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Abstract: The goal of decentralized multi-source domain adaptation is to conduct unsupervised multi-source domain
adaptation in a data decentralization scenario. The challenge of data decentralization is that the source domains
and target domain lack cross-domain collaboration during training. On the unlabeled target domain, the target
model needs to transfer supervision knowledge with the collaboration of source models, while the domain gap will
lead to limited adaptation performance from source models. On the labeled source domain, the source model tends
to overfit its domain data in the data decentralization scenario, which leads to the negative transfer problem. For
these challenges, we propose dual collaboration for decentralized multi-source domain adaptation by training and
aggregating the local source models and local target model in collaboration with each other. On the target domain, we
train the local target model by distilling supervision knowledge and fully using the unlabeled target domain data to
alleviate the domain shift problem with the collaboration of local source models. On the source domain, we regularize
the local source models in collaboration with the local target model to overcome the negative transfer problem. This
forms a dual collaboration between the decentralized source domains and target domain, which improves the domain
adaptation performance under the data decentralization scenario. Extensive experiments indicate that our method
outperforms the state-of-the-art methods by a large margin on standard multi-source domain adaptation datasets.
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1 Introduction

Deep learning methods need labeled data on a
large scale to learn knowledge (Han et al., 2021; Yang
Y et al., 2021; Gao et al., 2022; Zhao YB et al., 2022)
from data. To reduce the cost of labeling data, unsu-
pervised multi-source domain adaptation (UMDA)
uses multiple labeled source domains and an unla-
beled target domain to train a model to perform well
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on the unlabeled target domain. The conventional
UMDA methods (Xu et al., 2018; Peng et al., 2019;
Zhao SC et al., 2019, 2021; Venkat et al., 2020; Li
RH et al., 2021; Pu et al., 2021; Zhou et al., 2021)
need to access the data from the labeled source do-
main and unlabeled target domain simultaneously to
reduce the domain gap. However, due to data pri-
vacy and storage cost concerns, the data from differ-
ent domains are isolated and cannot be accessed by
other domains. This decentralized multi-source do-
main adaptation (DMDA) (Liang et al., 2020; Feng
et al., 2021) scenario presents a great challenge for
the conventional UMDA methods.

The existing DMDA methods (Liang
et al., 2020; Feng et al., 2021) solve the data
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decentralization challenge and domain shift prob-
lem by fine-tuning the source models or distilling
supervision knowledge from source models in the
unlabeled target domain. The source-free methods
(Li R et al., 2020; Liang et al., 2020; Ahmed et al.,
2021) pre-train the source model using only the
labeled source domain data and then fine-tune
the source model on the unlabeled target domain
by using pseudo-labels. The source-free training
paradigm can transfer knowledge from the source
domain to the target domain without accessing the
source domain data, but the source-free paradigm
leads to limited adaptation performance due to
the lack of collaboration between the decentralized
source domains and target domain. For example,
the pre-trained source models tend to overfit the
distribution of source domain data without the
collaboration of the target domain, which reduces
the transfer performance and leads to the negative
transfer problem on the target domain. The other
DMDA methods (Peng et al., 2020; Feng et al.,
2021; Wu and Gong, 2021) collaboratively train
the local source models and local target model on
the decentralized domains to obtain a global model
that performs well on the target domain. These
collaborative methods focus on training the local
target model on the decentralized unlabeled target
domain by distilling supervision knowledge, for ex-
ample, the high-confidence pseudo-labels generated
by the local source models (Feng et al., 2021; Wu
and Gong, 2021), while the domain shift problem
reduces the domain adaptation performance by
distilling knowledge from the local source models.

There are two obstacles to DMDA. First, the
data distribution discrepancy between the source
domains and target domain leads to limited adap-
tation performance on the decentralized target do-
main. The source models inevitably generate inaccu-
rate pseudo-labels for fine-tuning or distilling knowl-
edge in the unlabeled target domain, which reduces
the domain adaptation performance. Alleviating the
domain shift problem on the decentralized unlabeled
target domain should be considered. Second, the
source models tend to overfit their domain data un-
der the data decentralization scenario, which leads to
the source models shifting away from the distribution
of target domain data. This domain shift problem
reduces the transferable performance of the source
models and leads to the negative transfer problem

when applying the source models to the target do-
main. A method for overcoming the negative transfer
problem in the decentralized source domains should
also be considered.

For the above DMDA challenges, we propose
a dual collaboration framework for decentralized
multi-source domain adaptation (DC-MDA). Under
the dual collaboration framework, models from dif-
ferent domains are used as the bridge for reducing
the domain gap, while the data from different do-
mains are still kept decentralized and cannot be ac-
cessed by other domains. On the decentralized tar-
get domain, we propose a domain weighted soft label
(DWSL) strategy to generate soft labels by integrat-
ing the predictions from multiple local source models
according to the confidence of predictions, which can
alleviate the inaccurate pseudo-label problem on the
target domain. Meanwhile, to alleviate the domain
shift problem, we propose consistency regularization
(CR) to constrain the consistency of cross-domain
prediction for different views of the same sample.
Entropy minimization (EM) is used to increase the
confidence on the low-confidence target domain data.
On the decentralized source domains, we propose
model consistency regularization (MCR) to regular-
ize the local source model toward the target domain
model during training, which alleviates the negative
transfer problem. Then we aggregate the local source
models and local target model to obtain a global
model, and repeat the training process on the de-
centralized source domains and target domain. The
training procedures on the decentralized source do-
main with the collaboration of the target domain
model and on the decentralized target domain with
the collaboration of source domain models form a
dual collaboration for reducing the domain gap in a
decentralized data scenario.

Overall, the contributions can be summarized
as follows:

1. A dual collaboration framework is proposed
to reduce the domain gap between the decentralized
source domains and target domain.

2. On the decentralized target domain, we pro-
pose a DWSL strategy to generate pseudo-labels
and improve the discrimination of the target domain
model by fully using the unlabeled target domain
data.

3. On the decentralized source domains, we reg-
ularize local source models toward the target domain
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model during training to reduce the domain gap.

4. Experiments have been conducted on stan-
dard multi-source domain adaptation datasets, indi-
cating the superior performance of our DC-MDA.

2 Related works
2.1 Unsupervised domain adaptation

The conventional unsupervised domain adapta-
tion (UDA) methods aim to transfer knowledge from
the labeled source domain to the unlabeled target do-
main. The existing UDA methods focus mainly on
the single source domain scenario (Ganin and Lem-
pitsky, 2015; Long et al., 2015; Li S et al., 2018).
However, in the real world, there may exist multiple
source domains related to the target domain, which
can be used to conduct domain adaptation from mul-
tiple source domains to a single target domain.

The existing UMDA methods conduct domain
alignment between the target domain and multi-
ple source domains by adversarial learning based
methods (Zhao H et al., 2018; Zhao SC et al., 2020)
or discrepancy-based methods (Xu et al., 2018; Peng
et al., 2019). Other UMDA methods conduct do-
main alignment by graph modeling (Wang H et al.,
2020), a sample selection strategy (Yang LY et al.,
2020), or CR methods (Zhou et al., 2021). Different
from the single source domain adaptation scenario,
the discrepancies of different source domains should
be considered to conduct domain alignment in the
multi-source scenario (Li RH et al., 2021; Nguyen
et al., 2021; Zuo et al., 2021).

The conventional UMDA methods usually need
to access source domain data and target domain data
simultaneously. For the adversarial learning based
methods, the adversarial training between source
domain data and target domain data is conducted
for domain alignment. For the discrepancy-based
methods, MMD alignment is conducted on the
source domain data and target domain data to re-
duce the distribution discrepancy. While consider-
ing the data privacy and storage cost, the data from
different domains are decentralized and cannot be
exchanged across domains. We focus on the more
challenging DMDA scenario.

2.2 Source-free methods

Source-free methods (Kundu et al., 2020, 2021;
Li R et al., 2020; Liang et al., 2020; Ahmed et al.,
2021; Liu et al., 2021; Qiu et al., 2021; Xia et al.,
2021) assume that source domain data cannot be ac-
cessed on the target domain, while the well-trained
source domain model can be accessed on the target
domain to conduct domain adaptation. The source-
free methods solve the data decentralization chal-
lenge using pre-training on the source domain and
then fine-tuning on the target domain. The rep-
resentative work of source-free methods is Source
HypOthes Transfer (SHOT) (Liang et al., 2020),
which implicitly aligns representations of target do-
main data to the source hypothesis by freezing the
classifier of the source model and fine-tuning the fea-
ture extractor on the target domain.

Most source-free methods focus on the single-
source scenario, which ignores the difference in mul-
tiple source domains in the multi-source scenario.
Recently, Data frEe multi-sourCe unsupervISed do-
maln adaptatiON (DECISION) (Ahmed et al., 2021)
improves SHOT in the multi-source scenario. DECI-
SION combines the predictions and features from
different source models with the learnable domain
weights to obtain better performance.

The source-free methods solve the data decen-
tralization challenge by pre-training on the source
domain and then fine-tuning on the target domain.
This approach lacks collaboration between the de-
centralized source and target domains during train-
ing. Different from the source-free methods, our dual
collaboration framework can reduce the domain gap
between the decentralized source domains and target
domain in a collaborative manner.

2.3 Unsupervised federated domain adapta-
tion methods

Unsupervised federated domain adaptation
(UFDA) (Peng et al., 2020) aims to solve the DMDA
problem using the federated learning (FL) paradigm
(McMahan et al., 2017; Yang Q et al., 2020). The
FL paradigm has been well explored with respect
to the data decentralization challenge, which as-
sumes that decentralized data cannot leave their lo-
cal clients while the models from different clients
can be exchanged. There are some works (Peng
et al., 2020; Feng et al., 2021; Wu and Gong, 2021;
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Wang B et al., 2022) that explore the DMDA prob-
lem under the FL paradigm. Federated adversar-
ial domain adaptation (FADA) (Peng et al., 2020)
solves the DMDA problem by federated adversar-
ial alignment and representation disentanglement.
Collaborative optimization and aggregation (COPA)
(Wu and Gong, 2021) solves the DMDA problem
by learning the domain-invariant representation and
using hybrid batch-instance normalization to im-
prove the generalization. Self-supervised federated
domain adaptation (SFDA) (Wang B et al., 2022)
uses the similarity between the source and the target
domain class centroids to generate pseudo-labels for
the unlabeled target domain.

Knowledge distillation based decentralized do-
main adaptation (KD3A) (Feng et al., 2021) is the
representative work that solves the DMDA problem
by generating a pseudo-label on the unlabeled tar-
get domain and aggregating the local models with
domain weights. The knowledge vote (KV) gener-
ates a high-quality pseudo-label by voting to avoid
inaccurate labels. The consensus focus filters the
irrelevant and malicious source domains by allocat-
ing domain weights according to the contributions of
different domains. KD3A provides a framework for
solving the DMDA problem under the FL paradigm
by iteratively training and aggregating local feature
extractors from different domains and keeping the
classifiers from different domains specifically.

Different from the source-free methods, the FL-
based methods can collaboratively train the isolated
source domain data and target domain data. The
data from different domains are kept isolated. How-
ever, the models from different domains can be ex-
changed across domains to reduce the domain gap
in the data decentralization scenario. Our method
follows the UFDA setup. Different from the exist-
ing UFDA methods, our dual collaboration method
trains the local target model with the collaboration
of local source models to distill supervision knowl-
edge, and trains the local source models with the
collaboration of the local target model to overcome
the negative transfer problem. In the model aggrega-
tion stage, the feature extractors and classifiers from
different domains are simultaneously aggregated to
reduce the model discrepancy between the source do-
mains and target domain.
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3 Methodology
3.1 Problem setting and definition

We focus on the DMDA setup, which assumes
that the decentralized data from different domains
cannot be exchanged, while the models trained on
the decentralized domains can be exchanged for do-
main adaptation. In this work, we consider the
general K-way image classification task. There
are m labeled source domains {Lg;}7"; and an
unlabeled target domain Up = {z%}N%, where
Ls, = {wlsj,yls]}lj\ff with Ng, samples. The af €
Xs, and ygj € R¥ denote the i*® image and the
corresponding label from the S;-h source domain, re-
spectively. The xf. € Xr denotes the i*" unlabeled
target domain image. The purpose of DMDA is to
obtain a model that performs well on the unlabeled
target domain under the data decentralization sce-
nario. Under our DC-MDA framework, each source
domain and target domain leverages its domain data
to train a local model. The local model can be de-
noted as { Mg, }7L, for the m source domains and
M for the target domain. Each local model is com-
posed of a feature extractor g and a classifier f. After
aggregating local source models { M, }72; and local
target model M, we obtain a global model M.

3.2 Framework

The overall framework of our method is shown
in Fig. 1. For a training round, we train the local
source model Mg, on the source domain by cross-
entropy loss .. and the MCR loss fy,c, regularized
by local target model M in step 1. Then we up-
load the trained local source models {Mg;}7"; to
the target domain. On the target domain, we distill
knowledge from {Mg; };”:1 using the loss fgyws and
increase the discrimination of the local target model
M using CR loss /., on high-confidence data and
EM loss £o, on low-confidence data in step 2. Then,
we aggregate Mt and {Mg;}2; to obtain a global
model Mg in step 3. The global model Mg is up-
loaded to the source domains and target domain to
initialize the local source models {Ms;}; and lo-
cal target model Mt to conduct the next round col-
laborative training. The local target model M is
also uploaded to the source domains to regularize the
local source models { Mg, }7; on the next round.
In this way, the decentralized data from different
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Fig. 1 The framework of dual collaboration decentralized multi-source domain adaptation (DC-MDA) for
solving decentralized multi-source domain adaptation (DMDA)

There are three steps in a round. In step 1, we train the local source models Mg, on source domain Cs]. with the collaboration
of local target model Mr. Then the local source models {Msj };":1 are uploaded to the target domain. In step 2, we train
the local target model Mt on target domain Ut with the collaboration of local source models {Msj };”:1 In step 3, we
aggregate the local source models {Msj };":1 and local target model M to obtain global model M. Then, global model
Mg is uploaded to the source domains and target domain, and is used to initialize the local source models and local target
model. The local target domain model M is uploaded to source domains to regularize the training of local source models

on the next round. On the next round, the above steps 1-3 are repeated

domains remain in their domain and the trained lo-
cal models are used as bridges to conduct domain
adaptation. During the first round, the source do-
main lacks a local target domain model, and we train
only local source domain models using cross-entropy
loss ce. The details of local target model training
and local source model training are shown in the fol-
lowing subsections.

3.3 Local target domain model training
3.3.1 Domain weighted soft label

For training the local target model on the decen-
tralized target domain, we propose a novel DWSL
strategy to generate soft labels for unlabeled data
with the collaboration of local source models.

Different strategies can be used to generate
pseudo-labels for the unlabeled target domain data
using the local source models. The first strategy
uses the max prediction p;= on the unlabeled tar-
get domain data x% from local source models as
the pseudo-label §; = arg max(p;-). Due to the do-
main shift, this max strategy will lead to inaccurate
pseudo-labels on the target domain. The other strat-
egy is to average the predictions from different local
source models. This mean strategy can capture the

distribution of different classes to overcome the inac-
curate pseudo-label problem, but leads to class con-
fusion due to smoothing class distribution. The vote
strategy, such as the KV used in KD3A, uses the
most frequent prediction as the pseudo-labels. How-
ever, the above pseudo-label strategies ignore the
discrepancy between source domains and the target
domain.

To use the complementary predictions from dif-
ferent local source models, we average the predic-
tions from different local source models by differ-
ent domain weights {as,}7L, to obtain a weighted
prediction:

L& ;
j=

However, the weights of different models may
be hard to determine under the data decentraliza-
tion scenario. The prediction entropy indicates the
prediction confidence for the unlabeled target do-
main data x.. So, we calculate the source domain
weights {as; }72, according to the entropy {hs;}7";
from multiple local source models:

_ exp(l/hs)
T ST exp(1/hs,)’

(2)

as
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where hg, = —6(Mg, (xf)) In(6(Ms, (x7))).

The weighted prediction leads to class distribu-
tion confusion due to averaging. To reduce class con-
fusion, we sharpen the weighted prediction to obtain
the final soft label:

N ﬁl/T 3

TS o
where the temperature parameter 7 sharpens the do-
main weighted mean prediction when 7 < 1.0.

Then we use the sharpened DWSL, whose
largest class probability §* is larger than a threshold
T as the high-confidence soft label. The threshold
can filter the low-confidence pseudo-labels.

Once the high-confidence soft pseudo-labels are
obtained by the DWSL strategy, we can train the
local target model using cross-entropy:

lawst = —Eqgi c 197 = T)97 In(6 (M (7)),
(4)
where (-) denotes the softmax function and I de-
notes the indicator function.

3.3.2 Consistency regularization

To improve the discrimination of the local target
model, we use CR on the target domain. CR comes
from the cluster assumption, which requires that the
output of the classifier should be consistent between
input images and their perturbed versions (Miyato
et al., 2018).

The cluster assumption can cause the decision
boundaries to be far away from the high-density
data regions, which leads to better discrimination
in the target domain and alleviates the domain shift
problem. We use the strong image augmentations
RandAugment (Cubuk et al., 2020) to generate the
perturbed version of the unlabeled target domain im-
age x' as A(x%.). Then we use the square of the /5
norm to ensure the consistency between the predic-
tion from the online local target model on A(z?.) and
the offline local source models on @%.. The CR loss
is as follows:

Zcr -

~ B et 17 2 T)

g — S(Me(A@))||2]:
(5)

3.3.3 Entropy minimization

For the low-confidence unlabeled target domain
data, whose largest class probability i+ is lower than

a threshold T', we use EM (Saito et al., 2019) to make
sure that the local target model is confident on the
prediction:

lom =
— By ctrs 105 < T)5(Mer(@h)) In(5(Mer (@h)))].
(6)
For the target domain, the overall loss during
local target domain training can be shown as follows:

Etar = édwsl + Zcr + Zem' (7)

On the isolated target domain, the supervised
knowledge from the source domains is transferred
to the target domain by pseudo-labels generated by
the source models and the consistency between the
source models and the target model, which can re-
duce the domain gap between the labeled source do-
mains and unlabeled target domain.

3.4 Local source domain model training

For the j*® source domain, there are ground
truth labels for training, so the cross-entropy loss
is adopted for training the local source model:

Lee = _Ezisj €Ls; [y?S'] ln(é(Msj (ng )))] (8)

To solve the overfitting problem during local
source model training, we use the local target model
to regularize the local source model. MCR is pro-
posed as follows:

Cuner = |95, — 913 (9)

where we use the square of the {5 norm to regularize
the local source domain feature extractor gs;, and do
not shift away from the local target feature extractor
g too much to relieve the negative transfer problem.

Detailed analysis of the negative transfer prob-
lem on the decentralized source domains and the ef-
fect of model regularization is shown in the experi-
ments section.

For the source domain, the overall training loss
can be shown as follows:

Zsrc = éce + /\chn (10)

where )\ is a hyper-parameter to control the ratio of
Crer-

On the isolated source domain, the source model
is regularized to the target domain model, which can
reduce the domain gap between the source domain
and target domain on the model level.
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3.5 Model aggregation

After the local training, e.g., 1 epoch, the local
source models { Mg, }; and the local target model
M are aggregated by parameter averaging:

1 " Ng, N
Mg = —— ; NoMs, + M| (1)
where Niot = Z;’;l Ns; + Nt denotes the sum of
the source and target domain samples.

In the next round, the global model M is used
to initialize the local models {Ms; }7", on the source
domains and M~ on the target domain. In the next
round, the local training on the source domains and
target domain will be repeated.

The overall algorithm that trains £ rounds is
shown in Algorithm 1.

4 Experiments
4.1 Datasets

We conduct experiments on the standard multi-
source domain adaptation datasets including Digit-5,
Office31, Office-Caltech10, and DomainNet.

1. Digit-5 is a dataset with digit images of 10
classes from five domains: MNIST (mt), USPS (up),
MNIST-M (mm), SVHN (sv), and Synthetic (sy).
Each domain contains 25 000 images for training and

Algorithm 1 DC-MDA method
Input: Source domain data {Lg;}72; and target domain
data Ut
Output: Global model Mg
1: Initialize the local

models with the same initial
parameters

2: for t=1 to FE do

3: for j=1 to m do

4: Train local source model ./\/lsj with loss fgrc
(Eq. (10)) on source domain Lg;
5: end for
6: Upload local source models {Msj };n:l to the target
domain
7: Train Mt with loss 4iar (Eq. (7)) on target domain
U

8:  Aggregate {Mg }72, and My to obtain Mg with
Eq. (11) // Model aggregation

9: Upload global model M to the source domains and
target domain to initialize the local models {Ms; 72,
and M, and upload the local target model M to
source domains

10: end for

11: return Mg
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9000 for testing. USPS uses 29 752 images for train-
ing and 1860 for testing.

2. Office31 contains 4110 images of 31 classes
from three domains: Amazon (A), Webcam (W),
and DSLR (D). We split the training set and testing
set by the ratio of 8:2 on each class.

3. Office-Caltech10 contains 2533 images of 10
classes from four domains: Amazon (A), Webcam
(W), DSLR (D), and Caltech-256 (C). We split the
training set and testing set by the ratio 8:2 following
KD3A (Feng et al., 2021).

4. DomainNet is the largest real-world domain
adaptation dataset with 0.6 million images of 345
classes from six domains: Clipart (clp), Infograph
(inf), Painting (pnt), Quickdraw (qdr), Real (rel),
and Sketch (skt). The partition of the training set
and testing set follows the common approach (Peng
et al., 2019).

4.2 Baseline methods

In our experiments, we compare our method
with the state-of-the-art source-free methods and
UFDA methods in the DMDA setup. The source-
free methods include SHOT (Liang et al., 2020)
and DECISION (Ahmed et al., 2021). The UFDA
methods include FADA (Peng et al., 2020), SFDA
(Wang B et al., 2022), COPA (Wu and Gong, 2021),
and KD3A (Feng et al., 2021). The results of
conventional UMDA methods in the UMDA setup
are also reported, including the adversarial learn-
ing based methods DANN (Ganin and Lempitsky,
2015), MDAN (Zhao H et al., 2018), MDDA (Zhao
SC et al., 2020), and DCTN (Xu et al., 2018). The
discrepancy-based methods are DAN (Long et al.,
2015), M3SDA (Peng et al., 2019), and ABMSDA
(Zuo et al., 2021). The sample selection method is
CMSS (Yang LY et al., 2020), and the other state-
of-the-art methods are DAEL (Zhou et al., 2021),
LtC-MSDA (Wang H et al., 2020), T-SVDNet (Li
RH et al., 2021), and STEM (Nguyen et al., 2021).

4.3 Implementation details

Following the previous setup (Feng et al., 2021),
we use a three-layer convolutional neural network
(CNN) as the backbone for the Digit-5 dataset. The
local model is optimized by the stochastic gradient
descent (SGD) optimizer with 0.9 momentum, and
the cosine schedule is used to decay the learning rate
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from 0.05 to 0 during training. The batch size is 128,
the confidence threshold 7T is 0.9, and the tempera-
ture parameter 7 is 0.8.

For the Office3l dataset, we use ResNet50
pre-trained on ImageNet as the backbone. For the
Office-Caltech10 and DomainNet datasets, we use
ResNet101 pre-trained on ImageNet as the back-
bone. The batch size is 32 for Office31, 16 for Office-
Caltech10, and 40 for DomainNet. SGD is used as an
optimizer with 0.9 momentum and the cosine sched-
ule is used to decay the learning rate from 0.01 to 0.
The confidence threshold T used in DWSL is 0.9 and
the temperature parameter 7 is 0.4.

On the Digit-5, Office31, Office-Caltech10, and
DomainNet datasets, the A of £, in fgc is 0.001.
We train the local model 1 epoch on their domain
and then aggregate these local models to conduct
the next round of training. The total training round
FE is 100.

In our experiments, we choose one domain as an
unlabeled target domain and the remaining domains
as the labeled source domains. Each experiment is
repeated five times on different random seeds. The
mean accuracy and standard deviations are reported
for the experiments. We use PyTorch to implement
our method and conduct the experiments with 6x
NVIDIA RTX 3090 GPU.

4.4 Digit classification

The results on the Digit-5 dataset are shown
in Table 1. For the easy domain, e.g., MNIST, the
source-only method, which directly uses the model
trained on the source domains, can achieve 92.3%
accuracy, while for the hard domains, e.g., MNIST-
M and SVHN, the source-only method achieves only
63.7% accuracy on MNIST-M and 71.5% on SVHN
due to the domain gap. The conventional UMDA
methods, such as the adversarial learning based
methods DANN and MDDA and the discrepancy-
based methods DAN and M3SDA, conduct domain
alignment to reduce the domain gap and achieve bet-
ter performance. The state-of-the-art methods, e.g.,
ABMSDA, T-SVDNet, and STEM, consider the con-
tributions of different source domains and achieve
better performance, which indicates that combining
different source domains with domain weights is im-
portant. However, these methods need to access the
source domain data and target domain data simul-
taneously and cannot work under the data decen-

tralization scenario. Our method even outperforms
these methods by overcoming domain shift and data
decentralized challenges simultaneously.

For source-free methods, SHOT and DECISION
achieve 90.2% and 94.0% average accuracy by fine-
tuning the source domain model on the unlabeled
target domain. SHOT treats the multi-source do-
main scenario as single source domain adaptation
by simply averaging the predictions from multiple
models transferring from a single source domain to
the target domain. DECISION achieves 94% ac-
curacy by weighting the predictions from different
source models, which indicates the importance of
distinguishing the contributions of different source
models, while source-free methods cannot collabora-
tively train source and target models. Our method
outperforms DECISION by collaboratively training
the source domains and target domain.

For the UFDA methods, KD3A achieves 92.0%
accuracy by using knowledge distillation on the tar-
get domain and weighted aggregation. Different
from SFDA, which uses class centroids to gener-
ate pseudo-labels, our method uses high-confidence
pseudo-labels to train the target domain model to
overcome the inaccurate pseudo-label problem. Dif-
ferent from KD3A, we use DWSL to obtain the
weighted soft label and fully use the unlabeled tar-
get domain data to improve the specific performance
of the local target domain model. Simultaneously,
local source domain models are regularized by the
local target domain model to overcome the negative
transfer problem, which will be analyzed in detail in
the ablation study section. So, as shown in Table 1,
our method achieves 97.3% average accuracy, outper-
forming the existing DMDA methods, e.g., FADA,
SFDA, COPA, and KD3A, by a large margin. Our
method even outperforms the conventional UMDA
methods, which can access the source domain data
and target domain data simultaneously.

4.5 Object recognition

The results on the Office31 and Office-Caltech10
datasets are shown in Tables 2 and 3, respec-
tively. As we can see, the source-only method
achieves 80.2% average accuracy on Office31 and
92.8% on Office-Caltech10. The conventional UMDA
methods, e.g., M3SDA, DCTN, and LtC-MSDA,
achieve better performance on the target domain
compared with the source-only method by aligning
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Table 1 Classification accuracy (mean+tstd) on the Digit-5 dataset

Classification accuracy (%)

Method Avg (%)
mt mm sV sy up
Source-only 92.3£0.9 63.7£0.8 71.54+0.8 83.4+0.8 90.7£0.5 80.3
DAN (Long et al., 2015) 96.3+0.5 63.84+0.7 62.51+0.7 85.44+0.8 94.240.9 80.4
DANN (Ganin and Lempitsky, 2015) 97.6+0.8 71.3£0.6 63.51+0.8 85.3+0.8 92.3+0.9 82.0
DCTN (Xu et al., 2018) 96.2+0.8 70.5+1.2 77.6+0.4 86.8+0.8 92.8+0.3 84.8
M3SDA (Peng et al., 2019) 98.44+0.7 72.8+1.1 81.3+0.9 89.6+0.6 96.1+0.8 87.7
MDAN (Zhao H et al., 2018) 97.2£1.0 75.7+0.8 82.2+0.8 85.2+0.6 93.3£0.5 86.7
MDDA (Zhao SC et al., 2020) 98.8+£0.4 78.61+0.6 79.3+0.8 89.7+0.7 93.9£0.5 88.1
CMSS (Yang LY et al., 2020) 99.0+0.1 75.3£0.6 88.41+0.6 93.7+0.2 97.7+0.1 90.8
ABMSDA (Zuo et al., 2021) 99.3£0.1 73.4+0.7 88.2+0.5 97.7£0.2 97.1£0.9 91.1
LtC-MSDA (Wang H et al., 2020) 99.0+0.4 85.61+0.8 83.21+0.6 93.0+0.5 98.3+0.4 91.8
T-SVDNet (Li RH et al., 2021) 99.3+0.1 91.24+0.7 84.9+1.5 95.7+0.3 98.6+0.2 93.9
STEM (Nguyen et al., 2021) 99.4 89.7 89.9 97.5 98.4 95.0
DAEL (Zhou et al., 2021) 99.54+0.0 93.840.1 92.51+0.2 97.940.0 98.7+0.8 96.5
SHOT (Liang et al., 2020) 98.2+0.4 80.2+0.4 84.5+0.3 91.1£0.2 97.1£0.3 90.2
DECISION (Ahmed et al., 2021) 99.2 93.0 82.6 97.5 97.8 94.0
FADA (Peng et al., 2020) 91.440.7 62.5+0.7 50.51+0.3 71.84+0.5 91.7+1.0 73.6
SFDA (Wang B et al., 2022) 99.1 72.3 86.0 90.4 98.1 89.2
COPA (Wu and Gong, 2021) 99.4 89.8 91.0 97.5 99.2 95.4
KD3A (Feng et al., 2021) 99.2+0.1 87.3£0.2 85.6£0.2 89.4%+0.3 98.5£0.3 92.0
DC-MDA 99.640.0 97.140.2 93.2+1.1 97.6£0.4 98.8+0.1 97.3

The best results are in bold

Table 2 Classification accuracy (mean) on the Of-
fice31 dataset

Table 3 Classification accuracy (mean) on the Office-
Caltech10 dataset

Accuracy (%)

Accuracy (%)

Method Avg (%) Method Avg (%)
A D W A C D W

Source-only 51.6 92.0 97.1  80.2 Source-only 86.1 87.8 98.3 99.0 92.8

DCTN (Xu et al., 2018) 54.9 99.6 96.9 83.8 DCTN (Xu et al., 2018) 92.7 90.2 99.0 99.4 95.3

M3SDA (Peng et al., 2019) 55.4 99.4 96.2 83.7 M3SDA (Peng et al., 2019) 94.5 92.2 99.2 99.5 96.4

MDAN (Zhao H et al., 2018) 55.2 99.2 95.4 83.3 CMSS (Yang LY et al., 96.6 93.7 99.3 99.6 97.2
MDDA (Zhao SC et al., 2020) 56.2 99.2 97.2 84.2 2020)

LtC-MSDA (Wang H et al., 2020) 56.9 99.6 97.2 84.6 STEM (Nguyen et al., 2021) 98.4 94.2 100 100 98.2

SHOT (Liang et al., 2020) 75.0 97.8 94.9 89.3 SHOT (Liang et al., 2020) 96.4 96.2 98.5 99.7 97.7

DECISION (Ahmed et al., 2021) 75.4 99.6 98.4 91.1 DECISION (Ahmed et al., 959 959 100 99.6 98.0
KD3A (Feng et al., 2021) 71.9 99.8 98.7  90.1 2021)

DC-MDA 75.8 100 100 91.9 FADA (Peng et al., 2020) 84.2 88.7 87.1 88.1 87.1

Y T T COPA (Wu and Gong, 95.8 94.6 99.6 99.8 975
2021)

features from the source domain and target domain, ~ KD3A (Fengetal, 2021) 7.4 964 98.4 99.7  97.9

DC-MDA 96.9 97.2 100 100 98.5

which indicates that reducing the domain gap will
greatly improve the performance on the target do-
main. Meanwhile, STEM achieves 98.2% average
accuracy on Office-Caltech10 by considering the con-
tribution of each source domain, which indicates the
importance of using domain weights.

In the data decentralization scenario,
method consistently outperforms the source-free
methods and UFDA methods. On the hard domains
such as Amazon (A) on the Office31 dataset and
Caltech-256 (C) on the Office-Caltech10 dataset, our
method outperforms DECISION due to the advan-

our

The best results are in bold

tage of dual collaborative training. Meanwhile, our
method outperforms the UFDA methods KD3A and
COPA because we fully explore the unlabeled target
domain under domain shift to improve the discrimi-
nation of the target domain model and overcome the
negative transfer problem on the source domain. On
the easy domains, such as DSLR (D) and Webcam
(W) on the Office31 and Office-Caltech10 datasets,
our method even achieves 100% accuracy. Compared
with other DMDA methods, our method achieves
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the best accuracy of 91.9% on Office31 and 98.5%
on Office-Caltech10, which indicates the effect of our
dual collaboration framework in the DMDA setup.

4.6 Results on DomainNet

The results on the DomainNet dataset are
shown in Table 4. The source-only method leads to
poor performance on the target domain, especially
in the hard domain Quickdraw, due to the huge
domain gap between the source domains and tar-
get domain. For the conventional UMDA methods,
e.g., M3SDA and DCTN, domain alignment is used
to reduce domain shift, while the results are slightly
better or even worse than those of the source-only
method. This negative transfer problem may be
caused by ignoring the discrepancies of different
ABMSDA achieves 47.6% aver-
age accuracy by weighted different source domains.
DAEL achieves 48.7% average accuracy by using

source domains.

pseudo-labels and ensuring the consistency between
the input images and their augmented views to over-
come the overfitting problem. Different from these
conventional UMDA methods, our method is de-
signed for a decentralized data scenario and uses
dual collaboration to obtain a global model that per-
forms well on the target domain. As shown in Ta-
ble 4, our DC-MDA method even outperforms the
conventional UMDA methods on the more challeng-
ing DMDA setup.

For the source-free methods, SHOT and DE-
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CISION achieve 44.2% and 45.9% average accu-
racy respectively on six domains by fine-tuning the
source-only models. This fine-tuning paradigm leads
to poor performance compared with collaborative
training sources and the target domain.

For UFDA methods, KD3A alleviates the neg-
ative transfer problem from the irrelevant domains
by assigning low weights during the model aggre-
gating stage and achieves 51.1% average accuracy,
while the negative transfer problem of the irrelevant
domain at the pseudo-label generation stage is ig-
nored. The prediction from an irrelevant source do-
main model will lead to inaccurate pseudo-labels.
Different from KD3A, we use DWSL to relieve the
negative influence of the irrelevant domains during
the pseudo-label generation stage. Meanwhile, we
regularize the local source domain models to avoid
the negative transfer problem during source model
training. The target domain and source domain col-
laboratively improve the performance of local models
on the target domain. Our method achieves 23.0%
accuracy on the Quickdraw domain, outperforming
KD3A by 6.6%. Our method achieves 52.5% average
accuracy and outperforms the source-free and UFDA
methods.

4.7 Ablation study
4.7.1 Contribution of each loss

We study the contributions of different losses in
our method. Tables 5-8 show the contributions of

Table 4 Classification accuracy (meanzstd) on the DomainNet dataset

Classification accuracy (%)

Method Avg (%)
clp inf pnt qdr rel skt
Source-only 52.1+0.5 23.1+0.3 47.7£1.0 13.3£0.7 60.7+0.3 46.5+0.6 40.6
DCTN (Xu et al., 2018) 48.6+0.7 23.440.6 48.8+0.6 7.240.5 53.5+0.6 47.3£0.5 38.1
M3SDA (Peng et al., 2019) 58.6+0.5 26.0+0.9 52.3+0.6 6.3+0.6 62.7£0.5 49.5£0.8 42.6
MDAN (Zhao H et al., 2018) 60.3£0.4 25.0+0.4 50.3+0.4 8.2+2.0 61.5+0.6 51.3+0.6 42.8
MDDA (Zhao SC et al., 2020) 59.44+0.6 23.8+0.8 53.2+0.6 12.54+0.6 61.8+0.5 48.6£0.8 43.2
CMSS (Yang LY et al., 2020) 64.2+0.2 28.0+0.2 53.6£0.4 16.040.1 63.4+0.2 53.8+0.4 46.5
ABMSDA (Zuo et al., 2021) 66.9£0.2 25.3+0.1 55.840.2 18.240.1 64.1+0.1 55.240.1 47.6
LtC-MSDA (Wang H et al., 2020) 63.1+0.5 28.7+0.7 56.1+0.5 16.34+0.5 66.1+0.6 53.8+0.6 47.4
T-SVDNet (Li RH et al., 2021) 66.1+£0.4 25.0+0.8 54.3+0.7 16.5£0.9 65.4+0.5 54.6+0.6 47.0
DAEL (Zhou et al., 2021) 70.8%+0.1 26.51+0.1 57.4+0.3 12.240.7 65.0+0.2 60.6+0.3 48.7
SHOT (Liang et al., 2020) 61.7 22.2 52.6 12.2 67.7 48.6 44.2
DECISION (Ahmed et al., 2021) 61.5 21.6 54.6 18.9 67.5 51.0 45.9
FADA (Peng et al., 2020) 45.3£0.7 16.34+0.8 38.9+0.7 7.940.4 46.7£0.4 26.8+0.4 30.3
KD3A (Feng et al., 2021) 72.5+0.6 23.4+0.4 60.94+0.7 16.4+0.3 72.7+0.6  60.6+0.3 51.1
DC-MDA 73.6+0.1 24.44+0.3 60.0+0.3 23.0+0.3 73.1+£0.2 60.6+0.1 52.5

The best results are in bold
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Lawsls Ctar, and oy + e on the Digit-5, Office31,
Office-Caltech10, and DomainNet datasets. As we
can see, the lqwsl, ftar, and liar + fmer consistently
improve the average accuracy on the Digit-5, Office-
Caltech10, and DomainNet datasets. For Digit-5 and
Office-Caltech10, ly,, fully uses the unlabeled target
domain data to enhance the discrimination of the
local target model, which significantly improves the
average accuracy. For Office31 and DomainNet, the
number of classes is large and the class distribution
is valuable. The average accuracy of {4qws is better
than that of KD3A on Office31 and DomainNet by
generating soft labels, which can capture the class
distribution. #;,, improves the discrimination of the
local target model and ¢,,,., improves the transferable
performance of the local source models. The average
accuracy is further improved by combining /., and
{ mer to reduce the domain shift on the source domain
and target domain.

4.7.2 Pseudo-label strategy

We study the different pseudo-label strategies in
our framework. As shown in Fig. 2a, four pseudo-
label strategies are considered. The max strategy

Table 5 The accuracy of different losses on the Digit-5
dataset

Accuracy (%)

Loss Avg (%)
mt mm sV sy up
Lawsl 99.3 80.6 85.0 92.0 98.2 91.0
Liar 99.6 95.8 91.2 972 98.8 96.5
liar + lmer  99.6  97.1 93.2 97.6 98.8 97.3

Wei and Han / Front Inform Technol Electron Eng 2022 23(12):1780-1794

uses the max confident prediction from different
source models as the pseudo-label. The mean strat-
egy uses the mean prediction from different source
models as the soft-label. The KV strategy proposed
by KD3A uses the vote strategy to generate the soft-
label. The DWSL strategy we propose outperforms
other strategies by a large margin on hard domains
such as MNIST-M and SVHN. The max strategy
cannot capture the correlation information of classes
and leads to inaccurate pseudo-labels due to domain
shift, which is more serious on the hard domains.
The mean strategy, KV strategy, and DWSL strat-
egy can capture the class distribution information
and achieve better performance than the max strat-
egy on the hard domains. The mean strategy and KV
strategy ignore the discrepancies of different source

Table 8 The accuracy of different losses on the Do-
mainNet dataset

Accuracy (%)

The best results are in bold

Table 6 The accuracy of different losses on the Of-
fice31 dataset

Accuracy (%)

Loss Avg (%)
A D w
Laws 73.1 98.9 99.4 90.5
Lear 73.7 98.9 98.7 90.4
Ztar + émcr 75.8 100 100 91.9

The best results are in bold

Table 7 The accuracy of different losses on the Office-
Caltech10 dataset

Accuracy (%)

Loss Avg (%)
A C D w
Lawsl 97.9 96.0 96.8 98.3 97.3
Liar 97.4 94.2 100 100 97.9
Lear + Lmer 96.9 97.2 100 100 98.5

The best results are in bold

Loss Avg (%)
clp inf pnt qdr rel skt
Lawsl 725 239 584 21.4 705 59.0 51.0
Liar 73.4 24.8 58.9 22.3 71.3 60.5 51.9
liar + lmer 73.6 244 60.0 23.0 73.1 60.6 52.5
The best results are in bold
B vax [ Mean [T Kkv [ ] DwsL
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Fig. 2 The accuracy of different pseudo-label strate-
gies in our framework (a) and the sensitivity of hyper-
parameter 7 (b)
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models. Our DWSL strategy uses entropy informa-
tion from different source models to generate domain
weights, and we use the temperature parameter 7
to sharpen the soft-label for better discrimination
performance.

We further analyze the sensitivity of the temper-
ature parameter 7 ranging from 0.4 to 1.0 in Fig. 2b.
We find that the accuracy does not change too much,
which indicates that our method is not sensitive to
the value of 7 in this range.

4.7.3 Negative transfer problem

We further analyze the negative transfer prob-
lem on the source domains and the effect of regular-
ization. Asshown in Fig. 3, we evaluate the accuracy
of different local source models and the initial global
models on the target domain data to analyze the
transferable performance on the target domain. In
our experiments, MNIST-M is the target domain and
the remaining domains are the source domains on the
Digit-5 dataset. In Fig. 3a, the local source models,
e.g., trained on the SVHN and Synthetic domains,
perform worse on the target domain compared with

100+
80
S A —— Initial
§ % / '. mt
§ 407 up
< sv
20 | g SY
mm
0 I y y ! T ]
10 20 30 40 50 60
Round index
(a)
100 4
80
g —&— Initial
g %4 mt
3 i
8 40 up
< sv
20 | i Sy
mm
0

10 20 30 40 50 60
Round index
(b)

Fig. 3 The accuracy of the local source domain model
on the target domain after local training without the
collaboration of the local target model (a) and with
the collaboration of the local target model by using
Lmer (b)

the initial global model during training. The local
source models shifting away from the target domain
will lead to inaccurate pseudo-labels on the target
domain. Meanwhile, aggregating these local source
models, which perform worse on the target domain,
will reduce the performance of the global model on
the target domain.

To solve the negative transfer problem, we use
the local target model to regularize the local source
model. As shown in Fig. 3b, the transferable perfor-
mance of the local source models, e.g., those trained
on the source domains SVHN and Synthetic, is not
much worse than that of the initial model during
training. The negative transfer problem can be re-
lieved by using £y, regularization. As shown in Ta-
ble 5, the adaptation performance on hard domains,
such as MNIST-M and SVHN, is further improved
by using £y, on the source domains. By using £y,
the adaptation performance on other datasets is also
improved, as shown in Tables 6-8, which indicates
the effect of ¢y, on relieving the negative transfer
problem.

4.7.4 Model aggregation strategy

We further study the aggregating strategies in-
cluding aggregating only the feature extractors and
aggregating the feature extractors and classifiers.
As shown in Tables 9-12, by aggregating classifiers
(AC), the average accuracy of the global model is
slightly better than that of aggregating only the fea-
ture extractor. In several hard domains, such as
SVHN in Digit-5, Amazon in Office31, and Quick-
draw in DomainNet, aggregating the classifiers leads

Table 9 Contributions of aggregating classifiers (AC)
for Digit-5

Accuracy (%)

Avg (%)

mt mm sV sy up

w/o AC  99.7 97.3 922 97.8 98.9 97.2
with AC  99.6 97.1 93.2 976 98.8 97.3

The best results are in bold

Table 10 Contributions of aggregating classifiers
(AC) for Office31

Accuracy (%)

Avg (%)
A D %%

w/o AC 73.7 100 98.7 90.8

with AC 75.8 100 100 91.9

The best results are in bold
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to better performance by reducing the classifier dis-
In contrast, with KD3A, which uses
domain-specific classifiers and aggregates only fea-

crepancy.

ture extractors, we aggregate the feature extractors
and classifiers of different local models to obtain bet-
ter performance.

4.7.5 Feature visualization

As shown in Fig. 4, we visualize the features of
the source domains and target domain by t-SNE (van
der Maaten and Hinton, 2008) to verify the effect of

Table 11 Contributions of aggregating classifiers
(AC) for Office-Caltech10

Wei and Han / Front Inform Technol Electron Eng 2022 23(12):1780-1794

our method on reducing domain shift. Figs. 4a and
4d illustrate the features extracted by the source-
only model. Without using target domain data, the
source-only model cannot extract discriminated tar-
get features (red points). Figs. 4b and 4e illustrate
the features extracted by the global model, which
uses our DWSL strategy to train the unlabeled tar-
get domain. The target features (red points) are
aligned to the clusters of source features. Figs. 4c
and 4f illustrate the features extracted by the global
model, which uses our DC-MDA method. The target

Table 12 Contributions of aggregating classifiers
(AC) for DomainNet

Accuracy (%)

Accuracy (%)

Avg (%) Avg (%)
A C D w clp  inf pnt qdr rel skt
w/o AC 95.8 96.9 100 100 98.2 w/o AC 723 24.4 57.8 21.6 724 59,5 51.3
with AC 96.9 97.2 100 100 98.5 with AC 73.6 24.4 60.0 23.0 73.1 60.6 52.5

The best results are in bold
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The best results are in bold
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Fig. 4 Visualization of the features (blue points) from the source domains and the features (red points) from

the target domain on the Digit-5 dataset

The first row indicates the target domain MNIST-M; the second row indicates the target domain SVHN. The features are
extracted by the source-only model in (a) and (d), using the DWSL to train the target model in (b) and (e), and using our
DC-MDA method in (c) and (f). Reference to color refer to the online version of this figure
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features are aligned to source features and become
more discriminating on the feature space, which
leads to better classification performance.

5 Conclusions

In this paper, we propose a novel DC-MDA
method for DMDA. We overcome the data decentral-
ization and domain shift challenges by training the
target domain model with the collaboration of source
domain models and training the source domain
models with the collaboration of the target model.
Our DC-MDA method does not collect data from
different domains and uses only the models from dif-
ferent domains to overcome the data decentraliza-
tion challenges and solve the domain shift problem.
For the domain shift challenge, our method improves
the discrimination of the local target model and the
transferable performance of the local source models
with collaboration from other domain models to ob-
tain a model that works well on the target domain.
Under the DMDA setup, our method significantly
improves the domain adaptation performance on the
target domain.
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