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Multi-view Clustering through Optimal Transport
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Abstract. Research on Multi-View Clustering (MVC) has become more and more attractive thanks to the
richness of its application in several fields. In this paper, we present a novel framework for MVC, inspired by
the Optimal Transport (OT) theory to learn the clusters in each view and compute an ensemble clustering of
all the views in order to form a consensus cluster. We propose two algorithms for this purpose: a Consensus
Projection Approach (CPA) and a Consensus with New Representation (CNR), both based on the entropy
regularized Wasserstein distance and the Wasserstein barycenters between the data distributions in each view.
To validate the approaches, extensive experiments were conducted on multiple data-sets.

Keywords: Multi-view clustering (MVC), Co-training, Subspace clustering, Multi-task learning, Optimal
Transport (OT), Wasserstein/Earth Mover’s distance.

1 Introduction

Unsupervised clustering methods have become recently more and more popular because of their ability to regroup
into clusters unlabeled data based on their similarities. A significant number of new clustering algorithms have been
developed in recent years, and most previous approaches have also been modified and improved. This abundance
of approaches can be explained by the difficulty of proposing generic methods that adapt to all types of available
data. Indeed, each method has a bias induced by the objective chosen to create the clusters. Therefore, two different
algorithms can offer very different clustering results from the same data. In addition, the same algorithm can provide
different results depending on its initialization or its parameter values.

To solve this problem, some approaches propose to use several different clustering results to better reflect the
potential complexity of the data structure [14]. These approaches take advantage of the information provided by
the different results in a significantly different way. Multi-View Clustering (MVC) [21] is a popular and efficient
approach, the aim of which is to form a consistent clustering of the data by combining clustering algorithms applied
on different views of the data, instead of the whole data-set. Each view is usually a description of the data in a
specific feature space, each view with its own set of features. The important characteristic of this method is in the
diversity of the features used in the different views. This diversity guarantees not only a consistent clustering, but
also a better clusters interpretation, thanks to the precision of the clusters representatives in all the views.

In this paper we propose a new approach of MVC based on Optimal Transport (OT) theory [16]. More specifically,
this new approach aims to learn a new data structure from the data distribution on each view, in order to increase
the quality and richness of the clustering result, thanks to OT theory which not only allows us to compare the
distributions, but also allow the transport of information between views to produce a better consensus [15]. We
propose two algorithms for this purpose: A Consensus Projection Approach (CPA) and a Consensus with New
Representation (CNR), both based on the entropy regularized Wasserstein distance and the Wasserstein barycenters
[7] between the data distributions in each view.

The rest of the paper is organized as follows. In Section 2 we present the most important related work to
multi-view clustering, then we briefly introduce some theoretical background of OT in Section 3. Section 4 describes
the proposed approaches and the experimental results on synthetic and real data are shown in Section 5. Finally,
Section 6 concludes the paper and gives a couple of hints for possible future research.

2 Related work

Multi-view learning was introduced in [22] by Yarowsky, were it is applied for word sense disambiguation. Mainly,
the multi-view is represented by two different classifiers: the local context of a word as first view and the senses
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of the other occurrences of that word as a second view. In [2], the authors introduced an approach of co-training
based on two hypotheses trained on distinct views. The algorithm aims to improve the global learning quality of
two classifiers with the highest confidence instances from unlabeled data. This approach requires that the views are
independent.

In [3], a co-EM algorithm was presented as a multi-view version of the Expectation-Maximization (EM) algorithm
for semi-supervised learning. In 2004, Bickel and Scheffer [1] studied the problem where the set of attributes can be
split randomly into two subsets. These approaches seek to optimize the agreement between the views. The authors
described two different algorithms, an EM-based algorithm which gives very significant results and an agglomerative
multi-view algorithm which seems to be less efficient than single view approaches.

It should be noted that there are two principal approaches in MVC. The generative approach is based on the
learning of a mixture model. This model can be used to generate new data from a cluster. On the other hand, the
discriminative approach minimizes a cost function in order to estimate an optimal clustering solution. We must
notice that, up to now, most of the MVC algorithms are based on a discriminative approach, as they shown in the
extensive survey presented in [20].

MVC clustering is also considered as basic task for several subsequent analyses in machine learning, in particular
for ensemble clustering [15], also named consensus clustering or aggregation clustering. The aim of ensemble clus-
tering is to bring all the clusters information from different sources of the same data-set, or from different runs of
the same clustering algorithm, so as to form a consensus clustering that includes all the information. This approach
becomes a framework from MVC when it is applied to a clustering with a multi-view description of the data [14,19].

3 Optimal transport background

Optimal transport (OT) was introduced by Monge in [12] to resolve the problem of resources allocation. The initial
goal of this theory is to move a particle from one point to another in an optimal way, by minimizing the cost of
this move or this transportation. More recently, the Monge problem was relaxed by Kantorovich in [10], where the
problem is transformed to connecting a pair distributions using linear programming.

More formally, given two measures defined on two different spaces, the Monge-Kantorovich problem is to find
a coupling γ defined as a joint probability over the product of the two spaces. In our case, we focus on discrete
measures due to the empirical representation of the distributions. We refer to the book of Villani [16] for more
details on the continuous case and more detailed mathematical studies.

Definition 1. Let Ω be an arbitrary space with D a metric on that space, and P (Ω) the set of Borel probability
measures on Ω. For p ∈ [1,∞) and a probability measures µ and ν in P (Ω), the p-Wasserstein distance [16] is
given by:

Wp(µ, ν) =

(
inf

π∈Π(µ,ν)

∫
Ω2

D(x, y)pdπ(x, y)

) 1
p

(1)

where Π(µ, ν) is the set of the probability measures on Ω2 with µ and ν their marginals.

Here we consider only discrete distributions, represented by empirical measures. Formally, letXs = {xsi ∈ Rn}i=Ns

i=1

and Xt = {xti ∈ Rn}i=Nt

i=1 be two families of points in Ω, their empirical measures being µs = 1
Ns

∑Ns

i=1 δxi
and

µt = 1
Nt

∑Nt

i=1 δyi , respectively defined as a uniform sums of Dirac, the Monge-Kantorovich problem consist on
finding an optimal coupling γ as a joint probability between µs and µt over Xs ×Xt by minimizing the cost of the
transport w.r.t some metric. This problem is based on two main elements: The matrix M of the pairwise distances
between the instances of Xs and Xt raised to the power p which is a cost parameter, and the transportation polytope

Π(µs, µt) =
{
γ ∈ RNs×Nt

+ | γ1 = µs, γ
T1 = µs

}
. This problem admits a unique solution γ∗ and defines a metric

called the Wasserstein distance on the space of probability measures as follow:

W (µs, µt) = min
γ∈Π(µs,µt)

< M, γ > (2)

where < ., . > is the Frobenius dot product.

The Wasserstein distance (or Earth-Mover’s distance) has been very useful recently especially in machine
learning tasks such as domain adaptation [4], metric learning [6], clustering [7] and multi-level clustering [9]. The
particularity about this distance is that it takes into account the geometry of the data based on the distances
between the instances, which explains its efficiency. On the other hand, in term of computation, the success of this

2 ICONIP2019 Proceedings
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Multi-view Clustering through Optimal Transport 3

distance is also due to Cuturi [5], who introduced an approach based on entropy regularization to approximate
OT distances using the Sinkhorn’s algorithm. Indeed, even though the Wasserstein distance has known a very
significant success, in term of computation the objective function has always suffered from a very slow convergence,
which pushed Cuturi to propose a smoothed objective function by adding a term of entropic regularization that
was introduced by [13] and applied to OT in [5] to increase the speed of the convergence of the original objective
function:

min
γ∈Π(µs,µt)

< M, γ > − 1

λ
E(γ) (3)

where E(γ) = −
∑Ns,Nt

i,j γij log(γij) and λ > 0 some fixed parameter.
Thanks to this regularized version of OT, they obtained a less sparse solution, smoother and more stable than

the original problem. In addition, this formulation allows to solve the problem of OT using Sinkhorn − Knopp
matrix Scaling algorithm.

In the next section we explain the main idea of our approach, which consists basically on how to transport the
information from each view so we can form a relevant consensus clustering.

4 Multi-view Clustering through Optimal Transport

In this section we show how MVC can be solved using OT theory, and how to assemble all the information from all
the views to form a consensus in an optimal way.

4.1 Motivations

In order to justify our approach from a theoretical point of view, we explain in this Section the fundamentals of
MVC and how it can be transformed into an OT problem. MVC can be divided into two steps. The local step,
which consist basically of computing a better cluster in each view, and the global step, which consist to aggregate
this information (i.e. the clusters centroids in each view) to form a consensus representing the information from all
the views at the same time.
We consider X =

{
x1, x2, .., xr

}
with r multiple views, where xv = {xv1, xv2, .., xvn} with n points in Ω in the vth

view. In a general way, the existing approaches to form an unified view or a consensus is to maximize some objective
function that combines the basic clustering partitions H = {h1, h2, .., hr} given by some algorithm, in order to find
a consensus partition h.

Γ (h,H) =
r∑
i=1

wiU(h, hi) (4)

where Γ : Zn+×Znr+ 7→ R is the consensus function, and U : Zn+×Zr+ 7→ R the utility function with
∑r
i wi = 1. The

utility function U is very important and must be chosen carefully. This problem can be transformed to a minimization
problem without changing its nature by using different distances like Mirkin distance [11]. Moreover, [17] proved
that the consensus problem is equivalent to K-means problem under some assumption defined in the following
definition.

Definition 2. [17] A utility function U is a K-means consensus clustering utility function if ∀H = {h1, . . . , hr}
and K ≥ 2, there exists a distance f such that

max
h∈H

r∑
i=1

wiU(h, hi)⇔ min
h∈H

K∑
k=1

∑
xl∈Ck

f(x
(b)
l , ck) (5)

holds for any feasible region H.
Where Xb = {xbl | 1 ≤ l ≤ n} be a binary data set derived from the set of r basic partitioning H as follow:

x
(b)
l =< x

(b)
l,1 , . . . , x

(b)
l,i , . . . , x

(b)
l,r >, with x

(b)
l,i =< x

(b)
l,i1, . . . , x

(b)
l,ij , . . . , x

(b)
l,iK >

and xl,ij =

{
1 Lhi

(xl) = j
0 otherwise

and ck is the centroids of the cluster

Based on the idea that consensus clustering can be seen as a K-means problem, it can be converted to an optimal
transport problem based on the Wasserstein distance. More specifically, we can see each view as a distribution set
that we can assemble to form an optimum consensus, computed in the global step.

We detail the proposed approach and how we improve the consensus clustering using the OT theory in the
next Section. We propose different types of consensus that have been validated experimentally on several data sets
(Section 5).

ICONIP2019 Proceedings 3
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4 F. Ben Bouazza et al.

Table 1. Notations

Notations

X the global data such that xi ∈ Rd

µ the distribution 1
n

∑n
i=1 δxi

Xv the view v such that xi ∈ Rdv with dv < d

µv the distribution of the view v µv = 1
n

∑n
i=1 δxvi

dv the dimension of the viewv

cvj the centroid j in the view v between the data and the centroids cvj

νv the distributions of the centroids 1
kv

∑kv
j=1 δcvj

Lv =
{
lvij
}

the OT matrix of the view v

ck the centroids of the the consensus cluster

L = {lik} the OT matrix between centroids of each view and consensus centroids

ν the distribution of the consensus centroids 1
K

∑K
k=1 δck

Π the OT matrix between xi and ck

4.2 Proposed approaches

Let X =
{
x1, x2, . . . , xr

}
, xv ∈ Ω ⊂ Rd×1, 1 ≤ v ≤ r be the data set made of d numerical attributes. Let

Xv = {xv1, xv2, . . . , xvn} , xvi ∈ Rdv×1, dv < d, the subset of attributes processed by the view v.

Local step:

We consider the empirical measure of the data: µv = 1
n

∑n
i=1 δxv

i
, which represent the data of each view v.

xvi , 1 ≤ i ≤ n in the view v is uniformly distributed over the view v. We seek to find a discrete probability measure
νv ∈ Σkv which is an approximation of µv defined by kv centroids Cv =

{
cv1, c

v
2, . . . , c

v
kv

}
.To this end we compute

the OT of µv from Σn
to Σkv , we therefore define νv as the solution of the following problem:

νv = min
νv∈Σkv

W 2
2,λ(µv, νv) (6)

Algorithm 1: Local view algorithm

Input : For the data of the vth view v, Xv = {xvi }ni=1 ∈ Rdv such that dv < d and kv the number of clusters
The entropic constant λ

Output: The OT matrix Lv =
{
lvij
}

and the centroids cvj
Initialize kv, random centroids cv(0) with the distribution νv = 1

kv

∑kv
j=1 δcj ;

t=0;
while not converge(clusters not stable) do

Compute the OT matrix Lv(t) =
{
lvij
}

1 ≤ i ≤ n, 1 ≤ j ≤ kv;

Lv(t) = minW 2
λ2(µv(t), νv(t));

Update the distribution centroids cvj (t+ 1):

cvj (t+ 1) =
∑
i

lijx
v
i 1 ≤ j ≤ kv;

t = t+ 1;

return {Lv} and
{
cvj
}kv
j=1

4 ICONIP2019 Proceedings
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Multi-view Clustering through Optimal Transport 5

We should notice that in [7], when d = 1 and p = 2 and without constraints on the weight over Σkv , this problem
is equivalent to Lloyd’s algorithm. In what follows we consider p = 2. In order to solve the optimization problem (6)
we proceed similarly to K-means clustering. The local step for the view v clustering iteratively alternates between
the assignment of each data to the nearest centroid and the optimization of the centroids Cv =

{
cv1, c

v
2, . . . , c

v
kv

}
.

Algorithm 1 describes how we cluster the data locally; it is an alternation between the computation Sinkhorn
OT algorithm to assign each data point to its nearest centroid and the update of the centroids distribution to be
the average weighted to the data point assigned to it.

It should be noted that algorithm 1 is equivalent to K-means, but it allows a soft assignment instead of a hard
one, which means that lvij ∈ [0, 1

n ]. Moreover, the regularization term − 1
λE(γ) will guarantee a solution with higher

entropy, which means that the point will be more uniformly assigned to the clusters.

Global step:

We aim on the global step to assemble all the information that we already get in each view to form a consensus
cluster for the whole data-set. We propose two approaches based on OT theory: Consensus Projection Approach
and Consensus with New Representation.

Consensus Projection Approach: Consensus Projection Approach (CPA) consist to project the structure
of the clusters from each view on the global space. The idea behind this projection is to visualize the structure
of each view in the global space in order to enrich the information from the data to increase the quality of the
consensus clustering. More precisely, it is a kind of super clustering to obtain more precise prototypes that contain

Algorithm 2: Consensus with projection (CPA)

Input : Data X = {xi}ni=1 ∈ Rd represented by ν = 1
n

∑n
i=1 δxiand Lv and

{
cvj
}kv
j=1

represented by the distribution

νv, 1 ≤ v ≤ r
The number of the cluster K
The entropic constant λ

Output: The consensus centroids ck and Π = {πik} the OT matrix ∀i
Initialize K centroids ck(0) with the distribution ν = 1

K

∑K
k=1 δck ;

t=0;
Compute the matrix centroids C = {ck} in the global space:

C = LvX for 1 ≤ v ≤ r
while note converge(clusters not stable) do

Compute the OT matrix between the views and the consensus L(t) = {ljk} 1 ≤ j ≤ kv, 1 ≤ k ≤ K, 1 ≤ v ≤ r;

L(t) = minW 2
λ2(ν(t)v, ν(t));

Update the consensus centroids ck(t);

ck(t+ 1) =

n∑
i=1

lik.xi 1 ≤ k ≤ K;

t = t+ 1;

Compute the OT between the data and the consensus centroids ck;

πik = min
k
W 2
λ2(µ(t), ν(t))

return ck and Π = {πik}

more information about the data. As a result, the matrices of the partition resulting from the transportation of the
data will be more complete and more precise and will guarantee a higher quality.

In algorithm 2 we explain the mechanism of this method, the first step of the algorithm consist to project the
centroids of each view in the global space of the data and then compute a clustering of the projection of the centroids
in the global space using Sinkhon K-means algorithm based on Wasserstein distance, to obtain new prototypes ck.
The last step of the algorithm aims to transport the instances of the new prototypes.

ICONIP2019 Proceedings 5
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6 F. Ben Bouazza et al.

Consensus with New Representation: Consensus with New Representation (CNR) aims to ensemble the
structure obtained in each view in order to rebuild a new representation of the data based on the partition matrix.
This representation gives the posterior probability of belonging for each point to each cluster of each view. In other
words it is a kind of superposition of all the views which allows to form a consensus clustering of all information
that we already got from each view. Algorithm 3 explains the process of this method, the first step is to concatenate

Algorithm 3: Consensus with new representation (CNR)

Input : Lv and
{
cvj
}kv
j=1

represented by the distribution νv, 1 ≤ v ≤ r
The number of the cluster K
The entropic constant λ

Output: The consensus centroids ck and Π = {πik} the OT matrix ∀i
Initialize K centroids ck(0) with the distribution ν = 1

K

∑K
k=1 δck ;

t=0;
Compute the new representation matix of the data;

X = concatenation(Lv) for 1 ≤ v ≤ r
while note converge(clusters not stable) do

Compute the OT matrix Π = {πik} ;

Π(t) = minW 2
λ2(µ(t), ν(t));

Update the consensus centroids ck(t);

ck(t+ 1) =

n∑
i=1

πik.xi 1 ≤ k ≤ K;

t = t+ 1;

return ck and Π = {πik}

all the matrix partition and then compute a clustering on the matrix partition using Sinkhorn algorithm to obtain
a better partition of the data and centroids that contains information emerging from each view.

5 Experimental Results

In this Section we evaluate the approaches and test them on several real data-sets (described in Table 2). We also
compare it to classical consensus K-means clustering algorithm and the clustering obtained from a single view.
Tables 3 and 4 summarize the clustering results of the proposed approaches (CNR and CPA) and other methods
in terms of Davies-Bouldin (DB) and normalized Rand (Rn) indexes, respectively. As can be seen, our approaches
generally perform well on all the data sets according to both metrics.

Table 2. Some characteristics of the experimental real-world data-sets

Datasets #instances #Attributes #Classes

Breast 699 9 2

Dermatology 358 33 6

Ecoli 332 7 6

Iris 150 4 3

PenDigits 10992 16 10

Satimage 4435 36 6

Wine 178 13 3

6 ICONIP2019 Proceedings
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Multi-view Clustering through Optimal Transport 7

In table 3 we evaluate the two approaches (CNR and CPA), compared to a Single View approach (SVA) using
Davies-Bouldin (DB) index [8]:

DB =
1

K

K∑
k=1

max
k 6=k′

∆n(ck) +∆n(ck′)

∆(ck, ck′)
(7)

where K is the number of clusters, ∆n is the average distance of all elements from the cluster Ck to their cluster
centre ck, and ∆(ck, ck′) is the distance between clusters centres ck and ck′ . This index evaluates the quality of
unsupervised clustering because it’s based on the ratio of the sum of within-clusters scatter to between-clusters
separation. The lower the value of DB index, the better the quality of the cluster.

Table 3. Clustering performance on seven real-world data-sets (DB index).

Datasets CNR CPA SVA

Breast 1.735 1.727 1.742

Dermatology 1.926 1.194 1.310

Ecoli 1.145 1.405 1.236

Iris 0.893 0.908 0.915

PenDigits 1.136 1.334 1.257

Satimage 1.011 1.221 1.274

Wine 1.308 0.556 0.556

*the results in bold show the best method for each data base according to DB index.

As we can see in Table 3, the CNP obtained better values for several data sets. This is explained by the fact that
this method makes the clustering on the structures of each view which guarantee the improvement of the quality
of the global cluster, while CPA preforms a forcing assignment of the instances to the centroids obtained from the
consensus clustering. To improve the interpretation of the DB values, we propose in Figure 1 the critical diagram
representing a projection of the average ranks methods on enumerated axes. The methods are ordered from left
(the best) to right (the worst). In our case, the method CNR is the best and the worst is SVA. CNR approach
outperforms the other proposed techniques since it gives a new data representation including all the structures of
all the views.

Fig. 1. Friedman test for comparing multiple approaches over multiple data sets: Approaches are ordered from left (the best)
to right (the worst)

ICONIP2019 Proceedings 7

Volume 15, No. 3 Australian Journal of Intelligent Information Processing Systems



8 F. Ben Bouazza et al.

In table 4, we validate our approaches comparing the classical consensus based on K-means by the normalized
Rand index Rn [18] which measures the agreement between two partitions: one given by the clustering process and
the other defined by external criteria. The values of Rn is in [0, 1]. When the value is close to 1, the quality of the
cluster is much better. As we see, the highest score is obtained with CPA.

This is understood by the fact that in the last step of CPA algorithm, we force the assignment of the instances
to the new centroids projected from the views, which explain the agreement between the labels predict from the
consensus clustering and the true one, while on the CNR we cluster a new representation of the data. It should
be noted that we choose this index to compare our approaches with the classical method of ensemble clustering.
However, as long as we are comparing between true and predict labels, this index doesn’t emphasize the unsupervised
nature of the clustering. To further evaluate the performance, we compute a measurement score by following [23]:

Score(Mi) =
∑
j

Rn(Mi, Dj)

maxiRn(Mi, Dj)
(8)

where Rn(Mi, Dj) indicates the Rn value of Mi method on the Dj data sets. This score gives an overall evaluation
on all the data sets, which shows our approaches globally outperforms the other algorithms.

Table 4. Clustering performance on seven real-world data sets (Rn index).

Data sets CNR CPA SVA KKC

Breast 0.3315 0.7374 0.6891 0.0556

Dermatology 0.4608 0.1202 0.1472 0.0352

Ecoli 0.2822 0.3447 0.3389 0.5065

Iris 0.4423 0.4605 0.4491 0.7352

PenDigits 0.5064 0.6039 0.5356 0.5347

Satimage 0.3576 0.4702 0.4679 0.4501

Wine 0.2264 0.2149 0.2149 0.1448

Score 5.2074 5.5170 5.3651 4.6340

*the results in bold show the best method for each data base according to Rn index.

6 Conclusion

In this paper, we proposed a new way to explore the advantages and usefulness of MVC. We have reviewed the MVC
within the framework of OT theory and proposed two new clustering algorithms that allow to combine the structures
discovered by several views, in the form of a consensus. One algorithm is based on projections and another uses
the partitions found by different views to create new representations of the data. Experiments on seven real-world
data sets showed the effectiveness of the two proposed algorithms compared with both a single-view approach and
another classic state-of-the-art technique. The obtained results show that OT can provide for this machine learning
task a formal framework and algorithmic flexibility that marks an improvement in performance over the existing
system.

On the other hand, OT is becoming increasingly popular in the field of machine learning, with several applications
to data science under different learning paradigms. In large dimensions, we are often confronted with the intrinsic
instability of OT with regard to input dimensions. Indeed, the complexity of approximating Wasserstein’s distances
can grow exponentially in size, making it difficult to estimate these distances accurately. A multi-view approach can
help to mitigate this phenomenon by breaking down the overall problem into subproblems, each representing a view.
Future work includes the investigation of learning capabilities of new data representations through our proposed
approaches. We also want to see how to use the deep learning paradigm to enrich our multi-view approaches.
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Abstract: The diameter change of pupils can reflect whether a person is watching a real or fake smile. 

Although such physiological response is different between genders, it is still possible to approximate a 

general closed-form expression for classifying real or fake smile from an observer’s pupillary response. To 

obtain accuracy and comprehensive expression, a neural network was used to construct a basic model. 

Distinctiveness angle measure, regularization and evolutionary algorithm are applied to structurally 

simplify the hidden layer and input vector. We acquired a prediction accuracy of 93% on the test set and 

formulated a general mathematical expression for predicting the category of a smile from the pupillary 

response. 

Keywords: Neural network, Distinctiveness measure, Regularization, evolutionary algorithm 

 

1 Introduction 

Pupillary response is a subtle physical behavior, where its dynamic morphological characteristics can reflect some specific 

thoughts [1]. The research on discriminating real from fake smiles by pupillary response has found that the pupil size will 

have distinctly different changes when an observer is observing different smiles. The previous research focused on a 

rough law of change of pupil size for male and female using statistical techniques [1]. We further hypothesize that there 

exists a strong relationship between pupillary response and thoughts in the brain. This motivates us to find a general rule 

of pupillary response for both genders. 

The performance of a ‘complete’ smile is a dynamic manner, which means a smile needs to be stored with time-

series data [2]. Such data is usually managed with a recurrent neural network (RNN) [10]. Meanwhile, if the data can be 

compressed in either the temporal or the spatial dimension, a standard neural network (NN) is also capable of identifying 

a real smile [11]. Since we wish to distinguish the real from the fake smile directly from the change of pupil size, we take 

the continuous pupil diameter of an observer (either male or female) as input and predict whether the observer is watching 

a real or fake smile. 

The dataset collected by Hossain and Gedeon includes 20 samples of pupil size records. It includes the continuous 

pupil size of observers in 10 seconds, as a response to either a positive (real smile) or negative (fake smile) signal [1]. 

Based on a predefined sampling interval, each sample consists of 541 measured float numbers representing the diameter 

of pupil.  

One of the challenges of the prediction is that there are only 20 samples available that are recorded from 10 

participants. It leads to a problem of how to acquire accurate prediction model while reserving the generalization property 

with the limited amount of data. We follow the idea of [12] and solve this problem by compressing the time-series data, 

we also apply evolutionary method as validation for creating a close-form expression for smile classification with 

pupillary response. 

2 Main Methods  

2.1 Network architecture  

The pupillary response data consists of measured pupil diameters of 521 frames. Since the data is in one dimension, we 

selected a NN as the basic model.  
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The dataset consists of only 20 samples, so that Leave-one-out cross-validation (LOOCV) is applied for evaluating 

the performance of the model [3].  

We designed a network architecture with one hidden layer and the general expression of the prediction model is: 

𝑦(𝑥) = 𝑆𝑖𝑔𝑚𝑜𝑖𝑑((𝑓(𝑥, 𝑤1), 𝑤2) (1) 

where 𝑤1 and 𝑤2 represent the weight and bias of the input layer and hidden layer respectively. 

2.2 Structure simplification 

In order to acquire a general analytical expression, we determined the minimal size of weight vectors 𝑤1 and 𝑤2, using 

hidden neurons pruning and input data compression.  

 

2.2.1  Neuron pruning 

Neuron pruning is about removing the redundant neurons in the hidden layer. Distinctiveness analysis is applied as it is 

an effective method for evaluating the functionality of neurons with a given input. It can also determine the redundancy 

of each neuron in a particular group [4]. Since the neuron can be considered as a linear mapping function, it means each 

element pairs in the output and the input of a hidden layer are corresponding. This implies the redundancy in the input 

vector can be determined by evaluating the output of hidden layer. In this case, one single element in an input vector will 

be assigned to be distinct and unreplaceable if its output vector is not identical with others. 

Distinctiveness angle measures the degree of similarity between two vectors [5]. Given two vectors 𝑣𝐴 and 𝑣𝐵 

with the same length, the angle between 𝑣𝐴 and 𝑣𝐵 is given by [6]: 

𝜙(𝑣𝐴, 𝑣𝐵) = cos−1
𝑣𝐴 ∗ 𝑣𝐵

‖𝑣𝐴‖ ∗ ‖𝑣𝐵‖
 (2) 

If the angle 𝜙(𝑣𝐴, 𝑣𝐵)  is less than a threshold degree value, 𝑣𝐴  can be replaced with 𝑣𝐵 . By calculating all 

distinctiveness angles among a group of vectors, the compression rate is defined as the ratio between the number of 

original neurons and the number of unreplaceable neurons.  

As the angle in a one-dimensional space can be only 0° or 180°, such angle cannot work on a vector if the vector 

is compressed to a length of one. The alternative method for dealing with such a problem is calculating the absolute 

difference. Assigning the length of �̂�𝐴 and �̂�𝐵 are 1, the numerical value of distinctiveness angle between them is: 

𝛿(�̂�𝐴, �̂�𝐵) = |�̂�𝐴 − �̂�𝐵| (3) 

2.2.2  Data compression 

Data compression is preformed since there are potentially redundant features for prediction in the data. Each sample in 

the smile dataset contains a vector with a length of 521. If a prediction model can acquire a comparable accuracy with an 

input which has less than 521 features, it means that some components in the input data are redundant. This compression 

not only saves storage and calculation resource but contributes to a concise closed-form expression of the prediction 

model. 

Weight regularization is taken for data compression. In detail, this operation involves adding a penalty term when 

calculating the loss value. In order to compress the network, we choose an L1 regularization term whose value equals the 

sum of the absolute value of all weights in one layer. By denoting the weight of the hidden layer as 𝑤𝑖, while 𝑖 is the 

number of neurons, the L1 term is: 
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L1(𝑤𝑖) = ∑ │𝑤𝑖│

𝑖

(4) 

This penalty term suppresses the magnitude of the weight of hidden neurons and forces fewer neurons to be activated 

during the training period. It has been mathematically proved that optimizing L1 regularization term results in a sparsely 

distributed weight without degrading the predicting accuracy [7]. Under this circumstance, the inactivated neurons and 

their corresponding input items can be removed. 

2.2.3 Evolutionary algorithm 

The determination of the effectiveness of a neuron is an ill-posed problem, as we estimated the degree of importance by 

observing their activation instead of quantitatively defining it. In this case, we took the evolutionary algorithm as a 

validation method for selecting the effective neurons in inputs. Unlike the training with regularization, an evolutionary 

algorithm has different searching space and it can avoid the interaction among input neurons. Therefore, it can figure out 

which input neurons are independently necessary. 

The number of input neurons is based on the number of features in our dataset. This results in a large searching space 

and makes it hard to find the global minimum. Since our dataset is a time-series data, we assume the features in one 

sample are locally related, which means one feature can represent the features closed to it. We were inspired by the idea 

of the spatial pyramid in image processing and set two stages for processing the evolutionary algorithm [9].  

The large scope searching is shown in Algorithm1. A stride 𝛅 is set for splitting the data feature F into several 

groups that represent by their median values, while an evolutionary algorithm takes this group of medians as population, 

and eliminates unnecessary medians until the testing accuracy reminds unchanging. We then treat the remaining groups 

as population and apply evolutionary algorithm again for obtaining the accurate feature. 

 

Algorithm 1. The large scope evolutionary algorithm 

Input: network model, Data features F, group stride 𝜹 

1. Split the F into 𝑲 groups based on the 𝜹 

2. Create a list m for storing the median of each group in 𝑲 

3. Take 𝒔 samples from 𝒎 as initial population, where 𝒔 < length 𝒎 

4. While test accuracy 𝒂 is decreasing: 

  Train model on the training set in 𝒔 

  Calculate 𝒂 on the testing set in 𝒔 

  Take the best two samples in 𝒔, apply crossover operation on these samples and regenerate 𝒔 samples 

2.4 Experiment details 

We conduct neuron pruning and input compression separately with independent three-layer networks.  

The neural network for neuron pruning works as a three-layer auto-encoder, which reconstructs the original data 

with a hidden layer with fewer neurons [8]. Based on our dataset, the network have 541 inputs and its number of hidden 

neurons will be dropped until the all distinctiveness angles between each pair of hidden neurons are over a predefined 

threshold angle. With a raised threshold angle, it iteratively reduces the number of hidden neurons and results in an 

increasing compressing rate. We use mean square error loss (MSE loss) to calculate the loss between the input and output 

values. 
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 In the data compression task, two networks are taken with regularization and evolutionary algorithm respectively. 

Both networks have the same input with the pruning task and have a binary output, which represents whether the input 

data is recognized as real (output = 1) or fake smile (output = 0). We use binary cross entropy loss (BCE loss) for 

computing loss value of two networks. 

Table 1 specification of networks 

 Method Inputs  Hidden Outputs  Loss 

function 

Optimizer 

Pruning  NN 541 Changing 541 MSE SGD 

Compression NN& 

regularization 

Changing 5 2 BCE SGD 

Compression EA Changing 5 2 BCE SGD 

Stochastic gradient descent (SGD) is applied to both networks for updating the weights. The default training epochs 

and learning rate are 1000 and 0.01. And 20 samples in the dataset are divided into a training set and a testing set with a 

size of 19 and 1 samples respectively. LOOCV is applied for avoiding over-fitting and improve the robustness of the test 

result. Since the testing accuracy is highly dependent on the initialization of weights, it is default that LOOCV operation 

will be taken in all experiment for 10 times and the average predicted accuracy over all samples in the testing set will be 

calculated as the critical evaluation metric. 

3 Results and Discussion 

3.1 Neuron Pruning experiment 

The table below shows a failure result of the neuron pruning with distinctiveness angle method. The error rises 

dramatically with an increasing threshold angle. This indicates the method of distinctiveness analysis is not feasible for 

pruning hidden neurons within this dataset. 

 Table 2. Distinctiveness analysis on hidden layer 

Threshold angle No. of reserved 

neurons 

Compression rate Mean absolute error / 

relative error 

None 54 10 0.04 / 0.12 

5° 31 17 0.07 / 0.51 

10° 10 54        0.17 / 1.72 

15° 7 77 0.22 / 2.46 

 

To gain a deep understanding of the reason for the failure, we collect all distinctiveness angles and sort them, as shown 

in Figure 1. We find a similar pattern of distinctiveness angle even when the number of hidden neurons is different. 

This demonstrates if we iteratively prune the hidden neurons with an increasing threshold angle, the number of these 

neurons will keep reducing. However, the proportion of redundant neurons does not change during the pruning process.  
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 Figure 1. The collection of sorted distinctiveness angles of neuron pairs with different numbers of hidden neuron outputs. 

 

3.2 Input compression experiment 

For data compression, we set a parameter of five hidden neurons in the network. For each input element, we calculate the 

sum of its neuron activation, which leads to an activation weight with the same size as the length of the input. Figure 2 

shows the summed weight for each input element. We can find the value of the neuron weight with index 200 and 467 

exceed others. It implies these two neurons are highly activated during training while the two corresponding input has a 

higher degree of importance when making the prediction.  

 

  

Figure 2. The summed weights against each input element (trained with L1 regularization) 

At the same time, the evolutionary algorithm is set up for comparison with the same network hyperparameter. For 

the larger scope searching, the 541 features are split into 54 groups. We further select the most effective input feature in 
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these ‘surviving’ groups for a smaller scope searching.  

With such settings, the model reaches a testing accuracy of 0.902 with the median of the 19th and the 48th groups. 

While the accuracy ends up being 0.912 with the 196th and the 482nd input features in the second stage. It is notable that 

the training of an evolutionary algorithm is time-consuming, as each accuracy value in Figure 3 requires training a network 

with 20-fold validation. 

 

Figure 3. The learning curve of evolutionary algorithm  

All methods above are compared together in table 3, with their average test accuracy shown. 

Table 3. The comparison between the original data and compressed data 

Method Number of inputs Accuracy 

on test set 

Time cost 

NN 541 0.932 11.91s 

NN + Regularization 2 (200th and 467th) 0.934 12.16s 

Evolution 2 (196𝑡ℎ and 482𝑛𝑑) 0.912 15426.45s 

From the result in Table3, the accuracy with a compression rate of 270 drops by 0.02 and 0.022 for employing 

regularization and evolutionary algorithm respectively. It shows that our methods effectively compress the input neurons. 

Meanwhile, since the dataset is too small, random sampling of the training set and random initialization of weight have 

excessive influence for each training. It results in different trained weights with the same parameter setting. In figure 4, 

the network is independently trained for 500 times with random initialization while all the values of 1st weight are 

recorded, such weights present a random distribution (Figure 4). We further sort the weights in order as shown in the right 

image in Figure 6, it illustrates that the 1st weight can be any value between -4 to 4 while the occurrence chance for all 

values are almost equal. 

ICONIP2019 Proceedings 15

Volume 15, No. 3 Australian Journal of Intelligent Information Processing Systems



        

Figure 4. The value of the 𝟏𝐬𝐭 weights of input layer in trained 500 time with random initialization (left: original sequence, 

right: sorted sequence) 

Although the weights do not converge to a specific value, in Table2, we note that regularization and evolutionary 

algorithm have two similar pairs of weights. In this case, it is worth validating whether the selected input features consist 

of some explicit information for distinguishing fake and real smile.   

By assuming the input data with index (200,467) as the compressed data, the space of this compressed data is 

visualized in Figure5. In this figure, the fake and real smiles are split by the red line that is also considered as the 

classification boundary. Although there are some false positive samples in the Figure 5, the 200𝑡ℎ and the 467𝑡ℎ input 

data still form a linearly separable space. 

 

Figure 5. The visualization of compressed data in 2-dimensional space 

 

The parametric equation of the red line is determined by a linear SVM, and it results in a closed-form expression for 

predicting a real or fake smile. Assume the diameter of pupil is denoted by 𝑙, while 𝑙𝑛 presents the size of pupil after 

stimulated by a smile by 𝑛 seconds. The category of the smile can be determined with the following equation: 

𝑦 = 𝑠𝑖𝑔𝑛 (

𝑙
467∗

10
541

𝑙
200∗

10
541

∗ 0.449 + 0.467) 

= 𝑠𝑖𝑔𝑛 (
𝑙3.696

𝑙8.632
∗ 0.449 + 0.467) (6) 
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Here the 𝑠𝑖𝑔𝑛(𝑎) operation returns 1 if 𝑎 > 0, and returns -1 if 𝑎 < 0, where 1 and -1 represent fake and real smile 

respectively. It is notable that the index of feature in Equation 6 is scaled by the fps of the dataset. The ratio of the 

observer’s pupillary diameter 3.696 and 8.632 seconds after smile stimulation can determine whether the smile is fake. 

 

4. Conclusion and Future Work 

In our work, we develop a prediction model with a testing accuracy of 93%. We then compress the feature of samples, 

which results in an analytical expression for identifying whether an observer is watching a real or fake smile based in our 

dataset. 

For neuron pruning, the distinctiveness angle reflects the performance of neurons by comparing each vector pairs 

generated by these neurons. However, the setting of threshold angle lacks of validation, In this case, we can hypothesize 

a threshold angle might only work on a specific data space, and it is worth discovering a method for calculating the value 

of the threshold with a given dataset. At the same time, we consider performing distinctiveness angle measure after a 

global normalization over all weights could have better performance. Besides, the pruning by thresholding distinctiveness 

angle only considers the individual performance of each neuron while it would break the global feature constructed with 

multiple neurons at the same time. One alternative idea is clustering neurons and performing pruning to one neuron cluster. 

The data compression step leads to an accurate prediction model with a high compression rate. Both the performance 

of regularization and evolutionary algorithm methods result in acceptable testing accuracy, the evolutionary algorithm is 

more time-consuming. One reason is that its processing requires no gradient, which leads to an enormous time cost of 

mutation operation. At the same time, due to the limited size of our dataset, the network performance is strongly influenced 

by the initialization of the weights. Under such circumstance, we can conclude that regularization method is more suitable 

for our problem as it is more lightweight. 

The small dataset restricts the generalization of our analytical expression. Our research conclude the result in Asian, 

while a general conclusion should be based on a larger dataset.  
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Abstract. Despite some positive results, research on electroencephalography (EEG) biometrics is still in an
exploratory phase. The sensitivity of EEG to physical and mental states leads to considerable intra-individual
variations that can have a serious negative impact on biometric performance. One open question is the stability
of EEG biometrics in relation to the consistency of performance across diverse human states. This paper
investigates the idea of using functional connectivity (FC) and convolutional neural networks (CNN) for stable
EEG biometrics. Specifically, the proposed learning model consists of two modules: an FC module which is
designed to capture dynamic coupling relationships between brain regions, providing a bivariate measurement
that is more stable than current methods relying on univariate signals or features extracted from single channels;
and a CNN module to automatically learn inherent FC representations that exhibit unique patterns to each
individual. The fusion of FC and CNN provides effective biometric identifiers and strong discriminatory power
that relaxes the reliance of current methods on human states or sensory stimulation. Evaluation of the model
uses ongoing EEG in different human states and both the identification and authentication scenarios. Results
validate the effectiveness of the model in learning identity-bearing information from EEG in both biometric
scenarios. Compared to current methods, the improvement brought by the proposed learning model is clear,
especially in handling EEG signals in diverse states.

Keywords: EEG biometrics · Authentication · Functional connectivity · Convolutional neural networks · Deep
learning.

1 Introduction

EEG presents a promising modality for biometrics applications with its potential capability to support privacy
compliance, high-level security, robustness against spoofing attacks, and continuous monitoring [1]. Despite these
advantages, EEG is also known to be sensitive to the physical and mental states of humans, exerting a negative
impact on the stability of using it for biometric applications. This stability issue of EEG biometrics needs to be
properly addressed before the systems can be practically deployed.

Currently, one way to address this issue is to control the states of humans using sensory stimulation embedded
in elaborate signal acquisition protocols. This type of method is based on event-related potential (ERP) signals and
is therefore commonly referred to as ERP biometrics, where ERP signals are obtained by averaging multiple EEG
signals corresponding to certain pre-designed stimuli. Research on ERP biometrics mainly focus on identifying
suitable sensory stimuli and designing proper elicitation protocols based on the stimuli identified. For example,
an ERP biometric protocol, named CEREBRE, combines eight different types of images (visual stimulation) to
trigger pre-anticipated brain responses which exhibit individual-distinctive patterns [2]. Another study uses a grid-
shaped flickering line array as visual stimuli to induce steady-state visual evoked potentials (SSVEP) for individual
identification [3]. Nevertheless, their design of the SSVEP paradigm uses Korean characters as basis which limits
its application only to people who understand Korean words. ERP biometrics usually achieve high recognition rate
since it allows tightly control of the human cognitive states. However, this advantage highly relies on the repetitive
sensory stimulation and tight control of the signal acquisition procedures which limits the application scenarios of
ERP biometrics.

In comparison, ongoing EEG is free from particular stimulation, making it able to support more flexible appli-
cations. However, relaxing the signal acquisition conditions also means losing control of the human states, which
further means that biometrics based on ongoing EEG will face a more serious stability issue. This partially explains
why existing research in ongoing EEG biometrics mainly focus on resting-state EEG or require subjects to perform
specific tasks [4].

In this paper, we aim to address the stability issue of ongoing EEG biometrics to support more reliable and
applicable EEG biometric systems. A computational method based on functional connectivity (FC) and convolu-
tional neural network (CNN) is proposed to dig out the identity-bearing information from ongoing EEG in order
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to support stable EEG biometrics against the human states. The following Section 2 summarises the related works
of ongoing EEG biometrics from the perspectives of feature extraction and classification. Section 3 presents the
proposed methodology, followed by experimental design in Section 4, and results in Section 5. Conclusion and future
work is summarised in Section 6.

2 Related Works

Existing methods are mainly based on combinations of conventional classifiers (e.g., support vector machines and
neural networks) and univariate features extracted from signals of single channels (e.g., autoregressive (AR) coeffi-
cients [4], power spectral density (PSD) [5], and entropy estimates [6]). However, univariate features are sensitive to
EEG fluctuations which are inevitable due to circadian rhythms, data collection problems, and different recording
conditions [7]. This problem can be properly addressed by brain functional connectivity [8] which is a bivariate
measure capturing the coupling relations of two signals. This property is useful in reducing the intra-individual
variations to improve the performance of biometrics systems based on EEG.

Spectral coherence, phase lag index and phase locking value have been investigated to construct functional
connectivity for EEG biometrics [9–11]. In these studies, the connections over scalp are either used directly as
features [9] or used to generate connectivity networks in which handcrafted features are extracted based on the
topological characteristics (e.g., node degrees [11] and eigenvector centrality [10]). Unfortunately, neither of these
two ways makes full use of the value of functional connectivity over the scalp. A more effective classification model
should be used to automatically learn deep and significant representations from the EEG connectivity networks,
instead of applying conventional classifiers.

Deep learning provides a possible solution for classification of EEG signals. Results of related work have indicated
that the representations automatically extracted by the deep learning models are more discriminative and robust over
time than handcrafted features with conventional classifiers [12]. CNNs have been proposed to EEG-based person
identification and authentication in recent studies, achieving promising results [13–15]. These studies use CNN
directly on the EEG amplitude fluctuations. However, as mentioned, EEG amplitudes are sensitive to many factors
such as mental states, noise, or simply signal acquisition solutions, making the extracted representations invalid to
changes. A signal processing module that can provide stable inputs while facilitating the learning process is one
way to improve performance and stability. A deep learning model integrating functional connectivity was proposed
for biometric identification in a recent work [16]. This study continues investigating the idea of using functional
connectivity and deep learning algorithms (using a classic convolutional neural network) for EEG biometrics, in
both biometric identification and authentication scenarios.

3 Methodology

The proposed method integrates a functional connectivity estimation module and a deep learning module based
on CNN which learns discriminative patterns from the FC maps estimated by the first module, as illustrated in
Fig. 1. The signal processing workflow starts with band-pass filtering (0.5-42 Hz) and denoising, followed by feature
extraction and classification by the two main modules.

Fig. 1. Proposed method
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The input of the FC module is the multi-channel pre-processed EEG signal and the output is two-dimensional
FC maps generated by estimating coordinated activation over different brain regions. To measure this coordinated
activation, we consider phase synchronisation which is an important category of functional connectivity in the EEG
domain demonstrated to yield a more robust connectivity estimate than calculating Pearson correlation or mutual
information on EEG amplitudes in temporal domain [16,17].

Let x1 and x2 denote EEG signals from two different channels (electrodes), respectively. The relative phase of
these two signals is then defined as follow,

∆φr(t) = |φxi(t)− φxj (t)| mod 2π (1)

where the instantaneous phase of a signal, φx(t), is calculated by Hilbert transform of the signal timeseries x(t). To
measure the degree of phase synchronisation of the two signals, we calculate the ρ index [18] (hereinafter referred
to as the RHO index) which is defined based on the Shannon entropy on top of the relative phase. It measures
the degree of phase synchronisation by describing how far the relative phase ∆φr(t) is deviated from a uniformly
distributed phase as follows,

RHO(xi, xj) =
Suni − S
Suni

(2)

where Suni is the entropy of the uniform distribution (the maximum entropy) and S = −
∑N

k=1 pk ln(pk) is the
entropy of relative phase ∆φr(t). The probability pk is approximated by generating a histogram of the relative
phases. In our previous study, we found that functional connectivity based on RHO index exhibits higher individual-
distinctiveness than that based on phase locking value and phase lag index. The value of RHO index has a range
of [0, 1], in which the two boundaries refer to the absence of phase synchronisation (low functional connectivity)
and perfect phase coupling (high functional connectivity) between the two signals, respectively. In addition, beta
band (13-30 Hz) is selected for FC estimation according to a previous finding that high-frequency bands, beta and
gamma bands, are more related to human distinctiveness than low-frequency bands [16].

Given signals from N channels (electrodes), the beta-band RHO is calculated for signals from every two channels
over the scalp, generating a symmetric matrix MN×N , in which Mij = Mji denotes the FC between signals from
channel i and j. This matrix is the two-dimensional FC map fed into the following CNN module for automatic
feature extraction and classification.

The CNN composes of seven layers, as illustrated in Fig. 1, including a input layer (N ×N), cascading of two
convolution layers (4 × 4, 32, activation function: ReLU) + max-pooling layers (2 × 2), a fully-connected layer
(128, activation function: ReLU), and a output layer (Softmax). In convolution layer, convoluted feature maps are
extracted by local linear filters and work as parallel filters to detect the structural representations from the EEG
functional connectivity inputs. Max-pooling is a sub-sampling procedure that reduces the spatial dimensionality of
each feature map while maintaining its discriminative characteristics. In the output layer, the Softmax function is
adopted to map the confidence scores for each class to a posterior probability distribution over the possible classes
according to

P (y = c|x) = ex
Twc

/( K∑
k=1

ex
Twk

)
where w and x denote the weight vector and the input vector of observation o, respectively. The training procedure
is based on iterating categorical cross entropy loss by the Adam optimiser. The initial learning rate is set to be
0.001 and the batch size is 200. Meanwhile, batch normalisation is adopted before the convolution layer and the
dense layer for accelerating the training speed. Furthermore, 25% dropout is applied after the max-pooling layers
and the dense layer to reduce possible over-fitting.

4 Datasets and Experimental Design

The proposed method is evaluated on two databases, namely the PhysioNet BCI [19] (database I) and a self-collected
database (database II). Database I contains EEG signals collected from 109 subjects during motor/imagery tasks.
The motor task involves fists or feet movements according to a sign displayed on the screen, and similarly, the
imagery task is about imagining doing the same movements in mind without physically doing so. A baseline task
of resting state eyes-open (EO) and eyes-closed (EC) is performed in front of the main tasks. For clarity, we refer
the motor and imagery tasks as physical movement (PHY) and imagery movement states (IMA), respectively. To
include more human states in our analysis, we collected Database II which contains EEG of 59 subjects under
EO and EC resting states, and two other tasks, including an attention task (ATT), and a picture narrative task
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(PIC). The ATT task require subjects to identify the red one from a sequence of letters that flashed past the centre
of the screen. And the PIC task asks subjects type their narratives of the picture shown on the screen in a text
box. During data collection, subjects are seated comfortably in front of a computer in a noise-control laboratory.
For data collection, a 64-electrode wet cap sampling at 160 Hz with a BCI2000 system is used for database I [20],
and 46 electrodes sampling at 250 Hz with a Cognionics dry-sensor system is used for database II. All the EEG
signals are referenced to the mean of signals from the earlobes. The placement of the electrodes are according to
the international 10-20 system. A moving window of one-second with 50% overlap is used for generating training
and testing samples. Table 1 summarises the database information.

Table 1. Details of the datasets

Database #Subjects #Electrodes States (#Samples/Subject)

I 109 64 EO(119); EC(119); PHY(239); IMA(239)

II 59 46 EC(119); EO(119); ATT(239); PIC(239)

Three experiments are designed for evaluating the proposed method in diverse human states. In experiment 1,
we evaluate the method using EEG in each single state of the two databases. This provides the baseline performance
of each method in diverse human states. Five-fold cross validation is used for splitting the training and testing sets.
In experiment 2, we train the method with only resting state EEG and test it under active states. The experiment
is designed to evaluate whether the method is capable of processing EEG signals in different active states when
only the resting state signal is available for training. This situation happens in real-life since resting states are
usually conducted in EEG experiments as baseline tasks for signal calibration. They are the most commonly used
conditions, neither relying on any stimulus nor active involvement of any task. In experiment 3, data of different
states are mixed for training, and the trained model is then tested in each state. Having a mixed training set of
signals in multiple states is one way to reduce the effects of intra-individual variations by forcing the model to
learn robust representations against the changing human states. The split of training and testing data is based on
five-fold cross validation.

In addition, the method is evaluated in both subject identification scenario and authentication scenario. In the
subject identification scenario, there is no claimed identity associated with each testing sample and the system needs
to identify the identity of the sample from the database based on the observation. Correct recognition rate (CRR)
is reported for performance evaluation. In the authentication scenario, each testing sample is associated with a
claimed identity (user identity) and the system needs to decide whether the observation is from the claimed identity
or from a intruder. The authentication experiments loop over all the N subjects in a database: when subject i is
used as the genuine user, all the remaining N − 1 subjects will be used as impostors to test the system. The final
results are the average of the above experiments. False accept rate (FAR) and false reject rate (FRR) are reported,
accordingly, in which the FAR measures the error rate of intruders being falsely accepted as genuine users and FRR
measures the error rate of genuine users are falsely rejected as intruders. The CRR, FAR, and FRR are calculated
as follows,

CRR =

∑N
n=1 Cn,n∑N

i=1

∑N
j=1 Ci,j

(3)

FRR =
FN

TP + FN
(4)

FAR =
FP

FP + TN
(5)

where C is the confusion matrix, and TP , TN , FP , and FN denote the number of true positive, true negative,
false positive, and false negative, respectively. Furthermore, a standard evaluation method, named detection error
trade-off (DET) curve, is adopted. The DET curve reflects the FRR as a function of FAR for different cut-off
thresholds, from which the equal error rate (EER) is computed.

5 Results and Discussion

We compared the proposed method with the popular features and methods of EEG biometrics (those using ongoing
EEG signals). Three widely-accepted types of features were selected, including the coefficients of the auto-regressive
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models, power spectral density functions, and fuzzy entropy. Each of them provide some information of individual
distinctiveness, and we combined these features together to further boost the performance. Since all the three
types of features are calculated based on EEG from each single channel, in other words, uni-variate features, we
refer to their combination as ‘UniFeatures’. CNN is selected as the classifier to have a fair comparison with the
proposed method. Using CNN for traditional uni-variate features is also supported by previous research [16] where
the results indicate that for the same input, CNN provides a higher CRR than traditional classifiers such as shallow
neural networks and support vector machine within a reasonable computation time. Furthermore, using a CNN to
directly learn from ongoing EEG signals is popular in recent years [13–15]. We refer to this method as ‘Raw+CNN’.
In summary, three methods are evaluated, including the proposed ‘RHO+CNN’, and two comparison methods
‘UniFeatures+CNN’ and ‘Raw+CNN’.

Fig. 2. Results in subject identification scenario (CRR averaged over 5 runs)

Fig. 2 shows the results of experiment 1, 2, and 3 in the subject identification scenario, where the bar/point
and the error bar represent the average CRR and the corresponding standard deviation of 5 runs. Among the
methods, the proposed method RHO+CNN consistently outperformed UniFeatures+CNN and Raw+CNN in three
experiments on two databases. In experiment 1, an average CRR of 99.94%± 0.06% is achieved in identifying 109
subjects on database I; and an average CRR of 99.86%±0.05% is achieved in identifying 59 subjects on database II.
Compared to Unifeatures+CNN and Raw+CNN, RHO+CNN improves performance by 0.3% and 7.7% on average,
respectively. The superiority of RHO+CNN is more obvious in experiment 2 (training with only resting-state EEG
but testing with active-state EEG). The 99.69%± 0.02% and 99.70%± 0.02% CRR are achieved in PHY and IMA
states on database I, and 99.51%±0.02% and 99.17%±0.02% CRR are achieved in ATT and PIC states on database
II. The same trends can be found in experiment 3, where RHO+CNN achieved 100% and 99.92%±0.03% on average
in mixed states on the two databases, respectively.

Fig. 3 summarises the results of experiment 1, 2, and 3 in the authentication scenario, where the bar/point and
the error bar represent the average FAR and FRR and their corresponding standard deviations. The performance
gap between the algorithms in authentication scenario is larger than that in identification scenario, but the trend is
the same. Of the three methods, the proposed method RHO+CNN consistently achieved the lowest FAR and FRR
in the three experiments on both databases. In addition, the corresponding DET curves and EER are presented
in Fig. 4 and Table 2, respectively. The DET curve shows the FRR against FAR and EER is the error rate when
FAR=FRR. Both of them are standard evaluation metrics for authentication system. A EER of 0.87%, 6.86%, and
0.13% is achieved in experiment 1, 2, and 3, respectively, on database I, and a EER of 2.15%, 8.84%, and 1.39% is
achieved in experiment 1, 2, and 3, respectively, on database II. The EER of RHO+CNN is much lower than that
of Raw+CNN and UniFeatures+CNN, especially in experiment 2.

The results validate our hypothesis that functional connectivity contains robust identity-bearing information
and CNN is able to learn the deep representations of the identity-bearing information and generalise over different
human states. Specifically, the functional connectivity based on RHO synchronisation index is demonstrated to be
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Fig. 3. Results in authentication scenario (FAR and FRR averaged over subjects)

Fig. 4. DET curves of the methods in authentication scenario.
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Table 2. EER results in the authentication scenario (DB stands for Database, the results are corresponding to DET curves
in Figure 4).

Method
Experiment 1 Experiment 2 Experiment 3
DB I DB II DB I DB II DB I DB II

UniFeatures+CNN 1.15% 9.56% 19.27% 28.06% 0.93% 9.54%
Raw+CNN 10.00% 17.61% 26.25% 24.86% 4.26% 9.52%
RHO+CNN 0.87% 2.15% 6.86% 8.84% 0.13% 1.39%

more robust than the univariate features (combination of PSD, AR, and fuzz entropy features). It is more stable
against different human states and less affected by the intra-individual variations caused by cognitive states than the
univariate features. A possible explanation is that each type of these handcrafted features presents characteristics
of signals from a certain perspective, and these characteristics are states-dependent, leading to high intra-individual
variations. As a result, these features are hard to generalise over different human states. Functional connectivity
can also be affected by the human states, however, the identity-bearing information it contains is more robust.
Regarding the Raw+CNN method, although it has been proposed as a promising solution to EEG classification
in many recent studies, it is too sensitive to intra-individual variations due to the direct use of EEG amplitudes,
therefore, not a suitable solution to EEG biometrics. Results of experiment 2 further validate this concern, especially
in authentication scenario. For example, on database I, the FRR of Raw+CNN is around 0.3 in experiment 1,
however, it dramatically increases to above 0.8 in experiment 2, which indicates that the method is seriously
affected by the fluctuations of the signals. Results of the three experiments also imply that the Raw+CNN can not
handle the dynamic EEG in different states and its performance largely depends on the training sets.

In summary, the findings demonstrate that the proposed method RHO+CNN can handle EEG signals in different
states, even those that have not been seen during the training stage. In addition, comparing results of experiment 2
and experiment 3, we can notice an improvement of performance for each method, which suggests that having a good
training set is useful to improve performance. Due to the accumulated intra-individual variations, representations
learned from signals in one state tend to become less effective in another state. And collecting a good training set of
signals in different states (different sessions or dates if possible) is one way to reduce the effects of intra-individual
variations.

Regarding the training time, the deep learning-based method is usually more computationally expensive than
the traditional classifiers. However, the popularisation of GPUs and other specialised hardware, as well as the
parallel computing packages and software meet the requirement of the increased computational complexity. In our
experiments, the training process of CNNs only took less than one minute with Intel Core i9-7900X processor and
NVDIA GeForceGTX 1080 GPU using TensorFlow. The proposed method converged fast within about 10 training
epochs. In contract, the Raw+CNN took around 25 epochs to converge. It is also worth noting that the complexity
decreases significantly after the weights of the model have been learned in the training stage.

6 Conclusion and Future Work

This paper investigated the idea of using a deep learning model integrating functional connectivity for stable
EEG biometrics. The model consists of two components: a feature extraction component which estimates dynamic
functional connectivity from the ongoing EEG signals, and a CNN component that extracts deep biometric repre-
sentations from the connectivity maps generated by the first component. The proposed method was evaluated in
both subject identification and authentication scenarios, and results validate that it can handle EEG signals in dif-
ferent states and provide stable performance. Compared to existing methods using univariate features or using deep
learning models on EEG amplitudes, the proposed method can learn more robust identity-bearing representations
and generalise over different states with a higher level of stability.

Regarding future plans, we will focus on the continuous authentication problem. It is well discussed in the
literature that ongoing EEG is a natural continuous data source that suitable for continuous biometrics. However,
research on EEG-based continuous authentication is still at the conceptual stage and many issues need to be properly
addressed, such as the template-ageing effects and non-stationary characteristics of EEG dynamics. In addition, we
will focus on EEG signal augmentation and reconstruction to facilitate deep learning and address the problem of
insufficient or missing training data that often occurs in the practical application of EEG.
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Abstract. User intent is a goal that underlies a user-generated utterance which plays a critical role in many
intelligent applications, such as dialog systems and search engines. Most previous works focus on intent under-
standing as a supervised classification problem with the hypothesis that the utterances are labeled in predefined
intents. However, how to detect emerging user intents where no labeled utterances are currently tentative. In
this paper, we present a zero-shot learning approach for intent understanding, it can predict intents at runtime
that did not exist at training time. Our approach extracts semantic features from exiting intents and emerg-
ing intents respectively by the Convolutional Neural Networks, and then discriminates emerging intents via
knowledge transfer from existing intents. Experiments on a real world dataset show that our model performs
better to discriminate emerging intents when no labeled utterances are available.

Keywords: zero-shot learning · intent understanding · knowledge transfer.

1 Introduction

With the continuous development of computer technology, human beings have made great progress in the field of
artificial intelligence (AI). AI has moved from concept to reality. More and more mature applications of AI appear in
our lives, such as speech recognition, image search, advertising recommendation, risk prediction, driverless cars and
so on. Faced with such diverse forms and functions of intelligent applications, people expect that human-computer
interaction can become more direct, simple and arbitrary, but there are many challenges to achieve this vision. From
the perspective of human, the spontaneity of interaction intention, the randomness of input data, the difference of
user behavior are the main factors affecting the results of human-computer interaction [1]. In order to realize the
natural interaction between human and machine, the key is the accurate understanding of the potential intention
of the user utterances [2]. Intention understanding technology emerges as the times require.

Intention is the purpose or goal expressed in user-generated utterance, such as answering questions or processing
billing payments. By identifying the intention expressed in the user-generated utterance, the service can select the
correct conversation flow to respond to it. Recent developments in user intent understanding are proposed to classify
user intents given their diversely expressed utterances in the natural language [3][4]. These methods usually are
based on existing predefined intents which are human-labeled. However, these methods cannot handle new intents.
At present, the standard solution is to re-train the model by adding new intents, it requires human effort for
annotation and it is labor-intensive and time-consuming [5][6]. How to solve the problem of intents expansion in
intent understanding is still a great challenge in the field of natural language understanding.

Zero-shot learning may be is an imperative ability to develop intent understanding with the emerging intents. It
has been used in many domains. El-Kahky et al. showed knowledge graphs and click logs can be used for extending
the domain coverage [7][8]. Kim et al. proposed to generate the mapping between semantic slots across domains
by learning semantic label embeddings [9]. Both studies implied that semantics is the key to domain expansion
and they thought the semantic information from different domains can be shared [10]. Kumar et al. has proposed a
neural joint attribute learning framework for performing new domains classification along with the existing domains.
However, to address this problem of unobserved output classes at test time, they just project attributes into an
embedding space, for inputs as well as classes[11]. This architecture has achieved some achievements in datasets, it
is difficult to find mapping functions in full sample space by using existing training samples. To solve this problem,
we propose a new architecture based on Convolutional Neural Networks (CNN). CNN is considered to be the most
classical algorithm for extracting text semantic representation [12], so we will use CNN to realize the semantic
representation and spatial mapping of input and existing intents. while, we obtains the emerging intents semantic
space by calculating the similarity between emerging intents and existing intents.

In this paper, we proposed a zero-shot learning architecture of user Intent understanding by Convolutional
Neural Networks. We will evaluate the model with other multiple network architectures on datasets and report
their impacts to the model accuracy. It is worthwhile to highlight our contributions as follows:
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– First, We performed CNN to do both semantic feature extraction and semantic space mapping, which is the
attempt in the field of intention understanding.

– Second, we propose the idea of using similarity between intents to obtain emerging intents space. This method
solves the problem of model transfer in the field of intention understanding, improves the utilization of models
and reduces the cost of manpower and time.

– Third, empirical improvements over previous works: We evaluate our model on datasets, and stability of the
algorithm is proved from multiple point of view.

2 Architecture

We consider intent understanding as a problem of classification. Given a labeled training dataset, the intent un-
derstanding task tries to associate an utterance with its correct intent category in the existing intent classes, and
zero-shot intent understanding task aims to detect an utterance emerging which belongs to one of emerging intents.
There are two hypotheses in this paper. The first assumption is that the number, name and attributes of emerging
intent categories are known. The second hypothesis is that whether the input belongs to the existing intention or
an emerging intention is known.

We propose the architecture has two parts including existing intent classification and emerging intent classifica-
tion. Existing intent classification is trained to discriminate among utterances with existing labels,we call it existing
intents detection. Emerging intent classification has the zero-shot learning ability, it could utilize existing intent
classification for discriminating unseen labels, we call it emerging intents detection. As shown in Fig.1, the cores of
the proposed architecture are three types of networks: semantic network, detection network and zero-shot detection
network. Semantic network extracts semantic features from the utterance, detection network discovers the semantic
map space to classes for intent detection, and zero-shot detection network is to discriminate emerging intents.

Fig. 1. Zero-shot learning architecture of user intent understanding

The working principle of intent understanding under this framework is as follows: first, input utterance is
extracted through semantic network, which is divided into two parts: input sentence to vector conversion and
general high-dimensional vector to low-dimensional semantic vector conversion. The output of the network is the
representation of input semantic features, and is the input of the following two networks. When the input is a
sentence of a given category, the output of the semantic network goes directly into the detection network. The
network mainly completes the mapping between features and categories. The supervised method is used to train
the model. The output of the network is the category vector. The dimension of the vector is the same as the number
of categories. The vector value is the probability value of the mapping between inputs and categories. When a
sentence is input into an unknown category, the output of the semantic network will enter a zero-shot detection
network. The zero-shot detection network will map the unknown category and the known category, then map the
input and the known category through the trained detection network, and finally transform the output category
vector between the categories. Based on this mechanism, the classification of unknown intent can be achieved, and
then the problem of sample annotation and model re-training can be also solved.

3 Approach

We propose an architectures including three networks. Semantic network is trained to extracting semantic features
based on CNN for utterances and intents respectively. Detection network is to discriminate among utterances
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with existing intents. Zero-shot detection network that gives zero-shot learning ability to detection network for
discriminating unseen labels.

3.1 Semantic Network

Semantic network used CNN to extract semantic features of the input. It converts the text into a matrix similar to
image. The input layer is a word matrix in which rows are represented by words corresponding to each word and
vertically all words in a sentence. This can be said to be the word embedding in a sentence. Word embedding is a
representation method with word semantics, which is different from one-hot encoding. Word embedding results in
dense vectors. The word vectors used is word2vec.

we uses convolution method to extract text features, which is also the core of the network structure. As shown
in [12]. The sizes of convolution kernels are 3,4,5 respectively, which means that they are computed as a window on
3,4,5 words. Let k be the k-dimensional word vector corresponding to the i-th word in the sentence. A sentence of
length n is represented as

x1:n = x1 ⊕ x2 ⊕ ......⊕ xn (1)

where ⊕ is the concatenation operator. A convolution operation involves a filter w, which is applied to a window of
h words to produce a new feature. A feature ci is generated from a window of words xi : xi+h by

ci = f(w · xi : xi+h + b) (2)

This filter is applied to each possible window of words in the sentence to produce a feature map:

c = [c1, c2..., cn−h+1] (3)

3.2 Detection Network

The output of semantic network are low-level vector representations of different semantic features extracted from
the utterances. Here, the full connective layer receives the vectors. If n is the number of categories, the number
of neurons in the full connective layer is n. Through the full connection layer, the classifier can be trained. The
probability of each category can be obtained by using the softmax method.

3.3 Zero-shot Detection Network

To detect emerging intents, zero-shot detection network is designed to transfer knowledge from existing intents to
emerging intents. We think the intent labels also contain knowledge. The zero-shot detection utilizes vote vectors
from existing intents, it builds intent representations for emerging intents via a similarity metric between existing
intents and emerging intents. The similarity between an emerging intent zl belongs to Z and an existing intent yk
belongs to K is computed as:

qlk =
exp {−d (ezl , eyk

)}∑k=1
K exp {−d (ezl , eyk

)}
(4)

where

d (ezl , eyk
) = (ezl , eyk

)
T

−1∑
(ezl , eyk

) (5)

ezl ,eyk
are intent embeddings computed by the sum of word embeddings of the intent label.

∑
models the

correlations among intent embedding dimensions. We used two methods for the prediction vectors for emerging
intents. One method called model-1 is to calculate the similarity between the two categories including existing
intents and emerging intents first, then it does the category mapping and re-label the training samples. In this
mapping process, the samples of known classes are re-labeled to the unknown classes based on the similarity which
is the original samples are changed the category into the new mapped sample category. We then use the new labeled
samples to train the model for prediction, as shown in Fig.2. Another method which is called model-2 does not
need re-labeled samples and re-training models, it depends on the intention model which has been trained. A new
utterance is input into the existing intents prediction model, the vote vector of the existing intents are obtained.
Then the vote vector of the existing intents model are transformed into the vote vector of the emerging intents by
using the similarity between the existing intents and the emerging intents. The calculation formula is as follows:
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ul/r =
k=1∑
K

qlkgk,r (6)

Where gk,r is the output of detection network whose utterance is the emerging intents utterance. ul/r is the
emerging intents votes for unseen intents. The comparison of the votes between the unseen intents is calculated and
the max is the output.

Fig. 2. Zero-shot learning architecture of user intent understanding in modle-1.Orange vector and blue vector represent
existing intents and emerging intents respectively. Black vectors represent sample data.Pink representation training network
based on CNN.

Fig. 3. Zero-shot Detection Network in modle-2.Orange vector and blue vector represent existing intents and emerging intents
respectively. Black vectors represent sample data.Pink representation training network based on CNN.

4 Experiments

To demonstrate the effectiveness of our proposed models, we apply zero-shot detection network to detect emerging
intents in a zero-shot intent detection task. We used two methods to do the same tasks and compared the results
with other baseline methods. The working process is shown in Fig.4.

30 ICONIP2019 Proceedings

Australian Journal of Intelligent Information Processing Systems Volume 15, No. 3



Zero-shot learning of user intent understanding by Convolutional Neural Networks 5

Fig. 4. The working process of our experiment. Vector size comes from training data. The final blue vector represents the
vote vector of the intents.

4.1 Experimental Data

In this paper, we use the real-word dataset SNIPS Natural Language Understanding benchmark (SNIPS-NLU).
SNIPS-NLU is an English natural language corpus collected in a crowd sourced fashion to benchmark the perfor-
mance of voice assistants. The SNIPS-NLU dataset has five seen classes including and two unseen classes. Both of
the methods have the total number of training samples is 98888 and testing is 3914. As shown in table 1.

Table 1. The dataset of SNIPS-NLU.

Dataset

Vocab Size 10,896
Number of Samples 13,802
Average Sentence Length 9.05
Number of Existing Intents 5
Number of Emerging Intents 2
Number of Training Data 9888
Number of Testing Data 3914

4.2 Baselines

We compare our proposed model with five zero shot learning strategies:
1) DeViSE [13] use a linear compatibility function between utterances and intents, it trained to using both

labeled data as well as semantic information gleaned from unannotated text.
2) CMT [14] introduces non-linearity in the compatibility function. It has been used in image classification and

the model can operate on a mixture of seen and unseen classes, which is achieved by seeing the distributions of
words in texts as a semantic space for understanding what objects look like.

3) CDSSM [15] uses CNN to extract character-level sentence features, where the utterance encoder shares the
weights with the labeled coder. For the utterance, the estimated semantic score between the utterance and the
intent is defined as CosSim. Then predicted intent for each given utterance is decided according to the estimated
semantic scores.

4)Zero-shot DNN [16] further improves the performance of CDSSM by using separate encoders for utterances
and intent.

5)Zero-shot user intent detection via Capsule Neural Networks [17] showed and interpreted the effectiveness of
our model on two real-world datasets. In our two models, we use the same method of the similarity between existing
intents and emerging intents.
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4.3 Results

We report results on zero-shot intention detection task in Table 2. We will report accuracy and average precision,
recall and Fscore as performance measures. The accuracy of a method is the rate of the correctly predicted intents
in total of inputs. The precision, recall and F-score are calculated for each intent class and then averaged to get the
overall numbers. The precision and recall of an intent class is calculates as the rate of the correctly predicted intents
in the total of predicted intents. Recall is the rate of correctly predicted intents in total of human annotated. The
F-score for the given intent class can then be calculated as harmonic mean of precision and recall.

As can be seen from the table 2, both of our models performs much better than other baselines that adopt different
zero-shot learning strategies. Compared with other methods, the accuracy of our models is ten percent higher than
the best performance of these models, which is a great improvement for classification of intent understanding. Based
on this result, we think the model may be displaying a transfer learning effect from annotated data to grammar
generated and zero-shot classes.

Compare the results of our two models, the model-1 has the better effect than model-2. For the reason of this
phenomenon, we believe that the model-1 is retrained by the transformation of sample labels, which eliminates the
transformation process of intermediate results and makes the model more direct in predicting emerging intents.
However, there is a problem that the simple sample label transformation not only takes time to retrain the model,
but also makes the parameters of the model static, and the model becomes a fixed model which is not flexible. In
model-2, although the accuracy rate is slightly lower, the vote results of five existing intents are recalculated for each
utterance. Combining the two vectors of vote results and category similarity, the final classification of utterance is
predicted with high flexibility. Therefore, how to combine the advantages of the two models will be our future work.

Table 2. Query intent detection results with different methods

Method Accuracy Precision Recall F-score

DeViSE 0.7447 0.7448 0.7447 0.7446
CMT 0.7396 0.8266 0.7396 0.7206

CDSSM 0.7588 0.7625 0.7588 0.7580
Zero-shot DNN 0.7165 0.7330 0.7165 0.7116

INTENTCAPSNET-ZSL 0.7752 0.7762 0.7752 0.7750
Our model-1 0.8954 0.8962 0.8954 0.8951
Our model-2 0.8562 0.8573 0.8962 0.8958

5 Conclusion And Future Work

In this paper, we presents an architecture for the problem of intention understanding under zero samples. Based
on the model, we do a series of intention understanding tasks as the experiments to verify the practicability of
the model. The results showed that the model could improve the accuracy and ef?ciency of the machines intent
understanding.

In this architecture, we performed CNN to do both semantic feature extraction and semantic space mapping,
which is the attempt in the field of intention understanding. Meanwhile, we propose the idea of using similarity
between intents to obtain emerging intents space. From the results, this method can solve the problem of mod-
el transfer in the field of intent understanding, and the practical significance of this result is improving models
utilization and reduces the cost of manpower and time.

CNN is a classical text feature extraction method, but how to focus on the semantic information on the extracted
feature vectors, so as to improve the accuracy of classification results is the future work. And how to combine the
advantages of the two models will be our another future work
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Abstract.  The goal of this study was to develop a feedforward neural network to predict humans’ ability to correctly 
identifying manipulated or unmanipulated digital images with accuracy above 67%. This prediction accuracy is higher 
than previous work which utilised expert designed features. We experimented with the distinctiveness network 
reduction techniques proposed by Gedeon and Harris (1999) on a feedforward network trained by backpropagation. 
Our research showed that the network reduction technique is useful in reducing the network size to minimize 
computational resources usage. This was achieved without sacrificing much of the prediction performance for the task 
of predicting humans’ ability on identifying manipulated images. In addition to this, we compared the effectiveness of 
the distinctives network reduction technique when the weights were trained with backpropagation versus genetic 
algorithm. Our results showed that the effectiveness of the network reduction technique is highly dependent on the 
weight assigned to each hidden neuron.Thus, the network reduction technique performs significantly better when it is 
applied to the network trained by a genetic algorithm. 

Keywords: Detect image manipulation, Eye gaze tracking, Feedforward neural network, Network reduction technique, 
Genetic algorithm 

1   Introduction 

Digital images are an important format for people to obtain information. With the help of simple and convenient image 
editing software, manipulating an image could be done by anyone more easily. Inappropriate manipulated images have 
been seen in a wide range of media such as news sites, social media, scientific journals, and propaganda. The information 
reliability of digital image formats needed to be questioned. Whether people can detect manipulated and unmanipulated 
digital images has become an interesting topic to explore. In recent Imperfect Understandings Research [1], Caldwell et 
al experimented on humans’ perception of manipulated and unmanipulated digital images. The research indicates that the 
ability of participants to correctly identify manipulated and unmanipulated images was poor to moderate with a mean 
accuracy of 56.0%. In this paper, we explored whether  a feedforward neural network (FNN) is sufficient to predict 
humans’ ability to detect manipulated digital images based on their eye gaze data. 
 
When we applied FNN to the task of the predicting humans’ ability to recognize manipulated images, one major question 
is how to optimize the number of hidden neurons in each hidden layer. If the number of hidden neurons is too large, the 
FNN might overfit. If the number is too small, the FNN might fail to capture the pattern in the dataset. An appropriate 
number of hidden neurons could minimize the computation resources without sacrificing too much of the FNN’s 
prediction power. We applied the distinctiveness network reduction technique proposed by Gedeon and Harris [2] to 
identify and remove redundant hidden neurons in the FNN.  
 
We found that the efficiency of distinctiveness network reduction technique was highly dependent on the weights assigned 
to the FNN. In Gedeon and Harris’s previous work [2], backpropagation was mainly used to assign weights for each 
hidden neurons. One of the major disadvantages of backpropagation is that, the gradient search technique might stuck at 
the local minima and fail to assign global optimal weights to the network [3]. A Genetic algorithm has proved to be useful 
in approximating global optimal weights when training FNNs [3]. We experimented on whether an FNN trained by 
genetic algorithm could improve the performance of the distinctiveness network reduction technique. We compared 
different configurations of mutation and cross over in increasing the effectiveness of the reduction technique.  

2   Methodology 

2.1   Dataset information and data pre-processing   

The eye gaze dataset adapted for this paper includes the following columns: 
• participant - id number of the participant  
• num_fixs - the total number of fixations by the participant when looking at the image 
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• fixs_duration - total amount of time (in seconds) that the participant spent looking at the image 
• num_man_fixs - total number of fixations by the participant when looking within the target area 
• man_fixs_dur - total amount of time (in seconds) that the participant spent looking within the target area 
• image_manipulated? - whether the image the participant views is the manipulated or unmanipulated version  0 

= unmanipulated, 1 = manipulated 
• votes - this is the verbal opinion of the participant as to whether the image is manipulated or unmanipulated  0 = 

voted unmanipulated,  1 = voted manipulated,  2 = don't know 
• There were 80 participants and were divided into two cohorts evenly. Each cohort viewed the identical 5 

manipulated images and 4 unmanipulated images. In addition, each cohort viewed 5 differentiated images where 
one cohort viewed the manipulated version while the other viewed the unmanipulated version.  

 
Given the objective of this network is to predict whether a participant could correctly identify the manipulated or 
unmanipulated digital image using their eye gaze data, the input features are the eye gaze related data: the first four 
columns of the dataset. The target output is a binary class: class ‘True’ when the participant’s vote equals to the true label 
of the image; class ‘False’ when the participant’s vote differ from the true label of the image. The target output column 
was obtained by applying a Boolean NOR function to ‘image_manipulated?’ and ‘votes’ 
 
We applied standard z-score normalisation to the input features to increase the accuracy and efficiency of the classification 
model [7]. This was because  the scales of the four input features vary and some of them (‘num_fixs’) lie in a relatively 
large scale. 

2.2   Feedforward neural network model design and performance measurements 

We developed  a two-layer fully connected neural network. One input layer with four neurons corresponded to the four 
eye gaze input features. One hidden layer with specified hidden units. One output layer with two output neurons 
corresponded to the binary classification labels.  
 
Given that the datasets were small, the dataset was split by participants into 10 folds to perform 10-fold cross validation. 
The dataset is reasonably class balanced (59.7% is labelled as ‘1’ and 40.3% is labelled as ‘0’), hence using accuracy is 
sufficient to estimate how accurate the network is in predicting the class label for a new data pattern [3]. Each fold was 
run 10 times to reduce the effect of randomness. We calculated the confusion matrix of each fold in each run. Each fold’s 
test accuracy was the median of the 10 runs. The test accuracy of the trained FNN was the median of the 10 folds.   
 
Given a new person’s eye gaze data of an unknown digital image, the trained FNN is used to predict whether this person 
is able to correctly classify it as manipulated or unmanipulated image. 

2.3   Local optimal number of hidden neurons experiment 

Local optimal number of hidden units is the number which maximize the generalisation performance at minimal network 
size. The objective of this experiment was to find the local optimal number of hidden neurons that produce the maximum 
test accuracy.  
 
We experimented with a range of number from 1 to 10 one by one using the FNN structured as in Section 2.2. Given it is 
a binary classification model, sigmoid activation function is sufficient [6]. The loss function is cross entropy error function 
[4]. The Adam optimization algorithm was applied since it is shown to be effective on a broad range of problems and is 
computationally efficient [5]. We calculated the median train and test accuracy for each testified number. We plotted the 
average test accuracies with respect to the number of hidden neurons on the same graph, and visually observed the 
theoretical local optimal number of hidden neurons.    

2.4   Network reduction technique design and implementation   

Network reduction technique is used to detect and remove redundant hidden neurons  in the network to reduce or minimize 
the network size. The main objective of this experiment was to observe the feasibility of the network reduction technique 
proposed by Gedeon and Harris [2] for the task of predicting a subjects recognition of manipulated images. 
 
We trained the network with hidden units of 10 using the same hyperparameters as in Section 2.3. Then we applied the 
network reduction technique. Lastly, we investigated the network performance in comparison with the local optimal 
model found in Section 2.3. The network reduction implemented is distinctiveness. It was used to measure the 
significance, similarity and complementarity of hidden units [2].  Below are the steps in finding redundant hidden neurons:  
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• Step 1: For each hidden unit, we constructed a vector that represented the functionality of the hidden unit in the 
pattern space. Each vector had the same dimensionality as the patterns space number in the training set. Each 
component in the vector corresponded to the output activation of the unit.  

• Step 2: We found the insignificant hidden unit by calculating the magnitude of the activation vector for each 
hidden unit. The hidden units that were significantly smaller than others were removed. The benchmark was 
calculated as 𝑄1 − 1.5 ∗ (𝑄3 − 𝑄1), where 𝑄1, 𝑄3 was the first and third quantile of all the activation vector 
lengths, any length below this number was recognised as significantly smaller than others.  An example of 
detecting two insignificant hidden units among total of 25 hidden units is shown in Fig.1.  

• Step three: we found the similar hidden units and complementary hidden units by calculating the vector angle of 
a pair of two activation vectors. After we removed the insignificant hidden unit, for the remaining hidden units, 
we computed the vector angles for all combination of two angle unit. If the angle between was smaller than 15 
degree, then these two hidden units were said to have similar behaviour, one of them was removed and the weight 
was added to the other hidden unit. If the angle between was greater than 165 degree, then these two hidden units 
were said to be complementary of each other, the effects cancel out by each other, thus we removed both of the 
hidden units. 
 

To evaluate the effectiveness of the reduction technique,  we applied the pre-reduction and post-reduction model on both 
train and test to observe the changes in network performance.  

 
Fig. 1. An example of detecting insignificant hidden unit. Each dot on the graph represents the activation vector magnitude of the ith 
hidden unit, the red line represents the benchmark for removal.  
 

2.5   Genetic algorithm design and implementation 

We found that the efficiency of network reduction technique proposed in Section 2.4  was highly positively related with 
the weights assigned to the network. We applied genetic algorithm to train the FNN to approximate the global optimal 
weights [7]. We built the FNN using genetic algorithm and  then re-applied the network reduction technique in Section 
2.4 to the FNN. The procedure of genetic algorithm is described in Fig.2. We also experimented with different 
configurations including mutation and cross-over methods to find out its relation to the performance of network reduction 
technique. 
 
We experimented with cross entropy loss function and train accuracy to determine a more appropriate fitness score. Each 
of the fitness scores was used to train the FNN, then applied  to the test set and calculated the test accuracy. We used the 
fitness score that results in highest median test accuracy at the evaluation stage in genetic algorithm. 
 
The  four combinations of we experimented with were:  

• Random cross over: each parent network has an equal chance to pass on its corresponding weight to its child 
network, that is each weight of the child network is randomly chosen from its “mother” network’s corresponding 
weight or its “father” network’s.  

• Adaptive cross over: the parent network with higher fitness score has a higher chance to pass on its weight to its 
child than the other parent.   

• Uniform mutation: the mutation probability to mutate the child weights is fixed for each time of evolution. For 
all the child network weights, each has an equal chance to be chosen and mutated to a random value.  

• Non-uniform mutation: at the early stage of the evolutions, the mutation probability is higher. Each child weight 
has equal chance to be mutated, and as the evolution time increases, the mutation probability decreases by a 
little.  Each of the mutation is combined with one of the cross overs to train a network, then apply network 
reduction technique to the network.  

 
To explore the relationship between FNN trained by genetic algorithm and the effectiveness of the network reduction 
technique, we compared the median and variance of test accuracy in this Section with the results in Section 2.3 and 
Section 2.4. 
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Fig.2. Genetic Algorithm to find the optimal network 

3   Results and Discussion 

3.1   Prediction performance of feedforward neural network 

As shown in Fig.3, most of the number settings resulted in above 60% of test accuracy.  The highest test accuracy peaks 
at 67.82% when there were three hidden neurons in the hidden layer. Thus, the local optimal hidden neuron is three 
neurons. This means that, given a new participant’s eye gaze data on an unknown image, the FNN with three hidden 
neurons is 67% accurate in predicting whether that participant can or cannot correctly classified the image as manipulated 
or unmanipulated.  

Caldwell et al mentioned in their Imperfect Understandings Research saying that eye gaze features were a partial reflection 
of an image that people non-consciously note and it is not always a predictor of conscious accuracy [1] . This means that 
using only eye gaze data as input to build the FNN might be insufficient. We could expect the prediction accuracy may 
be increased if we includes more relevant features as input.  

  
Fig. 3. The blue dotted line is the  median test accuracies of FNN with different number of hidden neurons in the hidden layer.  

3.2   Primary analysis of network reduction technique  

This section is a primary discussion of the network reduction technique in Section 2.3 applied to the FNNs built using 
backpropagation in Section 2.2. We mainly examined to what extent network reduction technique is helpful in minimizing 
the network size without sacrificing its power of generalization in our prediction application.  
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We first introduced a concept of reduction rate which is calculated by +,-./0	23	4566/+	+/,02+7	0/-28/6
5+595:;	+,-./0	23	4566/+	+/,02+7

.  As shown in Fig.4 
(Left), the reduction rate remains zero percent when the initial number of hidden neurons is below six. The  removal rate 
then fluctuates between 14% and 10%. None of the hidden units have been reduced to be less than the local optimal of 
three neurons. This means that the network reduction technique works for our application. It also did not over reduce the 
model to be too simple where underfitting might occur. In theory,  the reduction rate should be greater than zero once 
when the initial number of hidden neurons is larger than the local optimal number (three). It should also increase when 
the initial number increase.  This did not happen in our experiment. One of the reasons could be the limitation of 
implementation in Section 2.4: the scenario of three or more hidden units being similar or complementary were not  
considered and had not been removed from the possible unnecessary hidden units.  
 
We further investigated the network reduction technique with respect to the network generalization performance in our 
application. As shown in Fig.4 (Right),  the pre-reduction and post-reduction test accuracy remains the same when there 
were no hidden neurons actually being removed. For most of the cases where hidden neurons where removed, the median 
test accuracy before and after applying the reduction techniques varies in a fairly small range (less than two percent). This 
indicates that, the success of network reduction techniques did not come with the cost of reducing prediction accuracy in 
our application. When the initial neuron is 10, the post-reduction test accuracy was significantly smaller than that of the 
pre-reduction. This could be caused by the technique implementation limitation: some of the hidden units that had great 
generalization power were miss deleted. Overall, the network reduction technique is to some extent useful in pruning 
redundant hidden units while maintaining the prediction power when applying to our prediction task.  
 

 
Fig. 4. Left: Hidden neurons reduction rate with respect to the initial number of hidden neurons. Right: Test accuracy before (blue) 
and after (green) network reduction technique. 
 

3.3   Genetic algorithm and network reduction technique 

We found that network reduction technique described in Section 2.4 is highly dependent on the final weights assigned to 
each link in between hidden units. Whether to remove a hidden unit or not is determined by calculating the similarity and 
complementary of its weight vectors with other hidden units. In the discussion of Section 3.4, backpropagation is used to 
optimize the weights by calculating the gradient descent with respect to weights. However, one of the drawback in 
backpropagation is that, the gradient search technique could  trap at local minima and  not be able to assign global optimal 
weights to the network [3]. This might indirectly affects the efficiency of the network reduction technique experimented 
in Section 2.4.  Genetic algorithm is believed to be useful at finding the optimal weights that is close to global optimal 
[3]. This section discuss the experiments results in Section 2.5. We compared the performance of network reduction 
technique when it was applied to the two FNNs with 10 hidden neurons. One was trained by backpropagation, and the 
other was trained by genetic algorithm. We also investigated the effect of different choices in mutation and cross over 
configurations on the performance of network reduction techniques. 
 
We first determined the fitness scores that were used to evaluate the network generated. There are two common fitness 
scores being examined: train accuracy and train loss function using cross entropy.  Under uniform mutation and random 
cross over, the fitness scores that generates the highest median train accuracy was used as fitness scores. In the experiment 
of Section 2.5, train loss function using cross entropy was chosen.  
 
As shown in Table 1, while the reduction rates remain unchanged, the FNNs generated by genetic algorithms have higher 
median test accuracy than the one trained by stochastic gradient descent. One of the reasons behind this could be that the 
redundant hidden units being identified by the reduction techniques were more significant in the FNNs trained by genetic 
algorithm. This could be a result of different weight adjustment methods in backpropagation using stochastic gradient 
versus genetic algorithm. Genetic algorithm makes no assumption on the optimization landscape [8]. The population 
networks evolved towards a better network of the problem interest purely by genetic variation and selection [8]. Genetic 
algorithm could therefore approximates closely to the global optimal sets of weights. 
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The median test accuracy when using uniform mutation and random cross over is the lowest and with the highest standard 
deviation. Random cross over means that each parent network has equal probability to pass the genes to its child network 
regardless of its fitness score. At each evolution time, each gene weight of the  child network  has equal probability to be 
mutated . The network generated using non-uniform mutation and adaptive cross over operation has the highest median 
test accuracy and lowest standard deviation as expected. The adaptive cross over operation assigns a higher probability 
of weight “passing” to the parent network that has a higher fitness score, and vice versa for the parent network that has 
lower fitness scores. In this way, the “superior” gene weight could be protected. The non-uniform mutation is that the 
mutation probability sets high at the start of the evolution and slowly decreases as evolution advances. The weights at 
earlier stages are relative inferior and random. At later evolution, the probability is appropriately reduced to protect the 
“good” weight from being mutated.  
 

 Back-  
propagation 

Uniform,  
Random 

Uniform, 
Adaptive 

Non-Uniform, 
Random 

Non-
Uniform, 
Adaptive 

Median test 
accuracy 

55.46% 60.66% 60.81% 61.30% 62.48% 

Standard 
deviation 

7.26 9.77 8.62 8.49 8.21 

Reduction 
rate 

10% 10% 10% 10% 10% 

Table 1. Median test accuracy and standard deviation of FNN trained by backpropagation, genetic algorithm with different 
mutation and cross over method. 

4   Conclusion and Future work 

The two-layer neural network with three hidden units is proved to be acceptable in predicting a human’s ability in 
identifying manipulated images or unmanipulated digital images using his/her eye gaze data. Given the fact that eye gaze 
data itself may be insufficient to reliably identify the manipulated images [1], to further improve the prediction accuracy 
of the trained FNN, we should consider some other physiological features that are intuitively related to human’s 
perception on digital images. We should also investigate the possibility that human have limited inherent ability to 
distinguish manipulated photos. They might be making mostly random guesses, so there are limits to the maximum 
accuracy of any combination of method and features to predict their decisions. This is likely to some extent given the 
average accuracy of their conscious decisions is so low at 56.0%. The latter is an important research direction in the 
current environment where humans’ abilities to distinguish fake information is becoming more critical. 
 
The distinctiveness network reduction technique is helpful to a certain extent for removing unnecessary hidden units 
without compensating too much of the model generalization ability for our prediction task. The network reduction 
techniques applied to a network trained by genetic algorithm is shown to perform more effectively than to a network 
training based on backpropagation. Typically, when applying non-uniform mutation and adaptive cross over operations, 
the uncertainty results from random configurations can be reduced. To further improve the network technique, a method 
considering the similarity and complementarity of three or more hidden units should be implemented. In addition, to 
generate a better network using genetic algorithm, mutation and cross over operations other than the aforementioned ones 
could be examined. 
 
In this network model, only the number of hidden units is examined, while the other hyper parameters such as learning 
rate and batch size were set at commonly used figures. To improve the network generalization ability, other hyper 
parameters that could possibly affect the network performance should  be investigated. 
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Abstract. Micro-expression (ME) is one of particular facial expressions, which can expose someone’s genuine
emotions. For this reason, developing a reliable micro-expression recognition (MER) technique has potential
value in lots of applications, e.g., lie detection. In this paper, we propose a novel deep learning method called
three-stream convolutional neural network (TSCNN) to deal with the MER problem. The basic idea of TSCNN
is to learn ME-discriminative features by fusing the spatial, temporal and facial local region cues of the micro-
expression video clips. Following this idea, we design a static-spatial stream, dynamic-temporal stream, and
local-spatial stream module for TSCNN, respectively to try learning and integrating these three important
information to recognize micro-expressions. To evaluate the performance of the proposed TSCNN, extensive
experiments are conducted on two public available micro-expression databases, i.e., CASME II and SAMM.
Experimental results showed that compared with state-of-the-art MER methods, our TSCNN has a more
satisfactory performance in dealing with MER.

Keywords: Micro-expression recognition · Three-stream convolutional neural network · Deep learning.

1 Introduction

Micro-expression (ME) is a very short-lived and uncontrollable facial expression which occurs when people try to
hide their genuine emotions. In 1966, Haggard and Isaacs [7] first discovered ME in their research of psychotherapy
self-mechanism. Subsequently, Ekman et al. [5] observed ME again during watching a video of a conversation
between a psychiatrist and a patient with depression, in which the patient tried to suppress her negative emotions
with a smile to convince the doctor that she no longer had a suicidal tendency. ME is an important non-verbal
signal of human hidden emotions that effectively reveal one’s true psychological state. It is considered to be a key
clue to identify lies and dangers, and plays an important role in understanding human deception. For this reason,
accurately recognizing MEs can be applied to lots of application fields such as criminal investigation, security and
medical treatment. However, compared with the ordinary facial expression, MEs have a very short duration (Yan et
al. [23] showed that ME lasts only between 1

25 s and 1
3 s). Moreover, the muscle movements of MEs often occur in a

small facial local region and have extremely low-intensity [23]. For this reason, Ekman et al. [4] developed the Micro-
Expression Training Tool (METT) to teach people how to recognize MEs. But even METT-trained people can only
achieve a recognition rate of around 40%, which is far from the basic requirements in the practical applications [6].
Therefore, it is urgent to develop accurate and reliable automatic MER techniques to help people better understand
the MEs.

In past several years, researchers from computer vision and affective computing communities have been devoted
to investigating MER and proposed lots of representative methods [10,13,16,19,21,25,27,28]. For example, Pfister
et al. [16] first proposed to use local binary pattern from three orthogonal planes (LBP-TOP) [24] to describe MEs.
Following LBP-TOP, many spatio-temporal descriptors have been developed for serving as ME features, e.g., LBP
with six intersection points (LBP-SIP) [19], histograms of oriented gradients-TOP (HOG-TOP) [10], and histogram
of image gradient orientation-TOP (HIGO-TOP) [10]. Another mainstream direction is making use of the optical
flow (OF) field to design the features for describing MEs. In the work of [21], Xu et al. proposed a novel OF
feature called facial dynamics map (FDM) to describe the ME movement pattern. Liu et al. [13] extracted the
main direction in the ME image sequence and further calculated the average OF features in the divided facial local
regions to serve as the ME features called main directional mean optical flow (MDMO). Recently, deep learning
methods have also been studied in MER. Kim et al. [9] designed a neural network consisting of convolutional neural
networks (CNNs) and recurrent neural networks (RNNs) structures to model the spatio-temporal information from
the ME video clips to describe MEs. In the work of [20], Xia et al. proposed a spatio-temporal extension of RNNs to
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Static-Spatial Stream

Local-Spatial Stream

Dynamic-Temporal Stream

1 channel

k×k channel

4 channel

Offset Frame
Onset Frame

Key Frame

Fig. 1. The overall structure of the proposed TSCNN for MER.

jointly learn from the spatial and temporal cues of the ME samples to recognize MEs and achieved state-of-the-art
results on the ME benchmark databases.

Inspired by the success of the deep learning methods in MER, in this work we propose a novel deep neural
network based MER method called three-stream CNN (TSCNN). TSCNN absorbs the basic idea of two-stream
CNN [17], which has gained promising performance in action recognition tasks. It consists of three major modules.
The first one is static-spatial stream CNN. This module is designed for modeling the global spatial information of ME
samples. The second one is dynamic-temporal stream module, which aims at extracting the temporal discriminative
information from ME video clips through a OF CNN. The design of the last module is motivated by the works
of [13,18,26], in which the facial local information has been proved to have contributions to distinguishing different
MEs. Under this consideration, we make use of a CNN to learn features from the facial local region sequence to
serve as the local-spatial stream module for TSCNN. Through this CNN structure with different channels, we have
achieved outstanding results for the MER task.

2 Proposed Method

2.1 TSCNN for MER

To enable the readers to better understand the proposed three-stream convolutional neural network (TSCNN), we
draw a picture in Fig. 1 to depict its detailed structure and also show how it deals with micro-expression recognition
(MER) tasks. As Fig. 1 shows, it is clear to see that the proposed TSCNN consists of three-stream CNNs sharing
the same weights, i.e., the static-spatial stream, the local-spatial stream, and the dynamic-temporal stream, which
aims at learning discriminative features for recognizing micro-expressions (ME) from three different cues in ME
video clips.

First, we prepare a static-spatial stream CNN for TSCNN to perform spatial feature learning on a key ME
frame. Note that the key ME frame here can be any one selected from the original ME video clip. However, some
of recent ME works [11,12] showed that the apex frame contains more ME-aware information and hence we suggest
to use the apex frame as the key ME frame for TSCNN.

Second, we also design a local-spatial stream CNN for TSCNN to perform local-spatial feature learning. To
achieve this goal, we use a k × k spatial grid to divide the key ME frame into several facial blocks and then stack
them up to obtain a facial block sequence to serve as the input of local-spatial stream CNN, where the stacking
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(a) Blocking (b) Stacking

Fig. 2. The stacking manner for the facial blocks of key ME frame.

detail is shown in Fig. 2. The main reason of adding the local-spatial stream CNN is mainly inspired by recent
findings in [13,18,26]. Their works have proved that the facial local region information has indeed contributions to
distinguishing different MEs.

Finally, following the work of two-stream CNN [17], a dynamic-temporal stream CNN is also included in TSCNN
to learn the temporal features from ME clips to deal with MER, where optical flow (OF) field images extracted
between the key frame and onset/offset ones are fed to the network such that the temporal discriminative features
can be learned. We will show how to prepare the OF images serving as the input of dynamic-temporal stream CNN
in Section 2.2.

As described above, three different stream CNNs in TSCNN have the same structure and share the same weights
except for the channel number in their input layers. In this paper, we construct this CNN by using five convolutional
layers and three pooling layers, where the stacking sequence of these layers are shown in Fig. 1. For convolutional
operations, the kernel size is set as 5 × 5 and the step size is 1. Zero padding is used to keep the feature map
size unchanged after convolution. We use 64 convolution kernels in the first three convolutional layers and 128
convolution kernels in the others. For three pooling operations, the first one uses a max-pooling with the window
size of 5 × 5 and the remaining two are both the average-pooling with the window size of 3 × 3. All the step
size of the pooling operations are set to 2. Following the last pooling layer, we flatten the feature maps of three
different stream CNNs to a vector form (Dense 1 layer) respectively and then merge them into a super feature
vector (Dense layer#2). Note that in our TSCNN, parametric rectified linear Unit (PReLU) [8] is chosen as the
activation function. Finally, we transform the super feature vector in Dense layer#2 to the one having the same
dimension (Softmax layer) with the ME class number in MER tasks.

Cross entropy is used to calculate the loss function of TSCNN, which can be defined as:

L = − 1

N

N∑
n=1

Y∑
j=1

τ (yn, j) × logPn,j , (1)

where N denotes the number of the training samples, Y is the number of emotion types, yn is the label of nth
training sample and Pn,j represents the value of the prediction that the nth training sample is predicted to be the
jth class. We use the backpropagation algorithm to minimize the loss function of TSCNN. The training optimizer
is the stochastic gradient descent (SGD) algorithm with Nesterov Momentum.

2.2 Preparing OF images for dynamic-temporal stream CNN

In this section, we describe the process of extracting an optical flow field image to serve as the input of dynamic-
temporal stream. Given the input clip, we select the on/set frame and the key fame as the same as we used in
Section 2.1, calculate two sets of optical flow fields between onset frame Fon and key frame Fkey, between key frame
Fkey and offset frame Foff . Each set contains two optical flow fields of horizontal and vertical that respectively
performs the movement of pixels in x and y direction. Thus, the two sets of optical flow fields can completely
represent the movement of ME face from occurrence to peak and then from peak to termination. The function
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flow(F1, F2) takes two matrices as inputs and outputs a horizontal optical flow field X and a vertical optical flow
field Y , ie:

X1, Y1 = flow (Fon, Fkey) (2)

X2, Y2 = flow (Fkey, Foff ) (3)

For the four optical flow field matrices we use min-max normalization:

Hnorm =
Horg − min (Horg)

max (Horg) − min (Horg)
, (4)

where Horg and Hnorm are respectively the matrix before and after normalization. By linearly transforming the
original matrix, all elements fall into the [0, 1] interval. For each ME clip we get four optical flow fields and then
stack them to obtain an n× n 4-channel image, which is the input of dynamic-temporal stream.

We select the onset frame F21, the key frame F54 and the offset frame F76 in the CASME-II database sub01/EP04 02.avi,
calculate and visualize the horizontal and vertical optical flow field and then crop the face area to show our result,
as shown in Fig 3. The emotion label of this sample is anger with the FACS label AU4, which means eyebrows
action. Through the obtained image of the optical flow field, we can visually observe the muscle movements of the
eyebrows during the process from the occurrence to the disappearance of the angry micro-expression.

(a) onset frameF21 (b) key frameF54 (c) offset frameF76

(d) X1 (e) Y1 (f) X2 (g) Y2

Fig. 3. The Example of Preparing Optical Flow Images

3 Experiment

3.1 Experiment Setting

In this section, we conduct extensive MER experiments to evaluate the proposed TSCNN method. Two widely-used
spontaneous ME databases are used in the evaluation experiments. One is CASME II, which is collected by Yan et
al. [22] from the Institute of Psychology, Chinese Academy of Sciences. CASME II contains 247 ME samples from
26 subjects. Each ME sample in CASME II is assigned one of five expression labels including Disgust, Happiness,
Repression, Surprise and Others. SAMM was collected by Davison et al. [3] from Manchester City University,
UK consisting of 159 ME samples from 29 subjects. These samples are divided into 8 MEs. Note that since the
sample number of several MEs in SAMM is extremely small, we pick the ME samples whose number is larger than
10 to conduct the experiments. They are Anger (57), Contempt (12), Happiness (26), Surprise (15) and Others
(26), where the number in the brackets is the sample number of corresponding MEs. As to the experiment protocol
and performance metrics, leave-one-subject-out (LOSO) is adopted to calculate the recognition accuracy and mean
F1-score to report the performance of our MER method.
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Table 1. Results of TSCNN and State-of-the-art Methods For MER on CASME-II

Method Accuracy Mean F1-Score

LBP-TOP [16] 43.78 0.3337

EVM+HIGO [10] 67.21 N/A

FDM [21] 41.96 0.4700

HOOF [2] 76.60 0.5500

CNN-LSTM [9] 60.98 N/A

Spatiotemporal STLBP-IP + KGSL [26] 65.18 0.6254

TSCNN 80.97 0.8070

Table 2. Results of TSCNN and State-of-the-art Methods For MER on SAMM

Method Accuracy Mean F1-Score

LBP-TOP [24] 34.56 0.3456

LBP-SIP [19] 36.03 0.3133

HOG-TOP [10] 36.03 0.3403

HIGO-TOP [10] 41.18 0.3920

LPQ-TOP [14] 38.97 0.2468

TSCNN 71.76 0.6942

3.2 Implementation

We set input image size of CNN in TSCNN as 48 × 48 and the facial block number in local-spatial stream is set to
3. The learning rate is set to 10−3 in the experiment because of the learning difficulties caused by the subtlety of
ME, and the weight attenuation is 10−5, the correction factor is 0.9. Overfitting is prevented by using dropout on
all dense layers and expanding the sample size to 10 times original, that is, 2470 samples in CASME-II and 1360
samples in SAMM, by flipping horizontally and rotating 5/10 clockwise and counterclockwise.

We pre-train the static-spatial stream on the large facial expression database FER2013 [1], and use the saved
weights for initialization, while the local-spatial stream and dynamic-temporal stream are randomly initialized.
We use mini-batch with batch-size of 128, and early stopping with a maximum setting of 200 epochs for network
training. Basically, when the val loss stops improving, the training for each fold will stop.

3.3 Experimental Results

In Table 1 and Table 2, we show the performance of TSCNN in MER task and compare it with several recent
state-of-the-art methods under the LOSO protocol, from which we can see that our TSCNN reached an accuracy of
80.97% and mean F1-score of 0.8040 on CASME-II, 71.76% and 0.6942 on SAMM. It is obviously that our method
has a significant improvement in recognition result compared to the previous methods, that is, an improvement of
4.37% and 7.74% on accuracy compared with the best previous method [2], and of 19.99% and 15.57% on accuracy
compared with the best deep learning method [9, 15]. Our results show that in the MER task, although limited by
the insufficiency of ME training samples, the recognition effect of our TSCNN is not inferior to the image feature
extraction method adopted by most previous researchers. With the perfection of ME database, MER method based
on deep learning will have great potential.

In Fig 4, we calculate the confusion matrix on these two databases in order to see the recognition effect of
TSCNN on each emotion label. For CASME-II database, the TSCNN achieved an encouraged recognition result
especially on Surprise and Others label, but still encountered a bottleneck on the repression label. For SAMM
database, the network did well on anger label, but still not performed well on the contempt and surprise label. This
result is in line with our expectations, because all the poorly performing labels have a small sample size and the
ME faces with these emotions showing a much smaller range of muscle movement, which may still be a stumbling
block to the deep learning method.

In the above experiment, we set the blocking mode of k = 3 for the local-spatial stream. To test whether the
blocking mode is optimal, we tried various blocking modes applied to TSCNN on CASME-II and SAMM. The
experiment results are shown in Table 3, where it is clear to see that what we used has the best results.
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Table 3. The effect of block mode on recognition results on CASME-II

k
CASME-II SAMM

Accuracy Mean F1-Score Accuracy Mean F1-Score

2 77.33 0.7706 63.46 0.5965

3 80.97 0.8070 71.76 0.6942

4 75.67 0.7529 62.13 0.5808

Table 4. Experiment Result of Various Network Structure on CASME-II & SAMM.

Network Structure
CASME-II SAMM

Accuracy Mean F1-Score Accuracy Mean F1-Score

SS 60.20 0.5919 49.27 0.4087

LS 50.36 0.4861 47.43 0.3827

DT 73.85 0.7288 70.88 0.6760

SS+LS 63.73 0.6160 50.44 0.4327

LS+DT 76.15 0.7551 59.63 0.5376

DT+SS 73.68 0.7344 66.77 0.6444

TSCNN 80.97 0.8070 71.76 0.6942

SS: static-spatial stream, LS: local-spatial stream, DT: dynamic-temporal stream

Furthermore, in order to analyze our network structure in depth and find the most prominent module, we
then compare the results between TSCNN with the network that only retains static-spatial&local-spatial, local-
space&dynamic-temporal, dynamic-temporal&static-spatial stream, and network that only retains a single stream.
The results on two databases are shown in Table 4, from which we can see that the TSCNN we propose in this work
has a significant improvement on the results compared with the single-stream or two-stream network, where the
biggest contribution to the improvement is the dynamic-temporal stream, which is also in line with our subjective
cognition, because the calculated image of the optical flow field can really make us observe the two-dimensional
projection of the movement of ME very intuitively and easily to distinguish ME categories.

4 Conclusion

In this paper, we focused on the micro-expression recognition(MER) task and proposed our three-stream convolu-
tional neural network (TSCNN), which mainly composed of static-spatial stream, dynamic-temporal stream, and
local-spatial stream. TSCNN learns ME-discriminative features by fusing the spatial, temporal and facial local
region cues of the micro-expression video clips. To evaluate the performance of our method, we conduct extensive
experiments on two public available ME databases, i.e., CASME-II and SAMM. Experimental results showed that
our TSCNN has promising performance in dealing with MER problem and outperforms most of existing state-of-
the-art methods. Although TSCNN has made a good result in MER, we think there are still several limitations in
our works, which are worth further investigating.

A reliable apex frame detection algorithm. We take apex frame as our key frame, whose location accuracy
determines the input quality of TSCNN. In the experiment, we use the index value that is given by the database,
but inevitably we will need to integrate the functionality of apex frame detection into our model, which leads to
another key issue in the field of MER, micro-expression spotting(MES). On the way to MER to practical applications,
the MES problem needs to be tackled by more researchers.

An efficient online optical flow calculation model. In our method, dynamic-temporal recognition stream plays a
key role, which dependents on the calculation of optical flow. But the calculation takes a long time consumption
and needs to be offline, which becomes a stumbling block to the application of this method to real-time recognition
of MEs. We will begin to study faster optical flow calculation methods in the future to facilitate our approach to
real-time identification.
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Disgust 0.77 0.04 0.00 0.00 0.19

Happiness 0.04 0.77 0.00 0.03 0.16

Repression 0.00 0.21 0.53 0.04 0.23

Surprise 0.00 0.00 0.00 0.90 0.10

Others 0.05 0.04 0.01 0.00 0.90

Disgust Happiness Repression Surprise Others

0.8

0
0.6

0
0.4

0
0.2

(a) CASME-II

Anger 0.98 0.00 0.00 0.01 0.00

Contempt 0.53 0.26 0.08 0.06 0.08

Happiness 0.20 0.03 0.52 0.09 0.15

Surprise 0.41 0.00 0.07 0.40 0.13

Others 0.08 0.08 0.05 0.06 0.72

Anger Contempt Happiness Surprise Others

0.8

0
0.6

0
0.4

0
0.2

(b) SAMM

Fig. 4. Confusion Matrix of TSCNN on CASME-II and SAMM.
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Abstract. Augmented Reality (AR) is investigated as a unique technology to combine virtual and real world
together. The key feature of AR is to demonstrate the extra information in the field of view for those who
interact with the authentic environment. Two new schemes of AR are proposed, including technical terms as
well as psychological approaches. The findings demonstrate an increase in the number of AR studies in various
educational applications. The most reported advantages of AR is to help learners to be engaged in genuine
exploration in the real world such as education settings. Some denoted challenges imposed by AR are usability
issues and technical problems. The influence of both technical and psychological issues are discussed, which
can shape the mental structure of learners regarding to cognitive theory.

Keywords: Augmented Vision · Augmented Reality · Education · Cognitive Theory.

1 Introduction

According to various communities in the world as diverse needs, students were designed as a raw material to
achieve desire knowledge during schooling format. After the world war, the baby boom, the space race, increasingly
inclusive social attitudes, and technical innovations have affected the attitude and practice of science education [31].
Changeable form of learning between application and utility of science is encountered to bridge the gap between
theory and practice. Consequently, pedagogic strategies perform a necessary act to move from novices to expert well.
Now, digital technologies provide scientists and engineers with new opportunities to present essential and relevant
information through computational visualization [24, 32].

In this regard, Augmented Reality (AR) technology play an essential role in the demonstration of extra infor-
mation to engage learners in an authentic exploration of the real globe [17]. AR provides a specific observation
of invisible events through virtual components [56]. Consequently, this scheme enhances learners’ motivation and
facilitates superior investigation skills [49]. Ref [18] quoted the most significant advantage is its ”unique ability to
create immersive hybrid learning environments that combine digital and physical objects, thereby facilitating the
development of processing skills such as critical thinking, problem-solving, and communicating through interdepen-
dent collaborative exercises.” Whereas recent studies disclosed that AR technology is able to enhance the university
students’ laboratory skills and build positive attitudes relating to physics laboratory work [1] considering systematic
review of the literature on AR in education setting [2], the fundamental essence of how AR can affect the mind of
students/learners in line with technical issues needs to be investigated.

In the literature, AR is also organized as a supplemental technology (interface techniques) for enhancing the
knowledge of learners/users around their environment. It is to augment virtual objects merged in the same space
of real components onto the real world [7]. The coexistence of virtual components and real objects allows learners
to visualize complex spatial relationships and abstract concept [56, 4], experience phenomena that are not possible
in the real world [56, 28], interact with two- and three-dimensional synthetic objects in the mixed reality [56]; and
develop essential implementations and knowledge that cannot be industrialized and endorsed in other technology-
enhanced learning environment [51, 50]. Regarding these schooling advantages, AR is the high-tech equipment for
education over the near future [56, 33].

As stated in imposing technology in the academic environment, learning materials are noting observation,
experimentation, investigation, or testing caused an increase in students’ achievements. Thus, each activity promoted
with AR tools should take account of four goals categorized as follows:

1. Skills (communication, critical thinking, problem solving, etc.)
2. Concepts (presentation, discovery and application of concepts)
3. The nature of science
4. Attitude (such as curiosity, objectivity, accuracy and team work)
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These abilities hinges upon cognitive theories which are defined as a learning theory to achieve knowledge and
skills. The cognitive theory applies to shape mental structure through processing information and beliefs [31]. As
an example, social-cognitive theory, information processing theory, and constructivism are forms of the cognitive
scheme. This theory provides students with a diversity chance of learning to recognize what opportunities are
prepared to take account of learning directly in labs. Thus, laboratory activities represent a form of accrediting
students to learn with understanding and engaging in the process of constructing knowledge coincidentally [55].

In addition to accomplish the four goals in the education environment, most universities and academic institutes
across the world utilize cutting-edge technologies to develop pedagogic methods and enhance collaboration among
learners and instructors. With the advent of technology, online learning equipment has been implemented in various
universities, school, as well as classroom [3, 19, 41] to make learning systems appropriate regard to the cognitive
theory. For instance, distance students can involve in a similar fashion environment to on-campus students, lack of
the need to be physically located in the class. As a result, these students can achieve a higher level of learning than
otherwise possible. Not only do these technological settings organize to distance learners, but also it provides new
opening and flexibilities for teachers and on-campus student, considering sharing new instruments found hardly in
laboratories.

In this paper, AR is investigated not only as supplemental technology for educational subjects but also as
a unique technique to affect the knowledge of learners based on cognitive theories. The coexistence of virtual
components and real objects allows learners to visualize complicated relationship, and connection between theory
and practice.

2 History of Augmented Reality

The thousands of years have been seen that people used mirrors, lenses, and light sources to create shadow figures as
virtual images in the real world. As an example, in the early 17th century, most theaters and museum illustrated the
reflection objects which were appeared by large plates of glass and known as ”Pepper’s Ghost” [12]. After inventing
the first computer, Ivan Sutherland generated the world’s first interactive graphics application at MIT in 1963 [52].
After that, he moved to Harvard University, collaborating with Bob Sproull led to creating the first prototype AR
system [53]. Figure 1 shows the prototype Sutherland’s AR system. Their system was a considerable start on AR
experience.

Fig. 1. First Prototype AR

During the 1990s, augmented reality scheme was proposed as a technical instrument to train Airline and Air
Force pilots [13]. Coincidentally, researchers at Boeing were investigating to make a better AR platform that was
used in an industrial setting to improve efficiency. In 1997 many movie people were supersized when they saw a robot
projected a three-dimensional image of a woman above ground [9]. With the words ”Help me Obiwan-Kenobi, you
are my only hope,” a recording of Princess Leia delivered a message that would change Luke Skywalker’s life forever
[9]. In this Star Wars scene, the special effect was utilized to make the magical impression that three-dimensional
virtual content was appearing as part of the real world. The movie forecast a future where people could interact
with computers as easily as interacting with the real world around them, with digital and physical object existing
in the same space.

Thirty years later, like in the 2008 US presidential campaign, a version of the technology will be shown for
real. During the CNN election coverage reporter, Wolf Blitzer turned to an empty studio, and suddenly a life-sized,
three-dimensional virtual image of reporter Jessica Yellin appeared beamed in live from Chicago [9]. Wolf was able
to talk to her as quickly as face to face comunication, even though she was thousands of miles away.

The CNN experience is an example of technology known as Augmented Reality (AR), which aims to create the
illusion that virtual images are seamlessly blended with the real world. In one word, we can say that AR is one
of the most recent developments in human interaction technology. CNN showed how the technology could enhance
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communication and information presentation, but like many enabling technologies, AR can be applied in a wide
variety of application domains. Researchers have developed prototypes in medicine, entertainment, education, and
engineering, among others. For example, doctors can use AR to show medical data inside the patient body [39],
game players can fight virtual monsters in the real world [42], architects can use unfinished building [54], and student
can assemble virtual molecules in the real world [21]. Figure 2 shows a range of applications.

(a) Outdoor AR Game

(b) AR in Medicine (c) AR Architecture by Re+Public

Fig. 2. Several AR Applications

The potential of AR has just begun to be tapped, and there is more opportunity than ever before to create
compelling AR experiences. The software and hardware are becoming readily available as are tools that allow even
non-programmers to build AR applications.

3 AR Definition

3.1 Technical Definition

In terms of definition, researchers in computer sciences and educational technology have interpreted Augmented
Reality (AR) in various aspects. It is started from a broad approach to a restricted approach [35]. The broad approach
has been defined “Augmenting natural feedback to the operator with stimulated cues” [35]. On the contrary, the
restricted approach hinges upon technical sides and is defined as “a form of virtual reality where the participant’s
head-mounted display is transparent, allowing a clear view of the real world” [35]. Also, Ron Azuma mentions that
“Augmented Reality is a technology that has three key requirements” [8]:

1. It combines real and virtual content
2. It is interactive in real time
3. It is registered in 3D

These main three items are also clarified the technical module of an AR system such as a display device which
is able to show the combination of real and virtual components as same time, a computer system like desktop,
tablet, smartphone, etc., that can interact with users input in real environment, and a tracking system that is able
to follow users’ queries in terms of showing the proper virtual image in the real world.

Klopfer [28] demonstrated that AR could not play a role as restrict module. This item could be employed in
various devices that blend real and virtual information in a meaningful way. According to [28], AR has been defined
as “a situation in which a real-world context is dynamically overlaid with coherent location or context-sensitive
virtual information.” In this regard, AR could provide users technology-mediated immersive experience in which
real and virtual worlds are mixed [27] and users’ interaction and engagement are augmented [17].
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The broad approach is the fruitful definition on the side view of educators and designers because AR could be
designed and implemented by various technologies [33, 11, 30] like items which have been proposed by Ron Azuma
[8]. Moreover, AR could be counted from the broad view considering its utilization which is not limited to various
technologies. AR exploits the affordance of the real world by providing additional and contextual information that
augments learners’ experience of reality [50]. AR might be based on and accompany with technology, but it should
be conceptualized beyond technology.

3.2 Psychological Definition

Theories on learning have developed significantly since a scientific understanding of the mind began to inform
thinking. In the early 1900s (when more basic literacy was required from students), behaviorists’ views dominated the
psychology of learning. Behaviorism asserts that learning involves the formation of associations between stimuli and
responses, with learning being attained when the proper response is given to a specific stimulus. Since then, there has
been a rise in cognitive theories such as social-cognitive theory, information processing theory, and constructivism.
Cognitive theories emphasize the acquisition of knowledge and skills through the information of mental structures
and by processing information and beliefs. Constructivism as an epistemology (developing from cognitive theories)
rejects the idea that scientific truths exist and that their discovery by students constitutes knowledge, but postulates
instead that knowledge is personal and subjective as it is ’constructed’ based on beliefs and experiences.

This epistemology and learning theories have the potential implications for educational practice as they vary
on fundamental issues which affect learning. According to cognitive theories, AR technologies provide the role of
the environment using some concepts; from which these play a critical role in learning by how to process the
environmental inputs. Hence, cognitive theories place more significant importance on student differences because
of the role of memory. These theories highlight memory as an essential part of learning, suggesting the presence
of material in such a way that it can be organized, related to existing knowledge, and remembered meaningfully.
However, behavioral theories usually give little attention to how memory is created or retrieved.

4 Learning Methods

A various form of instruction and learning methods have been considered in the design of AR context such as
problem-based learning [30, 50], studio-based pedagogy [34], place-based learning [34, 26], participatory simulations
[27, 47, 50], game-based learning [47, 50], role-playing [47], and jigsaw method [18]. Different environments, including
game-based AR, mobile-AR, and multiplayer AR, provide learners with the versatile form of affordances to deliver
these methods. These futures of AR can categorize learning approaches to three main groups: Role, Location as well
as Tasks schemes [56]. Furthermore, there are similar philosophical and psychological points of view in these different
schemes. Once learners involved in AR activities, the structural mind is compatible with a better understanding of
real phenomena in the real world. This privilege of AR technology helps learners to have enough understanding of
their surroundings to improve learning.

5 Learning Effects

The traditional atmosphere of learning is to convey information from the teacher to the students in the large
class. Commonly, teachers use such PowerPoints, websites, and video to transfer knowledge to the learners. In
the emergence of technology, AR changes the pedagogy to improve the performance of learning. In order to the
ability-as-enhancer hypothesis, high ability learners benefit significantly by using 3D visualization in learning. This
hypothesis affirms that most of the low ability learners get stock in trouble when trying to construct 3D visualization
in their minds [25, 58]. Even regular learners need to make a significant mental effort when learning 3D visualization
concepts compared to other types of concepts. Some researchers have found that high-quality teaching and involving
tasks are highly correlated for having efficient pedagogy [10, 29]. Nevertheless, the use of 3D visualization concepts
in conventional teaching method often acts as a disturbing item during the teaching process. For example, losing
interest, less engagement in-class activities, and falling behind the class can be some drawbacks of 3D concepts
usage in traditional teaching [37]. This point of view was investigated by [37], from which Mulryan-Kyne met with
the natural phenomena that some students like to drop the class and even purchase the lecture notes and material
rather than being involved in the class if they have had problem with the teaching materials and methods [37].

Furthermore, It is affirmed that addressing a specific issue for each student during class is very demanding for
teachers when the class size is large enough [36, 37, 57]. Consequently, it is difficult for students to follow the pace
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of class and teaching substantially. Some researchers believe that not only does dividing class to some small groups
increase the performance of teaching but also it is more convenient for teachers to encourage students to be involved
in class activities [57]. The better involvement in-class activities opens an avenue for teachers to assess their taught
lessons thoroughly. Therefore, grouping and providing small classes result in effective teaching methods. However,
some students might still have a problem to match themselves with the pace of study in class, so they need to
re-study hard contents through lecture notes or other learning mediums.

Recently, virtual technology garnered the attention of researchers to be used in daily life. It is utilized for enter-
tainment, education as well as science such as field of physics and medicine [22]. As an example, virtual techniques
in education environment can provide students with a different platform to immerse them into particular education
setting through Virtual Reality (VR) or allow them to communicate with real-world through AR. According to the
virtual platform, three kinds of technologies are defined; AR, VR, and Augmented Virtuality (AV) [35].

AR is generally described as a variation of VR; while virtual reality is understood to be an environment in which
the participant is fully immersed, there exists a ”mixed reality spectrum” between an entirely virtual environment
and the real environment [35]. The position of a Mixed Reality (MR) scheme on this spectrum (see Fig. 3.) is
determined by the degree to which the environment is modified. AR describes the region closer to the real environ-
ment where technology is used to superimpose computer-generated graphics onto real-world scenes. However, as the
spectrum model suggests, AR itself can be further subdivided into its categories; for example, an AR application
can create an entirely virtual object, or it can instead augment a real object with additional information. Perhaps
due to the ease of implementation, many examples of AR in research are simple marker-based simulations where a
whole object is virtualized; it may be argued that a more immersive experience would augment real-world objects. In
addition, AV is ”primary world being experienced is predominantly virtual” [35]. Sometimes, a hybrid form of these
technologies refers to virtual spaces with both images and real objects [46]. In summary, AR is the environment
which is close to the real world; accompanying digital objects, sounds haptic feedback. In contrast, VR and AV are
immersed in a digital atmosphere [58] (see Fig. 4.).

Mixed Reality (MR) 

Real 

Environment 

Virtual 

Environment 

Augmented  

Reality (AR) 

Virtual 

Reality (VR) 

Fig. 3. Virtuality Continuum [35]

Mixed Reality 

Augmented 

Reality (AR) 

Augmented 

Virtuality (AV) 

Virtual 

 Reality (VR) 

Reality 

Fig. 4. Mixed Reality Continuum

The concept and scheme of AR technology are not new and back to 1990s. Researches on AR technologies in
education open a great avenue in teaching and learning [2, 43]. The main factor of using AR is no longer requires
expensive hardware and equipment. Therefore, Educational AR has been gaining traction alongside the rapid rise
of smartphone prevalence in society. It has already been noted that educational AR can be beneficial to traits such
as memory retention, collaboration, and motivation [44]. On the other hand, another available feature is that AR
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in education setting provides a platform to help students enhance learning ability and achievement [14, 20]. It can
also yield immediate and extra information which is relevant to the studied object to shape the structural mind of
learners. This point can be made by videos and 3D images to facilitate processing skills and the increasing tendency
of being involved in class activities, motivation, and level of understanding [15, 59].

Nevertheless, the use of AR technology in education is not without its challenges. For instance, the difficulty and
time consumption of using AR applications are commonly reported [23], particularly without well-designed interfaces
[38]. Although many AR technologies have been developed for education, only a few of them have been developed for
real classroom environments [16]. It is noticeable that AR offers an alternative approach in pedagogy for students’
learning, to enhance their learning experience and increase their level of understanding of complex issues through the
effective use of augmented multimedia. A combination of different types of multimedia sources, including 3D spatial
models, images, textual information, videos, animations, and sound is adopted, to superimpose digital contents
into student learning environments through AR application. Not only does the use of AR in education offer many
learning benefits, but also motivation and aroused learners’ interest are more efficient than a conventional teaching
approach.

6 Technological and Learning Aspects of AR

In order to the enhancement of a view of the real world, using computer-generated items, like graphics, text, video,
and sound, plays a vital role in AR. Object detection and recognizing real components to determine what relevant
information needs to be added to display is a technological segment of AR for various applications. Consequently,
finding the correct position on the screen for playing and showing virtual objects onto the authentic environment
is carried out by object tracking since it can be a primary feature for tracking an object’s movement instead of
making it readable. Figure 5 represents the general process for displaying extra information in the field of view of
human vision.

 

 

           

                       

 
     

    

   

                                            

Fig. 5. General Technical Flowchart of AR

For specific application (e.g., implementation of educational AR for remote laboratories), recognizing and track-
ing should be utilized and developed to work correctly and seamlessly. Initially, it is needed to read images of a
specific reference object (e.g., in pendulum lab [60], the pendulum is specified as a reference object) and store their
features. Features are an area or particular part of images which provide vital information about detecting reference
object. Detecting algorithms are often using corners, regions, or blobs that vary in intensity compared to their
surroundings. Afterward, tracking a dynamic object is applied. Finally, virtual objects present as the coexistence
of real object in display equipment.

Besides, a wide variety of computer vision [48, 62] and tracking techniques [63, 61] have been used to keep the
shaped virtual object onto the real world. This virtual component in AR technology should be secured in predefined
space. The most widely used approaches currently utilize computer vision techniques and can provide marker-based
and markerless tracking at real-time frame rates. Although the limitation of systems regarding computer vision
affect the accuracy and robust tracking in the AR scheme, it is increasingly evident that hybrid methods can
improve the performance of AR tracking.

Further, AR application must consider the technical complication of anchoring the simulation to real-world
objects; it is often found that the most significant issues faced by educational AR include software issues and
difficulty of usage [18]. In the earlier era of AR research, the hardware platforms used were mostly limited to
desktops (with a connected camera) or head-mounted displays. The advent of smartphones, however, has caused a
dramatic shift towards the platform of choice to overwhelming availability [2]. Ref [50] finds that mobile AR is a
“successful meta-trend”, and mobile AR was the chosen platform for the majority of studies reviewed by [2] (see
Fig. 6).
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Fig. 6. Distribution of AR technologies used in education setting [2]

In order to use AR in the education setting, educational terms in light of particular items (i.e., preparation,
detection, object tracking, displaying) are another essential factor. Thus, answering some cognitive questions such
as ”What information is needed to augment?” and ”How information should be presented?” and ”How should the
AR’s learning be influential?” are essential.

The class context in AR application influences the learning performance. The nature of context and how the
contextual elements correlate to the concepts have been demonstrated to affect learning outcomes [45]. Although this
impact has been investigated in various disciplines and learning environments, how to use context in AR involved
in learning activities was considered to create educational AR. The relationship between real-world and virtual
environment can potentially transfer invisible issue to the learners. Note, this effect can support improved learning
outcomes. In particular, this is correlated to clarify the aspects of reality and the conceptual model.

Context’s elements are the key to show the relationships between such an application like a remote laboratory
and the real environment. Two main categories: situational context regarding the environment which the learning
is carrying out but it is not related to the particular learning activities, and domain context related to the concepts
that garner the attention of learners are considered. As an example, learning might be occurred in the noisy lecture
theater (situational context), and understanding the basis of potential energy because of height and gravity in the
context of a pendulum is an example of domain context. Thus, the beneficial ramifications of both situational and
domain context apparently can be seen in the design of educational AR.

AR techniques in terms of education settings work as the domain context to support improved learning outcome.
AR helps learners to activate their existing knowledge and distinguish the new learning findings and the previously
learned information by making out explicitly the notable similarities and differences between them [6]. In this
regard, AR is formed as ”advance organizer” [5], supplied a mechanism for investigating context, and cognitive
bridge [40] which assists learners to associate between the concept of real phenomena occurred in real-world and
broader the scientific concept being investigated to develop learners’ existing knowledge. For example, a pendulum
swing changes the direction of forces, from which showing the direction of forces in the field of view of learners helps
them to understand how a crane works. This is an example of a connection from virtual to real-world applications.
Besides, Novak [40] points out that ”the crucial test for meaningful learning is the ability to solve relevant novel
problems. We see, then, that problem-solving ability derives from cognitive structure differentiation and that it is
concept specific”. In summary, the AR context can shape the structural mind of learners in the form of a cognitive
bridge.

7 Conclusion and Future Research

The basis of Augmented Reality is using virtual information to superimpose the real world to make users engaged
more information in various environment and activities. This paper presented that AR can be affected by two
main items, such as Technical platform and psychological approach. Considering these features provide better
learning results in terms of learning performance and efficiency as well as in terms of providing a satisfying learning
experience if AR technologies use in an education setting. Technical feasibility of applying AR demonstrates that
it is at least feasible for some number of education science classes, like physics and medicine, and educational
laboratory experiments. However, this scope is limited due to inherent drawbacks of using a smartphone, which is
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the most convenient technology, or dividing attention between the real and environment as well as the simulation.
The main challenges for the implementation of AR for moving objects which can be seen in physics labs refer to
accurate and seamless tracking and detection. Future AR directions and field of research are as follows:

1. Considering Image-based AR with lights and angles for providing better presentable information in field of view
of learners.

2. Using different form of technologies such as smartphones and head mounted display to assess the performance
of learning.

3. Studying about the cognitive theory in using educational AR.
4. How to shape the structural mind of learners based on visualized objects in educational AR

Additionally, while this study showcased a small number of experiments where AR could be feasibly applied, this
set is by no means conclusive; another avenue for future research would be defining an exhaustive list of educational
curriculum and laboratories for which AR application is feasible.
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23. Gavish, N., Gutiérrez, T., Webel, S., Rodŕıguez, J., Peveri, M., Bockholt, U., Tecchia, F.: Evaluating virtual reality and
augmented reality training for industrial maintenance and assembly tasks. Interactive Learning Environments 23(6),
778–798 (2015)

24. Hather, G.J., Haynes, W., Higdon, R., Kolker, N., Stewart, E.A., Arzberger, P., Chain, P., Field, D., Franza, B.R., Lin,
B., et al.: The united states of america and scientific research. PLoS One 5(8), e12203 (2010)

25. Huk, T.: Who benefits from learning with 3d models? the case of spatial ability. Journal of computer assisted learning
22(6), 392–404 (2006)

26. Klopfer, E.: Augmented learning: Research and design of mobile educational games. MIT press (2008)
27. Klopfer, E., Sheldon, J.: Augmenting your own reality: Student authoring of science-based augmented reality games.

New Directions for Student Leadership 2010(128), 85–94 (2010)
28. Klopfer, E., Squire, K.: Environmental detectives—the development of an augmented reality platform for environmental

simulations. Educational Technology Research and Development 56(2), 203–228 (2008)
29. Lam, R., Muldner, K.: Manipulating cognitive engagement in preparation-to-collaborate tasks and the effects on learning.

Learning and Instruction 52, 90–101 (2017)
30. Liu, T.Y., Tan, T.H., Chu, Y.L.: Outdoor natural science learning with an rfid-supported immersive ubiquitous learning

environment. Journal of Educational Technology & Society 12(4) (2009)
31. Machet, T.C.: Improving laboratory learning outcomes: An investigation into the effect of contextualising laboratories

using virtual worlds and remote laboratories. (2015)
32. Magana, A.J., Ortega-Alvarez, J.D., Lovan, R., Gomez, D., Marulanda, J., Dyke, S.: Virtual, local and remote laboratories

for conceptual understanding of dynamic systems. International Journal of Engineering Education 33(1), 91–105 (2017)
33. Martin, S., Diaz, G., Sancristobal, E., Gil, R., Castro, M., Peire, J.: New technology trends in education: Seven years of

forecasts and convergence. Computers & Education 57(3), 1893–1906 (2011)
34. Mathews, J.M.: Using a studio-based pedagogy to engage students in the design of mobile-based media. English Teaching:

Practice and Critique 9(1), 87–102 (2010)
35. Milgram, P., Takemura, H., Utsumi, A., Kishino, F.: Augmented reality: A class of displays on the reality-virtuality

continuum. In: Telemanipulator and telepresence technologies. vol. 2351, pp. 282–293. International Society for Optics
and Photonics (1995)

36. Mintah, E.: Using group method of teaching to address the problem of large class size: An action research (2014)
37. Mulryan-Kyne, C.: Teaching large classes at college and university level: Challenges and opportunities. Teaching in

Higher Education 15(2), 175–185 (2010)
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Abstract. In recent years, multimodal signals such as EEG and eye movements have been widely used
and achieved a better performance than single modality in emotion classification. However, inconvenience
in EEG signals collecting procedure still remains a key problem in practical applications. In this paper,
we propose a novel method for generating multimodal features from eye movement signals. As a result,
we could simplify classification procedure and use EEG and eye movement signals in training stage and
eye movement signals in test stage. We evaluate the effectiveness of our proposed method on classification
of five human emotions, which include disgust, fear, sad, neutral and happy. The experimental results
indicate that our proposed method could really generate reliable multimodal representations and has a
nearly comparable performance (72.80%), with multimodal models (79.70%), while it also outperforms
using single eye movement signals (59.66%) and EEG signals (68.58%).

Keywords: Emotion classification, Multimodal fusion, Regressor, EEG, Eye movements

1 Introduction

Emotion classification is warmly welcomed in normal life and industrial communities. For example, it can help
people realize their mental health status in daily life [8] and proper medical treatment is facilitated if emotion
can be accurately recognized [7]. In recent research, emotion classification approaches widely utilize the EEG
signals, since EEG signals are directly collected from our brains, and it is not easy to disguise. Li and Lu
classified two kinds of emotions using gamma band of EEG signals, and their results showed that gamma band
was suitable for emotion classification [4]. Wang et al. compared three different kinds of EEG features and
a simple approach was proposed to track the trajectory of emotion changes with time [11]. Zheng and Lu
classified EEG signals using a deep neural network and examined critical bands and channels of EEG signals
for emotion classification [16]. To fully use the information from different modalities, Yang et al. proposed
an auxiliary information regularized machine, which treats different modalities with different strategies [12].
With the rapid development of commercial eye tracking glasses in recent years, it is very easy to acquire eye
movement signals. Various studies demonstrated that EEG and eye movements can be utilized for effective
emotion classification [9] [6].

Note that providing EEG and eye movements, hidden emotion representations can be extracted from those
multi-modal measurements. The multi-modal hidden representations reflect more comprehensive emotion status
information, and can greatly enhance the emotion classification accuracy. Previously, complementary character-
istics of EEG and eye movements have been studied, various multimodal fusion strategies have been developed
and multimodal emotion classification approaches have well performance [14] [9] [15] [6] [13]. However, the pro-
cedures of collecting EEG signals are really inconvenient in a way since there are sundry steps of preprocessing
such as wearing electrode cap and painting conductive paste. Therefore, it is desirable to put forward a novel
method which can enhance emotion classification performance and is easy to use.

In this paper, we propose to construct a regression model to generate the multimodal representations directed
from eye movement data. Providing simple eye movement signals, our method can generate more comprehensive
emotion status representations, since it also utilizes the benefits from EEG signals. The intuition behind this
approach is that EEG and eye movements are both the representations from people’s physiological status.
Therefore, they can both illustrate it when one is under certain emotions and there must be an overlapping
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area on certain high-dimensional space. With this method, we could just collect both EEG signals and eye
movement signals during the training stage and collect single eye movement signals in classification stage. And
emotion classification can be done with much more portable equipment and with much higher classification
accuracy compared to single modality. As comparison and supplementation to the regression model, we also
implement another method by similarity analysis between eye movements in test stage and training stage [1]. In
this paper, we mainly focus on discrete emotion model and perform five emotion classification tasks, including
happy, sad, fear, disgust, and neutral. To the best of our knowledge, there are limited studies reported in the
literature dealing with building a multimodal representation generator of projecting eye movement features into
multimodal emotion representations.

2 Experiments Setting and Model Constructing

2.1 Experiment Procedure Description

The dataset we use is sourced from the work in [5]. In the experiment, sixteen subjects (6 males and 10 females,
aged from 19 to 28) who turned out to be stable extroverts recognized by Eysenck Personality Questionnaire
(EPQ) are selected before experiments. Meanwhile, 45 video clips are carefully selected with high possibilities
of emotional arousal. Subjects are required to watch these video clips wearing EEG cap and eye tracking glasses
alone in a quiet room in three sessions while each session has an interval of about one week.

2.2 Data Preprocessing

The EEG signals with Curry 7 is preprocessed and a baseline correction is carried out. Then a band pass filter
(1-50 Hz) is carried out to eliminate low-frequency and high-frequency noise. In the end, the signals from EOG
and FPZ channels are used to detect and remove eye movement artifacts. Before feature extraction, EEG signals
are downsampled from 1000 Hz to 200 Hz, in order to speed up the data analysis procedure.

2.3 Feature Extraction

As for EEG-based emotion classification, differential entropy (DE) features have been proved to be rather
effective [9] [2]. Therefore, the DE features are extracted in five frequency bands: delta (1-3 Hz), theta (4-7
Hz), alpha (8-13 Hz), beta (14-30 Hz), and gamma (31-50 Hz). And a Short-time Fourier transform (STFT) is
also used with 4 s non-overlapping Hanning window to extract the DE features. To smooth features, the linear
dynamic system algorithm is applied, which makes features more reliable [15]. As for eye movement features,
33-dimension features are selected including the statistics of pupil diameter, dispersion, fixation duration, blink
duration, saccade and other eye-movement related events [9].

2.4 Emotion Classification

Note that in experimental protocals, each subject is required to watch 15 video clips in each experiment session,
we evenly divide these 15 clips into 3 parts. Each part contains 5 video clips, which involves 5 different emotion
types respectively. To evaluate the classification performance, we adopt three-fold cross-validation. This cross
validation follows a rule that two clips parts are concatenated as training set and the remaining third clips part
is treated as testing set by turns.

In our approach, a linear SVM has been used as the emotion classification model. To find the classifier model
with highest classification performance, we carefully tune the parameter C in SVM. The tuning range for C
falls in a space within −10 to 10 and tuning step size is set as 1. Note that all emotion classification experiments
use linear SVM. And in different classification approaches, SVM is applied on different features, which include
(1) eye movement features; (2) EEG features; (3) BDAE features; (4) regression features; (5) similarity analysis
features.

2.5 Multimodal Representation Fusion

Here we utilize the modality fusion method from our previous work [6] [13], where we adopt a bimodal deep auto-
encoder (BDAE) to extract the high dimensional emotion representations from both EEG and eye movement
data. The process of BDAE can be summarized that two Restricted Boltzmann Machines (RBMs) are built for
EEG and eye movement features at encoding stage. Then we put together two hidden layers from EEG and eye
movements to the auto-encoder to generate high level multi-modal representations. The decoding network is a
mirror structure of encoding network, and it tries to reconstruct original EEG and eye movement data which
are fed into auto-encoder.
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Note that there are many multi-modal encoder options, the intuition behind using BDAE to extract multi-
modal features is that, the success of high-dimensional feature decoding process demonstrates the extracted
representation is in a good quality and mutually separable in feature space. Therefore, the multimodal fea-
tures can be used to construct preferable emotion classification system. So it can also be regarded as an ideal
multimodal regression target for our regressor.

2.6 Multimodal Representation Generator from Eye Movement Signals

As mentioned in above sections, we want to utilize the comprehensive information of multimodal features for
emotion classification. However, multimodal representation extraction requires EEG signals as input, which is
time-consuming in collecting. Here we propose a regression model from low-dimensional eye movement features
to multimodal representations. Since the mutual features mapping between eye movement signals and multi-
modal representations are already encoded into the pre-trained regression model, the generated representations’
ability in reflecting human emotion hidden status will not be compromised.

We note that recently deep learning architectures have overwhelmingly outperformed the state-of-the-art
in many traditional tasks. Among several methods implementing regression, deep regression neural networks
(DRNNs) are more and more frequently used. Generally, DRNNs often use fully connected regression layer with
linear or sigmoid activation functions instead of softmax layer [3]. Considering the five-emotion classification
dataset scale, we choose a 4-layer linear neural networks as our regression architecture.
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Fig. 1. Regression model. The yellow one represents eye features, the green one represents EEG features and the red
one represents high-level representations. Five emotions are represented by five different colors. (a) shows procedures of
reimplementation and regressor training datasets preparation. (b) shows regressor training and test procedure.

The description for the architecture is illustrated in Fig.1. Specifically, our regression procedures can be
summarized that: 1) Reimplementation. We reimplement BDAE models by training the feature auto-encoder
and SVM classifier simultaneously by feeding EEG features, eye movement features and corresponding emotion
labels during training stage. 2) Prepare training datasets in regressor. As illustrated in Fig. 1 (a), multi-
modal information is encoded into high level representations through the pre-trained BDAE auto-encoder, and
we store the representations and their corresponding eye movement features as our regressor training dataset.
3) Regressor training. We use this constructed training dataset for regressor training, where multi-modal
representation is the target and eye movement features are the input (shown in Fig. 1 (b)). What we should
notice is that the classification work is directly sourced from the SVM classifier trained on the first stage. 4)
Regressor testing. After the regressor neural network parameters converge, we put the eye movement features
from testing dataset into the regressor, and get the predicted high level representation from which we get final
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emotion type using trained SVM classifier. The algorithm of training and test procedure of regression model is
shown in Alg. 1. From above description, it is notable that our regression model is totally independent of the

Algorithm 1: Regressor neural network training and test algorithm

Input : BDAE model, linear SVM classifier, eye movement features XEye, EEG features XEEG,
emotion labels Y

Output : Regressor predicted labels, classification accuracy in test stage
Variables : Test dataset size n, loss function criterion C, learning rate η, momentum α
Initialization: Regressor network parameters W , parameter update stepsize v, epoch number p, correct

classification number κ = 0
1 Training Procedure:
2 for s = 0, 1, 2, ..., p do
3 Get target representation Rgroudtruth from BDAE model using both XEye and XEEG.
4 Get generated representation Rs with regressor parameters W and XEye.
5 Construct loss L using Rgroudtruth and Rs with respect to C.
6 Calculate network gradient g = ∇L.
7 Use SGD with momentum α to update neural network hyperparameter:
8 v = α · v + η · g and W = W + v.

9 end
10 Test Procedure: (n represents the length of test dataset)
11 for i = 0, 1, 2, ..., n do
12 Get sample XEyei from test dataset.
13 Generate representation Ri using trained regression model.
14 Put Ri into the linear SVM classifer and get the classification result ypredictedi.
15 if ypredictedi == yi then
16 κ = κ + 1;
17 end

18 end
19 Calculate test classification accuracy: A = κ

n
.

Table 1. Details of parameters searching methods

Hyperparameters Description

Regressor layer1 from 500 to 5600, step size: 300
Regressor layer1 from 500 to 5600, step size: 300
Regressor layer1 from 500 to 5600, step size: 300
Loss criterion choose from ’L1’, ’MSE’, ’Smooth’
Learning rate in SGD from 0.008 to 0.014, step size: 0.001
Momentum in SGD from 0.7 to 1.2, step size: 0.1

classifier models (SVM) and modality fusion strategies (BDAE). Therefore, our method has the advantage of
high portability, where we can easily adopt it with other types of emotion classification models or multi-modal
feature fusion methods.

Since eye movements that are collected from different people during different period have large variance, eye
movement signals have the characteristics of individual difference. Moreover, the BDAE model also has data-
specified characteristics. Therefore, we should build a regression model for each dataset. In our experiments,
we find optimal hyperparameters with grid searching in parameters. Taking several experiment results and
computational efficiency into accounts, we conduct hyperparameters tuning process regarding hidden neuron
numbers, loss criterion method, learning rate and momentum in SGD. Detail parameters are shown in Table 1.

2.7 Similarity Analysis

Here we introduce similarity analysis method as comparison and supplementation. Since it analyzes the similarity
between the eye movement feature in test stage and that in training stage which is labeled from the results
in BDAE, this method takes the advantages of fusion features as well as the regressor approach. In training
stage of SVM emotion classifier: 1) We first record emotion classification results as well as the corresponding
eye movement features. 2) We divide eye movement features into 5 groups according to their corresponding
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predicted emotion types. 3) Finally, we calculate the mean vector in each group, and catenate these 5 vectors
together as the Eye-Feature-to-Emotion-Type matrix. During testing stage, we find the most similar vector A
from this Eye-Feature-to-Emotion-Type matrix for currently tested eye movement feature B. So we can use the
corresponding emotion type of A as the classification result of eye movement feature B.

The similarity distance between two vectors is evaluated using Minkowski Distance as below to calculate
distance:

A = (x1, x2, ..., xn) ∈ Rn

B = (y1, y2, ..., yn) ∈ Rn

Distance(X,Y ) = (
n∑

i=1

|xi − yi|p)
1
p

Note that when p=2, the distance becomes the Euclidean distance and it becomes city block distance when
p=1. Chebyshev distance is a variant of Minkowski distance where p=∞. We define the space of parameter P ,
where 55 values are evenly distributed from 0.5 to 6.0 with step length of 0.1.

3 Experimental Results and Discussion

In this paper, we use single EEG signals, eye movement signals and adopt BDAE models reported from our
previous work [13]. We implement these models on the five-emotion dataset and statistical results are shown as
follows.

Table 2. Average accuracies (%) and standard deviations (%) of different models in classifying five emotions

Measurement Eye EEG BDAE Regressor Similarity
Analysis

Accuracy 59.66 68.58 79.70 72.80 50.84
Std. 8.95 10.27 7.05 5.07 6.43

In summary, the accuracy mean scores and standard deviations of different methods are illustrated in
Table 2. We can observe that the regressor improves the classification accuracy by 13.14% compared to using
single eye movement signals, and improves the classification accuracy by 4.22% compared to using single EEG
signals. Besides, regressor has a comparable performance with BDAE (72.80% versus 79.70%). And it also
outperforms similarity analysis method with a significant margin by 21.96%, where both methods take advantage
of multimodal information.
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Fig. 2. Classification accuracy bar graph. Each subject has five types of accuracies corresponding to five models. From
left to right shows performance of features from regressor, BDAE, similarity analysis, eye single modality and EEG single
modality.
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As shown in Fig. 2, regression model outperforms using single eye movement signals on all of the subjects.
To be specific, the classification accuracy of Subject 2 and Subject 10 are enhanced by 26.31% and 26.26%,
respectively. We also can observe that regression model’s good performance is stably maintained (above 60%
classification accuracy) across all subjects. However, the performance of single modality model is rather un-
stable. Noteworthy examples include classification accuracy of using single EEG signals (89.48% in Subject 9,
but falls to 50.82% in Subject 5). Therefore, Fig. 2 serves as an intuitive representation of the low standard
deviation of regression model. Moreover, accuracy in regressor also reaches BDAE model in many subjects
such as Subject 8 (78.53% versus 80.58%), Subject 14 (77.71% versus 79.38%). In some subjects, regressor
even slightly outperforms than BDAE model, such as Subject 2 (77.30% versus 76.73%), Subject 16 (78.14%
versus 76.44%). As for the similarity analysis method, the performances are fluctuating from 46.96% (P = 5.9)
to 50.84% (P = 1.8). Although this classification accuracy is much higher than random classification of five
emotional states (20.00%), its performance is not satisfactory at all comparing to the regressor.

Disgust
Fear
Sad
Neutral
Happy

Disgust
Fear
Sad
Neutral
Happy

（a） （b）

Fig. 3. Representation clusters generated from regression model with t-SNE 2D visualization. (a) BDAE representations;
(b) Regressor representations. Those figures indicate the inner connections between features from different emotions,
where red for disgust, blue for fear, wathet for sad, orange for neutral and grass green for happy.

To examine the reliability of representations generated from regressor, we collect the high-level representa-
tions from each cross validation in each person, which means 48 (16*3) feature matrices in all. Then we put these
features into a 2D t-SNE model [10], which is able to make dimensionality reduction of the high-dimensional
extracted features into two dimensions. Therefore, we can project these 2D vectors into a plane picture. Each
point represents one eye movement feature from one 4s clip in a video. By unsupervised learning brought from
t-SNE model, the points indicated similar features will gather together.

Fig. 3 shows two t-SNE model generated from one high level representation in 48 samples. Fig. 3 (a) shows
the t-SNE graph of representations in BDAE while Fig. 3 (b) shows graph in regressor. As can be seen in these
figures, although there are some slight overlapping clusters in regressor comparing to BDAE model, different
representations are still generally divided into different zones. It further proves the reliability of our proposed
method.

To give an intuitive cognition about classification performance between each emotion, we apply confusion
matrices. The vertical axis represents the emotion label type and the horizontal axis represents the predicted
type. As can be seen from the confusion matrix, regression model outperforms using single eye movement signals
in all types of emotion. Accuracies of classifying disgust and neutral emotion have been improved by 10% (43%
versus 33%) and 8% (83% versus 75%). Besides, it is worth noting that recognizing sad by using single eye
movement signals is really unsatisfactory. But situation meets change when it comes to regression model where
34% rate has been improved.

On the other hand, we can also notice that regressor’s performance reaches BDAE model from these two
confusion matrices. The accuracy gap between regression model and BDAE model in fear and neutral emotion
is only 2% and 6%. In happy emotion, regressor even outperforms BDAE model by 4%.

However, disgust is still an emotion always mixed with others. In eye movement modality and regression
model, happy emotion is really easily to be erroneously identified as disgust emotion. It might reveal that the
eye tracking features like pupil diameters or saccade details might be similar when subjects are in happy or
disgust emotion condition.
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Fig. 4. Confusion matrices between five emotions: (a) Eye movements; (b) EEG; (c) BDAE; (d) Regressor. Deeper color
represents higher possibilities of classification. The vertical axis represents the emotion label type and the horizontal axis
represents the predicted type.

4 Conclusion and Future Work

In this paper, we have proposed an effective generator from eye movement modality to multimodal represen-
tations for five emotions classification. Since this representation also utilizes the benefits from EEG signals, it
indicates a much more emotional comprehensive status. The regressor we proposed performs well with a high
accuracy which incontrovertibly beats eye movements for 13.14%, and beats EEG signal for 4.22%. Regression
model also has the advantage of high portability through the discussion part written above. Moreover, we also
adopt one more method using eye movement signals during test stage as comparison and supplementation. And
it proves the superiority of the regression model in methods under common situation.

In our future work, we could adopt our regression model into other datasets and get wider applications.
Moreover, we could also concatenate it with different fusion strategies and classifiers because of the advantage
of high portability. Last but not least, Generative Adversarial Networks (GAN) could also be introduced in our
future work for enhancing the accuracy and reliability of our model.
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Abstract. Deep learning is almost everywhere and has been shown to achieve human or superhuman level
performance on many supervised learning problems. It has been made possible by leveraging the large collection
of labelled datasets required for tuning the millions of parameters of neural networks. The downside of deep
learning is that the large amount of labelled data is not always available which requires a great deal of human
effort and resources to collect, thus limiting the adoption of deep learning to many real life problems. Somehow
utilizing unlabelled data or labelled data from a different but related task is the only viable solution when
labelled data is scarce and one wishes to use deep learning framework. In recent years, emotion recognition
in text has become more popular due to its vast potential applications extending into domains such as user
interaction, management and marketing, finance and politics, etc. In this paper we explore methods of transfer
learning so that the performance on the low data task of emotion recognition can be improved, we first
experimented with already existing methods of transfer learning namely parameter fine-tuning and multitask
learning. We then propose a novel method of common-space representation learning, which better utilizes the
sentiment classification data by forcing the network to simultaneously minimize the emotion label prediction
loss and reconstruction loss. This method of ours achieves state-of-the-art results on prominently used datasets.

Keywords: Affective computing · Emotion recognition · Deep learning · Natural language processing · Transfer
learning.

1 Introduction

Emotion Recognition deals with the identification of explicit emotional states such as joy, anger, sadness, trust,
surprise, anticipation etc. Emotions widely affect human decision making. Recently, emotion recognition from text
has become more prominent due to its vast potential applications in user interaction environment, management and
marketing, political science, finance, psychology, human-computer interaction, artificial intelligence, etc. Availabil-
ity of large amounts of textual data, especially opinionated and self expression text on social media platforms also
played a special role to bring attention to this field.

The ability to utilize prior learning for new learning is a great cognitive asset for humans and serves as mo-
tivation for transfer learning for machines. Transfer learning has been very successful in Computer Vision (CV),
where models used are rarely trained from scratch but instead are fine tuned from models pretrained on datasets
like ImageNet. For Natural Language Processing (NLP) tasks, it has been limited to pretrained word embedding,
which only targets a model’s first layer and the model is still trained from scratch keeping the embedding as a
fixed parameter. Recently, Google’s BERT has revolutionized the language understanding and how well models can
handle language based tasks.

The main challenge in emotion recognition is the context-dependence of emotions within text. A phrase can con-
vey anger without using the word “anger” or its synonyms, for example “Shut up!”. Other challenges are word-sense
disambiguation and co-reference resolution. Emotion recognition is naturally a multi-label classification problem.
That is, each sentence might involve more than one emotion category. Automatically classifying instances with
multiple possible categories is much more difficult than classifying instances with a single label. This is a difficult
task that suffers from real world classification problems such as class imbalance and labeler disagreement.

In this work, we mainly focused on multi-class multi-label emotion recognition dataset, as it is more challenging
than single label. Specifically, we experimented with three architectures, parameter fine-tuning, multitask learning
and novel approach of common-space representation learning. Common-space representation learning that com-
bines features learned from two related but different tasks is not new and has been investigated substantially in
the literature. The proposed approach not only combines the features but also it forces the network to extract the
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features relevant to the target task, by minimizing the target label prediction loss as well as reconstruction loss
(i.e. loss incurred in reconstructing the original target task representation from the combined feature representation
of source and target task). The added objective of minimizing the reconstruction loss (along with prediction loss)
and multi-stage training of different modules of complete network, is what sets this approach apart and is novel
in itself. This approach has shown to provide significant improvement and achieves state-of-the-art on prominently
used datasets, as discussed in result section.

The remainder of this paper is organized as follows. Section 2 overviews related work on emotion recognition and
transfer learning. Section 3 describes the datasets used. Section 4 discusses the methods used. Section 5 evaluates
the proposed approach. Finally, Section 6 gives the conclusion.

2 Related Work

Various machine learning algorithms have been experimented with for the task of emotion recognition from text.
Among them Random Forest [7] and Support Vector Machine (SVM) [8] [9] have been used extensively. It has
been shown that Random Forest runs faster whereas SVM results in superior performance. These algorithms rely
on commonly used Bag of Words (BoW) and n-grams, tf-idf weighted BoW and n-grams, character and character
n-grams, tf-idf weighted character and character n-grams, and word2vec[15] features.

The work in [7] uses Convolutional Neural Network (CNN) with sliding window and subsequent max pooling.
It has several limitations as it handles only single emotion dimension and predefined length of text. Experiments
that include a Long Short Term Memory (LSTM) for intensity estimation of emotions[10] have been explored, but
the results are limited to regression tasks where the presence of specific affective dimensions is given a priori.

The most common approach for knowledge transfer in NLP applications is to draw upon pretrained word em-
bedding, glove[14] and word2vec[15]. This approach merely requires an additional dataset without any labels, as it
operates in unsupervised fashion. However, it only facilitates the representation of words and fails to help learning
parameters inside the neural network. More complex strategies utilize labels and perform transfer learning [5] in
stages where the first network is trained on a different but related source task. Later fine tuning of the network is
carried out with target dataset for target task. The second stage often involves some architectural changes especially
to the prediction layer. The work in DeepEmo[14] uses novel graph based feature extraction along with CNN and
achieves state-of-the-art results on widely used dataset.

One of the latest developments for transfer learning in NLP is the release of Google’s BERT[1]. It builds on
top of various ideas that have been proposed in the NLP community recently, for example ELMo,[2] ULMFiT[4]
and the transformer[3] . ELMo introduces the idea of contextualized word-embeddings. Instead of using a fixed
embedding for each word, ELMo looks at the entire sentence before assigning an embedding for each word. It uses a
bi-directional LSTM trained on a specific task to be able to create those embeddings. ULMFiT introduces methods
to effectively utilize a lot of what the model learns during pre-training, more than contextualized embeddings.
ULMFiT introduces a language model and a process to effectively fine-tune that language model for specific tasks.
Transformer network uses Encoder-Decoder architecture with Multi-step attention, which deals with long-term de-
pendencies better than LSTMs. In this work we use BERT as encoder stage and essentially our entire model is built
on top of BERT.

The top results from the Semeval-2018 task-1 competition with the same multi-label emotion dataset utilizes
variations of transfer learning and attention. The topmost result serves as a baseline for our approach.The exact
methods used by the four top teams are discussed in brief. Mohammed Jabreel proposed a transformation method
to transform the problem into a single binary classification problem. Afterwards, a deep learning-based system
to solve the transformed problem was proposed. The key component of their system was the embedding module,
which used three embedding models and an attention function. Psyml team presents the first attempt to perform
transfer learning from sentiment to emotions. Their system combines multi-dimensional word embeddings with single
dimensional lexicon-based features. Model weights are pretrained with past SemEval sentiment categorization tasks
and the penultimate layers of the models are concatenated into a single vector as input to new dense layers. NTUA-
SLP team used Bidirectional LSTMs, with a deep attention mechanism and took advantage of transfer learning in
order to address the problem of limited training data. Nvidia-AI team used Transformer network, a deep learning
system based on large pretrained language models.
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3 Datasets

The main focus of this paper is multi-label emotion classification, but we also used the single label emotion classi-
fication datasets that have been used prominently in this field.

– Source Task- Sentiment Analysis
SemEval-2017, Task-4:
(Subtask-A)
6K training and 20K test tweets with positive, negative and neutral labels.
(Subtask-B)
10K training and 7K test tweets with positive and negative labels .
Kaggle, Twitter sentiment analysis: 100K training and 300K test tweets with positive and negative labels.

– Target Task- Emotion Recognition
SemEval-2018, Task-1: 6840 instances with multiclass binary labels among 11 available emotions.
General Tweets: 7902 instances with numerical value for 4 emotions.
ISEAR, Self Report of Experience: 7666 instances with 1 out of 7 emotions.

4 Methods

We first experimented with the already existing methods of transfer learning namely Parameter-fine-tuning (Model-
1) and Multi-task learning (Model-2). The shortcomings of these two methods led us to propose a novel method
of transfer learning termed as “Common-space representation learning”. In all three methods we use Google’s
BERT(model pretrained as language modelling task), as the first stage. Essentially, it encodes the given instance
(sentence) into a vector representation that is useful for any NLP task (in our case, classification). The subsections
below describe all the three methods in detail.

4.1 Model-1: Parameter-fine-tuning

This method of transfer learning helps in learning the parameters of neural network for low data target task of
emotion recognition with the help of source task of sentiment analysis having enough labelled data. The main idea
behind this method is that, as the source and target tasks are related they must share intermediate parameters in
the network. It helps in learning the parameter more accurately, which would not have been possible had we trained
the network directly on target task, as the target task of emotion recognition lacks enough labelled data.

In this method we first train the network for sentiment analysis task and then retrain the same network for
emotion recognition task. This is essentially optimizing the network already trained with the goal of predicting
the underlying sentiment scores, by removing the last few layers and adding a new prediction layer for targeting
emotion recognition task. Figure 1 shows the overview of this method.

4.2 Model-2: Multi-task learning

In this method we train the network simultaneously on both the source and target dataset. This method is also
based on the same idea that, as the source and target tasks are related they must share intermediate parameters in
the network. The network consists of linear layers (shared parameters for both tasks) along with extra task specific
linear layer followed by a prediction layer. The network is trained with combined prediction loss for both sentiment
and emotion labels. Figure 2 shows the overview of multi-task learning method.

4.3 Model-3: Common-space representation learning

This method tries to learn common-space representation from sentiment and emotion representation. Two separate
networks are trained one on sentiment analysis data and the other on emotion recognition data, with the goal of
predicting sentiment scores and emotion label scores respectively. These networks consists of BERT encoder followed
by the linear layers and a prediction layer. Once these networks are trained on respective dataset, we remove the
linear layers and prediction layer and use the intermediate representation as the sentiment and emotion representa-
tion. We then concatenate sentiment and emotion representation and pass it to encoder-decoder architecture. The
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Fig. 1. Model-1

Fig. 2. Model-2
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way we train this entire network leads to three different variations of the network. All three variations are trained
with the same goal of learning the common-space representation, thus helping further in emotion recognition task.
Figure 3 shows the combined overview of all three variations of this method.

Model-3.1 This variation trains the network with the goal of learning common-space representation, by directly
using the loss incurred in predicting the emotion label. Specifically, concatenated representation is passed to encoder
stage which is followed by the linear layers and a prediction layer (indicated as feed-forward Network) as shown in
Figure 3.

Model-3.2 In this variation we train the network with the same goal of learning common-space representation.
Instead of directly using the loss in predicting the emotion label, we train the network by forcing it to reconstruct
the emotion representation from the concatenated representation with the help of encoder-decoder architecture. In
the process it learns the common-space representation, which will be used for emotion label prediction by adding
the linear layers and a prediction layer. This method involves three stages of training.

The first stage separately trains the Siamese network on emotion recognition dataset. The Siamese network is
used in the second stage for comparing the original emotion representation and reconstructed emotion representation.
Siamese network takes two different instance as input and pass it to the pretrained BERT encoder separately which
is trained for emotion recognition task. We get emotion representation for these two different instances, L2 norm of
the difference of the two representation vectors is used as the loss function. Essentially, if two different instances have
same emotion label L2 norm should be minimized (i.e. predict ”0”), otherwise L2 norm is maximized (i.e. predict
”1”). Training of siamese network is carried out by using the preprocessed emotion recognition dataset. The dataset
is first converted from multi-label multi-class into single-label multi-class dataset. This preprocessed dataset have
multiple copies of the same instance. Two strategies were used for selecting the two instances while training. First,
Avoiding same copies of instance pair with different emotion label. Second, Randomly choosing instance pair from
the overall preprocessed dataset. Random selection strategy was found to perform better than the first strategy.

Fig. 3. Model-3
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The second stage trains the entire network that is, concatenated representation followed by encoder-decoder
architecture followed by pretrained Siamese network keeping the Siamese network and BERT encoder freezed. The
goal of the training is to make the original and reconstructed emotion representation similar, thereby learning the
common-space representation.

The third stage uses network trained in the second stage upto common-space representation layer and adds the
linear layers and a prediction layer. This network is trained with the goal of predicting the emotion labels keeping
the network upto common-space representation layer freezed.

Algorithm 1 Model-3.3 : Common-space representation learning

Input: Given training data DE for the emotion recognition task E and additional corpus DS for sentiment analysis S.
1: Train BERT for emotion recognition task with DE
2: Train BERT for sentiment classification task with DS
3: EE , ES ← Remove prediction layer of above models.

(serves as encoder for following stages.)
Output: Emotion Representation Encoder EE . Sentiment representation Encoder ES .

Training Stage-1 : Siamese network

Input: Preprocessed emotion datasetDP fromDE (converted from multi-label multi-class into single-label multi-class dataset
having multiple copies of the same instance.)

4: Randomly choose two instance (P 1, P 2) ∈DP

5: P 1
E← EE(P 1), P 2

E← EE(P 2) . pass through two separate pretrained encoder EE
6: 0 ← ‖(P 1

E − P 2
E)‖2 . forces to have similar embedding, if having same label

1 ← ‖(P 1
E − P 2

E)‖2 . forces to have different embedding, if having different label
7: Repeat 4 to 6 until convergence.
Output: Siamese Network (S)

Training stage-2 : Complete network

Input: Training data DE for the emotion recognition task.
For each instance P in DE .

8: PC← concate(PS , PE), PS← EE(P ), PE← EE(P ) . pass through encoders E∫ ,EE keeping them freezed
9: PCSR← Encoder(PC) . CSR, common space representation

10: P recn
E ← Decoder(PCSR) . recn, reconstructed emotion representation

11: P ff← FeedFowrward(PCSR . ff, output of feedforward network
12: Reconstruction loss(L1) = S(P recn

E , PE) . S, siamese network
Emotion label prediction loss (L2) = binary-cross-entropy(sigmoid(P ff ), P true . keeping the siamese network freezed

13: min(L1+L2) . simultaneously minimize both the losses to learn the parameters of Encoder-Decoder

Model-3.3 This variation essentially combines the above two variations. The network is trained by combining
both the losses that is, loss incurred in emotion label prediction as well as similarity loss of the original and recon-
structed emotion representation. This method involves two stages of training.

The first stage is similar to the previous variation, that is, training the Siamese network. The second stage trains
the entire network with combined similarity and prediction loss with the goal of learning better common-space
representation.

5 Results

The parameter-fine-tuning method of transfer learning involves transfer of knowledge at two levels. As a preliminary
work, first level of transfer learning is performed. For this, pretrained language model is fine tuned for the sentiment
classification task by adding the linear layers and a prediction layer. As sentiment classification is different but
related to the task of emotion recognition, it serves as a source task for emotion recognition.

Table 1 compares the performance of different models on three different metrics. Since the dataset under con-
sideration is unbalanced, accuracy measure is not a good choice as a model performance metric. Thus we compare
the performance by F1-score (micro and macro average) From Table 2, it is clear that the Model-3.3 is giving the
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best results. Model-3.1 and Model-3.2 are giving results comparable to the other models.

Table 2 compares the performance of different models on single label emotion recognition datasets. These datasets
also have class imbalance problem thus accuracy is not a good measure as a model performance metric. Thus we
compare the performance by F1-score (micro average). From Table 3, it is clear that the Model-3.3 is giving the
best results as compared to the other models. In this experiment we left out the Model-3.1 and Model-3.2 as it is
clear that Model-3.3 is much better than those two models.

Table 1. Comparison of different Models on different Metrics for SemEval-2018,Task-1 dataset

Model/Metrics Accuracy F1-micro avg F1-macro avg

BERT 54.7 65.6 54.2

Model-1 58.7 68.9 57.3

Model-2 56.6 67.2 55.8

Model-3.1 55.4 66.8 55.2

Model-3.2 57.8 67.7 56.7

Model-3.3 58.6 70.6 58.0

SOTA 57.8 69.7 57.5

Model-1 eliminates the need for large amounts of data to accurately learn the parameters of the network, and
improves the performance for the downstream task of emotion recognition marginally. Model-2 tries to learn the
distribution of data and eliminates the need for large amounts of data for learning the parameters of the network,
which would not have been possible had we trained the network directly on emotion recognition dataset. Still this
method only provides marginal improvements.

Table 2. F1-score comparison for single-label multi-class datasets.

Dataset/Model BERT Model-1 Model-2 Model-3.3 SOTA

General Tweets 57.1 58.5 57.3 59.1 58.2

ISEAR 55.9 57.1 56.2 57.5 56.9

Our method i.e. Model-3, tries to learn the common space representation from the sentiment and emotion rep-
resentation space, eventually benefiting the emotion recognition task. Model-3.1 does not provide any significant
improvements as it takes only the concatenated representation of sentiment and emotion representation from BERT
encoder. It is followed by linear layers and a prediction layer. This method provides only marginal improvements.
Model-3.2 also takes as input the concatenated representation of sentiment and emotion representation from BERT
encoder. It is followed by encoder-decoder architecture which forces the network to learn the common-space repre-
sentation. This method provides significant improvements. Model-3.3 combines both the loss functions of Model-3.1
and Model-3.2. It effectively forces the network to learn the common-space representation. Best results are obtained
with this method. It achieves state-of-the-art performance on F1-score (both micro and macro) metric and very
close to the state of the art performance on accuracy metric.

This significant improvement can be attributed to the fact that the model tries to learn the common-space
representation, by forcing the network to simultaneously minimize the prediction loss and reconstruction loss.
Theoretically speaking, there is possibility for one degenerate solution, while training the network to minimize
reconstruction loss i.e. all the parameters corresponding to sentiment representation part of concatenated represen-
tation are assigned zero weights. In that case encoder-decoder architecture would be redundant. If that would have
been the case Model-3.3 should have performed similar to the Model-3.1. As Model-3.3 is nothing but Model-3.1,
without reconstruction loss. Also, it is evident from the table-1 that the Model-3.3 outperform Model-3.1. Thus it
can be concluded that the second objective of minimizing the reconstruction loss somehow complement in learning
the better representation for the task of emotion recognition.

ICONIP2019 Proceedings 73

Volume 15, No. 3 Australian Journal of Intelligent Information Processing Systems



8 Chaikesh Chouragade and V. Susheela Devi

6 Conclusion

Experimenting with different training data sizes for sentiment classification with Kaggle, Twitter sentiment analysis
dataset highlights the usefulness of ULMFiT and BERT models. Even with small training data size it performs
well in terms of accuracy, which is important considering that the task at hand (emotion recognition) does not
have enough labelled data. This ability to generalize to idiosyncrasies of a target task can be attributed to the fact
that, language model trained on large text corpora captures many facets of language relevant for downstream tasks,
such as long-term dependencies hierarchical relations, syntax and semantics of language.The downstream task of
emotion recognition is supposed to benefit from upstream task of sentiment classification, as they both have the
same data distribution and utilize features learned at higher levels of abstraction.

The proposed Model-3.3 outperforms all the other models that we experimented with, as this method better
utilizes the sentiment classification data to learn the common-space representation. Model-1 and 2 only provides the
better initialization for the parameter of the network, as there is no emotion representation specific learning involved
while training the network. On the other hand Model-3.3 tries to learn the emotion representation simultaneously
with two objectives. First, with the main objective of predicting the emotion label. Second, by reconstructing
the emotion representation from the concatenated representation of sentiment and emotion representation. The
proposed model proved to be successful even for single label emotion classification dataset.
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Abstract. In recent years, sparse representation based classification (SRC) has received a lot of attention in
the field of face recognition. Practical face images often have noisy information and large facial changes. In
such cases, SRC usually achieves low recognition performance. In order to solve this problem, in this paper
we first construct a fractional-order sample matrix, and then proposes a fractional SRC (FSRC) method
for single-view face recognition and fractional joint SRC (FJSRC) approach for multi-view face recognition.
Experimental results on the AT&T and Yale face databases show that our proposed FSRC method outperform
existing related algorithms.

Keywords: Fractional-order dictionary · Joint sparse representation · Multi-view face recognition

1 Introduction

Face recognition (FR) has always been a hot topic in machine learning and pattern recognition. Nowadays, face
recognition technology has been widely used in most aspects of life such as finance, transportation, banking, educa-
tion, etc. Improving the accuracy of face recognition is a key issue in recent years. Some classic statistical techniques
have been applied to face recognition and have achieved good results, such as K-nearest neighbor (KNN) [1] method,
nearest subspace (NS) [2] method , linear discriminant analysis (LDA) [3], principal component analysis (PCA) [4],
support vector machine (SVM) [5], etc. But these FR techniques are based on a single view of images. In reality,
multiple views of an object are easily available. Generally, observing an object from multiple views is helpful to
understand the object in depth. Multi-view face images are more comprehensive to describe the characteristics of
the subject than single-view face images. As a result, multi-view face recognition such as [6, 7] is very necessary.

Sparse representation (SR) [8] is an attractive research field in the signal processing community in the past 20
years. Wright et al. [9] applied SR theory to face recognition and proposed a sparse representation based classification
(SRC) method. Since SRC only performs for a single view and is not able to directly deal with multi-view image
information, Yuan et al. [10] have proposed a joint sparse representation based classification (JSRC) method. But,
JSRC does not take into account the differences among atoms. A novel joint dynamic SRC (JDSRC) method [11]
was proposed, which shares the same sparse model at class level and uses different sparse models at atomic level.
In addition, Zhang et al. [12] argue that SRC overemphasizes the role of sparse representation and what really
works for face recognition is the collaborative representation of training samples. With this idea, they proposed a
collaborative representation based classification (CRC) method.

Another popular multi-view approach is canonical correlation analysis (CCA) [13]. Unlike traditional fusion of
multi-view features, CCA achieves the feature fusion by maximizing the correlation between two sets of projections.
Currently, CCA has many improvements such as kernel CCA (KCCA) [14], locality preserving CCA (LPCCA) [15],
deep CCA (DCCA) [16], etc.

Since face images are usually affected by facial expressions, illumination conditions, occlusions, and noise, the
performance of many FR methods is sensitive to these influence factors and becomes unstable. In order to solve this
problem, a novel fractional-order singular value decomposition representation (FSVDR) algorithm [17] was proposed
to try to eliminate facial changes and noise in face recognition. Later, the idea of fractional-order embedding attracts
much attention. For example, Yuan et al. [18] proposed a fractional-order embedding CCA (FECCA) approach,
which reduces the deviation of sample covariance matrix. Yang et al. [19] proposed a fractional-order embedding
direct linear discriminant analysis (FEDLDA) method. Experimental results show that FEDLDA is effective in
contrast with conventional methods.
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In this paper, we propose a novel SRC method called fractional SRC (FSRC) for single-view FR and a novel joint
SRC method called fractional joint SRC (FJSRC) for multi-view FR. The proposed methods re-model sample matrix
which can significantly reduce the deviation of noisy training samples from true ones and reduce the interference of
facial changes. Experiments on two face image databases show the effectiveness of the proposed FSRC method.

2 Related Work

2.1 SRC

Given a set of training samples with sample class i: Ai = [ai1, ai2, . . . , aini ] ∈ Rm×ni , where m represents feature
dimension and ni is the number of i-th class training samples. Then for a test sample y ∈ Rm of i-th class, which
can be linearly represented by training samples belonging to the same class:

y = xi1ai1 + xi2ai2 + · · ·+ xini
aini

= Aixi, (1)

where xi = [xi1, xi2, · · · , xini
]T ∈ Rni is a coefficient vector. Since the class of y is not known in actual situation, a

matrix A, including n training samples of all c classes, is defined as follows.

A = [A1, A2, · · · , Ac] = [a11, a12, · · · , acnc ] ∈ Rm×n (2)

where n =
∑c
i=1 ni. So y can be represented by the following linear combination:

y = Ax, (3)

where x = [0, · · · , 0, ai1, ai2, · · · , aini
, 0, · · · , 0]T ∈ Rn is a sparse coefficient representation vector. It is clear that

when the number of samples in each class is large enough, the solution vector of (3) becomes sparse. That is, nonzero
entries in x are very few. The sparser the solution vector is, the more favorable the classification of the test sample
is. Therefore, computing x in (3) is transformed into the sparsest solution problem based on minimizing l0-norm,
as follows.

x̃ = arg min
x
‖x‖0, s.t. y = Ax (4)

Since optimization problem in (4) is NP-hard, it is difficult to find a precise solution. Generally, optimization
problem in (4) can be solved by the following minimization problem:

x̃ = arg min
x
‖x‖1, s.t. y = Ax (5)

Note that (3) does not almost hold in real world due to noise disturbance. Hence, optimization problem in (5) can
be reformulated as

x̃ = arg min
x
‖x‖1, s.t. ‖y −Ax‖22 ≤ ε (6)

where ε is an error.
After getting the coefficient vector x̃ in (6), we can classify the test sample y according to the following rule.

ĩ = arg min
i
‖y −Aδi(x̃)‖2, (7)

where δi(·) is a characteristic function that only chooses the coefficients associated with the i-th class and that sets
the coefficients associated with all other classes to zero.

2.2 Joint SRC (JSRC)

Let v views of samples of the same objects be {A(i) ∈ Rm×n}vi=1 for a total of c classes, where m is the dimension
of samples and n is the number of samples in view i. Then, the optimization model of JSRC is the following

X̃ = arg min
X
‖Y −BX‖2F

s.t. ‖X‖l0/l2 ≤ K,
(8)

where ‖ · ‖F represents Frobenius norm of a matrix, ‖ · ‖l0/l2 is a mixed norm that refers to l2 norm on each row and

l0 norm in the l2-norm result vector, Y ∈ Rm×v denotes the given v-view test samples, B = [A(1), A(2), · · · , A(v)] ∈
Rm×p with p = vn, X ∈ Rp×v, and K controls the sparsity.
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3 Proposed Approaches

3.1 Fractional Sample Matrix

In this subsection, we establish fractional-order sample matrix that can alleviate the problem of facial changes such
as facial expressions, light, and occlusion in SRC. The fractional sample matrix can be characterized by fractional-
order singular values of sample matrix.

Suppose that H ∈ {A,B} is a single-view or multi-view sample matrix. Then, we have the singular value
decomposition (SVD) in the form of

H = PΛQT , Λ = diag(λ1, λ2, · · · , λr) (9)

where r = rank(H), P = (p1, p2, . . . , pr) and Q = (q1, q2, . . . , qr) consist of left and right singular vectors of H,
respectively, and λ1 ≥ λ2 ≥ · · · ≥ λr > 0 are the nonzero sorted singular values of matrix H. Now, the fractional-
order sample matrix can be defined by

Hα = PΛαQT , Λ = diag(λα1 , λ
α
2 , · · · , λαr ) (10)

where α is a fraction satisfying 0 ≤ α ≤ 1, P , Q and r are defined in (9).
It is obvious that (10) can subsume the SVD in (9) as special case when α = 1. According to (10), it is easy to

draw the following properties:
Property 1. rank(Hα) = rank(H).
Property 2. All nonzero eigenvalues of Hα are {λαi }ri=1.
Property 3. When α > 0, there exists a bijection between Hα and H; when α = 0, there exists a surjection

from H to Hα.

3.2 Fractional SRC

Let us set H = A. With (10), we apply the fractional sample matrix Aα to optimization model of SRC, thus leading
to our optimization model of fractional SRC (FSRC), as follows.

x̂ = arg min
x
‖y −Aαx‖2 + µ‖x‖1, (11)

where x = [0, · · · , 0, xi1, xi2, · · · , xini
, 0, · · · , 0]T ∈ Rn and µ is a balance parameter. There are many algorithms

to solve the l1-norm minimization problem in (11), such as gradient projection algorithm, iterative threshold con-
traction algorithm and near-end gradient algorithm [20]. In this paper, we use orthogonal matching pursuit (OMP)
method to compute x̂. After obtaining x̂, we are able to classify the test sample y according to the following rule.

ĩ = arg min
i
‖y −Aαδi(x̂)‖2 (12)

where δi(·) is the same as defined in Section 2.1.
In summary of the foregoing description, the proposed FSRC algorithm is given as follows.
Step 1. Perform the SVD according to (9) for training sample matrix A;
Step 2. Calculate fractional sample matrix Aα using (10) for a given fractional parameter α;
Step 3. Solve the l1-norm minimization problem in (11) using OMP;
Step 4. Make use of (12) to classify test sample y.

3.3 Extension: Fractional Joint SRC

Let H = B. Together with (8), the optimization model of fractional joint SRC (FJSRC) is below:

X̃ = arg min
X
‖Y −BαX‖2F

s.t. ‖X‖l0/l2 ≤ K.
(13)

According the theory of sparse representation, optimization problem in (13) can be further transformed into the
following

X̃ = arg min
X
‖Y −BαX‖2F

s.t. ‖X‖1,2 ≤ K,
(14)
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where ‖ · ‖1,2 denotes to first compute l2 norm on each row and then l1 norm on the resulting l2 norm vector.

Via solving optimization problem in (14), we can obtain the optimal X̃. To compute X̃, we employ an iterative
solution algorithm. The optimization problem in (13) can be rewritten as

X̃ = arg min
X
‖Y −BαX‖2F + µ̃

p∑
i=1

‖x̃i‖2, (15)

where x̃i denotes the i-th row vector of coefficient matrix X, i = 1, 2, · · · , p, and µ̃ is a sparsity balance parameter.
Let us denote

F = ‖Y −BαX‖2F + µ̃

p∑
i=1

‖x̃i‖2

= tr[(Y −BαX)(Y −BαX)T ] + µ̃tr(XTHX)

= tr(Y Y T )− 2tr(XT (Bα)TY ) + tr(XT (Bα)TBαX) + µ̃tr(XTHX),

(16)

where the second equality uses the properties of matrix trace tr(·), i.e. tr(Z) = tr(ZT ) and tr(Z1Z2) = tr(Z2Z1),
and H = diag(1/‖x̃1‖2, 1/‖x̃2‖2, · · · , 1/‖x̃p‖2).

The Lagrangian function of (16) is

∂F
∂X

= −2(Bα)TY + 2(Bα)TBαX + 2µ̃HX (17)

Let ∂F/∂X = 0, it follows that

X = [(Bα)TBα + µ̃H]−1(Bα)TY (18)

This leads to the following updating rule:{
Ht ← diag

(
1

‖x̃t
1‖2

, 1
‖x̃t

1‖2
, · · · , 1

‖x̃t
1‖2

)
,

Xt+1 ←
[
(Bα)TBα + µ̃Ht

]−1
(Bα)TY,

(19)

where t denotes the number of iterations. We make use of the following stop condition for iteration.

ϕk = 1−F(Xt+1)/F(Xt). (20)

When ϕk is smaller than a given threshold, (19) stops iterating and X̃ ← Xt+1.

After getting X̃, multi-view sample Y is classified by the following rule.

ĩ = arg min
i
‖Y −Bασi(X̃)‖F , (21)

where σi(X̃) is a matrix where the rows of i-th class in X̃ are kept and all other rows are set to zero.

4 Experiments

4.1 Data Preparation

Two face databases are used in our experiments, i.e., AT&T and Yale face databases. The AT&T face database1

consists of 400 grayscale face images of 40 persons. Each person has 10 different images with size as 112 × 92.
The Yale database2 consists of 165 grayscale images of 15 individuals. There are 11 facial images per person under
various facial expressions and lighting conditions. Every image is resized to 100×80 pixels. In addition, in our FSRC
approach, there is an important fractional parameter α. We empirically set the values of α on both databases, as
shown in Table 1.

1 https://www.cl.cam.ac.uk/research/dtg/attarchive/facedatabase.html
2 http://cvc.cs.yale.edu/cvc/projects/yalefaces/yalefaces.html
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Table 1. The values of parameter α used in all experiments.

Dataset AT&T Yale

FSRC 0.8 0.4

4.2 Results of FSRC

In this section, we compare FSRC with three algorithms, i.e., KNN, SVM, and SRC, for the recognition performance
test. On both AT&T and Yale databases, PCA is used to reduce the dimension of original face images. The
dimensions of PCA-transformed faces are, respectively, 40, 60, 80, and 100 on the AT&T face database, and 30, 50,
70, 90 on the Yale face database.

On the AT&T face database, five face images per individual are randomly chosen to form the training set, and
the remaining face images are used to generate the testing set. Therefore, the number of training samples and
testing samples is, respectively, 200 and 200. On the Yale database, we randomly select six face images of each
person for training, while the rest are used for testing. Thus, the number of training samples and testing samples
is 90 and 75, respectively. On both databases, ten independent tests are run for the performance evaluation and
the average recognition accuracy is computed for each method. Tables 2 and 3 summarize the recognition results of
KNN, SVM, SRC, and FSRC on AT&T and Yale databases, respectively. From Tables 2 and 3, we can see that our
proposed FSRC method performs better than KNN, SVM, and SRC, regardless of the dimensions. This indicates
that FSRC is effective and robust for face recognition task.

Table 2. Recognition accuracy of KNN, SVM, SRC, and FSRC on AT&T.

Dimension KNN SVM SRC FSRC

40 0.639 0.899 0.918 0.921
60 0.640 0.896 0.919 0.927
80 0.639 0.892 0.931 0.946
100 0.635 0.876 0.927 0.938

Table 3. Recognition accuracy of KNN, SVM, SRC, and FSRC on Yale.

Dimension KNN SVM SRC FSRC

30 0.552 0.746 0.753 0.812
50 0.627 0.729 0.731 0.807
70 0.571 0.749 0.759 0.853
90 0.615 0.739 0.811 0.856

5 Conclusion

In this paper, we first construct a fractional-order sample matrix, and then proposes a fractional SRC (FSRC)
method for single-view face recognition and fractional joint SRC (FJSRC) approach for multi-view face recognition.
Experimental results on the AT&T and Yale face databases show that our proposed FSRC method outperform
existing related algorithms.
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Abstract. Face hallucination is proposed to reconstruct high-resolution (HR) face images from low-resolution
(LR) faces. Though canonical correlation method is a powerful method to depict the linear relationship between
HR and LR face images, it is difficult to uncover the nonlinear relationship between HR and LR images. To solve
this problem, we propose a new face hallucination approach based on locality preserving canonical correlation
analysis, which is referred to as LPCCA-SR. LPCCA-SR first utilizes principal component analysis to reduce
the dimensions of HR and LR face images. Then, it learns the locality consistent coherent low-dimensional
features of HR and LR principal component features. Last, it super-resolves the input LR face images by global
face reconstruction and residual compensation. Experimental results on real-world databases show that our
proposed method is promising.

Keywords: Face hallucination · Face super-resolution reconstruction · Locality preserving canonical correla-
tion analysis

1 Introduction

In the field of face analysis, face images are often of low quality in real world, which brings a lot of difficulties to
face recognition and identification. To overcome this problem, face hallucination (FH), also known as face super-
resolution (FSR), has been proposed in recent years, which aims at inferring HR facial images from LR ones. Many
super-resolution methods have been proposed in the past few years. Due to its incorporation with prior information,
learning-based methods [7,10,15,17,19] achieve ideal reconstruction effects and become a hotpot of super-resolution
research. These methods learn the texture prior between HR and LR training sets to build the mapping model
between them.

Manifold learning theory assumes that images in HR space share similar local geometry structure with those in
LR space, thus HR images can be reconstructed by corresponding LR ones. Based on this assumption, Chang et al.
proposed a classical face hallucination method named neighbor embedding [3] inspired by manifold learning method
locally linear embedding (LLE). It first seeks the k-nearest neighbors for each LR patches in the LR training set
and then reconstruct them by a linear combination of the corresponding HR patches. Inspired by this idea, many
patch-based methods have been proposed since then. Ma et al. [13] found that hallucinating each HR patch by
the same position instead of seeking k-nearest neighbors in all patches in the training set is more effective since it
has utilized the local similarity. Jung et al. [9] pointed out that, when the number of the training patches which
are located in the same position is much larger than the dimension of these patches, calculating the reconstruction
weights by solving the least square problem may produce biased solutions. Thus they employed convex optimization
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Fig. 1. Flowchart of our proposed LPCCA-SR method for face hallucination

to calculate the reconstruction weights and achieved ideal reconstruction results. Recently, Jiang et al. proposed
the locality-constraint iterative neighbor embedding (LINE) [8] face hallucination method, in which it updates the
k-nearest neighbors and reconstruction weights iteratively and it shows the state-of-the-art performance. Different
from patch-based methods, when we employ some methods to reconstruct face images, some dimension reduction
methods are often used to focus on feature information and to reduce the computational cost. However, some high-
frequency information which is also very important is often lost inevitably during the dimension reduction process.
Thus the two-step approaches [6, 12, 20] are usually superior than the pure global face super-resolution methods.
In addition to the above methods, it is also worth mentioning that deep-learning based methods [2,10,11,18] have
been very popular nowadays. Whereas, despite its outstanding performance, these methods usually need large-scale
training set and require lots of time to train the model.

Inspired by previous work, Huang et al. [6] employed canonical correlation analysis (CCA) to learn the linear
correlations between HR and LR facial features and achieved ideal reconstruction quality. Nevertheless, as a linear
learning method, CCA is unable to deal with the nonlinear relationships between HR and LR images promisingly.
In this paper, we propose a new face hallucination method called LPCCA-SR. By adding locality information to
CCA, the nonlinear relationships between HR and LR images can also be well depicted. Fig. 1 shows the flowchart of
our proposed LPCCA-SR. We employ the general data reduction method PCA to extract the principle component
of HR and LR images. Then we learn a coherent space to maximize the consistency of HR and LR features such
that the linear and nonlinear relationships between HR and LR images can be maintained. Last, by global face
reconstruction and residual compensation, we can reconstruct the HR image from input LR image.

The rest of this paper is organized as follows. In section 2 we will briefly talk about the related work. And next,
in section 3, we introduce our method in detail. Experimental results are shown in section 4 and we conclude this
paper in section 5.
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2 Related work

Canonical correlation analysis (CCA), originally developed by Hotelling in [5], is a powerful way of measuring the
linear correlation between two sets of variables. Huang et al. [6] proposed a CCA-based FSR method for HR and LR
images, in which they learn a coherent space by CCA for HR and LR features and project them into the subspace
such that the linear relationships between HR and LR features are well maintained. Despite its excellence in face
hallucination, it cannot deal with the nonlinear relationships between HR and LR images.

Sun et al. [14] proposed a new method named LPCCA to overcome the disability of CCA that it cannot discover
the nonlinear relationship between HR and LR features and then applied this method to data visualization and
pose estimation which achieved promising results. By adding locality to CCA, the correlation between HR and LR
images can be well maintained. In this paper, we introduce this method to face hallucination.

3 Proposed method

3.1 Formulation and solution

We assume that there are m HR facial image vectors IH =
{
Ih1, Ih2, · · · , Ihm} ∈ <p×m and corresponding m LR

facial image vectors IL =
{
Il1, Il2, · · · , Ilm} ∈ <q×m, where p and q separately denote the dimensionality of HR

and LR facial image vectors. We compute the mean image vectors of HR and LR face images µh and µl and then
center each HR and LR face image by Îhi = Ihi − µh and Îli = Ili − µl. To improve the computational efficiency
and reduce the noise, we employ principal component analysis (PCA) to extract the global facial features of HR
and LR training images by the following:

hi = PT
h Îhi and li = PT

l Îli (1)

where Ph and Pl are the PCA projection matrices and i = 1, 2, · · · ,m. Let PCA coefficients H = {h1, h2, · · · , hm}
and L = {l1, l2, · · · , lm}.

According to [14], we define neh(i) to denote the index set of the local neighbors of hi. That means, if hj is among
the k1-nearest neighbors of hi, we consider that hj is the local neighbor of hi, thus j ∈ neh(i). The definition is
similar for nel(i). On the basis of definition of local neighborhood, we define the similarity matrices Sx = {Sx

ij}mi,j=1

and Sy = {Sy
ij}mi,j=1, where

Sx
ij =

{
exp(−‖hi − hj‖22 /th), if j ∈ neh(i) or i ∈ neh(j)

0, otherwise
(2)

Sy
ij =

{
exp(−‖li − lj‖22 /tl), if j ∈ nel(i) or i ∈ nel(j)
0, otherwise

(3)

Note that in (2) and (3) ‖·‖ represents 2-norm and the parameter th and tl is generally taken as the mean square
distance or the number with the same magnitude.

With the definition of the similarity matrix, according to [14], the goal of our LPCCA-SR is to find projection
vectors wx and wy for H and L such that the correlation coefficient is maximized. The optimization model is the
following:

(w∗x, w
∗
y) = arg max

wx,wy

wT
xHSxyL

Twy√
wT

xHSxxHTwx

√
wT

y LSyyLTwy

(4)
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where Sxy = Dxy − Sx ◦ Sy, Sxx = Dxx − Sx ◦ Sx, Syy = Dyy − Sy ◦ Sy, and the symbol ◦ represents operator.
For matrices A,B ∈ <c×c, (A ◦ B)ij = AijBij , where Aij denotes the i-th row and j-th column element of matrix
A. Dxx(Dxy, Dyy) ∈ <m×m is a diagonal matrix, whose i-th diagonal element equals the sum of the i-th column
elements of matrix Sx ◦ Sx(Sx ◦ Sy, Sy ◦ Sy).

Since the objective criterion is scale-invariant to wx and wy, the optimization problem in (4) can be formulated
equivalently as

max
wx,wy

wT
xHSxyL

Twy

s.t. wT
xHSxxH

Twx = 1

wT
y LSyyL

Twy = 1

(5)

We are able to obtain vectors wx and wy by the following generalized eigenvalue problem:[
HSxyL

T

LSyxH
T

] [
wx

wy

]
= λ

[
HSxxH

T

LSyyL
T

] [
wx

wy

]
(6)

To avoid that matrix HSxxH
T and LSyyL

T are singular matrices, we add regularization λ to (6) as:[
HSxyL

T

LSyxH
T

] [
wx

wy

]
= λ

[
HSxxH

T + εI
LSyyL

T + εI

] [
wx

wy

]
where ε is a specific positive number and I is the identity matrix.

3.2 Super-resolving face

The proposed face super-resolution approach consists of two steps: global face reconstruction and residual face
compensation.

Global face reconstruction. Since we have computed the projection matrices wx and wy, we can compute the
coherent features of HR and LR facial embedding in the common subspace by Ch = {Ch

1 , C
h
2 , · · · , Ch

m} = wT
xH,

Cl = {Cl
1, C

l
2, · · · , Cl

m} = wT
y L. Suppose the input LR image is Il. We first compute its PCA coefficients by

l = PT
l (Il − µl) and then project l into coherent subspace using:

cl = wT
y l (7)

In LPCCA subspace, for cl, we seek K nearest points {cLli}Ki=1 in Cl and corresponding optimal weights WG =
{WG

i }Ki=1 which minimize:

ε =

∥∥∥∥∥cl −
K∑
i=1

WG
i c

l
li

∥∥∥∥∥ s.t.
K∑
i=1

WG
i = 1 (8)

According to [6], to solve this least squares problem, we define the local Gram matrix to be Tim = (cl−cLli)(cl−cLlm)
and the optimal weights can be found by computing:

WG
i =

∑
m T−1im∑
bc T

−1
bc

(9)
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Once WG is computed, we can construct the corresponding HR feature in the coherent subspace by a linear
combination of corresponding K-nearest HR points {cHli }Ki=1:

ch =
K∑
i=1

WG
i c

H
li (10)

Next, the principle component features of the corresponding HR face image are obtained by an inverse trans-
formation:

h = (wT
x )†ch (11)

where † denotes pseudoinverse.
Finally, we can obtain the HR global face image by computing:

Ig = Phh+ µh (12)

Residual face compensation. During global face reconstruction process, the projection of the face data into a
subspace inevitably loses some information and this is often observed as lack of high-frequency details. To solve this
problem, we add a residual compensation step in order to provide additional details to the output image.

For each LR facial image in the training set IL, we calculate the corresponding globally reconstructed face
image employing (12), denoted as G ∈ <p×m. Then, we separately obtain the HR and LR residual face images by:
Rh = IH − G and Rl = IL − G ↓, where ↓ represents down-sampling. To improve facial detail compensation and
enhance the smoothness of face super-resolution images, we divide each image in Rh and Rl into many overlapping
square patches whose size is n × n. And we denote the total number of all patches in an image as m̂. Let Rh

j =

{Rh
ij}mi=1 ∈ <p×m and Rl

j = {Rl
ij}mi=1 ∈ <p×m be the set of j-th patch vector of all images in the training set, where

p = n×n and m is the number of training set and j = 1, 2, · · · , m̂. Then, we employ LPCCA to transform residual
patches into common subspace by R̂h

j = (wr
xj)

TRh
j and R̂l

j = (wr
yj)

TRl
j , where wr

xj and wr
yj are the projection

matrices which we have computed by LPCCA for Rh
j and Rl

j respectively and j = 1, 2, · · · , m̂.
Similarly, for a novel LR image Il, we obtain its global face image Ig and compute the residual image by rl =

Il−Ig ↓ . Then each residual patch vector rlj is transformed into LPCCA coherent subspace as r̂lj = (wr
yj)

T rlj . Similar

to global face reconstruction process, for each residual patch vector r̂lj , the corresponding HR one is reconstructed
by its k nearest neighbors.

After getting all HR residual patch vectors {rhj }m̂j=1, we transform the HR features back into images. Using all

residual patches {rhj }m̂j=1, with pixels in the overlapping areas averaged, we obtain the residual image R. Together
with (12), the super-resolution face of Il is obtained by: Ih = Ig +R.

4 Experiments

To test the performance of the proposed LPCCA-SR method, we carry out several face-reconstruction experiments
on CAS-PEAL [4] and CelebA database and compare it with CLLR-SR [6], SR2DCCA [1], Eigentransformation
(denoted as ET) [16] and Bicubic. We employ two measures, peak signal-to-noise ratio (PSNR) and structural
similarity indexes (SSIM) to evaluate the super-resolution quality.

For convenience, for two-step methods CLLR-SR, SR2DCCA and our method, we denote Kg as the number of
nearest neighbors that we seek to reconstruct the HR ones in global reconstruction and Kr in residual compensation.
In CLLR-SR, as mentioned by the author, we set Kg = 300, Kr = 160, patch size as 16×16 with 8 pixels overlapped
and choose only 300 images in the training set to train the residual model. In SR2DCCA, we set Kg = 400 and
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Table 1. Parameters of our method on CAS-PEAL and CelebA database

Parameters Kg Ks1 Dl Dh Kr Ks2 patch size overlap

CAS-PEAL 900 5 360 600 200 200 8× 8 6
CelebA 950 5 300 400 200 300 8× 8 6

Kr = 900. In Eigentransformation, we set a = 2 and reserve 99% PCA energy of LR and HR images. In our method,
we set the patch size as 8× 8 with 6 pixels overlapped.

Instead of the normal energy reservation strategy, we reserve specific numbers of eigenvectors of the PCA
projection matrices Ph and Pl in (1) of LR and HR images respectively. We use Dh and Dl to represent the
dimension we reserve for HR and LR image vectors. When computing similarity matrix Sxx(Syy), there is also a
specific number of neighbors we seek, denoted as Ks1 and Ks2 in global and residual process respectively. Parameters
are presented in Table 1.

4.1 Experiment on CAS-PEAL database

CAS-PEAL database contains 99,594 controlled images from 1,040 individuals. We employ 1,040 frontal images
from 1,040 persons to conduct super-resolution task. We randomly select 1,000 images to form the training set and
use the rest 40 images as testing set. All the images are resized to 96× 96 and the LR images are 24× 24 with the
scale-factor of 4×. Note that as the pre-trained process, we imresize all LR images with the same size of HR images
by the imresize function of MATLAB.

The reconstruction effect of several methods is recorded in Table 2 and we also visualize some hallucinated facial
images in Fig. 2. As can be seen from Table 2, our method achieves the best quantitative results. Fig. 2 shows that
our method can reconstruct more facial details compared with other methods.

4.2 Experiment on CelebA database

CelebA is a large-scale face attributes dataset with 202,599 images from 10,177 identities. In this experiment, we
randomly select 1,000 images as the training set and 20 images as testing set. Note that all 1,020 images come from
different people. We crop each image into 80 × 80 to form the HR set and downsample it by the magnitude 4 to
20 × 20 as the LR set. Also, we imresize LR images to the same size with HR images as our pre-trained process.
All these methods apply the super-resolution algorithm on the luminance component of the YCbCr model, while
the chrominance components were up-scaled using the bicubic interpolation. The results are presented in Table 3
and Fig. 3.

As we can observe from Table 3, our proposed LPCCA-SR method achieves the best PSNR and SSIM values.
We also visualized some reconstruction images. Fig. 3 explains that our method can generate comparable pleasing
visual effects with CLLR-SR method and better than SR2DCCA, ET and Bicubic method. Due to the addition of
locality information, our method reconstruct more rich facial details and is clearer than compared methods.

5 Conclusion

We in this paper propose a new face hallucination approach based on LPCCA. It first extracts the global component
features of HR and LR facial images respectively. Then it employs the locality preserving CCA to learn the linear and
nonlinear mapping between HR and LR global features. Last, it super-resolves the input LR face images by global
face reconstruction and residual compensation. Experimental results prove that our method has the state-of-the-art
performance.
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(a) HR (b) LR (c) Ours (d) CLLR-SR (e) SR2DCCA (f) ET (g) Bicubic

Fig. 2. Visual comparision on the CAS-PEAL database

(a) HR (b) LR (c) Ours (d) CLLR-SR (e) SR2DCCA (f) ET (g) Bicubic

Fig. 3. Visual comparision on the CelebA database
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Table 2. Average PSNR and SSIM values of 40 testing images on the CAS-PEAL database

Method Ours CLLR-SR SR2DCCA ET Bicubic

PSNR 30.51 28.92 27.83 27.84 28.11
SSIM 0.9009 0.8677 0.8177 0.8351 0.8753

Table 3. Average PSNR and SSIM values of 20 testing images on the CelebA database

Method Ours CLLR-SR SR2DCCA ET Bicubic

PSNR 28.57 27.45 26.84 25.93 27.49
SSIM 0.9276 0.9102 0.8813 0.8805 0.9244
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