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Figure 1. SVAD. We present a novel pipeline that leverages video diffusion models and data augmentation methods to generate high-
quality synthetic training data from a single human image. This synthetic data generation approach enables us to train 3D Gaussian
Splatting avatars with significantly improved fidelity, outperforming state-of-the-art single-image avatar creation methods while preserving

identity and fine details across novel poses and viewpoints.

Abstract

Creating animatable 3D human avatars from a single image
remains a significant challenge with applications in virtual
reality and human-centered Al. Traditional 3D Gaussian
Splatting (3DGS) methods produce high-quality avatars but
require monocular video sequences or multi-view inputs,
while video diffusion models can animate from static images
but struggle with temporal coherence and identity preser-
vation. We present SVAD, a novel framework for synthetic
data generation and avatar creation that addresses these
limitations. SVAD leverages video diffusion models to gen-
erate an initial set of synthetic pose-conditioned anima-
tions from a single image, then enhances this synthetic data
through identity preservation and image restoration mod-
ules. This high-quality synthetic dataset enables training of
3DGS avatar models that maintain subject fidelity and fine
details across diverse poses and viewpoints. Our approach
combines the generative capabilities of diffusion models
with the rendering efficiency of 3DGS, resulting in state-of-

the-art performance in single-image avatar creation. Ex-
periments demonstrate that SVAD’s synthetic data genera-
tion pipeline significantly improves temporal stability and
identity consistency compared to existing methods, while
enabling real-time rendering for interactive applications.

1. Introduction

The ability to generate animatable 3D human avatars from
minimal input data, such as a single image, has significant
potential across a range of applications. Traditional meth-
ods, particularly those based on 3DGS, have demonstrated
considerable success in producing high-quality avatars [9,

, 37, 38, 44, 51, 52, 56, 67, 74]. These methods rely
on dense input data, typically monocular or multi-view
video [9, 19, 37, 44, 51, 56, 74], to achieve high fidelity
across varied viewpoints and poses. This reliance on ex-
tensive video input complicates deployment in single-image
scenarios, where ensuring viewpoint consistency and adapt-
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ability to novel poses becomes a key challenge.

Recent advancements in video diffusion models offer a
potential solution by enabling animation generation from a
single static image [18, 59, 62, 75]. These models use pose-
conditioned diffusion processes to create video sequences,
demonstrating the powerful generative capabilities of dif-
fusion for single-image-driven animation. However, diffu-
sion models often struggle to maintain temporal coherence,
leading to inconsistent features and identity drift across
frames. Additionally, their iterative denoising process for
each frame introduces significant computational overhead,
limiting their feasibility for real-time or interactive applica-
tions where rapid rendering across novel views is essential.

To overcome these challenges, we propose SVAD, a
novel synthetic data generation and avatar creation pipeline
that synergizes the generative flexibility of diffusion mod-
els with the efficient rendering capabilities of 3DGS avatars.
Our approach leverages video diffusion models to generate
diverse pose-conditioned synthetic training data from a sin-
gle image. This synthetic data is refined through an identity-
preservation module and an image restoration module to en-
sure that perceptual identity consistency and structural fi-
delity are preserved across diverse poses and temporal se-
quences. The resulting high-quality synthetic dataset is then
used to train a 3DGS-based avatar model [37], which bene-
fits from the rapid rendering capabilities inherent to 3DGS.
By combining the generative strengths of diffusion for syn-
thetic data creation with the efficiency of 3DGS for ren-
dering, SVAD achieves consistent, high-quality 3D avatar
animations from single image input.

Our contributions can be summarized as follows:

* We introduce SVAD, a novel pipeline for generating high-
quality synthetic training data from a single image, en-
abling the creation of detailed and animatable 3D human
avatars.

e We incorporate an identity-preservation module and an
image restoration technique to refine diffusion-generated
synthetic data, ensuring consistency in identity and fine
details across diverse poses and viewpoints.

* We demonstrate that our synthetic data generation ap-
proach significantly improves the quality of 3DGS avatars
compared to state-of-the-art single-image methods, while
maintaining efficient real-time rendering capabilities.

* We provide extensive experiments and evaluations show-
ing that SVAD’s synthetic data-driven approach achieves
superior performance in novel pose adaptation and iden-
tity preservation for single-image avatar creation.

2. Related Work

Diffusion Model for Human Image Animation The use
of diffusion models has led to significant advancements in
human image animation, enabling the generation of real-
istic and temporally consistent animations from static im-

ages [ 9 9 9 9 9 9 9 9 9 9 9 9 9 b ]'
Early methods, such as PIDM [3] and DreamPose [29], fo-

cused on improving texture fidelity by employing texture
diffusion modules to align texture patterns between refer-
ence and target images. These methods, while enhancing
detail preservation, still face challenges in maintaining tem-
poral stability across frames.

Recent works, including DisCo [59] and Animate Any-
one [ 18], have extended diffusion models to improve tem-
poral consistency and fine-grained control in human anima-
tion tasks. DisCo leverages dual ControlNets [68] to sep-
arately control pose and background elements, providing
more robust conditioning for complex motion sequences.
Similarly, Animate Anyone integrates a ReferenceNet with
temporal attention layers to ensure appearance consistency
and smooth transitions across frames, thereby addressing
flickering issues commonly observed in earlier models.
Dynamic 3D Gaussian based Avatars The concept of
Gaussian splatting for 3D avatars has emerged recently
as an innovative approach to explicit scene representa-
tion [30]. This technique models a scene as a collec-
tion of 3D Gaussian elements, each containing photometric
and geometric properties. During rendering, these Gaus-
sian splats are projected onto the image plane, creating
the final rendered output. The efficiency of 3D Gaussian
splatting has been demonstrated in both static [22, 27, 32]
and dynamic [13, 28, 31, 36] scenes, making it a versa-
tile tool for various applications. Recent advancements [8,

, 21, 24, 33, 43, 44, 58, 76] have explored the use of
3DGS to create photorealistic human avatars across differ-
ent scenarios. These methods commonly rely on multi-view
data [34, 40, 73] or monocular video [19, 24, 33, 37, 44] as
input to achieve high-quality, consistent results. The advan-
tage of 3DGS lies in its ability to produce temporally stable
animated avatars with superior quantitative metrics.

3. Method

To generate high-quality human avatars from just a sin-
gle image, facilitating free-viewpoint rendering and real-
istic animation, we integrate the generative capabilities of
video diffusion models with the rendering efficiency of 3D
Gaussian-based avatars. We start by leveraging a pretrained
video diffusion model for character animation to produce
initial synthetic data, as described in Sec. 3.1. Directly
using these frames to train a 3DGS avatar model, how-
ever, often yields poor results, with challenges in preserv-
ing facial identity, clothing details, and maintaining consis-
tent multiview coherence across side and back views. To
address these issues and enhance avatar quality, we intro-
duce a data augmentation pipeline in Sec. 3.2 comprising
identity-preservation and image-restoration modules to re-
fine the diffusion outputs. With the augmented synthetic
data, we proceed to train a 3DGS avatar model, as out-
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Figure 2. Overall Pipeline of SVAD. Starting from a single input image, the diffusion model generates pose-conditioned animations,
which are refined using an identity preservation module and an image restoration module. The refined outputs are then used to train the
3DGS avatar, enabling high-fidelity, animatable 3D avatars with consistent details across poses and viewpoints.

lined in Sec. 3.3. The following sections detail the technical
methodologies employed in our approach.

3.1. Video Diffusion Module

To generate an animated character video V' from a single
input image I, we leverage MusePose [57], a finetuned
variant of Animate Anyone [18], which is a state-of-the-
art video diffusion model designed for realistic human ani-
mation while maintaining temporal consistency and appear-
ance fidelity. MusePose employs a U-Net-based diffusion
architecture with integrated pose and temporal controls, al-
lowing for pose-guided animation across frames.

The model architecture incorporates several key compo-
nents for effective character animation. The denoising UNet
is implemented as a 3D UNet [ | ] with motion modules for
temporal coherence. Specifically, we use Vanilla motion
modules with temporal self-attention blocks at resolutions
of [1, 2, 4, 8] and in the mid-block. Each transformer block
contains 8 attention heads, with temporal position encoding
enabling positional awareness across a sequence of up to
128 frames.

To incorporate pose guidance, a lightweight Pose Guider
encodes the motion control signal from the predefined 2D
keypoints into a pose-aligned latent representation P(p;) €
RHXWXC For a pose feature p, € R/*2 at time ¢, where
J is the number of keypoints, we align the encoding to en-
sure continuity between frames by adding this encoded pose

signal to the noise latent z;:

2 = 2z + P(py) (D

For the diffusion process, we adopt a v-prediction [49] for-
mulation with zero-SNR sampling [35], using a scaled lin-
ear beta schedule with Sy, = 0.00085 and [eng = 0.012.
The DDIM sampler [55] is configured for efficient inference
with 20 sampling steps and a classifier-free guidance scale
of 3.5. The temporal consistency 1oss Lieyp minimizes dis-
crepancies across successive frames by enforcing coherence
in appearance and pose:

T-1
Liemp = Y _ IFy = Fiya |? )

t=1

where Fy € RE*WX3 represents the RGB frame output at
time ¢.

A critical challenge in character animation is ensuring
anatomical consistency between the reference image and
the motion poses. Direct application of pose control can
result in unnatural animations due to mismatches in body
proportions. Therefore, we employ a comprehensive pose
alignment procedure that adapts the source pose to match
the reference character’s physical characteristics.

Given a reference pose P.; and a source pose P, de-
tected using DWpose [03], we compute scale parameters
S = {s1, 82,..., 510} for ten distinct body regions: neck,
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Figure 3. 3D Avatars trained by SVAD. SVAD generates high quality 3D avatars with just a single image. The trained avatars can be

rendered from any view point, in any pose.

face, shoulders, upper arms, lower arms, hands, torso, upper
legs, and lower legs. For each body part 7, we compute its
scale factor s; as the ratio between the corresponding key-
point distances:
dre f
i

sre
di

3)

S; =

where d;ef and d"¢ represent the Euclidean distances be-
tween keypoints. For body parts with bilateral symmetry
(e.g., arms), we average the scales from both sides:

1 IpFes 1P)es — Pl A
Sarm,upper - 5 2 G ( )

[z

7pfef||
7p§rcH

Hpsrc psrcH

To apply these scales to the source pose, we use a ro-
tation matrix transformation centered at anchor points spe-
cific to each body part:

p=ci+si (p—c) )

where c¢; is the anchor center for part <. This hierarchical ap-
proach ensures body proportions match the reference while
maintaining the overall pose structure.

3.2. Data Augmentation Module

Training the 3DGS model using only outputs from the video
diffusion model often results in low-fidelity avatars, par-
ticularly in terms of facial details and high-frequency fea-
tures like hands and clothing. To address these challenges,
we introduce a data augmentation module that enhances the
quality of the training data. This module includes an iden-
tity preservation sub-module ensuring coherence in facial
details across frames and a image restoration submodule
which refines texture quality and high-frequency details, re-
sulting in more realistic textures. This comprehensive data
augmentation significantly improves the synthetic training
data, enabling the 3DGS Avatar model integrated in the fu-
ture to generate more realistic and detailed 3D avatars.

Identity preservation sub-module. To ensure consistent
and realistic facial details across frames, we implement
an identity preservation module that combines head recon-
struction and facial fusion techniques. This module lever-
ages a 3DGS-based head reconstruction method inspired by
Chu et al. [10] to create a 3D Gaussian-based head avatar
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from a single input image using a novel dual-lifting ap-
proach that predicts both forward and backward lifting dis-
tances.

Given an input image [, global and local features Fjoc,
are extracted using a frozen DINOv2 [39] backbone. These
features are used to predict forward and backward lifting
distances, positioning 3D Gaussians G',os as follows:

Gpos = [ps + EConVO(Fiocal) ‘N, Ps — Econvi (Eocal) : 1’15],
(6)
where p; is the initial point plane, n, is the normal vector,
and Ecoyy are convolutional layers predicting offsets. To
capture expression variations, we bind 3DMM features:

Gexpr = MLP(F3DMM + Fglobal)~ (7)

After generating the head avatar renderings, we detect
facial landmarks on both the original frame /., and the
generated head image Ije,q, compute an affine transforma-
tion for alignment, and use Poisson image editing [4 1] for
seamless fusion:

mlin/ VI = Viapl® dzdy, subjectto I|og = luig|oq,
Q

®)
where (2 is defined by the facial mask, ensuring temporally
consistent facial details throughout the animation.

Image restoration sub-module. Finally, to preserve qual-
ity of fine detailed regions, we employ an image restoration
module based on the work of Chen et al. [7], specifically
their diffusion-based image restoration method. BFRffu-
sion leverages the generative prior encapsulated in the pre-
trained Stable Diffusion model [47] to enhance image de-
tails through a comprehensive architecture that effectively
extracts features from low-quality images and restores real-
istic facial details.

In our method, we set the super-resolution scale factor to
2, enhancing input frames while maintaining computational
efficiency. The process uses S0 DDIM sampling steps with
a classifier-free guidance scale of 3.5, achieving a balance
between restoration quality and processing speed. For face
regions, the method employs a face restoration helper with
facial landmark detection to specifically enhance facial de-
tails, ensuring identity consistency across generated frames.

This image restoration submodule significantly improves
the fidelity and realism of our synthetic training data by
restoring fine facial details, enhancing texture quality in
clothing and accessories, and improving overall image co-
herence. The refined synthetic data enables the 3DGS
Avatar to learn more accurate representations with consis-
tent high-frequency details that persist across poses and
viewpoints.

3.3. 3D Human Gaussian Splatting Module

We apply the architecture of a 3DGS based avatar method
introduced by Moon et al. [37], which integrates the SMPL-
X model with a 3D Gaussian-based representation to pro-
duce animatable human avatars. Each 3D Gaussian acts as
a vertex connected by a pre-defined mesh topology follow-
ing SMPL-X. This hybrid representation combines the ex-
pressive surface modeling of SMPL-X with the flexibility
of a volumetric approach, allowing for smooth interpolation
across the body surface essential for realistic animations.

Each Gaussian point is associated with positional data
V € RN*3 RGB color values C € RY¥*3 and a scale
parameter S € RY, where N is the number of Gaussians.
The Gaussian splatting rendering equation is:

I=f(V,exp(S),C, K, E), )

where V' represents positions, S denotes scale, C' colors,
and K and E camera parameters.

Pose-dependent deformations are applied through an
MLP network, predicting offsets for each Gaussian based
on SMPL-X pose parameters:

Vpose =V + AVpose + A\/vexpr (10)
To maintain spatial coherence, a Laplacian regularizer mini-
mizes the difference between the Laplacian of the canonical
mesh and the deformed Gaussian points:

LLap == ||Avcan0nical - A\/deformed”2 . (1 1)

This approach combined with our augmented synthetic data
achieves highly realistic, animatable avatars capable of real-
time rendering with smooth deformations across facial ex-
pressions, body movements, and hand gestures.

4. Experiments
4.1. Datasets and Metrics

People-Snapshot We use the People-Snapshot dataset[?],
which contains videos of individuals rotating in front of
a stationary camera. For consistency and fair compari-
son, we adhere to the evaluation protocol established by
InstantAvatar[26] .

THuman The PeopleSnapshot dataset has limited pose
variations. To evaluate the performance on more challeng-
ing test poses, we utilize the THuman dataset[65]. This
dataset includes a diverse set of poses that require higher
flexibility and adaptability.

Evaluation Metrics. We consider four metrics, PSNR[15],
SSIM[60], LPIPS[70], and Clip Similarity[45](denoted as
CLIP in tables) to assess the reconstruction quality on three
datasets.
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Female-4-casual Male-3-casual Female-3-casual Male-4-casual

Method

PSNRT SSIM?T LPIPS| PSNRT SSIMtT LPIPS| PSNRT SSIMt LPIPS| PSNRT SSIMT LPIPS|
HumanNeRF [61] 27.07 09615 0.0151 26.90 0.9605 0.0181 2446 09516 0.0269 25.50 0.9397 0.0357
GaussianAvatar [19] 30.84 09771 0.0140 30.98 0.9790 0.0145 29.55 0.9762 0.0220 28.78 0.9755 0.0230
ExAvatar [37] 30.98 0.9789 0.0333 29.75 0.9628 0.0402 29.74 0.9678 0.0458 28.89 0.9666 0.0500
ExAvatar [37] (Single Image) 20.42 0.9427 0.0656 2324 0.9448 0.0562 20.12 0.9492 0.0543 23.74 0.9497 0.0610
Ours (Single Image) 21.51 09442 0.0528 22.54 09467 0.0484 21.96 09609 0.0541 23.71 0.9570 0.0592

Table 1. Quantitative Evaluation on the People-Snapshot [2] Dataset. Our approach demonstrates superior performance on single-
image input, outperforming the baseline on most of the metrics. The top two results for single-image input are highlighted in first and

second , with the overall best result highlighted in first . Note that methods without the Single Image utilize approximately 200 input

frames.

Method PSNR? SSIM?T LPIPS| CLIPT
PIFu[48] 15.62 0.8921 0.1903 0.8612
TeCH[23] 15.85 0.8892 0.1667 0.8890
Ultraman([6] 18.13 0.9019 0.1334 0.9089
SIFU[71] 18.59 0.8591 0.1402 0.8873
SITH[17] 19.98 0.9018 0.1294 0.9084
Ours 20.92 0.9291 0.1124 0.9321

Table 2. Quantitative Evaluation. SVAD compared to recent
single-image based 3D human generation SOTAs. Top two results
are colored as first second .

scores on most of the metrics among single-image input 325
methods. We further compare our approach with single- 326
view 3D human reconstruction methods [6, 17, 23, 48, 71], 327
many of which employ the SMPL model, allowing for an- 328
imatability through mesh fitting and reposing techniques, 329
such as those in Editable Humans [16]. We randomly sam- 330
ple 100 scans from the THuman dataset and report results. 331
We repose our trained avatar using ground-truth SMPL-X 332
Input Image Raw Video Diffusion  After Augmentation parameters, then render four viewpoints (front, left, right, 333
back) for each model and compare with the ground-truth 334
! ) ) scan renderings from the same views. As presented in Ta- 335
F1gur§ 4 Sy.mhet%c Data Generated by SVAD. Cqmpanson of ble 4, our method surpasses all other baselines, demonstrat- 336

the original input image (left), unprocessed synthetic data from . . DS .
video diffusion (middle), and our enhanced synthetic data after ap- lflg superior quality in single-image 3D human reconstruc- 337
plying identity preservation and image restoration modules (right). tion tasks. 338

Note how our data augmentation approach preserves facial identity

Zzila?lgmﬁcantly improves detail quality in the synthetic training 4.3. Qualitative Evaluation 339
315 4.2. Quantitative Evaluation Figure 5 shows the overall quality of our generated 3D 340
avatars from single images in the People Snapshot and the 341
316 We quantitatively evaluate the quality of single-image 3D THuman dataset. Figure 6, Figure 7 shows that our method 342
317 avatars generated by our method against SOTA 3D avatar performs superior compared to current single-view human 343
318 generation methods [19, 37, 61]. While current 3D avatar reconstruction SOTA [17]. For single image avatar genera- 344
319 models generally require a monocular video as input, we tion, we evaluate on the People Snapshot dataset and com- 345
320 assess our model’s performance using a single image as in- pare against the 3D-GS based avatar SOTA [37]. For fair- 346
321 put on ExAvatar [37]. Additionally, we report results us- ness, we train the SOTA with the single input image for the 347
322 ing the original full training set of approximately 200 input same amount of iterations (12k iter) as our method. Figure 348
323 frames for monocular input based avatar models for refer- 8 shows that for single image avatar generation, our method 349
324 ence. As shown in Table 1, our model achieves highest performs superior especially for the back and side views. 350
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Single Image Input Single Image Input
Figure 5. Qualitative Evaluation on the People Snapshot dataset and of THuman dataset scan renderings. From a single image input,
SVAD generates high-quality, animatable 3D Avatars.

' M
i

Input Image SITH SVAD Input Image SITH

::Q"@"‘
e~ Al =~ 2

Figure 6. Qualitative Comparison with SITH [17]. Our ap- Figure 7. Qualitative Evaluation against SITH [17]. Our
proach better reconstructs complex contours and subtle features, method reconstructs fine detail(hands), while preserving original
resulting in a more lifelike and coherent side-view appearance. identity in facial regions.
351 4.4. Ablation Study sequences in the People Snapshot dataset are reported in 354
Table 3. It shows that our methods modules are required 355
352 In this section, we conduct ablation studies to validate each to reach the optimal performance reflected by all the met- 356
353 component of our methods. The average metrics over 4 rics. Using the THuman dataset, we apply the same eval- 357
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AT
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Ground Truth

ExAvatar SVAD

Figure 8. Qualitative Evaluation against ExAvatar in single im-
age input.

¢

Input Image w/o image restoration Full Model

Figure 9. Ablation study on the image restoration module. We

show that applying the module into our pipeline recover fine de-
tails on the final avatar output.

Full Model

Input Image (Cropped) w/o identity preserve

Figure 10. Ablation study on the identity preservation module.
We show that with the module, the final avatar maintains facial
details on the original input image.

uation technique as in our quantitative evaluation. Results
show that our method performs the best in PSNR, SSIM and
CLIP similarity and performs second best in LPIPS. Fig-
ure 9 shows visual results of the effect of the image restora-
tion module. High-detailed regions such as clothing texture,

Method PSNRtT SSIMtT LPIPS| CLIPt
w/o Identity Preserve 25.19  0.9419 0.0623 0.9231
w/o Image Restoration ~ 25.61 0.9298  0.0645  0.9239
Ours (Full) 25.79 09502 0.0594 0.9241

Table 3. Ablation study on the People Snapshot dataset.

Method PSNRtT SSIMt LPIPS| CLIPt
w/o Identity Preserve 21.12  0.9256 0.0898  0.9284
w/o Image Restoration =~ 21.16 ~ 0.9212 = 0.0799  0.9201
Ours (Full) 21.95 09291 0.0824  0.9321

Table 4. Ablation study on the THuman dataset.

fingers, and facial details are better preserved when apply-
ing our module. Figure 10, shows the visual effect of the
identity preservation module. We clearly show that original
input’s facial details are more preserved with the presence
of our module.

5. Conclusion and Future Work

In this work, we introduced SVAD, a novel synthetic data
generation approach for creating high-fidelity, animatable
3D human avatars from a single image. By leveraging
video diffusion models to generate pose-conditioned syn-
thetic training data, and enhancing this data through iden-
tity preservation and image restoration, SVAD successfully
addresses key challenges in single-image avatar creation.
Our method demonstrates how carefully refined synthetic
data can overcome limitations in traditional approaches, en-
abling stable, visually consistent avatars that retain the orig-
inal subject’s identity and details across varied poses and
viewpoints. Through comprehensive evaluations, SVAD
achieves state-of-the-art performance compared to exist-
ing methods while maintaining the rendering efficiency of
3DGS.

Limitations and Future Work. Our method has three
primary limitations. First, the synthetic data generation
process relies on computationally intensive video diffusion
models, creating a bottleneck in the pipeline. Second, while
effective for diverse poses represented in the synthetic train-
ing data, SVAD struggles with extreme or unconventional
poses that fall outside this distribution. Third, the method
does not handle object interactions, limiting its applicability
in dynamic environments.

In future work, we plan to explore more efficient syn-
thetic data generation techniques to reduce computational
requirements while maintaining quality. We aim to expand
the diversity of synthetic training data to include extreme
poses and object interactions, and investigate how synthetic
data generation could benefit multi-subject scenarios and
clothing variation to extend SVAD’s capabilities beyond
single-subject avatars.
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