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—— Abstract

Adding vulnerability context to a prompt is known to improve LLM repair quality, but the studies
that establish this vary two things at once: the domain knowledge injected, such as a CWE label
or a fix pattern, and the form that knowledge takes in the prompt. Prompt-engineering research
treats format as a variable in its own right, yet in automated vulnerability repair it has never
been isolated under a controlled ablation, leaving open whether the wording of guidance matters
once its content is fixed. This paper presents CWEFT, a controlled ablation that holds injected
repair knowledge constant across a free-text and a typed-schema rendering while decomposing
the separate contributions of naming a vulnerability and supplying fix guidance. We construct
four prompt conditions that differ by exactly one factor each, grounding all injected knowledge in
APR4Vul’s empirically mined fix patterns. Using this design, we generate 504 patches across 42
Java vulnerabilities from Vul4J spanning 15 CWE classes on three frontier models — Claude Sonnet
4.5, GPT-5, and Gemini 2.5 Pro — and score each patch on a Proof-of-Vulnerability-aware hierarchy
that separates code that compiles from code that closes the vulnerability and from code that does so
without regression. Our emerging results invert a common assumption: naming the CWE class alone
achieves the highest correct-fix rate at 19.8%, ahead of the 12.7% unenriched baseline (p = 0.049,
exact McNemar), while both richer conditions that add explicit repair guidance fall back to 16.7%.
Crucially, the free-text and typed-schema conditions are indistinguishable at 16.7% with perfectly
symmetric paired discordance, and with only eight discordant pairs the design cannot rule out a
smaller format effect. Across all conditions, repair rate tracks how concrete the vulnerability class is,
falling to 3.1% for improper input validation. These initial findings suggest that for frontier models
on common vulnerability classes, what a prompt identifies matters more than how elaborately that
information is formatted — a direction that warrants higher-powered replication before it is treated
as a design principle.
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1 Introduction

Software vulnerabilities are disclosed faster than developers can patch them by hand, sus-
taining research interest in automated vulnerability repair (AVR) and, more recently, in
LLM-based repair. A growing body of work shows that adding vulnerability context to a
model’s prompt raises repair quality [14, 10, 7]. Yet these studies conflate two variables:
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what domain knowledge is added, such as a CWE label or a fix pattern, and how that

knowledge is rendered into the prompt, whether as a sentence, a list, or a typed schema. The

prompt-engineering literature treats format as an experimentally meaningful variable in other
tasks [19, 8], but in AVR specifically the question has not been tested under a controlled
ablation.

CWEFT treats representational format as a controlled variable. It holds injected fix
knowledge identical across a free-text condition and a typed-schema condition, and adds two
further conditions, an unenriched baseline and a CWE-named-only condition, that decompose
the separate contributions of naming a vulnerability and supplying fix guidance. The injected
knowledge is grounded in real repair behavior: we mine it directly from APR4Vul’s empirical
fix patterns [4]. Because adjacent conditions differ by exactly one factor, any outcome
difference traces to that factor alone. We evaluate the ablation on 42 Java vulnerabilities
from Vul4J across 15 CWE classes, generating 504 patches with three frontier models from
three providers, and we score each patch on a Proof-of-Vulnerability-aware trustworthiness
hierarchy that separates code that compiles from code that closes the vulnerability and from
code that does so without breaking other tests.

We organize the study around four research questions:

RQ1 To what extent does enriching prompts with vulnerability-type-specific fix knowledge
improve patch quality over an unenriched baseline?

RQ2 To what extent does the representational format (free-text vs. typed schema) of that
knowledge affect patch quality when content is held constant? (central question)

RQ3 How does single-shot LLM repair compare across three frontier models?

RQ4 Under a multi-level trustworthiness hierarchy, how does repair rate vary by vulnerability
class?

This paper makes three contributions:

1. A controlled ablation that separates the content of injected vulnerability knowledge
from its representational format, holding source content fixed across a free-text and a
typed-schema condition so that the two factors can be attributed separately.

2. An empirical finding that runs against common prompt-engineering practice: naming the
CWE class alone outperforms both richer conditions built from the same repair knowledge,
and it is also the cheapest enrichment to run.

3. A fully open replication artifact covering prompt construction, patch generation, and
Proof-of-Vulnerability-aware evaluation, with all 504 per-cell outcomes released.

2 Related Work

AVR and LLM-based repair. AVR sits inside a broader APR landscape that recent surveys
taxonomize as template-guided, search-based, constraint-based, and learning-driven [9]. The
most directly relevant prior work is APR4Vul, which evaluated traditional APR techniques
on Vul4J and found testable patches for only 20% of bugs with correctness rates under
50%, while also mining the recurring fix patterns behind real human patches [4]. Those
mined patterns, among them input sanitization, canonical-path verification, and secure parser
configuration, are the direct source of the repair knowledge we inject in our C3a and C3b
conditions. A parallel line of LLM-based work has established that prompt content affects
repair quality [7, 11, 14, 6, 17]. PromptFix is closest in framing, since it augments prompts
with CWE and CVE context, yet it delivers all of that context as unstructured prose [14].
Most pointedly, Khan et al. showed that progressively injecting domain knowledge about a
vulnerability lifted GitHub Copilot’s buffer-overflow repair rate from 15% to 63% [10]. Their
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result establishes that content can help a great deal; what stays open is whether returns
continue as the guidance grows more elaborate, and whether its form matters once content
is fixed. Recent systems such as APPATCH and chain-based repair pursue stronger results
through agentic or multi-step pipelines [16, 15, 12], a direction orthogonal to ours: we hold
the pipeline fixed and vary only how knowledge is represented. Separately, prior work found
that pre-trained model choice and tokenization substantially affect AVR performance [23],
which is why we evaluate three frontier models from different providers rather than rely on
one.

Prompt format as a variable. The prompt-engineering literature treats format as an
experimentally meaningful variable independent of content. Brown et al. introduced few-shot
in-context learning and showed that how examples are framed within a prompt changes task
performance [3]. Wei et al. showed that chain-of-thought structure, which inserts intermediate
reasoning steps, improves reasoning-heavy tasks even when no new information is added [22].
More recent work quantifies sensitivity to surface features: Sclar et al. found that separator
choice and field ordering swing LLM performance as much as switching models [19], and He et
al. replicated the effect on a separate task suite [8]. Framing effects extend to security-specific
tasks: Bosnak et al. found that persona and phrasing choices substantially change how
reliably open-source models produce a requested CWE, and read this as evidence that models
rely on pattern recall over semantic reasoning about vulnerability classes [2]. The evidence is
not one-sided in security tasks, however. A recent survey notes that structured strategies
such as chain-of-thought improve some vulnerability-detection metrics but show inconsistent
effects across settings rather than a uniform gain [20]. This mixed prior evidence is exactly
what motivates testing format as a controlled variable in repair, instead of assuming structure
helps.

Evaluation of LLM repairs. Measuring repair quality is itself contested, and the choice of
metric shapes what a study can claim. Qi et al. analyzed plausible-but-incorrect patches
across several APR systems and found that most reported patches amounted to functionality
deletion rather than correct repair [18]. The same concern carries into the LLM era: recent
evaluations report that models often misidentify or fail to genuinely fix vulnerabilities even
when their output looks plausible [21, 1]. We take this seriously in our scoring rather
than treating a passing test suite as success. Our trustworthiness hierarchy is Proof-of-
Vulnerability-aware: it separates patches that merely compile from those that close the
vulnerability, and from those that close it without regressing the rest of the suite, which
guards against the functionality-deletion failure mode Qi et al. identified. We return to the
limits of this scoring in Section 6.

3 Methodology

The pipeline has four stages: dataset selection, prompt construction, patch generation, and
automated evaluation in a reproducible environment. Figure 1 gives a visual overview, and
the subsections below describe each stage.

Dataset. We draw our subjects from VuldJ [5], a benchmark of real Java CVEs that ships
reproducible build and test environments. We selected VuldJ over other Java vulnerability
datasets because it pairs every entry with both a CVE and a CWE label and provides
an executable build-and-test harness; alternatives such as CWE-Bench-Java [13] supply
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1. Dataset Selection 2. Prompt Construction 3. Single-Shot Generation 4. Evaluation via Docker Harness
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Figure 1 The CWEFT pipeline. Each of 42 vulnerabilities is processed under all four prompt
conditions with three frontier models, producing 504 patches. Each model returns a complete
repaired source file, which is compiled and tested in a reproducible Docker harness; outcomes are
classified into the four levels of our Proof-of-Vulnerability-aware trustworthiness hierarchy.

Table 1 CWE distribution across the 42 selected Vul4J vulnerabilities, sorted by frequency.
Classes with two or more vulnerabilities anchor per-class observation; the remainder appear as
singletons and probe the long tail.

CWE Description Count
CWE-20 Improper Input Validation 8
CWE-835 Infinite Loop 7
CWE-22 Path Traversal 5
CWE-79 Cross-Site Scripting 5
CWE-611 XML External Entity (XXE) 4
CWE-264 Permissions and Access Controls 2
CWE-287 Improper Authentication 2
CWE-502 Deserialization of Untrusted Data 2
7 additional CWE classes (one each) 7
Total 42

CWE labels and build scripts but no per-project test harness, since they target vulnerability
detection rather than test-based repair validation; our evaluation requires executable Proof-
of-Vulnerability and regression tests. From Vul4J we derive a working set through an
ordered chain of filters, each demanded by a requirement of our design. First, we keep only
vulnerabilities whose reference human patch modifies a single file, because our task asks
a model to return one repaired file. Second, we keep only entries carrying a CWE label,
since the C2, C3a, and C3b conditions cannot be built without one. Third, we require that
the vulnerable revision compile cleanly in our container before any patch is applied; this
step removes VUL4J-15, -23, -35, and -39, the first three of which the Vul4J maintainers
themselves flag as non-compilable or needing manual modification, and the fourth of which
fails to build in our environment despite its upstream status. Applying the first two filters
yields 46 candidates; the buildability filter removes four of these, leaving the 42 vulnerabilities
we study, spanning the 15 CWE classes shown in Table 1. Selection was performed once,
ahead of generation, and the resulting subset is released as an explicit list rather than as a
re-runnable script, together with the buildability record behind the final four exclusions.
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Listing 1 Example C3a (free-text) and C3b (schema) for CWE-22 Path Traversal. Both encode
identical repair knowledge drawn from APR4Vul’s mined fix patterns; only the form differs.

# C3a (free-text):

Path traversal vulnerabilities are typically fixed by
canonicalizing user-supplied paths with
File.getCanonicalPath() and verifying the result
remains within an allowed base directory before any
file operation.

# C3b (schema):

Root Cause : Untrusted path fragment used in
file resolution without
normalization.

Canonical Repair: Canonicalize via
getCanonicalPath() and verify

startsWith(base) .

Constraints : Preserve original method signature;
do not alter exception types.

What to Avoid : String.contains("..") checks; these

bypass via encoded variants.

Prompt construction. The four conditions form a controlled ablation in which each condition
adds exactly one factor over the previous one. This is what licenses the study’s central
claim: a difference between two adjacent conditions can be attributed to the single factor

that separates them. Every condition shares the same input and the same output instruction.

The input is the complete vulnerable source file together with its path; the instruction asks
the model to return the complete modified file as code only.

C1 (Baseline) provides the vulnerable file with a generic repair instruction and no
vulnerability-specific information. It measures the model’s intrinsic ability to recognize and

fix the flaw from the code alone, and serves as the floor against which enrichment is measured.

C2 (CWE-Named) adds the CWE identifier and a short description of the class, taken
from the official MITRE CWE entry for that identifier. Comparing C2 with C1 isolates the
effect of naming the vulnerability type, independent of any repair guidance.

C3a (Free-Text Fix Guidance) adds a short prose paragraph describing how the class
is typically fixed in practice. We wrote this guidance by hand for each class, drawing its
content from APR4Vul’s empirical fix-pattern tables so that it reflects real human repair
behavior rather than invented instructions [4]. Comparing C3a with C2 isolates the effect of
fiz-pattern knowledge delivered as prose.

C3b (Typed Schema) carries the same underlying knowledge as C3a, reorganized into
four labeled fields: Root Cause, Canonical Repair, Constraints, and What to Avoid. The
fields map onto APR4Vul’s findings: root cause from its fault taxonomy, canonical repair
from its fix-pattern tables, and the two constraint fields from its failure analysis. Comparing
C3a with C3b is the study’s critical contrast: source content and surrounding instruction
are matched and only the form changes, although the field labels themselves are part of
C3b’s form and convey a kind of structural cue that C3a does not. Listing 1 shows the two
renderings for one class.

Patch generation. Three frontier models from different providers generate the patches:
Anthropic Claude Sonnet 4.5, OpenAl GPT-5, and Google Gemini 2.5 Pro, each accessed
through its public API. Drawing from three providers lets us check whether any format effect
generalizes across model families rather than reflecting one provider’s training or inference
behavior. Each model receives the complete vulnerable file and returns a complete candidate
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file in a single call. We use single-shot prompting with no repair-retry loops, self-consistency
sampling, or tool-use feedback. This is a deliberate constraint: retry and voting strategies
produce gains of their own, and admitting them would confound the format comparison this
study exists to make. The absolute correct-fix rates we report are therefore a floor on what
these models can reach, not a ceiling.

Experimental configuration. We report the generation configuration in full so that the run
can be reproduced. The three models were accessed through their providers’ public APIs
under the identifiers claude-sonnet-4-5-20250929, gpt-5, and gemini-2.5-pro, which
were the frontier offerings of their respective providers at the time of collection. All 504
cells were generated over 27-28 May 2026, strictly sequentially, one call at a time, with no
concurrency and no client-side rate cap. The system prompt is identical across the three
providers. We passed neither a temperature nor a top_p value to any provider, so each
model sampled at its own default; we fixed no random seed and enabled no provider-side
prompt caching, so generation is not deterministic across re-runs. Output budgets were not
matched: Claude and GPT-5 were capped at 8192 output tokens, while Gemini was allowed
32768 output tokens together with a 512-token thinking budget. Transport failures were
retried up to three times with exponential backoff (4s, then 8s); these retries respond to API
exceptions alone and never resample a response that returned successfully, so the single-shot
repair design is preserved. One provider-specific exception applies: our Gemini client raises
on an empty response body, so an empty or blocked Gemini return is regenerated where the
equivalent Claude or GPT-5 return would not be. Before a returned file is written to disk we
strip Markdown code fences from the response; no other post-processing is applied. Every
call is logged with its prompt, raw response, model identifier, input and output token counts,
and condition.

Patch application. Because every condition asks the model for a complete file, application
is direct: we take the returned file and write it in place of the original, with no method-level
extraction and no import reconstruction. This whole-file design keeps the application step
identical across all four conditions, so no condition is advantaged by how its output is
reassembled. The only exception is the Markdown fence stripping noted above, which is
applied identically to every response.

Compilation and testing. We compile and test each patched project through the VuldJ
CLI inside a Docker container, which standardizes per-project build configuration. Every
build and test action is issued through the VuldJ wrapper (vul4j compile and vul4j test);
we never invoke Maven or Gradle directly, so no project receives special build handling. A
900-second bound guards each compile-and-test cycle against runaway dependency resolution;
because each patch is generated in a single shot rather than by an iterative repair tool, we
do not need the multi-hour repair-process budgets that search-based APR requires [4]. For
every patch we record whether compilation succeeded, whether the Proof-of-Vulnerability
test passed, and the names of any regression tests that failed; these three fields drive the
classification below.

Trustworthiness hierarchy. We score each patch on a four-level hierarchy adapted from
APR4Vul and made Proof-of-Vulnerability-aware, so that closing the vulnerability is scored
separately from merely passing tests. LO marks a patch that does not compile. L1 compiles
but fails the Proof-of-Vulnerability (PoV) test, so the vulnerability remains open. L2 passes
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the PoV test, closing the vulnerability, but leaves one or more regression tests failing. L3

passes the PoV test and the full regression suite, and is our definition of a correct fix.

For each vulnerability we obtain the PoV test selector from Vul4J’s own metadata, using
the explicit failing_tests field when present and otherwise parsing the -Dtest clause
of the recorded test command. These are the tests the benchmark maintainers certify as
failing on the vulnerable revision and passing on the human patch, which makes them the
vulnerability-witnessing tests for each entry. Executing the PoV explicitly is what separates
a patch that genuinely closes the hole from one that merely keeps tests green, the failure
mode that inflates plain test-passing rates [18]. APR4Vul’s two highest levels require manual
judgement of exploit removal and intent preservation; we hold those out of scope and revisit
the limitation in Section 6.

4 Results

The experiment produced 504 patches: 42 vulnerabilities under four conditions across three
models. Every cell generated, compiled, tested, and classified without pipeline error, so all
504 enter the analysis. Because the hierarchy is Proof-of-Vulnerability-aware, each patch
is scored not only on whether it compiles but on whether it closes the vulnerability and
whether it does so without regressing the rest of the suite. Throughout, “correct” means L3:
the PoV test passes and the full regression suite passes.

Overall outcomes. Table 2 gives the distribution across all 504 cells. Compilation is not
the dominant obstacle: 77.2% of patches compile. The harder wall is semantic. Only 22.6%
of patches make the PoV test pass, and 16.5% are fully correct. The distance between a
77.2% compile rate and a 16.5% correct-fix rate locates the real difficulty of LLM-based
repair past the point of producing code that builds.

Table 2 Overall trustworthiness distribution across all 504 cells.

Level Meaning Count (%)
LO Does not compile 115 (22.8)
L1 Compiles, PoV fails 275 (54.6)
L2 PoV passes, regressions remain 31 (6.2)
L3 PoV passes, all tests pass 83 (16.5)
Compile rate (L1+L2+L3) 77.2%
PoV-pass rate (L2+4L3) 22.6%
Correct-fix rate (L3) 16.5%

RQ1l: How much enrichment improves patch quality. Enrichment does not improve
correctness in proportion to its detail. Table 3 reports outcomes by condition. The baseline
(C1) reaches 12.7% L3. Naming the CWE class (C2) is the single best condition at 19.8%, yet
the two richer conditions that add explicit fix guidance, free-text (C3a) and schema (C3b),
both fall back to 16.7%. The largest gain therefore comes from simply telling the model
which vulnerability class it faces; layering on detailed repair guidance adds nothing further
and, on this sample, slightly reduces the rate. The two contrasts behind this paragraph
deserve different treatment. For C1 vs. C2, a paired McNemar test on the 126 (vuln, model)
pairs gives 13 cases where only C2 succeeded against 4 where only C1 succeeded (with 12
pairs correct under both, reconciling the 16 and 25 marginal totals in Table 3), for an exact
two-sided p = 0.049. In magnitude, naming the CWE class raises the correct-fix rate by 7.1
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Table 3 Outcomes by condition (n = 126 each). L3% is the correct-fix rate; PoV% is L2+L3;
Compile% is L1+L2+L3. Bold marks the best value in each column.

Condition LO L1 L2 L3 L3% PoV% Comp%
C1 (baseline) 31 72 7 16 12.7 18.3 75.4
C2 (CWE name) 24 68 9 25 19.8 27.0 81.0
C3a (prose) 25 71 9 21 16.7 23.8 80.2
C3b (schema) 35 64 6 21 16.7 21.4 72.2

percentage points, from 12.7% to 19.8%. The margin is narrow — one reclassified pair would
push the test above the conventional threshold — so we treat the direction as reliable and
the size as suggestive. The C2-vs-C3a/C3b margin is too small to test at this scale, as the
C3a-vs-C3b McNemar in RQ2 already shows; we report it as suggestive only and return to
both in Section 5.

RQ2: How much representational format matters. The central contrast is C3a against
C3b: identical repair knowledge rendered in two different forms. Both conditions achieve a
16.7% correct-fix rate (21 of 126), showing that the injected knowledge remains robust to
representational choice at the scale of our experiment. The paired outcomes reinforce this
parity: among the eight discordant pairs pooled across the three models, four favor prose
and four favor schema, and this even split holds even though the three models respond to
enrichment along visibly different curves (RQ3). The observed difference is therefore 0.0
percentage points, and a paired McNemar test detects no directional advantage for either
representation (p = 1.000, two-sided exact). Across standard interval methods for paired
proportions, a 95% bound on that difference is approximately +4.5 percentage points. At
this sample size the design therefore excludes a format effect larger than roughly four and a
half points in either direction, and says nothing about smaller ones.

Table 4 McNemar test, C3a vs. C3b, success = L3. b: only C3b correct; ¢: only C3a correct.
Two-sided exact p.

Group a b ¢ d disc. D
Claude 5 0 2 35 2 0.500
Gemini 6 3 2 31 5 1.000
GPT 6 1 0 35 1 1.000
Pooled 17 4 4 101 8 1.000

RQ3: Comparison across models. The three models differ both in overall success and in
how they respond to enrichment. Table 5 reports outcomes per model. Gemini 2.5 Pro is
the strongest single model on this benchmark at 22.0% correct, with the highest compile
rate at 84.5%, ahead of Claude Sonnet 4.5 at 14.3% and GPT-5 at 13.1%. Their enrichment
profiles also diverge: GPT-5 improves close to monotonically as context is added, Gemini
spikes sharply at C2 and then declines, and Claude peaks at C2 and C3a before dropping at
C3b. These are three distinct response shapes, yet, as RQ2 showed, the prose and schema
conditions still converge to the same pooled correct-fix rate. The format result is therefore
not an artifact of one model’s behavior.

RQ4: Repair rate by vulnerability class. Correct-fix rate varies sharply across CWE classes
(Table 6), and the variation tracks how concrete the class is. Classes that name a specific,
recognizable repair pattern are repaired often: improper authentication (CWE-287) at 37.5%,
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Table 5 Outcomes by model (n = 168 each). Bold marks the best value in each column.

Model LO L1 L2 L3 L3% PoV% Comp%
Claude Sonnet 4.5 44 89 11 24 14.3 20.8 73.8
GPT-5 45 89 12 22 13.1 20.2 73.2
Gemini 2.5 Pro 26 97 8 37 22.0 26.8 84.5

XXE (CWE-611) at 25.0%, deserialization (CWE-502) at 25.0%, infinite loop (CWE-835)
at 21.4% across its 84 cells, the largest of the well-repaired classes, and path traversal
(CWE-22) at 20.0%. Broad, abstract classes are repaired rarely or never: improper input
validation (CWE-20) at 3.1%, and the access-control, cryptographic, privilege-management,
and data-processing classes at 0%. CWE-20 is both the largest class, at 96 cells, and one of
the lowest-scoring, which drags the overall average down. The high end of the table rests on
individual vulnerabilities: the 91.7% for CWE-74, for instance, comes from a single injection
bug seen across all conditions and models. We therefore read this as a gradient over classes
rather than a precise per-class rate, and treat the singleton-backed entries as suggestive. The
pattern fits RQ1: enrichment helps when the class points the model at a concrete repair,
and stops helping when the class is too generic to act on.

Table 6 Correct-fix (L3) rate by CWE class. Multi-instance classes anchor the gradient; single-
vulnerability classes (ncens = 12) are suggestive only and listed separately.

CWE Description n L3%
Multi-instance classes (> 2 vulnerabilities)

CWE-287 Improper authentication 24 37.5
CWE-611 XML external entity (XXE) 48 25.0
CWE-502 Deserialization 24 25.0
CWE-835 Infinite loop 84 21.4
CWE-22  Path traversal 60 20.0
CWE-79  Cross-site scripting 60 15.0
CWE-20 Improper input validation 96 3.1
CWE-264 Permissions / access control 24 0.0
Single-vulnerability classes (n = 12, suggestive only)
CWE-74  Injection 12 91.7
CWE-532 Sensitive info in log 12 16.7
CWE-77 Command injection 12 8.3
CWE-284 Improper access control 12 0.0
CWE-310 Cryptographic issues 12 0.0
CWE-269 Improper privilege management 12 0.0
CWE-19 Data processing errors 12 0.0

Cost of enrichment. Because an approach that is accurate but unaffordable is of limited
practical use, we report what this study cost to run. Generating all 504 patches cost
approximately $70 in API charges at the prices in force during collection: roughly $30 for
GPT-5, $30 for Claude Sonnet 4.5, and $10 for Gemini 2.5 Pro, or about $0.14 per patch.
Evaluation adds only local compute. The four conditions are nested by construction: every
prompt carries the complete vulnerable source file, C2 adds a CWE identifier and its MITRE
description, C3a adds a prose paragraph, and C3b adds a four-field block. Prompt length
therefore rises monotonically from C1 to C3b, making C3b the most expensive condition to
run. Correct-fix rate does not follow that ordering: it peaks at C2, the cheapest of the three
enriched conditions, and is flat across C3a and C3b (Table 3). The cheapest enrichment
we tested is also the best-performing one. Two qualifications keep this in proportion. The
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vulnerable file dominates every prompt, so the absolute cost difference between conditions is
small; the point is which enrichment earns its place, not that a large saving is available. And
we report cost for the run as a whole rather than per condition, since per-cell token counts
are not part of the released artifact.

Classifier validation. Because the L0-L3 verdicts drive every result above, we manually
audited cells spanning the riskiest classification boundaries. For one XXE patch scored L3,
the model disabled external-entity expansion on the input factory, matching the root-cause
fix of the human patch. For one deserialization patch scored L3, the model enabled secure
processing and disabled external DTD and stylesheet loading, a broader hardening than the
human patch, with all tests still passing. For one authentication patch scored L2, the model
closed the authentication hole, so the PoV test passed, but dropped a containment check and
regressed more than thirty tests; the classifier correctly recorded L2 rather than L3. The
audit supports treating the automated verdicts as faithful.

5 Discussion

A bare label beat elaborate guidance. The clearest result of the study is also its most
useful: naming the vulnerability class outperformed every richer condition. C2 reached 19.8%
correct against 16.7% for both fix-guidance conditions, so a single line of classification did
more than a paragraph of repair instructions or a four-field schema built from the same
knowledge. This inverts the working assumption of much prompt-engineering practice, where
more context is presumed to help. Two mechanisms fit. First, frontier models already hold
CWE-level repair knowledge from training, having seen many path-traversal or XXE fixes,
so a label is enough to retrieve the right pattern while added guidance is redundant. Second,
the extra text lengthens the prompt and pushes the code further from the instruction, which
can dilute attention on the file being repaired. We hold the size of the effect loosely, since
the C2 lead is 25 versus 21 correct fixes out of 126, but the direction is consistent and runs
against the field’s default, which is what makes it worth reporting. We stress what this does
not license: the result is a direction worth testing, not a design principle, and it should not
be read as showing that naming the CWE class is sufficient. Adopting it as practice would
require a higher-powered replication than an emerging-results study can provide.

Repair tracks how concrete a class is. The by-class results sharpen the same point on the
full 504 cells: correct-fix rate forms a clear gradient from concrete classes (authentication,
XXE, deserialization, path traversal) down to broad ones (CWE-20 at 3.1%, the access-control
and cryptographic classes at zero). A concrete class points the model at a canonical fix; a
broad class such as CWE-20 names a symptom with no single repair shape to retrieve.

Equivalent knowledge was robust to representational choice. Within the enrichment
story sits the question we set out to isolate: does the form of the guidance matter when
its content is fixed? In our experiment, equivalent repair knowledge proved robust to two
distinct representations. Free-text guidance and a typed schema each produced a 16.7%
correct-fix rate, while the paired outcomes were symmetric: four discordant cases favored
prose and four favored schema. This parity is practically useful. A structured schema can be
easier to generate consistently, validate automatically, and integrate into a repair pipeline,
yet it matched the correctness of hand-written prose without an observed penalty. We remain
careful about the scope of the claim: with only eight pooled discordant pairs, our interval



L. A. Carbonell and A. Koyuncu

excludes a format effect larger than about 4.5 percentage points but leaves anything smaller
open, and says nothing about other settings. The supported conclusion is narrower: for
the frontier models, vulnerability classes, and schema design tested here, repair guidance
transferred cleanly across representations.

Next steps. Five follow-ups would extend these findings. First, a higher-powered replication
on more vulnerabilities would resolve whether the prose-schema null holds once the discordant
sample is large enough to detect a small effect, and would re-establish the ordering on whatever
models are current at the time; the full design costs roughly $70 to run end to end, so it
is cheap to repeat as models advance. Second, extending the enrichment comparison to
rarer, domain-specific CWE classes would test whether guidance pays off where a model’s
prior knowledge is thinner, since our set leans toward common classes. Third, promoting
our automatic LO-L3 hierarchy toward APR4Vul’s security-verified levels through manual
exploit-replay on a sample of L3 patches would test whether passing the PoV test corresponds
to genuinely removing the exploit, the construct-validity limit we note in Section 6. Fourth,
richer structural context — architecture summaries or code property graphs — would vary the
content axis this study deliberately holds fixed, and is complementary to the format question
rather than a substitute for it. Finally, extending the comparison to open-weight models
would test whether these patterns hold outside proprietary APIs, since pre-trained model
choice is known to affect AVR performance [23].

6 Threats to Validity

Internal validity. We generate one patch per cell with no repeated sampling, and we passed
no temperature to any provider, so each model sampled at its own default rather than at a
common fixed value (Section 3). Because those defaults differ across providers, the three
models were not sampled under matched decoding settings, which limits exact replication and
weakens the cross-model comparison in RQ3; a higher-powered replication should fix a single
common temperature across all three. Because model output is stochastic, an individual cell
could land differently on another run, though pooled rates over 504 cells should be far more
stable than any single cell; we chose a single trial per cell to keep the design tractable for an
emerging-results study, and we treat per-cell verdicts as evidence in aggregate rather than
individually. Two further asymmetries qualify RQ3 in the same direction. Our output-token
budget was four times larger for Gemini than for Claude and GPT-5, so a long repaired file
could be truncated under the smaller budget and recorded as non-compiling. And because
our Gemini client treats an empty response body as an exception, empty Gemini returns
were regenerated while equivalent Claude and GPT-5 returns were not. Both asymmetries
favour Gemini, the strongest model in our results, so the per-model ordering in Table 5
warrants more caution than the per-condition comparisons, which are unaffected: within
any one model, all four conditions ran under identical settings. Our L0-L3 verdicts also
rest on Vul4J’s own metadata correctly identifying the vulnerability-witnessing test for
each entry; we rely on the maintainers’ curation and do not independently re-derive each
Proof-of-Vulnerability test from the CVE. Finally, the classifier that assigns trust levels was
checked by a manual audit of cells at the riskiest boundaries rather than an exhaustive review
of all 504, so the audit supports the verdicts without certifying every one.

External validity. The study covers a single language (Java), a single benchmark (Vul4J),
and three specific frontier models, so generalization to other languages, to smaller or open-
weight models [23], or to vulnerability classes outside our set is not established. The three
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models were the frontier offerings of their respective providers when the data was collected
in May 2026, and more capable models have since been released. What the study reports is
the relative ordering of prompt conditions under a controlled ablation, not absolute repair
rates, and that ordering is the object of interest rather than any particular model’s ceiling.
The buildability filter also removed four entries (VUL4J-15, -23, -35, -39); the maintainers
themselves flag the first three as non-buildable, while the fourth builds upstream but not in our
container, an environmental quirk that bounds the working set. Within the 42 vulnerabilities
we study, the class distribution is uneven: a few classes such as CWE-20, CWE-835, CWE-22,
and CWE-79 supply most cases, while several classes rest on a single vulnerability seen across
twelve cells, so the per-class rates for those small classes are suggestive rather than firm. The
format comparison is similarly limited in power: with only eight discordant pairs pooled, the
null McNemar result means no effect was detectable at this scale, not that no effect exists.

Construct validity. We operationalize a correct fix as passing the Proof-of-Vulnerability test
and the full regression suite. Qi et al. have shown that test-based correctness can overstate
true repair quality [18]: a patch may pass the available tests yet leave some exploitable
behavior open or regress an untested path. We do not perform manual security verification, so
APR4Vul’s two highest levels, which judge exploit removal and intent preservation by hand,
remain out of scope and are listed in Section 5 as future work. A further construct assumption
is specific to our central comparison. We operationalize C3a and C3b as matched-source
encodings drawn from the same APR4Vul fix patterns, written by one author rather than
generated automatically and without an inter-rater check on prose quality. Variance across
the 15 classes is bounded by construction, since both renderings for a class derive from the
same source rows, but we cannot rule out that some classes received sharper guidance than
others; a sensitivity analysis on prose quality is left to future work. Strict informational
equivalence is not measured: C3b’s field labels (Root Cause, Canonical Repair, Constraints,
What to Avoid) are themselves a structural cue that C3a does not contain. A reviewer
could therefore read our null result as evidence that this label-level asymmetry is also not
detectable at scale, rather than as evidence that form is irrelevant in general.

7 Conclusion

Across 504 patches spanning 42 Java vulnerabilities, 15 CWE classes, and three frontier
models, three findings emerge. First, naming the CWE class improves repair performance
over an unenriched baseline and achieves the highest observed correct-fix rate among the
four conditions. Adding more elaborate prose or schema guidance does not produce a further
observed improvement. Second, repair success varies sharply across vulnerability classes.
The descriptive pattern suggests that specific classes with recognizable repair templates are
easier to repair than broader classes. Third, the free-text and typed-schema conditions reach
an identical 16.7% correct-fix rate with symmetric McNemar discordance. We interpret this
as no detectable format effect at the scale of our experiment, not as proof that representation
never matters. For frontier models on common vulnerability classes, what a prompt identifies
may matter more than how elaborately that information is formatted, a direction that
warrants higher-powered replication before it is treated as a design principle.

Data Availability Statement

Our replication package and data used for this study are available at: https://doi.org/10.
5281/zenodo.21672348.
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