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Abstract—Programmers create and merge branches for con-
current editing. Software merge, however, often introduces con-
flicts. These conflicts may stem from divergent edits to the
same lines (i.e., fextual conflicts), or from independent edits
whose combination triggers build errors (i.e., build conflicts) or
test failures (i.e., test conflicts). While existing tools can detect
textual conflicts, build conflicts remain challenging to address
automatically. Two tools can resolve some build conflicts, but their
applicability and effectiveness are quite limited. Recently, large
language models (LLMs) demonstrated strong capabilities in
program comprehension and code transformation. However, their
potential for resolving build conflicts has been largely unexplored.

This paper presents the first comprehensive evaluation of
LLM-based build conflict resolution. We designed six prompt
templates, which vary in contextual richness—from minimized
(mini) diffs that isolate the conflict region to full diffs, curated
resolution rules, and exemplar edits mined from branch histo-
ries. Using a dataset of 83 real build conflicts from 55 real-
world merge scenarios, we evaluated 4 modern LLMs—Claude
Sonnet 4, Gemini 2.5 Flash, Llama 4 Maverick, and OpenAl
04-mini—to explore how prompt structure and model choice
influence resolution quality. Our results show that prompt design
substantially influences model performance. Combining mini and
full diffs yields the strongest outcomes: with such prompts,
o4-mini successfully resolved 51 conflicts and Flash resolved
59. Our research demonstrates the great potential of LLMs to
effectively resolve build conflicts. It will enlighten future research
on software merge and LLM-based software maintenance.

Index Terms—build conflict, resolution, large language models
(LLMs), prompt design, mini diff, resolution rules, exemplar edits

I. INTRODUCTION

In collaborative software development, branching enables
parallel feature implementation and bug fixing [2]. When
branches are merged, edits from different contributors may
interfere, producing inconsistencies that must be resolved
during integration. These inconsistencies, known as merge
conflicts, are among the most frequent and time-consuming
integration challenges in collaborative development [29], [37].
Brindescu et al. [19] found that nearly 20% of merges in
143 open-source projects resulted in conflicts, 75% of which
required developers to reason about program logic for conflict
resolution. Nelson et al. [37] reported that developers defer
responding to conflicts based on perceived complexity, and
that deferring affects the workflow of the entire team.

As shown in Fig. 1, a typical merging scenario involves
five program versions. Two branch versions—! and r—
contain the independent edits to be merged. The base version
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Fig. 1: A merging scenario may involve five program versions
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Fig. 2: A build conflict related to method renaming

public class B {
public void bar() {

(b) represents their common ancestor. The automatically
merged version (A,,) is produced by merge tools such as
git-merge, which attempt to combine branch edits textually.
The manually merged version (m) is the corrected result
developers produce after resolving conflicts in A,,.

Merge conflicts can be broadly divided into three categories.
Textual conflicts arise when branch edits modify the same
line(s) of code in divergent ways. Build conflicts occur when
incompatible edits lead to build or compilation errors in the
merged version. As illustrated in Fig. 2, for example, because
[ adds a call to m() while r renames that method, the co-
application of both edits results in an unresolved method
reference. Namely, the newly added method call m() does
not correspond to any defined method, thereby causing a
compilation error. Test conflicts emerge when a merged
version compiles successfully but fails one or more tests,
exhibiting runtime behaviors inconsistent with the intended
program semantics. Our research focuses on resolving build
conflicts, as such conflicts often introduce subtle and hard-
to-diagnose compilation errors that can significantly delay
software integration and deployment [43], [46].

People created merge tools to tentatively integrate software
branches, reveal conflicts in the process, or resolve conflicts
with the best effort. Nevertheless, these tools are limited
in various ways. First, textual or unstructured merge tools
(e.g., git-merge [10] and KDiff3 [28]) combine branch edits
textually, but detect textual conflicts with lots of false posi-



tives [44]. Second, structured and semi-structured merged tools
(e.g., JIDime [16], FSTMerge [18], AutoMerge [58]) extract
and compare abstract syntax trees (ASTs), to detect textual
conflicts with higher rigor. However, none of these tools were
designed to handle build conflicts. Third, Bucond [48] and
the approach of Wuensche et al. [51] statically analyze branch
versions, to detect build conflicts based on pattern matching.
However, neither tool resolves build conflicts.

Fourth, MrgBldBrkFixer [46] and GMerge [56] resolve
build conflicts by updating newly added uses of entities (i.e.,
classes and methods), which entities have def's simultaneously
renamed. See Fig. 2 as an example. To resolve the conflict,
both tools would suggest updating the added call A.m() to
A.m2 (), to adapt to the method-renaming change in class A.
However, these tools have limited application scope, as conflict
resolution is not always as trivial as identifier renaming [43].

To better help developers resolve build conflicts, this pa-
per introduces our systematic study that investigates using
large language models (LLMs) to resolve build conflicts.
We hypothesized that given sufficient program context of
branches-to-merge and/or domain knowledge of frequently
adopted conflict resolution strategies, LLMs are capable
of suggest conflict resolutions that fit both the program
context and conflicting scenarios.x To verify our hypothesis,
we designed six prompt templates (P1-P6) to cover four
information elements: (1) minimized difference (mini diff) to
present the conflict location and minimal context, (2) full diff
as the most comprehensive context of a conflicting scenario,
(3) resolution rules as the domain knowledge of frequently
applied resolution strategies, and (4) exemplar edits to show
candidate resolution-relevant edits extractable from branches.

In our study, we used the dataset of build conflicts from
prior work [48]. We queried LLMs to resolve those conflicts by
sending prompts generated with the aforementioned templates
to state-of-the-art LLMs: Claude Sonnet 4 [4], Gemini 2.5
Flash [3], Llama 4 Maverick [9], and OpenAl o04-mini [8].
We manually compared the output by different models against
developers’ resolutions, to decide whether the suggested reso-
lutions are correct. Based on the model outputs and our manual
analysis, we explored the following research questions (RQs):

« RQ1: Which prompt design is the most effective?
Among the six templates, P3 (mini diff + full diff) is
the most effective, enabling 04-mini to correctly resolve
51 conflicts. P2 (full diff) is the least effective: o4-mini
only resolved 24 conflicts given such prompts.

e RQ2: How do different elements of prompts help
with LLM-based conflict resolution? Mini diff helps
precisely locate conflicts. Resolution rules are less help-
ful; they sometimes even mislead LLM-based approaches.
Exemplar edits help only when they are extracted from
the same merging scenario as the conflict-to-resolve.

e« RQ3: How do different LLMs balance between the
resolution effectiveness and their cost? Expensive mod-
els do not necessarily outperform. Given P3 prompts, the
second cheapest model Flash achieved the best result, sig-
nificantly outperforming the most costly model Sonnet-4.

To sum up, we made the following research contributions:

1) Empirical study: We systematically explored LLM
usage for build conflict resolution in Java programs. No
prior work studied this in such a comprehensive way.

2) Prompt taxonomy: We designed and adopted six struc-
tured prompt templates, to query LLMs with diverse
information elements. No prior work studied any of
these prompts or elements.

3) Novel results: We revealed important findings for the
first time, on LLMSs’ capability of conflict resolution and
the effectiveness comparison between different prompts.

4) Model comparison: We compared four state-of-the-art
LLMs in terms of their resolution capability and cost,
to provide insights on future model selection or usage.

At https://figshare.com/s/dd9d90cbafc91981b5bb, we open-
sourced our program and data.

II. A MOTIVATING EXAMPLE

To facilitate discussion, this section introduces a running
example from a real-world project fastjson [6]. As shown in
Fig. 3 (a), a merging scenario has [ remove a class import and
r insert code to use that imported class. The naive integration
of these edits can trigger a build error because the newly added
use refers to a nonexistent class def. Manually detecting and
resolving build conflicts can be tedious and error-prone. No
existing tool resolves such conflicts.

To automatically resolve the aforementioned conflict, a
naive approach may add back the deleted import (Fig. 3 (c)),
by following a conventional strategy mentioned in prior
work [24]. Although this “import re-addition” appears to
fix the compilation error, it fails to respect developers’ ac-
tual change intent. As shown in Fig. 3 (b), while develo-
prs removed the import in branch [, they also replaced all
calls to Introspector.decapitalize(...) with calls to
a locally defined method decapitalize(...), to eliminate
dependencies on the removed class import. Consequently, the
developers’ intended resolution, as depicted in Fig. 3 (d), was
to update the newly added method call.

This motivating example highlights that successful au-
tomatic build-conflict resolution requires not only domain
knowledge of diverse resolution strategies, but also an ability
to infer developers’ change intent from branch edits and ap-
ply context-aware fixes. Unfortunately, existing build-conflict
resolvers (i.e., MrgBldBrkFixer [51] and GMerge [56]) offer
only limited support—they lack both a comprehensive rule
base and the capability to infer developer intent.

Recently, large language models (LLMs) have demonstrated
remarkable abilities to reason across the syntactic, semantic,
and contextual aspects of source code [15], [23], [32]-[34],
[36], [53], [54], [54], [55], [57]. Motivated by the extensive do-
main knowledge encoded in LLMs and their strong reasoning
capabilities, in this paper, we investigate to create and assess
LLM-based build-conflict resolvers that aims to overcome the
key limitations of existing tools.



Edits from the branches-to-merge

(a) Conflicting edits between branches

(b) An exemplar edit E extracted from a branch to adapt code

Changes in [ (responsible for def removal):
In TypeUtils.java, an import declaration is removed.
- import java.beans.Introspector;

Changes in r (responsible for use addition):
In the same Java file, code is updated to use the class.
} else if (c3 == 'f') {
propertyName = methodName.substring(3);
+ } else if (methodName.length()>=5 &&
Character.isUpperCase (methodName.charAt (4))) {
+ propertyName =
Introspector.decapitalize (methodName.substring(3)) ;

}

Edit example in [to adapt usage of Introspector:
Replace the method call with a different one

- propertyName =
Introspector.decapitalize (methodName.substring(3));
+ propertyName = decapitalize (methodName.substring(3));

- propertyName =
Introspector.decapitalize (methodName.substring(2));
+ propertyName = decapitalize (methodName.substring(2));

Edits applicable to A, to resolve conflicts

(c) A naive resolution producible by conventional rules,
without aligning with developers’ intent

(d) A project-specific resolution that aligns better with developers’
intent

Re-add the removed import
+ import java.beans.Introspector;

Replace the method call with a different one

- propertyName =

Introspector.decapitalize (methodName.substring(3));

+ propertyName = decapitalize (methodName.substring(3));

Fig. 3: A motivating example of build conflict [6], which cannot get handled by existing tools or conventional rules
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Fig. 4: Our study methodology consists of four phases

III. STUDY METHODOLOGY

Our methodology comprises four phases (see Fig. 4). The
first two phases focus on constructing knowledge bases that
serve as inputs for querying LLMs. Specifically, Phase I builds
a knowledge base of conventional build-conflict resolution
rules through a manual curation process. Phase II begins
with a third-party dataset of build conflicts [48], and semi-
automatically derives a knowledge base of exemplar edits
that may assist in resolving similar conflicts. Afterwards,
Phase III integrates build-conflict cases with the knowledge
bases produced in Phases I and II to query LLMs, using
six alternative prompt templates. Finally, Phase IV compares
LLM-generated resolutions against the ground-truth fixes, to
assess the effectiveness of conflict resolution. Sections III-A—
III-D explains each phase in detail.

A. Phase I: Manual Distilling of Resolution Rules

Researchers conducted studies to characterize build conflicts
and their resolutions [24], [46]. To extract conventional (i.e.,
frequently applied) resolution strategies, we systematically
reviewed these studies and compiled a list of eight rules. A rule
was included into this list if it was the most frequently adopted
strategy for a given type of scenarios, or was illustrated with
clear representative example(s). By generalizing rules across
similar conflict types (e.g., from method renaming-related
conflicts to field renaming-related conflicts), we derived 16
rules as the knowledge base of frequently adopted resolution
strategies. As shown in Table I, C1, C3, C5-C6, C8, and
C14-C16 are the eight rules we observed in prior work; the
remaining rules were generalized from those observed rules.

TABLE I: The 16 resolution rules we manually mined from
existing studies [24], [46]
Idx | Conflict Type

Resolution Pattern

Cl1 Class: rename def vs. add use

C2 | Class: add method def in super
vs. add sub class

Update the added use

Update method def in sub to match
super

C3 | Class: change a method’s parameter
list in super vs. add sub class

Update method def in sub to match
super

C4 | Class: change a method’s return
type in super vs. add sub class

Update method def in sub to match
super

Re-add the def (i.e., add back the
removed entity import)

C5 | Import: remove def vs. add use

C6 | Package: rename def vs. add use Update the added use (i.e., update
import with the new package name)
Update the added use

Add/update method def in class to
override the new method in super

C7 | Interface: rename def vs. add use

C8 | Interface: add method def in super
vs. add class to implement the super

C9 | Interface: change a method’s param-
eter list in super vs. add class to
implement the super

Update parameter list in class to
match super

Remove method def in class to match
super

C10| Interface: remove method def in su-
per vs. add class to implement the
super

Rename method def in class to match
super

C11| Interface: rename a method def in
super vs. add class to implement the
super

C12| Interface: change a class to im-
plement the interface vs. change a
method’s return type in the class

Update return type of method in class
to match super

C13| Field: rename def vs. add use
Cl4| Field: add def vs. add def

C15| Method: rename def vs. add use
C16| Method: add def vs. add def

Update the added use

Remove redundant field definition
Update the added use

Remove redundant method definition

Among the 16 conflict types, 14 stem from mismatches
between the definition (i.e., def) of program entities (i.e.,
packages, imports, classes, interfaces, methods, and field) and
their usage (i.e., use); the remaining 2 arise from redundant
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Fig. 5: The PEGs Bucond [48] created for the running example

entity definitions. To resolve conflicts due to def-use mis-
matches, developers typically adapt entity uses to defs. For
instance, C1 captures cases where one branch renames a class
def while the other adds a new use of that class; developers
commonly address such conflicts by updating the added use to
match the renamed def. Similar principles underlie rules C2—
C4, C6-C13, and C15. C5 is an exception, as it adapts entity
def to use(s), probably because editing import declarations is
simpler than editing other code. Finally, conflicts arising from
duplicated defs are generally resolved by de-duplicating, as
shown by C14 and Cl6.

B. Phase II: Semi-Automated Extraction of Exemplar Edits

Prior studies [24], [46] show that many build conflicts
arise from def-use mismatches, which were introduced when
semantically inconsistent edits from different branches get
integrated. Similarly, many build errors within the a single
branch result from def-use mismatches involving the same
program entities. This observation suggests a commonality
between how developers resolve build conflicts and how
they fix build errors in individual branches. Thus, we
hypothesize that if developers have previously addressed def-
use mismatches on a branch through specialized edits, they are
likely to apply similar edits when resolving the same kind of
mismatches during a software merge. Guided by this insight,
we designed a semi-automated approach to extract exemplar
edits from branch versions, for knowledge-base construction.

Our semi-automated extraction process consists of two
steps: (1) Bucond-based extraction of entity-level edits, and (2)
example localization through a combination of automated and
manual analysis. Bucond [48] is a detector of build conflicts
based on static analysis. As illustrated in Fig. 5, given a
merging scenario depicted with three program versions (b, [,
and r), Bucond models each version as a program entity
graph (PEG), to capture defined program entities (e.g., classes
and methods) and their relations (e.g., containment or method
invocations). By comparing PEGs, Bucond identifies entity-
level edits in [ and r. It then matches these edits against
57 predefined patterns of conflicting edits. For instance, one
pattern checks when a method is renamed in one branch,
whether the other branch adds any call to the original method;
if so, Bucond reports a conflict.

Step 1 extends Bucond to create PEGs for a given build
conflict, and to locate the def-change responsible for the
reported conflict. Step 2 navigates PEGs, to find use-changes
connected to the responsible def-change in the same branch
version. If a single edited entity F is found to adapt uses to the
def-change, the before- and after-versions of E' are retrieved

as an exemplar edit. If multiple entities are edited to adapt
uses, we randomly select one as the exemplar. If no edited
entity is located, it means that developers did not adapt any
use to the def-change, and no exemplar edit is extractable.

C. Phase IlII: Prompt Design

To deepen our investigation, we designed six prompt tem-
plates. Each prompt follows a consistent three-part structure:

(1) Definition (D)—a concise description of build conflicts;

(2) Inputs (I)—details of the conflicting merge scenario
along with optional knowledge bases constructed in
Phases I-II, and requests for resolution suggestion;

(3) Output Instructions (O)—specifications of the ex-
pected format of the model’s response.

While all six templates share parts (1) and (3), they differ
in part (2), by providing varying degrees of code context
and domain knowledge to assess the sensitivity of LLM
performance to input richness.

1) Definition (D): All prompts begin with the text shown
in Fig. 6(a) to clarify (1) what a build conflict is, (2) how it
differs from textual and test conflicts, and (3) some possible
causes of build conflicts.

2) Inputs (I): The second part of each prompt introduces
the branch edits and optional knowledge bases. They charac-
terize the six alternative templates in the following ways.

P1. Minimized Difference (Mini Diff) provides the min-
imized git diff output between b and [, and between b
and r. These diffs capture only the essential edits directly
responsible for a reported build conflict. When supplied with
such prompts, LLMs are expected to identify conflicts in the
limited context, and resolve those conflicts. For our motivating
example, P1 uses the content shown in Fig. 3(a) to instantiate
the template fragment shown in Fig. 6(b).

P2. Full Diff provides the complete git diff between
the base and each branch version, to expose the full context
of branch edits. Intuitively, these prompts are harder to handle
than P1 prompts, as the expanded context introduces (1) data
noise—code unrelated to the actual conflicts or their reso-
lutions, and (2) additional branch edits to enlighten project-
specific context-aware resolutions.

P3. Mini Diff + Full Diff combines the git diff outputs
mentioned in P1 and P2, providing LLMs with access to
both local and global change contexts. This design enables
LLMs (1) to reason about the relationships between localized
conflicting edits and the broader code surroundings, and (2)
to resolve the identified conflicts using the immediate context
and additional branch edits.

P4. Mini Diff + Resolution Rules augments minimized
diffs with the knowledge base of 16 resolution rules con-
structed in Phase I. This design intends to equip LLMs with
explicit domain knowledge of commonly applied conflict-
resolution strategies, which may not be fully captured in the
pretraining of LLMs. The template presents each rule fol-
lowing a consistent structure, specifying (1) the conflict type,
(2) a summary of left-branch edits, (3) a summary of right-
branch edits, and (4) the corresponding resolution strategy.



A build conflict is a situation that occurs during software
merging when the automatically merged version results in a
build failure due to conflicting changes in the left, and
right versions of the code with respect to the base version.

Build conflicts are concerned only with build failure,
runtime or test conflicts. These conflicts are not direct
textual conflicts but arise from structural or syntactic
inconsistencies--such as missing references, incorrect
method signatures, incompatible field declarations, or

not

changes to class hierarchies.

Given the minimized ‘git diff"

between the

base and left versions, and the base and
right versions,
conflict.

suggest one resolution per
The minimized diff contains only

the changes made by left and right versions
that trigger the build conflict.

[Minimized diff for build conflict:]
Base Version and Left Version Diff:
*Insert minimized diff for base and left*
Base Version and Right Version Diff:
*Insert minimized diff for base and rightx*

Each resolution should
comprehensively
explain what code
change should be made
to the merged version
to resolve the build
failure, and provide
the ‘before’ and
“after’ code snippets
of the conflict
location.

(a) Part (1) of all prompt templates

(b) Part (2) of P1

Fig. 6: Exemplar fragments of prompt templates

For example, the rule associated with Fig. 2 is presented in

the template as follows:

Rule 15:

— Pattern: Method: rename def vs.
- Left Version: Rename method

- Right Version: Add reference to method

— Resolution Strategy: Update reference with new
method name

add use

P5. Mini Diff + Exemplar Edits augments minimized
diffs with the knowledge base of context-aware exemplar edits
generated in Phase II. This design requires LLMs to carefully
examine the provided examples, and to strictly follow the
exemplar edits whenever applicable. Our goal is to expose
LLMs to concrete branch edits that address build errors
similar to those triggered by the current build conflict. In
this way, even if an LLM is unable to independently locate
relevant examples within branch versions, the supplementary
knowledge can effectively compensate for that limitation. The
template represents each edit example in the knowledge base
with a uniform structure, specifying (1) the conflict type, (2)
fully qualified name of the conflict-relevant program entity,
(3) the Java file before the edit, and (4) the file after the edit.

P6. Mini Diff + Resolution Rules + Exemplar Edits
augments mini diff with both knowledge bases. This design
aims to fuse domain knowledge from both sources, to offer
complementary guidance that may help LLMs better resolve
conflicts. Specifically, when a merging scenario does not
have any branch edits similar to the needed resolution edits,
resolution rules can assist LLMs in proposing meaningful,
generalizable fixes. Conversely, if a scenario has some branch
edits to imply the required resolution, exemplar edits enable
LLMs to prioritize project-specific resolutions over broader,
project-agnostic ones.

3) Output Instructions (O): All prompts conclude with the
standard output specification shown in Fig 6(c). It requests
(1) a rationale behind each suggested resolution, and (2)
the before- and after- versions of each edited location. This
standard requirement ensures consistency in the structure and
content of LLM outputs, enabling a fair and reliable evaluation
across different prompt settings.

D. Phase IV: Manual Validation

After executing LLMs with different prompts, we manually
inspected the models’ outputs to interpret all detected conflicts
and resolution suggestions. We compared that information
with ground-truth for correctness labeling. To ensure the
reliability of this procedure, three authors separately reviewed

(c) Part (3) of all prompts

and labeled all LLM outputs. They then compared all labels
and discussed any discrepancies until a consensus was reached.

IV. EXPERIMENTS

With the LLM-based conflict resolution approaches de-
scribed in Section III, we conducted experiments to explore
the following three research questions (RQs):

o RQ1: Which prompt design is the most effective?

o RQ2: How do different information elements of prompts
help with LLM-based conflict resolution?

¢ RQ3: How do different LLMs balance between the reso-
lution effectiveness and their cost?

In the remaining part of this section, we will first introduce
our experiment settings (Section IV-A) and the evaluation
metrics (Section IV-B). Next, we will introduce and explain
the experiment results (Section IV-C).

A. Experiment Settings

To conduct experiments, we reused an open-source dataset
of build conflicts from the Bucond paper [48] for two key
reasons. First, the dataset consists of 55 real-world merging
scenarios, corresponding to 83 build conflicts. Specifically, 81
of the conflicts were labeled by the original ground-truth; the
remaining 2 conflicts were revealed by Bucond and confirmed
but not documented by the original dataset. These conflicts
encompass 21 distinct conflict types. This diversity enables
a comprehensive evaluation of LLM-based conflict resolution.
Second, in each merging scenario, the four program versions—
b, I, r, and m—are all compilable, whereas the naively merged
version A,, is not. This property ensures that the branch edits
are of high quality, and any compilation errors in A,, can
be attributed solely to build conflicts. Moreover, since the
developer-generated versions m are always compilable, they
can serve as reliable ground-truth references for us to assess
tool-generated resolutions.

In Phase II of our methodology (Section III), we could
only extract 22 examples from branch versions in this dataset,
which examples try to resolve similar build errors as those trig-
gered by build conflicts in the automatically merged version
A,,. We integrated these examples into the prompts generated
by PS5 and P6.

By default, we used OpenAl o4-mini [8] to execute all six
prompt templates, as it is one of the state-of-the-art models
at the time of experimentation. While our methodology is
not tailored to any specific model, we acknowledge that
different LLMs may exhibit varying performance under the



TABLE II: Measurement comparison between different prompt designs

Metric | P1 (Mini diff) P2 (Full diff)  P3 (Mini + Full diff)

P4 (Mini + Rules)

P5 (Mini + Examples) P6 (Mini + Examples + Rules)

100% (83/83) 92% (76/83) 92% (76/83)

100% (83/83) 100% (83/83) 100% (83/83)

98% (83/85)
100% (83/83)
99%

50% (62/123)
75% (62/83)
60%

95% (76/80)
92% (76/83)
93%

98% (83/85)
100% (83/83)
99%

100% (80/80)
96% (80/83)
98%

100% (83/83)
100% (83/83)
100%

o|m & | >

48% (40/84) 39% (24/62) 67% (51/76)

47% (39/83) 58% (46/80) 55% (46/83)

same prompt conditions. After evaluating o4-mini’s results
across the six prompt templates, we selected the template
yielding the highest effectiveness as the default configuration
for our approach. We then experimented with three additional
LLMs—Claude Sonnet 4 [4], Gemini 2.5 Flash [3], and Llama
4 Maverick [9]—to compare their effectiveness and cost-
efficiency. All models were accessed through public APIs
between August—-December 2025.

B. Evaluation Metrics

We used the following five metrics to evaluate LLM-based
build conflict resolution:

Tool Applicability (A) measures the proportion of build
conflicts for which an LLM-based conflict resolver can process
the inputs and produce conflict-relevant information.

__# of conflicts processable 0
~ Total # of build conflicts

Given a conflict, an LLM is inapplicable if it cannot process
the input (i.e., the input exceeds the LLM’s maximum token
limit), or it outputs information totally irrelevant to the conflict.

Detection Precision (P) measures the proportion of con-
flicts reported by an approach that are actual, valid conflicts.

__# of conflicts correctly reported
~ Total # of reported conflicts

2)

Detection Recall (R) measures the proportion of known
conflicts (i.e., the ground-truth set) reported by an approach.

__# of conflicts correctly reported

3)

Total # of known conflicts

Detection F-score (F) is the harmonic mean of precision
and recall, to reflect the overall effectiveness of an approach’s
conflict detection.

2x PxR
=" """
P+ R

Resolution Accuracy (C) measures among all suggested
resolutions, the proportion that are correct.

“4)

# of resolutions that are correct

&)

~ Total # of suggested resolutions

A resolution is correct if the suggested edits are semantically
equivalent to the ground-truth edits—that is, the proposed
resolution achieves the same effect as developers’ actual fix.
All metrics range from O to 1, with higher values indicating
better performance. Given a conflict, if a tool is inapplicable,
we do not evaluate the remaining metrics. Likewise, if a
tool incorrectly reports a build conflict, we do not assess the
correctness of any resolution it proposes for that conflict.

C. Results

This section presents and explains our experiment results
for each RQ in detail.

1) Effectiveness Comparison between Prompt Designs
(RQI): As illustrated in Table II, o4-mini achieved very
diverse results when given differently generated prompts.

Applicability: The model is always applicable when given
prompts of P1, and P4-P6. It is inapplicable in seven cases
under P2-P3 prompts. This is because both P2 and P3 include
the full diff of branch versions. When the full diff exceeds
200,000 token-limit of 04-mini, the model is unable to process
the input or execute any task.

Conflict Detection: With P6 prompts, 04-mini achieved the
best performance, detecting conflicts with 100% precision and
100% recall. The next-best performance was obtained using
P1 and P4 prompts, followed by P5. In contrast, P2 prompts
yielded the worst results: 50% precision and 75% recall. P3
prompts performed better than P2—achieving 95% precision
and 92% recall, but still lagged behind P1 and P4-P6. Overall,
the F-score comparison between templates is P6 > P4 = P1
> P5 > P3 > P2.

Three reasons help explain the observation. First, all tem-
plates except P2 include mini diffs, which effectively constrain
the search scope of candidate conflicts, and highlight the
regions containing conflicts. Such localized information is
sufficient for o4-mini to reason about context and identify root
causes. Without mini diffs, P2 left the model to reason solely
from full diffs and caused substantially more errors, including
both false positives and false negatives. Second, when both
mini diff and full diff are available in P3 prompts, the
additional program context introduces noise that can mislead
the model. As a result, in two cases under P3, the LLM
detected more conflicts than actually present. Third, o4-mini
was unable to process seven large-input cases under P2 and
P3, so the recall for these templates was further reduced.

Conflict Resolution: With P3 prompts, 0o4-mini obtained
the highest resolution accuracy: 67%. P5 and P6 performed
similarly, with accuracies of 58% and 55%, respectively. P1
and P4 also exhibited comparable performance (48% and
47%). P2 prompts yielded the lowest accuracy at 39%. In terms
of absolute numbers, P3 resolved the most conflicts (51); P5
and P6 each resolved 46; and P2 resolved the fewest—24. In
short, the resolution accuracy comparison is P3 > P5 > P6 >
Pl > P4 > P2.

Among the 83 conflicts, 15 conflicts were always resolved
by o4-mini, no matter which template was used. These con-
flicts belong to four major categories. First, when one branch
renames an entity and the other introduces a new use of that



entity, the resolution is to updates the use to reference the new
name. Second, when one branch updates a method’s parameter
list by adding a parameter or updating a parameter type, while
the other adds a new call to that method, the resolution is to
update that call accordingly. Third, when one branch removes
a class import while the other introduces a new use of the class,
the resolution is to add back that import. Fourth, when both
branches add the same entity, the resolution is to remove one
of the duplicates. These consistently successful cases suggest
that o4-mini possesses strong pretrained domain knowledge of
frequently adopted resolution rules.

O4-mini never resolved 17 of the 83 conflicts, regardless of
the template used. Two factors help explain the model’s consis-
tent failures in these cases. First, 12 conflicts require project-
specific resolutions that deviate from commonly adopted prac-
tices, and the program context provides little or no cue on
the expected solutions. Namely, when developers intentionally
apply resolutions that contradict with the “usual” patterns, the
model fails. For example, when a branch renames an entity or
updates a method signature while the other adds a use of that
entity/method, the ground-truth surprisingly removes the use
while the model tries to adapts that use.

Second, six failures stem from the model’s difficulty with
fine-tuned, low-level implementation details. For instance,
when a branch changes a method’s parameter list or return-
type in the base class while the other adds a class to extend that
base, the correct resolution is to update the subclass method
implementation to match the new signature. However, o4-
mini fails to generate the necessary details, such as adjusting
invocation parameters or adding required statements in the
revised method, resulting in incomplete or incorrect patches.

Finding 1: O4-mini achieved 100% applicability with
prompts of Pl and P4-P6; it detected conflicts most
effectively given P6 prompts, but resolved conflicts most
effectively when using P3 prompts.

2) Usefulness of Different Information Elements (RQ?2):
With the six templates defined, we investigated the usefulness
of four information elements and their combinations:

Mini Diff: As discussed in Section IV-CI1, mini diffs ef-
fectively constrain the search scope of candidate conflicts,
enabling the LLM to detect conflicts with high accuracy.
Therefore, mini diffs consistently play a positive role by
helping with conflict detection, to further enable more reliable
conflict resolution.

Full Diff: The impact of full diffs is mixed. On the one
hand, the substantial data in full diffs disabled the application
of o4-mini to seven cases under P2 and P3, reducing the
model applicability. Additionally, with lots of data noise in
P2 prompts, o4-mini did not work well to locate conflicts
in full diffs. Thus, full diffs have a negative effect on tool
applicability and conflict detection. On the other hand, with
P3 prompts, o4-mini achieved the highest conflict-resolution
effectiveness. When combined with the mini diff, the full diff
provided complementary global context that the model was

able to exploit. This combination enabled o4-mini to relate
localized edits to the broader program structure, leverage res-
olution strategies implicitly learned during pretraining, identify
relevant exemplar edits, and apply its domain knowledge
effectively. Thus, while detrimental in isolation, the full diff
plays a positive role in conflict resolution when used together
with the mini diff.

Resolution Rules: When comparing o4-mini’s effectiveness
(1) between P5 and P6, and (2) between P1 and P4, we found
that incorporating manually curated resolution rules tends to
slightly (a) improve the recall of conflict detection, yet (b)
worsen resolution accuracy.

Two factors likely explain such phenomena. First, compared
with the broad and diverse resolution strategies that o4-mini
has implicitly learned during pretraining, our manually curated
rule set is less comprehensive and may not fully represent
the range of real-world resolution strategies. As a result, the
rules sometimes help highlight conflicting patterns, but diverge
from the resolution strategies actually needed in certain cases.
Second, we found that the LLM occasionally overgeneral-
ized some documented rules, inferred incorrect rules, and
subsequently proposed invalid resolutions. As illustrated in
Fig. 7, one conflicting scenario in Jedis [7] involves branch
l removing a field timeout while branch r adds a method
that uses timeout. The ground-truth resolution is to remove
the field usage from the newly added method. However, based
on our rule set, o4-mini overgeneralized the following import-

related rule and incorrectly reintroduced the removed field:

Rule 5:

- Pattern: Import: remove def vs.
— Left Version: Remove import

— Right Version: Use the imported class

— Resolution Strategy: Re-add the def (i.e., add
back the removed entity import)

This misapplication demonstrates how manually curated rules
can mislead the model. Overall, the resolution rules we pro-
vided play a negative role in conflict resolution.

add use

Exemplar Edits: When comparing o4-mini’s effectiveness
(1) between P1 and P5 and (2) between P4 and P6, we
found that providing manually located edit examples improves
resolution accuracy. This is an interesting observation, as it
suggests that when o4-mini is not given sufficient context-
specific resolution-related edits, it may fail to suggest the
correct resolution edits.

Between P1 and P5, 6 additional conflicts were success-
fully resolved when P5 supplied 22 exemplar edits. These
additional examples did not further enhance o4-mini’s res-
olution accuracy under Pl (48%) for three main reasons.
First, three of the exemplar edits were not aligned with
the actual developer-applied resolutions; these misleading
examples caused o4-mini to produce incorrect edits. As
shown in Fig. 8, r updates a constructor to accept an extra
ExecutorService parameter, whereas [ adds a method to
call the original constructor. To adapt all uses of the original
constructor, r modifies each call site by adding a parameter
Executors.newFixedThreadPool (...), as illustrated by
Fig. 8 (3). However, this systematic update was not adopted by



(1) Changes in local ({) branch

(2) Changes in remote (r) branch

+ public RedisClient(String host, int port, int
connectTimeout, int commandTimeout) {

+ this(new HashedWheelTimer(), new
NioEventLoopGroup(), ..., connectTimeout,
commandTimeout);

Changes in local ({) branch
- private int timeout;

Changes in remote (r) branch
+ public Set<String> spop(final String key,

+}

- public RedisClient(final Timer timer, EventLoopGroup
group, ...,
+ public RedisClient(final Timer timer, ExecutorService
executor, EventLoopGroup group, ...,

int connectTimeout, int commandTimeout) {

final long count) {

+ return new (4)Developers’

actual resolution edit (3) Exemplar edit extracted from r

JedisClusterCommand<Set<String>>(connec
tionHandler, timeout, maxRedirections) { ... }
+}

Fig. 7: A build conflict where [ removes a field and
r adds a method to use that field [7]

-}

- public RedisClient(String host, int port, int
connectTimeout, int commandTimeout) {

- this(new HashedWheelTimer(), new
NioEventLoopGroup(), ..., connectTimeout,
commandTimeout);

- this(new HashedWheelTimer(), new
NioEventLoopGroup(), NioSocketChannel.class, ...,
10000, 10000);

+ this(new HashedWheelTimer(),
Executors.newFixedThreadPool(Runtime.getRuntime
().availableProcessors() * 2), new
NioEventLoopGroup(), ..., 10000, 10000);

Fig. 8: A build conflict where the

exemplar edit extracted from r is not

aligned with developers’ actual resolution edit [5]
TABLE III: Comparison between different LLMs when P3 is used

Effectiveness Metrics Cost Metrics (total for the entire dataset)
LLM Applicability (A) Conflict Detection Conflict Resolution | # of Input  # of Output Price in
P R F C Tokens Tokens US Dollar
Claude Sonnet 4 [4] 99% (82/83)  100% (82/82)  99% (82/83)  99% 66% (54/82) 34,753 19.07
Gemini 2.5 Flash [3] 98% (81/83) 96%(79/82)  95% (79/83)  96% 75% (59/79) 3.668.238 57,149 1.39
Llama 4 Maverick [9] 76% (63/83) 91% (58/64)  70% (58/83)  79% 36% (21/58) T 117,305 0.76
OpenAl o4-mini* [8] 92% (76/83) 95% (76/80)  92% (76/83)  93% 67% (51/76) 29,447 2.40

* By default, we used o4-mini to experiment with different prompt designs

(1) Changes in local ({) branch

(2) Changes in remote (r) branch

In TypeSerializerConfig.java, names of the file, Java class, and constructor
are all updated to SerializerConfig

Add a new class to use TypeSerializerConfig

+ .

+if ("type-serializer".equals(name)) {

+ TypeSerializerConfig typeSerializerConfig = new TypeSerializerConfig();
+ typeSerializerConfig.setClassName(value);

+ ..

(3) Exemplar edit extracted from /

(4) Developers’ actual resolution edit to the added code

- if ("type-serializer".equals(name)) {

- TypeSerializerConfig typeSerializerConfig = new TypeSerializerConfig();
- typeSerializerConfig.setClassName(value);

+if ("serializer".equals(name)) {

+ SerializerConfig serializerConfig = new SerializerConfig();

+ serializerConfig.setClassName(value);

- if ("type-serializer".equals(name)) {

- TypeSerializerConfig typeSerializerConfig = new TypeSerializerConfig();
- typeSerializerConfig.setClassName(value);

+if ("serializer".equals(name)) {

+ SerializerConfig serializerConfig = new SerializerConfig();

+ serializerConfig.setClassName(value);

Fig. 9: A build conflict [1] that was resolved by Flash, but not by any other model

developers when they resolved the build conflict after merging.
Instead, developers removed the newly added constructor by
[, making any edit analogous to the exemplar edit invalid.

Second, 10 of the conflicts already resolved under P1 re-
quired only straightforward renaming changes, which o4-mini
can infer directly from the mini diff without any additional
context. Consequently, although exemplar edits were provided
to these cases, they did not yield further improvements in res-
olution accuracy. Third, exemplar edits were used exclusively
to resolve conflicts within the same merging scenarios; they
were never used to resolve conflicts from different scenarios
with distinct program structures or entity usage.

Similarly, between P4 and P6, 7 additional conflicts got
resolved successfully when P6 supplied 22 exemplar edits.

Finding 2: Among the four elements, mini diff and ex-
emplar edits help improve conflict resolution. Surprisingly,
resolution rules do not enhance accuracy and may even
degrade performance. Full diff, while detrimental when
used in isolation, significantly boosts resolution accuracy
when combined with the mini diff.

3) Cost-Effectiveness Trade-offs Across Different LLMs
(RQ3): According to Section IV-C1, o4-mini resolved most
conflicts given P3 prompts. Thus, in this experiment, we

sent P3 prompts to three additional LLMs, to observe how
those models worked differently. As shown in Table III, we
compared models in two major aspects: effectiveness and cost.

Effectiveness Comparison: Sonnet-4 achieved the highest
applicability (99%), followed by Flash (98%) and o4-mini
(92%); Maverick showed the lowest applicability (76%). The
three models with higher token limits (Sonnet-4, Flash, and
Maverick) exceeded the token budget in only one conflict.
Flash produced seemingly random, conflict-irrelevant outputs
for 1 case, whereas Maverick produced meaningless outputs
for 19 cases. The comparison implies that Maverick is insuf-
ficiently trained for conflict-handling tasks.

For conflict detection, Sonnet-4 obtained the highest F-score
(99%), whereas Maverick again acquired the lowest (79%). For
conflict resolution, Flash resolved the most conflicts (i.e., 59),
while Maverick resolved the fewest (i.e., 21). Both Flash and
Sonnet-4 resolved more conflicts than o4-mini.

Considering all effectiveness metrics, we noticed that
Sonnet-4 and Flash generally outperformed o4-mini, which
performed better than Maverick. Sonnet-4 is strongest at
conflict detection, whereas Flash excels at conflict resolution.
Notably, Flash was the only model to correctly resolve a
particular conflict that none of the others well handled. As



shown in Fig. 9, [ renames the class TypeSerializerConfig
to SerializerConfig, and simultaneously renames the file
as well as constructor. Meanwhile, r adds a new class to use
the original class and its constructor.

Fig. 9(3) shows an exemplar edit extracted from [, which
adapts the type usage by systematically (1) replacing the class
and constructor references, (2) renaming the local variable
instantiated from that class (i.e., typeSerializerConfig
— serializerConfig), and (3) updating the related literal
(i.e., “type-serializer” — “serializerConfig”). This
edit exactly matches developers’ actual resolution edit for the
added code. Flash successfully generated this ground-truth
resolution, while the other models did not. More specifically,
o4-mini and Sonnet-4 produced partially correct resolutions:
they both updated the class usage, constructor invocation, and
local variable name. However, neither of them produced a
consistent update for the string literal. Maverick generated
noisy output that was entirely unrelated to merge conflicts.

Cost Comparison: To assess the cost incurred by each
model during conflict handling, we computed the total input
tokens, total output tokens, and total API cost in US dollars. As
shown in Table III, Maverick was the most verbose, outputting
the largest number of tokens (i.e., 117,305); o4-mini was the
most succinct, producing the smallest number of tokens (i.e.,
29,447). In terms of monetary cost, Sonnet-4 was the most
expensive at $19.07 for the full dataset; Maverick was the
least expensive at $0.76. There seems no strong correlation
between the token volume and model cost.

Considering both effectiveness and cost, we found Flash to
offer the best trade-off. It achieved the highest resolution ac-
curacy at the second lowest cost. Although Sonnet-4 correctly
resolved the second most conflicts, its cost is 825 times of
the cost by other models.

Finding 3: Among the four models we used, Flash worked
most effectively to resolve conflicts, Sonnet-4 was the most
expensive, whereas Maverick was the least expensive.

V. THREATS TO VALIDITY

a) Threats to External Validity: Our observations may be
limited to the build conflicts in our dataset, the prompt design
we explored, and the LLMs we experimented with. To mitigate
this threat and ensure the representativeness of our study, we
tried our best to (1) include as much high-quality conflict data
as possible into our dataset, (2) design and investigate six
alternative prompt templates, (3) experiment with four state-
of-the-art LLMs, and (4) use the default parameter settings of
those LLMs, as recommended by the model creators. In the
future, we plan to further mitigate this threat by experimenting
with more data, more prompts, and more LLMs.

b) Threats to Internal Validity: We evaluated each
model’s output by manually comparing it against developers’
actual resolutions in the merged version m. Such a manual
inspection can contain human errors, and may get limited by
our domain knowledge. To mitigate these risks, three authors
inspected all outputs simultaneously, and cross-checked their

assessments. Whenever any discrepancy was observed, the
authors discussed in depth until consensus was reached. In the
future, we plan to further reduce reliance on manual inspection
by incorporating (1) automated compilation, (2) automated
testing, and (3) LLM-based validation.

Due to the resource constraints, we evaluated six alternative
prompt designs on the full dataset using only o4-mini, rather
than using all evaluated LLMs. Because different models may
respond differently to prompt variations, our finding that P3
leads to the best resolution performance may not generalize
well to other LLMs. In the future, we plan to extend this
analysis to additional models to systematically examine how
prompt design influences performance across LLMs.

Our results show that o4-mini achieved the highest conflict
detection performance with P6 prompts, and got the best
resolution performance with P3 prompts. This suggests the
potential benefit of integrating P6 and P3—e.g., through a
staged or hybrid prompting strategy—to improve both detec-
tion and resolution effectiveness. We did not explore such a
combination in this study and leave it for future investigation.

c) Threats to Construct Validity: To ensure data quality,
we required each merging scenario in our dataset to satisfy two
conditions: (i) both branch versions compile successfully, and
(ii) the automatically merged version A,, generated by git-
merge contains no textual conflict. In practice, some merging
scenarios exhibit textual conflicts in A,, alongside build con-
flicts. These cases are excluded by condition (ii). As a result,
our study does not capture any differences between build
conflicts that co-occur with textual conflicts, and those that
do not; nor does it capture potential differences in how such
conflicts are resolved. In the future, we plan to include merging
scenarios that satisfy (i) but violate (ii), to study whether our
findings change under these more complex circumstances.

Our current dataset does not include true negatives (i.e.,
merging scenarios without build conflicts). Incorporating such
cases would enable a more comprehensive evaluation of LLM
performance, particularly in assessing false positive rates and
overall discriminative capability. In future work, we plan to
extend the dataset to include true negative instances.

VI. RELATED WORK

The related work of our research includes empirical studies
of merge conflicts, conflict detection, and conflict resolution.

A. Empirical Studies of Software Merge Conflicts

Studies were conducted to characterize merge conflicts [12],
[19], [30], [35], [39], [44], [49], [50]. For instance, Ribeiro et
al. [39] surveyed 109 developers to understand how they use
branches, the occurrence of conflicts, the resolution process,
and factors that can lead to or avoid conflicts. Ahmed et
al. [12] explored the effect of bad design (code smells)
on merge conflicts. Vale et al. [50] analyzed 66 projects
containing around 81 thousand merge scenarios to characterize
challenges to conflict resolutions. In another study, they also
characterized the developers involved in conflicting merging
scenarios [49]. All these studies focus on textual conflicts.



A few studies were conducted to characterize build con-
flicts [25], [43], [46]. Specifically, given two branches-to-
merge, Shen et al. [43] applied git-merge, automatic build,
and automatic testing in sequence. They relied on git-merge
to reveal textual conflicts between branches. They also treated
any revealed build or testing errors as hints of build or test
conflicts, conducting manual inspection to locate the respon-
sible build/test conflicts. They reported that 105 out of the
107 analyzed build conflicts were due to the co-applied edits,
which break def-use links in Java files and/or build scripts.
Da Silva et al. [24] collected 239 build conflicts to study the
root causes and common resolution patterns. They found that
renaming conflicts are typically resolved by updating missing
reference, while removed declarations are often reintroduced.
Sung et al. [46] examined build and test conflicts in the
development of Microsoft Edge (C++), and revealed eight
major types of build-conflict resolutions.

These studies motivated our research, shedding light on the
knowledge base of resolution rules we defined to guide LLMs.

B. Detection of Merge Conflicts

Various tools were proposed to detect textual conflicts [16],
[17], [20]-[22], [31], [40], [42], [59]. Unstructured merge tools
(e.g., git-merge [10]) directly combine branch edits, and report
a conflict whenever distinct changes affect overlapping textual
regions. Semi-structured tools (e.g., FSTMerge [17]) parse
Java code into ASTs, match nodes across branches based on
class or method signatures, and then perform textual merge
inside each matching pair. Structured tools (e.g., JDime [16])
also rely on ASTs but merge code through structural matching
and tree manipulation. Although these tools effectively detect
textual conflicts and can expose some simple build conflicts
(e.g., duplicate method/field additions) [11], they do not target
build conflicts and cannot identify most build conflicts.

Some tools were created to monitor and compare develop-
ers’ code edits to enhance team activity awareness [21], [40],
[41]. For instance, Palantir [40] notifies developers of the arti-
facts modified by others, and continuously shares information
about changes that may lead to conflicts. Crystal [20], [21]
proactively merges, builds, and tests changes across branches,
to signal potential conflicts through conflicting code fragments,
build failures, and test failures. However, none of these tools
diagnose root cause of build errors or resolve build conflicts.

Two tools detect build conflicts via program analysis and
pattern matching [48], [52]. For instance, given branches-to-
merge, the approach by Wuensche et al. [52] constructs a call
graph for each program version, and reports a conflict if the
edited code matches any of three predefined conflict patterns.
Bucond [48] uses a much larger set of 57 patterns to detect
more diverse conflicts.

Some tools were invented to detect test conflicts [25],
[45]. Specifically, SafeMerge [45] generates and compares
the verification conditions of different versions involved in
a merging scenario, to verify whether the merged program
introduces any new unwanted behaviors or is semantically
conflict free. Da Silva et al. [25] proposed SAM, which

automatically generates unit tests using EvoSuite as well as

Randoop, and executes different program versions with those

tests to reveal behavioral discrepancies or semantic conflicts.
None of the aforementioned tools resolve build conflicts.

C. Resolution of Merge Conflicts

Several tools were created for conflict resolution [13], [14],
[26], [27], [29], [38], [47]. Data-driven approaches recommend
resolutions for textual conflicts, to align with developers’
preferences [13], [14], [26], [29], [47]. For instance, RPre-
dictor [13], [14] and MESTRE [29] train machine-learning
models using features to characterize textual conflicts. Given
a conflict, these models predict what resolution strategy to
apply (e.g., keep left). DeepMerge [26], MergeBERT [47],
and MergeGen [27] employ deep learning to directly resolve
specified conflicting chunks. Pan et al. [38] defined a domain-
specific language (DSL) to encode recurring resolution pat-
terns, and used program synthesis to learn DSL programs from
example resolutions. However, these resolvers address only
textual conflicts, not build conflicts.

Two tools offer limited support for build-conflict resolu-
tion [46], [51]: MrgBldBrkFixer [46] compares the ASTSs
of C++ files, while GMerge [56] applies few-shot learning
with GPT-3, to resolve conflicts arising from renaming. They
do not resolve conflicts caused by removed declarations,
neither can they derive project-specific edits that adapt class
usage in complex ways (as illustrated by Fig. 9). Both tools
target C/C++ programs; neither tool is open-sourced for any
empirical comparison.

VII. CONCLUSION

This paper presents the first systematic study of LLMs for
resolving build conflicts in Java programs. Unlike prior work
based on static analysis or few-shot GPT-3 prompting, this
study explores how well LLMs reason about build conflicts,
given prompts that vary in diff granularity (mini vs. full) and
domain knowledge inclusion. We observed several notable
findings. Mini diff improves conflict detection. Full diff is
detrimental when used alone, yet becomes highly effective in
conflict resolution when combined with mini diff in prompts.
The 16 domain-specific resolution rules rarely improve results,
and may degrade performance when misapplied. Project-
specific exemplar edits provide limited benefit only under
narrow conditions. When combined with mini diff, full diff
is more helpful than exemplars probably because they retain
richer relevant context.

In future, we will explore hybrid approaches that combine
static analysis and automatic build with LLM reasoning, to
better identify conflicts, filter irrelevant context, reduce cost,
and further improve resolution effectiveness.
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