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ABSTRACT

In this paper, we propose an improved face recognition framework where the training is started with
a small set of human annotated face images and then new images are incorporated into the training
set with minimum human annotation effort. In order to minimize the human annotation effort for
new images, the proposed framework combines three different strategies, namely self-paced learning
(SPL), active learning (AL), and minimum sparse reconstruction (MSR). As in the recently proposed ASPL
framework [1], SPL is used for automatic annotation of easy images, for which the classifiers are highly
confident and AL is used to request the help of an expert for annotating difficult or low-confidence
images. In this work, we propose to use MSR to subsample the low-confidence images based on diversity
using minimum sparse reconstruction in order to further reduce the number of images that require
human annotation. Thus, the proposed framework provides an improvement over the recently proposed
ASPL framework [1] by employing MSR for eliminating “similar” images from the set selected by AL
for human annotation. Experimental results on two large-scale datasets, namely CASIA-WebFace-Sub and
CACD show that the proposed method called ASPL-MSR can achieve similar face recognition performance
by using significantly less expert-annotated data as compared to the state-of-the-art. In particular, ASPL-
MSR requires manual annotation of only 36.10% and 54.10% of the data in CACD and CASIA-WebFace-Sub
datasets, respectively, to achieve the same face recognition performance as the case when the whole
training data is used with ground truth labels. The experimental results indicate that the number of
manually annotated samples have been reduced by nearly 4% and 2% on the two datasets as compared
to ASPL [1].

© 2023 Published by Elsevier Inc.

1. Introduction

annotation effort for very large datasets and new incoming data
while keeping the labeling errors at a minimum.

Face recognition has become prevalent in many application ar-
eas in the last decade, including security, health care, law enforce-
ment, entertainment, education, and marketing. Face recognition is
a difficult computer vision and pattern recognition problem due
to variations in head pose, illumination, age, facial expressions, fa-
cial hair, and makeup [2]. Remarkable improvements have recently
been achieved for face recognition using deep convolutional neural
networks (DCNN) and large scale training datasets of images col-
lected in unconstrained environments [3-6]. However, annotating
millions of face images to build large scale datasets is very tedious,
time-consuming, and costly [7-10]. Furthermore, in some applica-
tions, data may be available incrementally, i.e., a small number of
face images may initially be given for each person, and new im-
ages may later become available which also need to be annotated
[11-13]. Therefore, it is important to be able to reduce the human
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Recently, an active self-paced learning (ASPL) framework has
been proposed for progressive and cost-effective face identifica-
tion [1]. This framework starts with a small annotated dataset
and trains a preliminary classifier on this small dataset. Then, at
the learning stage, self-paced learning (SPL) and active learning
(AL) techniques are combined to incrementally expand the training
data by selecting from incoming unlabeled data and then updating
the classifiers using the expanded training dataset. The purpose
of SPL is to automatically annotate new unlabeled samples, which
have the highest classification confidence using the current clas-
sifier [14-18]. These high-confidence samples are “easy” samples
for the current classifier, and gradually more difficult samples are
automatically labeled as the classifier becomes more robust with
increasing data. This is similar to the learning process of humans,
which starts with easier concepts and then gradually builds on
them with more difficult concepts. The purpose of active learning
(AL) is to require expert (human) annotation only for the most in-
formative unlabeled images [19-24]. The most informative samples

https://doi.org/10.1016/j.dsp.2023.103915
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are generally those that are the most uncertain or have low classi-
fication confidence based on the current state of the classifier. The
low-confidence samples are considered as “difficult” samples for
the current classifier. Although the AL and SPL approaches use con-
flicting criteria, they complement each other and have been used
in ASPL to divide the annotation task between the human (using
AL) and the computer (using SPL). The ASPL system requires less
hand annotated data but achieves the same accuracy as compared
to the case where the whole dataset is hand annotated for face
recognition.

In the literature, there are studies which use AL and SPL for
other applications. Wang et al. [25] combined AL and SPL by using
a new uncertainty quantification method for deep answer selec-
tion. In [26] a similar approach to [1] is used for synthetic aper-
ture radar (SAR) automatic target recognition. The high-confidence
samples selected with SPL are labeled automatically and low-
confidence samples selected by AL are labeled manually. The algo-
rithm is based on a dual-loss function between the newly labeled
samples and the original ones to update the model parameters.
Yin et al. [27] uses self-paced multi-criteria active learning for im-
age classification. The algorithm utilizes clustering to reduce the
negative effects of hard samples. In [28] two weights are used
for unlabeled samples, representing easiness and informativeness
which are combined to select the most optimal samples for expert
labeling.

In this work, we improve the ASPL framework [1] by intro-
ducing a minimum sparse reconstruction (MSR) [29] based image
selection process to the AL part. Our improvement relies on the
fact that the low-confidence unlabeled images may be similar to
each other, a fact which has not been utilized in ASPL [1]. Instead
of requiring expert annotation for all low-confidence images as in
ASPL, we propose to use MSR to select a diverse subset represent-
ing all low-confidence images, and require human annotation only
for this subset. In other words, in our method, images selected
for human annotation will only consist of low-confidence samples
which are sufficiently different from each other. Hence, the pro-
posed ASPL-MSR method further reduces the human annotation
effort as compared to ASPL, while achieving a similar face recogni-
tion performance.

An illustration of high and low-confidence samples is given in
Fig. 1, which depicts two classes separated by a linear decision
boundary. In this figure, images indicated by red feature vectors
are high confidence samples being far from the decision bound-
ary, whereas images indicated by green or yellow feature vectors
are low confidence samples being closer to the decision boundary.
The collection of yellow feature vectors correspond to the diverse
subset representing all low-confidence images, as determined by
MSR. As an example, for the subject on the left, the two images
with sunglasses are both low-confidence samples, but since they
are similar to each other, it is not necessary to label both of them
manually. Selecting one of them for human annotation should be
sufficient. The other image with the sunglasses is likely to be an-
notated automatically when the system is re-trained with newly
annotated samples and the classifiers become more mature.

The rest of the paper is organized as follows. In Section 2, a
brief overview of the proposed framework is given. In Section 3,
background information about SPL and ASPL is provided. The de-
tails of the proposed active self-paced learning with minimum
sparse reconstruction (ASPL-MSR) method are given in Section 4.
Experimental results on two large-scale datasets are provided in
Section 5 and conclusions are drawn in Section 7.

2. Overview of the framework

In this section, we give an overview of our proposed face recog-
nition framework. As illustrated in Fig. 2, the proposed framework
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Fig. 1. lllustration of high-confidence and low-confidence samples for two classes.
Red points represent high-confidence samples, which are located far from the de-
cision boundary. Green and yellow points represent low-confidence samples, which
are located close to the decision boundary. The yellow points form a diverse subset
representing the low-confidence samples. Our proposed ASPL-MSR method requires
the hand annotation of only the images represented by yellow points, while ASPL
requires the hand annotation of images represented by green points, as well.

consists of four main steps: feature extraction, classification, an-
notation of unlabeled data, and updating the classifier and feature
extractor. Each step is described briefly below.

Feature Extraction: We use learning-based features of images ex-
tracted using a deep convolutional neural network since it has
been shown that they provide features with better discrimina-
tion properties for face recognition [30]. As in [1], we use the
pre-trained AlexNet model [31] for extracting the features of im-
ages. We initially fine-tune AlexNet using 10% of the face dataset
(CASIA-WebFace [32,1] or CACD [33,1]) containing randomly se-
lected hand annotated samples for each person. Then, 20% percent
of the rest of the dataset is reserved for testing and the remaining
80% is considered to be the unlabeled dataset.

Classification: We used a one-vs-rest linear SVMs for classifica-
tion. Initially, an SVM is trained for each person with the features
extracted using 10% of the data. These classifiers are later updated
as the training data is augmented with incoming annotated data.

Annotation of unlabeled data: The current state of feature extrac-
tor and classifiers are used to classify the unlabeled images. The
confidence level of each image is determined by the distance of its
feature vector to the decision boundaries of one-vs-rest SVMs. The
farther away a feature vector is from the decision boundary, the
higher is its confidence level. If an image is classified with high-
confidence (e.g., red points in Fig. 2), it is automatically annotated
using SPL and added to the labeled dataset. On the other hand,
if an image is classified with low-confidence (e.g., green and yel-
low points in Fig. 2), it is passed through a similarity detection
step using MSR which generates a representative subset (e.g., yel-
low points in Fig. 2). Only this subset is sent to a human expert for
manual annotation. Then, the training dataset is augmented with
the automatically annotated and hand annotated samples of this
step.

Updating the classifier and the feature extractor: The classifiers
are updated using the augmented training dataset. After several
classifier updates, the DCNN used for feature extraction is also
fine-tuned. The whole process continues until all unlabeled images
have been annotated.

67
68
69
70
71
72
73
74
75
76
77
78
79
80
81
82
83
84
85
86
87
88
89
90
91
92
93
94
95
9
97
98
99
100
101
102
103
104
105
106
107
108
109
110
111
112
113
114
115
116
117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132



© O N O O~ 0N =

Do OO0 ;OO0 O U o oo g oo a0~ DSBS BB BB DB WO WOWWOOOWOWWWWNNDNDDNDNNDNDMNDDNDNDDN =S = 2SS a
O A WN - O © 0N O O & WN - O O© 0N O OGO A OWNM - O © 0N O OGO PP OGN - O © ©NO OO P ONM -+ O © 0N OO > WM =+ O

JID:YDSPR AID:103915 /FLA
B. Biiyiiktas, C.E. Erdem and T. Erdem

Unlabeled Data Set

Feature
Extraction

Feature
matrix

DCNN
(AlexNet)

:| # of images
x 4096

Fine-tuning

Classification

[M5G; v1.331] P.3(1-9)
Digital Signal Processing eee (e0ee) eeoeee

@ SPL Selection

Labeled Data Set

Fig. 2. [llustration of the proposed ASPL-MSR method. The main steps are feature extraction, classification, annotation of unlabeled data (using SPL and AL-MSR), and updating

the classifier and feature extractor.
3. Background

In this section, we briefly review self-paced learning (SPL) and
active self-paced learning (ASPL) methods in the literature to in-
troduce the basic concepts and the mathematical notation.

3.1. Self-paced learning (SPL)

In education, it is customary to use a pre-defined curriculum
which introduces easy concepts first followed by more difficult
concepts. It has been shown that this curriculum approach, i.e.,
ordering of training samples in terms of their difficulty for clas-
sification, is also beneficial for machine learning tasks [34]. In
self-paced learning, the curriculum is dynamically generated by
the learner, as opposed to using a pre-defined (static) curriculum
[35]. SPL has been formulated as an optimization problem by em-
bedding the curriculum design as a regularization term into the
learning objective function [36], where easy samples are consid-
ered to be classified with high-confidence.

Let us denote the training dataset as D = {(x;,yi)}, (i =
1,...,n), where Xx; is the d-dimensional feature representation of
the it" sample, and y; is the corresponding ground-truth label.
Let L(y;, h(xij,w)) denote the cost between the true label y; and
the estimated label h(x;, w), and w denote the model parameters
of the learner with the decision function h. In SPL, the goal is to
jointly learn the model parameters w, and the latent binary vari-
ables v;, which indicate whether the i sample is easy or not. The
function to be minimized is:

n n

minEW, vi 4) =Y Vil (yi, h(xi, W) =3 3 | vi, (1)
i=1 i=1

where v=[v1,...,vy]! is a vector with elements 0 or 1, that is

v € [0, 1]". The parameter A is used for controlling the learning
pace. The second term in (1) is a negative l;-norm regularizer as
—|v|l1 =— Z?Zl v; since v; > 0. If A is small, easy samples are the
ones that give a small value of L(.). Note that, samples are tied
together in function [E through the parameter w, hence no single
sample is easy, but a set of samples is considered to be easy if
a parameter w can be learned such that the corresponding losses
L(.) are small. The problem in (1) can also be relaxed so that v; is
allowed to take any value in [0, 1].

If L(.) is convex in w, (1) becomes a biconvex optimization
problem with two sets of variables w and v, so that when one set
is fixed, the optimal value of the other set can be solved by using
convex optimization. In particular alternative convex search (ACS)
[37] can be used to solve (1). When v is fixed, the optimal param-
eter w* can be solved, and when w is fixed, the global optimum
vi=[v],..., vz]T can be calculated by [35]:

vi— 1, lfL(yl,h(xl,w))<)\ 2)
0, otherwise

The above alternative search strategy can be interpreted as follows.
When updating v with fixed w, samples with loss values less than
a threshold A are considered as easy (or high-confidence) and will
be added to the training dataset. When updating w with v fixed,
the classifier will be trained on the training dataset augmented
with the newly selected easy samples. The parameter A can also be
considered as the “age” of the model. If A is small (i.e., the model
is “young”) only samples with small losses will be included in the
training set, which are easier to learn. As the model matures, A
may increase to include samples with larger losses.

3.2. Active self-paced learning for face recognition (ASPL)

In this approach, the classifiers are initially trained using a very
small number of manually annotated samples. At each subsequent
iteration, easy unlabeled samples are automatically labeled by SPL
and difficult unlabeled samples are labeled by AL. In this section,
we give a summary of the ASPL formulation; the reader is referred
to [1] for further details.

Let D = {(Xj,yi)}, (i=1,...,n), represent the training dataset
where X; is the d-dimensional feature representation of the i im-
age, and y; is the vector representing the ground truth label. A
ground truth label is defined as y; = {y,.(” e{-1, 1}};?1:1, where ylf])
corresponds to the label of x; for the j™ subject, as there are m
subjects in total. If x; belongs to the j" subject, then yl{j) =1, if
not y) =

In ASPL, m linear one-vs-rest SVM classifiers are trained using
the feature vectors extracted by the CNN. Inspired by [1], we define

the function to be minimized as:

min E(w,b,y,v; A, V)
{w,b,v,y}
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n 12 LI ‘ o
= me H2 + 3 v Ly P hexi, w, b))
j=1 i=1

—ﬁ(v(j);kj), st.ve v (3)

where w = {w) I, C R, b= {pD J7_; CR are the weight and
bias parameters of the m linear decision functions, and C is a reg-
ularization parameter between the margin term (first term) and
the loss term (second term), and it is set to 1 in the experiments.
The last term in (3) .% is the self-paced regularizer for the j
classifier which determines how the weights v change in [0, 1]
and it can be the binary scheme as in (1) or linear, logarithmic
can also be used [36]. The curriculum ¥ is dynamic and deter-
mined by the samples selected by the SPL and AL steps as well
as the parameter A, which will be explained below. The loss func-
tion L(.) is defined using the hinge loss of x; in the jth classifier

as (1—y](wPDTx; + b)) .

4. Face recognition using active self-paced learning with
minimum sparse reconstruction (ASPL-MSR)

In this section, we give the details of the proposed active
self-paced learning with minimum sparse reconstruction (ASPL-
MSR) method for face recognition. We explain each component
of the proposed method, including automatic annotation of high-
confidence samples using SPL and expert annotation using AL-MSR
for low-confidence samples.

The system is initialized by extracting the feature vectors of
all labeled and unlabeled samples using the pre-trained CNN as
shown in Fig. 2.

Then, the following function is minimized, where we use the I
norm regularizer as the last term:

min }]E(w,b,y, v; A, W)

{w,b,v.y

m 12 noo . o
= w3 vPLe? heg wD by
j=1 i=1

n
—AZvi, st.ve W (4)
i=1

where the parameters are as defined in section 3. The function
(4) is minimized using an alternative search strategy as described
in section 3.1. The first step of the alternative search strategy is
classifier updating, which consists of training m one-vs-rest SVM
classifiers, after fixing the current labeled (training) set. In the
second step of the alternative search strategy, the m SVMs are
fixed, and high-confidence sample labeling and low-confidence sam-
ple labeling with MSR-based selection (AL-MSR) steps are executed, as
described below.

4.1. Classifier updating
In this step the parameters of one-vs-rest SVM classifiers

{wd, b(f)}T:1 are updated while the labeled training dataset and

the other parameters {{(xi,yi)}?:1,v, W*} are fixed. Therefore, (4)
simplifies as follows:

m 12 noo : S
; (6)] )
min 15_1 ”w(“ Hz +C i_El vi’Ly” hx, w, b)), (5)

The function in (5) is minimized for each of the m SVM classifiers.
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4.2. High-confidence sample labeling

The idea of high-confidence labeling is to automatically label
the unlabeled samples for which the classifier is highly confi-
dent. Hence, pseudo-labels y and the binary weights v indicating
“easiness (confidence)” are estimated, while the SVM parameters
and the labeled training dataset {{w(ﬁ,b(j)}’f:],(x,-,y,-)}?:1,\11’\}
are fixed. Therefore (4) is simplified as follows:

m n n
miny €Y v Ly hexi, w b)) — 2 v, (6)

j=1 i=1 i=1

This becomes a similar problem to (1) and the solution is simi-
lar to (2) where we use the “confidence” which is measured based
on the distance from the decision boundary of the classifier (SVM).
Let us denote the distance of x; to the linear decision boundary of

jth classifier as uf” = (wWTx; + bW/ |wt|,. Then,
1, ifmax; ufj)
0, otherwise

> Thigh, j=1,...,m

(7)

which states that the sample is high-confidence (or easy) if it is
sufficiently far away from the decision boundary. Such samples are

automatically labeled as belonging to the class j* = argmax; uf]).

4.3. Low-confidence sample labeling with MSR-based selection
(AL-MSR)

An unlabeled sample is considered to be low-confidence if the
classifier is not able to clearly identify the class label. A sample
is estimated to be low-confidence if difference between the high-
est two signed distances to decision boundaries of m classifiers is
small (i.e. less than a threshold Tty ).

Instead of manually labeling all low-confidence samples di-
rectly, which may have similar samples, we propose to select the
most representative (or diverse) ones using minimum sparse re-
construction to reduce the human annotation effort and manually
label only the diverse set.

Mei et al. [29] used MSR to find the most informative (key)
frames in videos. We adopt it to select diverse images from the
low-confident samples in our problem as described below.

Let us call the set of low-confident samples at the current it-
eration as the low-confident set with o elements and write their

feature vectors in a matrix as F=[fq, f5....,fy] € R%® MSR tries
to find the optimal subset Fx = [fi,, fi,.....fi,] € R4*8 where
ki, ka....,kg €{1,2,...,a} so that the original low-confident set

F can be accurately reconstructed by Fx and the size of Fg is as
small as possible. The objective function to be minimized is:

1
min > IF —FgAl, + A|Sllo (8)
s.t. Fx =FS
A:g(F, FK),

where S is a diagonal selection matrix that selects the diverse (or
key) images from the low-confident set, where the diagonal ele-
ments are 1 only for columns to be selected, otherwise they are
zero and ||S||g is the Ly norm of the selection matrix. The num-
ber of nonzero elements in S is 8, which is the total number of
selected diverse images. In (8), the columns of the matrix A are
the reconstruction coefficients of F given the matrix Fg, g(F, Fx)
is the reconstruction function, and A is the weighting coefficient.
The first term in (8) minimizes the least-squares reconstruction er-
ror (LSRE) and the second term minimizes the number of selected
diverse images.
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Assuming that B images have been selected and placed in
columns of Fg, the next image selected should be the one that
gives the maximum LSRE, that the most dissimilar image to the
ones in Fg:

fi,,,, = argmax [If — Fxar,., 9)
f,—EF/FI(
where f. represent the features vector of frame r; a, represent the
reconstruction coefficients of frame r and F/Fk represent the im-
ages in the low-confident set, which have not been selected. This
is equivalent to minimizing:
fi.,,, = argmin |Fxar| . (10)
frEF/FK
Since vectors with large magnitudes tend to have large LSRE, we
can normalize with the magnitude and name as the percentage of
reconstruction (POR):
. . ||Fga
fl<}3+1 =argmin POR; = argmin —” f rll2 .
f.cF/Fg fef/Fe 2
Reconstruction coefficients a,’s are calculated using orthogonal
subspace projection (OSP), which projects all the images to the or-
thogonal space spanned by selected images Fy:

(11)

T “lor
a = (FkFc)  Fify =Pif; (12)
The algorithm continues to add new images to Fx until the per-
centage of reconstruction error (POR) is below a pre-determined
threshold Tp.

IFxarll,
= < p
I£:112

The number of selected diverse images increases when the
threshold T, is increased. Note that a POR value of 1 means
that the rth image in the low-confident set can be perfectly re-
constructed as a linear combination of the images in Fx. We sum-
marized the MSR based image selection algorithm in Algorithm 1.

POR, (13)

Algorithm 1: Minimum sparse reconstruction based diverse
image selection on low-confident set (AL-MSR).

Inputs: Low-confident set F e R?*¢ with o images, where each feature
vector is extracted using the fine-tuned CNN; Threshold Tp.
Output: The diverse image subset Fx € R?*# where 8 < a.
1: Initialize the diverse image set using the first image in the low-confident
set [fi, ] and set g =1.
2: Select the second diverse image as the one with the largest Euclidean
distance from the first image Fx = [f, ., ] and set g =2.
3: Calculate the POR for all images in set F/Fg via Eqn. (13).
4: while POR < T, do
5: Select the next diverse image via Eqn. (11).
6: Update diverse image set Fx = [F, fi,., |-
7: Calculate the POR for all images in set F/Fk via Eqn. (13).
8: Increase $8 by one.
end

A toy example for the MSR-based diverse image selection
method is shown in Fig. 3. The images in the top row repre-
sent the images in the active set before selection, which contain
similar images. Since MSR tries to reconstruct a subset with as
few diverse images as possible, similar images are eliminated. In
CASIA-WebFace-Sub and CACD datasets, there are indeed similar
face images taken with short time differences. Instead of label-
ing all similar images manually, MSR selects a diverse subset for
labeling. Later, unselected similar images are easily automatically
labeled by SPL.
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4.4. Overall algorithm for face recognition using ASPL-MSR

We combine self-paced learning, and active learning with min-
imum sparse reconstruction methods to build a cost-effective
framework for face recognition by taking advantage of each ap-
proach. SPL selects the high-confidence images which are automat-
ically labeled and AL selects the low-confidence images which are
informative for training. MSR selects the best representative and
diverse subset of the informative (low-confidence) images to re-
duce the number of images that need to be labeled manually.

The main steps for the proposed ASPL-MSR method are given
in Algorithm 2. The main steps and parameters are similar to [1],
except the AL-MSR based selection step (6:). MSR selects the most
representative images for training from the low-confidence (active)
set. Selected images are manually annotated, and unselected im-
ages are returned to the unlabeled set. SVMs are retrained after
each SPL and AL-MSR annotation. After T rounds of SPL and AL-
MSR updates, the CNN is fine-tuned with the labeled instances.
This process continues until all images are labeled.

Algorithm 2: The proposed ASPL-MSR method for face
recognition.

Inputs: A dataset: %10 annotated ({x;}), and %90 not annotated ({u;});
Model parameters of the pre-trained CNN (AlexNet); number of subjects to
be recognized: m; T: number of iterations for updating classifiers.

Output: Optimal model parameters w*, b* for m SVM classifiers.

while {u;} #¢ do

1: Use pre-trained CNN to extract feature vectors of images in {X;} and
{u;}

for iteration=1:T do

2: Train m one-vs-all SVMs using the feature vectors of {x;}.
3: Detect and automatically label high-confidence samples using
SPL via Eqn. (7).
4: Update {x;} and {u;}.
5: Train m one-vs-all SVMs using the feature vectors of {x;}.
6: Detect and manually label diverse and low-confidence samples
using AL-MSR (Algorithm 1).
7: Update {x;} and {u;}.
end
8: Update feature extractor: Fine-tune CNN using {x;}.

end
return w*, b* for m SVMs.

5. Experimental results

In this section, we give the details of the experimental setup
and provide results using self-paced learning, active learning, ac-
tive self-paced learning, and the proposed active-self-paced learn-
ing with minimum sparse reconstruction (ASPL-MSR) methods on
two different data sets, namely CASIA-WebFace-Sub and CACD.

5.1. Experimental setup

For both data sets, we use 80% of the images for training and
20% of the images for testing. Approximately 10% of the total
training data is randomly selected as the initial set and used for
fine-tuning the pre-trained CNN (AlexNet) model. The rest of the
training data is treated as unlabeled, which will be annotated by
the proposed method.

We fine-tune the last 2 fully connected (FC) layers of the pre-
trained AlexNet using the initial set. Then, all images are passed
through the network and 4096-dimensional feature vectors are ob-
tained from the fc7 layer. We then train the m linear kernel SVMs
using the feature vectors of the initial set. Low-confidence and
high-confidence samples are specified based on the distance of
their feature vectors to the one-vs-rest SVM decision boundaries
as explained in the previous section.
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MSR

Fig. 3. The toy example of the MSR method. The images in the first row represent the candidates for selection, and the images in the second row represent the selected

images with MSR.

The thresholds used in SPL, AL, and MSR methods are deter-
mined as follows:

e The parameter Tpigp in SPL (7) used for automatic labeling
is selected as 1, which is determined experimentally, and its
value does not change during the iterations. Lower Tp;gy val-
ues cause more labeling error due to the incorrect annotation,
and higher values result in less number of automatically se-
lected images.

e The threshold for determining low-confidence images in AL
is set to T = 0.0075 initially and it is doubled in each
fine-tuning step. The network gets more accurate after each
iteration, hence, the number of selected uncertain images de-
creases. Therefore, we increase the threshold value to keep the
total number of selected uncertain images at a certain level.

o The parameter T in Algorithm 2 is determined experimentally
to be 3, as in [1].

e DCNN is fine-tuned using stochastic gradient descent with mo-
mentum 0.9, learning rate 0.001, batch size 128, and weight
decay 0.0001.

5.2. Experimental results on the cross-age celebrity dataset (CACD)

Cross-Age Celebrity (CACD) dataset is a publicly available large-
scale dataset, which contains more than 160,000 images from 2000
celebrities ranging in age from 16 to 32. Chen et al. [33] manually
annotated a subset of 200 celebrities. To increase the number of
annotated samples and to compare our results with [1], we used
the augmented version of the subset, which was generated by Lin
et al. [1]. They manually annotated 300 celebrities, hence, the sub-
set contains 56,105 images from 500 celebrities. These images are
in RGB format with a size of 150 x 200 pixels.

We present the experimental results on CACD dataset in Fig. 4,
which shows the plots of accuracies of SPL, AL, AL-random, ASPL,
and the proposed ASPL-MSR methods versus the percentage of
manually annotated samples. The dashed black line at the top is
the maximum accuracy (92.87%) achieved when we use the whole
CACD dataset with the ground-truth labels.

Since the total number of manually annotated samples does not
change during training with SPL, its maximum accuracy (51.78%) is
shown with a flat blue line. SPL selects only high-confidence sam-
ples automatically, which are far away from the decision boundary.
Hence, the accuracy of SVMs do not improve and a limited accu-
racy can be achieved.

AL (purple line) and ASPL (green line) reached the maximum
accuracy with less percentage of manually labeled images, 45.93%
and 40.15%, respectively. To observe the effects of AL in reducing
the total number of annotated samples, the results of the AL and
AL-random (cyan line) can be compared. AL-random selects the
same number of images as AL in each iteration but in a random

"""""""""""""""""""" '/';'/‘4:;7"""
09 | _o—
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—
> 0.7 |
@ AL-random
3 - A
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0.6
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percentage of manually labeled samples (%)

Fig. 4. Accuracies of the 5 different methods (SPL, AL, AL-random, ASPL, proposed
ASPL-MSR) versus the percentage of manually labeled samples on the CACD dataset.

way. Its maximum accuracy (78.32%) is much lower than the high-
est accuracy. The proposed ASPL-MSR method achieves the max-
imum accuracy using the least number of human-annotated data
(36.90%) as seen in Fig. 4, which indicated that human annotation
effort can be significantly reduced.

In Fig. 5, the percentage of manually labeled samples can be
seen as the number of iterations of Algorithm 2 increase from 1
to 7. We can see that the proposed ASPL-MSR method requires the
least number of manually annotated samples at all iterations.

In Table 1, we give a summary and comparison of the perfor-
mance of different methods on the CACD dataset. We can see that
the proposed ASPL-MSR method requires less manually annotated
training samples than state-of-the-art methods.

5.3. Experimental results on the CASIA-WebFace-sub dataset

The CASIA-WebFace-Sub dataset used in the experiments con-
tains 181,279 images from 923 individuals. Although the number
of images per person ranged from 3 to 804 in the CASIA-WebFace
database in [32], to reduce the imbalance in this distribution, indi-
viduals with fewer than 100 images were not used in the experi-
ments as in [1]. All images are grayscale with a size of 100 x 100
pixels.
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Fig. 5. Accuracy of the 4 different methods (SPL, AL, ASPL, proposed ASPL-MSR)with
the increase of number of iterations on the CACD dataset. One iteration includes a
fine-tuning of the CNN in Algorithm 2.

Table 1

Summary and comparison of the different methods on CACD dataset. The
percentage of manually annotated data to achieve the maximum accuracy
(92.87%) is given.

Method Total Manually Annotated Samples (%)
AL 4593
ASPL (Our implementation) 40.15
ASPL-MSR (Ours) 36.90
ASPL [1] 41.00

The plots of experimental results on the CASIA-WebFace-Sub
dataset are given in Fig. 6, which shows the accuracies of SPL, AL,
AL-random, ASPL, and the proposed ASPL-MSR methods versus the
percentage of manually annotated samples.

The maximum accuracy that can be achieved when we use all
of the training data with ground truth labels is 81.72%, which is
shown by the dashed black line in Fig. 6. Since the total number
of manually annotated samples does not change during training
with SPL, its maximum accuracy (40.11%) is shown with a flat blue
line. The accuracy of AL (purple line) almost reached the maxi-
mum level (81.52%) using manual labeling of 64.07% of the training
set. It can be observed that the maximum accuracy was achieved
when 55.83% of the entire dataset is annotated manually using
ASPL, which is almost 10% lower than the percentage of total man-
ually annotated images using the AL method. Using the proposed
ASPL-MSR method (red line) the maximum accuracy of 81.59% is
achieved using manual annotation of 54.10% of training data. This
indicates a 1.73% improvement in reducing the percentage of man-
ually annotated samples as compared to the ASPL approach.

In Fig. 7 the percentage of manually labeled samples can be
seen as the number of iterations of Algorithm 2 increase from 1
to 7. We can see that the proposed ASPL-MSR method requires the
least number of manually annotated samples at all iterations.

In Table 2, we give a summary and comparison of the perfor-
mance of different methods on the CASIA-WebFace-Sub dataset.
We can see that our ASPL-MSR method requires less manually an-
notated training samples than other state-of-the-art methods.

6. Discussion

The experimental results on two large scale face datasets show
that the proposed method is successful in reducing the manual
data annotation effort. This is achieved at the expense of an addi-
tional MSR step, which increases the number of computations. The
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Fig. 6. Accuracies of the 5 different methods (SPL, AL, AL-random, ASPL, proposed
ASPL-MSR) versus the percentage of manually labeled samples on the CASIA-
WebFace-Sub dataset.
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Fig. 7. Accuracy of the 4 different methods (SPL, AL, ASPL, proposed ASPL-
MSR)versus the number of iterations on the CASIA-WebFace-Sub dataset. ASPL-MSR
is the proposed method, which requires the least manually labeled data. One itera-
tion includes a fine-tuning of the CNN in Algorithm 2.

Table 2

Summary and comparison of the different methods on CASIA-
WebFace-Sub dataset. The percentage of manually annotated data
to achieve the maximum accuracy is given.

Method Total Annotated Samples (%)
AL 64.07
ASPL (Our implementation) 55.83
ASPL-MSR (Ours) 54.10
ASPL [1] 56.00

complexity of our method increases with the increase in the total
number of images selected with AL-MSR. Especially, the matrix in-
version in (12) is computationally costly if the size of the matrix
Fx becomes large (i.e. the number of the selected images is large).
Since the method calculates the POR value for all images at each
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iteration, if the number of images selected with AL-MSR is large,
computational complexity will increase accordingly.

The proposed incremental SVM based method is a highly ac-
curate multi-class classification method. However, pre-trained pre-
processing may not always achieve the best results. The DCNN
used may be replaced by other architectures in the literature,
which may give higher accuracies. Since our goal was to experi-
mentally validate the reduction in human annotation effort with
the utilization of minimum sparse reconstruction together with
ASPL, we used the same DCNN and experimental conditions as [1].

7. Conclusion

In this paper, we presented an improvement over the recently
proposed active self-paced learning (ASPL) method [1] for face
recognition in order to significantly reduce the human annotation
effort. The proposed method relies on the use of minimum sparse
reconstruction (MSR) based diverse subset selection for eliminat-
ing most of the low-confidence samples that ASPL would normally
require to be manually annotated. Experimental results on the
large scale CASIA-WebFace-Sub and CACD datasets indicate that
the number of annotated samples is reduced significantly while
obtaining an accuracy that is comparable to the case when the
whole training data is used with ground truth labels. To the best
of our knowledge, ours is the first work that uses MSR within the
context of active learning in order to reduce the hand annotation
effort.

The proposed ASPL-MSR method can be applied to other clas-
sification problems as future work. Since the system is modular,
in order to improve the performance, other CNN structures can
be used for feature extraction and different methods can be de-
signed for the classification step to determine the low-confidence
and high-confidence samples at each iteration. The method we in-
troduced (ASPL-MSR) is a semi-supervised incremental method for
face recognition. In the future, unsupervised methods could be ex-
plored and the face recognition accuracy could be compared with
the proposed ASPL-MSR method.
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