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Figure 1. Our method uses a dual-UV formulation to represent 3D avatars, enabling reconstruction from full-body, half-body, and headshot
portraits while capturing off-body textures. Trained entirely on synthetic data, it generalizes effectively to in-the-wild images.

Abstract

We present a unified framework for reconstructing animat-
able 3D human avatars from a single portrait across head,
half-body, and full-body inputs. Our method tackles three
bottlenecks: pose- and framing-sensitive feature represen-
tations, limited scalable data, and unreliable proxy-mesh
estimation. We introduce a Dual-UV representation that
maps image features to a canonical UV space via Core-
UV and Shell-UV branches, eliminating pose- and framing-
induced token shifts. We also build a factorized syn-
thetic data manifold combining 2D generative diversity with
geometry-consistent 3D renderings, supported by a training
scheme that improves realism and identity consistency. A
robust proxy-mesh tracker maintains stability under partial
visibility. Together, these components enable strong in-the-
wild generalization. Trained only on half-body synthetic
data, our model achieves state-of-the-art head and upper-
body reconstruction and competitive full-body results. Ex-
tensive experiments and analyses further validate the effec-
tiveness of our approach.

†This work was done during Jiawei Zhang’s internship at Microsoft
Research Asia.

1. Introduction

Creating animatable 3D human avatars is central to telep-
resence and virtual reality. While high-quality avatars usu-
ally rely on multi-view capture or depth sensors, these se-
tups limit scalability; reconstructing an animatable avatar
from a single portrait offers a far more accessible solution.

Despite rapid progress in 3D human reconstruction,
most existing methods are designed either for head-only
or for full-body avatars, and often rely on specific input
assumptions. In particular, many pipelines assume full-
body visibility (including both hands and feet) to obtain
stable proxy mesh (e.g., SMPL-X [64], FLAME [50]) fit-
ting, an assumption that is not always satisfied in real
scenarios, where upper-body or partial views are more
typical. Recent transformer-based frameworks, includ-
ing the Large Avatar Model [26] (LAM) and Large Hu-
man Model [69] (LHM), follow the Large Reconstruc-
tion Model [30] (LRM) paradigm by encoding input im-
ages into patch-level features and using learnable tokens
to query them through cross-attention. This design enables
fast single-image reconstruction without explicit geometry
or texture optimization but constrains the representation to
the image feature space, making it difficult to generalize
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across incomplete inputs. As shown in LHM, performance
degrades under pose variation or partial-body inputs, and
even when trained on half-body data, the ambiguous defini-
tion of “half-body,” ranging from shoulder to waist or thigh
crops, leads to inconsistent spatial correspondence and no-
ticeable quality drops compared to full-body cases. Our
goal is to relax both input and data requirements, advancing
toward in-the-wild 3D avatar reconstruction from everyday
captures such as webcams or phone portraits, thereby ex-
tending the scalability of animatable avatar reconstruction
beyond controlled environments.

Our investigation reveals that the fundamental obstacles
to advancing single-image 3D avatar reconstruction arise
primarily from three aspects. First, representation de-
sign. Most existing pipelines inherit ViT-based pretrained
encoders, which lack strict translation invariance and thus
require the input image to be spatially aligned to a fixed
reference. Unlike general object reconstruction, human im-
ages exhibit large pose variations and frequent partial-body
visibility, making such alignment inherently unstable. Con-
sequently, the decoder must learn to correlate image patches
with 3D representations while adapting to token distribution
shifts induced by pose and alignment inconsistencies, of-
ten leading to identity drift and texture distortion. Second,
data scalability. High-quality multi-view human datasets
require expensive studio setups with synchronized cameras,
whereas real monocular videos demand intensive manual
cleaning to ensure temporal and pose consistency. Syn-
thetic data from traditional rendering engines offer control-
lable geometry but limited appearance diversity and a large
domain gap to real imagery. Although 2D generative mod-
els can produce photorealistic humans with diverse appear-
ances, their results generally lack identity and cross-view
consistency, making them unsuitable for 3D supervision
without further processing. Third, robust body estimation.
Reliable proxy mesh tracking remains a key bottleneck. Ex-
isting trackers often assume full-body visibility, some even
require both hands or the entire silhouette, to stabilize opti-
mization, which rarely holds in in-the-wild captures domi-
nated by upper-body views.

To address these challenges, we present a unified
pipeline that integrates representation design, data construc-
tion, and proxy mesh estimation in a coherent framework.
(1) Dual-UV Representation. At the core of our system
is a Dual-UV representation that rearranges image features
into a continuous, geometry-aligned UV space. It com-
prises two complementary branches: a Core-UV that en-
codes on-surface, geometry-anchored features, and a Shell-
UV that captures off-surface details such as hair, clothing,
and accessories by sampling features on an offset mesh
shell. By anchoring tokens to a canonical surface rather than
image coordinates, it eliminates token-distribution shifts
caused by pose and alignment variations, which often lead

to identity drift and texture distortion. This enables a sin-
gle model to robustly handle head-only, half-body, and full-
body inputs within one framework. (2) Factorized Syn-
thetic Data Manifold. Our model is trained entirely on
synthetic data that combines 2D generative and 3D ren-
dered sources to achieve both appearance diversity and ge-
ometric reliability. Rather than enforcing multi-view con-
sistency on 2D generative models, we leverage their abil-
ity to produce diverse, photorealistic appearances resem-
bling real imagery. The 3D renderings, though less real-
istic, provide consistent geometric supervision that anchors
reconstruction. All data are organized within a factorized,
controllable manifold defined by semantically interpretable
factors. A tailored training scheme mitigates identity and
cross-view inconsistencies in the 2D data, while a realism
regularizer projects each sample into a physically coherent,
filmic space, preserving diversity while enhancing plausi-
bility. Together, these designs yield a scalable synthetic
corpus that enables stable training and strong generalization
to in-the-wild captures. (3) Proxy Mesh Estimation. We
empirically identify a stable configuration for human proxy
mesh tracking under varying input completeness. Unlike
previous approaches requiring full-body or both-hand vis-
ibility, our tracker maintains reliable performance across
head-only, half-body, and full-body inputs, lowering cap-
ture demands and improving data scalability.

In summary, our work advances single-image 3D avatar
reconstruction through the following contributions:
• We propose a simple yet effective Dual-UV representa-

tion that maps all inputs into a continuous, geometry-
aligned UV space, enabling a single model to handle
head-only, half-body, and full-body views.

• We construct a factorized synthetic data manifold with
rich appearance diversity and controllable structure, sup-
ported by a training scheme that reduces identity incon-
sistency and cross-view mismatch, enabling strong real-
world generalization from synthetic data alone.

• We develop a robust proxy-mesh tracker that remains sta-
ble across varying input completeness, reducing depen-
dency on full-body visibility and improving scalability for
in-the-wild reconstruction.

• Trained solely on half-body data, our approach achieves
state-of-the-art head and upper-body results and compet-
itive full-body performance.

2. Related Work

2.1. Human Datasets

Large-scale datasets underpin modern human modeling and
fall into two categories. Structured datasets [25, 107] use
controlled multi-view capture and provide diverse expres-
sions, poses, and lighting [6, 11, 13, 32, 41, 57, 80, 84,
99, 104]. They support factor disentanglement but are
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Figure 2. Reconstruction Pipeline. Given a reference image and its tracked proxy mesh, dense features from a frozen encoder are sampled
along visible rays and scattered into canonical UV space to form the Core-UV map, while an offset shell captures off-surface regions such
as hair and clothing. The Core-UV and Shell-UV tokens are fused and decoded by a lightweight transformer to reconstruct UV-space
Gaussian attributes, which are then rigged to a target mesh and rendered from arbitrary viewpoints.

costly and limited to studio environments. Unstructured
datasets [10, 19, 33, 36, 47, 98] collect in-the-wild images
and videos with broad identity coverage but suffer from
strong viewpoint bias toward near-frontal shots.

A complementary direction builds synthetic datasets [27,
89, 105] by rendering detailed assets with accurate annota-
tions. They offer high controllability but exhibit realism
and texture gaps relative to real imagery. Recent gener-
ative models [18, 21, 72, 117] help narrow this gap, en-
abling large-scale, realistic, and diverse synthetic human
data. IDOL [117] also leverages 2D generative models for
data curation by finetuning them for multi-view synthesis,
but this introduces bias to the data diversity and still lacks
reliable geometric consistency. In contrast, we retain the
raw texture richness and diversity of 2D generative data
without relying on its multi-view validity.

2.2. Human Modeling
3D human modeling spans head and full-body reconstruc-
tion, following a similar evolution. Early methods recov-
ered geometry with explicit meshes or implicit fields [73,
100, 101, 113], and neural rendering [37, 58] shifted the fo-
cus to appearance. 3D-aware GANs [8, 9] enabled control-
lable head [2, 42, 45, 46, 106, 108] and body [1, 17, 28, 112]
synthesis, often leveraging 3DMM priors [3]. Score-
distillation [66] further allowed diffusion-driven generation
of diverse 3D humans [43, 55, 76, 90, 97, 116].

A complementary line learns person-specific avatars
from studio captures [14] or monocular videos [7]. For
heads, studio setups enable generalizable models [24, 29,
48, 95], while single-view methods have advanced control-
lable 3D head synthesis [15, 16, 38, 52, 67, 75, 81, 109]
and per-subject optimization achieves high fidelity [5, 68,
74, 96, 97, 102, 111, 114, 115]. For bodies, appearance and
clothing variability make generalization harder, so many
works rely on per-subject fitting from monocular [23, 59,
65] or multi-view captures [4, 51, 63, 86, 88, 103].

More recent efforts use multi-view [12, 31, 35, 49] and
video-diffusion models [34, 56, 70] to generate multi-view

imagery and reconstruct 3D avatars. In parallel, meth-
ods [26, 69] based on large reconstruction models [30, 87]
provide single-forward 3D inference.

Recent works [1, 42, 48, 117] also use UV space for
avatar attribute, but rely on StyleGAN or cross-attention
to modulate UV attributes. We instead employ a non-
learnable, closed-form projection from image space to UV
space, enabling faithful texture transfer and strong identity
preservation without generative hallucination.

Upper- or half-body avatar modeling from casual inputs
is relatively underexplored and remains challenging. Exist-
ing half-body approaches are limited: many depend on fixed
multi-view capture for real-time systems [44, 82], while
others only extend head models slightly toward the shoul-
ders [20, 91–94]. Diffusion-based methods [22, 53, 54] gen-
erate person-specific upper-body avatars but are generally
constrained to frontal poses and do not generalize well to
wider viewpoints. Recently, GUAVA [110] achieved a gen-
eralizable upper-body Gaussian avatar. GUAVA also uses a
UV branch for appearance, but unlike our dual-UV design,
it relies on a separate template branch to encode the input,
and stabilize the training process, thus requires a later refin-
ing module to blend the Gaussians from two branches.

3. Method
Given a single RGB portrait I , our goal is to reconstruct
an animatable 3D human avatar represented by a set of
Gaussians G = {gi = (µi,Σi, ci, αi)}Ni=1. We decom-
pose the latent space into two complementary parts: z =
{zuv, zmesh}, where zuv is a dual-UV representation encod-
ing geometry-aligned appearance and visibility in a canon-
ical UV space, and zmesh is a proxy mesh latent parameter-
ized by proxy mesh to capture pose-dependent deformation.
The overall mapping is formulated as

fθ : I → zuv, G = Φ(zuv, zmesh),

where fθ denotes the reconstruction network and Φ converts
latent codes into posed 3D Gaussians.
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Figure 3. Data Curation. We build a hybrid dataset by combining geometry-anchored 3D rendering with semantics-driven generative
synthesis. The synthetic rendering branch offers geometry-consistent multi-view supervision through procedural sampling of identity,
pose, appearance, illumination, and cameras. The generative branch constructs a factorized appearance manifold by decomposing scene
attributes, applying LLM-based filmic refinement, generating photorealistic sequences, and completing each sample with side/back views
for weakly correlated augmentation.

In Sec. 3.1, we present the mask-based reconstruction
model, centered on the dual-UV representation for robust
alignment across varying input completeness, as shown in
Fig. 2. Sec. 3.2 details the factorized synthetic data mani-
fold curation pipeline that provides scalable and diverse su-
pervision. Finally, Sec. 3.3 introduces the proxy mesh esti-
mation framework for stable proxy mesh tracking. Refer to
the supplementary for implementation and loss details.

3.1. Mask-based Reconstruction
Large reconstruction models [30, 87] map images to 3D by
querying patch features with learnable tokens, which works
for generic objects but entangles pose and identity for an-
imatable humans. Because inputs vary greatly, from head-
only to full-body, token correspondences become sensitive
to framing and alignment, harming generalization. More-
over, these models must implicitly recover the canonical
structure from posed images, even though the proxy mesh
already provides the deformation field. This forces the de-
coder to relearn geometric mappings and wastes capacity.

We instead reconstruct through a geometry-aligned
Dual-UV representation that deterministically maps image
features into canonical UV space. This removes pose ambi-
guity, and lets the network focus solely on identity and ap-
pearance detail. The Dual-UV representation contains two
complementary components.

Core-UV feature encoding. The Core-UV branch estab-
lishes a deterministic correspondence between image pixels
and the canonical mesh surface. Using the UV layout of the
human mesh, we define a differentiable unparameterization

(u, v) = M−1(p;M), (1)

where each surface point p on mesh M is uniquely mapped
to its UV coordinate (u, v). We uniformly sample surface

points {pi}Ni=1 on M and precompute their face indices and
barycentric coordinates.

Given an input image I and calibrated camera Π, we fol-
low previous works [69, 117], use a frozen Sapiens-1B en-
coder [39] to extract image features F = E(I). We rasterize
M under Π with back-face culling and z-buffering to deter-
mine visibility. For each visible point pi, it is projected to
the image xi = Π(pi), and its feature is gathered by:

fi = S(F,xi), mi ∈ {0, 1}, (2)

where S denotes differentiable bilinear sampling that inter-
polates local features from F at subpixel coordinate xi. The
sampled features are then scattered onto a regular UV grid
Ũ ∈ RHU×WU×C :

Ũ(u, v) =

∑
i mi k((u, v)− (ui, vi)) fi∑

i mi k((u, v)− (ui, vi)) + ε
, (3)

where k(·) is a compact aggregation kernel (nearest-
neighbor in practice) and ε ensures stability. This produces
a canonical, geometry-aligned Core-UV feature map that
provides a one-to-one, differentiable link between image
observations and mesh-surface coordinates.

Shell-UV feature encoding. The human mesh M cap-
tures only the body surface and cannot represent volumet-
ric details such as hair or loose garments. To encode these
off-surface regions, we construct an auxiliary shell M+

by offsetting each mesh vertex along its outward normal:
M+ = {p + δ n(p) | p ∈ M}, where n(p) is the vertex
normal and δ is a small offset. We rasterize both M and M+

under camera Π to obtain their visibility masks mM and
mM+ . The shell-only region is defined as the visible area of
S excluding the projection of M , mshell = mM+ ·(1−mM ),
ensuring that only off-surface pixels are used for feature
sampling. For mshell, it is multiplied by the body mask ren-
dered from the shell proxy mesh.
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For each visible point pj ∈ M+ with mshell,j = 1, its
projection xj = Π(pj) queries the image feature map F by
differentiable bilinear sampling:

fj = S(F,xj). (4)

The sampled features are transferred to their corresponding
UV coordinates (uj , vj) = M−1(pj) and aggregated on a
coarse UV grid Ũshell ∈RH′

U×W ′
U×C using the same kernel

aggregation as in the Core-UV branch. Although the map-
ping from M+ to UV space is approximate, it maintains
local spatial coherence and provides a soft positional prior
for encoding off-surface appearance.

Decoder Design. Core-UV and Shell-UV tokens are con-
catenated, processed by a shallow transformer stack, and
unpatched to form the UV attributes. Separate heads predict
Gaussian attributes in UV space, including color c, opacity
o, offset d, and rotation r and scale s.

Discussion. Transformer-based avatar models [69, 117]
typically employ large decoders with learnable queries,
treating the pretrained encoder as a passive feature extractor
and discarding the masked-autoencoding training asymme-
try, where a strong encoder enables a lightweight decoder,
as in Sapiens [39]. In contrast, we retain this asymmetry:
projected image features fill only visible UV cells, leav-
ing occluded regions blank, analogous to masked tokens.
A compact transformer propagates information from vis-
ible to missing areas. This MAE-aligned design exploits
pretrained reconstruction priors in geometry-aligned space,
achieving high-quality avatars with far fewer decoder pa-
rameters than query-based approaches.

3.2. Dataset Curation
Training a single-image avatar reconstructor requires large-
scale data that jointly cover geometric reliability and photo-
realistic diversity. Existing multi-view human datasets [32,
35, 57] are limited in identity and appearance due to costly
studio capture. We therefore synthesize data from two com-
plementary sources: a geometry-accurate synthetic render-
ing branch and a photorealistic generative branch (Fig. 3).
Synthetic Rendering Branch. We render multi-view hu-
man images with a parametric body model following [27].
Identity, pose, garment, and lighting are sampled proce-
durally, and each subject is rendered from multiple cali-
brated viewpoints under HDRI environments. This pro-
vides geometry-consistent supervision without manual an-
notation, forming the structural backbone of training data.
Generative Branch. While prior efforts [21, 117] fine-tune
diffusion models for view-consistent humans, such con-
straints often degrade realism and diversity. We instead em-
brace a different philosophy: rather than forcing 2D gener-
ators to be multi-view consistent, we exploit their strengths,

rich identity variation, natural appearance, and realistic mo-
tion, to populate a broad and controllable distribution.

To this end, we define a factorized data manifold in
which each sample is described by interpretable dimensions
such as time of day, lighting, shot size, composition, cloth-
ing, hairstyle, role, region, and action. Combinations of
these factors are first assembled into concise textual de-
scriptions by GPT-5 [60], then refined by a large language
model (Qwen2.5-14B-Instruct [77]) acting as a realism reg-
ularizer. This refinement step projects each prompt into a
physically coherent, filmic space—resolving contradictory
attributes and enriching it with cinematographic cues on
framing, illumination, and tone. The refined prompts are
passed to the text-to-video generator Wan2.2 [79] to pro-
duce short, temporally consistent human clips. From each
clip, one representative frame is selected and complemented
by side and back views synthesized through Qwen-Image-
Edit [78]. Unlike prior works that assume perfect multi-
view consistency, we treat these generated frames as weakly
correlated views rather than ground-truth correspondences.
During training, we impose a directional cross-view con-
sistency that flows only from more reliable to less reliable
views (e.g., side→back, front→back), avoiding cyclic con-
straints that can amplify identity drift or texture aliasing.
This asymmetric design effectively stabilizes training while
still encouraging view-aware coherence.
Discussion. Our design deliberately avoids fine-tuning gen-
erative models for 3D consistency, focusing instead on re-
alism and diversity as complementary to the geometry-rich
synthetic renders. Together, these two branches form a scal-
able corpus where geometry and photorealism are disentan-
gled yet coherent: (i) the synthetic branch anchors geomet-
ric supervision, (ii) the generative branch expands appear-
ance coverage within a factorized manifold, and (iii) the re-
alism regularizer maintains filmic plausibility. This combi-
nation enables robust training and strong generalization to
in-the-wild portraits. Implementation details of the control
factors, prompt templates, and LLM refinement commands
are provided in the supplementary material.

3.3. Proxy Mesh Estimation

A reliable proxy mesh is essential for canonical avatar re-
construction, yet many pretrained models can provides ini-
tial estimates, but each of them assumes its own cropped
views and coordinate system. We therefore analyze the
stability ranges of multiple estimators and build a unified
tracking pipeline rather than relying on a single model.

We benchmark representative estimators across head-
only, half-body, and full-body inputs. OSX performs well
with half-body visibility; Multi-HMR delivers accurate es-
timates when the entire body is visible; EMICA remains
stable for head-dominant inputs; HaMeR provides accurate
hand articulation only when hands are visible. This yields
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an empirical map of each model’s reliable operating regime.
Guided by this map, we design a hierarchical framework
that activates and fuses outputs from multiple estimators
according to detected visibility, then jointly refine via key-
point reprojection and dense vertex alignment.

This tracker produces stable, anatomically coherent
meshes for both real and generated images across all in-
put types, from head-only portraits to full-body captures,
and serves as a robust foundation for our reconstruction
pipeline. Implementation details and further analyses are
provided in the supplementary material.

4. Experiment
4.1. Implementation Details
We train on an upper-body–dominant synthetic dataset,
while our data generation and training pipeline also flex-
ibly accommodate full-body samples and head-only data.
Our rendering pipeline generates 150K subjects assembled
from curated 3D assets, each rendered from 12 upper-
body–focused views. An additional 300K portrait video
clips with talking or upper-body motion are synthesized,
along with side and back views for a random frame. Data
are split 19:1 for training and validation.

Our decoder has 8 self-attention layers and fewer than
0.1B parameters. Its outputs are unpatchified into 8 × 8
patches to form 512 × 512 Gaussian attribute maps (262K
Gaussians). We train with AdamW [40] at a learning rate of
1×10−4, using mixed precision and gradient clipping (norm
1.0). Training runs for three days on 4 NVIDIA A100 80G
GPUs with a batch size of 8 per GPU, the overall training
cost is significantly lower than LRM-based methods.

4.2. Experiment Setup
We compare with LHM, LHM-HF, IDOL, LAM, and
GUAVA under head, upper-body, and full-body inputs.

LHM targets full-body reconstruction, encoding fa-
cial and body regions separately using DINOv2 [61] and
Sapiens backbones for cross-attention between modalities.
LHM-HF extends this design by training on half-body data
augmented by random cropping from LHM’s large-scale in-
the-wild video dataset. IDOL applies a large Transformer
decoder along with a heavy CNN-based decoder to regress
Gaussian attributes from learnable tokens. LAM simplifies
LHM’s architecture, focusing on head modeling using both
studio-captured [41] and in-the-wild data [98]. GUAVA
specializes in upper-body reconstruction, featuring a dual-
branch Gaussian decoder followed by a screen-space CNN
refinement [85] stage for improved fidelity.

For upper-body evaluation, we use 100 real clips
from OpenHumanVid [47] and 200 synthesized clips; for
head portraits, we sample 50 talking clips from Ren-
derMe360 [62]; for full-body, we select 100 subjects from

SHHQ [19]. We compare against the relevant baselines in
each setting, using their own preprocessing pipeline.

4.3. Comparison Results
Quantitative results are reported in Tab. 1 and qualitative
comparisons in Fig. 4. For upper-body, our method sur-
passes LRM-based approaches (IDOL, LHM-HF) in texture
fidelity and identity preservation. While GUAVA is com-
petitive on visible regions, its strict requirement for visible
hands causes unstable poses and artifacts under hand occlu-
sions. In contrast, our method avoids any 2D refinement
and remains robust across varying visibility conditions.

For head reconstruction, we outperform the head-
specific LAM in identity preservation and additionally re-
construct regions below the shoulders that LAM cannot rep-
resent. In the full-body setting, our approach achieves per-
formance comparable to dedicated single-image full-body
methods, despite being trained almost exclusively on upper-
body data and never seeing lower-body regions. This indi-
cates strong generalization to unseen body parts.

As shown in Fig. 5, across all three settings our method
produces novel views with consistent geometry and texture
under diverse viewpoints and challenging poses.

4.4. Applications
Versatile Editing Our model exhibits strong generaliza-
tion ability, allowing seamless integration with outputs from
advanced image generation or editing models. As illustrated
in Fig. 6, it can transform images synthesized by text-to-
image or image-editing models into fully animatable 3D
avatars, enabling flexible downstream editing and control.

Multiple Inputs Recent works [71] attempt to handle
multi-view human images using computationally alterna-
tive attention [83]. In contrast, our method can naturally
handle multi-view inputs by simply linearly blending the
UV features from each image. As illustrated in Fig. 7, this
simple strategy is sufficient to produce coherent reconstruc-
tions even in challenging multi-view scenarios.

4.5. Ablation Study
Model Design We ablate the decoder architecture, as
summarized in Tab. 2 (a) and (d). Increasing the number
of decoder layers leads to a consistent performance gain. In
addition, introducing the shell token provides a clear boost,
indicating that the extra token effectively enriches local sur-
face modeling and, in turn, improves reconstruction quality.

Dataset Scalability We also study the impact of training
data type and scale. As shown in Tab. 2 (b) and (c), model
performance improves steadily as the dataset grows, high-
lighting the benefit of larger and more diverse supervision.
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Figure 4. Reenactment Results. Our method is trained solely on upper-body data, generalizes well to head and full-body inputs.
Table 1. Comparision of quantitative results with state-of-the-art methods.

Upper-Wild Upper-Wan Full-Body Head
PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓

Ours 21.09 0.8510 0.1426 20.38 0.7867 0.1635 Ours 24.53 0.8642 0.0916 Ours 19.04 0.8526 0.1613
GUAVA 20.59 0.7864 0.1957 20.24 0.7215 0.1940 IDOL 18.51 0.8753 0.1256 LAM† 17.19 0.7526 0.2207
LHM-HF 13.95 0.7835 0.3335 12.04 0.6664 0.3626 LHM 21.53 0.9151 0.0725 LAM 14.81 0.6789 0.2613
IDOL 12.93 0.7617 0.3465 10.35 0.5802 0.5132 —— —————————- —— —————————-

Note: blue and lightblue indicate the best and second-best results. † indicates non-facial parts are parsed out.
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Figure 5. Novel View Synthesis. Our method generates multi-view human renderings from a single reference image, showing compara-
tively more consistent appearance, especially in the head and upper-body regions.

Figure 6. Editing Results. Our model supports various appear-
ance edits from a single image, demonstrating its adaptability to
diverse visual conditions.

Figure 7. Multiple Input. Our model is capable of taking multiple
images as input, indicating its potential flexibility in leveraging
multi-view information.

When trained only on synthetic data syn, the model
shows limited generalization. Using only generation data
gen alleviates this issue, while gen∗, which contains only
video-generated data without augmented images, performs
worse. The best results are achieved when combining all
data sources, suggesting that accurate 3D simulations com-
plemented by diverse 2D views are crucial for high-quality
reconstruction.

Table 2. Ablation study on model design and dataset scalability,
evaluated on upper-body synthetic clips. Blue indicates the best
results.

(a) Decoder depth

blocks PSNR↑ SSIM↑ LPIPS↓

2 20.31 0.7846 0.1812
4 20.36 0.7862 0.1789
8 20.38 0.7867 0.1635

(b) Dataset scale

ratio PSNR↑ SSIM↑ LPIPS↓

95% 20.38 0.7867 0.1635
33% 20.33 0.7855 0.1801
3% 20.25 0.7827 0.1888

(c) Dataset type

type PSNR↑ SSIM↑ LPIPS↓

full 20.38 0.7867 0.1635
syn 19.57 0.7579 0.2418
gen 20.38 0.7861 0.1732
gen∗ 20.34 0.7851 0.1794

(d) Shell token

PSNR↑ SSIM↑ LPIPS↓

w/

shell token
20.38 0.7867 0.1635

w/o

shell token
20.35 0.7845 0.1801

5. Conclusion

We present a unified framework for reconstructing animat-
able 3D human avatars, spanning head-only, half-body, and
full-body inputs within a single model. We train our model
entirely on synthetic data, yet it generalizes well to in-the-
wild portraits. Extensive experiments across head, upper-
body, and full-body benchmarks demonstrate state-of-the-
art or competitive performance, along with strong novel
view synthesis and versatile applications such as reenact-
ment, appearance editing, and multi-view fusion.

Despite these advances, our framework still has limita-
tions. It relies on a proxy mesh that may fail in extreme or
highly articulated poses, leading to noticeable reconstruc-
tion errors. Although our synthetic data manifold provides
diverse identities and appearances, the views are still sparse,
with limited side or rear perspectives, resulting in incom-
plete viewpoint coverage during training.

Future work will explore weakly pose-dependent repre-
sentations to mitigate these issues and further enhance ro-
bustness and generalization. We also believe that improving
viewpoint coverage and reducing the dependence on proxy
geometry could further strengthen performance in more un-
constrained real-world scenarios.
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