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Self-correcting noise labels for facial beauty prediction

Gan Junying* , Wu Bicheng, Zhai Yikui, He Guohui, Mai Chaoyun, Bai Zhenfeng
Department of Intelligent Manufacturing, Wuyt University, Jiangmen 529020, China

Abstract; Objective Human facial beauty prediction is the research on how to make computers have the ability to judge or
predict the beauty of faces similar to humans. However, deep neural networks based facial beauty prediction has challenged
the issue of noisy label samples affecting the training of deep neural network models, which thus affects the generalizability
of deep neural networks. Noisy labels are mislabeled in the database, which usually affect the training of deep neural net-
work models, thus reduce the generalizability of deep neural networks. To reduce the negative impact of noisy labels on
deep neural networks in facial beauty prediction, a self-correcting noisy label method was proposed, which has the features
of selection of clean samples for learning and full utilization of all data. Method Our method is composed of a self-training

teacher model mechanism and a re-labeling retraining mechanism. First, two deep convolutional neural networks ( CNNs)
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are initialized with the same structure simultaneously, and the network is used as the teacher model with stronger generaliza-
tion ability, while the other network is used as the student model. The teacher model can be arbitrarily specified during ini-
tialization. Second, small batches of training data are fed to the teacher and student models both at the input side together.
The student model receives the sample number and finds the corresponding sample and label for back-propagation training
until the generalization ability of the student model exceeds that of the teacher model. Then, the student model shares the
optimal parameters to the teacher model, i. e. , the original student model becomes the new teacher model, where it is
called the self-training teacher model mechanism. After several iterations of training, small batches of data are fed into the
teacher model with the strongest generalization ability among all previous training epochs, and its prediction probability of
each category is calculated. If the maximum output probability predicted by the teacher model for this data is higher than a
certain threshold of the corresponding output probability of the label, it is considered that the sample label should be correc-
ted. The self-training teacher model mechanism is then iteratively executed utilizing the corrected data, where the process
above is called the relabeling retraining mechanism. Finally, the teacher model is output as the final model. Result The
ResNet-18 model pre-trained on the ImageNet database is used as the backbone deep neural network, which is regarded as
a baseline method with cross entropy as the loss function. The experiments on the large scale facial beauty database ( LSF-
BD) and SCUT-FBP5500 database are divided into two main parts as mentioned below; 1) the first part is performed under
synthetic noise label conditions, i.e. , 10% , 20% , and 30% of the training data are selected from each class of facial
beauty data on the two databases mentioned above, while their labels are randomly changed. The accuracy of the method in
this paper exceeds the baseline method by 5.8% , 4. 1% and 3.7% on the LSFBD database at noise rates of 30% , 20%
and 10% , respectively. The accuracy exceeds the baseline method by 3. 1% , 2.8% , and 2. 5% on the SCUT-FBP5500
database, respectively. Therefore, it is demonstrated that our method can reduce the negative impact of noisy labels under
synthetic noisy label conditions. 2) The second part is carried out on the original LSFBD database and the original SCUT-
FBP5500 database, and our method exceeded the prediction accuracy of the baseline method by 2. 7% and 1.2% on the
original LSFBD database and the original SCUT-FBP5500 database, respectively. Therefore, our demonstrated illustration
can reduce the negative impact of noise labels under the original data conditions. Conclusion Our proposed method of self-
correcting noise labels can reduce the negative impact of noise label in human facial beauty prediction in some extent and
improve the prediction accuracy based on the LSFBD and SCUT-FBP5500 databases under synthetic noisy label circum-
stances, the original LSFBD and SCUT-FBP5500 facial beauty databases, respectively.

Key words: deep leamning; noise labels; facial beauty prediction; characteristics classification; deep neural networks
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Fig.2  Schematic diagram of the mechanism of

self-training teacher model
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Fig.3 Face images in LSFBD database
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Table 1 Comparison of classification accuracy with various noise rates among

different methods on synthetic noise label databases
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W 7 25 2 5 12 - . . -
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self-cure network ( Wang %5 ,2020) 58.9 57.3 56. 1 73.9 73.3 71.8
FI 20 IEME S R4S (A 30) 60. 1 58.4 57.8 75.3 74.8 72.9

T L7 SRR % 81 el 4

MR 2RI N AR SO VA RO BT &, Han 55 A
(2018) Fl Wang 45 A (2020) A4 /772 B e 1 3L i 5
2 ABAT b 8 T A SO
2.3 ETHEBEEERXR

Ry i — 2 IR H 2] I M AR A T 1 AR A

FE RS LSFBD ¥ )& Al JE #f SCUT-FBP5500 #4%
JE (AT N T A e bR 2 ) B T an s, B
FERYEE LSFBD %4 %2 Fl SCUT-FBP5500 $5 4 4 Aif
SR 3 G i 7 A N Sk PR3 A R SRR A, R
SRAE 6 JIE B2 A1 3K 46 T ATh FT RE AF AE /D B RS bR



g27E/5F8H1 /2022 F8 B

HE®E, R, ERE, @EE, 8=, AiRE
B EIEE R AR SERFT

2 AR TN ZR AR B0 P A B0 R T 30 R4
B BV 25 554 o A v A7 A 1 R P A 25 i
KT 5 ELE I3 4R v M 75 AR 25 00, WA R IR
LSFBD $ 4 i 1 5L 4 SCUT-FBP5500 %5 412 122 52 36
o AR SO AT SR B T el B SE BRSO, gk 2

JI7R, A 3C U7 35 AR JR 46 LSFBD £ 85 & A A 46
SCUT-FBP5500 %4 22 I 75 ) o 1 3 43 53] i 1 3
W 2.7% M 1.2% . Han 55 A (2018 ) Fll Wang
N (2020) (7515 B AR = T ARy s, (E i
TR,

K2 FARAFEERBEIEENS X EBELL

Table 2 Comparison of classification accuracy among different mothods on the original databases
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Table 3 Comparison on the original LSFBD database
and the LSFBD database with artificially synthesized
30% training set noise labels
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FINZREN B hRAE ESERIES

BOUALE VIZALE ginn LSFBD 41 LSFBD +30% W7

x x 58.1 52.4
X vV 60.0 54.6
vV x 58.6 56.3
VvV vV 60. 8 57.8
TR TR R R BN R R, x FREA M, V F£R

.

x4 AREEBEBRHEEREILL
Table 4 Comparison of classification accuracy with

different threshold intervals

AN fE ] & S ARAEHIR /%
0.2 59.5
0.3 59.9
0.4 60. 4
0.5 60.8
0.6 60. 3
0.7 60.0
0.8 59.8
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