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Abstract001

Understanding and using large software repos-002
itories is increasingly difficult as modern003
projects grow in scale, span multiple program-004
ming languages, and evolve rapidly. Develop-005
ers frequently raise repository-level questions006
that require integrating information scattered007
across code files, documentations, and config-008
urations. Existing approaches struggle with009
challenges such as linear reasoning strategies010
that cannot model partially ordered knowledge011
dependencies and weak handling of noisy con-012
text. To address these challenges, we propose013
HiFiRepoQA, a repository-level question an-014
swering framework based on structured task de-015
composition and controlled information acqui-016
sition. It models repository-level questions in a017
directed acyclic graph (DAG), enabling parallel018
execution of independent goals while isolating019
irrelevant context. To facilitate realistic evalua-020
tion, we further construct HiFiRepoQA Bench,021
a high-fidelity benchmark with 526 real user022
questions collected from GitHub repositories.023
Experimental results show its advantages over024
open-source and commercial baselines. We025
further evaluate its usefulness by submitting026
generated answers to GitHub, where 9 ques-027
tions receive positive feedback or are marked028
as closed due to our response.029

1 Introduction030

With the rapid growth of large-scale software sys-031

tems, modern projects often span millions of lines032

across multiple languages and modules (Zhang033

et al., 2023; Fan et al., 2023). They evolve into034

complex, interconnected systems that are difficult035

for developers, contributors, and users to compre-036

hend. This complexity hinders onboarding, mainte-037

nance, and collaborative contribution, underscoring038

a pressing need for intelligent tooling to support039

repository-level information acquisition (Guo et al.,040

2025; De Martino et al., 2025).041

On the other hand, Question Answering (Q&A)042

systems have long been a cornerstone of artificial043

intelligence, enabling users to obtain precise infor- 044

mation through natural language interaction. In 045

general domains, such as open-domain knowledge 046

or customer support, Q&A technologies signifi- 047

cantly enhance information access efficiency and 048

user experience by retrieving and synthesizing facts 049

from structured or unstructured corpora. 050

However, when applied to the specialized 051

context of software repository Q&A, general 052

paradigms face profound and distinctive challenges. 053

First, real-world developer questions are highly spe- 054

cialized and often require knowledge beyond the 055

general scope of pretrained large language models 056

(LLMs), making direct LLM application prone to 057

errors or hallucinations. Second, these questions 058

are inherently unstructured: they are frequently 059

ambiguous, combine natural language with code 060

snippets or error traces, and conceal multiple in- 061

tertwined intents, which makes accurate question 062

decomposition exceptionally difficult. Finally, the 063

information needed to answer a question is typi- 064

cally scattered across numerous files and modules, 065

posing a fundamental retrieval dilemma-knowing 066

what to retrieve, when to retrieve, and how to in- 067

tegrate fragmented evidence into a correct answer 068

(Jimenez et al., 2024). 069

Inspired by hierarchical human cognitive 070

decision-making mechanisms, we propose 071

HiFiRepoQA, a DAG-specialized multi-agent 072

framework that decomposes complex repository- 073

level questions into a directed acyclic graph 074

(DAG) of interdependent subtasks and performs 075

coordinated planning, retrieval, localized analysis, 076

and verification-driven answer generation. By 077

explicitly modeling subtask dependencies, DAG 078

enables a structured execution of repository-level 079

reasoning. As illustrated in Figure 1, the DAG 080

enables independent subtasks to be executed 081

in parallel, isolating different reasoning paths 082

and avoiding unnecessary context mixing. This 083

parallelism not only improves efficiency but 084
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also confines redundant and irrelevant context085

to local execution branches, thereby enhancing086

overall robustness. Furthermore, by explicitly087

modeling dependencies between subtasks, the088

DAG ensures that when intermediate conclusions089

are aggregated, each is based solely on its relevant090

evidence, minimizing contextual interference091

during answer synthesis and leading to more092

accurate and interpretable final answers.093

To better capture real-world repository usage sce-094

narios, we construct a high-quality repository ques-095

tion answering benchmark HiFiRepoQA Bench096

strictly sourced from real repository scenarios and097

authentic user questions. Specifically, our bench-098

mark consists of 526 user questions collected099

from GitHub, spanning 170 repositories across100

10 programming languages. Experimental results101

show that our approach improves LLM-as-Judge102

scores by 8%-15% and rubric based answer cor-103

rectness (RAC) by 28%-67% over vanilla LLMs104

and retrieval-based baselines, and yields additional105

gains of 1%-4% (LLM-as-Judge) and 2%-10%106

(RAC) even compared to commercial systems such107

as Cline and Cursor. We further evaluate the use-108

fulness of HiFiRepoQA by submitting generated109

answers to GitHub, where 9 questions receive pos-110

itive feedback or are marked as closed due to our111

response.112

This paper makes the following contributions:113

• HiFiRepoQA, a multi-agent framework that de-114

composes complex repository-level questions115

into a directed acyclic graph of interdependent116

subtasks and performs coordinated planning,117

retrieval, localized analysis, and verification-118

driven answer generation.119

• HiFiRepoQA Bench, a benchmark for repos-120

itory Q&A with 526 questions and answers121

from real-world software development con-122

text.123

• Rubric-based Answer Correctness, an evalua-124

tion metric for repository Q&A that explicitly125

measures whether a predicted answer covers126

the required content points specified by scor-127

ing rubrics extracted from reference answers.128

• Extensive experiments, demonstrating supe-129

rior performance over open-source and com-130

mercial baselines.131

• Open public code and benchmark, facilitating132

further research in this task. https://gith133

ub.com/HiFiRepoQA/HiFiRepoQA134

2 Related Work 135

Code Question Answering. Several code 136

question-answering datasets have been proposed 137

in recent years, providing valuable resources for 138

related research (Table 1). ProCQA (Li et al., 2024) 139

offers a large-scale collection of snippet-level code 140

Q&A pairs, primarily targeting local code under- 141

standing, but it does not cover more complex 142

repository-level Q&A scenarios. CodeRepoQA 143

(Hu et al., 2025) collects over 580,000 GitHub is- 144

sues from 70 repositories across ten widely-used 145

programming languages. Although large-scale, it 146

may include non-Q&A content, such as feature 147

requests or bug-fix discussions. CoReQA (Chen 148

et al., 2025) improves readability and structural 149

consistency by rewriting questions; SpyderCod- 150

eQA (Strich et al., 2024) is constructed through 151

manual annotation by human experts at the reposi- 152

tory level; SWE-QA (Peng et al., 2025) relies on 153

templated question formulations and LLM-based 154

generation; yet, these processes may partially re- 155

duce the natural ambiguity and complexity inherent 156

in real-world developer inquiries. 157

Dataset Size
Repo
Level

High
Fidelity

Quality
Curated

ProCQA 500w ✗ ✓ ✗
CodeQA 19w ✗ ✗ ✗
CoReQA 1k5 ✓ ✗ ✓
CodeRepoQA 58w ✓ ✓ ✗
SpyderCodeQA 325 ✓ ✗ ✓
SWE-QA 576 ✓ ✗ ✓
HiFiRepoQA Bench 526 ✓ ✓ ✓

Table 1: Comparison Between HiFiRepoQA Bench and
Existing Code QA Benchmarks

For snippet-level Code Q&A, models such as 158

CodeBERT (Feng et al., 2020), GraphCodeBERT 159

(Guo et al., 2020), and instruction-tuned LLMs 160

have shown promising results. At the reposi- 161

tory level, RAG-based (Chen et al., 2025) meth- 162

ods and commercial systems such as Cline (Cline, 163

2025) and Cursor (Cursor, 2025) can answer cross- 164

module questions, but are not specifically designed 165

for repository-level code question answering. 166

LLM-Based Agents for Program Comprehen- 167

sion. Program comprehension helps users un- 168

derstand existing codebases and has been exten- 169

sively studied in tasks such as code summarization 170

(Sharma et al., 2021). Recent work has explored 171

LLM-based agents for code summarization, lever- 172

aging tool use and iterative reasoning to handle 173

large code contexts (Yang et al., 2025b; Luo et al., 174
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(a) DAG Example 1. (b) DAG Example 2.

Figure 1: DAG-based question decomposition with dependency-aware context isolation.

2024; Lomshakov et al., 2024). Unlike summa-175

rization, which produces general descriptions of176

code artifacts, repository Q&A requires addressing177

semantically specific, user-posed queries by retriev-178

ing and integrating dispersed evidence across mul-179

tiple functions, classes, or files. This setting needs180

repository-scale retrieval as well as multi-hop rea-181

soning and user-intention alignment, yet existing182

LLM-based program comprehension frameworks183

have seen limited exploration in this context.184

3 Approach185

This section presents HiFiRepoQA, a multi-agent186

framework designed for repository-level code ques-187

tion answering. Unlike previous methods that rely188

on monolithic reasoning or linear agent pipelines,189

our approach explicitly decomposes complex ques-190

tions into a directed acyclic graph (DAG) of sub-191

tasks, enabling fine-grained isolation of informa-192

tion, controlled context construction, and more re-193

liable multi-step reasoning. As shown in Figure 2,194

HiFiRepoQA consists of four types of specialized195

agents: (1) a Planning Agent that decomposes196

questions into a DAG; (2) Retrieval Agents that197

construct and query a repository-level knowledge198

base; (3) Analysis Agents that assess evidence199

sufficiency and perform localized reasoning over200

retrieved information; and (4) a Synthesis Agent201

that integrates verified evidence and produces the202

final answer.203

3.1 Planning Agent204

The Planning Agent aims to decompose complex205

repository-level code questions into structured sub-206

tasks, which are then delegated to specialized207

agents. The Planning Agent constructs a DAG, 208

allowing subtasks to be executed according to their 209

dependencies. This formulation enables special- 210

ized agents to focus on the local context of each 211

subtask, avoiding redundant contextual coupling 212

and helping to mitigate error propagation across 213

reasoning steps. 214

3.1.1 DAG Definition 215

Formally, given a repository-level question Q, the 216

Planning Agent constructs an execution plan repre- 217

sented as a DAG, 218

P = (V,E), (1) 219

where each vertex v ∈ V represents a planning 220

node associated with a well-defined local goal, and 221

E ⊆ V × V is a set of directed dependency edges. 222

An edge (vi → vj) ∈ E indicates that the execu- 223

tion of node vj depends on the intermediate result 224

produced by node vi. 225

Each planning node is defined as a tuple 226

v =
(
τ(v), γ(v), C(v)

)
, (2) 227

where τ(v) ∈ {RETRIEVAL, ANALYSIS} denotes 228

the node type, indicating whether node v performs 229

repository information acquisition (as shown in 230

Section 3.2) or localized semantic reasoning (as 231

shown in Section 3.3); γ(v) specifies the concrete 232

retrieval or analysis goal associated with node v, 233

and C(v) represents the execution context com- 234

posed of multiple information sources provided 235

for achieving this goal. 236

Formally, the execution context associated with 237

node v is defined as 238

C(v) = Opred(v) ∪ I(v), (3) 239
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Figure 2: Overview of HiFiRepoQA.

where Opred(v) denotes the set of intermediate out-240

puts produced by all predecessor nodes of v, and241

I(v) represents the subset of original question in-242

formation explicitly assigned to node v during plan-243

ning.244

I(v) ⊆ Q, Q =
(
qtext, qcode, qoutput, qerror

)
. (4)245

where Q denotes the heterogeneous information246

sources in the repository-level question, in which247

qtext is the natural language descriptions, qcode is the248

code snippets, qoutput is the runtime outputs from249

successful executions, and qerror is the error mes-250

sages or exception traces from failed executions.251

This selective assignment prevents irrelevant252

or misleading information from propagating into253

downstream reasoning while reducing the input254

context length for individual agents. For example,255

nodes concerned with failure diagnosis are usu-256

ally provided with error traces or runtime outputs,257

whereas nodes focusing on semantic or functional258

understanding primarily rely on natural language259

descriptions and code snippets.260

3.1.2 DAG Construction261

Building on the above formal definition, the Plan-262

ning Agent constructs a DAG for a specific question263

using schema-guided prompting. The produced264

DAG will serve as the global execution blueprint265

for multi-agent collaboration.266

To provide the LLM with a global view of267

the repository for DAG planning, the Planning268

Agent organizes the LLM input with complemen-269

tary contextual signals, including the question title270

and body, high-level repository structural and de-271

scriptive information (e.g., directory hierarchy and 272

README descriptions). 273

To ensure structured and controllable planning, 274

the prompt enforces a strict output schema. The 275

model is required to return a JSON-formatted DAG, 276

where each node explicitly specifies its node type 277

τ(v), local goal γ(v), the original question subset 278

I(v), and dependency relations between nodes. 279

This schema-constrained prompting guides the 280

model to directly generate a valid DAG rather than 281

a free-form decomposition. In practice, the gen- 282

erated output is automatically validated against 283

the predefined schema. If the output violates the 284

schema constraints, the Planning Agent re-prompts 285

the model until a valid DAG is obtained or the 286

maximum number of attempts is reached. 287

We also introduce two prompt strategies as fol- 288

lows. The first is feasibility gating, which first 289

determines whether the current question informa- 290

tion is sufficient to directly answer, and if so, output 291

an empty plan to avoid over planning. The second 292

is goal conditional atomic planning. It forces each 293

node corresponding to a single goal with a con- 294

crete deliverable, and requires dependencies to be 295

explicitly encoded, prohibiting cycles, and encour- 296

aging shallow, parallel-friendly graph structures. 297

Detailed prompt for Planning Agent is shown in 298

Appendix A.6. 299

3.2 Retrieval Agent 300

The Retrieval Agent is responsible for providing 301

precise and goal aligned repository-level evidence 302

for downstream analysis. Before performing re- 303

trieval, the Retrieval Agent first checks whether a 304
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knowledge base has been constructed for the target305

repository. If not, an offline knowledge base prepa-306

ration process is automatically triggered before the307

retrieval begins.308

3.2.1 Semantic Knowledge Base Preparation309

To align the representation spaces of natural lan-310

guage and code, we construct a knowledge base by311

summarizing function- and class-level code units312

and encoding the summaries into vector representa-313

tions. Specifically, we first perform unified parsing314

of files in the repository using Tree-sitter (Tree-315

sitter Contributors, 2024), and treat extracted func-316

tions and classes as the basic code units.317

Each code unit is represented as318

ci = (metai, codei, desci, locatei), (5)319

where metai denotes metadata such as the unit320

name, file path, source-span coordinates, and pro-321

gramming language; codei contains the raw source322

code of the function or class; desci includes asso-323

ciated descriptive information, such as docstrings324

and parameter specifications; locatei records the325

precise location of the code unit, including the file326

path and the corresponding line number span.327

After obtaining the units, we further construct328

a high-level semantic summary for each ci and329

obtain its vector representation via an embedding330

model. Specifically, we input the meta information,331

code snippets, and descriptive information into a332

summarization model, and then send the resulting333

summary to an embedding:334

si = LLM_summary(metai, codei, desci), (6)335

ei = Embed(si). (7)336

The embedding ei, the metai and the locatei to-337

gether form a fine-grained semantic representation338

of the repository.339

In addition, we store repository-level struc-340

tural information in the knowledge base, includ-341

ing the directory tree of folders and files, as well342

as repository-level global context consisting of343

README files.344

3.2.2 Goal-oriented Retrieval345

HiFiRepoQA first constructs a set of specialized346

retrieval tools to support different retrieval needs.347

These retrieval tools are designed to cover comple-348

mentary levels of repository understanding, ranging349

from global structure to fine-grained semantic ev-350

idence. Specifically, directory-level and file-level351

tools provide coarse-grained structural and contex- 352

tual views of the repository, while keyword-based 353

and embedding-based retrieval support precise lo- 354

calization and semantic matching of relevant code 355

units. Concretely, these tools include: 356

Directory Structure Extraction, extracting the 357

repository’s directory hierarchy to expose its global 358

organization; 359

File Level Reading, reading code by file path to 360

obtain full context; 361

Keyword Searching, locating functions, classes, 362

or variables via exact keyword matching; 363

Embedding Semantic Retrieval, retrieving re- 364

lated implementations using function- or class- 365

level semantic vectors. 366

For a retrieval node vi, the Retrieval Agent oper- 367

ates on a localized context consisting of the node 368

goal γ(v), the associated goal-conditioned subset 369

of heterogeneous question components I(v) as- 370

signed by the Planning Agent, and the outputs from 371

preceding agents Opred(v). 372

Based on the information it performs a multi- 373

round, tool-augmented retrieval process that itera- 374

tively gathers sufficient repository evidence to ful- 375

fill the node’s goal. Multi-round retrieval refers to 376

an iterative retrieval-verification process. In each 377

round, the agent performs a lightweight coverage 378

check over the retrieved evidence to assess whether 379

it sufficiently supports the fulfillment of the current 380

goal. If not, the agent resets the retrieval tools and 381

the retrieval focus to initiate another retrieval round. 382

This process continues until the accumulated evi- 383

dence satisfies the node goal or a predefined maxi- 384

mum number of retrieval rounds is reached. 385

For the candidate code snippets retrieved through 386

the Embedding Semantic Retrieval tool, we further 387

introduce a re-ranking stage with a cross-encoder 388

embedding model (Wang et al., 2021). This two- 389

stage retrieval pipeline enables HiFiRepoQA to fil- 390

ter out noisy candidates and prioritize evidence that 391

is most relevant to the node’s goal. 392

3.3 Analysis Agent 393

The Analysis Agent conducts goal-driven analysis 394

over the repository-level evidence available at the 395

current node. 396

The Analysis Agent first assesses the relevance 397

of the evidence with respect to the goal of the cur- 398

rent node γ(v). Specifically, it evaluates whether 399

the evidence explicitly refers to goal-related iden- 400

tifiers (e.g., function or class names), or whether 401

the functionality or behavioral semantics implied 402
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by the evidence align with the intent expressed by403

the current goal. Evidence deemed irrelevant to404

γ(v) is discarded to prevent noise accumulation405

and spurious correlations.406

The agent further consolidates the analysis re-407

sults and associated evidence into a structured in-408

termediate output, which encodes the local conclu-409

sions and an evidence list inherited from the O(vi)410

when available. This output can be directly con-411

sumed by subsequent nodes in the DAG or used as412

input to the final answer generation stage when the413

current node has no successors.414

3.4 Synthesis Agent415

The Synthesis Agent aims to generate the final an-416

swer by integrating all related evidence and inter-417

mediate conclusions provided by the retrieval and418

analysis agents.419

Specifically, the Synthesis Agent is activated af-420

ter all agents at the terminal nodes of the DAG have421

completed their processing. These terminal nodes422

correspond to Retrieval or Analysis Agents that423

have no successors in DAG, and thus represent the424

final reasoning states associated with their respec-425

tive sub-problems. Upon activation, the Synthesis426

Agent aggregates the structured outputs produced427

by these agents and jointly considers them with428

the original question and repository-level structural429

information from the knowledge base, including430

directory hierarchies and global context consist-431

ing of README files. Based on this consolidated432

representation, the agent evaluates whether the col-433

lected evidence and intermediate conclusions are434

sufficient to support a final answer.435

If not, the agent will actively trigger a new436

Retrieval-Analysis round. It traces these deficien-437

cies back to the corresponding sub-problems or438

repository regions that remain under-explored or439

weakly justified, and selectively triggers an addi-440

tional round. In this round, retrieval and analysis441

are guided by the missing or weakly supported in-442

formation identified during verification, forming a443

controlled closed-loop refinement process.444

4 Experiment Design445

To comprehensively evaluate the performance of446

HiFiRepoQA, we propose the following three re-447

search questions (RQs):448

RQ1 (Effectiveness and Efficiency) How ef-449

fective and efficient is HiFiRepoQA in answering450

repository-level code questions?451

RQ2 (Ablation Study) How does each compo- 452

nent of HiFiRepoQA contribute to its overall perfor- 453

mance? 454

RQ3 (Usefulness Evaluation) How effective 455

is HiFiRepoQA in real-world settings as judged by 456

human evaluation and user feedback? 457

HiFiRepoQA Bench. To address the absence of 458

a high-quality benchmark for realistic repository- 459

level Q&A as discussed in Section 2, we construct 460

a new benchmark HiFiRepoQA Bench consisting 461

of 526 repository-level Q&A pairs collected from 462

70 actively maintained open-source GitHub reposi- 463

tories. The dataset covers ten mainstream program- 464

ming languages, including Python, Java, C, C++, 465

JavaScript, TypeScript, Go, C#, Rust, and PHP. 466

The detailed data collection and curation process is 467

described in Appendix A.1. 468

Baselines. To evaluate the effectiveness of 469

HiFiRepoQA, we compare it with representative 470

baselines spanning direct inference, retrieval- 471

augmented methods, prompting-based reasoning, 472

and commercial programming assistants. Specifi- 473

cally, we include Vanilla LLM, which prompts a 474

LLM to answer questions without external support; 475

RAG (Lewis et al., 2020), which retrieves rele- 476

vant code or documentation as additional context; 477

Sliding-Window RAG (SW-RAG) (Gao et al., 478

2023), which further enhances retrieval by travers- 479

ing repository files with overlapping windows to 480

capture local and cross-file context; and Chain-of- 481

Thought (CoT) (Wei et al., 2022), which guides 482

explicit step-by-step reasoning via prompting. In 483

addition, we adopt Cline (Cline, 2025)1 and Cur- 484

sor (Cursor, 2025)2, which are mature commercial 485

AI-assisted programming systems that have been 486

widely adopted in real-world software development 487

and have millions of active users. Note that Cursor 488

does not support customized LLM APIs and the 489

evaluation is only conducted in terms of its original 490

LLM (Claude-4.5-Sonnet). 491

Evaluation Metrics. Following existing stud- 492

ies (Strich et al., 2024)(Peng et al., 2025), we 493

adopt LLM-as-Judge, using GPT-4o-mini (OpenAI, 494

2024) as the judging model, to score each answer 495

along five dimensions: Correctness (Cor.), Com- 496

pleteness (Com.), Relevance (Rel.), Clarity (Cla.), 497

and Reasoning quality (Rea.). We further report the 498

average score (Avg.) across these five dimensions 499

11.6M active users and 56.6k GitHub stars as of Jan-
uary 2026. https://cline.bot/enterprise.

264% of Fortune 500 companies have adopted Cursor as
of January 2026. https://cursor.com/enterprise.
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to provide an overall assessment.500

We additionally design a Rubric-based Answer501

Correctness (RAC) metric to more accurately mea-502

sure the correctness of generated answers. RAC503

conducts fine-grained evaluation of answers by504

checking whether predicted answers meet the scor-505

ing rules extracted from correct answers. Details506

are shown in Appendix A.2.507

All experiments are conducted under identical508

experimental settings across different backbone509

LLMs to ensure fair and comparable results. De-510

tailed experimental configurations are provided in511

Appendix A.3.512

5 Results and Analysis513

5.1 Effectiveness and Efficiency (RQ1)514

Tables 2–4 summarize the performance of515

HiFiRepoQA and baseline methods across three516

backbone LLMs. Results on additional backbone517

models exhibit consistent trends and are provided518

in Appendix A.5. Overall, HiFiRepoQA consis-519

tently achieves the best performance on both LLM-520

as-Judge metrics and RAC, demonstrating strong521

effectiveness and robustness for repository-level522

question answering.523

Compared with vanilla LLMs, prompt-based rea-524

soning (CoT), and retrieval-based baselines (RAG525

and SW-RAG), HiFiRepoQA consistently achieves526

substantial performance gains across all backbone527

models. It improves the average LLM-as-Judge528

score by 8%-15%, while yielding substantially529

larger improvements on RAC, ranging from 28%530

to 67%.531

Even when compared with mature commer-532

cial AI-assisted programming systems such as533

Cline and Cursor, HiFiRepoQA remains competi-534

tive across most settings. While the margins on the535

averaged LLM-as-Judge scores are relatively small,536

ranging from 1% to 4%, HiFiRepoQA consistently537

achieves higher RAC scores, ranging from 2% to538

10%, indicating more accurate answers with fewer539

hallucinations. This highlights that HiFiRepoQA’s540

design is better aligned with repository-level Q&A,541

rather than general-purpose code interaction.542

We compare representative methods under the543

same backbone model (Claude-4.5-Sonnet) and544

report the average time per question in Table 5.545

While HiFiRepoQA introduces additional infer-546

ence cost due to explicit question decomposition547

and node-level retrieval and verification, its in-548

ference time (103.9s) remains within a practical549

Method LLM-as-Judge Metrics RAC
Cor. Com. Rel. Cla. Rea. Avg.

Vanilla 7.41 7.36 9.35 8.16 7.52 7.96 4.95
↑∆ Ours 21% 25% 3% 7% 21% 15% 50%
CoT 7.48 7.51 9.28 8.34 7.78 8.08 5.32
↑∆ Ours 20% 22% 4% 4% 17% 13% 40%
RAG 7.88 8.05 8.92 8.21 7.91 8.19 5.58
↑∆ Ours 14% 14% 8% 6% 15% 11% 33%
SW-RAG 8.03 8.23 9.36 8.35 8.12 8.42 5.75
↑∆ Ours 12% 11% 3% 4% 12% 8% 29%
Cline 8.55 8.62 9.58 8.60 8.71 8.81 6.85
↑∆ Ours 5% 6% 1% 1% 4% 4% 9%
HiFiRepoQA 8.98 9.17 9.66 8.71 9.09 9.12 7.44

Table 2: Comparative performance of HiFiRepoQA and
baselines on GPT-4o. (RQ1)

Method LLM-as-Judge Metrics RAC
Cor. Com. Rel. Cla. Rea. Avg.

Vanilla 7.50 7.12 9.46 7.93 7.51 7.90 4.09
↑∆ Ours 12% 19% 3% 3% 18% 10% 67%
CoT 7.54 7.19 9.42 7.98 7.60 7.95 4.55
↑∆ Ours 11% 18% 4% 2% 16% 10% 50%
RAG 7.66 7.25 8.76 7.69 7.62 7.80 5.05
↑∆ Ours 10% 17% 11% 6% 16% 12% 35%
SW-RAG 7.76 7.39 8.93 7.97 7.69 7.95 5.11
↑∆ Ours 8% 14% 9% 2% 15% 10% 34%
Cline 8.18 8.02 9.37 8.02 8.35 8.39 6.21
↑∆ Ours 3% 5% 4% 1% 6% 4% 10%
HiFiRepoQA 8.40 8.45 9.75 8.13 8.83 8.71 6.84

Table 3: Comparative performance of HiFiRepoQA and
baselines on Qwen3-32B. (RQ1)

range for repository-level Q&A. This overhead 550

primarily stems from multi-agent coordination in- 551

volving multiple LLM invocations and retrieval 552

steps to progressively identify goal-relevant repos- 553

itory evidence. The embedding construction in 554

HiFiRepoQA is a one-time offline cost amortized 555

over multiple queries, whereas commercial systems 556

such as Cline and Cursor can also have such repos- 557

itory processing costs. Moreover, strategies such 558

as parallel execution of independent DAG nodes or 559

early stopping when sufficient evidence is obtained 560

can further reduce the time. Overall, HiFiRepoQA 561

achieves a reasonable balance between effective- 562

ness and efficiency. 563

5.2 Ablation Study (RQ2) 564

Table 6 reports the ablation results of HiFiRepoQA, 565

evaluating the contribution of its major compo- 566

nents. Overall, both structured planning and re- 567

trieval contribute substantially to the final perfor- 568

7



Method LLM-as-Judge Metrics RAC
Cor. Com. Rel. Cla. Rea. Avg.

Vanilla 7.60 7.55 9.12 8.15 7.80 8.04 5.76
↑∆ Ours 20% 26% 5% 9% 18% 15% 36%
CoT 7.62 7.68 9.07 8.25 7.98 8.12 6.05
↑∆ Ours 20% 23% 6% 8% 15% 14% 29%
RAG 8.05 8.10 8.85 8.20 8.15 8.27 6.13
↑∆ Ours 14% 17% 9% 8% 13% 12% 28%
SW-RAG 8.11 8.18 9.27 8.36 8.22 8.43 6.09
↑∆ Ours 13% 16% 4% 6% 12% 10% 28%
Cline 8.65 8.73 9.79 8.84 8.81 8.96 7.35
↑∆ Ours 6% 9% -2% 1% 5% 3% 6%
Cursor 9.09 9.26 9.63 8.74 9.17 9.18 7.65
↑∆ Ours 1% 2% -0.1% 2% 0.4% 1% 2%
HiFiRepoQA 9.14 9.48 9.62 8.89 9.21 9.27 7.82

Table 4: Comparative performance of HiFiRepoQA and
baselines on Claude-4.5-Sonnet. (RQ1)

Method Avg. Time

Vanilla LLM 8.4s
CoT 17.8s
RAG 9.4s
SW_RAG 9.8s
Cline 64.1s
Cursor‡ 59.3s

HiFiRepoQA (Summarize&Embedding) 2m 46s
HiFiRepoQA (Inference) 103.9s

Table 5: Comparative time cost using Claude-4.5-
Sonnet on HiFiRepoQA and baselines (RQ1). ‡Cursor
does not support customizable APIs (although it claims
using Claude-4.5-Sonnet); its latency may differ from
other methods.

mance. Specifically, replacing the DAG-based plan-569

ner with linear planning results in a substantial per-570

formance decline (11% RAC reduction), suggest-571

ing that explicitly modeling subtask dependencies572

is critical for structured repository-level reasoning.573

5.3 Usefulness Evaluation (RQ3)574

We evaluate the practical usefulness of575

HiFiRepoQA in real-world open-source sce-576

narios. We collect 41 unanswered GitHub577

questions from 7 active repositories and use578

HiFiRepoQA to generate complete answers. A579

human evaluation is first conducted to assess the580

quality of the generated responses in terms of581

correctness, informativeness, and fluency on a582

5-point Likert scale. On average, HiFiRepoQA583

achieves scores of 4.27, 4.69, and 4.82 on these584

three dimensions respectively, indicating that the585

generated answers are accurate, informative, and586

well-written.587

Module LLM-as-Judge Metrics RAC
Cor. Com. Rel. Cla. Rea. Avg.

Ours 8.98 9.17 9.66 8.71 9.09 9.12 7.44

w/o Planning 8.15 8.06 9.31 8.44 7.98 8.38 5.85
w/o DAG 8.42 8.62 9.39 8.58 8.66 8.73 6.63
w/o Retrieval 7.57 7.58 9.33 8.26 7.84 8.11 5.36
w/o S-Retrieval† 8.29 8.55 9.38 8.54 8.61 8.67 6.22
† S-Retrieval denotes the embedding-based semantic retrieval
tool within the retrieval agent.

.

Table 6: Contribution of different modules. (RQ2)

Repository IDs

numpy/numPy #28950
PaddlePaddle/Paddle #76327

PaddlePaddle/PaddleOCR #17150, #17176, #17275,
#17276, #17377

collabora/WhisperLive #406
open-compass/VLMEvalKit #1367

Table 7: Information of resolved questions. (RQ3)

To further assess real-world acceptability, we 588

submit manually verified answers generated 589

by HiFiRepoQA using neutral accounts with 590

anonymized usernames. This evaluation protocol 591

allows us to assess the practical acceptability of 592

the generated answers while avoiding disruption 593

to the open-source community. Among all submit- 594

ted answers, 9 questions receive positive feedback 595

or are marked as closed due to our response, as 596

summarized in Table 7. These results demonstrate 597

that HiFiRepoQA can provide practically useful an- 598

swers that are accepted by real users in real-world 599

open-source development environments. 600

Detailed data collection procedures and evalua- 601

tion protocols are provided in Appendix A.4. 602

6 Conclusion 603

Repository-level question answering is essential, 604

yet remains a significant challenge due to the scale 605

of modern codebases, the heterogeneity of infor- 606

mation sources, and the partially ordered nature 607

of repository knowledge. This paper proposes 608

HiFiRepoQA, a multi-agent repository question an- 609

swering framework that explicitly models subtask 610

dependencies through DAG-based planning and 611

supports targeted retrieval and localized reasoning 612

over large repositories. Together, the proposed ap- 613

proach and the accompanying HiFiRepoQA bench 614

provide a foundation for the next generation of 615

repository Q&A systems. 616
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Limitations617

By adopting DAG-based planning and multi-role618

agent collaboration, HiFiRepoQA improves con-619

trollability and robustness for repository-level620

code question answering. However, this de-621

sign introduces additional time overhead. As622

shown in Table 5, when using Claude-4.5-Sonnet,623

HiFiRepoQA’s inference time is longer than that624

of single-model or lightweight retrieval-based ap-625

proaches. This overhead primarily arises from626

multi-agent coordination, repeated LLM invoca-627

tions, and multi-round retrieval to progressively628

narrow down and identify goal-relevant reposi-629

tory evidence. Future work may reduce latency630

through engineering strategies such as parallel ex-631

ecution, early stopping, lightweight scheduling,632

and caching mechanisms. Furthermore, deploying633

locally hosted models instead of remote closed-634

source models could further mitigate network-635

related delays.636

In addition, HiFiRepoQA Bench emphasizes637

question authenticity, answer verifiability, and strict638

filtering during its construction, resulting in a rela-639

tively conservative dataset scale. While this design640

improves evaluation stability and the reliability of641

experimental conclusions, future work may further642

extend the benchmark to larger-scale or more open-643

ended question collections.644
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A Appendix 800

A.1 Details of Dataset Contribution 801

During the construction of the HiFiRepoQA Bench 802

We select a total of 70 open-source repositories 803

from GitHub, covering ten mainstream program- 804

ming languages: Python, Java, C, JavaScript, Type- 805

Script, Go, C++, C#, Rust and PHP. To guarantee 806

the quality of the benchmark, we retain reposito- 807

ries with at least 500 stars and with the most recent 808

commit later than July 2024, confirming they are 809

still under active maintenance. At the same time, 810

to ensure the legality and compliance of data, the 811

repositories need to adopt loose open source li- 812

censes such as MIT, Apache-2.0, Unlicensed, or 813

Creative Commons. 814

After repository selection, we automatically 815

crawl real-world data from each repository, re- 816

stricting our collection to entries created after Jan- 817

uary 1, 2025. To ensure overall data quality, we 818

further apply a strict multi-stage filtering proce- 819

dure. 820

We leverage metadata (e.g., tags and labels) to 821

exclude candidate data items primarily related to 822

feature requests or bug fixing. For cases whose 823

type cannot be reliably determined from tags alone, 824

we employ GPT-4o (Hurst et al., 2024) to classify 825

whether a candidate data item represents a genuine 826

user question, rather than a bug report or a feature 827

request. 828

To ensure the overall quality of the benchmark, 829

we retain only questions that have a clear and veri- 830

fiable answer. 831
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Figure 3: The Language Distribution of
HiFiRepoQA Bench

Specifically, we first use GPT-4o-mini(OpenAI,832

2024) to automatically determine whether there is833

a clear and verifiable answer. If it exists,the model834

extracts the recognized correct answer. We further835

conduct manual verification on a randomly sam-836

pled 20% of the retained questions, and observe837

high agreement with the automatic filtering results.838

The language distribution of the benchmark is il-839

lustrated in Figure 3.840

A.2 Details of Rubric-based Answer841

Correctness (RAC)842

This appendix provides the detailed design of the843

Rubric-based Answer Correctness (RAC) metric.844

During the offline stage, for each question, we845

use gpt-4o-mini (OpenAI, 2024) to automatically846

construct corresponding scoring rules. During847

dataset construction, we ensure that each question848

is associated with a clear and verifiable answer.849

Here we use gpt-4o-mini to break the reference850

answer into a set of atomized scoring points.851

Formally, we denote the rubric as852

R = {r1, r2, . . . , rk}, (8)853

where each ri represents an atomic scoring point.854

Each scoring point ri belongs only to one of the855

following two categories: MUST-HAVE, used to856

characterize the key information that must be met857

for predicting answers; MUST NOT HAVE, used858

to characterize the constraints that predicted an-859

swers must not violate. To reflect their relative860

importance, each scoring point ri is assigned a861

discrete weight wi ∈ {1, 2, 3}, corresponding to862

its importance in correctly answering the question.863

Each question typically contains 3-8 scoring points,864

all of which are designed to be single, verifiable,865

and have minimal ambiguity, ensuring consistency866

and stability in the evaluation results when facing867

semantically equivalent but differently expressed 868

correct answers. 869

In the online evaluation stage, we use 870

gpt-4o-mini to check whether the predicted an- 871

swers meet the above scoring criteria one by one, 872

and calculate the final score based on this. Specifi- 873

cally, the scoring of RAC is defined as follows: 874

Score = 10×
∑

iwi si∑
iwi

, (9) 875

where wi ∈ {1, 2, 3} denotes the importance 876

weight of the i-th scoring point, and si ∈ {0, 1} in- 877

dicates whether the predicted answer satisfies that 878

scoring point. The final score is normalized to the 879

range [0, 10]. 880

A.3 Experimental Settings. 881

In the retrieval stage, we use Qwen3-Embedding- 882

8B (Zhang et al., 2025) as the text embedding 883

model to encode and perform similarity retrieval 884

on repository related texts; On this basis, Qwen3- 885

Reranker-8B is used to rerank the candidate results 886

to improve the relevance and ranking quality of the 887

retrieval results. 888

In the inference stage, we evaluate HiFiRepoQA 889

on various mainstream LLMs to test its ap- 890

plicability and stability under different model 891

sizes and architectures. Specifically, the exper- 892

iment covers Qwen3-32B (Yang et al., 2025a), 893

Claude-4.5-Sonnet (Anthropic, 2025), DeepSeek- 894

R1 (DeepSeek-AI, 2025), GPT-OSS-20B (Agarwal 895

et al., 2025), and GPT-4o (Hurst et al., 2024). To 896

reduce the impact of randomness and ensure repro- 897

ducibility, the generation temperature is fixed to 0. 898

Except for the differences in the models themselves, 899

all other experimental settings are kept consistent 900

to ensure fair and comparable results. 901

A.4 Details of Usefulness Evaluation (RQ3) 902

A.4.1 Data Collection 903

We collect unanswered GitHub Questions from 904

7 active repositories, including NumPy, Paddle, 905

WhisperLive, PaddleOCR, VLMEvalKit, PaddleX, 906

and trae-agent. The selected posts were created 907

between March 23, 2025 and December 19, 2025. 908

After filtering out duplicated, ill-formed, or already 909

resolved posts, we obtain a total of 41 unanswered 910

questions. 911

A.4.2 Human Evaluation Protocol 912

We conduct a human evaluation along three dimen- 913

sions: correctness, informativeness, and fluency, 914
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each rated on a 5-point Likert scale. Correctness915

measures factual accuracy and the absence of hal-916

lucinations; Informativeness evaluates whether the917

answer provides sufficient information to address918

the question; Fluency assesses clarity and readabil-919

ity.920

To reduce subjective bias, we design three iden-921

tical questionnaires for each Q&A pair, ensuring922

that each pair is independently evaluated by three923

different participants. Each questionnaire consists924

of four parts:925

(1) Question description;926

(2) The answer generated by HiFiRepoQA;927

(3) Relevant repository content to assist partici-928

pants in understanding the question;929

(4) Descriptions of the three evaluation dimen-930

sions, based on which participants rate the Q&A931

pair. We recruit five experts with over five years932

of software development experience as evaluators,933

none of whom are the authors of this paper. Before934

the formal evaluation, the evaluators are provided935

with task instructions and example questionnaires936

to ensure a clear understanding of the evaluation937

procedure and scoring criteria. Ultimately, each938

question is scored by three evaluators, and the fi-939

nal result is obtained by averaging score of each940

dimension.941

A.4.3 GitHub Submission Protocol942

To avoid disrupting the open-source community,943

we only submit answers that are manually veri-944

fied to be correct and helpful. All answers are945

posted using newly registered neutral accounts with946

anonymized usernames. If a question receives posi-947

tive feedback from the question asker or repository948

maintainers, or is marked as closed or resolved after949

our response, we consider it successfully resolved.950

A.5 RQ1 results on Additional Backbone951

Models952

This appendix reports the complete RQ1 results on953

additional backbone models. All settings, evalua-954

tion metrics, and compared methods are identical955

to those in the main paper. The results in Table 8-956

9 exhibit consistent relative performance trends957

across different backbones, supporting the same958

conclusions as those reported in Section 5.1.959

Method LLM-as-Judge Metrics RAC
Cor. Com. Rel. Cla. Rea. Avg.

Vanilla 7.74 7.96 9.01 8.12 7.94 8.15 5.17
↑∆ Ours 13% 10% 9% 5% 13% 10% 38%
CoT 7.79 8.04 8.95 8.18 8.08 8.21 5.58
↑∆ Ours 13% 9% 10% 5% 11% 9% 28%
RAG 8.23 8.15 8.89 8.13 8.26 8.33 5.85
↑∆ Ours 7% 7% 10% 5% 9% 8% 22%
SW-RAG 8.35 8.24 9.05 8.28 8.34 8.45 5.92
↑∆ Ours 5% 6% 9% 3% 8% 6% 20%
Cline 8.52 8.48 9.60 8.36 8.65 8.72 6.55
↑∆ Ours 3% 3% 2% 2% 4% 3% 9%
HiFiRepoQA 8.78 8.75 9.82 8.55 8.98 8.98 7.12

Table 8: Comparative performance of HiFiRepoQA and
baselines on DeepSeek-R1. (RQ1)

Method LLM-as-Judge Metrics RAC
Cor. Com. Rel. Cla. Rea. Avg.

Vanilla 7.46 7.19 9.19 7.83 7.41 7.82 5.05
↑∆ Ours 15% 18% 6% 6% 19% 12% 38%
CoT 7.52 7.26 9.17 7.88 7.53 7.87 5.36
↑∆ Ours 14% 17% 7% 5% 17% 12% 30%
RAG 7.75 7.36 9.23 7.93 7.58 7.97 5.63
↑∆ Ours 10% 16% 6% 5% 16% 10% 24%
SW-RAG 8.18 8.02 9.37 8.02 8.35 8.39 6.21
↑∆ Ours 5% 6% 4% 4% 5% 5% 12%
Cline 8.29 8.31 9.52 8.18 8.33 8.53 6.32
↑∆ Ours 3% 3% 3% 2% 6% 3% 10%
HiFiRepoQA 8.55 8.52 9.77 8.31 8.79 8.79 6.96

Table 9: Comparative performance of HiFiRepoQA and
baselines on GPT-OSS-20B. (RQ1)

A.6 Prompt of Planning Agent 960

961

You are an expert in Code Repo QA. Below
is a question from the {repo} repository. You
need to determine if you can answer it directly.
If you need additional information, please cre-
ate a plan to acquire it. If you can answer
the question directly, just give an empty plan
array. Based on the GitHub question below,
plan a short Directed Acyclic Graph (DAG) of
subtasks (Keep the number of steps as few as
necessary.).
## Question Title: {title}
## Question Description: {body}
Typed Question Inputs (heterogeneous model-
ing, pre-planning):
{typed_inputs}
The question contains heterogeneous informa-
tion sources:

962
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• q_text: Natural language descriptions (ti-
tle, body, comments)

• q_code: Code snippets provided in the
question

• q_output: Runtime outputs from success-
ful executions

• q_error: Error messages or exception
traces from failed executions

Repository Tree and Knowledge Base Context:
{kb_context}
Documentation (Markdown) Snippets:
{md_context}
Requirements:

• Output a DAG of steps with explicit de-
pendencies where applicable.

• Each step must be atomic and outcome-
oriented.

• Each step must include: id, type, ti-
tle, goal, input_types, and optional de-
pends_on.

• type must be either “Retrieval” (for repos-
itory information acquisition) or “Analy-
sis” (for localized semantic reasoning).

• input_types is a required array drawn
from [“q_text”, “q_code”, “q_output”,
“q_error”] indicating which heteroge-
neous information sources from the ques-
tion this step should receive. Only assign
relevant information types to each step
(e.g., error diagnosis steps should include
q_error, semantic understanding steps pri-
marily use q_text and q_code).

• depends_on is an array of step ids this
step depends on; omit or [] if none.

• Avoid cycles; prefer shallow depth and
parallelizable branches when possible.

• You can only READ repository content;
do NOT write/modify files.

Return JSON array:
{“id”: “step-1”, “type”: “Retrieval”, “goal”:
“Identify candidate files”, “input_types”:
[“q_text”], “depends_on”: []},

963

{“id”: “step-2”, “type”: “Retrieval”, “goal”:
“Collect semantic matches”, “input_types”:
[“q_text”], “depends_on”: [“step-1”]},
{“id”: “step-3”, “type”: “Retrieval”, “goal”:
“Find exact references”, “input_types”:
[“q_code”], “depends_on”: [“step-1”]},
{“id”: “step-4”, “type”: “Analysis”, “goal”:
“Diagnose root cause”, “input_types”:
[“q_error”, “q_code”], “depends_on”:
[“step-2”, “step-3”]}

964

A.7 Prompt of Retrieval Agent 965

You are a repo Q&A retrieval agent. Decide
what to retrieve for the current step.
Current Step:

• Title: {step_title}

• Goal: {step_goal}

• Assigned Input Types: {input_types_str}

## Question Title: {title}
## Question Description: {body}
## Typed Question Inputs (assigned):
{typed_inputs}
Prior Context (JSON): {prev_ctx}
Return JSON ONLY with the following fields:
{
“previous_useful_info”: “previous useful info”,
“needs_embedding_search”: true,
“embedding_search_terms”: [“term1”,
“term2”],
“needs_keyword_search”: false,
“keyword_search_terms”: [“term1”, “term2”],
“needs_file_analysis”: true,
“target_files”: [“path/a”, “path/b”],
“reasoning”: “why these searches/files”,
“step_title”: “{step_title}”,
“step_goal”: “{step_goal}”
}

966

A.8 Prompt of Analysis Agent 967

You are a repo Q&A analysis agent. Using
the current step, question, prior context and the
retrieved snippets, draft a concise intermediate
answer.
## Current Step: {step_title} → {step_goal}
## Question Title: {title}
## Question Description: {body}

968
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## Prior Context: {prev_ctx}
## Retrieved Snippets: {evid_snips}

Before answering, assess whether each re-
trieved snippet is relevant to the goal of the
current step, either by explicitly referencing
goal-related identifiers (e.g., function or class
names), or by describing behavior or semantics
that align with the intent of the goal. If a snippet
is not relevant, do not rely on it and instead rea-
son based on your own understanding, without
being distracted by irrelevant information.

Return JSON:
{ “previous_useful_info”: “previous useful
info”,
“answer”: “short answer”,
“reasoning”: [“step1”, “step2”],
“evidence”: [{“file”: “path”, “snippet”: “...”,
“type”: “code|doc|file”}]}

969

A.9 Prompt of Synthesis Agent970

A.9.1 Evidence Verification971

You are an expert software engineer and open-
source maintainer.
Your task is to determine whether the currently
collected context is sufficient to produce a reli-
able final answer to the GitHub question.
## Repository Name
{repo}
## Question Details
Title: {title}
Description: {body}
## Repository Structure
Directory tree and global documentation (e.g.,
README):
{repo_structure}
## Context
{context}
## Task
Based on the question, the context, and repos-
itory structure, decide whether the context is
sufficient to support a final answer.
## Output Format
Return only the following JSON:
{ “whether_sufficient”: “True | False”,
“goal”: “”
}
Rules:

• If “whether_sufficient” is “True”, leave
“goal” empty.

972

• If “whether_sufficient” is “False”, “goal”
must briefly state the parts of the current
question that remain unresolved.

973

A.9.2 Final Answer Generation 974

You are an expert software engineer and open-
source maintainer. Your task is to carefully ana-
lyze a GitHub question and provide a compre-
hensive and well-reasoned answer.
## Repository Name
{repo}
## Question Details
Title: {title}
Description: {body}
## Additional Context
Below is optional background information from
the repository (may include code snippets, doc-
umentation, or config files). Use it only if rele-
vant to your reasoning:
{context}
### Your Task

1. Read and understand the question care-
fully.

2. Use the provided context to support your
reasoning (only if relevant). If none is rel-
evant, use your own knowledge to answer
the question.

3. Produce a clear, technically accurate,
and actionable answer to help the ques-
tion author.

4. Support your answer with evidence (code
or documentation snippets).

5. Explain your reasoning logically.

### Output Format
Return your response only in the following
JSON structure (no extra commentary):
{
“answer”: “Your complete and detailed solution
or explanation.”,
“evidence”: [
{
“file”: “path/to/file”,
“snippet”: “relevant code or doc excerpt”,
“type”: “code | doc | config”
}
],
“reasoning”: “Step-by-step reasoning that led to

975
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your conclusion.”
}
### Quality Requirements

• Be accurate, concise, and technically
grounded.

• Use evidence from the repo context when
possible.

976

A.10 Use of AI Assistants977

AI-assisted tools were used in a limited manner to978

help improve grammatical correctness and writing979

clarity. The authors are fully responsible for the980

content of the paper, including all ideas, methods,981

experiments, and conclusions.982
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