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6. Training Details

Training Data. We fine-tune Lp3D using CelebV-HQ
dataset [115]. For the expression modules, we also use
the CelebV-HQ dataset but adopt an expression re-sampling
process to make the expressions of the sources and drivers
during training more different. Specifically, for a given
video, we use EMOCA [23] to reconstruct the mesh of ev-
ery frame without the head pose. Let these obtained meshes
be {My, Ms, ..., M, }, we first pick two frames z* and y*
such that the distance between their meshes are maximized:

x*,y* = argmax || M, — My||2.

Then we pick the third frame z* such that:

z* = argmaxmin (| My — M, ||, | My — M,]]) .
z

We use this frame selection process for all the videos in the
CelebV-HQ dataset [115] and use the re-sampled frames to
train the expression modules. A few examples from this
selection process are shown in Fig. 9.

Frame 1 Frame 2 Frame 3

Figure 9. Some examples of our training data extracted from the
CelebV-HQ dataset [115]

Driver Augmentation. To prevent identity leaking from
the driver to the output, we apply several augmentations to

Conv2d(96, 96, kernel size=3, stride=2, padding=1)
ReLU()

Conv2d(96, 96, kernel _size=3, stride=1, padding=1)
ReLU()

Conv2d(96, 128, kernel _size=3, stride=2, padding=1)
ReLU()

Conv2d(128, 128, kernel_size=3, stride=1, padding=1)
ReLU()

Conv2d(128, 128, kernel _size=3, stride=1, padding=1)

Table 4. Architecture of Er

the frontalized driver images, including: (1) Kornia color
jiggle! with parameters for brightness, contrast, saturation,
hue set to 0.3, 0.4, 0.3, and 0.4, respectively; (2) random
channel shuffle; (3) random warping”; and (4) random bor-
der masking with the mask ratio uniformly sampled from
0.1 to 0.3. During testing, we removed all the augmenta-
tions except the random masking and fixed the mask ratio
to 0.25. This random masking greatly improves the con-
sistency in the output, especially for border regions. In
addition, since we mask the border with a fixed rate, we
can modify the renderer to only generate the center of the
frontalized driver and further improve the performance.

Architecture Details. Our architecture design is inspired
by Lp3D [84]. Specifically, for E; and E;, we use two
separate DeepLabV3 [22] with all normalization layers re-
moved. Since the triplane already captures deep 3D features
of the source, we adopt a simple convolutional network for
E;, which is given in Tab. 4. Recall that:

F=F;®F;0F

For the final transformer that is applied on the concatena-
tions of the feature maps F', we use a slight modification of
Ej,w (light-weight version) in Lp3D [84]. The architecture
of this module is given in Tab. 5 where block used is the
transformer block in SegFormer [93]. As mentioned in our
paper, we use a pretrained GFPGAN as the super-resolution
module. This module is loaded from a public pretrained
weight GFPGAN v1.4 [88] and fine-tuned end-to-end with
the network.

https : / / kornia . readthedocs . io / en / latest /
augmentation . module . html # kornia . augmentation .
ColorJiggle

2 . :

https://github . com/deepfakes/ faceswap/blob/
a62a85c0215c1d791dd5ca705ba5a3fef08£f0ffd / 1lib /
training/augmentation.py#L318



PatchEmbed(64, patch=3, stride=2, in=640, embed=1024)
Block(dim=1024, num_heads=4, mlp_ratio=2, sr_ratio=1)
Block(dim=1024, num_heads=4, mlp_ratio=2, sr_ratio=1)
PixelShuffle(upscale_factor=2)

upsample(scale_factor=2, mode=bilinear)

Conv2d(256, 128, kernel _size=3, stride=1, padding=1)
ReLU()

upsample(scale_factor=2, mode=bilinear)

Conv2d(128, 128, kernel_size=3, stride=1, padding=1)
ReLU()

Conv2d(128, 96, kernel _size=3, stride=1, padding=1)

Table 5. Architecture of the transformer network used in the ex-
pression module.

Training Losses. To train the model used in our experi-
ments, we set Agyn = 0.1, Ayj = 0.01, and Acr = 0.01. For
GAN-based losses, we use hinge loss [56] with projected
discriminator [71].

7. Implementation Details for Holographic
Display System

We implement our model on a Looking Glass monitor 32" .
To visualize results on a holographic display, we must ren-
der multiple views for each frame using camera poses with
a yaw angle that spans the range from —17.5° to 17.5°. In
our case, we find that using 24 views is sufficient for the
user experience. While our model can run at 32FPS using a
single NVIDIA RTX 4090 on a regular monitor, which only
requires a single view at a time, it cannot run in real-time
when rendering 24 views simultaneously. Thus, to achieve
real-time performance for the Looking Glass display, we ran
the holographic telepresence demo on seven NVIDIA RTX
6000 ADA GPUs.

We parallelize the rendering process to four GPUs, so
each one needs to render six views in a batch. We dedicate
one GPU for driving image pre-processing and another one
for disentangled tri-plane estimation. We use the last GPU
to run the looking-glass display itself. This setup results in
25 FPS for the whole application. We showcase the results
rendered on the holographic display in the supplementary
videos.

8. Additional Comparisons with LPR [55]

In this section, we compare our method with the cur-
rent state-of-the-art in 3D aware one-shot head reenact-
ment, LPR [55] using their test data from HDTF [109]
and CelebA-HQ datasets [41]. In particular, for CelebA-
HQ, they use even-index frames as sources and odd-index
frames as drivers, while in contrast, in our experiment
section, we use the first half as sources and the rest as

3https://lookingglassfactory.com/looking-glass—
32

drivers. For the HDTF dataset, they use a single driver
(WRA _EricCantor_000) and the first frame of each video
as source image. Compared to our split, this reduces the
diversity in the driver images. We provide the comparison
results in Tab. 6 and Tab. 7. The ECMD scores on both
datasets show that our method is more accurate in transfer-
ring expression from the driver to the source images. On
the HDTF dataset, our results have much higher CSIM. Our
FID score is better than LPR [55] on CelebA-HQ but worse
on the HDTF dataset. We found that the HDTF’s ground-
truth images have poor quality while our outputs are higher
in quality; this mismatch causes our FID to be unimpres-
sive on this dataset. Hence, this FID arguably does not cor-
rectly reflect the performance of our model. According to
the qualitative examples in Fig. 14, our method captures the
driver’s expression more accurately than LPR. However, we
note that our quality is even higher than the input, as can be
observed in Fig. 14.

We also provide extensive qualitative comparisons in
Fig. 16 and Fig. 14. The expression of our output images
is more realistic and faithful to the driver, which is particu-
larly more visible in the mouth/teeth/jaw region, as well as
for driver or source side views. Notably, in Fig. 15, it can
be observed that LPR fails to remove the smiling from the
source, resulted in inaccurate expression in the reenacted
output while our method can still successfully transfer the
expression from the driver to the source image.

Cross-reenactment
Method  —=emvi— ECMD — FID
LPR [55] | 0.531 0.912 25.26
Ours 0.774 0.860 54.15

Table 6. Quantitative comparisons with LPR [55] on HDTF
dataset using the test split proposed in [55].

CrO ss-reenactment
Method  =~evr—reMD FID
IPR[55] | 0.6d3 0483 4739
Ours 0.628 0473 34.27

Table 7. Quantitative comparisons with LPR [55] on CelebA-HQ
dataset using the test split proposed in [55].

9. Additional Qualitative Comparisons

We provide additional qualitative comparisons with other
methods in Fig. 18, Fig. 19, Fig. 20, Fig. 21, Fig. 22, Fig. 23,
Fig. 24, Fig. 25, Fig. 26, Fig. 27, Fig. 28, Fig. 29, Fig. 30,
and Fig. 31.

In Fig. 17, we evaluate the ability to synthesize novel
views of our method. In addition, we also reconstruct the
3D mesh of the reenacted results.



In Fig. 10, we evaluate our model on self-reeactment task
using HDTF and our collected datasets.

In Fig. 11, we compares our method with the others on
source images that have jewelries. As can be seen, other
methods struggle to reconstruct the jewelries while our re-
sults still have the jewelries from the source input.

10. Addtional Experiments with PTI [70]

Our method can achieve high-quality results without notice-
able identity change without additional fine-tuning, which
is known to be computaionally expensive. In this section,
we try to fine-tune [70] the super-resolution module using
PTI [70] for 100 iterations, which takes around 1 minute per
subject. Without PTI, our pipeline runs instantly similarly
to [55]. For most cases, the difference between results with
and without fine-tuning is negligible. However, for out-of-
domain images such as Mona Lisa, PTI fine-tuning helps
retain the oil-painting style and fine-scale details from the
input source. For the fine-tuning results, please refer to the
supplementary video.

11. Additional Limitations

Besides the limitations that we discussed in the paper, we
also notice that the model cannot transfer tongue-related
expressions or certain asymmetric expressions due to lim-
ited training data for our 3D lifting and expressions mod-
ule. Since our method is not designed to handle the shoul-
der pose, the model uses the head pose as a single rigid
transformation for the whole portrait. This issue would be
an interesting research direction for future work. Also, our
model sometimes fails to produce correct accessories when
the input has out-of-distribution sunglasses. These failure
cases are illustrated in Fig. 12.
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Figure 18. Qualitative results on various datasets.



Figure 19. Qualitative results on various datasets.



Figure 20. Qualitative results on various datasets.



Figure 21. Qualitative results on various datasets.



Figure 22. Qualitative results on various datasets.



Figure 23. Qualitative results on various datasets.



Figure 24. Qualitative results on various datasets.



Figure 25. Qualitative results on various datasets.



Figure 26. Qualitative results on various datasets.



Figure 27. Qualitative results on various datasets.



Figure 28. Qualitative results on various datasets.



Figure 29. Qualitative results on various datasets.



Figure 30. Qualitative results on various datasets.
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