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Abstract—Automated Program Repair (APR) suffers from the
overfitting problem, in which generated patches pass the available
test suite while remaining semantically incorrect. FixCheck,
a recent Automated Patch Correctness Assessment (APCA)
technique, aims to mitigate this issue by leveraging large lan-
guage models (LLMs) to generate additional tests that expose
incorrect patches. However, our empirical analysis shows that
FixCheck’s LLM-based assertion generation frequently produces
semantically weak assertions or non-compiling tests, substantially
limiting its effectiveness. To address these limitations, we propose
six prompt engineering strategies and systematically evaluate
them on 109 incorrect patches from the Defects4J benchmark
using LLMs with varying capacities, including GPT-4o, GPT-
4o-mini, and Llama 3.2 3B. Our results demonstrate that the
effectiveness of prompt engineering is strongly model-dependent.
For GPT-based models, explicitly aligning the APCA objective
through role definition improves incorrect patch detection by
up to 7.5%. In contrast, for Llama 3.2 3B, enforcing strict
output format constraints with illustrative examples reduces non-
compiling assertions and improves detection performance by up
to 19.9%. Overall, this study provides practical, model-aware
prompt design guidelines for building reliable LLM-based APCA
systems.

Index Terms—Automated Program Repair, Patch Correctness
Assessment, Large Language Models, Prompt Engineering, Soft-
ware Testing

I. INTRODUCTION

Automated Program Repair (APR) techniques synthesize
patches for defective programs by leveraging test suites that
expose faults. [1] However, test suites typically provide only
a partial specification of the intended program behavior [2].
As a result, APR-generated patches often overfit the given
tests and fail to correctly resolve the underlying defect. [3]
Such patches, commonly referred to as plausible patches,
pass all available tests while remaining semantically incorrect.
This overfitting problem has been widely recognized as a
major obstacle to the practical adoption of APR in real-world
software development [4].

To mitigate this limitation, a wide range of Automated Patch
Correctness Assessment (APCA) techniques have been pro-
posed to distinguish correct patches from overfitting ones [5]–
[9]. Existing APCA approaches can be broadly categorized
into dynamic techniques, which rely on runtime execution
information, and static techniques, which analyze program
structure without execution. While dynamic approaches often
achieve higher accuracy, they incur substantial computational
overhead. In contrast, static approaches are more scalable but
frequently suffer from limited precision.

FixCheck, recently proposed by Molina et al. [7], represents
state of the art approach to Automated Patch Correctness

Assessment (APCA). It integrates static analysis, randomized
testing, and large language models (LLMs) to enhance the
detection of incorrect patches. Specifically, FixCheck mutates
inputs of existing fault-revealing tests to generate diverse exe-
cutions and leverages LLMs to infer assertions from observed
runtime behaviors. These inferred assertions are subsequently
used to construct new tests intended to provide concrete and
interpretable evidence of patch incorrectness.

While FixCheck demonstrates the strong potential of LLM-
augmented APCA and represents the current state of the art,
our in-depth empirical analysis reveals inherent limitations
associated with LLM-based assertion generation approaches
more broadly. Rather than being specific to FixCheck, these
limitations stem from fundamental challenges in using LLMs
to infer semantically precise and executable assertions from
dynamic program behaviors. We categorize these challenges
into two primary failure modes: Semantic Insufficiency and
Syntactic Invalidity.

Regarding Semantic Insufficiency, LLM-generated asser-
tions frequently fail to capture the fault-triggering conditions
that are essential for effective APCA. We identify two domi-
nant manifestations of this issue. First, shallow verification, in
which assertions encode input-dependent invariants or coinci-
dental properties rather than true semantic correctness, allow-
ing incorrect patches to pass when specific values happen to
satisfy these invariants. Second, semantic irrelevance, where
assertions fail at runtime but reflect expectations unrelated
to the original defect, thereby producing misleading or noisy
validation signals. These observations highlight a broader chal-
lenge in LLM-based APCA techniques: inferring assertions
that are both semantically meaningful and directly aligned with
the underlying fault remains a non-trivial problem.

Regarding Syntactic Invalidity, generated assertions fre-
quently violate language-level or tool-level constraints, re-
sulting in non-compiling or unusable tests. This issue arises
recurrently across LLM-based approaches that synthesize ex-
ecutable code. We identify three common sources of such
failures: (i) assertion omission, where helper method-based
oracles are not recognized as valid assertions; (ii) scope
violations, caused by extracting expressions from their valid
lexical scope (e.g., loop-local variables); and (iii) halluci-
nated API methods, in which LLMs invoke non-existent
but semantically plausible methods, leading to compilation
errors. Collectively, these issues substantially undermine the
robustness and reliability of the APCA pipeline.

Motivated by these observations, this paper investigates
whether prompt engineering alone can systematically improve



LLM-based assertion generation for APCA, without modifying
FixCheck’s underlying architecture. We decompose prompt
design into six strategies (H1–H6), each explicitly targeting
one or more of the identified failure modes.

Group 1: Improving Verification Depth. The first group of
strategies addresses Semantic Insufficiency by steering LLMs
toward fault-revealing reasoning. These strategies include ex-
panding bug-related contextual information (H1), inducing
step-wise reasoning (H2), mitigating copying bias from ex-
isting assertions (H3), and explicitly aligning the LLM’s role
with APCA objectives through role specification (H4).

Group 2: Enhancing Code Validity. The second group
of strategies targets Syntactic Invalidity by constraining the
LLM’s output space. This includes enforcing structured output
formats with illustrative examples (H5) and strengthening
compilation guarantees via scope-aware constraints (H6).

We evaluate these strategies on 109 incorrect patches from
Defects4J using representative LLMs with varying capacities,
including GPT-4o, GPT-4o-mini, and Llama 3.2 3B. Our re-
sults reveal a clear capacity-dependent pattern. For GPT-based
models, explicit alignment with APCA objectives through role
specification (H4) consistently improves verification depth and
increases incorrect patch detection by up to 7.5%. In contrast,
for the lower-capacity Llama 3.2 3B model, strict enforcement
of output format constraints with examples (H5) yields the
largest gains, improving detection performance by up to 19.9%
while substantially reducing non-compiling assertions.

Overall, this study makes three key contributions. First,
it systematically characterizes the root causes of assertion
generation failures in LLM-based APCA, demonstrating that
these issues arise from structural limitations of LLM inference
rather than tool-specific design choices. Second, it shows that
effective APCA requires explicit behavioral control beyond
contextual enrichment alone. Third, it provides empirically
grounded design insights indicating that optimal guidance
strategies must be tailored to model capacity. Together, these
findings advance the understanding of LLM-based APCA and
offer practical principles for improving its robustness and
effectiveness.

Contributions. This paper makes the following contribu-
tions:

• We identify and empirically characterize fundamental
semantic and syntactic failure modes in LLM-based
assertion generation for Automated Patch Correctness
Assessment (APCA).

• We systematically design and evaluate six input guid-
ance strategies that explicitly target these failure modes
without requiring architectural changes to existing APCA
frameworks or LLMs.

• We demonstrate that the effectiveness of such guid-
ance strategies is strongly dependent on model capac-
ity, with goal alignment via role specification benefit-
ing GPT-based models, and structured output constraints
yielding larger gains for lower-capacity models such as
Llama 3.2 3B.

• We distill practical, model-aware design insights for
improving the robustness and reliability of LLM-driven
APCA systems.

II. MOTIVATING EXAMPLES

This section presents representative examples observed in
our evaluation that illustrate limitations of LLM-driven asser-
tion generation for Automated Patch Correctness Assessment
(APCA), thereby motivating the need for more systematic
guidance mechanisms.

Figure 1 illustrates a case of shallow verification arising
from input-sensitive assertions. In this example, the defect re-
sults in an incorrect computation of SSE when the precondition
y > x holds. The original test exposes this defect by producing
a negative SSE, thereby violating the invariant SSE ≥ 0.
In contrast, the automatically generated test preserves the
same invariant while modifying the input values, yielding a
non-negative SSE despite the defect remaining present. This
example demonstrates that invariant-based assertions such as
SSE ≥ 0 may pass spuriously for certain inputs and therefore
fail to capture defect-relevant semantic behavior.

public void addData(double x, double y) {
if (n == 0) { ...
if (y <= x) { ybar = y; }

} else { ... }
}

(a) Buggy code.

public void testSSENonNegative() {
double[] y = {8915.102, ...};
double[] x = {1.107178495E2, ...};
...
assertTrue(reg.getSumSquaredErrors() >=

0.0);
}

(b) Initial fault-revealing test.

public void testSSENonNegative() {
double[] y = {8915.102, ...};
double[] x = {0.7544106335656895, ...};
...
assertTrue(reg.getSumSquaredErrors() >=

0.0);
}

(c) Test produced by FIXCHECK.

Fig. 1: Shallow verification due to input-sensitive assertions.

Figure 2 illustrates a case of semantically irrelevant asser-
tions. Inspection of the buggy code and corresponding patch
reveals that the defect originates from improper sign checking
using fa / fb, which leads to incorrect behavior when fb
is zero. The original test exposes this defect by validating the
correct output value. In contrast, the automatically generated
assertion encodes an incorrect numerical expectation that is
unrelated to the intended program semantics. Although the
generated test fails at runtime, the failure does not correspond



to the underlying defect, thereby producing a misleading
validation signal. This example underscores that assertion
failures are informative only when they semantically target
the fault under analysis.

if (fa / fb >= 0.0) {
throw new ConvergenceException(...);

}

(a) Buggy code.

public void testMath280() {
...
assertEquals(2.0, result, 1.0e-12);

}

(b) Initial fault-revealing test.

public void testMath280() {
...
assertEquals(-1.645, result, 1.0e-3);

}

(c) Test produced by FIXCHECK.

Fig. 2: Semantically irrelevant assertions.

Figure 3 illustrates a case of assertion omission aris-
ing from limited oracle recognition in LLM-driven APCA
pipelines. The original test validates program behavior using a
helper method, check(test, 10, 20), which implicitly
encodes the expected object state. While the LLM preserves
this helper-based oracle during test generation, the subsequent
processing stage recognizes only explicit assert* statements
as valid assertions and discards method-based checks. As a
result, the generated test omits all verification logic. This
example demonstrates that assertion omission can arise from
post-processing constraints rather than deficiencies in the
LLM’s reasoning or generation capability.

Figure 4 illustrates a non-compiling test resulting from
a scope violation introduced during assertion extraction and
placement in an LLM-driven APCA pipeline. In the origi-
nal test, assertions correctly reference the loop-local variable
sample within its valid lexical scope. Although the LLM
generates structurally well-formed assertions within the loop,
the subsequent extraction and relocation of these assertions to
the end of the test method places them outside the variable’s
scope. This relocation leads to a compilation error, indicating
that the scope violation arises from assertion placement strate-
gies rather than deficiencies in the LLM’s code generation.

Finally, our evaluation also reveals non-compiling tests
caused by hallucinated API usage. In such cases, the LLM gen-
erates assertions that appear semantically plausible but invoke
methods that are not defined in the target API. For example,
an assertion such as assertFalse(dt.isLeapYear())
may be produced even when the corresponding object type
does not provide an isLeapYear() method. Although such
code is syntactically well-formed, it fails to compile, thereby
reducing the practical usefulness of LLM-generated fault-

public void testWith3() {
Partial test = createHourMinPartial();
try {
test.with(DateTimeFieldType

.clockhourOfDay(), 6);
fail();

} catch (IllegalArgumentException ex) {}
check(test, 10, 20);

}

(a) Initial fault-revealing test.

public void testWith3() {
Partial test = createHourMinPartial();
try {
test.with(DateTimeFieldType

.clockhourOfDay(), 6);
fail();

} catch (IllegalArgumentException ex) {}
// check() omitted by the tool

}

(b) Test produced by FIXCHECK.

Fig. 3: Assertion omission caused by helper-based oracles.

public void testMath1021() { ...
for (int i = 0; i < 100; i++) {
final int sample = dist.sample();
Assert.assertTrue(0 <= sample);
Assert.assertTrue(sample <= n);

}
}

(a) Initial fault-revealing test.

public void testMath1021() { ...
for (int i = 65; i < 100; i++) {
final int sample = dist.sample();

}
Assert.assertTrue(0 <= sample);
Assert.assertTrue(sample <= n);

}

(b) Test produced by FIXCHECK.

Fig. 4: Non-compiling assertions caused by scope violations.

revealing evidence. Taken together, these motivating examples
reveal two fundamental sources of failure in LLM-driven
assertion generation for APCA. First, assertions may lack se-
mantic adequacy, either by relying on input-sensitive invariants
or by targeting behavior that is unrelated to the underlying
defect. Second, even when assertions are structurally reason-
able, limitations in assertion extraction, placement, and output
control can introduce syntactic invalidity, including assertion
omission and scope violations, while LLMs may additionally
produce non-compiling assertions due to API hallucinations.

These observations motivate a more principled approach to
guidance design for LLM-based assertion generation. Rather
than treating assertion generation as a generic test completion
task, LLMs must be explicitly guided to (i) produce defect-



relevant verification logic and (ii) respect the structural and
syntactic constraints imposed by the testing framework. In the
next section, we formalize these insights and introduce a set
of guidance strategies designed to systematically address both
semantic and syntactic failure modes.

III. APPROACH

A. Overview of Guidance Strategy Design

Figure 5 provides an overview of the guidance strategy
design space explored in this study. Building on the failure
modes identified in the motivating examples, we organize our
investigation around two recurring challenges in LLM-based
assertion generation for APCA: semantic insufficiency and syn-
tactic invalidity. Guided by these characteristics, we formulate
six concrete hypotheses (H1–H6) that capture distinct ways of
steering LLM behavior to mitigate the observed failures. These
hypotheses are grouped into two complementary categories,
reflecting whether they primarily target verification depth or
code validity.

Group 1: Improving Verification Depth. This group
targets semantic insufficiency in LLM-generated assertions,
including shallow verification driven by input-sensitive invari-
ants and semantically irrelevant assertions that fail to capture
the underlying defect. The proposed strategies aim to steer
LLMs toward a more faithful interpretation of bug semantics
and patch intent during assertion generation, thereby improv-
ing the relevance and discriminative power of the resulting
tests. This group comprises the following hypotheses: (H1)
Expansion of Bug-Related Context, (H2) Inducement of Step-
wise Reasoning, (H3) Mitigation of Copying Bias, and (H4)
Explicit Alignment with APCA Objectives.

Group 2: Enhancing Code Validity. This group addresses
syntactic invalidity in generated assertions. It encompasses
failures arising from limitations in assertion extraction and
placement, such as assertion omission in the presence of
helper-based oracles and references to variables outside their
valid lexical scope. It also includes errors introduced by the
LLM itself, such as hallucinated API invocations. While such
issues could, in principle, be resolved through substantial
redesign of the underlying APCA pipeline, doing so would
require non-trivial architectural changes. Instead, we examine
whether these failures can be mitigated through guidance
strategies that constrain the LLM’s output toward syntactically
valid and compilable assertions. This group includes the
following hypotheses: (H5) Output Format Enforcement and
(H6) Scope-Aware Constraints.

The following subsections describe each hypothesis and its
corresponding guidance strategy in detail.

B. Group 1: Improving Verification Depth

1) Hypothesis 1: Expansion of Bug-Related Context:
Providing explicit bug-related contextual information enables
LLMs to better interpret patch semantics, thereby increasing
the likelihood of generating defect-relevant assertions. In typi-
cal LLM-based APCA settings, assertion generation is guided

primarily by test code structure, often constructed from a fault-
revealing test and a passing test without assertions. While
such prompts convey syntactic information about the test
harness, they provide limited insight into why the test failed
or which program components were affected by the patch. As
a result, the model may lack sufficient semantic grounding
and produce shallow or semantically irrelevant assertions, a
phenomenon we characterize as semantic insufficiency. Prior
work suggests that enriching prompts with bug-related con-
textual information can improve LLM reasoning about patch
behavior in APCA tasks. Motivated by these findings, we
hypothesize that augmenting assertion generation with explicit
bug-related context can steer LLMs toward assertions that
more directly target the underlying defect. To operationalize
this hypothesis, we augment the assertion generation prompt
with two forms of bug-related contextual information. First,
we include failure details that describe how the original
fault-revealing test manifested the defect. Second, we provide
information about patch-modified files, highlighting program
components directly affected by the patch. In our evaluation,
both forms of information are obtained from metadata avail-
able in the Defects4J benchmark. In practical development
settings, analogous information can be readily derived from
standard artifacts such as version control diffs and test failure
traces.

==== Failure in the original buggy version
====

- org.jfree.chart.renderer.category.junit.
AbstractCategoryItemRendererTests

::test2947660
--> junit.framework.AssertionFailedError:

expected:<1> but was:<0>

==== Files modified by the patch ====
org.jfree.chart.renderer.category.junit.

AbstractCategoryItemRendererTests

Fig. 6: Example of an assertion generation prompt augmented
with bug-related contextual information (H1).

By explicitly associating failure symptoms with patch-
modified code regions, this strategy is expected to reduce
reliance on shallow, input-sensitive assertions and promote
verification logic that more accurately reflects defect-relevant
semantics, while remaining applicable across both benchmark-
driven evaluations and real-world development workflows.

2) Hypothesis 2: Inducement of Step-wise Reasoning:
Encouraging structured internal reasoning enables LLMs to
better interpret patch semantics, thereby increasing the likeli-
hood of generating defect-relevant assertions. In many LLM-
based APCA settings, assertion generation is framed as a
direct code synthesis task, with limited guidance on how the
model should reason about test failures or patch behavior. As
a result, LLMs may rely on shallow heuristics or surface-
level patterns, leading to assertions that lack semantic depth.
Prior work in APCA and related program analysis tasks



LLM-Based Assertion Generation Failures

Semantic Insufficiency Syntactic Invalidity

• Input-sensitive invariants (shallow verification)
• Semantically irrelevant assertions

• Assertion omission (helper-based oracles)
• Scope violations (out-of-scope variables)
• Hallucinated API usage

Group 1: Improving Verification Depth
Group 2: Enhancing Code Validity

• H1: Expansion of Bug-Related Context
• H2: Inducement of Step-wise Reasoning
• H3: Mitigation of Copying Bias
• H4: Alignment of APCA Goals

• H5: Output Format Enforcement
• H6: Scope Constraints

Fig. 5: Overview of prompt engineering strategies addressing FIXCHECK’s failure modes.

suggests that inducing structured reasoning can improve an
LLM’s ability to analyze patch behavior and its semantic
implications. Motivated by these findings, we hypothesize that
explicitly encouraging step-wise internal reasoning can help
LLMs form a more coherent understanding of defect semantics
before producing assertions. To instantiate this hypothesis,
we introduce an instruction that encourages the model to
internally reason about the relationship between the observed
failure and the patch behavior prior to assertion generation,
while preserving the requirement that the final output consists
solely of executable test code. This design allows structured
reasoning to inform generation without altering the external
format or execution semantics of the produced assertions.

Think step-by-step internally,
but do NOT reveal your reasoning.

Fig. 7: CoT-inducing instruction added to the system prompt
(H2).

We evaluate two variants of this strategy. (i) CoT-only (H2-
a), which introduces step-wise reasoning guidance on top of
the baseline assertion generation prompt, and (ii) Context +
CoT (H2-b), which combines step-wise reasoning guidance
with the inclusion of explicit bug-related context (H1).

By promoting structured internal reasoning, this strategy is
expected to mitigate shallow, input-sensitive assertions and
improve the semantic relevance of generated oracles, par-
ticularly when combined with richer bug-related contextual
information.

3) Hypothesis 3: Mitigation of Copying Bias: Removing
the original fault-revealing test from the prompt reduces
copying bias and encourages LLMs to generate more novel,
defect-sensitive assertions, albeit at the potential cost of losing
useful structural guidance. We observe that when the original
fault-revealing test is included in the prompt, LLMs frequently
reproduce assertions that are identical or nearly identical to the
original oracle. This tendency, which we refer to as copying

bias, limits verification novelty and often fails to introduce new
evidence of patch incorrectness, thereby contributing to seman-
tic insufficiency. To isolate the impact of copying bias from
other confounding factors, we explore the effect of removing
the original fault-revealing test from the assertion generation
context. To mitigate copying bias, we remove the entire origi-
nal fault-revealing test from the test prefix, including its setup,
execution logic, and assertions. The LLM is then tasked with
generating assertions independently, which are appended to
the synthesized test. To disentangle the effect of copying bias
mitigation from the loss of structural and semantic guidance,
we evaluate three variants: (i) Fault-Revealing Test Removal
Only (H3-a), (ii) Removal with Output Constraints (H3-
b, incorporating H5), and (iii) Removal with Bug-Related
Context (H3-c, incorporating H1).

This hypothesis aims to assess whether the inclusion of
fault-revealing tests primarily induces copying bias or instead
provides essential structural and semantic scaffolding for ef-
fective assertion generation. The results help clarify the trade-
off between encouraging assertion novelty and preserving
informative guidance.

4) Hypothesis 4: Alignment of APCA Goals via Role Def-
inition: Explicitly aligning the LLM’s assigned role with
the objective of Automated Patch Correctness Assessment
(APCA) increases the likelihood of generating fault-revealing
assertions, rather than conservative assertions that trivially
pass. In many LLM-based assertion generation settings, the
model is instructed to synthesize executable unit tests without
an explicit specification of the APCA objective. As a result,
the LLM tends to favor execution-safe assertions that minimize
the risk of test failures. While such behavior is desirable in
general test generation, it directly conflicts with APCA’s goal
of intentionally exposing incorrect patches. Without explicit
goal alignment, the model lacks a clear incentive to generate
aggressive, defect-sensitive assertions, often resulting in shal-
low verification. To address this misalignment, we redefine
the system-level instruction to explicitly specify the APCA
task context and the desired failure semantics, emphasizing



Output ONLY valid Java JUnit assertions.
No comments, imports, or extra text.

Examples:
assertEquals(expected, actual);
assertTrue(condition);
assertFalse(condition);

Fig. 9: Output format constraints with examples (H5).

that assertion generation should prioritize detecting incorrect
patches rather than ensuring test passability. This role speci-
fication serves to align the model’s generation behavior with
the underlying objective of APCA.

You are an expert Java unit-test assistant
for Automated Patch Correctness Assessment.
Your goal is to generate fault-revealing
assertions that FAIL when the bug exists
and PASS when it is fixed.

Fig. 8: APCA-aligned role definition (H4).

By shifting the optimization focus from execution safety
toward defect detection, this strategy is expected to encour-
age more aggressive, defect-sensitive assertions and thereby
mitigate semantic insufficiency in LLM-generated verification
logic.

C. Group 2: Enhancing Code Validity

1) Hypothesis 5: Output Format Enforcement: Imposing
strict output format constraints reduces syntactic errors and
increases the proportion of compilable assertions generated by
LLMs. As demonstrated in the motivating examples, LLM-
based assertion generation pipelines may produce tests that
lack effective verification logic due to limitations in down-
stream processing or ambiguity in output structure, even when
the model captures relevant oracle information. Moreover,
LLM outputs often contain extraneous text, malformed syntax,
or non-code elements that lead to compilation failures. These
issues are particularly pronounced for lower-capacity models,
where loosely specified output requirements tend to exacerbate
syntactic invalidity and reduce the usability of generated
tests. To address these challenges, we enforce a strict output
format that explicitly constrains the structure of generated
assertions and provide illustrative examples of valid JUnit
assertion statements. This design narrows the LLM’s output
space toward syntactically well-formed and directly executable
code.

By constraining generation to valid assertion constructs,
this strategy is expected to mitigate assertion omission and
formatting-related compilation failures, thereby improving the
robustness and reliability of LLM-generated assertions.

2) Hypothesis 6: Scope-Aware Constraints: Explicitly con-
straining variable scope and permissible API usage reduces
non-compiling assertions caused by out-of-scope references

and hallucinated methods. As illustrated in the motivating
examples, non-compiling tests frequently arise when assertions
reference variables outside their valid lexical scope or invoke
methods that are not defined in the target API. A representative
failure occurs when assertions that are valid within a loop
are relocated to a different context, rendering previously in-
scope variables inaccessible. More broadly, such scope and
API violations constitute a major source of syntactic invalid-
ity in LLM-generated assertions and substantially limit their
practical usefulness. To mitigate these issues, we introduce
explicit negative constraints that restrict assertion generation to
variables within the current lexical scope and disallow the use
of API methods that are not present in the available program
context. These constraints are designed to guide the LLM away
from common sources of compilation failure without requiring
changes to the underlying assertion extraction or placement
mechanisms.

Use only variables in scope at the end
of the test method.
Do not invent methods or APIs.
Do not reference uninitialized objects.

Fig. 10: Scope-aware constraints (H6).

Expected Effect: By preventing out-of-scope references
and hallucinated API usage, this strategy is expected to
substantially reduce compilation failures and improve the
reliability of generated assertions, while remaining compatible
with existing APCA pipelines.

IV. EVALUATION

A. Experimental Setup

1) Dataset: We evaluate our guidance strategies on a
Defects4J [10]-based dataset of APR-generated patches that
has been widely adopted in prior studies on Automated Patch
Correctness Assessment (APCA), including PATCH-SIM and
Shibboleth. This dataset was originally curated for evaluating
PATCH-SIM and subsequently reused in Shibboleth, and thus
consists of patches whose correctness has been assessed using
established APCA techniques. The dataset contains a total of
139 patches, comprising 30 correct and 109 incorrect patches.
In this study, we focus exclusively on the 109 incorrect
patches. This choice aligns with the common APCA eval-
uation setting, where the primary objective is to assess a
technique’s ability to expose incorrect patches by generating
additional fault-revealing evidence, rather than to indepen-
dently classify patch correctness. The patches correspond to 74
real-world bugs from four Defects4J projects: chart, lang,
math, and time. They were generated by five widely used
Automated Program Repair (APR) tools: JGENPROG [11] and
JKALI [12], NOPOL [13] (2015 and 2017 versions), ACS [14],
and HDREPAIR [15]. Together, these tools cover a diverse
range of repair paradigms, including search-based, constraint-
based, and statistical approaches.



TABLE I: Distribution of incorrect patches and detection
results by PATCH-SIM and Shibboleth.

Project Incorrect Detected (PATCH-SIM) Detected (Shibboleth)

Chart 23 13 21
Lang 10 5 10
Math 63 35 58
Time 13 9 12

Total 109 62 101

As shown in Table I, PATCH-SIM detects 62 out of 109
incorrect patches (56.9%), while Shibboleth detects 101 out
of 109 (92.6%). In our evaluation, we apply the LLM-based
APCA approach to the subsets of incorrect patches identified
by each existing APCA technique, and assess whether it
can generate at least one additional fault-revealing test that
provides actionable evidence of patch incorrectness beyond
what is already detected.

2) Baseline: Our baseline follows the original assertion
generation configuration proposed in prior work. For each
potentially incorrect patch, the input consists of an initial fault-
revealing test t associated with the corresponding Defects4J
bug, along with its test prefix tp. As in the original setup,
the failure trace of t is used during the final test selection
and prioritization stage. However, the baseline prompt itself
does not incorporate additional semantic context, explicit goal
alignment, or constraints on output format or compilation
validity.

3) Guidance Strategies: Starting from the baseline config-
uration, we augment the prompt with two groups of guidance
strategies (H1–H6), each designed to address a distinct class of
failure modes identified in Section II. Group 1 targets semantic
insufficiency, including shallow or defect-irrelevant assertions,
whereas Group 2 targets syntactic invalidity, such as non-
compiling assertions.

Group 1: Improving Verification Depth.: This group fo-
cuses on improving the semantic relevance and discriminative
power of generated assertions. It includes:

• (H1) Expansion of Bug-Related Context
• (H2) Inducement of Step-wise Reasoning
• (H3) Mitigation of Copying Bias
• (H4) Explicit Alignment with APCA Objectives

Group 2: Enhancing Code Validity.: This group focuses
on improving the syntactic correctness and executability of
generated assertions. It includes:

• (H5) Output Format Enforcement
• (H6) Scope-Aware Constraints

4) Models and Runs: We evaluate three representative large
language models with different capacities: GPT-4o [16], GPT-
4o-mini [17], and Llama 3.2 3B [18]. For each patch, the
assertion generation procedure produces K = 10 candidate
test prefixes. Each experimental configuration is repeated three
times using different random seeds, and we report the mean
results across runs.

B. Evaluation Metrics

Let PA denote the set of patches classified as incorrect by
a given Automated Patch Correctness Assessment (APCA)
technique A (e.g., PATCH-SIM or Shibboleth). Following
common APCA evaluation practice, only these patches are
considered as candidates for complementary analysis. In our
dataset, |PPATCH-SIM| = 62 and |PSHIBBOLETH| = 101.

For a patch p, let T (p) denote the set of tests generated
under a given guidance strategy and LLM configuration.
Each generated test is executed on the patched program and
classified into one of three mutually exclusive outcomes: PASS,
AF (assertion-failing), or NC (non-compiling).

Failing-Test Selection and Prioritization. Assertion-failing
tests are prioritized based on the similarity between their
failure behavior and that of the initial fault-revealing test t.
Let ft and fτ denote the failure traces of t and a generated
failing test τ , respectively. Each trace is converted into a string
representation, and a normalized similarity score is computed
using the Levenshtein distance:

score(τ) = 1− Levenshtein(sτ , st)

m
, (1)

where m = max(|sτ |, |st|). A higher score indicates greater
similarity between the failure behavior of τ and that of the
original fault-revealing test.

Failing tests whose similarity score falls below a predefined
threshold κ (set to κ = 0.4) are discarded. The remaining tests
are ranked in descending order of score(·), and the highest-
ranked test is reported as evidence of patch incorrectness.

Fault-Revealing Patch. A patch p is considered fault-
revealing if at least one generated assertion-failing test exhibits
a failure trace sufficiently similar to that of the initial fault-
revealing test. Formally,

FR(p) ≜ ∃ τ ∈ T (p) s.t. τ ∈ AF ∧ score(τ) ≥ κ. (2)

1) APCA Complementation Effectiveness: Following prior
work on LLM-based APCA, we measure the ability of an
LLM-driven approach to complement an existing APCA tech-
nique A as the proportion of patches in PA for which at least
one additional fault-revealing test is generated.

Comp(A) =
|{ p ∈ PA | FR(p) }|

|PA|
× 100. (3)

2) Precision and Recall Analysis: To assess whether im-
provements in fault-revealing capability introduce false posi-
tives, we additionally report patch-level precision and recall
over the full set of Defects4J patches. A patch is treated
as a positive prediction if the LLM-based APCA approach
generates fault-revealing evidence for that patch.

Let PINC and PCOR denote the sets of incorrect and correct
patches, respectively. Recall and precision are defined as:

Recall =
|{ p ∈ PINC | FR(p) }|

|PINC|
, (4)

Precision =
|{ p ∈ PINC | FR(p) }|

|{ p | FR(p) }|
. (5)



TABLE II: Effectiveness of prompt strategies across LLMs. Parentheses denote absolute change from the FixCheck baseline.
Bold indicates the best score per model and metric.

Group Strategy GPT-4o-mini GPT-4o Llama 3.2 3B

PATCH-SIM Shibboleth PATCH-SIM Shibboleth PATCH-SIM Shibboleth

Baseline 47.87 55.97 46.77 52.27 27.93 38.83

Group 1
Verification Depth

H1 48.93 (+1.06) 55.67 (-0.30) 46.27 (-0.50) 50.80 (-1.47) 26.87 (-1.06) 36.70 (-2.13)
H2-a 48.40 (+0.53) 55.67 (-0.30) 45.13 (-1.64) 50.73 (-1.54) 29.57 (+1.64) 37.30 (-1.53)
H2-b 49.47 (+1.60) 56.57 (+0.60) 45.70 (-1.07) 50.47 (-1.80) 25.80 (-2.13) 36.70 (-2.13)
H3-a 36.57 (-11.30) 41.93 (-14.00) 36.03 (-10.74) 45.27 (-7.00) 24.73 (-3.20) 33.93 (-4.90)
H3-b 47.87 (+0.00) 50.80 (-5.17) 43.57 (-3.20) 49.23 (-3.04) 34.40 (+6.47) 44.63 (+5.80)
H3-c 36.03 (-11.84) 44.03 (-11.94) 41.37 (-5.40) 45.90 (-6.37) 24.73 (-3.20) 34.56 (-4.27)
H4 55.37 (+7.50) 62.40 (+6.43) 49.47 (+2.70) 58.13 (+5.86) 28.47 (+0.54) 38.50 (-0.33)

Group 2
Code Validity

H5 47.33 (-0.54) 53.20 (-2.77) 42.43 (-4.34) 48.60 (-3.67) 47.87 (+19.90) 55.03 (+16.20)
H6 47.33 (-0.54) 54.73 (-1.24) 43.00 (-3.77) 47.10 (-5.17) 25.27 (-2.66) 35.77 (-3.06)

3) Assertion Generation Quality: To analyze the factors
underlying improvements or degradations in Comp(A), we
examine the distribution of outcomes among the generated
tests. Let N denote the total number of generated tests, and
let NPASS, NAF, and NNC denote the number of tests classified
as PASS, AF (assertion-failing), and NC (non-compiling),
respectively. We compute:

PassRate =
NPASS

N
× 100, (6)

AFRate =
NAF

N
× 100, (7)

NCRate =
NNC

N
× 100. (8)

PASS is typically associated with semantic insufficiency,
AF includes both defect-relevant and irrelevant assertion
failures, and NC reflects syntactic invalidity such as mal-
formed assertions, hallucinated APIs, or scope violations. To-
gether, these metrics provide both outcome-level performance
and mechanism-level diagnostics for evaluating FIXCHECK’s
APCA complementation capability.

C. RQ1: Overall Impact of Prompt Design Elements

Table II summarizes the overall impact of guidance design
elements across different large language models (LLMs). The
results reveal a clear model-dependent pattern: no single strat-
egy consistently outperforms the baseline across all models,
and the effectiveness of guidance varies substantially with
model capacity. For GPT-based models (GPT-4o and GPT-
4o-mini), explicit alignment with the APCA objective (H4)
yields the most consistent improvements. In particular, GPT-
4o-mini achieves the largest gains under H4, with increases of
+7.50 for PATCH-SIM and +6.43 for Shibboleth, while GPT-
4o exhibits the same trend with more moderate improvements
(+2.70 and +5.86, respectively). These results indicate that
high-capacity models benefit most from guidance that clarifies
the fault-revealing objective, enabling them to generate more
defect-relevant assertions.

In contrast, for the lower-capacity Llama 3.2 3B model,
output format enforcement with illustrative examples (H5)
leads to substantially larger improvements than semantic or
reasoning-oriented strategies, yielding gains of +19.9% for
PATCH-SIM and +16.2% for Shibboleth. Other strategies
show limited or inconsistent effects for this model. This sug-
gests that, for lower-capacity models, constraining the output
space to ensure syntactic validity plays a more critical role
than providing additional semantic guidance. Taken together,
these findings demonstrate that effective guidance for LLM-
based APCA is inherently model-aware. High-capacity models
primarily benefit from explicit goal alignment that leverages
their semantic reasoning capabilities, whereas lower-capacity
models benefit more from strong syntactic and structural
constraints. This result underscores the importance of tailor-
ing guidance strategies to model characteristics, rather than
adopting a one-size-fits-all approach.

D. RQ2: Effects on Verification Depth

This research question investigates how guidance design ele-
ments influence the depth of verification achieved by generated
tests. Motivated by the shallow, input-sensitive verification
illustrated in Figure 1, we operationalize verification depth
using the outcome distribution of generated tests: PASS, AF
(assertion-failing), and NC (non-compiling) in Table III.

Based on the results of RQ1, we focus on explicit alignment
with the APCA objective (H4), which yields the most con-
sistent improvements for GPT-based models. Under H4, both
GPT-4o-mini and GPT-4o exhibit a clear behavioral shift: the
proportion of PASS outcomes decreases, while the proportion
of AF outcomes increases. For GPT-4o-mini, the AF rate
increases by 7.84 points and the PASS rate decreases by 23.01
points; for GPT-4o, AF increases by 11.44 points and PASS
decreases by 13.37 points. Relative to the invariant-driven
behavior observed in Figure 1, this shift indicates that H4
promotes assertions that more directly target defect-relevant
semantics.



TABLE III: Outcome distribution of generated assertions. Parentheses denote absolute change from the FixCheck baseline.

Group Strategy GPT-4o-mini GPT-4o Llama 3.2 3B

Pass NC AF Pass NC AF Pass NC AF

Baseline 38.65 6.96 28.65 43.60 4.53 26.37 55.44 7.52 11.90

Group 1
Verification Depth

H1 38.96 (+0.31) 9.62 (+2.66) 25.55 (-3.10) 41.20 (-2.40) 5.91 (+1.38) 27.98 (+1.61) 54.24 (-1.20) 8.01 (+0.49) 12.60 (+0.70)
H2-a 38.63 (-0.02) 6.46 (-0.50) 29.94 (+1.29) 43.42 (-0.18) 4.21 (-0.32) 27.25 (+0.88) 55.90 (+0.46) 6.90 (-0.62) 12.34 (+0.44)
H2-b 41.67 (+3.02) 7.63 (+0.67) 24.94 (-3.71) 41.26 (-2.34) 5.61 (+1.08) 28.51 (+2.14) 53.45 (-1.99) 9.47 (+1.95) 11.87 (-0.03)
H3-a 30.15 (-8.50) 25.82 (+18.86) 18.60 (-10.05) 31.26 (-12.34) 20.18 (+15.65) 23.30 (-3.07) 52.91 (-2.53) 14.62 (+7.10) 7.34 (-4.56)
H3-b 36.99 (-1.66) 12.02 (+5.06) 26.49 (-2.16) 42.39 (-1.21) 5.78 (+1.25) 27.56 (+1.19) 16.99 (-38.45) 43.10 (+35.68) 14.71 (+2.81)
H3-c 31.93 (-6.72) 20.38 (+13.42) 22.19 (-6.46) 32.83 (-10.77) 18.62 (+14.09) 23.19 (-3.18) 54.03 (-1.41) 14.24 (+6.72) 6.34 (-5.56)
H4 15.64 (-23.01) 20.67 (+13.71) 36.49 (+7.84) 30.23 (-13.37) 6.70 (+2.17) 37.81 (+11.44) 55.96 (+0.52) 5.17 (-2.35) 13.98 (+2.08)

Group 2
Code Validity

H5 43.74 (+5.09) 4.30 (-2.66) 26.93 (-1.72) 46.46 (+2.86) 3.30 (-1.23) 24.83 (-1.54) 33.01 (-22.43) 21.05 (+13.53) 20.97 (+9.07)
H6 39.39 (+0.74) 5.88 (-1.08) 29.85 (+1.20) 47.22 (+3.62) 3.39 (-1.14) 24.68 (-1.69) 54.42 (-1.02) 9.59 (+2.07) 10.64 (-1.26)

public void testSSENonNegative() {
SimpleRegression reg = new SimpleRegression

();
assertTrue(reg.getSumSquaredErrors() >= 0.0)

;
assertEquals(0.0, reg.getSumSquaredErrors(),

1e-10); // added by H4
}

Fig. 11: Test produced by H4.

This increase in verification depth is accompanied by a
higher proportion of NC outcomes, reflecting a trade-off be-
tween aggressiveness and compilability. For GPT-4o, the NC
rate increases modestly (+2.17), whereas GPT-4o-mini exhibits
a larger increase (+13.71), consistent with failures such as
hallucinated API invocations, malformed assertions, or scope
violations. Accordingly, the rise in NC should be interpreted
as a consequence of more aggressive, defect-sensitive assertion
generation rather than an improvement in code validity.

TABLE IV: Patch-level precision and recall under the FIX-
CHECK baseline and role alignment (H4).

Model Setting Precision Recall

GPT-4o-mini Baseline 0.90 0.58
GPT-4o-mini H4 (Role Alignment) 0.88 0.65

GPT-4o Baseline 0.91 0.54
GPT-4o H4 (Role Alignment) 0.90 0.60

Despite this trade-off, patch-level effectiveness improves.
As shown in Table IV, precision remains high under H4 (0.88
for GPT-4o-mini and 0.90 for GPT-4o), while recall increases
from 0.58 to 0.65 and from 0.54 to 0.60, respectively. These
results indicate that the increase in AF outcomes translates
into additional fault-revealing evidence without a substantial
increase in false positives.

This shift is also evident at the test level. Unlike the
example in Figure 1, where the generated test preserves the
same invariant by modifying input values, H4 introduces an
explicit constraint that is aligned with the patched semantics
(Figure 11). As a result, the generated test becomes less

dependent on specific input configurations and more sensitive
to semantic deviations introduced by incorrect patches.

Overall, these results indicate that role alignment (H4) deep-
ens verification for GPT-based models by prioritizing defect-
targeting assertions over input-sensitive invariants, albeit at the
cost of a moderate increase in non-compiling tests.

E. RQ3: Effects on Code Validity

This research question examines how guidance strategies
influence code validity, measured by the proportion of non-
compiling (NC) tests. For GPT-based models, explicit struc-
tural constraints consistently improve code validity. As shown
in Table III, output format enforcement (H5) reduces the NC
rate from 6.96% to 4.30% for GPT-4o-mini and from 4.53%
to 3.30% for GPT-4o, while scope-aware constraints (H6)
further stabilize compilation behavior. In contrast, the effect
of structural constraints on Llama 3.2 3B differs markedly.
Although output format enforcement (H5) yields the largest
gains in APCA complementation performance (Table II), it
also increases the NC rate from 7.52% to 21.05%. This
increase should not be interpreted solely as degraded code
validity. Rather, it reflects a shift from conservative, uninfor-
mative outputs toward more aggressive assertion generation,
some of which fail to compile due to syntactic or scoping
errors. Overall, these results highlight a fundamental trade-off
between assertion strength and compilability. High-capacity
models leverage structural guidance to suppress malformed
outputs, whereas for lower-capacity models the same guid-
ance expands the generation frontier at the cost of increased
compilation failures.

public void testWith3() {
Partial test = createHourMinPartial();
...
assertTrue(true);
assertEquals(0, 6);

}

Fig. 12: Example of assertion generation under output format
enforcement (H5) for Llama 3.2 3B.

Figure 12 illustrates a representative example. Compared to
the baseline behavior, in which meaningful assertions are often



absent, H5 induces the model to generate semantically relevant
checks that are aligned with the APCA objective. While
the resulting expansion of the generation space increases the
likelihood of non-compiling outputs, the net effect is positive,
as the newly generated assertions contribute to substantially
improved patch-level effectiveness.

Overall, these results indicate that code validity is primarily
influenced by explicit structural constraints, but that their
impact is strongly model-dependent. For GPT-based models,
such constraints reliably suppress malformed outputs, whereas
for lower-capacity models they expand the generation frontier,
albeit at the cost of increased compilation failures.

F. RQ4: Negative Effects and Failure Modes

Several guidance strategies exhibit negative or counterpro-
ductive effects, highlighting the risks of naively modifying
assertion generation prompts. Removing assertion examples
without compensatory guidance (H3-a) consistently degrades
both verification depth and code validity across all models.
This variant substantially increases non-compiling rates (by
up to 15–19%) while reducing assertion-failing outcomes,
indicating that assertion examples serve not only as oracle
references but also as implicit structural templates. Their re-
moval destabilizes generation rather than promoting principled
novelty. Adding output format enforcement after assertion re-
moval (H3-b) partially mitigates this degradation, particularly
for lower-capacity models, suggesting that the performance
loss in H3-a stems primarily from the absence of structural
guidance rather than copying bias alone. In contrast, augment-
ing the prompt with bug-related context after assertion removal
(H3-c) fails to recover performance, indicating that semantic
guidance alone cannot compensate for missing syntactic ex-
emplars. More broadly, context expansion (H1) and step-wise
reasoning induction (H2) exhibit inconsistent effects across
models, sometimes increasing assertion-failing rates but also
introducing noise or compilation failures when not paired with
explicit goal alignment or output constraints. Overall, these
results reveal strong model-dependent trade-offs: high-capacity
models benefit most from explicit alignment with the APCA
objective (H4), whereas lower-capacity models benefit more
from strict output constraints (H5). This finding underscores
that effective guidance design for LLM-based APCA is not
universally transferable and must be tailored to model capacity
and robustness.

V. DISCUSSION

Our results indicate that the effectiveness of guidance strate-
gies for Automated Patch Correctness Assessment (APCA) is
strongly model-dependent. High-capacity models benefit most
from explicit semantic alignment, particularly role definition
(H4), whereas lower-capacity models gain limited benefit from
semantic cues alone and instead improve substantially under
strict output format constraints (H5). These findings reveal in-
herent trade-offs between verification depth and robustness and
suggest that effective APCA requires model-aware guidance

rather than a single universal configuration. We note that LLM-
based assertion generation is inherently stochastic, and that our
evaluation is conducted on Java programs from Defects4J us-
ing a limited set of representative models. Moreover, assertion-
failing behavior, while useful as an indicator of aggressive
verification, does not always imply strong semantic alignment
with the underlying defect. These factors may affect the
generalizability and fine-grained interpretation of our results.

VI. RELATED WORK

Automated Program Repair. Automated Program Repair
(APR) [19]–[24] aims to automatically generate patches that
fix software defects, reducing the burden of manual debugging.
Representative approaches include search-based techniques,
constraint-based methods [25], and statistical or learning-based
systems. Most APR systems follow a generate-and-validate
paradigm, where candidate patches are validated against ex-
isting test suites [26]–[29]. Despite substantial progress, APR
techniques frequently produce plausible but incorrect patches
that overfit tests without resolving the underlying defect,
motivating the need for effective patch correctness assessment.

Automated Patch Correctness Assessment. Automated
Patch Correctness Assessment (APCA) [30]–[45] aims to
distinguish correct patches from overfitting or incorrect ones,
complementing APR. Existing approaches can be broadly
categorized as dynamic, static, or hybrid. Dynamic techniques,
such as PATCH-SIM and DiffTGen [46], execute patched
programs with generated tests to detect behavioral differences,
but often incur high overhead or depend on strong test
oracles. Static techniques analyze patch properties without
execution, offering better scalability but limited recall. Hy-
brid approaches, most notably Shibboleth, combine static and
dynamic signals to improve assessment accuracy.

VII. CONCLUSION

We presented a systematic analysis of prompt engineering
strategies for LLM-based assertion generation in Automated
Patch Correctness Assessment. Our study identifies two fun-
damental failure modes, semantic insufficiency and syntactic
invalidity, and demonstrates that the effectiveness of prompt
design is strongly model-dependent. We find that explicit
alignment with the APCA objective significantly improves
verification depth for large-capacity models, while strict output
constraints are critical for enhancing robustness when using
smaller models. These findings suggest that effective LLM-
based APCA requires model-aware behavioral control rather
than uniform prompt designs. As future work, we plan to
explore adaptive prompting strategies that dynamically balance
verification aggressiveness and robustness, integrate semantic
relevance metrics to better assess the fault-targeting quality of
generated assertions, and extend our evaluation to additional
benchmarks, programming languages, and emerging LLM
architectures.
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