
Semi-Supervised Domain Adaptation with Auto-Encoder via Simultaneous
Learning

Md Mahmudur Rahman
University of Massachusetts Lowell
mdmahmudur rahman@student.uml.edu

Rameswar Panda
MIT-IBM Watson AI Lab

rpanda@ibm.com

Mohammad Arif Ul Alam
University of Massachusetts Lowell

mohammadariful alam@uml.edu

Abstract

We present a new semi-supervised domain adapta-
tion framework that combines a novel auto-encoder-based
domain adaptation model with a simultaneous learning
scheme providing stable improvements over state-of-the-art
domain adaptation models. Our framework holds strong
distribution matching property by training both source and
target auto-encoders using a novel simultaneous learn-
ing scheme on a single graph with an optimally modified
MMD loss objective function. Additionally, we design a
semi-supervised classification approach by transferring the
aligned domain invariant feature spaces from source do-
main to the target domain. We evaluate on three datasets
and show proof that our framework can effectively solve
both fragile convergence (adversarial) and weak distribu-
tion matching problems between source and target feature
space (discrepancy) with a high ‘speed’ of adaptation re-
quiring a very low number of iterations.

1. Introduction

Deep domain adaptation has become an emerging learning
technique to address the lack of labeled data with the help
of data from related but different domains[31, 5, 31]. The
key advantages of deep domain adaptation networks are the
ability to train models from partially labeled or even unla-
beled data with the help of related source domain by trans-
ferring knowledge among those domains. Much progress
has been done in deep domain adaptation focusing on Un-
supervised Domain Adaptation (UDA) or Semi-supervised
domain Adaptation(SSDA). Although UDA methods can
be converted to SSDA methods by introducing supervision
from labeled target samples, both methods cannot guaran-
tee the inter-domain feature distribution matching, espe-

Figure 1: Illustration of advantages of using our model. Here solid
circle, dashed circle, solid line (red for before DA/green for after
DA) represent source, target and decision boundary respectively.
(a) decision boundary violates the feature space before adaptation.
(b) While training with our framework iteratively, both of the fea-
ture spaces align each other. (c) Semi-supervised fine-tuning en-
ables the decision boundaries to structure according to the newly
adapted source and target feature spaces. Finally, (d) our method
generates a robust decision boundary.

cially with the unlabeled samples [16] due to the presence of
intra-domain feature space discrepancy resulting poor per-
formance [27].

Based on the feature space mapping techniques, semi-
supervised domain adaptation can be divided into three ma-
jor categories: Discrepancy-based, adversarial discrimina-
tive, and adversarial generative models [5]. In adversar-
ial discriminative models, a domain discriminator network
tries to encourage domain confusion by optimizing an ad-
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versarial loss function [31]. A generative component is at-
tached to the discriminative network to generate more sim-
ilar feature spaces for source and target domains in the
adversarial generative models [10]. Although adversarial
models achieve significant improvement, the training pro-
cess of adversarial networks is complicated that often re-
sults very fragile convergence [1]. Unlike the adversarial
networks, a shared feature space has been learned by min-
imizing the distribution discrepancy between source and
target domains in discrepancy-based methods [24, 39, 29].
The main advantage of discrepancy-based methods is they
are easy to train and convergence is not as fragile as ad-
versarial networks [6]. However, most discrepancy-based
methods minimize the discrepancy between source and tar-
get domains and very few of them address discrepancy
within domains [40, 14, 35]. Especially when there is a
low correlation between labeled and unlabeled samples in
the target domain which results only partial alignment with
the target feature space [35]. As a result, discrepancy-based
methods can not guarantee distribution matching and often
suffer from over-fitting to the target domain[2].

In this paper, we introduce a novel training concept
called simultaneous learning to address above shortcom-
ings. Aligning to a fixed source feature space can be prob-
lematic because of the presence of an intra-domain discrep-
ancy within the target domain [16]. To address this is-
sue, we train both source and target network simultaneously
where both feature spaces align one another in the course of
learning (Figure 1). We implement simultaneous learning
with an auto-encoder-based domain adaptation where fea-
ture spaces of source and target domain get aligned in the
bottleneck layer. In this framework, first, the simultane-
ous learning scheme allows the source domain to align with
the target domain along with the intra-domain discrepan-
cies present in the target domain. Concurrently, the target
domain also gets aligned with the source domain with its
intra-domain discrepancies. As a result, after learning iter-
atively, both source and target domain feature spaces align
with each other including their intra-domain discrepancies,
and solve the problem of partial alignment. Second, we use
the bottleneck layer of auto-encoder as feature space rather
than the layers in the classification network used in other
methods. As the learning objective of the auto-encoder is
not to classify samples, this enables a smooth transition and
continuous feature space among the classes. If any feature
discrepancy presents within the classes, continuous feature
spaces help them to align completely with the other domain.

To best of our knowledge, our proposed method is a first-
of-its-kind framework that considers a simultaneous learn-
ing scheme with source and target networks with a carefully
modified MMD loss across the domain invariant feature
space. Our proposed framework is both easy to train and
achieve state-of-the-art performance by solving the problem

of partial alignment. key contributions:
• Propose a novel simultaneous learning scheme to help tar-
get feature space to align with the source domain feature
space for SSDA.
• Modify MMD loss function in a way which works with si-
multaneous learning and achieve strong inter-domain align-
ment.
• Propose an auto-encoder-based SSDA framework to ad-
dress intra-domain discrepancy issue by implementing the
simultaneous learning scheme and evaluate performances
with state-of-the-art models using three datasets .

2. Related Works
Unsupervised domain adaptation (UDA) has become

mostly popular recently that can be categorized in three ap-
proaches. First one is to reduce the distribution discrep-
ancy by adversarial learning [4] [36] [7] [37] which has
few variances, such as utilization of adversarial learning
to introduce an intermediate domain approach with Grad-
ual Vanishing Bridge (GVB) layer between source and tar-
get domain [7]. The second type of method minimizes the
domain divergence with different loss functions, such as
MMD [24], CORAL [30], HoMM [2] etc. Recently, Do-
main Conditioned Adaptation Network (DCAN) [21] uses
domain conditioned channel attention mechanism to iden-
tify the domain specific features. The last type of method
uses optimal transport (OT) mechanism which minimizes
the cost of transporting one feature distribution to another
domain [3] [8][38][20]. Semi-supervised domain adapta-
tion (SSDA) fuses the well-labeled source domain with the
label scarce target domain with the help of few labeled tar-
get samples. Kim et al. [16] introduce the intra-domain
discrepancy between the labeled and unlabeled data in the
target domain and minimize it to align source and target do-
main features. Another approach uses meta-learning frame-
work for multi-source and semi-supervised domain adap-
tation [19]. BiAT framework uses bidirectional adversarial
training to guide the adversarial examples across the domain
gap and achieve domain alignment [15]. Another adversar-
ial learning based approach MME uses conditional minmax
entropy optimization to achieve adaptation [27].

3. Proposed Method
Let the labeled source domain is Ds = {(Xs

i , Y
s
i )}ns .

Here Xs
i = {x1, ..., xns

} ∈ Rds is the ith sample from the
source image with a feature space of ds dimension. Simi-
larly, Y s

i ∈ Ys is the class label of corresponding ith sam-
ple of the source images Xs

i , where Ys = {1, 2, ..., nc} .
Now, for our semi-supervised setup let consider the target
domain Dt as union of two subset, labeled target domain,
Dl and unlabeled target domain Du. So, Dt = Dl ∪ Du =
{(X l

i , Y
l
i )}nl ∪{(Xu

i }nu where X l
i ∈ Rdt is the labeled ith
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Figure 2: Training mechanism of our proposed Framework. Step 1: Training source and target auto-encoders with the source and target
domain images respectively. X̂S and X̂S are the bottleneck feature space tied with modified MMD loss function. Step 2: Training
the source encoder (weights are frozen) and classifier network with source images and corresponding labels. Then we attach the trained
classifier with the target encoder (weight frozen) and fine tuning with labeled target images.

and Xu
i ∈ Rdt is the unlabeled ith target image with feature

space of dt dimension. Y l
i ∈ Yt is the class label of corre-

sponding ith labeled target data. In our semi-supervised do-
main adaptation setup we use three or one labeled samples
per class for three-shot and one-shot experiments respec-
tively, so, nu ≫ nl and ns ≫ nl. The semi-supervised
classification task in target domain, Tt can be defined to
predict the class labels of the target domain, Y u

i with the
unlabeled target data Xu

i . In our setting, we utilize both
labeled (Dl) and unlabeled (Du) target data to train the do-
main adaptation model for the task, Tt. We assume that
the source and target domain data consist of domain spe-
cific features Us , U t and domain invariant features V s, V t

respectively. The main goal is to map the domain invari-
ant features of both domains into a common feature repre-
sentation space which holds the common domain invariant
features V (where V ≈ V s ≈ V t) of both domains can
represented as then, P (X̂s|Xs) = P (X̂t|Xt) = V where .̂
is feature representation space.

Overview: Our system consists of three main compo-
nents (figure 2): an auto-encoder for the source domain,
an auto-encoder for the target domain, and the classifier.
The training mechanism consists of two stages: training the
auto-encoders, semi-supervised training of the classifier. At
first, we train both source and target auto-encoders with
their respective images. We implement our simultaneous
learning scheme while training the auto-encoders to align
the source and target bottleneck feature space one another

with our modified MMD loss function along the course of
learning. Second, we freeze the source encoder and attach
a classifier layer after that. We train source encoder and
classifier network with the source domain images with the
supervision of corresponding labels. Finally, we attach the
trained classifier to the target encoder and fine-tune with the
labeled target domain samples which enables class align-
ment on already aligned feature space of source and target
domain.

3.1. Training Auto-encoders via Simultaneous
Learning

The objective of this stage is to train both of the auto-
encoders with corresponding domain data. During auto-
encoder training, encoder part learns to create and em-
bedding of input data and decoder part learns to recon-
struct the same input sample from the embedding. At end,
the source encoder, Es(·) and the target encoder, Et(·)
learn to map the input image samples Xs and Xt to their
corresponding feature spaces X̂s and X̂t respectively as
X̂s = Es(X

s), X̂t = Et(X
t). To facilitate our semi-

supervised domain adaptation learning, we need a way to
align the distribution of the embedding space of both en-
coders while training. So, the training objective is to min-
imize the distribution discrepancy between the bottleneck
layers X̂s and X̂t along with reconstruction of the input
image data. We achieve this objective we design a modi-
fied Maximum Mean Discrepancy (MMD) [24] loss func-
tion to minimize the domain discrepancy in the bottleneck
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layers of the auto-encoder along the course of training. The
source and target auto-encoders are fed with the source data
Xs and the target data Xt respectively. We implement a si-
multaneous learning scheme by placing both auto-encoders
in a single graph with a dummy layer. The dummy layer is
a layer of nodes with zero activation. Therefore, it does not
pass any information between the autoencoders but keeps
both of them in a single graph. Figure 3 shows the network
topology of simultaneous learning scheme with the dummy
layer. In this way, we can optimize both auto-encoders si-
multaneously in a single batch of data. The main advantage
of simultaneous learning is the concurrent optimization of
both source and target network. This concurrent optimiza-
tion ensures matching of complex embedded features be-
tween two domains along the way of convergence. Thus,
the self-reconstruction loss for source auto-encoder is:

Ls = − 1

Ns

Ns∑
i=1

Xs
i ·log(p(Xs

i ))+(1−Xs
i )·log(1−p(Xs

i )) (1)

Here, p(Xs
i ) = Es(Ds(X

s
i )) is the probability of correct

reconstruction of Xs
i by the source auto-encoder and Ns is

the number of samples in the batch from source data. On
the other hand, the loss function of the target auto-encoder
should consider both of the reconstruction loss and the op-
timization of bottleneck layer. We considered the weighted
sum of self reconstruction loss and the discrepancy loss. In
this case, we use modified MMD loss function as the dis-
crepancy loss as follows:

Lt = Lrecon + β · Lmd MMD (2)

Lrecon = − 1

Nt

Nt∑
i=1

Xt
i · log(p(Xt

i )) + (1−Xt
i ) · log(1− p(Xs

i ))

(3)

Here β is the parameter for weighted sum in order to
balance the comparative importance between the modified
MMD loss and the reconstruction loss.
Modified MMD Loss Function: The Maximum Mean Dis-
crepancy(MMD) [11] is a powerful metric for determining
the statistical divergence between two correlated marginal
probability distributions. The principal idea of MMD loss
is to calculate the distance between the centroids of two dif-
ferent distributions. If we consider two bottleneck feature
distributions of source and target auto-encoders, then we
can define the MMD loss as

LMMD(X̂s, X̂t) =

∥∥∥∥∥ 1

ns

ns∑
i=1

X̂s
i − 1

nt

nt∑
i=1

X̂t
i

∥∥∥∥∥
2

(4)

Where X̂s
i and X̂t

i are the feature representations in the
bottleneck layers for the ith sample of corresponding source
and target domain data.

In designing our modified MMD loss, we intent to focus
on the divergence between the class conditional probabil-
ity distributions P(X|Y ). The advantage of class condi-
tional probability is that it focuses on optimizing the sam-
ple feature space based on classes rather the whole feature
space at once (Equation 5). This is particularly helpful in

Figure 3: The network topology of the combined system of
source and target auto-encoders is illustrated here where the
optimization of modified MMD loss function minimizes the
discrepancies between source and target bottleneck layers.
The dummy layer connects both auto-encoders for simulta-
neous learning.

the alignment where some discrepancies are present in the
samples within the classes. As a result, the distance of class
conditional probability can be estimated by calculating the
centroid distance between corresponding source and target
classes. So, our loss function becomes,

Lmd MMD(X̂s, X̂t) =
1

C

C∑
k=1

∥∥∥∥∥∥ 1

nk
s

nk
s∑

i=1

X̂s
k,i −

1

nk
t

nk
t∑

i=1

X̂t
k,i

∥∥∥∥∥∥
2

(5)
Here, the total number of classes is denoted by C, nk

s

and nk
t is the number of source and target samples in k

class respectively. We use labelled source domain Ds =
{(Xs

i , Y
s
i )}ns and labelled portion of target domain data

Dl = {(X l
i , Y

l
i )}nl to train with our modified MMD loss

function in equation 5. Detailed training procedures are pre-
sented in the section 2 of supplementary material.

3.2. Semi-Supervised Training of the Classifier

Simultaneous Learning: We train both source and target
autoencoders simultaneously with the parallel batches of
source and target domain data. We made this possible by
connecting both autoencoder networks to the same graph
with a dummy layer. We build a data generator to generate
the parallel data batches. The main advantage of simultane-
ous learning is, the source and target feature representation
space can align with one another along the course of learn-
ing (Figure 1 II). Besides, with our modified MMD loss
function, alignment occurs along similar classes of source
and target domain.

Most of the domain adaptation methods including Cy-
CADA [12] align along the intermediate layers of a clas-
sification stream network. On the other hand, our method
aligns feature space in the bottleneck layer of an encoder de-
coder network. This helps to avoid class-wise clusterization
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in the feature representation space and transfer of features
between the domains occurs all over the space rather than
the clusters. Detailed discussion is presented in the section
1 of supplementary material.

The main function of the classifier network is to clas-
sify the bottleneck feature embedding. We use a common
classifier network for both source and target feature embed-
ding as we assume that both of the feature space would be
aligned to each other before we apply classifier on them.
Another important function of the common classifier is that
it transfers the learning of classification from the source do-
main to the target domain. As the target domain have a
small fraction of labeled data sample, the classifier network
can learn robustly from the source domain where labeled
samples are abound. Then, we fine-tune with the labeled
target samples only for semi-supervised alignment. Con-
sidering the trained source and target auto-encoders, source
and target encoders now learn to map the corresponding
domain to a common feature space. We train the classi-
fier network with the source feature space X̂s and the la-
bels of the source network with supervised training by cas-
cading the learned source encoder and the classifier net-
work. While training, we freeze the encoder module and
let the classifier network be trained. So, the objective func-
tion while training the classifier with the source encoder
is, minfc Lc[Y

s, fc(X̂
s)] where, the classifier network is

represented by fc(·). We use categorical cross-entropy loss
for learning the classifier network. Thus, loss function be-
comes, Lc = −

∑C
i=0 Y

s
i ·log(fc(X̂s

i )) The pseudo-code of
the training procedures of our proposed framework is pre-
sented in Algorithm 1.

4. Experiments
We use three widely used benchmark datasets: Domain-

Net[26] is a recent large scale domain adaptation dataset
consisting 6 different domains and 345 classes. As the la-
bels of some domains and classes are very noisy [27], we
use a subset of 126 most frequent classes and four do-
mains (Real, Painting, Clip-art and Sketch) for our exper-
iments. This subset has around 36500 images per domain.
We use a total of 7 different domain adaptation scenarios
for evaluating our model. For the choice of 4 domains and
7 domain adaptation use cases for DomainNet dataset, we
follow APE[16], BiAT[15] and MME[27] for easier com-
parison. Office-31 is a commonly used domain adaptation
dataset comprising 4110 images of 31 classes from every-
day office environment in three distinct domains: Amazon
(images from amazon.com), DSLR (High resolution image
taken with DSLR camera) and Webcam (Low-resolution
images taken with webcam). We evaluate our method with
all six transfer task combining three of the domains. Digit
Recognition Datasets consists of five widely used digit
datasets: MNIST [18], SVHN [25], USPS [13], Synthetic

Algorithm 1: Training Procedures of Auto-encoder
based Semi-Supervised Domain Adaptation

Input : Source Domain Labeled data,
Ds = {Xs, Y s}, Target Domain Labeled
data, Dt

l = {Xt
l , Y

t
l }, Unlabeled Target

Domain, Dt
u = {Xt

u}, model parameter β,
classifier layers size cl, and bottleneck
feature space size b

Output: End to end trained classifier prediction
network for target domain unlabeled data

1 Match the number of samples class by class
between Ds and Dt

l by randomly resampling the
smaller domain;

2 Sort Ds and Dt
l by class. Initialize the layer weights

of the source and the target auto-encoder
randomly;

3 Set the corresponding loss functions Ls and Lt to
the source and the target auto-encoder respectively;

4 repeat
5 Update weights of the source and target

auto-encoders with batches of data from
{Xs, Xs} and {Xt

l , X
t
l } respectively.

6 until Ls and Lt converges;
7 Take only Encoder module of source Auto-encoder

network and cascade the Classifier network at the
end of it;

8 Freeze the Encoder weights and randomly initialize
the weights of the Classifier network;

9 repeat
10 Optimize the ”Source Encoder + Classifier”

network with Xs, Y s;
11 until Validation Loss converge;
12 Take The Classifier module and cascade with the

target encoder;
13 Freeze the target encoder weights;
14 repeat
15 Optimize the ”Target Encoder + Classifier”

network with labelled target data, {Xt
l , Y

t
l };

16 until Validation loss converge;
17 Estimate the label of the unlabeled samples from

target domain, Dt
u = {Xt

u} with ”Target Encoder
+ Classifier” network;

digit dataset [9]. All of the datasets have 10 classes of
10 digits. We have evaluated the performance over the fol-
lowing pairs of cross-domain adaptation: USPS −→ MNIST,
SVHN −→ MNIST and Synthetic Digits −→ MNIST. All of
the datasets have nearly similar number of samples and
numbers of pixels of every sample is also similar.
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Backbone Alexnet VGG16

Method D→A W→A D→A W→A Avg

S+T 62.4 61.2 73.3 73.2 67.5
DANN 65.2 64.4 74.6 75.4 69.9
ADR 61.4 61.2 74.1 73.3 67.5
CDAN 61.4 60.3 71.4 74.4 66.9
MME 67.8 67.3 77.6 76.3 72.3
APE 69.0 67.6 76.6 75.8 72.3
Our Method 70.5 69.7 77.4 77.8 73.8

Table 1: Results (% Accuracy on target) on Office31 data with 3-
shot setting on 3 domains, D: DSLR, A: Amazon, W: Webcam

4.1. Implementation Details

We implemented our proposed model with python Keras
(tensorflow backend). We resize all of the input images into
224 × 224 pixels for the three channel images of office-
31 and DomainNet datasets and 32 × 32 pixels images for
the digit recognition datasets. We implement Alexnet and
ResNet34 backbone for the DomainNet dataset; Alexnet
and VGG16 for the Office-31 dataset and VGG16 network
for the digit recognition dataset in our encoder module. In
case of decoder, we use the same encoder layers in reversed
order. We use the Upsampling layer of same size in the
decoder in place of the max-pool layer in the encoder to
maintain the progressively increasing shape of decoder. We
also add a reconstruction layer of the shape of input im-
age at the end of the decoder. We optimize the system us-
ing Adam [17] optimization function with learning rate of
1 × 10−3. We choose the optimized values the learning
rate and weighting the parameter β (=0.25) using hyper-
parameter tuning (see implementation details in supplemen-
tary material).

We run the learning model of our framework on a server
having a cluster of three Nvidia GTX GeForce Titan X GPU
and Intel Xeon CPU (2.00GHz) processor with 12 Giga-
bytes of RAM.

We compare the performance of our framework with re-
cent SSDA frameworks such as APE[16], BiAT[15] and
MME[27], DANN[9], CDAN[23] and ADR [28, 27]. We
considered the baseline method as ”S+T” where all of the
available labeled source and target data are used to train
the network. Table 2 shows details of performance com-
parisons on DomainNet dataset where our framework out-
performs nearly all of the current state-of-the-art methods
by 4-8% margin with different backbones both in 1-shot
and 3-shot scenario. On average our method outperforms
baseline methods by 7.8% in case of 1-shot and 13.7% in
case 3-shot learning with Alexnet backbone, 8.1% in 1-shot
and 13.2% in 3-shot learning with ResNet34 backbone net-
work. Some of the state of the art method, DANN, ADR and
CDAN performs poorly compared to the baseline accuracy

Figure 4: t-SNE Visualization of the bottleneck layer feature rep-
resentation of the target domain.

Figure 5: Comparison of Our method’s convergence performance
with baseline algorithms LS-ADDA (Least Square ADDA), DI
(Domain Invariance LS-ADDA) and DIFA(Domain Invariance
and Feature Augmentation LS-ADDA)

score specially in the 1-shot learning. In some cases they
even suffer from negative learning while domain transfer.
Our method shows significant performance improvement.
However, the performance improvement is larger in 3-shot
scenario than 1-shot. Table 1 shows the performance com-
parison of our model on Office 31 dataset where we can
see our model outperforms all of the existing methods with
a significant margin with both Alexnet and VGG16 back-
bone in almost all domain adaptation scenarios. Here, ADR
and CDAN shows similar or degenerative performance on
the target dataset compared to the baseline because of po-
tential negative transfer. On the other hand, our method out-
performed the baseline method by 5-10% margin. Finally,
the performance comparison of our proposed algorithm on
the digit recognition datasets with some state-of-art adver-
sarial network- and discrepancy-based methods is presented
on the table 3. We compare the accuracy score on target
using the performance of modified LeNet network as base-
line. Our framework outperformed all other state-of-the-art
methods in all of the domain adaptation scenarios except
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- Backbone Alexnet ResNet34

Shot Method R→C R→P P→C C→S S→P R→S P→R Avg R→C R→P P→C C→S S→P R→S P→R Avg

1-shot

S+T 43.3 42.4 40.1 33.6 35.7 29.1 55.8 40.0 55.6 60.6 56.8 50.8 56.0 46.3 71.8 56.8
DANN[9] 43.3 41.6 39.1 35.9 36.9 32.5 53.6 40.4 58.2 61.4 56.3 52.8 57.4 52.2 70.3 58.4
ADR[28] 43.1 41.4 39.3 32.8 33.1 29.1 55.9 39.2 57.1 61.3 57.0 51.0 56.0 49.0 72.0 57.6
CDAN[23] 46.3 45.7 38.3 27.5 30.2 28.8 56.7 39.1 65.0 64.9 63.7 53.1 63.4 54.5 73.2 62.5
MME[27] 48.9 48.0 46.7 36.3 39.4 33.3 56.8 44.2 70.0 67.7 69.0 56.3 64.8 61.0 76.1 66.4
APE[16] 47.7 49.0 46.9 38.5 38.5 33.8 57.5 44.6 70.4 70.8 72.9 56.7 64.5 63.0 76.6 67.8
BiAT[15] 54.2 49.2 44.0 37.7 39.6 37.2 56.9 45.5 73.0 68.0 71.6 57.9 63.9 58.5 77.0 67.1
Our
Method

56.3 50.5 48.8 40.2 41.5 39.3 58.4 47.8 74.8 72.4 74.6 59.5 66.6 66.2 79.4 70.5

3-shot

S+T 47.1 45.0 44.9 36.4 38.4 33.3 58.7 43.4 60.0 62.2 59.4 55.0 59.5 50.1 73.9 60.0
DANN 46.1 43.8 41.0 36.5 38.9 33.4 57.3 42.4 59.8 62.8 59.6 55.4 59.9 54.9 72.2 60.7
ADR 46.2 44.4 43.6 36.4 38.9 32.4 57.3 42.7 60.7 61.9 60.7 54.4 59.9 51.1 74.2 60.4
CDAN 46.8 45.0 42.3 29.5 33.7 31.3 58.7 41.0 69.0 67.3 68.4 57.8 65.3 59.0 78.5 66.5
MME 55.6 49.0 51.7 39.4 43.0 37.9 60.7 48.2 72.2 69.7 71.7 61.8 66.8 61.9 78.5 68.9
APE 54.6 50.5 52.1 42.6 42.2 38.7 61.4 48.9 76.6 72.1 76.7 63.1 66.1 67.8 79.4 71.7
BiAT 58.6 50.6 52.0 41.9 42.1 42.0 58.8 49.4 74.9 68.8 74.6 61.5 67.5 62.1 78.6 69.7
Our
Method

59.1 52.7 54.6 44.5 43.9 45.3 60.1 51.5 77.3 74.1 76.2 65.2 69.6 69.5 80.5 73.2

Table 2: Results (% Accuracy on target) on DomainNet dataset with three-shot setting (three samples per class in the target domain) on
4 domains, R: Real, C: Clipart, P: Painting, S: Sketch. Our proposed method outperforms other state of the art methods on most domain
adaptation scenarios

Method S→M U→M Syn→M Avg

Modified LeNet 67.3 66.4 89.7 74.5
DDC [32] 71.9 75.8 89.9 79.2
DAN [22] 79.5 89.8 75.2 81.5
DANN [9] 70.6 76.6 90.2 79.1
CMD [39] 86.5 86.3 96.1 89.6
ADDA [31] 72.3 92.1 96.3 86.9
CORAL [30] 89.5 96.5 96.5 91.0
Our Method 95.22 93.8 96.6 92.8

Table 3: Results (% Accuracy on target) on digit recognition
dataset with three-shot learning setting, S: SVHN, M: MNIST,
Syn: Synthetic Digit dataset

CORAL in USPS→MNIST. It is worth to note that, in case
of SVHN→MNIST, our model outperformed all other al-
gorithms with a significant margin where source and target
images are mostly dissimilar.

The performance of the discrepancy based methods
(DDC, DAN, CMD, CORAL) and adversarial domain adap-
tation methods (DANN, ADDA) are significantly superior
than the baseline Convolution neural network based Mod-
ified LeNet model. But their performance varies widely
among different domain adaptation scenarios which shows
their lack of robustness with the variation of domains. How-
ever, our framework outperforms all of the baseline meth-
ods on nearly all of the domain adaptation scenarios as well
as on the average performance. This confirms the ability
of our framework to minimize the domain discrepancy effi-

Figure 6: Domain adaptation performance changes on different
sample size (fraction of samples) of target data

ciently with a simple and stable training procedure.

4.2. Analysis

Ablation Studies: We perform ablation studies on Domain-
Net and Office31 dataset with Resnet34 backbone to under-
stand performance changes over different loss functions and
hyperparameters.
Effect of proposed Modified MMD loss function and simul-
taneous learning: We perform an experiment by removing
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Figure 7: Effect of β(Modified MMD loss function) on Domain-
Net data

the Modified MMD loss function to observe its effect on
domain alignment. The drop of target accuracy score shows
the importance of our modified MMD loss function (Table
4). We also use sequential learning instead of simultaneous
learning and observe a drop of target accuracy score in both
datasets.
Effect of Hyperparameters: We analyze the effect of differ-
ent weights of modified MMD loss function (β) over auto-
encoder reconstruction loss with DomainNet dataset (figure
7). Target accuracy score is plotted against the logarithmic
value of β. We observe that the β value of 10−3 results
maximum accuracy in target domain.

Approach DomainNet Office 31
w/o Modified MMD Loss 65.4± 0.34 67.5± 0.4

w/o Simultaneous Learning 61.7± 0.56 62.4± 0.35

Our Method 77.3± 0.25 73.7± 0.3

Table 4: Effect of modified MMD loss function and simultaneous
learning on DomainNet data

Bottleneck Space visualization: We visualize the bottle-
neck representation space of the auto-encoders of our pro-
posed framework after the completion of training the auto-
encoders. We randomly select 2000 samples from MNIST
and USPS data-set and get 100 dimensional representation
space from the bottleneck layer. We use t-SNE [33] visu-
alization method to extract two principal components from
that 100 dimensional space keeping the t-SNE parameters
consistent.

In figure 4, we observe a smooth transition between dif-
ferent classes rather than clustered centroids yet with a clear
distinction which helps to obtain domain adaptation along a
wide region of bottleneck representation space.
Convergence Performance: To compare the stability of
our system, we compared the convergence performance of
our model with three variations of ADDA [31] described
in [34]: LS-ADDA (Least Square ADDA), DI (Domain
Invariance LS-ADDA) and DIFA(Domain Invariance and
Feature Augmentation LS-ADDA), as shown in Fig. 5.

In case of both SVHN→MNIST and USPS→MNIST, our
model showed higher stability and higher score. In case
of SVHN→MNIST, our model converged way faster than
all three other variations of ADDA. This validates the the-
oretical assumption of higher stability of our model com-
pared to adversarial network-based methods. Fig. 6 shows
the convergence of our model with the variations of the tar-
get labels (fraction) which provides ample proof that our
method adapts fast enough to be considered as a simple so-
lution against the complexity of training and uncertainty of
domain invariant feature spaces of other methods.

5. Limitations
However, if there is high class imbalance present be-

tween source and target domain, our proposed method
as well as other discrepancy based methods may perform
poorly because the discrepancy property does not hold
strongly in case of imbalance data. However, we have
tried to overcome this issue by randomly sampling the mi-
nor classes while using the class-wise MMD loss function.
But this can lead to over fitting in highly imbalanced data.
Besides, the auto-encoder bottleneck layer need to be de-
signed optimally. Too narrow bottleneck layer can wash
away some important information necessary to classifica-
tion which can lead to lower classification accuracy. On
the other hand, too wide bottleneck layer can make slow
convergence of the modified MMD loss function which
can lead to slower or failed domain adaptation. In future,
we will expand our domain adaptation framework to work
with multiple domain adaptation problem which is under-
explored due to training difficulties. We also have a plan
to implement adversarial based techniques to minimize do-
main discrepancy between bottleneck layers besides Class-
wise MMD loss function.

6. Conclusion
We propose an auto-encoder based semi-supervised do-

main adaptation framework and introduce a novel simulta-
neous learning scheme for source and target domain. We
also introduce a modified version of Maximum Mean Dis-
crepancy (MMD) loss function and implement it to mini-
mize domain discrepancy. Our experimental evaluation and
further analysis show the outperformance of our method
over state-of-art and its theoretical validity. To induce fur-
ther superiority of our proposed model, we present evalua-
tion across four domain shifts which provides ample proof
that our simultaneous learning scheme would make it easier
to train multiple domains at a time.
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