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Abstract: Smart manufacturing suffers from the heterogeneity of
local data distribution across parties, mutual information silos and
lack of privacy protection in the process of industry chain collabo‐
ration. To address these problems, we propose a federated domain
adaptation algorithm based on knowledge distillation and contras‐
tive learning. Knowledge distillation is used to extract transferable
integration knowledge from the different source domains and the
quality of the extracted integration knowledge is used to assign
reasonable weights to each source domain. A more rational
weighted average aggregation is used in the aggregation phase of
the center server to optimize the global model, while the local
model of the source domain is trained with the help of contrastive
learning to constrain the local model optimum towards the global
model optimum, mitigating the inherent heterogeneity between lo‐
cal data. Our experiments are conducted on the largest domain ad‐
aptation dataset, and the results show that compared with other tra‐
ditional federated domain adaptation algorithms, the algorithm we
proposed trains a more accurate model, requires fewer communi‐
cation rounds, makes more effective use of imbalanced data in the
industrial area, and protects data privacy.
Key words: federated learning; multi-source domain adaptation;
knowledge distillation; contrastive learning
CLC number：TP 399

0 Introduction

In unsupervised deep learning, to avoid the costly
annotation process, other similar datasets (i.e. source do‐
mains) are used to train models that can be applied to
new datasets (i. e. target domains), and the knowledge
from the source domains is used to determine the soft la‐
bels of the target domains. In the workflow collaboration
process of the whole industry chain of smart manufactur‐
ing, the lack of uniform knowledge representation across
disciplines, the lack of global collaboration in the pro‐
cess, the existence of information silos and the lack of
privacy protection can lead to domain shifts between
source domains, resulting in poor overall control perfor‐
mance. There have been many studies and solutions
based on the domain adaptation. The earlier unsuper‐
vised multi-source domain adaptation (UMDA) [1] ap‐
proach solves the domain shift by extracting transferable
features on multiple source domains, and the more re‐
cent UMDA[2,3] approach performs knowledge transfer
by constructing Source-Target pairs. However, these tra‐
ditional UMDA approaches do not consider the unavail‐
ability of source domain data and cannot be applied in
the general environment of privacy protection policies.

In order to train models that can be applied to the
target domain even if the unavailability of source do‐
main data, FADA[4] first proposed the concept of feder‐
ated domain adaptation, which is an application of feder‐
ated learning to the domain adaptation. Federated learn‐
ing is a distributed machine learning method for solving
the data security problem and responding to data secu‐
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rity regulations. It enables multiple clients to collabora‐
tively train models under the coordination of a central
server, and at the same time stores the training data on a
local client, reducing the risk of privacy breaches and
data transfer costs associated with traditional centralized
machine learning methods[5]. Federated learning has
been used in numerous fields and scenarios such as com‐
puter vision, domain adaptation, natural language pro‐
cessing, and recommender systems. Although it is prom‐
ising, it has been facing numerous practical challenges
due to the data heterogeneity. According to existing stud‐
ies[6,7], data heterogeneity among clients will degrade the
performance of global models, leading to slow conver‐
gence and even scattering, which is a more prominent
challenge in the federated domain adaptation. There are
many studies based on knowledge distillation to im‐
prove the efficiency of global model aggregation.
Knowledge distillation uses integrated knowledge from
local models to mitigate the impact of data heterogene‐
ity, but does not adequately address the inherent hetero‐
geneity among local models, and the problem persists
when using knowledge distillation to implement feder‐
ated domain adaptation.

In this paper, we combine the idea of model con‐
trastive learning with the method of knowledge distilla‐
tion, using contrastive learning to constrain the training
of local models, so that the optimal of local models are
closer to the optimal of global models; at the same time,
we use knowledge distillation to improve the efficiency
of model aggregation, obtain higher quality global mod‐
els, better solve the problems of domain shift and data
heterogeneity in federated domain adaptation, and the
performance of federated domain adaptation on Non-
independent identical distribution (non-IID) source do‐
main datasets is improved. This paper uses the largest
domain adaptation dataset DomainNet[8] for experimen‐
tal verification. Based on extensive experimental results,
the main advantages of the proposed algorithm in this
paper are as follows:

1) It compensates for the fact that knowledge distil‐
lation can only optimize global models using integrated
knowledge and has no way of mitigating the inherent
heterogeneity between local models.

2) The accuracy is significantly better than that of
many existing federated domain adaptation methods.

3) Fewer communication costs are required to
achieve the same model accuracy, thus also reducing the
risk of privacy breaches during the upload and download

of model parameters.

1 Related Work

1.1 Federated Learning

Federated learning has received increasing attention
for its ability to protect data privacy and to maximize the
computing power of end devices in cloud systems. Fe‐
dAvg[9] is the most classical federated learning algo‐
rithm, which can be mainly divided into four steps, as
shown in Fig. 1. First, the parties download the initial‐
ized model parameters from the server, then the selected
parties use the local data to train E (E is the number of
local epochs) periods to update the model, and the up‐
dated model is uploaded back to the server. Finally, the
server aggregates the received local model parameters or
gradients on average to get the updated global model.

The size of E is crucial to the convergence speed of
the global model. When E is greater than 1, the number
of communication rounds will be reduced at the cost of
increasing local computation, which solves the problem
of high communication overhead in federated learning.
However, in practical scenarios, due to the data heteroge‐
neity among parties and the non-IID problem among lo‐
cal data, too large E will cause each party to be close to
the optimal of its own local objective function , but far
away from the optimal of the global objective function,
and even affect the convergence of the global model[10].
Data heterogeneity among parties is the biggest chal‐
lenge in federated learning, and many algorithms have
been proposed in recent years to deal with data heteroge‐
neity. These algorithms can be mainly divided into two

Fig.1 Framework of FedAvg
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categories: optimization in the local training phase and
improvement in the aggregation phase of the server. In
addition, personalized federated learning and robust fed‐
erated learning algorithms are also the research direc‐
tions to solve the data heterogeneity problem.

1.2 Federated Domain Adaptation

Federated domain adaptation refers to federated

multi-source domain adaptation, which is more challeng‐

ing than traditional domain adaptation. Traditional do‐

main adaptation aims to transfer knowledge from a la‐

beled source domain to an unlabeled target domain[11],

whereas in many real-world settings, labeled data comes

from multiple domains. In multi-source domain adapta‐

tion, several approaches[12,13] apply difference alignment

to reduce the gap between source and target domains,

while minimizing h-divergence requires the pairwise

computation of data from the source and target domains,

which are not available in the background of privacy

protection. This is why the federated learning algorithm

framework is used for multi-source domain adaptation.

FADA[4] first proposed federated domain adapta‐

tion, using generative adversarial networks to optimize

h-divergence without accessing data. However, in the ad‐

versarial training process, after each batch of data train‐

ing is completed, the models in the source and target do‐

mains are required to be synchronized, which leads to

significant communication costs. To address this prob‐

lem, some studies have applied knowledge distillation[14]

to the area of multi-source domain adaptation with the

help of teacher-student networks. Multiple teacher mod‐

els are trained in the source domains, and the teacher

models are used to guide the training of student models

in the target domain, avoiding unnecessary communica‐

tion costs. However, in the presence of malicious source

domains, the knowledge obtained through knowledge

distillation may be wrong or inaccurate, leading to poor

accuracy of the final global model. KD3A[15] alleviates

the impact of malicious source domains by assigning

high weights to source domains with high contributions

while reducing the weights of source domains with low

contributions. Although KD3A[15] is robust to negative

transfer, knowledge distillation only improves the global

model in federated learning and does not fully utilize the

integrated knowledge to guide local model training,

which can affect the quality of knowledge integration.

FEDGEN[16] proposed a data-free knowledge distillation

approach to integrate user information by learning a

lightweight generator at the server, then broadcasting it

to parties and using the learned knowledge as an induc‐

tive bias to regulate local model training.

1.3 Contrastive Learning

Self-supervised learning has become a popular re‐

search direction due to the fact that it does not require la‐

bel information and directly uses the data itself as super‐

vised information to learn feature representations of

sample data, saving the human, material and financial re‐

sources required in the manual annotation process. Con‐

trastive learning is a type of self-supervised learning

method, which trains models by reducing the distance

between different augmented view representations of the

same image while increasing the distance between aug‐

mented view representations of different images, and

has shown great potential for learning visual features

with first-class results[17,18]. The most typical contrastive

learning framework is SimCLR[19], which first generates

two different augmented views xi and xj for the images x

through the augmented operator, and then passes the

views through the base encoder and the projection head

to obtain the representation vectors zi and zj of the aug‐

mented views xi and xj. Equation (1) is the definition of

contrastive loss for the sample images, where N refers to

the number of sample images, t denotes the temperature

parameter, sim() denotes the calculated cosine similarity,

and the final loss is obtained by summing the contrastive

loss of a batch of sample images.

lij =-log
exp ( )sim ( )zizj t

∑k = 1

2N l[ ]k ¹ i exp ( )sim ( )zizk t
(1)

FedCA[20] is the first algorithm designed for the fed‐

erated self-supervised feature learning problem and also

the first algorithm that combines federated learning with

contrastive learning. FedCA consists of a dictionary

module and an alignment module, enabling the local

model to learn consistent and aligned feature representa‐

tions while ensuring data security. MOON[21] proposed

contrastive learning at the model level, aiming to reduce

the distance between the representation learned by the lo‐

cal model and the representation learned by the global

model, and to increase the distance between the repre‐

sentation learned by the local model and the representa‐

tion learned by the previous round of local models.

MOON improved the model performance and model sta‐
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bility of federated learning on non-IID data, but it was

only for supervised learning.

2 Method

2.1 Preliminary Knowledge

The K source domains in multi-source domain ad‐

aptation (UMDA) are denoted by S ={Dk
s }K

k = 1, each

source domain with nk labeled examples is denoted as

Dk
s ={(X k

i Y k
i )}nk

i = 1. Let Dt denote the target domain with

nt unlabeled examples as Dt ={X t
i }nt

i = 1. Our goal is to use

the K source domains with annotated information to

train a model h that can be used in the target domain. In

general, we record the local model trained in the k-th
source domain as {hd

k }D
d = 1, and the corresponding global

model as {hd
t }D

d = 1, where D is the iteration round of server

aggregation in the federated learning. To avoid negative
transfer, different source domains will be given different

domain weights {αk }K
k = 1, where ∑k = 1

K αk = 1. Then hd
t =∑k = 1

K αkhd
k.

2.2 Improved Knowledge Distillation

Traditional knowledge distillation belongs to the
teacher-student network paradigm, which aims to use
knowledge distilled from one or more teacher models to
learn a lightweight student model, and it has now be‐
come an effective solution for improving the model ag‐
gregation in federated learning. However, due to the ex‐
istence of malicious or irrelevant source domains, the in‐
tegration strategies in traditional knowledge distillation

(e.g. maximal and average integration) may not result in

high quality knowledge, so we improve the quality of

knowledge by improving integration strategy.

First , each source domain is trained with local data

to obtain local models {hd
k }K

k = 1 (as hd
1, hd

2, hd
K in Fig. 2) ,

then put each target domain sample X t
i ÎDt into those lo‐

cal models for each of the K source domains succes‐

sively to obtain a confidence prediction {qk
s (X t

i )}K
k = 1 for

each class (shown as the table in the bottom left corner

in Fig. 2) , and use the class with the highest confidence

level as the target domain sample label. As shown in

Fig. 2, the improved knowledge distillation has three

main processes.
1) Set a relatively high confidence threshold gate

(as gate = 0.9 in Fig. 2), filter out all local models whose
confidence predictions are below the gate (as q4

s filtered

out in Fig. 2). The purpose of setting the gate is to filter

out the unconfident teacher model in{hd
k }K

k = 1.

2) For the remaining teacher models, the confi‐
dence degrees of the same classes are summed (shown
as tables summed in the same column in Fig. 2), and the
class with the largest summed confidence degree is set
as the consensus class (as the consensus class is Dragon
in Fig. 2). Then, we filter out the teacher models whose
confidence degree of the consensus class is smaller than
the gate (as q3

s filtered out in Fig. 2).

3) At this point, we have obtained a set of teacher
models that all support consensus classes. These models
were integrated on average to obtain high quality knowl‐
edge pi while recording the support for the number of

source domains npi
.

The contribution of each source domain is calcu‐
lated according to the obtained high-quality knowledge
pi and the number of models npi

supporting the consen‐

sus class. We first calculate the integrated knowledge
quality Q (S ) about the set S of source domains by using

equation (2), then consider the contribution of the source
domain Dk

s to the integrated knowledge quality by re‐
moving the k-th source domain Dk

s from the set S of

source domains to obtain a new set (S ∖ {Dk
s}), and simi‐

larly calculate the integrated knowledge quality

Q (S ∖ {Dk
s}) using equation (2), and the degree of de‐

crease in knowledge quality Q (S ) and knowledge qual‐

ity Q (S ∖ {Dk
s}) indicates the degree of contribution

C (Dk
s ) of source domain Dk

s to the set S, which is calcu‐

lated as shown in equation (3).

Q (S ) = ∑
X t

i ÎDt

npi
(S )*max pi(S ) (2)

Fig.2 Flowchart of the improved knowledge distillation
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C (Dk
s ) = Q (S ) -Q (S ∖ {Dk

s}) (3)

And through equation (4), high weights are given to
source domains with high contribution degree and low
weights are given to source domains with low contribu‐
tion degree.

αk =
C ( )Dk

s∑k = 1

K C(Dk
s )

(4)

2.3 Network Architecture and Loss Function

Although the improvement of integration strategy
of knowledge distillation brings higher quality transfer‐
able integration knowledge, knowledge distillation can
only use this integration knowledge to improve the ag‐
gregation process of servers in federated learning, but
does not fully utilize the integration knowledge to guide
local model training. As each client updates its local
model, its local optimum may be far from the global op‐
timum, a distance that grows worse as the number of fed‐
erated learning iterations increases, and which in turn af‐
fects the quality of knowledge integration. Contrastive
learning can bring local models closer to the global
model, so this paper adds contrastive learning to the
training process of local models to mitigate the inherent
heterogeneity among local models. Minor but effective
modifications are mainly made to the network architec‐

ture and loss functions of the local models.
As shown in Fig. 3, the network architecture of the

local model is divided into two parts: the feature extrac‐
tion and the classifier. The feature extraction is used to
obtain a feature representation of each image in the same
dimension, and the classifier is used to generate pre‐
dicted confidence for each class. The loss function of the
local model also consists of two parts, one is the most
typical cross-entropy loss function defined as lcro and the
other is the model contrastive loss function defined
as lcon.

During every iteration of federated learning, each
client trains its local model hd

k and uploads the model to
the server. After server aggregation, the server sends the
global model hd

t to each client, and then the client uses
the local data to update the global model to get a new lo‐
cal model hd + 1

k . As shown in Fig. 3, in a federated learn‐
ing round we call the model hd

k as the previous model,
and define the feature representation of the local sample
data obtained from the previous model as zprev. Model hd

t

is called the globe model, and the feature representation
of the local sample data through the globe model is de‐
fined as zglob. Model hd + 1

k is called the local model, and
the feature representation of the local sample data ob‐
tained from the local model is defined as z.

Then the model contrastive loss function is defined

as:

lcon =-log
exp ( )sim ( )zzglob t

exp ( )sim ( )zzglob t + exp ( )sim ( )zzprev t

(5)

With such model contrastive loss, each client can

constrain the similarity between z and zglob to be increas‐
ing and the similarity between z and zprev to be decreas‐
ing as it updates its local model. This allows its local
model to be closer to the global model, and mitigates the
inherent heterogeneity among local models.

The loss function of the final local model is defined
as:

l = lcro + μlcon (6)

Fig.3 Network architecture and loss function for local models
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where μ is a hyperparameter that controls the weight of

the model contrastive loss.

2.4 Overall Flow of the Algorithm

The entire algorithm workflow is shown in Algo‐

rithm 1. Except that model contrastive learning is not

available in the first round of communication, we can

combine the improved knowledge distillation method

with model contrastive learning in all other communica‐

tion rounds, mitigate negative transfer by assigning

weights to each domain during the aggregation stage of

federated learning, and optimize the inherent heterogene‐

ity of local models through model contrastive learning

during the local training stage of federated learning.

Algorithm 1 The whole process of the algorithm

Input：source domain S ={Dk
s }K

k = 1, target domain Dt，source

model{hd
k }K

k = 1, target model hd
t，number of communication rounds

D, confidence threshold gate, temperature t, hyper-parameter μ

Output：the final target model hD
t

(1)

(2)

(3)

(4)

(5)

(6)

(7)

(8)

(9)

(10)

(11)

(12)

(13)

while d = 1 do

for Dk
s in S do

source model initialize: hd
k //train hd

k with classification loss

{α k
}K

k = 1 = ImprovedKnowledgeDistillation({hd
k }K

k = 1gate)

target model hd
t =∑k = 1

K αkhd
k

for d = 2,3,…,D do

for k = 1,2,…,K in parallel do

send the target model hd - 1
t to Dk

s

hd
k ←← LocalTraining(hd - 1

t hd - 1
k tμ)

//train hd
k with classification loss and model-contrastive loss

{α k
}K

k = 1 = ImprovedKnowledgeDistillation({hd
k }K

k = 1gate)

target model hd
t =∑k = 1

K αkhd
k

return hd
t

3 Experiments and Analysis of
Results

3.1 Experimental Setup

3.1.1 Datasets

We chose DomainNet[8], the largest domain adapta‐

tion dataset, which contains six domains: clipart, info‐

graph, painting, sketch, real, quickdraw, and each do‐

main contains 345 common objects. For the clipart and

infograph domains, there are about 150 images per cat‐

egory on average; for the painting and sketch domains,

there are about 220 images per category on average; and

for the real domain, there are about 510 images; for the
quickdraw domain, there are 500 images per category,
and the entire dataset contains 5.96 million images.
There are obvious problems of domain shift and data het‐
erogeneity among various domains, which is suitable to
be used to verify the feasibility of our method. During
the experimental setup, we conventionally select each
domain in turn as the target domain and use the remain‐
ing domains as the source domains.
3.1.2 Baselines

We conducted extensive horizontal comparison ex‐
periments with three classical federated multi-source do‐
main adaptation methods, namely the SHOT[22], the
FADA[4] and the KD3A[15]. Among them, the KD3A also
adopted knowledge distillation to improve the efficiency
of model aggregation. Five sets of vertical comparison
experiments were also conducted by selecting each do‐
main in turn as the target domain. Comparisons were
made in terms of model accuracy and for the number of
communication rounds when the global model reached
convergence.
3.1.3 Experimental environment configuration

After summarizing some of our previous work, we
implemented our algorithm by the PyTorch, using a pre-
trained ResNet to extract image features, and using a
fully-connected layer as a classifier to output the confi‐
dence for each class. For model optimization, we used
stochastic gradient descent (SGD) with 0.9 momentum
as the optimizer and used a cosine annealing strategy to
reduce the learning rate from 0.005 to 0.001, with batch
size set to 50 and communication rounds set to 80. In the
process of performing knowledge distillation, we slowly
increased gate from 0.8 to 0.95 to find the most appropri‐
ate gate. We set the temperature parameter t to 0.5 and
the weight μ of model contrastive loss to 1 by default.

3.2 Model Accuracy

The top-1 model accuracy was compared between
the different algorithms under the same experimental
setup as described above. Five experiments were con‐
ducted for each algorithm, and the results with the high‐
est accuracy were selected from the five experiments, as
shown in Table 1. By comparing the model accuracy of
multiple UMDA methods, it can be found that the model
accuracy of our proposed algorithm is the highest, with
an average accuracy of 1.4% higher than the KD3A, 7%
higher than the SHOT, and 9.7% higher than the FADA.
It suggests that knowledge distillation and contrastive
learning can be additive to each other, although they act
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in different stages of federated domain adaptation.

3.3 Privacy and Security

Table 2 shows the number of communication
rounds required by KD3A and our proposed algorithm to
achieve the same model accuracy. We can observe that
for the target domain of Quickdraw, the proposed algo‐
rithm achieves the model accuracy of KD3A with only

one-third of the communication rounds of KD3A; for
the target domains of Infograph, Painting and Real, the
proposed algorithm requires less than half of the commu‐
nication rounds than KD3A. This indicates that the pro‐
posed algorithm is much more efficient than the KD3A
in terms of communication. This means that contrastive
learning is an effective solution for reducing the distance
between the local and global models, and that the con‐
trastive loss of our models can effectively improve accu‐
racy without slowing down convergence.

An attacker can recover the image from the gradi‐
ents passed during the communication[23], which means
that the more the rounds of communication, the longer
the model gradients of the local models are in the com‐
munication process, while leading to privacy leakage
and making the process of training the models through
federated learning insecure. In this regard, the higher the
communication efficiency of the algorithm, the higher
the privacy security of the algorithm for the data.

3.4 Communication Efficiency

Both KD3A and the proposed algorithm optimize
the global model using knowledge distillation in the
server aggregation phase, so a comparison in communi‐
cation efficiency with the KD3A better illustrates that
the proposed algorithm can compensate for the short‐
coming that knowledge distillation only improves the
global model but does not address the inherent heteroge‐
neity among local models.

Figure 4 shows the variation in accuracy for each
round during the training period. As seen in Fig. 4, the

Table 2 The number of rounds of different approaches to

achieve the same accuracy

Target domain

Clipart

Infograph

Quickdraw

Painting

Real

Sketch

KD3A

round

80

80

80

80

80

80

speedup

1´

1´

1´

1´

1´

1´

Ours

round

55

32

26

38

33

49

speedup

1.4´

2.5´

3´

2.1´

2.4´

1.6´

Table 1 UMDA accuracy on the DomainNet dataset %

Target domain

Clipart

Infographics

Quickdraw

Painting

Real

Sketch

Avg

SHOT

61.7

22.2

12.2

52.6

67.7

48.6

44.2

FADA

59.1

21.7

8.8

47.9

60.8

50.4

41.5

KD3A

73.3

21.8

15.3

59.5

69.9

58.7

49.8

Ours

74.2

23.2

16.7

60.6

72.7

59.8

51.2

Fig. 4 Variation of accuracy with communication rounds
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accuracy of the proposed algorithm improves faster than
that of the KD3A before 10 rounds, regardless of which
domain is used as the target domain; for each round after
10 rounds, the accuracy of the algorithm we proposed is
higher than that of the KD3A. This indicates that the pro‐
posed algorithm has higher communication efficiency
and can improve accuracy effectively without slowing
down the convergence rate.

4 Conclusion

This paper presents a federated domain adaptation
algorithm based on knowledge distillation and contras‐
tive learning. The impact of data heterogeneity on model
accuracy and convergence is mitigated by a two-pronged
approach in the local model training phase and the
server aggregation phase. To make better use of the
transferable integration knowledge, knowledge distilla‐
tion is combined with contrastive learning so that the in‐
tegration knowledge obtained through the knowledge
distillation can be used to tune the local model while al‐
lowing better optimization of the integration knowledge
quality. At the same time, the combination of model-
level contrastive learning with knowledge distillation is
extended to self-supervised learning.

The algorithm proposed in this paper can effec‐
tively protect the privacy of industrial data, break the in‐
formation silos, and solve the problem of unsafe knowl‐
edge sharing caused by privacy invasion and leakage of
industrial data stream. The algorithm also has strong ro‐
bustness in the face of unbalanced industrial data, which
can be used more effectively to exploit the unbalanced
data in the industrial field and uncover greater value.
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