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Abstract

Traditional supervised deep learning assumes that training and test data share the
same distribution—an assumption often violated in real-world scenarios. Domain
adaptation addresses this issue. In this report, we focus on Unsupervised Domain
Adaptation (UDA), where only the source domain is labeled. We implement and
evaluate several deep UDA algorithms on benchmark datasets and compare our
results with those from the original papers.

1 Introduction

Unsupervised Domain Adaptation (UDA) addresses the challenge of training models on a labelled
source domain and adapting them to an unlabeled target domain with a different data distribution.
In this report, we explore state-of-the-art UDA techniques and their applications in areas such as
computer vision and natural language processing. We also reproduce results from influential works
[} 2L 3] to deepen our understanding of this field. Our code is available atﬂ

2 Methodology

2.1 Algorithms

We have implemented the following algorithms for our experiments:[For more details refer appendix]

DANN (Domain-Adversarial Neural Network)[1]]: Trains the model in an adversarial
manner to learn the domain invariant features using a gradient reversal layer and a DNN.

CORAL (Correlation Alignment), DeepCORAL[4,5]: CORAL aligns the second-order
statistics (covariances) of source and target features. Accordingly, DeepCORAL is an
extension of CORAL that integrates correlation alignment into deep neural networks.

MMD (Maximum Mean Discrepancy)[6]: A metric that quantifies non-alignment between
the source and target distributions. It can be used as a loss function for DNNs.

DSN (Domain Separation Network)[7]]: Separates domain-specific and domain-invariant
features for better adaptation. A state of the art method for domain invariant feature learning.

ATT (Adversarial Training with Triplet loss)[8]:An ensemble method that utilize two
classifier trained on source domain to pseudo-label target domain to learn a classifier for it.
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Table 1: Benchmark datasets used in our experiments.

Dataset Category Datasets
Computer Vision (Numbers | Categorical) MNIST, MNIST-M, SVHN | Office: Amazon, DSLR, Webca
Sentiment Analysis (Classification) Amazon Review Sentiment

Soundry (DANN) Feature Embeddings (PCA)
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Figure 1: Label Classification Figure 2: PCA of hidden layer Figure 3: Domain Classification
Figure 4: Results for Standard NN

2.2 Datasets

We have used the following datasetdI] for our experiments:

3 Experiments

3.1 Domain Adversarial Neural Networks (DANN)

We implemented the DANNI1] architecture and evaluated it on a half-moon dataset, comparing it
with a standard DNN. DANN showed poorer domain classification[Figures [Al[8]], indicating it learns
more domain-invariant features. We also tested DANN on the Amazon Reviews dataset using the
paper’s architecture, training for 1000 epochs. Results closely match the paper (within 5% deviation),
with DANN generally outperforming other methods (Table[2). We also test DANN on MNIST and
MNIST-M Dataset and obtained results in accordance to the paper (88% accuracy on target dataset
[T0] compared to only 60% accuracy by doing source-only trainingIT)

3.2 CORAL and DeepCORAL

CORAL4] was implemented and tested for basic robustness by synthetic linearly separable random
Gaussian datasets with same and different covariances. Results are reported in table3] We also
implemented the DeepCORALIS] algorithm and observed its performance on the Office dataset.
Our results alongwith the results mentioned in the survey paper[[5]] are shown in Table 4] It is
observable that the result for W— A is in slight disagreement of 4% whose major reason we belive is
hyperparameter mismatch and the training time of our implementation from the original approach.

3.3 Maximum Mean Discrepancy

Similar to DeepCORAL[S5], We experimented with MMD6] as the divergence metric. We using
synthetic datasets and MMD showed strong adaptation ability (Fig[9).

Figure 5: Label Classification Figure 6: PCA of hidden layer Figure 7: Domain Classification

Figure 8: Results for DANN



Table 2: Results of DANN, NN, and SVM on Amazon Review Dataset compared with results reported
in the paper.

Source Target DANN NN SVM DANN(p) NN(p) SVM(p)
books dvd 72.8% 72.8% 71.95% 78.4% 79.0%  79.9%
books electronics  70.9% 69.5% 69.5% 73.3% 74.7% 74.8%
books kitchen 71.85% 71.85% 71.7% 77.9% 77.8%  76.9%
dvd books 71.55% 66.9% 69% 72.3% 72.0%  74.3%
dvd electronics  69.8% 69% 66.63% 75.4% 732%  74.8%
dvd kitchen 70.05% 67.25% 69.5% 78.3% 77.8%  74.6%
electronics  books 65.95% 63.8% 65.45% 71.3% 70.9%  70.5%
electronics dvd 68.05% 67.15% 67% 73.8% 733%  72.6%
electronics  kitchen 79.25% 78.45% 78.75% 85.4% 85.4% 84.7%
kitchen books 68.25% 68.75% 68.05% 70.9% 70.8%  70.7%
kitchen dvd 68.90% 65.15% 68.5% 74.0% 73.9%  73.6%

kitchen electronics 78.75% 77.4%  79.25% 84.3% 84.1% 84.2%

Table 3: Performance of CORAL on synthetic datasets. Averaged over 100 iterations.

Dataset Type Covariance Condition Accuracy (%)
Univariate Random Same Covariance 100.0
Univariate Random Different Covariance 100.0
Multivariate Normal Same Covariance 95.80
Multivariate Normal Different Covariance 87.39

3.4 Domain Separation Network

We implemented the DSN[7] algorithm for domain adaptation on MNIST and MNIST-M. The
accuracy (Table[5)) is comparable to the original paper, and reconstructed images are shown in Figure

3.5 Asymmetric Tri-training for Unsupervised Domain Adaptation

We implemented the Asymmetric Tri-Training[8]] algorithm and tested it on MNIST and SVHN.
Results (Table[6) are comparable to the paper’s for the training without batch normalization. Discrep-
ancies in other settings may be due to limited training time and suboptimal hyperparameter tuning.

4 Conclusion

In this report, we explored and implemented several state-of-the-art unsupervised domain adaptation
algorithms across diverse datasets. Our results largely align with those reported in original works,
validating both the effectiveness of these methods and our understanding of the underlying principles.
This study highlights the importance of domain-invariant representations and provides a foundation
for further research in robust model generalization across domains.

Table 4: Classification accuracy (source — target) of DeepCORAL on the Office computer vision
dataset. A: Amazon, D: DSLR, W: Webcam.

Office (Amazon, DSLR, Webcam)
Result Source

A—W D—-W W—D A—D D—A W—A

Our Code 62.05 95.32 99.56 64.44 52.77 56.49
Survey Paper 66.4+£04 957403  99.24+0.1  66.8+£0.6 528402  51.54+0.3




Figure 9: Plot of desicion
boundary of DNN trained with
MMD loss. The decision
boundary is shown for the
source domain (dots) and tar-
get domain (cross).

Figure 10: t-SNE Plot of fea-
tures of Source and Target
(With DANN)

Figure 11: t-SNE Plot of fea-
tures of Source and Target
(Without DANN)

Table 5: Results of DSN on MNIST and Figure 13: Reconstructed images from DSN.
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Table 6: Results of ATT on MNIST and SVHN Domain Adaptation.

Method MNIST—SVHN SVHN — MNIST
Our w/o Batch Normalization 36.9% 76.8%
Ours w/o Multi-view Loss 15.2% 76.5%
Ours 15.2% 71.4%
Papers w/o Batch Normalization 39.8% 79.8%
Papers w/o Multi-view Loss 49.7% 86.0%
Papers 52.8% 85.8%




5 Appendix

5.1 Introduction

A common issue in many machine learning applications arises when the distribution of the training
data (source domain) differs from the test data (target domain). This phenomenon, known as domain
shift, can severely degrade model performance.

Domain adaptation is a subfield of transfer learning that aims to tackle this problem. Specifically,
we will be dealing with Unsupervised domain adaptation. In this setting we will have access to:

* A labeled source domain Dg with distribution Pg(X,Y),
* An unlabeled target domain Dy with distribution Pr(X,Y),

where Ps(X,Y) # Pr(X,Y). The goal is to learn a model that performs well on Dr, using labels
only from Dg.

5.2 ‘H-Divergence and Proxy A-Distance

We wish to measure the distances between domains, specifically our source domain and our target
domain. Hence, we require a metric to measure the distances between domains. H-Divergence is
a metric which can be easily estimated from empirical data. Hence, H-Divergence is our metric of
choice.

5.2.1 7-Divergence

Let H be a hypothesis class of binary classifiers. The H-Divergence between two marginal distribu-
tions D and D is defined as:

dy(D§, D7) =2sup

Pr [h(z)=1]— Pr [h(z)=1]|.

zNDgf waq)f
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For a symmetric hypothesis class H( a symmetric hypothesis class is one in which if 7 is a classifier in
hypothesis class then 1 — 7 is also a classifier in the hypothesis class), one can compute the empirical

H-divergence between two samples S ~ (DX)™ and T' ~ (D)™ (of sizes n and n’ respectively)
using the following:

n N
(8,7 =2 (1 ~ i [izﬂ[nm) =0+ 3 ) = 1}]) o
i=1 i

5.2.2 Proxy A-Distance (PAD)

Computing the exact empirical H-divergence is difficult, hence it is estimated via the Proxy A-
distance:

da=2(1-2e), 3)
where € is the generalization error of a classifier trained to distinguish source from target domain
samples.

We will further see in discussion of "A Theory of learning from different domains" paper that this
empirical bound for H-Divergence converges to actual value as number of datapoints increases.

Having laid the theoretical groundwork, we’ll now introduce the DANN architecture.

5.3 Domain-Adversarial Neural Network (DANN)

DANN incorporates a domain classifier into the neural network and trains the feature extractor to
predict domain invariant features by continuous feedback(in terms of gradient) by a gradient reversal
layer and simultaneously train on source dataset to learn the actual labels.



5.3.1 Architecture

The DANN consists of three components:

1. A feature extractor G y(z;6y),
2. Alabel predictor G, (G ¢(x);0,),
3. A domain classifier G4(Gf(z);6q).
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Optimization Objective

We define a joint loss:

n
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This results in a saddle point problem:
(07.6,) = arg min £(0;,0y,0) §)
g = argme%xE(éf,éy,Hd). 6)

The first update is to learn domain invariant features and the required classifier whereas the second
update is to learn domain classifier.

Gradient Updates

Using stochastic gradient descent, the updates are:
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5.3.2 Gradient Reversal Layer Working

To simplify implementation, the adversarial optimization is performed via a custom layer called the
Gradient Reversal Layer (GRL).



Definition

Let R(x) denote the GRL. It has the following behavior:
Forward pass: R(z) =z, (10)

d
Backward pass: —R e (11)
dx

During backpropagation, GRL multiplies the gradient by — ), reversing the gradient direction and
forcing the feature extractor to generate domain-invariant features.

Algorithm 1 Shallow DANN — Stochastic training update

1: Input: 20: tmp + M1 — Gu(Gr(x:)))
— samples S = {(x;. i) }oy and T = {x; :‘;1, xu@Gr(x) 01— Gr(xi))
— hidden layer size D, 21: Ay +— Ap + tmp
— adaptation parameter A, 22: Aw — Aw +tmp - (x;) "

— learning rate p, 23: # ...from other domain

2: Output: neural network {W,V, b, c} 2: § + uniform integer(L, ... ,n')
3: W,V « random_init( D) 25: Gy(x;) « sigm(b + Wx;)
4: b,c,u,d 0 26: Ga(G(x5))  sigm(d + u’ Gp(x;))
5: while stopping criterion is not met do 27 Ag +— Ag — AGa(Gr(x;))
6:  for i from 1 to n do 28: Ay = Au = AGu(Gr(x5))Gr (%)
7: # Forward propagation 29: tmp + —AGa(Gy(x;))
8: Gy(xi) + sigm(b + Wx;) xu@Gr(x) O (1 —Grlx))
9: Gy (Gr(x;)) « softmax(e + VGr(x;)) 30: Ap + Ap + tmp
. 31: Aw <—.Avs,w—i-tmp-()(J)T
10: # Backpropagation
11: Ac + —(e(y:) — Gy(Gr(x:))) 32: # Update neural network parameters
12: Av «— ﬂc C-‘f(x",)_ 33: W« W — J[LAW
13: Ay — (VTAc) OG(x) O (1 — Gr(xi)) 34: V V- uAy
14: AW — Ab . (X,‘,)T 3h: b+ b-— ;J.Ab
36: ci ¢ — g
15: # Domain adaptation regularizer...
16: # ...from current domain 37 # Update domain classifier
17: Ga(Gy(x4)) + sigm(d +u’ Gy(x;)) 38 u < u+ pAa
18: Ay M1 = Ga(G(x:))) 39: d < d+ pAa
19: Au — A1 — Ga(Gy(x:))) G5 (x:) 40:  end for

41: end while

Note: In this pseudo-code, e(y) refers to a “one-hot” vector, consisting of all Os except for a 1 at position y,
and ¢ is the element-wise product.

Figure 14: Pseudocode for the DANN architecture on a shallow neural network having 1 hidden layer
of 15 neurons

5.3.3 Theoretical Implications

DANN effectively minimizes the upper bound of the Target Error which will be discussed in the "A
Theory of learning from different domains" paper. Through the adversarial training:

¢ The source classification loss €g is minimized.
* The domain classifier’s inability to distinguish domains results in low dya.

Thus, for low values of A\, DANN is expected to generalize well on the target domain.

5.3.4 Under-performing Experiments

We’ve encountered a persistent issue in our experiments on person re-identification using deep image
descriptors. While most of our experiments have yielded promising results, one specific setup is
consistently underperforming.

This particular experiment focuses on adapting a model trained on the PRiM dataset to the ViPER
dataset. The core task is to learn a representation (embedding) of person images such that images of



the same person, even when captured by different cameras, from varying viewpoints, and at different
times, have similar embeddings.

Our approach involves the following:

1. Embedding Learning: We train a deep neural network to generate image embeddings.

2. Similarity Measurement: We calculate the cosine similarity between the embeddings of
image pairs within a batch of size n. This results in an n X n similarity matrix.

3. Ground Truth Comparison: We compare this similarity matrix with a ground truth matrix
of the same size. The (4, )" element of the ground truth matrix is 1 if the i** and j**

images in the batch belong to the same person, and 0 otherwise.

4. Loss Function: We use the Binomial Deviance Loss to quantify the discrepancy between
the predicted similarity matrix and the ground truth matrix. Additionally, we incorporate a
Cross-Entropy Loss to handle domain classification, aiming to make the learned features
domain-invariant.

5. Optimization: We use backpropagation to update the network’s parameters based on the
combined loss.

However, we’ve observed a rather frustrating issue: the domain classification loss stops updating
significantly after a certain number of training steps. We initially suspected the ReLU activation
function might be the cause due to its zero gradient for negative inputs. To address this, we replaced
ReLU with the Tanh activation function. Unfortunately, this change did not consistently resolve the
issue of the domain loss stagnating.

Subsequently, we experimented with several architectural modifications and hyperparameter adjust-
ments, including increasing the number of layers and trying different hyperparameter settings. We
even replaced the split network structure with a fully connected layer. Furthermore, we explored
alternative loss functions. Despite these efforts, we have not yet achieved satisfactory results for this
specific adaptation task.

5.3.5 Successful Experiments

The effectiveness of the DANN (Domain Adversarial Neural Network) architecture has been validated
through several key experiments.

Intertwining-Moon Experiment: The first successful experiment involved a synthetic "intertwining-
moons" dataset. A labeled source domain dataset was created, and an unlabeled target domain
dataset was generated by rotating the source domain points by 35°. The performance of DANN was
compared to a standard Neural Network (NN). The underlying neural network architecture being
used is a shallow neural network having a single hidden layer of 15 neurons. Observing the label
classification boundaries revealed that DANN’s decision boundary not only classified the source
labels effectively but also aligned with the structure of the rotated target data. Furthermore, Principal
Component Analysis (PCA) visualization of the hidden layer representations showed that DANN
successfully embedded the target and source domain features within each other, indicating the
learning of domain-invariant features. In contrast, the standard DNN’s hidden layer representation
showed the target domain features clustering separately, near the boundaries of the source feature
space. Similar domain invariance was observed in the domain classification features learned by
DANN.

The dataset being considered can be found in Figure 14. The models were trained for
10000 epochs. Other training parameters have been taken from the paper. The results obtained via
DANN can be found in Figure 8 and the results obtained by the standard DNN can be found in Figure
4. DANN has a domain accuracy 51.33% whereas our standard NN has a domain accuracy of 74.5%.
This elucidates the fact that DANN tries to increase the inaccuracy in correctly predicting the domain
thus promoting the learning of domain-invariant features.

Sentiment Analysis on Amazon Reviews: The second experiment focused on sentiment analysis
using the Amazon review dataset. This dataset comprises reviews across four different product
domains: books, DVDs, electronics, and kitchen appliances. Data provided involve frequency of
each word, pair of words and triplet of words from which we sampled out top 400 occurances in
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Figure 15: Half moons dataset
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Figure 16: MNIST DANN Architecture

Source dataset as our Dictionary and the created a bag of words encoding for all datapoint to convert
all them to a 400 dimentional vector. Domain adaptation was performed for every possible pair of
these domains. The models were trained for 1000 epochs, and the results of DANN were compared
against those of a standard Deep Neural Network (DNN) and Support Vector Machines (SVM).
The study concluded that DANN generally outperformed both DNN and SVM across most of the
domain transfer tasks, highlighting its ability to generalize sentiment classification across different
product categories. The corresponding performance metrics were presented in a table2] where out
of 12 possible pairs of different source and target domains, a total of 10 pairs were giving their best
results for DANN whereas 3 were giving their best results for DNN and 1 for SVM.

MNIST to MNIST-M Adaptation: Finally, the paper presented a domain adaptation task involving
the MNIST and MNIST-M datasets. MNIST contains grayscale images of handwritten digits, while
MNIST-M is a modified version of MNIST with colored backgrounds and strokes resembling
real-world images. The experiment demonstrated that DANN achieved the expected positive results
in adapting a model trained on MNIST to classify images from the more challenging MNIST-M
dataset. DANN produced a target accuracy of 88.03% whereas a model trained only on the source
data produced a target accuracy of only 60.99%. The paper reports a target accuracy of 76.66 %
using DANN and a target accuracy of 56.90% without using DANN. The architecture used can be
found in Figure 16.

We also perform a t-SNE visualisation of the features given by the top feature extractor
layer of the DANN network as well as the non-DANN network. The t-SNE visualisation was done
with a perplexity parameter of 30. The visualisation can be found in Figures 10 and 11. We observe
that the features of the source domain and the target domain learned by the DANN architecture are
almost superimposed upon each other. This illustrates the fact that DANN learns domain invariant
features. On the other hand, the visualisation of the source and target features for the non-DANN
case shows that the features learnt are domain-dependent.

5.3.6 Conclusion

The DANN framework stands as a principled and practical method for unsupervised domain adapta-
tion. Grounded in domain adaptation theory, it achieves the minimization of target error by aligning
feature distributions through adversarial training. The elegance of DANN lies in its simplicity and the



minimal architectural modifications required to integrate domain adaptation directly into a standard
feed-forward neural network.

5.4 CORAL and DeepCORAL
5.4.1 Theory: CORAL

CORAL is a divergence based method falling under Domain Invariant Feature Learning in which give
the source data Dg and the target data D7, we tend to minimize the difference between the second
order statistics(covariance matrices) of the train data and the test data for our classifier.

We describe our method by taking a multi-class classification problem as the running example.
Suppose we are given source-domain training examples Ds = {Z;}, # € R? with labels Lg =
{yi},y € {1,..., L}, and target data D = {i;}, i € RP. Here both & and i are the D-dimensional
feature representations ¢(I) of input I. Suppose ps, 1 and Cg, Cr are the feature vector means
and covariance matrices. As illustrated in Figure 2, u; = pus = 0 after feature normalization while

Cs # Cr.

To minimize the distance between the second-order statistics (covariance) of the source and target
features, we apply a linear transformation A to the original source features and use the Frobenius
norm as the matrix distance metric.

The multiplication of A with the source data performs the tasks of whitening and recoloring the data
to align it with the target domain.

min|Cs — Crl[} = min |ATCsA - Crl}

where C% is covariance of the transformed source features DgA and || - |2 denotes the matrix
Frobenius norm.

5.4.2 Algorithm: CORAL

Now, for all possible inequalities between the ranks of the source and target covariance matrices,
we can analytically evaluate A using singular value decomposition[4]]. However, since computing
singular value decompositions of matrices is computationally heavy, we stick to traditional whitening
and re-coloring. The traditional whitening is adding a small regularization parameter A to the diagonal
elements of the covariance matrix to explicitly make it full rank and then multiply the original feature
by the inverse square root (or square root for coloring) of it. The whitening and re-coloring here
are slightly different from them since the data are likely to lie on a lower-dimensional space and the
covariance matrices could be low rank. For our experiments, we have set A to 1le — 5.

5.4.3 Pseudocode: CORAL

Algorithm 1 CORAL

Input: Source Data Dg, Target Data D, A
Output: Adjusted Source Data D}

Cs = cov(Dg) + X - eye(size(Dg, 2))

Cr = cov(Dr) + X - eye(size(Dr, 2))

Z1
Dg = Dgs * Cg* %whitening source

AN A R ol AT

1
D§ = Dg x U} %re-coloring with target covariance

5.4.4 Theory: DeepCORAL

We address the unsupervised domain adaptation scenario where there are no labelled training data
in the target domain, and propose to leverage both the deep features pre-trained on a large generic
domain and the labelled source data. In the meantime, we also want the final learned features to
work well on the target domain. The first goal can be achieved by initializing the network parameters
from the generic pre-trained network and fine-tuning it on the labelled source data. For the second

10



goal, we propose to minimize the difference in second-order statistics between the source and target
feature activations, i.e. the CORAL loss. Figure 1 shows a sample Deep CORAL architecture using
our proposed correlation alignment layer for deep domain adaptation. We refer to Deep CORAL as
any deep network incorporating the CORAL loss for domain adaptation. And for our experiments we
have used AlexNet as our network.

Basically, we assign some layers of our neural network to be the CORAL loss layers and fix the last
layer as the Classification loss layer(in the multi-class classification setting). The basic skeleton of a
DeepCORAL architecture has been shown in[I7]
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Figure 17: A coarse skeleton of the DeepCORAL architecture. Both source and target data pass
through a shared CNN feature extractor. The network minimizes a standard classification loss on
source domain labels and a CORAL (CORrelation ALignment) loss to align second-order statistics
(covariances) of source and target feature representations. Here we apply the CORAL loss to the fc8
layer of AlexNet. Integrating it to other layers or network architectures should be straight- forward.

5.4.5 Mathematical Formulation: DeepCORAL

We define the CORAL loss as the distance between the second-order statistics (covariances) of the
source and target features(this is slightly different from the previous definition as now the source data
for the next layer is the most recently aligned source data:

— 2
LcoraL = @HCS - Crl% @
where || - || p denotes the squared matrix Frobenius norm. The covariance matrices of the source and
target data are given by:

Cs=—1 (DIDs— ~ (17ps)" (17 Ds) ©)

ns — 1 o ns
Cr = —— (DFDr — — (17Dr)" (17 D) 3)

nr — 1 T nr

where 1 is a column vector with all elements equal to 1.

The gradient with respect to the input features can be calculated using the chain rule:

aﬁcogAL _ 1 ((Dg _ 1 (1TDS)T 1T>T (Cs — CT)) “)
oDz d*(ng — 1) ns ij

aCCO;AL _ 1 <<D% _b (1TDT)T 1T>T (Cs — CT)) ®)
oD~ d*(np — 1) nr ij

We use batch covariances, and the network parameters are shared between two networks.

11



Hence, finally, our total loss to be minimized by training the neural network is as follows:

t
L = Lciass + Z AiLcorAL

i=1

where ¢ is the number of CORAL loss layers.

5.4.6 Experiments: DeepCORAL

We used AlexNet as our pre-trained model in the experiments for DeepCORAL. The data used was
the Office dataset and a discrepancy in the results obtained was highlighted earlier in the report which
may be due to different hyperparameters set by us in comparison to the original experimental setup.
We used SGD as our optimizer and trained the model over 50 epochs with a batch size of 128 and a
step size(learning rate) of 1e — 3. The results for the experiments conducted by us are summarised in

5.5 Maximum Mean Discrepancy

5.5.1 Theory

Maximum Mean Discrepancy (MMD) is a statistical test used to measure the distance between two
probability distributions. It is particularly useful in domain adaptation tasks where the goal is to align
the feature distributions of the source and target domains. MMD computes the distance between the
means of the two distributions in a reproducing kernel Hilbert space (RKHS). The MMD can be
expressed mathematically as:

MMD?(P, Q) = % Z P(xi) — % > éy5)
- H

where P and () are the two distributions, ¢ is a feature map that maps the data into a high-dimensional
space, and H is the RKHS. The MMD can be computed using a kernel function, such as the Gaussian
kernel, which allows for efficient computation in high-dimensional spaces. Formula for MMD is
given as:

MMDZ(P, Q) =E,w[k(z,2')] + Eyy [k(y, y')] — 2Eq 4 [k(z,y)]
where k is the kernel function, and = and y are samples from the distributions P and @, respectively.

An empirical estimate of MMD can be computed using the following formula:

I\M(PQ) szxlﬂxj szymyj szxuyj

1137&1 Z1J¢z s =
From this we can define the test statistic as:
_ MMD (X,Y)
Vin(X,Y)
where 17; (X,Y) is the variance of the MMD estimate. The null hypothesis is that the two distributions

are equal, and the alternative hypothesis is that they are different. The test statistic 7' follows a
standard normal distribution under alternate hypothesis H; : P #£ Q.

MMD?;(X,Y) — MMD2(P, Q) 4
V(Tn(P,Q))

— N(0,1)

5.5.2 Implementation

Experiments of MMD as a divergence metric:
We Implemented unbiased estimator of MMD and then generated blob data with different distributions.
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P and Q are 5 x 5 grid of gaussian blobs where covariance of blobs are given by:
1 0 1 e—1
o= 0] Q-] T
cov 0 1 cot 7 1
For a visual demonstration, Figure [T9 shows an example where P has blobs of isotropic Gaussian
distribution (blue dots) and Q has blobs of elliptical Gaussian distribution (orange dots) with € = 6.

To test the power of test statistic used the following procedure:

For n trials, generate samples from P and Q.
Compute the MMD statistic for each trial.
Now intialize an empty array for null-statistics.

e

For m permutations of combined data of P and Q , take X as first half and Y as second half
and compute the MMD statistic and append it to null-statistics.

d

Now we take the 95th percentile of null-statistics and compare it with the MMD statistic.

6. If MMD statistic is greater than the 95th percentile of null-statistics, we reject the null
hypothesis.

7. Compute the power of the test as the proportion of trials where the null hypothesis was
rejected.

8. Repeat the above steps for different values of € and plot the power of the test against e.

We have plotted the power of the test against o in figure[I§] Where o is the hyperparameter of the
gaussian kernel. The plot shows the followin:

* As e increases, the rejection ratio also increase which is expected as the distributions become
more different.

* There is an optimal value of sigma for which the power of the test is maximum. This is
because if sigma is too small, the MMD statistic will be too small to detect the difference
between the distributions. If sigma is too large, the MMD statistic will be too large and will
not be able to detect the difference between the distributions.

MMD in Domain Adaptation:

We used MMD as a divergence metric to train feature extractor and classifier. We tested it on Synthetic
Moons data where target domain was rotated by 30 degrees. The feature extractor is a DNN with 2
hidden layers and ReLLU activations. The classifier is a fully connected layer with softmax activation.
The loss function is the sum of the cross-entropy loss and the MMD loss:

L(Op,0c) = Lcp(C(F(xs)),ys) + A - MMD?(F(xs), F())

where Lop is the cross-entropy loss, C' is the classifier, F' is the feature extractor, and A is a
hyperparameter that controls the trade-off between the two losses. The MMD loss encourages the
feature distributions of the source and target domains to be similar, thereby improving the model’s
performance on the target domain. We trained the model 1200 epochs and used A = 0.5 and optimizer
was Adam with learning rate of 0.001. Image of the decision boundary is shown in figure [0}

5.6 Domain Separation Networks
5.6.1 Method

The key idea is to learn representations that are both domain-invariant and domain-specific. This is
achieved by decomposing the latent representation of an image into two components:

* Shared representation (%.): Captures features common to both source and target domains.

* Private representation (h,): Captures features specific to each domain.
The model architecture includes:

* A shared encoder E.(z) for domain-invariant features.

* Private encoders E,(z) for source and target domains.

13



Test Power vs Kernel Bandwidth for Different € (Parallel CPU)

Blobs dataset: P vs Q (g = 6)
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Figure 18: MMD: Test power vs epsilon 04 2L - ce— -
shows how well MMD can distinguish be- i Q (elliptical)
tween distributions vs how much they differ. 0 10 20 30 40

Figure 19: Example of synthetic dataset used
in power calculation.

* A shared decoder D(h) that reconstructs the input using both private and shared compo-
nents.

* A classifier G(h.) trained only on source domain labels.

A coarse skeleton of the architectures used in DSNs is shown in 20l
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Shared Decoder: D(E.(x) + E,(x))

Shared Encoder E, (x)

1o

t

h}

Private Source Encoder E7{x")

x}&-5-

Figure 20: A coarse skeleton of Domain Separation Networks (DSNs). The architecture separates
each input into a domain-specific (private) and domain-invariant (shared) representation. The shared
decoder reconstructs the input from both components, while the classifier operates only on the shared
features. Learning is guided by four objectives: classification loss (Lcj,ss), reconstruction 10ss (Lyecon)s
similarity 10ss (Lgimitarity), and difference 10ss (Litterence)-

5.6.2 Learning

The learning objective is composed of four loss terms:

L= Etask + aﬁrecon + 5£difference + ’Yﬁsimilarity (12)

* Task loss (L,sx): Cross-entropy classification loss on the source domain.
* Reconstruction loss (L con): Scale-invariant MSE between the input and reconstruction.

* Difference loss (Liference): Enforces orthogonality between shared and private representa-
tions using Frobenius norm:

L gifference = HHCSTH;H% + HHéTH;It)H%‘
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* Similarity loss (Lgimilarity): Encourages shared representations from both domains to be
similar. Two approaches are used:

— Domain-Adversarial Neural Network (DANN): Uses a gradient reversal layer to confuse
a domain classifier.

— Maximum Mean Discrepancy (MMD): Kernel-based distance to align shared feature
distributions.

The combined learning strategy ensures that the model:

1. Learns a domain-invariant representation for classification.
2. Separates domain-specific features into private encoders.
3. Can reconstruct inputs for both domains using both representations.

4. Enables interpretability via visualization of private and shared components.

5.6.3 Experiments

We conducted experiments using Domain Invariant Separation Networks with the DANN approach.
MNIST and MNIST-M were used as the train(source) and test(target) data respectively. The accuracy
of the trained model on the test data was reported along with the reconstructed images of MNIST and
MNIST-M through the shared decoder. The architectures for all the encoders, the decoder, and the
classifier were reported through the code submission and the video demonstration of the code.

5.7 Asymmetric Tri-training for Unsupervised Domain Adaptation

5.7.1 Theory
The Asymmetric Tri-training algorithm is a domain adaptation method that leverages multiple
classifiers to improve the performance of a model on a target domain. The key idea is to use two

classifiers trained on the source domain to generate pseudo-labels for the target domain, and then use
these pseudo-labels to train a third classifier.

The algorithm works in three main steps:

1. Source Domain Training: Two classifiers (F1 and F2) are trained on labeled source domain
data.

2. Pseudo-labeling: F1 and F2 are used to predict labels for unlabeled target domain data. Only
instances where both classifiers agree with high confidence are selected for pseudo-labeling.

3. Target Classifier Training: A third classifier (Ft) is trained on the pseudo-labeled target
domain data, incorporating a multi-view loss to ensure consistency between predictions.

Complete Architecture is shown in figure 21]

Loss Functions:
The loss function for Source domain training is the cross-entropy loss + multi-view loss:

L(Op,0r,,0r,) = Lop(Fi(xs),ys) + Lop(Fa(zs), ys) + AW Wa|
The loss function for Target domain training is the cross-entropy loss:

L(OF,0r,) = Lor(Fi(xt), )
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S :source samples F Objective for category loss
T,: pseudo-labeled target samples !

¥ : Pseudo-label for target sample
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—
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X F2
Vo2 RS - i
—
S+T,
F
F : Shared network ——
F;,F,: Labeling networks = ]_,D_,E P.— L(p, §)
F, : Target specific network T,

Figure 21: ATT Architecture: The feature extractor F processes inputs from both domains. F1 and F2
are source-trained classifiers that generate pseudo-labels for training Ft on the target domain.

5.7.2 Pseudocode

Algorithm 2 Asymmetric Tri-training

1: Input: Source data X = {(z4,1;) }j~,, Target data X; = {(x;)}}_,
2: X! = () {Initialize labeled target set}

3: for j = 1toiter do

4:  Train F, Fy, Iy, F; with mini-batch from training set S

5: end for

6: Ny = Ninit

7: X! = Labeling(F, Fy, Fy, X¢, Ny)

8 L=X,UX!

9: for K steps do

10.  for j = 1toiter do

11: Train F, F1, F> with mini-batch from training set L
12: Train F, F; with mini-batch from training set Xé
13:  end for

14 X! =0,N,=K/20%n

15 X! = Labeling(F, Fy, Fp, X;, N;)
16: L=X,UX|}

17: end for

5.7.3 Implementation Details

We implemented the Asymmetric Tri-training algorithm using PyTorch. The model architecture
(fig22) consists of a feature extractor followed by three classifiers. The feature extractor is a
convolutional neural network (CNN) for image data, while the classifiers are fully connected layers.
We used momentum SGD with a learning rate of 0.01 and momentum 0.9 and a batch size of 128.
Lamda was set to 0.01 for the multi-view loss. We trained for 20 iters and value of K as 50. This
computation required 2-3 hours of training time on GPU hence we were not able to train it for the
recommened 2000 iterations as mentioned in the paper. Which we believe is the reason for the
discrepancy in results as compared to the paper.

5.8 A Theory of learning from different domains

5.8.1 Introduction

This paper[3] introduces the theoretical framework for domain adaptation, specifcally Supervised
Domain Adaptation. This is particularly important in scenarios where labeled data is scarce or
expensive to obtain in the target domain, but abundant in the source domain.
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F,: Labeling Network1

FE2ES FC 10 units
A units a
ReLU Softmax
F: Shared Network
F,: Labeling Network2
conv conv conv FC 3072 FC 2048
5x5x64 e 5x5x64 R 5x5x128 units units FC 10 units
RelU ReLU ReLU ReLU ReLU

F,: Target-specific network
| Kot FC 10 units
units ‘| softmax
RelLU

Figure 22: Architecture used for SVHN-MNIST domain adaptation. The feature extractor is a CNN
with batch normalization in the last convolutional layer, and the classifiers are fully connected layers
with batch normalization and dropout.

In many real-world applications, such as image recognition or natural language processing,
the performance of machine learning models can degrade significantly when the training and testing
data come from different distributions. This phenomenon is known as domain shift or covariate shift.
To prevent this, domain adaptation seeks to transfer knowledge from the source to the target domain
effectively via the learning of domain independent features of source dataset.

The H-divergence is a measure of the difference between two probability distributions. Such a
measure is important as it helps us quanitfy how different 2 distributions are from each other. We will
first derive an upper bound over H-divergence between the source and target domain. After that we
will try to estimate an optimal value of « which is a parameter that controls the trade-off between
the source and target domain errors. The goal is to minimize the source error while ensuring that
the model generalizes well to the target domain. We will also provide a theoretical analysis of the
alpha-error bound, which quantifies the relationship between the source and target domain errors.

5.9 Problem Formulation

We formalize the problem of domain adaptation for binary classification as follows. A domain is
defined to be a pair of a distribution D over inputs X and a labeling function f : X — [0, 1], which
can take fractional (expected) values when labeling occurs non-deterministically. Initially, we will
consider two domains: a source domain and a target domain.

We denote the source domain by (Dg, fs) and the target domain by (Dr, fr). A hypothesis is a
function i : X — {0, 1} which labels the inputs. The probability that a hypothesis / disagrees with a
labeling function f (which can also be a hypothesis) when evaluated over a distribution Dy is defined

as follows:
ES(ha f) = EZENDS [|h(.’17) - f(SU)H
When referring to the source error (sometimes called risk) of a hypothesis, we use the shorthand
notation:
es(h) = es(h, fs).

5.9.1 Notation and Definitions

Definition 1. Given a domain X with distributions Dy and D+ over X, let H be a hypothesis class
on X. For any hypothesis h € H, denote by I(h) the set of points for which h is the characteristic
function, i.e., v € I(h) <= h(x) = 1. The H-divergence between Dy and Dy is defined as:

dy(D1,Dz) =2sup | Pr [z € I(h)]— Pr [z € I(h)]].
he’;_[ CENDl :ENDQ

The advantage of using H-divergence over other metrics is due to the relative ease in estimating its
upper bound in terms of empirical values.

Consider the case of the hypothesis class being of finite VC dimension and is symmetric.
Following are certain lemmas which will help us in estimating the upper bound of the H-divergence.
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Lemma 1. Let H be a hypothesis space on X with VC dimension d. If U and U’ are samples of size

m from D1 and D4 respectively, and ciH(U, U’) is the empirical H-divergence between the samples,
then for any § € (0, 1), with probability at least 1 — 9, the following holds:

5 dlog(2 1 2
dw (D1, D2) < dy(U, U’)+4\/ og(2m) + Og(a).

m

This Lemma shows that the empirical #{-divergence between two samples from distributions D; and
D5 converges uniformly to the true H-divergence for hypothesis classes H of finite VC dimension.

Lemma 2. For a symmetric hypothesis class H (one where for every h € H, the inverse hypothesis
1 — his also in H) and samples U, U’ of size m, the empirical H-divergence is given by:

A 1 1
dy(U,U)=2|1—min | — I Ul +— I U’
H( ) ) }11&171-[1 m h;_o [I € } + m h%_l [:E € ] ’

where I[x € U] is the binary indicator variable, which is 1 when x € U and 0 otherwise.

This lemma directly motivates a procedure for computing the #-divergence.

Definition 2. The ideal joint hypothesis is the hypothesis which minimizes the combined error:

h* = arg hmel7r-tl (S(h) +T(h)).

We denote the combined error of the ideal hypothesis by:
A= S(h*)+T(h").

This X\ will be used in our analysis of the alpha-error bound.
Now, let’s define a term called Symmetric Difference Hypothesis Space which is a very crucial for
our further analysis.

Definition 3. For a hypothesis space H, the symmetric difference hypothesis space HAH is the set
of hypotheses

g € HAH <= g(x) = hi(x) @ ha(x) for some hy, he € H,

where @ is the XOR function. In words, every hypothesis g € HAH is the set of disagreements
between two hypotheses in H.

The below lemma will give us an idea on how to incorporate this symmetric difference hypothesis
space in our analysis.

Lemma 3. For any hypotheses hi, he € H, the following inequality holds:
1
les(hi, ha) — er(hi, ha)| < §dHAH(DS7DT)

The following theorem can be easily proved using the above lemma:

Theorem 1. Let H be a hypothesis space of VC dimension d. If Us,Ur are unlabeled samples of
size m' each, drawn from Dg and Dy respectively, then for any § € (0, 1), with probability at least
1 — d (over the choice of the samples), for every h € H.:

2dlog(2m’) + log (%)

!/

+ A

1-
er(h) <eg(h) + §dHAH(Z’{SauT) + 4\/ m
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Now, let’s denote our loss as:
€a(h) = aer(h) + (1 — a)€s(h)

where « € [0, 1]. We want to find the optimal « such that the target loss is as low as possible.
The following lemmas are essential in calculating the optimal value of o

Lemma 4 Let h be a hypothesis in class H. Then
1
ealt) = ex(t)] < (1= @) (Gduar(Ps. Pr) + 1)

The lemma shows that as « approaches 1, we rely increasingly on the target data, and the distance
between domains matters less and less.

Lemma 4 (Lemma 5). For a fixed hypothesis h, if a random labeled sample of size m is generated
by drawing Bm points from Dy and (1 — 8)m points from Dg, and labeling them according to fs
and fr respectively, then for any 6 € (0, 1), with probability at least 1 — 0 (over the choice of the

e PrlEa(h) = ca(h)| = € < 2exp <2m€2/ (Og ' (11_%)2) > |

It can easily be proved using Hoeffding’s inequality.

Proposition 1 (Hoeffding’s inequality). If X;,..., X, are independent random variables with
a; < X; < b; forall i, then for any € > 0,

Pr[|X —E[X]| > €] < 2exp <—2"262>
D i (bi—ai)? )’
where X = L3 | X,
Theorem 2. Let H be a hypothesis space of VC dimension d. Let Ug and Ur be unlabeled samples

of size m' from Dg and Dr, respectively. Let S be a labeled sample of size m, with Sm from Dr
and (1 — B)m from Dg, labeled by fr and fs, respectively.

If h € H is the empirical minimizer of £, (h) on S, and h = arg mingey er(h), then for any
0 € (0,1), with probability at least 1 — 0:

ex(h) <ep(ht) + 4, ¢ L0 [2d1og(2(m + 1)) +210g(8/9)

B 1-5 m
2d1og(2m’) +log(8/0) A)

m/

+2(1 - «) <;CZHAH(U,5, Ur) + 4\/

This theorem can be easily proved using the last 3 lemmas.

Optimal Mixing Value

Let us define:
fla) = 2B 0; + (11_032 12(1 - a)A,

where

R !
. 1dHAH(UstT)+4\/2dlog(2m)l—klog(4/5)+)\’ B :4\/2dlog(2(m+ 1)) +2log(8/9)
2 m m
Define D = v/d/A. Then the optimal value o* is:

‘ o= [! if mp > D2,
a*(mp,mg; D) =
s min{1,v} otherwise,

where
ms

2T (14
mr +mg \/DQ(mS + mT) — mgmr .
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5.9.2 Conclusion

In conclusion, this paper introduced the theoretical framework for supervised domain adaptation.
While training, we will assign different weights to the losses of the two domains: source and target.
The paper illustrates the factors on which the optimal weight value where the optimal weight value
refers to the weight producing the lowest combined error. This weight in general depends on 3, VC
dimension and the number of training points.
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