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Abstract

Personalized Federated Learning (PFL) is widely employed
in the Internet of Things (IoT) to handle high-volume, non-
iid client data while ensuring data privacy. However, hetero-
geneous edge devices owned by clients may impose vary-
ing degrees of resource constraints, causing computation and
communication bottlenecks for PFL. Federated Dropout has
emerged as a popular strategy to address this challenge,
wherein only a subset of the global model, i.e. a sub-model,
is trained on a client’s device, thereby reducing computation
and communication overheads. Nevertheless, the dropout-
based model-pruning strategy may introduce bias, particu-
larly towards non-iid local data. When biased sub-models
absorb highly divergent parameters from other clients, per-
formance degradation becomes inevitable. In response, we
propose federated learning with stochastic parameter update
(FedSPU). Unlike dropout that tailors local models to small-
size sub-models, FedSPU maintains the full model architec-
ture on each device but randomly freezes a certain percentage
of neurons in the local model during training while updating
the remaining neurons. This approach ensures that a portion
of the local model remains personalized, thereby enhancing
the model’s robustness against biased parameters from other
clients. Experimental results demonstrate that FedSPU out-
performs federated dropout by 4.45% on average in terms of
accuracy. Furthermore, an introduced early stopping scheme
leads to a significant reduction of the training time in FedSPU
by 25% ∼ 71% while maintaining high accuracy.

Introduction
Federated Learning (FL) is a distributed machine learning
paradigm that allows edge devices to collaboratively train a
model without revealing private data (McMahan et al. 2017).
However, the efficacy of FL in real-world IoT systems is
usually impeded by both data and system heterogeneities of
IoT clients. First, clients comprise edge devices from vari-
ous geographical locations collecting data that are naturally
non-independent identical (non-iid). In such a scenario, a
single global model struggles to generalize across all local
datasets (Kulkarni, Kulkarni, and Pant 2020; Li et al. 2021).
Second, IoT clients consist of physical devices with vary-
ing processor, memory, and bandwidth capabilities (Smith
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et al. 2017; Imteaj et al. 2022). Among these devices, some
resource-constrained devices might be incapable of training
the entire global model with a too complex structure.

To overcome the non-iid data problem, the Personalized
Federated Learning (PFL) framework is introduced by em-
powering each client to maintain a unique local model tai-
lored to its local data distribution. To address system het-
erogeneity, the technique of federated dropout (i.e. model
pruning) is employed. Resource-constrained devices are al-
lowed to train a sub-model, which is a subset of the global
model. This approach reduces computation and communica-
tion overheads for training and transmitting the sub-model,
aiding resource-constrained devices in overcoming compu-
tation and communication bottlenecks (Caldas et al. 2018;
Horváth et al. 2021).

Various PFL frameworks have been developed to tackle
the non-iid data challenge (Khodak, Balcan, and Talwalkar
2019; Fallah, Mokhtari, and Ozdaglar 2020; Arivazhagan
et al. 2019; Sattler, Müller, and Samek 2021; Smith et al.
2017; Zhang et al. 2021; Marfoq et al. 2021; Wang et al.
2023; Dinh, Tran, and Nguyen 2020; Mansour et al. 2020;
Deng, Kamani, and Mahdavi 2021; Zhang et al. 2023). Nev-
ertheless, the inherent communication or computation bot-
tleneck of resource-constrained edge devices is often over-
looked in these frameworks. To tackle the computation and
communication bottlenecks, federated dropout is applied
(Caldas et al. 2018; Wen, Jeon, and Huang 2022; Horváth
et al. 2021; Li et al. 2021; Jiang et al. 2022, 2023), where
resource-constrained devices are allowed to train a subset
of the global model, i.e. a sub-model. Compared with a full
model, the computation and communication overheads for
training and transmitting sub-models are reduced, facilitat-
ing resource-constrained devices to complete the training
task within constraints. For example, in (Caldas et al. 2018;
Wen, Jeon, and Huang 2022), the server randomly prunes
neurons in the global model. In (Horváth et al. 2021), the
server prunes the rightmost neurons in the global model.
These works fail to meet the personalization requirement, as
the server arbitrarily decides the architectures of local sub-
models without considering the importance of neurons based
on the local data distributions of clients.

On the other hand, (Jiang et al. 2023; Li et al. 2021; Jiang
et al. 2022) let clients adaptively prune neurons to obtain the
optimal architecture of the local sub-model. Each client first
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Figure 1: In dropout (a), clients train sub-models with fewer
parameters. In FedSPU (b), clients train full models with
partial parameters frozen.

pre-trains an initialized model to evaluate the importance
of each neuron. Then each client locally prunes the unim-
portant neurons and shares the remaining sub-model with
the server hereafter. Nevertheless, evaluating neuron impor-
tance requires full-model training on the client side, which
might be expensive or prohibitive for resource-constrained
devices with a critical computation bottleneck. Furthermore,
the adaptive model-pruning behaviors proposed in (Jiang
et al. 2023; Li et al. 2021; Jiang et al. 2022) rely immensely
on the local data. The non-iid local data distributions often
lead to highly unbalanced class distributions across differ-
ent clients (Puyol-Antón et al. 2021; Padurariu and Breaban
2019; Wang et al. 2021; Abeysekara, Dong, and Qin 2021).
Consequently, the local dropout behavior can be heavily
biased (Jiang et al. 2022), and the sub-model architecture
among clients may vary drastically. In global communica-
tion, when a client absorbs parameters from other clients
with inconsistent model architectures, the performance of
the local model will be inevitably compromised.

To address the limitation of existing works, this paper
introduces Federated Learning with Stochastic Parameter
Update (FedSPU), a consolidated PFL framework aimed
at mitigating the issue of local model personalization loss
while considering computation and communication bottle-
necks in resource-constrained devices. It is observed that
during global communication, a client’s entire local sub-
model is replaced by biased parameters of other clients,
leading to local model personalization loss. Therefore, if we
let a client share only a partial model with others, the ad-
verse effect of other clients’ biased parameters can be al-
leviated. Inspired by this, FedSPU freezes neurons instead
of pruning them, as shown in Figure 1. Frozen neurons do
not receive gradients during backpropagation and remain
unaltered in subsequent updates. This approach eliminates

computation overheads in backward propagation, enhancing
computational efficiency. Moreover, FedSPU does not incur
extra communication overheads compared with dropout, as
only the parameters of the non-frozen neurons and the po-
sitions of these neurons are communicated between clients
and the server, as depicted in Figure 1. Besides, compared
with model parameters, the communication cost for send-
ing the position indices of the non-frozen neurons is much
smaller and usually ignorable (Li et al. 2021).

Unlike pruned neurons, frozen neurons persist within a
local model, and still contribute to the model’s final output.
This design choice incurs slightly higher computation costs
of forward propagation, but largely improves local person-
alization, as only a portion of a local model is replaced dur-
ing communication as shown in Figure 1b. Moreover, the
increased computation overhead of forward propagation is
a minor problem, as in training, forward propagation con-
stitutes a significantly smaller portion of the total compu-
tation overhead than backpropagation (Li et al. 2020; He
and Sun 2015). Additionally, to alleviate the overall com-
putation and communication costs, we consolidate FedSPU
with an early stopping technique (Prechelt 2002; Niu et al.
2024). At each round, each client locally computes the train-
ing and testing errors, and compares them with the errors
from the previous round. When the errors show no decrease,
this client will cease training and no longer participate in
FL. When all clients have halted training, FedSPU will ter-
minate in advance to conserve computation and communi-
cation resources. We evaluate FedSPU on three typical deep
learning datasets: EMNIST (Cohen et al. 2017), CIFAR10
(Krizhevsky et al. 2009) and Google Speech (Warden 2018),
with five state-of-the-art dropout methods included for com-
parison: FjORD (Horváth et al. 2021), Hermes (Li et al.
2021), FedMP (Jiang et al. 2023), PruneFL (Jiang et al.
2022) and FedSelect (Tamirisa et al. 2024). Experiment re-
sults show that:

• FedSPU’s unique approach of freezing neurons, rather
than pruning, retains them within the local model, en-
hancing personalization. This design choice improves fi-
nal model accuracy by an average of 4.45% over existing
dropout methods.

• FedSPU reduces memory usage through neuron freez-
ing rather than full-model training, avoiding memory-
intensive dropout processes. This results in significant
memory savings up to 54% at higher dropout rates.

• The integration of an early stopping mechanism al-
lows FedSPU to reduce computation and communication
costs significantly by 25%∼71%. Compared with exist-
ing methods, FedSPU exhibits better compatibility with
early stopping with an average accuracy improvement of
at least 5.11%.

Related Work
Personalized Federated Learning
To the best of our knowledge, existing PFL methods can
be divided into three categories. 1) Fine-tuning: Clients at
first train a global model collaboratively, followed by indi-
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vidual fine-tuning to adapt to local datasets. In (Arivazha-
gan et al. 2019), each client fine-tunes some layers of the
global model to adapt to the local dataset. (Fallah, Mokhtari,
and Ozdaglar 2020) proposes to find an initial global model
that generalizes well to all clients through model-agnostic-
meta-learning formulation, then clients fine-tune the model
locally through just a few gradient steps. (Khodak, Balcan,
and Talwalkar 2019) proposes to improve the global model’s
generalization with dynamic learning rate adaption based on
the squared difference between local gradients, which sig-
nificantly reduces the workload of local fine-tuning. (Sattler,
Müller, and Samek 2021) fine-tunes the global model based
on clusters, and clients from the same cluster share the same
local model. 2) Personal Training: Clients train personal
models at the beginning. (Dinh, Tran, and Nguyen 2020)
adds a regularization term to each local objective function
that keeps local models from diverging too far from the
global model to improve the global model’s generalization.
(Marfoq et al. 2021) assumes each local data distribution is
a mixture of several unknown distributions, and optimizes
each local model with the expectation-maximization algo-
rithm. (Smith et al. 2017) speeds up the convergence of each
local model by modeling local training as a primal-dual opti-
mization problem. (Wang et al. 2023) lets each client main-
tain a personal head while training to improve the global
model’s generalization by aggregating local heads on the
server side. (Zhang et al. 2021) proposes to train local mod-
els through first-order optimization, where the local objec-
tive function becomes the error subtraction between clients.
3) Hybrid: Clients merge local and global models to foster
mutual learning and maintain personalization. In (Deng, Ka-
mani, and Mahdavi 2021; Mansour et al. 2020; Zhang et al.
2023), each client simultaneously trains the global model
and its local model. The ultimate model for each client is
a combination of the global and the local model.

Even though these works potently address the non-iid data
problem in FL, they neglect the computation or communica-
tion bottleneck of resource-constrained IoT devices.

Dropout in Federated Learning
In centralized machine learning, dropout is used as a reg-
ularization method to prevent a neural network from over-
fitting (Srivastava et al. 2014). Nowadays, as federated learn-
ing becomes popular in the IoT industry, dropout has also
been applied to address the computation and communication
bottlenecks of resource-constrained IoT devices. In dropout,
clients are allowed to train and transmit a subset of the global
model to reduce the computation and communication over-
heads. To extract a subset from the global model, i.e. a sub-
model, Random Dropout (Caldas et al. 2018; Wen, Jeon, and
Huang 2022) randomly prune neurons in the global model.
FjORD (Horváth et al. 2021) continually prunes the right-
most neurons in a neural network. FedMP (Jiang et al. 2023),
Hermes (Li et al. 2021) and PruneFL (Jiang et al. 2022)
let clients adaptively prune the unimportant neurons, and
the importance of a neuron is the l1-norm, l2-norm of pa-
rameters, and l2-norm of gradient respectively. FedSelect
(Tamirisa et al. 2024) lets all clients extract a tiny sub-model
first by pruning the unimportant neurons with the least gradi-

ent norms, and gradually expand the width of the sub-model
during training.

Random Dropout and FjORD represent global dropout
methods and do not meet the personalization requirement,
as the server arbitrarily prunes neurons without considering
clients’ non-iid data. On the other hand, local dropout meth-
ods such as FedMP, Hermes, PruneFL and FedSelect may be
hindered by the bias of unbalanced local datasets.

Compared with existing works, FedSPU comprehensively
meets the personalization requirement and addresses the
computation and communication bottlenecks of resource-
constrained devices, meanwhile overcoming data imbal-
ance.

FedSPU: Federated Learning with Stochastic
Parameter Update

Problem Setting
Given a set C = {1, 2, ..., N} of clients with local datasets
{D1, D2, ..., DN} and local models {w1, w2, ..., wN}. The
goal of a PFL framework is to determine the optimal set of
local models {w∗

1 , w
∗
2 , ..., w

∗
N} such that:

w∗
1 , ..., w

∗
N ≜ argmin

w1,...,wN

1

N

N∑
k=1

Fk(wk) (1)

where w∗
k is the optimal model for client k (1 ≤ k ≤ N ),

and Fk is the objective function of client k. Fk is equivalent
to the empirical risk over k’s local dataset Dk. That is:

Fk(wk) =
1

nk

nk∑
i=1

L((xi, yi), wk) (2)

where nk is the size of dataset Dk and L is the loss function
of model wk over the i−th sample (xi, yi).

Algorithm 1: FedSPU

Require: maximum global iteration T , clients C =
{1, ..., N}, initial global model w0.

1: Server broadcasts w0 to all clients.
2: For round t = 1, 2, ..., T :
3: Server executes:
4: randomly sample a subset of clients Ct ⊂ C.
5: ∀k ∈ Ct:
6: randomly sample Ak(w

t) based on pk.
7: send Ak(w

t) to k.
8: Each client k ∈ Ct in parallel does:
9: merge Ak(w

t) into wt
k to get ŵt

k. ▷ see Fig. 2b
10: local SGD: wt+1

k = ŵt
k − η∇F̄k(ŵ

t
k). ▷ see Eq. (3)

11: send Ak(w
t+1
k ) to the server. ▷ see Fig. 2b

12: Server executes:
13: ∀k ∈ Ct:
14: receive Ak(w

t+1
k ) from k.

15: Aggregate all Ak(w
t+1
k ) to get wt+1. ▷ see Fig. 3

16: return w1, w2, ..., wN .
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(a) Overview of FedSPU.

(b) The local training procedure of client k in FedSPU.

Figure 2: Demonstration of the FedSPU framework.

Solution Overview
A comprehensive procedure of FedSPU is presented in Al-
gorithm 1, with an overview presented in Figure 2. As shown
in Figure 2a, at round t, the server randomly selects a set of
participating clients Ct and executes steps 1⃝∼ 4⃝.

1⃝. For every participating client k, the server selects a
set of active neurons from the global model, and sends the
neurons’ parameters Ak(w

t) to k. Specifically, in each layer,
random pk of the neurons are selected, where pk ∈ (0, 1] is
the ratio of active neurons. The value of pk depends on the
system characteristic of the client k, with more powerful k’s
device (e.g. base station, data silo) having larger pk. The ac-
tive neurons are selected randomly to ensure uniform param-
eter updates. Locally, client k updates the local model wt

k
with the received Ak(w

t) to obtain an intermediate model
ŵt

k as shown in Figure 2b.
2⃝. Client k updates model ŵt

k using stochastic gradient
descent (SGD) to get a new model wt+1

k following Equation
(3):

wt+1
k = ŵt

k − η∇F̄k(ŵ
t
k) (3)

where η is the learning rate and ∇F̄k(ŵ
t
k) is the gradient of

Fk with respect to only the active parameters. That is, for all
elements {ŵt

k,1, ..., ŵ
t
k,m} in ŵt

k, we have:

∇F̄k(ŵ
t
k,i) =

{
∇Fk(ŵ

t
k,i), ŵt

k,i ∈ Ak(w
t)

0, otherwise.
, 1 ≤ i ≤ m

(4)

In this step, only the active parameters are updated as shown
in Figure 2b.

3⃝. Client k uploads the updated active parameters
Ak(w

t+1
k ) to the server.

Figure 3: The aggregation scheme in FedSPU.

4⃝. The server aggregates all updated parameters and
updates the global model. In this step, FedSPU applies a
standard aggregation scheme commonly used in existing
dropout methods, where only the active parameters get ag-
gregated and updated (Caldas et al. 2018; Horváth et al.
2021; Li et al. 2021). Figure 3 shows a simple example of
how the aggregation scheme works, where ”WA” stands for
weighted average.

Full Local Model Preserves Personalization
FedSPU freezes neurons instead of pruning them to preserve
the integrity of the local model architecture, thereby preserv-
ing the personalization of local models. For clarity, Figure 4
shows a comparison between a local sub-model and a local
full model. As shown in the left-hand side of Figure 4, in
global communication, when receiving other clients’ biased
parameters from the server, the entire local sub-model is re-
placed, resulting in a loss of personalization. Conversely, as
illustrated in the right-hand side of Figure 4, for a local full
model, only partial parameters are replaced, while the re-
mainder remains personalized. This limits the adverse effect
of biased parameters from other clients, enabling the local
model to maintain performance on the local dataset.

Enhancing FedSPU with Early Stopping Strategy
Since FedSPU slightly increases the computation overhead,
it requires more computation resources (e.g., energy (Imteaj
et al. 2022), time (He and Sun 2015)) for training. This may
pose a challenge for resource-constrained devices. To ad-
dress this concern, it is expected to reduce the training time
of FedSPU without sacrificing accuracy (Niu et al. 2024).
Motivated by this, we enhance FedSPU with the Early Stop-
ping (ES) technique (Prechelt 2002) to prevent clients from
unnecessary training to avoid the substantial consumption of
computation and communication resources. At round t, after
training, each client k computes Lt following Equation (5):

Lt = λLtrain + (1− λ)Ltest. (5)
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Figure 4: Comparison between replacing all parameters of
a local sub-model and replacing a portion of the parameters
for a local full model during global communication.

Ltrain is the training error of current round t, Ltest is the
testing error of wt

k on k’s validation set. λ ∈ (0, 1) is the
train-test split factor of the local dataset Dk. When the loss
Lt is non-decreasing, i.e. Lt > Lt−1, client k will stop
training and no longer participate in FL due to resource con-
cerns. If all clients have stopped training before the maxi-
mum global iteration T , FedSPU will terminate prematurely.
The enhanced FedSPU framework with early stopping is de-
tailed in Algorithm 2.

Convergence Analysis
This section analyzes the convergence of each local model
in FedSPU. We first make some common assumptions fol-
lowing existing works (Li et al. 2021; Jiang et al. 2023):

Assumption 1. Every local objective function Fk is
L−smooth (L > 0). That is, ∀w1, w2, we have:

Fk(w2)−Fk(w1) ≤ ⟨∇Fk(w1), w2−w1⟩+
L

2
∥w2−w1∥2.

Assumption 2. The divergence between local gradients
with and without incorporating the parameter received from
the server is bounded:

∃ Q > 0, ∀ k, t, E(∥∇Fk(w
t
k)∥2)

E(∥∇Fk(ŵt
k)∥2)

≤ Q.

Assumption 3. The divergence between the local param-
eters with and without incorporating the parameter received
from the server is bounded:

∃ σ > 0, ∀ k, t, E(∥ŵt
k − wt

k∥2) ≤ σ2.

Additionally, with respect to the gradient∇F̄k, we derive
the following lemmas:

Lemma 1. ∀ wk, E(∥F̄k(wk)∥2) = p2k ∥Fk(wk)∥2.
Lemma 2. ∀wk, ⟨∇Fk(wk),∇F̄k(wk)⟩ = ∥∇F̄k(wk)∥2.
Based on the assumptions and lemmas, Theorem 1 holds:

Algorithm 2: FedSPU with Early Stopping (FedSPU + ES)

Require: maximum global iteration T , clients C =
{1, ..., N}, initial global model w0.

1: Server broadcasts w0 to all clients.
2: For round t = 1, 2, ..., T :
3: Server executes:
4: randomly sample a subset of clients Ct ⊂ C.
5: ∀k ∈ Ct:
6: randomly sample Ak(w

t) based on pk.
7: send Ak(w

t) to k.
8: Each client k ∈ Ct in parallel does:
9: merge Ak(w

t) into wt
k to get ŵt

k. ▷ see Fig. 2b
10: local SGD: wt+1

k = ŵt
k − η∇F̄k(ŵ

t
k). ▷ see Eq. (3)

11: compute Lt. ▷ see Eq. (5)
12: If Lt > Lt−1:
13: status← stopped
14: Else:
15: status← on
16: send Ak(w

t+1
k ) and status to the server.

17: Server executes:
18: ∀k ∈ Ct:
19: receive Ak(w

t+1
k ), status from k.

20: If status == stopped:
21: remove k from C.
22: Aggregate all Ak(w

t+1
k ) to get wt+1. ▷ see Fig. 3

23: If C == ∅:
24: TERMINATE.
25: return w1, w2, ..., wN .

Theorem 1. When the learning rate η satisfies η <
1+

√
1−QL

p2
k

L , every local model wk will at least reach a ϵ-

critical point wϵ
k (i.e. ∥∇Fk(w

ϵ
k)∥ ≤ ϵ) in O(

w0
k−wϵ

k

ϵη )

rounds, with ϵ =
√

(L+1)Qσ2

(2η−Lη2)p2
k+Q

.
According to Theorem 1, in FedSPU, each client’s local

objective function will converge to a relatively low value,
given that the learning rate is small enough. This means that
every client’s personal model will eventually acquire favor-
able performance on the local dataset even if the objective
function is not necessarily convex. The proofs can be found
in the Appendix.

Experiment
Experiment Setup
Datasets and models. We evaluate FedSPU on three real-
world datasets that are very commonly used in the state-of-
the-art, including: Extended MNIST (EMNIST) contains
814,255 images of human-written digits/characters from 62
categories (numbers 0-9 and 52 upper/lower-case English
letters). Each sample is a black-and-white-based image with
28 × 28 pixels (Cohen et al. 2017). CIFAR10 contains
50,000 images of real-world objects across 10 categories.
Each sample is an RGB-based colorful image with 32 × 32
pixels (Krizhevsky et al. 2009). Google Speech is an au-
dio dataset containing 101,012 audio commands from more
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Dataset PruneFL FjORD Hermes FedMP FedSelect FedSPU
EMNIST 67.34± 0.9 7.66± 0.4 69.09± 0.6 67.42± 0.9 66.26± 1.7 73.42±0.4
CIFAR10 36.65± 2.0 24.95± 2.2 40.52± 4.7 33.48± 1.5 47.83± 1.1 51.81±1.5

Google Speech 21.5± 2.0 11.20± 7.0 32.03± 3.0 21.08± 1.7 34.06± 2.1 39.1±2.8

Table 1: Mean final test accuracy (%) across three Dirichlet distributions with parameters 0.1, 0.5 and 1.0 (without ES).

Dataset PruneFL FjORD Hermes FedMP FedSelect FedSPU
EMNIST 62.8± 3.8 0.08± 0.3 68.83± 1.2 63.0± 2.7 62.3± 4.9 73.31±0.2
CIFAR10 31.2± 2.1 21.2± 3.2 30.6± 3.3 26.9± 0.5 37.85± 0.3 42.66±1.5

Google Speech 16.7± 2.0 10.68± 10.2 29.66± 2.0 16.6± 2.2 19.2± 2.6 35.7±1.6

Table 2: Mean test accuracy (%) across three Dirichlet distributions with parameters 0.1, 0.5 and 1.0 (with ES).

than 2,000 speakers. Each sample is a human-spoken word
belonging to one of the 35 categories (Warden 2018). For
EMNIST and Google Speech, a convolutional neural net-
work (CNN) with two convolutional layers and one fully-
connected layer is used, following the setting of (Horváth
et al. 2021). For CIFAR10, a CNN with two convolutional
layers and three fully-connected layers is used, following the
setting of (Li et al. 2021).

We conduct three runs on each dataset. For each run, data
are allocated to clients unevenly following the settings of
(Acar et al. 2021; Luo et al. 2021), following a Dirichlet
distribution with parameter α. We tune the value of α with
0.1, 0.5 and 1.0 to create three different distributions for each
run. We split each client’s dataset into a training set and a
testing set with the split factor λ = 0.7.

Baselines. We compare FedSPU with five typical meth-
ods: FjORD (Horváth et al. 2021): The server prunes neu-
rons in a fixed right-to-left order. FedSelect (Tamirisa et al.
2024): All clients start with a small sub-model and gradu-
ally expand it. FedMP (Jiang et al. 2023): Each client k lo-
cally prunes neurons to create a personal sub-model. In each
layer, 1− pk of the neurons with the least importance scores
are pruned. The importance of a neuron is defined as the l1-
norm of the parameters. Hermes (Li et al. 2021): Similar
to FedMP, each client k locally prunes the 1 − pk least im-
portant neurons in each layer. The importance of a neuron is
defined as the l2-norm of the parameters. PruneFL (Jiang
et al. 2022): Similarly, each client k locally prunes the 1−pk
least important neurons in each layer. The importance of a
neuron is defined as the l2-norm of the neuron’s gradient.

Parameter settings and system implementation. The
maximum global iteration is set to T = 500 with a total
of M = 100 clients. The number of active clients per round
is set to 10, and each client has five local training epochs
(Horváth et al. 2021). For ES, if the number of non-stopped
clients is less than 10, then all non-stopped clients will be
selected. The learning rate is set to 2e-4, 5e-4 and 0.1 re-
spectively for EMNIST, Google Speech and CIFAR10. The
batch size is set to 16 for EMNIST and Google Speech, and
128 for CIFAR10. The experiment is implemented with Py-
torch 2.0.0 and the Flower framework (Beutel et al. 2022).
The server runs on a desktop computer and clients run on
NVIDIA Jetson Nano Developer Kits with one 128-core
Maxwell GPU and 4GB 64-bit memory. For the emulation

of system heterogeneity and resource constraints, we divide
the clients into 5 uniform clusters following (Horváth et al.
2021). Clients of the same cluster share the same value of
pk. The values of pk for the five clusters are 0.2, 0.4, 0.6,
0.8 and 1.0 respectively. For FedSelect, the initial and final
values of pk are set to 0.25 and 0.5 (Tamirisa et al. 2024).

Experiment Results
Accuracy. FedSPU obtains higher final accuracy than
dropout as Table 1 shows. On average, FedSPU improves the
final test accuracy by 4.45% compared with the best results
of dropout (Hermes). These results prove the usefulness of
local full models in preserving personalization.

Computation and communication overheads. To assess
computation overhead, we focus on the wall-clock training
time rather than floating point operations out of practical
concern (Bonawitz et al. 2019; He and Sun 2015; Li et al.
2022). As shown by Table 3, the additional computation
overhead caused by FedSPU is minor. Among all cases, the
training time of FedSPU is less than 1.11× that of the fastest
baseline. Moreover, FedSPU does not incur extra communi-
cation overhead compared with dropout. As shown in Table
3, there is very little difference between the size of the trans-
mitted parameters in FedSPU and dropout.

Effect of the early stopping strategy. With early stop-
ping (ES), the number of training rounds of FedSPU is re-
duced by 25% ∼ 71% as shown in Table 4. Correspond-
ingly, the total computation and communication overheads
are also reduced as shown in Table 3.

As shown in Tables 1 and 4, for EMNIST and Google
Speech, ES effectively alleviates the computation/commu-
nication cost by 25% ∼ 59% in FedSPU with a marginal
accuracy sacrifice of 0.11% and 3.4%. For CIFAR10, the
ES strategy becomes more aggressive, reducing the cost by
57% ∼ 71% with 9.2% of accuracy loss. Despite this, the
final accuracy of FedSPU+ES is still higher than that of
dropout in most cases as shown in Tables 1 and 2.

For fairness, we also evaluate the baselines’ performance
with ES. As shown in Table 2, FedSPU consistently ob-
tains the highest accuracy, demonstrating better compatibil-
ity with the ES mechanism. Overall, FedSPU improves the
mean accuracy by at least 5.11% in the presence of ES.

Memory footprint. We calculate the memory footprint
by (Pfeiffer, Khalili, and Henkel 2023), where the total
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Total time of local training (in hours)
Dataset PruneFL FjORD Hermes FedMP FedSelect FedSPU FedSPU+ES

EMNIST 8.11 7.85 8.57 7.30 7.68 7.82 4.0
CIFAR10 24.69 25.03 25.18 25.5 25.06 25.05 8.9

Google Speech 8.29 7.83 8.09 8.16 8.03 8.71 5.97
Total size of parameter transmission (in GB)

EMNIST 11.69 11.72 11.73 11.66 20.6 11.71 7.23
CIFAR10 18.20 18.17 18.2 18.43 20.7 18.04 6.37

Google Speech 4.39 4.36 4.36 4.36 8.39 4.36 2.99

Table 3: Comparison of the total training time (hours) and the size of transmitted parameters for T = 500 rounds.
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Figure 5: Comparison of memory footprint (MB) with different pk. ”Others” stand for FedMP, Hermes, PruneFL and FedSelect.

Dataset Rounds
FedSPU FedSPU+ES

EMNIST (α = 0.1) 500 207
EMNIST (α = 0.5) 500 374
EMNIST (α = 1.0) 500 346
CIFAR10 (α = 0.1) 500 171
CIFAR10 (α = 0.5) 500 216
CIFAR10 (α = 1.0) 500 147

Google Speech (α = 0.1) 500 306
Google Speech (α = 0.5) 500 358
Google Speech (α = 1.0) 500 365

Table 4: Comparison of final accuracy and estimated com-
putation and communication cost (combined) between Fed-
SPU and FedSPU with early stopping.

memory footprint equals the accumulated size of weights,
gradients, and activations stored in the model. As Figure
5 shows, FedSPU significantly reduces the memory foot-
print compared with FedSelect, PruneFL, FedMP and Her-
mes (”Others” in Figure 5) which require full-model train-
ing, achieving average 54%, 44%, 31% and 18% reduction
with pk = 0.2, 0.4, 0.6, 0.8 respectively.

Conclusion
We propose FedSPU, a novel personalized federated learn-
ing approach with stochastic parameter update. FedSPU pre-
serves the global model architecture on each edge device,
randomly freezing portions of the local model based on

device capacity, training the remaining segments with lo-
cal data, and subsequently updating the model based solely
on the trained segments. This methodology ensures that a
segment of the local model remains personalized, thereby
mitigating the adverse effects of biased parameters from
other clients. We also propose to combine FedSPU with
early stopping to mitigate the training iterations, which fur-
ther reduces the overall computation and communication
costs while maintaining high accuracy. In the future, we
plan to explore the similarities of local clients in a privacy-
preserving way, leveraging techniques such as learning vec-
tor quantization (Qin and Suganthan 2005) and graph match-
ing (Gong et al. 2016) to guide the model freezing process
and enhance local model training. Furthermore, we intend to
extend FedSPU to traditional FL problems, and enhance the
generalization capability of the global model.
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