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Abstract

One global model in federated learning (FL) might not be
sufficient to serve many clients with non-IID tasks and distri-
butions. Despite recent advances in FL to train multiple global
models for better personalization, they only provide limited
model choices to clients, so local finetuning of multiple models
is still indispensable. This paper proposes a novel “FedMerge”
approach that can create a single personalized model per client
by simply merging multiple global models with automatically
optimized and customized weights. We formulate this problem
as a joint optimization of global models and the merging
weights per client. Unlike existing FL approaches, where the
server broadcasts one or multiple global models to all clients,
the server only needs to send a customized, merged model
to each client. Moreover, instead of periodically interrupting
the local training and re-initializing it to a global model, the
merged model aligns better with each client’s task and data dis-
tribution, smoothing the local-global gap between consecutive
rounds caused by client drift. We evaluate FedMerge on differ-
ent non-IID settings applied to various domains with diverse
tasks and data types, in which FedMerge consistently outper-
forms existing FL approaches, including clustering-based and
mixture-of-experts (MoE) based methods.

Code — https://github.com/shutong043/FedMerge
Extended version — https://arxiv.org/abs/2504.06768

Introduction
Federated learning (FL) enables decentralized and collab-
orative learning of models across various clients without
sharing their local data. By exchanging only local models
instead of raw data, FL ensures data privacy and security
while leveraging distributed datasets for improved perfor-
mance. In particular, local datasets across clients are often
non-identically and independently distributed (non-IID),
making the design of algorithms to address such non-IIDness
a fundamental challenge.

Model merging (Yadav et al. 2024) is a knowledge en-
semble technique that integrates multiple models into a sin-
gle unified model. It has recently gained increasing atten-
tion in the context of foundation models (Huang et al. 2023;
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Chronopoulou et al. 2023; Yang et al. 2024a; Kim, Shin, and
Kim 2025; Wang et al. 2025), as it enables efficient knowl-
edge integration across diverse domains. Instead of training a
large model from scratch, model merging combines existing
pre-trained models into an enriched knowledge space, allow-
ing effective reuse of previously trained experts. This flexibil-
ity naturally extends to parameter-efficient tuning methods,
such as Low-Rank Adaptation (LoRA), which can be merged
with minimal computational overhead. Due to these efficiency
advantages, LoRA has been widely explored in FL settings
(Yi et al. 2023; Yang et al. 2024b; Sun et al. 2024; Cho et al.
2024). These properties make model merging a promising
approach for scaling and personalizing federated learning.

Federated learning with multiple models is an important
direction for addressing client heterogeneity (Marfoq et al.
2021; Wu et al. 2023), and a recent dominant approach in
this line of work is Mixture-of-Experts (MoE) (Luo, Chen,
and Wu 2024; Feng et al. 2025; Jiang et al. 2025; Radwan
et al. 2025). In these MoE-like FL approaches, the server
maintains a “model soup” of diverse experts that are shared
across clients. As illustrated in Fig. 1a, each client downloads
multiple (or all) expert models and combines them locally
to form a personalized model. However, sharing multiple
models across clients introduces an intrinsic conflict: the
desire for a rich, diverse set of global models conflicts with
the limited computational and communication resources
of individual clients. The cost for each client scales with
the number of models it downloads, making it impractical
to leverage a large model soup. While selecting a subset of
models for each client can alleviate this issue (Chronopoulou
et al. 2023), it often requires task-specific knowledge, which
limits its generalization ability.

Model merging provides an elegant solution to the scalabil-
ity issues faced by MoE-like FL methods. By integrating mul-
tiple expert models into a single personalized model, model
merging allows each client to benefit from the richness and di-
versity of the model soup without having to download or train
multiple models locally. This fundamentally eliminates the
linear growth of communication and computation costs on
the client side, making it feasible to leverage a large number
of global models even in resource-constrained environments.

Building on this insight, we propose Federated Learning
with Model Merging (FedMerge). As shown in Fig. 1b, the
server merges global models using client-specific weights to
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(a) The architecture of Federated Learning with Mixture of Experts.
Each client receives d global models from the server and optimizes
them separately. The client’s resource consumption is proportional to
the number of global models, making it inefficient.

(b) The architecture of the proposed Federated Learning with Model
Merging (FedMerge). The merging operation (weight averaging)
is performed on the server side instead of on each client. Only the
merged models, θ, are communicated and optimized, making the cost
irrelevant to the number of global models.

Figure 1: Comparison between MoE-like FL methods and the proposed FedMerge. Both methods perform weight averaging over
global models. MoE-like FL performs weight averaging on each client, while FedMerge performs weight averaging on the server.

construct a unique personalized model for each client. Clients
then only need to communicate and optimize a single merged
model, while the server handles the merging operation with
its typically greater resources. A challenge introduced by
this design is how to update both the global models and the
merging weights when only merged models are trained on
clients. To address this, we formulate FedMerge as a joint
optimization problem and derive a backpropagation-like up-
date strategy to enable end-to-end training for both compo-
nents. Experimental results on various non-IID settings show
that FedMerge consistently outperforms clustering-based and
MoE-based FL approaches.

We summarize the main contributions of this paper:

• We propose a novel FL framework to solve the conflict
between using multiple global models for personalization
and the limited resources of clients.

• We introduce the Federated Merging (FedMerge) algo-
rithm, where the server provides a personalized model
to each client by merging a set of global models with
client-specific weights.

• Convergence analysis is provided in the Appendix E.
• Experimental results demonstrate that FedMerge offers a

cost-effective way to improve performance by supporting
multiple global models while maintaining a constant and
low client-side cost.

Related Work
Model Merging Model merging refers to methods aimed at
reusing the knowledge contained in multiple models. The fun-
damental technique of model merging is to integrate existing
models to form new ones. There have been a number of works
focusing on merging methodologies, such as simple averag-
ing (Wortsman et al. 2022), merging with Fisher Information
(Matena and Raffel 2022), and merging with task vectors

(Ilharco et al. 2022). Recently, model merging has become
closely related to the development of foundation models (Lu
et al. 2023, 2024; Ostapenko et al. 2024; Zhou et al. 2025;
Cheng et al. 2025; Du et al. 2025), as such developments have
brought numerous reusable expert foundation models online
(Face 2023). For example, LoraHub (Huang et al. 2023) trains
one LoRA expert per task on a collection of 200 tasks and
combines these experts to evaluate downstream tasks. Due
to the large number of expert models, model selection plays
a practical role in choosing the most relevant experts for
each downstream task (Chronopoulou et al. 2023; Zhao et al.
2024). Model merging is also related to Mixture of Experts
(MoE)-based methods, where the design of routing weights
is a key factor. The router can be neural network-based (Lu
et al. 2023), feature similarity-based (Wang et al. 2024), or
even SVD-decomposed (Ostapenko et al. 2024). In this paper,
rather than directly adopting the various model merging tech-
niques mentioned above in FL, we leverage the fundamental
concept of model merging to address the primary challenge
in Federated Learning with Multiple Models, enabling a large
model soup to be efficiently reused on the server while com-
municating only a single model to each client.

Federated Learning with Multiple Models The use of
multiple models in FL arises from the fact that sharing a
single model cannot effectively address the Non-IID problem.
Personalized FL methods (T Dinh, Tran, and Nguyen 2020;
Li et al. 2021; Collins et al. 2021) apply the concept of multi-
ple models by designing a unique model for each client’s per-
sonalized data distribution. Our method is more related to a
type of multi-model FL, where multiple models are shared on
the server (Marfoq et al. 2021; Wu et al. 2023). A recent line
of research explores mixture-of-experts (MoE) architectures
in FL (Luo, Chen, and Wu 2024; Feng et al. 2025; Jiang et al.
2025; Radwan et al. 2025; Xie et al. 2025), where multiple ex-
perts and personalized gating mechanisms are introduced to
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enhance personalization and handle strong data heterogeneity.
These approaches either deploy MoE models on the server to
improve scalability or distribute experts across clients for de-
centralized adaptation, enabling dynamic expert selection and
robust personalization across domains. For example, pFed-
MoE (Yi et al. 2024) employs one local expert and one global
expert for each client, while deriving routing weights using
personalized router neural networks. Recently, a few meth-
ods have incorporated merging concepts into FL (Chen et al.
2024, 2025). In (Tao et al. 2024; Liu et al. 2024), a one-shot
federated learning scenario is considered, and model merging
methods can be naturally extended to address the challenges
rise in this setting. (Salami et al. 2024) proposed an end-to-
end optimization framework that leverages RegMean (Jin
et al. 2022) to constrain the update distribution of LoRA
adapters. While these approaches also utilize model merging
to improve federated learning, our work targets a different
challenge within this paradigm: balancing the scalability of a
large pool of global models with the limited communication
and computation capacities of individual clients.

Backgrounds and Motivation
Preliminaries
Federated Learning (FL) enables multiple clients to collab-
oratively train a model under the coordination of a central
server without sharing their private data. Let (Xi, Yi) denote
the data of client i. In standard FL, the goal is to train a single
global model Θ that minimizes the weighted sum of local
objectives across all m clients:

min
Θ

m∑
i=1

ni

n
ℓ (Yi, f(Xi; Θ)) (1)

where ni and n denote the data sizes of client i and all clients,
respectively. This formulation, known as FedAvg (McMahan
et al. 2017), aggregates locally trained models to form a uni-
fied global model. However, under non-IID data distributions,
a single global model often fails to generalize well to each
client’s local domain.

In parallel, the concept of a model soup (Wortsman et al.
2022) refers to a collection of trained models whose parame-
ters are combined—typically via simple averaging or linear
interpolation—to improve generalization performance. The
core idea is that interpolating between diverse models trained
from different optimization trajectories can reveal comple-
mentary information, thereby enhancing both robustness and
overall generalization.

Problem Setting
To address the limitations of FedAvg under heterogeneous
data, personalized federated learning (PFL) allows each client
to maintain a customized model θi, optimized with respect
to its local data:

min
θ

m∑
i=1

ni

n
ℓ (Yi, f(Xi; θi)) (2)

where each θi learns client-specific knowledge while still
being related to some shared global representation.

Motivated by the insight from model soup, we consider
how this notion can be adapted to the PFL setting, where
the server can maintain a shared model soup composed of
models aggregated or collected from different clients. This
shared model soup enables model construction that balance
personalization and generalization.

Methodology
Objective Function
We place a model soup containing multiple models on
the server. Let {Θ1,Θ2, . . . ,Θd} denote a set of d global
models, where each model is trained with respect to its own
knowledge space. In federated learning (FL), each client is
associated with a personalized task, and we assume that the
knowledge required to solve each task lies within the set of
global models maintained on the server, that is, within the
shared model soup.

Therefore, the server can create a personalized model
for each client by reusing the global models in the model
soup. In this work, we adopt standard weight merging, where
the global models are combined with task-specific merging
weights to generate a personalized model for each client:

θi =
d∑

j=1

w(i,j) ·Θj ,

where wi,1:d represents the personalized merging weights for
client i, determining the contribution of each global model to
the merged model.

After this merging operation on the server, the personal-
ized merged models are sent to the clients. The objective of
FedMerge is formulated as:

min
θ

m∑
i=1

ni

n
ℓ (Yi, f(Xi; θi)) (3)

s.t. θi =

d∑
j=1

w(i,j) ·Θj . (4)

Note that in Eq (4), each client is optimized only on its
merged model θi, rather than directly on the global models
or the merging weights. This is a key difference between
FedMerge and MoE-like FL methods.

Optimizing via Backpropagation-like Strategy
Solving Eq (3) with Eq (4) requires optimizing w and Θ. In
the proposed FedMerge, each client only receives the merged
model, and only the gradient of the merged model ∂ℓ

∂θ is di-
rectly available. The weights w and global models Θ remain
on the server, and their gradients cannot be computed directly.

Inspired by the mechanism of backpropagation in neural
networks (Rumelhart, Hinton, and Williams 1986), we pro-
pose an update rule for merging weights w and global mod-
els Θ. If we consider FedMerge as a single-layer fully con-
nected network, where local models θ are high-level nodes
and global models Θ are low-level nodes, then w acts as the
propagation weights. The gradient of w and Θ depends on
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Global models
update: Eq (8), Eq (10)

Merging weights
update: Eq (9), Eq (11)

Figure 2: The update information flow of global models and
merging weights in FedMerge. Global models are updated
from all clients, and merging weights are updated from their
associated model pairs.

the gradient of θ. Following the chain rule, we compute ∂L
∂w

and ∂L
∂Θ using ∂L

∂θ as an intermediate variable:

∂L

∂Θj
=

m∑
i=1

ni

n
w(i,j)

∂ℓ

∂θi
. (5)

∂L

∂w(i,j)
=

ni

n
⟨Θj ,

∂ℓ

∂θi
⟩. (6)

Eq (5) and Eq (6) are derived directly from the objective
of FedMerge in Eq (3) with Eq (4). The key factor is the
use of local gradient ∂L

∂θ as an intermediate variable. For the
detailed derivation process, please refer to Appendix C.

To better illustrate Eq (5) and Eq (6), Fig. 2 highlights the
information flows from local models to global models and
merging weights. It shows that the gradient of each global
model is influenced by all client updates, while the updates
for each merging weight depend on both the global model
and the merged model it connects.

We summarize the training procedure as follows:

1. Forward Propagation: The server computes the
merged models for each client using Eq (4) and distributes
them accordingly. Each client then updates its merged model
based on its local objective function:

θ
(t)
i − θ

(t−1)
i ← −η∇

θ
(t−1)
i

ℓ(Yi, f(Xi; θ
(t−1)
i )), (7)

where η is the learning rate for θ. Notably, the local update
procedure in FedMerge is the same as in FedAvg.

2. Backward Propagation: After the local update, each
client transmits its updated parameters ∆θi = θ

(t)
i − θ

(0)
i

back to the server. The server then updates both the global
models Θ and the merging weights w. Using the chain rule
in Eq (5) and Eq (6), the updates for the merging weights and
global models are computed based on local updates:

Algorithm 1 Federated Merging (FedMerge)

1: Initialize: global models {Θ1,Θ2, . . . ,Θd}, merging
weights w ∈ Rm×d

2: for each communication round do
3: Randomly select a subset A of clients
4: for each client i ∈ A do
5: Merge models using Eq (4) to obtain θi
6: Send merged model θi to client i
7: end for
8: for all selected clients (in parallel) do
9: Update θi using local gradient descent via Eq (7)

for t steps
10: Send local update ∆θi to the server
11: end for
12: Compute gradients for Θ via Eq (8)
13: Update Θ via Eq (10)
14: Compute gradients for w via Eq (9)
15: Update w via Eq (11)
16: end for

∆Θj =
m∑
i=1

ni

n
w(i,j)∆θi, (8)

∆w(i,j) =
ni

n
⟨Θj ,∆θi⟩. (9)

3. Parameter Update: Once the gradients for the global
models and merging weights are obtained, the server updates
Θ and w:

Θj ← Θj +∆Θj , (10)

w(i,j) ← w(i,j) +∆w(i,j). (11)
The overall FedMerge process is summarized in Algo-

rithm 1. We also provide detailed convergence analysis,
please refer to Appendix E for details.

Technical Implementations
Constraint on Merging Weights Values The original ob-
jective of FedMerge in Eq (4) has no constraints on merging
weights, allowing the merging weight values to be negative.
However, neural network models typically require regular-
ized parameters. To address this, we apply a softmax function
to the merging weights to obtain normalized weights. This
introduces slight modifications to the updates in Eq (8) and
Eq (9). Detailed derivations can be found in Appendix D.

Clarification of Merging Weights Gradient In Eq (9),
the update of merging weights involves the inner product
of model parameters and gradients. For large models, the
effective update directions can be overwhelmed by the
inner products of a large number of parameters. To mitigate
this issue, we simply use the parameters from the last few
layers of the model for inner product—specifically, the
classification head in convolutional neural networks. This is
because higher-level layers capture more semantic informa-
tion (Yosinski et al. 2014), and their parameters or gradients
are correlated with task heterogeneity across clients.
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Classic FL (ResNet-based)

Multi-Model Model Num. ResNet-9×5 ResNet-9×10 ResNet-9×15 ResNet-9×20 ResNet-9×25 ResNet-9×30
Parameter Scale 5 10 15 20 25 30

Single-Model Model Arch. ResNet-9 ResNet-18 ResNet-34 ResNet-50 ResNet-101 ResNet-152
Parameter Scale 1 2.27 4.32 4.82 8.73 11.95

Foundation Model FL (LoRA-based)

Multi-Model Description Rank-8×2 Rank-8×4 Rank-8×6 Rank-8×8 Rank-8×10 Rank-8×12
Parameter Scale 2 4 6 8 10 12

Single-Model Description Rank-8 Rank-16 Rank-24 Rank-32
Parameter Scale 1 2 3 4

Table 1: Parameter scale settings for classic FL (top) and foundation model FL (bottom). The scale is measured relative to Rank-8
for LoRA modules and to ResNet-9 for ResNet architectures.

Server-side Computational Complexity
FedMerge is as computational efficient on the server side
as standard baselines Server-side model assembly may raise
concerns about computational overhead. We compare the
server-side complexity of FedMerge with widely adopted
baselines. As in Eq (4), Eq (8) and Eq (9), FedMerge per-
forms weight averaging d times over m models or computes
md inner products, resulting in a complexity ofO(md). Clus-
ter FL (Ghosh et al. 2020; Long et al. 2023) and Multi-model
FL (Marfoq et al. 2021; Bhuyan and Moharir 2022)—both
widely accepted in the literature—also require performing
weight averaging d times over m models on the server side,
resulting in a complexity of O(md). Thus, FedMerge does
not introduce additional computational complexity on the
server side compared to these standard approaches.

Experiments
Classical FL Settings
Baselines FedMerge relates to Cluster FL, Multi-model FL,
and MoE-like FL. We compare it with the following repre-
sentative methods: 1) Single-model methods share a single
global model, including Local (training local models sepa-
rately on each client), FedAvg (McMahan et al. 2017), Fe-
dAvg+ (FedAvg with local fine-tuning), and pFedMoE (Yi
et al. 2024). Although named “MoE,” pFedMoE uses only
one global model. 2) Multi-model methods maintain multi-
ple global models, such as IFCA (Ghosh et al. 2020) (Cluster
FL) and FedEM (Marfoq et al. 2021) (MoE-like FL).

Parameter Scale To ensure fair comparison, we control
the parameter scale for each method. Multi-model methods
(IFCA, FedEM, FedMerge) use ResNet-9 with varying num-
bers of global models from {5, 10, 15, 20, 25, 30}. Single-
model methods (Local, FedAvg, FedAvg+, pFedMoE) adopt
different ResNet variants: ResNet-9, ResNet-18, ResNet-34,
ResNet-50, ResNet-101, and ResNet-152, whose parameter
scales relative to ResNet-9 are {1, 2.27, 4.32, 4.82, 8.73,
11.95}. Full settings are shown in Table 1.

FedMerge Settings Global models are randomly ini-
tialized and trained from scratch. Merging weights are
initialized uniformly to reflect equal initial contributions
from global models.

System Settings These are the universal settings for all
methods across all non-IID settings. Each dataset is split into

training, validation, and test sets, with the best checkpoint
selected based on validation error. We use a constant learning
rate of 0.01, local training for 2 epochs, and 500 communi-
cation rounds. Each method is executed three times, and the
reported results are the average of these runs.

Parameter Usage vs. Performance
FedMerge adapts to different Non-IID settings by adjusting
the merging weights adaptively. To validate this adaptabil-
ity, we consider two data distributions of different non-IID
structures:

Non-IID Settings We build two non-IID settings using the
CIFAR-100 (Krizhevsky, Hinton et al. 2009) dataset: Cluster
Non-IID: We split the original CIFAR-100 dataset into 5 clus-
ters based on label categories. Each cluster is evenly assigned
to a subgroup of clients out of 50 clients. The ground-truth
clustering is {{1, . . . , 6}, {7, . . . , 11}, {12, . . . , 19}, {20, . . . ,
32}}, {33, . . . , 50}}. Personal Non-IID: A commonly used
Non-IID setting proposed by (Hsu, Qi, and Brown 2019),
where the CIFAR-100 dataset is partitioned using a Dirichlet
distribution into 50 clients. We set the concentration parame-
ter α = 0.1 for high Non-IIDness.

Following Table 1, we vary Single-model methods by
model architecture and vary Multi-model methods by number
of models, which results in various server parameter usage.
As shown in Fig. 3, we plot the server parameter usage vs.
accuracy on Personal Non-IID and Cluster Non-IID settings.
The results suggest the following:

Multi-model FL methods provide an alternative way to
improve performance beyond scaling model architectures.
In Fig. 3a, using larger ResNet architectures for Single-model
methods leads to a decrease in performance, while using
more ResNet-9 models for Multi-model methods can boost
the performance (with the largest architecture considered
being ResNet-512 for Single-model methods, and up to 30
models used for Multi-model methods). This is because both
Personal and Cluster Non-IID settings involve 50 clients
with sparse client data and high non-IID data partition set-
tings, which limits performance gains from scaling up the
model. In contrast, Multi-model methods can enhance the
base model’s ability to handle complex non-IID distributions
by increasing the number of models. FedMerge consistently
surpasses FedEM and IFCA across various global model
numbers, demonstrating the effectiveness of FedMerge com-
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(a)

(b)

Figure 3: Server parameter usage vs. accuracy. The x-axis
represents multiples of ResNet-9’s parameter count. For each
method, the variation of server parameters follows Table 1.
The highest and second-highest accuracy points are marked
with black and gray respectively.

pared to other Multi-Model FL methods.
FedMerge boosts performance by shifting computa-

tion to the server, leveraging the server’s abundant re-
sources to accommodate the limited client-side capacity.
In Fig. 3, FedMerge manages a number of ResNet-9 model on
the server while transmitting and optimizing a single model
per client. Notably, on Personal Non-IID setting, FedMerge
outperforms pFedMoE under the Personal Non-IID setting
(54.38 > 54.34) with only one ResNet-9 per client, while
pFedMoE needs two ResNet-18 models and additional router
weights per client to achieve optimal performance. On Clus-
ter Non-IID, FedMerge consistently surpasses other baselines
and achieves optimal performance with 15 global models.

We also provide Non-IID settings with PACS (Li et al.
2017) dataset, where using larger ResNet architectures can
boost performance. Additional results are in Appendix A.

Ablation Study
FedMerge adapts to Non-IID settings with dynamic merg-
ing weights: To understand the behavior of FedMerge under
different Non-IID settings, we visualized the heatmaps of
merging weight matrices in Fig. 4. Each row represents the

Non-IID FedAvg FedMerge (15 global models)

Fixed (1/15) Fixed (5/15) Fixed (10/15) Dynamic

Personal 29.20 40.94 44.70 45.48 51.18
Cluster 30.29 32.55 32.52 34.06 53.27

Table 2: Ablation study on merging weights. Fixed indicates
that each client randomly selects some global models, and
the corresponding merging weight is uniformly initialized
and frozen during training.

normalized merging weights for a single client. Initially, the
merging weight matrix is uniformly initialized, and as the
epoch progresses, it begins to exhibit specific distribution
patterns. We separate the ground-truth clusters in Cluster
Non-IID with white dashed lines. In Cluster Non-IID, rows
of merging weights are similar within each ground-truth clus-
ter and distinct between different clusters. This indicates
that FedMerge automatically allows clients with similar data
distributions to prefer similar subgroups of global models,
achieving a soft clustering. In contrast, for Personal Non-
IID, rows of merging weights are relatively distinct from one
another, and the merging weight matrix does not exhibit a
regular structure.

Effect of different weight merging strategies: We further
analyze different weight merging strategies in Table 2. As
observed, The performance of Fixed strategy decreases com-
pared with dynamic merging, and Cluster FL decreases more
than Personal Non-IID because random selection conflicts
with the structural information of the cluster.

Federated Finetuning of Large Language Models
Baselines We use the same baselines as in classic FL settings,
except that FedAvg is replaced with FedIT (Zhang et al. 2024)
and FedAvg+ is replaced with FedLoRA (Yi et al. 2023). For
pFedMoE and FedEM, we build personalized routers for the
LoRA modules. Details can be found in Appendix B.2.

Datasets Several baselines (Ye et al. 2024b; Kuang et al.
2024; Ye et al. 2024a) exist for federated foundation models.
However, these models are primarily designed for instruction
fine-tuning, and their goal is to learn a global model that
follows general instructions rather than to personalize the
LLM’s behavior for each client. In this paper, we consider
two datasets for personalized LLM: Task-heterogeneous
instruction following: Following (Yang et al. 2024b), we
randomly select 8 NLP tasks from Flan (Wei et al. 2021).
One task per client, resulting in 8 total clients. Each task
randomly selects 300 training samples and 200 test samples.
ROUGE-1 is used as the evaluation metric. Persona-aligned
instruction following: We also provide a more realistic sce-
nario with RoleBench (Wang et al. 2023), where each client
takes on a specific role and has a Q&A dataset with clear role
characteristics. Details can be found in Appendix B.1.

System Settings We adapt Alpaca-LoRA1 as the base
model, initialized with LLaMA3-8B (Dubey et al. 2024). The
rank of LoRA is set to 8. We employ a linear learning rate
decay schedule from 5e−5 to 5e−6 over the training process.

1https://github.com/tloen/alpaca-lora
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(a) Heat map of merge weights for Personal Non-IID. (b) Heat map of merge weights for Cluster Non-IID.

Figure 4: Visualization of merge weights with 10 global models and 50 clients. Each row denotes one normalized weight vector
for each client. In Cluster Non-IID, we separate ground-truth clusters with white dashed lines.

Method Paraphrase Entailment Structure
to text

Text
formatting

Linguistic
acceptability

Word
disambiguation Coreference Question

classification Average

FedEM 73.40 74.30 69.32 87.93 78.80 61.31 66.82 78.33 73.77
FedMerge 75.49 77.02 68.54 86.97 80.64 59.70 70.61 80.03 74.86

Table 3: ROUGE-1 scores (%) of MoE-like method (FedEM) and model merging (FedMerge) in task-heterogeneous instruction
following. Results are reported across 8 instruction-following tasks from Flan, with the average shown in the last column.

Figure 5: Server parameter usage vs. accuracy on the fed-
erated Flan dataset. The values on the x-axis are shown as
multiples of the parameter count of a Rank-8 LoRA. The
highest and second-highest accuracy points are marked with
black and gray respectively.

The number of communication rounds is set to 50 to ensure
convergence. For each round, the local training is conducted
with 20 steps, and the batch size is set to 4.

Parameter Scale Similar to classic FL settings, we vary
the number of LoRA modules for Multi-model methods and
vary the rank of LoRA modules for Single-model methods.
Details are shown in Table 1. For cluster FL methods like
IFCA, the number of global models is limited to at most 8,
equal to the number of clients. All experiments are conducted
on a single NVIDIA A40 GPU.

Following Table 1, we vary Single-model methods by the
LoRA rank and Multi-model methods by the number of
LoRA modules. The server parameter usage vs. accuracy
for the federated Flan dataset is shown in Fig. 5. FedMerge
demonstrates better instruction-following abilities on the fed-

erated Flan dataset by sharing up to 12 LoRA modules glob-
ally while only transmitting one LoRA module of rank 8 per
client. Results for the federated RoleBench dataset can be
found in Appendix B.3.

Model Merging (FedMerge) provides a valuable alter-
native to MoE-like methods (FedEM) for FL with foun-
dation models while being more client-resource friendly.
Unlike classic settings, MoE-like methods are widely used in
foundation models. A typical setup for a Mixture-of-Experts
(MoE) foundation model in a federated learning scenario
is that each client hosts several experts and a local router.
These experts are sent to the server and aggregated sepa-
rately to form a pool of global experts. While being simple
in optimization strategy, it is not as client-resource-efficient
as FedMerge. A detailed comparison between FedEM and
FedMerge is presented in Table 3. We select the best perfor-
mance for FedEM and FedMerge within the rank settings
in Table 1, which is 12 shared LoRA modules for FedEM
and 8 for FedMerge. From Table 3, FedMerge and FedEM
outperform each other on different tasks, while FedMerge is
better in average performance across clients.

Conclusion
In this paper, we propose an end-to-end Model Merging
framework for Federated Learning, where merging weights
and global models are optimized jointly from scratch. The
server manages all global models and merging weights, cus-
tomizing personalized models for each client by weight-
averaging the global models. FedMerge can boost perfor-
mance with a large model soup on the server, while still
being client-resource friendly by only communicating and
optimizing a single model for each client. FedMerge offers
a promising direction for Federated Foundation Models: a
large server knowledge pool can match foundation model
scales, while each client selects and combines a small subset
of parameters without transmitting the full model.
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