
CMoS: Customizing Model Structures for
Personalized Federated Learning

1st Bingyan Liu
Computer Science

Beijing University of Posts and Telecommunications
Beijing, China

bingyanliu@bupt.edu.cn

2nd Jing Yang
Department of Computer System and Technology

Universiti Malaya
Kuala Lumpur, Malaysia

s2147529@siswa.um.edu.my

Abstract—Personalized Federated Learning (PFL) has recently
received significant interest due to its capability of generating
customized models for data-heterogeneous clients. Previous work
focuses on weight adaptation to fit the data distribution while
ignoring the correlation between various data distributions and
their corresponding model structures. In this paper, we introduce
a new paradigm called data-aware structure personalization,
aiming to personalize the model structure according to the
data distribution of each client during FL. Specifically, we
develop CMoS, a framework to Customize Model Structures
for heterogeneous client data in a learning-based manner. The
key idea is to gradually learn a data-aware sub-structure from
the original model at each federated round, which is achieved
by introducing a newly designed binary mask and a sparsity
loss during local training. Extensive experiments on multiple
scenarios demonstrate the effectiveness of CMoS in generating
personalized models with superior performance.

Index Terms—Federated Learning, Heterogeneous Data, Per-
sonalization, Customization, Sparsity

I. INTRODUCTION

Personalized FL (PFL) [1]–[5] is a prevalent research di-
rection in vision-based FL, which is motivated by the data
heterogeneity situation in real-world scenarios. Specifically,
data are typically non-independently and identically distributed
(non-iid) in an FL system. For example, some users may
prefer dogs and collect more dog images than others. The
same object located in different environments may also lead
to heterogeneous distribution because of various environment
backgrounds. Therefore, it is inappropriate to directly deploy a
shared global model to all users and researchers have proposed
many algorithms to further optimize the model weights to fit
different data distributions for a more personalized model [6].

Despite being proved effective, we observe that current
PFL methods pay more attention to adapting model weights
while keeping the model structure unchanged. Our intuition
is that, besides the weights, the model structure also plays an
important role since the distinctive data property in different
clients may also require different structures to obtain good
performance. Traditional model pruning techniques [7] seem
natural to achieve this structure personalization by removing
unrelated weights and several papers have tried to apply
pruning techniques to FL [8]–[10]. However, all of them
are resource-aware, which requires us to manually pre-set a
pruning ratio before training according to the concrete device

constraints. In PFL, it is infeasible to apply such methods
because the key objective of PFL is to generate a customized
model to fit the data distribution of each client, regardless
of the model size. Therefore, instead of meeting the resource
constraints, structure personalization in PFL should be data-
aware and have no limitation on the final model.

Unfortunately, to the best of our knowledge, there is no work
that can automatically customize model structure in terms of
the data distribution of clients. To fill the gap, we propose a
new paradigm, called Data-aware Structure Personalization
(DSP), which aims at generating a data-aware model structure
for improved PFL performance. Compared to resource-aware
structure pruning, DSP imposes no limitation on the model
size and focuses more on the specific data distribution, result-
ing various personalized models for different client. Following
the paradigm, we propose CMoS, a framework that achieves
DSP by Customizing Model Structure in a learning-based
manner. The key idea is to automatically learn a suitable model
sparsity degree in terms of the data in each client during the
local training process, with the help of the introduced binary
masks to each weight and a sparsity-based regularization term.
In this way, we are able to generate a series of sparse structures
for each client and the personalized structures can be obtained
by removing the weights of zero value in the sparse models.

Specifically, CMoS introduces sparsity-based structure
adaptation, where the specially designed binary masks and a
sparsity regularization term are introduced into local training.
Instead of adding a binary vector, the mask in our framework
is decomposed into a threshold vector and a unit step function
to fit our paradigm. CMoS achieves federation by conducting
index-based sub-structure aggregation. Because each structure
comes from a shared model, CMoS records the index of each
weight location and only aggregates weights with the same
index. Consequently, the knowledge in different locations can
be effectively fused.

We have conducted a rich set of experiments to evaluate
the performance of CMoS. To begin with, we evaluate CMoS
on four different data distribution scenarios. Experiments
on these scenarios demonstrate that CMoS can generate a
personalized model structure for a specific data distribution
while achieving comparable or even better performance with
less overall communication cost. In addition, we also conduct
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Fig. 1. The pipeline of our framework. Here different colors denote different features.

experiments on a non-iid benchmark [11] and discover that
CMoS can be seamlessly combined with different aggregation
techniques to further obtain an improved personalized model.

This paper makes the following contributions: (1) We
propose a new paradigm, called Data-aware Structure Per-
sonalization (DSP), where each client owns a distinctive
structure in terms of its data distribution. (2) We design and
implement CMoS, a framework to achieve automated and
effective DSP. Through sparsity-based structure adaptation
and index-based sub-structure aggregation, CMoS can achieve
improved performance with a customized model structure. (3)
Extensive experiments on multiple scenarios demonstrate the
superiority of CMoS over other baselines. Besides, CMoS can
be effectively combined with existing aggregation schemes,
confirming the generality of our framework.

II. RELATED WORK

Federated Learning. Federated learning (FL) has been
proposed as a privacy-preserving distributed machine learning
approach that enables training on a large corpus of decen-
tralized client data [12], [13]. In our context, we focus on
Personalized FL (PFL), which aims at addressing the data
heterogeneity problem on FL [3]. However, these methods fail
to change the final model structure in FL, which is sub-optimal
as different distributions of client data may call for not only
the personalized weights but also the personalized structure.
We would like to highlight that CMoS pays more attention to
the client-side model structure, which is orthogonal to existing
personalization works.

Model Compression. Model compression targets at re-
ducing the model size without incurring much performance
degradation. Typically model compression includes four types:
model pruning , model quantization, knowledge distillation
and compact model design. Among them, model pruning has
become a prevalent technique due to its flexibility and simplic-
ity [7]. Recent works have explored leveraging model pruning
techniques to change the model structure [8], [14], [15] for

efficient FL. However, they either target the computational
and communication limitations or generating a global model,
which is different from our CMoS that focuses on the data-
aware personalized model structure.

III. CMOS DESIGN

A. Framework Overview

Figure 1 provides the pipeline of our sparsity-based struc-
ture adaptation and index-based sub-structure aggregation.
In the remainder of the section, we describe in detail our
approach for implementing each technique.

B. Sparsity-based Structure Adaptation

Unlike existing pruning work pursuing a high sparsity ratio,
we pay more attention to the matching degree of the data
distribution no matter how sparse the model is. Next, we
describe the main steps to implement our technique.

Applying binary masks to the original model. Let
W = {W1,W2, ...,Wl} be the parameter weights of the
original model and BM = {BM1, BM2, ..., BMl} is the
corresponding binary masks attached in each layer. Here l
represents the number of layers in the model. For the jth
neuron in the ith layer with the weight Wij , the output after
the mask can be represented as

Output = BMij ⊙ (Wij) = U(Wij − Tij) (1)

where Tij denotes the trainable threshold for normalization
and U is a unit step function to enforce the final mask value
to be 0 or 1.

Although the feed-forward process is simple, it is difficult to
achieve back-propagation with the binary masks since the step
function U() is non-differentiable. In our work, we adopt the
long-tailed higher-order estimator [16] to estimate the gradient,
which has a wide active range between [-1,1] with a non-zero



TABLE I
RESULTS ON THE CATEGORY-HETEROGENEITY SCENARIO. HERE CLIENTS
WITH THE SAME DISTRIBUTION TYPE ARE CONSIDERED TOGETHER AND

WE AVERAGE THEIR ACCURACY.

Method Category-heterogeneity

Type1 Type2 Type3 Type4 Type5 Avg

FedAvg 44.35 50.15 33.25 42.45 48.70 43.78
FedDST 86.70 84.50 72.23 87.36 82.97 82.75

PrunedFL 81.23 79.52 62.80 80.84 79.10 76.70
CMoS 88.14 93.69 80.36 89.56 82.79 86.91

gradient to avoid gradient vanishing during training. Formally,
it can be denoted as

d

dx
U(x) ≈


2− 4|x|, −0.4 ≤ x ≤ 0.4

0.4, 0.4 < |x| ≤ 1

0, otherwise
(2)

In this way, the mask can be trained via back-propagation.
Besides, we would like to highlight that the model parameter
W can receive two types of gradient: the performance gradient
for better model performance and the structure gradient for
customized sparse structure.

Introducing the sparse regularization loss. To further
encourage the sparse structure adaptation, we design and add
a regularization term called Lsparse to the original training
loss. Specifically, the term can be defined as

Lsparse =

l∑
i=1

fi∑
j=1

exp(−Tij) (3)

where fi denotes the number of neuron in the ith layer. With
this term, the threshold with a low value will be penalized,
and thus the sparsity degree will increase, which means that
we can utilize it to balance the weight and structure training.

Dynamic sparse structure training. After introducing
the masks and the regularization term, we define our final
optimization objective as follows

argmin
W,T

1

N

(
N∑
i=1

Lentropy ((xi,yi) ;W,T )

)
+αLsparse (4)

where Lentropy is the traditional classification loss and
(xi,yi) denotes the ith data and label in a client. α is
the hyper-parameter that controls the degree of the structure
adaptation. As a result, we can finally obtain the optimal
weights W and structure Msparse with the trained T in each
local training phase.

C. Index-based Sub-structure Aggregation

The index-based sub-structure aggregation aims to aggre-
gate the knowledge of different sparse models. Because the
structure of sparse models is originally from a shared model,
we can record the location of each neuron’s weight and
aggregate the weights of different models in the same location.

Taking the generated sparse models after K rounds as an
example. The models MK

sparse = {MK
sparse1, MK

sparse2,...,

TABLE II
RESULTS ON THE ENVIRONMENT-HETEROGENEITY SCENARIO.

Method Environment-heterogeneity

Artistic Clipart Product Real Avg

FedAvg 62.47 61.05 83.88 78.30 71.43
FedDST 62.97 65.77 85.57 76.07 72.60

PrunedFL 60.62 66.36 84.19 78.16 72.33
CMoS 64.42 68.00 86.15 78.42 74.25

TABLE III
RESULTS ON THE SCALE-HETEROGENEITY SCENARIO.

Method Scale-heterogeneity

Large Middle Small Avg

FedAvg 70.31 70.31 70.31 70.31
FedDST 70.29 66.83 67.55 68.22

PrunedFL 70.29 70.29 70.29 70.29
CMoS 70.55 70.60 71.03 70.73

MK
sparseN} and their corresponding location index IKsparse =

{IKsparse1, IKsparse2,..., IKsparseN} are uploaded to the server.
For each index pair (i, j), if (i, j) ∈ IKsparse, we extract the
weights on the location Wij . In this way, we are able to extract
Z weights and then average them as follows

W ∗
ij =

1

Z

∑
m∈Qij

Wm
ij (5)

where W ∗
ij is the final aggregated weight on this location, and

Qij represents the index list of the extracted weights. With this
equation, we can aggregate the sparse models and distribute
the aggregated weights to each sparse model in terms of its
location.

IV. EXPERIMENTS

A. Experimental Setup

Scenarios. We evaluate CMoS on three typical PFL sce-
narios: The category-heterogeneity (Cat) scenario suggests
that different clients may collect different categories due
to user preference. We simulate this situation by CIFAR-
10 [17]. Specifically, we simulate 100 clients and every
20 clients belong to a type of distribution. Here we use
TypeX (X=1,2,...,5) to denote each type of distribution. The
environment-heterogeneity (Env) scenario indicates that the
main recognition object is identical while the background is
different due to diverse environments. We use Office-Home
[18] for simulation, which contains four distinctive domains:
Artistic images (Ar), Clipart images (Cl), Product images (Pr)
and Real-World images (Rw). As a recent work did [19], we
partition each domain into a training set (80%) and a testing
set (20%). In total, we have 20 clients with 4 types of data
distribution. The scale-heterogeneity (Sca) scenario means that
the amount of data is different from each client. Based on
CIFAR-10, we design three types of scale: small-scale, middle-
scale and large scale. For each scale, we respectively create 10



TABLE IV
CUSTOMIZED FINAL MODEL SIZE (%) TO THE ORIGINAL MODEL IN EACH

SCENARIO.

Scenario Customized Size (%)

Category

Type1 37.41
Type2 37.28
Type3 37.36
Type4 37.36
Type5 37.37

Environment

Artistic 45.31
Clipart 38.13
Product 37.58

RealWorld 37.77

Scale
Small 30.15

Middle 33.58
Large 36.74
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Fig. 2. Performance of applying CMoS to weight-based personalization
methods.

clients and each of them holds 10 categories with 500, 1000
and 2000 samples.

Baselines. We compare the following baselines: FedAvg
[12], FedDST [15], and PrunedFL [10]. Besides, we combine
CMoS with three typical weight aggregation approaches (i.e.,
FedProx [6], FedNova [13] and Scaffold [20]) to test the
performance. Besides, we would like to highlight that for each
pruning-based baseline, we control the model size to be same
as the averaged size among clients personalized by CMoS, in
order to make a fair comparison.

Implementation details. We implement CMoS in Python
with PyTorch and all the experiments are conducted on the
ResNet-18 architecture [21]. The concrete parameter settings
are as follows: The learning rate is set to 0.001 with a mo-
mentum of 0.5. For CIFAR-10, the input images are randomly
cropped to 32*32 and normalized to zero mean for each
channel. For Office-Home, the images are processed to the
dimension of 224*224. Besides, the hyper-parameter α is set
to 0.005 for the category-heterogeneity scenario and 0.0001
for other scenarios. All the experiments are conducted three
times and we average them as the reported results.

B. Overall Results

Accuracy performance on different scenarios. Table I-III
summarize the results. From these tables, we can see that on
average, CMoS can achieve the best accuracy performance for
all of the scenarios with a personalized model. Notably, on the
category-heterogeneity scenario, CMoS can outperform other
FL methods by 4.16%, which validates that by personalizing

the model structure, the resulting model is more suitable to the
users with different data distributions. Besides the accuracy
improvement, another main advantage of CMoS is its effi-
ciency since the customized model is a sparse and small model.
For instance, in our category-heterogeneity scenario, CMoS
outperforms other baselines by 4.16% on average accuracy,
with only 67.99% overall communication cost and 37.36%
model size.

Performance of applying CMoS to other weight ag-
gregation methods. Besides FedAvg, there are a variety of
weight aggregation schemes. In this part, we explore whether
CMoS can benefit them. Here we conduct experiments on
a non-iid benchmark [11], which includes three aggregation
methods (i.e., FedProx [6], FedNova [13] and Scaffold [20]).
We apply CMoS to these methods on CIFAR-10 and simulate
20 clients for each method to observe the performance. Figure
2 shows the results. For each client, we record the accuracy
improvement and the corresponding customized model size
(i.e., percentage of the original model). From the figure, we
can observe that: (1) The customized model varies signifi-
cantly among different clients, which means that other weight
aggregation methods also require adapting the model structure.
(2) With CMoS, all of the aggregation methods can achieve
comparable or better (over 70%) performance with a smaller
customized model. Therefore, it is desirable to combine them
together for improved personalization.

C. Analysis on Generated Structures

In this subsection, we analyze the detailed structure sparsity,
which is shown in Table IV. We summarize the key observa-
tions as follows. (1) For the category-heterogeneity scenario,
the final model size/sparsity among different distribution types
is roughly identical, which indicates that the different cate-
gories will not significantly affect the overall model sparsity.
Besides, we find that the learned model for all of the types is
extremely small (≈ 37%) compared to traditional FL. (2) For
the environment-heterogeneity scenario, we can observe that
the environmental factor does affect the final size of learned
models. For example, clients of the Artistic domain require a
bigger model than others. We believe this is because the artistic
image is more sophisticated and hence needs more parameters
to learn. (3) For the scale-heterogeneity scenario, it is clear to
see that the scale of data plays an important role in the size of
the final models. Notably, when the data scale is small, we are
able to shrink the model size to roughly 30%, which proves
the necessity of structure customization.

V. CONCLUSION

In this paper, we propose CMoS, a novel framework
to achieve data-aware structure adaptation for personalized
federated learning. Specifically, we design two key tech-
niques: sparsity-based structure adaptation and index-based
sub-structure aggregation to achieve our goal. Extensive ex-
periments on our simulated scenarios demonstrate the effec-
tiveness of CMoS, outperforming other methods with less
communication cost and a smaller customized model.
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