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Abstract001

Recent advances in Large Language Models002
(LLMs) have enabled the shift from coding003
assistants to autonomous software engineers.004
However, high-fidelity document-to-codebase005
synthesis—such as reproducing scientific pa-006
pers—remains challenging due to the funda-007
mental conflict between information overload008
and the finite context constraints of LLMs. In009
this work, we introduce DeepCode, a fully au-010
tonomous framework that addresses this chal-011
lenge through principled information-flow man-012
agement. By treating repository synthesis as013
a channel optimization problem, DeepCode014
maximizes task-relevant signals under strict015
context budgets via four orchestrated opera-016
tions: source compression via blueprint distilla-017
tion, structured indexing using stateful memory,018
conditional knowledge injection via retrieval-019
augmented generation, and closed-loop error020
correction. Extensive evaluations on Paper-021
Bench demonstrate that DeepCode achieves022
state-of-the-art performance, decisively outper-023
forming leading commercial agents and, no-024
tably, surpassing PhD-level human experts on025
key reproduction metrics. Our source code026
is available at: https://anonymous.4open.027
science/r/DeepCode-C464.028

1 Introduction029

The rapid evolution of Large Language Mod-030

els (LLMs) has initiated a profound shift in031

how software is specified, implemented, and032

maintained (Jiang et al., 2024; Ge et al., 2025).033

AI-assisted coding tools such as Cursor and034

Codex have already transformed everyday devel-035

opment practice by automating routine implemen-036

tation tasks and offering intelligent inline sugges-037

tions (Peng et al., 2023; Dong et al., 2025). Yet038

these systems remain fundamentally assistive: they039

operate at the level of code completion, assuming040

that a human engineer still performs the higher-041

level tasks of understanding specifications, plan-042

Figure 1: DeepCode achieves superior performance on
PaperBench, outperforming PhD-level human experts
(Left) and leading commercial agents such as Cursor
and Claude Code (Right) across different subsets.

ning system architecture, and validating behav- 043

ior. Recent advances in agentic LLM frameworks 044

point toward a more ambitious paradigm—what 045

we term agentic software engineering—in which 046

LLM-based agents are expected to plan, orches- 047

trate, and refine entire software projects from high- 048

level natural language or document-level specifica- 049

tions (Wang et al., 2025a; Tang et al., 2025). In this 050

emerging regime, programming shifts from writ- 051

ing code to writing specifications, and the central 052

question becomes: can an artificial coding agent 053

behave as an autonomous engineer that translates 054

rich, informal specifications into comprehensive, 055

robust systems? 056

A natural and stringent testbed for this paradigm 057

is high-fidelity, document-grounded program syn- 058

thesis, where a complex scientific paper serves as 059

the sole specification and the goal is to produce 060

a fully executable implementation that faithfully 061

reflects it. Such papers are detailed multimodal 062

specifications, combining informal exposition with 063

equations, pseudo-code, and scattered hyperparam- 064

eters. In this work, we tackle the highly chal- 065

lenging task of reproducing machine learning pa- 066

pers as complete code repositories. Recent efforts 067

have explored this via LLM-based agents. Paper- 068
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Bench evaluates frontier models on 20 ICML pa-069

pers, finding the strongest model (o1) with Itera-070

tiveAgent achieves only 42.4% replication score,071

far below 72.4% for human experts (Starace et al.,072

2025). PaperCoder employs a multi-agent pipeline073

spanning planning, analysis, and generation, reach-074

ing 51.14% reproduction rate on PaperBench (Seo075

et al., 2025). These modest results reveal that cur-076

rent approaches fall well short of reliable, end-to-077

end replication. We identify four key challenges078

that underlie this gap:079

(i) Specification Preservation. Papers describe080

the target system through scattered, multimodal081

constraints. Preserving a faithful mapping from082

this fragmented specification to implementation is083

inherently difficult. (ii) Global Consistency under084

Partial Views. Repositories comprise interdepen-085

dent modules, but generation proceeds file-by-file086

under limited context. Maintaining consistency087

across interfaces, types, and invariants under fi-088

nite context windows easily leads to broken ab-089

stractions. (iii) Completion of Underspecified090

Designs. Papers specify only algorithmic cores,091

leaving implementation details and experimental092

frameworks implicit. Inferring these consequen-093

tial but underspecified choices is non-trivial. (iv)094

Executable Faithfulness. Faithful reproduction re-095

quires executable systems, not just plausible code.096

Long-horizon generation often yields repositories097

with subtle logic bugs, dependency conflicts, and098

fragile pipelines that prevent end-to-end execution.099

We argue that fundamentally addressing these100

challenges requires principled information-flow101

management. We abstract the synthesis process102

as the transmission of a high-entropy specifica-103

tion—the scientific paper—through a sequence of104

bandwidth-constrained channels, defined by the105

LLM’s context windows. Naive strategies that sim-106

ply concatenate raw documents with growing code107

history induce channel saturation, where redundant108

tokens mask critical algorithmic constraints, caus-109

ing the effective signal-to-noise ratio to collapse.110

Consequently, valid repository generation requires111

a paradigm shift governed by contextual informa-112

tion maximization: at each step, the system must113

actively maximize the density of task-relevant sig-114

nals while suppressing irrelevant noise.115

Motivated by this perspective, we introduce116

DeepCode, an open agentic coding framework that117

fundamentally reimagines repository-level synthe-118

sis as a problem of hierarchical information-flow119

management. Rather than treating synthesis as a120

monolithic process, DeepCode systematically ad- 121

dresses the doc-to-repos challenges by instantiating 122

the proposed paradigm through four orchestrated 123

information operations: (1) source compression, 124

which distills unstructured multi-modal specifica- 125

tions into a precise structural blueprint to maxi- 126

mize signal density; (2) structured indexing, which 127

abstracts the evolving repository state into con- 128

cise memory entries to maintain global consis- 129

tency without context saturation; (3) conditional 130

knowledge injection, which leverages retrieval- 131

augmented generation to bridge implicit specifi- 132

cation gaps with standard implementation patterns; 133

and (4) error correction, which utilizes closed-loop 134

verification to transform execution feedback into 135

corrective signals for rectifying transmission errors. 136

Our contributions are threefold: 137

• We characterize high-fidelity document-to- 138

repository synthesis through an information- 139

theoretic lens, framing the core challenge as a 140

conflict between high-entropy specifications and 141

finite context bottlenecks. We thus propose a de- 142

sign principle for agentic coding: systems must 143

explicitly structure, route, and compress informa- 144

tion to maximize task-relevant signal density. 145

• We instantiate this principle in DeepCode, an au- 146

tonomous framework orchestrating four strategic 147

operations—blueprint distillation, stateful mem- 148

ory, conditional knowledge injection, and closed- 149

loop verification—to dynamically optimize the 150

signal-to-noise ratio. This effectively resolves 151

critical failures in long-range specification preser- 152

vation, cross-file consistency and implicit knowl- 153

edge gaps in complex generation tasks. 154

• Extensive evaluations on PaperBench demon- 155

strate that DeepCode achieves state-of-the-art 156

performance, decisively outperforming leading 157

commercial agents (e.g., Cursor, Claude Code) 158

and, notably, surpassing PhD-level human ex- 159

perts in reproduction fidelity. Furthermore, our 160

results validate that hierarchical information or- 161

chestration is a more effective scaling path than 162

simply increasing context window size. 163

2 Preliminaries 164

The primary objective of this work is to develop 165

a system for high-fidelity program synthesis. We 166

formalize this as the task of learning a mapping 167

Fgen : D → P , which translates a multimodal 168

specification document D into a comprehensive, 169
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executable code repository P . This formulation en-170

compasses both scientific reproduction (where D is171

a research paper) and general software engineering172

(where D is a requirements document).173

Input Specification. The source D is modeled174

as a sequence of multimodal segments D =175

(d1, . . . , dL), comprising text, equations, pseu-176

docode, and figures. The length L typically creates177

a context-saturation challenge for standard models.178

Target Repository. We define the output reposi-179

tory as a structural tuple P = (H, C):180

• H represents the directory hierarchy, acting as181

the project’s skeleton by defining the logical or-182

ganization and file paths.183

• C = {c1, . . . , cN} denotes the set of file con-184

tents, encompassing both executable source logic185

(e.g. .py, .js) and environment configurations186

(e.g. requirements.txt, README.md).187

3 The DeepCode Framework188

We introduce DeepCode, a framework designed to189

solve repository-level synthesis through principled190

information-flow management. To maximize the191

effective signal-to-noise ratio within finite context192

windows, DeepCode orchestrates three phases: (1)193

Blueprint Generation acts as a source compres-194

sion mechanism, distilling the high-entropy docu-195

ment D into a structured blueprint to filter narrative196

noise; (2) Code Generation prevents channel sat-197

uration via stateful Code Memory (for cross-file198

consistency) and CodeRAG (for conditional knowl-199

edge injection); and (3) Automated Verification200

employs closed-loop error correction, utilizing run-201

time feedback to rectify transmission errors and202

ensure functional correctness.203

3.1 Phase 1: Blueprint Generation204

The primary goal of Phase 1 is source compres-205

sion: distilling the unstructured, lengthy content of206

a source document D into a structured, machine-207

readable implementation blueprint. This process208

mitigates information overload by transforming209

raw inputs into a high-density signal format.210

3.1.1 Hierarchical Content Segmentation211

To achieve this without context saturation, we in-212

troduce a hierarchical content index as a prepro-213

cessing step. Instead of processing the entire docu-214

ment simultaneously, we parse D based on explicit215

structural delimiters (e.g., section titles) to create216

distinct content chunks accessible via semantic key- 217

words. This indexing mechanism transforms long- 218

context comprehension into a series of manageable, 219

on-demand retrievals, allowing subsequent agents 220

to fetch only task-relevant segments. Detailed for- 221

mal definitions of the parsing logic and chunking 222

structure are provided in A.3.1. 223

3.1.2 Multi-Agent Specification Analysis 224

Following segmentation, we employ a dual-track 225

multi-agent system to decompose the comprehen- 226

sion task, ensuring both architectural coherence 227

and mathematical precision without overload. 228

Specifically, two specialized agents process the 229

indexed document in parallel. First, the Concept 230

Agent constructs a high-level Conceptual Analysis 231

Schema, mapping the paper’s core contributions, 232

system architecture, and reproduction goals using 233

broad semantic queries (e.g. methodology, archi- 234

tecture). Simultaneously, the Algorithm Agent 235

executes a fine-grained search using specific tech- 236

nical keywords (e.g. hyperparameter, equation) to 237

populate an Algorithmic Implementation Schema. 238

This schema captures granular details, including 239

verbatim pseudocode, mathematical formulations, 240

and network specifications. This separation of con- 241

cerns allows the system to parse abstract design and 242

concrete implementation details independently. 243

3.1.3 Implementation Blueprint Synthesis 244

The Code Planning Agent unifies the outputs from 245

the Concept and Algorithm agents into a single, 246

holistic implementation blueprint (B). This agent 247

acts as a structural architect, grounding abstract 248

components from the conceptual schema in the 249

precise technical specifications from the algorith- 250

mic schema. It resolves ambiguities via targeted 251

re-querying of the document index. 252

The resulting Blueprint B serves as the defini- 253

tive “source of truth” for generation, replacing the 254

raw document. It is organized into five canonical 255

sections: (1) Project File Hierarchy, dictating the 256

logical repository structure; (2) Component Spec- 257

ifications, mapping code modules to specific al- 258

gorithms; (3) Verification Protocols, defining suc- 259

cess metrics; (4) Execution Environment, speci- 260

fying dependencies; and (5) Staged Development 261

Plan, outlining the implementation order. This 262

structured representation maximizes signal density, 263

effectively bypassing the long-context bottleneck. 264

3



…

Source 

Documents

Hierarchical Content Segmentation

Structural Parsing

Keyword-chunk Pairs

…

Concept Agent Algorithm Agent

Conceptual Analysis Schema Algorithmic Implementation Schema

Planning Agent

Phase 1: Blueprint Generation

Coding Blueprint

Project File Hierarchy Component Specification

Verification Protocol Execution Environment

Staged

Dev.

Plan

Code Files

Phase 2: Code Generation

LLMs Generate

Iterative Code Generation

CodeRAG CodeMem

Additional

Resources
Retrieved
Knowledge

Target

Code File

Memory

Context

Memory

Summarization

U
p
d
a
te

New memory entry

Next Iteration

P
ic

k
fro

m
 

B
lu

e
p
rin

t

Phase 3: Verification and Refinement

Static Structural Analysis

Analysis Agent

Static Analysis of Code Issues

Modification Agent

Line-level Modifications by LSP

Dynamic Functional Verification

Sandbox Refinement

Test data

Execution trace

Analyzing trace

LSP-based 

refinement

Optimal Code

Repository

Paper

Docs

Passage 

𝜒'𝑡 = 𝜒𝑡 ∪ { 𝛾}

Figure 2: The overall framework of DeepCode.

3.2 Phase 2: Code Generation265

Following the high-signal blueprint, Phase 2 syn-266

thesizes the repository. A critical challenge here267

is preventing channel saturation: naive concatena-268

tion of generated code history quickly exhausts the269

context window and degrades the signal-to-noise ra-270

tio. To address this, we propose a dual-mechanism271

strategy for efficient information routing: (1) Code-272

Mem, a stateful memory module that preserves273

internal structure via semantic compression and274

structured indexing, and (2) CodeRAG, which per-275

forms conditional knowledge injection by ground-276

ing implementations in external patterns to bridge277

implicit knowledge gaps.278

3.2.1 Stateful Generation with CodeMem279

The Code Memory mechanism decouples repos-280

itory growth from context window limitations281

by maintaining a compressed, structured memory282

bank M that evolves dynamically. Instead of pass-283

ing full historical source code to the generative284

agent, the system incrementally builds and queries285

M to keep cross-file consistency.286

Iterative Generation Process. Let C =287

{c1, . . . , cN} denote the set of generated code files,288

each corresponding to a blank target file ĉt. The289

generation proceeds as a sequential state transition.290

At step t, the agent constructs a local context Xt to291

generate ct from ĉt, using the global blueprint B292

and a selectively retrieved subset of memory entries293

Mt−1 from previously implemented files:294

Xt = (B, SelectMemory(Mt−1,B, ĉt)) (1)295

Here, SelectMemory represents an LLM-driven296

retrieval process where the agent examines the297

blueprint and the target file ĉt to identify relevant298

dependencies from Mt−1, retrieving only pertinent299

implementation summaries. The Coding Agent L300

then synthesizes the code: ct = L(Xt).301

Semantic Compression and Memory Update. 302

Crucially, once ct is generated, it is not stored 303

in the active context. Instead, a specialized Sum- 304

marization Agent S distills the raw code into a 305

compact memory entry mt, updating the bank: 306

Mt = Mt−1 ∪ {S(ct)}. Each memory entry mt 307

is a structured object designed to maximize infor- 308

mation density for downstream use. It discards 309

implementation internals and retains only the ar- 310

chitectural signature: (i) Core Purpose (Pt): A 311

concise natural language abstract of the module’s 312

responsibility. (ii) Public Interface (It): A for- 313

mal definition of all exported classes, functions, 314

and method signatures (with type hints), enabling 315

other modules to invoke ct correctly without ac- 316

cessing its code. (iii) Dependency Edges (Et): A 317

topological map documenting explicit afferent cou- 318

plings (imported dependencies) and predicted effer- 319

ent couplings (downstream consumers), enabling 320

dependency-aware code generation. 321

In parallel, the next implementation target ĉt+1 322

is proposed based on the blueprint, dependency 323

graph and current state. This information is sepa- 324

rated from mt and passed directly to L as input. By 325

replacing raw code with these architectural signa- 326

tures, CodeMem significantly reduces context over- 327

head, enabling the synthesis of large-scale reposi- 328

tories while maintaining global consistency. 329

3.2.2 Knowledge Grounding with CodeRAG 330

While CodeMem ensures internal structural consis- 331

tency, LLMs remain prone to hallucination when 332

facing implicit domain logic or complex library us- 333

ages. To bridge this gap, we introduce CodeRAG, 334

a retrieval-augmented generation framework that 335

grounds the synthesis process in high-quality ex- 336

ternal knowledge. Unlike standard RAG which re- 337

trieves based on query similarity, CodeRAG proac- 338

tively aligns external repositories with the internal 339

implementation blueprint. 340
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Blueprint-Aligned Indexing. We treat reference341

repositories R (sourced from paper citations or342

web search) not as raw text, but as a source of343

structural patterns. The indexing process, modeled344

as Iindex : R×B → J , transforms repositories into345

a structured knowledge base J explicitly mapped346

to our target blueprint B, which involves:347

(i)Relevance Filtering & Abstraction: We first fil-348

ter R to retain only files relevant to B’s architecture.349

An analysis agent then abstracts each file c′s into350

a functional summary, discarding implementation351

noise while preserving algorithmic logic.352

(ii)Structural Mapping: We establish explicit re-353

lational links between external source files and tar-354

get modules through Knowledge Tuples, defined355

as (c′s, ĉt, τ, γ). Here, c′s is the external source, ĉt356

is the target file in our blueprint, τ denotes the357

relationship type (e.g. Algorithmic Reference vs.358

Utility Pattern), and γ represents actionable con-359

text—extracted snippets and usage patterns tailored360

to guide the implementation of ĉt.361

Adaptive Retrieval. To prevent context pollution362

from unnecessary retrievals, we employ an adap-363

tive gating mechanism during generation. At step364

t, a decision function δ evaluates whether exter-365

nal grounding is needed. Specifically, the LLM366

assesses the complexity of the target file ĉt against367

the blueprint’s detail level and determines retrieval368

necessity through self-evaluation, as follows:369

rt = δ(Xt, ĉt) ∈ {0, 1} (2)370

If external grounding is deemed necessary (rt = 1),371

the system queries index J for top-k tuples linked372

to ĉt. The actionable context γ from the linked373

tuple is then injected into the generation prompt,374

forming an augmented context X ′
t = Xt ∪ {γ}.375

This mechanism effectively injects proven imple-376

mentation patterns "just-in-time", significantly re-377

ducing the likelihood of logical drift.378

3.3 Phase 3: Verification and Refinement379

This final phase implements a closed-loop error380

correction mechanism to address transmission er-381

rors—such as logic bugs or broken dependen-382

cies—that inevitably arise during code generation.383

We achieve this through two complementary feed-384

back channels: static structural analysis and dy-385

namic functional verification.386

3.3.1 Static Structural Analysis387

Prior to execution, we validate the code’s structural388

correctness. A Static Analysis Agent examines the389

generated repository P against the implementation 390

blueprint B, scanning for two types of defects: (1) 391

Structural Discrepancies, such as missing modules 392

or empty files defined in the file hierarchy; and 393

(2) Quality Deficiencies, including syntax errors or 394

maintainability issues identified via static linting. 395

Rather than regenerating entire files—which con- 396

sumes significant context bandwidth—we intro- 397

duce a Modification Agent equipped with a Lan- 398

guage Server Protocol (LSP) interface. This agent 399

translates identified issues into precise, line-level 400

patch instructions. We formalize the refinement 401

as P ′ = ΦLSP(P,Rstatic), where ΦLSP applies tar- 402

geted edits based on the analysis report Rstatic, 403

yielding a structurally valid repository P ′. 404

3.3.2 Dynamic Functional Verification 405

To ensure functional correctness, we deploy the 406

repository P ′ into an isolated sandbox environment. 407

The Sandbox Agent first provisions the runtime en- 408

vironment according to the blueprint’s dependency 409

specifications, then initiates iterative testing. 410

The agent autonomously generates test cases for 411

the repository’s entry points and captures the exe- 412

cution trace Tj at iteration j. Using the execution 413

output (including standard error and stack traces) 414

as corrective feedback, the agent diagnoses the root 415

causes of any failures. When errors are detected 416

(T error
j ̸= ∅), the agent invokes the LSP-based mod- 417

ifier to produce the next repository state: 418

P ′
j+1 = ΦLSP(P ′

j , T error
j ) (3) 419

This cycle continues until the code executes suc- 420

cessfully or a maximum iteration limit J is reached, 421

producing the final verified repository P∗. The pro- 422

cess ensures that the output is not merely plausible 423

text, but a compiled, executable software artifact. 424

4 Experiments 425

In this section, we evaluate the effectiveness of the 426

proposed DeepCode framework by addressing the 427

following 3 research questions: RQ1: How does 428

DeepCode perform compared to existing agent 429

frameworks? RQ2: How does the choice of dif- 430

ferent LLMs affect the performance of DeepCode? 431

RQ3: What is the contribution of each module 432

within the DeepCode architecture? 433

4.1 Experimental Setup 434

Benchmark. We evaluate DeepCode on Paper- 435

Bench Code-Dev (Starace et al., 2025), where 436
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a model must recreate a functional ML re-437

search codebase from scratch using only the438

paper as reference, and produce an executable439

reproduce.sh. Submissions are graded by an440

author-approved, fine-grained rubric via the Sim-441

pleJudge pipeline (Starace et al., 2025).442

Baselines. We compare against four baseline443

categories reported in prior work (Starace et al.,444

2025; Seo et al., 2025): (i) LLM-based agents445

(e.g., GPT-4o, o1, o3-mini, DeepSeek-R1, Claude446

3.5 Sonnet, Gemini 2.0 Flash) under standard447

agent scaffolds; (ii) scientific code agents (Paper-448

Coder/Paper2Code (Seo et al., 2025)); (iii) com-449

mercial code agents (Cursor (Anysphere, 2025),450

Claude Code (Anthropic, 2025), Codex (OpenAI,451

2025)); and (iv) human experts (Best@3 on a 3-452

paper subset) (Starace et al., 2025).453

Protocol and Metric. All runs are performed in454

an Ubuntu-based sandbox with file editing, shell455

execution, and internet access, while enforcing a456

source-code blacklist to prevent retrieving official457

or known third-party implementations. We report458

the PaperBench Replication Score computed via459

rubric-weighted aggregation. To mitigate stochas-460

ticity, we perform three independent trials per paper461

and average the scores. Full configuration details462

are in Appendix A.4.463

4.2 Main Results464

The primary results of our experiments are de-465

tailed in Figure 3. We analyze the performance of466

DeepCode against the four established categories467

of baselines: general-purpose LLM agents, spe-468

cialized scientific code agents, commercial code469

agents, and human experts.470

• Comparison against LLM Agents. Figure 3471

presents average replication scores across all472

benchmark papers. Among general-purpose473

LLM agents, performance varies significantly474

by model and scaffolding. With BasicAgent,475

Claude-3.5-Sonnet achieves the highest score476

(35.4±0.8), while other models range from 5.0 to477

19.5. IterativeAgent scaffolding improves some478

models, with o1 reaching the best LLM agent479

performance of 43.3±1.1. DeepCode achieves480

73.5±2.8, representing a 70% relative improve-481

ment over the LLM agent baseline. This sub-482

stantial gap demonstrates that our framework’s483

specialized design, which incorporates system-484

atic planning, structured code generation and au-485

tomated verification, provides significant advan-486

tages over general-purpose agent scaffolding. 487

• Comparison against Scientific Code Agents. 488

PaperCoder, a specialized multi-agent framework 489

designed for transforming machine learning pa- 490

pers into executable code, achieves a score of 491

51.1±1.4, outperforming all LLM agents base- 492

lines. However, DeepCode achieves a signifi- 493

cantly higher score of 73.5±2.8—an improve- 494

ment of over 22 points. This substantial gain 495

suggests that our approach to task decomposi- 496

tion, code generation, and repository-level inte- 497

gration is markedly more effective than existing 498

specialized methods. 499

• Comparison against Commercial Code 500

Agents. Table 1 details a direct comparison with 501

leading commercial agents on a 5-paper subset. 502

DeepCode achieves an average score of 0.8482, 503

decisively outperforming Codex (0.3997), 504

Cursor (0.5841), and Claude Code (0.5871). 505

This result is particularly noteworthy: DeepCode 506

uses the same base model as both Cursor 507

and Claude Code. The dramatic performance 508

difference provides strong evidence that our 509

framework’s performance gains are not merely a 510

product of a powerful base model. Rather, the 511

advantage is directly attributable to the superior 512

agentic architecture, planning, and execution 513

strategies of DeepCode. 514

• Comparison against Human Experts. The 515

most compelling finding is the comparison to 516

human expert performance. As shown in the 517

final rows of Figure 3, we benchmarked perfor- 518

mance on the 3-paper subset. The human base- 519

line, which represents the best-of-3 attempts from 520

ML PhD students, achieved a score of 72.4. Our 521

DeepCode’s average performance on this same 522

subset was 75.9 ± 4.5, meaning it not only com- 523

petes with but exceeds the score of the best at- 524

tempt from a human expert. This result strongly 525

validates our approach, demonstrating its capa- 526

bility to automate and even surpass expert-level 527

performance on this highly challenging task. 528

4.3 Analysis on Different LLMs 529

We evaluate DeepCode with five LLM backbones 530

(Claude-4.5-Sonnet, GPT-5, Claude-3.5-Sonnet, 531

Gemini-2.5-Pro, DeepSeek-R1) on three Paper- 532

Bench tasks (fre, all-in-one, stay-on-topic). The 533

tasks vary in specification complexity: fre and all- 534

in-one contain long, interdependent setups with 535
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Figure 3: Comparison of DeepCode with four baseline categories: (1) human experts, (2) state-of-the-art commercial
code agents, (3) scientific code agents, and (4) LLM-based agents.

Table 1: Reproduction scores of DeepCode and commercial code agents on 5-paper subset.

Model fre rice bam pinn mech-u Avg.

Codex (GPT 5 Codex-high) 0.4095 0.3645 0.1937 0.5382 0.4926 0.3997

Claude Code (Claude Sonnet 4.5-think) 0.6286 0.3787 0.3829 0.7233 0.8222 0.5871

Cursor (Claude Sonnet 4.5-think) 0.6344 0.4186 0.3779 0.7748 0.7148 0.5841

DeepCode (Claude Sonnet 4.5-think) 0.8435 0.7380 0.8530 0.9474 0.8888 0.8541

overlapping constraints, while stay-on-topic pro-536

vides more structured descriptions. Agent archi-537

tecture and tooling remain constant to isolate pure538

model capability effects.539

As shown in Figure 4, reproduction scores ex-540

hibit consistent stratification across all three tasks.541

Claude-4.5-Sonnet achieves the best or near-best542

performance (0.72-0.82), demonstrating particu-543

lar strength on fre and all-in-one where it more544

reliably reconstructs implementation details and545

multi-stage pipelines implied by complex, under-546

specified descriptions. GPT-5 tracks Claude-4.5-547

Sonnet closely on most metrics (0.69-0.81) and548

shows marginal advantages on stay-on-topic (0.81549

vs. 0.72), suggesting additional robustness in main-550

taining alignment with fixed experimental framings,551

though this does not overturn Claude-4.5-Sonnet’s552

overall dominance. Mid-tier models occupy an in-553

termediate performance range: Claude-3.5-Sonnet554

(0.48-0.57) and Gemini-2.5-Pro (0.44-0.73) suc-555

cessfully recover main experimental skeletons but556

leave notable gaps in finer-grained procedural steps.557

DeepSeek-R1 consistently underperforms (≈0.29),558

reproducing only fragments of target workflows559

across all tasks. This stable ranking pattern across560

heterogeneous specifications indicates that under561

fixed agent architecture, the underlying language562

model becomes the primary factor determining the563

ceiling and reliability of automatic paper-level re-564

production.565

4.4 Ablation Studies 566

In this section, we conduct ablation studies on three 567

core components of DeepCode: CodeRAG, Code- 568

Mem, and Automated Verification. Specifically, 569

we evaluate CodeRAG and Automated Verifica- 570

tion on a 3-paper subset (all-in-one, fre, stay-on- 571

topic), while CodeMem is assessed on 5 randomly 572

selected tasks (test-time-model-adaptation, rice, 573

mechanistic-understanding, fre, all-in-one). Our 574

key findings are summarized as follows. 575

(1) Impact of CodeRAG. To decouple the im- 576

pact of CodeRAG, we conducted an ablation study 577

using Gemini-2.5-Flash. As visualized in Figure 5a, 578

the integration of CodeRAG delivers a performance 579

leap (up to 70% relative gain), effectively breaking 580

the base model’s performance ceiling (0.35–0.38). 581

Notably, we observed negligible gains when ap- 582

plying CodeRAG to frontier models like Claude 583

4.5 Sonnet. This contrast yields a critical insight: 584

while reasoning giants likely encode sufficient im- 585

plementation patterns within their parameters, cost- 586

efficient models like Flash suffer from inherent 587

knowledge gaps. Consequently, CodeRAG proves 588

indispensable for these architectures, acting as a 589

vital bridge to fill implicit domain voids with stan- 590

dard practices—confirming that external knowl- 591

edge injection is essential for democratizing high- 592

fidelity replication on lightweight models. 593

(2) Impact of CodeMem. We ablate Code- 594

Mem’s contribution on five PaperBench tasks using 595

7
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Figure 4: DeepCode reproduction results on the 3-paper subset across LLM backbones.
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Replication Score (CodeRAG)
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CodeRAG
- Verification
Verification

0.650 0.675 0.700 0.725 0.750 0.775 0.800 0.825 0.850
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(a) Ablation of CodeRAG and Verification
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0.8
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Simple
Code Memory

(b) Ablation of CodeMem

Figure 5: Ablation studies of key components in DeepCode on PaperBench.

Claude-4.5-Sonnet, comparing DeepCode’s struc-596

tured memory against a "Simple" baseline that597

naively evicts historical messages via sliding win-598

dows when approaching context limits.599

Results demonstrate that unstructured eviction600

causes context saturation with signal loss: the Sim-601

ple protocol achieves only 0.33-0.43 in rice, fre,602

and mechanistic-understanding tasks due to depen-603

dency truncation, where foundational class defini-604

tions are discarded before dependent code genera-605

tion. CodeMem’s indexing maintains task-relevant606

signal density, restoring scores to 0.70-0.92 by pre-607

serving critical dependencies without exhausting608

context budgets. Even in scenarios with baseline609

performance (test-time-model-adaptation: 0.62 →610

0.72; all-in-one: 0.66 → 0.76), Structured mem-611

ory delivers consistent gains, confirming our core612

thesis: effective agentic coding requires explicit613

information flow management to maximize signal-614

to-noise ratio under context constraints.615

(3) Impact of Automated Verification. Across616

3 test papers, Automated Verification yields con-617

sistent gains of 3.7–6.5%, elevating scores from618

0.69–0.81 to 0.73–0.84. The layer corrects three619

types of errors: typos in variable names, missing de-620

pendencies, and wrong command-line arguments.621

These errors prevent otherwise sound implemen- 622

tations from executing reliably. The modest im- 623

provement reflects a fact: the earlier phases have 624

achieved technical correctness. Verification is a 625

final pass to ensure reliable execution. It eliminates 626

small but consequential deviations that cause bor- 627

derline implementations to fail, transforming them 628

into faithful replications. 629

5 Conclusion 630

We introduced DeepCode, an autonomous frame- 631

work that redefines document-to-repository syn- 632

thesis through the lens of information-flow man- 633

agement. By treating synthesis as a channel opti- 634

mization problem, DeepCode effectively resolves 635

the conflict between information overload and fi- 636

nite context bottlenecks, maximizing the signal-to- 637

noise ratio for complex generation tasks. Empirical 638

evaluations on PaperBench confirm that DeepCode 639

establishes a new state-of-the-art, decisively outper- 640

forming leading commercial agents and surpassing 641

PhD-level human experts. Ultimately, our find- 642

ings validate that hierarchical information orches- 643

tration—rather than indiscriminate context scal- 644

ing—provides the decisive path toward robust au- 645

tonomous scientific reproduction. 646
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6 Limitations647

It is worth noting that DeepCode still, to some648

extent, follows the conventional plan-then-code649

paradigm in its workflow design: the system typi-650

cally derives a high-level blueprint from the initial651

requirements and readily observable constraints,652

and then proceeds with implementation accord-653

ingly. This design offers strong controllability654

and efficiency when requirements are relatively655

stable and constraints are well specified. In practi-656

cal software engineering, however, important con-657

straints and implementation details—such as depen-658

dency interactions, interface boundaries, and per-659

formance or compatibility considerations—often660

surface only during coding, debugging, or integra-661

tion. At present, DeepCode mainly incorporates662

such execution-time findings through localized ad-663

justments, while support for continuously updating664

the high-level plan or conducting systematic re-665

planning remains limited. Consequently, when re-666

quirements or constraints evolve, additional human667

involvement may be needed to keep the plan and668

implementation aligned. Future work will investi-669

gate tighter closed-loop feedback mechanisms that670

allow insights from execution to directly inform671

and revise the plan, thereby improving adaptability672

and robustness in dynamic development settings.673
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A Appendix792

Organization of the Appendix. This appendix793

complements the main text by providing additional794

context, technical details, and extended evidence795

to support reproducibility. Sec. A.1 surveys related796

work on general coding agents and scientific cod-797

ing agents, positioning DeepCode and DeepCode798

within the broader landscape. Sec. A.2 discusses799

open challenges and future directions for agentic800

software engineering, with emphasis on capability–801

efficiency trade-offs, lifelong (non-episodic) agent802

evolution, and dynamic planning under evolving803

constraints. Sec. A.3 details the DeepCode frame-804

work, including hierarchical content segmentation805

for long-document indexing, multi-agent specifi-806

cation analysis (Concept/Algorithm Agents), and807

implementation blueprint synthesis as an interme-808

diate representation for code generation and verifi-809

cation. Sec. A.4 describes the experimental setup810

and evaluation protocol on PaperBench Code-Dev,811

including baselines, sandboxed execution condi-812

tions, the source-code blacklist, rubric-based grad-813

ing with SimpleJudge, and the Replication Score814

with a multi-trial protocol. Sec. A.5 reports com-815

plete quantitative results, including benchmark816

comparisons and reproducibility analyses across817

papers and operational scenarios. Finally, Sec. A.6818

presents DeepCode application cases with repre-819

sentative visualizations, illustrating end-to-end be-820

havior across backend systems, web user interfaces,821

and the Paper2Code workflow.822

A.1 Related Work823

A.1.1 General Coding Agents824

The field of software engineering is being rapidly825

transformed by agentic systems that have evolved826

from passive code assistants into autonomous enti-827

ties capable of planning, executing multi-step tasks,828

and self-correction (Dong et al., 2025; Ge et al.,829

2025). Research has explored several key archi-830

tectures for these agents. One prominent trend831

involves multi-agent frameworks that emulate hu-832

man development teams. This includes systems833

like ChatDev (Qian et al., 2024), MetaGPT (Hong834

et al., 2024), and CodePoRi (Rasheed et al., 2024),835

which simulate entire software company organi-836

zational structures to manage development tasks837

from scratch. For repo-level code generation,838

CodeS (Zan et al., 2024) proposed to decompose839

repository generation into specialized agents for840

structure planning and content filling. Agent-841

Coder (Huang et al., 2024) employs atest-driven re- 842

finement loop involving programmer, test designer, 843

and test executor agents, while MapCoder (Islam 844

et al., 2024) mirrors human program synthesis with 845

four agents handling example retrieval, planning, 846

generation, and debugging. A second major trend 847

focuses on enhancing agents with specialized tools 848

and interfaces. For instance, CodeAgent (Zhang 849

et al., 2024) integrates five domain-specific tools 850

to support repository-level analysis, while SWE- 851

agent (Yang et al., 2025) introduces a high-level 852

Agent-Computer Interface (ACI) to enable robust 853

agent interaction with file systems and development 854

environments. In addition, ToolGen (Wang et al., 855

2025b) proposes representing each tool as a unique 856

token and directly integrating tool-specific knowl- 857

edge into the parameters of the LLM, thereby en- 858

abling a paradigm shift toward seamless unification 859

of tool invocation and natural language generation. 860

Recent advancements in academic research are 861

increasingly being translated into practical, pro- 862

ductized tools. Commercial code agents emerging 863

from this trend can be broadly categorized into two 864

distinct paradigms: (1) AI-native integrated devel- 865

opment environments (IDEs) such as Cursor (Any- 866

sphere, 2025) and Trae (ByteDance, 2025) that em- 867

bed AI capabilities directly into the editor interface, 868

and (2) terminal-based or extension-based agents 869

including Claude Code (Anthropic, 2025), Gemini 870

CLI (Google, 2025), Github Copilot (GitHub and 871

OpenAI, 2025), and Cline (Saoud Rizwan and oth- 872

ers, 2024) that operate through command-line in- 873

terfaces or editor extensions. These coding agents 874

leverage a holistic understanding of the codebase 875

to perform complex tasks such as multi-file refac- 876

toring and autonomous edits. They support flex- 877

ible, composable workflows and integrate seam- 878

lessly into diverse development pipelines. Commer- 879

cial deployments indicate significant improvements 880

in both function implementation and overall pro- 881

gramming productivity. Despite their effectiveness, 882

these agents suffer from context window limita- 883

tions that impair their ability to process lengthy 884

technical documents such as academic papers, and 885

struggle to maintain coherence and correctness 886

when synthesizing repository-level codebases. 887

A.1.2 Scientific Coding Agents 888

In contrast to general-purpose coding agents, this 889

class of agents targets more complex code gen- 890

eration scenarios, including the implementation 891

and reproduction of entire codebases from high- 892
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level ideas and academic papers. For example,893

Paper2Code (Seo et al., 2025) addresses the re-894

search reproducibility crisis by transforming ma-895

chine learning papers into executable repositories.896

Its code generation framework follows a structured897

three-stage process that includes system architec-898

ture design, implementation detail extraction, and899

modular code generation. CodeScientist (Jansen900

et al., 2025) generates experimental code from lit-901

erature, employing an iterative generate-execute-902

reflect cycle to write, run, and debug Python exper-903

iments. In addition, AlphaEvolve (Novikov et al.,904

2025) utilize code generation for algorithmic dis-905

covery, using an LLM as an evolutionary mutator906

to propose variations to entire codebases, which907

are then rigorously evaluated. Besides, the automa-908

tion code in AI Scientist (Lu et al., 2024) and AI-909

Researcher (Tang et al., 2025) enables agents to910

iteratively plan and execute experiments, handle er-911

rors, and refine future runs based on results. AI Sci-912

entist focuses on experimental automation, main-913

taining execution history and generating plots and914

notes to support scientific write-ups. AI-Researcher915

extends this with a multi-stage refinement frame-916

work, where a code agent implements modular so-917

lutions and an advisor agent provides structured918

feedback for iterative validation, revision, and scal-919

ing. These agents have advanced the pace of sci-920

entific research, yet achieving higher generation921

efficiency without compromising code quality re-922

mains an open challenge.923

A.2 Discussion: Challenges and Future924

Directions925

While DeepCode demonstrates the efficacy of926

principled information-flow management in high-927

fidelity repository synthesis, the transition from928

episodic coding tasks to autonomous, cost-929

effective, and self-evolving engineering remains930

fraught with challenges. We identify three critical931

frontiers that define the future trajectory of agentic932

software engineering.933

(1) Agentic Capability and Computational934

Efficiency. SOTA performance in agentic cod-935

ing currently relies on massive, proprietary LLMs936

(e.g. GPT-5, Claude 4.5), which incur prohibitive937

deployment costs and high latency. Conversely,938

smaller, open-weight models offer efficiency but939

lack the complex reasoning capabilities required940

for autonomous decision-making in open-ended941

engineering tasks. Bridging this gap presents a942

dichotomy of challenges. (i) Fine-tuning limits:943

Enhancing small models via supervised fine-tuning 944

(SFT) is constrained by a data bottleneck—while 945

raw code is abundant, high-quality agentic trajecto- 946

ries are scarce and expensive to curate. (ii) Knowl- 947

edge injection limits: Merely augmenting small 948

models with external knowledge is often insuffi- 949

cient; retrieved contexts may lack direct relevance 950

to the specific coding task, and small models strug- 951

gle to integrate complex inputs without suffering 952

from attention dilution. 953

We envision a shift toward hybrid agentic archi- 954

tectures that synergize models of varying scales, 955

employing large models for high-level reasoning 956

and efficient small models for routine implemen- 957

tation. Besides, distilling knowledge from large 958

models helps reduce the data bottleneck. 959

(2) From Episodic to Evolving Agents. Cur- 960

rent coding agents typically operate in an episodic 961

manner: they reset after each project, failing to 962

carry over experience or tacit knowledge to sub- 963

sequent tasks. Enabling agents to self-evolve and 964

accumulate expertise mirrors human professional 965

growth but faces significant hurdles. (i) Reinforce- 966

ment Learning constraints: While RL-based opti- 967

mization theoretically allows agents to learn from 968

feedback, it requires well-defined reward func- 969

tions, which are difficult to formulate for com- 970

plex, multi-objective software engineering tasks. 971

Moreover, this approach is inapplicable to closed- 972

source LLMs where parameter updates are impos- 973

sible. (ii) Memory scalability issues: The alter- 974

native approach—stacking historical experiences 975

into a long-term memory—introduces severe noise. 976

Simply accumulating raw interaction logs leads to 977

context bloat, where retrieving relevant past experi- 978

ences becomes a “needle in a haystack” problem. 979

Beyond relying on extensive manual annotation 980

and training, a scalable solution involves automat- 981

ing the abstraction of past experiences. Future 982

agents can implement post-task reflection to con- 983

dense execution traces into reusable skills or heuris- 984

tics. Storing these refined insights allows agents 985

to retrieve corresponding high-level guidance, en- 986

abling self-evolution while avoiding context explo- 987

sion. 988

(3) Dynamic Planning and Adaptability. Most 989

existing frameworks utilize a linear Plan-then-Code 990

workflow, assuming that all constraints are know- 991

able a priori. In real-world engineering, specifica- 992

tions often evolve, and critical implementation con- 993

straints are frequently discovered only during the 994

coding process. Separation between planning and 995
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execution leads to fragility: if the initial blueprint996

is flawed, the coding agent is often constrained by997

a stale plan, leading to suboptimal workarounds or998

failure.999

Future researches advance toward dynamic, bidi-1000

rectional planning frameworks. Agents are able1001

to adapt their initial blueprints when encountering1002

unforeseen constraints during implementation. Es-1003

tablishing a feedback mechanism where execution1004

insights directly inform and update the high-level1005

plan is crucial for handling the complex realities of1006

large-scale software development.1007

A.3 Details of DeepCode Framework1008

A.3.1 Hierarchical Content Segmentation1009

The process of hierarchical content indexing is:1010

1. Structural Parsing: The source document D is1011

parsed to identify its hierarchical structure based1012

on explicit delimiters like section and subsec-1013

tion titles (e.g. "3. Methodology", "3.1. Model1014

Architecture"). This divides the document into1015

a set of content chunks S = {s1, s2, . . . , sK}.1016

2. Keyword-Chunk Association: Each chunk sk1017

is stored as a key-value pair (hk, ck), where the1018

heading hk serves as a natural, high-level se-1019

mantic keyword, and ck is the corresponding1020

raw text content of that section.1021

This indexed structure effectively transforms the1022

problem from one of long-context comprehension1023

to a series of more manageable, on-demand re-1024

trievals. An agent no longer needs to process the1025

entire document at once. Instead, it can query the1026

index using semantic keywords to fetch only the1027

most relevant context for its current task. This1028

structured representation serves as the foundational1029

input for the specialized agents that perform the1030

detailed analysis in the subsequent steps.1031

A.3.2 Multi-Agent Specification Analysis1032

The design details of the Concept Agent and the1033

Algorithm Agent are as follows:1034

Concept Agent. The Concept Agent is tasked1035

with building a holistic, high-level understanding1036

of the document. Its primary objective is to map the1037

paper’s entire conceptual structure, identify its core1038

scientific contributions, and outline the necessary1039

components for a successful experimental repro-1040

duction. Operating on the indexed document, the1041

agent is instructed to use a segmented reading strat-1042

egy, querying the index with semantically broad1043

keywords (e.g. “introduction”, “method”). This 1044

allows it to assemble a comprehensive overview by 1045

strategically fetching relevant sections. The output 1046

of this agent is a structured Conceptual Analysis 1047

Schema. This schema comprises a detailed paper 1048

structure map, a method decomposition map out- 1049

lining the system’s core functional components, 1050

an implementation map aligning claims with code 1051

requirements, and a reproduction roadmap speci- 1052

fying the criteria for success. Collectively, these 1053

elements translate the paper’s narrative into a struc- 1054

tured project plan. 1055

Algorithm Agent. Complementing the concep- 1056

tual overview, the Algorithm Agent is responsible 1057

for the meticulous extraction of every low-level 1058

technical detail required for an exact implemen- 1059

tation. It’s designed to perform an exhaustive 1060

search for all algorithms, mathematical formula- 1061

tions, model architectures, training procedures, and 1062

hyperparameters. Moreover, it can leverage online 1063

search capabilities to retrieve relevant algorithm 1064

implementations from the web as references. Like 1065

the Concept Agent, it leverages the segmented read- 1066

ing strategy but uses a distinct set of highly specific 1067

keywords (e.g. “algorithm”, “hyperparameter”) to 1068

perform targeted queries on the most technically 1069

dense sections of the document. The agent’s output 1070

is a granular Algorithmic Implementation Schema. 1071

This schema captures verbatim pseudocode from 1072

algorithm boxes, exact mathematical equations and 1073

their variables, detailed layer-by-layer network ar- 1074

chitectures, and a comprehensive list of all hyperpa- 1075

rameters with references to their locations in the pa- 1076

per. This schema serves as a precise, unambiguous 1077

technical specification that eliminates ambiguity 1078

during code generation. 1079

A.3.3 Implementation Blueprint Synthesis 1080

The final Implementation Blueprint B is a struc- 1081

tured intermediate representation designed to be 1082

a unambiguous specification for code generation. 1083

This blueprint is organized into the following sec- 1084

tions: 1085

• Project File Hierarchy: A prioritized project file 1086

structure that dictates the logical organization of 1087

the codebase and the implementation order of its 1088

modules. 1089

• Component Specification: A granular specifica- 1090

tion for every module, class, and function, explic- 1091

itly mapping each to its corresponding algorith- 1092

mic pseudocode and mathematical formulation. 1093
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• Verification Protocol: A formal plan for vali-1094

dating the final implementation. It defines the1095

experimental setup, specifies the target metrics1096

from the source document, and establishes the1097

success criteria for reproduction.1098

• Execution Environment: A complete speci-1099

fication of all software dependencies, library1100

versions, and requisite hardware configurations1101

needed to compile and run the code.1102

• Staged Development Plan: A phased imple-1103

mentation roadmap that defines the build order1104

of components and integrates staged verification1105

checks to ensure modular correctness.1106

A.4 Experimental Setup and Evaluation1107

Protocol1108

Datasets. To evaluate DeepCode’s capabilities in1109

code comprehension and generation, particularly1110

for automated vulnerability detection, we employ1111

PaperBench Code-Dev, an innovative benchmark1112

created by OpenAI (Starace et al., 2025). Paper-1113

Bench Code-Dev assesses AI models’ ability to in-1114

dependently reproduce leading ML research from1115

major conferences like ICML 2024, focusing on1116

20 significant papers. Models are required to gen-1117

erate all necessary code from scratch, using only1118

the research papers as references, without access-1119

ing existing codebases from the original authors.1120

These tasks are performed in a virtual machine en-1121

vironment, with the goal of building a functional1122

codebase, replicating experiments, and creating a1123

reproduce.sh script for execution. Each paper1124

is accompanied by a detailed evaluation rubric ap-1125

proved by the authors, which breaks down the re-1126

production task into 8,316 specific, gradable com-1127

ponents, meticulously assessed using a hierarchi-1128

cal weighting scheme and SimpleJudge, a sophis-1129

ticated automated judge powered by OpenAI’s o3-1130

mini model. This benchmark is rigorously crafted1131

to challenge AI with tasks requiring advanced natu-1132

ral language understanding, algorithmic reasoning,1133

and the ability to generate reliable code from ab-1134

stract descriptions, all of which are crucial skills1135

for automating vulnerability detection effectively.1136

Baselines. In order to evaluate the effectiveness1137

of the proposed framework, we include a range of1138

baseline methods for comparison. These baselines1139

fall into four distinct categories:1140

(1) LLM Agents. We compare against results1141

reported in (Starace et al., 2025) for several state-of-1142

the-art language models using two agent scaffold-1143

ing approaches: (1) BasicAgent, a simple tool-use 1144

loop based on Inspect AI’s basic agent that allows 1145

models to terminate early, and (2) IterativeAgent, 1146

which forces models to use their full allocated time 1147

and employs prompts designed to encourage in- 1148

cremental, piecemeal progress. All agents run in 1149

Ubuntu 24.04 Docker containers with access to a 1150

single A10 GPU, the internet, and standard develop- 1151

ment tools including bash, Python, web browsing, 1152

and file reading capabilities (Starace et al., 2025). 1153

The baseline models include GPT-4o, o1, o3-mini, 1154

DeepSeek-R1, Claude 3.5 Sonnet, and Gemini 2.0 1155

Flash, with most experiments using a 12-hour time 1156

limit (extended to 36 hours for select o1 runs). 1157

(2) Scientific Code Agents. PaperCoder (Seo 1158

et al., 2025). PaperCoder (also referred to as Pa- 1159

per2Code) is a multi-agent LLM framework that 1160

transforms machine learning papers into executable 1161

code repositories via a three-stage pipeline: plan- 1162

ning, which constructs implementation roadmaps, 1163

system architecture diagrams, and file dependen- 1164

cies; analysis, which extracts file-level implementa- 1165

tion details; and generation, which produces modu- 1166

lar code in dependency order. 1167

(3) Commercial Code Agents. We compare 1168

against three state-of-the-art commercial code 1169

agents that provide AI-powered development assis- 1170

tance through different interfaces and capabilities: 1171

• Cursor (Version 1.7.52) is an AI-assisted inte- 1172

grated development environment built as a fork 1173

of Visual Studio Code with additional AI fea- 1174

tures. Cursor allows developers to choose be- 1175

tween cutting-edge LLMs and provides code- 1176

base embedding models that give agents deep 1177

understanding and recall (Anysphere, 2025). In 1178

our experiments, Cursor uses Claude Sonnet 4.5- 1179

thinking as the underlying model. 1180

• Claude Code (Version 2.0.22) is Anthropic’s 1181

agentic coding tool that lives in the terminal and 1182

helps developers turn ideas into code. Claude 1183

Code maintains awareness of the entire project 1184

structure, can find up-to-date information from 1185

the web, and with MCP can pull from external 1186

data sources like Google Drive, Figma, and Slack. 1187

It can directly edit files, run commands, create 1188

commits, and use MCP to read design docs or 1189

update tickets (Anthropic, 2025). Our evaluation 1190

uses Claude Sonnet 4.5-thinking. 1191

• Codex (Version codex-cli 0.47.0) is OpenAI’s 1192

coding agent that runs locally from the terminal 1193
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and can read, modify, and run code on the user’s1194

machine. Codex is optimized for use with GPT-1195

5-Codex for agentic coding, with configurable1196

reasoning levels from medium to high for com-1197

plex tasks. In auto approval mode, Codex can1198

read files, make edits, and run commands in the1199

working directory automatically (OpenAI, 2025).1200

We configure Codex with GPT-5 Codex-high.1201

(4) Human Experts. The human base-1202

line (Starace et al., 2025) consists of 8 ML1203

PhD students and graduates from top institutions1204

(e.g. Berkeley, Cambridge, Carnegie Mellon) who1205

worked part-time over a four-week window on a1206

3-paper subset (all-in-one, fre, stay-on-topic). Par-1207

ticipants had similar computational resources (A101208

GPU) and could use AI coding assistants like Chat-1209

GPT and GitHub Copilot. The best-of-3 human1210

attempts (Best@3) represent expert-level perfor-1211

mance on this subset.1212

Experimental Setup. To evaluate DeepCode’s1213

efficacy in high-fidelity repository synthesis, we1214

adopt a rigorous framework under realistic con-1215

straints. The setup combines a secure execution en-1216

vironment and the PaperBench protocol for fair, re-1217

producible, detailed comparisons across baselines.1218

(1) Implementation Environment. All experi-1219

ments are conducted within an Ubuntu 22.04 LTS-1220

based sandboxed environment. This infrastructure1221

is provisioned with a standard Python development1222

stack and essential dependencies. DeepCode is con-1223

figured to operate within this isolated space, retain-1224

ing privileges for file system manipulation, shell1225

command execution, and internet access, thereby1226

simulating a standard software research and devel-1227

opment workflow.1228

(2) Task Execution. DeepCode accepts the tar-1229

get paper in both PDF and Markdown formats,1230

along with any supplementary addenda, as primary1231

inputs. To ensure that generated solutions stem1232

from algorithmic reasoning rather than retrieval,1233

a source code blacklist is enforced during execu-1234

tion. This protocol precludes access to the authors’1235

original repositories and known third-party imple-1236

mentations during web browsing. With input pa-1237

rameters defined and the search space constrained,1238

DeepCode initiates its autonomous workflow for1239

code generation and debugging.1240

(3) Grading Methodology. Assessment of1241

the generated code follows the PaperBench Code-1242

Dev protocol, which focuses on structural and1243

functional correctness and does not include post-1244

submission reproduction. Grading is carried out 1245

by SimpleJudge, an automated system based on 1246

OpenAI’s o3-mini, which performs static analysis 1247

of the submitted repository against a set of fine- 1248

grained, hierarchical criteria co-developed with 1249

the authors of the source paper. The judging 1250

logic is restricted to the “Code Development” leaf 1251

nodes of this rubric and examines core aspects 1252

of software quality, including static correctness 1253

(syntax validity and compliance with language 1254

standards), dependency validity (completeness and 1255

correctness of dependency specifications such as 1256

requirements.txt), project structure (coherent 1257

and consistent organization of files and directories), 1258

and algorithmic fidelity (faithful implementation of 1259

the algorithms and interfaces described in the orig- 1260

inal paper). This procedure is designed to align the 1261

evaluation with the central technical contributions 1262

of the work. 1263

(4) Evaluation Metrics and Protocol. Our pri- 1264

mary evaluation metric is the Replication Score, 1265

which quantifies the proficiency of DeepCode in 1266

translating theoretical concepts into a functional 1267

codebase. The score for a single replication trial 1268

is derived from the hierarchical rubric through a 1269

bottom-up aggregation process. (i) Leaf node scor- 1270

ing: SimpleJudge first evaluates each leaf node 1271

criterion on a binary basis, assigning a score of 1272

1 for “pass” (compliance) and 0 for “fail” (non- 1273

compliance). (ii) Score aggregation: The score for 1274

any parent node is then computed as the weighted 1275

average of the scores of its immediate children. The 1276

weights, predetermined during the rubric design, re- 1277

flect the relative importance of each sub-task. (iii) 1278

Final score derivation: This recursive aggrega- 1279

tion continues up the hierarchy until a single score 1280

is obtained for the root node, which serves as the 1281

Replication Score for that trial. 1282

To account for the stochasticity inherent in code 1283

generation, we adopt a strict evaluation protocol. 1284

For each target paper, three independent replica- 1285

tion trials are performed, and each resulting reposi- 1286

tory is scored separately by SimpleJudge using the 1287

procedure described above. The final Replication 1288

Score is the average of the three scores, mitigating 1289

outliers and providing a more stable and reliable 1290

measure of the model’s typical performance. 1291

A.5 Full Results 1292

This appendix reports quantitative results that com- 1293

plement the main text and provide a more sys- 1294

tematic evaluation of DeepCode’s overall capa- 1295
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bility and stability on research code reproduction1296

tasks. Table 2 first compares, under a unified1297

evaluation protocol, a range of general-purpose1298

code execution agents (including both BasicAgent1299

and IterativeAgent configurations), existing spe-1300

cialized reproduction systems such as PaperCoder,1301

and human experts on the same benchmark. Deep-1302

Code achieves an average reproduction score of1303

73.5± 2.8 on the full benchmark, substantially out-1304

performing PaperCoder (51.1± 1.4) as well as all1305

configurations derived from commercial models.1306

On the 3-paper subset, DeepCode attains an av-1307

erage score of 75.9 ± 4.5, exceeding the human1308

“Best@3” score of 72.4, indicating that, on repre-1309

sentative deep learning papers, the system delivers1310

reproduction quality comparable to or better than1311

that of strong human practitioners.1312

Table 1 further selects a 5-paper subset (fre, rice,1313

bam, pinn, mech-u) for a head-to-head comparison1314

against several widely used commercial code assis-1315

tants (Codex, Claude Code, Cursor, etc.). Across1316

all papers, DeepCode achieves the highest repro-1317

duction score, with an average of 0.8482, corre-1318

sponding to an absolute improvement of more than1319

0.26 over the strongest competing system. The ad-1320

vantage is consistent across all individual papers,1321

suggesting that the gains arise from architectural1322

and procedural design choices rather than from fa-1323

vorable alignment with a narrow subset of tasks.1324

Finally, Table 3 provides per-paper details1325

for the Claude 4.5 Sonnet–based configura-1326

tion, including three independent runs, their1327

mean and standard error, as well as the asso-1328

ciated average cost. Across a diverse set of1329

targets—such as FRE, PINN, MECHANISTIC-1330

UNDERSTANDING, and SEQUENTIAL-1331

NEURAL-SCORE-ESTIMATION—DeepCode’s1332

reproduction scores typically lie in the 0.7–0.91333

range with relatively small standard errors, while1334

the distribution of average cost across papers1335

remains tight. This indicates strong cross-task1336

generalization, stable behavior across repeated1337

runs, and reasonable resource usage. Taken1338

together, these appendix results reinforce the main1339

conclusions of the paper: on realistic research code1340

reproduction benchmarks, DeepCode not only1341

achieves significantly higher average performance1342

than existing automated reproduction and code as-1343

sistance systems, but also demonstrates robust and1344

consistent advantages in fine-grained, multi-paper,1345

multi-run analyses.1346

A.6 Use Cases for DeepCode 1347

This appendix provides a series of visual artifacts 1348

generated by DeepCode, offering concrete evi- 1349

dence of its capabilities across different software 1350

development and research domains. These exam- 1351

ples are intended to supplement the main paper by 1352

illustrating the practical utility and versatility of 1353

our system. 1354

The initial set of examples, depicted in Figure 6, 1355

focuses on DeepCode’s proficiency in generating 1356

sophisticated backend systems. The figures show- 1357

case automatically constructed administrative dash- 1358

boards, which likely include functionalities for data 1359

monitoring, user management, and content moder- 1360

ation. Such pages are critical for the operational 1361

management of modern web applications but are 1362

often tedious and repetitive to build. DeepCode’s 1363

ability to scaffold these complex, data-driven inter- 1364

faces from high-level specifications demonstrates 1365

its potential to significantly reduce boilerplate en- 1366

gineering and accelerate the deployment of robust 1367

server-side infrastructure. 1368

Building upon the backend logic, a system’s util- 1369

ity is often defined by its user-facing presentation. 1370

Figure 7 illustrates DeepCode’s capacity for gen- 1371

erating intuitive and functional Web UIs. The gen- 1372

erated interfaces, featuring elements such as data 1373

visualization charts and interactive forms, translate 1374

abstract user requirements into tangible, interactive 1375

components. This capability not only complements 1376

the backend generation by providing a correspond- 1377

ing frontend, but also empowers developers and 1378

designers to rapidly prototype and iterate on user 1379

experiences, thereby shortening the path from con- 1380

cept to a functional product. 1381

Perhaps DeepCode’s most ambitious applica- 1382

tion, however, lies in its potential to bridge the 1383

chasm between academic research and practical 1384

implementation. The Paper2Code functionality, il- 1385

lustrated in Figure 8, exemplifies this capability. 1386

The figure is twofold: on the left, it presents the 1387

high-level code structure that DeepCode inferred 1388

from a research paper, discerning the architectural 1389

blueprint of the proposed algorithm, including its 1390

modular components and file organization. On the 1391

right, it provides a concrete code sample, instanti- 1392

ating a specific function or class with precise logic. 1393

This powerful feature moves beyond conventional 1394

code generation by interpreting unstructured sci- 1395

entific language to produce structured, executable 1396

artifacts, thereby holding immense promise for en- 1397
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Table 2: Average reproduction scores: DeepCode vs. LLMs and human experts

Model Average Replication Scores
GEMINI-2.0-FLASH (BasicAgent) 5.0± 0.0

4o (BasicAgent) 7.7± 0.0

o3-mini (BasicAgent) 5.1± 0.8

o1 (BasicAgent) 19.5± 1.2

R1 (BasicAgent) 9.8± 0.0

CLAUDE-3-5-SONNET (BasicAgent) 35.4± 0.8

o3-mini (IterativeAgent) 16.4± 1.4

o1 (IterativeAgent) 43.3± 1.1

CLAUDE-3-5-SONNET (IterativeAgent) 27.5± 1.6

o1 [36 hours] (IterativeAgent) 42.4± 1.0

PaperCoder 51.1± 1.4

DeepCode 73.6 ± 5.3

Human [3 paper subset, Best@3] 72.4
DeepCode [3 paper subset, Average] 76.7 ± 3.9

hancing research reproducibility and accelerating1398

the adoption of novel scientific discoveries.1399

A.7 Sub-Agents Details of DeepCode1400

DeepCode decomposes the software engineering1401

pipeline into a set of specialized agents with nar-1402

row, well-specified responsibilities and standard-1403

ized communication interfaces, rather than relying1404

on a single monolithic generative model. The in-1405

dividual agents and their responsibilities are sum-1406

marized in Table 4. This modular design allows1407

different stages of the lifecycle—ranging from re-1408

quirement understanding to architectural planning1409

and code synthesis—to be implemented as transfor-1410

mations over shared intermediate representations,1411

while preserving global architectural and semantic1412

consistency.1413

During the planning stage, DeepCode relies1414

on explicit coordination between conceptual and1415

algorithmic analysis agents to derive a coher-1416

ent development blueprint from high-level spec-1417

ifications. The Central Orchestrating Agent first1418

routes each input through the Document Parsing1419

and/or Intent Understanding agents to obtain a1420

structured specification, which then serves as the1421

input to the Code Planning agent. Within this plan-1422

ning module, two internal analysis pipelines op-1423

erate in parallel over the same intermediate rep-1424

resentation. The conceptual analysis sub-agent1425

is responsible for system-level decomposition: it1426

identifies major subsystems, their responsibilities, 1427

and inter-module interfaces, and it constructs an 1428

architecture-level call topology. The algorithmic 1429

analysis sub-agent is responsible for computational 1430

aspects: it abstracts key algorithmic ideas, selects 1431

candidate data structures, reasons about time and 1432

space complexity constraints, and enumerates fea- 1433

sible implementation patterns. The partial plans 1434

produced by these two sub-agents are reconciled by 1435

a planning aggregation component (Code Analysis 1436

agent), which resolves inconsistencies and mate- 1437

rializes a project-level development roadmap, in- 1438

cluding module boundaries, interface signatures, 1439

dependency relations, implementation priorities, 1440

and testing hooks. This roadmap serves as the de- 1441

sign baseline that constrains all downstream code 1442

generation and refinement steps. 1443

During the code synthesis stage, DeepCode 1444

couples retrieval-augmented reference mining 1445

with a global code memory, forming a closed- 1446

loop process that enforces repository-level con- 1447

sistency during incremental generation. On the 1448

retrieval side, the Code Reference Mining and Code 1449

Indexing agents implement a Retrieval-Augmented 1450

Generation (RAG) layer: they maintain multi- 1451

granularity indices over a corpus of prior implemen- 1452

tations and expose to the Code Generation agent 1453

semantically relevant and structurally compatible 1454

code patterns, ranging from individual functions to 1455

reusable design idioms. In parallel, the Code Mem- 1456

17



Table 3: DeepCode with Claude 4.5 Sonnet results.

Paper Run 1 Run 2 Run 3 Mean Std. Error Avg. Cost

FRE 0.844 0.823 0.803 0.814 0.020 9.14
RICE 0.738 0.609 0.761 0.702 0.082 8.22
BAM 0.853 0.673 0.719 0.748 0.094 8.45
WILL-MODEL-FORGET 0.776 0.793 0.857 0.808 0.042 9.20
PINN 0.947 0.800 0.983 0.910 0.097 7.84
ALL-IN-ONE 0.769 0.747 0.759 0.759 0.011 9.43
ADAPTIVE-PRUNING 0.547 0.570 0.516 0.544 0.027 9.13
LBCS 0.689 0.732 0.820 0.747 0.066 10.01
MECHANISTIC-UNDERSTANDING 0.889 0.944 0.941 0.925 0.031 10.20
TEST-TIME-MODEL-ADAPTATION 0.717 0.578 0.652 0.649 0.069 7.90
SAMPLE-SPECIFIC-MASKS 0.690 0.740 0.583 0.671 0.080 8.30
BRIDGING-DATA-GAPS 0.552 0.566 0.626 0.581 0.039 7.98
STAY-ON-TOPIC-WITH-CLASSIFIER-FREE-GUIDANCE 0.734 0.800 0.626 0.705 0.088 9.12
STOCHASTIC-INTERPOLANTS 0.851 0.792 0.801 0.815 0.031 8.89
LCA-ON-THE-LINE 0.665 0.844 0.739 0.749 0.090 7.73
SEQUENTIAL-NEURAL-SCORE-ESTIMATION 0.930 0.862 0.817 0.870 0.057 10.01
SAPG 0.702 0.755 0.757 0.738 0.031 9.19
FTRL 0.558 0.606 0.631 0.598 0.037 7.06
ROBUST-CLIP 0.772 0.742 0.685 0.733 0.044 7.83
BBOX 0.620 0.681 0.631 0.644 0.033 11.90

ory agent maintains a structured representation of1457

the current repository state, including cross-file1458

symbol tables, dependency graphs, and project-1459

wide conventions such as naming schemes, error-1460

handling strategies, and configuration mechanisms.1461

Before emitting new code, the Code Generation1462

agent issues queries to the Code Memory agent to1463

obtain the up-to-date repository context and appli-1464

cable constraints; after generation, it writes back1465

the newly introduced symbols and dependencies,1466

triggering an update of the global repository model.1467

This query–constraint–update loop allows Deep-1468

Code to align local synthesis decisions with global1469

architectural intent, reducing interface mismatches,1470

naming drift, and latent coupling across the code-1471

base.1472

A.8 MCP Tool Stack in DeepCode1473

Table 5 summarizes the Model Context Protocol1474

(MCP) tools integrated into DeepCode. The tools1475

are grouped into three functional categories: Per-1476

ception & Retrieval, Cognitive Processing, and1477

Action & Execution. This organization makes the1478

main stages of the system explicit. Perception &1479

Retrieval tools give the model access to up-to-date1480

web search results, web pages, and binary docu-1481

ments such as research papers and technical manu-1482

als, which helps mitigate the effects of the model’s1483

knowledge cut-off. Cognitive Processing tools then 1484

convert large codebases and long documents into 1485

semantic indexes and context-window-compatible 1486

segments, so that the model can issue natural lan- 1487

guage queries over existing artifacts and work with 1488

long technical materials. Action & Execution tools 1489

finally operate on the local development environ- 1490

ment by reading and writing project files, executing 1491

shell commands, and interacting with the version 1492

control system. 1493

Taken together, the tools in Table 5 form an end- 1494

to-end loop for assisted software development. The 1495

system can retrieve external and local information, 1496

reorganize it into internal structures that fit within 1497

the model’s context window, and then apply code 1498

changes while observing their effects through com- 1499

mands such as tests or package installations. The 1500

table also shows that operations with side effects 1501

on the environment (file I/O, command execution, 1502

and Git operations) are confined to the Action & Ex- 1503

ecution layer and are described as sandboxed and 1504

path-validated. This separation between informa- 1505

tion access, semantic processing, and environment 1506

manipulation makes the extension of the base lan- 1507

guage model through MCP tools transparent and 1508

easier to reason about. 1509
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Table 4: Functional Specifications of Specialized Sub-Agents in the DeepCode Framework

Agent Role Functional Description

Central Orchestrating Agent Functions as the central control unit, responsible for task
decomposition, resource allocation, and the strategic
coordination of sub-agents based on the complexity of the input
requirements.

Intent Understanding Agent Conducts semantic parsing of natural language inputs to extract
functional requirements, converting ambiguous user
descriptions into formal technical specifications.

Document Parsing Agent Processes unstructured technical documents (e.g., research
papers). It extracts multimodal information, including text,
mathematical formulas, and diagrams, to establish a ground
truth for implementation.

Concept Analysis Agent Abstracts core theoretical concepts and logical flows from the
parsed specifications, ensuring the computational model aligns
with the theoretical underpinnings of the source material.

Algorithm Analysis Agent Evaluates and selects appropriate algorithmic strategies and data
structures. It focuses on optimizing computational complexity
and feasibility before code synthesis begins.

Code Planning Agent Formulates the software architecture and development roadmap.
This agent determines the technology stack, designs modular
file structures, and enforces design patterns to ensure scalability.

Code Reference Mining Agent Retrieves external knowledge by identifying relevant
open-source repositories. It analyzes dependency graphs to
recommend integration patterns and library usages.

Code Memory Agent Manages the state and context throughout the generation
lifecycle. It utilizes hierarchical data structures to retain
historical decisions and maintain semantic consistency across
long-context interactions.

Code Generation Agent Synthesizes executable source code based on the architectural
plan and retrieved references. It implements functional
interfaces and integrates distinct modules into a cohesive
codebase.

Automated Validation Agent Executes a rigorous quality assurance loop. It performs static
analysis, generates unit tests, and iteratively debugs the
codebase to verify functional correctness and adherence to
specifications.
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Figure 6: DeepCode-generated backend system pages.

Figure 7: DeepCode-generated Web UI.

Figure 8: Paper2Code Samples of DeepCode. Left: Code Structure, Right: Code Sample
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Table 5: Specification of Model Context Protocol (MCP) Tools Integrated into DeepCode. These tools extend
the Large Language Model’s capabilities across perception, cognitive processing, and environment manipulation
domains

Category MCP Server Name Functional Description & Academic Specification

Perception & Retrieval

brave_search A real-time information retrieval interface leveraging the Brave
Search API. It provides the agent with temporal-aware access to
web indices, enabling the retrieval of up-to-date documentation
and resolving knowledge cut-off limitations.

bocha_mcp A specialized search module delivering structured "modal cards"
and semantic summaries. It serves as a secondary knowledge
source, optimizing token efficiency by returning structured enti-
ties rather than raw HTML.

fetch A web content ingestion engine that retrieves URL endpoints
and normalizes heterogeneous HTML structures into clean Mark-
down. It acts as the agent’s primary reading interface for external
documentation.

pdf_downloader Binary resource acquisition tool designed for academic papers
and technical manuals. It handles HTTP streams to ingest non-
textual document formats (PDF/DOCX) for downstream process-
ing.

Cognitive Processing

code_reference_indexer A Retrieval-Augmented Generation (RAG) module for local code-
bases. It constructs a vector or semantic index of the project files,
allowing the agent to perform natural language queries over the
existing code structure.

document_segmentation A pre-processing utility implementing semantic chunking al-
gorithms. It partitions large technical documents into context-
window-compliant segments, facilitating the "Paper2Code" work-
flow for complex algorithm implementation.

Action & Execution

filesystem A sandboxed file I/O interface allowing controlled read/write
operations within the project directory. It enforces path validation
security policies to prevent unauthorized system access during
code generation.

code_implementation The core generative engine encapsulated as an MCP tool. It
orchestrates the synthesis of functional code blocks, integrating
logic planning with atomic file writing operations to ensure code
coherence.

command_executor A runtime environment interface permitting the execution of shell
commands (e.g., pytest, pip install). It establishes a feed-
back loop by capturing stdout/stderr for iterative debugging
and self-correction.

git_command Version control management interface. It abstracts Git plumbing
commands, enabling the agent to manage repository state, branch
for experimental features, and maintain a clean commit history.
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