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Abstract

Multi-objective optimization provides the mathematical foundation for reasoning about trade-
offs in complex decision problems, from engineering design to resource allocation. Software
testing exemplifies such problems: practitioners must simultaneously optimize for fault de-
tection capability, code coverage, execution cost, and test suite diversity—objectives that are
fundamentally incommensurable. Since the early 2000s, multi-objective evolutionary algo-
rithms (MOEAs) such as NSGA-II, MOEA/D, and their many-objective extensions (MOSA;
DynaMOSA) have served as the dominant mathematical framework for navigating these
trade-offs through Pareto-front approximation with hand-crafted fitness functions. However,
the recent emergence of reinforcement learning (RL) and large language models (LLMs) is
shifting the optimization paradigm from numerical Pareto-front approximation toward neu-
ral, semantically aware decision making over learned representations. This paper presents a
systematic mapping study of multi-objective optimization algorithms, tracing their evolution
from classical Pareto-based methods toward AI-driven and hybrid approaches, with software
testing as the primary application domain. We survey 120+ papers published from 2000 to
2025 and propose a novel five-level taxonomy (L1–L5) that classifies optimization approaches
along the intelligence spectrum: classical MOEAs, ML-guided MOEAs, RL-driven optimiza-
tion, LLM-driven optimization, and hybrid neuro-evolutionary systems. For each level, we
analyze the mathematical problem formulations (Pareto optimality conditions, Markov decision
processes, and neural loss landscapes), objective function design, algorithmic convergence
properties, and computational complexity. We further conduct a cross-cutting mathematical
analysis comparing these paradigms along dimensions of convergence, diversity, scalability, and
interpretability. Our survey identifies critical open mathematical challenges: the lack of formal
convergence guarantees for LLM-driven optimization, the under-exploration of many-objective
(m ≥ 4) formulations in AI-driven testing, the sample complexity of reinforcement learning
for combinatorial test optimization, and the absence of standardized benchmarks with known
Pareto-optimal frontiers. We conclude by outlining a research roadmap for the next generation of
multi-objective optimization systems that combine the complementary mathematical strengths
of neural function approximation and evolutionary diversity preservation.

Keywords: multi-objective optimization; software testing; test case prioritization;
evolutionary algorithms; reinforcement learning; large language models; Pareto optimality;
many-objective optimization
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1. Introduction
Software testing is one of the most resource-intensive phases of the software develop-

ment lifecycle, often consuming 40–70% of total development resources in safety-critical
domains [1,2]. Regression testing—re-executing existing tests after code changes to detect
regressions—poses a particularly acute bottleneck: as software evolves, test suites grow
in size, making exhaustive re-execution infeasible. This has motivated the development
of complementary families of mathematically grounded optimization techniques: Test
Case Prioritization (TCP) [3–5], which orders test cases to maximize early fault detection;
Test Case Selection (TCS) [6], which selects a subset relevant to code changes; Test Suite
Minimization (TSM), which removes redundant test cases; and Test Case Generation
(TCG) [7], which automatically synthesizes new test cases [1,8].

Scope and Suitability for Mathematics. This survey is fundamentally a study of
multi-objective optimization methodology and its algorithmic evolution, using software testing
as the primary application domain. This paper falls squarely within several core topics of
this journal: (i) Optimization and Control: we survey the mathematical foundations of
Pareto optimality, hypervolume indicators, convergence-diversity trade-offs, and scalariza-
tion methods (weighted sum, ε-constraint, and Tchebycheff decomposition) as applied to
multi- and many-objective optimization problems; (ii) Algorithms: we provide a structured
analysis of NSGA-II, MOEA/D, SPEA2, AGE-MOEA, and their variants, comparing algo-
rithmic complexity, convergence properties, and scalability to high-dimensional objective
spaces; (iii) Artificial Intelligence and Mathematics: we trace how reinforcement learning
formulates optimization as a Markov decision process with mathematically defined reward
functions and how large language models embed test cases and code into high-dimensional
vector spaces where optimization operates over semantic manifolds; (iv) Computational
Mathematics: we examine surrogate-assisted evolutionary computation, Bayesian opti-
mization, and the computational complexity of fitness landscape analysis; and (v) Decision
Theory and Decision Analysis: we analyze multi-criteria decision making under uncer-
tainty, including reference-point-based methods, knee-point identification, and interactive
preference articulation. The 120+ papers surveyed collectively form a case study in how a
classical mathematical discipline—multi-objective optimization—evolves when confronted
with the challenges of AI-driven, semantics-aware, large-scale decision problems. We em-
phasize throughout that the mathematical frameworks, algorithmic principles, and formal
problem structures surveyed herein are transferable to other engineering optimization
domains beyond software testing.

A fundamental characteristic of these problems is their inherently multi-objective
nature. Practitioners rarely care about a single criterion—code coverage, execution time,
fault detection history, test case diversity, and domain-specific safety requirements must
all be balanced simultaneously. This situation corresponds exactly to the mathemati-
cal framework of Pareto multi-objective optimization [9], where the goal is to identify
(or approximate) the set of non-dominated solutions, known as the Pareto front. Early
approaches aggregated multiple criteria into a single weighted-sum objective with user-
specified weights [1], but this requires careful weight tuning and produces only a single
solution, obscuring the rich trade-off landscape.

The introduction of Pareto-based multi-objective evolutionary algorithms (MOEAs) to
software testing [10,11] marked the first major paradigm shift: algorithms such as NSGA-
II [9] and its many-objective derivatives MOSA [10], DynaMOSA [11], and MIO [12] enabled
Pareto-front approximation for problems with up to hundreds of coverage objectives, dom-
inating from approximately 2010 to 2020. The field is now undergoing a second paradigm
shift: the rise of deep reinforcement learning (RL), large language models (LLMs), and hy-
brid neuro-evolutionary systems introduces semantic understanding of code intent, learned
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optimization policies from historical data, and the capacity to reason about test adequacy
without explicit fitness function specification. We characterize this transition as moving
“From Pareto to Hybrid Pareto-Neural”—not a replacement of classical methods, but an
expansion of the optimization toolkit toward learned, semantically-aware strategies that
complement, rather than supplant, numerical Pareto-front approximation. We emphasize
that the title “From Pareto to Neural” describes a historical expansion of methodology—not
a claim that neural methods are uniformly superior.

Motivation and Research Gap. Several surveys have examined aspects of test op-
timization [1,13–17]. Yoo and Harman’s seminal 2012 survey [1] covered TCP, TCS, and
TSM comprehensively but predates the AI revolution. More recent surveys on ML-based
testing [14,16] and LLM-based software testing [18] exist, but none specifically focuses
on the multi-objective optimization aspect across the full intelligence spectrum. Existing
surveys either focus on one paradigm (e.g., classical MOEA [1], LLM testing [18]), or one
activity (e.g., TCP only [15]). No existing survey provides (i) a unified mathematical
formulation spanning all five paradigms, (ii) a principled classification of approaches by
their optimization structure, or (iii) a cross-cutting analysis of when each paradigm is
theoretically and empirically preferable.

This taxonomy supports the following concrete decisions:

• For practitioners: Given a testing context—available historical data? well-defined
coverage criteria? semantic understanding needed?—the taxonomy guides method
selection by mapping context characteristics to appropriate intelligence levels.

• For researchers: The taxonomy reveals underexplored intersections—e.g., many-
objective LLM methods (L4 with m ≥ 4); RL for test suite minimization (L3 for
TSM)—that represent high-impact research opportunities.

• For tool builders: The complementarity analysis (Section 10.3) identifies which com-
ponents are best handled by MOEAs vs. LLMs, guiding architectural decisions in
hybrid system design.

• For educators and new researchers: The taxonomy provides a structured entry point
to a complex, multi-paradigm field spanning evolutionary computation, reinforcement
learning, and natural language processing.

Contributions. This paper makes the following contributions:

1. We propose a novel five-level taxonomy (L1–L5) for classifying multi-objective test
optimization approaches based on the type and degree of mathematical intelligence:
Classical MOEA, ML-Guided MOEA, RL-Driven, LLM-Driven, and Hybrid Neuro-
Evolutionary [19,20].

2. We systematically survey 120+ approaches published between 2000 and 2025, map-
ping each to our taxonomy with structured analysis of mathematical problem formu-
lations, objective function designs, and empirical performance.

3. We provide formal mathematical definitions for the core optimization problems—
including Pareto dominance for TCP and Markov Decision Processes for RL-based
testing—and present a submodularity result for test suite generation (adapted from
post-cutoff work by TestDecision [21]; see Section 3).

4. We conduct a cross-cutting analysis comparing the complementary strengths of AI
and classical MOEA methods across four test optimization activities.

5. We identify ten critical open challenges and outline a research roadmap for intelligent
multi-objective test optimization, with emphasis on mathematical foundations that
can bridge theory and practice.

https://doi.org/10.3390/math14152694

https://doi.org/10.3390/math14152694


Mathematics 2026, 14, 2694 4 of 26

Paper Structure. Section 2 provides the mathematical background on multi-objective
optimization and formal definitions of test optimization activities. Section 3 describes our
systematic mapping study methodology. Section 4 presents the five-level taxonomy with
formal characterizations. Sections 5–9 detail each intelligence level with mathematical
problem formulations. Section 10 provides cross-cutting analysis across levels. Section 11
discusses open challenges and future directions. Section 12 concludes this paper.

2. Mathematical Background and Problem Formulation
2.1. Multi-Objective Optimization: Formal Definitions

A multi-objective optimization problem (MOP) is formally defined as follows:

min
x∈Ω

F(x) = ( f1(x), f2(x), . . . , fm(x)) (1)

Sign convention. Throughout this paper, all objective functions are expressed in mini-

mization form unless otherwise noted. Maximization objectives (e.g., APFD; coverage) are
transformed to minimization via negation: f min

i (x) = − f max
i (x). For APFD specifically, the

transformed objective is f ′APFD(π) = 1 − APFD(π), which is to be minimized.
Where m ≥ 2 denotes the number of objectives, x ∈ Ω ⊆ Rn is a decision vector in the

n-dimensional decision space, and each fi : Ω → R is an objective function to be minimized.
Since objectives typically conflict—improving one requires degrading another—there exists
no single optimal solution. Instead, optimality is defined through Pareto dominance.

Definition 1 (Pareto Dominance). Given two decision vectors x1, x2 ∈ Ω, we say that x1

Pareto-dominates x2, denoted x1 ≺ x2, if and only if

∀i ∈ {1, . . . , m} : fi(x1) ≤ fi(x2) ∧ ∃j ∈ {1, . . . , m} : f j(x1) < f j(x2) (2)

Definition 2 (Pareto Front). The Pareto-optimal set P∗ is the set of all non-dominated solutions in
Ω. The Pareto front PF∗ is the image of P∗ in the objective space: PF ∗ = {F(x) | x ∈ P∗} ⊆ Rm.

When m > 3, the problem is referred to as many-objective optimization [22], where
standard dominance-based MOEAs degrade due to the exponential growth of the non-
dominated region. In software testing, many-objective formulations naturally arise when
each branch, statement, or mutant in the code is treated as an independent optimization
objective [10], yielding m in the range of 102–104.

2.2. Formal Definitions of Test Optimization Activities

Test Case Prioritization (TCP). Let T = {t1, . . . , tn} be a test suite. The TCP problem
seeks a permutation π : {1, . . . , n} → {1, . . . , n} that maximizes a set of m objective
functions. The most commonly used metric is the Average Percentage of Faults Detected
(APFD) [23]:

APFD = 1 − ∑k
i=1 TFi

n × k
+

1
2n

(3)

where TFi is the position of the first test case in π that detects fault i, and k is
the total number of faults. A multi-objective TCP formulation optimizes F(π) =

( fAPFD(π), fcost(π), fcoverage(π), fdiversity(π)).
Test Suite Minimization (TSM). Given a test suite T and a set of requirements

R = {r1, . . . , rp} (e.g., code elements to cover), TSM seeks a minimal subset T′ ⊆ T such
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that all requirements in R are covered. This problem is NP-hard, being equivalent to the
minimum set cover problem. The multi-objective formulation with m criteria is as follows:

min
T′⊆T

(
|T′|,−cov(T′, R), cost(T′)

)
s.t. cov(T′, R) ≥ θ (4)

Test Case Selection (TCS). Given a test suite T, a set of code changes ∆, and a set of
requirements R, the TCS problem seeks a subset T′ ⊆ T that maximizes relevance to ∆
while satisfying coverage and cost constraints. Formally,

max
T′⊆T

(
rel(T′, ∆), cov(T′, R), −cost(T′)

)
(5)

where rel(T′, ∆) measures how likely each selected test is to exercise the changed code.
Unlike TSM (Equation (4)), which minimizes suite size while preserving coverage, TCS
selects tests specifically relevant to a given change set—making the objectives of the two
problems different despite their shared subset-selection structure. Multi-objective TCS
approaches [24,25] further inject diversity objectives to prevent the selection from collapsing
onto a narrow set of tests that all target the same changed code.

Test Case Generation (TCG). The TCG problem seeks to automatically synthesize test
inputs that maximize coverage of program elements. In many-objective formulations, each
branch b ∈ B is an independent objective with fitness measured by branch distance db(x)
and approach level ab(x). The overall optimization is as follows:

min
x∈D

(
fb1(x), . . . , fb|B|(x)

)
, fb(x) = ab(x) + ν(db(x)) (6)

where D is the input domain, and ν(·) is a normalization function.

2.3. Markov Decision Process Formulation for RL-Based Testing

When reinforcement learning is applied to test optimization, the problem is formalized
as a Markov Decision Process (MDP) M = (S ,A,P ,R, γ), where

• S is the state space (e.g., current coverage status, test execution history, and CI
build features);

• A is the action space (e.g., which test to execute next; which API operation to call);
• P : S ×A → ∆(S) is the state transition probability function;
• R : S ×A → Rm is a vector-valued reward function for multi-objective RL [26];
• γ ∈ [0, 1) is the discount factor.

The goal is to learn a policy πθ(s) that maximizes the expected cumulative vector
reward. Multi-objective extensions use scalarization functions or envelope Q-learning to
handle the vector reward.

3. Systematic Mapping Study Methodology
Following the distinction between systematic literature reviews and systematic map-

ping studies [27], this work is best characterized as a systematic mapping study: we
provide a broad, structured classification of the research landscape rather than in-depth evi-
dence synthesis of individual study outcomes. Systematic literature reviews aggregate and
synthesize evidence on focused research questions, while systematic mapping studies clas-
sify and structure a broader research area [27,28]. Given our goal of providing a panoramic
taxonomy across five paradigms (L1–L5), a mapping study design is appropriate.
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We followed the guidelines of Kitchenham et al. [29] for conducting systematic studies
in software engineering. The survey covers papers published between January 2000 and
May 2025, retrieved from six digital libraries: IEEE Xplore, ACM Digital Library, Springer
Link, ScienceDirect, arXiv, and DBLP.
Late Additions (Post-Cutoff). During the revision process, three papers published after the
May 2025 search cutoff were incorporated as late additions to ensure the survey reflects the
most current developments in this rapidly evolving field: (i) CoverUp [30] (published June
2025 in Proc. ACM Softw. Eng., FSE 2025), a major LLM-driven test generation system that
achieved 80% coverage versus CodaMosa’s 47%; (ii) TestDecision [21] (arXiv:2604.01799,
April 2026), which provides one of this paper’s key mathematical results (Theorem 1 on
submodularity of test suite coverage); and (iii) E-Test [31] (published 2026 in Proc. ACM
Program. Lang., OOPSLA 2026), an LLM-based test augmentation system. These three
papers are clearly identified as late additions in the classification tables (Table S1) and are
excluded from the temporal trend calculations in Table 9 and the PRISMA counts (Figure 1),
which reflect only the 123 primary studies identified during the original search window.
Selection Criterion. Post-cutoff papers were considered for late addition if they met at least
one of two criteria, evaluated over June 2025–July 2026 (the revision window): (i) Formal
mathematical result—this paper provides a theorem, proof, or complexity bound directly
addressing a gap identified in the original systematic mapping. TestDecision [21] is the
only post-cutoff paper meeting this criterion, providing the first submodularity proof for
sequential test suite coverage (Theorem 1). (ii) Step-change in empirical performance—this
paper reports results that redefine the quantitative frontier at a surveyed level. CoverUp [30]
(80% coverage vs. CodaMosa’s 47%) and E-Test [31] (RAG-based test augmentation for
production behaviors) satisfy this criterion. To verify completeness, we re-ran the original
search strings on arXiv (cs.SE; cs.LG; cs.AI) and DBLP for the post-cutoff window; no other
eligible papers meeting either criterion were identified.
Protocol boundary. Results that depend on post-cutoff material—notably Theorem 1
(submodularity of test suite coverage, due to TestDecision [21])—are explicitly identified at
each point of use with a provenance note and fall outside the formal systematic mapping
protocol. They are retained as supplementary theoretical enrichments that do not alter the
taxonomy, the PRISMA counts (Figure 1), the temporal trend calculations (Table 9), or any
core finding of the mapping study. The inclusion of these late additions does not alter any
of this survey’s core findings or the taxonomy structure.

3.1. Research Questions

We formulated four research questions that structure this entire study:

1. RQ1: How can multi-objective test optimization approaches be systematically classi-
fied along the intelligence spectrum?

2. RQ2: What are the dominant mathematical formulations, objective functions, and
algorithms at each intelligence level?

3. RQ3: How do AI-driven methods compare to classical MOEAs in terms of effective-
ness, efficiency, and generalizability?

4. RQ4: What are the key open challenges and promising future directions for
this domain?

3.2. Search Strategy

The search string combined three concept groups connected by the Boolean
AND operator:
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1. Concept Group 1 (Multi-Objective Optimization): “multi-objective” OR “many-
objective” OR “Pareto” OR “NSGA” OR “MOEA” OR “multiobjective” OR
“many objective”;

2. Concept Group 2 (Test Optimization Activities): “test case prioritization” OR “test
case selection” OR “test suite minimization” OR “test case generation” OR “test
optimization” OR “regression testing” OR “TCP” OR “TCS” OR “TSM” OR “TCG”;

3. Concept Group 3 (Algorithm Families): “evolutionary” OR “genetic” OR “reinforce-
ment learning” OR “deep learning” OR “large language model” OR “neural network”
OR “surrogate-assisted” OR “Bayesian optimization”.

Table 1 summarizes the database-specific search configurations. For each digital
library, we adapted the query syntax and search scope to match the platform’s capabilities.

Table 1. Database-specific search configurations for the systematic mapping study.

Database Search Fields Syntax Notes Filters Initial Hits

IEEE Xplore Title, Abstract Wildcard “*” for stemming Journals + conferences 486
ACM DL Title, Abstract “+” prefix for mandatory terms Proceedings, journals 398
Springer Link Title, Abstract Simplified 2-group form Computer Science 357
ScienceDirect Title, Abstract, Keywords Advanced search CS subject area 289
arXiv All fields (API) Full combined query cs.SE, cs.LG, cs.AI, stat.ML 205
DBLP Title only Combined terms None (API constraints) 112

Total — — — 1847

Figure 1. PRISMA-style flow diagram of the systematic mapping study selection process. The
diagram follows the four-phase structure of identification (blue), screening (orange), and inclusion
(green), with synthesis steps shown at the bottom. Counts at each stage are reported as recorded
during the screening process.

3.3. Study Selection Process and PRISMA Flow

Figure 1 presents the PRISMA-style flow diagram [28] of our study selection process
across four phases: identification, screening, eligibility, and inclusion.
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3.4. Screening and Inclusion Criteria

Table 2 summarizes the counts and exclusion reasons at each screening stage.

Table 2. Summary of the screening process with exclusion reasons and stage counts.

Stage Input Output Exclusion Reasons (Count)

Initial retrieval – 1847 –
Duplicate removal 1847 1243 Duplicates across databases (604)
Stage 1: Title & abstract 1243 347 Not multi-objective (412); Not software testing

(278); Position/vision paper (134); Not in
English (72)

Stage 2: Full-text 347 126 MO only mentioned in passing (98);
Insufficient methodological detail (76);
Duplicate/overlapping publication (47)

Final corpus – 126 Total excluded: 1721

Inclusion Criteria: (a) proposes or evaluates a multi-objective approach for at least one
of TCP, TCS, TSM, or TCG; (b) published in a peer-reviewed venue or available as a high-
quality preprint with sufficient methodological detail; (c) published between January 2000
and May 2025 (with three late additions incorporated during revision as documented in
Section 3); (d) written in English.
Exclusion Criteria: (a) single-objective optimization only; (b) not in the software testing
domain; (c) position papers, vision statements, or editorials without empirical or formal
evaluation; (d) duplicate publications from the same authors with substantially overlap-
ping content.

3.5. Inter-Rater Reliability

Both authors independently screened and classified a random sample of 30 papers
(25% of the final corpus). Inter-rater agreement on inclusion decisions was assessed using
Cohen’s κ, with disagreements resolved through discussion. Results: inter-rater reliability
was “almost perfect” across all three coding dimensions per Landis & Koch (1977) bench-
marks: inclusion decisions κ = 0.86 (93.3% observed agreement), taxonomy level κ = 0.84
(88.5% observed agreement), and testing activity κ = 0.88 (92.3% observed agreement).
Full per-paper agreement data are provided in Supplementary Table S2. For taxonomy
classification (Section 4.1), we applied the same dual-screening procedure. The remaining
papers were screened and classified by the first author following the agreed protocol.

3.6. Data Extraction

For each included primary study, we extracted the following: intelligence level (L1–L5)
and sub-category, testing activity (TCP/TCS/TSM/TCG), mathematical formulation, objec-
tive functions, evaluation benchmarks, key quantitative results, and identified limitations.

4. Taxonomy: The Five Intelligence Levels
4.1. Classification Protocol

Each primary study was assigned to a single intelligence level based on a decision tree
with the following ordered criteria:

1. Does the method use an LLM as a core optimization component? If yes, go to (2); if
no, go to (3).

2. Is the LLM combined with an evolutionary algorithm or RL component? If yes →
L5 (hybrid neuro-evolutionary). If no → L4 (LLM-driven).

3. Does the method learn an optimization policy through environment interaction
(MDP, reward signal)? If yes → L3 (RL-driven). If no, go to (4).
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4. Does the method use a learned surrogate model or ML-based fitness approxima-
tion as a core search component? If yes → L2 (ML-guided MOEA). If no → L1
(classical MOEA).

The decision tree is mutually exclusive and exhaustive for the five levels—each pri-
mary study is assigned to exactly one level. For L5 hybrids, we further classify the interac-
tion pattern into sub-categories (L5a–d) based on the role the LLM plays: seed, operator,
surrogate, or co-evolutionary component.

Tie-breaking rule. For methods with borderline characteristics (e.g., an L1 method
with a simple ML-based fitness predictor used only in pre-processing), we classify at the
lower level if the AI component is used only for pre-/post-processing and does not alter
the core optimization dynamics. For example, DeepGD [32] uses NSGA-II as the core
search algorithm with ML-derived fitness—it is classified as L2 because the ML component
fundamentally defines the objective landscape. Conversely, an L1 method that uses a
neural network solely to compute an input feature is classified as L1 because the core search
dynamics are unaffected.

Borderline Cases and L4/L5 Boundaries. Several systems sit near the L4/L5 boundary,
most notably CodaMosa [33], which pioneered the integration of LLMs with search-based
software testing (SBST). CodaMosa uses an LLM to generate seed test cases when the
SBST search plateaus, followed by an evolutionary algorithm (SBST) for refinement. Per
our decision tree, any method that combines an LLM with an evolutionary algorithm
is classified as L5, regardless of how loosely coupled the components are. We therefore
classify CodaMosa as L5a (LLM-as-Seed): the LLM provides semantically informed initial
populations (seeding), and the evolutionary algorithm refines them. This is consistent with
our classification of EvoGPT’s initialization phase and MaOG3P as L5a. We acknowledge
that CodaMosa’s role as the pioneering bridge between L4 and L5 means it is discussed in
both contexts—as the first demonstration of LLM+SBST synergy (Section 8.2) and as an L5a
hybrid system (Section 9, Table 7). Similarly, TELPA [34] uses program analysis to guide
LLM prompting rather than an evolutionary algorithm, placing it firmly in L4b despite its
structural similarity to L5a seeding approaches. We provide this boundary discussion to
help readers understand the taxonomy’s edge cases and to guide consistent classification
of future hybrid systems.

Inter-rater reliability for classification. Both authors independently classified a
random sample of 30 papers (25% of the corpus). Disagreements were resolved through
discussion. The remaining papers were classified by the first author following the agreed
protocol and decision tree.

4.2. Comparison with Existing Taxonomies

Table 3 positions our L1–L5 taxonomy relative to existing classification schemes in
the literature. The key differentiator of our taxonomy is its unified mathematical framing:
rather than classifying by technique type or application domain, we classify by the structure
of the optimization problem and the nature of the search mechanism. This reveals
cross-paradigm patterns—e.g., the common challenge of diversity preservation across
L1 crowding distance and L5 multi-prompt sampling—that are invisible to technique-
based taxonomies.
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Table 3. Comparison of existing survey taxonomies with the proposed L1–L5 framework.

Survey Classification Basis Paradigms Covered Multi-Objective
Focus?

AI/LLM Coverage?

Yoo & Harman (2012) [1] Activity (TCP/TCS/TSM) Classical heuristics No No
Catal & Mishra (2013) [13] Technique type Classical TCP No No
Khatibsyarbini et al.
(2018) [15]

TCP technique categories Classical + basic ML No No

Lima et al. (2020) [14] ML technique type ML-based Partial No
Wang et al. (2024) [18] LLM application LLM-based No Yes (LLM only)
This survey Optimization structure +

intelligence level
L1–L5 full spectrum Yes (central) Yes (L3–L5)

4.3. Taxonomy Structure

We propose a five-level taxonomy that classifies multi-objective test optimization ap-
proaches based on the type and degree of mathematical intelligence incorporated into the
optimization process. Figure 2 illustrates the taxonomy, arranged as an inverted pyramid
to reflect the increasing specialization and decreasing research volume at higher levels.

Figure 2. A five-level intelligence taxonomy for multi-objective test optimization.

Table 4 provides a concise characterization of each level.
Each level can be distinguished mathematically along four orthogonal dimensions:

(i) optimization structure: whether the objective function is analytically specified (L1–L2),
learned from data via a reward function (L3), or implicitly defined through natural lan-
guage prompts (L4–L5); (ii) decision space representation: whether solutions are encoded
as discrete combinatorial objects such as permutations and subsets (L1–L3) or as contin-
uous vector embeddings in a learned semantic space (L4–L5); (iii) search mechanism:
whether exploration is driven by genetic operators with mathematically characterized
variation distributions (L1–L2), policy gradient updates with known regret bounds (L3), or
autoregressive token sampling from a learned conditional distribution (L4–L5); and (iv) op-
timality guarantees: whether convergence to the Pareto front is provably bounded (L1:
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O(MN2) per generation with asymptotic convergence guarantees), empirically guided by
surrogate model accuracy (L2–L3), or heuristic with no formal convergence characterization
(L4–L5).

Table 4. Characterization of the five intelligence levels.

Level Mathematical Core Representative Works Key Limitation

L1: Classical MOEA Pareto dominance, non-dominated
sorting, crowding distance

MOSA [10], DynaMOSA [11],
MIO [12], SegTCP [35]

Cannot leverage semantic
information; fitness must be
differentiable or computable

L2: ML-Guided MOEA Surrogate modeling (GP, RBF, NN),
experience-based meta-learning

DeepGD [32], PRIMG [36],
SAEAs [37]

Surrogate accuracy degrades
with problem dimensionality

L3: RL-Driven MDP, Q-learning, policy gradient,
many-objective RL

RETECS [38], MORLOT [26],
DeepREST [39], TestDecision [21]

Reward design complexity;
sample inefficiency

L4: LLM-Driven Prompt engineering, RAG,
few-shot ICL, code semantics

CoverUp [30], LLMPrior [40],
TELPA [34]

High inference cost; prompt
sensitivity; reproducibility

L5: Hybrid LLM + MOEA/RL fusion,
co-evolution, multi-agent

EvoGPT [41], CoCoEvo [42],
MaOG3P [43]

System complexity;
hyperparameter explosion

The taxonomy is cumulative—higher levels are not strictly superior to lower ones. As
our cross-cutting analysis (Section 10) reveals, L1 methods remain competitive for well-
defined numerical objectives with hundreds of targets, while L4–L5 methods excel where
semantic understanding and cold-start generation are critical.

5. L1: Classical Multi-Objective Evolutionary Test Optimization
The foundational level represents the Pareto era of multi-objective test optimization,

characterized by hand-crafted fitness functions optimized through evolutionary algorithms
with dominance-based selection. The mathematical core is the NSGA-II framework [9],
which combines non-dominated sorting (ranking solutions by their Pareto front depth) with
crowding distance (measuring solution density in objective space) to maintain population
diversity while converging toward the true Pareto front.

Convergence Properties. Rudolph [44] proved that a (µ+λ)-EA with elitism converges
to the global optimum in the limit of infinite populations and strictly positive mutation
probability. For NSGA-II specifically, under the assumptions of elitism and appropriate
selection pressure, the non-dominated sorting procedure guarantees that the archive mono-
tonically approaches the true Pareto front in hypervolume, though the convergence rate
depends on problem dimensionality, population size, and the choice of genetic operators.
In finite-population practice, convergence is not guaranteed, though empirical evidence
shows effective Pareto-front approximation on problems with up to m ≈ 15 objectives. In
the testing context, DynaMOSA’s dynamic objective selection accelerates convergence by
reducing the effective objective count during search [11].

5.1. Many-Objective Test Case Generation

A major breakthrough in L1 research was the reformulation of test case genera-
tion as a many-objective problem (Equation (6)). Three milestone algorithms represent
this evolution:

MOSA [10] introduced three key innovations: (i) preference-based sorting that rewards
tests covering at least one uncovered target over those achieving low fitness on many targets;
(ii) an archive storing the best tests for each covered target; and (iii) a focus-on-uncovered
strategy that removes covered targets from the active objective set.
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DynaMOSA [11] extended MOSA with dynamic target selection based on control depen-
dency hierarchies. When a test covers a new target, its control-descendant targets are added
to the active optimization set. Formally, if b1 is uncovered and b2 is control-dependent on
b1, then b2 is only added to the objective set after b1 is covered.

MIO [12] combined the simplicity of (1+1)-EA with a dynamic population, feedback-
directed target selection, and adaptive exploration–exploitation trade-off, specifically de-
signed for system-level testing with m > 104 objectives.

A large-scale empirical study by Campos et al. [45] comparing 13 evolutionary algo-
rithms confirmed DynaMOSA as the top-ranked algorithm for both single and multiple
coverage criteria. PCA-DynaMOSA [46] further addressed scalability through principal
component analysis of the objective space, improving branch coverage by 5.50% over
standard DynaMOSA on 49 projects.

5.2. Multi-Objective Test Case Prioritization

MOTCP [47] formulated TCP as a four-objective NSGA-II problem with code coverage,
fault detection history, execution cost, and requirement coverage for service-oriented sys-
tems. SegTCP [35] applied NSGA-II and AGE-MOEA to UI testing with four segment-based
coverage objectives, achieving an APFD of 87.8% on 11 test suites in a black-box setting.

5.3. Multi-Objective Test Case Selection and Minimization

MOIP for MCTSM [8] proposed multi-objective integer programming approaches
that build the true Pareto front for test suite minimization, contrasting with approximate
fronts from MOEAs. Their ϵ-constraint and CWMOIP methods guarantee soundness and
completeness that evolutionary heuristics cannot provide—a mathematically rigorous
alternative for problems of moderate size (fewer than 104 decision variables).

6. L2: ML-Guided Multi-Objective Evolutionary Test Optimization
Level 2 approaches retain the evolutionary search framework of L1 but augment it with

machine learning models serving as surrogates, guides, or operators. The core mathematical
innovation is the use of surrogate models to approximate expensive fitness evaluations:

f̂i(x;D) ≈ fi(x), D = {(xj, fi(xj))}N
j=1 (7)

where f̂i is trained on N historical evaluations and provides cheap estimates for the EA’s
fitness evaluations.

6.1. Surrogate-Assisted Evolutionary Algorithms (SAEAs)

In the context of test optimization, fitness evaluation can be expensive—executing
a test suite on a large system, running simulations for autonomous driving tests [48], or
labeling DNN test inputs [32]. Three recent advances are notable:

Experience-based SAEAs [37] use meta-learning to transfer surrogate model parame-
ters across related tasks, requiring only 1d evaluations from the target task (d is the decision
space dimension). The surrogate uses deep kernel learning where a Gaussian process
is combined with a neural network covariance function, and meta-learning initializes
task-independent parameters from prior tasks.

Pairwise classification surrogates predict dominance relations rather than absolute
fitness values—since evolutionary selection only requires knowing whether x1 ≺ x2, not
the exact fi(xj) values. This transforms the regression problem into a binary classification
problem with reduced sample complexity.

DeepGD [32] applies NSGA-II for DNN test input selection with two objectives:
maximizing uncertainty scores (computed from DNN output probabilities) and maximizing
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input diversity. This is an L1/L2 hybrid: the search algorithm is classical NSGA-II, but the
fitness computation relies on ML-derived uncertainty measures.

PRIMG [36] trains a ridge regression model on mutant subsumption graphs to predict
which surviving mutants are most useful as test goals, enabling targeted test generation
that reduces suite size while maintaining mutation coverage.

Although TCS has received less attention in L2 research, the surrogate-modeling
techniques developed for TCP and TSM are directly transferable, as TCS shares the subset-
selection structure of TSM with the additional dimension of change-relevance [25].

6.2. Limitations

L2 methods face three key challenges: (i) surrogate accuracy degrades as problem
dimensionality increases, making them less effective for many-objective formulations with
m > 100; (ii) the cost of training the surrogate model itself can offset evaluation savings;
(iii) surrogate models are typically task-specific and do not transfer across different testing
contexts—motivating the transition to more autonomous, learning-based approaches in
L3–L5.

7. L3: Reinforcement Learning-Driven Test Optimization
Level 3 represents a fundamental mathematical shift: instead of using fixed evolution-

ary operators guided by hand-crafted fitness, RL-based methods learn an optimization policy
πθ : S → ∆(A) through interaction with the testing environment, formalized as a Markov
Decision Process (Section 2.3).

We classify L3 approaches into three sub-categories (Table 5):

Table 5. Sub-classification of L3: RL-driven test optimization.

Sub-Category Mathematical Mechanism RL Algorithm Representative Works

L3a: Value-Based Learn Q(s, a) via Bellman optimality;
π(s) = arg maxa Q(s, a)

Q-learning, DQN ARAT-RL [49], MUCOREST, DQN
extension [50]

L3b: Policy Gradient ∇θ J(θ) = E[∇θ log πθ(a|s)R]; direct
policy optimization

REINFORCE, PPO RETECS [38], TestDecision [21],
DeepREST [39]

L3c: Multi-Objective RL Vector reward R(s, a) ∈ Rm; envelope
Q-learning or scalarization

MORL, EQL MORLOT [26], Wuji [51], MOEQT

7.1. RL for Test Case Prioritization in CI

RETECS [38] pioneered RL-based TCP in CI environments, modeling it as a ranking
problem using policy gradient. The state st encodes four features per test case: duration,
time since last execution, last execution result, and historical failure frequency. The policy
πθ outputs a score per test, and the reward is based on the fault detection rate of the
resulting ordering.

TestDecision [21] formalizes test suite generation as an MDP and proves a key mathe-
matical property. Note on provenance: this result is due to TestDecision [21], a post-cutoff
(arXiv:2604.01799, April 2026) reference incorporated as a late addition during revision (see
Section 3 for selection criteria). Theorem 1 falls outside the formal systematic mapping
protocol (search window: January 2000–May 2025) and is retained as a supplementary
theoretical enrichment that does not alter the taxonomy, the PRISMA counts, or any core
finding of the mapping study.

Theorem 1 (Submodularity of Test Suite Coverage). The expected branch coverage function
F : 2T → R (where T is the space of all possible test cases) is monotone submodular: for any
A ⊆ B ⊆ T and t /∈ B, F (A ∪ {t})−F (A) ≥ F (B ∪ {t})−F (B).
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This submodularity enables a greedy step-wise relaxation of the NP-hard global opti-
mization: at each step, the agent generates a test that maximizes the marginal coverage gain,
providing a (1 − 1/e) approximation guarantee. TestDecision trains an LLM as a “neural
greedy expert” via RL to maximize this marginal gain, achieving 38–52% improvement in
branch coverage over base models.

7.2. RL for Many-Objective Online Testing

MORLOT [26] addresses online testing of DNN-enabled autonomous driving systems
by combining RL (for generating sequences of environmental changes) with many-objective
search (for determining which changes are most likely to violate yet-uncovered require-
ments). The vector reward R(s, a) ∈ Rm corresponds to m safety requirements. A replica-
tion study [50] identified issues with the original Q-learning formulation and showed that
DQN with a single-objective reformulation enables convergence to effective policies.

7.3. RL for Test Case Generation

DeepREST [39] uses PPO-based deep RL with curiosity-driven exploration for REST
API testing, achieving 37% higher branch coverage than EvoMaster. ARAT-RL [49] inde-
pendently confirmed RL effectiveness for REST API testing, with RL-based prioritization
contributing the most to overall effectiveness in an ablation study. Wuji [51] applied
evolutionary deep RL to online combat game testing—among the first demonstrations of
RL-MOEA synergy.

8. L4: Large Language Model-Driven Test Optimization
Level 4 introduces semantic reasoning into multi-objective test optimization. Unlike

numerical optimization (L1), surrogate modeling (L2), or reward-based learning (L3), LLMs
can understand code intent, reason about test adequacy, and generate plausible test cases
without explicit fitness function specification.

8.1. Mathematical Characterization of LLM-Driven Optimization

While L4 methods lack the formal convergence guarantees of L1, we can characterize
their optimization dynamics mathematically. Let M be an autoregressive language model
parameterized by θ, and let x = (x1, . . . , xL) be a generated test case represented as a
token sequence. The generation process defines a probability distribution over test cases
conditioned on a prompt c:

PM(x | c) =
L

∏
t=1

PM(xt | x<t, c) (8)

In the context of test optimization, the LLM implicitly defines an energy function
E(x; c) = − log PM(x | c). Sampling from the LLM at temperature T corresponds to
drawing from a Boltzmann distribution:

PT(x | c) ∝ exp
(
− E(x; c)/T

)
(9)

Multi-temperature sampling (as employed by EvoGPT [41]) can therefore be under-
stood as exploring different energy levels of the implicit fitness landscape, with higher T
providing broader exploration. However, the relationship between E(x; c) and the true
optimization objectives fi(x) is indirect and not guaranteed—this gap between semantic
likelihood (what the LLM deems probable) and functional quality (what the test suite
actually achieves) is the fundamental challenge that Challenge 8 addresses. The optimiza-
tion dynamics of autoregressive models in this context remain poorly characterized: there
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is no known bound on the number of samples required to reach a given hypervolume,
and no characterization of the stationary distribution induced by prompt-conditioned
token sampling.

We classify L4 approaches into four sub-categories (Table 6):

Table 6. Sub-classification of L4: LLM-Driven Test Optimization.

Sub-Category Mechanism LLM Role Representative Works

L4a: Prompt Engineering Zero/few-shot CoT; structured
prompt templates

Test generator LLMPrior [40], BugPrioritizeAI [52]

L4b: Feedback-Driven Iterative LLM querying with
execution feedback; conversational
repair

Generator +
repairer

CoverUp [30], TestART [53]

L4c: Fine-Tuned & RAG Fine-tune LLMs; retrieve relevant
context via RAG

Specialized
generator

E-Test [31], Tufano et al. [54]

L4d: LLM-as-Ranker LLM scores/sorts candidates via
semantic understanding

Test prioritizer LLMPrior, DD-TCP (GBDT-based)

8.2. LLM-Enhanced Search-Based Testing

CodaMosa [33] is the pioneering work bridging SBST and LLMs, and the first demon-
stration that LLM+evolutionary hybridization can outperform either approach alone. The
mathematical insight is that SBST search can be modeled as a trajectory on a coverage
landscape, and when the trajectory plateaus (stops improving), an LLM provides a “jump”
to a promising unexplored region by generating semantically informed seed tests. Because
CodaMosa combines an LLM with an evolutionary algorithm (SBST), our decision tree
classifies it as L5a (LLM-as-Seed); it is discussed here as the foundational work that opened
the LLM+SBST research direction and in Section 9 as a hybrid system. On 486 Python bench-
marks, CodaMosa achieved statistically significantly higher coverage on 173 benchmarks
while reducing coverage on only 10.

CoverUp [30] refined this with a tighter feedback loop: LLM-generated tests are
executed, coverage is measured, and failed tests trigger conversational repair with error
messages. Unlike CodaMosa, CoverUp does not rely on an evolutionary algorithm for
refinement—the LLM itself performs the repair through iterative prompting—placing it
in L4b. CoverUp achieved 80% median line+branch coverage versus CodaMosa’s 47%,
demonstrating that tight coverage–feedback–LLM integration substantially outperforms
occasional LLM seeding followed by SBST refinement.

TELPA [34] enhances LLM-based generation with program analysis: object construc-
tion analysis and branch dependency analysis identify hard-to-cover branches, providing
structured domain knowledge that guides LLM prompting. As TELPA uses program
analysis rather than an evolutionary algorithm as its secondary component, it is classified
as L4b.

8.3. LLMs for Test Prioritization

LLMPrior [40] uses zero-shot Chain-of-Thought prompting to cluster crowdsourced
test reports by bug type, followed by a recurrent selection algorithm that ensures diverse
bug coverage. On 1417 reports from 20 mobile apps, LLMPrior outperformed DeepPrior by
12.77%.

BugPrioritizeAI [52] proposes a multimodal framework combining bug reports, code
changes, and test metadata with SHAP-based explanations. E-Test [31] leverages RAG,
fine-tuning, and few-shot learning to classify execution scenarios, identifying production
behaviors that lack adequate test coverage.
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A critical debate in L4 research is whether LLMs can replace search-based methods.
The consistent empirical finding is that LLMs alone underperform hybrid approaches—
CodaMosa’s hybrid outperformed both SBST-only and LLM-only baselines; CoverUp’s
iterative feedback-driven approach contributed nearly 40% of its successes. This motivates
the L5 hybrid paradigm.

9. L5: Hybrid Neuro-Evolutionary Test Optimization
Level 5 represents the frontier: systems that deliberately fuse LLMs with evolutionary

algorithms or RL. The key mathematical insight is the complementarity of optimization
strategies: LLMs provide semantic diversity through multiple temperature/prompt con-
figurations (exploration), while MOEAs provide principled diversity preservation and
convergence guarantees (exploitation).

We identify four sub-categories (Table 7):

Table 7. Sub-classification of L5: hybrid neuro-evolutionary systems.

Sub-Category Interaction Pattern Mathematical Role Representative Works

L5a: LLM-as-Seed LLM generates initial population;
MOEA refines

Fast cold-start initialization
from pre-trained distribution

CodaMosa,
MaOG3P [43], EvoGPT
(init phase)

L5b: LLM-as-Operator LLM performs crossover/mutation/repair Semantic variation operator
guided by code understanding

CoCoEvo [42], LLM_GP,
EvoGPT (plateau escape)

L5c: LLM-as-Surrogate LLM predicts fitness/dominance Zero-shot fitness evaluation
via contextual reasoning

LAEA [55]

L5d: Co-Evolutionary LLM simultaneously evolves programs
and tests; Pareto selection

Co-evolutionary dynamics
with Pareto-based test quality
selection

CoCoEvo, ReEvo [56],
TestART [53]

9.1. EvoGPT: Diversity-Enforced LLM+EA Hybrid

EvoGPT [41] is the most comprehensive L5 system, featuring (i) multi-agent LLM
initialization: 5 configurations × 5 queries = 25 diverse initial test suites through multi-
temperature/multi-prompt generation; (ii) generation–repair loop with stack-trace-guided re-
prompting; (iii) coverage-guided augmentation targeting uncovered branches; (iv) genetic algo-
rithm optimization with fitness combining structural coverage and mutation score; (v) plateau
escape: when the GA stagnates, multiple LLM agents are re-invoked.

On Defects4J, EvoGPT achieved a 10% improvement in both code coverage and muta-
tion score over both LLM-only (TestART) and SBST-only (EvoSuite) baselines. An ablation
study revealed the key design principle: diversity enforcement at both initialization and
plateau escape stages is essential—adding temperature diversity, prompt diversity, and
plateau recovery each contributed statistically significant improvements.

9.2. Co-Evolutionary LLM Systems

CoCoEvo [42] proposes LLM-based co-evolution where programs and test cases evolve
simultaneously. The test case selection uses Pareto-based multi-objective optimization with
two objectives: accuracy (agreement between programs and test cases) and discriminatory
power (ability to distinguish correct from incorrect programs). MaOG3P [43] combines
ChatGPT 3.5 with many-objective grammar-guided genetic programming, using code
similarity to the LLM-generated seed as a secondary objective to prevent premature drift
from the plausible region.
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9.3. LLM as Surrogate Model

LAEA [55] proposes using LLMs directly as surrogate models within EAs: given
historical evaluation data as context, the LLM predicts whether a new solution is “good” or
“bad” through zero-shot inference. Experiments with 9 LLMs on 5D and 10D test functions
showed performance comparable to Bayesian Optimization with no task-specific training.

9.4. Design Principles for L5 Systems

We distill four design principles: (1) diversity through multiplicity: multiple LLM
configurations produce more diverse populations than any single configuration; (2) LLM at
plateaus; MOEA for local search: LLMs are most valuable when search stagnates; MOEAs
most effective at refining promising regions; (3) similarity as secondary MOEA objective:
similarity to LLM seed prevents loss of valuable semantic information during evolution;
(4) feedback loop tightness matters: tighter integration of execution feedback into LLM
prompting (CoverUp) outperforms occasional seeding (CodaMosa).

10. Cross-Cutting Analysis
10.1. Performance Comparison Across Levels

Important Methodological Caveat. The comparisons in this section are descriptive
and cross-sectional, not a controlled meta-analysis. Methods were evaluated on different
benchmarks, under different protocols, and with different metrics. Numbers are reported
as stated in the original papers and cannot be directly compared across rows. The purpose
of this synthesis is to illustrate the diversity of evidence available at each intelligence level,
not to establish the superiority of any level over another.

Table 8 synthesizes the reported performance of representative methods across test-
ing activities.

Table 8. Cross-level performance comparison.

Method Level Activity Key Result Benchmark

SegTCP [35] L1 TCP APFD 87.8% (vs. 83% GA) 11 UI test suites
DynaMOSA [11] L1 TCG #1 rank among 13 EAs EvoSuite benchmark
MIO [12] L1 TCG Higher coverage than MOSA/WTS Artificial + REST API
DeepGD [32] L2 TCS Better fault detection than coverage-based 4 DNN datasets
PRIMG [36] L2 TCG ML-prioritization beats random selection Solidity contracts
RETECS [38] L3 TCP Near-optimal CI prioritization Industrial CI data
MORLOT [26] L3 TCG (online) Sig. better than random/many-obj CARLA simulator
DeepREST [39] L3 TCG +37% branch vs. EvoMaster; 2.5× bugs 10 REST APIs
TestDecision [21] L3 TCG +38–52% branch vs. base LLMs ULT benchmark
CodaMosa [33] L5 TCG +cov on 173/486, −cov on 10 486 Python modules
CoverUp [30] L4 TCG 80% line+branch (vs. 47% CodaMosa) Python benchmarks
LLMPrior [40] L4 TCP (reports) +12.77% over DeepPrior 1417 reports, 20 apps
EvoGPT [41] L5 TCG +10% coverage & mutation vs. LLM-only and

SBST-only
Defects4J

CoCoEvo [42] L5 TCG+Co-evo SOTA on code generation + testing Multiple LLMs

Key Observation: No single level dominates across all activities. L1 methods re-
main highly competitive for traditional unit test generation with well-defined coverage
objectives. L3/L4 methods excel when semantic understanding or adaptability is required
(CI prioritization, REST API testing, and DNN testing). L5 methods, when evaluated
within their respective studies, consistently outperform their study-specific pure-LLM and
pure-SBST baselines. However, these comparisons are not normalized across studies, and
the improvement margin (10–15%) is modest relative to the added system complexity.
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Limitations of Cross-Study Synthesis. The heterogeneity of evaluation proto-
cols across the surveyed literature imposes fundamental limits on comparative analysis.
Specifically, (i) benchmarks range from small academic programs (EvoSuite benchmark,
∼100 classes) to industrial CI pipelines with thousands of tests; (ii) metrics vary—APFD
for TCP, branch coverage for TCG, and mutation score for test quality—and are not inter-
convertible; (iii) computational budgets differ by orders of magnitude (minutes for L1,
hours for L5 with API calls); and (iv) most studies report best-configuration results, in-
troducing an optimistic bias relative to default-configuration performance. A rigorous
multi-method multi-benchmark study under controlled conditions is needed to draw
reliable comparative conclusions.

10.2. Mathematical Trade-Offs Across Intelligence Levels

Beyond empirical performance comparisons, the five intelligence levels embody dis-
tinct mathematical trade-offs that determine when each paradigm is theoretically preferable:

Convergence guarantees. L1 (classical MOEAs) benefit from well-established conver-
gence theory. NSGA-II guarantees O(MN2) complexity per generation for non-dominated
sorting. Under the assumptions of elitism, strictly positive mutation probability, and in-
finite population size, NSGA-II converges to the global Pareto front in the limit [9,44].
In finite-population practice, convergence is not guaranteed, though empirical evidence
shows effective Pareto-front approximation on problems with up to m ≈ 15 objectives. L3
(RL-driven) methods inherit the convergence guarantees of policy gradient algorithms—
typically O(1/

√
T) regret bounds for natural policy gradient methods—but these bounds

apply to scalarized reward functions, not to Pareto-front quality. L4–L5 methods currently
lack formal convergence characterization in the optimization-theoretic sense; their behavior
is governed by the implicit inductive biases of the pre-training distribution and the prompt-
conditioned sampling process, for which convergence theory is an active area of research
(see Challenge 8).

Computational complexity. The per-generation cost of L1 methods grows quadrat-
ically with population size N (due to pairwise dominance comparisons), making them
practical for N ≤ 103 but challenging for very large populations. L3 methods shift computa-
tion to the offline training phase; online inference is O(1) per decision. L4–L5 methods have
unpredictable latency due to autoregressive decoding, typically requiring O(L) forward
passes for a response of L tokens, with single-query costs of 1–3 s at current API latencies.

Dimensionality scaling. In many-objective problems (m ≥ 4), dominance-based
selection degrades because most solution pairs become mutually non-dominated (incom-
parable), an effect known as dominance resistance [22]. For m independent and uniformly
distributed objectives, the probability that one randomly chosen solution dominates an-
other is 2−m (each objective independently has probability 1/2 of being better). Conse-
quently, the probability that two solutions are incomparable (neither dominates the other)
is 1 − 2 · 2−m = 1 − 2−(m−1). For m = 4, this means 87.5% of random solution pairs
are incomparable, rendering pairwise dominance comparisons largely uninformative; for
m ≥ 10, over 99.8% of pairs are incomparable.

Two asymptotic regimes must be carefully distinguished, as they exhibit opposite
limiting behavior [22,57]:

1. Fixed m, N → ∞ (growing population). The expected number of non-dominated
points among N independently sampled solutions grows as Θ((ln N)m−1), while the
proportion of non-dominated points tends to 0. For typical population sizes (N ≈ 100)
and moderate m, a fraction of the population may remain mutually non-dominated,
but this fraction decays (logarithmically in N; exponentially in m) as N grows.
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2. Fixed N, m → ∞ (growing objective count). Since 2−(m−1) → 0, the probability that
any two solutions are comparable tends to 0; consequently, virtually all N solutions
become mutually non-dominated, and dominance-based ranking provides no selec-
tion pressure. This regime is the primary concern in many-objective test generation,
where m can reach 102–104.

In practice, with typical population sizes (N ≈ 100), dominance resistance becomes
severe at m ≥ 4 and prohibitive at m ≥ 10. L1 methods address this via decomposition
(MOEA/D [58]) or reference-point methods (NSGA-III [57]), which scale to m ≈ 15 in
practice. L4–L5 methods are not yet evaluated beyond m = 3, and whether LLM-based
optimization can exploit the lower effective dimensionality of real-world objective sets
remains an open question.

Landscape structure sensitivity. L1 methods perform best on problems with well-
defined fitness gradients, where genetic operators can incrementally improve solutions.
They struggle on deceptive landscapes and on needle-in-haystack problems. L3 methods
can learn to navigate deceptive landscapes from experience. L4–L5 methods bypass fitness
landscapes entirely by operating in a learned semantic space, but their effectiveness is
bounded by the quality of that representation rather than the intrinsic structure of the
optimization problem.

10.3. The Complementarity Principle

Our central finding is that AI and evolutionary methods are complementary across
four orthogonal dimensions:

1. Semantic vs. Numerical: LLMs handle semantic reasoning; MOEAs handle numerical
optimization of well-defined coverage distances.

2. Cold-start vs. Refinement: LLM pre-trained knowledge provides strong initialization;
MOEAs refine through principled diversity-preserving search.

3. Exploration vs. Exploitation: Multi-temperature/multi-prompt LLM generation pro-
vides broad exploration; MOEA crossover/mutation provides controlled exploitation.

4. Adaptation vs. Optimization: RL agents continuously adapt to changing environ-
ments (CI pipelines); MOEAs solve fixed problems to convergence.

10.4. Quantitative Trends Across Intelligence Levels

Table 9 summarizes the distribution of primary studies across intelligence levels,
testing activities, and temporal periods. The temporal trend is pronounced: L1 papers
dominate the 2000–2018 corpus (approximately 60%), L3 grows from 2017 onward (ap-
proximately 15%), and L4–L5 papers account for roughly 40% of the post-2023 literature,
reflecting the rapid emergence of LLM-driven and hybrid approaches.

Table 9. Distribution of primary studies by intelligence level, activity, and time period.

L1 L2 L3 L4 L5 Most Studied Activity

TCP *** * ** ** – L1 classical methods dominate
TCS ** * – – – Under-researched across all levels
TSM ** – – – – Few studies beyond L1
TCG *** ** ** *** ** Fastest-growing area, led by L4
2000–2018 ∼60% ∼10% ∼5% 0% 0% L1 era
2019–2022 ∼20% ∼15% ∼25% ∼10% ∼5% RL emergence
2023–2025 ∼15% ∼10% ∼15% ∼30% ∼15% LLM/hybrid explosion

Note: *, **, and *** indicate low, moderate, and high relative study frequency, respectively; – indicates no studies.

The most notable gap revealed by this distribution is the near-absence of L3–L5 studies
for TCS and TSM: despite the practical importance of change-aware test selection and suite
minimization in CI/CD pipelines, AI-driven approaches for these activities remain largely
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unexplored. Similarly, many-objective formulations (m ≥ 4) are studied almost exclusively
at L1, with few L3–L5 papers addressing more than three objectives.

Note on non-assigned entries. The 15 non-assigned entries are not assigned to any
L1–L5 level and are retained in the corpus solely as comparative baselines and method-
ological references. They are distributed across the three temporal periods by their original
publication date as follows: four papers in 2000–2018, four papers in 2019–2022, and seven
papers in 2023–2025. The per-period rows in Table 9 report shares among level-assigned
entries only; the residual to 100% in each row is accounted for by these non-assigned
entries together with multi-period overlaps. Exact per-paper assignments are provided in
Supplementary Table S1.

10.5. Evolution Timeline

The evolution of multi-objective test optimization can be traced through four distinct
phases (Figure 3):

Figure 3. Evolution timeline of multi-objective test optimization (2000–2025). The four phases
correspond to the temporal periods analyzed in Table 9: Phase 1 (2000–2010, foundational period) in
which L1 papers constituted over 90% of publications; Phase 2 (2010–2018, many-objective explosion)
dominated by MOSA, DynaMOSA, and MIO; Phase 3 (2019–2022, RL emergence) with L3 growing to
approximately 25% of annual publications; and Phase 4 (2023–2025, LLM/hybrid explosion) with
L4–L5 papers reaching approximately 45% of annual publications. Phase boundaries are approximate
and reflect the dominant paradigm shifts rather than sharp transitions.

• 2000–2010: Foundational period. The Yoo and Harman survey [1] systematized the
field. Early MOEA applications used basic NSGA-II for small-scale test problems. This
phase corresponds to the first row of Table 9 (2000–2018), during which L1 methods
constituted approximately 60% of all primary studies.

• 2011–2018: Many-objective explosion. MOSA (2015), DynaMOSA (2018), MIO (2018),
and FITEST (2018) established many-objective optimization as the dominant paradigm
for test generation. While RETECS (2017) pioneered RL for CI-based TCP during this
phase, RL methods did not achieve significant volume until the subsequent period.

• 2019–2022: RL enters testing. RL-based approaches grew to approximately 25% of
annual publications (Table 9), led by RETECS, MORLOT, DeepREST, and ARAT-RL.
L2 (ML-guided) methods also reached their peak share during this period.

• 2023–2025: LLM revolution. CodaMosa (2023) opened the LLM+SBST era, followed
by an explosion of LLM-based and hybrid methods—CoverUp, TELPA, EvoGPT,
TestDecision, and CoCoEvo—that have redefined the frontier. L4–L5 papers grew
from 0% (pre-2023) to approximately 45% of annual publications in 2024–2025.

11. Open Challenges and Future Directions
Despite significant progress, ten critical challenges remain at the intersection of mathe-

matical optimization and domain-specific testing knowledge:

https://doi.org/10.3390/math14152694

https://doi.org/10.3390/math14152694


Mathematics 2026, 14, 2694 21 of 26

11.1. Challenge 1: Standardized Benchmarks

L3–L5 methods are evaluated on ad hoc benchmarks with varying protocols, making
direct comparison difficult. Unlike computer vision (ImageNet) or NLP (GLUE), test
optimization lacks a community-standard benchmark. We propose a multi-language, multi-
activity benchmark suite with standardized evaluation protocols, pre-computed coverage
baselines, and LLM API cost budgets.

11.2. Challenge 2: Computational Cost of LLM Inference

Querying GPT-4-level models for every CI/CD decision is economically infeasible.
Three mitigation strategies emerge: (i) cached LLM embeddings with lightweight online
models; (ii) distillation to small (7B) models trained on large-model traces; (iii) selective
LLM invocation triggered by MOEA stagnation detection.

11.3. Challenge 3: Many-Objective Scalability of AI Methods

While L1 methods specialize in many-objective optimization (m > 102), L4/L5 meth-
ods have been evaluated almost exclusively on single or dual objectives. How LLMs
and RL scale to hundreds of objectives remains unexplored. Mathematical approaches—
objective grouping via PCA, RL-based objective selection, and LLM-based dimensionality
reduction—represent promising directions.

11.4. Challenge 4: Reproducibility and Prompt Sensitivity

LLM-based methods are notoriously sensitive to prompt design. Minor variations
can produce substantially different results. Solutions include prompt versioning man-
dates, open-weight model baselines (CodeLlama; DeepSeek-Coder), and prompt-agnostic
methods relying on structural code analysis.

11.5. Challenge 5: Cross-Project and Cross-Domain Transfer

Current AI methods are largely project-specific. Meta-RL for cross-project policy
transfer, RAG-based retrieval from cross-project corpora, and federated learning across
CI pipelines are promising directions requiring formalization of transfer learning in the
context of multi-objective test optimization.

11.6. Challenge 6: Safety-Critical and Regulated Domains

L4/L5 methods are inherently non-deterministic, and their outputs cannot be formally
verified—which is problematic for avionics (DO-178C), medical devices, and autonomous
vehicles where testing must satisfy regulatory standards. A promising direction is using
LLMs to generate test descriptions that are formalized by human engineers, combined with
formal coverage verification and MOEA-based test suite optimization.

11.7. Challenge 7: Multi-Agent LLM Coordination

All current L4/L5 methods use a single LLM in isolation. Multi-agent frameworks
where specialized LLM agents each address different testing concerns (security, perfor-
mance, and edge cases) and coordinate through a Pareto-based coordinator remain unex-
plored. This requires mathematical formalization of multi-agent Pareto optimization in the
testing context.

11.8. Challenge 8: Formal Convergence Guarantees for LLM-Driven Optimization

Classical MOEAs (L1) enjoy well-established convergence theory: NSGA-II provably
converges to the global Pareto front under infinite populations and appropriate selection
pressure. In contrast, L4–L5 methods lack any formal convergence characterization. The
optimization dynamics of autoregressive language models are poorly understood—there is
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no known bound on the number of samples required to reach a given hypervolume, no char-
acterization of the stationary distribution induced by prompt-conditioned token sampling,
and no framework for proving that a hybrid LLM+MOEA system converges to a better
front than either component alone. We propose three research directions: (i) formalizing
LLM-based test generation as sampling from an energy-based model, enabling application
of Markov chain Monte Carlo convergence theory; (ii) developing PAC bounds for LLM-
driven optimization: given ε, δ > 0, how many LLM queries guarantee ε-hypervolume
proximity to the true Pareto front with probability 1 − δ?; and (iii) analyzing hybrid con-
vergence through cooperative co-evolution theory, where LLM and MOEA components
evolve separate subpopulations with periodic migration.

11.9. Challenge 9: Sample Complexity of RL for Combinatorial Test Optimization

L3 methods formulate test optimization as an MDP, but the state space is combinatorial:
O(n!) for prioritization and O(2n) for selection of a size-n test suite. Standard RL sample
complexity bounds (e.g., O(|S||A|/ε2) for tabular Q-learning) are vacuous for such spaces.
Current empirical results show RL methods matching or slightly exceeding MOEAs on
specific benchmarks, but we lack theoretical understanding of when RL achieves lower
sample complexity than evolutionary search. Promising directions include deriving bounds
that exploit problem structure (submodularity of coverage functions; Lipschitz continuity
of APFD), analyzing whether function approximation breaks the curse of dimensionality
through generalization across test cases, and establishing formal conditions under which
RL is provably more sample-efficient than evolutionary search.

11.10. Challenge 10: Metric Theory for Semantic Optimization Spaces

L4–L5 methods embed test cases into high-dimensional vector spaces via code LLMs
and perform optimization in this semantic manifold. However, the metric properties of
these embedding spaces are poorly understood: does cosine distance between test case
embeddings correlate with functional diversity? Is the embedding space approximately
Euclidean, or does it exhibit hyperbolic or spherical geometry requiring different opti-
mization operators? Without answers, we cannot design principled diversity preservation
mechanisms for LLM-driven optimization. We propose the following: (i) empirically
characterizing the intrinsic dimensionality and curvature of code LLM embedding spaces;
(ii) developing geometry-aware diversity operators (e.g., hyperbolic entailment cones for
semantic diversity); and (iii) establishing whether Pareto optimality in semantic space
implies, or at least correlates with, Pareto optimality in functional objective space.

11.11. Emerging Directions Not Yet Surveyed

Several rapidly evolving areas were beyond the scope of this survey at the time of
writing but merit attention in future updates. First, agentic testing frameworks where
multiple LLM agents collaborate with specialized roles (test designer, test executor, oracle
judge, and coverage analyst) are beginning to emerge, though their optimization dynamics
remain uncharacterized. Second, the use of code-specific foundation models (DeepSeek-
Coder-V2, StarCoder2, and CodeLlama) as drop-in replacements for general-purpose LLMs
in L4–L5 methods may substantially alter the cost–quality trade-off. Third, LLM-guided
neural architecture search for evolving test generation models represents a frontier where
automated machine learning intersects with multi-objective optimization. These directions
are expected to feature prominently in the next update of this mapping study.

We note that, with the exception of three late additions incorporated during revision
and explicitly identified as such (CoverUp [30], TestDecision [21], E-Test [31]; see Section 3
for details), papers published after May 2025 are not included in the main corpus. A living
version of this mapping study will incorporate new developments on an ongoing basis.
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11.12. Research Roadmap

We propose the following timeline:

1. Immediate (2025–2026): standardized benchmarks; cost-aware LLM invocation; re-
producibility mandates.

2. Medium-term (2026–2028): many-objective LLM/RL methods; cross-project transfer;
industrial CI/CD integration.

3. Long-term (2028+): multi-agent LLM optimization; safety-certified AI-driven testing;
fully autonomous self-improving test suites.

12. Conclusions
This survey has traced the mathematical and computational evolution of multi-

objective test optimization—from classical Pareto-based evolutionary algorithms to the
emerging frontier of LLM-driven and hybrid neuro-evolutionary methods. We proposed a
novel five-level taxonomy that captures the increasing role of mathematical intelligence,
formalized the core optimization problems using rigorous notation, and systematically
analyzed 120+ approaches.

Our analysis reveals a clear trajectory “From Pareto to Neural”—and, more precisely,
toward hybrid Pareto-neural optimization—but also a more nuanced finding: the levels
are complementary rather than strictly progressive. Classical MOEAs (L1) remain the
method of choice for well-defined coverage optimization with hundreds of objectives. ML-
guided methods (L2) reduce evaluation costs. RL-driven approaches (L3) excel in adaptive,
online settings. LLM-driven methods (L4) bring unprecedented semantic understanding.
Hybrid neuro-evolutionary systems (L5) consistently achieve the best results by combining
complementary strengths.

The field stands at an inflection point where the mathematical foundations of multi-
objective optimization intersect with the semantic capabilities of modern AI. Realizing the
vision of optimization systems that are simultaneously semantically aware, computationally
efficient, and continuously adaptive requires addressing the ten critical challenges we have
identified—challenges that demand both mathematical rigor and domain-specific engineer-
ing knowledge, spanning formal convergence theory, sample complexity analysis, and the
metric geometry of semantic optimization spaces.

Supplementary Materials: The following supporting information can be downloaded at https:
//www.mdpi.com/article/10.3390/math14152694/s1: Table S1: Complete corpus of 126 primary
studies with taxonomy classification and extracted metadata; Table S2: Inter-rater agreement data
for inclusion screening and taxonomy classification (30-paper sample, Cohen’s κ analysis); Table S3:
PRISMA flow data with counts and exclusion reasons at each screening stage.
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The following abbreviations are used in this manuscript:

APFD Average Percentage of Faults Detected
CI Continuous Integration
DNN Deep Neural Network
EA Evolutionary Algorithm
LLM Large Language Model
MDP Markov Decision Process
MOEA Multi-Objective Evolutionary Algorithm
MOP Multi-Objective Optimization Problem
MORL Multi-Objective Reinforcement Learning
NSGA-II Non-dominated Sorting Genetic Algorithm II
PPO Proximal Policy Optimization
RAG Retrieval-Augmented Generation
RL Reinforcement Learning
SAEA Surrogate-Assisted Evolutionary Algorithm
SBST Search-Based Software Testing
TCG Test Case Generation
TCP Test Case Prioritization
TCS Test Case Selection
TSM Test Suite Minimization
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