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RQ1: What benchmarks and metrics are commonly used to evaluate the performance of LLM-based agents?
RQ2: What types of LLM-based agents are designed to automate the resolution of issue reports, and how do they perform?
RQ3: What factors influence the performance of LLM-based agents in automating the resolution of issue reports?
RQ4: Is the performance of LLM-based agents consistent across evaluations on multiple datasets?
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RQ1: What benchmarks and metrics are commonly used to evaluate the performance of LLM-based agents?
RQ2: What types of LLM-based agents are designed to automate the resolution of issue reports, and how do they perform?
RQ3: What factors influence the performance of LLM-based agents in automating the resolution of issue reports?
RQ4: Is the performance of LLM-based agents consistent across evaluations on multiple datasets?

Paper ID: Datasets used RQ(1) Agents used (RQ2) Issue resolve rate (RQ2)

Factors influencing performance of agents (RQ3)

Agent’s relative performance on multiple datasets (RQ4)

P1 SWE-Bench

MAGIS Framework consisting of 
manager, repository custodian, 
developer and quality assurance 
(QA) engineer

MAGIS: 13.94%
GPT4: 1.74%
SWE-Llama 13b: 4.36%

Line Location Accuracy:  The ability to accurately identify the specific lines in the code that need modification is crucial. 
Higher overlap between the predicted and actual modified lines correlates with successful issue resolution

Complexity of Code Changes: Issues requiring modifications across multiple files, functions, or involving numerous 
lines are more challenging to resolve. The complexity negatively impacts the success rate.

Effective Task Planning: The Manager agent's ability to decompose issues into well-defined tasks and the 
Repository Custodian's effectiveness in retrieving relevant files significantly influence the overall performance.

Quality Assurance Process: The QA Engineer's role in reviewing and validating code changes ensures 
that the modifications meet the desired requirements and maintain code integrity. Experiments weren't ran on multiple datasets.

P2

SWE-Bench Lite
In-house dataset with real-world issues
encountered in Alibaba

Lingma agent which incorporates 
components like 
Repository Knowledge Graph Construction,
Monte Carlo Tree Search (MCTS)-Enhanced
Repository Exploration, Information Utilization 
& Patch Generation

LingmaAgent 21.33% 
SWE-agent 18.00%
AutoCodeRover 16.11%
ACR & SWE-agent 24.33%
Lingma & ACR 25.33%
LingmaAgent (w.feedback) GPT-4 27.70%
LingmaAgent (w.feedback) GPT-4o 28.33%
LingmaAgent (w.feedback) Claude3.5 Sonnet 32.00%
LingmaAgent (w.feedback) Claude3.5 Sonnet v1022 38.33%

Comprehensive Repository Understanding: By constructing a knowledge graph, the agent gains a holistic view of the 
codebase, capturing intricate interdependencies that are often missed when focusing solely on local code segments.

Efficient Exploration via MCTS: The use of MCTS allows the agent to explore the repository strategically, focusing on 
areas most relevant to the issue at hand, thereby improving the efficiency and effectiveness of issue resolution. 

Dynamic Information Acquisition: The agent's ability to dynamically acquire and utilize information from the repository 
ensures that it can adapt to various issues, enhancing its versatility. 

Since they didn't compare other agents/llms on their 
in-house dataset the metric can't be evaluated

P3 LocBench
LocAgent consisting of SearchEntity, 
TraverseGraph and RetrieveEntity.

Agentless Claude-3.5 26.79% single attempt
Agentless Claude-3.5 33.58% up to 10 attempts
LocAgent Qwen2.5-32B(ft) 26.79% single attempt
LocAgent Qwen2.5-32B(ft) 36.13% up to 10 attempts
LocAgent Claude-3.5  27.92% single attempt
LocAgent Claude-3.5  37.59% up to 10 attempts

Graph-Based Code Representation: Parsing codebases into directed heterogeneous graphs captures both explicit and 
implicit code relationships, facilitating efficient multi-hop reasoning.

Tool Integration: The combination of SearchEntity, TraverseGraph, and RetrieveEntity tools allows the agent to navigate 
complex code structures effectively.

Model Fine-Tuning: Fine-tuning open-source models like Qwen-2.5-Coder-Instruct-32B on curated localization tasks 
enhances the agent's ability to identify relevant code sections accurately. Issue resolution was tested only on LocBench

P4 CSR-Bench

CSR-agent consisting of Introduction Parser, 
Repository Interpretator and an agent for 
Generating and iteratively refining 
bash commands to set up 
experimental environments.

The paper doesn't have resolve rates for agent's on the 
dataset. It has metrics about the performance of the 
benchmarking system.

Instruction Parsing: The ability to accurately interpret setup instructions from documentation files.

Repository Structure Understanding: Effectively navigating and understanding the organization of code repositories.

Command Generation and Refinement: Generating correct bash commands and iteratively improving them
 to successfully set up experimental environments. The paper doesn't have tests against multiple datasets

P5

SWE-Bench Lite
SWE-Bench Verified
Defects4J v1.2
Defects4J v2
RepoExec

HyperAgent consisting of Planner, Navigator, 
Code Editor and Executor.

AutoCodeRover + GPT-4o on SWE-Bench Verified 28.80%
AutoCodeRover + GPT-4o on SWE-Bench Lite 22.7%
SWE-Agent + Claude 3.5 Sonnet on SWE-Bench Verified 33.6%
SWE-Agent + Claude 3.5 Sonnet on SWE-Bench Lite 23.00%
SWE-Agent + GPT-4o on SWE-Bench Verified 23.2%
SWE-Agent + GPT-4o on SWE-Bench Lite 18.33%
Agentless + GPT-4o on SWE-Bench Verified 33.20%
Agentless + GPT-4o on SWE-Bench Lite 24.30%
HYPERAGENT-Lite-1 on SWE-Bench Verified 30.2%
HYPERAGENT-Lite-1 on SWE-Bench Lite 25.33%
HYPERAGENT-Lite-2 on SWE-Bench Verified 16.00%
HYPERAGENT-Lite-2 on SWE-Bench Lite 11.00%
HYPERAGENT-Full-1 on SWE-Bench Verified 33.00%
HYPERAGENT-Full-1 on SWE-Bench Lite 26.00%
HYPERAGENT-Full-2 on SWE-Bench Verified 31.48%
HYPERAGENT-Full-2 on SWE-Bench Lite 25.00%
HYPERAGENT-Full-3 on SWE-Bench Verified 18.33%
HYPERAGENT-Full-3 on SWE-Bench Lite 12.00%

HYPERAGENT on Defects4J v1.2 20.8%
RepairAgent on Defects4J v1.2 18.7%
ITER on Defects4J v1.2 14.4%
SelfAPR on Defects4J v1.2 16.2%

HYPERAGENT on Defects4J v2 25.0%
RepairAgent on Defects4J v2 20.5%
SelfAPR on Defects4J v2 10.5%

RepoExec:
WizardLM2 + RAG with context Auto-retrieved 33.00% on one attempt 49.16% on 5 attempts
GPT-3.5-Turbo + RAG with context Auto-retrieved 24.16% on one attempt 35.00% 5 attempts
WizardLM2 + Sparse RAG with context Auto-retrieved 34.16% on one attempt 51.23% 5 attempts
GPT-3.5-Turbo + Sparse RAG with context Auto-retrieved 25.00% on one attempt 35.16% 5 attempts
HYPERAGENT-Lite-3  with context Auto-retrieved 38.33% on one attempt 53.33% 5 attempts

Specialized Agent Roles: Each agent focuses on a specific aspect of the software development process, 
allowing for targeted expertise and efficient task handling. 

Collaborative Workflow: The agents operate in a coordinated manner, sharing information and building 
upon each other's outputs to achieve the overall goal. 

Adaptability: HyperAgent's design enables it to handle a wide range of tasks across different 
programming languages and project complexities. 

End-to-End Automation: By covering the entire lifecycle of software engineering tasks, 
HyperAgent reduces the need for human intervention, increasing efficiency and scalability. 

The results vary from one dataset to another 
for the HyperAgent. In every comparision made they have
the best issue resolving capabilities.

P6 SWE-Bench Lite

MASAI framework consisting of 
Test Template Generator, Issue Reproducer,
Edit Localizer, Fixer and Ranker.

RAG 4.33%
SWE-agent 18.00%
ACR (auto code rover) 19.00%
Q-Dev 20.33%
MarsCode 22.00%
Moatless 23.33%
Starship 23.67%
OpenDevin 25.00%
Aider 26.33%
Agent-101 26.67%
CodeR 28.33%
MASAI 28.33%

Modular Architecture: By dividing the problem into sub-tasks handled by specialized agents, 
MASAI can apply different problem-solving strategies suited to each sub-task.

Information Gathering: Sub-agents can collect relevant information from diverse sources within the repository, 
such as README files and test cases, enhancing context understanding.

Efficient Task Execution: The modular design helps avoid unnecessarily long execution paths, 
reducing computational costs and minimizing the inclusion of extraneous context. Agentic framework was only tested on SWE-Bench Lite

P7

CrossCodeEval
SWE-bench
EvoCodeBench

CODEXGRAPH consisting of 
Primary LLM Agent and Translation LLM Agent.

No RAG  
- Qwen2: CrossCodeEval Lite (Python): EM 8.20, ES 46.16, ID-EM 13.0, ID-F1 36.92 | SWE-bench Lite: one attempt - | EvoCodeBench: one attempt 19.34, Recall@1 11.34  
- DS-Coder: CrossCodeEval Lite (Python): EM 11.70, ES 70.13, ID-EM 16.90, ID-F1 47.85 | SWE-bench Lite: one attempt - | EvoCodeBench: one attempt 25.47, Recall@1 11.04  
- GPT-4o: CrossCodeEval Lite (Python): EM 10.80, ES 59.36, ID-EM 16.70, ID-F1 48.22 | SWE-bench Lite: one attempt - | EvoCodeBench: one attempt 27.83, Recall@1 11.79  

BM25  
- Qwen2: CrossCodeEval Lite (Python): EM 15.50, ES 51.74, ID-EM 22.66, ID-F1 45.44 | SWE-bench Lite: one attempt 0.00 | EvoCodeBench: one attempt 18.65, Recall@1 9.86  
- DS-Coder: CrossCodeEval Lite (Python): EM 21.97, ES 60.32, ID-EM 27.74, ID-F1 50.11 | SWE-bench Lite: one attempt 1.17 | EvoCodeBench: one attempt 24.57, Recall@1 8.45  
- GPT-4o: CrossCodeEval Lite (Python): EM 21.20, ES 61.28, ID-EM 26.30, ID-F1 52.71 | SWE-bench Lite: one attempt 3.11 | EvoCodeBench: one attempt 27.61, Recall@1 9.90  

AutoCodeRover  
- Qwen2: CrossCodeEval Lite (Python): EM 5.21, ES 47.63, ID-EM 10.16, ID-F1 36.54 | SWE-bench Lite: one attempt 9.34 | EvoCodeBench:one attempt 16.91, Recall@1 7.86  
- DS-Coder: CrossCodeEval Lite (Python): EM 14.90, ES 59.78, ID-EM 22.30, ID-F1 51.44 | SWE-bench Lite: one attempt 15.66 | EvoCodeBench: one attempt 13.72, Recall@1 7.56  
- GPT-4o: CrossCodeEval Lite (Python): EM 21.20, ES 61.92, ID-EM 28.10, ID-F1 54.81 | SWE-bench Lite: one attempt 22.96 | EvoCodeBench: one attempt 27.61, Recall@1 10.83  

CodexGraph  
- Qwen2: CrossCodeEval Lite (Python): EM 5.00, ES 47.99, ID-EM 9.10, ID-F1 36.44 | SWE-bench Lite: one attempt 1.95 | EvoCodeBench: one attempt 14.62, Recall@1 8.60  
- GPT-4o: CrossCodeEval Lite (Python): EM 27.90, ES 67.98, ID-EM 35.60, ID-F1 61.08 | SWE-bench Lite: one attempt 22.96 | EvoCodeBench: one attempt 36.02, Recall@1 11.87  
- DS-Coder: CrossCodeEval Lite (Python): EM 20.20, ES 63.14, ID-EM 28.10, ID-F1 54.88 | SWE-bench Lite: one attempt 12.06 | EvoCodeBench: one attempt 27.62, Recall@1 12.01  
- GPT-4o: CrossCodeEval Lite (Python): EM 27.90, ES 67.98, ID-EM 35.60, ID-F1 61.08 | SWE-bench Lite: one attempt 22.96 | EvoCodeBench: one attempt 36.02, Recall@1 11.87  

Graph-Based Code Representation: By converting code repositories into graph databases, the system captures structural 
relationships between code entities, facilitating more informed query generation and retrieval.

Iterative Querying Process: The agents iteratively refine their queries based on previous results, 
enhancing the precision and relevance of retrieved code snippets.

Unified Schema: A consistent schema across different programming languages ensures 
that the system can generalize its approach to various codebases. The results varied from one dataset to another.

P8 SWE-Bench+ (enchanced version of SWE-Bench)

SWE-Agent + GPT-4,
SWE-RAG + GPT-4 / GPT-3.5
AutoCodeRover + GPT-4o

SWE-Agent + GPT-4 0.55% issues resolved
SWE-RAG + GPT-4: 0.73% issues resolved
SWE-RAG + GPT-3.5: 0.55% issues resolved
AutoCodeRover + GPT-4o: 3.83% issues resolved

Solution Leakage: In the original SWE-Bench, 32.67% of successful patches were influenced by solutions 
present in issue descriptions or comments. 

Weak Test Cases: 31.08% of patches passed due to inadequate test cases that failed to catch incorrect or incomplete fixes.

Data Leakage: Over 94% of issues in the original SWE-Bench were created before the LLMs' 
training cutoff dates, raising concerns about potential data leakage.

SWE-Agent + GPT-4 on SWE-Bench 12.47% resolve rate
SWE-Agent + GPT-4 on SWE-Bench+ 0.55% resolve rate

AutoCodeRover + GPT-4o on SWE-Bench 18.83% resolve rate
AutoCodeRover + GPT-4o on SWE+-Bench 3.83% resolve rate

P9 DCA-Bench

OpenAI Assistant API with GPT-4-0125-preview 
equipped with a code interpreter tool. 

ChatGPT-4 and ChatGPT-4o accessed via 
the web interface

ChatGPT-4 18.80%
ChatGPT-4o 18.80%
ChatGPT-4 w/refs 12.50%

Hint Levels: DCA-Bench provides four levels of hints (h0 to h3), with higher levels offering more specific information. 

Issue Complexity: Issues vary in complexity, including subtle documentation errors, cross-file inconsistencies, 
and ethical concerns, requiring nuanced understanding.

Evaluation Criteria: Agents are assessed based on their ability to identify issues and provide precise contextual evidence, 
with performance categorized as fail, success, or success+. Experiments weren't conducted on a multiple datasets.

P10 SWE-Bench Lite
SuperCoder2.0 consists of Search Module and 
Edit Module

CodeStory Aide + Mixed Models 43.00%
AbanteAI MentatBot + GPT 4o (2024-05-13) 38.00%
Gru(2024-08-11) 35.67%
SuperCoder2.0 34.00%
Bytedance MarsCode Agent + GPT 4o (2024-05-13) 34.00%
Alibaba Lingma Agent 33.00
%
AutoCodeRover 30.67%
Amazon Q Developer Agent 29.67%
Agentless + RepoGraph + GPT-4o 29.67%
CodeR + GPT 4 28.33%
MASAI + GPT 4o 28.00%
SIMA + GPT 4o 27.67%
Moatless Tools + Claude 3.5 Sonnet 26.67%
OpenDevin + CodeAct v1.8 26.67%
IBM Research Agent-101 26.67%
Aider + GPT 4o & Claude 3 Opus 26.33%
OpenCSG StarShip CodeGenAgent + GPT 4 (0613) 23.67%
SWE-agent + Claude 3.5 Sonnet 23.00%

Hierarchical Search Strategy: The three-step approach effectively narrows down the search space for relevant code sections. 

Structure-Aware Code Editing: Replacing entire methods or classes helps maintain code integrity and reduces linting issues. 

Feedback Loop: Executing repository-level test cases allows for validation and refinement of generated solutions. 

Advanced Embedding Models: Utilizing code embeddings enhances the system's ability to 
map natural language to code effectively. Experiments were focused on SWE-Bench Lite

P11 SWE-Bench Lite
SWE-Search consisting of SWE-Agent, Value Agent
and Discrimination Agent

GPT-4o with SWE-Search 31.0% one attempt 34.0% 5 attempts
GPT-4o-mini with SWE-Search  17.0% one attempt 22.3% 5 attempts
Qwen-2.5-72b-Instruct with SWE-Search 24.7% one attempt 25.7% 5 attempts
Deepseek-V2.5 with SWE-Search 21.0% one attempt 23.3% 5 attempts
Llama-3.1-70b-Instruct with SWE-Search 21.0% one attempt 22.3% 5 attempts

Integration of MCTS: Allows for strategic exploration and exploitation, enabling the agent to consider multiple solution paths and 
backtrack when necessary

Hybrid Value Function: Combines numerical value estimation with qualitative evaluation, 
providing comprehensive feedback for decision-making. 

Iterative Refinement: The system continuously refines its strategies based on feedback, 
improving its ability to resolve complex issues. 

Collaborative Decision-Making: The Discriminator Agent's debate mechanism ensures that the 
most promising solutions are selected through rigorous evaluation. Experiments were focused on SWE-Bench Lite

P12
SWE-bench
CrossCodeEval RepoGraph

SWE-Bench Lite:
  Rag + GPT-4 2.67%
  RAG + RepoGraph + GPT-4 5.33%
  Agentless + GPT-4o 27.33%
  Agentless + RepoGraph + GPT-4o 29.67%
  AutoCodeRover + GPT-4 19.00%
  AutoCodeRover + RepoGraph + GPT-4 21.33%
  SWE-agent + GPT-4o 18.33%
  SWE-agent + GPT-4o 20.33%

CrossCodeEval
  Deepseek-Coder: 10.2EM / 57.3 ES (code match), 16.6EM / 49.1F1 (identifier match)
  Deepseek-Coder + RepoGraph (Deepseek): 19.7EM / 67.8 ES (code match), 29.3EM / 58.9F1 (identifier match)
  GPT-4o: 10.5EM / 59.6ES (code match), 16.8EM / 47.9F1 (identifier match)
  GPT-4o + RepoGraph (GPT-4o): 28.7EM (code match), 68.9ES / 36.0EM, 61.3F1 (identifier match)

Fine-Grained Code Representation: By constructing a line-level code graph, 
RepoGraph captures detailed dependencies within the codebase. 

Subgraph Retrieval: Utilizes ego-graphs centered around specific keywords to provide relevant context for code modifications.

Seamless Integration: Acts as an additional action ("search repograph") in agent frameworks, 
allowing for flexible and efficient incorporation into existing workflows. Consistent performance on both datasets, outperforming experiments which didn't include RepoGraph

P13 SWE-bench Lite Agentless

SWE-Bench Lite:
  Rag + GPT-4 2.67%
  RAG + RepoGraph + GPT-4 5.33%
  Agentless + GPT-4o 27.33%
  Agentless + RepoGraph + GPT-4o 29.67%
  AutoCodeRover + GPT-4 19.00%
  AutoCodeRover + RepoGraph + GPT-4 21.33%
  SWE-agent + GPT-4o 18.33%
  SWE-agent + GPT-4o 20.33%

CrossCodeEval
  Deepseek-Coder: 10.2EM / 57.3 ES (code match), 16.6EM / 49.1F1 (identifier match)
  Deepseek-Coder + RepoGraph (Deepseek): 19.7EM / 67.8 ES (code match), 29.3EM / 58.9F1 (identifier match)
  GPT-4o: 10.5EM / 59.6ES (code match), 16.8EM / 47.9F1 (identifier match)
  GPT-4o + RepoGraph (GPT-4o): 28.7EM (code match), 68.9ES / 36.0EM, 61.3F1 (identifier match)

Simplicity: By avoiding complex agent architectures, Agentless reduces the potential for 
errors arising from tool mismanagement or planning failures. 

Hierarchical Localization: The step-by-step narrowing down of fault locations enhances the precision of the repair process. 

Efficient Patch Generation and Validation: Generating multiple candidate patches and rigorously validating 
them ensures higher quality fixes. Agent was tested only on SWE-Bench Lite

P14 SWE-bench Lite Orcaloca

Blackbox AI 49.00% 
Gru (2024-12-08) 48.67%
Globant Code Fixer 48.33%
devlo 47.33%
OpenCSG Starship 39.67%
Bytedance MarsCode 39.33%
Alibaba Lingma 33.00%
Kodu-v1 44.67%
OpenHands + CodeAct v2.1 41.67%
PatchKitty-0.9 41.33%
Composio SWE-Kit 41.00%
Moatless Tools 39.00%
AutoCodeRover-v2.0 30.67%
Agentless-1.5 37.33%
RepoGraph 34.67%
HyperAgent 29.67%
SWE-agent 25.33%
SWE-agent (Claude 3.5 Sonnet) 23.00%
SWE-agent (GPT-4o) 18.33%
SWE-agent (GPT-4) 18.00%
SWE-agent (Claude 3 Opus) 11.67%
ORCALOCA 41.00%

Strategic Action Planning: The priority-based scheduling ensures that the most impactful actions are taken first, 
optimizing the localization process.

Granular Analysis: Action decomposition allows for a more detailed examination of potential issues, 
enabling the agent to focus on specific code segments. 

Efficient Context Management: Distance-aware context pruning reduces information overload 
by filtering out less relevant code snippets, allowing the agent to concentrate on the most pertinent data. Agent was tested only on SWE-Bench Lite



P15
SWE-Bench
SWE-Bench Lite

AutoCodeRover consisting of context retrival and
patch generation

result on SWE-bench Lite (size = 300):  
- SWE-agent : Resolved Tasks 18.00% (54), Avg Time -, Avg Tokens 245k ($2.51)  
- AutoCodeRover 1 attempt: Resolved Tasks 19.00% (57), Avg Time 195, Avg Tokens 37k ($0.43)  
- AutoCodeRover 3 attempts: Resolved Tasks 26.00% (78), Avg Time 520, Avg Tokens 112k ($1.30)  
- ACR-sbfl: Resolved Tasks 22.00% (66), Avg Time 250, Avg Tokens 40k ($0.47)  

result on full SWE-bench (size = 2294):  
- SWE-agent : Resolved Tasks 12.47% (286), Avg Time -, Avg Tokens 240k ($2.46)  
- AutoCodeRover 1 attempt: Resolved Tasks 12.42% (285), Avg Time 248, Avg Tokens 39k ($0.45)  
- AutoCodeRover 3 attempts: Resolved Tasks 17.96% (412), Avg Time 701, Avg Tokens 120k ($1.39)  

result on SWE-bench DEVIN subset (size = 570):  
- SWE-agent: Resolved Tasks 13.51% (77), Avg Time -, Avg Tokens 234k ($2.40)  
- DEVIN: Resolved Tasks 13.86% (79), Avg Time >600, Avg Tokens -,  
- AutoCodeRover 1 attempt: Resolved Tasks 12.63% (72), Avg Time 220, Avg Tokens 37k ($0.42)  
- AutoCodeRover 3 attempts: Resolved Tasks 18.77% (107), Avg Time 692, Avg Tokens 117k ($1.36)  

Program Structure Awareness: By leveraging ASTs, AutoCodeRover can more effectively identify relevant code segments, 
enhancing the quality of generated patches.

Spectrum-Based Fault Localization: When test suites are available, the framework employs 
statistical fault localization to pinpoint faulty code regions, improving repair accuracy. SWE-Bench Lite achieved higher resolve rate than SWE-Bench

P16 SWE-bench Lite

Introduces DEI (Diversity Empowered Intelligence)
framework, following agents were integrated:
SWE-Agent
AgentCoder
AutoCodeRover
Agentless

DEI Benchmark System Summary:

Group 1  
- Salesforce Research DEIBase-1: % Resolve 55.0 | Open Src ✓ | Trajs ✓ | Open Candidates ✗ | Backend LLM: gpt4o  
- Cosine Genie: % Resolve 50.6 | Open Src ✗ | Trajs ✗ | Open Candidates - | Backend LLM: “Fine-tuned OpenAI”  
- CodeStory Aide: % Resolve 43.0 | Open Src ✓ | Trajs ✓ | Open Candidates - | Backend LLM: gpt4o, Claude 3.5 Sonnet  
- AbenteAI MentatBot: % Resolve 38.0 | Open Src ✗ | Trajs ✗ | Open Candidates - | Backend LLM: gpt4o  

Group 2  
- Salesforce Research DEIBase-2: % Resolve 37.0 | Open Src ✓ | Trajs ✓ | Open Candidates ✗ | Backend LLM: gpt4o  

Group Open  
- Salesforce Research DEIBase-Open: % Resolve 34.3 | Open Src ✓ | Trajs ✓ | Open Candidates ✓ | Backend LLM: gpt4o  

Others  
- Bytedance MarsCode: % Resolve 34.0 | Open Src ✗ | Trajs ✗ | Open Candidates ✗ | Backend LLM: gpt4o  
- Alibaba Lingma: % Resolve 34.0 | Open Src ✗¹ | Trajs ✗ | Open Candidates ✗ | Backend LLM: gpt-4-1106-preview  
- Factory Code Droid: % Resolve 31.3 | Open Src ✗ | Trajs ✗ | Open Candidates ✗ | Backend LLM: “Anthropic and OpenAI”  
- AutoCodeRover: % Resolve 30.6 | Open Src ✓ | Trajs ✓ | Open Candidates ✓ | Backend LLM: gpt4o  
- Amazon Q Dev.: % Resolve 30.0 | Open Src ✗ | Trajs ✗ | Open Candidates ✗ | Backend LLM: Unknown  
- CodeR: % Resolve 28.0 | Open Src ✗¹ | Trajs ✗ | Open Candidates ✗ | Backend LLM: gpt-4-1106-preview  
- MASAÏ: % Resolve 28.0 | Open Src ✗ | Trajs ✗ | Open Candidates ✗ | Backend LLM: Unknown  
- SIMA: % Resolve 27.6 | Open Src ✗ | Trajs ✗ | Open Candidates ✓³ | Backend LLM: gpt4o  

Open (Community / Experimental)  
- Agentless: % Resolve 27.3 | Open Src ✓ | Trajs ✓ | Open Candidates ✗ | Backend LLM: gpt4o  
- Moatless Tools: % Resolve 26.6 | Open Src ✓ | Trajs ✓ | Open Candidates ✓ | Backend LLM: Claude 3.5 Sonnet  
- IBM Research Agent: % Resolve 26.6 | Open Src ✓ | Trajs ✗ | Open Candidates ✗ | Backend LLM: Unknown  
- Aider: % Resolve 26.3 | Open Src ✓ | Trajs ✓ | Open Candidates ✗ | Backend LLM: gpt4o, Claude 3 Opus  
- OpenDevin + CodeAct: % Resolve 26.0 | Open Src ✓ | Trajs ✓ | Open Candidates ✗ | Backend LLM: gpt4o  

Diversity of Expertise: By integrating agents with varied specializations, DEI capitalizes on their collective strengths.

Meta-Module Coordination: DEI functions as a supervisory layer, orchestrating the actions of 
individual agents to ensure cohesive problem-solving.

Dynamic Agent Selection: The framework can dynamically select the most suitable agent 
or combination of agents for a given task, optimizing performance. Only SWE-Bench Lite used

P17

SWEE-Bench
SWA-Bench
SWE-Bench Openhands, AutoCodeRover v2 and ZeroShot(Oracle)

Openhands: SWA 3.9%, SWEE 4.4%, SWE 4.6%  
AutoCodeRover v2: SWA 8.4%, SWEE 8.9%, SWE 8.2%  
ZeroShot (Oracle): SWA 0.9%, SWEE 2.2%, SWE 2.8%

They have rather included why their datasets are more difficult

Lower Issue Description Quality: The new datasets include issues with less detailed descriptions,
making it more challenging for agents to understand and address the problems.

Higher Fix Complexity: The required code fixes are more complex, 
demanding a deeper understanding and more sophisticated solutions from the agents.

Diverse Repository Types: By encompassing a wider variety of repositories, 
including both libraries and applications, the benchmarks present a broader range of challenges.

Agents perform significally worse on their datasets SWEE-Bench and SWA-Bench 
when compared to SWE-Bench

P18
SWE-bench
SWE-bench Lite

SpecRover consisting of Reproducer Agent, 
Context Retrieval Agent, Patching Agent,
Reviewer Agent and Selection Agent.

SWE-bench:  
- AutoCodeRover (LLM: GPT-4): Resolved 12.42% (285)  
- SWE-Agent (LLM: GPT-4): Resolved 12.47% (286)  
- AppMap Navie (LLM: GPT-4): Resolved 14.60% (335)  
- SpecRover (LLM: Sonnet-3.5+GPT-4o): Resolved 19.31% (443)  

SWE-bench Lite:  
- SWE-Agent (LLM: GPT-4): Resolved 18.00% (54)  
- AutoCodeRover (LLM: GPT-4): Resolved 19.00% (57)  
- AppMap Navie (LLM: GPT-4): Resolved 21.67% (65)  
- OpenDevin (LLM: Sonnet-3.5): Resolved 26.00% (78)  
- Aider (LLM: GPT-4o+Opus-3): Resolved 26.33% (79)  
- Moatless Tools (LLM: Sonnet-3.5): Resolved 26.67% (80)  
- Agentless (LLM: GPT-4): Resolved 27.33% (82)  
- SpecRover (LLM: Sonnet-3.5+GPT-4o): Resolved 31.00% (93) 

Iterative Specification Inference: By continuously refining its understanding of the intended behavior through 
function summaries and test results, SpecRover enhances the accuracy of its patches.

Reviewer Agent Feedback: The reviewer agent's evaluations help in identifying shortcomings in initial patches, 
guiding subsequent improvements and ensuring higher quality fixes. Best performing agent on both datasets

P19 SWE-bench Lite

MarsCode Agent consisting of Reproducer Agent,
Fault Localization Module, Patch Generation Module,
Validation Module MarsCode Agent: Resolved 34% (102)

Integration of Multiple Techniques: Combining LLMs with code knowledge graphs, language server protocols,
 and software analysis techniques enhances the system's ability to understand and navigate complex codebases. 

Dynamic Adaptation: The multi-agent framework allows MarsCode Agent to adapt its 
bug-fixing strategy based on the specific characteristics of each issue.

Effective Validation: Utilizing containerized sandbox environments ensures that generated patches 
are tested rigorously, reducing the likelihood of introducing new bugs. 

Efficient Patch Generation: Generating patches in a search/replace format focuses modifications on
 the most relevant parts of the code, improving the precision of fixes. Only evaluated on SWE-Bench Lite

P20
SWE-Bench-Lite
SWE-Bench-Verified

PatchPilot consisting of Reproduction, Localization, 
Generation, Validation and Refinement

SWE-Bench-Verified Leaderboard (Tools with >50% Resolved):

- Blackbox Ai Agent | LLM: NA | %Resolved: 62.80%  
- CodeStory Midwit Agent + swe-search | LLM: NA | %Resolved: 62.70%  
- Learn-by-interact | LLM: NA | %Resolved: 60.20%  
- devlo | LLM: NA | %Resolved: 58.20%  
- Emergent E1 | LLM: NA | %Resolved: 57.20%  
- Gru | LLM: Claude-3.5-Sonnet | %Resolved: 57.00%  
- EPAM AI/Run Developer Agent | LLM: NA | %Resolved: 55.40%  
- Amazon Q Developer Agent | LLM: NA | %Resolved: 55.00%  
- PatchPilot | LLM: Claude-3.5-Sonnet | %Resolved: 53.60%  
- OpenHands + CodeAct v2.1 e | LLM: Claude-3.5-Sonnet | %Resolved: 53.00%  
- Google Jules | LLM: Gemini 2.0 F | %Resolved: 52.00%  
- Engine Labs | LLM: NA | %Resolved: 51.80%  
- Agentless | LLM: Claude-3.5-Sonnet | %Resolved: 51.00%  
- Solver | LLM: NA | %Resolved: 50.00%  
- Bytedance MarsCode Agent | LLM: NA | %Resolved: 50.00%  

SWE-Bench-Lite Leaderboard:

- Blackbox Ai Agent | LLM: NA | %Resolved: 49.00%  
- Gru | LLM: NA | %Resolved: 48.67%  
- Globant Code Fixer Agent | LLM: NA | %Resolved: 48.33%  
- devlo | LLM: NA | %Resolved: 47.33%  
- PatchPilot | LLM: Claude-3.5-Sonnet | %Resolved: 45.33%  
- Kodu-v1 | LLM: Claude-3.5-Sonnet | %Resolved: 44.67%  
- OpenHands + CodeAct v2.1 | LLM: Claude-3.5-Sonnet | %Resolved: 42.00%  
- Composio SWE-Kit | LLM: NA | %Resolved: 41.00%  
- Agentless | LLM: Claude-3.5-Sonnet | %Resolved: 40.67%  
- Agentless | LLM: GPT-4o | %Resolved: 32.00%  
- Bytedance MarsCode | LLM: NA | %Resolved: 39.33%  
- Moatless | LLM: Claude-3.5-Sonnet | %Resolved: 38.33%  
- Moatless | LLM: GPT-4o | %Resolved: 24.67%  
- Honeycomb | LLM: NA | %Resolved: 38.33%  
- AppMap Navie v2 | LLM: NA | %Resolved: 36.00%  
- Isoform | LLM: NA | %Resolved: 35.00%  
- SuperCoder2.0 | LLM: NA | %Resolved: 34.00%  
- Alibaba Lingma Agent | LLM: Claude-3.5-Sonnet + Claude-3.5-Sonnet | %Resolved: 33.00%  
- CodeShellTester | LLM: GPT-4o | %Resolved: 33.00%  
- Amazon Q Developer-v2 | LLM: NA | %Resolved: 29.67%  
- SpecRover | LLM: GPT-4o + Claude-3.5-Sonnet | %Resolved: 31.00%  
- CodeR | LLM: GPT-4 | %Resolved: 28.33%  
- SIMA | LLM: GPT-4o | %Resolved: 27.67%  
- MASAÏ | LLM: NA | %Resolved: 27.33%  
- IBM Research Agent-101 | LLM: NA | %Resolved: 26.67%  
- Aider | LLM: GPT-4o + Claude-3.5-Sonnet | %Resolved: 26.33%  
- IBM AI Agent v1.0 | LLM: NA | %Resolved: 23.67%  
- Amazon Q Developer | LLM: NA | %Resolved: 23.33%  
- AutoCodeRover-v2 | LLM: GPT-4o | %Resolved: 30.67%  
- RepoGraph | LLM: GPT-4o | %Resolved: 29.67%  
- Openhands + CodeAct v1.8 | LLM: Claude-3.5-Sonnet | %Resolved: 22.67%  
- SWE-agent | LLM: Claude-3.5-Sonnet | %Resolved: 23.00%  
- SWE-agent | LLM: GPT-4 | %Resolved: 18.00%  

Structured Workflow: The human-defined workflow ensures consistency and reduces the 
unpredictability associated with dynamic agent-based planning. 

Refinement Component: The iterative refinement step allows for continuous 
improvement of patches based on validation feedback, enhancing the quality of fixes.

Stability: The framework's design prioritizes stability, 
ensuring reliable performance across various patching scenarios. 

Results were more consistent than not but still some agents performed better on the Lite dataset and 
some on the Verified dataset when compared to eachother.

P21 SWE-Bench Lite MarsCode Agent
SWE-Bench Lite
- MarsCode Agent 34.00% resolve rate

Enhanced Fault Localization: By executing reproduction scripts, agents can capture error messages and stack traces, 
providing valuable context for pinpointing the source of bugs.

Patch Validation: Reproduction scripts allow agents to test the effectiveness of generated patches, 
ensuring that fixes address the reported issues without introducing new problems.

Design of Reproduction Modules: The effectiveness of bug reproduction is significantly influenced by the design of the reproduction modules within the agents. 
For instance, MarsCode Agent employs a Reproducer Agent that automates the process of reproducing bugs described in issue reports.
This automation facilitates accurate fault localization and effective patch validation. Not applicable

P22 TDD-Bench Verified Auto-TDD

TDD-Bench-Verified Results (Model, Technique, tddScore):

- Llama-3.1 | Zero-shot | tddScore: 10.3  
- Llama-3.1 | Auto-TDD | tddScore: 7.8  
- Mistral-Large | Zero-shot | tddScore: 11.8  
- Mistral-Large | Auto-TDD | tddScore: 18.3  
- GPT-4o | Zero-shot | tddScore: 17.2  
- GPT-4o | Auto-TDD | tddScore: 22.6  

Reproduction Mechanism:PatchPilot employs a reproduction component that executes test cases to replicate reported bugs. 
This step is crucial for verifying the presence of a bug before attempting a fix.

Localization Strategy:The localization component identifies the specific code segments responsible for the bug. 
Accurate localization narrows down the search space for generating effective patches.

Patch Generation:In this phase, PatchPilot generates candidate patches using large language models (LLMs). 
The quality of generated patches directly impacts the success of the bug-fixing process. Not enough context

P23 SWE-bench Verified
Test-Time Compute (TTC) scaling framework,
consisting of Internal TTC and External TTC

SWE-bench Verified Benchmark – Performance Summary:

Models with unknown size or size > 100B:  
- SWE-agent [29] | LLM: GPT-4o | Verified: 23.00%  
- AutoCodeRover [29] | LLM: GPT-4o | Verified: 28.80%  
- SWE-SynInfer [22] | LLM: GPT-4o | Verified: 31.80%  
- Agentless [29] | LLM: GPT-4o | Verified: 35.80%  
- SWE-agent [47] | LLM: Claude3.5-Sonnet-v1 | Verified: 36.00%  
- SWE-SynInfer [27] | LLM: Claude3.5-Sonnet-v1 | Verified: 37.00%  
- OpenAI Tools [30] | LLM: GPT-4.5 | Verified: 38.00%  
- Agentless [31] | LLM: OpenAI-o3-mini | Verified: 38.00%  
- Agentless [13] | LLM: OpenAI-o1-1217 | Verified: 41.00%  
- Agentless [20] | LLM: OpenAI-o3-mini | Verified: 51.00%  
- OpenAI Tools [31] | LLM: OpenAI-o3-mini | Verified: 61.00%  
- OpenAI Tools [2] | LLM: Claude3.5-Sonnet-v2 | Verified: 61.00%  
- Anthropic Tools [3] | LLM: Claude3.7-Sonnet | Verified: 62.30%  

Models size ≤ 100B:  
- Agentless [26] | LLM: Qwen2.5-Coder 32B | Verified: 25.60%  
- SWE-Gym [32] | LLM: SWE-Gym 32B | Verified: 29.80%  
- SWE-Gym [22] | LLM: SoRFT-Qwen 32B | Verified: 30.00%  
- SWE-Fixer [22] | LLM: SWE-Fixer 72B | Verified: 38.00%  
- NebiusAI [8] | LLM: NebiusAI 72B/8ToR | Verified: 40.60%  
- Agentless Mini [38] | LLM: Llama3-SWE-RL 70B | Verified: 41.00%  
- SWE-SynInfer+ (using TTC) | LLM: SWE-Reasoner 32B | Verified: 46.00%  

Dynamic Compute Allocation: The framework allows models to allocate more computational resources 
to increasingly challenging problems, effectively enhancing reasoning capabilities during inference

Multi-Stage Reasoning: By incorporating both internal and external TTC strategies, the agents 
can perform comprehensive analyses, including fault localization and patch generation, leading to more accurate solutions.

Execution Verification: The use of execution verification ensures that generated solutions 
are not only syntactically correct but also functionally effective, thereby improving the reliability of the agents' outputs.  Only one dataset

P24 SWT-bench-lite
Issue2Test consisting of Issue comprehension,
Test Generation and Test Refinement

Issue2Test vs. Baseline Approaches (F→P Rate):

- ZeroShot | 5.8%  
- AutoCodeRover [44] | 9.1%  
- ZeroShotPlus | 10.1%  
- Libro [17] | 15.2%  
- SWE-Agent | 16.7%  
- SWE-Agent+ | 19.2%  
- Auto-TDD [1] | 21.7%  
- Issue2Test | 30.4%  

Structured Context Extraction: By converting unstructured issue descriptions into structured contexts, 
Issue2Test enables the agent to focus on relevant information, reducing cognitive load and improving comprehension.

Iterative Refinement: The framework's ability to iteratively refine test cases based on compilation and runtime feedback 
ensures that the generated tests accurately reproduce the issues described. 

Integration of Project-Specific Guidelines: Incorporating project-specific testing guidelines helps tailor 
the test cases to the conventions and practices of the target project, enhancing their relevance and effectiveness. Only SWT-Bench used

P25
Google In-house dataset consisting of 80 
human-reported bugs BRT Agent BRT-Agent 28% plausible BRT generation rate

Fine-Tuned LLM: The use of a Large Language Model fine-tuned on Google's proprietary
 codebase enables the generation of contextually relevant and high-quality test cases.

Integration with APR System: The generated BRTs provide valuable context 
to the APR system, enhancing its ability to generate plausible fixes. 

Ensemble Pass Rate (EPR): The study introduces EPR, a metric that leverages the generated BRTs to select the 
most promising fixes from all fixes generated by the APR system. EPR correctly selects a plausible fix from a 
pool of 20 candidates in 70% of cases, based on its top-1 ranking. Not applicable


