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Abstract. Expressive human avatar creation from a single image is
highly challenging due to the inherently ill-posed nature of the prob-
lem, as well as the complexities of appearance preservation and dynamic
human modeling. To address these challenges, this work presents a com-
prehensive pipeline for training a large feed-forward model that efficiently
generates fully controllable 3D avatars from single-image. Due to the
scarcity of consistent training data, we construct a large-scale 3D Gaus-
sian avatar dataset to support model training. To better recover appear-
ance details, we propose an input-aware decoding scheme that fully lever-
ages information from the input image. Furthermore, to achieve compre-
hensive full-body control, we introduce a Gaussian blending–based facial
enhancement module and apply Gaussian geometric constraints to sta-
bilize expressive avatar generation. Extensive experiments demonstrate
that our method enables one-shot reconstruction of photorealistic avatars
with whole-body control, outperforming existing works in terms of hu-
man dynamic and appearance details.

Keywords: Fine-grained Avatar · Feed-forward Generation · One-Shot
Input

1 Introduction

Creating expressive human avatars from a single image is a key capability for im-
mersive virtual reality and creative content generation. Despite its importance,
the task remains challenging due to the complexities of dynamic human mod-
eling, appearance preservation, and the fundamentally ill-posed nature of the
problem.

Recently, works [7,22,26,33,40,57] based on 2D diffusion models are capable
of producing realistic human animation videos. Nevertheless, despite extensive
progress in driving mechanisms [5,15,45,72], network architectures [13,46,51,76],
and temporal consistency techniques [3, 4, 17, 76], these approaches remain lim-
ited by inefficient multi-step denoising and suffer from inconsistent temporal or
identity coherence during long sequences or under large pose variations. Methods
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Single Image Feed-forward Reconstruction Fully Controllable 3D Avatar

Fig. 1: Our method reconstructs a fully controllable 3D human avatar from a single
image within seconds through a single feed-forward pass, supporting natural control
over body pose, gestures, and facial expressions.

based on 3D representations [29,42], such as 3D Gaussian Splatting (3DGS) [29],
inherently offer stronger consistency across views and time. While one-shot hu-
man reconstruction approaches [34, 43, 81] can achieve high-quality novel view
synthesis, they are mostly restricted to static scenarios. To compensate for the
limited pose and deformation information available in the input image and to en-
able dynamic motion, several works [12,50,54,64] combine diffusion-prior-based
personalized reconstruction with human parametric models [35, 45] for control-
lable avatar animation; however, such pipelines require heavy optimization and
long training times. More recently, researchers have explored bringing the suc-
cess of large reconstruction models (LRMs) [21,56] in the 3D reconstruction field
into the drivable human avatar field, yielding initial progress through efficient
feed-forward generation. However, these methods either struggle with general
full-body inputs due to dataset scale and bias [74, 78], or focus primarily on
coarse body pose while neglecting detailed appearance capture and fine-grained
control of facial and hand regions [49,85].

In this work, we propose a comprehensive pipeline for training a scalable feed-
forward model that produces expressive 3D human avatars from a single image in
seconds. We employ a supplementary UV Gaussian Avatar based on the SMPL-
X [45] model as our fundamental 3D representation, taking into account both
the real-time rendering capability of 3DGS and the strong compatibility between
UV maps and transformer-based 2D regression networks. Our model takes a
single image as input and directly predicts the UV attribute maps corresponding
to the human Gaussian field. Given the scarcity of high-quality, 3D-consistent
training data, we construct a large-scale 3D Gaussian avatar dataset. Inspired
by [54,64,85], we first employ high-quality text-to-image diffusion models [32] to
generate image collections with diversity. For each image, we leverage 2D human
video diffusion priors [57,79] along with SMPL-X–based geometric constraints to
reconstruct the corresponding Gaussian avatar, which enables the rendering of
3D-consistent multi-view and multi-pose images for model training. In addition,
we incorporate existing public human datasets [73, 85] and a large collection of



SplatCtrlA 3

real human head videos into a unified hybrid dataset, enhancing the model’s
generalization to novel viewpoints and fine-grained human details.

For the model architecture, we adopt a pretrained feature extractor [30] and
a transformer-based encoder to encode image features into the UV space. Con-
sidering the inevitable information loss during feature extraction, we propose
an Input-aware Decoder that fully exploits the information contained in the in-
put image, leading to improved training efficiency and texture completeness. We
explicitly inject color information from the input image into the UV space as
decoding conditions, using the rasterization correspondence between the mesh
and the UV space, as well as the 3D-to-image projection mapping. To mitigate
misalignment between the tracked mesh and the input, we decouple the decod-
ing of Gaussian geometry and color attributes by applying a UV Mesh Inverse
module to predict the Gaussian deformation field, followed by the calibrated UV
Gaussian Inverse to assist in color decoding. Moreover, we introduce semantic
guidance during the Gaussian Inverse stage to ensure semantic correctness under
tracking and deformation prediction errors. To further enhance the expressive-
ness of the human avatar, we introduce an additional facial refinement module
and apply stronger regularization to hand modeling, ensuring comprehensive and
fine-grained control over the entire avatar.

In summary, our contributions include the following aspects:

• We develop a comprehensive and efficient feed-forward framework capable of
producing photo-realistic whole-body avatars with precise texture preserva-
tion and full control over body pose, hand gestures, and facial expressions.

• We present a data generation pipeline that constructs a large-scale 3D Gaus-
sian avatar dataset emphasizing 3D consistency, which is then integrated
with existing datasets to create a hybrid training set for large model train-
ing.

• Our proposed input-aware decoding scheme fully leverages the color, geo-
metric, and semantic information from the input image, and when paired
with a transformer-based encoder, enables more accurate texture capture
and completion.

2 Related Work

Single-Image Human Reconstruction. Some works [11,27,39,65] train large
3D human generative models and apply 3D GAN inversion for one-shot human
reconstruction, but they struggle with generalization and preserving full person-
alized details. PIFu [52] and subsequent works [20,53,83] introduce pixel-aligned
features for image-based human reconstruction. Subsequent loop optimization
techniques [9, 66, 67, 80] integrate neural fields with hybrid human priors to im-
prove robustness when reconstructing complex clothing. An alternative direction
leverages diffusion priors to fill in missing information, and works do this in dif-
ferent ways, including training a human-centered diffusion model [2,19,43], using
enhanced novel-view diffusion results as extra supervision [34, 36, 81], and lift-
ing 2D priors to 3D by employing the Score Distillation Sampling (SDS) [48]
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technique [25, 68, 71, 75]. Meanwhile, some works [6, 43, 61] integrate large re-
construction models [21, 56] with diffusion models for inference acceleration or
quality refinement. Human-Splat [43] applies a latent reconstruction transformer
to latent features generated by a multi-view diffusion model to predict human
Gaussians. HGM [6] employs a generate-then-refine pipeline guided by diffusion
priors. In contrast to these methods, which focus on static scenes and overlook
dynamic human motion, our approach captures both human appearance and
dynamic, enabling expressive whole-body animations.

One-Shot Animatable Avatar. Many works [8, 10, 16, 18, 58, 70, 82] achieve
realistic one-shot animation but focus exclusively on head modeling. For human
avatar animation, 2D approaches have emerged as a compelling direction due to
the powerful synthesis ability of diffusion models, but they still face challenges
such as image distortion, identity changes and pose misalignment, resulting from
loose 3D constraints. Some approaches [14,22,33,40,69,84] incorporate temporal
layers from AnimateDiff [17] to ensure smooth transitions, while others [47,
55, 57, 79] use video diffusion models [3, 4] for dynamic sequences. More recent
works [7,38,59] adopt the Diffusion Transformer (DiT) [13,46] as the core network
backbone, while others [26, 41] emphasize multi-modal controllability. Early 3D
approaches [23, 24] were constrained by limited reconstruction quality. Recent
methods [12,50,54,62,64] have achieved higher fidelity by incorporating diffusion
priors and personalized optimization, though at the cost of heavy computation.
Meanwhile, another line of research [37, 49, 74, 78, 85] investigates more efficient
feed-forward generation frameworks. Although IDOL [85] achieves impressive
reconstruction results, it fails to fully capture the identity and texture details
from the input image, mainly due to feature extraction loss and the inconsistency
of 2D synthetic datasets. LHM [49], trained on large-scale real human video
datasets, produces relatively better results but still struggles with fine-grained
facial expressions and hand modeling. GUAVA [74], which applies inverse texture
mapping, captures finer texture details but is limited to the frontal upper-body
regions. In contrast, our method leverages a hybrid training dataset — including
our Gaussian avatar dataset — to improve generalization and incorporates an
input-aware decoder and a facial enhancement module to achieve more detailed
and expressive modeling.

3 Large Avatar Reconstruction Model

Given a single input image I of a human body, we aim to reconstruct a whole-
body Gaussian avatar in an efficient feed-forward manner. Sec. 3.1 describes
the geometric representation of our Gaussian avatar. In Sec. 3.2 and Sec. 3.3,
we present the details of our large avatar reconstruction model. Sec. 3.4 shows
how we further enhance the quality of the facial region. Sec. 3.5 details the con-
struction of our training dataset, while Sec. 3.6 introduces the carefully designed
constraints and loss terms used to train the large-scale model. The entire pipeline
is illustrated in Fig. 2.
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Fig. 2: Overview. The input image is processed in two parallel streams: together with
the cropped head image, it is fed into a transformer-based image encoder to extract
UV feature maps; meanwhile, via the proposed input-aware scheme, it is explicitly
projected into the SMPL-X UV space and combined with semantic information to
guide the separate decoding of Gaussian geometry and color attributes. The Input-
aware Decoder directly predicts the Gaussian UV attribute maps, serving as a 2D
representation of the 3D human avatar in the canonical space, which can then be
deformed to the target pose via Linear Blend Skinning (LBS) for free animation.

3.1 UV Gaussian Avatar

For 3D human representation, we couple 3D Gaussian Splatting with the whole-
body parametric mesh model SMPL-X, which provides a strong initialization and
facilitates human animation. Inspired by [44, 63], we maintain the 3D Gaussian
field in the SMPL-X UV space. This UV parameterization not only enables
flexible control of Gaussian density but also connects seamlessly to a transformer-
based 2D regression network. Specifically, the Gaussian field is parameterized as
G = {µ,α, r, s, c}, where µ is the Gaussian center, α is the opacity, r is the
rotation, s is the scale, and c is the RGB color. Rather than predicting all UV
attribute maps directly, we predict spatial offsets for Gaussian positions and
rotations to better exploit the geometric priors provided by the SMPL-X model,
i.e., µ = µ̂+δµ and r = r̂·δr, where µ̂, r̂ are initialized from the canonical SMPL-
X mesh. Given a driving pose, the canonical Gaussian avatar is transformed to
the target space using Linear Blend Skinning (LBS).

3.2 Image UV Encoder

Image Feature Encoding. We use the backbone of Sapiens [30], pretrained
on millions of human images, to extract human features. Considering the im-
portance of the head region, we obtain a head image Ihead from I through crop-
ping and super-resolution [60]. We obtain transformer-compatible global tokens
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by concatenating the body and head image tokens extracted using the frozen
Sapiens-1B encoder Esapiens, formulated as:

F = Esapiens(I)⊕ Esapiens(Ihead), (1)

where ⊕ denotes token concatenation.

UV Transformer. Similar to [85], we implement a scaling transformer to map
the global human token from screen space to UV space. We first concatenate
the image tokens F with a learnable positional UV embedding Fpos along the
patch channel. The concatenated tokens are then aligned and refined through D
transformer blocks. The self-attention mechanism used in the transformer helps
aggregate related information and fill in invisible areas. Finally, the output is
passed through a CNN-based upsampling network to generate the final high-
resolution UV feature maps, Fuv.

3.3 Input-aware Decoder

While Sapiens effectively captures the majority of features from the input, some
inevitable information loss remains. To further enhance reconstruction quality,
it is essential to exploit the rich information contained in the input image I, such
as color, semantic context, and tracking-derived geometric priors.

Geometry Decoding. Regarding color and geometric priors, we incorporate
the inverse UV RGB map as an additional input signal to the decoder, similar
to [74]. Specifically, for each valid UV pixel localized by a Gaussian gk, we
determine its corresponding position, µ̂k, on the tracked SMPL-X mesh via UV
rasterization. This position is then projected onto the input image using the
camera parameters to obtain the RGB value of the UV pixel. After applying the
visible-region mask, M̂uv, we obtain the desired inverse UV RGB, Îuv, which is
used for geometry decoding. This process can be formulated as:

Îuv = MeshInverse(I, µ̂),

δµ, α = Dgeo

(
Fuv ⊕ Îuv

)
.

(2)

Semantic-Guided Color Decoding. Due to the spatial mismatch, δµ, between
the Gaussian and mesh fields, we use the inverse UV RGB, Iuv, corresponding to
the Gaussian field as the conditioning signal for color attribute decoding (with
the same visibility mask, M̂uv, for simplicity), which helps capture color details
outside the mesh surface. To further reduce projection errors caused by imperfect
tracking and deformation fields, δµ, especially near object boundaries, we refine
the projected positions using 2D semantic guidance. Each Gaussian is associated
with a semantic label, and mismatched projections are corrected to the nearest
semantically consistent location. This process can be formulated as:

Iuv =GauInverse
(
I, µ̂+ δµ, S

)
,

δr, s, c = Dcolor

(
Fuv ⊕ Iuv

)
,

(3)
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where S denotes the semantic image of the input I.
While geometry and color are decoded separately, the predicted geometric

attributes serve as conditions for color decoding, promoting consistency and
accuracy between the two decoders. Furthermore, by explicitly incorporating
input information, the Input-aware design mitigates over-reliance on the training
distribution and improves generalization across diverse human appearances.

3.4 Facial Enhancement

Head Avatar Model. Due to the limited quality and diversity of facial data in
our synthetic human dataset, we train an additional head reconstruction model
on a collected large-scale, high-resolution real head video dataset to enhance
facial reconstruction. The model adopts the same architecture as the whole-
body network, but the UV Transformer processes only head tokens extracted
from cropped head images, with the Transformer depth reduced to D/2.

Gaussian Blending Network. Since the head model is initialized from the
pretrained body model, the two exhibit high consistency around facial bound-
aries. Nevertheless, we further train a Gaussian blending network to seamlessly
fuse the two models. Specifically, the Gaussian blending network takes as input
the concatenated UV attribute maps generated by the two models (body and
head) according to the facial-region UV mask. The network outputs a smoothed,
seamless final Gaussian UV attribute map. The Gaussian blending network con-
sists of a StyleUNet followed by a zero convolution layer. The introduction of
the zero convolution layer ensures that the network learns only a small residual
correction for fine adjustment, rather than relearning the entire UV Gaussian
representation from scratch.

3.5 Human Dataset Construction

For human avatar reconstruction, there is still a lack of publicly available large-
scale datasets containing diverse real-world human videos, which poses a major
obstacle to data-driven generalization. To address this limitation, we develop
a pipeline to obtain large-scale Gaussian avatars from single images in batches
and construct a Gaussian avatar dataset with more than 25k identities that
emphasizes 3D consistency and diversity to support model training. Sec. 3.1
details the Gaussian Avatar representation we use. Next, we will describe how we
construct a human avatar from a single image in an optimization-based manner.

Gaussian Avatar Dataset. To enable Gaussian avatar reconstruction from
a single image, we follow a diffusion-prior-based framework similar to [54, 64].
Given an input image from our image collection, we generate pose-rich frames as
pseudo supervision using the diffusion-based human animation method, Mimic-
Motion [79]. The generated frames provide additional pose variations and com-
plete the invisible parts missing from the input image. We use them, along
with the input image, to form the training set for our UV Gaussian Avatar
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reconstruction. Once the Gaussian avatar is reconstructed, we can render 3D-
consistent multi-view and multi-pose human images to train our generalizable
model. Since reconstructing a Gaussian avatar fully aligned with the input image
takes several hours, while training the generalization model only requires diverse
3D-consistent human images, we reduce both the number of generated frames
and the training iterations to accelerate the reconstruction process, enabling
large-scale dataset construction.

We create the initial image collections using the text-to-image model Flux [32]
by designing descriptive prompts. While IDOL [85] generates multi-view images
using a 2D video diffusion model, inconsistencies between frames are inevitable,
and complex regions, such as fingers, remain problematic (as shown in Fig. 3).
These issues hinder the model’s ability to learn 3D-consistent features from in-
puts and to capture fine-grained details. In contrast, our Gaussian avatar dataset
naturally provides strong 3D consistency and geometrically stable supervision,
significantly enhancing the upper bound of models trained on synthetic data.

Reference HuGe100K (IDOL) Gaussian Avatar Dataset (Ours)

Fig. 3: Qualitative comparisons between two types of datasets. Our Gaussian avatar
dataset exhibits strong 3D consistency and rich details, which are crucial for training
LRMs. Note that neither dataset needs to be fully aligned with the reference image.

3.6 Objective Functions

Our framework directly generates a UV Gaussian avatar in a feed-forward man-
ner, which is then rendered to the target view and pose to support end-to-end
training. The objective function consists of two parts: photometric supervision to
ensure rendering fidelity, and Gaussian regularization terms to improve training
robustness.

Photometric supervision. In the view space corresponding to the target pose,
we adopt the conventional L1 loss and perceptual loss [77] between the ground-
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truth images, Igt, and the predicted splatted images, Ipred:

Lphotometric = λrgbL1(Igt, Ipred) + λperLlpips(Igt, Ipred). (4)

Gaussian Regularization. Given the ill-posed nature of single-image recon-
struction and the large pose-induced deformations, geometric constraints are
crucial for maintaining stability in the Gaussian field. We adopt three types of
Gaussian regularization terms. The first term constrains the positional deforma-
tion field, encouraging each Gaussian to remain close to its initial position on
the SMPL-X mesh:

Lpos =
1

Ngs

Ngs∑
i

max(∥δµi∥2 − ϵpos, 0). (5)

The second term regularizes the Gaussian scale to avoid needle-shaped ellipsoids:

Lsca =
1

Ngs

Ngs∑
i

max(
smax
i

smin
i

− ϵsca, 0). (6)

Both ϵpos and ϵsca represent empirically determined thresholds. Finally, we com-
pute the Laplacian smoothing loss, Llap, for δµ along with the scaling and RGBs
of the 3D Gaussians, based on their initial connectivity on the canonical mesh
surface, to further enhance the spatial consistency of Gaussians. In particular, we
assign a larger weight (×100) to the Laplacian smoothing term for hand regions.
The combined regularization operates as:

Lreg = λposLpos + λscaLsca + λlapLlap. (7)

The total loss function is the sum of the photometric supervision term and the
Gaussian regularization term:

Ltotal = Lphotometric + Lreg. (8)

4 Experiments

4.1 Implementation Details

Training Dataset. We construct a large-scale 3D Gaussian avatar dataset con-
taining 28.5k identities, each rendered with 15 frames under different views and
poses for training. In addition, we incorporate several public datasets, includ-
ing the 3D scan dataset THuman2.1 [73] and a subset of the synthetic dataset
HuGe100K [85], to improve generalization across identities, viewpoints, and
real-world appearances. Furthermore, we collect 5,253 real human head videos
to train a dedicated head model for enhanced facial detail reconstruction. All
datasets are unified into a common motion space, forming a comprehensive hy-
brid dataset that is essential for achieving strong generalization and fine-grained
control in the final model.
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Input Image Target Pose Ours IDOL LHM GUAVA

Fig. 4: Qualitative comparisons with representative methods [49, 74, 85] in the novel
pose animation task. Our method accurately models facial and hand regions and pro-
duces more precise, photo-realistic animation results, with almost all fine details pre-
served, even compared with methods trained on real video datasets.

Model Configuration. We set the UV map resolution to 768 × 768 and use
approximately 320,000 Gaussians in total. We train our models using the Adam
optimizer [31] with an initial learning rate of 4e−4. A warm-up schedule of 6,000
steps is employed to stabilize training in the initial stages. The entire training
process takes about 5 days on 8 NVIDIA A100 GPUs with a batch size of 8. For
Gaussian regularization, we set the thresholds to ϵpos = 5e− 2 and ϵsca = 5. For
the loss weights, we set λrgb, λper, λpos, λsca, λlap to 3e1, 1e1, 1e1, 5e1 and 1e4,
respectively. And for head avatar model training, λrgb and λper are reduced to 10
and 5. The head avatar model and the Gaussian blending network are trained
sequentially for 15,000 steps on the head and full-body datasets, respectively.
The learning rate for the Gaussian blending network is 4e− 6.

4.2 Comparison with Representative Methods

We compare our method with several representative works, including IDOL [85],
LHM [49], and GUAVA [74]. All of these methods follow a feed-forward paradigm
to generate Gaussian-based 3D avatars from a single image. Since they share the
same problem setting as our approach, they serve as appropriate baselines for
comparison.

Qualitative Comparisons. Fig. 4 and Fig. 5 present a qualitative comparison
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Reference Ours LHMIDOL GUAVA

Fig. 5: Qualitative comparisons with representative methods [49, 74, 85] on the novel
view synthesis task show that our method achieves superior texture sharpness and
appearance fidelity, particularly in clothing textures and hand regions.

between our method and other representative approaches. Fig. 4 illustrates the
single-view human animation task, in which the reconstructed avatar is animated
under a different driving pose, whereas Fig. 5 shows the results of static novel-
view synthesis.

As observed, IDOL relies on a 2D synthetic dataset with incomplete con-
sistency and fails to fully utilize the input information, resulting in coarse re-
constructions that struggle to preserve identity and texture. In addition, its
optimization stage lacks geometric constraints on the Gaussian field, making it
difficult to recover thin structures, such as fingers. LHM similarly suffers from
texture degradation and, due to the lack of dynamic expression and gesture mod-
eling, produces severe artifacts on the hands, making it incapable of handling
highly expressive talking scenes. GUAVA focuses primarily on frontal talking sce-
narios and, therefore, cannot achieve full 360-degree body modeling. Its strong
reliance on tracking alignment makes it fragile in challenging cases, such as oc-
cluded hands. It is further limited by its fixed low resolution and struggles to
synthesize detailed textures, even in upper-body driving settings.

In contrast, our method generates highly expressive 3D avatars from a sin-
gle input image. The resulting avatars support consistent 360° reconstruction
and diverse pose-driven animations while maintaining high-fidelity textures and
enabling precise modeling of facial expressions, teeth, and hand gestures.

Quantitative Comparison. Tab. 1 presents a quantitative comparison be-
tween our model and other methods on THuman2.0 [73] (100 identities in test-
set), NeuMan [28] (all 6 identities) and Seamless Interaction [1] (randomly se-
lected 100 videos) datasets. We use four common metrics for comparison: Mean
Squared Error, PSNR, SSIM, and LPIPS. Our method outperforms all others
across these metrics, demonstrating superior realism and naturalness in the re-
sults. However, we believe that these metrics do not fully reflect the quality or
capabilities of the methods, especially for the one-shot image animation task. We
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conduct a user study for subjective evaluation with 32 participants, showing the
best percentage for each method in Tab. 2. We also encourage readers to refer
to the visualization results for a more comprehensive and objective evaluation.

Table 1: Quantitative comparisons with representative methods [49,74,85] on various
datasets [1, 28,73].

Dataset Method MSE(×10−3) ↓ PSNR ↑ SSIM ↑ LPIPS ↓

THuman2.0

IDOL 10.841 19.995 0.912 0.0907
GUAVA 9.727 20.239 0.886 0.0765
LHM 9.951 20.276 0.917 0.0858
Ours 6.440 22.542 0.931 0.0653

NeuMan

IDOL 7.262 22.072 0.961 0.0424
GUAVA 7.365 21.875 0.904 0.0666
LHM 6.469 23.139 0.964 0.0332
Ours 5.904 23.489 0.964 0.0329

Seamless

IDOL 4.551 23.685 0.929 0.0650
GUAVA 4.483 24.125 0.929 0.0645
LHM 3.776 24.383 0.935 0.0582
Ours 3.595 24.858 0.936 0.0542

Table 2: User study: Percentage of methods rated the best.

Method Face Hand Clothed Body Overall Quality

IDOL 4.8 3.9 2.9 1.9
GUAVA 13.5 20.4 11.5 9.6
LHM 17.3 7.8 10.6 10.6
Ours 64.4 67.9 75.0 77.9

4.3 Ablation Studies

Facial Enhancement. Models trained on large-scale full-body data can re-
construct basic facial structure and texture. However, our facial enhancement
module further improves the modeling of facial dynamics, enabling clearer re-
construction of fine details, such as eyes and teeth, as shown in Fig. 6. The
resulting fully controllable 3D avatars, combined with naturally modeled hands,
can support expressive talking scenarios that require high realism. It is worth
noting that in other ablation studies, we did not apply the facial enhancement
module, and for quantitative comparisons, we masked out the facial regions to
ensure fairness.

Gaussian Avatar Dataset. As shown in Fig. 6, when the model is primarily
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trained on the inconsistent 2D dataset [85], it tends to produce blurry results
with noticeable texture-bleeding artifacts. Moreover, since hand regions are often
problematic in such datasets, the model struggles to reconstruct natural and
coherent hand appearances.

Full Modelw/o Facial Enhancementw/o GA Data

Fig. 6: Visualization of ablation studies on the importance of Gaussian avatar dataset
and the facial enhancement module.

Input-aware Decoder. We conduct a detailed ablation study on the design of
the Input-aware Decoder, as illustrated in Fig. 7. It can be observed that, without
leveraging the rich information from the input image during decoding, the model
produces reasonable yet coarse results. When using only the direct mesh-based
inverse process, tracking errors lead to noticeable texture artifacts and prevent
the recovery of regions distant from the mesh surface, such as hair. Introducing
the Gaussian-based inverse process for color decoding alleviates this issue, but
without semantic correction, residual texture misalignments still remain. Our
full model achieves natural reconstruction, with accurate texture capture across
both the body and fine-grained regions.
Besides the visual results shown in Figs. 6 and 7, quantitative evaluation is also
conducted, as presented in Tab. 3.

Table 3: Quantitative results of ablation studies on [1].

Metrics MSE (×10−3) ↓ PSNR ↑ SSIM ↑ LPIPS ↓

w/o-GA-data 5.283 23.037 0.9326 0.0676
w/o-input-aware 5.281 23.114 0.9328 0.0684
w/o-GauInverse 5.846 22.733 0.9320 0.0669
w/o-semantic 3.953 24.477 0.9328 0.0583
Full-model 3.527 24.949 0.9365 0.0527
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Input Full Modelw/o Input-Aware w/o GauInverse w/o Semantic-Guide

Fig. 7: Visualization of ablation studies on the input-awareness of the decoder and the
critical components of the Input-aware Decoder.

5 Conclusion

Summary. In this paper, we introduced a comprehensive pipeline for creating
fully controllable avatars from a single image. This was achieved through in-
novations in dataset construction, model architecture, and algorithmic design,
including a large-scale, 3D-consistent Gaussian avatar dataset, an input-aware
decoding scheme that establishes a tight coupling between Gaussian geometry
and color and fully exploits input information to recover precise appearance,
and a Gaussian-blending-based facial enhancement module that further improves
the expressiveness of reconstructed human avatars. Experimental results demon-
strate that our method outperforms existing techniques in fine-grained human
animation and appearance detail preservation. With its high-quality reconstruc-
tion and ability to generate expressive animations, our approach holds strong
potential for practical 3D avatar applications across a wide range of scenarios.

Limitations. Since our method is primarily trained on synthetic data, it may
struggle to robustly handle inputs with complex lighting conditions. In addition,
the current generalization model cannot faithfully reconstruct fine protruding
structures, such as individual hair strands. Future work could focus on enhanc-
ing the dataset construction pipeline to incorporate richer illumination variations
and more diverse cases, as well as exploring more efficient strategies for person-
alized adaptation to better capture subject-specific details.
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