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Abstract

Generating a class integration test order (CITO) is essential
to reduce the overhead of test stub construction (the primary
cost in integration testing) and to ensure system reliability in
complex software systems. Although reinforcement learning
(RL) has shown promise in automating CITO generation, ex-
isting methods suffer from unstable policy learning and lim-
ited robustness against structural perturbations and defect in-
jection. These challenges stem from insufficient reward shap-
ing and the lack of reliable oracles for validation. To ad-
dress these limitations, we propose LM-CITO, a stability-
aware RL framework that integrates Lyapunov-guided reward
shaping with semantic validation through metamorphic test-
ing (MT). Specifically, we design a Lyapunov energy function
over class dependency graphs to promote monotonic struc-
tural convergence during training, and define metamorphic
relations (MRs) to verify behavioral consistency under con-
trolled perturbations. Extensive experiments on six real-world
systems demonstrate that LM-CITO consistently produces
more effective policies, yielding CITOs with significantly re-
duced stubbing costs compared to baseline models. Further-
more, MT verifies the capability of our MRs to detect de-
fects in 19 injected bug variants, confirming the robustness of
LM-CITO under various fault-induced perturbations. These
results highlight the synergy of stability guidance and MR-
based validation, offering an effective, principled solution for
oracle-free RL in software testing.

Introduction

Generating a class integration test order (CITO) is a core
task in object-oriented integration testing, aiming to deter-
mine a cost-efficient execution sequence for testing interde-
pendent classes while minimizing the need for test stubs.
However, real-world software systems frequently exhibit
cyclic dependencies that hinder topological sorting and in-
crease the overhead of stub construction. Addressing this
challenge requires optimizing test orders under complex
class dependency graphs (Jiang et al. 2021). With the de-
velopment of Al techniques (Zhang, Zhang, and Yuan 2024;
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Zhang et al. 2025a), reinforcement learning (RL) has been
investigated as a means to generate CITOs (Czibula, Cz-
ibula, and Marian 2018; Ding et al. 2023a, 2025). Through
interaction with the test environment, RL agents acquire in-
tegration strategies that respect dependency structures.

Despite this progress, the practical effectiveness of RL-
based CITO methods remains constrained by two key chal-
lenges. First, RL in this context suffers from inherently
sparse and delayed reward signals. Since meaningful feed-
back is often available upon completion of an entire test se-
quence, effective credit assignment to intermediate decisions
becomes challenging. This weak reward shaping frequently
results in unstable training dynamics characterized by erratic
policy updates and inconsistent test orderings —especially
in the presence of injected defects or structural perturba-
tions (Klein et al. 2024). Second, the absence of a definitive
oracle complicates the validation. Semantically valid input
perturbations (e.g., adding a dependency) can lead to di-
vergent but equally plausible test orders. Without a unique
ground truth, reliably assessing correctness is non-trivial and
undermines confidence in the learned policies (Zhang et al.
2021a). These challenges are exemplified in Figure 1.

To address these challenges, we integrate two theoreti-
cally grounded techniques that directly target the core limi-
tations of RL-based CITO generation. First, to mitigate pol-
icy instability caused by sparse and delayed rewards, we de-
sign a Lyapunov-guided reward shaping mechanism that en-
courages monotonic structural convergence during training.
This control-theoretic approach regularizes policy trajecto-
ries and enforces stability without relying on manual heuris-
tics (Gajic and Qureshi 2008; Zhang et al. 2025b). Second,
to address the absence of a definitive oracle, we adopt meta-
morphic testing (MT) (Chen, Cheung, and Yiu 1998; Xie
et al. 2020) to assess the semantic consistency of generated
CITOs under controlled structural perturbations. By defin-
ing domain-specific metamorphic relations (MRs) over in-
put class diagrams, we establish an oracle-free criterion to
evaluate the robustness of RL-based CITO generation.

Building on these techniques, we propose LM-CITO
(Lyapunov-guided reward design and Metamorphic testing
for Class Integration Test Order generation), a stability-
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Figure 1: Challenges in RL-based CITO generation. Codec
is the program under test and the original convergence curve;
BugX curves represent convergence after defect injection.

aware RL framework that combines Lyapunov-guided re-
ward shaping with MT-based semantic validation. Our key
contributions are as follows:

e We introduce LM-CITO, the first CITO generation
framework that leverages Lyapunov stability theory to
guide policy convergence and employs MT to semanti-
cally validate robustness under structural perturbations.
We develop a suite of domain-specific MRs that enable
oracle-free verification of semantic consistency, support-
ing systematic evaluation against injected defects and re-
alistic input mutations.

We perform extensive experiments with six real-world
software projects and 19 injected bug variants, showing
that LM-CITO consistently achieves lower stubbing cost,
higher training stability, and stronger defect detection ca-
pability than state-of-the-art baselines.

Related Work

A core challenge in CITO generation is managing cyclic
dependencies among classes, which hinder topological sort-
ing and complicate sequencing. Classical graph-based meth-
ods (Kung et al. 1995b; Le Traon et al. 2000; Briand,
Labiche, and Wang 2001) address this by heuristically re-
moving weak dependencies to create acyclic subgraphs, en-
abling valid test orders. Extensions incorporate class sim-
ilarity (Zhang et al. 2021b) and execution-aware mod-
els (Meng et al. 2022) to improve ordering precision. Zhang
et al. (Zhang et al. 2021a) applied MT to evaluate the ro-
bustness of CITO algorithms under structural perturbations,
designing domain-specific MRs and measuring stability via
order consistency across inputs.

RL has emerged as a data-driven alternative to heuris-
tic approaches. Early work (Czibula, Czibula, and Mar-
ian 2018) used Q-learning to reduce stubbing costs; sub-
sequent studies incorporated class importance into reward
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design (Ding et al. 2023a) and improved policy efficiency
through dueling A2C networks (Zhang et al. 2023). More
recent efforts (Ding et al. 2025) enriched state representa-
tions with fault history for enhanced test order guidance.
However, RL-based CITO methods face persistent issues,
such as policy instability, due to sparse rewards and lack of
reliable validation oracles (Klein et al. 2024; Zhang et al.
2021a). Our approach builds upon these foundations with a
theoretically-grounded and empirically-validated solution.

Preliminaries

This section presents the background of the CITO genera-
tion problem and its evaluation indicators.

Inter-Class Dependencies

In integration testing, inter-class dependencies are the main
cause of test stubs, that is, artificial components that simulate
untested classes and inflate testing cost (Briand, Labiche,
and Wang 2003). Dependencies are static (e.g., associations,
inheritance) or dynamic (e.g., polymorphic calls) (Briand,
Labiche, and Wang 2001; Le Traon et al. 2000), each pos-
ing distinct simulation challenges. Effective CITO genera-
tion requires modeling these dependencies to guide ordering
strategies that minimize stub overhead.

Stubbing Cost Metrics

The CITO problem aims to minimize the stubbing cost, tra-
ditionally measured by counting the stubs: a clear but coarse
metric (Kung et al. 1995a). Since breaking multiple weak
dependencies may be cheaper than breaking one strong de-
pendency, a finer metric is needed. A refined stubbing com-
plexity metric quantifies the cost based on three normal-
ized coupling types (Ding et al. 2023b): attribute coupling
A(4, j), which counts how often class j appears as a type
in the attributes or parameters of class ¢; method coupling
M (%, j), which captures calls from i to j; and dynamic cou-
pling D(i, 7), which accounts for polymorphic invocations
from ¢ to methods in j that are overridden in ¢, where j may
be a superclass, abstract class, or interface. Together, these
components estimate the number of elements that must be
simulated in the stub. All three metrics are normalized prior
to aggregation. For simplicity, we use k to represent an edge
(static or dynamic) between classes ¢ and j, and then the
stubbing complexity between classes ¢ and j can be repre-
sented by SCpla(k) and computed as:

— \wa A

) +wnME) +wpDE) (1)

where w4, wpr, and wp are the weights of the three depen-
dencies, and their sum must be equal to 1.

Let 0 = [c1,¢2, ..., ¢y denote a CITO, where each ¢; is
a class to be tested. The overall stubbing complexity of o,
denoted as OC'plz(0), is calculated as:

= Y SCpla(k

ked(o)

SCplxz(k)

OCplx(o 2)

where d(0) denotes the set of edges in the system that are
broken due to the class execution order defined by o.



Methodology

LM-CITO integrates two key modules as shown in Figure 2.
First, a Lyapunov-guided reward for promoting stable class
order generation. Second, a metamorphic verification pro-
cess for semantic robustness checking. Policy learning is
implemented using the Advantage Actor-Critic (A2C) algo-
rithm (Mnih et al. 2016).
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Figure 2: Overview of the LM-CITO framework.

Lyapunov-Guided Reward Mechanism

Problem Formulation. To effectively apply RL to the
generation of CITOs, we formulate CITO generation as a
Markov Decision Process (MDP) (Puterman 1990), where
each episode constructs a complete CITO. In step ¢, the
agent observes a partial ordering state s;, selects the next
untested class a;, and receives a reward R;. The goal is
to learn a policy 7(a|s) maximizing the expected cumula-
tive reward. We adopt a position-encoded state representa-
tion (Zhang et al. 2023), with s; = [-1,-1,...,—1] in-
dicating that no class is selected. The selection of class ¢
updates s|c| to its position in the sequence; this is repeated
until all classes are ordered.

Beyond minimizing the stubbing cost, prioritizing critical
classes during CITO generation is essential for early fault
detection and program stability (Ding et al. 2023a; Wang
et al. 2021). To balance cost-efficiency and fault prioritiza-
tion, the reward function integrates three normalized com-
ponents (Ding et al. 2025): (i) net revenue (/N R;), which is
the net gain from selecting the class 7 calculated as avoided
minus incurred stubbing costs; (ii) class importance (Imp;),
which is a unified metric that captures structural complexity
and integration impact through influence propagation over
dependencies; (iii) error probability (£ F;), that is, the esti-
mated likelihood of faults in class ¢, derived from historical
bug data or coverage statistics. The step-wise reward for se-
lecting class ¢ at position o; is defined as:

min, if 7 invalid
c(NR[+1(Imp;+DPF;)), ifin progress (3)
mazx + ﬁ, if done

(o)

where c balances the reward terms. Invalid actions incur a
minimal penalty to prevent illegal selections. This formu-
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lation incentivizes the early selection of important, fault-
prone, and cost-effective classes in CITO generation.

We incorporate this reward scheme into the Advantage
Actor-Critic (A2C) algorithm (Mnih et al. 2016), where pol-
icy mg(a | s) is parameterized by the actor network and up-
dated via the advantage function A(s, a) = Q(s,a) —V,(s).
The value function V;(s) is estimated by the critic network
to reduce the variance in the policy gradients. Actions are
sampled from the available class candidates. This framework
stabilizes policy updates by leveraging value estimates, en-
abling efficient learning in complex decision spaces.

The Cost Matrix—based Lyapunov Energy Function. A
Lyapunov function L(z) is a positive definite scalar function
that decreases monotonically along system trajectories. For
discrete-time systems, if AL(x) = L(z¢y1) — L(z) < 0,
the system is stable; if AL(z) < 0, it is asymptotically sta-
ble (Gajic and Qureshi 2008).

Inspired by this, we define an energy function £(s;) on
the selection states of classes to capture structural stability.
Given a class dependency graph, we construct a cost ma-
trix C' € R™*", where C; ; denotes the stubbing complexity
between classes C; and C;. A symmetric positive-definite
matrix is derived as:

P=C+CT +el, 4)

where € > 0 ensures positive definiteness, avoids numerical
singularities, and guaranties a well-defined quadratic form.
The system energy at step ¢, is defined as:

E(sy) = s/ Psy, &)

which quantifies the structural complexity or instability en-
coded by the current partial order s;. The relative change in
energy between consecutive steps is defined as:

AE, = E(st41) — 5(5t)’
where § is a small constant added for numerical stability.
In classical Lyapunov stability theory, a negative energy
increase AE;, < 0 implies a stabilizing step (Gajic and
Qureshi 2008). However, in our setting, state s; represents
an accumulative selection of classes, where each newly
added class CY at step ¢ + 1 irreversibly increases structural
complexity. With s;11 = sy + eg, where ey, is the one-hot
vector for the selected class, the energy increment satisfies:

A& =E(sp11) — E(st) = 2stTPek + e;Pek >0, (7

implying energy increases monotonically with ordering.

This deviation from classical assumptions arises because
our state space encodes accumulative decisions rather than
freely evolving system states. Consequently, large positive
increases in A&, reflect costly or abrupt structural changes
rather than stability. To mitigate this, we incorporate a
bounded hyperbolic tangent transformation of A&, into the
reward function:

Ri = R + A - tanh(A&,) - wya (1), ®)
where \ controls the Lyapunov term’s influence and wyy (¢)
is a time-dependent weight that encourages long-term stabil-

ity. The function tanh suppresses excessive gradient magni-
tudes, stabilizing policy updates under the A2C framework.

(6)



Finally, since P is symmetric positive-definite, the energy
function satisfies:

E(s:) >0 fors, #0, E(0) =0, )

which ensures positive definiteness, a necessary condition
for Lyapunov functions.

In summary, although the classical condition A&, < 0
for stability does not strictly hold due to the cumulative na-
ture of our state representation, the Lyapunov-guided reward
still penalizes large unstable jumps, guiding the agent toward
generating smooth and structurally coherent class orderings.

Action and State Aggregation Strategies RL in CITO
generation often involves large and redundant action and
state spaces, which can hinder efficient exploration. To mit-
igate this, we propose two aggregation strategies at both ac-
tion and state levels.

(1) Action Aggregation groups classes that exhibit iden-
tical dependency profiles, based on the Identical Class De-
pendency (ICD) principle (Zhang et al. 2021b). Classes that
share the same sets of incoming and outgoing dependencies
are clustered and treated as a single aggregated action. This
reduces the size of the action space from the original num-
ber of classes to a smaller number of ICD clusters, thereby
reducing redundancy and simplifying policy learning.

(2) State Aggregation leverages the critic’s value esti-
mates to identify behaviorally similar states. Instead of raw
state features, we monitor the critic’s value function over
a sliding window and aggregate states whose value fluctu-
ations fall below a preset threshold, indicating comparable
long-term outcomes. The value of the aggregated state is
approximated by averaging the values of individual states’.
To ensure stability, state aggregation is activated only after
the training process has progressed beyond 90% of episodes,
balancing convergence speed, computational stubbing cost,
and final policy quality.

MT for CITO Validation

To address the oracle problem in RL-based CITO genera-
tion, we adopt MT (Chen, Cheung, and Yiu 1998) as an
oracle-free validation framework. Zhang et al. (Zhang et al.
2021a) treat MRs as the foundation of an oracle-free test
suite, where each MR defines a semantic-preserving trans-
formation and a corresponding expectation. We extend this
principle by pairing each MR with quantitative evaluation
metrics and threshold constraints, enabling interpretable and
scalable robustness validation.

In this paper, we designed 11 MRs grouped into four cat-
egories: Structural Perturbation (T1), Importance Variation
(T2), Error Propagation (T3), and Path Dependency Distur-
bance (T4). Each MR defines a deterministic transformation
MR : ctx — cta’ on the abstract environment context, in-
cluding the class dependency graph, importance scores, er-
ror rates, and semantic clusters. The trained RL agent pro-
duces output sequences 7 and 7’ on the original context ctx
and the perturbed context ctx’, respectively. Behavioral dif-
ferences between 7 and 7’ are evaluated against semantic
expectations summarized in Table 1.

The last column of Table 1 summarizes the expected be-
havioral outcomes under perturbation. These expectations
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determine whether the observed deviation under perturba-
tion is acceptable. All indicators are normalized, with lower
values indicating semantic consistency and higher values re-
flecting deviation. The formal definitions of these metrics
are provided below.

(1) Kendall Tau Distance is denoted as 7 (7, 7') and mea-
sures the ranking divergence between the original order 7
and the perturbed order 7'

2 - Discounted Pairs
n(n—1)

where 7 is the number of classes and Discounted Pairs de-
notes the number of pairs of classes whose relative order is
reversed. A higher 7 indicates greater output instability.

(2) Cost Perturbation quantifies the difference in ex-
ecution costs using two metrics: stub complexity change
AOCplz and stub count change A Stubs:

_ |0Cplz(n") — OCpla(r)|
~ max(OCplz(m),e) '
_|Stub(n") — Stub(w)]
~ max(Stub(r),e)
Here, OCplz(-) denotes the total complexity of the re-
quired stubs, and Stub(-) is the number of stubs to be gen-
erated. A small constant e = 10~% avoids division by zero.

(3) Positional Perturbation tracks ranking shifts of crit-
ical class subsets include important and error-prone classes:

x 100%, (10)

T(m,7') =

AOCplx (1D

AStubs

12)

1
AlmpPos = T Z [rank(n’, C;) — rank(r, C;)|, (13)
C;eT

AErrPos = % Z [rank(n’, C;) — rank(w,C;)|, (14)
€l &=

where Z denotes the top 50% important classes based on
the RL agent’s attention, £ represents the error-prone classes
identified by fault profiles, and rank(7’, C;) gives the posi-
tion of class C; in the perturbed order 7’.

(4) Reward Perturbation measures the difference in re-
ward between the perturbed order 7’ and the original 7:

AR = R(7") — R(). (15)

This examines whether the reward change aligns with the
intended semantic effect of MR AR.

High values of these metrics indicate significant behav-
ioral divergence between original and perturbed outputs. To
assess semantic acceptability, these deviations are compared
against thresholds dxendalls Gimp» Oreward> and Jerror, calibrated
for each MR type, typically ranging from 0.2 to 0.6. To-
gether, these MR-metric pairs establish a principled, oracle-
free validation framework that enables structured, reward-
aware, and ranking-sensitive robustness evaluation of RL-
based CITO generation.

Experiments
Experimental Setup and Evaluation Metrics

Subject Programs. We evaluated LM-CITO on six De-
fects4] programs (Just, Jalali, and Ernst 2014), selected



Type MR ID Description Operation Expected Judgment
MRI1.1 Add edges between important classes Increase cohesion AOCplx > 0, AStubs > 0
T1 MR1.2 Add unrelated class Noise robustness AOCplx > 0, AStubs > 0
MR1.3 Merge similar classes Interface compatibility T(m, ") < Okendall
MR1.4 Add cycle edges Handle cyclic dependencies = AImpPos < dimp, 7(m, 7") < Okendail
™ MR2.1 Boost low-importance class Rank responsiveness 7(m, ") < Okendall
MR2.2  Scale importance-based reward Reward consistency AT -AR >0, |AR| < breward
T3 MR3.1  Connect high-error class Fault propagation 7(m, 7)) < Okendalls AR < Sreward
MR3.2 Extreme error injection Fault tolerance AErrPos > Sepror O 7(, ) > Okendall
MR4.1 Random edge mutation Path disruption 7(m,7") > Okendann, AOCplz > 0
T4 MR4.2 Node reordering Index invariance T(m, ") > Okendall

MR4.3  Connect super node

Centralization robustness

AOCplx >0

Table 1: Categorization and operational expectations of MRs.

based on: (1) availability of faulty class annotations for se-
mantic validation, (2) diversity in class scale (from 26 to 171
classes) and dependency complexity (1-229 cycles), and (3)
coverage of both acyclic and cyclic integration structures.
Table 2 summarizes the key statistics of these programs.

Programs Classes Deps Cycles Faulty
Codec 26 59 1 7
JacksonXml 48 68 3 4
Compress 66 117 1 16
Gson 137 447 8 3
Lang 170 245 155 21
Jxpath 171 628 229 19

Table 2: Subject programs overview.

Training Setup. All models adopt the A2C algorithm
with o = 0.0001, v = 0.8, and 200, 000 episodes. We build
on stable-baselines3 (Raffin et al. 2021), integrating task-
specific reward shaping and Lyapunov stability terms.

Competitors. We compare LM-CITO with DAO-CITO, a
variant of CD-CITO (Ding et al. 2025) enhanced with action
and state aggregation. DAO-CITO serves as our baseline, al-
lowing a controlled evaluation of Lyapunov-guided reward
and MT-based validation.

CITO Evaluation Metrics. We evaluate CITO quality
from two perspectives: (1) Stubbing cost as shown in Sec-
tion Stubbing Cost Metrics, including stub count (Stubs)
and overall stubbing complexity (OCplx); (2) Class prior-
itization, measuring how early critical classes appear —and
lower values are better. Specifically:

n/2
AR = — Rank(T, C};), 16
50% n/2; ank(T', Cy) (16)

1 m
AFR = — K(T, E;), 17
m;ran(, ) (17)

where C; are the top 50% important classes, E; are error-
prone classes, and 7T is the predicted test order.
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MT Evaluation Metrics. To assess robustness, we adopt

the mutation score (MS) (Zhang et al. 2021a), defined as:

N,

N, m N, e ’
where N is the number of mutants killed, [V, is the total
number of mutants, and N, the number of equivalent ones.
A mutant is considered killed if the post-perturbation policy
7’ exhibits significant deviations in one or more semantic
consistency metrics ¢ (7'), including Kendall Tau distance,
cost perturbation, positional perturbation, or reward pertur-
bation, beyond predefined thresholds.

Perturbations and Experimental Scale. To evaluate ro-
bustness, we consider two types of perturbation: (1) Bug-
injected models, where 19 training bugs (Zhang et al. 2025b)
simulate five types of faults including: input processing, net-
work functions, A2C core logic, policy structure, and loss
configuration. (2) MRs as defined in Table 1, which apply se-
mantically consistent structural transformations to the envi-
ronment to verify that the behavior of the RL agent remains
stable or changes according to expected semantic patterns.

Each system is tested with 21 models (1 LM-CITO, 1
DAO-CITO as baseline, 19 buggy variants), 11 MRs, 10 mu-
tation rounds per MR, and 30 CITOs per round. This yields
approximately 69,300 test cases per system.

MS = (18)

Main Results and Discussion

Comparative Robustness Analysis of LM-CITO. To as-
sess the influence of the Lyapunov mechanism on CITO gen-
eration, we compare three methods: CD-CITO (the state-of-
the-art RL-based method) (Ding et al. 2025), DAO-CITO
(CD-CITO enhanced with dual aggregation of action and
state), and LM-CITO. Each experiment on the six programs
was repeated 30 times, and the averages were reported.
Table 3 reports the stubbing cost metrics Stubs and
OCplz, and the critical class metrics ARgqe, and AER.
LM-CITO achieves the lowest values for Stubs in 3 out of
6 programs and the lowest value for OCplx in 5 out of 6,
demonstrating its effectiveness in reducing the cost of stub-
bing during CITO generation. This also reflects that multi-
ple simpler stubs may incur lower overall structural com-



Programs Method  Stubs OCplx AR5y, AER
CD-CITO 7 048 1538 10.86
Codec DAO-CITO 15 038 14.62 9.86
LM-CITO 6 0.3 1559 14.44
CD-CITO 9 071  31.04 29.28
JacksonXm] DAO-CITO 7 049 28.19 27.56
LM-CITO 4 0.17 29.19 35.1
CD-CITO 33 252  66.06 21.06
Compress DAO-CITO 49 123 6539 18
LM-CITO 46 1.1 62.72 57.88
CD-CITO 8 047 1842 31.25
Gson DAO-CITO 8 047 17.17 15.25
LM-CITO 8 031 16.12 17.27
CD-CITO 42 1.68 78.82 62.2
Lang DAO-CITO 67 1.99 764 64.88
LM-CITO 53 1.3 7728 8231
CD-CITO 58 245 7032 64.73
Jxpath DAO-CITO 112 348 7433 8149
LM-CITO 104 277 7113 90.74

Table 3: Comparison of testing cost and sorting metrics.

plexity than a single entangled one; hence, we emphasize
OCplzx as the most indicative cost measure. The results re-
veal a trade-off: LM-CITO excels at reducing OCplz but
shows less consistent gains in AR5y, with only two values
outperformed by DAO-CITO. Stubbing cost reduction re-
lies mainly on modeling complex dependencies, while AER
depends on historical fault data, which LM-CITO does not
explicitly optimize. For more balanced metric performance,
DAO-CITO may be preferred. Prioritizing stub cost reduc-
tion, the Lyapunov-guided reward of LM-CITO focuses on
overall stubbing complexity over ranking.

Reward Convergence Over Training
-- DAO-CITO — LM-CITO
Bl Codec Bl Gson
JacksonXml Bl Lang

25k 50k 75k 100k 125k

Training Episode (k)

150k 175k 200k

Figure 3: Comparison of reward convergence.

The reward convergence curves in Figure 3 show that LM-
CITO (solid lines) consistently achieves faster and more sta-
ble improvements than DAO-CITO (dashed lines) on Com-
press, Gson, Lang, and Jxpath, indicating increased training
efficiency and reduced policy variance. For Codec and Jack-
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sonXml, both methods converge similarly, likely due to sim-
pler dependency structures limiting the impact of Lyapunov
guidance. In general, LM-CITO’s integration of structural
stability yields more robust and efficient optimization.
Crucially, LM-CITO’s Lyapunov reward incorporates the
cost matrix as a negative guidance signal, effectively steer-
ing policy optimization towards minimizing OCplx. This
shaping also promotes more efficient and stable training con-
vergence, improving the speed and stability of the learning
process, and demonstrating the advantage of LM-CITO in
enhancing training dynamics for CITO generation.

Robustness of LM-CITO under MT. To evaluate the ro-
bustness of LM-CITO under the perturbations induced by 11
MRs, we first group the 19 bugs into five defect categories:
input processing, network functions, A2C core logic, policy
structure, and loss configuration, and then measure the MS
of the MRs across these bugs. The results are shown in Ta-
ble 4 as (mean, standard deviation). A higher mean indicates
stronger fault detection, while a smaller deviation reflects
more consistent performance across defect types.

In Table 4, MR1.3, MR1.4, MR2.2, and MR3.1 con-
sistently achieve the highest MSs with scores around 0.8,
demonstrating strong and broad fault detection, especially
under structural merging, cycle injection, reward scaling,
and fault propagation, critical scenarios in RL testing. In
contrast, MR3.2, MR4.1, and MR4.2 yield lower MSs rang-
ing from 0.2 to 0.3, indicating weaker responsiveness to per-
turbations such as extreme random faults or class reordering.
Despite standard deviations mostly below 0.4, overall trends
remain stable in all bug categories.

MRs Input

MRI1.1 (0.4,0.2)
MR1.2 (0.4,0.2)
MR1.3 (0.8,0.4)
MR1.4 (0.8,0.4)
MR2.1 (0.4,0.2)
MR2.2 (0.8, 0.4)
MR3.1 (0.8,0.4)
MR3.2 (0.2,0.4)
MR4.1 (0.2,0.4)
MR4.2 (0.3,0.4)
MR4.3 (0.4,0.2)

A2C

(0.4,0.2)
0.4,0.2)
(0.8,0.4)
(0.8,0.4)
0.4,0.2)
(0.8,0.4)
(0.8,0.4)
0.2,0.4)
(0.2, 0.4)
(0.3,0.4)
0.4,0.2)

Loss

0.4,0.2)
0.4,0.3)
(0.8,0.4)
(0.8,0.4)
0.4,0.2)
(0.8,0.4)
(0.8,0.4)
0.2,0.4)
(0.2, 0.4)
(0.3,0.4)
0.4,0.2)

Network

0.4, 0.2)
(0.4, 0.2)
(0.8, 0.4)
(0.8, 0.4)
(0.4, 0.2)
(0.8, 0.4)
(0.8, 0.4)
(0.2, 0.4)
(0.2, 0.4)
(0.3, 0.4)
(0.4, 0.2)

Policy

0.4, 0.2)
(0.5,0.3)
(0.8, 0.4)
(0.8, 0.4)
(0.4, 0.2)
(0.8, 0.4)
(0.8, 0.4)
(0.2, 0.4)
(0.2, 0.4)
(0.3, 0.4)
(0.4, 0.2)

Table 4: MSs of MRs under defect categories.

Figure 4 complements this analysis by presenting a heat
map of the mean MSs in three variants of the model: in-
jected bug models, DAO-CITO, and LM-CITO. Darker cells
indicate greater MR sensitivity. For Codec, all three mod-
els are vulnerable to MR3.2 and MR4.1, revealing sen-
sitivity to fault propagation and stochastic path disrup-
tions. Both DAO-CITO and LM-CITO exhibit limited re-
sistance to MR4.2, suggesting insufficient index invari-
ance. LM-CITO shows slightly reduced variance, indicat-
ing marginal but incomplete robustness against T4-type per-
turbations. For JacksonXml and Compress, the bug mod-
els respond mainly to structural and reward-related MRs
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Figure 4: MS heatmaps of different models. Higher values and darker shading imply greater mutation detection by each MR
across all models. Conversely, for DAO-CITO and LM-CITO, lower values and lighter shades suggest enhanced robustness

under the corresponding metamorphic perturbations.

such as MR1.3, MR1.4, MR2.2, and MR3.1, whereas DAO-
CITO and LM-CITO primarily react to MR3.2, MR4.1,
and MR4.2. This divergence reveals a critical limitation of
learning-based models in capturing logic-preserving varia-
tions, especially under metamorphic conditions of types T1-
T3. For larger systems such as Gson, Lang, and Jxpath, MS
differences among models converge. However, LM-CITO
consistently outperforms DAO-CITO in MR1.1-MR3.1 and
MR4.2-MR4.3, showing a greater detection of mutations
and improved semantic stability, particularly in the cohe-
sion, reward perturbation and fault aggregation tests.

We conducted pairwise statistical comparisons among
bug-injected models, DAO-CITO, and LM-CITO. Table 5
reports the effect sizes and the corresponding P-values us-
ing the Mann-Whitney U test in the six programs.

Bug vs DAO BugvsLM LM vs DAO

Programs —pgg  p  Eff. P  Eff
Codec 0.12 028 0.00 -0.59 0.02 0.62
JacksonXml 0.01 047 001 048 0.05 0.27
Compress 0.11  0.28 0.08 031 032 -0.19
Gson 091 -0.02 096 0.01 0.89 -0.03
Lang 091 -0.02 1.00 0.00 0.89 -0.01
Jxpath 099 0.00 084 004 075 -0.04

Table 5: Effect sizes (Eff.) and p-values (P) for CITO com-
parisons. Eff. quantifies the magnitude of group differences.

Significant differences are observed in Codec and Jack-
sonXml, where LM-CITO outperforms DAO-CITO with ef-
fect sizes of § = 0.62 and 6 = 0.27, respectively; both
comparisons are statistically significant, with p-values be-
low 0.05. Moreover, LM-CITO detects faults that DAO-
CITO fails to capture. This is especially evident in Codec,
where the comparison between the bug-injected model and
LM-CITO yields a large negative effect size of 6 = —0.59
and a highly significant p-value below 0.001, indicating the
heightened sensitivity of LM-CITO to injected anomalies.
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By contrast, in larger and more stable programs such as
Gson, Lang, and Jxpath, the performance differences be-
tween the two methods are negligible, suggesting that both
converge under highly regularized environments. In general,
these findings suggest that input-sensitive MRs are particu-
larly effective for simpler programs, while structure-aware
MRs are essential in more complex systems. The energy-
based design of LM-CITO improves robustness and reduces
false positives, making it a promising approach to adaptive
and scalable defect detection.

Our results reveal that different metamorphic perturba-
tions expose distinct defect types: input and reward scaling
perturbations detect environment- and policy-related faults,
while structural and path-based disturbances reveal archi-
tectural and propagation errors. Thus, a diverse MR suite
is vital for thorough fault detection. DAO-CITO performs
well with simpler input and stochastic faults, offering effi-
ciency in small programs. LM-CITO shows stronger robust-
ness against complex structural and semantic perturbations
due to its energy-based design, making it suitable for highly
structured programs. These findings provide practical guid-
ance on the selection of testing methods that are aligned with
the complexity of the system and the nature of the defect.

Conclusion

This work presents LM-CITO, a stability-aware RL frame-
work for CITO generation. By incorporating a Lyapunov-
guided reward into A2C training, LM-CITO promotes struc-
tural convergence and stable learning. We further design a
domain-specific MT suite to validate behavioral consistency
under perturbations, supporting oracle-free semantic verifi-
cation. Experimental results on six real-world systems and
19 injected bug models show that LM-CITO reduces stub-
related testing costs and improves convergence compared to
existing methods. Although DAO-CITO remains effective in
lightweight environments, LM-CITO offers superior robust-
ness in complex systems. Together, Lyapunov-based opti-
mization and MR-based validation provide a principled and
interpretable solution for RL-based software testing.
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