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Figure 1. Lifelike animatable avatars with highly dynamic, realistic and generalized details created by our method.

Abstract

Modeling animatable human avatars from RGB videos
is a long-standing and challenging problem. Recent works
usually adopt MLP-based neural radiance fields (NeRF) to
represent 3D humans, but it remains difficult for pure MLPs
to regress pose-dependent garment details. To this end, we
introduce Animatable Gaussians, a new avatar representa-
tion that leverages powerful 2D CNNs and 3D Gaussian
splatting to create high-fidelity avatars. To associate 3D
Gaussians with the animatable avatar, we learn a paramet-
ric template from the input videos, and then parameterize
the template on two front & back canonical Gaussian maps
where each pixel represents a 3D Gaussian. The learned
template is adaptive to the wearing garments for modeling
looser clothes like dresses. Such template-guided 2D pa-
rameterization enables us to employ a powerful StyleGAN-
based CNN to learn the pose-dependent Gaussian maps for
modeling detailed dynamic appearances. Furthermore, we
introduce a pose projection strategy for better generaliza-
tion given novel poses. Overall, our method can create
lifelike avatars with dynamic, realistic and generalized ap-
pearances. Experiments show that our method outperforms
other state-of-the-art approaches.

Corresponding author: Yebin Liu.

1. Introduction

Animatable human avatar modeling, due to its potential
value in holoportation, Metaverse, game and movie in-
dustries, has been a popular topic in computer vision for
decades. However, how to effectively represent the human
avatar is still a challenging problem.

Explicit representations, including both meshes and
point clouds, are the prevailing choices, not just in hu-
man avatars but also throughout the entire 3D vision and
graphics. However, previous explicit avatar representa-
tions [4, 49, 88] necessitate dense reconstructed meshes to
model human geometry, thus limiting their applications in
sparse-view video-based avatar modeling. In the past few
years, with the rise of implicit representations, particularly
neural radiance fields (NeRF) [54], many researchers tend
to represent the 3D human as a pose-conditioned NeRF
[40, 44, 58, 103] to automatically learn a neural avatar from
RGB videos. However, implicit representations require a
coordinate-based MLP to regress a continuous field, suf-
fering from the low-frequency spectral bias [77] of MLPs.
Although many works aim to enhance the avatar representa-
tion by texture feature [44] or structured local NeRFs [103],
they fail to produce satisfactory results because they still
rely on an MLP to output the continuous implicit fields.

Recently, 3D Gaussian splatting [33], an explicit and ef-
ficient point-based representation, has been proposed for
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both high-fidelity rendering quality and real-time rendering
speed. In contrary to implicit representations, explicit point-
based representations have the potential to be parameterized
on 2D maps [49], thus enabling us to employ more powerful
2D networks for modeling higher-fidelity avatars. Based on
this observation, we present Animatable Gaussians, a new
avatar representation that leverages 3D Gaussian splatting
and powerful 2D CNNs for realistic avatar modeling. The
first challenge lies in modeling general garments includ-
ing long dresses. Inspired by point-based geometric avatars
[43, 50], we first reconstruct a parametric template from the
input videos and inherit the parameters of SMPL [45] by
diffusing the skinning weights [43]. The character-specific
template models the basic shapes of the wearing garments,
even for long dresses. This allows us to animate 3D Gaus-
sians in accordance with the template motion while avoid-
ing density control in standard Gaussians [33], thereby en-
suring the maintenance of a temporally consistent structure
for 3D Gaussians in the following 2D parameterization.

For compatibility with 2D networks, it is necessary to
parameterize the 3D template onto 2D maps. However,
it remains challenging to unwrap the template with arbi-
trary topologies onto a unified and continuous UV space.
Regarding that the front & back views almost cover the
entire canonical human, we achieve the parameterization
by orthogonally projecting the canonical template to both
views. In each view, we define every pixel within the tem-
plate mask as a 3D Gaussian, represented by its position,
covariance, opacity, and color attributes, resulting in two
front & back Gaussian maps. Similarly, given the driving
pose, we obtain two posed position maps that serve as the
pose conditions. Such a template-guided parameterization
enables predicting pose-dependent Gaussian maps from the
pose conditions through a powerful StyleGAN-based [30-
32] conditional generator, StyleUNet [80].

Benefiting from the powerful 2D CNNs and explicit 3D
Gaussian splatting, our method can faithfully reconstruct
human details under training poses. On the other hand,
given novel poses, the generalization of animatable avatars
has not been extensively explored. Due to the data-driven
nature of learning-based avatar modeling, direct extrapola-
tion to poses out of distribution will certainly yield unsatis-
factory results. Therefore, we propose to employ Principal
Component Analysis (PCA) to project the driving pose sig-
nal, represented by the position maps, into the PCA space,
facilitating reasonable interpolation within the distribution
of training poses. Such a pose projection strategy realizes
reasonable and high-quality synthesis for novel poses.

In summary, our technical contributions are:

* Animatable Gaussians, a new avatar representation that
introduces explicit 3D Gaussian splatting into avatar
modeling to employ powerful 2D CNNss for creating life-
like avatars with high-fidelity pose-dependent dynamics.

» Template-guided parameterization that learns a character-
specific template for general clothes like dresses, and pa-
rameterizes 3D Gaussians onto front & back Gaussian
maps for compatibility with 2D networks.

* A simple yet effective pose projection strategy that em-
ploys PCA on the driving signal, promoting better gener-
alization to novel poses.

Overall, benefiting from these contributions, our method

can create lifelike animatable avatars with highly dynamic,

realistic and generalized appearances as shown in Fig. 1.

2. Related Work
2.1. Mesh-based Human Avatars

The polygon mesh is the most popular 3D representation
for its compatibility with traditional rendering pipelines.
To model animatable human avatars using meshes, early
approaches propose to reconstruct a character-specific tex-
tured mesh and animate it by physical simulation [16, 72]
or retrieval from a database [89]. Recently, researchers tend
to utilize neural networks to model dynamic textures and
motions. Bagautdinov ef al. [4], Xiang et al. [87, 88] and
Halimi et al. [21] reconstruct topology-consistent meshes
from dense multi-view videos and learn the dynamic tex-
ture in a UV space. DDC [19] and HDHumans [20] learn
the deformation parameterized by both skeletons and em-
bedded graph [76] of a pre-scanned template. DELIFFAS
[37] employs DDC as a deformable template and parame-
terizes the light field around the body onto double surfaces
for fast synthesis. These mesh-based methods require dense
reconstruction, non-rigid tracking, or pre-scanned templates
for representing dynamic humans. Besides, some works op-
timize the non-rigid deformation upon SMPL [45] from a
monocular RGB [2, 3, 100] or RGB-D [5, 34] video, but
the avatar quality is limited by the SMPL+D representation.

2.2. Implicit Function-based Human Avatars

Implicit function is a coordinate-based function, usually
represented by an MLP, that outputs a continuous field,
e.g., signed distance function (SDF) [27, 92], occupancy
[52], and radiance (NeRF) [58] fields. In geometric avatar
modeling, many works represent the human avatar as
pose-conditioned SDF [13, 23, 69, 79, 82] or occupancy
[6, 7, 10, 41, 52, 53] fields learned from human scans or
depth sequences. In contrast, NeRF containing a density
and color field is widely used in textured avatar modeling
[14, 18, 28, 29, 57, 59, 73, 78, 85] because of its good
differentiable property. Animatable NeRF [58] introduces
SMPL deformation into NeRF for animatable human mod-
eling. Neural Actor [44] and UV volumes [8] parameterize
3D humans on SMPL or DensePose [17] UV space, thus
limiting modeling loose clothes far from the human body.
SLRF [103] defines local NeRF around sampled nodes upon

19712



Driving Pose ©

LBS &
E———
Render

~ L

Parametric Template

Implicit
Reconstruction

Multi-view Images Posed Position Maps

Learning Parametric Template

View Dlrectlon

StyleUNet

A3D Cauislan
(Position, Covariance,
Front & Back Opacity & Color)

>
e —
Rasterization
Canonical Posed Synthesized
3D Gaussians 3D Gaussians Avatar

Front & Back
Gaussian Maps

Learning Pose-dependent Gaussian Maps

Figure 2. Illustration of the pipeline. It contains two main steps: 1) Reconstruct a character-specific template from multi-view images. 2)
Predict pose-dependent Gaussian maps through the StyleUNet, and render the synthesized avatar by LBS and differentiable rasterization.

SMPL and learns the pose-dependent dynamics in the local
space. TAVA [40] models the human or animal deformation
using only 3D skeletons without the requirement of a para-
metric model. ARAH [83] represents the avatar geometry
as SDF and adopts SDF-based volume rendering [81, 95]
for learning more plausible geometry from RGB videos.
DANBO [74] employs GNNs to learn the part-based pose
feature. Li et al. [42] introduce a learnable pose vocabu-
lary to learn higher-frequency pose conditions for the con-
ditional NeRF. Besides the body avatar, TotalSelfScan [12],
X-Avatar [71] and AvatarReX [104] propose compositional
full-body avatars for expressive control of the human body,
hands and face. However, the implicit function-based meth-
ods usually adopt pure MLPs to represent the human avatar,
yielding smooth or blurry quality due to the low-frequency
bias of MLPs [77]. What’s worse, the rendering speed of
these methods is usually slow because rendering from im-
plicit fields requires dense sampling along a ray.

2.3. Point-based Human Avatars

Point cloud is also a powerful and popular representation
in human avatar modeling. Given 3D scans of a charac-
ter, SCALE [48] and POP [49] learn the non-rigid defor-
mation of dense points on SMPL UV maps to represent
the dynamic garment wrinkles. FITE [43] and CloSET
[97] extract pose features from projective maps or Point-
Net [62, 63] to avoid discontinuity on the UV map. SKiRT
[50] and FITE learn a coarse template from the input scans
and utilize learned or diffused skinning weights to animate
loose clothes. Prokudin er al. [61] propose dynamic point
fields for general dynamic reconstruction. This work and
NPC [75] show results on avatars created from RGB videos
using Point-NeRF [90]. However, applying Point-NeRF to
avatar modeling still relies on a low-frequency coordinate-
based MLP, struggling with the same problems in Sec. 2.2.
On the other hand, point-based rendering via splatting

[1, 36, 38, 60, 68, 96, 106—108] offers another probability
for animatable avatar modeling. PointAvatar [102] learns a
canonical point cloud and deformation field to model head
avatars from a monocular video via PyTorch3D’s [66] dif-
ferentiable point renderer. Recently, 3D Gaussian splatting
(3DGS) [33], an efficient differentiable point-based render-
ing method, has been proposed for real-time photo-realistic
scene rendering. In addition to applying 3DGS to dynamic
scenes [47, 86, 93, 94], human reconstruction [101], editing
[9, 70] and talking heads [64, 91], many concurrent works
also introduce 3DGS into animatable human avatars. How-
ever, most of them [25, 35, 39, 65, 105] adopt MLPs to
regress the Gaussian attributes, leading to blurry avatar ap-
pearances. ASH [55] and GaussianAvatar [24] parameterize
the 3D character on a 2D UV map to predict Gaussian at-
tributes using 2D CNNSs, sharing similar ideas with us.

3. Method
3.1. Preliminary: 3D Gaussian Splatting

3D Gaussian splatting [33] is an explicit point-based 3D
representation that consists of a set of 3D Gaussians. Each
3D Gaussian is parameterized by its position (mean) u, co-
variance matrix X, opacity « and color ¢, and its probability
density function is formulated as

f(x|pn, X) = exp (—;(X - = (x - u)) , (D

where we omit the constant factor in Eq. 1. For rendering a
2D image, the 3D Gaussians are splatted onto 2D planes, re-
sulting in 2D Gaussians. The pixel color C is computed by
blending N ordered 2D Gaussians overlapping this pixel:

N -1
C:Zalnl—aj c;, )
=1 j=1
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where c; is the color of each 2D Gaussian, and «; is the
blending weight derived from the learned opacity and 2D
Gaussian distribution [106].

3.2. Overview

Given multi-view RGB videos of a character and the cor-
responding SMPL-X [56] registrations about the per-frame
pose and shared shape, our objective is to create a lifelike
animatable avatar. As illustrated in Fig. 2, our method con-
tains two main steps:

1. Learning Parametric Template. We begin by select-
ing a frame with a near A-pose from the input videos,
and then optimize a canonical SDF and color field to
fit the multi-view images through SMPL skinning and
SDF-based volume rendering [95]. The template mesh is
subsequently extracted from the canonical SDF field us-
ing Marching Cubes [46]. We then diffuse the skinning
weights from the SMPL vertices to the template surface,
obtaining a deformable parametric template.

2. Learning Pose-dependent Gaussian Maps. Given a
training pose, we first deform the template to the posed
space via linear blend skinning (LBS) and render the
posed vertex coordinates to canonical front & back views
to obtain two position maps. The position maps serve as
the pose condition and are translated into front & back
Gaussian maps through a StyleUNet [80]. We then ex-
tract valid 3D Gaussians inside the template mask, and
deform the canonical 3D Gaussians to the posed space
by LBS. Eventually, we render the posed 3D Gaussians
to a given camera view through differentiable splatting-
based rasterization [33].

3.3. Avatar Representation

Learning Parametric Template. Given the multi-view
videos, we first select one frame in which the character is
under a near A-pose. Our goal is to reconstruct a canonical
geometric model as the template from the multi-view im-
ages. Specifically, we represent the canonical character as
an SDF and color field instantiated by an MLP. To associate
the canonical and posed spaces, we precompute a skinning
weight volume W in the canonical space by diffusing the
weights from the SMPL surface throughout the whole 3D
volume along the surface normal [43]. For each point in

the posed space, we search its canonical correspondence by
root finding [6]:
min |[LBS(x; ©, W) = %[5+ 3)

where LBS(+) is a linear blend skinning function that trans-
forms a canonical point X, to its posed position x;, in accor-
dance with the SMPL pose ®. Then the canonical corre-
spondence is fed into the MLP to query its SDF and color,
which are used to render RGB images by SDF-based vol-
ume rendering [95]. The rendered images are compared
with the ground truth for optimizing the canonical fields via
differentiable volume rendering. Finally, we extract the ge-
ometric template from the SDF field and query the skinning
weights for each vertex in the precomputed weight volume
W, obtaining a deformable parametric template.

Template-guided Parameterization. Previous human
avatar representations in NeRF-based approaches [44, 58,
103] necessitate the coordinate-based MLPs for the formu-
lation of the implicit NeRF function. However, MLPs have
demonstrated a low-frequency bias [77], hindering their
ability to model high-frequency human dynamics. In light
of this observation, we replace MLPs with more powerful
2D CNNs for creating higher-quality human avatars. To
ensure compatibility with 2D networks, the 3D represen-
tation of the human avatar needs to be parameterized in 2D
space. Therefore, we propose to parameterize the 3D Gaus-
sians anchored on the canonical template onto front & back
views via orthogonal projection. As illustrated in Fig. 3,
given a driving pose ©, we first deform the template to
the posed space via LBS. Note that we do not consider the
global transformation in this skinning process, because the
global orientation and translation would not change the hu-
man dynamic details. Then we take the posed coordinate as
the vertex color on the canonical template, and render it to
both front & back views by orthogonal projection, obtaining
posed position maps P(©) and P, (@) that serve as pose
conditions for the network.

Pose-dependent Gaussian Maps. We employ a power-
ful StyleGAN-based CNN , StyleUNet [80] F, to predict
pose-dependent Gaussian maps from the pose conditions:

Gt(©),Gn(©) + F(Pi(©),Pu(©),V), 4

where Gi(©) and G, (0®) are front and back pose-dependent
Gaussian maps, respectively, and each pixel represents a
3D Gaussian [33] including a position, covariance, opacity
and color. We also modulate the output color attributes on
Gaussian maps with a view direction map V to model view-
dependent variance like NeRF-based approaches [58]. We
extract canonical 3D Gaussians inside the template mask
from the pose-dependent Gaussian maps. It is worth men-
tioning that despite utilizing only front and back views for
parameterizing the 3D Gaussians, the resulting point clouds
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Figure 4. Canonical 3D Gaussians on side regions and hands.

still cover the side regions and hands of the human body as
demonstrated in Fig. 4. The reason is that the projection to
front & back views is orthographic, thus there exist suffi-
cient 3D Gaussians to model these parts.

LBS of 3D Gaussians. To render the synthesized avatar
under the driving pose, we need to deform the canonical 3D
Gaussians to the posed space. Specifically, given a canon-
ical 3D Gaussian, we transform its position p. and covari-
ance Y. attributes:

=R t
Pp Pc +T; )
¥, =RYER’,
where R and t are the rotation matrix and translation vector
calculated with the skinning weights of each 3D Gaussian.
Finally, we render the posed 3D Gaussians to a desired cam-
era view through splatting-based rasterization (Eq. 2).
Training. To ensure that the position attribute of pre-
dicted Gaussian maps approximates the canonical human
body, we opt to predict an offset map AO(@®) on the para-
metric template instead of a position map. Our training
losses include L1 and perceptual losses [98] between the
rendered images and ground truth, and a regularization loss:

L= £1 + )\perceptualﬁperceptual + Areg£r6g7 (6)

where As are loss weights, and the regularization loss
Lreg = [|[AO(O)||3 restrains the predicted offsets from be-
ing extremely large.

3.4. Pose Projection Strategy

Benefiting from the effective avatar representation, our
method can reconstruct detailed human appearances under
the training poses. However, given the inherently data-
driven nature of learning-based avatars, addressing gener-
alization to novel poses is also necessary and important.
RAM-Auvatar [11] trains a VAE to transform the testing pose
into an in-distribution one. In this work, we propose to uti-
lize Principal Component Analysis (PCA) to project a novel
driving pose signal into the distribution of seen training
poses for better generalization. Specifically, given a pose

condition represented by posed position maps, we extract
valid points and concatenate them as a vector x, € R3M
(M is the point number). The feature of each training frame

composes a matrix X = [x1, - ,Xr|, where T is the num-
ber of training frames. We perform PCA on X, producing
N principal components S = [sy, -+ ,sy] € R3M>*N and

standard deviation of each component ;. Given position
maps derived by a novel driving pose, we project the corre-
sponding feature x into the PCA space by

B=8""(x-x), 7)

where x is the mean of X. Then we reconstruct the posi-
tions from the low-dimensional coefficient 3 by

Xrecon = S - B + X, (®)

then we reshape Xrecon into a M x 3 tensor, and scatter it onto
the position maps. To constrain the reconstructed position
maps to lie in the distribution of training poses, we clip each
component of B within the bound of [—20;, 20;]. Overall,
the pose projection strategy ensures reasonable interpola-
tion within the distribution of training poses, enabling better
generalization to novel poses as shown in Fig. 10.

4. Experiments

Results. As shown in Fig. | and Fig. 5, our method can
create realistic avatars with high-fidelity dynamic details
from multi-view videos. More sequential results animated
by challenging out-of-distribution poses [51] like sports and
dancing can be found in the Supp. document and video.
Dataset. We mainly utilize two public datasets for the ex-
periments, including 3 sequences with 24 views from THu-
man4.0 dataset [103] and 5 sequences with 160 views from
ActorsHQ dataset [26] (but we only use 47 full-body views
for avatar modeling). For the comparison with AvatarReX
[104], we also request their dataset including 2 sequences
with 16 views. THuman4.0 and AvatarReX datasets also
provide the SMPL-X [56] registrations. We fit SMPL-X for
ActorsHQ dataset using [99]. We split each sequence as
training and testing chunks, and the training chunk contains
1500 ~ 3000 frames.

Metric. We adopt Peak Signal-to-Noise Ratio (PSNR),
Structure Similarity Index Measure (SSIM) [84], Learned
Perceptual Image Patch Similarity (LPIPS) [98] and Frechet
Inception Distance (FID) [22] for quantitative experiments.

4.1. Comparison

We compare our method with recent state-of-the-art works
on avatar quality and generalization. These works include
both body-only (TAVA [40], ARAH [83], SLRF [103], Po-
seVocab [42]) and full-body (AvatarReX [104]) avatars.

Body-only Avatars. We compare our method with TAVA,
ARAH, SLRF, and PoseVocab on “subject00” and “‘sub-
ject02” sequences of THuman4.0 dataset [103]. We run

19715



SLRF

PoseVocab Ours Ground Truth

Figure 6. Qualitative comparison with state-of-the-art body-only avatars on novel pose synthesis.

the released codes of TAVA, ARAH and PoseVocab on the
dataset, and request the results of SLRF from the authors.
We present qualitative comparisons on novel pose synthesis

in Fig. 6. In contrast to other methods, our approach ex-
cels in animating highly realistic avatars with significant im-
provement on high-fidelity dynamic details, including gar-
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Figure 7. Qualitative comparison with AvatarReX on both
training pose reconstruction (a) and novel view synthesis (b).

Table 1. Quantitative comparison with state-of-the-art body-
only avatars.

Method PSNRT SSIMT LPIPS] FID|

Ours 28.0714 09739 0.0515  29.4831
PoseVocab [42] 263784 0.9707  0.0592  49.4541
SLRF [103] 26.9015 09724 00600  52.0613
ARAH [83] 223004 09616  0.1075  90.6077
TAVA [40] 26.8019 09705  0.0915  96.3474

Table 2. Quantitative comparison with AvatarReX.

Method PSNRT SSIMT LPIPS| FID|
Ours 30.6143 09803  0.0290  13.2417
AvatarReX [104] 232475 09567  0.0646  31.1387

ment wrinkles, logos and other textural patterns. The quan-
titative comparison is also performed on the testing chunk
of the “subject00” sequence as shown in Tab. 1, and these
numerical results prove that our method achieves more ac-
curate animation. Although PoseVocab and SLRF intro-
duce a learnable pose dictionary or local NeRFs to improve
the representation ability of the NeRF MLP, they still suffer
from the low-frequency bias [77] of MLPs and fail to create
highly realistic avatars. Contrarily, our method leverages
powerful 2D CNNs and explicit 3D Gaussian splatting, thus
achieving modeling finer-grained dynamic appearances.

Full-body Avatars. Full-body avatars including TotalSelf-
Scan [12], X-Avatar [71] and AvatarReX [104] can realize
expressive control of the body, hands and face. TotalSelf-
Scan reconstructs full-body avatars from monocular self-
rotation videos, and only displays animations that appear

Figure 8. Ablation study of the parametric template. (a,b) Ren-
dered results and 3D Gaussians using SMPL-X. (c,d) Rendered
results and 3D Gaussians using the character-specific template.

very rigid. X-Avatar requires 3D human scans under dif-
ferent poses as input for creating avatars. AvatarReX is the
most relevant work with our method, i.e., creating avatars
from multi-view videos. Fig. 7 shows the comparison with
AvatarReX on both training and novel poses. Fig. 7 (a)
demonstrates that our method can reconstruct more faith-
ful and vivid details compared with AvatarReX. Although
AvatarReX introduces local feature patches to encode more
details, it remains constrained by the representation ability
of the conditional NeRF MLPs. Fig. 7 (b) shows that given
a novel pose, our method not only generates more realistic
details but also produces more reasonable non-rigid defor-
mation, particularly for long dresses, in comparison with
AvatarReX. This is attributed to the ability of our method to
learn pose-dependent deformations on a character-specific
template that has already modeled the basic shape of the
wearing garments. In contrast, AvatarReX learns sparse
node translations on the naked SMPL model, resulting in ar-
tifacts for long dresses. Tab. 2 reports the quantitative com-
parison on training pose reconstruction. Our method also
outperforms AvatarReX on the reconstruction accuracy.
Animation Speed. We additionally compare our method
with other works on the animation speed in Tab. 3. Ben-
efiting from the efficient 3D Gaussian splatting [33], our
method can realize fast inference for animation.
Conclusion. Overall, benefiting from the powerful 2D
CNNss and explicit 3D Gaussian splatting, our method, Ani-
matable Gaussians, achieves lifelike avatar modeling with
more dynamic, realistic and generalized appearances in
comparison to state-of-the-art approaches.

4.2. Ablation Study

We qualitatively evaluate the core contributions of our
method in this subsection. Quantitative results and addi-
tional experiments can be found in the Supp. document.

Parametric Template. We evaluate the learned paramet-
ric template by replacing it with a naked parametric model,
SMPL-X [56]. Fig. 8 shows that SMPL-X fails to repre-
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Table 3. Comparison on animation speed. These framerates are evaluated on a PC with one RTX 3090 when rendering images at a
resolution of 1024 x 1024. We highlight the highest and second-highest framerates.

Method TAVA [40] ARAH[83] SLRF [103]

PoseVocab [42]

AvatarReX [104]  AvatarReX Ours
(PyTorch) (TensorRT)  (PyTorch)

Framerate (FPS) 1 0.003 0.07 0.16

0.20 0.03 25 10

1))

U-Net StyleUNet  Ground Truth

Figure 9. Comparison between representations with different
backbones on training pose reconstruction.

Figure 10. Ablation study of the pose projection strategy. (a,d)
and (b,e) are the animation results without and with the pose pro-
jection strategy, respectively. (c,f) are the reference images with
the closest pose in the training dataset.

sent the long dress whose topology is not consistent with
the SMPL-X model, yielding poor generalization to novel
poses. Conversely, our character-specific template is adap-
tively reconstructed from the input video to model the basic
shape of the wearing garments.

Backbones. To demonstrate the superior representation
ability of 2D CNNs (StyleUNet in our settings), we replace
StyleUNet with a coordinate-based MLP and a standard U-
Net [67], respectively. The MLP takes a canonical point
and pose vector as input, and returns the 3D Gaussian at-
tributes of this point. While the standard U-Net replaces the
StyleUNet as the backbone. Fig. 9 shows the animation re-
sults of our method with StyleUNet and the baselines with
MLPs and U-Net, respectively. First, it demonstrates that
2D CNNss are able to regress more detailed and realistic ap-
pearances, while MLPs suffer from limited representation
ability, yielding blurry animation results. Second, Style-
UNet outperforms the standard U-Net because of the addi-
tional modules (including style modulation and “To/From-

RGB” modules) inherited from StyleGAN [30]. Overall,
the 2D parameterization and StyleUNet enable our method
to model high-quality human dynamic appearances.

Pose Projection. We evaluate the pose projection strategy
by removing it, i.e., directly inputting the position map into
the StyleUNet. Fig. 10 shows the animation results with and
without the pose projection under novel poses, respectively.
It demonstrates that direct extrapolation with the novel po-
sition map results in unreasonable 3D Gaussians, since no
similar poses in the training dataset. In contrast, the pose
projection guarantees that the reconstructed position maps
(Eq. 8) lie within the distribution of training poses, leading
to reasonable and vivid synthesized appearances.

5. Discussion

Conclusion. We present Animatable Gaussians, a new
avatar representation for creating lifelike human avatars
with highly dynamic, realistic and generalized appearances
from multi-view RGB videos. Compared with implicit
NeRF-based approaches, we introduce the explicit point-
based representation, 3D Gaussian splatting, into the avatar
modeling, and leverage powerful 2D CNNs for modeling
higher-fidelity human appearances. Based on the proposed
template-guided parameterization and pose projection strat-
egy, our method can not only faithfully reconstruct detailed
human appearances, but also generate realistic garment dy-
namics for novel pose synthesis. Overall, our method
outperforms other state-of-the-art avatar approaches, and
we believe that the proposed 3D Gaussian splatting-based
avatar representation will make progress towards effective
and efficient 3D human representations.

Limitation. Our method entangles the modeling of the
human body and clothes, limiting to changing the clothes
of the avatar for applications like virtual try-on. A possi-
ble solution is to separately represent the body and clothes
with multi-layer 3D Gaussians as NeRF-based approaches
[14, 15]. Moreover, our method relies on the multi-view in-
put to reconstruct a parametric template, limiting the appli-
cation for modeling loose clothes from a monocular video.
Potential Social Impact. Our method can synthesize vir-
tual motions of the human avatar to generate fake videos,
so we must carefully employ this technology.
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