and cost savings close to those of the most aggressive search-based
baseline (QPSO), while simultaneously maintaining high inclusivity close to running the full
test suite. This alligns with the reward shaping in the RL training process, where there is a
penalty not only for cost but also for the expected loss in fault detection due to discarding tests
in Equation (6). That GNN-RL's CR is slightly below the theoretical maximum achievable due
to the budget constraint again indicates that GNN-RL sometimes chooses to under-exploit the
budget in favor of higher test suite quality in general, which is a highly desirable property.
Overall, the proposed framework can reduce test execution effort and cost by a significant
amount while retaining almost all fault-revealing tests, outperforming both the heuristic and
search-based approaches in terms of the trade-off between RR, CR, and INC.

6.3 RQ3 — Robustness, Generalisation, and Ablation Effects

RQ3 examines three aspects: robustness across programs, sensitivity to budget, and the
contribution of the GNN and RL components.

+  Robustness Across Programs: Table 4 displays that the GNN-RL technique
exhibits the best performance on all four subject programs in terms of APFD and
APFDc, respectively while possessing very low standard deviations (=0.02—0.03).
Furthermore, it shows that GNN-RL possesses stable behaviour despite the subject
programs varying in terms of size, domain, and fault profiles. Figure 2 boxplots of
APFD show that the interquartile range is narrow (and outliers few) for GNN—RL.
In contrast, the search-based methods show a wider spread, suggesting better
generalization across projects.

« Budget Sensitivity: As illustrated in Table 5 and Figure 3, the major benefit for
GNN-RL occurs at budget levels between 20 and 60%, which is the range for CI.
Furthermore, the gap decreases as the budget levels approach 80 to 100%, at which
almost all tests are executed. Even at an 80% budget, GNN-RL benefits by three
APFD points over QPSO and GA. This indicates an improvement in test ordering.

« Ablation: GNN vs RL vs Both: The ablations confirm that both components are
needed. GNN-RANK outperforms RL-FEAT in APFD/APFDc, highlighting the
value of heterogeneous graph embeddings, while RL-FEAT improves over simple
heuristics but cannot match QPSO or GNN-RANK without graph structure. GNN—
RL, which combines both, typically exceeds GNN-RANK by 2-3 APFD/APFDc
points and RL-FEAT by 3-5 points, and also achieves better reduction and cost
metrics (Table 6) with less loss of inclusivity. We additionally examined the effect
of GNN depth by varying the number of message-passing layers Laround the
default setting L=2 (Table 3), while keeping all other hyperparameters fixed.
Overall, L=2 remained a practical balance: shallower propagation (L=1) can limit
access to multi-hop relational context in the heterogeneous regression graph,
whereas deeper stacks (L>3) did not yield consistent gains in APFD/APFDc and in
several runs reduced performance. This behaviour is consistent with over-
smoothing on large sparse graphs, where repeated aggregation makes node/test
embeddings increasingly similar, weakening the separability of test scores in
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Equation (13) and reducing the stability of downstream policy learning. L=2 is a
reasonable choice for the configuration that can produce effective context without
breakdown of representation or unproductive computation.
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Figure 4. Learning Curves of RL-Based Methods: Average Return Versus Training Episodes

As shown in Figure 4, the learning curves of the RL-based methods show their
distinction. In the training process, as the number of episodes increases, the average return and
validation APFD of GNN-RL consistently improve. After a certain number of episodes, they
tend to plateau at a low variance. The learning curve of RL-FEAT, exhibits more fluctuations,
and its the plateau is also low. This suggests that the graph-based embeddings provide more
informative and stable state representations for the RL agent, making the optimization problem
easier to solve and the resulting policy more robust. We repeat training with 20 independent
seeds per faulty version and observe low variance in APFD/APFDc (std = 0.02—0.03 across
programs), indicating stable policy learning. Training episodes are shuffled across
versions/subjects each epoch to avoid dependency on any fixed project order.

In summary, the evidence from Tables 4—6 and Figures 2—4 shows that GNN—RL is
consistently strong across all subject programs, its advantage is most pronounced under
practically relevant budget constraints, and both components heterogeneous graph
representation and RL decision mechanism are necessary to achieve the reported gains.

6.4 Summary of Findings

Overall, the results give consistent answers to RQ1-RQ3. For RQ1, GNN-RL achieves
higher APFD and APFDc than coverage-based heuristics, history-based ranking, search-based
metaheuristics (GA, QPSO), and other learning-based baselines, with the largest gains under
tight budgets (Tables 4-5, Figures 2-3). For RQ?2, it delivers substantial reductions in suite size
and execution cost while retaining almost all fault-revealing tests, yielding a favorable RR—
CR-INC trade-off compared with competing methods. For RQ3, its advantages are robust
across programs and budgets, and the ablations show that both the heterogeneous graph
representation and the RL policy are needed to reach the best performance (Tables 4-6, Figure
4). Taken together, these findings suggest that modelling regression artifacts as heterogeneous
graphs and applying GNN-RL for budget-aware TCP, TCS, and TSR is a promising direction
for practice, particularly in CI environments where structural dependencies, historical data, and
budget constraints must be handled jointly.
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7. Conclusion and Future Work

This study proposes a novel framework that utilizes a combination of Graph Neural
Networks and Reinforcement Learning for optimizing test cases prioritization, selection, and
reduction in regression testing. The study utilizes a heterogeneous graph to model regression
artifacts and allows the RL agent to make informed decisions in executing tests by utilizing
context-aware embeddings. The study evaluated the effectiveness of the proposed GNN-RL
framework in regression testing using four Defects4] projects and found significant
improvement in regression testing effectiveness, with an average APFD of 0.90-0.92 and
APFDc of 0.87-0.89 compared to traditional algorithms such as QPSO and GA, especially in
budget-constrained scenarios. The study also found that the proposed framework reduced
testing efforts by 42% (a ratio of 0.42) and retained 98% fault-detecting tests with low variance
in performance compared to traditional algorithms. The study found that utilizing a
combination of graph-based learning and reinforcement learning in regression testing was
highly beneficial and thus recommends it for future applications in software testing.
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