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Abstract

Advancements in neural implicit representations and differ-
entiable rendering have markedly improved the ability to
learn animatable 3D avatars from sparse multi-view RGB
videos. However, current methods that map observation space
to canonical space often face challenges in capturing pose-
dependent details and generalizing to novel poses. While dif-
fusion models have demonstrated remarkable zero-shot ca-
pabilities in 2D image generation, their potential for creat-
ing animatable 3D avatars from 2D inputs remains underex-
plored. In this work, we introduce 3D2-Actor, a novel ap-
proach featuring a pose-conditioned 3D-aware human mod-
eling pipeline that integrates iterative 2D denoising and 3D
rectifying steps. The 2D denoiser, guided by pose cues, gen-
erates detailed multi-view images that provide the rich feature
set necessary for high-fidelity 3D reconstruction and pose
rendering. Complementing this, our Gaussian-based 3D rec-
tifier renders images with enhanced 3D consistency through
a two-stage projection strategy and a novel local coordinate
representation. Additionally, we propose an innovative sam-
pling strategy to ensure smooth temporal continuity across
frames in video synthesis. Our method effectively addresses
the limitations of traditional numerical solutions in handling
ill-posed mappings, producing realistic and animatable 3D
human avatars. Experimental results demonstrate that 3D2-
Actor excels in high-fidelity avatar modeling and robustly
generalizes to novel poses.

Introduction
Reconstructing animatable 3D human avatars is essential for
applications in VR/AR, the Metaverse, and gaming. How-
ever, the task is challenging due to factors like non-rigid
complex motions and the stochastic nature of subtle clothing
wrinkles, which complicate realistic human actor modeling.

Traditional methods (Collet et al. 2015; Dou et al. 2016;
Bogo et al. 2015; Shapiro et al. 2014) are often hindered
by labor-intensive manual design and the difficulty of ac-
quiring high-quality data, limiting their applicability in real-
world scenarios. Recent advances in neural implicit rep-
resentations and differentiable neural rendering (Sitzmann
et al. 2020; Wang et al. 2021; Lombardi et al. 2019; Gao
et al. 2021; Park et al. 2021; Pumarola et al. 2021) have
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opened new avenues for character reconstruction and an-
imation from sparse multi-view RGB videos. While tech-
niques like Neural Radiance Field (NeRF) (Mildenhall et al.
2021) excel in synthesizing static scenes, achieving high-
fidelity results for dynamic human avatars remains a signifi-
cant challenge.

One prominent approach involves using a deformation
field to map the observation space to a canonical space, as
demonstrated in methods like (Su et al. 2021; Peng et al.
2021a). Although learning this backward mapping is rela-
tively straightforward, its generalization to novel poses is
often limited due to its reliance on the observation state. Al-
ternatives that employ forward mapping (Wang et al. 2022;
Li et al. 2022), utilizing techniques like differentiable root-
finding, have been proposed to address these generalization
challenges. Additionally, Neural Body (Peng et al. 2021b)
introduces a conditional NeRF approach that anchors local
features on SMPL (Loper et al. 2015) vertices, which serve
as a scaffold for the model.

Despite these advancements, current methods face limi-
tations in handling the complex dynamics of human bodies.
For instance, the high stochasticity of clothing, characterized
by delicate wrinkles that appear and disappear, poses a sig-
nificant challenge. Approaches such as (Peng et al. 2021b,a;
Wang et al. 2022) optimize per-frame latent codes to cap-
ture this variability but struggle to adapt to novel poses due
to the limited expressivity of these latent codes. More re-
cent works, such as (Hu and Liu 2023; Qian et al. 2023a; Li
et al. 2024), have integrated 3D Gaussian Splatting (3DGS)
(Kerbl et al. 2023) into their pipelines, delivering signifi-
cantly improved results in terms of both rendering efficiency
and fidelity. However, these approaches do not fully consider
finer visual details during novel pose synthesis.

In contrast to these 3D-based approaches, recent 2D gen-
erative diffusion models (Ho, Jain, and Abbeel 2020; Rom-
bach et al. 2022) have demonstrated significant advantages
in terms of visual quality. However, the absence of a 3D rep-
resentation presents a challenge when extending 2D diffu-
sion models to maintain spatial and temporal consistency,
particularly in human-centric scenarios. Several works have
attempted to achieve 3D-consistent generation by incorpo-
rating additional control inputs (Liu et al. 2023) or integrat-
ing a 3D representation into the workflow (Liu et al. 2024b;
Anciukevičius et al. 2023; Karnewar et al. 2023). These
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methods mainly focus on single-scene generation for gen-
eral objects, often neglecting temporal consistency, which
makes them inadequate for dynamic human modeling.

In this work, we tackle the challenge of reconstructing
and animating high-fidelity 3D human avatars with control-
lable poses by introducing 3D2-Actor, a novel approach fea-
turing a 3D-aware denoiser composed of interleaved pose-
conditioned 2D denoising and 3D rectifying steps. Our
method uniquely combines the strengths of 3DGS and 2D
diffusion models to achieve superior performance in human-
centric tasks. Specifically, the 2D denoiser is conditioned on
pose clues to generate detailed multi-view images, which are
essential for providing rich features supporting the following
high-fidelity 3D reconstruction and rendering process. Ad-
ditionally, the 2D denoiser enhances intricate details from
preceding 2D or 3D steps, thereby improving the overall fi-
delity of the avatar. Complementing the 2D denoiser, our 3D
rectifier employs a novel two-stage projection strategy com-
bined with a mesh-based local coordinate representation.
The rectifier queries positional offsets and other 3D Gaus-
sian attributes from input images to produce structurally re-
fined multi-view renderings. The integration of 3D Gaussian
Splatting ensures high morphological integrity and consis-
tent 3D modeling across various views. To address the tem-
poral incontinuity in animated avatar videos, we propose a
Gaussian consistency sampling strategy. This technique uti-
lizes Gaussian local coordinates from previous frames to de-
termine current positions, enabling smooth inter-frame tran-
sitions without the need for additional temporal smoothing
modules. Our key contributions include:

• Novel 3D-Aware Denoiser: We propose a 3D-aware
denoiser tailored for reconstructing animatable human
avatars from multi-view RGB videos. This method inte-
grates the generative capabilities of 2D diffusion models
with the efficient rendering of 3D Gaussian Splatting.

• Advanced 3D Rectifier: Our 3D rectifier incorporates a
two-stage projection module and a novel local coordinate
representation to render structurally refined frames with
high multi-view consistency.

• Gaussian Consistency Sampling Strategy: We propose a
simple yet effective sampling strategy that ensures inter-
frame continuity in generated avatar videos. This ap-
proach preserves temporal consistency and enhances the
overall quality of animated sequences.

Related Work
Animatable 3D Human Avatars
In recent years, significant advancements in neural scene
representations and differentiable neural rendering tech-
niques have demonstrated high effectiveness in synthesizing
novel views for both static (Mildenhall et al. 2021; Sitzmann
et al. 2020) and dynamic scenes (Gao et al. 2021; Park et al.
2021; Pumarola et al. 2021). Building upon these studies,
various methods attempt to realize 3D human reconstruc-
tion from sparse-view RGB videos.

Among these approaches, a common line of works in-
volve learning a backward mapping to project points from

the observation space to the canonical space. A-Nerf (Su
et al. 2021) constructs a deterministic backward mapping
using bone-relative embeddings. Animatable NeRF (Peng
et al. 2021a) trains a backward LBS network, yet it encoun-
ters challenges in generalizing to poses beyond the distribu-
tion. ARAH (Wang et al. 2022) and TAVA (Li et al. 2022),
in contrast, utilize a forward mapping to transfer features
from the canonical space to the observation space. While the
generalizability to novel poses has been improved by these
methods, the computational cost of their differentiable root-
finding algorithm is quite high.

Another line of works focus on creating a conditional
NeRF for modeling dynamic human bodies. Neural Body
(Peng et al. 2021b) attaches structured latent codes to posed
SMPL vertices and diffuses them into the adjacent 3D space.
Despite its capability for high-quality view synthesis, this
method performs suboptimally with novel poses. NPC (Su,
Bagautdinov, and Rhodin 2023) employs points to store
high-frequency details and utilizes a graph neural network to
model pose-dependent deformation based on skeleton poses.

A key focus of human avatar animation lies in how to
transform input poses into changes in appearance. PoseVo-
cab (Li et al. 2023b) proposes joint-structured pose em-
beddings to encode dynamic human appearance, success-
fully mapping low-frequency SMPL-derived attributes to
high-frequency dynamic human appearances. However, it
neglects the fact that identical poses in different motions can
result in varying appearances. Some methods (Peng et al.
2021b,a; Wang et al. 2022) employ a per-frame global latent
vector to encode stochastic information but this representa-
tion cannot generalize well to novel poses. In contrast, our
method directly models the distribution of appearances un-
der various poses in image space, enabling a more effective
capture of high-frequency visual details.

The advent of 3D Gaussian splatting (Kerbl et al. 2023)
has unlocked new possibilities for high-fidelity avatar re-
construction with real-time rendering. A number of concur-
rent methods (Hu and Liu 2023; Jung et al. 2023; Li et al.
2023a; Qian et al. 2023a,b; Liu et al. 2024a) have investi-
gated the integration of 3D Gaussian with SMPL models for
constructing a 3D Gaussian avatar. While the majority of
them try to improve rendering efficiency by substituting the
neural implicit radiance field with 3D Gaussian representa-
tion, our work focuses more on improving the modeling of
detailed appearances to enhance image quality.

3D Diffusion Models
Diffusion models (Ho, Jain, and Abbeel 2020) have demon-
strated superior performance in 2D image generation. Due
to the absence of a standardized 3D data representation, the
expansion of 2D diffusion models into the 3D domain re-
mains an unresolved issue. Some studies (Nichol et al. 2022;
Gupta et al. 2023; Müller et al. 2023) employ 3D supervision
to achieve direct generation of 3D content. However, their
practical effectiveness is constrained by the limited size and
diversity of the available training data (Po et al. 2023).

Inspired by 3D GANs, various approaches (Anciukevičius
et al. 2023; Karnewar et al. 2023; Chen et al. 2023; Szy-
manowicz, Rupprecht, and Vedaldi 2023) have been pro-
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Figure 1: Illustration of the 3D-aware denoising process. (a) The 3D-aware denoising pipeline consists of interlaced 2D and
3D steps. It begins with pure noise input, progressively generating realistic multi-view images of the human avatar with the
assistance of pose information. (b) Guided by body segmentation maps as pose cues, the 2D denoiser (blue box in (a)) transforms
noised images from the previous 2D or 3D steps into clean ones with enhanced intricate details. It also provides clean images for
the subsequent 3D rectifier to achieve accurate 3D human avatar modeling. (c) Given clean images from N anchor views, the 3D
rectifier (green box in (a)) performs a two-stage projection leveraging a mesh-based Gaussian local coordinate representation
to reconstruct 3D Gaussians, enabling the rendering of multi-view human images with high 3D consistency.

posed to directly train a diffusion model using 2D image
datasets. RenderDiffusion (Anciukevičius et al. 2023) builds
a 3D-aware denoiser by incorporating tri-plane representa-
tion and neural rendering, predicting a clean image from
the noised 2D image. Building upon this research, Viewset
Diffusion (Szymanowicz, Rupprecht, and Vedaldi 2023) ex-
tends it to multi-view settings. In contrast to these ap-
proaches, we take a step further to achieve pose-conditioned
human-centric generation. We also present a meticulously
designed sampling strategy, enabling the smooth generation
of dynamic human videos without introducing extra tempo-
ral modules, which is not achieved by current works.

Method
Problem statement. Given multi-view RGB videos of a sin-
gle human actor as training data, a model should be trained
to reconstruct a realistic 3D avatar of the actor and generate
high-fidelity and temporal-smoothing videos when perform-
ing avatar animation. In the following sections, preliminary
will be present first. Next, we will introduce our 3D-aware
denoising process combined with 2D denoiser and 3D recti-
fier. Following that, a simple yet effective inter-frame sam-
pling strategy will be detailed. Finally, we will elucidate the
training objectives of our proposed 3D and 2D modules.

Preliminary
Diffusion and denoising process is the core of diffusion
models. In this work, we extend this process to our multi-
view setting, data x := x(1:N) represents a set of N im-
ages that consistently depict a 3D human avatar. To establish
the correlation between the noise distribution and the data
distribution, a hierarchy of variables is defined as x

(1:N)
t ,

t = 0, . . . , T , where x
(1:N)
T ∼ N (0, I) and x

(1:N)
0 is the

set of generated multi-view images. Leveraging the proper-
ties of the Gaussian distribution, the forward diffusion pro-
cess that gradually introduces Gaussian noises to clean data
x
(1:N)
0 can be rewritten as:

q(x
(1:N)
t |x(1:N)

0 ) = N (x
(1:N)
t ;

√
ᾱtx

(1:N)
0 , (1−ᾱt)I), (1)

where ᾱt =
∏t

i=1 αi and αi denotes the predefined sched-
ule constant. Correspondingly, the inverse process can be
formulated as:
p(x

(1:N)
t−1 |x(1:N)

t ) = N (x
(1:N)
t−1 ;µθ(x

(1:N)
t , t),Σθ(x

(1:N)
t , t)),

(2)
where the mean and variance can be estimated through a
U-Net Dθ trained with loss L to reconstruct the clean data
x
(1:N)
0 from the noised counterpart x(1:N)

t :

L = ∥Dθ(x
(1:N)
t , t)− x

(1:N)
0 ∥2. (3)
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3D Gaussian Splatting (Kerbl et al. 2023) is an effective
point-based representation consisting of a set of anisotropic
Gaussians. Each 3D Gaussian is parameterized by its center
position µ ∈ R3, covariance matrix Σ ∈ R7, opacity α ∈ R
and color c ∈ R3. By splatting 3D Gaussians onto 2D image
planes, we can perform point-based rendering:

G(p,µi,Σi) = exp(−1

2
(p− µi)

⊺Σ−1
i (p− µi)),

c(p) =
∑
i∈K

ciα
′
i

i−1∏
j=1

(1− α′
j), α

′
i = αiG(p,µi,Σi).

(4)

Here, p is the coordinate of the queried point. µi, Σi, ci,
αi, and α′

i denote the center, covariance, color, opacity, and
density of the i-th Gaussian, respectively. G(p,µi,Σi) rep-
resents the value of the i-th Gaussian at position p. K is a
sorted list of Gaussians in this tile.

3D-Aware Denoising Process
To facilitate human avatar reconstruction (given seen poses)
and animation (given novel poses), we innovatively propose
a generative 3D-aware denoising process which takes as in-
put pure noise from N anchor views and SMPL (Loper et al.
2015) pose information and outputs high-quality clean im-
ages of the clothed human body. Due to the fact that the
2D denoiser denoises images from different views indepen-
dently at each step, it fails to ensure consistency in human
geometry and texture across views. To address this issue,
k 3D rectifying steps are inserted between the 2D denois-
ing steps to maintain the 3D consistency of generated im-
ages. Considering that the overall denoising process gener-
ates large-scale global structure at early stages and finer de-
tails at later stages (Huang et al. 2023), and that 3D consis-
tency among multi-view images is mainly reflected in large-
scale features, we merely insert 3D steps in the early stages.
This approach aims to improve 3D consistency without jeop-
ardizing the quality of fine texture generation. As illustrated
in Fig. 1, we first apply the initial 3D rectifying step after the
first 2D denoising step. Then, we select a timestep tsplit as
the split point between the early and later stages of denois-
ing and insert the final 3D rectifying step at this point. Sub-
sequently, k − 2 3D rectifying steps are evenly inserted be-
tween these 2D steps. Finally, a few 2D steps are appended
to the overall denoising process, further optimizing the local
delicate textures. The details of the the 2D denoiser and the
3D rectifier will be introduced below.

Pixel-Level 2D Denoiser
The 2D denoiser is a fundamental component of our 3D-
aware denoising process. Basically, it functions as a refiner
that enhances local details in the output images from prior
2D or 3D steps. It can also provide clean images for the
subsequent 3D rectifying step. Our 2D denoiser acts like a
U-Net (Ronneberger, Fischer, and Brox 2015), taking noisy
images, human body segmentation maps and the denoising
timestep t as inputs to predict the denoised clean image at
each step. To effectively incorporate pose cues, we draw in-
spiration from SFTGAN (Wang et al. 2018) and introduce

an SFT layer into each U-Net block to modulate the out-
put of the 2D convolution layer. Given that the 3D rectifier
can render images from any camera view, our 2D denoiser is
trained on frames with varying views to ensure robustness.

Gaussian-Based 3D Rectifier
The 3D rectifier plays an essential role in our 3D-aware de-
noising process. It takes in clean images I(1:N) from N an-
chor views produced by the previous 2D denoiser and recon-
structs the current 3D Gaussians of the avatar. Then, real-
time rendering of structure-aligned multi-view images with
higher 3D consistency (than the previous 2D step) can be
achieved. Note that the 3D rectifier outputs clean images,
which can be regarded as “x0”. Therefore, we can natu-
rally integrate it with the next denoising step leveraging the
DDIM (Song, Meng, and Ermon 2020) sampling trick:

x
(1:N)
t−1 =

√
αt−1x̂

(1:N)
0 + ctϵ̂

(1:N)
t + σtϵ

(1:N)
t , (5)

where ct =
√

1− αt−1 − σ2
t and σt are necessary coeffi-

cients, x̂(1:N)
0 is the output of the 3D rectifier and ϵ

(1:N)
t is

sampled random noise.
Specifically, we start by rendering body segmentation

maps S(1:N) = R(M, c(1:N)), where M and c(1:N) de-
note the current posed SMPL model and camera poses, re-
spectively, and R is the mesh rasterizer. They serve as pose
conditions to aid the neural network fext in feature extrac-
tion for perceiving the 3D actor. Similar to the 2D denoiser,
we also insert SFT layers into each U-Net block, effectively
leveraging the pose guidance. The entire process of extract-
ing pixel-aligned features can be formulated as:

F
(1:N)
pix = fext(I

(1:N),S(1:N), t). (6)

After pixel-aligned features are fetched, a key question is
how to build the 3D representation of the avatar. Consider-
ing the flexibility and efficiency of 3D Gaussian Splatting,
we choose it as our 3D representation. Different from cur-
rent works (Li et al. 2024; Jiang et al. 2024) which use re-
gressed 2D maps to store Gaussian attributes, we seek to
predict these attributes with a two-stage projection strategy
which fully exploits the 3D spatial information.

Stage 1: query Gaussian local coordinates. For any
Gaussian P in the 3D space, its projection T on the near-
est triangle mesh can be represented by barycentric coor-
dinates (λ1, λ2, λ3), where λ1 + λ2 + λ3 = 1. Therefore,
P can be easily described by a local coordinate quaternion
ξ = (λ1, λ2, λ3,m), where m = |TP | and we can derive
the actual position of P by P = λ1A+ λ2B + λ3C +mn,
where A,B,C and n are the vertex positions and the nor-
mal vector of the triangle mesh, respectively. After Gaus-
sian positions are initialized by sampling uniformly on the
SMPL mesh, we project each Gaussian onto F

(1:N)
pix to query

their position displacements. Rather than directly query-
ing their displacements in observation space, we choose to
query their local coordinates instead. This trick constrains
the Gaussian movement within a reasonable range, helps
model subtle clothes wrinkles and facilitates our inter-frame
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Figure 2: An illustration of the inter-frame Gaussian consistency sampling strategy for improving temporal continuity.

sampling strategy. Specifically, We project each Gaussian
onto F

(1:N)
pix , apply bilinear interpolation to obtain feature

vectors for each view, and subsequently concatenate them
along the feature dimension. If a Gaussian is not visible un-
der a certain view, the corresponding vector is set to zero.
Afterwards, a light-weight MLP takes Gaussian positions in
the canonical pose space and the previously obtained pro-
jected features as input to predict Gaussian local coordi-
nates. Stage 2: query other Gaussian attributes. After de-
riving actual Gaussian positions with local coordinates, we
apply another projection to fetch the offsets of the remaining
Gaussian attributes. Finally, clean multi-view images with
higher 3D consistency can be rendered rapidly.

Inter-Frame Gaussian Consistency Sampling
From the previous discussion, we know that the 3D-aware
denoising process can generate highly realistic single-frame
renderings from pure noise. However, applying this inde-
pendently to each frame in video generation can cause no-
ticeable inconsistencies, severely affecting the visual qual-
ity. Adding a temporal module is a possible way to address
this issue, but this comes with an increased computational
cost for training. In contrast, we design a novel inter-frame
Gaussian consistency sampling strategy during inference to
ensure seamless inter-frame transitions when synthesizing
videos. The core idea is to use information from the previ-
ous frame to generate a rough image of the current frame,
then perform several late-stage 2D denoising steps to cor-
rect visual artifacts. To obtain the current frame’s Gaussians,
we should propagate the SMPL pose change to the change
of Gaussian positions. Fortunately, this can be achieved eas-
ily using our mesh-based local coordinates. As depicted in
Fig. 2, given Gaussian local coordinates ξ(1:n)prev of the last
frame and the current frame’s SMPL mesh Mcur, the cur-
rent Gaussian positions µ(1:n)

cur can be derived by:

µ(1:n)
cur = P(ξ(1:n)prev ,Mcur), (7)

where n is the number of Gaussians and P is an operation
that transforms Gaussian local coordinates to their actual
positions in the observation space. However, rendering im-
ages directly using these Gaussians may lead to noticeable
artifacts. To mitigate this, we add slight noise to the ren-
dered images and perform several 2D denoising steps from
a smaller timestep, yielding more plausible results. Finally,
we apply an additional 3D step to obtain the 3D Gaussians of
the current frame. Adopting this sampling strategy for video

generation offers distinct advantages in terms of inter-frame
continuity compared to generating each frame separately. It
also provides computational efficiency, as denoising is only
performed partially from a relatively small timestep.

Training Objective
The complete training process includes two separate train-
ing workflows for the 3D rectifier G3D and the 2D denoiser
D2D. G3D is trained with a loss function that includes both
photometric loss and mask loss. Given clean video frames
I
(1:N)
f from N anchor views and conditional SMPL seg-

mentation maps S
(1:N)
f of frame f , the training objective

is to reconstruct accurate 3D Gaussians from the given in-
put to achieve consistent 3D rendering from M specified
views c(1:M). The loss function measures the similarity be-
tween the rendered multi-view images and the ground-truth
images, including the L2 loss for the RGB images:

Lrgb = ∥G3D(I
(1:N)
f ,S

(1:N)
f , c(1:M))− I

(1:M)
f ∥2, (8)

and the L2 loss Lmask for the masks, which is omitted for
brevity. The overall loss of G3D can be represented as:

L3D = λrgbLrgb + λmaskLmask. (9)

In terms of the 2D denoiser D2D, given a clean video
frame If , the corresponding SMPL segmentation map Sf

and timestep t, we only apply RGB loss to train the model:

L2D = ∥D2D(If ,Sf , t)− If∥2. (10)

Experiments
Implementation Details
The 3D rectifier takes clean images at a resolution of
512×512 from N = 4 anchor views as input, reconstructs
3D avatar Gaussians, and renders M = 8 multi-view im-
ages at the same resolution. The number of Gaussians sam-
pled on the SMPL (Loper et al. 2015) mesh is n = 373056.
We train this model with a learning rate of 5 × 10−5. The
2D denoiser functions at a resolution of 512×512, consistent
with the resolution of the ground-truth images. This model
is trained with a learning rate of 4×10−4. When conducting
single frame novel pose synthesis, our 3D-aware denoising
process has 20 denoising steps in total. All experiments are
conducted on NVIDIA RTX 3080 Ti GPUs.
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Method 313 315 377 386

PSNR↑ LPIPS↓ FID↓ PSNR↑ LPIPS↓ FID↓ PSNR↑ LPIPS↓ FID↓ PSNR↑ LPIPS↓ FID↓
ARAH 24.3 0.097 32.6 20.9 0.102 31.4 24.8 0.109 32.6 27.9 0.152 54.6

PoseVocab 23.3 0.101 27.5 20.6 0.100 27.2 24.1 0.091 25.8 26.8 0.134 31.9
Ours 23.5 0.080 19.5 20.7 0.090 20.2 24.4 0.090 26.4 26.8 0.123 28.6

Table 1: Quantitative comparison of single-frame novel pose synthesis against ARAH (Wang et al. 2022) and PoseVocab (Li
et al. 2023b) on 4 sequences of the ZJU-MoCap dataset. Bold indicates the best, while underline denotes the second-best.

Figure 3: Qualitative comparison of single-frame novel pose
synthesis results against ARAH (Wang et al. 2022) and Po-
seVocab (Li et al. 2023b) on sequences 313 and 315 of the
ZJU-MoCap dataset. Please zoom in for better observation.

Dataset. Our experiments are conducted on the ZJU-
MoCap (Peng et al. 2021b) dataset, which includes 9 se-
quences captured with 23 calibrated cameras. Each sequence
features a video of an individual performing a specific ac-
tion. We utilize 80% of frames from each sequence for train-
ing and left the remaining frames for testing.

Metrics. We adopt Peak Signal-to-Noise Ratio (PSNR),
Learned Perceptual Image Patch Similarity (LPIPS) (Zhang
et al. 2018), and Frechet Inception Distance (FID) (Heusel
et al. 2017) for quantitative evaluation.

Baselines. We compare our method with two state-of-
the-art counterparts suitable for ZJU-MoCap dataset: ARAH
(Wang et al. 2022) and PoseVocab (Li et al. 2023b). We re-
trained the baseline methods using their officially released
code to align the training/test set split for all the methods.

Single-Frame Novel Pose Synthesis
To evaluate the visual quality of the generated frames and the
pose generalization performance of our method, testing is
specifically performed on novel poses that are not included
in the training dataset. It is important to note that due to the
stochasticity introduced by factors such as clothing wrin-

Figure 4: Consecutive frame generation results. Top row
shows results using the proposed sampling strategy; bottom
row displays results from independent sampling.

kles, for the unseen poses, ground-truth images represent
only one possible scenario. Therefore, metrics emphasizing
pixel-level correspondence, such as PSNR, may not compre-
hensively evaluate the fidelity of the generated images. In
our evaluation, we primarily employ LPIPS and FID, met-
rics describing perceptual similarity, while we also provide
experimental results with PSNR (in light font).

Quantitative results. When performing novel pose syn-
thesis on different IDs, we search for the best tsplit, k pair
for each ID regarding their various clothes wrinkles and ac-
tion dynamics. Tab. 1 presents a quantitative comparison
among ARAH, PoseVocab and our method across four se-
quences of the ZJU-MoCap dataset, we report the average
values of these metrics across all test frames. It can be il-
lustrated that our method achieves the best or second-best
results across the four sequences. While ARAH achieves
the highest PSNR, our approach offers a balanced perfor-
mance, excelling in LPIPS and FID, which indicates that our
method has good generalizability and generative capability
given novel poses.

Qualitative results. The results of the qualitative experi-
ments are depicted in Fig. 3. ARAH tends to produce rela-
tively blurry images in these scenarios. In contrast, images
generated by PoseVocab exhibit relatively clear texture de-
tails, albeit with some issues. For instance, the stripes on the
T-shirt appear somewhat blurry, and there is color “bleed-
ing” from the green clothing onto the arms. Contrarily, the
images produced by our method show clearer finer details
and a higher sense of realism in clothing wrinkle details.
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Method 313 315

PSNR↑ LPIPS↓ FID↓ PSNR↑ LPIPS↓ FID↓

Ours-2D 22.7 0.086 16.8 19.7 0.098 19.8
Ours-3D 24.2 0.148 115.8 21.6 0.150 79.7

Ours-overall 23.5 0.080 19.5 20.7 0.090 20.2

Table 2: Quantitative ablation study on our 3D-aware de-
noising process. Ours-2D uses only 2D denoisers, while
Ours-3D retains the initial 3D rectifier but omits later 2D
or 3D steps.

Figure 5: Novel pose synthesis results with different designs
of our 3D-aware denoiser.

Continuous Video Synthesis
Fig. 4 illustrates the experimental results of generating a se-
quence of consecutive frames using our method, which is
also performed on novel poses. When the Gaussian consis-
tency sampling strategy is not utilized, and instead, sam-
pling begins with pure Gaussian noise for each frame, the
resulting frames experience pronounced inter-frame incon-
sistency. On the contrary, deriving the 3D Gaussians for the
current frame with the Gaussian local coordinates from the
previous frame first and then proceeding with subsequent
2D denoising processes significantly enhances the continu-
ity between the output frames.

Ablation Studies
3D-aware denoising process. The complete 3D-aware de-
noising process consists of two submodules: 3D rectifier and
2D denoiser. LPIPS and FID metrics in Tab. 2 indicates
that conducting only the 2D process yields relatively bet-
ter performance, while images obtained solely through the
3D counterpart are the least satisfactory. The results in Fig.
5 reveal that images generated solely through 2D denois-
ing display richer local details but have limitations in over-
all modeling. In contrast, the 3D process excels in producing
reasonable global attributes but fails to model wrinkles and
occlusions. Consecutively performing these two processes
allows for a synergistic combination of their strengths, as
depicted in “ours”. We further analyze the impact of varying
split point tsplit and the insertion counts of 3D rectifier k
on the result. As presented in Tab. 3, as tsplit increases, the
2D denoiser applies stronger corrections, resulting in lower
LPIPS and FID values, indicating improved image realism.
Moreover, the number of 3D rectifying steps has little im-
pact on image quality when tsplit is fixed.

Gaussian local coordinate representation. We conduct
an ablation study comparing the image generation quality

tsplit k
313 315 377 386

LPIPS↓FID↓LPIPS↓FID↓LPIPS↓FID↓LPIPS↓FID↓

2 0.082 21.5 0.093 21.9 0.094 29.4 0.127 31.8
200 3 0.082 23.1 0.093 21.7 0.093 28.6 0.127 31.9

4 0.082 21.7 0.093 21.4 0.094 28.5 0.127 32.3

2 0.080 19.5 0.092 21.2 0.091 27.2 0.123 28.6
300 3 0.081 20.0 0.091 20.5 0.090 26.4 0.124 29.2

4 0.081 19.7 0.090 20.2 0.091 27.6 0.123 29.5

Table 3: Comparison of image generation quality under
varying tsplit and k.

Figure 6: Novel pose synthesis results without (w/o) and
with (w/) our mesh-based local coordinate representation.

of our framework with and without our mesh-based Gaus-
sian local coordinate representation. From Fig. 6, we can
see that this representation allows 3D Gaussians to move
flexibly within a reasonable range, resulting in more real-
istic modeling of body and clothes details, such as wrinkles
and occlusions. In contrast, a 3D-aware denoiser without this
representation lacks the ability to express details reasonably.
As a consequence, the generated images tend to exhibit un-
natural clothing wrinkles and fail to accurately model limbs,
leading to a significant decline in visual quality.

Conclusion

We present 3D2-Actor, an innovative pose-conditioned 3D-
aware denoiser designed for the high-fidelity reconstruction
and animation of 3D human avatars. Our approach employs
a 2D denoiser to refine the intricate details of noised images
from the previous step, generating high-quality clean images
that facilitate the 3D reconstruction process in the subse-
quent 3D rectifier. Complementing this, our 3D rectifier em-
ploys a two-stage projection strategy with a novel local co-
ordinate representation to render multi-view images with en-
hanced 3D consistency by incorporating 3DGS-based tech-
niques. Additionally, we introduce a Gaussian consistency
sampling strategy that improves inter-frame continuity in
video synthesis without additional training overhead. Our
method achieves realistic human animation and high-quality
dynamic video generation with novel poses.
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