DeX-Portrait: Disentangled and Expressive Portrait Animation
via Explicit and Latent Motion Representations

Supplementary Material

This document provides additional implementation de-
tails and experimental results. We include detailed imple-
mentation information for the Motion Trainer, Portrait An-
imator, dataset usage, and more results. We encourage the
reader to examine our visual results for further insights.

A. Implementation Details

In this section, we elaborate on the architectures of Expres-
sion Conditioned Decoder and the Flatten & CNN block in
the Motion Trainer (Fig. 2 (a)) and provide implementa-
tion details in the Diffusion-Based Portrait Animator (Fig.
2 (b)).

A.1. Motion Trainer Architecture

The 3D features (Fig. 2 (a)) are processed through two
sequential modules and ultimately decoded into a 256-
resolution image, as shown in Fig. S1 (a). In the Flatten
& CNN block, we first concatenate the 3D feature and the
warped 3D feature (both with spatial sizes 16 x 64 x 64)
along the channel dimension. This is followed by a Res-
Block3D module [1] that compresses the spatial sizes to 16
x 32 x 32 while reducing the channel count from 64 to 32.
Finally, the features are transformed into 2D representations
via the flatten module.

Next, we decode these 2D appearance features into an
image using the Expression-Conditioned Decoder. The de-
coder architecture introduces two key enhancements com-
pared to StyleGAN?2 [3]:

¢ Intermediate Feature Injection: To maximize appearance
preservation, the 2D features are injected into the inter-
mediate layer (4th layer) of the decoder. The 3 x 3 Style-
Conv modules simultaneously perform upsampling and
downsampling to capture multi-scale details.

* Progressive Channel Reduction: To better blend multi-
resolution images, we modify the toRGB module
(*toRGB) to gradually reduce the channel count from 96
to 3 during the upsampling process from 8 x 8 to 256 x
256.

Additionally, 3D features are first processed through a 5-
layer CNN, then flattened into a 1D 2048-dimensional ap-
pearance latent code, which is concatenated with a 1D 512-
dimensional expression latent code obtained from the ex-
pression encoder. The combined vector serves as a style
code for subsequent StyleConv modules.

A.2. Portrait Animator Implementation Details

In the Portrait Animator, both our reference UNet and de-
noising UNet are based on the Stable Diffusion 1.5 archi-
tecture. We now detail the injection mechanisms for refer-
ence, head pose, and expression information in our imple-
mentation. Head pose and reference information are pri-
marily injected through the spatial-attention module, as il-
lustrated in the Fig. S1 (b). Unlike Animate Any One [2],
which relies solely on cross-attention for injection, we fur-
ther incorporate a residual connection to inject the warped
appearance features. Specifically, we modify each Basic-
TransformerBlock in SD1.5. In the reference unet, the hid-
den state has a token count of h% and channel dimension
¢, which is reshaped into a 3D appearance feature of size
g x h x h with % channels. This feature is then warped us-
ing the source and target head pose R, t, s, passed through
a convolutional layer, and finally injected into the denois-
ing UNet via a residual connection. For expression latent
injection, we follow the implementation of X-Nemo [5] by
reshaping the 512-dimensional 1D expression latent into 32
tokens of 16-dimensional embeddings. These tokens are
then injected into the denoising UNet through an additional
cross-attention mechanism. A temporal attention module
is further introduced at the final stage to enhance temporal
coherence.

B. Training Strategies

B.1. Motion Trainer Losses

We train our motion trainer in a self-supervised manner on

video datasets. Specifically, we select a source image I

and a driving image I, (serving as ground truth) from the

video dataset and supervise the predicted image I using a

combination of multiple losses:

* Reconstruction Loss. We minimize pixel-wise color dif-
ferences with:

Ly =L 1| (1)

* VGG16-based LPIPS Loss [4]. To enhance perceptual
realism and sharpness, we introduce:

N
Lipips = Y _ VGG (L) - VGG D> @
=1

where N denotes the number of feature layers in each
respective pre-trained VGG model.



toRGB* }(—{ StyleConv x 2 %,
88,96 T

l | 332,512
toRGB* H StyleConv x 2 +—V7
32x32,24 T
StyleConv L

16x32x32,32 !

32x32,512
A

toRGB* H StyleConv x 2

| 64x64,12: ©64%64,512

e L

< I toRGB* }

S —

StyleConv x 2 4_,7

| | 256x256,3 256x256, 128

(a) Motion Trainer Decoders Architecture

32x32, 512 Pose R, t.s
"""""""" Temporal
Attention ss-
Module
Reshape@CNN
y

BasicTransformerBlock (Reference UNet)

Spatial-Attention

3D reference feature hidden state

Exp. Attention Reshape

Temporal Modules

Source
PoseR. t,s

1=l e

hidden state hidden state

BasicTransformerBlock (Denoising UNet)

(b) Portrait Animator Details

Figure S1. Detailed architecture of DeX-Portrait.

e Component LPIPS Loss for Facial Regions. A face-aware
loss focusing on facial details:

N
Lopips = »_ 1M © (VGG (L) - VGG D)* (3)
i=1
where M is the facial segmentation mask.
* StyleGAN2-based Discriminator Loss. We employ a co-
trained StyleGAN2 discriminator D to calculate adver-
sarial loss:

Lagy = Softplus(—D(I)) 4)
Finally, the total loss is combined as:
Liotal = AL+ Npips Lipips + Aipips Lelpips + Ladw (5)
where A\, = 10, A\pips = 1, Acipips = 100.
B.2. Dataset Utilization

During the Motion Training and the Diffusion Training
stages, beyond the previously mentioned pose and expres-
sion augmentation strategies, we further employ cross-view
training for the multi-view datasets NeRSemble and ava-
256. Specifically, within each training batch, one source
frame is paired with four driving frames, which may col-
lected from different camera viewpoints of the same sub-
ject. This training paradigm artificially simulates extreme
head pose variations, thereby expanding the distribution
range of our training data. For temporal module training,
each batch consists of one source frame and 24 consecutive
driving frames, with video sequences containing significant
background motion being dynamically filtered out through
real-time computation.

C. More Results
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Figure S2. We collect 632 user study responses, and compare the
performance of our method against four SOTA methods in terms
of identity consistency, expression and pose accuracy. This figure
reports the percentage of users who ranked each model as the best
across the two tests.

Identity Consistency

For the cross-reenactment scenario, we additionally
present comprehensive comparisons against state-of-the-art
(SOTA) methods on benchmark datasets to demonstrate the
superiority of our framework in identity preservation and
precision control of head pose and expression (Fig. S3 and
Fig. S2).

We also present visual demonstrations of two key appli-
cations enabled by our framework: expression-only editing
and pose-only editing. As illustrated in Fig. S5, expression-
only editing selectively modifies pixel values within local
facial regions surrounding the target face. Owing to the high
precision of our framework, the edited content can be seam-
lessly paste back into the original facial area without visible
artifacts. Fig. S4 demonstrates pose-only editing capabil-
ities, which enable users to reorient head poses in portrait
images while strictly preserving the original facial expres-
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Figure S3. Qualitative comparison on cross-reenactment.
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Figure S4. Visual results of pose-only editing.
Figure S5. Visual results of expression-only editing.
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