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Figure 1. We present an instant feedforward encoder that transforms an in-the-wild source image into an animatable 3D avatar by distilling
knowledge from a pre-trained 2D diffusion model. Our method introduces a fast, consistent yet expressive 3D animation representation.
Given a driving image, we evaluate both the expression transfer quality and the animation speed (measured as “FPS” on an NVIDIA 6000
Ada GPU) against (a) 2D diffusion- or GAN-based methods and (b) 3D-aware methods. In the first row, Portrait4D-v2 [16], GAGAvatar
[11] and VOODOO-XP [78] fail to faithfully transfer expressions, particularly around the nasal wrinkles. LivePortrait [26] is inaccurate at
eyes. In the second row, the baby wears a fake mustache as a decoration. X-NeMo distorts identity and adds a hallucinated mustache. Other
methods cannot deal with the asymmetric expression in the driving image well. The FPS marked with ∗ reports inference time excluding
time-consuming morphable model fitting optimization required for the method. In contrast, ours not only accurately transfers expressions
but also achieves high animation speed and consistent pose control. Insets show our rendered results under different poses.

Abstract

Portrait animation has witnessed tremendous quality im-
provements thanks to recent advances in video diffusion
models. However, these 2D methods often compromise 3D
consistency and speed, limiting their applicability in real-
world scenarios, such as digital twins or telepresence. In
contrast, 3D-aware facial animation feedforward methods
– built upon explicit 3D representations, such as neural ra-
diance fields or Gaussian splatting – ensure 3D consistency
and achieve faster inference speed, but come with inferior
expression details. In this paper, we aim to combine their
strengths by distilling knowledge from a 2D diffusion-based
method into a feed-forward encoder, which instantly con-
verts an in-the-wild single image into a 3D-consistent, fast
yet expressive animatable representation. Our animation
representation is decoupled from the face’s 3D represen-
tation and learns motion implicitly from data, eliminating
the dependency on pre-defined parametric models that often
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constrain animation capabilities. Unlike previous computa-
tionally intensive global fusion mechanisms (e.g., multiple
attention layers) for fusing 3D structural and animation in-
formation, our design employs an efficient lightweight local
fusion strategy to achieve high animation expressivity. As
a result, our method runs at 107.31 FPS for animation and
pose control while achieving comparable animation quality
to the state-of-the-art, surpassing alternative designs that
trade speed for quality or vice versa.

1. Introduction
Creating a digital twin from a single facial image that sup-
ports both 3D viewpoint control and animation (4D) is a
long-standing goal in computer vision and graphics. Inter-
active synthesis and animation control of photorealistic dig-
ital humans is essential for developing AR/VR, video con-
ferencing, and agentic AI applications.

Achieving such comprehensive 4D control has been his-
torically challenging. With the advent of radiance fields in-
cluding neural radiance fields (NeRFs) [51] and 3D Gaus-
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sians [32], previous 3D-aware face animation work [11, 12,
43, 71, 112] has achieved interactive and consistent anima-
tion with photo-realistic view synthesis by using paramet-
ric models [4, 20, 40]. However, parametric models in-
herently limit the animation capability. Follow-up methods
[15, 16, 36, 78, 79] therefore resort to learning the anima-
tion purely from data. Nevertheless, their representations
entangle 3D structure and animation (e.g., global residual
triplanes [8] or feature maps), requiring computationally ex-
pensive attention mechanisms to repeatedly fuse 3D struc-
ture and motion at every animation step. Meanwhile, the
introduction of 2D diffusion models [7, 10, 13, 26, 38, 49,
59, 60, 63, 92, 98, 113] into portrait animation has brought
the expressivity of achieved facial animation to a whole new
level [98, 113]. However, these methods often suffer from
3D inconsistency and remain slow due to the expensive de-
noising process, preventing them from being used in a real-
time system. Fig. 2 shows a quantitative comparison where
existing methods fail to excel at all three criteria: speed,
3D consistency and expression transfer accuracy.

Different from other slower optimization-based meth-
ods [1, 24, 73–75], we seek to design a 3D-aware anima-
tion framework that instantly encodes a facial image into an
animatable 4D avatar, which supports fast, consistent and
detailed animation. Our key insights to solving this prob-
lem are twofold. First, we argue that high-quality facial
animation has already been effectively learned by 2D diffu-
sion models, and this knowledge can be distilled into 3D-
aware methods rather than learning from scratch. Our sec-
ond insight is that achieving efficiency and 3D consistency
without sacrificing expressiveness requires a novel anima-
tion representation.

Specifically, we build upon 3D Gaussians [32] that
makes dynamic deformation more efficient than NeRFs’
volumetric fields to propose an expressive yet efficient ani-
mation representation. We first encode an input image into
triplanes [80] as an intermediate representation, from which
we sample feature vectors to decode the Gaussian attributes.
For each Gaussian, we encode its motion information in an
auxiliary vector which is analogous to learned personalized
“PCA bases” in traditional blendshapes animation. This
auxiliary vector is then combined with the driving signal
to deform each Gaussian on top of the existing 3D struc-
ture, updating the 3D representation while keeping the ani-
mation representation both efficient and decoupled from the
underlying 3D representation. While previous works [45–
47, 90] deform the 3D Gaussians in spatial space to model
motion, we find it unable to capture expressive facial details.
Instead, we propose to deform the Gaussians individually
in the high-dimensional feature vector space, rather than in
3D spatial space, which offers better expressivity and is ca-
pable of capturing asymmetric expressions, details such as
shadow changes and wrinkles (Fig. 1).

Typically, portrait animation methods, including ours,
are trained with a self-reenactment objective using datasets
that contain multiple expression-varying images per iden-

Figure 2. We provide a visualization of the quantitative compar-
ison in terms of 3D inconsistency (measured by MEt3R ↓), ex-
pression transfer inaccuracy (measured by AED ↓) and animation
speed (measured by FPS ↑, visualized as the size of the circle)
with other 2D- or 3D-based baselines, including [11, 16, 26, 78,
98, 112, 113], using the task of cross-reenactment. 2D methods
tend to appear on the upper left (better expression transfer accu-
racy; worse 3D consistency) while 3D methods tend to appear on
the lower right (worse expression transfer accuracy; better 3D con-
sistency). Our method is 3-4 orders of magnitude faster than diffu-
sion based models [98, 113] while simultaneously achieving better
3D consistency and expression transfer accuracy.

tity. Instead of training on real datasets, we construct a syn-
thetic facial expression dataset by a state-of-the-art facial
animation diffusion model [113] for distilling its expressive
motion priors in a 3D consistent manner. To mitigate the po-
tential 3D inconsistency issue, we synthesize facial expres-
sions by the diffusion model on real face portraits frontal-
ized by a pre-trained 3D lifting encoder [80] and again use
the same 3D lifting encoder to estimate its multi-view syn-
thetic images on the fly during training. In summary, our
main contributions include:
• We design an expressive yet computationally-efficient an-

imation representation for 3D Gaussians that achieves de-
tailed animation for human faces (Sec. 4.1).

• We propose practical strategies to train such an animation
representation by distilling the knowledge of existing dif-
fusion methods into it (Sec. 4.2).

• Our method is the first to simultaneously achieve best 3D
consistency, fast inference speed and detailed expressions
such as wrinkles, and run orders of magnitude faster than
2D diffusion models during inference (Fig. 1, 2).

2. Related Work
2D and 3D facial portrait animation. 2D facial por-
trait animation methods often feature a generative back-
bone (e.g., GAN [25] or diffusion [28, 69]), which synthe-
sizes driven faces given the control signals. GAN-based
methods [5, 17–19, 22, 26, 44, 50, 53, 61, 66, 67, 83–
86, 97, 104, 111, 114] feature fast inference using ei-
ther explicit or implicit expression representations, but are
limited by the capability of GAN models. A diffusion
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backbone–often pre-trained on large-scale internet data–
provides much stronger synthesis capability, and has been
employed for facial animation [9, 13, 48, 49, 56, 59, 76,
81, 82, 89, 92, 93, 96, 98, 102, 113], showing excellent
expression transfer quality. However, the repeated denois-
ing steps trade speed for quality and are thus prohibitive
for real-time applications. They are also not 3D consis-
tent. Transforming these diffusion models into single-step
or few-step models is a promising direction but still an open
problem [30, 64, 65, 105].

Another line of methods builds explicit 3D representa-
tions for 3D talking heads, which improve 3D consistency.
They typically rely on 3D morphable models (3DMM)
[4, 20, 23, 27, 41] or facial motion representations (e.g.,
rasterized coordinates [115] or facial keypoints) as pri-
ors [11, 24, 33, 42, 43, 68, 71, 72, 91, 94, 103, 112] for
animating the face. However, morphable models inherently
limit facial expressiveness, as their strong statistical priors,
which are derived from a finite set of face scans and linear
basis representations restrict motion to a narrow, predefined
space. Therefore, another group of methods [15, 16, 78, 79]
implicitly learns the motion as residual features to the tri-
planes [8] through data. Notably, Portrait4D [15] also dis-
tills from synthetic data. However, in their animation rep-
resentation, the global residual features coupled with dense
attention mechanisms are computationally expensive to in-
fer. We instead propose a local fusion mechanism that in-
dividually deforms each 3D Gaussian through a lightweight
MLP based on a learned auxiliary vector that encodes all
the motion information. We compare to two representative
animation representations [11, 16] by training them on our
synthetic dataset and demonstrate the superiority of our an-
imation representation design.

4D representation and rendering. Aiming at a native
4D representation, many works [21, 54, 55, 58] build upon
NeRFs to construct a spatial deformation field, which, how-
ever, is computationally expensive. With the advent of
Gaussian splatting [32], another family of methods iden-
tify the potential of using the spatial deformation of 3D
Gaussians to represent the motion. One group of meth-
ods [24, 46, 47, 90] learn an implicit representation, such
as HexPlanes [6] or coordinate-based MLP, to deform the
Gaussians. Another group of methods [24, 27, 73, 109, 116]
utilizes an explicit mesh to drive the 3D Gaussians. How-
ever, our analysis shows that directly deforming the 3D
Gaussians in 3D space provides limited expressiveness for
capturing fine-grained facial motions (Sec. 5.2).

Notably, Avat3r [36] and ScaffoldAvatar [1] also use 3D
Gaussians to build animatable avatars. However, they are
not a feed-forward method from a single image and re-
quires either 3D GAN inversion or mesh tracking. Prior
work [74, 75] uses diffusion-generated multi-view images
for animated 3D head synthesis, but relies on hours-long op-
timization to fit a single avatar. We aim to develop a gener-
alizable 3D-consistent framework that requires no tracking,
supports instant encoding, and enables real-time expressive

animation.

3. Preliminaries
3D avatar encoder and volume rendering. We choose
the state-of-the-art facial 2D-to-3D lifting encoder [80] as
our architectural backbone for lifting a single-view image
into a 3D avatar. Given a single image I , the encoder en-
codes it into triplanes {Txy, Tyz, Tzx} [8], each of which is
∈ R256×256×32. These planes can then be used for render-
ing arbitrary viewpoints using volumetric rendering [51].
Specifically, for each queried 3D position x = (x, y, z),
its corresponding feature vector f(x) ∈ R32 is retrieved
by projecting x onto each of the three planes via bilin-
ear interpolation and further aggregation by summation. A
light-weight non-linear multi-layer perceptron (MLP) de-
coder then decodes the aggregated features into colors and
densities for volume rendering. In this work, we extend
this approach by adapting this NeRF-based encoder for en-
coding a single-view image into a set of 3D Gaussians as
explained later.
3D Gaussian splatting. Kerbl et al. [32] provides a dif-
ferentiable and efficient solution to rendering a set of
anisotropic 3D Gaussians into images. Specifically, each
3D Gaussian is parametrized by its position vector µ ∈ R3,
scaling vector s ∈ R3, quaternion vector q ∈ R4, opac-
ity o ∈ R and color c ∈ R3. The final rendering color
of a pixel is calculated by alpha-blending all 3D Gaussians
overlapping the pixel. In the following discussion, we use
the sub-script i to denote that these quantities belong to the
ith 3D Gaussian.

4. Method
Overview. Our overall training pipeline is shown in
Fig. 3, which consists of (a) reconstruction modules (left)
and (b) animation modules (right). Given a source image
Is, we train an instant encoder E, adapted from [80], to en-
code Is into a set of 3D Gaussians [32] for free viewpoint
rendering (Sec. 4.1). For animation, we update the set of
Gaussians conditioned on an expression from a driving im-
age Id, while preserving the appearance in Is (Sec. 4.1). We
denote the encoding, animation and rendering procedure as
E(Is, Id, p) to synthesize a 2D image with identity from Is
and expression from Id and at viewpoint p.

For training, we distill a pre-trained diffusion-based por-
trait animation model [113] by rendering a synthetic dataset
from it (Sec. 4.2), in which each identity is represented
by multiple images with different expressions. We then
perform self-reenactment—using Id (the driving image) to
drive Is (the source image) of the same identity—and opti-
mize our model by minimizing the reconstruction loss be-
tween the reconstructed result and Is, and the driven result
and Id (Sec. 4.2).

During inference, we directly input Is into our encoder
E once to reconstruct its 3D representation, and then ani-
mate the resulting set of Gaussians according to any given
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Figure 3. Overview of our training pipeline with the two-part self-reenactment task. (a) Reconstruction: Given a frontalized source
frame with an expression synthesized by a pre-trained diffusion model [113], we first use a multi-view estimator [80] to generate its
another viewpoint Is. The encoder E converts Is into triplanes, from which we sample feature vectors f1, f2, . . . and paired motion basis
vectors m1,m2, . . .. A Gaussian decoder Φ maps these features into a set of 3D Gaussians, forming a lifted 3D avatar for Is, which we
render at the viewpoint of Is as I ′s. (b) Animation: For the synthesized driving frame of the same identity but with a different expression,
we similarly obtain its another viewpoint image Id. Both Is and Id are input into the motion encoder M to produce motion coefficients
M(Is) and M(Id). They are concatenated to condition a motion decoder Ψ to predict residual features δf1, δf2, . . . from paired motion
basis vectors. Adding these residuals to the original features and decoding them with Φ yields an animated set of Gaussians, which we
render at the viewpoint of Id as I ′d. The loss is computed between (Is, I

′
s) and (Id, I

′
d). Fire icons denote trainable modules; snow icons

denote frozen pre-trained modules.

driving image Id, whose identity may differ from that of
Is. Note that our animation pipeline–consisting of compact
MLPs–does not require re-encoding the expensive 3D rep-
resentation from Is and Id as in [16, 36, 78], leading to
faster inference. The rendering of the Gaussians from arbi-
trary viewpoints is realized through rasterization [32].

4.1. Encoder Design and Animation Representation
3D Gaussians decoder. Even though the 3D lifting en-
coder in [80] is capable of turning a single-view image into
a native 3D avatar, its implicit radiance field representation
is less ideal for representing dynamics as opposed to 3D
Gaussians. 3D Gaussians offer more flexible control over
each primitive and fast rendering speed while maintaining
3D consistency [29].

Therefore, we make the minimal change to adapt the ar-
chitecture of [80] into using 3D Guassians while preserving
its strong capacity in faithfully lifting 2D images into 3D.
We propose to sample 3D Gaussians from the encoded tri-
planes, as explored in [3]. We will first explain how we de-
code 3D Guassians from sampling locations and then clarify
how we decide the sampling locations.

We first use 96 channels for the encoded triplanes. Given
a sampled location xi, we project it onto each plane and
aggregate along the channel dimension to obtain the feature
vector fi using the first 48 channels and retrieve a vector mi

using the remaining 48 channels (see Fig. 3). We call mi a
motion basis vector and explain its details later.

We replace the original NeRF-based decoder in [80] with
an MLP Φ as shown in Fig. 3 with a single hidden layer
of 96 units and softplus activation functions to decode the
feature vector into a set of attributes for a 3D Gaussian:

Φ(fi) = {µi, si,qi, oi, ci}. (1)

Therefore, we associate one 3D Gaussian with each sam-

pled location and the aforementioned motion basis vector.
The final image is synthesized using the differentiable ren-
derer [32] from the set of 3D Gaussians and the specified
camera parameters as shown in Fig. 3. Notably, unlike pre-
vious works [11, 16, 78, 112], we do not use the 2D convo-
lution refinement module to improve the rendered image’s
quality. We denote the rendered result of this encoded set
of Gaussians at the viewpoint of Is as I ′s.

To decide where to sample 3D Gaussians from the tri-
planes, different from [3], we do not have a paired pre-
trained radiance field model to propose the sampling lo-
cations. Instead, we find that simply adapting the origi-
nal ray shooting and two-pass importance sampling strategy
in [8, 51] already gives reasonable performance.

Specifically, given a camera viewpoint, we shoot one ray
for one pixel. We uniformly sample locations on each ray
to decode 3D Gaussians, and then perform an additional im-
portance sampling based on the opacity of previous decoded
Gaussians to decode another set of Gaussians. Notice that
the shooting resolution does not need to coincide with the
rendering resolution. In practice, we use a sampling reso-
lution of 64 × 64, but a resolution of 512 × 512 for ren-
dering, which greatly improves efficiency. With 48 sam-
pled Gaussians on each ray, this configuration yields about
200K Guassians, which is sufficient to render at 512× 512
resolution [35, 108].

Although this sampling of Gaussians is inherently
viewpoint-dependent, we find in practice that during infer-
ence, sampling from a fixed frontal viewpoint already pro-
duces a sufficiently dense and representative set of Guas-
sians. The same set can then be effectively reused for ren-
dering from novel viewpoints, accelerating inference. Dur-
ing training, the Gaussians are instantiated from the final
rendering viewpoint to ensure view consistency.
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Figure 4. Conceptual comparison between predicting residual fea-
tures per Gaussian versus per grid point on the triplanes [16, 78]
in the case of realizing the expression of opening the mouth. (a)
In our framework, the 3D Gaussian can be transformed indepen-
dently from the red point to the blue point because its motion basis
vector encodes all necessary motion information. (b) In contrast,
existing triplanes-based works require aggregating dense global
context, to update the features on each grid point. For example,
it needs to fuse the shape information from the global context
through the attention mechanism to decide whether the mouth will
reach the red point and therefore update its geometry or not.

Feature-space deformation for animation. Typically,
dynamics with Guassians are modeled by deforming the
Gaussian attributes directly, i.e., updating their position,
scaling and rotation vectors and optionally their color [24,
46, 47, 90]. However, we find that such a design has limited
capacity to model expressions and is hard to learn the ani-
mation details in the training dataset. We hypothesize that
it is because the learning of motion in the low-dimensional
3D space is more difficult compared to learning on a po-
tentially smoother manifold in the high-dimensional feature
vector space. We thus propose to deform the feature vector
fi sampled from the triplanes, which encodes information
for all Gaussian properties and offers a richer deformation
space, based on motion signals.

Specifically, we first use the pre-trained motion encoder
M in [113] to encode the motion signals in the source im-
age Is and the driving image Id into 1D motion coefficients
M(Is),M(Id) ∈ R512, respectively (see Fig. 3). Recall
that, in Fig. 3, each feature vector fi is associated with a mo-
tion basis vector mi, which encodes the spatially-varying
deformation of the decoded 3D Gaussian and mi does not
change while animating. The concept is similar to facial
muscles or personalized “PCA bases” used in traditional
blendshapes animation [39], but it is uniquely adapted for
each individual and each facial part to capture personal-
ized differences such as wrinkles. We investigate its se-
mantic meaning in Fig. 5. Altogether, a residual feature
δf(Is → Id) ∈ R48 due to the motion from Is to Id for
each sampled Gaussian is individually predicted by a mo-
tion decoder Ψ from both the motion basis vector m and
motion coefficients M(Is) and M(Id). Formally, the ith 3D
Gaussian is updated as:

Φ(fi + δfi(Is → Id)) = {µi, si,qi, oi, ci}, (2)

Details of motion decoder Ψ. We adopt a single-layer
AdaLN [95] to modulate the motion basis vector m condi-
tioned on the concatenated motion coefficients M(Is) and

Figure 5. Demonstration of the similarity among motion basis vec-
tors within and across subjects. Given the source images, we ren-
der the motion basis vectors of their Gaussian kernels via splat-
ting. For the first-row subject, we select three specific points (red
points) and compute the cosine similarity between their motion
basis vectors and those of all other locations. We then compute
the cosine similarity across subjects between these same points of
the first subject and all motion basis vectors of the second sub-
ject in the second row. The resulting similarity maps show that
our model learns coherent, semantically-meaningful and localized
motion basis vectors.

M(Id) and then pass the modulated vector to another MLP
with a single hidden layer of 96 units and softplus activation
functions to predict the delta feature vector.
Discussion. We highlight the difference between our de-
sign of predicting residual features and the design of exist-
ing works (i.e., [16, 79]) in Fig. 4 with visual explanations.
Our design locally deforms each 3D Gaussian individually
without aggregating dense global context, being much more
computationally efficient. We provide detailed quantitative
comparisons with relevant baselines in terms of speed and
animation capabilities in Sec. 5.

4.2. Distillation from a Diffusion Model for Training
We adopt the state-of-the-art 2D facial animation diffusion
model X-NeMo [113] as our data synthesizer. Specifi-
cally, we construct a synthetic dataset for self-reenactment-
based training, containing over 60000 real identities from
the FFHQ dataset [31], each of which has 8 synthesized ex-
pressions with the driving expressions sampled from both
the FFHQ dataset and the FEED dataset [19]. These two
datasets altogether represent diverse identities and expres-
sions in the real world. To minimize inconsistency and hal-
lucination issues in the diffusion model, we use pre-trained
LP3D [70, 80] to frontalize the identity and driving im-
ages before synthesizing expressions via X-Nemo. During
the training, we apply the same LP3D on these frontalized
synthetic portraits on the fly to randomize input and output
viewpoints for augmentation and novel view supervision.
Training procedure. We use self-reenactment as the
training objective. With the synthetic dataset described
above, we first sample Is and Id from the same identity
whose expressions could be same or different, and then ran-
domly sample camera parameters as in [80] and estimate
their another viewpoint images using frozen pre-trained
LP3D [70, 80] for multi-view supervision, as shown in
Fig. 3. When Id has the same expression with Is, we in-
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Figure 6. Qualitative comparison between our method and other 2D methods and 3D-aware methods in terms of expression and pose
transfer. We denote [98] as “HYPortrait”. Source images are marked with blue borders at the leftmost column, while the driving images
are marked with orange borders throughout the paper. † indicates that the methods are trained with our synthetic dataset for distillation
from scratch for fair comparisons.

tend to learn zeros residual features. Given the synthesized
result I ′d = E(Is, Id, p(Id)) and Id, where p(Id) denotes
the viewpoint of Id, we design the loss by comparing them
along with an adversarial objective to enhance the image
quality as:

L =λL1LL1(I
′
d, Id) + λLPIPSLLPIPS(I

′
d, Id) + λIDLID(I

′
d, Id)+

λDetailLDetail(I
′
d, Id) + λNormLnorm + λadvLadv,

(3)
where λL1 = 1; LLPIPS denotes the perceptual loss [110]
with λLPIPS = 1; LID denotes the identity loss [14] with
λID = 0.1; λDetail computes an additional L1 loss compar-
ison over the eyes and mouth regions, which are separated
out by [106] with λDetail = 0.1; λNorm regularizes the av-
eraged L2 norm for each predicted residual feature to en-
force sparsity as in [87, 91] with λNorm = 0.001; Ladv is the
adversarial loss as in [80], which is further conditioned on
the motion coefficients extracted by the motion encoder M ,
with λadv = 0.025. Similarly, we also compute the loss for
I ′s and Is.

Implementation details. We initialize all our networks
including the adversarial discriminator used in Ladv from
random weights, except the motion encoder M from [113]
that is pre-trained and frozen, and optimize with the Adam
optimizer [34] and batch size 32 and learning rate 0.0001.
We gradually increase the rendering resolution from 64 to
512 and introduce the adversarial loss in the middle of train-
ing. More details are in the supplementary.

5. Results
We provide quantitative and qualitative comparisons and
an ablation study here. For more results, please refer to
the supplementary and the accompanying video including a
real-time demo.
Metrics. We conduct experiments for facial animation us-
ing the VOODOO-XP test set as in [78] which contains
102 video sequences. It features extreme expressions and
wide viewing angles. We extract one out of five consec-
utive frames for testing to eliminate unnecessary duplica-
tion, which in total results in over 20K images. We eval-
uate results on common head regions without background
across all methods. We conduct the following experiments:
(1) self-reenactment. For each video sequence, we use the
first frame as the source frame, and all other frames to
drive it. Each method is tasked with reproducing the view-
point and the expression of the driving frame. (2) cross-
reenactment. For each video sequence, we randomly sam-
ple another video sequence. We use the first frame of the
first video sequence as the source frame, and all frames in
the second video sequence to drive it.

Besides the speed measured in FPS on an NVIDIA 6000
Ada GPU, we evaluate performance using the following
four aspects: (a) MEt3R [2] for dense 3D inconsistency.
Specifically, we only use the driving sequences, which only
change the head pose while keeping the same neutral ex-
pression throughout the video, (b) face ID consistency [14],
(c) SSIM [88] and LPIPS [110] to evaluate the quality of
image reconstruction, and (d) the accuracy of expression
and pose transfer. For this, we use SMIRK [62] to extract
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Method Self-Reenactment Cross-Reenactment
MEt3R↓ SSIM ↑ LPIPS↓ AED↓ MEt3R↓ ID↑ EMO↑ AED↓ APD↓ FPS↑

2D

LivePortrait [26] 0.032 0.8206 0.1739 0.400 0.033 0.74 0.716 0.810 0.026 78.12
HYPortrait[98] 0.028 0.8343 0.1685 0.483 0.032 0.74 0.752 0.900 0.077 0.01
X-NeMo[113] 0.032 0.8227 0.1740 0.416 0.035 0.72 0.760 0.805 0.032 0.03

3D

GAGAvatar[11] 0.032 0.8205 0.1914 0.501 0.034 0.77 0.654 0.888 0.025 13.67*

InvertAvatar[112] 0.026 0.8456 0.1592 0.564 0.028 0.80 0.565 0.891 0.049 24.30*

VOODOO-XP[78] 0.030 0.8086 0.1966 0.560 0.032 0.77 0.699 0.903 0.028 5.45
Portrait4D-v2[16] 0.030 0.8327 0.1709 0.545 0.035 0.79 0.589 0.886 0.029 14.50
GAGAvatar†[11] 0.027 0.8258 0.1991 0.636 0.030 0.67 0.578 0.944 0.038 13.67*

Portrait4D-v2†[16] 0.030 0.8217 0.1952 0.682 0.034 0.76 0.448 0.972 0.026 14.50
Ours 0.025 0.8294 0.1864 0.496 0.028 0.75 0.771 0.745 0.028 107.31

Table 1. Quantitative comparison with other 2D or 3D-aware facial animation baselines on the task of self-reenactment and cross-
reenactment. Throughout the paper, we bold the best metric, and underline the second best metric. † indicates that the methods are
trained with our synthetic dataset for fair comparisons. The FPS marked with ∗ reports inference time excluding time-consuming mor-
phable model fitting optimization. Full inference time including the optimization for GAGAVatar is 0.41 FPS and InvertAvatar is 0.07
FPS.

the FLAME [40] coefficients for the driving and resulting
frames, and measure the averaged distance of the expres-
sion coefficients as “AED”, and averaged distance of the
pose parameters as “APD”. Please note that “APD” reveals
certain coarse 3D shape quality while MEt3R focuses more
on dense photometric 3D consistency across views. We also
use EmoNet [77] as in [113] to measure the emotion sim-
ilarity between the driving and resulting frames as “EMO”
that is more sensitive to extreme motions.

5.1. Comparisons
Baselines. We compare our method against other exist-
ing open-source feed-forward methods, including the state-
of-the-art GAN-based 2D facial animation method Live-
Portrait [26], diffusion-based 2D facial animation meth-
ods HunyuanPortrait [98] and X-NeMo [113], 3DMM-
based 3D facial animation methods InvertAvatar [112] and
GAGAvatar [11], and 3D facial animation methods with
learned motion space Portrait4D-v2 [16] and VOODOO-XP
[78]. Furthermore, for an additional fairer comparison and
to illustrate the benefits of our proposed animation repre-
sentation, we also train the best-performing prior 3D-based
methods Portrait4D-v2 and GAGAavatar from scratch us-
ing our synthetic dataset with multi-view images estimated
and denote them as Portrait4D-v2† and GAGAvatar†.
Qualitative results. We provide qualitative comparisons
in Fig. 6. Generally, other 3D-aware methods create muted
expressions even when retrained with our synthetic dataset
and do not faithfully synthesize expressions in the driving
image. Especially, in the first row, the 3D-aware meth-
ods cannot remove the extreme mouth motion in the source
frame and the right wrinkles near the mouth are leaked into
the driven results. InvertAvatar occasionally produces col-
lapsed 3D head geometry. Among the 2D-based methods,
X-NeMo mostly produces impressive results, but occasion-
ally distorts head shape under a large pose change (third
row) and hallucinates details (e.g., added cheek color in
the fourth row). HunYuanPortrait cannot faithfully trans-
fer the pose and expression in the second, third and fourth

Figure 7. More qualitative results with our method from a source
image and driving image. We provide the multi-view rendered
results next to the driven results.

rows. LivePortrait creates dampened mouth expressions in
the second to fourth rows. Even after retraining with our ex-
pressive synthetic dataset, Portrait4D-v2† and GAGAvatar†

produce less accurate expression transfer results. In con-
trast, our method faithfully transfers the expression and
pose and is on par with X-NeMo while maintaining the
identity and being 3500× faster (see Tab. 1). Please find
more comparison in the supplementary. We further provide
multi-view rendering results in Fig. 7. Despite extreme ex-
pressions present in the source images, our method can infer
the occluded regions, such as the closed eyes, and produces
the output with consistent identity in the source image and
motions in the driving image.

Quantitative results. As shown in Table 1, our method
achieves the best 3D consistency (MEt3R) and best expres-
sion transfer quality (AED) among the 3D methods, for the
task of self-reenactment. We also achieve state-of-the-art
MEt3R, EMO, and AED scores across all methods for the
task of cross-reenactment, even surpassing X-NeMo due to
potentially more accurate pose transfer, which aids correct
expression and emotion detection.

While LivePortrait performs comparably to X-NeMo.
The latter typically produces more vivid and detailed fa-
cial expressions, such as wrinkles, which are not captured
by AED but are captured by EMO and are evident in the
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Method AED↓ Mem.↓ FPS↑
Ours (128× 128) 0.507 0.32 GB 132.87

w/ DINO-v2 Encoding 0.597 4.32 GB 22.47
w/ Real Dataset 0.543 0.32 GB 132.87
w/ Spatial Deformation 0.634 0.27 GB 141.61
Table 2. Ablation studies with self-reenactment.

qualitative comparisons (Fig. 6). Consequently, we select
X-NeMo, rather than LivePortrait, as our teacher model.

All of the compared 3D baselines utilize camera-space
2D refinement to improve image quality, but this is known
to degrade 3D consistency – reflected by their lower MEt3R
score. Furthermore, InvertAvatar is able to copy texture
from the source image, but its overall 3D shape is inaccu-
rate as reflected in its lower “APD” and in the qualitative
comparison (Fig. 6).

Our method is also theoretically bounded by the identity
consistency of X-NeMo, and the image and 3D quality of
LP3D, because of using a synthetic dataset generated from
it. This may explain its less competitive image quality and
ID metric versus X-NeMo. However, since we restrict X-
NeMo to operate on frontal images only and use LP3D to
estimate multi-view images, we mitigate the identity shift
problem, evidenced by our method’s better ID metric versus
X-NeMo. We also find that the two 3D baselines [11, 16]
that we retrained with our synthetic data still do not per-
form as well as ours as evidenced by worse metrics, while
being slower. This again demonstrates the capability of our
proposed animation representation compared to the existing
methods. We provide a more detailed investigations to these
re-trained 3D baselines in the supplementary.

Our method animates the face at 107.31 FPS, surpassing
all other baselines, including ones using the attention mech-
anisms [16, 78]. In contrast, 2D diffusion methods could
take up to almost a minute for driving a single image se-
quentially, or several seconds per frame when a sequence of
images is used and the time cost is amortized across frames.
For our method, encoding a facial image into 3D Gaussians
is required only once per video sequence, and our method
performs this step almost instantly in just 20ms. Besides,
our method only requires 0.4 GB for static model storage
during inference due to our decoupled motion representa-
tion. In contrast, X-NeMo requires over ten times more
storage (∼ 6 GB).

5.2. Ablation Studies
We validate each component of our model using the self-
reenactment on the same VOODOO-XP test set with a ren-
dering resolution of 128 × 128 without an adversarial loss
for comparison. We measure the quality of expression con-
trol accuracy, memory consumption for the static model
storage and speed in Table 2 and Fig. 8.
Choice of motion encoder. We study the importance of
the selected motion encoder. Instead of the motion encoder
in X-Nemo [113] we use DINO-v2 [52] as in [78]. Notably,
this encoder is computationally more expensive than our se-
lected motion encoder [113]. It increases the memory con-

Figure 8. Comparison among different ablation models based on
the expression transfer. “w/ S.D.” denotes using the spatial defor-
mation instead of feature-space deformation. “w/ R.D.” denotes
using a real dataset instead of the synthetic one.

sumption and reduces the FPS. It fails to capture expression
details in Fig. 8 and leads to a worse AED.
Usage of diffusion model distillation. We study the
necessity of distilling the knowledge from pre-trained
diffusion-based models by using a real dataset instead. We
use CelebVText [107] as the real dataset for its diversity
of expressions and identities. Since a real dataset usually
features common expressions such as smiling, opening the
mouth, etc. and less extreme expressions, the AED is af-
fected and the produced expression is muted (Fig. 8).
Feature-space- vs. spatial-deformation. We ablate the
usage of the proposed feature-space deformation by replac-
ing it with directly predicting the residual for the 3D Gaus-
sians’ position, scaling and quaternion vectors from the mo-
tion decoder Ψ, similarly to the previous dynamic modeling
methods (e.g., [24, 46, 47, 90]). Since we do not need to go
through the non-linear decoder in this setup, the memory
consumption and FPS are slightly improved. However, all
other metrics are significantly compromised. The expres-
sion is also not transferred accurately in Fig. 8.

6. Discussion
Conclusion. In this work, we investigate how to distill a
2D facial animation diffusion method into 3D-consistent,
efficient yet expressive instant avatar encoder from a single
image. We propose an animation representation that de-
forms both the Gaussian appearance and geometry based
on the encoded motion basis vectors that resemble the mus-
cle control mechanism or act as a learned version of “PCA
bases” in traditional morphable models. We believe our
method paves the way for an real-time and expressive rep-
resentation distilled from a powerful diffusion model, en-
abling real-world applications such as digital twins, where
real-time performance, and controllability are critical.
Limitations and future work. Our model may inherit
potential errors in synthetic data generated by the diffu-
sion model and the pre-trained 3D lifting algorithm. In
the future, it will be interesting to extend our method
into disentangling appearance properties such as lighting.
Even though we demonstrate our method using only image-
driving examples, it is possible to encode other conditions,
such as audio or texts, into sequences of the 1D motion co-
efficients and drive our avatar.
Ethics concern. We propose an algorithm, which is capa-
ble of converting a single 2D facial image into a 3D-aware
animatable avatar, which could be misused for generating
malicious content. We do not condone such behavior and
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identify potential works that could be used for detecting
fake information [37, 99–101] or works that authenticate
the authorized driving subject of the avatar [57].
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