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Abstract

Maintaining large-scale, multilingual code-
bases hinges on accurately localizing issues,
which requires mapping natural-language er-
ror descriptions to the relevant functions that
need to be modified. However, existing rank-
ing approaches are often Python-centric and
perform a single-pass search over the code-
base. This work introduces SWERANK+, a
framework that couples SWERANKMULTI, a
cross-lingual code ranking tool, with SWER-
ANKAGENT, an agentic search setup, for itera-
tive, multi-turn reasoning over the code reposi-
tory. SWERANKMULTI comprises a code em-
bedding retriever and a listwise LLM reranker,
and is trained using a carefully curated large-
scale issue localization dataset spanning mul-
tiple popular programming languages. SWER-
ANKAGENT adopts an agentic search loop that
moves beyond single-shot localization with a
memory buffer to reason and accumulate rele-
vant localization candidates over multiple turns.
Our experiments on issue localization bench-
marks spanning various languages demonstrate
new state-of-the-art performance with SWER-
ANKMULTI, while SWERANKAGENT further
improves localization over single-pass ranking.

1 Introduction

The maintenance of large-scale software systems
constitutes a significant and ever-growing portion
of the software development lifecycle. A persistent
bottleneck in this process is software issue local-
ization (Wong et al., 2016): the task of identifying
where in a codebase a fix should be applied for a
given bug report or feature request. This task re-
quires mapping natural language descriptions, such
as those found in GitHub issues, to specific code
elements including files, modules, or functions. As
modern code repositories grow in size and com-
plexity to encompass thousands of files across mul-
tiple programming languages, manual localization
becomes increasingly infeasible. Automating this
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Figure 1: Comparison of function localization accu-
racy@10 against the SWERANK baseline. SWER-
ANKMULTI shows significant improvement on multi-
lingual benchmarks (in red) while maintaining strong
performance on Python-specific evaluations (in violet).
SWERANKAGENT further improves over single-pass
ranking approaches across the board.

process can therefore accelerate issue resolution
and significantly enhance developer productivity.
Recent advances in large language models
(LLMs) have led to the development of sophisti-
cated agentic systems (Yu et al., 2025; Chen et al.,
2025) capable of navigating complex codebases.
These systems operate by issuing commands to
read files, search for patterns, and analyze depen-
dencies. While powerful, such approaches often
suffer from high latency and substantial compu-
tational overhead. To improve efficiency, SWER-



ANK (Reddy et al., 2025) reformulates issue lo-
calization as a retrieve-and-rerank problem, lever-
aging specialized bi-encoder retrievers and LLM
rerankers trained on curated datasets (Suresh et al.,
2024). This approach has achieved high precision
while substantially reducing computational cost.

Despite its success, SWERANK faces two key
limitations that reflect the evolving needs of mod-
ern software engineering. First, its scope is
largely confined to Python-dominated repositories,
whereas real-world enterprise systems are inher-
ently multilingual, comprising interconnected com-
ponents written in diverse programming languages.
A practical localization tool must therefore gen-
eralize across languages. Second, SWERANK’s
single-pass ranking design may be inadequate for
complex issues that demand iterative reasoning or
involve changes dispersed across multiple, loosely
coupled functions. To overcome these challenges,
we introduce SWERANK+, a comprehensive frame-
work for multilingual, multi-turn issue localization.

Our first component, SWERANKMULTI, extends
SWERANK to a multilingual setting. It includes
a suite of retriever and reranker models trained
on SWELOCMULTI, a newly curated, large-scale
dataset containing high-quality issue—code pairs
spanning multiple popular programming languages.
SWERANKMULTI enables high-accuracy localiza-
tion across heterogeneous repositories, marking the
first such effort in this domain.

Next, we present SWERANKAGENT, a
lightweight agentic framework that moves beyond
single-pass localization. Instead of relying on a
single retrieval pass, the agent adopts an iterative
process: it begins with an initial hypothesis and
progressively refines its understanding through
multiple turns. Each turn allows it to gather
new evidence, narrow the search space, and
focus on the most relevant code regions. This
multi-turn reasoning process mirrors how human
developers investigate issues—starting with a broad,
symptom-based exploration and converging toward
the root cause. Specifically, SWERANKAGENT is
motivated by three key observations: (A) Initial
searches can be misleading—the most obvious
function in a traceback is often not the true source
of the bug; (B) Context is built over turns—carly
retrievals reveal important structural clues about
the codebase; (C) Iterative refinement leads to
precision—repeated reasoning helps transition from
symptom-level to root-cause localization.

SWERANKAGENT integrates SWERANKMULTI

as a specialized retrieval tool within this itera-
tive process. It can issue multiple search queries,
maintain a memory buffer of intermediate results,
and reason over aggregated evidence to produce
more accurate localizations. This hybrid design
combines the efficiency of high-quality retrievers
with the depth of agentic reasoning, enabling it to
solve complex localization problems that remain
intractable under single-pass methods.

Through extensive experiments, we show that
SWERANKMULTI establishes new state-of-the-art
performance for issue localization across multi-
ple programming languages (Rashid et al., 2025;
Zan et al.,, 2025; Yang et al., 2025b), while
maintaining competitive results on Python bench-
marks (Jimenez et al., 2024; Chen et al., 2025).
Furthermore, the iterative reasoning in SWERANK-
AGENT consistently outperforms single-pass rank-
ing for issue localization. Figure 1 summarizes our
experimental results. Our contributions are:

* We present the first framework to address is-
sue localization in a multilingual setting.

* We introduce SWERANKMULTI, trained on
10 programming languages, achieving state-
of-the-art multilingual code ranking perfor-
mance for issue localization.

* We propose SWERANKAGENT, an iterative,
multi-turn localization framework that further
improves over single-pass ranking.

2 Related Work

2.1 Software Issue Localization

Software issue localization (fault localization) aims
to identify the specific code regions responsible for
software defects. Traditional approaches include
spectrum-based methods (Jones and Harrold, 2005)
and state-based methods (Zeller, 2002), which an-
alyze program executions and state differences to
isolate potential fault sites. Learning-based meth-
ods such as DeepFL (Li et al., 2019) extended these
ideas by integrating multiple fault signals using
deep representations. Recent approaches to fault
localization (Torun et al., 2025; Chang et al., 2025;
Yaraghi et al., 2025) have leveraged LLM-based
techniques by incorporating semantic reasoning
and retrieval-augmented inference, moving beyond
traditional spectrum- and mutation-based metrics.

The advances in Al for software engineering
have spurred the development of LLM-based agen-
tic frameworks designed to perform complex soft-
ware engineering tasks (He et al., 2025; Dong et al.,



2025). Recent LLM-based agentic approaches tack-
les issue localization as a planning and searching
problem. Yang et al. (2024a) proposed LLM-based
framework that leverages multi-turn reasoning and
tool invocation for issue resolution and code repair.
Chen et al. (2025) incorporates graph-guided rea-
soning for precise function localization, while Yu
et al. (2025) designs a framework specialized for
bug localization using search and read actions.

While these approaches demonstrate the power
of agentic architectures, they often involve com-
plex interactions with the codebase, which can
incur high latency (Chen et al., 2025; Yu et al.,
2025). SWERANK+ introduces a distinct, hybrid
agentic model, SWERANKAGENT, that combines
the efficiency of a specialized retrieval tool with
a lightweight, iterative reasoning loop. This en-
ables tackling complex issues that are intractable
for single-pass ranking systems while avoiding the
high overhead of complex agentic frameworks.

2.2 Multilingual Code Understanding

Recent code LLMs have significantly expanded
their code understanding capabilities across
programming languages, with models such
as Qwen3-Coder (Yang et al., 2025a), and
CodeGemma (Team et al., 2024) exhibiting strong
zero-shot transfer between languages. However,
the integration of multilinguality into software is-
sue localization remains comparatively nascent.
Most localization systems remain monolingual, of-
ten trained exclusively on Python (e.g., SWER-
ANK (Reddy et al., 2025), LocAgent (Chen et al.,
2025)), limiting their applicability to real-world
software ecosystems. SWERANK+ bridges this gap
as the first localization framework explicitly trained
and evaluated on multilingual repositories.

3 SWERANKMULTI

We introduce SWERANKMULTI, a framework for
effective software issue localization across diverse
programming languages. SWERANKMULTI adapts
the efficient retrieve-and-rerank methodology of
SWERANK to the multilingual setting, compris-
ing two key components: the SWERANKEMBED-
MULTI retriever (§3.2), which pre-selects a small
set of candidate functions from large codebases
most likely relevant to a given issue, and the SWER-
ANKLLMMULTI reranker (§3.3), which produces
a refined final ranking from the top candidates.

3.1 SWELOCMULTI Training Dataset

We create SWELOCMULTI, a large-scale multilin-
gual dataset curated specifically for issue localiza-
tion. While SWELOC (Reddy et al., 2025) provides
a high-quality resource for Python, modern soft-
ware systems are inherently multilingual. SWE-
LocMULTI extends the data collection and filter-
ing pipeline of SWELOC to encompass JavaScript,
Java, TypeScript, Ruby, Rust, Go, PHP, C, and
C++. Table 4 in Appendix provides the detailed
language-wise distribution of training instances.

Issue Collection: Following SWERANK’s
methodology, we identify popular open-source
repositories on GitHub for each language, filtering
for repositories with at least 40% code in the target
language, over 1,000 stars, and at least one commit
in the preceding six months. From this curated set,
we extract pull requests (PRs) explicitly linked to
GitHub issues that include test file modifications.

Contrastive Data: Each issue description serves
as a query, with modified functions in the corre-
sponding PR treated as positive examples. To en-
sure the model learns to distinguish fine-grained
semantic differences, we employ consistency filter-
ing and hard-negative mining techniques (Suresh
et al., 2024). Specifically, we use a pretrained em-
bedding model (SWERANKEMBED-Small) to per-
form consistency filtering, retaining only examples
where the positive function ranks within the top-40
semantically similar functions repository-wide. We
then mine hard negatives, which are unmodified
functions from the same repository that are seman-
tically similar to the query, creating challenging
instances for the contrastive training process.

3.2 SWERANKEMBEDMULTI Retriever

The retriever component, SWERANKEMBED-
MULTI, is a bi-encoder model that maps issue
descriptions and code functions to dense vector
representations in a shared multilingual embed-
ding space. We initialize the model with Qwen3-
Embedding (Zhang et al., 2025), a state-of-the-art
text embedding model, and finetune it on SWELOC-
MULTI using the InfoNCE contrastive loss (Oord
etal., 2018), identical to SWERANKEMBED'’s train-
ing objective. Given an issue description as the
query, the loss function encourages the query em-
beddings to be closer to that of the corresponding
positive code function while pushing away from
other functions in the training batch, including
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Figure 2: SWERANKAGENT interleaves Search actions, which retrieve candidate functions, and Aggregate actions,
which selectively adds the most relevant functions to a persistent memory. The diagram illustrates a qualitative
example of the agent solving a complex issue. The visualization details the agent’s multi-turn trajectory (turns 1-3),
showing how it iterates through thinking and tool calls to SWERANKMULTI to progressively narrow down the root

cause from a broad search to the target function.

mined hard negatives. During inference, all the
repository functions are ranked by cosine similarity
between their embeddings and the issue embedding,
to identify the most probable fix locations.

3.3 SWERANKLLMMULTI Reranker

The reranker component, SWERANKLLMMULTI,
refines the initial candidate list from the retriever
using listwise reranking. This approach leverages
the instruction-following capabilities of large lan-
guage models and has proven more effective than
pointwise (Zhuang et al., 2023, 2024) or pairwise
ranking (Qin et al., 2024).

Training SWERANKLLMMULTI leverages the
novel weakly supervised strategy introduced in
SWERANK, which enables listwise reranking learn-
ing even when only a single positive example is
known, without requiring a fully ordered ground-
truth list. Each candidate function receives a unique
identifier, and the model is trained to generate the
identifier of the true positive function as its first
token using standard language modeling loss. This
objective effectively aligns model generation with
ranking behavior, teaching it to select the most rel-
evant function from the candidate set. Fine-tuning
on the multilingual SWELOCMULTI dataset sub-
stantially enhances cross-language generalization
and code ranking accuracy, setting a new state of
the art for multilingual issue localization (§5.2).

4 SWERANKAGENT

While SWERANKMULTI models effectively local-
ize relevant code functions, they operate on a single,
static query—the original issue description. This

approach performs well for self-contained issues
where the initial report provides sufficient signal to
identify the fix location. However, many software
maintenance tasks involve complex bugs or feature
requests whose critical details are not fully cap-
tured in the initial description. For example, a bug
report may describe only a high-level symptom,
and it is only after examining the functions related
to that symptom that a developer can pinpoint the
downstream component responsible for the fault.
To emulate this human-like, iterative exploratory
process, we introduce SWERANKAGENT, a
lightweight and generic agentic framework that
extends SWERANKMULTI with multi-turn search
capabilities. Rather than treating issue localization
as a single-shot ranking task, SWERANKAGENT
performs iterative searches across multiple turns to
progressively accumulate and refine localization ev-
idence. This design enables the agent to decompose
complex localization problems into a sequence of
smaller, more tractable steps, effectively overcom-
ing the limitations of single-pass retrieval.
SWERANKAGENT operates as a ReAct-
style (Yao et al., 2023) reasoning agent, alternating
between reasoning and action-taking. Its iter-
ative operational loop, illustrated in Figure 2,
consists of four key steps: Search, Reasoning,
Reformulation, and Aggregate.

* Search with issue description: The agent’s
primary interface with the codebase. Given
an issue description as the query, this action
invokes the SWERANKMULTI retriever and
reranker as a tool to obtain the top-k most
relevant functions from the code repository.



* Reasoning over retrieved functions: The
agent analyzes the retrieved functions to as-
sess their relevance to the issue and determine
whether further exploration is needed. This
step guides subsequent query refinement.

* Reformulation for query update: After the
reasoning step, the agent updates the query
based on the previous search and its assess-
ment of the retrieved functions’ relevance.
This enables the agent to progressively refine
its search and improve contextual understand-
ing across iterations.

* Aggregate on candidate functions: Across
turns, the agent accumulates identifiers of rel-
evant functions in an internal memory buffer
that serves as a global candidate pool. This en-
ables the agent to capture issues whose fixes
span multiple functions that may not co-occur
within a single retrieval. Finally, the SWER-
ANKLLMMULTI reranker is applied to the
aggregated pool to produce a globally ranked
list of candidate functions.

The agent iteratively cycles through Search,
Reasoning, and Reformulation until a stopping
condition is met—either the maximum number of it-
erations is reached or no new relevant functions are
retrieved. The accumulated candidates are then con-
solidated and reranked during the final Aggregate
step, with the top-10 functions returned as the final
localization output. Throughout this process, the
underlying LLM guides the agent’s reasoning, en-
abling it to refine queries, evaluate search results,
and dynamically adapt its strategy based on evolv-
ing evidence from the codebase.

5 Experiments

Our experiments are designed to address the fol-
lowing research questions: RQ1: How effective
is training on SWELOCMULTI compared to the
Python-specific SWELOC? and RQ2: Can issue
localization benefit from multi-turn search?. To ex-
amine RQ1, Section §5.2 reports the performance
of the SWERANKMULTI retriever and reranker
across multilingual and Python-specific issue lo-
calization benchmarks. To investigate RQ2, Sec-
tion §5.3 analyzes the effectiveness of multi-turn
issue localization using SWERANKAGENT com-
pared to the single-turn SWERANKMULTI.

5.1 Datasets & Metrics

Our multilingual evaluation data comprises three
datasets: SWE-PolyBench (Rashid et al., 2025),
SWE-Bench-Multilingual (Yang et al., 2025b), and
Multi-SWE-Bench (Zan et al., 2025). Follow-
ing (Suresh et al., 2024) and (Reddy et al., 2025),
we transform each (PR, codebase) instance pair
from these datasets into the localization format.
The PR’s corresponding github issue description
serves as the retrieval query. The Tree-sitter pars-
ing tool is employed to extract all functions from
the codebase, creating candidate corpus. Func-
tions modified within the PR are labeled are con-
sidered as positives. Moreover, we also consider
python-specific benchmarks, specifically SWE-
Bench-Lite (Jimenez et al., 2024), LocBench (Chen
et al., 2025) and SWE-Bench-Verified (Chowdhury
et al., 2024). We employ Accuracy at k (Acc@k)
for evaluation. This metric deems localization suc-
cessful if all relevant code locations are correctly
identified within the top-k results.

5.2 SweRankMulti
5.2.1 Setup

Model Training: We train the SWERANKEM-
BED model in two sizes: small and large. Both
models are trained on the SWELOCMULTI dataset
(§3.1), with small and large variants initial-
ized with the 0.6B and 8B variants of Qwen3-
Embedding (Zhang et al., 2025) respectively. Fol-
lowing SWERANK (Reddy et al., 2025), the SWER-
ANKLLMMULTI small and large rerankers are ini-
tialized with CodeRankLLM (7B) (Suresh et al.,
2024) and Qwen-2.5-32B-Instruct (Yang et al.,
2024b) respectively, and finetuned with SWELOC-
MULTI for listwise reranking.

SWERANKEMBEDMULTI Baselines: For the
retriever evaluation, we compare against exist-
ing code embedding models such SWERANKEM-
BED (Reddy et al., 2025), and CODERANKEM-
BED (Suresh et al., 2024). Since SWERANKEM-
BED was finetuned on GTE-Qwen2-7B-Instruct,
we finetune the Qwen3-Embedding models on the
python-specific SWELOC dataset (Reddy et al.,
2025) to get the SWERANKEMBEDPYTHON vari-
ants for better comparison. We also include
Gemini-Embedding (Lee et al., 2025), the current
top model on the MTEB leaderboard, as a general-
purpose closed-source baseline.



Multilingual Python
Model SWE-PolyBench SWE-Bench-Multilingual  SWE-Bench-Lite LocBench SWE-Bench-Verified
Acc@5 Acc@10 Acc@5 Acc@10 Acc@5 Acc@10 Acc@5 Acc@10 Acc@5 Acc@10

OpenHands (Claude-3.5) - - - - 68.25 70.07 - 59.11 - -
LocAgent (Claude-3.5) - - - - 73.36 77.37 - 59.29 - -
Gemini-Embedding (unknown) - 36.75 47.44 61.31 72.26 43.04 51.43 59.74 66.96
CodeRankEmbed (137M) 27.11 33.40 26.50 35.04 51.82 58.76 38.93 47.86 50.98 57.99
Qwen3-Embedding-0.6B 30.69 37.17 30.34 38.03 52.55 62.77 39.64 47.32 49.45 60.39
SWERANKEMBED-Small (137M) 3591 42.79 33.33 44.02 63.14 74.45 51.79 58.57 59.74 68.49
SWERANKEMBEDPYTHON-Small (0.6B)  37.75 43.95 36.75 47.01 66.79 75.18 50.00 58.04 61.93 71.12
SWERANKEMBEDMULTI-Small (0.6B) 39.01 47.14 43.16 52.56 66.79 76.28 51.25 58.93 64.99 71.77
GTE-Qwen2-7B-Instruct (7B) 33.40 39.40 34.19 42.31 63.14 70.44 42.50 51.79 57.77 65.21
Qwen3-Embedding-8B 39.50 46.47 36.75 46.15 60.95 71.53 44.46 55.00 60.18 65.21
SWERANKEMBED-Large (7B) 41.92 49.18 39.74 50.85 71.90 82.12 55.18 63.21 65.65 74.18
SWERANKEMBEDPYTHON-Large (§B) 44.24 51.98 46.15 55.98 73.72 83.94 55.71 65.00 66.96 75.05
SWERANKEMBEDMULTI-Large (8B) 46.56 53.73 50.43 62.39 71.37 86.86 56.43 65.36 68.71 76.37

Table 1: Function localization performance of different retrievers in comparable sizes across benchmarks with
various programming languages. Our SWERANKEMBEDMULTI models considerably improve performance on both

multilingual and python-specific benchmarks.

Multilingual Python
Model SWE-PolyBench SWE-Bench-Multilingual = SWE-Bench-Lite LocBench SWE-Bench-Verified
Acc@5  Acc@10 Acc@5 Acc@10 Acc@5  Acc@10 Acc@5 Acc@10 Acc@5 Acc@10
SweRankEmbedMulti-Small (0.6B) 39.01 47.14 43.16 52.56 66.79 76.28 51.25 58.93 64.99 71.77
+ CodeRankLLM (7B) 42.40 51.11 48.72 58.55 72.99 80.29 55.54 63.93 66.52 75.93
+ Qwen3-Instruct-8B 43.66 51.98 50.85 59.83 72.27 80.29 56.96 64.46 68.49 75.27
+ SweRankLLM-Small (7B) 51.21 56.92 55.13 63.68 77.37 85.04 63.39 69.64 73.30 77.68
+ SweRankLLMMulti-Small (7B) 53.15 59.54 56.41 66.67 80.29 85.77 63.04 69.46 73.30 79.43
SweRankEmbedMulti-Large (8B) 46.56 53.73 50.43 62.39 77.37 86.86 56.43 65.36 68.71 76.37
+ GPT-4.1 55.66 61.76 62.39 70.94 79.93 88.69 65.89 70.89 76.81 81.62
+ SweRankLLM-Large (32B) 56.73 62.73 57.69 70.51 83.58 89.42 64.64 71.25 75.49 80.96
+ SweRankLLMMulti-Large (32B)  58.28 63.21 64.10 71.37 85.40 89.78 66.43 71.96 78.12 81.18

Table 2: Function localization performance of different rerankers on multilingual and python-specific benchmarks.

SWERANKLLMMULTI Baselines: For the
reranker evaluation, we compare against listwise
reranker models such as SWERANKLLM (Reddy
et al., 2025), CODERANKLLM (Suresh et al.,
2024), and the zero-shot Qwen3-Instruct-8B
model (Yang et al., 2025a) along with GPT-4.1.

5.2.2 Results

Table 1 shows the function localization perfor-
mance different embedding models when com-
pared at similar size ranges. We see that
SWERANKEMBEDMULTI achieves SOTA perfor-
mance at both size variants, considerably im-
proving upon the existing SWERANKEMBED.
Moreover, we see that a better base embedding
model (SWERANKEMBED vs SWERANKEMBED-
PYTHON) and training with multilingual data
(SWERANKEMBEDPYTHON vs SWERANKEM-
BEDMULTI) both contribute to improvements in
performance. Interestingly, SWERANKEMBED-
MULTI even improves over SWERANKEMBED-
PYTHON on python-specific benchmarks, despite
the latter being trained on the python-exclusive
SWELoOC. This could be attributed to better gen-

eralization performance from including more lan-
guages in the training data.

Table 2 shows the function localization perfor-
mance of the reranker when used with retrievers
of different sizes. We see that SWERANKLLM-
MULTI reranker consistently improve localization
performance over the SWERANKLLM models,
with the large variant even outperforming GPT-4.1.

Language-wise Performance: Figure 3 shows
performance of the retrievers separately for each
of the languages in SWE-PolyBench and SWE-
Bench-Multilingual. We observe that both the
small and large variants of SWERANKEMBED con-
sistently improve performance on most languages,
compared to SWERANKEMBEDPYTHON.

5.3 SweRankAgent

5.3.1 Setup

SWERANKMULTI tool: We equip the SWER-
ANKAGENT framework with a search tool that,
when given with a query in the form of an is-
sue description, returns the top-10 localized func-
tions within the codebase. The SWERANKMULTI-
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Figure 3: Language-wise function localization accuracy for SWE-PolyBench and SWE-Bench-Multilingual.

Approach Multilingual Python

SWE-PolyBench SWE-Bench-Multilingual SWE-Bench-Lite = LocBench = SWE-Bench-Verified
SWERANKMULTI (Single-Query) 59.54 66.67 85.77 69.46 79.43
Reformulate (Single-Turn, Multi-Query) 58.08 (-1.46) 64.96 (-1.71) 85.77 69.86 (+0.40) 78.99 (-0.44)
SWERANKAGENT (Multi-Turn) 62.63 (+3.09) 73.08 (+6.41) 88.32 (+2.55) 70.91 (+1.45) 81.74 (+2.31)

Table 3: Table comparing SWERANKAGENT’s multi-turn function localization performance (Acc@10) against the
single-turn SWERANKMULTI tool in addition to a multi-query reformulation approach.

EMBED retriever first obtains the top-100 results
which are then passed to the SWERANKMULTI-
LLM reranker. For efficiency considerations, the
codebase function embeddings for the retriever are
pre-cached. Given compute considerations, we
only use the small variants of the retriever and
reranker for the SWERANKMULTTI tool.

Baselines: To investigate the performance of a
multi-query setup, we design a Reformulate base-
line that does query-reformulation to generate mul-
tiple queries from the original issue description. In
total, we use the original issue description as the
query plus five reformulated queries generated by
GPT-5. For each query, results from the SWER-
ANKMULTI tool are collected, and the aggregated
output is then again passed to the SWERANKMUL-
TILLM reranker to obtain final top-10 function lo-
calization result. Moreover, we also use the SWER-
ANKMULTI tool as a single-query baseline.

5.3.2 Results

Table 3 shows the function localization perfor-
mance of SWERANKAGENT using GPT-5 as the
underlying LLM. Firstly, we observe that the multi-
query Reformulate baseline yields lower perfor-
mance than the single-query baseline. This sug-
gests that directly using reformulated queries in-
troduces additional noise, highlighting the inher-
ent challenges in improving coverage of localiza-
tion candidates with multiple queries. In contrast,
SWERANKAGENT consistently improves localiza-
tion performance across all datasets, with more
than a 3-point boost on SWE-PolyBench and over
a 6-point boost on SWE-Bench-Multilingual.

Qualitative Example: Figure 2 illustrates the ad-
vantage of multi-turn issue localization through a
qualitative example where iterative search succeeds
while single-pass ranking fails. At first glance, the
issue appears straightforward: the pylint re.error
traceback points to re.compile. Single-pass rank-
ing would likely point at _regexp_validator, the
immediate crash site. However, the real bug lies
upstream, in how a comma-separated list of regular
expressions is parsed before validation. Modify-
ing _regexp_validator would thus be incorrect; the
fix belongs in the function handling the comma-
separated-value (CSV) input. SWERANKAGENT’s
multi-turn trajectory below demonstrates how iter-
ative refinement enables correct localization.

e Turn 1: Broad Exploration. The agent be-
gins with a broad query to locate where con-
figuration options are defined and validated.
This identifies relevant configuration modules
in arguments_manager.py and the symptom func-
tion _regexp_validator, but not the root cause. A
single-pass approach would likely stop here.

* Turn 2: Contextual Refinement. Based on the
initial results, the agent infers that the issue re-
lates to how naming options are validated, refin-
ing its search to focus on functions involved in
regular expression validation. This uncovers key
functions such as _regexp_csv_validator, reveal-
ing the CSV-handling pathway.

* Turn 3: Pinpointing the Target. The results
point to a transformer function that processes
CSV inputs prior to validation. A focused search
on transformer—validator interactions returns the
correct target: _regexp_csv_transformer.
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Figure 4: Comparison of SWERANK, SWERANKMULTI, and SWERANKAGENT performance across varying levels
of difficulty. The plots show Function Accuracy @ 10 separately for Python and other languages, broken down by (a)
lexical overlap using ROUGE-1 scores, and (b) semantic overlap using cosine similarity.

5.3.3 Analysis by Issue Complexity

Aggregate performance metrics can mask how lo-
calization methods behave under varying levels
of problem difficulty. We thereby analyze perfor-
mance across two orthogonal dimensions of com-
plexity: (1) the degree of lexical and semantic over-
lap between the issue description and target code,
and (2) the number of ground-truth localized func-
tions. We primarily aim to investigate whether the
agentic search process is particularly beneficial for
harder instances with multiple target functions or
requiring matching beyond surface-level similarity.

Performance by Overlap: We bucket instances
based on lexical overlap (ROUGE-1) and semantic
overlap (cosine similarity) between the issue de-
scription and the ground-truth localized functions,
with results shown in Figure 4. We can see that per-
formance generally improves with higher overlap,
indicating that keyword- or semantically-aligned
issues are easier to localize. Nonetheless, SWER-
ANKAGENT demonstrates clear advantages in low-
overlap settings. In buckets with minimal lexical or
semantic overlap, where naive keyword matching
is insufficient, the agent consistently shows bigger
improvements compared to buckets with more over-
lap. The agent’s ability to reformulate queries and
reason over intermediate results allows it to bridge
the gap when the issue description lacks specific
keywords present in the target functions. Hence,
multi-turn reasoning is crucial for traversing the
“semantic gap” in harder instances where the fail-
ure description is distant from the root cause.

Performance by # of Target Functions: We
stratify test instances by the number of functions
modified in the ground-truth patch, which serves
as a proxy for issue complexity. As seen in Fig-
ure 5, localization accuracy degrades as the num-
ber of target localization functions increases, re-
flecting the increased difficulty of multi-function
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Figure 5: Function Accuracy @ 10 breakdown by num-
ber of target localization functions.

bugs and feature requests. While the multilingual
training of SWERANKMULTI does considerably
improve performance for other languages, SWER-
ANKMULTI particularly shines for more complex
multi-function localization settings.

6 Conclusion

In this work, we introduced SWERANK+, a com-
prehensive software issue localization framework.
Our contributions are twofold. First, we devel-
oped SWERANKMULTI, a multilingual retrieve-
and-rerank system trained on the newly curated
SWELOCMULTI dataset, that establishes new state-
of-the-art performance on multilingual bench-
marks while maintaining strong efficacy on Python-
specific tasks. Second, we proposed SWERANK-
AGENT, a lightweight agentic framework that em-
ploys iterative, multi-turn reasoning to refine lo-
calization candidates, which consistently outper-
forms single-pass ranking. Our analysis highlights
that this agentic approach is particularly effective
for complex issues characterized by low overlap
between issue description and target functions or
those requiring modifications across multiple func-
tions. Our work emphasizes a hybrid design that
bridges the gap between efficient retrieval systems
and computationally heavy agentic frameworks,
demonstrating that lightweight, iterative reasoning
can effectively solve complex issue localization.



Limitations

Our pull-request selection process follows Jimenez
et al. (2024) to exclusively include only those that
add test cases, as this gives a reliable way to ensure
that the issue was resolved. However, in practi-
cal software development contexts, numerous bug-
fixing instances do not involve the addition of test
cases. Consequently, this filtering strategy may
exclude a significant portion of bug-fix commits.
Further, we leave for future work to explore in-
tegrating SWERANK+ into end-to-end automated
program repair.
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A Training Details

SWERANKEMBEDMULTI: Our data filtering,
negative mining, and model finetuning are im-
plemented using the contrastors package (Nuss-
baum et al., 2024). The SWERANKEMBEDMULTI-
SMALL encoder is finetuned for two epochs
with a learning rate of 2e-5, a batch size of
64 and 15 hard negatives per example. The
SWERANKEMBEDMULTI-LARGE encoder is fine-
tuned for 1 epoch with a learning rate of 8e-6, a
batch size of 64 and 7 hard negatives per example.
Both models are finetuned using 8 GH200 GPUs.

SWERANKLLMMULTIL: For the LLM reranker
training, we trained for one epoch with a global
batch size of 128, an initial learning rate of
S5e-6 with 50 warmup steps, cosine learning
rate scheduler, bfloatl6 precision, and noisy
embeddings (Jain et al., 2023) with a noise scale
« 5. For efficient long-context, multi-gpu
training, we used DeepSpeed (Rasley et al., 2020)
ZeRO stage 3 with 16 GH200 GPUs. To prevent
the positional bias from affecting the reranker and
ensure model robustness (Pradeep et al., 2023),
we shuffle the order of candidate codes for each
training example.

SWERANKLLMMULTI Prompt

## System Prompt

You are CodeRanker, an intelligent code reviewer that
can analyze GitHub issues and rank code functions
based on their relevance to containing the faults causing
the GitHub issue.

## User Prompt

I will provide you with 10 code functions, each
indicated by a numerical identifier []. Rank the code
functions based on their relevance to containing the
faults causing the following GitHub issue: <Issue
Description>

### Code Functions

[1]: <Function 1>
[2]: <Function 2>

[10]: <Function 10>
#i## Response Format

All the code functions should be included and
listed using identifiers, in descending order of relevance.
The output format should be [] > [], e.g., [2] > [1].
Only respond with the ranking results, do not give any
explanation.

Language # Repos #PRs # Instances
JavaScript 104 1513 4254
Java 130 5518 19239
TypeScript 129 3882 11410
Ruby 308 4244 9048
Rust 269 5879 22255
Go 114 2985 11242
PHP 206 4591 16608
C 74 1023 4013
C++ 278 2359 7621
Python 2448 24285 49973
Total 4060 56279 155663

Table 4: Distribution of repositories, pull requests (PRs),
and training instances across different programming
languages in the SWELOCMULT!I dataset.

SWERANKAGENT Prompt

## System Prompt

You are an intelligent assistant specializing in
software issue localization. Your primary goal is to
identify the functions from a given codebase that are
most likely to require modification to fix a given issue.
You must operate by iteratively using the search tool.

### Rules and Guidelines

1. Iterative Search: perform sequential ‘search’
calls; number of rounds is configurable.

2. Review & Reflect after each ‘search’: use results to
inform your next query. Avoid duplicate queries.

3. Explain & Reformulate: explain relevance for new
functions, then reason about how to refine next query.
4. Termination: once coverage is sufficient or rounds
are done, call ‘finish’ with up to 10 functions.

### Available Tools

"name": ‘"search", "description": "Searches the
codebase for functions relevant to the query. Returns a
list of candidate functions found based on the descrip-
tion of the issue passed to the tool.", "parameters":
"issue_description”

"name": "finish", "description": "Call this tool
when you are confident you have identified all the top
relevant functions.", "parameters": null
### Expected Response Format

THOUGHT: Summarize what you just learned
from the latest search results. For EACH newly
added function, provide a brief relevance explana-
tion describing why it may relate to the issue description.

REFORMULATION: Explain how you will ad-
just the next search query to improve coverage/diversity.

ACTION: {"name": "...", "arguments": { ... }}
## User Prompt

< Github Issue Description>
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