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Preface

While the proliferation of sensors being deployed in cell phones, vehicles, build-
ings, roadways, and computers allows for larger and more diverse information to be
collected, the cost of acquiring labels for all these data remains extremely high. To
overcome the burden of annotation, alternative solutions have been proposed in the
literature to learn decision making models by exploiting unlabeled data from the
same domain (data acquired in similar conditions as the targeted data) or also data
from related but different domains (different datasets due to different conditions or
provided by different customers). In many real-world machine learning scenarios,
using only the data from the same domain might be insufficient and data or models
borrowed from similar domains can significantly improve the learning process.
Such a process, referred to as domain adaptation, aims to leverage labeled data in
one or more related domains (sources), in-order to build models for a target domain.

Domain adaptation is particularly critical for service companies, where all
machine learning components deployed in a given service solution should be
customized for a new customer either by annotating new data or, preferably, by
calibrating the models in order to achieve a contractual performance in the new
environment. While adaptation -across domains is a challenging task for many
applications, in this book, we focus on solutions for visual applications.

The aim of the book is to give a relatively broad view of the field by selecting a
diverse set of methods which made different advances in the field. The book begins
with a comprehensive survey of domain adaptation and transfer learning, including
historical shallow methods, more recent methods using deep architectures, and
methods addressing computer vision tasks beyond image categorization, such as
detection, segmentation or visual attributes. Then, Chap. 2 gives a deeper look at
dataset bias in existing datasets when different representations including features
extracted from deep architectures are used. The rest of the book is divided into four
main parts, following the same structure as the survey presented in Chap. 1.

Part T is dedicated to shallow domain adaptation methods, beginning with the
widely used geodesic flow kernel (Chap. 3) and subspace alignment (Chap. 4). Both
chapters propose solutions for selecting landmark samples in the source dataset.
Chapter 5 presents domain-invariant embedding methods and Chap. 6 describes

vii
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viii Preface

transductive transfer machines, a method that combines local feature space
transformation with classifier selection and parameter adaptation. The first part ends
with Chap. 7 that addresses domain adaptation cases where the access to the source
data is constrained.

Part 1I is dedicated to deep adversarial discriminative domain adaptation meth-
ods. The first two methods presented use a confusion loss as an adversarial
objective to adapt the source network towards the target data. The deep- CORAL
(Chap. 8) learns a nonlinear transformation that aligns correlations of activation
layers of the deep model. The deep domain confusion network (Chap. 9) uses a
maximum mean discrepancy based domain confusion loss to induce domain
invariant representations. In contrast, Chap. 10 presents the domain-adversarial
neural network that integrates a gradient reversal layer to promote the emergence of
features discriminative for the main learning task and non-discriminate with respect
to the domain shift.

Part III is a collection of contributions addressing domain adaptation problems
different from classical image categorization. As such, Chap. 11 focuses on Fisher
vector based patch encoding adaptation in the context of vehicle re-identification.
Chapter 12 explores the adaptation of semantic segmentation models trained on
synthetic images to correctly operate in real scenarios. Chapter 13 addresses the
challenge of pedestrian detection by adapting-a deformable part-based model
trained on virtual-world data to real world data using structure-aware adaptive
structural SVMs. Finally, Chap. 14 proposes a method to generalize semantic part
detectors across domains.

Part IV concludes the book with unifying perspectives. On the one hand,
Chap. 15 proposes to use multi-source domain generalization techniques for the
purpose of learning cross-category generalizable attribute detectors. On the other
hand, Chap. 16 proposes a common framework that unifies multi-domain and
multi-task learning which can be flexibly applied also to zero-shot learning and
zero-shot domain adaptation.

Overall, this comprehensive volume, designed to form and inform professionals,
young researchers, and graduate students, is the first collection dedicated to domain
adaptation for visual applications. In this book I wanted not only to address his-
torically shallow and recent deep domain adaptation methods, but also contributions
focused on object or object part detection, re-identification, image segmentation,
attribute detection as well as present generic frameworks that unify domain adap-
tation with multi-domain, multi-task and zero-shot learning.

To give such a broad view, I brought together leading experts in the field to
showcase their techniques. I would like to thank them specially for accepting my
invitation and for their dedicated effort to share in this book their valuable expe-
riences in the various chapters. Finally, I would also like to thank our Springer
editors, Wayne Wheeler and Simon Rees, for their advice and their help in guiding
me through the book production process.

Meylan, France Gabriela Csurka
February 2017
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Chapter 6

Adaptive Transductive Transfer
Machines: A Pipeline for Unsupervised
Domain Adaptation

Nazli Farajidavar, Teofilo de Campos and Josef Kittler

Abstract This chapter addresses the problem of transfer learning by unsupervised
domain adaptation. We introduce a pipeline which is designed for the case where the
joint distribution of samples and labels P (X*"¢, Y*") in the source domain is assumed
to be different, but related to that of a target domain P (X8, Y"¥), but labels Y"¢ are
not available for the target set. This is a problem of Transductive Transfer Learning.
In contrast to other methodologies in this book, our method combines steps that adapt
both the marginal and the conditional distributions of the data.

6.1 Introduction

The transfer learning (TL) taxonomy presented by Pan and Yang [355] and described
also in Chap. 1 classifies TL approaches into three main categories: Inductive TL,
when labeled samples are available in both source and target domains; Transductive
TL, when labels are only available in the source set, and Unsupervised TL, when
labeled data is not present. They also categorized the methods based on instance
re-weighting (e.g., [91, 111]), feature space transformation (e.g., [45, 312]) and
learning parameters transformation (e.g., [21, 55]).

The work presented in this chapter has its focus on Transductive TL, also known
as Domain Adaptation (DA) problems. While different methods can potentially be
combined to achieve a successful transductive transfer, in this work we have mainly
restricted our attention to methods which focus on feature space transformation,
learning parameters transformation and their combination.
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Shared Unsupervised
Space - sample-specific

Classifier selection & Class-specific
detection transformations parameter adaptation adaptation(TST)
(MMD) (TransGrad)

Fig. 6.1 The Adaptive Transductive Transfer Machine (ATTM)

Among the researchers following a similar line of work, Long et al. [312] pro-
posed to do Joint Distribution Adaptation (JDA) by iteratively adapting both the mar-
ginal and conditional distributions modified Maximum Mean Discrepancy (MMD)
algorithm [45]. JDA uses the pseudo target labels to define a shared subspace
between the two domains. At each iteration, this method requires the construc-
tion and eigen decomposition of an n x n matrix whose complexity can be up to
O 3) where n = ng.. +n g 18 the total number of samples. Similarly, Gong et al.
in [200] proposed a kernel-based domain adaptation method that exploits intrinsic
low-dimensional structures in the datasets.

In this chapter! we propose a Transductive Transfer Machine (TTM) algorithm
which combines methods that adapt the marginal and the conditional distribution
of the samples, so that the source and target datasets become more similar. After
adaptation, the transformed source domain data can be used to design a classifier
for the target domain’s samples. The TTM approaches this problem by combining
four types of adaptation: (a) solving the task in a lower dimensional space that is
shared between the two domains, (b) a set of local transformations to further increase
the domain similarity, and (c) a set of class-conditional transformations aiming to
increase the similarity between the posterior probability of samples in the source and
target sets, (d) and finally we introduce the Adaptive TTM (ATTM), which uses two
unsupervised dissimilarity measures before step (c) to perform classifier selection
and automatic kernel parameter tuning.

Section 6.2 presents the core TTM components of our method and discusses the
relation with previous works. This is followed in Sect.6.3 by a description of our
ATTM framework. In Sect. 6.4, the proposed pipeline is compared against other state-
of-the-art methods and showing performance boost in cross-domain image classifi-
cation, using various datasets. Section 6.5 concludes the paper.

6.2 Marginal and Conditional Distribution Adaptation

In order to introduce the ATTMdepicted in Fig. 6.1, we will first present its core com-
ponent, feature space transformation, referred to as Transductive Transfer Machines
(TTM), summarized in the steps below:

I This chapter is an amalgamation of the works published in [152-154] with additional analysis
taking into account the works of other authors which were developed concurrently to our work.
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(c) Marginal adaptation with TransGrad (d) Conditional adaptation with TST

Fig. 6.2 The effect of different steps of the pipeline on digits 1 and 2 of the MNIST — USPS
datasets, visualized in 2D through PCA. Source samples (MNIST) are indicated by stars, target
ones (USPS) by circles, red indicates samples of digit 1 and blue indicates digit 2

1. A global linear transformation G’ is applied to X*"“ and X"¢ such that the marginal
distribution of the source samples, P (G’'(X*"“)) becomes more similar to that of
target’s, P(G'(X"¢)). This is done by minimizing the MMD between the sets as
described in Sect.6.2.1.

2. Aiming to minimize the difference between the marginal distributions, a local
transformation is applied to each transformed source domain sample
G/(G'(x{")). This transformation, dubbed TransGrad, uses the gradient of the
target data log-likelihood at each source sample. Details are in Sect.6.2.2.

3. Finally, aiming to reduce the difference between the conditional distributions in
source and target spaces, a class-based transformation is applied to each class of
the transformed source samples G (G} (G'(x;"“))). While the first two steps are
unsupervised transfer learning methods, this step is transductive, as it uses source
labels. The transformation applies translation and scale transformations (TST) to
each training set, as described in Sect. 6.2.3.

Fig. 6.2 illustrates these steps using a dataset composed of digits 1 and 2 from MNIST
and USPS datasets. The first two principal components of the source data are used
to project the data into a two dimensional space for a better visualization.
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6.2.1 Shared Space Detection with MMD

In the first step of TTM pipeline, we look for a shared space projection that reduces
dimensionality of the data whilst minimizing the reconstruction error. As explained
in [312], one possibility for that is to search for an orthogonal transformation matrix
W e R/*/" such that the embedded data variance is maximized,

max Tr(W'XHX'W), (6.1)
WTW=/

where X = [X*¢; X""¢] ¢ R/ *"r+mm i5 the input data matrix that combines source
and target samples, 77 (-) is the trace of a matrix, H =1 — m]l is a centering
matrix where / is the identity matrix, 1is a (isc + fsg) X (grc + i) matrix of
ones and f’ is the dimensionality after the projection where f' < f.

The optimization problem can be efficiently solved by eigen decomposition. How-
ever, the above PCA-based representation may not reduce the difference between
source and target domains, hence the need for a more appropriate transformation
remains.

Following [213, 312, 354, 471] the empirical MMD measure, proposed in [354],
is used as the distance measure to compare different distributions. This algorithm
searches for a projection matrix, W € R/*/" which minimizes the distance between
the means of the two distributions:

2
1 Ngre 1 Ngpe+irg

> Wiy — > Wix|| =Tr(W'XMX'W)  (6.2)

n
i=1 "8 j=nge+1

nsrc

where M is the MMD matrix and is computed as follows:

1

. ) src
Mooty Xi0 Xj € X
— . . trg
Mij = ) nugnng’ Xi, Xj € X (6.3)
=L otherwise.
NsrcPlirg

The constraint optimization problem then is to minimize Eq.(6.2) such that
Eq.(6.1) is maximized, i.e., solve the following eigen-decomposition problem:
(XMXT + el)W = XHX " WD, giving the eigenvectors W and the associated eigen-
values in the form of the diagonal matrix D. The effect is to obtain a lower dimensional
shared space between the two domains. Consequently under the new representation
G'(x) = W'X, the marginal distributions of the two domains are drawn closer to
each other, as the distance between their means is minimized. The effect of this
transformation is shown? in Fig. 6.2b.

2Note however that in Fig.6.2b a 2D view of feature space was generated using PCA and only
two out of ten classes of digits in MNIST/USPS dataset are shown, while the MMD computation was
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6.2.2 Sample-Based Adaptation with TransGrad

In the next step of the pipeline, we propose a sample-based transformation that shifts
the source probability density function toward target clusters. Via the TransGrad step
a set of local translations is applied to the source samples, making their distribution
more similar to that of the target samples.

In general, target data may, but does not have to, lie in the same observation space.
However, for the sake of simplicity, we shall assume that the transformation of the
source to the target domain is locally linear, i.e., a sample’s feature vector X from the
source domain is shifted to the target space by

G"(x) = x+ yby, (6.4)

where the f dimensional vector by represents a local offset in the target domain
and y is a translation regulator. In order to impose as few assumptions as possible,
we shall model the unlabeled target data, X””® by a mixture of Gaussian probability
density functions, p(x|A) = Zle wy p(X|Ax), whose parameters are denoted by A =
{we, iy, Xxo, k=1, ---, K} where wy, u;, and ¥ denote the weight, mean vector
and covariance matrix of Gaussian component k, respectively, and K denotes the
number of components p(x|A;) = N (s, Xg).

The problem of finding an optimal translation parameter by can then be formulated
as one of moving the source point x to a new location G”(x) = x + yby to increase
its likelihood as measured using p(G”(x)|A"®). Using the Taylor expansion, in the
vicinity of x, the likelihood of p(x 4 yby) can be expressed as:

P+ yby|d) = p(x|3) + ¥ (Vxp(xI1)) by . (6.5)

We wish to maximize the p(x + ybx|X) with respect to the unknown parameter, by.
The learning problem then can be formulated as:

max (PxIV) + ¥ (Vxpx|2) "bx)  st.blby=1. (6.6)

The Lagrangian of Eq. (6.6) is p(x|%) + y (Vxp(x|A)) ".bx — ¥’ (b, .by — 1). Setting
its gradient with respect to by to zero

Vip(X|2) — by =0, (6.7)
where y” is considered as TransGrad’s step size parameter and is equal to 27)’/ , we find

that the source data-point x should be moved in the direction of maximum gradient
of the function p(x|)1). Accordingly, by is defined as

(Footnote 2 continued)
done in a higher dimensional space with samples from all ten classes. For these reasons it may not
be easy to see that the means of the source and target samples became closer after MMD.
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K

by = Vip(x|2) = D wip(Ihe). 2 (x — ) - (6.8)
k=1

src

In practice, Eq.(6.4) translates x*“ using the combination of the translations
between x*"¢ and p,, weighted by the likelihood of G”(x*¢) given A;. Up to our
knowledge, this is the first time a sample-based transformation is proposed for transfer
learning. The effect of this transformation can be seen in Fig. 6.2c.

6.2.3 Conditional Distribution Adaptation with TST

In order to reduce the class-conditional distribution mismatch between the corre-
sponding clusters of the two domains, we used a set of linear class-specific trans-
formations which we refer to as translation and scaling transformation, or TST. To
achieve this, we assume that a Gaussian Mixture Model (GMM) fitted to the source
classes can be adapted in a way that it matches to target classes. We follow Reynolds
et al. [385] and use only diagonal covariance matrices in the GMM, making the
complexity of the estimation system linear in f. In our experiments, we further sim-
plify the model for this step of the pipeline by using only one Gaussian distribution
per class which is not unrealistic considering the fact that what we are eventually
interested in are compact and dense classes.

In order to adapt the class-conditional distributions, one can start with an attempt
to match the joint distribution of the features and labels between the corresponding
clusters of the two domains. However, in Transductive Transfer application scenar-
ios, labeled samples are not available in the target domain. We thus use posterior
probability of the target instances to build class-based models in the target domain.
This relates to JDA [312], which uses pseudo-labels to iteratively update a supervised
version of MMD. In our case, class-based adaptations are simplified to translation
and scaling transformations, making the computational cost very attractive.

The proposed transformation adjusts the mean and standard deviation of the cor-
responding clusters from the source domain, i.e., each feature j of each sample X' is
adapted as follows:

)Ci- _ E”C[)Cj, yi]

; J 1 1 [ . .
Gyi(x}) = e oS+ ER X Y'Y= 1 nge (6.9)
J:Yi
where o7"¢ is the standard deviation of feature x; of the source samples labeled as

Jy
y' and E*¥“[x;, y'] is the joint expectation of the feature x; and labels y' defined by

2 O

E”C[)C',yi] — : !
! 22 Iy ()

(6.10)
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In Eq. (6.10) 1},;(y") is an indicator function.?
An estimation of the target joint expectation is thus formulated as

20 X Py, (V1%)
> P, (X0

Etrg[xj, vy~ Et/(f“_[xj, y] = (6.11)

We propose to estimate the standard deviation per feature and per class using

v | 2t O = EX 1xj. yD?Pa, (3 [%) 612
aY Z:l Agre y- Xy . .
JsY Z g P ( l| )

In summary, in a common DA problem, the joint expectation of the features and
labels over source distribution, ES"“[x;, y'], is not necessarily equal to E”$[x;, y'].
Therefore, one can argue that if the expectations in the source and target domains are
induced to be similar, then the model A learned on the source data will generalize
well to the target data. Consequently, the less these distributions differ, the better the
trained model will perform.

Since the target expectation Ezg [x;, '] is only an approximation based on the
target’s posterior probabilities, rather than the ground-truth labels (which are not
available in the target set), there is a danger that samples that would be miss-classified
could lead to negative transfer, i.e., negative impact. To alleviate this, we follow
Arnold et al.’s [18] suggestion and smooth out the transformation by applying the
following mapping

va’,f(x;i) =(1—0)x; +6G,(x}), (6.13)

where 6 € [0, 1] is the transfer rate parameter. As it can be inferred from the MMD
and TST equations, the effect of the first transformation is that it tries to find a shared
subspace between the two domains to reduce the distributional mismatch at a global
level second one is actually a class-specific transformation aiming to reduce the
class-conditional mismatch among the clusters from one domain to another.

Iterative refinement of the conditional distribution. Matching the marginal dis-
tributions does not guarantee that the conditional distribution of the target can be
approximated to that of the source. To our knowledge, most of the recent works
related to this issue [55, 76, 378, 587] are Inductive Transfer Learning methods and
they have access to some labeled data in the target domain which in practice makes
the posteriors’ estimations easier.

Instead, our class-specific transformation method (TST), reduces the difference
between the likelihoods P (G’ (x*“)|y =¢) and P(x|y = ¢) by using the target
posteriors estimated from a model trained on gradually modified source domain
Eq. (6.13). Hence, these likelihood approximations will not be reliable unless we

30ur method uses insights from Arnold et al. [18], but Egs. (6.10) and (6.11) rectify those from [18],
as discussed in [154].
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iterate over the whole distribution adaptation process and retrain the classifier model
using G;f’(x”c).

Global dissimilarity as stopping criterion. In order to automatically control the
number of the iterations in our pipeline, we introduce a domain dissimilarity measure
inspired by sample selection bias correction techniques [99, 434]. Many of those
techniques are based on weighting samples x;" using the ratio w(x) = %. This
ratio can be estimated using a classifier that is trained to distinguish between source
and target domains, i.e., samples are labeled as either belonging to class src or trg.
Based on this idea, we use this classification performance as a measure of dissimilarity
between two domains, i.e., if it is easy to distinguish between source and target
samples, it means they are dissimilar. We coin this measure as Global Dissimilarity,
Delobal(Xs¢ X8y which is defined by the accuracy of a nearest neighbor domain
classifier using a random split of training and test samples, each containing 50%
of the data. If the domain dissimilarity is high, then more iterations are needed to
achieve a better match between the domains.

Note that other methods could be used as stopping criteria. For instance by check-
ing the incremental change in the transformation between two consecutive iterations
we could stop the iterations in case that this measure is below a specific threshold, e.g.,
using the Frobenius norm between the covariances of the transformed source matri-
ces of two consecutive iterative steps. However, we use D#°%3(Xs7¢ X2 because
this same measure is also engaged for selecting classifiers.

6.3 ATTM via Classifier Selection and Parameter
Adaptation

We do not assume that source and target domain samples follow the same distribution,
so the best performing learner for the source set may not be the best for the target set.
We propose to use dissimilarity measures between source and target sets in order to
select the classifier and adjust its kernel parameters. The empirical results showed
that the optimization of SVM using grid search in the parameter space with cross-
validation on the source led to over-fitting. We therefore prefer to use Kernel LDA
(KDA) [57] and PCA+NN classifiers as the main learners.

To select between these classifiers and to adapt the KDA kernel length-scale
parameter, we propose to use two measures. The first is the Global Dissimilarity
between the source and target distributions, described in Sect.6.2.3. The second
measure, coined Clusters Dissimilarity (Delusters (Xsre X18Y), is proportional to the
average dissimilarity between the source and target clusters, computed using the
average of the distances between the source class centers and their nearest target
cluster center. The target clusters centers are obtained using K-means on the target
data, initialized using source class centers. We therefore assume that there is no
shuffling in the placement of the clusters from one domain to another.

The proposed Clusters Dissimilarity is similar to the cross-domain sparse-shot
similarity of Xu et al. [549] which is used for multi-source motion tracking. Xu
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et al. proposed to use object motion tracking data in each domain and compared
tracks across domains using the Kullback-Leibler Divergence between GMMs that
represent them.*

When both dissimilarity measures indicate that the cross-domain datasets are very
different, the choice of a nonparametric classifier such as Nearest Neighbor (NN)
is preferred, requiring no optimization during training. When the two domains are
similar at the global level, the choice of a parametric classifier such as KDA is more
sensible, however, with care taken, to avoid over-fitting on the training set. So if the
local dissimilarity is high, the kernel parameters must be adapted.

Following the common practice in the vision community (e.g., [521]), we initially
set o parameter of the Radial Basis Function (RBF) kernel in KDA to

Ngre

0=TZ|X,~—X]-||,VX,~,X,- e X¥e (6.14)
" : :
src i,j

where £' norm is used in the kernel function. This is then adapted using a linear
function of the cluster dissimilarity measure

o = UV”’Dclusters (Xsrc, Xtrg) , (615)

where y" is a constant value which is empirically set to be the average cluster dis-
similarity obtained in a set of cross-domain comparisons. This was devised based on
the fact that the credibility of a classifier is inversely proportional to the dissimilar-
ity between training and test samples. In the case of KDA, the best way to tune its
generalization ability is via the kernel length-scale.

Note that the cluster dissimilarity measure can only be computed if enough sam-
ples are available in both source and target sets or if they are not too unbalanced.
When these conditions are not satisfied, our algorithm avoids kernel-based method
and selects the NN classifier. The parameter selection and model adaptation mech-
anism is summarized in Table 6.1, where the arrows pointing up ({}) indicate high
dissimilarity and arrows pointing down ({}) indicate low dissimilarity.’

In conclusion, our ATTM pipeline will use a PCA+NN classifier as its main
learner model if the global dissimilarity between the two domains is high or there
are not enough source samples and consequently not enough cluster-wise samples
to train a highly reliable learner model or to further adjust the classifier parameters.
In any other circumstances, the model will use the KDA classifier and adjusts the
kernel length-scale if required.

Computational complexity. The proposed TTM method for feature space adapta-
tion has computational cost as follows:

1. MMD: O (n?) for constructing the MMD matrix, O (nf?) for covariance compu-
tation and O (f?) for eigen decomposition.

4Table 6.3 shows these two measures computed on all datasets, discussed later.
5The measures were judged as high or low based on a subset of values observed in Table 6.3.
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Table 6.1 Classifier selection and length-scale adaptation

Deglobal Delusters Classifier How to seto”’
i i NN —_
U U KDA o/ =o%7¢
Eq. (6.14)
U i KDA o' =
a.xrcy'”Dcluslers (X5re, X1T8)

2. TransGrad: O (nK) for Expectation step of GMM computation, O (n K f) for the
computation of covariance matrices and O(K) for the Maximization step of the
GMM computation. Once the GMM is built, the TransGrad transformation itself
is O(nKf).

3. TST: O(Cnf) for class-specific TST transformations where C is the number of
classes.

4. NN classifier: zero for training and O (n® f) for reapplying the classifier.

For each of the T iterations, the classifier is re-applied and TST is computed. There-
fore, the overall complexity of our training algorithm is dominated by the cost of
training a GMM (which is low by using diagonal covariances) and iteratively apply-
ing a classifier. The core transformations proposed in this pipeline, TransGrad and
TST are O(nK f) and O(Cnf), respectively,i.e., much cheaper than most methods
in the literature. MMD is the only component whose complexity is greater than linear
on n, but it is executed only once and its main cost comes from eigen decomposition,
for which there is a wide range of optimized libraries available.

By adding the classifier selection step and kernel adaptation to TTM, we obtain
ATTM, shown in algorithm 4. The classifier selection step uses the computation of
the Delusters(Xs7¢ X"¢), which costs O (n?), as it uses K-means clustering, but this
is executed only once. TST, which has linear cost, is the main part of the algorithm.
As it uses source labels, it is iterated. The most expensive part of the loop is the
re-training and application of classifiers.

Algorithm 4: ATTM: Adaptive Transductive Transfer Machine

Il'lpllt: Xsrc, Ysrc’ Xtrg
1. Search for the shared subspace between the two domains (MMD, Sect.6.2.1)
2. TransGrad: apply local adjustments to the source marginal distribution (Sect. 6.2.2)
3. Select the appropriate classifier (Sect.6.3), if it is kernel-based, tune o using Eq. (6.15)
while 7' < 10 and | D8P4 (G (X57¢), X"8)| > threshold do
4. Find the feature-wise TST transformation Egs. (6.9), (6.11), 6.12)

5. Transform the source domain clusters Eq. (6.13)

6. Retrain the classifier using the transformed source
Output: Y
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6.4 Experimental Evaluation

In the experiments of this chapter, we used three public benchmark datasets: the
USPS/MNIST [110], COIL20 [341] and Caltech+office (OC10) [407]. These are
widely used to evaluate computer vision and transfer learning algorithms, enabling
us to compare our results with other state-of-the-art methods. In most of our exper-
iments, we used their standard features, available from their website: raw images
for USPS, MNIST and COIL20; and SURFBOV for OC10. In Sect.6.4.1, we show
results using DeCAF [128] features.

Preliminary evaluations. In a preliminary evaluation of the characteristics of the
domains and classifiers, we evaluated a set of widely used classifiers on all the datasets
using a fivefold cross-validation, reporting mean accuracy measure in Table 6.2. In
the case of the NN classifier, we further projected our full space into its principal
components (PCA), retaining 90% of the energy. As one can note in most of the
experiments KDA is the winning classifier. SVM is also a strong learner but it requires
optimization of parameters C and o, which can make it optimal for the source domain,
but not necessarily for the target. It is worth noting that PCA+NN’s performance
is remarkably close to that of KDA on the first two datasets and it is significantly
superior on the DSLR dataset.

The two cross-domain dissimilarity measures are shown in Table 6.3. These results
justify the design options shown in Table6.1 so NN is used for the digits datasets
(MNIST<«USPS) and where the number of source samples was not adequate for an
accurate parameter adaptation (D<>W), and KDA is used for the remaining transfer
tasks, with kernel parameters set based on DClUsters (Xs7¢_ X8),

Probing and benchmark results. We performed probing experiments to evaluate the
relevance of each component of the proposed system. The simplest design, labeled
TTMO refers to an iterative version of TST [154]; TTM1 is the combination of
the MMD and TST; and finally TTM2 adds to TTM1 the samplewise marginal
adaptation (TransGrad) applied before TST (see Fig.6.1). We have also carried out
experiments to show that our proposed classifier selection and model adaptation
techniques (ATTM) improve the performance of both TTM and JDA algorithms
significantly. We compared our methods with four state-of-the-art approaches [200,
312, 354, 438] using the same public datasets and the same settings as those of [200,
312]. The results are in Table 6.4. Further comparisons with other DA methods such
as Sampling Geodesic Flow (SGF) using the Grassmann manifolds [206] are reported
in [200].

Table 6.2 Evaluation of four classifiers using fivefold cross-validation on individual domains
Classifier MNIST | USPS COIL1 | COIL2 | Caltech | Amazon | Webcam | DSLR
PCA+NN | 91.97 93.64 99.02 | 98.91 38.80 60.59 79.58 76.95

LR 86.15 89.22 9236 | 92.22 56.27 72.46 80.01 67.49
KDA 94.05 94.84 100.00 | 99.71 58.16 78.73 89.54 63.94
SVM 91.80 95.28 99.72 | 99.44 57.17 74.86 86.44 75.80
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As one can note, all the DA methods improve the accuracy over the baseline.
Furthermore, our ATTM method generally outperforms all the other methods. The
main reason for that is that our method combines three different feature adaptation
techniques with a further classifier parameter adaptation step.

In most of the tasks, both TTM1, 2 algorithms show comparative performance
with respect to the JDA [312]. The average performance accuracy of the TTMI
and TTM2 on 16 transfer tasks is 55.10 and 56.20%, respectively, where the per-
formance improved by 0.22 and 1.32% compared to the best performing baseline
method JDA [200]. Moreover in almost all datasets, TTM2 wins over TTM1 due
to its initial domain dissimilarity adjustments using the TransGrad. On average, our
methods (TTM1, TTM2 and ATTM) give better results than JDA [312] (and AJDA)
because the MMD-based transformation of JDA is coarser than ours. Furthermore,
in JDA [312] the number of iterations is a predefined constant, in our algorithm we
based this number on a sensible measure of domain dissimilarity described earlier.
Moreover, the proposed TTM guarantees an acceptable level of performance about
five times faster than the best performing state-of-the-art approach. GFK performs
well on some of the OC10 experiments but poorly on the others. The reason is that the
subspace dimension should be small enough to ensure that different sub-spaces tran-
sit smoothly along the geodesic flow, which may not be an accurate representation
of the input data. JDA and TTM perform much better by learning a more accurate
shared space.

We also evaluated the proposed classifier selection and model adaptation tech-
niqueson JDA [312] and TTM [153]. The results are indicated by AJDA and ATTM in
Table 6.4. Their performance shows that the model adaptation significantly enhances
the final classifier. One should note that in the cases where our model adaptation
technique selects the NN classifier as the main learner of the algorithm, the results
remain steady. The performance gains of 4.59 and 4.29% in ATTM and AJDA,
respectively, validate the proposed dissimilarity measures for model selection and
adaptation. The proposed model adaptation step of the pipeline selected the NN clas-
sifier for MNIST<>USPS and for DSLR— Webcam. For all other transfer problems,
KDA was chosen and o adaptation was used.

Shared subspace projection methods. After developing our MMD-based algo-
rithm, we came across alternative subspace projection methods [25, 164]. In [25] the
author proposes the Domain Invariant Projection (DIP) where a Grassmann manifold
latent subspace is used to project the data and the MMD measure is subsequently
applied for evaluating the source and target domains dissimilarity. The aim is to find
a representation of the data that is invariant across different domains. Alternatively,
they propose a second projection, DIP-CC, that not only minimizes the distance
between the distribution of the projected source and target, but also yields better
classification performance. The algorithm searches for a projection that encourages
samples with the same labels to form a more compact cluster which is achieved by
minimizing the distance between the projected samples of each class and their mean.

In contrast to the manifold alignment methods that use local statistical structure
of the data [519, 520, 577], the authors of [164] exploit the global covariance sta-
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Table 6.5 Recognition accuracies obtained with INN classifiers on target domains using different
shared subspace projection methods, compared to MMD, i.e., the first step of our TTM

DA experiment | DIP [25] DIP-CC [25] SA [164] MMD
C—> A 50.0 51.8 39.0 46.1
C—>W 47.6 47.7 36.8 38.0
C—>D 49.0 514 39.6 459
A—C 43.3 43.2 353 40.6
A—W 46.7 47.8 38.6 40.0
A—D 42.8 43.3 37.6 31.9
W —C 37.0 37.1 323 31.3
W— A 42.5 41.1 374 31.9
W —D 86.4 85.3 80.3 89.2
D—C 39.0 35.8 324 334
D— A 40.5 41.0 38.0 31.2
D—W 86.7 84.0 83.6 87.5
average 51.0 50.8 44.2 45.6

tistical structure of the two domains during the adaptation process. The source data
is projected onto the source subspace and the target data onto the target subspace in
contrast to most domain adaptation methods in the literature. This method, called
Subspace Alignment (SA), is totally unsupervised and does not require any target
labels. SA makes use of the correlated features in both domains where some of these
features can be specific to one domain yet correlated to some other features in the
other one allowing the method to use both shared and domain specific features.

In Table 6.5 we compare these state-of-the-art latent subspace detection methods
(DIP, DIP-CC, and SA) with the MMD-PCA-based method which we used in our
TTM framework. As one can note, some of these methods outperform MMD-based
subspace projection at the cost of a higher computational complexity. All these
subspace detection methods could replace the first step of our pipeline and potentially
improve the final classification performance. However, given that MMD is the step
with the highest asymptotic cost of our pipeline (see Sect.6.3), we advocate that it
is important to use the simplest unsupervised subspace transformation method and
focus on the transductive part of the algorithm to improve performance.

6.4.1 Using Stronger Features (DeCAF)

Following the same experimental setting, we present further results for OC10 dataset.
The previous sections show the results obtained using the original standard feature
extraction method for these datasets (bags of SURF features). Owing to the success
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of deep CNN methods, a newer feature extraction method has become standard,
known as Deep Convolutional Activation Features (DeCAF) [127]. State-of-the-
art method [275] Following [275], we used the output from the sixth layer as the
visual features, leading to 4,096-dim DeCAF6 features. In this set of experiments we
compare our TTM and ATTM methods with the methods that aim to solve the DA task
by adapting the classifiers hyperplanes or by means of auxiliary classifiers, namely;
the Adaptive SVM (A-SVM) [555], Domain Adaptation Machine (DAM) [135] and
DA-M2S [74].

In [135], the author proposed a multiple source domain adaptation method referred
to as DAM by leveraging a set of pre-learned classifiers independently trained with
the labeled patterns from multiple source domains. More specifically, DAM was
introduced as a data dependent regulator constrained by Least-Squares SVM (LS-
SVM), which forces the target classifier to share similar decision values with auxiliary
classifiers from the relevant source domains on the unlabeled patterns of the target
domain. For a single source domain scenario, the experiments were repeated 10 times
by using randomly generated subsets of source and target domain samples and the
mean performance is reported in Table 6.6.

The DA-M2s method of [74] is an extension of the DAM method where from
each RGB image data two nonlinear features are extracted, one describing the depth
information and the other containing visual information. Using the Kernel Canonical
Correlation Analysis (KCCA), the correlation between these two types of features is
maximized. For the OC10 dataset (which have no depth maps), the method DA-M2s
w/o depth represents source and target domains as two views of the same object
classes. DA-M2s and LS-SVM are built on top of adaptive SVM (SVM-A) [555],
which is a general framework to adapt one or more existing classifiers of any type to
a new target dataset.

Note that in Table 6.6 the baseline without any transformation using the DeCAF
features and NN classifier is significantly better than the results of Table 6.4, simply
because the DeCAF features are better than SURF. As one can see our TTM and
ATTM methods both outperform the other state-of-the-art approaches in most of
the cases gaining 2.9 and 5.96% average performance enhancements over the best
performing state-of-the-art method of DA-M2S (w/o depth), respectively. One should
note that in both state-of-the-art approaches, DAM [135] and DA-M2S [74], the
model has access to a small number of labeled samples from the target domain while
our model does not benefit from that.

Sensitivity of TransGrad parameters. To evaluate sensitivity of TransGrad parame-
ters, we ran TTM varying values of the regulator y” of the TransGrad step Eq. (6.7),
and the results are in Fig.6.3a. For all datasets, the performance improved as y”
grows but it plateau for y” > 5. For this reason we used y” = 5 in all experiments
of this chapter.
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Table 6.6 Results obtained on the OC10 dataset using DeCAF features. The Baseline, JDA and
TTM columns show the results achieved using the 1-NN classifier

Transfer | Baseline SVM-A DAM DA-M2S | JDA TTM ATTM
task DeCAF [555] [135] [74] [312] (INN)

C— A 85.70 83.54 84.73 84.27 89.77 89.98 92.17
C—>W | 66.10 81.72 82.48 82.87 83.73 86.78 90.84
C—D 74.52 74.58 78.14 75.83 86.62 89.17 92.99
A—C 70.35 74.36 76.60 78.11 82.28 83.70 86.55
A—>W | 6497 70.58 74.32 71.04 78.64 89.81 89.15
A—D 57.29 96.56 93.82 96.62 80.25 81.36 90.45
W—C | 60.37 85.37 87.88 86.38 83.53 80.41 83.44
W—>A | 6253 96.71 96.31 97.12 90.19 88.52 92.27
W—D | 98.73 78.14 81.27 77.60 100 100 100
D—C 52.09 91.00 91.75 91.37 85.13 82.90 82.28
D— A 62.73 76.61 79.39 78.14 91.44 90.81 91.65
D—-W | 89.15 83.89 84.59 83.31 98.98 98.98 98.98
Avg 70.33 83.95 84.06 84.97 87.55 87.87 90.90

We also ran TTM with varying number Gaussian components K in the TransGrad
step for the target GMM. Theoretically as the number of GMM components increases
the translations get more accurate and the performance becomes more stable. We
plot the classification accuracy w.r.t. K in Fig. 6.3b. Note that for K = 1, TransGrad
contributes to an improvement over the baseline, as it induces a global shift toward
the target set. But in general, for values of K smaller than the number of classes,
we do not actually expect TransGrad to help, as it will shift samples from different
classes toward the same clusters. This explains why the performance increases with
K for K > 2. Based on this result, we adopted K = 20 in all other experiments of
this chapter.

Timing comparison. We have compared the execution time of our TTM algorithm
against JDA [312] in the transfer task from the MNIST digits dataset to the USPS
digits dataset. Both algorithms were implemented in Matlab and were evaluated
on a Intel Core2 64bit, 3 GHz machine running Linux. We averaged the time mea-
sured over five experiments. The JDA algorithm took 21.38 £ 0.26s and our full
TTM framework took 4.42 £+ 0.12s, broken down as: 0.40 £ 0.01 seconds to find
the appropriate shared space using the MMD, 1.90 £ 0.06 to perform the sample-
wise marginal distribution adaptations using TransGrad and finally 2.42 £ 0.12s to
apply the iterative conditional distribution adaptations (TST). The time complexity
obviously will grow for both AJDA and ATTM due to kernel computation of the
KDA classifier.
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Fig. 6.3 The effect of different " values and number of GMM clusters in the TransGrad step of our
framework on the final performance of the pipeline for three cross-domain experiments. Constant
lines show the baseline accuracy for each experiment

6.5 Conclusion and Discussion

In this chapter, we introduced transductive transfer machines (TTM), which aim to
adapt both the marginal and conditional distributions of the source samples so that
they become more similar to those of target samples, leading to an improvement in
the classification results in DA scenarios. The proposed TTM pipeline consists of
the following steps: first, a global linear transformation is applied to both source and
target domain samples, so that their expected values match. In the next step, a novel
method applies a sample-based transformation to source samples. This leads to a
finer adaptation of their marginal distribution, taking into account the likelihood of
each source sample given the target PDF. Finally, we proposed to iteratively adapt the
class-based posterior distribution of source samples using an efficient linear trans-
formation whose complexity only depends on the number of features. In addition,
we proposed the use of two unsupervised comparison measures, Global and Clusters
Dissimilarities. The former is used both to automatically determine the number of
iterations needed and also to select the pipeline’s main learner model. The latter mea-
sure, Clusters Dissimilarity, is used for adjusting the classifier’s parameters for the
new target domain. Our approach was shown to outperform state-of-the-art methods
on various datasets, with a lower computational cost.

Our work [153] was one of the first to show that although DeCAF features lead to
a step change in both discrimination power and generalization of image descriptors,
they actually do not “undo the domain bias,” as argued in [127]. DeCAF features can
in fact be improved by applying feature space transformation using DA methods,
and our method (ATTM) delivers improvement in performance, outperforming all
the methods published prior to [152].
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