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T H E  B U G - L O C A L I Z A T I O N  B O T T L E N E C K

If AI can't find the bug,

it can't fix it.

–94%
Statement-level Top-5 

accuracy when file-level 
localization is removed1

Software repositories are massive
Real-world software repositories are massive – thousands of functions, 
hundreds of thousands statements.

Existing RAG misses code structure
Localization from bug reports is difficult.

Graph-agentic methods are costly
Unbounded traversal inflates tokens, latency, and dollars — without recall 
guarantees. It often can lead to this…
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1. J. Chang, and et al. Bridging bug localization and issue fixing: A hierarchical localization framework leveraging large language models. IEEE Transactions on Software Engineering, 2026.



BLAgent – Agentic RAG for Bug Localization
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IM P A CT  ON  LOC AL IZA T IO N

ST RU CT UR E-AWAR E IN D EXI NG

Abstract Syntax Tree-based chunks  +  file-path tags

File paths are prepended to every AST-aware chunk before embedding, 
so path-like tokens in bug reports — tracebacks, import errors, file 
references — directly align with their target chunk in the vector store.

+20.5%
MRR improvement

over common text chunking techniques

Top-10 recall:  68.6%  →  87.3%

DU AL -QU ER Y  TR AN SFORM

One bug report  →  Two complementary queries

Each bug report is decomposed into a structural query extracting code 
identifiers and module names, and a behavioral query capturing 
runtime symptoms and observed failures

94.3%
Top-10 candidate recall

compared to  87.3% using the base bug report

Structural: 93.0%     ·     Behavioral: 91.0%

T WO-PHAS E AGE N TI C  R ER AN KIN G

Code skeleton scan  →  Evidence-anchored reranking

A ReAct agent scores candidates by inspecting file skeletons — class 
names, method signatures, docstrings — then a single LLM call over 
pruned implementation contexts confirms the final ranking

+15.9%
MRR from agentic reranking

two-phase reranking vs. basic LLM reranking

Basic RAG: 0.734   → BLAgent: 0.851

CO N TR IB U T ION S

b y Md  A f i f  Al  M amu n  an d D r.  G i as  U dd i n

A PP R OA CH



State-of-the-Art Accuracy — at a Fraction of the Cost
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CO ST   &   E F FI CIE N CY

18×
cheaper than LocAgent with Claude-4.6
$0.09  vs  $1.65 per bug  ·  $27 total for all 300 SWE-
bench instances

Open-source models are competitive
Both outperform LocAgent (Claude 3.5) at 77.7%

OSS Qwen3-32B 79.7%

OSS GPT-OSS-120B 78.6%

T OP -1   LOC A LIZ AT IO N   A C CU R A CY

T O K EN   U SA GE

B E N CHM A R K

SW E - be n ch -L i t e  D at a s et

3 0 0  R e a l  G i tH ub  B u gs
1 1  P op ul a r  P yt h on  R e po s

T A SK

Id en ti f y  t he  e x act  f i l e t hat  

ne e ds  t o  be  pa t che d t o  f i x  
a  bug

M E TR I C

T op - 1  F i l e  L oca l i z at i o n 

A ccu r a cy < $1
to localize all 300 SWE-bench-Lite bugs
< $1 to localize all 300 bugs · $0.0017/bug with GPT-
OSS-120B

No fine-tuning/training 
is required!



Find Better — Fix Better
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R E SE AR C H  OU T COM E SIN T EG R A TI ON

A ge nt l e s s  A u t om a te d  

Pr ogr a m  R e p ai r  (A PR )  
F r a me w or k  ( O pe nA I  us e d i t  
t oo)

B E N CHM A R K

SW E - be n ch -L i t e  (3 0 0  bu gs )

M E TR I C

R e pa i r  R a t e

+20%
end-to-end program repair rate
96 → 115 bugs fixed  ·  Validated with Agentless on 
SWE-bench Lite

Plug-and-play with many APR system

Drop-in replacement for the localization step.
No retraining  ·  Minimal integration overhead
Works with Agentless, SWE-agent, and more.

MCP-powered IDE integration

VSCode Copilot Inline localization as you code

Claude Code Agentic bug localization via MCP

WITHOUT BLAgent WITH BLAgent

96 115
bugs fixed  /  300 bugs fixed  /  300

→

BLAgent helped fixing more bugs with the same APR framework 
and LLM across 3 independent runs.

LLM  for  R e pa i r

GP T - OS S:1 2 0 B

PR OGR A M   R E PA IR   E VA L UA T ION
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