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Abstract

Real code-editing requests typically mix the
target program with other related materials,
such as test results or documentation. How-
ever, models often make mistakes by incor-
rectly changing these supporting materials or
missing the actual code that needs correction.
To investigate this issue, we created multiple
task scenarios where the code needing changes
and the intended behavior remained constant,
while only the surrounding supporting texts
varied. This approach allowed us to test if sup-
porting texts that resemble code can confuse
the model, making it difficult to identify the
correct code to modify. To address this, we de-
veloped a simple yet effective training method
by showing the model examples of correct and
incorrect edits. Specifically, Correct examples
only modify the intended code, whereas incor-
rect examples mistakenly alter or duplicate sup-
porting texts. Our results suggest that reliable
code editing depends on the model’s early abil-
ity to distinguish between guidance materials
and the actual code requiring changes.

1 Introduction

Large language models have become widely
adopted as code-editing assistants (Chi et al., 2025),
enabling developers to request tasks like fixing
bugs, migrating APIs, repairing failing tests, or
adapting code snippets using natural-language in-
structions. However, these requests seldom arrive
neatly structured; developers often blend the tar-
get code with other contextual material. For in-
stance, a typical editing request might intermingle
the problematic source code with error traces, test
outputs, or related documentation snippets, creat-
ing prompts where multiple types of code-like text
coexist.

The mixture of diverse elements within a sin-
gle editing request poses a fundamental challenge:
the model must determine the intended role of

each pasted fragment. Developers frequently in-
clude text such as configuration keys or output ex-
amples when describing software issues on plat-
forms like Stack Overflow. While these fragments
superficially resemble executable code, their pur-
poses often contrast sharply—one might specify
the exact code needing modification, while another
merely serves as an illustrative example. This
subtle yet critical distinction often leads models
astray, prompting them to misinterpret the frag-
ment’s role even when correctly identifying its rel-
evance (Zverev et al., 2025). Anticipating and ad-
dressing this misinterpretation is the central focus
of our study. For instance, Section 3.1 illustrates
how models may incorrectly treat illustrative out-
puts as literal values to embed directly into the
code, rather than using them as a guideline for im-
plementing the desired transformation (Yi et al.,
2025).

Research on prompt injection provides a use-
ful perspective by highlighting that instruction-
following involves not only understanding natural
language, but also discerning which textual ele-
ments should guide a model’s response (Li et al.,
2024). Our setting, however, adds a code-editing-
specific binding problem. The pasted span is usu-
ally not malicious and not irrelevant: a test out-
put, trace, example, or documentation fragment
may be useful evidence that should constrain the
patch. The model must therefore do more than sep-
arate instruction from data; it must decide which
span gives the editing goal, which span supplies
evidence, and which span is the object that may
actually be modified. In typical debugging requests
posted on platforms like Stack Overflow, devel-
opers often paste snippets of code or error traces
adjacent to the code segment they wish to edit. Al-
though these pasted fragments appear actionable,
their actual role is to provide context or evidence
supporting the requested edit, rather than serving
as the direct target of modification. Our study
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Developer task packet

Request: 
  Convert   Hello World 
   into   hello-world

Example clue: 
print(make_slug("Hello World"))

Project file: 
text_utils.py

Current code: 
return text.lower()

wrong place

correct place

Edits the example print(make_slug("Hello World"))

Wrong fix: changed the wrong place

Role-aware 
alignment:
 learn what 
to read and 
what to edit

Edits 
text_utils.py

return 
text.lower().
replace(" ", "-")

Correct fix: changed the right place

Where 
should the 
patch land? Correct patch location

Wrong patch location

Figure 1: Developer requests can place a behavior hint next to project code. This schematic traces a simple mix-up:
the model may copy or rewrite the small snippet that shows what should happen, instead of updating the target code
that has to make it happen.

specifically investigates this confusion, defining
it as instruction-code boundary ambiguity.

When developers ask models to edit code, they
often place the instruction alongside various sup-
porting details—like logs or documentation notes—
to clarify their request. Yet ironically, this added
context might confuse rather than clarify. For in-
stance, language models may incorrectly rewrite
logs or insert illustrative outputs directly into the
code, instead of correctly updating the actual tar-
get code (Liu et al., 2024). Such mistakes hap-
pen because the model, while correctly identifying
the fragments as relevant, misunderstands their in-
tended role—treating supplementary examples or
explanations as code to directly modify, rather than
cues guiding the necessary change.

To address this confusion, we treat distinguish-
ing editable code from other instructions as a
preference-learning problem. Basic formatting—
such as adding headers or clearly marking code
boundaries—can initially help the model iden-
tify which sections might contain editable content.
However, formatting alone isn’t enough. Models
might still misinterpret well-marked fragments like
example outputs or stack traces, treating them in-
correctly as targets for editing. The root of this
issue is not visibility, but role misinterpretation.
Prompt-injection defense strategies highlight a sim-
ilar point: training signals can help models prefer
intended instructions over distracting or mislead-
ing content (Chen et al., 2025a). Following this
insight, we introduce lightweight adapters aimed
at shaping model preferences. Specifically, these
adapters encourage edits that target the intended
code sections, while discouraging incorrect modifi-
cations to explanatory text or verbatim copying of
provided examples.

2 Related Work

2.1 Instruction competition and role
assignment

Code-editing requests often place multiple text
blocks side-by-side, each potentially influencing
how a model understands what needs to be edited.
Even though simple visual markers like fences
or headers might help distinguish code from con-
textual material, they are not always sufficient.
Prompt-injection research tackles a more aggres-
sive form of this problem, where injected external
commands actively compete with legitimate user in-
structions. Methods such as SecAlign address this
by treating it as a preference-optimization issue:
models are trained explicitly to favor the intended
instruction rather than distracting injected content
(Chen et al., 2025b).

The code-editing setting differs in what the
model must do with the non-target span. In prompt-
injection defense, the unsafe span is typically some-
thing to resist or ignore. In code editing, the sup-
port span is often benign and relevant: the model
should read it, use it to infer the intended trans-
formation, and still avoid modifying or copying it.
This creates a target-binding problem rather than a
pure instruction-selection problem. A pasted test,
log, example, or documentation fragment may in-
fluence the model as if it were something to act
on, even when it is only part of the problem report.
Dimension-reduced reconstruction-map learning
highlights a related trade-off between input simpli-
fication and information loss (Zhang et al., 2025a);
here, we retain the prompt and distinguish the roles
of its parts.
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2.2 Paired instruction variants and
lightweight adaptation

Paired-instruction approaches provide useful in-
sights for addressing this challenge. MUFFIN, for
example, pairs one input with varied task instruc-
tions, teaching models to flexibly interpret the same
content differently (Lou et al., 2024). Conversely,
code-oriented instruction generation shows that dif-
ferent instructions can highlight distinct roles of the
same snippet (Wu et al., 2025). Together, these find-
ings naturally motivate training with paired vari-
ations: the edit task remains constant, but its sur-
rounding instructions shift to help the model clarify
context boundaries.

We apply this paired-variant approach to code
editing tasks. Specifically, we keep the target code
and the requested change fixed, then create request
variants by adjusting how supporting context (e.g.,
a test or log) is presented. This setup allows train-
ing to directly contrast edits applied correctly to the
intended code versus edits mistakenly influenced
by supporting evidence.

Fully fine-tuning a pretrained code model could
be unnecessarily costly for addressing the bound-
ary distinction problem, and might negatively im-
pact its pretrained coding capabilities. Parameter-
efficient methods like LoRA offer a better alterna-
tive, as they train lightweight adapters while pre-
serving pretrained knowledge by freezing the origi-
nal model weights (Hu et al., 2022). We therefore
adopt this lightweight adaptation approach, training
preference signals that guide the model to correctly
focus edits on the intended target code rather than
mistakenly altering context or supportive materi-
als. The separation of offline training from reuse
on new requests has a statistical analogue in amor-
tized multistate inference (Zhu and Zhang, 2026),
which learns reusable parameter posteriors rather
than editing policies.

3 Problem Formulation

3.1 Boundary ambiguity in code editing
Consider a Python edit request for a user-record
formatter. The request gives the following example
output from product documentation:

USER-0042: ADA LOVELACE

This example is only showing the output shape
that the function should produce. It should not be
copied as the exact string that the function returns
every time. The target code is:

def format_user(user):
return f"{user['id']}: {user['name']}"

The practical rule is simple: do not hard-code the
sample output; implement the rule behind it. The
function should still use the input user’s own fields,
pad the numeric ID to four digits, add the USER-
prefix, and convert the user’s name to uppercase.

def format_user(user):
return f"USER-{user['id']:04d}: {user['name'].upper()}"

This example illustrates the boundary problem.
USER-0042: ADA LOVELACE tells the model what
the output should look like, but it is not the code
to edit and not the exact answer to return every
time. The model needs to read 0042 as “take the
current user’s ID and pad it to four digits,” and read
ADA LOVELACE as “take the current user’s name and
uppercase it.” In other words, the function body is
the part to change; the documentation example is
only a guide for the output style.

A mistaken edit may instead copy the documen-
tation example into the function:

def format_user(user):
return "USER-0042: ADA LOVELACE"

This patch can look right at first glance because
it matches the example. However, it only works
for that one example and fails as soon as the input
changes:

format_user({"id": 7, "name": "grace hopper"})
# desired: USER-0007: GRACE HOPPER
# pasted-constant output: USER-0042: ADA LOVELACE

Real code-editing requests and developer Q&A
threads frequently embed the code to edit within
other code-like material, such as examples or docu-
mentation notes. Humans can usually distinguish
which part is the actual target and which merely pro-
vides context; however, models may confuse these
roles, especially when surrounding text resembles
actionable code. We define the task of distinguish-
ing these roles as instruction-code boundary disam-
biguation: identifying which portions of a mixed
request are instructions or supporting context, and
which portion represents the actual code to modify.

In the formatter example, the mistake is not just
an incomplete patch. It is an example-as-constant
boundary confusion: the model treats a documen-
tation example that should describe a general rule
as if it were the final implementation.
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encouraged

Possible model outputs

File-level repair
return text.lower().
replace(' ', '-')

Edit the example
print(make_slug('Hello-World'))

Answer-copy
return 'hello-world'

discouraged discouraged 

Figure 2: During alignment training, each code-editing request is associated with several candidate outputs generated
by the model. These candidates fall into two distinct groups: one includes outputs that correctly modify the intended
target code, which the model is trained to favor; the other includes outputs that mistakenly edit supporting material—
such as examples or explanatory context—or directly paste example outputs as fixed return strings, which the model
is explicitly taught to avoid.

3.2 Research questions

We focus on two questions.
RQ1. When the required edit to the target code is
already known and fixed, does placing a code-like
example inside the request make the model more
likely to copy the example or edit the wrong place?
RQ2. Can training the model to distinguish be-
tween correctly editing the intended target code
and mistakenly copying an example or editing an
irrelevant section reduce such errors, without hurt-
ing the model’s general code-generation ability?

Plain-language rewrites test whether the issue is
merely instruction wording, while visible separa-
tors test whether simple visual separation is suffi-
cient. The main comparison asks whether code-like
support material is assigned the wrong role.

3.3 Operationalization

For each benchmark task, which already pairs a
piece of code with a natural-language edit request
(Cassano et al., 2024), we keep the target code
and the correct patch unchanged and create sev-
eral matched versions of the request. One version
explains the change in plain language. Another ver-
sion includes a concrete output example, like the
formatter example above. A third version rewrites
the same idea in ordinary language without relying
on the concrete example. A fourth version presents
the example as documentation context rather than
as the main instruction.

The key comparison is the model’s behavior
across these versions. If the model succeeds when
the rule is written in plain words but fails when
the same rule is shown as an output example, then
the problem is probably not missing Python knowl-
edge. It is misunderstanding what the example is
for. If training with correct edits and these tempt-

ing wrong edits reduces copying and wrong-place
changes, then the model has learned a clearer dis-
tinction between the code to edit and the text that
only explains the edit.

4 Data and Prompt Variants

4.1 Benchmark-derived editing problems
To clearly observe how code-like context can lead
to editing mistakes, we first set up controlled exper-
iments using existing code-editing benchmark tasks
(Cassano et al., 2024). Specifically, we keep the de-
sired code edits unchanged while varying how the
instructions are presented. Our dataset is derived
from established benchmarks such as CodeEdi-
torBench (Guo et al., 2024b). Matching variants
within each edit group limits between-task hetero-
geneity, analogous to within-cohort treatment com-
parisons used to control background variability in
experimental studies (Shannon et al., 2025).

4.2 Instruction variants
Using the formatter example from Section 3.1, the
four instruction forms look as follows.

These four instruction variants require the exact
same final edit. We generate the variants with the
OpenAI API model gpt-4o-2024-08-06 using a
constrained JSON schema. For each edit group,
the API receives the original instruction, the target-
code span, the gold edited code, and the requested
variant type, and it may rewrite only the surround-
ing instruction and supporting context. It is not
used to generate gold patches or edit-success labels.
We render four requests per edit group, producing
12,960 variant prompts for 3,240 edit groups. Au-
tomatic validation rejects a variant if it changes
identifiers in the target code, alters the gold patch,
drops the required support span, or introduces a

1366



Version Instruction

Clean Format each user as a USER- record with a four-digit zero-padded ID and an uppercase name.
Code-like Use the example shape USER-0042: ADA LOVELACE as the formatting pattern.
Natural-language rewrite Prefix the record with USER-, pad the user’s numeric ID to four digits, and uppercase the user’s

name.
Role-shifted A documentation note shows the expected shape as USER-0042: ADA LOVELACE; update only

the Python function so it produces that shape for each input user.

Table 1: Matched instruction variants for the same edit.

different edit requirement. In the final generation
pass, 12,064 variants pass validation on the first
attempt, 823 after one regeneration, and 73 after
a final regeneration, leaving all accepted variants
with the same target code and gold repair.

5 Role-Aware Boundary Alignment and
Results

5.1 Method

Prompt-injection defenses motivate our training de-
sign by framing instruction following as a problem
of resolving competition among prompt spans: a
model must learn which text should control its re-
sponse and which text should be treated as context
(Chen et al., 2025b). We use this as a training anal-
ogy rather than treating code editing as ordinary
prompt injection. In our setting, the competing
span is often useful evidence, so the desired behav-
ior is not to ignore it, but to bind it to the correct
operation: read the evidence, infer the transforma-
tion, and apply the patch only to the target program.
Role-aware boundary alignment therefore aims to
induce a target-aware editing preference: the model
should condition patch generation on pasted evi-
dence without allowing that evidence itself to be-
come the edit target. In the formatter example from
Section 3.1, USER-0042: ADA LOVELACE should
constrain the transformation inside format_user;
a boundary-confused edit may instead incorporate
that example into the implementation. A full code-
model fine-tune would be an unnecessarily heavy
intervention and may also risk degrading the strong
code-generation and instruction-following abili-
ties already present in code LMs (Aggarwal et al.,
2025). We therefore freeze the base model and
train lightweight adapters to favor role-consistent
patches.

Because the boundary error involves a pref-
erence among plausible edits, we apply Direct
Preference Optimization after a supervised warm-
up. DPO directly optimizes a language model
from preference comparisons without fitting a sep-

arate reward model (Rafailov et al., 2023), which
matches our setting: the model must prefer the
patch that updates the target program over patches
that are pulled toward nearby pasted text. In train-
ing, each example is built around this same contrast.
The request contains an instruction, supporting ev-
idence, and target code. A correct answer uses
the evidence to update the target code. An incor-
rect answer instead copies evidence into the target
program, edits supporting text that should remain
unchanged, or inserts a nearby literal, example,
or trace into the program. The supervised warm-
up contains four rendered requests for each of the
2,040 training groups, yielding 8,160 supervised
instances. For preference training, each rendered
request is paired with two rejected candidates, giv-
ing 16,320 chosen–rejected pairs. The rejected
candidates are built from two sources: rule-based
transformations that hard-code or edit the support
span, and base-model outputs that match the same
failure patterns under the failure protocol in Ap-
pendix B. During preference training, the correct
patch is compared against these tempting wrong
patches. This turns the paper’s main intuition into
a training signal: pasted material may explain the
edit, but the edit itself should land on the target
program.

To make the comparison fair, the ordinary code-
edit SFT baseline uses the same adapter architec-
ture and the same number of supervised training
instances. The difference is what the examples ask
the model to practice. In the baseline, each example
is a standard code-edit request: it gives the code
to be changed, states the requested change, and
trains the model to return the same single edited-
code-block format used at evaluation time. It does
not include contrastive cases in which the model
must choose between revising the target code and
copying pasted evidence or returning a rewritten
support span. This comparison tests whether our
method improves robustness by training the model
to keep its attention on the intended code region.
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Base editor: Format-only tuning: Ordinary edit tuning: Role-aware alignment: 

no extra guidance 
on where to edit

makes visible code 
regions easier to 
notice; mostly helps 
at the surface

less focused on 
misplaced edits

teaches snippet 
versus file; directly 
strengthens what to 
read and what to edit

What each training setup teaches

Figure 3: We compare several methods for training models to handle code-editing requests containing multiple
code-like sections. First, we evaluate the unadapted instruction-tuned checkpoint, which already has general code-
generation and instruction-following ability but has not been trained with our boundary-disambiguation objective.
Then, we add basic formatting cues—such as fences, headers, or separators—to visually separate the target code
from other text. Next, we apply ordinary edit-tuning, providing additional training examples that demonstrate
the edited-code output format. Finally, we introduce role-aware alignment, which explicitly trains the model to
recognize the intended editing target and avoid copying evidence or returning a rewritten support span as the edit.

5.2 Evaluation setup

We evaluate five open-weight instruction-tuned
code checkpoints and report macro-averages unless
otherwise noted. We refer to the checkpoint before
any training on our data as the unadapted check-
point, rather than as a pretrained base model. The
compared systems are the unadapted checkpoint,
a format-only baseline, ordinary code-edit SFT,
and role-aware boundary alignment. The format-
only baseline uses one shared no-training template
selected by mean development-set Edit Success
across the five checkpoints: section headers plus a
fenced target-code block.

The main test slice contains 600 stratified editing
problems. For each problem, we evaluate matched
clean, code-like, and natural-language rewrite vari-
ants under a fixed prompt template. Edit Success
and General Pass@1 are defined in Appendix A.4.

5.3 Main results

Table 2 reports edit success macro-averaged across
the five models under matched instruction variants.

Table 2 reports the full condition-wise results,
while Figure 4 highlights the trade-off on the code-
like variant. The key comparison is between clean
and code-like variants under the fixed prompt tem-
plate. The base model drops from 58.7 on clean
instructions to 49.5 on code-like instructions, a 9.2-
point loss. Because the required target-code edit is
held fixed across variants, this drop points to a role-
disambiguation burden introduced by the code-like
support span. Natural-language rewrites recover
part of the loss, raising the base model from 49.5
to 55.0. In practical terms, a trace, output sketch,
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No Pass@1 drop
Base
Format-only
Ordinary SFT
Role-aware

Figure 4: Trade-off on the code-like variant. The x-axis
reports the change in overall coding skill. The y-axis
shows how often the model correctly edits the intended
target code, instead of mistakenly editing nearby exam-
ples or explanations. Dots near the upper-right corner
represent models that are better at changing the right
code without getting confused by nearby code-looking
examples or explanations.

regex, or short literal near the requested change
can become a competing action target: the model
may copy it, rewrite it, or follow it too literally in-
stead of updating the target program. This pattern
is closer to a mild instruction-steering problem than
ordinary patch-writing difficulty: pasted evidence
gains too much influence over what the model edits.
Formatting also helps, but only modestly: the fixed
format-only template raises code-like success to
52.8, leaving a large gap to clean instructions.

Role-aware alignment gives the strongest tar-
geted gain. It raises code-like success from 49.5 to
64.0, a 14.5-point gain over the base model. Rela-
tive to ordinary code-edit SFT, it adds 5.8 points, or
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System Clean Code-like NL rewrite Pass@1 ∆

Base model 58.7 49.5 55.0 0.0
Format-only 60.0 52.8 56.4 0.0
Ordinary code-edit SFT 64.1 58.2 61.3 −2.7
Role-aware alignment 65.3 64.0 64.8 −0.8

Table 2: Edit success on the primary controlled test slice under matched instruction variants. Scores are percentages
macro-averaged across the five checkpoints; Pass@1 ∆ is in percentage points.

about a 10% relative improvement. The observed
General Pass@1 drop is 0.8 points rather than 2.7.
The clean-to-code-like gap shrinks from 9.2 points
in the base model to 1.3 points after alignment.
This matches the method’s intended effect: the
model still has to find and apply the instruction,
but it becomes less likely to let a nearby example,
trace, or literal take control of the edit.

5.4 Diagnostic analysis

For the code-like variant, the failure protocol in
Appendix B gives a diagnostic view of where the
answer first goes off course. One path is target first,
patch wrong: the model reaches the intended code
region but writes an incomplete or incorrect repair.
The other path is evidence first, edit wrong: the
model acts on a pasted log, example, documenta-
tion note, or other span that should have guided the
edit rather than received the edit. Table 3 reports
the distribution of primary failure labels among
failed outputs, using the failure categories defined
in Appendix B.

Failures where the answer follows the wrong
pasted span fall from 41.7% in the base model to
18.3% after role-aware alignment. In the formatter
example from Section 3.1, this is the difference
between using USER-0042: ADA LOVELACE to in-
fer the padding and uppercasing rule, and putting
that exact string into the return statement; it is
also the difference between updating format_user
and rewriting the documentation example while the
function remains wrong. In real developer requests,
the same pattern can come from traces, tests, ex-
amples, or documentation notes. The larger share
of “right region, wrong patch” among the remain-
ing failures is a useful shift in the error pool: after
alignment, the model more often reaches the tar-
get code first, so the remaining failures more often
come from ordinary patch quality.

0 10 20 30 40 50

Role-aware

Ordinary SFT

Format-only

Base 41.7

35.4

31.4

18.3

Failed edits pulled to the wrong place (%)

Wrong region Misread role span

Figure 5: Among failed edits, this figure counts cases
where the output follows the wrong pasted span before
the patch is written: editing context that should only
be read, or treating an example-looking span as the
program to modify. Each bar adds these two mistakes
together. A larger bar-end number means that more
failed edits come from changing the wrong thing rather
than writing a bad patch in the right place.

6 Discussion and Conclusion

6.1 Discussion

Return to the example from Section 3.1, but only as
a small illustration of a broader pattern. The point
of the example is not that this one user-record task
is hard. The model may already know how to make
the small code change. The paper’s central answer
is no: code-editing failures do not always come
from weak patch writing. They can also come from
an answer-looking span that captures the model’s
attention and pulls the edit toward the wrong place.
In the example, the sample output should guide the
target program, not become the program’s fixed
answer. In real developer requests, the same pull
can come from any pasted support material that
looks close to code. The material is relevant, but
relevance is not the same as permission to copy or
edit it. This is the key code-editing distinction from
ordinary instruction-data separation: the support
span should influence the edit without becoming
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System Wrong region Misread role span Right region, wrong patch Other

Base model 24.6 17.1 36.5 21.8
Format-only 20.8 14.6 39.1 25.5
Ordinary code-edit SFT 17.9 13.5 43.8 24.8
Role-aware alignment 10.5 7.8 52.0 29.7

Table 3: Failure types in the code-like setting. Percentages are computed over failed outputs.

the edited object.
This explains why a fixed format-only template

and ordinary SFT help but do not solve the problem.
Visual separation can give the model landmarks in
a messy request, and ordinary SFT gives the model
more practice writing patches. Neither one directly
teaches the central judgment: read the support ma-
terial, but update the target program. Role-aware
alignment targets that judgment more directly. Its
rejected outputs are not random bad patches; they
are the tempting mistakes that mixed prompts natu-
rally invite, such as copying evidence, editing the
support block, or turning a sample answer into the
model’s answer.

The results answer the two questions that mo-
tivate the paper. First, code-like support material
adds a specific source of error beyond the ordi-
nary difficulty of finding an instruction in a long or
messy prompt: the model can be drawn toward the
wrong span even when that span is only evidence.
Second, preference training reduces that mistake
without forcing the model to relearn programming
from scratch. Role-aware alignment raises code-
like success by 14.5 points over the base model and
reduces the clean-to-code-like gap from 9.2 to 1.3
points. Relative to ordinary SFT, it gives about a
10% relative improvement on the code-like variant
with a smaller drop in general code-generation abil-
ity. The practical lesson is therefore not just that
this benchmark gets better. It is that code-editing
systems should treat “what text should I act on?”
as a first step, before asking “what patch should I
write?”

6.2 Conclusion

This paper identifies a practical boundary failure in
code editing: models can use relevant pasted mate-
rial but apply it to the wrong text. By holding the
requested edit fixed while varying the surrounding
code-like material, we separate this failure from
ordinary patch-writing errors. The central issue
is not whether the model understands the desired
behavior, but whether it can distinguish evidence
that should guide the edit from the program that

should be changed.
The main finding is that this boundary decision

can be trained with lightweight preference signals.
Instead of asking the model to relearn program-
ming, the training contrasts a target-code repair
with plausible mistakes that copy or modify sur-
rounding material. This pressure makes the model
more stable under mixed requests while preserving
most of its general code-generation ability.

These results suggest that boundary awareness
should be treated as part of code-editing robustness,
not merely as a formatting detail. Future work
should examine whether this capability remains
stable in multi-turn, tool-mediated, and multi-file
repair settings, where new evidence accumulates
and the intended edit target can become harder to
localize.

Limitations

Our failure analysis is behavioral rather than ex-
planatory of model internals. The failure types in
Table 3, defined in Appendix B, describe observ-
able output errors, such as editing supporting con-
text or reaching the target region but producing an
incorrect patch. The reduction in Wrong region and
Misread role span failures indicates that role-aware
alignment reduces boundary-related mistakes, but
this analysis does not explain how the model inter-
nally distinguishes editable code from supporting
context. Our scores characterize the evaluated edit-
ing setup, not model capability in isolation (Tan
et al., 2026).

The study focuses on single-turn edits with an
identifiable target-code region. Multi-file build fail-
ures, generated files, or tool-mediated repair loops
introduce additional boundaries beyond instruction
versus object code. Finally, boundary alignment
is designed for role confusion. It does not supply
missing library knowledge, redesign algorithms, or
guarantee the best patch once the correct location
is found.

Uncertainty over alternative patches remains un-
measured; likelihood-free posterior learning targets
parameter distributions (Zhang et al., 2025b), so
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applying it to structured code outputs requires a
separate probabilistic formulation.
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A Implementation and Evaluation Details

A.1 Model set
All experiments use single-turn code-editing
prompts rendered through each checkpoint’s rec-
ommended chat template. The evaluated check-
points come from the Code Llama, DeepSeek-
Coder, StarCoder2-Instruct, and Qwen2.5-Coder
model families (Rozière et al., 2023; Guo et al.,
2024a; Lozhkov et al., 2024; Wei et al., 2024; Hui
et al., 2024). The model is asked to return a single
edited code block for the span it believes should be
changed, enclosed in code fences when possible.
For scoring, we strip explanatory text, extract the
largest code block or raw code response, and align
it against the annotated target and support spans in
the request. This alignment converts the response
into a normalized candidate diff. Thus, references
below to a generated or normalized diff refer to this
post-processed candidate diff, not necessarily to a
raw unified diff emitted by the model. Responses
that are closest to a support span or unrelated span
are counted as wrong-region edits. No tool calls,
JSON mode, multi-turn interaction, or external ex-
ecution interface is used.

A.2 Data split and training budget
Before splitting, we remove 184 code-polishing
groups with non-binary rubric scores, leaving 3,240
binary-scored benchmark-derived edit groups. The
remaining groups are split by edit group into 2,040
training groups, 300 development groups, and 900
held-out evaluation groups. All four instruction
variants of the same edit group remain in the same
split to avoid leakage through near-duplicate code-
edit instances, a risk known to inflate evaluation
results in machine-learning-on-code settings (Al-
lamanis, 2019). The 600-problem primary slice is
drawn from the held-out pool.

We train rank-8 LoRA adapters with alpha 16
and dropout 0.05 on attention projection modules,
keeping dense model weights frozen in line with
LoRA’s parameter-efficient design of freezing pre-
trained weights while adding trainable low-rank
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Model Checkpoint Size

CodeLlama-Instruct codellama/CodeLlama-13b-Instruct-hf 13B
DeepSeek-Coder-Instruct deepseek-ai/deepseek-coder-6.7b-instruct 6.7B
StarCoder2-Instruct bigcode/starcoder2-15b-instruct-v0.1 15B
Qwen2.5-Coder-Instruct Qwen/Qwen2.5-Coder-7B-Instruct 7B
Qwen2.5-Coder-Instruct Qwen/Qwen2.5-Coder-14B-Instruct 14B

Table 4: Open-weight code models used in the evaluation.

Split / slice Groups Executable Patch-check

Training 2,040 1,346 694
Development 300 198 102
Held-out pool 900 594 306
Primary slice 600 396 204

Table 5: Composition of binary-scored edit groups. Ex-
ecutable cases are scored by running benchmark tests;
patch-check cases are scored with frozen edit constraints
defined before decoding.

update matrices (Hu et al., 2022). For the five-
model macro results, we train a separate supervised
adapter and a separate role-aware DPO adapter
for each evaluated checkpoint; adapters are never
shared across model families, architectures, or pa-
rameter sizes. Training prompts are capped at
8,192 tokens. The supervised warm-up and or-
dinary SFT baseline use AdamW with learning rate
2×10−4, effective batch size 64, one epoch, cosine
decay, and a 3% warm-up ratio. Role-aware DPO
starts from the corresponding supervised adapter
and uses β = 0.1, learning rate 5× 10−5, effective
batch size 64, one epoch, and the same prompt and
response length caps.

A.3 Decoding and patch checks

All reported decoding uses greedy generation with
max_new_tokens = 768, giving a deterministic
maximization-based decoding setting; decoding
strategy can materially affect generation behavior,
so we keep it fixed across systems (Holtzman et al.,
2020).

For each benchmark task, we define the patch-
checking rules before generating any model outputs
and keep these rules fixed throughout evaluation.
Depending on the task, these rules check whether
the post-processed candidate diff is localized to
the intended target span, inserts tokens that must
appear in the repair, removes tokens that should
no longer appear, uses the expected API-call form,
satisfies specified regex or literal constraints, and
matches the predefined edit constraints after super-
ficial formatting differences are normalized. We

Metric Scoring rule

Edit Success Binary. Executable benchmark cases
must pass tests after the extracted edit
is applied. Non-executable cases must
satisfy frozen patch checks defined
before decoding. Code-polishing
cases with non-binary scores are
excluded from Table 2.

General Pass@1 HumanEval+ and MBPP+ under
greedy decoding. General Pass@1 ∆
is the unweighted average of the two
Pass@1 deltas relative to the
corresponding base checkpoint.

Table 6: Evaluation metrics and scoring rules.

do not revise these checkers after inspecting model
outputs. In the primary slice, 396 problems are
executable and 204 are scored with frozen patch
checks.

A.4 Metrics

Unless otherwise noted, we report model-level
macro-averages: for each metric, we first compute
the score individually for each model, and then take
an unweighted average across all evaluated models.
This approach ensures that each model contributes
equally to the final reported result, rather than pool-
ing all outputs into a single combined score (Opitz,
2024). General code-generation ability is mea-
sured using HumanEval+ and MBPP+, which are
extended benchmarks from EvalPlus based on Hu-
manEval and MBPP (Chen et al., 2021; Austin
et al., 2021; Liu et al., 2023).

B Failure Classification Protocol

Each failed output is assigned one primary failure
label. The labels describe the visible failure in the
generated output, not the model’s internal mecha-
nism. To keep the categories mutually exclusive,
we apply the labels in the order below. If an out-
put fits more than one category, we use the first
applicable label.

We apply the ordered definitions with the Ope-
nAI API model gpt-4o-2024-08-06 using a fixed
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prompt. The classifier receives the original request,
the target-code span, support spans, gold patch,
generated output, and the ordered label definitions
below. It must return exactly one label and a short
evidence span. Invalid JSON outputs or labels out-
side the schema are retried once and otherwise
assigned to OTHER.
Wrong region. This label is used when the ex-
tracted response is localized to text that should
have been left unchanged instead of to the target
code. Examples include returning or rewriting an
example output, a log message, a test case, a docu-
mentation snippet, or an unrelated helper function
as if it were the edit target.
Misread role span. This label is used when the
model edits the target code, but uses nearby sup-
porting text in the wrong way. For example, the
model may hard-code an example output, paste a
nearby literal or trace into the program, or keep an
old name or value that the instruction says should
be replaced or removed.
Right region, wrong patch. This label is used
when the model changes the intended code region,
but the change is incomplete, incorrect, or does not
satisfy the requested edit.
Other. This label is used for failed outputs that
cannot be assigned cleanly to the three categories
above. This includes malformed or truncated out-
puts, outputs that omit the edited code, responses
that are mostly explanation rather than code, edits
that are too broad to localize to one primary error,
and cases where multiple unrelated mistakes make
the first failure point unclear.
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