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ABSTRACT

In this paper, we present a novel diffusion model called SyncDreamer that gen-
erates multiview-consistent images from a single-view image. Using pretrained
large-scale 2D diffusion models, recent work Zero123 (Liu et al., 2023b) demon-
strates the ability to generate plausible novel views from a single-view image of an
object. However, maintaining consistency in geometry and colors for the gener-
ated images remains a challenge. To address this issue, we propose a synchronized
multiview diffusion model that models the joint probability distribution of multi-
view images, enabling the generation of multiview-consistent images in a single
reverse process. SyncDreamer synchronizes the intermediate states of all the gen-
erated images at every step of the reverse process through a 3D-aware feature
attention mechanism that correlates the corresponding features across different
views. Experiments show that SyncDreamer generates images with high consis-
tency across different views, thus making it well-suited for various 3D generation
tasks such as novel-view-synthesis, text-to-3D, and image-to-3D. Project page:
https://liuyuan-pal.github.io/SyncDreamer/.

1 INTRODUCTION

Humans possess a remarkable ability to perceive 3D structures from a single image. When presented
with an image of an object, humans can easily imagine the other views of the object. Despite great
progress (Yao et al., 2018; Tewari et al., 2020; Wang et al., 2021; Mildenhall et al., 2020; Xie et al.,
2022) brought by neural networks in computer vision or graphics fields for extracting 3D information
from images, generating multiview-consistent images from a single-view image of an object is still
a challenging problem due to the limited 3D information available in an image.

Recently, diffusion models (Rombach et al., 2022; Ho et al., 2020) have demonstrated huge success
in 2D image generation, which unlocks new potential for 3D generation tasks. However, directly
training a generalizable 3D diffusion model (Wang et al., 2023b; Jun & Nichol, 2023; Nichol et al.,
2022; Müller et al., 2023) usually requires a large amount of 3D data while existing 3D datasets
are insufficient for capture the complexity of arbitrary 3D shapes. Therefore, recent methods (Poole
et al., 2023; Wang et al., 2023a;d; Lin et al., 2023; Chen et al., 2023b) resort to distilling pretrained
text-to-image diffusion models for creating 3D models from texts, which shows impressive results
on this text-to-3D task. Some works (Tang et al., 2023a; Melas-Kyriazi et al., 2023; Xu et al., 2022;
Raj et al., 2023) extend such a distillation process to train a neural radiance field (Mildenhall et al.,
2020) (NeRF) for the image-to-3D task. In order to utilize pretrained text-to-image models, these
methods have to perform textual inversion (Gal et al., 2022) to find a suitable text description of
the input image. However, the distillation process along with the textual inversion usually takes a
long time to generate a single shape and requires tedious parameter tuning for satisfactory quality.
Moreover, due to the abundance of specific details in an image, such as object category, appearance,
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Figure 1: SyncDreamer is able to generate multiview-consistent images from a single-view input
image of arbitrary objects. The generated multiview images can be used for mesh reconstruction by
reconstruction methods like NeuS (Wang et al., 2021) without using SDS (Poole et al., 2023) loss.

and pose, it is challenging to accurately represent an image using a single word embedding, which
results in a decrease in the quality of 3D shapes reconstructed by the distillation method.

Instead of distillation, some recent works (Watson et al., 2022; Gu et al., 2023b; Deng et al., 2023a;
Zhou & Tulsiani, 2023; Tseng et al., 2023; Yu et al., 2023b; Chan et al., 2023; Tewari et al., 2023;
Zhang et al., 2023b; Xiang et al., 2023) apply 2D diffusion models to directly generate multiview im-
ages for the 3D reconstruction task. The key problem is how to maintain the multiview consistency
when generating images of the same object. To improve the multiview consistency, these methods
allow the diffusion model to condition on the input images (Zhou & Tulsiani, 2023; Tseng et al.,
2023; Watson et al., 2022; Liu et al., 2023b; Yu et al., 2023b), previously generated images (Tewari
et al., 2023; Chan et al., 2023) or renderings from a neural field (Gu et al., 2023b). Although some
impressive results are achieved for specific object categories from ShapeNet (Chang et al., 2015) or
Co3D (Reizenstein et al., 2021), how to design a diffusion model to generate multiview-consistent
images for arbitrary objects still remains unsolved.

In this paper, we propose a simple yet effective framework to generate multiview-consistent images
for the single-view 3D reconstruction of arbitrary objects. The key idea is to extend the diffusion
framework (Ho et al., 2020) to model the joint probability distribution of multiview images. We
show that modeling the joint distribution can be achieved by introducing a synchronized multiview
diffusion model. Specifically, for N target views to be generated, we construct N shared noise
predictors respectively. The reverse diffusion process simultaneously generates N images by N
corresponding noise predictors, where information across different images is shared among noise
predictors by attention layers on every denoising step. Thus, we name our framework SyncDreamer
which synchronizes intermediate states of all noise predictors on every step in the reverse process.

SyncDreamer has the following characteristics that make it a competitive tool for lifting 2D single-
view images to 3D. First, SyncDreamer retains strong generalization ability by initializing its
weights from the pretrained Zero123 (Liu et al., 2023b) model which is finetuned from the Sta-
ble Diffusion model (Rombach et al., 2022) on the Objaverse (Deitke et al., 2023b) dataset. Thus,
SyncDreamer is able to reconstruct shapes from both photorealistic images and hand drawings as
shown in Fig. 1. Second, SyncDreamer makes the single-view reconstruction easier than the distil-
lation methods. Because the generated images are consistent in both geometry and appearance, we
can simply run a vanilla NeRF (Mildenhall et al., 2020) or a vanilla NeuS (Wang et al., 2021) with-
out using any special losses for reconstruction. Given the generated images, one can easily reckon
the final reconstruction quality while it is hard for distillation methods to know the output recon-
struction quality beforehand. Third, SyncDreamer maintains creativity and diversity when inferring
3D information, which enables generating multiple reasonable objects from a given image as shown
in Fig. 4. In comparison, previous distillation methods can only converge to one single shape.

We quantitatively compare SyncDreamer with baseline methods on the Google Scanned Ob-
ject (Downs et al., 2022) dataset. The results show that, in comparison with baseline methods,
SyncDreamer is able to generate more consistent images and reconstruct better shapes from input
single-view images. We further demonstrate that SyncDreamer supports various styles of 2D input
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like cartoons, sketches, ink paintings, and oil paintings for generating consistent views and recon-
structing 3D shapes, which veri�es the effectiveness of SyncDreamer in lifting 2D images to 3D.

2 RELATED WORK

2.1 DIFFUSION MODELS

Diffusion models (Ho et al., 2020; Rombach et al., 2022; Croitoru et al., 2023) have shown impres-
sive results on 2D image generation. Concurrent work MVDiffusion (Tang et al., 2023b) also adopts
the multiview diffusion formulation to synthesize textures or panoramas with known geometry. We
propose similar formulations in SyncDreamer but with unknown geometry. MultiDiffusion (Bar-Tal
et al., 2023) and SyncDiffusion (Lee et al., 2023) correlate multiple diffusion models for different
regions of a 2D image. Many recent works (Nichol et al., 2022; Jun & Nichol, 2023; Müller et al.,
2023; Zhang et al., 2023a; Liu et al., 2023d; Wang et al., 2023b; Gupta et al., 2023; Cheng et al.,
2023; Karnewar et al., 2023b; Anciukevi�cius et al., 2023; Zeng et al., 2022; Erkoç et al., 2023; Chen
et al., 2023a; Kim et al., 2023; Ntavelis et al., 2023; Gu et al., 2023a; Karnewar et al., 2023a) try
to repeat the success of diffusion models on the 3D generation task. However, the scarcity of 3D
data makes it dif�cult to directly train diffusion models on 3D and the resulting generation quality is
still much worse and less generalizable than the counterpart image generation models, though some
works (Anciukevi�cius et al., 2023; Chen et al., 2023a; Karnewar et al., 2023b) are trying to only use
2D images for training 3D diffusion models.

2.2 USING 2D DIFFUSION MODELS FOR3D

Instead of directly learning a 3D diffusion model, many works resort to using high-quality 2D dif-
fusion models (Rombach et al., 2022; Saharia et al., 2022) for 3D tasks. Pioneer works DreamFu-
sion (Poole et al., 2023) and SJC (Wang et al., 2023a) propose to distill a 2D text-to-image generation
model to generate 3D shapes from texts. Follow-up works (Chen et al., 2023b; Wang et al., 2023d;
Seo et al., 2023a; Yu et al., 2023a; Lin et al., 2023; Seo et al., 2023b; Tsalicoglou et al., 2023; Zhu
& Zhuang, 2023; Huang et al., 2023; Armandpour et al., 2023; Wu et al., 2023; Chen et al., 2023c)
improve such text-to-3D distillation methods in various aspects. Many works (Tang et al., 2023a;
Melas-Kyriazi et al., 2023; Qian et al., 2023; Xu et al., 2022; Raj et al., 2023; Shen et al., 2023)
also apply such a distillation pipeline in the single-view reconstruction task. Though some impres-
sive results are achieved, these methods usually require a long time for textual inversion (Liu et al.,
2023a) and NeRF optimization and they do not guarantee to get satisfactory results.

Other works (Watson et al., 2022; Gu et al., 2023b; Deng et al., 2023a; Zhou & Tulsiani, 2023; Tseng
et al., 2023; Chan et al., 2023; Yu et al., 2023b; Tewari et al., 2023; Yoo et al., 2023; Szymanowicz
et al., 2023; Tang et al., 2023b; Xiang et al., 2023; Liu et al., 2023c; Lei et al., 2022) directly apply
the 2D diffusion models to generate multiview images for 3D reconstruction. (Tseng et al., 2023; Yu
et al., 2023b) are conditioned on the input image by attention layers for novel-view synthesis in in-
door scenes. Our method also uses attention layers but is intended for object reconstruction. (Xiang
et al., 2023; Zhang et al., 2023b) resort to estimated depth maps to warp and inpaint for novel-view
image generation, which strongly relies on the performance of the external single-view depth esti-
mator. Two concurrent works (Chan et al., 2023; Tewari et al., 2023) generate new images in an
autoregressive render-and-generate manner, which demonstrates good performances on speci�c ob-
ject categories or scenes. In comparison, SyncDreamer is targeted to reconstruct arbitrary objects
and generates all images in one reverse process. The concurrent work Viewset Diffusion (Szy-
manowicz et al., 2023) shares a similar idea to generate a set of images. The differences between
SyncDreamer and Viewset Diffusion are that SyncDreamer does not require predicting a radiance
�eld like Viewset Diffusion but only uses attention to synchronize the states among views and Sync-
Dreamer �xes the viewpoints of generated views for better convergence. Another concurrent work
MVDream (Shi et al., 2023) also proposes multiview generation for the text-to-3D task while our
work aims to reconstruct shapes from single-view images.

2.3 OTHER SINGLE-VIEW RECONSTRUCTION METHODS

Single-view reconstruction is a challenging ill-posed problem. Before the prosperity of generative
models used in 3D reconstruction, there are many works (Tatarchenko et al., 2019; Fu et al., 2021;
Kato & Harada, 2019; Li et al., 2020; Fahim et al., 2021) that reconstruct 3D shapes from single-view
images by regression (Li et al., 2020) or retrieval (Tatarchenko et al., 2019), which have dif�culty in
generalizing to new categories. Recent NeRF-GAN methods (Niemeyer & Geiger, 2021; Chan et al.,
2022; Gu et al., 2021; Schwarz et al., 2020; Gao et al., 2022; Deng et al., 2023b) learn to generate
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NeRFs for speci�c categories like human or cat faces. These NeRF-GANs achieve impressive results
on single-view image reconstruction but fail to generalize to arbitrary objects. Although some recent
works also attempt to generalize NeRF-GAN to ImageNet (Skorokhodov et al., 2023; Sargent et al.,
2023), training NeRF-GANs for arbitrary objects is still challenging.

3 METHOD

Given an input viewy of an object, our target is to generate multiview images of the object. We
assume that the object is located at the origin and is normalized inside a cube of length 1. The target
images are generated onN �xed viewpoints looking at the object with azimuths evenly ranging from
0� to 360� and elevations of30� . To improve the multiview consistency of generated images, we
formulate this generation process as amultiview diffusion model. In the following, we begin with a
review of diffusion models (Sohl-Dickstein et al., 2015; Ho et al., 2020).

3.1 DIFFUSION

Diffusion models (Sohl-Dickstein et al., 2015; Ho et al., 2020) aim to learn a probability model
p� (x0) =

R
p� (x0:T )dx1:T wherex0 is the data andx1:T := x1; :::; xT are latent variables. The

joint distribution is characterized by a Markov Chain (reverse process)

p� (x0:T ) = p(xT )
TY

t =1

p� (x t � 1jx t ); (1)

wherep(xT ) = N (xT ; 0; I ) andp� (x t � 1jx t ) = N (x t � 1; � � (x t ; t); � 2
t I ). � � (x t ; t) is a trainable

component while the variance� 2
t is untrained time-dependent constants (Ho et al., 2020). The

target is to learn the� � for the generation. To learn� � , a Markov chain calledforward processis
constructed as

q(x1:T jx0) =
TY

t =1

q(x t jx t � 1); (2)

whereq(x t jx t � 1) = N (x t ;
p

1 � � t x t � 1; � t I ) and� t are all constants. DDPM (Ho et al., 2020)
shows that by de�ning

� � (x t ; t) =
1

p
� t

�
x t �

� tp
1 � �� t

� � (x t ; t)
�

; (3)

where� t and �� t are constants derived from� t and� � is anoise predictor, we can learn� � by

` = Et; x 0 ;�
�
k� � � � (

p
�� t x0 +

p
1 � �� t �; t )k2

�
; (4)

where� is a random variable sampled fromN (0; I ).

3.2 MULTIVIEW DIFFUSION

Applying the vanilla DDPM model to generate novel-view images separately would lead to dif�culty
in maintaining multiview consistency across different views. To address this problem, we formulate
the generation process as a multiview diffusion model that correlates the generation of each view. Let
us denote theN images that we want to generate on the prede�ned viewpoints asf x (1)

0 ; :::; x (N )
0 g

where suf�x 0 means the time step0. We want to learn thejoint distribution of all these views
p� (x (1: N )

0 jy ) := p� (x (1)
0 ; :::; x (N )

0 jy ). In the following discussion, all the probability functions are
conditioned on the input viewy so we omity for simplicity.

The forward process of the multiview diffusion model is a direct extension of the vanilla DDPM in
Eq. 2, where noises are added to every view independently by

q(x (1: N )
1:T jx (1: N )

0 ) =
TY

t =1

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

t � 1 ) =
TY

t =1

NY

n =1

q(x (n )
t jx (n )

t � 1); (5)

whereq(x (n )
t jx (n )

t � 1) = N (x (n )
t ;

p
1 � � t x

(n )
t � 1; � t I ). Similarly, following Eq. 1, the reverse process

is constructed as

p� (x (1: N )
0:T ) = p(x (1: N )

T )
TY

t =1

p� (x (1: N )
t � 1 jx (1: N )

t ) = p(x (1: N )
T )

TY

t =1

NY

n =1

p� (x (n )
t � 1jx (1: N )

t ); (6)
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Figure 2: The pipeline of a synchronized multiview noise predictor to denoise the target viewx (n )
t

for one step. First, a spatial feature volume is constructed from all the noisy target viewsx (1: N )
t .

Then, we construct a view frustum feature volume forx (n )
t by interpolating the features of spatial

feature volume. The input viewy, current target viewx (n )
t and viewpoint difference� v (n ) are fed

into the backbone UNet initialized from Zero123 (Liu et al., 2023b). On the intermediate feature
maps of the UNet, new depth-wise attention layers are applied to extract features from the view
frustum feature volume. Finally, the output of the UNet is used to denoisex (n )

t to obtainx (n )
t � 1.

wherep� (x (n )
t � 1jx (1: N )

t ) = N (x (n )
t � 1; � (n )

� (x (1: N )
t ; t); � 2

t I ). Note that the second equation in Eq. 6

holds because we assume a diagonal variance matrix. However, the mean� (n )
� of n-th view x (n )

t � 1

depends on the states of all the viewsx (1: N )
t . Similar to Eq. 3, we de�ne� (n )

� and the loss by

� (n )
� (x (1: N )

t ; t) =
1

p
� t

�
x (n )

t �
� tp

1 � �� t
� (n )

� (x (1: N )
t ; t)

�
: (7)

` = Et; x (1: N )
0 ;n;� (1: N )

h
k� (n ) � � (n )

� (x (1: N )
t ; t)k2

i
; (8)

where� (1: N ) is the standard Gaussian noise of sizeN � H � W added to allN views, � (n ) is the
noise added to then-th view, and� (n )

� is the noise predictor on then-th view.

Training procedure. In one training step, we �rst obtainN imagesx (1: N )
0 of the same object from

the dataset. Then, we sample a timestept and the noise� (1: N ) which is added to all the images
x (1: N )

0 to obtainx (1: N )
t . After that, we randomly select a viewn and apply the corresponding noise

predictor� (n )
� on the selected view to predict the noise. Finally, the L2 distance between the sampled

noise� (n ) and the predicted noise is computed as the loss for the training.

SynchronizedN -view noise predictor. The proposed multiview diffusion model can be regarded
asN synchronized noise predictorsf � (n )

� jn = 1 ; :::; N g. On each time stept, each noise predictor

� (n ) is in charge of predicting noise on its corresponding viewx (n )
t to getx (n )

t � 1. Meanwhile, these
noise predictors are synchronized because, on every denoising step, every noise predictor exchanges
information with each other by correlating the statesx (1: N )

t of all the other views. In practical imple-
mentation, we use a shared UNet for allN noise predictors and put the viewpoint difference between
the input view and then-th target view� v (n ) , and the statesx (1: N )

t of all views as conditions to this
shared noise predictor, i.e.,� (n )

� (x (1: N )
t ; t) = � � (x (n )

t ; t; � v (n ) ; x (1: N )
t ). The detailed computation

of the viewpoint difference can be found in the supplementary material.

3.3 3D-AWARE FEATURE ATTENTION FOR DENOISING

In this section, we discuss how to implement the synchronized noise predictor
� � (x (n )

t ; t; � v (n ) ; x (1: N )
t ; y ) by correlating the multiview features using a 3D-aware attention

scheme. The overview is shown in Fig. 2.
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Input View Ours Zero123 RealFusion

Figure 3: Qualitative comparison with Zero123 and RealFusion in multiview consistency.

Backbone UNet. Similar to previous works (Ho et al., 2020; Rombach et al., 2022), our noise
predictor� � contains a UNet which takes a noisy image as input and then denoises the image. To
ensure the generalization ability, we initialize the UNet from the pretrained weights of Zero123 (Liu
et al., 2023b) which is a generalizable model with the ability to generate novel-view images from a
given image of an object. Zero123 concatenates the input view with the noisy target view as the input
to UNet. Then, to encode the viewpoint difference� v (n ) in UNet, Zero123 reuses the text attention
layers of Stable Diffusion to process the concatenation of� v (n ) and the CLIP feature (Radford
et al., 2021) of the input image. We follow the same design as Zero123 and empirically freeze the
UNet and the text attention layers when training SyncDreamer. Experiments to verify these choices
are presented in Sec. 4.4.

3D-aware feature attention. The remaining problem is how to correlate the statesx (1: N )
t of all the

target views for the denoising of the current noisy target viewx (n )
t . To enforce consistency among

multiple generated views, it is desirable for the network to perceive the corresponding features in
3D space when generating the current image. To achieve this, we �rst construct a 3D volume with
V 3 vertices and then project the vertices onto all the target views to obtain the features. The features
from each target view are extracted by convolution layers and are concatenated to form a spatial
feature volume. Next, a 3D CNN is applied to the feature volume to capture and process spatial
relationships. In order to denoisen-th target view, we construct a view frustum that is pixel-wise
aligned with this view, whose features are obtained by interpolating the features from the spatial
volume. Finally, on every intermediate feature map of the current view in the UNet, we apply a
new depth-wise attention layer to extract features from the pixel-wise aligned view-frustum feature
volume along the depth dimension. The depth-wise attention is similar to the epipolar attention
layers in Suhail et al. (2022); Zhou & Tulsiani (2023); Tseng et al. (2023); Yu et al. (2023b) as
discussed in the supplementary material.

Discussion. There are two primary design considerations in this 3D-aware feature attention UNet.
First, the spatial volume is constructed from all the target views and all the target views share the
same spatial volume for denoising, which implies a global constraint that all target views are looking
at the same object. Second, the added new attention layers only conduct attention along the depth
dimension, which enforces a local epipolar line constraint that the feature for a speci�c location
should be consistent with the corresponding features on the epipolar lines of other views.

4 EXPERIMENTS

4.1 EXPERIMENT PROTOCOL

Evaluation dataset. Following (Liu et al., 2023b;a), we adopt the Google Scanned Object (Downs
et al., 2022) dataset as the evaluation dataset. To demonstrate the generalization ability to arbitrary
objects, we randomly chose 30 objects ranging from daily objects to animals. For each object,
we render an image with a size of 256� 256 as the input view. We additionally evaluate some
images collected from the Internet and the Wiki of Genshin Impact. More results are included in the
supplementary materials.

Baselines. We adopt Zero123 (Liu et al., 2023b), RealFusion (Melas-Kyriazi et al., 2023),
Magic123 (Qian et al., 2023), One-2-3-45 (Liu et al., 2023a), Point-E (Nichol et al., 2022) and Shap-
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Input View Generated Instance A Generated Instance B

Figure 4: Different plausible instances generated by SyncDreamer from the same input image.

E (Jun & Nichol, 2023) as baseline methods. Given an input image of an object, Zero123 (Liu et al.,
2023b) is able to generate novel-view images of the same object from different viewpoints. Zero123
can also be incorporated with the SDS loss (Poole et al., 2023) for 3D reconstruction. We adopt the
implementation of ThreeStudio (Guo et al., 2023) for reconstruction with Zero123, which includes
many optimization strategies to achieve better reconstruction quality than the original Zero123 im-
plementation. RealFusion (Melas-Kyriazi et al., 2023) is based on Stable Diffusion (Rombach et al.,
2022) and the SDS loss for single-view reconstruction. Magic123 (Qian et al., 2023) combines
Zero123 (Liu et al., 2023b) with RealFusion (Melas-Kyriazi et al., 2023) to further improve the re-
construction quality. One-2-3-45 (Liu et al., 2023a) directly regresses SDFs from the output images
of Zero123 and we use the of�cial hugging face online demo (Face, 2023) to produce the results.
Point-E (Nichol et al., 2022) and Shap-E (Jun & Nichol, 2023) are 3D generative models trained
on a large internal OpenAI 3D dataset, both of which are able to convert a single-view image into
a point cloud or a shape encoded in an MLP. For Point-E, we convert the generated point clouds to
SDFs for shape reconstruction using the of�cial models.

Metrics. We mainly focus on two tasks, novel view synthesis (NVS) and single view 3D recon-
struction (SVR). On the NVS task, we adopt the commonly used metrics, i.e., PSNR, SSIM (Wang
et al., 2004) and LPIPS (Zhang et al., 2018). To further demonstrate the multiview consistency
of the generated images, we also run the MVS algorithm COLMAP (Schönberger et al., 2016) on
the generated images and report the reconstructed point number. Because MVS algorithms rely on
multiview consistency to �nd correspondences to reconstruct 3D points, more consistent images
would lead to more reconstructed points. On the SVR task, we report the commonly used Cham-
fer Distances (CD) and Volume IoU between ground-truth shapes and reconstructed shapes. Since
the shapes generated by Point-E (Nichol et al., 2022) and Shap-E (Jun & Nichol, 2023) are de�ned
in a different canonical coordinate system, we manually align the generated shapes of these two
methods to the ground-truth shapes before computing these metrics. Considering randomness in the
generation, we report the min, max, and average metrics on 8 objects in the supplementary material.

4.2 CONSISTENT NOVEL-VIEW SYNTHESIS

Method PSNR" SSIM" LPIPS# #Points"

Realfusion 15.26 0.722 0.283 4010
Zero123 18.93 0.779 0.166 95

Ours 20.05 0.798 0.146 1123

Table 1: The quantitative comparison in novel
view synthesis. We report PSNR, SSIM, LPIPS
and reconstructed point numbers by COLMAP on
the GSO dataset.

For this task, the quantitative results are shown
in Table 1 and the qualitative results are
shown in Fig. 3. By applying a NeRF model
to distill the Stable Diffusion model (Poole
et al., 2023; Rombach et al., 2022), RealFu-
sion (Melas-Kyriazi et al., 2023) shows strong
multiview consistency producing more recon-
structed points but is unable to produce vi-
sually plausible images as shown in Fig. 3.
Zero123 (Liu et al., 2023b) produces visually
plausible images but the generated images are
not multiview-consistent. Our method is able to generate images that not only are semantically
consistent with the input image but also maintain multiview consistency in colors and geometry.
Meanwhile, for the same input image, Our method can generate different plausible instances using
different random seeds as shown in Fig. 4.
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