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Fig. 1: Rather than adopting limited input information, which Zero-1-to-3 [43] gen-
eration pipeline only has a single-view source image, Cascade-Zero123 progressively
extracts the 3D information from more condition images by self-prompting. View-
consistent images can be generated in a cascade manner. Cascade-Zero123 shows the
strong capability on various complex objects, e.g . insects, robots, or multiple objects
stacked.

Abstract. Synthesizing multi-view 3D from one single image is a sig-
nificant but challenging task. Zero-1-to-3 methods have achieved great
success by lifting a 2D latent diffusion model to the 3D scope. The target-
view image is generated with a single-view source image and the camera
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pose as condition information. However, due to the high sparsity of the
single input image, Zero-1-to-3 tends to produce geometry and appear-
ance inconsistency across views, especially for complex objects. To tackle
this issue, we propose to supply more condition information for the gen-
eration model but in a self-prompt way. A cascade framework is con-
structed with two Zero-1-to-3 models, named Cascade-Zero123, which
progressively extract 3D information from the source image. Specifically,
several nearby views are first generated by the first model and then
fed into the second-stage model along with the source image as gen-
eration conditions. With amplified self-prompted condition images, our
Cascade-Zero123 generates more consistent novel-view images than Zero-
1-to-3. Experiment results demonstrate remarkable promotion, especially
for various complex and challenging scenes, involving insects, humans,
transparent objects, and stacked multiple objects etc. More demos and
code are available at https://cascadezero123.github.io.

Keywords: Single Image to 3D · Novel View Synthesis · Cascade Net-
works · Diffusion Models

1 Introduction

Generating the 3D object from a single image has become an appealing research
topic, for its flexibility and convenience of creating 3D assets, which can be
applied to various real-world applications including virtual reality, computer
gaming, movie and animation production [10,13,31,38,44,49,56,57,64,76,77,82,
97,110]. However, due to the input information is too limited – only one image,
it is quite challenging to reconstruct a high-fidelity 3D object. Many research
works attempt to lift strong generation power from 2D large latent diffusion
models [53, 63, 65, 67] to the 3D fields [2, 3, 8, 19–21, 29, 39, 45, 48, 54, 58, 72, 84,
87,91,92,94,98,99,106,109], bringing possibilities to untractable 3D generation
tasks.

As a representative work, Zero-1-to-3 [43] innovatively proposes to generate
novel view images by conditioning the diffusion model with the source image and
corresponding camera pose transition. The Zero-1-to-3 diffusion model is tuned
on a large-scale multi-view 3D dataset, Objaverse [15, 16], and has achieved
remarkable success and generalizability in synthesizing novel views from any
single image. However, still suffering from the information sparsity of a single
image, Zero-1-to-3 may inevitably fail to keep geometry or appearance consis-
tency across different views, especially for objects with complex structures. As
shown in Fig. 2, when the camera pose changes drastically, e.g . rotating more
than 45◦, it is hard to guarantee a high synthesis quality.

Providing more input information beyond a single image will undoubtedly
ease the difficulty of generating 3D objects. We expect to improve the Zero-1-
to-3 model by supplying more condition images from different views but in a
self-prompting way. The main idea is to design a cascade framework to achieve
this goal, which contains two Zero-1-to-3 models, i.e. Base-0123 and Refiner-
0123. The Base-0123 model is conditioned to generate multiple images from

https://cascadezero123.github.io
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Fig. 2: The performance comparison of Zero-1-to-3 [43] and our methods on Google
Scanned Object [18] with different camera pose rotation angles. When the camera pose
changes drastically, the synthesis quality of Zero-1-to-3 will drop drastically. But our
method can promote the synthesis quality in all the transition ranges of camera poses.

various views. These images are constrained in a small range, e.g . 45◦ in our
implementation, to guarantee reliable quality as observed in Fig. 2. The Refiner-
0123 model takes in all these generated images along with the source image to
output the target-view image. We name the proposed framework as Cascade-
Zero123. Rather than directly generating the target view as in Zero-1-to-3,
Cascade-Zero123 lowers the synthesis difficulty by progressively digging out the
3D information starting from the input source image. To further enhance the
Base-0123 model, we propose to update its parameters with a self-distillation
manner from Refiner-0123. As shown in Fig. 2 and Fig. 1, our method can con-
sistently promote the synthesis quality in all the transition ranges of camera
poses.

Our contributions can be summarized as follows:

– We propose a cascade framework to progressively extract 3D information
from a single image, preventing inconsistency caused by drastic view transi-
tions.

– We design a self-prompting method that generates multiple nearby view-
points, providing reliable condition information for the second-stage Refiner-
0123 model.

– Our proposed Cascade-Zero123 has shown notable promotion on complex
scenes that are challenging for Zero-1-to-3, such as insects, humans, robots,
or multiple objects stacked together.

2 Related Work

2.1 Single Image to 3D

Many researchers have studied the tasks of generating 3D models and achieving
novel view synthesis using only a single image [12,32,37,41,74,75,90,93,104,107]
and text [7, 14, 26, 34, 51, 52, 60, 68, 78, 83, 103, 105]. Some researchers directly
train a 3D model on 3D data [6,25,30,33,54,62,95], but they tend to have good
generation quality only on scenes similar to the training set.

Recently, by constructing a conditional latent diffusion model based on cam-
era viewpoints, many works have made it possible to pre-train a single image-
to-3D model [22, 24, 40, 42, 43, 46, 47, 50, 61, 69–71, 73, 79, 80, 88, 89, 96, 100, 101].
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Zero-1-to-3 [43] learns from large-scale multi-view images [16] to build the geo-
metric priors of large-scale diffusion models. Zero-1-to-3 can lift various images
that training sets have never been seen before to 3D with good quality. After
that, many works have utilized Zero-1-to-3 as a module to enhance the quality of
meshes or 3D models. Magic123 [61] combines the capabilities of Zero-1-to-3 and
stable diffusion together to generate 3D models. One-2-3-45 [42] also leverages
Zero-1-to-3 to generate different views to assist in mesh generation. However,
these methods simply use it as pre-trained 3D diffusion model tools with fixed
checkpoints.

There have also been efforts to improve Zero-1-to-3. Approaches like Consistent1-
to-3 [101], aim to enhance the consistency of view generation by introducing
priors during the denoising process in view-conditioned diffusion models. How-
ever, they add models like additional Transformers to render new views which
will result in poor generalization due to these additional model’s capability, they
may not integrate well with generalized latent diffusion models. In addition, the
training of additional models usually costs a lot.

Therefore, we argue that Zero-1-to-3 itself has the ability to provide 3D priors
and establish 3D consistency, albeit requiring a progressive manner to achieve
it. By using self-prompted condition images, Zero-1-to-3 can generate images of
higher quality and higher consistency while also maintaining its strong open-set
generalization capabilities brought by the large-scale latent diffusion model.

2.2 Multi-stage Diffusion Models

Cascade networks have been widely used in boosting the performance of models
in the computer vision field, such as cascade RCNN [4], cascade DETR [102], and
so on [35, 36]. After large-scale latent diffusion models become popular, many
influential works also use cascade networks to improve the generation quality of
models. For example, DeepFloyd-IF [66] achieves high-resolution and high-detail
image generation by constructing three cascade pixel diffusion modules: a base
model that generates a 64×64 pixel image based on text prompts, and two super-
resolution models. Furthermore, SDXL [59] uses a cascade structure, in which a
base model aligned with a refiner in the latent space to generate higher-quality
and higher-resolution images. I2VGen-XL [108] also employs cascade diffusion
models to enhance the quality of video generation. Inspired by these cascade
network designs, we attempt to progressively extract 3D information from a
single image to improve the novel view synthesis quality.

3 Methods

We present the Cascade-Zero123 approach from the following aspects. First, we
briefly review the framework of Zero-1-to-3 [43] in Sec. 3.1. Then, we explain how
we construct the cascade structure of Zero-1-to-3 in Sec. 3.2. Next, we discuss
the design of Base-0123 in Sec. 3.3 and Refiner-0123 to use self-prompted views
in Sec. 3.4. Finally, we describe the self-distillation design in Sec. 3.5 and the
inference process of the model in Sec. 3.6.
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Fig. 3: The architecture of Cascade-Zero123. Cascade-Zero123 can be divided into
two parts. The left part is Base-0123, which takes a set of R and T values as input
to generate corresponding multi-view images. These output images are concatenated
with the input condition image and its corresponding camera pose, forming a self-
prompted input denoted as a set of c(xc,∆R,∆T ) for the right part Refiner-0123. The
corresponding camera pose transition for each condition image to the target image
needs to be recalculated as shown in detailed camera pose rotations. After each iteration
of training, Base-0123 is updated through exponential moving average (EMA) using
Refiner-0123.

3.1 Preliminary

We first give a brief introduction to diffusion models [17]. The diffusion model’s
forward process adds the Gaussian noise N (0, I), which can be defined as:

q
(
xt | xt−1

)
= N

(
xt;
√
αtx

t−1, (1− αt) I
)
, (1)

where α is a scheduling hyper-parameter and t ∈ [1, 1000] denotes the diffusion
timestep. q

(
xt | xt−1

)
estimate the probability of xt using xt−1, and I is the

normally distributed variance.
Zero-1-to-3 [43] proposes a latent diffusion model to learn the relationship

between the source image xc and target image xt during the denoising process,
which can be simply defined as:

xt = fϕ(xc, ∆Rct, ∆T ct). (2)

The Zero-1-to-3 model takes an image xc and the relative camera pose (∆Rct, ∆T ct)
as the condition. For simplicity, we use ∆ to represent the pose transition, includ-
ing the relative angle rotation and translation from the condition view (Rc, T c)
to the target view (Rt, T t), i.e. (∆Rct, ∆T ct) = (Rt, T t)⊖ (Rc, T c), where ⊖ is
the pose transition in the corresponding world coordinate and R and T represent
the rotation and translation matrix of the camera pose respectively. Specifically,
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the pose transition computation of the Objaverse dataset coordinate [15,16] can
be found in the appendix.

Using a latent diffusion model with an encoder fϕ, a denoiser U-Net ϵθ and
a decoder D, the denoising process can be defined as follows:

p
(
xt−1 | xt, c

(
xc, ∆Rct, ∆T ct

))
= N ( xt−1;µθ

(
xt, t, c

(
xc, ∆Rct, ∆T ct

))
,

Σθ

(
xt, t, c

(
xc, ∆Rct, ∆T ct

)))
.

(3)

where c (xc, ∆Rct, ∆T ct) represents the embedding encoded from the condition
image and relative camera pose and the mean distribution µθ and variance func-
tion Σθ is modeled by the denoising U-Net.

At the diffusion time step t, Zero-1-to-3 encodes the embedding of the input
view and relative camera pose as c (xc, ∆Rct, ∆T ct) and set the objective loss
function as:

L(θ) = min
θ

Ez∼E(x),t,ϵ∼N (0,1)

∥∥ϵ− ϵθ
(
zt, t, c

(
xc, ∆Rct, ∆T ct

))∥∥2
2
, (4)

where ϵ is the noise prediction corresponding to the distribution. With the model
ϵθ trained, the inference model fϕ can generate an image by denoising the Gaus-
sian noise conditioned on the embedding of c (xc, ∆Rct, ∆T ct).

3.2 Cascade-Zero123 Framework

Suffering from the information sparsity of a single image, it is highly challenging
for Zero-1-to-3 [43] to generate geometry and appearance consistent novel views
with a single source image. We ease this task with a cascade structure, which
progressively moves the camera pose with slight changes.

As shown in Fig. 3. Cascade-Zero123 consists of two cascade Zero-1-to-3
models. The first Zero-1-to-3 is referred to as Base-0123, and the second one is
referred to as Refiner-0123. In terms of the structure, Base-0123 is responsible
for generating multi-view images. These images serve as rough condition inputs,
which, along with their corresponding camera poses, are fed into the network of
the Refiner-0123 model. The Refiner-0123 is aware of the multi-view input and
it will compute the rotation and translation of different viewpoints to the final
target view. Supplying more condition images from different views to Refiner-
0123 can ease the difficulty of generating novel views. After that, the training
framework incorporates the model parameters of the second Refiner-0123 model
back into the Base-0123 through exponential moving average (EMA).

Compared with Eq. 2, we can formulate the proposed Cascade-Zero123 as:

xT = fϕr ((x
0
c , fϕb

(x,∆R
c{1:P}
b , ∆T

c{1:P}
b )), ∆R{1:P}t

r , ∆T {1:P}t
r ), (5)

where fϕb
and fϕr

are the Base-0123 and Refiner-0123 respectively, and the
parameters of fϕb

can be denoted as ϕb and those parameters of fϕr can be
denoted as ϕr. xT is the final target image. P is the number of the prompt
views, ∆Rit

r , ∆T it
r is the prompted views camera pose of Refiner-0123. For easy

understanding, we include Table 1 to list some symbols mentioned in the paper
along with their meanings.
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Table 1: Table of mentioned symbol representation of this paper.

Symbol Meaning
xc, xt source image and target image

∆Rct, ∆T ct rotation and translation from the condition pose to the target pose
∆Rb,∆Tb rotation and translation condition to Base-0123
∆Rr,∆Tr rotation and translation condition to Refiner-0123
fϕb , fϕr Base-0123 model and Refiner-0123 model

⊖ pose transitions in the world coordinate
x̂1
t , ..., x̂

P
t self-prompted views

3.3 Base-0123 Framework

In particular, at the beginning of the pre-training process, a set of input images
denoted as x0

c is provided to Base-0123. Then we sample some rotation and
translation matrices from the nearby viewpoints of the input view, which we
denote as {(Ri, T i)|i ∈ [1, P ]}, where P is the total number of prompt nearby
views. We set the poses of P viewpoints as constant ones to avoid the gap between
the training and inference phases. Constant poses can also save computation
resources due to that these poses can be reused across different targets.

Our ablation experiments have also demonstrated that generating prompt
images with small angles produces good performance. Detailed view setting and
hyper-parameter selection can be found in the implementation details of Sec. 4.2.

All the P prompted viewpoints attended with the target view pose (Rt, Tt)
are concatenated with the same input embedding as c

(
x0
c , ∆Rci

b , ∆T ci
b

)
, i ∈

[1, P ]. Specifically, we calculate:

(∆Rci
b , ∆T ci

b ) = (Ri, T i)⊖ (Rc, T c) i ∈ [1, P ], (6)

where ⊖ are the pose transitions in the corresponding world coordinate. In this
stage, all these poses are drawn as target views. They are fed into the first
Base-0123 fϕ in parallel.

Compared with Eq. 2, we can formulate the Base-0123 framework as:

{x̂1
t , x̂

2
t , ..., x̂

P
t } ={fϕb

(x0
c , ∆Rc1

b , ∆T c1
b ),

fϕb
(x0

c , ∆Rc2
b , ∆T c2

b ), ...

fϕb
(x0

c , ∆RcP
b , ∆T cP

b )},
(7)

where {x̂1
t , x̂

2
t , ..., x̂

P
t } are exactly self-prompted views.

3.4 Refiner-0123 Framework

After obtaining the multi-view images generated by the first-stage Base-0123
and their corresponding camera poses, we proceed to compute the camera pose
rotation changes for each of these images with respect to the final target image.
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Specifically, we calculate the relative pose transition from self-prompted views
to the target views as:

(∆Rit
r , ∆T it

r ) = (Rt, T t)⊖ (Ri, T i) i ∈ [1, P ], (8)

where ⊖ are the pose transitions in the corresponding world coordinate, and
(Rr, Tr) is the camera pose of the target image. Because the camera rotation and
translation from the target view to itself are zero and the rotation of the input
view remains the same, i.e. (∆Rtt

r , ∆T tt
r ) = (0, 0), (∆Rct

r , ∆T ct
r ) = (∆Rct

c , ∆T ct
c )

Then as shown in Fig. 3. The second Refiner-0123 takes the input images and
self-prompted nearby views {x̂1

t , x̂
2
t , ..., x̂

P
t } as input. Compared with Eq. 2, we

can formulate the Refiner-0123 framework as:

xT =fϕr ((x
0
c , ∆Rct

r , ∆T ct
r ), (x̂1

t , ∆R1t
r , ∆T 1t

r ), ...

(x̂P
t , ∆RPt

r , ∆TPt
r ), (x̂t

t, ∆Rtt
r , ∆T tt

r )).
(9)

Reviewing that the conditional denoising autoencoder can control the synthesis
process through inputs context y such as text, semantic maps or images [65], the
latent diffusion models use attention-based models. The context cross-attention
can be formulated as:

Attention(Q,K, V ) = softmax

(
QKT

√
d

)
· V. (10)

Q = W
(i)
Q · φi (zt) ,K = W

(i)
K · τϕr

(y), V = W
(i)
V · τϕr

(y). (11)

Here, φi (zt) ∈ RN×di
ϵ denotes a (flattened) intermediate representation of the

UNet implementing ϵϕr
and W

(i)
V ∈ Rd×di

ϵ ,W
(i)
Q ∈ Rd×dτ and W

(i)
K ∈ Rd×dτ are

learnable projection matrices. All prompt views are concatenated through the
token dimension so that all these conditions are set as the context of the input
τϕr (y), all conditional embeddings can calculate cross attention to the flattened
intermediate representation ϵϕr .

Then, the objective loss function of the Refiner-0123 model can be set as:

min
θ

Ez∼E(x),t,ϵ∼N (0,1) ∥ϵ− ϵϕr

(
zr, t, c(x

0
c , x̂

{1:p}
t , ∆R{1:p}

r , ∆T {1:p}
r )

)∥∥∥2
2
. (12)

After the model ϵϕr is trained, we can get the Refiner-0123 model fϕr .

3.5 Self-Distillation Design

Considering that the Refiner-0123 network fϕr
is trained via back-propagation

to minimize the denoising loss. Inspired by the methods [5, 9, 11, 23] in the self-
supervised learning field. Our ablation experiments demonstrated that even if
only accepted a single image, Refiner-0123 still improves performance. To further
enhance the Base-0123 model, the Base-0123 network is updated in a momen-
tum update way using exponential moving average (EMA). Specifically, we have
denoted the parameters of fϕb

as ϕb and those of fϕr
as ϕr we update ϕb by

ϕb ← η · ϕb + (1− η) · ϕr, (13)
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where η ∈ [0, 1) is a momentum coefficient to control the magnitude decay of
updates from the Refiner-0123 to the Base-0123.

3.6 Inference

During the inference stage, given an input image, two stages of the DDIM (De-
noising Diffusion Probabilistic Model) [28] schedule are performed. The input
image passes through both the Base-0123 and Refiner-0123 simultaneously.

These views along with their corresponding camera pose rotation and trans-
lation differences, are concatenated and input into the Refiner-0123. After com-
puting cross-attention with the context and inputs, another DDIM sampling is
performed, generating the final target image.

For the generation from a single image to 3D, the incurred cost is quite
similar to the original Zero-1-to-3. Refiner-0123 leverages these condition images
to calculate the SDS loss without repeatedly invoking the denoising process of
Base-0123. The process is similar to novel view synthesis, but the Base-0123 only
needs to be processed once. All the self-prompted nearby views along with the
input views are used as condition images and fed into the Refiner-0123 network
for computing Score Distillation Sampling (SDS) [60] loss.

4 Experiments

We assess our model’s performance on novel view synthesis and single-image
to 3D reconstruction tasks. We introduce the datasets, implementation details,
and metrics from Sec.4.1 to Sec.4.3. And show qualitative results, quantitative
results on Sec.4.4. Ablation studies are introduced in supplementary materials.

4.1 Datasets

Objaverse Dataset is a large-scale dataset containing 800K+ annotated 3D
mesh objects [55]. We use this dataset for training and validation. We render 12
images per object from uniformly distributed viewpoints followed by [43].
Realfusion15 Realfusion15 is the dataset collected and released by RealFu-
sion [50], consisting of 15 natural images.
Google Scanned Object (GSO) [18] is a high-quality scanned household
items dataset. We adopt the same data split as in SyncDreamer [46].
RTMV [81] consists of complex scenes, and each scene is composed of 20 random
objects. We adopt the same data split as in Zero-1-to-3 [43].

4.2 Implementation Details

We train Cascade-Zero123 on the Objaverse dataset [16] which contains about
800k objects. Following Zero-1-to-3, the number of viewpoints rendered is 12.
Following the assumption of Zero-1-to-3, we also assume that the azimuth of
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Fig. 4: Novel view synthesis compared with Zero123-XL [15], and SyncDreamer [46],
where Zero123-XL is Zero-1-to-3 pre-trained on Objaverse-XL datasets [15], achieving
higher performance. We selected some challenging scenes, including stacked objects,
parallel objects, and objects with multiple branches. Zero123-XL exhibits good qual-
ity in image generation but lacks consistency in these complex scenes. SyncDreamer
demonstrates good consistency but struggles to maintain good quality in image gener-
ation. Our model, however, maintains both quality and consistency in these scenarios.

both the input view and the first target view is 0◦. We train the Cascade-Zero123
for 200k steps with 8 V100 GPUs using a total batch size of 96.

Both Base-0123 and Refiner-0123 load the pre-trained Zero123-XL model
initially. In Base-0123, to avoid increasing the pretraining costs, we perform
only 25 iterations of DDIM (Differentiable Diffusion Model) for inference on
each input view of the object during the pretraining phase. Multiple nearby
views share the same input view but concatenate with different camera poses.
In Refiner-0123, we choose nearby views of azimuth rotations of 45◦ and −45◦,
a view of elevation rotations of 30 degrees, and the target view generated in the
first stage is also set as inputs to Refiner-0123. More details about the selection
of nearby views can be found in the ablation studies.
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Fig. 5: Single image to 3D reconstruction using SDS loss [60] compared with Zero123-
XL. The first two rows illustrate that Cascade-Zero123 can correct the problem that
Zero-1-to-3 sometimes learns inaccurate colors of the backside. The middle two lines
describe how Cascade-Zero123 can rectify structural errors through multi-view self-
prompting. The last two lines indicate that Cascade-Zero123 can address the problem
of transparent or high-brightness objects being mistakenly learned as white clouds.

4.3 Metrics

We use the following evaluation metrics to quantitatively evaluate the perfor-
mance of our model. We first report the Peak Signal-to-Noise Ratio (PSNR).
Perceptual Loss (LPIPS) measures the perceptual distance between two images
by comparing the deep features extracted by deep neural networks given each
image as input. Structural Similarity (SSIM) measures the structural similarity
between two images considering both color and texture information. The CLIP-
score (CLIP) quantifies the average CLIP distance between the rendered image
and the reference image, serving as a measure of 3D consistency by assessing
appearance similarity across novel views and the reference view. We measured
Chamfer Distance (C Dist.) to evaluate point-by-point shape similarity and vol-
umetric IoU (Vol IoU) to quantify the overlap between the reconstructed and
the ground truth shape.

4.4 Qualitative Results

Novel View Synthesis We show qualitative results generated by our Cascade-
Zero123 in Fig. 1 and Fig. 4. Our model can generalize well to unseen data.
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Table 2: Quantitative results on Objaverse. We evaluate our method on the test split
of Objaverse [16].

Methods PSNR↑ SSIM↑ LPIPS↓ CLIP↑
Zero123-XL [15,43] 18.68 0.883 0.189 0.758
Magic123 [61] 18.95 0.882 0.167 0.778
Ours 21.42 0.911 0.125 0.802

We selected various images from real-world scenes or high-quality scenes gen-
erated by Stable Diffusion 2.1 [65] for the experiments on novel view synthe-
sis. These scenes include different kinds of environments and objects. We also
tested scenarios involving multiple object stacking (such as stacked donuts) and
complex branching structures (such as ladybugs and peeled bananas). The se-
lected example images were deliberately chosen to avoid central symmetry or
left-right symmetry, which can pose challenges for generating novel views using
conditional latent diffusion models. In the case of these difficult-to-maintain con-
sistency scenes, our Cascade-Zero123 achieved better consistency compared to
Zero123-XL and significantly improved image quality compared to SyncDreamer.
Note that Zero123-XL is a model pre-trained on Objaverse-XL [15, 16] and has
superior generation quality.

Single Image to 3D Using SDS Loss We show qualitative results of a single
image to 3D using Dreamfusion’s Score Distillation Sampling (SDS) loss [60].
All samples are generated by our Cascade-Zero123 and baseline Zero123-XL in
Fig. 5. Firstly, as shown in the upper two rows of Fig. 5, after using SDS loss,
Zero-1-to-3 tends to learn the backside as the smooth color of the front side.
This is due to that the model can only perceive information from the prompt of
a single image. As a result, the ears of the fox, the back and hair of Lisa (the
woman in yellow), the back of the dinosaur, and the glass tiger are all learned
as the same color. With the correction provided by self-prompted views, we no
longer have to speculate the color of the backside from scratch. Instead, we can
progressively predict the backside based on the side views. This allows us to
better learn the true color consistency of unseen views.

In addition, the proposal of self-prompted views has enhanced the ability of
Zero-1-to-3 to model the shapes and textures of objects as shown in the middle
of Fig. 5. The shapes of the ice cream are well preserved, and even the com-
plex structure of the ninja’s back can be modeled. Moreover, Zero-1-to-3, when
combined with SDS, has difficulty modeling objects with transparency. Zero-1-
to-3 sometimes learns the backside of transparent or high-brightness objects as
pure white mist-like clouds. However, the multi-view conditioning information
prevents the model from lacking information about other sides, avoiding the
learning of a pure white plane for the backside and providing 3D information for
objects with transparency.
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Table 3: Evaluation of novel view synthe-
sis on GSO dataset [18].

Methods PSNR↑ SSIM↑ LPIPS↓ CLIP↑
Realfusion [50] 15.26 0.722 0.283 -
Zero-1-to-3 [43] 18.93 0.779 0.166 -

SyncDreamer [46] 20.05 0.798 0.146 -
Zero123-XL [15] 18.81 0.828 0.142 0.813
Ours(Zero123-XL) 20.35 0.850 0.113 0.846
Ours(SyncDreamer) 21.10 0.862 0.095 0.944

Table 4: Evaluation of novel view synthesis
on RTMV dataset [81].

Methods PSNR↑ SSIM↑ LPIPS↓ CLIP↑
DietNeRF [27] 7.13 0.406 0.507 -

Image Variation [1] 6.56 0.442 0.564 -
SJC-I [85] 7.95 0.456 0.545 -

Zero123-XL [15] 10.97 0.573 0.465 0.702
Ours 11.12 0.617 0.441 0.734

Table 5: Quantitative results on RealFu-
sion15. Evaluation of novel-view synthesis on
the RealFusion15 dataset [50].

Methods PSNR↑ LPIPS↓ CLIP↑
RealFusion [50] 20.216 0.197 0.735
Make-it-3D [79] 20.010 0.119 0.839
Zero-1-to-3 [43] 25.386 0.068 0.759
Zero123-XL [15] 25.220 0.050 0.897
Magic123 [61] 25.637 0.062 0.747
Consistent-123 [40] 25.682 0.056 0.844
Ours 26.098 0.043 0.916

Table 6: Evaluation of single image to
3D reconstruction on GSO dataset [18].

Methods C Dist.↓ Vol IoU↑
Realfusion [50] 0.0819 0.2741
Magic123 [61] 0.0516 0.4528
One-2-3-45 [42] 0.0629 0.4086

Point-E [54] 0.0426 0.2875
Shap-E [30] 0.0436 0.3584
Zero123 [43] 0.0339 0.5035

SyncDreamer [46] 0.0261 0.5421
Ours 0.0207 0.5792

4.5 Quantitative Results

Novel view synthesis on Objaverse testset. Following prior research [88],
which randomly picked up 100 objects from the Objaverse testset, Since the
entire Objaverse test set [16] is quite large, testing all samples would require
an excessively long time. Following the approach of Consistent123 [88], we ran-
domly selected a subset of samples from the Objaverse test set for testing. These
selected samples have not been seen during the training process. Compared with
Consistent123 [88], we take a larger number of samples for evaluation (Consis-
tent123 only takes 100 samples). Specifically, we randomly selected 200 samples
and then randomly selected an input view and a target view following the same
setting as Zero-1-to-3. On the Objaverse test set, we measured the reconstruc-
tion performance and consistency using metrics of PSNR, SSIM, LPIPS, and
CLIP-score (CLIP). We utilize the checkpoints from Zero123-XL [15, 43]. The
index of the selected samples will be made available in the open-source release.

Novel view synthesis on Google Scanned Object (GSO). Follow-
ing SyncDreamer [46] and Zero-1-to-3 [43], we adopt the Google Scanned Ob-
ject [18] dataset as the evaluation dataset. We followed the setting of Sync-
Dreamer [46] that chose the same 30 objects ranging from daily objects to ani-
mals of Google Scanned Object. We also apply the proposed cascade mechanism
to SyncDreamer [46], named as Ours(SyncDreamer). The self-prompted views
generated from the first-stage Base-SyncDreamer are fed into the Synchronized
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Multiview Noise Predictor in the second-stage Refiner-SyncDreamer, as shown in
Table 3. We replicate Zero123-XL [15] for fair comparison. We measured the re-
construction performance and consistency using metrics of PSNR, SSIM, LPIPS,
and CLIP-score (CLIP). Our cascade method also shows notable improvement
on both Zero123-XL and SyncDreamer.

Novel view synthesis on RTMV. In Table 4, we use the same experimen-
tal setup as Zero1-to-3 [43] on RTMV [81] and replicate the performance of the
Zero123-XL [15]. We measured the reconstruction performance and consistency
using metrics of PSNR, SSIM, LPIPS, and CLIP-score (CLIP).

Novel view synthesis on Realfusion15 testset. Following Magic123 [61]
and Consistent123 [40] We evaluate Cascade-Zero123 against many related base-
lines, including RealFusion [50], Make-it-3D [79], Zero-1-to-3 [43] and Magic123 [61],
on the RealFusion15 datasets. Like Magic123, we measure the PSNR, LPIPS,
and CLIP-scores (CLIP), which assess the reconstruction quality and visual con-
sistency. As shown in Table. 5.

Single image to 3D reconstruction on GSO. In Table 6, we compare our
approach with various other methods following the setting of SyncDreamer [46].
Both our method and SDS-free methods utilize NeuS [86], a neural reconstruction
method for converting multi-view images into 3D shapes. To achieve faithful
reconstruction of 3D mesh that aligns well with ground truth, the generated
multi-view images should be geometrically coherent. Cascade-Zero123 achieves
the best results in both Chamfer distance (C Dist.) and volumetric IoU (Vol IoU)
metrics, demonstrating proficiency in producing multi-view consistent images.

5 Limitation and Conclusion

Limitation Cascade-Zero123 is based on the pre-trained Zero-1-to-3 model [43].
For cases that are extremely difficult for Zero-1-to-3, Cascade-Zero123 has lim-
ited ability to handle. With 2D image input, it is challenging to figure out the
exact overlap, so even with nearby views, the overlapping parts may still appear
to be stuck together. The 3D depth information will be lost and a flat structure
will be potentially learned. Additionally, Zero-1-to-3 is sensitive to camera pose
elevation. Therefore, Cascade-Zero123 also struggles with input images that have
a high elevation. While our model has already achieved performance and consis-
tency improvement compared to previous models, there are still some potential
future directions, e.g . enhancing Cascade-Zero123 by incorporating attention be-
tween multiple views as [72] and involving multi-modal conditioning information,
e.g . depth or normal.

Conclusion We have witnessed Zero-1-to-3’s success in synthesizing novel views
from a single image. However, inconsistency still appears as the input informa-
tion is too limited. We propose a Cascade-Zero123 network to progressively dig
out the multi-view information from the input image by self-prompting nearby
views. A series of experimental proofs have demonstrated the effectiveness of
this cascade design. We believe the cascade framework can be compatible with
more Zero-1-to-3 variants and leave this as an important future work.
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