DeX-Portrait: Disentangled and Expressive Portrait Animation
via Explicit and Latent Motion Representations
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Left: Given an arbitrary source portrait image, driving expression images, and driving pose images, DeX-Portrait achieves

disentangled and expressive portrait animation. Middle: DeX-Portrait enables expression-only and pose-only editing while keeping the
other driving signal exactly the same as the source. Right: Compared with the state-of-the-art work, X-NeMo [69], our method offers
superior fine-grained control over head pose including rotation, translation and scale.

Abstract

Portrait animation from a single source image and a driv-
ing video is a long-standing problem. Recent approaches
tend to adopt diffusion-based image/video generation mod-
els for realistic and expressive animation. However, none
of these diffusion models realizes high-fidelity disentangled
control between the head pose and facial expression, hin-
dering applications like expression-only or pose-only edit-
ing and animation. To address this, we propose DeX-
Portrait, a novel approach capable of generating expres-
sive portrait animation driven by disentangled pose and
expression signals. Specifically, we represent the pose as
an explicit global transformation and the expression as an
implicit latent code. First, we design a powerful motion
trainer to learn both pose and expression encoders for ex-
tracting precise and decomposed driving signals. Then we

propose to inject the pose transformation into the diffu-
sion model through a dual-branch conditioning mechanism,
and the expression latent through cross attention. Finally,
we design a progressive hybrid classifier-free guidance for
more faithful identity consistency. Experiments show that
our method outperforms state-of-the-art baselines on both
animation quality and disentangled controllability.

1. Introduction

One-shot portrait animation, aiming at animating a source
portrait image using a driving video, has been a popular
topic due to its value in digital content creation. With
the recent development of diffusion-based image/video gen-
eration models [28, 41, 50], researchers tend to modify
and finetune them for expressive portrait animation [9, 69].
Although these SOTA diffusion-based approaches realize



high-quality facial animation, they still suffer from the
controllability, especially individual controls on the head
pose and facial expression, hindering the applications like
expression-only or pose-only editing.

To achieve disentangled pose and expression controls,
a plausible way [36, 53] is to represent the portrait mo-
tion with the head pose and expression blendshapes of 3D
Morphable Models (3DMM) [13, 29, 52]. However, the
performance of these methods is limited by the accuracy
of 3DMM trackers and the representation ability of blend-
shapes. Consequently, they struggle to capture complex and
subtle facial motions like sticking out the tongue and frown-
ing. On the other hand, the state-of-the-art approach, X-
NeMo [69], encodes the portrait motion as a 1D latent code
capable of capturing expressive facial expression. Unfor-
tunately, the latent code entangles the pose and expression
and fails to precisely control the head rotation, scale and
translation as shown in Fig. 1.

To this end, we propose DeX-Portrait, a diffusion-based
framework that leverages explicit and latent motion repre-
sentations for both disentangled and expressive portrait an-
imation. Specifically, the head pose is represented as an
explicit global transformation including a rotation, trans-
lation and scale (RTS), while the facial expression is rep-
resented as a latent code. The first challenge lies in dis-
entangling the pose and expression encoders for extracting
expression-agnostic pose transformation and pose-agnostic
expression code. Thus we design a powerful GAN-based
motion trainer (Fig. 2 (a)) by firstly applying 3D warping
using a RTS-derived transformation and then modulating
the generator using the expression code through Adaptive
Instance Normalization (AdaIN) [20]. To prevent the pose
leakage from the expression encoder, we design a series of
augmentation strategies such as central cropping, random
rotation and cross-view driving.

With the disentangled pose and expression encoders ob-
tained, the second challenge lies in how to effectively inject
the pose and expression signals into the diffusion model.
We propose a novel dual-branch pose conditioning mecha-
nism for precise pose control. As shown in Fig. 2, In the
first branch, we map the pose RTS into a ray map and con-
catenate it with the noisy latent. In the other branch, we
warp the intermediate features of the source portrait images
through a 3D warping module and concatenate them with
the corresponding features in the denoising UNet. Such a
dual-branch pose injection enables the diffusion model to
precisely control the head rotation, translation and scale.
The expression code is injected via cross attention [49] like
previous works [33, 54, 69]. Thanks to the hybrid motion
representations and injection methods, our model realizes
both expressive and disentangled portrait animation. In ad-
dition, inspired by FLOAT [24], we propose a progressive
hybrid classifier-free guidance (CFG) in the denoising pro-

cess by incorporating the pose and expression conditions

successively for more stable identity consistency.

In conclusion, our core technical contributions are:

* DeX-Portrait, a diffusion-based framework that leverages
explicit and latent motion representations for portrait an-
imation, realizing both disentangled and expressive pose
and expression controls.

* A powerful motion trainer that learns disentangled and
precise pose and expression encoders through 3D warping
and AdaIN modules.

* A dual-branch pose conditioning mechanism that injects
the pose transformation into the diffusion model through
the 3D warping module and the ray map.

* A progressive bybrid CFG that gradually incorporates the
expression condition for more consistent identity.

2. Related Work

2.1. Generalizable Portrait Animation

GAN or diffusion based portrait animation models first en-
code driving videos into motion representations, which are
then used to animate arbitrary source portraits. Traditional
approaches relied on explicit motion representations, such
as 3D Morphable Models (3DMM) [21, 4648, 68], facial
landmarks [34, 39, 55], or dense optical flow maps [43]
to disentangle the appearance and motion. While struc-
tured representations enable interpretable control, the pro-
cess of explicit feature extraction inherently introduces bi-
ases, leading to limited accuracy in modeling dynamic ex-
pressions and poor generalization to large pose variations
or complex scenarios. To address these issues, recent works
have shifted to implicit motion representations, embedding
motion information directly into latent spaces for end-to-
end training [12, 14, 22, 56]. Among them, [3, 6, 51, 59] re-
gard motion as a style and leverage StyleGAN-like architec-
tures to produce animated results. Subsequently, diffusion-
based models [9, 33, 54, 69] have also begun to incorpo-
rate such implicit control signals. However, implicit mo-
tion encoders rely on GANs for training, which often leads
to entanglement between motion representations and iden-
tity features in the latent space. Different from previous
approaches, DeX-Portrait incorporates an implicit expres-
sion representation and an explicit head pose representa-
tion. Via a novel motion injection method, our model can
maximally mitigate the identity leakage issue while ensur-
ing high-fidelity facial expression generation results.

2.2. Disentanglement

Recent years, several portrait animation models aim for dis-
entangled control of facial expressions and head posesfor
diverse applications. These methods can be categorized
into three classes: The first class leverages manually de-
fined facial models (e.g., 3DMM) to extract expression/pose



Figure 2. Our pipeline consists of two stages: (a) Training a disentangled pose and expression encoder using a motion trainer. (b) Taming
a latent diffusion model for disentangled and expressive portrait animation.

parameters of the driving face [36, 58, 67], and achievesanimation.

disentangled control by replacing these parameters during As illustrated in Fig. 2, our method contains two steps:
inference. The second class relies on semantic extractorg . Disentangled Motion Trainer. We design a power-
(e.g., action units, CLIP) for explicit disentangled control  ful GAN-based motion trainer and augmentation strate-
[7, 62, 66]. Both suffer from limited feature extraction ac-  gies to learn disentangled pose and expression encoders.
curacy and often fail to faithfully replicate the expressions  Speci cally, we rst transform and augment the driving

of the driving subject. The third type employs latent pose  image into the pose and expression image and extract the
and expression features [11, 12, 14, 37, 51], guiding feature  pose transformation and expression latent, respectively.
extractors to extract mutually disentangled expression and A 3D appearance feature is encoded from the source im-
pose features via physically interpretable network architec-  age and warped from the source pose to driving pose.
tures, loss functions, or other approaches. Such methods Then we modulate the warped feature by the expression
have signi cantly improved generation accuracy; unfortu- atent through AdalN [20], producing an animated image
hately, they can only be end-to-end trained based on GANS,  and comparing it with the ground truth during training.
limiting output delity. Our model incorporates a unique 2. Diffusion-based Disentangled Animation. We employ
GAN-based motion trainer to train high-precision disentan-  the latent diffusion model (LDM) [41] as the backbone
gled latent expression and pose features, and integrates a and injects the source identity through a reference UNet

Diffusion-based generator to achieve high- delity results. following [19, 69, 70]. Given the driving pose and ex-

pression signal, we propose a dual-branch pose injection
3. Method with a cross-attention expression injection for disentan-
Given a source portrait image bBnd a driving sequence gled portrait animation.

fl 49, our objective is to generate a portrait animation se-
quence f(ID g; posg; exp,)g controlled by the head pose
and facial expression from the driving sequence, while pre- Latent Diffusion Model (LDM). LDM [41] is a series of
serving the identity and background consistent with the diffusion models [18, 45] that generate images in the latent
source image. Different from previous arts [54, 69], we also space of pre-trained variational autoencoders (VAE). Dur-
aim to disentangle the driving pose and expression to enablang training, LDM corrupts a clean latent z at time step t
pose-only or expression-only editing as well as disentangledwith a Gaussian noise to obtain a noisy latent;zfollow-

3.1. Preliminaries



ing DDPM [18]. Then a UNet-based [42] denoising net-
work ~ is then trained to predict under the condition c
using an MSE loss:

L =E noayr K¢ N (zc0k3 1)

At inference time, the model begins from a pure Gaussian
noise and applies a multi-step denoising process to generate
meaningful latent samples according to the conditions.
Reference UNet Architecture for Animation. Owing to
its powerful generative capabilities, LDM has been exten-
sively adopted as the backbone network for motion-driven Figure 3. lllustration of the pose and expression augmentation.
human animation synthesized from a single source image.
For skeletal animation, Animate Anyone [19] pioneered to
introduce a reference UNet to extract ne-grained features Pose & Expression Augmentation. To this end, we pro-
from the source image, which are then injected into the de-pose a series of augmentation strategies on the pose and ex-
noising network through spatial attention. Moreover, a tem- pression driving image to prevent expression or pose leak-
poral attention module [15] is also incorporated for tempo- age, as shown in Fig. 3. For the pose input, we cover the
ral coherence. This paradigm was subsequently extendeatye and mouth regions using MediaPipe [32] landmarks to
to portrait animation [61, 64, 69], a direction that our work eliminate most expression information. For the expression
also embraces. input, we rst perform random rotation or select another

. . . viewpoint (applicable only to multi-view datasets), enabling
3.2. Disentangled Motion Trainer the expression encoder to be insensitive to head rotation.
As shown in Fig. 2 (a), we design a powerful GAN-based Then we crop the facial region and resize it to a xed size
motion trainer and several augmentation strategies to learrof 224 224 via the MediaPipe bounding box to eliminate
precise and disentangled pose and expression encoderghe head translation and scale. Overall, the above augmen-
This GAN consists of three encoders (including a 3D ap- tation strategies promote the disentanglement between the
pearance encoder, an explicit pose encoder, and a latent expose and expression encoders.
pression encoder) and a StyleGAN2-like [23] decoder. Expression-conditioned Decoder. In the subsequent stage,
3D Appearance Encoder. Following [12, 14, 56], a 3D we use a StyleGAN2-like generator to decode the warped
feature containing the source identity is obtained through appearance features into a target image while injecting the
an appearance encoder instantiated by 2D and 3D CNNs. expression latent via AdalN [20].

Explicit Pose Encoder. We represent the head pose as an ) ] ) ] )
explicit global transformation P 2 R* including rotation  3-3. Diffusion-based Disentangled Animation

R, translation t and scale s (RTS) following [14, 56]: After obtaining disentangled expression and pose encoders
P= SR t @) from the motion trainer, we employ a latent diffusion model
(LDM) and a reference UNet architecture for portrait ani-
From the perspective of representation, the transformationmation, as mentioned in Sec. 3.1. Next, we elaborate on
P with 6 (3 + 2 + 1) degrees of freedom refrains from the the methodology for injecting driving pose and expression
expression leakage. Then we train a pose encoder instantisignals into LDM to achieve disentangled and expressive
ated by a ConvNeXt [31] to extract RTS from the portrait animation. Correspondingly, the overall framework is illus-
images. Obtaining the source and driving pose transforma-trated in Fig. 2 (b).
tions (Ps and Pg), we warp the 3D source feature from the Dual-branch Pose Injection. Regarding the injection
source to driving pose under the transformation gPg . method for pose information, existing practices typically
Latent Expression Encoder. We represent the facial ex- render the pose into 2D skeleton maps [9] or spheres [33]
pression as a 1D latent code with a dimension of 512 be-and then inject them into the denoising network in a spatial
cause of its expressive performance as demonstrated in Xmanner. However, neither 2D skeletons nor spheres can ac-
NeMo [69]. We extract the latent code from the input por- curately characterize the head pose. Therefore, we propose
trait image using an expression encoder instantiated by awo novel methods for pose injection: ray map and refer-
face alignment network (FAN) [5]. Following the informa- ence warping.
tion bottleneck principle from previous works [51, 69], the In the rst branch, inspired by Bcker ray map [38] that
expression latent refrains from the identity leakage. How- is widely used in camera pose controlled video generation
ever, it may retain the head pose information leaked from [16, 30], we propose to transform the head pose into a ray
the input image. map, and concatenate the source and driving ray maps with



Figure 4. lllustration of the ray map of head pose. . . . . .
Figure 5. Pose-only generation preserves strong identity consis-

tency (second from right). Compared with the original CFG, our
method achieves better consistency with the source portrait (e.g.,
the noisy latent for pose conditioned generation. Given afacial shapes) in scenarios involving signi cant pose and expres-

head pose P (Eq. 2), the ray map is formulated as sion variations.
RayMap(u;v) = P[u;v;0;0] ~ [u;v;0;0] ~ 3) 3.4. Progressive Hybrid CFG
: 7 2.
(Bv)2[11] °; To enhance controllability and sample delity, classi er-

free guidance (CFG) [17] is commonly employed in the

where (u; v) is the coordinate of each pixel in the ray map. conditional diffusion process. In the CFG scheme, each de-
In terms of physical meaning, as illustrated in Fig. 4, each hoising step computes both a conditional noise estimation
pixel on the ray map represents a vector from the canonical” (Zt; ¢;t) and an unconditional one (z;;;;t). The nal

head pose to a target one. Given the spatial ray maps deloise estimation is computed as

rived from both the source and driving poses, our method

can achieve precise control over head rotation, translation, € (Z;¢;9), ! (zic)+(@Q DN (50, (4

and scale, while guaranteeing identity consistency particu-

larly in scenarios involving long-distance pose transitions. Where ! = 2:5 denotes the CFG scale, a hyperparameter
that regulates the conditioning strength.

We empirically found that the original CFG may yield
expected results with inconsistency identity, especially

However, we empirically found that relying solely on the
ray map lead to edge misalignment between the synthesizeqlm

result and the original image in the expression-only edit- when the source portrait faces sideways. We hypothesize

e o conere el LDM th unceringreazon s ht e denti, ose, and expres
. yp percep P ! Y Aion conditions are entangled at each step throughout the
lowing us to leverage pose signals for the direct manipu-

lation of its intermediate latent features. Speci cally, we denoising process. : Drawing inspiration from [4, 24]’ we
rst reshape the 2D source features in the reference,UNetlorolooSe a progressive hyb”d CFG that grat_:lually incorpo-
into 3D tensors, then warp them from the source pose torates pose and expression conditions. Speci cally, over the

. ' . 35 steps of DDIM [44], we exclude the expression condition
the driving pose, and nally convert them back to 2D via

a atten operation. Given that the warped source featuresWithin the initial 5 steps; subsequently, we incorporate the
operation. . P : .~ ~expression condition incrementally across the next 5 steps;
are spatially aligned with the latent features in the denois-

. ) L nally, we employ the full conditions for the remaining 25
ing UNet, we rst apply a convolutional projection layer to stepi' ploy 9
these warped features, then directly perform element-wise '

addition of the processed source features to the latent fea- »,_ . .

. e . e (z;¢ 1),
tures in the denoising UNet. By virtue of the reference 8
warping-based injection mechanism, our method achieves 2 € (Zt; Cjexp: t) 30<t 35;
more precise pose control, particularly in the expression- € (Zt; Clexp 1) % +e (zi;¢51) 3‘% 25<t 30 ;
only editing scenario, as illustrated in Fig. 8. z e (z:c:t) t 25
Cross-attention Expression Injection. Since the expres- (5)

sion latent is a global feature, we perform cross attention where ¢ denotes all the conditions including identity, head
[49] between the latent features in the denoising UNet andpose, expression, &, represents the conditions excluding
the expression latent following [26, 27, 69]. expression, and'ds our nal noise estimation. As illus-
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