CTR3D: Cross-View Token Reduction for Dense Multi-View Generation
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Figure 1. We propose CTR3D for dense multi-view generation from single-view images. Given a single view input image, our method
can generate 12 views with normal maps in a resolution of 512 x 512. The generated multi-view images and normals can be directly

reconstructed into 3D models.
Abstract

Recent multi-view diffusion (MVD) methods have uti-
lized the generative capabilities of 2D image diffusion mod-
els to produce multi-view images from a single-view input.
However, existing approaches often depend on dense cross-
view attention layers, which hinder scalability and fidelity
due to their high computational costs. In this paper, we
propose CTR3D, a novel method that incorporates token
reduction in multi-view attention layers to efficiently gen-
erate dense, high-resolution multi-view images without re-
stricting the camera viewpoints of the generated views. Our
approach is designed into three key steps: redundancy re-
moval, attention interaction, and token recovery. These
steps leverage lightweight, projection-based techniques for
multi-view token reduction and recovery, significantly im-
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proving the computational efficiency of MVD. By reduc-
ing the number of tokens in attention layers while preserv-
ing multi-view consistency, our model achieves state-of-
the-art performance in novel view synthesis and 3D recon-
struction while keeping efficiency for generation of dense
high-resolution images and normals. Experimental re-
sults demonstrate that our method surpasses existing ap-
proaches, providing a more efficient and effective solution
Sfor multi-view generation. https://github.com/
HKUST-SAIL/CTR3D

1. Introduction

3D Reconstruction from single-view images is an impor-
tant task in computer vision and graphics, as it has potential
applications in game design, virtual reality, and robotics.
This task is ill-posed and presents significant challenges be-
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cause it requires extensive knowledge of the 3D world to
imagine or generate the 3D structure and texture of the in-
visible parts. Recent research [39, 42, 51, 52] has proposed
fine-tuning 2D image diffusion models into multi-view dif-
fusion models (MVD) to explicitly generate multi-view im-
ages, which are then used for 3D reconstruction through
neural reconstruction methods or large reconstruction mod-
els (LRM) [15, 60]. This explicit generation of multi-view
images is more controllable, efficient, and stable than the
distillation-based method [44, 61], making it more popular
for single-view 3D reconstruction tasks.

The effectiveness of MVD strongly relies on dense cross-
view attention layers to maintain multi-view consistency by
exchanging information across different views. However,
the attention layers have quadratic computation and mem-
ory complexity with the number of tokens while cross-view
dense attention layers apply every pixel from all views as
tokens in the attention. As the number of views and the res-
olution increase, the computational cost and memory con-
sumption of this dense cross-view attention become a bot-
tleneck, limiting all existing methods to generate only lim-
ited images with low resolutions. This severely harms the
detailed quality of single-view 3D reconstruction results.

To address this issue, the recent Era3D [27] introduced
row-wise attention, which sets all target views as horizon-
tal views, allowing each pixel only to correlate pixels in
the same row from other views and thereby limiting the at-
tention computation to pixels within the same row. In this
context, Era3D can generate high-resolution multi-view im-
ages and achieve high-fidelity 3D generation results. How-
ever, adopting such row-wise attention layers severely re-
stricts the generated camera views to be located solely on
the horizontal plane, which significantly reduces the flexi-
bility in capturing diverse perspectives and ultimately harms
the completeness of the generated 3D models, as essential
parts of the object that are not visible from horizontal view-
points remain missing or inadequately represented.

In this paper, we present a novel method for efficient
multi-view diffusion to generate high-resolution images
from more views without additional constraints on the cam-
era viewpoints as shown in Fig. 1. Our method is based on
our observation that there is a lot of redundancy among dif-
ferent views, for example, the same regions often show very
similar patterns from nearby viewpoints, resulting in similar
features in the denoising neural network. However, in the
multi-view attention layer, previous methods treat all fea-
tures equally as tokens in the attention computation, which
actually wastes a huge amount of computation in processing
repetitive similar features. This redundancy phenomenon
becomes even more severe with the increase of the view
number and resolution. This observation motivates us to
adopt token reduction to merge similar features in the cross-
view attention layers, which could decrease the computa-

tional complexity of multi-view diffusion, thereby enabling
the generation of a large number of high-resolution multi-
view images in one diffusion process.

However, designing such a token reduction mechanism
in Multi-view Diffusion is non-trivial with two challenges.
First, unlike most existing token reduction methods [3, 11,
46, 70] that only reduce the tokens for subsequent tasks and
do not recover them, MVD needs to retrieve all the tokens to
generate all pixels of all target views. How to design such a
token recovery scheme for multi-view generation is still un-
explored. Second, the token reduction should be trainable
without imposing too much computation overhead. Many
existing methods [2, 31] simply merge tokens according to
feature similarity in a post-processing manner, which re-
quires exhaustively and inefficiently computing similarity
between all tokens. In MVD, we need to train the token re-
duction and recovery modules along with the diffusion pro-
cess instead of using a post-process for token reduction.

In this paper, we propose a simple and effective multi-
view token reduction approach. Specifically, as shown in
Fig. 2, our cross-view token reduced attention consists of
three steps: 1) Multi-view redundancy removal to reduce
redundant tokens; 2) Attention to exchange information
among different views for consistency; 3) Token recovery
to recover all tokens. In the redundancy reduction, given N
tokens with a size of IV x F', we utilize the instance normal-
ization layers and MLP layers to compute a weight matrix
of size K x N (K < N). Then, we compute the product be-
tween the weight matrix and the input tokens to get reduced
tokens of a size K x F'. The instance normalization layers
normalize all the tokens into a standard normal distribution
with similar tokens distributing around 0 and thus enable us
to find the redundancy in the tokens when computing the
weight matrix. Then, the cross-view attention is conducted
on the reduced tokens, which are further recovered back to
the size of input tokens by multiplying the transposed and
re-normalized weight matrix. By using our proposed token
reduction mechanism, CTR3D enables the generation of 12
RGB images and normal maps at a resolution of 512 simul-
taneously in a single diffusion step with 0.35 seconds and
14.6G memory while previous methods are typically lim-
ited to only 4 to 6 views.

To validate the effectiveness of our token reduction de-
sign in the multiview diffusion model, we conduct extensive
experiments on the single-view 3D generation task. The re-
sults demonstrate that by generating dense multiview im-
ages with a high resolution, our method achieves superior
3D generation quality than baseline methods on the GSO
benchmark. Though generating 12 views with a 512 resolu-
tion, our method still has similar computation efficiency as
baseline methods.
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Figure 2. Ilustration of the overall pipeline of CTR3D. We propose our Cross-view Token Reduced Attention (CTRA) to achieve efficient
multi-view generation. CTRA consists of three main steps: multi-view token reduction for redundancy removal, consistency checking by
attention, and multi-view token recovery. We apply CTRA to each layer of the U-Net in Multi-view Diffusion (MVD), enabling dense,
high-resolution, and consistent multi-view generation. Finally, we use the generated images and normals to reconstruct the 3D model.

2. Related Work

Different from previous image-to-3D generation meth-
ods [6, 13, 28, 30, 33, 34, 37, 40, 44, 54, 61, 69] based on
Score Distillation Sampling (SDS) or 3D generation meth-
ods [17, 18, 29, 6264, 66, 68, 71] based on native 3D dif-
fusion, our method focuses on multi-view generation by in-
troducing the token reduction strategy into the 2D stable
diffusion model [48]. Therefore, in this section, we start by
reviewing the methods based on the multi-view diffusion
model and illustrating the noticeable difference between
these approaches and our method. Then, we introduce the
advanced works in terms of token reduction to demonstrate
our practical and creative application in consistent dense
multi-view image synthesis.

2.1. Multi-view Diffusion Model

Based on Stable Diffusion [47], the pioneering work MV-
Dream [52] proposed to distribute a text-to-image diffusion
model to support novel view synthesis. There are two chal-
lenges in the multi-view diffusion model: one is multi-view
consistency, and another is computational complexity. To
solve the problem of multi-view consistency, recent meth-
ods [10, 16, 26, 32, 36, 38, 39, 42, 50, 55-57, 60, 65] in-
troduced cross-view attention. While cross-view attention
can align information from all views to achieve high con-
sistency, it faces the problem of high computation complex-
ity. Therefore, these methods struggle to generate dense
and high-resolution multi-view images. Although recent
works [7, 58, 67] proposed using stable video diffusion [1]
for dense multi-view image generation, the temporal con-
volutions in video models are insufficient to ensure the con-
sistency of the generated multi-view images. As a result,
these methods [58] require complex post-processing to pro-

duce 3D models. To reduce the commutative complexity
of dense cross-view attention and achieve high-resolution
consistent multi-view image synthesis, the recent method
Era3D [27] proposed a novel attention strategy. Specifi-
cally, Era3D fixes the generated target view to a horizon-
tal canonical camera perspective, allowing each pixel to be
related only to the pixels on its horizontal line. This re-
duces dense attention to row-wise attention, enabling high-
resolution multi-view generation. However, they still strug-
gle to form dense multi-view images and have a pivot lim-
itation in that their generated images tend to be horizontal
even if the input image is viewed from above or below. In
addition, since each pixel only interacts with the pixels hor-
izontally and vertically, it generates low-consistency multi-
view images. Unlike these methods, our method aims to
filter redundant tokens based on the fact that there is a large
amount of redundant information in the dense-view images.

2.2. Token reduction

Token reduction [11, 41, 46, 70] is mainly studied as a task
to reduce computational and memory requirements of large
vision and language transformers. Existing token reduction
methods can be divided into two categories: dynamic token
pruning [4, 14, 24, 46] and token merging [3, 12, 49, 73].
The approach of token pruning primarily focuses on learn-
ing the importance of tokens and excluding unimportant to-
kens from the computation process, thereby improving effi-
ciency while maintaining accuracy. However, completely
discarding tokens can lead to a loss of detailed informa-
tion [23]. Unlike token pruning, the main idea of token
merging is to continuously merge similar tokens during the
computation process of transformers to reduce redundant
calculations. One of the most classic methods is ToMe [3],
where tokens are randomly divided into two groups, and



Bipartite Soft Matching (BSM) is used to calculate the sim-
ilarity between the two groups of tokens. Based on this sim-
ilarity, the most similar tokens are merged. Although BSM-
based methods can be easily influenced by the distribution
of the matching groups in BSM, token merging can better
preserve detailed information compared to token pruning
schemes. As a result, the recent ToMeSD [2] has applied
this approach to accelerate text-to-image generation in SD.
Additionally, recent work VidTome [31] has proposed us-
ing token merging to enhance the consistency of zero-shot
video editing. However, existing token reduction methods
still focus on single image processing, where redundancy
between pixels mainly exists within local windows. In this
paper, we focus on reducing the redundancy among multi-
ple views and propose a new approach for multi-view token
reduction so as to facilitate dense multi-view generation.

3. Method

We propose CTR3D to generate dense multi-view images
from a single-view input image. The overall pipeline of
CTR3D is shown in Fig. 2. We first use Multi-view Dif-
fusion (MVD) to generate multi-view images and normal
maps conditioned on the input single-view image. Then,
we extract a textured mesh from the generated images and
normal maps using existing reconstruction methods like
NeuS [59]. The key idea of our proposed method is to re-
duce the token redundancy in the multi-view attention layer
of MVD to improve the computational efficiency so that we
can generate high-resolution and dense multi-view images
and normal maps.

To achieve this, we design the multi-view attention layer
as three parts: redundancy removal (Sec. 3.2), cross-view
attention, and multi-view token recovery (Sec. 3.3). Specif-
ically, we first design a lightweight multi-view reduction
layer to project multi-view tokens into a set of represen-
tative token. Then, cross-view information exchanging is
performed only on those representative tokens by a self-
attention layer. Finally, those enhanced tokens yield from
the self-attention layer are consistently projected back to the
original amount by our re-weighting recovery module.

3.1. Multi-view Diffusion

At the foundation of our proposed method is the Multi-
view Diffusion (MVD), which is an extension of the sta-
ble diffusion model [48] for text-to-image generation. Sim-
ilar to previous methods, we use pretrained VAE to ex-
tract latent 2. of the input image I, as a condition and per-
form denoising simultaneously on multi-view by an UNet
€y to generate multi-view latents z,,, that contains color
latents z. = {z¢1,2c2, ..., e } and normal latents z,, =
{2zn1, Zn2, -+, Zn }, where M is the number of generated
views. Finally, multi-view images and normal maps can be
obtained from those latents through VAE decoding. The

UNet ¢g is trained as follows:

where ¢, ~ N(0,1)

&)
where x’ﬁm} is the noisy sample of z,,, for time step ¢. The
UNet ¢y is designed as a sequence of blocks with four levels
of feature pyramid. In each block, there are four modules:
1) a resnet block and a self-attention layer on each single
view; 2) a cross-attention layer to incorporate information
from the condition CLIP embedding to each single view; 3)
a cross-view attention layer on all multi-view tokens to keep
multi-view consistency.

Larvp = |l€hy, — €o(Th, t, 20)|13,

3.2. Recap of Cross-view Attention

Dense cross-view attention. MVD achieves consistency
by applying dense cross-view attention layers within each
block of the UNet €4 to exchange information among all to-
kens from all views. Let ' € R(Mhw)xd pe the flattened
input color feature or normal feature of one UNet block,
where d is the feature dimension, h,w are spatial dimen-
sions and F (i) € R is the i-th token in F. Then the
dense cross-view attention layer can be formulated as fol-
lows:

ﬁ(l) = Softmax( QF() - K(F)'

where O, K and V are linear projections in the attention
layer and FZz) is the output token for F'(¢). Although this
dense multi-view attention layer can ensure the multi-view
consistency by information propagation across all multi-
view tokens, its computational complexity is O(M?h?w?),
which is very expensive and memory-intensive and limits
the scalability of MVD model.

Row-wise cross-view attention. To reduce complex-
ity, Era3D simplifies the cross-view attention layer into a
row-wise attention mechanism by setting the target views
all at the horizontal plane, achieving a complexity of
(O(M?hw?)). However, this design restricts its applicabil-
ity, as generating images from only horizontal perspectives
cannot totally ensure the completeness of the resulting 3D
models. For example, a bucket’s horizontal top and bottom
plane can never be seen from these generated views. In this
paper, we introduce our CTR3D to enhance computational
efficiency and improve generated view number and reso-
lution by eliminating redundancy among multiple views,
without imposing any restrictions on camera settings.

3.3. Multi-view Token Reduction

Weighted token reduction. We adopt a fusion weight ma-
trix to conduct the token reduction. Let K represent the
number of tokens after reduction. The token reduction is



i Compute Fusion Weights

{ Cross-view Token Reduced Attention |

K X MHW

Transpose

L

9
—
=

Add
residual

Norm
MLP

<
Instance

MHW x C
Multi-View
tokens

(-9 | 1
[:> E [:>®[:> Recovery Weight Wm|

MHW x 2C

Multi-View
tokens KxC

K X MHW

Recovery Weight W,... |

Reduced

tokens Self-Attention

Recovery .
KxC tokens

Figure 3. Detailed structure of our proposed Cross-view Token Reduced Attention. We first obtain fusion weight W and recovery weight
Wiec by two branches of MLPs (left). Then we perform multi-view token reduction and use a self-attention layer to exchange multi-view
information. Finally, we use the recovery weight to recover the number of tokens.

defined as a weighted sum
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where F,.(j) is the j-th token of the reduced tokens F, €
RExd and Wy € RE*Mhw s the fusion weight. The fu-
sion weight here determines the redundancy of each token,
which plays an essential role in eliminating redundancy and
retaining key information. However, computing the fusion
weight should be as lightweight as possible for efficiency
consideration. We next introduce how we compute the fu-
sion weight with an instance normalization layer.

Fusion weight computation. The fusion weights are re-
quired to reveal the redundancy of all tokens such that sim-
ilar tokens should be fused into a single reduced token
while distinct tokens should be retained. However, deter-
mining the similarity or distinctness of tokens requires us
to compare each token to each other. Thus, a naive way
to implement such relationship extraction would lead to a
quadratic computation complexity again in fusion weight
computation by comparing every token with each other. To
avoid this, we propose an efficient but simple way to model
the relative relationship between all tokens by applying an
instance normalization layer. This instance normalization
layer normalizes all tokens F to F' conforming to a standard
Gaussian distribution. In this case, the distances of these
normalized tokens to the origin reveal their importance in
the whole token set, which helps us to determine their fu-
sion weight. Fig. 3 gives an detailed illustration. For each
normalized token F'(i),i € [0, Mhw), we employ a mod-
ule with two MLP layers to estimate its contribution score
W, € RYK_ Then, its fusion weight can be obtained by
applying softmax normalization to the contribution scores
by

Wi (j) = Softmaz (W, (), We(i) = M(F(i)), (4)

where M represents our MLP network, WcT is the trans-
pose of matrix W,.

Discussion about existing token reduction solution. A
straightforward approach to implementing multi-view to-
ken reduction is to directly apply single-image token re-
duction methods, such as ToMeSD, to multi-view tokens.
In ToMeSD, tokens are first divided into two groups, and
the similarity between each pair of tokens from these
groups is calculated. Following this, similar token pairs are
merged based on their similarity scores. However, when ap-
plied to multi-view reduction, this token merging method
has a computational complexity of (O((Mhw/2)?) =
O(M?h?w?). As we increase the number or resolution
of the generated views, the number of tokens grows ex-
ponentially. Consequently, the computational cost of simi-
larity calculations also increases quadratically, resulting in
inefficiencies in this approach. In comparison, the over-
all computational complexity of our reduction process is
O(MhwK). When K is relatively small, our method is
more lightweight and computationally efficient, making it
better suited for multi-view reduction. In our work, we
set K as [4096, 1536, 384, 96] separately for four different
pyramid levels in the UNet structure.

Attention with reduced tokens. Once we obtained K re-
duced tokens F)., we employ a self-attention layer to ex-
change information among these reduced tokens so as to
ensure consistency across multiple views. The results of
this attention layer are K tokens, named F,,. The compu-
tational complexity of this attention layer is only O(K?),
which is significantly lower than that of the previous dense
cross-view attention layer.

3.4. Token Recovery

After conducting cross-view attention layers with reduced
tokens, we need to recover these tokens for the generation
task. To implement this, we again apply another weight
matrix W, € RMMxK o multiply F,., to get back the
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Figure 4. The qualitative comparison with baseline models on novel view synthesis.

processed full tokens F. A naive way for this is to adopt
the transposed fusion weights W in Eq. 3 as the recov-
ery weights. However, during the token reduction process,
some less important tokens may have low fusion weights
close to zero because they come from some repeated regions
such as backgrounds. If we directly use fusion weights Wy
for recovery, those tokens may be assigned values close to
0 after the recovery process, thus losing multi-view con-
sistency. To address this issue, we propose a re-weighting
method to adjust the recovery weights. As shown in Fig. 3,
we introduce an additional branch on M with a single MLP
layer, which outputs a residual weight W,.., € RMhwxK
for recovery. Thus, the token recovery layer is defined by

K
F(i):ZWrec(iaj)'Fra(j)a (5)
j=1

Wiee(i) = Softmaz(Wes(i) + WJT(z))

where F(i) is the i-th token in our recovered tokens F' €
RM hwxd .

4. Experiments

Datasets. We followed the previous methods [27, 42] and
trained our CTR3D on the LVIS subset of Objaverse [8],
which contains approximately 32,000 high-quality 3D mod-
els. To construct the multi-view training dataset, we nor-
malized each model to a unit scale and positioned it at the
center. Then we rendered images and normals at a resolu-
tion of 512 x 512 from twelve different viewpoints includ-
ing six horizontal views: front, back, left, right, front-right,
and front-left views; three 45° top-down views: back-top,

front-right-top, and front-left-top; as well as three 45° up-
looking views: back-down, front-right-down, and front-left-
down. During the rendering process, random rotations were
also applied to the 3D models to enhance diversity. Follow-
ing the previous methods, we evaluate the performance of
CTR3D on the Google Scanned Object (GSO) dataset [9],
which is a standard benchmark widely used to evaluate 3D
generation tasks. To demonstrate the generalization ability
of our CTR3D, we also evaluate our method on images col-
lected from the Internet.

Metrics. We evaluate our method on two tasks: novel
view synthesis (NVS) and 3D reconstruction. The qual-
ity of NVS is assessed using the Learned Perceptual Image
Patch Similarity (LPIPS) metric [72], which measures the
perceptual consistency between the generated images and
the ground truth. For the evaluation of 3D reconstruction
quality, we use the Chamfer Distance (CD) and the Volume
Intersection over Union (IOU) metrics to compare the re-
constructed meshes with the ground truth models.

Implementation details. We implement our model based
on the open-source text-to-image model SD2.1-unclip [48].
We use 16 A100 GPUs to train CTR3D for 40,000 training
steps with a total batch size of 256. The initial learning rate
is set to le-4, which is reduced to 5e-5 after 5,000 steps.
To implement classifier-free guidance (CFG), we randomly
omit the clip condition at a rate of 0.05. During the multi-
view diffusion generation process, we use the DDIM[53]
method with 40 steps and a CFG scale of 3.0. After multi-
view generation, we follow Wonder3D to perform recon-
struction using NeusS, followed by a texture refinement step.
The entire pipeline takes approximately 4 minutes to com-



Methods CD] 1IoUfT LPIPS] SSIMT PSNR7?

RealFusion | 0.0819 0.2714  0.283 0.722 15.26
Zero-1-to-3 | 0.0339 0.5035  0.166 0.779 18.93
One-2-3-45 | 0.0629 0.4086 - - -
Shap-E 0.0436 0.3584 - - -
Magic123 0.0516 0.4528

SyncDreamer| 0.0261 0.5421  0.146 0.798 20.05

Wonder3D 0.0248 0.5678  0.141 0.811 20.83
LGM 0.0259 0.5628 - - -

ERA3D 0.0217 0.5973  0.126 0.837 22.74
Ours 0.0206 0.6447  0.081 0.914 23.47

Table 1. Quantitative evaluation results of Chamfer distance (CD),
IoU (for reconstruction), LPIPS, SSIM and PSNR,(for NVS) on
GSO benchmark.

plete, consisting of 13.8s for multi-view diffusion genera-
tion (40 diffusion steps), 3 minutes for the NeuS reconstruc-
tion, and 10s for the texture refinement.

4.1. Experimental Results

In this section, we quantitatively and qualitatively com-
pare our method with recent multi-view generation meth-
ods, including RealFusion [43], Zero-1-to-3 [38], One-2-3-
45 [35], Shap-E [21], Magic123 [45], SyncDreamer [39],
Wonder3D [42], Era3D [27].

Novel view synthesis. As shown in Table 1, we first quan-
titatively compare our method with recent methods in terms
of LPIPS, SSIM, and PNSR metrics on the GSO dataset.
The results indicates that our method achieves the best per-
formance on all metrics. In addition to a quantitative com-
parison, we provide visualized results in Fig. 4. Compared
to previous state-of-the-art method Era3D [27], our method
can achieve comparable novel view generation on normal
examples (as in row 3) with high resolution and fidelity.
Note that Era3D needs to regress the elevation and focal
length so as to fulfill its camera constraint (Canonical cam-
eras on the horizontal plane). However, this perspective cor-
rection process in Era3D may introduce errors and degrade
the results of Era3D (as in row 2). More importantly, the
fixed horizontal viewpoint in Era3D may prevent the obser-
vation of certain areas of the object, such as the surface of
the chair in the first row. This limitation can significantly
impact the completeness of the reconstructed 3D model. In
contrast to existing methods, our approach imposes no con-
straints on the camera system and enables the generation of
more high-resolution views, resulting in higher quality and
more complete 3D generation.

Reconstruction. To verify our superiority in the 3D recon-
struction task, we then present the quantitative reconstruc-
tion comparison on the GSO dataset in Table 1. Similar to
Wonder3D [42] and Era3D [27], we use the NeuS [59] to
form a 3D mesh based on our generated multi-view images.
Since we can generate more views with high resolution, the

Shap-E ‘Wonder3D One2-345 Era3D

Figure 5. Qualitative comparison of 3D reconstruction results on
the GSO dataset. CTR3D generates the best results with more
views and high resolution, compared with existing methods.

Methods 256 resolution 512 resolution

CDh | IoU 1 CD | ToU 1
6 views 0.0211  0.511 | 0.0217 0.530
8 views 0.0209 0.518 | 0.0201 0.572
10 views | 0.0206 0.514 | 0.0187 0.578
12 views | 0.0199 0.520 | 0.0180 0.585

Table 2. Ablation experiment of the number and resolution of
views in CTR3D. We use CD and IoU as metrics.

geometric quality of our reconstructed meshes can be bet-
ter than that of existing methods. Thus our method pro-
duces the best performance with the lowest CD and highest
IoU. We also provide a visualized comparison of our gen-
erated 3D mesh with previous methods in Fig. 5. As can
be seen, our method produces 3D models of higher quality
and greater completeness compared to previous methods.
We also test our method on in-the-wild images, and the re-
sults are shown in Fig. 6. The results indicate that a limited
number (e.g. 6 views) from horizontal viewpoints is insuf-
ficient to generate objects with complete structures, leading
to lower quality reconstructions. In contrast, our method
generates more high-resolution views, allowing us to pro-
duce complete, high-quality 3D models.

4.2. Ablation study

In this section, we conduct a series of experiments to
demonstrate the effectiveness of our key design. Due to
limited computational resources, we used only a subset of
our training set containing about 8,000 data pairs for model
training and validated on 20 samples outside the training set.
In Table 2, we first experimented with training our model to
generate different numbers of views and resolutions. The
results show that higher image resolution and more views
lead to lower Chamfer distance in the generated models,
supporting our idea that increasing view density and res-
olution improves 3D generation quality.

We further validate our design for the multi-view reduc-
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Figure 6. Reconstruction results on in the wild data. CTR3D can produce more complete results compared with previous methods.

Run Time (ms)

Methods CDL UT | hsev6  s12%6  512¢12
Dense-att 00218 0432 | 2.902 2397 4749
ToMe (50%) | 0.0220 0413 | 4467 1129 2195
ToMe (10%) | 0.0245 0401 | 3965 6751  13.02
oursmo IN) | 00222 0428 | 1.602  1.805  3.126
oursno RW) | 00232 0418 | 1482 1785  3.130
ours 00211 0511 | 1678 1805  3.132

Table 3. Ablation of the multi-view reduction and recovery block
in CTR3D. We fix the resolution as 256 and the view number
as 6 for generation evaluation. The running time under different
settings are also reported.

tion scheme. Specifically, we compare our method with
the baseline dense attention (Dense-att), ToMe [31] and our
method with our instant normalization (IN) and re-weight
(RW) block disabled. For fair comparison, we implement
ToMe in the same network as our method and finetune it
by the same training steps. The results are presented in
Table 3, which indicates that our design achieves the best
performance. While using the ToMe method for multi-view
token reduction can improve computational efficiency, it re-
sults in lower quality outputs. Note that the running speed
of ToMe is slower than our method even at a lower reduction
rate of 10%, primarily due to the time-consuming matching
process. Although dense attention can obtain impressive
performance in the setting of 6 low-resolution views gener-
ation, it struggles to work efficiently when view and reso-
lution increase. In contrast, our proposed method not only
produces high reconstruction metrics but also presents ex-
cellent running time. Finally, in Table 4, we reported the
performance comparison between our reduced cross-view
attention and existing cross-view attention layers [22, 27].

. Memory usage (G) Running time (ms)
Methods | N-view 256 512 256 512
Dense 6 1.03 2.07 2902  23.927
Epipolar 6 1.06 2.58 2.997 20.87
Era3D 6 1.01 1.13 1.886 2.327
Ours 6 0.39 0.58 1.602 1.805
Ours 12 0.76 1.14 1.620 3.132

Table 4. Memory usage and running time of CTR3D in different
multi-view generation settings.

We measure the average memory consumption and running
time of each attention layer under the same framework, with
Xformers consistently enabled. Our approach offers faster
speeds and lower memory consumption, enabling the gen-
eration of more high-resolution multi-view images.

5. Conclusions

In this paper, we propose a novel method for high-quality
multi-view image generation called CTR3D. We design a
multi-view token reduced attention layer to facilitate dense
and high-resolution multi-view generation. Our method
consists of three steps: redundancy removal to enhance
computational efficiency, attention interaction to ensure
multi-view consistency, and token recovery to maintain the
overall token count. By eliminating redundant tokens, our
method consistently generates more high-resolution views
compared to existing approaches, outperforming state-of-
the-art methods both quantitatively and qualitatively.
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