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CPG3D: Cross-Modal Priors Guided 3D Object
Reconstruction
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Abstract—Three-dimensional reconstruction is a multimedia
technology widely used in computer-aided modeling and 3D
animation. Nevertheless, it is still hard for reconstruction methods
to overcome the 3D geometry missing and the object occlusion in
the single-view images. In this article, we propose a novel method
(CPG3D) for reconstructing high-quality 3D shapes from a single
image under the guidance of prior knowledge. Using the single-view
image as the query, prior knowledge is collected from public 3D
datasets, which can compensate for missing 3D geometries and
assist the 3D reconstruction network to high fidelity results. Our
method consists of three parts: 1) Cross-modal 3D shape retrieval
module: This part retrieves related 3D shapes based on 2D images.
Here, we apply the pre-trained model to guarantee the correlation
between the retrieved 3D shape and the input image. 2) Multimodal
information fusion module: We propose a multimodal attention
mechanism to handle the information fusing of 2D visual and
3D structural information; 3) Three-dimensional reconstruction
module: We propose a novel encoder-decoder network for 3D
shape reconstruction. Specifically, we employ the skip connection
operation to link the target image’s visual information with the
3D model’s structural information to enhance the prediction of
3D details. During training, we employ two carefully designed
loss functions to lead the multimodal learning to obtain proper
modal features. On the ShapeNet and Pix3D datasets, the final
experimental results reveal that our method notably increases
reconstruction quality and outperforms SOTA methods.

Index Terms—3D model reconstruction, Multimodal learning,
Cross-modal retrieval.

I. INTRODUCTION

THREE-DIMENSIONAL object reconstruction from a
single-view RGB image is a widely researched multimedia
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task. It has been already applied in computer-assisted model-
ing [1], [2], 3D animation [3], [4] and robot localization [5], [6].
Unlike humans, who can easily infer the 3D shape of an object
from a single image due to previously learned knowledge and an
innate ability for visual understanding, computer vision systems
are unable to directly reconstruct the 3D shapes from a single
image because of the lack of structural information. Hence, the
assistance of shape priors and the ability of shape reasoning play
an indispensable and important role in 3D object reconstruction.

Lots of single-view 3D object reconstruction methods [7], [8],
[9] rely on the massive training on large-scale datasets, which
maps 2D image features into the 3D shape feature space through
convolutional neural networks. However, this learning manner
constrains their reconstruction ability due to the information loss
in the single-view image. Although these methods have achieved
some promising results on the views of 3D objects with clean
backgrounds, they still fail to produce credible reconstruction
results on views with complex backdrops, such as occlusion and
truncation. This condition presents a new challenge to single-
view 3D object reconstruction.

A. Motivation

Prior knowledge [10], [11], [12], [13] is an effective form to
compensate for the 3D geometry loss, which provides the net-
work with multimodal input for a comprehensive understanding
of the target object. Consequently, the pipeline of prior-guided
3D reconstruction can be redesigned as: given a single-view
image, computer vision systems should be able to automatically
associate the shape prior knowledge and utilize this prior knowl-
edge to guide the shape reconstruction. Thus, in this article,
single-view reconstruction is divided into two tasks. 1) Obtain-
ing the prior knowledge from the target image: Humans proac-
tively learn the knowledge and memorize it as priors, while com-
puters similarly obtain their priors from memory units. There-
fore, this task constructs prior memories and retrieves the desired
knowledge. 2) Reconstructing high-quality 3D shapes under the
guidance of prior knowledge: Humans can infer the 3D structure
of objects depicted in images based solely on prior knowledge.
In a similar approach, computers should combine previously
acquired priors with image data and infer the desired shape in
a learnable manner. Consequently, this article focuses on effi-
cient methods of information integration and shape reconstruc-
tion from the integrated features.

Based on previous analyses, we propose a novel 3D object
reconstruction method that recovers the desired shape from a
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combined multimodal representation. First, to obtain appropri-
ate shape priors, we utilize a cross-domain retrieval method that
bridges the gap between images and 3D shapes. Given the input
image, this method returns 3D shapes describing structurally ho-
mologous objects. For instance, when the network receives an
image of a boss chair, the retrieval method will provide 3D chairs
with structures such as large backrests and wheeled five-star feet.
Second, we need to utilize the retrieved 3D shapes to make up
for the missing structural information of the 2D target image. We
first extract the features of images and 3D shapes under the su-
pervision of carefully designed domain-specific loss functions,
which learn the image features on the individual structures and
the shape features on the overall structures, respectively. Then,
we adopted the cross attention mechanism to explore the poten-
tial relation between the image feature and shape prior feature,
based on which they are further combined into a highly inte-
grated feature for 3D reconstruction. Finally, we expected the
integrated feature to carry the overall homologous characteris-
tics from priors and the differentiated individual characteristics
from the single-view image. Thus, we adopted the 3D shape
decoder to recover the 3D structural details from the integrated
feature. Note that, to meet the previously desired reconstruction
effect, the whole training process is under the supervision of the
loss function that examines the reconstruction performance in
3D space.

B. Contributions

The contributions of this article are as follows:
� We propose a novel approach for reconstructing high-

quality 3D shapes based on a given single-view image and
its retrieved 3D prior knowledge. Shape priors can effec-
tively compensate for the unseen structures in single-view
images and optimize the performance of reconstruction;

� We propose a novel multimodal knowledge fusion network
based on the cross attention mechanism, which can hierar-
chically fuse the image’s visual information with relevant
3D shape structural information;

� We propose a three-dimensional reconstruction network
assisted by the skip connections from image features.
Besides, we validate the performance of the proposed
method on the ShapeNet and Pix3D datasets. Several abla-
tion studies are conducted to evaluate the effectiveness of
each module. All experiments demonstrated the superiority
and reasonableness of our network design.

The remainder of this article is organized as follows. Section II
presents related works on 3D shape reconstruction and cross-
modal 3D shape retrieval. Section III provides the details of our
approach. The corresponding experimental results and analysis
are described in Section IV. Finally, we discuss the contributions
and conclude this article in Section V.

II. RELATED WORK

A. Three-Dimensional Object Reconstruction

Due to the wide application prospects of 3D vision, the recon-
struction of 3D objects from a single-view image has attracted

increasing attention. The main concern of single-view recon-
struction is how to recover the missing geometric information
of the input image. Traditional methods dig deep into the poten-
tial 3D representation of the input image, such as shading [14],
[15], [16], [17], occlusion [18], texture [19], [20] and vanishing
points [21].

With the rapid development of deep learning and large-scale
datasets, deep neural networks have shown their superiority. The
early exploration, 3D-R2N2 [7], used a convolutional neural
network with gated recurrent units to recover the full 3D struc-
ture of an object from single or several images. Unlike previ-
ous 3D reconstruction methods that rely on feature matching,
3D-R2N2 directly learns the mapping relationship from 2D to
3D space. However, 3D-R2N2 remains computationally ineffi-
cient. Inspired by the octree structure [22], [23], [24], researchers
of HSP [25], OGN [26] and O-CNN [27] optimized the voxel
representation by the voxel-level occupancy frequency and fa-
cilitated higher resolution prediction. However, it is still difficult
for these methods to generate high-quality 3D shapes. Therefore,
some researchers utilized the efficient 3D representations of the
polygon mesh [28], [29], [30], [31], [32], [33] and deep implicit
representation [34], [35], [36], [37], [38]. Polygon mesh repre-
sents the required shape with vertexes and faces, while implicit
representation depicts the shape with a function between the 3D
point position and the explicit or implicit distance from the point
to the object surface. These methods can generate shapes with
less redundant information. Besides, although the multi-view
reconstruction task has long been dedicated to the combination
of and consistency between different views, some methods [9],
[39], [40] still have decent performance on single-view recon-
struction tasks.

The key point of single-view reconstruction is the prior knowl-
edge that compensates for the missing geometric information.
Pontes et al. [31] represented the desired shape as a weighted
combination of parameterized shape features. Yang et al. [11]
first utilized memory networks [41], [42], [43], [44] to supple-
ment 3D priors to 2D images and generate volumetric shapes.
They introduced the LSTM-based shape encoder to extract shape
priors from the memory network for reconstruction. Siddique
et al. [12] leveraged the symmetries of 3D shapes as the prior
knowledge. They considered that if the neighbors of an object
partial are all symmetric, this partial is strongly judged as sym-
metric, and thus, the predicted shape can be optimized. Gao [13]
et al. employed the domain adaptive learning for the alignment
between 3D priors and 2D input images. They explored the mul-
timodal correspondence between priors and input images, and
further, they designed to divide the predicted shape according to
the voxel grids and locally optimize the predicted shape. These
previous works have verified the effectiveness of shape priors in
3D reconstruction. Thus, we employ cross-domain retrieval to
precisely obtain desired 3D priors and design an efficient net-
work to learn this guidance.

B. Image-Based 3D Object Retrieval

For input images, the compensation of the 3D structure infor-
mation involves the challenge of cross-domain learning. Inspired
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Fig. 1. The framework includes three parts: 1) Cross-modal prior knowledge extraction: input single-view image is used to retrieve the related 3D shape priors.
2) Multimodal information learning: the loss function L2D and L3D is utilized to supervise the feature extraction of the input image and shape priors, and these
extracted features are further fused by the cross-modal attention modules. 3) Three-dimensional model reconstruction: The decoder is used to recover the 3D shape,
and the refiner is adopted to optimize this reconstructed shape in detail.

by the prior-guided method of 3D reconstruction, cross-domain
retrieval appears to be a more effective alternative to the ac-
quisition of priors. Early methods [45], [46], [47] relied on a
linear classifier to match the related shapes. However, the per-
formance of these simple structures was unsatisfactory. There-
fore, metric learning was introduced in many works to reinforce
the performance of cross-domain retrieval. Lee et al. [48] pro-
posed cross-view convolution to sequentially learn multi-view
features for 3D shape representations. Moreover, they proposed
a cross-domain triplet neural network to incorporate metric
learning with cross-domain retrieval tasks. Mu et al. [49] de-
scribed each input point as a point in Euclidean space and then
mapped each 3D shape to a Riemannian manifold. To reduce
the gap between the image and the 3D shape in different spaces,
they bridged these two spaces to a shared high-dimensional
Hilbert space, which greatly facilitated feature matching. Hence,
cross-domain metric learning can effectively address the prob-
lem of complementing the 3D structure priors for the input im-
age. More details about our network will be introduced in the
following sections.

III. APPROACH

In this section, we will detail our approach. Fig. 1 shows the
framework of our approach, which is divided into three parts.

1) Cross-modal prior knowledge extraction: Given the target
image, a cross-modal retrieval approach is adopted to extract
the shape prior knowledge. To guarantee the correlation of re-
trieved results with the target image, we apply a pre-trained CLN
model [50], which will be introduced in the following subsec-
tion. Finally, we select the top N retrieved results as the 3D prior
knowledge to compensate for the missing structural information.

2) Multimodal information learning: On the one hand, for
each modality, the network extracts the individual 3D informa-
tion from the input image and the common 3D information from

the shape priors. On the other hand, the integration of individ-
ual information and common information is generated from our
cross-modal attention modules.

3) Three-dimensional shape reconstruction: The 3D shape re-
construction is solved by adopting the decoder to recover the
3D information from the fused feature. Moreover, a shape re-
finer [40] is employed for better performance, but in the sacrifice
of network lightness.

We will detail these three parts in the following subsections.

A. Cross-Modal Prior Knowledge Extraction

Following the previous work of [50], we deploy the cross-
modal retrieval method based on metric learning. In [50], Nie
et al. first adopted a pose estimation network to predict the
pose information of the input image. Then, this method takes
a single-view image for 3D shape representation, which is ren-
dered from a shape under the predicted pose. An extra CNN
architecture is employed for 3D model feature extraction. Subse-
quently, this approach introduces a joint network for cross-modal
feature learning, which effectively decreases the gap between
modalities. In this procedure, metric learning is exploited to con-
trol the cross-modality feature distribution. The performance on
the MI3DOR dataset [51] demonstrates the effectiveness of this
method. Therefore, we utilized this method in our work for the
retrieval of prior knowledge (3D structural information) from
the input image.

B. Multimodal Information Learning

In this section, we extract the features of the input single-view
image and corresponding 3D shape priors, and then fuse the
multimodal information for 3D shape reconstruction. Here, for
effective feature learning, we extract domain-specific character-
istics from each modality. The retrieved 3D shape priors are
selected based on the similarity of 3D structures. Thus, this
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Fig. 2. Architecture of the image encoder. The green, blue, yellow, and red
arrows represent the skip connections of the feature maps of the input image.

modality can provide an approximate description of the target
3D structure while still lacking individual details. Considering
that the single-view image explicitly describes the target shape
from the 2D perspective, we can directly capture the distinguish-
ing characteristics from this modality to compensate for the lack
of individual characteristics in the 3D modality.

Based on these analyses, we face three problems: 1) How can
the distinguishing individual information be extracted during the
feature learning of single-view images? 2) How can the general
structure information be captured during the feature learning of
the 3D shapes? 3) How can these separate learned information
be combined for 3D shape reconstruction? To deal with these
problems, we design different network components, which will
be introduced in the following subsections.

1) Image Encoder: In this section, we plan to utilize the tar-
get image to guide the generation of individual 3D information.
Therefore, we need to guarantee that the extracted image fea-
ture includes such distinguishing individual information. Here,
we redesign the encoder network based on the VGG-16 struc-
ture [52]. The details of the image encoder are shown in Fig. 2.
We also employ additional branches as skip connections, which
can effectively compensate for the distinguishing features of
different scales during the reconstruction. The stacked convolu-
tional layers can effectively extract the individual information
of different scales. To guide the learning of this distinguishing
individual information, the loss function L2D is designed to am-
plify the individual details of the input image. The loss function
is as follows:

L2D = − 1

B

B∑
i=1

log

(
exp(fif

T
i )∑B

j=1 exp(fifT
j )

)
, (1)

where i, j is the index of the feature vector, and f denotes the fea-
ture vector. fT represents the image feature’s transpose. B is the
size of the training data batch. We compute the cross-correlation
of each image feature vector in every batch of input samples.
Here, each sample can be considered an individual class because
the aim of feature learning is to amplify the individual charac-
teristics of the current sample. Thus, we minimize this function
to extract more individual information from the extracted image
features.

2) Three-Dimensional Shape Prior Encoder: We are in-
spired by the method in [53] to design the 3D shape prior
encoder. This encoder extracts the features of retrieved shape
priors. Because the priors provide a general representation of
the target 3D structure, the extracted features should include

Fig. 3. Architecture of the 3D encoder. We applied the cross-entropy loss
function to optimize the parameters of this network.

a union of similar structures in the 3D domain. As shown in
Fig. 3, we design five 3D convolutional blocks and an extra
linear layer to obtain a feature vector of length 1024 from a
32 × 32 × 32 voxel gird. The kernel size of these convolutional
layers is 43 with padding of 1. The linear layer is used only to
adjust the output channels.

To capture more similar structures of the retrieved priors, we
introduce the cross-entropy loss function for the parameter learn-
ing. The loss function is as follows:

L3D = − 1

N

N∑
i=1

C∑
c=1

y∗
iclog (yic), (2)

where N is the number of training samples, and C is the number
of classes. yic represents the predicted probability of class c, and
y∗

ic is the one-hot coding value of the real label. We applied this
loss function to capture the common 3D characteristics under
each class and to encode these categorical shape structures into
the output features.

We also tried to increase the depth of the shape prior encoder.
However, additional convolutional layers do not lead to better
performance. It not only increases the computation complex-
ity and optimization difficulty, but also causes the information
oblivion in shallow layers. However, too few convolution lay-
ers fail to capture sufficient structural information for the re-
construction, which is revealed by the wrong reconstruction of
categorical parts on the shape. A practical case is that, an in-
put chair with four straight legs was wrongly reconstructed as
a board with no legs, which runs counter to the common un-
derstanding of the structure of chairs. In the future, we hope to
introduce proper residual connections into the deeper prior en-
coder to further enhance the representational ability of the 3D
prior features.

3) Multimodal Information Fusion: The multimodal inputs,
the view, and the prior knowledge are encoded to obtain the
individual feature vectors and the common feature vectors, re-
spectively. For example, for the input view of a “chair”, the view
encoder usually focuses on the shape of the armrests, back and
seat surface (round, square, tall, short, and hollow, etc.), and the
type of legs (straight, curved, or five-star legs, etc.), while the 3D
shape encoder focuses on the common characteristics of chairs,
for instance, the existence of backs and legs. Obviously, these
common features are composed of some individual features, and
the individual features provide the structural characteristics of
the target object that cannot be ignored. Therefore, we design
a multimodal information fusion module, MM-Fusion, based
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Fig. 4. Detailed structure of the Multimodal information fusion network (MM-
Fusion).

on the attention mechanism in Transformer [54], which focuses
on the information interaction between different features and
cascades the correlation between them to achieve cross-modal
feature fusion.

The structure of the multimodal information fusion module
is shown on the left of Fig. 4. The input of the module consists
of two parts, image features and prior knowledge feature sets (a
collection of features of related 3D prior shapes). As shown in
the figure, the fusion module consists of a series of cross-modal
attention sub-blocks, and each sub-block can accept two input
vectors. They are named as side input term, fs, and bottom
input term, f b, according to the input positions in the Fig. 4.
Among them, in order to make full use of the prior knowledge,
all the subblocks take the output of the previous level one as the
f b, except that the first subblock accepts image features as its
f b. Similarly, to prevent the network from forgetting the image
details, all the subblocks take different 3D prior features as the
fs, except the fs of the last subblock, which accepts the residual
connection of image features.

Specifically, each cross-modal attention subblock contains
multiple attention units, and the unit structure is shown on the
right of Fig. 4. Each unit mainly consists of a multi-head cross
attention mechanism and a feed-forward unit. First, the fs and
f b of each subblock need to be pre-processed by the linear layer.
We name the processed results of f b as the term q, while nam-
ing the processed results of fs as terms k and v. Then, the
cross-modal attention units can be expressed as follows.

f bn = LNorm(f b), fsn = LNorm(fs) (3)

q = f bnW Q, k = fsnW K , v = fsnW V (4)

Fig. 5. Architecture of the reconstruction network (Decoder). The input of the
decoder is the fused information of the image encoder and the 3D shape encoder’s
output. Meanwhile, we introduce the skip connections from the image encoder
which are indicated by the green, yellow blue and red arrows.

z = MHCA(q, k, v) (5)

z′ = z + fs (6)

z′′ = FFW (LNorm(z′)) (7)

f = z′′ + z′ (8)

where W Q, W K and W V are the linear layer weight matrices
used for pre-processing. MHCA, LNorm, and FFW represent
the multi-head cross attention, layer normalization, and feed
forward unit, respectively. The term z represents the multihead
attention result, f represents the fusion result of this attention
unit, z′ and z′′ is the intermediate result of the unit.

To be specific, layer normalization, LNorm, computes the
mean and variance on each input feature and reduces the feature
scale to speed up the convergence of training. Feed forward unit,
FFW, is a multilayer perceptron with only one hidden layer
and uses the GELU (Gaussian Error Linear Unit) function [55]
for activation. Multi-headed cross attention can be expressed as
follows,

CrossAttn(q, k, v) = softmax
(

qkT /
√

dk

)
v (9)

Headh = CrossAttn(qh, kh, vh) (10)

z = Concat (Head1, . . . , HeadH) W O (11)

Here, kT is the transpose of embedding k, dk represents the
length of the vector, Headh represents the result of the calcu-
lation of the hth attention head (the total number of attention
heads is H). The function Concat splices the features on the
channel, and the matrix W O is the weight of the linear layer
that processes the splice result.

C. Three-Dimensional Shape Reconstruction

In the shape decoder, we apply a structure that is symmetric
with the 3D shape encoder. The decoder needs to transform
the previously fused features into 3D volumes. We design a
stack of 3D transposed convolutional blocks [56] in the decoder,
as shown in Fig. 5. The whole structure receives a combined
feature of size 1 × 1024 and outputs a voxelized 3D shape of size
32 × 32 × 32. These blocks are all composed of a transposed 3D
convolution layer followed by a 3D batch normalization layer
and a ReLU (Rectified Linear Unit) for optimization, except the
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last block, which imposes a sigmoid optimization for the voxel
occupation probability.

To obtain sufficient information from the input image, we
introduce the image encoder’s processing information into the
transposed convolutional layers in the decoder using skip con-
nections [57], [58]. These connections are illustrated as the col-
ored arrows in Figs. 2 and 5 (Arrows in the same color means
they are the same skip connection). This operation is to compen-
sate for the oblivion of the input information during 3D shape
reconstruction. Note that the feature maps from the image en-
coder is reshaped to match the input size of its skip-connected
3D transposed convolutional layer.

Furthermore, we introduce the refiner network inspired
by [59]. It aims to correct the wrongly recovered parts of a re-
constructed 3D volume. Following the concept of a 3D encoder-
decoder with U-net connections, the refiner preserves the local
structure in the fused volume to generate optimized 3D volumes
at 323 resolution.

1) Optimization: The loss function of the network is defined
as the mean value of the voxelwise binary cross-entropy (BCE)
between the reconstructed object and the ground truth. More
formally, it can be defined as

Lo =
1

S

S∑
i=1

[gtilog (pi) + (1 − gti) log (1 − pi)] (12)

where S is the number of reconstructed voxel units per shape.
gt represents the ground truth shape, and p is the predicted oc-
cupancy probability. The decrease in the Lo value demonstrates
that the prediction approaches the ground truth.

Overall, the loss function L2D and L3D are used for updat-
ing the parameters of the image encoder and shape encoder,
respectively. Lo reflects the reconstruction quality and, thus, is
employed for updating the parameters of the entire network. Be-
sides, we employ an additional BCE loss, Lr, to train the Shape
Refiner. The classic Adam optimizer [60] is used to handle the
optimization.

IV. EXPERIMENTS

In this section, we present extensive experimental evaluations
of CPG3D on the ShapeNet [61] and Pix3D datasets [62]. We
first describe the datasets and evaluation protocols. Then, the im-
plementation details of the proposed methods are shown briefly.
Above all, we report experimental evaluations of the proposed
methods against state-of-the-art methods. Based on this, the ab-
lation study and analysis further reveal the inner rationality and
effectiveness of the proposed method.

A. Datasets

ShapeNet: ShapeNet [61] is announced as an ongoing effort
to establish a richly annotated large-scale dataset of 3D shapes.
However, the complete ShapeNet dataset is still not publicly
available. For a more convenient use of the dataset, ShapNet-
Core V1 was released as a subset of the full ShapeNet dataset
with single clean 3D models and manually verified category and
alignment annotations. It covers 55 common object categories

with approximately 51,300 unique 3D models, but no rendered
images are provided. Thus, we use the renderings provided by
Choy et al. [7]. They rendered every model into 24 views and
voxelized the models into 3D voxels while following the origi-
nal naming and classifying strategies. The 24 randomly rendered
views of each 3D model are of size 137 × 137, and voxelized 3D
shapes are of size 32 × 32 × 32. In addition, a uniform colored
background is applied to the image during the experiment.

Pix3D: The Pix3D dataset [62] is a large-scale benchmark
of diverse image-shape pairs with pixel-level 2D-3D alignment
that is specially built for image-based reconstruction tasks. The
dataset contains 395 real-world models and 10,069 images of
9 object classes. Different from other previous datasets, Pix3D
possesses both real-world images and precise 2D-3D alignment
while maintaining the divergence of 3D models. The Pix3D
dataset comes with rich information about each image-shape
pair: 2D and 3D key points, voxel representation, image mask,
and rendering camera intrinsic and extrinsic parameters. More-
over, Pix3D denotes the occlusion and truncation of each model
as fields in the comprehensive document.

B. Evaluation Metrics

Before evaluating the reconstruction quality of the proposed
method, we binarize the reconstructed probability voxels at a
fixed threshold of 0.4 and thus output the standard voxel shapes.
For the similarity measure between reconstructed shape and
ground truth, we use intersection over union (IoU), which suits
volumetric approaches best. More formally,

IoU =

∑
i,j,k I

(
ŷ(i,j,k) > τ

) ∧ I
(
y(i,j,k)

)
∑

i,j,k I
(
ŷ(i,j,k) > τ

) ∨ I
(
y(i,j,k)

) (13)

where τ is the threshold of the previously mentioned binarization
while I represents an indication function. The term y and ŷ
represent the corresponding occupancy of the ground truth and
the predicted probability at voxel position (i, j, k), respectively.

For a more robust indicator of the reconstruction performance,
Tatarchenko et al. [63] proposed an F-score that calculates the
harmonic mean between precision and recall. In this case, pre-
cision indicates the accuracy of the reconstruction, and recall
indicates the completeness of the reconstruction. More formally,

F-score(d) =
2P (d)R(d)

P (d) + R(d)
(14)

where P (d) and R(d) represent the precision and recall at a fixed
distance threshold d, respectively. Specifically,

P (d) =
1

nR

∑
r∈R

[
min
g∈G

‖g − r‖ < d

]
(15)

R(d) =
1

nG

∑
g∈G

[
min
r∈R

‖g − r‖ < d

]
(16)

where R and G denote the reconstructed and ground truth point
clouds, respectively. The term n with subscripts R and G repre-
sents the scale of the corresponding point clouds. The F-score
works on the point clouds and concerns the distance between
the points and surfaces. Therefore, for volumetric approaches,
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TABLE I
COMPARISON OF SINGLE-VIEW 3D OBJECT RECONSTRUCTION ON SHAPENET AT 323 RESOLUTION. WE REPORT THE MEAN IOU PER CATEGORY

TABLE II
COMPARISON OF SINGLE-VIEW 3D OBJECT RECONSTRUCTION ON SHAPENET AT 323 RESOLUTION. WE REPORT THE F-SCORE@1% PER CATEGORY

we utilize the marching cubes algorithm [64] to construct the
object surface and then sample 8,192 points from this surface
for the F-score calculation. For the surface-based methods with-
out explicit points, we also use the marching cube algorithm to
construct the surface and then sample 8,192 points to compute
the F-Score.

C. Implementation Details

Our network inputs are set to RGB images on the scale of
224 × 224, and the retrieved voxels are all in the size of 32 ×
32 × 32. Note that the original volumetric shapes in the Pix3D
dataset are of size 128 × 128 × 128. Thus, we downsampled the
input voxel shapes into 323 to align with the input channel of
the shape prior encoder. The volumetric output is identical to the
input voxels in size. For single-view images, we use pre-trained
VGG-16 [52]. The retrieved voxels are encoded by the stacked
3D convolutional layers. To effectively utilize the multimodal
features, we set each of the cross-modal attention blocks as two
attention units with six heads. On the decoder, we exploit five
transposed 3D convolutional layers to reconstruct the volumes.
During the training procedure, we implement our network in
PyTorch with a data batch size of 29 on a single Nvidia GTX
1080Ti GPU, and the unfull batch is discarded. In addition, we

use an Adam optimizer [60] with a β1 of 0.9 and β2 of 0.999.
The initial learning rate is set to 10−5 and decays to a half after
150 epochs.

D. Single-View Reconstructions

1) Evaluation on ShapeNet: To demonstrate the perfor-
mance of our approach, we compare our method with several
SOTA methods on the ShapeNet dataset. To ensure a fair com-
parison, all methods are evaluated under the same input images
for all experiments. The final experimental results are listed in
Tables I and II. Higher scores of IoU and F-Score@1% indicate
better reconstruction quality.

Fig. 6 shows several reconstruction examples on the ShapeNet
testing set. In these examples, benefiting from the retrieved shape
priors, CPG3D maintains the fundamental structures of the tar-
get shape, such as the legs of the chair and the spoiler wing of
the sports car. Meanwhile, CPG3D also captures more details of
the input images, for instance, the shapes of sofa armrests, holes
in stool legs, and wheels of the car. Compared with the implicit
surface reconstruction method DISN, our method recovers bet-
ter details of the target shapes, but DISN always reconstructs
smoother surfaces, which is the inborn advantage of the implicit
surfaces.
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Fig. 6. Examples of single-view 3D object reconstruction on the ShapeNet dataset.

TABLE III
COMPARISON OF SINGLE-VIEW 3D OBJECT RECONSTRUCTION ON PIX3D AT

323 RESOLUTION USING MEAN IOU AND F-SCORE@1%

2) Evaluation on Pix3D: We also evaluated the performance
on the Pix3D dataset. Pix3D aligned the 3D models precisely
with the images and marked the shapes of occlusion and trun-
cation. Thus, the results on the clear images can verify the
performance on single-view reconstruction, and the results on
the disturbed images demonstrate the positive effects of the re-
trieved shape priors. The overall quantitative results are shown in
Table III. CPG3D achieves the best performance compared with
previous SOTA methods. We visualized some reconstructed ex-
amples and corresponding retrieved priors in Fig. 7. The quanti-
tative results show that the introduction of shape priors can also
improve the reconstruction qualities of real-world images. In ad-
dition, we reconstruct both the occluded images and unoccluded
images in Figs. 8 and 9, respectively. The visualized results

TABLE IV
COMPARISON OF SINGLE-VIEW 3D OBJECT RECONSTRUCTION ON SHAPENET

AT 643 AND 1283 RESOLUTION. WE REPORT THE MEAN IOU AND

F-SCORE@1%

on unoccluded shapes show that CPG3D outperforms previous
methods and recovers more details of the target shapes. On the
other hand, the visualized results on occluded shapes obviously
outperform the previous methods. CPG3D correctly recovers
the occluded parts in the input images, while other methods are
confused by these disturbances. These evaluated results indicate
that CPG3D generates more compelling shapes on images with
complicated backgrounds and disturbances such as occlusion.

3) Higher-Resolution 3D Object Reconstruction: Shapes in
low resolution have better portability due to their lightness in
size. However, this property also signifies their lack of high-
frequency shape details. Therefore, unlike the commonly re-
searched resolution of 323, we fit our method to reconstruct
shapes in higher resolution to evaluate the performance of our
3D-prior-based method in handling more complex details. Fol-
lowing the experiment settings in OGN [26], we report the mean
IoU and F-Score@1% in the resolution of 643 and 1283 in
Table IV. The experimental results show that our method outper-
forms Pix2Vox, Matryoshka [71], and OGN by a large margin.

Authorized licensed use limited to: Anhui Normal University. Downloaded on December 26,2023 at 10:16:14 UTC from IEEE Xplore.  Restrictions apply. 



NIE et al.: CPG3D: CROSS-MODAL PRIORS GUIDED 3D OBJECT RECONSTRUCTION 9391

Fig. 7. Single-view 3D object reconstructions and related retrieved priors on the Pix3D dataset.

Fig. 8. Reconstructions of occluded samples on the Pix3D dataset.

Furthermore, to illustrate the reconstructing ability, we visual-
ized several examples in Fig. 10, as shown in which, our method
is more capable of capturing high-resolution details than the
previous method, such as the hubs, pedals, police lights, and
bumpers.

E. Ablation Study

1) Network Structure Ablation: There are four modules in
this network: image encoder, 3D model encoder, feature fusion

Fig. 9. Reconstructions of unoccluded samples on the Pix3D dataset.

module, and shape reconstruction module. We performed abla-
tion experiments on these modules to demonstrate the rational-
ity and superiority of our design. The quantitative results on the
ShapeNet dataset are listed in Table V.

a) Ablation on image encoder: Our shape reconstruction
occurs under the guidance of shape priors. Nevertheless, the re-
trieved shape priors focus on the recovery of structurally similar
areas, which leads to unsatisfactory reconstructions. Relevant
experimental results are in Table V.
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Fig. 10. Single-view reconstructions on ShapeNet-car dataset at 1283 resolu-
tion.

TABLE V
ABLATION STUDY ON THE NETWORK STRUCTURE ON SHAPENET DATASET

b) Ablation on shape encoder: To demonstrate the effec-
tiveness of shape priors, we performed an ablation study on the
shape encoder, i.e., reconstruction from input images. Although
the quantitative results are comparable to those of some previ-
ous methods, there is still room for improvement when compared
with our prior-guided pipeline.

c) Ablation on refiner: Our reconstructions from the shape
decoder are further optimized in a U-net [58] manner, which is
defined as refiner in the shape reconstruction module. Here, we
pruned refiner to test the optimization effects. The quantitative
results in Table V demonstrate the important role of Refiner in
improving reconstruction quality.

d) Different batch sizes: Our baselines are divided into
w/o Refiner, w/o Shape Encoder, and w/o Image Encoder. We
conducted experiments of these baselines under different batch
sizes. Under the batch size of 29, the entire pipeline achieved
the best performance. According to the experimental results in
Table V, the performance of baselines improves with increas-
ing batch size, but the improvement trend gradually stabilizes.
The results of the baselines do not exceed the entire pipeline’s
performance. In conclusion, the batch size indeed influences
the performance of the baselines. However, the effect is lim-
ited. The baseline methods, which lack relevant modules, can-
not get the best result beyond the entire pipeline of CPG3D. It

TABLE VI
EFFECTS OF DIFFERENT LOSS FUNCTIONS ON SHAPENET DATASET. (NOTE

THAT WE USE “+” TO REPRESENT “AND” BUT NOT MATHEMATICAL

PLUS OPERATION.)

indirectly proves the necessity and rationality of each module in
our approach.

2) Loss Functions: We utilized different loss functions for
each module in our network: (1) L2D: Optimizing the image en-
coder by enhancing the differences between samples in a batch
(note that L2D(CE) is a cross-entropy variant of this function);
(2) L3D: a cross-entropy loss function concentrating on the cat-
egorical information of 3D priors; (3) Lo and Lr: two binary
cross-entropy loss functions comparing the 3D occupancy be-
tween the predicted shape and corresponding ground truth. In
this part, we validate the effects under different loss functions.
Related experimental results are listed in Table VI. Note that
BCE loss is indispensable for shape reconstruction, and thus
our experiments reveal the effects of other losses based on Lo

and Lr. For simplicity, we note Lo + Lr as LBCEs.
It is obvious that images lack the details of unseen parts, and

the shape priors struggle to recover object-specific details. This
situation requires our network to capture more individual de-
tails from input images and more generic structures from com-
bined shape priors. The commonly used loss function L2D(CE)

focuses on category-level features, while our L2D emphasizes
the importance of object-divergent features. The improvement
from L2D(CE) + LBCEs to L2D + LBCEs demonstrates that
the object-divergent information indeed benefits the reconstruc-
tion. Consistent with the above conclusions, L2D + LBCEs out-
performs L3D + LBCEs and even L2D(CE) + L3D + LBCEs

due to the incorporation of individual features. The loss term
L2D + L3D + LBCEs takes both individual details and generic
structures into consideration and undoubtedly achieves the best
performance.

3) Skip Connections: The deep neural network is difficult to
optimize due to overfitting, unstable random initialization, and
gradient problems. Inspired by the designs of ResNet [72] and
U-Net [73], we introduced skip connections between the image
encoder and the reconstruction decoder. Although this design
has widely proven to be effective for network convergence, the
connection orders still remain to be further studied. To weigh the
improvement benefited from skip connections against the com-
putational consumption caused by the same scheme, we evalu-
ated our network on different orders of such connections, and the
quantitative results are listed in Table VII. Here, following the
structure in Fig. 1, Skc represents the skip connection, and the
indexes ascend from shallow to deep in the image encoder. Ex-
perimental results show that the relative high-resolution features
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TABLE VII
EXPERIMENTS ON DIFFERENT SKIP-CONNECTION ORDERS ON

SHAPENET DATASET

Fig. 11. IoU score and VRAM usage of different batch sizes on ShapeNet
dataset.

from shallow layers can compensate for the information in deep
layers in the decoder and thus produce better reconstructions.

4) Influence of Different Batch Sizes: We optimized image
loss L2D to capture the divergent information between input
images. Because L2D is computed within a batch, we evaluated
the network on different batch sizes. As illustrated in Fig. 11, the
size of the bubbles is proportional to the VRAM usage. A larger
batch size tends to capture more divergent information while the
VRAM consumption increases simultaneously. We perform the
experiment on a single NVIDIA GTX 1080Ti, which supports a
maximum batch size of 29, and we will explore the performance
on a larger batch size in future work.

F. Analysis

1) Influence of Disturbances on Retrieved Priors:
a) Positive disturbances: Our cross attention module is

sensitive to the size of the input feature sequence, which is exper-
imented as a positive disturbance on the retrieved priors. In this
part, we trained our network on different numbers of retrieved
priors and used IoU as the criterion. The results are visualized
as the orange-colored histogram in Fig. 12. Considering that the
function L3D leads to more general representations of similar
3D structures, our newly increased shape priors can enrich these
representations and thus positively influence our reconstruction.

Fig. 12. Influence of Disturbances on Retrieved Priors on ShapeNet dataset.

Nevertheless, this positive impact is not unlimited due to the re-
dundancy of similar information. Our experiment shows that
the increase is almost halted when there are more than five input
priors.

b) Negative disturbance: For some samples with unique
structures, the increasing number of retrieved priors inevitably
introduces priors of low retrieval confidence. Here, we artifi-
cially introduce specific numbers of unmatched priors to evalu-
ate the robustness of the network. The qualitative results (green-
colored histogram in Fig. 12) show that our network can maintain
the performance when the number of mismatched priors is less
than 3. Note that the extreme situation of input ten mismatched
priors still reached the IoU of 0.634, which also verified the
robustness of our network on this disturbance.

2) Comparison With Best Retrieval Baseline: As mentioned
in [63], encoder-decoder structured networks easily fall into the
recognition [63] problem, which merely pertains to the whole
object and only performs the retrieval on the dataset. To test the
upper bound of the retrieval methods on ShapeNet, we evalu-
ated the Oracal Nearest Neighbour (Oracal NN) baseline, which,
based on our shape encoder, finds the most similar shape from
the training set for shapes in the test set and calculates IoU
between the ground truth and the retrieved shape. The Oracle
NN baseline demonstrates the best performance of the retrieval
methods, which, on the other hand, confirms that our method
is not a pure recognition network. The experimental results are
listed in Table VIII.

3) Analysis of Feature Fusion Methods: To handle the fu-
sion of multimodal information, we modified the cross attention
mechanism from Transformer [54] and designed the MM-Fusion
module. To verify the effect of this design, we compare it with
some classic information fusion strategies. The related experi-
mental results in Table IX show that MM-Fusion outperforms
other methods. This structure can effectively reduce the redun-
dant information and thus guarantee the effectiveness of the
fused features.

4) Analysis of Feature Distribution: In this article, we uti-
lize the retrieved 3D priors to supplement structural information
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TABLE VIII
COMPARISON WITH ORACLE NN ON SHAPENET DATASET

TABLE IX
EFFECTS OF DIFFERENT FUSION METHODS ON SHAPENET DATASET

lost due to occlusion and background noise. Assume that the
reconstruction target is a chair with rectangular arms and four
straight legs. The retrieved priors capture this structural infor-
mation while they are different in details, such as the thickness
of the legs or the size of the arms. In other words, these priors are
clustered according to the general 3D structures. However, the
goal of 3D reconstruction is to recover the exact object from the
input image but not to retrieve a similar 3D structure. Thus, we
apply a correlation loss L2D to guide the image feature learn-
ing to capture more characteristic features. Here, we apply the
tSNE [74], [75] toolbox to visualize the distribution of extracted
image features and prior features in Fig. 13. As illustrated in
the figure, the shape priors clustered tighter according to the
class to which they belong, but in some special categories, the
network struggles to distinguish features such as the ‘Cabinet’
and ’Speaker’ because their ShapeNet ground truth volumes are
similar in size and also share some common characters in 3D ap-
pearance. On the other hand, the image features are loosely dis-
tributed because they are more concerned with individual-level
discrimination. This observation validated the rationality of our
motivation as well as the effectiveness of the network design.

5) Analysis of Generalization: To test the generalization of
CPG3D, we processed ShapeNet categories beyond the 13-
category data used in previous experiments in IV-D and per-
formed evaluations on CPG3D. Note that our priors are also
fine-tuned on novel categories. Some experimental results are
visualized in Fig. 14. As shown in the figure, CPG3D captures
the general structures of target shapes, but there is still a gap be-
tween the reconstructed details and ground truths. Our method
basically recovers the overall structure information. Further-
more, comparing reconstructed shapes with and without priors,
CPG3D indeed learns essential information for better recon-
structions from shape priors. This demonstrates the necessity of
introducing prior information.

Fig. 13. (a) Distribution of features extracted by the image encoder on
ShapeNet dataset. (b) Distribution of features extracted by the shape prior en-
coder.

Fig. 14. Reconstrucions on unseen categories on ShapeNet dataset.

V. CONCLUSION

In this article, we proposed a novel approach for reconstruct-
ing high-quality 3D objects based on a single-view image and
its related 3D shape prior knowledge. We creatively utilized the
image to retrieve similar 3D shapes as prior knowledge. These re-
trieved priors can provide effective geometric information for 3D
reconstruction. Meanwhile, we proposed a novel cross-modal
integration network for the joint learning of views and priors.
Subsequently, we reconstruct the object volume from integrated
features and introduced skip connections to optimize the recon-
struction. Experimental results demonstrated that our approach
significantly improves the reconstruction quality and performs
favorably against state-of-the-art methods on the ShapeNet and
Pix3D datasets.
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