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Figure 1. EpiDiff is able to efficiently generate multi-view consistent and high-quality images from a single view input. Instead of limited
to fixed viewpoints, EpiDiff can generate relatively arbitrary multi-views. EpiDiff is lightweight and only takes 12 seconds to generate 16
multi-view images. The generated multiview images can be used to recover 3D shapes by neural reconstruction methods [17, 57].

Abstract

Generating multiview images from a single view facil-
itates the rapid generation of a 3D mesh conditioned on
a single image. Recent methods [31] that introduce 3D
global representation into diffusion models have shown the
potential to generate consistent multiviews, but they have
reduced generation speed and face challenges in maintain-
ing generalizability and quality. To address this issue, we
propose EpiDiff, a localized interactive multiview diffusion
model. At the core of the proposed approach is to insert
a lightweight epipolar attention block into the frozen diffu-
sion model, leveraging epipolar constraints to enable cross-
view interaction among feature maps of neighboring views.
The newly initialized 3D modeling module preserves the
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original feature distribution of the diffusion model, exhibit-
ing compatibility with a variety of base diffusion models.
Experiments show that EpiDiff generates 16 multiview im-
ages in just 12 seconds, and it surpasses previous methods
in quality evaluation metrics, including PSNR, SSIM and
LPIPS. Additionally, EpiDiff can generate a more diverse
distribution of views, improving the reconstruction quality
from generated multiviews. Please see the project page at
huanngzh.github.io/EpiDiff/.

1. Introduction

3D reconstruction from a single image has a wide range
of applications in augmented/virtual reality, robotic simu-
lation, and gaming. However, this task presents significant
challenges due to the complexity of accurately interpreting
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spatial structure and details from a 2D perspective observa-
tion. It requires extensive knowledge of the 3D world.

Recently, with the introduction of diffusion models [21,
45], the field of 3D generation has experienced rapid and
vigorous development. A series of research [1, 3, 6, 9,
14, 15, 19, 24, 25, 32, 34, 37–39, 59, 67, 70] attempts to
train 3D generative diffusion models from scratch on 3D
assets. However, due to the limited size of publicly avail-
able 3D datasets, these methods demonstrate poor general-
izability. Therefore, another group of works [7, 22, 35, 40–
42, 51, 52, 56, 61, 69] propose to distill prior knowledge of
2D diffusion models to create 3D models from text or im-
ages via Score Distillation Sampling (SDS) [40]. Although
these methods have achieved impressive results, they re-
quire expensive per-scene optimization that usually takes
tens of minutes or even hours.

More recently, several works [29, 31] have emerged that
finetune pretrained 2D image diffusion models [45] on 3D
datasets to generate novel view images, which can be uti-
lized for 3D shape and appearance recovery with recon-
struction methods [36, 57]. This feed-forward pipeline
not only retains generalization capacity of image diffusion
models, but also allows for faster synthesis of multiview im-
ages. Zero123 [29] proposes a view-conditioned diffusion
model by embedding view features and camera information.
However, the multiview consistency of generated images is
limited, preventing high-quality 3D shape reconstruction.
To improve the multiview consistency, SyncDreamer [31]
introduces a 3D feature volume constructed with global
multiview images into the Zero123 backbone. However,
the heavy global feature volume modeling not only slows
down the generation process but also easily overfits to spe-
cific viewpoints and tends to produce low-quality images
with distorted appearances and blurriness (see Fig. 4).

In this paper, we present EpiDiff, a novel localized in-
teractive multiview diffusion model. The key idea is to uti-
lize the feature maps of neighboring views that suffer fewer
occlusions for the generation of target view images, which
improves the generalization capability and efficiency. To
fuse the neighboring feature maps, during the generation of
N target views, we insert a lightweight epipolar attention
block into the UNet, which leverages epipolar constraints
to enable interaction among feature maps of F neighbor-
ing views within a smaller range. The 3D modeling mod-
ule preserves the original feature distribution of the diffu-
sion model, exhibiting compatibility with various base dif-
fusion models. Compared to global modeling methods, our
localized modeling approach not only speeds up the gen-
eration process, but also facilitating the generation of more
diversely distributed views, contributing to improved recon-
struction from generated multiviews.

We conduct extensive experiments on the Google
Scanned Object dataset [12] and various styles of 2D im-

ages. The experiments validate that, compared to baseline
methods, EpiDiff can generate higher quality multiview im-
ages more rapidly. The contributions of EpiDiff are summa-
rized as follows:
• EpiDiff employs a 3D modeling module into the frozen

diffusion model. The module preserves the original fea-
ture distribution of the diffusion model, exhibiting com-
patibility with various diffusion models.

• We propose an epipolar attention block to learn the inter-
correlations among neighboring views based on epipo-
lar geometry relationships. This localized interactive and
lightweight module models consistency effectively.

• Experiments show that EpiDiff generates 16 multiviews
in just 12 seconds, and it surpasses previous methods in
metrics including PSNR, SSIM, and LPIPS. Additionally,
it can generate more freely distributed views, improving
the reconstruction quality from generated multiviews.

2. Related work

3D diffusion models Recently, the field of 3D genera-
tion has witnessed rapid and significant advancements with
the introduction of diffusion models. Motivated by the im-
pressive generative performance of diffusion models trained
on extensive image datasets, several studies have explored
training 3D generative diffusion models from scratch on 3D
assets. These 3D diffusion models directly generate point
clouds [34, 38, 70], meshes [14, 32], and neural radiance
fields [1, 3, 6, 9, 15, 19, 24, 25, 37, 39, 59, 67] through
network inference. However, owing to the considerably
smaller size of publicly accessible 3D datasets compared
to image datasets, these methods exhibit limited general-
izability. They often generate shapes restricted to specific
categories and face challenges in adapting to more intricate
input conditions.

3D generation guided by 2D prior Given the robust
generative capabilities of 2D diffusion models [43, 45, 46],
some research efforts directly leverage pretrained image
diffusion models. With DreamFusion [40] and SJC [56]
proposing to distill a pretrained 2D text-to-image genera-
tion model for generating 3D shapes, a series of subsequent
studies [2, 7, 18, 27, 35, 41, 42, 51, 52, 61, 68, 69] adopt
such a pre-scene optimization pipeline. These methods op-
timize a 3D representation (e.g., NeRF, mesh, or SDF) con-
ditioned on text or images through Score Distillation Sam-
pling (SDS) [40]. However, the per-scene optimization ap-
proach has issues with efficiency. Generating a single scene
may take tens of minutes or even hours.

Using 2D diffusion for multiview synthesis 2D diffu-
sion models have introduced significant progress in gener-
ating multiview images from a single view. While some
approaches [4, 11, 13, 16, 53, 55, 62, 63, 66] integrate 3D
representations or utilize shared attention for multiview or
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texture synthesis, they lack design for 3D reconstruction.
Zero123 [29] introduces relative view condition to diffu-
sion models, enabling novel view synthesis (NVS) from a
single image. However, due to its limited consistency, it
utilizes SDS loss [40] to achieve 3D reconstruction. One-
2-3-45 [28] leverages a generalizable neural reconstruction
method [33] for producing 3D shapes from multiview im-
ages generated by Zero123 [29], yet the resultant quality
is suboptimal. More recently, SyncDreamer [31] has intro-
duced a 3D global feature volume during multiview gen-
eration to ensure consistency. However, the heavy global
3D representation modeling not only slows down the gen-
eration but also tends to produce low-quality images. In
contrast, our localized modeling method facilitates the gen-
eration of multiview-consistent and high-quality images.
Generalizable radiance field Since NeRF [36] achieved
advancements in fitting single scene for novel view synthe-
sis, numerous studies have explored generalizable neural ra-
diance field representation for various scenes. These meth-
ods take a few input view images and generate a 3D implicit
field in a single feed-forward pass, eliminating the need for
per-scene optimization. Among the methods, some explic-
itly construct the 3D feature or cost volume [5, 23, 33, 72]
and utilize the voxel feature for decoding density and color,
inspiring SyncDreamer[31] to model 3D global represen-
tation, while others [8, 20, 26, 30, 44, 47, 48, 50, 54, 58,
64, 65] directly aggregate 2D features using MLPs or trans-
formers, guided by spatial projection relationships. These
methods, either explicitly or implicitly modeling general-
ized scenes, provide valuable insights for consistency mod-
eling in the feed-forward multiview generation process.

3. Method
Given an input view y of an object, our goal is to generate
multiview images of the object. Let R ∈ R3×3 and T ∈ R3

represent the rotation and translation of the camera relative
to the input view for the target viewpoints, respectively. We
denote the target viewpoints for the N views as [R, T ]1:N .
Therefore, the aim is to learn a model f that accepts the in-
put view and synthesizes multiview images under specified
camera transformations:

x̂1:N = f(y, [R, T ]1:N ) (1)

where x̂1:N is denoted as the generated multiview images.
To enhance the consistency, quality and efficiency of the

multiview generation, we introduce a localized interactive
multiview diffusion scheme based on the novel view syn-
thesis base model. We design a lightweight attention block
in the original feature space of the diffusion model, with
the aim of establishing nearby view associations to model
3D representation. As illustrated in Fig. 2, the proposed
approach involves an interaction process among the inter-
mediate features of multiview images (refer to Sec. 3.1),

thereby extending single-view synthesis to multiview syn-
thesis. Specifically, we design a 3D modeling module,
named Epipolar-constrained Attention Block (ECA Block)
based on the attention mechanism and insert it into the base
diffusion model (refer to Sec. 3.2). The ECA Block facili-
tates information exchange among latent features of neigh-
boring views, leveraging epipolar constraints in stereo vi-
sion to enhance consistency and quality in multiview im-
ages. The ECA Block, with its lightweight and adaptable
characteristics, is suitable for various base models.

3.1. Multiview diffusion model

Base diffusion model The proposed multiview diffusion
model is rooted in image diffusion models, typically con-
structed on the Latent Diffusion Models (LDM) [45]. The
LDM operates the denoising process in the latent space of
an autoencoder, namely E(·) and D(·). During the training
phase, an input image x0 is initially mapped to the latent
space using a frozen encoder, yielding z0 = E(x0), then
perturbed by a pre-defined Markov process:

q(zt|zt−1) = N (zt;
√

1− βtzt−1, βtI) (2)

for t = 1, · · · , T , with T represents the number of steps
in the forward diffusion process. The sequence of hyperpa-
rameters βt determines the noise strength at each step. The
denoising UNet ϵθ, featuring four downsample blocks, one
middle block and four upsample blocks to attain four reso-
lution levels, is trained to approximate the reverse process
q(zt−1|zt). The vanilla training objective is expressed as:

L = EE(x0),ϵ∼N (0,I),t[∥ϵ− ϵθ(zt, t)∥22] (3)

Zero123 [29], a base model for novel view synthesis
(NVS), employs an input view y and camera parameters
[R, T ] as conditions to extend from image to 3D domain.
This model, built on a pretrained image diffusion model
and augmented with camera control, aims to optimize the
following objective:

L = EE(x0),ϵ∼N (0,I),t[∥ϵ− ϵθ(zt, t, c(y,R, T ))∥22] (4)

where c(x,R, T ) is the embedding of the input view and
relative camera extrinsics.
Interactive multiview diffusion Drawing upon the foun-
dational image or NVS diffusion models, our multiview dif-
fusion model promotes spatial interaction among images at
the latent feature level. It incorporates 3D geometric signif-
icance during the step-by-step denoising process, thus gen-
erating 3D-consistent multiview images.

Given a dataset of multiview images and their associated
camera extrinsics {(x1:N , [R, T ]1:N )}, we finetune a foun-
dational diffusion model to learn 3D consistency. x1 is se-
lected as the input view image y in the training stage. Multi-
view images x1:N are mapped to latent codes z1:N0 through
the VAE encoder E .
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Figure 2. Pipeline of EpiDiff. Based on a base NVS model (e.g., Zero123 [29]), our method designs a module for modeling 3D consistency,
which is inserted into the mid-sample and up-sample stages of the UNet. We use attention networks to construct the module, aimed at
learning generalized epipolar geometry, termed Epipolar-constrained Attention Block (ECA Block). During training, only parameters of
the ECA Block are updated, thereby preserving the feature space of the base model and encouraging the module to extract 3D priors.

We introduce a generalized 3D consistency module into
the UNet of the base model. This module, inserted into the
middle and each upsample block of the UNet, allows mul-
tiview image feature maps to interact in 3D space, creating
consistent interconnections. The integration of the module
transforms the generation of multiple images from indepen-
dent processes into a synchronous interactive process. The
final denoising network ϵθ is trained on a dataset comprising
multiview images and camera extrinsics. The optimization
objective is defined as:

L = EE(x1:N
0 ),ϵ∼N (0,I),t[∥ϵ− ϵθ(z

1:N
t , t, y, [R, T ]1:N )∥22]

(5)
By freezing the base model and exclusively training the

3D modeling module, we maintain the original generative
capabilities of the base model. This add-on module, mod-
eling multiview associations, enhances the base diffusion
models’ ability to generate multiview-consistent images.
Our design of the multiview diffusion framework is adapt-
able to various base diffusion models.

3.2. Epipolar-constrained attention

We introduce a module that uses a series of attention net-
works for cross-view interaction, in accordance with the
principles of 3D projection. This module facilitates the
learning of a generalizable epipolar geometry, which we
refer to as the Epipolar-constrained Attention Block (ECA
Block). The ECA Block identifies correlations between la-
tent features of the current view and corresponding features
along the epipolar line in other views.

As illustrated in Fig. 3, the ECA Block comprises two
primary attention blocks, supplemented with linear layers:

(i) the Near-Views Cross-Attention module, tasked with ag-
gregating epipolar line features from neighboring views for
current view ray features, and (ii) the Ray Self-Attention
module, designed to model the depth weights of the sam-
pled rays, fuse spatial points into pixel features.
Near-Views Cross-Attention Given a target view, our
method relies on the features of the F closest views among
the total N views to produce the output feature map. We
start by emitting rays from patches on the target view, and
sample S points uniformly along each ray. We then project
them onto F − 1 neighboring views. For each point s,
we get the feature vs by positional encoding and projected
feature {fs

i | 1 ≤ i ≤ F − 1} on reference views.
We enable cross-view interaction by a cross-attention layer.
Specifically, using point feature vs as query, we implement
Attention(Q,K, V ) = Softmax(QKT

√
d
) · V with

Q = WQvs,K = WK [fs
1 , ··, fs

F−1], V = WV [fs
1 , ··, fs

F−1],
(6)

where [·] denotes concatenation operation, and WQ, WK ,
WV are learnable matrices that project the inputs to query,
key, and value, respectively.

During the synthesis of the target view feature map, fea-
tures from nearby views with a 3D geometric relationship to
the target view are integrated, as described in Eq. (6). This
approach effectively captures inter-view feature correla-
tions, thereby enhancing multiview consistency efficiently.
Ray Self-Attention To model spatial points’ contribu-
tions to pixel-level features, the ray aggregation module is
implemented using self-attention. Upon acquiring the fea-
ture of each sampled point ṽs(1 ≤ s ≤ S), we apply self-

9787



...

…

N frames

		𝑊!

		𝑊"

		𝑊#

…

…

…

	𝑉

	𝐾

	𝑄

	𝑆𝑜𝑓𝑡𝑚𝑎𝑥
𝑄𝐾!

𝑑
- 𝑉

F nearest views

		𝑊!

		𝑊"

		𝑊# …

	𝑉

	𝐾

	𝑆𝑜𝑓𝑡𝑚𝑎𝑥
𝑄𝐾!

𝑑
- 𝑉

…

…

…

…

…

…

	𝑄

Positional Encoding

Figure 3. Illustration of our Epipolar-constrained Attention
Block (ECA Block). Latent features of multiview images are as-
sociated in 3D space through two key attention blocks. The Near-
Views Cross-Attn initially aggregates features from nearby views
onto the target view’s ray points, guided by epipolar geometry.
Subsequently, Ray Self-Attn models depth information to fuse ray
features into 2D feature maps. The ECA Block facilitates multi-
view interaction by effectively harnessing spatial geometry.

attention along the ray with dimension of S, deriving all of
query, key and value features from [ṽ1, · · · , ṽS ]. This step
is crucial for revealing depth relationships among sampled
points along rays and capturing their spatial correlations.
Finally, we perform a weighted summation to fuse 3D fea-
tures into 2D feature of target patch f̃ .

Our method aligns features precisely within four resolu-
tion levels of the UNet latent space by leveraging epipolar
projection, which preserves the feature integrity of the base
model. The subdivision of the 3D attention process into two
modules further allows for efficient multiview consistency
modeling.

Positional Encoding To enhance the module’s under-
standing of perspective relationships, we have adopted a
positional encoding technique inspired by Light Field Net-
works (LFN) [49]. This approach is distinct in that each
pixel is associated with a ray, utilizing Plücker coordinates
for representation, denoted as r = (o × d, d), where o sig-
nifies the ray’s origin, and d its direction. Unlike traditional
position encoding methods where all pixels of an image
share the same positional encoding, the LFN [49] method
employs MVP transformation to back-project each pixel of
the image into the world coordinate system, precisely locat-
ing the corresponding ray for each pixel. It introduces strict
geometric constraints and sufficiently incorporates camera
parameters, effectively applying encoding at the pixel level.
By integrating these encoded coordinates obtained by LFN
with latent feature maps via a harmonic transformation, our

method significantly enriches the spatial information within
the feature representation.

Furthermore, to address the potential biases caused by
using absolute positions, we also adopt the strategy from
GPNR [50], establishing a ray-relative positioning system
through its corresponding camera extrinsics [R, T ]. We
construct canonicalizing transformation T using the Y-axis
of R (y) and the ray direction (v) as the Z-axis. Let v′ = v

∥v∥
and y′ = y − (y · v′)v′ , the transformation T is formed as:

Rc =

[
y′

∥y′∥
× v′

y′

∥y′∥
v′
]

(7)

T =
[
R⊤

c | −R⊤
c T

]
(8)

By applying T to each ray, we adjust them to originate from
(0, 0, 0) and align along the direction (0, 0, 1). Finally, we
transform the rays from all neighboring viewpoints into the
relative coordinate system. It ensures that the rays are con-
sistently represented relative to a common reference, miti-
gating biases from absolute positioning.

4. Experiments
4.1. Experiment settings

Dataset Our model is trained on the LVIS subset of the
Objaverse [10], comprising over 40,000 3D models. For
each object, we setup a camera layout to uniformly sample
96 views with a size of 256×256. The layout comprises six
concentric circles, each as a layer, with elevation angles set
at {−10◦, 0◦, 10◦, 20◦, 30◦, 40◦}. Each circle contains 16
cameras spaced evenly from 0◦ to 360◦ in azimuth angle.
During training, 16 views from each model are randomly
sampled.

We evaluate EpiDiff using the Google Scanned Object
dataset [12], which consists of over one thousand scanned
models. To assess multiview synthesis, we employ two ren-
dering settings. Firstly, aligning with SyncDreamer’s train-
ing setting [31], we fix elevation at 30◦ and sample 16 cam-
eras with azimuths evenly spread from 0◦ to 360◦. Sec-
ondly, we render 16 views with azimuths also uniformly
distributed in [0◦, 360◦], but with varying elevations from
−10◦ to 40◦. This tests the model’s ability to generate mul-
tiview images across a wider range of viewpoints.
Implementation details We use Zero123 [29] as our
backbone. EpiDiff is trained for 30,000 steps (around 2
days) using 8 80G A800 GPUs, with a learning rate of 1e-5
and a total batch size of 512. In each iteration, we generate
16 multiview images, i.e., N = 16. Within the ECA Block,
the number of sampled rays is aligned with the resolution of
feature maps and the number of sampled points per ray S is
set to 16. For the Near-Views Cross Attention module, the
number of nearby views F , is set to 4. For reconstruction,
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Method PSNR↑ SSIM↑ LPIPS↓ Runtime↓

Zero123 [29] 17.79 0.796 0.201 7s
SyncDreamer [31] 20.11 0.829 0.159 60s
Ours 20.49 0.855 0.128 12s

Table 1. Quantitative comparison in multiview synthesis under
elevation 30◦ setting. We report PSNR, SSIM [60], LPIPS [71],
Runtime on the GSO [12] dataset.

the foreground masks of the generated images are initially
predicted using CarveKit. Then, we use the instant-NGP
based SDF reconstruction method [17] to reconstruct the
shape. Each object undergoes training for 3k steps, which
costs about 2 minutes.
Baselines We adopt Zero123 [29], One-2-3-45 [28],
Point-E [38], Shap-E [24], SyncDreamer [31] as baseline
methods. We adopt the official implementation of Zero123
XL[29]. One-2-3-45 [28] uses Zero123 to synthesize mul-
tiview images and regresses SDFs from them. Point-E [38]
and Shap-E [24] are 3D generative models trained on a
large internal OpenAI 3D dataset. We adopt the best re-
leased version of Point-E, base1B, which is a 1 billion pa-
rameter image to point cloud diffusion model. We use it
to generate point clouds, then convert the generated point
clouds to SDFs using the official models. For Shap-E [24],
We use its STF rendering mode to predict SDF values and
texture colors, enabling direct generation of colored vertex
meshes. SyncDreamer [31] builds a multiview shared 3D
feature volume based on Zero123, aiming to generate mul-
tiview consistent images from a single input image. We uti-
lize the official source code in our elevaluation.
Metrics We primarily focus on two tasks: multiview syn-
thesis and single-view 3D reconstruction. For multiview
synthesis, we employ the commonly used evaluation met-
rics, i.e., PSNR, SSIM [60], and LPIPS [71] to assess our
method’s performance. In single-view 3D reconstruction
task, we measure the quality of reconstructed shapes using
Chamfer Distance and Volumetric Intersection over Union
(Volume IoU) compared to the ground truth. For comparing
reconstruction performance between Zero123 [29], Sync-
Dreamer [31], and our method EpiDiff, we use multiview
images generated under the fixed elevation 30◦ setting.

4.2. Consistent multiview synthesis

For this task, we use two viewpoint sampling settings. Un-
der the setting with a fixed elevation of 30◦, the quantitative
results are shown in Tab. 1 and the qualitative results are
shown in Fig. 4. Zero123 [29] generates visually plausible
images, but the generated images are inconsistent. Sync-
Dreamer [31] generates more consistent multiview images,
but the image quality is relatively poor, exhibiting blurry
and unrealistic appearances. Our method efficiently gener-

Method PSNR↑ SSIM↑ LPIPS↓ Runtime↓

Zero123 [29] 15.91 0.772 0.231 7s
SyncDreamer [31] 15.90 0.773 0.246 60s
Ours 18.83 0.821 0.163 12s

Table 2. Quantitative comparison in multiview synthesis un-
der uniform elevation setting. We report PSNR, SSIM [60],
LPIPS [71], Runtime on the GSO [12] dataset.

Method Chamfer Dist.↓ Volume IoU↑

One-2-3-45 [28] 0.0768 0.2936
Point-E [38] 0.0570 0.2027
Shap-E [24] 0.0689 0.2473
Zero123 [29] 0.0543 0.3358
SyncDreamer [31] 0.0496 0.4149
Ours 0.0429 0.4518

Table 3. Quantitative comparison of surface reconstruction. We
report Chamfer Distance and Volume IoU on the GSO dataset [12].

ates multiview images that not only maintain semantic con-
sistency with the input image, but also demonstrate higher
performance in terms of structure and realism.

Under the uniform elevation setting, the quantitative re-
sults are shown in Tab. 2, and the qualitative results are
shown in Fig. 5. The uniform view setting offers a more
flexible viewpoint distribution. SyncDreamer [31] lacks
precise cross-view geometric constraints, leading to over-
fitting training viewpoints and a bias towards top-down per-
spectives in multiview generation, as shown in Fig. 5. Our
method can still generate relatively realistic and multiview-
consistent images, benefiting from (a) the introduction of
localized epipolar geometric constraints along with effec-
tive camera position encoding, and (b) the random view-
point sampling training method. Meanwhile, for the same
input image, Our method can generate different plausible
instances using different random seeds as shown in Fig. 6.

4.3. Single view reconstruction

We present the quantitative results in Tab. 3 and the qualita-
tive results in Fig. 7. One-2-3-45 [28] generates smooth
meshes using a generalizable neural reconstruction ap-
proach [33], but lacks detail. Point-E [38] and Shap-E [24]
tend to generate incomplete shapes and exhibit differences
from the objects shown in the input images. Zero123 [29],
due to its poor multiview consistency, results in missing or
rough geometry in the reconstruction. SyncDreamer [31]
generates a roughly consistent geometric framework but
struggles to handle details. In comparison, our method
achieves the best reconstruction quality in terms of smooth
surfaces and detailed geometric structures.

We also observe, as shown in Fig. 8, that reconstruct-
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Input View Zero123 SyncDreamer Ours

Figure 4. Qualitative comparison with Zero123 [29] and SyncDreamer [31] under the elevation 30◦ setting.

Input View Zero123 SyncDreamer Ours

Figure 5. Qualitative comparison with Zero123 [29] and SyncDreamer [31] under the uniform elevation setting. We present the generated
results of each method when the elevation is −10◦, 10◦ and 30◦.

PSNR↑ SSIM↑ LPIPS↓ Runtime↓

N = 16, F = 4 20.49 0.855 0.128 12s
N = 16, F = 8 20.27 0.847 0.135 18s
N = 16, F = 16 20.32 0.833 0.152 30s

w/o light field PE 19.83 0.845 0.139 –
w/o ray-relative PE 20.01 0.841 0.141 –

Table 4. Ablation study under the elevation 30◦ setting. We re-
port PSNR, SSIM [60], LPIPS [71] and Runtime for each ablation.
Results show that our nearby views aggregation and the positional
encoding lead to superior generalization performance.

ing using 16 generated views with a fixed elevation leads to
unrealistic shapes at the bottom of objects, which can be at-
tributed to the unseen area underneath. Conversely, employ-
ing a flexible viewpoint distribution with a wider coverage
angle enhances the quality of reconstruction.

4.4. Ablation study

To assess the effectiveness of our design for ECA Block
(Sec. 3.2), we conducted ablation experiments on multiview

synthesis at elevation 30◦ setting (Tab. 4). We investigated
the impact of the number of neighboring views used for ag-
gregating features in Near-Views Cross Attention module,
setting F to {4, 8, 16}, where F = 16 indicates the use of
all perspective features aggregated to the target view. Re-
sults show that increasing F consumes more time and re-
duces the quality of the generated multiview structure and
appearance. Additionally, we examined the positional en-
coding (PE) strategies and found that removing either the
light field PE or the ray-relative PE leads to a decrease in
the consistency and quality of the generated images.

5. Limitations and Conclusion

Limitations and future works The proposed EpiDiff
still has the following limitations. Firstly, EpiDiff’s efficacy
in generating multiview images from arbitrary viewpoints is
less pronounced compared to closer views. This is primarily
due to the instability of the base NVS model when gener-
ating novel views significantly distant from the input view.
We anticipate the emergence of more robust base models
and enhanced stability in multiview synthesis upon integra-
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Input View Generated Instance A Generated Instance B

Figure 6. Different plausible instances generated by EpiDiff from the same input image.

Input View One-2-3-45 Point-E Shap-E Zero123 SyncDreamer Ours

Figure 7. Qualitative comparison of surface reconstruction from single image. For Zero123 [29], SyncDreamer [31] and EpiDiff, we use
multiview images generated under elevation 30◦ setting.

Input Image Fix elevation 30° Uniform elevations

Figure 8. The common failure mode when reconstructing using
multiviews at a fixed elevation of 30◦. When the bottom of the ob-
ject is round-shaped, the reconstructed bottom appears protruded
because the camera’s visible frustum can not cover the bottom.
Using a uniform distribution of elevations can solve it.

tion with EpiDiff. Secondly, the process of generating a
3D model from a single image is divided into two separate
steps: multiview synthesis and 3D reconstruction. Notably,

the acquisition of 3D knowledge is an integral component of
both these stages. Therefore, a unified pipeline, trained on
extensive 2D image datasets and 3D datasets, would offer a
marked improvement in efficiency and generalizability.

Conclusion In this paper, we present EpiDiff, a localized
interactive multiview diffusion model designed for gener-
ating multiview-consistent and high-quality images from a
single-view image. With the Zero123 [29] as the backbone,
EpiDiff adopts a lightweight epipolar attention block in the
UNet, which utilizes epipolar contraints to enable cross-
view interaction among feature maps of neighboring views.
This module models 3D consistency whinin the original
feature space of the diffusion model, exhitbiting adaptabil-
ity to various base diffusion models. Extensive experiments
demonstrate that EpiDiff not only efficiently generates con-
sistent multiview images, but is also capable of generating
more freely distributed views, help to better reconstruction
from generated multiviews.
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[26] Jonáš Kulhánek, Erik Derner, Torsten Sattler, and Robert
Babuška. Viewformer: Nerf-free neural rendering from few
images using transformers. In European Conference on
Computer Vision, pages 198–216. Springer, 2022. 3

[27] Chen-Hsuan Lin, Jun Gao, Luming Tang, Towaki Takikawa,
Xiaohui Zeng, Xun Huang, Karsten Kreis, Sanja Fidler,
Ming-Yu Liu, and Tsung-Yi Lin. Magic3d: High-resolution
text-to-3d content creation. In IEEE Conference on Com-
puter Vision and Pattern Recognition (CVPR), 2023. 2

[28] Minghua Liu, Chao Xu, Haian Jin, Linghao Chen,
Mukund Varma T, Zexiang Xu, and Hao Su. One-2-3-45:
Any single image to 3d mesh in 45 seconds without per-
shape optimization, 2023. 3, 6

[29] Ruoshi Liu, Rundi Wu, Basile Van Hoorick, Pavel Tok-
makov, Sergey Zakharov, and Carl Vondrick. Zero-1-to-3:
Zero-shot one image to 3d object, 2023. 2, 3, 4, 5, 6, 7, 8

[30] Yuan Liu, Sida Peng, Lingjie Liu, Qianqian Wang, Peng
Wang, Christian Theobalt, Xiaowei Zhou, and Wenping
Wang. Neural rays for occlusion-aware image-based render-
ing. arxiv cs. CV, 2107:1, 2021. 3

[31] Yuan Liu, Cheng Lin, Zijiao Zeng, Xiaoxiao Long, Lingjie
Liu, Taku Komura, and Wenping Wang. Syncdreamer:
Learning to generate multiview-consistent images from a
single-view image. arXiv preprint arXiv:2309.03453, 2023.
1, 2, 3, 5, 6, 7, 8

[32] Zhen Liu, Yao Feng, Michael J Black, Derek
Nowrouzezahrai, Liam Paull, and Weiyang Liu. Meshdif-
fusion: Score-based generative 3d mesh modeling. arXiv
preprint arXiv:2303.08133, 2023. 2

[33] Xiaoxiao Long, Cheng Lin, Peng Wang, Taku Komura, and
Wenping Wang. Sparseneus: Fast generalizable neural sur-
face reconstruction from sparse views. In European Confer-
ence on Computer Vision, pages 210–227. Springer, 2022. 3,
6

[34] Shitong Luo and Wei Hu. Diffusion probabilistic models for
3d point cloud generation. In 2021 IEEE/CVF Conference
on Computer Vision and Pattern Recognition (CVPR), 2021.
2

[35] Luke Melas-Kyriazi, Iro Laina, Christian Rupprecht, and
Andrea Vedaldi. Realfusion: 360deg reconstruction of any
object from a single image. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition,
pages 8446–8455, 2023. 2

[36] Ben Mildenhall, Pratul P. Srinivasan, Matthew Tancik,
Jonathan T. Barron, Ravi Ramamoorthi, and Ren Ng. Nerf:
Representing scenes as neural radiance fields for view syn-
thesis. In ECCV, 2020. 2, 3

[37] Norman Müller, Yawar Siddiqui, Lorenzo Porzi,
Samuel Rota Bulo, Peter Kontschieder, and Matthias
Nießner. Diffrf: Rendering-guided 3d radiance field
diffusion. In Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition, pages
4328–4338, 2023. 2

[38] Alex Nichol, Heewoo Jun, Prafulla Dhariwal, Pamela
Mishkin, and Mark Chen. Point-e: A system for generat-

ing 3d point clouds from complex prompts. arXiv preprint
arXiv:2212.08751, 2022. 2, 6

[39] Evangelos Ntavelis, Aliaksandr Siarohin, Kyle Olszewski,
Chaoyang Wang, Luc Van Gool, and Sergey Tulyakov.
Autodecoding latent 3d diffusion models. arXiv preprint
arXiv:2307.05445, 2023. 2

[40] Ben Poole, Ajay Jain, Jonathan T. Barron, and Ben Milden-
hall. Dreamfusion: Text-to-3d using 2d diffusion. arXiv,
2022. 2, 3

[41] Guocheng Qian, Jinjie Mai, Abdullah Hamdi, Jian Ren,
Aliaksandr Siarohin, Bing Li, Hsin-Ying Lee, Ivan Sko-
rokhodov, Peter Wonka, Sergey Tulyakov, and Bernard
Ghanem. Magic123: One image to high-quality 3d object
generation using both 2d and 3d diffusion priors. arXiv
preprint arXiv:2306.17843, 2023. 2

[42] Amit Raj, Srinivas Kaza, Ben Poole, Michael Niemeyer,
Nataniel Ruiz, Ben Mildenhall, Shiran Zada, Kfir Aber-
man, Michael Rubinstein, Jonathan Barron, et al. Dream-
booth3d: Subject-driven text-to-3d generation. arXiv
preprint arXiv:2303.13508, 2023. 2

[43] Aditya Ramesh, Prafulla Dhariwal, Alex Nichol, Casey Chu,
and Mark Chen. Hierarchical text-conditional image gen-
eration with clip latents. arXiv preprint arXiv:2204.06125,
2022. 2

[44] Jeremy Reizenstein, Roman Shapovalov, Philipp Henzler,
Luca Sbordone, Patrick Labatut, and David Novotny. Com-
mon objects in 3d: Large-scale learning and evaluation of
real-life 3d category reconstruction. In Proceedings of the
IEEE/CVF International Conference on Computer Vision,
pages 10901–10911, 2021. 3

[45] Robin Rombach, Andreas Blattmann, Dominik Lorenz,
Patrick Esser, and Björn Ommer. High-resolution image syn-
thesis with latent diffusion models, 2021. 2, 3

[46] Chitwan Saharia, William Chan, Saurabh Saxena, Lala
Li, Jay Whang, Emily L Denton, Kamyar Ghasemipour,
Raphael Gontijo Lopes, Burcu Karagol Ayan, Tim Salimans,
et al. Photorealistic text-to-image diffusion models with deep
language understanding. Advances in Neural Information
Processing Systems, 35:36479–36494, 2022. 2

[47] Mehdi SM Sajjadi, Daniel Duckworth, Aravindh Mahen-
dran, Sjoerd van Steenkiste, Filip Pavetic, Mario Lucic,
Leonidas J Guibas, Klaus Greff, and Thomas Kipf. Object
scene representation transformer. Advances in Neural Infor-
mation Processing Systems, 35:9512–9524, 2022. 3

[48] Mehdi SM Sajjadi, Henning Meyer, Etienne Pot, Urs
Bergmann, Klaus Greff, Noha Radwan, Suhani Vora, Mario
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