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Abstract001

Large-scale instruction data is essential for002
aligning pretrained Large Language Models003
(LLMs) with human instructions, but may con-004
tain sensitive information that hinders its public005
sharing. Federated Learning (FL) enables col-006
laborative fine-tuning of LLMs without data007
sharing. However, existing approaches to fed-008
erated LLM fine-tuning usually adopt a uni-009
form model architecture, making it hard to010
fit the highly heterogeneous data with vary-011
ing amounts and formats. To address this, we012
propose FedAMoLE, a lightweight personal-013
ized FL framework that enables data-driven014
heterogeneous model architectures. This frame-015
work features an adaptive mixture of LoRA016
experts (MoLE) module for aggregating het-017
erogeneous models and a reverse selection-018
based expert assignment strategy that optimizes019
model architectures based on data distributions.020
Experiments across five scenarios show that021
FedAMoLE improves accuracy by an aver-022
age of 5.14% compared to existing approaches023
while obtaining good scalability.024

1 Introduction025

The impressive responsiveness of pretrained Large026

Language Models (LLMs) (Zhao et al., 2023) to027

human instructions relies on fine-tuning with large028

amounts of instruction-based text data, as sug-029

gested by the scaling law (Kaplan et al., 2020).030

However, instructional data often contain sensitive031

information that cannot be directly shared, caus-032

ing data silos. Federated Learning (FL) (McMa-033

han et al., 2017) provides a compelling solution by034

enabling multiple organizations to collaboratively035

train models without sharing raw data, ensuring pri-036

vacy while leveraging client-side downstream data037

effectively (Xie et al., 2022; Wang et al., 2024).038

Given the large scale of LLMs, recent039

works have proposed federated fine-tuning ap-040

proaches that leverage parameter-efficient fine-041

tuning (PEFT) (Zhang et al., 2023a; Bai et al.,042

Instruction:
What are the symptoms of diabetes?
Response:
Increased thirst, frequent urination, 
fatigue.
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Solve for x : x2 → 5x + 6 = 0.
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x = 2 and x = 3

Instruction:
How can I open a savings 
account at your bank?
Response:
Visit your nearest branch with 
a valid ID and proof of address, 
or apply online via our website.
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Instruction:
What is the capital city of France?
Response:
The capital city of France is Paris.

Instruction:
What is the chemical formula of Water?
Response:
The chemical formula of water is H2O.

Instruction:
What should I do if my vision 
is blurry?
Response:
You should schedule an eye 
exam with an ophthalmologist 
to determine the cause and 
receive proper treatment.
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Figure 1: Federated LLM fine-tuning with three organi-
zations, each with data that differ in domain and volume.
To better adapt to local data distributions, personalized
models with varied architectures are usually preferred.

2024; Sun et al., 2024; Wu et al., 2024a; Qin et al., 043

2024b; Che et al., 2023; Zhang et al., 2023b) and 044

zero-order optimization (Xu et al., 2024; Qin et al., 045

2024a). However, they only provide one globally 046

consistent model. In cross-silo scenarios, different 047

business organizations often possess data within 048

various domains, causing data distribution hetero- 049

geneity (a.k.a. not independent and identically dis- 050

tributed, non-IID). A single model typically strug- 051

gles to adapt to all domains, resulting in suboptimal 052

accuracy on client-side tasks (Tan et al., 2023). 053

Prior FL works indicate that enabling multiple 054

personalized models helps to enhance the accu- 055

racy on non-IID data (Li et al., 2020b; Qin et al., 056

2023). However, due to reliance on additional data 057

or high resource costs, existing personalized FL 058

(PFL) methods are hard to be directly applied for 059

LLMs (Appendix A.2). Thus, some studies have 060

explored PFL for LLMs (Jiang et al., 2024; Yang 061
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Figure 2: Effectiveness of heterogeneous and data-
driven model architectures. FedIT-FT and FedMoLE
denote FL approaches with homogeneous and hetero-
geneous models, respectively. FedAMole tailors model
architectures driven by data distributions based on Fed-
MoLE. Experimental settings aligned with Section 5.5.

et al., 2024; QI et al., 2024). Despite their promis-062

ing results, they still face two key limitations:063

• (L1) Limited Support for Heterogeneous Mod-064

els: A uniform model architecture is insufficient065

for client data with diverse domains (Tan et al.,066

2023; Fan et al., 2024a; Ye et al., 2024). As067

shown in Figure 1, in a modular heterogeneous068

model, each submodule (expert) may contain069

knowledge of a specific domain. Considering the070

different domains contained in client-side data,071

enabling heterogeneous model architectures con-072

tributes to better fitness of personalized models073

to client-side data. As shown in Figure 2, the074

approach enabling heterogeneous model archi-075

tectures, FedMoLE, outperforms the one with076

homogeneous models, FedIT-FT. Unfortunately,077

current methods for LLMs either struggle to ef-078

fectively support heterogeneous model architec-079

tures (QI et al., 2024; Luo et al., 2024a; Wu et al.,080

2024b; Almansoori et al., 2024), or brings signifi-081

cant communication overhead (Mei et al., 2024).082

• (L2) Data-Unaware Model Architectures: Ex-083

isting FL methods with heterogeneous LLMs pri-084

marily rely on manually predefined model ar-085

chitectures based on resource constraints, lack-086

ing joint awareness of local data distribution and087

cross-client data distribution. As exemplified by088

FedAMoLE (our approach) in Figure 2, by tai-089

loring personalized model architectures based on090

data distributions to bridge experts and client-091

side data domains, the accuracy of LLMs fine-092

tuned by FL could be further improved.093

To address these limitations, this work aims094

at tailoring personalized model architectures with095

awareness of data distributions. To enable heteroge-096

neous model architectures (L1), we adopt mixture097

of LoRA experts (MoLE) architecture as the basis,098

proposing an adaptive MoLE (AMoLE) module 099

with a novel shape-invariant router, making FL for 100

LLMs possible to support the aggregation of archi- 101

tecturally heterogeneous models. Further, to opti- 102

mize model architectures based on client-side data 103

distributions (L2), we introduce a reverse selection- 104

based expert assignment (RSEA) strategy, which 105

enables the candidate experts to select appropriate 106

clients. It optimizes model architectures driven 107

by the data characteristics of all clients in an FL 108

system, alongside FL progress. 109

This work makes the following contributions: 110

• We introduce FedAMoLE, a novel PFL frame- 111

work for LLMs. It enables architecture-level 112

model heterogeneity based on the proposed adap- 113

tive MoLE module, without introducing signifi- 114

cant communication overhead. 115

• We propose RSEA, a data-driven model architec- 116

ture optimization strategy based on a reverse se- 117

lection pattern of candidate experts, which jointly 118

considers the data characteristics of all clients in 119

the FL system to achieve the optimal design of 120

personalized model architectures. 121

• We conduct extensive experiments across five 122

non-IID FL scenarios, showing that FedAMoLE 123

improves accuracy by an average of 5.14% over 124

the strongest baseline. Our codes are at https: 125

//anonymous.4open.science/r/FedAMoLE. 126

2 Related Work 127

2.1 Personalized Federated LLM Fine-Tuning 128

Current FL methods for LLM fine-tuning usually 129

employ PEFT techniques like LoRA (Zhang et al., 130

2023a; Bai et al., 2024; Sun et al., 2024; Wu et al., 131

2024a; Qin et al., 2024b; Babakniya et al., 2023) 132

and prompt tuning (Che et al., 2023) to reduce 133

memory and communication costs stemming from 134

the large scale of LLMs. However, these methods 135

provide only a single global model, which is often 136

difficult to adapt to diverse client-side data. 137

Recent research explores personalization, includ- 138

ing dual adapter integration (Jiang et al., 2024; 139

Yang et al., 2024; QI et al., 2024), LoRA adapter 140

masking (Zhang et al., 2024), and mixtures of feed- 141

forward networks (FFNs) (Mei et al., 2024). Some 142

of them are confined to parameter heterogeneity 143

within the same architecture (QI et al., 2024). How- 144

ever, personalizing only the model parameters with- 145

out tailoring the model structure may struggle to 146

2

https://anonymous.4open.science/r/FedAMoLE
https://anonymous.4open.science/r/FedAMoLE
https://anonymous.4open.science/r/FedAMoLE


adapt to non-IID data distributions, leading to sub-147

optimal performance (Qin et al., 2023). Others148

rely on manually-defined architectures (Jiang et al.,149

2024; Yang et al., 2024; Zhang et al., 2024). On150

one hand, predefined structures may not be opti-151

mal and struggle to accurately capture task-specific152

features; on the other hand, they may fail to pre-153

cisely match the actual data distribution of each154

client, thereby limiting personalization capability.155

Besides, some methods incur substantial communi-156

cation costs due to the transmission of fine-tuned157

pre-trained parameters (Mei et al., 2024).158

2.2 Federated LLM Fine-Tuning with159

Mixture of Experts160

The Mixture of Experts (MoE) architecture, lever-161

aging specialized sub-models (experts) with a gat-162

ing mechanism (Lepikhin et al., 2021; Fedus et al.,163

2021), presents a promising avenue for personal-164

ized FL (PFL) by enabling model personalization165

through expert collaboration. Recent studies involv-166

ing MoE for federated LLM fine-tuning often em-167

ploy lightweight adapters as experts for resource ef-168

ficiency (Almansoori et al., 2024). However, these169

methods primarily address parameter heterogene-170

ity within a unified model architecture. Existing171

works enabling architecture-level heterogeneity ei-172

ther relies on dense FFN experts Mei et al. (2024),173

causing high communication costs and incompat-174

ibility to non-MoE LLMs like LLaMA (Touvron175

et al., 2023), or require manually-defined archi-176

tectures (Fan et al., 2024b), lacking optimization177

based on data distributions. Different from existing178

works, our method enables data-driven architecture179

optimization, which maximizes personalization po-180

tential while maintaining low communication cost.181

3 Problem Formulation182

We provide a formal definition of PFL for LLM183

fine-tuning. In FL, C clients collaboratively solve:184

min
θ

L =
1

C

C∑
i=1

EX∼DiLi(X|θ), (1)185

aiming at optimizing a global model θ by minimiz-186

ing the expected loss Li over local data distribution187

Di for each client i. To address data heterogeneity188

across clients, PFL trains a personalized model θi189

for each client i, modifying the objective to:190

min
θ1,θ2...,θC

L =
1

C

C∑
i=1

EX∼DiLi(X|θi). (2)191

For LLM fine-tuning, X = [Xinstr,Xresp] de- 192

notes a text sequence, where Xinstr is the instruc- 193

tion and Xresp is the response. Li is the negative 194

log-likelihood (NLL) loss defined as: 195

Li(X | θi) = − 1
T

∑T
t=1 log

[
p(X

resp
t | Xinstr,X

resp
<t , θi)

]
, (3) 196

where T is the response sequence length. In typical 197

PFL, θi uses a uniform structure with varying pa- 198

rameters, while FedAMoLE enables architectural 199

heterogeneity for greater personalization. 200

4 Approach 201

4.1 Framework Overview 202

FedAMoLE is designed for personalized federated 203

LLM fine-tuning with the following key objectives: 204

(1) enabling architecture-level model heterogene- 205

ity; (2) tailoring personalized model architectures 206

aware of both local and global data distributions; 207

and (3) minimizing additional resource overhead. 208

Figure 3 overviews the components and pro- 209

cesses of FedAMoLE. In it, each client employs 210

a transformer-based local model with L decoder 211

layers. Each layer comprises a self-attention layer 212

(with parameter matrices Q, K, V, and O) and 213

an FFN layer. Personalization is achieved by in- 214

jecting AMoLE modules into activated linear lay- 215

ers (e.g., the Q and V matrices within the self- 216

attention layer, shown in Figure 3). Each AMoLE 217

module contains a shared expert, a domain expert 218

pool, and a token projection, with each client run- 219

ning its own instance. The shared expert and to- 220

ken projection are broadcast to all clients, while 221

domain experts select the client subset with the 222

best data relevance. This data-driven expert assign- 223

ment approach adaptively combines the shared ex- 224

pert’s general knowledge with the domain expert’s 225

domain-specific knowledge, enabling each client 226

to find the optimal personalized model architecture 227

tailored to its local data. 228

In FedAMoLE, each FL round consists of six 229

key steps. First, the server distributes global pa- 230

rameters to all clients, including shared experts, do- 231

main experts, and token projections. Next, clients 232

inject these modules into their local LLM back- 233

bones to form personalized models (Figure 3, ➀). 234

Then, clients freeze their backbones and fine-tune 235

the injected parameters using local training data 236

(Figure 3, ➁). Afterward, they compute embed- 237

dings for both domain experts and local data using 238

a random subset of their training set, termed as em- 239

bedding set (Figure 3, ➂), and return the tuned pa- 240
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<latexit sha1_base64="r8W2eYnoFQcqPN4bL6QPXfDdmDA=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSQi1WPRi8cK9gPaUDabTbt2sxt2J0Ip/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZemApu0PO+ncLa+sbmVnG7tLO7t39QPjxqGZVpyppUCaU7ITFMcMmayFGwTqoZSULB2uHodua3n5g2XMkHHKcsSMhA8phTglZq9Wik0PTLFa/qzeGuEj8nFcjR6Je/epGiWcIkUkGM6fpeisGEaORUsGmplxmWEjoiA9a1VJKEmWAyv3bqnlklcmOlbUl05+rviQlJjBknoe1MCA7NsjcT//O6GcbXwYTLNEMm6WJRnAkXlTt73Y24ZhTF2BJCNbe3unRINKFoAyrZEPzll1dJ66Lq16q1+8tK/SaPowgncArn4MMV1OEOGtAECo/wDK/w5ijnxXl3PhatBSefOYY/cD5/ALHpjzo=</latexit>· · ·<latexit sha1_base64="r8W2eYnoFQcqPN4bL6QPXfDdmDA=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSQi1WPRi8cK9gPaUDabTbt2sxt2J0Ip/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZemApu0PO+ncLa+sbmVnG7tLO7t39QPjxqGZVpyppUCaU7ITFMcMmayFGwTqoZSULB2uHodua3n5g2XMkHHKcsSMhA8phTglZq9Wik0PTLFa/qzeGuEj8nFcjR6Je/epGiWcIkUkGM6fpeisGEaORUsGmplxmWEjoiA9a1VJKEmWAyv3bqnlklcmOlbUl05+rviQlJjBknoe1MCA7NsjcT//O6GcbXwYTLNEMm6WJRnAkXlTt73Y24ZhTF2BJCNbe3unRINKFoAyrZEPzll1dJ66Lq16q1+8tK/SaPowgncArn4MMV1OEOGtAECo/wDK/w5ijnxXl3PhatBSefOYY/cD5/ALHpjzo=</latexit>· · ·Client Return:

6
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Expert

<latexit sha1_base64="r8W2eYnoFQcqPN4bL6QPXfDdmDA=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSQi1WPRi8cK9gPaUDabTbt2sxt2J0Ip/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZemApu0PO+ncLa+sbmVnG7tLO7t39QPjxqGZVpyppUCaU7ITFMcMmayFGwTqoZSULB2uHodua3n5g2XMkHHKcsSMhA8phTglZq9Wik0PTLFa/qzeGuEj8nFcjR6Je/epGiWcIkUkGM6fpeisGEaORUsGmplxmWEjoiA9a1VJKEmWAyv3bqnlklcmOlbUl05+rviQlJjBknoe1MCA7NsjcT//O6GcbXwYTLNEMm6WJRnAkXlTt73Y24ZhTF2BJCNbe3unRINKFoAyrZEPzll1dJ66Lq16q1+8tK/SaPowgncArn4MMV1OEOGtAECo/wDK/w5ijnxXl3PhatBSefOYY/cD5/ALHpjzo=</latexit>· · · Domain
Experts

Token Projection

Expert  Embeddings

a. Trained Shared Expert
b. Trained Domain Experts
c. Trained Token Projection
d. Expert Embeddings
e. Client Embedding

<latexit sha1_base64="r8W2eYnoFQcqPN4bL6QPXfDdmDA=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSQi1WPRi8cK9gPaUDabTbt2sxt2J0Ip/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZemApu0PO+ncLa+sbmVnG7tLO7t39QPjxqGZVpyppUCaU7ITFMcMmayFGwTqoZSULB2uHodua3n5g2XMkHHKcsSMhA8phTglZq9Wik0PTLFa/qzeGuEj8nFcjR6Je/epGiWcIkUkGM6fpeisGEaORUsGmplxmWEjoiA9a1VJKEmWAyv3bqnlklcmOlbUl05+rviQlJjBknoe1MCA7NsjcT//O6GcbXwYTLNEMm6WJRnAkXlTt73Y24ZhTF2BJCNbe3unRINKFoAyrZEPzll1dJ66Lq16q1+8tK/SaPowgncArn4MMV1OEOGtAECo/wDK/w5ijnxXl3PhatBSefOYY/cD5/ALHpjzo=</latexit>· · ·

Server Send: 
1
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K O

Trainable Module Frozen Module

a. Shared Expert
b. Domain Experts
c. Token Projection 

Server Send: 
1
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c. Token Projection 

Figure 3: Overview of FedAMoLE. This figure illustrates the workflow of a single round, where Q, K, V, and O
are the weight matrices of the self-attention layer. Q and V are each injected with an AMoLE module (detailed in
Figure 4) for fine-tuning, while K and O are frozen. Step ➅ denotes the RSEA strategy, detailed in Figure 5. For
clarity, components of the same type (e.g., all shared experts) are shown with an identical color and texture.

rameters along with these embeddings to the server241

(Figure 3, ➃). Finally, the server aggregates the242

received data (Figure 3, ➄), calculates relevance243

scores between client data and expert domains, and244

enables each domain expert to perform reverse se-245

lection by choosing the clients with the highest246

relevance, thereby determining expert assignments247

for the next round (Figure 3, ➅).248

4.2 Adaptive MoLE Module249
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<latexit sha1_base64="ErLuRZblBtq8iKY+RtQTcoIWfWs=">AAAB+3icbVDLSgMxFM3UV62vsS7dBIvgopQZkeqy1I3LCvYB7TBk0kwbmmSGJCOWYX7FjQtF3Poj7vwbM+0stPVA4HDOvdyTE8SMKu0431ZpY3Nre6e8W9nbPzg8so+rPRUlEpMujlgkBwFShFFBuppqRgaxJIgHjPSD2W3u9x+JVDQSD3oeE4+jiaAhxUgbyberI470NAjTduanvE7rbubbNafhLADXiVuQGijQ8e2v0TjCCSdCY4aUGrpOrL0USU0xI1lllCgSIzxDEzI0VCBOlJcusmfw3ChjGEbSPKHhQv29kSKu1JwHZjJPqla9XPzPGyY6vPFSKuJEE4GXh8KEQR3BvAg4ppJgzeaGICypyQrxFEmEtamrYkpwV7+8TnqXDbfZaN5f1Vrtoo4yOAVn4AK44Bq0wB3ogC7A4Ak8g1fwZmXWi/VufSxHS1axcwL+wPr8AZU5lCg=</latexit>

Bm,i,1

<latexit sha1_base64="NIdiN1hqlHTeffG7ekJpcoDoY8g=">AAAB+3icbVBPS8MwHE3nvzn/1Xn0EhyChzHaIdPjmBePE9wcbKWkWbqFJWlJUnGUfhUvHhTx6hfx5rcx3XrQzQeBx3u/H7+XF8SMKu0431ZpY3Nre6e8W9nbPzg8so+rfRUlEpMejlgkBwFShFFBeppqRgaxJIgHjDwEs5vcf3gkUtFI3Ot5TDyOJoKGFCNtJN+ujjjS0yBMO5mf8jqtNzPfrjkNZwG4TtyC1ECBrm9/jcYRTjgRGjOk1NB1Yu2lSGqKGckqo0SRGOEZmpChoQJxorx0kT2D50YZwzCS5gkNF+rvjRRxpeY8MJN5UrXq5eJ/3jDR4bWXUhEnmgi8PBQmDOoI5kXAMZUEazY3BGFJTVaIp0girE1dFVOCu/rlddJvNtxWo3V3WWt3ijrK4BScgQvggivQBregC3oAgyfwDF7Bm5VZL9a79bEcLVnFzgn4A+vzB5a+lCk=</latexit>

Bm,i,2

<latexit sha1_base64="8urZtg3bFPb1GgYzEi82xXIxgJY=">AAAB+3icbVDLSgMxFM34rPU11qWbYBFclDKjUl2WunFZwT6gHYZMmmlDk8yQZMQyzK+4caGIW3/EnX9jpp2Fth4IHM65l3tygphRpR3n21pb39jc2i7tlHf39g8O7aNKV0WJxKSDIxbJfoAUYVSQjqaakX4sCeIBI71gepv7vUciFY3Eg57FxONoLGhIMdJG8u3KkCM9CcK0lfkpr9HaZebbVafuzAFXiVuQKijQ9u2v4SjCCSdCY4aUGrhOrL0USU0xI1l5mCgSIzxFYzIwVCBOlJfOs2fwzCgjGEbSPKHhXP29kSKu1IwHZjJPqpa9XPzPGyQ6vPFSKuJEE4EXh8KEQR3BvAg4opJgzWaGICypyQrxBEmEtamrbEpwl7+8SroXdbdRb9xfVZutoo4SOAGn4By44Bo0wR1ogw7A4Ak8g1fwZmXWi/VufSxG16xi5xj8gfX5A5hDlCo=</latexit>

Bm,i,3
<latexit sha1_base64="d1zLMTxPCaKHhyN9a20CF4HYV+o=">AAAB+3icbVC7TsMwFHV4lvIKZWSxqJAYqioBVBgLLIxFog+pjSLHdVqrthPZDqKK8issDCDEyo+w8Tc4bQZoOZKlo3Pu1T0+Qcyo0o7zba2srq1vbJa2yts7u3v79kGlo6JEYtLGEYtkL0CKMCpIW1PNSC+WBPGAkW4wuc397iORikbiQU9j4nE0EjSkGGkj+XZlwJEeB2F6nfkpr9HaeebbVafuzACXiVuQKijQ8u2vwTDCCSdCY4aU6rtOrL0USU0xI1l5kCgSIzxBI9I3VCBOlJfOsmfwxChDGEbSPKHhTP29kSKu1JQHZjJPqha9XPzP6yc6vPJSKuJEE4Hnh8KEQR3BvAg4pJJgzaaGICypyQrxGEmEtamrbEpwF7+8TDpndbdRb9xfVJs3RR0lcASOwSlwwSVogjvQAm2AwRN4Bq/gzcqsF+vd+piPrljFziH4A+vzB5a2lCk=</latexit>

Am,i,3

<latexit sha1_base64="SvLH1IUzam5Ywo+GCM3JNyjM+jk=">AAAB+3icbVBPS8MwHE3nvzn/1Xn0EhyChzHaIdPj1IvHCW4OtlLSLN3CkrQkqThKv4oXD4p49Yt489uYbj3o5oPA473fj9/LC2JGlXacb6u0tr6xuVXeruzs7u0f2IfVnooSiUkXRyyS/QApwqggXU01I/1YEsQDRh6C6U3uPzwSqWgk7vUsJh5HY0FDipE2km9XhxzpSRCmV5mf8jqtNzPfrjkNZw64StyC1ECBjm9/DUcRTjgRGjOk1MB1Yu2lSGqKGckqw0SRGOEpGpOBoQJxorx0nj2Dp0YZwTCS5gkN5+rvjRRxpWY8MJN5UrXs5eJ/3iDR4aWXUhEnmgi8OBQmDOoI5kXAEZUEazYzBGFJTVaIJ0girE1dFVOCu/zlVdJrNtxWo3V3XmtfF3WUwTE4AWfABRegDW5BB3QBBk/gGbyCNyuzXqx362MxWrKKnSPwB9bnD5UxlCg=</latexit>

Am,i,2

<latexit sha1_base64="y+5zmSieZJpk3CX7t2fYu6sst20=">AAAB+3icbVDLSgMxFM3UV62vsS7dBIvgopQZkeqy6sZlBfuAdhgyaaYNTTJDkhHLML/ixoUibv0Rd/6NmXYW2nogcDjnXu7JCWJGlXacb6u0tr6xuVXeruzs7u0f2IfVrooSiUkHRyyS/QApwqggHU01I/1YEsQDRnrB9Db3e49EKhqJBz2LicfRWNCQYqSN5NvVIUd6EoTpdeanvE7rbubbNafhzAFXiVuQGijQ9u2v4SjCCSdCY4aUGrhOrL0USU0xI1llmCgSIzxFYzIwVCBOlJfOs2fw1CgjGEbSPKHhXP29kSKu1IwHZjJPqpa9XPzPGyQ6vPJSKuJEE4EXh8KEQR3BvAg4opJgzWaGICypyQrxBEmEtamrYkpwl7+8SrrnDbfZaN5f1Fo3RR1lcAxOwBlwwSVogTvQBh2AwRN4Bq/gzcqsF+vd+liMlqxi5wj8gfX5A5OslCc=</latexit>

Am,i,1

<latexit sha1_base64="iTKhLfpOymQciSMNaQ+vNPIl7kE=">AAAB/HicbVDLSgMxFM34rPU12qWbYBEqSJkRqS6LblxWsA9ohyGTZtrQJDMkGbEM46+4caGIWz/EnX9jpp2Fth4IHM65l3tygphRpR3n21pZXVvf2Cxtlbd3dvf27YPDjooSiUkbRyySvQApwqggbU01I71YEsQDRrrB5Cb3uw9EKhqJez2NicfRSNCQYqSN5NuVsZ/yM5rVBhzpcRCmj9mpb1edujMDXCZuQaqgQMu3vwbDCCecCI0ZUqrvOrH2UiQ1xYxk5UGiSIzwBI1I31CBOFFeOgufwROjDGEYSfOEhjP190aKuFJTHpjJPKJa9HLxP6+f6PDKS6mIE00Enh8KEwZ1BPMm4JBKgjWbGoKwpCYrxGMkEdamr7IpwV388jLpnNfdRr1xd1FtXhd1lMAROAY14IJL0AS3oAXaAIMpeAav4M16sl6sd+tjPrpiFTsV8AfW5w+c3JTE</latexit>

hm,i(x)

<latexit sha1_base64="5s9MQ7ozupl92k7jSQxm4VIG5kc=">AAAB9XicbVDLSgMxFL3js9ZX1aWbYBFclRmR6rLoxmUF+4B2LJk004YmmSHJKGWY/3DjQhG3/os7/8ZMOwttPRA4nHMv9+QEMWfauO63s7K6tr6xWdoqb+/s7u1XDg7bOkoUoS0S8Uh1A6wpZ5K2DDOcdmNFsQg47QSTm9zvPFKlWSTvzTSmvsAjyUJGsLHSQ19gMw7CtJMNUpENKlW35s6AlolXkCoUaA4qX/1hRBJBpSEca93z3Nj4KVaGEU6zcj/RNMZkgke0Z6nEgmo/naXO0KlVhiiMlH3SoJn6eyPFQuupCOxknlIvern4n9dLTHjlp0zGiaGSzA+FCUcmQnkFaMgUJYZPLcFEMZsVkTFWmBhbVNmW4C1+eZm0z2tevVa/u6g2ros6SnAMJ3AGHlxCA26hCS0goOAZXuHNeXJenHfnYz664hQ7R/AHzucPIsqS8g==</latexit>

Wm

Pre-trained
Weight

<latexit sha1_base64="URoeNS3u2ShfEDYqzNe2JwsNqn4=">AAACAHicbVDLSsNAFJ34rPUVdeHCzWARKpSSiFSXRTcuK9gHtDFMppN26MwkzEzEErLxV9y4UMStn+HOv3HaZqGtBy4czrmXe+8JYkaVdpxva2l5ZXVtvbBR3Nza3tm19/ZbKkokJk0csUh2AqQIo4I0NdWMdGJJEA8YaQej64nffiBS0Ujc6XFMPI4GgoYUI20k3z4c3hM/5RVacbNyjyM9DML0MTv17ZJTdaaAi8TNSQnkaPj2V68f4YQToTFDSnVdJ9ZeiqSmmJGs2EsUiREeoQHpGioQJ8pLpw9k8MQofRhG0pTQcKr+nkgRV2rMA9M5OVHNexPxP6+b6PDSS6mIE00Eni0KEwZ1BCdpwD6VBGs2NgRhSc2tEA+RRFibzIomBHf+5UXSOqu6tWrt9rxUv8rjKIAjcAzKwAUXoA5uQAM0AQYZeAav4M16sl6sd+tj1rpk5TMH4A+szx8ACJYM</latexit>

he
m,i,1(x)

<latexit sha1_base64="wOq0wU0bE+gEvuDUXmD/lbzGfR4=">AAACAHicbVDLSsNAFJ3UV62vqAsXboJFqFBKUqS6LLpxWcE+oI1hMp20Q2cmYWYilpCNv+LGhSJu/Qx3/o2TNgttPXDhcM693HuPH1EilW1/G4WV1bX1jeJmaWt7Z3fP3D/oyDAWCLdRSEPR86HElHDcVkRR3IsEhsynuOtPrjO/+4CFJCG/U9MIuwyOOAkIgkpLnnk0vsdewqqkWk8rAwbV2A+Sx/TMM8t2zZ7BWiZOTsogR8szvwbDEMUMc4UolLLv2JFyEygUQRSnpUEscQTRBI5wX1MOGZZuMnsgtU61MrSCUOjiypqpvycSyKScMl93ZifKRS8T//P6sQou3YTwKFaYo/miIKaWCq0sDWtIBEaKTjWBSBB9q4XGUECkdGYlHYKz+PIy6dRrTqPWuD0vN6/yOIrgGJyACnDABWiCG9ACbYBACp7BK3gznowX4934mLcWjHzmEPyB8fkDAZmWDQ==</latexit>

he
m,i,2(x)

<latexit sha1_base64="nnrDimFMYI3ByrpznuwO4KiXmQk=">AAACAHicbVDLSsNAFJ3UV62vqAsXboJFqFBKolJdFt24rGAf0MYwmU7aoTOTMDMRS8jGX3HjQhG3foY7/8ZJm4W2HrhwOOde7r3HjyiRyra/jcLS8srqWnG9tLG5tb1j7u61ZRgLhFsopKHo+lBiSjhuKaIo7kYCQ+ZT3PHH15nfecBCkpDfqUmEXQaHnAQEQaUlzzwY3WMvYVVSPUsrfQbVyA+Sx/TEM8t2zZ7CWiROTsogR9Mzv/qDEMUMc4UolLLn2JFyEygUQRSnpX4scQTRGA5xT1MOGZZuMn0gtY61MrCCUOjiypqqvycSyKScMF93ZifKeS8T//N6sQou3YTwKFaYo9miIKaWCq0sDWtABEaKTjSBSBB9q4VGUECkdGYlHYIz//IiaZ/WnHqtfnteblzlcRTBITgCFeCAC9AAN6AJWgCBFDyDV/BmPBkvxrvxMWstGPnMPvgD4/MHAyqWDg==</latexit>

he
m,i,3(x)

<latexit sha1_base64="iDcnbM/Tnr3MlS2t2AbTCjU/8LI=">AAACAXicbVDLSsNAFJ34rPUVdSO4GSxChVISkeqy6MZlBfuAJoTJdNIOnUnCzEQsIW78FTcuFHHrX7jzb5y0WWjrgQuHc+7l3nv8mFGpLOvbWFpeWV1bL22UN7e2d3bNvf2OjBKBSRtHLBI9H0nCaEjaiipGerEgiPuMdP3xde5374mQNArv1CQmLkfDkAYUI6Ulzzx04hH1Ul6jNTurOhypkR+kD9mpZ1asujUFXCR2QSqgQMszv5xBhBNOQoUZkrJvW7FyUyQUxYxkZSeRJEZ4jIakr2mIOJFuOv0ggydaGcAgErpCBafq74kUcSkn3Ned+Yly3svF/7x+ooJLN6VhnCgS4tmiIGFQRTCPAw6oIFixiSYIC6pvhXiEBMJKh1bWIdjzLy+SzlndbtQbt+eV5lURRwkcgWNQBTa4AE1wA1qgDTB4BM/gFbwZT8aL8W58zFqXjGLmAPyB8fkD3BWWiA==</latexit>

ωm,i,1(x)

<latexit sha1_base64="OOgYqoyYEswBTna1Piq8eKdgHt8=">AAACAXicbVDLSsNAFJ3UV62vqBvBTbAIFUpJVKrLohuXFewDmlAm00k7dGYSZiZiCXHjr7hxoYhb/8Kdf+OkzUJbD1w4nHMv997jR5RIZdvfRmFpeWV1rbhe2tjc2t4xd/faMowFwi0U0lB0fSgxJRy3FFEUdyOBIfMp7vjj68zv3GMhScjv1CTCHoNDTgKCoNJS3zxwoxHpJ6xKqmdpxWVQjfwgeUhP+mbZrtlTWIvEyUkZ5Gj2zS93EKKYYa4QhVL2HDtSXgKFIojitOTGEkcQjeEQ9zTlkGHpJdMPUutYKwMrCIUurqyp+nsigUzKCfN1Z3ainPcy8T+vF6vg0ksIj2KFOZotCmJqqdDK4rAGRGCk6EQTiATRt1poBAVESodW0iE48y8vkvZpzanX6rfn5cZVHkcRHIIjUAEOuAANcAOaoAUQeATP4BW8GU/Gi/FufMxaC0Y+sw/+wPj8Ad83loo=</latexit>

ωm,i,3(x)

<latexit sha1_base64="HowEZWLizkzxRY6+VPHflOwVbmw=">AAAB/nicbVDLSgMxFM3UV62vUXHlJliECqXMiFSXRTcuK9gHtEPJpJk2NMkMSUYsw4C/4saFIm79Dnf+jZl2Ftp6IHA4517uyfEjRpV2nG+rsLK6tr5R3Cxtbe/s7tn7B20VxhKTFg5ZKLs+UoRRQVqaaka6kSSI+4x0/MlN5nceiFQ0FPd6GhGPo5GgAcVIG2lgH0WDhFdp1U0rfY702A+Sx/RsYJedmjMDXCZuTsogR3Ngf/WHIY45ERozpFTPdSLtJUhqihlJS/1YkQjhCRqRnqECcaK8ZBY/hadGGcIglOYJDWfq740EcaWm3DeTWUS16GXif14v1sGVl1ARxZoIPD8UxAzqEGZdwCGVBGs2NQRhSU1WiMdIIqxNYyVTgrv45WXSPq+59Vr97qLcuM7rKIJjcAIqwAWXoAFuQRO0AAYJeAav4M16sl6sd+tjPlqw8p1D8AfW5w+KXJU9</latexit>

pm,i,1(x)

<latexit sha1_base64="9XHOO14jmYqi1moTwA2IuBKqNaA=">AAAB/nicbVDLSgMxFM34rPU1Kq7cBItQoZQZleqy6MZlBfuAdhgyaaYNTTJDkhHLMOCvuHGhiFu/w51/Y9rOQlsPBA7n3Ms9OUHMqNKO820tLa+srq0XNoqbW9s7u/befktFicSkiSMWyU6AFGFUkKammpFOLAniASPtYHQz8dsPRCoaiXs9jonH0UDQkGKkjeTbh7Gf8gqtnGflHkd6GITpY3bq2yWn6kwBF4mbkxLI0fDtr14/wgknQmOGlOq6Tqy9FElNMSNZsZcoEiM8QgPSNVQgTpSXTuNn8MQofRhG0jyh4VT9vZEirtSYB2ZyElHNexPxP6+b6PDKS6mIE00Enh0KEwZ1BCddwD6VBGs2NgRhSU1WiIdIIqxNY0VTgjv/5UXSOqu6tWrt7qJUv87rKIAjcAzKwAWXoA5uQQM0AQYpeAav4M16sl6sd+tjNrpk5TsH4A+szx+NfpU/</latexit>

pm,i,3(x)

<latexit sha1_base64="c7/XHtXVrrhu6zJcqcs4Qgl+Xwk=">AAAB/nicbVDLSgMxFM3UV62vUXHlJliEClJmRKrLohuXFewD2nHIpJk2NMkMSUYsw4C/4saFIm79Dnf+jZm2C209EDiccy/35AQxo0o7zrdVWFpeWV0rrpc2Nre2d+zdvZaKEolJE0cskp0AKcKoIE1NNSOdWBLEA0baweg699sPRCoaiTs9jonH0UDQkGKkjeTbB8N77af8lGaVHkd6GITpY3bi22Wn6kwAF4k7I2UwQ8O3v3r9CCecCI0ZUqrrOrH2UiQ1xYxkpV6iSIzwCA1I11CBOFFeOomfwWOj9GEYSfOEhhP190aKuFJjHpjJPKKa93LxP6+b6PDSS6mIE00Enh4KEwZ1BPMuYJ9KgjUbG4KwpCYrxEMkEdamsZIpwZ3/8iJpnVXdWrV2e16uX83qKIJDcAQqwAUXoA5uQAM0AQYpeAav4M16sl6sd+tjOlqwZjv74A+szx81hJWq</latexit>

ht
m,i(x)

<latexit sha1_base64="jc7E5dMsAT9S4aUKo0CeZsuBETk=">AAAB/XicbVDLSgMxFM3UV62v8bFzM1iEuikzItVl0Y3LCvYBnXHIpJk2NMmEJCPWofgrblwo4tb/cOffmGm70NYDgcM593JPTiQoUdp1v63C0vLK6lpxvbSxubW9Y+/utVSSSoSbKKGJ7ERQYUo4bmqiKe4IiSGLKG5Hw6vcb99jqUjCb/VI4IDBPicxQVAbKbQPfDEgdyJkFZ9BPYji7GF8Etplt+pO4CwSb0bKYIZGaH/5vQSlDHONKFSq67lCBxmUmiCKxyU/VVhANIR93DWUQ4ZVkE3Sj51jo/ScOJHmce1M1N8bGWRKjVhkJvOIat7Lxf+8bqrjiyAjXKQaczQ9FKfU0YmTV+H0iMRI05EhEElisjpoACVE2hRWMiV4819eJK3Tqler1m7OyvXLWR1FcAiOQAV44BzUwTVogCZA4BE8g1fwZj1ZL9a79TEdLViznX3wB9bnD31clUQ=</latexit>

ωp
m(x)

<latexit sha1_base64="pjHv/4KUlI4dKLPYSjjnTJOc/lg=">AAACAXicbVDLSsNAFJ3UV62vqBvBzWARKkhJRKrLohuXFewDmhgm00k7dDIJMxOxhLjxV9y4UMStf+HOv3HSZqHVAxcO59zLvff4MaNSWdaXUVpYXFpeKa9W1tY3NrfM7Z2OjBKBSRtHLBI9H0nCKCdtRRUjvVgQFPqMdP3xZe5374iQNOI3ahITN0RDTgOKkdKSZ+458YjeSi8Nj2lWc0KkRn6Q3mdHnlm16tYU8C+xC1IFBVqe+ekMIpyEhCvMkJR924qVmyKhKGYkqziJJDHCYzQkfU05Col00+kHGTzUygAGkdDFFZyqPydSFEo5CX3dmZ8o571c/M/rJyo4d1PK40QRjmeLgoRBFcE8DjiggmDFJpogLKi+FeIREggrHVpFh2DPv/yXdE7qdqPeuD6tNi+KOMpgHxyAGrDBGWiCK9ACbYDBA3gCL+DVeDSejTfjfdZaMoqZXfALxsc3kmeW/A==</latexit>

ωs
m,i(x)

<latexit sha1_base64="7K+KBmHHdpq2j2zKTkB1P/kEbTo=">AAAB/HicbVDLSgMxFM34rPU12qWbYBEqSJkRqS6LblxWsA9oh5JJM21okhmSjDgM46+4caGIWz/EnX9jpp2Fth4IHM65l3ty/IhRpR3n21pZXVvf2Cxtlbd3dvf27YPDjgpjiUkbhyyUPR8pwqggbU01I71IEsR9Rrr+9Cb3uw9EKhqKe51ExONoLGhAMdJGGtqVZJjyM5rVBhzpiR+kj9np0K46dWcGuEzcglRBgdbQ/hqMQhxzIjRmSKm+60TaS5HUFDOSlQexIhHCUzQmfUMF4kR56Sx8Bk+MMoJBKM0TGs7U3xsp4kol3DeTeUS16OXif14/1sGVl1IRxZoIPD8UxAzqEOZNwBGVBGuWGIKwpCYrxBMkEdamr7IpwV388jLpnNfdRr1xd1FtXhd1lMAROAY14IJL0AS3oAXaAIMEPINX8GY9WS/Wu/UxH12xip0K+APr8we30pTV</latexit>

ym,i(x)

Token

<latexit sha1_base64="lcCYlf2PhevCt3N97GXej/OD93U=">AAAB+3icbVDLSsNAFL3xWesr1qWbwSK4kJKIVJdFNy4r2Ae0sUymk3boZBJmJmIJ+RU3LhRx64+482+ctFlo64GBwzn3cs8cP+ZMacf5tlZW19Y3Nktb5e2d3b19+6DSVlEiCW2RiEey62NFORO0pZnmtBtLikOf044/ucn9ziOVikXiXk9j6oV4JFjACNZGGtiVfoj12A/STvagB2l4xrKBXXVqzgxombgFqUKB5sD+6g8jkoRUaMKxUj3XibWXYqkZ4TQr9xNFY0wmeER7hgocUuWls+wZOjHKEAWRNE9oNFN/b6Q4VGoa+mYyT6oWvVz8z+slOrjyUibiRFNB5oeChCMdobwINGSSEs2nhmAimcmKyBhLTLSpq2xKcBe/vEza5zW3XqvfXVQb10UdJTiCYzgFFy6hAbfQhBYQeIJneIU3K7NerHfrYz66YhU7h/AH1ucPaDaUsg==</latexit>

Wt
m,i

Projection

<latexit sha1_base64="9GOMFw/Wn6B7U8doKeYIcSi6k6o=">AAAB+3icbVDLSgMxFM3UV62vsS7dBIvgQsqMSHVZ6sZlBfuAdhwyaaYNTTJDkhHLML/ixoUibv0Rd/6NmXYW2nogcDjnXu7JCWJGlXacb6u0tr6xuVXeruzs7u0f2IfVrooSiUkHRyyS/QApwqggHU01I/1YEsQDRnrB9Cb3e49EKhqJez2LicfRWNCQYqSN5NvVIUd6EoRpK3tQfsrPaebbNafuzAFXiVuQGijQ9u2v4SjCCSdCY4aUGrhOrL0USU0xI1llmCgSIzxFYzIwVCBOlJfOs2fw1CgjGEbSPKHhXP29kSKu1IwHZjJPqpa9XPzPGyQ6vPZSKuJEE4EXh8KEQR3BvAg4opJgzWaGICypyQrxBEmEtamrYkpwl7+8SroXdbdRb9xd1pqtoo4yOAYn4Ay44Ao0wS1ogw7A4Ak8g1fwZmXWi/VufSxGS1axcwT+wPr8AUYblJw=</latexit>

Bs
m,i

<latexit sha1_base64="nd6lUyxWUdZhAKPVQXk86ZqQ9FU=">AAAB+3icbVC7TsMwFHXKq5RXKCOLRYXEgKoEocJYYGEsEn1IbYgc12mt2k5kO4gqyq+wMIAQKz/Cxt/gtBmg5UiWjs65V/f4BDGjSjvOt1VaWV1b3yhvVra2d3b37P1qR0WJxKSNIxbJXoAUYVSQtqaakV4sCeIBI91gcpP73UciFY3EvZ7GxONoJGhIMdJG8u3qgCM9DsL0KntQfspPaebbNafuzACXiVuQGijQ8u2vwTDCCSdCY4aU6rtOrL0USU0xI1llkCgSIzxBI9I3VCBOlJfOsmfw2ChDGEbSPKHhTP29kSKu1JQHZjJPqha9XPzP6yc6vPRSKuJEE4Hnh8KEQR3BvAg4pJJgzaaGICypyQrxGEmEtamrYkpwF7+8TDpndbdRb9yd15rXRR1lcAiOwAlwwQVoglvQAm2AwRN4Bq/gzcqsF+vd+piPlqxi5wD8gfX5A0SOlJs=</latexit>

As
m,i

Figure 4: Routing of AMoLE module m at client i.

Vanilla MoLE, though efficient, faces feder-250

ated aggregation challenges due to expert-number- 251

dependent router shape (Appendix B). To address 252

this, we propose the adaptive MoLE (AMoLE) 253

module, which introduces a novel router with con- 254

sistent shapes across clients, regardless of local 255

expert configurations, thereby enabling lightweight 256

model heterogeneity with FedAvg compatibility. 257

The routing process of the AMoLE module is 258

illustrated in Figure 4. In module m of client i, 259

the hidden state of the input token x is denoted as 260

hm,i(x) ∈ Rd. This hidden state is projected into a 261

low-dimensional subspace by the A matrix of each 262

domain expert j, generating the corresponding ex- 263

pert embedding hem,i,j(x) ∈ Rr. Simultaneously, 264

hm,i(x) is also projected by the token projection 265

matrix Wt
m,i ∈ Rr×d to obtain the token embed- 266

ding htm,i(x) ∈ Rr in this subspace. Next, the 267

scaled dot product between the token embedding 268

and each expert embedding is computed, followed 269

by softmax normalization to obtain the weighting 270

coefficient pm,i,j(x) for each domain expert j. Fi- 271

nally, the top-ke domain experts with the highest 272

coefficients (where ke = 2 in Figure 4) are se- 273

lected to extract features ϕm,i,j(x). These features 274

are weighted by the corresponding coefficients, av- 275

eraged, and combined with the feature from the 276

shared expert ϕs
m,i(x) and the pre-trained feature 277

ϕp
m(x) to generate the final output ym,i(x). 278
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This process can be formalized as279

hem,i,j(x) = Am,i,jhm,i(x) (4)280

htm,i(x) = Wt
m,ihm,i(x) (5)281

pm,i,j(x) = softmax

[
htm,i(x)

T
hem,i,j(x)√
d

]
(6)282

Tm,i(x) = top-ke(pm,i,j(x)) (7)283

ϕp
m(x) = Wmhm,i(x) (8)284

ϕs
m,i(x) = Bs

m,iA
s
m,ihm,i(x) (9)285

ϕm,i,j(x) = Bm,i,jAm,i,jhm,i(x) (10)286

ym,i(x) = ϕp
m(x) + ϕs

m,i(x)+∑
j∈Tm,i(x)

pm,i,j(x) · ϕm,i,j(x), (11)287

where Wm is the pre-trained parameter of module288

m, Am,i,j and Bm,i,j are the parameters of domain289

expert j, As
m,i and Bs

m,i are the parameters of the290

shared expert, and ke is the number of domain291

experts each token is routed to.292

4.3 Local Fine-Tuning and Aggregation293

The local fine-tuning on client i optimizes the pa-294

rameters of the AMoLE module set M:295

θi =
⋃

m∈M
θm,i, (12)296

while keeping the pre-trained parameters of the297

local model frozen. Here,298

θm,i ={As
m,i,B

s
m,i,W

r
m,i}∪

{Am,i,j ,Bm,i,j}j∈Em,i

(13)299

is the learnable parameters of module m for client300

i, where Em,i is the set of domain experts assigned301

to module m of client i in the current round.302

During each fine-tuning round, client i iteratively303

updates its parameters θi. In each iteration, a mini-304

batch B is sampled from the client’s training dataset305

Dtrain
i . Next, the gradient of θi on B is computed306

using a loss function Li that combines the NLL307

loss and the load balance loss (Appendix C.1). Fi-308

nally, with a step size η, the parameters are updated309

according to the following rule (simplified):310

θt+1
i = θti − η

∂Li(B|θti)
∂θti

. (14)311

After fine-tuning, each AMoLE module m per-312

forms federated aggregation as follows:313

Xm,j =
1

|Cm,j |
∑

i∈Cm,j

Xm,i,j (15)314

Ym =
1

C

C∑
i=1

Ym,i, (16) 315

where Cm,j denotes the set of clients participating 316

in fine-tuning domain expert j within module m in 317

this round, (15) is applied to both A and B, (16) is 318

applied to both As, Bs and Wt. 319

4.4 Expert Assignment with Reverse Selection 320

1

<latexit sha1_base64="r8W2eYnoFQcqPN4bL6QPXfDdmDA=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSQi1WPRi8cK9gPaUDabTbt2sxt2J0Ip/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZemApu0PO+ncLa+sbmVnG7tLO7t39QPjxqGZVpyppUCaU7ITFMcMmayFGwTqoZSULB2uHodua3n5g2XMkHHKcsSMhA8phTglZq9Wik0PTLFa/qzeGuEj8nFcjR6Je/epGiWcIkUkGM6fpeisGEaORUsGmplxmWEjoiA9a1VJKEmWAyv3bqnlklcmOlbUl05+rviQlJjBknoe1MCA7NsjcT//O6GcbXwYTLNEMm6WJRnAkXlTt73Y24ZhTF2BJCNbe3unRINKFoAyrZEPzll1dJ66Lq16q1+8tK/SaPowgncArn4MMV1OEOGtAECo/wDK/w5ijnxXl3PhatBSefOYY/cD5/ALHpjzo=</latexit> ··
·

1 C

<latexit sha1_base64="r8W2eYnoFQcqPN4bL6QPXfDdmDA=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSQi1WPRi8cK9gPaUDabTbt2sxt2J0Ip/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZemApu0PO+ncLa+sbmVnG7tLO7t39QPjxqGZVpyppUCaU7ITFMcMmayFGwTqoZSULB2uHodua3n5g2XMkHHKcsSMhA8phTglZq9Wik0PTLFa/qzeGuEj8nFcjR6Je/epGiWcIkUkGM6fpeisGEaORUsGmplxmWEjoiA9a1VJKEmWAyv3bqnlklcmOlbUl05+rviQlJjBknoe1MCA7NsjcT//O6GcbXwYTLNEMm6WJRnAkXlTt73Y24ZhTF2BJCNbe3unRINKFoAyrZEPzll1dJ66Lq16q1+8tK/SaPowgncArn4MMV1OEOGtAECo/wDK/w5ijnxXl3PhatBSefOYY/cD5/ALHpjzo=</latexit>

···

<latexit sha1_base64="r8W2eYnoFQcqPN4bL6QPXfDdmDA=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSQi1WPRi8cK9gPaUDabTbt2sxt2J0Ip/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZemApu0PO+ncLa+sbmVnG7tLO7t39QPjxqGZVpyppUCaU7ITFMcMmayFGwTqoZSULB2uHodua3n5g2XMkHHKcsSMhA8phTglZq9Wik0PTLFa/qzeGuEj8nFcjR6Je/epGiWcIkUkGM6fpeisGEaORUsGmplxmWEjoiA9a1VJKEmWAyv3bqnlklcmOlbUl05+rviQlJjBknoe1MCA7NsjcT//O6GcbXwYTLNEMm6WJRnAkXlTt73Y24ZhTF2BJCNbe3unRINKFoAyrZEPzll1dJ66Lq16q1+8tK/SaPowgncArn4MMV1OEOGtAECo/wDK/w5ijnxXl3PhatBSefOYY/cD5/ALHpjzo=</latexit>· · ·
<latexit sha1_base64="r8W2eYnoFQcqPN4bL6QPXfDdmDA=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSQi1WPRi8cK9gPaUDabTbt2sxt2J0Ip/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZemApu0PO+ncLa+sbmVnG7tLO7t39QPjxqGZVpyppUCaU7ITFMcMmayFGwTqoZSULB2uHodua3n5g2XMkHHKcsSMhA8phTglZq9Wik0PTLFa/qzeGuEj8nFcjR6Je/epGiWcIkUkGM6fpeisGEaORUsGmplxmWEjoiA9a1VJKEmWAyv3bqnlklcmOlbUl05+rviQlJjBknoe1MCA7NsjcT//O6GcbXwYTLNEMm6WJRnAkXlTt73Y24ZhTF2BJCNbe3unRINKFoAyrZEPzll1dJ66Lq16q1+8tK/SaPowgncArn4MMV1OEOGtAECo/wDK/w5ijnxXl3PhatBSefOYY/cD5/ALHpjzo=</latexit>· · ·

<latexit sha1_base64="r8W2eYnoFQcqPN4bL6QPXfDdmDA=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSQi1WPRi8cK9gPaUDabTbt2sxt2J0Ip/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZemApu0PO+ncLa+sbmVnG7tLO7t39QPjxqGZVpyppUCaU7ITFMcMmayFGwTqoZSULB2uHodua3n5g2XMkHHKcsSMhA8phTglZq9Wik0PTLFa/qzeGuEj8nFcjR6Je/epGiWcIkUkGM6fpeisGEaORUsGmplxmWEjoiA9a1VJKEmWAyv3bqnlklcmOlbUl05+rviQlJjBknoe1MCA7NsjcT//O6GcbXwYTLNEMm6WJRnAkXlTt73Y24ZhTF2BJCNbe3unRINKFoAyrZEPzll1dJ66Lq16q1+8tK/SaPowgncArn4MMV1OEOGtAECo/wDK/w5ijnxXl3PhatBSefOYY/cD5/ALHpjzo=</latexit> ··
·

<latexit sha1_base64="r8W2eYnoFQcqPN4bL6QPXfDdmDA=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSQi1WPRi8cK9gPaUDabTbt2sxt2J0Ip/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZemApu0PO+ncLa+sbmVnG7tLO7t39QPjxqGZVpyppUCaU7ITFMcMmayFGwTqoZSULB2uHodua3n5g2XMkHHKcsSMhA8phTglZq9Wik0PTLFa/qzeGuEj8nFcjR6Je/epGiWcIkUkGM6fpeisGEaORUsGmplxmWEjoiA9a1VJKEmWAyv3bqnlklcmOlbUl05+rviQlJjBknoe1MCA7NsjcT//O6GcbXwYTLNEMm6WJRnAkXlTt73Y24ZhTF2BJCNbe3unRINKFoAyrZEPzll1dJ66Lq16q1+8tK/SaPowgncArn4MMV1OEOGtAECo/wDK/w5ijnxXl3PhatBSefOYY/cD5/ALHpjzo=</latexit> ··
·

<latexit sha1_base64="r8W2eYnoFQcqPN4bL6QPXfDdmDA=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSQi1WPRi8cK9gPaUDabTbt2sxt2J0Ip/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZemApu0PO+ncLa+sbmVnG7tLO7t39QPjxqGZVpyppUCaU7ITFMcMmayFGwTqoZSULB2uHodua3n5g2XMkHHKcsSMhA8phTglZq9Wik0PTLFa/qzeGuEj8nFcjR6Je/epGiWcIkUkGM6fpeisGEaORUsGmplxmWEjoiA9a1VJKEmWAyv3bqnlklcmOlbUl05+rviQlJjBknoe1MCA7NsjcT//O6GcbXwYTLNEMm6WJRnAkXlTt73Y24ZhTF2BJCNbe3unRINKFoAyrZEPzll1dJ66Lq16q1+8tK/SaPowgncArn4MMV1OEOGtAECo/wDK/w5ijnxXl3PhatBSefOYY/cD5/ALHpjzo=</latexit> ··
·

<latexit sha1_base64="r8W2eYnoFQcqPN4bL6QPXfDdmDA=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSQi1WPRi8cK9gPaUDabTbt2sxt2J0Ip/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZemApu0PO+ncLa+sbmVnG7tLO7t39QPjxqGZVpyppUCaU7ITFMcMmayFGwTqoZSULB2uHodua3n5g2XMkHHKcsSMhA8phTglZq9Wik0PTLFa/qzeGuEj8nFcjR6Je/epGiWcIkUkGM6fpeisGEaORUsGmplxmWEjoiA9a1VJKEmWAyv3bqnlklcmOlbUl05+rviQlJjBknoe1MCA7NsjcT//O6GcbXwYTLNEMm6WJRnAkXlTt73Y24ZhTF2BJCNbe3unRINKFoAyrZEPzll1dJ66Lq16q1+8tK/SaPowgncArn4MMV1OEOGtAECo/wDK/w5ijnxXl3PhatBSefOYY/cD5/ALHpjzo=</latexit>· · ·

<latexit sha1_base64="r8W2eYnoFQcqPN4bL6QPXfDdmDA=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSQi1WPRi8cK9gPaUDabTbt2sxt2J0Ip/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZemApu0PO+ncLa+sbmVnG7tLO7t39QPjxqGZVpyppUCaU7ITFMcMmayFGwTqoZSULB2uHodua3n5g2XMkHHKcsSMhA8phTglZq9Wik0PTLFa/qzeGuEj8nFcjR6Je/epGiWcIkUkGM6fpeisGEaORUsGmplxmWEjoiA9a1VJKEmWAyv3bqnlklcmOlbUl05+rviQlJjBknoe1MCA7NsjcT//O6GcbXwYTLNEMm6WJRnAkXlTt73Y24ZhTF2BJCNbe3unRINKFoAyrZEPzll1dJ66Lq16q1+8tK/SaPowgncArn4MMV1OEOGtAECo/wDK/w5ijnxXl3PhatBSefOYY/cD5/ALHpjzo=</latexit>· · ·

<latexit sha1_base64="r8W2eYnoFQcqPN4bL6QPXfDdmDA=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSQi1WPRi8cK9gPaUDabTbt2sxt2J0Ip/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZemApu0PO+ncLa+sbmVnG7tLO7t39QPjxqGZVpyppUCaU7ITFMcMmayFGwTqoZSULB2uHodua3n5g2XMkHHKcsSMhA8phTglZq9Wik0PTLFa/qzeGuEj8nFcjR6Je/epGiWcIkUkGM6fpeisGEaORUsGmplxmWEjoiA9a1VJKEmWAyv3bqnlklcmOlbUl05+rviQlJjBknoe1MCA7NsjcT//O6GcbXwYTLNEMm6WJRnAkXlTt73Y24ZhTF2BJCNbe3unRINKFoAyrZEPzll1dJ66Lq16q1+8tK/SaPowgncArn4MMV1OEOGtAECo/wDK/w5ijnxXl3PhatBSefOYY/cD5/ALHpjzo=</latexit>· · ·
<latexit sha1_base64="r8W2eYnoFQcqPN4bL6QPXfDdmDA=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSQi1WPRi8cK9gPaUDabTbt2sxt2J0Ip/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZemApu0PO+ncLa+sbmVnG7tLO7t39QPjxqGZVpyppUCaU7ITFMcMmayFGwTqoZSULB2uHodua3n5g2XMkHHKcsSMhA8phTglZq9Wik0PTLFa/qzeGuEj8nFcjR6Je/epGiWcIkUkGM6fpeisGEaORUsGmplxmWEjoiA9a1VJKEmWAyv3bqnlklcmOlbUl05+rviQlJjBknoe1MCA7NsjcT//O6GcbXwYTLNEMm6WJRnAkXlTt73Y24ZhTF2BJCNbe3unRINKFoAyrZEPzll1dJ66Lq16q1+8tK/SaPowgncArn4MMV1OEOGtAECo/wDK/w5ijnxXl3PhatBSefOYY/cD5/ALHpjzo=</latexit>· · ·
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Figure 5: RSEA process. E and C denote the number
of domain experts and clients, respectively.

To effectively assign domain experts to clients 321

based on data relevance, we employ a mechanism 322

to quantify the affinity between client data and ex- 323

pert domains using scaled dot product similarity. 324

Specifically, we define the embedding of client i 325

on module m as the element-wise mean of token 326

embeddings in m for all tokens in the embedded 327

set Demb
i sampled from client i’s training data: 328

h
t
m,i =

1∣∣Demb
i

∣∣ ∑
x∈Demb

i

htm,i(x). (17) 329

Note that the sampling of Demb
i is random to en- 330

sure its data distribution aligns with Dtrain
i , thereby 331

better reflecting the local data characteristics. 332

Similarly, we define the embedding of domain 333

expert j in module m as the element-wise mean 334

of j’s embeddings across clients Cm,j fine-tuning 335

j in the current round (18), where h
e
m,i,j is the 336

embedding of j on i, i.e., the element-wise mean of 337

j’s embeddings in m for all tokens in Demb
i (19). 338

h
e
m,j =

1

|Cm,j |
∑

i∈Cm,j

h
e
m,i,j (18) 339

h
e
m,i,j =

1∣∣Demb
i

∣∣ ∑
x∈Demb

i

hem,i,j(x) (19) 340
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The relevance score sm,i,j between client i’s data341

and expert j’s domain within module m is then de-342

fined as the scaled dot product of their embeddings343

(20), aligning with the AMoLE training objective344

(4-6). A higher sm,i,j signifies a stronger affinity,345

indicating a greater likelihood of expert j being346

selected by client i’s tokens in module m.347

sm,i,j =

(
h
t
m,i

)T
· he

m,j√
d

(20)348

With the above relevance score, a naive solution349

would let clients select experts based on domain rel-350

evance; however, this approach exposes all expert351

parameters to clients—undesirable in cross-silo set-352

tings due to commercial sensitivities—and lacks a353

global perspective, risking suboptimal system-wide354

performance. To this end, we propose a reverse355

selection-based expert assignment (RSEA) strat-356

egy, where experts instead select clients. This en-357

sures that clients remain unaware of irrelevant ex-358

perts, preserving commercial privacy, while expert359

assignments are optimized from a global perspec-360

tive to maximize overall federated performance.361

Specifically, each domain expert j in module m362

selects the top-kc clients with highest relevance:363

Cm,j = top-kc(softmax(sm,i,j)). (21)364

To minimize the expert count per module (ke) and365

constraint expert heterogeneity (up to b experts366

per module per client), expert assignment within367

each module is formulated as a mixed integer lin-368

ear programming (MILP) problem, detailed in Ap-369

pendix C.3.370

5 Experiments371

This section aims to experimentally demonstrate:372

(1) FedAMoLE achieves better accuracy on non-373

IID data (Section 5.2) (2) FedAMoLE has lower re-374

source overhead than MoE-based approaches (Sec-375

tion 5.3) (3) The components proposed in this work376

contribute positively (Section 5.4-5.5).377

5.1 Experimental Setup378

5.1.1 Baselines379

To assess FedAMoLE’s efficacy, we evaluate380

it against seven competitive federated LLM381

fine-tuning methods, encompassing both non-382

personalized and personalized strategies. Non-383

personalized baselines include FedIT (Zhang et al.,384

2023a), FedPrompt, and FedPTuning (Kuang et al.,385

2023), representing federated averaging (McMahan 386

et al., 2017) with LoRA (Hu et al., 2022), Prompt 387

Tuning (Lester et al., 2021), and P-Tuning (Liu 388

et al., 2022) respectively. For personalized 389

baselines, we consider FedIT-FT, FedPrompt-FT, 390

FedPTuning-FT (each extends its non-personalized 391

counterpart with post-aggregation fine-tuning (Yu 392

et al., 2020)), and FDLoRA (QI et al., 2024) (which 393

employs shared and personalized adapters opti- 394

mized via few-shot black-box techniques). 395

5.1.2 Datasets & Evaluation Metrics 396

To comprehensively compare the performance 397

of all methods, we evaluate them on three 398

widely used datasets: SNLI (Bowman et al., 399

2015), Dolly-15K (Conover et al., 2023), and 400

Natural Instructions (NI) (Wang et al., 2022). 401

Specifically, SNLI (570K sentence pairs, entail- 402

ment/contradiction/neutral labels) serves as a nat- 403

ural language understanding benchmark, while 404

Dolly-15K (15K question-response pairs, 8 tasks) 405

and NI (v2.8 split, 756 train/119 test tasks) are used 406

for natural language generation evaluation. Follow- 407

ing prior federated LLM fine-tuning studies (Wu 408

et al., 2024a; Qin et al., 2024a), we assess individ- 409

ual client model performance using the test accu- 410

racy after the last federated round. Aligned with 411

personalized federated learning settings, we report 412

mean test accuracy after the last round (MTAL) 413

across clients (Appendix D.1.1). All experiments 414

use LLaMA-3.2-1B as the foundation model. 415

5.1.3 FL Settings 416

This work targets a cross-silo FL scenario with 417

10 clients, unless stated otherwise. Federated 418

fine-tuning is conducted for 30 rounds, with each 419

client performing 200 local training steps per round. 420

Datasets are partitioned across clients to simulate 421

non-IID data distributions (Appendix D.1.3). 422

5.2 Comparison of Accuracy 423

From Table 1, FedAMoLE achieves the best results 424

across all five scenarios. Notably, on highly het- 425

erogeneous NI (1 task/client), it improves Rouge-L 426

by 5.25% over the strongest baseline, FDLoRA; 427

on SNLI with typical heterogeneity (α = 1.0), 428

FedAMoLE outperforms others, improving clas- 429

sification accuracy by 2.43% over the best base- 430

line, FedIT-FT. This significant gain is due to 431

FedAMoLE’s data-aware, module-level adaptive 432

expert assignment strategy, which builds personal- 433

ized models tailored to each client’s local data, en- 434
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Approaches
Dolly-15K NI SNLI

Average
α = 0.1 α = 1.0 α = 100.0 1 task/client α = 1.0

V
an

ill
a FedIT 28.69±1.73 28.67±1.28 27.31±0.55 54.09±0.23 83.06±0.63 44.36

FedPrompt 26.01±2.16 26.44±1.22 24.57±0.78 35.45±1.08 66.10±2.78 35.71
FedPTuning 24.11±3.14 27.57±0.79 26.16±1.12 36.10±18.36 76.83±6.14 38.15

Pe
rs

on
al

iz
ed

FedIT-FT 28.80±0.16 29.13±1.18 27.17±0.40 53.34±0.26 86.67±0.58 45.02
FedPrompt-FT 26.76±0.57 25.91±0.98 24.63±1.17 47.70±0.67 75.75±1.46 40.15
FedPTuning-FT 27.28±1.28 28.05±1.42 25.89±0.43 38.97±20.72 86.34±3.20 41.30
FDLoRA 27.75±0.17 26.67±0.66 25.79±1.99 57.04±1.90 86.06±1.32 44.66

FedAMoLE 29.87±1.40 29.72±1.43 28.28±0.84 60.04±1.09 88.78±0.38 47.34
Gains 3.71 2.02 3.55 5.25 2.43 5.14

Table 1: Comparison of MTAL on three tasks across different data heterogeneity scenarios. Each cell reports the
mean and standard deviation of MTAL calculated over three random seeds. Each column represents the results under
a specific data heterogeneity scenario, where the best-performing approach is highlighted in bold, the second-best
method is underlined, and “gains” denote the relative MTAL improvement of FedAMoLE over the best baseline.
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Figure 6: MTA trends during training. Each point represents the MTA averaged over three random seeds at a round.

Approaches Mem (GB) Up (MB) Down (MB)

FedMoE 13.89 1850 1850
FedAMoLE 7.99 25.66 25.63

Table 2: Comparison of memory, up- and down-link
volumes. FedMoE data from (Mei et al., 2024);
FedAMoLE data from one FL round on AG News using
a switch transformer under FedMoE’s setup.

hancing performance on heterogeneous data (5.4).435

Additionally, as shown in Figure 6, FedAMoLE436

converges quickly across three typical heteroge-437

neous data scenarios and consistently outperforms438

other approaches during training. This indicates439

that even if training is stopped early for efficiency,440

FedAMoLE still achieves better results, demon-441

strating its practicality. This advantage comes from442

FedAMoLE’s ability to dynamically adjust expert443

assignments per client in each round, allowing it to444

respond promptly to changes in relevance between445

experts and client data as training progresses.446

Furthermore, Figure 7 illustrates the impact447

of increasing the number of clients. Notably,448
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Figure 7: MTAL with different numbers of clients

FedAMoLE consistently outperforms the strongest 449

baselines on both natural language generation and 450

understanding tasks under typical data heterogene- 451

ity settings, demonstrating its strong scalability. 452

5.3 Comparison of Overhead 453

FedAMoLE significantly reduces the memory and 454

communication overhead compared to MoE-based 455

methods. As shown in Table 2, FedMoE using 456

a traditional MoE architecture incurs GB-level 457

per-round communication cost, while FedAMoLE 458
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Figure 8: Visualization of the relevance between client data and domain experts in an AMoLE module after one
round of fine-tuning. Each point in the scatter plot represents the t-SNE reduced relevance vector between a text
sequence and all domain experts (computed as in (17-20), but in (17), Demb

i contains only one example), with 200
points per client. The bar chart illustrates the number of domain experts assigned to each client in the next round.

FedIT FedMoLE FedAMoLE

+FT -A -R -S
86.45 87.70 86.90 88.05 87.50 88.95

Table 3: Ablation study. Each cell represents the MTAL
obtained on SNLI with a single random seed.

leverages LoRA’s efficiency to compress this com-459

munication overhead to 25.66 MB (approximately460

1% of the original volume) and reduces memory us-461

age to half that of FedMoE, which makes federated462

LLM fine-tuning practical in real-world scenarios.463

5.4 Effectiveness of Personalization464

Figure 8 shows the effectiveness of FedAMoLE’s465

personalization. In the scatter plot, each point rep-466

resents a text sequence’s relevance to all domain467

experts. Points near the origin indicate uniform rel-468

evance—aligned with the global distribution and re-469

quiring fewer domain experts—while distant points470

show higher relevance to specific experts, reflecting471

divergence from global distribution and necessitat-472

ing more experts. FedAMoLE’s expert assignments473

follow this pattern: in Figure 8b, clients 2, 7, and 8474

have points near the origin, indicating similar local475

and global data distributions; the bar chart confirms476

fewer experts assigned to these clients.477

5.5 Ablation Study478

To evaluate the contributions of the proposed479

AMoLE module, RSEA strategy, and shared ex-480

pert, we design four ablation variants: (1) Fed-481

MoLE, where the RSEA strategy is removed and482

experts are randomly assigned in the first round, re-483

maining fixed thereafter; (2) FedAMoLE-R, where484

the RSEA strategy is removed and experts are ran-485

domly assigned in each round; (3) FedAMoLE-A, 486

which replaces the AMoLE module with a vanilla 487

MoLE—here, each router has a uniform output di- 488

mension (equal to the total number of assignable 489

experts) to ensure aggregation compatibility, and 490

expert routing follows (24) but restricts top-ke se- 491

lection to experts assigned in the current round; (4) 492

FedAMoLE-S, where the shared expert is ablated, 493

and only domain expert collaboration is used. 494

Table 3 presents the ablation study results. Fed- 495

MoLE significantly outperforms FedIT-FT in accu- 496

racy, demonstrating the benefits of heterogeneous 497

models. Full FedAMoLE further improves accu- 498

racy compared to FedMoLE, highlighting the ad- 499

vantages of data-driven model architectures. The 500

performance degradation of both FedAMoLE-A 501

and FedAMoLE-R, relative to full FedAMoLE, un- 502

derscores the importance of the AMoLE module 503

and the RSEA strategy. Moreover, the inferior 504

performance of FedAMoLE-S compared to full 505

FedAMoLE emphasizes the necessity of shared ex- 506

perts for general knowledge sharing, rather than 507

relying solely on domain experts. 508

6 Conclusion 509

This work introduces FedAMoLE, a novel PFL 510

framework for LLM fine-tuning, characterized by 511

an adaptive MoLE module to enable architectural 512

model heterogeneity, and a data-driven expert as- 513

signment strategy for architecture optimization. It 514

overcomes the uniform and data-unaware model 515

architectures of existing methods. Extensive ex- 516

periments show that FedAMoLE achieves supe- 517

rior accuracy over existing methods in non-IID 518

settings, highlight the potential of data-driven het- 519

erogeneous models for LLM fine-tuning with FL. 520
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Limitations521

Despite its contributions, this work has some lim-522

itations. Firstly, while MoLE exhibits enhanced523

capability in handling data heterogeneity in FL, it524

introduces slightly increased memory and commu-525

nication overhead compared to single LoRA ap-526

proaches. Secondly, to ensure distributional align-527

ment, the embedding set is randomly sampled from528

the training set. However, more refined sampling529

strategies may exist to further improve the accuracy530

of domain relevance evaluation. Additionally, to531

ensure data privacy and communication efficiency,532

domain relevance calculation utilizes dot product533

of embedding means, instead of the mean of embed-534

ding dot products, which may introduce potential535

inaccuracies. Furthermore, while parallel compu-536

tation of domain experts is theoretically possible,537

serial implementation for simplicity led to subop-538

timal latency. Future work will address these limi-539

tations by investigating optimized embedding set540

sampling techniques, domain relevance evaluation541

algorithms and implementations.542
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A More Related Work997

A.1 Federated Fine-Tuning for LLMs998

Current federated fine-tuning approaches for LLMs999

often adopt PEFT techniques to reduce memory1000

usage during local fine-tuning and communica-1001

tion cost for the transmission of trainable pa-1002

rameters. Some studies focus on establishing1003

benchmarks (Zhang et al., 2023b) and infrastruc-1004

tures (Kuang et al., 2023) for federated LLM fine-1005

tuning. Other works like (Sun et al., 2024) ad-1006

dress inconsistencies between local and global ob-1007

jectives in LoRA fine-tuning to improve perfor-1008

mance. Additional efforts focus on reducing re-1009

source overhead, including leveraging quantization1010

techniques to reduce memory footprint (Xu et al.,1011

2024), compressing model updates into fixed ran-1012

dom seeds and loss values through zero-order op-1013

timization to minimize communication costs (Qin1014

et al., 2024a), fine-tuning compressed LLMs to1015

reduce computational burden (Wu et al., 2024a),1016

and optimizing resource utilization across heteroge-1017

neous clients with SVD-based LoRA pruning (Bai1018

et al., 2024). While the above studies have sig-1019

nificantly improved model accuracy, advanced the1020

ecosystem, and minimized computational, memory, 1021

and communication overheads in federated LLM 1022

fine-tuning, they overlook the challenge of data het- 1023

erogeneity, which causes performance degradation 1024

in practical FL applications. 1025

A.2 Personalized Federated Learning 1026

To address the challenges posed by data hetero- 1027

geneity, personalized federated learning (PFL) has 1028

been widely studied. Many approaches focus on 1029

parameter-level personalization by adapting model 1030

parameters to client-specific distributions through 1031

techniques such as fine-tuning (Yu et al., 2020), 1032

regularization (Li et al., 2020a; Karimireddy et al., 1033

2020), multi-task learning (Huang et al., 2021), 1034

meta learning (Fallah et al., 2020), model interpo- 1035

lation (Hanzely and Richtárik, 2020; Deng et al., 1036

2020; Luo and Wu, 2022), clustering (Ghosh et al., 1037

2020), and parameter decoupling (Collins et al., 1038

2021). Although these methods help mitigate per- 1039

formance degradation, their homogeneous model 1040

architectures limit personalization capability. To 1041

further tailor models to individual clients, some 1042

works explore architecture-level personalization us- 1043

ing knowledge distillation (Lin et al., 2020; Zhu 1044

et al., 2021), mutual learning (Shen et al., 2020), 1045

prototype learning (Tan et al., 2022), and ensem- 1046

ble learning (Qin et al., 2023). However, knowl- 1047

edge distillation often requires additional data (e.g., 1048

public datasets), which contradicts the federated 1049

learning goal of addressing data scarcity. Moreover, 1050

prototype learning is challenging to apply to LLM 1051

fine-tuning because its reliance on fixed prototypes 1052

may not capture the dynamic variability required 1053

for text generation. Meanwhile, mutual learning 1054

and ensemble learning necessitate training multiple 1055

models locally—an impractical solution given the 1056

high resource cost of training a single LLM. 1057

A.3 Personalized Federated Learning with 1058

Mixture of Experts 1059

Mixture-of-Experts (MoE) architectures have at- 1060

tracted attention in PFL due to their ability to 1061

achieve model heterogeneity while maintaining 1062

constant computational overhead. Early MoE- 1063

based PFL research focused on small-scale mod- 1064

els like CNNs and RNNs, often treating the en- 1065

tire model as a single expert. Some works (Pe- 1066

terson et al., 2019; Guo et al., 2020; Zec et al., 1067

2020; Yi et al., 2024) combined a shared expert 1068

with a personalized expert using a gating network. 1069

Others supported mixing multiple experts through 1070
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personalized weighting coefficients (Reisser et al.,1071

2021), clustering (Isaksson et al., 2022), client1072

selection (Dun et al., 2023), or similarity-based1073

expert aggregation (Zhan et al., 2024). However,1074

these works are primarily designed for small-scale1075

neural networks and incur significant memory and1076

communication overhead, making them unsuitable1077

for LLMs.1078

B Preliminaries1079

B.1 Mixture of Experts and A Lightweight1080

Improvement1081

Mixture of experts (MoE) (Jacobs et al., 1991;1082

Shazeer et al., 2017; Lepikhin et al., 2021; Du1083

et al., 2022; Fedus et al., 2021) is a technology1084

that enables the scaling of LLMs with constant1085

computational overhead. A typical MoE layer con-1086

sists of a linear router and multiple sub-modules1087

termed “experts”. Given a specific input, the router1088

sparsely selects a fixed number of experts based on1089

its features. This process can be formalized as1090

pi = softmax(Wrx)i

T = top-k(pi)

y =
∑
i∈T

piEi(x),
(22)1091

where x ∈ Rd represents the input features, Wr ∈1092

RN×d denotes the parameter weights of the router1093

(N is the total number of experts), pi represents the1094

weighting coefficient of expert i for the input x, T1095

is the set of indices of the k selected experts, Ei1096

is the i-th expert sub-module (such as a two-layer1097

feed-forward neural network), and y is the final1098

output.1099

The adaptive collaboration of domain experts in1100

MoE enables effective adaptation to diverse data1101

distributions, making it a promising solution for1102

personalizing client models in FL. However, ap-1103

plying MoE to federated LLM fine-tuning incurs1104

significant communication costs due to the transfer1105

of dense expert sub-modules between the server1106

and clients. A natural solution to this limitation is1107

to make MoE experts more lightweight.1108

Mixture-of-LoRA-Experts (MoLE) architec-1109

tures (Li et al., 2024; Luo et al., 2024b; Gao et al.,1110

2024) address this by using LoRA adapters as ex-1111

perts within the MoE framework.1112

Low-rank adaptation (LoRA) (Hu et al., 2022) is1113

a widely adopted Parameter-Efficient Fine-Tuning1114

(PEFT) technique for LLMs. LoRA assumes that1115

the fine-tuning updates ∆W to the pre-trained pa- 1116

rameters W ∈ Rh×d are highly sparse and can be 1117

approximated by the product of two low-rank ma- 1118

trices A ∈ Rr×d and B ∈ Rh×r, known as LoRA 1119

adapters, with r ≪ min(d, h) to minimize param- 1120

eter size. The fine-tuned parameters W during 1121

forward computation can then be expressed as: 1122

y = Wx+∆Wx = Wx+BAx. (23) 1123

By leveraging the lightweight nature of LoRA 1124

adapters, MoLE substantially reduces the param- 1125

eter size of MoE experts, enabling it to achieve 1126

the same level of local model personalization as 1127

MoE while significantly lowering communication 1128

overhead. The forward computation of MoLE is 1129

given by: 1130

pi = softmax(Wrx)i

T = top-k(pi)

y = Wx+
∑
i∈T

piBiAix.
(24) 1131

B.2 Limitations of the Vanilla MoLE Module 1132

Assigning varying numbers of domain experts to in- 1133

stances of a traditional MoLE module across clients 1134

challenges federated aggregation. Consider the fol- 1135

lowing scenario: if two client instances of a MoLE 1136

module are assigned to three and five domain ex- 1137

perts, respectively, the corresponding router dimen- 1138

sions would be 3× d and 5× d, as defined in (24). 1139

This dimensional inconsistency prevents direct ag- 1140

gregation of routers via FedAvg (McMahan et al., 1141

2017). The core issue originates that the parameter 1142

dimension of a traditional MoLE router is tied to 1143

the number of domain experts, resulting in shape 1144

mismatches across module instances with varying 1145

domain expert counts. 1146

C Approach Details 1147

C.1 Loss Function 1148

The loss function used during local fine-tuning is 1149

defined as: 1150

Li(B | θi) = 1
|B|

∑
X∈B

[
Li(X | θi) + β · LLB

i (B | θi)
]
, (25) 1151

where B is a mini-batch of text sequences con- 1152

taining T tokens sampled from client i’s training 1153

dataset Dtrain
i , Li represents the NLL loss (refer to 1154

(3)), and 1155

LLB
i (B|θi) =

∑
m∈M

(
|Em,i|

∑
j∈Em,i

fm,i,j · pm,i,j

)
(26) 1156
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represents the load balance loss (Fedus et al., 2021)1157

weighted by β, which aims to encourage each do-1158

main expert to process roughly the same number1159

of tokens, ensuring sufficient training. fm,i,j and1160

pm,i,j are defined as follows:1161

fm,i,j =
1

T

∑
X∈B

∑
x∈X

1{argmax
j′

pm,i,j′(x) = j}

pm,i,j =
1

T

∑
X∈B

∑
x∈X

pm,i,j(x).

(27)1162

C.2 Privacy Analysis1163

The computation of expert j’s embedding h
e
m,j1164

requires each client i to upload their local h
e
m,i,j .1165

Since h
e
m,i,j represents the average of client i’s1166

local token features. Privacy concerns on this can1167

be solved by mature methods such as differential1168

privacy (Wei et al., 2020), so this work does not1169

further discuss on these approaches.1170

C.3 Domain Expert Assignment Problem1171

We model the domain expert assignment in module1172

m as the following optimization problem:1173

Definition C.1. (domain expert assignment prob-1174

lem)1175

max
Dm

⟨Pm,Dm⟩1176

s.t. ∀i : ke ≤
∑
j

dm,i,j ≤ b1177

∀j :
∑
i

dm,i,j = kc1178

∀i, j : dm,i,j ∈ {0, 1},1179

1180

where Pm = {pm,i,j} is the selection probabil-1181

ity matrix, with1182

pm,i,j =
esm,i,j∑
i e

sm,i,j
(28)1183

representing the probability that domain expert j1184

in module m selects client i. Dm = {dm,i,j} is the1185

assignment matrix, where dm,i,j is a binary vari-1186

able indicating whether domain expert j in module1187

m is assigned to client i (1 for assigned, 0 for not1188

assigned). The optimization objective is to maxi-1189

mize the inner product of Pm and Dm, aiming to1190

make the final domain expert assignment scheme1191

align as closely as possible with the domain experts’1192

selection preferences. The first constraint ensures1193

that the number of domain experts assigned to each1194

client is between ke and b; the second constraint 1195

ensures that each domain expert selects kc clients. 1196

Problem C.1 can be reduced to a mixed integer 1197

linear programming (MILP) problem, which is NP- 1198

hard. However, in the domain expert assignment 1199

scenario, the problem size is typically small (a few 1200

hundred decision variables) and can be quickly 1201

solved using solvers such as Gurobi or SCIP. 1202

D More Experiments 1203

D.1 Experimental Setup Details 1204

D.1.1 Definition of MTAL 1205

The mean test accuracy achieved by each personal- 1206

ized LLM after the last round (MTAL) is defined 1207

as: 1208

MTAL = MTA[−1]. (29) 1209

Here, MTA is the mean test accuracy: 1210

MTA[t] =
1

C

C∑
i=1

acci[t], (30) 1211

where acci[t] denotes the performance metric of 1212

client i’s local model at round t. For SNLI, acc 1213

represents classification accuracy. For Dolly-15K 1214

and NI, we use Rouge-L (Lin, 2004) as the eval- 1215

uation metric for the local model, as adopted in a 1216

series of federated LLM tuning approaches (Qin 1217

et al., 2024a; Bai et al., 2024). 1218

D.1.2 Implementation 1219

In the experiments, all approaches are imple- 1220

mented using PyTorch 2.4.0 (Paszke et al., 2019) 1221

along with the libraries of Transformers (Wolf 1222

et al., 2019), PEFT (Mangrulkar et al., 2022), and 1223

Datasets (Lhoest et al., 2021). Experiments are 1224

conducted on a server with 8 NVIDIA RTX 4090 1225

GPUs with models loaded in BF16 format, unless 1226

stated otherwise. 1227

Unless otherwise specified, all approaches use 1228

the Adam optimizer with a batch size of 1, a learn- 1229

ing rate η = 5e−5, and a learning rate decay of 0.99 1230

per round. For LoRA-based approaches, we set 1231

r = 8, α = 16, and a dropout rate of 5%, applying 1232

LoRA to the Q and V matrices in the self-attention 1233

layers. For Prompt Tuning, the virtual prompt is ini- 1234

tialized using the soft prompt, whose token count is 1235

used as the number of virtual tokens. For P-Tuning, 1236

we set the virtual token count to 20 and use an MLP 1237

as the prompt encoder. In FDLoRA, the InnerOpt 1238

phase synchronizes the shared and personalized 1239

adapters every 5 rounds; the OuterOpt phase uses a 1240
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Approaches Mem (MB) Up (MB) Down (MB) Train (s) Aggregation (s) Test (s)

FedIT-FT 2782.11 1.64 1.64 4.85 0.02 2.37
FedPrompt-FT 2827.18 0.29 0.29 4.47 0.00 3.20
FedPTuning-FT 2841.88 0.16 0.16 4.19 0.00 2.99
FDLoRA 2775.86 1.64 1.64 4.14 0.03 2.60

FedAMoLE (15 experts) 2788.95 7.59 7.59 13.25 4.97 4.92
FedAMoLE (20 experts) 2792.07 9.24 9.23 14.44 5.20 5.20
FedAMoLE (25 experts) 2812.88 10.88 10.87 15.57 5.49 5.63
FedAMoLE (30 experts) 2797.96 12.52 12.51 16.49 5.85 5.72

Table 4: Comparison of system overhead. All the statistics were obtained by performing one round of federated
fine-tuning using a server with one NVIDIA RTX 3090 GPU. These columns present the maximum memory usage,
upload data, download data, training latency, aggregation latency, and testing (inference) latency per client in one
round. For FDLoRA, the black-box optimization is included in the testing latency. For FedAMoLE, the RSEA
process is included in the aggregation latency, and system performance is evaluated under different total numbers of
experts per module.

learning rate of 1.0 and a momentum of 0.5; the Fu-1241

sionOpt phase uses nevergrad (Rapin and Teytaud,1242

2018) as the black-box optimizer with an L1 regu-1243

larization term weighted by 0.05. For FedAMoLE,1244

we use SCIP (Bolusani et al., 2024) to solve the1245

optimization problem, setting the total assignable1246

experts per module to 30, with ke = 2, kc = 2,1247

b = 8, and β = 1e−3.1248

For Dolly-15K and NI, we use the Alpaca (Taori1249

et al., 2023) prompt template with the following1250

soft prompt:1251

Soft Prompt: Generate a clear and direct re-
sponse that accurately fulfills the task based
on the provided instruction and any given con-
text.

For experiments on SNLI, the adopted prompt1252

template and soft prompt are as follows:1253

Prompt Template: Suppose {premise} Can
we infer that “{hypothesis}”? Yes, No, or
Maybe?\n
Soft Prompt: Based on the premise, deter-
mine if the hypothesis logically follows. An-
swer with ‘Yes’ if it does, ‘No’ if it doesn’t,
or ‘Maybe’ if uncertain.

D.1.3 Non-IID Simulation1254

For SNLI and Dolly-15K, we partition the dataset1255

among 10 clients with Dirichlet distributions with1256

α values of 0.1, 1.0, and 100.0 to build label-1257

skewed (Chen et al., 2023) non-IID scenarios. For1258

NI, we select 10 tasks with the largest sample1259

sizes, assigning each client a unique task to cre-1260

ate a feature-skewed (Tan et al., 2023) non-IID1261

scenario. Each client randomly samples 80% of its1262
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Figure 9: MTAL of vanilla FL approaches across dif-
ferent data heterogeneity scenarios. Each data point
represents the average result over three random seeds,
with error bars showing the range between the best and
worst values across the three seeds.

local data as the training set, 10% as the validation 1263

set, and 10% as the test set. Due to computational 1264

constraints, validation and test sets for SNLI are 1265

capped at 200 samples each, while for Dolly-15K 1266

and NI, the validation set is capped at 200 samples 1267

and the test set at 50 samples. 1268

D.2 Necessity of Personalization in Non-IID 1269

Settings 1270

Figure 9 illustrates the performance of two vanilla 1271

FL approaches across varying data heterogeneity. 1272

On SNLI, performance declines significantly as het- 1273

erogeneity increases, aligning with findings from 1274

existing FL works for relatively small models (Tan 1275

et al., 2023). Our results confirm that LLM feder- 1276

ated fine-tuning is similarly affected, underscoring 1277

the need for personalization mechanisms. In con- 1278

trast, on Dolly-15K, accuracy remains stable de- 1279

spite data heterogeneity, likely because the dataset 1280

has fewer task types (8) with smaller inter-task 1281

differences, limiting the impact of heterogeneous 1282

partitioning. 1283
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Figure 10: Hyperparameter sensitivity of FedAMoLE.
All the statistics are obtained on the SNLI dataset.

Figure 6 demonstrates the effectiveness of per-1284

sonalization in mitigating performance degradation1285

caused by data heterogeneity. On SNLI and NI1286

(Figs.6a and 6c), post-aggregation fine-tuning no-1287

ticeably improves the performance of vanilla FL1288

approaches, while FDLoRA further enhances this1289

with its dynamic fusion of shared and personalized1290

adapters. FedAMoLE, incorporating the AMoLE1291

module and RSEA strategy, achieves even greater1292

personalization and consistently outperforms all1293

baselines. On Dolly-15K, where data heterogene-1294

ity is limited, the advantages of personalization1295

are less pronounced, yet FedAMoLE maintains its1296

leading performance, showcasing its versatility.1297

D.3 Hyper-parameter Sensitivity1298

As shown in Figure 10a, the performance of1299

FedAMoLE is minimally affected by the number1300

of clients each expert selects. However, over-large1301

or over-small the learning rate declines the perfor-1302

mance of FedAMoLE, indicating the need for an1303

appropriate learning rate to ensure optimal perfor-1304

mance.1305

Figure 10b illustrates the impact of the total1306

number of experts per module and the maximum1307

number of experts per client on FedAMoLE’s per-1308

formance. It shows that a smaller number of ex-1309

perts per module requires more heterogeneous as-1310

signments (larger max experts per client), while a1311

larger number of experts per module benefits from1312

more balanced assignments (smaller max experts1313

per client) to achieve optimal performance. Over-1314

all, these two parameters have limited impact, with1315

model accuracy fluctuating within 1.5%, demon-1316

strating FedAMoLE’s robustness to hyperparame-1317

ter settings.1318

D.4 Detailed Comparison of Overhead 1319

Table 4 presents the system efficiency of various 1320

PFL baselines and FedAMoLE. We observe that 1321

despite employing multiple experts per module, 1322

FedAMoLE’s memory usage remains comparable 1323

to the baselines and is nearly unaffected by the to- 1324

tal number of experts per module. This is because 1325

each expert is a lightweight LoRA adapter with 1326

negligible parameters compared to the pre-trained 1327

model. Even when the total number of experts 1328

per module is set to 30—a relatively large num- 1329

ber—the per-client upload and download data is 1330

only 12.52 MB, which is higher than the baselines 1331

but acceptable with modern high-speed internet. 1332

FedAMoLE also maintains acceptable per-round 1333

training and inference latencies of 16.49 s and 5.72 1334

s, respectively, even when fine-tuning a frozen 1B- 1335

parameter LLM with up to 30 experts. The in- 1336

creased latency is primarily due to two factors: the 1337

RSEA strategy—which requires clients to perform 1338

model inference on an embedding dataset—and 1339

the current implementation of the AMoLE mod- 1340

ule, which executes domain experts sequentially 1341

for simplicity. Despite these factors, the latency 1342

remains manageable. 1343
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