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Abstract
The explosive growth of academic literature necessitates utilizing
Large Language Models (LLMs) to generate comprehensive scien-
tific reports. However, current general LLMs often suffer from insuf-
ficient disciplinary knowledge, leading to superficial or hallucina-
tory outputs when addressing specialized domains. The limitation
stems from three obstacles: (1) high-quality literature fragmented
across distinct publishers under strict privacy constraints, prevent-
ing the centralized training; (2) the scarcity of training data tailored
for long-sequence academic writing; (3) the difficulty in designing
objective reward signals for open-ended generation. To address
these challenges, we introduce FedScholar, a Federated reinforce-
ment learning framework tailored for Scholarly report generation.
First, we propose a Publication Clustered Federated Learning (PCFL)
to bridge the knowledge gap with data privacy. Second, we imple-
ment a prompt-driven annotation pipeline to resolve data scarcity.
Third, we design a novel reward signal of objective evaluation. Ex-
tensive experiments across 10 academic disciplines on 23 top-tier
publications demonstrate that FedScholar significantly outperforms
state-of-the-art baselines. Notably, FedScholar outperforms all base-
lines, achieving state-of-the-art scores of 63.79% in local retention
and 62.09% in global generalization.

CCS Concepts
• Computing methodologies→ Natural language processing.
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federated learning, long text generation, reinforment learning
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1 Introduction
Academic report writing demands the synthesis of extensive knowl-
edge to answer complex research inquiries. However, as the volume
of scientific literature grows exponentially [19], relying on tradi-
tional manual methods to curate and summarize such vast informa-
tion has become increasingly impractical [23]. Consequently, there
is an urgent need for automated approaches, particularly Large
Language Models (LLMs), to assist in this intensive knowledge
work [26]. Nevertheless, the performance of these automated sys-
tems is fundamentally constrained by data accessibility. Training
high-quality academic models requires access to premium, authori-
tative literature. However, a significant portion of this high-value
data is non-public, residing within proprietary databases or pro-
tected by strict copyright laws. Centralizing such sensitive data for

1

https://doi.org/XXXXXXX.XXXXXXX
https://doi.org/XXXXXXX.XXXXXXX


117

118

119

120

121

122

123

124

125

126

127

128

129

130

131

132

133

134

135

136

137

138

139

140

141

142

143

144

145

146

147

148

149

150

151

152

153

154

155

156

157

158

159

160

161

162

163

164

165

166

167

168

169

170

171

172

173

174

WWW ’26 Companion, April 13–17, 2026, Dubai, UAE Guo et al.

175

176

177

178

179

180

181

182

183

184

185

186

187

188

189

190

191

192

193

194

195

196

197

198

199

200

201

202

203

204

205

206

207

208

209

210

211

212

213

214

215

216

217

218

219

220

221

222

223

224

225

226

227

228

229

230

231

232

training inevitably raises severe privacy concerns and risks infring-
ing upon publisher rights. Therefore, exploring privacy-preserving
mechanisms that enable effective learning without compromising
data ownership has become a critical priority.

Federated Learning (FL) presents a robust solution to this privacy
challenge. By allowing models to train locally on decentralized data
sources and aggregating only the model updates—rather than the
raw data—FL effectively safeguards privacy while leveraging dis-
tributed knowledge [9, 21]. This paradigmhas already demonstrated
profound value across various high-stakes industries. For instance,
in healthcare, FL enables hospitals to collaboratively train diag-
nostic models without sharing sensitive patient records [5, 14, 20];
similarly, in finance, it allows institutions to improve fraud detec-
tion systems without exposing proprietary transaction data [2, 7].
Despite its proven success in these domains, the application of
Federated Learning specifically for academic research automation
remains surprisingly limited.

Despite these needs, current approaches face two primary chal-
lenges in this specific context. First, the distributed nature of
high-quality academic data creates a significant barrier to
traditional model training. Valuable literature is fragmented
across distinct publishers and proprietary repositories, rather than
being centrally available. Consequently, centralized aggregation
of this data for training purposes is often infeasible, as it risks se-
vere privacy leakage and violates the data sovereignty of different
content owners. Second, high-quality training datasets for gen-
erating long academic reports are extremely scarce. Unlike
general post-tuning, constructing datasets for this domain demands
expert-level comprehension to ensure accuracy and structural in-
tegrity. Relying on manual annotation by human experts is prohib-
itively expensive and unscalable, thereby limiting the availability
of large-scale supervision. Third, optimizing the quality of gen-
erated reports via Reinforcement Learning (RL) presents a
unique difficulty in reward signal design. Unlike short-form
tasks with unique answers, academic report writing is long-form
and open-ended, lacking definitive ground-truth labels. This subjec-
tivity makes it extremely challenging to formulate a precise reward
mechanism that can automatically and objectively evaluate the
depth and logical coherence of the model’s output.

To address these challenges, we propose FedScholar, a novel
framework for privacy-preserving and high-quality academic re-
port generation, as shown in Figure 1. Our main contributions are
summarized as follows:

• Discipline-Aware Federated Architecture: We implement
a clustered federated learning strategy where individual
publishers serve as distributed clients. To handle the het-
erogeneity of scientific knowledge, model updates are ag-
gregated based on academic disciplines to train the global
server model, thereby utilizing multi-source proprietary
data without compromising privacy.

• Prompt-Driven Automated Annotation: We devise a cost-
effective data construction method that eliminates the need
for heavymanual labor. By utilizing a single, concise prompt,
we empower LLMs to autonomously annotate and generate
high-quality training datasets, significantly reducing the
costs associated with human supervision.

• Reference-Free Reward Mechanism: We design a novel re-
inforcement learning reward signal tailored for open-ended
tasks. This mechanism leverages the long-context under-
standing capabilities of LLMs to generate informative re-
ward signals that guidemodel optimization, effectively over-
coming the dependency on traditional gold references.

2 Related work
2.1 LLMs for academic long text generation
The application of Large Language Models (LLMs) in the academic
domain has increasingly focused on the challenge of generating
coherent, long-form scientific text. Unlike short-form dialogue,
academic report writing requires models to maintain logical con-
sistency and contextual integrity over extremely long sequences [4].
Specializedmodels, such as Galactica [16] and InteractiveSurvey [18],
have been developed to master scientific nomenclature and com-
plex reasoning. These works demonstrate that scaling model capac-
ity and context window size is crucial for synthesizing extensive
literature into structured reports. However, existing research pre-
dominantly relies on centralized training strategies utilizing pub-
lic repositories like arXiv or PubMed. This centralized paradigm
overlooks the vast landscape of high-quality, proprietary academic
literature restricted by copyright. Furthermore, standard training
objectives are often insufficient for optimizing the global coher-
ence of long open-ended reports, necessitating more sophisticated
guidance mechanisms.

2.2 Clustered federated learning
Federated Learning (FL) enables collaborative model training across
distributed clients without sharing raw data, addressing the afore-
mentioned privacy concerns [10]. Conventional algorithms aim
to train a single global model that generalizes across all clients,
often struggling when data distributions vary significantly [1, 8].
However, a critical challenge in FL is the statistical heterogeneity
(Non-IID data) among clients, which can degrade the performance
of the global model. Clustered Federated Learning (CFL) emerges
as a strategic middle ground between these extremes, specifically
designed to mitigate the challenges of Non-IID (Non-Independent
and Identically Distributed) data [15]. The fundamental premise
of CFL is that clients exhibiting comparable data-generating dis-
tributions should be aggregated into cohesive clusters. By doing
so, the decentralized datasets within each cluster approximate IID
conditions, satisfying conventional machine learning assumptions
that are otherwise violated in standard FL [3]. Consequently, CFL
involves training a shared, specialized model for each cluster, which
improves performance through intra-cluster collaboration. In the
context of academic publishing, this framework provides a theo-
retical basis for grouping publishers by discipline, allowing for the
training of specialized models that are robust to domain hetero-
geneity.

3 Preliminaries
3.1 Preference alignment
Let D = {(𝑥,𝑦+, 𝑦−)} denote a dataset of preferences, where 𝑥 is
an input prompt, 𝑦+, 𝑦− are the responses labeled as preferred and
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Figure 2: FedScholar framework overview.

dis-preferred, respectively. The purpose of preference alignment is
to designing a policy 𝜋 that maps prompts to responses, maximizing
a reward that reflects human preferences using the Bradley–Terry
(BT) model:

𝑝 (𝑦1 ≻ 𝑦2 |𝑥) = 𝜎 (𝑟 ∗ (𝑥,𝑦1) − 𝑟 ∗ (𝑥,𝑦2)) , (1)

where 𝑟 ∗ (𝑥,𝑦1) represents the oracle reward of a response given
a prompt, and 𝜎 (𝑧) = {1 + 𝑒𝑥𝑝 (−𝑧)}−1 is the sigmoid function,
mapping differences in rewards to probabilities. A parameterized
reward model 𝑟𝜃 is estimated by solving a maximum likelihood
estimation (MLE) objective:

L(𝜃 ) = −E(𝑥,𝑦𝑤 ,𝑦𝑙 )∼D [log𝜎 (𝑟
∗
𝜃
(𝑥,𝑦𝑤) − 𝑟 ∗𝜃 (𝑥,𝑦𝑙 )], (2)

where 𝑦𝑤, 𝑦𝑙 are preferred and dis-preferred sample respectively.
The direct preference optimization (DPO) [? ] we used in this work
chose the reward as:

𝑟𝜃 (𝑥,𝑦) = 𝛽 log
𝜋𝜃 (𝑦 | 𝑥)
𝜋ref (𝑦 | 𝑥)

, (3)

to directly optimize the policy 𝜋𝜃 using the loss 𝐿(𝜃 ) in Equation 2,
with the reward function 𝑟 specified by Equation 3. As the reward
is implicitly defined by the policy itself, the objective becomes fully
dependent on 𝜃 eliminating the need for a separately trained reward
model. Consequently, this reformulation significantly improves the
computational efficiency of the alignment process.

3.2 Synthetic preference alignment pipeline
Given the generation policy G parameterized by 𝜃 and an LLM-
based reward model R. The synthetic preference alignment pipeline
typically consists of the following stages:
ResponseGeneration.Given a dataset of promptsX = {𝑥1, · · · , 𝑥𝑛},
the policy G𝜃 generate a set of responses {𝑦1𝑖 , 𝑦2𝑖 , · · · } which are
intended to cover diverse output patterns for each prompt 𝑥𝑖 .
AI-based Reward Assignment. For each response 𝑦 𝑗

𝑖
, reward

score 𝑟 (𝑥𝑖 , 𝑦 𝑗𝑖 ) is calculated by reward model R, which acts as an
automatic evaluator.
Policy Optimization. The policy G𝜃 is then fine-tuned using the
synthetic reward signal. DPO are commonly used to align the policy
with the feedback provided by reward model R.

4 Methodology
In this section, we introduce FedScholar, a novel reinforcement
learning framework for multi-domain academic report generation.
As shown in Figure 2, our approach comprises three key compo-
nents. First, an automatically constructed FedScholar Dataset
(Section 4.1), an automatically constructed corpus that leverages
LLMs to generate diverse research inquiries and corresponding
checklist pairs, thereby avoiding the rigidity of fixed patterns. Sec-
ond, we propose the FedScholar Reward (Section 4.2), a reference-
free mechanism that provides targeted signals to guide the rein-
forcement learning optimization process. Third, we implement a
Publisher Clustered Federated Learning (PCFL) system (Sec-
tion 4.3), a clustered federated learning strategy that mitigates data
heterogeneity among publishers while strictly ensuring data pri-
vacy.

4.1 FedScholar dataset collection
A fundamental challenge in academic report generation is the open-
ended nature of the task. Unlike factoid QA, long-form reports do
not adhere to fixed patterns, making it inherently difficult to estab-
lish standard ground-truth references for training. To address this,
we construct the FedScholar Dataset, a comprehensive corpus de-
signed to facilitate training across 10 distinct disciplines: Computer
Science (CS), Finance, Medicine, Biology, Chemistry, Environmen-
tal Science (Env), Energy, Building & Construction (B&C), Earth
Science (Earth), and Materials. Formally, the dataset comprises a set
of research questions 𝑀 = {𝑚1,𝑚2, ...,𝑚𝑛}, where each research
question𝑚𝑖 a lengthy, context-rich response. For every research
question𝑚𝑖 , we derive a corresponding set of diagnostic question-
answer pairs, denoted as 𝑃𝑖 = {(𝑞𝑖1, 𝑎𝑖1), (𝑞𝑖2, 𝑎𝑖2), ..., (𝑞𝑖𝑙 , 𝑎𝑖𝑙 )}.

Our core methodological innovation lies in transforming the
subjective expert evaluation of long-form text quality into a set of
objective, granular reading comprehension tasks. These diagnostic
pairs (𝑞, 𝑎) function as an objective "checklist" to quantify the in-
formation density of a generated report. Each diagnostic question 𝑞
is designed to query a specific key information point that should be
present in a high-quality response to𝑚. The corresponding answer
𝑎 is formulated as a Boolean value. Crucially, we ensure that the
majority of diagnostic questions expect “True” as the answer. This
design choice effectively treats the evaluation as a recall-oriented

3
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Figure 3: The pipeline of research questions and diagnostic
Question-Answer pairs generation in FedScholar.

verification task, where a False” value would imply that the infor-
mation queried by 𝑞 is irrelevant to the core research topic𝑚, thus
rendering it unnecessary for the checklist.

The construction pipeline for the FedScholar Dataset prioritizes
scalability and cost-efficiency. Instead of relying on expensive man-
ual annotation, we employ a prompt-driven approach via LLM
APIs. We initially selected 20 publications (mapped to the 10 ma-
jor disciplines) that require complex reasoning, such as Nature
Biotechnology, IEEE Transactions On Pattern Analysis And Ma-
chine Intelligence, and Lancet Neurology. As illustrated in Figure 3,
the automated generation process proceeds in two steps. First, we
prompt the LLM to generate a large-scale set of 10,557 research
questions (M) requiring deep contextual answers. Second, for each
research question 𝑚𝑖 , we instruct the LLM to generate approxi-
mately 15 Boolean diagnostic pairs (P𝑖 ). The specific prompts used
are detailed in Figure A, and the statistical distribution of the dataset
is presented in Figure 4.

4.2 FedScholar reward mechanism
A significant bottleneck in RLHF (Reinforcement Learning from
Human Feedback) for academic domains is the scarcity of large-
scale, high-quality preference data. To address this, we implement
an Active Exploration strategy driven by a reference-free reward
mechanism. This process involves a generator model G and an
evaluator (reward) model R, proceeding in three distinct phases:
Candidate Generation, Reward Calculation, and Preference Pair
Construction.
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Figure 4: Publications distribution in FedScholar dataset
across 10 disciplines: CS (Computer Science), Finance,
Medicine, Biology, Chemistry, Env (Environmental Science),
Energy, B&C (Building and Construction), Earth (Earth Sci-
ence), and Materials. The correspondence between publica-
tion abbreviations and full titles is provided in Appendix B.

Candidate Generation. Given a research question 𝑚 from the
FedScholar Dataset, we first employ the policy model G to generate
𝑘 diverse candidate reports, denoted asT = {𝑟1, 𝑟2, ..., 𝑟𝑘 }. To ensure
diversity in the reasoning paths and structural organization of the
reports, we apply temperature sampling during this inference phase.

Reference-Free Reward Calculation. To evaluate these open-ended
reports without relying on expensive human references, we hy-
pothesize that the quality of a long-form response 𝑟𝑖 is directly
correlated with its information density—specifically, its ability to
answer the pre-generated diagnostic checklist P = {(𝑞 𝑗 , 𝑎 𝑗 )}𝑙𝑗=1
(from Section 4.1). We feed the generated report 𝑟𝑖 and the diag-
nostic questions into the reward model R. The model predicts an
answer 𝑎′𝑖 𝑗 for each question𝑞 𝑗 based solely on the context provided
by 𝑟𝑖 . The reward score S(𝑟𝑖 ) is formally defined as the accuracy
of these proxy answers against the expected Boolean truths 𝑎 𝑗 :

S(𝑟𝑖 ) =
1
𝑙

𝑙∑︁
𝑗=1
F (𝑎′𝑖 𝑗, 𝑎 𝑗), (4)

where F is an indicator function that verifies the correctness of
the extracted information:

F (𝑎′𝑖 𝑗 , 𝑎𝑖 𝑗 ) =
{
1, if 𝑎′𝑖 𝑗 = 𝑎𝑖 𝑗 ,
0, if 𝑎′𝑖 𝑗 ≠ 𝑎𝑖 𝑗 .

(5)

Here, 𝑎′𝑖 𝑗 = R(𝑟𝑖 , 𝑞 𝑗 ) represents the answer inferred by the reward
model. This scoring function S(𝑟𝑖 ) ∈ [0, 1] effectively quantifies

4
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Figure 5: Overview of the Publication Clustered Federated
Learning (PCFL) framework. During training, the server
receives local model updates from diverse publishers and
groups them into latent disciplinary clusters. During infer-
ence, the Model Selection module routes the client’s input
query to the most appropriate cluster model for optimal gen-
eration.

the informativeness and coverage of the report 𝑟𝑖 in a granular,
objective manner.

Preference Pair Construction via Dual-Threshold Filtering. To con-
struct a robust training dataset for Direct Preference Optimization
(DPO), simply pairing random responses is insufficient. We intro-
duce a Dual-Threshold Filtering strategy to ensure that the training
pairs are both high-quality and sufficiently distinct to provide a
meaningful learning signal. For the set of 𝑘 scored responses, we
calculate the maximum score 𝑆𝑚𝑎𝑥 = max𝑖 S(𝑟𝑖 ) and the score
variance 𝜎2𝑠 = Var({S(𝑟1), ...,S(𝑟𝑘 )}). We select data based on two
criteria:

(1) Quality Threshold (𝜏𝑞𝑢𝑎𝑙 ): We require 𝑆𝑚𝑎𝑥 > 𝜏𝑞𝑢𝑎𝑙 . This
ensures that at least one generated report is of sufficient
quality to serve as a positive example.

(2) Distinction Threshold (𝜏𝑣𝑎𝑟 ):We require 𝜎2𝑠 > 𝜏𝑣𝑎𝑟 . This
ensures sufficient contrast between the best and worst re-
sponses, preventing the model from learning from ambigu-
ous pairs where the quality gap is negligible.

From the filtered sets, we construct the preference pair (𝑦𝑤, 𝑦𝑙 )
by selecting the response with the highest score as the winner
𝑦𝑤 and the response with the lowest score as the loser 𝑦𝑙 . These
pairs are then used to optimize the model via DPO, aligning the
generation probability with the defined reward signal.

Algorithm 1: Training process of FedAvg
Input: Publisher set C; Communication round 𝑇 ; Local

epoch number 𝐸; The initial shared global model
parameters𝑤0 on server; The local learning rate 𝜂𝑙 ;
The local dataset D𝑖 of the i-th publisher; The loss
function L

Output: The shared global model parameters𝑤𝑇 on server;
1 ServerGlobalUpdating(C, 𝑇 ,𝑤0):
2 for each communication round 𝑡 = 1 to 𝑇 do
3 for each publisher 𝑖 ∈ C in parallel do
4 PublisherLocalTraining(𝑖 ,𝑤𝑡−1);
5 Receive publisher-uploaded parameters Δ𝑤𝑡𝑖 ;
6 end
7 Perform global aggregation by:
8 𝑤𝑡 ← 𝑤𝑡−1 +∑ | C |

𝑖=1
|D𝑖 |∑|C|
𝑗=1 |D𝑗 |

Δ𝑤𝑡𝑖

9 end
10 PublisherLocalTraining(𝑖 ,𝑤𝑡 ):
11 𝑤𝑡𝑖 ← 𝑤𝑡 ;
12 for epoch 𝑒 = 1 to 𝐸 do
13 𝑤𝑡𝑖 ← 𝑤𝑡𝑖 − 𝜂𝑙

𝜕L𝑖
𝜕𝑤𝑡
𝑖

14 end
15 Δ𝑤𝑡+1𝑖 =𝑤𝑡+1𝑖 −𝑤𝑡 ;
16 Send Δ𝑤𝑡+1𝑖 to the sever;

4.3 Publisher clustered federated learning
Handling Data Heterogeneity via Clustered Objectives. In the aca-

demic publishing landscape, data is naturally distributed across dif-
ferent publishers (clients) that exhibit significant statistical hetero-
geneity (Non-IID). For instance, a publisher specializing inMedicine
holds data with vastly different vocabulary and reasoning patterns
compared to a publisher focused on Computer Science. In stan-
dard Federated Learning (e.g., FedAvg), a single global model is
trained to minimize the average loss across all clients. However,
due to the divergent domain distributions, the local updates from
these publishers often point in conflicting directions. Aggregating
these conflicting gradients into a single model leads to “client drift”,
where the global model fails to converge to an optimal solution for
any specific domain.

To resolve this conflict while respecting data privacy, we adopt a
Publisher Clustered Federated Learning (CFL) framework. Instead
of forcing a single global model 𝑤 , we aim to learn a set of 𝐾
specialized models {𝑤∗1 , . . . ,𝑤∗𝐾 } corresponding to latent academic
disciplines. The optimization objective is formulated to minimize
the loss for each publisher 𝑖 relative to its most suitable cluster
model:

min
𝑊 =𝑤1,...,𝑤𝐾

∑︁
𝑖∈C

∑︁
(𝑥,𝑦) ∈D𝑖

L(𝑓 (𝑥 ;𝑤𝜙 (𝑖)), 𝑦), (6)

where C represents the set of publishers, D𝑖 is the local propri-
etary dataset of publisher 𝑖 , and 𝜙 (𝑖) ∈ {1, . . . , 𝐾} is the assignment
function mapping publisher 𝑖 to its optimal cluster 𝑘 . This formula-
tion ensures that publishers with similar domains contribute to the
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Algorithm 2: Training process of FedScholar (Ours)
Input: Publisher set C; Communication round 𝑇 ; Local

epoch number 𝐸; The initial shared global model
parameters𝑤0 on server; The dimension 𝑑 after
dimensionality reduction; The threshold 𝑐 for
clustering; Cluster set C′ = ∅; Cluster size 𝐵′ = 0;

Output: The shared global model parameters𝑤𝑇,𝑘 for each
cluster 𝑘

/* Publisher local training and clustering in

communication round 1 */

1 for each publisher 𝑖 ∈ C in parallel do
2 PublisherLocalTraining(𝑖 ,𝑤0); // in Algorithm 1

3 Receive publisher-uploaded parameters Δ𝑤1
𝑖 ;

4 Compute Δ̂𝑤1
𝑖 by reducing Δ𝑤1

𝑖 ’s dimension to 𝑑 ;
5 end

6 while C ≠ ∪𝐵
′

𝑏=0C
′
𝑏
do

7 Let 𝑖 ∈ C \ ∪𝐵
′

𝑏=0C
′
𝑏
;

8 𝐵
′ ← 𝐵

′ + 1 ;
9 Let C′

𝐵
′ = {𝑖} and A = C \ ∪𝐵

′

𝑏=0C
′
𝑏
;

10 while A ≠ ∅ do
11 Select 𝑗 ∈ A ;
12 for 𝑘 in 𝐶

′

𝐵
′ do

13 Compute 𝑠𝑖𝑚( 𝑗, 𝑘) by Equation 7
14 end
15 if 𝑠𝑖𝑚( 𝑗, 𝑘) ≥ 𝑐 for all 𝑘 ∈ 𝐶 ′

𝐵
′ then

16 𝐶
′

𝐵
′ ← 𝐶

′

𝐵
′ ∪ { 𝑗}

17 end
18 A ← A \ { 𝑗}
19 end
20 end
21 Perform global aggregation by:
22 𝑤1 =𝑤0 +∑ | C |

𝑖=1
|D𝑖 |∑|C|
𝑗=1 |D𝑗 |

Δ𝑤1
𝑖

23 Initialize shared model parameters for each cluster with𝑤1;
/* Perform FedAvg procedure in each cluster */

24 for each communication round 𝑡 = 2 to 𝑇 do
25 for each cluster 𝑘 ∈ C′ do
26 ServerGlobalUpdating(𝑘 , 1,𝑤𝑡−1,𝑘 ); // in

Algorithm 1

27 end
28 end

same sub-model, mitigating gradient interference and preserving
the integrity of domain-specific knowledge.

Parameter-Based Clustering Strategy. The core challenge in CFL
is determining the assignment function 𝜙 (𝑖) without accessing the
private raw data D𝑖 . While previous works have attempted to clus-
ter based on local data samples, these methods often require sharing
data representations or statistics, which poses privacy risks and
ignores the structural heterogeneity between clients. We propose
a strictly privacy-preserving approach based on the hypothesis

Table 1: Main results across models on easy, medium, and
hard tasks. All results are presented as percentages. Each
model runs 3 times inference and evaluation. The top two
results are highlighted in bold.

LOCAL GLOBAL

Model Easy Medium Hard Average

Centralized

Base 61.03 ± 0.23 69.77 ± 0.97 59.93 ± 0.38 53.17 ± 0.46 60.91 ± 0.41
Central 65.40 ± 0.17 72.57 ± 0.52 65.83 ± 1.49 59.69 ± 0.81 65.97 ± 0.66

Decentralized

Local 61.63 ± 0.70 69.85 ± 1.83 61.74 ± 1.07 53.94 ± 1.28 61.77 ± 0.47
FedAvg 62.89 ± 0.29 68.91 ± 1.19 61.01 ± 0.74 55.24 ± 1.00 61.68 ± 0.60
FedProx 61.23 ± 0.37 69.42 ± 0.95 61.10 ± 1.30 54.61 ± 0.38 61.66 ± 0.47
Scaffold 61.95 ± 0.69 70.17 ± 1.54 60.40 ± 0.68 52.60 ± 1.81 60.99 ± 0.46
FedAdagrad 61.97 ± 0.92 70.24 ± 0.50 59.54 ± 0.78 55.87 ± 1.22 61.89 ± 0.54
FedAdam 61.02 ± 1.30 68.55 ± 2.39 59.48 ± 0.48 54.92 ± 1.84 60.97 ± 0.22
FedYogi 61.64 ± 0.28 69.11 ± 0.22 59.90 ± 1.49 55.26 ± 0.48 61.41 ± 0.41
FedScholar 63.79 ± 0.38 70.28 ± 1.60 61.97 ± 0.64 54.25 ± 0.95 62.09 ± 0.46

that publishers with similar academic content will produce aligned
model updates. Specifically, if two publishers belong to the same
discipline (e.g., both publish Physics papers), the gradients gener-
ated during local training will exhibit high directional similarity
in the parameter space. Therefore, we utilize the model updates
(weights or gradients) as the features for clustering. Due to the
high dimensionality of the raw parameters, direct similarity calcu-
lations failed to effectively distinguish between different publishers.
Therefore, we first applied Principal Component Analysis (PCA)
for dimensionality reduction. At each communication round, the
server computes the pairwise cosine similarity between the pro-
jected updates Δ𝑤𝑖 and Δ𝑤 𝑗 received from publishers 𝑖 and 𝑗 :

sim(𝑖, 𝑗) =
Δ𝑤𝑖 · Δ𝑤 𝑗

| |Δ𝑤𝑖 | | · | |Δ𝑤 𝑗 | |
. (7)

Based on this similarity matrix, we employ a greedy clustering
approach to dynamically group publishers into 𝐾 clusters. Updates
are then aggregated exclusively within these identified clusters
to update the specific cluster models {𝑤1, . . . ,𝑤𝐾 }. This method
effectively captures the latent disciplinary structure of the scientific
community without ever inspecting the underlying manuscripts.
The whole procedure are shown in Algorithm 2.

5 Experiment
5.1 Experiment setup

Baseline Algorithms. To evaluate the performance of our pro-
posed method, we compare it against seven representative Feder-
ated Learning (FL) algorithms. We first consider several founda-
tional global FL methods: FedAvg [9], the de facto baseline in the
field, which performs simple model averaging; FedProx [8], which
introduces an 𝐿2 proximal term to handle statistical heterogeneity;
and Scaffold [6], designed to mitigate client drift via control vari-
ates and server-side learning rate adjustments. Additionally, we
incorporate FedAdam, FedYogi, and FedAdagrad [13], which extend
standard centralized adaptive optimizers to the federated setting.
Beyond the FL paradigm, we include two non-collaborative base-
lines: Local, where models are trained independently on local data,
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Figure 6: Performance heatmap comparison across 23 diverse academic publishers. The correspondence between publication
abbreviations and full titles is provided in Appendix B. All results are presented as percentages.

and Central, which serves as an upper-bound performance oracle
by assuming centralized access to all participants’ data.

Experimental Setup. We conduct our experiments using theQwen-
2.5-7B-Instruct [17] model, implemented within the OpenFedLLM
framework [22]. To facilitate reward-based training, we employ
GPT-4o-mini [11] to compute training rewards, while GPT-4o-2024-
11-20 [12] is utilized as the evaluator for ProxyQA scores. Our study
focuses on a cross-silo FL scenario, where all participating publish-
ers contribute to the training in every communication round.All
experiments are performed with a learning rate of 0.0003. For the
baseline FL algorithms, we adhere to the default hyperparameters
specified in OpenFedLLM: for FedProx, the proximal term 𝜇 is set
to 0.1; for FedAdagrad, FedAdam, and FedYogi, the parameters are
configured as 𝛽1 = 0.9, 𝛽2 = 0.99, 𝜂𝑔 = 0.001, and 𝜏 = 0.001. For our
proposed FedScholar algorithm, we set the reduced dimensional-
ity to 𝑑 = 2 and the clustering threshold to 𝑐 = 0.9. To maintain
a balance between computational efficiency and communication
overhead, we fix the local training to 1 epoch and the total commu-
nication rounds to 3 across all experimental settings.

Evaluation Strategies. To provide a comprehensive performance
analysis, we construct both local and global evaluation datasets.
Specifically, each local dataset is partitioned into training and test-
ing subsets. The global evaluation set is then formed by aggregating
these individual test sets, resulting in a total of 100 test samples.
Following established benchmarks in federated learning [24, 25],
we evaluate all algorithms using two distinct strategies:

(1) Global Evaluation (GLOBAL): Performance is assessed
on the aggregate global test set to determine the model’s

ability to incorporate knowledge from other clients. Higher
GLOBAL scores indicate that the federated model is ap-
proaching the performance of centralized training.

(2) Local Evaluation (LOCAL): Performance is measured
on each local test set and then averaged across all clients.
LOCAL is particularly relevant for real-world applications
as it reflects the model’s efficacy on client-specific tasks
without necessitating the centralization of private data.

5.2 Does FedScholar outperform state-of-the-art
baselines?

FedScholar significantly outperforms all privacy-preserving
baselines by effectively addressing the data heterogeneity in-
herent in the publishing landscape. Unlike conventional feder-
ated approaches (e.g., FedAvg, Scaffold) that enforce a single global
model across all clients—a strategy that ignores the distinct data dis-
tributions of different publishers and dilutes domain-specific knowl-
edge—FedScholar adaptively aggregates publishers with similar
disciplinary characteristics. This advantage is empirically evident
in Table 1, where FedScholar achieves the highest Average score
(62.09%) among all decentralized methods. Crucially, our method
demonstrates superior capability in retaining domain expertise,
securing a remarkable Local performance of 63.79%, significantly
surpassing standard FedAvg (62.89%). These results confirm that
by mitigating the conflict between diverse academic disciplines
through clustered aggregation, FedScholar establishes a new bench-
mark for high-quality, privacy-compliant academic report genera-
tion.
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Figure 7: Ablation study on the clustering threshold.

5.3 Does FedScholar robustly adapt to diverse
academic domain?

FedScholar demonstrates superior stability across hetero-
geneous domains, effectively preventing the performance
collapse often observed in standard federated learning. As
illustrated in Figure 6, the difficulty of academic report generation
varies significantly by discipline. Standard methods like FedAvg
struggle with this statistical heterogeneity, causing performance
in“hard” domains (e.g. NCC) to plummet to as low as 50.9% due
to conflicting gradient updates. In contrast, FedScholar leverages
clustered aggregation to shield these vulnerable domains, restoring
their performance to 56.9%—an improvement of over 6%. By rais-
ing the minimum performance floor across all 23 publishers from
FedAvg’s 50.9% to 56.8%, FedScholar proves it can robustly adapt to
diverse data distributions without sacrificing the quality of niche
or difficult academic subjects.

6 Ablation study
6.1 How Sensitive is FedScholar to the

Clustering Threshold?
A stricter clustering threshold is crucial for maintaining
high-quality domain specialization. We investigate the impact
of the similarity threshold 𝑐 in our Publisher CFLmodule by varying
it across {0.1, 0.3, 0.5, 0.8, 0.9}. As observed in the Figure 7, lower
thresholds (e.g., 𝑐 = 0.5) imply a high tolerance for dissimilarity,
which inadvertently groups unrelated publishers into the same clus-
ter. This "loose" clustering introduces gradient conflicts and noise,
causing the Local score to drop to as low as 59.68%. Conversely, in-
creasing the threshold enforces rigorous similarity criteria, ensuring
that only publishers with highly aligned disciplinary distributions
are aggregated. Consequently, the model achieves peak perfor-
mance at 𝑐 = 0.9, recording a Local score of 63.98% and a Global
score of 62.13%. This confirms that minimizing inter-cluster noise
via a high threshold is more effective than broad, indiscriminate
collaboration.
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Figure 8: Ablation study on the dimension reduction.

6.2 Does Higher Dimensionality Improve
Clustering Precision?

Lower dimensionality actually yields better performance by
filtering out noise.We further examine the effect of the feature
dimension𝑑 used during the publisher clustering process, varying𝑑
across {2, 5, 9, 15, 23}. As shown in Figure reffig:dimension, contrary
to the intuition that more features capture more detail, our results
show a negative correlation between dimension size and model
performance. Specifically, as𝑑 increases from 2 to 23, the Local score
declines from a peak of 63.98% to 60.90%. This suggests that higher
dimensions retain excessive noise and irrelevant fluctuations in the
gradient updates, which obscures the true disciplinary similarities
between publishers and degrades clustering quality. However, it is
worth noting that the performance variance caused by dimension
𝑑 (a range of ∼ 3%) is relatively smaller compared to the impact
of the similarity threshold 𝑐 , indicating that while dimensionality
reduction is beneficial, strict thresholding remains the primary
driver of clustering success.

7 Conslusion
In this paper, we introduced FedScholar, a comprehensive frame-
work designed to tackle three critical impediments in automated
academic report generation. Specifically, we addressed the barrier
of distributed proprietary data via Publication Clustered Federated
Learning (PCFL), which aggregates domain-specific knowledge
while preserving privacy. To mitigate the severe scarcity of high-
quality long-form training corpora, we developed a cost-effective
prompt-driven automatic annotation pipeline. Furthermore, we
overcame the difficulty of optimizing open-ended generation by de-
signing a novel objective reward signal that replaces subjective eval-
uation with verifiable grounding. Extensive experiments are across
10 academic disciplines on 23 top-tier publications. Experiments
confirm that these contributions collectively enable FedScholar to
significantly outperform state-of-the-art baselines, paving the way
for trustworthy and privacy-centric autonomous research agents.
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