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Abstract

Pose variation is one of the challenging factors for
face recognition. In this paper, we propose a novel
cross-pose face recognition method named as Reg-
ularized Latent Least Square Regression (RLLSR).
The basic assumption is that the images captured
under different poses of one person can be viewed
as pose-specific transforms of a single ideal object.
We treat the observed images as regressor, the ide-
al object as response, and then formulate this as-
sumption in the least square regression framework,
so as to learn the multiple pose-specific transforms.
Specifically, we incorporate some prior knowledge
as two regularization terms into the least square
approach: 1) the smoothness regularization, as the
transforms for nearby poses should not differ too
much; 2) the local consistency constraint, as the
distribution of the latent ideal objects should pre-
serve the geometric structure of the observed image
space. We develop an alternating algorithm to sim-
ultaneously solve for the ideal objects of the train-
ing individuals and a set of pose-specific trans-
forms. The experimental results on the Multi-PIE
dataset demonstrate the effectiveness of the pro-
posed method and superiority over the previous
methods.

1 Introduction

In the past several decades, face recognition has received a
great deal of attentions from the scientific and industrial
communities, due to its wide range of applications including
access control, security and surveillance, and so on. Alt-
hough many face recognition approaches [Zhao ef al., 2003;
Wright et al., 2009] have reported satisfactory performance,
they require accurate alignment and feature correspondence
between the face images to be compared. In many real sce-
narios, the face images maybe captured under various poses,
illuminations, or occlusions, which may cause the misa-
lignment problem. According to the survey of face recogni-
tion techniques [Zhao ef al., 2003], the pose variation is
identified as one of the most challenging factors.

The difficulty for cross-pose face recognition is that the
pose varies in 3D space, while the image captures only 2D
appearances. When the pose changes, some visible parts on
face may become self-occluded, while some invisible parts
may appear. It leads to the special phenomenon that the dis-
tance between two different persons with similar pose is

smaller than the distance between the same person under
different poses. The performance of many popular face
recognition methods, such as eigen-face or fisher-face
[Belhumeur ef al., 1997], decreases significantly when con-
fronted with large pose variations.

Many approaches have been proposed to deal with the
pose problem [Zhang et al., 2009]. A natural approach to
solve this problem is to generate the virtual frontal pose
images. [Blanz et al., 2003] proposed the 3D morphable
model (3DMM). For a given 2D face image, they con-
structed its corresponding 3D model, and did matching in
the 3D shape and texture space. However this process is
computationally expensive, and relies on manual initializa-
tion of several facial points. [Chai et al., 2007] proposed the
local linear regression method to synthesize a virtual pose
image directly in the 2D domain. They assumed that a facial
image could be faithfully represented as a linear combina-
tion of a set of face images with the same pose, and the co-
efficients of the linear combination remained roughly con-
stant across poses. [Li et al., 2012] reported significantly
improved performance by using Ridge regression to esti-
mate the coefficients. [Ying ef al., 2010] proposed the asso-
ciate-predict model. They divided the face image into
patches, then each patch was associated with a similar patch
from a reference set under the same pose. In the prediction
step, the associated patch’s corresponding patch under the
gallery pose was used as proxy for the original patch.

Besides explicitly synthesizing the virtual images, many
researchers employ some statistical machine learning meth-
ods to find pose-dependent projections, which could project
the images into a pose-independent latent subspace. [Li et
al., 2009] proposed to use Canonical Correlation Analysis
(CCA) to learn a pair of projections which make the pro-
jected intra-individual features to be maximally correlated in
the latent space. [Sharma et al., 2011] employed the partial
least square regression (PLS) to project samples from two
poses to a common latent space. However, these methods
considered only two poses at one time, and could not get a
common space across all poses. So [Rupnik ez al., 2010]
proposed an extension of CCA for the multi-view problems.
[Kan et al., 2012] proposed the Multi-view Discriminative
Analysis (MvDA) to learn view-specific transforms by
maximizing the between-class variation while minimizing
the within class variation from all views in a common dis-
criminant space. [Prince ef al., 2008] proposed a generative
model, named Tied Factor Analysis (TFA), for cross pose
face recognition. They assumed that the observed images
could be generated by a pose-specific linear transformation
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of identity variables in the presence of Gaussian noise. They
used the EM algorithms to learn the model parameters from
a set of training images in different known poses. In recog-
nition step, they computed the probability that the probe and
gallery share the same identity vectors.

The common goal of these existing approaches is to build
a bridge between the observed image space and the pose
free representation space. Since the images of one person
are captured under different poses of the same face, they are
highly related to each other. Similar to [Prince et al., 2008],
it is reasonable to assume that the images taken under dif-
ferent poses can be viewed as pose-specific transforms of a
single ideal object. In real applications, there exist some
noises, such as illumination, expression et al., so this as-
sumption may not hold exactly. We relax this hard assump-
tion, and try to find a set of pose-specific transforms, which
make the projected images of the same person as close as
possible to the single ideal object. We treat the observed
images as regressor, the latent ideal objects as response, and
then formulate this relaxed assumption in a compact least
square regression framework. Compared with previous
methods, the advantages of our method are that: 1) we for-
mulate the problem of cross multi-poses face recognition in
a compact framework; 2) two regularization terms can be
naturally incorporated into the regression based approach.
The first is the smoothness regularization, which enforces
the transforms for nearby poses to be close to each other.
The second is the local consistency regularization, which
enforces that the distribution of the latent ideal objects
should preserve the geometric structure of the observed im-
age space; 3) the final optimization problem can be solved
efficiently by an alternating algorithm.

The remainder of this paper is organized as follows. In
Section 2, we give a brief review of some related works. In
Section 3, we present the formulation of our proposed
method, and develop an alternating algorithm to solve the
optimization problem efficiently. In Section 4, we evaluate
the proposed method on the Multi-PIE dataset [Gross et al.,
2007], followed by the conclusions.

2 Related Works

2.1 Canonical Correlation Analysis and Partial
Least Square Regression

Canonical Correlation Analysis (CCA) and Partial Least
Square Regression (PLS) are two classic statistical tech-
niques to find linear relations between two multidimension-
al variables. Formally, let X! = [x{,x3},..,x5] and X?
[x%,%Z,...,x2] represent the sets of facial images from two
different poses respectively, where x} € RM,x? € RN. And
the samples in X' and X? are coupled by identities. The
goal of both CCA and PLS is to find two linear transfor-
mations W; € RM*4 W, € R¥4 for X! and X? respectively,
so that the projected images of the same person are similar
to each other in the projected latent subspace. The definition
of similarity varies with the methods, so they are different in
their objective functions. CCA tries to maximize the corre-
lation between the projected images of the same person:

max v, w, (corr[ W' X*, Wi X?]) (1)
st IWyllg=1, |IW,[[g=1
where corr(a,b) = cov(a,b)/(var(a) x var(b)) . 2)
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PLS tries to maximize the covariance between the projected
images of the same person:
3)

maxyy, w, (cov[Wi X!, WIX2])
s.t [[Willg=1, [[Wallg=1
CCA can be naturally extended to deal with multi-view
problems, which is called Multi-view CCA [Rupnik et
al,.2010]. The goal of MCCA is to find a set of linear trans-
formations {W;}(i=1,..., p), one for each pose, so that the sum
of all pair-wise correlations is maximized:
maxw, . w, Zi<j corr[WX, W]-TXi] 4)
st Willg=1i=1,..,p

2.2 Tied Factor Analysis

Tied Factor Analysis (TFA) [Prince et al., 2008] is a gener-
ative model to describe pose variations of facial images.
They introduce two spaces: the observed space and the
identity space. The observed space means the raw pixel fea-
ture or a transformed space after simple pose-independent
transformations. In this space, the locations of pose variant
and identity variant facial images are mixed altogether,
which makes the separation of identity from pose variations
infeasible. To effectively separate the identity from pose
variations, an ideal identity space is introduced. The under-
lying assumption is that the face images of a person across
different poses can be generated from a common latent var-
iable in the identity space. The relationship between these
two spaces can be described as:
where x;; representes the jth image of individual / under
pose k. h; is the latent identity vector for individual i. Fy
and M, are the linear transformation and offset respectively
for pose k. E}j is a zero-mean Gaussian noise with unknown
diagonal covariance matrix X,. More formally, the model
can be written in terms of conditional probabilities:
Pr(xmhi) = Gaussian(Fyh; + My, ) (6)
Pr(h;) = Gaussian(0,I) 7
From a set of training images in different known poses,
the identity vectors and the pose-specific transformations
can be estimated by maximizing the joint likelihood of the
observed image data x and its associated identity /.
maxg Pr (x,h|0) ®)

where © = {F; },M; \ Z; i} is the model parameters.
They use the EM algorithm [Dempster ef al., 1977] to learn
the model parameters, which is prone to local minima and
computationally intensive. In the recognition phase, they
compute the probability that the probe face and the gallery
face are generated by exactly the same value of the identity
vector under the linear transformation scheme, and the final
decision is made through maximum a posteriori mechanism
by choosing the gallery image which corresponds to the
maximum probability.

k

3 Regularized Latent Least Square Regression

3.1 Problem Formulation and Learning Model

Formally, we assume the pose can be discretized into p dif-
ferent bins. Let {XX}, &=1,...,p denote a set of training images,
Xi=1,..,c,j =1,..,n5} denotes the samples

where X* = {x§
in pose £, X}} € RY is the jth image of individual i from



pose k in d dimensions, nf is the number of images for in-

dividual i under pose &, and ¢ is the number of individuals.

Since the images are captured from different poses of the
same person, it is reasonable to assume that there are some
common features across all poses. Both of PLS [Sharma et
al., 2011] and CCA [Li et al., 2009] approaches try to find a
set of projections, which make the projected images of the
same person from different poses similar to each other in the
latent pose-free space. Similar to the TFA [Prince et al.,
2008], we assume the idealized version, which means that
the images of the same person from different poses can be
projected to the same identity vector in the latent space. So
we reformulate the Eq(5) as:

h; = Fi'x}§ — Fi. "My — F 'Ef§ )
(9) can be written in a generalized form:
h; =f(wk,X§)+mk+s}‘]- (10)

where h; € R™ is the idealized identity vector of individual
i; f(wi,xf) is the mapping function for pose k, and
wy € R¥™ js the parameter. my € R™, and sli} are the offset
and noise term respectively for pose k. For simplicity, we use
the linear mapping function:
f(wk,xﬁ) =w]1£ x% (11)
Our goal is to obtain the parameters {wy, my}y_, of a set
of pose-dependent (but identity-independent) mapping func-
tions, so that in the recognition phase, we can get the iden-
tity vectors hgy and hy, of the gallery x, and probe x,,. But as

the noise term ¢ exists, we just could get the estimated
identity vectors h, and h:

hy = f(wpose(g)' Xg) F Mpose(g) (12)

by = f(Wpose(py Xp) + Mpose(p) (13)
For the training set, the estimated identity vector should be
as close as possible to the idealized identity vector (as
shown in Fig 1). We formulate the above motivation in the
least square sense as:

p 1 c “%(
. L o K) _ 2
h, C.WT.l.Eml . ](Zl Nk Z Z”hl f(Wk ) Xu) mk“2 (14)

""""" i=1 j=1
st |Ihllz=1 i=1,...¢c

The formulation (14) can be interpreted as a least square
regression problem, if we treat the observed images as
regressor, the parameters of mapping functions as regression
matrixes, and the identity vectors as response. But the ide-
alized identity vectors cannot be observed directly, so we
call the formulation (14) as the Latent Least Square Regres-
sion.

Let Xf =[xf,..,.x] € RN collect the images of indi-
vidual i under pose & , and X¥ = [xX Xk, .., Xk] € RON* ¢ol-
lect all the individuals’ images under pose k.

F]k = [Ol"'ﬂoill ---11'0! ""0] € RIXNk (15)
iZing  nf Zfnf

Ak = [FX; FY; ...; FK] € RN (16)

H = [hy,hy, ..., h,] € R™¢ (17)

exe =[11,..,1]T € RN (18)

Then the objective function (14) can be rewritten as:

st IhlZ=1 i=l,....c

- -
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Figure 1: The illustration of our relaxed assumption. The solid
circle denotes the idealized identity vector for the example person.
The hollow circles denote the estimated identity vectors for the
different pose images. For the images of the same person, the es-
timated identity vectors should be as close as possible to the ideal-
ized identity vector.

where ||. ||z stands for the Frobenius norm of matrix.

However, using the least square approach in (19) is not
enough for finding a faithful mapping, because the least
square approach may lead to the problem of over fitting and
thus has poor generalization ability. In order to deal with
this problem, we impose some prior knowledge as regulari-
zations into the objective function to limit the solution space
and improve the generalization performance.

1) Smoothness regularization. Though we want to pro-
ject the facial images in distinct poses by different mapping
functions, the facial images under nearby poses don’t differ
too much. Hence, the mapping functions should vary as
smoothly as possible when the pose varies. This smoothness
regularization can also tolerate small pose estimation error,
which will be validated in the experimental part. The
smoothness regularization can be written as:

Rsmoothness = Zi;illwk - Wk+1”12: (20)

2) Local consistency regularization. As revealed in
many previous studies [Roweis et al., 2000; He et al., 2005],
locality information is an important clue in manifold learn-
ing. In most manifold learning methods, researchers try to
find a subspace that best preserves the local structure of the
observed data. In this work, we could regard the idealized
identity vectors as the low-dimensional embeddings of the
observed facial images. So the distribution of the identity
vectors in the identity space should preserve the local geo-
metric structure of the observed image space, which means
if two persons are similar in the observed image space, their
identity vectors should be close to each other. We achieve
this objective by minimizing the following energy function:

Rconsistency = Zic=1 ch=1||hi - hjllzsij = tr(HBHT) (21)
where h;, h; is the identity vectors for individual i and j;
S;; is the similarity between individual 7 and j, S = {S;;}, B =
D — S is the Laplacian matrix, and D is a diagonal matrix
with Dy = ¥;S;;. We select one image X of each person
under the same pose (e.g., frontal view), and define S;; as:
fl\mjlli

W iR € Ni(%))or & € Ni(%) (22)

0 otherwise

whereNy (%;) denotes the set of k nearst-neighbors of &;. o;
is the distance from X; to its gth nearest neighbor, and ¢ is a
local scale factor. This way of defining similarity matrix is
called local scaling [Manor ef al., 2005], and it controls the
decreasing speed of S;; with the distance between %; and ;.
The local parameter £ and ¢ influence the relative contribu-
tion of local structure preserving in the observed space.

Sij=1 e

In addition, in order to control the complexity of mapping
function, an extra normalization term Z]lz:lllwk II2 needs to
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be included. To sum up, the proposed Regularized Latent
Least Square Regression model is formulated as follows:
{hy w1, pmy p}=argminl (23)
st I3 =1
where L= $P_, = [|HA* — f(wi, X¥) — myel]|” +AZEZHIW, —
Wit lIf +ntr(HBHT) +y X2 _, lIwic I (24)
and A,n,y are nonnegative trade-off parameters.

i=1,....c

3.2 Solving the Optimization Model

Here we develop an alternating method to solve the optimi-
zation problem (23). We decompose the original problem
into two key subproblems as following:
Subproblem 1: Given the identity vectors {h;}{_,, the map-
ping functions’ parameters {wy, my},_,can be obtained by
solving the following optimization problem:

{Wl,...,pr ml,...,p} = argmin g({wl,...,pr ml,...,p})
where

P 1

(01 ) = Sy A = £ (i X¥) — me|

+ AR Iwi = Wil + Y IR wic I (26)

A straightforward way to minimize (25) is the gradient
descent approach. According to the matrix theory, the deriv-
ative of g({w,_,m,; _,}) respect to {wy, mg}(k=1,..,p)
can be computed as:

k /\k k Tyk T\"
dg/owy = —2X"/N¥ x (HA —wi X" — mkeNk)
+2A X S(k > 1)(Wk—1 - Wk) + 2A X S(k < p)(Wk - Wk+1)
dg/om, = —2/NK x (HAk - ngk - mke;k) X enk (28)
where 8(x) is the indicator function, which returns 1 if x is
true, and 0 otherwise. After obtaining the gradient, the pa-
rameters {wy, mi}(k = 1,...,p) can be updated by (29) until
convergence
Wy = Wy — adg/owy my = my — adg/dm,  (29)

Subproblem 2: Given the mapping functions’ parameters
{we, m}h_;, the identity vectors {hj}{; can be obtained
from the following optimization problem:

(25)

{hj}{_; = argmin g(hy, ..., hy) 30)
st IfZ=1 izl
2
where g(hy, ...,hc):ZEzlﬁ ”HAk - f(wk, Xk) — myefx ”F
+n tr(HBHT) (31)
Naturally, we consider the derivative of g(hy, ..., h.) with

respect to H, and take it to be zero. This gives us the analyt-
ical solution as follows:
dg/0H =0
= TP _, 2 (HA* — f(wy, X¥) — myel) AX'+2n x HB = 0
1 T 1 T -
>H= (Z£=1ﬁ (wixk + mke;k) AKX )(ZﬁzlﬁAkAk +nB) !
(32)
On the basis of above two subproblems, we develop an

alternating method to solve the original optimization prob-
lem (23). Algorithm 1 lists the steps of RLLSR algorithm.

4 Experiments

Like any other learning based methods [Li ef al., 2009; Kan
et al., 2012], we require training data to learn the model par-
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Algorithm 1: Regularized Latent Least Square Regression
Input: Training set {Xk}, k=1,...,p, where Xk = {Xﬁll =1,..,c

j =1,...,ny} are the samples in pose k, and X%} is the jth image of
individual 7 under pose k; the positive tradeoff parameters A, 1,y;
maximum number of iterations T} step size a.

Output: The parameters {wy, mk}ﬁz1 of pose-dependent map-
ping functions and the identity vectors H={h;}{_; for the training
individuals.

1. Select one frontal pose image of each person from the training

set, and construct the similarity matrix S according to (22).

2. Randomly initialize {hj}{_; , {wy, mk}ﬁ:1 , and normalize
IIhill3 =1 (i=1,...,c); Tter=1.
3. while Iter<T"do
4. Compute the objective value L of (24)
5. t=1;
6. while (t<7) do
7. for k=1:p
8. Compute the gradient of dg/dwy (27), dg/0m;(28)
9. Compute Wy and My (k=1,...,p) by
Wy = Wy —adg/owy My = my — adg/dmy
10. end for
1. delta = ¥P_ Wy — wi IF + Zh_, Il fy — myl|F
12. Wi = Wy, my = Mg.(k=1,...,p); t=t+1;
13. if (delta<le-5)
14. Break;
15. end if
16. end while
17. Compute H according to (32), and normalize ||h;||3 = 1
18. Compute the new objective value Ly, of (24)
19.  if(|Lyew — LI<le-5)
20. Objective function converges. Break.
21. end if
22. Iter= Iter+1;
23. end while

ameters. We assume access to a training dataset that has
multiple images of each person under different known poses.
In the training phase, we obtain the pose-dependent map-
ping functions. At testing time, we assume the pose of the
gallery and probe images are known, and use the corre-
sponding mapping functions to estimate the identity vectors;
then we adopt the cosine distance to measure the similarity
of the estimated identity vectors, and the nearest neighbor
classifier is chosen to do the recognition task.

4.1 Dataset and Experimental Settings

We conducted experiments on CMU Multi-PIE [Gross et al.,
2007] dataset. It contains 337 subjects, recorded during four
sessions under various poses, illumination and facial ex-
pressions. The interval pose angle is about 15°. Following
[Kan et al., 2012], we select 6 images with neutral expres-
sion and no flush illuminations of each subject under seven
poses (—45°,—30° —15° 0°,15°30°,45°), so a subset about
(6 x7%x337)14154 images is selected as the evaluation
dataset. For the experiments, this dataset is split into a
training set, which is used to obtain the pose-dependent
mapping functions’ parameters {wy, m}(k=1,..,p) and a
testing set, which is used to perform the closed-set identifi-
cation. The first 231 subjects are used for training, and the
next 106 subjects for testing. We used the publicly available
labeled locations of facial points provided by [Sharma et al.,
2011] to crop the face regions, and then normalize to32 x 32.



Images are turned into gray-scale and direct intensity values
mapped between 0 and 1 are used as features. Thus the
length of the pixel feature is 1024. Some normalized exam-
ples are shown in Fig 2.

Parameters selection is a key issue. The trade-off param-
eters {A,1,y} of our model are chosen from {le-4, le-3,...,
1,...,1e3,1e4} and the dimension m of identity vector is
chosen from {50,100,150,...,1000} by performing cross
validation on the training data. In our experiment, we finally
setA = 0.1, = 0.01,y=0.01, and m=200. We implement
the proposed method in MATLAB, and the cropped images
and source code are available upon request

— B e o8 - =
e | Ve | | | S | N | ™ |

080 130 19
Figure 2: Examples of normalized faces of Multi-PIE

4.2 Effectiveness of the Regularization Terms

We evaluate the performance of the proposed model with

and without the regularization terms, which are the two ob-

jective functions (23) and (33) respectively:
{hl,..,l,wl,...,pv my ..,p} = argmin L
st InlZ=1 i=l,...c

(33)

where

L= k 1 k”Hk f(Wk'Xk) _mkeNk” +YZP 1”Wk”2 (34)

Simllar to other methods [Li et al 2009; Prince et al.,
2008; Kan et al., 2012], we use the images from one pose as
gallery, images from another pose as probe, and then per-
form closed-set identification. This yields a correct recogni-
tion rate for all pairs of poses. The results are shown in Ta-
ble 1&2 respectively. The last row and column of these two
tables denote the average recognition rate.

The comparison between Table 1&2 clearly highlights
the improvement offered by using the smoothness and local
consistency regularizations. We especially observe a signif-
icant improvement (near or over 10%) for gallery and probe
with large pose difference (the result in bold). The average
improvement of 42 pairs of gallery and probe setting is
6.9%. The reason for the improvement can be interpreted
from the Eq(27). Without the smoothness regularization, we
just use the samples from the kth pose to compute the gra-
dient dg/0wy. While with the smoothness regularization,
we consider the relationship between the kth pose and its
nearby ((k-1)th and (k+1)th) poses, thus the samples from
nearby poses can also contribute to computing the mapping
function for pose k. And the local consistency constraint
works as a term to utilize the structure of the observed data,
which helps to improve the generalization.

4.3 Experiment with Inaccurate Probe Pose

In section 4.2, we assume that the pose angles of gallery and
probe are known. In order to evaluate the robustness to in-
accurate pose estimation, we conduct experiments with un-
known probe pose. We assume that the gallery poses are
known, while the probe poses are estimated. We evaluate
the performance when the difference between the estimated
pose and the real pose are +15° +30°, +45°. For example, if
the real pose is a, and the estimated pose is 8, we use the
mapping function for pose B to map the probe images into
the identity space followed by nearest neighbor matching.
Fig 3 shows the results when we set the gallery pose to

Galikobe-45°  -30° -15°  0° 15° 30° 45° Avg
-45° 100 983 98.1 948 93.1 93.6 91.7 949
-30° 99.1 100 99.8 992 981 96.7 91.7 97.4
-15° 995 100 100 100 99.5 973 93.1 982

0° 973 995 100 100 100 99.5 969 98.9
15° 928 97.6 99.5 100 100 99.8 98.6 98.1
30° 907 943 953 980 99.5 100 99.0 96.1
45° 915 87.6 917 947 986 986 100 93.8
Avg 952 962 974 978 981 97.6 952 96.8

Table 1: Rank-1 recognition rate of our model with the regulariza-
tion terms.

Galigkobe -45°  -30° -15° 0° 15° 30° 45° Avg
-45° 100 972 936 857 717 80.0 733 84.6
-30° 962 100 99.8 932 88.8 835 775 898
-15° 953 99.8 100 992 956 91.0 822 939

0° 899 981 100 100 99.7 995 91.0 957
15° 838 93.6 980 989 100 954 91.7 94.0
30° 759 86,5 844 903 970 100 92.6 87.8
45° 748 758 772 83.0 90.6 100 100 83.2
Avg 860 91.8 921 91.7 91.6 910 847 89.9
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Table 2: Rank-1 recognition rate of our model without the regular-

ization terms.
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Figure 3: Experimental results with inaccurate probe poses and
frontal gallery pose.

frontal. It can be seen that when the error of pose estimation
is within £15°, the performance declination is small. But as
the pose estimation error increases, the performance de-
creases significantly. So it is difficult to recognize faces
with big error in pose estimation. In Table 3, we shown the
results for all gallery and probe poses when the pose error is
within +15°. By comparison with Table 1, it indicates that
besides the difference between the real pose and estimated
pose, the gap between the gallery and real probe pose is
another factor that influences the performance. Table 4
shows the mean accuracy of 42 pairs of gallery and probe
pose settings under different pose estimation errors. When
the pose estimation error is +15°, the performance decreases
5.5%, but it is still much better than the average perfor-
mance shown in Table 2. So in some sense, it also demon-
strates the effectiveness of the regularization terms.

4.4 Comparison of Different Approaches

We compare the proposed method (RLLSR) with following
algorithms:

e Fisherface model (FLDA) [Belhumeur ez al.,1997]. It
is a baseline method, and it is directly applied on the
training set regardless of the pose variations.

Tied factor Analysis (TFA) [Prince et al., 2008]. We
use the code provided by the author to evaluate its
performance on the Multi-PIE dataset.



Galiakebe-45°  -30° -15°  0° 15° 30° 45° Avg @Mfﬂ? -30° -15° 0° 15° 30° 45° Avg
-45° 100 981 964 857 858 839 780 882 -45° 100 963 921 862 783 804 72.0 842
-30° 979 100 99.8 932 940 884 77.1 923 -30° 95.1 100 98.8 942 876 845 782 89.7
-15° 973 998 100 992 973 92.1 808 944 -15° 935 97.8 100 994 955 90.0 832 932

0° 89.8 991 994 100 99.7 96.8 90.7 959 0° 90.0 982 994 100 994 975 91.0 959
15° 826 932 96.1 989 100 979 945 94.0 15° 845 935 98.0 99.0 100 964 925 94.0
30° 769 874 876 903 957 100 97.1 90.0 30° 760 87.1 854 895 980 100 956 88.6
45° 719 782 765 83.0 953 974 100 843 45° 750 768 782 835 90.6 100 100 84.0
Avg  86.1 926 92.6 941 946 927 864 913 Avg 857 91.6 920 91.7 91.6 915 854 90.0

Table 3: Experimental results for all gallery and probe poses when
the probe pose error is within +15°.

Pose error 0° +15° +30° +45°

Mean accuracy 96.8 91.3 80.4 63.0

Table 4: The mean accuracy of all gallery and probe poses under
different estimation errors of probe pose.

o Partial Least Square Regression (PLS) [Sharma et al.,
2011] and Canonical Correlation Analysis (CCA) [Li
et al., 2009]. Both of them are pairwise method, which
means they just consider two poses at the training and
testing phases.

e Multi-view CCA [Rupnik et al., 2010] and Multi-view
Discriminative Analysis (MvDA) [Kan et al., 2012].
Both of them learn the pose-dependent projections for
multi-poses simultaneously. We re-implement these
two methods, and get similar results as reported in their
original papers.

Fig 4 illustrates the performance comparisons of different
approaches under frontal gallery faces. Besides that we also
evaluate the rank-one recognition rate under all possible
pairs of gallery and probe pose settings (as shown in Table
5~7). And these results are averaged as mean accuracy (as
shown in Table 8). From these results, we can observe that:
(1)The performance of TFA, MCCA, MvDA and RLLSR is
much better than the pair-wise methods (PLS,CCA), which
demonstrates the effectiveness of considering multi-poses
simultaneously.

(2)The FLDA uses the multi-poses images, but it learns just
one projection. It achieves lower accuracy than the method
using different projections for different pose images (e.g
TFA, MCCA, MvDA and RLLSR). So it is feasible and
effective to project different pose images respectively into a
common space.

(3)All methods achieve comparable accuracy, when the dif-
ference between the gallery pose and probe pose is
in +15°. However as the pose difference increases, the per-
formance of PLS, CCA, TFA and MCCA degrade signifi-
cantly. Compared with PLS, TFA, and MvDA, our proposed
RLLSR gains 24%, 11% and 2.6% improvement respec-
tively when the pose difference between gallery and probe is
larger than 45°.

(4)The proposed RLLSR achieves a mean accuracy of
96.8%, which is significantly better than other methods. The
MvDA approach employs the fisher criterion to find a dis-
criminant common space, while the proposed RLLSR
doesn’t apply any discriminative information. It demon-
strates that the proposed generative model with effective
regularization terms can obtain better relationships between
the observed image space and the latent common space,
than MvDA and other methods.

5 Conclusions and Future Works
In this paper, we have developed an approach, named as

Table 5: Results of TFA for all possible gallery-probe pairs on
Multi-PIE.

MMSO -30° -15° 0° 15° 30° 45° Avg
-45° 100 942 852 785 693 613 60.0 74.8
-30° 931 100 924 90.1 843 70.0 623 82.0
-15° 845 943 100 925 836 750 643 824

0° 810 862 930 100 945 825 79.0 86.0
15° 675 72.0 80.0 93.0 100 934 785 80.7
30° 61.0 641 753 805 950 100 943 784
45° 623 664 702 765 874 942 100 762
Avg 749 795 827 852 857 794 73.1 80.1

Table 6: Results of PLS for all possible gallery-probe pairs on
Multi-PIE

Galicbrobe-45°  -30° -15°  0°  15° 30° 45° Avg
-45° 100 992 955 795 90.0 920 91.5 913
-30°  99.6 100 100 951 950 97.0 945 96.9
-15° 925 993 100 100 99.6 988 93.0 972

0° 800 942 100 100 100 975 865 93.0
15° 880 940 99.0 100 100 992 955 96.0
30° 895 97.1 973 980 100 100 983 96.7
45° 913 950 90.6 88.0 945 992 100 93.1
Avg 902 965 97.1 934 965 973 932 94.8

Table 7: Result of MvDA for all possible gallery-probe pairs on
Multi-PIE

Method FLDA PLS CCA TFA MCCA MvDA RLLSR
Mean 862 78.0 832 90.0 92.0 948 96.8
Accuracy

Table 8: Mean accuracy of different methods for all possible gal-
lery-probe pairs on Multi-PIE.

Regularized Latent Least Square Regression, to deal with
the cross pose face recognition problem. We assume that the
images of one person captured under different poses could
be mapped into a single ideal point in the latent pose-free
space. The RLLSR framework provides such a way to for-
mulate this assumption that it can integrate some regulariza-
tion technology to improve the generalization performance
efficiently. Comparative experiments indicated that the
proposed method results in high accuracy and robustness for
the cross pose face recognition problem. Our future work
involves the extension to nonlinear mapping functions, and
the exploration of using different holistic or local features at
fiducial points.

Acknowledgements
This work was supported by the National Natural Science
Foundation of China wunder grants No.61172103,

No0.61271429, No0.60933010, and Tencent Research Insti-
tute of Beijing.

1252



References

[Blanz et al., 2003] Blanz, V., Vetter, T. Face recognition
based on fitting a 3D morphable model. IEEE Transac-
tion on PAMI, 25, 1063-1074,2003

[Belhumeur et al., 1997] Belhumeur, P.N., Hespanha, J.P.,
Kriegman, D.J.: Eigenfaces vs. fisherfaces:Recognition
using class specific linear projection. IEEE Transactions
on PAMI. 19, 711 - 720, 1997.

[Chai et al., 2007] X.Chai, S.Shan, X. Chen, W.Gao. Locally
linear regression for pose-invariant face recognition.
IEEE Trans on Image Process. 16 (7), 1716—1725, 2007

[Dempster et al., 1977] A. Dempster, N. Laird, and D. Ru-
bin, “Maximum Likelihood from Incomplete Data via
the EM Algorithm,” J. Royal Statistical Soc. B, 39, 1-38,
1977.

[Gross et al.,, 2007] Gross, R., Matthews, 1., Cohn, J.,
kanada, T., Baker, S.: The cmu multi-pose, illumination,
and expression (multi-pie) face database. Technical re-
port, Carnegie Mellon University Robotics Institute.
2007.

[Hastie et al., 2001] Hastie.T, Tibshirani.R, and Friedman.J.
The elements of statistical Learning. Springer, 2001.

[He et al., 2005] X.He, S.Yan, Y.Hu, P.Niyogi, and
H.Zhang. Face recognition using Laplacianfaces. IEEE
Transactions on PAMI, 27(3),328-340,2005

[Kim et al., 2006] Kim, T.-K., Kittler, J., Cipolla, R.:
Learning Discriminative Canonical Correlations for Ob-
ject Recognition with Image Sets. In ECCV 2006.

[Kan ef al., 2012] M. Kan, S. Shan, H. Zhang, S. Lao X.
Chen. Multi-view Discriminate Analysis. In ECCV
2012.

[Li et al., 2012] A. Li, S. Shan, and W. Gao. Coupled bi-
as-variance tradeoff for cross-pose face recognition.
IEEE Trans on Image Process, 21(1):305-15, 2012.

[Li et al., 2009] A. Li, S. Shan, X. Chen and W. Gao,
Maximizing Intra-individual Correlations for Face
Recognition Across Pose Differences. In CVPR 2009.

[Ma et al., 2007] Ma, Y., Lao, S., Takikawa, E., Kawade,
M.: Discriminate analysis in correlation similarity meas-
ure space. In ICML 2007.

[Manor et al., 2005] L.Z.Manor, P.Perona. Self-tuning spec-
tral clustering. In NIPS, 2005.

[Prince et al., 2008] S.J.D. Prince, J. Warrell, J.H. Elder,
F.M. Felisberti, Tied factor analysis for face recognition
across large pose differences, IEEE Transaction on
PAMLI. 30 (6) 970-984, 2008

[Rupnik et al., 2010] Rupnik, J., Shawe-Taylor, J.: Mul-
ti-view canonical correlation analysis. In: SiKDD 2010

[Rosipal et al., 2006] Rosipal, R., Kramer, N. Overview and
recent advances in partial least squares. Subspace Latent
Struct. Feat. Select., 34-51. 2006.

[Roweis et al., 2000] S.Roweis, L.Saul. Nonlinear dimen-
sionality reduction by local linear embedding. Sci-
ence,5500: 2323-2326, 2000

1253

[Sharma et al.,2011] Sharma, A., Jacobs, D.W.: Bypassing
synthesis: PLS for face recognition with pose,
low-resolution and sketch. In CVPR 2011

[Wright et al., 2009] J.Wright, A.Y.Yang, A.Ganesh,
S.Sastry, and Y.Ma. Robust face recognition via sparse
representation. IEEE Transactions on PAMI, 31(2),
210-227, 2009

[Ying et al., 2010] Q. Ying, X. Tang and J. Sun. An Associ-
ate-Predict Model for Face Recognition. In CVPR 2010

[Zhao et al., 2003] W.Zhao, R.Chellappa, P.J.Phillips, and
A.Rosenfeld. Face recognition: A literature survey.
ACM Computing Surveys, 35(4), 399-458, 2003.

[Zhang et al., 2009] X. Zhang and Y. Gao. Face recognition
across pose: A review. Pattern Recognition, 42
(11):2876-2896, 2009



	IJCAI13
	Contents
	Index
	Help
	Terms
	IJCAI Website



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /CMYK
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice




