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Abstract—In this paper, we propose pFedMo, a personalized federated learning algorithm with contrastive momentum. In pFedMo, we
design a score function to personalize worker models by distilling knowledge from the aggregator’s representation model so as to
address the non-i.i.d. issue. To accelerate the convergence, we leverage the momentum acceleration on both the worker side and the
aggregator side. However, the typical momentum without personalization does not suit well for the worker models with personalization,
influencing convergence performance. To address this, we develop a personalized/contrastive momentum method for efficient
momentum acceleration. We provide mathematical proof for the convergence of pFedMo on non-i.i.d. data. Extensive experiments
based on real-world datasets and IoT system are conducted, verifying that pFedMo outperforms existing mainstream benchmarks, and
achieves up to 35.90% accuracy increase and 3.64x training time speedup under a wide range of settings.

Index Terms—Federated learning, Edge computing, Momentum, Contrastive Learning
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1 INTRODUCTION

THE proliferation of smart devices, Mobile Edge Com-
puting (MEC), and Artificial Intelligence (AI) technolo-

gies have stimulated the development of Internet of Things
(IoT) and Industry 4.0. It advances all aspects of our modern
life, such as smart home [1], smart health [2], and smart
transportation [3], etc. With the abundance of data gener-
ated in IoT devices, transmitting huge data to a central-
ized server for Machine Learning (ML) activity costs huge
communication burdens. Moreover, according to General
Data Protection Regulation (GDPR) [4], individual users are
sometimes not willing to share their sensitive data. To ad-
dress above issues, Federated Learning (FL) emerges [5]. It
allows workers to collaboratively train a generalized global
model by transmitting only the model parameters while
keeping the data locally. In the context of edge computing
[6], as depicted in Fig. 1, it emerges as an ideal platform
for the implementation of FL. In the FL framework, an edge
server aggregates worker/local models from edge devices
such as laptops, smartphones, and tablets, etc. to obtain an
updated global model. This updated global model is then
sent back to the edge devices for the next round of local
training. However, due to non-i.i.d. data distribution among
workers, the convergence performance of FL algorithms still
degrades fast on highly heterogeneous data.

Recently, Personalized Federated Learning (PFL) [7] has
demonstrated its advantage in addressing the fundamental
challenges of FL on heterogeneous (non-i.i.d.) data. PFL ana-
lyzes the characteristics of models between different parties
(e.g., worker to worker, worker to aggregator) or timelines
(e.g., current model to previous model) to adapt the global
model to better align with individual worker’s character-
istics. However, since each individual worker model is
personalized solely on its own data distribution, it will intro-
duce the workers’ bias into the global aggregation phase, re-
sulting in the global model less robust and inefficient [7]. To
address this issue, we utilize Contrastive Learning (CL) [8],
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Fig. 1. Federated Learning in Mobile Edge Computing (MEC).

[9] to develop a new personalized FL framework. CL is a
technique in machine learning, which encourages similar
instances with short distance (e.g., reflected by small loss)
while pushing away dissimilar instances with long distance.
Apart from the training on workers, a representation model
is trained at the aggregator using a publicly available i.i.d.
dataset accessible only to the aggregator. A score function
is designed to contrast the response-based knowledge (i.e.,
model prediction output) between worker models and the
representation model. Since the representation model is
trained on i.i.d. data, containing unbiased knowledge, we
assign a higher weight to the representation model for
worker with higher score, allowing it to contribute more
to the training process. In this way, the unbiased knowledge
is gradually distilled from the representation model, so the
bias between each personalized worker model is countered.

However, the optimizer used in typical PFL algorithms is
still inefficient, because these algorithms usually implement
gradient descent or stochastic gradient descent, requiring
many iterations to converge. Momentum is proved to be
a valuable component for training models. Apart from the
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conventional gradient descent step, the momentum method
conducts an additional momentum step [10] by adding a
fraction γ of the difference between past model vector and
current model vector of the objective function to accelerate
the convergence. Nevertheless, utilizing a single aggregated
momentum still causes problem. Since the model is per-
sonalized for each worker, such momentum does not suit
all personalized worker models well, leading to inefficient
momentum acceleration. To solve this problem, we develop
personalized (contrastive) momentum which is in pair with
the personalized model within each worker for better mo-
mentum acceleration. Based on the above integrated moti-
vation, in this paper, we propose pFedMo, a personalized
FL algorithm with contrastive momentum. It significantly
enhances the performance under non-i.i.d. data distribution
while preserving the efficient momentum acceleration.

Theoretically, we prove that pFedMo is convergent and
has an O (

1
T

)
convergence rate for smooth non-convex

problems for a given T iterations. By utilizing CL, we design
a new score function to characterize the contrast between the
worker models and the representation model, which is then
used in the personalization of momentum and model, and
the aggregation phrase.

In the experiment, we compare the performance of
pFedMo with three categories of FL algorithms: 1

single-momentum FL (FedMom [11], SlowMo [12], Fed-
NAG [13], and Mime [14]), 2 double-momentum FL (
FastSlowMo [15], DOMO [16], and FedADC [17]), and 3 no-
momentum FL (FedProx [18],FedAvg [5]). The experiment
is implemented on five real-world datasets (MNIST [19],
CIFAR-10 [20], ImageNet [21], UCI-HAI [22], and Fire-
detection-Dataset [23]) with six machine learning mod-
els (linear regression, logistic regression, LeNet5 [24],
VGG16 [25], ResNet18 [21], and FireNet [26]). We also
conduct experiments on the hyper-parameters that could
potentially impact the performance of pFedMo, including
the aggregation period τ , momentum factor γ, personaliza-
tion temperature π, and the number of workers N . The out-
comes of these experiments align with our initial theoretical
analyses. Furthermore, we develop and deploy a real-world
FL system. The system aims to assess the overall training
duration in real-world scenarios, encompassing communi-
cation delays, computing delays both at the worker and
server ends, as well as other associated overhead delays.
The contributions of this paper are summarized as follows.

• We have proved that pFedMo is convergent and has
an O (

1
T

)
convergence rate for smooth non-convex

problems for a given T iterations under non-i.i.d.
data.

• The experimental results illustrate that pFedMo in-
creases the training accuracy by 0.21-35.90% com-
pared to nine state-of-the-art (SOTA) benchmark FL
algorithms under a wide range of settings.

• The experiments implemented in the real-world FL
system further illustrate that pFedMo increases train-
ing speed by 1.09-3.64x compared to benchmarks
under a wide range of settings.

The rest of the paper is organized as follows. We pro-
vide the related worker in Section 2. The pFedMo design
is described in Section 3. For Section 4, it provides the

theoretical results including the convergence analysis of
pFedMo. Section 5 provides our experiment result which
shows the convergence performance of pFedMo over other
mainstream momentum-based algorithms. The conclusion
are written in Section 6.

2 RELATED WORK

2.1 Personalized Federated Learning

Personalized Federated Learning (PFL) [7] is a general
concept that facilitates the personalization for individual
workers in FL environment. One of the main strategies for
PFL is global model personalization [7]. It has demonstrated
its advantage in addressing the issue of poor convergence
on heterogeneous data.

In global model personalization, algorithms first train a
single global FL model. This trained global model is then
personalized for each worker through a local adaptation
step. Such approach aims to train a stronger global model so
as to improve the subsequent personalization performance
on workers. FedProx [18] and FedProxVR [27] introduce
a proximal term in the local loss function which helps
assess the dissimilarity between global and local models
for local model personalization. SCAFFOLD [28] measures
the weight divergence between global and local models
and incorporates a variance reduction term in the local loss
function to correct worker updates. FedHealth [29] adopts
a two-step algorithm which first trains a global model
and then transfers back to each worker for personalized
worker model adaption with its own dataset using Transfer
Learning (TL) [30].

In contrast to global model personalization, another ap-
proach is to directly build personalized models during the
FL model aggregation process. This can be achieved through
various techniques. With the help of Knowledge Distillation
(KD) [31], FedMD [32] starts with a pre-trained model on
a public dataset, and then transfers and distills knowledge
from this model to enable workers to design personalized
models on their own datasets. Different from the traditional
FL which learns models for the same task, in MOCHA [33],
authors introduce a federated Multi-task Learning (MTL)
framework where each worker learns a personalized model
tailored to its specific task. Federated MTL [34] aims to
learn distinct tasks across different workers by analyzing the
relationships between models. Therefore, the model itself is
personalized.

In summary, PFL is an effective approach for personaliz-
ing the worker models while maintaining the generalization
performance of global model. Nevertheless, the optimizer
used in these algorithms (gradient descent/stochastic gradi-
ent descent) still leads to slow convergence, requiring many
iterations to converge.

2.2 Momentum in Federated Learning

Momentum [35] is a method that enhances the gradient de-
scent by incorporating a weight γ of the difference between
past and current model vectors. In the classical centralized
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machine learning scenario, the Polyak’s momentum update
rule is defined as follows:

m(t) = γm(t− 1)− η∇F (w(t− 1)), (1)
w(t) = w(t− 1) +m(t), (2)

where γ is the momentum factor with the range γ ∈ [0, 1), t
represents the iteration of the update, m(t) denotes the mo-
mentum term at iteration t with the initial value m(0) = 0,
and w(t) is the model parameter at iteration t. Momentum
selectively amplifies updates for dimensions with consistent
gradient directions and dampens updates for dimensions
with changing gradient directions. Consequently, momen-
tum accelerates convergence and diminishes oscillation [10],
[36]. In [10], [37], a variation of momentum known as
Nesterov Accelerated Gradient (NAG) is introduced. NAG
enhances the gradient calculation by approximating the
gradient based on the next estimated parameter position,
which is given by ∇F (w(t − 1) + γm(t − 1)), rather than
∇F (w(t− 1)) used in Polyak’s momentum, i.e.,

m(t) = γm(t− 1)− η∇F (w(t− 1) + γm(t− 1)), (3)
w(t) = w(t− 1) +m(t). (4)

This modification results in improved convergence perfor-
mance. It is important to note that there are two commonly
used equivalent representations of NAG. Let ŵ(t − 1) =
w(t − 1) + γm(t − 1) and employ mathematical transfor-
mation, we can directly derive the second representation
of NAG [38], [39] from (3) and (4), which will be used in
this paper. Extensive research has been conducted on mo-
mentum in FL. Based on the incorporation of momentum,
it can be classified into single-momentum algorithms [11],
[12], [13], [14] and double-momentum algorithms [15], [16],
[17]. Single-momentum algorithms utilize momentum accel-
eration either on the worker side or the aggregator side. On
the other hand, double-momentum algorithms combine the
momenta of both the worker and the aggregator, resulting
in superior convergence performance compared to single-
momentum algorithms. All of these algorithms strive to
train a global model that achieves enhanced performance
through the utilization of momentum acceleration.

In this paper, we aim to leverage the benefits of both
PFL and momentum by combining these two methods
synergistically.

3 ALGORITHM DESIGN

3.1 Problem Formulation

We consider a conventional FL system where N workers
and one aggregator are involved in the FL training pro-
cess. All workers are expected to participate in the model
training, which is within the scope of cross-silo FL [40].
Each worker, denoted by i, has its own local dataset with
the number of data samples denoted by Di. The total
number of dataset for all workers can be then represented
by D =

∑N
i=1 Di. The target of FL is to find the stationary

point x∗ that minimizes the global loss function

min
x∈Rd

F (x) �
N∑
i=1

Di

D
Fi(x) (5)

TABLE 1
Key Notations

η learning rate
τ aggregation period
γ momentum factor
ski worker i’s score at k’s aggregation
π temperature of score
T number of total local (worker) iterations indexed by t
K number of total aggregations indexed by k
N number of workers indexed by i
yt
i worker i’s momentum at iteration t

xt
i worker i’s model at iteration t

yt
r representation momentum at iteration t

xt
r representation model at iteration t

yt
i+ worker i’s personalized momentum at iteration t

xt
i+ worker i’s personalized model at iteration t

xt
+ global model at iteration t

where d is the dimension of x; Fi(x) is the local loss function
at worker i and F (x) is the global loss function at the aggre-
gator. Since workers are distributed in geometric locations
among the network, the data generated in each worker is
typically influenced by its unique characteristics, local envi-
ronments, and user preferences. Consequently, the dataset
on each worker is heterogeneous and non-independent and
identically distributed (non-i.i.d.) [41]. The key notations are
summarized in Table 1.

3.2 pFedMo Algorithm
In this section, we propose a personalized FL with con-
trastive momentum algorithm, named as pFedMo, to solve
formula (5). In pFedMo, the momentum acceleration is
leveraged at each worker in every local iteration. In the
aggregator, a score function is developed to calculate scores
for all workers which are then used in the worker momen-
tum and model personalization. The pFedMo algorithm is
conduced in T local iterations with K aggregations, where
T = Kτ . Here, τ represents the aggregation period, indicat-
ing that a global aggregation takes place after every τ local
iterations.

3.2.1 Worker Update
At each local iteration t, each worker computes worker
momentum update

yt
i ← xt−1

i − η∇Fi(x
t−1
i ) (6)

and worker model update

xt
i ← yt

i + γ(yt
i − yt−1

i ). (7)

Equations (6) and (7) follow the Nesterov Accelerated Gra-
dient (NAG) [37] which has demonstrated its faster con-
vergence over Polyak’s momentum [35]. The utilization of
worker momentum accelerates the worker model training
in every local training iteration.

3.2.2 Score Function
When t = kτ, k = 1, 2, . . . ,K , the aggregator calculates
scores for all workers, denoted as Sk = {sk1 , sk2 , . . . , skN},
where ski ∈ [0, 1] denotes the worker i’s score at k’s aggre-
gation. The aggregator first trains a representation model
based on a public i.i.d. dataset that can only be accessed
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Algorithm 1 pFedMo algorithm
Input: τ , T = Kτ , η, γ
Output: Final model parameter xT

+

1: For each worker, initialize: x0
i as same value for all i,

and y0
i = x0

i

2: For the aggregator, initialize: x0
r = x0

i , and y0
r = x0

r

3: for t = 1, 2, . . . , T do
4: For each worker i = 1, . . . , N in parallel:
5: Compute worker momentum yt

i as (6)
6: Compute worker model xt

i as (7)
7: if t == kτ where k = 1, . . . ,K then
8: For each worker i = 1, . . . , N in parallel:
9: Send ykτ

i and xkτ
i to the aggregator

10: For the aggregator:
11: Compute scores Sk as (8)–(10) and in Algorithm 2
12: Personalize each worker i’s momentum ykτ

i+ as (11)
13: Personalize each worker i’s model xkτ

i+ as (12)
14: Aggregate xkτ

+ ← ∑N
i=1

Di

D xkτ
i+

//Aggregate generalized global model

15: Set ykτ
i ← ykτ

i+ for each worker i
//Distribute personalized worker momentum to

workers

16: Set xkτ
i ← xkτ

i+ for each worker i
//Distribute personalized worker model to

workers

17: end if
18: end for

by the aggregator. Since worker models are trained on non-
i.i.d. data while the representation model is trained on i.i.d.
data (holding unbiased knowledge), we treat the output
of the representation model as the ground truth. For fair
comparison, the representation model is trained following
the same update rules (replace subscript i with r in (6) and
(7) ) with the same number of iterations (i.e., τ iterations) as
in workers.

We consider a dataset with C classes. At k’s aggregation,
where k = 1, 2, . . . ,K , the worker i’s model and the repre-
sentation model make predictions on a batch of B samples
extracted from the testing dataset. The loss is calculated as

lb = −
C∑

c=1

wpb,c
log

exp (qb,c)∑C
j=1 exp (qb,j)

, (8)

where q is the predicted result obtained by worker model,
p is the predicted result obtained by representation model,
and wp is the weight which is normalized from p by
softmax [42], i.e.,

wpb,c
= softmax(pb,c) =

exp (pb,c)∑C
j=1 exp (pb,j)

. (9)

Please note that in the Deep Neural Networks (DNN),
the predicted result (p or q) is the vector containing the
unnormalized logits for each class (with dimension C) ob-
tained from the last fully connected layer before the normal-
ization function (LogSoftmax or Sigmoid, etc.). Finally, we
average the values of all lb, ∀b ∈ B to obtain the final loss of

Algorithm 2 Calculation of score algorithm

Input: K , Lk = {�k1 , �k2 , . . . , �kN}
Output: Sk = {sk1 , sk2 , . . . , skN}

1: Initialize: ui = �1i for all workers
2: for k = 1, 2, . . . ,K do
3: For each worker i = 1, . . . , N in parallel:
4: if ui < �ki then
5: ui ← �ki
6: end if
7: ski ← 1− �ki

ui

8: end for

worker i in k’s aggregation,

�ki =
1

B

B∑
b=1

lb (10)

The calculation of �ki comes from the spirit of Contrastive
Learning (CL) [8], [9], where a small loss indicates that
the worker prediction result is close to the most likely
result while away from the least likely result (predicted by
the representation model). We assign a high score to the
worker with a small loss and vice versa. Please note that
different from the typical cross-entropy, where the weight w
is given by one-hot encoded information, i.e., the weight is
binary (the only one true label is 1, and other false labels
are all 0), in pFedMo, the weight is calculated in each
global aggregation and is continuous, ranging from 0 to
1. By doing so, the score function measures the disparity
between worker models and the representation mode, while
the cross-entropy can only quantify the deviation between
the model’s predicted result and the ground truth label. In
order to normalize the value of �ki to the score ski in the
range of [0, 1], we develop Algorithm 2 to calculate scores
for all workers when global aggregation occurs. Please note
that Sk plays a vital role in the personalization of worker
momentum and model.

3.2.3 Aggregator Update

When t = kτ, k = 1, 2, . . . ,K , the aggregator performs
aggregator update, including 1 computing scores Sk for
all workers, 2 personalizing each worker i’s momentum
ykτ
i+ , 3 personalizing each worker i’s model xkτ

i+, and 4

aggregating global model and re-distributing personalized
momenta and models to workers. 1 has been introduced in
Section 3.2.2. Then, we use the scores Sk calculated by 1 to
operate 2 and 3 .

In 2 , the worker i’s personalized momentum ykτ
i+ is

updated as

ykτ
i+ ← (1− πski )

N∑
i=1

Di

D
ykτ
i + πski y

kτ
r , (11)

where ykτ
r is the representation momentum at k’s aggre-

gation, and π ∈ [0, 1] is the temperature hyper-parameter
which determines the sensitivity of impact of ski . The worker
with a higher score implies that its local model update
direction is more aligned with the update direction of the
representation model. Therefore, we assign a high weight
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(large score) of representation momentum to this worker,
allowing it to contribute more to the training process.

In 3 , the worker i’s personalized model xkτ
i+ is update

as

xkτ
i+ ← (1− πski )

N∑
i=1

Di

D
xkτ
i + πski x

kτ
r +

N∑
i=1

Di

D
ykτ
i − ykτ

i+,

(12)

where xkτ
r is the representation model at k’s aggregation.

Please note that
∑N

i=1
Di

D xkτ
i is the aggregated model with-

out personalization. In conventional FL [5], this aggregated
model is used as the global model and distributed back
to all workers. However, our approach goes a step further
by personalizing each worker’s model based on it. In (12),
we assign a higher weight to the representation model
and a lower weight to the original aggregated model for
workers with high scores. Since the representation model
contains unbiased knowledge (trained on i.i.d. data), the
bias between personalized worker models is countered. Ad-
ditionally, We incorporate a contrastive/personalized mo-
mentum term

∑N
i=1

Di

D ykτ
i − ykτ

i+ to further accelerate the
personalized model update.

Please note it is necessary to personalize not only worker
models but also worker momenta (operations 2 and 3 ).
This is because although personalized worker models help
alleviate the non-i.i.d. problem by distilling knowledge from
the representation model, it is also important to personalize
the momentum for each worker to better suit each person-
alized worker model for better momentum acceleration. In
this way, pFedMo significantly enhances the performance
under non-i.i.d. data distribution while preserving the effi-
cient momentum acceleration.

In 4 , the aggregator aggregates the global model xkτ
+

(Line 14). Then, pFedMo re-distributes the personalized
worker momentum (Line 15) and model (Line 16) to all
workers for the next round of training iteration.

4 THEORETICAL RESULTS

4.1 Preliminaries

We assume Fi(·) satisfies the following standard conditions
that are necessary in theoretical analysis [13], [27], [43].

Assumption 1. (ρ-Lipschitz). The local loss function is ρ-
Lipschitz.

‖Fi(x1)− Fi(x2)‖ ≤ ρ‖x1 − x2‖, ∀x1,x2, i.

Assumption 2. (β-smooth). The local gradient is β-smooth.

‖∇Fi(x1)−∇Fi(x2)‖ ≤ β‖x1 − x2‖, ∀x1,x2, i.

Assumption 3. (Bounded diversity). The variance of local gra-
dient to global gradient is bounded.

‖∇Fi(x)−∇F (x)‖ ≤ δi, ∀x, i.
By applying Triangle Inequality for Fi(·) in Assumptions

1 and 2, we obtain that global loss function F (·) also satisfies
ρ-Lipschitz and β-smooth. For Assumption 3, we define δ �∑N

i=1 δi.

4.2 Virtual Update

In Algorithm 1, in order to index the global aggregation,
we introduce a concept “Interval”, denoted by [k], to divide
the total T local iterations into K intervals (T = Kτ ), i.e.,
interval [k] contains τ local iterations (t ∈ [(k − 1)τ, kτ ])
and one global aggregation (k’s aggregation). Inspired by
[43], we introduce the concept “Virtual Update” as if the
momentum and model are updated on the total training
dataset D (equivalent to virtually centralized update). The
rationale behind the virtual update is that the diversity of
gradients among workers makes it challenging to directly
bound the real update. Nevertheless, we can first bound the
gap between real update and the virtual update, and then
analyze the convergence of the virtual update so as to obtain
the convergence of the real update. This becomes the road-
map of the convergence analysis which will be discussed in
Section 4.3.

At the beginning of the interval [k] when t = (k − 1)τ ,
we set the initial values for virtual update

y
(k−1)τ
[k] ← y

(k−1)τ
+ , (13)

x
(k−1)τ
[k] ← x

(k−1)τ
+ . (14)

Then, it will be conducted for τ time when t ∈ ((k−1)τ, kτ ]
as

yt
[k] ← xt−1

[k] − η∇F (xt−1
[k] ), (15)

xt
[k] ← yt

[k] + γ(yt
[k] − yt−1

[k] ). (16)

We also define aggregated values yt =
∑N

i=1
Di

D yt
i ,x

t =∑N
i=1

Di

D xt
i, ∀t, and yt

+ =
∑N

i=1
Di

D yt
i+,x

t
+ =

∑N
i=1

Di

D xt
i+,

∀t = kτ, k = 1, 2, . . . ,K that will be used in convergence
analysis for convenient presentation.

4.3 Convergence Analysis

Following the rationale of virtual update, we first bound the
gap between xt and virtual update xt

[k] in Theorem 1.

Theorem 1. For any interval [k], ∀t ∈ ((k − 1)τ, kτ ], we have

‖xt − xt
[k]‖ ≤ f(t− (k − 1)τ), (17)

where f(z) is

f(z) =ηδ

(
C3(γC1)

z + C4(γC2)
z − 1

ηβ

−γ2(γz − 1)− (γ − 1)z

(γ − 1)2

)
, (18)

and C1–C4 are constants defined in Appendix A, ∀γ ∈
(0, 1), z = 1, 2, . . ..

Proof. See Appendix A for the complete proof.

Pleae note that when t = (k − 1)τ, ∀[k], we have ‖xt
+ −

xt
[k]‖ = 0 = h(0), which also satisfises (18). We note that

F (x) is ρ-Lipschitz, so we also have

F (xt)− F (xt
[k]) ≤ ρf(t− (k − 1)τ). (19)

We then bound the gap between xt
+ and xt in Theo-

rem 2.
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Theorem 2. For any interval [k], suppose γ ∈ (0, 1), ski ∈ [0, 1],
and π ∈ [0, 1], we have

‖xkτ
+ − xkτ‖ ≤ 2μηρqkπ, (20)

where we define qk �
∑N

i=1
Di

D ski as the weighted average of all
workers’ scores at k’s aggregation, and constant μ is defined in
Appendix B.

Proof. See Appendix B for the complete proof.

Theorem 3. Suppose (1) βη(γ + 1) ∈ (0, 1], γ ∈ (0, 1), and
∀τ = 1, 2, . . .; (2) ωασ2 − ρ(f(τ)+2μηρϕπ)

τε2 > 0; (3) F (xkτ
[k]) −

F (x∗) ≥ ε, ∀k; and (4) F (xT
+) − F (x∗) ≥ ε are satisfied.

∃ε > 0, the upper bound of Algorithm 1 is given by

F (xT
+)− F (x∗) ≤ 1

T
(
ωασ2 − ρ(f(τ)+2μηρϕπ)

τε2

) . (21)

We define F (x∗) as the minimum value, if there exists some ζ >
0 such that F (x∗) ≤ F (x) for all x within distance ζ of x∗.
Constants ω, σ, ϕ and α are defined in Appendix C.

Proof. See Appendix C for the complete proof.

Theorem 3 demonstrates that Algorithm 1 converges
with the convergence rate O (

1
T

)
for smooth non-convex

problems under non-i.i.d. data distribution. The overall
gap F (xT

g ) − F (x∗) decreases when T is larger. From [13,
Appendix C], we have f(z) ≥ 0 for any z = 1, 2, . . . , and
it increases with z. Therefore, the value of ρ(f(τ)+2μηρϕπ)

τε2

increases with τ so as to increase the overall bound. How-
ever, in order to let the condition 2 in Theorem 3 hold,
we cannot set a very large τ , implying that convergence
is guaranteed when f(τ) is below a certain threshold.
Meanwhile, condition 2 in Theorem 3 holds when ε is
above a positive certain threshold defined as ε0. When ε
is small and ε > ε0, i.e., when the loss function is close
to the stationary point, the value of ωασ2 − ρ(f(τ)+2μηρϕπ)

τε2

diminishes, resulting in an increased overall bound. In this
case, a larger T is required to achieve convergence towards a
small ε. Conversely, the algorithm requires fewer iterations
(smaller T ) to only converge to a large ε. This illustrates the
trade-off between the number of training iterations and the
tightness of the bound.

5 EXPERIMENTAL RESULTS

In this section, we evaluate the convergence perfor-
mance of pFedMo with various mainstream momentum-
based algorithms, including FastSlowMo [15], DOMO [16],
FedADC [17], FedMom [11], SlowMo [12], FedNAG [13],
Mime [14], FedProx [18], and classical FL algorithm Fe-
dAvg [5]. We compare pFedMo with benchmarks in two dif-
ferent environments, considering two aspects. 1 Given the
same total training iterations T , we compare the accuracy in
an GPU tower server. 2 Given an accuracy goal, e.g., 85%,
we compare the total training time in a real-world IoT sys-
tem. We then evaluate the effects of hyper-parameters such
as τ, γ, π, and N . Afterwards, we manually establish three
distinct non-i.i.d. data distribution scenarios to evaluate the
effects of non-i.i.d. data. 1) We assign a subset of classes
out of total classes of dataset to each worker, referring to
as “Label-Skew non-i.i.d.”. 2) We assign a distinct quantity

of data samples to each worker, referring to as “Quantity-
Skew non-i.i.d.”. 3) We utilize Dirichlet distribution [44] to
combine 1) and 2), letting Label-Skew and Quantity-Skew
occur simultaneously.

5.1 Experiment on Convergence of pFedMo

5.1.1 Experimental Setup

We use a GPU tower server with 4 NVIDIA GeForce RTX
2080Ti GPUs to test the convergence performance. Two
machine learing tasks are conducted base on four real-world
datasets. 1 Image classification: MNIST [19], CIFAR-10 [20],
and ImageNet [21], [45]. 2 Human activity recognition:
UCI-HAR [22]. For the MNIST dataset, it contains 60,000
training images, 10,000 test images for 10 different class. The
CIFAR-10 dataset contains 50,000 images for training and
10,000 images for test over 10 classes. The images in MNIST
are 28× 28 gray-scaled dimensional. The images in CIFAR-
10 are 32 × 32 × 3 dimensional. The ImageNet dataset is a
tiny version and is more challenging for training the model
for image classification tasks, as it contains 200 different
classes. For each class, it has 500 images. Overall, there is
100,000 image for training and 10,000 images for testing. The
images in Tiny-ImageNet are 64 × 64 × 3 dimensional. The
UCI-HAR dataset comprises 10,299 instances characterized
by 561 attributes, distributed across six distinct activities.
We use five models including Linear Regression, Logistic
Regression, LeNet5, VGG16, and ResNet18. The first two
models are convex models which are widely used in seg-
mentation task. LeNet5 is a classic CNN model [24]. VGG16
and ResNet18 are DNN models with the structure defined
in [21], [25] respectively. All training and testing data are
randomly shuffled and distributed among workers. We use
mini-batch with size 64 in all experiments. The learning rate
η is set to 0.01. The specific hyper-parameters setting will be
defined in each experiment accordingly.

5.1.2 Performance Comparison

In Table 2, we compare the convergence performance of
pFedMo with benchmark algorithms based on various mod-
els and datasets. The values in the table illustrate the
training accuracy for different algorithms under a given
T training iterations. The higher accuracy indicates the
better performance. We set T = 1000 (MNIST), T = 4000
(UCI-HAR), and T = 10000 (CIFAR-10 and ImageNet),
τ = 20 (convex models) and τ = 40 (non-convex models),
γ = 0.5, N = 4, and π = 1. We categorize the benchmarks
into three categories: 1 double-momentum implemented
on both workers and the aggregator (FastSlowMo, DOMO,
and FedADC), 2 single-momentum implemented on either
worker or the aggregator (FedMom, SlowMo, FedNAG, and
Mime), and 3 no-momentum (FedProx and FedAvg). For
convenient presentation, we use “>” to indicate “is better
than”.

First, we observe that pFedMo > all benchmarks. For
convex models, pFedMo increases the training accuracy by
0.21–2.47%. For non-convex models, pFedMo achieves the
accuracy increase by 1.00–35.90% (CNN) and 0.50–8.12%
(DNN), respectively. This demonstrates that applying per-
sonalized momentum on both workers and the aggregator
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TABLE 2
Performance comparison of different FL algorithms (accuracy %).

Linear on
MNIST

Logistic on
MNIST

LeNet5 on
MNIST

LeNet5 on
CIFAR10

VGG16 on
CIFAR10

ResNet18 on
ImageNet

LeNet5 on
UCI-HAR

pFedMo 86.0086.0086.00± 0.06 89.3689.3689.36± 0.05 97.2397.2397.23± 0.03 64.4964.4964.49± 0.11 89.8889.8889.88± 0.10 68.4268.4268.42± 0.09 89.2189.2189.21± 0.09
FastSlowMo [15] 85.79± 0.05 89.02± 0.05 95.90± 0.05 59.39± 0.07 88.53± 0.09 67.05± 0.10 88.15± 0.06
DOMO [16] 83.74± 0.06 88.83± 0.05 95.59± 0.07 63.49± 0.09 89.16± 0.10 67.58± 0.15 86.05± 0.12
FedADC [17] 85.51± 0.04 88.18± 0.05 95.09± 0.07 56.00± 0.11 89.38± 0.08 67.76± 0.12 85.14± 0.09
FedMom [11] 84.84± 0.06 88.05± 0.05 94.74± 0.05 54.87± 0.07 88.03± 0.10 66.91± 0.11 84.69± 0.07
SlowMo [12] 84.82± 0.06 88.00± 0.06 94.88± 0.05 54.43± 0.06 88.47± 0.09 66.84± 0.09 83.03± 0.10
FedNAG [13] 84.97± 0.04 88.14± 0.05 95.04± 0.06 55.54± 0.09 88.33± 0.06 66.81± 0.14 84.69± 0.06
Mime [14] 84.41± 0.06 87.73± 0.06 93.89± 0.08 48.24± 0.15 81.76± 0.11 64.33± 0.21 76.75± 0.11
FedProx [18] 85.49± 0.05 86.85± 0.05 93.78± 0.06 46.73± 0.12 87.43± 0.05 66.64± 0.10 56.95± 0.07
FedAvg [5] 83.57± 0.04 86.89± 0.05 93.31± 0.08 37.79± 0.19 88.27± 0.15 66.59± 0.09 53.31± 0.12

Fig. 2. Accuracy comparison for pFedMo under different settings of τ, γ and π.

Fig. 3. (a) and (b): Accuracy comparison for pFedMo and benchmarks for more workers (N = 50 and N = 100). (c) Accuracy comparison for
pFedMo with different number of workers (N = 4, 8, 12, 16)

as well as the personalized model achieves the best perfor-
mance compared to the algorithms without personalization.
It is very useful to evaluate performance by considering
various factors such as the diversity of models and datasets,
as well as a wide range of SOTA FL algorithms, because
performance varies based on these factors. Compared to
five models, four datasets, and nine SOTA benchmarks, the
result in Table 2 illustrates that pFedMo achieves a sufficient
and substantial performance improvement.

Second, we observe that 1 > 2 > 3 , with 0.04–15.25%
accuracy increase from 2 to 1 , and 0.11-31.38% accuracy
increase from 3 to 2 . This verifies that the momentum
accelerates the convergence compared to FedProx and Fe-
dAvg without momentum. Specifically, double-momentum
algorithms outperform single-momentum algorithms.

Third, we observe that FedProx outperforms FedAvg in
most cases, which illustrates that the model personalization

accelerates the convergence.

5.1.3 Effects of Hyper-parameters
To understand how different hyper-parameters affect the
convergence performance of pFedMo, we conduct several
experiments using LeNet5 on MNIST dataset to analyze the
effects of aggregation period τ , momentum factor γ, and
personalization temperature π. Only 3 classes of data (3-
class non-i.i.d.) are distributed among workers.

Effects of τ : In Fig. 2(a), we evaluate the effects of τ .
We set T = 1000, γ = 0.5, π = 0.5, N = 4. We observe
that large τ decreases the training performance especially
at the early stage of the training. This verifies the result
of Theorem 1. The large τ increases the value of f(·), and
thus increases the overall bound. As a result, the training
performance is decreased.

Effects of γ: In Fig. 2(b), we evaluate the effects of γ. We
set T = 1000, τ = 40, π = 0.5, N = 4. We observe that
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Fig. 4. Accuracy comparison for pFedMo under 3-class (a), 6-class (b), and 9-class (c) Label-Skew non-i.i.d. data.

Fig. 5. Accuracy comparison of pFedMo with other benchmarks under
Quantity-Skew non-i.i.d data.

large γ increases the training performance. This matches
our expectation. Momentum accelerates the convergence by
comparing the difference between past and current model
vectors. If we set the large momentum factor γ (but should
< 1), the acceleration performance further improves. Such
observation is also consistent with those in [13], [15].

Effects of π: In Fig. 2(c), we evaluate the effects of π. We
set T = 1000, τ = 40, γ = 0.5, N = 4. We observe that large
π increases the training performance. From (11) and (12), we
can see that large π increases the weight (contribution) of
the representation momentum and model at workers. That
is to say, large π accelerates the distillation of knowledge
from the representation model to worker models, thereby
enhancing the training performance.

Effects of N : To emulate the cross-silo FL [40] (typically
up to 100 participants), we compare the training accuracy
when more workers are involved in the training (N = 50
and N = 100). In Fig. 3(a) and (b), although large N
decreases the performance for all algorithms (Large N
causes more data divergence among workers.), we can still
observe that pFedMo achieves the highest accuracy and the
results show the same trend as in Table 2. In Fig. 3 (c), we
evaluate the effects of the number of workers N . We set
T = 1000, τ = 40, γ = 0.5, N = 4, 8, 12, 16. We observe the
large N will cause a decline in the convergence performance,
especially in the early stage of training. This follows our
expectation because more workers cause more divergence
among the workers and thus decrease convergence perfor-
mance. After a sufficient number of training iterations, we
can still observe that the accuracy of more worker cases will
be close to the few worker cases when they finally converge.

5.1.4 Effects of Non-i.i.d. Data

To analyze how non-i.i.d. data affects the convergence per-
formance of pFedMo and benchmarks, we conduct sev-
eral experiments using LeNet5 on MNIST dataset based
on three non-i.i.d. data distribution scenarios (Label-Skew,
Quantity-Skew, and combination of them). The setting is
T = 1000, γ = 0.5, π = 0.5, N = 4.

For Label-Skew non-i.i.d., we randomly assign a subset
of classes, selected from the total 10 classes in MNIST
dataset. For fair comparison, each worker is allocated with
the same number of data samples. Smaller x represents a
higher level of Label-Skew non-i.i.d. setting. We use 3-class
non-i.i.d., 6-class non-i.i.d., and 9-class non-i.i.d. to represent
high, middle and low level of Label-Skew non-i.i.d. data
respectively. In Fig. 4, we observe that pFedMo > DOMO ≈
FastSlowMo > FedADC > FedNAG > FedMom > SlowMo
> Mime ≈ FedAvg, which is consistent with the result in
Table 2. The pFedMo algorithm achieves at least 34.26%,
5.94%, and 1.28% accuracy increase for high, middle, and
low level of Label-Skew non-i.i.d. setting respectively. This
demonstrates that pFedMo outperforms benchmarks under
any level of Label-Skew non-i.i.d. data distribution. We also
observe that pFedMo is more robust to different levels of
Label-Skew non-i.i.d. data with only 0.17% drop from low
to high, while the performance of benchmarks declines fast
(33.15–37.45% drop from low to high).

For Quantity-Skew non-i.i.d., we assign an exact number
of data samples to workers as shown in Fig. 5(a) (Worker
1: 5000, Worker 2: 12500, Worker 3: 17500, and Worker 4:
25000). For fair comparison, each worker contains all 10
classes with each class containing the same portion of data
samples. Please note that the typical aggregation method
in FL [5] employs the weighted average, i.e., the weight
for each worker model is proportional to the number of its
data samples. Nevertheless, in order to evaluate the effect
of Quantity-Skew non-i.i.d., we assign the same weight
(0.25) for all four workers specifically in this experiment.
In Fig. 5(b), we still observe that pFedMo outperforms
benchmarks, with the 95.71% accuracy.

We further conduct a more complicated case where
Label-Skew and Quantity-Skew non-i.i.d. occur at the same
time. To achieve this, we employ the Dirichlet distribu-
tion [44], denoted as Dir(ξ), ensuring variation in both
classes and data sample quantities among workers. ξ(> 0) is
a hyper-parameter that controls the level of non-i.i.d., where
a small ξ indicates a higher level of heterogeneous (non-
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Fig. 6. Accuracy comparison for pFedMo under Dirichlet distribution ξ = 0.05 (a), ξ = 0.1 (b), and ξ = 1.0 (c).

Fig. 7. System Architecture of Real-world IoT system in the experiment.

Fig. 8. Comparison of total training time to reach 85% accuracy under
two different settings for fire detection application. The time is labeled
above each bar. (a): γ = 0.5, π = 1, τ = 20. (b): γ = 0.5, π = 1, τ = 40.

i.i.d.) data. In this experiment, we set ξ = {0.05, 0.1, 1} to
simulate high, middle, and low levels of non-i.i.d. data distri-
bution respectively1. In Fig. 6, we observe the same results
as shown in Figs. 4 and 5. The pFedMo algorithm achieves
95.54%, 95.13%, and 94.8% accuracy in the low, middle, and
high level of non-i.i.d. settings, demonstrating that pFedMo
is more robust compared to benchmarks, evidenced by a
mere 0.74% accuracy drop from low to high.

1. In practice, setting ξ ≥ 1 generates an approximate i.i.d. data
distribution (low level of non-i.i.d.), which has widely been used in
the literature [46], [47]. Please refer to [48] for more details.

5.2 Experiement on Real-world IoT System

To evaluate the performance of pFedMo and benchmarks
in a more realistic environment, we build up a real-world
IoT Edge Computing system which runs fire detection ap-
plication. We use 16 Raspberry Pi 4 Model B as workers and
one laptop (HASEE G9R9 with Intel Core i9-13900H CPU)
as the aggregator. Workers and the aggregator are connected
to HUAWEI WS5200 router with 2.4GHz WIFI and 1Gbps
Ethernet wired cable, respectively. The IoT system architec-
ture is illustrated in Fig. 7. The total training time is calcu-
lated from the moment the aggregator initiates the training
process for all workers until the aggregator determines that
the training accuracy has reached the specified goal (e.g.,
85%). The application runs FireNet [26] (a modified version
of AlexNet [49]) to detect fire present in captured pictures
or video frames. The dataset can be found in [23].

In Fig. 8, we observe that under two different settings
1 γ = 0.5, π = 1, τ = 20 and 2 γ = 0.5, π = 1, τ =
40, to reach accuracy goal 85%, pFedMo spends 180min for
setting 1 and 137min for setting 2 . Benchmarks spend 267–
655min for setting 1 and 149–361min for setting 2 . This
demonstrates that pFedMo is superior than benchmarks and
achieves the 1.09–3.64x training time speedup compared to
benchmarks in different scenarios.

6 CONCLUSION

In this paper, we propose pFedMo, a personalized Federated
Learning with contrastive momentum algorithm. A score
function is designed to personalize worker momentum and
model at each aggregation phrase. We provide convergence
analysis of pFedMo with a convergence rate of O (

1
T

)
for

smooth non-convex problems under non-i.i.d. data. We
experimentally evaluate the convergence performance of
pFedMo compared to mainstream momentum-based algo-
rithms without personalization from the perspectives of
training accuracy and training time. It empirically shows
that pFedMo consistently improves the convergence perfor-
mance especially on highly heterogeneous (non-i.i.d.) data.

REFERENCES

[1] B. L. R. Stojkoska and K. V. Trivodaliev, “A review of internet of
things for smart home: Challenges and solutions,” Journal of cleaner
production, vol. 140, pp. 1454–1464, 2017.

This article has been accepted for publication in IEEE Transactions on Big Data. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TBDATA.2024.3403387

© 2024 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.

See https://www.ieee.org/publications/rights/index.html for more information.
Authorized licensed use limited to: Wuhan University. Downloaded on June 21,2024 at 05:02:39 UTC from IEEE Xplore.  Restrictions apply. 



[2] A. Solanas, C. Patsakis, M. Conti, I. S. Vlachos, V. Ramos, F. Fal-
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