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Retrieval-Specific View Learning for
Sketch-to-Shape Retrieval

Shuaihang Yuan*, Congcong Wen*, Yu-Shen Liu, and Yi Fang†

Abstract—Sketch-based 3D shape retrieval (SBSR) can be1

approached by learning domain-invariant descriptors or ranking2

metrics from sketches and 2D view images of 3D shapes rendered3

through numerous viewpoints. However, determining the most4

appropriate viewpoints that convey discriminative geometric5

features to benefit the task of SBSR became an essential yet6

not fully explored area. Existing works extract 3D features from7

multi-view images observed through pre-defined viewpoints to8

match 2D sketches. Those methods, however, fail to dynamically9

select viewpoints by considering the SBSR task. In this work,10

we introduce a fully differentiable viewpoint learning paradigm11

driven by the downstream SBSR task, which supports the task-12

aware and sketch-dependent dynamic viewpoint determination13

process. We naturally integrate this task-specific and sketch-14

dependent viewpoint learning process into a meta-learning frame-15

work to develop a novel Dynamic Viewer (DV) module for16

category-level SBSR. DV module comprises a Meta View Learner17

(MVL) block and a View Generator (VG) block. Specifically,18

as the first part of the DV module, the MVL block learns to19

initiate the necessary network parameters of the VG block. Then,20

the VG block that serves as the second part learns the best21

viewpoints to render 2D images. To learn the optimal viewpoints22

for category-level SBSR, we further introduce a view mining loss23

that aims to maximize the similarity of feature-level information24

among rendered 2D views and the query sketch. Further, we25

adopt a variational autoencoder (VAE) to retrieve 3D shapes by26

setting the newly rendered images and query sketch as inputs.27

Comprehensive experimental results on popular SBSR datasets28

demonstrate that our proposed category-level SBSR framework29

have achieved state-of-the-art performance for category-level30

SBSR task. Furthermore, our approach can be easily adapted31

to address instance-level SBSR task with promising results.32

Index Terms—Task-specific viewpoint learning, Sketch-based33

3D shape retrieval, Optimal 2D views34

I. INTRODUCTION35

DUE to cross-modality divergences between the sketch36

and shape domain, sketch-based 3D shape retrieval37

(SBSR) has become an extremely challenging research topic38

[1]–[7]. To cope with modality divergences, existing methods39

intentionally narrow the domain gap by using projection-40

based methods. These techniques involve projecting 3D shapes41

onto multi-view images in the 2D domain, and subsequently42

Shuaihang Yuan is with the Department of Computer Science, NYU,
Brooklyn, NY, USA. and NYU Abu Dhabi, Abu Dhabi, UAE. e-mail:
sy2366@nyu.edu.

Congcong Wen and Yi Fang are with the Department of Electrical and
Computer Engineering, NYU, Brooklyn, NY, USA, and the Department of
Electrical and Computer Engineering, NYU Abu Dhabi, Abu Dhabi, UAE.
e-mail: wencc@nyu.edu and yfang@nyu.edu.

Yu-Shen Liu is with the School of Software, Tsinghua University, Beijing,
P. R. China. Email: liuyushen@tsinghua.edu.cn.

* indicates equal contribution.
†Correspondingauthor : Y iFang(yfang@nyu.edu).

assessing the similarity between 3D shapes and 2D sketches 43

through the matching of category information of the sketches 44

with the corresponding 2D views. The quality of retrieved 3D 45

shapes and 2D sketches is subject to the expressiveness of 46

the rendered views. It is, therefore, of great significance to 47

determine the most appropriate 2D views from 3D shapes, 48

providing promising performance in producing accurate results 49

for multi-view-based downstream tasks such as SBSR. 50

To this end, researchers manually examine the dataset to 51

locate appropriate camera positions which can reflect geo- 52

metric contents of a 3D shape to the utmost [8]. Although 53

the aforementioned methods have achieved promising results 54

on certain datasets, it is not practical to directly adopt those 55

approaches in real-world situations that contain noise, occlu- 56

sions, and arbitrary orientations. Chen et al. [8], [9] approach 57

this problem by exhaustively generating 2D views from the 58

surface of a sphere where 3D shapes are placed at the sphere 59

center. A significant additional computational cost, however, 60

is required for shape descriptors extraction, since this method 61

has to aggregate information from every 2D view, which also 62

introduces a large amount of redundant information. 63

Fig. 1. Left: Existing view-based SBSR frameworks generate static views
rendered from pre-selected viewpoints offline. Right: Our proposed method
dynamically generates viewpoints according to sketches to render 3D objects.

Distinct from existing methods that unintentionally use 64

pre-selected viewpoints and ineffective multi-view selection 65

mechanisms for the SBSR, in this paper, our approach tackles 66
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Fig. 2. Illustration of our proposed framework. Our framework first adopts a Dynamic Viewer module, represented in the yellow box, to render views according
to a given sketch. The detailed information on the DV module can be found in Section III-B. Based on rendered views, as well as the input sketches, a
cross-model disentangle (CD) module is adopted to embed views and sketches into disentangled latent embeddings.

this not fully explored area of SBSR by designing a novel67

framework. We argue that the ability to dynamically render 3D68

shapes based on query sketches is a crucial factor in achieving69

optimal results in SBSR. Figure 1 highlights the primary70

distinctions between our proposed approach and the existing71

frameworks. Additionally, the ability to handle different draw-72

ing styles of 2D sketches serves as another important factor. As73

previously mentioned, query sketches guide the prediction of74

retrieval-specific camera viewpoints, highlighting the impor-75

tance of extracting structural information from 2D sketches.76

Training the model to learn statistical structural information77

using a sufficiently large amount of 2D sketch training data78

is one intuitive approach. However, in real-world scenarios,79

2D sketches may be acquired with significant variations in80

drawing styles due to the diverse drawing skills of real users.81

Collecting a sketch dataset that covers all possible drawing82

styles is not practical. Therefore, it is essential to extract83

common patterns and structures across sketches, regardless of84

the different drawing styles.85

In this work, we propose a new view learning paradigm86

specifically designed for category-level sketch-based 3D shape87

retrieval by considering the aforementioned two critical factors88

simultaneously. Our pipeline is presented in Figure 2. As89

freehand sketches possess large style variations, the view90

learning method should be robust to various sketch styles.91

To this end, we propose a Dynamic Viewer (DV) module92

to render multi-view images for 3D objects through learned93

viewpoints such that the rendered 2D views are optimal for94

SBSR with the given query sketch. The proposed DV module95

contains two parts and adopts the model-based meta-learning96

method to train the DV module. Specifically, we introduce97

a Meta View Learner block, serving as a meta learner, to98

learn the network parameters for a part of the View Generator99

(VG) block. The VG block, working as the second part of the100

DV module, learns task-specific viewpoints from 3D point set101

according to the given 2D sketch for multi-view rendering.102

To ensure the DV module can generate optimal multi-view103

images according to a given sketch for the SBSR, we propose 104

an unsupervised View Mining loss that maximizes the feature- 105

level similarity of sketch and 2D views in latent embeddings. 106

However, simply minimizing the distances of different em- 107

beddings in the latent space makes the training meaningless 108

since such embeddings contain semantic information. As an 109

illustration, the maximization of feature-level similarity in a 110

common latent space between sketches and 3D shapes that 111

belong to distinct categories would lead to the misclassification 112

of their respective labels by the network. To circumvent this 113

issue, inspired by [10], we adopt a variational autoencoder 114

(VAE) to decompose an embedding of 2D view/sketch into a 115

semantic embedding and an view-specific embedding. The se- 116

mantic embedding represents the domain-invariant high-level 117

semantic information of sketches and views, and view-specific 118

embedding corresponds to the feature-level information of a 119

sketch/view. The unsupervised view mining loss is computed 120

over the projected view-specific embedding of multi-view 121

images and the sketch, which tries to minimize the discrepan- 122

cies of feature-level information in the common latent space. 123

We evaluate our proposed novel approach using semantic 124

embedding on SHREC 13, and SHREC 14 benchmark datasets 125

for the task of category-level SBSR. The experimental results 126

validate our argument by outperforming previous state-of-the- 127

art approaches. Furthermore, with a slight modification, our 128

method can be adapted to the task of instance-level SBSR. 129

Our experimental results on the instance-level retrieval dataset, 130

AmateurSketch [11], validate the effectiveness of our proposed 131

method. In addition, an in-depth analysis of each proposed 132

component and design validates their necessity. Our main 133

contributions are summarized as follows: 134

• We propose a novel differentiable viewpoint learning 135

paradigm that represents a pioneering endeavor in dy- 136

namically determining the optimal viewpoints for a given 137

sketch, particularly for the sketch has not been previously 138

encountered and is absent from the training data. 139

• We propose a new meta-learning framework designed 140
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to tackle the inherent challenges associated with non-141

unique mappings between two-dimensional sketches and142

three-dimensional shapes. These challenges arise due to143

the variability of observation viewpoints and the broad144

spectrum of styles present in human-drawn sketches.145

• Extensive experimental results demonstrate the effective-146

ness of our approach for category-level sketch-based 3D147

shape retrieval tasks, as well as its generalizability to148

instance-level sketch-based 3D shape retrieval tasks.149

II. RELATED WORK150

A. Sketch-based Shape Retrieval151

Sketch-based Shape Retrieval is a critical topic in computer152

vision, which typically involves two main objectives. The first153

objective is category-level SBSR, which aims to retrieve 3D154

objects from a database that belong to the same category as the155

query 2D sketch. With the thriving of deep learning, numerous156

sophisticated methods were proposed to address SBSR by157

extracting modality-invariant descriptors from sketches, and158

3D object data [1]–[7], [12]. Wang et al. [12] learn descriptors159

of sketches and 3D shapes through two Siamese CNNs by160

minimizing intra-modality similarity and inter-modality dis-161

crepancy. Dai et al. [5] and Xie et al. [13] introduce Siamese162

Metric Networks to tackle the task of SBSR. In addition163

to the Siamese networks, evidence shows that Generative164

Adversarial Networks can learn a domain invariant descriptor165

to address this problem [14]. Those approaches use off-the-166

shelf renderers to generate multiple 2D views of 3D objects167

on behalf of the 3D descriptor extraction process, which168

requires human labor to manually examine the dataset to locate169

appropriate camera positions such that the resulting 2D views170

can provide sufficient details of 3D objects. However, it is171

not practical to manually place cameras for every 3D shape172

acquired from the real world. To address this issue, DSSH173

[9] introduces a stochastic sampling method that randomly174

selects rendering views from the sphere around a 3D shape.175

As the number of sampling iterations increases, the acquired176

views can cover the whole shape. Although this method177

avoids manually finding camera positions for view rendering,178

it requires sufficient iterations to achieve a promising per-179

formance. Besides category-level SBSR, instance-level (fine-180

grained) SBSR is increasingly gaining researchers’ attention181

due to its widespread applications in various real-world sce-182

narios. In comparison to category-level SBSR, instance-level183

SBSR is more challenging as the model must discern the most184

similar 3D objects in terms of both structure and geometry185

rather than relying solely on semantic similarities. Qi et al.186

[11] propose the first work for instance-level SBSR. This paper187

proposes a cross-modal-deep embedding model that includes188

a novel cross-modal view attention module that automatically189

computes the optimal combination of 2D projections of a 3D190

shape given a query sketch. While this method has shown191

promising results, it relies on a static set of viewpoints to192

project 3D shapes. To set us apart from the aforementioned193

methods that achieve SBSR by either finding camera positions194

to render views manually or adopting an exhaustive sampling195

strategy, we introduce a novel DV module that can learn to196

derive expressive views according to a given sketch.197

B. Viewpoint Selection in SBSR 198

Due to the ill-defined optimal viewpoints, various methods 199

have been proposed to improve their selection process. Eitz et 200

al. [2] use projected area and occluded contours of a 3D shape 201

to define whether a viewpoint is optimal. Further, Yasseen 202

et al. [15] introduce a method to quantify viewpoints by 203

measuring the occlusion area and symmetry parts of projected 204

3D shapes. In addition, other researchers [16], [17] defined the 205

optimal viewpoint as a position where people usually draw 206

shapes from it. To this end, those works use the similarity 207

between the rendered image and the target images as the 208

objective function to learn optimal viewpoints. Xu et al. [18] 209

exhaustively render 2D views from the surface of a sphere 210

where 3D shapes are placed at the sphere center. By ranking 211

feature level similarity between rendered image and the target 212

offline, Xu et al. select first top-k viewpoints as optimal 213

viewpoints. Then, those pre-selected viewpoints are used for 214

all sketches for the task of SBSR. Distinct from the approaches 215

mentioned above, we propose dynamically determining the 216

minimum number of viewpoints that are optimal for SBSR 217

based on the query sketch online. We further introduce a view 218

mining loss to train the network by maximizing the feature- 219

level similarity between the sketch and multi-view images. 220

Furthermore, our method is fully differentiable and can be 221

learned in an end-to-end fashion. 222

C. Meta-learning 223

Meta-learning is employed to address the situation where 224

there are limited training data available for each object cate- 225

gory. As a solution for few-shot learning, meta-learning can 226

be categorized into three branches: 227

Metric-based methods tackle issues that arise from directly 228

training the deep neural network model with a small training 229

dataset, thus causing the model to overfit. To avoid this, 230

metric-learning-based methods adopt a non-parametric learner 231

as a classifier to directly compare the feature of input data 232

and predict the label. A parametric learner is further used to 233

opt for an appropriate feature with large inter-class variation 234

and small intra-class variation. Different frameworks, such as 235

Siamese Networks [19], Matching Networks [20], Prototypical 236

Networks [21], and Relation Networks [22], realize the metric- 237

based methods. 238

Gradient-based methods construct a meta-learner that learns 239

knowledge from a few data benefiting a classifier to achieve 240

a quick convergence. For example, in MAML [23], a meta- 241

learner learns the initial parameters of a classifier from training 242

data so that after a small number of back-propagation steps, 243

the classifier achieves good performance on few-shot tasks. In 244

addition to learning initial network parameters, this method 245

can also tune the network hyper-paremeters [24]. 246

Model-based methods [25], [26] rely on two different para- 247

metric learners where the first one works as a meta-learner and 248

the second one works as a classifier. The classifier has only 249

a feed-forward pass to predict the corresponding data labels, 250

following this process, the meta-learner infers its network 251

parameters. These methods yield efficient learning depending 252

on back-propagating the gradient of the meta-learner to the 253
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classifier. In this study, we utilize meta-learning techniques254

to enhance the capability of our model to identify common255

patterns and structures of 2D sketches, enabling it to generalize256

well to unseen sketch styles.257

III. METHOD258

A. Framework Overview259

As presented in Figure 2, our SBSR framework is comprised260

of two modules: 1) the Dynamic Viewer module and 2) the261

Cross-Model Disentangle (CD) module. Considering a262

training dataset with K categories, {Ck}{k=1,2,··· ,K}, we263

assume that each category is composed of Nk
s sketches264

and Nk
o 3D objects. We represent the input training data265

by pairing sketches and 3D objects of the same category.266

Specifically, we divide the whole training data into mini-267

batches. For each mini-batch, we randomly select Nc268

categories, and for each category, we sample Nm sketches269

and 3D objects. The training mini-batch is defined as270

D = {({s1i }
Nm
i=1, {o1i }

Nm
i=1), · · · , ({s

Nc
i }Nm

i=1, {o
Nc
i }Nm

i=1)},271

where the training sketch mini-batch is S =272

{{s1i }
Nm
i=1, · · · , {s

Nc
i }Nm

i=1}, the training 3D object mini-batch273

is O = {{o1i }
Nm
i=1, · · · , {o

Nc
i }Nm

i=1}, and the corresponding274

label set is Y = {C1, · · · , Ck}. Existing SBSR methods275

[3]–[6], [12] use offline renderers to render 3D shapes276

from pre-selected viewpoints and apply view-based 3D277

representation learning methods to extract shape descriptors.278

This offline rendering process prevents researchers from279

using learning-based methods to learn to generate optimal280

2D views for the task of SBSR since the gradient cannot281

be back-propagated from the rendered multi-view images to282

the learned viewpoints. In this work, we use a differentiable283

renderer as a part of our framework such that the optimal284

viewpoints can be learned via back-propagation. Specifically,285

we feed each sketch-3D object pair to the Dynamic Viewer286

module to render a set of 2D views. Then, rendered 2D287

views and sketches are sent to a cross-model disentangle288

module to disentangle the latent embeddings into semantic289

and view-specific parts. The proposed view mining loss is290

calculated over view-specific embedding to mine the camera291

positions such that the similarity of feature-level information292

between the rendered views and the query sketch can be293

maximized in a shared latent space. We evaluate the object294

retrieval performance upon the semantic embedding part.295

B. Dynamic Viewer296

We integrate the rendering process into the SBSR frame-297

work by introducing a Dynamic Viewer (DV) module. The298

DV module learns to predict camera viewpoints to render the299

optimal sketch-dependent 2D views guided by query sketches,300

which requires our model to extract structural information301

from 2D sketches. As mentioned earlier, 2D sketches often302

involved with significant variations in drawing styles resulting303

from diverse user drawing skills. To this end, extracting304

common patterns and structures across sketches becomes305

crucial regardless of the varying drawing styles. To this306

end, we leverage the power of model-based meta-learning to307

learn drawing style features for sketch-dependent viewpoints308

Fig. 3. A detailed illustration of the proposed DV Module. The DV module
consists of two blocks. A Meta View Learner block serves as a meta-learner
to learn the network parameters of vϕ(·). A View Generator Module renders
multi-view images from 3D shapes based on the given sketch.

prediction. And we use a differentiable renderer to render 3D 309

objects through the predicted viewpoints to generate multi- 310

view images. 311

Task Sampling. To simulate sketch style variations at train- 312

ing, we randomly select p sketch-3D object pairs from each 313

category of the training mini-batch D as the support set 314

Dtrain = {({s1i }
p
i=1, {o1i }

p
i=1), · · · , ({s

Nc
i }pi=1, {o

Nc
i }pi=1)} , 315

and the remaining Nm − p pairs of each category from the 316

query set Dval. To incorporate the model-based meta-learning 317

method, we define our base (or inner) learning algorithm 318

as a deep learning model that solves the problem of sketch 319

descriptor extraction. We further employ another deep learning 320

network to modulate the base learning algorithm by learning 321

its network parameters as the meta (or outer) algorithm. We 322

use sketches from Dtrain to update parameters of the inner al- 323

gorithm and Dval from the same category to calculate the loss 324

term defined in Section III-D. In this case, the optimizations 325

of inner and outer algorithms are tightly coupled and make the 326

training process entirely feed-forward. We propose two new 327

blocks to achieve this feed-forward meta-learning module. 328

View Generator. The first block, working as an inner learning 329

algorithm, aims to render 2D views for a given 3D object, 330

which are optimal for SBSR. To integrate this rendering 331

process into the feed-forward training process, we leverage 332

a differentiable renderer rϵ(·) : o → I to render a set of 2D 333

views I by inputting a 3D shape and cameras parameterized 334

by ϵ, i.e., azimuth and elevation angle of cameras. The gradient 335

with respect to camera parameters can be computed and 336

propagated backward through the differentiable renderer. It is, 337

therefore, possible to design a network to learn optimal view- 338

points since the whole training pipeline is fully differentiable. 339

We introduce the Dynamic Viewer Module, composed of 340

a 3D descriptor learning backbone hoωo
(·) : o → zo with 341

network parameter ωo, a descriptor projection network mφ(·) : 342
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zo → z∗o and a viewpoints predictor vϕ(·) : [z∗o , zo] → ϵ343

are proposed in this block, where [·, ·] is the concatenation344

operation, and φ and ϕ represent the network parameters345

of two network, respectively. We use Multilayer Perceptrons346

(MLPs) as mφ(·), which have Nh hidden layers to project347

the 3D descriptor according to the 2D sketch descriptor. The348

computation of each layer is defined as y = αx + γ, where349

y and x stand for the output and the input of each layer,350

respectively. α and γ represent the weight matrix and the351

bias vector. The projected descriptor concatenated with the352

3D descriptor is then sent to vϕ(·) to regress the camera353

parameters ϵ.354

Meta View Learner. In order to allow the View Generator355

to acquire the ability to produce the most similar views as356

the given sketches, we have to leverage structure information,357

such as orientations, of 2D sketches to guide the prediction358

of viewpoints. One intuitive way is to fuse the information of359

sketches with 3D shapes using a concatenation operation or360

attention mechanism. Although those methods have achieved361

promising results, there is a sever performance drop as models362

encounter sketch drawings in styles that have never been363

seen before. Inspired by the model-based meta-learning, we364

propose a Meta View Learner (MVL) block as the meta-365

learner to address this issue. Specifically, the proposed MVL366

aggregate information from two modalities and enable the367

View Generator to handle different drawing styles of 2D368

sketches by predicting the network parameters of mφ(·) from369

the input sketches. More concretely, the MVL block uses a 2D370

descriptor learning backbone hsωs
(·) : s → zs parameterized371

by ωs to obtain the sketch descriptor. To predict the parameters372

φ of mφ(·) with Nh layers, we adopt the same number of373

MLPs {fψl
(·) : zs → φl}Nh

l=1 to regress α and γ for the lth374

layer of mφ(·). By adopting the MVL block, the training of375

mφ(·) becomes the training of fψl
(·). By leveraging the meta-376

learning mechanism DV learns more generalized and common377

patterns and structures across different drawing styles which378

reduces the amount of training data needed for training.379

The final DV module consists of hoωo
(·), hsωs

(·), mφ(·),380

vϕ(·), and {fψl
(·)}Nh

l=1. The network parameters of mφ(·) are381

the output of {fψl
(·)}Nh

l=1. Thus, during the training, φ will382

not be updated by back-propagation. The final meta-learning383

based DV module is represented by the following functions:384

φ = {fψl
(hsωs

(strain))}Nh

l=1, (1)
385

ϵ = vϕ([mφ(oval), hoωo
(oval)]), (2)

386

I = rϵ(oval), (3)

where strain is a sketch from Dtrain and oval is a 3D shape387

from Dval. In this work, we use the DGCNN [27] as the388

descriptor learning backbone hoωo
(·). We adopt Inception-389

V2 as hsωs
(·) Detailed configuration and implementation of390

mφ(·), vϕ(·), and {fψl
(·)}Nh

l=1 can be found in section IV. The391

final learning process can be formulated as following:392

argmin
ωs,ωo,θ,ψ

E
T∼p(T )

(Dtrain,Dval)∈T

∑
Dval

[L(Dtrain, Dval)], (4)

where the L is the final loss term, which is described in 393

Section III-C. From Equation 4, we meta-train the DV module 394

by optimizing over sampled tasks from a task distribution. 395

{fψl
(·)}Nh

l=1 maps a sketch of Dtrain into the weights of mφ(·) 396

to predict sketch style descriptors. Therefore, mφ(·) should 397

acquire the ability to adapt to new sketches sampled from 398

the test set. To train the DV module to render the optimal 399

2D views for SBSR, we further introduce a viewpoint mining 400

strategy that uses a cross-modality disentangle module and a 401

view mining loss. 402

C. Viewpoint Mining 403

Since the ground truth viewpoints that are optimal for SBSR 404

are not practical to obtain for different sketches, we propose 405

a self-supervised surrogate method to mine viewpoints by 406

maximizing the similarity of their feature-level information, 407

i.e., latent space embedding. Since the latent space embedding 408

contains the semantic information, directly constructing a loss 409

function to maximize the similarity of latent embeddings 410

makes training of SBSR meaningless. For example, we assume 411

that the input sketch and 3D shape are taken from different 412

categories. Maximizing the similarity of their embeddings 413

by simply minimizing their distance in the latent space will 414

faulty make the network classify them into the same category. 415

Motivated by the [10], we have implemented a cross-modal 416

disentanglement module that decomposes the embeddings into 417

semantic parts and view-specific parts, aiming to tackle this 418

problem. We calculate the view mining loss over view-specific 419

parts to maximize the similarity of their semantic feature-level 420

information. 421

Cross-model Disentanglement. We adopt a variational au- 422

toencoder (VAE) to disentangle sketches and 2D views embed- 423

dings into a semantic part and a view-specific part such that 424

the semantic part is invariant for sketches and views belonging 425

to the same category, and the view-specific part is unique for 426

each sketch or view. Prior to presenting our disentanglement 427

module, we first briefly review how the VAE works and how 428

to apply VAE to the cross-modality disentangle module. 429

VAE optimizes evidence lower bound (ELBO) for log- 430

likelihood of given data distribution using Kullback-Leibler 431

(KL) divergence, which is defined as follows: 432

log p(x) ≥ E
z∼q(z|x)

[log p(x|z)]−DKL(q(z|x)||p(z)). (5)

We set p(z) to be a normal distribution N (z|0, 1). The 433

conditional probability distributions q(z|x) and p(x|z) are 434

represented by the encoder and the decoder of VAE. µ and 435

σ2 of a normal distribution N (µ, σ2) will be returned by the 436

encoder for the latent embedding z, where z ∼ N (µ, σ2). 437

We then extend the basic VAE to the cross-modality setting 438

followed by the [28]. Specifically, we have data from two 439

modalities, A and B, and Equation 5 is reformulated: 440

log p(A) ≥ E
z∼q(z|B)

[log p(A|z)]−DKL(q(z|B)||p(z)). (6)

We further follow [10] to disentangle sketches and 2D view 441

embeddings. Concretely, the encoder produces three outputs, 442
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including a semantic embedding zsem, a mean µ, and a vari-443

ance σ. With µ and σ, we derive the view-specific embedding444

zvs following the idea of [28], where zvs = µ+σ
⊙

N (0, 1).445

We perform an element-wise summation over zsem and zvs446

forming the input to the decoder, z, which is used to recon-447

struct views or sketches x̂. By learning the mapping function448

that maps the input 2D data into semantic embedding and449

view-specific embedding, we can further construct our view450

mining loss.451

View Mining Loss In our work, view mining locates a set452

of viewpoints to render the 3D object such that rendered453

views are optimal for the SBSR based on a query sketch.454

We introduce a self-supervised view mining loss to facilitate455

the SBSR process by maximizing the feature-level information456

similarly between each sketch and 2D view. Specifically,457

Given the view-specific embedding of a sketch zsvs and a set458

of 2D views {zIvs}
Nv

I=1, where Nv is the number of multi-459

view images, two different MLPs project zsvs and {zIvs}
Nv

I=1460

to a common latent space and form ẑsvs and {ẑIvs}
Nv

I=1. Our461

proposed view mining loss is formulated as follows:462

Lview =

Nv∑
I=1

∥ẑIvs − ẑsvs∥2 (7)

D. Objective Function463

We train the cross-modal disentangle module with four464

objective functions following the same setting in [10] to ensure465

its disentangling ability. The first objective function measures466

the reconstruction quality of the disentangle module:467

Lrec = ∥decoder(zsem + zvs)− x∥2 (8)

where x, zsem, and zvs are input data, corresponding semantic468

embedding, and corresponding view-specific embedding com-469

ing from either the sketch domain or the 2D view domain.470

decoder denotes the decoder of the CD module. The second471

function measures the KL divergence:472

LKL = DKL[q(z|x)||p(z)], (9)

where p(z) = N (z; 0, I). Further, a triple loss on the semantic473

embeddings and final fused embedding are adopted to train the474

VAE model:475

Ltri = max{0,mzsem + ∥zssem − zIsem∥2 − ∥zssem − zInsem∥2}
+max{0,mz + ∥zs − zI∥2 − ∥zs − zIn∥2},

(10)

where mzsem and mzsem are margin hyper-parameters. In476

is a view from other categories that are different from the477

category where I belongs. Empirically, we add the second478

term of Equation 10 to help the reconstruction process. The479

final objective of training the cross-domain disentangle module480

is:481

L = Lrec + λ1LKL + λ2Ltri + λ3Lview, (11)

where λ1, λ2, and λ3 are hyper-parameters.482

IV. EXPERIMENTS 483

In this section, to demonstrate that our model can learn 484

to select viewpoints according to a given sketch dynamically, 485

we perform experiments on multiple datasets to evaluate our 486

proposed method. In Section IV-A, we first present a detailed 487

introduction of datasets used in our experiments. In Section 488

IV-B, we show the detailed implementation and present the 489

evaluation metrics in Section IV-C. In Section IV-D, we com- 490

pare our model with existing category-level SBSR approaches. 491

In Section IV-F1 we extend our method to the instance-level 492

SBSR. We then investigate the computational cost of our 493

proposed module in Section IV-F2. In section IV-E, we provide 494

the in-depth analysis of our proposed model to validate the 495

effectiveness as well as the necessity of designed component. 496

497

A. Dataset 498

In our work, we evaluate the proposed framework on two 499

SBSR datasets. 500

SHREC 13 [29] is composed of 90 object categories with 501

a total of 7,200 sketches and 1,258 shapes. The 3D objects 502

of the SHREC 13 dataset are directly adopted from the PSB 503

dataset, and there are around 14 3D objects for each category. 504

SHREC 13 dataset contains 80 freehand sketches for each 505

category, which are relevant to 3D models in the Princeton 506

Shape Benchmark dataset [30]. Moreover, 50 sketches of each 507

category are reserved for training, and the rest is for testing. 508

SHREC 14 [31] is an extension of the SHREC 13 dataset, 509

which is composed of 171 object categories with a total of 510

13,680 sketches and 8,987 3D objects. The 2D sketch query 511

set contains 80 sketches for each category; in particular, 8,550 512

sketches are the training data, and the rest are the test data. 513

Moreover, 3D object sets classify 8,987 objects into 171 514

categories, with each class having around 53 models. 515

B. Implementation and Training Details 516

Dynamic Viewer. We use Inception-V2 as hsωs
(·) to map 517

input sketches from Dval to 1024 dimensional sketch descrip- 518

tors. mφ(·) takes this sketch descriptor as input to predict 519

the sketch descriptor. mφ(·) includes three hidden layers l1, 520

l2, and l3, where l1 : R1024 → R1024, l2 : R1024 → R512, 521

and l3 : R512 → R512. The computation of each layer is 522

defined by y = αx + γ. The weight matrix α and the bias 523

vector γ of each layer are learned by a fψl
(·). {f lψl

(·)}3l=1 524

take the sketch descriptors extracted from Dtrain as input and 525

regress α and γ. Each fψl
(·) is an MLP that consists of two 526

successive hidden layers with sizes of 512 and 256. We utilize 527

a DGCNN network [27] as our 3D backbone, hoωo
(·), to 528

extract 3D descriptors represented in 512-dimensional vectors. 529

The stacked 3D and 2D descriptors extracted by hoωo
(·) and 530

mφ(·) are sent to an MLP vϕ(·) to regress Nv camera posi- 531

tions. Each camera position is represented by an azimuth angle 532

and an elevation angle, and Nv varies according to different 533

experimental settings. Pytorch3D differentiable renderer [32] 534

takes predicted camera positions to online render multi-view 535

images. 536
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Viewpoint Mining We follow [10] to implement the cross-537

modal disentangle module. We adopt the same hsωs
(·) as an538

encoder and use MLP to project a 2D descriptor into three539

256-dimensional latent vectors representing µ, σ, and zsem,540

respectively. For the decoder of VAE, we construct a sequence541

of fractionally-strided convolutions with Normalization layers.542

Each layer follows a ReLu activation function except the543

final output layer, which is activated by a tanh function. To544

calculate the view mining loss, we further use MLP with one545

hidden layer to project zvs of sketch and 2D views into a546

common space to obtain ẑvs. We adopt a GAP global average547

pooling layer to fuse information from multi-view images. Our548

framework is implemented in Pytorch trained with an Adam549

optimizer using a batch size of 8 with a learning rate of 0.0001.550

The λ1 λ2 and λ3 from Equation 11 are set to be 0.001, 1,551

and 0.01, respectively.552

C. Evaluation Metrics and Protocols553

We evaluate our proposed SBSR framework on both554

category-level and instance-level SBSR. We use the following555

evaluation metrics to evaluate the performance of category-556

level SBSR: 1) nearest neighbor (NN), 2) first tier (FT), 3) sec-557

ond tier (ST), 4) E-measure (E), 5) discounted cumulated gain558

(DCG), and 6) mean average precision (mAP). In the standard559

evaluation protocols, we calculate shape and sketch descriptors560

for all objects from the 3D database and query sketches for561

matching. This evaluation method can be directly adapted to562

the existing SBSR framework because the calculation of 3D563

descriptors solely depends on the trained network, which is564

principally different from our approach. Our method calculates565

3D descriptors not only depending on the trained network but566

also depending on the given query sketches since rendered567

views vary for different sketches, which leads to dynamic 3D568

descriptors for each 3D object. In our setting, we calculate NN,569

FT, ST, E, DCG, and mAP over each query sketch and its570

corresponding 3D descriptors. We report the average score of571

each evaluation metrics. In addition, we follow the evaluation572

adopted in Qi et al. [11] to evaluate the instance-level SBSR.573

To assess the efficacy of instance-level SBSR, we follow574

Qi et al. [11] and employ a widely recognized evaluation575

metric known as the Top-K retrieval accuracy (acc@K). This576

metric computes the proportion of query sketches for which577

the corresponding 3D shapes appeared in the top-K retrieved578

results.579

D. Results580

Experiment setup: We compare our proposed framework581

with the state-of-the-art methods for sketch-based 3D shape582

retrieval [5]–[7], [12]. To validate the effect of using different583

numbers of camera positions, we provide the results of our584

framework with varied Nv . To evaluate the SBSR performance585

when Nv > 1, We use the global average pooling to obtain586

zsem for multi-view images. Moreover, In all the experiments,587

we set the number of prediction heads Nh to be 3.588

Experiment result: Table I shows the SBSR result on SHREC589

13 dataset. The performance of our proposed method achieves590

new state-of-the-art results compared with existing methods.591

As presented in Table I, our model achieves the performance 592

of 87.0% mAP on the SHREC 13 dataset with Nv = 12 593

which is on-par with the most recent method. Even with 594

an extremely small number of views (e.g., one view per 3D 595

object), our framework still achieves reasonable results. Note 596

that DSSH [9] adopts a view sampling strategy to sample one 597

view from four non-overlapping spaces [9]. As the sampling 598

time increase, the sampled views can cover the whole space. 599

During the inference, DSSH repeats the view sampling ten 600

times, which yields a significant number of views for the 601

actual testing phase. Compared with DSSH, our framework 602

can achieve comparable results, whilst only a few views are 603

used because the designed DV module can dynamically select 604

viewpoints that acquire the most similar visual content to the 605

sketch; thus, the encoder network can produce similar 2D 606

descriptors for matching. As we increase the Nv , better SBSR 607

performance is achieved. The qualitative SBSR results on 608

SHREC 13 can be found in Figure 5. The quantitative results 609

on SHREC 14 dataset are summarized in Table I, where the 610

model achieves the best retrieval map of 85.1%. Our proposed 611

method outperforms the most recent method in category- 612

level SBSR on the SHREC 14 dataset. This improvement 613

can be attributed to the meta-learning strategies that we have 614

developed, which are adept at handling large variations in 615

drawing styles. The SHREC 14 dataset is nearly twice the 616

size of the SHREC 13 dataset and consequently exhibits a 617

greater range of drawing style variations. The improvement 618

of SBSR performance on the SHREC 14 dataset validate the 619

efficacy of our meta-learning design. Moreover, we also show 620

the camera position predicted by our method in Figure 4. We 621

demonstrate that the learned camera position can capture the 622

necessary information to categorize an object with the utmost 623

precision. 624

E. Ablation Studies 625

Effect of the Dynamic Viewer Module. We assess the 626

importance of the Dynamic View module by removing the DV 627

module from our pipeline. We use an off-the-shelf renderer to 628

render different numbers of views for each 3D object following 629

the offline rendering process of existing SBSR methods [5], 630

[6], [14]. Then, disentangle module takes each view and 631

sketch as input and produces latent vectors for retrieval. We 632

use the experimental setup for Nv > 1 cases presented in 633

Section IV-D. Quantitative results can be found in Table II. 634

By adopting the DV module, promising SBSR performance 635

can be achieved even with a few views. As the number of 636

views increases, the performance of the framework without a 637

DV module increases whilst the performance of our proposed 638

framework (with a DV module) remains relatively unchanged. 639

However, the performance achieved by using a DV module 640

is still better than the performance without utilizing a DV 641

module. 642

Effect of the Meta View Learner. To address the challenge of 643

a single 3D shape being represented by an infinite number of 644

2D sketches, which can vary in viewpoints and drawing styles, 645

traditional approaches of training a single view generator have 646

limitations such as being unable to generate viewpoints for 647
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Fig. 4. Visualization of predicted camera positions.

Fig. 5. 3D shapes retrieved by given query sketches on SHREC 13 dataset.

unseen sketches and not capturing variations resulting from648

sketch differences. As a solution, our proposed Meta View649

Learner (MVL) models the problem within a meta-learning650

framework and predicts a novel view generator for a given651

2D sketch, achieving exceptional performance with only a652

few 2D sketch-to-3D shape pairs. In order to demonstrate653

the effectiveness of MVL, we perform a modification on the654

training set of SHREC 14 by randomly removing 5%, 10%,655

15%, 20%, 25%, 30%, 35%, 40%, 45%, 50% of training656

sketches from each category. The results of our experiments, as657

illustrated in Figure 6, demonstrate that the proposed method658

can achieve reasonable performance even when only 50% of659

the training data is provided. This ablation study confirms660

the ability of our approach to handle different and unseen661

sketches by outperforming the most recent method on a662

larger dataset, such as SHREC 14. This ablation study further663

supports the superiority of our proposed approach over the664

most recent method on a larger dataset such as SHREC 14,665

as the testing samples (i.e., unseen sketches with potentially666

different drawing styles) are more diverse compared to those667

in SHREC 13. The findings from this study provide strong 668

evidence for the ability of the proposed module to handle 669

diverse drawing styles of 2D sketches, which is a significant 670

advantage in real-world applications where the drawing styles 671

may vary widely. 672

In summary, the proposed meta-learning approach offers a 673

promising solution to the complex problem of generating op- 674

timal viewpoints for a variety of 2D sketches representing 3D 675

shapes. By utilizing a meta-learning framework, our approach 676

can adapt to diverse drawing styles and viewpoints without 677

requiring an exhaustive training dataset. 678

Effect of the Number of Predict Heads. In this part, we 679

conduct an ablation study to investigate the impact of the 680

number of prediction heads which is controlled by the hyper- 681

parameters Nh. We conduct the task of SBSR on the SHREC 682

13 dataset. Specifically, we follow the similar setting presented 683

in Section IV-D that uses 12 views for this experiment. Table 684

III shows the quantitative results when we vary Nh from 1 685

to 5 and the size of the DV module. The findings presented 686

in Table III demonstrate that the correlation between the 687
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SHREC 13 SHREC 14
Methods NN FT ST E DCG mAP NN FT ST E DCG mAP
CDMR [33] 27.9 20.3 29.6 16.6 45.8 25.0 10.9 5.7 8.9 4.1 32.8 5.4
SBR-VC [29] 16.4 9.7 14.9 8.5 34.8 11.4 9.5 5.0 8.1 3.7 31.9 5.0
CAT-DTW [15] 23.5 13.5 19.8 10.9 39.2 14.1 13.7 6.8 10.2 5.0 33.8 6.0
Siamese [12] 40.5 40.3 54.8 28.7 60.7 46.9 23.9 21.2 31.6 14.0 49.6 22.8
DCML [5] 65.0 63.4 71.9 34.8 76.6 67.4 27.2 27.5 34.5 17.1 49.8 28.6
DCHML [6] 73.0 71.5 77.3 36.8 81.6 74.4 40.3 32.9 39.4 20.1 54.4 33.6
LWBR [34] 71.2 72.5 78.5 36.9 81.4 75.2 40.3 37.8 45.5 23.6 58.1 40.1
DCA [14] 78.3 79.6 82.9 37.6 85.6 81.3 77.0 78.9 82.3 39.8 85.9 80.3
Semantic [7] 82.3 82.8 86.0 40.3 88.4 84.3 80.4 74.9 81.3 39.5 87.0 78.0
DSSH [9] 83.1 84.4 88.6 41.1 89.3 85.8 79.6 81.3 85.1 41.2 88.1 82.6
SSM [35] 83.6 83.3 88.3 41.1 89.6 85.3 - - - - - -
Guidance [36] 83.6 85.5 90.2 42.5 90.5 87.1 79.9 82.1 86.2 41.9 88.6 83.5
SLC [37] 82.7 84.1 89.5 41.8 89.5 86.4 78.1 80.4 84.7 41.5 87.2 82.0
JFLN [38] 84.0 85.8 89.9 42.3 89.7 86.6 79.2 82.3 84.7 42.4 87.3 83.3
Ours (1) 75.2 77.3 79.4 38.6 84.9 79.3 68.7 64.5 74.2 72.9 77.8 73.7
Ours (6) 80.3 82.4 85.2 38.4 84.5 83.4 82.2 83.8 83.6 39.0 84.3 82.5
Ours (12) 83.3 85.1 89.9 42.5 90.4 87.0 80.6 84.2 88.7 41.4 88.8 85.1

TABLE I
SKETCH-BASED 3D SHAPE RETRIEVAL RESULTS ON SHREC 13 AND 14 DATASETS. WE USE THE TERM “OURS (Nv )” TO REPRESENT OUR METHOD

FOR Nv RENDERING VIEWS.

Method #V NN FT ST E DCG mAP
Ours (w/o DV) 6 76.3 78.9 80.5 34.1 80.6 79.2

Ours 6 80.3 82.4 85.2 38.4 84.5 83.4
Ours (w/o DV) 12 79.0 81.2 83.6 37.1 84.7 82.8

Ours 12 83.3 85.1 89.9 42.5 90.4 87.0
Ours (w/o DV) 18 81.4 83.2 85.9 38.9 87.9 84.1

Ours 18 83.3 85.1 89.8 42.8 90.5 87.0
TABLE II

ABLATION STUDIES ON SHREC 13 DATASET. WE EXAM THE
EFFECTIVENESS OF OUR PROPOSED DV MODULE. #V REPRESENTS

NUMBER OF VIEWS.

Fig. 6. Ablation studies on the SBSR performance when using different
number of training sketches.

Fig. 7. Different camera positions predicted by using different loss.

Configuration NN FT ST E DCG mAP
Nh − 1 80.1 82.4 88.8 40.2 85.5 85.3
Nh − 2 83.2 84.8 89.0 42.0 88.9 86.7
Nh − 3 83.3 85.1 89.9 42.5 90.4 87.0
Nh − 4 83.3 85.2 90.0 42.4 90.3 87.0
Nh − 5 83.3 85.2 90.0 42.6 90.6 87.1

TABLE III
ABLATION STUDIES ON THE DESIGN CHOICE OF mφ(·). WE REPORT THE

RETRIEVAL RESULT ON THE SHREC 13 DATASET

number of layers and the resulting performance gain is not 688

significant. While there is an increase in performance with 689

an increase in the number of layers, the rate of improvement 690

is not substantial. On the other hand, it is noteworthy that 691

there is a linear relationship between the number of layers 692

and the size of the model. This implies that as the number of 693

layers in a model increases, so does its complexity and size. 694

This may have practical implications, as larger models require 695

more computing resources and memory. Therefore, it is crucial 696

to strike a balance between model performance and resource 697

requirements. Therefore, in our model, we chose Nh to be 3, 698

which provided us with a good result and not much size cost. 699

Effect of the Viewpoint Mining. Then, we perform an abla- 700

tion study to examine the effectiveness of the proposed view 701

mining loss. To achieve this, we compare our model with 1) the 702

same model trained without using view mining loss and 2) the 703

same model trained using pixel-wise loss Lpix. Specifically, 704

we add an edge detector to the rendered image to obtain Iedg . 705

The pixel-wise loss is defined as:Lpix = ∥s−Iedg∥22. Table IV 706

show the comparison between the aforementioned two models. 707

Clearly, the model trained with view mining loss outperforms 708

the other two models, which confirms the effectiveness of the 709

proposed view mining loss. The camera positions predicted by 710

adopting different loss terms can be found in Figure 7. 711

F. Discussion 712

1) Instance-level Sketch-Based 3D Shape Retrieval: In this 713

part of the experiment, we extend our method to the instance- 714

level SBSR. Different from using global average pooling to 715
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Method NN FT ST E DCG mAP
Ours (w/o Lview) 81.1 82.6 87.4 40.7 88.2 85.4
Ours (with Lpix) 82.0 83.5 90.4 41.1 88.8 86.2

Ours 83.3 85.1 89.9 42.5 90.4 87.0
TABLE IV

ABLATION STUDIES ON SHREC 13 DATASET. WE EXAMINE THE
EFFECTIVENESS OF OUR PROPOSED VIEW MINING LOSS. OUR PROPOSED

VIEW MINING LOSS ACHIEVES THE BEST RESULT.

get the zsem for the retrieval, in this setting, we apply max716

pooling over view-specific embeddings of multi-view images.717

To conduct instance-level retrieval, it is necessary to establish718

a methodology for determining the similarity of sketches and719

3D shapes. The similarity is computed within a feature space720

by calculating the Euclidean distance between view-specific721

embeddings of the sketch and 3D shapes.722

Experiment Dataset: AmateurSketch [11] addresses the chal-723

lenge of instance-level sketch-based 3D shape retrieval, which724

has been hindered by the lack of datasets with one-to-one725

sketch-3D correspondences. The paper presents a new dataset726

comprising 4,680 sketch-3D pairings from two object cate-727

gories generated through crowd-sourcing, where 80% are used728

for training, and the rest of those data will be used for testing.729

Experiment setup: We compare our method with instance-730

level SBSR methods [11]. In addition, we follow the ex-731

periment setting presented in Qi et al. [11] to compare our732

method with several baseline methods, including Fine-Grained733

Triplet Based MVCNN [39], Fine-Grained Triplet With Spatial734

Attention [40], Fine-Grained Triplet Based on VNN [41],735

and Fine-Grained Triplet Based on Non-Projection Based 3D736

Deep Embeddings [42], [43]. In this experiment, we use737

configurations as mentioned in Section IV-B for the hyper-738

parameters and use Nh = 12, Nh = 3 to train our model.739

Experiment result: Table V presents the quantitative results740

obtained from the AmateurSketch dataset, where the Top-1 and741

Top-5 retrieval accuracy were used to evaluate the performance742

of our method. Despite not being specifically designed for743

instance-level Sketch-Based 3D Shape Retrieval (SBSR), our744

method outperforms most of the listed methods. In the chair745

category, our method achieved a Top-1 retrieval accuracy of746

57.28% and a Top-5 retrieval accuracy of 86.54%. Similarly,747

for the lamp category, our method achieved a Top-1 retrieval748

accuracy of 56.41% and a Top-5 retrieval accuracy of 86.20%.749

It is worth noting that although our model is not specifically750

designed for instance-level SBSR, our model still achieves751

the highest retrieval performance in terms of Top-1 retrieval752

accuracy on Chair Dataset. In addition to the quantitative753

results, we also present qualitative results in Figure 8.754

2) Computational Complexity: In this section, we provide755

an analysis of the computational complexity of our method on756

the SHREC 14 dataset. For fair comparison with other models,757

we employed the same offline processing as in previous758

work [9], where descriptors were computed for each sketch759

and 3D shape in advance. During the retrieval phase, we760

selected the 3D shape whose descriptor is most similar to that761

of a given sketch as the retrieval result. The results of our762

analysis are presented in Table VI. The results show that the763

average query time per sketch in our method is similar to that764

Method Chair Dataset Lamp Dataset
acc.@1 acc.@5 acc.@1 acc.@5

SBSVSR 44.94 77.94 48.05 79.87
FG-T-M 47.60 81.26 49.35 83.48

FG-T-A-M 47.10 79.10 48.95 81.68
FG-T-V 54.56 83.25 54.05 85.58
FG-T-P 0.50 4.48 0.90 3.60
FG-T-S 11.47 40.13 12.61 38.44

Qi et al. [11] 56.72 87.06 57.66 87.39
Ours 57.28 86.54 56.41 86.20

TABLE V
INSTANCE-LEVEL SBSR RESULT ON THE AMATEURSKETCH DATASET.

Method Query Time (sec.) mAP

Siamese 1.50 ∗ 10−3 22.8
DCML 3.95 ∗ 10−1 28.6

DCHML 3.95 ∗ 10−1 33.6
LWBR 3.95 ∗ 10−1 40.1
DCA 1.96 ∗ 10−1 80.3
DSSH 2.61 ∗ 10−4 82.6
Ours 1.94 ∗ 10−1 85.1

TABLE VI
ANALYSIS OF COMPUTATIONAL COMPLEXITY

of most previous work, while our accuracy surpasses that of 765

existing methods. In other words, our approach achieves state- 766

of-the-art retrieval performance with acceptable efficiency. 767

V. CONCLUSION 768

In this paper, we propose a novel category-level sketch- 769

based 3D shape retrieval framework. First, we introduce a Dy- 770

namic Viewer (DV) module to explore expressive viewpoints 771

according to a query sketch dynamically. Then, a cross-model 772

disentangle module is subsequently adopted to decompose the 773

sketch descriptor and the view descriptor. Finally, we optimize 774

the DV module by minimizing the introduced view mining loss 775

based on the resulting structural embedding. The proposed 776

SBSR framework achieves promising results on SHREC 13 777

and SHREC 14 datasets and outperforms the state-of-the- 778

art methods in some metrics. Furthermore, our method can 779

easily be extended to the instance-level SBSR. In addition, 780

the in-depth network analysis proves the effectiveness of each 781

proposed module. 782
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