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Fig. 1. We present a new method for audio-driven photorealistic 3D head avatar synthesis with a Universal Head Avatar Prior (UHAP). (Left) We learn a
Universal Head Avatar Prior from a diverse dataset, capturing rich facial geometry and appearance across multiple identities (rows) and dynamic expressions
(columns). (Center) Given minimal data for a new subject—whether a short multi-view capture, a monocular video clip, or a single static scan—we retrieve a
personalized identity from the UHAP. (Right) Conditioning the retrieved identity on an arbitrary speech waveform yields high-fidelity, lip-synced full-face
animations that faithfully preserve identity and expression dynamics across multiple subjects.

We introduce the first method for audio-driven universal photorealistic
avatar synthesis, combining a person-agnostic speech model with our novel
Universal Head Avatar Prior (UHAP). UHAP is trained on cross-identity
multi-view videos. In particular, our UHAP is supervised with neutral scan
data, enabling it to capture the identity-specific details at high fidelity. In
contrast to previous approaches, which predominantly map audio features
to geometric deformations only while ignoring audio-dependent appear-
ance variations, our universal speech model directly maps raw audio inputs
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into the UHAP latent expression space. This expression space inherently
encodes, both, geometric and appearance variations. For efficient person-
alization to new subjects, we employ a monocular encoder, which enables
lightweight regression of dynamic expression variations across video frames.
By accounting for these expression-dependent changes, it enables the subse-
quent model fine-tuning stage to focus exclusively on capturing the subject’s
global appearance and geometry. Decoding these audio-driven expression
codes via UHAP generates highly realistic avatars with precise lip synchro-
nization and nuanced expressive details, such as eyebrow movement, gaze
shifts, and realistic mouth interior appearance as well as motion. Extensive
evaluations demonstrate that our method is not only the first generalizable
audio-driven avatar model that can account for detailed appearance mod-
eling and rendering, but it also outperforms competing (geometry-only)
methods across metrics measuring lip-sync accuracy, quantitative image
quality, and perceptual realism.
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1 Introduction
Synthesizing photorealistic 3D head avatars, which can be driven
solely from speech, presents a compelling avenue for applications
ranging from virtual communication to digital entertainment [Fan
et al. 2022b]. The goal is to generate accurate lip synchronization
along with expressive facial motion and, crucially, realistic visual ap-
pearance, while also ensuring temporal and view-point consistency.
Achieving this using only speech as input is particularly valuable
due to the lightweight sensor modality required to capture these
audio signals.

A primary challenge lies in generating photorealistic appearance
synchronized with accurate 3D facial motion derived from speech,
while also ensuring the model generalizes to novel identities either
by sampling a novel identity or by finetuning on few shot data of a
real person. Recent advancements in audio-driven video synthesis,
such as VASA-1[Xu et al. 2024a], have demonstrated impressive
results in generating lifelike talking faces. These methods leverage
the power of diffusion-based models for mapping audio features to
a video latent space to create highly realistic animations. However,
these state-of-the-art approaches primarily operate in 2D, synthesiz-
ing video frames that, while visually compelling, lack the underlying
3D structure necessary for applications requiring free-viewpoint
rendering. Achieving combined realism in motion and appearance
in 3D remains difficult, especially without prohibitive per-person
requirements like extensive multi-view capture sessions or hours
of subject-specific training time [Aneja et al. 2024a; Richard et al.
2021a].

Traditional approaches to audio-driven 3D animation utilize geo-
metric representations like 3D Morphable Models (3DMMs) [Fan
et al. 2022a; Taylor et al. 2017] or artist designed template meshes
[Karras et al. 2017].While suitable for controlling basic 3D shape and
motion, they face a key limitation: they do not model dynamic tex-
tures and view-dependent appearance directly from the audio signal.
This deficiency makes it particularly difficult to realistically render
regions such as the mouth interior or gaze shifts during speech.
Consequently, the visual results often fall short of the photorealism
required by many modern applications
Techniques employing modern photorealistic representations

like Neural Radiance Fields (NeRFs) [Mildenhall et al. 2020] or 3D
Gaussian Splatting (3DGS) [Kerbl et al. 2023a] excel at capturing ap-
pearance for static scenes or controlled dynamic captures. However,
applying them directly to audio-driven animation across diverse
identities often involves costly per-subject optimization or training
[Aneja et al. 2024a; Ng et al. 2024; Richard et al. 2021a], requiring
significant computation time (hours to days) and large amounts
of per-person data, thus, hindering the creation of universal and
readily deployable models. Moreover, many recent audio-driven
methods, even when using the powerful diffusion models [Sun et al.
2024a; Zhao et al. 2024a], still primarily focus on driving intermedi-
ate geometry, thereby inheriting the appearance and expressiveness
limitations of those representations.
Our work addresses these limitations through a novel frame-

work centered around three key technical contributions. First, we

construct a Universal Head Avatar Prior (UHAP) based on 3D Gauss-
ian Splatting (3DGS) [Kerbl et al. 2023b]. This prior is trained on
large-scale multi-view dynamic videos from studio captures, and
critically incorporates supervision from neutral scan data to pre-
serve identity-specific details during training. The resulting UHAP
learns an avatar representation with effectively disentangled la-
tent spaces for identity and expression. Second, unlike prior work
mapping audio to intermediate geometry, we leverage a diffusion-
based speech model that maps raw audio features directly into the
UHAP’s expression space. A key aspect of our approach is that these
predicted latent parameters explicitly encode both geometry (e.g.
mouth motion) and appearance (e.g. gaze shifts) variations. Third,
we enable efficient personalization of the UHAP to new subjects
from sparse data, enabling practical applications such as driving a
subject from a single static capture, or a short monocular video. Key
to our adaptation process is a generalized monocular image encoder
that estimates and factors out expression dynamics within the video
frames. Thereby our monocular finetuning stage captures the target
identity’s global appearance and geometry. Importantly, our monoc-
ular image encoder does not rely on acquiring explicit geometry
and appearance tracking. Decoding the audio-driven expression
codes via the personalized UHAP yields the final photorealistic
avatars with high-fidelity facial motion and naturally synchronized
appearance changes.

In summary, our key contributions are:

• A universal framework for audio-driven and photorealistic 3D
Gaussian head avatar generation allowing unconditional iden-
tity sampling as well as few-shot identity finetuning while
preserving an audio-driven expression latent space.

• To this end, we first introduce a Universal Head Avatar Prior
(UHAP), which effectively disentangles identity and expres-
sion latent spaceswhile ensuring high-fidelity synthesis thanks
to our neutral texture formulation.

• A diffusion-based speech model that maps input audio to the
UHAP’s expression latent space, which enables driving of the
underlying 3D facial geometry and appearance. This mapping
to a 3D avatar prior ensures view- and-identity consistent
facial animations.

• Our monocular expression encoder facilitates a variety of
few-shot identity finetuning applications such as finetuning
the identity solely on a static scan or a short monocular video.

To the best of our knowledge, our work is the first that demonstrates
generalization across individuals while also enabling audio-driven
appearance synthesis. Our evaluation further demonstrates that
we outperform geometry-only baselines in terms of audio-visual
synchronization as well as visual appearance.

2 Related Work
For universal avatar models to be practical for widespread adop-
tion, they must satisfy three key criteria: they should accurately
represent diverse identities, capture nuanced speech-driven expres-
sions, and enable easy personalization from sparse observations. In
what follows, we discuss prior works according to these criteria,
highlighting their strengths and identifying key limitations.
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2.1 Speech-driven Geometric Facial Representations
The generation of 3D facial animation from audio has a rich history,
with 3DMorphable Models (3DMMs) [Blanz and Vetter 1999; Li et al.
2017] offering a generalized parametric framework for representing
facial geometry and appearance. Previous approaches often involved
mapping acoustic features to the parameters of these 3DMMs to
achieve speech-driven animation [Aylagas et al. 2022; Daněček et al.
2022; Peng et al. 2023; Sun et al. 2024b]. However, these models are
often constrained by the expressive capacity inherent in the 3DMM’s
low-dimensional Principal Component Analysis (PCA) parameters,
which can struggle to capture the full range of subtle, high-fidelity
dynamics. Recognizing these limitations, other approaches have
focused on directly modeling more detailed geometric deforma-
tions [Fan et al. 2022a; Richard et al. 2021b]. More recently, deep
generative approaches, particularly diffusion models, have gained
traction in this domain [Stan et al. 2023a; Sun et al. 2024b; Zhao et al.
2024b]. While powerful, many of these diffusion-based methods still
focus on predicting parameters for established representations like
3DMMs or geometric latent models [Aneja et al. 2024b]. However,
a key limitation across many speech-driven geometric represen-
tations is their inability to directly model or synthesize nuanced,
speech-correlated appearance changes, such as subtle gaze shifts,
or deforming mouth interior. Addressing this gap, our approach
synthesizes expression latents of our Universal Head Avatar Prior
(UHAP), which jointly encodes, both, the subject-agnostic geometry-
dependent expression changes and dynamic appearance.

2.2 Speech-driven Appearance Methods
Integrating realistic, dynamic appearance with speech-driven ani-
mation is crucial for photorealism but remains challenging. Early
efforts primarily focused on 2D audio-driven facial animation from
monocular RGB videos [Chen et al. 2018; Guan et al. 2023]. These
2D methods, while achieving plausible lip sync, operate in pixel
space, and, thus, they can neither achieve 3D consistency nor they
support free-viewpoint rendering. Transitioning to 3D, many re-
cent efforts leveraging Neural Radiance Fields (NeRF) for talking
head synthesis from monocular video have shown impressive pho-
torealism, such as AD-NeRF [Guo et al. 2021] and GeneFace [Ye
et al. 2023], but these are often person-specific and require per-
subject optimization. Other works like RAD-NeRF [Tang et al. 2022]
and ER-NeRF [Li et al. 2023] focus on efficient, real-time synthesis
from audio for personalized avatars. Audio-driven codec avatars,
as explored in [Ng et al. 2024; Richard et al. 2021a], can produce
high-fidelity personalized results but also operate on a per-subject
basis. Similarly, GaussianSpeech [Aneja et al. 2024a] achieves de-
tailed, personalized audio-driven avatars using 3D Gaussian Splat-
ting by learning expression-dependent color and dynamic wrinkles,
but is tailored to individual subjects. TexTalker [Li et al. 2025b], a
concurrent work to ours, generates dynamic textures aligned with
speech-driven facial motion, using a high-resolution 4D dataset. It
proposes a diffusion-based framework to simultaneously generate
facial motions and dynamic textures from speech for personalized
avatars. While TexTalker addresses dynamic textures, our work
distinguishes itself by aiming for a universal prior that holistically

controls, both, geometry and the broader appearance attributes cap-
tured by 3D Gaussians, not limited to the tracked 2D texture maps,
and allows for efficient adaptation to new individuals.

2.3 Gaussian Avatar Representations
Recent works leveraging 3D Gaussian Splatting [Kerbl et al. 2023b]
have introduced several powerful representations for creating per-
sonalized, animatable head avatars. Foundational approaches such
as GaussianAvatars [Qian et al. 2024a] rig 3D Gaussians directly to
the FLAME model [Li et al. 2017], while others learn to deform a
canonical set of Gaussians conditioned on global expression param-
eters [Giebenhain et al. 2024; Saito et al. 2024; Teotia et al. 2024].
ScaffoldAvatar [Aneja et al. 2025] achieves high fidelity rendering of
faces using localized patch-based expressions. Gaussian Blendshapes
[Ma et al. 2024] introduce an explicit blendshape formulation, where
a full set of expression bases directly modulates Gaussian param-
eters for facial animation. RGBAvatar [Li et al. 2025a] streamlines
this design by predicting a reduced blendshape basis from FLAME
expressions, yielding a more compact representation that supports
efficient online training and real-time rendering. Specialized models
like GaussianSpeech [Aneja et al. 2024a] animates subject-specific
avatars by using a transformer model to predict audio-driven mesh
deformations, which then drive the final 3D Gaussian represen-
tation. While these works provide powerful representations for
creating high-fidelity personalized Gaussian avatars, often requir-
ing extensive per-subject data and training, our approach introduces
a Universal Head Avatar Prior (UHAP). This generalizable, person-
agnostic model learns a disentangled, cross-identity latent space for
facial expressions that enables high-fidelity animation from mul-
tiple modalities, such as an audio stream or a driving video, and
supports efficient, few-shot personalization from limited input data
for a new subject like a short monocular video or a static capture
from multiple views.

2.4 Universal Avatar Priors
Universal avatar models, capable of representing diverse identities
and expressions within a unified framework, are pivotal for en-
abling generalization to new individuals. Significant progress has
been made in this domain. For instance, some recent universal pri-
ors focus on achieving relighting capabilities alongside expressive
control; URAvatar [Li et al. 2024] and VRMM [Haotian et al. 2024]
are notable examples that allow for avatars to be rendered under
novel illumination conditions, with VRMM also emphasizing volu-
metric representations built from data captured under controlled
lighting. Other efforts, such as Authentic Volumetric Avatars by
Cao et al. [Cao et al. 2022], have pushed the boundaries of creating
high-fidelity, animatable volumetric avatars from inputs like phone
scans. While these works show promising results in creating gen-
eralizable and high-fidelity avatars, adapting them to new, unseen
identities can present challenges. For example, approaches such as
those by Cao et al. [Cao et al. 2022] and Li et al. [Li et al. 2024]
(URAvatar) may involve extensive fine-tuning or the acquisition
of dynamically tracked non-rigid facial geometry [Grassal et al.
2022]. Additionally, many recent approaches based on 3D Gauss-
ian Splatting map inputs to lower-dimensional expression spaces
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Fig. 2. Overview of our Audio-Driven Universal Gaussian Avatar pipeline. This figure illustrates the three main stages: (Sec. 3.1) Universal Head Avatar
Prior (UHAP) Training: A universal decoder DUHAP is trained on multi-identity, multi-view data to learn disentangled latent codes for identity (Zid) and
expression (Zexp). (Sec. 3.1.5) Monocular Expression Encoder Training: An image encoder 𝐸image predicts expression codes Ẑexp from single images, supervised
by 𝐸exp (from UHAP) and reconstruction losses using pseudo-ground truth data (𝐼g, v̂g). (Sec. 3.2) Audio-Driven Avatar Synthesis: A diffusion model generates
expression code sequences Z0

exp from audio features which, combined with Zid, drive the frozen DUHAP to synthesize the final animation.

derived from, or aligned with, parametric models [Xu et al. 2024b;
Zheng et al. 2024], which can constrain the overall expressiveness.
Avat3r [Kirschstein et al. 2025] presents a feed-forward method
for avatar creation using phone scans; however, its animation is
driven by signals restricted to studio-tracked captures. Our Univer-
sal Head Avatar Prior (UHAP), embedded within a 3D Gaussian
Splatting framework, presents a framework for lightweight person-
alization as well as animation. It achieves lightweight personaliza-
tion—facilitated by our image encoder that effectively disentangles
dynamic subject-specific variations from global appearance and
expression nuances—and, critically, learns a richer latent expression
space directly from high-quality studio data, moving beyond the
constraints of predefined parametric models. This learned expres-
sion space directly modulates 3D Gaussian properties for animation
from lightweight input signals such as audio or monocular images.

3 Method
Our method synthesizes photorealistic, audio-driven 3D talking
head avatars, designed for cross-identity generalization and ef-
ficient personalization. It integrates a new high-fidelity Univer-
sal Head Avatar Prior (UHAP), built upon 3D Gaussian Splatting
(3DGS) [Kerbl et al. 2023b], with a universal diffusion-based speech
model. This approach facilitates a direct mapping from audio fea-
tures to a latent space encoding, both, expression-dependent geom-
etry and appearance variations. Addressing the common challenge
of acquiring large-scale, perfectly aligned multi-modal data (includ-
ing synchronized audio, dynamic 3D geometry, and appearance
across diverse identities), our framework is designed to effectively
utilize varied data sources; for example, the universal prior can be

trained on multi-view data even if it lacks corresponding audio,
while the audio-driven aspects are learned subsequently with a dif-
fusion model in the learned latent space. Notably, personalization is
possible from sparse subject-specific video or a static scan by using
a monocular expression encoding and an optimization of an identity
code and decoder fine-tuning, as outlined in Fig. 2. The primary
stages are: UHAP training (Sec. 3.1), learning a monocular expres-
sion encoder (Sec. 3.1.5), and audio-driven avatar synthesis (Sec. 3.2),
followed by a personalization stage for new subjects (Sec. 3.3). At
inference, our method requires input audio (processed into features)
to drive the personalized UHAP decoder.

3.1 Universal Head Avatar Prior (UHAP)
The UHAP is our core model for synthesizing 3D Gaussian head
avatars. Synthesizing realistic, drivable 3D head avatars, especially
from sparse inputs or solely audio, is an inherently ill-posed prob-
lem; UHAP addresses this by serving as a powerful, learned prior
that constrains the synthesis process to enable high-fidelity and gen-
eralizable results. It is conditioned on the identity code Zid ∈ R𝐷id

and an expression code Zexp ∈ R𝐷exp . The identity code Zid aims to
capture subject-specific canonical geometry and appearance, while
Zexp controls facial deformations and associated appearance changes.
The UHAP is trained on dense multi-view video data from multiple
subjects in the Ava-256 dataset [Martinez et al. 2024], which includes
registered neutral 3D scans for each subject. Unlike frameworks
that encode pre-acquired neutral assets for new identities [Cao et al.
2022; Li et al. 2024], our UHAP incorporates a Neutral Decoder com-
ponent (Sec. 3.1.3). This network learns to inject identity-specific
features—derived from the neutral scan data during UHAP training
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and conditioned on Zid—into the main avatar decoder. This architec-
ture promotes high-fidelity rendering. Furthermore, for new, unseen
identities, it allows for efficient fine-tuning using sparse data, such
as a single static scan (Sec. 3.3). Critically, our streamlined per-
sonalization strategy sidesteps an expensive and time-consuming
precomputation; it does not necessitate non-rigid registration of the
input dynamic or static data for these new subjects as is the case
with [Cao et al. 2022; Li et al. 2024].

3.1.1 Representation. We represent each avatar as a collection of
𝑁𝑔 = 256𝑘 3D Gaussian primitives {𝑔𝑘 }

𝑁𝑔

𝑘=1. Each Gaussian 𝑔𝑘 =

{t𝑘 ∈ R3, q𝑘 ∈ R4, s𝑘 ∈ R3
+, 𝑜𝑘 ∈ R+, c𝑘 ∈ R𝐷𝑐 } is defined by its

center position t𝑘 , rotation as a unit quaternion q𝑘 , anisotropic scale
s𝑘 , opacity𝑜𝑘 , and𝐷𝑐 spherical harmonics (SH) coefficients encoding
the color c𝑘 . The rotation q𝑘 and scale s𝑘 together define the 3D
Gaussian’s covariance matrix. Images 𝐼 are rendered differentiably
from these primitives using the Gaussian rasterizer R({𝑔𝑘 }

𝑁𝑔

𝑘=1), as
proposed by Kerbl et al. [2023b].

3.1.2 Expression Encoder. A variational autoencoder (VAE) [Stan
et al. 2023b], 𝐸exp, learns the expression manifold. The inputs to
this encoder are UV-parameterized texture data (𝑇 ) and geometry
data (𝐺). To focus on expression-specific changes, 𝐸exp processes the
differences: Δ𝑇exp =𝑇exp−𝑇neu and Δ𝐺exp =𝐺exp−𝐺neu. These repre-
sent the deviations of the dynamic expression state (𝑇exp,𝐺exp) from
a corresponding neutral state (𝑇neu,𝐺neu). The encoder maps these
differences into the parameters (mean 𝝁exp and standard deviation
𝝈 exp) of a multivariate Gaussian distribution:

𝝁exp,𝝈 exp = 𝐸exp (Δ𝑇exp,Δ𝐺exp;Φ𝐸exp ) (1)

The expression codeZexp ∈ R𝐷exp (𝐷exp = 256) is then sampled using
the reparameterization trick [Stan et al. 2023b]: Zexp = 𝝁exp+𝝈 exp ·𝝐 ,
where 𝝐 ∼ N(0, 𝐼 ).

3.1.3 UHAP Decoder. The UHAP Decoder, DUHAP, synthesizes the
full 3D Gaussian avatar conditioned on the identity code Zid and
expression code Zexp. It comprises three main components, each
with its own set of learnable parameters denoted by Φ( ·) . (1) A
Neutral Decoder Dneut processes Zid to produce identity-specific
feature maps fneut = Dneut (Zid;Φneut). Supervised by registered neu-
tral 3D scan data during training, fneut encapsulates the subject’s
base geometry and appearance. This dedicated Neutral Decoder is
a key design choice; by explicitly learning to inject these identity-
specific features, it promotes better disentanglement of identity from
expression, ensures more robust identity preservation during ani-
mation, and contributes to more stable training, ultimately leading
to sharper, higher-fidelity rendering. Critically, this enables efficient
personalization to unseen captures of new identities (Sec. 3.3), with-
out requiring explicit neutral 3D scans for those new subjects. (2)
A Guide Mesh Decoder Dguide predicts vertex positions v̂𝑝 . Condi-
tioned on both Zid and Zexp, this decoder, Dguide (Zid,Zexp;Φguide),
predicts these as offsets relative to a canonical template mesh, vcan,
which has a fixed topology of 7306 vertices. (3) The Gaussian Avatar
DecoderDga, a CNN-based decoder,Dga (Zid,Zexp, fneut,𝑉 ;Φga), pre-
dicts the parameters {𝛿t𝑘 , q𝑘 , s𝑘 , 𝑜𝑘 , c𝑘 } for the set of 3D Gaussians.
The Gaussians are learned on a UV map that is parameterized by the
guide mesh topology. 𝛿t𝑘 represents predicted offsets from initial

Gaussian positions which are initialized on the decoded guide mesh
vertices v̂𝑝 . This decoder is conditioned on Zid, Zexp, the identity
features fneut (injected at various network layers), and the camera
viewpoint 𝑉 . The final rendered image is denoted as 𝐼𝑝 = R({𝑔𝑘 }).

3.1.4 UHAP Training Objective. For UHAP training, we utilize the
Ava-256 dataset [Martinez et al. 2024]. This dataset provides multi-
view images for 256 subjects and, critically for our loss terms, in-
cludes annotations such as: non-rigid mesh tracking for dynamic
geometry (𝐺exp), which yields the ground truth vertices vg maintain-
ing a consistent topology across expressions and subjects; tracked
dynamic appearance as UV maps (𝑇exp); and per-subject neutral
scan data (𝐺neu,𝑇neu). The neutral data (𝐺neu,𝑇neu) is derived by av-
eraging the tracked dynamic geometry and texture sequences for
each subject. We jointly optimize all UHAP parameters Φ =

(
Φ𝐸exp ,

ΦDUHAP

)
, where ΦDUHAP =

(
Φneut, Φguide, Φga

)
. The overall loss

LUHAP is defined as following:

LUHAP = 𝜆recLrec + 𝜆neutLneut + 𝜆KLLKL + 𝜆geoLgeo

+𝜆percLperc + 𝜆reg_idLreg_id + 𝜆reg_gaussLreg_gauss
(2)

Here, Lrec is an image reconstruction loss (L1 and SSIM [Wang
et al. 2004]) between the rendering 𝐼p and ground truth image 𝐼g.
Lneut is an L1 loss on the model’s reconstruction of the neutral scan
data (𝐺neu,𝑇neu) provided by the Ava-256 dataset. LKL is the KL-
divergence for the VAE’s expression posterior 𝑞(Zexp |Δ𝑇exp,Δ𝐺exp)
against N(0, 𝐼 ). Lgeo is an L2 loss comparing the predicted guide
mesh vertices v̂p to the ground truth tracked vertices vg, which are
obtained from the non-rigid mesh tracking annotations in the Ava-
256 dataset. Lperc is a perceptual loss [Johnson et al. 2016] between
𝐼p and 𝐼g. Lreg_id is an L1 norm on the identity code Zid. Lreg_gauss
includes standard 3D Gaussian regularizations (e.g., for opacity
and scale) [Teotia et al. 2024]. The 𝜆 ( ·) values are hyperparameter
weights.

3.1.5 Monocular Expression Encoder. To effectively personalize our
UHAP model to new, unseen captures (videos or static images) and
to facilitate image-driven animation, we train a dedicated Monoc-
ular Expression Encoder, 𝐸image (𝐼𝑖 ;Φimg). This network’s primary
role is to map an input image 𝐼i to an estimated expression code
Ẑexp within UHAP’s learned latent expression space. By explaining
expression-dependent variations in the input image, 𝐸image allows
the subsequent fine-tuning ofDUHAP (Sec. 3.3) to focus on capturing
the global, identity-specific attributes of the new subject.
𝐸image is trained using frontal images derived from our UHAP

training data as inputs, with the corresponding ground truth ex-
pression codes Zexp (obtained from 𝐸exp as described in Sec. 3.1.2)
serving as targets. To enhance its generalization capabilities and
encourage the learning of identity-agnostic expression features, we
employ a data augmentation strategy during the training of 𝐸image.
This involves randomly swapping the identity of the input render-
ings by leveraging LivePortrait [Guo et al. 2024] as an effective
expression-transfer tool to re-render the same expression on a dif-
ferent identity. The objective L𝐸image combines a squared L2 loss on
the predicted latent codes with an L1 reconstruction loss. This L1
loss measures the difference between renderings produced using the
predicted expression code (𝐼p for images, v̂p for guide mesh vertices)
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and pseudo-ground truth targets (𝐼g, v̂g):

L𝐸image = 𝜆latent | |Ẑexp −Zexp | |2 +𝜆recon ( | |𝐼p − 𝐼g | |1 + ||v̂p − v̂g | |1) (3)

Here, 𝐼p and v̂p are generated using DUHAP (Zid, Ẑexp), while 𝐼g and
v̂g are the pseudo-ground truth targets derived from UHAP training
data, as depicted in Fig. 2 (middle).

Fig. 3. Personalization pipeline stages: (a) Input static scan. (b) Result after
Zid fine-tuning. (c) Result after DUHAP decoder fine-tuning. Process yields
(d) finetuned neutral appearance, (e) geometry, and (f) 3D Gaussians.

3.2 Audio-Driven Avatar Synthesis
To animate our Universal Head Avatar Prior (UHAP) from speech
(Figure 2, Right), we generate sequences of its rich expression codes,
Zexp. These codes are designed to holistically modulate the entire
facial state. Generating full-face expressions directly from audio,
which primarily correlates with lip movements, is a key challenge.
Our core audio-to-expression generator is a diffusion probabilistic
model (DDPM) [Ho et al. 2020], G𝜃 . For its backbone, we use the
Transformer-based model as proposed in [Ng et al. 2024]. While
the framework in [Ng et al. 2024] is effective for generating expres-
sive outputs, it was originally applied to predict person-specific
codes. In contrast, our G𝜃 is trained to synthesize sequences within
our person-agnostic UHAP expression space Zexp. Furthermore,
our approach differs from other diffusion-based models like Fac-
eTalk [Aneja et al. 2024b], which, though also using a Transformer
architecture, primarily predicts latent codes for geometry-only para-
metric models. Our Zexp latents, conversely, drive both the geometry
and the appearance-related facial expression dynamics of UHAP.
The DDPM G𝜃 is conditioned on several inputs: audio features A1:𝑁 ,
predicted lip vertices L𝑣 , the noisy expression codes Zt

exp, and the
diffusion timestep 𝑡 . The audio features A1:𝑁 are extracted from
the input waveform by a Wav2Vec-based encoder [Baevski et al.

2020] (𝐸𝑎𝑢𝑑𝑖𝑜 in Figure 2). The lip vertices L𝑣 are predicted by a ded-
icated Audio-to-lip Module (𝑀𝑎2𝑙 in Figure 2) from A1:𝑁 to provide
strong local synchronization cues. The Audio-to-lip module uses the
Wav2Vec encoder [Baevski et al. 2020] and a pretrained, lightweight
transformer to predict 338 lip vertices directly from audio. These ver-
tices provide explicit local conditioning for our diffusion model. The
Transformer architecture [Vaswani et al. 2023] within G𝜃 utilizes
self-attention, cross-attention to fuse these conditioning signals,
and FiLM layers [Perez et al. 2018] for the timestep embedding.

G𝜃 is trained to predict the noise 𝝐 added to the clean expression
codes Z0

exp, using the standard DDPM objective:

L𝑑𝑖 𝑓 𝑓 = EZ0exp,A,L𝑣 ,𝝐,𝑡

[


𝝐 − G𝜃
(√

𝛼𝑡Z0
exp +

√
1 − 𝛼𝑡𝝐, 𝑡,A, L𝑣

)


2

2

]
(4)

where 𝝐 ∼ N(0, 𝐼 ) and 𝛼𝑡 is from the noise schedule. Training
employs paired audio segments and Zexp codes from the Multiface
dataset [hsinWuu et al. 2023], where Zexp codes are obtained via our
UHAP’s 𝐸𝑒𝑥𝑝 (Sec. 3.1.2). During inference, the denoised sequence
Ẑ0
exp, with a target identity codeZid, drives the frozen UHAP decoder

D𝑈𝐻𝐴𝑃 .

3.3 Personalization for New Identities
Our UHAP can be personalized to new identities using various
input data, including short dynamic captures of the new subject, or
a static multi-view capture. A key advantage of our personalization
approach is its efficiency and minimal data prerequisites: for the
input data, we only require the rigid head pose and do not necessitate
prior non-rigid 3D tracking or complex geometric registration of
the subject. To adapt UHAP to a new identity, for instance from
a static capture, we perform a two-stage fine-tuning process. This
entire process takes approximately 20 minutes in total on a single
NVIDIA A40 GPU. When adapting UHAP to a new identity from
a static scan, we pass a frontal image from the scan to our pre-
trained Monocular Expression Encoder 𝐸𝑖𝑚𝑎𝑔𝑒 (Sec. 3.1.5) to obtain
the corresponding expression code, Zexp. This specific expression
code Zexp is then held constant throughout the subsequent two-
stage fine-tuning procedure. If personalizing from a short dynamic
video, 𝐸𝑖𝑚𝑎𝑔𝑒 would provide per-frame expression codes. First, the
identity code Zid is optimized for ∼2k iterations (Fig. 3b). Second,
the UHAP decoder DUHAP is fine-tuned for ∼2k iterations (Fig. 3c)
using the fitting loss Lfit:

Lfit = 𝛼1Lphoto + 𝛼2Llaplacian + 𝛼3Loffset + 𝛼4Lscale (5)

where Lphoto is an L1 photometric loss between the rendered image
and the input scan;Llaplacian regularizes the smoothness of the guide
mesh vertices (v𝑡 ); andLoffset andLscale areL1 norms applied to the
predicted Gaussian positional offsets and scales, respectively. The
coefficients 𝛼𝑖 are hyperparameter weights balancing these terms.
This two-stage process yields the subject’s personalized neutral
appearance (Fig. 3d), geometry (e), and the set of 3D Gaussians (f)
that constitute the fine-tuned 3D Gaussian Avatar.

4 Experiments
In this section, we first outline the datasets used for training our
universal prior and the audio-driven synthesis model, alongwith key
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Fig. 4. Audio-driven synthesis results for three UHAP model identities with corresponding audio prompts.

Fig. 5. Qualitative comparison with SOTA methods (CodeTalker+GA, Faceformer+GA, FaceDiffuser+GA, Ours) and Ground Truth for specified audio segments.
GA denotes GaussianAvatars augmentation.

implementation details (Sec. 4.1). We then present qualitative results
that demonstrate the capabilities of our method in generating audio-
driven, diverse, and expressive animations (Sec. 4.2). Subsequently,

we provide quantitative and qualitative comparisons against audio-
driven (geometric) facial animation methods (Sec. 4.3). Finally, we
conduct ablation studies (Sec. 4.4) to validate the impact of our key
components and design choices within our proposed framework,
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such as the role of neutral features, the pretraining of our monocular
encoder, and the amount of data needed for personalization.

4.1 Datasets and Implementation Details
Training Data. Our Universal Head Avatar Prior (UHAP) is trained
using 230 distinct identities from the Ava-256 dataset [Martinez
et al. 2024]. This dataset provides multi-view dynamic video record-
ings and registered neutral 3D scans for each subject but it contains
no audio. The large number of identities in Ava-256 is crucial for
learning a robust and generalizable prior (UHAP) over identity and
expression. For training the audio-to-expression synthesis model,
we utilize the Multiface dataset [hsin Wuu et al. 2023]. Multiface
provides synchronized multi-view video data of subjects uttering
a combined 650 sentences, offering rich audio-visual correspon-
dence, though with a more limited number of identities compared to
Ava-256. All identities from Multiface are unseen during the train-
ing of our UHAP prior. Multiface also provides tracked dynamic
geometry (𝐺exp), dynamic appearance UV maps (𝑇exp), and corre-
sponding neutral data (𝐺neu,𝑇neu) for its subjects. We leverage our
pre-trained UHAP and its associated expression encoder (Sec. 3.1.2)
to process these 𝑇exp,𝐺exp sequences from the Multiface dataset,
mapping them into our subject-agnostic expression space to obtain
Zexp codes. This allows us to create the synchronized audio-feature-
to-Zexp pairs necessary for training our audio-driven model. Data
from 10 identities from Multiface dataset are used for training this
audio model. Three Multiface dataset identities, entirely unseen by
both the UHAP model and the audio model during their respective
training phases, are held out exclusively for testing and evaluating
the audio-visual performance of our complete pipeline.
Baseline Setup. Our method’s capability to personalize to new
subjects is versatile, accommodating inputs such as static captures
or dynamic videos (as detailed in Sec. 3.3). For the quantitative and
qualitative comparisons against state-of-the-art methods requiring
personalization (Sec. 4.3), we use a consistent setup for, both, our
model and the baselines. Specifically, for new identities from theMul-
tiface test set, our UHAP model is fine-tuned using approximately
500 frames (or 5 sentences) per camera from 12 views. We highlight
that there is no prior work that is generalizable from speech in-
put and enables photoreal renderings. Instead, we compare against
state-of-the-art geometry-based methods, i.e., Faceformer [Fan et al.
2022a], CodeTalker [Xing et al. 2023], and FaceDiffuser [Stan et al.
2023a]. Their output consists of animatedmesh sequences in FLAME
topology, which we further augmented for photorealistic rendering
for fair comparison. This is achieved by training person-specific
GaussianAvatars [Qian et al. 2024b] for each test identity. Crucially,
these GaussianAvatars are also trained using the identical data setup
as our personalization stage leverages. This ensures a fair and di-
rect comparison in terms of the input data provided for achieving
photorealistic results.

4.2 Qualitative Results
We first show the general qualitative performance of our audio-
driven avatar synthesis method. Fig. 4 demonstrates the capability
of our method to generate expressive audio-driven animations for

Fig. 6. Personalization from sparse inputs (left column) and resulting audio-
driven animation (right columns) for three subjects at a novel viewpoint.

three distinct synthesized identities. The sequences highlight ac-
curate lip synchronization corresponding to the provided audio
prompts, accompanied by natural-looking facial dynamics and var-
ied expressions indicative of the spoken content. Fig. 6 illustrates the
versatility and effectiveness of our personalization process across
various input conditions. We show adaptation to new subjects from:
a monocular video capture from the INSTA dataset [Zielonka et al.
2023] (top row), multiview captures (8 input views) from Multiface
Dataset [hsin Wuu et al. 2023] (middle row), and (bottom row). We
highlight that all these datasets are not part of the UHAP training.
In each case, the input data (leftmost column) is used to person-
alize UHAP, and the subsequent audio-driven animations (right
columns) demonstrate that the unique identities are well-captured
and then faithfully animated with coherent speech motions. Beyond
audio-driven synthesis, Fig. 7 underscores the versatility of our
learned expression space through image-driven animation. Here,
expressions from a source driving sequence (top row) are success-
fully transferred to multiple distinct target identities (rows below),
demonstrating accurate expression re-targeting while consistently
maintaining the unique appearance and characteristics of each tar-
get avatar. This highlights the successful latent disentanglement of
the identity and expression latent space. We also provide additional
qualitative results on subjects from the HQ3DAvatar [Teotia et al.
2023] and Renderme-360 [Pan et al. 2024] datasets in the supple-
mentary material.

4.3 Comparisons with State-of-the-Art Methods
We conduct a comparative evaluation of our method against several
recent state-of-the-art audio-driven facial animation techniques:
Faceformer [Fan et al. 2022a], CodeTalker [Xing et al. 2023], and
FaceDiffuser [Stan et al. 2023a]. As these methods primarily focus
on generating 3D mesh deformations, their outputs are rendered
using personalized GaussianAvatars [Qian et al. 2024b] to enable a
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Fig. 7. Image-driven animation: Driving image sequence (top) and animated
target identities (rows below).

Table 1. Quantitative comparison with SOTA audio-driven avatar methods
on the held-out audio and universal model test subjects. Metrics are aver-
aged across all frames and identities.

Method PSNR ↑ LPIPS ↓ SSIM ↑ LSE-D ↓

CodeTalker 26.23 0.37 0.6518 8.30
FaceFormer 25.93 0.38 0.6475 9.32
FaceDiffuser 26.32 0.43 0.6832 8.88

Ours 27.37 0.29 0.7293 6.32

fair photorealistic comparison. We evaluate our method on held-out
speakers/subjects from the Multiface dataset [hsin Wuu et al. 2023].
Quantitative Comparison. Tab. 1 summarizes the quantitative
results on the held-outMultiface test identities. Ourmethod achieves
superior performance across standard image reconstruction metrics,
including higher PSNR and lower L1 and LPIPS [Zhang et al. 2018]
scores, which indicates enhanced image fidelity and perceptual
quality. Furthermore, our approach demonstrates improved audio-
visual synchronization, as reflected by a better (lower) LSE-D score
[Chung and Zisserman 2016]. Since these metrics test the end-to-
end performance from audio to image quality, these results confirm
the combined benefits of our contributions that more directly link
audio input and avatar rendering.
Qualitative Comparison. Fig. 5 provides a side-by-side visual
comparison against state-of-the-art methods, personalized on the

same Multiface test subjects, and ground truth for specified audio
segments, shown from a held-out novel viewpoint. Our method
consistently produces results with higher fidelity details in terms
of appearance and geometry. For instance, in subjects with facial
hair, our approach renders a sharper beard that deforms naturally
and coherently with speech-induced jaw and cheek movements, a
detail which prior method can typically not preserve resulting in
smoothed out renderings that lack photorealism. Furthermore, our
model generates a significantly sharper and more realistic mouth
interior, contributing to more natural expressions during speech.
This, combined with more precise mouth articulation (e.g., for words
like “change” and “bride”) and subtle eye movements, leads to better
visual lip synchronization and overall fidelity to the ground truth,
which is visibly higher compared to the baselines. This visual supe-
riority can be attributed to our model’s ability to directly synthesize
these fine-grained appearance attributes coherently with geometric
deformations, all driven by the audio-driven latent expression codes.

4.4 Ablation Studies

Fig. 8. Ablation on monocular encoder (𝐸𝑖𝑚𝑎𝑔𝑒 ) training: Encoder trained
during fitting (left), Ours (pretrained encoder, center), Ground Truth (right).

To validate the contributions of individual components and design
choices within our framework, we perform several ablation studies.
Impact of Neutral Features in UHAP. Fig. 9 evaluates the im-
portance of incorporating identity-specific neutral features (𝑓neut)
during UHAP training. The visual comparison shows renderings
with our full model, without neutral features, and the Ground Truth,
alongside quantitative metrics. Removing these neutral feature in-
puts results in a discernible degradation in rendering quality and the
precision of identity preservation. This highlights the critical role
of these learned neutral characteristics in achieving high-fidelity
personalization with our UHAP.
Role of Pretrained Monocular Expression Encoder. The sig-
nificance of employing a pretrained monocular expression encoder
(𝐸image), as opposed to training it from scratch during subject-specific
fine-tuning, is demonstrated in Fig. 8. The left panel shows results
when the encoder is trained during fitting, the center panel shows
our approach with a pretrained encoder, and the right panel shows
ground truth. When the expression encoder is trained concurrently
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Fig. 9. Ablation on neutral features (𝑓𝑛𝑒𝑢𝑡 ): Without Neutral Features (left),
Ours (center), Ground Truth (right), with PSNR/LPIPS metrics.

with subject fine-tuning, it tends to learn a mapping that entangles
expression with the specific subject’s appearance and geometry.
This causes a mismatch when expression codes from our univer-
sal audio model, which expects the original, disentangled latent
space semantics, are fed into this subject-adapted decoder, leading
to distorted expressions and incorrect appearance. Our proposed
approach, which utilizes the pretrained encoder designed to isolate
true expression variations, maintains compatibility with the audio
model’s output, ensuring faithful synthesis.

5 Conclusion
We have introduced a novel framework for the audio-driven syn-
thesis of universal, photorealistic 3D Gaussian head avatars. Our
Universal Head Avatar Prior (UHAP), learns a rich expression latent
space that holistically controls both detailed geometry and dynamic
appearance. Combined with an efficient personalization strategy
adaptable to sparse inputs and an audio-to-expression diffusion
model, our approach generates high-fidelity animations. These an-
imations demonstrate accurate lip synchronization and nuanced
facial dynamics such as eye-gaze shifts, all generalizing across di-
verse identities and sparse, monocular capture settings.
Limitations. Despite promising results, our method has limitations.
While synthesized upper-head expressions generally align well with
speech-driven mouth motion, the current gaze behavior can some-
times appear unnatural, potentially reflecting the script-reading
nature of the audio training data. Training on conversational audio-
visual data and adding explicit gaze control are potential avenues for
future works to overcome this limitation. Furthermore, although our
model reconstructs fine details like static hair strands, it struggles
with elements that exhibit complex, independent motion relative
to the skin surface, such as beards as shown in Fig. 10, which the
current representation may not perfectly register. This limitation
can be overcome by leveraging strand-based representation for fa-
cial hair [Winberg et al. 2022]. While our appearance model can
render avatars in real-time (50 FPS on a single NVIDIA A40 series

Fig. 10. Our method struggles with fine regions such as beards, where
our model’s geometry-fitting (a) averages out fine details, leading to less
accurate reproduction (b) compared to ground truth (c).

GPU), the audio-to-latent module does not decode expression codes
in real-time due to the iterative nature of the denoising process of
the diffusion model. Future work could explore diffusion models
optimized for faster inference to enable real-time expression code
decoding while maintaining quality. Finally, our UHAP is trained on
high-quality studio data with the same lighting conditions across
subjects. Robustness to in-the-wild captures (e.g., mobile phone
recordings under uncontrolled lighting) is still limited. Extending
the UHAP training corpus to include light-stage data will increase
robustness to such capture conditions.
Future Work. Future work will aim to address these limitations
and further enhance our system’s capabilities. We plan to investi-
gate methods for learning more natural and interactive gaze behav-
iors, perhaps by incorporating data from unscripted conversational
videos or by enabling explicit gaze control. A significant avenue for
future development involves leveraging our monocular expression
encoder (𝐸𝑖𝑚𝑎𝑔𝑒 ) by using it as an inference tool to collect expression
codes on large-scale, diverse in-the-wild audio-visual datasets. This
could enable the explicit modeling and audio-driven synthesis of a
broader spectrum of nuanced human emotions, thereby enriching
avatar expressiveness and realism.
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A Supplementary Document Overview
This document supplements the information in the main paper with
additional qualitative examples, ablation studies, and implementa-
tion details, including the neural network architecture.

B Additional Experiments
Impact of Number of Frames for Personalization. Fig. 12 studies the

effect of the number of frames used for fine-tuning UHAP on a new
identity. While personalization from even a single static capture
yields plausible results, using a short sequence of frames allows
for the capture of more subject-specific expression nuances. Our
experiments in Fig. 12 show that fine-tuning with approximately
500 frames effectively captures these nuances. Increasing the data to
2000 frames provides only marginal improvements, indicating that
our approach can achieve high-quality, nuanced personalization
efficiently with a limited number of frames. For this ablative study,
we keep the number of views fixed at 12 for each experiment.

Impact of Number of input views for Personalization. Fig. 13 studies
the effect of the number of input views used for fine-tuning UHAP
on a new identity. Our method shows robust personalization across
4, 8, and 30 views, where even with as few as 4 views the fitting
remains accurate and identity-preserving. While additional views
provide modest gains in capturing subtle appearance details, the
overall performance with fewer views remains strong, highlighting
the efficiency of our approach in low-view settings. For this ablative
study, we keep the number of input frames fixed at 500 for each
experiment.

Monocular Encoder Generalization with Diverse Exposure. Fig. 11
investigates the benefit of exposing the monocular image encoder
(𝐸𝑖𝑚𝑎𝑔𝑒 ) to diverse identities exhibiting similar expressions during
its training, leveraging techniques inspired by LivePortrait [Guo
et al. 2024]. This pre-exposure aids in learning a more robust ex-
pression representation that generalizes better. The figure compares
results driven by an in-the-wild image (right): left shows animation
without this diverse pre-exposure, while center shows our method
with it. This diverse training helps achieve more accurate expres-
sion alignment when driving the avatar with in-the-wild images of
unseen identities and varied conditions.

Geometric Accuracy. To further validate the robustness of our
approach, we report quantitative geometry metrics on held-out
speaker data (Tab. 2) on a subject from the Multiface dataset [hsin
Wuu et al. 2023]. For fair comparison across different 3D mesh
topologies (FLAME, Ava-256), we resample all meshes to the Sapi-
ens [Khirodkar et al. 2024] landmark topology. Our method achieves
lower lip vertex error (LVE) and mean vertex error (MVE), as well
as a strong FDD score, demonstrating that UHAP not only drives
photorealistic appearance but also preserves accurate geometric
motion compared to ground-truth facial dynamics.

Additional qualitative results. We further provide qualitative re-
sults on subjects from the HQ3DAvatar [Teotia et al. 2023] and
RenderMe-360 [Pan et al. 2024] datasets. As shown in Fig. 14, our
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Table 2. Quantitative comparison with SOTA audio-driven avatar methods
on landmark and facial dynamics distance metrics.

Method LVE [mm] ↓ MVE [mm] ↓ FDD ↓

CodeTalker 4.13 4.25 0.4902
FaceFormer 3.92 4.16 0.4390
FaceDiffuser 3.46 3.98 0.4060

Ours 3.01 3.15 0.1848

method takes as input expression data from multiple views for each
subject, and synthesizes high-fidelity audio-driven facial animation,
consistently across all the subjects.

Fig. 11. Ablation on monocular encoder generalization using LivePor-
trait2D [Guo et al. 2024] inspired diverse pre-exposure: Without diverse
pre-exposure (left), Ours (center), Driving Image (right).

C Implementation Details
This section details the architectures of the core components of our
framework: the Universal Head Avatar Prior (UHAP), theMonocular
Expression Encoder (𝐸𝑖𝑚𝑎𝑔𝑒 ), and the Audio-to-Expression Diffusion
Model (G𝜃 ), as well as training specifics.

C.1 UHAP Components
The UHAP, is composed of several interconnected neural network
modules. These modules are responsible for encoding expressions
(𝐸𝑒𝑥𝑝 ), representing identity (Zid), and decoding these into a full
3D Gaussian avatar via D𝑈𝐻𝐴𝑃 (which includes D𝑛𝑒𝑢𝑡 , D𝑔𝑢𝑖𝑑𝑒 , and
D𝑔𝑎). Below, we detail their architectures, with layer configurations
summarized in the accompanying tables.

Fig. 12. Ablation on number of frames used to fine-tune UHAP.

Fig. 13. Ablation on number of input views used to fine-tune UHAP.

C.1.1 Expression Encoder (𝐸𝑒𝑥𝑝 ). The Expression Encoder 𝐸𝑒𝑥𝑝 pro-
cesses UV-parameterized texture difference maps (Δ𝑇𝑒𝑥𝑝 ) and ge-
ometry difference maps (Δ𝐺𝑒𝑥𝑝 ) to produce the parameters of the
expression code Zexp. The input UV maps are of size 512 × 512 with
3 channels. As detailed in Table 3 (module ‘CNNEncoderPosmap‘),
the encoder consists of a series of 8 convolutional blocks. Each block
applies a 2D convolution, followed by a LeakyReLU activation and
downsampling, progressively reducing the spatial resolution from
512 × 512 down to 2 × 2 while adjusting channel depth. The final
256 × 2 × 2 feature map is flattened and passed through a fully con-
nected layer to output the 256-dimensional parameters (𝝁𝑒𝑥𝑝 ,𝝈𝑒𝑥𝑝 )
for Zexp.

C.1.2 Identity Representation (Zid). The identity code Zid is a learn-
able embedding vector for each subject. For 𝑁𝑖𝑑𝑠 unique identities in
the training set, an embedding table of size 𝑁𝑖𝑑𝑠 ×𝐷𝑖𝑑 is maintained,
where 𝐷𝑖𝑑 = 512 is the dimension of the identity latent code. The
corresponding 512-dimensional vector Zid is retrieved via lookup
(module ‘IdentityLatentCode‘, Table 4).

C.1.3 Neutral Decoder (D𝑛𝑒𝑢𝑡 ). The Neutral Decoder D𝑛𝑒𝑢𝑡 takes
the 𝐷𝑖𝑑 -dimensional identity code Zid as input and generates the
identity-specific feature maps f𝑛𝑒𝑢𝑡 . These maps comprise two sets
of multi-scale bias maps: f𝑛𝑒𝑢𝑡,𝑔𝑒𝑜 for geometry and f𝑛𝑒𝑢𝑡,𝑎𝑝𝑝 for ap-
pearance. Each set is produced by dedicated generators. As detailed
in Table 5, each generator processes the 512-dim Zid through a series
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Fig. 14. Additional audio-driven qualitative results on sparse input data from subjects of HQ3DAvatar [Teotia et al. 2023] (top 2 rows) and RenderMe-360 [Pan
et al. 2024] (bottom 2 rows) datasets. Our method produces high-fidelity facial animation across diverse identities.

of deconvolutional blocks. This produces a pyramid of 9 bias maps,
where each map in the pyramid has a progressively larger spatial
resolution (from 4 × 4 up to 1024 × 1024) and a corresponding num-
ber of channels as specified in the table. These f𝑛𝑒𝑢𝑡 maps are then
injected (by element-wise add) at matching scales into the Gaussian
Avatar Decoder D𝑔𝑎 to provide identity-specific conditioning.

C.1.4 Guide Mesh Decoder (D𝑔𝑢𝑖𝑑𝑒 ). The Guide Mesh Decoder
D𝑔𝑢𝑖𝑑𝑒 predicts per-vertex displacements for a canonical template

mesh of 𝑁𝑣𝑒𝑟𝑡𝑠 = 7306 vertices. It processes a 768-dimensional vec-
tor, formed by concatenating Zid (𝐷𝑖𝑑 = 512) and Zexp (𝐷𝑒𝑥𝑝 = 256),
through an MLP with LeakyReLU activations, as detailed in Table 6.
The output is reshaped to 𝑁𝑣𝑒𝑟𝑡𝑠 × 3 displacement vectors, which
are added to the canonical mesh vertices to yield v̂p.

C.1.5 Gaussian Avatar Decoder (D𝑔𝑎). The Gaussian Avatar De-
coder D𝑔𝑎 synthesizes the final 3D Gaussian parameters through
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Table 3. Architecture of the UHAP Expression Encoder 𝐸𝑒𝑥𝑝 . C = Conv2dUB;
LR = LeakyReLU; DS = down-sample; FC = Fully Connected.

Channels / Resolution Operation
Input 3 @ 512 × 512 N/A
Block 1 (3→32) @ 512 → 256 (C, LR, DS)
Block 2 (32→32) @ 256 → 128 (C, LR, DS)
Block 3 (32→64) @ 128 → 64 (C, LR, DS)
Block 4 (64→64) @ 64 → 32 (C, LR, DS)
Block 5 (64→128) @ 32 → 16 (C, LR, DS)
Block 6 (128→128) @ 16 → 8 (C, LR, DS)
Block 7 (128→256) @ 8 → 4 (C, LR, DS)
Block 8 (256→256) @ 4 → 2 (C, LR, DS)
Output 256 @ 2 × 2 → FC(256) Flatten + FC

Table 4. Identity Latent Code Module.

Embedding Size Operation
Input 𝑁𝑖𝑑𝑠 indices N/A
Lookup (𝑁𝑖𝑑𝑠 × 𝐷𝑖𝑑 ) Embedding lookup
Output 𝐷𝑖𝑑 per-subject vector

Table 5. Architecture of Bias Map Generators for f𝑛𝑒𝑢𝑡 . The "Channels" for
"Blocks (Deconv)" lists the output channels for each of the 9 generated bias
maps corresponding to the increasing resolutions.

Channels Resolutions
Input 𝐷𝑖𝑑 (512) N/A
Blocks (Deconv) [256,256,128,128,64,64,32,16,3] 4 × 4 → 8 × 8 → · · · → 1024 × 1024
Output 9 bias maps multi-scale

Table 6. Architecture of the Guide Mesh Decoder D𝑔𝑢𝑖𝑑𝑒 . FC = Fully Con-
nected; LR = LeakyReLU.

Units Operation
Input 𝐷𝑒𝑥𝑝 (256) + 𝐷𝑖𝑑 (512) = 768 N/A
Block 1 768 → 1024 (FC, LR)
Block 2 1024 → 2048 (FC, LR)
Block 3 2048 → 3 × 𝑁𝑣𝑒𝑟𝑡𝑠 FC
Output 𝑁𝑣𝑒𝑟𝑡𝑠 × 3 reshape to offsets

two sub-decoders: a view-independent decoder D𝑣𝑖 for geometry-
related attributes and an appearance decoderD𝑟𝑔𝑏 for view-dependent
color. Both are conditioned on Zid, Zexp, and f𝑛𝑒𝑢𝑡 .
View-Independent Decoder (D𝑣𝑖 ): This component (architecture
in Table 7) predicts view-independent Gaussian parameters: posi-
tional offsets 𝛿t𝑘 , rotations q𝑘 , scales s𝑘 , and opacity 𝑜𝑘 . Input is
the concatenated Zid and Zexp. An initial FC layer projects this to
a 256 × 8 × 8 feature map. Subsequent blocks perform bias injec-
tion (using f𝑛𝑒𝑢𝑡,𝑔𝑒𝑜 ), transposed convolution for upsampling, and
LeakyReLU activation, producing a map (e.g., 11 × 512 × 512) which
is reshaped to provide parameters for each of the 𝑁𝑔 Gaussians.

Table 7. Architecture of the View-Independent Decoder (D𝑣𝑖 ). Bias-inject
uses f𝑛𝑒𝑢𝑡,𝑔𝑒𝑜 ; WN = weight-norm; C = Transposed Conv; LR = LeakyReLU.

Channels / Feature Map Size Operation
Input 768 (𝐷𝑒𝑥𝑝 + 𝐷𝑖𝑑 ) N/A
Block 1 FC → 256 @ 8 × 8 (FC+WN, LR)
Block 2 (256→128) @ 8 × 8 → 16 × 16 (Bias-inject, C, LR)
Block 3 (128→128) @ 16 × 16 → 32 × 32 (Bias-inject, C, LR)
Block 4 (128→64) @ 32 × 32 → 64 × 64 (Bias-inject, C, LR)
Block 5 (64→64) @ 64 × 64 → 128 × 128 (Bias-inject, C, LR)
Block 6 (64→32) @ 128 × 128 → 256 × 256 (Bias-inject, C, LR)
Block 7 (32→16) @ 256 × 256 → 512 × 512 (Bias-inject, C, LR)
Block 8 (16→11) @ 512 × 512 (Bias-inject, C)
Output 11 × 512 × 512 → 𝑁𝑔 Gaussian params split and reshape

Appearance Decoder (D𝑟𝑔𝑏 ): This component (architecture in
Table 8) predicts view-dependent 3-channel RGB color c𝑘 ∈ R3. It
takes concatenated Zid, Zexp, and viewpoint features 𝑉 as input.
Similar to D𝑣𝑖 , it uses an FC layer and upsampling blocks with bias
injection (using f𝑛𝑒𝑢𝑡,𝑎𝑝𝑝 ), culminating in a 3 × 512 × 512 map for
the RGB color c𝑘 for each Gaussian.

Table 8. Architecture of the Appearance Decoder (D𝑟𝑔𝑏 ). Bias-inject uses
f𝑛𝑒𝑢𝑡,𝑎𝑝𝑝 ; WN = weight-norm; C = Transposed Conv; LR = LeakyReLU.

Channels / Feature Map Size Operation
Input ∼771 (𝐷𝑒𝑥𝑝 + 𝐷𝑖𝑑 + 𝐷𝑣𝑖𝑒𝑤 ) N/A
Block 1 FC → 256 @ 8 × 8 (FC+WN, LR)
Block 2 (256→128) @ 8 × 8 → 16 × 16 (Bias-inject, C, LR)
Block 3 (128→128) @ 16 × 16 → 32 × 32 (Bias-inject, C, LR)
Block 4 (128→64) @ 32 × 32 → 64 × 64 (Bias-inject, C, LR)
Block 5 (64→64) @ 64 × 64 → 128 × 128 (Bias-inject, C, LR)
Block 6 (64→32) @ 128 × 128 → 256 × 256 (Bias-inject, C, LR)
Block 7 (32→16) @ 256 × 256 → 512 × 512 (Bias-inject, C, LR)
Block 8 (16→ 3) @ 512 × 512 (Bias-inject, C)
Output 3 × 512 × 512 → 𝑁𝑔 RGB color reshape

The outputs from these decoders constitute the full set of param-
eters for the 𝑁𝑔 3D Gaussians, used for rendering the final avatar
image.

C.2 Monocular Expression Encoder (𝐸𝑖𝑚𝑎𝑔𝑒 )
The Monocular Expression Encoder 𝐸𝑖𝑚𝑎𝑔𝑒 , responsible for predict-
ing the 256-dimensional expression code Ẑexp from a single input im-
age. It employs a two-branch architecture inspired by Live3DPortrait
[Trevithick et al. 2023]. However, instead of predicting triplanes, our
𝐸𝑖𝑚𝑎𝑔𝑒 directly regresses the latent expression code Ẑexp compatible
with our UHAP.

The encoder processes the input image 𝐼𝑖 (e.g., 512 × 512 × 3)
through two parallel pathways:

• Low-Resolution Branch: A truncated ResNet34 [He et al.
2015] acts as a feature extractor (low_feat_extractor), pro-
ducing features (512×𝐻/32×𝑊 /32). These are passed through
a 1 × 1 convolution (low_conv) to reduce channel dimension-
ality (e.g., to 128). An OverlapPatchEmbed module then con-
verts these features into patch embeddings of dimension 256.
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Table 9. Hyperparameter weights for the UHAP training objective L𝑈𝐻𝐴𝑃 .

Hyperparameter Value

𝜆𝑟𝑒𝑐 1.0
𝜆𝑛𝑒𝑢𝑡 1𝑒-3
𝜆𝐾𝐿 1𝑒-2
𝜆𝑔𝑒𝑜 1𝑒-3
𝜆𝑝𝑒𝑟𝑐 1𝑒-2
𝜆𝑟𝑒𝑔_𝑖𝑑 1𝑒-3
𝜆𝑟𝑒𝑔_𝑔𝑎𝑢𝑠𝑠 1𝑒-3

Table 10. Hyperparameter weights for the personalization objective L𝑓 𝑖𝑡 .

Hyperparameter Value

𝛼1 1
𝛼2 1𝑒-2
𝛼3 1𝑒-3
𝛼4 1𝑒-2

These patch embeddings are processed by a TransformerBlock
(vit_block) and reshaped back into a 2D feature map (256 ×
𝐻/32 ×𝑊 /32).

• High-Resolution Branch:A simple CNN, HighResEncoder
(two Conv2D-ReLU layers reducing 512 × 512 × 3 → 128 ×
128 × 64), extracts high-frequency details. These features are
also passed through a 1 × 1 convolution to match channel
dimensions (to 128) and then bilinearly interpolated to the
same spatial dimensions (𝐻/32 ×𝑊 /32) as the output of the
low-resolution branch.

The featuremaps from both branches are concatenated channel-wise
(e.g., 256 + 128 = 384 channels) and fused using a 3 × 3 convolu-
tion, reducing channels back to 256. This fused feature map is then
flattened and processed by a ViT-decoder [Dosovitskiy et al. 2021].
The output of this decoder is followed by adaptive average pooling
and a linear projection layer to output the final 256-dimensional
expression code Ẑexp.

C.3 Audio-to-Expression Diffusion Model (G𝜃 )
The audio-to-expression diffusion model G𝜃 , is based on the Trans-
former architecture from [Ng et al. 2024]. It consists of 𝐿 = 6 layers,
with each multi-head attention mechanism employing 𝐻 = 8 heads.
During training, for classifier-free guidance (to avoid overfittin),
conditioning signals (audio features and predicted lip vertices) are
masked with a probability of 𝑝𝑐𝑜𝑛𝑑_𝑚𝑎𝑠𝑘 = 0.25.
Inference. At inference time, the expression code sequence Ẑ0

exp is
generated by iteratively denoising a random Gaussian noise sample
for 𝑁𝑑𝑖 𝑓 𝑓 = 500 diffusion steps. To handle long audio sequences
and maintain temporal coherence, we adopt a windowed generation
approach. The audio is processed in overlapping windows (120
frames). For each window beyond the first, the last 30 frames of
the previously generated expression sequence are normalized using
pre-computed dataset statistics (mean and standard deviation of
expression codes) and provided context to condition the generation
of the current window. Only the new, non-overlapping portion of
each generated window is retained, ensuring smooth transitions
across the full sequence.

C.4 Hyperparameters and Training Resources
The training of our UHAP model and the personalization fine-
tuning stage involve several loss terms weighted by hyperparam-
eters. These weights balance the contribution of each term to the
overall objective. Table 9 details the hyperparameter weights 𝜆 ( ·) for
the UHAP training objective L𝑈𝐻𝐴𝑃 . Table 10 specifies the weights
𝛼𝑖 for the personalization fitting objective L𝑓 𝑖𝑡 . The values pre-
sented are indicative and typically determined through empirical
validation.
Training Time and Resources. The Universal Head Avatar Prior
(UHAP) is trained for a total of 300k iterations on 4 NVIDIA A40
GPUs (with a batch size of 1 per GPU). The Monocular Expres-
sion Encoder (𝐸𝑖𝑚𝑎𝑔𝑒 ) is subsequently trained for 100k iterations.
The audio-to-expression diffusion model (G𝜃 ) is trained for 200k
iterations on a single NVIDIA A40 GPU.
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