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Figure 1. (a). In this work, we construct a large-scale, unified 3D Human Gaussian Dataset, called HGS-1M, to support (b) the large-scale
generation model for 3D human Gaussian generation. (c¢) This paradigm, with large-scale data, produces high-quality 3D human Gaussians
that exhibit complex textures, facial details, and realistic deformation of loose clothing.

Abstract

3D human digitization has long been a highly pursued yet
challenging task. Existing methods aim to generate high-
quality 3D digital humans from single or multiple views,
but remain primarily constrained by current paradigms
and the scarcity of 3D human assets. Specifically, re-
cent approaches fall into several paradigms: optimization-
based and feed-forward (both single-view regression and
multi-view generation with reconstruction). However, they
are limited by slow speed, low quality, cascade reason-
ing, and ambiguity in mapping low-dimensional planes to
high-dimensional space due to occlusion and invisibility,
respectively. Furthermore, existing 3D human assets re-
main small-scale, insufficient for large-scale training. To
address these challenges, we propose a latent space gener-
ation paradigm for 3D human digitization, which involves
compressing multi-view images into Gaussians via a UV-
structured VAE, along with DiT-based conditional gener-
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ation, we transform the ill-posed low-to-high-dimensional
mapping problem into a learnable distribution shift, which
also supports end-to-end inference. In addition, we employ
the multi-view optimization approach combined with syn-
thetic data to construct the HGS-IM dataset, which con-
tains 1 million 3D Gaussian assets to support the large-
scale training. Experimental results demonstrate that our
paradigm, powered by large-scale training, produces high-
quality 3D human Gaussians with intricate textures, facial
details, and loose clothing deformation.

1. Introduction

Human digitization has always been a central topic in the
generation and reconstruction field, it supports various ap-
plications such as gaming, AR/VR, etc. For 3D human dig-
itization, the task usually involves mapping the input (e.g.,
single image, multi images, text) to 3D human assets, which



then could be animated through rigging. Compared to pixel-
level character digitalization [1, 4, 5, 12, 19, 28, 35, 45, 65,
77, 78, 83], 3D character digitalization offers multi-view
consistency and more stable controllability.

Recently, studies on 3D human digitization primarily fo-
cus on image-to-3D human, and these methods can be sum-
marized into the following paradigms. 1) The optimization-
based approach [74, 75, 88, 89]: which typically utilizes
geometric constraints and human priors to optimize each
character, the limitations of this type of method are slow
speed and limited quality; 2) Feed-forward: this includes
two manners, one of which is the two-stage cascade man-
ner [36, 69, 70], this kind of method first generates mul-
tiple views that correspond to the input view, and then
takes these views to reconstruct the 3D human. Its cas-
cade structure requires both stages to work well, however,
humans possess high diversity, generating multiple views
from a single perspective while maintaining consistency is
highly unstable, affecting the final quality. The other man-
ner [3, 20, 29, 32, 54, 94] involves taking a single view or
sparse views as the input and employing a network to di-
rectly predict the 3D human (represented in 3D Gaussian
Splatting [25]). Although these methods are faster and fur-
ther improve the quality of digitalization, it requires the net-
work to learn the mapping from 2D-pixel planes to 3D ge-
ometric space through limited views, resulting in occlusion
and invisibility problems, which makes it hard for the net-
work to learn the complete mapping and low quality shows
up on non-visible sides.

To address the above limitations, in this paper, we use 3D
Gaussian Splatting as the representation, pushing 3D human
digitization towards the paradigm of 3D native generation
in latent space. Specifically, our paradigm involves training
a VAE model [53] to compress multi-view consistent im-
ages into latent representations and then decode them into
Gaussian attributes. Afterward, we train a conditional DiT-
based [49] generation model, which takes a single image
or text as the condition to generate the 3D human Gaus-
sian. In this paradigm, the VAE stage has multiple consis-
tent and comprehensive views as the inputs, providing suf-
ficient geometric contexts and enabling the Gaussian latent
to represent high-quality geometry, appearance details, and
pose-dependent deformation. Turning to the generation, the
learning objective shifts to capture the transition from con-
ditional features to latents, it avoids learning the hard map-
ping from low-dimension (2D plane) to high-dimension (3D
space). Moreover, in the inference stage, only a certain
number of inference steps are needed to generate the cor-
responding latent, refrain from the cascade structure, and
does not need per-case optimization.

The pose and appearance of humans have strong diver-
sity, and there are many high-frequency details, e.g., com-
plex textures of clothes and faces. Directly compressing
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multi-view images to 3D human Gaussians is non-trivial.
To achieve this, we introduce a UV-structured latent repre-
sentation, which takes parametric model SMPL-X [48] as
human priors and leverages multi-view geometric contexts
as references, employing learnable tokens defined in the
SMPL-X UV coordinates to query from geometric contexts,
thus modeling the latent, it can then be decoded to Gaus-
sian attributes on the UV coordinate, by back-projecting
onto the SMPLX template, we obtain the canonical human
Gaussian, and the posed 3D human Gaussian could be ob-
tained through LBS. This manner avoids directly learning
the explicit geometric structure, which is conducive to the
learning of appearance details. In addition, the LBS-driven
method enables the latent in the VAE stage to represent
the corresponding Gaussian properties under different poses
and capture the implicit pose-related deformation. Further-
more, we also introduce UV-initialization and Conv-Atten
dual branch mechanisms in the encoding stage to accelerate
convergence and enhance the detail learning. In the genera-
tion stage, we adopt the MM-DiT architecture and a human-
specific encoder [26] to better learn the transformation from
conditional features to Gaussian latents.

In addition to the learning paradigm, a particularly chal-
lenging issue is that 3D human assets are very scarce,
which can not support large-scale training. However, the
multi-view loop optimization method can reconstruct high-
quality 3D human Gaussians from dense views. In light
of this, we use AnimatableGaussians [38] to build a 3D
human Gaussian dataset from multi-view human datasets
[2, 6, 16, 73, 81, 92], to expand the data diversity, we also
combine synthetic data. Eventually, we construct the HGS-
1M dataset, which contains 1 million 3D human Gaussians,
including diverse races, genders, age groups, appearances,
clothing, and postures. This large-scale dataset could sup-
port the training of large-scale models and serve as the new
test bed for 3D human digitization.

The contributions are summarized as follows:

1) We introduce a paradigm of using large-scale latent
generation for 3D human digitization. Through two-
stage learning of compression and generation, we trans-
form the challenging low-to-high-dimensional mapping
problem into a conditional feature-to-latent transfer
task, enabling high-quality modeling of 3D humans.

2) We propose the UV-structured latent representation,

which leverages the parametric SMPL-X as priors to en-

hance VAE’s learning of appearance details and pose-
related deformations. With the MMDiT-based genera-
tion, we perform native 3D human generation.

We construct the HGS-1M dataset, which contains 1

million 3D human Gaussians, encompassing diverse

races, genders, ages, appearances, clothing, and pos-
tures. It supports large-scale training and serves as the
new test bed for 3D human digitization.
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Figure 2. HGM-1M Dataset. The constructed HGS-1M dataset,
it contains 1 million 3D Gaussian human assets of different ages,
races, appearances, and poses. It supports free-view rendering.

4) Experiments show that large-scale data and model im-
prove the quality of 3D human digitization, highlighting
the superiority over previous methods and paradigms.

2. Related Work
2.1. 3D Human Digitization

For 3D human creation, a branch adopts implicit represen-
tation [21, 22, 29, 30, 44, 51, 56, 57, 90, 93] and explicit
human prior for optimization [8, 88, 89], calculating each
instance individually. While these methods enhance the
robustness to a certain extent, they take relatively longer
to get results for each input, lack generalizability, and de-
liver limited quality. To enable rapid digitization and obtain
high-quality, photo-realistic 3D humans, some approaches
gradually shift to the feed-forward manner, including us-
ing a regression network [3, 31, 32, 54, 91, 94] and cas-
caded generation with reconstruction [9, 36, 50, 62, 70].
For the regression-based method, part of it needs multi-
ple views as the input, facing significant constraints during
inference, whereas single-view approaches relax this lim-
itation but necessitate the network to learn mappings from
low-dimensional planes to high-dimensional space, encoun-
tering occlusion and invisibility issues. The cascade type
that generates multi-view images at first and then recon-
structs the 3D assets, it requires view-consistent genera-
tion in the first stage, which is unstable and remains chal-
lenging, affecting the subsequent reconstruction. Recent
work E3Gen [87] explores native 3D generation for hu-
man digitization but focuses solely on unconditional gener-
ation. For the animation, some methods [54, 87, 94] adopt
the LBS manner, using SMPL(X)-based motion sequences
[13, 14, 68, 72, 80, 85] to drive, other method like DRIVE
[61] employs rigging for the generated 3D human Gaussian,
driving the character. In addition to obtaining 3D humans
from images, a few works also explore generating 3D hu-
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Dataset #Frames #ID # View # 3D Asset
Human3.6M [23] 3.6M 11 4 -
HUMBI [82] 26M 772 107 -
HuMMan [2] 60M 1000 10 -
ActorsHQ [24] 40K 8 160 -
DNA-Rendering [6] 67.5M 500 60 -
MVHumanNet [73] 645.1M 4500 48 -
HuGe 100K [94] 2.4M 100K 24 -
THuman2.1 [81] - 2500 Free 2500
2K2K [16] - 2050  Free 2050
HGS-1M >90M 110K  Free 1M
Table 1. Comparison of various attributes of multiple datasets.

HGS1-M contains the most IDs and large-scale 3D assets that sup-
port rendering from any perspective.

mans from text [10, 15, 27, 42, 64]. Nonetheless, prior re-
search predominantly focuses on small-scale datasets, lack-
ing large-scale unified datasets and benchmarks to advance
the 3D human digitization. In this work, we define a new
paradigm for obtaining 3D humans and construct a large-
scale, unified human Gaussian dataset to promote the field
forward.

2.2. Large Model for Generation

The LLM [47] opens the large-scale generation era, and
the visual field also gradually shifts to this paradigm, how-
ever, the number of visual tokens is huge, and the genera-
tion speed and computational complexity are greatly chal-
lenging. Stable diffusion [52] starts the latent generation
route, which compresses the raw visual data to latent and
then employs diffusion models to generate the latent. It has
achieved promising results in fields like image generation
[33, 40, 66], video generation [1, 28, 65], and 3D genera-
tion [67, 71, 86]. For this paradigm, there are several key
aspects: large-scale and high-quality data; an appropriate
training objective to learn the transfer between conditional
features and latents; and a large-scale model to learn the
target distribution and ensure the generated quality.

3. HGS-1M Dataset

Currently, the public 3D whole human assets are very lim-
ited [16, 81, 92], which cannot meet the requirements for
large-scale training. Although multi-view human datasets
[2, 6, 73] can provide a large amount of human data, the
quantity and pose of the camera are different in each dataset,
and the views of some datasets are not dense enough to
serve as supervision. To train a unified Gaussian generative
model, unifying these data and getting as many perspec-
tives as possible is necessary. Fortunately, the multi-view
optimization method can reconstruct high-quality Gaussian
data from multi-view human datasets, thus, we employ An-
imatableGaussians [38] to merge multiple multi-view hu-



man datasets and reconstruct sequences of human Gaus-
sians, each sequence taking around 20 4090 GPU hours
for optimization. While the total computational overhead is
huge, this approach allows us to obtain high-quality human
Gaussian data and could render it at free-view for supervi-
sion. Next, we place each human Gaussian at the origin
and unify the Gaussian position based on the correspond-
ing SMPL-X root rotation and translation. For each hu-
man Gaussian, we select 90 views for rendering, including
30 horizontal, 30 upward, and 30 downward perspectives,
shown in Fig. 2 For the small-scale data e.g., Thuman2.1
[81] and 2K2K [16], we also move the asset to the origin
and render it using the same cameras. Besides, we collect
over 100k synthetic data and convert them into the same
representation to further expand the diversity. Eventually,
we construct the dataset HGS-1M, which contains 1 mil-
lion 3D human Gaussians with diverse races, genders, age
groups, appearances, clothing, and postures, shown in Fig.
2. Compared with previous datasets, it contains the largest
amount of 3D human assets and has rich IDs and poses (Tab.
1). Moreover, it can be rendered from free-view, which sup-
ports large-scale training and evaluation.

4. Method

Our goal is to generate 3D human Gaussians from the in-
struction (single image or text), the method consists of
a UV-structured VAE, and an MMDiT-based generation
model, shown in Fig. 3. The VAE compresses multi-view
images into latent Gaussian attributes in the UV structural
space, and the DiT aims to capture the transformation from
conditional features to the compressed Gaussian latents.
Through this way, the challenging mapping from sparse 2D
image planes to 3D Gaussian space is thereby transformed
into a distribution shift process.

4.1. Preliminary

SMPL-X [48] is a parametric human model that represents
human body with a deformable mesh, formulated as:

M(B,0,4) = LBS (Tp(B,0,v)), J(8),6,V), (1)

where f3, 0, ¢ represent shape, pose and expression, respec-
tively. LB.S denotes the transformation from the canonical
T-pose T}, to the pose 8, based on the pre-trained skinning
weights W and joints J(3).

3D Gaussian Splatting [25] explicitly represents static 3D
scenes with point primitives, each primitive G(X') could be
parameterized with a 3D covariance matrix 3 and mean g,
formulated as: G(X) = e 2(¥=m"Z7(¥=1)  The co-
variance matrix could be further decomposed into scaling
matrix S and rotation matrix R for optimization, where
> = RSSTRT. In addition, the view-dependent color is
represented by coefficients of spherical harmonics.
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In this paper, we utilize diagonal vector s € R3 and axis
angle r € R? to represent the scaling and rotation matrix,
and take RGB color ¢ € R? to replace the spherical har-
monic coefficients, the position of Gaussians is denoted by
u € R3. With the SMPL-X prior, the learning objectives of
u, s, r are defined as offsets relative to the T-pose (ji, S, 7*)
template, formulated as: & = i+ p,s = §-s,7 = 7 - 1.
Along with the ¢ and opacity o« € R3, the canonical hman
Gaussian is represented as G :(r, 5,7, ¢, &), which then
undergo part-aware deformation via LBS and output the
posed human Gaussians [87]. During rendering, 3D Gaus-
sians are projected onto the pixel plane, the pixel color C
is calculated as: C' = YN | H;;ll (1 — ;) ¢;, where ¢;
denotes the color of the i-th Gaussian, and «; is the blending
weight calculated from the opacity and probability density.

4.2. UV-Structured VAE

The VAE leverages a set of learnable tokens defined in the
SMPL-X UV space to compress multi-view renderings into
latent and decode the latent into 3D human Gaussians. We
emphasize that an efficient and effective VAE capable of
compressing 3D human Gaussians should meet the follow-
ing aspects: 1) Quickly converge under the nature of strong
diversity of humans; 2) Decoupled appearance and pose for
convenient animation during subsequent generation; 3) Suf-
ficiently compact and low redundancy latent space, suitable
for the generative model learning.

Encoder. VAE requires numerous steps to learn geomet-
ric structures when directly compressing multi-view render-
ings into 3D Gaussians [17]. Some works [34, 76] introduce
explicit geometric information to accelerate convergence,
but the injection of explicit geometries requires the net-
work to capture the geometric structure of different posed
humans, which needs more optimization steps and may af-
fect the convenience of subsequent pose-driven. To achieve
the best of both worlds, we utilize UV-based representation
[32, 87, 94] to introduce human priors and compress Gaus-
sian attributes into learnable latent tokens, which are then
decoded into Gaussian attributes and reprojected onto the
canonical human Gaussians through the SMPL-X UV coor-
dinates, and eventually obtain posed 3D human Gaussians
through differentiable LBS.

Specifically, the VAE encoder takes multi-view render-
ings and their corresponding Pliicker [59] ray embeddings
as the input V € RV X+ xHXW “where V is the number
of views, H, W are height and width. Then V is fed into 3D
convolutional blocks, obtaining multiview contexts F,, €
ROXVXH XW' where H = H/8, W' = W/8. Next, we
define learnable tokens 7 € RN *C ( N = H' W'), to ac-
celerate the learning of appearance details (e.g., face), we
select several views and project the RGB image back onto
SMPL-X mesh to obtain an initial UV map [63], which is
then embedded and combined with 7 as the initialization
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Figure 3. Method. The pipeline of our method. (a). The UV-structured VAE, which uses human priors to define learnable tokens in
UV space and takes them to query multi-view contexts to model the Gaussian latent, then, the latent is decoded into human Gaussians in
canonical space and could be driven by differentiable LBS to obtain the final posed human Gaussian. (b). The MM-DiT architecture, it
treats the conditional sequence and noise as a whole sequence to complete controllable 3D human Gaussian generation.

7 e RN x2C, Subsequently, a cross-attention is employed
among the 7 and flattened F',, to convert multi-view contexts
into the latent. With the following multiple Conv-Atten dual
branch blocks, we model the Gaussian latent 7, the process
could be expressed as:

7, = ©(Cross(7 + pos, Conv(V))), ()

where O represents the Conv-Atten dual branch blocks,
this design captures global features and learns fine-grained
local details through the inductive bias of convolution.
Cross(query, key/value) means the cross-attention, pos
is the position encoding, and Conv denotes the 3D con-
volutional blocks. In this way, we introduce the human
prior through a simple UV projection, avoiding the learn-
ing of explicit geometries and decoupling the pose and ap-
pearance. Besides, introducing learnable tokens in the UV
space effectively reduces the redundancy caused by back-
ground pixels in multi-view renderings, avoiding the latent
tokens being occupied to represent white pixels, which may
result in the loss of representation of appearance details.
Decoder. The latent 77, is decoded and upsampled
through several 2D convolution blocks, with flowing pro-
jection heads, we obtain UV-space Gaussian attributes G,
including the position offset ;1 € RY*3, scale offset s €
RN*3 rotation € RV *3 (equal to obtain 7, 5, 7, refer to
Sec. 4.1), opacity o € RY¥*! and RGBs ¢ € RV *3, where
N = HW. Then, we use the T-pose template to sample
Gaussian attributes of the corresponding vertices from G,
obtaining the canonical human Gaussians G.. Eventually,
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the posed human Gaussians are calculated through a for-
ward skinning based on LBS. In specific, the position of
each Gaussian is calculated as: ' = ?:bl w; B; i, where
n is the number of joints, w; represents skinning weights,
and B; denotes the transformation matrix of the ¢-th joint
from the canonical pose space to the posed space. Plus, the
rotation matrix is calculated as:

R' = Ty313R, where T = w;(fi)B (3)

i=1

where R is the rotation matrix derived from the axis angle
r. T is the transformation matrix computed as the weighted
sum of the transformation B;, w;(fz) corresponds to the
skinning weights associated with the position .

Optimization. The VAE is optimized in an end-to-end
manner, which acrosses both input views and randomly cho-
sen views. The whole loss includes the reconstruction loss
Ly, perception loss Linips (VGG-based), KL constraints
Lx1., and adversarial loss Lgan:

L = Li1 + ApipsLipips + ALk + AganLaan D)

During the first stage of the training, we use L1, Lipips.
and Lk, after number of steps, we add the adversarial loss
Lgan for the subsequent training.

4.3. Structured Latents Generation

Model Design. We employ the MM-DiT architecture
[11, 12,28, 79] as the generative backbone, which treats the



encoding of input conditions (e.g., text or image) and noise
as a whole sequence and performs full-attention ,shown in
Fig. 3 (b). In each Transformer block, we use Rotary Po-
sition Embedding [60] (RoPE) to enhance the model’s abil-
ity to capture both absolute and relative positional relation-
ships. In addition, we adopt RMSNorm [84] in each block
to stabilize the training. Plus, for the image-conditioned en-
coder, we employ the Sapiens [26], which provides more
fine-grained human features. For the text-conditioned gen-
eration, we take T5-XXL [7] as the text encoder.

Training Objective. We employ DDPM v-prediction
[58] to learn the transition from the conditional feature to
the structured latent, the diffusion loss is formulated as:

Lyen(0) = Bt oy c € = 5 (Varzo + VI = are. )| )

where ¢ is uniformly distributed between 1 and 7" (1000 in
training), & is a hyperparameter related to ¢, controlling the
noise schedule, g is the input latent, € denotes the noise and
€p 1s the network which predicts the noise. During image-
to-3D training, we first use the front view as input, enabling
the model to quickly learn the distribution of facial details
from a large amount of data, and then use a random view as
input to fine-tune the model, making it more robust to the
perspective of the input image.

5. Experiment

5.1. Implementation details

For the VAE training, we render 90 views per human Gaus-
sian, there are 6 input views with size 512 x 512 and the
model is optimized by randomly choose 10 views, the la-
tent channel is 16. We set Ajpips = 1, Ay = le — 6 at the
first stage, and train 300k steps with 192 batchsize. Then,
we add Lgan and set Ajpips = 0.1, using the adversarial loss
dominate the decrease of perception loss and train subse-
quent 200k steps. The optimizer is AdamW [43] with pa-
rameters 81 = 0.9, B2 = 0.95, the weight decay is 0.05, and
the learning rate is set to 2e — 5. The DiT training uses the
same optimizer and parameter, with the learning rate 1le —4,
we train a total of 300k steps (256 batchsize). The largest
model has 2B parameters, trained with 48 A800 GPUs. We
use Classifier-Free Guidance (CFG) [18] at inference, the
scale is 3.5 and the sampling step is 30.

We extract 330 samples (distinct ID) (each 20 views)
as the test set for quantitative comparison. For LGM [62]
and GHG [32], we train them using a subset of HGS-1M
(around 300k Gaussians). All quantitative experimental re-
sults are reported on this subset (including our method).
For the VAE comparison, we employ three types of meth-
ods: 1) ¢q: directly compresses multi-view images and
decodes them into multi-view Gaussians, using the video
VAE [79] architecture but removing its causal padding; 2)
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Type [PSNR 1 LPIPS | SSIMt  Method |PSNR 1 LPIPS | SSIM 1

@1 | 2438 0.067 0936 SIFU[89]| 1432 0.125 0.874
w2 | 2774  0.031 0941 LGM[62]| 20.87 0.086 0.925
@3 | 28.61 0.028 0946 GHG [32]| 21.03 0.074 0.932
Ours | 29.32  0.028 0.953 Ours 2545 0.044 0.939
Oursx| 30.53  0.025 0.958 Ours+ | 26.14 0.040 0.943

(a) (b)

Table 2. (a). Metrics of VAE comparison, where @1, 2, 3 rep-
resent 3 types of methods (Sec. 5.1). (b). Metrics of image-to-3D
human Gaussians comparison, SIFU performs per-instance opi-
mation, LGM and GHG are trained with our data. * denotes the
training at the whole dataset.

(o: this manner structures the multi-view inputs into pixel-
aligned Gaussians at first, then fine-tuning an image VAE
[39]; 3) 3: introducing explicit human geometry as the
prior, which takes posed downsampled SMPL-X points as
latent points and upsamples them in the decoder to get the
final human Gaussians, similar to [34].

For the image-to-3D, the comparison baselines encom-
pass several paradigms, e.g., per-optimization: SIFU [89],
feedforward: regression-based GHG [32], and cascade
manner LGM [62]. For the comparison of text-to-3D hu-
man Gaussian, we conduct a quantitative comparison with
Diffsplat [39], please refer to the results in the Supp.

5.2. VAE Reconstruction Results

For a fair comparison, all comparison methods maintain the
same latent size. The quantitative results of VAE compari-
son are shown in Tab. 2 (a), our method outperforms other
types across all metrics. 1 directly compresses multi-view
renderings to corresponding Gaussians without introducing
any priors, the limited number of latent tokens makes it
hard to represent both 3D structures and appearance; o
is a cascaded structure, if the pixel-aligned Gaussians in
the first stage has low quality, it affects the final recon-
struction effect. Additionally, in the pixel-aligned Gaussian,
some pixels representing the rendered background are re-
dundant, which occupy certain latent tokens, resulting in no
extra tokens to represent appearance details (e.g., face). o3
achieves suboptimal results, but converges slowly and re-
quires a large number of steps to grasp the structure, which
affects the learning of appearance details.

5.3. Generation Results

The quantitative metrics of generation are reported in Tab.
2 (b). Our method outperforms other methods across all
metrics. As shown in the Fig. 4, the quantitative results
include different skin colors, genders, ages, poses, input
views, complex textures, and loose clothing. The output
includes horizontal, top-down, and bottom-up perspectives,
which fully display the results of each method. As can be
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Figure 4. Qualitative comparison with baselines, including inputs of different ages, races, viewpoints, and complex textures, loose cloth.
Our results demonstrate more details of faces and clothes. Note: We keep the original best inference setting of the comparison method.
SIFU uses one view, LGM uses four views, and GHG uses three views.

seen, our method can better express fine-grained appear-
ance details e.g., face, diverse poses, and deformable cloth-
ing. Plus, the last row of Tab. 2 (a) and (b) show that the
increase of data tokens can further enhance the model ca-
pabilities, reflecting that HGS-1M can support large-scale
training and bring improvements in model performance.

5.4. Ablation Study

VAE. All ablation experiments are conducted on the sub-
data (300k), and ablation experiments of the VAE are re-
ported in the Tab. 3 (a), it could be divided into three as-
pects: 1) Model Design. We validate the effectiveness of
the dual branch (© in Sec. 4) and the initialization of UV
maps. 2) Latent Channels. We verify the effect of latent
size on compression quality. It can be seen that the rep-
resentation ability of latent space increases with the size
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of the latent channel. However, when the latent channel
reaches 32, although the compression quality is high, the
subsequent generation model is more difficult to learn. Con-
sidering all the above, we finally use a latent size of 16. 3)
Model Scale. Similar to the video VAE [37], we explore the
impact of VAE model size on model performance, which is
also shown in Tab. 3 (a).

DiT. The DiT ablations are reported in Tab. 3 (b), en-
compassing 4 aspects: 1) Model Architecture. We conduct
ablations between the Cross-DiT and MM-DiT, as can be
seen from the results, for long sequence conditional feature
e.g., image, MM-DiT can better model the relation between
conditional features and latents. 2) Condition Encoder.
We find that in image-to-3D Human Gaussians, the con-
dition encoder matters, we report the results when taking
CLIP [55] and DINOvV2 [46] as the condition encoder, com-



[PSNR  LPIPS | SSIM 1 |PSNR + LPIPS | SSIM 1

X0 | 2904 0030 0950 Cross. ‘ 2472 0.052 0.933

Xini.| 2892 0034 0947  cLIP | 2407 0071 0927

LC-4]| 25.14 0042 093¢ DINOv2| 2495 0.048 0933

LC-8| 2807 0037 0944 pow | 2538 0.046 0.937
LC-32| 2978 0.026 0954

200M | 2373 0.070 0.931

146M| 29.14  0.028  0.949 LIB | 2470 0060 0.936

Ours| 29.32 0028 0953 Qurs | 2545 0.044 0.939

(@ (b)

Table 3. (a). Metrics of VAE ablations, where © is the Conv-Atten
Dual branch, ini. denotes the UV-map initialization (Sec. 4.2). LC
is the latent channel. (b). Metrics of image-to-3D human Gaus-
sians ablations, where Cross. is the Cross-DiT, and Flow denotes
training with rectified flow.

Novel Pose Novel Pose

Input Input

Figure 5. The loose clothing, e.g., skirts, demonstrate nature de-
formation under novel poses.

pared to Sapiens [26], they all lead to lower model perfor-
mance. 3) Training Objective. In our experiments, the dif-
ference of the final results between the DDPM v-prediction
and rectified flow [41] is quite small. The difference in met-
rics may be due to the sampling strategy. However, we
observe that DDPM converges faster in the early stage of
scratch training (please refer to the Supp.). Finally, we use
DDPM v-prediction for scaling up. 4) Model Scale. Refer-
ring to the scaling-law curve of the MM-DiT architecture
given in hunyuan video [28], we roughly calculate the scale
of the model based on the amount of data token and train
models of three scales, shown in Tab. 3 (b), as the model
scale increases, the performance consistently improves.

5.5. Analysis.

Loose clouthing deformation. Surprisingly, the model
learns the correlation between pose and loose clothing de-
formation from a large number of diverse poses. As can
be seen from Fig. 5, given an image of a person wear-
ing loose clothing with a novel pose, we can observe that
the fluffy clothing deforms naturally with the pose. This
suggests that data-driven is a potential way to address this
problem, and demonstrate the quality of large-scale genera-
tive models supported by large amounts of data.
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Figure 6. The same 3D human Gaussian could be driven by differ-
ent poses and maintain consistency.
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Pose-Driven Our method decouples the learning of ap-
pearance and human pose, which allows the generated hu-
man Gaussian to be driven by different poses, and the origi-
nal person ID can still maintain consistency under different
poses. As shown in Fig. 6, multiple people can maintain ap-
pearance consistency under multiple poses, including trans-
lation, rotation, and movement of distinct body parts.

6. Conclusion

We propose the large-scale generation paradigm for 3D hu-
man digitization. To achieve this, we convert multi-view
human datasets and synthetic data into a unified 3D Gaus-
sian representation, constructing the HGS-1M dataset that
contains 1 million 3D human assets. Building upon this,
we employ a UV-structured latent representation to model
high-quality Gaussian latents. Subsequently, we adopt an
MM-DiT architecture to learn the transfer from conditional
features to structured latents, enabling the digitization of
high-quality 3D humans through generation.

Limitation and future work. Currently, we train the model
with a single frame, which enables us to control the human
Gaussian pose, but we have not yet learned the temporal 3D
Gaussians directly from the data. One of the future works
could be to further generate temporal 3D Gaussians based
on our HGS-1M. Additionally, multimodal control gener-
ation could be explored to advance 3D human digitization
towards multi-modality controllable synthesis based on our
pre-trained model.
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