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Figure 1. Examples of high-quality 3D asset gallery generated by our AR-1-to-3 model. See Sec. 4.2 for more visualization results.

Abstract

Novel view synthesis (NVS) is a cornerstone for image-
to-3d creation. However, existing works still struggle to
maintain consistency between the generated views and the
input views, especially when there is a significant camera
pose difference, leading to poor-quality 3D geometries and
textures. We attribute this issue to their treatment of all tar-
get views with equal priority according to our empirical ob-
servation that the target views closer to the input views ex-
hibit higher fidelity. With this inspiration, we propose AR-
1-t0-3, a novel next-view prediction paradigm based on dif-
fusion models that first generates views close to the input
views, which are then utilized as contextual information to
progressively synthesize farther views. To encode the gener-
ated view subsequences as local and global conditions for
the next-view prediction, we accordingly develop a stacked
local feature encoding strategy (Stacked-LE) and an LSTM-
based global feature encoding strategy (LSTM-GE). Exten-
sive experiments demonstrate that our method significantly
improves the consistency between the generated views and
the input views, producing high-fidelity 3D assets.

“Equal contribution. fCorresponding author.

1. Introduction

Synthesizing 3D objects from a single-view image has been
a fundamental and enduring research in both computer vi-
sion and graphics communities. This task is challenging,
as it not only involves reconstructing the visible regions of
a 3D object but also necessitates extrapolating the invisible
parts. To address these challenges, researchers have sought
to synthesize novel views [4, 29, 32, 40] with the powerful
priors of diffusion models, which have achieved remarkable
success in image generation [7, 25, 38, 43, 74].

Existing approaches can be broadly categorized into two
distinct paradigms. To be specific, the methods repre-
sented by Zero123 [30] fine-tune pre-trained diffusion mod-
els on <input_view, camera_pose, output_view> triplets of
3D renders and generate multiple discrete views of a 3D
object based on a single-view image and a set of camera
poses. On another line, Zerol123++ [45] and its follow-
ups [21, 28, 50, 65] consider the independence of new views
specified by different camera poses. They utilize diffusion
models to generate multiple views simultaneously by merg-
ing all target views with specified camera poses into a grid
image for joint distribution modeling. Despite their success
in many scenarios, these methods remain prone to synthe-
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Figure 2. Novel view examples generated by different paradigms
when encountering significant differences in camera poses.
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sizing new views inconsistent with the input image, espe-
cially when there is a large gap between their camera poses,
as illustrated in the bowls and shoes of Fig. 2.

A fundamental reason for this issue is that these meth-
ods generate novel views for all camera poses in an equally
prioritized manner. We argue that novel views with cam-
era poses closer to the input view should be generated first
in that they usually exhibit substantially higher generation
fidelity, whereas those with larger pose variations present
greater challenges, as shown in Fig. 3. To this end, we re-
think the way to generate consistent views and present AR-
1-to-3, a novel paradigm to progressively generate all target
views, with the closer views generated first serving as con-
textual information to generate the farther view.

Our methodology follows the 3 x2 grid image generation
strategy proposed by Zero123++ [45]. It is noteworthy that
there exists a potential sequential relationship between these
six target views, where the adjacent rows of views in the
grid share identical elevation angles and a fixed azimuth in-
terval of 120°. This sequential nature enables our AR-1-to-
3 to start from generating the first row views based on the in-
put view and gradually generate the remaining row views in
an autoregressive fashion. At each iteration step, the target
views from two different camera elevations can exchange
information, and the views generated in the previous steps
are utilized as references to generate current views.

To encode partially generated sequence views and pro-
vide references for the next views, we develop two image
conditioning strategies, i.e., Stacked-LE and LSTM-GE, for
local conditioning and global conditioning of the diffusion
models respectively. In the Stacked-LE strategy, the denois-
ing UNet model encodes the previously generated views
into a stack embedding, which is employed as pixel-wise
spatial guidance to modify the key and value matrices of
the self-attention layers for denoising the target views of the
current step. In LSTM-GE, the view subsequence is divided
into two groups according to the elevation, whose feature
vectors are encoded by two LSTM modules for high-level
semantic conditions of current views.

We evaluate the performance of our AR-1-to-3 paradigm
on a 3D benchmark dataset, e.g., Objaverse [9], and two
out-of-domain datasets, i.e., Google Scanned Objects [10],
and OmniObject3D [63]. By introducing the autoregressive
manner coupled with the proposed Stacked-LE and LSTM-
GE strategies into multi-view diffusion models, our AR-
1-to-3 enables consistent and accurate novel view synthe-
sis, resulting in high-quality 3D assets, as shown in Fig. 1.
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Figure 3. Novel view examples of nearby and distant camera poses
generated by the Zero123++ baseline and our AR-1-to-3.

The experimental results also demonstrate the superiority of
our AR-1-to-3 compared to cutting-edge new view synthe-
sis methods and image-to-3d methods.

Our contributions can be summarized as follows:

* We propose AR-1-to-3, an autoregressive next-view pre-
diction framework for 3D object generation, which can
generate target views from near to far progressively.

* We design Stacked-LE and LSTM-GE strategies to en-
code the partially generated sequence views and provide
local and global conditions for the diffusion models.

* Extensive quantitative and qualitative experiments on
large-scale 3D datasets demonstrate that our approach can
generate more consistent 2D multi-view images than pre-
vious works and produce high-quality 3D assets.

2. Related Work

2.1. 2D Diffusion Models for 3D Generation

Diffusion Models [8, 11, 20, 38, 43] pre-trained on large-
scale 2D datasets have demonstrated remarkable perfor-
mance in generating high-quality images and powerful
zero-shot generalization. In recent years, significant effort
has been consecutively devoted to transferring such merits
of 2D diffusion models to 3D generation.

Early methods [2, 23, 39, 41, 71] distill knowledge of 2D
pre-trained models by feeding the rendered views to it and
performing per-shape optimization but suffer from artifacts
such as over-saturated colors and the “multi-face” prob-
lem. Zerol123 [30] pioneers an open-world single-image-
to-3D framework, in which diffusion models are fine-tuned
to synthesize new views conditioned on an input view and
a set of discrete camera poses. ImageDream [60] adopts
world camera coordination as in MVDream [47] to recover
3D geometries. Magic123 [40] combines the 3D prior of
Zerol23 and the 2D prior of the stable diffusion model
together to enhance the quality of generated 3D meshes.
One-2-3-45 [29] uses Zero123 to generate multi-view im-
ages, which are lifted to 3D space to assist in the gen-
eration of 3D meshes. Several approaches like Consis-
tent123 [27] and MVD-Fusion [17], improve Zerol23 by
incorporating additional priors, i.e., boundary and depth.
Besides, more and more attention has been drawn to enforce
consistency between the generated multiple views. Sync-
Dreamer [31] adopts a 3D-aware attention mechanism to
correlate the corresponding features across different views.
MVDiffusion [51] generates multi-view images in parallel
through the weight-sharing multi-branch UNet with shared



weights and correspondence-aware attention. Recent meth-
ods [13,22,52, 73] explore to simultaneously generate mul-
tiple views to model their joint distribution. Zero123++ [45]
further proposes a strategy of tiling six target views sur-
rounding the 3D object into a grid image. This strategy has
been successively adopted by follow-up works such as One-
2-3-45++ [28], Instant3D [21], and InstantMesh [65].

In contrast to these methods heavily relying on the 2D
diffusion priors, our AR-1-to-3 inspired by human think-
ing also pays attention to the contextual information of the
current object. The method most similar to ours is Cascade-
Zerol123 [4]. It first uses a multi-view diffusion model to
generate many extra views, which, along with the input im-
age, are then fed into another diffusion model to produce a
specific target view. Different from this method, our AR-1-
to-3 takes the relationship between the target views and the
input image into account and utilizes a diffusion model to
establish the potential sequence between them.

2.2. Autoregressive Generation

The autoregressive scheme, which operates on the funda-
mental principle that the current value in a sequence can
be explained by its preceding values, plays a vital role in
the deep learning era [35, 37, 59, 64, 69]. Based upon this
technology, researchers have developed a series of classical
sequential modeling methods [15, 26, 36, 46, 57]. In recent
years, there has been a growing interest in extending such
an autoregressive fashion to various communities.

PixelRNN [55] is one of the pioneering methods to gen-
erate high-quality images with intricate details by modeling
pixel dependencies. VQ-VAE [56] revolutionizes the learn-
ing of discrete representations by incorporating the code-
book mechanism, enabling efficient encoding and decoding
processes of images. VQ-GAN [12] adopts a transformer
architecture to model serialized visual parts and introduces
adversarial loss during the training process. Parti [66] pro-
poses a pathways autoregressive model treating the image
generation as a sequence-to-sequence modeling to gener-
ate high-fidelity photorealistic images. VAR [53], Llama-
Gen [49], and Infinity [14] scale image generation by in-
corporating multimodal large models. In addition, some
approaches [1, 19, 44, 58, 77] attempt to integrate diffu-
sion models with the sequential strategy to achieve more
temporally consistent video generation. More recently,
MeshGPT series [3, 5, 48] propose to generate triangle faces
in an autoregressive manner for artist-created 3D meshes.
TAR3D [70] and SAR3D [6] quantify 3D latent represen-
tations [ 18], which are used to generate SDF-based 3D ob-
jects [75, 76] with the next-token prediction strategy.

In this work, we observe the target views of Zerol123++
can be divided into several steps with equidistant camera
pose intervals, resulting in a potential sequential nature.

3. Methodology

3.1. Preliminaries

We introduce the preliminaries of Zero123++ [45], the base
multi-view diffusion model adopted in this work, which is
beneficial for understanding the designs in AR-1-to-3.
Multi-View Generation. To achieve the modeling of the
joint distribution between multiple new views, Zero123++
proposes to tile six target views with a 3 x 2 layout in a
grid image. Note that these target views are obtained from a
fixed set of relative azimuth and absolute elevation angles.
Specifically, they consist of interleaving elevation angles of
20° downwards and —10° upwards, combined with azimuth
angles starting from 30° relative to the input azimuth and
incrementing by 60° for each subsequent camera pose.
Stable Diffusion. Zero123++ chose Stable Diffusion (SD)
as the generative model since it is open-sourced and has
been trained on various internet-scale image datasets. The
geometric priors that SD learns about natural images are
utilized for novel view synthesis under the image and cam-
era conditions. SD performs the diffusion process within
the latent space of a pre-trained autoencoder whose encoder
and decoder are denoted as £(-)and D(-), respectively. At
the diffusion time step ¢, the objective for fine-tuning the
denoiser UNet €4(+) can be formulated as:

L= EZNS(z),y,iﬁ,ew.}\/((),])||6 - EG(Ztv t, CO(@/)H% (D

where x is the target grid image which is perturbed to a
feature by Gaussian noise ¢, i.e., z;, and cy(y) represents
the embedding encoded from the condition image .
Image Condition. The image conditioning techniques in
Zerol23++, i.e., cy(y), can be divided into local and global
conditions. The former strategy is tailored for the pixel-
wise spatial correspondence between the input and target
views. Specifically, it adopts a variant of the Reference At-
tention operation [67], which runs the denoising UNet on
the input image and appends the self-attention key and value
matrices from it to the corresponding attention layers when
denoising the target views. Note that the Gaussian noise at
the same level as the denoising input is added to the refer-
ring image so that the UNet can focus on the relevant fea-
tures for denoising at the current noise level. In terms of the
global conditioning strategy, the CLIP [42] text embedding
of an empty text is added with the CLIP image embedding
of the input image multiplied by a trainable set of global
weights to provide high-level semantic information for the
cross-attention of the denoising UNet.

3.2. AR-1-to-3

Existing methods either generate multiple discrete view-
points from a single input view and a set of camera poses,
like Zero123 [30], One-2-3-45[29], or simultaneously gen-
erate multiple views in a grid layout based on specified cam-
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(a) Autoregressive Workflow

(b) Pipeline of the generation of the target views in our AR-1-to3.

Figure 4. Overview of our AR-1-to-3 framework. The left side shows the AR-1-to-3 workflow, while the right side illustrates the denoising
process of target views. Taking the input single-view image as initialization, our methodology employs a diffusion model to generate all
target views incrementally from near to far, with the existing views from previous steps serving as contextual information about the objects
themselves. To achieve this, the Stacked-LE and LSTM-GE strategies are developed to encode the local features and global features of the
partial view sequence as the image conditions of the denoising UNet for the view prediction of the current step.

era conditions, such as Zero123++ [45], ImageDream [60].
Despite achieving excellent performance in many scenar-
ios, these methods are still prone to generating several tar-
get views that exhibit geometric and textural inconsistencies
with the input image. We argue that their equal prioritiza-
tion of all new views and the underutilization of contextual
information of current objects during the generation process
should be responsible for this issue.

The core of this work is to progressively generate target
views in a next-view prediction fashion so that the closer
views generated earlier can be used as supplementary infor-
mation for the generation of the farther views. Fig. 4 shows
the end-to-end architecture of our AR-1-to-3. In this work,
we follow the paradigm of Zero123++ generating 6 specific
camera conditional target views. In contrast, our method
generates these views step by step rather than all at once. In
addition, Zero123++ has demonstrated that generating mul-
tiple target views simultaneously contributes to accurately
modeling the joint distribution of these views. Therefore,
each step in our generative strategy refers to a row of the
3 x 2 layout, containing two target views with different el-
evations and 60° difference in azimuth. Moreover, the dif-
ference in camera pose between adjacent steps is a fixed
azimuth angle of 120°, which is suitable for the next view
prediction scheme. As a result, the different target views
at each step can exchange information, and the target views
generated in the previous steps can be utilized as extra con-
ditions to generate the views for the current step.

We achieve such next-view prediction by designing two
image conditional strategies that encode sequence view in-
formation to fine-tune the diffusion model. These two
strategies, denoted as Stacked Local Feature Encoding
(Stacked-LE) and Long Short-Term Global Feature Encod-
ing (LSTM-GE), correspond to the local and global image
conditioning techniques in Zerol123++, respectively. The
optimization objective can still be represented by Eqn. 1,
and we will elaborate on our image conditional policy,
i.e., cg(y), in the subsequent Sec. 3.3 and Sec. 3.4.

Through multi-step autoregression, our AR-1-to-3 grad-
ually generates 6 target views, which are fed to a sparse-
view large reconstruction model to obtain a 3D object. In
this work, we choose the pre-trained InstantMesh [65] as
our 3D reconstruction model, which encodes the multi-view
images as triplane features via a transformer-based architec-
ture [16] and predicts the point color and density for volu-
metric rendering by a multi-layer perceptron.

3.3. Stacked Local Feature Encoding

In this subsection, we introduce how our method encodes
the latent features of the input image and the generated par-
tial target-view sequence as local conditions for the oper-
ation of Reference Attention to generate the target views
of the current step. Note that the denoising UNet model is
a multi-level architecture and the hidden dimensions may
vary across different self-attention layers. It is challenging
to encode the latent features of the condition view sequence



at these positions using a single network. Considering that
these reference features and the attention representations in
self-attention layers come from the same positions in the U-
Net network, sharing the same spatial and channel dimen-
sions, we naturally thought of encoding them into a uni-
fied representation by stacking them along the spatial di-
mension. This strategy offers two significant advantages:
1) it can encode any number of reference features at the
self-attention layer. 2) it allows the reference features to be
directly fed into the attention module, enabling the reuse of
weight parameters without any additional design required.
We term this local feature encoding strategy as Stacked-LE
whose details are shown in the bottom left corner of Fig. 4.
Formally, at the k-th step of autoregression, with a total
of 2k-1 reference views, we aim to predict the (2k)-th and
(2k+1)-th target views, where the variable & ranges from 1
to 3. Following Zero123++ [45], we first feed the referring
views into the denoising UNet model separately and record
their key/value matrices at the self-attention module. Then,
we perform another forward pass with the U-Net to denoise
the target views of the current step. During this process,
the records in each layer are stacked together to modify the
key and value matrices in the self-attention module of the
corresponding layer, which can be defined as:

s; = Concat([e}, €2, ...,e2* 71, 5,]), 2)

7% ey by

where s; € REXL*Di denotes the key or value matrices of

the i-th self-attention, and e'g is the recorded embeddings
of the j-th reference view. Note that B, L and D, are the
batch size, token number, and dimension of the key /value
matrices. Further, we compute the self-attention as follows:

Oi = Attention([Qi, K:, Vt*]) (3)
3.4. Long Short-Term Global Feature Encoding

In this subsection, we present the details of encoding the
CLIP features of the input images and the existing target-
view sequence as global conditions, which provide high-
level semantic information via cross-attention to generate
the target views of the current step. We empirically observe
that the CLIP features of the conditional view sequence are
vectors with the same channel dimension and 1D spatial di-
mensions. In addition, they can be divided into two sub-
sequences with an azimuthal angle spacing of 120° based
on their elevation angles. Thus, it is well-suited to process
such sequences with the Long Short-Term Memory (LSTM)
Network [15]. Furthermore, this manner has two interesting
merits, mitigating computational burden: 1) It can encode
feature vectors from the conditional views into two vectors,
regardless of the number of views. 2) The LSTM struc-
ture possesses a strong ability to model sequential repre-
sentations while requiring fewer parameters. This strategy
is named as LSTM-GE, and the diagrammatic details are
shown in the bottom left corner of Fig. 4.

Given 2k-1 conditional views at the k-th step of autore-
gression, we first send them to the image encoder of the
CLIP model for their visual features, which are represented
as F' e RBX(@k=1XD  Then, we partition these features
into two groups according to the elevation angles of their
respective views. Note that the feature of the input image
is a special case, which is included in both groups. We
denote the two grouped features as F;, € REXFXD apd
Fy € REXkXD and feed them to two separate LSTM mod-
ules. Next, the hidden states of the k-th step of the two
LSTM modules, i.e., hf, are selected as their respective out-
puts, i.e., , I;. This process can be formulated as follows:

I = LSTM([F, (), ))), 1e€{0,1} (4
where h{ and ¢ are the hidden state and cell state, respec-
tively, both initialized as zero vectors. Finally, the outputs
of the two LSTM modules are concatenated together along
the channel dimension, followed by an MLP layer and a
trainable set of global weights W € R”"*!, to form global
embeddings for the cross-attention of the denoising UNet:

T =W - MLP(Concat([Io, I1])). T € REXT™*D (5)
Note that we remove the CLIP embedding of empty text
from the original global condition, as empirical observa-
tions indicate its negligible impact on the final results.

4. Experiments

4.1. Experiment Setup

Datasets. We conduct experiments on the most popular
benchmarking 3D dataset, i.e., Objaverse [9], along with
two out-of-domain datasets, i.e., Google Scanned Objects
(GSO) [10] and OmniObject3D (Omni3D) [63]. Follow-
ing the filtering principle in previous works [24, 70], we
obtain about 210,000 geometry objects from the Objaverse
dataset with a 3D mesh capacity of 800,000. We pick out
300 objects covering various categories to evaluate the per-
formance of the methods, and the remaining samples are
used for training. Moreover, we also randomly select 300
samples each from both GSO and Omni3D to ensure a fair
evaluation of the methods involved in this paper.

Following the protocol of Zero123++ [45], we render 7
images for each object, including an input image and 6 tar-
get images. To be specific, an elevation angle ranging from
—20° to 45° and an azimuth angle ranging from 0° to 360°
are randomly sampled to render the input image. The cam-
era poses of the 6 target images involve interleaving abso-
lute elevations of 20° and —10°, paired with azimuths rel-
ative to the input image that start at 30° and increase by
60° for each pose. Besides, all rendered images are set to
a white background to ensure that the diffusion model pro-
duces images of this nature, thereby avoiding the trouble of
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Figure 5. Visual comparisons of the novel views synthesized by our AR-1-to-3 and recent popular methods on multi-view generation.
Compared with the existing approaches, the new views from our AR-1-to-3 are more consistent with both each other and the input views.
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Figure 6. Examples of 1mage—t0—3d generation based on our next-
view prediction. AR-1-to-3 produces multi-view images consis-
tent with the input images, leading to high-quality 3D results.
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removing the background when reconstructing 3D objects.
We will open-source these rendered images in our project.

Evaluation. We evaluate the performance of the methods
in two critical dimensions, i.e., 2D visual fidelity and 3D
geometric accuracy. Specifically, we compare the novel
views generated by multi-view diffusion models or ren-
dered from synthesized 3D meshes with the ground truth
views. Following image comparison [4, 27, 65], we report
four popular metrics, including Peak Signal-to-Noise Ratio
(PSNR), Perceptual Loss(LPIPS) [68], Structural Similar-
ity (SSIM) [61], and CLIP-score [42]. We also compare
the surface points randomly sampled from the generated 3D
meshes with those from ground-truth meshes, in which the
chamfer distance (CD) value and the F-Score with a thresh-
old of 0.02 are employed as metrics.

Implementation Details. We train AR-1-to-3 on the render
images from about 210K objects of the Objaverse dataset
for 150k steps with a total batch size of 32 on 8 NVIDIA
A100 (80G) GPUs. The learning rate is initialized as le-
5 and changes every 25k steps in a cycle, along with the

AdamW optimizer [34] and CosineAnnealingWarmRestarts
scheduler [33]. We randomly select a & from {1,2,3} to
build the autoregressive pattern, where the first 2k-1 views
form the conditional images and the following two views
make up the target views. We resize the size of the condi-
tional images to a value between 128 and 512 so that the
model is capable of adjusting to different input resolutions
and producing more clear images. Meanwhile, we resize
each target view to 320, thereby the size of the grid image
during the autoregressive process is 320x640. In addition,
we employ the linear noise schedule and v-prediction loss
in Zero123++ [45] rather than the alternatives in the Stable
Diffusion model [43]. During the inference stage, taking
the input image as initialization, our AR-1-to-3 generates
all target views in three steps, as shown in Fig. 6.

4.2. Qualitative Results

We perform qualitative experiments on novel view synthesis
and image-to-3d on a wide range of 3D objects. To high-
light the advantages of our AR-1-to-3 method in contex-
tual reasoning and zero-shot generalization, we adopt input
views with a certain degree of offset relative to the frontal
views of 3D samples. We also provide more visualization
results in the supplementary material.

Novel View Synthesis. Fig. 5 shows the synthesized views
of our AR-1-to-3 and recent popular methods in multi-view
generation, including Zero123-XL [30], SyncDreamer [31],
Zerol123++ [45], One-2-3-45 [29]. Note that Zero123-XL is
an enhanced Zero123 model pre-trained on the Objaverse-
XL dataset, and the open-source project of One-2-3-45 also
employs this Zero123 version to generate the 8 views for
its first stage. We utilize the elevation estimation imple-
ments of One-2-3-45 for the necessary elevation estima-
tion procedures in Zero123-XL and SyncDreamer. Among
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Figure 7. Visual comparisons between our AR-1-to-3 and recent cutting-edge methods on single-view image to 3D object generation. Note
that the 3D results of Unique3D, TripoSR, and One2345++ are obtained by sending the input views to their official demos on Huggingface.

these difficult-to-maintain consistency scenes, some meth-
ods produce multiple inconsistent novel views, as shown in
the bench results of Zerol123++ and the cartoon figure of
Zero123-XL. Some approaches may even be confused and
generate new views that differ significantly from the input
image, as shown in the bench predictions of SyncDreamer
and the four-wheeled beds of One-2-3-45. In contrast, our
AR-1-to-3 is able to capture texture details of 3D objects
and synthesize consistent multi-view images, which can be
attributed to the full utilization of contextual information.

Image-to-3D. Based on the synthesis of more consistent
multiple views, our AR-1-to-3 can further generates high-
quality 3D objects, as shown in Fig. 6. We also compare it
with five cutting edge image-to-3d approaches, i.e., Sync-
Dreamer [31], InstantMesh [65], One2345++ [28], Tri-
poSR [54], and Unique3D [62]. Note that the visual com-
parisons contain the pure geometries (left) and textured
renderings (right) for each mesh generated by these meth-
ods. As depicted in Fig. 7, our AR-1-to-3 can generate 3D
meshes with a consistent appearance and plausible geome-
try under limited input view information. Nevertheless, it
is a real struggle for the counterparts to achieve this. For
example, InstantMesh and One2345++ tend to generate an
additional storage cabinet for the desk. We speculate that
this is due to their excessive reliance on the symmetry prior
of diffusion models during the generative process of new
views, with less consideration for the contextual informa-
tion of the object itself. Although SyncDreamer does not

generate additional components, the desk it produces ex-
hibits significant geometric deformations. We find that the
reason stems from the inconsistency among the 16 views
generated by its diffusion model, which is employed to re-
construct the 3D object. Unlike these approaches, our AR-
1-to-3 effectively utilizes the contextual information of the
object itself from nearby to distant during the autoregressive
generation of all target views. As a result, our method can
achieve excellent performance in image-to-3D generation.

4.3. Quantitative Results

We conduct quantitative studies on the two out-of-domain
datasets, i.e., GSO and Omni3D, to evaluate the perfor-
mance of our AR-1-to-3 and other state-of-the-art meth-
ods fairly. Specifically, all candidate approaches are fed
the same input images to generate 3D assets. We render
20 views with 224 x224 resolution for each mesh to per-
form the 2D evaluation. As far as the 3D evaluation, we
uniformly sample 16K points from the mesh surfaces in an
aligned cube coordinate system of [-1,1]3. As shown in
Tab. 1, our AR-1-to-3 surpasses other cutting-edge meth-
ods across all metrics. These results further demonstrate
the superiority of our AR-1-to-3 in 3D asset creation.

4.4. Ablative Study

We conduct ablative experiments on the 300 objects ex-
cluded from training to examine the effectiveness of our key
designs in the proposed AR-1-to-3 framework.



Table 1. Quantitative comparisons of our AR-1-to-3 model with the cutting-edge image-to-3d methods, including three 2D visual quality
metrics and 3D geometric quality metrics. “1’: the higher the value, the better the performance, ‘|’: the lower the better.

GSO Dataset Omni3D Dataset
Methods
PSNR 1 SSIM 1 LPIPS | CD | F-Score 1 PSNR 1 SSIM 1 LPIPS | CD | F-Score 1
Michelangelo [72] 9.323 0.609 0.408 0.165 0.105 9.969 0.602 0.410 0.174 0.081
SyncDreamer [31] 10.82 0.652 0.332 0.108 0.125 9.485 0.585 0.436 0.196 0.067
LGM [50] 9.139 0.592 0.429 0.157 0.075 10.02 0.588 0.394 0.152 0.086
InstantMesh [65] 10.67 0.661 0.338 0.117 0.135 9.91 0.608 0.412 0.178 0.076
AR-1-to-3 (Ours) 13.18 0.709 0.232 0.063 0.258 10.25 0.629 0.388 0.148 0.097
Table 2. Ablative study on conditional components of AR-1-to-3. Input View Baseline Matmul Variant

Stacked-LE ~LSTM-GE PSNR{ LPIPS| SSIM %
14.83 0.201 0.815
v 17.59 0.174 0.833
v 17.91 0.170 0.836
v v 20.28 0.121 0.857

Table 3. Ablative study on sequence orders during the autoregres-
sive generation of AR-1-to-3.

Model PSNRT LPIPS| SSIM{  CLIP-Score 1
Reverse 20.19 0.124 0.851 0.882
Random 17.36 0.167 0.839 0.774
Normal (Ours) 20.28 0.121 0.857 0.887

Ablation on Image Conditioning Components. Starting
from the Zero123++ baseline, we first incorporate Stacked-
LE strategy, then LSTM-GE independently, and finally in-
tegrate both strategies. As shown in Tab. 2, they individ-
ually contribute to performance improvements, and their
combined integration produces a greater improvement com-
pared to the baseline method. These results demonstrate
both the effectiveness of the two image conditioning strate-
gies and the significant contribution of our next-view pre-
diction in advancing the accuracy of novel view synthesis.
Ablation on Different Sequence Orders. We define the
sequence order from near to far in terms of camera poses
relative to the input viewpoint as the normal order. We also
provide two variants of the sequence order, i.e., reverse or-
der and random order, to generate target views. To be spe-
cific, the reverse order refers to the view sequence whose
cameras move from far to near relative to the input view.
Meanwhile, the random order places the middle row of the
3 x 2 grid layout as the first position, followed by the re-
maining two rows. As shown in Tab. 3, our normal order
achieves the best performance, while the random sequence
performs the worst, demonstrating the effectiveness of mod-
eling the target views in a sequential manner. Note that the
reverse order achieves a similar performance to our normal
order. We believe the reason for this is that the reversed se-
quence under Zero123++ setting can be seen as the camera
moving from near to far in another circle direction, as the
camera moves in a circular motion around the 3D object.
Encoding Strategy of Global Feature Sequence. To high-
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Figure 8. Ablative studies on the global feature encoding strategy.

light the effectiveness of our LSTM-GE for global feature
encoding of view sequence, we design a matrix multiplica-
tion (‘matmul’) variant to encode these features. Specif-
ically, we stack these features into a matrix with shape
R(EF=1)xD Meanwhile, we repeat the trainable weights in
global condition (2k-1) times to obtain a matrix with shape
R77*(2k=1) " We multiply these two matrices to obtain a
new matrix with shape R7"*P which is utilized as the key
and value matrix for the cross-attention mechanism of the
denoising UNet. As depicted in Fig. 8, with the incorpo-
ration of extra contextual information, the ‘matmul’ variant
can generate more consistent and high-quality multi-view
images compared to the baseline method, i.e., Zero123++.
Nevertheless, this variant may lead to bias in the global
semantic understanding of 3D objects, such as the shapes
of the book sample. In contrast, our strategy can generate
multi-view images that are faithful to the shape and texture
of objects in the input views. These experiments indicate
the LSTM proposal can more effectively capture the high-
level semantic information of the 3D objects.

5. Conclusions

In this paper, we present AR-1-to-3, a next-view prediction
paradigm that starts from the input image and progressively
generates target views from near to far. At each step of the
autoregressive process, the previously generated views are
employed as contextual information to facilitate the gen-
eration of the current target views. The experimental re-
sults demonstrate that our method generates new view im-
ages and 3D objects that are more consistent with the input
images compared with the existing approaches generating
multi-view images discretely or simultaneously.
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