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Generative adversarial networks (GANs) have recently achieved impressive results in facial age synthesis.
However, these methods usually select an autoencoder-style generator. And the bottleneck layer in the
encoder-decoder generally gives rise to blurry and low-quality generation. To address this limitation,
we propose a novel attention-aware conditional generative adversarial network (ACGAN). First, we utilize
two different attention mechanisms to improve generation quality. On one hand, we integrate channel
attention modules into the generator to enhance the discriminative representation power. On the other
hand, we introduce a position attention mask to well-process images captured with various backgrounds
and illuminations. Second, we deploy a local discriminator to enhance the central face region with infor-
mative details. Third, we adopt three types of losses to achieve accurate age generation and preserve per-
sonalized features: 1) The adversarial loss aims to synthesize photo-realistic faces with expected aging
effects; 2) The identity loss intends to keep identity information unchanged; 3) The attention loss tries
to improve the accuracy of attention mask regression. To assess the effectiveness of the proposed method,
we conduct extensive experiments on several public aging databases. Experimental results on MORPH,
CACD, and FG-NET show the effectiveness of the proposed framework.

� 2021 Elsevier B.V. All rights reserved.
1. Introduction

Facial age synthesis, including age progression and regression,
aims to reconstruct faces with natural aging or rejuvenating effects
[11,44]. It has wide applications, including finding missing chil-
dren, improving face recognition accuracy, and social entertain-
ment. Besides, it can also be used for data augmentation.

Synthesizing faces with desired aging effects, and simultane-
ously keeping identity stable is a troublesome task. On one hand,
internal (e.g., genes) and external factors (e.g., living environment
and health status) usually make different people age differently.
It thus becomes difficult to model such personalized and uncon-
trollable aging processes accurately. On the other hand, the lack
of labeled aging data and large facial variations also affect the pro-
cess of face aging.

Many approaches have been proposed to tackle this issue. Tra-
ditional aging approaches can be roughly divided into two cate-
gories: physical model-based approaches and prototype model-
based approaches. Physical model-based approaches usually uti-
lize parametric models to model the physical and biological mech-
anisms of the face [62,23,55,20,49]. These approaches usually
require masses of samples of the same person covering a wide
range of ages, which are time-consuming to collect. And the com-
plex aging mechanism found does not generalize well either. Pro-
totype model-based approaches generally extract differences
between age groups as universal aging patterns [3,43,40,18]. Dif-
ferent people have different aging processes. Thus, these methods
are prone to ignore this diversity.

Apart from these above approaches, recently, generative adver-
sarial networks (GANs) [13] have exhibited remarkable ability in
synthesizing face aging sequences through adversarial learning
[47,63,53,57]. These methods usually adopt the encoder-decoder
architecture, where spatial or downsampling is essential to obtain
high-level abstract representation. One drawback of these methods
is that they generally treat each channel-wise feature equally, lack-
ing discriminative learning ability across feature channels. Conse-
quently, it may weaken the network’s representation of power
[61] and mislead the model to discard some vital information that
can not be entirely recovered by transposed convolutions [27]. To
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illustrate this visually, we combine the generator of [57] with the
discriminator of [53] to train a model for face aging. Typical failure
cases are shown in Fig. 1. (a). Synthesized faces look quite blurry,
and some critical details are lost. We also list some failure cases
of [24] in Fig. 1. (b). Although faces generated by these methods
present the effect of aging, the visual quality is severely degraded
by lost details (e.g., hair, background, and the face center). Thus,
it is necessary to enhance the latent feature representation’s dis-
crimination ability to generate visually plausible images for facial
age synthesis.

As a special convolutional mechanism, attention can not only
tell the network where to focus but also improve the representa-
tion of interests [54]. It improves the representation by focusing
on valuable features and suppressing worthless ones. Attention
has recently shown improved performance in image classification
[54,15], image synthesis [61], semantic segmentation[10,7,16],
and image captioning [6]. Considering this merit, we propose an
attention-aware conditional generative adversarial networks
(ACGAN) for facial age synthesis to improve the visual fidelity of
generated images. Specifically, we introduce channel attention to
the commonly used autoencoder-style generator to improve the
representation of regions of interest. Apart from this, we also uti-
lize a spatial attention mask to constrain image translations. Con-
sidering the face center usually contains more pure and age-
related features, we further define a local discriminator to encour-
age more photo-realistic results [9]. To sum up, our proposed
method can selectively learn age-related features and thus modify
corresponding age-related regions. The main contributions of this
paper could be summarized as follows:

1) We propose an attention-aware conditional generative
adversarial network to enhance the discriminative represen-
tation power. To the best of our knowledge, this is the first
time that channel attention is adopted for face aging.
Fig. 1. Typical failure cases. For each pair of images, the left is the input face under
30 years old, and the right is the corresponding result over 50 years old.
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2) We highlight the significance of the inner face and introduce
a local discriminator to improve the visual fidelity of synthe-
sized faces.

3) Extensive experiments on MORPH, CACD, and FG-NET are
conducted to evaluate the proposed method. Both qualita-
tive and quantitative experimental results demonstrate the
effectiveness of our approach in synthesizing faces at desired
ages with identity information being well-preserved.

2. Related work

2.1. Facial age synthesis

Existing facial age synthesis approaches can be roughly divided
into physical model-based methods, prototype model-based meth-
ods, and deep learning-based methods.

Physical model-based methods [62,23,3,55,20,49] usually simu-
late face aging by modeling facial biological and physical mecha-
nisms. As the earliest method, Todd et al. [49] introduced a
revised cardioid-strain transformation to model facial appearance
transition. Later, Wu et al. [55] proposed a dynamic model to sim-
ulate expressive wrinkles in 3D facial animation and skin aging.
And Ramanathan et al. [40] adopted a shape transformation and
an image gradient-based texture transformation towards modeling
facial aging in adults. However, one drawback is that these meth-
ods are usually complex and require many images of the same per-
son covering a long age span.

Prototype-based methods [43,39,56,40,18] usually divide faces
into different age groups and calculate the average face of each
age group as its prototype. After that, differences among proto-
types are referred to as aging patterns. In [48], Tiddeman et al.
adopted wavelet transform to capture features of texture details
at multiple scales. In [18], Kemelmacher-Shlizerman et al. pre-
sented a prototype model-based method to capture differences in
shape and texture under any desired illumination. However, one
shortcoming of these methods is that using averaged faces as pro-
totypes may eliminate personalized facial features, inclined to lose
identity information. To well preserve personalized features, Shu
et al. [45] proposed using paired residual dictionary learning to
learn a set of age-specific dictionaries.

Recently, deep generative models [36,47,51,24,1] are used to
solve these above problems. For example, Wang et al. [51] pro-
posed a recurrent facial aging (RFA) framework based on a recur-
sive neural network. This method can effectively eliminate ghost-
artifacts presented in previous models. However, it requires the
test data labeled with real ages to determine changes that need
to be learned in the aging process. Antipov et al. [1], for the first
time, introduced conditional generative adversarial networks
(cGANs) [35] to synthesize faces with target ages. Zhang et al.
[63] proposed a conditional adversarial autoencoder (CAAE) to
achieve age progression and regression by traversing in a low-
dimensional feature manifold. Yang et al. [57] designed multi-
path discriminators to refine the results of facial age synthesis.
And Li et al. [26] investigated spatial attention to constraining
modifications to those regions highly relevant to face aging. Unlike
these deep learning-based methods, we exploit channel attention
to improve the latent feature representation’s discrimination abil-
ity in this paper.

2.2. Generative adversarial networks

A typical generative adversarial network usually contains two
modules: a generator G and a discriminator D. The generator G
seeks to capture the real data distribution, while the discriminator
D attempts to distinguish between real and fake data as much as
possible. Since Ian Goodfellow et al. [13] proposed generative
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adversarial networks (GANs) in 2014, they have been widely
applied in various fields of computer vision, such as image super-
resolution [52,60,22], style transfer [8,66], and facial synthesis
[57,25,53,12,4]. Despite these successes, the training of GANs still
suffers from some challenges, such as mode collapse and unstable
training. Many efforts have been made to overcome these prob-
lems. For example, Conditional generative adversarial networks
(cGANs) adds additional information to the generator and discrim-
inator to guide the data generation process [35]. Wasserstein GAN
(WGAN) [2], and subsequent WGAN with gradient penalty
(WGAN-GP) [14] respectively adopted weight clipping and gradi-
ent penalty to constrain discriminator parameters. And the Least
Squares GAN (LSGAN) [34] replaced the regular GAN loss with
the least-squares loss, which can promote the generation of high-
quality samples.
2.3. Attention mechanism

Attention plays a significant role in human perception [17].
Generally, the human visual system does not attempt to process
the entire scene at one time. Instead, it selectively focuses on sali-
ent parts to capture visual structures [21]. Driven by the human
perception process, attention attempts to learn frommassive infor-
mation selectively. It tries to select critical information and ignores
useless information. Recently, many efforts have been made to
apply attention mechanisms to various tasks
[54,15,10,7,16,26,58,31,30]. In image recognition, Wang et al.
[50] proposed a residual attention network built by stacking mul-
tiple attention modules to generate attention-aware features. Hu
et al. [15] designed squeeze-and-excitation blocks by investigating
the relationship between channels to improve the representation
of CNN features. And [31,29,30] applied attention mechanisms to
image set-based recognition. In semantic segmentation, the dual
attention network (DANet) [10] summed the output of both the
position attention module and the channel attention module to
Fig. 2. Framework of ACGAN. Our network consists of a generator and two discriminator
two outputs: an aged image I and an attention mask M.

169
improve feature representation, which could contribute to more
precise segmentation results. In facial expression synthesis,
Pumarola et al. [38] exploited a spatial attention mechanism to
make their facial expression synthesis model more robust to the
change of background and illumination.

3. Methods

Considering that age-independent modification in the image
context (e.g., background) may result in ghost artifacts, inspired
by [38,26], we utilize a position attention mask regressed by the
generator to restrict alternation within specific regions highly
related to aging. However, different from [26], the proposed
ACGAN further exploits channel attention to focus on informative
features in channel dimensions. Apart from this, we employ a local
discriminator to make better use of information in the face center.
Note that only one model needs to be trained to address age pro-
gression and regression. Fig. 2 presents the overall framework of
our proposed method.

3.1. Problem formulation

We define xs whose age label is cs as the input. Our goal is to
train a generator G to learn the following translation: Given xs,
we expect to generate a new face xt with target age label ct but
from the same identity. In this paper, age information is encoded
into a one-hot vector with the target age cluster being 1. And we
divide all faces into k ¼ 4 age clusters. Therefore, the age vector
cs; ct 2 R1�k.

3.2. Attention-based generator

Most existing methods choose an hourglass-shaped full convo-
lutional network as the generator [57,53,47]. The generator usually
consists of two parts: an encoder Genc and a decoder Gdec. The enco-
s. The generator takes the face xs and the target age label ct as inputs and generates
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der Genc first encodes the input face xs into a latent representation.
The decoder Gdec then takes the latent representation and the tar-
get age label ct as inputs to achieve age transformation [63]. Note
that the target image xt is generated step by step, and each step
utilizes the information generated by the previous step. Conse-
quently, the intermediate feature representation can largely affect
the final output. However, previous work [57,53,47] usually treats
each channel-wise feature equally, which may hinder the repre-
sentation ability. Taking these into consideration, we investigate
channel attention to tackle this issue.

This study proposes a novel attention-based generator by mod-
eling the relationship between the latent space and age attribute.
First, two convolutional layers with stride 2 are adopted for down-
sampling. Then, four residual channel attention modules followed
by two convolutional layers with stride 1 constitute the bottleneck
layers. Downsampling layers and bottleneck layers together estab-
lish the Genc . Following IPC-GAN [53], we inject the age condition
into the output of Genc to guide the synthesis. Finally, two deconvo-
lutional layers with stride 2 for upsampling build the decoder Gdec.
To make the generator focus on modeling age differences, as [24]
did, a shortcut connection between the input of Genc and the output
of Gdec is formed. The encoder Genc and the decoder Gdec together
form the auto-encoder architecture. And the network architecture
of the generator is given in Table 1. More details can be found in
the following.
3.2.1. Residual channel attention module
Previous work usually treats each channel-wise feature equally,

which is not flexible for real cases. In order to make the network
focus on more informative features, we exploit the interdependen-
cies among feature channels. Designing an effective module to
make the network focus on more informative features is a crucial
step. On one hand, the information in the input space contains
Table 1
Network architecture of the generator. There are some notations: N: the number of output c
the height and width of the input image.

Part Input

Downsampling (H;W , 3)
(H;W , 32)
(H=2;W=2, 64)

Bottleneck (H=4;W=4, 128)
(H=4;W=4, 128)
(H=4;W=4, 128)
(H=4;W=4, 128)

Upsampling (H=4;W=4, 128)
(H=2;W=2, 64)

Output Image Layer I (H;W , 32)
Output Attention Mask Layer M (H;W , 32)

Fig. 3. Architecture of the channel attention module. � denotes matrix summation. � re
attention module, respectively.
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abundant low-frequency and high-frequency components that
should be treated differently. On the other hand, convolutional lay-
ers with local receptive fields make subsequent layers unable to
exploit the contextual information. Based on these analyses, we
build a residual channel attention module to learn which compo-
nents should be emphasized and suppressed. Specifically, we intro-
duce channel attention to the residual block to capture feature
dependencies in channel dimensions. Each channel of a feature
map can be regarded as a feature detector. With channel attention,
we can focus on more valuable channels and suppress useless fea-
tures. As a result, our encoder can selectively extract features most
relevant to age translations.

Both Fig. 3 and Table 2 describe the architecture of our residual
channel attention module. We use F in 2 Rh�w�c to represent an
intermediate feature representation, where h;w respectively
denote the height and width of each feature map, and c represents
the number of channels/feature maps. Thus, the final output of the
residual channel attention module Fout can be formulated as:

Fout ¼ F in þ U: ð1Þ
To get U, we first feed F in into two convolutional layers whose ker-
nel size is 3� 3 and get V 2 Rh�w�c . And then, we calculate a chan-
nel attention map Z 2 R1�1�c to adaptively rescale V . This operation
can be formulated as:

U ¼ Z � V ; ð2Þ
where U 2 Rh�w�c and � denotes the element-wise multiplication.
During multiplication, each value of Z is broadcasted along the spa-
tial dimension to a h�w map.

To calculate Z, we first squeeze the spatial dimension of V . Two
ways can be selected to aggregate the spatial information, i.e.,
average-pooling Pavg and max-pooling Pmax. [65] suggests that
average-pooling can be employed to learn the extent of the target
hannels, K: kernel size, S: stride size, P: padding size, IN: instance normalization, H;W:

Layers Information Output Shape

CONV0-(N32, K9x9, S1, P3), IN, ReLU (H;W , 32)
CONV1-(N64, K4x4, S2, P1), IN, ReLU (H=2;W=2, 64)
CONV2-(N128, K4x4, S2, P1), IN, ReLU (H=4;W=4, 128)

Residual Channel Attention Module1 (H=4;W=4, 128)
Residual Channel Attention Module4 (H=4;W=4, 128)
CONV3-(N128, K3x3, S1, P1), IN, ReLU (H=4;W=4, 128)
CONV4-(N128, K3x3, S1, P1), IN, ReLU (H=4;W=4, 128)

DECONV1-(N64, K4x4, S2, P1), IN, ReLU (H=2;W=2, 64)
DECONV2-(N32, K4x4, S2, P1), IN, ReLU (H;W , 32)

CONV5-(N3, K9x9, S1, P3), Tanh (H;W , 3)
CONV6-(N1, K4x4, S2, P1), Sigmoid (H;W , 1)

presents element-wise product. Fin and Fout are the input and output of the channel



Table 2
Channel attention module. There are some notations: h;w: the height and width of the input feature map, c: the number of channels, Avg-pool: an average-pooling operation,
Max-pool: a max-pooling operation.

Part Input Layers Information Output Shape

Body (h;w; c) CONV0-(N128, K3x3, S1, P1), IN, ReLU (h;w; c)
(h;w; c) CONV1-(N128, K3x3, S1, P1), IN (h;w; c)

Channel Attention Layer (h;w; c) Avg-pool (1, 1, c)
(h;w; c) Max-pool (1, 1, c)
(1, 1, c) CONV2-(N8, K1x1, S1, P0), ReLU (1, 1, c=16)
(1, 1, c=16) CONV3-(N128, K1x1, S1, P0) (1, 1, c)
(1, 1, c) Sigmoid (1, 1, c)
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object efficiently. And [54] argues that max-pooling can gather
another information clue about distinctive object features. In our
work, we utilize both operations. The aggregated information is
then forwarded into a shared network, consisting of two convolu-
tional layers, i.e., a channel-downscaling layer and a channel-
upscaling layer. We use Wdown 2 R

c
r�c and Wup 2 Rc�c

r , where r is
the reduction ratio, to respectively represent the weights of the
channel-downscaling and channel-upscaling layers. We adopt
r ¼ 16 in this study. Next, we apply an element-wise summation.
And the channel statistics Z are finally calculated as:

Z ¼ rðWupðWdownðPavgðVÞÞÞ
þWupðWdownðPmaxðVÞÞÞÞ; ð3Þ

where r denotes the sigmoid function. Note that Wdown is followed
by a ReLU function.

3.2.2. Spatial attention module
To make the model robust to distracting environmental factors,

such as background with complex textures, we add a new branch
to Gdec to regress a position attention mask to localize specific
regions for face editing. In this way, Gdec produces two outputs:
one is a color mask I, and the other is a position attention mask
M to restrict the alternation of I within essential regions. The final
output can be calculated by:

xt ¼ ð1�MÞ � I þM � xs; ð4Þ

where M ¼ GMðxs; ctÞ 2 f0; . . . ;1gH�W and I ¼ GIðxs; ctÞ 2 RH�W�3.
Table 3
Network architecture of the global discriminator. There are some notations: BN: batch no

Part Input Laye

Input Layer (H;W , 3) CON

Hidden Layer (H=2;W=2;64þ k) CON
(H=4;W=4, 128) CON
(H=8;W=8, 256) CON
(H=16;W=16, 512) CON
(H=32;W=32, 1024) CON

Output Layer (H=64;W=64, 2048) CON

Table 4
Network architecture of the local discriminator.

Part Input Laye

Input Layer (H=2;W=2, 3) CON

Hidden Layer (H=4;W=4;64þ k) CON
(H=8;W=8, 128) CON
(H=16;W=16, 256) CON
(H=32;W=32, 512) CON

Output Layer (H=64;W=64, 1024) CON
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3.3. Global and local discriminators

We adopt a pair of discriminators to encourage generated
images to be indistinguishable from real ones. Specifically, we first
train a global discriminator Dglobal to determine the whole face’s
visual fidelity. There are two main reasons why we further intro-
duce a local discriminator Dlocal in the age synthesis task: (1) The
outer face often contains noise, which may interfere with the dis-
criminator in extracting specific age features; (2) The inner face is
more informative, gathering massive pure features, e.g., identity.
The benefit of combining Dglobal and Dlocal is: Dglobal determines the
authenticity globally, while Dlocal provides additional feedback to
the generator to make generated textures within the face center
more photo-realistic.

Dglobal and Dlocal have similar network structures. The only differ-
ence is that the input size of Dlocal is smaller than that of Dglobal.
Thus, we employ one less convolutional layer. We take Dglobal as
an example to describe network architecture details. A series of
convolutional layers whose kernel size is 4 are employed to extract
age-specific features. And each convolutional layer deploys a batch
normalization for accelerated convergence except the last one. To
ensure the age label of the generated face is consistent with ct ,
we add additional guidance to the discriminator. Following [53],
we replicate the age vector and concatenate it to the output of
the first convolutional layer. This strategy’s effectiveness in pro-
moting the visual quality of generated samples has been proved
in [37]. Tables 3 and 4 present the network architectures of Dglobal

and Dlocal, respectively.
rmalization, LReLU: Leaky ReLU.

rs Information Output Shape

V0-(N64, K4x4, S2, P1), BN, LReLU (H=2;W=2, 64)

V1-(N128, K4x4, S2, P1), BN, LReLU (H=4;W4, 128)
V2-(N256, K4x4, S2, P1), BN, LReLU (H=8;W=8;256)
V3-(N512, K4x4, S2, P1), BN, LReLU (H=16;W=16, 512)
V4-(N1024, K4x4, S2, P1), BN, LReLU (H=32;W=32, 1024)
V5-(N2048, K4x4, S2, P1), BN, LReLU (H=64;W=64, 2048)

V6-(N1, K4x4, S2, P1) (H=128;W=128, 1)

rs Information Output Shape

V0-(N64, K4x4, S2, P1), BN, LReLU (H=4;W=4, 64)

V1-(N128, K4x4, S2, P1), BN, LReLU (H=8;W=8, 128)
V2-(N256, K4x4, S2, P1), BN, LReLU (H=16;W=16, 256)
V3-(N512, K4x4, S2, P1), BN, LReLU (H=32;W=32, 512)
V4-(N1024, K4x4, S2, P1), BN, LReLU (H=64;W=64, 1024)

V5-(N1, K4x4, S2, P1) (H=128;W=128, 1)
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3.4. Loss function

3.4.1. Adversarial loss
We add age conditions to the generator and the discriminator to

generate photo-realistic faces with the expected aging effects. In
other words, apart from distinguishing generated faces from real
faces, our discriminators need to determine further whether the
given sample is consistent with the given age label [41,53]. For
each input xs, we randomly select ct (ct – cs) as the target age label.
The generated image is denoted as xt , i.e., xt ¼ Gðxs; ctÞ. Besides, we
randomly select a face f t from the target age group. f t together
with ct forms the only positive sample of our discriminators. To
improve the visual quality of synthesized faces, we employ the
LSGAN loss [34] rather than the regular GAN loss. Our adversarial
loss functions can be defined as follows:

LGglobal
¼ Exs ;ct ½DglobalðGðxs; ctÞ; ctÞ � 1�2; ð5Þ

LGlocal
¼ Eoxt ;ct ½Dlocalðoxt ; ctÞ � 1�2; ð6Þ

LDglobal
¼ Ef t ;ct Dglobalðf t ; ctÞ � 1

� �2

þ 1
2 ðExs ;ct DglobalðGðxs; ctÞ; ctÞ

� �2

þ 1
2 ðEf t ;cs Dglobalðf t ; csÞ

� �2

þExs ;ct ½Dglobalðxs; ctÞ�2ÞÞ;

ð7Þ

LDlocal
¼ Eoft ;ct ½Dlocalðoft; ctÞ � 1�2

þ 1
2 ðEoxt ;ct ½Dlocalðoxt; ctÞ�2

þ 1
2 ðEoft ;cs ½Dlocalðoft ; csÞ�2

þEoxs ;ct ½Dlocalðoxs; ctÞ�2ÞÞ;

ð8Þ

where oft;oxt and oxs respectively represent the central part of
f t;Gðxs; ctÞ, and xs. And klocal is the penalty coefficient for the authen-
ticity of the face center.

3.4.2. Identity loss
Without ground-truth supervision, we cannot ensure generated

images well preserve the identity of inputs. Thus, it is necessary to
introduce an identity loss. Considering that l1-norm can encourage
less ambiguous results [64], we choose it for defining our identity
loss. The objective of identity loss Lid can be formulated as follows:

Lid ¼ Exs ;ct ;cs ½jjGðGðxs; ctÞ; csÞ � xsjj1�: ð9Þ
3.4.3. Attention loss
Minimizing the adversarial loss and identity loss can make the

attention mask M easily saturate to 1, leading to xs = G(xs; ct). In
such a case, the generator will have no effect. To prevent this, we
regular the position attention mask M with a l2-weight penalty.
To further suppress artifacts, we perform a total variation regular-
ization over M. The attention loss thus takes the form as:

Latt ¼ ktvExs ;ct ½
XH;W

i;j

½ðMiþ1;j �Mi;jÞ2 þ ðMi;jþ1 �Mi;jÞ2��

þExs ;ct ½jjMjj2�;
ð10Þ
Table 5
Numbers of training and test images on MORPH and CACD.

MORPH

Age Group 30- 31–40 41–50

Number of Training Images 13,106 11,553 8,408
Number of Test Images 3,007 3,689 2,123
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where ktv is a penalty coefficient, M ¼ GMðxs; ctÞ, and Mi;j is the i; j
element of M.

3.4.4. Overall loss function
The total loss function L is built by linearly combining all the

losses mentioned above. It can be written as follows:

LG ¼ kganðLGglobal
þ klocalLGlocal

Þ þ kidLid þ kattLatt;

LD ¼ LDglobal
þ klocalLDlocal

;
ð11Þ

where kgan; klocal; kid and katt are hyperparameters for balancing dif-
ferent losses.
4. Experiments

4.1. Dataset

Our experiment selects three datasets to test our method’s
performance.

MORPH [42], which includes approximately 13k individuals,
contains 55k color images with age, gender, and ethnicity informa-
tion. Images from MORPH are captured under uniform and moder-
ate illumination with a simple background. And faces have near-
frontal poses and neutral expressions.

CACD [5] contains 163k images of 2k celebrities, with ages
ranging from 16 to 62. Compared to MORPH, images from CACD
are obtained in more complex environments, showing variations
in pose, illumination, make-up, and expression. Note that these
images are downloaded from the internet through the Google
search engine. Therefore, mismatches between faces and corre-
sponding labels pose a challenge for facial age synthesis.

FG-NET [20] contains only 1,002 images from 82 people with
ages ranging from 0 to 69. It is generally used for a fair comparison
with previous work.

4.2. Implementation details

Faces are cropped and aligned to 256� 256 according to five
facial landmarks detected by multi-task cascaded convolutional
networks (MTCNN) [59]. To further improve image generation
and make our model more robust, we delete some unmatched
images, such as age label mismatching and identity label mis-
matching. Finally, we get a total of 43,916 images from MORPH
and 151,201 images from CACD. Following previous studies
[25,57,32], we divide all faces into four age groups, i.e., 30-, 31–
40, 41–50, and 51+. 4/5 of the data is randomly selected for train-
ing, and the rest is utilized for test. The number of faces in the
training set and test set on MORPH and CACD is shown in Table 5.

All models are trained by choosing Adam [19] with
b1 ¼ 0:5; b2 ¼ 0:999 and learning rate lr ¼ 1� 10�4 to be the opti-
mizer of the generator G and discriminator D. The batch size is set
to 8. For data enhancement, we flip images horizontally with a
probability of 0.5. We update the discriminator every two times
we update the generator. As for trade-off parameters, we empiri-
cally set kgan ¼ 500; klocal ¼ 4; kid ¼ 10; katt ¼ 0:1, and ktv ¼ 1e� 4.
On MORPH and CACD, we train the models with 50,000 and
90,000 iterations, respectively. And it takes about 56 min per 10k
CACD

51+ 30- 31–40 41–50 51+

2,419 37,461 31,537 30,088 21,961
611 9,436 8,671 6,743 5,304



Fig. 4. Age progression results on MORPH and CACD. For each subject, the first column is the input face, and the remaining four columns denote the corresponding
synthesized face under 30, 31–40, 41–50, and 51+ years old, respectively.
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iterations. All experiments are conducted on an NVIDIA TITAN RTX
GPU.
4.3. Qualitative results

Sample results are provided to make a qualitative evaluation.
Besides, to show the superiority of our method, we further make
a comparison with the existing methods.

Visual Fidelity: Age progression results are presented in Fig. 4,
while age regression results are shown in Fig. 5. For each figure, (a)
and (b) are the results on MORPH and CACD, respectively. For each
subject, the first column is the input face, and the following four
are synthesized faces corresponding to the age group 30-, 31–40,
41–50, and 51+ years old, respectively. As observed, from 30 to
50 years old, the main perceptible change is skin aging. Wrinkles
become deeper, skin thinner and duller. And the hairline gradually
rises. Besides, the hair may turn gray over 50. More results can be
found in appendix.

Comparison with Prior Work: To make a fair comparison with
prior work, we conduct testing on FG-NET with CACD as the train-
ing set. Six methods [45,51,63,57,25,24] are considered as the con-
trol methods. As shown in Fig. 6, ghost artifacts can be observed in
the results of [45,51]. And faces synthesized by [63] are over-
smooth. Compared with recent GAN-based approaches
[57,25,24], our method can generate more subtle aging details
(e.g., the hair of the woman in the first row gets gray). Overall,
our method can improve the quality of the generated aging details
while bringing less color distortion.
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4.4. Quantitative results

We apply age progression on faces under or equal to 30 years
old on MORPH and CACD, synthesizing their corresponding faces
in the other three age groups, to quantitatively evaluate the perfor-
mance of face aging. For the evaluation of visual fidelity, we resort
to the inception score (i.e., IS) to quantitatively evaluate how real
the synthesized faces are. The results are given in Table 6. We
report both mean and standard deviation in Table 6. Note that
the higher the inception score is, the more photo-realistic the syn-
thesized faces are. From the results, we can conclude that our
method can synthesize photo-realistic faces.

There are two underlying requirements of facial age synthesis,
i.e., aging accuracy and identity permanence. Thus, we then calcu-
late the metrics of aging accuracy and identity preservation. To
make a fair comparison with the previous work [63,25,57,53], all
metrics for quantitative analyses are computed based on the online
face analysis tools Face++. Note that the results of [63,25] are
directly reported in [32,57] in their paper, and [53] in [33].

Aging Accuracy: Following PAG-GAN [57], we estimate ages of
both real faces and synthesized faces by Face++ to assess the per-
formance on age translation accuracy. For each age group, the
smaller the difference between the ages of synthesized faces and
the ages of real faces is, the better the performance is. In other
words, we expect a face aging model whose synthesized faces have
ages close to real faces. To make a clearer comparison with other
state-of-the-art methods, we further show the difference (i.e., age
deviation from ages of actual faces) in Table 7. Following PAG-
GAN, we use faces under or equal to 30 as test samples. And gen-



Table 6
Quantitative results computed with IS on MORPH and CACD.

Input Faces (Real) Aged Faces (Synthesized)

Age Group 30- 31–40 41–50 51+

MORPH 2.31 � 0.12 2.27 � 0.09 2.19 � 0.08 2.09 � 0.07
CACD 2.90 � 0.11 2.72 � 0.10 2.64 � 0.09 2.60 � 0.08

Fig. 5. Age regression results on MORPH and CACD. For each subject, the first column is the input face, and the remaining four columns denote the corresponding synthesized
faces under 30, 31–40, 41–50, and 51+ years old, respectively.

Fig. 6. Comparison with prior work CDL [45], RFA [51], CAAE [63], GLCA-GAN [25], PAG-GAN [57], WaveletGAN [24].
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Table 7
Age estimation results obtained by Face++ on MORPH and CACD.

MORPH CACD

Age Group 30- 31–40 41–50 51+ 30- 31–40 41–50 51+

Real Faces 28.69 38.80 47.75 58.14 30.32 38.04 46.51 54.07
Generated Faces – 38.47 46.37 58.04 – 35.43 47.65 54.04
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erated faces are their corresponding synthesized faces in the other
three age groups (i.e., 31–40, 41–50, 51+). It can be seen in Table 7
that the estimated age distributions are well-matched with the real
distributions in all age groups. We also compare the proposed
method with the previous work [63,25,53,57] in terms of devia-
tions between mean ages to validate the superiority. Table 8 shows
the comparison results, in which the smallest and second smallest
age deviations in each age group are marked in and , respec-
tively. We can see that our proposed method can achieve impres-
sive results on MORPH. On the CACD database, PAG-GAN shows a
little better performance than ours in aging effect generation. Their
specially designed pyramid discriminator might contribute to this.
However, this structure needs more training time. Taking the train-
ing on Morph as an example, our method takes approximately 5 h
when running 50000 iterations, while PAG-GAN needs 8 h. In addi-
tion, we achieve better results than PAG-GAN in identity preserva-
tion on both MORPH and CACD, which is shown in Table 9. Finally,
our approach does not need any pre-trained models, while PAG-
GAN needs a pre-trained VGG model [46].

Identity Preservation: We conduct face verification experi-
ments to measure the similarity between real faces and their cor-
responding synthesized faces in the other three age groups. There
Table 8
Age deviation from ages of real faces on MORPH and CACD (in absolu
respectively marked in and .

Table 9
Face verification confidence obtained by Face++ on MORPH and CACD.

MORPH

Age Group 31–40 41–50 51

30- 94.36 93.00 87
31–40 – 95.09 93
41–50 – – 92

Table 10
Face verification rate (%) obtained by Face++ on MORPH and CACD (threshold = 76.5,FAR

MORPH

Age Group 31–40 41–50

CAAE [63] 15.07 12.02
GLCA-GAN [25] 97.66 96.67
IPC-GAN [53] 100.00 100.00
PAG-GAN [57] 100.00 98.91
Ours 100.00 100.00
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are two main evaluation metrics: the face verification confidence
and face verification rate. The higher the face verification confi-
dence is, the more similar the two faces are. Table 9 shows the face
verification confidence results. As the time interval between two
age groups increased, aging brings more changes in facial appear-
ance naturally. Consequently, the verification performance
decreases gradually. The higher the face verification rate is, the
better the identity preservation is. We report TAR@FAR ¼ 1e� 5
with a threshold of 76.5 and compare our results with the previous
work [63,25,53,57] in face verification rates. According to the
results shown in Table 10, we can conclude that our method
achieves the state-of-the-art performance in identity preservation.
Note that [53] also performs well in preserving identity, but the
signs of aging are not obvious enough.
4.5. Ablation study

We select faces below or equal to 30 years old on MORPH as
testing samples, synthesizing faces in all age groups. Qualitative
and quantitative studies are performed to explore the contribu-
tions of the proposed components.
te value). The smallest and the second smallest age deviation are

CACD

+ 31–40 41–50 51+

.04 94.09 91.60 91.26

.54 – 95.43 93.16

.42 – – 94.09

= 1e�5). Better results are in bold.

CACD

51+ 31–40 41–50 51+

8.22 4.66 3.41 2.40
91.85 97.72 94.18 92.29
99.48 100.00 97.95 97.36
93.09 99.99 99.91 98.28
97.80 99.98 99.96 99.56



Fig. 7. Ablation study results of attention modules on MORPH. There are some notations: CA: channel attention, M: the attention mask GM , SE: the Squeeze and Exitation
block [15], CBAM: the convolution block attention module [54].

Table 11
Age deviation from ages of real faces (in absolute value) obtained by Face++ on MORPH. There are some notations: CA: channel attention modules, M: the position attention mask
M, Local D: the local discriminator.

Age Group 30- 31–40 41–50 51+

w/o CA 3.05 1.59 2.33 1.22
w/o M 3.22 2.38 0.90 4.88
w/o CA and M 3.38 7.27 8.52 9.34
SE [15] 5.01 6.17 2.27 0.72
CBAM [54] 5.28 3.59 0.20 0.42
w/o Local D 4.50 7.59 7.20 5.60
w/o shortcut connection 5.88 6.15 4.01 2.70
w/o identity loss 0.33 1.46 3.86 8.58
w/o age condition to D 14.58 5.40 2.95 13.02
Ours 0.35 0.33 1.38 0.10
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4.5.1. Contribution of attention modules
We mainly analyze the contribution of the proposed attention

modules from two aspects. On one hand, we exploit the gain of
attention modules. On the other hand, we replace our attention
modules with previous channel attention modules and compare
the results to verify the proposed method’s superiority. Visual
illustrations are given in Fig. 7. For each subject, the first column
is the input face whose age is 30-, and the following four are the
synthesized counterpart in the age group 30-, 31–40, 41–50, and
176
51+, respectively. Corresponding quantitative results are reported
in Table 11.

We experimentally explore the gain of attention modules.
Without the channel attention module, the texture of the synthe-
sized is over-smooth. And undesired freckles appear near cheeks.
Without the attention mask, even though changes in hair, beard,
and pouch are obvious, ghost artifacts might appear either. With-
out these two attention modules, synthesized faces may be
blurred. In contrast, our model can generate the most visually



Fig. 8. Ablation study results of the local discriminator on MORPH. There is a notation: local D: the local discriminator.

Table 12
Age deviation from the ages of real faces (in absolute value) obtained by Face++ on
MORPH under different values of katt .

Age Group 30- 31–40 41–50 51+

0.01 4.36 4.66 4.71 4.78
0.1 (selected) 0.35 0.33 1.38 0.10
1 3.17 2.53 0.36 3.37

Table 13
Age deviation from the ages of real faces (in absolute value) obtained by Face++ on
MORPH under different values of klocal .

Age Group 30- 31–40 41–50 51+

0.4 2.62 6.83 5.61 7.34
4 (selected) 0.35 0.33 1.38 0.10
40 1.75 8.49 9.23 3.99

Fig. 9. Age progression results on MORPH and CACD. For each subject, the first column is the input face, and the remaining four columns denote the corresponding
synthesized faces under 30, 31–40, 41–50, and 51+ years old, respectively.
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Fig. 10. Age regression results on MORPH and CACD. For each subject, the first column is the input face, and the remaining four columns denote the corresponding
synthesized faces under 30, 31–40, 41–50, and 51+ years old, respectively.

X. Chen, Y. Sun, X. Shu et al. Neurocomputing 451 (2021) 167–180
plausible results. It can illustrate that both attention modules can
encourage the aging effect generation, making the synthesized
faces more visual plausible. And the same conclusion can be drawn
from Table 11.

To further verify the superiority of our proposed attention mod-
ule, the proposed attention modules are replaced by previous
channel attention modules, such as the Squeeze and Excitation
block (SE) [15] and the convolution block attention module (CBAM)
[54]. On one hand, we replace the channel attention module with
SE. As can be seen, synthesized results are inaccurate (much
younger than expected). Notably, the textures of the synthesized
faces in the age group 31–40 are over-smooth. Furthermore, the
aged face of the fourth group seems to have lost the personality
feature. On the other hand, we replace the proposed attention
module with CBAM. Although signs of aging are obvious, from
Table 11, quantitative results show that aging details in the 1st

two age groups are wiped out. Our results are better than these
above attention modules in visual quality and aging accuracy.
The reason may be that, based on SE, our channel attention mod-
ules further consider the max-pooling to enhancement discrimina-
tive features representation capability. Besides, the attention mask
regressed by the generator can also make the network focus on
regions highly related to aging while introducing a few additional
parameters.

4.5.2. Contribution of the local discriminator
In theory, the inner face contains more informative features

than the outer face. Thus, Dlocal can force the synthesized face to
be more realistic and have expected aging characteristics within
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the central face region. We investigate the impact of including/ex-
cluding the local discriminator on the proposed method. We
remove the local discriminator Dlocal by setting klocal ¼ 0 and keep-
ing the rest of the settings unchanged. Visual comparison results
are shown in Fig. 8. To highlight these differences, we mark the
region where the contrast is clear with a red circle. It can be seen
that, when Dlocal is excluded, some important details (e.g., identity)
may be lost. Table 11 shows the quantitative results. Without Dlocal,
the method achieves much lower age translation accuracy than our
proposed method. According to these qualitative and quantitative
results, we can conclude that the local discriminator can encourage
a more accurate age translation.

4.5.3. Contribution of other components
Note that the ablation study about attention mechanisms and

the local discriminator has already been conducted. In the revised
manuscript, we investigate the contribution of other components
(i.e., shortcut connection between xs and GI , identity loss, and
age condition to the discriminator D) on ACGAN. Quantitative
results are presented in Table 11. According to the table, the aging
effect of synthesized faces gets inaccurate if removing any one of
them. On the contrary, our proposed method achieves better
performance.

4.6. Analysis of hyperparameters

Note that kgan; ktv and kid are the hyperparameters that com-
monly used in previous GAN-based facial age synthesis work. We
thus examine only katt and klocal (i.e., our proposed modules) to



X. Chen, Y. Sun, X. Shu et al. Neurocomputing 451 (2021) 167–180
see whether the performance is sensitive to them. Specifically, we
set different values for both parameters and assess the perfor-
mance using aging accuracy. We report the results in Tables 12
and 13. From the experimental results, we can see that the perfor-
mance is sensitive to katt and klocal.

5. Conclusion and future directions

In this paper, we propose an attention-aware conditional gener-
ative adversarial network (ACGAN) for facial age synthesis. Specif-
ically, channel attention is first employed to enhance the
discrimination ability of the latent feature representation. A posi-
tion attention mask is then regressed, which allows the network
to focus on regions highly relevant to face aging. Apart from the
regular global discriminator, a local discriminator is employed. It
can encourage the generator to generate rich details within the
face center region. And experimental results on MORPH, CACD,
and FG-NET confirm the effectiveness of the proposed method in
facial age synthesis.

Although the proposed method can synthesize faces with
photo-realistic aging effects, there is room for improvement. These
methods can not well handle young face aging where craniofacial
growth and development are more dominant than skin aging. Thus,
children aging will be our main research direction in the future.
Besides, since we do not consider the interrelationship among
ages/age groups, our proposed approach is vulnerable to noisy
age labels. Inspired by [28], we would take this issue as a consider-
ation to further reduce age gaps.
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Appendix A

More experimental results on MORPH and CACD are listed in
Figs. 9 and 10. For each figure, (a) and (b) are the results on MORPH
and CACD, respectively. For each subject, the first column is the
input face, and the following four are synthesized faces in the
age group 30-, 31–40, 41–50, and 51+ years old, respectively.
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