
Supplementary Material of MobilePortrait

1. Discussion of Potential Negative Impact
This paper proposes a method that can generate a video
from a single facial image based on specified video or au-
dio, which carries a potential risk of being used for nefari-
ous purposes and leading to negative social impacts, as with
most AIGC-related methods. To avoid these potential neg-
ative effects, we consider measures beyond regulation: 1.
Restricting usage to non-real human images only; 2. Real-
human animation requires liveness and identity verification;
3. Limiting content to preset templates to prevent malicious
use; 4. Adding visible labels to AIGC content; 5. Embed-
ding watermarks for traceability.

2. Visualization Results of MobilePortrait
Supplementary videos demonstrate our method’s effective-
ness and compare it with others using visuals from the main
text, with some showing solid-color padding due to crop-
ping. These videos feature both video-driven and audio-
driven results, as well as failure cases. As explained in Ta-
ble 1, all videos were uniformly resized to 256px for fair
comparison, since some methods only output at this reso-
lution. Additionally, we provide higher-resolution 512 re-
sults for MobilePortrait. Based on our audio-driven video
results, our method achieves results that are comparable to
other methods. In fact, it is somewhat unfair to use the
SyncNet proposed in Wav2Lip [3] to evaluate our method,
as the comparative methods, including SadTalker [6] and
Real3D [5], utilize the SyncNet or Wav2Lip model for aux-
iliary training during their training of audio-to-motion mod-
ules.

Table 1. The resolution of the output from the current meth-
ods.

Method FaceV2V TPS MCNet Real3D Ours

FLOPs 629G 140G 200G 610G 16G
Resolution 256 256 256 512 512

3. Model Architecture
This section describes the model structures for key com-
ponents of MobilePortrait, drawing upon architectures

Table 2. UNet Block Modification

UNet Down&UpBlock MiddleBlock
Original 3x3C 3x3C-3x3C
Modified 1x1C-3x3C-1x1C 1x1C-3x3DepC-1x1C

from prior work. Our Dense Motion Network, following
FOMM [4], TPS [7] and MCNet [2], adopts a U-Net-like
configuration with five down blocks featuring 3×3 convolu-
tions and batch normalization, which reduce spatial dimen-
sions by half at each level, with a progression of channels
from 128 to 1024. The up blocks are structured inversely
to the down blocks. In the synthesis network, we main-
tain the simple U-Net architecture without incorporating the
additional components proposed by previous works [2, 7].
As shown in the Table 2 (excluding ReLU and BN, ’C’ for
convolution), we replaced the Original ConvBlock with a
bottleneck structure to reduce FLOPs, assigning 96 output
channels to the first six down blocks and 128 to the lat-
ter six, with a 2x downsampling every three blocks, mir-
rored in the up blocks. The middle block was replaced with
a 3x3 depthwise convolution bottleneck, repeated 8 times
with 192 output channels and 4x channel multiplier. This
change resulted in the UNet (8 GFLOPs and 8M parame-
ters) for our 16G model, with remaining 3x3 convolutions
replaced by depthwise convolutions in smaller models.

For other parts, ResNet18 [1] is employed as the back-
bone for the neural keypoint detector. A LSTM (3 layers,
1024 channels, 0.6 GFLOPs) are used for audio-to-motion
module.

4. Limitations of MobilePortrait

Although MobilePortrait, as demonstrated in the main text,
maintains good robustness when handling most images and
motions, from Figure 1 and Figure 2, we can observe that it
still struggles when dealing with extreme angles of motion
or styles that differ significantly from the training data. We
speculate that this is because, for the image synthesis net-
work, there is a need to inpaint a large amount of content in
these scenarios, which often includes patterns that are dif-
ficult to learn from the training data, such as large areas of
profile faces or cartoon styles. One solution is to address
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this issue by increasing the diversity of the training dataset,
while another is to rely on robust intermediate representa-
tions, such as 3D facial structures. We leave this as future
work to be tackled.

Figure 1. Visualization result. Blurriness Caused by Mismatched
Art Styles

Figure 2. Visualization result. The generation of invisible areas
in the source image is not good when the turning angle is too large.

5. Extended Experimental Results

Effectiveness of MobilePortrait. We further conducted
two experiments based on the state-of-the-art method MC-
Net: 1) Replace their UNet but keep MemUnit (not feasible
for smartphone inference; MCNet’s original UNet requires
50M parameters and 190 GFLOPs, with its MemUnit taking
25M parameters and 65 GFLOPs. Now the UNet is replaced
by our modified version with only convolutional layers, but
the 65 GFLOPs MemUnits are kept). Same-id reenactment
results are in Table 4, with other metrics performing consis-
tently. 2) Further removing MemUnit, we return to a base-
line (TPS based model) as already shown in Figure 4 in the
main text, with visual comparisons in Figure 5. We observe
a significant performance drop without the proposed mod-
ules under reduced computational load, indicating that the
external knowledge modules are key to high-quality results.
Simply reducing computational load by replacing the back-
bone is not feasible. This conclusion is also supported by
ablation studies in the main text, reaffirming our approach’s
effectiveness.

Table 3. Ablation studies of training datasets.

Method FID ↓AKD ↓APD(C) ↓AED(C) ↓CSIM(C) ↑

Full Datasets 29.2 1.30 2.7 0.13 39.2
remove VoxCelebvHQ 32.5 1.43 2.9 0.13 37.7

remove VFHQ 37.1 1.49 3.6 0.13 38.5

Table 4. Key results compared with MCNet

Method FID AKD

Baseline with MemUnit 78.7 2.46
Ours 29.2 1.30

Table 5. Ablation studies. AKD is evaluated under the same-
ID setting, while AED and HPD are evaluated under the cross-ID
setting.

Method AEDAKDHPD

Mixed Keypoint. 0.13 1.30 2.74
NK-Only 0.17 2.62 3.90
FK-Only 0.13 1.61 10.5

No Proposed Loss 0.13 1.45 4.19

Method AEDAKDHPD

Ours 0.13 1.30 2.74
Trans. Fusing KP 0.13 3.14 9.5
Conv. Fusing KP 0.15 1.49 3.7
No Residual O.F. 0.14 1.45 6.2

Inp. BG FG Comp. AEDAKDHPD

0.14 1.54 7.3
✓ 0.13 1.30 2.74

✓ 0.13 1.52 5.70
✓ ✓ 0.13 1.47 10.0

#Views AEDAKDHPD

0 0.13 2.53 3.21
2 0.13 1.53 3.07
4 0.13 1.30 2.74
8 0.13 1.31 2.1

Training Data. Training data-related experimental re-
sults are provided in Table 3. We sequentially removed the
Vox and VFHQ datasets until only CelebVHQ remained.
Results show performance declines with dataset removal,
mainly affecting the FID image quality index, with a smaller
impact on motion accuracy. Even with only CelebVHQ, we
still outperform the recent method Real3D. Combined with
Table 1 in the main text, it can be seen that even with re-
duced data, our method still matches or exceeds some recent
methods with higher FLOPs.

AED Results. Due to space limitations in the main text,
we couldn’t include the differences in AED (cross-id evalu-
ation) metrics from the comparative experiments. Here, we
supplement this information in Table ??. Although the dif-
ferences in AED are smaller compared to AKD and HPD,
the proposed method still demonstrates better performance.

Visual Results on Large Poses. We also provide visu-
alized test results for extreme angles in Figure 3. Mobile-
Portrait 16G achieves similar results to larger models and
significantly outperforms the baseline.

Figure 3. Visualization result. Generated frames driven by large
pose.

6. Supplementary implementation details
In module training, we used a pretrained ResNet18-based
face 106-keypoints detector as the face landmark extrac-
tor. The FLOPs statistics account for our end-to-end trained
model but do not include the pretrained face keypoint detec-
tor. However, the inference time calculation does include
the time for the face keypoint detector. The synthesis net-
work, including the appearance feature extractor, is trained
in an end-to-end manner. For the pseudo background, dur-



ing training, we use the ground truth (GT) image of each
generated frame, inpainted as the pseudo background. This
approach helps the model trust the provided background, as
it aligns with the training targets. If we were to provide
this pseudo background during training, the model would
need to learn additional synthesis capabilities due to mis-
alignments, thereby increasing its burden. Instead, during
inference, we provide a pseudo background based on the
source image.

When testing speed, we recorded single inference times
for the CoreML model with a 512x512 output. On the
iPhone 14 Pro with the A16 chip, all computations are suc-
cessfully performed on the NPU. On the iPhone 12 with the
A14 chip, only 7
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