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ABSTRACT

This paper describes a method of cross-domain object and
event categorization, using the concept of domain adaptation.
Here, a classifier is trained using samples from the source/
auxiliary domain and performance is observed on a set of
test samples taken from a different domain, termed as the
target domain. To overcome the difference between the two
domains, we aim to find an optimal sub-space such that the
instances from both the domains follow similar distributions
when projected onto the sub-space. Along with the distri-
butions, the underlying manifolds of the two domains are
aligned in the sub-space to reduce the difference in structure
of the data from the two domains. The local spatial arrange-
ment of the instances in both the domains are also preserved
in the optimal sub-space. Results show that the proposed
method of unsupervised domain adaptation provides better
classification accuracy than a few state of the art methods.

Index Terms— Domain adaptation, transfer learning,
manifold alignment, trace minimization, classification.

1. INTRODUCTION

The volume of images and videos to be a analyzed are in-
creasing at an enormous rate due to availability of cheap
hardwares. However, it is difficult to annotate and create a
sufficient number of labeled training samples from various
datasets, to perform application tasks like visual categoriza-
tion, detection, recognition, retrieval etc. in images and
videos. Domain adaptation (DA) is the process which uses
labeled training samples available from one domain to im-
prove the performance of statistical tasks to be done on test
samples drawn from a different domain. The domain from
which the training samples are obtained is called the source
domain, and the domain from which the test samples are used
is the target domain. To estimate the distribution of target do-
main, few training samples are also necessary from the target
domain. Using the training samples from both the domains,
the performance of a classifier on the test samples from target
domain improves using the proposed method of DA.
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Our aim is to determine an optimal sub-space, such that
after projection the distribution of the transformed source and
target domains in the sub-space are similar. The local spatial
arrangements of instances in both source and target domains
are preserved in the sub-space. In addition, inter-class dis-
tance (between means) in the source domain is maximized,
while the disparity between the structure of source and tar-
get domains is minimized, by representing the structure with
a set of landmark points in the data. To deal with non-linear
transformation of data, we use the concept of Reproducing
Kernel Hilbert Space (RKHS) [1, 2] and estimate a suitable
sub-space using the kernel function. Performance of the pro-
posed method of unsupervised DA have been observed for
object and event categorization in images and videos respec-
tively. Comparative study with state of the art works suggests
that the proposed method gives better result for both the tasks.

The rest of the paper is as follows. Section 2 briefly de-
scribes the state of the art of the related works. Section 3
explains the proposed method of DA. Section 4 shows the ex-
perimental results and section 5 concludes the paper.

2. BRIEF LITERATURE REVIEW

DA has gained enormous importance in the recent past. De-
pending on the kind (nature) of training samples in the target
domain, the two specific categories of DA are: (i) supervised
- very few number of labeled training samples are available;
and (ii) unsupervised - large number of unlabeled (no class
labels) training samples are available.

The proposed method uses the concept of local linear em-
bedding or manifold alignment [3-5] and projects a higher di-
mensional data from the kernel space to a lower dimensional
feature space. Pan et al. [1] proposed transfer component
analysis (TCA), which minimizes the disparity of distribution
by considering the difference of means between two domains
and it also preserves local geometry of underlying manifold.
We use similar ideas from TCA with variations. Instead of
considering the covariance matrix to capture the scatter of the
data, we consider the structure of the data represented by a
few chosen landmark points, which is an advantage when the
underlying distribution of the data is non-Gaussian. In addi-
tion, an optimal sub-space has been also calculated using the
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concept of geodesic path in the Grassmannian manifold be-
tween source and target domains [6,7]. Fernando et. al. [8]
has calculated a subspace using eigen-vectors of two domains
such that the basis vectors of transformed source and target
domains are aligned. Manifold alignment has also been used
for domain adaptation earlier. Wang et al. [9] has considered
the manifold of each domain and estimated a latent space,
where the manifolds of both the domains are similar to each
other. However, the structures or the distributions of the do-
mains have not been considered in this case. Application of
DA for improved results of object categorization and video
classification have been discussed in [6-8, 10-12].

3. PROPOSED METHOD OF DOMAIN ADAPTATION

Let X and Y be the source and target domains having nx
and ny number of instances respectively and d be the num-
ber of features (i.e. dimension). Let ®(X) and ®(Y) be
the corresponding source and target domain data in kernel
space of dimension dj, where ®(.) is the kernel function. If
A is a matrix representing a dataset, then a; represents the
i'" instance of A and tr(A) represents the trace of the ma-
trix. The main principle of DA is to minimize the disparity in
distribution between two domains. Distributions of two do-
mains are same if their means are equal in the RKHS (see [2]
for constraints). We estimate a transformation/projection ma-
trix Wy, x4 onto an optimal sub-space, such that transformed
source and target domain data have similar distributions. Let
(X)) = &(X)W and ®(Y) = (Y)W be the transformed
source and target domains. Let, D € R(nx+ny)xd pe the
unified dataset combining X and Y, and K be the corre-
sponding Gram matrix defined as, K = ®(D)®(D)T =
{gﬁx gX Y] . Then, the transformed data is: ®(D) =
XY Yy

KZ where, W = ®(D)'Z (Z € R(nx+nv)xd estimated as
unknown). Kx x, Kxy, Kyy are the Gram matrices defined
as: Kxx = ®(X)®(X)T and K xy = ®(X)®(Y)7.

3.1. Difference in means of the two domains

The mean of ®(X) and ®(Y) are: m% = ;1371 &(i;)
1

and m;}; = LS ®(y;) respectively. The square of the

ny
distance between means of two domains is given as:

o= (mk—md) (k- md)"
= trWTe(X)THLe(X)W)

—tr(WT oY) 2L@(X)W) + tr(WTe(Y) (V)W)
= tr (WTcI)(D)T {12 _Iﬂ <I>(D)W>
tr (ZTK [2 ;}T] KZ) 1)

where, [I1]nyxnxs L2]ny xnx and [I3]ny xn, are matrices
containing all elements as 1/n%, 1/nxny and 1/n3- respec-
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tively. Similar notations and pattern of derivation (as in Eqn.
1) are followed in the rest of the paper.

3.2. Estimating inter-class distance in source domain

High inter-class distance is a desired property for a classifica-
tion task. Hence in the subspace formed using 1/, the means
of different classes should be far apart in ®(X). Let us con-
sider a vector m, of length nx, such that m.(i) = 1/n%, iff
®(z;) belongs to class ¢ (otherwise 0); where n is the num-
ber of instances belonging to the ¢! class of ®(X). Hence,
the mean of the c'” class of ®(X) is given by: m.®(X) and
the corresponding mean in X is given by m®(X)W. If C'is
the number of classes, then the sum of the squares of distances

between all pairs of means of classes in ®(X) is:

C C
G=2 ._Zil(mi — ) BCOWWTB(X)T (m, — mj)”

= tr (ZTK {0 M

ny Xnx

gnxxny} KZ> 2)
ny Xny

where, M = 210:1 ZJC:LJ-# (mImi —2mIm; +m]m;).
d? is not calculated for ®(Y') due to lack of class-labels.

3.3. Preserving local spatial arrangement of data

The local spatial arrangement of the data can be captured us-
ing a neighborhood graph build on the data [13]. Let, the
Euclidean distance between ®(x;) and ®(x;) be given as,
dg = Kxx(i,i) + KYY(j7j) —2X KXY(iaj)' AISO’ con-
sider a symmetric adjacency matrix [A x|, xn representing
a minimal spanning tree (MST) build on the source domain
®(X), which is defined as:
: ij ik ;

Axtiog) = Axti) = { | 0 dE < B end) 2k

To preserve the MST in the transformed space, the distance
of ®(Z;) from ®(Z;) should be less than that from ®(Zy),
if Ax(i,j) = 1 and Ax(i,k) = 0, Vk,k # j. Hence if
Ax(i,j) = 1, for any {i, j}, we minimize the square of dis-
tance between ®(Z;) and ®(Z;). The required sum of square
of distances to be minimized is thus:

nx nx

d%LMST = ZZAX(ivj)dg
i=1j=1
—tr (ZTK|:2(BX - AX) Onx ><TLY:|KZ)3)
Ony Xnx Ony Xny

where, [Bx|ny xny 1S @ diagonal matrix defined as: Bx (i,4) =
Z?jl Ax(i,7). Similarly, we define another measure on a
MST build on the target domain Y, which can be derived as:

2 o T 0’ny><’rly 0’ﬂx><’ny
dr_ s = tr (Z K[ ene 2(By — Ay) KZ
“)
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where, [Ay]ny xny 18 the adjacency matrix of the MST build
onY and [By |ny xny is the corresponding diagonal matrix.

3.4. Finding landmark points and estimating difference
in shapes of two domains

We consider two types of distance measures for detecting the
landmark points of data in kernel space - Euclidean (dg) and
manifold (dy/) distances. The manifold distance between two
instances is the cost of the shortest path between them in the
MST build on the given data [14], as obtained in Sec. 3.3.

To calculate the landmark points, we first find two ’ex-
treme points’ in the data. The two nodes in MST which are
most far apart from each other are considered as the pair of
extreme points. To detect these extreme points, a breadth first
search is performed on the MST and the node with maximum
distance from the root (any one of the instances can be taken
as the root) is considered to be the first ’extreme point’. Next,
we perform breadth first search with the first extreme point as
the root. The node with the maximum distance from the root
is considered to be the second ’extreme point’.

Using this pair of extreme points as the first two landmark
points, other landmark points are detected in an iterative man-
ner. Landmark points are detected using an approach similar
to that given in [14]. At each step, two adjacent landmark
points are taken and the instances lying in between them are
considered. The instance which has the maximum difference
between the dr and dj; from its adjacent landmark points,
is considered as a new landmark point. A pre-defined odd
number of instances, Ip, are selected as landmark points.

To make the structure of ®(X) and ®(Y) similar, the
square of Euclidean distances between the corresponding
landmark points in ®(X) and ®(Y") are minimized, using an
approach similar to [15]. The required criterion of Euclidean
distance is defined as:

lp
di = D (B(F:) — B(:))(R(F:) — B(5:)"
i=1
= tr (ZTK [_II?IG _II{I")] KZ) (5)

Where, [14]77,}{ Xnxs [15]lp><ny» [I()']lpxnx and [17]1’7,)/ Xny are
matrices, defined as:

(i, i) = 1 if ; is a landmark point of ®(X)
A= 0 otherwise

I5(i,5) = 1 if y; is the i*" landmark point of ®(Y")
57 = 0 otherwise

Ie(i,5) = 1 if z; is the i*" landmark point of ®(X)
ST = 0 otherwise

. | 1 ify;isalandmark point of (Y")
[(3:7) = { 0 otherwise
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3.5. Estimating optimal sub-space and projected data

We estimate the transformation matrix Z which projects the
source and target domains onto a new space satisfying the
conditions as described in Secs. 3.1 - 3.4. We estimate Z by
minimizing the combined cost function (Eqns. 1 - 5), as:

F(Z) = &+ d%_prsr+di_pysr+di —ds = tr(Z7 P Z)
(6)
where, P = KPK, and P is defined as:
L+1,+2(Bx—Ax)-M —IQT—IGTI5

_IQ_IgIG 13+2(By—Ay)+I7 ’
Hence, the desired optimization function can be written as:
minimize tr(ZT P Z) @)
subjectto  ZTKZ =1 8)

This is a trace minimization problem. Since Py is symmetric
and K is a positive semi-definite matrix, Z is given as [16]:

PKZi = OéiKZi (9)

where, z; is the i column of Z, for a scalar value o;. Z
can be obtained by eigen-analysis of Plle , and considering
the d eigen-vectors corresponding to the d least eigen-values.
If Z; and Z5 are the matrices containing the first nx rows
and the last ny rows of Z, we obtain the final transformed
domains projected onto W as:

KxxZ1+ Kxy Zs

1
KT, 7+ Kyy Za| 10

E(&(ﬂ —O(D)W = KZ =

4. EXPERIMENTAL RESULTS

We evaluate our proposed method of unsupervised DA with-
out using class information on a synthetic data and also on two
real-world datasets. We have used Gaussian kernel function
to build the Gram matrices. Experiments performed using the
different methods of DA, are discussed in the following.
Synthetic dataset - Figure 1 (a) shows the instances of
the source and target domains in green and blue points re-
spectively, where I and II show two examples of 2-D (500
instances per domain) and 3-D (1075 instances per domain)
data respectively. As we are not using class-labels, 53 given
in Eq. 2 is not used in Eqns. 6 - 8 for estimating Z. Trans-
formed source and target domain instances are shown in Fig.
1 (b). Here, the landmark points are connected by red lines
in both the domains. As seen in Fig. 1 (b), the dissimilarities
in the structure of the two domains are reduced after trans-
formation (in I & II). Also, the source and target domain in-
stances overlaps in Fig. 1 (b) showing that the disparity in
the distributions of data is reduced after transformation. KL-
divergence between the two domains before and after trans-
formation for Fig. 1 (I-a) and (I-b) are 12.715 and 0.046,
while that for Fig. 1 (II-a) and (II-b) are 115.429 and 1.189
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respectively. This illustrates that the proposed method of DA
minimizes the disparity in distribution and structure of both
the domains, specially when there exists a well-defined struc-
ture of data obtained from both the domains.

Fig. 1. Source and target domain instances are marked in
green and blue points, in (a) as input and (b) after transfor-
mation by DA, for two sets of synthetic data: I (2-D) and II
(3-D). Red lines in (b) join the detected landmark points.

Object Categorization in images - We evaluate the per-
formance of the proposed method of DA for improving the
results of object categorization using Office + Caltech dataset,
as in [6]. Here we have four domains: Amazon (A), Caltech
(C), Dslr (D) and Webcam (W), and 10 classes of objects in
each of the domains. SURF [17] features are extracted from
the images and a codebook of size 800 is formed. We follow
the same experimental protocols as described in [6], [7] and
have considered 7 landmark points in each of the domains.
Table 1 shows the classification accuracy for 12 different pairs
of source and target domains, using a 10-fold cross validation.
We compare our method with TCA [1], GFS [6], GFK [7] and
SA [8], while NA denotes the ‘No Adaptation’, where only
the source domain samples are used for training the classi-
fier. From the experimentations, we infer that the proposed
method of unsupervised DA gives better result than the state
of the art works in majority (9 out of 12) of the cases.

Event categorization in videos - We use 3 video datasets:
Kodak [12,18], YouTube [12,18] and CCV dataset [19] as the
3 domains. We consider the YouTube data as the source do-
main (contains weakly labeled data) collected from Internet,
and observed the classification accuracies on Kodak and CCV
domains. We consider 6 common classes (events) between
YouTube (906 videos) and Kodak (195 videos) as in [12], and
5 classes (events) between YouTube (787 videos) and CCV
(2440 videos) as in [20]. For the first case, we use the dis-
tance matrices of Kodak and YouTube domains using SIFT
and spatio-temporal (ST) features (HOG and HOF) as shared
by the authors in [12]; and for the second case, we have con-
sidered SIFT and ST features and built bag of words feature
using a codebook of size 5000 (as the features given in CCV
dataset [19] represents each video by a 5000 dimensional fea-
ture). Five landmark points are considered in each of the

2742

Table 1. Classification accuracy (in %-age) of Office+Caltech
dataset [6] using different techniques of DA. Best classifica-
tion accuracy is highlighted in bold.

Method | ca | p—a [ woa [ asc [ poc | woc |
NA 21.5 | 269 | 20.8 | 22.8 | 24.8 | 164
TCAT1] | 21.96| 16.81| 13.43| 16.18| 17.67| 11.14
GFS [6] | 36.9 | 32 27.5 | 353 | 294 | 21.7
GFK [7] | 369 | 32.5 | 31.1 | 35.6 | 29.8 | 27.2

SA [8] 39.0 | 38.0 | 374 | 353 | 324 | 323
Proposed | 54.34 | 37.66 | 38.47 | 46.17 | 32.60 | 32.60
| Method | A=p [ csp [ wob [ AW [ cow [ Dow |

NA 224 | 21.7 | 405 | 23.3 | 20.0 | 53.0
TCA[1] | 16.69| 22.8 | 32.31| 23.60| 22.03| 44.69

GES[6] | 30.7 | 32.6 | 543 | 31.0 | 30.6 | 66.0
GFK[7] | 352 | 352 | 70.6 | 344 | 33.7 | 749
SA[8] | 376 |39.6 | 80.3 | 38.60| 36.80| 83.6

Proposed | 37.93 | 46.49 | 84.62 | 38.82| 34.58| 79.67

domains, and five samples per class have been randomly se-
lected from the target domain for training the SVM classi-
fier [21] with Gaussian kernel. We have compared our pro-
posed method of DA with TCA [1]. Figure 2 shows the Mean
Average Precision (MAP) for the two cases of event catego-
rization using both SIFT and ST features separately using 10-
fold cross validation. Results show that our proposed method
of DA gives the best classification accuracy in both cases.

YouTube->Kodak YouTube->CCV

50 {1 50
40 1 40
30 {1 30
20 { 20

SIFT ST SIFT ST

|l Proposed DA [ TCcA Il NA |

Fig. 2. Mean average precision (MAP) obtained using two
sets of features from three real-world datasets. Proposed
method of DA (in red) performs better than TCA [1] (in
green) and ‘No Adaptation’ (in blue) techniques.

5. CONCLUSION

We have proposed a new method of unsupervised DA, using
the concept of manifold alignment by landmark points. The
proposed method reduces the disparity of distribution and the
structure of data between source and target domains, when
projected in the optimal sub-space. The concept of RKHS
enables processing the cases of non-linear transformations in
data. The optimal dimension for the subspace can be studied
further. The method can improve the performance of cross-
domain face recognition and object localization.
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