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Abstract

Personalized Federated Learning (PFL) represents a
promising solution for decentralized learning in heteroge-
neous data environments. Partial model personalization
has been proposed to improve the efficiency of PFL by se-
lectively updating local model parameters instead of ag-
gregating all of them. However, previous work on par-
tial model personalization has mainly focused on Convo-
lutional Neural Networks (CNNs), leaving a gap in un-
derstanding how it can be applied to other popular mod-
els such as Vision Transformers (ViTs). In this work, we
investigate where and how to partially personalize a ViT
model. Specifically, we empirically evaluate the sensi-
tivity to data distribution of each type of layer. Based
on the insights that the self-attention layer and the clas-
sification head are the most sensitive parts of a ViT, we
propose a novel approach called FedPerfix, which lever-
ages plugins to transfer information from the aggregated
model to the local client as a personalization. Finally, we
evaluate the proposed approach on CIFAR-100, OrganAM-
NIST, and Office-Home datasets and demonstrate its effec-
tiveness in improving the model’s performance compared
to several advanced PFL methods. Code is available at
https://github.com/imguangyu/FedPerfix

1. Introduction
Federated learning (FL) [25] has emerged as a promis-

ing method for training machine learning models on decen-
tralized data without requiring direct data sharing. How-
ever, data heterogeneity among participating clients can
present a significant challenge. Due to the various cir-
cumstances of the clients, the data across the clients can

be non-independent and non-identically distributed (non-
IID). Therefore, achieving satisfactory performance using
a one-model-fits-all approach is difficult, and personalized
models are often needed to achieve the best results. This
has inspired the study of Personalized Federated Learning
(PFL), where the focus is shifted from the performance of
the global model on the server to the local models on the
clients.

In the context of personalized federated learning, previ-
ous literature has explored two main approaches: full model
personalization [9, 6, 23] and partial model personaliza-
tion [31, 27, 18, 5, 1]. Full model personalization involves
maintaining a separate local model for each client and up-
dating it based on a joint objective, while partial model per-
sonalization aims to personalize only a subset of the model
parameters. A convergence analysis [31] suggests that par-
tial model personalization can achieve most of the benefits
of full model personalization with fewer shared parameters,
offering advantages in terms of computation, communica-
tion, and privacy to enable the deployment of larger models
on the clients.

However, recent literature shows that where and how to
perform partial model personalization has a high correlation
to the model architectures and the tasks [31], which requires
further study when applied to a new architecture. Despite
the multitude of approaches proposed in the literature, the
majority of methods have only been evaluated on Convolu-
tional Neural Networks (CNNs). Meanwhile, Vision Trans-
formers (ViTs) [8] have demonstrated superior performance
compared to CNNs in several tasks, such as image classifi-
cation [37] and object detection [42, 3], making them an
attractive option for personalized federated learning. How-
ever, to the best of our knowledge, the application of ViT in
the federated learning community has received limited at-
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tention in the existing literature [32]. Given the advantages
of ViT shown under centralized training, it is reasonable to
expect that these benefits can also be realized in PFL by of-
fering a more robust model for improved performance on
the clients. Therefore, in this work, we investigate where
and how to partially personalize a ViT model.

Drawing from previous research on CNNs, layers that
serve specific engineering purposes, such as feature ex-
traction, normalization, or classification, have been iden-
tified as suitable candidates for partial model personaliza-
tion [27, 18, 5]. These layers might have a higher sensitivity
to the distribution of the training data. Therefore, aggre-
gating the model weights trained from different data distri-
butions may result in an inaccurate feature, while keeping
them updated locally can gain a better feature for the lo-
cal data distribution. Similarly, we select some candidates
from ViT and conduct an empirical study to investigate the
sensitivity of each type of layer. Specifically, we quanti-
tatively evaluate the impact of keeping certain layers up-
dated locally without aggregation with other clients. This
evaluation shows that the self-attention layers and the clas-
sification head have a higher sensitivity than other layers,
providing insights about where to personalize.

To personalize the sensitive parts, one intuitive approach
is to keep them completely local. However, the global ag-
gregation has shown the capability to provide a more gen-
eral global model than local models [24]. Completely pre-
venting the sharing with the global model will severely hin-
der the potential benefits of leveraging general knowledge
from the aggregated global model. Therefore, we desire to
train a personalization module to bridge the general knowl-
edge and the client-specific knowledge.

As existing works in transfer learning suggest, the same
pre-trained model can be transferred to different down-
stream data by adding different tiny architectures [30, 15,
20, 12]. We refer to these tiny architectures as plugins
since they are small-sized parameters plugged into the pre-
trained model. These plugins are trained while the weights
of the pre-trained model are frozen. The plugged model
can achieve comparable performance as the fully fine-tuned
model [29]. Since the model can maintain the same level
of performance without changing the weights of the pre-
trained model, the downstream-specific knowledge is cap-
tured by the plugins. Therefore, the plugins show the ca-
pability to personalize the same model to satisfy different
downstream data. In federated learning, we can consider the
aggregated model as an inferior version of the “pre-trained”
model, and the data on different clients as the downstream
data, as shown in Fig. 1. With this perspective, we can
therefore exploit the capability of the plugins in the fed-
erated learning context to capture client-specific knowledge
for personalization.

Therefore, we select and adapt a specific family of plu-

Transfer Learning

Pre-trained
Model

Downstream Data 1Plugin 1

...

Downstream Data NPlugin N

Personalized Federated Learning

Aggregated
Model

Client Data 1PM 1

...

Client Data NPM N

Figure 1. Analogy between transfer learning and personalized
federated learning. A pre-trained model can be transferred to
different downstream data with different plugins. In personalized
federated learning, we are seeking different personalization mod-
ules (PM) to transfer the aggregated model to different client data.

gin, Prefixes, to personalize the self-attention layer and
propose a novel approach FedPerfix, short for Federated
Personalized Prefix-tuning.

The main contributions of this paper are as follows:
• We perform an empirical study to reveal the sensitiv-

ity to data distribution of each type of layer in a ViT
for PFL and locate the self-attention layer and classi-
fication head as the sensitive part to be personalized.
(Section 3.3)

• We propose a novel partial model personalization ap-
proach on ViT, FedPerfix, inspired by the connection
between PFL and transfer learning. Specifically, we
exploit Prefix plugins to capture client-specific knowl-
edge for personalization. (Section 3.5)

• We conduct evaluations on CIFAR-100 [2], Or-
ganAMINIST [40], and Office-home [38], which are
across different domains, and degrees of data hetero-
geneity and achieve state-of-the-art performance com-
pared with several competitive methods with lower re-
source requirements. (Section 4.2)

2. Related Work

Personalized Federated Learning. Personalized Feder-
ated Learning focuses on training a client-specific model
to achieve satisfying performance on each client instead of
a unified global model to fit all the client data. In terms of
the shared parameters, full model personalization keeps a
separate personalized model for each client and designs dif-
ferent training objectives, where the global model is usually
served as the regularization term [36, 17, 43, 19, 13, 26].
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The training objectives are designed with the idea of meta-
learning [9], Moreau Envelopes [7], model interpolation [6],
decoupling [4], etc. In contrast, partial model personaliza-
tion focuses on personalizing some specific parameters in-
side a model. Some works simply keep these parameters,
e.g., the classification head [1, 27], and the batch normaliza-
tion layers [18] updated locally, while some works design
additional parameters, e.g., prototypes for each class [36] or
hypernetworks [34], to further personalized these parame-
ters. Our proposed method focuses on the self-attention lay-
ers in a ViT and leverages plugins in transfer learning, en-
abling personalization without introducing significant over-
head. Our experimental results demonstrate that FedPerfix
outperforms existing methods in terms of both efficiency
and effectiveness.

Vision Transformer. ViTs, a type of attention-based neural
network, have shown superior performance in several fields
compared to CNNs. In particular, ViTs have achieved state-
of-the-art performance on various benchmarks [8, 22, 21].
ViTs employ self-attention mechanisms to learn the depen-
dencies between different regions of an image and can cap-
ture long-range dependencies more effectively than CNNs.
Despite their success, the use of ViTs in federated learning
has not been as widely explored as CNNs. Qu et al. [32]
studied the performance of ViT under conventional FL set-
tings and found that simply replacing CNNs with ViTs can
greatly accelerate convergence and reach a better global
model, especially when dealing with heterogeneous data,
demonstrating the potential of ViTs in FL. In this paper, we
extend the application of ViT to PFL and propose a novel
approach to better personalize a ViT.

Parameter-efficient Fine-tuning and Plugins. Fine-
tuning is a popular technique for adapting a pre-trained
model to a new task. However, fine-tuning can be compu-
tationally expensive, especially for large models [10, 41].
Parameter-efficient fine-tuning (PEFT) has been proposed
to address this issue by selectively updating only a subset of
the model’s parameters or a few added parameters. These
added parameters are plugged into the pre-trained model;
therefore, they are summarised as “Plugins” in this paper.
Although the location of the plugins for a transformer is var-
ious, including the input [15], the self-attention layer [20],
and the feed-forward network [30], all of them can be
trained to achieve comparable performance as fine-tuning
without updating the weights of the pre-trained model. The
plugins have also been applied to conventional FL to en-
able large pre-trained models and reduce the communica-
tion cost [35]. In the PFL, inspired by analogy from fine-
tuning to the local training, the plugins can similarly be
employed to personalize the representation from the global
model to the local data distribution. Based on our empiri-
cal study, we choose prefixes [20] since the parameters are
directly applied to the self-attention layer and propose our

method, FedPerfix.

3. Method
3.1. Problem Formulation

We consider a classification problem in Computer Vision
(CV). A dataset D = {(x, y)|x ∈ X, y ∈ Y } is separated
on N clients, where X is the input space and Y is the label
space. Data on each client is denoted as Di, and the distri-
bution Pi. The client distributions are not identical. Each
client has access to mi samples drawn IID from the distri-
bution Pi. The total number of samples is M =

∑N
i=1 mi.

The hypothesis (model) on each client is noted as hi, and
the expected loss on the ith client is denoted as

LDi(hi) = E(x,y)∼Pi
[ℓ(h(x), y)] (1)

where ℓ is the loss function. Further, considering the partial
model personalization, the parameters in each client model
can be divided into two parts: global parameters u and lo-
cal parameters vi, i.e., hi = u ∪ vi. Specifically, vi = ∅
indicates full model personalization.

In each communication round t ∈ [T ], each client will
receive u(t−1) from the server and plug v

(t−1)
i into u(t−1).

Then, u(t)
i , v

(t)
i are trained on the local data. After the local

training, only the u
(t)
i of K sampled clients will be sent to

the server and participate in the global aggregation. The
sampled ratio (client participation rate) is denoted as r =
K/N . The global aggregation is formulated as

u(t) =

K∑
i=1

αiu
(t)
i (2)

where αi is the aggregation coefficient. Federated Averag-
ing (FedAVG) is the most common aggregation algorithm
where αi = mi

M . After T rounds of communication, each
client model will receive a copy of the newest global param-
eters and plug its own local parameters into the global pa-
rameters. Then, the model will be evaluated on its own test
data drawn IID from Pi. To assess the overall performance,
the mean and standard deviation of the Top-1 classification
accuracy (Acc) for all clients will be reported.

3.2. Recap: Partial Model Personalization for CNN

In this section, we provide a brief recap of the ap-
proaches for partial model personalization in CNNs. We
aim to leverage the insights and experiences gained from
previous research to explore the strategy to personalize ViTs
partially.

FedRep [5] is a partial model personalization method
that aims to preserve client-specific information while lever-
aging common knowledge in the earlier layers of a CNN by
keeping the last classification layer and a few blocks local
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Table 1. Sensitivity to data distribution of each type of layer
in a Vision Transformer. The mean and standard deviation of
the client’s Top-1 Accuracy are reported for each type of layer
(Stand-alone). Considering the classification head is the most
sensitive type of layer, we also report the performance when a type
of layer is kept updated locally along with the classification head
(Combined). The overall performance is the mean of the stand-
alone accuracy and combined accuracy.

Type Stand-alone Combined Overall

All Local 34.74±9.36 - -
All Global 23.29±11.31 - -
Classification Head 44.42±7.98 - -

Patch Embedding 27.61±10.02 43.45±8.69 35.53
Position Embedding 23.80±11.42 45.04±8.08 34.42
LayerNorm 23.94±11.19 44.60±7.96 34.27
Self-attention 42.95±8.68 44.63±8.67 43.79
MLP 42.53±8.82 42.63±8.84 42.58

and aggregating the rest. FedBN [18] is a partial model
personalization method that updates Batch normalization
(BN) [14] layers locally while aggregating the rest of the
model. This method leverages the local statistics of the BN
layer to adapt to the data distribution of each client while
maintaining a global representation of the model, achiev-
ing a better balance between personalization and global
representation. FedBABU [27] focuses on personalizing
the classification head to address the issue of inconsistent
feature spaces among clients. Unlike FedRep, FedBABU
freezes the classification head and fine-tunes it for several
steps before evaluation. By doing so, FedBABU can miti-
gate the negative impact of classification head drift and en-
courage consistent feature spaces across all clients.

In summary, previous approaches to partial model per-
sonalization for CNNs provide valuable insights to answer
the “where to personalize” question for ViTs: The layers to
be personalized are usually designed with some engineer-
ing purpose, thus, are sensitive to data distribution. For in-
stance, the normalization layers are designed to capture the
statistical characters of the data, while classification heads
are designed to map the feature to a predicted class. Build-
ing on these insights, we group the layers in ViT by their
engineering purpose and conduct an empirical study to de-
termine the layers in ViT that are the most sensitive to data
distribution. We evaluated the performance of ViT while
keeping some specific types of layers updated locally with-
out aggregating with other clients. The results of our study
are presented in Section 3.3.

3.3. Empirical Study: Partial ViT Personalization

In a ViT, we consider the following layers as candidates
to be personalized and evaluate their sensitivity to data dis-
tribution when they are updated locally: Patch Embedding
layer converts the input image to a sequence of patches,
then applies a linear projection to map each patch into an
embedding vector. Position Embedding layer is respon-
sible for injecting positional information into the sequence
of patches produced by the patch embedding layer, allow-
ing the model to capture the spatial arrangement of the im-
age. LayerNorm is a normalization layer commonly used
in ViT to normalize the feature maps across the channel di-
mension. Self-attention layer allows the model to attend
to different regions of the input image and capture long-
range dependencies between them. MLP layers, following
the self-attention layer, enable the model to capture non-
linear relationships between the image patches. Classifica-
tion Head applies a linear projection from the [CLS] token
to a predicted class.

We perform experiments on CIFAR-100 with our default
setting, which will be introduced in Section 4.1. We keep
the specified type of layer updated locally and report the
mean and standard deviation of the Top-1 Accuracy across
all clients as the metrics to indicate the sensitivity to data
distribution. The result is shown in the second column of
Table 1.

From the table, we can draw several insights. Keeping
all layers local yields better performance than aggregating
all layers. This suggests that aggregation of heterogeneous
data may have a negative impact on some layers. Mean-
while, keeping each type of layer updated locally allows for
greater adaptability to each client’s data, leading to different
degrees of improvement compared with keeping every layer
global. Among all types of layers, the classification head is
the most sensitive to data distribution, leading to the high-
est stand-alone performance, which is as expected. Except
for the classification head, self-attention layer is more sen-
sitive to data distribution than other components, showing a
higher standard-alone performance.

Considering the vital importance of the classification
head, we also reported the combined performance when a
type of layer is kept updated locally along with the classi-
fication head, as shown in the third column of Table 1. To
decide the most sensitive layers to be personalized, we av-
eraged the performance under the two settings as the overall
performance.

Based on the overall performance, personalizing the self-
attention and classification head is one possible answer to
the question of where to personalize. Besides, a vanilla
baseline to keep the self-attention layers and classification
head updated locally is proposed, which is referred to as
Vanilla Attention as described in Fig. 2 (a).
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Figure 2. Several designs to personalize the self-attention layer in a ViT. SDP is short for Scaled Dot Product, the red part indicates
the local parameters, the blue part indicates the global parameters and the gray parts are vectors or modules with no learnable parameter.
(a) Vanilla attention simply keeps the self-attention and classification updated locally. (b) Vanilla prefix-tuning only keeps the prefixes
updated locally and aggregates the original self-attention layer. (c) FedPerfix uses a local adapter to generate the prefixes and aggregates
the original self-attention layer. The adapter is composed of a scale-down, an activation, and a scale-up layer.

3.4. Proposed Baseline: Vanilla Prefix-tuning

Building upon the insights about where to personalize
gained in the previous section, we move to the next question
about how to personalize the selected layers. As obtained
from our empirical study, Vanilla Attention is a baseline
to personalize the self-attention layer by completely keep-
ing the self-attention updated locally. However, it will also
prevent it from learning general information for the global
model.

As explained in Section 1, the plugins can be trained on
the local data to capture the client-specific knowledge as a
personalization module. There are three widely used plu-
gins for ViTs: a) Prompts that are learnable embeddings
appended to the inputs, b) Adapters that are inserted into
the MLP layers, and c) Prefixes that are appended to the
key and value matrix of the self-attention layer. Given that
the self-attention layer is one of the most sensitive layers, It
is plausible that the Prefixes integrated nearest to the self-
attention layer are capable of capturing the most relevant
client-specific information pertaining to the self-attention
mechanism. Besides, we further compare the effectiveness
of all three plugins and discuss it in Section 5.3. Therefore,
we select Prefixes as our personalization module.

Specifically, learnable prefixes are appended to the self-
attention layer and kept updated locally on the client. Mean-
while, the original self-attention layer is shared across all
clients as normal to capture global dependencies. We refer
to this approach as Vanilla Prefix-tuning.

An illustration of how Prefixes cooperate with the self-
attention layer is shown in Fig. 2 (b). Besides, we formulate

the output of one head of the self-attention layer as

headi =Attention(Zl−1W (i)
q ,

Zl−1[Pk,W
(i)
k ],

Zl−1[Pv,W
(i)
v )])

(3)

where Zl−1 is the output from the last layer, Pk and Pv are
prefixes, W (i)

q ,W
(i)
k , and W

(i)
v are the parameters in the

self-attention layer, and [, ] is the concatenate operation.

3.5. FedPerfix: Stabilize the Prefix

In Vanilla Prefix-tuning, the prefixes are randomly ini-
tialized, which can result in unstable performance when ini-
tialized with different weights. We later conduct an exper-
iment to demonstrate such instability in Section 5.3 when
Vanilla Prefix-tuning is initialized with different weights.
To address this issue, we draw inspiration from the parallel
attention design [41], which uses adapters to stabilize the
prefixes. Similarly, we propose to use adapters in Vanilla
Prefix-tuning to stabilize the prefix initialization. Specifi-
cally, we add a parallel adapter to prepare the prefixes for
each layer, as shown in Fig. 2. Meanwhile, we add a hyper-
parameter s to control the efficiency of the adapter. Follow-
ing the design of parallel attention, the prefixes are gener-
ated as

Pk,Pv = Adapter(Zl−1) = Tanh(Zl−1Wdown)Wup (4)

where Tanh is the activation function, Wdown and Wup are
parameters of the scaling layers of the adapter. As a result,
the output of one head of the self-attention layer with paral-
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lel attention is shown in Fig. 2(c) and formulated as

headi =Attention(Zl−1W (i)
q ,

Zl−1[sPk,W
(i)
k ],

Zl−1[sPv,W
(i)
v ]).

(5)

In conclusion, FedPerfix is proposed as a novel ap-
proach to transfer the information from the aggregated self-
attention layer to fit the local data better, leveraging the plu-
gins in transfer learning. The local prefixes are trained for
personalization, while the global self-attention layer cap-
tures global dependencies. Therefore, FedPerfix provides a
promising solution to address the question of how to per-
form personalization for ViTs.

4. Experiment
4.1. Experiment Details

Dataset. We use three popular datasets to evaluate the
performance: CIFAR-100 [16], OrganAMNIST [40], and
Office-Home [38]. CIFAR-100 is a widely-used image
classification dataset consisting of 50,000 RGB images
across 100 classes. Office-Home is a domain adaptation
dataset for object recognition tasks, which contains 15,500
images across 65 categories, captured from four different
domains: Artistic images, Clipart, Product images, and
Real-World images. OrganAMNIST is a medical image
classification dataset that includes 58,850 gray-scale images
of organs and tissues from human anatomy. The images
are classified into 11 different classes. These datasets are
chosen to evaluate the performance in various scenarios, in-
cluding different data scales, domains, and the number of
classes.
Federated learning settings. We conduct T = 50 com-
munication rounds with each local training consisting of 10
epochs. To account for the various factors that can affect
federated learning performance, we adjust the default set-
tings for each dataset to focus on different scenarios with
varying degrees of data heterogeneity of label skew and
concept skew. For CIFAR-100, which has a relatively high
number of samples and classes, we simulate a federated
learning environment with N = 64 clients using a Dirich-
let distribution with α = 0.1 and sampling K = 8 clients
with a ratio r = 0.125 for each round. For OrganAMNIST,
which has a similar number of samples but fewer classes
than CIFAR-100, we partition the data using a Dirichlet dis-
tribution with a larger α = 0.5 and apply the same client
settings as CIFAR-100. As for Office-Home, which has
fewer samples captured from 4 different domains, we focus
on concept skew by partitioning the data from each domain
into four different clients using a Dirichlet distribution with
α = 1.0, resulting in a total of N = 16 clients. In each
communication round, we randomly sample K = 4 clients

from any domain with a ratio r = 0.25. A visualization of
the data partitioning is provided in Supplementary A.1.
Model Architecture and Baselines. We choose ViT-Small
(ViT-S) [8] with a patch size of 16 and an image size of
224 as our model for evaluation. We compare our pro-
posed FedPerfix method against a range of baseline meth-
ods, including widely used approaches like FedAVG and lo-
cal training without aggregation (Local). We also compare
our method against advanced full model personalization
methods, namely APFL [6] and Per-FedAVG [9], and three
partial model personalization methods, namely FedBN, Fe-
dRep, and FedBABU. Besides, we also include the perfor-
mance of Vanilla Attention, which keeps the self-attention
layer and the classification head updated locally, as a refer-
ence. APFL adapts the global and local model through an
adaptive mixture coefficient, while Per-FedAVG employs
meta-learning to improve the global model. These meth-
ods are model-agnostic and can be applied to ViTs. FedBN
keeps the batch normalization layer updated locally and ag-
gregates the remaining layers in the server with FedAVG.
To adapt it to ViTs, we replace the batch normalization layer
with the layer normalization layer. FedRep keeps the clas-
sification head updated locally while aggregating the other
layers in the server. FedBABU freezes the classification
head and aggregates the remaining layers in the server, then
fine-tunes the classification head on the local data for one
step before the evaluation.
Evaluation Metrics. We report the final mean and standard
deviation of Top-1 accuracy among all clients after all com-
munication rounds finish as the evaluation metrics. Besides,
to evaluate the feasibility of the methods, an analysis of stor-
age, computation, and communication costs is reported in
Section 4.4.
Implement Details. All hyperparameters in each method
are tuned as optimal in a range. Each model is optimized
with the SGD [33] optimizer with the optimal learning rate,
which is 0.01 for most methods. The server and all the
clients are simulated in one machine, and we resize the im-
ages in all datasets as 224×224 RGB images to fit the model
and set the batch size of the client data as 64. The model is
implemented from the TIMM [39] library. All the experi-
ments are implemented in Pytorch [28] and performed on 4
Nvidia A5000 GPUs. More details are provided in Supple-
mentary A.2.

4.2. Performance Evaluation

Based on the evaluation results presented in Table 2, sev-
eral insights can be drawn regarding the performance of the
compared methods. It can be observed that FedAVG per-
forms worse than Local when facing a large label skew, i.e.,
on CIFAR-100. This indicates the importance of addressing
data heterogeneity in federated learning scenarios. How-
ever, when the label skew is not that extreme, the informa-
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Table 2. Performance and required resources for each method. The mean and standard deviation of the Top-1 Accuracy among all
clients are reported. The bold style indicates the best performance in each dataset.

Method Performance Storage Computation Communication
CIFAR-100 OrganAMNIST Office-Home (# Params) (FLOPs) (# Params)

FedAvg 23.29±11.31 87.31±5.98 21.47±6.24 21.03M (100%) 65.65M (100%) 21.03M (100%)
Local 34.74±9.36 78.26±11.07 20.39±7.26 21.03M (100%) 65.65M (100%) 0 (0%)

APFL 44.88±10.50 89.74±5.83 24.23±7.02 42.06M (200%) 131.30M (200%) 21.03M (100%)
Per-FedAVG 33.86±8.01 82.81±7.13 17.09±4.83 21.03M (100%) 131.30M (200%) 21.03M (100%)

FedBN 23.94±11.19 87.63±5.78 21.25±5.89 21.03M (100%) 65.65M (100%) 21.01M (100%)
FedBABU 41.41±8.87 88.38±7.16 19.50±7.71 21.03M (100%) 65.65M (100%) 20.66M (98%)

FedRep 44.42±7.80 92.63±3.77 23.67±5.97 21.03M (100%) 65.65M (100%) 20.66M (98%)

Vanilla Attention 44.63±8.67 88.90±5.87 22.55±6.37 21.03M (100%) 65.65M (100%) 13.89M (66%)
FedPerfix (ours) 48.10±7.76 93.17±3.51 24.38±8.47 24.42M (116%) 66.58M (101%) 20.66M (98%)

tion gathered from the global aggregation can alleviate the
overfitting due to few training samples on the client, leading
to higher performance.

In addition, it is worth noting that the methods that focus
on the global objective instead of information transferring
from the global to the client model, such as Per-FedAVG,
achieve better performance than FedAVG but still show in-
ferior performance compared to Local when facing extreme
label skew or concept skew, i.e., CIFAR-100 and Office-
Home. This suggests that direct modification of the global
objective may not always be the most effective way when
using ViTs. Performing meta-learning on relatively small-
size client data for a relatively large ViT is a challenging
task, which limits the effectiveness of Per-FedAVG.

On the other hand, how to leverage the information pro-
vided in the global model is crucial for partial model per-
sonalization. The layer normalization version of FedBN
shows little impact on the performance, leading to a neg-
ligible improvement based on FedAVG. However, APFL,
FedRep, Vanilla Attention, FedBABU, and FedPerfix find
a more suitable way to transfer the information from the
global model, leading to superior performance than other
methods. Consistent with the conclusion we draw from the
empirical study, FedRep, FedBABU, and Vanilla Attention
personalized the sensitive parts in ViT, thus outperforming
FedAVG and Local by a significant margin. As an exten-
sion, APFL and our method, FedPerfix, balance the infor-
mation between the local and global models in a proper
manner, leading to the highest two performances consid-
ering the performance across all three datasets.

Surprisingly, we find that there is a connection between
FedPerfix and APFL. Equation 3, which shows the output

of a self-attention with Prefixes, can be rewritten as

head(x) =(1− λ(x))Attn(xWq, xWk, xWv)︸ ︷︷ ︸
aggregated attention

+ λ(x)Attn(xWq, xPk, xPv)︸ ︷︷ ︸
personalized attention

(6)

where λ(x) is a scalar representing the normalized atten-
tion weights on the prefixes [10]. More details are pro-
vided in Supplementary B. It reveals that the local pre-
fixes are learned as a mixture coefficient between the ag-
gregated attention from the global model and the person-
alized attention from the prefixes. The high performance
of both APFL and FedPerfix indicates the effectiveness of
a mixture between the local and global models in PFL.
Compared with APFL, FedPerfix only mixed the sensitive
self-attention layers instead of the entire model, leading to
higher performance. Meanwhile, FedPerfix trains the Pre-
fix, which can be considered as the mixture coefficient, and
the model simultaneously, while APFL needs separate train-
ing for the personalized model. Therefore, FedPerfix can
achieve higher performance with fewer storage, computa-
tion, and communication resources. Furthermore, we pro-
vide a more detailed resource requirements analysis of each
method in the following Section 4.4.

4.3. Client-wise Performance

In Fig. 3, we present a density plot depicting the per-
formance gain of each method in comparison to Local.
Notably, FedPerfix demonstrates an average performance
gain of over 10%, surpassing all other methods. More-
over, FedPerfix outperforms all other methods by achiev-
ing up to 30% performance gains for certain clients. Con-
versely, some clients experience performance degradation
under other methods, while FedPerfix ensures performance
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Figure 3. Client-wise performance for each method on CIFAR-
100. Density of the accuracy gain compared with Local training
is plotted. FedPerfix provides highest upper and lower bounds
among all the methods.

gains for nearly all clients. In conclusion, FedPerfix shows a
higher upper bound while maintaining a high lower bound,
which will encourage more clients to involve in the feder-
ated training with performance-gaining guarantees for al-
most all clients.

4.4. Resource Requirements Analysis

In federated learning, it is crucial to consider the practi-
cality of each method in terms of the storage, computation,
and communication resources required by each participat-
ing client. As such, it is imperative to analyze the resource
demands of each approach to determine its feasibility in re-
alistic federated settings.

We present a resource analysis of the evaluated methods,
taking into account the storage, computation, and commu-
nication demands, which are crucial aspects in practical fed-
erated learning scenarios where clients may have limited re-
sources. Table 2 reports the parameter size required to store
the model, the FLOPs needed for training, and the param-
eter size required for communication. Notably, FedPerfix
achieves superior performance compared to other methods
with slightly more resources for storage and computation
but fewer resources for communication.

Overall, our proposed FedPerfix approach demonstrates
the highest efficiency in terms of achieving superior perfor-
mance while utilizing fewer storage, computation, and com-
munication resources compared to other methods. These
findings highlight the potential of our approach to effec-
tively address the resource constraints often encountered in
realistic federated learning scenarios.

5. Ablation Study
In this section, we conduct an ablation study on the

CIFAR-100 dataset to evaluate the robustness of FedPerfix
under various federated learning settings and to investigate
FedPerfix with different designs.

Table 3. Performance on CIFAR-100 with different backbones.

Method ResNet50 ViT-Small

FedAVG 17.87±13.16 23.29±11.31

Local 28.34±9.83 34.74±9.36

APFL 30.71±9.89 44.88±10.50

Per-FedAVG 28.82±8.53 33.86±8.01

FedBN 19.33±10.25 23.94±11.19

FedBABU 24.56±7.82 41.41±8.87

FedRep 39.52±10.92 44.42±7.80

FedPerfix - 48.10±7.76

5.1. Performance Comparison with CNN Backbone

To further demonstrate the motivation behind our work,
i.e., addressing PFL with ViT, we conduct experiments to
compare ViT and CNN as different backbones for the same
set of methods. Given that the comparison methods are
originally designed with a CNN backbone, we conduct ex-
periments on CIFAR-100 with a CNN backbone as a refer-
ence to investigate the impact of replacing the CNNs with
ViTs in these methods. To fairly compare the performance,
we choose ResNet50 [11] as the CNN backbone due to its
similar parameter size (24.37M) to ViT-Small [8] (21.03M).

The result is shown in Table 3. Simply replacing the
CNN backbone with the ViT backbone significantly im-
proves performance for each method without additional op-
erations. It suggests that the advantages of ViTs that demon-
strated superior performance compared to CNNs in central-
ized settings may also translate to personalized federated
learning scenarios.

The success of ViTs in existing methods highlights their
potential for personalized federated learning. However,
there is a lack of approaches specifically designed for ViTs.
To address this gap, we propose FedPerfix, which is tailored
for ViTs and focuses on personalizing the sensitive parts
of the network. By doing so, FedPerfix further improves
performance compared to existing methods that incorporate
ViTs. Our approach fills an important research gap and sug-
gests that there is still much to be gained from exploring the
unique properties of ViTs for personalized federated learn-
ing.

5.2. Different FL Settings

In order to assess the robustness of FedPerfix in more
challenging federated learning scenarios, we conduct exper-
iments that involve varying the number of clients with fewer
samples per client and a lower client participation rate. We
also compare the performance of FedPerfix with other com-
petitive methods and report the results in Table 4. Our ex-
perimental results demonstrate that FedPerfix exhibits ro-
bust performance in different federated learning settings,
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Table 4. Performance on CIFAR-100 under different federated
learning settings.

Method N = 64 N = 128
r = 6.25% r = 12.5% r = 6.25% r = 12.5%

FedAvg 19.76±9.35 23.29±11.31 19.64±10.01 23.29±11.81

Local 32.35±11.64 34.74±9.36 31.79±12.00 36.03±9.57

APFL 42.55±13.51 44.88±10.50 41.64±12.77 43.92±9.40

FedRep 35.72±10.33 44.42±7.80 35.88±9.59 44.70±8.40

FedPerfix 43.80±11.56 48.10±7.76 43.96±10.42 46.96±9.00

outperforming all other methods consistently. Thus, Fed-
Perfix can be considered a reliable solution for extreme fed-
erated learning scenarios.

5.3. Investigation of FedPerfix

In this subsection, we investigate the impact of the model
size of FedPerfix and verify its effectiveness compared with
other designs.
Impact of Model Size. The model size is a crucial factor
in federated learning, as it determines the resource require-
ments for storage, computation, and communication. To
examine the impact of model size on the performance of
FedPerfix, we conducted experiments with three different
ViT backbones: ViT-Tiny, ViT-Small (Default), and ViT-
Base. Additionally, we included the results of the baselines
and two competitive methods as a reference. As shown in
Table 5, FedPerfix still yields superior performance with
different model sizes. Besides, the larger models gener-
ally performed better, with ViT-Base achieving the high-
est performance for each method. However, we note that
the performance improvement decreases as the model size
increases, suggesting a potential trade-off between model
size and performance. This finding highlights the impor-
tance of selecting an appropriate model size to achieve the
optimal balance between performance and resource require-
ments, particularly in resource-constrained environments
where storage and computation resources are limited.
FedPerfix vs. Vanilla Prefix-tuning. As mentioned in Sec-
tion 3.5, the initialization of the Prefixes will affect the per-
formance. To show the effectiveness of the parallel attention
design in FedPerfix, we conduct experiments with Vanilla
Prefix-tuning under two different initialization, initialized
with zero (Prefix-Z) and random initialization (Prefix-R).
Then, we compare the results with FedPerfix. The result is
shown in Table 6. As expected, the prefixes generated from
the parallel attention yield better performance than the other
two manually initialized prefixes, highlighting the effective-
ness of the parallel attention design in FedPerfix.
FedPerfix vs. Prompts & Adapters. Prompts and
adapters are also popular plugins that are widely used. To
verify whether FedPerfix is the most effective among all
families of the plugins, we also apply Prompts and Adapters

Table 5. Performance on CIFAR-100 with different model sizes.

Method ViT-Tiny ViT-Small ViT-Base

FedAVG 19.56±10.27 23.29±11.31 24.82±11.53

Local 33.73±9.20 34.74±9.36 38.93±10.08

APFL 37.66±10.04 44.88±10.50 47.57±9.57

FedRep 41.58±7.19 44.42±7.80 44.34±8.35

FedPerfix 44.71±8.47 48.10±7.76 48.40±8.18

to personalized federated learning. Specifically, we append
several trainable Prompts to the input embeddings and keep
them updated locally as the implementation of Prompt-
tuning [15]. Meanwhile, we add Adapters to the MLP layers
as the implementation of Adatper-tuning [30]. The results
are shown in Table 6. Adding personalized Prompts doesn’t
improve the performance compared with simply keeping
the classification head updated locally, indicating that the
transformation to the input is not effective in PFL. How-
ever, adding Adapters to the MLP layers can also lead to
a promising result as FedPerfix. Recap the result of our
empirical study shown in Table 1, MLP layers are also sen-
sitive to data distribution in a ViT. We note that as another
instance to show the effectiveness of adding plugins to the
sensitive parts of a ViT in PFL.

Table 6. Performance of different designs on CIFAR-100. Prefix-
Z and Prefix-R mean vanilla prefix-tuning with zero and random
initialization.

FedPerfix Prefix-Z Prefix-R Prompts Adapters

48.10±7.76 47.37±8.47 46.98±8.10 44.19±8.13 47.99±8.59

6. Conclusion
In this work, we studied two research questions of where

and how to personalize a ViT in federated learning. We con-
ducted an empirical study to reveal that the self-attention
and classification layers are the most sensitive layers for
personalization. Based on that, we proposed FedPerfix, a
novel method that introduces Prefixes with parallel atten-
tion to personalize the self-attention layers. Through ex-
tensive experiments on various datasets with different de-
grees of data heterogeneity, we demonstrated that FedPerfix
achieves state-of-the-art performance while also reducing
resource requirements. Our work focuses on ViTs and rep-
resents a shift in attention from the extensively researched
CNNs, serving as inspiration for further investigation.
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