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Abstract

Recent advances in large language models
have highlighted their potential to automate
computational research, particularly reproduc-
ing experimental results. However, existing
approaches still use fixed sequential agent
pipelines with weak global coordination, which
limits their robustness and overall performance.
In this work, we propose Hierarchical Re-
search Agent System (HIRAS), a hierarchi-
cal multi-agent framework for end-to-end ex-
periment reproduction that employs supervi-
sory manager agents to coordinate specialised
agents across fine-grained stages. We also iden-
tify limitations in the reference-free evaluation
of the Paper2Code benchmark and introduce
Paper2Code-Extra (P2C-Ex), a refined protocol
that incorporates repository-level information
and better aligns with the original reference-
based metric. We conduct extensive evalua-
tion, validating the effectiveness and robust-
ness of our proposed methods, and observ-
ing improvements, including >10% relative
performance gain beyond the previous state-
of-the-art using open-source backbone mod-
els and significantly reduced hallucination in
evaluation. Our work is available on GitHub:
https://github.com/KOU-199024/HiRAS.

1 Introduction

Recent advances in artificial intelligence (Al), par-
ticularly large language models (LLMs), have
demonstrated remarkable capability in code gener-
ation and software development (Dehaerne et al.,
2022; Yetigtiren et al., 2023; OpenAl, 2024). These
developments have motivated a growing amount
of research exploring the use of Al systems to as-
sist scientific research, especially within Computer
Science (Chen et al., 2025; Eger et al., 2025). Al
Scientist (Lu et al., 2024) is one of the earliest
attempts, which aims to automate the entire scien-
tific workflow. Beyond such all-in-one pipelines, a
substantial number of studies focus on individual

tasks in the research lifecycle, including idea gen-
eration (Wang et al., 2024; Li et al., 2025; Garika-
parthi et al., 2025), paper review (Gao et al., 2024;
James et al., 2024; Zhu et al., 2025), and experi-
ment conduction (Guo et al., 2024a; Schmidgall
et al., 2025).

Among these tasks, reproduction of experimen-
tal pipelines and results described in published pa-
pers is of particular importance, since cumulative
scientific progress fundamentally depends on the
reproducibility of prior works (Resnik and Shamoo,
2017; Pineau et al., 2021; James et al., 2026). How-
ever, the exponential growth in the number of re-
search papers, combined with the fact that only
around 20% of papers release complete and usable
code repositories on average, has made exhaus-
tive reproduction increasingly impractical for re-
searchers (Lin et al., 2022; Magnusson et al., 2023;
Seo et al., 2025). This limitation naturally moti-
vates the development of LLM-based agents to au-
tomate experiment reproduction. To evaluate how
well existing systems can reproduce experimental
pipelines and results directly from research papers,
several benchmarks, such as PaperBench (Starace
et al., 2025) and Paper2Code (Seo et al., 2025),
have been proposed. Generally, they use LLM-as-
a-judge evaluation metrics due to the complexity
of the task. Results on these benchmarks indicate
that, despite strong general-purpose coding abil-
ity, directly prompted LL.Ms achieve only limited
success (Xiang et al., 2025; Kim et al., 2025).

To address this gap, recent works have adopted
multi-agent frameworks that decompose the repro-
duction process into multiple stages. For example,
PaperCoder (Seo et al., 2025) structures reproduc-
tion into planning, analysis, and coding phases,
while AutoReproduce (Zhao et al., 2025) combines
search agents and coding agents to retrieve relevant
studies and implement experimental code. Despite
these advances, existing systems largely rely on
fixed, sequential agent pipelines implemented via
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fixed prompt invocations with limited global super-
vision. Consequently, errors introduced by agents
early in the pipeline can easily propagate, resulting
in stalled workflows and incomplete repositories.
This lack of adaptive coordination fundamentally
limits robustness, fault tolerance, and scalability
in complex experimental environments (Xie et al.,
2025; Wei et al., 2025). In contrast to fixed sequen-
tial pipelines, hierarchical agent architectures have
been shown to be effective across domains such
as embodied intelligence (Lallement et al., 2014),
reinforcement learning (Wang et al., 2020), and en-
ergy systems (Dragomir and Dragomir, 2025). By
introducing explicit manager roles, hierarchical or-
ganisation enables effective communication across
the system, thereby improving cooperation and
scalability in complex multi-agent systems (Feng
et al., 2024; Moore, 2025).

In this work, we propose Hierarchical Research
Agent System (HIRAS), a novel multi-agent
framework that introduces dedicated manager
agents to supervise and control the global experi-
ment reproduction process. Unlike prior hierarchi-
cal multi-agent systems, where manager agents pas-
sively deliver messages (Ahilan and Dayan, 2019;
Wau et al., 2024), the managers in HIRAS function
as proactive supervisors, which actively inspect
task progress and dynamically invoke specialised
subordinate agents to produce artefacts and cor-
rect errors. For example, a global manager may
invoke a coding agent to implement experimental
code and re-invoke it when the subsequent execu-
tion agent reports errors in the program. In addi-
tion, the reproduction workflow is decomposed into
finer-grained phases for these specialised agents,
which are equipped with appropriate tools to in-
teract with a shared workspace. Together, these
design choices enable effective collaboration and
information exchange across the system. To the
best of our knowledge, HIRAS is the first frame-
work to incorporate global, supervisory manager
agents in a hierarchical multi-agent architecture for
automated experiment reproduction.

For evaluation, we conduct comprehensive ex-
periments on the PaperBench and Paper2Code
benchmarks using two popular backbone mod-
els, Qwen3-Coder-480B (Yang et al., 2025) and
DeepSeek-v3.1-Terminus (DeepSeek-Al et al.,
2025). Our approach consistently outperforms
baselines across all settings when using the same
backbone model. Specifically, on PaperBench, HI-
RAS even outperforms the current state-of-the-

art methods which use proprietary LLMs by a
substantial margin. On Paper2Code, our analy-
sis further identifies fundamental limitations of
the reference-free prompt-based evaluation pro-
tocol introduced in the original work (Seo et al.,
2025), particularly its susceptibility to evaluator
hallucination. To address this issue, we introduce
Paper2Code-Extra (P2C-Ex), a refined reference-
free evaluation paradigm that incorporates explicit
repository-level information. Empirical results
show that P2C-Ex substantially improves align-
ment with reference-based evaluation, offering a
more reliable framework for assessing paper-to-
code consistency in the absence of gold reposito-
ries.

To summarise, the contributions of our work are

three-fold:

* We propose HIRAS, a novel hierarchical
multi-agent framework for automated exper-
iment reproduction from research papers,
which integrates specialised agents with su-
pervisory manager agents for improved coor-
dination.

* We evaluate our framework on two experiment
reproduction benchmarks using three LLM
backbones, demonstrating consistent and sub-
stantial improvements over prior approaches
and achieving state-of-the-art performance.

* We introduce P2C-Ex, a reference-free evalu-
ation protocol for the Paper2Code benchmark
that incorporates repository-level information
and yields stronger alignment with reference-
based metrics than the original protocol of
Paper2Code.

2 Related Work

2.1 AIfor Scientific Research

The rapid advancement of LLMs has resulted
in their increasing application in scientific re-
search, particularly within the computer science
domain (Gottweis et al., 2025; Xie et al., 2025; Si
et al., 2025; Wu et al., 2026). Some studies explore
the use of LLMs to perform the entire scientific
research lifecycle, including the Al Scientist (Lu
etal., 2024; Yamada et al., 2025), DOLPHIN (Yuan
et al., 2025), and Zochi (Intology, 2025), which
produced papers accepted at major conferences.
In addition to such holistic frameworks, other
work has focused on individual components of the
research process. For example, ScIMON (Wang
et al., 2024) and Chain-of-Ideas (Li et al., 2025)
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Figure 1: Overview of the HIRAS framework. The reproduction workflow is decomposed into fine-grained phases,
each handled by a specialised agent (blue) equipped with appropriate tools to operate within a shared workspace
throughout the process. To enhance coordination, HIRAS introduces hierarchical manager agents (orange) that
inspect the workspace to supervise progress and dynamically invoke subordinate agents to perform tasks and correct

errors according to the feedback results.

improve the generation of Al-driven ideas, whilst
other frameworks have been developed to iden-
tify and assess the scientific rigour described in
research papers (James et al., 2024). Another key
direction is experiment reproduction, in which mod-
els reproduce experimental results from published
studies. As benchmarks, SciReplicateBench (Xi-
ang et al., 2025) evaluates reproducibility by re-
quiring agents to complete missing code segments,
and PaperBench (Starace et al., 2025) provides de-
tailed, paper-specific rubrics for assessing end-to-
end reproduction fidelity. To support reproduction,
PaperCoder (Seo et al., 2025) reconstructs exper-
imental codebases from published papers using
multi-stage task decomposition, and AutoRepro-
duce (Zhao et al., 2025) further enhances reproduc-
tion by automatically retrieving relevant literature
and associated code repositories.

However, prior work on experiment reproduction
has largely relied on fixed, sequential workflows,
in which errors introduced by early-stage agents
propagate unchecked. In contrast, our approach
introduces a hierarchical management architecture
that provides explicit supervisory control: manager
agents actively inspect intermediate artefacts, diag-
nose failures, and re-invoke stage-specific agents to
correct errors throughout the reproduction process.

2.2 Multi-Agent Systems

Multi-agent systems have gained increasing atten-
tion due to the widespread adoption of Al agents
across diverse applications (Guo et al., 2024b; Li

et al., 2024). A key distinction among these sys-
tems is their coordination strategies, which de-
termine how agents communicate and collabo-
rate (Sun et al., 2025a,b). While some adopt flat,
decentralised schemes (Du et al., 2024; Sun et al.,
2025b), hierarchical organisation has proven more
effective for managing complexity and enhanc-
ing scalability (Moore, 2025). Examples include
FMH (Ahilan and Dayan, 2019), where a manager
delegates sub-goals to workers; Liang et al. (2024),
which uses a judge to summarise agent debates;
and AutoGen (Wu et al., 2024), where managers
mediate and disseminate messages among agents.

Unlike prior works, where manager agents pri-
marily act as passive communication intermedi-
aries, our framework assigns them an active super-
visory role. Managers oversee progress, inspect
artefacts, and control the workflow by invoking
phase-specific specialised agents. This enables ef-
fective global coordination throughout end-to-end
experiment reproduction.

3 Methodology

3.1 Problem Definition

In this work, we use research agents for experi-
ment reproduction. A research agent is defined
as a tuple A = (LLM, Mem, T, E, K'), compris-
ing a backbone model LLM, an individual memory
context Mem (including prompts), and access to
a suite of tools 7' that enable interaction with a
workspace environment £. The agents follow the
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ReAct paradigm (Yao et al., 2023), performing up
to K reasoning-action iterations, while optionally
calling end_task to submit outputs early.

We use a system composed of multiple research
agents defined above to deal with this task, denoted
as S = {A;, As,...}. Given a research paper
P, the objective of the multi-agent system S is to

generate the full reproduction output, expressed as
R=S(P).

3.2 Method Overview

The workflow of HIRAS is decomposed into fine-
grained phases, executed by specialised agents,
while dedicated manager agents supervise progress
and dynamically invoke their subordinate spe-
cialised agents. An overview of HIRAS is shown
in Figure 1.

3.3 Specialised Agents

In decomposing the reproduction workflow, we
keep the three primary phases: planning, analy-
sis, and coding, following PaperCoder (Seo et al.,
2025), and introduce an additional execution phase
to validate code executability. The planning phase
is further decomposed into sub-phases: overall
planning, architecture design, dependency mod-
elling, and configuration generation. Unlike Pa-
perCoder, which employs only one agent for plan-
ning, we assign each sub-phase to a specialised
agent: onerallu -Aarcha Adep7 Aconﬁg, to sequen-
tially generate the plans. Then, we instantiate a
specialised agent A; for each remaining phase,
yielding Aanalysis, Acode, Aexec. Every agent is ini-
tialised with its initial memory context Memy;.

All agents operate within a shared workspace
E, initialised with only the paper E = {P}. To
interact with this workspace, agents are equipped
with a common file system toolset:

Thle = {list_dir,read_file,write_file},
(1
enabling them to store outputs and access both
the paper and artefacts generated by other agents.
The execution agent has an extended toolset: Tg1e U
{bash}, enabling direct interaction with the system
console for program execution.

Specifically, during the planning phase, agents
sequentially generate a set of structured plans:
an overall plan that summarises the experiments
described in the paper; an architecture design
that specifies the components required for im-
plementation and their structure; a dependency

plan that models the function-level relationships
among these components; and a configuration
plan that details the experimental parameters.
Each plan is produced by a dedicated sub-phase
agent, collectively forming the plan set: Pln =
{Plnoveralla Plnarcha Plndepa Plnconﬁg}-

The analysis agent A,palysis subsequently gen-
erates detailed implementation analysis for each
experimental component specified in the generated
plan, such as dataloader.py, trainer.py, etc.
Together, the analysis files are denoted as Analysis.

Based on these analyses, the coding agent
Acode generates the codebase C' required for re-
production, which is then executed by the ex-
ecution agent Aeyxec to produce logs and re-
sults L. The final workspace comprises: E =
{P, Pln, Analysis, C, L}, satisfying the require-
ment of a complete reproduction . Collectively,
these specialised agents constitute the foundation
of our framework.

Algorithm 1 Algorithm for Function invoke

Input: Research Agent A, = {LLM, Memy, T3, E, K}; In-
struction Prompt p;
Output: Ending Report Report; Updated Workspace E;
I: Mem; < Mem; U {p}.
2: fori < 1to K do

3: Reasoning, Action <— LLM(Memy, T%).
4 Mem; «+ Mem; U {(Reasoning, Action)}.
5: if Action € T; then
6: Result, E/ < system.call (Action).
7: Mem; < Mem; U {Result}.
8: else if Action matches " (Agsub, Psub) "
and A1, € Sub(A;) then
9: Result, E <—invoke(Asub, Psub)-
10: Mem; < Mem; U {Result}.
11: else if Action matches "end_task(Report)" then
12: return Report, E.
13: end if
14: end for

15: Report <— Reasoning
16: return Report, E.

3.4 Hierarchical Orchestration

HIRAS is built on the principle that reliable re-
search experiment reproduction requires continu-
ous supervision rather than one-time task decompo-
sition. Manager agents are therefore granted both
global visibility into the shared workspace and au-
thority to actively inspect intermediate artefacts,
diagnose failures, and re-invoke subordinate agents
with corrective instructions. We introduce two man-
ager agents into the framework. The first one is
the planning manager Apay,, which oversees the
entire planning phase by managing all sub-phase
agents:

7627



Sub(Aplan) = {oneralla -Aarch> Adepa Aconﬁg}'
2
The second, and the most important, is the global
manager, which supervises the overall reproduc-
tion process at the global phase level, managing the
planning agent, analysis agent, coding agent, and
execution agent:

Sub(-Aglobal) = {-Aplam Aanalysisa -Acodea -Aexec}'
3)
Like the specialised agents, the manager agents
are also initialised with the model LLM, their own
initial context Memy,, file system toolset 7', shared
environment F, the maximum iteration step K.
Crucially, manager agents differ in that they are
granted supervisory authority over the workflow:
depending on the current stage of the reproduction
process, manager agents can invoke the appropriate
subordinate agents with an instruction prompt p:

invoke (Asub, P), Asub € Sub(Ay). ()

When an invoked agent is a manager agent, it del-
egates tasks to the appropriate sub-agents through
further invocations. In contrast, a specialised agent
directly generates or refines the required artefacts,
thereby advancing the reproduction process. The
entire reproduction workflow is initiated by explic-
itly invoking the global manager with an initial
prompt po, i.e., invoke(Agiobal, Po), Which serves
as the system entry point. Algorithm 1 presents a
detailed description of the core invoke function.

After each invocation, the manager agents will
inspect the outputs in the workspace via the file
system tools Tge. If results are incomplete, lack
details, or exhibit signs of hallucination, the man-
ager will instruct the corresponding subordinate
agents to re-execute their tasks. This inspection
step enables explicit detection and correction of
intermediate errors.

Beyond quality control, manager agents also
facilitate coordination across subordinate agents.
When an agent encounters errors caused by another
agent’s outputs, it will report the issue to the man-
ager, who then instructs the responsible agent for
correction. This supervision ensures consistency
and robust execution of the full reproduction pro-
cess composed of multiple phases.

This design establishes a tree-structured hierar-
chical orchestration architecture that ensures steady
progress, and explicit supervision over interme-
diate artefacts leading to high-quality outcomes
throughout the full reproduction workflow. The

Framework Model Score (%)
AutoReproduce 03-mini 48.5
PaperCoder _ 511
HIRAS (Ours) ~ Claude-Somnet 64.1
PaperCoder* 36.9
AutoReproduce*  Qwen3-Coder-480B 31.8
HIRAS (Ours) 45.7
PaperCoder* 40.8
AutoReproduce* DeepSeek-v3.1 41.5
HIRAS (Ours) -Terminus 57.4

Table 1: Main results on the PaperBench—CodeDev
subset. An asterisk (*) indicates results reproduced by
us. All evaluations in this table are conducted using
03-mini-high as the evaluator.

initial context prompts for all agents are given in
Appendix E.

4 Experimental Setup

Backbone Models. We mainly implement
our framework based on two open-source LLMs:
(1) Qwen3-Coder-480B (Yang et al., 2025), an
MoE model designed for agentic coding and
tool use, making it well-suited for experiment
reproduction tasks; and (2) DeepSeek-v3.1-
Terminus (DeepSeek-Al et al., 2025), which is
optimised for high-performance agentic behaviour
in both search and code generation. Using two
distinct backbones allows us to disentangle archi-
tectural contributions from model-specific effects.
For simplicity, we will also name them as Qwen3
and DeepSeek-v3. 1, respectively.

To further assess generalisability with propri-
etary models, we additionally employ Claude-
Sonnet as the backbone in the PaperBench-
CodeDev experiment.

Benchmarks. To evaluate the effectiveness of our
framework, we conduct experiments on two ex-
periment reproduction benchmarks. First, Paper-
Bench (Starace et al., 2025) comprises 20 machine
learning papers from ICML 2024, each accompa-
nied by a manually constructed evaluation rubric.
Second, Paper2Code (Seo et al., 2025) contains 90
papers collected from ICML 2024, NeurIPS 2024,
and ICLR 2024. These benchmarks jointly assess
end-to-end reproduction fidelity across planning,
implementation, and execution stages.

Evaluation Protocol. For PaperBench, we adopt
the original tree-structured evaluation rubrics pro-
vided with each paper, which assess generated
repositories along three categories of requirements:
code development, execution, and result match-
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PaperBench-CodeDev (%)

PaperBench (%)

Framework 03-mini-high ChatGPT-40-mini ChatGPT-40-mini
Qwen3 DeepSeek-v3.1 Qwen3 DeepSeek-v3.1 Qwen3 DeepSeek-v3.1
PaperCoder 36.9 40.8 26.2 349 11.5 16.9
AutoReproduce 31.7 41.5 26.3 35.8 11.2 17.1
Specialised Agents 37.5 47.5 29.9 37.9 15.1 18.7
+Refinement 40.5 51.2 31.8 39.6 18.2 19.5
HIRAS (Ours) 45.7 57.4 34.3 43.1 19.1 21.5

Table 2: Extended robustness validation and ablation study on PaperBench-CodeDev and the full PaperBench
benchmark. PaperBench-CodeDeyv results are evaluated using both ChatGPT-40-mini and 03-mini-high, while
full PaperBench results are evaluated using ChatGPT-40-mini only.

- README.md
- config.yaml
- datasets/
- data_loader.py
- code/
- model.py
- main.py

Figure 2: An example of the repository structure

ing, using percentage scores to indicate compre-
hensiveness of the reproduction. Following pre-
vious work (Seo et al., 2025; Zhao et al., 2025),
we first evaluate our framework on PaperBench-
CodeDev subset with 03-mini-high (Zhang et al.,
2025) as the evaluator to showcase the overall per-
formance. We further use ChatGPT-40-mini (Ope-
nAl, 2024) as an alternative evaluator to assess
robustness across evaluators, first validating consis-
tency trends on the PaperBench—CodeDev subset
and then extending to the full PaperBench bench-
mark owing to its cost-efficiency for large-scale
evaluation.

For the Paper2Code benchmark, evaluation is
conducted on a 1-5 scoring scale under two set-
tings: reference-free and reference-based. The
reference-free metric directly evaluates the gen-
erated code repository against the paper, whereas
the reference-based metric additionally provides
the gold-standard repository in the prompt.

However, our initial studies reveal that reference-
free scores based on the original protocol by Pa-
per2Code are systematically overestimated, mak-
ing them unreliable. To remedy this, we introduce
Paper2Code-Extra (P2C-Ex), a refined reference-
free evaluation protocol that enhances the evaluator
prompt with repository-level context and additional
instructions. Specifically, the prompt includes (i)
the total file count in the repository, (ii) a hierar-
chical repository structure illustration, and (iii) im-
proved instructions to mitigate hallucination. The

full prompts are presented in Appendix D. An ex-
ample of repository structure is displayed in Fig-
ure 2. To quantify the consistency between dif-
ferent evaluation protocols, we report the Pearson
correlation coefficient (r) between the reference-
based setting and each reference-free setting. All
Paper2Code evaluations are conducted using 03-
mini-high as the evaluator.

Baselines. We evaluate our framework against
two baselines for experiment reproduction. Pa-
perCoder (Seo et al., 2025) employs a sequen-
tial multi-stage pipeline with a dedicated agent
for each stage to generate codebases from papers.
AutoReproduce (Zhao et al., 2025) is a multi-
agent system with search and coding agents that
improve reproduction quality by leveraging infor-
mation from related papers. For a fair comparison,
we reproduced both baselines using the Qwen3 and
DeepSeek-v3.1 backbones.

For the Paper2Code benchmark, we additionally
include three naive baselines to demonstrate the
intrinsic limitation of the original reference-free
evaluation: (i) an empty repository, (ii) repositories
containing only configuration or documentation
files (e.g., .md or .yaml) extracted from the gold
reference repository, and (iii) the gold reference
repositories themselves.

Environment. All experiments are conducted
with eight NVIDIA H200. We use smolagents
(Roucher et al., 2025) as our agent scaffold.

5 Experimental Results

5.1 Opverall Results

Table 1 reports the main results on the PaperBench-
CodeDev subset. Prior frameworks exhibit sub-
stantial performance degradation when transferred
from proprietary to open-source backbones. For in-
stance, PaperCoder drops from 51.1% on Claude-

7629



Score (5-point scale)

Model
Ref-Based Ref-Free +Count  +Structure P2C-Ex

Empty Repo 1.57 3.89 1.0 1.0 1.0
Config Only - 1.62 4.67 3.96 3.41 2.68
Gold Repo - 4.75 4.82 4.84 4.80
PaperCoder 03-mini-high 3.66 4.55 - - -
PaperCoder* 1.83 297 2.26 1.68 1.58
AutoReproduce* Qwen3-Coder-480B 245 3.03 2.74 231 2.09
HIRAS (Ours) 245 3.15 3.03 2.98 2.96
PaperCoder* 2.25 4.38 2.74 2.31 2.09
AutoReproduce* DeepSeek-v3.1-Terminus 2.51 3.59 3.60 3.58 3.59
HIRAS (Ours) 3.64 4.42 3.94 3.88 3.86
Pearson Correlation r - - 0.423 0.724 0.797 0.862

Table 3: Evaluation results on the Paper2Code benchmark using reference-based (Ref-Based) and reference-free
evaluation strategies. For reference-free evaluations, we include the original reference-free prompt of Paper2Code
(Ref-Free), the step-by-step enhancements for ablation study (+Count, +Structure), and our final revised version
(P2C-Ex). Pearson correlation r measures the correlation between the reference-based scores and the scores by each
of the reference-free evaluations. All evaluations are conducted using 03-mini-high as the evaluator.

Sonnet to 40.8% on DeepSeek-v3.1, and further
to 36.9% on Qwen3, corresponding to a relative de-
crease of over 20%. In contrast, our framework
establishes a new state-of-the-art with 64.1% on
Claude-Sonnet, while maintaining strong perfor-
mance on open-source models. Specifically, it
achieves 57.4% on DeepSeek-v3. 1, surpassing the
previous best result of 51.1% obtained with pro-
prietary backbones. Our method also consistently
outperforms prior approaches on Qwen3.  The
resulting 25.4% relative improvement over the pre-
vious SOTA score indicates that our approach more
effectively leverages the latent capabilities of open-
source LLMs, enabling performance that matches
or exceeds levels previously attainable only with
proprietary models.

Table 2 presents more detailed results on Paper-
Bench with the two open-source models. Across all
settings, DeepSeek-v3.1 consistently outperforms
Qwen3, suggesting stronger coding proficiency and
research-oriented reasoning that is particularly ben-
eficial for agent-based reproduction systems. Im-
portantly, the relative gains achieved by our method
are preserved across both backbones, with improve-
ments of 38.3% on DeepSeek-v3.1 and 23.8% on
Qwen3 over the strongest corresponding baselines.
This consistency demonstrates the robustness and
generalisability of our framework across model ar-
chitectures.

The results on the Paper2Code benchmark are
presented in Table 3. Across all evaluation settings
and backbone models, our framework consistently
achieves the highest scores, with DeepSeek-v3.1

outperforming Qwen3, consistent with trends ob-
served in previous experiments. Beyond absolute
performance, the markedly different magnitudes of
absolute improvement under the reference-based
and reference-free metrics (1.39 vs. 0.04) motivate
a closer examination of the evaluation protocol.

5.2 Paper2Code-Extra Meta-Evaluation

Closer inspection reveals a critical limitation of
the original reference-free metric: it systemati-
cally overestimates repository quality. In particular,
repositories with few or no executable files can re-
ceive disproportionately high scores. To illustrate
this issue, we conduct extra experiments on naive
baselines, as shown in Table 3: (i) the empty reposi-
tory attains a score of 3.89 under the reference-free
metric, exceeding all Qwen3-based results, and (ii)
configuration-only repositories containing no ex-
ecutable code can score 4.67, outperforming all
model-generated codebases. These anomalies in-
dicate that the reference-free metric is intrinsically
unreliable. Further inspection attributes this issue
to evaluator hallucination, whereby even strong
evaluators such as 03-mini infer non-existent code
files or misinterpret documentation as implemented
code in the empty or config-only repositories.

To address this issue, we propose Paper2Code-
Extra (P2C-Ex), a revised reference-free evalua-
tion paradigm that augments the prompt with ex-
plicit repository-level information and refined in-
structions. As illustrated in the meta-evaluation
results, incorporating the information substantially
improves alignment with the reference-based met-
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Metric Pearson Correlation
Inter-Annotator 0.82
Ref-Based 0.77
Ref-Based 0.50
+Count 0.59
+Structure 0.64
P2C-Ex(Ours) 0.72

Table 4: Pearson correlation between different evalu-
ation metrics and human expert annotations. "Inter-
Annotator” denotes the average Pearson correlation
among three experts.

ric: the Pearson correlation coefficient r increases
from 0.423 to 0.862. Consistent trends are ob-
served in repository-level regression analyses (Ap-
pendix A), where r improves from 0.42 to 0.83.
Moreover, the prevalence of severely overrated
repositories under the original protocol (Figure 6a)
is remarkably mitigated with P2C-Ex (Figure 6b).

Ablation results for P2C-Ex further demonstrate
that file count, repository structure, and revised
prompt instructions each contribute to mitigating
evaluator hallucination. Together, these results val-
idate the effectiveness of P2C-Ex and its improved
alignment with the reference-based metric, high-
lighting the importance of structurally informed
prompts for reliable reference-free evaluation.

To further validate the alignment between our
reference-free evaluation metric and human judg-
ment, we collect expert annotations from three eval-
uators on a subset of 30 papers from ICLR 2024
within the Paper2Code benchmark. Table 4 re-
ports the Pearson correlation between each metric
and the expert annotations. The results demon-
strate that P2C-Ex achieves the highest correlation
with human evaluations, indicating strong relia-
bility. Moreover, the correlation consistently im-
proves as additional information is incorporated
into the prompt.

5.3 Ablation Study

To rigorously evaluate the contributions of individ-
ual components, we further perform an ablation
study on PaperBench, with results reported in Ta-
ble 2. Our framework is decomposed into three
key elements: (i) a single-step research agent with
specialised agents, (ii) adding intra-agent iterative
refinement with K steps, and (iii) introducing inter-
agent hierarchical management via manager agents,
forming HIRAS.

The specialised-agent pipeline alone outper-
forms prior research agent frameworks, demon-

strating that finer-grained decomposition of respon-
sibilities for phase-specific agents leads to more
effective experiment reproduction than monolithic
designs. Furthermore, incorporating iterative self-
refinement yields substantial additional gains, en-
abling performance that marginally surpasses pre-
vious state-of-the-art baselines. This highlights the
ability of specialised agents to identify and correct
errors through environment interaction. Finally,
hierarchical management fully harnesses the ca-
pabilities of the backbone models, delivering the
strongest performance across all settings. More-
over, hierarchical supervision alone contributes
approximately a 10% increase, underscoring its
critical role in mitigating error propagation and
coordinating long-horizon reproduction processes.
Collectively, these results further validate the ef-
fectiveness of our hierarchical multi-agent system
when all components are integrated.

5.4 Extended Results Across Evaluators

Table 2 reports additional results on PaperBench us-
ing a different evaluator, ChatGPT-40-mini. The
findings are consistent with those obtained using
03-mini-high. HIRAS outperforms all the base-
lines across all settings, achieving relative improve-
ments of 30.4% on Qwen3 and 20.4% on DeepSeek-
v3.1, demonstrating robustness to different evalua-
tors. Notably, these advantages not only persist but
become more pronounced on the full PaperBench
benchmark, which additionally evaluates execution
outcomes and is therefore substantially more chal-
lenging, as reflected by lower absolute scores. In
this setting, our framework attains larger relative
gains of 66.1% on Qwen3 and 25.7% on DeepSeek-
v3.1, underscoring the critical role of the execution
phase in end-to-end reproduction.

6 Qualitative Analysis

6.1 Case Study

Appendix B compares PaperCoder and HIRAS on
reproducing the same PaperBench paper. As shown
in Figure 7, PaperCoder produces a flat repository,
whereas HIRAS generates a well-organised code-
base with clearly separated subdirectories. This
improvement can be attributed to our specialised
agents’ ability to directly interact with the shared
workspace via file-system tools, enabling struc-
tured artefact management. In addition, execution
agents create auxiliary test files to detect runtime
errors, which are reported to manager agents and
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used to guide subsequent code revisions.

A closer examination further highlights the role
of hierarchical supervision. As shown in Figure 5,
the planning manager detects insufficient detail in
the initial implementation plan and re-invokes the
overall planning agent for refinement, resulting
in a substantially more detailed implementation
roadmap than PaperCoder (see Figure 6). For ex-
ample, our plan explicitly specifies architectural
components such as the structure of the encoder
and decoder in the Deep Generative Model, which
is absent in PaperCoder’s plan. This increased plan-
ning fidelity prevents errors introduced at early
stages from propagating and facilitates more ef-
fective downstream implementation.

These qualitative differences are eventually re-
flected in the reproduction scores on this paper:
HIRAS achieves 66.6%, nearly doubling Paper-
Coder’s 33.8%. Overall, this case study highlights
the proficiency of our specialised agents and the
importance of manager agents in controlling repro-
duction quality and mitigating error propagation.

6.2 Failure Mode Analysis

To better characterise failure modes in our repro-
duction pipeline, we conduct a detailed manual
analysis of representative cases. Our results show
that failures predominantly arise during execution
rather than code generation, as reflected by a sub-
stantial performance drop from approximately 45%
on PaperBench-CodeDev to 20% on the full Paper-
Bench across all models.

Our analysis further indicates that most papers
yield well-structured codebases, while execution
introduces the majority of errors. For example,
when using DeepSeek-v3.1 as the backbone to
reproduce all papers from both PaperBench and
Paper2Code, only 3 out of 110 runs fail at the struc-
tured code generation stage, demonstrating strong
robustness in code development. In contrast, the
predominant failure mode stems from execution
errors due to incorrect inter-file dependencies, par-
ticularly in complex directory structures. A de-
tailed case study is provided in Appendix C, where
the evaluation score drops from 69.7% to 11.3%
when execution is included, largely due to import
failures. Additional issues include failures in envi-
ronment setup and in downloading required models
or datasets from platforms such as GitHub and Hug-
ging Face. Overall, the execution stage remains the
primary bottleneck of current models and frame-
works.

7 Conclusion

In this work, we present HIRAS, a hierarchical
multi-agent framework for end-to-end experiment
reproduction, introducing manager agents to coor-
dinate the multi-stage workflow. Comprehensive
experiments illustrate that our framework consis-
tently outperforms prior approaches on experiment
reproduction benchmarks with state-of-the-art per-
formance achieved by open-source models, high-
lighting the benefits of hierarchical supervision and
specialised agent collaboration across the system.
We also propose a revised evaluation protocol, P2C-
Ex, that leverages repository-level information for
stronger alignment with reference-based metrics.
Moreover, the case study underscores how hierar-
chical coordination improves the overall quality
of reproduction and mitigates error propagation.
Collectively, these contributions advance both the
methodology and evaluation of automated experi-
ment reproduction, providing practical insights for
using LLM-based agents in scientific research.

Limitations

Due to budget constraints, we do not evaluate all ex-
perimental settings with the 03-mini model. How-
ever, all reported comparisons are conducted under
consistent evaluation protocols to ensure fairness
across methods. In addition, our method may incur
higher time and token costs than prior approaches,
stemming from the increased complexity of agent
reasoning and tool calling. This overhead reflects
an inherent trade-off for introducing explicit super-
vision and error correction, and our results indicate
that the additional cost yields substantial improve-
ments in reproduction robustness and quality.

Ethical Considerations

All data in our work are collected from publicly
available sources. Our primary objective is to sup-
port researchers in reproducing prior works, rather
than replacing the creative and critical activities
in scientific research. By design, the system pro-
duces explicit intermediate artefacts and execution
logs, enabling human inspection and verification
of the reproduction process. The system should
be used as a supplementary tool to aid, rather than
substitute, methodological rigour and independent
research judgment.
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A Linear Regression Plots
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Figure 3: Repository-level linear regression plots. Points represent the scoring of repositories, with the x-axis
showing the reference-based evaluation score and the y-axis showing the corresponding reference-free score.
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B Reproduction Case Study Details

We present representative reproduction outcomes
produced by PaperCoder and HIRAS for the
ICML 2024 paper Batch and Match: Black-Box
Variational Inference with a Score-Based Diver-
gence (Cai et al., 2024), which is included in the
PaperBench (Starace et al., 2025) benchmark. The
paper introduces Batch and Match (BaM), a black-
box variational inference method based on a score-
based divergence, and evaluates its performance on
both Gaussian and non-Gaussian distributions aris-
ing from posterior inference in hierarchical models
as well as deep generative models.

The objective of experiment reproduction frame-
works is to understand the original methodology
and experimental design, generate the correspond-
ing code, and ultimately reproduce the reported
results. Figure 7 compares the code repositories
produced by PaperCoder and HIRAS. Figure 5
illustrates a case in which the planning manager
agent Aplan re-invokes the overall planning agent
Aoverall due to insufficient implementation de-
tail. Finally, Figure 6 contrasts the implementation
roadmaps generated by the two frameworks.

- bam_algorithm.py

- config.yaml

- evaluation_metrics.py
- experiments.py

- main.py

- target_distributions.py
- utils.py

- variational_family.py

(a) PaperCoder

Figure 4: Structure illustrations of code repositories generated by PaperCoder and HIRAS using DeepSeek-v3.

Terminus for the paper (Cai et al., 2024).

7

- algorithms/
- bam.py
- baselines.py
- experiments/
- gaussian_experiments.py
- metrics/
- divergences.py
- erTors.py
- targets/
- gaussian.py
- non_gaussian.py
- utils/
- config.py
- experiment_tracker.py
- matrix_ops.py
- basic_gaussian_exp.py
- main.py
- minimal_exp.py
- README.md
- requirements.txt
- simple_test.py
- test_bam.py

(b) HIRAS
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The file you generated is not sufficiently detailed. Please regenerate it with comprehensive, detailed content that
properly addresses the requirements.
The plan file should contain:
1. Detailed step-by-step implementation plan for each experiment section:
- Gaussian targets (Section 5.1)
- Non-Gaussian targets (Section 5.1)
- PosteriorDB Bayesian models (Section 5.2)
- Deep generative models (VAE application, Section 5.3)
2. Specific milestones with dates and deliverables:
- Step-by-step breakdown of implementation tasks
- Clear deliverables for each milestone
- Integration and testing phases
3. Resource allocation (computational, time, personnel):
- Computational resources required (GPU, CPU, memory)
- Time estimates for each phase
- Personnel roles and responsibilities
4. Risk assessment and mitigation strategies:
- Technical risks (algorithm convergence, implementation complexity)
- Resource risks (computational requirements, time constraints)
- Mitigation strategies for each identified risk
The plan should be comprehensive and ready for implementation. The current content is insufficient.

Figure 5: The prompt from the planning manager agent Aj.y, to re-invoke the subordinate agent Aqyerall
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## Implementation Roadmap

### Core Modules

1. **BaM algorithm class**

2. **Score function interface** for target distributions

3. **QGaussian variational family** with mean/covariance
parameters

4. **Matrix operations** (quadratic equation solver, low-
rank optimizations)

### Experiment Modules

1. **Synthetic target generators** (Gaussian, sinh-arcsinh)
2. **Benchmark models** (ADVI, GSM implementations)
3. **Evaluation metric calculators**

4. **Visualization tools** for results

##H# Testing Strategy

1. **Unit tests** for core algorithm components

2. **QGradient checking** for score computations

3. **Convergence verification** on simple Gaussian tar-
gets

4. **Reproduction of paper figures** with statistical sig-
nificance

(a) PaperCoder

## Specific Milestones and Deliverables

### Phase 1: Core Implementation

Algorithm Core

- [ ] Implement BaM algorithm with full covariance

- [ ] Implement low-rank solver for B < D

- [ ] Create Gaussian target test suite

Baseline Implementations

- [ ] Implement ADVI, GSM, Score/Fisher methods

- [ ] Create unified experiment framework
**Deliverable**: Working implementation of all algo-
rithms with basic testing

#i## Phase 2: Gaussian & Non-Gaussian Experiments
Gaussian Targets

- [ 1 Run experiments for D = 4, 16, 64, 256

- [ ] Generate convergence plots (forward/reverse KL)
- [ ] Statistical analysis (10 runs per configuration)
Non-Gaussian Targets

- [ ] Implement sinh-arcsinh distribution

- [ ] Run experiments with varying skew/tail parameters
- [ ] Compare convergence across methods
**Deliverable**: Complete Section 5.1 reproduction with
statistical analysis

### Phase 3: Bayesian Models

BridgeStan Integration

- [ ] Integrate with PosteriorDB models

- [ 1 Generate HMC reference samples

- [ ] Implement relative error metrics

PosteriorDB Experiments

- [ ] Run experiments on eight_schools, garch, gp_pois_regr
- [ ] Compare relative mean/SD errors

- [ ] Statistical analysis (5 runs per model)

Complete Section 5.2 reproduction with error analysis
### Phase 4: Deep Generative Models

VAE Implementation

- [ ] Implement 5-layer convolutional encoder/decoder
- [ ] Pre-train VAE on image dataset (100 epochs)

- [ ] Validate reconstruction quality

Posterior Inference Experiments

- [ ] Run BaM on test image posteriors

- [ ] Compare reconstruction MSE across methods

- [ 1 Analyze convergence behavior

**Deliverable**: Complete Section 5.3 reproduction with
VAE application

### Phase 5: Integration & Final Analysis

Integration Testing

- [ ] Cross-validate all implementations

- [ ] Performance optimization

- [ ] Code documentation

Final Analysis & Reporting

- [ ] Statistical summary of all experiments

- [ ] Comparison with paper results

- [ ] Final report preparation

**Deliverable**: Comprehensive reproduction report

(b) HIRAS

Figure 6: The implementation roadmap section in the plans generated by PaperCoder and HIRAS using DeepSeek-
v3.1-Terminus for the paper (Cai et al., 2024).
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C Failure Mode Example

Figure 7 illustrates the structure of a code repos-
itory generated by HIRAS with DeepSeek-v3.1-
Terminus as the backbone for reproducing the
paper Stay on Topic with Classifier-Free Guid-
ance (Sanchez et al., 2024) from PaperBench.
In this case, HIRAS produces a well-structured
and complete codebase, attaining a high score
of 69.7% on the PaperBench-CodeDev subset,
which evaluates only the Code Development re-
quirements. However, on the full PaperBench
benchmark, which additionally assesses Execution
and Result matching, the score drops substantially
to 11.3%. Closer manual inspection reveals that
the execution agent struggles to correctly run the
main program due to improper inter-file imports
across components (e.g., model_manager.py and
cfg_engine.py). This discrepancy highlights both
the proficiency of current models and frameworks
in code development and their failure in execution,
stemming from weak cross-file coding consistency
and inadequate coordination among interdependent
modules.

code/
cfg_engine.py
code_generation_evaluator.py
config.py
data_loader.py
experiment_runner.py
flops_analyzer.py
main.py
model_manager.py
results_analyzer.py
utils.py
zero_shot_evaluator.py

Figure 7: Structure illustration of the code repository
generated by HIRAS using DeepSeek-v3.1-Terminus
for the paper (Sanchez et al., 2024).
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D Paper2Code Evaluation Prompts

7~

You will be given a research paper along with two corresponding code repositories: a gold repository and a target repository.

Your task is to compare the target repository against the gold repository, rate the target repository on one metric, and provide a critique highlighting key differences.
Please make sure you read and understand these instructions carefully. Keep this document open while reviewing, and refer to it as needed.

Evaluation Criteria:

Correctness (1-5): The quality of the target repository in accurately implementing the paper’s concepts, methodology, and algorithms without logical errors,
as compared to the gold repository. Additionally, provide a critique focusing on the completeness, accuracy, and implementation choices made in the target
repository relative to the gold repository.

1: Very Poor. The target repository does not correctly implement the core concepts, methodology, or algorithms from the paper. Major logical errors or missing
components are present, especially when compared to the gold repository. 2: Poor. The target repository attempts to implement the paper’s concepts but contains
significant mistakes or missing components, making the implementation incorrect when compared to the gold repository. 3: Fair. Some core components and
concepts are correctly implemented in the target repository, but there are notable logical errors or inaccuracies compared to the gold repository. 4: Good. The
target repository correctly implements the key components and methodology, with only minor inaccuracies or deviations from the gold repository. 5: Excellent.
The target repository fully and accurately implements all relevant key components, methodology, and algorithms from the paper, matching the quality of the gold
repository.

Evaluation Steps

1. Identify Key Aspects of the Paper: Carefully read the research paper to understand its core concepts, methodology, and algorithms. Pay close attention to the
key aspects that are crucial for implementing the paper’s results (e.g., specific algorithms, data preprocessing steps, evaluation protocols).

2. Analyze the Gold Repository: Examine the gold repository to understand how these key aspects have been implemented. Use the gold repository as a reference
for how the paper’s methodology should be translated into code. Note the completeness, accuracy, and design choices in the gold repository that faithfully
represent the paper’s concepts.

3. Examine the Target Repository: Analyze the target repository to assess how well it implements the key aspects of the paper. Reference the gold repository as a
guide for understanding these key aspects in the target repository. Focus on whether the target repository’s core logic, algorithms, and structure align with the
methodology and experiments described in the paper.

4. Identify Logical Errors and Deviations: Check for logical errors, missing steps, or deviations from the paper’s methodology. Note any incorrect representations,
inconsistencies, or incomplete implementations that could affect the correctness of the target repository.

5. Provide a Critique: Consider both the completeness and accuracy of the implementation relative to the paper’s goals and the gold repository’s standard. You do
not need to analyze minor details like logging functions, script organization, or documentation quality. Instead, concentrate on the correctness of the logic and
implementation that ensures the core concepts from the paper are fully reflected in the target repository. For each mismatch or deviation in implementation, note
down specific critiques comparing relevant functions in the target repository to the corresponding functions in the gold repository. Highlight incorrect logic,
missing steps, or deviations that affect the correct implementation of the paper’s methodology.

6. Assess the Correctness: Determine whether the target repository includes all the critical elements described in the paper and implemented in the gold repository.
Identify missing components, significant deviations, or incorrect implementations that could affect the correctness of the target repository.

7. Assign a Score: Based on your evaluation, provide a critique and assign a correctness score from 1 to 5 for the target repository, reflecting how well it
implements the key aspects of the paper refer to the gold repository. Include a detailed critique in the specified JSON format.

Severity Level:

Each identified critique will be assigned a severity level based on its impact on the correctness of the methodology implementation.

- High: Missing or incorrect implementation of the paper’s core concepts, major loss functions, or experiment components that are fundamental to reproducing the
paper’s methodology.

- Example: The main algorithm is missing or fundamentally incorrect.

- Medium: Issues affecting training logic, data preprocessing, or other core functionalities that significantly impact performance but do not completely break the
system.

- Example: Improper training loop structure, incorrect data augmentation, or missing essential components in data processing.

- Low: Errors in specific features that cause deviations from expected results but can be worked around with modifications. Any errors in the evaluation process
belong to this category unless they impact the core concepts. These include minor issues like logging, error handling mechanisms, configuration settings,
evaluation steps that do not alter the fundamental implementation and additional implementations not explicitly stated in the paper.

- Example: Suboptimal hyperparameter initialization, incorrect learning rate schedule, inaccuracies in evaluation metrics, using a different random seed,
variations in batch processing, different weight initialization, issues in result logging or reporting, variations in evaluation dataset splits, improper error handling
in non-critical steps, mismatches in secondary evaluation criteria, or additional implementation details not specified in the paper that do not interfere with core
results.

Example JSON format:
“‘json

{

"critique_list": [

"gold_file_name":
"preprocessing.py",
"gold_func_name": "data_process",
"target_file_name": "dataset.py",
"target_func_name": "train_preprocess",
"severity_level": "medium",
"critique": "A critique of the target repository’s file with reference to the gold repository."
}
1,
"score": 2

}

e

Sample:

Research Paper:

{{Paper} )

Gold Repository:

{{GoldCode}}

Target Repository:

{{Code}}

Please provide critique of the target repository and a single numerical rating (1, 2, 3, 4, or 5) based on the quality of the sample, following the Example JSON
format, without any additional commentary, formatting, or chattiness.

\

Figure 8: The original prompt for reference-based evaluation
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You will be given a research paper along with its corresponding code repository.

Your task is to rate the code repository on one metric and provide a critique highlighting key differences.

Please make sure you read and understand these instructions carefully. Keep this document open while reviewing, and refer to it as needed.

Evaluation Criteria:

Correctness (1-5): The quality of the repository in accurately implementing the paper’s concepts, methodology, and algorithms without logical errors. Additionally,
provide a critique focusing on the completeness, accuracy, and implementation choices made in the repository relative to the methodology and algorithms
described in the paper.

1: Very Poor. The repository does not correctly implement the core concepts, methodology, or algorithms from the paper. Major logical errors or missing
components are present.

2: Poor. The repository attempts to implement the paper’s concepts but contains significant mistakes or missing components, making the implementation
incorrect.

3: Fair. Some core components and concepts are correctly implemented, but there are notable logical errors or inaccuracies in the methodology.

4: Good. The repository correctly implements the key components and methodology, with only minor inaccuracies that do not significantly affect correctness.
5: Excellent. The repository fully and accurately implements all key components, methodology, and algorithms from the paper without logical errors.
Evaluation Steps

1. Identify Key Aspects of the Paper: Carefully read the paper to understand its core concepts, methodology, and algorithms. Pay close attention to key aspects
crucial for implementing the paper’s results (e.g., specific algorithms, data preprocessing steps, evaluation protocols).

2. Examine the Code Repository: Analyze the repository to determine how well it implements the key aspects of the paper. Focus on whether the repository’s
core logic, algorithms, and structure align with the methodology and experiments described in the paper.

3. Identify Logical Errors and Deviations: Check for logical errors, missing steps, or deviations from the paper’s methodology. Note any incorrect representations,
inconsistencies, or incomplete implementations that could affect the correctness of the repository.

4. Provide a Critique: Consider the completeness and accuracy of the implementation relative to the paper’s goals. You do not need to analyze minor details like
logging functions, script organization, or documentation quality. Instead, concentrate on the correctness of the logic and implementation to ensure the core
concepts from the paper are fully reflected in the repository. For each identified issue, write a detailed critique specifying the affected files and functions in the
repository. Highlight missing or incorrectly implemented steps that impact the correctness and alignment with the paper’s methodology.

5. Assess Completeness and Accuracy: Evaluate the repository for its completeness and accuracy relative to the paper’s methodology. Ensure that all critical
components—such as data preprocessing, core algorithms, and evaluation steps—are implemented and consistent with the paper’s descriptions.

6. Assign a Score: Based on your evaluation, provide a critique and assign a correctness score from 1 to 5 for the repository, reflecting how well it implements the
key aspects of the paper. Include a detailed critique in the specified JSON format.

Severity Level:

Each identified critique will be assigned a severity level based on its impact on the correctness of the methodology implementation.

- High: Missing or incorrect implementation of the paper’s core concepts, major loss functions, or experiment components that are fundamental to reproducing the
paper’s methodology.

- Example: The main algorithm is missing or fundamentally incorrect.

- Medium: Issues affecting training logic, data preprocessing, or other core functionalities that significantly impact performance but do not completely break the
system.

- Example: Improper training loop structure, incorrect data augmentation, or missing essential components in data processing.

- Low: Errors in specific features that cause deviations from expected results but can be worked around with modifications. Any errors in the evaluation process
belong to this category unless they impact the core concepts. These include minor issues like logging, error handling mechanisms, configuration settings,
evaluation steps that do not alter the fundamental implementation and additional implementations not explicitly stated in the paper.

- Example: Suboptimal hyperparameter initialization, incorrect learning rate schedule, inaccuracies in evaluation metrics, using a different random seed,
variations in batch processing, different weight initialization, issues in result logging or reporting, variations in evaluation dataset splits, improper error handling
in non-critical steps, mismatches in secondary evaluation criteria, or additional implementation details not specified in the paper that do not interfere with core
results.

Example JSON format: “‘json {

"critique_list": [

{
"file_name": "dataset.py",
"func_name": "train_preprocess",
"severity_level": "medium",
"critique": "A critique of the target repository’s file."
b
{
"file_name": "metrics.py",
"func_name": "f1_at_k",
"severity_level": "low",
"critique": "A critique of the target repository’s file."
}
1,
"score": 2
}
Sample:
Research Paper:
{{Paper}}
Code Repository:
{{Code}}

Please provide a critique list for the code repository and a single numerical rating (1, 2, 3, 4, or 5) based on the quality of the sample, following the Example
JSON format, without any additional commentary, formatting, or chattiness.

Figure 9: The original prompt for reference-free evaluation
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You will be given a research paper along with its corresponding code repository.

Your task is to rate the code repository on one metric and provide a critique highlighting key differences.

Please make sure you read and understand these instructions carefully. Keep this document open while reviewing, and refer to it as needed.

Evaluation Criteria:

Correctness (1-5): The quality of the repository in accurately implementing the paper’s concepts, methodology, and algorithms without logical errors. Additionally,
provide a critique focusing on the completeness, accuracy, and implementation choices made in the repository relative to the methodology and algorithms
described in the paper.

1: Very Poor. The repository does not correctly implement the core concepts, methodology, or algorithms from the paper. Major logical errors or missing
components are present.

2: Poor. The repository attempts to implement the paper’s concepts but contains significant mistakes or missing components, making the implementation
incorrect.

3: Fair. Some core components and concepts are correctly implemented, but there are notable logical errors or inaccuracies in the methodology.

4: Good. The repository correctly implements the key components and methodology, with only minor inaccuracies that do not significantly affect correctness.
5: Excellent. The repository fully and accurately implements all key components, methodology, and algorithms from the paper without logical errors.
Evaluation Steps

1. Identify Key Aspects of the Paper: Carefully read the paper to understand its core concepts, methodology, and algorithms. Pay close attention to key aspects
crucial for implementing the paper’s results (e.g., specific algorithms, data preprocessing steps, evaluation protocols).

2. Examine the Code Repository: Analyze the repository to determine how well it implements the key aspects of the paper. Focus on whether the repository’s
core logic, algorithms, and structure align with the methodology and experiments described in the paper.

3. Identify Logical Errors and Deviations: Check for logical errors, missing steps, or deviations from the paper’s methodology. Note any incorrect representations,
inconsistencies, or incomplete implementations that could affect the correctness of the repository.

4. Provide a Critique: Consider the completeness and accuracy of the implementation relative to the paper’s goals. You do not need to analyze minor details like
logging functions, script organization, or documentation quality. Instead, concentrate on the correctness of the logic and implementation to ensure the core
concepts from the paper are fully reflected in the repository. For each identified issue, write a detailed critique specifying the affected files and functions in the
repository.

5. Assess Completeness and Accuracy: Evaluate the repository for its completeness and accuracy relative to the paper’s methodology. Ensure that all critical
components—such as data preprocessing, core algorithms, and evaluation steps—are implemented and consistent with the paper’s descriptions.

6. Code verification: Verify that all key components expected from the paper are fully implemented with codes in the repository. Evaluate completeness
holistically rather than limiting your review to existing files. In your critique, explicitly identify any missing components, absent implementations, or deviations
from expected behavior, including cases where functionality is described only in documentation (e.g., README, config files) but not implemented. Any such
gaps that impact methodological correctness or alignment with the paper should be called out and assigned a high-severity critique.

7. Assign a Score: Based on your evaluation, provide a critique and assign a correctness score from 1 to 5 for the repository, reflecting how well it implements the
key aspects of the paper. Include a detailed critique in the specified JSON format.

Severity Level:

Each identified critique will be assigned a severity level based on its impact on the correctness of the methodology implementation.

- High: Missing or incorrect implementation of the paper’s core concepts, major loss functions, or experiment components that are fundamental to reproducing the
paper’s methodology. - Example: The main algorithm is missing, not implemented, implemented only as a descriptive note or plan without executable code, or
fundamentally incorrect. - Medium: Issues affecting training logic, data preprocessing, or other core functionalities that significantly impact performance but do
not completely break the system. - Example: Improper training loop structure, incorrect data augmentation, or missing essential components in data processing. -
Low: Errors in specific features that cause deviations from expected results but can be worked around with modifications. Any errors in the evaluation process
belong to this category unless they impact the core concepts. These include minor issues like logging, error handling mechanisms, configuration settings,
evaluation steps that do not alter the fundamental implementation and additional implementations not explicitly stated in the paper. - Example: Suboptimal
hyperparameter initialization, incorrect learning rate schedule, inaccuracies in evaluation metrics, using a different random seed, variations in batch processing,
different weight initialization, issues in result logging or reporting, variations in evaluation dataset splits, improper error handling in non-critical steps, mismatches
in secondary evaluation criteria, or additional implementation details not specified in the paper that do not interfere with core results.

Example JSON format: “‘json

{
"critique_list": [
{
"file_name": "dataset.py",
"func_name": "train_preprocess",
"severity_level": "medium",
"critique": "A critique of the target repository."
)
{
"file_name": "metrics.py",
"func_name": "f1_at_k",
"severity_level": "low",
"critique": "A critique of the target repository."
}
1,
"score": 2
}
Sample:
Research Paper:
{{Paper} )
Code Repository:

File Count: {{File_Count}}

File Stucture:

{{File_Structure} }

{{Code}}

Please provide a critique list for the code repository on its completeness and accuracy, and a single numerical rating (1, 2, 3, 4, or 5) based on the quality of the
sample, following the Example JSON format, without any additional commentary, formatting, or chattiness.

\.

Figure 10: The prompt for Paper2Code-Extra evaluation. The differences are marked in red. The +Count and
+Structure prompts in Table 3 denote the incremental addition of the two corresponding components.
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E Prompts for Agents

7~

You are an experienced researcher in the domain of Computer Science. You have been assigned to lead a group of agents to
reproduce an experiment.
There are several agents in your team:

- planning_agent: the planning agent that make the detailed and comprehensive experiment plan.

- analysing_agent: the analysing agent that analyses the process to implement each file.

- coding_agent: the coding agent that writes the code for each file.

- executing_agent: the executing agent that executes the code and records the results.
Please strictly follow the instructions below to lead the agents to complete the task:
0. The given paper & addendum are in the current directory, you should explicitly instruct all the agents to read them
COMPLETELY.

- paper.md: the paper to reproduce.

- addendum.md: the addendum of the paper.
1. Explicitly instruct the planning agent to call helping agents to generate the following files:

- plan.md: the general experiment plan.

- architecture.md: the architecture design.

- dependency.md: the dependency analysis for components.

- config.yaml: the parameters for each component.
2. Call the analysing agent to analyse the implementation of each component and save the result in the analysis/ directory:

- analysis/: the directory that contains the analysing report for each component.

- analysis/components.txt: the list of components to be analysed.
3. Use the coding agent to write the code for each component mentioned in the above files and save its code in the code/
directory.
In addtion to paper, addendum, plan, architecture, dependency and config files, the coding agent should also be instructed to
read the analysis for each component before implementing it.

- code/: the directory that contains the code for each component.
4. Use the executing agent to execute the code for each component mentioned in the above files and save its execution result
in the results/ directory.

- results/*.1og: the log of the execution.
You should call the agents one at a time to generate the fulfil the experiment reproduction. Do not call all the agents in one
single step. You should check whether the files are generated successfully and complete before you proceed the next step.
You MUST sure that all the files are generated and their contents are complete before you proceed the next step.
If any agent reports an issue about the previous agent’s result, you should check the result of the previous agent and ask them
to try again.
For the analysing agent, you should check that all the components are analysed. Remember to explicitly instruct the analysing
agent to read all the previous files (paper, addendum, plan, architecture, dependency and config files) COMPLETELY. If
any component is missing or not complete in the analysis, you should ask the planning agent to analyse or code the missing
components. The list of components is in the analysis/components.txt.
For the coding agent, you should check that all the components are coded. You should check the components in the
analysis/ directory and instruct the coding agent to code the corresponding component for each analysis file named <compo-
nent_name>_analysis.md. Remember that you should explicitly instruct the coding agent to read all the previous files (paper,
addendum, plan, architecture, dependency and config files) COMPLETELY. In addition, or each component, you should
explicitly instruct the coding agent to read the analysis for that component and then write the code. For instance, if there is a
analysis file analysis/example.py_analysis.md for component "example.py’, you should explicitly instruct the coding agent to
read the analysis file and then write the code for the component ’example.py’. DO NOT use a loop to call the coding agent,
you should check after each component is coded whether the component is complete.‘ You can call the coding agent multiple
times to code the components in case any component is missing or not complete in the code.* You MUST make sure all the
components are completed before proceeding to the next step.
For the executing agent, you should check that all the experiments are reproduced as planned and the results are recorded.
If any experiment is not successfully reproduced, you should ask the planning agent or coding agent to fix the problem.
Remember to explicitly instruct the executing agent to read all the previous files (paper, addendum, plan, architecture,
dependency, config files, analysis, and code) COMPLETELY.
Remember that you are the manager of the experiment, and you should be responsible for the final result.
The end_task tool should ONLY be used when you think you have completed the whole reproduction. You should check all
the logs, and make sure no error is reported. If there is any error, you should call the agents to fix the problem and let the
executing agent to execute the code again. You SHOULD NOT call the end_task tool until you have checked all the logs and
made sure no error is reported. You MUST try your best to make the whole reproduction successful.

Figure 11: The initial context for the global manager agent on PaperBench
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You are a leader research scientist. Now you will be given a paper to reproduce.
The paper is in the directory. You can use the tools to read the files.
There are 4 agents to help you:

- general_planning_agent: make the general experiment plan.

- architecture_planning_agent: design the architecture.

- dependency_planning_agent: analyse the dependency of the components.

- config_planning_agent: write the configuration for hyperparameters.
You should use them in order to generate the corresponding files:

1. plan.md: general_planning_agent

2. architecture.md: architecture_planning_agent

3. dependency.md: dependency_planning_agent

4. config.yaml: config_planning_agent
The target paper and addendum are in the current directory.

- paper.md: the target paper.

- addendum.md: addendum to the paper.
You should first use the list_directory tool to check these files.
When calling the agents, you should explicitly instruct them to read the files COMPLETELY. You should check which files
are already generated and which files are not generated.
Make sure that the final result is a complete experiment plan, including the general experiment plan, the architecture design,
the dependency analysis, and the configuration.
Here are the documents you should let the agents generate:

- plan.md: the general experiment plan by general_planning_agent.

- architecture.md: the architecture design by architecture_planning_agent.

- dependency.md: the dependency analysis by dependency_planning_agent.

- config.yaml: the config.yaml for each component by config_planning_agent.
You should call the agents one at a time to generate the corresponding files. DO NOT call all the agents in one single step.
You are the leader of the experiment, and you should be responsible for the final result. If any part of the experiment plan
is missing or not satisfactory, you can ask the corresponding agent to try again. You can use the read_file tool to check the
content of the files. Also, you should use print() to print the contents of the files to explicitly READ them.
The actual reproduction code is not your responsibility, you just need to manage the agents and make sure that the final result
is a complete experiment plan. DO NOT write the files yourself, you should only instruct the agents to write the files.
Remember to explicitly instruct the agents to write their results to the corresponding files.
You MUST check all the required files are generated successfully and complete before you call the final_answer tool. You can
use the tools to check if all the files exist and the content is complete and detailed. Do not truncate the content of the files,
you should read the files completely. Finally, if everything is complete, you can call the final_answer tool to report to your
manager. And even if your task resolution is not successful, please return as much context as possible, so that your manager
can act upon this feedback.

Figure 12: The initial context for the planning manager agent on PaperBench
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You are an expert researcher and strategic planner with a deep understanding of experimental design and reproducibility in
scientific research.
You will receive a research paper in markdown format. You can use the tools to read the paper.
Your task is to create a detailed and efficient plan to reproduce the experiments and methodologies described in the paper.
This plan should align precisely with the paper’s methodology, experimental setup, and evaluation metrics.
You should use the write_file tool to output your experiment plan to the file plan.md. Only call the final_answer tool after you
are sure that the plan is complete and detailed enough, and the plan is saved to the file plan.md. Even if your task resolution is
not successful, please return as much context as possible, so that your manager can act upon this feedback.
Instructions:

1. Align with the Paper: Your plan must strictly follow the methods, datasets, model configurations, hyperparameters,
and experimental setups described in the paper.

2. Be Clear and Structured: Present the plan in a well-organized and easy-to-follow format, breaking it down into
actionable steps.

3. Prioritize Efficiency: Optimize the plan for clarity and practical implementation while ensuring fidelity to the original
experiments.
## Task

1. We want to reproduce the method described in the attached paper.

2. The authors did not release any official code, so we have to plan our own implementation.

3. Before writing any Python code, please outline a comprehensive plan that covers:

- Key details from the paper’s **Methodology**.
- Important aspects of **Experiments**, including dataset requirements, experimental settings, hyperparameters, or

evaluation metrics.

4. The plan should be as **detailed and informative** as possible to help us write the final code later.
## Requirements

- You don’t need to provide the actual code yet; focus on a **thorough, clear strategy**.

- If something is unclear from the paper, mention it explicitly.
## Instruction

The response should give us a strong roadmap, making it easier to write the code later.
The target paper and addendum are in the current directory.

- paper.md: the target paper.

- addendum.md: addendum to the paper.
You should first use the list_directory tool to check if the paper and addendum files exist. Then use the read_file tool to read
the contents of them. Also, you should use print() to print the contents of the files to explicitly READ them. You MUST
read all the files COMPLETELY. DO NOT truncate the files. You can read them in different steps, but you MUST read them
COMPLETELY.
After you finish reading the files, you should use the write_file tool to write the complete plan to the file plan.md. When you
are sure that the plan is complete and detailed enough, you should call the final _answer tool to report to the manager. And
even if your task resolution is not successful, please return as much context as possible, so that your manager can act upon
this feedback.

Figure 13: The initial context for the overall planning agent on PaperBench
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Your goal is to create a concise, usable, and complete software system design for reproducing the paper’s method. Use
appropriate open-source libraries and keep the overall architecture simple.

Based on the plan for reproducing the paper’s main method, please design a concise, usable, and complete software system.
Keep the architecture simple and make effective use of open-source libraries. The previous plan file plan.md and the paper &
addendum are given in the current directory.

You MUST use the tools to read these files. You should refer to their contents to design the architecture.

You should use the write_file tool to output your architecture design to the file architecture.md. Only call the final_answer
tool after you are sure that the architecture design is complete and detailed enough, and the architecture design is saved to the
file architecture.md. Even if your task resolution is not successful, please return as much context as possible, so that your
manager can act upon this feedback.

Based on the plan for reproducing the paper’s main method, please design a concise, usable, and complete software system.
Keep the architecture simple and make effective use of open-source libraries.

The paper, addendum, and previous plan file plan.md are given in the current directory. - paper.md: the target paper. -
addendum.md: addendum to the paper. - plan.md: the overall plan for reproducing the paper.

You can first use the list_directory tool to check if the files exist. Then, the read_file tool is available to read these files. Also,
you should use print() to print the contents of the files to explicitly READ them. You MUST read all the files COMPLETELY.
DO NOT truncate the files. You can read them in different steps, but you MUST read them COMPLETELY. You need to refer
to their contents to design the most appropriate architecture for experiment reproduction.

After reading all the files, you can start to design the architecture. ## Format Example

[CONTENT]

{

"Implementation approach": "We will ... ,

"File list": [

"main.py",
"dataset_loader.py",
"model.py",
"trainer.py",
"evaluation.py"

1,

"Data structures and interfaces": "\nclassDiagram\n class Main {\n +__init_ ()\n +run_experiment()\n }\n
class DatasetLoader {\n +__init__(config: dict)\n +load_data() -> Any\n }\n class Model {\n +__init__(params: dict)\n
+forward(x: Tensor) -> Tensor\n }\n class Trainer {\n +__init__(model: Model, data: Any)\n +train() -> None\n }\n
class Evaluation {\n +__init__(model: Model, data: Any)\n +evaluate() -> dict\n }\n Main —> DatasetLoader\n Main —>
Trainer\n Main —> Evaluation\n Trainer —> Model\n",

"Program call flow": "\nsequenceDiagram\n participant M as Main\n participant DL as DatasetLoader\n partici-
pant MD as Model\n participant TR as Trainer\n participant EV as Evaluation\n M-»DL: load_data()\n DL-»M: return
dataset\n M-»MD: initialize model()\n M-»TR: train(model, dataset)\n TR-»MD: forward(x)\n MD—»TR: predictions\n
TR—»M: training complete\n M-»EV: evaluate(model, dataset)\n EV-»MD: forward(x)\n MD—»EV: predictions\n EV—»M:
metrics\n",

"Anything UNCLEAR": "Need clarification on the exact dataset format and any specialized hyperparameters."

}
## Nodes: "<node>: <type> # <instruction>"

- Implementation approach: <class ’str’> # Summarize the chosen solution strategy.

- File list: typing.List[str] # Only need relative paths. ALWAYS write a main.py or app.py here.

- Data structures and interfaces: typing.Optional[str] # Use mermaid classDiagram code syntax, including classes,
method(__init__ etc.) and functions with type annotations, CLEARLY MARK the RELATIONSHIPS between classes, and
comply with PEP8 standards. The data structures SHOULD BE VERY DETAILED and the API should be comprehensive
with a complete design.

- Program call flow: typing.Optional[str] # Use sequenceDiagram code syntax, COMPLETE and VERY DETAILED,
using CLASSES AND API DEFINED ABOVE accurately, covering the CRUD AND INIT of each object, SYNTAX MUST
BE CORRECT.

- Anything UNCLEAR: <class ’str’> # Mention ambiguities and ask for clarifications.

## Constraint

Format: output below [CONTENT] like the format example, nothing else.

## Action

Follow the instructions for the nodes, generate the output, and ensure it follows the format example.

Keep in mind that the architecture design MUST follow the required format constraint and outputed to the file architecture.md.
You MUST use the write_file tool to output your architecture design to the file architecture.md. Make sure that the architecture
design is complete and detailed and saved to architecture.md before you call the final_answer tool. Finally, use your
final_answer tool to report to your manager if the file is successfully saved. And even if your task resolution is not successful,
please return as much context as possible, so that your manager can act upon this feedback.

\. J

Figure 14: The initial context for the architecture design agent on PaperBench
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Your goal is break down tasks according to PRD/technical design, generate a task list, and analyse task dependencies. You
will break down tasks, analyse dependencies.
You outline a clear PRD/technical design for reproducing the paper’s method and experiments.
You should use the write_file tool to output your dependency analysis to the file dependency.md. Make sure that the
dependency analysis is complete and detailed and saved to dependency.md before you call the final_answer tool. Finally,
put your dependency analysis in your final_answer tool to report to your manager. And even if your task resolution is not
successful, please return as much context as possible, so that your manager can act upon this feedback.
Now, let’s break down tasks according to PRD/technical design, generate a task list, and analyse task dependencies. The
Logic Analysis should not only consider the dependencies between files but also provide detailed descriptions to assist in
writing the code needed to reproduce the paper.
The given paper, addendum, plan, architecture design are in the directory.
- paper.md: the target paper.
- addendum.md: addendum to the paper.
- plan.md: the overall plan for reproducing the paper.
- architecture_design.md: the architecture design for reproducing the paper.
You can first use the list_directory tool to check if the files exist. Then, the read_file tool is available to read these files. Also,
you should use print() to print the contents of the files to explicitly READ them. You MUST read all the files COMPLETELY.
DO NOT truncate the files. You can read them in different steps, but you MUST read them COMPLETELY. After reading all
the files, you can start to generate the dependency analysis.
## Format Example
[CONTENT]
{
"Required packages": [
"numpy==1.21.0",
"torch==1.9.0"
]

n

Required Other language third-party packages": [
"No third-party dependencies required"
1,
"Logic Analysis": [
"data_preprocessing.py",
"DataPreprocessing class ........
1,
[
"main.py",
"Entry point .......
1
1

" "o

Task list": ["dataset_loader.py","main.py"],
"Full API spec": "openapi: 3.0.0 ...",
"Shared Knowledge": "Both data_preprocessing.py and main.py share ........ ,
"Anything UNCLEAR": "Clarification needed on recommended hardware configuration for large-scale experiments."
}
## Nodes: "<node>: <type> # <instruction>"
- Required packages: typing.Optional[typing.List[str]] # Provide required third-party packages in requirements.txt
format.(e.g., 'numpy==1.21.0").
- Required Other language third-party packages: typing.List[str] # List down packages required for non-Python languages.
If none, specify "No third-party dependencies required".
- Logic Analysis: typing.List[typing.List[str]] # Provide a list of files with the classes/methods/functions to be imple-
mented, including dependency analysis and imports. Include as much detailed description as possible.
- Task list: typing.List[str] # Break down the tasks into a list of filenames, prioritized based on dependency order. The
task list must include the previously generated file list.
- Full API spec: <class ’str’> # Describe all APIs using OpenAPI 3.0 spec that may be used by both frontend and backend.
If front-end and back-end communication is not required, leave it blank.
- Shared Knowledge: <class ’str’> # Detail any shared knowledge, like common utility functions or configuration
variables.
- Anything UNCLEAR: <class ’str’> # Mention any unresolved questions or clarifications needed from the paper or
project scope.
## Constraint
Format: output below [CONTENT] like the format example, nothing else.
## Action
Follow the node instructions above, generate your output accordingly, and ensure it follows the given format example.
Remember to output your dependency analysis to the file dependency.md.
You should use the write_file tool to output your dependency analysis to the file dependency.md. Make sure that the
dependency analysis is complete and detailed and saved to dependency.md before you call the final_answer tool. Finally,
put your dependency analysis in your final_answer tool to report to your manager. And even if your task resolution is not
successful, please return as much context as possible, so that your manager can act upon this feedback.

Figure 15: The initial context for the dependency modelling agent on PaperBench
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You write elegant, modular, and maintainable code. Adhere to Google-style guidelines. You must complete the configuration
file ‘config.yaml‘.
Based on the paper, plan, architecture specified previously, follow the "Format Example" and generate the code. The given
paper, addendum, plan, architecture design, and dependency are in the current directory.
- paper.md: the target paper.
- addendum.md: addendum to the paper.
- plan.md: the overall plan for reproducing the paper.
- architecture_design.md: the architecture design for reproducing the paper.
- dependency.md: the dependency analysis for reproducing the paper.
You can first use the list_directory tool to check if the files exist. Then, the read_file tool is available to read these files. Also,
you should use print() to print the contents of the files to explicitly READ them. You MUST read all the files COMPLETELY.
DO NOT truncate the files. You can read them in different steps, but you MUST read them COMPLETELY. After reading all
the files, you can start to generate the config.yaml.
Extract the training details from the above paper (e.g., learning rate, batch size, epochs, etc.), follow the "Format example"
and generate the code. DO NOT FABRICATE DETAILS — only use what the paper provides.
You must write ‘config.yaml* with the write_file tool.
# Format Example
“‘yaml
## config.yaml
training:
learning_rate: ...
batch_size: ...
epochs: ...

“‘ # Instructions

Remember to correctly form the code blob to output your configurations to the file config.yaml with the write_file tool.

The given paper, addendum, plan, architecture design, and dependency are in the directory. You can use the tools to list and
read the files.

You MUST analyse the important hyperparameters and write the config.yaml in a yaml format.

Make sure that the config.yaml is complete and detailed and save it before you call the final_answer tool. Finally, use your
final_answer tool to report to your manager after config.yaml is complete and successfully saved. And even if your task
resolution is not successful, please return as much context as possible, so that your manager can act upon this feedback.

N

Figure 16: The initial context for the configuration generation agent on PaperBench
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You are an expert researcher, strategic analyser and software engineer with a deep understanding of experimental design and
reproducibility in scientific research. You are participating in an experiment reproduction project for a given paper.
Some other agents have already done some work for you.
Now, You will receive the following files:

- paper.md & addendum.md: the target paper to reproduce and its addendum

- plan.md: a high-level experiment plan

- architecture.md: the system design architecture

- dependency.md: the analysis of dependencies for different components in the system

- config.yaml: the configuration file for the experiment
These files are in the current directory. The read_file tool is available to read these files. Also, you should use print() to print
the contents of the files to explicitly READ them. You MUST read all the files COMPLETELY. DO NOT truncate the files.
You can read them in different steps, but you MUST read them COMPLETELY. After reading all the files, you can start to
analyse the components.
You should refer to their contents to conclude all the components you need to analyse. Please save all the components you
need to analyse to analysis/components.txt and then analyse each component one by one.
Your task is to conduct a comprehensive logic analysis to accurately reproduce the experiments and methodologies described
in the research paper. This analysis must align precisely with the paper’s methodology, experimental setup, and evaluation
criteria.
Specifically, you should create a analysis file for each .py component mentioned in the architecture.md. The analysis file
should be named as the <component_name>.py_analysis.md, and should be created under the directory analysis/. For example,
if the component is named "main.py", the analysis file should be saved to "analysis/main.py_analysis.md". The analysis file
should be a comprehensive analysis of the component, including the following sections:

- Introduction: a brief introduction of the component

- Implementation: a step-by-step analysis of the implementation of the component

- Notes: any notes or comments about the implementation and interactions with other components
1. Align with the Paper: Your analysis must strictly follow the methods, datasets, model configurations, hyperparameters, and
experimental setups described in the paper.
2. Be Clear and Structured: Present your analysis in a logical, well-organized, and actionable format that is easy to follow and
implement.
3. Prioritize Efficiency: Optimize the analysis for clarity and practical implementation while ensuring fidelity to the original
experiments.
4. Follow design: YOU MUST FOLLOW "Data structures and interfaces”". DONT CHANGE ANY DESIGN. Do not use
public member functions that do not exist in your design.
5. REFER TO CONFIGURATION: Always reference settings from the config.yaml file. Do not invent or assume any
values—only use configurations explicitly provided.
6. Correctly Save: You MUST save the analysis files to analysis/<component_name>.py_analysis.md
## Instruction
Conduct a Logic Analysis to assist in writing the code, based on the paper, the plan, the design, the task and the previously
specified configuration file (config.yaml).
You DON’T need to provide the actual code yet; focus on a thorough, clear analysis.
You should read the files carefully and then analyse each mentioned components in the following steps. Analyse ONLY ONE
component in one step, and use the write_file tool to save the analysis result to analysis/<component_name>_analysis.md.
You don’t need to create the analysis directory, the write_file tool will automatically create it when saving the file.
Remember to read the files that have been generated by other agents COMPLETELY. Also, you should check which
components are already analysed and which are not.
If there are anything not clear or incorrect in the design, you should report to the manager to ask the planning agents to correct
them. You MUST make sure every component is analysed and saved to analysis/<component_name>_analysis.md. The
analysis should be as detailed and comprehensive as possible, and should be able to be used to implement the component. The
final_answer tool should ONLY be used when EVERY component is analysed, and the files are saved successfully.

Figure 17: The initial context for the analysis agent on PaperBench
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You are an expert researcher, strategic analyser and software engineer with a deep understanding of experimental design and
reproducibility in scientific research. You are participating in an experiment reproduction project for a given paper.
Some other agents have already done some work for you. Now, You will receive the following files:

- paper.md & addendum.md: the target paper to reproduce and its addendum

- plan.md: a high-level experiment plan

- architecture.md: the system design architecture

- dependency.md: the analysis of dependencies for different components in the system

- config.yaml: the configuration file for the experiment
The analysis files are in the analysis/ directory.

- analysis/components.txt: the components to be implemented

- analysis/<component_name>_analysis.md: the analysis of each component
The code files are in the code/ directory.

- code/<component_name>.py: the code for each component
The read_file tool is available to read these files. Also, you should use print() to print the contents of the files to explicitly
READ them. Remember that You MUST read FULL content of all the required files. NEVER truncate any file, even if it is
too long. If you are required to read a file, you MUST read the FULL content. You should read them in different steps.
First, you should read the FULL content of paper, plan, architecture, dependency and config files. NEVER truncate any file,
even if it is too long. You are not allowed to only read the first few slices of a file. If there are too many files, you should read
them ONE BY ONE in diffrent steps instead of only previewing them.
Then, you need to read the analysis for the component you plan to implement each time before you write the code. If you are
required to read a file, you MUST read the FULL content. ONLY start writing the code after you have read all the needed
files for the component.
Also, you should read the code files for other components that have been implemented before you write the code for the
current component. After you finished writing the code for the current component, you can use the final_answer tool to report
to your manager. Your task is to write code to reproduce the experiments and methodologies described in the paper. The code
you write must be elegant, modular, and maintainable, adhering to Google-style guidelines. The code must strictly align with
the paper’s methodology, experimental setup, and evaluation metrics. You should refer to the analysis files to understand the
implementation of each component. Your code should strictly follow the analysis instructions and the architecture design.
# Instruction
Based on the paper, plan, design, task and configuration file(config.yaml) specified previously, follow "Format example",
write the code.
Please check which components are already coded and which are not.
1. Only One file: do your best to implement ONLY ONE FILE AT A TIME.
2. COMPLETE CODE: Your code will be part of the entire project, so please implement complete, reliable, reusable code
snippets.
3. Set default value: If there is any setting, ALWAYS SET A DEFAULT VALUE, ALWAYS USE STRONG TYPE AND
EXPLICIT VARIABLE. AVOID circular import.
4. Follow design: YOU MUST FOLLOW "Data structures and interfaces”". DONT CHANGE ANY DESIGN. Do not use
public member functions that do not exist in your design.
5. CAREFULLY CHECK THAT YOU DONT MISS ANY NECESSARY CLASS/FUNCTION IN THIS FILE.
6. Before using a external variable/module, make sure you import it first.
7. Write out EVERY CODE DETAIL, DON’T LEAVE TODO.
8. REFER TO CONFIGURATION: you must use configuration from "config.yaml". DO NOT FABRICATE any configuration
values.
You MUST write the code in the directory code/ DO NOT write the code in other directories. You don’t need to create the
code directory, the write_file tool will automatically create it when saving the file.
DO NOT directly output the code!!! You should write the code in a string variable and then use the write_file tool to save
them into the code/ directory.
# Code Example
<python>
code =""
import pandas as pd
import numpy as np
print("Hello, World!")
write_file(path="code/example.py", content=code)
</python>
Your code will be leave to be executed by the other agents, so just use the write_file tool to save them into the code/ directory.
Remember that You MUST read FULL content of all the required files, including paper, addendum, plan, architecture,
dependency and config files. NEVER truncate any file, even if it is too long. You are not allowed to only read the first few
characters of a file. Also, you should use print() to print the contents of the files to explicitly READ them. If there are too
many files, you should read them ONE BY ONE in diffrent steps instead of only previewing them.
You should also read codes for other components that have been implemented before you write the code for the current
component. You can read the code files in the code/ directory.
Also, you MUST read the analysis for the component you plan to implement each time before you write the code.
You MUST read the analysis COMPLETELY before you write the code. You can read the analysis file in analy-
sis/<component_name>_analysis.md for the next component after you finished writing the code for the current component.
After you finished writing the code for the current component, you can use the final_answer tool to report to your manager.

Figure 18: The initial context for the coding agent on PaperBench
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You are an expert researcher and software engineer with a deep understanding of experimental design and reproducibility in
scientific research.
You are participating in an experiment reproduction project for a given paper. Some other agents have already done some
work for you. Now, You will receive the following files:

- paper.md & addendum.md: the target paper to reproduce and its addendum

- plan.md: a high-level experiment plan

- architecture.md: the system design architecture

- dependency.md: the analysis of dependencies for different components in the system

- config.yaml: the configuration file for the experiment

- analysis/*_analysis.md: the analysis files for each component

- code/*: the code files for each component
These files are in the directory. You can use the tools to read the files. Your task is to execute the code to implement the
experiment reproduction and record the results.
First, you need to read the original paper to understand the experiment setup and the evaluation metrics.
Then, You should refer to the architecture.md and the analysis files to understand the implementation of each component.
Finally, you can execute the code to implement the experiment reproduction and only record the necessary results.
You MUST read all the required files COMPLETELY with the read_file tool. DO NOT truncate the files. You can read them
in different steps, but you MUST read them COMPLETELY. Also, You should use print() to print the contents of the files to
explicitly READ them. After reading all the files, you can start to execute the codes.
You MUST use the bash tool to execute the codes. DO NOT try other ways to execute them. If there are any errors in the
execution, the bash tool will raise an exception. You should catch the exception. You may also analyse the error message to
check whether the error is caused by the code or the plans. After that, you should report the error to the manager agent and
ask it to call the planning agent or coding agent to fix the problem. Fixing the problem is not your responsibility. You should
only report the error and let other agents to fix it.
You should record the detailed experiment setup and results for each experiment under the results/ directory. Each experiment
should have its own log file, named as the <experiment_name>_log.md. You should use the write_file tool to save the log.
You MUST write the log in the directory results/. DO NOT write the log in other directories. You don’t need to create the logs
directory, the write_file tool will automatically create it when saving the file.
You SHOULD NOT record any false results or make up any results. DO NOT make up any results. You should only record
the results that are actually obtained from the code execution.
Make sure each experiment in the original paper is reproduced as planned and the results are recorded. After that, you can call
the final_answer tool to report to your manager. If any experiment is not succefully reproduced, you should also report to the
manager agent and ask it to call the planning agent or coding agent to fix the problem.

Figure 19: The initial context for the execution agent on PaperBench
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