Supplementary Material

Table 1. The structure of the employed classification network.

Input Layers Output

T InceptionResnetV1 (384, 3, 3)

0 Conv2d (1792,3,3) A

1T AvgPool (1792)

1T FC1 (512) f

1T FC2 (8631) c

A, c Distraction (1792,3,3) A

T AvgPooling (1792)

1 FC1 (512) f

Table 2. The structure of the employed generator G.
Input Layers Output
Zq E (512) fa
Zidy fa Concat (1024)
T FC (13056) Op
Zg ResBlock (64,128,128) O,
0 ResBlock (128, 64, 64) O,
1 ResBlock (256, 32, 32) O3
T ResBlock (512, 16, 16) Oy
1, Og ResBlock x4 (512, 16, 16)
1, Oy4, Og ResBlock (512, 32, 32)
T, O3, Og ResBlock (256, 64, 64)
T, O, Oy ResBlock (128, 128, 128)
T, O1, Og ResBlock (64, 256, 256)
T Conv2d (3, 256, 256) T

Table 3. The structure of the employed appearance encoder E.

Input Layers Output

g ResBlock (64, 128, 128)

T ResBlock (128, 64, 64)

T ResBlock (256, 32, 32)

T ResBlock (512, 16, 16)

T ResBlock x2 (512,4,4)

0 SumPooling (512) fa

1. Network Architecture

Identity Feature Anonymization. The pre-trained
FaceNet classification network [4] is used for identity fea-
ture anonymization. As shown in the top part of Table 1, the
InceptionRenetV1 [6] is employed to implement FaceNet '.

Uhttps://github.com/timesler/facenet-pytorch

Table 4. The structure of the employed discriminator D.

Input Layers Output
(x,S,) or (z,5,) Concat (6, 256, 256)
T ResBlock (64, 128, 128)
T ResBlock (128, 64, 64)
T ResBlock (256, 32, 32)
1T ResBlock (512, 16, 16)
T ResBlock x2 (512,4,4)
T ResBlock (512,4,4)
1T SumPooling (512)

1) FC (H

For simplicity, we use InceptionResnetV1 to denote all the
layers before the last convolutional layer (i.e.Conv2d), the
first fully connected (FC) layer (i.e. FC1) is used for fea-
ture extraction and the last FC layer (i.e. FC2) is used for
classification. As shown in the bottom part of Table 1, the
distraction layer is used to distract the attention of its CAM
heatmap to recast the identity feature.

Generator. As shown Table 2, generator G is built by
stacking downsampling and upsampling ResBlocks. Z;
and f, = E(Z,) are concatenated followed by a FC layer to
produce Oq. Z, first goes through multiple downsampling
ResBlocks and then their outputs are fed to the correspond-
ing upsampling ResBlocks. Oy is fused into the upsampling
process by using the AdalN operation [3]. As shown in Ta-
ble 3, the network structure of appearance encoder E is built
by stacking ResBlocks and SumPooling layer [2].

Discriminator. As shown in Table 4, discriminator D
takes real data pair (z,S,) or fake data pair (&, S,,) as in-
put, goes through a Concat layer, multiple ResBlocks and a
SumPooling layer to tell the realism of the input data. S, is
the geometry structure of x.

2. More Results

When the semantic segmentation model [7] is not available,
our approach can still work by using the detected landmarks
[1] to perform segmentation. The results are demonstrated
in Figure 2 and Figure 1, where Figure | demonstrates the
results of only changing the geometry structure. Significant
geometry changes would make the resulted faces look dif-
ferent from their original version. Thus, it is reasonable to
pick up the delegate geometry structrues that are relatively
far from the original one to enhance anonymization.



Figure 2. Illustration of our results without semantic segmentation.
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