
MA-RWG: A Multi-Agent Framework for Thematically Structuring and
Generation of Related Work

Zhuang Liu8 , Jian Liu1 , Chun Kang1 , Chenbin Zhang2 , Rui Li3 , Fanhu
Zeng4 , Yong Dai5 and Lei Sha1,6,7

1School of Artificial Intelligence, Beihang University
2University of Electronic Science and Technology of China

3Peking University
4University of Chinese Academy of Sciences

5x-humanoid
6OxTium AI Research

7Beijing Advanced Innovation Center for Future Blockchain and Privacy Computing
8School of Foreign Languages, Beihang University

{lz20230806, aleczhang13, challengezengfh}@gmail.com, {liujian2024, kangchun,
shalei}@buaa.edu.cn, o l1ru1@stu.pku.edu.cn, daiyongya@outlook.com

Abstract
AI-driven survey generation has advanced rapidly,
yet related work generation (RWG) remains rela-
tively underexplored. Unlike surveys that provide
broad literature overviews, RWG synthesizes prior
studies for a single focal paper, requiring contex-
tual fit, cross-paper comparison, and accurate at-
tribution. To address this gap, we propose MA-
RWG, a fully automated multi-agent framework
that generates polished related work sections from
only a title and abstract. MA-RWG first retrieves
high-quality candidate papers through semantic re-
trieval, optionally enhanced with a diversity-aware
term. It then coordinates four specialized agents
for summarization, organization, integration, and
fact checking, enabling DAG-based taxonomy con-
struction, feedback-guided refinement, and dual-
model verification. For evaluation, we introduce
a dedicated benchmark for paper-specific related
work generation, covering generation quality, ci-
tation quality, and claim-level semantic similarity.
Experimental results show that MA-RWG outper-
forms RAG-based baselines and survey-oriented
agentic methods on the RWG task. Further abla-
tion and cross-domain experiments demonstrate the
soundness and robustness of the proposed frame-
work.

1 Introduction
The related work section serves as a critical foundation for
academic papers, contextualizing the current study within
the broader research landscape. Its effectiveness hinges not
merely on listing prior studies, but on synthesizing exist-
ing knowledge through logically structured organization and
deep comparative analysis across references. Recent progress

in automated academic writing has pursued two related but
distinct directions: survey generation and RWG. Survey gen-
eration systems (e.g., AutoSurvey [Wang et al., 2024]) aim
to produce panoramic overviews of entire research domains,
emphasizing coverage, classification, and trend analysis. In
contrast, RWG targets the synthesis of literature specific to a
single focal paper, requiring contextual fit, side-by-side com-
parison, and explicit positioning of novelty. While survey-
style methods are valuable for domain-level knowledge cura-
tion, they do not address the paper-specific needs of RWG,
where comparative analysis and precise attribution are cru-
cial.

However, existing methods for automating RWG still fall
short of core scholarly standards, especially in coherence,
completeness, and fine-grained comparative synthesis across
references. The seminal work of [Hoang and Kan, 2010]
first formalized the task of automatic RWG and introduced
ReWoS (Related Work Summarizer). ReWoS follows a hi-
erarchical, keyword-driven paradigm that combines general
content extraction (GCSum) with specific content extraction
(SCSum), selecting and concatenating salient sentences from
cited papers. Although effective as an early prototype, this
extractive “stitching” strategy is inherently limited: it of-
ten omits important contextual details, provides only shallow
modeling of inter-paper relations, and produces text that lacks
fluency and in-depth cross-paper comparison.

With the rapid progress of large language models (LLMs),
RWG has gradually shifted from extractive pipelines to fully
generative frameworks [Brown et al., 2020; Achiam et al.,
2023; Guo et al., 2025]. Early LLM-based studies typically
improve input representations by incorporating user-provided
or automatically extracted keywords, thereby reducing hal-
lucinations and enhancing factual fidelity. For example, [Li
et al., 2024] proposed a human-in-the-loop keyword retrieval
mechanism that substantially improves the reliability and pre-
cision of generated literature summaries.
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More recent studies increasingly adopt agent-based archi-
tectures to decompose RWG into specialized subtasks, lead-
ing to notable improvements in both coherence and cita-
tion accuracy. For instance, [Agarwal et al., 2024b] intro-
duced a two-stage review process that integrates keyword-
and embedding-based retrieval with plan-guided generation,
enhancing the consistency and depth of automated literature
surveys. Extending this approach, [Liu et al., 2025] pro-
posed a multi-agent, graph-aware pipeline that enforces logi-
cal structuring and precise relationship mapping among cited
works, thereby significantly improving narrative flow and ci-
tation correctness.

However, current research on related work generation still
faces two notable limitations. First, existing methods typi-
cally produce discrete summaries of individual papers, lack-
ing the categorization of similar studies and the organized
structure expected in a well-written related work section.
Second, a high-quality related work section requires not just
a summary, but an accurate, in-depth comparative analysis.
This includes methodological contrasts, choices of datasets,
experimental designs, and discussions of strengths and weak-
nesses, all of which serve to highlight a new paper’s unique
contributions. However, most automated approaches omit
this level of side-by-side discussion.

To address these limitations and enhance structural coher-
ence, analytical depth, and factual precision, we introduce
MA-RWG, an automated multi-agent pipeline for generating
thematically organized related-work sections. Unlike survey-
oriented systems, MA-RWG is explicitly designed for RWG,
prioritizing contextual relevance and critical comparison over
domain-wide coverage.

MA-RWG operationalizes RWG through four collabora-
tive agents: (1) Candidate Construction, which combines se-
mantic retrieval with an optional diversity term ranking to
assemble representative candidate sets; (2) Contextual Sum-
marization, where the Summarization Agent produces query-
conditioned summaries that preserve essential scholarly con-
tributions; (3) Taxonomy Organization, where the Organi-
zation Agent organizes the retrieved literature into a multi-
dimensional directed acyclic graph (DAG) spanning Tasks,
Methods, Datasets, and Evaluation under the guidance of a
large language model (LLM), and derives an outline at an ap-
propriate granularity; and (4) Drafting, Refinement, and Veri-
fication, where the Integration Agent drafts and iteratively re-
fines the related-work section for clarity and critical synthe-
sis, while the Fact-Checking Agent applies dual-model ver-
ification to detect and correct unsupported or misattributed
statements. Through this integrated process, MA-RWG pro-
duces related-work sections that are coherent, analytically
rigorous, and factually precise.

To evaluate our approach, we introduce a benchmark con-
sisting of 200 research topics and a retrieval corpus of 8,000
related papers. We assess the quality of generated related
work from three perspectives: citation quality, text quality,
and claim-level semantic similarity. Experimental results
show that our method exhibits unique advantages over RAG-
based approaches and agent-based methods designed for sur-
vey generation. Meanwhile, the experimental results indicate
that survey-oriented generation methods such as SurveyForge

exhibit lower citation utilization and produce more diffuse
descriptions. This clearly highlights the fundamental differ-
ences between survey generation and the RWG task. Fur-
ther ablation and domain generalization experiments provide
strong evidence for the soundness and robustness of our ap-
proach.

Our contributions are summarized as follows:
• We propose MA-RWG, an end-to-end agent-based sys-

tem specifically designed for related-work generation,
which employs four coordinated components to produce
related work that is structurally rigorous, analytically
comparative, and linguistically concise.

• We introduce a dedicated benchmark for paper-specific
related-work generation, consisting of 200 research top-
ics and a retrieval corpus of 8,000 papers, along with
three categories of evaluation metrics covering citation
quality, text quality, and claim-level semantic similarity.

• Extensive experiments show that MA-RWG exhibits
unique advantages on the RWG task, achieving the
best performance among the compared baselines on
most evaluation metrics. Further ablation and domain-
generalization studies confirm the soundness and robust-
ness of our approach.

Our implementation is publicly available [Liu et al., 2026].

2 Related Work
2.1 Automated Generation and Summarization of

Related Work
The automated synthesis of related work sections faces three
core challenges: thematic coherence, comparative analysis,
and factual grounding. Early approaches mainly focused on
content extraction and summarization. [Shah and Barzilay,
2021] proposed a tree-based content planning model, while
[Wang et al., 2019] developed a neural summarizer with joint
attention mechanisms. However, as noted by [Mandal et al.,
2024], these methods often produce generic summaries lack-
ing contextual relevance, frequently overlooking specific ci-
tation contexts. This limitation has driven the development of
more sophisticated retrieval and grounding techniques.

Recent attributed generation methods significantly im-
prove factual accuracy. [Li et al., 2023] demonstrated that
grounding improves when conditioning on cited text spans,
while datasets like CORWA [Li et al., 2022] and OARelat-
edWork [Docekal et al., 2024] enable better training. How-
ever, multi-paper synthesis and nuanced comparative analysis
remain challenging. [Liu et al., 2023] introduced causal in-
tervention to enhance coherence, and [Anand et al., 2023]
utilized knowledge graphs for citation generation. Despite
these advances, [Martin-Boyle et al., 2024] found that even
state-of-the-art LLMs struggle with detailed synthesis with-
out human intervention, highlighting the need for more robust
automated solutions.

2.2 Multi-Agent Frameworks for Scientific Text
Synthesis

Multi-agent systems overcome the limits of monolithic de-
signs by dividing complex tasks into specialized components.
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[Li et al., 2025] introduced ChatCite, an LLM agent for com-
parative literature summarization, and [Kang et al., 2023] de-
veloped SYNERGI for scholarly synthesis. These studies il-
lustrate the promise of agent-based approaches but each tar-
gets only a narrow subtask. Likewise, [Torres et al., 2024]
automated systematic literature reviews (SLRs). However, its
sequential design lacks the dynamic interaction that charac-
terizes true multi-agent systems.

In the more challenging task of long-form survey gener-
ation, [Wang et al., 2024] proposed AutoSurvey, a system-
atic pipeline featuring retrieval, outline generation, and multi-
stage refinement. While efficient and well-structured, its re-
liance on static outlines constrains adaptability to complex
knowledge structures. Similarly, [Yan et al., 2025] developed
SurveyForge, which employs logical outline analysis and a
memory-augmented navigation agent. Despite its organiza-
tional strengths, the multi-agent architecture suffers from in-
formation loss during inter-agent communication and lacks
posterior fact-checking, limiting output reliability despite re-
lying on memory storage.

MA-RWG advances this line of work through orchestra-
tion rather than by claiming each module is individually
new. Compared with citation-aware RWG systems such as
ChatCite and graph-aware synthesis methods such as SYN-
ERGI, MA-RWG targets the complete related-work pipeline:
candidate construction, contextual summarization, multidi-
mensional DAG organization, iterative integration, and dual-
model fact verification. Compared with survey-oriented
agents such as LitLLM and SurveyForge, it is optimized for
paper-specific synthesis, attribution, and novelty positioning
rather than broad domain coverage.

3 Multi-Agent Collaborative Generation
We propose an end-to-end framework for automated related
work generation, where four collaborative agents collectively
produce academically rigorous text through precision con-
tent retrieval, structured knowledge organization, and
dual-model factual verification. Given the input title at and
abstract ai, the system generates a related work section R that
achieves an optimal balance between topic relevance and the
depth and breadth of related research. Figure 1 demonstrates
the entire process of MA-RWG.

3.1 Data Preprocessing
This study’s data preprocessing aims to efficiently iden-
tify highly relevant articles from a large literature database.
We follow [Beger and Henneking, 2025]’s hybrid retrieval
method and use their established database as our founda-
tion. The process is divided into three main stages: ini-
tial candidate identification, full-text content extraction and
refinement, and final selection. Data preprocessing begins
with semantic retrieval. The system encodes the input ti-
tle at and abstract ai into a d-dimensional vector vs ∈ Rd

(using the all-mpnet-base-v2 Sentence Transformer
[Reimers and Gurevych, 2019]) and simultaneously extracts
topic identifiers T (via a fine-tuned BERTopic version [Groo-
tendorst, 2022]). In the Milvus vector database [Wang et al.,
2021], initial candidate paper sets C are retrieved through co-

sine similarity. To balance relevance and diversity, we em-
ploy an iterative selection mechanism over P (the full set of
candidate papers derived from C):

i∗ = argmaxi/∈S
[
(1− λ) · si+
λ ·
(
1− min

pj∈S
sim(ei, ej)

)] (1)

Here, P = {p1, p2, · · · , pn} denotes all candidate papers
(expanded from the initial C), and S ⊆ P is the subset of pa-
pers already selected in the iteration. Each paper pi is asso-
ciated with an abstract embedding ei ∈ Rd (generated using
the same all-mpnet-base-v2 model). sim(ei, ej) rep-
resents the cosine similarity between embeddings of pi and
pj ; si quantifies the relevance of pi to the input (specifically,
the average cosine similarity between ei and vs, the joint em-
bedding of at and ai).

The diversity weight λ ∈ [0, 1] modulates the trade-off:
λ = 0 prioritizes pure relevance (selecting papers most
similar to the input), while λ > 0 rewards papers that
are dissimilar to at least one already selected paper (via
1−minpj∈S sim(ei, ej), which increases as pi becomes less
similar to the ”least similar” paper in S). By iteratively apply-
ing this criterion, we construct a longlist L containing 3 ∗ B
papers (where B is the breadth parameter, defining the size
of the final refined set), enabling flexible control over the bal-
ance between input relevance and perspective diversity.

Next, each paper in the longlist undergoes full-text pro-
cessing, filtering out non-critical sections. To precisely
extract content, we leverage the aforementioned balancing
mechanism. Specifically, each page is treated as a candi-
date unit, and the principle of the above formula is reapplied.
Based on its similarity to the input abstract (si) and its di-
versity relative to already selected pages, the k most relevant
pages are chosen, given a depth parameter D.

Finally, the key pages from the longlist papers are inte-
grated with their abstracts to form an aggregated content rep-
resentation for each paper. Through further average similar-
ity filtering of these aggregated contents, a refined shortlist
St containing B papers is determined. These papers in the
shortlist constitute all relevant sources for subsequent content
synthesis and analysis. Although our experiments use a fixed
benchmark corpus for reproducibility, the retrieval stage is
index-based: newly ingested papers can be encoded with the
same sentence encoder and inserted into the vector database
without retraining the downstream agents; taxonomy nodes
are then rebuilt for the retrieved shortlist at generation time.

3.2 Summarization Agent

The summarization agent synthesizes contextualized sum-
maries for shortlisted papers. For each paper Pi ∈ St, it
conditions a large language model LLMsum on three comple-
mentary sources: the original abstract ai, the paper’s own ab-
stract bi, and the top-D page contents {p∗i1, . . . , p∗iD}. The
contextualized summary s′i is then produced by executing the
following prompt:

PRELIMINARY PREPRINT VERSION – DO NOT CITE
This is not the version of record. The final version will appear in the Proceedings of IJCAI-ECAI 2026.

IJ
CA

I-E
CA

I 2
02
6
PR
EP
RI
N
T



Data  Preprocess

Target Paper 
Title & Abstract

Candidate Papers 
(size 6B) 

Milvus Vector 
Database 

Top 3B 
Papers

Page-level 
 

Summarization Agent

         Target Abstract 
      & Selected Abstract 
      & Top-D Page Contents

Contextualized Summaries

Organization Agent

Fact-Checking Agent

Similarity Candidate 
Papers 

Top B 
Papers

Density  ≥ δ
Unmapped 
Density ≥ δ

Semantic Retrieval Granular Filter

    Task     Method 
Dataset     Evaluation

Depth 
Expansion
Width 

Expansion

Fact Check

Related Work

4-Dimension Label Generation
Task Dimension        
Method Dimension

…

Paper n         Task topic 1   Method topic 3    Dataset  ❌   Evaluation topic 2

   Abstract
& DAG
& Criteria

Restructured 
DAG (Outline) 

Same-level Topics

Sub-level Topics
Paper

Reclassify 

DAG Construction
Expansion

Multi-Dimension Classify

Error Analysis

topic 1   topic 2   topic 3 …
topic 1   topic 2   topic 3 … 

✅

❌

Error Type
& Analysis

🔍
Top 3B 
Papers

Paper-level 
 Diversity

Embedding

Topic-level Paper-level Similarity 
Diversity

Trade-off
Reorder

Reorder

✨

✨
✨ …

✨ ✨

Input 💬

Input 💬

 Draft         Related Work

          Related Work Outline
       & Contextualized Summaries 
       & Abstracts

Integration Agent 

✨

🧐✨ 🧐✨

DAG-Guided Outline Generation
Input 💬Update

Claim-Source 
Pairs

New 
Claim

Final Related Work

✍✨

Correct

Initialize

Figure 1: The MA-RWG framework is a multi-agent system for related-work synthesis. It starts with Data Preprocessing using semantic
retrieval and diversity reordering to select candidate papers. The Summarization Agent produces contextualized summaries focusing on
core contributions and comparative analysis. The Organization Agent builds a multidimensional DAG taxonomy (Task, Method, Dataset,
Evaluation) and performs DAG-Guided Outline Generation to create a structured outline. The Integration Agent composes and refines
the draft for coherent flow and critical synthesis. The Fact-Checking Agent verifies atomic claims and citation accuracy via dual-model
verification and automated correction.

s′i = LLMsum

(Summarize [Paper Title]:
ai, bi
within the context of [S].
Key pages: {p∗i1, . . . , p∗iD}

)
. (2)

This design encourages s′i to faithfully capture the paper’s
core contributions while remaining tightly aligned with the
research context represented by the set St.

3.3 Organization Agent
The organization agent constructs a multidimensional tax-
onomy by structuring input papers along four orthogonal di-
mensions D = {Task,Methodology,Dataset,Evaluation},
inspired by [Kargupta et al., 2025]. To begin this process,
we utilize a LLM-based multi-label classification approach.
Given each paper’s title and abstract, the LLM first catego-
rizes the paper into one or more of the four primary dimen-
sions in D, forming possibly overlapping subsets. Subse-
quently, for each d ∈ D, it generates a directed acyclic graph

Td supporting multi-parent relationships.

Initial DAG Construction. The initial DAG construction
proceeds through two integrated stages–hierarchical expan-
sion and semantic-aware clustering. This process terminates
when either the density signal (node paper count or unclas-
sified paper count) falls below a threshold δ, or the depth
reaches lmax. We frame DAG construction as an LLM-based
multi-label classification task: Given each paper’s title and
abstract, the model partitions the collection into four (poten-
tially overlapping) subsets corresponding to D. Formally, for
each topic node ni,d (where i indexes nodes under dimension
d ∈ D), we compute:

ρ(ni,d) := |Pi,d|, ρ̃(ni,d) := |Ui,d|, (3)

where:

• Pi,d ⊆ Sshort denotes the set of papers explicitly associ-
ated with node ni,d;

• ρ(ni,d) (node paper count) is the size of Pi,d;
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• Ui,d ⊆ Pi,d denotes the subset of papers in Pi,d that are
not classified by any child node of ni,d;

• ρ̃(ni,d) (unclassified paper count) is the size of Ui,d, ex-
cluding papers partially classified by child nodes.

Expansion is triggered by the following conditions:{
ρ(ni,d) ≥ δ ∧ level(ni,d) < lmax,

ρ̃(ni,d) ≥ δ ∧ C(ni,d) ̸= ∅, (4)

where:
• level(ni,d) ∈ N+ is the depth of node ni,d in Td (root

nodes have level = 1);
• C(ni,d) is the set of child nodes of ni,d (i.e., C(ni,d) =
{nj,d | ni,d is a parent of nj,d}).

Hierarchical expansion is achieved through two modes:
• Depth expansion: Adding fine-grained child nodes to

leaf nodes (where C(ni,d) = ∅) with high paper density
(ρ(ni,d) ≥ δ);

• Width expansion: Adding new sibling nodes to non-leaf
nodes (where C(ni,d) ̸= ∅) whose existing children fail
to cover unclassified papers (ρ̃(ni,d) ≥ δ).

This process is iterative, with ρ and ρ̃ guiding both the di-
rection of growth (depth vs. width) and termination (when
neither condition is met).

Semantic-aware clustering is triggered when a node re-
quires expansion, ensuring semantic validity of new entities
through two sequential sub-steps:

1. Subtopic pseudo-labeling: The LLM generates pseudo-
labels for papers in Ui,d, tailored to the dimension d and
granularity matching level(ni,d);

2. Subtopic clustering: These pseudo-labels are grouped
into coherent subtopic clusters (via cosine similarity on
label embeddings), forming new child nodes.

This dual-phase process optimizes corpus coverage, min-
imizes redundancy, and preserves semantic integrity during
expansion.
DAG-Guided Outline Generation. At this stage, the sys-
tem constructs a structured prompt:

Toutline = ftemplate(A,G). (5)
Here, A denotes the input abstract, and G represents the com-
plete set of dimension-specific DAGs:

G = {Td | d ∈ D}. (6)
This prompt directs the LLM to analyze the hierarchical or-
ganization of G and to select an appropriate granularity for
the resulting outline. Conditioned on this input, the LLM M
generates an outline that is thematically coherent and hierar-
chically aligned:

O = M(Toutline), (7)
where O = {(ti, li) | 2 ≤ |O| ≤ 4, li ≤ 10}. In this ex-

pression, |O| gives the number of topics in the outline, which
ranges from 2 to 4. Meanwhile, li specifies the maximum al-
lowable word length for each topic ti, which is capped at 10
words. The density-based distribution analysis performed by
the LLM on G ensures that the resulting outline aligns with
the semantic structure found in the input papers.

3.4 Integration Agent
The process for generating and refining the related work text
within our system comprises two main stages: feedback gen-
eration and content integration.

Initially, an initial draft of the related work is produced by
a large language model, leveraging reclassified papers, their
original abstracts, and contextualized summaries.

Subsequently, feedback is provided on this initial draft for
revision, evaluating four dimensions: structural logic, critical
analysis, prominent contribution, and concise language.

Finally, an integration agent refines the related work sec-
tion based on this feedback. The revision process, applied
within each subsection, focuses on four key aspects:

The revision focuses on four dimensions. Reorganized
Structure ensures that the content is presented following
a clear logical progression from problem formulation to
method classification, then to limitations, and finally to our
innovation. Strengthen criticism emphasizes that, after intro-
ducing each category of methods, their limitations are explic-
itly analyzed and directly connected to the motivation of our
work. Simplified language aims to merge citations, remove
redundant descriptions, and highlight the core viewpoints to
improve clarity and conciseness. Comparison clarity explic-
itly states in the conclusion why our method outperforms
prior approaches.

Throughout the revision process, the system strictly ad-
heres to the established outline of the related work section.

3.5 Fact-Checking Agent
To ensure rigorous academic integrity, the agent implements
a dual-model verification system for every pair of claim-
source(s) in the generated text. For each claim c with cited
passages Rc = {r1, . . . , rk}:

Valid(c) =


1 if Model1 (c,Rc) = supported

∧ Model2 (c,Rc) = supported
0 otherwise

(8)

Claims are classified into error categories via ensemble la-
beling:

ErrorType(c) = mode
([

fModel1
cls (c,Rc), f

Model2
cls (c,Rc)

])
(9)

where error types:

E = {Direct Contradiction,Unsubstantiated,
Misrepresentation, Incorrect Attribution,Other}.

Detected erroneous claims are automatically rectified by
Model1:

c′ = Model1

(Correct claim: [c]

for error: [ErrorType]

using sources: Rc

)
(10)

Corrected claims are re-verified:

cfinal =

{
c′ if Valid(c′) = 1

REMOVE otherwise
(11)
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3.6 Integrated Workflow
The pipeline is formalized as functional composition:

Rfinal = Ffact-check ◦ Fintegrate ◦ Forganize

◦Fsummarize ◦ Fpreprocess(S; Θ)
(12)

where the final result Rfinal is generated by sequentially ap-
plying the preprocessing function Fpreprocess, the summariza-
tion function Fsummarize, the organization function Forganize,
the integration function Fintegrate, and finally the fact-checking
function Ffact-check to the input source S.

This functional sequence is controlled by a global parame-
ter set, Θ = {B,D, λ}, which jointly governs the workflow’s
behavior and output characteristics. The structural granular-
ity is specified by two parameters: the paper breadth B de-
fines the cross-document scope, while the page depth D de-
termines the level of detail within each document. λ controls
diversity among intermediate candidate sets.

4 Experiments
4.1 Experimental Settings
Baselines. We compare against four representative base-
lines, covering both retrieval-augmented generation (RAG)
and agent-based survey generation: (i) two RAG variants,
Naive RAG and CiteGeist; and (ii) two agent-based methods,
LitLLM and SurveyForge. CiteGeist [Beger and Henneking,
2025] is a dynamic arXiv-based retrieval-augmented system
for related-work generation. Naive RAG follows a standard
retrieve-then-generate pipeline, using Gemini 2.5 Flash as the
generator [Google, 2025]. LitLLM [Agarwal et al., 2024a]
is a multi-agent framework that integrates academic paper re-
trieval into the generation loop and employs multiple prompts
to iteratively produce citation-aware academic surveys. Sur-
veyForge [Yan et al., 2025] likewise uses a structured outline
to steer generation; additionally, it introduces memory-driven
generation and multi-dimensional evaluation to automatically
produce structured academic surveys. For fairness, all base-
lines share the same retrieval source, embedding model, vec-
tor database, and retrieval hyperparameters where applicable;
we only replace the retrieval module and preserve each base-
line’s original generation logic.
Datasets. We construct a benchmark consisting of 200 re-
search topics (including title and abstract) and a literature re-
trieval corpus of 8,000 papers. Each research topic is paired
with a human-written related work section serving as the gold
label. We sample 200 AI/ML papers published between 2020
and 2024 from ScholarCopilot [Wang et al., 2025], covering
ten themes such as large language models, multimodal foun-
dation models, diffusion models, graph neural networks, rein-
forcement learning, federated learning, interpretability, com-
pression, adversarial robustness, and continual learning. For
each paper, we collect references cited in its related-work sec-
tion, yielding 6,519 relevant papers, and add 1,481 same-area
distractor papers. For the reported full-system comparisons,
we evaluate all methods on a 50-paper subset sampled from
this benchmark, using the same fixed corpus and metric pro-
tocol. This construction gives controlled gold references for
citation diagnostics, while still leaving open-world retrieval
and hard-negative mining as limitations.

Implementation Details. We implement the dual-model
verification module by coupling a lightweight generator with
an independent verifier. Concretely, the generator is instan-
tiated with Gemini 2.5 Flash, while the verifier is DeepSeek
-V3-0324 [Liu et al., 2024], which re-checks the drafted re-
sponse for factual consistency. We set the maximum number
of verification attempts to 1, i.e., the system performs exactly
one fact-checking pass before finalizing the output.

Hyperparameters Setup. The basic hyperparameter set-
tings used in the experiments are as follows. Breadth and
depth parameters are set to B (corresponding to the preset
number of citations for ground truth related work per round)
and D = 3 respectively. The diversity weight was set to
λ = 0 in the main experiments, reducing the retrieval score to
relevance-only ranking for controlled comparison. The diver-
sity term is retained as an optional component of the frame-
work. As part of the DAG construction process, the density
signal threshold (δ) is set to 5, and the maximum depth (lmax)
is set to 3.

4.2 Main Evaluation
Evaluation Metrics. We report three complementary met-
ric families (Table 1). (1) Citation quality measures claim–
source correctness and evidence coverage: Claim Precision
(ClaP) is the fraction of correctly supported cited claims;
Citation Precision (CitP) is the fraction of correct citations
among all citations; Reference Coverage (RC) measures how
well gold references are covered by generated citations; and
Average Citations per Claim (CC) is the mean number of ci-
tations per cited sentence. (2) Text quality evaluates overall
writing quality via an LLM-judged Text Quality (TQ) score
averaged over five dimensions (Clarity, Structure, Relevance,
Motivation, and Critics). (3) Semantic alignment quanti-
fies semantic overlap with human-written related work using
embedding-based SN-Precision (SN-P), SN-Recall (SN-R),
and SN-F1. These definitions make citation correctness, cov-
erage, and semantic overlap explicit at the sentence/reference
level.

Results. Table 1 presents the main experimental results.
MA-RWG delivers the best overall performance, showing
consistent advantages in citation quality, text quality, and se-
mantic alignment. It achieves the highest scores in CitP
(0.910), RC (0.812), TQ (4.046), and SN-F1 (0.624), and
remains highly competitive in ClaP (0.900). This indicates
that the proposed framework enhances evidence coverage and
writing quality in a balanced manner, instead of relying on a
trade-off between the two.

The comparison also clarifies the difference between RWG
and survey generation. SurveyForge has competitive text
quality but much lower reference coverage, whereas RAG
baselines improve claim-level fidelity but lack reflective pol-
ishing and citation validation. MA-RWG combines retrieval
completeness with post-hoc verification, and averages about
1100 ± 30 seconds per article in our implementation; the
DAG stage dominates runtime, so simpler RAG pipelines
may be preferable for latency-critical use. The ICC across
three LLM-scoring runs is 0.9713, but we still treat LLM-
judged text quality as a limitation and complement it with
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Method ClaP CitP RC CC TQ SN-P SN-R SN-F1

MA-RWG 0.900 0.910 0.812 1.746 4.046 0.607 0.667 0.624
LitLLM 0.385 0.200 0.751 1.323 3.290 0.320 0.157 0.204
NaiveRAG 0.917 0.827 0.764 1.137 2.950 0.455 0.301 0.359
CiteGeist 0.878 0.757 0.789 1.400 3.178 0.554 0.368 0.433
SurveyForge 0.470 0.510 0.350 1.200 3.992 0.609 0.374 0.457

Table 1: Results of the five methods on the main experiments

Method ClaP CitP RC CC TQ SN-P SN-R SN-F1
w/o summarization 0.803 0.745 0.786 1.194 3.37 0.568 0.380 0.445
w/o DAG 0.832 0.860 0.782 1.616 3.23 0.537 0.435 0.475
w/o fact check 0.452 0.489 0.804 1.472 3.49 0.409 0.237 0.289
w/o feedback 0.890 0.900 0.793 1.189 3.35 0.567 0.349 0.423
MA-RWG (Full) 0.900 0.910 0.812 1.746 3.96 0.607 0.667 0.624

Table 2: Ablation results on citation quality with extended evaluation dimensions.

citation-level and semantic-overlap metrics.

4.3 Ablation Study
Table 2 shows that all four components are necessary. Re-
moving the Summarization Agent weakens context-sensitive
evidence alignment; removing the DAG disrupts narrative
structure and reduces TQ by 18.4%; removing the Fact-
Checking Agent causes the steepest drop in citation preci-
sion (46.3%) and claim precision (49.8%); and removing
feedback-based integration reduces evaluative depth and clar-
ity. These distinct failure modes support the need for coordi-
nated retrieval, organization, refinement, and verification.

4.4 Domain Generalization Analysis
We further evaluate MA-RWG on 50 cross-domain papers
from ICML/NeurIPS AI4Science workshops, including biol-
ogy, materials science, and fluid physics. MA-RWG again
outperforms the baselines on the key indicators (CitP 0.899,
TQ 3.922, SN-F1 0.576). By contrast, LitLLM drops to CitP
0.256 and SN-F1 0.254, while SurveyForge remains compar-
atively diffuse despite reasonable writing quality. This sug-
gests that the gains of MA-RWG come from RWG-specific
grounding and organization rather than domain-specific over-
fitting.

5 Limitations and Future Work
MA-RWG is an author-assistive system, not a replacement for
scholarly judgment. It currently uses only title and abstract
inputs, whereas full text and multimodal materials could sup-
port deeper comparison. The benchmark uses a fixed 8,000-
paper corpus for reproducibility; real deployments should re-
fresh embeddings and check coverage of canonical works
as new papers appear. The pipeline also relies on propri-
etary LLMs, incurs about 1100± 30 seconds per article, and
uses partly LLM-judged text-quality metrics, motivating fu-
ture work on open models, hard-negative retrieval diagnos-
tics, human evaluation, and cost-aware agent selection.

6 Conclusion
We presented MA-RWG, a multi-agent framework that gen-
erates thematically structured and fact-grounded related work
sections from only a title and abstract. By integrating con-
textual summarization, DAG-based organization, feedback-
guided synthesis, and dual-model fact checking, MA-RWG
provides a principled pipeline for improving both content or-
ganization and factual reliability. Experiments on the dedi-
cated RWG benchmark and cross-domain evaluation demon-
strate consistent improvements in structure, coverage, and at-
tribution quality.

Ethical Statement
Automated related-work generation can reduce literature-
review burden, but it also risks encouraging over-reliance
on generated scholarly text. MA-RWG therefore includes
claim-level citation verification and correction, and its out-
puts should be treated as author-assistive drafts that require
human review before submission. Authors remain responsi-
ble for checking whether cited papers genuinely support each
comparative claim, whether important literature is missing,
and whether the final text accurately represents prior work.
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