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Abstract

Large language model (LLM)-based agents have achieved notable
success in repository-level issue resolution, yet existing frame-
works still face two key bottlenecks: insufficient diversity among
candidate repair solutions and limited ability to combine comple-
mentary strengths across candidate solutions. To address these
challenges, we introduce Prism, a multi-solution reasoning and
synthesis framework that adopts a coarse-to-fine paradigm to sys-
tematically generate, refine, and integrate diverse repair solutions.
Prism comprises three stages: (1) a global exploration mechanism
with contrastive semantic constraints that broadens the search
space by encouraging divergence across historical solutions; (2)
an A* algorithm-inspired local exploration mechanism that identi-
fies suitable branching points to generate divergent sub-solutions;
and (3) a multi-agent collaborative solution synthesis process where
reviewer and judge agents jointly evaluate, complement, and in-
tegrate partially correct candidate solutions. We evaluate Prism
on SWE-bench Verified and SWE-bench-Live Lite. With Claude-4.6-

Sonnet and DeepSeek-V3.2-Reasoner, Prism achieves Pass@1 rates
of 82.0% and 80.0% on SWE-bench Verified, respectively, outper-
forming the compared baselines. On SWE-bench-Live Lite, designed
to reduce data leakage concerns, Prism outperforms the reported
baselines. Further analyses show that Prism expands the solution
space and that its solution synthesis stage uniquely resolves 15
issues unaddressed by isolated candidates.
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• Software and its engineering→ Software post-development
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1 Introduction

In recent years, large language models (LLMs) have made signifi-
cant progress in code generation and issue resolution within the
software engineering domain [9, 14, 41]. LLM-powered agents lever-
age autonomous exploration and deep understanding of large-scale
code repositories to perform tasks such as fault localization, patch
generation, and code refactoring [5]. With the advent of repository-
level benchmarks like SWE-bench [18], the field has shifted from
pipeline-based approaches to agentic architectures that support
planning and tool invocation [26, 54, 57]. State-of-the-art (SOTA)
agents such as SWE-Agent [50], OpenHands [44], and Trae [10]
achieve strong performance on these benchmarks. However, sys-
tematic analyses reveal that existing agents still struggle with the
complexity of repository-level issue resolution—particularly in fault
localization, context understanding, and patch generation [17, 27].

Effective patches for repository-level issue resolution often re-
quire coordinated modifications across multiple files, making it diffi-
cult for a single solution to address all aspects of a problem [10, 24].
Leveraging multiple diverse reasoning paths enables examining
issues from different perspectives, expanding the search space for
correct patches [29]. This aligns with Test-Time Scaling (TTS), which
allocates additional inference-time resources to generate multiple
candidate solutions without updating model parameters [36, 51].
Within this framework, Best-of-N sampling has become an impor-
tant strategy for improving issue resolution rates [6, 29]. However,
the effectiveness of TTS strategies heavily depends on the output
diversity of the base model [23, 58]. Although LLMs trained with Re-
inforcement Learning from Human Feedback (RLHF) produce higher-
quality outputs, they often do so at the cost of reduced diversity,
limiting the practical effectiveness of Best-of-N [30]. Experiments
on SWE-bench reveal a robust positive correlation between solu-
tion diversity and issue resolution success rates. As the number of
candidate solutions increases, the resolution success rate shows a
steady increase [29, 63].
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However, existing repository-level issue resolution agent frame-
works [10, 24] typically adopt sampling-based strategies (e.g., tem-

perature adjustment or top-𝑘 sampling) to generate multiple candi-
date solutions, followed by self-reflection for iterative refinement,
and ultimately select a single patch via ranking or voting. Although
these approaches yield some performance gains, they face key bot-
tlenecks when handling complex repository-level issues:
• Lack of Solution Diversity Coupled with Misleading Self-reflection.

Existing agent frameworks attempt to enhance diversity via
high-temperature sampling, but their effectiveness is constrained
by two inherent factors of LLMs: mode collapse and misleading

self-reflection. RLHF-fine-tuned models tend to produce low di-
versity content—keeping sampled solutions homogeneous even
with high-temperature sampling [2]. Simultaneously, erroneous
self-reflection feedback can cause agents to abandon promising
exploration paths. Together, these factors can limit the genera-
tion of diverse solutions and lead to premature convergence on
homogeneous, incorrect solutions (see Section 2.1).
• Lack of Solution Synthesis Capabilities. Existing agent frameworks
evaluate candidate solutions in isolation, relying on ranking or
voting to select a single patch. This paradigm overlooks the com-
plementary strengths across diverse solutions [40], which cap-
ture different aspects of a problem. For instance, one solution
may identify the root cause while another addresses cross-file
coordination logic. By evaluating candidates in isolation, such
mechanisms fail to leverage complementarity and cannot syn-
thesize a complete patch covering all critical dimensions (see
Section 2.2).
How to encourage substantive exploration of diverse solutions

and synthesize complementary partial solutions into comprehen-
sive patches remains underexplored. To address these bottlenecks,
we propose Prism, a multi-solution reasoning and synthesis frame-
work that adopts a coarse-to-fine paradigm to systematically gen-
erate, refine, and synthesize diverse fixing solutions through three
stages: global exploration, local exploration, and solution synthesis.
Its key innovations are: (1) A global exploration mechanism us-

ing contrastive semantic constraints that injects the root cause,
expected behavior, modification strategy, and relevant context of
historical solutions into the prompt, encouraging new solutions to
maintain semantic divergence and thereby broadening the search
space. (2) An A* algorithm-inspired [12, 55] local exploration
mechanism that uses heuristic scoring to identify suitable branch-
ing points for generating locally divergent sub-solutions. This mech-
anism identifies the suitable branching point in the agent’s execution
trajectory, where sufficient context has been accumulated but the
specific modification strategy remains undetermined—thereby bal-
ancing exploration and exploitation to generate multiple locally
divergent sub-solutions. (3) A multi-agent collaborative syn-

thesis process where a reviewer agent evaluates the counterpart
solution for completeness and regression risk, while a judge agent
performs defect verification, complementarity analysis, and seman-
tic synthesis, ultimately producing an integrated final solution.

To evaluate the effectiveness of Prism, we conducted exper-
iments on two benchmarks: the widely recognized SWE-bench

Verified [18] and the leakage-reduced SWE-bench-Live Lite [64].
Additionally, we assessed the contribution of each component of
Prism using DeepSeek-V3.2-Reasoner on the SWE-bench Verified

benchmark. The main findings are as follows: On SWE-bench Ver-

ified, Prism achieves 82.0% Pass@1 with Claude-4.6-Sonnet as the
base model and 80.0% Pass@1 with the open-source DeepSeek-V3.2-
Reasoner, outperforming the compared baseline agents. Under the
same DeepSeek-V3.2-Reasoner configuration, Prism achieves a 10.0%
improvement over Mini-SWE-Agent (70.0%). On SWE-bench-Live

Lite, Prism achieves 44.67% Pass@1 with Claude-4.6-Sonnet and
42.33% Pass@1 with DeepSeek-V3.2-Reasoner, outperforming the re-
ported SWE-Agent (with Claude-4.5-Sonnet achieving 36.0%). These
results provide complementary evidence of Prism’s generalization
under reduced data leakage concerns. A stage-wise evaluation of
the global and local exploration stages shows that Prism expands
the solution space to generate high-quality patches, rather than
relying on increasing the number of candidate solutions to boost
performance. Experiments further show the unique contribution
of the solution synthesis stage, revealing 15 issues that only the
integrated solutions could resolve.

In summary, the main contributions of this paper are as follows:
• An Effective Issue Resolution Agent Framework: We intro-
duce Prism, a multi-path reasoning and synthesis framework for
repository-level issue resolution that generates and integrates
diverse repair solutions across three stages.
• Thorough Evaluation: We evaluate Prism on SWE-bench Ver-

ified and SWE-bench-Live Lite, demonstrating that it achieves
SOTAperformancewith bothDeepSeek-V3.2-Reasoner andClaude-
4.6-Sonnet against existing issue resolution agents.
• Experimental Results: With Claude-4.6-Sonnet and DeepSeek-

V3.2-Reasoner, Prism achieves Pass@1 rates of 82.0% and 80.0% on
SWE-bench Verified, respectively, outperforming the compared
baseline agents. On SWE-bench-Live Lite, Prism + DeepSeek-V3.2-

Reasoner achieves 42.33%, surpassing the leading closed-source
combination (SWE-Agent + Claude-4.5-Sonnet, 36.0%).

2 Limitations of Existing Work

To illustrate the limitations of existing issue resolution agents, we
analyze Django#33413[7] (a representative issue from SWE-bench

Verified; see Figure 1). The root cause is that ForeignKey fails to
inherit the db_collation attribute from its target field, causing
MySQL Error 3780 during schema migration. Fixing it requires
coordinated changes across two files: (1) related.py, where the
ForeignKey must include collation in its database parameters
to expose the target field’s collation; and (2) schema.py, where
the schema editor must accommodate this collation change and
propagate it to the relevant columns.

2.1 Limitation 1: Lack of Solution Diversity

Coupled with Misleading Self-reflection

Current agents for issue resolution typically rely on sampling-based
strategies (e.g., increasing temperature or top-𝑘) to boost solution
diversity. However, their effectiveness is limited by the coupling of
intrinsic LLM “mode collapse” and “misleading self-reflection”. RLHF-
tuned models tend to generate repetitive, low-diversity content [2],
so even with stochasticity, sampled reasoning paths remain highly
homogeneous [15, 42, 62]. Compounding this, the self-reflection
often produces false-negative feedback, causing agents to abandon
correct solutions after exploring them.
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Django#33413: Foreign Keys Constraint Error with db_collation

Migrate
MySQL Error 3780:

Referencing column 'acc_id' and 

referenced column 'id' are 

incompatible.(Cause: FK created 

without COLLATE 'utf8')

Django#15629(PR): Ground Truth (Developer's Fix)

django/db/models/fields/related.py django/db/backends/base/schema.py

Limitations in Existing Agents

class Account(Model):

  id = CharField(pk=True, 

db_collation='utf8')

class Address(Model):

  # FK fails to inherit 

collation

  acc = ForeignKey(Account)

def db_parameters(self, conn):

    # ...

|- return {

|-  "type": self.db_type(conn),

|-  "check": self.db_check(conn)

|- }

|+ # Get params from target field

|+ params = self.db_parameters(conn)

|+ return {

|+ "type": self.db_type(conn),

|+ "check": self.db_check(conn),

|+ "collation": params.get("collation"),

|+  }

    # ...

def _alter_field(self, ...):

    # ...

|-  if old_type != new_type:

|+ if (old_type != new_type or

|+   old_coll != new_coll):

  for old_rel, new_rel in rels:

   

|+    if old_rel_coll != rel_coll:

|+      self._alter_col_collation(

|+       new_rel.related_model,

|+       new_rel.field,

|+        rel_type,

|+              rel_coll)

    # ...

Expose Collation

Fix DB Incompatibility

Inherit Target Collation Detect Collation Change

Limitation 1: Lack of Diversity & Mislead by  Self-Reflection

Limitation 2: Lack of Synthesis and Neglect of Complementarity

Both agents 
fall into wrong 

solution

Correct Solution = Live-SWE-Agent + LingXi (Synthesis is missing)

related.py
schema.py 

Trae JoyCode

Live-SWE-Agent LingXi

Both agents missed the root cause in schema.py

Explored: schema.py 

Thought: "Wrong part!"

Trapped in incorrect solution (Steps 24-35)

Final: related.py only

I SEE THE BUG! ... We need to fix schema.py. 

OH NO! I FIXED THE WRONG PART!

Attempt1: Added db_parameters to RelatedField
Attempt2: Failed 5 different test execution
…

The fix is minimal... exactly what was needed!

 Thought: "Look elsewhere"
I need to find where the foreign key constraint is created.

Trapped in incorrect solution (Steps 38-51)

Final: related.py only
The reproduction script passed... I have fixed the issue.

Explored: schema.py
I will read .../mysql/schema.py

Correct Logic: Fix DB IncompatibilityCorrect Logic: Expose Collation

Explored: schema.py 

Thought: "Enforce Synchronization"

Action: Implemented Explicit Propagation

The collation should be propagated to fk fields.

Foreign keys must match target collation.

Added logic to _alter_field to fix mismatches

Explored: related.py 

Thought: "Expose the Attribute"

Action: Modified ForeignKey.db_parameters

Foreign keys are missing the collation info

I need to pass the collation into parameters.

Included collation in the field definition.

Attempt1: NEED to add db_parameters
Attempt2: Failed 4 attempts to run collation tests
…

Figure 1: An example for illustrating limitations of the existing agent frameworks based on Django Issue #33413.

The synergy betweenmode collapse andmisleading self-reflection
severely restricts the agent’s exploration capabilities. Once a correct
solution is rejected due to flawed feedback, the agent attempts to
regenerate alternatives. However, constrained by mode collapse, it
fails to synthesize substantively different reasoning paths. Instead,
it stagnates within the erroneous logic, leading to premature conver-
gence on homogeneous, incorrect solutions. Figure 1 demonstrates
that although the state-of-the-art agents Trae[10] and JoyCode[19]
utilize high-temperature sampling to foster diversity, this approach
proves insufficient. Both agents initially targeted schema.py (a
correct candidate), but were derailed by erroneous self-reflection
and prematurely abandoned this direction. More critically, despite
high temperature sampling, their subsequent attempts to generate
solutions for related.py remained highly homogeneous in their
underlying logic, ultimately resulting in incorrect patches:
• Trae [10]: Upon analyzing schema.py, the self-reflection mis-
takenly flagged it as the “wrong part!”, forcing an immediate shift
to related.py. Even after persistent resampling (Steps 24–35),
Trae showed no strategic divergence, remaining trapped in a
local optimum of “adding db_parameters” and failing to iden-
tify distinct solutions like “exposing collation”. This inability
reveals a critical bottleneck in generating diverse solutions.
• JoyCode [19]: Upon analyzing schema.py, JoyCode was simi-
larly derailed by erroneous reflection (“look elsewhere”), forcing
a pivot to related.py (Steps 38–51). Critically, despite repeated
dynamic test failures, the agent failed to leverage its sampling to
generate different alternatives. Instead, it became trapped in a
vicious cycle: generating an incorrect patch, failing the test, and
subsequently regenerating a highly similar erroneous patch.

2.2 Limitation 2: Lack of Solution Synthesis

Capabilities

Existing agent frameworks typically evaluate generated solutions
in isolation, relying on ranking or voting to identify a single op-
timal patch. This paradigm overlooks the potential complemen-
tarity among different solutions. As illustrated in Figure 1, the

correct resolution for Django#33413 necessitates coordinated modi-
fications across both files related.py and schema.py. Notably,
two agents independently addressed partial aspects of the

issue. However, due to the framework’s inability to synthe-

size these complementary solutions, it failed to generate a

complete and correct patch:
• Live-SWE-Agent [47]: It correctly focused on related.py. Its
reasoning paths (“expose the attribute”) accurately identified that
foreign keys were missing collation information. Based on
this, it modified ForeignKey.db_parameters to expose the
collation attribute (Correct Logic: Expose Collation). However,
Live-SWE-Agent overlooked the issue located in schema.py.
• LingXi [52]: In contrast to Live-SWE-Agent, LingXi accurately
pinpointed the root cause within schema.py. Its reasoning paths
(“enforce synchronization)” recognized that synchronization be-
tween the foreign key and the target collation must be enforced
during schema migration. It implemented the crucial explicit
propagation logic within the _alter_field function, thereby
fixing the underlying database incompatibility (Correct Logic: Fix
DB Incompatibility). Unfortunately, LingXi failed to locate the
issue in related.py.

3 Approach

Insight: To address limitation 1 (lack of solution diversity coupled
with misleading self-reflection), we propose contrastive seman-

tic constraints, which guide agents to avoid repeating previously
explored fixing logic along dimensions such as root cause hypothe-
ses and expected behaviors, thereby systematically broadening the
solution space. To tackle limitation 2 (lack of solution synthesis),
we introduce a multi-agent review and synthesis mechanism,
where multiple agents critically review and integrate candidate
solutions, extracting strengths from each to synthesize a globally
complete final solution from local optima.

Architecture Overview:We propose Prism, a novel agent frame-
work that overcomes existing bottlenecks in issue resolution through
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INPUT

Issue Description

Code Repository

Global Exploration Local Exploration Solution Synthesis Patch Generation

OUTPUT

Invoke Tools

Generate Solution

G2: <𝑅2, 𝐸2, 𝑀2, 𝐶2>

G1: <𝑅1, 𝐸1, 𝑀1, 𝐶1>

𝑅:  Root Cause
𝐸:  Expected Behavior
M:  Modification Strategy
𝐶:  Relevant Context

Trajectory

A*-Inspired Selection

𝑓(𝑠𝑖) = 𝑔(𝑠𝑖) + ℎ(𝑠𝑖)
𝑔 𝑆𝑖 ∶ Context Penalty 

ℎ 𝑆𝑖 ∶ Solution Penalty

G1,1: 
<𝑅1,1, 𝐸1,1, 𝑀1,1, 𝐶1,1>

Static Verification

Dynamic Verification

Majority Voting

G1,1

G1,2

T1

G1

G2,1

G2,2

T2

G2

G3,1

G3,2

T3

G3

Final Patch

Contrastive Constraints: 
Semantically divergent  in 

𝑅1, 𝐸1, 𝑀1, 𝐶1.

Contrastive Constraints: 
Semantically divergent  in 

𝑀1 & 𝑀1,1.

Reviewer A (Holds G1,1)

Regression Risk Review on G1,2

Completeness Review on G1,2 

Judge Agent

1. Defect Verification 

2. Complementarity Analysis

3. Semantic Synthesis

Synthesized Solution T1

Tools

Contrastive Constraints: 
Semantically divergent  in 

G1&G2(𝑅, 𝐸, 𝑀, 𝐶)

G3: <𝑅3, 𝐸3, 𝑀3, 𝐶3>

Contrastive Constraints: 
Semantically divergent  in 𝑀1.

G1,2: 
<𝑅1,2, 𝐸1,2, 𝑀1,2, 𝐶1,2>

Candidate Pool

Same Process for 

G1,G2,G3

Reviewer B (Holds G1,2)

Regression Risk Review on G1,1

Completeness Review on G1,1 

Cross Review

Navigation

Inspection

 Execution

view_directory
view_file_structure

…

view_file_content
search_class

…

run_shell_cmd
submit

…

Figure 2: The workflow of Prism

multi-path reasoning and synthesis. It adopts a coarse-to-fine explo-
ration and synthesis paradigm, promoting solution diversity while
progressively converging to high-quality patches. Given an issue
description and a code repository, Figure 2 illustrates its workflow:
• Global Exploration: This stage serves as the foundation for
achieving broad solution coverage. Led by the plan agent and
guided by contrastive semantic constraints, it iteratively gen-
erates 𝑁 solutions {𝐺1,𝐺2, . . . ,𝐺𝑁 }, with explicit constraints that
promote semantic differences across four dimensions: root cause
hypothesis, expected behavior, modification strategy and relevant

context. This mechanism helps mitigate the solution homogene-
ity problem associated with mode collapse, enabling the global
exploration stage to cover a broader solution space.
• Local Exploration: This stage aims to fully leverage the context
accumulated during global exploration for in-depth expansion
along modification location and strategy. We define the execution
trajectory𝑇 = {𝑠0, 𝑠1, . . . , 𝑠𝐿}, where each state 𝑠𝑖 records a single
agent–repository interaction (tool calls, feedback, and context).
To balance exploration and exploitation, Prism introduces a criti-
cal state selection mechanism inspired by the A* algorithm [12, 55].
Using a heuristic scoring strategy, it selects a critical state within
𝑇 as a suitable branching point, where sufficient context has been
gathered but the exact modification location and strategy remain
underdetermined. From such a state, Prism diverges to generate
𝑁𝐿 sub-solutions, each with a distinct modification plan.
• Solution Synthesis: This stage achieves complementary strengths
across solutions. Prism builds a multi-agents with Reviewer and
Judge roles. Structured cross-review identifies omissions and
regression risks in individual sub-solutions. Then, the Judge per-
forms semantic-level synthesis, producing 𝑁𝐺 integrated solu-
tions that combine advantages of multiple candidate approaches.
• Patch Generation: This stage converts candidate solutions into
patches, filters invalid ones through static checks and visible
repository tests, and selects one final patch via majority voting
following Trae [10].

3.1 Global Exploration

The goal of the global exploration is to generate a set of diverse
solutions. This stage is led by a plan agent, which conducts prelim-
inary exploration across the codebase and formulates resolution

Task: You are a planning agent for resolving a repository issue.  Generate 
one concrete repair plan that is semantically different from previously 
generated plans.
Contrastive constraint: 
When generating the new plan Gk, avoid repeating any prior fixing logic in H. 
The new plan should differ from previous plans under semantic judgment: 1. 
Root cause hypothesis: [Explain the underlying mechanism that leads to 
the issue.] 2.Expected behavior after the fix: [Describe the intended 
program behavior/state after the bug is resolved.] 3. Modification 
location and strategy: [Specify the files/classes/functions to modify and 
the corresponding repair strategy.] 4. Relevant repository context: [List 
relevant code snippets/dependencies that support this solution.]
Input:  - [Issue] - [Repository] - [Historical Solutions H={G1…Gk-1}]
Output: Modification Solution Gk .

Figure 3: Prompt Templates of Contrastive Constraint (simplified)

strategies. As noted in Section 2.1, even when existing agents adopt
high-temperature sampling, the resulting solutions remain highly
homogeneous in terms of their underlying issue resolution logic.

We define semantic divergence as differences in the underly-
ing issue-fixing logic among candidate solutions. To promote such
divergence during generation, Prism introduces contrastive seman-

tic constraints. These constraints guide each generated solution to
avoid repeating the fixing logic of prior solutions across several se-
mantic dimensions, thereby systematically expanding the solution
space. The four semantic dimensions are defined as follows:
• Root Cause Analysis (R): An explanation of the underlying
mechanism that leads to the issue, e.g., “the ForeignKey does
not inherit the db_collation attribute from the target field.”
• Expected Behavior (E): The intended program state after the bug
is resolved, e.g., “ForeignKey should automatically propagate
the collation settings of the target field.”
• Modification Strategy (M): A natural language description of
the specific locations to be modified (e.g., code files, classes, func-
tions) along with the corresponding modification strategy.
• Relevant Context (C): Contextual information that supports the
proposed solution, including the issue description and relevant
code snippets from the repository.
In Prism, semantic divergence is not computed as a distance

score. Instead, it is enforced as a generation-time qualitative con-
straint through a contrastive prompt (see Figure 3), motivated
by prompting-based methods for improving LLM output diver-
sity [58, 62]. Specifically, the plan agent is instructed to output
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each solution as a structured four-tuple 𝐺𝑖 = ⟨𝑅𝑖 , 𝐸𝑖 , 𝑀𝑖 ,𝐶𝑖⟩. When
generating the 𝑘-th solution, we inject the root cause hypothe-
ses {𝑅1, . . . , 𝑅𝑘−1}, expected behaviors {𝐸1, . . . , 𝐸𝑘−1}, modification
strategies {𝑀1, . . . , 𝑀𝑘−1}, and contextual information {𝐶1, . . . ,𝐶𝑘−1}
from the historical solution set into the prompt. Through con-
trastive instructions, we require the plan agent to avoid seman-
tically equivalent fixing directions in these dimensions, thereby
promoting semantic diversity among solutions during generation.

Algorithm 1: Global Exploration with Contrastive Seman-
tic Constraints
Input: Issue description I, Repository R, Number of solutions 𝑁G
Output: A diverse set of candidate solutions 𝐻

1 𝐻 ← ∅ ; // Initialize the set of historical solutions

2 for 𝑘 = 1 to 𝑁G do

/* 1: Formulate contrastive semantic constraints */

3 if 𝑘 = 1 then
4 Pcons ← ∅;
5 else

/* Construct constraints to avoid repeating
prior fixing logic in Root Cause (𝑅),
Expected Behavior (𝐸), Modification Strategy
(𝑀), and Relevant Context (𝐶) */

6 Pcons ← Prompt requiring𝐺𝑘 to avoid fixing logic that is
semantically equivalent to that of any prior𝐺𝑖 with
respect to 𝑅, 𝐸,𝑀 , and𝐶 ;

/* 2: Context exploration */

7 C𝑘 ← Explore_Repository(I, R, 𝐻, Pcons ) ;
/* 3: Solution generation */

8 𝐺𝑘 ← Generate_Solution(I, C𝑘 , 𝐻, Pcons ) ;
9 Let𝐺𝑘 = ⟨𝑅𝑘 , 𝐸𝑘 , 𝑀𝑘 ,𝐶𝑘 ⟩;

/* 4: Update the historical solution set */

10 𝐻 ← 𝐻 ∪ {𝐺𝑘 };
11 return 𝐻

The global exploration process is presented in Algorithm 1. Given
an issue description I and a code repository R, the plan agent itera-
tively applies contrastive constraints to promote semantic diversity
among the 𝑁𝐺 generated fixing solutions. Specifically, during the
initial solution generation phase (𝑘 = 1), the contrastive constraint
instruction 𝑃cons in the prompt is initialized as empty, as the histori-
cal solution set 𝐻 is currently empty and no contrastive constraints
need to be applied (Lines 3–4). The plan agent first invokes tools
to gather context 𝐶1 from the code repository R (Line 7), gener-
ates the first detailed fixing solution 𝐺1 (Line 8), and adds it to
the historical solution set 𝐻 (Line 10). Subsequently, the itera-
tive generation phase begins (𝑘 ≥ 2). When generating the 𝑘-th
solution, the plan agent takes the historical solution set 𝐻 as input
and imposes explicit contrastive constraint instructions within the
prompt, requiring the new solution 𝐺𝑘 to avoid fixing logic that is
semantically equivalent to prior solutions in 𝐻 across the dimen-
sions of root cause hypothesis 𝑅, expected behavior 𝐸, modification
strategy 𝑀 , and relevant context 𝐶 (Lines 5–6). Under this con-
straint, the plan agent again performs context exploration (Line 7)
and solution generation (Line 8), then appends the new solution
to 𝐻 (Line 10). Notably, the strictness of this constraint automati-
cally increases with the iteration round: for example, generating

𝐺3 requires avoiding fixing logic that is semantically equivalent to
either𝐺1 or𝐺2. Through this iterative exploration mechanism with
semantic constraints, Prism discourages the agent from converging
to a single fixing direction, thereby promoting broader coverage of
the solution space during the global exploration stage.

3.2 Local Exploration

The local exploration stage aims to further extend and optimize the
fixing solutions generated during the global exploration stage. In
contrast to global exploration, local exploration does not re-explore
different root cause hypotheses 𝑅 or expected behaviors 𝐸; instead,
it fully leverages the context accumulated in the global exploration
stage and focuses on generating diverse sub-solutions along the
modification strategy dimension (𝑀).

However, how to reuse the contextual information accumulated
during global exploration is crucial. We define the sequence of states
generated by the agent’s interactions with the repository during is-
sue resolution as an execution trajectory𝑇 = {𝑠0, 𝑠1, . . . , 𝑠𝐿}, where
each state 𝑠𝑖 records a single interaction between the agent and the

code repository, including tool calls, environment feedback, and con-

textual information. The core challenge of local exploration lies

in determining at which state 𝑠𝑖 of the trajectory𝑇 to perform

branching exploration in order to efficiently obtain differ-

entiated sub-solutions. This involves an exploration-exploitation

trade-off : if we restart from the trajectory’s starting point 𝑠0, the
accumulated contextual information will be wasted; conversely, if
we branch from the trajectory’s endpoint 𝑠𝐿 , the execution trajec-
tory at that stage has often converged to a fixed direction, making
it difficult to generate divergent sub-solutions. Therefore, a suitable
branching point(i.e., a critical state) should satisfy two conditions:
(1) sufficient repository context has been accumulated, and (2) the
specific modification strategies remain underdetermined.

Inspired by the A* algorithm [12, 55], we propose a critical state
selection mechanism to address the aforementioned trade-off. The
traditional A* algorithm balances exploration and exploitation by
combining two independent heuristic functions to guide the search
direction. Drawing on this idea, rather than performing full A* al-
gorithm graph search, we define a heuristic branching cost function
𝑓 (𝑠𝑖 ) for each state 𝑠𝑖 in the existing trajectory. A smaller value
of 𝑓 (𝑠𝑖 ) indicates that the corresponding 𝑠𝑖 is more suitable as a
critical state for diverging into new solutions:

𝑓 (𝑠𝑖 ) = 𝑔(𝑠𝑖 ) + ℎ(𝑠𝑖 ) (1)
𝑠∗ = argmin

𝑠𝑖 ∈𝑇
𝑓 (𝑠𝑖 ) (2)

• 𝑔(𝑠𝑖 ) = 1− 𝑖
𝐿
denotes the context deficiency cost, which penalizes

states 𝑠𝑖 that lie early in the trajectory, where 𝐿 is the total length
of the trajectory𝑇 . A smaller 𝑖 indicates that 𝑠𝑖 is closer to the start
of the trajectory, resulting in a larger 𝑔(𝑠𝑖 ) value, implying that
the state 𝑠𝑖 has accumulated insufficient contextual information.
By discouraging exploration from states that are too shallow in
the execution trajectory, this penalty term favors states with a
sufficient contextual foundation.
• ℎ(𝑠𝑖 ) denotes the solution convergence cost, which penalizes
states 𝑠𝑖 where the fixing solution has already converged. We
introduce an LLM-driven evaluator to rank all candidate states.
The evaluation considers the following factors: (a) whether state
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Task: Using held solution as a reference baseline, identify defects 
in counterpart solution across two dimensions.
Criteria :
(a) Completeness Review: Does counterpart solution miss 

any critical modification locations or fix logic?
(b) Regression Risk Review: Does counterpart solution 

introduce risks to existing code structure?
Input: - [Issue] - [Held  Solution] - [Counterpart  Solution]
Output: Critiques (Held solution → counterpart solution)

Task: Act as a judge agent to synthesize two candidate solutions 
into a globally solution.
Steps:
1.Defect Verification: Validate each critique against the 
corresponding code context.
2.Complementarity Analysis : identify relative strengths of 
each surviving solution across dimensions<R,E,M,C>.
3.Semantic Synthesis : Rewrite retained strengths from both 
solutions into a unified repair plan.
Input: G𝑖,1,  G𝑖,2, Critiques(G𝑖,1 → G𝑖,2), Critiques(G𝑖,2 → G𝑖,1)
Output: Integrated Solution <R, E, M, C>

(c) Prompt Template of Judge Agents

Task: Rank the states in the given execution trajectory to identify 
the suitable branching point for generating diverse modification 
strategy.
Criteria: 
A state si should be ranked higher if it satisfies both of the 
following conditions: 
(a) Undetermined Modification Location: No specific files, 

classes, or methods identified yet.
(b) Undetermined Modification Strategy: No code 

modification steps or fix direction committed yet.
Input:  - [Issue] - [Trajectory_States]
Output: A JSON array of states indices ranked.

(a) Prompt Template of Critical State Selection 

(b) Prompt Template of Reviewer Agents

Figure 4: Prompt Templates of Prism (simplified)

𝑠𝑖 has already pinpointed specific modification locations (e.g.,
identifying concrete files, classes, and methods to be modified);
(b) whether state 𝑠𝑖 has begun substantially planning concrete
code modification steps (e.g., having started to outline specific
modification steps within a class). The LLM outputs a list of
states ranked in ascending order of solution convergence, such
as {𝑠4, 𝑠2, . . . , 𝑠𝐿}. Let Rank(𝑠𝑖 ) denote the index position of state
𝑠𝑖 in this list, which is then converted into the ℎ value, i.e.,
ℎ(𝑠𝑖 ) = Rank(𝑠𝑖 )/𝐿. For example, if state 𝑠4 ranks first after sort-
ing (i.e., Rank(𝑠4) = 0), then its ℎ(𝑠𝑖 ) is 0. This mechanism favors
states whose modification locations and strategies remain under-
determined by assigning them a lower ℎ penalty.
In summary, 𝑔(𝑠𝑖 ) penalizes states with insufficient context,

while ℎ(𝑠𝑖 ) penalizes states where the repair solution has already
converged. Their combination provides a heuristic score for se-
lecting a suitable branching point that has accumulated sufficient
context while the solution remains unconverged (see Figure 4(a)).

3.3 Solution Synthesis

Guided by the contrastive semantic constraint mechanism, the
local exploration stage generates for each global solution 𝐺𝑖 a set
of candidate sub-solutions that exhibit substantial differences in
modification locations and strategies. Such diversity often enables
different sub-solutions to cover distinct dimensions of the problem.
However, if evaluated in isolation and selected individually, the
complementary strengths among these sub-solutions would be
discarded, potentially resulting in a final patch that still fails to
fully resolve the issue. To address this, Prism introduces a multi-
agent review and solution synthesis mechanism: for two local sub-
solutions 𝐺𝑖,1 and 𝐺𝑖,2 generated under a global solution 𝐺𝑖 , we
construct a review environment consisting of two reviewer agents

and one judge agent (see Figure 4(b-c) for the prompt template):

(1) Reviewer Agents: Each reviewer agent holds one of the sub-
solutions and, using its own solution as a reference baseline, per-
forms reviews on the counterpart sub-solution across the following
two dimensions:
• Completeness Review: The repair of complex issues often in-
volves coordinated modifications across multiple files and func-
tions, making it easy for a single solution to overlookmodification
locations or edge cases. During the completeness review phase,
the reviewer agent takes the modification locations and logic
covered by its own solution as a reference baseline, focusing on
identifying missing modification locations in the counterpart so-
lution, including uncovered cross-file dependencies, overlooked
collaborative modification logic, and unaddressed edge cases.
• Regression Risk Review: Introducing new defects while fixing a
bug represents a failure mode equally important as under-repair.
During the regression risk review phase, the reviewer agent takes
the handling of the existing code structure in its own solution as
a reference baseline, focusing on identifying modification logic in
the counterpart solution that may disrupt existing functionality,
including disruptions to data flow, violations of interface usage
conventions, and the introduction of unhandled exceptions.
(2) Judge Agent: Unlike the localized critical perspective of the

reviewer agent, the judge agent takes as input both sub-solutions𝐺𝑖,1
and𝐺𝑖,2, along with their respective defect reports. This enables the
judge agent to perform a cross-solution, semantic-level synthesis
process comprising the following three steps:
• Defect Verification. The judge agent independently evaluates
each defect identified in the two defect reports against the corre-
sponding code context to determine whether the defect indeed
exists in the target solution. For defects that are verified, the
associated repair logic is flagged as problematic and subject to
replacement or correction during subsequent synthesis. For de-
fects lacking sufficient evidence to be verified, they are excluded
to avoid interfering with the subsequent synthesis process.
• Complementarity Analysis. After removing the problematic
repair logic, the judge agent conducts a complementarity analysis
on the valid parts of the two solutions. Using the repair plan
quadruple𝐺 = ⟨𝑅, 𝐸,𝑀,𝐶⟩ as the unit of analysis, the judge agent
identifies the relative strengths of each solution across each di-
mension. For instance, if𝐺𝑖,1 covers more cross-file modifications
while 𝐺𝑖,2 handles boundary conditions more comprehensively,
the strengths of the two solutions are distributed across different
sub-tasks, exhibiting semantic complementarity. The judge agent
is the only role with simultaneous access to both solutions and
their respective defect reports, enabling it to make cross-solution
judgments and synthesis decisions with complete information.
• Semantic Synthesis. The judge agent reorganizes the strengths
of each solution at the semantic level of the repair plan quadruple
𝐺 = ⟨𝑅, 𝐸,𝑀,𝐶⟩, producing an integrated solution.

3.4 Patch Generation

After undergoing the global exploration, local exploration, and solu-

tion synthesis stages, Prism constructs a candidate pool comprising
multiple repair solutions. The objective of this phase is to translate
these natural language-based solutions into actual code patches
and select the final submission version. To this end, we introduce
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a coder agent, which takes as input the issue description along
with the candidate solution, and converts the semantic-level repair
strategies into concrete code modifications, thereby generating a
corresponding code patch for each candidate solution.

We first adopt the approach from Agentless [46] by introducing
a dual verification mechanism consisting of static verification and
dynamic verification to progressively sanitize the patches gener-
ated from the candidate repair pool. Static verification performs
syntactic checks on all patches, filtering out invalid patches that
introduce syntax errors or references to undefined variables. Dy-
namic verification executes only visible repository tests selected
from the issue context in an isolated sandbox; it does not access
the benchmark’s hidden evaluation tests.

Finally, following Trae [10], we apply majority voting over veri-
fied patches to select the highest-consensus one as the final repair
submission. By following this pipeline of generation, verification,
and voting, Prism effectively filters out low-quality patches and
maximizes the correctness of the final output patch.

4 Evaluation

This section evaluates the proposed Prism framework by addressing
four core research questions:
• RQ1 (Overall Performance): How effective is Prism in repository-

level issue resolution compared to SOTA baseline agents?

• RQ2 (Effectiveness of Exploration Mechanism): How do the

Global and Local Exploration mechanisms contribute to Prism’s

issue resolution rate?

• RQ3 (Effectiveness of Synthesis Mechanism): Can Solution

Synthesis mechanism effectively combine the advantages of dif-

ferent candidate solutions to improve Prism’s issue resolution rate?

• RQ4 (Cost-Efficiency Analysis): How does Prism’s issue resolu-

tion rate vary with its token consumption and wall-clock time?

4.1 Experiment Setup

Baselines. To comprehensively evaluate our proposed approach,
we select baselines primarily based on their ranking on the public
SWE-bench Verified and SWE-bench-Live Lite leaderboards, prior-
itizing top-ranked agents. Beyond rank, these agents also cover
different strategies (e.g., large-scale sampling, dynamic tool syn-
thesis, experience-based repair), allowing us to compare Prism’s
exploration-synthesis architecture against other approaches.
• Agent Selection: (1) SWE-Agent [50] optimizes the interaction
interface between LLMs and code repositories (e.g., file editing,
repository navigation, and test execution), serving as a widely rec-
ognized baseline for issue resolution. (2) Mini-SWE-Agent [50]
is a minimalist variant of SWE-Agent that relies solely on shell
commands for LLM interaction, designed to assess model ca-
pabilities in highly constrained environments. (3) Live-SWE-

Agent [47] dynamically and autonomously creates tools during
issue resolution, achieving SOTA performance on the SWE-bench

Verified leaderboard. (4) Trae Agent [10] introduces a set rea-
soning paradigm that formulates problem-solving as an optimal
solution search, leveraging pruning and selection to efficiently
navigate massive solution spaces. (5) Lingxi [52] leverages re-
pair experience extracted from historical bug fixes, enabling
the agent to comprehend issue resolution mechanisms from
multiple perspectives. (6) OpenHands [44] is a widely adopted

open-source platform designed for general-purpose AI software
development. (7) JoyCode [19] is an AI-powered IDE tailored
for enterprise-level scenarios, demonstrating exceptional perfor-
mance in repository-level issue resolution. (8) Sonar Foundation
Agent [37] builds onAutoCodeRover [65] with agentic search and
tool-calling, jointly topping the SWE-bench Verified leaderboard.
(9) EPAM AI/Run Developer Agent [8] is an enterprise-oriented
AI agent for end-to-end repository-level issue resolution.
• LLM Selection: We selected two LLMs representing distinct tech-
nical paradigms: an open-source model and a proprietary model.
(1) DeepSeek-V3.2-Reasoner [25] exhibits strong reasoning ca-
pabilities, excelling in complex problem-solving and code anal-
ysis tasks, and represents the SOTA performance among open-
source models in this domain. (2) Claude-4.6-Sonnet [4], an
LLM variant developed by Anthropic, is widely recognized as a
leading model for coding, agentic workflows, and long-horizon
autonomous tasks, demonstrating exceptional proficiency in code
planning and resolving complex, multi-system bugs.

Benchmark. To ensure rigorous, comprehensive, and realistic eval-
uation, we use two complementary benchmarks, enabling fair com-
parison with prior work while mitigating data leakage risks.
• SWE-bench Verified [18]: This benchmark consists of 500 high-
quality issue instances, rigorously filtered from the original SWE-

bench and human-verified, covering 12 popular Python reposito-
ries. Leveraging this widely recognized subset enables our results
to be directly compared against all leading SOTA agents.
• SWE-bench-Live Lite [64]: Recent empirical studies [1] reveal
fundamental limitations in static benchmarks: over 94% of SWE-

bench instances predate modern LLMs’ knowledge cutoff, and
roughly 32.67% exhibit “solution leakage” in issue descriptions
or comments. To address this concern and assess generalization
under reduced data-leakage risk, we use SWE-bench-Live Lite

as a complementary benchmark, which provides dynamically
updated issue instances from actively evolving repositories.

Evaluation Metrics. We adopt Pass@1 (Resolution Rate) as our
core quantitative evaluation metric. It is important to note that,
since Prism generates multiple candidate patches during its ex-
ploration and synthesis stages, we introduce a majority voting
mechanism to strictly adhere to the definition of Pass@1—which
permits only one final submission attempt. At the final output stage,
Prism evaluates all candidates in the pool for consistency, performs
a voting process, and ultimately selects a single patch for evaluation.
Implementation Details. In Prism, we set the sampling number
in the global exploration stage to 𝑁𝐺 = 3 and that in the local

exploration stage to 𝑁𝐿 = 2. This configuration is motivated by
two considerations: (1) The global exploration stage is structurally
equivalent to the layer-wise expansion of a search tree. Following
tree-structured reasoning methods such as ToT [53], MCTS [60],
and their subsequent works [11, 49], which commonly use a branch-
ing factor of 3 to balance coverage and cost, we set 𝑁𝐺 = 3. (2)
Each globally explored solution independently undergoes local ex-
ploration and synthesis. We set 𝑁𝐿 = 2, the minimum required
to activate the synthesis mechanism, since larger values would
introduce multiplicative overhead with the global sampling factor
𝑁𝐺 × 𝑁𝐿 . Under this configuration, the complete workflow gen-
erates 3 global solutions, 6 local solutions (3 × 2 local solutions
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Table 1: Overall Effectiveness of Issue Resolution

Approach Base Model %Resolved Pass@1

SWE-bench Verified

Live-SWE-Agent Claude 4.5 Opus Medium 79.20% -
Sonar Foundation Agent Claude 4.5 Opus 79.20% -

Trae Doubao-Seed-Code 78.80%
√

Live-SWE-Agent Gemini3-Pro 77.40% -
EPAM AI Claude 4 Sonnet 76.80% -

mini-SWE-agent Claude 4.5 Opus High 76.80%
√

JoyCode Claude 4 Sonnet & GPT-4.1 74.60% -
Lingxi-V1.5 Claude 4 Sonnet 74.60%

√

Mini-SWE-Agent Claude 4.5 Opus Medium 74.40%
√

OpenHands GPT-5 71.80%
√

Mini-SWE-Agent DeepSeek-V3.2-Reasoner 70.00%
√

Our Agent

Prism DeepSeek-V3.2-Reasoner 80.00%

√

Prism Claude-4.6-Sonnet 82.00%

√

SWE-bench-Live Lite

SWE-agent Claude-4.5-Sonnet 36.00%

√

OpenHands Qwen3-Coder-480B-A35B 24.67%

√

SWE-agent GPT5-Thinking 24.30%

√

OpenHands Claude 3.7 Sonnet 17.67%

√

Our Agent

Prism DeepSeek-V3.2-Reasoner 42.33%

√

Prism Claude-4.6-Sonnet 44.67%

√

’-’ indicates that the agent’s resolution rate is not explicitly reported
as Pass@1; The %Resolved results for baselines are derived from the
official leaderboards of SWE-bench Verified and SWE-bench-Live Lite.

across the 3 global branches), and 3 integrated solutions, forming a
candidate pool of 12 patches.

The Resolution Rate for all baselines is sourced from the official
leaderboards. For SWE-bench-Live Lite, our comparative analysis
focuses on SWE-Agent and OpenHands, which are the baselines
with officially reported results on the SWE-bench-Live leaderboard.

4.2 RQ1: Overall Performance

Methodology: To rigorously assess the effectiveness of our pro-
posed Prism on real-world repository-level issue resolution tasks,
we perform comparative evaluations on SWE-bench Verified and
SWE-bench-Live Lite. The evaluation protocol follows the standard
agent testing paradigm: the agent is given only (1) the original issue
description and (2) the associated code repository. Operating end-
to-end within an isolated sandbox environment, it autonomously
navigates the code repository, performs editing operations, and
executes only visible repository tests, not hidden benchmark tests,
before producing one final patch through majority voting.
Results: Experimental results on the SWE-bench Verified demon-
strate that Prism outperforms existing SOTA baselines across all
foundation model configurations (see Table 1 for details). Specif-
ically, when integrated with Claude-4.6-Sonnet, Prism achieves a

Pass@1 of 82.0%, yielding substantial improvements ranging from
2.8% to 12.0% over various baseline methods. Compared to Trae,
which also adopts Pass@1 as its evaluation metric, Prism achieves
an improvement of 3.2%. These results demonstrate the strong
performance of Prism among existing issue resolution agents.

It is noteworthy that Prism also demonstrates effectiveness
across different LLM. When underpinned by the DeepSeek-V3.2-

Reasoner, Prism attains a Pass@1 of 80.0%. This performance not
only outperforms all baselines, whose resolution rates range from

70.0% to 79.2%, but also surpasses certain agents leveraging propri-
etary models, exemplified by Live-SWE-Agent with Claude 4.5 Opus.
The performance enhancement is especially pronounced under the
identical DeepSeek-V3.2-Reasoner configuration: Prism elevates the
Pass@1 from 70.0% (achieved by Mini-SWE-Agent) to 80.0%. This
absolute gain of 10.0% suggests that the observed improvement is
not solely attributable to the underlying LLM, but is also associated
with Prism’s multi-solution exploration and synthesis mechanisms.
Notably, this 80.0% also exceeds Mini-SWE-Agent’s 76.8% achieved
with the Claude 4.5 Opus (high reasoning).

On the dynamic SWE-bench-Live Lite benchmark, which is specif-
ically designed to reduce data leakage risks, Prism also achieves
strong performance. Specifically, powered byDeepSeek-V3.2-Reasoner,
Prism achieves a Pass@1 of 42.33%, surpassing the current SOTA
combination of SWE-Agent with Claude-4.5-Sonnet (36.0%, which
relies on a proprietary model) by a substantial margin of 6.3%. This
result provides complementary evidence of Prism’s generalization
with reduced data leakage concerns.
API Cost: When powered by DeepSeek-V3.2-Reasoner, Prism con-
sumes an average of 12.88M input tokens (12.30M cache hits) and
0.19M output tokens per issue, incurring an API cost of approxi-
mately $2.45/issue. When powered by Claude-4.6-Sonnet, the token
consumption is lower (3.03M input, 2.81M cache hits, 0.07M output),
with $2.51/issue. To contextualize these costs, we compare them
against the human cost of bug repair. Prior works report that the
median time for fixing a real-world bug is 0.68 hours [21, 61]. At
$40/h [38], the estimated human cost per issue is $27.2, providing a
coarse reference point for interpreting Prism’s API cost.

� Conclusion: On SWE-bench Verified, Prism achieves new SOTA re-
sults: 82.0% Pass@1 with Claude-4.6-Sonnet and 80.0% with DeepSeek-

V3.2-Reasoner. On the SWE-bench-Live Lite, Prism (with DeepSeek-V3.2-

Reasoner) surpasses the leading closed-source SOTA combination (SWE-

Agent + Claude-4.5-Sonnet, 36.0%), achieving 42.33%. This result provides
complementary evidence of Prism’s generalization under reduced leakage
concerns, while same-model results support its architectural contribution.

4.3 RQ2: Effectiveness of Exploration Mechanism

Methodology: A standard remove-one-stage ablation is not di-
rectly applicable to Prism, as its stages are contextually dependent:
local exploration branches from trajectories accumulated during
global exploration, and solution synthesis requires paired local sub-
solutions. Removing earlier stages would therefore break the re-
quired inputs for later stages. However, solutions produced at each
stage can still be passed to patch generation. Thus, we adopt the
experimental methodology established in prior work [22, 28, 34, 46]
and use candidate pool partitioning to quantify each stage’s contri-
bution to the issue resolution rate. Specifically, we execute Prism’s
complete workflow, record all natural-language solutions gener-
ated at each stage, and feed each stage-specific solution pool to the
coder agent for patch generation and majority voting. We compute
Pass@1 to estimate each stage’s contribution:
• Baseline (High-Temperature Sampling): This configuration
does not employ Prism’s exploration or synthesis mechanisms. It
generate 12 solutions through high-temperature sampling.
• Prism (𝑁𝐺 = 1, 𝑁 = 4): This candidate pool is produced by
narrowing global exploration to one direction (𝑁𝐺 = 1) while
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Table 2: Performance Analysis of Prism across Exploration Stages

Approach Candidate Plans (N) Pass@1(%) Pass@N(%)

Prism 12 80.00% 84.60%

Baseline 12 71.8%(↓8.2%) 75.8%(↓8.8%)
Prism (𝑁𝐺=1) 4 73.2%(↓6.8%) 77.2%(↓7.4%)
Global-Only 3 74.8%(↓5.2%) 80.0%(↓4.6%)
Local-Only 6 75.0%(↓5.0%) 80.4%(↓4.2%)

retaining local exploration and synthesis, consisting of one global,
two local sub-solutions, and one synthesized solution.
• Global-Only Candidates (N=3): This candidate pool consists
of the 3 initial global solutions generated by global exploration.
• Local-Only Candidates (N=6): This candidate pool contains
only the 6 sub-solutions refined through local exploration from
the 3 global branches, with 2 local sub-solutions per branch.
All configurations use DeepSeek-V3.2-Reasoner and apply ma-

jority voting for Pass@1. Because candidates vary in size (𝑁 =

3, 4, 6, 12), Pass@1 may be affected by the number of candidates
in the voting. We therefore treat these comparisons as stage-level
contribution analyses rather than size-controlled ablations, and
report Pass@N to reflect each pool’s coverage of the solution space.
Results: Table 2 presents a performance comparison between the
complete framework and its individual stages. With the identical
total number of candidate solutions (N=12), the complete Prism
framework achieves a Pass@1 of 80.0% and a Pass@12 of 84.6%. In
contrast, the baseline employing only high-temperature sampling
attains 71.8% (Pass@1) and 75.8% (Pass@12). This 8.2% improvement
in the Pass@1 issue resolution rate substantiates that the perfor-
mance gains are not attributable to generating a larger volume of
solutions. Instead, they stem from the framework’s global and local
exploration mechanisms, which not only broaden the search space
for correct solutions (as evidenced by the enhanced Pass@N ) but
also improve the consistency of high-quality candidates, thereby
enabling the majority voting to pinpoint the correct patch.

Moving from global exploration to local exploration, Prism re-
solves more issues. Using only the initial global exploration solu-
tions, Prism achieves 74.8% Pass@1 and 80.0% Pass@3. Remarkably,
compared to the baseline, which generates 12 solutions via high-
temperature sampling, global exploration attains a 3% higher reso-
lution rate using only 3 solutions. With the incorporation of local
exploration, the Pass@N further improves to 80.4%. These results
indicate that Prism’s exploration mechanism effectively captures
correct solutions that are easily overlooked from a single perspec-
tive, thereby enhancing the overall quality of the solution pool. We
further examine the breadth of global exploration by reducing 𝑁𝐺

from 3 to 1 while retaining local exploration and synthesis. This
configuration achieves 73.2% Pass@1 and 77.2% Pass@N, indicating
that broader global exploration contributes to the resolution rate.

Case Study. Figure 5(a) illustrates a cross-file issue that re-
quires three coordinated fixes: adding fallback logic in RelatedField-

ListFilter (TODO#1), passing ordering parameters in RelatedOnly-

FieldListFilter (TODO#2), and fixing lower-level ordering logic in
fields/init.py and reverse_related.py (TODO#3). Existing
agents tend to follow a single repair path and thus produce partial
fixes: Trae stops at the filters.py-level changes, while Live-SWE-

Agent, despite extracting helper functions, still misses the field-
ordering logic. This illustrates how single-path exploration can
converge to incomplete local optima on multi-file issues.

Prism avoids this premature convergence through staged ex-
ploration. In global exploration, it generates semantically different
directions: 𝐺2 focuses on filter-level fallback logic, whereas 𝐺3 in-
spects the underlying field-ordering behavior. Local exploration
then expands these directions: 𝐺2,1 recovers the missing Relate-

dOnlyFieldListFilter change, while 𝐺3,1 further incorporates filter-
level fallback logic. This staged process constructs a candidate pool
that covers complementary repair dimensions, enabling later stages
to approach the developer’s complete fix.

� Conclusion: The progressive exploration mechanism of Prism shows
a significant advantage over random sampling. With the same candidate
pool size (𝑁 = 12), Prism achieves a Pass@1 of 80.0%, compared to 71.8%
for the high-temperature sampling baseline. This indicates that Prism
effectively navigates the solution space to generate high-quality patches,
rather than merely relying on a larger number of candidate solutions.

4.4 RQ3: Effectiveness of Synthesis Mechanism

Methodology: RQ3 evaluates the contribution of the solution syn-

thesis to Prism’s overall resolution rate. Building on RQ2 results,
we compare the performance of synthesis-stage candidates against
those from the preceding exploration stages. To determine whether
synthesis can generate entirely new patches not identified during
exploration, we extract the sets of successfully resolved issues from
each stage and analyze them using UpSet plots [20].
Results: The results further reveal the critical role of the solution
synthesis. The global exploration generated three candidates, achiev-
ing a Pass@1 of 74.8%. Following this, the six solutions produced
during the local exploration phase yielded a Pass@1 of 75.0%. The so-
lution synthesis stage combined these six solutions in pairs to form
three solutions, resulting increase in Pass@1 to 79.2%, with Pass@N

reaching 83.4%. This shows that the synthesis mechanism combines
the complementary strengths of multiple solutions, addressing the
limitations of individual solutions from the local exploration stage
and thereby improving the overall issue resolution rate.

Figure 6 underscores the necessity of retaining all candidate
solutions (𝑁=12) across Prism’s three stages: (1) High Overlap:

Most successful cases (350) are resolved by all stages, confirming
Prism’s capability on routine issues. (2) Stage Complementarity:

Each stage also contributes exclusively to a unique set of successes.
The solution synthesis stage exclusively resolves 15 cases. Similarly,
the global exploration and local exploration stages contribute 8 and 2
issues, respectively. By harnessing this complementarity, the Prism
combines solutions from all stages into its final candidate pool. This
holistic strategy elevates the theoretical upper bound (Pass@N ) to
84.6% and, achieves an SOTA Pass@1 performance of 80.0%.
Case Study: As shown in Figure 5(b), although the local explo-

ration stage generated solutions covering different combinations
of TODOs, most of these solutions still had limitations. Among the
three integrated solutions, T1 attempted to unify the logic solely
within filters.py (addressing TODO#1 and TODO#2), but remained
incomplete. In contrast, T2 identified the need for cross-file repair:
it extracted the underlying field fix logic (TODO#3) and integrated
it with the filter fallback logic (TODO#1 and TODO#2), producing an
integrated patch that covers all three modules. It ensures that the
underlying fields respect default ordering while enabling filters to
pass correct parameters, resolving all three TODOs.
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Issue Description

Problem: RelatedFieldListFilter&RelatedOnlyFieldListFilter ignore related model ordering, producing unordered choice lists.

Description: Generated 3 distinct Solutions.

Local Exploration

TODO#1:(Fallback Logic)  Fallback to Meta.ordering in RelatedFieldListFilter.field_choices. (admin/filters.py)

TODO#2:(Fallback Logic)  Pass ordering arg in RelatedOnlyFieldListFilter. (admin/filters.py)

TODO#3:(Field Fix) Skip order_by() when ordering is empty. (fields/__init__.py and reverse_related.py)

Global Exploration 

Description: Expand the Global Solutions.

Solution G1

Solution G2 :

Solution G3 :

• filters.py: Read related_admin.ordering 
directly instead of get_ordering

• Gap: Replaces call method only — no 
fallback logic added

• filters.py: Inline fallback to Meta.ordering 
in RelatedFieldListFilter

• Gap: Only one filter class updated

• fields/__init__.py and reverse_related.py: 

Skip order_by() when ordering=()

• Gap: No filter-level caller updated

filters.py: Reads Meta.ordering attribute

Solution G1,1 :

• filters.py: Extends check to RelatedOnly…

Solution G1,2 :

• Discovers RelatedOnly… needs fix

• Discovers reverse_related.py needs fix

Solution G2,1 :

Solution G2,2 :

• Fallback to Meta.ordering in filters.py

Solution G3,1 :

• filters.py: Updates both filter classes 

Solution G3,2 :

Trae

Live-SWE-Agent 

• Extracts field_admin_ordering() 

helper

• Updates RelatedOnlyFieldListFilter to 

call the helper

• Adds Meta.ordering fallback 

inline in RelatedFieldListFilter

• Add fallback logic in 

RelatedOnlyFieldListFilter

Note: No Agent resolves all 3 TODOs

Existing Agents

JoyCode and LingXi only fix

Solution Synthesis

Description: Synthesis the Local Solutions.

𝑇1

𝑇2

𝑇3

filters.py only: Static ordering check 

for both filter classes

__init__.py + reverse_related.py + 

filters.py:Fix filed and implement helper that 

covers both filter classes and

__init__.py + reverse_related.py + 

filters.py: Field respects default ordering; 

Filter passes correct args

(a) Global and Local Exploration: Prism generates three globally diverse solutions (G1–G3) and 

refines them into six local sub-solutions (G1,1 – G3,2 ).

(b) Synthesis : Prism synthesizes local solutions 

into three synthesized solutions(𝑇1  − 𝑇3).

Figure 5: An example (issue Django#11400) for illustrating the effectiveness of exploration mechanism

Local-Only

Synthesis-Only

375

396

Global-Only374

350

18 15 13 8 4 2

Approach N Pass@1(%) Pass@N(%)

Prism 12 80.0% 84.6%

Synthesis-
Only

3 79.2%(↓0.8%) 83.4%(↓1.2%)

(1) The horizontal bar chart (left) displays the number of issues successfully resolved by 
each individual stage. (2) The vertical bar chart (top) illustrates the intersection sizes of 
issues resolved by different stage combinations. (3) Solid circles connected by vertical lines 
indicate the stages participating in each combination, while gray circles represent stages that 
did not contribute to resolving issues in that particular combination.

Figure 6: Intersection analysis of successfully resolved issues across

global exploration, local exploration, and solution synthesis stages

This case highlights the value of solution synthesis mechanism:
rather than simply selecting a solution, it reconstructs multiple
exploratory solutions, each with partial defects yet complementary
strengths, into a comprehensive final solution. To further examine
whether these synthesis-exclusive successes result from integration
rather than simple candidate selection, we manually analyzed the
15 cases: 10 perform cross-file integration, 3 perform within-file
integration, and 2 perform boundary-condition fusion; no case
simply selects or lightly rewrites a single candidate solution. This
explains the Pass@1 gain from 75.0% to 79.2%, suggesting that the
improvement comes from synthesis-driven integration rather than
candidate selection alone.

� Conclusion: The synthesis stage is critical: with only three integrated
candidates, Prism achieves 79.2% Pass@1, outperforming the global explo-
ration (74.8% with 3) and local exploration (75.0% with 6). An UpSet plot

confirms its contribution, with 15 exclusively resolved issues.

4.5 RQ4: Cost-Efficiency Analysis

Methodology: To further evaluate the practical efficiency of Prism,
we compare its issue resolution rate, token consumption, and wall-

clock time across the configurations studied in RQ2 and RQ3. All

Table 3: Efficiency Analysis of Prism across Evaluated Settings

Approach Tokens (M) Time (min) Pass@1(%)

Prism 12.88 19.7 80.0%

Baseline 6.24 14.0 71.8%
Prism (𝑁𝐺=1) 3.73 8.3 73.2%
Global-Only 2.32 5.8 74.8%
Local-Only 6.96 14.5 75.0%
Synthesis-Only 7.34 16.1 79.2%

5 10 15 20 25051015

Prism
Synthesis-Only

Local-Only

Prism(𝑁𝐺 = 1)

Baseline

Global-Only

Prism

Synthesis-Only

Local-OnlyGlobal-Only

Prism(𝑁𝐺 = 1)

Baseline

(a) Token Consumption (M) vs Pass@1

Pass@1

(b) Wall-clock Time (min) vs Pass@1

Figure 7: Token and latency analysis on SWE-bench Verified.

measurements are conducted on SWE-bench Verified usingDeepSeek-
V3.2-Reasoner as the base model, consistent with the setting used
in RQ2 and RQ3. Token consumption is computed by averaging the
total number of input and output API tokens over all evaluated
issues. Wall-clock time is computed by averaging the end-to-end
latency per issue over all evaluated issues for each setting.
Results: Table 3 and Figure 7 show that Prism’s gains are notmerely
caused by larger test-time compute. Global-Only consumes 2.32M
tokens per issue and achieves 74.8% Pass@1, outperforming the high-
temperature sampling baseline, which consumes 6.24M tokens but
achieves only 71.8%. Similarly, Prism with 𝑁𝐺 = 1 consumes 3.73M
tokens and achieves 73.2% Pass@1, still surpassing the baseline with
fewer tokens. The same trend holds for wall-clock time.Global-Only
reaches 74.8% Pass@1 in 5.8 minutes, outperforming the baseline
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at lower latency. Local-Only achieves 75.0% in 14.5 minutes, while
Synthesis-Only improves Pass@1 to 79.2% in 16.1 minutes.

The full Prism achieves the best Pass@1 of 80.0% with 12.88M
tokens and an average wall-clock time of 19.7 minutes per issue.
Under the same candidate budget as unstructured high-temperature
sampling (𝑁 = 12), this result highlights the benefit of Prism’s
structured exploration-synthesis design. Since prior SWE-bench
studies often emphasize resolution rate and provide limited wall-
clock latency reporting [6, 48, 50, 64], we additionally report end-
to-end latency to quantify the cost of Prism. The measured latency
captures the runtime of multiple dependent stages, including global
exploration, local branching, synthesis, and final patch selection.

� Conclusion: Reporting Pass@1 against both token consumption and
wall-clock time shows that Prism’s gains are not merely due to larger
test-time compute. Global-Only and Prism(𝑁𝐺 = 1) outperform high-
temperature sampling with lower observed token cost, while full Prism
achieves the highest Pass@1 with reported token and latency costs.

5 Threats to Validity

Data Leakage: “Data leakage” refers to evaluation data overlapping
with LLM pretraining corpora, which can lead to overfitting. To
mitigate this, we additionally evaluate Prism on SWE-bench-Live

Lite [64], which reduces leakage risk by using issues postdating ex-
isting LLMs’ knowledge cutoff. The results provide complementary
evidence of Prism’s generalization under reduced leakage concerns.
Computational Cost: Direct cost comparison is limited because
many agents do not report per-issue cost or token consumption.
Mini-SWE-Agent [50] and Live-SWE-Agent [47] report costs of $0.56
and $0.68 per issue, achieving 70.6% and 75.4% with Claude 4.5 Son-
net, respectively. In contrast, recent test-time scaling methods such
as Trae Agent do not disclose monetary cost or token usage [10]. To
improve transparency, RQ4 reports token consumption and mea-
sured end-to-end latency for each evaluated Prism setting.
Semantic Diversity: Prism uses semantic divergence as a generation-
time constraint to encourage different repair directions. While our
stage-wise results and case studies provide evidence of its benefit,
a fine-grained quantitative characterization of solution diversity
remains an interesting direction for future work.
Reproducibility: LLM-based agents are subject to stochastic sam-
pling during inference, which may affect the reproducibility. To
address this concern, we strictly adhere to the official evaluation
protocols of both benchmarks and fix all Prism configurations, in-
cluding the global exploration (𝑁𝐺=3) and local exploration (𝑁𝐿=2).

6 Related Work

Diversity in LLM Reasoning. Test-Time Scaling (TTS) served as an
important paradigm for enhancing the reasoning performance of
LLMs. By allocating additional inference-time resources, it gener-
ates multiple candidate solutions via Best-of-N sampling strategy or
tree search, and subsequently selects the optimal solution [6, 29, 36].
Existing methods primarily relied on temperature scaling or top-𝑘
sampling to increase candidate diversity [43, 58]. For repository-
level issue resolution tasks, SWE-Search [3] leveraged the tree-
structured architecture of MCTS to explore multiple reasoning tra-
jectories across different branches; Satori-SWE [59] achieved TTS
by enabling LLMs to self-improve based on the scores of reward

models regarding their historically generated outputs; Trae [10]
achieved ensemble reasoning through an agent architecture to fur-
ther enhance the capability to resolve complex issues. However,
the diversity of these approaches relied on stochastic sampling
approaches. Constrained by the mode collapse effect of RLHF fine-
tuned models [2, 15, 62], their exploration effectiveness was limited.

Unlike prior approaches, Prism enforces semantic divergence
among candidate solutions across four dimensions through genera-
tion time contrastive semantic constraints.
Multi-Agent Collaboration and Solution Synthesis.Multi-agent
collaboration and agentic workflows represented a fundamental
paradigm that improves LLM performance by leveraging diverse
roles, debate, and iterative reflection [26, 35, 39, 45]. Such paradigms
have demonstrated broad effectiveness across various tasks, in-
cluding requirements engineering, code generation, and software
maintenance [13]. Relatedly, component-based synthesis constructs
programs by composing reusable components under formal specifi-
cations [31]. While both lines of work involve combining partial
program artifacts, Prism addresses repository-level issue resolu-
tion, where explicit formal specifications are rarely available; its
synthesis process instead leverages semantic analysis of candi-
date solutions. For instance, EntroPO [56] proposed a multi-agent
framework integrating debate, verification, and debugging to im-
prove automated programming robustness. Sami et al.[33] em-
ployed agents with distinct roles (e.g., Product Owner, Developer,
and QA) to independently analyze requirements, and then synthe-
sized their outputs via a Manager agent. In repository-level issue
resolution [17, 26], existing works (e.g., SWE-Agent [50], Lingxi [52],
Live-SWE-Agent [47]) employed multi-agent architectures to gener-
ate candidate solutions. However, they typically evaluated each can-
didate solution in isolation, relying on ranking or voting [16, 32, 40].
This paradigm overlooked complementarity among the solutions.

In contrast, Prism introduces a structured solution synthesis

mechanism, where the reviewer agents identify defects and comple-
mentary strengths across solutions via cross-review, and the judge
agent integrates them into a complete final solution.

7 Conclusion

In this paper, we propose Prism, a multi-solution reasoning and
synthesis framework that addresses diversity and synthesis lim-
itations in repository-level issue resolution. Following a coarse-
to-fine paradigm, Prism broadens the solution space with con-
trastive semantic constraints, generates divergent sub-solutions
via an A* algorithm-inspired mechanism, and integrates comple-
mentary patches through multi-agent collaboration. Evaluations
on SWE-bench Verified and SWE-bench-Live Lite show that Prism
achieves state-of-the-art performance.
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