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A B S T R A C T

Retrieving 3D shapes with 2D images has become a popular research area nowadays, and a great deal
of work has been devoted to reducing the discrepancy between 3D shapes and 2D images to improve
retrieval performance. However, most approaches ignore the semantic information and decision boundaries
of the two domains, and cannot achieve both domain alignment and category alignment in one module.
In this paper, a novel Collaborative Distribution Alignment (CDA) model is developed to address the above
existing challenges. Specifically, we first adopt a dual-stream CNN, following a similarity guided constraint
module, to generate discriminative embeddings for input 2D images and 3D shapes (described as multiple
views). Subsequently, we explicitly introduce a joint domain-class alignment module to dynamically learn a
class-discriminative and domain-agnostic feature space, which can narrow the distance between 2D image
and 3D shape instances of the same underlying category, while pushing apart the instances from different
categories. Furthermore, we apply a decision boundary refinement module to avoid generating class-ambiguity
embeddings by dynamically adjusting inconsistencies between two discriminators. Extensive experiments and
evaluations on two challenging benchmarks, MI3DOR and MI3DOR-2, demonstrate the superiority of the
proposed CDA method for 2D image-based 3D shape retrieval task.
1. Introduction

3D shape retrieval has drawn increasing attention due to its wide
applications in 3D digital manufacturing, 3D printing, virtual reality
and medical imaging [1,2]. Although great achievements have been
made in the homogeneous 3D shape retrieval community, the following
problems still exist. Most methods are trained in a supervised manner
based on manually labeled 3D shape datasets [3,4], which are expen-
sive to collect in practice. Meanwhile, these methods are limited in the
case where only unlabeled 3D shape data is available. Compared to
methods that use 3D shapes as queries, the 2D image-based 3D shape
retrieval is extremely attractive since 2D images provide a flexible and
user-friendly way for input, users can take pictures of the objects they
are interested in through mobile phones or cameras, or search images
directly from the Internet. Despite the advantages of 2D image-based
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3D shape retrieval, it is a quite challenge due to the huge distribution
bias between two domains. We may not train an out-of-the-box deep
network since we need to address the following issues.

How to improve the intra-class compactness and inter-class
separability of each domain? As shown in Fig. 1, 2D images from the
same category usually have distinct disparities, resulting in significant
intra-class variations, and this may create difficulties in feature learning
for saliency. As for 3D shapes, due to the lack of ground truth labels,
the learned representations may not be optimally discriminative, which
in turn raises the possibility that different categories of representations
are mixed together in the deep feature space. Therefore, it is necessary
to take steps to minimize the intra-class differences and maximize the
inter-class discrepancy in the feature learning process. By doing so, we
can preserve the semantic structure for both domains and enhance the
discrimination of feature representations.
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Fig. 1. Examples of 2D images and 3D shapes on MI3DOR.

How to achieve cross-domain distribution alignment and con-
sequently improve retrieval accuracy? Fig. 1 presents a few samples
of 2D images and their corresponding 3D shapes. We can immediately
observe the huge differences between the two domains in terms of
background, illumination, viewpoint, etc., which leads to nonnegligible
cross-domain discrepancy. To alleviate this discrepancy, a variety of
approaches have been proposed to align the feature distribution across
domains [5–9]. One of the classic approaches is adversarial-based meth-
ods [9], which jointly train a feature extractor and a domain discrimi-
nator in an adversarial training paradigm. Unfortunately, this practice
does not guarantee a successful transfer, as it can only guarantee the
global domain alignment, not the local class alignment. Furthermore,
another strategy is reducing the distance between two distributions,
i.e., moments or maximum mean discrepancy [6,8]. However, these
distance-based approaches may fail to extract domain-invariant fea-
tures because they do not consider the relationship between feature
representations and category decision boundaries when aligning dis-
tributions. These strategies focus on reducing the distance between
domains and tend to ignore class decision boundaries, thereby pro-
ducing features that are close to the decision boundaries and are not
discriminative enough to be categorized into specific class. Therefore,
aligning different domain distributions while considering the relation-
ship between feature representations and category decision boundaries
is the challenge we must address.

To tackle the above problems, we propose a novel model, namely
Collaborative Distribution Alignment (CDA) to diminish the domain
discrepancy for 2D image-based 3D shape retrieval. Fig. 2 shows the
framework of our proposed model. Directly matching 3D shapes to 2D
images suffers great discrepancy between 2D and 3D representations.
Therefore, we project the 3D shapes to multiple 2D rendered views to
further bridge the domain gap. In the training process, we first utilize
a dual-stream CNNs to generate embeddings of both input 2D images
and 3D shapes (multi-view). In addition to minimizing the classification
error of labeled 2D images, we construct a similarity guided constraint
to preserve the semantic structure for both domains, this constraint
is able to explicitly model the intra-class compactness and the inter-
class separability via triplet loss optimization. Subsequently, in order
to diminish the huge cross-domain divergence between learned embed-
dings of 2D images and 3D shapes, we develop a joint domain-class
alignment network, to perform both domain-aware and class-aware
alignments with a 2N-way adversarial loss. Here 2N represents the
total number of categories in 2D image and 3D shape domain. The
first N represents the 2D image categories, the second 𝑁 represents
the 3D shape categories. There are two 2N-way discriminators and
a feature extractor in our work. The 2N-way discriminator is trained
to simultaneously identify the domain and class label of embeddings,
2

while the feature extractor is trained to confuse it [10]. Compared
to previous methods design a binary or N-way discriminator [9,11,
12], our 2N-way discriminator can better produce a domain-agnostic
and category-discriminative feature representation. Although we have
tried to align the joint distribution of domain and class, the learned
decision boundaries may generalize poorly on the 3D shape domain.
Since we have not taken class boundaries into account during the
adaptation process, there may exist many suboptimal solutions near the
decision boundaries. Therefore, we adopt a novel mechanism to train
two discriminators in an adversarial manner, we first maximize the
disagreement between two discriminators’ outputs to detect 3D shape
features that are close to the decision boundaries. Then we update the
feature extractor to generate 3D shape features far from the decision
boundaries by minimizing the disagreement. By doing so, the class-
ambiguous 3D shape embeddings are converted to more discriminative
ones.

To summarize, the key technical contributions of this work are
three-fold:

• We apply the similarity guided constraint module to 2D image
and 3D shape embeddings to explicitly model the intra-class
compactness and the inter-class separability.

• We introduce a novel adversarial learning-based framework for
2D image-based 3D shape retrieval. The framework realizes both
global domain alignment and local category alignment in one
module, which greatly alleviates the problem of cross-domain
feature mismatch.

• Our method achieves competitive performance compared to the
state-of-the-art on MI3DOR and MI3DOR-2 benchmarks.

The rest of this paper is organized as follows. Related work on 3D
shape retrieval and domain adaptation is described in Section 2, and
the proposed method is presented in Section 3. Section 4 illustrates
the experimental results and corresponding analysis, and Section 5
concludes the paper.

2. Related work

The work done in this paper is related to previous work in 3D
shape retrieval, which has been extensively studied for decades. This
work also deals with domain adaptation, which is a very insightful and
promising research on transferring the knowledge from labeled data to
unlabeled data. Below, we briefly review the related works.

2.1. 3D shape retrieval

The existing 3D shape retrieval approaches can be broadly grouped
into two categories: model-based approaches [13–15] and view-based
approaches [3,16,17]. Model-based approaches typically describe 3D
shapes as polygon meshes [13], point clouds [14], and voxels [15], etc.
For instance, Bronstein et al. [13] extended the CNN operations to the
weighted undirected graphs defined by irregular triangle meshes. Qi
et al. [14] presented an outstanding work PointNet, which takes full
advantage of the symmetric function to learn 3D features on unordered
point cloud. Wang et al. [15] constructed an octree of the input 3D
shapes and packed the required information into it. With the help of
this octree structure, all 3D CNN operations can be efficiently executed
on the GPU.

Compared to model-based approaches that work directly on 3D
data, view-based approaches generally convert 3D shapes into 2D
projections, and utilize established 2D CNNs to process these rendered
views to obtain multi-view features [3,4,16,18]. By mimicking the
human visual perception of 3D shapes with 2D observations, the view-
based methods have obtained very competitive performance on the 3D
shape retrieval task. Among them, Su et al. [3] proposed the landmark
work, Multi-view Convolutional Neural Networks, which designs a
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Fig. 2. The pipeline of our model for 2D image-based 3D shape retrieval. We first utilize a feature extractor to produce embeddings of both input 2D images and 3D shapes
(described as multiple views). Specifically, the embeddings of 2D images are marked in blue, while the embeddings of 3D shapes are marked in pink. Then we apply a similarity
guided constraint (SGC) on both embeddings to compact the semantically similar instances and separate the semantically dissimilar instances. In the joint domain-class alignment
module, all embeddings are shared by two distinct 2N-way discriminators 𝑃1, 𝑃2. The 2N-way discriminator is trained to simultaneously identify the domain and class label of
the embeddings, while the feature extractor is trained to fool it to achieve both domain and class alignment. Furthermore, we train two discriminators in an adversarial manner
to push the class-ambiguity embeddings far away from the decision boundaries in the decision boundary refinement module. Finally, we adopt the L2-distance as the metric to
measure the visual distance of 2D image embeddings and 3D shape embeddings to complete the retrieval task.
multi-view CNN operating on multiple 2D projections that rendered
from different angles of the 3D shape, and employs a view-wise pooling
strategy to assemble multi-view features into a unified and compact 3D
shape descriptor. This work was later extended to many other networks
to further explore the associations between rendered views [4,16,18].
Nie et al. [17] adopted panoramic views to represent each 3D shape,
in their work, an innovative multi-scale CNN is used to generate visual
features for each panoramic view. Then a new multi-channel network is
presented to generate a representation of each 3D shape by combining
panoramic features from different axes.

All the above 3D shape retrieval methods are designed on closed
dataset, while the emerging cross-domain 3D shape retrieval is cur-
rently a more challenging task with a wider range of applications.
Recently, two benchmarks, SHREC14’SBR and SHREC19’MI3DOR, have
been proposed to evaluate sketch-based 3D shape retrieval methods
and 2D image-based 3D shape retrieval methods, respectively. For
the former, Chen et al. introduced a cross-modal transformation net-
work to compensate for the discrepancy between the two modalities
of sketch and 3D shape [1]. For the latter, Lee et al. proposed a
cross-domain triplet network to bridge the gap between 2D images
and 3D shapes, which contains an adaptation layer to better align
features from different domains [19]. However, these methods target
supervised cross-domain 3D shape retrieval, and we are unable to label
all 3D shapes in practice. Therefore, it is indispensable and essential
to mitigate the cross-domain discrepancy in the absence of 3D shape
labels.

2.2. Domain adaptation

2D image-based 3D shape retrieval is closely related to domain
adaptation. Early methods for domain adaptation are based on shallow
learning [20–25], where the feature representation is fixed during
training, and then a geometric transformation is applied to the features
to match the source and target domains. That is, the feature learning
3

and domain adaptation are not trained together. These methods usually
perform poorly on large datasets. With the advancement of deep learn-
ing, a growing number of researchers tend to focus on deep domain
adaptation.

Deep domain adaptation work combines domain adaptation with
deep learning, and several losses have been designed to tackle the
domain shift issue, such as discrepancy loss [26–29] and adversarial
loss [30–33]. Among them, discrepancy-based approaches explicitly
measure the differences between source and target domains, such as
multi-kernel variants of maximum mean discrepancy [26], moment
matching [27,28] and correlation alignment [29], etc. Adversarial-
based methods generally combine domain classifier with feature extrac-
tor to produce spurious source or target data to obfuscate discriminator,
typically based on GANs [34] and their variants such as CycleGAN [30],
CoGAN [31,32] and SimGAN [33]. Although in recent years, with the
rapid development of computer vision technology, domain adaptation
has made great progress, but domain adaptation can not be directly
used in 2D image-based 3D shape retrieval tasks, because (1) they
cannot process 3D data and (2) these methods do not take into account
the setting of the retrieval task.

3. The proposed algorithm

3.1. Overview

Given a labeled 2D image domain (source domain) 𝑠 =
{

𝑥𝑖𝑠, 𝑦
𝑖
𝑠
}𝑛𝑠
𝑖=1

and an unlabeled 3D shape domain (target domain) 𝑡 =
{

𝑥𝑖𝑡
}𝑛𝑡
𝑖=1. The

goal of our model is to utilize labeled 2D images and unlabeled 3D
shapes to jointly decrease the cross-domain divergence for 2D image-
based 3D shape retrieval. Note that the intrinsic distribution P and Q
corresponding to 2D image domain and 3D shape domain are different
in the shared label space.

As depicted in Fig. 2, our model contains three major modules:
visual embedding generating, collaborative distribution alignment and
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retrieval. The visual embedding generating module aims to generate
visual features for both domains. After that, we fed those feature
representations into the collaborative distribution alignment module.
There are three sub-modules in it: similarity guided constraint, joint
domain-class alignment and decision boundary refinement. The first
sub-module is designed to preserve the semantic information of both
domains by decreasing the intra-class distance and increasing the inter-
class distance, and to further provide more reliable annotations for
3D shape instances. The second sub-module is designed to learn a
class-discriminative and domain-agnostic feature space, whereas the
third sub-module is designed to push the embeddings far away from
the decision boundaries to further facilitate the generation of dis-
criminative embeddings. In the retrieval step, we take the outputs of
visual embedding generating module on the test set as the feature
representations, then measure the visual distance between them by L2-
distance, and finally rank the visual distance to complete the retrieval.
We will detail the proposed architecture in the following subsections.

3.2. Visual embedding generating

As shown in Fig. 2, the first step of our method is to obtain the visual
features of 2D images and 3D shapes. In order to alleviate the modality
divergence between 2D images and 3D shapes, we utilize the multi-
view representation to characterize 3D shapes. Specifically, the Phong
reflection model [35] is employed as the rendering engine to generate
2D projections of 3D shapes. Following [3], we place 12 virtual cameras
at intervals of 30◦ evenly around the 3D shape, all pointing to the
centroid of 3D shape, thus generating 12 different 2D projections. We
adopt a dual-stream CNNs architecture to manipulate the 2D images
and the 2D projections separately. It is worth noting that both streams
share the same parameters. After visual embedding generating, we get
12 view features for each 3D shape. Then, we merge them into a unified
and compact 3D shape descriptor by max-pooling operation [3].

3.3. Collaborative distribution alignment

3.3.1. Similarity guided constraint
Given a 2D image 𝑥𝑠, the feature extractor 𝛷(⋅) outputs a feature

map 𝛷(𝑥𝑠), which is fed into the classifier 𝐶𝜃(⋅) to generate a category
prediction:

𝐟 = 𝐶𝜃(𝛷(𝑥𝑠)) ∈ R𝑁 (1)

where 𝑁 represents the total number of classes in 2D image domain,
and the number of 3D shape classes is the same as that of 2D image
classes. The feature extractor 𝛷(⋅) and the source-supervised classifier
𝐶𝜃(⋅) are trained together on the labeled 2D image domain to minimize
the following classification objective:

𝑐𝑙𝑠 = 𝐸(𝑥,𝑦)∼P 𝓁𝐶𝐸
(

𝐶𝜃(𝛷(𝑥)), 𝑦
)

(2)

where 𝓁𝐶𝐸 (⋅, ⋅) is the cross-entropy loss.
For the 3D shape data, their ground-truth labels are absent in the

training process, thus we adopt the source-supervised classifier 𝐶𝜃(⋅) to
assign pseudo labels to them:

𝑛 = 𝑎𝑟𝑔 𝑚𝑎𝑥𝑛 𝐶𝜃(𝛷(𝑥𝑡)) [𝑛] (3)

In order to ensure the accuracy and reliability of pseudo-labeling, we
re-assign pseudo labels to the 3D shape data every few iterations in
the training process. With the assistance of the alignment module, the
source-supervised classifier will progressively improve its accuracy on
the 3D shape instances. In this way, our model allows for a relatively
accurate estimation of the underlying label hypothesis of 3D shape
instances.
4

After that, in order to make the learned representations intra-class
compact and inter-class separable, we impose similarity guided con-
straint (SGC) on the visual feature representation learning for 2D im-
ages and 3D shapes, respectively, with SGC takes the form of weighted
regularization triplet loss [36]:

𝑠𝑔𝑐 = log

(

1 + exp

(

∑

𝑝
𝑤𝑎,𝑝𝐷𝑎,𝑝 −

∑

𝑛
𝑤𝑎,𝑛𝐷𝑎,𝑛

))

(4)

𝑤𝑎,𝑝 =
exp

(

𝐷𝑎,𝑝
)

∑

𝐷𝑎,𝑝∈𝑎
exp

(

𝐷𝑎,𝑝
) , 𝑤𝑎,𝑛 =

exp
(

−𝐷𝑎,𝑛
)

∑

𝐷𝑎,𝑛∈𝑎
exp

(

−𝐷𝑎,𝑛
) (5)

where (𝑎, 𝑝, 𝑛) represents a hard triplet within each training batch. For
anchor 𝑎, 𝑎 is the corresponding positive set which has the same
category as 𝑎, and 𝑎 is the negative set which category is different
from 𝑎. 𝐷𝑎,𝑝 represents the squared Euclidean distance of a positive
pair and 𝐷𝑎,𝑛 represents the squared Euclidean distance of a negative
pair. The formula for calculating the squared Euclidean distance is as
follows:

𝐷𝑖,𝑗 =
‖

‖

‖

𝛷
(

𝑥𝑖
)

−𝛷
(

𝑥𝑗
)

‖

‖

‖

2

2
(6)

By minimizing the weighted regularization triplet loss for each
domain separately, SGC compacts the semantically similar instances
and separates the semantically dissimilar ones. This constraint helps
to mitigate the semantic misalignment phenomenon and enhance the
discrimination of our model. Furthermore, the weighted regularization
not only inherits the merit of relative distance optimization between
positive and negative pairs, but also avoids introducing any additional
margin parameters or hyper-parameters in the training process.

3.3.2. Joint domain-class alignment
To reduce the cross-domain divergence, previous domain adaptation

approaches typically impose a binary adversarial loss on the discrim-
inator to identify which domain the feature comes from [9,11], in
fact, such methods only consider the cross-domain global distribution
alignment, but ignore the conditional (class) distribution alignment.
As a result, instances of different categories may be aligned in the
embedding space incorrectly, which in turn leads to suboptimal per-
formance. To resolve this problem, we design a 2N-way adversarial
loss on the discriminators to further improve the transferable ability
of the model. The first 𝑁 represents the 2D image categories, and
the second N represents the 3D shape categories. Such an architecture
allows learning the common variables of both domain and class, thus
enabling dual alignment within a single component. Up to this point,
for an input 𝑥, the output of two distinct discriminators 𝑃1, 𝑃2 can be
represented separately as:

𝐝1 = 𝑃1(𝛷(𝑥)) ∈ R2𝑁

𝐝2 = 𝑃2(𝛷(𝑥)) ∈ R2𝑁 (7)

For the 2D image samples, we train the two discriminators 𝑃1 and
𝑃2 with the same prediction loss as Eq. (2):

𝑠(𝑃1) = 𝐸(𝑥,𝑦)∼P 𝓁𝐶𝐸
(

𝑃1(𝛷(𝑥)), [𝐲, 𝟎]
)

𝑠(𝑃2) = 𝐸(𝑥,𝑦)∼P 𝓁𝐶𝐸
(

𝑃2(𝛷(𝑥)), [𝐲, 𝟎]
) (8)

Where 𝟎 is the zero vector of length N, which is utilized to let the last
𝑁 probability values be zero for the labeled 2D image instances. This
time, only two discriminators are updated, while the feature extractor
𝛷(𝑥) is fixed.

Although the 2D images and 3D shapes differ significantly at visual
level, they overlap at semantic level. Therefore, we can impose the
same prediction loss on the unlabeled 3D shapes.

𝑡(𝑃1) = 𝐸𝑥∼Q 𝓁𝐶𝐸
(

𝑃1(𝛷(𝑥)), [𝟎, 𝐲̂]
)

𝑡(𝑃2) = 𝐸𝑥∼Q 𝓁𝐶𝐸
(

𝑃2(𝛷(𝑥)), [𝟎, 𝐲̂]
) (9)

Where 𝐲̂ = 𝐞𝑛, 𝑛 = 𝑎𝑟𝑔 𝑚𝑎𝑥𝑛 𝐶𝜃(𝛷(𝑥𝑡)) [𝑛]. 𝐞𝑛 is an identity of size 𝑁
whose 𝑛th element is 1.
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For the labeled 2D image samples, we train the feature extractor to
fool the 2N-way discriminator by altering the label from [𝐲, 𝟎] to [𝟎, 𝐲]:

𝑠(𝛷) = 𝐸(𝑥,𝑦)∼P 𝓁𝐶𝐸
(

𝑃1(𝛷(𝑥)), [𝟎, 𝐲]
)

+ 𝐸(𝑥,𝑦)∼P 𝓁𝐶𝐸
(

𝑃2(𝛷(𝑥)), [𝟎, 𝐲]
) (10)

For the 3D shape samples, we alter the pseudo label from [𝟎, 𝐲̂] to
[𝐲̂, 𝟎]:

𝑡(𝛷) = 𝐸𝑥∼Q 𝓁𝐶𝐸
(

𝑃1(𝛷(𝑥)), [𝐲̂, 𝟎]
)

+𝐸𝑥∼Q 𝓁𝐶𝐸
(

𝑃2(𝛷(𝑥)), [𝐲̂, 𝟎]
) (11)

Note that when minimizing 𝑠(𝛷) and 𝑡(𝛷), only the feature
extractor 𝛷(⋅) needs to be updated.

3.3.3. Decision boundary refinement
Although we have attempted to align the joint distribution of do-

main and class, the learned decision boundaries are not guaranteed to
generalize well over the 3D shape domain, since the feature extractor
may produce semantically ambiguous features close to the decision
boundaries. To avoid that, we enforce the two discriminators to be
diverse in the learned parameters via consensus regularization [37,38].
Specifically, we maximize the prediction disagreement between two
discriminators to detect the class-ambiguity 3D shape features:

max
𝑃1 ,𝑃2

𝑑 (12)

𝑑 = 𝐸𝑥∼Q
1
𝑁

𝑁
∑

𝑛=1

|

|

𝐝1[𝑛] − 𝐝2[𝑛]|| (13)

where the 𝐝1[𝑛] and 𝐝2[𝑛] represent probability outputs of 𝐝1 and 𝐝2
for category 𝑛 respectively. Then, we minimize the disagreement by
training the feature extractor to produce features far from the decision
boundaries:

min
𝛷

𝑑 (14)

After that, the class-ambiguity features are retrained to become
more discriminative ones.

Overall Objective
We combine the above sub-objectives and divide our training pro-

cess into three steps:
Step 1 We train the feature extractor 𝛷(⋅) to minimize the weighted

regularization triplet loss, and we minimize the 2D image classification
loss of the source-supervised classifier 𝐶𝜃(⋅) and discriminators 𝑃1, 𝑃2.

min
𝛷,𝐶𝜃 ,𝑃1 ,𝑃2

𝑐𝑙𝑠 + 𝜆𝑠𝑔𝑐𝑠𝑔𝑐 + 𝜆𝑠𝑠(𝑃1) + 𝜆𝑠𝑠(𝑃2) (15)

Step 2We fix the feature extractor, and update the source-supervised
classifier and discriminators. We train the model by minimizing the 2D
image and 3D shape classification loss of the discriminators, and the
2D image classification loss of the source-supervised classifier. In the
meantime, we maximize the disagreement between discriminators.

min
𝐶𝜃 ,𝑃1 ,𝑃2

𝑐𝑙𝑠 + 𝜆𝑠𝑠(𝑃1) + 𝜆𝑠𝑠(𝑃2) + 𝜆𝑡𝑡(𝑃1) + 𝜆𝑡𝑡(𝑃2) − 𝜆𝑑𝑑 (16)

Step 3 We fix the source-supervised classifier and discriminators,
and update feature extractor. We minimize the 2D image and 3D shape
alignment loss of the discriminators, the weighted regularization triplet
loss, and the disagreement between discriminators.

min
𝛷

𝜆𝑠𝑎𝑠(𝛷) + 𝜆𝑡𝑎𝑡(𝛷) + 𝜆𝑠𝑔𝑐𝑠𝑔𝑐 + 𝜆𝑑𝑑 (17)

In our work, Step2 and Step3 are iteratively optimized.
During testing, we can obtain the 2D image and 3D shape feature

representations via same architecture. Then the visual distance between
them are ranked to retrieval the corresponding 3D shapes based on the
query 2D image.
5

4. Experiment

4.1. Experimental settings

4.1.1. Datasets
We choose two widely adopted datasets, i.e., MI3DOR [5] and

MI3DOR-2 [5], for experimental evaluations.

• The MI3DOR includes a total of 21,000 2D images and 7,690
3D shapes from 21 categories. The dataset is partitioned into a
training set and a test set. Specifically, 10,500 2D images and
3,842 3D shapes are used for training and the remaining 10,500
2D images and 3,848 3D shapes are used for testing.

• The MI3DOR-2 consists of 19,694 2D images and 3,982 3D shapes
from 40 categories. 19,294 2D images and 3,182 3D shapes are
used for training while the remaining 400 2D images and 800 3D
shapes are used for testing.

4.1.2. Evaluation criteria
In our experiment, we measure the retrieval performance using the

following criteria [39]:

(1) Nearest neighbor (NN), which measures the top 1 retrieval ac-
curacy.

(2) First tier (FT), which represents the recall of the top 𝜏 retrievals,
𝜏 denotes the number of 3D shapes in the database that belong
to the same category as the query.

(3) Second tier (ST), which records the recall of the top 2𝜏 retrievals.
(4) F-Measure (F), which calculates the harmonic mean of the pre-

cision and recall for the top retrievals.
(5) Discounted cumulated gain (DCG), which assigns higher weights

to the top-ranking 3D shapes.
(6) Average Normalized Modified Retrieval Rank (ANMRR), which

is a ranking-based measure that considers the ranking position
of related 3D shapes.

Notably, a smaller ANMRR value means a better retrieval result,
while for the other five criteria, a larger value means a better retrieval
result.

4.1.3. Implementation detail
We utilize PyTorch framework for implementation. We use the

AlexNet [40] pretrained on ImageNe [41] as the feature extractor to
produce embeddings of 2D image and 3D shape (multi-view), and
we aggregate multi-view embeddings to generate a compact 3D shape
descriptor by a view-pooling layer [3]. We train our model along with
the Stochastic Gradient Descent (SGD) algorithm with the momentum
of 0.9. The initial learning rate of feature extractor is set to 3.5e−3. Two
discriminators 𝑃1 and 𝑃2 are built in the same architecture including
two fully-connected (FC) layers with a width of 1024, and the classifier
is based on two FC layers with a subsequent softmax operation. The
learning rate of these layers is 10 times that of the feature extractor. The
learning rate decayed by a polynomial decay policy, where the initial
learning rate is multiplied by

(

1 − 𝑖𝑡𝑒𝑟
𝑚𝑎𝑥_𝑖𝑡𝑒𝑟

)𝑝𝑜𝑤𝑒𝑟
with power = 0.9. The

maximum iteration is set to 50,000 and the batch size is set to 16. Em-
pirically, we reassign pseudo labels to 3D shapes every 500 iterations to
continuously improve the reliability of the pseudo labels. We search the
optimal hyper-parameters over 𝜆𝑠𝑔𝑐 , 𝜆𝑑 , 𝜆𝑠, 𝜆𝑡, 𝜆𝑠𝑎, 𝜆𝑡𝑎 ∈ {0.1, 0.5, 1.0}.

he optimal hyper-parameters on MI3DOR and MI3DOR-2 are shown
n Table 1.

.1.4. Compared methods
We compare CDA with the following competitive approaches:

• AlexNet [40]: It is a popular CNN framework that can be directly
utilized to produce embeddings of 3D shapes (multi-view) and 2D

images for retrieval.
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Table 1
Optimal hyper-parameters on MI3DOR and MI3DOR-2 datasets.

𝜆𝑠𝑔𝑐 𝜆𝑑 𝜆𝑠 𝜆𝑡 𝜆𝑠𝑎 𝜆𝑡𝑎
MI3DOR 1.0 1.0 1.0 1.0 0.1 0.1
MI3DOR-2 1.0 1.0 0.5 1.0 0.1 0.1

Table 2
Retrieval performance on MI3DOR dataset.

NN FT ST F DCG ANMRR

AlexNet [40] 0.424 0.323 0.469 0.099 0.345 0.667

CORAL [42] 0.362 0.174 0.256 0.060 0.199 0.816
GFK [25] 0.323 0.309 0.338 0.065 0.314 0.688
MEDA [43] 0.430 0.344 0.501 0.046 0.361 0.646
JGSA [44] 0.612 0.443 0.599 0.116 0.473 0.541

JAN [45] 0.446 0.343 0.495 0.085 0.364 0.647
RevGard [34] 0.650 0.505 0.643 0.112 0.542 0.474
DLEA [5] 0.764 0.558 0.716 0.143 0.597 0.421
SC-IFA [8] 0.721 0.584 0.721 0.163 0.637 0.363
HIFA [6] 0.778 0.618 0.768 0.151 0.654 0.362

Ours 0.823 0.638 0.795 0.170 0.701 0.327

• Correlation Alignment (CORAL) [42]: This approach diminish the
domain shift by aligning the covariance matrices of the source and
target domains.

• Geodesic Flow Kernel (GFK) [25]: It is a kernel-based domain
adaptation method, aims to find a domain-invariant subspace on
the geodesic flow from the source data to the target data.

• Manifold Embedded Distribution Alignment (MEDA) [43]: This
approach aligns the cross-domain distribution in the manifold to
handle the degenerated feature transformation problem.

• Joint Geometrical and Statistical Alignment (JGSA) [44]: This
method finds two coupled projections for both domains to retain
the discriminative information in source domain while maximize
the variance in target domain.

• Joint Adaptation Networks (JAN) [45]: This method utilizes an
adversarial training strategy to reduce the domain bias by maxi-
mizing the joint maximum mean discrepancy.

• RevGard [34]: This method obtains domain-invariant features by
maximizing the loss of the domain discriminator and minimizing
the loss of the classifier.

• Dual-level Embedding Alignment (DLEA) [5]: This method per-
forms a domain adversarial loss and a centroid alignment loss on
the source and target embeddings to achieve domain and class
dual alignment.

• Semantic Consistency Guided Instance Feature Alignment (SC-
IFA) [8]: This method reduces the domain gap via minimizing the
maximum margin disparity discrepancy between the source and
target distributions.

• Hierarchical Instance Feature Alignment (HIFA) [6]: This method
achieves domain alignment via minimizing the maximum mean
feature norm discrepancy between the source and target distribu-
tions.

.2. Comparisons to the state-of-the-arts

As reported in Tables 2 and 3, we compare our method with three
ypes of methods on the MI3DOR and MI3DOR-2 datasets. (1) source-
nly method without domain adaptation: AlexNet [40], (2) shallow
omain adaptation methods: CORAL [42], GFK [25], MEDA [43],
GSA [44], (3) deep domain adaptation methods: JAN [45], RevGard
34], DLEA [5], SC-IFA [8], HIFA [6].

From Tables 2 and 3, we can observe that our method can achieve
ignificantly better results than other works w.r.t all evaluation crite-
6

ia. Specifically, on MI3DOR dataset, our method surpasses previous a
Table 3
Retrieval performance on MI3DOR-2 dataset.

NN FT ST F DCG ANMRR

AlexNet [40] 0.518 0.355 0.488 0.355 0.383 0.629

CORAL [42] 0.538 0.369 0.497 0.369 0.399 0.614
GFK [25] 0.513 0.471 0.495 0.471 0.484 0.527
MEDA [43] 0.570 0.392 0.523 0.392 0.425 0.590
JGSA [44] 0.585 0.405 0.533 0.405 0.433 0.577

JAN [45] 0.608 0.501 0.646 0.501 0.527 0.484
RevGard [34] 0.623 0.467 0.614 0.467 0.503 0.514
DLEA [5] 0.700 0.555 0.681 0.555 0.593 0.424
SC-IFA [8] 0.713 0.641 0.738 0.623 0.648 0.415
HIFA [6] 0.725 0.570 0.710 0.570 0.598 0.413

Ours 0.800 0.649 0.749 0.631 0.648 0.371

methods with a gain of 5.8%–154.8%, 3.2%–266.7%, 3.5%–210.5%,
4.3%–269.6%, 7.2%–252.3% in terms of NN, FT, ST, F, DCG, and a drop
of 9.7%–59.9% on ANMRR. On MI3DOR-2 dataset, our method out-
performs previous methods with gains of 10.3%–59.9%, 1.2%–82.8%,
1.5%–53.5%, 1.3%–77.7%, 0%-69.2% for NN, FT, ST, F, DCG, and a
drop of 10.2%–41.0% on the part of ANMRR. This suggests the overall
performance advantages of the proposed CDA for 2D image-based 3D
shape retrieval. Moreover, the following observations can be drawn:

• The AlexNet model has the worst retrieval performance. This is
expected and reasonable since this model is trained with only
labeled 2D image data without any cross-domain transfer learning
techniques, thus our method yields notable improvement over it.

• We notice that our method also shows promising retrieval results
compared to shallow domain adaptation approaches, e.g. CORAL,
GFK, MEDA, JGSA. These approaches usually apply mapping
functions on the fixed embeddings, or align geometric charac-
teristics of embeddings to reduce the domain discrepancy, thus
the feature learning process and the domain adaptation process
are separated during training. In contrast, our approach is able
to train both the feature extractor and discriminators simultane-
ously, making the learned embeddings continuously updated. As
a consequence, we can obtain more transferable embeddings and
achieve better retrieval results.

• Moreover, our method achieves better performance than deep
domain adaptation approaches, e.g. JAN, RevGrad, DLEA, SC-IFA,
HIFA. This suggests that our method is more capable to exploit
domain-invariant and semantic-discriminative features for 2D-to-
3D tasks than other methods. The possible reason is that our
method leverages the 2N-way adversarial learning, which can
simultaneously reduce cross-domain discrepancies and enhance
the semantic correlations between two distributions. Specifically,
our method is superior to the category-agnostic methods (JAN,
RevGrad), which only align the 2D image and 3D shape distribu-
tions globally and lead to the semantic misalignment issue, i.e.,
features of different categories are mixed together in the feature
space. Instead, our approach considers not only global alignment
but also category distribution alignment. Furthermore, the re-
trieval results of CDA are better than the second-best method
HIFA [6], which separates the category alignment from the do-
main alignment. In contrast, our method implements the global
domain-wise and local category-wise distribution alignment in a
single module.

We present some retrieval examples in Fig. 3. As shown in the
igure, the first column represents 8 queries in different categories,
nd each row represents the top 10 retrievals placed by their ranking
cores. The incorrect retrievals are marked as cyan, while the correct
etrievals are marked as gray. Our method performs extremely well in
istinctive categories such as car, airplane and curtain. We also observe
hat some categories are hard to distinguish that they yield relatively
oor retrieval results. For example, xbox and radio, which differ only in

small part of their shape, are difficult to distinguish even for humans.
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Fig. 3. Retrieval examples of MI3DOR-2 dataset. Cyan denotes the incorrect retrievals.
Table 4
Retrieval results of different modules on the MI3DOR and MI3DOR-2 datasets.

Method MI3DOR MI3DOR-2

NN FT ST F DCG ANMRR NN FT ST F DCG ANMRR

CNN 0.424 0.323 0.469 0.099 0.345 0.667 0.518 0.355 0.488 0.355 0.383 0.629
CNN+JDCA 0.787 0.622 0.780 0.158 0.675 0.354 0.768 0.604 0.730 0.604 0.640 0.390
CNN+JDCA+SGC 0.809 0.628 0.786 0.164 0.690 0.340 0.781 0.633 0.739 0.621 0.645 0.381
CNN+JDCA+DBR 0.810 0.631 0.788 0.166 0.691 0.336 0.785 0.635 0.742 0.622 0.645 0.378
CNN+JDCA+SGC+DBR 0.823 0.638 0.795 0.170 0.701 0.327 0.800 0.649 0.749 0.631 0.648 0.371
Fig. 4. Intuitive illustration of the effect of each component on MI3DOR dataset.

4.3. Ablation study

To investigate the relative contribution of key modules in CDA,
we performed extensive ablation analysis in Table 4, and the intuitive
illustration of the effect of each component are shown in Fig. 4 and
Fig. 5. Meanwhile, the corresponding PR curves are reported in Fig. 6
and Fig. 7.

Effect of Joint Domain-Class Alignment (JDCA). The baseline
method, denoted by ‘‘CNN’’, merely learns visual embeddings without
considering the cross-domain adaptation problems. From Table 4, we
can observe that the baseline method yields a rather poor perfor-
mance, due to its weakness in dealing with cross-domain divergence.
Meanwhile, it can be seen that ‘‘CNN + JDCA’’ achieves higher re-
trieval results compared to the standard CNN, which suggests that
7

Fig. 5. Intuitive illustration of the effect of each component on MI3DOR-2 dataset.

JDCA is effective in minimizing the distribution discrepancy. Specifi-
cally, on the MI3DOR and MI3DOR-2 datasets, the network with JDCA
module is superior to the baseline (standard CNN) with a rise of
85.61%/48.26%, 92.57%/70.14%, 66.31%/49.59%, 59.60%/70.14%,
95.65%/67.10% on the part of NN, FT, ST, F, DCG, and a drop of
46.93%/38.00% on ANMRR, respectively. By introducing the JDCA
module, ‘‘CNN + JDCA’’ significantly boots the performance of the
baseline, implying that the 2N-way adversarial can effectively alleviate
the distribution disparity problem and enhance the correlation between
different domain distributions.

Effect of Similarity Guided Constraint (SGC). ‘‘CNN + JDCA’’ can
jointly align domain-level and class-level distributions, but it ignores
the intrinsic semantic characteristic of both domains. By introducing
the SGC module, ‘‘CNN + JDCA + SGC’’ can compact the embeddings
of instances within a class and further provide more reliable labels



Journal of Visual Communication and Image Representation 83 (2022) 103426N. Hu et al.
Fig. 6. PR curves with different components on MI3DOR dataset.

Fig. 7. PR curves with different components on MI3DOR-2 dataset.

for unlabeled 3D shapes. Specifically, on the MI3DOR and MI3DOR-2
datasets, ‘‘CNN + JDCA + SGC’’ is better than ‘‘CNN + JDCA’’ with
a rise of 2.80%/1.69%, 0.96%/4.80%, 0.77%/1.23%, 3.80%/2.81%,
2.22%/0.78% with respect to NN, FT, ST, F, DCG, and a drop of
3.95%/2.30% on the part of ANMRR, respectively. This indicates that
the proposed constraint is able to preserve the cross-domain similarities
and suppress the detrimental influence brought by the false pseudo-
labels. In the absence of the SGC module, there is a weaker constraint
for feature extractor to learn domain-invariant embeddings.

Effect of Decision Boundary Refinement (DBR). ‘‘CNN + JDCA
+ SGC’’ can learn a domain-agnostic and category-discriminative fea-
ture space, but it neglects the category-ambiguity features. The DBR
module can detect category-ambiguity embeddings and push them
away from the decision boundaries, thus greatly facilitating domain
alignment. Specifically, on the MI3DOR and MI3DOR-2 datasets, ‘‘CNN
+ JDCA + SGC + DBR’’ outperforms ‘‘CNN + JDCA + SGC’’ with
a rise of 1.73%/2.43%, 1.59%/2.53%, 1.15%/1.35%, 3.66%/1.61%,
1.59%/0.47% with respect to NN, FT, ST, F, DCG, and a drop of
3.82%/2.62% on the part of ANMRR, respectively. This result further
8

validates the model design advantage of DBR in reducing the number
of category-ambiguity features. Moreover, we can observe a consistent
improvement of ‘‘CNN + JDCA + DBR’’ on two benchmarks compared
to ‘‘CNN + JDCA’’. With the collaborative supervision of JDCA, SGC
and DBR, our model achieves the best retrieval results.

4.4. Qualitative evaluation

In order to understand the effect of each module more intuitively,
we utilize the t-SNE [46] visualization technique to observe the feature
distribution in 2D-space. Fig. 8 and Fig. 9 show the visualization of
embeddings learned on the test set of MI3DOR dataset and MI3DOR-2
dataset, respectively. The blue dots denote the 3D shape embeddings
and the red dots represent the 2D image embeddings.

According to Fig. 8(a) and Fig. 9(a), there is a small overlap be-
tween 2D images (red) and 3D shapes (blue), indicating cross-domain
distributions exist large discrepancy. Through the domain adaptation
phase with joint domain-class alignment module (JDCA), abundant
overlaps between two domains are shown in Fig. 8(b) and Fig. 9(b). It
suggests that JDCA is effective to narrow the cross-domain distribution
gap. This shares a similar observation and underlying reason as in
Table 4, validating the benefit of JDCA in joint align domain-level and
category-level distributions.

Furthermore, we found that JDCA can roughly align distributions at
category-level, but it fails to handle some features well. We think this
is caused by some incorrect pseudo-labeled 3D shapes. Compared to
‘‘CNN + JDCA’’, we can observe that the 3D shape embeddings learned
by ‘‘CNN + JDCA + SGC’’ displayed smaller intra-class distance as well
as larger inter-class margin. This indicates that the similarity guided
constraint (SGC) module can generate more discriminative features and
suppress the detrimental influence brought by the false pseudo-labels.

Besides that, the feature distributions of ‘‘CNN + JDCA + DBR’’ are
much more separated than ‘‘CNN + JDCA’’, which demonstrates that
our decision boundary refinement (DBR) module is able to reduce the
generation of class-ambiguity embeddings to some extent. Benefiting
from the SGC, JDCA and DBR modules, 2D image and 3D shape
embeddings of the same category are co-located as shown in Fig. 8(e)
and Fig. 9(e). This further indicates that our model can preserve cross-
domain similarities and reduce the local semantic divergences when
aligning distributions.

5. Conclusion

In this paper, we developed a novel collaborative distribution align-
ment network for 2D image-based 3D shape retrieval. We first learned
domain-specific discriminative embeddings by employing the similarity
guided constraint to preserve semantic structures in both domains.
Then we proposed a joint domain-class alignment module, aiming
to address the problem of semantic inconsistency incurred by pure
global feature alignment. Finally, we introduced a decision boundary
refinement mechanism to further generating embeddings far from the
decision boundaries. Experimental results validate the effectiveness of
CDA, which yields very competitive retrieval performance compared
to state-of-the-art methods. In the future work, we will explore 3D
shapes in the real world for experiments. The 3D shapes involved in
this paper are all CAD shapes, which have clear background and clear
object contour, so they are easy to be recognized. In contrast, 3D shapes
in the real world have more complex background and richer visual
information. Hence, it is necessary to take some measures to enhance
the representation ability of features to better handle more challenging
3D shapes. In view of the successful application of spatial attention
mechanism in Baidu’s PaddlePaddle deep learning platform [47,48], we
will design a spatial attention module in the future to further explore
the visual content of 3D shapes.
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Fig. 8. The feature visualization of different modules via T-SNE on MI3DOR dataset.
Fig. 9. The feature visualization of different modules via T-SNE on MI3DOR-2 dataset.
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