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Abstract

Unit test assertions are essential for detecting software faults,
yet writing them remains costly and time-consuming. Large
Language Models (LLMs) offer a promising way to auto-
mate assertion generation. However, prior work has primarily
focused on generating assertions that closely mimic human-
written ones. Because this represents only one possible gener-
ation strategy, the impact of alternative approaches on overall
quality remains poorly understood. This paper presents an
empirical study evaluating four distinct generation strategies:
Assertion Generation, which was proposed and evaluated in
prior work, alongside Assertion Augmentation, Blind Aug-
mentation, and Chain-of-Thought Generation. Using GPT-oss
20b as the underlying model, we evaluate these strategies on
811 test oracles from 10 open-source projects in the GitBug-
Java benchmark. We assess the generated assertions in terms
of correctness, fault-detection capability, and textual similar-
ity to developer-written assertions. Our results show that the
choice of generation strategy strongly influences performance.
Assertion Augmentation performs best overall, achieving the
highest compilation rate, execution validity, and mutation
score. Meanwhile, Chain-of-Thought Generation detects the
highest proportion of real bugs, and standalone Assertion Gen-
eration yields results most similar to developer-written tests.
Overall, the findings demonstrate that providing LLMs with
existing developer-written assertions substantially improves
the quality and effectiveness of generated test oracles.
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1 Introduction

Software testing is essential to ensure software quality and
reliability. In particular, unit tests help developers verify pro-
gram behaviour at a fine-grained level and detect faults early
in the development process. However, writing and maintaining
tests is both time-consuming and expensive. Today, about 16%
of engineering effort is devoted to testing activities [3]. One
of the difficulties in this process is the test oracle problem,
namely determining whether the observed behaviour of a pro-
gram is correct [1]. In unit testing, these oracles are typically
expressed through assertions.

To reduce the cost of manual testing, researchers have pro-
posed automated test-generation techniques such as Search-
Based Software Testing (SBST). Tools like EvoSuite are able
to automatically generate unit tests together with assertions
by observing runtime behaviour and recording it as expected
output [4]. Although this enables large-scale automation, the
generated assertions are often weak or overly tied to a specific
execution and may fail to capture the intended semantics of
the program. As a result, developers frequently need to inspect
and refine such assertions manually [23].

Recent advances in Large Language Models (LLMs) have
opened new possibilities for automated assertion generation.
LLMs have shown promising results across several software-
engineering tasks, including code generation, summarisation,

and automated test generation [16]. Previous work by Mo-
linelli et al. has shown that LLM-generated assertions can
achieve mutation scores comparable to developer-written ones,
although their effectiveness depends strongly on the prompt
design and the context provided to the model [10]. Primbs
et al., on the other hand, have demonstrated that models fine-
tuned specifically for assertion generation outperform general-
purpose LLMs on targeted benchmarks [14]. These findings
suggest that the way assertions are generated may significantly
affect their quality.

Despite recent progress in LLM-based assertion genera-
tion, most existing work has focused on comparing models
or improving benchmark performance. Existing approaches
typically follow an Assertion Generation setting, in which
the model generates assertions from scratch for a given test
method [10; 14]. In contrast, the influence of the generation
strategy itself remains largely unexplored. This paper investi-
gates four assertion generation strategies: Assertion Genera-
tion, Assertion Augmentation, Blind Augmentation, and Chain-
of-Thought Generation. While Assertion Generation recon-
structs missing assertions, Assertion Augmentation generates
additional assertions in the presence of existing developer-
written oracles, Blind Augmentation adds assertions without
access to the original oracle, and Chain-of-Thought Gener-
ation [19] encourages explicit reasoning before producing
assertions.

In this study, we investigate three key dimensions of asser-
tion quality. First, we assess whether the generated assertions
are syntactically and semantically correct by measuring their
ability to compile and execute successfully. Second, we exam-
ine their fault-detection capability using both mutation testing
and real historical bugs. Finally, we analyse how closely the
generated assertions resemble developer-written assertions
using exact-match and textual-similarity metrics.

The evaluation is conducted on GitBug-Java, a benchmark
of real-world Java bugs from open-source repositories intro-
duced in 2023 and later [18]. We assess the generated asser-
tions using compilation rate, execution validity, mutation score,
and bug-detection rate. Textual similarity to developer-written
assertions is measured using BLEU, ChrF, and CodeBLEU.

Assertion Augmentation achieves the highest compilation
rate (74.5%), execution validity (87.7%), and acceptance rate
(78.4%) and produces the largest average mutation-score im-
provement over the original tests (+1.1%). Chain-of-Thought
Generation detects the largest number of real bugs from the
dataset. Assertion Generation produces the most textually sim-
ilar assertions (exact-match accuracy: 36.4%), although this
result may partly reflect benchmark contamination. Across all
strategies, hallucinations account for approximately 30% of
compilation failures.

The contributions of this paper are:

* An empirical comparison of four LLM-based assertion
generation strategies on a real-world Java benchmark,
evaluated across correctness, fault detection, and textual
similarity.

* Evidence that Chain-of-Thought reasoning improves real-
bug detection, identifying the most historical defects in
the GitBug-Java dataset.



* Quantitative evidence that Assertion Augmentation pro-
duces the most syntactically and semantically correct
assertions, with the largest mutation-score improvement
over the original tests.

» Evidence that textual similarity to developer-written as-
sertions is a poor indicator of fault-detection effective-
ness, consistent with prior findings in the literature [17].

The remainder of this paper is structured as follows. Sec-
tion 2 presents background and related work. Section 3 de-
scribes the methodology, the dataset, and the assertion gen-
eration strategies. Additionally, we present the experimental
setup and evaluation metrics. Section 4 reports and discusses
the experimental results. Section 5 outlines threats to validity,
and Section 6 covers responsible research practices. Finally,
Section 7 concludes the paper and outlines directions for future
work.

2 Background & Related Work

Automated assertion generation lies at the intersection of soft-
ware testing, test oracle generation, and Large Language Mod-
els (LLMs). To motivate our work, we first discuss Search-
Based Software Testing (SBST) and the long-standing oracle
problem (2.1). We then introduce mutation testing, which
is widely used to evaluate the effectiveness of test assertions
(2.2). Finally, we review recent LLM-based approaches for
assertion generation and highlight the lack of research on how
different assertion generation strategies influence assertion
quality (2.3).

2.1 Search-Based Software Testing and the Oracle
Problem

Search-Based Software Testing (SBST) formulates test gen-
eration as an optimisation problem and applies metaheuristic
algorithms to automatically generate test inputs that maximise
coverage or expose defects. Tools such as EvoSuite automat-
ically synthesise unit tests and assertions for Java programs
using search-based techniques [4].

However, despite their effectiveness in generating exe-
cutable tests, SBST approaches do not solve the fest oracle
problem, i.e., determining whether the observed behaviour of a
program under test is correct [1; 4]. In unit testing, test oracles
are realised as assertions that validate runtime behaviour. Auto-
mated tools such as EvoSuite generate assertions by recording
observed executions and treating them as correct behaviour [4].
While this enables fully automated test generation, the result-
ing assertions may be weak, overly specific, or incapable of
detecting semantic faults, often requiring manual inspection
and refinement [23].

Because assertion quality cannot be adequately measured
through structural coverage alone, mutation testing is com-
monly used to evaluate the effectiveness of generated asser-
tions [8].

2.2 Mutation Testing for Assertion Evaluation

Mutation testing evaluates the effectiveness of a test suite
by systematically introducing small syntactic modifications,
known as mutants, into the program under test and check-
ing whether the assertions detect the resulting behavioural

changes [6]. A mutant is considered killed if at least one asser-
tion fails when executing the mutated program. The resulting
mutation score is computed as the ratio of mutants killed to
the total number of mutants generated.

Research has shown that mutation score correlates more
strongly with real fault detection than traditional metrics such
as line or branch coverage, which can often be satisfied by
weak or trivial assertions [8; 22]. Consequently, mutation test-
ing has become one of the standard approaches for evaluating
assertion quality in automated testing research.

Several frameworks support mutation analysis for Java pro-
grams, among which PIT (Pltest) is one of the most widely
adopted due to its efficiency and integration with modern Java
tooling [2]. In this work, we use PIT to evaluate the fault-
detection effectiveness of generated assertions.

2.3 LLM-Based Assertion Generation

General LLM-Based Test Generation

Large Language Models (LLMs) have demonstrated strong
performance across software engineering tasks, including code
generation, summarisation, and automated test generation [16].
Recently, Molinelli et al. have shown that LLMs are capable
of generating syntactically correct and executable unit tests,
although their effectiveness depends heavily on prompt design
and the amount of contextual information provided to the
model [10].

While earlier work treated assertions as part of full test-
case generation, more recent efforts have framed assertion
generation as a standalone task for foundational models to
address directly.

Assertion Generation Approaches

Recent studies demonstrate that LLM-generated assertions
can achieve mutation scores comparable to human-written as-
sertions under certain conditions [10]. In particular, providing
contextual information such as the focal method, surrounding
test code, and method invocations has been shown to substan-
tially influence assertion quality.

At the same time, some models, specifically fine-tuned
for assertion generation, have been proposed. AsserT5, for
instance, outperforms general-purpose LLMs on dedicated
benchmarks, suggesting that the quality of generated asser-
tions is strongly influenced by how the generation task is
formulated and optimized [14].

However, existing work primarily focuses on model archi-
tectures, benchmark performance, and prompt engineering,
while the influence of the assertion generation strategy itself
remains largely unexplored. This work addresses this gap
through an empirical comparison of different assertion genera-
tion strategies and their impact on assertion effectiveness.

3 Methodology

This section describes the methodology used to evaluate the
influence of different assertion generation strategies on the
quality of LLM-generated test oracles. Figure 1 presents an
overview of the experimental pipeline.

We structured this study around three research questions
investigating assertion correctness, fault-detection capability,
and similarity to developer-written assertions. To answer these
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Figure 1: Overview of the experimental pipeline.

questions, we construct two evaluation datasets, apply four as-
sertion generation strategies using the same LLM, and evaluate
the generated assertions using a common set of metrics. Fi-
nally, we describe the experimental environment and inference
configuration used to ensure reproducibility.

3.1 Research Questions

RQ1. To what extent does the generation strategy affect the
syntactical and runtime correctness of the generated asser-
tions?

This question evaluates whether different strategies produce
assertions that successfully compile and execute within the
original test suite.

RQ2. How do different strategies compare in their ability to
detect software faults?

This question investigates whether certain strategies gener-
ate stronger assertions capable of distinguishing correct from
faulty behaviour. The evaluation considers both mutation
testing and detection of real historical bugs from GitBug-
Java [18].

RQ3. How closely do LLM-generated assertions resemble
developer-written assertions?

This question examines whether generated assertions are
similar to human-written oracles at both textual and structural
levels, and whether such similarity correlates with assertion
effectiveness.

3.2 Datasets

GitBug-Java

This study uses GitBug-Java [18], a benchmark of real Java
bugs extracted from recent bug-fixing commits in open-source
GitHub repositories. Each entry contains both the buggy and
fixed program versions, together with the corresponding test
modifications introduced by developers during the bug-fixing
process.

GitBug-Java was selected for two reasons. First, it enables
the evaluation of fault-detection capability on real software
defects. Since both buggy and corrected versions of each pro-
gram are available, generated assertions can be executed on
both revisions to determine whether they successfully distin-
guish faulty from intended behaviour [7; 18].

Second, GitBug-Java consists of relatively recent bug-fixing
commits, reducing the likelihood of benchmark contamination
compared to older and more widely used datasets. This is par-
ticularly important when evaluating LLM-generated assertions,
as prior exposure to benchmark examples may artificially in-
flate performance [5; 24].

Bug Detection Benchmark

GitBug-Java is used exclusively to evaluate the real-bug de-
tection capability of the generated assertions. To construct
this benchmark, the raw dataset undergoes a filtering process
similar to the one used by Silva et al. [18].

We only use PASS_PASS entries, where both the production
code and the test suite were modified as part of the bug fix.
These entries provide a developer-written oracle correspond-
ing to the corrected behaviour and therefore allow generated
assertions to be evaluated against real defects.

To ensure reproducibility, we additionally require entries to
have a successful final continuous-integration execution. Fi-
nally, only entries whose test patches introduce new assertions
or modify existing ones are retained. This guarantees that each
selected bug is associated with an explicit oracle change that
can be used for evaluation.

The resulting benchmark contains 96 bug-fixing commits
from 38 repositories. For each entry, generated assertions are
executed on both the buggy and fixed revisions. A bug is
considered detected if the generated assertion passes on the
fixed version and fails on the buggy version.

Evaluation Dataset Construction

While GitBug-Java is suitable for evaluating real-bug detec-
tion, it contains a limited number of test modifications and
therefore provides only a small number of evaluation instances
for assessing assertion correctness and mutation-testing effec-
tiveness. To obtain a larger and more representative set of
test methods, we additionally mined tests from repositories
contained in GitBug-Java.

The mining procedure is inspired by the methodology of
Molinelli et al. [10]. First, we selected a subset of repositories
from GitBug-Java and cloned them locally. Test files were
then identified automatically, and JUnit test methods were
extracted. Only methods containing at least one developer-
written assertion were retained. Finally, we discarded methods
that could not be compiled or executed within their original
project context.

The final dataset consists of 404 test methods, containing
811 assertions, gathered from 10 repositories. For each test
method, the original assertions were used to construct the
inputs required by the four generation strategies described in
Section 3.3. The generated assertions were then evaluated
using the correctness, mutation-testing, and similarity metrics
introduced in Section 3.4.

3.3 Assertion Generation Strategies

We performed all assertion generation experiments using the
same Large-Language Model, GPT-o0ss 20b cloud, to isolate
the effect of the generation strategy from differences in model
capabilities. To ensure a fair comparison, every strategy was
provided with exactly the same context: the focal method, the
test method, the source class under test, and the additional con-
textual information required for assertion generation. Keeping
this context identical across all strategies ensures that the gen-
eration strategy itself remains the only controlled experimental
variable, so that any observed differences in the results can
be attributed to the strategy rather than to variations in the
information available to the model.



Assertion Generation

This strategy, inspired by the experimental setup of Molinelli
et al. [10], represents the baseline generation setting. The
developer-written assertions in the test method are removed
and replaced with placeholders before the test is provided to
the model. Rather than regenerating all assertions at once, each
removed assertion is generated individually and in sequence,
one position at a time. This setup evaluates the model’s ability
to construct assertions directly from the available test context
without relying on developer-written oracles. The generated
assertions are inserted back into the original test method and
evaluated using the metrics defined in Section 3.4.

Assertion Augmentation

In the augmentation setting, the complete original test method,
including the developer-written assertions, is provided to the
model. Rather than replacing existing assertions, the model
generates only additional ones intended to complement the
current oracle. This strategy evaluates whether exposing the
model to human-written assertions improves assertion quality
and fault detection while preserving the original developer
intent. We motivate this strategy with recent work, conducted
by Khandaker et al., showing that additional contextual infor-
mation can improve LLM-based oracle generation [9]. In this
setting, the existing developer-written assertions themselves
serve as contextual guidance for the model.

Blind Augmentation

Blind Augmentation combines elements of generation and
augmentation. Original assertions are removed from the test
method and replaced with placeholders, but instead of re-
constructing them, the model is instructed to generate new
assertions intended to strengthen the test. The objective of this
strategy is to prevent direct imitation of developer assertions
while preserving the surrounding test structure. This allows
evaluation of whether limiting oracle information encourages
more diverse and fault-sensitive assertions.

Chain-of-Thought Generation

The final strategy introduces explicit intermediate reason-
ing into the assertion generation process. Chain-of-Thought
prompting has been shown to improve performance on
reasoning-intensive tasks by eliciting step-by-step intermedi-
ate representations [19]. In this setting, the model first reasons
about the expected behaviour of the focal method and the pur-
pose of the test before generating the replacement assertions.
This strategy evaluates whether explicit reasoning improves
assertion correctness and fault-detection capability.

3.4 Evaluation Metrics

Our evaluation protocol builds upon the evaluation methodolo-
gies proposed by Molinelli et al. [10] and Primbs et al. [14].
In particular, we adopt mutation-testing and textual-similarity
metrics from prior work, while additionally evaluating bug-
detection capability on GitBug-Java [18] and inference time
to assess the practical cost of each strategy.

We organised the evaluation metrics by research question,
covering the syntactic and runtime correctness of the generated
assertions (RQ1), their fault-detection capability (RQ2), and
their resemblance to developer-written assertions (RQ3).

RQ1: Syntactic and Runtime Correctness

* Compilation Rate: The proportion of test methods that
compile successfully after adding the generated asser-
tions. Because an assertion that does not compile can
neither be executed nor detect faults, this metric captures
the most basic prerequisite for usability and quantifies
the syntactic validity of a strategy’s output.

* Execution Validity: The proportion of all test meth-
ods that execute without runtime error after inserting the
generated assertions. This metric is measured uncondi-
tionally - it includes both compiled and non-compiled
test methods in the denominator, giving a global view of
execution success. A usable oracle must not raise false
alarms on correct code, so this metric measures whether
the assertions encode behaviour that is genuinely true of
the program under test.

* Acceptance Rate: Among test methods that compile
successfully, the proportion that also executes without a
runtime error. By conditioning on compilation, this met-
ric isolates runtime correctness from syntactic failures,
showing how often a syntactically valid assertion is also
behaviourally consistent with the program under test.

* Error Types Distribution: The breakdown of rejected
assertions by category (e.g., hallucinated APIs, type mis-
matches). This distribution exposes the dominant failure
modes.

* Average Inference Time: The average time required
per prompt. This complementary metric is used to evalu-
ate the practical efficiency of each strategy and identify
potential trade-offs between assertion quality and genera-
tion cost.

RQ2: Fault-Detection Capability

* Mutation Score: The proportion of mutants that the test
detects (kills) out of all generated mutants. Mutation
analysis is a well-established proxy for fault-detection
ability, so the score directly measures whether the gener-
ated assertions strengthen a test’s capacity to distinguish
correct from faulty behaviour.

* Bug Detection Rate (GitBug-Java): The percentage
of real bugs from GitBug-Java for which a generated
assertion passes on the fixed version and fails on the
buggy version. Unlike the mutation score, which relies
on synthetic faults, this metric measures the detection of
real, historical defects and therefore provides the most
direct evidence of practical fault-finding capability.

RQ3: Resemblance to Developer-Written Assertions

* Exact-Match Accuracy: The proportion of generated
oracles that are textually identical to a developer-written
assertion for the same test. It is a strict, unambiguous
measure of how closely a strategy reproduces human
oracles, although it necessarily undercounts assertions
that are semantically equivalent but textually different.

* BLEU, ChrF, and CodeBLEU: Following the use of
NLG-based textual-similarity metrics for neural test-
oracle generation [17], these three metrics quantify how



Table 1: Syntactic and runtime correctness metrics by strategy.

Strategy Comp. Rate Acc. Rate Exec. Validity
Generation 58.3% 71.5% 70.2%
Augmentation 74.5% 78.4% 87.7%
Blind 65.6% 72.8% 77.2%
Thinking 59.7% 71.0% 75.4%

closely the generated assertions resemble the developer-
written ones. BLEU [12] measures n-gram precision
overlap and awards partial credit where exact-match is
too strict. ChrF [13] computes an F-score over char-
acter n-grams, which is more robust to small lexical
differences in identifiers and tokenisation than word-
based BLEU. Lastly, CodeBLEU [15] extends BLEU
with weighted keyword matching and similarity over the
abstract syntax tree and data flow, capturing syntactic and
semantic structure that token-level metrics ignore.

3.5 Experimental Setup

To ensure reproducibility, we fixed the random seed to 42 for
both dataset sampling and LLM inference. All experiments
were conducted on a personal laptop equipped with an AMD
Ryzen 7 7735HS processor (8 cores at 3.2 GHz), 16 GB RAM,
and Windows 11.

Inference was performed using GPT-oss 20b cloud, a 20.9-
billion-parameter model served through Ollama and quantised
to MXFP4 precision. We fixed the context window to 8,192
tokens. Mutation analysis was performed using PIT version
1.15.3 with the DEFAULTS mutator set.

We executed all pipeline scripts using Python 3.12.1, while
Java 21.0.2 was used for compilation and test execution. Key
libraries included pandas 2.2.3, numpy 2.2.5, ollama 0.4.8,
and litellm 1.70.0. A complete requirements.txt file is
included in the replication package.

4 Empirical Results

4.1 RQ1: Syntactic and Runtime Correctness

Results

Table 1 outlines the syntactic and runtime correctness across
the four generation strategies. Assertion Augmentation
achieved the highest performance across all metrics, lead-
ing in compilation rate (74.5%), acceptance rate (78.4%), and
execution validity (87.7%). In contrast, the baseline Assertion
Generation strategy performed the worst overall, failing to
compile in 41.7% of cases and yielding the lowest execution
validity (70.2%).

The distribution of generated assertion types was broadly
consistent across all strategies. assertEquals and
assertThat together accounted for between 71.2% and
76.5% of generated assertions, closely matching the devel-
oper baseline. However, Assertion Augmentation produced the
highest proportion of assertThat assertions (32.4%), com-
pared to 25.9% for Assertion Generation, 28.8% for Blind
Augmentation, and 26.8% for Chain-of-Thought Generation.

Regarding computational overhead, Assertion Augmenta-
tion exhibited the lowest latency among method-level ap-

proaches, requiring 5.50 seconds per prompt on average, com-
pared to Blind Augmentation (5.74s) and Chain-of-Thought
Generation (6.43s). Although Assertion Generation recorded
a lower nominal latency of 3.88 seconds per prompt, this
metric is not directly comparable, as the strategy operates on
individual assertions rather than complete test methods.

Discussion

The results demonstrate that the quality of the generated asser-
tions is heavily influenced by the amount and type of context
provided to the model. Assertion Augmentation achieved the
highest compilation rate, acceptance rate, and execution valid-
ity, suggesting that providing the LLM with existing developer-
written assertions reduces the likelihood of generating invalid
or incorrect assertions.

The assertion-type distribution provides further evidence for
this explanation. Assertion Augmentation generated the high-
est proportion of assertThat assertions (32.4%), exceeding
both the developer baseline (24.9%) and all other strategies.
Since assertThat assertions typically require more complex
matcher expressions and are therefore more susceptible to syn-
tax errors and hallucinated APIs, their successful use suggests
that exposure to developer-written assertions helps the model
infer the correct assertion structure. This may partially explain
why Assertion Augmentation achieved the highest compila-
tion rate despite producing a comparatively large number of
complex assertions.

In contrast, the baseline Assertion Generation strategy per-
formed poorly across all correctness metrics. By generating
assertions in isolation, the model more frequently produces
assertions that are syntactically invalid and fail during compi-
lation.

Another notable finding is that approximately 30% of com-
pilation failures were caused by hallucinations. References to
non-existent methods, variables, and APIs therefore remain a
major source of failure across all strategies, even when addi-
tional contextual information is provided [20].

Conclusion RQ1. The choice of generation strategy
substantially influences assertion correctness. Asser-
tion Augmentation produced the most reliable assertions,
achieving the highest compilation rate, acceptance rate,
and execution validity. Providing developer-written as-
sertions as context appears particularly beneficial when
generating more complex assertion forms, while halluci-
nated APIs remain a persistent source of failure across
all strategies.

4.2 RQ2: Fault-Detection Capability

Results

Table 2 summarizes the fault-detection performance of the
four assertion generation strategies. Assertion Augmentation
achieved the highest mutation score among the evaluated gen-
eration strategies (67.3%) and produced the largest average
mutation-score improvement over the original tests (+1.1%).
On the other hand, Chain-of-Thought Generation detected the
largest number of real bugs (57.1%) out of the ones selected
from the GitBug-Java dataset.



Table 2: Comparison of assertion generation strategies, based on
fault-detection capability.

Strategy Mut. Score  Delta Bug Detection
Original 66.2% - -
Generation 582%  -8.0% 38.5%
Augmentation 67.3% +1.1% 46.7%
Blind 57.6%  -8.6% 30.8%
Thinking 59.1%  -7.1% 571%
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Figure 2: Killed-mutant Venn diagram across the four generation
strategies.

Figure 2 shows the killed-mutant overlap across strategies.
Of 1,299 unique mutants killed in total, 773 (59.5%) are killed
by all four strategies, forming a shared core that no individual
strategy exclusively contributes to. The largest intersection
beyond this core belongs to Assertion Augmentation and Blind
Augmentation together, which jointly account for 132 (10.2%)
additional mutants. Among strategy-exclusive kills, Assertion
Augmentation contributes the most (61), followed by Blind
Augmentation (53).

Discussion

According to the average mutation-score improvement (Delta
A), Assertion Augmentation achieved the strongest improve-
ment (+1.1%), substantially outperforming the other strategies,
which, on average, decrease the baseline mutation score. The
overlap analysis in Figure 2 supports this finding, as Assertion
Augmentation contributes the most strategy-exclusive Kkills,
confirming that it targets mutants, the other strategies miss.

A similar trend is observed for real-bug detection. Chain-
of-Thought Generation detected the highest proportion of his-
torical defects (57.1%), followed by Assertion Augmentation
(46.7%). These results suggest that strategies providing either
richer contextual information (Augmentation) or explicit rea-
soning guidance (Chain-of-Thought) produce assertions that
are more effective at strengthening fault detection [21].
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Figure 3: Number of mutants killed per PIT operator for each strategy.

The opposing rankings of Chain-of-Thought Generation on
mutation score (-7.1% delta) and real-bug detection (57.1%)
call for closer examination. The overlap data in Figure 2
reveals that Chain-of-Thought Generation contributes only
6 strategy-exclusive mutant kills, far fewer than any other
strategy. Yet it detects the most real bugs. This tension reflects
a known limitation of mutation testing as a proxy for real
fault detection: the correspondence between synthetic and real
faults is imperfect and depends on the nature of the faults, the
mutation operators applied, and the size of the dataset [7; 11].

The assertion-type distribution offers a complementary ex-
planation. Unlike the other strategies, Chain-of-Thought gen-
erated substantially more assertThrows assertions (7.6%
versus 3.1-3.8%). Exception assertions verify that the code
raises the correct error under specific conditions, making them
sensitive to disruptions in the execution path that PIT’s stan-
dard operators do not typically exercise. As shown in Figure 3,
the operator composition of kills is broadly similar across
all four strategies, confirming that performance differences
arise not from targeting different mutation types, but from
the specificity and reliability with which each strategy targets
them. One notable exception is Blind Augmentation, which
kills substantially more Math mutants in absolute terms than
the other strategies. This advantage does not translate into a
positive per-test delta. A plausible explanation is that Blind
Augmentation, lacking access to developer-written assertions,
tends to generate generic value-checking oracles that are nat-
urally sensitive to arithmetic substitutions but insufficiently
specific to strengthen detection across other mutation types,
resulting in a net negative delta overall.

Conclusion RQ2. Assertion Augmentation produced the
largest improvement in mutation score over the original
tests, while Chain-of-Thought Generation detected the
largest number of real bugs. These findings indicate that
generation strategies that either utilize existing developer-
written assertions or encourage explicit reasoning yield
the greatest gains in fault-detection capability.
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Figure 4: NLG similarity to the nearest developer-written assertion
for each generation strategy, measured by BLEU, ChrF, and Code-
BLEU.

4.3 RQ3: Resemblance to Developer-Written
Assertions

Results

Comparison of generated assertions to developer-written ones
shows that Assertion Generation achieves the highest exact-
match accuracy (36.4%), followed by Chain-of-Thought Gen-
eration (26.2%), Blind Augmentation (4.8%), and Assertion
Augmentation (2.7%). Figure 4 presents the BLEU, ChrF,
and CodeBLEU scores computed against the most simi-
lar developer-written assertion for each generated assertion.
Across all three metrics, Assertion Generation achieved the
highest similarity scores (BLEU: 74.4, ChrF: 75.9, Code-
BLEU: 38.9), followed by Chain-of-Thought Generation,
while the augmentation-based strategies consistently produced
the lowest similarity values.

Discussion

The results are largely explained by the objectives of the indi-
vidual strategies. Assertion Generation and Chain-of-Thought
Generation are explicitly tasked with replacing removed asser-
tions and, therefore, aim to reproduce the behaviour encoded
by the original developer-written oracle. Consequently, they
are expected to achieve the highest similarity scores.

In contrast, Assertion Augmentation and Blind Augmenta-
tion are instructed to generate additional assertions rather than
recreate existing ones. Their purpose is to complement the de-
veloper oracle with new checks, making low textual similarity
an expected outcome rather than a weakness. A low similarity
score in these settings, therefore, indicates that the model is
generating different assertions, not necessarily lower-quality
ones.

The results from RQ2 support this interpretation. Although
Assertion Generation achieved the highest similarity scores,
it did not achieve the strongest fault-detection performance.
In contrast, Assertion Augmentation had a positive mutation-
score improvement despite producing assertions that differed
substantially from the developer-written ones. This suggests
that similarity to developer assertions and fault-detection ef-
fectiveness capture different aspects of assertion quality.

Conclusion RQ3. Assertion Generation produces asser-
tions that most closely resemble developer-written ones,
which is expected given its objective of reconstructing
missing assertions. The augmentation strategies generate
substantially different assertions by design, as they are
intended to complement rather than reproduce the devel-
oper oracle. Similarity metrics, therefore, measure how
closely a strategy mimics developer-written assertions,
but do not necessarily reflect fault-detection effective-
ness.

5 Threats to Validity

In this section, we outline the main threats that may affect
the validity of our findings, including threats related to inter-
nal (5.1), construct (5.2), external (5.3), and conclusion (5.4)
validity.

5.1 Internal Validity

Data Leakage

Although we use the recently introduced GitBug-Java dataset
[18] to reduce leakage risk, it is still possible that GPT-0ss
20b was exposed to similar code patterns during training. This
could slightly influence the generated assertions.

As a rough indicator, the Assertion Generation strategy
achieves 36.4% accuracy, suggesting that large-scale mem-
orization is unlikely, although limited overlap with similar
repositories cannot be fully excluded.

Notably, Assertion Augmentation and Blind Augmentation
are the strategies least susceptible to data leakage: since they
generate additional assertions beyond those already written
by developers, the generated oracles are not present in any
training corpus by definition.

PIT Failure Handling

Some PIT runs fail or require fallback execution, resulting in
missing or slightly inconsistent mutation scores. To mitigate
this, the pipeline applies automatic retries and expands the
mutation scope when no mutants are found.

5.2 Construct Validity

Semantic Equivalence

Exact-match accuracy does not capture cases where different
assertions express the same underlying behaviour, such as
checking emptiness via a boolean condition versus comparing
a size to zero. To account for this, we also use BLEU, ChrF,
and CodeBLEU as approximate similarity measures. How-
ever, these metrics are still limited in capturing whether two
assertions are truly equivalent from a semantic perspective.

Ground Truth

We treat human-written assertions as ground truth when evalu-
ating generated assertions, assuming they correctly capture the
intended behaviour of the code. However, this assumption may
not always hold, as developer-written tests can be incomplete
or overly specific. For this reason, we additionally evaluate
mutation scores as a more behaviour-oriented complement to
direct comparison with the reference assertions.



5.3 External Validity

Dataset Scope

Our experiments are conducted on the GitBug-Java
dataset [18] using Java unit tests and PIT mutation testing [2].
Consequently, the results may not generalize to other program-
ming languages, testing frameworks, or industrial codebases
with different testing practices.

Model Scope

This study evaluates a single model, GPT-0ss 20b cloud. Other
LLMs may exhibit different assertion generation behaviour,
prompting sensitivity, or mutation testing performance, limit-
ing the generalizability of the observed results across model
families.

5.4 Conclusion Validity

Non-Determinism

LLM inference is inherently non-deterministic. To reduce
the impact of generation variability, all experiments were ex-
ecuted with a fixed random seed (42) and repeated six times.
We report the average results across runs. Although this sub-
stantially improves the stability of the measurements, some
variability may still remain due to factors beyond seed control.

Sample Size

Although the evaluation includes multiple projects and test ora-
cles, the sample size remains relatively small, which may limit
the study’s statistical power. As a result, subtle differences
between generation strategies may not be reliably detected.

6 Responsible Research

Data licensing. All datasets and third-party tools used in
this study are openly licensed. GitBug-Java is published under
the MIT License. The inference model, GPT-oss 20b, was
accessed under its standard usage terms. The mutation-testing
framework PIT is distributed under the Apache License 2.0.

Reproducibility. To support replication, we make the com-
plete experimental pipeline available, including all dataset
preprocessing scripts, prompt templates, inference scripts,
mutation-testing configurations, and analysis notebooks. The
random seed was fixed to 42 throughout all experiments. Soft-
ware versions and hardware specifications are reported in
Section 3.5. The replication package is available at https:
//github.com/VanesaM 18/assertion-generation-strategies.

Societal impact and limitations. This work investigates
how LLMs can assist developers in generating unit-test as-
sertions. Such tools have the potential to reduce the effort
required to write and maintain tests, allowing software en-
gineers and testers to focus on higher-level validation tasks,
such as designing test scenarios, identifying requirements, and
reviewing generated outputs. However, the results of this study
also demonstrate that automatically generated assertions re-
main far from fully reliable. Compilation failures, execution
failures, and hallucinated references occur across all evaluated
strategies, indicating that human oversight is still necessary.
Consequently, the techniques studied in this paper should be
viewed as developer-assistance tools rather than replacements
for software testing professionals.

Al tool usage. Al language tools were used to assist with
drafting and editing parts of this paper. All Al-generated con-
tent was reviewed, verified, and substantially revised by the
author. No text was included without manual review. All
factual claims, numerical results, and citations were indepen-
dently verified by the author.

7 Conclusion & Future Work

This paper investigated how different assertion generation
strategies influence the quality of LLM-generated test asser-
tions. We compared four strategies, namely Assertion Gen-
eration, Assertion Augmentation, Blind Augmentation, and
Chain-of-Thought Generation, using 404 Java test methods
from 10 repositories in the GitBug-Java benchmark.

The results show that the choice of generation strategy has
a substantial impact on assertion quality. Assertion Augmen-
tation produced the most reliable assertions, achieving the
highest compilation rate (74.5%), acceptance rate (78.4%), ex-
ecution validity (87.7%), and mutation score (67.3%). Its suc-
cessful generation of more complex assertion forms, such as
assertThat expressions, suggests that exposure to developer-
written assertions helps the model infer correct assertion struc-
ture. It also delivered the largest average improvement in
mutation score (+1.1%) and the most strategy-exclusive mu-
tant kills (61), indicating the greatest overall benefit when
strengthening existing test suites.

Chain-of-Thought Generation detected the highest propor-
tion of historical bugs (57.1%), despite achieving a negative
mutation-score improvement (-7.1%) and contributing the
fewest strategy-exclusive mutant kills (6). Its strong bug-
detection performance is partly explained by its greater use of
assertThrows assertions, which are sensitive to control-flow
disruptions that PIT’s standard mutation operators do not typi-
cally exercise. Together, these findings suggest that mutation
score and real-bug detection capture complementary aspects
of assertion quality, and that neither metric alone is sufficient
to evaluate a generation strategy.

Assertion Generation produced assertions that were most
similar to developer-written ones according to all textual sim-
ilarity metrics. However, this did not translate into stronger
fault detection, indicating that textual similarity alone is not
a reliable measure of assertion quality. Across all strategies,
approximately 30% of compilation failures were caused by hal-
lucinations, highlighting a persistent limitation of LLM-based
assertion generation.

Overall, Assertion Augmentation provides the strongest bal-
ance between correctness and fault-detection effectiveness,
while Chain-of-Thought Generation is the most effective strat-
egy when the primary objective is detecting real software
defects.

Future work should investigate whether these findings gener-
alise across different LLMs and model sizes. Another promis-
ing direction is the development of hybrid strategies that com-
bine the contextual information available in Assertion Aug-
mentation with the explicit reasoning encouraged by Chain-
of-Thought Generation. Additionally, future work should
examine the gap between mutation-score improvement and
real-bug detection for LLM-generated assertions, as the results


https://github.com/VanesaM18/assertion-generation-strategies
https://github.com/VanesaM18/assertion-generation-strategies

suggest that standard mutation operators may not adequately
capture the fault classes that LLM-based strategies are most
effective at detecting. Finally, future evaluations could in-
corporate semantic equivalence techniques to better assess
whether the generated assertions capture the same intent as
developer-written oracles, regardless of syntactic differences.
All artefacts associated with this study are pub-
licly available at  https://github.com/VanesaM 18/
assertion-generation-strategies.
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