3108

IEEE TRANSACTIONS ON NEURAL NETWORKS AND LEARNING SYSTEMS, VOL. 32, NO. 7, JULY 2021

Distilling Ordinal Relation and Dark Knowledge for
Facial Age Estimation

Qilu Zhao™, Junyu Dong™', Member, IEEE, Hui Yu™, and Sheng Chen", Fellow, IEEE

Abstract—1In this article, we propose a knowledge distillation
approach with two teachers for facial age estimation. Due to the
nonstationary patterns of the facial-aging process, the relative
order of age labels provides more reliable information than exact
age values for facial age estimation. Thus, the first teacher is a
novel ranking method capturing the ordinal relation among age
labels. Especially, it formulates the ordinal relation learning as a
task of recovering the original ordered sequences from shuffled
ones. The second teacher adopts the same model as the student
that treats facial age estimation as a multiclass classification task.
The proposed method leverages the intermediate representations
learned by the first teacher and the softened outputs of the
second teacher as supervisory signals to improve the training
procedure and final performance of the compact student for
facial age estimation. Hence, the proposed knowledge distillation
approach is capable of distilling the ordinal knowledge from
the ranking model and the dark knowledge from the multiclass
classification model into a compact student, which facilitates
the implementation of facial age estimation on platforms with
limited memory and computation resources, such as mobile
and embedded devices. Extensive experiments involving several
famous data sets for age estimation have demonstrated the
superior performance of our proposed method over several
existing state-of-the-art methods.

Index Terms—Dark knowledge, facial age estimation, feature
transfer, jigsaw puzzles solver, knowledge distillation, permuta-
tion prediction, self-supervised learning.

I. INTRODUCTION

GE estimation from facial images has attracted increas-
ing attention in the computer vision community due to
its potential applications in human—computer interaction, soft-
biometrics, surveillance monitoring, video content analysis,
security control, and electronic customer relationship manage-
ment. The objective of age estimation is to label a facial image
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automatically with the exact age or the age group. This is a
challenging problem due to many difficulties, such as facial
pose and expression, illumination, ethnicity, and significant
variations on appearance among people of the same age.

Existing approaches usually formulate the age estima-
tion problem as a multiclass classification problem [1]-[6]
or a regression problem [7]-[11]. Multiclass classification
approaches consider age labels independent of each other.
However, age labels are ordinal and highly correlated, rather
than independent. It is intuitive to solve the age estimation
problem by a regression model since the strong ordinal rela-
tionship among age labels makes them forming a well-ordered
set. However, the human face matures in different ways
depending on the person’s age, e.g., bone growth in childhood
and skin wrinkles in adulthood. This property makes the
stochastic process underlying human aging patterns nonsta-
tionary in the feature space. This nonstationary characteristic
can easily cause overfitting problem for a regressor in the
training process [12]. Moreover, most state-of-the-art methods
for age estimation are built upon complex networks with
bulky architectures, which are not suitable to be adopted on
platforms with limited memory and computation resources,
such as mobile and embedded devices. Solving these two key
issues in facial age estimation, specifically, nonstationary aging
patterns and existing cumbersome models with a huge amount
of parameters, motivates our current work.

First, the human aging process exhibits diversity in different
age ranges. For example, the difference in the aging process
of the age range from 40 to 45 is not equivalent to that of
the age range from 5 to 10. In particular, facial-aging effects
appear as the changes in the shape of the face during childhood
and as the changes in skin texture during adulthood. Hence,
the differences between the age labels may be a less reliable
measurement for age estimation than the relative orders of the
age labels. In order to capture the ordinal relation among age
labels, we propose a novel ranking approach that is capable
of recovering the original ordered sequences from the shuffled
ones. We formulate this task as a permutation prediction
problem, which can be transformed into a classification task by
regarding the permutations as categories. Thus, we can adopt
convolutional neural networks (CNNs) to implement the rank-
ing approach. Since the ranking approach itself cannot predict
the exact age values for facial images, we further design a
mechanism to transfer the ordinal knowledge learned by the
ranking model to another age estimation model, namely, a mul-
ticlass classification model. The proposed ranking approach is
able to overcome the shortcoming of the age classification that
ignores the inherent ordinal relationship among the labels.
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Second, as mentioned earlier, most existing state-of-the-
art methods for facial age estimation leverage bulky models
with size larger than 500 MB, which is not suitable for
platforms with limited memory and computation resources,
such as mobile and embedded devices. In order to solve this
problem as well as the problem of nonstationary aging patterns
simultaneously, we select knowledge distillation as the frame-
work of our method. Although there are several approaches
to compress the network, including network pruning [13],
network quantization [13], and compact network design [14],
knowledge distillation is the only method among them, which
is capable of transferring the knowledge in an ensemble into
a single model [15]. Furthermore, knowledge distillation has
another advantage that the training procedures for the teacher
and student are separate. This allows the teacher and student to
use different network architectures to better suit their different
learning tasks or to better fit different data sets.

To be more specific, in this article, we propose a knowledge
distillation method with two teachers, which is capable of
resolving the aforementioned key issues of facial age estima-
tion. In our proposed approach, one teacher is a ranking model
performing the permutation prediction task, and the other is
a multiclass classification model similar to the student. The
basic idea is to transfer the ordinal knowledge captured by
the ranking model and the dark knowledge captured by the
multiclass classification model to a compact student model.
Thus, our proposed method adopts the teacher—student learn-
ing paradigm, in which the teachers act as regularizers for the
training of the student. Our contributions are now summarized.

1) We propose a novel ranking method capable of capturing
the relative order among age labels, which is more
reliable for age estimation than the ones based on the
differences between the age labels.

2) In contrast to most existing knowledge distillation works
that mainly consider a single teacher, we propose a
knowledge distillation method with two teachers to
simultaneously transfer the ordinal knowledge from the
ranking model and the dark knowledge from the multi-
class classification model to a compact age estimation
model.

3) Independent training processes allow the teachers and
student to use different network architectures, which is
important for deep learning methods due to the fact that
different tasks or different data sets require different
fitting architectures.

4) Experimental results involving several popular data sets
for age estimation have confirmed the superior perfor-
mance of our proposed knowledge distillation method
over several existing state-of-the-art methods.

II. RELATED WORK
A. Age Estimation

The methods of age estimation can be organized into
four categories: regression [7]-[11], [16]-[18], multiclass
classification [1]-[6], [19], distribution learning [20]-[24], and
ordinal relation learning [12], [25]-[28].

Agustsson et al. [7] proposed the anchored regression net-
work (ARN), which is a nonlinear regression network combin-

3109

ing multiple linear regressors over soft assignments to anchor
points. Zhang and Yeung [11] formulated age estimation as
a multitask regression problem in which each learning task
is related to the estimation of the age function for each
person. According to the works [2], [12], regression-based
approaches for age estimation often suffer from the overfitting
problem due to the aging process being nonstationary. Brid-
geNet [16] applies local regressors to partition the data space
into multiple overlapping subspaces to tackle the problem of
heterogeneous data caused by the nonstationary aging process.
It also leverages gating networks to mine the continuous
relation between age labels. DeepAge [17] is a dual-CNN
and support vector regression (SVR) approach for face-based
age estimation. A CNN is trained for representation learning,
followed by metric learning, after which SVR is applied to the
learned features. This dual-CNN and SVR approach is capable
of overcoming the problem of lacking large data sets with
age annotations. Shen et al. [18] proposed deep regression
forest (DRF)-based approach, an end-to-end model, for age
estimation, which connects the split nodes to a fully connected
layer of a CNN and deals with inhomogeneous data by jointly
learning input-dependent data partitions at the split nodes and
data abstractions at the leaf nodes.

Rothe er al. [2], [3] posed the apparent age estimation
problem as a deep classification problem followed by a soft-
max expected value refinement. Liu et al. [5] designed an
AgeNet with deeply learned regressor and classifier for robust
apparent age estimation. Geng et al. [6] proposed to model
the aging pattern by constructing a representative subspace.
Zhang et al. [19] combined long short-term memory (LSTM)
network with attention mechanism to extract local features of
age-sensitive regions, which effectively improves the age esti-
mation accuracy. Multiclass classification approaches, how-
ever, completely ignore the age-related ordinal information,
which limits their achievable performance.

To solve the problem of insufficient training data for many
ages, Geng er al. [23] regarded a facial image as an example
associated with a label distribution, based on the observation
that aging is a slow and smooth process. Hou er al. [20]
aimed to solve the same problem by utilizing the neighboring
ages in learning a particular age. Zhang et al. [22] introduced
an effective way of exploiting age comparisons for labeling
a massive quantity of in-the-wild face images. Pan et al. [24]
proposed the mean-variance loss (MVL) for robust age
estimation via distribution learning. Especially, the MVL
consists of a mean loss, which penalizes the difference
between the mean of the estimated age distribution and
the ground-truth age, and a variance loss, which penalizes
the variance of the estimated age distribution to ensure a
concentrated distribution. In order to solve the problem of
a huge amount of parameters, compact architectures were
designed. In particular, Niu et al. [26] used a basic CNN [29]
with thinner and shallower architecture. Yang et al. [9] adopted
a coarse-to-fine strategy to separate age estimation into
several stages, with each stage only performing intermediate
classification. In this way, the model size can be much reduced.

In order to address the nonstationary characteristics of aging
patterns, the ordinal regression approaches were proposed
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in [12] and [25]-[28], by leveraging the relative order among
the age labels in addition to their exact values. The typical
representatives of ordinal regression [12], [25], [26] formulate
age estimation as a ranking problem and transform the ordinal
regression problem into a series of binary classification sub-
problems. Each binary classifier is trained to predict whether
the age label of a sample is larger than a fixed age value
for it. The prediction of the age label is then based on the
classification results of all the binary classifiers. Liu et al. [27]
enforced the two criteria on the ordinal feature learning,
specifically: 1) the topology-aware ordinal relation of face
samples is preserved in the learned feature space and 2) the age
difference information of the embedded feature representation
is exploited in a ranking-preserving manner.

Besides the aforementioned four categories, there are also
some other related works. Liu and Liu [30] proposed a
four-stage fusion framework for facial age estimation, which
consists of gender recognition, gender-specific age grouping,
age estimation within age groups, and the fusion stage. In order
to tackle the problem of age estimation from facial expression
videos, Pei et al. [31] employed CNNs to extract effective
latent appearance representations and fed them into recurrent
networks to model the temporal dynamics. Li er al. [32]
proposed and solved a cross-population task, which exploits
an existing large labeled data set of one (source) population
to improve the age estimation performance on another (target)
population with only a small labeled data set available.

B. Knowledge Distillation

Knowledge distillation was originally proposed in [15]
for ensemble learning and model compression. It adopts
the teacher—student learning paradigm for ensemble learning
and model compression by transferring the knowledge of a
high-capacity teacher with desired high performance to a more
compact student, which closely matches the predictive power
of the teacher. Romero ef al. [33] used the outputs of hidden
layers to regularize the training process of student, in addition
to the softened presoftmax activations. Huang and Wang [34]
proposed a novel knowledge distillation method by treating
it as a distribution matching problem of neuron selectivity
patterns between the teacher and student networks. The work
[35] proposed the mean teacher, in which the teacher model
is an average of consecutive student models. Lopes et al. [36]
presented a data-free knowledge distillation method, which
allows training teacher and student on different data sets.

Instead of forcing the student to mimic the teacher’s output,
Xu et al. [37] adopted an adversarial loss. Crowley et al. [38]
used attention transformation of the teacher architecture to
produce the student architecture. Polino et al. [39] proposed
two new compression methods, with the first method leverag-
ing distillation and the second one optimizing the location
of quantization points through stochastic gradient descent.
Recently, a few articles [40]-[42] have shown that knowledge
distillation is able to improve the student over the teacher with
identical architecture. With growing influences of knowledge
distillation, task-specific methods of knowledge distillation
have been proposed for object detection [43], [44], facial
model compression [45], and image retrieval [46].

IEEE TRANSACTIONS ON NEURAL NETWORKS AND LEARNING SYSTEMS, VOL. 32, NO. 7, JULY 2021

IIT1. PROPOSED METHOD

In this section, we first introduce our novel ranking method
proposed for ordinal relation learning. Then, we present the
training procedure of the second teacher. Finally, we describe
the proposed method of knowledge distillation in detail.

A. Ordinal Relation Learning

The basic idea is to make the model learn to rank a
disordered sequence of facial images according to age. We for-
mulate this problem as a task of recovering the original
ordered sequences from shuffled ones. Given a sequence
of facial images ordered by their age labels, we generate
shuffled sequences according to permutations selected from
a predefined permutation set. In order to recover the shuffled
sequences, we cast the problem as a permutation prediction
task, which can be transformed into a classification task by
regarding the permutation as a category. This approach, named
jigsaw puzzle solver, was originally proposed in [47] to solve
the jigsaw puzzle problem, which is a famous spatial layout
recovery problem. According to [47], solving jigsaw puzzles
can be used to teach a system that an object is made of
parts and what these parts are. In this article, we generalize
it as a visual permutation learning method to predict the
ordinal relation of facial images according to human age.
Compared with the ordinal regression problem [12], [25],
[26], the permutation prediction task is more complex and
challenging, but it can provide richer information on structural
ordinal relation.

First, we select a subset of permutations [47] because it
is not necessary to consider all the n! possible permutations,
where n is the length of sequences. The permutation set is
generated iteratively via a greedy algorithm maximizing the
sum of the Hamming distance within it. Let us denote the
permutation set as P = [Py,..., Px], which contains K
permutations. Given an ordered sequence of facial images
S =11,...,1,], we can generate a training sample (S, k)
by shuffling S with a randomly selected permutation P, €
P. We consider the permutation index in the subset as the
category label. In this way, we can formulate the permutation
prediction as a classification problem, which can be solved by
a conventional CNN model. Assume that we have N, training
samples {(S;, k;)}1",, where S; denotes the ith training sample
and k; € {1,..., K}. We train a CNN to obtain the optimal
model through the optimization

N

argn;in;H(fp(Ei;@p),ki) M

where f), denotes the deep CNN model function parameterized
by 6, and H(-) represents a standard cross-entropy loss.

As shown in Fig. 1, we exploit a multistream CNN of
Siamese style in which each branch receives a facial image
from a shuffled sequence. The outputs of the first fully con-
nected layer are concatenated and inputted into the next fully
connected layer. All the layers up to the last fully connected
layer share the same parameters. The number of branches
depends on the length of input sequences. The designed

Authorized licensed use limited to: UNIVERSITY OF SOUTHAMPTON. Downloaded on July 08,2021 at 08:33:42 UTC from IEEE Xplore. Restrictions apply.



ZHAO et al.: DISTILLING ORDINAL RELATION AND DARK KNOWLEDGE FOR FACIAL AGE ESTIMATION

Fig. 1.
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architecture is flexible and extensible to deal with sequences
of an arbitrary length.

A data sampling strategy is also important. Considering that
the age range is large, we split the facial images into several
overlapped groups. We sample two kinds of sequences:
intergroup sequence and inner-group sequence. Each sample
in an intergroup sequence is from different groups, and
samples in an inner-group sequence are all from the same
group. No two samples in a sequence are labeled with the
same age. We leverage a simple curriculum learning strategy
[48] in the training procedure of the first teacher, which is
separated into two stages. The first stage with a certain amount
of training steps is performed on intergroup sequences and
the second stage on inner-sequences. This strategy mimics
the gradually learning behavior of humans and animals,
which tends to start from “easier” examples. According to
[48], this learning strategy may guide training toward better
regions in the parameter space. Before feeding the samples
to the multistream network, we adopt a general preprocessing
procedure for face detection and alignment. We first leverage
Harr-based cascade classifiers [49] to detect the face. Then,
we align the face based on the locations of the eyes. Finally,
the image is resized to the sizes of 112 x 112 x 3 and
64 x 64 x 3 for training and testing, respectively.

B. Multiclass Classification

The second teacher is a multiclass classification model,
which consists of two key components: feature extractor
and classifier. All the best-performing systems on facial age
estimation to date were based on CNN [2], [9], [22]. Thus,
we also leverage conventional CNN to implement the second
teacher.

The training procedure starts with a pretrained CNN on the
ImageNet 1k [50]. Unless otherwise stated, we fine-tune the
CNN on the images from the newly introduced IMDB-WIKI
[2] and AFAD data sets [26] to adapt to face image contents

and age estimation. Finally, we use the pretrained CNN on
the ImageNet 1k, IMDB-WIKI, and AFAD to initialize the
network when training on each actual data set. The pretraining
procedure can enhance the generalization of CNN, and the
fine-tuning allows CNN to pick up the particularities, the dis-
tribution, and the bias of each data set and, thus, to maximize
the achievable performance.

C. Knowledge Distillation With Two Teachers

The reason we choose knowledge distillation for feature
transfer is twofold: 1) separating training procedures for
the teacher and student makes it flexible to design suitable
architectures for each model and 2) knowledge distillation
is proposed for model compression and ensemble learning,
which perfectly fits our tasks. In our framework shown in
Fig. 2, teachers work as a form of regularization for the
training of students. The two teachers are independent in the
proposed framework, and they provide different knowledge
for the student. The key is to select the supervision signals
and design appropriate training procedures to combine the
different knowledge.

The first teacher aims to predict the permutations of the
shuffled sequences to capture the ordinal relation among the
age labels. The outputs of its hidden layers can be consid-
ered as the learning-based feature representations capturing
discriminative ordinal information. Thus, it is not necessary to
adopt the same learning paradigm introduced in Section III-A
for the teaching procedure. There are two serious conflicts
between the student and the learning paradigm of a jigsaw
puzzle solver, namely, the two inputs can conflict and the
two architectures can conflict. More specifically, the student
receives facial images as input, while the first teacher receives
sequences of facial images. The student adopts CNN with a
single path, while the first teacher needs a multipath Siamese
network. Due to these conflicts, we prefer to leverage the
outputs of the hidden layers as hints defined in [33] to guide
the student’s learning process. To be more specific, we discard
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the permutation signals in the teaching procedure, and we
leverage feature maps of the Siamese layers as the supervision
signals to avoid the conflicts. Thus, batches of facial images,
not batches of sequences, are inputted into the first teacher
and student in the teaching procedure.

The second teacher is also a multiclass classification model
similar to the student. Without a second teacher, the proposed
approach can still work. However, the softened outputs of
the second teacher may provide important information on
how the teacher generalizes. According to [15], the relative
probabilities of incorrect answers offer valuable information,
which is critical for generalization. It is difficult to find
what exactly this information is, and it may depend on the
specific task. We did a case study to explore what knowledge
the second teacher provides, and the results are given in
Appendix D. Some persons happen to look younger or older
than their actual ages, which may confuse the age estimation
model. The second teacher may output wrong predictions
for some of these samples, but, according to the results of
Appendix D, the incorrect predictions provided by the second
teacher actually indicate the ages that these persons look
like. Thus, the softened outputs of the second teacher can
alleviate the confusion caused by these samples in the training
procedure of the student. This observation is related to the
concept of “apparent age.” The apparent age of a person is
perceived by others based on the person’s visual appearance
cues. Sometimes, we meet persons who look younger or older
than their real ages. Apparently, this judgment is subjective,
and there is an apparent age of a person in our mind based on
the person’s facial appearance. In our opinion, we can consider
apparent age as the “average age” of the real age distribution of
people with similar facial physiological characteristics. Thus,
the second teacher outputs the apparent ages for some persons
who look younger or older than their real ages. It can be seen
that the second teacher can capture this age distribution of the
persons based on their similar facial visual cues.

D. Training Student With Two Teachers

Let {(1;, y;) lN: , be the data set of N training samples, where
I; denotes the ith facial image and y; its age label. Given the

two trained teachers parameterized by 6, and 6,, respectively,

we aim to train the student model parameterized with 6; by
minimizing the following loss function:

N
L) =D Hf:li: 05), yi) + 41 Lninis Oiaea 0,)

= aq dag
+H (softmax (—) softmax(—)) )
T T

where H(-, -) denotes the cross entropy, f; is the deep nested
function of the student parameterized by 6y, Lpins denotes
the loss of the hint-based teaching with the first teacher,
and Ogigea and 6, are the parameters of the deep networks
implementing the hint-based teaching, while a; and a, are
the presoftmax activations outputted by the deep networks
of the second teacher and the student, respectively, and 7 is
a relaxation parameter. In (2), the first term treats the age
estimation as a multiclass classification task, the second term
solves the hint-based teaching, and the third term conducts the
teaching with the second teacher. Hence, 4, and 1, are the
hypertunable parameters that balance the hint-based teaching
and the teaching with the second teacher.

Hint-Based Teaching With First Teacher: In order to transfer
the feature representations capturing ordinal relation from the
first teacher, we make some hidden layers of the student able
to predict the outputs of some hidden layers of the teacher.
This regularizing strategy is first proposed in FitNets [33],
where the chosen hidden layer of the student is called a
guided layer, and the output of the teacher’s hidden layer is
called a hint. The pair hint/guided layer should be chosen such
that the student network is not overregularized. According to
[33], the deeper the guided layer is set, the less flexibility the
network preserves and, therefore, the student tends to suffer
from overregularization. Due to the fact that the selected hint
layer often has more channels than the corresponding guided
layer, we need to add a regressor to the guided layer to make
its outputs match the size of the corresponding hint layer.
Then, we train the parameters of the student network from
the first layer up to the guided layer as well as the regressor
by minimizing the following loss function:

(15 Onine) — r(0(I; Oguidea); 6,) I

hxwxc

Lhints (eguided > er) = (3)
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where I denotes the input image, u(-; Ghint) /0 (-; Oguidea) are the
teacher/student deep nested functions up to their respective
hint/guided layers with parameters Onie and Oguiged, respec-
tively, and r (-; 6,) is the regressor function on top of the guided
layer with parameters 6,, while 2 and w are the height and
width of the feature maps outputted by u(:; Ghin) and c is
the number of the channels of the feature maps. Furthermore,
Oguided 1s a subset of &y, and Oy is a subset of §,. Note that
the outputs of u(-; Ohne) and r(-; 6,) have to be comparable.
All the guided and hint layers are convolutional in this work.
Using a fully connected regressor will increase the number of
parameters and memory consumption dramatically. To mitigate
this problem, we leverage a convolutional regressor, in which
the spatial region of the input is approximately the same as
the teacher hint. Thus, we can make the spatial size of the
regressor’s output the same as the teacher hint.

Teaching With Softened Outputs From Second Teacher:
According to the original knowledge distillation method pro-
posed in [15], softened outputs of deep networks may provide
important information for generalization. We leverage the
softened outputs of the second teacher to guide the training of
the student by minimizing the third term in (2). Especially, a4
and a; are computed by the following functions:

ag = f;(I:64), as,= f(I;0,) 4)

where f;/f, denote the deep nested functions up to the
last layer before softmax layer in the second teacher/student
with parameters 6,/6;, respectively. The temperature 7 is
introduced to produce a softer probability distribution over
age labels. The same relaxation is also applied to the outputs
of the student network.

Algorithm 1 Stagewise Training Procedure
Input: 6, 0, 64, 0,, two indices h and g corresponding to
hint and guided layers
Output: 0}
: Randomly initialize 6, and 6,.
. ngided < {(9;, ey (95}
: Opint < {(91,...,6';‘}
((9* 9*3 <« argmin (

guided>® “r

. 1 8 1
. {es >t ’(93' } <~ {eguided’ T
1 0F < argming, £(6;)

ngided’a’) Linss (egllidEd’ (9")

*8
> eguided

Stagewise Training Procedure: We train the student network
in a stagewise fashion following the teacher/student paradigm,
after the teachers have been trained. First, the parameters of
the student network and regressor are randomly initialized.
Then, we train the parameters of the student network up to
the guided layers under the supervision of corresponding hints
by minimizing the cost (3). Finally, starting from the trained
parameters obtained in the second step, we train the whole
student network by minimizing the cost (2). The whole training
procedure is summarized in Algorithm 1.

IV. EXPERIMENTS

We conducted experiments on several popular data sets
for facial age estimation. The implementing details of our
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proposed knowledge distillation approach with two teachers
are presented in Appendixes A—C.

A. Data Sets

IMDB-WIKI: The IMDB-WIKI data set is introduced in [2].
To the best of our knowledge, this is the largest public data
set available for facial age estimation containing 523 051 facial
images of 20284 celebrities. The images were crawled from
IMDb and Wikipedia according to the list of the 100000
most popular actors as listed on the IMDb website. The
IMDB-WIKI data set contains some noisy images with no face
or inaccurate ages. Thus, it is unsuitable for us to evaluate the
proposed method using this data set, and we leverage it for
pretraining similar to the previous work [2].

MORPH2: MORPH2 [51] is the most popular bench-
mark data set for facial age estimation containing more than
55000 face images of 13000 individuals, whose ages range
from 16 to 77 years old. These people include 42 589 Africans,
10559 Europeans, and 1769 Hispanics but only 154 Asians.
Each individual has about four images on average. We ran-
domly divide the data into 80%/20% exclusive training/test
partitions as the previous work [22], [26] did. The performance
is measured by the mean absolute error (MAE), which is cal-
culated by averaging the absolute errors between the predicted
result and the ground truth.

FG-NET: There are 1002 facial images from 82 persons in
the face and gesture recognition research network (FG-NET)
aging database [52]. The ages of these persons range from
0 to 69. On average, there are 12 samples for each person.
We adopt the leave-one-person-out strategy for evaluation as
the previous work [2], [12], [27], which selects face images
from one person for testing and the rest for training. We report
the average performance over the 82 splits. The performance
on FG-NET is also evaluated by the MAE.

MegaAge: The MegaAge data set [22] is randomly sampled
from MegaFace [53], which consists of a million uncon-
strained photos of more than 690000 different individuals.
The data set contains 41941 images, whose ages range from
0 to 70. We reserve 8530 images as test data similar to the
previous work [22]. To be convenient for comparing the per-
formance with the previous work, we employ the cumulative
accuracy (CA) as the metric, which is defined by

Ky
CA(n) = z X

100 (5)

where K is the total number of test images, and K, is the
number of testing images whose absolute estimated error is
smaller than n.

MegaAge-Asian: MegaAge-Asian contains 40000 face
images of Asians with ages from 0 to 70. Following the
protocol in [22], we reserve 3945 images for testing. Com-
pared with MegaAge, the source of this data set is much more
controlled, and it consists only of Asian faces. Thus, the results
on MegaAge-Asian given in the previous work [22] are better
than those obtained by using MegaAge.

AFAD: Popular data sets for age estimation, such as
MORPH?2, are very unbalanced on ethnic groups. Thus, the
performance of age estimation methods on Asian faces is not
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TABLE I
PERFORMANCE COMPARISON WITH BULKY-MODEL-BASED DEEP LEARNING METHODS ON MORPH?2

Method AP [22] | ODFL [27) | ARN (7] [ DEX [2] | Hot [8] | BridgeNet [16] | DeepAge [17] | DRF [18] | RankingCNN [25] | Ours (normal)

Input size 224 %224 %3 112x 112x3

Model size 500MB 2.2GB 263.5MB

Inference time (ms) 3.23 1.48

MAE 252 | 312 [ 300 [ 268 [ 345 | 2.38 287 2.17 2.96 1.95

sufficiently studied. To solve this problem, the Asian Face
Age data set (AFAD) is introduced in [26]. By collecting
facial images from a popular social network in China, this
data set contains 63 680 images of female and 100752 images
of male, whose ages range from 15 to 40. We randomly divide
the data set into 80%/20% exclusive training/test partitions as
the previous work [26] did. We evaluate the performance on
AFAD by the MAE metric.

B. Competing Methods

The existing competing methods can be divided into
two groups: the traditional approach and the deep learning
approach.

The traditional approach leverages hand-designed feature to
solve the age estimation task. The traditional methods used
in our study include the bioinspired feature (BIF) [54], active
appearance model (AAM) [55], kernel partial least squares
regression (KPLSR) [10], facial-aging patterns (AGES) [6],
label distribution learning algorithms (CPNN) [23], cumula-
tive attribute space (CAS) [56], ordinal hyperplanes ranker
(OHRank) [12], CCA [57], and LSVR [58]. To the best of
our knowledge, the BIF [54] is the best hand-designed feature
for age estimation. The method combining BIF and OHRank
[12] achieves the best performance among traditional methods.

Deep learning methods have emerged as the state of the
arts for facial age estimation. For example, RankingCNN
[25], a deep ranking model for age estimation, is the first
work achieving the MAE lower than 3 on MORPH2, and
posterior of age comparisons (AP) [22] has achieved the
lowest MAE result on MORPH2, among all existing com-
peting methods. In addition to RankingCNN and AP, the deep
learning benchmarks adopted in this study include preference
prediction (Hot) [8], deep expectation (DEX) [2], ordinal deep
feature learning (ODFL) [27], ARNs [7], MR-CNN [26],
OR-CNN [26], DenseNet [59], MobileNet [14], BridgeNet
[16], DeepAge [17], MVL [24], DRFs [18], and SSR-Net [9].

As explained in Appendixes A-C, we use two network
architectures with two different sizes, the normal one and
small one, to implement the student network for our approach.
For comparison, we also consider two CNN architectures
with different sizes, called the bulky model and compact
model, to implement deep learning benchmarks. Popular CNN
architectures usually require more than 200 MB of memory.
However, embedded devices often have limited memory stor-
age. For example, FPGAs often have less than 10 MB of
on-chip memory and no off-chip memory or storage. Hence,
for facilitating FPGA-based implementation, the model size
must be sufficiently small. Thus, here, we refer to the deep
learning-based methods requiring less than 10 MB memory

for storing the parameters as compact-model-based methods.
By contrast, the popular deep learning-based methods requir-
ing a large amount of memory are referred to as the bulky-
model-based methods.

For traditional methods, the memory required for storing
the model parameters is small. Hence, we do not use a
bulky model or compact model for characterizing traditional
methods.

All the experimental results of the competing methods are
directly quoted from the related references.

C. Experimental Results

Our Method With the Normal Network Size: This set of
experiments compares our proposed approach adopting the
normal network size with the traditional methods and the
bulky-model-based deep learning methods.

Table I compares the MAE performance of our method
with those of several state-of-the-art bulky-model-based deep
learning methods on MORPH2, which is the most popular
benchmark data set for age estimation. It can be seen that
our method outperforms these state-of-the-art deep learning
methods. More specifically, our method leverages smaller size
facial images and smaller architecture than the other deep
learning approaches while achieving better MAE performance.
To the best of our knowledge, our method is the first work
that attains the MAE smaller than 2.00 on MORPH?2. Table I
also reports inference times (in millisecond) for each model
running on a GeForce GTX 1080Ti. We did not test the speed
of RankingCNN because it is meaningless to compare with
RankingCNN since it consists of 50 basic AlexNet [61]. Other
models except ours all use the architecture of VGG-16 [60].
Not surprisingly, our method achieves much lower computa-
tion time than the deep learning benchmarks.

In Table II, we compare our method with several traditional
methods and bulky-model-based deep learning methods on
MORPH2 and FG-NET. It is well known in the literature
that deep learning approaches are capable of significantly
improving the performance of these two data sets over tradi-
tional approaches, and this is also confirmed in Table II. The
results of Table II again confirm that our proposed approach
significantly outperforms these existing competing methods.
As FG-NET is a small data set, it cannot provide a sufficient
amount of data. Thus, we first pretrain our model on MegaAge
and then fine-tune it on FG-NET following the standard leave-
one-person-out strategy as adopted in the previous work [6],
[12], [23]. This pretraining procedure on MegaAge that we
adopt dramatically enhances the performance of our method
on FG-NET.
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TABLE II

MAE PERFORMANCE COMPARISON WITH TRADITIONAL METHODS
AND BULKY-MODEL-BASED DEEP LEARNING METHODS
ON MORPH2 AND FG-NET

Method MORPH2 FG-NET
AAM [55]+OHRank [12] 6.07 4.48
BIF [54]+OHRank [12] 3.82

KPLSR [10] 4.18 -
AGES [6] - 6.22
CPNN [23] 4.87 4.76
AP [22] 2.52 -
ODFL [27] 3.12 3.89
ARN [7] 3.00 -
DEX [2] 2.68 3.09
Hot [8] 3.45 -
BridgeNet [16] 2.38 2.56
DeepAge [17] 2.87 3.01
MVL [24] 2.16 2.68
DRF [18] 2.17 3.85
RankingCNN [25] 2.96 -
Ours (normal) 1.95 2.06

In Table III, we further evaluate our method, the traditional
method, CAS [56], and the bulky-model-based deep learning
method, AP [22], on MegaAge and MegaAge-Asian using
the CA metric. It is clear that our method significantly
outperforms these two competing methods. As MegaAge
and MegaAge-Asian data sets are newly introduced, we can
only collect the experimental results of these two compet-
ing methods. However, considering the well-known excellent
performance of AP on MORPH2 [22], we believe that the
comparison provided by Table III is sufficient and convincing.

Our Method With the Small Network Size: According to
the literature, SSR-Net [9] is the state-of-the-art compact-
model-based deep learning method for facial age estimation
on MORPH2, ORCNN [26] is the first work solving the facial
age estimation task with a very small network, and MR-CNN
is a baseline introduced in [26], while DenseNet [59] and
MobileNet [14] are compact-model-based deep learning meth-
ods designed to solve the general image classification task.
As shown in Table IV, our method with small network
architecture outperforms these state-of-the-art compact-model-
based deep learning methods on MORPH?2, in terms of MAE.
In fact, it even outperforms several bulky-model-based deep
learning methods, specifically, RankingCNN [25], ARN [7],
ODFL [27], and Hot [8], as can be seen by comparing Table IV
with Table I. Note that the bulky-model-based methods often
use high-resolution inputs to achieve better performance,
while compact-model-based methods often can only take lower
resolution (64 x 64 x 3) inputs to reduce memory footprint.
Therefore, it is very difficult for compact-model-based meth-
ods to achieve better performance than bulky-model-based
methods. Thus, the comparison between our method using
a small architecture with bulky-model-based deep learning
methods, such as RankingCNN [25], demonstrates that our
method is very effective. The architecture of our method lever-
aged is the second-smallest architecture among all the compact
models listed in Table IV. It is clear that it is feasible to deploy
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our architecture on FPGAs or other hardware with limited
memory. MobileNet [14] achieves the best performance on
speed tests because it leverages several special tricks for com-
putational efficiency. SSR-Net [9] also performs well on speed
tests because it is a shallow and stagewise model. Although
not the best, the speed of our model is clearly satisfactory.

In Table V, we compare our small-architecture model with
several traditional approaches and compact-model-based deep
learning methods using AFAD and MORPH2. The top half
of Table V lists several baselines of traditional methods.
The third traditional method [58], denoted as CNN+LSVR,
only uses the CNN to extract features, which is then fed
to a linear support vector regressor (LSVR) for final age
prediction. The results shown in Table V are consistent
with those given in Table II, namely, our proposed method
considerably outperforms the competing methods. Also, deep
learning methods typically outperform transitional methods,
except for MobileNet. However, the performance gap between
the traditional approaches and the deep learning approaches is
small in this experiment, as the deep learning methods employ
compact models.

D. Ablation Study

In this section, we discuss the design of our method to
highlight our main contribution, as declared in Section I.
We also evaluate the effects of architecture, hyperparameters,
sequence length, and the number of chosen permutations to
the achievable performance of our approach.

Single Teacher: The proposed method in this article lever-
ages two teachers, while most existing works on knowledge
distillation mainly consider a single teacher. To demonstrate
the effectiveness of our two-teacher design, we evaluate the
performance of our method with a single teacher by setting
A1 or A to 0. The removal of the first teacher will make
our method degenerate to an original knowledge distillation
method [15] with a decaying hyperparameter 1. On the
other side, the single teacher of hint-based teaching can be
considered as a special case of our method, using the same
training procedure as given in Algorithm 1.

The experiments are conducted on MegaAge and MegaAge-
Asian. The evaluation involves the normal-size student net-
work and leverages 112 x 112 x 3 inputs. The results obtained
by our method with a single teacher and with two teachers
are shown in Table VI. Observe that the method of using the
first teacher only, namely, the hint-based teaching, performs
better than the method of using the second teacher only, but it
cannot achieve the performance of the proposed method with
two teachers. This suggests that, first, the permutation predic-
tion task can effectively capture age-related ordinal relations
among facial images to help to improve the accuracy of age
estimation, and second, each teacher in our proposed method
can provide special beneficial information for age estimation.
Thus, this experiment demonstrates the effectiveness of our
design with two teachers.

Architecture Selection: In our method, the training proce-
dure is separated into two independent stages that make the
design of network architecture flexible. The architecture for
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TABLE III

METHOD AP ON MEGAAGE AND MEGAAGE-ASIAN

Method SSR-Net [9] | MobileNet [14] | DenseNet [59] | MR-CNN [26] | OR-CNN [26] | Ours (small)

Input size 64 x64%x3 60 x 60 x 3 64 x 64 X3

Model size 0.32MB 1.0MB 1.IMB 1.7MB 0.44MB

Inference time (ms) 0.17 0.10 0.75 0.50 0.53 0.55

MAE 3.16 6.50 5.05 3.42 3.27 2.73
TABLE IV TABLE VI

PERFORMANCE COMPARISON WITH COMPACT-MODEL-BASED DEEP
LEARNING METHODS ON MORPH2

PERFORMANCE EVALUATION OF OUR METHOD WITH TWO TEACHERS
AND WITH SINGLE TEACHER ON MEGAAGE AND MEGAAGE-ASIAN

USING THE CA METRIC

Dataset Method CA(3) CA(5) CAM)
MegaAge AP [22] 4117 5837 7231 Dataset Method CAB)  CAG)  cA()
Ours (normal) 48.06 67.39 79.10 Single (SCCOHd) 39.02 57.17 72.41
MegaAge-Asia_n AP [22] 64.23 82.15 90.80 Two Teachers 48.06 67.39 79.10
Ours (normal) 72.65 87.24 93.16 Smgle (SCCOl’ld) 65.58 83.01 89.17
Two Teachers 72.65 87.24 93.16
TABLE V

MAE PERFORMANCE COMPARISON WITH TRADITIONAL METHODS AND
COMPACT-MODEL-BASED DEEP LEARNING METHODS ON
AFAD AND MORPH2

TABLE VII

PERFORMANCE EVALUATION OF OUR METHOD WITH DIFFERENT

ARCHITECTURE SELECTIONS ON MEGAAGE AND

MEGAAGE-ASIAN USING THE CA METRIC

Method AFAD MORPH2

BIF +LSVR [54] 4.13 431 Dataset Method CA(3) CA(5) CA(7)
BIF [54]+CCA [57] 4.40 4.73 MegaAge PVP for both 4690  67.15  78.54
CNN+LSVR [58] 5.56 5.13 VGG-16 for both  39.71 5821  72.66
BIF [54]+OHRank [12]  3.84 3.82 Original setting 48.06  67.39  79.10
MR-CNN [26] 3.51 342 MegaAge-Asian  PVP for both 7181 86.90  92.57
OR-CNN [26] 3.34 3.27 VGG-16 for both  66.07 8295  89.72
DenseNet [59] - 5.05 Original setting 72.65 8724 93.16
MobileNet [14] - 6.50

SSR-Net [9] - 3.16 .. . .

Ours (small) T %E Observe that our original design attains the best performance,

the first teacher in our method is specified in Appendix A,
and we denote this architecture as “PVP” for convenience. The
architecture for the second teacher in our method is VGG-16
[60], as mentioned in Appendix A. We note that many deep
learning methods, such as AP [22] and DEX [2], leverage the
VGG-16 network architecture. The question naturally arises
why we adopt PVP for the first teacher and VGG-16 for the
second teacher. We point out that it is important to design the
network architecture according to the actual task considered,
and our architecture selection offers a significant advantage
over other methods, such as multitask learning.

In order to demonstrate the effectiveness of our choice,
we design an experiment. In this experiment, we have three
architecture choices for our method: 1) the PVP architecture
for both teachers; 2) the VGG-16 architecture for both teach-
ers; and 3) our original design, namely, the PVP architecture
for first teacher and the VGG-16 architecture for the second
teacher. When applying VGG-16 for both teachers, we select
the fourth and tenth convolutional layers as the hint layers.
Again, the normal size student network and the input size
of 112 x 112 x 3 are adopted. The experimental results
on MegaAge and MegaAge-Asian are shown in Table VII.

which validates our proposed design. It can be seen that
replacing VGG-16 with PVP for the second teacher degrades
the achievable performance, but the performance drops dra-
matically when replacing PVP by VGG-16 for the first teacher.
This indicates that VGG-16 architecture is not suitable for the
permutation prediction task of learning the ordinal relations
among age labels.

To further validate the abovementioned observation that
PVP is better than VGG-16 for the ordinal relation learning
task, we design another experiment. Following the training
procedure introduced in Appendix A, we train the two models
of the first teacher using the PVP and VGG-16 architec-
tures, respectively. In the second model with VGG-16, the
first 13 conventional layers in the VGG-16 network form the
Siamese part sharing parameters among multiple branches.
In the testing time, we apply the Siamese part as a generic fea-
ture extractor. Especially, internal features are extracted from
feature maps of each convolutional layer by the max-pooling
operation, which results in 16 values per feature map. The
pooled features are flattened into vectors, and we concatenate
them to form one unique representation for each image. For
both cases, we leverage the OHRank as the classifier to
estimate ages based on the learned features. The experimental
results on MegaAge and MegaAge-Asian data sets are shown

Authorized licensed use limited to: UNIVERSITY OF SOUTHAMPTON. Downloaded on July 08,2021 at 08:33:42 UTC from IEEE Xplore. Restrictions apply.



ZHAO et al.: DISTILLING ORDINAL RELATION AND DARK KNOWLEDGE FOR FACIAL AGE ESTIMATION

TABLE VIII

EVALUATION OF TWO DIFFERENT ARCHITECTURES FOR ORDINAL RELA-
TION LEARNING ON MEGAAGE AND MEGAAGE-ASIAN USING THE CA
METRIC. THE OHRANK CLASSIFIER IS USED TO ESTIMATE AGES

Dataset Method CA(3) CA() CA®M)
MegaAge PVP 45.24 64.97 73.18
VGG-16  34.11 50.46  65.30
MegaAge-Asian  PVP 69.02 86.11 89.37
VGG-16  60.88 7530  85.90

TABLE IX

PERFORMANCE COMPARISON OF OUR METHOD WITH NONDECAYING
AND DECAYING STRATEGIES FOR HYPERPARAMETERS ON MEGAAGE
AND MEGAAGE-ASIAN USING THE CA METRIC

Dataset Method CA(3) CA(5) CA®T)
MegaAge Non decaying  46.93 66.48 77.55
Decaying 48.06  67.39  79.10
MegaAge-Asian  Non decaying  71.30 86.57 91.70
Decaying 72.65 87.24  93.16

in Table VIIL. It is clear that the performance based on the
features extracted by the PVP model is better than that based
on the features extracted by the VGG-16 model. This demon-
strates that the PVP architecture is more suitable than the
VGG-16 architecture for learning age-related ordinal relations.

The design of suitable architectures for different tasks is a
very broad topic, which relies heavily on empirical knowledge.
We hope that our design will stimulate further work to
investigate the most suitable architecture for the permutation
prediction task.

Hyperparameters: The choice of hyperparameters, specif-
ically, 4; and /,, impacts on the achievable performance.
We investigate the effectiveness of the decaying strategy for
these two hyperparameters adopted in our experimental study,
which is given in Appendix B. We design an experiment
by fixing these two hyperparameters to appropriate constant
values throughout the training procedure, and we compare the
results obtained with those based on the decaying A; and 4,
in Table IX. In this experiment, other experimental settings
are the same as defined for Table VII. It can be seen that
the adopted decaying strategy is effective, as it ensures a
better performance. In general, the teacher in the framework
of knowledge distillation acts as a form of regularization.
Annealing the corresponding hyperparameter can achieve a
better tradeoff between the teaching and the original task,
which helps to avoid the overfitting problem.

Sequence Length: It is worthwhile to explore how to appro-
priately set the sequence length and the number of chosen per-
mutations that have significant influences on the training of the
first teacher. The sequence length relates to the other settings,
such as the data sampling and curriculum learning strategy,
introduced in the last paragraph of Section III-A. We have
conducted two groups of experiments to observe the influence
of the sequence length on the final performance of the student.
To be more specific, we only use the first teacher in the
teaching procedure. In each group of experiments, we evaluate
seven different sequence lengths varying from 4 to 10. The first
group (blue line in Fig. 3) applies the original experimental
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Fig. 3. Impact of sequence length on achievable performance using MegaAge.
The blue line indicates the group of experiments with the original settings,
and the red line indicates the group of experiments discarding the original
data sampling strategy and curriculum learning trick.
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Fig. 4. Impact of the size of chosen permutation set K on the accuracy of

permutation prediction as well as on the student’s age estimation performance
using MegaAge.

settings, and the other one (red line in Fig. 3) samples the
sequences randomly from the whole training data set, which
means that the second group of experiments does not apply
the original data sampling strategy and curriculum learning
trick. Note that when the sequence length is 4 or 5, the size
of the selected permutation set cannot be 200 as we set before
because the maximum of K is n!/2. The number of age groups
is 8, as shown in Appendix A. When the sequence length is
greater than 8, part of the groups randomly selected needs to
provide two facial images to form the intergroup sequence.

It can be seen from Fig. 3 that as the sequence length
increases, the performance first improves and then levels out.
More specifically, when the sequence length is larger than 8§,
the performance of our model becomes saturated. Apparently,
training sequences of larger size contain richer information of
structural ordinal relation, but they also make the training of
the first teacher more difficult. Also, our model benefits from
the original data sampling and curriculum learning strategy,
as it clearly outperforms the other one without the original
data sampling and curriculum learning strategy.

Number of Chosen Permutations: By varying the size of
the chosen permutation set K, we evaluate the influence of
K on the accuracy of the permutation prediction as well as
on the final performance of the student in Fig. 4. As K
increases, the accuracy of permutation prediction decreases.
On the other hand, the performance of age estimation improves
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Fig. 5.

In the leftmost column, we show several persons who look younger or older than their real ages. The blue number indicates the real age, and the red

number is the incorrect prediction result of the second teacher. The real age of the other persons in each row is the same as the incorrect prediction offered

by the second teacher for the first person. All images are from MORPH2.

with increasing K until K reaches 400. Apparently, more
permutations make the model harder to learn the correct order
but improve the generalization as long as K < 400.

V. CONCLUSION

We have proposed a knowledge distillation approach with
two teachers for facial age estimation. Our novel contribution
has been twofold. First, we have proposed a novel permu-
tation prediction task that exploits relative order rather than
differences between the age labels. Second, we have proposed
an effective knowledge distillation method with two teachers,
which effectively transfers the ordinal knowledge captured
by the first teacher and the dark knowledge captured by the
second teacher to a compact student network. Our training pro-
cedures of teacher and student are separated, which allows us
to adapt flexibly different network architectures to better suit
actual tasks. Extensive experiments carried out have demon-
strated that our proposed method outperforms benchmark
traditional methods and state-of-the-art deep learning methods.
More specifically, our method considerably outperforms exist-
ing state-of-the-art deep learning methods while leveraging
smaller size or lower resolution facial images and imposing
smaller network architecture. In particular, our method is the

first work that achieves the mean absolution error smaller than
2 on the MORPH2 data set. More significantly, our method
with a very small network size, which only requires memory of
0.44 MB, even outperforms several bulky-size deep learning
methods, which imposes huge memory requirement. Hence,
our proposed method is particularly suitable for implementa-
tion on embedded devices with limited memory.

APPENDIX
A. Training of Teachers

First Teacher: We collect the training data sets of MORPH?2
[51], MegaAge [22], and AFAD [26] as the training data set
for the first teacher. The ages range from O to 77 in this
collected training data set, and it is split into eight overlapped
age groups: [0, 10], [6, 16], [13, 23], [20, 32], [32, 43],
[43, 53], [53, 63], and [63, 77]. Sequences are randomly
sampled in a 1-to-8 ratio of intergroups to inner-groups. The
sequence length is 8. A simple curriculum learning strategy is
adopted with these two types of training sequences in the train-
ing procedure, which are repeated 30 epochs. The permutation
set of size 200 is selected via a greedy algorithm [47].
Note that any permutation equals to its inverse permutation.
Thus, the unit in the selection algorithm is actually a pair of
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two permutations. To avoid a reader getting details wrong,
we highlight three points in the implementation related to the
permutation set selection. First, the distance between the two
units is the minimum Hamming distance between two pairs
of permutations. Second, the greedy algorithm begins with an
empty permutation set and, at each iteration, selects the pair
of permutations (a unit) that has the maximum distance to the
current permutation set. Third, the maximum of K is n!/2.

The network architecture is chosen as {C192(5)-C160(3)-
P-C160(3)-C160(3)-C160(3)-P-C160(3)-C160(3)-P-C128(3)-
C128(3)}-C256(3)-F4096-F1024-Softmax, in which Ck(s)
denotes a convolutional (C) layer with k kernels of size s x s,
a fully connected (F) layer with k filters is abbreviated as
Fk, and P represents a max-pooling (P) layer. Max-pooling
is performed over a 2 x 2 pixel window with stride 2. The
stride of all convolutional layers is 1 pixel. We use ReLU
nonlinearity (ReLU) [62] after every convolutional/fully
connected layer. Batch normalization (BN) [63] is adopted
after each convolutional layer before ReLU operation. For
notational simplification, BN and ReLU operations are not
indicated in the abovementioned architecture. Layers within
the pair of braces { }, called Siamese part, share the weights
across multiple branches, as shown in Fig. 1.

No preprocessing is applied to training images except
zero-phase component analysis (ZCA) whitening. All weights
are initialized from the normal distribution with zero mean
and standard deviation of 0.02. The optimization algorithm is
the minibatch adaptive moment estimation (Adam) [64] with a
minibatch size of 50 unless otherwise noted. The learning rate
is 0.0005 for the first 10 epochs, 0.0001 for the next 10 epochs,
and 0.00005 for the remaining 10 epochs. The training/testing
partitions are randomly split on MORPH?2 and AFAD, to adjust
the training set according to the training need of the student.
This training procedure is repeated many times.

Second Teacher: We implement the second teacher with
the VGG-16 architecture [60]. As introduced in Section III-B,
we start with a pretrained network on ImageNet 1k [50].
Then, we fine-tune the network on IMDB-WIKI [2] and AFAD
that provide balanced training data on ethnic groups. Finally,
we use the pretrained CNN (on ImageNet 1k, IMDB-WIKI,
and AFAD) to initialize the network when fine-tuning on
each data set listed in Section IV-A. Fine-tuning the network
on each data set is based on a stochastic gradient descent
algorithm [65]. Again, no preprocessing is applied to training
images except ZCA whitening. The batch size is 128. In the
first fine-tuning procedure, we use a learning rate of 0.005
for the first 5 epochs, 0.0005 for the next 10 epochs, and
0.0001 for the remaining 5 epochs. In the second fine-tuning
procedure, we use a learning rate of 0.0005 for the first
5 epochs, 0.0001 for the next 10 epochs, and 0.00005 for
the remaining 5 epochs. Note that we do not implement
this training procedure on FG-NET [52], and furthermore,
when training on 64 x 64 x 3 images, we remove the fifth
max-pooling layer.

B. Training of Student

We experiment the two network architectures for the
student: C128(5)-C96(3)-P-C96(3)-C96(3)-C96(3)-P-C96(3)-
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C96(3)-P-C64(3)-C64(3)-F4096-F4096-Softmax, and C64(3)-
C32(3)-P-C32(3)-C32(3)-C32(3)-P-C32(3)-C32(3)-P-C16(3)-
C16(3)-C64(1)-C64(1)-Softmax, referring to as the ‘“normal”
size student and the “small” size student, respectively.
We select the fifth and ninth convolutional layers of the
student and the fifth and ninth convolutional layers of the
first teacher as the guided layers and hint layers, respectively.

Algorithm 1 summarizes the stagewise training procedure
for the student. It can be seen that the training procedure for
the student consists of two stages. We name the first stage as
the hint-based teaching and the second stage as the collabo-
rative teaching. In the hint-based teaching, we leverage Adam
algorithm to optimize the loss function (3) with a decaying
learning rate, which is 0.01 for the first 5 epochs, 0.005 for
the next 10 epochs, 0.0005 for the following 10 epochs, and
0.0001 for the remaining 5 epochs. In collaborative teaching,
using appropriate values for the two hyperparameters, 4; and
A, is important. We gradually anneal A; and 1, with a
piecewise decay during the training procedure. Especially, the
initial value of A, is 2, and it reduces by 0.5 every 6 epochs.
The initial value of 1; is 0.1, and it reduces by 0.025 every 6
epochs. In the second stage, we also use Adam with a decaying
learning rate, which is 0.001 for the first 5 epochs, 0.0005 for
the next 10 epochs, 0.0001 for the following 10 epochs, and
0.00005 for the remaining 5 epochs.

This training strategy is inspired by the curriculum learning
[48]: first, learn ordinal representations via the hint/guided
layer transferring, and then, train the whole student network
jointly with a small relative weight for hint-based teaching.
During the collaborative learning, annealing hyperparameters
are adopted, which allows easier examples (on which the
teacher is very confident) to initially have a stronger effect but
progressively decreasing their importance as hyperparameters
decay. Note that, when evaluating on FG-NET, which is a
small size data set, we fine-tune the pretrained student network
on MegaAge with a small learning rate of 0.00005 for 5 epochs
for each split.

C. Other Implementation Details

Before feeding the samples to each network mentioned
earlier, we adopt a general preprocessing procedure for face
detection and alignment. We first apply the Harr-based cascade
classifiers [49] to detect the face. Then, we align the face based
on the locations of the eyes. Finally, the image is resized
to the size of 112 x 112 x 3 and 64 x 64 x 3 for training
and testing. Note that the 64 x 64 images are only used to
evaluate compact (small) models. We applied ZCA whitening
to preprocess training images. All the weights are initialized
from the normal distribution with zero mean and standard
deviation of 0.02 unless otherwise stated. The temperature ¢
is set to 2.

D. Case Study: What the Incorrect Prediction Tell Us

As pointed out in Section III-C, the second teacher is
capable of providing important information regarding how
it generalizes to the student. Even incorrect answers offer
valuable information according to [15]. To explore what
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knowledge the second teacher provides, we carry out a case
study. In the first-column pictures of Fig. 5, we show several
incorrect predictions of the second teacher. Observe that these

per

sons apparently look younger or older than their real ages,

and the incorrect predictions by the second teacher actually
indicate the ages that they look like. More specifically, the
second teacher is able to infer a person’s “apparent” age from

the
the

person’s visual appearance cues. This can be seen from
other persons in each row of Fig. 5—they all have the

same facial physiological characteristics as the first person.
Hence, the incorrect predictions by the second teacher for the
first-column persons provide useful information regarding how
it “generalizes.” Thus, the outputs of the second teacher can
prevent these samples from confusing the student.
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