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Abstract

Prior expressive whole-body conversational avatar systems
map audio to parametric poses and then render, creat-
ing a lossy bottleneck where quantization, retargeting, and
tracking errors accumulate. This degrades audio–motion
synchronization and suppresses micro-articulations critical
for realism—such as bilabial closures, cheek inflation, na-
solabial motion, blinks, and fine hand gestures—especially
under single-image personalization. We propose an end-
to-end framework that builds a full-body, photorealistic
conversational avatar from a single image and drives it
directly from audio, bypassing intermediate pose predic-
tion. The avatar is modeled as a particle-based deforma-
tion field of 3D Gaussian primitives in a canonical space,
with an audio-conditioned dynamics module that outputs
per-particle trajectories for face, hands, and body, en-
abling localized high-frequency control with globally co-
herent motion. A splat-based differentiable renderer pre-
serves identity, texture, and photo realism, while feature-
level distillation from a large audio-driven video diffu-
sion model and weak supervision from synthetic audio-
conditioned clips further improve synchronization and nat-
ural expressivity. Joint photometric and temporal objec-
tives shape the audio-conditioned deformation and render-
ing. Experiments across diverse speakers show improved
lip–audio sync, fine facial detail, and conversational ges-
ture naturalness over pose-driven baselines.

1. Introduction
Building highly realistic and animatable human avatars has
been a central ambition in computer vision and graphics
for decades. Beyond static reconstruction, recent work in-
creasingly targets controllable, identity-preserving avatars
driven by external signals such as pose, audio, or driv-
ing video [1, 3, 49, 55, 99]. Two major paradigms have
emerged: (a) large-scale audio-driven video diffusion mod-
els that synthesize talking human videos directly from a
single reference image and audio [10, 14, 50], and (b) 3D
avatar methods that combine parametric body models with
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Figure 1. Overview of our personalized Audio-driven whole-body
talking Avatars (AudioAvatar): End-to-end framework that dis-
tills large video diffusion models to generate expressive, synchro-
nized talking avatars from a single image.

neural renderers such as NeRF or 3D Gaussian Splatting
for photorealistic, pose-driven animation [69, 74, 92]. We
refer to an animatable avatar as a personalized model that
encodes a subject’s canonical shape and appearance, de-
forms coherently under a driving signal, and renders pho-
torealistically. Despite rapid progress in both directions,
two capabilities remain underexplored in combination: per-
sonalizing a full-body avatar from a single image, and ex-
pressing conversational talking motion directly from audio.
Achieving both is challenging because it requires recover-
ing identity and deformation readiness from minimal in-
put, and aligning subtle audio-conditioned dynamics across
face, hands, and body at high temporal precision.

Recent audio-driven video diffusion models [10, 14, 50]
have demonstrated impressive capabilities in generating
talking human videos from a single reference image and
an audio signal, bypassing explicit audio-to-pose conver-
sion. However, these approaches face several fundamental
limitations: they are often restricted to head or upper-body
generation, struggle with fine-grained hand and facial de-
tails, and exhibit identity drift over long sequences due to
the lack of subject-specific personalization. Moreover, they
operate without an explicit 3D representation, resulting in
slow iterative denoising at inference time and limiting their
applicability to scenarios that demand efficient, repeatable
rendering of the same identity.

On the other hand, template-based 3D avatar pipelines
fit SMPL/SMPL-X [47, 60], learn canonical geom-
etry/appearance, and drive them with pose-dependent
LBS [35], often coupled with NeRF or 3D Gaussians [31,
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51], yielding photorealistic results across poses. However,
they struggle with audio-synchronized conversational be-
havior—where millisecond lip closures, coarticulation, and
fine hand gestures strongly affect naturalness since they
require separate audio-to-motion module [11, 43, 54] that
predicts parametric body/face/hand poses to drive a pose-
conditioned renderer, where this introduces a lossy bottle-
neck, failing to capture tongue–lip contacts, cheek infla-
tion, nasolabial detail, finger nuance and frame-by-frame
deformation with weak temporal constraints, leading to
sync errors, as illustrated in Fig. 2. These issues inten-
sify under single-image personalization, where recovering
a deformation-ready canonical avatar and learning an ex-
pressive, audio-aligned controller from one photo is espe-
cially ill-posed. Neither paradigm alone addresses the full
challenge: video diffusion models lack efficient, identity-
preserving rendering, while 3D avatar methods cannot di-
rectly leverage audio without a lossy pose intermediary.

We address these challenges with an end-to-end pipeline
that builds, from a single user image, a full-body conver-
sational avatar whose motion is driven directly by audio,
where we modulate audio features to learn a dense defor-
mation and fine appearance field inside differentiable avatar
deformer and neural renderer that preserves identity and
photorealism. It enhances temporal alignment by sequence-
level rendering losses, allowing gradients to flow through
time and synchronize deformations with speech prosody,
rather than relying on per-frame pose tracking. Training
on paired audio–video sequences enables the model to re-
alize micro-articulations and coordinated face–hand–body
dynamics without a lossy audio-to-pose bottleneck.

At the core of our approach is a particle-based deforma-
tion field embedded in a differentiable 3D Gaussian ren-
derer. From a single user photo, we reconstruct a canonical,
identity-preserving avatar and instantiate Gaussian particles
that are dense over expressive regions and sparse elsewhere
for efficiency. Audio features directly modulate per-particle
trajectories—without an intermediate parametric pose—so
that micro-articulations at the mouth, eyes, and hands can
be controlled locally while the body motion remains glob-
ally coherent. Running this control at audio-synchronous
rates expresses both rapid transients (e.g., plosive closures)
and longer prosodic movements (e.g., head nods, beat ges-
tures) with precise timing. Regularizers on locality and
spectrum curb jitter yet preserve the high-frequency com-
ponents essential for intelligible articulation.

To strengthen synchronization and realism under the
single-image regime, we distill audio–motion priors from
pretrained, large-scale, generative multi-modal video diffu-
sion models. Diffusion features provide a sequence-level
alignment signal that nudges our particle dynamics toward
plausible coarticulation and conversational gesturing; in ad-
dition, synthetic audio-conditioned clips serve as weak su-

pervision to diversify motion while keeping it synchronized
to the same audio. Training is end-to-end: rendering losses
propagate through time into the audio-conditioned deforma-
tion field, allowing the renderer and dynamics to co-adapt
for tight audio–visual alignment while preserving identity
and photorealistic appearance.

Contributions. (1) We propose an end-to-end, single-
image pipeline that maps audio directly to a dense differen-
tiable deformation field inside a Gaussian primitives, elimi-
nating the lossy audio-to-pose and pose-to-render handoffs
where quantization/retargeting/per-frame tracking errors
accumulate, thereby reducing drift and improving tempo-
ral alignment. (2) We introduce a particle-based representa-
tion that affords localized, high-frequency facial/hand con-
trol with globally coherent full-body motion, yielding pre-
cise conversational expressivity. (3) We develop a diffusion-
distillation scheme that transfers audio–motion priors via
feature alignment and synthetic audio-conditioned clips, en-
abling realistic, well-synchronized behavior with minimal
personalization data.

2. Related Work

2.1. Animatable Full-body Human Avatars

Early systems reconstructed actors from 3D capture or
multi-view studios and animated the resulting meshes via
hand-crafted pipelines—artist-designed rigging and skin-
ning (e.g., LBS/DQS) or low-dimensional, PCA-based tem-
plate models [2, 19, 29, 37, 47, 59, 64, 71, 75]. Pose-
parameterized articulation enabled cross-subject transfer,
but heavy expert intervention made these pipelines costly
and time-consuming. The advent of continuous implicit
representations ushered in neural renderers such as NeRF
[51], powering photorealistic avatars [36, 61, 62, 72, 76,
85, 97] and free-view synthesis [17, 32, 33, 45, 87]. Yet
NeRFs often train and infer slowly and need additional
structure for reliable driving and retargeting. Accelera-
tion via multi-resolution hash encodings and 3D Gaussian
Splatting delivers real-time rendering with high-fidelity tex-
tures [28, 31], though many methods still rely on multi-
view capture [39, 57] or monocular motion-capture signals
[18, 24, 25, 34, 52, 53, 68] rather than commodity monoc-
ular inputs. Complementary lines leverage video diffusion
to obtain animatable avatars from a single image, achieving
view-consistent appearance even with limited data [74, 92].

Motivated by these observations, we pursue high-quality
conversational full-body avatars that reduce dependence on
pose-template intermediates. Our approach couples implicit
motion-based deformation with a particle-based deforma-
tion layer designed to retain fine facial dynamics and finger
gestures, while remaining compatible with efficient neural
rendering. This hybrid control aims to preserve expressive-
ness and temporal coherence under realistic driving signals,
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“Gary kicked the golden kite across ..., and a curious crowd gathered around to ... show.”

Reference Image Pose-driven Avatar Audio-driven Avatar (Ours)

Figure 2. Motivation. When animating a talking avatar with conversational motion from audio, state-of-the-art pose-driven deformation
approach degrades facial expressions, yields less natural motion, and exhibits poor audio–motion synchronization. In contrast, our method
directly controls the avatar from the audio signal, yielding substantial improvements in visual quality, motion naturalness, and synchro-
nization. For each method, we show the rendered frames aligned to the highlighted words in the driving audio.

closing the gap between head-only audio-driven animation
and fully articulated, photorealistic human avatars.

2.2. Human Video Diffusion Models
Video diffusion models [7, 81] have become strong back-
bones for human video synthesis, enabling pose-guided an-
imation from keypoints, dense or parametric poses [23, 78,
91, 94, 96, 98]. While these methods yield temporally con-
sistent motion, they largely focus on coarse body animation
and require audio-to-motion conversion. More recent large
audio-driven diffusion models [10, 14, 50, 79, 82] generate
talking videos directly from a single reference image and
audio, producing realistic lip motion and gestures. How-
ever, they are typically limited to head/upper-body, rely on
handcrafted or ground-truth guidance, operate at modest
resolution, and struggle with fine-grained hand and facial
details as well as identity preservation.

In contrast, our approach constructs a full-body audio-
driven, and Gaussian Splatting-based avatar from a sin-
gle image, overcoming the scope and fidelity limitations of
prior work. By synthesizing diverse identity-specific talk-
ing videos from one image and varied audio, we enrich su-
pervision for robust identity retention. Moreover, by distill-
ing motion priors from large audio-driven diffusion models,
our method achieves consistent coordination across body,
hands, and face—capturing nuanced gestures and dynamic
appearance beyond what existing approaches can deliver.

3. Method
Overview. Given a reference image I0 and a driving audio
sequence, our objective is to synthesize a full-body talk-
ing human video V = {It}Tt=0 that faithfully preserves the
identity specified in the reference. To maintain the visual
quality characteristic of large-scale audio-driven video dif-

fusion models while enabling computationally efficient in-
ference, we represent the scene using a set of 3D Gaussians
G = {gi}Ni=1, which support fast and photorealistic render-
ing through Gaussian splatting [31].

To achieve generalized animation of Gaussians for
arbitrary audio inputs, we map both the audio se-
quence and the temporal Gaussian deformations ∆G =
{∆G0,∆G1, . . . ,∆GT } into a unified latent manifold.
Specifically, audio features A = {a0, a1, . . . , aT } and la-
tent Gaussian motion features, referred to as particle mo-
tions, X = {x0, x1, . . . , xT } are embedded into a shared
semantic space in which semantically corresponding audio
signals and particle motions are placed close to one another.

The audio-driven particle motion generative model takes
a sequence of embedded audio features as input and pre-
dicts the corresponding particle motions. For each time
step t, the model first produces whole-body particle motions
xt = {xbody

t , xface
t , xhand

t } and subsequently refines the face
and hand regions, to capture fine-grained facial expressions
and gesture dynamics. The generated particle motions are
decoded into Gaussian attributes {G0,G1, . . . ,GT } through
a Gaussian decoder. These attributes are finally rendered via
Gaussian splatting, producing the full-body talking human
video V .

Problem Setting. We first synthesize identity-specific talk-
ing videos V̂i using large-scale audio-driven video diffu-
sion models (Sec. 3.3). Given these generated videos, we
learn the corresponding Gaussian motions by training a
deformable Gaussian splatting model [89] to reconstruct
them, thereby producing Gaussian deformations ∆G These
pseudo ground-truth motions serve as supervision for learn-
ing the audio–particle motion embedding (Sec. 3.1) and the
audio-driven particle motion generation model (Sec. 3.2).
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Figure 3. Overview of the audio–particle motion embedding
pipeline, Sec. 3.1. The model learns a shared embedding space
by aligning audio features with particle motion features through
frame-level and patch-wise contrastive learning. This hierarchical
alignment enables the network to capture modality-invariant mo-
tion cues that support accurate audio-driven particle motion gen-
eration.

3.1. Audio and Particle Motion Embedding
The goal of this module is to embed audio features
A = {a0, a1, . . . , aT } and particle motions X =
{x0, x1, . . . , xT } into a shared semantic manifold in which
semantically corresponding elements are placed nearby. To
achieve this cross-modal alignment, we follow a contrastive
learning similar to CLIP [70, 77]. A particle motion encoder
EX is trained to map Gaussian deformations ∆G into latent
particle motion features X such that pairs of audio and par-
ticle motions representing the same underlying speech con-
tent exhibit high cosine similarity. Given an audio–particle
pair at time t, we minimize the cosine distance Lsim be-
tween at and xt=EX(∆Gt) while contrasting against mis-
matched pairs, encouraging modality-invariant motion rep-
resentation.

To further incorporate local temporal structure and pro-
mote smooth motion trajectories, we introduce a patch-
wise contrastive learning. Using a sliding temporal win-
dow, both audio features at and particle motions xt are
grouped into short-term patches, from which we compute
average pooled patch features. Cosine similarity is then
computed between corresponding audio and particle motion
patches, allowing the model to learn temporally coherent
alignment across short temporal contexts. This hierarchical
alignment—frame-level and patch-level—produces a robust
shared manifold that effectively supports audio-driven par-
ticle motion generation in later stages.

3.2. Audio-driven Particle Motion Generation
To this end, we design an audio-driven particle gener-
ative model that takes the aligned audio features A =
{a0, a1, . . . , aT } as input and predicts the corresponding
particle motions X = {x0, x1, . . . , xT } that determine the
animation of Gaussian primitives. We adopt a hierarchi-
cal design; the model first generates particle motions for the
whole-body region, and then applies an auxiliary refinement
module to the face and hand subsets, since these regions
contain fine-grained expressive motions such as facial ex-
pressions and finger gestures. We first generate the whole-
body motions, including the body, face, and hands. Lever-
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Figure 4. The pipeline of audio-driven particle motion genera-
tion, Sec. 3.2. Given aligned audio features, the model first pre-
dicts whole-body particle motions using a diffusion Transformer
and then applies a dedicated refinement module to face and hand
regions to capture fine-grained expressive motions. This hierar-
chical generation process enables high-fidelity, co-speech motion
synthesis across both global body movement and detailed local ar-
ticulations.

aging the fact that our representations are already embed-
ded in a compact, low-dimensional manifold, we employ
a high-capacity diffusion Transformer to synthesize high-
fidelity co-speech gesture motion.

The model receives as input the noised particle motions
Xτ and audio features A concatenated together through for-
ward diffusion process. The diffusion timestep τ is condi-
tioned on FiLM [63] layers, and the reverse process predicts
progressively denoised particle motions, ultimately produc-
ing clean particle motions X0 at timestep 0. In practice,
following [56], we directly predict the clean particle motion
X0 at timestep 0 from the noisy one at timestep τ . Formally,
this process can be expressed as:

X0 = F(Xτ |A, τ), (1)

where F denotes the diffusion Transformer to generate
whole-body particle motions.

After generating the whole-body particle motions, the
subsets corresponding to the face and hand regions are fur-
ther refined using an additional Transformer-based refine-
ment module. Unlike the diffusion model, this refinement
module is conditioned not on diffusion timesteps τ , but
rather on the actual motion time index t along the tempo-
ral axis of the talking sequence. This enables temporally
consistent fine-grained motion refinement.

Finally, the complete set of particle motions, including
the refined face and hand regions, is decoded into Gaussian
attributes {G0,G1, . . . ,GT } using a feedforward MLP. The
resulting collection of Gaussians is rendered via Gaussian
Splatting, producing the final full-body talking human video
{Î0, Î1, · · · , ÎT }. The architecture is illustrated in Fig. 4.

3.3. Video Diffusion Distillation
Video Data Synthesis. To inject the knowledge of large-
scale video diffusion models into our particle-based rep-
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Figure 5. The schematic flow of the trajectory alignment loss and
the video score distillation sampling loss. The deformed Gaus-
sians are rendered to obtain images and their corresponding 3D
and 2D trajectories. The 2D trajectories are aligned with the
ground-truth trajectories to maximize correspondence. In paral-
lel, the rendered images are passed through a denoising network
to extract scores, which are optimized to match the ground-truth
scores.

resentation, we synthesize identity-specific talking human
video datasets and use them as pseudo–ground-truth su-
pervision for learning time-varying Gaussian deformations.
For this purpose, we propose a hybrid data construction
strategy that leverages both a large-scale, multi-modal gen-
erative video foundation model [12] and audio-driven talk-
ing human video diffusion models [10, 14]. Thelarge-
scale, multi-modal generative video foundation model is
pretrained on massive open-domain video datasets and thus
provides high-quality visual generation with rich appear-
ance diversity. In contrast, the audio-driven human video
diffusion models are capable of generating co-speech talk-
ing human videos that are temporally synchronized with
input audio sequences. By combining these two comple-
mentary model categories, we obtain training videos that
exhibit both high visual fidelity and accurate audio–motion
synchronization, effectively improving the quality of super-
vision for Gaussian deformation learning. The full pipeline
for automated data construction from audio-driven video
diffusion models is illustrated in Fig. 6.
Video Score Distillation. To distill realistic appearance and
motion knowledge for learning the dynamics of 3D Gaus-
sians, we introduce a video score distillation sampling loss.
Denote the teacher score network sψ(·, τ, c) at noise level
τ with variance schedule α(τ) and σ(τ). We apply a video
variant of score-distillation sampling to inject the teacher’s
generative prior:

∇ΦLvsd = Et,τ,ϵ
[
w(τ)

(
sψ(Ĩt,τ , τ, c)− ϵ

) ∂Ĩt,τ
∂Φ

]
, (2)

where Ĩt,τ = α(τ) Ît+σ(τ)ϵ, and Φ is learnable param-
eters of audio-driven particle generation model. It encour-
ages Î1:T to lie on the teacher’s audio-conditioned video

manifold while inheriting its temporal coherence.
Trajectory Alignment Loss. To ensure temporally consis-
tent deformation of Gaussians in our 4D representation, we
introduce a trajectory alignment loss inspired by [84, 93].
Each Gaussian primitive produces a 2D pixel trajectory
through rendering, while the diffusion-generated supervi-
sion provides the corresponding ground-truth pixel motion.
We enforce alignment by penalizing deviations between
predicted and reference trajectories across time. Concretely,
for each Gaussian i, we compute a per-frame reprojection
error between its rendered center ûit and the target pixel lo-
cation uit, and accumulate this over the full sequence:

Ltraj =
∑
i

∑
t

∥∥ûit − uit
∥∥2
2
. (3)

This loss encourages Gaussians to follow coherent motion
paths that remain consistent with observed visual trajecto-
ries, improving stability and reducing temporal drift during
deformation learning. Finally, we supervise explicit video
synthesis using an L1 loss between the Gaussian-rendered
frames and the diffusion-generated images. To train the
audio-driven particle motion generation module, we di-
rectly followed the Lsimple loss function of [56]. To fur-
ther regularize deformation, we impose an ARAP distance-
preserving prior [83] between k-nearest neighbors across
adjacent timesteps.

4. Experiments and Analysis
4.1. Experimental Setup
Dataset. Due to the limited availability of publicly accessi-
ble conversational human videos paired with audio, we ag-
gregate data from multiple sources. We conducted test eval-
uations on motions that were not seen during training for
a total of 30 subjects. The videos contain whole-body hu-
man figures and talking motions. The videos consist of pub-
licly available datasets (causal conversational dataset [65],
seamless-interaction dataset [1]) as well as data we col-
lected and generated ourselves. Each sequence consists of
a talking video with an average duration of 5–10 seconds.
All videos depict a single human subject engaged in natural
conversation, exhibiting both speaking activity and accom-
panying conversational motions, and each video is tempo-
rally aligned with its corresponding audio track.
Metrics. We evaluate our approach from multiple perspec-
tives, using a variety of evaluation metrics. We evaluate the
visual and aesthetic quality by evaluating IQA and ASE us-
ing Q-align [90]. We adopt SyncC and SyncD, introduced
by [66], to quantify the synchronization accuracy between
lip motion and the corresponding audio. To evaluate the
preservation of facial identity, we compute the cosine simi-
larity (CSIM) between facial features extracted from the ref-
erence image and those from the generated frames. We fur-
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Gender: [“female”, “male”]

Age: [“child”, ..., “middle-aged”]

Body Type: [“slim”, ..., “muscular”]

Hair Style: [“straight”,..., “ponytail”]

Clothing Style: [“casual”,... ,“formal”]

⋯

Attribute Dictionary

"A full-body photo of a realistic human 
{Gender}. He has {Hair Style},...,{Clothing 
Style} and is making a conversational gesture 
while facing the camera, with his gaze directed 
forward. Both hands are clearly visible, with 
all fingers on the left and right hands shown 
without distortion. The background is a solid 
color, and the entire full body must appear in 
the image."

Prompt

"Good evening, here are today’s top headlines for you."

"Up next, we’ll bring you the ... from around the world."

"Hello everyone, I’m delighted to spend ... with you today."

"Are you ready to get started? Let’s go."

"Stay tuned for more details right after this short break."

⋯

Text Corpus

⋯

Audio Corpus

Audio-Driven Large Human Video Diffusion Model

T
e
x
t
-
t
o
-
S
p
e
e
c
h

⋯

⋯

Text-to-Image Generation

⋯

⋯

⋯

⋯

Talking Human Video Dataset

Figure 6. Overview of video data synthesis pipeline used for video diffusion distillation. We first generate diverse full-body human
identities via a foundational text-conditioned image generative model and pair them with speech audio synthesized from a curated text
corpus. Several Audio-driven video diffusion models is used to produce temporally synchronized talking human videos, yielding high-
fidelity, audio-aligned training data for supervising Gaussian deformation learning.

ther assess gesture fidelity using the average keypoint dis-
tance, reporting the Hand Keypoint Confidence (HKC) and
the Hand Keypoint Variance (HKV), defined as the average
confidence score and standard deviation of detected hand
keypoints. For low-level reconstruction fidelity, we report
PSNR and SSIM [86] between the rendered images and the
ground-truth video, given same audio driving signal. Lastly,
we employ the Fréchet Inception Distance (FID) [21] and
the Fréchet Video Distance (FVD) [80] to measure the gen-
erative diversity and overall coherence of rendered avatars.
Comparative Methods. We benchmarked our approach
against the relevant state-of-the-art methods for creating an-
imatable human avatars from a single image, publicly avail-
able PERSONA [74] and LHM [69], through both quanti-
tative and qualitative evaluations. However, unlike our ap-
proach, they cannot directly drive an avatar from audio and
therefore require a converter from audio to driving pose pa-
rameters. Therfore, we utilize a state-of-the-art whole-body
motion converter [6] to generate motion, which is then used
to control the avatars from baselines. We further extended
our comparisons to include several state-of-the-art audio-
driven human video diffusion models, OmniAvatar [14] and
HunyuanAvatar [10], to provide a broader evaluation.

4.2. Results
Quantitative Comparisons. Table 1 shows that our ap-
proach outperforms all baselines across the metrics on the
test set. Against single-image animatable Gaussian avatar
methods, LHM [69] and PERSONA [74], our method
achieves higher perceptual quality (IQA: +3.4%, ASE:
+4.4%), better audio–lip synchronization (SyncC: +4.3%,
SyncD: +20.3%), and stronger low-level fidelity (SSIM:

+4.7%, PSNR: +4.3%). When compared with state-of-the-
art audio-driven human video diffusion models, OmniA-
vatar [14] and HunyuanVideo-Avatar [10], our method de-
livers markedly improved video-level realism and tempo-
ral coherence, reducing FID by 27.9% and FVD by 25.0%
relative to the strongest baseline. We also observe consis-
tent gains in hand–gesture fidelity (HKC: +2.5%), reflect-
ing more reliable control of fine-grained motions. Overall,
these results substantiate the effectiveness of our proposed
pipeline, yielding robust improvements across the metrics.

Qualitative Comparisons. Fig. 7 qualitatively compares
the baselines that synthesize animatable human avatars
from a single image on the test sets. Because prior ap-
proaches cannot directly control an avatar from audio, we
evaluate rendering quality under the same motion for all
methods to ensure a fair comparison. The results show
that our approach produces sharper and more expressive
facial expressions, improved lip synchronization, and finer
hand–gesture details. Across time, our renderings also ex-
hibit smoother, more natural motion transitions. Our render-
ing pipeline is built on a Gaussian rasterizer, enabling direct
extraction of videos as sequences of images. We therefore
also compare against state-of-the-art methods that generate
human-animation videos from audio signals, as shown in
Fig. 8. The visual comparisons indicate that our method
achieves competitive image and motion quality even rela-
tive to generative video diffusion models. Notably, the sec-
ond example highlights two consistent advantages of our
approach: (i) motion-consistent preservation of fine hand
details and (ii) stronger identity preservation throughout
the sequence. Fig. 10 compares [92] in in-the-wild set-
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PERSONA OursReference Image LHM

“Do you know how many ideas we could explore?”“Today is the best time to start something new.” Bottom:Top:

Figure 7. Qualitative comparison with state-of-the-art animatable Gaussian Splatting-based avatar models. For each method, we
show the rendered frames aligned to the highlighted words in the driving audio. Our method outperforms state-of-the-art approaches in
terms of visual quality, motion naturalness, and synchronization.

OursOmniAvatarReference Image

“I saw a beautiful blue house on a quiet avenue, and ... was reading a book aloud.”

“Today the little stars danced silently above the valley, while ... to sing about peace and love.”

OursHunyuanVideo-AvatarReference Image

Figure 8. Qualitative comparison with state-of-the-art audio-driven human video generation models. For each method, we show the
rendered frames aligned to the highlighted words in the driving audio, along with cropped views of the face and hands for finer inspection.
Relative to diffusion-based baselines, our approach exhibits fewer motion artifacts (e.g., lip–audio desynchronization, hand jitter/warping)
and stronger identity preservation across views and phonetic contexts.

tings. The proposed method preserves hand-gesture geom-
etry and texture more sharply, while reducing blur and self-
intersection artifacts seen in prior methods.

4.3. Ablation Study
We conduct a comprehensive ablation study to quantify the
contribution of each component in our framework. As in
Table 2 & Fig. 9, we evaluate visual quality (IQA, SSIM,
PSNR), audiovisual coherence (ASE, Sync), identity and
keypoint consistency (HKC, CSIM), and generative realism

(FID, FVD) under different model configurations.

Audio–Particle Embedding. Removing the audio–particle
embedding results in noticeable performance drops across
synchronization metrics (e.g., SyncC decreases from 7.20
to 7.05, and SyncD increases from 5.42 to 5.60), demon-
strating the module’s importance in aligning temporal au-
dio cues with facial dynamics. The patchified alignment
strategy also proves essential for maintaining spatial consis-
tency: without it, SSIM and PSNR decline while FID and
FVD increase, indicating degraded reconstruction fidelity
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“We are all walking our own paths, living each day anew. How often do we pause to focus on ourselves in this journey?”

Reference Image (a) (d) (e)(b) (c)

Figure 9. Ablation of the proposed components. We evaluate (a) w/o Lvsd, (b) w/o Ltraj , (c) w/o hybrid talking video synthesis, (d)
w/o patchfied strategy, and (e) full model. Removing any component harms visual fidelity, motion naturalness, and audio–motion sync,
confirming each element’s contribution to overall quality.

Reference One-shot, One-talk Ours

Figure 10. Visual comparison of talking animation in in-the-wild
videos with a talking Gaussian avatar [92]. Our method captures
hand-gesture details more accurately, whereas an existing method
exhibits blurred textures and self-penetration artifacts.

and reduced video realism.
Audio-Driven Particle Deformation. The hand and face
refinement module contributes significantly to the preser-
vation of fine-grained motion details. Its removal yields
declines in HKC (0.897 to 0.860) and SSIM/PSNR, con-
firming its role in enhancing structural coherence in highly
articulated regions. Similarly, removing the hybrid talking-
video synthesis module reduces audiovisual synchrony
(SyncC drops from 7.20 to 6.85 and ASE from 2.83 to 2.74),
highlighting its value in generating expressive and tempo-
rally aligned motion trajectories.
Diffusion-Based Objective Terms. Eliminating the video
score distillation loss notably disrupts temporal smooth-
ness, reflected in a substantial increase in FVD (240 to 290).
The trajectory alignment loss is particularly critical: with-
out it, SyncD increases sharply (5.42 to 6.20), represent-
ing the worst synchronization among all ablations. This
demonstrates the necessity of trajectory-level alignment for
stable and coherent motion generation. The full model
consistently outperforms all ablated variants across every
metric, confirming that the proposed personalization mod-
ules, audio-driven deformation mechanisms, and diffusion-
based objectives are complementary and collectively essen-

Methods IQA↑ ASE↑ SyncC↑ SyncD↓ HKC↑ CSIM↑ SSIM↑ PSNR↑ FID↓ FVD↓
EchoMimicV2 [50] 3.37 1.98 4.12 10.20 0.836 0.458 0.660 15.90 22.8 420
OmniAvatar [14] 3.99 2.64 6.40 7.60 0.858 0.525 0.705 17.20 18.6 350
HunyuanVideo-Avatar [10] 4.08 2.71 6.90 7.12 0.875 0.539 0.709 17.55 17.2 320

LHM [69] 3.80 2.50 6.10 7.00 0.860 0.500 0.700 16.90 19.5 365
PERSONA [74] 3.88 2.58 6.30 6.80 0.868 0.510 0.708 17.20 18.9 345

AudioAvatar (Ours) 4.22 2.83 7.20 5.42 0.897 0.551 0.742 18.30 12.4 240

Table 1. Quantitative comparisons on our defined test set. We
compare our method with state-of-the-art Gaussian avatar and
audio-driven human video generation models. Our approach
shows consistently improved performance across all the metrics.

Methods IQA↑ ASE↑ SyncC↑ SyncD↓ HKC↑ CSIM↑ SSIM↑ PSNR↑ FID↓ FVD↓
w/o audio–particle embedding 4.05 2.75 7.05 5.60 0.890 0.545 0.720 17.60 13.8 265
w/o patchfied alignment strategy 4.18 2.80 7.15 5.45 0.870 0.555 0.735 18.10 13.1 252

w/o hand and face refinement module 4.16 2.78 7.10 5.50 0.860 0.552 0.734 18.00 13.7 258
w/o hybrid talking video synthesis 4.00 2.74 6.85 5.80 0.888 0.520 0.730 17.90 14.2 272

w/o video score distillation 3.95 2.69 6.90 5.78 0.886 0.542 0.722 17.50 15.0 290
w/o trajectory alignment 4.02 2.73 6.70 6.20 0.872 0.544 0.725 17.60 15.6 310

AudioAvatar (Ours) 4.22 2.83 7.20 5.42 0.897 0.551 0.742 18.30 12.4 240

Table 2. Ablation study. We evaluate the impact of each pro-
posed component by removing them in groups and comparing to
our full model. Blocks correspond to (1) personalization modules,
(2) audio-driven particle deformation, and (3) diffusion-based ob-
jective terms. Results show that every component contributes no-
tably to overall performance.

tial for achieving high-quality, temporally consistent, and
well-synchronized talking video generation.

5. Conclusion
We present a framework that builds a personalized full-body
avatar from a single image and drives it directly with raw
audio, bypassing intermediate pose representations to avoid
error accumulation in conventional pipelines. The particle-
based deformation model enables fine-grained facial and
hand control with coherent body motion, and distilling mo-
tion priors from audio-driven video diffusion models further
enhances synchronization and temporal consistency. Exper-
iments confirm consistent improvements over baselines in
lip-audio synchronization, perceptual quality, and gesture
fidelity, demonstrating photorealistic talking avatars suit-
able for high-fidelity digital human applications.

4005



Acknowledgements
This research was supported by Seoul Business Agency
(SBA) (CC250007), and supported by the “Advanced
GPU Utilization Support Program” funded by the Gov-
ernment of the Republic of Korea (Ministry of Science
and ICT), and supported by Institute of Information
& communications Technology Planning & Evaluation
(IITP) grant funded by the Ministry of Science and
ICT (RS-2019-II190079, Artificial Intelligence Graduate
School Program (Korea University), RS-2024-00457882,
AI Research Hub Project, and RS-2024-00456709).

References
[1] Vasu Agrawal, Akinniyi Akinyemi, Kathryn Alvero,

Morteza Behrooz, Julia Buffalini, Fabio Maria Carlucci, Joy
Chen, Junming Chen, Zhang Chen, Shiyang Cheng, et al.
Seamless interaction: Dyadic audiovisual motion modeling
and large-scale dataset. arXiv preprint arXiv:2506.22554,
2025. 1, 5, 4

[2] Thiemo Alldieck, Marcus Magnor, Weipeng Xu, Christian
Theobalt, and Gerard Pons-Moll. Video based reconstruction
of 3D people models. In CVPR, 2018. 2

[3] Timur Bagautdinov, Chenglei Wu, Tomas Simon, Fabian
Prada, Takaaki Shiratori, Shih-En Wei, Weipeng Xu, Yaser
Sheikh, and Jason Saragih. Driving-signal aware full-body
avatars. ACM Transactions on Graphics (TOG), 40(4):1–17,
2021. 1

[4] Yoav Benjamini and Yosef Hochberg. Controlling the false
discovery rate: a practical and powerful approach to multiple
testing. Journal of the Royal statistical society: series B
(Methodological), 57(1):289–300, 1995. 3

[5] James Betker, Gabriel Goh, Li Jing, Tim Brooks, Jianfeng
Wang, Linjie Li, Long Ouyang, Juntang Zhuang, Joyce
Lee, Yufei Guo, et al. Improving image generation with
better captions. Computer Science. https://cdn. openai.
com/papers/dall-e-3. pdf, 2(3):8, 2023. 2

[6] Yuxuan Bian, Ailing Zeng, Xuan Ju, Xian Liu, Zhaoyang
Zhang, Wei Liu, and Qiang Xu. Motioncraft: Crafting
whole-body motion with plug-and-play multimodal controls.
In Proceedings of the AAAI Conference on Artificial Intelli-
gence, pages 1880–1888, 2025. 6, 1

[7] Andreas Blattmann, Tim Dockhorn, Sumith Kulal, Daniel
Mendelevitch, Maciej Kilian, Dominik Lorenz, Yam Levi,
Zion English, Vikram Voleti, Adam Letts, et al. Stable video
diffusion: Scaling latent video diffusion models to large
datasets. arXiv preprint arXiv:2311.15127, 2023. 3

[8] Zhongang Cai, Wanqi Yin, Ailing Zeng, Chen Wei, Qing-
ping Sun, Wang Yanjun, Hui En Pang, Haiyi Mei, Mingyuan
Zhang, Lei Zhang, et al. Smpler-x: Scaling up expressive
human pose and shape estimation. Advances in Neural In-
formation Processing Systems, 36:11454–11468, 2023. 3

[9] Junming Chen, Yunfei Liu, Jianan Wang, Ailing Zeng, Yu
Li, and Qifeng Chen. Diffsheg: A diffusion-based approach
for real-time speech-driven holistic 3d expression and ges-
ture generation. In Proceedings of the IEEE/CVF Conference

on Computer Vision and Pattern Recognition, pages 7352–
7361, 2024. 1

[10] Yi Chen, Sen Liang, Zixiang Zhou, Ziyao Huang, Yifeng
Ma, Junshu Tang, Qin Lin, Yuan Zhou, and Qinglin
Lu. Hunyuanvideo-avatar: High-fidelity audio-driven hu-
man animation for multiple characters. arXiv preprint
arXiv:2505.20156, 2025. 1, 3, 5, 6, 8, 2, 4

[11] Kiran Chhatre, Nikos Athanasiou, Giorgio Becherini,
Christopher Peters, Michael J Black, Timo Bolkart, et al.
Emotional speech-driven 3d body animation via disentan-
gled latent diffusion. In Proceedings of the IEEE/CVF Con-
ference on Computer Vision and Pattern Recognition, pages
1942–1953, 2024. 2, 1

[12] Google DeepMind. Flow: An ai filmmaking tool built with
and for creatives. https://labs.google/flow/
about, 2025. Accessed: 2025-11-14. 5

[13] ElevenLabs. Elevenlabs text-to-speech. https://
elevenlabs.io, 2025. Online service. 2

[14] Qijun Gan, Ruizi Yang, Jianke Zhu, Shaofei Xue, and
Steven Hoi. Omniavatar: Efficient audio-driven avatar video
generation with adaptive body animation. arXiv preprint
arXiv:2506.18866, 2025. 1, 3, 5, 6, 8, 2, 4

[15] Shiry Ginosar, Amir Bar, Gefen Kohavi, Caroline Chan,
Andrew Owens, and Jitendra Malik. Learning individ-
ual styles of conversational gesture. In Proceedings of
the IEEE/CVF conference on computer vision and pattern
recognition, pages 3497–3506, 2019. 1

[16] Albert Gu and Tri Dao. Mamba: Linear-time sequence mod-
eling with selective state spaces. In First conference on lan-
guage modeling, 2024. 1

[17] Chen Guo, Tianjian Jiang, Xu Chen, Jie Song, and Otmar
Hilliges. Vid2Avatar: 3D avatar reconstruction from videos
in the wild via self-supervised scene decomposition. In
CVPR, 2023. 2

[18] Chen Guo, Junxuan Li, Yash Kant, Yaser Sheikh, Shunsuke
Saito, and Chen Cao. Vid2avatar-pro: Authentic avatar from
videos in the wild via universal prior. In Proceedings of the
Computer Vision and Pattern Recognition Conference, pages
5559–5570, 2025. 2

[19] Marc Habermann, Weipeng Xu, Michael Zollhoefer, Ger-
ard Pons-Moll, and Christian Theobalt. Livecap: Real-time
human performance capture from monocular video. ACM
Transactions On Graphics (TOG), 38(2):1–17, 2019. 2

[20] Xu He, Qiaochu Huang, Zhensong Zhang, Zhiwei Lin, Zhiy-
ong Wu, Sicheng Yang, Minglei Li, Zhiyi Chen, Songcen
Xu, and Xiaofei Wu. Co-speech gesture video generation
via motion-decoupled diffusion model. In Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, pages 2263–2273, 2024. 1

[21] Martin Heusel, Hubert Ramsauer, Thomas Unterthiner,
Bernhard Nessler, and Sepp Hochreiter. Gans trained by a
two time-scale update rule converge to a local nash equilib-
rium. Advances in neural information processing systems,
30, 2017. 6

[22] Steven Hogue, Chenxu Zhang, Hamza Daruger, Yapeng
Tian, and Xiaohu Guo. Diffted: One-shot audio-driven ted
talk video generation with diffusion-based co-speech ges-

4006

https://labs.google/flow/about
https://labs.google/flow/about
https://elevenlabs.io
https://elevenlabs.io


tures. In Proceedings of the IEEE/CVF Conference on Com-
puter Vision and Pattern Recognition, pages 1922–1931,
2024. 1

[23] Li Hu. Animate anyone: Consistent and controllable image-
to-video synthesis for character animation. In Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, pages 8153–8163, 2024. 3

[24] Liangxiao Hu, Hongwen Zhang, Yuxiang Zhang, Boyao
Zhou, Boning Liu, Shengping Zhang, and Liqiang Nie.
Gaussianavatar: Towards realistic human avatar modeling
from a single video via animatable 3d gaussians. In Pro-
ceedings of the IEEE/CVF conference on computer vision
and pattern recognition, pages 634–644, 2024. 2

[25] Shoukang Hu, Tao Hu, and Ziwei Liu. Gauhuman: Articu-
lated gaussian splatting from monocular human videos. In
Proceedings of the IEEE/CVF conference on computer vi-
sion and pattern recognition, pages 20418–20431, 2024. 2

[26] Ziyao Huang, Fan Tang, Yong Zhang, Xiaodong Cun, Juan
Cao, Jintao Li, and Tong-Yee Lee. Make-your-anchor: A
diffusion-based 2d avatar generation framework. In Proceed-
ings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition, pages 6997–7006, 2024. 1

[27] Andrew Jaegle, Felix Gimeno, Andy Brock, Oriol Vinyals,
Andrew Zisserman, and Joao Carreira. Perceiver: General
perception with iterative attention. In International confer-
ence on machine learning, pages 4651–4664. PMLR, 2021.
1

[28] Tianjian Jiang, Xu Chen, Jie Song, and Otmar Hilliges. In-
stantavatar: Learning avatars from monocular video in 60
seconds. In Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition, pages 16922–
16932, 2023. 2

[29] Hanbyul Joo, Hao Liu, Lei Tan, Lin Gui, Bart Nabbe,
Iain Matthews, Takeo Kanade, Shohei Nobuhara, and Yaser
Sheikh. Panoptic studio: A massively multiview system for
social motion capture. In Proceedings of the IEEE inter-
national conference on computer vision, pages 3334–3342,
2015. 2

[30] Angjoo Kanazawa, Jason Y Zhang, Panna Felsen, and Jiten-
dra Malik. Learning 3d human dynamics from video. In
Proceedings of the IEEE/CVF conference on computer vi-
sion and pattern recognition, pages 5614–5623, 2019. 3

[31] Bernhard Kerbl, Georgios Kopanas, Thomas Leimkühler,
and George Drettakis. 3d gaussian splatting for real-time
radiance field rendering. ACM Trans. Graph., 42(4):139–1,
2023. 1, 2, 3

[32] Youngjoong Kwon, Dahun Kim, Duygu Ceylan, and Henry
Fuchs. Neural Human Performer: Learning generalizable
radiance fields for human performance rendering. NeurIPS,
2021. 2

[33] Youngjoong Kwon, Lingjie Liu, Henry Fuchs, Marc Haber-
mann, and Christian Theobalt. DELIFFAS: Deformable light
fields for fast avatar synthesis. NeurIPS, 2024. 2

[34] Jiahui Lei, Yufu Wang, Georgios Pavlakos, Lingjie Liu, and
Kostas Daniilidis. Gart: Gaussian articulated template mod-
els. In Proceedings of the IEEE/CVF conference on com-
puter vision and pattern recognition, pages 19876–19887,
2024. 2

[35] John P Lewis, Matt Cordner, and Nickson Fong. Pose space
deformation: a unified approach to shape interpolation and
skeleton-driven deformation. In Seminal Graphics Papers:
Pushing the Boundaries, Volume 2, pages 811–818. 2023. 1

[36] Ruilong Li, Julian Tanke, Minh Vo, Michael Zollhöfer,
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