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1 Implementation details

This section describes the hyper-parameters and optimizer of each network in
the proposed PCT system.

1.1 Face Detection Network

We trained the face detection network for 300 epochs in total, and used SGD
optimizer with learning rate decay by 10−1 at 200 and 250 epoch. The momentum
and weight decay of SGD were 0.9 and 5 × 10−4, respectively. The batch size
was 64.

1.2 Glasses Removal Network

We trained the glasses removal network for 200 epochs. We adopted Adam opti-
mizer. The learning rate was 2 × 10−4 and β1 and β2 were set to 0.5 and 0.999,
respectively. The batch size was 1.

1.3 Segmentation Network

We trained the segmentation network for 600 epochs and the batch size was 128.
We used SGD as an optimizer and the initial learning rate was 10−2. We adopted
multi-step learning rate decay by 10−1 at milestone epochs of 80, 200, 360 and
480. The momentum and weight decay were 0.9 and 5 × 10−4, respectively. In
addition, gradient clipping was used to stabilize training.

1.4 Representation Learning Network

We used Adam optimizer for two discriminators and vectorization network. The
learning rate was 10−4. The β1 and β2 of Adam optimizer were set to 0.9 and
0.999, respectively. And the weight decay was 5 × 10−4. Since these networks
were trained with the segmentation network at same time, the total number of
epochs and batch size were same as the segmentation network.
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1.5 Glasses Classifier

We trained the glasses classifier for 200 epochs. We used SGD as an optimizer.
The momentum and weight decay of SGD were 0.9 and 5 × 10−4, respectively.
The learning rate starts at 10−2 and decreases by 10−1 after each 50 epochs.

2 Architectures

This section describes the network architectures we used. In the following figures
the first column of each figure refers to the type of operation to be performed in
each step, and the second column refers to the type of tensor before and after the
operation. Column 3 refers to the stride size and padding size of the convolution
or pooling operations. Finally, column 4 represents the size of the convolution
filter.

Fig. 1 shows the architecture of face detection network. Furthermore, non-
local block in Fig. 1 refers to the non-local block proposed in [1]. CReLU means
the activation method proposed in [2]. Fig. 2 shows the architecture of glasses re-
moval network. In Fig. 2, residual block and self-attention block refer to residual
block used in [3] and self-attention block proposed in [4] for generator, respec-
tively. Fig. 3 shows the architecture of segmentation network for pupil center
detection. Convolution 9(SC) in Fig. 3 means the concatenation and convolu-
tion of the output of Convolution 2(F) of the segmentation network with the
output of Convolution 8. Figures 4 and 5 show discriminators for measuring mu-
tual information between low level features, latent features and representation,
respectively. Fig. 6 shows the architecture of vectorization network. Fig. 7 shows
the architecture of glasses classifier network.

The padding type of the other networks except for the glasses removal net-
work is zero padding. On the other hand, in the glasses removal network, only
transposed convolution 1 and transposed convolution 2 use zero padding. All
other types of operations except the self-attention block employ reflection padding.
Self-attention block does not use any padding due to the operation nature. Non-
local blocks in face detection networks do not use padding for the same reason.
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Fig. 1. Face Detection Network

Fig. 2. Glasses Removal Network
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Fig. 3. Segmentation Network

Fig. 4. Discriminator for measure between low level feature and representation

Fig. 5. Discriminator for measure between latent feature and representation
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Fig. 6. Vectorization Network

Fig. 7. Glasses Classifier
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