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ABSTRACT

The rapid development of large language models (LLMs) has highlighted a critical
challenge in applying these models to domain-specific tasks while preserving data
privacy. This study introduces FedBridge, a novel architecture that seamlessly
bridges parameter-efficient fine-tuning (PEFT) and retrieval-augmented genera-
tion (RAG) within a federated learning framework, enabling the deep integration
of domain expert and knowledge through these three pillars. Initially, we pro-
pose FF-LoRA (Federated Fusion Low-Rank Adaptation), a PEFT variant that
fuses server-level global representations with client-specific parameters to miti-
gate client drift caused by heterogeneous local data. Following this, we design
a dual-task strategy that constructs independent local case and global authori-
tative bases, enabling independent querying and targeted retriever optimization.
Furthermore, we establish bidirectional consistency between the fine-tuned do-
main models and the retriever system: the domain model’s output guides retriever
to precisely identify latent relevant documents, while concurrently serving as a
generator, thus improving coherence and domain fidelity of the retrieval-response
pipeline. Experimental results demonstrate that the proposed architecture effi-
ciently improves accuracy and robustness in both close-ended domain and open-
ended domain tasks.

1 INTRODUCTION

Despite the success of large language models (LLMs) in a range of natural language processing
tasks, they face substantial challenges when applied to domain-specific applications. These chal-
lenges are particularly acute as publicly available datasets continue to shrink Villalobos et al. (2022),
while domain-specific data, due to privacy concerns, remains decentralized and fragmented. This
issue significantly limits the application of general LLMs Touvron et al. (2023a;b) in industries
such as healthcare, where data aggregation is not feasible due to legal privacy restrictions. For in-
stance, in the healthcare domain Han et al. (2023); Zhang et al. (2023), medical data from disparate
institutions is often fragmented and siloed, preventing effective model training. While Federated
Learning (FL) frameworks McMahan et al. (2017) address privacy concerns by decentralizing data,
they exacerbate problems related to data heterogeneity, particularly when substantial variations in
data types and volumes exist across clients Li et al. (2019). As illustrated in Figure 1(a), the publicly
available HealthCareMagic-100K dataset Li et al. (2023) exhibits significant variation in data distri-
bution across categories. Real-world data distributions are even more complex, as hospitals differ in
scope and specialization, further exacerbating data distribution heterogeneity. Figure 1(b) illustrates
the simulated data distribution across 10 hospitals based on Figure 1(a), including both general and
specialized institutions.

Although FL framework can protect privacy and optimize the model training, as shown in Fig-
ures 1(b) to 1(a), aggregating data from multiple hospitals to train a powerful global model that
encompasses a wide range of domain knowledge, the global model produces often underperform
on domain-specific tasks, especially when these tasks constitute a small portion of the overall data
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Figure 1: Data distribution in the medical domain dataset HealthCareMagic-100K. (a) Distribution
of questions and answers across 10 categories. (b)Simulated data distribution across 5 general hos-
pitals and 5 specialized hospitals.

Zhao et al. (2018). This challenge underscores the necessity of personalized fine-tuning, which
adapts models to specific tasks and user requirements.

Furthermore, while full fine-tuning enables rapid adaptation to domain-specific tasks, its computa-
tional demands often exceed the capabilities of federated clients. In contrast, parameter-efficient
fine-tuning (PEFT) involves training only a small number of parameters while keeping the general
knowledge of the foundational model frozen Hu et al. (2022). This efficiency makes PEFT an attrac-
tive solution for federated learning settings. However, PEFT methods face limitations by excessive
parameter sparsity, which impedes the model’s ability to effectively capture domain-specific fea-
tures, ultimately affecting model performance Fu et al. (2023); Li et al. (2025). Notably, FlexLoRA
Bai et al. (2024) demonstrates that high-rank better captures general knowledge, while low-rank
excels at task-specific feature extraction.

Another prevalent issue in domain-specific LLMs is the ”hallucination” phenomenon, in which mod-
els generate unreliable or irrelevant outputs. Retrieval-augmented generation (RAG) mitigates this
by incorporating external knowledge sources. For instance, FRAG Zhao (2024) significantly en-
hances the model’s accuracy in complex tasks. However, RAG-based LLMs still encounter chal-
lenges, including: (1) general LLMs acting as generators without a deep understanding of domain-
specific documents, (2) vague user queries leading to suboptimal retrieval, (3) inconsistencies be-
tween retriever and generator components, diminishing the overall quality of responses.

To address the aforementioned challenges encountered in domain-specific application, we propose
the FedBridge, which has three pillars of advantage. We delineate the primary contributions of our
research as follows:

• We present FF-LoRA, which integrates personalized client features with global server-side
information, alleviating client drift in FL framework.

• We implement the fusion training of domain expert and knowledge provided by PEFT and
RAG, respectively, within the FL framework. This approach enables fine-grained align-
ment between retriever and generator components, with the Domain-LLM acting both as a
generator and as a guide for retriever.

• By constructing domain-specific case and authoritative knowledge bases, we implement
a dual-task strategy that optimizes the controlled and efficient application of LLMs for
domain-specific tasks. Experimental results validate the effectiveness of FedBridge in im-
proving performance across both general and domain-specific evaluation metrics.
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Figure 2: Overall FedBridge architecture in the medical domain. Upon submission of a query,
an appropriate domain-specific model is selected from the FF-LoRA trained federated model pool.
Latent features of the query are extracted through instruction mining and subsequently sent to the
retriever for embedding processing, which retrieves the top-K relevant documents. These documents
are then processed by the selected domain-specific model.

2 MOTIVATION

Existing PEFT methods face limitations due to excessive sparsity, which hinders their ability to
effectively capture domain-specific knowledge and diminishes the model’s generalization capabil-
ities. Moreover, domain models trained through FL and PEFT are often affected by client drift.
While FL facilitates data aggregation across multiple clients to form a powerful global model, in-
consistencies between local client tasks and the global model persist, undermining performance on
domain-specific tasks.

To address these challenges, our research aims to integrate federated global features with client-
specific personalized features. By leveraging distinct models for various tasks within the FL model
pool, we aim to minimize the negative effects of data distribution heterogeneity on model perfor-
mance. Furthermore, by expanding the training parameters, we seek to alleviate the sharpness issues
associated with PEFT sparsity techniques, thereby enhancing the model’s generalization capacity.

More critically, despite the advancements brought about by PEFT, domain-specific models still en-
counter the ”hallucination” problem when handling domain-specific queries. Current RAG systems
are similarly plagued by the ”garbage in, garbage out” issue, where colloquial or vague user queries
lead to poor retrieval quality and, consequently, low-quality generated outputs. Additionally, in-
consistencies between the retriever and generator exacerbate difficulties in accurately interpreting
specialized documents, further degrading the quality of the generated content.

In response to these issues, we propose the FedBridge architecture, which builds upon the founda-
tions of FL and PEFT. Our approach incorporates a RAG-based framework that ensures a precise
mapping between user queries, retrieved documents, and generated responses. Collaborative train-
ing ensures robust knowledge consistency between the retriever and generator components

3 METHODOLOGY

We propose the FedBridge framework, a novel architecture that integrates FL, PEFT, and RAG,
as illustrated in Figure 2. To address client drift resulting from data heterogeneity, we introduce
FF-LoRA, a method designed to fuse global features from FL aggregation with personalized client
features. This approach creates a federated model pool that retains personalized characteristics of
each client while maintaining global coherence.

In domain-specific applications, using PEFT or RAG independently often fails to address task com-
plexity effectively. Therefore, we combine the strengths of both techniques to leverage external non-
parametric knowledge alongside internal parametric knowledge. This fusion strategy alleviates the
challenges faced by LLMs in complex application scenarios. Specifically, for knowledge-intensive
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Figure 3: FF-LoRA integration of global and personalized client features to mitigate client drift in
FL framework.

tasks, we provide information through an authoritative and case base to build ”Knowledge Boundary
” to limit the LLM hallucination problem. Meanwhile, the domain-specific LLM functions as both
the comprehension module for the RAG retrieval and as the final generator, ensuring consistent pref-
erences between the retrieval and the generation based on a shared understanding of domain-specific
knowledge.

3.1 FEDERATED TWO-STAGE KNOWLEDGE FUSION STRATEGY

To address the client drift induced by data heterogeneity in existing FL and PEFT methods, as well as
the sharpness problem arising from the limited parameters in LoRA Hu et al. (2022), we propose the
FF-LoRA, which incorporates a two-stage knowledge fusion strategy. Initially, FF-LoRA integrates
the global features understood by the server model with the personalized client features enabling the
model to perform specific tasks based on global understanding. This fusion enhances the model’s
ability to grasp domain knowledge while focusing on task-specific aspects.

The architecture of our proposed algorithm is depicted in Figure 3, the FF-LoRA consists of
two stages. In the first stage, each client defines its unique A and B matrices, initialized sim-
ilarly to LoRA. Then, parameters from all clients are globally aggregated, represented as A =
{A1, A2, . . . , An} and B = {B1, B2, . . . , Bn}. After local training on client datasets, each client
uploads its A and B matrices to the global server for aggregation. The server aggregates these ma-
trices to form the global model, denoted as Global C and Global D, which represents the fused
knowledge from all clients and is sent back to each client.

In the second stage, each client fuses its local model with the global model. During this fusion,
the global LoRA model is frozen, similar to pre-trained weights, preserving global knowledge and
reducing computational overhead during training. Notably, this method builds on the findings of Bai
et al. (2024), where high-rank LoRA captures general knowledge more effectively, while low-rank
LoRA excels in task-specific feature extraction.

To achieve this functionality, we use the formula to explain it in detail. During stage 1 training, the
training process of each client is formulated as follows,

h = W0x+∆Wx = W0x+BAx (1)

where W0 ∈ Rd×d represents the frozen pre-trained weights, ∆W represents a minimal training
matrix set, and A ∈ Rr×d and B ∈ Rd×r are low-rank matrices. The r represents the rank, and
r ≪ d, thereby reducing the resource requirements. After training, each client uploads its weights
to the global server.
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Figure 4: FedBridge integrates FF-LoRA with RAG for enhancing domain-specific tasks with ex-
ternal knowledge.

In stage 1, the global server aggregates the low-rank matrices from all clients. The server aggregation
is formulated as follows,

N∑
n=0

Global CnGlobal Dn = (B0 ⊕ · · · ⊕BN )(A0 ⊕ · · · ⊕AN ) (2)

where Global C ∈ Rc×d and Global D ∈ Rd×crepresent the global model formed by aggregating
the A and B matrices from all clients. The aggregated high-rank c capture the global general fea-
tures. After the first round of collaborative training, the global server sends the aggregated global
model weight back to each client.

In stage 2, each client fuses its local weights A and B, with the global weights Global C and
Global D. The fusion is performed as follows,

h = W0x+∆W = W0x+∆gW∆cWx (3)

where ∆gW and ∆cW are the weights from the client and server, respectively, which update the
original training parameter ∆W . Once the weights are fused, the framework proceeds with Stage 2
training, which is expressed as follows,

∆W = ∆gW∆cWx = FglobalFpersonalizedx = Global DGlobal CBAx (4)

where Fglobal and Fpersonalized represent the global features and personalized client features, respec-
tively. After client training, only the low-rank matrices A and B are uploaded, and the global server
aggregates and updates the matrices. Through two rounds of training, the model achieves global un-
derstanding while retaining personalized features, without requiring reinitialization of client weights
later.

By utilizing FF-LoRA, we expand the parameters of LoRA, alleviating the sharpness issue inherent
in the original method. The two-stage training strategy also mitigates instability caused by frequent
initialization, improving both training efficiency and model stability.

3.2 KNOWLEDGE BOUNDARY ESTABLISHMENT

In medical applications, diagnostic accuracy is critical, yet current LLMs often suffer from halluci-
nation problem. To address this, we introduce the FedBridge architecture, integrating FF-LoRA with
RAG. This architecture systematically incorporates fragmented medical data—such as case records,
manuals, dialogues, and literature—into a cohesive knowledge base. The RAG-formed knowledge
boundaries act as a safeguard against hallucinations in LLMs. Furthermore, based on FL frame-
work deeply integrates domain expert and knowledge, establishing a new paradigm for intelligent
healthcare.
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As illustrated in Figure 4, we construct two distinct knowledge bases: the Authoritative Knowledge
Base, which contains authoritative disease definitions, treatment protocols, and literature, and the
Case Knowledge Base, which includes doctor-patient dialogues and structured case reports. Each
hospital (client) maintains its own case base, differing in data quantity and type, while all hospitals
share the authoritative base, representing public medical standards.

To mitigate the hallucination issue in LLMs and leverage the diagnostic reasoning process of clinical
doctors, we propose an understanding-based inference strategy within the FedBridge. This strategy
improves model ability through dual-stage knowledge acquisition and enhancement. The domain-
specific enables the model to better understand the latent domain knowledge in user queries, while
the rule-based retrieval from the knowledge base helps mitigate hallucinations.

For accurate query interpretation, we extract latent features from user queries using the domain-
specific LLM. The formula is as follows,

Latent = fdomain

(
q; IT ) (5)

where, fdomain represents the domain-specific LLM, processed by FF-LoRA to process the query q
in an instruction template IT , and the output is the latent features Latent. These features, along
with the original query, form two parallel query conditions: one for retrieving from the authoritative
knowledge base and the other for retrieving from the case base. The formulas are as follows,

eq = E
(
q; Θ

)
, eL = E

(
Latent; Θ

)
,

Dauth = TopK
(
eL, Cauth

)
,

Dcase = TopK
(
eq, Ci

case

)
, i = 1, . . . ,M.

(6)

where E(·; Θ) is the globally shared retriever embedding function applied to both the original query
and latent features. Each client fine-tunes the embedding module locally based on its own case data
and aggregates the updated model to the global server. Cauth and Ci

case represent the authoritative
knowledge base and the case base of client i, respectively.

Finally, the answer is generated by the domain-specific LLM as the generator G, based on the
retrieved results, the final corresponding result is formulated as follows,

y = G
(
Dauth, Dcase, q) (7)

where Dauth and Dcase represent the relevant document from dual knowledge bases. Notably, the
authoritative knowledge base is used to define the characteristics of diseases (e.g., the characteristic
of a disease are specific ”symptoms”), while the hospital case base stores doctor-patient dialogues
and medical records (e.g., the symptoms presented by the patient lead to the diagnosis of a partic-
ular disease). These two types of knowledge bases complement each other through a bidirectional
mapping, specifically between disease characteristics and symptoms, as well as between symptoms
and diagnostic outcomes, thereby enhancing the model’s deep understanding and reasoning ability
regarding disease features.

To address potential inconsistencies between the retriever and generator preferences during RAG
processes, we jointly train them using the same dataset, while helps bridge the gap between gen-
eral scenarios and medical-specific needs. It also ensuring that retrieved documents and generated
answers are aligned for greater consistency in medical contexts.

4 EXPERIMENTS

To evaluate the effectiveness and robustness of our approach, we conducted extensive comparisons
with state-of-the-art methods across multiple datasets. The experiments were run on eight A100
(40GB) GPUs, and the code has been publicly released at https://anonymous.4open.science/r/F-
63AD.

4.1 EXPERIMENTAL SETUP

Initially, we evaluated the performance across a range of scenarios, considering both general and
medical applications. In the general scenario, we compared FF-LoRA with state-of-the-art methods

6
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Table 1: Performance Comparison of FF-LoRA and Baseline Methods on MMLU and MT-Bench

Model Policy Method
MMLU MT-Bench

Dolly Alpaca Wizard Wizard ShareGPT

Tiny LLama

Centralized LoRA 28.34 27.86 30.07 2.37 2.72

Home
FedIT 16.93 30.27 42.34 3.07 2.53
FFLoRA 32.76 33.11 45.13 3.11 2.7

Heter
FLoRA 18.43 29.71 41.43 3.34 2.64
FFLoRA 19.69 31.68 44.27 3.4 2.97

Llama

Centralized LoRA 36.91 28.76 31.55 4.31 4.03

Home
FedIT 29.61 29.45 33.47 3.27 3.75
FFLoRA 31.75 30.38 35.1 4.02 3.98

Heter
FLoRA 28.62 29.73 27.7 4.16 3.59
FFLoRA 30.4 31.51 29.55 4.42 3.81

on several public datasets, encompassing diverse experimental settings (homogeneous, heteroge-
neous, multi-node, and single-node). This enabled a comprehensive evaluation of the proposed
FF-LoRA base operator in varied environments. The training datasets included Dolly Zhang et al.
(2024a), Alpaca Taori et al. (2023), Wizard Luo et al. (2023), and ShareGPT, while the evaluation
datasets included MMLU Hendrycks et al. (2020) and MT-Bench Zheng et al. (2023).

In addition, we applied the FedBridge architecture to medical applications, where federated learning
is crucial for data privacy. We compared FedBridge with existing domain LLMs in the healthcare do-
main and other federated learning-based models. The medical evaluation datasets included MedQA
Jin et al. (2021), PubMedQA Jin et al. (2019), MedMCQA Pal et al. (2022) (closed-ended Q&A),
and iCliniq (open-ended Q&A), while the training dataset consisted of HealthCareMagic-100K. The
baseline methods selected for comparison were as follows. FLoRA Wang et al. (2024b): A state-
of-the-art federated fine-tuning architecture for heterogeneous environments. FedIT Zhang et al.
(2024a): A leading method for homogeneous environments based on FedAvg. Centralized Hu et al.
(2022): LoRA-based fine-tuning method. Medalpaca Han et al. (2023): A conversational medical
large model based on Llama. AlpaCare Zhang et al. (2023): A instruction-finetuning medical large
model based on Llama. We also included Llama-7B Touvron et al. (2023a) and TinyLlama Zhang
et al. (2024b) as benchmark models.

4.2 GENERAL SCENARIOS PERFORMANCE

Figure 5: Comparison the performance of
global model and client models based on
Llama-7B.

In general scenarios, we compared FF-LoRA with
baseline methods across several environments. As
shown in Table 1, FF-LoRA outperforms both
FedIT and FLoRA in both homogeneous and het-
erogeneous settings. On the MMLU test set, FF-
LoRA exhibited significant performance signifi-
cant, surpassing FLoRA by 1.85% in a heteroge-
neous environment using Llama-7B. This demon-
strates the efficacy of our method in question-
answering tasks. Notably, in open-ended Wiz-
ard MT-Bench, our federated approach even sur-
passed the centralized LoRA method, suggesting
that federated learning, through collaborative train-
ing across clients, enhances performance in open-
ended tasks.

Further, we also compared client models with the
global model based on the Wizard dataset in a heterogeneous environment, as shown in Figure 5.
The global model outperformed most client models across general datasets. When the rank was
set to 64, the client model achieved a peak performance of 30.5, whereas the client with a rank of
16 had the lowest accuracy at 29.16. This indicates that the global model, by aggregating features
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from multiple clients, provides more stable performance in general tasks compared to client models,
which vary in performance depending on their focus on personalization.

4.3 FEDBRIDGE IN MEDICAL SCENARIOS

Based on the complex background of the medical domain introduced in Figure 1, to validate the
effectiveness of our method in this scenario. We employed the FedBridge architecture, which inte-
grating domain expert fine-tuned via PEFT with domain knowledge based on RAG, we leveraged
the advantages of both to solve intricate problems in the healthcare domain, all while protecting user
data privacy. We compared our approach with existing Llama and other optimized models, as well
as federated methods. Evaluations were conducted at both the server and client levels.

4.3.1 SERVER-SIDE COMPARISONS

We first evaluated the server-side global model using three publicly available closed-ended QA
datasets: MedQA, MedMCQA, and PubMedQA. Additionally, the iCliniq dataset, which includes
doctor-patient dialogues, was used to assess the model’s ability to handle open-ended QA tasks.

Table 2: Comparison of FedBridge with baseline methods across various metrics and experimental
settings.

Policy Method
Close-Ended Benchmark Open-Ended Benchmark

MedQA MedMCQAPubmedQA AVG ChatGPT4 Claude AVG

Centralized

Llama-7B 35.4 32.3 60.7 42.8 35.7 40.8 38.3

Alpacare 34.5 31.3 59.3 41.7 49.7 53.4 51.6

Medalpaca 36.7 30.2 63.2 43.4 48.8 55.7 52.3

PEFT&RAG 38.5 33.5 68.6 46.9 59.4 60.9 60.2

Fed

FLoRA 33.8 30.6 57.7 40.7 48.3 53.2 50.8

FF-LoRA 35.3 31.8 60.3 42.5 50.6 55.1 52.9

FedBridge 38.1 33.7 66.5 46.1 58.7 62.8 60.8

The comparison results, presented in Table 2, demonstrate that our model, combining PEFT and
RAG, performs best in both benchmark and open question-answering tasks when compared with
other medical LLMs in a centralized environment. In a federated homogeneous environment, Fed-
Bridge outperforms both FLoRA and FF-LoRA models. Particularly in open-ended Q&A tasks,
FedBridge even surpasses centralized models, illustrating that federated learning significantly en-
hances model generalization.

Interestingly, in the close-ended benchmark, Llama-7B outperformed the Alpacare model, which
was specifically fine-tuned for a particular task. However, in generated Q&A tasks, the performance
of general LLM LLaMa-7B often lags behind that of task-specific fine-tuned models. For example,
in the open-ended benchmark dataset, the fine-tuned Alpacare model scored 51.55, while Llama-
7B only scored 38.25. This discrepancy may be due to the fact that Q&A tasks are inherently
closed-ended, with answers already provided among a limited set of options, whereas open-ended
Q&A tasks require the model to predict the correct answer from a large pool of potential options,
and sometimes even without any predefined options. This discrepancy highlights the advantage of
domain-specific fine-tuning for open-ended tasks, underscoring the importance of training or fine-
tuning domain-specific large models.

4.3.2 CLIENT-SIDE COMPARISONS

To address data heterogeneity, as depicted in Figure 1, we compared the global model with client
models in both IID and Non-IID settings. In the IID experiments, where the Clinic dataset served
as the global evaluation dataset, the global model exhibited greater stability than the client models,
with the exception of some clients, as shown in Figure 6 left. This suggests that the global model
offers superior stability in general tasks.
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Figure 6: Performance comparison of global model and client models on IID and Non-IID.

In the Non-IID control experiments, we used each client’s validation set as the evaluation dataset
to form a Non-IID control group. The results, presented on the right of Figure 6 right, show that
in general hospitals, the global model outperformed the client models. However, in specialized
hospitals, client models significantly outperformed the global model. This finding validates the
issue of client drift caused by data heterogeneity and further demonstrates the effectiveness of our
method in addressing this challenge.

5 RELATED WORK

FL & PEFT: The integration of FL with PEFT has attracted considerable attention in recent years.
Flat-LoRA Li et al. (2024) highlights that existing LoRA methods, constrained by low-rank matrix
parameters, focus primarily on low-dimensional subspaces, which neglect the sharp directions in the
parameter space and thus impair the model’s generalization capability. FedIT Zhang et al. (2024a)
introduces challenges posed by the noise during aggregation in the FedAVG McMahan et al. (2017)
process. FLoRA Wang et al. (2024b) proposes effective solutions to the issues of heterogeneous
rank and aggregation noise within the FL framework, but due to the rank heterogeneity, it requires
frequent reinitialization of client models, leading to suboptimal performance Bian et al. (2024).
FlexLoRA Bai et al. (2024) utilizes singular value decomposition (SVD) to manage resource and
task heterogeneity across clients.

FL & RAG:Several studies have explored the integration of RAG into federated learning frame-
works. Wang et al. (2024a) proposed the FeB4RAG method, which designs a federated query dataset
specifically for retrieval-based question-answering tasks. This framework utilizes data from multi-
ple clients to support efficient query processing. Mao et al. (2025) further proposed the FedE4RAG
architecture to enable collaborative training of the embedding model across clients. These efforts
highlight the potential of combining FL with RAG to preserve data privacy while enhancing retrieval
accuracy and model performance.

6 CONCLUSION

In this paper, we introduce the FedBridge architecture, which synergistically integrates PEFT and
RAG via federated learning to address the challenges posed by complex domain-specific tasks.
Through the design of FF-LoRA, we fuse global and personalized features, thereby enhancing the
model’s ability to comprehend domain-specific knowledge while preserving personalized client fea-
tures. The effectiveness of our proposed operators was validated in general scenarios. In the practi-
cal healthcare scenario, we developed an authoritative knowledge base and clients local case bases,
which, when integrated via the federated architecture, effectively combine the advantages of fine-
tuning and RAG. This bidirectional integration ensures consistency between the model’s reasoning
and generation components and the authoritative, domain-relevant knowledge. Experimental re-
sults demonstrate that FedBridge yields significant improvements in both close-ended domain and
open-ended domain tasks, while also mitigating the client drift problem that is prevalent.

9



486
487
488
489
490
491
492
493
494
495
496
497
498
499
500
501
502
503
504
505
506
507
508
509
510
511
512
513
514
515
516
517
518
519
520
521
522
523
524
525
526
527
528
529
530
531
532
533
534
535
536
537
538
539

Under review as a conference paper at ICLR 2026

REFERENCES

Sara Babakniya, Ahmed Roushdy Elkordy, Yahya H Ezzeldin, Qingfeng Liu, Kee-Bong Song,
Mostafa El-Khamy, and Salman Avestimehr. Slora: Federated parameter efficient fine-tuning
of language models. arXiv preprint arXiv:2308.06522, 2023.

Jiamu Bai, Daoyuan Chen, Bingchen Qian, Liuyi Yao, and Yaliang Li. Federated fine-tuning of large
language models under heterogeneous tasks and client resources. Advances in Neural Information
Processing Systems, 37:14457–14483, 2024.

Jieming Bian, Lei Wang, Letian Zhang, and Jie Xu. Lora-fair: Federated lora fine-tuning with
aggregation and initialization refinement. arXiv preprint arXiv:2411.14961, 2024.

Zihao Fu, Haoran Yang, Anthony Man-Cho So, Wai Lam, Lidong Bing, and Nigel Collier. On
the effectiveness of parameter-efficient fine-tuning. In Proceedings of the AAAI conference on
artificial intelligence, volume 37, pp. 12799–12807, 2023.

Pengxin Guo, Shuang Zeng, Yanran Wang, Huijie Fan, Feifei Wang, and Liangqiong Qu. Selec-
tive aggregation for low-rank adaptation in federated learning. arXiv preprint arXiv:2410.01463,
2024.

Tianyu Han, Lisa C Adams, Jens-Michalis Papaioannou, Paul Grundmann, Tom Oberhauser,
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A APPENDIX

A.1 THE COMMUNICATION OVERHEAD OF FLORA

As discussed in Section 4, the increase in the number of parameters has effectively mitigated the
sharpness problem inherent in LoRA, which arises from insufficient parameterization. Simultane-
ously, our approach retains the personalization features of individual clients and integrates global
features derived from federated learning. To assess the impact of this parameter increase on com-
munication overhead, we compared FF-LoRA with full fine-tuning and FLoRA. The results are
presented in Table 3.

Table 3: Comparison of communication and train overhead between FF-LoRA, FLoRA, and full
fine-tuning methods.

Method Training GPU size Communicated

Full Finetuning 6746M 37386MiB 6746M
FLoRA 8.38M 17324MiB 92.27M

FFLoRA 8.38M 19280MiB 92.27M

Contrary to initial expectations, the results demonstrate that our method does not increase training
or communication parameters compared to FLoRA. This can be attributed to the fact that, in the
first stage, both FF-LoRA and FLoRA use the same training parameters. In the second stage, when
the local and global parameters are integrated, the global parameters are frozen. Consequently,
while our approach increases memory usage for the global weights, it does not introduce additional
overhead for activation values or gradient computation, thus minimizing the computational burden.
Regarding communication, our method only uploads the local weights of the client and downloads
the global model weights, resulting in communication overhead equivalent to that of FLoRA.

A.2 ENVIRONMENTS, DATASETS AND METRIC

Computer Resources For LoRA fine-tuning on all the models, we use 8 NVIDIA A100(40GB)
GPUs.

A.2.1 DOMAIN DATASETS

HealthCareMagic-100K. A collection of 100,000 real patient–doctor dialogues scraped from
HealthCareMagic.com, cleaned/anonymized and formatted for supervised fine-tuning. Compared
with synthetic instruction sets, it captures colloquial symptom descriptions and physician reason-
ing, and was the primary training corpus for ChatDoctor. In practice it’s often split into instruc-
tion–output QA pairs for tuning.

iCliniq-10K. An independent set of 10,000 real consultations from iCliniq.com. In ChatDoctor, it’s
used mainly as a held-out evaluation/validation source (and sometimes additional training), offering
distribution shift relative to HealthCareMagic. We convert conversations to QA pairs for scoring.

MedAlpaca. A 160k-entry instruction-style corpus assembled for medical LLM fine-tuning. It
blends: (1) rephrased Anki medical flashcards (33,955 QA); (2) StackExchange QA from five fo-
rums—Academia (39,633), Biology (7,482), Fitness (3,026), Health (1,428), Bioinformatics (906);
and (3) WikiDoc QA—Living Textbook (67,704) and Patient Information (5,942). The authors
fine-tune LLaMA models on this mix and report improvements on USMLE-style evaluations.

Disease database. This offline disease knowledge base, with entries covering fields such as ”disease
- symptoms - related tests/treatments - possible medications,” can be continuously updated without
requiring model retraining. The repository states that this library covers over 700 diseases and is
used in conjunction with ChatGPT to synthesize approximately 5,000 doctor-patient conversations
(GenMedGPT-5k) to enhance training.

National Health Service. This dataset consists of 24,665 command-answer pairs automatically
generated by OpenGPT based on ”Conditions A–Z” entries on the NHS UK website. The source
content covers key points such as symptoms, causes, treatment, self-management, and when to
seek medical attention. This dataset is used to construct a fine-tuned corpus of evidence-based
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medical instructions. Data is sourced from the official NHS disease information pages to ensure
standardization and consistency of medical descriptions.

PubMed Abstract. Clinical practice guidelines, systematic reviews/review papers, and publications
from authoritative institutions (such as guidelines and monographs on the NCBI Bookshelf) together
constitute the main carriers of ”authoritative definitions/delimitations.” Among them, clinical prac-
tice guidelines are defined by the IOM as recommendation statements based on systematic evidence
evaluation for optimizing diagnosis and treatment decisions. They usually carry the definition of the
disease, diagnostic criteria, and management pathways, and are the most core ”authoritative” text
form.

A.2.2 GENERAL DATASETS

Dolly. The Dolly dataset is an open-source dataset with 15k text samples generated by Databricks
employees. The topics include brainstorming, classification, closed QA, generation, information
extraction, open QA, and summarization.

Alpaca. The Alpaca dataset contains 52K instruction-following data used for fine-tuning the Alpaca
model. This dataset is believed to be diverse enough for fine-tuning LLMs.

Wizard. The Wizard dataset we use is the training data of the WizardLM model. it includes 70k
pairsof instructions and outputs. The Wizard dataset generally featuresmore complex instructions
compared to the other datasets. Its fine-tuning results are typically better, which has been confirmed
by our experiments, especially those evaluated by the MT-bench scores.

ShareGPT. The ShareGPT dataset is a collection of approximately 52,000 conversations scraped
via the ShareGPT API. The conversations in ShareGPT include both user prompts and responses
from ChatGPT. In our experiments, we split the conversation dataset into question-answering pairs.

MMLU test set. The MMLU dataset is a widely used question-and-answer dataset in LLM fine-
tuning. It has 14,024 questions in 57 different subjects, which can evaluate the logical reasoning
capabilities of LLMs. We selected 1444 samples from the dataset for a quick and comprehensive
evaluation.

MT-bench. MT-bench is a set of challenging multi-turn open-ended questions for evaluating chat as-
sistants. It evaluates the performance of LLMs by using the GPT-4 API to score the LLM-generated
conversations. LLMs that behave more like GPT-4 will receive higher scores.

A.2.3 METRIC

In the medical Open-Ended Benchmark scenario, it is difficult to have a fixed evaluation method due
to the diversity of generated answers. We followed established evaluation protocols and employed
GPT-4 and Claude to evaluate the performance of different combinations on benchmark tests. For
each given query, we constructed an evaluation list comprising the query question, reference answer,
method pred. GPT-4 was prompted to assign a score out of 100 to each of the four assistants based
on the reference answer, accompanied by an explanation. To enhance evaluation accuracy, we per-
formed multiple assessments by exchanging the order of model assistant responses using ChatGPT-4
and Claude and averaged the results.

A.2.4 NON - INDEPENDENT IDENTICALLY DISTRIBUTION (NON-IID)

: Data heterogeneity is a significant challenge in FL framework, particularly when local data dis-
tributions deviate from global distributions. SloRA Babakniya et al. (2023) demonstrates that data
heterogeneity exacerbates the performance gap between full fine-tuning and PEFT, with the nega-
tive impact on PEFT becoming more pronounced as heterogeneity increases. Furthermore, the full
fine-tuning method used in the first stage of SloRA still imposes additional computational burdens
on clients. To address the discrepancies between local data and global data, Qi et al. (2024) in-
troduces a dual LoRA structure FDLoRA, which integrates global and local LoRA parameters in
a certain proportion. Similarly, FedDPA Long et al. (2024); Yang et al. (2023) proposes federated
dual personalized adapters that use an alternating learning approach to tackle both personalization
needs and distribution shifts during testing. FedSA-LoRA Guo et al. (2024), based on the feature
differences of matrices A and B, updates matrix A through federated aggregation while keeping
matrix B updated locally, more effectively preserving client-specific information.
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A.3 HYPERPARAMETER DETAILS

In all our experiments, the learning rate for fine-tuning is set to 0.0003; the batch size is 128 and the
micro batch size is 16. Given the substantial size of both the dataset and the models (e.g., LLaMA-
7B), federated fine-tuning requires significant computational resources and time. To balance com-
putational feasibility and experimental observation, we chose a limited number of communication
rounds (typically 3, and sometimes as few as 1) and set the number of local training epochs to 1
per round. This design allows us to observe the effects of federated optimization while avoiding
excessive overfitting, which is a known issue when using the MMLU dataset with large models and
datasets. Fewer training rounds help ensure that the observed phenomena are meaningful and not
dominated by overfitting.

A.4 SUPPLEMENTARY EXPERIMENT RESULTS

In addition, we also used a series of Llama foundation models (including Llama1, Llama2 and
Llama3) based on the Wizard dataset to evaluate existing methods. Table 1 show that feder-
ated paradigms consistently outperform centralized LoRA; notably, FFLoRA delivers stable ad-
ditional gains in both homogeneous and heterogeneous settings. During the Llama2 stage, im-
provements under heterogeneity are confirmed; the homogeneous setting does not uniformly de-
grade—FedIT decreases slightly whereas FFLoRA increases—suggesting that the effect is driven
by method–backbone compatibility and hyperparameter sensitivity rather than overfitting induced
by higher model complexity. In the Llama3 stage, performance becomes more stable and improves
overall; however, marginal gains under homogeneity begin to saturate (FFLoRA +0.68), while im-
provements under heterogeneity remain substantial (FFLoRA +2.67). This underscores both the
intrinsic difficulty of heterogeneous distributions and the necessity and promise of federated learn-
ing in such scenarios.

In summary, stronger backbones do not automatically resolve distributional shift: gains on homoge-
neous data tend to saturate, whereas federated personalization and knowledge fusion—particularly
FFLoRA—continue to yield sizable improvements under heterogeneity.

Model Policy Method Wizard

LLama

Centralized LoRA 31.55

Home
FedIT 33.47
FFLoRA 35.1

Heter
FLoRA 27.7
FFLoRA 29.55

Llama2

Centralized LoRA 30.61

Home
FedIT 33.13
FFLoRA 35.42

Heter
FLoRA 29.69
FFLoRA 31.09

Llama3

Centralized LoRA 33.27

Home
FedIT 35.21
FFLoRA 36.1

Heter
FLoRA 31.57
FFLoRA 33.76

Table 4: Compare FF-LoRA with baselines in Llama foundation models

A.5 LLMS IN PAPER WRITING

We used LLMs only to perform grammar check and minor stylistic edits.
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A.6 LIMITATION

While our proposed ABCD matrix extension in FF-LoRA offers enhanced expressiveness and im-
proved adaptation capabilities compared to the standard LoRA method, it is important to acknowl-
edge several limitations. First, the introduction of two additional matrices (C and D) beyond the
conventional A and B matrices does not increase the number of trainable parameters or communi-
cation overhead during federated training, as these matrices are designed to be efficiently computed
and aggregated. However, this extension does incur additional memory overhead during both train-
ing and inference phases.

Specifically, the ABCD parameterization requires storing four matrices instead of two. This in-
creased memory consumption can be particularly significant when dealing with large models or
when multiple clients are training simultaneously in a federated setting. The additional memory
overhead may limit the maximum batch size or the number of concurrent training processes that can
be supported on hardware with constrained memory resources.

Furthermore, while the computational complexity of the ABCD extension remains comparable to the
standard LoRA approach, the increased memory requirements may necessitate more sophisticated
memory management strategies, especially in resource-constrained environments. This limitation
should be carefully considered when deploying our method in production systems or when working
with limited computational resources.
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