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ABSTRACT
The main challenge of sketch-based 3D shape retrieval is the
large cross-modal differences between 2D sketches and 3D
shapes. Most recent works employed two heterogeneous net-
works and a shared loss to directly map the features from dif-
ferent modalities to a common feature space, which failed to
reduce the cross-modal differences effectively. In this paper,
we propose a novel method that adopts a teacher-student strat-
egy to learn an aligned cross-modal feature space indirectly.
Specifically, our method first employs a classification network
to learn the discriminative features of 3D shapes. Then, the
pre-learned features are considered as a teacher to guide the
feature learning of 2D sketches. In order to align the cross-
modal features, 2D sketch features are transferred to the pre-
learned 3D feature space. Our experiments on two bench-
mark datasets demonstrate that our method obtains superior
retrieval performance than the state-of-the-art approaches.

Index Terms— sketch, 3D shape retrieval, cross-modal
differences, guidance network, feature alignment

1. INTRODUCTION

Compared with keywords and 3D shapes, sketches are intu-
itive and convenient for users to search for 3D shapes. There-
fore, sketch-based 3D shape retrieval has been receiving more
and more attention in the community of computer graphics
and computer vision [1–3].

Despite of its flexibility and convenience, sketch-based
3D shape retrieval is a very challenging task due to the
sever cross-modal differences between 2D sketches and 3D
shapes. Fig.1 shows the significant differences between two
the modalities. In recent years, the research of sketch-based
3D shape retrieval has achieved great progress because of the
deep learning techniques [3–9]. Most of these deep learn-
ing methods are based on Siamese network architecture [10].
Specifically, they adopt two different Convolution Neural
Networks (CNNs) to learn the features of sketches and 3D
shapes respectively. Then the features from different modali-
ties are directly mapped into a common embedding subspace
under a shared loss function. However, these methods are un-
able to reduce the cross-modal differences effectively because
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Fig. 1. Some examples of sketches and 3D shapes on two benchmark
datasets.

the cross-modal features can not be aligned compactly in the
common embedding subspace.

Recently, distillation network and its variants (teacher-
student networks) [11–14] are proposed to achieve model
compression and knowledge transfer. Distillation network
adopts a teacher-student strategy, where a complex and pow-
erful teacher network is employed to teach a simple and weak
student network on a given task. That is, the supervised infor-
mation (e.g. the output of teacher network) is distilled out by
a teacher network, which can be used to guide the training of
a student network.

In this paper, we proposed a novel framework named
Cross-modal Guidance Network (CGN), for sketch-based 3D
shape retrieval. In our method, we separate the cross-modal
retrieval task into two steps: classification of 3D shapes and
feature transfer of 2D sketches. Fig.2 shows the pipeline of
our proposed model. We first obtain the features of 3D shapes
by a classification network. Then we build a transfer net-
work for feature learning of sketches. The training of the
transfer network is conducted under the guidance of the pre-
learned features of 3D shapes and the constraint of our for-
mulated guidance loss function. We regard the classification
network of 3D shapes as a teacher network and the transfer
network of sketches as a student network. As illustrated in
Fig.3, our cross-modal guidance network transfer the features
of sketches to the pre-learned feature space of 3D shapes,
achieving the cross-modal feature alignment. As a result, the
cross-modal differences is compensated. To summarize, our
main contributions are as follows:

• We separate the task of sketch-based 3D shape retrieval
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Fig. 2. The framework of our proposed method. Our proposed model consists of teacher/classification network, student/transfer network and
the pre-learned feature space of 3D shapes. The training process consists of two steps:1.The pre-learned feature space of 3D shapes is learned
by the teacher network. 2. The sketch features are learned by student network under the guidance of pre-learned feature space.

into two steps: classification of 3D shapes and feature
transfer of 2D sketches. Then we adopt the distillation
network (teacher-student strategy) to effectively com-
bine these two steps. To our best knowledge, this work
is the first one that incorporates distillation network into
sketch-based 3D shape retrieval.

• We proposed a novel Cross-modal Guidance Network
(CGN) for sketch-based 3D shape retrieval. It takes ad-
vantage of the pre-learned feature space of 3D shapes
to guide the feature learning of sketches, which can ef-
fectively reduce the cross-modal differences.

• Our method outperforms the state-of-the-art methods
of sketch-based 3D shape retrieval on two large bench-
mark datasets.

2. RELATED WORK

In this section, we introduce some related works of sketch-
based 3D shape retrieval and distillation networks.

2.1. Sketch-based 3D shape retrieval

The early works proposed various methods based on the hand-
draft features for sketch-based 3D shapes retrieval [?, 1, 2,
15, 16]. In recent years, deep learning methods have been
explored for sketch-based 3D shape retrieval [3–5, 7–9, 17].
Wang et al. [3] first used Siamese network architecture to ad-
dress the cross-modal retrieval problem. Zhu et al. [4] pro-
posed Pyramid Cross-Domain Neural Networks (PCDNN)
to learn cross-modal features. In [6, 7], the deep correlated
metric learning method was proposed. In [5], Wasserstein
barycenters of multiple views of 3D shapes are learned to

represent 3D shapes. Chen et al. [8] proposed to reduce cross-
modal divergence via semantics preserving adversarial learn-
ing. He et al. [17] proposed the Triplet-Center loss (TCL)
that combined the triplet loss and center loss. Lei et al. [9]
proposed a Deep Point-to-Subspace method with an improved
center loss function. However, most of them directly mapped
the cross-modal features into a common embedding subspace,
which failed to reduce the cross-modal differences effectively.

2.2. Distillation networks

Knowledge distillation with neural networks was pioneered
by [11, 18], which is a transfer learning method that aims
to improve the training of a student network by relying
on knowledge learned from a powerful teacher network.
Zagoruyko et al. [12] employed the distillation method to de-
liver the attention information of the teacher network to the
student network. An improved knowledge distillation method
for metric learning is proposed in [14]. Zhou et al. [13] pro-
posed to use the booster net to supervise the learning of the
light network. In this paper, we incorporate the distillation
method into sketch-based 3D shape retrieval to reduce the
cross-modal differences effectively.

3. PROPOSED METHOD

In this section, we first briefly introduce our motivation. Then
we introduce the architecture of our proposed cross-modal
guidance network and our formulated guidance loss function.

3.1. Motivation

Sketch-based 3D shape retrieval is a challenging task be-
cause it is difficult to learn a common feature space with
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small cross-modal differences. However, the methods of im-
age classification are mature due to the development of deep
learning. This inspires us to use a classification network to
learn a discriminative feature space for a single modality, then
transfer the features of another modality to the pre-learned
feature space, thus reducing the cross-modal differences be-
tween the two modalities. Moreover, as shown in Fig.1, com-
pare with sketches that have limited information and high ab-
straction, 3D shapes have rich and geometrically realistic in-
formation for the classification task. Hench, it is more rea-
sonable to choose the 3D shape modality for the classification
network. Ablation study in Sec 4.3 verifies this.

3.2. Network architecture

We propose a cross-modal guidance network (CGN) for
sketch-based 3D shape retrieval, which uses the classification
results of 3D shapes to guide the feature learning of sketches.
Fig.2 shows the architecture of our network. The framework
consists of three parts: teacher network, student network and
the pre-learned feature space of 3D shapes.

The pipeline of our method contains two steps. In the first
step, we train the teacher network to learn the features of 3D
shapes. Specifically, following the previous methods [5,8,19],
we first adopt the widely used multi-view representation for
3D shapes. That is, a 3D shape is rendered to V views by
placing V virtual cameras around the 3D shape evenly (V =
12 in this paper). Subsequently, the multiple views passed
through CNN-2 separately, all branches of the CNN-2 share
the same parameters. An average pooling layer is used to
fuse the features output from CNN-2. We adopt the AM-
softmax [20] as the loss function of the classification network.
AM-softmax can enlarge the inter-class cosine distance and
reduce the intra-class cosine distance. After the training of
the teacher network, training data of 3D shapes pass through
the teacher network again, and the features are extracted af-
ter the FCN-2 to obtain the pre-learned feature space of 3D
shapes. Finally, we obtain the class centers by calculating the
average value of the features in the same class. In the second
step, we train the student network (i.e. transfer network) un-
der the guidance of the pre-learned class centers of 3D shapes,
which transfers the features of sketches to the pre-learned fea-
ture space under the supervision of our formulated guidance
loss function. The loss function will be discussed in the next
subsection.

In the testing phase, the features of query sketches and
galley 3D shapes are extracted after FCN-1 and FCN-2 re-
spectively, then the similarity of the query sketches and galley
3D shapes is calculated and ranked to obtain the rank list. We
note that the cosine distance is required for the similarity.

3.3. Guidance loss function

To effectively constrain the feature transfer of sketches, we
formulate a guidance loss to optimize the student network.

Pre-learned feature space of 3D shapes 

Feature space of sketches Aligned cross-modal feature space

Lc La

La

Class center

Features of 3D shapes

Features of sketches 

Fig. 3. A toy illustration of the cross-modal feature transfer under
the guidance of pre-learned feature space of 3D shapes and the con-
straints of guidance loss function. The different colors represent dif-
ferent classes.

Our goal is to transfer the features of sketches to the pre-
learned feature space of 3D shapes. At the same time, we also
need to ensure that the sketch features are aligned with the
class centers that has the same semantic information. Based
on this goal, the loss function is formulated as:

LG = Lc − λLa (1)

Where the LG is our guidance loss. The Lc is the cosine
distances between the features of sketches and the pre-learned
class centers of 3D shapes in the same class, while the La

represents the sum of cosine distance between the features of
sketches and other class centers of 3D shapes. λ is a hyper-
parameter to balance the Lc and La. In our experiments, the
optimal value of λ is 0.1. We note that we calculate the Lc

and La based on mini-batch sketches.
Specifically, the Lc is formulated as :

Lc =
1

M

M∑
i=1

fi · cyi

‖fi‖2‖cyi‖2
(2)

the La is defined as:

La =
1

M

M∑
i=1

N∑
j=1,j 6=yi

fi · cj
‖fi‖2‖cj‖2

(3)

In Eq. 2 and Eq. 3, the M is the size of a mini-batch, N is
the number of classes. fi denotes the feature vector of sketch,
and yi denotes the label of i-th sample. And {c1, c2, ..., cN}
are the pre-learned class center vectors of 3D shapes.

As shown in the Fig.3, our guidance loss function aims
to cluster the features of sketches toward the class centers of
3D shapes in the same class and meanwhile make the fea-
tures away from the class centers of different classes. In
short, it constrains the learning of sketches to transfer the
sketch features to the pre-learned feature space of 3D shapes,
which achieves the semantic alignment of cross-modal fea-
tures. Consequently, the cross-modal differences between 2D
sketches and 3D shapes is reduced.
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Fig. 4. The precision-recall curves of previous methods and our
method on SHREC 2013.

4. EXPERIMENTS

In this section, we introduce two benchmark datasets and
evaluate the performance of our proposed approach on them.

4.1. Datasets and experimental settings

We perform our experiments on two wildly uesd benchmark
datasets, SHREC 2013 [1] and SHREC 2014 [2]. Fig.1
shows some samples of 2D sketches and corresponding 3D
shapes from the two datasets.

SHREC 2013. It is a benchmark for sketch-based
3D shape retrieval based on Princeton shape benchmark
(PSB) [21]. The dataset contains 7,200 hand-drawn sketches
and 1,258 3D shapes, which are divided into 90 classes. For
the 3D shapes, the numbers of distinct classes are different,
about 14 on average. There are 80 images for each sketch
class, where 50 images are for training and 30 are for test.

SHREC 2014. It is a larger dataset than SHREC 2013.
The data set contains a total of 13,680 sketches and 8987 3D
shapes, which are grouped into 171 classes. There are ap-
proximately 53 3D shapes for each class. Similar to SHREC
2013, sketches collection also has 80 images for each class,
which are further divided into 50 training images and 30 test
images. Due to the more categories and the larger intra-class
variations, the SHREC 2014 dataset is quite challenging.

Experimental settings. Our experimental codes are im-
plemented in PyTorch. For fair and comprehensive compar-
ison with the above methods, we employ several backbones
for training and evaluation, including AlexNet [22], VGG-
16 [23], VGG-19 [23], ResNet-50 [24]. Following the pre-
vious methods [3, 8, 9, 17], we use the same backbones for
the networks of sketches and 3D shapes. All the backbones
are pre-trained on ImageNet [22]. Specifically, for the CNNs
(CNN-1 and CNN-2), we adopt the layers of AlexNet be-
fore ”fc7” layer(inclusive), the layers of VGG1-16 before
”fc7” layer (inclusive) and the layers of ResNet-50 before the
”pooling5” layer (inclusive). The FCNs (FCN-1 and FCN-
2) consist of fully connected layers. (i.e., 4096-1024-256 for
Alexnet, VGG-16 and VGG-19, 2048-1024-256 for ResNet-

Ours (GCN-ResNet50)

Fig. 5. The precision-recall curves of previous methods and our
method on SHREC 2014.
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Fig. 6. Retrieval examples of SHREC 2014 dataset. Blue denotes
the correct retrievals.

50.) The initial learning rate is set to be 0.001, it decays by 0.9
after every 10 epochs. The maximum epoch number is set to
90. The SGD is employed as an optimizer whose momentum
and weight decay are set to 0.9 and 1e-4.

4.2. Experiment results on two benchmark datasets

On the two benchmark datasets, we compare our CGN
method with state-of-the-art methods, including the CDMR
[15], SBR-VC [1], DCML [6], Siamese [3], LWBR [5],
DCHML [7], TCL [17], DCA [8] and the DPSML [9]. We use
the standard performance metrics for a comprehensive evalu-
ation, which includes Precision-Recall (PR) curve, Nearest
neighbor (NN), First Tier (FT), Second Tier(ST), E-Measure
(E), Discounted Cumulated Gain (DCG) and mean Average
Precision (mAP) [16].

Retrieval Performance on SHREC 2013. Fig.4 shows
the PR curves of the proposed method (ResNet-50 backbone)
and compared approaches on the SHREC 2013 dataset. As
illustrated, one can see that the performance of the proposed
CGN method is significantly superior to those of compared
models. We also report NN, FT, ST, E, DCG and mAP of
various methods on Table 1. It can be seen that our pro-
posed method outperforms state-of-the-art methods for all the
evaluation metrics under the same CNN backbones. Specif-
ically, our method outperforms the current state-of-the-art
method by a gain of 3.2% mAP with AlexNet backbone.
Even compared with the best ResNet-50 results achieved by
DPSML [9], our VGG-19 results exceed them in some eval-
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Table 1. The performance (%) on SHREC’13 dataset.
Method Backbone NN FT ST EE DCG mAP
CMDR [15] - 27.9 20.3 29.6 16.6 45.8 25.0
SBR-VC [1] - 16.4 9.7 14.9 8.5 34.8 11.6
Siamese [3] 3-layer CNN 40.5 40.3 54.8 28.7 60.7 46.9
DCML [6] AlexNet 65.0 63.4 71.9 34.8 76.6 67.4
LWBR [5] AlexNet 71.2 72.5 78.5 36.9 81.4 75.2
DCHML [7] AlexNet 73.0 71.5 77.3 36.8 81.6 74.4
TCL [17] Alexnet 76.3 78.7 84.9 39.2 85.4 80.7
DCA [8] Resnet50 78.3 79.6 82.9 37.6 85.6 81.3

DPSML [9]
AlexNet 74.1 76.1 82.1 38.5 83.6 78.5
VGG19 80.1 81.6 85.2 39.8 87.0 83.1
ResNet50 81.9 83.4 87.5 41.5 89.2 85.7

Ours(CGN)
AlexNet 77.0 80.1 84.7 39.9 86.1 81.7
VGG19 81.9 83.0 87.5 41.8 88.6 84.9
ResNet50 83.2 85.3 90.2 41.9 90.1 87.0

uation metrics. For instance, our 41.8% EE is higher than
its 41.5% EE. Moreover, our CGN method with ResNet-50
backbone significantly beats the state-of-the-art method in all
evaluation metrics.

Retrieval Performance on SHREC 2014. SHREC 2014
dataset is more difficult since it has more classes and larger
variations within each class. We also compare our proposed
method with the previous methods on this dataset. The PR
curves of various methods on SHREC 2014 are plotted in
Fig.5, which reveals that our method beats state-of-the-art
methods on the SHREC 2014 dataset. Table 2 also lists the
comprehensive evaluation of our proposed CGN method and
the previous methods. The tables shows that our proposed
method also outperforms all the previous methods in all eval-
uation metrics on SHREC 2014 dataset. For example, Our
CGN method with ResNet-50 reaches 82.7% mAP, which is
1.7%, 2.7% higher than DPSML [9], DCA [8]. The perfor-
mance demonstrates that our method is stable for difficult
large-scale datasets.

Fig.6 shows some retrieval examples of SHREC 2014
dataset. The query sketches are listed on the left side, and
their retrieved top ten 3D shapes are listed on the right side
according to their ranking order. As shown in it, our pro-
posed method achieves promising results for the classes of
examples.

4.3. Ablation study

We also conduct more experiments to explore which modality
is more suitable to be the teacher. Specifically, we change
the student network and teacher network. i.e. the network of
sketches is the teacher and the network of 3D shapes is the
student. And the other settings are the same as before. The
Table 3 shows the comparison of the performance on SHREC
2014 dataset. The results demonstrate the clear superiority
of our proposed method. The reason is that the hand-drawn
sketches are very abstract, the pre-learned features of sketches
have large intra-class distance and small inter-class distance,

Table 2. The performance (%) on SHREC’14 dataset.
Method Backbone NN FT ST EE DCG mAP
CMDR [15] - 10.9 5.7 8.9 4.1 32.8 5.4
SBR-VC [1] - 9.5 5.0 8.1 3.7 31.9 5.0
Siamese [3] 3-layer CNN 23.9 21.2 31.6 14.0 49.6 22.8
DCML [6] AlexNet 27.2 27.5 34.5 17.1 49.8 28.6
LWBR [5] AlexNet 40.3 37.8 45.5 23.6 58.1 40.1
DCHML [7] AlexNet 40.3 32.9 39.4 20.1 54.4 33.6
TCL [17] Alexnet 58.5 45.5 53.9 27.5 66.6 47.7

DCA [8]
AlexNet 49.8 46.4 51.3 29.4 62.7 50.2
VGG16 68.2 69.8 72.3 37.5 78.3 71.1
ResNet50 77.0 78.9 82.3 39.8 85.9 80.3

DPSML [9]
AlexNet 67.7 73.2 79.5 37.9 83.0 75.1
VGG19 74.8 78.5 83.9 40.6 86.6 80.0
ResNet50 77.4 79.8 84.9 41.5 87.7 81.3

Ours(CGN)
AlexNet 73.4 74.3 80.8 39.1 84.4 77.8
VGG16 76.9 78.9 83.1 41.2 86.9 80.8
VGG19 77.5 79.2 84.4 41.3 87.1 81.5
ResNet50 78.9 81.1 85.0 41.8 88.1 83.0

Table 3. Ablation study on SHREC’14 dataset.
Teacher-student NN FT ST EE DCG mAP
3D-sketch 78.9 81.1 85.0 41.8 88.1 83.0
sketch-3D 77.1 79.1 82.7 41.3 86.0 80.9

which is unable to effectively guide the feature transfer of 3D
shapes to obtain a discriminative cross-modal feature space.
Note that, we only report the results using ResNet-50 as the
backbone. It is believed that, the other CNN backbones share
similar performance trend.

5. CONCLUSION

In this paper, we proposed a novel cross-modal guidance net-
work for sketch-based 3D shape retrieval, which adopts the
idea of distillation networks to separate the cross-modal re-
trieval into a classification task and a feature transfer task.
Our method uses the pre-learned features of 3D shapes to
guide the feature learning of sketches. As a result, the features
of sketches transfer to the feature space of 3D shapes, result-
ing in the reduction of cross modal differences. The results of
our experiments outperform the state-of-the-art approaches.
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