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Abstract Unsupervised Domain Adaptation (UDA) aims to use the source domain with large
amounts of labeled data to help the learning of the target domain without any label information.
In UDA, the source and target domains are usually assumed to have diﬀerent data distributions
but share the same class label space. Nevertheless, in real-world open learning scenarios, label
spaces are highly likely to be diﬀerent across domains. In extreme cases, the domains share
no common classes, i.e., all classes in the target domain are new classes. In such a case,
direct transferring the class-discriminative knowledge from the source domain may impair the
performance in the target domain and lead to negative transfer. For this reason, this paper
proposes unsupervised new-set domain adaptation with self-supervised knowledge (SUNDA)
to transfer the sample contrastive knowledge from the source domain, and use self-supervised
knowledge from the target domain to guide the knowledge transfer. Speciﬁcally, the initial
features of the source and target domains are learned by self-supervised learning, and some
network parameters are frozen to preserve target domain information. Sample contrastive
knowledge from the source domain is then transferred to the target domain to assist the learning
of class-discriminative features in the target domain. Moreover, graph-based self-supervised
classiﬁcation loss is adopted to handle the problem of target domain classiﬁcation with no interdomain common classes. SUNDA is evaluated on tasks of cross-domain transfer for handwritten
digits without any common class and cross-race transfer for face data without any common class.
The experiments show that SUNDA outperforms UDA, unsupervised clustering, and new class
discovery methods in learning performance.
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In the big data era, a huge amount of data is generated on the Internet every single day.
Compared with traditional machine learning models, deep learning models based on big data can
signiﬁcantly improve prediction performance. However, the training of supervised models such
as deep networks often relies on a great amount of labeled data. In real-world learning tasks,
data labeling, usually requiring human involvement and related expertise, is time-consuming
and costly; moreover, such learning models are weak in adapting to new environments and
tasks. A learning environment diﬀerent from the training scenario requires the new data to be
labeled and the learning model to be retrained. Domain Adaptation (DA)[1] learning allows to
use related but diﬀerent task domains to assist the learning of the current task domain, and it is
one of the eﬀective ways to alleviate the above-mentioned data label scarcity and improve the
adaptability of models. Currently, Unsupervised DA (UDA) without any label information in the
target domain is the most challenging but much-concerned research direction in DA learning.
In UDA, the current task domain of concern is the target domain and other related but
diﬀerent task domains are source domains. The learning task is to transfer the related knowledge
from these source domains to the target domain and thereby improve the learning performance in
the target domain. Due to illumination, noises, angle changes, and object discrepancies, sample
distributions in target and source domains often diﬀer. Therefore, most of the current DA eﬀorts
focus on reducing the discrepancies in sample distributions across domains, including edge
and conditional distribution discrepancies, and aligning feature distributions across domains
by strategies such as distribution discrepancy minimization and domain confusion. Then, the
empirical risk in the source domain is minimized to transfer the class discriminative knowledge
from the source domain to the target domain and thereby guide the classiﬁcation learning in
the target domain[1] . These studies usually assume that the class label spaces are consistent or
isomorphic across domains.
However, in the real-world open dynamic environment, the classes of the samples are not
constant[2] . In such a case, the label spaces are highly likely to vary across domains, and
classes that are not shared by the domains occur in the source domains or the target domain.
Assuming that some classes are still shared by the domains, the learning problem where the
unshared-classes appear in the source domain is called Partial DA (PDA)[2] , while the one where
such new classes are in the target domain is know as Open-Set DA (OSDA)[2] . As for the said
problems, existing work has been devoted to identifying common classes across domains and
transferring common class knowledge[2] . However, in extreme cases, no common class can be
found across domains. For example, during the cross-race transfer and recognition of face data,
the face data in the source and target domains involve diﬀerent races, and the classes in the
domains are completely non-overlapping in addition to diﬀerences in data distribution (Fig. 1).
For convenient subsequent narration, learning problems of this kind are called New-Set Domain
Adaptation (NSDA). The traditional DA methods have the following problems in solving NSDA:
(1) since the source and target domains share no common classes, direct alignment of domain
features and transferring knowledge may cause negative transfer; (2) the class sets have no
intersection across domains, and the classiﬁer obtained by source domain learning cannot be
used for the classiﬁcation of target domain data. The learning target of NSDA is similar to that of
zero-shot learning[3] , i.e., training the learning model to identify samples of an unknown class.
However, zero-shot learning normally requires supplementary information, such as attribute
descriptions, text descriptions, or hierarchical relationships[4] , while no semantic or attribute
information is available in NSDA learning. In addition, new class discovery[5] aims to predict
samples of an unknown class. Nevertheless, it does not consider the distribution transfer from
known classes to new classes in learning.
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DA learning with no common classes across source and target domains

For the NSDA learning scenario, this paper proposes unsupervised new-set domain
adaptation with self-supervised knowledge (SUNDA). On the one hand, as no common classes
are observed across the source and target domains, the correct classiﬁcation of source domain
samples does not necessarily help with the correct discrimination of the classes in the target
domain. For this reason, the sample contrastive knowledge from the source domain is mined and
transferred. Such a knowledge, independent of speciﬁc class labels, is used to describe whether
sample pairs are from the same class. It is transferred to the target domain to help achieve
eﬀective discrimination of sample pairs in the target domain and generate strong discriminative
features. On the other hand, the proposed method attempts to use the self-supervised knowledge
from the target domain to guide the knowledge transfer from the source domain. For this purpose,
self-supervised pre-training is adopted to learn the low-level features of the source and target
domains, and the parameters of the ﬁrst few layers of the feature generation network are frozen
in subsequent training to preserve the useful information in the target domain. Furthermore,
the source domain classiﬁer cannot be directly employed to classify the target domain samples
after DA because the class sets of the domains have no intersection. Instead, graph-based
Self-Supervised Learning (SSL) is used to classify the target domain samples. Speciﬁcally, the
multi-class classiﬁcation of target domain samples is transformed into a binary classiﬁcation
problem of determining whether the sample pairs belong to the same class. The sample pairs
are assigned pseudo-labels according to the generated features of the target domain to achieve
sample classiﬁcation in the target domain. The characteristics of the SUNDA method can be
summarized as follows.
(1) Self-supervised pre-training is adopted to learn the low-level features of the source and
target domain data to preserve the target domain information.
(2) Sample contrastive knowledge from the source domain is transferred to the target domain
to assist in generating class discriminative features. As such a knowledge is independent
of speciﬁc class labels, the source and target domains do not need to share common
classes.
(3) The graph-based self-supervised knowledge from the target domain is used to guide the
knowledge transferring and solve the problem of classifying target domain samples in
NSDA.
The performance of SUNDA is compared with that of UDA, unsupervised clustering,
and new class discovery algorithm on digit and face datasets, and the experimental results
demonstrate the eﬀectiveness of the proposed method.

1
1.1

Related Work
UDA

DA learning aims to transfer knowledge from one or more diﬀerent but related source
domains to the target domain and thereby solve the problem of sample label scarcity in the
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target domain. In recent years, DA methods have emerged in large numbers and can be
roughly classiﬁed into three categories[1] : discrepancy-based methods, confrontation-based
methods, and reconstruction-based methods. Discrepancy-based DA methods reduce the
distribution distance between domains by minimizing their distribution diﬀerences. Common
discrepancy metrics include the Maximum Mean Discrepancy (MMD)[6] , KL divergence[7] , and
Wasserstein distance[8] . Confrontation-based methods[9, 10] usually use a domain discriminator
to discriminate samples from diﬀerent domains and train the feature extractor to confuse
the domain discriminator and generate domain-invariant features. Saito et al.[11] achieved
conditional distribution alignment across domains through adversarial learning between two
source domain classiﬁers. Reconstruction-based methods, e.g., cycle-GAN[12] and CyCADA[13] ,
take an adversarial approach to generate other domain samples for style transfer.
The above approaches mainly apply to transfer learning scenarios where class label spaces
are consistent. However, in real-world learning tasks, label spaces are very likely to diﬀer across
domains. Therefore, transfer learning methods for diﬀerent label spaces have been proposed one
after another in recent years[14–22] . For PDA, Cao et al.[14] use a weighting mechanism containing
multiple class and instance levels to align each class separately; Zhang et al.[15] construct an
auxiliary domain discriminator to evaluate the similarity between source domain samples and
those in the target domain. The Example Transfer Network (ETN) method[16] uses a progressive
weighting strategy to measure the transferability of source domain samples. OSDA[17] aims
to correctly classify the common class samples in the target domain but rejects new unknown
class samples. For example, Open-Set domain adaptation by BackPropagation (OSBP)[17]
discriminates common and private classes across domains in an adversarial approach; Separate
to adapt (SAT)[18] uses coarse-to-ﬁne-grained weighting to assign weights to target samples
and describes their probabilities to common and private classes. Universal domain adaptation
(UAN)[21] uses two metrics, i.e., the similarity to the source domain and the conditional entropy,
to assign weights to source and target samples, respectively, to discriminate common and private
classes across domains. Saito et al.[22] , in light of SSL, approximate the inter-domain common
classes and separate the private classes by nearest neighbor clustering and entropy minimization.

1.2

SSL

Self-Supervised Learning (SSL)[23] is a new unsupervised learning paradigm that aims to
reduce the dependence of learning tasks on large amounts of labeled data by generating free
non-target labels from the attributes of the data. SSL provides proxy supervised signals for
feature learning by creating a pretext task without the need for manual labeling and obtains
feature representations beneﬁcial to downstream tasks. The key to SSL is the design of the
pretext task, i.e., how to automatically generate free non-target labels from data attributes.
According to the attributes, SSL is mainly divided into generative methods and contrastive
methods. Generative methods, mainly applyied to image or video data, allow to manually
construct data labels by means such as data reconstruction and learn visual features. Such
methods involve image coloring[23] , predicting relative positions of patches[24] , predicting the
correct stitching order after image cropping[25] , predicting the rotation angle after random image
rotation (by 0◦ , 90◦ , 180◦ , 270◦ )[26] , etc. Contrastive methods focus on contrastive knowledge
across samples and aim to achieve eﬀective sample discrimination by learning features through
contrast rather than supplementary labels. MOmentum COntrast (MOCO)[27] views contrastive
learning as dictionary searching and uses contrastive loss to match coding queries with a
dictionary of coding keys and thereby train visual representation encoders; SimCLR[28] learns
feature representations by maximizing the consistency between diﬀerent augmented views of the
same data example and the discrepancy between augmented views of diﬀerent data examples.
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Methods

For description convenience, the symbols are deﬁned ﬁrst. The labeled data in the source
domain and the unlabeled data in the target domain are expressed by (X s , Y s ) = {(xsi , yis )}N
i=1
and X t = {xtj }M
j=1 respectively, in which N and M are the numbers of source and target domain
samples, respectively. The class label yis ∈ C s = {1, 2, · · · , r} of the source domain data is
known, while the class label yit ∈ C t of the target domain data is not given. The source and
target domains share no common class, i.e., C s ∩ C t = ∅. The superscripts s and t represent
the source and target domains respectively.
SUNDA transfers sample contrastive knowledge from the source domain to the target
domain and uses the self-supervised knowledge from the target domain to guide the knowledge
transfer. The network structure is shown in Fig. 2, in which g is the feature extractor and ft
is the domain transfer network for transferring sample contrastive knowledge from the source
domain. g and ft are shared by the source and target domains. D is the domain discriminator
that discriminates between the source and target domain samples. η1 and η2 are the source and
target domain classiﬁers, respectively, consisting of a single-layer fully connected network with
the number of nodes being the number of classes in the source domain and the target domain
respectively. LCE is the classiﬁcation loss in the source domain, and LN is the Npair loss in
the source domain that consists of LN (g) and LN (ft) and represents the sample contrastive
knowledge from the source domain. LD is the domain discrimination loss and LBCE is the
classiﬁcation loss in the target domain. They will be explained on by one later. The learning
process of SUNDA is described as follows.

Xs

Xt

Figure 2 Model framework (the solid arrows represent network linking, while the dashed ones represent
loss. The source and target domains share the feature extractor g and the domain transfer network ft)

(1) The initial parameters of g are obtained by SSL and some parameters are frozen in
subsequent learning to preserve information in the source and target domains.
(2) The source domain data are used to compute the class contrastive losses (LN and LCE in
the ﬁgure). The class contrastive knowledge from the source domain is transferred to the target
domain through min-max game among the feature extractor g, the domain transfer network
ft, and the discriminator D so that more discriminative features can be obtained in the target
domain.
(3) The target domain features are leveraged to construct a pseudo-label matrix W ; the
matrices W g and W f in the ﬁgure are pseudo-label matrices obtained from features at diﬀerent
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layers, and they are combined to compute W . The self-supervised classiﬁcation loss is computed
through the pseudo-label matrix to achieve target domain classiﬁcation.
It is worth noting that (3) is performed simultaneously with (2).

2.1

Self-supervised pre-training

Since the label spaces of the domains have no intersection, knowledge transfer from the
source domain may cause the learning model to favor source domain learning and result in the
loss of useful information in the target domain. SSL has been proven to be able to generate lowlevel features that are beneﬁcial to downstream tasks in the absence of class label information.
For this reason, SUNDA resorts to self-supervised pre-training to extract low-level features in
the source and target domains and freezes the parameters of the ﬁrst few layers in the network
in subsequent training to preserve target domain information.
Speciﬁcally, source and target domain data are combined into X = X s ∪ X t and the
+M
samples are randomly rotated[26] to obtain (X, Y ) = {(xi , ŷi )}N
, in which N + M is the
i
total number of samples and ŷi ∈ {0, 1, 2, 3} represents the rotation of xi by 0◦ , 90◦ , 180◦ ,
and 270◦ , respectively. The cross-entropy loss is minimized so that the rotated samples are
associated with their class labels based on the rotation angles:
Lpre = −

N
∑
1
ŷi log η(zi )
N + M i=1

(1)

where zi denotes the features of the sample xi generated through the feature extractor g, i.e.,
zi = g(xi ). Same as η1 and η2 , η is a single-layer classiﬁcation network containing four nodes.
Similarly, other self-supervised methods such as contrastive SimCLR and MOCO can also be
used to extract low-level features. In this paper, the rotation manner is taken as an example to
verify the eﬀectiveness of SUNDA.

2.2

DA based on sample contrastive knowledge transfer

Since the source and target domains have no common classes, in this paper the class
contrastive knowledge from the source domain that is unrelated to the speciﬁc class labels is
transferred to the target domain to generate strong discriminative features.
2.2.1 Class contrastive knowledge
The features g(X s ) and ft(g(X s )) of the source domain X s are generated successively
through the feature extractor g and the domain transfer network ft. Npair losses are computed[29]
respectively with those two features and combined with the cross-entropy loss in the source
domain to obtain the optimization target based on the source domain:
Lconstrastive =

1
(LN (g) + LN (ft)) + LCE (X s , Y s )
2

(2)

where
LN (g) = −E{xs ,xs+
N
n }
n

n=1

N
∑

log pn (g), LN (ft) = −E{xs ,xs+
N
n }
n

i=1

n=1

N
∑

log pn (ft)

(3)

i=1

exp(g(xsn )T g(xs+
exp(ft(g(xsn ))T ft(g(xs+
n ))
n )))
pn (g) = ∑N
, pn (ft) = ∑N
s+
s+
s
T
s
T
k=1 exp(g(xn ) g(xk ))
k=1 exp(ft(g(xn )) ft(g(xk )))

(4)

+
In Eq. (4), xn and x+
n are samples of the same class. When n = k, xn and xk belong
to the same class, otherwise they belong to diﬀerent classes. LCE is the cross-entropy loss in
the source domain. The Npair loss LN ensures the maximum inter-class interval and thereby
renders the generated features more discriminative[29] .
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2.2.2 Adversarial DA
Since the domains share no common classes, SUNDA adopts asymmetric domain alignment
diﬀerent from that in domain-adversarial neural networks (DANN) (the same as that in DANN
if g(x) = ft(g(x))). Speciﬁcally, the domain discriminator D is trained to discriminate the
source domain data passing through the domain transfer network ft from the target domain data
passing through the feature extractor g. At the same time, the feature extractor g and the domain
transfer network ft are trained to confuse the domain discriminator. The asymmetric domain
discrimination loss is described as below:
{
LD = −Ex∈X s log D(ft(g(x))) − Ex∈X t log(1 − D(g(x)))
(5)
Ladv = −Ex∈X t log D(g(x))

2.3

Graph-based self-supervised classification

In addition to obtaining discriminative features of the target domain, classifying the target
domain data is also needed. SUNDA obtains pseudo-labels of target domain sample pairs by
graph-based SSL to guide knowledge transfer and solve the target domain classiﬁcation problem
in NSDA.
2.3.1 Graph-based similarity matrices
The similarity matrices S g and S f of sample pairs on the target domain features g(X t )
and ft(g(X t )) are computed through the cosine distance. Their entries are
g
Sij
=

zig · zjg
,
g
∥zi ∥2 ∥zjg ∥2

f
Sij
=

zif · zjf
f
∥zi ∥2 ∥zjf ∥2

(6)

where · is the vector dot product; zig is the feature zig = g(xti ) of the xti in the target domain
obtained through the feature extractor g; zif is the feature of the xti in the target domain obtained
through the feature extractor g and the domain transfer network ft, zif = ft(g(xti )).
2.3.2 Graph-based pseudo-label matrices
After the similarity matrices S g and S f are obtained, pseudo-label matrices W g and W f
of the sample pairs are constructed by the threshold method[28] :
{
Wijg

=

1,

g
if Sij
≥ thres

0,

otherwise

{
,

Wijf

=

1,

f
if Sij
≥ thres

0,

otherwise

(7)

If the similarity between two samples is greater than the set threshold thres, they belong
to the same class (Wijg = 1 or Wijf = 1). With the pseudo-label matrices W g and W f , the
pseudo-label matrix of the target domain can be expressed as
W = (W g ≥ thres)|(W f ≥ thres)

(8)

where A|B represents the logic or operation at the relevant position in matrices A and B. If
Wij = 1 (True), samples xi and xj belong to the same class. Otherwise, Wij = 0 (False),
and samples xi and xj belong to diﬀerent classes. In fact, self-supervised pre-training helps to
improve the accuracy of the initial pseudo-label matrix.
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2.3.3 Classiﬁcation loss based on pseudo labels
After the pseudo-label matrix W is obtained, target domain classiﬁcation is expected to
be achieved with pseudo-labels. The inner product η2 (zit )T η2 (zjt ) of the samples is computed
in the output space of the target domain classiﬁer η2 . In this inner product, zit = ft(g(xti ))
and η2 (zit ) is the probability vector normalized through the Softmax layer. This inner product
represents the similarity between samples xti and xtj in the output space. With the pseudo-label
matrix W , the target domain classiﬁcation loss is obtained as
LBCE = −

M M
1 ∑∑
[Wij log η2 (zit )T η2 (zjt ) + (1 − Wij ) log(1 − η2 (zit )T η2 (zjt ))] (9)
2
M i=1 j=1

2.3.4 Pseudo-label classiﬁcation loss based on data augmentation
Eq. (9) is further modiﬁed, and the loss LBCE based on data augmentation is proposed. x̂i
is deﬁned as the data-augmented version of the sample xi , and the inner product η2 (ẑit )T η2 (zjt )
of the data-augmented sample x̂i and the original sample xj is computed. Finally, the above
LBCE is transformed into:
LBCE = −

2.4

M M
1 ∑∑
[Wij log η2 (ẑit )T η2 (zjt ) + (1 − Wij ) log(1 − η2 (ẑit )T η2 (zjt ))] (10)
M 2 i=1 j=1

Consistency robustness loss

Robust learning models should maintain output invariance for diﬀerent transformations of
the same sample[30, 31] , and consistency loss is commonly used in semi-supervised learning[32] .
The sample x and the transformation T are given, the transformed sample is deﬁned as x̂ = T ·x,
and the learning model should ensure that the outputs for x and x̂ are consistent. To this end, the
output consistency for xti and the data-augmented x̂ti in learning is constrained. The consistency
robustness loss is as below:
Lcon =

N
M
1 ∑
1 ∑
(η1 (zis ) − η1 (ẑis ))2 +
(η1 (zit ) − η1 (ẑit ))2
N i=1
M i=1

(11)

where zis = g(xsi ), ẑis = g(x̂si ), zit = ft(g(xti )), and ẑit = ft(g(x̂ti )).
Ultimately, the optimization target of SUNDA can be expressed as below:
Lg,ft,η1 ,η2 = Lconstrastive + λLadv + αLBCE + ω(t)Lcon
LD = −Ex∈X s log D(ft(g(x)))−Ex∈X t log(1 − D(g(x)))

(12)
(13)

Lg,ft,η1 ,η2 is minimized to optimize parameters θg , θft , θη1 and θη2 , whereas LD is minimized
to optimize θD . The training process takes a means of alternative optimization. ω(t) is the
ramp-up function[33] that is extensively used in semi-supervised learning. In this paper, the
t 2
sigmoid-shaped function ω(t) = εe−5(1− T ) is employed, in which t is the current time step,
T is the ramp-up length, and ε ∈ R+ . The training process in the SUNDA method is shown in
Algorithm 1.

3

Experiments and Results

Experiments in this paper are divided into three parts. Speciﬁcally, the performance of
SUNDA is compared with that of existing methods on digit datasets and face datasets. Then,
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Algorithm 1. SUNDA
Input: Labeled source domain data (X s , Y s ) = {(xsi , yis )}N
i=1 and unlabeled target domain data
X t = {xtj }M
j=1
Output: Classiﬁcation results for target domain data X t = {xtj }M
j=1
// Self-supervised pre-training
N +M
1. Combine source and target domain data and rotate the samples so that (X, Y ) = {(xi , ŷi )}i
2. for each epoch do
3.
Lpre ← (X, Y ) // Eq.(1).
4.
Update θg , θη //transfer of sample contrastive knowledge from the source domain and
classiﬁcation in target domain
5. end for
6. for each epoch do
7.
Compute the pseudo-label matrix W // Eq.(8).
8.
for each minibatch do
9.
//Alternately optimize the parameters to achieve confrontation
10.
LD ← (X s , Y t ) // Eq.(13).
11.
Update θD
12.
Lg,ft,η1 ,η2 ← (X s , X t , Y s , ω(t), λ, α) // Eq.(12).
13.
Update θg , θft , θη1 , and θη2
14.
end for
15. end for

the eﬀectiveness of each loss in the SUNDA model is veriﬁed by an ablation study. Finally, a
sensitivity analysis is performed on the threshold parameter thres.
To the best of authors’ knowledge, no DA-based target domain classiﬁcation method is
available for NSDA tasks so far. Therefore, the performance of SUNDA is compared with
that of methods including the UDA-oriented DANN method, unsupervised clustering methods
such as K-means, Deep Embedded Clustering (DEC), Deep Adaptive Clustering (DAC), JULESF, Dynamic Cooperation Clustering (DCC), and the new class discovery method AutoNovel.
DANN, designed for close-set problems, relies on adversarial learning to achieve inter-domain
distribution alignment. Among the unsupervised clustering methods, K-means is a non-deep
clustering method, while all the others are deep learning methods. DEC uses a self-encoder to
reconstruct losses for pre-training, assigns reinforcement losses through clustering to ﬁne-tune
the network, and improves the clustering results by minimizing the KL divergence between
the soft-label distribution and the auxiliary target distribution. DAC transforms clustering into
binary classiﬁcation of paired samples. JULE-SF involves performing hierarchical clustering
with CNN features to determine the class labels and designing loss functions according to the
clustering characteristics to adjust the CNN features. DCC, resorting to Robust Continuous
Clustering (RCC), does not require prior information on the number of clusters. The new class
discovery method AutoNovel uses self-supervised pre-training and pseudo-labels to achieve
target domain classiﬁcation.
Since the domains have no common classes and the class labels of the target domain are
unknown, it is impossible to match the predicted labels with the real ones. For example, the ﬁfth
class of the predicted labels may correspond to the ﬁrst class of the real ones. For this reason,
the learning performance of the algorithm is evaluated by clustering accuracy (ACC ), which is
deﬁned as follows:
∑n
1{li = m(ci )}
(14)
ACC = max i=1
m
n
where li is the real label of the sample, ci is the predicted label, and m is the mapping between
all possible clusters and the class. Optimization solution is performed with the Hungarian
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algorithm[34] to obtain the maximum ACC value through diﬀerent mappings.

3.1

Classification task on digit datasets

These groups of experiments investigate the performance of SUNDA on datasets MNIST,
USPS, and SVHN without inter-domain common classes. Four groups of inter-domain
classiﬁcation experiments are selected to evaluate clustering ACC : (1) from MNIST to USPS;
(2) from USPS to MNIST; (3) from SVHN to MNIST; (4) from SVHN to USPS. Each group of
experiments uses digits 0, 1, 2, 3, and 4 as the source domain and 5, 6, 7, 8, and 9 as the target
domain.
MNIST, consisting of 250 handwritten digits by diﬀerent people, includes 60,000 training
images and 10,000 test images with an individual image size of 1×28×28 (channel×length×
width). USPS, involving handwritten digits collected from the United States Postal Service,
includes 999 training images and 250 test images with an individual image size of 1×16×16.
SVHN, concerning door number data collected by Google Street View, includes 4,578 training
images and 1,627 test images with an individual image size of 3×32×32. In the experiments,
MNIST and USPS are scaled to 1×32×32, the single channel is transformed into the three
channels of 3×32×32 by channel copying, and the pixels in each image are normalized to [0, 1].
The experiments use ResNet-18 as the feature extractor. A two-layer fully connected
network (dim-320-320-dim) and a residual network are adopted as the domain transfer networks
to map the input vectors into vectors in the same dimension (Fig. 3(a)). The domain classiﬁcation
network contains two fully connected layers (dim-320-320-1) (Fig. 3(b)). All parameters are
updated with stochastic gradient descent (SGD) at a learning rate of 3e–3, the threshold thres
is 0.95, and hyperparameters λ and α are 0.3 and 1 respectively.
The experiments compare SUNDA with UDA and unsupervised clustering algorithms; and
the results are shown in Table 1. The ﬁrst column (Method) represents the used method, the
last column (Avg.) shows the average performance of the diﬀerent methods, and the middle
columns report the clustering ACC of each method on each task. It can be concluded from
Table 1 that domain distribution alignment and discriminative knowledge transfer from the source
domain do not contribute to a satisfactory learning performance of DANN as the domains share
no common classes. By focusing on contrastive knowledge transfer and using asymmetric
distribution alignment, SUNDA shows a signiﬁcant performance improvement. It also exhibits
signiﬁcant performance improvement compared with non-deep clustering K-means. However,
compared with those deep clustering methods such as DCC and JULE-SF, SUNDA has only
a small performance improvement. The reason is that the digit data are relatively simple and
the features extracted by the network are easy to discriminate, which enables the DA-free deep
clustering methods to obtain relatively good learning eﬀects. Next, the eﬀectiveness of SUNDA
will be validated on more complex face datasets.
In addition, the eﬀectiveness of SUNDA is veriﬁed in the scenario where inter-domain
common classes are present. In the scenario without inter-domain common classes, the source
domain contains the numeric classes of 0–4 and the target domain contains the numeric classes
of 5–9. Classes {0, 1, 2, 3, 4} are removed from the source domain one by one while the classes
Table 1 ACC of target domain classiﬁcation on digit datasets (the best results are highlighted in bold)
Method
USPS to MNIST SVHN to MNIST SVHN to USPS MNIST to USPS
K-means
0.534
0.534
0.460
0.460
DCC[35]
0.962
0.962
—
—
DEC[36]
0.859
0.859
0.619
0.619
JULE-SF[37]
0.959
0.959
0.922
0.922
DANN[9]
0.374
0.270
0.372
0.369
SUNDA (ours)
0.955
0.978
0.951
0.983

Avg.
0.497
0.962
0.739
0.941
0.346
0.967
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(b) Domain discrimination network D (dim
represents input dimension)

Structure of domain transfer network and domain discriminator network

{5, 6, 7, 8, 9} are added to generate common classes. Five groups of experimental scenarios are
designed as shown in Table 2.
Table 2
Source domain
{1, 2, 3, 4, 5}
{2, 3, 4, 5, 6}
{3, 4, 5, 6, 7}
{4, 5, 6, 7, 8}
{5, 6, 7, 8, 9}

Five scenarios with inter-domain common classes
Target domain
{5, 6, 7, 8, 9}
{5, 6, 7, 8, 9}
{5, 6, 7, 8, 9}
{5, 6, 7, 8, 9}
{5, 6, 7, 8, 9}

Overlapping class
{5}
{5, 6}
{5, 6, 7}
{5, 6, 7, 8}
{5, 6, 7, 8, 9}

Overlapping ratio (%)
20
40
60
80
100

Figure 4 shows the learning performance of each method compared on the USPS-to-MINIST
task in the above scenarios. In the ﬁgure, the horizontal axis is the overlapping ratio while the
vertical one is the learning performance. The following results can be concluded from Fig. 4.
(1) The learning performance of clustering methods remains constant because the target
domain classes are constant. In contrast, the learning performance of DANN and SUNDA
improves as inter-domain overlapping classes increase. Therefore, more overlapping knowledge
across domains means better knowledge transfer from source to target.
(2) On this learning task, the performance of SUNDA is slightly worse than that of the deep
clustering method DCC when no inter-domain overlapping classes are present. Nevertheless,
as overlapping classes gradually increase, the performance of SUNDA keeps improving and
surpasses that of DCC, which veriﬁes that proper use of source domain knowledge can eﬀectively
assist target domain learning.
(3) In the above ﬁve groups of experimental scenarios, SUNDA outperforms DANN even
in the scenario with completely overlapping classes, which veriﬁes the eﬀectiveness of SUNDA.

3.2

Classification task on face datasets

Further, contrastive experiments are conducted on cross-race face data. The face data are
divided into domains by races, including White, Black, and Yellow races. Six groups of crossdomain tasks are designed by pairing the races to evaluate the learning performance of SUNDA:
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(1) White to Black; (2) Black to White; (3) White to Yellow; (4) Yellow to White; (5) Black to
Yellow; and (6) Black to White.
MS-1 M[38] is the face photos collected from the web by Microsoft, and the face data used
in this group of experiments are sampled from MS-1 M and labeled with race information. The
data include 1,025 images of the White race in 13 classes, 739 images of the Black race in 10
classes, and 825 images of the Yellow race in 10 classes. All images are scaled to 3×110×110
and normalized to pixels in [0, 1]. As face images are subject to lighting, angle, age, and other
factors, this scenario is more complex and challenging than the digit dataset scenario.
The network structure of the feature extractor, similar to that in Ref. [39], is shown in
Table 3. The domain transfer networks and the domain classiﬁcation network, the same as those
in the digit dataset task, are shown in Fig. 5. All parameters are updated with SGD at a learning
rate of 9e–3, the threshold thres is 0.9, and hyperparameters λ and α are 0.3 and 5 respectively.
Table 3

Structure of feature extractor g used in face dataset experiments

Operation
Conv 1–1 + ReLU
Conv 1–2 + Maxout (2)
Max pooling
ResBlock + ReLU × 2
Conv 2 + Maxout (2)
Max pooling
ResBlock + ReLU × 4
Conv 3 + Maxout (2)
Max pooling
ResBlock + ReLU × 8
Conv 4 + Maxout (2)
Max pooling
ResBlock + ReLU × 2
Conv 5 + Maxout (2)
Avg pooling
Normalize and scale (2)

Kernel
3×3
3×3
2×2
3 × 3, 64 – 64 – 64
3×3
2×2
3 × 3, 128 – 96 – 128
3×3
2×2
3 × 3, 192 – 128 – 192
3×3
2×2
3 × 3, 256 – 160 – 256
3×3
7×7
—

Output size
100 × 100 × 32
100 × 100 × 64
50 × 50 × 64
50 × 50 × 64
50 × 50 × 128
25 × 25 × 128
25 × 25 × 128
25 × 25 × 192
13 × 13 × 192
13 × 13 × 192
13 × 13 × 256
7 × 7 × 256
7 × 7 × 256
7 × 7 × 320
1 × 1 × 320
320

The experiments compare SUNDA with UDA, unsupervised clustering algorithms, and
the new class discovery method, and the experimental results are shown in Table 4. It can
be concluded from Table 4 that SUNDA signiﬁcantly outperforms the other methods under
comparison on all tasks. Unlike the digit dataset scenario, the face scenario is complex with
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many similarities between diﬀerent classes. As a result, all the clustering algorithms fail
to deliver good learning performance in the experiments. The new class discovery method
AutoNovel uses a pseudo-label approach to classify the target domain. However, as the source
and target domains contain face data of diﬀerent races with great inter-domain diﬀerences, the
network trained with the source domain data (without sample contrastive knowledge transfer)
may not be helpful for the acquisition of target domain pseudo-labels or even exerts a negative
impact, which eventually leads to learning performance poorer than that of K-means.
Table 4 ACC of target domain classiﬁcation on face datasets (the best results are highlighted in bold)
Method
K-means
DEC[36]
DAC[40]
DANN[9]
AutoNovel[41]
SUNDA (ours)

Y2W
0.282
0.260
0.302
0.218
0.200
0.601

B2W
0.282
0.260
0.302
0.207
0.191
0.632

W2B
0.200
0.192
0.263
0.264
0.196
0.743

Y2B
0.200
0.192
0.263
0.227
0.176
0.655

W2Y
0.325
0.315
0.380
0.225
0.204
0.805

B2Y
0.325
0.315
0.380
0.294
0.217
0.734

Avg.
0.269
0.256
0.315
0.239
0.197
0.695

To sum up, SUNDA achieves favorable learning performance on both the digit datasets
and the face datasets. SUNDA does not exhibit a prominent advantage over DCC in learning
performance on the digit datasets. Nevertheless, it reveals signiﬁcant performance improvement
over unsupervised clustering, UDA, and the new class discovery method on the face datasets. In
addition, despite the unsupervised clustering methods achieve favorable learning performance
on the digit datasets, they do not work well on the face datasets. In contrast, SUNDA can
still gain good learning results. This shows that SUNDA can make full use of source domain
knowledge to assist target domain identiﬁcation and improve learning performance in the target
domain in NSDA tasks.

3.3

Ablation study

In this group of experiments, an ablation study is conducted in the White-to-Yellow race
scenario to further validate the eﬀectiveness of each part of the method. The experiments involve
four losses: (1) class contrastive loss; (2) adversarial DA loss (Lgan contains two adversarial
losses Ladv and LD ); (3) graph-based self-supervised classiﬁcation loss in the target domain;
(4) consistency loss. The results of the ablation study are shown in Table 5, in which ACC is
the classiﬁcation accuracy, NMI is the normalized mutual information, and ARI is the adjusted
Rand index. NMI and ARI are often used to evaluate the performance of clustering. Higher
values of ACC, NMI, and ARI represent better performance. Table 5 shows that the adversarial
loss Lgan , class contrastive loss Lconstrastive , and consistency robustness loss Lcon of the domain
transfer network ft all contribute to a signiﬁcant improvement.
Table 5

Ablation study

Method
LBCE
Lgan + LBCE
Lconstrastive + Lgan + LBCE
Lconstrastive + Lgan + LBCE + Lcon

3.4

ACC
0.454
0.625
0.730
0.805

Metrics
NMI
0.470
0.574
0.669
0.761

ARI
0.327
0.481
0.598
0.716

Parametric sensitivity analysis

In this section, the eﬀect of the threshold parameter thres on the learning performance of
SUNDA is analyzed, and positive sample pairs are selected with thres for graph-based selfsupervised classiﬁcation. Experiments are conducted on the six groups of cross-domain tasks
involving face data and the experimental results are presented in Fig. 5, in which Y, W, and B
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represent Yellow, White, and Black face data respectively. The horizontal coordinate is thres
while the vertical one is the learning performance of SUNDA. It can be seen from the ﬁgure
that the overall classiﬁcation performance of SUNDA improves as thres increases. The reason
is that positive sample pairs are selected with thres and the cosine distance to obtain sample
pair pseudo-labels and the accuracy of the sample pairs gradually improves as thres increases,
whereby classiﬁcation by SUNDA becomes more accurate.
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Analysis of the method stability

To investigate the stability of SUNDA, we plot the variation of the learning performance of
SUNDA on the six groups of cross-domain tasks involving face datasets against the iterations
(Fig. 6(a)), in which the horizontal coordinate is the number of iterations and the vertical
one is the classiﬁcation performance of SUNDA. It can be concluded from the ﬁgure that the
learning performance of SUNDA tends to improve and then gradually stabilize as the number
of iterations increases, which veriﬁes the stability of SUNDA. In addition, SUNDA utilizes
graph-based self-supervised classiﬁcation to guide source domain knowledge transfer. In the
process, the pseudo-label matrix is derived from the cosine distances of sample pairs by a
threshold method. Fig. 6(b) shows the variation of pseudo-label matrix accuracy with respect
to the iterations. In this ﬁgure, the horizontal coordinate is the number of iterations and the
vertical one is the accuracy of sample pair pseudo-labels. According to the ﬁgure, the accuracy
of the pseudo-label matrix is basically above 80% initially and rises as iteration continues,
which means the pseudo-label matrix can eﬀectively guide source domain knowledge transfer.
In this way, the eﬀectiveness of graph-based self-supervised classiﬁcation and the stability of
the SUNDA method are further veriﬁed.

4

Conclusion

The SUNDA method is proposed for NSDA learning tasks in UDA where the sets of class
labels are completely diﬀerent across the source and target domains. Speciﬁcally, initial features
are learned by SSL, and class contrastive knowledge from the source domain is transferred by
an adversarial method to help learn discriminative features in the target domain. Moreover,
graph-based self-supervision in the target domain is used to guide the model in learning and
thereby solve target domain classiﬁcation in the case of heterogeneous label spaces. Experiments
show that the learning eﬀect of SUNDA is signiﬁcantly improved compared with those of UDA,
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Stability anlysis

unsupervised clustering methods, and the new class discovery method. In addition, in OSDA,
existing learning methods all classify private classes in the target domain as unknown classes.
Thus, combining previous OSDA methods with the proposed method is worth consideration
for achieving accurate classiﬁcation of private classes in a domain in addition to aligning and
classifying common classes.
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