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a b s t r a c t 

In this paper, we simulate the learning way of human to propose a self-learning framework for face clus- 

tering. Specifically, we first perform a decorrelation operation on face images through patch-based two- 

dimensional reconstruction, which has a similar function to the retina. Then we group the semantically 

similar faces by using a novel self-paced learning model, which is inspired by three major observations: 

(i) The learning process of human gradually proceeds from easy to complex tasks; (ii) The prior knowl- 

edge of human might change with the increase of learned experience; (iii) More prior knowledge usually 

leads to better prediction accuracy. Experiments on benchmark face databases demonstrate the effective- 

ness and efficiency of the proposed framework. 

© 2018 Elsevier Ltd. All rights reserved. 
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. Introduction 

Face recognition is a key research topic in machine learning,

attern recognition and computer vision areas because of its po-

ential value for practical applications and theoretical challenges

1,2] . It has attracted considerable attention over the past two

ecades, and many unsupervised [3,4] and supervised methods

5–11] have been proposed for face recognition. Generally, super-

ised learning methods require numerous semantic labels to ex-

ract good high-level features [5,6] . Nevertheless, manually label-

ng data is time consuming and expensive. In addition, during the

rocess of recording, face images usually encounter some kinds of

oise, like lighting variability [12] and occlusions [13] . Although

he visual effect of images is different, essentially the number of

imensions is small [14] . Unsupervised learning aims to explore

he intrinsic low-dimensional features [15–18] or structures with

emoving the noise effect [4] and thus might improve the perfor-

ance of recognition algorithms. To make better use of the unla-

eled data and explore the inherent characteristics of face images,

n this paper, we focus on the problem of unsupervised learning. 

When human eyes see an image, the retina in eyes usually per-

orms a decorrelation operation on the image to reduce its re-

undancy [19,20] before image recognition. Inspired by this ob-

ervation, many image decorrelation methods are proposed to re-

uce redundancy [3,21,22] in order to boost the accuracy of face

ecognition [23] . Recently, two-dimensional whitening reconstruc-
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ion (TWR) [24] has been proposed to reduce the redundancy of

nternal face images. It preserves the significant intrinsic features

nd approximates each generated whitening face as a Gaussian sig-

al for face recognition. However, TWR can reduce the global re-

undancy and preserve global intrinsic features of a 2D face image

atrix . A considerable amount of literature [1,25–27] has demon-

trated the significance of local features on face recognition. It sug-

ests that reducing the redundancy of local pixels and preserving

ocal important intrinsic features might be more conductive to face

ecognition. Moreover, the method in [24] does not quantitatively

nalyze the Gaussian distribution of the whitening face, although

he whitening face has been shown to be close to a Gaussian sig-

al. 

After reducing the redundancy of face images, it is important

o extract the significant and useful knowledge from the prepro-

essed image for recognition. Recent literature [28–31] illustrates

hat learning knowledge from samples in an organized and mean-

ngful order often performs better than using randomly selected

amples. Based on the learning way of human who learns knowl-

dge gradually from easy to complex samples [32] , curriculum

earning (CL) [28] learns a model by gradually increasing the diffi-

ulty level of samples so that the entropy of training samples is in-

reased. CL and its variants have achieved promising performance

n many applications, such as action/event detection [29] , dictio-

ary learning [33] and tracking [34] . Since the curriculum in CL

28] is predetermined by prior knowledge and cannot be adjusted

ccordingly, it might generate the inconsistency between predeter-

ined knowledge and dynamically learned models. To address this

roblem, self-paced learning (SPL) [35] , has been proposed to dy-

https://doi.org/10.1016/j.patcog.2018.02.008
http://www.ScienceDirect.com
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Fig. 1. The flowchart of face clustering by self-learning (SL iterations denote the self-paced learning process). 
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namically determine the curriculum that can adapt to the learning

pace of the learner. Furthermore, self-paced curriculum learning

(SPCL) [30] , has been presented to incorporate the prior knowl-

edge before training as well as the paced learning process dur-

ing training to avoid overfitting. However, both CL and SPCL are

suitable for supervised learning scenarios, since they assume that

the prior knowledge is fixed during the learning process. To learn

curriculum in the unsupervised process, prior knowledge might be

flexible, because in practice the prior views of human sometimes

change based on important scientific discoveries [36,37] . It implies

that the human prior knowledge might change with the increase of

learned knowledge . In addition, more prior knowledge often leads to

better prediction , which has been demonstrated by numerous su-

pervised learning methods [5,7,8,38] . 

Based on the aforementioned observations, in this paper we

propose a novel self-learning framework (please see Fig. 1 ), which

consists of two major stages: image decorrelation and self-paced

learning, for face clustering without using any label information.

Our main contributions are listed as follows: 

• We extend TWR to handle local image patches in order to re-

duce image redundancy while preserve local significant fea-

tures, and provide a quantitative analysis on the Gaussian dis-

tribution of the whitening face and its patch-based version. 
• We propose a novel self-paced learning model for face cluster-

ing, taking into consideration the three observations about the

process of human learning: (i) The learning process of human

and animals gradually proceeds from easy to complex tasks; (ii)

The prior knowledge might be revised and become more ac-

curate with the growth of learned knowledge; (iii) More prior

knowledge usually produces better accurate prediction results. 
• Experiments on three benchmark databases illustrate the effec-

tiveness and efficiency of the patch-based TWR and the self-

paced learning model on faces under various environments. 

The rest of this paper is structured as follows. Section 2 briefly

reviews the related work. Section 3 presents patch-based TWR and

provides a quantitative analysis on the distribution of the whiten-

ing face. Section 4 introduces a self-paced learning model and

shows a self-learning framework for face clustering. Section 5 dis-

plays and analyzes experimental results on benchmark face

databases. Section 6 concludes this paper and points out the fu-

ture work. 

2. Preliminaries 

2.1. Definitions and notations 

Throughout this paper, matrices and vectors are denoted as

boldface uppercase and lowercase letters, respectively. For a ma-

trix X ∈ R 

p×n , its i th row and j th column are denoted by x i and x j ,

respectively, and x i 
j 

is its one entry at the i th row and j th column. 
.2. Two-dimensional whitening reconstruction 

TWR [24] mainly consists of two stages: (i) a whitening pro-

ess on a 2D face image matrix; (ii) 2D face image matrix recon-

truction. Given a 2D face image X ∈ R 

p×n , where p and n de-

ote the image height and width, respectively, TWR first calcu-

ates the mean vector x̄ = 

1 
p 

∑ p 
i =1 

x i and then subtracts it from X

o obtain a matrix X v . Next, X v is decomposed by using singular

alue decomposition (SVD) to obtain X v = UDV 

T , where U 

T U = I p
nd V 

T V = I n . Finally, the whitening face is achieved by ˜ X = U (: ,

 : m ) V (: , 1 : m ) T , where m ≤ min ( p, n ). The detailed procedure of

WR is shown in Algorithm 1 . Note that the whitening face ˜ X dis-

lgorithm 1 TWR [24] . 

nput: An image matrix X = 

[
x 1 ; x 2 ; · · · ; x p 

]
∈ R 

p×n , the rank m . 

. Calculate the mean vector x̄ = 

1 
p 

∑ p 
i =1 

x i , 

. Calculate the matrix X v = 

[
x 1 − x̄ ; x 2 − x̄ ; · · · ; x p − x̄ 

]
; 

. Calculate the SVD of X v = UDV 

T ; 

. Calculate the matrix ˜ X v = 

√ 

n U (: , 1 : m ) V (: , 1 : m ) T . 

utput: Reconstructed matrix ˜ X v ∈ R 

p×n . 

ards the coefficient 
√ 

n because all images in one set usually have

he identical image size. Through SVD and removing eigenvalues,

WR can reduce the pixel redundancy of the internal face image

nd meanwhile preserve the significant global intrinsic features. 

.3. Self-paced Curriculum Learning 

CL [28] illustrates that learning knowledge from samples in

n organized and meaningful order often performs better than

sing randomly selected samples, while it keeps the curriculum

predetermined by prior knowledge) fixed and does not consider

he feedback about learners. SPL [35] can dynamically learn the

urriculum, but it does not incorporate prior knowledge into the

earning process and the learning is completely dominated by the

raining loss. In order to dynamically determine the curriculum

nd meanwhile take into account the prior knowledge before train-

ng and the information learned during training, we briefly intro-

uce SPCL in the following. 

Given training data Z ∈ R 

d×N , where d and N are the number

f dimensions and samples, respectively, y ∈ R 

N denotes their cor-

esponding label vector. SPCL [30] proposes a formulation as fol-

ows: 

min 

 , v ∈ [ 0 , 1 ] N 
E(w , v ;λ, �) 

= 

N ∑ 

i =1 

v i L (y i , g(z i , w )) + f (v ;λ) , 

s.t. v ∈ �. (1)
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n Eq. (1) , g ( z i , w ) represents the estimated label of the sample z i ,

 ( y i , g ( z i , w ) is a loss function that calculates the cost between the

rue label y i and the estimated label g ( z i , w ). w denotes model pa-

ameters inside the decision function g . For example, with a simple

east square model, L (y i , g(z i , w )) = ‖ y i − z i w ‖ 2 2 , where w ∈ R 

d is a

olumn vector and g(z i , w ) = z T 
i 

w is a decision function. 

f ( v ; λ) is the self-paced function, in which v = [ v 1 , v 2 , · · · , v N ]
re weight variables reflecting the significance of each sample and

is a parameter to control the learning pace through changing the

alue of v . To set f ( v ; λ), one popular scheme first introduced in

35] is: f (v ;λ) = −λ‖ v ‖ 1 = −λ
∑ N 

i =1 v i , where v ∈ {0, 1} N . 

� denotes a feasible region encoded by the predetermined cur-

iculum, which is determined by the prior knowledge before train-

ng. In [30] , � is defined as: 

efinition 1. Given a curriculum γ on training data Z , a ∈ R 

N is a

olumn vector and c is a constant, � = 

{
v | a T v < c 

}
is a feasible re-

ion of γ when it holds: 1) �∧ v ∈ [0, 1] n is nonempty; 2) a i < a j for

( z i ) < γ ( z j ), a i = a j for γ (z i ) = γ (z j ) . 

To solve the problem in Eq. (1) , SPCL employs the same iter-

tion strategy as SPL that divides the optimization problem into

wo subproblems: w -subproblem and v -subproblem. Firstly, fixing

 and updating w ; secondly, fixing w and updating v . In SPL, with v

xed, it adopts a latent structural SVM (latent SSVM) [39] to learn

odel parameters w ; with w fixed and f (v ;λ) = −λ
∑ N 

i =1 v i , it up-

ates v by: 

 

∗ = 

{
1 L (y i , g(z i , w )) < λ, 

0 otherwise, 
(2) 

here g ( z i , w ) is the decision function of the latent SSVM. 

. Patch-based two-dimensional whitening reconstruction and 

nalysis 

.1. Patch-based TWR 

TWR can reduce the global redundancy and preserve global in-

rinsic features of a holistic 2D face image matrix. However, local

ace features might perform better than global ones [1,25] . There-

ore, we present a patch-based T WR (PT WR) to reduce the redun-

ancy of local pixels and meanwhile preserve local intrinsic fea-

ures. 

Given an image X ∈ R 

p×n that can be divided into a set

f non-overlapped patches X = { X 1 ; X 2 ; · · · ; X q } , wher e X i ∈ R 

h ×w 

1 ≤ i ≤ q ) and pn = hwq . For each patch X i , we apply TWR to

 i and then obtain the reconstructed whitening patch 

˜ X i (Sim-

lar to [24] , the coefficient 
√ 

w is discarded), which can be

ombined to form the final reconstructed whitening face ˜ X =
˜ X 1 ; ˜ X 2 ; · · · ; ˜ X q 

}
. For clarity, we present the detailed procedure of

TWR in Algorithm 2 . Note that TWR can be viewed as one special

lgorithm 2 PTWR. 

nput: An image matrix X ∈ R 

p×n , path size h × w , 

he patch rank r. 

. Dividing an image into a set of non-overlapped patches: 

 = { X 1 ; X 2 ; · · · ; X q } . 
. For i = 1 to q do 

˜ X i ← TWR( X i , r), 

end; 

. Reconstructed image: ˜ X = 

{
˜ X 1 ; ˜ X 2 ; · · · ; ˜ X q 

}
. 

utput: Reconstructed image matrix ˜ X ∈ R 

p×n . 

ase of PTWR, because when h = p and w = n, PTWR degenerates

nto TWR. Since PTWR reduces the redundancy of local pixels and
reserves local intrinsic features of a 2D face image, in this pa-

er we name the face image processed by PTWR as local whiten-

ng face. Based on [24] , using TWR to process each patch requires

(min (h 2 w, hw 

2 )) operations. Thus, the time complexity of PTWR

s O(min (hpn, wpn )) , where pn = hwq . 

To better illustrate the effect of PTWR on face representation,

e present local whitening faces and their reconstructions using

rinciple component analysis (PCA) in Fig. 2 . We can see that lo-

al whitening faces have more white points, which represent large

ixel values, than whitening faces, because they emphasize local

exture information and preserve local significant intrinsic features.

.2. Projection for separation 

To illustrate the performance of PTWR on linear projection, we

elect three human faces with lighting variability from the Ex-

ended Yale-B database [40] . Fig. 3 shows an example of original,

hitening and local whitening faces using PCA and PCA II [41] to

roject them into a 2D plane (Note that to show the superior per-

ormance of PTWR, Fig. 3 adopts images from the three individuals

ith labels 22, 32 and 34 rather than 7, 23 and 33, on which local

hitening faces are also separable). Here, PCA is to keep the two

argest eigenvalues of the data matrix to preserve the maximum

ariance among data points, while PCA II is to reduce the redun-

ancy among data points by setting the two largest eigenvalues

o be ones. As we can see, local whitening faces are more sepa-

able in a 2D space than original and whitening faces. This might

ely on two major reasons. First, PTWR reduces local face redun-

ancy, emphasizes local texture information and preserves the lo-

al significant intrinsic features, different with TWR that preserves

he global rough profile and texture information of original faces

please refer to Fig. 2 ). Second, the distribution of local whiten-

ng faces can also be viewed as an approximative Gaussian (please

efer to Fig. 4 ), with a larger variance than TWR ( rq 
hw 

≥ m 

pn ). The de-

ailed distribution of global and local whitening faces is analyzed

n Section 3.3 . 

.3. Distribution analysis 

Since we have observed that the distribution of global and lo-

al faces is approximate to Gaussian, in this subsection, we pro-

ide the quantitative analysis of the distribution. For simplicity, we

emporarily drop the subscript of the whitening image patch and

epresent it as ˜ X in this subsection. Given a whitening face image
˜ 
 that contains pn pixels, assume that these pixels are pn statisti-

ally independent samples of a random variable R . To calculate the

ean and variance of R , we provide two theorems as follows. 

heorem 1. For any column vector u ∈ R 

p and v ∈ R 

n , if u 

T u = 1

nd v T v = 1 , assume that uv T ∈ R 

p×n contains pn statistically inde-

endent samples of a random variable R , then its mean is E(R ) = 

ab 
pn 

nd the variance is D (R ) = 

1 
pn − a 2 b 2 

p 2 n 2 
, where a = 1 T p u , b = 1 T n v , and

 p ∈ R 

p as well as 1 n ∈ R 

n is a column vector with all elements being

nes. 

roof. First, calculating the mean with the following equation: 

(R ) = 

1 

pn 

p ∑ 

i =1 

n ∑ 

j=1 

u i v j 

= 

1 

pn 

1 

T 
p uv T 1 n = 

1 

pn 

(1 

T 
p u )(v T 1 n ) = 

ab 

pn 

. (3) 

ext, we calculate the variance of R . According to the defini-

ion of the variance, we can get D (R ) = E(R 

2 ) − (E (R )) 2 . E (R 

2 ) =
1 
pn 

∑ p 
i =1 

(u 2 
i 

∑ n 
j=1 v 2 j ) = 

1 
pn 

∑ p 
i =1 

u 2 
i 

= 

1 
pn , due to E(R ) = 

ab 
pn , D (R ) =

1 
pn − a 2 b 2 

p 2 n 2 
. �
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Fig. 2. Face representation with different preprocessing methods. (a)-(b) Original faces and their reconstructions by PCA, (c)-(d) whitening faces and their reconstructions 

by PCA, (e)-(f) local whitening faces and their reconstructions by PCA. (Original faces are from the Extended Yale-B database, and white points with large pixel values are 

emphasized texture information of each face.). 

Fig. 3. A comparison of original faces, whitening faces and local whitening faces using PCA and PCA II for a three-class problem (The original faces are from three individuals 

with labels 22, 32 and 34 in the Extended Yale-B database). (a)-(b) PCA and PCA II with original faces, (c)-(d) PCA and PCA II with whitening faces, (e)-(f) PCA and PCA II 

with local whitening faces. 
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Fig. 4. Pixel value distributions of local whitening face. From left to right, the first row: Original face from the Extended Yale-B database, its global and local whitening face, 

respectively; the second row are their corresponding distributions. 
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It is worth noting that in Theorem 1 , we suppose the

ean of R to be known when calculating the variance. If the

ean is unknown, the variance D (R ) = 

1 
pn −1 − a 2 b 2 

pn (pn −1) 
. Addi-

ionally, a ≤ √ 

p , because, (u 1 + u 2 + · · · + u p ) 
2 ≤ p(u 2 1 + u 2 2 + · · · +

 

2 
p ) ⇒ | u 1 + u 2 + · · · + u p | ≤ √ 

p . Similarly, we can attain b ≤ √ 

n . 

heorem 2. For two orthogonal matrices ˜ U ∈ R 

p×m and ˜ V ∈ R 

n ×m ,

˜ 
 

T ˜ U = I m 

and ˜ V 

T ˜ V = I m 

, assume that ˜ u i ̃  v T 
i 

∈ R 

p×n contains pn statis-

ically independent samples of a random variable R i , and R = 

∑ m 

i =1 R i .

hen E(R ) = 

∑ m 
i =1 a i b i 

pn and D (R ) = 

m 

pn −
( 
∑ m 

i =1 a i b i ) 
2 

p 2 n 2 
, where a i = 1 T p ̃  u i 

nd b i = 1 T n ̃  v i . 

roof. The mean of R is equivalent to: 

(R ) = E 

( 

m ∑ 

i =1 

R i 

) 

= 

m ∑ 

i =1 

E(R i ) = 

∑ m 

i =1 a i b i 
pn 

. (4)

he variance of R can be obtained by: 

 (R ) = D 

( 

m ∑ 

i =1 

R i 

) 

= 

m ∑ 

i =1 

D (R i ) 

= 

m ∑ 

i =1 

E(R 

2 
i ) − (E(R i )) 

2 

= 

m 

pn 

−
∑ m 

i =1 (a i b i ) 
2 

p 2 n 

2 
. (5) 

here the second equality is based on E(R i R j ) = 0 ( i � = j ), because

˜ 
 i and 

˜ u j , ˜ v i and 

˜ v j are orthogonal, respectively. The third equality

s on the basis of Theorem 1 . �

In Theorem 2 , when a i → 0 or b i → 0 (1 ≤ i ≤ m ), we have

 ( R ) → 0 and D (R ) → 

m 

pn . For each whitening face in [24] , if

ank ( ̃  X ) = m, we can get U = X v V (: , 1 : m )(D (1 : m, 1 : m )) −1 . Be-

ause 1 T p X v = 0 , 1 T p u i (1 ≤ i ≤ m ) would be 0 and then E(R ) = 0 and

 (R ) = 

m 

pn . In practice, although rank ( X v ) might be smaller than m ,

t is very close to m . Thus 1 T p u i → 0 (1 ≤ i ≤ m ). As a result, the dis-

ribution of each whitening face is approximate to N (0 , m 

pn ) . 
Since each patch in PTWR is obtained by TWR, the distribution

f each whitening patch 

˜ X i (1 ≤ i ≤ q ) is close to N (0 , r 
hw 

) , where

 ≤ min ( h, w ) is the rank of the whitening patch. Assume that ˜ X i 

ontains hw statistically independent samples of a random variable

 i . ˜ X = 

⋃ q 
i =1 

˜ X i , E(R ) = 

1 
q 

∑ q 
i =1 

R i and D (R ) = 

∑ q 
i =1 

D (R i ) when R 1 ,

 2 , ���, R q are mutually independent. Hence the distribution of lo-

al whitening face is approximate to N (0 , rq 
hw 

) , where q = 

pn 
hw 

. 

. Self-learning for face clustering 

After obtaining the preprocessed face images, it is necessary to

xtract significant and useful knowledge to recognize faces. SPCL

30] suggests that (i) using the prior knowledge and the learn-

ng scheme of “from easy to complex” in training can significantly

mprove the prediction performance. Meanwhile, we also observe

hat (ii) in real world the prior knowledge of humans might change

ith increasing learned knowledge (The prior views of human of-

en change because of important scientific discoveries [36,37] ), and

iii) more prior knowledge usually produces better prediction re-

ults. Motivated by these observations, we propose a novel self-

aced learning framework without any label information. Its de-

ailed procedure is shown in Algorithm 3 , namely unsupervised

elf-paced learning (USL). Specifically, the optimization model of

he proposed framework is: 

min 

 

t , v t ∈ { 0 , 1 } N 
E(W , v ; C ) 

= 

N ∑ 

i =1 

v t i min 

1 ≤k ≤K 
L (c t k , g(z i , W 

t )) − λ
N ∑ 

i =1 

v t i , (6a) 

 

t+1 = c(C 

t , Z , W 

t )) , (6b)

 

t+1 = s (C 

t+1 , Z , W 

t ) , (6c)

 

t+1 = h (Y 

t+1 ) , (6d)
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Algorithm 3 Unsupervised self-paced learning (USL). 

Input: Matrix Z , prior knowledge C 0 , stepsize μ, maximum 

number of iterations T . 

1. Initialize t = 0 , Y 0 = s (Z , C 0 ) and W 0 = h (Y 

0 ) ; 

2. while not converge or reach the maximum iterations 

3. Repeat 

4. v t∗ ← min 
v t 

E(W 

t∗, v t ; C 

t ) ; 

5. W 

t∗ ← min 
W 

t 
E(W 

t , v t∗; C 

t ) ; 

6. if λ is small then increases λ based on the stepsize μ. 

7. Until convergence ; 

8. C 

t+1 ← c(C 

t , Z , W 

t ) ; 

9. Y 

t+1 ← s (C 

t+1 , Z , W 

t ) ; 

10. W 

t+1 ← h (Y 

t+1 ) ; 

11. end while 

12. lb i ← min 
1 ≤k ≤K 

∥∥c ∗
k 

− z T 
i 

W 

∗∥∥2 

2 
, (1 ≤ i ≤ N) , where lb i is the 

prediction label of the sample z i . 

12. Output: Labels lb corresponding to Z . 
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where t denotes the t th loop iteration, Z ∈ R 

d×N represents the to-

tal training samples, v is a weight vector to determine whether the

data points are selected to learn the model parameter W ∈ R 

d×r 

( r < < d ), λ is an adjustable parameter to control the pace of se-

lecting samples, and C ∈ R 

r×K ( K is the number of groups (classes))

denotes the prior knowledge (Here, C represents the class or group

center), which determines the prior knowledge base Y ∈ R 

b×d . C

and Y are determined by functions c ( ·) and s ( ·), respectively. 

Eq. (6) a is similar to the objective function of Kumar et al.

[35] , and both of them are to learn from easy to complex sam-

ples. The function g ( ·) is to reduce the dimensionality of sam-

ples Z . We select g(z i , W )) = z T 
i 

W that is a decision function used

in fisherfaces [5] . The function min 1 ≤ k ≤ K L ( · ) is to calculate the

loss between one sample and its nearest group center. We adopt

L (c k , g(z i , W )) = 

∥∥c k − z T 
i 

W 

∥∥2 

2 
. The learning process of Eq. (6) a can

be divided into two main sub-steps: 

1) Fixing W 

t and updating v t : 

v t∗ = 

{
1 min 

1 ≤k ≤K 
L (c k , g(z i , w )) < λ, 

0 otherwise. 
(7)

Different with Eq. (2) just selecting confident samples, Eq. (7) not

only selects confident samples but also assigns labels to them. This

sub-step corresponds to step 4 in Algorithm 3 . Since λ is an ad-

justable parameter to determine the stepsize μ, in practice we ad-

just it to make each class add one sample for each update, i.e.

μ = 1 , in order to utilize balanced data to smoothly learn model

parameters W 

t . 

2) Fixing v t and updating W 

t : based on the selected confi-

dent samples and their labels, we learn the projection matrix W 

t 

by using the fisherfaces. This sub-step corresponds to step 5 in

Algorithm 3 . Empirically, we repeat these two steps until assign-

ing all samples labels. 

Eq. (6) b aims to change the prior knowledge C 

t based on

the learned model parameter W 

t . The function c ( ·) is to obtain

updated group centers C 

t+1 based on W 

t . In C 

t+1 = c(C 

t , Z , W 

t ) ,

c t+1 
k 

= 

1 
n k 

∑ n k 
i =1 

Z 

T 
k 

W 

t , where Z k represents the samples belonging

to k th class and it is obtained by using min 1 ≤k ≤K L (c t 
k 
, g(z i , W 

t )) =
min 1 ≤k ≤K 

∥∥c t 
k 

− z T 
i 

W 

t 
∥∥2 

2 
to select samples belonging to the k th class.

Eq. (6) b corresponds to Step 8 in Algorithm 3 . 

The goal of Eq. (6) c is to update and increase the prior

knowledge base Y 

t . s ( ·) is to select several nearest neigh-

bors of each group center from Z . s ( ·) contains two sub-

steps: 1) obtaining Z k by calculating min 1 ≤k ≤K L (c t+1 
k 

, g(z i , W 

t )) =
min 1 ≤k ≤K 

∥∥c t+1 
k 

− z T 
i 

W 

t 
∥∥2 

for each sample; 2) attaining Y 

t+1 
k 

, which

2 
enotes the samples belonging to the k th class in the prior knowl-

dge base, i.e. Y 

t+1 
k 

⊂ Y 

t+1 , by solving the following model: 

min 

 k ∈ { 0 , 1 } n k 

n k ∑ 

i =1 

v k 
∥∥c t+1 

k 
− z T ki W 

t 
∥∥2 

2 
, s.t. 

n k ∑ 

i =1 

v k = n 

s 
k , (8)

here z ki ⊂ Z k represents the i th sample belonging to the k th class,

nd n s 
k 

is the selected number of samples for the k th class. We

epeat above two sub-steps K times to attain the prior knowledge

ase Y 

t+1 . Eq. (6) c corresponds to Step 9 in Algorithm 3 . 

Eq. (6) d updates W 

t based on the updated prior knowledge

ase Y 

t+1 that contains selected samples and their assigned labels.

e set h ( ·) to be the objective function in fisherfaces, which can

tilize the labeled samples in Y 

t+1 to learn the projection matrix

 

t+1 . Eq. (6) d corresponds to Step 10 in Algorithm 3 . 

.1. Difference to related work 

We compare two most related work: SPCL [30] and joint un-

upervised learning (JULE) [42] . Different with SPCL using a fixed

rior knowledge, USL takes into account the changed prior knowl-

dge and a flexible prior knowledge base, and thus it is more suit-

ble for unsupervised learning problems. One major difference be-

ween JULE and USL is that USL trains samples in a meaningful or-

er instead of randomly selecting samples. In addition, JULE uses a

onvolution neural network (CNN) and a recurrent neural network

RNN) to learn image representations. However, CNN and RNN usu-

lly require sufficient training data to adjust many parameters to

btain good performance and they are more suitable for large-scale

atabases. 

Based on Algorithms 2 and 3 , we present a self-learning frame-

ork for face clustering in Algorithm 4 . Specifically, PTWR has a

lgorithm 4 Self-learning based face clustering (SLFC). 

nput: Face images X 

1 , X 

2 , · · · X 

N , number of classes K, stepsize μ,

aximum number of iterations T . 

. Calculate ˜ X 

i (1 ≤ i ≤ N) , where ˜ X 

i = PTWR ( X 

i ), 

. Calculate z i (1 ≤ i ≤ N) via reducing the dimensionality of

 ector( ̃  X 

i ) , 

. Calculate C 0 ← K-means ( Z , K) ; 

. Calculate lb ← USL ( Z , C 0 ;μ); 

utput: Labels lb corresponding to faces X 

i (1 ≤ i ≤ N) . 

unction similar to the retina of human eyes, which aims to reduce

he redundancy of face images. Then, to obtain the data matrix

 ∈ R 

d×N , we use PCA or PCA II [41] to reduce the dimensionality

f v ector( ̃  X 

i ) ∈ R 

pn (1 ≤ i ≤ N) , which represents the vector form

f the i th 2D sample ˜ X 

i ∈ R 

p×n . Next, the prior knowledge C 0 can

e achieved with K-means. Finally, a self-paced learning process

 Algorithm 3 ) is used to gradually recognize faces. 

.2. Time complexity analysis 

The time cost of Algorithm 4 is determined by four main

teps: PTWR (step 1), dimensionality reduction (step 2), K-means

step 3) and USL (step 4). The time complexity of PTWR is

in (O(hpn ) , O(wpn )) , where h and w are the height and width

f image patches, respectively, and p and n are the height and

idth of images, respectively. Hence step 1 to process N im-

ges with PTWR requires min (O(hpnN) , O(wpnN)) operations. In

tep 2, calculating z i (1 ≤ i ≤ N ) via a low-dimensional projection

atrix P ∈ R 

pn ×d requires O(dpnN) operations, while learning

he low-dimensional projection matrix by employing PCA or

CA II usually needs max (O (p 3 n 3 ) , O (Np 2 n 2 )) operations. Thus

he time complexity of step 2 is max (O(p 3 n 3 ) , O(Np 2 n 2 )) . In
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tep 3 the time complexity of K-means is O(NdKl) , where l

s the number of its iterations. The time cost of step 4 is de-

ermined by solving its four subproblems Eq. (6) a–d. The time

omplexity of Eq. (6) a is max (O(N 

2 d 2 ) , O(Nd 3 )) determined

y using the fisherfaces to learn model parameters W 

t . Both

q. (6) b and c spend at most O (Ndr ) operations. Eq. (6) d learns

odel parameters by employing the fisherfaces and the prior

nowledge base costs max (O (d 3 ) , O (bd 2 )) operations. Thus,

he time complexity of step 4 is max (O(T N 

2 d 2 ) , O(T Nd 3 )) .

herefore, the total time complexity of Algorithm 4 is

ax (O(p 3 n 3 ) , O(Np 2 n 2 ) , O(T N 

2 d 2 ) , O(T Nd 3 )) . 

. Experimental results and analysis 

In our experiments, we evaluate the proposed framework

LFC on three benchmark databases: Extended Yale-B [40] and

R [43] databases in controlled environments as well as

FW [44] database in uncontrolled environments. The selected

atabases are described as follows: 

Extended Yale-B database [40] consists of 16,128 face images

f 38 human subjects under 9 poses and 64 illumination condi-

ions. We select 2414 face images with frontal pose under different

llumination conditions. Each face image is cropped and resized to

2 × 32 pixels. 

AR database [45] contains over 40 0 0 color images of 126 hu-

an subjects (70 men and 56 women) under different facial ex-

ressions, illumination conditions and occlusions. We choose 3120

ace images of 120 individuals (70 men and 50 women), and crop

nd resize each face image to 50 × 40 pixels in our experiment. 

LFW database [44] consists of face images of 5749 human sub-

ects in unconstrained environments. We select a subset consti-

uted by 30 individuals, and each of them has over 20 images but

o more than 30 images. All face images are aligned by a deep

earning method [46] and then cropped and resized to 40 × 40 pix-

ls. 

.1. Experimental setting 

We compare local whitening faces produced by PTWR against

he global whitening face generated by TWR. PCA and PCA II

41] are used to reduce their dimensionality. To evaluate the per-

ormance of clustering, we use the semantic label as ground truth,

nd adopt the same definition of clustering accuracy as [24] : 

luster accuracy = 

number of correct classi f ied images 

number of total images 
. (9) 

hen we add an unsupervised self-learning process ( Algorithm 3 )

nto the global or local whitening face. To better demonstrate

he strength of the proposed framework, we show the compara-

ive performance of eight state-of-the-art methods: K-means (KM),

CA, PCA II, low-rank representation (LRR) [47] , sparse subspace

lustering (SSC) [48] , thresholding ridge regression (TRR) [49] ,

MP + SSC [50] , A � 0 -SSC [51] , on original faces. Additionally, we

lso show the clustering accuracy of SSC and TRR with adding the

reprocessing procedure T WR and PT WR. 

On Extended Yale-B, AR and LFW databases, we randomly select

 = [ 10 , 20 , 30 , 38 ] , K = [ 20 , 40 , 80 , 120 ] and K = [ 5 , 10 , 20 , 30 ] in-

ividuals for clustering, respectively. We empirically set the patch

ize to be 4 × 4, 5 × 4 and 4 × 4 for PTWR on Extended Yale-B, AR

nd LFW databases, respectively and r = 4 on all three databases.

ote that when setting patch size, patches with the same scale

s original faces can empirically achieve the best or sub-best per-

ormance. Additionally, the patch size should be larger than 2 × 2,

hich is too small to capture structural information of faces. For

CA and PCA II on the original, global or local whitening faces, we

tilize them to reduce the number of dimensions of each image
ector to 2 K , on which PCA and PCA II can achieve their best or

ub-best performance. For the maximum number of iterations in

SL, we set it to be 15, 10, and 5 on Extended Yale-B, AR and LFW

atabases, respectively. Additionally, we set μ = 1 in our experi-

ents in order to learn model parameters smoothly. For fair com-

arison, K-means is ran 10 times for the same samples. We repeat

bove processes 10 times and calculate the average clustering ac-

uracy. 

.2. Experimental results 

Table 1 presents the clustering accuracy of different al-

orithms on Extended Yale-B, AR and LFW databases. These

lgorithms are divided into four groups: (1) KM, PCA, PCA

I, LRR, SSC, TRR, OMP + SSC and A � 0 -SSC; (2) TWR + SSC,

 WR + TRR, PT WR + SSC and PT WR + TRR; (3) T WR + PCA, T WR + PCA

I, PTWR + PCA and PTWR + PCA II; (4) TWR + PCA + USL, TWR + PCA

I + USL, PTWR + PCA + USL and PTWR + PCA II + USL. We bold the best

ccuracy of each group. 

On the Extended Yale-B database, PTWR can greatly improve

he performance of SSC, TRR, PCA and PCA II, and it exhibits sig-

ificantly superior performance to TWR except the case that TWR

nd PTWR add USL at k = 10 , e.g. the average clustering accu-

acy of PTWR + PCA and PTWR + PCA II is 28.5% and 16.2% higher

han T WR + PCA and T WR + PCA II, respectively. Moreover, USL

an further improve the accuracy of PTWR + PCA and PTWR + PCA

I. Specifically, PTWR + PCA + USL and PTWR + PCA II + USL obtain

8.9% and 19.8% higher average accuracy than PTWR + PCA and

TWR + PCA II, respectively. Compared to the algorithms KM, PCA,

CA II, LRR, SSC, TRR, OMP + SSC and A � 0 -SSC, PTWR + PCA + USL

nd PTWR + PCA II + USL also show better performance, i.e. the

ain in average accuracy of PTWR + PCA + USL is 9.1% over the best

ompetitor TRR. Additionally, compared to TWR + SSC, TWR + TRR,

T WR + SSC and PT WR + TRR, PT WR + PCA + USL and PT WR + PCA

I + USL have slightly higher average accuracy than the best com-

etitor PTWR + SSC. 

On the AR database, both TWR and PTWR can improve the ac-

uracy of PCA and SSC, while they cannot always boost the ac-

uracy of TRR and PCA II. Additionally, the average performance

f TWR and PTWR is similar (within 1.5%) on SSC, TRR, PCA

nd PCA II. However, with adding USL, PTWR shows slightly bet-

er accuracy than TWR. For example, PTWR + PCA + USL attains

.1% higher average accuracy than TWR + PCA + USL. Furthermore,

ith USL, the clustering accuracy of all TWR + PCA, TWR + PCA

I, PTWR + PCA and PTWR + PCA II are significantly improved, e.g.

he gain of PTWR + PCA + USL ranges from 19.6% to 42.6% over

TWR + PCA. Compared to the algorithms KM, PCA, PCAII, LRR, SSC,

RR, OMP + SSC, A � 0 -SSC, TWR + SSC, TWR + TRR, PTWR + SCC and

T WR + TRR, PT WR + PCA + USL achieves better average clustering

ccuracy (75.2%). 

On the LFW database, both TWR and PTWR can significantly

mprove the performance of PCA, PCA II, SSC and TRR. For ex-

mple, the gain in accuracy of PTWR + TRR ranges from 43.8% to

1.0% over TRR. Additionally, PTWR shows superior performance to

WR except on PCA and PCA II at K = 5 . USL can further improve

he clustering accuracy of TWR + PCA, TWR + PCA II, PTWR + PCA and

TWR + PCA II in most of cases. Among all algorithms, PTWR + TRR

nd PTWR + PCA + USL achieve very similar average clustering accu-

acy and outperform the other algorithms. 

Based on experimental results on the three databases, we can

bserve that (i) Both PTWR and USL are effective and efficient on

ace images under illumination changes; (ii) PTWR and TWR obtain

imilar accuracy in many cases when faces images under different

acial expressions, illumination conditions and occlusions, probably

ecause some occluded patches without containing discriminative

nformation are enhanced by PTWR. However, USL are still effec-
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Table 1 

Clustering results on three benchmark databases (PCA means PCA + K-means, similar for the other unsupervised algorithms except TWR + PCA + USL, 

TWR + PCA II + USL, PTWR + PCA + USL and PTWR + PCA II + USL). 

Method Extended Yale-B AR LFW 

10 20 30 38 Avg 20 40 80 120 Avg 5 10 20 30 Avg 

KM 16.2 11.2 9.9 9.9 11.8 46.0 39.7 31.3 26.2 35.8 40.4 29.4 20.8 17.3 27.0 

PCA 12.4 8.6 7.4 6.6 8.8 48.2 39.4 33.4 30.2 37.8 43.0 25.5 19.2 18.2 26.5 

PCA II 27.4 25.5 25.7 24.3 25.7 66.8 60.3 53.4 48.9 57.4 41.3 28.4 23.1 20.8 28.4 

LRR 88.3 79.7 72.2 69.4 77.4 37.7 29.4 24.7 24.8 29.2 24.4 13.9 12.2 10.0 15.1 

SSC 89.5 77.6 75.4 73.9 79.1 71.3 64.9 61.9 60.7 64.7 52.9 36.5 31.8 31.4 38.2 

TRR 96.1 88.8 86.0 85.3 89.1 78.1 74.2 69.1 66.2 71.9 46.7 34.4 31.0 27.6 34.9 

OMP + SSC 82.8 80.1 82.0 81.2 81.5 69.0 49.5 49.9 45.6 53.5 49.5 31.9 25.7 22.6 32.4 

A � 0 -SSC 72.4 88.9 83.8 82.9 82.0 65.8 47.9 53.6 49.9 54.3 48.3 28.0 27.0 23.5 31.7 

TWR + SSC 80.9 68.8 59.6 59.8 67.3 75.3 74.4 69.3 68.6 71.9 71.8 53.9 43.8 34.8 51.1 

TWR + TRR 90.8 98.5 95.0 89.9 93.6 78.2 75.8 69.1 65.7 72.2 67.4 50.9 43.4 35.6 49.3 

PTWR + SSC 99.4 98.5 93.7 94.8 96.6 81.1 74.3 65.6 63.3 71.1 73.3 56.0 46.5 38.0 53.4 

PTWR + TRR 95.9 99.6 94.6 93.0 95.8 78.8 74.4 66.2 63.5 70.7 70.1 55.2 49.9 39.7 53.7 

TWR + PCA 52.6 50.0 48.5 48.2 49.8 63.6 57.6 55.2 53.3 57.4 73.2 46.1 36.1 27.7 45.8 

TWR + PCAII 59.4 59.1 61.0 63.9 60.9 59.3 56.9 56.0 54.2 56.6 70.9 45.7 35.6 26.8 44.8 

PTWR + PCA 85.3 80.1 77.0 70.9 78.3 71.4 60.1 53.9 48.4 58.5 51.9 50.9 41.1 34.7 42.2 

PTWR + PCAII 77.0 74.6 79.8 77.0 77.1 58.9 56.8 56.0 53.8 56.4 52.0 51.2 39.6 31.9 43.7 

TWR + PCA + USL 95.1 96.1 90.9 87.6 92.4 76.6 73.0 67.3 67.6 71.1 72.4 58.6 39.7 33.9 51.2 

TWR + PCAII + USL 94.3 92.6 86.7 85.8 89.9 74.6 72.4 65.0 62.5 68.6 70.6 56.0 40.5 33.1 50.1 

PTWR + PCA + USL 93.8 97.6 98.7 98.6 97.2 85.4 78.5 68.1 69.0 75.2 69.0 60.0 46.5 40.2 53.9 

PTWR + PCAII + USL 92.8 97.7 98.3 98.6 96.9 82.0 74.5 64.4 63.5 71.1 66.7 56.3 47.4 38.3 52.1 

Fig. 5. Influence of three major factors on clustering accuracy. (a) The process ‘learning from easy to complex’ ( Eq. (6) a); (b) The changeable C ( Eq. (6) b); (c) Flexible Y in 

Eq. (6) c. (Here, we adopt the method PTWR + PCA + USL and select face images from the Extended Yale-B database to test the three major factors.) 
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tive when face images are under various facial expressions, illumi-

nation conditions and occlusions; (iii) When face images are in un-

constraint environments, PTWR exhibits promising performance on

PCA, PCA II, SSC and TRR. USL can further improve the clustering

accuracy of TWR + PCA, TWR + PCA II, PTWR + PCA and PTWR + PCA

II in most of cases. 

5.2.1. Influence of three major factors on accuracy 

In this subsection, we show the influence of the process ‘learn-

ing from easy to complex’ ( Eq. (6) a), the changeable prior knowl-

edge C ( Eq. (6) b), the different size of prior knowledge base Y in

Eq. (6) c, on clustering accuracy. 

In Fig 5 , the method PTWR + PCA + USL is used and 2414 face

images of 38 individuals are selected from the Extended Yale-B

face database. When the number of iterations is 0, the accuracy in

Fig 5 a–c is equivalent to that of PTWR + PCA + KM; When the num-

ber of iterations is equal to 6, Y contains 6 samples of each class in

Fig 5 a–c, while it has 5 samples of each class as Y is fixed in Fig 5 c.

With the increasing of iterations, the sample number of each class

contained in Y is equivalent to the number of iterations, while the

size of Y in ‘Fixed Y ’ shown in Fig 5 c is unchanged. 

Fig 5 a shows that when removing the process Eq. (6) a but

preserving Eq. (6) b–d, the clustering accuracy will be greatly de-

creased. It illustrates the significance of the process to learn from

easy to complex samples. Fig 5 b, removing Eq. (6) b but preserving

Eq. (6) a, c and d, displays the effectiveness of the changeable prior

knowledge C . When the size of Y is fixed, Fig 5 c presents that the

increasing size of Y can boost the clustering accuracy. Note that in
ig 5 c, Eq. (6) c is not removed but the size of Y is unchanged for

Fixed Y ’. For the algorithms TWR + PCA + USL, TWR + PCA II + USL

nd PTWR + PCA II + USL, and on different databases, similar find-

ngs can be observed. 

.2.2. Accuracy versus dimensions 

Fig 6 shows the accuracy of PCA, PCA II, TWR + PCA, TWR + PCA

I, PTWR + PCA, PTWR + PCA II, TWR + PCA + USL, TWR + PCA II + USL,

T WR + PCA + USL and PT WR + PCA II + USL on three kinds of faces

original, whitening and local whitening) from three databases

ith respect to different number of dimensions. As we can see,

ost of algorithms can attain stable performance within 2 K di-

ensions. This is the reason for that we reduce the number of di-

ensions of each image vector to 2 K in Table 1 . Additionally, both

 WR and PT WR can significantly boost the performance of PCA

nd PCA II on Extended Yale-B, AR and LFW databases, and PTWR

as superior performance to TWR in most of cases, especially

n Extended Yale-B and LFW databases. Moreover, TWR + PCA,

 WR + PCA II, PT WR + PCA, PT WR + PCA II with introducing USL can

chieve better performance than those without USL in most cases. 

.2.3. Accuracy versus stepsize 

To show the influence of stepsize μ on USL, we display the ac-

uracy of TWR + PCA + USL, TWR + PCA II + USL, PTWR + PCA + USL and

TWR + PCA II + USL on face images for the three databases with re-

pect to different μ in Fig 7 . We set the maximum number of iter-

tions in USL to be 15, 10, and 5 on Extended Yale-B, AR and LFW

atabases, respectively, and repeat the algorithms 10 times to cal-
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Fig. 6. Accuracy vs. dimensions reduced by using PCA and PCA II on face images from three databases. (a) Extended Yale-B, (b) AR, (c) LFW. 

Fig. 7. Accuracy vs. stepsize on face images for three databases. (a) Extended Yale-B, (b) AR, (c) LFW. 
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ulate the average accuracy. Fig 7 illustrates that USL can attain the

est or sub-best accuracy when μ = 1 . Probably because a smaller

tep makes the learning process more smooth. 

. Conclusion 

In this paper, we present a self-learning framework without us-

ng any label information for face clustering. The proposed frame-

ork contains two major steps. First, to simulate the function of

he retina of human eyes to reduce the local redundancy of face

mages and meanwhile preserve local intrinsic significant features,

e present a PTWR to obtain local whitening faces, whose dis-

ribution has been theoretically analyzed. Then, to simulate the

earning way of human to group the faces with semantic similar-

ty, we design and develop a SPL model based on learning knowl-

dge from easy to complex samples, changeable prior knowledge

nd the enlarged prior knowledge base. Extensive experiments on

hree benchmark face databases demonstrate the effectiveness and

fficiency of the proposed framework. Since deep learning can au-

omatically extract powerful image features, in the future, we will

ake advantage of both deep learning methods and our SPL model

o further improve face recognition without supervision informa-

ion. 
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