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Abstract

Federated foundation models represent a new paradigm to
jointly fine-tune pre-trained foundation models across clients.
It is still a challenge to fine-tune foundation models for a
small group of new users or specialized scenarios, which typ-
ically involve limited data compared to the large-scale data
used in pre-training. In this context, the trade-off between
personalization and federation becomes more sensitive. To
tackle these, we proposed a bi-level personalization frame-
work for federated fine-tuning on foundation models. Specif-
ically, we conduct personalized fine-tuning on the client-level
using its private data, and then conduct a personalized aggre-
gation on the server-level using similar users measured by
client-specific task vectors. Given the personalization infor-
mation gained from client-level fine-tuning, the server-level
personalized aggregation can gain group-wise personaliza-
tion information while mitigating the disturbance of irrele-
vant or interest-conflict clients with non-IID data. The effec-
tiveness of the proposed algorithm has been demonstrated by
extensive experimental analysis in benchmark datasets.

Code — https://github.com/Lydia-yang/FedBip
Extended version — https://arxiv.org/abs/2509.12697

Introduction
Considering the exhaustion of publicly available data and
the growing importance of data privacy, recent studies have
begun to explore the adaptation of foundation models within
the federated learning (FL) framework to leverage decentral-
ized private data for collaborative learning (Zhuang, Chen,
and Lyu 2023). This emerging direction, known as Federated
Foundation Models (FedFM), primarily focuses on fine-
tuning pre-trained foundation models in small-scale feder-
ated settings, in contrast to the massive scale of pre-training.
Typically, FedFM fine-tuning involves a limited number of
new users or specialized scenarios, aiming to align the gen-
eral knowledge of the pre-trained model with specific lo-
cal contexts. Thus, the emphasis in FedFM fine-tuning shifts
toward personalization and local adaptation, posing unique
challenges in designing effective and efficient methods.

To enable effective personalization in FedFM, various
methods have been proposed, including the incorporation of
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additional personalized modules to align client-specific dis-
tribution for personalization (Chen et al. 2024; Yang et al.
2024) and methods that explicitly decouple global and per-
sonalized components to facilitate more flexible adaptation
(Guo et al. 2024). While effective, these methods primarily
focus on client-level personalization, relying on uniform or
heuristically fixed federated aggregation at server-side for
global model updates. However, in highly heterogeneous
FedFM settings, such conventional federation may under-
mine personalization performance. Specifically, aggregating
irrelevant or interest-conflict tasks among clients may dilute
task-specific knowledge, while neglecting to amplify contri-
butions from similar tasks in clients may hinder the benefit
from effective knowledge sharing for group-wise personal-
ization gaining. Furthermore, many existing approaches in-
troduce additional personalized modules in clients, which
often incur non-trivial computational and storage overhead.
This presents a significant challenge in FedFM, where foun-
dation models are typically large-scale and clients may have
limited resources. Therefore, it is vital to consider the trade-
off between personalization and federation for efficient and
effective personalization in FedFM.

Although several aggregation-weighting strategies have
been proposed in conventional FL to balance personalization
and federation by adjusting aggregation weights based on
client heterogeneity or similarity inferred from local model
parameters (Huang et al. 2021; Zhang et al. 2023a; Rehman
et al. 2023), they may be suboptimal for FedFM due to the
limited parameter variation across clients, a unique charac-
teristic of foundation model fine-tuning. Foundation models
are typically pre-trained on large-scale, diverse datasets, pro-
viding a strong and generalizable initialization for various
downstream tasks fine-tuning. As a result, local fine-tuning
in FedFM usually involves small parameter updates, leading
to highly similar model parameters across clients. This sig-
nificantly limits the effectiveness of conventional FL meth-
ods that rely on parameter divergence to infer client simi-
larity or discrepancy. Consequently, there is a pressing need
to develop new methods tailored to FedFM, which can ef-
fectively balance personalization and federation under high
data heterogeneity and constrained parameter variance.

To fill this gap, we propose a bi-level personaliza-
tion framework for FedFM fine-tuning, named FedBip,
which jointly leverages both client-level personalization and
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server-level personalization to enhance model adaptation in
heterogeneous settings. At the client level, FedBip fine-tunes
the foundation model on each client’s local dataset, enabling
task-specific adaptation and personalization. At the server
level, to further improve personalization, we introduce a
task-vector aggregation mechanism to promote collabora-
tion among similar tasks and mitigate interference from ir-
relevant or conflicting ones. Specifically, this mechanism
computes pairwise task similarities between clients and as-
signs client-specific aggregation weights accordingly, so that
each client can emphasize contributions from similar clients
for group-wise knowledge sharing, while down-weighting
the influence of unrelated or conflicting tasks. Additionally,
to address the challenge of limited parameter variation in
FedFM, we adopt task vector for aggregation inspired by
prior work (Ilharco et al. 2022). The task vector is computed
as the difference between the local fine-tuned model and
its initialization at each communication round, serving as a
compact and informative representation of the client’s task
for effective similarity estimation even under constrained
update spaces. In this way, FedBip effectively balances per-
sonalization and federation by adaptively aligning aggrega-
tion with task similarity, enabling both individual task adap-
tation and group-wise knowledge transfer. Extensive exper-
iments on benchmarks demonstrate the effectiveness of our
method. Our contribution can be summarized as:

• A novel bi-level personalization framework tailored
for federated foundation models, enabling personalized
learning at both the client and server levels.

• An innovative server-side personalization method based
on task vector aggregation, enhancing global model
adaptability across heterogeneous clients.

• A new lightweight joint fine-tuning strategy for small-
scale adaptation of pre-trained foundation models, im-
proving efficiency and performance in federated settings.

• A comprehensive empirical analysis demonstrating the
effectiveness and robustness of the proposed framework
across diverse benchmark datasets and scenarios.

Related Work
Federated Foundation Model
Federated foundation models (Zhuang, Chen, and Lyu 2023;
Yu, Muñoz, and Jannesari 2023; Ren et al. 2024) have been
proposed to adapt the capabilities of large-scale pre-trained
models in FL settings while preserving data privacy and
enabling collaborative learning across decentralized clients.
FedIT (Zhang et al. 2023b) serves as an early attempt to
adapt FedAvg for large-scale foundation models. Based on
this, a growing body of research has emerged to tackle vari-
ous challenges in FedFM, including efficiency (Zhang et al.
2023c; Yang et al. 2025), privacy (Han et al. 2024a), and
heterogeneity (Cho et al. 2023; Sun et al. 2024; Wang et al.
2024). As the diversity of client data and tasks increases,
personalization becomes a main concern in FedFM. Based
on the underlying personalization techniques used, existing
methods can be broadly categorized into two main types:
(1) methods that introduce additional personalized modules

(Chen et al. 2024; Yang et al. 2024), enabling each client
to adapt to its local data distribution, while still benefiting
from shared global knowledge; (2) methods that explicitly
decouple global and personalized components (Guo et al.
2024), allowing for more flexible and resource-efficient con-
trol over global collaboration and local adaption. However,
these approaches primarily focus on client-level personal-
ization, often overlooking the potential degradation of per-
sonalization performance from uninformed server-side ag-
gregation strategies. To fill this gap, our work explores bi-
level personalization in FedFM by jointly considering both
client-level and server-level personalization, extending the
scope of research in this area.

Aggregation-Weighting Methods in FL

In conventional FL, there are also various studies explor-
ing aggregation-weighting strategies to balance local adap-
tation and federation by adjusting the contribution of each
client during aggregation. These approaches can be broadly
categorized into two classes: global model aggregation-
weighting methods and personalized aggregation-weighting
methods. For global model aggregation-weighting methods,
the goal is to mitigate inter-client divergence by assigning
different aggregation weights across clients to reduce the im-
pact of conflicting updates, thereby enhancing global model
performance. For example, some approaches, such as Fed-
Disco (Ye et al. 2023) and L-DAWA (Rehman et al. 2023),
explicitly adjust the server’s aggregation weights by quan-
tifying the divergence between the local and global model
distributions or parameter spaces to mitigate inter-client di-
vergence. Other methods like FedLAW (Li et al. 2023) and
FedAWA (Shi et al. 2025) propose to learn the aggrega-
tion weights by optimizing the divergence between local
client models and the global model, thereby enabling more
adaptive aggregation. In contrast, personalized aggregation
methods further enhance performance by employing client-
specific aggregation-weighting strategies, enabling better
alignment with local objectives. FedAMP (Huang et al.
2021) introduces an attention-based mechanism that enables
each client to perform personalized aggregation by weigh-
ing peer models based on parameter similarity. Similarly,
pFedLA (Ma et al. 2022) employs a hypernetwork to learn
a layer-wise aggregation policy, assigning distinct weights
across layers to better personalize the aggregated model.
Methods such as FedPHP (Li et al. 2021b) and APPLE (Luo
and Wu 2022) further aggregate client models locally with
client-specific weights during local model updates. Addi-
tionally, approaches like PartialFed (Sun et al. 2021), and
FedALA (Zhang et al. 2023a) adopt adaptive strategies to
blend the local and global models, thereby generating per-
sonalized models based on the extent of divergence or task
relevance. However, all these methods are based on conven-
tional FL and do not consider the unique characteristics of
FedFM, while our method is the first to leverage the capac-
ity of pre-trained foundation models to realize the adaptive
personalized aggregation-weighting for balanced personal-
ization and federated learning in FedFM.
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Figure 1: (a) is the performance comparison between jointly training and independently training. (b) and (c) are parameter and
vector similarity between models fine-tuned on different tasks, respectively.

Task Arithmetic
Task Arithmetic (Ilharco et al. 2022) is proposed as an ef-
ficient model editing method for foundation models, en-
abling flexible adaptation and modification without full re-
training. It introduces the concept of “task vector” as a com-
pact representation of the transformation required to adapt
a pre-trained model to a specific task through fine-tuning.
By performing simple task vector arithmetic, it can create
models with new capabilities for tasks. Several studies have
explored the integration of task arithmetic into FL. For ex-
ample, the study (Morafah et al. 2024) incorporates task
arithmetic to merge knowledge distilled from heterogeneous
models, while other work (Tao et al. 2024) demonstrates the
effectiveness of task arithmetic from a theoretical perspec-
tive of FL. However, none of the existing works have ex-
plored the use of task arithmetic in FedFM, and our work
fills this gap by introducing task-vector aggregation tailored
to the unique challenges of FedFM.

Preliminary
Task Vector
Task vector is introduced by (Ilharco et al. 2022) as an effi-
cient method for model editing, which effectively encodes
the necessary information required to perform a specific
task and can serve as task-specific representations. Formally,
given a pre-trained model θpre and its fine-tuned model θift
on task i, the task vector is obtained by the element-wise dif-
ference between the pre-trained and fine-tuned model, for-
mulated as τi = θift − θpre. These task vectors can be used
to transfer, combine, or remove task-specific knowledge
through simple vector arithmetic. For example, by adding
a task vector as θpre + τi, one can enable fast adaptation or
transfer of the pre-trained model to task i.

Task Vector in PEFT. To reduce computational overhead,
parameter-efficient fine-tuning (PEFT) methods (Han et al.
2024b) have been proposed, which achieve efficient learn-
ing by updating only a small subset of model parameters
while keeping the majority of parameters frozen. This can
be formalized as θ = (∆θ, θpre), where ∆θ denotes the
trainable subset and θpre remains fixed. Suppose the initial

tunable parameters are ∆θ0 and the fine-tuned parameters
are ∆θt, then the task vector for task i in the PEFT setting
is τi = ∆θi −∆θ0.

Federated Foundation Models
Federated foundation models (Zhuang, Chen, and Lyu 2023)
are proposed to adapt large-scale foundation models within
the FL framework by leveraging private data from dis-
tributed clients for model training. Given K clients, each
with its local dataset Dk, the overall process of FedFM is:

Client: θk = min
θ

fk(θ;Dk), Server: θ =
K∑

k=1

pkθk, (1)

where fk(θ;Dk) is the local objective function computed
on client k’s dataset Dk, and pk is the aggregated weight
assigned to client k. As foundation models usually con-
tains millions or even billions of parameters compared to
traditional models, recent studies have incorporated PEFT
method in FedFM for efficient learning, where the objective
is to fine-tune only a small learnable subset of parameters,
formulates as ∆θk = min∆θ fk(∆θ, θpre;Dk) on clients
and ∆θ =

∑K
k=1 pk∆θk on the server.

Motivation
As foundation models are pre-trained on large-scale and di-
verse data to acquire generalizable capabilities across vari-
ous downstream tasks, the objective of FedFM fine-tuning
is to adapt these generalized models to client-specific data
in a privacy-preserving way, enabling better personalization
for new users or scenarios. However, the unique character-
istics of FedFM, such as high data heterogeneity and strong
pre-trained initialization, introduce new challenges that go
beyond those encountered in conventional FL.

Personalization and Federation in FedFM. Let (x,y)
denote a data pair sampled from the distribution P and
clients i, j ∈ [K] and i ̸= j. In conventional FL, it primar-
ily addresses heterogeneity with label shifts Pi(y) ̸= Pj(y)
or feature shifts Pi(x) ̸= Pi(x). In contrast, FedFM of-
ten involves more complex heterogeneity, such as task shift
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or domain shift, denoted as Pi(x,y) ̸= Pj(x,y). This
arises from the inherent nature of foundation models de-
signed to support a wide range of tasks across diverse do-
mains (Touvron et al. 2023). Under such settings, conven-
tional federation may lead to suboptimal performance, as it
fails to account for task similarity and conflicts and treats all
client contributions uniformly. This uniform aggregation can
degrade personalized knowledge acquired from local fine-
tuning, particularly when updates from irrelevant or con-
flicting tasks dominate, and hinder the exploitation of group-
wise knowledge from similar tasks to enhance personaliza-
tion. To empirically examine this, we conduct an experimen-
tal analysis comparing two training setups: (1) jointly train-
ing all tasks, and (2) fine-tuning each task independently. As
shown in Figure 1 (a), we observe that for several tasks (e.g.,
Linguistic Acceptability), the independent performance is
higher than that of joint training, indicating that inter-task
conflicts exist under high heterogeneity. These findings sug-
gest that naively aggregating all client models in conven-
tional FL is suboptimal in such scenarios. Therefore, it is
essential to develop new aggregation strategies that can ac-
count for task similarity and conflicts in FedFM.

Limited Parameter Variation in FedFM. As demon-
strated in prior work (Li et al. 2019), under standard as-
sumptions of convexity and smoothness, the performance of
a model trained for T rounds can be bounded by f(θT ) −
f(θ∗) ≤ O( f(θ0)−f(θ∗)

T ), where θ∗ denotes the optimal
model. In conventional FL, training typically begins from
scratch, with random initialization θ0 = N (0, σ2). In con-
trast, foundation models in FedFM are first pre-trained on
large-scale datasets, then fine-tuning starts from the pre-
trained weight θ0 = θpre. Since pre-training imparts gener-
alizable knowledge to provide a strong and generalized ini-
tialization for fine-tuning, the bound tends to be tighter for
foundation models in FedFM compared to models trained
from scratch in conventional FL, corresponding to relatively
smaller model updates for optimization in FedFM. This lim-
ited variation between model parameters in FedFM poses
significant challenges for adapting conventional FL meth-
ods, which typically rely on model parameter divergence to
guide personalized aggregation and may fail to reflect mean-
ingful task-level similarity or discrepancies, thereby under-
mining the effectiveness of these approaches. This issue be-
comes even more pronounced when using PEFT techniques,
which tend to learn more similar parameters in a signifi-
cantly lower-dimensional and restricted subspace. To em-
pirically validate this, we compute the cosine similarity be-
tween model parameters fine-tuned on different tasks. As
shown in Figure 1 (b), the results reveal that parameter dif-
ferences are insufficient to reflect the underlying task diver-
gence, highlighting the need for novel methods in FedFM.

Method
As previously analyzed, conventional uniform federation
may degrade the personalization performance in FedFM,
due to the disturbance from irrelevant or conflicting tasks
and the underutilization of group-wise knowledge from sim-
ilar tasks. Additionally, the conventional FL methods for

Figure 2: The overall framework of FedBip, consists of two
components: client-level personalization, where each client
fine-tunes the foundation model on its local data and com-
putes a corresponding task vector; and server-level personal-
ization, where the server performs personalized aggregation
by computing task vector similarities and assigning client-
specific aggregation weights to guide updates for each client.

balancing personalization and federation often fail to gen-
eralize to FedFM, as they rely on parameter similarities
across clients, which are often insufficient to capture mean-
ingful task-level distinctions with limited parameter varia-
tion in FedFM. To address these challenges, we propose a
bi-level personalization framework with task-vector aggre-
gation, as shown in Figure 2. During learning, each client
performs local fine-tuning of the foundation model on its
private dataset to achieve task-specific adaptation, represent-
ing the client-level personalization. Subsequently, the server
conducts task-vector aggregation, computing client-specific
aggregation weights based on inter-task relationships de-
rived from task vectors for better personalization and feder-
ation balance, representing the server-level personalization.

Client-level Personalization
For client-level personalization, the objective is to adapt
the foundation model to the specific task of each client.
To achieve this, we follow the standard federated learning
paradigm, where each client fine-tunes the model on its lo-
cal dataset to obtain a personalized model. More specifically,
during each communication round t, each client i receives
its aggregated model θ̄ti from the server as the initializa-
tion, and then fine-tunes it on its local dataset Di for E local
epochs, resulting in the personalized model θti , which is sub-
sequently sent back to the server.

θti = min
θ

fi(θ;Dk), initialized with θ = θ̄ti (2)

Server-level Personalization
Since conventional federated aggregation may degrade the
personalization performance achieved at the client level, we
propose a task-vector aggregation strategy to better balance
personalization and federation, while enabling group-wise
knowledge sharing for server-level personalization.

To balance personalization and federation, we seek to am-
plify the aggregation weights for clients with similar tasks,
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while down-weighting those from irrelevant or conflicting
clients. Conventional FL methods often achieve this by us-
ing each client’s model parameter as its representation to in-
fer task similarity or divergence. However, in FedFM, due
to the limited parameter variation, such approaches may
fail as discussed in Motivation. To overcome this limitation,
we propose using task vectors as more informative repre-
sentations to guide aggregation weights, inspired by prior
work (Ilharco et al. 2022). Since each client in FedFM typi-
cally holds a local dataset corresponding to a different task,
the task vector between the locally fine-tuned model and
the aggregated model can capture task-specific characteris-
tics, even under the limited parameter variation imposed by
FedFM. To empirically validate this, we compute the cosine
similarity between task vectors obtained from models fine-
tuned on different tasks. As illustrated in Figure 1 (c), the
results show that task vectors effectively reflect inter-task
divergence, indicating their potential to serve as a signal for
task-aware aggregation in FedFM.

Additionally, considering that the relationships between
different tasks of clients are inherently non-uniform, we
adopt a task-vector aggregation for each client instead of
directly aggregating model parameters into a single global
model. This approach offers two key advantages: (1) it en-
ables more precise and adaptive updates by leveraging the
most recent task-specific information for each client, thereby
facilitating client-specific model updates; and (2) it mitigates
the risk of error accumulation across communication rounds,
as the aggregation focuses solely on the current round’s
task vectors, rather than recursively averaging full model
weights. Moreover, since all clients fine-tune their models
from a shared pre-trained initialization, the resulting task
vectors reside in a common representation space, making
it both meaningful and valid to perform vector arithmetic.
As a result, the aggregated task vector can be reliably added
to each client’s previously personalized aggregated model,
ensuring consistent and effective model adaptation.

More speicialy, on the server side, task vectors are first
computed for each client i as:

τ ti = θti − θ̄ti , ∀i ∈ [K], (3)

where θ̄ti denotes the maintained aggregated model from
the previous communication round, and the task vector τ ti
captures the task-specific adaptation information of client
i. To perform task-aware aggregation, we compute a set of
similarity-based weights for each client. For client i, the
aggregation weight associated with each peer client k ∈
{1, ...,K} is computed as:

pti,k =
g(τ ti , τ

t
k)∑K

j=1 g(τ
t
i , τ

t
j )
, (4)

where g(·, ·) is a similarity function, and the weights are nor-
malized across all clients to ensure

∑K
k=1 p

t
i,k = 1. Here, we

choose cosine similarity as it is invariant to vector magni-
tude. Finally, the server computes a personalized aggregated
model for client i as θ̄t+1

i = θ̄ti +
∑K

k=1 p
t
i,kτ

t
k, which is

sent back to client i for next round. The overall process of
FedBip is in Algorithm 1

Algorithm 1: FedBip
Input: Clients K, local datasets {D1, ..., DK}, local epoch
E, communication rounds T
Output: Personalized models
θ1, ..., θK

1: Clients initialize local model
2: for t = 1, ..., T do
3: Server sends aggregated θ̄t0, ..., θ̄

t
K to each client

4: for each client i ∈ [K] in parallel do
5: θti ←ClientUpdate(θ̄ti , Dk, E)
6: Client i sends θti to the server
7: end for
8: for i ∈ [K] do
9: if FedBip then

10: Server obtains τ t1, ..., τ
t
K by Equation 3

11: Server obtains pti,1, ..., p
t
i,K by Equation 4

12: Server aggregates θ̄t+1
i = θ̄ti +

∑K
k=1 p

t
i,kτ

t
k

13: end if
14: if FedBip-L then
15: Server obtains τ t1,l, ..., τ

t
K,l by Equation 5

16: Server obtains pti,1,l, ..., p
t
i,K,l by Equation 6

17: Server aggregates θ̄t+1
i,l = θ̄ti,l +

∑K
k=1 p

t
i,k,lτ

t
k,l

18: end if
19: end for
20: end for
21: return θ1, ..., θK

Layer-Wise Extension of FedBip Previous studies (Ma
et al. 2022; Rehman et al. 2023; Lee, Zhang, and Avestimehr
2023) have demonstrated that model divergence often varies
across different layers, highlighting layer-wise heterogene-
ity as a vital factor in FL. This phenomenon is also pro-
nounced in foundation models, where different layers serve
distinct roles—for instance, lower layers in transformer-
based models tend to encode local features, while higher
layers capture more abstract information (Chefer, Gur, and
Wolf 2021). Motivated by this, we extend FedBip to support
layer-wise task-vector aggregation, enabling finer-grained
adjustment over the aggregation process. Specifically, for
each round t, and each layer l, we compute the layer-wise
task vector and corresponding aggregation weights as:

τ ti,l = θti,l − θ̄ti,l, (5)

pti,k,l =
g(τ ti,l, τ

t
k,l)∑K

j=1 g(τ
t
i,l, τ

t
j,l)

, (6)

where θti,l denotes the parameters of the l-th layer of the fine-
tuned model from client i and θ̄ti,l denotes the parameters of
the l-th layer of the previous aggregated model for client i.
The server then performs layer-wise task-vector aggregation
for client i as θ̄t+1

i,l = θ̄ti,l +
∑K

k=1 p
t
i,k,lτ

t
k,l.

Remark. FedBip is modular and flexible, allowing inte-
gration with other federated client-side optimization tech-
niques and application to FedFM with PEFT technologies,
without modifying the overall framework.
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Methods Para
-phrase

Entail
-ment

Structure
to Text

Text For
-matting

Linguistic
Acc

Word
Dis

Core
-ference

Question
CLS Average Client

Comp.over
Server

Exe.time
FedIT 77.00 82.50 71.99 96.61 76.00 62.00 73.26 83.00 79.05 0.281 TFLOPS 0.1s
FedAWA 70.00 85.50 71.55 96.82 75.50 63.00 73.86 93.50 78.72 0.281 TFLOPS 1.3s
L-DAWA 74.00 83.00 70.57 96.97 75.50 64.50 76.47 92.50 79.19 0.281 TFLOPS 0.2s
FedAMP 83.50 82.50 72.30 96.96 78.50 52.50 76.60 93.50 79.55 0.281 TFLOPS 2.2s
FedALA 75.00 84.50 71.13 96.51 76.00 67.40 76.6 90.50 79.71 0.562 TFLOPS 0.1s
FedBip 80.00 85.00 72.20 96.74 79.50 60.50 82.20 93.50 81.21 0.281 TFLOPS 2.4s
FedBip-L 81.00 87.00 73.23 96.61 80.50 62.00 79.89 95.00 81.90 0.281 TFLOPS 4.8s
Modularity
FFA-LoRA 62.50 60.00 63.10 96.30 72.00 52.00 61.83 74.50 67.78 0.281 TFLOPS 0.1s
+FedBip 72.50 74.50 69.42 96.40 79.00 53.75 58.56 86.00 73.77 0.281 TFLOPS 2.4s
FedDPA 80.00 87.50 73.38 96.74 78.50 64.00 79.84 94.00 81.74 0.562 TFLOPS 0.1s
+FedBip 84.50 86.50 73.76 96.81 78.50 62.00 79.52 94.50 82.01 0.562 TFLOPS 2.4s

Table 1: Results of different models on NLP tasks with modularity and efficiency results.

Methods Art CliPart Product Real World Average
FedAVG 84.71 86.36 94.44 94.26 90.02
FedAWA 86.36 86.09 94.31 94.46 90.31
L-DAWA 84.43 85.98 94.37 94.81 89.90
FedAMP 87.99 90.11 96.18 95.84 92.53
FedALA 89.64 90.89 96.18 96.39 93.33
FedBip 88.56 91.10 97.97 96.01 93.41
FedBip-L 88.02 91.62 97.94 97.39 93.74
Modularity
FedProx 84.15 86.17 93.95 94.43 89.68
+ FedBip 90.19 92.30 98.13 97.15 94.44
Ditto 87.19 90.36 96.84 95.19 92.39
+FedBip 88.02 91.96 97.72 96.84 93.63

Table 2: Results of different models on CV tasks.

Experiment
Experiment Setting
Datasets. To comprehensively evaluate the effectiveness
of FedBip, we conduct experiments in both the computer vi-
sion (CV) and natural language processing (NLP) domains.
For CV, we use the OfficeHome dataset (Venkateswara et al.
2017), which comprises images across four distinct domains
with 65 categories to simulate cross-domain heterogeneity.
For NLP, we utilize the Flan (Wei et al. 2021), which con-
tains a diverse collection of instruction-following datasets,
and we select eight distinct tasks as the federated dataset to
simulate cross-task heterogeneity.

Baselines and Implementation. We compare our meth-
ods with below baselines based on the same model architec-
ture: 1) conventional global aggregation methods: FedAVG
(McMahan et al. 2017) for CV and FedIT (Zhang et al.
2023b) for NLP; 2) global model aggregation adjustment
methods: FedAWA (Shi et al. 2025) and L-DAWA (Rehman
et al. 2023); 3) personalized aggregation methods: FedAMP
(Huang et al. 2021) and FedALA (Zhang et al. 2023a). To
simulate data heterogeneity, we distribute clients based on
domain (in CV) or task (in NLP). For both settings, to bet-
ter evaluate the effectiveness of methods, we assume that all
clients are activated for every communication round and set

Figure 3: Accuracy via communication rounds.

round T = 10 for CV and T = 20 for NLP. For CV, we
use the ViT backbone from the CLIP model (Radford et al.
2021) and apply full fine-tuning. For NLP, we employ LoRA
(Hu et al. 2022) as the PEFT method for LLaMA-7B.

Main Results
We evaluate FedBip against other baselines under two set-
tings: full fine-tuning on cross-domain heterogeneity in CV
and parameter-efficient fine-tuning on cross-task hetero-
geneity in NLP. As shown in Table 1 and Table 2, Fed-
Bip consistently achieves the best performance on average,
demonstrating the effectiveness of our method for consider-
ing both client-level and server-level personalization. More-
over, the layer-wise extension (FedBip-L) further improves
performance over FedBip, highlighting the importance of
capturing layer-specific differences across clients. In addi-
tion, personalized aggregation methods generally outper-
form global aggregation baselines, emphasizing the neces-
sity of aligning the model with client-specific distributions
to handle heterogeneous tasks or domains. In particular, for
tasks such as Linguistic Acceptability, where independent
fine-tuning outperforms joint training (as shown in Figure 1
(a)), our method significantly improves performance. This
provides further empirical evidence that FedBip effectively
balances the federation and personalization in FedFM.

Modularity. FedBip is designed as a modular framework
that can be integrated with client-side optimization FL algo-
rithms to enhance performance. As shown in Table 1 and
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Figure 4: Client 0’s aggregation weights calculated by FedBip, FedAWA and FedBip-L.

Table 2, we integrate FedBip with several representative
FL baselines, including LoRA-based methods ( FFA-LoRA
(Sun et al. 2024), FedDPA (Yang et al. 2024)) in NLP, and
global method FedProx (Li et al. 2020) and personalized
method Ditto (Li et al. 2021a) in CV. The results show con-
sistent average performance gains across all combinations,
demonstrating the strong modularity of our approach.

Flexibility. FedBip is highly flexible, supporting different
transformer-based foundation models and fine-tuning meth-
ods. As illustrated in Table 1 and Table 2, FedBip is suc-
cessfully deployed across models of varying scales and do-
mains, including ViT (for CV) and LLaMA (for NLP), and
performs well under both full fine-tuning and LoRA-based
PEFT. The consistent performance improvements over base-
line methods confirm that FedBip is a flexible and effective
framework for addressing personalization in FedFM.

Analysis
Convergence Analysis. To analyze convergence, we com-
pare average test accuracy versus communication rounds in
Figure 3. The results show that personalized aggregation
methods, including FedBip, converge faster than global ag-
gregation methods and reach stable performance after only a
few rounds. Moreover, our method consistently outperforms
all baselines throughout the training process.

Efficiency Analysis. We evaluate the computation cost on
the client side and execution time on the server side. As
shown in Table 1, FedBip introduces no additional com-
putation overhead for clients and only a slight increase in
server-side execution time, demonstrating that FedBip is a
lightweight and efficient framework for FedFM fine-tuning.

Ablation Analysis. To evaluate scalability, we vary client
number K ∈ {8, 24, 40} in Table 3, where FedBip consis-
tently outperforms other baselines, demonstrating its effec-
tiveness and robustness under increasing client heterogene-
ity and numbers. To evaluate impact of g(·, ·) in task-vector
aggregation, we compare different similarity metrics in Ta-
ble 4, where cosine similarity performs best due to its mag-
nitude invariance and better robustness for high-dimensional
vectors. Table 5 evaluates different weighting and aggrega-
tion strategies, showing computing aggregation weights and
performing aggregation directly on task vectors yields the
best performance. This aligns with our earlier analysis that

#Client 8 24 40
FedIT 79.05 65.07 66.67
FedAWA 78.72 64.69 66.49
L-DAWA 79.19 64.64 65.78
FedAMP 79.55 66.37 68.09
FedALA 79.71 67.24 71.53
FedBip 81.21 68.91 73.00

Table 3: Ablation study of different client numbers.

Similarity Metric L2 Pearson Cosine
FedBip 79.55 80.77 81.21

Table 4: Ablation of similarity metric.

Weighting Parameter Parameter Vector
Aggregation Parameter Vector Vector

79.63 80.15 81.21

Table 5: Ablation of weighting and aggregation strategies.

parameter-based similarity fails to capture task divergence,
and parameter aggregation may lead to error accumulation.

Aggregation Weight Analysis. We analyze the aggrega-
tion weights computed by FedBip, FedAWA, and FedBip-L
in Figure 4. (a) shows that weights of FedBip increasingly
favor personalization over rounds, and FedBip effectively
assigns higher weights to similar tasks while reducing in-
fluence of irrelevant ones compared with (b). (c) illustrates
the variation in layer-wise aggregation weights of FedBip-L,
indicating that lower layers share more common knowledge,
whereas higher layers retain more personalized information.

Conclusion
FedFM fine-tuning aims to adapt pre-trained foundation
models for a small group of new users across distributed
clients, where balancing federation and personalization
presents a critical challenge. To address this, we propose
FedBip, a bi-level personalization framework that incorpo-
rates client-level personalization through local fine-tuning
and server-level personalization via task-vector aggregation.
Experimental results on both CV and NLP benchmarks
demonstrate the effectiveness of FedBip, paving the way for
future exploration of more advanced methods across diverse
modalities and large-scale federated learning scenarios.
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