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In this supplementary material, we provide model imple-
mentation details in Section 1 and training details in Section
2.

1. Network Architecture Details

Dense motion estimation network. For the global mo-
tion estimation network, the input image is the 256 × 256
source image. It has an encoder-decoder architecture with
seven conv3×3− bn− relu− avg pool2×2 down-sampling
blocks in the encoder and seven upsample2×2−conv3×3−
bn − relu up-sampling blocks in the decoder. The last
four blocks of the encoder and the first four blocks of the
decoder are connected to source landmark vector Slm and
driving landmark vector Di

lm respectively through AdaIN
layer [3]. The hidden representation is connected to the vec-
tor Di

lm − Slm through Add Motion layer, Figure 1. The
seven blocks of the encoder have 32, 64, 128, 256, 512,
1024 and 1024 feature maps respectively. And the seven
blocks of the decoder have 1024, 1024, 512, 256, 128, 64
and 32 feature maps respectively. For each of the three
small local motion estimation networks, the input image is
a 64 × 64 image patch centered at the left eye eyebrow,
the right eye eyebrow and the mouth area respectively. As
the global motion estimation network, the local motion es-
timation network also has the encoder-decoder architecture
with five down-sampling blocks in the encoder and five up-
sampling blocks in the decoder. The last three blocks of the
encoder and the first three blocks of the decoder are con-
trolled by local source landmarks vector and local driving
landmarks vector through AdaIN layer. The five blocks of
the encoder have 16, 32, 64, 128 and 256 feature maps re-
spectively. And the five blocks of the decoder have 256,
128, 64, 32 and 16 feature maps respectively. Note the input
of encoders in the motion estimation network only depend
on the source image/landmarks. Therefore during inference
they only need to run once and the computation cost only
depends on the decoders.

Image generation network. We use the same architec-
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Figure 1. Add Motion layer

ture as in [5]. It adopts the Johnson architecture [2] with one
image filtering block, two down-sampling blocks, six resid-
ual blocks, two up-sampling blocks and one image filtering
block.

Discriminator network. We use the PatchGAN [1] net-
work architecture. It has four conv4×4 − bn − relu −
avg pool2×2 down-sampling blocks and one final 1×1 con-
volutional layer. The four down-sampling blocks have 128,
256, 512 and 1024 feature maps respectively.

2. Training Details

For VoxCeleb1 dataset, we first train 140 epochs without
the GAN loss. In each epoch, for each video we randomly
select two images, one image is used as source image and
the other image is used as driving image. We repeat 75
times for each video. We use the Adam [4] optimizer with
initial learning rate 2× 10−4 for both the dense motion es-
timation network and the image generation network. We
drop learning rate after training for 60 and 80 epochs. We
use batch size 40 on 4 Tesla V100-16GB gpus for train-
ing. After it converges in approximately 25 hours, we add
adversarial loss and do further training. We use initial learn-



ing rate 2× 10−4 for both the dense motion estimation net-
work and the image generation network and 2 × 10−6 for
the discriminator. We drop learning rate after training for 60
and 80 epochs. The training takes another 42 hours to con-
verge. The training setting we use for FaceForensics dataset
is similar to VoxCeleb1 dataset except the number of train-
ing epochs is 80.
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