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// ' Background

Open Source Software (OSS) 1s essential in modern software ecosystems, but around 9.03% of projects lack adequate

README documentation, affecting developer efficiency and maintainability. Although recent advancements 1n natural
language processing (NLP) and large language models (LLMs) have automated README generation, challenges remain 1n
integrating real-time knowledge, handling complex software structures, and adapting to project-specific needs. This paper
presents RMGenie, an LLM-based agent framework for automated README generation. RMGenie leverages multi-round
interactions with external tools to extract key code insights and uses a Tree of Actions model with entropy-based scoring to
optimize decision-making. A reflexion mechanism reduces biases and tool errors, while experimental results show

RMGenie outperforms existing methods 1n completeness, instruction adherence, and accuracy.

// System Design

RMGenie’s design follows a two-phase workflow: the Decision Phase, where 1t analyzes the OSS repository and integrates
external knowledge, and the Execution Phase, where 1t decomposes tasks and refines content. A Tree of Actions (ToA)

model and adaptive reflexion mechanism optimize decision-making and ensure accurate, complete README generation.

-

~—— User Query LLM-Based Agent Workflow Tree of Actions
“Generate a README for my g S HFe ok t'will ‘anal the N P —
Python web scraper with an MIT ARl ailbch ot yze In this phase, I will decompose ﬁ ——
license, including installation, , 0SS repasitory structure, the README generation task, ETEKT + PRU"PT]
; s extract key metadata, and =—=a8
usage, and license details. s soiard execute structured actions, and
\_ 9"' i cm': frl.luclfldn iteratively refine the content to %@ %
W k \hcamprehensive README outline. eHsure Clapily anc coupteienens. J [ ] —— Y
Orkspace —— S ety Updreit i
— OSS Repository *--; Decision Phase Execution Phase ‘L v v

» My Web Scraper

1

I

' L}

m )
v Source Code Context Awareness

:

I

1

1 — -

I "

I

I

1

]

Fa
=

Action Decomposition
G | i)

i I
£ ="
P = o :’}J 5 ?
l |I will refine the actions according 9

@  scraper.py

8 LISENSE

- -

{C o /ﬂ tie feedback (eq. formatting errors)t
N Semantic Analysis @ Action Execution
README.MD R y s_/ % =z ——
——————————————————————————— .dlx—_;':-_ M " ;ﬁ’i’
- External -y &ﬁéﬁ l, v 1 g Py
~ Knowledge Base | Pl ﬂﬁig inally, we get the ¥
)@ Open-source Policies . @ ithowiecgs incegracion = efinement [ rdmtltsﬁmﬁiﬁfl:

!

1

I

T

> Filtered OSS Projects __,/ M
e i _ _ _
i_%, ToolChain ===~ Adapative Reflexion Mechanism
E ):l lzad!ese;;:ers I i ﬁ Error Detetion |:> g e :> % Action Adjustment
\i——;—j _____________________ :i) ; C: > Decision Review | > @ﬁ

A

// Evaluations

Dimension Compared LLMs Win Tie Lose RMGenie Win Method Evaluation Dimension Win Tie Win Rate i iamerkmaiini E“““’“;" D "]":‘: ; L‘{‘}“ “M“;“; e
rompt
g;erlf'jzﬂ‘m 3{: gz i gﬂggi Overall Satistaction 86 64  57.33% Overall Satisfaction  LARCH 95 49 6 63.33%
Overall e Content Completeness 90 60 60% ReppAge % & 2 2O
Satisfaction ChatGLM4 [ 39 0 74.00% w/o ToA PromptCs 19 31 0 79.33%
Qwen2.5 114 36 0 76.00% Factual Accuracy 90 60 60% Content Compléieaess  TARCH o 40 0 7333%
Llama3.|l 117 33 0 T8.00% Instruction Cgmp]iance o | 66 5655 RepoAgent 104 46 0 69.33%
DeepSeek-R1 119 31 0 79.33% Promp(CS 09 41 0 72.67%
GPT-40 122 28 0 81.33% Factual Accuracy  LARCH 9 510 6%
Content ChatGL M4 124 26 0 27 665% RepoAgent 95 55 0 63.33%
Completeness : Model Final  Overall Content Factual Instruction
Qwen2.5 130 20 0O 86.67% X 1 : ; ;
Score Satisfaction Cnmpleteness ﬁm“rﬂcjr Cumphance Base Model Final Overall Content Factual Instruction
Llama3.1 132 18 0 88.00% Score Satisfaction Completeness Accuracy Compliance
wlo ToA  80.5 80.5 82.5 77.5 81.5
DeepSeek-R1 59 51 O 66.00% RMGenic 84.33 24 83 25 33 23 66 23 5 DeepSeck-R1 +
5 & GPT-40 93 55 2 62 .00% cHie o ; ; : : ToA + Reflexion 8433  84.83 85.33 83.66 83.5
A;f;“ac ChatGLM4 108 42 0 72.00% Grfses
¥ Owen.5 21 29 0O 20.67% E:[ ;L:ieflan 8462  84.66 85.16 §3.83 84.83
Llama3.1 115 35 0 76.67% Method Evaluation Dimension ~Win  Tie  Win Rate ToA + Reflexion 8049  80.16 80.5 79.83 81.5
DEEPSEER-RI T7 67 6 51.33% Owverall Satisfaction R4 66 569 Qwen.5 +
Findinitfan GPT-4o 80 60 1 50 339% o Content Completeness 79 71 52.66% ToA + Reflexion 81.62  81.83 82.00 80.83 81.83
Compliance CNatGLM4 106 44 0O 70.67% Factual Correctness 98 52 65.33% iR
P Qwen2.5 111 39 0 74.00% Instruction Compliance 84 66 56% T Rt Sos TR e et 10
Llama3.1 113 37 0 75.33%

. Table 4: Automatic and human
Table 1: Comparison of RMGenie and LLMs Table 3: Ablation study results evaluation of RMGenie

Across Evaluation Dimensions

Overall Content Factual Instruction Findings .
Model Score i p ;
Satisfaction Completeness Accuracy Compliance
DeepSeck-R1 6828  68.16 p— 6766 69.83 v/ RMGenie outperforms direct LLM-based methods in key metrics, excelling in content
GPT-40 69.33 6933 70.33 70.16 67.5 completeness, satisfaction, accuracy, and instruction compliance.
ChatGLM4  67.74  67.5 69.16 66.16 68.16 . . . .
Qwen2.5 6441  64.66 65.0 64.66 63.33 v Ablations show ToA and reflexion boost RMGenie's accuracy; larger models improve
Llama3.1 6403  63.83 64.33 63.33 64.66 performance but cost more, with GPT-40 and DeepSeek-R1 leading.
RMGenie  84.33  84.83 85.33 83.66 83.5
v RMGenie outperforms state-of-the-art methods, achieving the highest scores in
Table 2:  Comparison on license conflict issues satisfaction, completeness, and accuracy with a final score of 84.38.

// Contributions // Conclusion

@ RMGenie is an LLM-based system for automated README || RMGenie is an LLM-based framework for automated
generation, improving documentation adaptability. README generation 1in OSS, utilizing an LLM agent

@ The ToA model enables dynamic reasoning pathways, for analysis and the ToA model for dynamic

.. L. . . reasoning. A reflexion mechanism enhances accuracy
refining content organization for improved logical

coherence and structural clarity beyond static methods. by refining decisions. Evaluations on 150 GitHub

&y ' T : rojects show RMGenie outperforms existing tools,
@ RMGenie outperforms existing methods in accuracy and pro] p g

. . and a VSCode plugin integrates it into development
completeness, with top scores 1n both automated and piuS & P

workflows, improving efficiency and consistency.

human evaluations.
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