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Abstract. Canonical Correlation Analysis (CCA) is a standard statistical tech-
nique for finding linear projections of two arbitrary vectors that are maximally
correlated. In complex situations, the linearity of CCA is not applicable. In this
paper, we propose a novel local method for CCA to handle the non-linear situa-
tions.We aim to find a series of local linear projections instead of a single globe
one. We evaluate the performance of our method and CCA on two real-world
datasets. Our experiments show that local method outperforms original CCA in
several realistic cross-modal multimedia retrieval tasks.
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1 Introduction

Canonical correlation analysis (CCA) is a statistical method of correlating linear rela-
tionships between two parts of multidimensional variables [11,17]. CCA can be re-
garded as the problem of finding two basis directions onto which the correlation
between the projections of two variables is maximized. CCA is broadly used in unsu-
pervised analysis since it does not require labeled data. The applications are therefore
cross various areas, including natural language processing [9,18], neuronal data anal-
ysis [6], computer vision [20] and cross modal multimedia retrieval [8,15]. However,
because of its linearity, when strong nonlinear relation occurs, CCA is often not ap-
plicable. Several methods were thus proposed to find nonlinear projections. However,
most of the state-of-the-art non-linear improvements still aim to maximize the correla-
tion of two variables in a single uniform projection.

In this paper, we propose a local linear model for CCA. Unlike the methods which
aim to find uniform projections, we consider to construct several local projections,
each of them maximizes correlation in a particular region of the dataset. The local
projection relaxes the global linearity objective of CCA. In order to construct local
CCA projection, we make use of the techniques from non-parametric kernel smooth-
ing. The final correlation between two variables is smoothed combination of local
correlation. Our results show that the method based on local linear projection outper-
forms the standard CCA in various real world information retrieval tasks.

2 Related Work

Rasiwasia [15] used canonical correlation analysis to solve the cross-modal multime-
dia retrieval problem. Instead of classical text-based information retrieving, Rasiwasia
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made use of the rich multiple modalities information. Take text-image cross retrieving
for example, they used Latent Dirichlet Allocation (LDA) method to process text
corpus into a group of vectors and use SIFT method to extract images’ features into
another group of vectors. By applying canonical correlation analysis on these two
kinds of vectors, it is able to retrieve related images from a text query or retrieve re-
lated texts from a given image.

Improvement of canonical correlation analysis for handling non-linear projections

has been researched intensively. Kernel Canonical Correlation Analysis [4] maximiz-

es correlation in higher dimension space with help of kernel trick. Neuronal networks
are also introduced for solving the linearity drawback of CCA [2,19].

Another part of related work is the local models. Local principal component analy-
sis by Kambhatla[13] proposed local models for PCA. Kambhatla’s work partition the
train data into disjoint regions and within each of which they construct linear models
by PCA. Local Linear Embedding(LLE)[16] provides local linear model for dimen-
sionality reduction. Local methods is also common in non-parametric analysis. Lee,
Joonseok, et al.[14] proposed a local low rank model for matrix completion.

2.1  Background

Canonical Correlation Analysis(CCA)

Consider a pair of training vectors (we call they are in different views), (X,Y) €
R™*T1 x R™*'2 with corresponding covariance pair (Z,1,Z5;). Let X, denote the
cross-covariance of(X,Y). CCA aims to find a pair of directions (a,b) (called canoni-
cal components) on which the vectors’ projection is maximally correlated, i.e.

(a,b) = arg max M—ar max __afzpb )
e e e N o e

Because the choice of re-scaling is arbitrary, the optimization of Eq. (1) is equiva-
lent to maximizing the numerator subject to

aTZ'lla = 1, bszzb =1 (2)
The optimization thus is transformed into
(a,b) = argmax,ry ,_q,7s,,p=1 @ 212D (3)

For simplicity, we denote u = a’X,v = bTY. Then by constructing the corres-
ponding Lagrangian we get,

_ _ 2 6
L=3%a"(x; —W)(y; — )b — E(aTZna) -3 (b"Z2,b) (4)
Taking derivatives to a, b, we obtain the following equations,

a — _
== G — Wy — D)b — ATy = 0 (5)
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By using a” times the Eq.(5) and using bT times Eq.(6) and accompanied the
constraint Eq.(2) we obtain,

A=0=a'sVb (7

Obviously, the maximal A is in fact the maximal correlation. By simplifying
Eq.(7) and assuming X;;and X,, is invertible we obtain,

E]Tllzlzb = Aa (8)

We then transform the Eq. (8) and Eq.(9) into matrix format,

SO0\ 0 Eu\(ay_ . (a
(6 2;21> (221 ) () =2(;) (10)
Z; 0 0 212) a
Let Bdenotes< 0 222), A denotes(221 0 and rdenotes(b), finally, we

transform Eq. (9) into the following form,
B™lAr = Ar (11)

The problem left in Eq. (11) is a generalized eigenvalue problem.

Local Approach and Kernel Methods

In non-parametric statistics, kernel methods can be used to specify the local neighbor-
hood by assigning weights to the points around a given point [10]. Let K}, (po,p)
denote a kernel function, h is the bandwidth parameter h > 0, p, is a query point. A
large value of h implies thatK,(p,,) spread widely while a small value means it
spread narrowly. The kernel function will calculate weight for each point within the
neighborhood. Points within the local neighborhood will be assigned weights by the
kernel function. The following is three popular kernels [14], uniform kernel, triangu-
lar kernel and Epanechnikov kernel.

Ky (po,p) = 1[d(po, p) < h]
Ky (po, ) = (1 — h™1d(po, p))1[d (po, p) < Rl
K (po, p) = (1 = d(po, p)*)1[d (po, p) < k]

After the neighborhood is determined, result is calculated by Nadaraya—Watson
[10] kernel weighted average.

fpy) = XV Snlpordbe (12)

LY Kn(pop))
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3 Local Linear Model

Most of the real-world data do not contain strong linearity globally. In order to handle
non-linear situation. Our local model focuses on maximizing the correlation in a par-
ticular local region. Therefore, we aim to find a strategy to construct such a series of
local projections and calculate distance between query vectors to the candidate vec-
tors based on these local projections.

o Weighted CCA: In order to make use of the weights in the local region, we
change the standard CCA to a new weighted form. Similarly ,we start with defin-
ing the pair of two projected vectors by u = a’X,v = bTY with the corresponding
weighted averages:

W = ZiWiXi pw _ Ziwi¥i

w= Ziw; S Ziw; (13)
For simplicity, we normalized the weights, let };; w; = 1. The weighted variance
and the weighted covariance are,

var¥(w) = YV w;(@™X — a"u")? = a" T¥ w;(X; —u¥)?a = a"I¥a (14)
var¥(v) = bTZ%b (15)
cov¥(u,v) = —a’ >N owi (X, —u™)(Y; — vW)b = aTI¥b (16)

Yw
We now aim to maximize the weighted correlation in each region,
aTs¥,b

The later derivation is similar as the standard CCA, we maximize the numerator,
by constraining the weighted variances into unit ones.

var*(u) = L,var¥(v) =1 (18)

(a,b) = argmaxg,

The remaining steps are as same as standard CCA that we mentioned in Section 2.1
and we find then left a generalized eigenvalue problem again.

e Local Method by Anchor Pairs: In order to construct local projections, we firstly
select q anchor pairs. Each anchor pair has its own region which is specified by the
kernel function. Pairs in each region are also assigned weights by kernel function
according to the distance to the anchors. Moreover, for each region, we apply the
aforementioned weighted CCA to obtain a local projection. Fig.l.illustrates this
idea.

e Combining Strategy: By local method with anchor pairs, suppose we have al-
ready selected g anchor pairs which are denoted by (e, fi) ... (eq, fq),e €
R™ ™1, f € R™ "2 we now obtain q local canonical components< a;,b; > -+ <
aq, by >. Evaluation state of CCA is often the problem of retrieving top k nearest-

data in different view. We denote Q; € R™ as a query vector from view one.
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The problem of calculating correlation from @Q; to the vectors in R"2 from ¢ local
projections is known as non-parametric regression. We propose using the afore-
mentioned Nadaraya-Waston regression. Let D(Q,)denotes the final distance be-
tween the query vectors Q; to all other candidate vectors inR™2. Let D!(Q;) de-
notes the distance from Q; to all other candidate vectors which are calculated in
the i, local projection. Therefore, with Nadaraya-Waston regression, we obtain
the final distance by Eq. (19).

Kn(eiQ1) {i

D(Q.) = Z?WDL(QD (19)
Local Canonical Correlation Analysis(LCCA): We denote the i, pair of data in
the training set using (X;,Y;) in whichX;contains r;dimensions andY;contains 7,
dimensions. Let h; represent the kernel width for viewX and h,represent the ker-
nel width for view Y. An anchor pair is denoted by(e, ). Kj,is a vector that stores
the values from the kernel function with  h;kernel width and Kj,, has the similarly
meaning. We use a vector w € R to store weights for training pairs. Distance
function is denoted as d ().< a;, b; > is the canonical components maximize the
correlation in the local region around the t,,anchor pair. Algorithm 2-1 describes
the training state of LCCA. Obviously, during the training state, the q local region
are independent. Therefore, the q iteration can be computed parallel which great
increases the algorithm speed. In the predicating state , we calculate the distances
between the query vector with candidate vectors in each local spaces thus we get q
distance vectors. With Eq. (19). , we combine the local distance vectors into the fi-
nal distance vectors. Then we select the top k nearest candidate as the results for
the query.

Algorithm 2-1 LCCA training state

Input: X € R™",Y € R"™2,hy,h,,q
for all t =1 ...qin parallel do
(e, f;) = randomly selected traiing pair
for i =1-ndo
Kytlil = (1 — d(ep, X)*) Lagepxp<ny
K;{;[l] =(1-d(f, yi)z)ld(ft,yi)<h2
w; = Kyt [i] K2 i]

end for
alz¥, b, . .
(a,,b,) = argmax———— Fig. 1. Local Method by Anchor Pairs
H e JaT hac bIEgb,
end for

Output:< a,, b, >t =1..q

4

Experiment

In this section, we perform experiments on two real world datasets to illustrate the
performance of our algorithm. The task we set is cross modal information retrieval
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task. Cross-modal information retrieval can match queries from one modality to data-
base entries from another modality. Each dataset contains training set and testing set,
either set consists of paired vectors which are categorized into several classes. Based
on LCCA and CCA, we measure the distance between a query of one modality to
candidate result of the other modality. The performances are measured with mean
average precision (MAP) which is widely used in information retrieval task. Since the
Norm Correlation distance metric achieve the best performance in the experiments of
Rasiwasiaet al. [15], we use this metric as our distance function in our later experi-
ments.The kernel we used is the Epanechnikov kernel which is mentioned above. In
each of the following dataset, we also compare the influence of different region sizes
for LCCA.

4.1 Datasets

o “Wikipedia” is a dataset assembled from Wikipedia’s “featured articles” by Rasi-
wasia et al. [15]. It contains 2866 documents which are random split into a training
set with 2173 documents and a test set with 600 documents. The documents are ca-
tegorized into 10 categories. Each text is represented as a topic histogram over 10
topics by LDA topic model, while each image is represented by a SIFT codebook
of 128 codewords.

e “Chinese Web Portal” is collected by ourselves from several popular web portal
sites in China. It contains 7033 web documents of paired texts and images, which
belong to 11 categories. These documents are randomly divided into two parts:
70% for training set, and 30% for testing set. We use a popular Chinese segment
tool IKAnalyzer' to separate the documents into “bags of words” and use LDA to
extract 30 latent features from each text. Images are also represented as SIFT his-
tograms by a SIFT codebook of 128 codewords.

4.2  Results and Analysis

Fig. 2. graphs the MAP performances achieved by LCCA and CCA. We set LCCA
with two different local region size for each experiment. In “Wikipedia” dataset, we
set the local region size to 2000 and 2100 for both image query evaluation and text
query evaluation. The main tendency of LCCA grows with the increasing number of
anchor points. Either in image queries or in text queries, LCCA always outperforms
the CCA when there are more than ten anchors. Similar results appear in the “Chinese
Web Portal” datasets, the main tendency of MAP scores increases with the increasing
number of anchors.

From http://code. google. com/p/ik-analyzer
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Fig. 2. MAP scores against the number of anchor points in different datasets.

5 Conclusions

We presented a novel local approach for canonical correlation analysis. Our proposed
algorithm is called Local Canonical Correlation Analysis (LCCA) which can be easily
implemented for parallel computing. The performance is evaluated in two different
real world datasets. Our experiments indicate that LCCA outperforms the standard
CCA in the cross modal information retrieval task. We also analyze LCCA’s perfor-
mance in terms of its locality (required training points in each local region) and num-
ber of required anchor points. Since the basic idea of LCCA is construct local regions
and apply weighted CCA in the local region, our future work is plan to investigate the
performance by applying other existing non-linear CCA(e.g. kernel CCA) in the local
region.
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