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Fig. 1. Our method, HumanLift, reconstructs a photorealistic 3D human in 3D-GS from a single reference image. We enhance multi-view consistency by
leveraging the generalization of video-based diffusion transformers and introducing a 3D-aware prior. We further boost facial details through a face generative
prior and normal supervision during 3D Gaussian optimization. As the figure illustrates, the left is the input image, and the right part is the multi-view normal
and RGB images rendered from our reconstructed human 3D Gaussians. The visual results demonstrate our method synthesizes richer garment details while
maintaining excellent facial consistency with the reference image.
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Creating high-quality, photorealistic 3D digital humans from a single image
remains challenging. While existing methods can generate visually appeal-
ing multi-view outputs, they often suffer from inconsistencies in viewpoints
and camera poses, resulting in suboptimal 3D reconstructions with reduced
realism. Furthermore, most approaches focus on body generation while over-
looking facial consistency – a perceptually critical issue caused by the fact
that the face occupies only a small area in a full-body image (e.g., ∼ 80×80
pixels out of a 512 × 512 image). This limited resolution and low weight
for the facial regions during optimization leads to insufficient facial details
and inconsistent facial identity features across multiple views. To address
these challenges, we leverage the powerful capabilities of 2D video diffusion
models for consistent multi-view RGB and Normal human image generation,
combined with the 3D SMPL-X representation to enable spatial consistency
and geometrical details. By fine-tuning the DiT models (HumanWan-DiTs)
on realistic 3D human datasets using the LoRA technique, our method en-
sures both generalizability and 3D visual consistency on realistic multi-view
human image generation. The proposed facial enhancement is integrated
into 3D Gaussian optimization to enhance facial details. To further refine
results, we apply super-resolution and generative priors to reduce facial
blurring alongside SMPL-X parameter tuning and the assistance of generated
multi-view normal images, achieving photorealistic and consistent rendering
from a single image. Extensive experiments demonstrate that our approach
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outperforms existing methods, producing photorealistic, consistent, and
fine-detailed human renderings.

CCS Concepts: • Computing methodologies→ Reconstruction; Com-
puter vision.

Additional KeyWords and Phrases: Multiview Image Diffusion Model, Image
to 3D Human Generation, 3D Gaussian Splatting, Digital Human
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1 Introduction
Creating photorealistic 3D digital humans is a crucial task in com-
puter vision and graphics and offers benefits across various domains,
including 3D films, gaming, and virtual/augmented reality. The ma-
jority of techniques [Balan et al. 2007; Bhatnagar et al. 2019; Gao
et al. 2022; Noguchi et al. 2021; Peng et al. 2021a,b; Wu et al. 2020]
reconstruct a high-quality, animatable 3D human model using multi-
view calibrated cameras. Nonetheless, reconstructing such a model
from a single reference image continues to be labor-intensive and
technically challenging. This task involves estimating the visual
appearance and clothed geometry for unseen views while also pre-
serving multi-view consistency and ensuring that the 3D model
conforms to the priors derived from the reference image.
The rapid advancement of generative priors (e.g. Stable Diffu-

sion [Rombach et al. 2022]) and differentiable inverse rendering
methods (e.g. NeRF [Mildenhall et al. 2021], 3D Gaussian Splatting
[Kerbl et al. 2023]) has bridged the gap between 2D images and
the 3D domain, enabling the transfer of 2D generative capabilities
into 3D generation. Recent works [Lin et al. 2023; Long et al. 2024;
Shi et al. 2024; Zhang et al. 2024b] have shown promising results
in 3D generation from single images of general objects. However,
efforts to extend this to high-quality 3D human models [Huang
et al. 2024; Li et al. 2024b; Saito et al. 2019; Zhang et al. 2024c] often
suffer from limited realism due to the scarcity of photorealistic 3D
human data. Video diffusion models [Wang et al. 2025a, 2024c] have
achieved remarkable realism in dynamic human generation [Hu
2024; Shao et al. 2024a; Wang et al. 2024b], though they may exhibit
inconsistency at the different views across frames.

Multi-view photorealistic generation methods [He et al. 2024; Li
et al. 2024b; Xue et al. 2024; Zhang et al. 2024c] still suffer from
challenges such as view inconsistency, inaccurate camera poses,
and poor 3D reconstruction. Most approaches also prioritize body
generation while overlooking facial consistency, which is essential
for realism. Face occupies only a tiny region (∼80×80 pixels) in a
full-body image (512×512), making it difficult to preserve fine facial
details and maintain identity across views, as subtle geometry and
high-frequency features are often lost during optimization.

To address these challenges, we propose a novel approach (named
HumanLift) that leverages a pre-trained large-scale 2D video gen-
eration model (Wan2.1) [Wang et al. 2025a] as a generative prior.
We enhance this model by injecting 3D consistency from SMPL-
X [Pavlakos et al. 2019] and camera poses via fine-tuning it on

realistic 3D human datasets [Shao et al. 2024a]. This integration
ensures the generative model (named HumanWan-DiT) produces
highly lifelike and consistent 3D human multi-view RGB photos
(named HumanWan-DiT (RGB)) while preserving generalization
across various human poses and camera viewpoints. Furthermore,
a key strength of our HumanWan-DiT is its capability to predict
highly consistent multiview normals (named HumanWan-DiT (Nor-
mal)) by leveraging the injected 3D priors. Conditioned directly on
the generated multiview RGB images, HumanWan-DiT simultane-
ously predicts corresponding normal maps that exhibit exceptional
consistency across different viewpoints. This robust normal predic-
tion capability is paramount for accurately capturing the intricate
surface details and underlying geometric structure of the human
body, providing essential information beyond just color and texture.
Unlike traditional 2D generative approaches that often struggle to
maintain geometric fidelity across views, leading to artifacts and
inconsistencies in inferred 3D, our method explicitly enforces 3D
consistency.
To enable the downstream 3D tasks, we further propose a tech-

nique for lifting the 2D multi-view images (inferred from a single
image) into the 3D domain using 3D Gaussian Splatting (3D-GS)
[Kerbl et al. 2023] with facial detail enhancement. During the Gauss-
ian learning, the camera poses of generated multi-view face images
are corrected by transformation between the FLAME [Li et al. 2017]
and head part of the optimized SMPL-X, while the Gaussian distri-
bution is supervised by human body multiview images (RGB and
Normal), and face multiview images. This method facilitates free-
view rendering with consistency and fine details while enabling
precise SMPL-X pose optimization and enhancement of facial details
via super-resolution and generative priors [Li et al. 2025]. Finally,
our approach not only permits the photorealistic rendering of 3D
humans from arbitrary views but also supports further applications
in future (e.g., realistic animation). An example of our HumanLift
is shown in Figure 1. In summary, our core contributions are listed:

• A novel method, called HumanLift, which elevates a single
reference image to the 3D domain, facilitating view-consistent
and photorealistic full-body image synthesis with high-quality
facial details.

• A novel diffusion transformer (HumanWan-DiT) based on
Wan2.1 that incorporates 3D awareness from various 3D hu-
man models, successfully synthesizing photorealistic multi-
view images/normals with coherent facial details.

• A Gaussian optimization framework that integrates SMPL-
X pose optimization with facial detail enhancement from
generative priors, designed to elevate multi-view images into
the 3D domain for further applications.

Extensive experiments demonstrate that our approach can syn-
thesize photorealistic, consistent, and free-view human renderings,
outperforming existing methods quantitatively and qualitatively. By
integrating the strengths of 2D diffusion transformer, 3D SMPL-X
pose optimization, and advanced face enhancement techniques, our
method offers a reliable solution to high-quality 3D human model-
ing from a single image. Our code will be made publicly accessible
for research purposes.
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2 Related Work

2.1 Single-View 3D Human Creation
Significant progress has been made in 3D human reconstruction
from multi-view inputs [Lin et al. 2024b; Peng et al. 2023; Saito
et al. 2019] and monocular input [Alldieck et al. 2018a,b; Li et al.
2020; Weng et al. 2022], leveraging visual cues to infer 3D geome-
try. Recently, the focus has shifted to recovering complete human
avatars—including body shape, garments, and textures—from a sin-
gle image with the aid of priors. Early parametric approaches es-
timated coarse shapes [Alldieck et al. 2018a, 2019; Bhatnagar et al.
2019; Choutas et al. 2022; Kanazawa et al. 2018; Kocabas et al. 2020;
Kolotouros et al. 2019; Saito et al. 2021; Smith et al. 2019; Sun et al.
2022; Zhu et al. 2019] but struggled with clothed humans due to
fixed topology. Implicit methods [Alldieck et al. 2022; Cao et al. 2022;
Corona et al. 2023; Saito et al. 2019, 2020; Xiu et al. 2023, 2022; Zhang
et al. 2024c] improved flexibility by modeling complex topologies
with implicit functions (SDF/UDF, signed/unsigned distance fields),
though at the cost of heavy sampling.
Head avatar creation has been explored through a variety of ap-

proaches. Video-driven approaches [Shao et al. 2024b; Thies et al.
2016; Zheng et al. 2022, 2023; Zielonka et al. 2023] only reconstruct
facial expressions and poses, while recent advances [An et al. 2023;
Li et al. 2025] synthesize static full-head avatars by combining GAN
(Generative Adversarial Network) priors with triplane representa-
tions [Chan et al. 2022]. Multi-camera systems, such as Gaussian-
HeadAvatar [Xu et al. 2023] and GaussianAvatars [Qian et al. 2023],
deliver high-fidelity and view-consistent results but rely on com-
plex capture setups. NeRSemble [Kirschstein et al. 2023] leverages a
single camera to model temporal dynamics, though it generalizes
poorly across subjects. Image-based methods [Liu and Hao 2022;
Yu et al. 2023] exploit GAN priors to construct avatars from one
or a few inputs, achieving identity preservation but often lacking
cross-view consistency.
Recent diffusion-based generative models have shown promis-

ing results with given conditional inputs, especially for single-view
to multi-view generation, enabling 3D reconstruction using dif-
ferentiable inverse rendering (e.g., NeRF, 3D-GS). The foundation
models [Liu et al. 2023b,a; Long et al. 2024; Voleti et al. 2025; Yang
et al. 2024], trained on Objaverse(-XL) dataset [2023a; 2023b], have
made significant progress in 3D object generation. Due to the limited
high-quality realistic 3D human data, some methods [Cao et al. 2024;
Huang et al. 2024; Jiang et al. 2023; Svitov et al. 2023; Zhang et al.
2023] use Score Distillation Sampling [Poole et al. 2022] to distill 3D
humans (e.g., NeRF, SDF, DMtet [Shen et al. 2021]) from the diffu-
sion priors. However, the ambiguity of text conditions makes coarse
human clothing details difficult and time-consuming to optimize.
In contrast, we present 3D-aware conditions to direct multi-view
generation, thereby ensuring enhanced view consistency.

Inspired by diffusion-basedmulti-view generations [Li et al. 2024a;
Liu et al. 2023a; Long et al. 2024; Tang et al. 2024; Voleti et al. 2025],
recent works directly produce multi-view human images from a
single image without optimization. For example, Human-VDM [Liu
et al. 2024] fine-tunes a multi-view diffusion model on realistic
3D humans, combining vanilla 3D-GS with super-resolution [Zhou
et al. 2022] for detail enhancement. In contrast, Human 3Diffusion

[Xue et al. 2024] unifies multi-view generation and 3D-GS within
a single module for joint optimization. Both approaches, however,
suffer from multi-view inconsistency due to the absence of explicit
3D priors. Recent works address this limitation by incorporating
structured human priors (e.g., SMPL, SMPL-X) to improve consis-
tency. SiTH [Ho et al. 2024] employs a diffusion model and the
SMPL model prior to predict front and back human body images
and then adds normal guidance for improved geometric reconstruc-
tion. HumanSplat [Pan et al. 2024] uses human semantic priors
for high-quality texture modeling in 3D-GS reconstruction from
multi-view images. PSHuman [Li et al. 2024b] employs separate
diffusion models for the face and body to enhance facial details but
struggles with challenging poses when SMPL-X pose estimation
fails. MagicMan [He et al. 2024] integrates 3D awareness with pose
optimization in 2D multi-view generation, substantially improving
pose accuracy. LHM [Qiu et al. 2025] and IDOL [Zhuang et al. 2024]
infer the high-fidelity 3D avatar in 3D-GS via a feed-forward pass.
While existing methods enhance view consistency for human

generation, they often fail to preserve facial details due to the face’s
small pixel area in the whole human image, leading to unrealistic re-
sults. Unlike MagicMan, which focuses on generating 2Dmulti-view
body images, our method achieves full 3D reconstruction with facial
consistency by leveraging a video-diffusion model and converting
temporal consistency into spatial consistency through SMPL-X 3D
awareness and 3D training data. PSHuman [Li et al. 2024b] applies
separate diffusion models for the face and body but remains lim-
ited by low-resolution face crops, leading to insufficient detail. In
contrast, our approach incorporates facial priors to enforce iden-
tity consistency and enhance detail during both generation and
reconstruction, yielding higher-quality avatars.

2.2 Human Video Diffusion
Building a unified diffusion model for generating consistent multi-
view human images is challenging due to the lack of realistic 3D
human data. However, human video data enables diffusion-based
methods to generate realistic dynamic videos efficiently. Dream-
Pose [Karras et al. 2023] and DISCO [Wang et al. 2023] apply diffu-
sion to human image animation but struggle to retain fine-grained
details only with CLIP features as guidance. Recent methods like
AnimateAnyone [Hu 2024], MagicAnimate [Xu et al. 2024], and
MagicPose [Chang et al. 2023] use ReferenceNet with spatial self-
attention to maintain reference image consistency and employ pose-
guided networks (e.g., DWPose 2D skeleton [Yang et al. 2023]) for
animation guidance. Sketch2HumanVideo[Qu et al. 2025] proposed
a sparse sketch encoder to achieve sketch-controllable human video
generation. UniAnimate [Wang et al. 2024b] introduces Mamba [Gu
and Dao 2023] into the diffusion model to improve the efficiency.
Its extension (UniAnimate-DiT [Wang et al. 2025b]) on large-scale
video diffusion transformer (Wan2.1 [Wang et al. 2025a]) achieves
visually appealing and temporally coherent 2D animations. Champ
[Zhu et al. 2025], MIMO [Men et al. 2024], and Human4DiT [Shao
et al. 2024a] employ 3D-aware shape guidance [Loper et al. 2015;
Pavlakos et al. 2019] rather than a sparse 2D skeleton, enabling more
accurate and controllable image generation. These methods enhance
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clothing textures and backgrounds but struggle with facial iden-
tity consistency and distortion. MimicMotion [Zhang et al. 2024a]
uses FaceFusion [Henry 2024] for postprocessing to reduce face
distortion, while VividPose [Wang et al. 2024a] and StableAnimator
[Tu et al. 2024] employ ArcFace [Deng et al. 2019] to ensure face
consistency in an end-to-end manner. While these methods improve
animation realism and consistency, the 2D skeleton is unable to per-
ceive the view changes. In contrast, we integrate 3D awareness into
the diffusion model for multi-view image generation, leveraging
realistic human priors from video diffusion models. Our approach
utilizes a Gaussian optimization framework and enables photoreal-
istic rendering with fine details.

3 Methodology
Given a single image I of a person, we aim to create a 3D digital
avatar that captures the photorealistic appearance and fine details
(e.g., clothing), enabling free-view exploration. This task is challeng-
ing due to the use of unconstrained daily captured photos, including
varied poses, self-occlusion, unknown viewpoints, and cluttered
backgrounds–especially with a single image as input. Additionally,
small facial regions in full-body images result in insufficient facial
details that degrade avatar quality. Photorealistic reconstruction
under these conditions thus remains highly challenging.
Our key insight is to introduce 3D awareness (multi-view con-

sistency and geometrical details) during the multi-view generation
and perform the photorealistic 3D avatar reconstruction with a
flexible 3D-GS representation with facial detail enhancement. As
illustrated in Figure 2, our method employs two main stages for
generating lifelike 3D avatars. Specifically, we first fine-tune a video
diffusion transformer model [Wang et al. 2025a] injected with 3D
awareness from the SMPL-Xmodel [Pavlakos et al. 2019] to generate
multi-view RGB images (HumanWan-DiT (RGB)) while maintaining
consistency. Further, another fine-tuned Wan-DiT model (named
HumanWan-DiT (Normal)) converts the generated multi-view RGB
images to multi-view Normal images, injecting geometrical details.
Both components collaboratively turn a single image to multi-view
images with 3D consistency and geometrical details (Sec. 3.1). Then,
we lift the multi-view images into a 3D full avatar with highly
photorealistic and high-fidelity facial details (Sec. 3.2).

3.1 3D-Aware HumanWan-DiT
Our first step is to generate photorealistic multi-view images from
a single daily-captured personal image. We develop a multi-view
human diffusion transformer that enables 3D awareness, i.e., 3D
consistency and geometrical details. For a better generalization to in-
the-wild images, our backbone is based on advanced video Diffusion
Transformer (DiT)-based model [Wang et al. 2025a] that is trained
on numerous 2D general dynamic videos. It provides a powerful
capability to infer the high-fidelity videos. We employ the similar
network configurations with its extension [Wang et al. 2025b] on the
2D human animation task, with the pretrained weights inherited.
We propose to design two models, HumanWan-DiT (RGB) and

HumanWan-DiT (Normal), which are tailored for the human body
to enhance multi-view consistency and geometrical details across

different views. The normal and semantic images of SMPL-X are in-
troduced as 3D priors, which are then incorporated into the Wan2.1
to offer 3D guidance. Then, LoRA is employed for memory-efficient
parameter fine-tuning, reducing training memory overhead while
preserving generative potency. Driving motion information is en-
coded by a lightweight condition encoder comprising stacked 3D
convolutional layers. The detailed structure is presented in Figure 3.

3D-Aware Multi-View RGB/Normal HumanWan-DiT. Building on
recent advancements in general video DiT models [Wang et al.
2025a,b], Wan-VAE is a novel 3D causal VAE architecture specifically
designed for efficient and scalable video generation by employing
strategies in IV-VAE [Wu et al. 2024] to improve spatiotemporal
compression and ensure temporal causality, making it well-suited
for integration with diffusion models such as DiT. We utilize Wan-
Encoder 𝐸𝑛𝑐𝑊𝑎𝑛 to extract features 𝑓 𝑅𝑒𝑓I from a single reference
image I, which are concatenated with noise and fed into the Video
DiTModel (Wan2.1), ensuring the consistency between the final gen-
erated multi-view images and the reference image at the appearance
level.
Wan-DiT mainly consists of a patchifying module, transformer

blocks and an unpatchifying module; please refer to Wan2.1 [Wang
et al. 2025a] for the detailed architecture. The patchifier uses 3D
convolutions with kernel size of (1,2,2) to convert video latents into
a sequence of video tokens. The Wan-DiT block accepts the patchi-
fied embeddings of Wan-Encoder 𝐸𝑛𝑐𝑊𝑎𝑛 and 3D-aware conditions
as inputs. Then, the Wan-Decoder 𝐷𝑒𝑐𝑊𝑎𝑛 decodes the unpatchi-
fied outputs of Wan-DiT block to the consistent multi-view results
{I1,I2, . . .I𝑁 } (in our implementation, 𝑁 = 81 views, fitting the
video DiT model). We propose to inject the 3D priors into the video
model. The 3D-aware priors include the SMPL-X semantic images
{I𝑆𝑒𝑚

𝑖
, 1 ≤ 𝑖 ≤ 𝑁 } and normal images {I𝑁𝑜𝑟

𝑖
, 1 ≤ 𝑖 ≤ 𝑁 }.

In Figure 2, we design two DiT models, HumanWan-DiT (RGB)
and HumanWan-DiT (Normal), to generate high-quality multi-view
RGB and normal images. HumanWan-DiT (RGB) takes SMPL-X
multi-view semantic images {I𝑆𝑒𝑚

𝑖
, 1 ≤ 𝑖 ≤ 𝑁 } as input and pro-

duces spatially consistent multi-view RGB images. HumanWan-DiT
(Normal) then uses these RGB images as conditions to infer the
detailed multi-view normal images, supervised by normal prior
{I𝑁𝑜𝑟

𝑖
, 1 ≤ 𝑖 ≤ 𝑁 } from SMPL-X.

For the conditional encoder, we adopt a 7-layer 3D convolutional
architecture [Wang et al. 2025b] to effectively capture spatial fea-
tures of the conditioning inputs (SMPL-X semantic rendering for
RGB branch, and RGB images for normal branch). This achieves a
balance between receptive field size and computational efficiency.
The resulting features are projected into a high-dimensional patchi-
fied token space (5120-D), enabling effective integration of pose
information. The combination of 3D convolutional encoding and
token-space representation enhances consistency and preserves fine
details during multi-view generation.

Training Objective. We fine-tune two DiT models by leveraging
the flow matching framework [Esser et al. 2024], following Wan2.1
[Wang et al. 2025a]. The training input 𝑥𝑡 , follows Rectified Flows
[Liu et al. 2022], is defined as a linear interpolation between random
noise 𝑥0 ∼ N(0, 𝐼 ) and video latent 𝑥1 at timestep t: 𝑥𝑡 = 𝑡𝑥1 + (1 −
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Fig. 2. The pipeline of our method HumanLift. Our reconstruction lifts the generated multi-view images to a 3D-GS representation. The human face occupies
a small area within the entire image, leading to the absence of details and blurring. We propose face enhancement with SMPL-X pose optimization during the
3D-GS training. The super-resolved facial image is inverted using the existing generative model [Li et al. 2025] to produce high-quality multi-view facial
images with camera poses in canonical space. The 3D-GS is supervised by the multi-view face and human images. It should be noted that the camera poses
(canonical space) of the face images are transformed to the SMPL-X head (world space) to monitor the face of 3D-GS. Since the initial SMPL-X is not aligned
with the 3D Gaussian points accurately, we also optimize the SMPL-X pose parameters to adjust face camera pose according to the optimized SMPL-X for
each iteration, ensuring consistent alignment between face camera pose and 3D Gaussian points of the head.

Fig. 3. Our HumanWan-DiT network architecture adapts the Wan2.1 video
diffusion transformer (DiT)model [Wang et al. 2025a] for static humanmulti-
view image generation, building upon concepts similar to UniAnimate-DiT.
Its key components include the base diffusion transformer enhanced with
LoRA fine-tuning and a versatile condition encoder that accepts various
inputs for predicting multi-view images. To produce high-quality RGB and
Normal outputs, we fine-tune two distinct models: HumanWan-DiT (RGB)
and HumanWan-DiT (Normal).

𝑡)𝑥0. The groundtruth velocity 𝑣𝑡 is

𝑣𝑡 =
𝑑𝑥𝑡

𝑑𝑡
= 𝑥1 − 𝑥0 (1)

The loss function can be formulated as:

L𝐷𝑖𝑇 = E𝑥0,𝑥1,𝑐txt,𝑡 ∥𝑢 (𝑥𝑡 , 𝑐txt, 𝑡 ;𝜃 ) − 𝑣𝑡 ∥2 . (2)

The model is trained by minimizing the mean squared error between
predicted velocity 𝑢 (𝑥𝑡 , 𝑐txt, 𝑡 ;𝜃 ) by our model and 𝑣𝑡 , where 𝜃 is
the tunable parameters, and 𝑐txt is the umT5 [Chung et al. 2023]
text embedding sequence of 512 tokens. In our implementation, we
use the same text description (“A camera smoothly circles around
the person horizontally, completing a full rotation, capturing them

from all sides. The person remains still throughout the video.”) for
all videos.

3.2 Human 3D Gaussian with Face Enhancement
The second step involves converting two multi-view image sets:
multi-view RGB: S𝐶 = {Ĩ𝐶

𝑖
, 1 ≤ 𝑖 ≤ 𝑁 }, and multi-view Normal:

S𝑁 = {Ĩ𝑁
𝑖
, 1 ≤ 𝑖 ≤ 𝑁 } into 3D for downstream tasks (e.g., ge-

ometry reconstruction, human animation). Multi-view human DiT
models cannot achieve perfect consistency of generated images
across different views because it just introduces 3D priors, making
generated images as consistent as possible. Considering that the face
only takes a small area of a human image, the existing approach cre-
ates the entire body and ignores facial details. To address this issue,
we use a 3D-GS representation to learn the human and face Gauss-
ian distributions with face enhancement, whose goal is to supervise
the high-quality face learning using the inversion techniques [Guo
et al. 2024a] on the super-resolved face image (512×512). Finally, a
photorealistic human with a high-quality face can be rendered and
animated in free views.
3D-GS [Kerbl et al. 2023] achieves impressive results on Novel

View Synthesis (NVS) with efficient computation cost, while keep-
ing explicit point clouds for other 3D applications. It can eliminate
inconsistency from the diffusion model and further benefit down-
stream applications. Motivated by the work [Lin et al. 2024a], we
leverage the layered 3D-GS representation of the face and body to
reconstruct a high-quality 3D Gaussian representation. The Gauss-
ian distributions attributed to the face and body are optimized by
the different sets of images with the corresponding camera poses.
We reconstruct the 3D-GS representation of the human body

using two generated multi-view image sets S𝐶 and S𝑁 . For the
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face, we employ the face generation method [Li et al. 2025] to invert
the super-resolved face image, resulting in high-quality multi-view
images in the 90◦ range in front of the face {Ĩ 𝑓 𝑎𝑐𝑒

𝑖
, 1 ≤ 𝑖 ≤ 𝑁𝑓 }

(i.e., 𝑁𝑓 = 40 views). Since the head of SMPL-X model is the same
as FLAME (vertices and face connection), we follow the correspon-
dence provided by SMPL-X [Pavlakos et al. 2019] to align the FLAME
to SMPL-X head using the ICP (Iterative Closest Point) algorithm.
Calculating the global rigid transformation between the head of
SMPL-X and FLAME [Li et al. 2017] transforms 𝑁𝑓 face camera
poses (FLAME canonical space) to supervise 3D-GS (world space)
learning of the face component. However, the FLAME model can-
not be aligned well with the Gaussians of the face directly due to
inaccurate SMPL-X estimation from a single image, resulting in
artifacts in the final rendering result, especially for the face. We thus
propose SMPL-X pose optimization-based face enhancement to fix
this issue. To supervise face 3D-GS learning, we continually correct
the SMPL-X shape and update the head camera pose during training,
resulting in high-quality and reasonable rendering outputs.
The Gaussian distribution learning uses the SMPL-X model to

initialize Gaussian kernels for quick convergence and further ani-
mation. Since there are not enough views to supervise 3D-GS learn-
ing, we scale the multi-view images into four resolutions (832×480,
416×240, 208×120, 104×60) to train the 3D-GS distribution to distrib-
ute Gaussian kernels uniformly. For the losses, two groups of loss
terms collaborate to optimize 3D-GS and SMPL-X parameters: L𝐺𝑆

and L𝑆𝑀𝑃𝐿𝑋 . L𝐺𝑆 includes the RGB loss for human body L𝑅𝐺𝐵
𝑏𝑜𝑑𝑦

and

face L𝑅𝐺𝐵
𝑓 𝑎𝑐𝑒

, Normal loss for human body L𝑁𝑜𝑟
𝑏𝑜𝑑𝑦

, Mask Loss L𝑀𝑎𝑠𝑘
𝑏𝑜𝑑𝑦

,

and Gaussian kernel constraint L𝑆𝑐𝑎𝑙𝑒 (adopted from [Gao et al.
2024]) to optimize our layered 3D-GS representation:

L𝐺𝑆 = 𝜆𝑏L
𝑅𝐺𝐵
𝑏𝑜𝑑𝑦

+ 𝜆𝑛L
𝑁𝑜𝑟
𝑏𝑜𝑑𝑦

+ 𝜆𝑓 L
𝑅𝐺𝐵
𝑓 𝑎𝑐𝑒

+ 𝜆𝑚L
𝑀𝑎𝑠𝑘
𝑏𝑜𝑑𝑦

+ 𝜆𝑆L
𝑆𝑐𝑎𝑙𝑒 , (3)

where the hyper-parameters for 3D-GS optimization, 𝜆𝑏 , 𝜆𝑛, 𝜆𝑓 , 𝜆𝑚, 𝜆𝑆 ,
are empirically set to 1.0, 0.5, 5.0, 10.0, 100.0, respectively. For each
iteration, we randomly choose a camera to optimize the human
body or face. If the camera view of the human body includes the
face, we will use the face camera adjacent to the human camera
to create a mask to optimize the body. Another loss L𝑆𝑀𝑃𝐿𝑋 also
works together to correct the face camera pose for face 3D-GS opti-
mization, including LandMark Loss L𝐿𝑎𝑛𝑑𝑀𝑎𝑟𝑘

𝑓 𝑎𝑐𝑒
, SMPL-X Joints loss

L
𝐽 𝑜𝑖𝑛𝑡𝑠

𝑏𝑜𝑑𝑦
, and distance from Gaussian points to SMPL-X surface L𝑝2𝑠 :

L𝑆𝑀𝑃𝐿−𝑋 = 𝜆𝐿𝑀L
𝐿𝑎𝑛𝑑𝑀𝑎𝑟𝑘
𝑓 𝑎𝑐𝑒

+ 𝜆𝐽 L
𝐽 𝑜𝑖𝑛𝑡𝑠

𝑏𝑜𝑑𝑦
+ 𝜆𝑝2𝑠L𝑝2𝑠 , (4)

where the GT Face landmarks and SMPL-X joints are detected by
[Cao et al. 2019] and optimized in the five front views. All our tests
use default hyperparameters of 100.0, 1.0, 50.0 for 𝜆𝐿𝑀 , 𝜆𝐽 , 𝜆𝑝2𝑠 .

4 Experiments
In this section, we present qualitative and quantitative evaluations
of our method on novel view synthesis of 3D-GS reconstruction,
including comparisons with existing approaches, user study, and ab-
lation studies to analyze the importance of our key designs. For data
preparation and implementations, please refer to our supplementary
material.

4.1 Evaluations
4.1.1 Baselines and Metrics. We evaluate the performance of our
proposed method HumanLift and alternative baselines on the Hu-
man4DiT Dataset[Shao et al. 2024a] and various in-the-wild exam-
ples qualitatively and quantitatively. We consider comparing with
two types of methods: one is based on single view human reconstruc-
tion, and the other is based on 2D human animation. We consider
five state-of-the-art methods for single view human reconstruction:
Human 3Diffusion [Xue et al. 2024], SiTH [Ho et al. 2024], PSHuman
[Li et al. 2024b], MagicMan [He et al. 2024], and IDOL [Zhuang et al.
2024]. Human 3Diffusion, combined with 3D-GS focuses on human
multi-view image generation. SiTH and PSHuman utilize the dif-
fusion model to generate images from extra views and reconstruct
a 3D human avatar using the SDF representation and [Palfinger
2022]. MagicMan is a recent work that achieves impressive results
in human multi-view generation with SMPL-X pose optimization.
IDOL is a recent human 3D Gaussian inference method using a
single image in a feed-forward way.
In addition, we compare with several methods on 2D human

animation: MagicAnimate [Xu et al. 2024], AnimateAnyone [Hu
2024], Champ [Zhu et al. 2025], Human4DiT [Shao et al. 2024a]. All
these method can synthesis the realistic 2D human animation via
different motion images (e.g. 2D skeleton, SMPL semantic images),
which can achieve the static multi-view human image synthesis
by changing the conditional motion images. We follow the same
setting (fine-tuned MagicAnimate, AnimateAnyone and Champ on
Human4DiT dataset) as the Human4DiT to enable them to generate
the multi-view video for static 3D humans, performing the compar-
ison as fair as possible. We adopt three commonly used metrics
(i.e., Peak Signal-to-Noise Ratio (PSNR), Structural Similarity (SSIM)
[Wang et al. 2004], and Learned Perceptual Image Patch Similarity
(LPIPS) [Zhang et al. 2018]) to evaluate the multi-view generation
performance of each method qualitatively. CSIM [Guo et al. 2024b]
assesses face consistency by comparing the cosine similarity of fa-
cial embeddings from two images. Since the GT images are strictly
identity-consistent, the CSIM scores inherently reflect the identity
coherence across views and the consistency with the reference im-
age. Furthermore, to explicitly assess identity drift across views, we
compute the average CSIM between consecutive frames.

4.1.2 Results. We have validated the performance on test set of Hu-
man4DiT dataset and various in-the-wild images. Figure 4 presents
novel-view synthesis results on four cases. For each example, three
views are displayed. We highlighted the details with colored box for
detailed comparison, focusing on clothing details and multi-view
consistency. From the results, it is obvious that our method can
synthesize higher-fidelity details exceptionally and preserve con-
sistency with the reference image better. Human 3Diffusion and
MagicMan use SMPL-X priors for consistency but cannot preserve
facial details well (the first row in Figure 4). We also compare with
the recent impressive work IDOL, which efficiently infers a 3D-GS
human in a feed-forward manner. In Figure 6, we evaluate the per-
formance on two given examples in their official code repository.
From the visual results, it is clear that our method can maintain
the ultra-well consistency with the input image and can synthesize
complex and fine garment details well. In contrast, the baselines
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Fig. 4. Evaluations on Novel View Synthesis of 3D-GS Reconstruction.We evaluate novel view synthesis and compare our method with four alternatives,
including Human 3Diffusion [Xue et al. 2024], SiTH [Ho et al. 2024], MagicMan [He et al. 2024], and PSHuman [Li et al. 2024b]. The facial and body details are
highlighted by the colored boxes. The results indicate that our method achieves the best visual performance with high-quality facial details, while preserving
more clothing details. Zoom in to see the details.

Fig. 5. Comparison with Methods based on 2D Human Animation. We evaluate novel view synthesis and compare our method with four alternatives,
including MagicAnimate [Xu et al. 2024], AnimateAnyone [Hu 2024], Champ [Zhu et al. 2025], Human4DiT [Shao et al. 2024a]. We fine-tune MagicAnimate,
AnimateAnyone, and Champ on THuman2.0 dataset to enable them to generate the multi-view image for static 3D humans. The facial and cloth details are
highlighted by the colored boxes. It is clear that our method achieves the best visual performance, while capturing more details on clothing and preserving the
garment wrinkles from reference images. Zoom in to see the details.
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Table 1. Quantitative comparison. In this table, we evaluate the perfor-
mance of all baselines in our paper. Four metrics on image quality and face
consistency are reported. CSIM-GT scores inherently reflect the identity
coherence across views and the consistency with the GT images. CSIM-Adj
scores measure the facial similarity between consecutive frames, reporting
the average CSIM. For single-view human reconstruction, we evaluate
the performance of our method compared with Human 3Diffusion, SiTH,
MagicMan PSHuman, and IDOL. For multi-view human generation, we
evaluate the performance on multi-view renderings with MagicAnimate,
AnimateAnyone, Champ, and Human4DiT. The results clearly demonstrate
that our method achieves the best performance over recent alternatives
in image quality metrics (PSNR, SSIM, LPIPS), and face consistency. The
top two results are colored as first and second . Mark ∗ means that we
fine-tuned them on static 3D THuman2.0 dataset to enable them to have
the ability of multi-view generation for static 3D humans.

Multi-View Human Image Quality Face Consistency
Methods

PSNR ↑ SSIM ↑ LPIPS ↓ CSIM-GT ↑ CSIM-Adj ↑

Human 3Diffusion 21.49 0.918 0.060 0.316 0.579

MagicMan 23.78 0.921 0.057 0.611 0.730

SiTH 18.45 0.820 0.100 0.457 0.601

PSHuman 20.76 0.850 0.079 0.701 0.737

IDOL 20.90 0.872 0.104 0.502 0.698

MagicAnimate∗ 20.16 0.910 0.141 0.417 0.537

AnimateAnyone∗ 21.92 0.937 0.068 0.355 0.479

Champ∗ 22.18 0.940 0.060 0.503 0.615

Human4DiT 23.37 0.962 0.045 0.730 0.690

Ours w/o Face Enhancement 21.33 0.850 0.049 0.606 0.742

Ours w/o SMPL-X Optimization 19.71 0.797 0.053 0.534 0.701

Ours w/o Normal Supervision 23.60 0.947 0.045 0.740 0.778

Ours 24.17 0.967 0.042 0.781 0.802

Fig. 6. Comparison with IDOL.We compare with IDOL [Zhuang et al.
2024], a feed-forward method to predict 3D Gaussians. We choose two demo
examples in their official code repository, a cartoon character and a real
human. The difference on facial and body details are highlighted by the
colored boxes. The results indicate that our method achieves the best visual
performance and consistent multi-view images with high-quality details.
Zoom in to see the details.

struggle to catch details, notably garment details and consistency.
While PSHuman employs the body-face cross-scale diffusion model
to improve facial details, it still struggles to capture high-frequency
details like garment wrinkles (see Figure 4).
Further, we follow the same setting as Human4DiT to perform

the evaluation with 2D human animation methods, which also sup-
port the multi-view image synthesis for 3D static human using the
suitable motion control. We select 100 3D humans as test set from

Table 2. User Study.We conducted a user study to compare our method
against existing techniques using in-the-wild examples, evaluating them
from a human perspective under four criterias. Our method achieves the
best in all criterias. Top two results are colored as first and second .

Human Preference
Methods

3D-C ↓ CR ↓ FD ↓ RQ ↓

Human 3Diffusion 3.67 2.65 4.73 3.46

MagicMan 3.13 2.00 2.31 4.58

SiTH 2.64 4.46 3.00 3.50

PSHuman 3.56 4.23 3.15 1.92

Ours 2.00 1.65 1.81 1.54

THUman2.0 and render them to multi-view image set for compari-
son. The frontal view is used as the reference image and others are
the test images for numerical evaluation. For each reference image,
we render the estimated SMPL-X model to 2D skeleton, depth, se-
mantic, normal images in 360◦ as condition, feeding them into the
above 2D human animation method (MagicAnimate, AnimateAny-
one, Champ, Human4DiT). Qualitative comparison is presented in
Figure 5. Our methods outperforms others, demonstrating the abil-
ity to learn the spatial consistency and details preservation, as well
as the quantitative evaluation in Table 1.
Additionally, we evaluate the performance numerically in Ta-

ble 1 by calculating the average score across views. Table 1 reports
the results and clearly shows our method outperforms the all base-
lines in four metrics (PSNR, SSIM, LPIPS, and face consistency).
The results reveal that our method can generate photorealistic and
view-consistency multi-view images, achieving the best consistency
across different views and between reference images. Table 1 also re-
ports the performance on 2D human animation methods, regarding
multi-view renderings. It is obvious that our method achieves the
best performance on the three commonly used metrics, while main-
taining the consistent face identity. Our approach can synthesize
realistic and high-quality face details thanks to 3D-GS representa-
tion with face enhancement.
Figure 7 present the multi-view rendering results on two cases.

To verify our generalization ability, we present additional diverse
results in our supplementary material and video, involving various
styles of human images. As is clearly visible, our results achieve pho-
torealism and consistency while preserving more complex details
from reference images. Especially for some decorations or pendants,
our method can retain the features into multi-view images with
high consistency.

4.1.3 User Study. We conducted a user study to compare ourmethod
against existing techniques using in-the-wild examples, evaluating
them from a human perspective. We randomly selected 15 examples
and invited 20 participants to complete our questionnaires. Par-
ticipants ranked all alternatives based on four criteria: 3D spatial
consistency (3D-C), consistency with reference image (CR), facial de-
tails (FD), and overall rendering quality (RQ). The rankings provided
by participants served as scores. In Table 2, our method consistently
outperformed others across all criteria, demonstrating its superior
performance in 3D human generation from a single image.
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Input Multi-View RGB (4 views) Multi-View Normal (4 views)

Fig. 7. More Results on Various Cloth Styles and Human Poses. Here are three in-the-wild examples. For each reference image, we present four multiview
generated RGB and Normal images. It is evident that our results are photorealistic, with spatial consistency and fine geometrical details. Please refer to our
supplementary and video for more multi-view generation results.

Fig. 8. Ablations. We conduct a qualitative comparison of our three ablated versions: without Face Enhancement, without SMPL-X pose optimization, and
without normal supervision. The results indicate that face enhancement markedly enhances facial details through generative priors. Additionally, SMPL-X
optimization effectively adjusts the SMPL-X pose and subsequently updates the face camera pose to guide the 3D-GS on the head, resulting in more plausible
rendering results. The differences are highlighted with colored boxes. The extra normal supervision from our fine-tuned HumanWan-DiT Normal model
indicates that our 3D-GS representation can maintain more clothing details under the guidance of generated consistent multi-view normal images. Zoom in to
see the details.

4.2 Ablations
In this section, we demonstrate the effectiveness of our key de-
signs, which play an important role in the photorealistic human
reconstruction. Specifically, we evaluate the effectiveness of Normal
Supervision, Face Enhancement, and SMPL-X optimization during
3D-GS optimization.

4.2.1 Normal Supervision. To further improve the quality of 3D-
GS reconstruction, we fine-tune a multi-view normal prediction
model using our HumanWan-DiT, which takes the multi-view RGB
images as control inputs and under the guidance of reference normal
image extracted by Sapiens. The model aims to predict the multi-
view normal images that is consistent as generated multi-view RGB
images, while capturing more geometrical details from reference
image. To validate the effectiveness of Normal Supervision on 3D-GS
learning, we remove the supervision to train the 3D-GS under the
guidance of multi-view RGB images and detailed facial images, using
PSNR, SSIM, LPIPS and CSIM to measure the quality of multi view
images and face consistency across the views. Figure 8 illustrates

that Normal Supervision can successfully improve the rendering
quality both quantitatively and qualitatively, and preserve more
details from the reference image.

4.2.2 Face Enhancement. Although we tried our best to preserve
the facial details during multi-view generation, the human face still
occupies a small area in the reference image, which makes it hard to
capture sufficient details for high-quality and photorealistic 3D-GS
reconstruction. To address this, we introduce the Face Enhancement,
which leverages the face generation prior and super-resolution
technique to improve the human face quality. In Figure 8, it is evident
that the ablated version leads to blurred facial results, while our
methods can capture more details.

4.2.3 SMPL-X Optimization. Since the SMPL-X pose estimation
from the single image is an ill-posed problem, it often results in
inaccurate pose estimation when the reference image contains more
challenging poses. This will cause the camera pose of the face image
to be incorrectly positioned during 3D-GS reconstruction, which is
misaligned with the trained 3D-GS supervised by multi-view human
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Fig. 9. Failure Cases. We show three types of failure cases to illustrate
the limitations of our method. For complex clothing or human poses, inac-
curate SMPL-X pose prediction leads to inconsistent rendering results from
reference images (such as the hands in left part). For the complex lighting
and other unseen object attached on human, it still results in unrealistic
rendering results and unreasonable multi-view images for objects. Zoom in
to see the details.

images, resulting in the head being inaccurately placed in the final
rendered image. Figure 8 illustrates the artifact clearly. Disabling
SMPL-X pose optimization during 3D-GS training leads to incorrect
head poses and facial artifacts.

5 Conclusion and Discussion
In this work, we introduced HumanLift, a novel approach for 3D
human reconstruction from a single reference image using video
DiT priors and facial detail enhancement. Our HumanLift aims to re-
cover a 3D-GS represented human from a single RGB image. The 3D
human is reconstructed under the three supervisions: 1. multi-view
RGB images, 2. multi-view normal images, and 3. multi-view facial
images. To generate the high-quality and consistent multi-view im-
ages, we build our model upon powerful DiT model (Wan2.1) for the
consistent and high-fidelity multi-view RGB/Normal images, which
leverages 3D awareness from SMPL-X and geometrical details from
3D human scan data to preserve coherence and details across views.
To enable downstream 3D applications requiring high-quality facial
details, we raise the multi-view images to the 3D-GS representation
based on SMPL-X pose optimization and face enhancement. Overall,
we offer a viable method for photorealistic 3D person modeling
from a single image.

Limitations & Future Works. Our approach achieves realistic 3D
human rendering with high-quality facial details, yet it has several
drawbacks: 1. Inaccurate SMPL-X and Inconsistent Multi-view Gen-
eration: Single-image pose estimation remains an ill-posed problem,
leading to inaccurate SMPL-X estimations for complex poses and
clothing, especially for severe occlusion of human body. This incon-
sistency propagates to the generated multi-view images (see left
in Figure 9). Inspired by [He et al. 2024], we are integrating multi-
view generation and 3D-GS optimization into a unified, end-to-end
framework. This allows for iterative refinement, where generated
multi-view images correct SMPL-X poses, which then guide sub-
sequent image generation. 2. Challenges with Novel Decorations:

Since our training data does not cover more diverse decorations
for human body, our method struggles to generate accurate multi-
view images for unusual personal decorations (e.g. a baseball glove),
resulting in artifacts and ambiguous representations. Augmenting
datasets might improve the generalization capabilities in these chal-
lenging cases. 3. Lighting Condition Limitations: Our human DiT
model can sometimes bake challenging lighting conditions directly
into the multi-view images, leading to unrealistic renderings (see
right in Figure 9). 4. Weak Supervision for Unseen Regions: Direct
optimization of 3D-GS from generated multi-view images results
in weak supervision for self-occluded and unseen regions. Inspired
by Pippo [Kant et al. 2025], a unified large model for photorealistic
human body and face is a promising direction for 3D digital human
creation. Also, we are interested in exploring multi-view generation
and dynamic generation for humans by designing a 4D multi-view
generation framework and introducing more priors during 3D-GS
reconstruction in the future.
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