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Weakly Supervised Learning for Acquisition of
Continuous Facial Expression Features

Abstract: Acquisition of facial expression features from images by machine learning is generally done with
supervision, such as using emotional labels that match facial expressions. However, in the supervised setting,
there are problems such as ambiguity of the label due to the subjectivity of the person to the facial expression
and the discrete treatment of continuous facial expressions by giving the label. To solve these problems, we
focus on acquiring continuous facial expression features without using information of facial expression for
training the model. In this paper, we improve the weakly supervised method proposed in ” Separation of the
Latent Representations into Identity and Expression without Emotional Labels” to acquire more effective
facial expression features. The experimental result shows that the proposed method acquire effective facial
expression features and achieve better results than the previous method in each task of image generation and
facial expression recognition.

Keywords: weakly supervised learning, disentangled representation learning, facial expression recognition,
image generation
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Fig. 1 (a) represents overview of the model and (b),(c) shows training steps. (b) shows

the learning identity repsentation stage. In this stage, the ExpressionEncoder

is not update, and reconstruction error is calculated between randomly sampled

image from the same subject’ s image set Trqnd,,

and output. (c) shows the

learning facial expression repsentation stage. In this stage the IdentityEncoder

is not update, and reconstruction error is calculated between input and output
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Fig. 2

(a) represents overview of our model and (b) shows learning step of acquiring

facial expression representation. Discriminator is introduced into the model and

two types of loss functions, Lgan and Lgwitcn, are added.
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Table 1 Results of facial expression recognition.
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input size

train

test

(Dconventional method[4]

@add Lgan

@add Lgan&Lswitch

@add Lgan&Lswitcn (iterate Stage)
®add Lgan&Lswitcn (iterate Stage)
®original VAE

(Doriginal VAE (subtract subject mean)
®C-VAE

64
64
64
64
128
64
64
64

56.33 £ 2.54%
53.46 £+ 2.66%
62.64 £+ 2.48%
64.28 +£ 2.81%
67.95 + 3.71%
38.08 + 1.56%
48.99 £+ 2.76%
59.05 £ 4.23%

49.95 £+ 3.58%
48.10 £+ 3.26%
59.95 + 4.31%
62.83 £ 5.24%
65.92 + 6.65%
22.07 £+ 3.21%
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Table 2 Structure details of encoder.

Type Ksize | Stride | Pad Output

Image data - - - 3 x 64 x 64 (3x128 x128)
convl_1 3x3 2 1 32 X 32 x 32 (32 x 64 x 64)
convl_2 3x3 1 1 32 x 32 x 32 (32 x 64 x 64)
conv2_1 3x3 2 1 64 X 16 x 16 (64 x 32 x 32)
conv2_2 3x3 1 1 64 x 16 x 16 (64 x 32 x 32)
conv3_1 3x3 2 1 128 x 8 x 8 (128 X 16 x 16)
conv3_2 3x3 1 1 128 x 8 x 8 (128 x 16 X 16)
conv4_1 3x3 2 1 256 x 4 X 4 (256 x 8 x 8)
conv4_2 3x3 1 1 256 x 4 x 4 (256 x 8 x 8)
(conv5_1) 3% 3 2 1 (256 x 4 x 4)
(convb_2) 3x3 1 1 (256 x 4 x 4)

average pooling | 4 x 4 1 1 256 x 1 x 1
fe_ p, fe_ o 64

£ 3 FI-XDME
Table 3 Structure details of decoder.

Type Ksize | Stride | Pad Output
latent variable 128
fel 4096
reshape - - - 256 x 4 X 4
deconvl_1 4x4 2 1 128 x 8 x 8
convl 2 3x3 1 1 128 x 8 x 8
deconv2_1 4x4 2 1 64 x 16 x 16
conv2_2 3x3 1 1 64 x 16 x 16
deconv3_1 3x3 2 1 32 x 32 x 32
conv3_2 3x3 1 1 32 x32x 32
deconv4_1 3x3 2 1 16 x 64 x 64
conv4_2 3x3 1 1 16 x 64 x 64
(deconvb_1) 3x3 2 1 (8 x 128 x 128)
(conv5_2) 3x3 1 1 (8 x 128 x 128)
conv6 3x3 1 1 3 X 64 %64 (3x128x 128)

ty b UTHERI N,

Irva—ReTaA-XOMEEThETNEK 2, T 3
AT, FERCR U ST, AJIY 1 XHY 3 x 128 x 128
DOHFIZEINTHWA LA Y —, HAY A XE2ERLTWVWS.
Discriminator D& 1 H J1J8 £ T% Encoder & [lkkE L,
WHEOH T A DAV IRIFTLIZEH L. ET VDR
I A —=RiZ He 5HMRE L 7= T3 [10) 2 AW THIME S
N, BolbFECIE Adam([11] (B = 0.9, 82 = 0.999,0 =
1.0 x 1078 lr = 0.0005) Z W7z, ZFHTKRy 7 8IT*%
NENDAT—V T 100epoch ($RVELZEEEZTS55E
IX 50epoch) &L, FERIITRY 2 ZTL120.95 2F-AL
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Fig. 3 (a) and (b) show the result of facial expression replacement for the training and

test data. The first row shows the data sample for identity factor and leftmost

image represents the data sample for facial expression factor. Each line is the

result of swapping by each method.
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Fig. 4 This figure shows the result of gradually bringing the

facial expression component of the source image closer
to the facial expression component of the target image
by each method.
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