Large Language Models for Unit Testing: A
Systematic Literature Review
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Unit testing is a fundamental practice in modern software engineering, with the aim of ensuring the

correctness, maintainability, and reliability of individual software components.
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Very recently, with the advances in Large Language Models (LLMs), a rapidly growing body of research
has leveraged LLMs to automate various unit testing tasks, demonstrating remarkable performance and
significantly reducing manual effort.
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However, due to ongoing explorations in the LLM-based unit testing field, it is challenging for researchers
to understand existing achievements, open challenges, and future opportunities.
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This paper presents the first systematic literature review on the application of LLMs in unit testing until
March 2025.
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We analyze 105 relevant papers from the perspectives of both unit testing and LLMs.
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We first categorize existing unit testing tasks that benefit from LLMs, e.g., test generation and oracle

generation.
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We then discuss several critical aspects of integrating LL.Ms into unit testing research, including model
usage, adaptation strategies, and hybrid approaches.
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We further summarize key challenges that remain unresolved and outline promising directions to guide

future research in this area.
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Overall, our paper provides a systematic overview of the research landscape to the unit testing community,
helping researchers gain a comprehensive understanding of achievements and promote future research.
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Our artifacts are publicly available at the GitHub repository: https://github.com/iSEngLab/Awesomel.1.M4
UT.
FRAMTFERER (Artifacts) EfF GitHub {52y https://github.com/iSEnglLab/AwesomeLLM4UT ,

1 INTRODUCTION
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Unit Testing (UT) aims to validate the correctness of individual components within a software system, and
plays a crucial role in the software development and testing lifecycle [26, 27].
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Nowadays, as modern software continues to evolve and support various critical industries, unit testing has
become a standardized and even mandatory practice, forming the cornerstone of software quality and
reliability [58].
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However, conducting unit testing manually is often time-consuming and labor-intensive for developers and

testing professionals.
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For example, prior work [16] has shown that developers typically spend more than 15% of their time

writing unit tests.
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To alleviate this burden, researchers have devoted considerable efforts to automating the unit testing
process, such as test case and assertion generation [7, 25].
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Thus, unit testing has long been an active research topic, extensively studied over the past decades and
continuously attracting interest from both academia and industry [16, 82, 104, 123].
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Recently, Large Language Models (LLMs) have been increasingly applied in Software Engineering (SE),
fundamentally reshaping the research paradigm in the field [40, 104, 128].
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Built on the Transformer architecture, these models are typically pre-trained on large-scale unlabeled
corpora to acquire generic language knowledge [101].
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Benefiting from their advanced model architecture, vast parameters and extensive training datasets, LLMs
have demonstrated remarkable progress in various software development and testing tasks, including code
generation [52, 105, 107] and program repair [127, 129, 130].
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In the domain of unit testing, the community has witnessed an explosion of studies equipped with LLMs
[80, 86, 96, 109, 134], demonstrating notable advantages and indicating a promising future for further
research.

FEFRTTINAT, AL DI 7RI A LLM ZEA T ST 0 S B R 1K [80, 86, 96, 109, 134], iR 1
FEHLH, HAUR TARI TR 5

However, due to the inherent complexity of unit testing and the rapid evolution of LLMs, integrating LL.Ms
into unit testing workflows is a considerably complex undertaking, making it difficult for interested
researchers to understand existing work.
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For example, existing LLM-based unit testing studies span a wide range of research perspectives (e.g.,
empirical [96, 114], technical [30, 109] studies), testing scenarios (e.g., test generation [85, 135] and oracle
generation [21, 134]), and model usage paradigms (e.g., fine-tuning [86, 131] and prompting engineering
[64, 65]).
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Despite the burgeoning interest and ongoing explorations in the field, the literature currently lacks a
detailed and systematic review of the applications of LLMs in unit testing.
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This gap makes it challenging for researchers to understand the relationship between LL.Ms and their use

in unit testing, and conduct follow-up research.
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This Work. To bridge this gap, we present the first systematic literature review on the deployment of
rapidly emerging LL.M-based unit testing studies.
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Based on this, the community can gain a comprehensive understanding of existing LL.LM-based unit testing

techniques, offering insights into their strengths, weaknesses, and research trends.
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We collect 105 relevant papers and conduct a comprehensive analysis from both unit testing and LLMs

perspectives.
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From our analysis, we reveal crucial challenges and outline future research opportunities in the field.
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Overall, our work serves as a valuable resource for researchers and practitioners interested in navigating
and advancing this rapidly developing area.
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Contributions. To sum up, this work makes the following contributions:
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¢ Survey Methodology. We conduct the first systematic literature review of 105 high-quality APR papers
from 2020 to 2025 that utilize recent LLMs to tackle unit testing challenges.
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e Trend Analysis. We perform a detailed analysis of selected studies in terms of publication trends and
distribution of publication venues.
FaFIINT o FRATHIL L REGEE FART HH WO i B8 40 A X 108 A8 BRI S EA T 1 TR A 2047 o

e UT Perspective. We conduct a comprehensive analysis from the perspective of unit testing to
understand the distribution of unit testing tasks with LLMs and provide an in-depth discussion about
how these tasks are solved with LLMs.
BT o FRATTNERTTI A /3 BEEAT i 04T, LA T i f LLM A BRI 55 19 204
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¢ LLMs Perspective. We conduct a comprehensive analysis from the perspective of LLMs to uncover the
commonly-used LLMs, the types of prompt engineering, the input of the LLMs, as well as the
accompanying techniques with these LLMs.
LLM Ao FRAT LLM RYABEREAT 7 amiotr, a7t Ry LLM. f&R TR LLM [
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¢ Challenges and Opportunities. We highlight some crucial challenges of applying LLMs in the unit
testing field and pinpoint promising directions for future research.
B S FATE RN T LLM B TR sy — 2o g bk il , JFfa il AR A
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Paper Organization. Figure 1 summarizes the structure of this survey.

WIXHRLE . 1G58 T ARGER .

The remainder of this paper is organized as follows.

ARSCH H AR T

Section 2 introduces some basic concepts about unit testing and LLMs.
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Section 3 illustrates the survey methodology.
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Section 4 and Section 5 conduct the analysis from the perspectives of unit testing and LLMs, respectively.

54 TAIEE 5 3 B EICICNT LLM B BEBET T 04T o

Section 6 discusses key challenges and research guidelines.
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Section 7 draws the conclusions.
BT HEE TR

2 BACKGROUND
2HE

In this section, we introduce the core concepts relevant to this work, including LLMs, unit testing, and

related surveys.

AT, FATREABE RO RMHRAI O, 45 LLM. BTl AR ARG ZRE

2.1 Large Language Models
2.1 REGES A

LLMs refer to a class of large-scale Transformer-based models that are pre-trained on massive textual
corpora to understand and generate human-like text [12].

LLM 52— 2EET Transformer YRR, CATENR R SCRTERE_ LTI ZR, DARRARAI AR ik
NSO [12]6

To fully leverage the vast amount of unlabeled data, LLMs are typically trained using self-supervised
learning objectives, such as masked language modeling [23], masked span prediction [108], and causal
language modeling [67].
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LLMs are primarily built on the Transformer [101] architecture, which consists of an encoder for input
representation and a decoder for output generation.
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Based on architecture design, LLLMs can be categorized into three types: (1) encoder-only models (e.g.,
BERT [20] and CodeBERT [23]), designed for understanding tasks; (2) encoder-decoder models (e.g., T5
[79] and CodeTS5 [108]), designed for translation tasks; and (3) decoder-only models (e.g., LLaMA [98] and
CodeLLaMA[81]), designed for generation tasks.

AR, LLM Al 40 ) =Fp il (1) (Uafdail (41 BERT [20] Fl CodeBERT [23]) , %oy
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In addition, based on their accessibility, LLMs can be categorized into black-box models (e.g., GPT-4 [68]),
which are proprietary and closed-source, and open-source models (e.g., CodeLlama [81]), which provide
public access to their architecture and weights.

BeAh, ARFREAIYTAME, LLM a4 A @iiml (i GPT-4 [68]) , XM La H VRN ; LLEHIR
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While commercial LLMs continue to dominate the top of the leaderboards, an increasing number of open-
source models, such as CodeLlama [81] and DeepSeek-R1 [18], are emerging and demonstrating strong
performance across a variety of tasks.

IR LLM 4RSS a s KHM TR OB &, (HEORIZ 9 FEA, f CodeLlama [81] A1 DeepSeek-R1
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Owing to their advanced training mechanisms, model architectures and extensive training datasets, LLMs
demonstrate impressive capabilities across a wide range of SE tasks [104, 128].

s THIEPE AU BEIZR 28RS, LLM 727 28 TR (SE) 5Bl 1
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In this work, we systematically investigate how LLMs have been applied to address the long-standing
challenges of automating unit testing tasks.
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2.2 Unit Testing
2.2 BT

Software testing plays a crucial role in SE by evaluating and ensuring the correctness, reliability, and
performance of software systems [104].

AT IE LA A R RS IERYE . FTSEERITERE, FEME TRER A4 2o R
[104].

Existing testing practices include unit testing, integration testing, system testing, and acceptance testing,
each targeting different stages and levels in the validation process of software systems.
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Among them, unit testing is particularly important, as it serves as the foundation for detecting bugs at an

early stage of development, thereby facilitating subsequent software development activities [58].
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With its long-established history, unit testing has garnered significant attention from both academia and
industry, becoming an accepted and even mandatory practice in modern software engineering.
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The primary objective of unit testing is to validate individual components or units of a program by isolating

them and executing unit test cases.

FATTINIA A 52 H b i B B AR e 19 25 A e BT T BT R B e AT



This practice helps ensure that each component functions as expected before being integrated with other

components of the system.
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As illustrated in Figure 2, given a focal method (i.e., the unit under test), its unit test typically consists of two
components: (1) a test prefix, i.e., a sequence of statements that manipulate the unit under test to a specific
state, and (2) a test oracle, i.e., an assertion that defines the expected behavior or condition to be satisfied in
that state.

WM 2 foR, g€ MERUTE (RIRENRIT) , HAROTLGEE dimsi gl (1) MR (Test
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In the literature, numerous approaches have been proposed to generate unit test cases automatically,
including symbolic execution testing [11, 15], random testing [61, 73], and search-based testing [6, 25].
FESCH, B2 72 BT I ik, GRS TI [11, 15]. BEPLL (61, 73]
FET R AMLL (6, 25].

In addition, unit testing encompasses a variety of sub-tasks depending on the perspective, such as oracle
generation [134] and test repair [116], each addressing specific challenges and scenarios.

HEAh, MRAEAAE, FRITL S 2 255, WTiE 2Rk [134] ME S [116], &AL H0k:
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These tasks represent distinct aspects of unit testing across various levels of granularity and practical

contexts, offering a comprehensive view of unit testing.
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Given the complexity and significance of unit testing, this work focuses on how LLMs have been leveraged

to support and automate various unit testing tasks.
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2.3 Related Surveys
2.3 HREGR

There exist several surveys or literature reviews on the general application of LLMs in the broader area of
software engineering [22, 40, 104, 128, 136].
HETEAZMKT LLM 25 {2 FUEPE TRESUsrh— IR A & sl SCRRERIE (22, 40, 104, 128, 136].

Different from these studies targeting the whole software engineering/testing workflow, this work focuses
specifically on the achievements of LL.Ms in the domain of unit testing, which remains relatively
underexplored.

EIRLER R AR TR ML TARRAERIBI AR, APHFE L 158 LLM £ BT ot , 1240
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Moreover, unit testing and its related tasks have been widely surveyed in the past [16, 82, 123].
HEAT, BT N A AT S A 2 Bz AT [16, 82, 123].



However, these studies primarily focus on traditional unit testing techniques and were conducted prior to

2014, before the emergence of modern LLMs.
SR, XL EECER G B ITTIIAEOR, H E2 1 2014 2 jigk 7y, FFECLLM B9 L.

Thus, they do not overlap with our research, as the first LLM-based unit testing work emerged in 2020.

A, ENSERMNOBIRBEES, FOYE AT LLM fERITll TR B 2020 4.

Table 1 presents a detailed comparison between our survey and existing literature, highlighting the novelty

and scope of our work.

F VRN T IRATSE S B SCRR, S8 T AT TARREH AT -

In summary, to the best of our knowledge, this is the first systematic literature review specifically focusing

on the applications of LLMs for unit testing.
B, WEAR, KRB L1500 LLM £ BTl o BT Y AR Ge i SCaRERiE »

3 SURVEY METHODOLOGY

3 LR

In this section, we describe our methodology for conducting this systematic literature review, including the
search strategy, paper collection process, and paper trend analysis.

FEARTIH, FAPRHHE B TIX ARG SCRREAR T EE, AR eSO SGE %>
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3.1 Search Strategy
3.1 R

Following prior SE surveys [106, 126], we adopt a three-stage “Quasi-Gold Standard” (QGS) strategy [124]
to collect relevant research papers systematically.

EESCHTHV B TR (SE) Z54 [106, 126], FATRM =FrBei HEeArifE” (QGS) 5l [124] Sk A ZeH
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This strategy combines manual and automated search processes to construct a set of known relevant
studies, which is a common practice to refine search queries and improve retrieval accuracy.

ZRMEEE G T TEh N B s R R H ORI, X2 5e E R AN S i BRI
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We first conduct a manual search to identify a seed set of relevant papers and derive a search string, as
detailed in Section 3.2.

FATE LT F e R LI E — AR PO SOHE R IR R 7R, R 3.2 75,

We then utilize the search string to perform an automated search and employ a series of relatively strict
filtering steps to extract the most relevant studies, as detailed in Section 3.3.

G, FAFIRZE R TR BT A SR, FER A — RPUX % 1 0 2 PR SEBUR AR B 7T, 1
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We finally use a snowballing search to further complement the search results by manually inspecting

references and citations, as detailed in Section 3.4.

e, BAVEARSHMRE, W FIeES% G Rt — P e R AR, 1 3475,

Given the large volume of relevant papers, this strategy allows us to capture the most pertinent papers
while maintaining higher efficiency and rigor than a purely manual process.
ETHRIC IR TER, 2RI AEIATRENS AL O LL 2l T2l e S ORI M E R A, AR oG Y
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Particularly, we undertake the following three phases to search for and identify relevant studies.

BRI, FAT8EE LT =B B EZ AR E 5

3.2 Manual Search and Search Items

32 FHERESEERH

To construct the search items, we conduct a manual search from four top-tier SE conferences (ICSE,

ESEC/FSE, ASE, ISSTA) and two journals (TOSEM and TSE), as listed in Table 2.

N TSR R I, JATR R 2 tho Y PY T2k SE 2 (ICSE. ESEC/FSE. ASE. ISSTA) FIM/M T
(TOSEM 1 TSE) #tf7 7 Fai¥ .

The first two authors independently search these venues and propose an initial set of candidate papers
involving both unit testing and LLMs.
HIPALA A P AE R IR RIE, JHHR T — W M BT LLM (818 ORI A ER -

All authors then collaboratively review this collection to finalize the seed set of relevant publications.

Wije, FrafEa R EIZES, DAEAHERC T F 5.

Then, we analyze the titles, abstracts, and keywords of these papers to identify search items, and conduct
brainstorming to refine our search items, such as synonym substitution.

NG, BT T EIL SCHIAR FEASC IR LRI R I, FR AT LI X B R Se e 2 I, BN [ S
A

Finally, this iterative process formulates the set of search items, listed as follows.

R, X s REE TR, ST .

e Search items related to unit testing: “unit testing” OR “(unit) test cases” OR “(unit) test generation” OR
“(unit) test repair” OR “(unit) test evolution” OR “regression testing” OR “test refactoring” OR “test oracle”
OR ““test reduction” OR “test selection” OR “test readability”

ST RI: Sl 5« (RoT) WA s« (FRoT) WA =« (FA9T)
M s (BoT) ML 5 mIRME 2l iy 50 MIKE 2l Lz =50 <
SR m P T s

e Search items related to LLMs: “Large Language Model(s)” OR “LLM(s)” OR “Pre-trained” OR
“Pretraining” OR “PLM(s)” OR “(Code)BERT” OR “(Code)T5” OR “(Code)GPT” OR “Codex” OR
“ChatGPT” OR “(Code)Llama” OR “GPT-" OR “DeepSeek()” OR “Mistral”

5 LLM AR : KA B 5 “LLM 5 “HUIZE s Bl 5 B “PLM” 5
“(Code)BERT” 1} “(Code)T5” 5k “(Code)GPT” 5 “Codex” nf “ChatGPT” = “(Code)Llama” nf, “GPT-"
B “DeepSeek()” B “Mistral”



3.3 Automatic Search and Study Selection

3.3 AR SRR

To perform the automated search, we utilize the above search items to collect relevant papers across four
widely used databases, i.e., Google Scholar repository, ACM Digital Library, and IEEE Explorer Digital
Library, at the end of January 2025.

NTHITEIHER, FAME 2025 4 1 R ISR BRI (8 B0 EdE % (R Google Scholar
SO ACM %7 B 511 IEEE Explorer 207 & F31) it R AHICIE L,

We restrict our search to articles published from 2017 onward, as the Transformer architecture [101],

which serves as the foundation for LLMs, was introduced that year.
TN PRARZTEE RBIE 2017 G2 LUR 4SRRI SCE, FO91EN LLM 2] Transformer 2244 [101] 2 /£ AL
FEHEHIHT

3.3.1 Inclusion and Exclusion Criteria.

3.3.1 IASHERRIR

We define a set of inclusion and exclusion criteria to filter out papers that do not align with the scope of this

survey.

PNE ST —HMAMHERRARE, DO IE BT & ALV E R 183

Inclusion criteria. We define the following criteria for including papers:

MAIRHE. BATE LT AT HIRHE:

e I1: The paper proposes a technique, tool, or framework to address unit testing tasks using LLMs.
I GRSCHRH 17— FhAI ) LLM i R FRTINAAE 55 RO BOAR . THEHESE.
e I2: The paper conducts an empirical study to evaluate LLMs in the context of unit testing.
12: WICIAT 7 —TSHIERSE, AP FRITllA T 5t MY LLM.
e I3: The paper focuses on specific unit testing tasks (e.g., assertion generation) where LLMs are employed.

13: JESCRESRA T LLM {93 E BT TS (BB s 480 -

Exclusion criteria. We define the following criteria for excluding papers:

HEBRARME . BRATTRE ST AT HEBR IR ST -

e C1: The paper does not involve any unit testing tasks, e.g., unit test generation.
Cl: I KA BTt ST, BN STt ik
e (C2: The paper does not utilize any LLMs, e.g., only using traditional recurrent neural networks.
C2: PESORMEAENT LLM, G AL SR PR EA R 22 0 2% o
¢ (C3: The paper only mentions LLMs in future work rather than integrating LLMs in the approach.
C3: PESCUEARR TAEFRE) LLM, MR %% G T LLM.
e (C4: The paper is a previously published conference paper extended to a journal by the same authors.
C4: RICRF LR KRR 2 UL S RT3,
e CS5: The paper is not an original research study, such as literature reviews, surveys, tool demonstrations, or
editorials.
C5: IWIUNEROINE, Hlansciksiid. WE. TRERE®S.
e C6: The paper is a duplicate publication where the preprint and the published version have different titles.

—~ NA M = A T e L e e e I L R ey ey



e C7: The paper is published in a workshop or a doctoral symposium.
C7: SRRV 2L ARRIs b

e (C8: The paper is a grey publication, e.g., a technical report or thesis.
C8: JEIE AT, BIUNH AR & Bl i 3o

e (C9: The paper is inaccessible in full text or not written in English.

C9: TR A ARSI «

During this process, the first two authors carefully review each paper to determine its eligibility based on

the inclusion and exclusion criteria.

FEMEE R, AP AL AR AFOHEBR AR A 40 B A R SC LA R LB

In cases where their decisions differ, the paper is referred to the third author for a final decision.

URAATRIREA 2, MPRAE SRS S 5 = i o A R E -

For example, following exclusion criterion C4, there exists one study that extends a previously published

conference paper [63] to a journal version [62] by the same authors.

Bltn, HUEHERRARE C4, A IWFSTRE 1 e R A R 2 U0E S (631 9 R TI UA [62]

In such cases, we retained only the extended journal version.

FEIXFBOLT , FATARE T e T ROA o

Besides, following exclusion criterion C6, we identify four papers whose published versions have different

titles compared to their preprints.

AN, HRAEHEERRIE Co, FATTRBL T VIR A RIS T ENAA [F A 183

In such cases, to avoid duplication, we retain only the published versions.

FEIXFROLT, MR ES, BAVAURE T EARIMRA.

After this step, we retained a total of 153 papers.
MR G, FATEREE T3k 153 [FiE 3.

3.3.2 Quality Assessment.
3.3.2 JREPHE

To further maximize the inclusion of high-quality papers, we design ten quality assessment questions to
evaluate the relevance and rigor of included papers.

MY B PR E PR SN, FA TR 1A ok PG AR PP BT g A SCRY A SRR i
P,

For each paper, its quality is evaluated by a three-tier scoring system: criteria are rated as “yes” (1 point),
“partial” (0.5 points), or “no” (0 points).

XTI, HIUEEE =20F 0 REIATIE : AREPFION " (190) « “BF” (0.54)) 5% (0
93) o

If a paper accumulates a total score below the threshold of 8 points, it will be excluded from further

analysis, which reduces the number of papers to 99.

R RIR S EMET 8 I BIE, ER RIS L 2 O, e SRR IR E 99 o



The designed quality assessment criteria (QAC) are listed as follows.

BRI TREARRE (QAC) FIH T :

e QAL. Is the paper primarily focused on LLMs, rather than using them only as baselines?
QAL LR B EERKTE LLM, ALK H Vi
e QAZ2. Is the paper’s impact on the unit testing community explicitly stated?
QA2. SO BATTI AL DX Y52 Wep 2 A5 B A R ik
¢ QAS3. Are the research goals and key contributions explicitly defined?
QA3. BF5E H AT % 68 Tk 2 75 B Al SL2
¢ QAA4. Has the paper been published in a reputable venue?
QA4 B SRR RAERN 47 fir?
¢ QAS. Does the paper provide open-source artifacts for reproducibility, such as datasets, code, or

benchmarks?
QAS. ISR AR BHR T LM E I, Ingekee. AUnhadEiE?
¢ QAG. Is the implementation of the proposed technique described with sufficient clarity and detail?
QAG. It t BRI SEBUIA 2 A5 U5 T M 402
e QAT7. Are the experimental settings thoroughly explained, such as including hyperparameters and computing

environments?
QA7. LI EE HIHREERN, PIIntiESEAH EIE?
¢ QAS. Are the utilized LLMs explicitly described, along with a clear explanation of how they are applied in
the study?
QAS. fIr i) LLM J2 5 WA, B MRE 70 T Emr s 2
¢ QAJ9. Are the evaluation metrics and results clearly aligned with research goals?
QA9. Il RIS R E A S 0TS H ARG — 22
¢ QA10. Are both the contributions and limitations of the paper critically discussed?
QA10. &Y sk A R IR 2 AR 2l 1 LM ie

3.4 Snowballing Search
3AREHRER

To ensure the completeness of our study, we adopt a snowballing search approach [110] to manually
incorporate papers that are previously overlooked yet remain pertinent to our study.

N T ORISR SE BN, BRAPRIR T BRI R T73% [110] TSGR # 2R 5 FATRIDFFE AR RY 18
I o

Specifically, we examine all references (i.e., backward snowballing) or citations (i.e., forward snowballing)
of collected papers to assess their quality and relevance to our survey.

BRI, FAMEECWREILXTaS%E 30 (MFJERSER) 85I (AFTRSER) , LG HbR
B AR S BATEHE I AR o

The manual inspection continues until no new relevant papers are identified, ultimately leading to the

inclusion of an additional 6 papers in our survey.

FRe AR LT, BRIBUARBHNIHFRIE SO, SEAERNIIGIETRIMINT 6 R,



This rigorous procedure helps ensure that our final corpus is comprehensive and provides a solid
foundation for the subsequent analysis of LLM-based unit testing techniques.

X R R B TR B A A i LB R R 2 Y, AR 2R EE T LLM 1 BT B R AL T
IS B o

Finally, we obtain 105 papers that are related to our work.

w2, BAPREE T 105 FSA TAEHRAYIE L.

3.5 Statistics of Collected Papers
3.5 BRI GEHH 8

Figure 4 lists the number of relevant papers published across different publication venues.

Pl 4 ZH T AR R] RO A A SR RIS SO .

We find that 60% of the papers are published in peer-reviewed venues, with ICSE (11%) and TSE (8%)
being the most popular conference and journal, respectively.

FATEBL 60% M1 R RAEFFTIFR /I, HA ICSE (11%) il TSE (8%) 737l /2 i = M A 25 WON 1Y)
il

Following them are ASE (7%), FSE (7%), and ISSTA (5%), all of which are recognized as top-tier software

engineering venues.

SKEEHJS Y /E ASE (7%) FSE (7%) HI ISSTA (5%), IXESHRAE AN TR IV TR

This trend indicates researchers are increasingly prioritizing the dissemination of their work through high-
quality, peer-reviewed venues, which in turn drives innovation and further advances in the field.

X AR, BN BRI M 5 B R RAT PR S B e R T T A, XSO skedte sl 1% it
HIBIHTRTE— 2 A

Meanwhile, around 40% of these papers, which are hosted on arXiv, have not undergone peer review.

RN, 29 40% M SCREEAE arXiv b, AR FEATITH

One possible reason for this phenomenon is the sudden surge of related studies emerging within a brief
period.

XL B — A T REJE K2 AR I S AR R A [R] P SR PRI

Given the inconsistent quality of these non-peer-reviewed papers, we carry out a rigorous assessment
process to ensure only high-caliber works are selected for this study.

BT IXLEAFATIFHIE S B S AT, ATEPIT I PPAG IR, LA PR (e i o AV i T
ZNIENE

Figure 3 further illustrates the publication trend of LLLM-based unit testing.
P 3 kBB T LLM R STl H ka3

We find that the number of relevant papers appears to be rising at an almost exponential pace.

TR R SCHECE AT IE LA PR B 1Y 3R G



While only one paper was published in 2021 and two in 2022, the number increased to 14 in 2023 and
surged to 73 in 2024, with 15 already appearing by March 2025.

HAR 2021 SRR T 1 RIBSC, 2022 fFERSRT 2 4, H 2023 4R35 14 55, Jf1E 2024 fEHUE % 73
e, 22025 F 3 AEHEL 15 &

Since our data collection ends in March 2025, the figure may not reflect the full trend for the year, and the

final count is expected to increase further.
HI T IR IR T 2025 4 3 AR, 28T T RETCIE Y FE N e B e s, 2Bt iit—22
s

These observations suggest that the application of LLMs to unit testing has gained substantial momentum
since 2021 and will likely continue to be an active and growing area of research.

XL R, B 2021 LK, LLM ERSTIlA A RS 1 EORMEh ), FFareE4kE o —1
TR AN B 8- A BT S 4000

4 ANALYSIS FROM UNIT TESTING PERSPECTIVE

4 NETTIARL A BT

In this section, we present a comprehensive analysis from the perspective of unit testing and organize the

collected studies according to different testing scenarios.

FEARTTH, BATAERTCIAR A BE BT T 2 m o AT, FEAREA E RS SO R 2 AT 5 B T4

4.1 Taxonomy Analysis

4.1 P RAE R T

Figure 5 illustrates the distribution of unit testing tasks to which LLMs are applied.
K S JgoR 1 LLM R ERSTIAE 55 A 0 A1

It can be observed that test generation dominates the research landscape, constituting approximately 60%

of the total research volume.

USR], AR T OS2 5 EATIE R 60%.

This phenomenon is reasonable, as test case generation has long been a central component in the unit
testing pipeline and continues to attract substantial attention from both academia and industry.
XFINGOE G HEAY, PRI A A i I Ak — B2 ST AR P A DAL, IFRREE 5 1 7 AR B
NI = N e o2 SE

In addition, oracle generation represents the most popular task in LLLM-based unit testing research,
accounting for about 14% of the research proportion.

IEAh, S (Oracle) AEpUE4ET LLM FUHITIIART S a2 W LS5, 29 5 BEFE Bl 14%.

This reflects the persistent challenges in automating this task and the growing interest in leveraging LL.Ms

to address it.

XS T B S Z A5 Tl A RREe ki, LAKAI T LLM fif SRz Al >4 H a8 1S
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Moreover, several other tasks have received moderate attention.

s, HAB ) LMESS 2 8] 7 R R TE.

For example, bug reproduction is explored in 5 studies (4.3%), while test evolution and test smell detection

each appear in 4 studies (3.4%).

P, S WHEIE (4.3%) HE 7HEREEL, MEIERLTR (Test Smell) 4004 HHLAE 4 BT
(3.4%) .

Tasks such as test completion, test readability, and test minimization are addressed in 1-3 papers each,
suggesting they are emerging but less mature application areas for LLMs.

AR AT SRR B ME S 55 20 M 193 e S0, RIENTE LLM P EA KR
o7 FH e o

Notably, we observe that some studies investigate underexplored aspects of unit testing, including test-to-
code traceability, test refactoring, and test validation, each appearing in only a single study.
ERERRE, TSR —LSHiEME 7 TSR R R AT, ARG A By Al B
P MRS IE, & AU BT

This indicates a growing research interest in broadening the scope of unit testing tasks supported by LLMs
thanks to LLMs’ general knowledge gleaned from vast amounts of training data.

XM, Fas T LLM MRS ZREds i S 2 s AR, B B4R 58 LLM SR TIN5 78
FEL A 6 H H 292 o

Overall, this trend highlights both the areas where LLLMs have already shown strong potential and the
opportunities for further exploration in more specialized or complex unit testing scenarios.

SRR, XA T LLM B 2R SRS RS, ol 7 Lol el 2 28 RoT i B
EPL*M%E?%EWL{: o

4.2 Unit Test Case Generation

4.2 BT A B4 AR

Unit test generation typically takes a focal method (i.e., the method under test) as input and produces a

complete unit test comprising two key components: a test prefix and an assertion.

BRSO AR Bl i DACE RT3 (RT3 AERfA, IR E & P B A SE B BTt . Ik
GIE G

The test prefix sets up the required execution context, while the assertion verifies whether the focal method

behaves as expected.

IR 20N 1 Frdfg AT B TR 3G, W 5 SR AIE A5 50T i AT 75 5 T o

In the literature, to reduce manual efforts in writing unit tests, researchers have proposed various
automated unit test generation approaches, including symbolic execution testing [11, 15], random testing
[61, 73], and search-based testing [6, 25] strategies.

FESCHRTR, 7 e S BT N AR, DRSS N SRR 7258 B sh BTl B o %, B8RS
AT (11, 15]s BEPLNLE (61, 73] AUEETHEZ AL [6, 25] Sk



Traditional approaches (e.g., EvoSuite [25]) are generally designed to maximize code coverage but often
struggle to produce meaningful and human-readable test cases, primarily due to their limited
understanding of the semantics of focal methods.

e )72 (14 EvoSuite [25]) 1% B ERAM ARG 5%, (AAEME LA iof = SCE SR Al 329l H]
B, XEER RO BN R RUTER T SRR A TR

Therefore, recent research has turned to leveraging LL.Ms for test generation with the aim of producing
more practical unit test cases from multiple dimensions, including correctness, coverage, and fault detection
capability.

A, sILRYATFE O AR LLM AT, BAEMIERITE . B R R A ks M RE 15 2
Jok B S R BT s 1

Existing LLM-based test generation techniques can be broadly categorized into three distinct groups,

discussed as follows.

BARET LLM IR A R EARE T 0o =26, eI .

4.2.1 Training LL.Ms for Test Generation.
4.2.1 Y15 LLM BHFIRRAE i

These techniques typically utilize supervised learning to train LLMs, thereby adapting them to the

downstream task of unit test case generation.

XA A B2 I Sl LLM, - DA fai HC 2 7 B e s 1 2B R T 55

This is an intuitive yet effective strategy to enable LLMs to refine their pre-trained knowledge and weight
parameters through limited-scale, domain-specific datasets.

X MBI A R SR, il LLM REA% IS A IR A 4 8 G SR A O ZR AR E S
%& o

In the unit testing domain, the pre-training and fine-tuning paradigm has been extensively adopted during

the early stages of LLM development, particularly for medium-scale models such as T5 and CodeT5, which
contain hundreds of millions of parameters.

FEERTTINAGTE, PONZANRORTEAE LLM &R S0 B 2k M, Rl 28 e 8d s 280+
SERUBIRL, 4 TS 1 CodeTs.

The widespread adoption of this paradigm can be primarily attributed to the limited generalization
capabilities of early-stage LL.Ms, which require task-specific training to achieve optimal performance in
specialized domains like test case generation [2, 3, 99].

XAERY R ] IR T R LLM G ERATZALRE T, XA T B e A 55 O I A REAE L H]
1B iAol SUEIA B e AR RE (2, 3, 991

As early as 2020, Tufano et al. [99] introduced AthenaTest, the first LLM-based unit test generation
approach, which formulates the task as a sequence-to-sequence learning problem.

FLAE 2020 4F, Tufano 55 A [99] #i#fEH) T AthenaTest, IX/2EH /T LLM RYFITIILLAEMIT %, ER%
553 N — A Fe A 2 Fe 3 i 27 >0 R



AthenaTest follows a two-stage training procedure: (1) denoising pre-training on a large, unsupervised Java
corpus and (2) supervised fine-tuning for a downstream translation task of generating unit test cases.
AthenaTest JEIE M BOl 2t e (1) ERBITCIRE Java IR EJHT RIS, LA (2) Fhx4
JER TN 3 B ) T e R A 55 2 A T e O

To address the limitation of assertion knowledge in AthenaTest, A3Test [2] enhances BART with an
assertion-aware self-supervision objective, i.e., predicting the masked tokens of a given focal method and its
corresponding assert statements.

T fi R AthenaTest FEIKT = FITR S T Y RFRIE, A3Test [2] 11 Wi = BONRY H EE HAREE5% T BART £t
R, FIFRENZS R 5 R 30 M A B W 5 TR A P A RS FR I

Beyond the standard pre-training and fine-tuning pipeline, researchers have explored various strategies to
improve the performance of training LLMs in test case generation, including reinforcement learning [91],
domain adaptation [88] and data augmentation [36].

ﬁ%ﬁ?ﬂ%ﬁ%ﬁﬁllﬂf%ﬂﬁ%ﬁﬁ%ﬁ%‘%% BFFENPUERRER T & MR b =2k LLM 22 sl B PERE, (2
oA~ [91]. 4iE E A& LY. [88] ANEEE L [36].

For example, Shin et al. [88] investigate the advantages of domain adaptation for fine-tuning LLMs in the
context of automated test case generation.

i, Shin 5 A [88] BF 5 1 £ H S A B A s 5T, 408 8 & A T4 LLM A3

However, most of these works rely on general-purpose, off-the-shelf LL.Ms that are typically trained on
natural language and code corpora, without incorporating test-specific knowledge.

SR, SXLETAERZARM T8 AV BLAL LLM,  IX LR H 7R 5 SR S AR TR _EBE TR, ARE
B E R AR

To address this gap, Rao et al. [80] propose CAT-LM, a GPT-style LLM with 2.7 billion parameters
specifically trained to learn the mapping between methods under test and their corresponding test cases,
making it more suitable for the test generation task.

N T BAMNX—%H, Rao FF A [80] $2iH T CAT-LM, X2 i 27 (248 GPT X% LLM, L 1H]
TEA TN 25 A B ] TR e , (8 H B A AR A 55

Similarly, He et al. [34] construct a large-scale dataset, UniTSyn, containing 2.7 million method-test
function pairs across five programming languages, and propose UniTester, a specialized test generation
LLM trained via continual fine-tuning of SantaCoder with an autoregressive objective.

FAUH, He SN [34] Hy 1— AR EE UniTSyn, @& FMRETE S 19 270 J1/ 5 - s 4L
XF, FFHEH T UniTester, JXJ&— it 5 B HARXS SantaCoder jFEA T HRFEARIM T 111 25t 19 % FH I AR 1k
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4.2.2 Prompting LLMs for Test Generation.
4.2.2 #78 LLM B T4 R

These techniques typically construct prompts with diverse sources of project information to directly invoke
LLMs for test case generation without requiring any additional training.

LA A 22 M H (5 SRR R (Prompt) |, EESR ] LLM g7 G AR, e/
WO LR o



In the unit testing community, prompt engineering has rapidly gained traction with the emergence of LLMs
with billions of parameters, as their advanced capabilities make them well-suited for performing human-
like interactions and generating high-quality test cases.

FEFOCIAE X, BEEITAECHC S8 LLM fUHEL, 308 TRERESZ2I5CE, ROV ENTRYSERERESI(E
HARRE AP TIASCH I A S T i 1

Most prompt-based test generation techniques primarily follow a generation-and-refinement paradigm,
where initial test cases are first generated based on prompts and then iteratively refined using dynamic
execution feedback (e.g., code coverage and failure information) to enhance their quality [13, 30, 65, 77, 83,
85, 109, 121].

ﬁ&ﬁﬁTﬁ?%Wﬁiﬁ&ﬁigﬁﬁﬁﬁﬂﬂvﬁﬁ R Setin s s 2L e il ), SRJE
MBZSHAT RS IR AL SR MR IMUE 2D BTk AUeAe, LAR s H i [13, 30, 65, 77, 83, 85, 109,
12175

For example, TestART [30] queries LLMs to generate an initial set of test cases, then uses a compiler to

collect runtime information.

B4, TestART [30] £ if) LLM A= i —ZHAN A B, SR dide s I SRAs A T I (5 2

This information is then fed into a coverage-guided testing framework and a template-based repair strategy
to optimize the test cases iteratively.

BJE, A5 S A S — B R T A QR TR B S g o, DLk AL A 1«

In addition, to design more effective prompts, researchers adopt a wide range of strategies to incorporate
LLMs with valuable contextual information, including mutation testing [17], method slicing [109],
demonstration retrieval [135], defect detection [119] and program analysis [113].

WA, O TR AR, B GCRA TR R SRS A I ER) BT SUE R A &4 LLM, AR
Sl [17]s J5iE00 ) [109]s YEIRZR (1351 dFeEARl [119] FIRE 404 [113].

For example, Dakhel et al. [17] utilize mutation testing to augment the original prompt, enabling LLMs to

generate tests capable of killing surviving mutants.

fltn, Dakhel S5 A [17] F AR Sl S0 UG TR/, {8 LLM BERS A il AT AR AEAF 15 AL SR A i

Given a focal method, Yang et al. [113] retrieve the most similar method within the same project and
incorporate it, along with its corresponding test cases, into the prompt to guide LL.Ms in generating test
cases with project-specific exemplars.

25— MERUTTE, Yang 55N (131 AR A —WTH AR 7%, RIS AR A ] — 5 A 5
fEaRrr, LAG |5 LLM AR H 5 E B9 70 A sl sl i 41

However, most of the aforementioned work has primarily focused on standard benchmarks such as
Defects4J [45] and mainstream programming languages such as Java.

SR, IR KRS TR B AR AR SN (U Defects4) [45]) FIEImdnfeins (W Java) Lo

Recently, the research community has shifted its focus toward emerging frontier domains that present

unique and diverse technical challenges.

B, BFFSAE X B B UL PR A BT U, XL 1 ks H 2 AR RO Bk



These studies include repository-level test case generation [59, 118], multi-language test case generation
[76], high-performance computing software [47], industrial deployment [5, 84], Rust [14], programming
problems [4], data-serialization libraries [137], game development [74], vulnerability exploitation [28], and
bug reproduction [46].

TR ST A 45 O FEGA F BAE B [59, 18] 235 5 M BIAR Rk [76] i tERETHE A [47]. TOLERE
(5, 84]. RustifiF [14]. Zakemldl [4]. ZdmrsI4L)E (1371 IR0 (741 IWTEFIHT (28] LA SR R
[46].

Overall, these advancements demonstrate the growing versatility of prompt-based LLMs in adapting to
diverse testing contexts, without the need for extensive retraining.

SRR, TXEEPERIER] TR T RN LLM RS AN R T H aa 85 K 2 Theert, BT
KA ISR

4.2.3 Empirical Study.
4.2.3 SLERFS

In addition to the aforementioned technical advancements, researchers have conducted extensive empirical
studies to investigate the capabilities of LLMs in generating unit test cases.

bR T B EORPEL AN, WSS AN GUABET T2 A SEIEREST, DA A LLM £E 4 il B T il 91 5 T Y RE
jj o

These studies systematically explore the actual performance of LLMs across various aspects, including fine-
tuning [86, 92], prompt engineering [S3, 72, 114], integration or comparison with traditional techniques [1,
9, 44, 96, 112], source code characteristics [42], context [90], quality assessment [94], retrieval-augmented
generation [87], ChatGPT-specific evaluations [31, 117, 121] and benchmarking [8, 43, 133].
IXEERE T RGEHAR R T LLM 7R 5 A SEBRPERE, CAER0N [86, 921 $27n TA: [53, 72, 114]. HfeHg
PORBEEGELEL (1, 9, 44, 96, 112]. JEACRSHFAE [42]. ER3C[90] BUREPAl [94]. o R A ik

[87] ChatGPT 4 IiiPfl [31, 117, 121] DL Rz HEvHEML [8, 43, 133].

For example, Shang et al. [86] conduct a large-scale empirical study to explore the potential of fine-tuning
LLMs for unit testing, involving three tasks, five benchmarks, eight evaluation metrics, and 37 advanced
LLMs across various architectures and sizes.

f4n, Shang £ A [86] AT | —WUKMISHIERTFT, LMRRBIH LLM M T 8ot iig o, W =11MF
% HAEME TR TR LU 37 DR R ZEA RIS ) 58 32E LLM.

Tang et al. [96] perform a systematic comparison of unit test cases generated by ChatGPT and EvoSuite
based on several critical factors, including correctness, readability, code coverage, and bug detection
capability.

Tang 5 A\ [96] FTIEBATE. FIEerE. AURDAL S RN GE A LKA R, X ChatGPT A1
EvoSuite “F il BTTIlL A BIEA T T RS

Yang et al. [114] empirically investigate the capabilities of five LLLMs with various prompting settings.

Yang 25 A [114] SZiF 2 7 FF LLM AR R B R IRE



These empirical studies provide critical insights into the strengths and limitations of LLM-based test
generation and inform future technical design and evaluation.

XLESHIERF G 3T LLM B A R L3RR IR SR i 188 AR, FE AR I BOR B AP A fe it
2%,

4.3 Unit Test Oracle Generation

4.3 BITIATS 42 A

A test oracle formally defines the expected behavior of a software unit under test for a given test prefix,
serving as a critical component in unit testing.

MATE  (Test Oracle) TEURE ST HEME I FRIT AL EMBARTZE T BT, 2 H ol iy S
o

Unlike test case generation, which focuses on producing inputs and exploring execution paths, generating
reliable test oracles poses a non-trivial technical challenge, as it requires capturing the intended design
specification rather than merely reflecting the implemented behavior.

HLET AR AR Z P TE AR MG A AR, A2 ] S8 S T I A/ N BOR Bk, A
N e EHARTUHA BRI, AU RO B SE BT -

This process demands a deep understanding of functional requirements, edge cases, and expected outcomes
[39].
XA IR AT S IR R TS ORI U 25 R TR Z O BELAR [39]

With the advent of LLMs, researchers have begun exploring their potential to automate oracle generation
through both fine-tuning and prompting strategies.
fEE LLM BYHEL, A58 A S EH R IR sl i o A fe o S ok B s LS A i 77

Table 3 summarizes existing LLM-based test oracle generation studies, which can be categorized into three
key directions: whole oracle generation, assertion oracle generation, and exceptional oracle generation.
3G THANET LLM TS B se, XG0 = KRBT 1R BRI Al Wi
T B BRI S 2E

We discuss these representative studies in detail below.

FAE T TR X LSRN I

4.3.1 Whole Oracle Generation.
4.3.1 BT E K

In 2022, Dinella et al. [21] introduce TOGA, a transformer-based approach to infer both exceptional and
assertion test oracles based on the context of the focal method.

2022 4F, Dinella 55 A [21] #EH1 7 TOGA, X —FfhE T Transformer (7735, BAEMIEEKUNER ET
SCHEWT S 8 AT = M

TOGA is the first LLM-powered test oracle generation study by fine-tuning CodeBERT to (1) determine
whether a test prefix raises an exception and (2) rank a set of candidate assertions.
TOGA 2 T LLM IS At ss, Eilid s CodeBERT 3k (1) #:E M AT 22 4251k =
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Furthermore, Liu et al. [58] identify three inappropriate settings in TOGA, i.e., generating test prefixes
from correct program versions, evaluating with an unrealistic metric, and lacking a straightforward
baseline.

A, Liu 25N [58] ZEL T TOGA Hl =AY B, R ERIIRE AL Gt T 28 A D)5
BRI IEAT T Al LA i = B A 2k o

They then re-evaluate TOGA in a more realistic setting by reducing duplicates and noise during evaluation
and introducing an additional ranking step to prioritize failed test cases.

B, AT S E T ESEAE T TOGA, i/ D ir i FE i S M, FE5 | KA
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Similarly, Hossain et al. [38] conduct a series of replication studies to expand the understanding of TOGA’s
applicability, generalizability, precision, and fault detection capability across 25 real-world Java systems,
223.5K test cases, and 51K injected faults.

R, Hossain 55 A [38] HEAT 1/ — RANGIBISE, LAY JEXS TOGA £ 25 I~ FLSE Java ARS8, 22.35 J5ll
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Unlike early-stage TOGA, which fine-tunes CodeBERT as a component for oracle classifier and ranker,
recent research explores fine-tuning or prompting LLMs as core backbones to generate oracles in an end-
to-end manner.

5 R CodeBERT {115 43 Fas HIHEFF AR 2111 TOGA AR, SRIUEHIBFFTHRER T 7R LLM
VERRZIDE T, DASRE S 7 304 R o

For example, Hayet et al. [33] introduce CHATASSERT, a feedback-driven oracle generation technique that
utilizes prompt engineering to iteratively generate and refine oracles by incorporating dynamic and static
information.

#ltn, Hayet 5 A [33] #EH) | CHATASSERT, X2 —F A ASIKEN T & A Bk, R R TR G 3)
AR AR EREAE AL TS

Khandaker et al. [48] propose AugmenTest to generate oracles for EvoSuite-generated test prefixes by
prompting LLMs to infer the intended behavior of a focal method from documentation and developer
comments.

Khandaker 5 A [48] $21 | AugmenTest, 278 LLM MISCESRIIT AN SR £ AR YA T
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In addition to the above novel techniques, researchers have conducted numerous empirical studies to

explore the capabilities of LL.Ms in generating oracles.

B 7 ESHEOARSS, B A SRR T 7O SIERTSE,  LARZE LLM R4 s 7 T Y E

For example, Hossain et al. [37] present a comprehensive study by fine-tuning seven code LLMs using six
distinct prompts on a large dataset consisting of 110 Java projects.

#tn, Hossain 5\ [37] &R 1 — BT AT, L& 110 4 Java TUH I ABEHRE L, (I 6 FiAH
ARG 1 7 - 0AS LLM.



Hossain et al. [39] further conduct an empirical study to investigate the impact of Javadoc comments on test
oracle generation by fine-tuning ten LLMs with three different prompts.

Hossain 55 A\ [39] JE—2D AT 17— TSIEWESS, i 6 = RO F 38830 11> LLM, 4 Javadoc £
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Konstantinou et al. [S0] empirically investigate whether LLMs can identify the actual and expected

program behavior.
Konstantinou 5 A [50] SZiFi AL T LLM J& 5 REWS X SERR A HUHI AR P 171

Besides, Shin et al [89] undertake an empirical study to reassess the performance of prior oracle generation
techniques (e.g., TOGA) and ChatGPT based on both static generation metrics (e.g., BLEU and
CodeBLEU) and dynamic test adequacy metrics (e.g., line coverage and mutation score).

1A, Shin 25 A [89] BEAT [ —THSIEWISY, HET A Mfehs (41 BLEU i CodeBLEU) HIzhA A 7E
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Their findings indicate a lack of statistically significant correlation between static and dynamic metrics,
suggesting that existing static generation metrics do not reliably capture the quality of the generated
oracles, and dynamic test adequacy metrics should serve as the principal evaluation criteria in this field.
AT A AR W AR PR 5 B SRR Z AR Z e o7 B BN, XS LA I # S E R bR A RE T
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4.3.2 Assertion Oracle Generation.

4.3.2 WiE W= 4K

In addition to the aforementioned whole test oracle generation work, researchers have conducted
specialized explorations on assertion generation, including fine-tuning [62, 63, 100, 100, 122] and prompt
engineering [64, 102].

B 1 LIRS AR TSN, BTSN SORXS WS AR T 12 TR, EFERUN [62, 63, 100, 100,
122] FHE7R LFE [64, 102],

As a seminal work in this domain, Tufano et al. [100] frame assertion generation as a sequence-to-sequence
task by fine-tuning LLMs on the ATLAS dataset, where each input pair consists of a test prefix and its focal
method (i.e., the method under test), and the output is an assertion.

VEOZGUIERYITEIME A, Tufano 5 A [100] 18 7E ATLAS Hifif B0 LLM, Kl 5 2 iiA i oh 737
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This work positions assertion generation as a downstream task for evaluating LLMs in the context of
software engineering, laying the groundwork for its adoption in subsequent LL.M research [62, 63, 122].
I T ARG W 5 A O M PEAE O TR 5 LLM B9 NS5, DY HAEREJE A LLM 58 R H 24
JE T HEA [62, 63, 122],

He et al. [35] conduct an empirical study on the impact of the focal method identification strategy in ATLAS
and reveal its limitations in assuming the last method call before assertions as the focal method.

He 45 A [35] XF ATLAS tpi s 7 d R IS O B T 7 SOERFSS, IR 1 SURBRAE, BIEE B
AT A E— IR A (R KU %



They then introduce ATLAS+, a revised dataset where focal methods are identified using various test-to-
code traceability techniques, offering a more realistic and practical evaluation framework.

e, ABATHE T ATLAST, X —MET R B, FH AR A 0 B S SRR 8 RTT
%, et 7 — SNSRI AEZE .

Unlike the above work relying on training, Nashid et al. [64] utilize few-shot learning to query Codex to
generate assertion statements given focal methods and test prefixes.

5 EIRRBNZRA TAEA R, Nashid 58 A [64] F 1 AFEAR 2 S A if) Codex, MRIRES E MM KU IEAI
AT ZRAE B S TR A

Wang et al. [102] introduce CLAP, which prompts LL.Ms to generate assertions based on chain-of-thought
reasoning and iteratively refines its predictions through interactions with both LL.Ms and a Python
interpreter.

Wang % A [102] #fi i T CLAP, 475 LLM 5825 (Chain-of-Thought) HFEL:pklbisy, Jilit s
LLM I Python fff & 52 FA AL AL LN o

Recently, Zhang et al. [134] conduct the first comprehensive study on fine-tuning various LL.Ms for
automated assertion generation across two benchmarks, five LLLMs, and two metrics.

filt, Zhang S A [134] EAT 7 IS, SEMBMEME. T4 LLM FIPME0R, R &7
LLM DLSEEU H S 2 .

Their findings underscore the potential of LLLM-based assertion generation to substantially alleviate the
manual workload of unit testing experts in real-world software development, thereby inspiring further
research in this domain.

AT A BRI T EET LLM 19I5 A e KR Jaiie B St SRR T & Fh BTl % 2 19 T 3h AR 7 i
A 77, AIMTRUR TSRy E— BT

Building on this, Zhang et al. [132] introduce RetriGen, a retrieval-augmented automated assertion
generation approach, which incorporates a novel hybrid assertion retriever to refine the assertion retrieval
process by leveraging both lexical and semantic similarity to identify the most relevant assertions from
external codebases.

FEMEEG [, Zhang 25 A\ [132] #EH! T RetriGen, X2 T2 R AY H W= 400715, B4a 7
ARG I SRy, A RICATE SCHEE AN TR B s AHIC RIS, AL 5t R
o

Moreover, Zhang et al. [131] propose AG-RAG, which optimizes both the retriever and generator within an
end-to-end pipeline using a joint training strategy, enabling them to enhance their performance through
collaborative learning mutually.

A1, Zhang 55 A [1311 #2177 AG-RAG, ©F B Y20 A3 2 Bl rh U 2R ae R A il , (8
CATREMS WIS M T M E ST R A2 P RE

4.3.3 Exceptional Oracle Generation.

4.3.3 REWE LK

Compared to the extensive research on assertion oracle generation, there has been only one study dedicated

specifically to exception oracle generation.

HRTW SIS LRI =2 s, A IR L 180T R s 4.



Zhang et al. [125] introduce exLoong, an LLM-based framework for automatically generating exceptional
behavior test cases, i.e., checking whether the method under test throws an exception or not.

Zhang 55 A\ [125] #fEH T exLong, jXj2 T LLM RUIEZE, T BRI IMLNE), Rk
BT R AT

Built on CodeLlama, exLong integrates program analysis to extract execution traces leading to throw
statements, guard conditions, and relevant non-exceptional test cases.

exLong #3/fF CodeLlama 2 |, R4 [HRJF 4 LM S TEATHIIATHLE . PRIPSAE USRS
RSN A B

4.4 Unit Test Case Evolution

4.4 BTN B3t

During software evolution, source code needs to be continuously changed to satisfy new requirements or fix
reported bugs.
PRI RE A, PR R AN 5 A LAl e e R el B E i R

To maintain software quality, it is essential to co-evolve the corresponding unit test cases alongside the

changed source code.

N T BRFFAE R, A ZB0R A L A BT I B B SR AR B e (R AI AP BT o

However, this co-evolution process can pose significant challenges for developers, particularly given the
constraints of limited regression testing resources and frequent releases of updated project versions.

SR, XA R R 25 T R Gy oR 1 Bk, JCH R AE [ B A BRI R SR 2 1y
BRI

To address this, Hu et al. [41] propose CEPROT, which fine-tunes CodeT5 to update outdated test cases
based on source code modifications.

N TP, Hu 58 A [41]42H T CEPROT, ‘B30 CodeTS LIRS JEAAS A& 2k B it B
LB

Given a source code change and an associated test case, CEPROT first determines whether the test case is
obsolete and requires updating; if deemed obsolete, it generates a new version of the test case accordingly.
25 E PR AL SNSRI AL A 4], CEPROT B S it A2 45 Ead i o 25T mfilngid
I, R R A P 81 ) AR

Building on CEPROT, Liu et al. [S6] develop SYNTER, a prompt-based approach that queries GPT-4 using
contextual information to generate updated test cases.

£ CEPROT [{2&fifi b, Liu 58 A [56] JT& T SYNTER, X —FlETHon iy ik, MM LT UEEER
GPT-4 DA i 337 J o il 1o

Given an obsolete test case to repair, SYNTER constructs three types of test-repair-oriented contexts via
static analysis, and ranks them to select the most relevant one for guiding the repair process.

28— DT EEE RG], SYNTER G # S Araa i = Fr e & 1 _ER3, g Hpk
FrHEFP LA S R 1 _E R SORE B R R



In addition, Yaraghi et al. [116] introduce TARGET, a fine-tuning-based approach that adapts CodeT5+ to
more realistic and executable test repair scenarios.

1A, Yaraghi S5 A [116] #EH T TARGET, XJ&—FrEETHROMA 71k, i CodeTS+ i i B B SLANA] AT
A e S 5

TARGET frames test repair as a language translation task via a two-step pipeline: collecting essential
contextual information that characterizes the test breakage, and utilizing the information to construct
input-output training pairs for finetuning LLMs.

TARGET i& i Wi B B 1K RS AN TE 5 B 55 ICRAA MR RE R o6 R SUE R, IF
T FIZAR B AT T8 LLM A A - 2%

Overall, these studies highlight the emerging role of LLMs in automating test evolution, paving the way for
more robust and adaptive regression testing in evolving software systems.

SRR, XS T LLM £E H s S A4, D9 AR R i R e EARERT 5
T2 5 ) 1B D S~ 1

4.5 Unit Test Completion
4.5 BTl rh2

Test completion attempts to automatically generate the next statement within an incomplete unit test case.

AP 2 AR — A e B R BT ISR Bl ek B 3 A 0 — %0 .

This task takes as input the focal method under test, the test method signature, and the preceding
statements within the incomplete test body, and produces the subsequent statement to be appended.
ARG MR JUTTE A2 U SE BN AR b R T P B AR, AR R B N e 256
o

TECO [66] represents the first LLM-based test completion approach that leverages static analysis to extract
code semantics and fine-tune CodeTS to predict subsequent test statements.

TECO [66] & 1 & 14T LLM Wil 4073k, R HES iR U TE SRR CodeTS LATHN
JREER AT o

Furthermore, CAT-LM [80] advances the field by pre-training on both source code and test cases, followed
by supervised fine-tuning, demonstrating superior performance over TECO.

14, CAT-LM [80] i AEJAAATI A LR T TSR, BlJS HEFT B RN, HHE3h iz &g e,
JEILHALT TECO ffERE.

This line of work suggests that LLMs can effectively assist in interactive test development workflows by

incrementally completing unit test cases.

X—FAZH TAERI], LLM A Dot g kb e or it 61, ARobi B 50T & TAER .
4.6 Test Smell

4.6 X FER (Test Smell)

Test smells refer to potential issues in unit test cases that may degrade test quality, such as brittleness, slow
execution, or lack of clarity.

T SR 2 BT 1 ] BERR AR D e P AE DR, B n s oty SR T2 IRl = T L o



Similar to code smells in production code, test smells suggest that a unit test may not be well-structured,

robust, or efficient.

ST E AR AR L, TSRS I BTN FT RESS A AE A AR CRATT

Motivated by recent advances in LLMs, Lucas et al. [60] conduct an empirical study to assess the capability
of LLMs in detecting test smells, demonstrating their potential to automate this process and improve testing
efficiency.

5 LLM sffridb R fE &, Lucas 55 A [60] HE4T 1 —ISHIERFFE LAPFA LLM AL SR (9RE T, SIER]
THADMGZE RIS E R A T

Furthermore, Gao et al. [29] propose UTRefactor, an LLM-based test refactoring approach to eliminate test
smells and improve the quality of unit test cases.

AN, Gao %A [29] $2i T UTRefactor, iXj2—FhddT LLM fKEM %, BAEHBR R0t S
FRICILCH B B

UTRefactor extracts relevant contextual information from the test code, incorporates external knowledge,
and guides LLMs through a chain-of-thought process to simulate manual refactoring with improved
accuracy and consistency.

UTRefactor AIMAACAD R BUHSC B R SUE R, S5a/MBANR, Jrisid B4k (Chain-of-Thought) i f2
5145 LLM, DASE AR IE AN — BB T3 A

These studies suggest that LLLMs can serve as valuable assistants in detecting and mitigating test smells,
contributing to more maintainable and robust unit test cases.

XLEWFFEEENT, LLM Rl LIME G A2 N R A B, A BT e B T 4R fPoRAS e A BT ik
KR

4.7 Test-to-Code Traceability Link
4.7 PABI RS R T E W

Test-to-code traceability involves establishing explicit links between unit tests and the corresponding

software units they are intended to validate.

TE A Al B P KA BTN L 5 R S R AR R AR PR BT 2 AT ST B R R A

This practice is essential in unit testing, as it provides visibility into how tests align with production code,
thereby facilitating test coverage analysis, debugging, and test maintenance.

XREEEAE TP R E L, ROV BT TS A A e S ml I, ATt 7 st
RO KA

To this end, Sun et al. [93] introduce TestLinker, a hybrid approach that combines heuristic rules with
LLMs to establish test-to-code traceability links at the method level.

I, Sun SE A [93] #EH T TestLinker, ROZ—FRG A, 456 HAXMNE LLM SFSHN A 200 )
IR A AT IB W RS

Specifically, TestLinker fine-tunes CodeTS5 to learn the inherent semantic correlation between unit tests and
focal methods, and then utilizes mapping rules to accurately align predicted function names with
corresponding production method declarations.

HAKIME, TestLinker f3{J CodeTs Lha > BTN £R fUT i 2 IR B A TR SURSCIE SRS 1 FH e AL
IS AT o K 42 Tk 5 W 7 160 A w7 T 3 5 TH M Sk



Despite its importance, this area remains under-explored, calling for further research on LLM-based
techniques for test-to-code traceability to enable more maintainable and traceable unit test cases.
REHEIEAFME, (EZSUEARBGERR, T8 P ET LLM fLE A B i 5
A, DASEELEE R AP AT R] 8 3 A ER Tl 1

4.8 Test Minimization

4.8 it H/ ML

As software evolves, unit test cases tend to grow when software evolves, making it impractical to execute all
test cases with the allocated testing budgets, especially for large software systems.

BEE AT AERE, BT GRS ARG, XA BRI N AT A s B A5 1
SR, JUHXS TR R -

Test minimization attempts to improve the efficiency of unit testing by removing redundant test cases, thus
reducing execution time and resource consumption while maintaining the adequacy criteria of the test suite,
such as code coverage and fault detection capability.

M dpe/ M I B IS 78 BR T A A R S s BT R, AR se e bn it (B
i SRR AR RE 1) BRI, Sl D PR T I TR A B PR A

To this end, Pan et al. [75] propose LTM, a scalable and black-box test minimization approach based on
LLMs and similarity analysis.

ik, Pan SEA[75] 42 T LTM, X2 FhET LLM AURAIE A B R e R i M T

LTM utilizes LLMs to extract test case embeddings and two measures to compute their similarity via two
metrics, i.e., Cosine Similarity and Euclidean Distance.

LTM FI A LLM #2 B B A (Embeddings) , e A sz AHBLEE AR L AR B M 1R bRk R
EATRIHEE .

Based on the similarity, LTM applies a genetic algorithm to optimize the test minimization search space,
which identifies the most effective subset of the original test cases within a given testing budget.

BT HONE, LTM W s Bk Ut st s MU ZR 2 0], AT R 25 5 B U5 A SR T A
PR A UM 5o

However, research on LLLM-based test minimization remains limited, suggesting the need for further
exploration in broader regression testing scenarios such as test case prioritization and selection.

SR, T LLM i MERT FS A R, IX R 2L S 2 i BRI s (At i a2
HEFRIILERE) gt Tt PR

4.9 Test Readability
4.9 AT

Traditional automated unit test generation techniques, particularly search-based tools (e.g., EvoSuite), are
capable of producing test cases with high code coverage.

R H BB TTIR A AR, FEAEE TR T H (W EvoSuite) , REASAE i ELAT S A5 BT 56 -
1



While these tools alleviate the burden of writing unit tests manually, the generated test cases often suffer
from poor readability, making them difficult for developers to understand, interpret, or maintain.

BEIRXEE TR 1 F3hdn S5 BTl (BA A B A T S 22, S IT R N DAE LARE
filf AR AR

Thus, improving the readability of automatically generated test cases has therefore emerged as an

important research direction.

AL, $ e B A B mT sk 2 o — S BRI R FE 5 14 o

To address this, Delijouyi et al. [19] introduce UTGen, which integrates LLMs into the search-based test
generation process, thus combining the strengths of both paradigms to generate effective and
understandable test cases.

N T fRUXAN AL, Delijouyi S A [19] #EH 1 UTGen, B4 LLM $84 BIR TR AN O R,
M & & BRSO ote A oA 28 HL 2 T B A4 U 91 o

UTGen utilizes LLMs to provide contextually relevant test data, insert informative comments, and suggest
suitable variable names via prompt engineering.

UTGen # ] LLM i@ #2878 TAER it bR SCHSC AR, MG EFEIER, HEGEN L4
o

Similarly, Biagiola et al. [10] employ LLMs to improve the readability of test cases produced by EvoSuite,

specifically focusing on renaming variables and test methods, while preserving functional correctness and

coverage.

R, Biagiola 55 A [10] FJ ] LLM i 5 EvoSuite “E R G AT B, el ST A S ALy ¥
PR A, R RS T AR IE B AT

In addition, Zhou et al. [138] introduce C3, a readability measurement tool that leverages LLMs to extract
context-aware readability requirements from source code, aiming to assess and improve the readability of
test inputs, especially for primitive and string types.

AN, Zhou SE A [138] HEH T C3, & Fral setEdl G TH,, FH LLM MR R BLE R SURARY
AIBEPERR R, BT S S AR T, Rl R o R S T 1 HR

Specifically, C3 captures the expected input context from the tested code and checks the consistency of test

inputs, and its integration into EvoSuite enables the generation of more readable test inputs by guiding the
test generation with these extracted contexts.

BRI, C3 AR D A P A _E T SOFR A AR — Sk, K H R RE] EvoSuite Fhaf LA
X R Y BT SCHE AR, M A R AT A e A

These studies demonstrate the potential of LLMs in bridging the gap between traditional unit test

generation techniques and human-oriented test comprehension.

XEEHHF IR T LLM (ER AR S8 T AL AR S A Z I 2 ) 22 B I8 1

Summary of Findings
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From the perspective of unit testing, our systematic analysis reveals the following key findings:

METTIR Y AR, BATHI ARG AT ia7R T LA KA :

(1) LLMs have been applied across a wide range of unit testing tasks, demonstrating strong potential in
both fundamental and emerging scenarios;

(1) LLM BT 2l BRITiESs, AR SRer >4 st rh AR R B H SR R T 5

(2) despite this breadth, research efforts remain heavily concentrated on a few primary tasks, with test case
generation and oracle generation being the most studied, accounting for 20% and 19% of the collected
papers, respectively;

Q) BT AR, (A0 TR E R rp e /DR EAE 55 b, I 1A oA 5 AR i@ e o i
20, 5 EHCERIE S 20% 1 19%;

(TF: B G A PIRIET 4.1 220 60% " F1“14% " G HIA, B REEIEETEANAZ T 7 FI%E
i, B IAL20% (R IGFFE LTI ALk o AE7E 36 15 B X — 40 FZ2207)

(3) although emerging tasks such as test evolution, test smell detection, and test readability are gaining
attention due to LLMs’ general-purpose reasoning capabilities, they remain relatively underexplored.

(3) RUE M e I S ARAG TN 35 ) 352 MRS 4 A 55 AT LLM (938 FHERERE 1M 32 B OGTE, (HEA]
AR Z R ER

5 ANALYSIS FROM LLM PERSPECTIVE

5 LLM #L# B34

In this section, we perform an analysis of collected papers from the viewpoint of LLMs, specifically focusing
on the distribution of LLMs used, their utilization strategies, and traditional techniques employed in
conjunction with LLMs.

FEATH, FAT LLM WAL AR B IE SCHEAT 04T, I OQTE T TR LLM 2345 BT 5K
% AN 5 LLM g5 & L SRR

5.1 Adoption and Distribution of LL.Ms
5.1 LLM KR A543

Figure 6 presents the distribution of LL.LMs adopted across the collected studies.
K 6 R TYCEREI BT TR Y LLM B 204 15 L o

The results reveal a clear preference for a few dominant models, particularly those accessible via
commercial platforms, while open-source alternatives are gaining traction for their flexibility and
adaptability.

SRR, AR SR OB UR S, Rl R AR pk- - S R VT R AR, i RO
5 DR HL R B A ATE ML I8 32 1) O T

Among all models, GPT-3.5 [69], released by OpenAl in November 2022, is the most commonly used LLM
in the context of unit testing.

FEFTARR AT, OpenAl T 2022 4 11 HAARY GPT-3.5 [69] /2 BTl & 1 (i A% LLM.
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It is trained using a combination of supervised learning and reinforcement learning from human feedback,

which enables it to generate fluent, human-like responses.

BEE T B AT AL B sA T B T4, XMEHRER AT EARRE.

Primarily featured in OpenAI’s ChatGPT platform, its release has significantly advanced research on
LLMs in unit testing, thus contributing to its top ranking in our collected studies.

Y74 OpenAl ChatGPT VG L ZR 1, EHI A AT B HEGE T FRICIAH LLM fYAT5E, i HAE T AT
RIS HEZ S

Following GPT-3.5, GPT-4 [68] is the second most commonly used LLM in our collected studies.
X GPT-3.5 Z )i, GPT-4 [68] 2 HA B AYWFTE H { FTR S5 i LLM

Released in March 2023, GPT-4 features a much larger parameter count and superior performance across a
wide range of tasks than GPT-3.5.
GPT-4 F 2023 4 3 H &A1, M GPT-3.5, BHMIAEKIISEE, FHAE) ZAMES I EOBA

Lk
HBo

The third-ranked LLM is CodeLlama [81], which is an open-sourced model developed by Meta.
HE£4 55 = LLM 2 CodeLlama [81], X3 1 Meta JF % (9575,

Due to its open-source nature, researchers can not only perform prompt learning, similar to the GPT series
models mentioned above, but also conduct additional training to meet domain-specific requirements.

W T HITERPE DT, BTSN AR LG ik GPT RIS — R T4 7R 2 >, b nl AT RN il 25 LA
TH AL RR AE SR 775K

For example, Shang et al. [86] fine-tune CodeLlama to support three key unit testing tasks, i.e., test
generation, test evolution, and assertion generation.

i, Shang 55 A [86] 4] CodeLlama DLSZH5 =SS FTTIAAESS, RIMNAR e st b =
Al

In addition, GPT-40 [70], the successor to GPT-4, ranks fourth overall and has already been adopted by 12

studies since its release in May 2024.

LA, GPT-4 HUAk(T# GPT-4o [70] SUAHEZ SV, H 2024 4 5 HAAT LR BB 12 TFTERH] -

Compared with GPT-4, GPT-40 provides notable improvements in response speed, computational
efficiency, and long-context reasoning, motivating some studies to explore the potential of CoT in unit
testing.

5 GPT-4 #ilt, GPT-4o fEMARHE . THARCRNHC EFSCHERE T iRt 7 W& Hodt, WU 17— Lemf 5k
ZEZERE (CoT) (EFITIIATRYE ST

Other less frequently used LL.Ms include a range of open-source models such as DeepSeek-Coder [32],
CodeTS5 [108], CodeBERT [23], and StarCoder [54].

HAth A /0 pY LLM 35— R4 TERR 41 DeepSeek-Coder [32]. CodeT5 [108]. CodeBERT [23] 1
StarCoder [54].

These open-source models offer flexibility for customization and experimentation, particularly in scenarios

that require fine-tuning or integration with task-specific workflows.

XTI E FIRI LA S it 1 RIGME, Rl e B0 s R e 5 TARRSE MR St



5.2 Utilization Strategies of LLMs
5.2 LLM [ 6 I s

LLMs are typically pre-trained on large-scale corpora to acquire general-purpose knowledge.
LLM 38 A £ R RUBE R _EEA T I 2k AR EUE H R

Thus, a fundamental research challenge arises when integrating off-the-shelf LL.Ms with unit testing: how
to effectively adapt general-propose LL.Ms to the specialized tasks of unit testing.

AL, B LLM 50T, , B 7 — AR DTS Bkt A A 280t (38 ] LLM 5@ A
BT 2 T M55 o

In this section, we systematically categorize and analyze existing strategies for adapting LLMs to unit

testing tasks.
FEARTT, BATRGEH I FKIF AT 17 BA R LLM 35 R R TIRRAT 55 (1 5 o

5.2.1 Taxonomy Analysis.
5.2.1 5P RAKR M

Figure 7 illustrates a hierarchical taxonomy of LL.LM utilization strategies in unit testing research, annotated

with the number of studies adopting each approach.

K7 feor T BT st LLM SR AR 2RI AR, FRRTE TR MO TR B ST 880

These adaptation strategies can be broadly grouped into two main categories: model training and prompt
engineering, each comprising several specific techniques that vary in complexity, resource demands, and
levels of task alignment.

TXLETE SR KRBT 73 RS s ORI AR R TR, R as TRREOR, BATEE 2. %
PR SRS R FE R T T A A I o

Overall, our analysis reveals that prompt engineering dominates the landscape with 96 studies, reflecting a
growing trend toward leveraging LLMs without additional training.

VAT, BAIRY AT Bonion TRE G T 256, Mo 96 TiwFse, Kok 1 Jeah Al g Rn] 1 ]
LLM HysE RS

Zero-shot prompting (63 studies) and few-shot prompting (17 studies) are the most widely adopted
strategies, while more advanced prompting techniques such as chain-of-thought (12), tree-of-thought (2),
and guided tree-of-thought (2) highlight the growing sophistication of prompt engineering.

TRASER (63 WWHTE) MRS (17 WHFE) R M 2RI, 1S e nsor, i
gk (12) « BZER (2) M5l e=U84ER (2) , RE TR TR H s KAy 2 24t

On the training side, full-parameter fine-tuning remains a significant strategy, with 35 studies adapting
model weights for unit testing tasks, indicating continued interest in tailoring model weights for specific unit
testing objectives.

HENGTTHE, SSEEORAE—TEEENE, A 35 TS BRI LU T BTt e 5, £A
TR Xt E B TT I F s S A R B (S PR 4 o



Although pre-training (2 studies) and reinforcement learning (2 studies) are less commonly used, they
demonstrate potential for more targeted or optimization-aware adaptation.

BEIRWOINGE (2 B5E) e~ (2 BEss) (ERED, AETRR 7 ERE s R E R
77,

Parameter-efficient fine-tuning (PEFT), while still emerging (4 studies), represents a practical direction
toward efficient adaptation with minimal cost.

SRR (PEFT) BAMPBAETELH B (4 WbEse) , (AHEE T i/ VR S R oE B iy 2 1 7
[Eif8

In the following, we delve into each strategy in detail, discussing their technical characteristics,
representative approaches, and observed trends in LLM-based unit testing research.

TR, BATBFRARATE SRR, TS ENBOREHE. M5 AERT LLM 1 ITIA
WM F

5.2.2 Model Training.
5.2.2 1A%k

To support task-specific adaptation of LLMs in unit testing, various training strategies have been proposed

and evaluated across the literature.

N1 3Ry LLM AR RO RO E A5G RC, SCRRP R IR PRAY T 25 Rl 2R SR o

These strategies differ in terms of training objectives, resource requirements, and expected performance
gains.

IXEETRMEAE N 25 H b BRI KA TIUNIE RERE 2y T A& AN AT o

We categorize and summarize the main approaches into four types: (1) pre-training models on code-specific
data, (2) full-parameter fine-tuning, (3) parameter-efficient fine-tuning (PEFT), and (4) reinforcement
learning.

TN EEZTTE IR EANIR AL (1) AAURREEdE BRI gy,  (2) 28008, (3)
SRR (PEFT) |, LK (4) 5fbsy>d.

Each of these strategies represents a distinct point in the trade-off space between model generalization,

adaptation cost, and task effectiveness.

IXLEHEME P A TR TRALZ A RE ST TE IO AR5 A S 2 TS 2 ) FR R — I R (o

Model Pre-training.

BRI 5

In the early stage, inspired by the success of LLMs in natural language, researchers attempt to adapt them
to programming languages.

FERB B, &% LLM f£ HARE S S0 E &, BFFE A A @ T iR e =

A straightforward approach is to train code-related LLMs with similar model architectures and training
strategies but using code datasets rather than natural language datasets.

— PP BRI T R SRR B A R ok, (A FARAS R R SR T 3F B AR5 S SR SR I A S A
Y LM,



For example, to explore the potential of transfer learning in code-related tasks, Mastropaolo et al. [63] pre-
train a TS model with 1.5M Java methods and fine-tune it to generate assertion statements based on given
focal methods and test prefixs.

P, S~ T IRFERS L I RIAT S PRI /T, Mastropaolo < A [63] i 150 J5 4~ Java J7 & fitilll 2k
T A TS B, FEXS B TR0, DUERRESS E R FR R A B g4 i = A

Furthermore, Rao et al. [80] introduce CAT-LM, a 2.7B-parameter GPT-style LLM pre-trained on aligned
focal methods and test cases, making it well-suited for accurate whole-test generation.

14, Rao % A [80] #EH: T CAT-LM, jXJ2— 1> 27 (24 GPT WUk LLM, AEX} 75 89 £8 kU5 IE AL
LT 710N SR, (s H AR & A R 2 A

Full-Parameter Fine-tuning.

e 2 G

These techniques utilize supervised learning to train LL.Ms, thereby adapting them to the downstream test

case generation task.

IXEEHAR B 2 5045 LLM, DI (s FLTE R T 90 At 4 A FEA T 55

This is an intuitive and effective way to allow LLMs to refine their pre-trained knowledge representations
and weight parameters through limited-scale, domain-specific datasets.
R EM HARRY T, foifr LLM i A BRAUS A Sk E 2ol Sk U HATI 2R RR R RIAL

In the UT community, the training paradigm is extensively adopted during the early stages of LLMs with
millions of parameters, such as TS and CodeT5.

FEFICIAE I, INZREAEIA RO I 220 LLM (I TS A1 CodeTs) F-F-HIB Bebl) ™ 12 % o

The prevalent implementation of this paradigm can be primarily attributed to the limited generalization
capabilities of early-stage LL.Ms, which require task-specific training to achieve optimal performance in
specialized domains like test case generation and assertion generation [2, 3, 99].
TR S = A AT L4 LLMOA IR AL RE ST, iR SR 5 BUR AT 55 O YI 2R A REAE I U
BB AT = Al S L IR B AR RE [2, 3, 991

We observe that out of 30 studies, LLLMs are fine-tuned using full parameter fine-tuning techniques to adapt
to downstream unit testing tasks.

FATHEZEE], £ 30 W5, LLM (@S EUR BRI TROM LAE Y F IR TS5
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For example, AthenaTest [99] is the first attempt at fine-tuning LLMs for test generation, inspiring a

multitude of subsequent studies [2, 88].
Bl , AthenaTest [99] 24l LLM I T A iy ki, JH&R T RER B ARZ IR (2, 88].

Parameter-Efficient Fine-tuning (PEFT).
SYEBAH (PEFT)



However, it is quite computationally expensive and resource-intensive to fine-tune LLMs, particularly for
models with billions of parameters, which usually demand substantial GPU resources.

SR, oM LLM A3 AT R JIE R 2R, Rl Xt T A B HCSE R, Gl 2
GPU %

To this end, researchers introduce several parameter-efficient fine-tuning strategies in the domain of unit
testing, including low-rank adaptation [8, 39, 125], (IA)3 [92] and prompt tuning [92].

Mk, WA GAERTTIMRGURG I 1 LRSS AU sk, A5 IGFE R, (LoRA) [8, 39, 125].
(IA)3 [92] A7~ (Prompt Tuning) [92].

These studies aim to adapt LLMs with minimal weight updates, substantially reducing training costs.

LB 5 B AL e/ N R SR8 LLM & WATLSS, IR MEFE RIS A

For example, Storhaug et al. [92] conduct the first empirical study to extensively investigate the
effectiveness of PEFT strategies, including LoRA, (IA)3, and prompt tuning, for LLM-based unit test
generation.

fitn, Storhaug A [92] BEAT 1 EWSLUENISS, )iz 4 17 PEFT 5l (245 LoRA. (IA)3 MRl
) AEFET LLM A ER ST A il A %5

The results demonstrate that PEFT techniques, particularly LoRA, achieve comparable performance to
full-parameter fine-tuning while significantly reducing computational costs, making task-specific
adaptation of LLMs more feasible.

ZEIRRN], PEFT iRk (JUHJZ LoRA) HUfG 7 52 L AVERE, RN BT it ERok,
5 LLM [R3 E A 55 1 FL B AR 17

Such approaches make LL.M-based unit testing more accessible and practical, particularly for academic or
industrial settings with limited GPU resources.

XEETEMASEET LLM (55Tl 3N & TARBUNISE AT, Rl 2 i T GPU BRilUA FRAY -7 AR B ol 3R
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Reinforcement Learning (RL).

EFE> (RL)

In addition to improving fine-tuning efficiency through PEFT, some researchers also employ reinforcement
learning to enhance the effectiveness of LLM-based unit testing research [91, 95].

B 7 amId PEFT 2 @il ReRoh, —Lefh 58 N GOA R s Al o7 S G5 T LLM [ BT e A 2K
1% 191, 951

For example, Steenhoek et al. [91] design a lightweight static analysis-based reward mode to analyze the
quality of LLM-generated test cases.
#4n, Steenhoek S5 A [91] Bt 1 — TP I BT RS AT O R ARk oA LM Az 30 i 481 )

They then utilize the reward mode to guide the reinforcement learning process, optimizing LL.Ms to
generate unit tests that maximize expected reward across five code quality metrics.

SRIG , AR Z R st S A SR AR LLM DUAE iore Fo MRAD B i Fe iR b i KA TR 2 3l
BT



In addition, Takerngsaksiri et al. [95] propose PyTester, an RL-based test generation approach for Python
in test-driven development settings.

IlLAP, Takerngsaksiri 57 A [95] #2111 PyTester, X2 FEMIAIKBIIT A& E T T Python T 5{L
I AE BT

5.2.3 Prompt Engineering.
523 RITRE

In addition to model training, prompt engineering has become a widely adopted strategy to guide LLM

behavior for unit testing tasks.

B TR ZRS1, B8 TREE O 515 LLM ST BTN T 55 BT 20K FH SR

These strategies range from simple zero-shot prompts to structured, multi-agent reasoning frameworks.

T LS A Y LM fT R AR AR R RSS20 B REAR R AE 2R

We categorize existing prompting strategies in the context of unit testing as follows.

FAE R TTICR T 5 B EUA R R SR 2 20T

Few-shot Prompting.

DRAIRR

Few-shot prompting provides LLLMs with several input-output pairs (i.e., demonstrations) before prompting
them to generate a response for new, unseen queries.

DHEARFRIRAESEIR LLM Oy AR i A s 2 )i, Se b HaR gt LA A -S o (RIEER/AE
B o

For example, in assertion generation, Nashid et al. [64] retrieve similar focal methods along with their
corresponding assertions based on embedding-based or frequency-based similarity, using them as in-
context examples for Codex.

B, FEWTE Ak, Nashid 55 A [64] BT EETHRA BT IR I HUMEAS 2 AE AR £8 iU 15 A HAR R
(W, K EATATE Codex [ _E R 3R

In addition, for test generation, to provide high-quality and diverse examples, Ni et al. [65] cluster all
candidate examples based on semantic similarity and select one representative from each cluster.

WA, RFIMEA R, O TR A S BRI ZARLAY RG], Ni SN [65] BT i SURBLE X i A e 12t 7 91 3k
R, FFMEE RIS — R

The final prompt is then constructed with five examples, which are ordered by three different strategies:
random, ascending, and descending order of cosine similarity with the target focal method.

REARPER IR PIREL, X RO = MR R SRE HE . BB 155 B AR ST ERI AR a2 AR B
TR sl b HES o

Zero-shot Prompting.

FHARR



Zero-shot prompting directly queries LLMs to handle unseen tasks without providing any explicit

examples.

TRASE R BRI LLM SRAC PR L AAESS, AR AT B AR Y 75 4o

This prompt strategy entirely relies on LLMs’ pre-existing knowledge and reasoning capabilities, thus

requiring a powerful foundation model (such as ChatGPT) for effective interaction.

X2 7R S SE AR T LLM BUA R RBRAHERLRE ST, A 2RO RO EEASEL (A0 ChatGPT) SkitfT

For example, Gu et al. [30] prompt ChatGPT to generate test cases by defining its role as a unit test case

generator.

P, Gu S A [30] 384 ChatGPT [y 4 5E A BTN Bl 2B i R g s HLAE il FH 61«

The prompt also specifies the testing requirements for JDK 1.8 and JUnit 4, as well as a quality requirement

to ensure branch coverage in the given focal method.
ZHoRNIETEE T JIDK 1.8 A1 JUnit 4 ISR, LLURRAREE € £ U7 ¥R o SO S R Y it R

In oracle generation, Konstantinou et al. [49] design a prompt that begins with a role-playing introduction
and a task explanation, concluding with a sentence that specifies the desired format of the LLM’s response.
FEFUE A%, Konstantinou 5 A [49] it 17— Mo, LA OIS ENHES DTG, I EMEE
LLM Wi 7 it i 2 54

Chain-of-Thought (CoT).
BYEGE (CoT)

CoT prompting attempts to improve LLMs’ reasoning by decomposing complex problems into a sequence
of intermediate reasoning steps.

ARG R 1R I R A2 2% [ i o — R A Rl ED POk R 5 LLM RYHEFLGE

For example, Yang et al. [113] utilize CoT reasoning to structure the test generation process into two crucial
stages: (1) providing LLMs with context information about the focal method to summarize its functionality,
thus gaining a deep understanding of the method semantics; (2) guiding LLMs to iteratively generate
divergent test cases that maximize branch coverage by incorporating counter-examples, thus allowing
LLMs to reason step by step.

B, Yang S5 A [113] M CoT HEMUKN A sl BEAg gt P SC s B (1) 1) LLM 324550 T8 R
JIER BT UEE LRSS HIIRE, WMIRABM I EIESL;  (2) 515 LLM @456 Rk AE ik
o S AR R B ], T 7o LLM B HER .

Similarly, Wang et al. [109] instruct LLMs via a step-by-step CoT reasoning process, where LLMs
sequentially decompose focal methods, generate test cases, and iteratively refine errors, leading to more
effective and higher-coverage unit test generation.

R, Wang 55 A [109] 3l B2 1 CoT HEFLILAEfE-T LLM, Hrp LLM AR RUT ARt
BIFFIEAAEIERADR, AT LB A R8O B e B e S BTl i A o

For example, during the method decomposition, LLMs first summarize the focal method’s functionality,
then recite the meaning and usage of all invoked non-local variables and methods, and finally break down
the method into step-based meaningful slices.

fGihn e RAMESTRLR TT M e AR B 4B A S RO ThEE SRS VR ARG R FH A AR REmas SR e 4



SR, BIFR AR NETPRNAE LI .

Tree-of-Thought (ToT).
LR (ToT)

This is an advanced reasoning technique that enhances the problem-solving capabilities of LLMs by

structuring reasoning as a tree-based process.

X R HERE RO, IR R G A BT A RE SR I 5 LLM [ AR DR BE ) o

Unlike CoT, which follows a linear step-by-step reasoning chain, ToT enables LLMs to iteratively explore
and evaluate multiple reasoning paths, discarding suboptimal ones and converging on a more robust
solution.

HERZME S HEPRERY CoT AfH, ToT fli LLM REMS I A MR R AIIPAL 2 S HERUR AR, & FHIRIUER 2T
eSS B AR O R R T 5

For example, in the context of unit test generation, Ouédraogo et al. [71] employ ToT by simulating a
collaborative process among three virtual software testing experts, where each expert independently
proposes test cases, exchanges them with the group for evaluation, and refines them iteratively based on
collaborative insights.

fn, AEETTIRKA A 5T, Ouédraogo S5 A [71] AU = A EEAUHAF I T 5 2 IR R B BT R R
KM ToT, Hrpfpfr L5 s MG, FEAE N AcH L TITAL , FRRARYME IR IE A e 35 &
filo

This approach enhances test case quality by leveraging multiple reasoning pathways, ensuring coverage of
typical use cases, edge cases, and exception-handling scenarios before merging the finalized test suite.
BRI SR A H 22 e HLE Ak S = U B SO, S ERE S RN B 2 AT A S AL R ]
FUR LN AL P 5

Guided Tree-of-Thoughts (GToT).
5| B4R (GToT)

GToT is an enhanced version of ToT that incorporates structured, step-by-step guidance mechanisms to
steer the reasoning process toward more systematic and optimal solutions.

GToT /2 ToT WYIESRARA, 4G T4 TRFPBtR T SHLE, LAS| SHEMLE AR E M B RGN
FAAR DT 25 o

For example, Ouédraogo et al. [71] extend ToT by explicitly instructing LLMs to follow a structured
framework, including method extraction, functional test generation, edge case identification, and iterative
refinement.

i, Ouédraogo A [711 47 fi€ 1 ToT, WIFfifEx LLM EAE —MEEMMHEDE, BEJ AR E DhRgdilnt
A AT BN AE AL o

In this setting, three virtual experts not only propose and refine test cases but also systematically analyze
method signatures and exception-handling scenarios before merging their insights into a complete JUnit 4
test suite.

FEIXPIEE T, =AREIL SR NS5 M 41, IEAEHs WAR & IO 58 88 19 JUnit 4 B2
B, REH T IELE S T A 5.



Besides, by enforcing a well-defined reasoning structure, GToT improves test coverage, enhances code
correctness, and minimizes test smells compared to the standard ToT approach.

HEAh, JE SRR T E LI REE Y, SFRIE ToT J7dkHEL, GToT fidm il Bl m A, B8 7 (UAD
IERIE, FERAIRE D TS Sk

5.3 Enhancing LLMs via Traditional Techniques
5.3 BIEGRORIEHE LLM

Although LLMs have demonstrated remarkable capabilities in various unit testing tasks, the complexity of
unit testing poses unique challenges that often exceed the standalone capabilities of LLMs.

JRUE LLM FE& RTINS R B 1 s RE ), (R ERTTIlRY B R A il 1 e b, AR
7 LLM [yAhs7.RE

To bridge this gap, recent studies have explored hybrid approaches that integrate LL.Ms with traditional
software engineering techniques, aiming to harness the strengths of both paradigms.

N T AN 220, RITRIATFSIRE T LLM S8 TR SRR G, SN HIXPF
TS

5.3.1 Taxonomy Analysis.
5.3.1 RIERIHT

Figure 8 presents a taxonomy of traditional techniques integrated with LLMs in the context of unit testing,

annotated with the number of studies adopting each method.

K 8 o AL 5 TS LLM SRS BIRRI I RIR R, FEbRiE TR R8T .

These studies fall into six major categories based on the supporting techniques employed: program repair
(20 studies), program analysis (18 studies), SBST tools (7 studies), information retrieval (5 studies),
mutation testing (3 studies), differential testing (3 studies).

IXLEWFFEHRAR TR A SCRROR Y 7R s RERP B A (20 TAWESE) « RRFpaiAr (18 WiffF5E)  SBST
THR (THH5) « FEAE U5 « 2R G Wrse) MEML 3 W) -

Among them, program repair and program analysis are the most frequently adopted techniques, indicating
a strong emphasis on improving the correctness and contextual relevance of LLM-generated test cases.
Hrh, BFEEMNRERF AR BRI EOR, RUIFTFTE RET 1 LLM A i 1 i IE a1
BRSO

Program repair techniques are primarily used to fix compilation and runtime errors in generated test code,
while program analysis enhances prompt relevance by extracting meaningful structural or semantic
information.

R EERREEN TEE AR PR gt T 6, TRE e AT M S BUA = LRI 4
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In the following, we examine each category in detail, discussing its technical motivation, representative
approaches, and the observed impact on LLM-based unit testing research.

TR, AT AR 20, PHEHEIREINL. AERIEIE LU EST LLM i STl ot 7T 4k
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LLMs with Program Analysis.
LLM Z&8 R P

To facilitate LLMs’ comprehension of the unit under test, an intuitive strategy is to provide them with all
relevant information as prompts to the greatest extent possible.

T Ak LLM A HENER ST ERAR , — b EDWLAY S 2 S FT REAE fE R R T A R R

However, this strategy inevitably introduces irrelevant noise in lengthy prompts and hampers LLMs’ ability
to extract essential semantic information due to the lost-in-the-middle phenomenon.

SR, XD SRS AN AL Gt 25 AR TT R A SR B ARG, I i Tk A ] (lost-in-the-
middle) “BRGMIRLAG LLM $RBCCHE UE R R AE

To this end, researchers utilize program analysis techniques to represent the unit under test and its context
information more effectively, thus increasing LLMs’ ability to comprehend source code accurately.

MG, BEFEN GR AR AT BOR A R R e B T N B SUE R, A2 S LLM HER R AR
AYEES T

For example, in the context of test generation, TELPA [113] performs backward and forward program
analysis to feed LLMs with a limited number of relevant invocation methods rather than the whole focal
class.

P, EMA KRS, TELPA [1I3] S0 T1A AR ATRYRE 204, 17 LLM S A BRECR A5G I
MUTE, A REEAE R,

Chen et al. [13] conduct program slicing to extract representative API usage and perform dependency
analysis to build object construction graphs, which can provide guidance for LLM to generate meaningful
test cases.

Chen £ A [13] BEATREF U1 AR BUERYE RS APT JIE, FFPATIR A LIS Gt I8, XAl LA
LLM A8 oA i SR 1 ER e

Wang et al. [109] parse the focal method via static analysis to extract context information for LLMs to

understand the usage and structure of the focal method.

Wang 2 A [109] M §F ST £ 0735, O LLM 2 E T OURE,  DAERAR AR U732 19 R A5 o

In test evolution, Yaraghi et al. [116] utilize static analysis via the Spoon library to construct method-level
and class-level call graphs of the focal class, enabling the identification and prioritization of relevant repair
contexts for LLMs.

FEMA T, Yaraghi 5 A [116] F1 ] Spoon J2 i i S s A i 45 R AR R Z0R T, A
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LLMs with Information Retrieval.
LLM £ & FERE

LLMs are typically trained on vast datasets, retaining learned knowledge in the form of parameters up to a

fixed cutoff point.
LLM i@ e e e e Ebf i, #7209 MR EASB0T A Ok B 21 [ A9 B LI 1]



While fine-tuning provides a viable mechanism for incremental knowledge integration, frequently updating
LLMs with the latest data is often impractical due to the vast number of model parameters.

BRI RO LB T — MR RIS, (BB TRESER TR, S SO Ed S LLM
AERATISEERAY .

As a result, when generating test cases, LLMs may struggle with outdated knowledge and a lack of project-

specific context.

S5O, AELE RGBT, LM a] B2 32 I Ik i A RIRAN0T H 45 5 B F S Bk

In particular, LLMs may lack awareness of new knowledge (such as updated libraries or frameworks) after
their last training date and fail to incorporate critical project-level information (such as method invocation
of the unit under test), which reduces the quality of generated test cases and leads to hallucinations.
Fealieg, LLM alREs= 0 K eIl 2 H 2 R IUBrAni CInsogay R iESS) A, I BTCIEEEAS
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To address this challenge, researchers leverage information retrieval techniques to dynamically provide
LLMs with relevant, up-to-date context information through prompts.
N TR GX ki, WEFE A AR E EAR R BORIE IR 8851 0 LLM 2 (R Sty B R SUfF
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For example, Nashid et al. [64] construct prompts for assertion generation by retrieving demonstrations
similar to the test prefix based on embedding or frequency analysis.

fln, Nashid 55 A [64] i BT A SR IER SILHT SRR GE)) , REERE LR
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LLMs with Program Repair.
LLM Z &R FER

Although LLMs have achieved impressive performance on unit testing, generating syntactically correct test
code remains challenging, often resulting in compilation and runtime errors.

JRE LM (ERTTil7 BUG 7  NEIGRZIMYERE, (B4 SORTE EA RIS A RS (5 A A B,
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To address this, researchers have developed various strategies to identify and repair errors in generated test

cases automatically.

N T FRRIXAN AL, WEFEN ST A T 25 Rh ot sk F Sl iR FE & A s rg st i 4 A g% o

Broadly, these program repair techniques fall into two categories: dynamic feedback-based repair [66] and

static pattern-based repair [2].

M SCEBE, REREFEE A AW BT IHERIBRIES [66] T SHAREE [2].

For example, Yuan et al. [121] adopt a validate-and-repair paradigm, iteratively refining buggy test cases by
re-prompting ChatGPT with compilation error messages.

B, Yuan A [121] RASAEFHELAE, T A4 E B BTN ChatGPT kAL A B
B et A 1o



In contrast, inspired by the advancements of traditional templates program repair [130], Gu et al. [30]
design five expert-informed repair templates to fix common compilation errors (such as syntax, import, and
scope errors) as well as runtime errors in generated test cases.

M2, sEGBRrEFEE R [130] 19E%, GuigA [30] Bt T L AEREMAVEE M, LUE
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LLMs with Mutation Testing.
LLM Z56 38 5

Most LL.LM-based unit testing approaches have demonstrated promising performance in maximizing code

coverage.

REHHT LLM By BT AR S KA A 82 555 05 T R B H A AT S A PERE

However, while code coverage is widely regarded as a useful metric, its correlation with actual bug detection

capability remains weak.

SR, BARURD A SRR M NN — A HHER, eSS PRBR I AE ST RO RAE SRR TS -

Thus, researchers employ mutation testing to simulate real bugs to optimize the bug detection ability of test

cases generated by LLMs.
A, HFFEA LR AL S L SE B, LAEAE LM Az a0 91 ) sk A RE 1 o

For example, MuTAP [17] prompts LLMs to generate initial test cases via zero-shot and few-shot learning.

B, MuTAP [17] 5 TR DR 2 5278 LLM 2R B a6

MuTAP then applies mutation testing to assess how well the generated test cases detect faults (i.e., kill

mutants).

S8JE s MuTAP [ A2 AT Al A2 I Bk s (RIRAEAZ =) HURET

If any mutants survive, MuTAP iteratively augments the initial prompt with surviving mutants to re-
prompt LLMs to generate improved test cases until all mutants are detected or no further improvements
can be made.

WA AT AL SR A7, MuTAP 2ok (O A0 A AL S A SR T 0652 0R , SETHREOR LLM AR st Ay i
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Similarly, ACH [24] attempts to construct mutants that represent faults that are both relevant to the issue at
hand and undetected by existing test cases.

FA, ACH [24] il EAS AR, TXEEAR AR 1 BE- 2 (R AR SR SRS I3 FH e I 21 Y
R o

These mutants are then used as prompts for LLMs to generate new test cases capable of detecting them.
SRIG, TR AR FER R, 1k LLM A= SRS RS T e A0 38 s i 4]

LLMs with Differential Testing.
LLM Z5& &0

Differential testing attempts to detect inconsistencies or bugs by running multiple implementations of a

program with the same inputs and comparing their outputs.

2273 i T 5 A IR B A Ge A TR Py B9 22 SEBRF FUA e TR HE SR AG IS — Bl g iR



Given a program under test, Li et al. [S5] prompt ChatGPT to infer the program’s intention and ask
ChatGPT to generate multiple compilable programs that share the same intention as the original.

S — MR, Li %A [55] 4275 ChatGPT HE TR HUREE , JFEER ChatGPT A i AT FL
AR BRI Ry o

They then apply differential testing between the program under test and the ChatGPT-generated programs,
using the inferred intention to identify failure-inducing test cases.

SRJE, AN IEARINEE P A1 ChatGPT A FR A9 RE 72 [AI M 22 700k, R FHERT H B R B AR S B R
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Similarly, Liu et al. [57] first utilize LLMs to generate multiple program variants and test inputs.

[FIRE, Liu %A [57] B 56FH LLM 2B 5 MR 5 28 AR o

They then execute test inputs on both the program under test and its variants to construct the test oracle.

IRJE, ABNIAERSINRR P A HAR (R _EPRA T3 A LIRS 2 7 5

Zhong et al. [137] prompt LLMs to generate high-quality unit test cases for JSON library and adopt
differential testing to detect potential bugs by comparing the results from fastjson and fastjson2.

Zhong F¢ A [137] #2755 LLM 2 JSON JEE il o it A BT U 1, 9ok A 22 0 T it LR 4K fastjson A
fastjson2 L5 SRR AEFE R o

LLMs with SBST Tools.
LLM %54 SBST (BETHZRENZAMN) TR

Another line of work combines LL.Ms with traditional search-based software testing (SBST) tools to

leverage their respective strengths.

7K TR LLM 5EGRETHRAHANLL (SBST) THMEZS, LRI EN#H S

For example, TELPA [113] utilizes the traditional search-based tool Pynguin to generate initial test cases for
easily reachable branches, which are then utilized to construct prompts for LLMs, allowing them to address
harder-to-cover branches further.

i, TELPA [113] M LSRR TR A TH Pynguin A% 5 Bk 70 S RTINS B1, SRI5F1 0
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Similarly, when Pynguin fails to increase test coverage within a given testing budget, CODAMOSA [51]
invokes LL.Ms to generate new seed tests, which are used to resume the generation process of Pynguin.
[FIFE, 24 Pynguin £E25 3 AR A JCTE N 042 2555 i, CODAMOSA [S1] 3 ] LLM A= 8 il
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CoverUp [77] further extends CodaMosa by incorporating feedback-driven refinements based on coverage
information to improve test case quality iteratively.
CoverUp [77] i &5 & 5: T8 55 R(5 B RUBEK S0, #E—224 ke 7 CodaMosa, LAk AR = it
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6 CHALLENGES AND OPPORTUNITIES

6 Phik SHLIAE

In this section, we discuss key challenges and highlight potential research directions across both technical

and practical dimensions.

FEARTIH, BATRHE 7 RBEAR, FRMNBRTIS IS H 41 T I ERI DTS T 1

6.1 Challenges
6.1 Pk

Despite the promising progress in applying LLMs to unit testing, our survey reveals several persistent

challenges that hinder their broader adoption and effectiveness.

JRUEHR: LLM W T HOTCEUS 1l SRk, AIRNTIGHER R TSR ki, PG 7 HE
TR AR R

These challenges span from technical limitations in modeling complex software units to broader concerns

around dataset quality, bug detection reliability, and model deployability.
IXEEHRIRIA S T WS E AR FRT I RORER S, 2IEI SRR e . Bug A Al SEMEAIAR R] EE
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We summarize the key challenges observed in the literature as follows.

FRATRE SRR E] B SRS S5 AT

6.1.1 Challenges in Testing Complex Units Under Test.
6.1.1 RS 2 B TR Pk AL

Unit testing aims to validate the functionality of individual software units in isolation.

FATCIN B 7E R BB S N FR TR T RE

However, in real-world software systems, these units rarely operate independently, and they often rely on
complex interactions with other functions, classes, or modules.

SR, DS SRRV R, XEEHITIR/DIIaTT, BATEREARE T 5 MR AL, R 2 e
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This interconnected nature of modern codebases introduces significant challenges for LLM-based unit
testing, particularly in understanding and reasoning over the broader execution context.

BUAACHD 2R A IX R BN 2 T LLM B Bl sk 1 BRPAL, Al 2 B AnHE L B ) S AR T
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Our analysis reveals three development stages in how contextual information is incorporated into LLMs for

unit testing.

FATH a7 T BT SUE BN RITIL LLM B =& SR B o

From our collected papers, we observe that early studies typically feed the focal method into LLMs,
prompting them to generate corresponding test cases in the form of machine translation.
MBATBCEER IR SCHEE R, BRI SIE B R RUTIE R LLM, SR BT LALE B A i
JS7 FR I 481 o
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However, this strategy lacks critical contextual details, such as variable declarations and invoked methods,
which are often necessary to produce valid and meaningful test cases.

SR, IXFP R R = SR _ETRSCARTY, It A BIANROR Tk, e R A A S HA R L
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Later, with the advent of larger models featuring expanded input windows, researchers incorporate the
entire focal class as additional context to capture inter-class dependencies.

bie, BEE AT TREAE LRSI B, AT DU R SR I B R SC N, EAERE
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Although this strategy enriches the available information, it also introduces excessive input size and noise,
making it difficult for LLMs to identify and focus on relevant elements.

RERXFRIEER Tl iEE, HEWRSIA TR ARSI, (675 LLM XELGRBIAIZRE T MK
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Moreover, even this expanded input fails to capture cross-file or cross-module dependencies that are

common in large-scale projects.
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Recently, some efforts have sought to mitigate these issues by leveraging program analysis techniques to
extract semantically related methods, function call relationships, and usage contexts of the unit under test.
T, e AR E R I RE R 7 A SRS BUE SRR Y 7 BREOM 2R 28 AN e B T A L
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While this strategy improves the relevance of provided information, striking a balance between sufficient
context and manageable input size remains an open challenge, especially in repository-level unit testing
scenarios.
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Future research may explore more advanced static and dynamic analysis techniques (e.g., dataflow
analysis) to better identify and structure relevant context.

ARREWFITT ] AR R S R RS TIBIES AT BOR. (BIAREHETaAT) , DAEGF MR BRI SC BT
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Besides, program reduction techniques, such as dead code elimination, can be employed to remove source
code that is irrelevant to the behavior of the unit under test, thereby reducing complexity while preserving
the essential functionality.

WA, WK ARE LI EOR (AnAEARDIHER) SRR ER S RGN B ITAT NIRRT, AT AEOR B AT
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6.1.2 Challenges in Detecting Real-world Software Bugs.
6.1.2 ML FEAME Bug HIBhEL

A fundamental purpose of unit testing is to detect individual component bugs at the early stage of software

development, thereby improving software reliability.
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However, current evaluation metrics for unit testing primarily emphasize generation accuracy, code
coverage, and defect detection capabilities, often overlooking its impact on bug detection.

SR, RTAY BT PR A R AR 3= o 2 i AAD B BB AR I RE 7, A2 T HAT Bug
alllliNp- AU

As illustrated in Figure 9, we summarize the distribution of evaluation metrics adopted in test generation

studies based on our collected papers.
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It can be observed that the vast majority of studies evaluate the quality of generated test cases using code
coverage (38 papers), pass rate (27 papers), and compilation rates (21 papers).
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There are only eight papers to identify whether the generated test cases can uncover real-world bugs.
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After a careful analysis, we conclude that the challenges of existing unit testing tools in detecting real-world

bugs are threefold.
Zadfraotr, WAMFHEEE, BABRITTIN T AR LS A Bug 75 T iy = k.

First, the primary reason why current studies lack sufficient focus on bug detection is the limitation of the

dataset.
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For example, existing studies typically utilize projects from GitHub as evaluation datasets, which usually
fail to include real-world bugs.
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These datasets guide researchers to evaluate the correctness of test cases (such as syntactic correctness)

rather than bug detection capabilities.
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To address this, six papers employ mutation testing to simulate bugs for evaluation.
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To address this gap, we call for the development of more comprehensive and realistic datasets tailored for
evaluating LLM-driven unit testing approaches.
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Second, oracle generation has long remained a persistent challenge in various software testing activities,
including unit testing.
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For example, Yang et al. [114] report that GPT-4 generates valid unit test cases for only 15.74% of bugs
(65/413), and among them, only 40% (39/65) are correctly detected, resulting in a final detection rate of
9.44% (39/413).
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XLE B, HA 40% (39/65) HAEMRIE], SEEZRNERIY 9.44% (39/413)

Similarly, Zhang et al. [134] demonstrate that assertions generated by CodeT5 are able to detect only 15
bugs for 835 bugs from Defects4J-v2.0.
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The third challenge arises from the complexities inherent in real-world bug detection scenarios.
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Although some studies (e.g., Yang et al. [114]) attempt to evaluate bug detection, their assessment scenarios

lack realism.
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For example, they typically generate test cases on the fixed program and run them on the buggy program.
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However, in practice, developers expect unit testing tools to uncover bugs in the buggy program and its
fixed version is not available at that time.
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Besides, test cases generated by LLMs on the fixed program version may implicitly contain some
information related to the patch of the bug, which should be unknown during bug finding and results in
information leakage issues.
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Therefore, to be consistent with the real-world usage scenario, test cases should be generated on the buggy
program version instead of the bug-fixed program version.
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A crucial challenge lies in the issue of false positives, i.e., determining whether a failing test case is caused by

its assertion error or by an actual bug in the program.
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These false positives hinder the practical application of unit testing techniques in real-world scenarios.
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6.1.3 Challenges in Developing Unit Testing-driven LLMs.
6.1.3 JF & BT IR Z A LLM KBk

As illustrated in Figure 6, GPT-series models are the most widely adopted in the domain of unit testing.
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However, the proprietary and black-box nature of these commercial models poses several challenges for
real-world deployment, including concerns related to deployment environments and potential privacy

breaches.
SR, IXLERDIPARTY 1) A 08 S 28 I St SR BB ok 7 —L83kilk, ELHG S590E PRI A B AR FR A
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For example, due to concerns regarding data privacy, when designing LLLM-based unit testing tools, most
organizations tend to avoid using commercial LLMs in production workflows.
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Instead, they often prefer open-source alternatives that can be fine-tuned with domain-specific data in

controlled environments.
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However, the computational cost of fine-tuning large-scale models remains prohibitive for most companies,

leading them to rely on medium-sized models.
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However, these models often fail to match the performance of their commercial counterparts, as observed in

our collected studies.
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Among existing LLMs, CAT-LM [80] stands out as the only model specifically designed for test case

generation in relation to the method under test.
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However, it still relies on traditional NLP pre-training objectives and has a relatively smaller parameter

scale compared to other models.
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These observations point to an urgent need for the development of unit testing-oriented LLMs.
XL EE L], A DIREEIT A Tl e LLM.

Therefore, we advocate for the development of more unit test-oriented LLMs.

AL, BT MBS A S8 22 A BT LAY LLM.

However, developing such LLMs presents inherent challenges due to the unique characteristics of unit
testing.
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First, while software repositories host abundant production code, the number of high-quality, labeled unit
test cases remains limited, posing a significant barrier to large-scale pre-training.
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Second, designing pre-training objectives tailored specifically to unit testing, such as coverage maximization
and assertion inference, requires further research and innovation to ensure models can generalize
effectively in real-world testing scenarios.
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6.2 Opportunities
6.2 HliA

6.2.1 Opportunities in Developing End-to-End Testing-and-Debugging Framework.
6.2.1 JF & 3w 2 3 A 5 A AE SR A&

While unit testing primarily aims to detect software bugs at the early stage of development, and program
debugging focuses on automatically analyzing and fixing such bugs, the two tasks are inherently connected
and mutually reinforcing.
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In particular, high-quality unit test cases not only expose defects, but also support key debugging activities
such as root cause analysis, fault localization, patch generation, and patch validation.
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Despite this close relationship, prior work has largely treated unit testing and program debugging as
separate research areas, limiting opportunities for integrated solutions and cross-domain enhancement.
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In the future, with LL.Ms serving as the backbone, their powerful understanding and reasoning capabilities
present an opportunity to bridge this gap, enabling the integration of a fully automated framework for unit
testing and program debugging.
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In such a framework, LLMs could first be used to automatically generate test cases and meaningful oracles
to uncover potential defects in real-world programs.
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Upon identifying faults, program debugging components could be triggered to perform tasks such as root

cause analysis, fault localization, and patch generation.

— HRGBI R, T LA & R e P IR PR A T R AARAR SR 7oA s i (e AN T 2R AR 55

These patches can then be validated against test cases and reintegrated into the unit testing process,
forming a self-reinforcing feedback loop that continuously enhances both testing and debugging
effectiveness.
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This direction attempts to unify two well-known research domains that are often developed in isolation into
an interactive pipeline thereby benefiting the whole software development lifecycle.
T3 T 3 PR A8 RS SR P RN A4 F T IR SE— A — s VBT, IR T & 2B A e 40
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More importantly, such integration not only broadens the application scope of these two research areas but
also boosts the capabilities of recent LLLMs in advancing software quality assurance.
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6.2.2 Opportunities in Exploring More Unit Testing Tasks.
6.2.2 RRE L BTIAAESTHIIE

As discussed in Section 2.2, a majority of collected papers are concentrated on a limited number of unit
testing scenarios, particularly test case generation and oracle generation.
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However, several important unit testing scenarios remain largely underexplored in the context of LL.Ms.
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For example, there is only one paper on the use of LLLMs in test minimization, and still no research on test
prioritization and test selection.
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These tasks typically differ from more widely studied ones, posing unique challenges when integrated with
LLMs.
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For example, test case prioritization requires analyzing and ranking tens of thousands of test cases based on
various features to determine an optimal execution order.
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Unlike the well-explored test generation task, where LLMs address it as a machine translation task by
mapping a focal method to its corresponding test code, test prioritization feeds an entire test suite into
LLMs, which far exceeds the context window limitations of LLMs.

SRECARMAE LSS AR (LLM R HA AL IR ST, (I AR U7 TR M ) A R A A
ki), I HE AR NI E A LLM, 2GRt 1 LLM [y B SCE CTRR A

To address this issue, a promising direction is to combine LL.Ms with traditional unit testing techniques.

N T RRIXAN A, — A HTER T 2 LLM SR IT AR RS &

Specifically, it is promising to leverage LLMs’ code semantic understanding capabilities by encoding test
cases into vector representations, which are then combined with similarity-based test prioritization

algorithms.
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6.2.3 Opportunities in Integrating Multi-modal Context Information.

6.2.3 BAZHA LT XE BB

From our collected papers, in the early stage of LLM-based unit testing research [2, 99], LLMs are typically

provided with the focal method under test and tasked with directly generating the corresponding test case.
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Later, due to the dependencies among various units, studies attempt to adopt traditional techniques, such as
program analysis and information retrieval, to enrich prompts with more relevant contextual information,
such as invoked functions and variable definitions.
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However, most existing studies remain largely focused on providing accurate code-level context, often
overlooking other valuable input types, such as documentation, API references, and bug reports.

SR, REEEVE R E R PR AR ARSI B Sk, AN T HAE M ER AR,
OB APT 225 M Bug 77

Given the advanced natural language understanding capabilities of LLMs, there is great potential to extract
semantic intent and behavioral expectations from these textual sources, which may not be explicitly
reflected in the code.
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Moreover, for certain types of software, such as Android applications, the multimodal capabilities of LLMs
can be further explored to process diverse inputs, such as graphical user interfaces (GUIs), to support
richer and more effective unit testing.
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We believe that the integration of source code and other multi-model contexts (such as textual and visual
information) represents a promising direction for improving the completeness and accuracy of LLM-driven
unit testing research.
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7 CONCLUSION
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Unit testing is a crucial and even mandatory practice in modern software engineering, facilitating software

development and maintenance.
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Recently, Large Language Models (LLMs) have brought transformative capabilities to the unit testing
domain, yielding impressive progress and indicating substantial potential in follow-up research.
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In this paper, we conduct the first systematic literature review of LLM-based unit testing, covering
publications from 2020 to March 2025.
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We analyze 105 relevant studies from two complementary perspectives: the unit testing dimension, which
includes tasks such as test generation, oracle generation, and test evolution; and the LLM dimension, which
examines model usage, adaptation strategies, and integration with traditional techniques.
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We also reveal that despite promising progress, challenges remain in areas such as testing complex units,
detecting real-world bugs, and developing test-oriented LLMs.
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To guide future research, we highlight several research opportunities, including building end-to-end testing-
and-repair pipelines, expanding support for underexplored tasks, and leveraging multimodal context
information.
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Overall, this survey will serve as a comprehensive reference for researchers and practitioners, and help
advance the development of LLM-based unit testing research.
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