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Abstract— Inspired by the studies in psychology and neuro-
science, we propose a computational model of cognitive face 
representation that mimics the mechanism of human face 
perception. We propose to learn two separate manifolds for 
facial identity and facial expression. A new t-SNE algorithm is 
designed to find a way to achieve the learning purpose and a 
spectral regression algorithm is implemented accordingly to 
learn the cognitive manifolds of neutral and smiling faces from 
real face images. The association between the two manifolds is 
established by a weighted k-NN fusion algorithm. An iterative 
linear algorithm is derived to refine the association between 
the two manifolds. We evaluate our model on two large 
datasets containing real-world images of neutral and wide 
smiling faces. The experimental results show both the accuracy 
of the cognitive manifold representation and the superiority 
over Eigenfaces and Fisherfaces on the tough task of matching 
a wide smiling face to a neutral face of an   individual. 
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I.  INTRODUCTION 
Face perception is perhaps the most developed visual 

perception capacity in human and plays a critical role in 
daily life. Understanding the functional organization of facial 
information processing in human neural system has been a 
fundamental problem in neuropsychology, neurophysiology, 
and neuroscience for decades [1]. One fundamental problem 
for building models of human-like face perception is how to 
represent face information. In psychophysical studies, ‘face 
space’ is an important concept for understanding how we 
recognize faces [2]. Face space assumes that faces are 
represented within a multidimensional feature space and the 
similarity between two faces is measured by the Euclidean 
distance. Two main versions of face space are exemplar-
based models and norm-based models [3]. Exemplar-based 
models assume that faces are represented by their similarity   
to exemplars of previously experienced faces [4], while 
norm- based models assume that faces are represented with 
respect to their deviation from an average face, or norm [5]. 
Face space has offered a useful framework to investigate and 
explain many key phenomena associated with face 
recognition (FR), such as the effects of distinctiveness, 
caricature, race, and categorization. However, these models 
are evaluated on simulations in laboratory experiments [6]. 

In computer vision, face images are high-dimensional 
pixel arrays, i.e. face appearance representation. We usually 
represent a face image of m×n pixels as a mn-dimensional 
vector, or mn-dim face space. However, in practice, these 
mn-dim  face  space  are  too  large  to  allow  robust  and 

fast computations for FR. In addition, it is believed that the 
high-dimensional face images belong to a manifold of 
intrinsically low-dimensional representation [7]. Hence, it is 
common to project the face space into a low-dimensional 
subspace. The most popular methods of dimensionality 
reduction techniques used for FR are Principal Component 
Analysis (PCA) or Eigenfaces and Linear Discriminant 
Analysis (LDA) or Fisherfaces. Later, manifold learning 
(ML) approaches are also applied to learn effective low-
dimensional face subspace, named Laplacianfaces [8], [9]. 
Existing ML approaches target at preserving local structures 
of face space or image spatial space for FR [10], [8], [9]. 

Figure 1.  Illustration of the proposed method. The left picture shows the 
distribution of faces in observation space; the middle picture indicates that 
existing subspace approaches target at learning manifolds for each 
individual that represent variations of pose, expression, and lighting; and 
the right picture indicates that our method targets at learning two separate 
manifolds for identity and expression as well as the association between 
them according to studies in psychology and neuroscience. 

Existing work focuses on constructing the manifold of 
faces for the variations of single individual [8], [10], such as 
the rotation of head from the left to the right as shown in 
Fig.1. In this paper, inspired by the recent findings in human 
neuroscience [11], we propose a computational model of 
cognitive face representation. We construct the separate 
manifolds of facial identity and emotional expression using 
manifold learning and build a refined association between 
them for individuals by an iterative linear algorithm, as 
illustrated in Fig. 1. In our method, the distance between face 
samples for manifold learning is not simply defined on 
Euclidean distance in observation space, rather a conditional 
probability of their similarity on categorization and local 
structure. Through the interactive processing between the 
two manifolds, it is possible to achieve super capacity of 
facial identity and expression perception. 

II. THE APPROACH 
Our goal is to learn the cognitive manifolds of facial 

identity and facial expression as well as their association. We 
learn the manifold of facial identity from neutral faces and 



        

the facial expression manifold from wide smiling faces. 
Firstly, we employ t-SNE algorithm to investigate the face 
distributions in observation space, and design a modified t-
SNE algorithm to find a way to learn the cognitive manifolds 
of faces. Secondly, we implement a spectral regression (SR) 
algorithm to learn the cognitive manifolds accordingly. We 
also propose an iterative algorithm to refine the association 
between the manifolds of face representations if more data is 
available. 

A. t-SNE Model for Learning Algorithm Design 
Let { }N

iiIT 1==  be a training set of faces. In T, for an 
individual k, suppose there are one neutral face image and 
one wide smiling face image, respectively. The difference 
between neutral and wide smiling faces of each individual 
is very large due to extreme non-rigid deformation. The 
face images in T are normalized as 130×150 pixels. Each 
normalized face image I is reduced to a vector x of low 
dimensions using PCA with 95% of feature preservation 
[9]. In practice, PCA does not change the distributions of 
data but provide a compact way for representation in a 
low-dimensional space if the preservation rate is close to 
100%. We first employ t-SNE (t-Distributed Stochastic 
Neighbor Embedding) algorithm to examine the face 
distributions in the observation space. t-SNE is a 
technique to visualize high-dimensional data in low-
dimensional manifolds [12] based on the local Euclidean 
distance between data points. 

Let { }N
ii 1=x  be the face images represented in PCA 

projected observation space, and their maps in two-
dimensional space are { }N

iiy 1=  that can be displayed in a 
scatterplot. The pairwise similarity between two face 
samples xi and xj in the high-dimensional space and the 
low-dimensional map on t-distribution with one degree of 
freedom are defined as 
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By minimizing the sum of Kullback-Leibler divergences 
between the joint probabilities pij and qij, one can obtain a 
low-dimensional manifold of the high-dimensional dataset 
for visualization. For dataset of CK+ [13] containing 92 
individuals with one neutral face and one smiling face for 
each person, the visualized manifold of two-dimensional 
subspace learned by t-SNE is displayed in Fig. 2 (a), where 
the red dots indicate neutral faces and cyan dots indicate 
smiling faces. It can be seen that the data points spread 
widely and the neutral and smiling faces are crowded 
together. By preserving local neighbor structure alone as 
done by existing manifold approaches for FR, one might not 
be able to obtain the expected cognitive manifolds of faces. 

The psychological and neuroscience studies suggest that 
the facial identity and facial expression may be encoded as 
separated manifolds in human face-perception system [14]. 
Motivated by this observation, we design a modified t-SNE 
algorithm to see if we can find a way to learn cognitive face 
manifolds. In SNE (Stochastic Neighbor Embedding), the 
similarity of data point xi and xj is defined as the conditional 

probability pj|i, that xi would pick xj as its neighbor if its 
neighbors were picked under a Gaussian density centered at 
xi. We target at learning two separated and locally smooth 
manifold surfaces of neutral and smiling faces, meanwhile, 
the neutral and smiling faces of the same individual still have 
a reasonable strong connection. Hence, the conditional 
probability pj|i is defined as 
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where σij is the variance parameter and αij is the weight of xi 
and xj. They are selected as 
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In (2), Ci is the category label of the face sample xi, where 
Ci=0 indicates a neutral face and Ci=1 represents a smiling 
face; σ is the variance of the Gaussian centered at xi, which is 
selected as the distance to the l-th nearest neighbor of the 
same category (e.g. l=1); r is chosen as less than 1, e.g., 
r=0.25, which means a narrower Gaussian is used; and γ is 
chosen as less than 1, e.g. γ=0.4, which indicates that a 
smaller weight is selected for faces of the different 
categories. The similarity (1) means that, if two samples 
belong to the same category (neutral or smiling) and they are 
quite close to each other, the similarity of them is high; on 
the other hand, if the two samples are of different categories, 
unless they are very close, the similarity of them will be 
almost infinitesimal. On this similarity, it is possible to group 
the samples of neutral faces and smiling faces into two 
separated and smooth manifold surfaces in the learned 
manifold subspaces. Again, same as the original t-SNE 
algorithm, pi|i is set 0 since we are only interested in 
modeling pairwise similarities, and pij=(pj|i+pi|j)/2N is used to 
obtain a symmetrized similarity matrix for manifold learning. 
On the same dataset of CK+, the learned manifolds on two-
dimensional subspace for visualization by the proposed t- 
SNE algorithm are shown in Fig. 2 (b). It can be seen that the 
distributions of neutral and smiling faces are well separated. 
Meanwhile, the distributions of the two clusters are very 
similar, which means the local structures of face similarities 
between different individuals are preserved consistently in 
both manifolds. 

Figure 2.  Visualizations of neutral and smiling faces in observation space 
by t-SNE (left) and in manifold subspace by modified t-SNE (right), where 
the red dots indicate neutral faces and cyan dots indicate smiling faces. The 
dataset contains 92 individuals with one neutral face and one smiling face 
for each person. 

B. SR Algorithm for Manifold  Learning 
The investigation based on the t-SNE described above 

shows that it is possible to learn separated manifolds of facial 



identity and facial expression. To achieve this goal, we use 
spectral regression (SR) to perform manifold learning due to 
its superiority for face subspace learning [8], [9]. The 
spectral regression is described under a general graph 
embedding framework [15]. From the training samples { }N

ii 1=x  
of the face images in PCA projected space, a weighted graph 
G with N nodes can be constructed. Let W be the N×N 
symmetric similarity matrix with Wij=pij=(pj|i+pi|j)/2 as 
described by (1), where Wij represents the edge connecting 
the ith and jth nodes in G, and y=[y1,y2,…,yN]T be the map 
from the graph to the real line. Obviously, Wij is not simply 
defined on Euclidean distance. The similarity matrix W is 
normalized so that the sum over each row (column) is 1. 
Consider the problem of mapping the graph G to a line so 
that strongly connected points (i.e. similar or related points) 
stay as close together as possible. The optimal y is obtained 
by minimizing ∑ =−ji

T
ijji Wyy,
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This is equivalent to the maximum eigenvector of eigen-
problem Wy=λDy. Solving this problem, one can obtain d 
eigenvectors {yk} corresponding to the d largest eigenvalues 
except the top one. A linear function i

T
ii fy xax ~)( ==  is 

chosen for space mapping, where T
ii ]1,[~ xx =  is the 

augmented feature vector. The mapping vectors d
kk 1}{ =a  can 

be obtained as the solution of regularized least square 
problem )||||)~((minarg 1

22∑ +−= =
m
i

k
ii

T
k y axaa a α , where k=1,…,d 

and k
iy  is the ith element of yk. Let A=[a1,a2,…, ad] be a 

transformation matrix. The new input sample x can be 
embedded into the d-dimensional manifold subspace by 

xAz ~T= .  

C. Refinement of Association on k-NN Mapping 
Since the weight Wij in SR learning is computed using (1), 

as illustrated by the visualization by t-SNE, the samples in 
the training set will be mapped into two manifolds in the 
learned manifold subspace, where one corresponds neutral 
faces and another corresponds to smiling faces. Let n

kz  and 
s
kz  be the samples of the k-th person’s neutral and smiling 

faces mapped in the corresponding manifolds, respectively.  
The association between the two manifolds can be 
represented by the mapping between them. The mapping 
from the smiling face to the corresponding neutral face of the 
same person in the manifold subspace can be expressed as a 
shift vector s

k
n
kk zze −= , and -ek  for the reverse mapping. 

In human face perception system, there is interactive 
processing of facial identity and emotion that leads to a super 
capacity for face representation, especially for familiar or 
own-race faces [1]. When a wildly smiling face is observed, 
it might be mapped into the facial expression manifold first. 
Then, it would also be mapped to the facial identity manifold 
of neutral faces to activate face identification. Hence, for an 
input image of a smiling face, we have to find a shift vector 
from the manifold of smiling faces to that of the neutral 

faces. Since the spectral regression is one of locality 
preserving projection methods [8], [9], an algorithm of 
weighted k-NN fusion is designed. 

Let 2/
1}{ N

n
s
n =z  be the sample set of smiling faces from the 

training set, and z be the sample of the input smiling face, in 
the learned manifold. We can obtain the k nearest neighbors 
of z from the set 2/

1}{ N
n

s
n =z , denoted as k

l
s
l 1}{ =z . According to the 

distance between z and s
lz , ),( s

ld zz , the shift vector for z can 
be estimated as 

∑=
=

k

l
ll ew

C 1

1)(ˆ ze  with 
),(
),(

1 s
k

s
l

l d
d

w
zz
zz

−=  and ∑= =
k
l lwC 1     (4) 

where the closer neighbors are weighted more heavily than 
the farther ones. Similarly, for an input image of neutral face, 
a mapping from the manifold of neutral faces to that of 
smiling faces can be computed based on its k-nearest 
neighbors in the manifold of neutral faces. If we have one 
more dataset of neutral and smiling faces '

1
1}{ N

jjx = , we can 
refine the mapping matrix AT learned by SR.  

Now, we have two sets of training data. The mapping 
matrix AT is learned on the first dataset {xi}. The data sets 
{zi} and }{ 1

jz  are the sample points in the manifold subspace 
mapped by AT from {xi} and }{ 1

jx , respectively. Let }{ 1s
jx  be 

the smiling faces in the second set, and }{ 1s
jz  be the mapped 

points of }{ 1s
jx  in the manifold of smiling faces. Applying 

weighted k-NN fusion to }{ 1s
jz  on the first dataset {zi}, one 

can obtain the estimated points of them in the manifold of 
neutral faces, i.e. }ˆ{ 1n

jz . In the same way, from the neutral 
faces in the second set, i.e. }{ 1n

jx , we can obtain the estimated 
points of them in the manifold of smiling faces, i.e. }ˆ{ 1s

jz . 
If the estimated shift vectors on the k-nearest neighbors 

are consistent and smooth locally, there would be n
j

n
j

11ˆ zz ≈  
and s

j
s
j

11ˆ zz ≈  for all the samples, where }{ 1n
jz  and }{ 1s

jz  are 
mapped from }{ 1n

jx  and }{ 1s
jx  by AT, respectively. Otherwise, 

there might be a large difference between a pair of the 
mapped and estimated points in the corresponding manifold. 
To reduce such errors, we propose an iterative algorithm to 
refine the mapping matrix AT. Let us denote the data in 
matrix form, i.e. 

],~,~,,~,,~,[ 111  s
j

n
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j
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In the ideal case, there is Z=ATX. Hence, we can define a 
cost function on AT as 

2
01

2 |||||||| TTTE AAXAZ −+−= α , 
where T

0A  is the original mapping matrix learned by using 
SR. By minimizing the cost, there is 

1
101 ))(( −++= IXXAZXA αα TTTT                    (5) 

Now, we can refine the mapping matrix AT in a few    
iterative steps. At each step, first, the samples in the 
manifold subspace, i.e., zi and 1

jz  are obtained by existing 
AT; and then, the estimations n

j
1ẑ  and s

j
1ẑ  are computed using 

weighted k-NN function on {zi}; finally, the refined AT is 



 

 

obtained by (5). After a few steps, a refined mapping matrix 
AT can be obtained, with which the difference between each 
pair of n

j
1z  and n

j
1ẑ  or s

j
1z  and s

j
1ẑ  is reduced and it would not 

diverge from T
0A  too much. This improves the local 

smoothness of the manifold surfaces. 

III. EXPERIMENTS 
We evaluate the effectiveness of our method to learn 

cognitive face manifolds, i.e., manifolds of facial identity 
and facial expression, for cognitive face perception. We 
conduct two sets of experiments. One is to evaluate the 
performance of the learned manifold face representation for 
known individuals, and another is for unknown individuals. 
We evaluate our model on two benchmarking datasets, i.e. 
CK+ [13] and UvA- NEMO [16], the former is the most 
complete dataset  for  facial expressions, and the latter is the 
largest dataset of smiling faces (spontaneous and posed 
smiles). From CK+ dataset, we extract neutral and smiling 
face images of 92 individuals, and from UvA-NEMO 
dataset, we obtain neutral and smiling face images of 390 
individuals. For the purpose of this investigation, we build an 
evaluation dataset from each original dataset. For each 
individual, we randomly select 3 neutral face images and 3 
smiling face images from the peak expression of smiling. 

A. Experiment I 

We evaluate the effectiveness of cognitive face manifold 
representation on cross-expression face identification for 
known individuals using the protocol on manifold learning 
similar to [8], [9]. The face images of each expression per 
individual are randomly split into 3 sets for training, 
refinement, and testing. In each test, we randomly generate 3 
sets of images from the dataset. Each set consists of only one 
neutral face image and one smiling face image of an 
individual, which are randomly selected from the dataset 
without replacement. The 3 sets are labeled as TrainSet, 
RefineSet and TestSet, respectively. Then, we use TrainSet 
to learn the PCA projection matrix Mpca and the manifold 
mapping matrix AT. Next, we perform the refinement of the 
manifold mapping on the second set, i.e. RefineSet. For 
evaluation, we test our methods of Cognitive Face Manifold 
Learning without and with Refinement (labeled as CFML 
and CFMLR), respectively. In testing, first, all the face 
images from TestSet are transformed into the manifold 
subspace by PCA projection Mpca and manifold mapping 
matrix AT. Then, the evaluations on smiling faces and neutral 
faces are performed, respectively. For each smiling face 
image from TestSet, a shift vector is computed using the 
weighted k-NN fusion and the sample is mapped into the 
manifold of neutral faces. It is compared with all samples of 
the neutral faces from TestSet and the nearest neighbor is 
selected as identity recognition. The same procedure is 
performed for each neutral face from TestSet. The correct 
identifications are accumulated and averaged over the 50 
rounds of random splits. PCA and LDA are employed for 

comparison. We evaluated our method on the evaluation 
dataset for 50 rounds. The final results are shown in Table I, 
where, ‘SN’ means to map the smiling face to the neutral 
face manifold for comparison, ‘NS’ means to map the 
neutral face to the smiling face manifold for comparison, and 
‘Average’ is the average results for all. 

TABLE I: Evaluation on cross-expression face identification of known 
individuals on benchmarking datasets CK+[13] and UvA-NEMO[16]. 

 
CK+(2010) UvA-NEMO(2012) 

 PCA LDA CFML CFMLR PCA LDA CFML CFMLR 
S→N 
N→S 
Average 

60.96% 
36.52% 
48.74% 

46.28% 
44.98% 
45.63% 

74.83% 
73.91% 
74.37% 

85.65% 
85.24% 
85.45% 

34.10% 
29.80% 
31.95% 

58.11% 
51.75% 
54.93% 

33.14% 
29.81% 
31.48% 

60.84% 
58.75% 
59.80% 

This test is very challenging since that, at each time, only 
one neutral face and one smiling face images of one 
individual are compared for identity recognition and the test 
face has to be discriminated from all other individuals. In 
CK+, most people smile with mouth opened at the peak of   
the expression. Hence, the within-class difference for each 
individual is large, while the between-class difference for the 
two similar individuals of the same expression might be 
small. This results in difficulties for LDA learning. 
Therefore, on CK+ dataset, LDA performs poorer than PCA. 
Meanwhile, our method learn well the separate manifolds of 
neutral and smiling faces. The proposed cognitive manifolds 
of faces achieve large improvements of discriminability 
compared to the face representation on Eigenfaces and 
Fisherfaces. On UvA-NEMO, about one-third people smile 
slightly with closed mouths since the dataset is designed for 
classification of spontaneous versus posed smiles.  Hence, in 
many cases, the within-class differences for individuals are 
small. In this dataset, LDA performs better than PCA. To our 
model, due to the mild difference between neutral and 
smiling faces for many individuals, the two manifolds may 
twist with each other. Hence, the performance of CFML is 
similar to PCA. However, after the refinement, our method 
learn a much better representation of separate manifolds of 
neutral and smiling faces. The performance of CFMLR is 
better than LDA for about 5% in average. 

Figure 3.  Results of Experiment II. Left: the results of leave-k-out 
evaluation on CK+ (k=2, 3, … , 7); Middle: the results of leave-k-out on 
UvA-DEMO (k=4, 6, … , 16); Right: the performance on d (the 
dimensionality of manifold subspace) with k = 6 on  CK+. 

B. Experiment II 
In the second experiment, we evaluate our model of 

cognitive face representation on cross-expression face 
identification for unknown individuals. We use the protocol 



similar to that for statistic FR [17], where the dataset is 
randomly split into training and testing sets with no overlap 
of individuals. Following the protocol of CK+ [13], leave-k-
out cross-validation is performed for evaluation, where k = 2, 
3, …,7 for CK+ and k= 4, 6, … , 16 for UvA-NEMO. 

At each test, we first generate 2 sets of images randomly 
from the evaluation dataset as previously. Then, we 
randomly select k individuals for testing and data of the rest 
individuals form 2 sets for training and refinement, which are 
labeled as TrainSet and RefineSet. The PCA projection is 
learned on all individuals as in Experiment I. We use 
TrainSet to learn the manifold mapping matrix, and 
RefineSet to refine it. For evaluation, we just test our method 
of CFMLR on a set of 2k images from the k selected 
individuals for testing (TestSet), where there are one image 
of neutral face and one image of smiling face for each 
individual. In testing, first, all images from TestSet are 
transformed into the manifold subspace by Mpca and AT. 
Then, the evaluations on smiling faces and neutral faces are 
performed, respectively. The k smiling face images from 
TestSet are mapped into the manifold of neutral faces by the 
shift vectors obtained using the weighted k-NN fusion on the 
TrainSet. Each of them is compared with rest (2k-1) samples 
in the manifold of neutral faces and the nearest neighbor is 
selected as identity recognition. The same procedure is 
performed for each neutral face from TestSet. The correct 
identifications are accumulated and averaged over all the 
rounds of random splits. The performance of PCA is also 
computed for comparison. For each image from TestSet, it is 
compared with rest (2k-1) face images in Eigenfaces and the 
nearest-neighbor classification is applied for identification. 
The experiment is performed for 20×100 rounds for each k 
number. In this experiment, the testing face of a novel 
individual may locate in a sparse region in the learned 
manifold with no close neighbors from the TrainSet. In Fig. 
2 (a), one can observe that the samples of some individuals 
are separated quite far away from other samples. For a new 
input without local neighbors, the learned manifold 
representation may not provide effective discriminative 
information. Hence, the task in Experiment II is more 
challenging than that in   Experiment I. The complete results 
of Experiment II are shown in the left picture in Fig. 3. It can 
be found that for k≥4, the results of CFMLR are better than 
that of PCA over 15% on average on CK+ and 8% on UvA-
NEMO. This indicates that the cognitive face manifolds is 
more effective than Eigenspaces. The performance with 
respect to the value of d, i.e. the dimensionality of the 
cognitive face manifold subspace is also evaluated with k = 6 
on CK+. The results for d varying from 60 to 130 are plotted 
in the right in Fig. 3. Since there is no change of PCA, the 
variations of PCA results are only caused by random splits. It 
can be observed that the performance of CFMLR is stable to 
changes of the dimensionality. 

IV. CONCLUSIONS 
In this paper, we have proposed a manifold learning 

approach to learn and construct cognitive face representation 
that mimics the mechanisms in human face perception 
system. In our model, two separate manifolds for neutral and 

smiling faces are learned by SR algorithm for facial identity 
and expression processing, and the refined connection 
between the two manifolds is established by an iterative 
algorithm. This model builds a mechanism for cognitive face 
perception where the information derived from identity and 
emotion in faces pool together to lead to super capacity of 
cognitive face perception. Experimental results have shown 
the effectiveness of the proposed cognitive manifolds for 
face representation, its superiority over observation face 
space representation, and the analogy to human face 
perception system. 
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