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Abstract

View transformation robustness (VTR) is critical for deep-
learning-based multi-view 3D object reconstruction models,
which indicates the methods’ stability under inputs with vari-
ous view transformations. However, existing research seldom
focuses on view transformation robustness in multi-view 3D
object reconstruction. One direct way to improve the mod-
els’ VTR is to produce data with more view transformations
and add them to model training. Recent progress on large vi-
sion models, particularly Stable Diffusion models, has pro-
vided great potential for generating 3D models or synthe-
sizing novel view images with only a single image input.
To fully utilize the power of Stable Diffusion models with-
out causing extra inference computation burdens, we propose
to generate novel views with Stable Diffusion models for
better view transformation robustness. Instead of synthesiz-
ing random views, we propose a reconstruction error-guided
view selection method, which considers the reconstruction er-
rors’ spatial distribution of the 3D predictions and chooses
the views that could cover the reconstruction errors as much
as possible. The methods are trained and tested on sets with
large view transformations to validate the 3D reconstruction
models’ robustness to view transformations. Extensive exper-
iments demonstrate that the proposed method can outperform
state-of-the-art 3D reconstruction methods and other view
transformation robustness comparison methods.

Introduction
Voxel-based multi-view 3D object reconstruction outputs
3D voxels of the object by fusing various viewpoints with
deep-learning neural networks. It plays an important role in
computer vision, robotics, augmented reality, and other do-
mains. Naturally, multi-view 3D object reconstruction shall
perform stably with inputs of different viewpoints, i.e., the
view transformation robustness (VTR) is vital. However,
few research works have studied the view transformation ro-
bustness for multi-view 3D object reconstruction.

Instead, the VTR issue has been dealt with in other areas,
such as in multi-view classification (Wei, Yu, and Sun 2020)
or point cloud recognition (Qi et al. 2017; Wang, Yang, and
Tao 2022). However, these methods are not specially de-
signed to deal with the view transformation robustness is-
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Figure 1: The method’s main idea is to utilize the proposed
reconstruction error-guided view selection method for se-
lecting and generating viewpoints covering the most errors.

sue for multi-view 3D object reconstruction. So, proposing
novel methods for boosting view transformation robustness
is important for multi-view 3D object reconstruction.

Recent progress in large vision models (LVMs), espe-
cially stable diffusion models (SD) (Rombach et al. 2022;
Hu et al. 2024; Shi et al. 2023; Qi et al. 2024; Yoo et al. 2024;
Zou et al. 2024; Kwak et al. 2024; Bauer et al. 2024), has
provided the extra potential for multi-view 3D object recon-
struction, such as training a large model for direct 3D object
reconstruction (Liu et al. 2024, 2023c,a), or novel view syn-
thesis. While utilizing LVMs for 3D reconstruction causes
heavy computation burdens at the inference stage and their
view transformation robustness (Liu et al. 2023b) is still lim-
ited. An effective way of utilizing stable diffusion models
(Liu et al. 2023b) for boosting the view transformation ro-
bustness of multi-view 3D reconstruction, is to use them as
a data augmentation platform to aid the model training by
randomly synthesizing novel views (see Figure 1). However,
even though these randomly generated views are useful for
increasing the model’s robustness to view transformations,
the repeated or similar views are also being synthesized with
no aid for the model’s robustness, reducing the approach’s
effectiveness. Thus, instead of generating random views,
and considering the error spatial distributions of 3D re-
construction predictions, we propose a novel reconstruc-
tion error-guided view selection method to choose the
most effective views to improve the 3D reconstruction
models’ view transformation robustness (VTR).

Overall, the proposed method consists of three compo-
nents (see Figure 2): the original 3D object reconstruction
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Figure 2: The pipeline of the method: first, the reconstruction error-guided view selection module chooses the views covering
most reconstruction errors; then, the stable diffusion model works as a strong data platform for producing multi-view images
of selected viewpoints; moreover, the new view images are added to finetune the 3D object reconstruction model. These steps
are alternatively conducted and trained to increase the 3D reconstruction models’ robustness to view transformations.

model, the view selection module, and the stable diffusion
model-based view synthesis module. The original 3D ob-
ject reconstruction model could be any deep learning-based
multi-view 3D object reconstruction model (e.g., Xie et al.
(2020), or Yang et al. 2023). It is first trained on the training
set with limited view angles, thus it cannot perform well on
the test set with large view transformations. The view selec-
tion module is guided by the 3D reconstruction error, where
the view angles which can cover more 3D object reconstruc-
tion errors are more likely to be selected. Then, the selected
view parameters are fed into the view synthesis model to
generate new views. The view synthesis module generates
novel new views based on the stable diffusion model with
the learned view parameters from the view selection module.
Later, the newly synthesized views are added to the training
set to fine-tune the 3D object reconstruction model further.
These steps are recycled to gradually improve the 3D recon-
struction model’s view transformation robustness.

Besides, since existing 3D object reconstruction datasets
(e.g., ShapeNet (Chang et al. 2015)) are shot from view an-
gels roughly around the objects with small viewpoint ranges
(denoted as ‘Aligned’ data), to study the view transfor-
mation robustness, we generate a new dataset ShapeNet-
VTR with more view angle distributions: the ‘Hemispheri-
cal’ and ‘Spherical’ set (see Figure 5). The 3D reconstruc-
tion model is trained on the training set of ‘Aligned’ data
and tested on the ‘Hemispherical’ and ‘Spherical’ sets, to
validate the method’s robustness to view transformations
(see details in Sec. Experiments). The paper’s contributions
are summarized as follows.

• This is the first study on view transformation robustness
(VTR) for multi-view 3D object reconstruction. Seldom
research has focused on the issue of view transformations
in this area. Besides, we propose a new dataset specially
designed for studying the issue.

• We propose a novel reconstruction error-guided view se-
lection method for choosing the most effective views,
which is much more effective compared to randomly
generating views or data augmentation methods.

• We use existing stable diffusion models for boosting the
view transformation robustness of current 3D object re-
construction models, without training a new one or de-
ploying them at the inference stage, without causing ex-
tra computation burdens. Thorough experiments demon-
strate the advantages of the proposed method over 3D
reconstruction SOTAs and other view transformation ro-
bustness comparison methods.

Related Work
Multi-View 3D Object Reconstruction
Deep learning-based multi-view 3D object reconstruction
methods have achieved remarkable performance. Early
methods focus on the fusion of multi-view features, such as
(Su et al. 2015; Paschalidou et al. 2018; Huang et al. 2018;
Yao et al. 2018), where the multi-view features are reduced
into a fixed size of feature maps. Later methods tried re-
current neural network fusion methods (Choy et al. 2016;
Kar, Häne, and Malik 2017; Dosovitskiy et al. 2020; Yao
et al. 2019), regarding input views as a sequence. However,
RNN fusion methods are not invariant to input order per-
mutations and cannot handle a large number of views effi-
ciently. Attention-based fusion methods (Yang et al. 2020;
Xie et al. 2019; Zhu et al. 2023c; Xie et al. 2020) are also
proposed to fuse multi-views according to the attention maps
estimated from the attention subnet. Recent methods utilize
transformer networks for more complicated fusion between
the views, such as (Shi et al. 2021; Tiong, Sigmund, and
Teoh 2022; Wang et al. 2021; Yagubbayli et al. 2021; Arshad
and Beksi 2023; Yang et al. 2023; Zhu et al. 2023b). LRGT
(Yang et al. 2023) proposed long-range grouping attention
for grouping tokens from all views with separate attention
operations. However, none of these methods have ever paid
attention to the multi-view 3D object reconstruction meth-
ods’ robustness to the input view transformations.

3D View Transformation/Rotation Robustness
The issue of view transformation and rotation robustness has
been studied in various areas, such as point cloud classifica-
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tion and multi-view image classification. Instead of using
rotation invariant descriptors (Spezialetti, Salti, and Stefano
2019; Zhu et al. 2023a) as inputs or designing rotation equiv-
ariant networks (Shen et al. 2020; Cohen et al. 2021), ART-
Point (Wang, Yang, and Tao 2022) improved rotation robust-
ness by training the point classifier on inputs with adversar-
ial rotations. Considering that the camera viewpoints are of-
ten fixed for all shapes in multi-view 3D shape classification,
Hamdi et al. (2022a) proposed the Multi-View Transforma-
tion Network (MVTN), which uses differentiable rendering
to determine optimal view-points for 3D shape recognition.
Recent methods have started to focus on novel view syn-
thesis for boosting the model viewpoint robustness. View-
Fool (Dong et al. 2022) found adversarial viewpoints that
mislead 3D recognition models with an entropic regularize.
VIAT (Ruan et al. 2023) proposed to improve the viewpoint
robustness of multi-view image classification with the inner
diverse adversarial viewpoints and the outer viewpoint in-
variant classifier training. Overall, synthesizing novel view-
points and selecting the most optimal views are the keys
for these methods to improve the models’ view transforma-
tion or rotation robustness. Note that none of these methods
have focused on the view transformation robustness issue for
multi-view 3D object reconstruction.

Method
The main idea of the method is to propose a novel recon-
struction error-guided view selection method to select view-
points that influence the reconstruction results most, then
these viewpoint parameters are fed into an existing Stable
Diffusion (SD) model to generate the selected view images
for finetuning the original 3D reconstruction model for bet-
ter view transformation robustness. The proposed method
consists of the multi-view 3D reconstruction model, the
view selection module, and the view synthesis module,
whose details are as follows.

Multi-View 3D Reconstruction Model
A multi-view 3D object reconstruction model f usually con-
sists of the following parts (Choy et al. 2016): First, an en-
coder to extract the feature representation for reconstruction
from the image set (I1,. . . ,In) of Object I ; Second, multi-
ple 2D image features or 3D volume features are fed into
a merger to fuse features from different views; Third, a de-
coder to predict the corresponding voxel-base 3D shape V
from the features map. The overall prediction process is for-
mulated as: V = f(I1, · · · , In). We adopt two typical kinds
of multi-view 3D object reconstruction models, CNNs-based
Pix2Vox++ (Xie et al. 2020) and transformer-based LRGT
(Yang et al. 2023). Denote the 3D voxel ground truth as
V gt, and the reconstruction loss is Loss(V, V gt) (details in
Supp.). Following (Xie et al. 2020) and (Yang et al. 2023),
we use binary cross entropy loss in Pix2Vox++ while Dice
loss (Milletari, Navab, and Ahmadi 2016) in LRGT. The
model is first trained on the training set of ‘Aligned’ data.

View Selection Module
The view selection module first projects the 3D reconstruc-
tion error E = |V − V gt| to a series of viewpoints, and
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Figure 3: The view selection module: select views covering
most errors and then sample based on selected views.

then selects viewpoints containing the most reconstruction
errors to be fed into the view synthesis module (see Fig-
ure. 3). Specifically, We denote v = [ψ, θ, ϕ] ∈ R3 as the
viewpoint parameters, where [ψ, θ, ϕ] is the camera rotation
along the z-y-x axes using the Tait-Bryan angles, and roll θ
is set as zero. Then, our target is to estimate the v = [ψ, ϕ]
from the 3D reconstruction error E , which indicates the ar-
eas with bad reconstruction results of an object. Naturally, if
we could provide more information (views) about the areas
with large reconstruction errors and try to rectify these er-
rors, the performance of the reconstruction model could be
boosted. Particularly, if a camera view can cover the recon-
struction error regions more clearly, it is supposed to aid the
robustness of the 3D reconstruction model.

To reduce computation, we first divide yaw ψ and pitch
ϕ into discrete values with K degree interval to obtain a set
of dense discrete 3D viewpoints. The yaw is divided into
{[−180◦+(i−1)×K◦,−180◦ + i×K◦]}nψi=1 and the pitch
is divided into {[−90◦+(i−1)×K◦,−90◦+i×K◦]}nϕi=1,
where nψ = 360◦/K◦and nϕ = 180◦/K◦ refer the num-
ber of interval for the yaw ψ and the pitch ϕ, respectively.
Then we traverse each interval and use the median value
of each interval as the viewpoint position for that interval:
ψ = −180◦+(i− 1

2 )×K
◦ and ϕ = −90◦+(i− 1

2 )×K
◦. As

K gets smaller, the traversed viewpoints v = [ψ, ϕ] are more
continuous. By rotating the voxel grid E by the correspond-
ing degree v, we set the viewpoint direction to the negative
direction along the X-axis, denoted as Erot = Rot(E, v),
where Rot is the rotation operation.

We then perform the orthographic projection on Erot to
each discrete viewpoint to obtain the reconstruction error
projection maps P , conducted as follows:

P ((y, z), Erot) = Erot(x
∗, y, z), (1)

where the x∗ = minErot(x,y,z)̸=0X , Erot(x, y, z) repre-
sents the integer 3D coordinate and the X represents the
range of x. Intuitively, we get the first occupancy value along
each line of sight, ie., the surface of the error voxel.

After we get the error projection map P under each view-
point v, we obtain the sum of the pixels of each projection
map: sumv =

∑S
i=1 Pi, where S is the number of a projec-

tion map pixels and Pi is the i-th pixel of the projection map
P . Then, we select the maximum n views {vs} based on
the sumv . Because larger sumv means the viewpoint covers
more reconstruction error regions. Rather than directly using
the selected viewpoints for reconstruction, which will de-
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Figure 4: The 3D reconstruction results of Zero-1-to-3,
which has weak robustness to view transformations.

crease the diversity of inputting viewpoints, we model each
selected viewpoint vs as a Gaussian distribution and sam-
ple views among the distribution: v ∼ N (vs, σ), where σ
refers the standard deviation, which is set to K/6 in our ex-
periments. Finally, we can obtain the n corresponding view-
points v = [ψ, ϕ] from the 3D reconstruction error E for
each object for n-view reconstruction.

Viewpoint pool. During experiments, we found that we
construct a viewpoint set for each object under each cate-
gory, the learned viewpoint distribution will degenerate with
the increase of training iterations, that is, the diversity of
selected viewpoints will decrease in the later training pe-
riod, resulting in the phenomenon of overfitting in iterative
training. A simple solution is to construct multiple viewpoint
sets with multiple iterations for each object of each category.
However, it will be very time-consuming. To solve this prob-
lem, according to (Wang, Yang, and Tao 2022), it is observed
that the selected viewpoint distributions of objects within the
same category are highly similar, which has a strong trans-
ferability. Based on this, we construct a viewpoint pool by
saving the viewpoints selected on each object by category:

v = [{vi,1}n1
i=1, . . . , {vi,k}

nk
i=1, . . . , {vi,N}nMi=1], (2)

where vi,k refers to the viewpoint selected on object i of
category k. We will save the viewpoints corresponding to all
nk objects in the category k and traverse all M categories
to construct the viewpoint pool. In the process of iterative
optimization, it is only necessary to sample the viewpoint
pool according to the category and convert it into the cor-
responding view. Due to the transferability of the viewpoint
distribution of the same type of object, high reconstruction
loss can also be induced.

View Synthesis from Stable Diffusion Model
With the camera viewpoint v = [ψ, ϕ] selected from the
view selection module, we synthesize novel images of an
object from the Stable Diffusion model Zero-1-to-3 (Liu
et al. 2023b), which is a viewpoint-conditioned diffusion ap-
proach and can generate an image under the novel viewpoint
by providing an image of the object and the viewpoint trans-
formation matrix. Given a dataset of paired images and their
relative camera extrinsic (Î , I , v̂, v), the model is trained by
solving for the following objective:

min
θ

Ez∼ε(Î),t,ϵ∼N (0,1) ∥ ϵ− ϵθ(zt, t, c(Î , I, v̂, v)) ∥22, (3)

where ε denote the encoder, ϵθ is a denoiser U-Net, t is
the diffusion time step, and z is the latent representation of

HemisphericalAligned Spherical

Figure 5: The viewpoint distribution examples of our
ShapeNet-VTR dataset. The blue dot is the object center.

the input image encoded by the encoder. After the model is
trained, we can generate the novel image from any viewpoint
by performing iterative denoising from a Gaussian noise im-
age conditioned on c(Î , v̂, v).

Use Zero-1-to-3 for direct 3D reconstruction. Directly
using Zero-1-to-3 for 3D reconstruction reports bad perfor-
mance as in Figure 4. It suffers drastically from the view
transformations and the 3D reconstruction inference process
is very time-consuming (see running time in the Supplemen-
tal). Thus, we utilize Zero-1-to-3 for novel view synthesis
and rely on the new views to boost the view transformation
robustness of existing 3D reconstruction models, instead of
using it for direct 3D reconstruction.

Training Method
The training adopts an iterative optimization scheme con-
taining the inner maximization and the outer minimization.
Specifically, in the first iteration, we evaluate the pre-trained
3D reconstruction model to select the viewpoints for inner
maximization, and then re-train the model on new view im-
ages generated by the view synthesis module from the pre-
viously selected viewpoints before obtaining a robust model
for outer minimization. The process will be repeated un-
til the model converges to the most robust state. Our goal
is formulated as: minW

∑N
i=1 Evi [maxvi L(W,R(vi), yi)],

where W denotes the parameters of the reconstruction
model f , L is a reconstruction loss function, R(vi) is the
rendered images of the i-th object given the viewpoint vi
and the yi is the GT of the corresponding object. We then
detail how we improve the inefficiency of the iterative opti-
mization scheme with the random update strategy.

Random update strategy. A random update strategy is
adopted to reduce the training time. Instead of generating
new views for all objects in each epoch, we randomly se-
lect 5% objects and generate new views by Zero-1-to-3 for
them, while the remaining 95% objects are still trained with
the views from the ‘Align’ training set. At the same time,
to make up for the diversity of viewpoints and improve the
effectiveness of training, the newly generated view images
will be added to the original view images set after each fine-
tuning epoch, so that each epoch of iterative training can
fully and effectively obtain the prior information left by the
previous epoch, and help the 3D reconstruction model learn
more efficiently. Note that only the multi-view 3D recon-
struction model is needed at inference.
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Test set Aligned Hemispherical Spherical
Method mIoU↑ F score↑ mIoU↑ F score↑ mIoU↑ F score↑

None-VTR Pix2Vox++ (Xie et al. 2020) 64.63% 42.02% 47.02% 26.49% 36.71% 18.44%
GARNet (Zhu et al. 2023c) 65.14% 46.50% 49.69% 30.03% 37.46% 20.41%

VTR

Nature (Pix2Vox++) 65.54% 46.69% 49.00% 30.20% 37.13% 21.03%
Random (Pix2Vox++) 64.89% 46.67% 50.89% 31.77% 41.62% 24.45%
VIAT (Ruan et al. 2023) (Pix2Vox++) 65.66% 47.30% 51.50% 31.88% 40.36% 23.47%
MVTN (Hamdi et al. 2022b) (Pix2Vox++) 65.67% 47.03% 49.58% 30.20% 37.30% 21.36%
Ours (Pix2Vox++) 65.52% 47.22% 53.53% 33.53% 46.12% 27.01%

Table 1: The view transformation robustness comparison of CNNs-based 3D reconstruction methods. None-VTR/VTR indicates
methods without/with view transformation robustness techniques, respectively. All VTR use CNNs-based Pix2Vox++ as the 3D
reconstruction model. Our method achieves the best results on ‘Hemispherical’ and ‘Spherical’ with view transformations.

Test set Aligned Hemispherical Spherical
Method mIoU↑ F score↑ mIoU↑ F score↑ mIoU↑ F score↑

None-VTR UMIFormer (Zhu et al. 2023b) 69.87% 50.56% 53.04% 33.79% 41.19% 23.51%
LRGT (Yang et al. 2023) 70.01% 51.19% 53.57% 34.71% 41.88% 24.46%

VTR

Nature (LRGT) 70.90% 52.92% 56.06% 35.54% 43.99% 25.16%
Random (LRGT) 70.92% 52.68% 56.02% 35.28% 44.18% 25.32%
VIAT (Ruan et al. 2023) (LRGT) 70.86% 52.33% 56.07% 35.29% 44.70% 25.27%
MVTN (Hamdi et al. 2022b) (LRGT) 71.09% 52.97% 55.76% 34.92% 43.58% 24.07%
Ours (LRGT) 70.95% 52.78% 57.11% 35.89% 44.97% 26.02%

Table 2: The view transformation robustness comparison of Transformer-based 3D reconstruction methods. All VTR methods
use Transformer-based LRGT as the 3D reconstruction model. Our proposed method achieves the best results.

Experiments
Experiment Settings
Dataset generation. Since no existing dataset is suitable
for evaluating view transformation robustness, we generate
a new dataset ShapeNet-VTR, based on ShapeNet (Chang
et al. 2015), which consists of larger viewpoint ranges than
the original version via rendering new views from the 3D
CAD models in ShapeNet. ShapeNet-VTR consists of 13
categories and 39239 objects in total. The objects in each
category are divided according to 7:1:2 for training, vali-
dation, and testing, respectively. ShapeNet-VTR consists of
3 sets: ‘Aligned’, ‘Hemispherical’, and ‘Spherical’, sharing
the same object dividing way but differing in the viewpoint
range as shown in Figure 5. ‘Aligned’ set is rendered at a
fixed ϕ of 60◦ and every 15◦ inψ; In the ‘Hemispherical’ set,
the range of views is set as ϕ ∈ [0◦, 90◦], ψ ∈ [−180◦, 180◦],
and thus images are randomly rendered in the upper hemi-
sphere. In ‘Spherical’, the range of views is ϕ ∈ [−90◦, 90◦],
ψ ∈ [−180◦, 180◦], and thus images are randomly rendered
in the spherical space. In each set, each object contains 24
views but from different camera angle ranges. We train the
3D reconstruction models on the training set of ‘Aligned’
at first and use the models’ performance on ‘Hemispheri-
cal’ and ‘Spherical’ sets to evaluate the robustness of 3D
object reconstruction models to view transformations.

Implementation details. We utilize two 3D reconstruc-
tion models, CNN-based Pix2Vox++ (Xie et al. 2020) and
Transformer-based LRGT (Yang et al. 2023), respectively.
The input view number is 3 and the image resolution is
256×256×3 and the size of the voxel output is 32×32×32.
We use a threshold of 0.4 to obtain the occupancy voxel grid
and set the interval of degree K = 30◦ in the experiments.

Comparison methods. We compare with SOTA 3D ob-
ject reconstruction methods Pix2Vox++ (Xie et al. 2020),
GARNet (Zhu et al. 2023c), UMIFormer (Zhu et al. 2023b),
and LRGT (Yang et al. 2023) (without VTR approaches, de-
noted as None-VTR) and four view transformation robust-
ness comparison methods (denoted as VTR). Note that there
are no existing VTR methods for multi-view 3D object re-
construction, and we propose reasonable baselines or adopt
methods from other areas for comparison:

• Nature: Data augmentation with the most common view-
point renderings from training objects’ natural states (e.g.
cars are usually viewed in the side view).

• Random: Data augmentation with random viewpoints,
with view range ϕ ∈ [−90◦, 90◦], ψ ∈ [−180◦, 180◦].

• VIAT (Ruan et al. 2023): By regarding viewpoint trans-
formation as an attack, VIAT solves the inner maximiza-
tion problem to parameterize the Gaussian Mixture dis-
tribution of adversarial viewpoints with trainable param-
eters. In our experiment setting, VIAT keeps the roll θ
fixed and learns the parameters of the Gaussian Mixture
distribution of yaw ψ and pitch ϕ to get an adversar-
ial viewpoint. Next, we select the other two adversarial
viewpoints at azimuth intervals of 120◦ and 240◦, start-
ing from the first adversarial viewpoint.

• MVTN (Hamdi et al. 2022b): A viewpoint selection al-
gorithm that uses differentiable rendering to determine
optimal viewpoints for 3D shape recognition through the
gradient descent algorithm. We changed its downstream
task to multi-view 3D reconstruction. We changed the
3D representation from point clouds to voxels and set
the number of the selected viewpoints to 3 as the view
amount of the input.
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K (◦) Aligned Hemispherical Spherical
15 65.37% 51.44% 43.27%
30 65.52% 53.53% 46.12%
60 65.40% 52.72% 45.03%
90 65.38% 52.32% 44.26%

Table 3: The ablation study on the interval of degree K. 30◦
achieves the best mIoU results.

Viewpoint Pool Aligned Hemispherical Spherical
with 65.52% 53.53% 46.12%

without 65.28% 52.07% 42.39%

Table 4: The ablation study on whether the viewpoint pool is
used in the proposed method. With the viewpoint pool, the
method achieves much better mIoU results.

Besides, we also evaluate the method’s single-view recon-
struction robustness, comparing with single-view recon-
struction state-of-the-art methods (Mescheder et al. 2019),
which does not incorporate prior knowledge of point clouds
or depth maps to assist in reconstruction as ours.

Metrics. The evaluation metrics include the mean
Intersection-over-Union (mIoU) and F score (see details in
Supp.), whose higher values indicate better performance.

Experiment Results
Multi-view 3D reconstruction performance Table 1
shows the view transformation robustness results of CNNs-
based multi-view 3D object reconstruction methods. Our
method utilizes Pix2Vox++ (Xie et al. 2020) as the 3D re-
construction model. Compared with SOTA 3D reconstruc-
tion methods without view transformation robustness tech-
niques (None-VTR), including Pix2Vox++ (Xie et al. 2020)
and GARNet (Zhu et al. 2023c), the proposed method out-
performs them a lot on ‘Hemispherical’ and ‘Spherical’ with
much larger view transformations than ‘Aligned’. The pro-
posed method also outperforms all VTR comparisons (all
use Pix2Vox++ as the 3D reconstruction model as ours) on
both ‘Hemispherical’ and ‘Spherical’, indicating the pro-
posed method is more robust to view transformation than
all comparisons. ‘Nature’ and ‘Random’ try to improve the
model robustness via a data augmentation fashion, but also
introduce redundant views to the model training, limiting the
efficiency and effectiveness. VIAT (Ruan et al. 2023) and
MVTN (Hamdi et al. 2022b) are not specially designed for
multi-view 3D reconstruction tasks: VIAT ignores the re-
construction error’s spatial relation to the target views and
MVTN relies on purely model learning for target view esti-
mation without an in-depth rationale for the view selection
step, and thus their performance is reduced. In contrast, the
proposed method considers the spatial connections between
the 3D reconstruction error and the selected views, where
the selected views could cover the reconstruction errors as
much as possible to finetune the multi-view 3D reconstruc-
tion models on these views in the next circle.

Table 2 shows the VTR of Transformer-based multi-
view 3D object reconstruction methods. VTR methods uti-

Test set Aligned Hemispherical Spherical
Method mIoU F score mIoU F score mIoU F score
OCCNet 52.89% 33.46% 38.31 % 21.49% 26.62% 13.74%
Pix2Vox++ 56.30% 38.93% 39.12% 23.90% 30.06% 17.39%
LRGT 62.62% 42.63% 45.17% 26.63% 34.70% 19.52%
Ours (Pix2Vox++) 59.47% 40.32% 43.81% 25.84% 36.54% 20.71%
Ours (LRGT) 63.21% 43.35% 47.14% 28.12% 36.13% 20.20%

Table 5: The experiments on single-view 3D object recon-
struction methods on the test set with view transformations.

Method mIoU F score
Pix2Vox++ 16.24% 7.76%
Ours (Pix2Vox++) 16.45% 7.77%
LRGT 17.08% 7.79%
Ours (LRGT) 17.47% 8.59%

Table 6: The testing results on the Pix3D Chairs dataset.

lize LRGT (Yang et al. 2023) as the 3D reconstruction
model. Similarly, the proposed method also outperforms all
Transformer SOTAs (Zhu et al. 2023b; Yang et al. 2023)
(None-VTR) and view transformation robustness compar-
isons (VTR) on ‘Hemispherical’ and ‘Spherical’, which
proves the advantage of the proposed method and its ef-
fectiveness of boosting the robustness of Transfomer-based
3D reconstruction methods. The performance gain of our
method over comparisons is larger for CNNs-based 3D re-
construction models, due to the weak view fusion ability of
CNNs models compared to Transformer 3D reconstruction
models. Overall, from Table 1 and 2, we can conclude
the proposed method could boost the robustness of both
CNNs-based and Transformer-based 3D reconstruction
models, indicating our method’s generalization ability.

Visualization results. We show the visualization exam-
ples of the proposed method and comparisons in Figure 6
(CNNs-based) and Figure 7 (Transformer-based). In each
figure, for each object example, the left three columns show
the input 3 views, and the middle seven columns indicate
the voxel predictions of the methods, and the last column
is the ground-truth voxel. The first and the second row of
each object example represent results on ‘Hemispherical’
and ‘Spherical’, respectively. In Figure 6 and Figure 7, our
method can recover the rough shape of the plane and the
chair, while comparisons ignore a lot of details, like the
wings of the plane in Figure 6 and the chair legs in Figure
7. We can also observe that the results of the same object of
each method on ‘Spherical’ are worse than on ‘Hemispher-
ical’, because ‘Spherical’ contains larger view transforma-
tions and is more difficult. Transformer-based methods can
achieve better visualization results than CNN-based meth-
ods because Transformer methods have stronger inter-view
fusion ability. No matter whether using which 3D recon-
struction model or on which testing set, the proposed method
always achieves the best results, which indicates the stronger
robustness of the proposed method to view transformations.

Ablation study Ablation study on the interval of degree
K. Table 3 presents the reconstruction result of the model
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Figure 6: The visualization results of CNNs-based methods, and we use Pix2Vox++ as the 3D reconstruction model.
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Figure 7: The visualization results of Transformer-based methods, and we use LRGT as the 3D reconstruction model.

after iterative training with different intervals of degree K
in the view selection, where the best results are achieved by
K = 30◦. It shows a suitable interval of degree benefits
the model in achieving better results. If the degree is too
large, the viewpoint selection will tend to be random; while
if it is too small, it will affect the viewpoint diversity and
hinder the reconstruction robustness. Thus, we experiment
with K = 30◦ in our methods.

Ablation study on the viewpoint pool. We conduct the
ablation study on the effectiveness of the viewpoint pool in
Table 4. It shows that the method with the viewpoint pool
can achieve better performance than without the viewpoint
pool on all testing sets, especially on the ‘Spherical’ set with
much larger view transformations. This indicates the effec-
tiveness of the viewpoint pool in boosting the multi-view 3D
reconstruction model’s robustness to view transformations.

Single-view 3D reconstruction performance. We also
validate the proposed method’s robustness in single-view 3D
reconstruction and compare it with single-view SOTA meth-
ods (Mescheder et al. 2019; Xie et al. 2020; Yang et al. 2023)
in Table 5. It shows that our method achieves better results
than all comparisons on all sets, no matter whether using
Pix2Vox++ (Xie et al. 2020) or LRGT (Yang et al. 2023) as
3D reconstruction models, which proves the effectiveness of
the proposed method for single-view 3D reconstruction.

Evaluation on the real-world Dataset Pix3D. We also
test the proposed method on Pix3D (Sun et al. 2018) to ver-
ify its single-view reconstruction performance on real-world

data with more complicated object viewpoint distributions.
Following (Xie et al. 2020), we use the data from the Chair
category in ShapeNet to generate a training set and render
images with random backgrounds in the SUN dataset (Xiao
et al. 2010), and each object has 60 synthesized images. Ta-
ble 6 shows that our method’s performance is better than
SOTA methods, suggesting that our method helps the 3D re-
construction model generalize better to real-world datasets
by improving the model’s view transformation robustness.

Conclusion
In this paper, we propose a novel reconstruction error-guided
view selection method together with view synthesis via a
Stable Diffusion model to improve the view transformation
robustness of existing multi-view 3D object reconstruction
methods. Instead of randomly synthesizing new views from
Stable Diffusion models and adding them to model training
as a data augmentation approach, we consider the spatial
distributions of the 3D reconstruction errors and use them
to guide the view selection for choosing the most effective
views covering the errors as most as possible. Our proposed
method shows the best view transformation robustness com-
pared to the latest multi-view 3D reconstruction SOTAs and
various view transformation robustness comparison meth-
ods. We provide a new perspective on incorporating large
vision models into existing relatively ‘small’ 3D object re-
construction models for robustness gains without increasing
the model deploying cost.
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