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ABSTRACT

Deep learning has powered many face related tasks and shown
state-of-the-art performance. However, existing deep model-
s are often trained separately for different problems, which
results in heavy computational burden. To address this prob-
lem, we propose a novel multi-task network with fully convo-
lutional architecture—Hierarchical Multi-task Network (HMT-
Net), that simultaneously recognizes a person’s gender, race
and facial attractiveness from a given portrait image. Aiming
to improve the robustness to outliers in facial beauty predic-
tion task, a novel loss is introduced into HMTNet. Compared
to existing deep approaches, the proposed HMTNet achieves
state-of-the-art performance on several datasets, and it can
learn more discriminative feature representation through joint
training and feature aggregation. Extensive experiments evi-
dence the effectiveness of HMTNet.

Index Terms— Deep learning, multi-task learning, hier-
archical multi-task neural network (HMTNet), facial beauty
prediction, race recognition, gender recognition

1. INTRODUCTION

Facial beauty prediction (FBP) has been extensively studied
in recent decades [1, 2, 3]. With the popularity of social
networks services (SNS) (like Facebook and Instagram) and
short video platforms (like TikTok and Musical.ly). FBP
gains increased attention in both academic and industrial
fields [4, 5, 6].

Previous works [7, 3, 1] indicate that data-driven models
can be used to automatically learn facial attractiveness. In-
spired by the success of deep convolutional neural network-
s (DCNN) [6, 8, 9] in computer vision (e.g., object detec-
tion [10, 11], visual tracking [12, 13], semantic segmenta-
tion [14, 15], etc.), face related tasks have witnessed many
great achievements in recent years. However, due to the di-
verse poses, facial expression, low resolution and illumina-
tion problems, it remains challenging to develop an accurate
model for precisely predicting facial attractiveness levels.
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Deep models are often data-hungry and parameter-heavy,
which make them easy to stuck in overfitting. HMTNet can
overcome these problems by learning from three relevant but
different tasks, which greatly solves the dilemma of scarce
training datasets for all related tasks. In addition, HMTNet
is a kind of fully convolutional neural network [15], which is
more light-weighted and needs less computational resource
to train than its counterparts with fully connected layers.
Furthermore, conventional regression models using mean
squared error (MSE) loss are easily influenced by outliers.
We introduce Smooth Huber Loss to effectively solve this
problem.

HMTNet is mainly composed of three parts: shared fea-
ture layers for learning universal representations, feature ag-
gregator to form more discriminative representations by fus-
ing deep features from multi-level layers, branched layers for
diverse recognition tasks (race, gender and facial beauty).

The main contributions of this paper are as follows: (1)
We propose a novel fully convolutional network named HMT-
Net, to simultaneously recognize human gender, race and
facial beauty with state-of-the-art performance on relevent
benchmark datasets [16, 17]. (2) We introduce an effec-
tive loss function named “Smooth Huber Loss” in FBP task,
which is more robust to outliers and yields better results than
traditional MSE loss, L; loss and Smooth L; loss widely
used in regression problems. (3) The transferability of the
jointly learned features is studied during our experiments. (4)
Through detailed analysis and visualization of deep features,
we reveal the most significant elements for facial beauty
perception.

2. RELATED WORKS

2.1. Facial Beauty, Race and Gender Recognition

Facial beauty prediction has attracted much attention recent-
ly [6, 8, 17, 7, 4]. Conventional methods extract geome-
try features, color features, and texture features to represen-
t a face and train supervised models to predict facial beau-
ty [7, 2]. However, due to the limited representation pow-
er of hand-crafted features, they fail to achieve satisfacto-
ry performance on larger datasets. Since deep learning has
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boosted many computer vision tasks [18, 19, 20], researcher-
s pay more attention to DCNN. Gray et al. [8] propose a
CNN-based method and achieve a Pearson Correlation (PC)
of 0.425 on the challenging Hot-or-Not dataset [8]. Xu et
al. [6] achieve a PC of 0.87 on SCUT-FBP [17] dataset with
their proposed PI-CNN. Rothe et al. [4] introduce a collab-
orative filtering method for preference prediction. Race and
gender recognition are widely used among biometric appli-
cations [21]. But previous works pay little attention to the
relation of these tasks and feature transferability.

2.2. Multi-task Learning

Despite the quite promising performance of DCNN, the mod-
els should be designed and trained separately according to
variant tasks. Multi-task learning (MTL) [22, 23, 24] have
aroused increased attention in recent years. HyperFace [22]
can conduct pose estimation, face detection, facial landmark-
s localization, and gender recognition in one neural network
with very promising results. MTCNN [23] can be used for fa-
cial landmarks localisation and face detection simultaneously.
Diffrent from previous MTL models, HMTNet is a MTL
model with fully convolutional architecture. Instead of s-
plitting the branches for individual subtasks in same layer-
s [22, 23, 24], we split the branches from different level layers
according to the learning difficulty of decision boundaries.

3. PROPOSED METHODS

Previous studies [24, 22] indicate that low-level features are
more general and can be shared among other tasks, despite
being guided by different loss functions. HMTNet is a MTL
model with fully convolutional architecture. Compared with
MTCNN [23], which needs to be trained sequentially. HMT-
Net follows an absolutely “end-to-end” fashion, and the opti-
mization objects of individual sub-tasks are optimized jointly,
which is more convenient for both training and deployment.

The overall architecture of HMTNet is illustrated in
Fig. 1, and the detailed architecture of GNet and RNet are list-
ed in Table 1. To the best of our knowledge, we are the first to
adopt multi-task model with fully convolutional architecture
in FBP task.

Table 1. Architecture of GNet and RNet. GNet is branched
after relu3, and RNet is branched after relu5 in HMTNet (see
Figure 1). The input to GNet/RNet is 13 x 13 x 512. Batch-
Norm and ReLU layers are not shown for simplicity.
Architecture of GNet & RNet

Conv (In=512, Out=256, Kernel=3, Stride=1, Pad=0)
Conv (In=256, Out=128, Kernel=3, Stride=1, Pad=0)
Max Pooling (3)

Conv (In=128, Out=2, Kernel=1, Stride=2)

Global Average Pooling

3.1. Feature Aggregator

Feature aggregator can form more discriminative representa-
tion by aggregating features from different layers for diverse
recognition tasks. In this paper, we adopt two kinds of feature
aggregation methods named average aggregation and depth-
wise concatenate aggregation. The former constructs richer
representation by averaging feature maps from different lay-
ers, which contain both low-level and high-level information.
While the latter forms more informative features by concate-
nating feature maps with same dimensions. Equation 1 and
Equation 2 describes “average aggregation” and “depth-wise
concatenate aggregation”, respectively. In our experiments,
we find average aggregation yields better performance than
depth-wise concatenate aggregation (0.8783 VS 0.8706).

C
1
favg = E E fmia fmiafavg € RthXC (1)
i=1

fconcat = fml ®®fmC7 fconcat € RthXCXC (2)
where C represents the number of feature map channels, fm;
represents the i-th feature map, w, h and c represent the width,
height and channel of the feature map. ® represents concate-
nate operator. fo.4 stands for averaged aggregation feature,
and feoncar Stands for concatenated aggregation feature.

3.2. Branched Layers

HMTNet follows a MTL mode, which indicates that HMT-
Net can simultaneously perform multiple tasks with a single
model. Existing multi-task models often reuse the features in
the last layers directly [22, 24, 23]. However, we take a dif-
ferent fashion for branch strategy. Namely, the sub-networks
for relative easier tasks are branched out in relative lower lay-
ers and embed coarser information, while the sub-networks
for difficult tasks are branched out in relative higher layers.
The advantages of this strategy is that we can not only form
more informative and richer representations, but also reduce
the computational burden as well.

3.3. Optimization Object

Gender Recognition. We adopt GNet for gender recognition.
Gender classification is treated as a binary classification (male
VS female) problem in our experiments. GNet is branched
out from lower layers, cross entropy is used as the loss:

Lossy = —g - log(g) — (1 —g) - log(1 — ) 3)

where g denotes the groundtruth label, and ¢ denotes the pre-
dicted value by GNet.
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Fig. 1. Overall architecture of HMTNet. RNet (Race Network) and GNet (Gender Network) are used to recognize the race and
gender, respectively. ANet (Attractive Net) is utilized to predict the facial attractiveness score. Lower layers can are shared
among three sub-networks. All the layers are fully convolutional, and all three branched layers are trained jointly.

Race Recognition. We adopt RNet for race recognition
task. Softmax loss is adopted as the loss:

Loss, = — Z rilog(7;) 4

where 7; and 7; represent groundtruth label and predicted la-
bel of image i, respectively.

Facial Attractiveness Prediction. We adopt ANet for fa-
cial attractiveness prediction task. We introduce a new loss
function for solving FBP task, which is called “Smooth Hu-
ber Loss”. It follows a Huber fashion, but it’s smoother when
the loss is Smooth Huber Loss, and is more robust to outliers,
which is discussed in details later in ablation analysis (4.5).

Loss, — {Zi log(3(e =% +¢% ™)) iflai — il <5
> lai — ag) otherwise
(&)
where a denotes the predicted value, a; denotes the groundtruth
facial beauty score of image x;. We set § = 0.6 in our exper-
iments.

Having defined specific loss functions for diverse sub-
tasks. The total loss function is computed as the weighted
sum of individual loss functions:

Lossq = Z oy Loss; 6)

te{g,r,a}

where ¢ denotes t" task in T = {g,r,a}, the hyper param-
eters o, denotes the importance of each task ¢ in the overall
optimization object Lossqy. Weset g = o = 1 and o = 2
in our experiments.

4. EXPERIMENTS

4.1. Datasets and Performance Metric

We conduct experiments on the newly proposed SCUT-
FBP5500 [16] and SCUT-FBP [17] datasets to verify the
effectiveness of our proposed method. SCUT-FBP5500 [16]
contains 5500 portraits with diverse attributes (race, gender
and attractiveness scores within a range of [1, 5]). Each image
is labeled by 60 volunteers, and the average score is used as
the groundtruth to remove personal preference bias. In addi-
tion, we also perform experiments on SCUT-FBP [17] dataset
to verify the feature transferability of multi-task training.

Mean absolute error (MAE), root mean squared error
(RMSE) and Pearson Correlation (PC) are used as perfor-
mance metrics on SCUT-FBP5500 [16]. PC is adopted as
measurement on SCUT-FBP [17] dataset. Furthermore, to
measure the performance of HMTNet on race and gender
recognition tasks, we define Acc, and Acc, as the accuracy
of race and gender recognition, respectively.

4.2. Implementation Details

We implement our method with PyTorch on NVIDIA P100 G-
PU. During our experiments, we randomly crop the 224 x 224
patchs from an input image with a shorter size of 227. Be-
sides, random rotation with a angle within 30°, and color jit-
ter are also applied for data augmentation [18]. We use batch
normalization [25] to accelerate model training. HMTNet is
trained with SGD algorithm for 170 epochs, weight decay and
batch size are set as 0.05 and 32, respectively. The learning
rate starts from 0.001 and is divided by 10 per 50 epochs.

4.3. Experimental Results

Table 2 shows the performance comparison with other model-
s. Since SCUT-FBP5500 [16] is a newly released benchmark,
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few models have been proposed yet. We compare HMTNet
with baseline models reported in [16] and reimplemented CR-
Net [26] in FBP with same deep learning framework and pa-
rameter settings for fair comparison. HMTNet achieves state-

Table 5. Performance comparison on SCUT-FBP.

of-the-art performance.

Table 2. Performance comparison on SCUT-FBP5500.

Model MAE | RMSE PC
AlexNet [18, 16] 0.2938 | 0.3819 | 0.8298
ResNet-18 [19, 16] | 0.2818 | 0.3703 | 0.8513
ResNeXt-50 [20, 16] | 0.2518 | 0.3325 | 0.8777
CRNet [26] 0.2835 | 0.3677 | 0.8558
HMTNet (Ours) 0.2501 | 0.3263 | 0.8783

Methods PC
Combined Features+Gaussian Reg [17] | 0.6482
CNN-based [17] 0.8187
Liu et al. [27] 0.6938
KFME [28] 0.7988
RegionScatNet [5] 0.83
PI-CNN [6] 0.87
CRNet [26] 0.8723
Ours 0.8977

4.4. Ablation Analysis

Effects of Multi-task Joint Training. Table 3 shows per-
formance on three tasks with or without jointly training, re-
spectively. It demonstrates that multi-task joint training in
HMTNet gains performance improvement over three tasks.

Table 3. Evaluation on joint training.

With Joint Training Without Joint Training
Ace, Aceg PC Ace, Accy PC
99.26% 98.16% 0.8783 | 98.62% 97.56% 0.8616

Effects of Smooth Huber Loss. We compare our Smooth
Huber Loss with other widely used loss functions in FBP task
(such as MSE, L loss, Smooth L; loss). Other experimental
settings are kept unchanged for fair comparison. Smooth Hu-
ber Loss achieves the best, which reveal the effectiveness of
the newly adopted loss function.

Table 4. Evaluation on different loss functions.

3.16 3.20 2.84

1.75 1.85 1.58
predicted facial attractiveness score
groundtruth facial attractiveness score

Fig. 2. Precisely predicted (the 1st row) and imprecisely pre-
dicted images (the 2nd row) by HMTNet.

are more accurate than those with unattractive faces. From
Fig. 3 we can see that eyes play a significant role in facial
beauty perception. The fashionable hairstyle also contribute
to beauty impression.

Loss Function MAE | RMSE PC
MSE Loss 0.2556 | 0.3372 | 0.8693
L1 Loss 0.2500 | 0.3299 | 0.8753
Smooth Ly Loss 0.2531 | 0.3313 | 0.8738
Smooth Huber Loss | 0.2501 | 0.3263 | 0.8783

Effects of Feature Transferability on Multi-task Train-
ing. In addition to verifying the effectiveness on SCUT-
FBP5500 [16], we also conduct experiments on another
dataset [17]. We treat the pretrained HMTNet as a feature
extractor (after reluS), and train a simple ridge regressor, our
transferred HMTNet achieves state-of-the-art performance on
[17] (see Table 5). It indicates that our HMTNet does learn
more discriminative representations via multi-task training.

Deep Feature Visualization. We list both precisely pre-
dicted and imprecisely predicted images in Fig. 2. Surpris-
ingly and interestingly, HMTNet seems to show more bias on
attractive faces since the predicted values of attractive faces

Fig. 3. Deep feature visualization learned by HMTNet,
lighter denotes higher intensity. Attractive faces (the 1st row);
Unattractive faces (the 2nd row). Eyes play a significant part
in facial beauty perception.

5. CONCLUSIONS AND FUTURE WORKS

In this paper, we propose a novel multi-task network with ful-
ly convolutional architecture named HMTNet, to simultane-
ously recognize a person’s gender, race and facial beauty s-
core with very promising results. Detailed exploration about
facial beauty perception and feature transferability via multi-
task training are also discussed.
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