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Abstract-Despite significant recent advances in the field
of face recognition, implementing face recognition -efficiently
on a small scale datasets and how to learn a better intra[]
representation of the face present serious challenges. In this
paper we present a new method called MIR, that directly learns
similarity feature between face and face and uses characteristic
as a new representation to do classification. Our method have a
better performance with the characteristic than original features
in different datasets(LFW, Youtube Faces(YTF) and MegaFace
challenge). Our method describe the effects of face classifications
after learning similarity and demonstrate that multitasking get
a better accuracy than single task learning tasks.

Keyword s-multitask learning; intra-representation; face recog[]
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[. INTRODUCTION

Face recognition is developing very fast in the last couple of
years. There are many new methods appearing and have near
perfect results in the LFW Data-sets and some similar face
database, especially in deep-learning. For example, face++
[1], deep-face [2], FR+FCN [3], We call this task Face[]
Verification, although the accuracy is high in the data-set,
is low in reality. All we know is sometimes we need to
know how many people in this image and who they are in
many applications especially using in the monitoring. Face
recognition is widely used in Security monitoring, tracking
and so on.

Now there are some methods like Face-Net[6], they use
triplet loss to train so that they can minimize the distance
between the same class people and maximize the distance
from different classes, but there are some disadvantages, firstly,
they did not consider the common feature from all people.
Secondly, they did not use the character feature of different
people to do classifications. Based on these disadvantages,
in this paper, we proposed a multitask learning approach for
many classification task. We think all people have its similarity
and character, if we can extract the commonality from people,
we use the character to classification, In theory, we can get a
good result. Firstly, we use the Face-net [6] to generate 128-
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dimension vector to represent a face, The training stage use
Triplet Loss to minimize the distance between an anchor and a
positive, both of which have the same identity, and maximizes
the distance between the anchor and a negative of a different
identity. Next stage, we put the vector into our small-size
neural network, we learn the face-similarity and character so
that we can do classification.

II. RELATED WORK

A. Traditional fa ce recognition

Early in face recognition, use Bayesian face [10], use
template matching method, For example, [7] use human facial
features to establish a three-dimensional adjustable model
framework. they use all the nodes in the face and measure the
distance between eye, chin and cheekbones. But the process is
very complicated and the accuracy is low. The classification of
HMM and Singular Value Decomposition[12] is a method to
do feature extraction. Generally, an image (length H)is regarded
as an N*M matrix and its singular value is taken as a feature
of face recognition. they use the sampling window to overlap
the same picture. The singular values are grouped into a
set of vectors and this group of vectors are unique. Lades
and some people proposed an architecture named Dynamic
Link[13] to identify faces. we can get the vector marker from
the Gabor wavelet decomposition of the image position and
the connection node distance vector of the graph. they use
the elastic graph matching method with an accuracy rate of
97.3%.combined with the Compressive Sensing (CS) theory
and proposed a sparse Representation Classification (SRC)
face recognition method. The basic idea is that test face images
can be expressed by several training images. Due to the design
of a bridge between test data and training data, this method
always achieve good performance, even in the face of the
presence of occlusion and other complex situations.

662

Authorized licensed use limited to: BEIJING UNIVERSITY OF POST AND TELECOM. Downloaded on March 03,2024 at 03:36:00 UTC from IEEE Xplore. Restrictions apply.



B. Deep learning model

feature, and this way is simple but effective.

Recently, most deep models have been used for face verifi[] 4 Iv/TCNN

cation or identification, [19] uses mutil-patch deep CNN and
deep metric learning, the feature extraction is using the deep
convolution neural network in different regions of the face
and then decrease dimension to 128, achieved the accuracy of
0.9977 on the LFW dataset and they claim that their approach
is the best way in the world. The work of [14] employ a
deep network to use semantic feature mapping of all the same
label on the face of the trained label to make the distance
small between same classes and the distance large between
the different classes.they use deep metric learning and it is
one of the most commonly used methods for depth learning in
the field of face recognition. Using a better objective function
can learn more discriminatory facial features. The deep id
[15]learns a 160-dimensional vector that represent the face.
Deep 10 increase the data set to adopted the performance.
There are two ways to increase the data sets, one approach
is to collect good data, for example, the CelebFaces data
set, another approach is to make the image multi-scales and
multi-channels. [16]The deep-id2 network not only considers
the classification, but also considers the inter-class gap. The
accuracy is about 99.15% in LFW data-set, but they are
different with the method that extract the characters and
common features what we do. Deep 102+ changes the network
structure and also Deep1D2+ is very robust to occlusion. [8]
mainly use the data augmentation, collecting large amounts of
data is difficult, for the existing public database face images,
they synthesis the new face images from the pose, shape, and
expression three aspects, it can train In the LFW and DBA
data set as good as the millions of face images. [1]collected
Smillion face pictures for training deep convolution neural
network model from the network. the paper propose although
the accuracy is very high in the LFW data set, they have some
problems in the paper. There is a deviation in the face data
set based on the network, most of the collection photos are
smile, make-up, young and beautiful, are quiet different from
those in the real scene. Test in the real scene ,the accuracy is
only 0.66. Another problem is that face image of the angle,
light, age and other differences between the role of each other
The accuracy in real application is very low . Therefore, the
paper puts forward the direction of further research in the
future. one is that we can extract the training data from the
video, video in the face of screen is close to the reality of
the application scene(change the angle, light, expression and
so on). [9]they think under natural conditions, because of the
angle, light,occlusions, low resolutions and other reasons, there
is a big difference from the face images. the paper presents a
new depth learning model to face reconstruction that can learn
the invisible side of face image. Thus, the model can greatly
reduce the difference between individual face images(the same
person, different images).

III. IMPLEMENTATTON

We use MT-CNN and Face-Net before our own work, and
multitask learning to improve the accuracy with the extract

MTCNN is a deep-learning method of face alignment and

generate face as our training data and it is an input of the
Face-net.
MTCNN have three stages cascaded framework, firstly, given
an image, we initially re-size it to different scales to build an
image pyramid, which is the input of the following three-stage
cascaded framework. The first stage is P-Net, Obtained the
candidate facial windows and their bounding box regression
vectors. Then we employ non-maximum suppression(NMS )to
merge highly overlapped candidates. The second stage is R[]
Net, which rejects a large number false candidates, performs
calibration with bounding box regression and conducts NMS.
The three stage is similar to the second stage which aim is to
identify face regions with more supervision. And the network
will output five facial landmarks and positions.

B. FACENET

The task of the face-net in the paper is face verification.
Face-net use a deep convolution network trained to directly
optimize the embedding itself, To train, they use triplets
loss to train the network and achieve state-of-the-art face
recognition performance using only 128-bytes per face(they
tried different dimensions and result is 128-dimensions vector
is the best ). The triplet loss describe different versions of
face embedding that are compatible to each other and allow
for direct comparison between each other.

After getting 128-dimension embedding vector, recognition
becomes a KNN classification problem and clustering can be
achieved using k-means or clustering.

C. OUR OWN WORK

Suppose that we do a two classifications task(for example,
we distinguish the sex is male or female,also the multiply
classification is the same), if we use logical regression to do
classification, it is denoted as

ifa(wx) > 0.5
if o(wz) <0.5

where ¢ is the logical regression,when the result is greater
than 0.5, we think it is male, the opposite is the female. further,
we think people have some common features(for example, we
describe a person, we use the eyes, nose, mouth...), we think
these features may reduce the performance of classification.
it is denoted as

(1)

male

) { female

a(wx+b) > 0.5 )

If b is large(for example,a=100), the result is always
larger than 0.5 so that classification is wrong. we assume the
b is the common features.

{fozﬁzb 3)

o(Z o W) = o(Tper @ W1 + Tppyy, ® Wo)
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Fig. 1. The network structure of the multitask learning.it is similar with the
res-net,we learn the residual and it is the remaining features that we use to
do classification task.

where #,.. is the characteristic,#..,, is the similarity
features. We assume that we can extract the characteristic
from the face embedding featnres.In detail,when we get
the face embedding vector from the face-net,we use this to
do the multitask learning.When face vector go through the
non-linear mapping like sigmoid and it can compress the
size of the value between 0-1,we say that if this value is
greater than a certain threshold.the data belong to the same
class.according to the logical regression.we can divide all
faces into a class.that is.we use 0.5 as our threshold here and
then we can train the network to learn the similar feature that
we need.If we can extract this part of common features.then
use the characteristics to do face classification.the results
will be more accurate,The multitask is that we achieve two
experiments, one is that we think we need to extract the
common features ,another is a classification task.We design
the network structure.as shown in Fig. 1.

The first layer is the hidden layer, the vector of faces(X)
is as the input of the first layer, the dimensions of X are
1*128,we havex1 = 9(Xrwi+by) as the output of the hidden
layer,the g is the activation function,we use the relu activation
here.unis the vector of 128*128 dimensions, b! is the vector
of 1*¥128 dimensions ,we can get 1*128 dimensions vectors
then the second layer is used to classify the face images
to a class so that we can get the common feature .we have
y = a(xiw2 T by, ais the function of sigmoid ,the b, is the
vector of 128*1 dimensions, b, is the vector of 1*1 dimension
and we can get 1*1 vector .we think that all the people that
there is only one class ,we use

y = olziws + bo) > % 4)
We think that y is the common feature that we can extract
from all images of the faces. then we use x subtract y to get
the character features so that we can do multi-classifications.
The last layer is the softmax-layer to do classifications.
We have two ways in the process of the training, One way is
that we are fixing a task to learn another task. Another way
is that use a joint approach to train, we train two tasks at the
same time.

TABLE [
experi ments on three data-sets, We have different models with different
Datasets ,in which the b in bracket represents the original feature,the a in
bracket represents the performance of our way when extract the character
feature and do classifications.

DataSet and model LFW YTF MegaFace
DeepID2+[7](b) 98.70% 93.2%  64.21%
DeepID2+[7](a) 99.15%  93.86%  66.23%
FaceNet[6](b) % 99.65 95.1%  54.85%
FaceNet[6] (a) 99.68 % 96.72%  55.75%
DeepFace [2](b) 97.35% 914%  65.21%
DeepFace[2](a) 97.85% 92.34%  66.78%
BaiDu[ 20](b) 99.13% 95.6%  67.21%
BaiDu[20](a) 99.18%  96.13%  68.35%

IV. EXPERTMENTS AND RESULTS

In this section, we evaluate the experiments on face

recognition. The experiments demonstrate our proposed
method is robust on different datasets.can not only
improve the accuracy on visual classification, but also
boost the performance on visual recognition. We used
the datasets/Labeled Face in the Wild(LFW), Youtnbe
Faces(YTF) and MegaFace Challenges). We do experiments
using Tensorflow,
We evaluate our method on the face recognition task. ILe.
given a frame in the video, the evaluation is the precision
that predict people who they are and judge if it is right, we
can define the evaluation as

Ac= 1B 5)

AP is the number of all people in the picture, TP is
the number of all people that is correct when doing classify.

A. The result ofdifferent models

This experiment mainly reflects the performance of different
models.As we can see in Table L.

B. What we learn in the network

Our network can learn the common features of face images
from the network.As can be seen in Fig.2. and Fig.3., We chose
10 photos of two of them in the sample (5 photos of a person)
and use PCA to do reducing dimensions, then draw it. After
that we use the residual value to do classification, this residual
is similar as the residual network[24], the difference is that
our network use the subtraction instead of the addition when
learning the residual value. the above experiment has shown
that our ideas are effective. We find that the distance between
different classes become larger after the feature extraction,
and which indicates that our network effectively learns our
commonality. When training this network, we use the learning
rate 0.001 and we add the L2 regularization. We tried different
coefficients and choose the best coefficient 0.001. We also do
another experiment and make further processing ofthe data,we
centralize the data and do classification again, we can see the
performance in the table, after the centralize the data, there
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Fig 2. we show the relation when roapping the otiginal fzatars of two peopls
into two dimereiorne,

Fig 3, washow the relation when sxttacting the simdl at featute ard mapping:
feature of two people info two dimensions,

is a litfle improvement of the performanee.one person and all
the photos ate c¢ollected in the natural state and we think that
there will be a better generalization ability.

O Mulsi-rask vy Single fask

We also do a comparative classification experiment with
multitask and single task, the result is that mu)titask is better
than single task. The single task means that we directly Irai n
our Data-sets and then use ordinary FacelNet as a classification
and optimize the objective functicn. We have the result,As
shown in Table II.

TABLE II
shows the precision of the two kinds of tasks, the singde task is that we frain
the network with datasets and then we do classification task directly, the
et shows thet the mndtitask have o better petfommancs than dngds task

Multi Ti=]- SindeTizk
LFW 0o BE% RO
YTF 08 T2% 03T
Tifaca Bars S TS S0 2
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