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Abstract In computer vision, domain shifts are a typical issue. A classifier that
has been trained on a source domain will not be able to perform well on a target
domain. As a result, a source classifier taught to discriminate based on a particular
distribution will struggle to classify new data from a different distribution. Domain
adaptation is a hot area of research due to the plethora of applications available
from this technique. Many developments have been made in this direction in recent
decades. In light of this, we have compiled a summary of domain adaptation research,
concentrating on work done in the last few years (2015-2022) for the benefit of the
research community. We have categorically placed the important research works in
DA under the chosen methodologies and have critically assessed the performances of
these techniques. The study covers these features at length, and thorough descriptions
of representative methods for each group are provided.
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1 Introduction

Machine learning is not the same as human learning. Humans can learn from a small
number of labeled instances and apply what they have learned to new examples in
unique situations. On the other hand, supervised machine learning approaches only
work well when the test data is from the same distribution as the training data [22,
26]. They perform poorly when the testing dataset is from a non-identical distribution
[13]. This happens due to the shift between the domain distributions.

Domain adaptation has found many applications in computer vision related to
applying a trained network to real-world data. It can also label a synthetic dataset
related to an earlier labeled dataset with less effort. Several works like [36] have
utilized domain adaptation for segmentation problems in computer vision where the
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testing set of data is from a distribution dissimilar to the training set. Under such
cases, traditionally trained models will perform poorly. It has also found several
applications under image captioning as well. Many domain adaptation techniques
were devised to neutralize the performance reduction caused by domain shift. They
can be broadly categorized into:

— Supervised: Under supervised domain adaptation, most of the samples in the
target domain are labeled.

— Semi-Supervised: In the target domain, a few labeled samples are supplied to
learn the suitable model adaption. This form of semi-supervised learning can
extract invariant features from both domains. However, it also requires a small
sample of target images to be labeled.

— Unsupervised: Unsupervised domain adaptation (UDA) reduces the shift between
domains through unlabeled target datasets while seeking to maximize the classi-
fier’s performance on them. The target images are passed simultaneously with
the source images. The network tries to classify the target images on the labels
provided by the source domain images [3, 14].

This study aims to assess current progress in domain adaptation techniques and
to offer some inferences from research directions.

2 Datasets Used for Domain Adaptation

Datasets used for domain adaptation simulate the condition where the data is from
a different but related distribution. Datasets are therefore developed to generalize
models across different domains. We have listed a few of the popular datasets used
in domain adaptation. These datasets are used as the benchmark for calculating the
domain adaptation of a technique.

2.1 Office 31

Office 31 [25] is a benchmark dataset with 4110 images with 31 categories and 3
domains. It contains Amazon, which has images extracted from Amazon, DSLR has
images taken by a DSLR camera, and Webcam consists of images taken using a
Web camera under various photographic settings. Office dataset was created in 2010
and has since been the benchmark dataset for DA problems. Sample images of the
datasets are given in Fig. 1.
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Fig. 1 Office 31 dataset samples
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Fig. 2 Office-Caltech-256 dataset samples

2.2 Caltech

Caltech-256 [15] is a 257-class object recognition dataset that contains 30,607 real-
world photos of various sizes. There are at least 80 photos for each class. The Caltech-
101 dataset is a subset of this dataset. Caltech-256 is more intricate and demanding
due to the more significant variability in size, backdrop, and other factors. We have
added some samples from Office and Caltech, which share overlapping classes in
Fig.2. However, recently, more extensive datasets (Sects.2.3 and 2.4) have been
created to explore the scope of adaptation learning.

2.3 Office Home

Office Home [32] has four domains and 15,500 pictures or snapshots from 65 distinct
categories. The four domains are Art, i.e., Ar, Clipart, i.e., Cl, Product, i.e., Pr,
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Fig. 3 Office Home dataset samples

and Real-World, i.e., Rw. Snapshots from drawings, canvas and various creative
renderings of images are included in the art domain. The Clipart domain is a collection
of clipart pictures. Real-World is made up of typical photographs acquired with a
camera, while Product comprises images without a background (refer Fig. 3).

2.4 MNIST and MNIST-M

MNIST [18] dataset is made up of 70,000 hand-written digits images in gray-scale.
MNIST-M [10] is a dataset made from the MNIST dataset with the background
containing varied patches of color from colored photos. It contains around 59,001
training and 90,001 test images. The MNIST/MNIST-M dataset samples have been
given in Fig. 4.

3 Methods of Deep Domain Adaptation

We have divided distinct domain adaption techniques into categories depending on
their methodology in this section.
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MNIST

MNIST-M

Fig. 4 MNIST/MNIST-M dataset samples

3.1 Discrepancy Based

Recent works show that deep domain adaptation networks, which perform
discrepancy-based domain adaptation, produce better results than earlier multi-step
works [29, 30]. Under discrepancy-based works, the commonly seen criteria to
increase domain adaptation are.

Maximum Discrepancy Loss (MMD) MMD [21, 35] used a residual block attached
to the end of the source network. The loss function was the sum of minimum mean
discrepancy (MMD) loss [20] and entropy loss. The high representational features
were extracted using the residual block, while the domain alignment was improved
using MMD loss. The principle behind maximum mean discrepancy loss (MMD
loss) is that distances between distributions are represented as distances between
mean embeddings of features. The difference between the two alternative projections
of the mean is the MMD. The maximum mean discrepancy (MMD) loss uses the
kernel trick to find infinite moments across the distributions and reduce the distance
between the expectation of distribution from the samples.

Correlational Alignment (CORAL) Similar to MMD, DeepCORAL [27, 28] was
developed to improve domain adaptation using second-order distributions statis-
tics. CORAL [27] explores the second-order statistics between the source and target
domains using the higher representational features to align them. It was used within
a DA network, reducing the domains’ correlational alignment (CORAL) by mini-
mizing the covariance between the higher representational tensors within the fully
connected layers. This was done by using the CORAL loss obtained from the network
layers. The domains were aligned by reducing the coral loss within the network.
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Optimal Transport (OT) Optimal transport (OT) was proposed as a discrepancy
technique to improve domain adaptation in joint distribution optimal transport
(JDOT) [7]. Optimal transport is unique because it operates as a tool for convert-
ing one (continuous) probability distribution into another with minimal effort. The
OT solution determines the most efficient technique to transform one distribution
into another. The solution may be used to interpolate between them and acquire
intermediate transformations seamlessly. The source data was transformed to a sub-
space with the shortest Wasserstein distance [2] across domains using OT. However,
it scaled quadratically in computational cost with the sample size. This drawback
was overcome in DeepJDOT [8] by implementing the OT stochastically in a deep
adaptation network (DAN).

3.2 Adpversarial Based

Adversarial network-based domain adaptation has recently attracted much atten-
tion since it provides state-of-the-art accuracy that outperforms discrepancy-based
approaches. These networks follow a generator-discriminator architecture where the
generator will learn to produce domain invariant and discriminative characteristics
from the domains. A discriminator, which functions as a domain classifier, will
predict the source of the image from the generator. This creates domain confusion
within the network. Thus, working adversarially, these networks will produce domain
invariant features which can be used to perform UDA.

Domain-adversarial neural network (DANN) [9] model was developed based on
this principle of using GANs to reduce domain shift between the domains. Unsu-
pervised domain adaptation is achieved by linking the feature extractor to a domain
classifier through a gradient reversal layer that, during backpropagation-based train-
ing, doubles the gradient by a negative constant. The gradient reversal feature within
the network was responsible for extracting the domain invariant features from both
the domains within the networks.

Coupled generative adversarial networks (CoGANs) [19] use two GANs through
which the domains are simultaneously passed, and the weights are shared between
the networks. This encourages learning the joint distribution from both domains
without using target domain labels.

PixelDA [4] uses adversarial architecture to reduce the shift between source and
target distribution, to enable the classification of the target distribution samples.
Instead of attempting to capture the domain’s invariant features, this approach shifts
the source domain to the target domain using GAN. Once trained, the model was
able to produce and classify samples in the target domain. However, they are com-
putationally expensive and limited by the dimensions of the input sample.

Adversarial discriminative domain adaptation (ADDA) [31] model uses a pre-
trained source encoder which is pretrained using labeled source domain images. The
model uses the target and source images such that the discriminator cannot identify
the origin of the domain from the images. The joint distribution of domains is learned
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from this and used for feature transformation and testing. Unsupervised classification
of the target domain images is conducted based on parameters learned from these
domain invariant features.

Selective adversarial networks (SANS) [6] are a type of deep adversarial adaptation
proposed to perform partial transfer learning. Itis used in applications where the target
label is a subset of the source label category. Consequently, all the source domain
labels are not present within the target domain. SAN can match source and target
data distributions in a common subspace while segregating the outlier classes in the
source domain. It is accomplished by increasing the alignment between similar data
distributions in the latent space to the maximum degree possible.

3.3 Reconstruction Based

Deep reconstruction domain adaptation [12] is a method to improve adaptation which
creates domain invariant features from each of the domains using an external recon-
struction. It uses an encoder-decoder network architecture to classify and reconstruct
the target distribution images. The higher representation of the target distribution is
learned by the model trained on the source distribution and is used to categorize
the target. After training, the reconstructed images from the original distribution
show characteristics similar to the target distribution samples. Thus, it shows that
the network has learned the joint distribution from both domains. This is then used
to classify the target samples.

In the work [11] using an MTAE (Multitask autoencoder), the model reconstructs
the images in different domains. This enables us to find the naturally occurring
inter-domain variability when images are present across different domains. Such a
process enables to find invariant features from both distributions. These features are
then extracted from the different domains.

Domain separation networks (DSNs) [5] learn the higher-order representations
and partition them into two subspaces. One of the subspaces is private to that par-
ticular domain, while the other subspace is shared across the domains. The partial
representation is used to reproduce the image from both domains. The private and
source representations are used in a shared decoder which learns to replicate the input
domain distribution. The discriminability of the classes is increased by increasing
the orthogonality constraints between the private and the shared subspaces compo-
nents. The alignment of the domains is improved using the similarity loss between
the shared subspace loss components.

3.4 Combination Based

Minimum discrepancy estimation [24] had used a combination of discrepancy-based
losses of MMD and CORAL within the neural net to reduce the domain shift jointly.
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Table 1 Table showing the summary view of all works

Method Title Year Dataset Acc%
Discrepancy-based| Learning transferable features with deep 2015 Office 31 72.9
adaptation networks [20]
Unsupervised domain adaptation with residual | 2016 Office 31 73.7
transfer networks [21]
Mind the class weight bias: weighted 2017 Office 31 72.1

maximum mean discrepancy for unsupervised
domain adaptation [35]

Return of frustatingly easy domain adaptation | 2016 Office 31 69.4
[27]
Deep coral: Correlation alignment for deep 2016 Office 31 72.1
domain adaptation [28]
Joint distribution optimal transportation for 2017 Caltech-office | 80.04
domain adaptation [7]
Deepjdot: Deep joint distribution optimal 2018 MNIST 924
transport for unsupervised domain adaptation MNIST-M
[8]
Adversarial-based | Unsupervised domain adaptation by 2015 MNIST 89.01
backpropagation [9] MNIST-M
Coupled generative adversarial networks [19] | 2016 MNIST USPS | 91.2
Adversarial Discriminative Domain 2017 MNIST USPS | 89.4
Adaptation [31]
Partial transfer learning with selective 2017 Office 31 87.27
adversarial networks [6]
Unsupervised pixel-level domain adaptation 2017 MNIST 98.2
with generative adversarial networks [4] MNIST-M
Reconstruction- Deep reconstruction-classification networks 2016 MNIST USPS | 91.8
based for unsupervised domain adaptation [12]
Domain generalization for object recognition | 2015 Office 86.29
with multi-task autoencoders [11] Caltech
Domain separation networks [5] 2016 MNIST 83.2
MNIST-M
Combination- On minimum discrepancy estimation for deep | 2020 Office 31 74.6
based domain adaptation [24]
Dynamic Weighted Learning for Unsupervised | 2021 Office 31 87.1
Domain Adaptation [34]
The domain shift problem of medical image 2019 Philips 83.5
segmentation and vendor-adaptation by Siemens

unet-gan [36]

Cross-domain contrastive learning for 2022 Office 31 90.6
unsupervised domain adaptation [33]

Category contrast for unsupervised domain 2022 Office 31 87.6
adaptation in visual tasks [17]

Online unsupervised domain adaptation via 2022 Office 31 85.3
reducing inter- and intradomain discrepancies
adaptation [37]

Transformation- Direct domain adaptation through reciprocal 2021 MNIST 70
based linear transformations [1] MNIST-M
Learning transferable parameters for 2022 Office 31 90.9

unsupervised domain adaptation [16]
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The source and target samples are sent simultaneously into the network. The encoded
outputs from the network are taken from the higher representational layer and passed
to the discrepancy-based adaptation losses. The losses from the MMD and CORAL
loss are combined and backpropagated within the network for improved alignment
within the domains.

Weighted DWL [34] utilizes a combination of criteria inspired by earlier works of
adversarial and discrepancy-based models to build a DAN for improving the align-
ment. The network model focuses on two fronts: improving domain alignment and
improving class discriminability within the domains. The class imbalance problem is
also considered here by reweighing the samples before passing them into the network
for training. This reduces the model bias due to the class imbalance of the training
samples. The MMD is used to improve the alignment, and the linear discriminate
analysis (LDA) loss improves the class discriminability.

Application of domain adaptation in medical research has been implemented by
combining U-Net and adversarial-based GAN networks [36] to perform domain
adaptation and image segmentation. The GAN is used for domain adaptation of the
images (MRI scans) from different vendors, and U-Net is used to image segmentation.

Another application of the UDA combining technique is followed in OUDA [37],
wherein the target domain is taken from the online streaming source. The method-
ology followed has two parts: The initial method involves reducing the discrepancy-
based difference between the domains. A trained subspace is obtained from the initial
phase, which captures domain invariant features through feature-level, sample-level,
and domain-level adaptation. In the second part, the online classification uses the
lower-dimensional alignment of the incoming target samples to the trained subspace.
This is then used to reduce the intradomain distance between the online samples (tar-
get domain), which is then classified.

Unsupervised methods have also been developed and used with the earlier men-
tioned losses to overcome the target domain’s label-free and source-free classifi-
cations. The work in [33] used a self-supervised method of implementation where
the target was initially clustered based on KNN [23] and given pseudo-labels based
on the source domain. These were then taken to perform contrastive learning by
reducing the distance between the same classes from the target and increasing the
distance between different classes. This was performed by decreasing intra-class and
improving the inter-class distance, respectively.

A similar method that uses contrastive learning is followed in [17]. This approach
creates a dictionary-like structure consisting of samples from the labeled source
and unlabeled target domains. The samples from the unlabeled target domain are
given pseudo-labels based on the source domain categories. The category contrast
(CaCo) approach utilizes contrastive learning on the dictionary to reduce the distance
between the same classes. The dictionary created for this purpose will also focus on
class balance and class discriminability between the categories to minimize bias.
Thus, the technique also accounts for class imbalance while training.
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3.5 Transformation Based

Other than discrepancy-based loss functions, reconstruction, and GAN-based end-to-
end architectures discussed earlier, another significant contribution to domain adap-
tation is the transformation applied as preprocessing on the input domain samples. A
seminal work in this domain is the direct domain adaptation (DDA [1]). DDA using
reciprocal linear transformation is a recent method based on prepossessing the input
data to reduce the domain shift before the samples are passed through the network.
The technique matches the signal-to-noise ratio between domains. The samples from
the target domain are convoluted with the source domain and vice versa to reduce
the shift. Thus, the domain shift is reduced outside the network before the training
and testing.

A different form of transformation technique is explored under TransPar [16].
This work follows a method of identifying parameters in a network that learns the
domain invariant features while training. Based on the lottery ticket hypothesis, the
approach finds a network’s transferable and untransferable parameters. The ratio of
transferable parameters is inversely related to the domain shift distance between the
distributions. The backpropagated weights from the loss identify the transferable
parameters. The model then updates both parameters separately, focusing on the
parameters that can generalize across the domains better. It is focused on reducing
the domain-specific information learned by the network and can be integrated into
current UDA-based models.

A summary of all works and their results has been given in Table 1. We have cat-
egorized them based on their approaches to aligning the domains. The performance
comparison of these models is also compared to each other in Table 1. Their perfor-
mance shows that adversarial methods produce the best results from all the models.
Combination-based models also have results close to adversarial methods. These
combinational models are often a combination of techniques involving adversarial
and discrepancy-based methods. Reconstruction networks based on encoder-decoder
architecture are also producing good results on diverse datasets.

4 Conclusions

This work has surveyed several papers on different approaches to domain adaptation
techniques. In most real-world cases, it is likely that the target domain is not labeled
and shares only a few classes similar to the source domain. This promises extensive
research in unsupervised domain adaptation in the coming years.
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5

Future Works

A promising direction in domain adaptation is adversarial networks and combina-
tional models of different domain adaptation techniques. These types of approaches
produce better results than most techniques in DA. Due to the more significant num-
ber of applications available for domain adaptation, much work in this direction is
expected in the future.
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