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Test cases are valuable assets for maintaining software quality. State-of-the-art automated test generation
techniques typically focus on maximizing program branch coverage or translating focal methods into test
code. However, in contrast to branch coverage or code-to-test translation, practical tests are written out of the
need to validate whether a requirement has been fulfilled. Specifically, each test usually reflects a developer’s
validation intention for a program function, regarding (1) what is the test scenario of a program function? and
(2) what is expected behavior under such a scenario? Without taking such intention into account, generated
tests are less likely to be adopted in practice.

In this work, we propose IntentionTest, which generates project-specific tests given the description of
validation intention. The design is motivated by two insights: (1) rationale insight: the description of
validation intention regarding scenario description and behavioral expectation, compared to coverage and
focal code, carries more crucial information about what to test; and (2) technical insight: practical test
code exhibits high duplication, indicating that existing tests are highly reusable for how to test. Therefore,
IntentionTest adopts a retrieval-and-edit manner. First, given a focal code and a description of validation
intention consisting of a test objective with test precondition and expected results, IntentionTest retrieves
a reusable test in the project as the test reference. Then, IntentionTest edits the test reference with an LLM
regarding the validation intention toward the target test. To guarantee that the target test can have a project-
specific test prefix and a relevant test assertion, IntentionTest further explores the software project to identify
crucial code facts (i.e., relevant API/code to call and global variables to refer to in the test) as important context
for the test generation. We extensively evaluate IntentionTest against four baselines (TELPA, DA, ChatTester,
and EvoSuite) on 3,680 test cases from 12 open-source projects. Compared to state-of-the-art baselines, with a
given validation intention, IntentionTest can (1) generate tests far more semantically relevant to ground-truth
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tests by (i) killing 28.1% to 37.6% more common mutants and (ii) sharing 16.9% to 23.9% more common coverage;
and (2) generate 23.7% to 49.0% more successful passing tests.
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1 Introduction

Software tests play a crucial role in ensuring the quality of both open-source and industrial software.
They can be used for requirement clarification [31, 32], code review [7, 57], and CI/CD [12, 17, 22],
ensuring the reliability of software products. The state-of-the-art software testing approaches can
generally fall into the following categories:

o Test Generation for Code Coverage. Classical test generators [11, 20, 26, 28, 37] such as Klee
[11], Dart [20], EvoSuite [18], Randoop [37], and their variants [26, 28] consider test generation
as a problem of maximizing branch or path coverage. To this end, the problem of test generation
is transformed into a problem of constraint solving, with solutions such as static and dynamic
symbolic execution [9-11, 20, 46] and search-based software testing [5, 9, 18, 21, 26, 28, 29, 37].

e Test Generation as Code Translation. With the emergence of language models, LLM-based
test generators [15, 25, 34, 50, 56] consider the test generation as a special case of code generation.
Given a focal method and an instruction prompt, those techniques use LLMs (e.g., ChatGPT) to
inductively generate tests by translating the prompt, focal method, or both to the test code.

While existing LLM-based test generators have shown promising results, practical test cases
are not purely driven by coverage metrics or code-to-test translation. Instead, software developers
write test cases by validating the consistency between the requirement and its implementation.
Such a validation intention usually indicates (1) the test scenario of the program function and (2)
the expected behavior of the program function. For example, a program function to start a server
(see Listing 1) can be tested under a scenario where the option of using a thread pool. Its behaviors
are validated by checking whether the pool is created as expected. Such intention can hardly be
inferred from program branches (see the branchless code example in Listing 1). However, it is
crucial to guide how we write the target tests.

In this paper, we use the term validation intention to denote the explicit articulation of what
requirement to validate and how its fulfillment should be observed. Different from branch coverage,
which focuses on structural exploration or code-to-test translation, which merely mirrors the focal
method, validation intention captures the semantic link between requirements, usage scenarios,
and expected behaviors. It thus serves as the conceptual bridge from requirement specification to
executable tests. Concretely, validation intention can be instantiated as a semi-structured description
(objective, preconditions, and expected results), but its essence lies in guiding test design towards
meaningful requirement validation rather than superficial coverage.

According to our studies in a technical giant with over 10,000 software developers, regulated
validation intention descriptions are adopted to write 67.8% of system tests and 18.6% of unit
tests. However, converting validation intention into test code is technically challenging with the
following knowledge gaps.

e Implicit Project-Specific Test Idiom: First, writing tests is more than just invoking the focal
methods, which requires following specific project paradigms, including decisions such as “How
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to construct the test inputs (e.g., constructor, factory, or singleton)?”, “What object to be mocked?”,
and “What resource to release after the test?”. As a result, additional project-specific code often
appears before or after the invocation of the focal method in the test.

e Implicit Project-Specific Constraints: Second, test inputs can have very restrictive choices in
the project. For example, in the Spark project [6], the range of parameter with name headerType
of int type can only be limited to a few choices (e.g., 0, 1, 2, and 3, each stands for a type of
message header) instead of falling into the range of —2"~! to 2"~! — 1 (n is the bit number).

In this work, we propose IntentionTest, which compiles the validation intention description
into a project-specific test. The description of validation intention consists of a test objective,
complemented with an optional test precondition and an expected result. Based on the empirical
observation that test code is highly duplicated (see Section 3), we design IntentionTest to generate
tests in a retrieval-and-edit manner. Specifically, given (1) a focal method m and (2) a validation
intention description desc, IntentionTest generates tests in two stages, i.e., (1) in the retrieval
stage, IntentionTest constructs m and desc as a query to search for an existing test as a reference
and (2) in the edit stage, IntentionTest reduces the test generation problem into a code-editing
problem on the reference. To edit the test reference into the correct target test, we explore the entire
project for the crucial code facts (e.g., crucial project-specific APIs) based on (1) their semantics
to the validation intention and (2) their historical relevance to the focal method (e.g., how often
an API or a piece of code co-occurs with the invocation of the focal method). The crucial facts
can significantly mitigate the LLM hallucination for reliable edits on the test reference. Finally,
IntentionTest iteratively refines the generated test, resolving compilation errors, execution errors,
and assertion failures until the test passes or the maximum iteration is reached.

We extensively evaluate IntentionTest against four baselines (i.e., TELPA [54], DA [47], Chat-
Tester [56] and EvoSuite [18]) on 3,680 tests from 12 open-source projects. Compared to state-of-
the-art approaches, i.e., TELPA, DA, and ChatTester, with a given validation intention, IntentionTest
can (1) generate tests far more semantically relevant to the ground-truth tests by (i) killing 28.1% to
37.6% more common mutants and (ii) invoking up to 62.9% more project-specific APIs; (2) generate
36.7% to 49.0% more successful passing tests. Moreover, IntentionTest maintains its performance
across both commercial LLMs (e.g., ChatGPT) and open-source LLMs (e.g., DeepSeek-V3.2). Finally,
we evaluate the performance of IntentionTest across different granularities of the description of
validation intention, demonstrating IntentionTest can still keep its performance even when we
restrict the description by only keeping the test objective within 50 words.

In summary, this work makes the following contributions:

o Methodology. To the best of our knowledge, IntentionTest is the first solution to convert humans’
validation intention (i.e., test requirement) to a project-specific test with both test prefix and
oracle. IntentionTest is an agentic test generator supporting multiple granularities of intention
descriptions, with stable test generation performance.

e Empirical Study. We conduct an empirical study over 12 open-source projects, showing that
test reuse is prevalent in well-established projects. This finding provides a strong empirical
foundation for the design of retrieval-and-edit-based test generation solutions.

e Dataset & Tool. We release the first benchmark where the focal code, test code, and validation
intention (regarding the test objective, preconditions, and expected results) are available. We
collect and curate 3,680 test cases across 12 projects to ensure high quality. Also, we deliver
IntentionTest as a prototype tool in the form of a VS Code extension, visualizing the stepwise
process (see tool video in [3]). The tool can facilitate practical test generation, particularly for
well-established projects.
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1public EmbeddedServer create(Routes rm, StaticFilesConfiguration conf, ExceptionMapper em
, boolean han) {

MatcherFilter filter = new MatcherFilter(rm, conf, em, han);

filter.init(null);

JettyHandler handler = new JettyHandler(filter);
handler.getSessionCookieConfig().setHttpOnly(httpOnly);
return new EmbeddedJettyServer(serverFactory, handler).withThreadPool(threadPool);

® N U W N

Listing 1. Focal method needs to be equipped with test cases in Spark project [6].

e Evaluation. We extensively evaluate IntentionTest against state-of-the-art baselines on our
benchmark. Results show that IntentionTest can generate tests that are more semantically faithful
to the validation intention while also outperforming baselines on general metrics, including
mutation score, pass rate, and code coverage. Furthermore, we analyze the performance of
validation intention across five levels of detail, demonstrating that it can still maintain the
performance even when limited to a concise description of the test objective within 50 words.

Given the space limit, the demonstration video, tool source code, and more experimental results
are available at [4].

2 Motivating Example

Listing 1 shows a focal method in the Spark project [6], which creates an embedded server, such as
Jetty and Tomcat, in the Spark distributed system. Generating its test cases with the state-of-the-art
solutions (e.g., EvoSuite [18], DA [47], and ChatTester [56]) for such focal code as in Listing 2 is
challenging for the following reasons:

o A Branch Cannot Represent A Test Scenario/Intention. Despite that the focal method
create() is short and branchless (see Listing 1), there are many validation options to test its
different scenarios. For example, the server can be created with different options of thread pool
and configured cookies. Therefore, full branch coverage can hardly indicate full scenario coverage.
Without a specified validation intention (i.e., create a server with thread pool) as guidance, it is
challenging to define and generate a semantically correct test.

o Abundant Project Specifics. As shown in Listing 2, the ground-truth test contains project-
specific test prefixes and oracles. First, the test requires specific mocking since initializing or
instantiating certain objects can be time- and resource-consuming (Lines 3-6). Second, a specific
mocking condition (Line 8) must be defined before calling the focal method create(). Third, the
test scenario requires calling two APIs (Lines 12-13) after invoking the focal method to ignite
the server with a specific configuration, ensuring that the created server is runnable. Finally,
unlike common assertions that simply check for the existence of created objects, this test scenario
verifies the invocation time and the number of interactions by the created server (Lines 15-16).

Coverage-based Test Generators. For such a branchless focal method, traditional coverage-driven
software testing lacks sufficient information to distinguish different test scenarios. In addition,
although the generated tests are runnable, they often omit crucial project-specific setup and,
by design, cannot reflect the developer’s validation intention. Given the space limit, interested
audiences can check an example of the EvoSuite-generated test at [4].

LLM-based Test Generators (Code-to-Test Translation). Listing 3 presents a test generated by
ChatTester [56], a solution built on GPT-01-mini. Even when fed with detailed validation intention
from Table 1 as its additional prompt, ChatTester misses crucial project-specific pre- and post-
conditions, including (1) specifying additional mocking behaviour (Line 8 in Listing 2) and (2)
starting the server with specific configurations and generating assertions with specific intents
(Lines 12-16 in Listing 2).
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1public void create_withThreadPool (){

2 QueuedThreadPool pool = new QueuedThreadPool();
3 JettyServerFactory jFactory = mock(...);

4 StaticFilesConfiguration conf = mock(...);

5 ExceptionMapper map = mock(...);

6 Routes routes = mock(...);
7
8
9
()

when(jFactory.create(pool)).thenReturn(new Server(pool));

EmbeddedJettyFactory eFactory = new EmbeddedJettyFactory(jFactory).withThreadPool(
pool) ;

11 embeddedServer = eFactory.create(routes, conf, map, false);

12 embeddedServer. trustForwardHeaders(true);

13 embeddedServer.ignite("localhost", 6758, null, @, @, 0);

15 verify(jFactory, times(1)).create(pool);
16 verifyNoMoreInteractions(jFactory);
17 }

Listing 2. Target test corresponds to the focal method in Spark project. Codes in green are project-specific,
which can hardly be inferred by LLMs learned from a general corpus.

1public void create_withThreadPool () {

2 Routes routeMatcher = mock(Routes.class);

3 StaticFilesConfiguration staticFilesConfiguration = mock(StaticFilesConfiguration.
class);

4 ExceptionMapper exceptionMapper = mock(ExceptionMapper.class);

5 ThreadPool pool = new QueuedThreadPool ();

6 EmbeddedJettyFactory factory = new EmbeddedJettyFactory().withThreadPool (pool);

7

8 EmbeddedServer server = factory.create(routeMatcher, staticFilesConfiguration,

exceptionMapper, false);

10 assertNotNull ("EmbeddedServer should not be null", server);

Listing 3. Test generated by ChatTester, missing project-specific pre- and post-setup.

Table 1. The validation intention description follows ISO/IEC/IEEE 29119 [1]. Objective section is mandatory,
Preconditions (optional) and Expected Results sections are optional.

# Objective:
Tests creating an embedded server with a custom thread pool and checks if the server starts correctly.

# Expected Results:

1. Jetty server factory creates a server with the specified thread pool exactly once.

2. The server is initialized with the provided configurations and launched at port 6758 successfully.
3. No additional interactions with Jetty server factory occur beyond initial creation.

To overcome the above challenges, IntentionTest adopts a retrieval-and-edit solution to parse a
focal method and a description of validation intention (see Table 1) to generate a test as shown in
Listing 4. Specifically, IntentionTest (1) retrieves referable tests relevant to the target test scenario
and (2) edits the referable test regarding the provided validation intention description. The code in
red is where the edit location shall happen, and the code in green is the expected edit content in
each location. Note that, the performance of IntentionTest is stable if we only keep the section of
test objective and expected results in Table 1, which enables the programmers to spend minimal
effort on writing the validation intention.

Challenges of Knowledge Gap. To generate a test as shown in Listing 4, IntentionTest needs to be
aware of crucial code facts such as the definition of JettyServerFactory.create(ThreadPool),
Server(ThreadPool), and EmbeddedJettyFactory.withThreadPool(ThreadPool) (see green
text in Listing 4) from thousands of program elements in the project. Without those facts, LLM
can easily hallucinate arbitrary non-existent APIs to invoke in the tests, causing compilation
errors. However, the description of validation intention is in natural language form, sometimes
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1- public void create_withoutHttpOnly(){
2+ public void create_withThreadPool(){
3+ QueuedThreadPool pool = new QueuedThreadPool();

4 JettyServerFactory jFactory = mock(...);

5 StaticFilesConfiguration conf = mock(...);
6 ExceptionMapper map = mock(...);

7 Routes routes = mock(...);

8

9- Server server new Server();

10+ Server server new Server(pool);

12- when(jFactory.create(100, 10, 10000)) . thenReturn(server);

13+ when(jFactory.create(pool)) . thenReturn(server);

14

15- EmbeddedJettyFactory eFactory = new EmbeddedJettyFactory(jFactory).withHttpOnly(false);
16+ EmbeddedJettyFactory eFactory = new EmbeddedJettyFactory(jFactory) .withThreadPool(pool);
17

18 embeddedServer = eFactory.create(routes, conf, map, false);

19 embeddedServer. trustForwardHeaders (true);

20

21- embeddedServer.ignite("localhost", 6759, null, 100, 10, 10000) ;

22+ embeddedServer.ignite("localhost", 6758, null, @, 0, 9);

24~ assertFalse(server.getHandler().getSessionCookieConfig().isHttpOnly());
25+ verify(jFactory, times(1)).create(pool);
26+ verifyNoMoreInteractions(jFactory);

Listing 4. Referable test retrieved and edited by IntentionTest towards the target test. The code in red is the
test code to be modified, and the code in green is the expected test code.

very different from the API names; thus, precisely mapping the description to concrete program
elements is non-trivial. In addition, it is also non-trivial to adopt the identified facts into code edits
on the test reference.

3 Empirical Study

In this section, we report our empirical study 200 .
on open-source projects to evaluate our hypoth- < w
esis that existing test cases are highly reusable o e
assets for writing a new test case. The validated
hypothesis lays an important foundation for
our retrieval-and-edit design of IntentionTest.

0s

,
Meshoy  O7 spark

3.1 Setup
Dataset. We collect 12 diverse popular open- (a) Reference Availability (b) Referability Level
source projects, spanning over web develop-
ment, image processing, mobile development,
and document generation conversion, each

Fig. 1. The results of the empirical test referability. (a)
and (b) present the RA and RL values and their trends

with over 100 GitHub stars and forks. For the 2€"°SS thresholds from 0.1 to 0.9 (as colored surfaces),
; with an interval of 0.1. Projects are sorted by the av-

initial dataset, Damset_FIX’ we snapshot a _re_ erage number of candidates, from the fewest (155.8
cent commit for each project to extract pairs for spark) to the most (2191.9 for truth). Even at high
of tests and their corresponding focal methods. similarity threshold (e.g., 0.7), more than 50% tests have
This results in a total of 3,680 tests, with indi- reusable references.
vidual projects having between 51 and 1,099 tests. Each test has on average 25 lines of code (LoC),
ranging from 9 to 124 LoC. Each focal method has on average 12 LoC, ranging from 3 to 331 LoC.
To support the empirical study’s temporal requirements, we further derived Dataset-TEM. For
each test ¢ in Dataset-FIX, we reverted the project to the specific version where ¢ was first created.
We then identified all other tests existing at that point in time as potential retrieval candidates for
t. Across the 12 projects, the average number of candidates per test ranges from 74.0 to 2191.9.
Detailed statistics for both Dataset-FIX and Dataset-TEM are available in [4].

, Vol. 1, No. 1, Article . Publication date: May 2018.



Generating Project-Specific Test Cases with Requirement Validation Intention 7

Metrics. We design two metrics: (1) reference availability for how likely a test can find its
reference in its project? and (2) reference level for how many referable tests can a test have?
Specifically, given a similarity threshold th and test similarity function sim(., .), we evaluate test
referability as follows:

e Reference availability: Given the set of tests, T, we compute reference availability RA;,(T) as:

2rer 1(sim(t, T\ {t}) > th)
IT| ’

RA(T) = (1)
where sim(t, T\ {t}) = argmax,..p\ (,) sim(t, t*). Intuitively, RA;,(T) measures the ratio of tests
in T that have at least one non-identical test whose similarity exceeds th.

e Referability level: Given the set of tests, T, we calculate referability level RL,,(T) as:

Drer count(sim(t, T\ {t}) > th).

RL(T) = IT|

@)

RL,;,(T) evaluates the average number of referable tests per test. We use BM25 with normalization
as the similarity metric, and vary the threshold from 0.1 to 0.9 (in increments of 0.1) to assess how
different similarity cutoffs affect the results.

3.2 Results

Figure 1 shows the results of the empirical study on test referability. Overall, all 12 projects
exhibit very high reference availability (RA) and referability level (RL). In Figure 1, we select 5
from the 12 projects based on the average number of candidates per test: spark [6], ofdrw [35],
cron-utils [13], itext-java [24], and truth [49], with 155.8, 360.2, 475.8, 1279.4, and 2191.9
candidates, respectively. In Figure 1(a) and Figure 1(b), we show how the RA and RL value of each
project under different thresholds, the higher the area under the curve, the more RA and RL value.
For example in Figure 1(a), the itext-java project, 73% of the tests have references at the similarity
threshold of 0.7. In Figure 1(b), even for the small project spark, RLy 7 reaches 1.6, which means
a target test has close to two references. Moreover, similar to the trend observed in RA, RL also
exhibits an increase as the number of historical candidates grows. More details can be found in [4].

As a result, we conclude that (1) test referability in an open-source project is prevalent and (2)
the more established a project, the more likely its tests can be referred to each other.

4 Approach

Problem Statement. Given a software project containing a set of tests T and a set of functions M,
we assume each test test € T has a corresponding focal method m € M to test. The validation de-
scription desc;,, is defined as a tuple (obj, precondition, expectation) where (1) obj, precondition,
and expectation are textual description, (2) obj describes the test scenarios, precondition describes
what needs to be satisfied before running the focal method, and expectation describes verifiable
program behaviors, and (3) precondition can be € (i.e., empty string). Given a target focal method
Myqr to be tested, and its validation description descsq,, We generate the target test for m;,,, denoted
as testsqr, regarding descyqr. Note that desc,, is a semi-structured description consisting of a test
objective, optionally complementary with test precondition and expected results.

Approach Overview. Figure 2 shows our approach consisting of the following stages:

o Stage 1 (Referable Test Retrieval): IntentionTest converts m;,, and desc;q, into a query to
retrieve a ranked list of method-test pairs, each consisting of a focal method m,.r and its test
test,.f, from the project. test..r is also called as a referable test to edit into the target test test;q;.
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Ir:p_u_t ________ Output

i I 4. Test #

H Edited Test Ny Target Test
\ | Focal Method Refinement

|

1

|

|

# Objective

1 | ... create the server|
with a valid thread
pool...

# Preconditions

# Expected Results

83. Test
Editing

Crucial Facts

query synthesis
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—
Code
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1 |
' |
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| 1

1 1 H
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____________ :

Fig. 2. Overview of IntentionTest: Given a focal method and a validation intention description of its test,
IntentionTest derives the test in a retrieval-and-edit manner.

o Stage 2 (Crucial Facts Discrimination): Based on the validation intention desc;4,, IntentionTest
explores the project, following a variety of program relationships (e.g., caller, callee, declaration,
etc.), for identifying crucial facts, facts, to edit the referable test.

o Stage 3 (LLM-based Test Editing): IntentionTest constructs a prompt, incorporating general
information such as desc;q, and m;,, as well as the project-specific information like m, s, test,.r,
and facts. Then, IntentionTest prompts the LLM to edit test,.r towards test;q,.

o Stage 4 (LLM-based Self Refinement): Once test;,, is derived, IntentionTest validates whether
test;qr compiles and executes successfully against m,,. If errors occur, IntentionTest iteratively
refines test;,, to correct compilation and execution errors based on error messages and facts.

IntentionTest iterates these stages until test;,, successfully passes, or a maximum number of
iterations is reached.

4.1 Referable Test Retrieval

Given m;q, and descqr, IntentionTest retrieves from the project a referable focal method m,.r and
its referable test test,.s to edit. Intuitively, the fewer editing efforts to transform test,.r into the
target test test;q,, the higher the likelihood of accomplishing the editing. Technically, given a code
similarity metric, denoted as sim(.,.), we ideally have test,ef = argmax,,cr sim(test, testiqr).
However, sim(test, test;qr) is not computable when we retrieve test,.r, as test;q, is unknown.
Therefore, we define a referability estimation function (REF) on the focal method m,,,, validation
intention desc;,,, candidate referable method m, and candidate referable test test so that the
similarity between test and test;, can be estimated. In this work, given a pair of m and test, we
heuristically estimate the test referability by (1) the similarity between m;,, and m; (2) the similarity
between desc;,, and the validation intention of test, denoted as test.desc:

REF(myqr, descqr, m, test) = a - sim(myqr, m) + (1 — a) - sim(descqr, test.desc). 3)

In this equation, we let & € (0, 1). As for the similarity between m;,, and p.m, we use a normalized
BM25 score (with min-max normalization). Regarding the similarity between desc;,, and test.desc,
we calculate the cosine similarity between their embeddings that are obtained using a lightweight
embedding model, i.e., a pretrained CodeT5+ Embedding model [51]. Note that, the summarized
test objective, test precondition, and expected results allow us to compare tests in a more precise
manner. Finally, the pair (m, test) with the highest REF value is selected as the reference.
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public EmbeddedServer create(Object identifier, private final JettyServerFactory serverFactory;
Routes routeMatcher, private Server server;
ExceptionMapper exceptionMapper, private ThreadPool threadPool = null;
StaticFilesConfiguration Config, | |.w. Rank 2

boolean multipleHandlers) {

public void extinguish () {

EmbeddedServerFactory factory = factories.get(identifier); logger.info(">>> {} shutting down ...", NAME);
try {
if (factory != null) { if (server != null) {
return factory.create(routeMatcher, Config, server.stop();
exceptionMapper,
multipleHandlers); } catch (Exception e) {
} else { logger.error("stop failed", e);
throw new RuntimeException(...); System.exit(100); // NOSONAR
} }
} Rank 1 } Rank 3

Fig. 3. Taking the description of Table 1 as query (i.e., Tests creating an embedded server...), all the top-3 retrieved
program elements by embedding similarity are irrelevant. See a relevant program element in Figure 5.

4.2 Crucial Facts Discrimination

Given the referable test test,.r and the validation intention desc;,,, we then design an agen-
tic project-wise editing approach to edit test,.r to the target test. Specifically, the LLM agent
needs to be aware of the program entities in the project for editing the test (see the code in
green in Listing 4). For example, in Listing 4, IntentionTest shall identify (1) QueuedThreadPool
is the only appropriate implementation of the ThreadPool interface (see Line 3 in Listing 4);
(2) the overloaded method Server(ThreadPool) should be used to replace Server(); and (3)
the overloaded method JettyServerFactory.create(ThreadPool) should be used to replace
JettyServerFactory.create(int, int, int).We call such program entities (along with their
code) as crucial fact for the LLM agent to edit the referable test.

Challenge. However, a project can contain thousands of program entities while only a very small
subset is relevant. Figure 3 shows a naive embedding-based approach to retrieve program elements
regarding the intention description, As a result, none of the top-3 elements is relevant, which
indicates that textual similarity is not sufficient for retrieving the most relevant program entities.
False positive crucial facts can mislead our LLM agent to generate incorrect test code.

To address this, we first build a code graph where a node indicates a program entity (e.g., class,
method, and field), and an edge indicates their relationship (e.g., call and define), for exploring crucial
facts by discriminating program entities regarding both their semantic and historical relevance to
the focal method m;,, and the validation intention desc;q,.

4.2.1 Code Graph Exploration. The goal of code graph exploration is to collect facts relevant to
the focal method m;,,, the intention description desc;,,, and the referable test test,.r for the target
test test;q, to adapt with. Given m;,,, desctqr, and test,.r, IntentionTest starts its exploration from
both m;qr and test,.r, than traversing the project’s code graph. In the graph, each node represents
a program entity, including class, interface, method, and field; each edge represents a relationship
between entities, including define, call, param, overload, implement, and extend. Note that, for each
directed edge (e.g., call), we also derive a new edge as its reverse-direction relation (e.g., called by).
The maximum exploration depth from m;,, and test..s is bounded by a user-defined threshold.

4.2.2  Fact Discrimination. For each visited program entity, we evaluate its relevance by calculating
its semantic and historical relevance to the focal method m;,, and the validation intention desc; ;.
While semantic relevance is still calculated based on embedding similarity, we calculate historical
relevance based on how likely a program entity can be used together with the focal method.
Intuitively, we consider a test case of a focal method m;,, as a special case of code usage examples.
Therefore, to find the crucial facts for writing the test of m;,,, we check all the existing usage
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A Usage Scenario of Focal Method Extended Usage Scenario
public EmbeddedServer create(Obj id, Routes route, ..) { public synchronized void init() {
if (factory != null) { delegate | | _, server = EmbeddedServers.create(id, routes, ..);
// Focal Method Invocation ,I/ -
return factory.create(route, Config, Mapper, multi); —:: port = server.ignite(....);
N } Co-occurrence @
} else { \
throW .; delegate \ public void create() {
} N EmbeddedServers.add(id, new EmbeddedJettyFactory(factory));
} ~> EmbeddedServer server = EmbeddedServers.create(id, null, ..);|
server.ignite(...);
} Co-occurrence 2)

Fig. 4. An example of extending usage scenarios. By discovering the method delegation relation, we can
extend more usage scenarios to find the co-occurring program entities (a.k.a., ignite()) with the focal
method (a.k.a, create(...)).

public int ignite(String host, int port, SslStores sslStores, int maxTh, int minTh, int Timeout) throws Exception {
<..omitted 12 LoC..>
// Create instance of jetty server with either default or supplied
if(threadPool == null) {

server = serverFactory.create(maxTh, minTh, Timeout); Hint@:Among implementations of ThreadPool interface, use QueuedThreadPool

} else {

server = serverFactory|create(threadPool);

}

<..omitted 48 LoC..> Hint@): create(ThreadPool threadPool) isthe correct APl to invoke

Fig. 5. Crucial fact ignite() provides two hints for editing the test case shown in Listing 4.

examples in the project for the frequent co-occurring entities of m;,,. Technically, given a set of
candidate facts F (by traversing the code graph) and focal method usages U, we rank F by the
likelihood of each candidate f € F by aggregating their quantified semantic and historical relevance.
Then, the top k candidates are selected as the crucial facts set Feryciqr-

Semantic Relevance Measurement. Given the intention description desc;q, (e.g., “..creating an
embedded server with a custom thread pool...” in Table 1) and a program entity ¢ (c includes both
code signature and body), we use a pre-trained code embedding model (e.g., CodeT5+ [51]) to
have their embeddings, denoted as e(desc:,) and e(c). Then we take their cosine similarity, i.e.,
cos(e(desciqr), e(c)), as their semantic relevance.

Historical Relevance Measurement. To mitigate the false positives and false negatives by em-

bedding similarity, we measure the historical relevance of a program entity to the focal method,
regarding their co-occurring likelihood. To this end, we take two steps, i.e., co-occurrence identifi-
cation and weighted co-occurrence calculation.
Co-occurrence Identification. We first identify all the usage scenarios of the focal methods m;q,,
where each scenario is a method invoking m,,,. Given a usage scenario s; of m;4,, we call the set of
all its invoking program elements as a co-occurring set to m;,,, denoted as co_occur (s, Msqr) =
{e1, €2, ..., ex } where ¢; is a co-occurring element with m;,,.

In addition, we further expand the usage scenarios regarding the method delegation relation
as shown in Figure 4, where the left rectangle represents a usage scenario of the focal method
create() (in red background). In this example, the usage scenario of create(0Obj, Routes, ...)
can be extended to the usage scenario of init() and create() (see the right rectangles in Figure 4)
because the focal method create() is a delegation of its caller method create(Obj, Routes,
...).In other words, the method create() and the method create(Obj, Routes, ...) have
strong functional coherence despite their syntactic difference. Here, we define a method m; is the
delegation of a method m; if (1) m; calls m; and (2) m; takes the returned variable of m; as the
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Table 2. The prompt template for test editing. The content in red text is to be filled in interactively.

#Target Focal Method: [code of target focal method]
#Target Focal Method Context: [skeleton of target focal file]
#Target Test Case: // A JUnit [version] test case to be generated

#Target Validation Intention Desc: [Objective, Preconditions, and Expected Results]
#Referable Test Case: [code of referable test]
#Crucial Project Knowledge: [list of crucial facts]

#Instruction: Please generate ONE #Target Test Case# for #Target Focal Method# by strictly following #Target Validation
Intention Desc# and referring to #Referable Test Case# and #Relevant Project Information#....
#Requirements: Your final output must contain only ONE test method annotated ‘@Test’ and strictly adhere to the

3

following format: (1) Begin with the exact prefix: “* * *package ”. (2) End with the exact suffix: “* " *”.

returned variable. Then, for each delegated method my of the focal method m;,,, we can take the
co-occurring set of my as the expanded co-occurring set of m;q,.

Example. For the focal method create(. . .) in Figure 4, we can have its original co-occurring set
cset; = 0 as there is no co-occurring program entities to create(...). Nevertheless, it has two
expanded co-occurring sets, from init() and create() respectively, i.e., cset; = {ignite(...)}
and cset; = {add, ignite(...)}.

Weighted Co-occurrence Calculation. For each co-occurring element e;, we calculate its co-
occurring probability to m;,, by:

sim(cset;j, desciqr) - 1(e; € csetj)

occu; =
! |CSet]|

, ©

csetjeCSet

where (1) 1(e; € csetj) returns 1 if the co-occurring element e; is in a co-occurring set cset;,
and 0 otherwise, (2) U is the set of co-occurring sets, and (3) the embedding similarity (i.e., by
cosine similarity) between a co-occurring set and the validation intention is used to weight each
co-occurrence. Finally, the likelihood of f; being a crucial fact is calculated as:

L; = xsim; + (1 - ) X occu;, (5)

where 0 < f < 1. Finally, IntentionTest selects program entities with their likelihood above a
user-defined threshold as the crucial fact.

4.3 Test Editing and Refinement

Table 2 presents the prompt template for the LLM to edit the referable test, which includes m;,;,
descyar, testrer, and Fepycigr. In the prompt, we parameterize some instructions such as Target Focal
Method and Referable Test Case. In addition, we enforce the LLM to focus on collected crucial facts
(i.e., Crucial Project Knowledge).

Given an edited test, IntentionTest compiles and executes the test, collecting feedback messages
from the compiler and interpreter. IntentionTest extracts error messages and filters out irrelevant
messages that involve files outside the project (e.g., code files from dependency packages). Then,
IntentionTest constructs a prompt to refine the edited test, addressing the errors. The prompt for
refinement is based on the prompt for test editing with modifications: (1) adding the edited test and
extracted error messages, and (2) changing “#Instruction” part to request revision of the edited test.
IntentionTest iteratively refines the edited test until it passes successfully or a maximum number
of iterations is reached (e.g., 4 rounds). More details about the prompts are available at [4].
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5 Evaluation

We evaluate IntentionTest with three research questions:

RQ1 (Overall Performance): How effective is IntentionTest in generating project-specific tests
compared to the state-of-the-art test generators?

RQ2 (Granularity of Validation Intention): How does the granularity of intention description
affect IntentionTest’s performance? Or, how many details/efforts do the programmers need to
provide to generate acceptable tests?

RQ3 (Ablation Study): How do referable tests (i.e., retrieval) and crucial facts (i.e., crucial fact
discrimination) contribute to overall performance?

5.1 Overall Performance (RQ1)

5.1.1 Dataset. We use the 3,680 test cases, as the ground-truth, from 12 open-source repositories
(see Section 3) to evaluate the performance of IntentionTest.

Validation Intention Generation. Due to the scarcity of explicit requirement documentation in
open-source repositories, we synthesized validation intentions to facilitate a robust evaluation. To
ensure experimental diversity and rigor, we generated these descriptions via two strategies:

e LLM-Inferred: For each focal method, we prompt GPT-01-mini to propose candidate validation
intentions without access to the corresponding test. We then align each intention to an existing
test using an LLM-based matching step; we discard cases where no clear correspondence is found.
This yields 2,536 test—intention pairs.

e Human-Written: We recruited six experienced developers to author validation intentions for 40
focal methods of 9 projects based only on the code implementation. The participants then mapped
these intentions to relevant tests, resulting in a curated subset of 86 tests with human-validated
intention descriptions.

Commit Timeline Reconstruction. To prevent temporal leakage in retrieval, we reconstruct
each test’s creation time and restrict retrieval candidates to tests whose last modification predates
the target test’s creation.

Mitigation of LLM’s Memorization Effect. To avoid the inflated performance caused by the
fact that LLMs could sometimes already memorize the target test code, we adopt an in-context
unlearning technique [48] for LLMs to “forget” the test code details. Specifically, once we find that
a naive prompt (e.g., just given the project name) can generate textually similar test code to that of
a target test, we follow Pawelczyk et al’s in-context unlearning approach [40] by introducing an
unlearning prompt forcing LLM to ignore the whole knowledge of the project.

5.1.2  Metrics. We evaluate IntentionTest against the baselines upon the following metrics for (1)
the syntactic quality of tests and (2) the semantic relevance of tests to the validation intention.

e Compilation Failure, Execution Failure, Assertion Failure, and Successful Pass: We track
the rates of compilation failures, execution failures, assertion failures, and successful passes of the
generated tests. An execution failure refers to test crashes at runtime, e.g., loading a nonexistent
resource. An assertion failure refers to test’s failing its assertion.

e Common Mutation Score: To quantify how much a generated test satisfies the given validation
intention, we introduce the common mutation score (CMS) to compare the generated test and the
ground-truth test to recover. Given a generated test ¢t which can pass the assertion, we compare ¢
with the corresponding ground-truth test t*, let S; and S;- denote the sets of mutants each test kills.

CMS is calculated via the Jaccard Index over these sets: CMS(t) = JI(S;, Si+) = lgigg;i ,

CMS(t) ranges from 0 (totally different mutant-killing behaviour) to 1 (identical mutant-killing
behaviour). Higher CMS values indicate stronger intention alignment between t and t*. The

where
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Table 3. Performance of IntentionTest and baselines (in %). “Evo.” and “Chat” represent EvoSuite and Chat-
Tester, respectively.

Metric LLM-Inferred (2536 tests) Human-Written (86 tests)
Evo. Chat. DA TELPA Ours(DS) Ours(O1) Evo. Chat. DA TELPA Ours(DS) Ours(O1)
Compilation Failure 0.08 26.17 35.84 29.44 4.38 355 0.00 41.43 2432 29.33 2.60 3.90
Execution Failure 0.00 442  4.06 4.32 2.80 2.96  0.00 2.86 12.16 12.00 5.19 1.30
Assertion Failure 7.87 1.08 17.10 2.12 3.11 1.50 15.07 429 18.92 1.33 3.90 0.00
Successful Pass 92.04 6834 43.00 64.12 89.72 92.00 8493 5143 44.59 57.33 88.31 94.81
Exact Match (on coverage) 4242 58.85 5231 67.15 87.24 87.56 23.29 27.78 63.64 72.09 64.62 70.42
Common Coverage Ratio 66.52  70.27 69.48 76.50 92.91 93.40 58.16 47.93 81.49 85.40 83.72 89.28
CMS 3032 38.72 41.82 48.26 55.30 76.35 35.62 3625 42.39 50.10 60.53 85.18
CMS, Baseline 29.57 51.94 52.61 69.41 - - 3675 34.88 59.93 74.26
P4 Qurs 73.35 74.53 73.69 73.63 - - 8541 86.09 85.87 81.11
CodeBLEU 27.16  45.93 72.70 55.04 46.87 41.73  29.77 44.27 78.80 58.65 50.41 44.42

performance of a test generator in CMS is measured by the average CMS over all passing tests:
CMS(T) = ﬁ 2rer CMS(t). Note that, different approaches can have different performance
in generating the assertion-passing tests. Therefore, we further introduce CMS,,4;, to compare
IntentionTest with a baseline on their shared assertion-passing tests.

e Line Coverage Overlap: For each generated test that executes successfully, we compute line
coverage on the focal method and compare it with the ground-truth test: (1)Exact match indicates
identical covered-line sets; (2) Common coverage ratio is the Jaccard similarity between covered-
line sets. Similarly to CMS, the proportion of generated tests that achieve these is used to measure
alignment with validation intention.

e CodeBLEU: We also use CodeBLEU [43] to evaluate the similarity between the generated and
ground-truth test cases.

5.1.3 Baselines. We choose @ ChatTester [56] and @ TELPA [54] as state-of-the-art agentic base-
lines for its outstanding performance among LLM-based test generators. To ensure a fair comparison,
we upgraded the LLM used by them to o1-mini. TELPA is designed to generate tests for all callable
focal methods in a project, and a focal method can have multiple generated tests. For a fair com-
parison, we select the best-performing generated test that has the highest CMS value among the
generated tests for the focal method. We choose @ DA [47] as a state-of-the-art training-based
baseline. Following DA’s settings, we fine-tune its CodeT5 model on our dataset and evaluate its
performance on our benchmark. We split the tests in each repository into two sets, each used as
the training and the testing set for once. This ensures that all tests can be evaluated. Moreover, we
choose @ EvoSuite [18] as the state-of-the-art search-based baseline, since its authors are actively
incorporating new search strategies in the tool. As EvoSuite generates multiple tests for a focal
method, we select a single test whose code coverage is most similar (measured by F1 score) to
the ground-truth test. We do not use CMS for selection due to the trivial assertions of EvoSuite’s
generated tests.

We do not include IntUT [33] as a baseline, despite it having a seemingly similar idea to Inten-
tionTest. IntUT uses generated validation intentions to guide LLMs in test generation, where each
intention targets a specific branch in the focal method by specifying input parameters and expected
outputs. As a result, IntUT is primarily designed to maximize code coverage. Moreover, its expected
outputs are derived directly from the focal method, which assumes that the focal method returns
constant values. Finally, neither the source code nor the dataset used by IntUT is publicly available,
making a fair and reproducible comparison infeasible.
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# Objective Validation Intention public static Number128 hash128(byte[] data) { Target Focal Method
return hash128(data, 1337);

Confirm that UTF-8 encoded non-ASCII input is hashed correctly )

# Preconditions
1. Encode a Unicode string using UTF-8.
2. Hash the resulting byte array.

public void metroHash128Test() { Target Test Case
byte[] str = "\u6211.".getBytes(CharsetUtil.CHARSET_UTF_8);
final long[] hash128 = MetroHash.hash128(str).getLongArray();

# Expected Results assertEquals(4956592424592439349L, hash128[0]);
1. Both returned values match the expected hash for this input. }
public void hash128Test(){ public static long[] cityHash128(byte[] data) {
byte[] input = "\u26@5..".getBytes(CharsetUtil.CHARSET_UTF_8); return CityHash.hash128(data).getLongArray();
long[] input_hash = MetroHash.hash128(input).getLongArray(); } Referable Focal Method

assertEquals(-5706745286694218417L, input_hash[0]);
assertEquals(545139668111768380L, input_hash[1]); public void cityHash128Test(){

¥ Ours final long[] hash = HashUtil.cityHash128(utf8Bytes("Google..";));
assertEquals(@x5944f1e788a18dboL, hash[0]);
assertEquals(@xc2f68d8b2bf4a5cfL, hash[1]);

} Referable Test

s

I
public void testHash128() { 1
Number128 hashResult = MetroHash.hash128(“.".getBytes()); :
assertNotNull(“..", hashResult); 1
Number128 hashResultDup = MetroHash.hash128(“..".getBytes()); :

1

1

1

1. public static final Charset CHARSET_UTF_8 = StandardCharsets.UTF_8

assertEquals(“.", hashResult, hashResultDup); 2. public long getlongArray()
. Facts

} ChatTester

Fig. 6. Example comparison of generated tests for the same validation intention: IntentionTest vs. ChatTester.
IntentionTest achieves higher alignment with the ground truth (CMS: 100% vs 8%).

5.1.4 Results. Table 3 summarizes all metrics with average performance across projects in the two
datasets (i.e., a dataset using LLM-Inferred validation intention and another one using Human-
Written validation intention). The column “Ours (DS)” reports results run upon DeepSeek-V3.2, and
“Ours (O1)” upon ol-mini. In the experiment, IntentionTest can find a referable test in 69.01% and
75.32% of cases of test generation on “LLM-Inferred” and “Human-Written” datasets, respectively.
A detailed breakdown of performance comparison across key metrics is available at [4]. Overall,
IntentionTest outperforms the LLM-based baselines and performs on par with EvoSuite in general
metrics (i.e., compilation failure, execution failure, assertion failure, and successful pass).
Performance on General Metrics We observe that DA, trained upon a small language model (i.e.,
CodeT5), struggles with syntax errors [47]. Moreover, EvoSuite leads the performance of generating
passing test cases on most projects as it adopts regression oracles. IntentionTest significantly
outperforms TELPA, ChatTester, and DA in success pass rate by 27.88%, 23.66%, and 49.00% on
“LLM-Inferred” dataset. The results on “Human-Written” dataset consistently demonstrate the
superiority of IntentionTest, with 37.48%, 43.48%, and 50.22% over TELPA, ChatTester, and DA,
respectively. Upon investigation, we find that compilation and execution errors by the baselines (i.e.,
TELPA, DA, and ChatTester) are often caused by missing project-specific details. For example, many
compilation errors stem from calling non-existent methods or missing project-specific packages.
Performance on Semantic Relevance As shown in Table 3, IntentionTest outperforms the
baselines regarding line coverage overlap (including exact match and common coverage ratio) and
common mutation score. Specifically, IntentionTest achieves the highest line coverage overlap
(87.56% and 93.40%) and CMS results (76.35%), outperforming all state-of-the-art baselines on “LLM-
Inferred” dataset, e.g., TELPA by 20.41%, 16.90%, and 28.09%, respectively. The results of “CMS 4"
further show the comparison of IntentionTest against each baseline on their common passing tests.
IntentionTest consistently outperforms all baselines in validation intention alignment—for example,
IntentionTest outperforms TELPA by 6.85% (81.11% vs. 74.26%) and 4.22% (73.63% vs. 69.41%) on
“Human-Written” and “LLM-Inferred” dataset, respectively.

As for CodeBLEU, the results of IntentionTest, ChatTester, and TELPA are much smaller than
DA’s result by about 30%. Our results show that DA achieves a significant fit to the distribution of the
12 projects, and also imply the effectiveness of the strategy for mitigating the LLM’s memorization
effect. Moreover, we find that many generated tests by IntentionTest are semantically correct but
syntactically different from the ground-truth.

, Vol. 1, No. 1, Article . Publication date: May 2018.



Generating Project-Specific Test Cases with Requirement Validation Intention 15

Table 4. Performance of IntentionTest across five levels of intention description detail (in %).

. LLM-Inferred Human-Written
Metric

full obj obj&pre obj&exp none full obj obj&pre obj&exp none

Compilation Failure 3.55 3.62 3.03 3.39 2.84 3.90 1.32 1.30 3.90 0.00
Execution Failure 2.96 2.88 2.80 2.88 2.99 1.30 2.63 0.00 2.60 0.00
Assertion Failure 1.50 1.81 1.65 2.46 1.38 0.00 1.32 3.90 3.90 1.30
Successful Pass 92.00 91.69 92.52 91.27 92.79 94.81 94.74 94.81 89.61 98.70
Exact Match (on coverage) 87.56 87.41 87.75 87.11 71.53 7042 7571 68.57 72.06 57.53
Common Coverage Ratio 93.40 93.38 93.55 93.31 84.54 89.28 88.91 87.18 87.83  75.59
CMS 76.35 70.49 72.03 7147 68.26 85.18 74.15 73.79 73.80 71.52
CMS. Variant - 73.02 74.07 71.96  57.79 - 76.11 73.63 74.35 58.77
pair Full - 7252 73.29 72.56  72.93 - 8552 85.77 85.56  86.49
CodeBLEU 41.73 41.83 41.62 41.63 41.53 44.42 47.60 45.84 4445 41.96

Figure 6 presents a case where IntentionTest significantly outperforms all baselines. The intended

test scenario is to validate that the focal method hash128() correctly hashes a UTF-8-encoded
string. The tricky parts are twofold: (1) what to test: recognize that the input should be encoded
in UTF-8 and know the correct output; and (2) how fo test: two crucial facts, i.e., CHARSET_UTF_8
and getLongArray(), are required for the pre- and post-setup. Without the intention description
and the facts, the generated tests fail their assertions (e.g., DA) or do not align with the validation
intention (e.g., ChatTester and EvoSuite). For example, ChatTester uses the platform-default charset
via getBytes() (which may not be UTF-8) and employs trivial assertions that do not verify the
value returned by getLongArray () against the correct result, yielding a CMS of only 8%. In contrast,
IntentionTest retrieves a reference and collects the required facts—both semantically close to the
intention and frequently co-occurring with the focal method—achieving a CMS of 100%. More
details are presented at [4].
Performance on Different LLMs. The column “Ours (DS)” in Table 3 shows that IntentionTest
powered by DeepSeek-V3.2 still outperforms the baselines. Generally, the retrieved test reference
and crucial code facts provide useful and enriched external knowledge, making our approach
less dependent on the capability of foundation models. We also observe that IntentionTest (DS)
underperforms IntentionTest (O1), caused by its limited inference performance of adopting crucial
code facts in editing the referable test.

As aresult, by capturing project-specific information and integrating the description of validation
intention, IntentionTest establishes itself as a new state-of-the-art approach for practical projects.

5.2 Granularity of Validation Intention (RQ2)

5.2.1 Setup. Given the effort required to write a validation intention description, real-world
projects may impose different levels of detail for it. We investigate the effectiveness of the descrip-
tion across five levels of detail, including full description (full), objective only (0bj), objective &
preconditions (obj&pre), objective & expected results (obj&exp), and no description (none).

5.2.2  Results. As shown in Table 4, providing any component can improve performance (excluding
metrics related to successful pass), indicating the effectiveness of the three components. Notably,
even providing only a test objective within 50 words can significantly improve LLMs in validation
intention alignment, yielding CMS,; improvements of 15.1% and 27.7% over IntentionTest without
intention description (72.9% vs 57.7% and 86.5% vs 58.8%) and 4.2% and 6.9% over TELPA (73.6% vs
69.4% and 81.1% vs 74.2%).
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# Objective Validation Intention Description
Verify that password hashing and comparison correctly parse Unicode passwords.

# Preconditions
1. Prepare two passwords: one with Unicode characters and one with ASCII characters.
2. Hash each password with a unique salt.

# Expected Results
1. The Unicode password must not validate against the ASCII hash, and the ASCII password must not validate against the Unicode hash.
2. Both mismatch checks must pass, confirming proper handling of international characters.

public void testInternationalChars() { public void testNonAsciiPasswordHashAndCheck () {
System.out.print("BCrypt.hashpw w/ international chars: "); String pw = "password”;
String pwl = "\u2605\u2605\u2605\u2605\u2605\u2605\u2605\u2605"; String hash = BCrypt.hashpw(pw, BCrypt.gensalt());
String pw2 = "2222222?";
Assert.assertTrue(BCrypt.checkpw(pw, hash));
String hl = BCrypt.hashpw(pwl, BCrypt.gensalt()); }
Assert.assertFalse(BCrypt.checkpw(pw2, h1)); Generated Test w/ obj only

System.out.print(".");
public void testUnicodeAndAsciiPasswordsAreNotInterchangeable () {

String h2 = BCrypt.hashpw(pw2, BCrypt.gensalt()); String unicodePw = "passwérdv";

Assert.assertFalse(BCrypt.checkpw(pwl, h2)); String asciiPw = "password123";

System.out.print(".");

System.out.println(""); String hashFromUnicode = BCrypt.hashpw(unicodePw, BCrypt.gensalt());
} Assert.assertFalse(BCrypt.checkpw(asciiPw, hashFromUnicode));

String hashFromAscii = BCrypt.hashpw(asciiPw, BCrypt.gensalt());
Assert.assertFalse(BCrypt.checkpw(unicodePw, hashFromAscii));

Target Test } Generated Test w/ full desc

Fig. 7. lllustrative example of validation intention granularity: target test testInternationalChars and
IntentionTest outputs generated using the full intention description and the objective-only description.

This improvement is expected, as even a brief Objective description captures the developer’s core
intention and helps guide test generation accordingly. For example, Figure 7 presents a target test
testInternationalChars from the blade project [8], alongside its validation intention description
(from “LLM-Inferred” dataset) and the corresponding tests generated with the full description
and the Objective only, respectively. The target test primarily verifies correct hashing of non-
ASCII passwords. It also incorporates a personalized intention: validating hashing and comparison
correctness for a password consisting of black stars (i.e.,u2605) by cross-checking results with
another password, rather than simply comparing plain and hashed values. In this case, the Objective
portion of the generated description—“Verify that password hashing and comparison correctly parse
Unicode passwords”—succinctly captures the main intention. Consequently, the test generated with
the Objective only already aligns with the main intention, using a password containing non-ASCII
characters “4” and “6”. We also observed that the test generated with the full description aligns even
more closely, as the Preconditions and Expected Results provide complementary details reflecting
the personalized intention. In contrast, without such an intention description, ChatTester, and DA
instead generate tests with common ASCII passwords, failing to capture the intended validation
goal. These results highlight the practicality of validation intention descriptions, as even a concise
Objective can substantially improve validation intention alignment.

We also analyze suboptimal generated tests to understand their causes. One common issue
arises when the validation intention description is overly general. For example, a target test
codePointsAllIncludedRange from project yavi [55] defines a whitelist by a project-specific API
CodePoints.Range.of (), restricting input characters to a-z and A-Z. Due to our strict constraints
on reverse engineering intention descriptions (e.g., minimizing inclusion of program elements), the
derived description simplifies this intention to: “Define a whitelist which allows only uppercase
and lowercase letters.” As a result, IntentionTest generates a test that implements this intention
naively by enumerating uppercase and lowercase letters in a list. While the generated test executes
successfully, it partially misaligns with the target test. This misalignment is reflected in the CMS
metric, as some mutants associated with CodePoints.Range.of () remain surviving. This result
exposes a limitation of IntentionTest—the suboptimal ability of fact discrimination component to
capture fine-grained semantic distinctions between codes and intention descriptions. We attribute
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Table 5. Ablation study results for IntentionTest (in %).

. LLM-Inferred Human-Written
Metric
Full NoFact NoRef Full NoFact No Ref
Compilation Failure 3.55 441 576 3.90 2.60 7.79
Execution Failure 2.96 3.55 5.64 1.30 1.30 2.60
Assertion Failure 1.50 1.30 1.18  0.00 5.19 3.90
Successful Pass 92.00 90.74 87.41 94.81 90.91 85.71

Exact Match (on coverage) 87.56 87.65 86.53 70.42 69.57 68.75
Common Coverage Ratio ~ 93.40 93.61 92.84 89.28 87.43 84.08

CMS 76.35 72.44 73.90 85.18 78.80 74.18
CMS.. Ablation - 72.65 68.31 - 73.23 65.85

Par Fyll - 72.94 72.72 - 84.72 84.47
CodeBLEU 41.73 41.19 34.73 4442 45.12 35.14

this limitation partly to the weaker semantic understanding of the lightweight embedding model
used (i.e., CodeT5 Embedding). Addressing this challenge is left for future work.

Furthermore, even without a validation intention description, IntentionTest still outperforms
the state-of-the-art ChatTester—showing, for example, 29.54% and 35.27% gains in CMS (see the
columns “ChatTester” in Table 3 and the columns “none” in Table 4). This result underscores the
standalone effectiveness of our referable-test retrieval and crucial-facts discrimination methods.
We also observe a small increase in successful passes when descriptions are removed. This occurs
because the generation now faces fewer constraints, making it easier for to generate. However, this
ease comes at the cost of lower CMS, indicating weaker alignment with the intended validation.

More experiments for IntentionTest powered by DeepSeek-V3.2, available at [4], also support
the above conclusion.

5.3 Ablation Study (RQ3)

5.3.1 Setup. To assess the contribution of the retrieval module, we remove referable tests from
the prompts. Regarding the discriminator’s contribution to overall performance, we ablate it by
removing facts from the prompt.

5.3.2 Results. As reported in Table 5, the column “No Ref” presents the performance results
when the retrieval function is ablated. Compared to IntentionTest, the test generation performance
declines sharply. For example, the performance in CMS drops by 2.45% and 11.00% on “LLM-Inferred”
and “Human-Written” datasets, respectively. Similar degradations occur in all other metrics. The
results indicate that referable tests can help reveal implicit project-specific test idioms and test
scenarios that the LLM alone cannot infer.

We also evaluated the robustness of IntentionTest by analyzing its performance across a spectrum
of similarity bins (i.e., [0.2,0.4], (0.4,0.6], (0.6,0.8], and (0.8, 1.0]) calculated using the Levenshtein-
based edit similarity between the target and referable tests. We observed that, while higher similarity
correlates with improved generation quality, IntentionTest maintains robust performance even
in low-similarity regimes, consistently outperforming the “No Ref” variant. For example, in the
Successful Pass metric, IntentionTest achieved 92.68%, 95.83%, 97.06%, and 96.15%, respectively.
This suggests that (1) even low-similarity references could provide useful structural scaffolds and
project-specific idioms and (2) LLM is relatively robust to irrelevant information.

As for the contribution of crucial facts, the column “No Fact” shows that removing facts from
prompts likewise impairs performance, e.g., 3.91% and 6.38% of degradation in CMS on the two
datasets. This confirms the effectiveness of the discriminator. Experiments for IntentionTest powered
by DeepSeek-V3.2, available at [4], also support the above conclusion.
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6 Discussion
6.1 Limitations and Future Work

6.1.1 Quality of Validation Intention Descriptions. In this work, validation intention descriptions
generated by LLMs or written by developers are matched with ground-truth tests, filtering out
low-quality and misaligned intentions. We attempted to make them as natural as possible—applying
various constraints on generation and performing manual checks—yet a concern remains: human-
written descriptions can be incomplete and ambiguous. Determining when a description is low
quality and guiding users to craft higher-quality descriptions remains open work for future research.

6.1.2  Generalizability on Newly Established Repositories. In this paper, we target well-established
repositories with sufficient human-written tests. The performance of IntentionTest might not
generalize to newly established repositories. Although we evaluated IntentionTest on repositories
with relatively few tests (e.g., 49 for spark), its effectiveness on repositories whose test suites are
both sparse and low-quality is still unknown. Quantifying IntentionTest’s usefulness in early-stage
projects constitutes important future work.

6.2 Threats to Validity

The first threat involves the synthesized validation intention descriptions. Due to the limited
availability of human-written validation intentions in open-source projects, we use LLMs to generate
validation intention descriptions for existing tests. However, these synthesized descriptions may
differ from those that developers would write. To mitigate this, we curate a set of human-written
validation intention descriptions as a complementary dataset.

The second threat involves potential data leakage from LLMs, a common issue also faced by
related work [56]. The tests in our evaluation dataset could be part of training data in LLMs, which
might lead to overestimation of LLM’s capability in test generation. To mitigate this threat, we
design a prompt that instructs LLMs to “unlearn” the memorized information from the specified
repository. Experimental observations confirm its effectiveness in preventing the generation of
program elements (e.g., method invocations) that do not appear in the input context.

Finally, a threat arises from the nondeterministic nature of LLMs. To alleviate this, we set the
temperature parameter to zero, constraining randomness and ensuring the most deterministic
response possible [36].

7 Related Work

Coverage-based software testing. Software testing is traditionally considered a constraint-solving
problem to generate tests to cover targeted program branches. Typical test generation solution
includes dynamic and static symbolic execution [9-11, 20, 46] and search-based software testing
[5, 9, 18, 21, 26, 28, 29, 37]. While test coverage is an important metric for test completeness,
readability and quality are also crucial for practical tests [14, 23, 38, 39]. Moreover, many tests are
knowledge-driven. Thus, we design IntentionTest, an LLM-based solution. IntentionTest uses the
general programming knowledge within the LLM and enhances the LLM with project-specific
knowledge, which is complementary to coverage-based test generators.

LLM-based test generation. With the emergence of LLMs, researchers have made significant
advances in code generation [44]. Considering test code is a special form of code, researchers have
leveraged LLMs in software testing [2, 16, 19, 27, 30, 41, 42, 45, 53], considering the test generation
problem as a translation problem from focal method to test code [15, 25, 33, 34, 47, 50, 52, 56]. One
relevant work is ChatTester [56], which designs effective test-generating prompts and validates
the tests based on a program analyzer and compiler. Different from ChatTester, IntentionTest is

, Vol. 1, No. 1, Article . Publication date: May 2018.



Generating Project-Specific Test Cases with Requirement Validation Intention 19

a retrieval-and-edit solution. We further develop our contribution to how to effectively edit a
referable test by discriminating the crucial project-specific information.

Additionally, IntUT [33] leverages generated test intentions to guide LLMs. A test intention
in IntUT targets a specific branch within the focal method, specifying input parameters and the
expected output when that branch is exercised. Consequently, IntUT is designed to maximize code
coverage. Furthermore, expected outputs are derived directly from the focal method, implying
that the focal method must return constant values. In contrast, our work introduces validation
intentions, which are written by developers to reflect requirement fulfillment rather than coverage.
Also, our approach imposes no constraints on the return behavior of the focal method.

8 Conclusion

In this work, we propose IntentionTest, which can generate project-specific tests with validation
intention. Our solution is motivated by the empirical observation that mature software projects
possess abundant code assets that can guide the generation of new tests. IntentionTest captures the
project-specific knowledge by retrieving referable tests and collecting crucial facts, and derives
practical tests using LLMs. We extensively evaluate IntentionTest on 3,680 tests from 12 projects.
The results show that, compared to the state-of-the-art approaches, IntentionTest generates far
more practical tests with better alignment to developers’ validation intention.

9 Data Availability

Our source code and experimental data are available at [4].
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