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Abstract

Sketch-based 3D model retrieval suffers large visual discrepancy between 3D models and 2D sketches. Most existing methods
directly project samples from both modalities into a same semantic embedding space to alleviate the discrepancy. We argue
that simultaneous learning of those two modalities would restrict the discrimination of 3D model representation, resulting
in inferior retrieval results. In this work, we propose a novel sequential learning (SL) framework for sketch-based 3D model
retrieval to learn 3D model representation and 2D sketch representation separately and sequentially. Specifically, the SL
framework is composed of two modules, 3D model network (3DMN) and 2D sketch network (2DSN). Firstly, we train 3DMN
with a discriminative loss formulated only on 3D models to promote discrimination. Then, the learned representations of
3D models guide 2DSN to learn discriminative 2D sketch representations. In the second phase, we further mine the implicit
fine-grained class information of 3D models by unsupervised clustering algorithms. An alignment loss is formulated on 2D
sketches and corresponding fine-grained class centers of 3D models. Extensive experiments on three large-scale benchmark
datasets for 3D model retrieval validate the efficacy of the proposed SL framework and fine-grained class representations.

Keywords Sketch-based retrieval - 3D model retrieval - Sequential learning - Shape representation

1 Introduction

Retrieving 3D models from 2D sketches has been widely
used in various fields, such as 3D printing [30], medical
digital imaging [11], product conceptual design [15] and ani-
mation creation [37]. Comparing to text [3] and 3D models
[16, 46] as the query, 2D sketches provides an easier interac-
tion way for users to search the desired 3D models. While
being intuitive and convenient, sketches are also informative
enough to specify shapes.
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The main challenge of sketch-based 3D model retrieval
is that 2D sketches and 3D models are from two differ-
ent modalities with large visual discrepancy. The features
extracted from these two domains also follow different dis-
tributions, which leads to inferior performance by directly
searching 3D models through sketch features.

Recently, sketch-based 3D model retrieval methods can
be roughly divided into model-based [33, 47] and view-
based [26, 41]. Model-based methods are very straightfor-
ward which directly extracts original features from polygon
meshes [52, 54], voxel grids [25, 34] or point clouds [27,
33, 47] and then input the vectors into the deep learning
model to generate the final features. However, these meth-
ods are limited by the high computational complexity [20].
View-based methods firstly convert 3D models into 2D
views using line rendering algorithms [31], then extract
deep features from these 2D projections, and represent 3D
models with more discriminative and compact features by
max pooling [41], group aggregating [10] or recursive neu-
ral networks (RNNs) [26]. Finally, a metric is learned to
eliminate the discrepancy between 2D views of 3D models
and 2D sketches. View-based methods have achieved bet-
ter performance than model-based ones. In this paper, we
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focus on view-based methods and use 2D projections of 3D
models for retrieval.

Sketch-based 3D model retrieval is a matching problem
of 2D sketches and 3D models. The matching results are
inferior when 3D model features are not discriminative. For
example, “barn" and “house" are two 3D model classes with
high visual similarity. The 2D sketches of class “barn" and
“house” can not match with the corresponding 3D models
if the 3D models of the same class are hard to distinguish
in the learned feature space. Almost all state-of-the-art
approaches simultaneously learn features of 3D models and
2D sketches for modality-invariant representations as shown
in Fig. 1. We argue that the 3D features learned by simul-
taneous learning are not discriminative enough due to the
huge discrepancy between two modalities, which reduces the
final retrieval accuracy. In this work, we propose a sequential
learning framework to learn representations of 3D models
and 2D sketches separately and sequentially. The proposed
SL framework firstly learns 3D model features without 2D
sketches, and then learns 2D sketch features with the guid-
ance of learned 3D model representations. Note that, without
the interference of 2D sketches, the discrimination of 3D
representations can be further promoted. Since the learned
3D model features are more discriminative than joint learn-
ing, we can learn better 2D sketch feature by feature aligning
approaches and improve the final retrieval accuracy accord-
ingly. As shown in Fig. 1, the 3D model features learned by
SL are more discriminative than that by simultaneous learn-
ing and the final retrieval results are better. Table 2 shows
that, the higher the classification accuracy of 3D models
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Fig.1 The motivation of proposed sequential learning with fine-
grained representations. Simultaneous learning learns common fea-
tures of 3D models and 2D sketches through cross-modality learning.
Sketch a is visually like 3D model “fighter jet" but closer to some
“passenger jet" in the shared feature space. Sequential learning learns
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which indicates more discriminative 3D model representa-
tions, the higher the mAP value of the 3D model retrieval.

We further consider the fact that some categories of 3D
models may have many implicit fine-grained subcategories.
For instance, A and B are two implicit subcategories of a
3D model class. Given a query sketch visually like A, the
retrieved 3D models like A, which are most relevant to query
sketch, should rank at the top of retrieval list. In this work,
we propose to exploit the fine-grained class information of
3D models to guide the feature learning of 2D sketches. We
firstly calculate the fine-grained class centers of 3D model
features in one class by unsupervised clustering algorithms.
Then, the similarity learning can be completed by comput-
ing the distance between sketch features and fine-grained
class centers, thus mining better 2D sketch representations.
While previous simultaneous learning methods only con-
sider the common representations of 2D sketches and 3D
models, we further explore the intra-class discrimination.
With the guidance of fine-grained 3D model representations,
2D sketches are as close as possible to their corresponding
subclass centers. Figure 1 shows that given a query sketch
(a) like a “fighter jet", it is closer to the 3D models like
“fighter jet" than those like “passenger jet".

To summarize, we propose a novel sequential learning
framework for sketch-based 3D model retrieval. We learn
the representations of 3D models and 2D sketches in two
phases. In the first phase, we construct the 3DMN to per-
form discriminative learning of 3D models. Firstly, a 3D
model is rendered into multiple 2D views and MVCNN [41]
is adopted to extract features from these views. Then, a 3D

PR —

O Airplane(model)- “fighter jet”

A Airplane(model)- “passenger jet”
O Airplane(sketch)-(a)

A Airplane(sketch)-(b)

3D model features without 2D sketches and achieve better discrimi-
nation. The samples of class “Airplane" are separated into two clus-
ters seen as two implicit subcategories. Sketch a and b are pulled
close to the 3D models “fighter jet" and “passenger jet", respectively
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model is represented by an integrated vector of those view
features. A discriminative loss is proposed to learn a class
representation for each class by increasing the inter-class
distance and reducing the intra-class distance. In the second
phase, we devise the 2DSN to perform the feature learning
of 2D sketches guided by the fine-grained class representa-
tions of 3D models. We exploit clustering methods to obtain
the fine-grained class information of 3D models. Then, an
alignment loss is formulated on 2D sketch features and cor-
responding fine-grained class representations of 3D models
to mine the discrimination of 2D sketches. In this case, 2D
sketches are as close as possible to the nearest fine-grained
class of 3D models in the embedding space. Comprehensive
experimental results on three large-scale benchmark datasets
validate the priority of our proposed method over the state-
of-the-art methods.
Our main contributions are as follows:

— We propose a novel sequential learning framework for
sketch-based 3D model retrieval to learn representations
of 3D models and 2D sketches separately and sequen-
tially. Different from simultaneous learning, our pro-
posed SL framework learns 3D model features without
2D sketches to promote the discrimination of 3D model
representations, thus improving the final retrieval accu-
racy accordingly.

— We consider the implicit fine-grained classes of 3D
models to mine the discrimination of 2D sketches. The
2DSN is proposed to learn 2D sketch features with an
alignment loss formulated on 2D sketch features and the
fine-grained 3D representations calculated by clustering
algorithms. Combining fine-grained class information
into 2DSN makes the retrieved 3D models more visu-
ally similar to the query sketch.

— We achieve superior results than the state-of-the-arts on
three 3D model retrieval benchmark datasets SHREC
2013 [22], SHREC 2014 [23] and SHREC 2016 [21]
datasets.

2 Related work

Sketch-based 3D models retrieval has drawn more and
more attention from computer vision community, with the
introduction of large-scale 3D model datasets (such as PSB
[40] and ShapeNets [49]) and 3D retrieval contests (such as
SHREC 2013 [22], SHREC 2014 [23] and SHREC 2016
[21]). Due to the powerful representation ability, deep learn-
ing based methods perform better than traditional methods
on many tasks, such as object detection [28], semantic seg-
mentation [39], and 3D model retrieval [2, 5, 19, 50]. In
this section, we mainly discuss the sketch-based 3D model
retrieval methods based on deep learning algorithms. More

specifically, we cover the sketch-based 3D model retrieval
methods from the perspective of 3D model processing meth-
ods and metric learning.

2.1 3D model processing methods
2.1.1 Model-based methods

The model-based methods learn shape features directly from
the 3D models. PCDNN [54] employs the view-invariant
Local Depth Scale-Invariant Feature Transform (LD-SIFT
[7]) feature to represent 3D shapes. Then, a pre-trained 3D
model neural network is used for these 3D features. Dai et al.
[5, 6] use locality-constrained linear coding (LLC) [45] to
get a global model descriptor, and then use the deep neu-
ral network to transform these raw features into a seman-
tic space. To alleviate the large cross-domain discrepancy
between sketches and 3D models, Dai et al. [5, 6] propose
a deep correlated metric learning method that consists of
two parts, discriminative part which mainly addresses the
difference within each domain, and correlation part which
solves the difference across domains. These two parts jointly
train the neural network to make the feature distributions of
two modalities tend to be consistent. Qi et al. [32] employs
PointNet [33] to process 3D point clouds, and proposes to
project sketches and 3D models into a joint semantic embed-
ding space by classification and triplet ranking losses. In
[13], a DLAN network is proposed to combine rotation-
invariant 3D local features, which describes local 3D regions
of a 3D model by using a set of 3D geometric features. The
DLAN network aggregates the set of features of each 3D
model into a globally rotation-invariant and compact feature
for retrieval task. Klokov and Lempitsky [17] proposes Kd-
network and [46] proposes Oc-tree to work with unstruc-
tured point clouds from 3D models. Both of them use the
learned features to perform retrieval task. Furuya et al. [13]
uses normal vectors of the 3D model surfaces as input, and
then a voxel-based convolution neural network is designed
for this data format. The above methods either construct
hand-crafted features for 3D models or automatically learn
shallow features directly from the 3D model data formats,
such as voxel [34], point clouds [35]. However, methods
based on hand-crafted features underperform for lack of dis-
crimination [36, 53]. And methods based on point clouds
[32] and voxels [13] are limited by the inefficiency of related
technologies or suffer high computational complexity.

2.1.2 View-based methods
The view-based methods describe 3D models by a group
of projected views, and then use features of these projected

views extracted by convolutional neural network (CNNs) for
retrieval or classification task. Wang et al. [44] selected two
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representative views to represent the 3D model, and then
exploit Siamese network to extract the features of sketches
and views with within-domain and cross-domain similarity
loss functions. MVCNN [41] aggregates features from mul-
tiple views of a 3D model into a compact model descriptor
with a view-pooling layer. Many 3D model retrieval meth-
ods based on MVCNN have been proposed. Bai et al. [1]
proposed a real-time 3D shape retrieval system. Feng et al.
[10] proposed a group-view convolutional neural network
(GVCNN) framework for hierarchical correlation modeling
towards discriminative 3D shape description. LWBR [51]
computes the Wasserstein barycenters of the extracted fea-
tures from a group of views of 3D models, and then uses
these Wasserstein barycenters of 3D models and sketches
to learn discriminative 3D model and sketch features for
retrieval. DCA [4] combines multi-view features by average
view-pooling operation, and introduces adversarial learning
for sketches and 3D models. Lei et al. [20] introduced a Rep-
resentative-View Selection (RVS) module to select the most
representative views of a 3D model, and propose DPSML
framework to alleviate the difference between sketches and
3D models for retrieval. Nie et al. [26] utilized RNNs to
aggregate the extracted deep features of the rendered views.
In general, view-based deep learning methods learn more
compact features for 3D models and achieve better retrieval
performance in most cases [4, 20].

2.2 Deep metriclearning

To alleviate the large cross-domain discrepancy between 2D
sketches and 3D models, many deep metric learning based
methods have been proposed. Wang et al. [44] used a Sia-
mese network to learn the similarity between samples of 3D
models and 2D sketches. Dai et al. [6] proposed a discrimi-
native loss to minimize intra-class distance, maximize inter-
class distance within each domain, and optimize the distance
across domains simultaneously. Qi et al. [32] and Li et al.
[24] proposed metric learning methods with triplet structure
to optimize intra-class and inter-class distance jointly.

However, these methods jointly learn two deep nonlinear
transformations to map the two modalities into a common
feature space to solve the intra-domain and inter-domain dif-
ference simultaneously and the triplet loss suffers from the
problem of time-consuming mining of hard triplets. We pro-
pose losses to optimize the intra-domain and inter-domain
distances separately and sequentially without requiring addi-
tional hard samples mining stage.

Currently, existing sketch-based 3D model retrieval meth-
ods [5, 6, 44] address 3D model domain variations and dis-
crepancy between 3D model domain and 2D sketch domain
simultaneously in an end-to-end manner. However, there is a
huge semantic gap between the 3D models and 2D sketches. In
this work, we propose to learn 3D model representations and
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2D sketch representations separately and sequentially. Firstly,
we learn 3D model representations without the interference
of 2D sketches to promote the discrimination of 3D models.
Subsequently, the network only focuses on learning 2D sketch
features with the guidance of the learned 3D representations of
the same class. In addition, existing methods ignore the fine-
grained classes of 3D models. We formulate an alignment loss
on 2D sketch features and fine-grained 3D model representa-
tions obtained by clustering algorithms. At the testing stage,
3D models belonging to the fine-grained class closest to the
query sketch are expected to rank at the top of retrieval list.

3 Proposed method

We denote training examples from 3D model domain
as D e = {( i",yi.")}?;"l, where x" is a 3D model,
yl'.” e C=1{1,2,...,n,}is the associated label, . denotes the
number of categories, and n,, is the number of training exam-
ples of 3D models. These samples are encoded into d-dimen-
sional vectors with a neural network denoted as f, (-). Note
that, directly performing Euclidean distance between feature
vectors in high-dimensional space will cause numerical insta-
. . ” o
bility. Therefore, we normalize f, (x")to get f;" using Eq. (1).

fo, )

m o _
= el @
3DMN learns to promote the discrimination of 3D model
domain to facilitate the subsequent cross domain similar-
ity learning. We propose a discriminative loss which simul-
taneously minimize the intra-class distance and maximize
the inter-class distance without requiring additional hard
samples mining stage [38]. Assume that 3D models in the
same class share one common class representation, thus, we
initialize n, feature vectors, {c|,c,, ..., Cp, } for each class,
where ¢; € R? and ||c||§ = 1. We update the parametric
class representation vectors based on a batch of data at each
iteration without designing sample pairs. Given a batch of
training data with N,, samples, the discriminative loss £, is
defined as:

N,

L, = Z max(0, M + D(f!", cyi-”) -

i=1

min D", c))), 2
JEC ! ") @
where N,, is the batch size, M is a predefined margin and
D(-) is the cosine distance function denoted as:
m
<[ s Cyn >

DM, ey =1—— 10— <fhc.> (3
6 TR oz O

The learning objective of £ is to pull samples closer to their
corresponding class representation vector ¢, than the near-

est class representation vector ¢; where j # y". Since the
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numerical value of £ is very small, the extracted 3D model
features in the same class will all approach the class repre-
sentation vector. In this case, there is no discrimination
among samples in the same class, which is detrimental for
mining fine-grained categories. Therefore, we introduce the
cross entropy loss £, to accommodate large intra-class vari-
ations and train 3DMN with joint supervision of £ and £,.
The overall loss of 3DMN is given in Eq. (4).

Lipun = L+ AL,

& MG,
= — log Ic] + A»Cd, (4)
=l > RUAMCAL

where 4 is a hyper-parameter used to balance £, and £,. We
conduct experiments to illustrate how 4 affects the learning
of 3DMN.

3.1 Correlation learning for 2D sketches

In this subsection, we present to learn discriminative
sketch features for 3D model retrieval. Since 2D sketches
and 3D models come from two different modalities with
great visual discrepancy. Even 3D models and 2D sketches
are projected into the same embedding space, the gap of
feature distribution between them is still significant. To
guarantee the effectiveness of cross-domain retrieval, we
should ensure that the feature distributions of two domains
are as consistent as possible.

The training examples of 2D sketches are denoted as
Dgyeren = (], ys)}l » Where x7 is a sketch, y; € C is the
corresponding label, and n; is the number of training
examples of 2D sketches. Note that, 2D sketches and 3D
models share the same label space. Sketches are embedded
into d-dimensional vectors by 2DSN network denoted as
fex(')- Here, we also use Eq. (1) to normalize the fer(xl?) to
get ¥ € R4,

The learning objective of 2DSN networks is to align the
feature distribution of 2D sketches with that of 3D models.
Most recent works use triplet loss to optimize the intra-
class and inter-class distance of sketch-model pairs. How-
ever, training with triplet loss is subjected to the carefully
designed hard sample mining strategy and suffers the high
computation cost of triplets. Considering the overall class
information, each class of 3D model can be represented by
a class representation vector as Cy. When training 2DSN
network, we impel the sketch x} to approach the learned
3D class representation vector Cys by 3DMN. Given a batch
of training data with N; samples, we expand center loss
[48] from one domain to two domains named alignment
loss L, as:

NS‘
L, = Z D(f!,c,). 5)
i=1

As we observe, a query sketch is visually similar to only a
part of 3D models in a class when subcategories exist. Dif-
ferent from previous methods which match 2D sketches with
all 3D models in a same class, we further consider fine-
grained classes of 3D models (see Fig. 3). Using clustering
algorithms such as K-Means, we calculate multiple fine-
grained class centers for each class, denoted as
{r,r, .. ,r,ii}, where » € R? is a cluster center of class

i € C, k; denotes the number of fine-grained categories in
class i. Given a batch of N, samples, we define alignment
loss L, as:

K}

NS
L. = min D5, 7). 6
¢ Z;’e[l,kvﬂ Vi 1) ©

The intuition of this objective function is that if the sketch
feature is close to a fine-grained class center, there is a high
probability that the sketch belongs to the fine-grained class.
If we only supervise 2DSN networks by £, the deeply
learned features will be close to each other and lack fine-
grained discrimination, which causes visual dissimilarity of
retrieval results. So we also combine softmax loss £, with £,
to jointly supervise the 2DSN network. The overall objective
function for 2DSN networks is given in Eq. (7).

Wt 0, 0)+bys

- _ _,e v )
- Z gZ|C| Wy )+, +ale,
=1

i=1

where « is a trade-off parameter between £, and L,.

3.2 Network architecture

Both 3DMN and 2DSN adopt AlexNet [18] or ResNet50 [14]
as CNN backbone for feature extraction. For AlexNet, we
follow the same network architecture as [6]. For ResNet50,
the layers before pooling5 layer (inclusive) are remained.
Using the ReLLU activation function [14], all the extracted
features are distributed in the same quadrant, which might
cause the CNNs to be difficult to learn. We use two fully
connected layers (fc) with LeakyReLU activation function
(fc(2048,2048)->BN->LeakyReLU->fc(2048,2048)) to
make the feature distribution more reasonable. Moreover,
we perform L2 regularization on the features as L2 con-
straint to make the values more stable. 3DMN is built upon
the framework of MVCNN [41] which combines a series of
2D projection views to the CNNs in an end-to-end training
manner. Following MVCNN, we employ Phong reflection
model [31] to render a 3D model into n views representation
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asV = {v;,1 <i<n,v; € RPW3} where H X W is the size
of views.

4 Experimental setups

We conduct extensive experiments on three large-scale
benchmark datasets, i.e., the SHREC 2013 [22], SHREC
2014 [23] and SHREC 2016 [21] sketch track benchmark
datasets. We first introduce the experimental settings, includ-
ing detailed description of above benchmark datasets, evalu-
ation metrics and implementation details. Then, we conduct
ablation experiments to demonstrate the effectiveness of the
proposed method. Next, we calculate seven metrics to inves-
tigate the retrieval performance and compare our results
against the state-of-the-arts. We also give detailed analysis
of the normalization module and hyper-parameters includ-
ing A, m and «. Finally, we visualize the distribution of our
learned sketch and 3D shape features, retrieval results of our
proposed method.

4.1 3D model retrieval datasets

SHREC 2013 [22] is a large-scale benchmark dataset for
sketch-based 3D model retrieval. This dataset collects 7200
sketches from human-drawn sketch dataset [9] and 1258
models from Princeton Shape Benchmark [40], divided into
90 classes. The number of sketches in each class is equal,
and there are 80 in each class. The number of 3D models in
each class ranges from a minimum of 4 to a maximum of
184. Following [22], we use 50 sketches from each class for
training and the remaining 30 sketches per class for testing,
while the 1258 relevant models are remained as the target
for retrieval.

SHREC 2014 [23] is a much larger scale benchmark
dataset, which is composed of 13,680 sketches and 8987
3D models from 171 classes. The number of sketches of
each class is also equal to 80. The number of 3D models in
each class varies from 1 to 632. Following [22], we use 50
sketches of each class for training and 30 sketches for test-
ing. All of the 3D models are used for retrieval.

SHREC 2016 [21] is a new benchmark dataset, which
takes hand-drawn 3D sketches as the query for 3D model
retrieval. This dataset is composed of 300 point-based
3D sketches collected by a Microsoft Kinect device, and
1258 3D models acquired from SHREC 2013 dataset. The
sketches are evenly divided into 30 classes, among which
only 21 have corresponding 3D models. For each class, there
are 10 sketches, where 7 sketches are used for training and
3 sketches for testing. One 3D sketch example in one view
for each of the 30 classes is shown in Fig. 4.

@ Springer

4.2 Evaluation metrics

Following the state-of-the-arts, we employ seven widely
used performance metrics [22] in our experiments. They
are Precision—Recall curve (PR curve), Nearest Neighbor
(NN), First Tier (FT), Second Tier (ST), E-measure (E), Dis-
counted Cumulated Gain (DCG) and mean Average Preci-
sion (mAP).

4.2.1 PR

Precision—Recall curve is the most common metric to evalu-
ate sketch-based 3D model retrieval. Precision is the ratio
of retrieved 3D models that are relevant to all retrieved 3D
models in the ranked list. Recall is the ratio of retrieved 3D
models that are relevant to all relevant 3D models.

4.2.2 NN, FT, ST

These three evaluation metrics check the ratio of 3D models
in the query’s class that also appear in the ranked list within
the length of K, where K can be 1, the size of the query’s
class, or the double size of the query’s class. Specifically,
for a class with ICl members, K = 1for NN, K = |C| — 1for
FT,and K =2 * (|C| — 1) for ST.

423 E

F-Measure is the weighted harmonic mean of precision and
recall. The E-Measure is defined as E = 1 — F. Note that,
its maximum value is 1.0, and higher E value indicate better
retrieval performance.

4.2.4 DCG

The relevance level of each 3D model is used as a gain value
measures for its ranked position, the gain is summed pro-
gressively from position 1 to n. The discounted cumulated
gain vector DCG reduces the 3D model weight as its rank
increases.

4.2.5 mAP

Average precision (AP) is the area under the precision—recall
curve. The AP is then averaged over all classes to get mAP.

4.3 Implementation details

We implement the proposed method based on the PyTorch
framework [29] with a NVIDIA GeForce GTX 1060 GPU.
In our proposed method, we obtain 12 rendered views for
each 3D model as [31]. The deep CNN features are extracted
from “L2 constraint” layer for both 2DSN and 3DMN. In
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practice, we are limited by GPU memory, which is not large
enough to hold large batch of data. In the experiments, we
adopt the SGD with momentum [42] of 0.9 for optimiza-
tion and set mini-batch size to be 32 for 3DMN and 16 for
2DSN, respectively. We conduct our experiments for total
90 epochs with cosine learning rate for all experiments. The
initial learning rate is set to be le-3 and le-2 for optimizing
backbone and other layers respectively. A weight decay of
le-4 is used. We randomly initialize the class representa-
tion features of each 3D model class and the learning rate
of these features is set to be 0.1 for our experiments. 4, m
and a are set to be 12, 1.5, and 28, respectively. In this work,
we adopt K-Means to process learned 3D model features to
compute the fine-grained class representation of each class.
For SHREC 2013, we set K to be 2, 3, 4, and 5 with the
minimum 3D model number of 8, 24, 64, and 160 in each
class. For SHREC 2014 dataset, we set K to be 2, 3, 4, and
5 with the minimum 3D model number of 16, 48, 128, 320.
The setting of K for SHREC 2016 is same with SHREC
2013 for the same source of 3D models.

5 Experimental results
5.1 Evaluation of the proposed method

We conduct some ablation experiments to illustrate the effec-
tiveness of our proposed SL framework and fine-grained rep-
resentations. We evaluate the methods on SHREC 2013 and
exploit AlexNet as the CNNs backbone. First, we extract
features of 3D models and 2D sketches using 3DMN and
2DSN and train them with a triplet loss end-to-end, which
is set as the baseline. Then, we adopt the SL framework
to train 3DMN and 2DSN networks separately and sequen-
tially, which achieves performance improvement in terms
of all metrics. To promote the discrimination of 3D model
features, we train 3DMN with £, in Eq. (4), which param-
eterize the class representation of each class. We can exploit
the learned class representations as coarse-grained class
information to guide the representation learning of 2DSN
with £, in Eq. (5), considering a possible scenario that no
classes of 3D models have subclasses. Further, we introduce
fine-grained representation learning of 2D sketch features
to address a more practical scenario that most classes have
subclasses. 3D models and 2D sketches belonging to differ-
ent subcategory differs in visual appearance such as shape
and texture. We use K-Means to obtain the fine-grained class
representations of 3D models and train 2DSN with £L_ in
Eq. (6). As shown in Table 1, “BL" refers to the baseline
method which trains 3DMN and 2DSN end-to-end; “SL"
trains 3DMN and 2DSN sequentially; “C” refers to train-
ing 3DMN with £; “F" refers to training 2DSN with fine-
grained class representations of 3D models. It can be seen

that SL outperforms BL, and both SL+C and SL+C+F out-
perform SL in terms of all evaluation metrics. Note that,
the SHREC 2013 datasets contains 90 classes of 3D mod-
els, few of which have subclasses due to limited samples.
Therefore, we also conduct experiments on SHREC 2014
dataset which have more samples and classes. As shown
in Table 1, the SL+C+F(SHREC 2014) explicitly surpass
the SL+C(SHREC 2014) in terms of all evaluation metrics.
Ablation experiments indicate that the proposed method
has learned discriminative features of 3D models and 2D
sketches, and efficiently align these features across two
domains, effectively improving the retrieval accuracy.

Better 3D model representation, better 3D model
retrieval. We assume that the more discriminative 3D rep-
resentation, the more accurate the 3D model retrieval. To
verify this assumption, we conduct experiments on SHREC
2013, and compare the classification and retrieval perfor-
mance of BL, SL, and SL+C using AlexNet as the CNNs
backbone for feature extraction. Specifically, SL learns
better model representation than BL with a gain of 5.45 %
(i.e., 66.02 versus 60.57%) in terms of mean class accuracy
(MCA) as shown in Table 2. For 3D model retrieval, SL
outperforms BL and achieves an increase of about 2% in
terms of mAP. Furthermore, SL+C obtains a gain of 3.65%
in terms of MCA for 3D models over SL, and achieves an
increase of 10.1% in terms of mAP. As the discrimination of
3D model representation improve, the final retrieval accu-
racy increases. The experimental results demonstrate that
the discrimination of 3D representation is a vital factor of
3D model retrieval.

The generality of our proposed method. To illustrate
the generality of our proposed method, we conduct extensive
experiments on SHREC 2013, SHREC 2014, and SHREC
2016, which are with different sample numbers, category
numbers, and modalities of sketches, and achieve favora-
ble retrieval performance on these datasets. It demonstrates
that our method can be generalized to different datasets and
learn robust features for models and sketches. To make the
network training more stable and converge fast, we employ
different learning rates for different modules of the network
as shown in 4.3. We also carry out L2 constraint for both
2D and 3D features which alleviates the over-fitting of 3D
features and significantly improve final retrieval speed.

5.2 Comparison with state-of-the-art methods

In this section, we evaluate our proposed method on SHREC
2013 [22], SHREC 2014 [23] and SHREC 2016 [21] data-
sets and compare it with the state-of-the-art methods. For
SHREC 2013 dataset, we consider coarse-grained class rep-
resentations for 3D models. For SHREC 2014 and SHREC
2016 datasets, we further consider the fine-grained classes of
3D models to mine the discrimination of 2D sketch features.
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5.2.1 Evaluation on the SHREC 2013 dataset

A quantitative comparison of the proposed method with the
state-of-the-arts is shown in Fig. 5 based on PR curves. For a
fair comparison, we conduct experiments based on different
backbones (e.g., AlexNet and ResNet50) according to [4]
and [20]. It can be seen that, the precision value of the pro-
posed method steadily exceeds the state-of-the-art methods
while the recall value increases from O to 1. Note that, the
precision value of the proposed method increases consist-
ently, while the precision value of other methods decreases
especially when the recall value is bigger than 0.4. It demon-
strates that, given a query sketch, our method obtains all rel-
evant 3D models within less retrieval items than other meth-
ods. This is because that our method guides 2D sketches to
approach the most similar 3D models in an implicit fine-
grained class, while other methods pull sketches close to
all 3D models in the whole class. Compared with the most
recently published works [4, 5, 20, 54], our proposed method
achieve superior retrieval performance based on the CNN
backbones of both AlexNet and ResNet50.

Table 3 shows a quantitative comparison of the proposed
method with the state-of-the-art methods on six standard
evaluation metrics, including NN, FT, ST, E DCG and mAP.
It can be observed that the proposed method outperforms
other state-of-the-art methods for all evaluation metrics.
Considering that few classes contain fine-grained categories
in SHREC 2013 dataset, we implement the “S+C" method.
Experimental results on SHREC 2013 benchmark dataset
have verified the effectiveness of the proposed method.

5.2.2 Evaluation on the SHREC 2014 dataset

In this section, we evaluate the proposed method on the
SHREC 2014 dataset which is more challenging than the
SHREC 2013 for more classes and larger variations within
each class. For fair comparison, we also implement our pro-
posed method based on two CNN backbones (e.g., AlexNet
and ResNet50) as the works [4, 20].

Figure 6 illustrates the PR curves of the proposed method
and comparison with the state-of-the-art methods. It can be
seen that our proposed method significantly outperforms the
state-of-the-art methods. More specially, the precision value
of our proposed method (both SL+C and SL+C+F) using
AlexNet as CNN backbone always keeps higher than that of
one most recent work [20]. Moreover, when the deeper CNN
backbone is applied, the proposed method still surpass the
work [20]. In addition, as the recall value increases from 0
to 1, the precision value of the proposed method maintains
an ascending trend and only has a slight decrease when the
recall value is great than 0.95. The PR curves have verified
the superior performance and robustness of the proposed
method.
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Table 4 provides a quantitative comparisons of the pro-
posed method with the state-of-the-art methods on the
SHREC 2014 benchmark dataset. We evaluate the proposed
method on six metrics, including NN, FT, ST, E, DCG, and
mAP. It can be observed that the proposed method outper-
forms the state-of-the-art methods on NN, FT, E, and mAP,
and has a comparative results on ST and DCG. More spe-
cially, the proposed method surpasses the most recent work
DPSML [20] in terms of the important metric NN with a
gain of 4.6% (i.e., 72.30% versus 67.70%) when AlexNet
is applied as the CNN backbone for feature extraction. Fur-
thermore, the proposed method still surpasses DPSML [20]
in terms of NN with an increase of 0.7% when the deep
neural network ResNet50 is adopted as the backbone. For
the SHREC 2014 dataset, ST checks the ratio of models in
the query’s class that also appear within the top K matches
and K is always 20. The ST value of our proposed method
degrades for some classes with few examples. The appear-
ance similarity of hard categories (e.g., barn and house,
car_sedan and suv) might account for the slight difference of
DCG value of the proposed method and DPSML [20]. It can
be observed that the retrieval performances of “SL+C+F"
is better than that of “SL+C". This is because that there
are more classed of 3D models in SHREC 2014, and more
classes contains fine-grained subcategories. The experimen-
tal results on SHREC 2014 validate the effectiveness of our
proposed method, especially the fine-grained discrimination
mining.

5.2.3 Evaluation on the SHREC 2016 dataset

This section presents a comparison of the proposed method
with the state-of-the-art methods on the SHREC 2016 data-
set. For adopting 3D sketches as queries, the SHREC 2016
dataset is more challenging than both SHREC 2013 and
SHREC 2014 datasets. Moreover, 3D sketches are repre-
sented with sparse point clouds, which are more abstract
than 2D sketches.

Only few works [5, 20, 21, 44] are evaluated on the
SHREC 2016. For fairness, we employ the front view of
3D sketch as its representation following [5]. We evaluated
the proposed method on NN, FT, ST, E, DCG and mAP.
The corresponding quantitative comparison is illustrated
in Table 5. The proposed method outperforms the state-
of-the-art methods in terms of all metrics. Specifically, the
proposed learned method significantly surpasses the most
recent work [20] with gain of 20.59 % in terms of the met-
ric NN when AlexNet is applied as backbone. Note that,
our proposed method achieves better retrieval performance
than [20], even they use a deeper backbone of VGG19. The
retrieval performance on the SHREC 2016 dataset further
demonstrates the effectiveness of the proposed method and
generalization ability to 3D sketch-based 3D model retrieval
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task. In addition, we illustrates the PR curves of the pro-
posed "SL+C" and "SL+C+F" methods using AlexNet as
the CNN backbone on SHREC 2016 dataset in Fig. 7. It
can be seen that SL+C+F outperforms SL+C. More specifi-
cally, the precision value of the proposed method maintains
an ascending trend on the whole and decreases when the
recall value is great than 0.75. The PR curves have verified
the superior performance and robustness of the proposed
method.

The PR curves of our method evaluated on 3 datasets
keep an ascending trend while those of other methods always
drop after a certain recall value and reach a value close to
0 when the recall value equals to 1. It can be inferred that
given a query sketch the order of relevant 3D models in
our retrieval list is higher and more concentrated. For other
methods, the relevant models in their retrieval list are scat-
tered, and especially the last few ones are far down in the
list. To illustrate our retrieval effect visually, we show the
PR curves for all 63 query 3D sketches of SHREC 2016
in Fig. 8. Note that the number of related 3D models for
each query sketch varies from 4 to 63. It can be seen that
for most query sketches their PR curves keep rising and for
some query sketches the precision values even remains 1.
The above observation explains the rise in the PR curve
of Fig. 7 where the final precision-recall pairs are inter-
polated from the precision—recall values of these 63 query
sketches. This indicates that the 2D representation of the
query sketch are very similar with the 3D representations of
relevant 3D models which are also highly similar. The high
similarity between 3D model representations, 2D and 3D
representations ultimately attribute to the discrimination of
3D representations learned by 3DMN and the alignment of
3D and 2D representations by 2DSN. The one-stage learn-
ing method forces the data of 2D and 3D modalities closer
which impairs the internal similarity of 3D modality.

5.3 Detailed analysis of proposed method

We have conducted some experiments to evaluate the effec-
tiveness of different hyper-parameters and the normalization
module in proposed method. To select the optimal hyper-
parameters, we randomly choose 25% samples of 3D models
and 2D sketches from SHREC 2013 dataset as the valida-
tion set for the following contrast experiments. Note that,
we validate hyper-parameters with the classification results
of 3D models or 2D sketches measured by the mean class
accuracy (MCA). We validate the effectiveness of the nor-
malization module with the retrieval results.

Effect of hyper-parameters «, 4 and m. As described in
Egs. (4) and (7), both the overall loss of proposed 3DMN
and 2DSN contains two terms. The hyper-parameters « and
A balance the associated loss functions, respectively. In
Eq. (4), there are two hyper-parameters A and m. We set

m = 1.5 and vary A from O to 15 to learn different models.
The effect of A is shown in Fig. 9a. Experimental results
show that supervising the model learning using only £, loss
(4 = 0) leads to poor verification performance. Introducing
the £, loss can improve the verification accuracy. The L
loss focuses on how to map 3D model features to discrete
labels, and the £, learns features directly that can enforce
3D model feature to be embedded into more compact spaces
faster. To improve the generalization ability of the network,
we introduce m into the £, loss. It can be seen from Fig. 9¢
that when m is not equal to 0, the network has a strong gen-
eralization ability. We also conduct many validation experi-
ments on a. We vary a from 0 to 32, where @ = 0 obtains the
worst performance when only softmax loss is used to learn
the mapping from features to labels. However, the £, loss
pay more attention to the learning between feature domains
when the label space is fixed. Since we use the “L2 con-
straint" module, we can set a larger value for @ and A, which
can prompt the network to learn more discriminative features
and avoid gradient explosion.

Effect of normalization. It can be seen from Table 6
that the “L2 constraint" module can significantly improve
the classification performance. In Fig. 2, after the features
passes the “MLP" module, it will be constrained by Eq. (1).
After the “L2 constraint”" module, features are normalized to
the unit hypersphere with a maximum distance of 2 between
features. So we can conveniently get a more reasonable value
for m in Eq. (2). We set m = 1.5 in all experiments. Using
this module can get about 7% performance improvement in
terms of mean class accuracy (MCA) on 3D model data-
set as shown in Table 6. As for retrieval speed, after the
“L2 constraint” module, using the cosine distance to cal-
culate the similarity between features is equivalent to the
scalar product. From Table 6, we can see that the normal-
ized retrieval speed is nearly 7 times faster than that without
normalization.

5.4 Qualitative results

Visualization of learned representations. We adopt t-SNE
[43] to visualize the learned features from 8 classes (i.e.,
sword, race car, sailboat, pickup truck, brain, floor lamp,
door and church) of 2D sketches and 3D models in SHREC
2013 benchmark dataset using pre-trained CNNs on Ima-
geNet [8], “SL+C", and “SL+C+F". Figure 10a illustrates
features of 2D sketches and 3D models extracted by pre-
trained CNN:gs. It can be seen that the features of two modali-
ties are far from each other and features of different classes
in each modality are mixed together. Figure 10b shows the
features by our proposed “SL+C" method. It can be observed
that the 3D model features learned by 3DMN are divergent
to each other, and the sketch features learned by 2DSN
gather around the learned class representation. Although the
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Fig.2 Overview of the proposed sequential learning (SL) framework
for sketch-based 3D model retrieval. By rendering 3D models into
multiple views, we extract deep CNN features of 2D projections. 3D
models are represented by the pooled views. With the metric network
of MLP and L2 Constraint, we formulate a cross entropy loss and a
discriminative loss to learn 3D model features in phase 1. By clus-

Fig.3 An illustration of fine-
grained classes in 3D models.
Airplane and Chair are two
model classes from the SHREC
2013 dataset. According to
visual similarity, Airplane and
Chair have three and two fine-
grained classes, respectively

Chair

class representation of sword is a little far from 3D models
due to visually similar to other classes, other learned class
representations are very close to corresponding 3D mod-
els. Figure 10c illustrates that the 3D model and 2D sketch
features learned by the proposed “SL+C+F" are obviously
divided into eight compact clusters. The fine-grained class
representation calculated by clustering algorithms are more
accurate than the learned class representation. As shown in
Fig. 10c, the feature distribution of 2D sketches learned by
2DSN are almost consistent to that of 3D models. Compar-
ing the learned features of Fig. 10b, ¢, we can conclude that
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tering algorithms, we compute the fine-grained 3D representations to
guide the feature learning of 2D sketches. We extract deep CNN fea-
tures of 2D sketches. A cross entropy loss and an alignment loss are
formulated to learn 2D sketch feature with the same metric network
architecture in phase 2. The 2D sketch features are pushed to the clos-
est subcategory of 3D models. Color represents category

sinae e e g A L

7 =y ] = T
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combining fine-grained class information into the training
of 2DSN is beneficial to align the feature distribution of 2D
sketches with that of 3D models, which avails the 3D model
retrieval.

Visualization of retrieval results. The top 10 retrieval
results of 7 query sketches from the SHREC 2013 data-
set are showed in Fig. 11. The left column is the query
sketches (i.e., dog, ice cream cone, pickup truck, potted
plant, and shovel) and the right column is the correspond-
ing top 10 retrieval 3D models with rank score from 1 to
10. The correct 3D models are marked in green color and



Sequential learning for sketch-based 3D model retrieval 771
Fig.4 Example 3D sketches of alarm_clock basket bede book candle chair
the SHREC 2016 dataset ! R A 53 *
(’a V;) E
. N ;&-}.\. ! i
r 3 pie)
door_handle eyeclasses floor_lamp fork
5 ﬂ \
. Sav I
4 A, i ‘n-?l
hat key knife ladder laptop
r--.(--""—'—-"‘ } "-\V\
{r § = _F-“-L‘—.a———"‘/‘
mailbox scissors screwdriver shovel skateboard
L > (7@ 3
spider table tire
a B
\ \./,[

Table 1 Th.e ablation r,etrieval Methods Backbones NN FT ST E DCG mAP
results of different variants
of proposed method on the BL AlexNet 65.74 64.81 76.64 37.26 78.50 69.63
SHREC 2013 and SHREC 2014 ¢ AlexNet 70.90 67.50 78.50 38.40 80.40 71.60
datasets (last two lines)

SL+C AlexNet 78.30 80.30 84.20 39.40 85.50 81.70

SL+C+F AlexNet 76.70 79.52 84.48 39.42 85.20 81.10

SL+C ResNet50 78.00 80.40 84.40 41.50 87.10 81.90

SL+C+F ResNet50 78.10 80.40 84.70 41.53 87.20 82.00

The best results are in bold font

Table2 The ablation classification results (MCA, %) for 3D models
and retrieval results (mAP, %) of baseline method and different vari-
ants of proposed method on SHREC 2013 dataset

Methods MCA (%) 3D mAP (%)
BL 60.57 69.63
SL 66.02 71.60
SL+C 69.67 81.70

The best results are in bold font

the incorrect ones are marked in yellow. For the classes
with abundant examples like ice cream cone and potted
plant, all 10 retrieval 3D models are correct, while for the
classes with limited examples like bicycle, dog, pickup
truck, and shovel, the first few retrieved models are cor-
rect and the last few ones are incorrect. Note that, there

are only 7, 7, 8, and 5 examples provided for the classes
of bicycle, dog, pickup truck, and shovel, which means all
correct 3D models are retrieved by our proposed method
for these classes, either. Specifically, the retrieval results
are obtained by “SL+C" using the CNN backbone of
AlexNet as some recent works [4, 5, 20, 54] whose top
10 retrieval results of above classes include incorrect or
visually dissimilar 3D models. Note that, the relevant 3D
models of query sketches are retrieved and rank in front
of the retrieval list, which is an intuitive demonstration of
the aforementioned PR curves.

Figure 12 shows the top 5 retrieval results of 6 sketches
from the SHREC 2013 dataset using the “SL+C" and
“SL+C+F" method. 3D models in green color are correct
retrieval results, and that in yellow color are incorrect. The
rank score indicates the relevance to the query sketch and the
retrieved 3D model with rank 1 is most relevant. Note that,
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Fig.5 Precision—recall com-
parisons on the SHREC 2013
dataset

Table 3 Retrieval results on the
SHREC 2013 dataset. The best
results are in bold font

Fig.6 Precision-recall com-
parisons on the SHREC 2014
dataset
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;al-llallle;C l;g;je(;?tlars Zstults on the Methods Backbones NN FT ST E DCG mAP
CDMR [12] - 10.90 5.70 8.90 4.10 32.80 5.40
SBR-VC [23] - 9.50 5.00 8.10 3.70 31.90 5.00
Siamese [44] - 23.90 21.20 31.60 14.00 49.60 22.80
DCML [6] AlexNet 27.20 27.50 34.50 17.10 49.80 28.60
LWBR [51] AlexNet 40.30 37.80 45.50 23.60 58.10 40.10
DCHML [5] AlexNet 40.30 32.90 39.40 20.10 54.40 33.60
DCA [4] ResNet50 77.00 78.90 82.30 39.80 85.90 80.30
DPSML [20] AlexNet 67.70 73.20 79.50 37.90 83.00 75.10
DPSML [20] ResNet50 77.40 79.80 84.90 41.50 87.70 81.30
Ours (SL+C) AlexNet 72.30 74.10 77.00 37.90 81.30 75.10
Ours (SL+C) ResNet50 78.00 80.40 84.40 41.50 87.10 81.90
Ours (SL+C+F) AlexNet 71.60 75.70 77.80 37.80 82.40 75.70
Ours (SL+C+F) ResNet50 78.10 80.40 84.70 41.53 87.20 82.00

The best results are in bold font

Ours(AlexNet+SL+C)

09r Ours(AlexNet+SL+C+F)

0.8 -
0.7 |

06F "~ f/
05} f
o

04r

Precision

03}
0.2
0.1}

O 1 1 1 L 1
0 0.2 0.4 0.6 0.8 1

Recall

Fig.7 Precision—recall diagram performance comparisons on the
SHREC 2016 dataset for "SL+C" and "SL+C+F" methods

there are only 4 3D models of class “Bee" in SHREC 2013
dataset. It can be seen that the retrieved 3D models using
“SL+C+F" are more visually similar to the query sketch
than that of “SL+C". Figure 12 shows that the top 5 retrieval
results of the “SL+C+F" remains more texture and shape
information for Airplane, Bench, and Bridge.

6 Conclusion and future work

We propose a novel SL framework for sketch-based 3D
model retrieval. Different from simultaneous learning, the
SL framework learns representations of 3D models and 2D
sketches in two phases sequentially. In the first phase, we
render 3D models to multiple views, extract the deep fea-
tures of these views, and then learn features of 3D models
by formulating a discriminative loss only on 3D model
features. Without the interference of 2D sketches, the
discrimination of 3D model feature is greatly promoted,
which is demonstrated to be vital for 3D model retrieval.
In the second phase, we learn features of 2D sketches by
the guidance of learned 3D features. We further consider
the fine-grained classes of 3D models and exploit clus-
tering algorithms to obtain the representations of these
fine-grained classes. An alignment loss is formulated on
sketch features and the fine-grained 3D model represen-
tations to obtain better 2D sketch features. We demon-
strate the effectiveness of our proposed SL framework
and fine-grained 3D representations on three widely-used
large-scale datasets (i.e., SHREC 2013, SHREC 2014, and

Table 5 The Retrieval results on

Methods Backbone NN FT ST E DCG mAP
the SHREC 2016 dataset

Siamese [44] - 0.00 3.10 10.80 4.80 29.30 7.20

CNN-SBR [21] - 22.20 25.10 32.00 28.60 47.10 31.40
DCHML [5] AlexNet 11.70 10.60 14.80 8.60 32.70 14.70
DPSML [20] AlexNet 42.90 47.80 56.30 27.90 60.90 49.90
DPSML [20] VGG19 47.60 51.00 57.20 29.00 64.00 53.30
Ours (SL+C) AlexNet 63.49 66.57 72.33 33.62 76.80 69.10
Ours (SL+C+F) AlexNet 58.37 66.90 76.91 31.57 77.40 69.57

The best results are in bold font
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Fig. 8 Precision—recall of 63 query sketches on SHREC 2016
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Fig.9 The mean class accuracy (MCA) of the proposed method versus A and @ when testing on the SHREC 2013 dataset. a varying 4 when m is
fixed to 1.5, b varying m and ¢ varying a

Table 6 The classification results (MCA, %) and retrieval speed (ms) SHREC 2016) and achieve superior retrieval performance

of proposed SL+C and SL+C+F. The best results are in bold font over the state-of-the-arts.

Methods MCA (%)3D MCA (%) 2D  Speed (ms) In future, we will investigate how to extract fine-grained
representations of 3D models for retrieval. Moreover, we

SL+C (w/o norm) 70.95 82.00 28.60 will study to explore the correlation of fine-grained repre-

SL+C (w/ norm) 77.37 82.04 4.40 sentations to improve the relevance with query sketch.

SL+C+F (w/o norm)  70.95 82.33 28.60

SL+C+F (w/ norm) 77.37 83.48 4.40
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Fig. 10 A visualization of learned features from 8 classes (i.e., sword,
race car, sailboat, pickup truck, brain, floor lamp, door and church)
of sketches and 3D models in SHREC 2013 benchmark dataset using
pre-trained CNNs (a), SL+C (b) and SL+C+F (c). Star represents

Query

3D models, and dot represents 2D sketches. Color indicates classes.
Green pentacle is class representation and red pentacle is fine-grained
class representation

Ice cream
cone

Pikup
truck

@
Shovel

Fig. 11 Top 10 retrieved models of query sketches (i.e., bicycle,
chair, dog, ice cream cone, pickup truck, potted plant, and shovel)
by the proposed SL+C method on the SHREC 2013 dataset. Query

AN N

sketches are listed on the left and the retrieved 3D models are on the
right. Note that, the correct retrieval are marked as green and the
incorrect ones are marked as yellow
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Fig. 12 The top 5 retrieval results of the proposed SL+C+F (left) and SL+C (right) on the SHREC 2013 dataset. The correct 3D models are
marked with green color and the incorrect ones with yellow color. The retrieval results are sorted by visual similarity with rank from 1 to 5
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