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Abstract

Large language models (LLMs) are increas-
ingly used to edit existing code, but correctness
alone is not enough: useful repairs should also
be minimal, reviewable, and faithful to the orig-
inal implementation. We study over-editing,
the tendency of a model to rewrite code beyond
what is required to fix a bug. We construct an
evaluation framework from 400 BigCodeBench
problems by injecting controlled AST-level cor-
ruptions into reference solutions, giving each
repair task a known minimal patch. Across
frontier LLMs, over-editing is widespread even
among strong models like GPT-5.5: high
Pass@1 can coexist with unnecessarily large
edits and added cognitive complexity. A preser-
vation instruction substantially reduces this be-
havior, lowering average excess Levenshtein
distance from 0.195 to 0.131, reducing added
cognitive complexity by 26.6%, and increasing
Pass@1 by 2.3 points. However, these gains
do not simply follow from a larger reasoning
budget or larger models. We next ask whether
minimal editing can be learned directly dur-
ing post-training. We observe that supervised
fine-tuning overfits to seen corruption patterns,
whereas reinforcement learning gives the best
out-of-domain edit-fidelity and performance-
retention trade-off. These results position edit
fidelity as a distinct axis of code-repair quality
and show that it can be measured and learned.1

1 Introduction

Software engineering is one of the main practical
use cases for frontier LLMs, including systems ex-
plicitly optimized for coding assistance (OpenAI,
2025a; Anthropic, 2025b). In actual development
workflows, developers need more than patches that
execute correctly; they need patches that are easy to
review, preserve the original intent of the code, and
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1Code: https://github.com/nreHieW/over-editing

 Buggy function BigCodeBench/663

def task_func(x, y, labels):

"""Fit an exponential curve to each (x, y)

series and plot the curves with labels."""

if not x or not y or (not labels):

raise ValueError('Empty data lists …')

def exponential_func(x, a, b, c):

return a * np.exp(-b * x) + c

fig, ax = plt.subplots()

for i in range(len(x) - 1):  # BUG: should not -1

popt, _ = curve_fit(exponential_func, …)

ax.plot(x[i], exponential_func(…), …)

ax.legend()

return fig

 Minimal fix +1  −1

- range(len(x) - 1)

+ range(len(x))

 pass test cases

 Other models all pass test cases

claude-opus-4.7 +3 −1

qwen3.8-2.4t +6 −2

gemini-3.1-pro +9 −3

kimi-k3 +12 −3

gpt-5.6-terra +46 −7

All patches pass the test cases, 

but edit fidelity varies widely.

 GPT-5.4 (high) +60  −5

- if not x or not y …

- raise ValueError(…)

+ if x is None or …

+ if len(x) != len(y) …

+ raise ValueError(…)

- for i in range(len(x)-1):

- popt, _ = curve_fit(…)

- ax.plot(x[i], …)

+ for i, (x_i, y_i, …) in …

+ x_i = np.asarray(…)

+ if x_i.size != y_i…

+ mask = np.isfinite(…)

… and 53 more insertions

 pass test cases

Figure 1: A one-line off-by-one bug in a BigCodeBench
function, repaired by a minimal patch and by six fron-
tier models. Every patch passes the task’s five tests:
the minimal fix changes a single line, while GPT-5.4
adds 60 lines of input validation, dtype coercion, NaN
masking, and resampling that no test requires. Other
models gives median changes over five completions on
the identical input, for models whose completions all
pass the test cases.

avoid introducing new complexity. This require-
ment is especially important in brownfield settings,
where the model edits an existing implementation
rather than generating a new one from scratch. In
such maintenance work, keeping patches minimal
reduces review burden, avoids diff churn, preserves
implicit design choices, and lowers the risk of re-
gressions outside existing tests.

A model can successfully fix a bug while still
rewriting much more of the function than necessary.
We refer to this behavior as over-editing: a func-
tionally correct repair that changes more code than
the minimal fix requires. Figure 1 is illustrative: the
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buggy function requires only a one-line boundary
correction, and we verify that this single-line patch
passes all five of the task’s tests. GPT-5.4 instead
deletes five lines and inserts 60, spanning input val-
idation, dtype coercion, NaN masking, and curve
resampling. The output passes the same five tests,
so none of that additional code is required by the
specification. Running the identical input through
20 frontier models indicates that this is a property
of the model rather than of the task: among models
whose five completions all pass the test cases, me-
dian patch size ranges from 2 to 60 inserted lines,
and the most recent releases are not uniformly more
conservative than the models they replace.

Existing coding benchmarks primarily measure
functional success, through Pass@1 or Pass@k on
tasks (Chen et al., 2021; Liu et al., 2023; Austin
et al., 2021; Li et al., 2023; Zhuo et al., 2025; Jain
et al., 2024). Repository-level and direct-editing
benchmarks broaden the setting, but still mostly
evaluate whether tests pass or issues are resolved
(Jimenez et al., 2024; Chowdhury et al., 2024;
Zheng et al., 2024a; He et al., 2025; Guo et al.,
2025; Tian et al., 2024; Gauthier, 2024; Fu et al.,
2025a). We aim to make edit fidelity measurable
in its own right: not only whether a model fixes
a bug, but whether it preserves the surrounding
implementation when the required repair is local.

We construct a controlled evaluation framework
from 400 BigCodeBench problems (Zhuo et al.,
2025). For each reference solution, we inject one
or two localized AST-level corruptions and retain
the example only if the corrupted program fails
the original tests. This gives each task a known
minimal repair: the reversal of the injected corrup-
tions. We evaluate model outputs with Pass@1 for
functional success, normalized token-level Leven-
shtein distance for edit size, and added cognitive
complexity for structural overhead. These metrics
evaluate whether the model fixes a bug with mini-
mal edits that are easier to understand and review.
As the minimal repair is known by construction,
the framework isolates over-editing as a failure: a
model unnecessarily rewriting functional code on
a localized repair task. Our scope is deliberately
local code repair; open-ended generation, archi-
tectural refactoring, and feature extension, where
broader rewrites are intentional, fall outside it.

Our results show that edit fidelity is a distinct
axis of code-repair quality: (1) Over-editing is
widespread: several frontier models, such as GPT-
5.5, achieve competitive Pass@1 while still making

unnecessarily large edits. (2) Prompting helps: a
single preservation instruction reduces aggregate
frontier excess Levenshtein distance from 0.195
to 0.131, lowers added cognitive complexity by
26.6%, and improves Pass@1 by 2.3 points. (3)
Reasoning and scale are insufficient: reasoning
effects are model-specific, and larger models do not
monotonically produce smaller or simpler passing
repairs. (4) Minimal editing can be learned: su-
pervised fine-tuning overfits to seen corruption pat-
terns, while reinforcement learning reaches 0.782
out-of-domain Pass@1 with 0.050 excess Leven-
shtein distance and does not degrade general cod-
ing ability. Qualitative analysis further suggests
that over-editing is often a granularity mismatch:
the model may identify the bug but rewrite data
flow, add defensive checks, or change nearby be-
havior instead of making the local repair. Together,
these findings show that over-editing is widespread,
measurable, and reducible through prompting and
post-training.

2 Related Work

Correctness-centered code evaluation. Coding
LLMs are usually evaluated by functional success,
such as Pass@1 or Pass@k, on executable genera-
tion benchmarks (Chen et al., 2021; Liu et al., 2023;
Austin et al., 2021; Li et al., 2023; Ni et al., 2023;
Zhuo et al., 2025; Jain et al., 2024). Repository-
level and debugging benchmarks broaden the set-
ting to issue resolution or repair-like tasks (Jimenez
et al., 2024; Chowdhury et al., 2024; Zheng et al.,
2024a; He et al., 2025; Tian et al., 2024; Fu et al.,
2025a), but task success alone does not show
how much of an existing implementation a model
rewrites. This concern is aligned with classic auto-
mated program repair work distinguishing plausi-
ble patches from correct, maintainable, or review-
able ones (Qi et al., 2015; Liu et al., 2021).

Editing and minimal repair. Early function-
level repair benchmarks include HumanEvalFix
(Muennighoff et al., 2023). More recent instructed-
editing benchmarks test whether models can mod-
ify existing code from natural-language requests
(Cassano et al., 2024; Guo et al., 2025; Chi et al.,
2025). CanItEdit also reports ExcessCode for su-
perfluous changed lines, and benchmark audits
show that weak test oracles can miss extraneous ed-
its (Cassano et al., 2024; Ebrahimi and Rajbahadur,
2026). Closest to our work, several repair systems
explicitly target smaller or more faithful patches:



CREF (Yang et al., 2024) measures patch precision
in tutoring, AdaPatcher (Dai et al., 2025) uses local-
ization and preference learning, and PAFT (Yang
et al., 2026) trains preservation-aware minimal-edit
repair models. Concurrent work PRepair (Ke et al.,
2026) studies edit-aware RL for precise repair. In
contrast, our focus is a controlled BigCodeBench
evaluation with known minimal reversals, spanning
frontier models, prompts, reasoning variants, and
post-training methods.

Similarity metrics and constraints. Reference-
similarity metrics such as CodeBLEU are widely
used for generated code (Evtikhiev et al., 2023; Ren
et al., 2020), but they do not directly ask whether
a repair changed more than necessary relative to a
buggy input and its minimal fix. Reasoning mod-
els also raise a code-specific constraint-following
question: although reasoning often improves cod-
ing and instruction-following performance (Zhou
et al., 2023), recent work shows that stronger rea-
soning can interact poorly with explicit constraints
(Fu et al., 2025b; Li et al., 2025; Wen et al., 2024).
We study that interaction for faithful code repair.

3 Evaluating Over-Edit Behavior

We organize our study around four questions:

• RQ1: Do strong coding models over-edit even
when their repairs pass tests?

• RQ2: Can prompting reduce over-editing?

• RQ3: How do factors like reasoning or model
size interact with edit fidelity?

• RQ4: When and how do models over-edit?

3.1 Setup

Benchmark Construction. We sample 400 prob-
lems from BigCodeBench (Zhuo et al., 2025),
which provides diverse Python tasks together with
reference solutions and executable tests. For each
problem, we start from the reference implementa-
tion, inject one or two controlled AST-level corrup-
tions taken from a predefined list (Appendix A.1),
and retain the example only if the corrupted so-
lution fails the original tests. The resulting task
is therefore a function-level repair problem with
a known minimal target patch (the reversal of the
corruptions applied).

We use manual corruption rather than LLM-
generated bugs for two reasons. First, it gives

finer control over the locality and semantic type
of the bug, which is important when the quantity
of interest is how much the model over-edits. Sec-
ond, it keeps the evaluation interpretable: when
a repair is unnecessarily large, we can meaning-
fully compare it against the small set of intended
local changes. By starting from a correct reference
solution and injecting localized corruptions, we
obtain tasks where the intended repair is small by
design. This is the key advantage of the bench-
mark: because the bug is injected by construction,
the minimal repair is known rather than inferred.

Benchmark statistics. The benchmark consists
of short functions with an average of 10.4 exe-
cutable lines, up to a maximum of 34. The gold
repairs are small by construction: 50.2% require
a single token edit, 91.8% at most two, and none
touches more than two lines. Of the 400 tasks,
232 carry one injected corruption and 168 carry
two, giving a total of 568 corruption applications.
Semantically, predicate/control-flow bugs account
for 43.0%, computation/value for 29.9%, bound-
ary/iteration for 18.7%, and API/data semantics for
8.5% (full distributions in Appendix A.2).

Metrics. We evaluate each repair along three
axes: whether it works, how much it changes rel-
ative to the known minimal repair, and whether
it adds structural complexity. Unless stated other-
wise, edit-fidelity metrics use passing repairs.

Functional success. Pass@1 is the fraction of
model outputs that pass all tests for the correspond-
ing problem. It captures the basic repair objective,
but not edit fidelity: a model can pass the tests
while rewriting far more code than the bug requires.
We therefore interpret the following edit-size met-
rics alongside Pass@1.

Token-level edit distance. Let C be the cor-
rupted solution, G the gold repair, and M the model
output. We compare extracted function bodies after
removing comments and formatting-only artifacts,
tokenize Python code, and compute Levenshtein
distance over tokens rather than characters. For two
solutions X,Y , d(X,Y ) is the token Levenshtein
distance normalized by the larger token count of
the two extracted bodies. This treats keywords,
identifiers, operators, and punctuation as code units
and avoids identifier-length artifacts.

The key quantity is the excess normalized edit
distance relative to the known repair:

Dgold = d(G,C), Dmodel = d(M,C),
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Figure 2: Frontier model performance under generic and preservation prompts. Points show individual model-
prompt settings; connected pairs show how the same model changes when preservation is made explicit. Triangles
denote reasoning variants and circles denote non-reasoning variants; model names are shown where space permits.
Models discussed in the text are highlighted in color; all other settings are shown faded.

ELev(M) = Dmodel −Dgold.

Dgold is the size of the minimal patch that reverses
the injected corruption, while Dmodel is the size of
the model’s patch from the same corrupted input.
We interpret this excess-normalized value as fol-
lows: Any value larger than zero means that the
model changes more code than the gold repair, and
large positive values indicate excess editing.

We prefer token-level edit distance to higher-
level n-gram metrics such as CodeBLEU (Ren
et al., 2020) because our corruptions are intention-
ally local: n-gram overlap can reward superficial
stylistic similarity even when the patch is unneces-
sarily large, whereas edit distance on tokens tracks
whether the model disturbed the implementation
beyond reversing the bug. Appendix B.1 shows
high-disagreement cases.

Added cognitive complexity. Edit size does
not capture every form of over-editing: a short
patch can still introduce extra branches, nesting,
or restructuring that make the result harder to re-
view. We therefore report added cognitive com-
plexity (Campbell, 2021), measured with a Python
AST visitor as the cognitive complexity of M mi-
nus that of G. As our corruptions are local changes
rather than structural rewrites, any complexity in-
crease beyond the gold repair reflects unnecessary
overhead for human reviewers.

Human validation of the metrics. We validate
that the metrics reflect human perception of code
edits. Three annotators with five to ten years of

development experience compared 100 blinded
pairs of passing repairs of the same corrupted pro-
grams, choosing the patch that was easier to review
and the one more faithful to the original. Excess
Levenshtein distance matches the human major-
ity in 94.8% of decided cases for reviewability
(Cohen’s κ = 0.897) and 96.9% for faithfulness
(κ = 0.939); added cognitive complexity agrees
moderately (κ = 0.455 and 0.386 for reviewability
and faithfulness, respectively). Annotators agree
strongly with one another (Fleiss’ κ = 0.690 and
0.850). We further perform a blinded audit of 100
high-excess passing repairs and find genuinely un-
necessary edits in 82.3% of determinate cases (95%
CI 73.5–88.6%), while the rest are valid alternative
fixes (Appendix B.2).

Prompt Setup. We evaluate models in two con-
ditions. In the generic setting, the model is simply
asked to fix the bug. In the explicit setting, we
append a preservation clause to the same request,
asking the model to preserve the original code and
modify only what is necessary (full prompt in Ap-
pendix A.3). This comparison tests whether over-
editing is partly reducible through prompting alone,
without changing the underlying task or test suite.
Appendix A.4 gives details.

3.2 Results

Frontier LLMs over-edit by default. Figure 2
summarizes the frontier results, with full numbers
in Appendix C.1. In the generic setting, correctness



and edit fidelity separate: many strong models
can repair the program while still changing
substantially more code than the known minimal
reversal. This behavior is not simply a symptom of
weak coding ability. Some of the same models that
pass many tasks also add validation, restructure
intermediate computations, or change surrounding
control flow. The default repair policy therefore
appears closer to “produce a robust solution” than
to “recover the smallest local patch.” Claude Opus
4.7 (Anthropic, 2026b) (Figure 2, purple) gives
the best non-reasoning trade-off, showing that
high correctness and small edits can coexist, but
models such as GPT-5.5 (OpenAI, 2026b) (blue),
DeepSeek (DeepSeek AI, 2025; DeepSeek-AI
et al., 2025a,b; DeepSeek-AI, 2025) (orange), and
Gemini (Google, 2025, 2026) (green) variants
show that Pass@1 alone can hide large excess
edits: GPT-5.5 High reaches Pass@1 0.823 yet its
excess distance is over four times Opus 4.7’s.

Explicit prompting improves edit fidelity.
We next investigate whether adding an explicit
instruction to minimally edit the code improves
performance. The generic request ends with “Fix
and complete my function.”, while the explicit one
adds “. . . but keep as much of the original code as
possible” (full prompt in Appendix A.3). Figure 2
shows the per-model effect: the clause markedly
reduces over-editing, shifting all 50 settings left,
and slightly improves quality, raising Pass@1 in
40 of 50. The heaviest over-editors move furthest
— GPT-5.5 High (blue) nearly halves its excess dis-
tance (0.299 to 0.159) — while the already-faithful
Opus 4.7 (purple) barely moves. In aggregate
(Figure 3), excess Levenshtein distance drops from
0.195 to 0.131, added cognitive complexity falls
by 26.6% (matched-pair signed-rank p < 10−4 for
both), and Pass@1 rises by 2.3 percentage points
(paired bootstrap 95% CI [+1.49,+3.05]); the gain
persists under repeated temperature-1 sampling and
paraphrased prompt variants (Appendix C.3). Thus,
the prompt appears to select a different latent repair
mode: the model treats the existing implementation
as evidence to preserve, rather than as a reference
to improve on. We additionally verify that many
smaller open-weight models behave similarly
(Appendix C.2): the same clause improves average
Pass@1 from 0.788 to 0.828 while reducing excess
Levenshtein distance from 0.176 to 0.121. Overall,
this suggests that over-editing is a prevalent yet
steerable behavior across all major LLMs.
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Figure 3: Aggregate effect of preservation prompting on
frontier models: means over the 50 settings of Table 17;
whiskers give bootstrap 95% CIs. Making preservation
explicit improves Pass@1 and reduces both excess edit
distance and added cognitive complexity (all significant
under matched-pair tests, Appendix C.3).

Reasoning does not necessarily reduce over-
editing. In Figure 4, we compare matched
frontier reasoning and non-reasoning variants un-
der both prompts. Each bar is the reasoning value
minus the non-reasoning value on the jointly pass-
ing subset, so negative bars mean reasoning yields
a more faithful repair. The pattern is model-specific
rather than monotonic. Under the generic prompt,
reasoning slightly reduces excess edits for most
models shown, while Claude Opus 4.7 is narrowly
reversed. Added cognitive complexity is more
mixed: Sonnet 4.6 and DeepSeek V3.2 reduce
complexity with reasoning, but GPT-5.5 increases
it substantially. Under the explicit preservation
prompt, Grok 4.3 and Sonnet 4.6 become more
faithful on both metrics, whereas DeepSeek V3.2
shows more excess edits and added complexity
with reasoning. Thus, reasoning alone is not a
universally reliable mitigation for over-editing.

Size scaling does not monotonically reduce
over-editing. We further investigate whether
over-editing is linked to model size. We select the
Qwen2.5-Coder-Instruct series (Hui et al., 2024)
because it provides model sizes from 0.5B to 32B.
Figure 5 reports Pass@1 over all 400 examples,
while the edit-fidelity panels are computed only
over repairs that pass the tests. This avoids giving
small models credit for failed no-edit outputs. For
the smallest models, the edit-fidelity points should
therefore be read as conditional averages over the
few successful fixes, not as evidence that the model
is reliably faithful. Pass@1 generally increases
as the model grows larger, as expected, but
excess Levenshtein distance and added cognitive
complexity do not improve monotonically among
the successful repairs. Scale therefore moves
models out of the regime where they simply fail
to repair, but it does not guarantee that the passing
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Figure 4: Effect of reasoning on edit fidelity within
matched frontier model families. Bars compare rea-
soning and non-reasoning variants under each prompt;
negative values indicate smaller edits or lower added
complexity from reasoning.

repairs become more local: under the generic
prompt, excess distance rises again from 0.108
at 14B to 0.127 at 32B. Larger models may have
stronger task-solving priors, but those priors still
need to be aimed at preservation.

What bugs trigger over-editing? We then
ask which injected bugs push models away from
local repair. Table 1 shows where over-editing is
concentrated. We observe that list-related opera-
tions (like slicing and indexing) and conditionals
trigger the most over-editing. We think that the
important pattern is ambiguity: a one-token bug
can look like evidence of missing preconditions,
unsafe indexing, or unstable control flow. The
model often treats the existing implementation as
suspect, even when the intended repair is small.
Moreover, this is not simply a difficulty effect:
high Pass@1 can coexist with large excess edits, as
with slice bounds with the highest Pass@1 (0.874)
but the largest excess (0.353). This suggests that
over-editing itself is an important dimension that
should be evaluated alongside editing correctness.

How do models over-edit? We next look at
the behavior when the model over-edits. We ask
GPT-5.5 to design a taxonomy of over-editing
behavior, freeze its categories into an annotation
codebook, and label every high-excess passing re-

Table 1: Corruption types most associated with
over-editing. Boundary and control-flow bugs produce
high excess edit distance or added complexity even
when repairs pass.

Corruption
Example

Pass@1 Excess Lev. Added CC

Slice bounds
x[a:b]

0.874 0.353 1.25

List indexing
list[i]

0.780 0.244 1.14

Comparison ops.
x < y

0.799 0.210 0.78

Sort order
reverse=True

0.709 0.239 0.80

Conditional inv.
if cond:

0.778 0.207 1.46

Edge-case guards
if not list:

0.791 0.205 0.94

pair (excess Levenshtein distance ≥ 0.5; n = 530)
from the five frontier models. Appendix B.3
validates the labels: five independent models apply
the categories consistently, the shares change
little across data subsets and under re-annotation,
and near-minimal repairs almost never receive
a label. Table 2 suggests that over-editing is
usually a change in repair granularity, not just extra
style edits (Appendix B.4 gives representative
examples). The model may replace the data path,
wrap the function in defensive checks, or shift the
output contract. These moves can be reasonable in
open-ended programming, but they are misaligned
when the input is already a near-correct program,
as they introduce additional burden for reviewers,
and make the code take much longer to read.

Overall, over-editing looks like a task-framing
mismatch. The model behaves as if asked to deliver
robust code, while we measure whether it recovers
the original intent. Preservation prompting helps
because it corrects that frame by explicitly instruct-
ing the model to preserve the original code.

4 Learning Minimal Editing

We have earlier shown that models can be steered
toward faithful edits at inference time. We next ask
whether that behavior can be made durable through
training. We study this question with Qwen3 In-
struct models because of their strong coding ability
with open weights, using the same controlled cor-
ruption framework as in Section 3.1.

4.1 Setup
We fine-tune Qwen3-4B-Instruct-2507 (Yang et al.,
2025) on corrupted code from DeepCoder (Luo
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Figure 5: Performance of Qwen2.5-Coder-Instruct across model sizes. Scaling improves Pass@1, but edit fidelity
does not improve monotonically; preservation prompting consistently reduces excess edits.

Table 2: Common over-editing patterns across all 530
high-excess passing repairs from five frontier models.
Categories are multi-label, so a single repair may appear
in multiple rows.

Issue Share Meaning

Defensive
generalization

64.2% Adds broad validation,
checks, or fallbacks.

Data-flow rewrite 63.2% Re-solves the task instead of
locally patching it.

Contract drift 34.7% Changes outputs, side
effects, or mutation.

Feature accretion 23.6% Adds plotting or reporting
polish.

Dependency fallback 3.2% Adds backup resources or
hardcoded data.

et al., 2025) with 4,141 randomly drawn training
examples and 400 test instances. Unlike in the Big-
CodeBench evaluation split, where each example
receives one or two corruptions, we apply between
one and ten corruptions per training instance and
keep only corrupted programs that fail the tests.

During training, we use the same corruption
types as those in Section 3.1. During evaluation,
we use both the in-domain corruption types (the
same as in training) and another 20 out-of-domain
(OOD) corruptions (listed in Appendix D.2) to test
generalization.

We compare SFT, rejection-sampled SFT
(rSFT), Direct Preference Optimization (DPO)
(Rafailov et al., 2024), and RL. SFT trains on
programmatic minimal repairs. For rSFT and DPO,
we generate eight candidate repairs per training
sample, keep passing candidates, and rank them
by Levenshtein distance to the reference repair;
rSFT uses the three smallest-edit candidates, while
DPO prefers the smallest-edit candidate over the
largest-edit one. These methods are trained with

LlamaFactory (Zheng et al., 2024b). RL samples
K = 16 repairs per corrupted program and scores
them with execution feedback plus edit minimality.
We use a GRPO-style group-relative RL objective
implemented in PRIME-RL (Prime Intellect,
2025). Appendices D.4 and D.5 show that our
conclusions hold with exactly one corruption in
both training and evaluation, and with RL rollout
budgets matched to the 8 candidates of rSFT/DPO.

Let C be the corrupted program, G the gold re-
pair, and M a sampled repair. Failed or unparsable
repairs receive r(M) = −0.2. For passing repairs,
the default RL reward is

r(M) = λexec − λedite(M),

where e(M) = d(M,C)− d(G,C), and d(·, ·) is
the normalized token-level Levenshtein distance
used in Section 3.1. We set λexec = 0.1 and
λedit = 1.0. This rewards passing repairs that
stay close in size to the gold patch and penalizes
edits beyond the required change: if the edit is too
large (> 0.3), it will receive a lower reward than
an incorrect edit.

We mainly evaluate Pass@1, excess normal-
ized Levenshtein distance, and added cognitive
complexity on out-of-domain corruptions. In
addition, we measure the change in performance
on LiveCodeBench v6 from the base model to
check whether minimal-edit training degrades
broader coding ability.

4.2 Results

RL gives the best out-of-domain trade-off.
Table 3 separates fitting the training corruption
families from generalizing to held-out ones. We
observe that SFT nearly solves the in-domain split,



Table 3: Minimal-edit training for Qwen3-4B-Instruct-2507 on in-domain and out-of-domain corruptions. Pass@1
is computed over all 400 evaluation examples; edit metrics are averaged over passing repairs. LCB: absolute
LiveCodeBench v6 score (%); parentheses give the change from the base model (32.6%).

Model In-domain Out-of-domain LCB (%) ↑
Pass@1 ↑ Excess Lev. ↓ Added CC ↓ Pass@1 ↑ Excess Lev. ↓ Added CC ↓

SFT 0.932 0.002 0.000 0.458 −0.008 0.006 17.7 (−14.9)
rSFT 0.782 0.100 0.435 0.780 0.107 0.501 25.7 (−6.9)
DPO 0.752 0.021 0.113 0.787 0.092 0.348 28.0 (−4.6)
RL 0.802 0.046 0.112 0.782 0.050 0.185 33.2 (+0.6)
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Figure 6: RL checkpoint curves for Qwen3 base models.
Solid lines show Pass@1 and dashed lines show excess
Levenshtein distance. Across model sizes, RL steadily
reduces excess edits while preserving or improving re-
pair success.

but its Pass@1 drops from 0.932 to 0.458 out of
domain. Therefore, its small edit metrics describe
only the subset of repairs that still pass, so they do
not indicate a usable repair policy. SFT’s slightly
negative out-of-domain excess distance (−0.008)
means it changes fewer tokens than the reference
repair in 21.3% of its correct OOD repairs (vs. 8.5%
across all methods). RL is significantly better
(p < 10−20) than SFT on out-of-domain Pass@1.
rSFT, DPO, and RL generalize more reliably than
SFT. Among them, DPO is marginally highest in
out-of-domain Pass@1, while RL gives almost the
same correctness with substantially smaller patches.
We also investigated alternative metrics including
excess line-diff and syntax-tree-diff metrics,
both of which give the same ranking (Spearman
ρ ≈ 0.91 with ELev). Details are in Appendix D.3.

We further scale up RL training using Qwen3
models ranging from 4B to 14B (Figure 6). Across
all model sizes, excess Levenshtein distance falls
steadily during training, while Pass@1 is preserved
or improved. Thus, minimal editing can be learned
as a transferable repair preference and is scalable
as a learning objective.

Table 4: Parameter-efficient RL with LoRA. Higher
ranks recover most full-parameter RL gains in edit fi-
delity while preserving LiveCodeBench performance.

Rank Pass@1 ↑ Excess
Lev. ↓

Added
CC ↓

LCB ∆ ↑

1 0.738 0.166 0.676 −0.022
8 0.775 0.112 0.426 −0.022
16 0.805 0.087 0.328 −0.005
32 0.795 0.065 0.235 −0.011
64 0.797 0.051 0.160 +0.001
Full RL 0.782 0.050 0.185 +0.006

RL preserves broader coding ability. Minimal-
edit training is useful only if it does not erase
broader coding skill. Table 3’s LCB column shows
that SFT loses the most (14.9 points, dropping from
32.6% to 17.7%), while rSFT and DPO also regress.
RL is the only method that remains flat-to-positive
(33.2%, +0.6 points). This is consistent with re-
cent findings that supervised fine-tuning can overfit
narrow synthetic distributions, whereas reinforce-
ment learning can better preserve transferable com-
petence (Chu et al., 2025; Shenfeld et al., 2025).
In the following ablations, we only report perfor-
mance on OOD setups.

LoRA recovers most minimal-editing gains.
The preceding results all use full-parameter
fine-tuning. Next, to test whether the behavior
requires broad weight changes, we train Qwen3 4B
with the same RL objective using LoRA adapters
(Hu et al., 2022) and sweep ranks from 1 to 64.
Table 4 suggests that minimal editing is largely a
learnable preference rather than a new coding skill.
Pass@1 saturates by rank 16, but edit fidelity keeps
improving through rank 64, which nearly matches
full RL on excess Levenshtein distance and
improves on its added cognitive complexity. Thus,
we conclude that minimal editing is a stylistic pref-
erence that can be captured with a relatively small
adapter, reducing interference with the base model.



Table 5: Reward-design ablations for RL on Qwen3 4B
Instruct. Pass@1 is computed over all examples; edit
metrics are averaged over passing repairs.

Reward Pass@1 ↑ Ex. Lev. ↓ Add. CC ↓

Correctness only 0.735 0.189 0.677
Edit only 0.775 0.070 0.284
Lev. + CogC 0.770 0.151 0.769
Full reward 0.782 0.050 0.185

Reward design trades off correctness and edit
locality. We show the ablation of reward design
in Table 5. Correctness alone (Row 1) produces
working but bulky edits, whereas the edit-only re-
ward (Row 2) still reaches high Pass@1, which is
largely due to dataset construction, since a correct
solution is one with minimal edits. Adding cogni-
tive complexity to the reward is worse here, likely
because it is too coarse for localized bug repair.
The full reward gives the best balance: it keeps
Pass@1 high while yielding the smallest patches
and lowest added complexity.

Comparison with related work. A related
work, AdaPatcher (Dai et al., 2025), pairs a
runtime-trace bug locator with DPO-positive
(DPOP) preference learning to favor small mod-
ifications. Lacking runtime traces, we compare
against its preference-learning stage by training
Qwen3-4B with DPOP under the DPO protocol.
DPOP performs comparably to DPO and below
RL: full-parameter DPOP reaches Pass@1 0.718
with excess distance 0.064 (RL: 0.782/0.050), and
LoRA r=64 DPOP reaches 0.783/0.082 vs. RL’s
0.797/0.051 (Appendix D.6). This is consistent
with on-policy RL generalizing better than offline
preference optimization (Chu et al., 2025).

Transfer to real bugs. Finally, we evaluate the
RL-trained Qwen3 models on Defects4J (Just
et al., 2014) bugs confined to a single modified
class and method. These are real human-written
Java bugs, unlike our injected Python training bugs.
As Table 6 shows, RL leaves pass rates essentially
unchanged while shrinking excess Levenshtein
distance and raw token edits. The minimal-editing
preference therefore transfers to realistic bugs in
an unseen language, though absolute repair rates
remain low at these model sizes.

5 Discussion

Why edit size matters. Software work splits
roughly into greenfield development, where new

Table 6: Cross-domain evaluation on single-method De-
fects4J bugs. RL preserves the pass rate while reducing
edit size.

Model Pass rate Token
edits ↓

Ex. Lev.
↓

Add. CC
↓

4B base 7.4% 51.9 0.114 0.123
4B RL 7.0% 35.3 0.060 0.065
14B base 14.9% 40.3 0.105 0.149
14B RL 14.5% 34.5 0.074 0.120

code is written from scratch, and brownfield
maintenance, where existing code must be changed
without disrupting surrounding behavior. In brown-
field repair, the model’s job is to fix an error, not to
rewrite style or structure that was not broken. Over-
editing is therefore a maintenance failure mode:
unlike an incorrect answer, a gratuitously large
rewrite can still pass tests, making it largely invisi-
ble to correctness-only evaluation. Reviewers must
still determine what changed, whether the change
is safe, and how it relates to the original implemen-
tation. A correct but unnecessarily large diff raises
review cost and hides regressions outside the tests.
We argue that the size of the edit is an important
dimension alongside functional correctness.

6 Conclusion

By measuring coding LLMs under a controlled
minimal-repair ground truth, we find that over-
editing is widespread. Explicit instructions to
preserve the original implementation substantially
reduce excess edits for most models, with both rea-
soning and open-weight coding models benefiting.
Over-editing is therefore a default editing behavior,
not an unavoidable capability limit. Post-training
experiments further indicate that minimal editing
can be learned more durably: in our study, RL im-
proves out-of-domain edit fidelity while preserving
broader coding competence better than standard
supervised fine-tuning. Overall, we believe that
code-repair models should be evaluated on both
functional correctness and edit fidelity.

Limitations

We use controlled function-level corruptions with
a known minimal reversal, which yields clean
ground truth for patch size but is simpler than real
repository bugs and multi-file changes. The main
evaluation tasks are in Python, and the training
experiments use the Qwen model family. Our
human studies are small in scale: three annotators



over 100 patch pairs for metric validation and a
single-annotator audit of 100 high-excess repairs.
While the Defects4J transfer results suggest that the
learned minimal-editing preference generalizes to
real Java bugs, absolute repair rates in that setting
remain low for the model sizes we train. Extending
the same measurements to repository-level edits,
more languages, richer reward designs, and larger-
scale human evaluation is important future work.

Ethical Considerations

Our work builds on open-source datasets and
evaluation protocols. While over-editing by code
agents could reduce efficiency, we do not believe
this work poses significant ethical risks. We do not
think there are other ethical considerations worth
mentioning.
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Appendix

The appendix has five parts. Appendix A docu-
ments how we construct the repair benchmark and
query models. Appendix B reports the checks that
validate our edit-fidelity measurements, including
two human studies. Appendix C gives the per-
model evaluation results and the statistical robust-
ness analyses behind the preservation-prompt ef-
fect. Appendix D covers the post-training experi-
ments and their ablations. Appendix E includes the
responsible-research statements.

A Benchmark Construction and
Evaluation Protocol

This section documents how we build the repair
benchmark and how we query models: the corrup-
tion families we inject into the reference solutions,
the composition of the resulting 400-task evalua-
tion set, the exact prompts for the two conditions,
and the API and decoding settings.

A.1 BigCodeBench Corruption Families
For each evaluation example, we sample one or
two corruptions from the families below.

1. Comparison Operators – Replace relational
operators (e.g., <↔ <=, ==↔ !=, >↔ >=).

2. Range Bounds – Add off-by-one errors in
range() calls (range(n)↔ range(n+1)).

3. Sort Order – Invert sorting order by toggling
reverse=True↔ reverse=False.

4. Accumulator Initialization – Modify initial
values of accumulators (0→ 1, []→ [0]).

5. Arithmetic Operators – Substitute arith-
metic operators (e.g., +↔ -, *↔ //, /↔ *).

6. Edge Case Guards – Add, modify, or remove
edge-case handling conditions.

7. List Indexing – Introduce off-by-one errors
in list or array indexing.

8. Function Call Substitution – Replace func-
tion calls with semantically similar ones (e.g.,
mean↔ median, max↔ min, sum↔ len).

9. Copy Removal – Remove calls to .copy()
methods, altering reference semantics.

10. Boolean Constants – Flip boolean constants
(True↔ False).

11. Numeric Constants – Adjust numeric
constants (integers by ±1, floats by ±0.1).

12. Slice Bounds – Shift slice boundaries by one
(e.g., [a:b]↔ [a+1:b] or [a:b-1]).

13. Conditional Inversion – Insert or remove
not in boolean expressions.

14. Range Step Modification – Alter the step
parameter in range() calls (e.g., range(0,
n, 1)↔ range(0, n, 2)).

A.2 Benchmark Composition Statistics
We report detailed statistics of the 400-task eval-
uation set summarized in Section 3.1. Each task
carries one or two injected corruptions (232 tasks
with one, 168 with two), giving 568 corruption ap-
plications in total. We measure function lengths on
AST-normalized executable function bodies after
excluding comments and docstrings (Table 7). The
gold patch reverses the applied AST transforma-
tions, and we calculate token edit distance between
the corrupted and canonical function bodies (Ta-
ble 8). We observe that gold repairs are small:
50.2% require a single token edit, 91.8% at most
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Table 7: Function-length distribution of the 400 tasks.

Measure Mean Med. Q1 Q3 P95 Min Max

Executable lines 10.36 10 7 13 19 3 34
Python tokens 110.18 102 77 134 199 32 364

Table 8: Minimal-patch-size distribution. The gold
patch reverses the corruptions (one or two per task).

Measure Mean Med. Q1 Q3

Gold token edit dist. 1.63 1 1 2
Normalized gold dist. 0.017 0.014 0.010 0.021
Gold line edit dist. 1.34 1 1 2

Table 9: Corruption-family distribution over the 568
corruption applications. A family can be applied twice
within a task, so the last column reports the number of
tasks containing the family.

Corruption family Applic. Share Tasks

Edge-case guards 129 22.7% 77 (19.2%)
Arithmetic operators 104 18.3% 61 (15.2%)
Comparison operators 75 13.2% 48 (12.0%)
Numeric constants 64 11.3% 64 (16.0%)
Range bounds 60 10.6% 34 (8.5%)
List indexing 43 7.6% 20 (5.0%)
Boolean constants 40 7.0% 40 (10.0%)
Function-call substitution 36 6.3% 36 (9.0%)
Sort order 10 1.8% 9 (2.2%)
Slice bounds 3 0.5% 3 (0.8%)
Accumulator initialization 2 0.4% 2 (0.5%)
Copy removal 2 0.4% 2 (0.5%)

Table 10: Higher-level bug categories obtained by group-
ing the corruption families. Share is the fraction of the
568 corruption applications; the last column is the frac-
tion of tasks containing the category.

Bug category Included families Share Tasks

Predicate/
control flow

Comparisons,
edge-case guards,
Boolean constants

43.0% 35.5%

Computation/
value

Arithmetic
operators, numeric
constants,
accumulator
initialization

29.9% 29.0%

Boundary/
iteration

Range bounds, list
indexing, slice
bounds

18.7% 13.5%

API/data
semantics

Function-call
substitution, sort
order, copy
removal

8.5% 11.5%

two, 96.8% at most three, and 98.0% at most four,
and every gold repair affects only one or two nor-
malized code lines. Table 9 gives the distribution
over corruption families; because a family can be
applied twice within a task, we report both appli-
cation counts and the number of tasks containing
each family. Table 10 groups the families into four
descriptive semantic categories.

A.3 Generic and Explicit Prompts
We give the exact prompts used in the two
evaluation conditions. Both conditions share the
same system prompt, which states the repair task
and the signature and docstring constraints without
mentioning preservation:

You are a Python Expert specializing
in code analysis and debugging. When
provided with a problem statement, your
task is to fix the code.
Do not change the function signature,
default arguments, or docstring. Use the
docstring to understand the requirements
of the function.

We keep the signature and docstring constraint
in both conditions because it represents the basic
setting of code editing. The user message is shared
as well, and ends with a request that carries the
only text differing between the two conditions:

I am trying to implement a function
with the following specifications:
{problem_statement}.

The function I have written so far is:
{corrupted_solution}

{request}

followed by a fixed instruction to wrap the re-
sponse in a Python code block. In the generic
condition the request is:

What is wrong? Fix and complete my
function.

and in the explicit (preservation) condition it is:

What is wrong? Fix and complete my
function but keep as much of the original
code as possible.

The intervention we measure is therefore
deliberately small: a single trailing clause added
to the request, shown in bold, leaving the system
prompt, task description, and test suite unchanged.

A.4 API and Decoding Settings
We ran the frontier models through the OpenAI,
Anthropic, Google, and OpenRouter APIs using
provider-default decoding settings (temperature
= 1) unless a provider required a different setting.
OpenAI and Anthropic runs use batch completion
APIs. Claude thinking models use a 10,000-token
thinking budget and a 64,000-token maximum
output length; other models use provider- and
model-specific output limits through OpenRouter.
For reasoning models, we use the highest available
reasoning effort. In OpenRouter runs with



reasoning controls, Anthropic high-reasoning
models use reasoning.max_tokens=10000,
while other supported providers use
reasoning.effort=high; all high-reasoning
runs set reasoning.exclude=true. We record
reasoning-token counts, available reasoning text or
details, and finish reasons for audit.

B Validating the Edit-Fidelity
Measurements

This section reports the checks supporting our use
of excess Levenshtein distance and added cognitive
complexity as edit-fidelity measures: a comparison
against a CodeBLEU-based alternative, two human
studies, an inter-model reliability check on the
over-editing taxonomy, and qualitative examples.

B.1 Metric Sanity Check Against CodeBLEU

We also compare token-level Levenshtein distance
with a CodeBLEU-based analogue of excess patch
size. Because CodeBLEU is a similarity metric
where higher is better, we compute the difference
between the gold repair’s CodeBLEU similarity to
the corrupted input and the model output’s similar-
ity to that same corrupted input. Values closer to
zero should therefore indicate that the model patch
is about as small as the known gold repair.

The comparison gives slightly different conclu-
sions from token edit distance. In matched-correct
reasoning comparisons, CodeBLEU can favor a re-
pair that preserves broad lexical or structural over-
lap while still changing unrelated code. It can also
assign a model output a smaller excess score than
the gold repair, implying a patch more minimal
than the known reversal of the injected corruption.
That behavior is difficult to interpret in our con-
trolled setting, where the intended local repair is
known by construction.

Figure 7 shows two matched-correct cases with
high disagreement between the metrics. In both,
o4-mini repairs the injected bugs with the smaller
token-level patch but renames nearby variables,
while GPT-4.1 rewrites entire statements; Code-
BLEU rates the rewrite as the more minimal edit
because long contiguous n-grams survive while the
renames are penalized. Token edit distance better
matches the intuition that a repair should disturb
the implementation as little as possible. We there-
fore use token-level Levenshtein distance as the
main edit-size metric: it directly measures whether
the model disturbed the implementation beyond

reversing the injected bug, rather than rewarding
broad similarity to the corrupted program.

B.2 Human Studies

Human validation of the edit-fidelity metrics.
We recruited three annotators with 5–10 years of
software-development experience. Each annotator
evaluated the same 100 pairs of patches, where
both patches in a pair repaired the same corrupted
program and passed all available tests. We hid
model identities and metric values, and we bal-
anced the presentation order of Patch A and Patch
B to avoid positional bias. For each pair, we asked:
(1) Which patch is easier to review and understand?
(2) Which patch more faithfully preserves the orig-
inal implementation? The annotators are personal
acquaintances of the authors from outside our re-
search group; they were recruited as volunteers
and gave consent to share their annotations for the
purpose of scientific research.

We used the majority judgment of the three
annotators as the human preference and measured
its agreement with the patch preferred by each
automatic metric, reporting Cohen’s κ to account
for agreement expected by chance (Table 11). We
exclude from the denominators the cases where the
human majority judgment was a tie or where no ma-
jority was reached; for added cognitive complexity,
we additionally exclude pairs where both patches
had the same complexity score and the metric there-
fore expressed no preference. We also find that the
annotators agree substantially with one another on
reviewability and almost perfectly on faithfulness
(Table 12; as this comparison involves three anno-
tators, we report Fleiss’ κ). Overall, we observe
that excess edit distance agrees very strongly with
developers’ perceptions of both reviewability and
faithfulness, while added cognitive complexity
agrees moderately, supporting its role as a
complementary measure of structural overhead.

Table 11: Agreement between each automatic metric
and the human majority over 100 blinded patch pairs.

Excess edit dist. Added cog. compl.

Human judgment Agr. κ Agr. κ

Easier to review 94.8% 0.897 72.7% 0.455
More faithful 96.9% 0.939 69.2% 0.386



Case 1 task_func(df, dct, columns=None) BigCodeBench/223
bug 1:  if not isinstance(df, )      if isinstance(df, )
bug 2:  df.mean()      df.median()

excess Levenshtein 0.085
excess CodeBLEU 0.185o4-mini (reasoning)

- if isinstance(df, pd.DataFrame):
+ if not isinstance(df, pd.DataFrame):

- for column in columns:
-     if df[column].dtype == 'object':
-         df[column] = le.fit_transform(df[column])
+ for col in columns:
+     if col in df.columns and df[col].dtype == :
+         df[col] = le.fit_transform(df[col])

- df = (df - df.median()) / df.std()
+ df = (df - df.mean()) / df.std()

excess Levenshtein 0.192
excess CodeBLEU 0.132GPT-4.1 (non-reasoning)

- if isinstance(df, pd.DataFrame):
+ if not isinstance(df, pd.DataFrame):

- df = (df - df.median()) / df.std()
+ num_cols = df.select_dtypes(include=['number']).
+ df[num_cols] = (df[num_cols] - df[num_cols].mean

Case 2 task_func(list_of_lists, seed=42) BigCodeBench/309
bug 1:  if not list_:      if list_:
bug 2:  range(5)      range(5 + 1)

excess Levenshtein 0.145
excess CodeBLEU 0.283o4-mini (reasoning)

- for list_ in list_of_lists:
-     if list_:
-         list_ = [random.randint(0, 100)  (5 + 1)]
-     reshaped_data = np.array(list_).reshape(-1, 1)
-     scaled_list = scaler.fit_transform(reshaped_ )
-     scaled_data.append(scaled_list.flatten().tol )
+ for lst in list_of_lists:
+     if not lst:
+         lst = [random.randint(0, 100)  range(5)]
+     arr = np.array(lst).reshape(-1, 1)
+     scaled = scaler.fit_transform(arr).flatten()
 append line gets the same renames

excess Levenshtein 0.255
excess CodeBLEU 0.180GPT-4.1 (non-reasoning)

- scaler = MinMaxScaler(feature_range=(0, 1))

-     if list_:
-         list_ = [random.randint(0, 100)  (5 + 1)]
-     reshaped_data = np.array(list_).reshape(-1, 1)
+     if not list_:
+         list_ = [random.randint(0, 100)  range(5)]
+     arr = np.array(list_).reshape(-1, 1)
+     scaler = MinMaxScaler(feature_range=(0, 1))
 fit_transform(reshaped_data)  fit_transform(arr)

Figure 7: High-divergence examples between CodeBLEU and token-level Levenshtein distance. In two matched-
correct repairs, both models fix the injected bugs (amber) and pass all tests, yet the metrics prefer opposite patches:
token edit distance prefers o4-mini’s smaller patch, while CodeBLEU prefers GPT-4.1’s larger rewrite, because
identifier renames break n-gram overlap more than statement rewrites that preserve surrounding text. Bars show
excess over the gold repair on a shared axis (lower is better); diffs are comment-stripped function bodies.

Table 12: Agreement among the three annotators.

Human judgment Pairwise agr. Fleiss’ κ Unanimous

Easier to review 84.0% 0.690 77/100
More faithful 92.3% 0.850 89/100

Manual audit of high-excess passing repairs.
To verify that a high excess Levenshtein distance
reflects genuine over-editing rather than valid alter-
native repairs, we conducted a blinded manual audit
of 100 sampled correct repairs with high excess dis-
tance. The annotator judged 79 repairs to contain
genuinely unnecessary edits, 17 to be valid alterna-
tive local fixes, and 4 to be unclear. Among the 96
determinate cases, 82.3% contained unnecessary
edits (95% CI 73.5%–88.6%), whereas 17.7% were
alternative local fixes. We conclude that high ex-
cess distance predominantly reflects over-editing.

B.3 Reliability of the Over-Editing Taxonomy

We designed and applied the taxonomy in Table 2
in two separate steps: we defined the categories
by observable structural properties of the diffs and
froze them into the annotation codebook before
any labeling. The reliability question therefore
concerns the labels rather than the categories.

The shares in Table 2 come from an exhaustive
annotation rather than a sample: GPT-5.5 (tem-
perature 0) labels all 530 passing repairs with ex-

cess Levenshtein distance ≥ 0.5 among the 10,000
repairs that the five frontier models produce on
the corruption-expanded set of 2,000 corrupted in-
stances. Each case presents the gold minimal patch
and the model patch as unified diffs; the source
model, execution status, and metric values are hid-
den from the annotator. Only 2.5% of cases re-
ceive zero labels, and 81.5% are labeled with high
confidence. Table 13 reports the shares under four
scopes: the full population, the subset from the 400-
task evaluation set, the subset excluding GPT-5.5’s
own repairs, and the subset excluding duplicate-
fallback corruption replicates. The two dominant
categories stay dominant in every scope, and no
share moves by more than 12 percentage points.

Table 13: Category shares (%) of the GPT-5.5 anno-
tation under four scopes: all 530 high-excess passing
repairs, the 400-task evaluation subset, the subset ex-
cluding GPT-5.5’s own repairs, and the subset excluding
duplicate-fallback corruption replicates.

Category Full Eval set No self No dup.

n 530 104 317 318

Defensive generalization 64.2 65.4 53.0 59.4
Data-flow rewrite 63.2 64.4 69.7 70.8
Contract drift 34.7 36.5 29.7 36.5
Feature accretion 23.6 23.1 30.0 25.2
Dependency fallback 3.2 3.8 0.9 2.2



Table 14: Category shares (%) among all 8,195 passing
repairs, over successive bins of excess Levenshtein dis-
tance E. Near-minimal repairs receive almost no labels,
and prevalence rises smoothly with excess.

Category E≤0 ≤0.1 ≤0.3 <0.5 ≥0.5

n 2644 1432 2083 1506 530

Defensive generalization 0.1 13.8 34.4 49.1 67.5
Data-flow rewrite 0.0 2.4 11.4 37.1 66.8
Contract drift 1.6 17.9 29.3 32.9 36.4
Feature accretion 0.0 4.5 19.3 24.5 23.2
Dependency fallback 0.0 0.2 0.1 0.4 3.2

Zero labels 98.3 64.8 29.6 14.5 2.1

Labeling every passing repair. To verify that
the categories capture over-editing rather than edit-
ing per se, we extended the annotation to all 8,195
passing repairs under the same frozen codebook
and blinded protocol. The taxonomy is highly spe-
cific: among near-minimal repairs (excess ≤ 0),
98.3% receive zero labels and no category exceeds
1.6%. The share of each category rises smoothly
as excess grows, rather than appearing only above
the 0.5 threshold (Table 14). This pass also re-
annotates the 530 high-excess repairs in freshly
composed batches and reproduces the labels be-
hind Table 2 with per-category test–retest Cohen’s
κ of 0.82–0.95 (exact label-set agreement 79.1%,
mean Jaccard 0.91), so the reported shares are sta-
ble under re-annotation.

To assess label reliability, we re-annotated a
random sample of 500 instances (100 per source
model) with five independent frontier models:
Claude Opus 4.6, Gemini 3.1 Pro, GPT-5.5, Grok
4.3, and DeepSeek V3.2. We gave all five models
an identical blinded prompt in which we hid the
source model, execution status, and metric values.
Table 15 shows the resulting agreement: we find
that the five models show substantial to almost-
perfect agreement on four of the five categories,
with contract drift at moderate agreement. We take
this as evidence that the categories are applied con-
sistently across independent models rather than
reflecting idiosyncrasies of GPT-5.5, the model we
used for the original annotation.

We also ran a sensitivity analysis that addresses
potential self-labeling bias: when we restrict the
sample to repairs not generated by GPT-5.5, we
observe no drop in agreement, so the presence of
GPT-5.5 outputs among the labeled instances does
not inflate agreement.

Table 15: Five-model agreement (Fleiss’ κ) on the over-
editing taxonomy over 500 blinded instances.

Category Fleiss’ κ

Feature accretion 0.90
Defensive generalization 0.83
Dependency fallback 0.78
Data-flow rewrite 0.66
Contract drift 0.40

B.4 Qualitative Over-Editing Examples

Table 16 makes the categories in Table 2 more con-
crete. It shows representative high-excess repairs
that still pass the tests, along with the injected cor-
ruptions, the minimal repair, and the extra behavior
introduced by the model. The categories are multi-
label, so a single repair can exhibit more than one
kind of over-editing.

C Additional Evaluation Results

This section reports the per-model numbers be-
hind the aggregate evaluation results in Sec-
tion 3.2, together with the open-weight prompt ab-
lation and the statistical robustness checks for the
preservation-prompt effect.

C.1 Per-Model Frontier Results

We report the per-model frontier results behind Fig-
ure 2 in Table 17, which lists each model under both
the generic and the explicit preservation prompt.
The table complements the aggregate trends dis-
cussed in the main text.

C.2 Open-Weight Preservation-Prompt
Ablation

We report the per-model open-weight prompt
ablation referenced in Section 3.2 in Table 18.
Prompts omit visible tests, and edit-fidelity metrics
use passing repairs.



Table 18: Open-weight model performance under
generic and preservation prompts that omit visible tests.
Explicit preservation improves correctness and reduces
over-editing across the evaluated model families.

Prompt Pass@1 ↑ Ex. Lev. ↓ Add. CC ↓ Over-edit ↓

Qwen2.5-Coder-14B-Instruct
generic 0.803 0.135 0.146 0.673
explicit 0.853 0.099 0.164 0.540

Qwen2.5-Coder-32B-Instruct
generic 0.782 0.155 0.265 0.732
explicit 0.820 0.101 0.207 0.564

Qwen3-Coder-30B-A3B-Instruct
generic 0.812 0.159 0.575 0.674
explicit 0.848 0.112 0.510 0.516

Llama-3.1-70B-Instruct
generic 0.767 0.213 0.336 0.759
explicit 0.790 0.153 0.231 0.665

Qwen3-Coder-480B-A35B-Instruct
generic 0.772 0.220 0.932 0.751
explicit 0.830 0.138 0.726 0.584

C.3 Statistical Robustness of the
Preservation-Prompt Effect

Paired inference for the Pass@1 gain. Table 17
lists 50 matched generic–explicit setting pairs. One
evaluation required repair: in the original generic-
prompt run of Qwen3-Coder Plus, 112 of the 400
test executions (28%) were killed by evaluation-
harness resource starvation, while the same model’s
explicit-prompt run and every other run in the
same evaluation batches were unaffected. We there-
fore re-executed the tests for that run’s unchanged
generations under the standard per-task limit; ev-
ery task that originally passed still passes, and
Table 17 carries the corrected numbers. Across
the 50 matched settings, Pass@1 increases from
81.49% to 83.74% (+2.26 percentage points), with
a paired model-bootstrap 95% confidence inter-
val of [+1.49,+3.05] points. We observe the im-
provement in 40 of 50 settings, and it is signifi-

cant under both a two-sided Wilcoxon signed-rank
test (p = 9.88 × 10−8) and a two-sided sign test
(p = 9.26× 10−6).

Multiple samples per task. As the main evalua-
tion uses provider-default decoding with a single
sample, we verified the prompt effect under re-
peated sampling: for 100 randomly drawn tasks, we
collected eight independent temperature-1.0 sam-
ples per model and prompt (Table 19). We observe
that the result is consistent with the single-sample
evaluation: explicit prompting reduces over-editing
by 19–32% relative and yields higher Pass@1 on
all three models.

Table 19: Repeated-sampling check with eight
temperature-1.0 samples per task on 100 random tasks.

Prompt Pass@1 ↑ Ex. Lev. ↓ Add. CC ↓

DeepSeek Chat V3.1
Generic 0.766 0.189 0.878
Explicit 0.799 0.130 0.510

Gemini 2.5 Flash High
Generic 0.721 0.240 1.371
Explicit 0.754 0.200 1.111

GPT-4.1
Generic 0.720 0.308 1.701
Explicit 0.756 0.243 1.240

Preservation-instruction variants. The main
evaluation tests the preservation instruction as a
single fixed sentence. To check that the effect is
not specific to its wording, we evaluated Qwen3-
14B with three alternative preservation instructions
(Table 20): asking for the smallest-possible patch,
imposing a three-line edit budget, and instructing
the model to localize the bug, then fix it. We find
that all variants improve Pass@1 while reducing
over-editing relative to the generic prompt, and that
very strong constraints such as the explicit edit bud-
get produce the smallest excess distance, at a small

Table 16: Qualitative examples of passing repairs that over-edit. The table shows the local repair required for each
bug and the additional behavior introduced by the model.

Issue type Model Injected corruptions Minimal repair Extra model behavior

Data-flow rewrite DeepSeek V3.2 Comparison operators;
edge-case guards

Fix the empty-input guard and keep the
simple fruit-count aggregation.

Replaces the aggregation with explicit
dictionaries and loops, changing the
structure of the data pipeline.

Defensive generalization GPT-5.5 Edge-case guards;
comparison operators

Change the numeric-data guard so
nonempty numeric strings are accepted.

Adds JSON parsing, string/list/scalar
handling, non-finite checks, exception
chaining, and new plot labels.

Contract drift GPT-5.5 Conditional inversion;
arithmetic operators

Fix the interval/duration guard, loop
timing, and CPU-output line index.

Buffers CPU measurements and writes
one JSON array instead of preserving
newline-delimited records.

Feature accretion DeepSeek V3.2 Numeric constants; list
indexing

Use 1000 samples and the correct
colorbar collection index.

Builds a richer plot with a new figure,
scatter points, analytic curve, mean/std
lines, labels, legend, and grid.

Dependency fallback GPT-5.5 Arithmetic operators; sort
order

Increment word frequencies and remove
a no-op sort argument.

Adds a hardcoded stopword fallback,
exception handling, and changes the
token deduplication flow.



Table 17: Frontier model performance under the generic repair prompt and the explicit preservation prompt. Higher
Pass@1 and lower excess edit distance and added cognitive complexity indicate more faithful repairs; most models
reduce excess edits under the explicit prompt while maintaining or improving correctness. †The generic-prompt
tests for this run were re-executed under the standard per-task limit after evaluation-harness resource starvation
invalidated 112 of the 400 original test executions (Appendix C.3).

Model
Generic prompt Explicit prompt

Pass@1 ↑ Excess Lev. ↓ Added CC ↓ Pass@1 ↑ Excess Lev. ↓ Added CC ↓

Reasoning models
Claude Opus 4.7 High (Anthropic, 2026b) 0.912 0.0745 0.1123 0.930 0.0585 0.1102
Claude Sonnet 4.6 High (Anthropic, 2026c) 0.898 0.0935 0.1309 0.895 0.0588 0.0726
Grok 4.3 High (xAI, 2026) 0.863 0.0966 0.0899 0.878 0.0480 0.0313
GLM 5.1 High (Z.ai, 2026b) 0.875 0.1004 0.1314 0.870 0.0695 0.0920
Kimi K2.6 High (Moonshot AI, 2026b) 0.850 0.1486 0.5353 0.890 0.0791 0.2949
GPT-5.5 High (OpenAI, 2026b) 0.823 0.2986 1.0213 0.833 0.1589 0.7477
DeepSeek V3.2 High (DeepSeek-AI, 2025) 0.763 0.2652 0.9180 0.770 0.2179 0.8961
GPT-5.4 (OpenAI, 2026a) 0.723 0.3945 2.3125 0.810 0.2263 1.3500
Claude Sonnet 3.7 (Anthropic, 2025a) 0.844 0.1192 0.4623 0.875 0.0725 0.3033
Claude Sonnet 4 (Anthropic, 2025b) 0.875 0.1140 0.5013 0.877 0.0772 0.4261
Claude Opus 4.6 (Anthropic, 2026a) 0.912 0.0599 0.2000 0.920 0.0326 0.1125
Gemini 3.1 Pro Preview (Google, 2026) 0.858 0.1448 0.5013 0.877 0.0765 0.3375
GLM 5 High (Z.ai, 2026a) 0.859 0.0991 0.3196 0.890 0.0523 0.1797
Qwen 3.6 Plus High (Alibaba Cloud, 2026) 0.858 0.1446 0.0475 0.873 0.0710 0.0200
Kimi K2.5 High (Moonshot AI, 2026a) 0.835 0.1509 0.7700 0.882 0.0686 0.4035
DeepSeek Chat V3.1 (DeepSeek AI, 2025) 0.795 0.2320 0.6942 0.845 0.1633 0.4660
DeepSeek R1 (DeepSeek-AI et al., 2025a) 0.820 0.2322 0.6725 0.782 0.1714 0.5542
Gemini 2.5 Flash High (Google, 2025) 0.772 0.2578 1.2850 0.838 0.1517 0.5800
GLM 4.5 High (GLM-4.5 Team et al., 2025) 0.810 0.1865 0.6550 0.835 0.1174 0.7000
GPT-5 High (OpenAI, 2025a) 0.713 0.4379 3.8321 0.785 0.2278 2.1754
Magistral Medium (Mistral AI, 2025a) 0.768 0.2238 1.2469 0.728 0.2072 1.2306
o4-mini High (OpenAI, 2025c) 0.770 0.3439 1.0000 0.838 0.1651 0.4225
Qwen3 235B A22B (Yang et al., 2025) 0.782 0.1823 0.5464 0.780 0.1574 0.2732
Qwen3 235B A22B Thinking 2507 (Qwen Team, 2025a) 0.807 0.1882 0.6950 0.812 0.1331 0.4849

Non-reasoning models
Claude Opus 4.7 (Anthropic, 2026b) 0.918 0.0704 0.0845 0.932 0.0557 0.1635
Claude Sonnet 4.6 (Anthropic, 2026c) 0.878 0.1010 0.2479 0.890 0.0660 0.1376
Grok 4.3 (xAI, 2026) 0.878 0.1145 0.1140 0.870 0.0654 0.1322
GLM 5.1 (Z.ai, 2026b) 0.858 0.1087 0.1429 0.898 0.0655 0.1365
Kimi K2.6 (Moonshot AI, 2026b) 0.840 0.1518 0.3601 0.885 0.0801 0.2232
GPT-5.5 (OpenAI, 2026b) 0.808 0.2993 0.7895 0.835 0.1566 0.7635
DeepSeek V3.2 (DeepSeek-AI, 2025) 0.775 0.2753 1.2161 0.770 0.2103 0.8896
Qwen3-Coder 480B A35B (Qwen Team, 2025b) 0.772 0.2196 0.9320 0.830 0.1383 0.7259
Qwen3-Coder Plus† (Qwen Team, 2025b) 0.785 0.2374 1.0064 0.795 0.1687 0.9182
GPT-5.4 (OpenAI, 2026a) 0.770 0.3273 1.5625 0.782 0.2851 1.7200
Claude Sonnet 3.5 (Anthropic, 2024) 0.740 0.2778 1.0850 0.775 0.1982 0.6900
Claude Sonnet 4 0.830 0.1514 0.7175 0.848 0.0975 0.4625
Claude Opus 4.6 (Anthropic, 2026a) 0.900 0.0790 0.3125 0.912 0.0490 0.1675
Gemini 3.1 Pro Preview (Google, 2026) 0.860 0.1286 0.3575 0.880 0.0822 0.3509
GLM 5 (Z.ai, 2026a) 0.840 0.0967 0.2350 0.882 0.0412 0.1425
Qwen 3.6 Plus (Alibaba Cloud, 2026) 0.870 0.1057 0.6050 0.880 0.0709 0.4325
Kimi K2.5 (Moonshot AI, 2026a) 0.770 0.1396 0.6865 0.873 0.0705 0.2800
DeepSeek Chat V3.1 (DeepSeek AI, 2025) 0.802 0.2353 1.2225 0.840 0.1473 0.6175
DeepSeek V3 (DeepSeek-AI et al., 2025b) 0.800 0.2007 0.8025 0.785 0.1711 0.7225
Gemini 2.5 Flash (Google, 2025) 0.759 0.2515 1.3559 0.800 0.1829 1.4950
GLM 4.5 (GLM-4.5 Team et al., 2025) 0.805 0.1880 0.6800 0.810 0.1229 0.5125
GPT-5 Minimal (OpenAI, 2025a) 0.738 0.3968 2.8772 0.765 0.2701 1.9724
GPT-4.1 (OpenAI, 2025b) 0.738 0.3104 1.2975 0.782 0.2136 0.8800
Mistral Medium (Mistral AI, 2025b) 0.802 0.1319 0.3225 0.802 0.1194 0.3575
Qwen3 235B A22B 2507 (Yang et al., 2025) 0.715 0.3035 1.0225 0.734 0.2962 1.0902
Qwen3 235B A22B (Yang et al., 2025) 0.707 0.2669 0.7744 0.703 0.2535 0.7425



cost in correct repairs.

Table 20: Effect of alternative preservation instructions
on Qwen3-14B.

User instruction Pass@1 ↑ Ex. Lev. ↓ Add. CC ↓

Generic 0.790 0.123 0.317
Explicit (main paper) 0.803 0.074 0.249
Smallest-possible patch 0.808 0.035 0.130
Three-line budget 0.793 0.024 0.060
Localize then fix 0.813 0.050 0.086

D Post-Training Details and Additional
Analyses

This section records the training configuration for
the minimal-edit experiments in Section 4.1, to-
gether with the analyses that support them: aux-
iliary edit metrics, matched corruption counts, an
RL rollout-budget ablation, and a comparison with
AdaPatcher-style DPOP.

D.1 Minimal-Edit Training Setup

Table 3 reports the in-domain and out-of-domain
scores. Here, we record the run settings and held-
out corruption families.

Optimization settings. We train SFT, rSFT, and
DPO with LlamaFactory (Zheng et al., 2024b) for
three epochs using a learning rate of 10−5; for
DPO, we use a preference beta of 0.1. We train RL
with PRIME-RL (Prime Intellect, 2025) using a
learning rate of 10−6, 16 rollouts per example, and
a group-mean baseline for advantage estimation.
We use the execution-plus-edit-distance reward de-
fined in Section 4.1, with λexec = 0.1, λedit = 1.0,
and r(M) = −0.2 for failed or unparsable repairs.
We evaluate cognitive complexity in the main-text
reward ablations, while the final reward uses exe-
cution and edit distance.

D.2 Held-Out DeepCoder Corruption
Families

For the out-of-domain training evaluation, we
apply the held-out corruption families below to
DeepCoder samples. These families differ from
the BigCodeBench evaluation corruptions in
Appendix A.1, helping us test transfer beyond a
fixed corruption list.

1. Min/Max Swap – Swap built-in functions
such as min and max.

2. Abs Wrapping – Wrap an arithmetic expres-
sion in abs(), or unwrap an abs() call.

3. Append/Extend Toggle – Toggle between
list.append(x) and list.extend([x]).

4. Enumerate Start – Shift the start parameter
of enumerate(), such as implicit 0 to 1.

5. Break/Continue Swap – Replace break with
continue, or vice versa.

6. Dict Get Default – Modify or inject the
default value in dict.get() calls.

7. String Case Swap – Toggle string case
methods such as .lower() and .upper().

8. Strip Variant – Change a strip variant, such
as .strip() to .rstrip() or .lstrip().

9. Join Separator – Alter the separator in
str.join() calls.

10. Sorted Key Toggle – Add or remove
a key=len argument in sorted() or
list.sort() calls.

11. Set/List Cast Swap – Swap set(x) with
list(x), or vice versa.

12. Round/Int Swap – Replace round(x) with
int(x), or vice versa.

13. Comprehension Filter Removal – Drop
one filter clause from a list, set, or dictionary
comprehension.

14. Find/Index Swap – Toggle between
str.find() and str.index().

15. Any/All Swap – Replace any(...) with
all(...), or vice versa.

16. Zip Argument Order – Reverse the first two
positional arguments of a zip() call.

17. Len Range Endpoint – Modify
range(len(x)) to range(len(x)+1)
or range(len(x)-1).

18. Negative Index Shift – Shift negative con-
stant indices by one, such as [-1] to [-2].

19. Dict Iteration Variant – Swap dictionary it-
eration methods such as .items(), .keys(),
and .values().

20. None Equality Operator – Toggle None
comparisons between ==/!= and is/is not.

D.3 Auxiliary Edit Metrics
We recomputed the out-of-domain comparison
of Table 3 with two auxiliary metrics, each
defined analogously to excess Levenshtein
distance as the model-to-buggy distance minus



the reference-to-buggy distance: a raw line-level
edit distance (excess line diff ) and a syntax-aware
tree edit distance computed with DiffSitter2

(excess syntax-tree diff ), which compares parsed
syntax trees and is less sensitive to surface-level
differences. We observe that both auxiliary
metrics produce the same model ordering as
excess Levenshtein distance (Table 21), which also
correlates strongly with both at the instance level
(pooled Spearman ρ = 0.909 with line diff and
ρ = 0.910 with syntax-tree diff over the 1,123
correct out-of-domain repairs). We conclude that
the results are not driven mainly by tokenization or
formatting. We retain Levenshtein distance as the
primary metric because it is more fine-grained than
line diff, and added cognitive complexity because
it measures added control-flow complexity;
syntax-tree diff captures broader structural changes
and serves as a complementary validity check.

Table 21: Auxiliary excess edit metrics on correct out-
of-domain repairs.

Model Excess line diff Excess syntax-tree diff

SFT −0.175 −0.175
rSFT 1.721 1.897
DPO 1.260 1.390
RL 0.645 0.725

D.4 Matched Corruption Counts in Training
and Evaluation

Our main setup trains with 1–10 corruptions per
sample and evaluates with one or two, which could
in principle confound the method comparison. We
therefore repeated the full comparison with exactly
one corruption per program in both the DeepCoder
training set and the corrupted BigCodeBench evalu-
ation set (Table 22). We reach the same qualitative
conclusions: SFT collapses out of domain, DPO
trades correctness for small edits, and RL remains
the best overall combination of high Pass@1 and
low excess edit distance.

Table 22: Post-training comparison with exactly one
corruption per program in both training and evaluation.

Model Pass@1 ↑ Ex. Lev. ↓ Add. CC ↓

Untrained baseline 0.745 0.089 0.425
SFT 0.390 −0.001 0.003
rSFT 0.758 0.061 0.263
DPO 0.640 0.013 0.005
RL 0.753 0.024 0.113

2https://github.com/afnanenayet/diffsitter

D.5 RL Rollout-Budget Ablation
rSFT and DPO use 8 generated candidates per train-
ing sample, while RL uses K=16 rollouts. To test
whether the RL advantage comes from the larger
sampling budget, we retrained RL with 8 and 4
rollouts (Table 23). We observe that decreasing the
number of rollouts hurts performance only mildly,
and that RL with K=8 (matching the rSFT/DPO
candidate budget) still achieves a better edit-fidelity
trade-off than rSFT and DPO in Table 3. We
conclude that the difference in learning objective,
rather than the candidate budget, is the dominant
factor. Due to compute constraints, we do not per-
form a comprehensive hyperparameter search.

Table 23: RL performance with reduced rollout budgets
on out-of-domain corruptions.

Nrollout Pass@1 ↑ Ex. Lev. ↓ Add. CC ↓

16 0.782 0.050 0.185
8 0.763 0.030 0.115
4 0.755 0.046 0.166

D.6 Comparison with AdaPatcher-Style
DPOP

We give the full comparison against AdaPatcher-
style DPO-positive (DPOP) preference learning
discussed in Section 4.1 in Table 24; we train
DPOP on our data under the DPO protocol.

Table 24: Comparison with AdaPatcher-style DPOP
preference learning on out-of-domain corruptions.

Method Setup Pass@1
↑

Ex. Lev.
↓

Add. CC
↓

DPO Full 0.787 0.092 0.348
RL Full 0.782 0.050 0.185
DPOP Full 0.718 0.064 0.366

RL LoRA r=64 0.797 0.051 0.160
DPOP LoRA r=64 0.783 0.082 0.502

E Responsible Research

E.1 Potential Risks
We study code-repair systems, so this work may
indirectly improve automated software modifica-
tion. The main risk is over-trust in model-generated
edits: a repair can pass tests while changing unre-
lated behavior, increasing review burden or hiding
regressions outside the test suite. We focus our ex-
periments on public benchmark programs and syn-
thetic, reversible corruptions, and we do not study
vulnerability discovery, exploit generation, or de-
ployment against production repositories. Through-

https://github.com/afnanenayet/diffsitter


out the paper, we advocate evaluating edit fi-
delity alongside functional correctness and keeping
model-produced repairs subject to human review.

E.2 Licenses and Intended Use of Scientific
Artifacts

We use third-party artifacts for research evaluation
or training in the manner described by their docu-
mentation. BigCodeBench (Zhuo et al., 2025), re-
leased under Apache 2.0, provides the 400 Python
repair tasks, reference solutions, and tests used
in the main evaluation; we inject local AST-level
corruptions into the reference solutions and evalu-
ate repairs with the original executable tests. The
public DeepCoder preview resources (Luo et al.,
2025), released under MIT terms, provide coding
samples for the minimal-edit training experiments,
where we create corrupted training and evalua-
tion instances and keep only corrupted programs
that fail tests. LiveCodeBench (Jain et al., 2024),
also released under MIT terms, serves as a held-
out broader coding benchmark; we report Live-
CodeBench v6 deltas to check whether minimal-
edit training harms general coding ability.

For open-weight inference and fine-tuning, we
use Qwen coding and Qwen3 models (Hui et al.,
2024; Yang et al., 2025). The Qwen releases
used here are distributed under Apache 2.0 except
where an individual model card states otherwise;
we evaluate Qwen2.5-Coder and Qwen3-Coder
variants and fine-tune Qwen3 4B/14B models
for minimal editing. We also use Llama-3.1-
70B-Instruct (Meta AI, 2024), governed by the
Llama 3.1 Community License, as an open-weight
prompt-ablation baseline through hosted inference.
For training infrastructure, we use LlamaFactory
(Zheng et al., 2024b) for SFT, rSFT, and DPO, and
PRIME-RL (Prime Intellect, 2025) for GRPO-style
reinforcement learning; both frameworks are
released under Apache 2.0. For closed API
models, we use provider-hosted inference under
the corresponding API terms and report aggregate
measurements and qualitative examples.

E.3 Data Composition and Privacy
We build the primary evaluation set from 400
BigCodeBench Python tasks, each with one or two
injected corruptions, and use a 400 × 5 variant-
expanded set aggregated over 10,000 model-case
evaluations for the corruption analysis. We
work with public code benchmarks and synthetic
program transformations; we do not use private

repositories, personally identifying information,
or intentionally offensive content. The only
human data we collect are the expert judgments
in the annotation studies of Appendix B.2, where
annotators compared pairs of model patches.

E.4 Compute
We conduct all experiments using NVIDIA A100
GPUs. Each run of 4B RL for 100 steps takes
around 3 hours on 8 GPUs.

E.5 AI Assistant Use
We used LLMs for limited research support, in-
cluding organizing experiment code and polishing
writing, plots, and tables. We did not use them
for study design, artifact selection, experiment
execution, result verification, or final claims.
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