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Abstract— State-of-the-art methods on sketch classification and
retrieval are based on deep convolutional neural network to
learn representations. Although deep neural networks have the
ability to model images with hierarchical representations by
convolution Kkernels, they cannot automatically extract the struc-
tural representations of object categories in a human-perceptible
way. Furthermore, sketch images usually have large-scale visual
variations caused by the styles of drawing or viewpoints, which
make it difficult to develop generalized representations using the
fixed computational mode of convolutional kernel. In this paper,
our aim is to address the problem of fixed computational mode in
feature extraction process without extra supervision. We propose
a novel architecture to dynamically discover the object land-
marks and learn the discriminative structural representations.
Our model is composed of two components: a representative
landmark discovering module that localizes the key points on the
object and a category-aware representation learning module that
develops the category-specific features. Specifically, we develop a
structure-aware offset layer to dynamically localize the repre-
sentative landmarks, which is optimized based on the category
labels without extra supervision. After that, a diversity branch is
introduced to extract the global discriminative features for each
category. Finally, we employ a multi-task loss function to develop
an end-to-end trainable architecture. At testing time, we fuse all
the predictions with different number of landmarks to achieve
the final results. Through extensive experiments, we compare our
model with several state-of-the-art methods on two challenging
datasets, TU-Berlin and Sketchy, for sketch classification and
retrieval, and the experimental results demonstrate the effective-
ness of our proposed model.

Index Terms—Sketch based image classification and retrieval,
dynamic landmarks discovery, structural feature representation.
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I. INTRODUCTION

REE-hand sketch could be seen as one of the intu-
itive ways to reflect the goal of users without much
effort, e.g. Sketch2photo [1]. With the development of intel-
ligent mobile terminals, it is now possible to draw sketches
that make sketch-based recognition and retrieval be a
trending research topic in the fields of graphics and com-
puter vision. Various interesting applications exist, includ-
ing sketch-based image retrieval [2]-[7], human-computer
interaction [8], face verification [9]-[11] and other relevant
works such as [12]-[14]. Despite the significant progress
of sketch classification and retrieval based on deep neural
networks [10], [15]-[17] in recent years, this problem is still a
challenging task due to the visual variations of sketch images.
Extensive efforts have been dedicated to solve the problem
by learning discriminative representations [18]-[20], which
are learned by directly treating the sketch images as the
natural images to train the deep neural networks. However,
sketch images show more visual variations than the natural
images, which causes the learned model degenerated at test
time. Although some works [21], [22] have been proposed
to handle the visual variations, there are still several chal-
lenges influencing the performance of existing methods. First,
the styles of sketches are diverse as shown in Fig. 1. Users
draw sketch images based on their personalized preferences
without any unified reference templates, which would generate
a large variation of sketch appearances. Second, existing deep
models would generate the ambiguous feature representations
due to the large scale of visual variations. The feed-forward
convolutional neural network can only capture the specific
structure patterns due to the fixed computational mode of
convolution kernels [23]-[27]. The fixed mode refers that we
use the convolution kernel samples the input feature map at
fixed locations and the region-of-interest pooling layer divides
a region into fixed spatial bins. Several works have been
proposed to deal with abovementioned fixed spatial computa-
tional mode of CNN by estimating the transformation model
for feature alignment. For examples, STN [23], [24] aimed to
achieve geometric invariance by mapping features through a
global transformation. While Rocco et al. [26], [27] proposed
a CNN architecture for estimating a geometric alignment
model. However, existing models focus on estimating the
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Fig. 1. Learning structural feature representations for sketch images via
discovering the representative landmarks. Utilizing the discovered represen-
tative landmarks (red points) can jointly minimize intra-class discrepancy
and maximize inter-category distance, and thus results in more discriminative
feature representations.

globally-varying geometric fields, thus leading to limited per-
formance in dealing with locally-varying geometric variations.
Thus, existing models cannot be directly transferred to the
novel style of sketches, especially for those not seen before.
Last but not least, the receptive field of each convolutional
kernel is localization, which is developed with a regular sam-
pling grid on feature maps. This probably induces some loss in
the feature discriminability. Several related methods [28]-[31]
have proposed to use multiple size of receptive fields to
improve the discrimination of representations.

To overcome the above-mentioned limitations and learn
the robust feature representation model, we introduce a more
efficient strategy based on the following observations: For
the sketch images, there exist the representative structures for
distinct categories, which make the representations robust for
the visual variations. Furthermore, not all the whole sketch
image can provide the category-specific features, only a set of
sparse regions contain the useful appearances for recognition.
Therefore, to deal with the limitations, we should consider
these two aspects at the same time.

This paper aims to simultaneously address the problem of
discovering representative landmarks and learning the discrim-
inative feature representations for sketch images. In particular,
we treat representative landmark discovery as an intermediate
step for feature extraction. In the meanwhile, we also introduce
additional regularization to capture the global feature represen-
tation and to prevent the representative landmarks from encod-
ing irrelevant information. To that end, we develop a novel
weakly-supervised deep architecture named landmarks-aware
network as presented in Fig. 2. Our model is composed of
two modules, representative landmarks discovering module
and category-aware representation learning module. Given the
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training samples, we first feed them into the front-end CNN
(ResNet-101 [32]), and then the last convolution layer of the
network is extracted for landmarks localization. To discover
the representative landmarks, we first sampling along the
edges of sketch images, and then develop an offset layer
at the top of extracted layers as shown in Fig. 2 (c). This
module consists of landmark localization and pooling oper-
ations, which are optimized with category labels without
extra supervision. Although the discovered landmarks can
capture the structure-invariant feature representations, it may
confuse the structures between categories because of the visual
variations. To improve the feature discrimination, we propose
to learn the category-specific features via introducing the
diversity regularization term as shown in Fig. 2 (d). In this
module, we generate the class-aware feature maps with 3 x 3
convolution kernels. In the step of optimization, besides the
softmax loss based on the category labels, we also require the
filters and their responses to be orthogonal. Furthermore, these
two components are implemented with feed-forward networks,
therefore the network is an end-to-end trainable architecture.
To train our proposed network, we only need the category
label of the inputs. At test time as shown in Fig. 2(e), all
the prediction scores are fused to achieve the final results.
Finally, extensive experiments are conducted for the task of
sketch classification and sketch based image retrieval on two
challenging datasets. In particular, we evaluate sketch classifi-
cation on TU-Berlin dataset [33], which only contains sketch
images with weakly supervised category label annotations.
While on the task of sketch based image retrieval, we develop
the experiment on Sketchy dataset [34], which is composed
of real and sketch images with the category label annotations.
Experimental results show that our proposed method can
significantly improve the performance of sketch classification
and sketch based image retrieval, which demonstrates the
effectiveness and efficiently of our method.

The contributions of our proposed method can be sum-
marized as follows: (i) We first propose a novel sketch
representation learning method via dynamical landmarks dis-
covery to address the problem of sketch visual variations.
which is an end-to-end trainable architecture. (ii) To achieve
the discriminative representation, we introduce the diversity
regularization term to learn the category-specific feature rep-
resentations. (iii) Our method boosts the benchmark of sketch
classification, achieving the state-of-the-art accuracy in terms
of classification evaluation metrics.

II. RELATED WORK

In this section, we review the most recent related work
on sketch classification and retrieval. The generative and
discriminative power of deep features have been used to build
deep generative shape models [35], [36]. In [36], the authors
propose to use Deep Belief Nets (DBN) to generate the
hand-written digits, which has achieved notable performance.
While Eslami ef al. [35] develop an object shape model
method by using the Boltzmann machine. In [37], a neural
network is trained to generate shape descriptors that lie close
to a vector representation of the shape class for sketch-based
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Fig. 2. Our proposed object landmarks discovery architecture for sketch classification and retrieval. First, images are fed into the ResNet101, and then we
extract the last convolutional feature maps whose size is 2048 x8x8. After that, we add a 1 x 1 convolution kernel to discover the landmarks and learn the
discriminative feature representation (top-right branch). While a set of 3 x 3 convolution kernel is used to improve the discrimination of representation with

diversity loss function (bottom-right branch).

shape retrieval via embedding the word information. Tolias and
Chum [17] introduce the asymmetric feature maps to evaluate
multiple kernels between the query and database entries on
sketch based retrieval. This method could provide the query
localization in the retrieved images. Although these methods
achieve the discriminative feature representation, they do not
consider the large visual variations of sketch images especially
for new styles of test sketches.

There has also been some work on retrieving 3D shapes with
sketches. Different from the traditional sketch-based image
retrieval, a large visual discrepancy between sketches and
3D shapes limits the performance of retrieval. Xie et al. [19]
propose to project the 3D shapes into 2D, and then compute
the Wasserstein barycenters of multiple projections to form
a barycentric representation.Wu et al. [38] propose a novel
shape representation named 3D shapeNets, which focuses on
modeling the 3D shapes. In this method [38], the authors
propose to recognize the object from the depth images and then
construct a 3D shapenets to capture the structure of 3D shapes.
Traditional methods on retrieving 3D models from sketches are
based on two stage view selection and matching. For instance,

Wang et al. [39] propose a two siamese convolutional neural
networks to compute the cross-domain similarities. In [14],
a novel deep correlated holistic metric learning (DCHML)
method is introduced to mitigate the discrepancy between
sketch and 3D shape domains, which learns two deep nonlinear
transformations to map features from both domains into a
new feature space. Our proposed method can solve the prob-
lem of variations by dynamically selecting the representative
landmarks.

To solve the problem of limited training samples,
Zhang et al. [22] propose a novel deep convolutional neural
network termed as SketchNet which incorporates the web
images as the reference for discriminative feature learn-
ing. Yu et al. [40] propose two data augmentation strate-
gies for exploiting the discriminative sketch structures.
Similarly, Li et al [16] propose a novel binary cod-
ing method, named deep sketch hashing for sketch based
image retrieval. The learned Deep Sketch Hashing (DSH)
codes can both effectively solve the geometric distortion
between different domains and efficiently reduce the dis-
tance computation. Zhang et al. [41] propose a Generative
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Domain-migration Hashing (GDH) approach, which can pre-
serve the domain-invariant information between sketches and
real images. GDH aims to learn the hash mapping by using
an adversarial loss and the cycle consistency loss. Different
from DSH [16] and GDH [41], our proposed method focuses
on learning a robust model for sketch variations, which can
be used for sketch classification and retrieval.

For sketch based image retrieval, metric learning is usually
introduced to bridge the domain gap. Radenovic et al. [42]
introduce the deep shape matching, which first extracts the
edge map by edge detector from real images, and then
the edge maps are feed to a neural network for extracting
the global feature representations. Different from [42], our
method conduct the feature representations by introducing the
landmarks and diversity feature map, which makes our model
robust to sketch visual variations. In [43], the authors proposed
an attention-ensemble framework to encourage diversity in
feature embeddings. While in [44], they aim to improve the
robustness of feature embeddings by exploiting the indepen-
dence within ensembles. To exploit the diversity, the authors
introduce online boosting to build our metric ensemble and
different loss functions. Different from [43] and [44], our
model is proposed to conduct the diversity feature maps by
requiring the filters and maps to be orthogonality instead of
learning the metric mappings.

There are also some related work on landmark learn-
ing [45]-[47] and deformable region of interest (ROI)
pooling [48], [49]. In [45], the authors propose an end-to-end
neural network for discriminative feature points learning with
three loss functions. Furthermore, they propose a part orthogo-
nality constraint in the step of learning feature representation,
which is similar with our diversity regularization. The main
difference with our work is that our method can dynamically
localize the key points while their method focuses on the
regions which would be sensitive for the object variations.
Dai et al. [48] propose to learn the deformable convolution
kernel for object detection and semantic segmentations. Since
typically sketch images contain large areas of white spaces,
their method cannot capture enough texture information to
compute offsets. Our proposed method, however, focuses on
the edges of the sketch, which would be helpful to extract the
landmarks.

II1. METHOD

In this section, we introduce our landmark-aware network
for sketch based image classification and retrieval. Our method
consists of two modules: representative landmarks discovery
and category-aware representation learning. Different from
traditional methods on extracting the landmarks [46], [47], our
framework first uses a uniform sampling method to extract
the candidate key points along the edges of sketch images.
For each candidate key point, we compute the offset by
the proposed offset layer to refine the locations for discov-
ering the representative landmarks. After the landmarks are
determined, we use a novel landmark pooling operation to
obtain the feature representations of sketch images. Further-
more, to further improve the discrimination of representations,
we introduce a diversity regularization [45] to learn the sketch
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Fig. 3. Tllustration of representative landmarks discovery via offset learning.

We firstly uniformly sample the key points along the object edge (blue points
in the left feature map), and then we refine the location of key points by
adding the computed offsets (red points in the right feature map).

category-specific features. At test time, a fusion layer is
proposed to compute the final predictions.

As shown in Fig. 2 (b), the output of the last convolutional
layer is a tensor x € RP*WXC where H and W denote
the height and width of the feature map and C indicates the
number of channels. Thus, we define the representation at
each spatial location (u,v) as dyy = (Xuo1, - . ., Xuvc) € RE.
The responses of the last convolution layer are 3D, while our
proposed landmarks localization modules operate on the 2D
spatial domain. Thus, we do the same operation on different
channel dimensions. For notation clarity, we describe our
method in 2D and it is straightforward to extend to 3D.

A. Representative Landmarks Discovery

Landmarks Localization: Given the observed sketch
image I, the objective is to estimate the representative land-
marks and achieve the discriminative feature representations.
To do that, we propose a novel approach for landmark
localization, which is composed of two steps. First, a sketch
image is represented by a discrete set of points sampled from
the contours on the object, denoted as P = {pi,..., pu},
where U is the total number of candidate key points. Then,
given the number of landmarks N, we extract the candidate
points with roughly uniform spacing, which is denoted as
1 ={l{,...,I%}, where N is the number of extracted key
points as shown in Fig. 3. Since these candidate points [°
typically will not correspond to the representative landmarks,
we need to refine the localization of each candidate landmark
for discovering the representative landmarks. Here, we should
note that the sampling order is not critical to obtain good
initial landmarks. This is because we treat all the candidate
landmarks equally, which are uniformly distributed along
the edges of the object. To address the rotation of objects,
we propose to augment the training set by rotating the training
samples.

Instead of computing the offsets in the image space, we pro-
pose to seek the offsets on the feature maps, which need to
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project the landmarks from the image space to the feature
maps. To that end, we first compute the ratios between the
original image and feature maps along the width and height
directions. Then, we project these locations to the feature maps
by multiplying the ratios along two directions. To guarantee
the projected locations are integers, we use the operation
of ceil on the projected locations, and the localizations of
landmarks on the feature maps are denoted as [ = {/1,...,In}.
This is based on the observation that there exists a linear
mapping between the original image and feature maps, which
has been demonstrated in several works [32], [46], [47].

After projecting the landmarks on the last convolutional
feature maps x, we apply a 1 x 1 convolution layer on x to
compute the offsets for each landmark as shown in Fig. 3. The
size of the offset map is H x W x 2N, where the channel
dimensions are the 2D offsets along the width and height
directions for all the landmarks. Then, we define the offsets of
candidate landmarks as A/, and the offset for each candidate
is Al ={Aly, ..., Aly}. Based on the novel localizations for
the landmarks, we need to extract the feature representations
of the computed representative landmarks.

Since the offsets would be fractional, the bilinear
interpolation [23] operation is introduced to extract the feature
representations for each representative landmark:

x(i + Alj) = >~ Gl + Ali, q) - x(q), e)
q
where ¢ represents all integral spatial locations in the feature
map x and G(-,-) denotes the bilinear interpolation kernel.
l; is the i'" candidate point. Since we compute the feature
maps on the 2D plane, G(-, -) is a two-dimensional function,
which can be divided into two one-dimensional kernels:

G(l,q) =g, qx) - 8y, qy), 2)
gLy, gx) = max(0, 1 — |l — qxl), 3)
gy, qy) = max(0,1— I, — gqy), 4)

where [ and ¢ are the location on the corresponding feature
maps. We observe that the non-zero locations are very sparse,
which is useful for computing G (/, ¢). Finally, we achieve the
feature representation for each discovery landmark. To update
the parameters of 1 x 1 convolution layer, we employ the stan-
dard backpropagation through the bilinear operations. Some
qualitative results with different number of landmarks are
shown in Fig. 5.

Dynamic Landmark Pooling: To integrate the detected
landmarks into the process of feature learning, we propose
a dynamic landmark pooling based on the localization of
landmarks. Existing methods use the region of interest (Rol)
pooling operation [49]-[52] to fuse the locationsat.™ infor-
mation and convert the feature maps to fixed length vector
representations. Although Rol pooling has achieved impressive
results on object detection, it would not be suitable for
sketches, due to large areas of white space and structure
variations, which may lead the pooled representation to be
ambiguous and sensitive to visual variations.

We introduce the dynamic landmark pooling as shown
in Fig. 4 that pools the features based on the detected land-
marks. Based on representative landmarks, we extract all the
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Fig. 4. Tllustration of dynamic landmark pooling. The size of input feature

map is H x W x C and the locations of representative landmarks are denoted
as red points. Then, the output feature map is 1 x N x C, which is developed
based on pooling the features on N detected points. Finally, we use average
pooling on the output maps to obtain the final sketch representation whose
sizeis 1 x C.

., div} e
, where [; is the location of the i'" landmark. After
that, we pool the landmarks score maps X into a vector
representation via average pooling f € R1*C,

To optimize representative landmarks discovery module,
we construct the SoftMax loss function with the category
labels of sketch images.

features to develop a novel feature map X = {d;y, ..
Rl XNxC

Las(I',y', W) = —logP(y' = k|I', Wyc)
l A UN /D)
Y e 1 e*f’(l[,W_/‘:)

(5)

where I? represents the i’ input image, y' is its label, and K
is the number of sketch categories. k is the category label of
current input image and Wy, denotes the weights in the fully
connected layers, which is used to map the extracted deep
features to the labels.

B. Category-Aware Representation Learning

The representations extracted from the representative land-
mark discovery module are high-capacity descriptors and
robust to sketch local visual variations. However, some
categories of sketches share similar structures, e.g. sheep,
cat, and dog. The learned representations may be ambigu-
ous due to these similar structures. To further improve the
discrimination of feature representations, we introduce the
global category-specific representations. To that end, a set of
category-aware filters are added on top of the last convolu-
tional layer.

Specifically, we design a set of category-aware filters F' =
{F1,..., Fx} on top of the last convolutional layer as shown
in Fig. 2 (d). To achieve the unique features of each category,
we require the filters F; to be active on diverse regions.
We implement the diversity regularization by encouraging
orthogonality of the filters’ responses and enforcing the filters
to be orthogonal. We introduce the diversity loss function Lgi ;
and the regularization L/;; , which represent the loss of filter
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Illustration of representative landmarks on sketch images. Red points of the sketch indicate the uniform sampling points, and green arrows are the

indicators of the computed offsets. We display different number of landmarks on distinct categories. We can observe that the representative landmarks are
localized on similar locations for the same sketch with different number of landmarks. While distinct categories are focus on different regions, which could
be observed along the row directions. Please zoom in for the details and best view in color.

and their responses, respectively.

: (FF, FP)
f i

Ly, =21 , (6)

aw WEP I EIEL

i#j P

where Fl.p denotes the filter weighting score in the position p
and || - || is the F-norm. i and j are the indices for different
filters. To further improve the discrimination of filters, we add
the diversity on the feature maps w,{ = y(Fr x (1)),
where ¢ (-) is the function to extract the representations. Then,
the regularization could be defined as:

Lcriil) = zl

i#]

il v

—_— 7
I @
where W,-I and 1//; denote the feature maps generated by the
i and j' filters. With this diversity regularization, the filters
should be sparsely distributed on the sketch, especially on the
latent semantic parts.

In Fig. 6, we provide the visualizations of the learned
category-aware filters on different categories. To achieve the

heatmaps, we first extract the outputs of category-aware fil-
ters, and then normalize the scores of outputs with softmax
operation. After that we upsample the score of output to
the original input size. It can be seen that: (i) Across all
the category, the category-aware filters tend to be associated
with the specific parts of the object, which is complicated
and distinct visual patterns. For example, the shell of sea
turtle, the body of bird and the trigger of revolver. (ii) The
category-aware filters seen to align well across different poses
of sketch images, e.g. the leg of sheep and the head of cows.

For most sketch images, uniformly sampling the land-
marks along edges are insufficient to represent visual con-
tents. Because there may exist repeated patterns and regional
amplifications, which degenerate the discrimination of learned
representations. While based on the introduced diversity reg-
ularization, our model can automatically encourage the repre-
sentative landmarks to be distributed at distinct local regions.
Moreover, the regularizer can also prevent the network from
overfitting to specific details of individual sketch images.

It should be noted that our proposed diversity regularization
is conceptually similar to [45] in that it is enforced the repre-
sentation of different landmarks to be orthogonal. While [45]
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Fig. 6. Visualization of category-aware filters on sketch images. The highlight
region of each image indicates that it plays an important effect on determining
the category labels. From the visualization, we can observe that not all the
pixels are contributed equally for category prediction.

utilizes only positive samples in learning the diversity filters,
our method considers both positive and negative samples to
enhance representation ability of filters.

To avoid the trivial solution, we further introduce the
SoftMax loss function Lj, on top of the category-aware
responses. Finally, this module is optimized based on the
traditional back-propagation with the category label as the
supervision. Our proposed diversity regularization indirectly
enforces the filters to localize the unique regions of the sketch
categories. It is straightforward to show the sparse responses
on sketch images, and capturing of salient structures for the
category. This observation is also strongly supported by the
results of our experiments.

C. Optimization of the Whole Network

To develop an end-to-end deep architecture termed as
landmark-aware ConvNet as shown in Fig. 7, we intro-
duce a multi-task framework to update the parameters.
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Fig. 7. Basic architecture of our proposed landmark-aware ConvNets.
We employ the ResNetl01 as the basic deep structure that ignores the fully
connected layers. For the loss function, a multi-task framework is utilized to
fuse all the loss functions.

The proposed deep network is optimized with stochastic gra-
dient descent (SGD) by minimizing the sum of the pro-
posed losses. The ResNet-101 network pretrained on the
ILSVRCI2 is used to initialize the front-end CNN of our
model. Note that, we do not fix any layer of ResNetl01 as
in the traditional methods. Instead, we retrain the whole deep
neural network whose parameters are updated with the total
loss Liotal-

Liotai = Leis + ;BLdio (8)

where L. indicates the softmax loss on the branch of
landmarks discovery and Lgi, = Lf;iv + LY, + LY, is the
diversity loss on the branch of diversity feature as shown
in Fig.7. f is the trade-off parameter.

In the inference step as shown in Fig. 2 (e), a 3-channel
sketch image is fed into our proposed neural network
with different number of landmarks. Considering the differ-
ences between sketch classification and sketch-based retrieval,
we develop two different strategies of inferencing. For
sketch classification, we just use the predictions of each
network, where all the predictions extracted from different
landmark-aware networks are fused to achieve the final result.
We introduce a fusion layer to give different landmarks dis-
tinct weightings, which is computed by using the validation
set.

For sketch retrieval, our aim is to compute the similarities
between a query sketch and real images. Therefore, we extract
the feature representations f € R'<C from the representative
landmarks discovery module and the representation f¥ €
R!*%4 for each category from the category-aware representa-
tion learning by max-pooling operations. After that, we con-
catenate these two types of representations to develop the
final representations. Finally, we compute the cosine distances
between the query sketch image and real images, and then real
images are ranked based on their similarities.

IV. EXPERIMENTS

To demonstrate the effectiveness of our proposed land-
marks aware models for sketch classification and retrieval,
we performed experiments on two publicly available datasets:
TU-Berlin [33] and Sketchy [34]. In the following, we first
describe the experimental setting and evaluation metric,
an then present the experimental results and analysis.
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A. Experimental Setup and Evaluation Metrics

TU-Berlin Dataset! [33] is a challenging benchmark for
sketch classification and recognition. It is composed of 250
object categories, which cover mostly daily objects in the life,
e.g. train, cup. There are 80 sketch images for each category,
which are collected without any common references. After the
dataset was constructed, there was a phase where humans tried
to recognize the sketches and the mean recognition accuracy
over all the 250 categories is 73%.

Sketchy? [34] is proposed for fine-grained sketch based
image retrieval, which is composed of 75,471 hand-drawn
sketches of 12,500 objects (images) from 125 categories.
This database provides the finegrained associations between
particular photos and sketches.

Following previous works [22], [40], [53] we adopt the
similar evaluation metrics to quantitatively assess the perfor-
mance of our model on sketch classification and retrieval.
Specifically, on sketch classification, we use the Average Preci-
sion (AP) to evaluate the performance of classification on each
sketch category. And then Mean Average Precision (MAP)
is used to compare with the existing methods. To evaluate
the performance on sketch based image retrieval, we report
the top-k accuracy where k is the number of retrieved
real images. Given a query sketch image, our method first
computes the distance between sketch and real images whose
identity matches that of the textual query class.

B. Implementation Details

We implemented the proposed deep model using the popular
PyTorch framework on a single NVIDIA TitanX GPU with
12G memory. The ResNet-101 network pretrained on the
ILSVRCI12 is used to initialize the front-end CNN of our
model. To improve the robustness of our model, we augment
the training samples. All the sketch images are cropped with
the object centered at the images with roughly the same scale,
and resized the image patch to the size of 256 x 256. Then,
we randomly rotate (+60°) and flip the images. We used
a learning rate of 1072, and a momentum of 0.0005. For
testing, we follow the standard flowchart to crop the image

1 http://cybertron.cg.tu-berlin.de/eitz/projects/classifysketch/
2http://sketchy.eye.gatech.edu/
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patches with the given rough positions. All the experimental
results on different tasks are produced from the original and
flipped images. We train the model on the TU-Berlin dataset
for 120 epochs and on the Sketchy dataset for 80 epochs.

C. Ablation Studies

We conduct the ablation study on the TU-Berlin benchmark
and report the classification results produced by the landmark
discovery module. Following the related work [22], the dataset
is first divided into the training and testing sets. The training
sketch images for each class are randomly determined, and
the remaining images are used as the test set. Moreover, 20%
training data are randomly selected to form the validation set.

The effect of front-end networks: Our proposed land-
marks discovery neural network is a generic framework,
so that different kinds of deep architectures can be used
as the front-end network. We evaluate the effect of dif-
ferent types of neural network for sketch classifications.
To do that, we select six types of different deep neural
networks, i.e. AlexNet [54], VGGNet [55], GooglLeNet [56],
ResNet-34 [32], ResNet-50 [32], and ResNet-101 [32]. The
number of training samples is 72, which is randomly
selected from the dataset. The experimental results are shown
in Fig.8 (a). We can observe that a deeper CNN architec-
ture produces more accurate predictions, and the ResNet-101
achieves the best performance among all the front-end neural
networks. Thus, considering the performance and compu-
tation efficiency, ResNet-101 is selected as the basic deep
architecture.

The effect of number of landmarks: Next, we conduct
the experiments to validate the effectiveness of landmarks.
We randomly collected 72 sketch images for each category
as the training set, the remaining 8 sketches were used
as the test set. Since the size of last convolutional layer
of ResNet-101 is 2048 x 8 x 8, the maximum number of
landmarks would be 64, which indicates the whole image
is being used for feature representation. We set the number
of landmarks as {5, 10, 15, 20, 25, 30, 40, 50, 60} and dis-
play the experimental results in Fig.8 (b). With the number
of landmarks growing, the performance does not always
improve, and the best performance is achieved with 30 land-
marks. This observation can confirm that not all pixels are
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TABLE I

EVALUATION OF THE TRADEOFF PARAMETER OF THE LOSS FUNCTION
ON TU-BERLIN DATASET FOR SKETCH CLASSIFICATION TASK

Param. B (w/o) =0 B =1led | B=1e3
MAP 75.97% 74.44% 77.35% 77.95%
Param. | S =1e2 | = le-l =1 B =10
MAP 77.65% 76.45% 59% 47.35%

contributing equally to sketch classification and the most
important region should be emphasized. With the right num-
ber of landmarks, our model is robust to the sketch visual
variations. The experimental results also demonstrate that
multiple landmarks have the ability to describe the whole
sketch images, however, only landmarks are also sensitive
for the sketch visual variations. So, we need to extra fea-
ture representations to encode complementary information.
Though necessary, the extra features should encode the holistic
structure information that can overwhelm the local similarity
reflected by the landmarks. To obtain these features, we intro-
duce the class-aware branch to learn the discriminative feature
representations.

The effect of diversity regularization: Finally, we conduct
an evaluation on the tradeoff parameter f of Eq. 8. To build
the experiments, we select the number of landmarks as 30,
and then randomly choose 64 sketch images as the training
set. After that we select 8 images from the training samples
to develop the validation set, which is used to validate the
performance of classification with different values for f.
To demonstrate the advantage of introducing the diversity reg-
ularizer, we introduce two novel baselines. The first one is that
we remove the whole class-aware branch denoted as f(w/0),
and the other one is that we save the class-aware branch
without the diversity regularization denoted as f = 0. The
experimental results are shown in Table I. We observe that the
best performance is achieved by setting f = le — 3. It points
out that our proposed diversity regularization is benefit for
learning the discriminative feature representation. Comparing
with the performance of f(w/0) and f = 0, we can see that
the performance is degenerated when the class-aware branch
is directly introduced (f = 0). This could be explained by
that without the diversity regularization, class-aware branch
is more focus on learning the seen patterns, which would be
sensitive to the sketch variations. Thus, g is fixed to le — 3
in all our experiments.

D. Sketch classification on TU-Berlin

In this section, we conduct the experiments to validate our
proposed model on sketch classification. First, we randomly
select {8, 16, 24,32, 40,48,56,64} from each category to
develop 8 types of training sets. The corresponding remaining
images are treated as the test set. The validation sets are
developed by selecting 20% samples from the training sets.
For each type, we use the same training set to learn the
model with different number of landmarks and the fixed
testing set is used to evaluate the performance of learned
classifiers. While ResNet-101 is chosen as the basic deep
neural network. Moreover, the number of landmarks is set

IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. 28, NO. 9, SEPTEMBER 2019

to {5, 10, 15, 20, 25, 30, 40, 50, 60}. We further develop an
ensemble method, which fuses all the results based on different
number of landmarks.

To demonstrate the advantage of our model, we conduct
four types of baselines as follows:

- “only landmarks” shows that we remove the offset layer
in representative landmarks discovery module and the
whole category-aware representation learning module.

- “landmarks+offset” is that we only use the landmarks
discovery module and remove the whole category-aware
representation learning module.

- “landmarks+diversity” indicates that we remove the off-
set layer in representative landmarks discovery module
and save the whole category-aware representation learn-
ing module.

- “landmarks+offset+class-aware” represents that we only
remove the diversity regularization in the category-aware
representation learning module.

The full model of our proposed method is represented
as “landmarks+-offset+diversity”. The comparison results are
shown in Fig9. It is evident that with our discovered
landmarks and diversity regularization term more accurate
classification prediction can be achieved, demonstrating that
our idea of introducing landmarks from CNN-side output
maps is more effective than directly using the whole sketch
images. There are also experimental results on proofing
the effectiveness of each component. Specifically, we can
see that landmarks with offset in general yield better per-
formance than the baselines without offsets (“only land-
marks” VS “landmarks—+offset” and “landmarks-+diversity”
VS “landmarks+offset+diversity”). Comparing “only land-
marks” with “landmarks+offset”, the experimental results
show a slight improvement by introducing the offset layer.
The experimental results can be explained by that the fea-
ture representations of baselines have limited discrimination.
With the landmarks, image features are focusing on the
image local region, which may be easily dominated by the
repeatable patterns. Therefore, even with the offsets, there
exists a little improvement on the performance. To further
demonstrate the effectiveness of the offset layer, we con-
duct one more baseline “landmarks+diversity” as shown
in Fig. 9 and Table II. Comparing “landmarks-+diversity”
with “landmarks+offset+4-diversity”, we can observe that there
is a significant improvement on the performance, which has
demonstrated the effectiveness of the offset layer. This indi-
cates that with the dynamical setting, our model can localize
the representative landmarks, which demonstrates the advan-
tages of introducing the landmarks discovery. Comparing the
results with and without diversity regularization (“only land-
marks” VS “landmarks+diversity” and ‘“landmarks+-offset”
VS “landmarks—+offset+diversity”), the experimental results
prove that the diversity regularization is helpful to develop the
category-specific feature representations. As expected, we can
observe that the “Ensemble” achieves the best performance
in all the situations. This proves that different categories
need different number of landmarks for description. More-
over, the introduced layers play different effect on distinct
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Fig. 9. The comparison of classification results on TU-Berlin sketch benchmark with different number of training samples and different number of landmarks.
The green bar indicates that we only use the landmarks without the offset, while the orange bar is adding the offset on the landmarks. The gray bar represents
the results by introducing the diversity loss on the landmarks without using the offset layer. The yellow bar indicates that we only remove the diversity
regularization in the category-aware representation learning module. And the blue bar shows the results based on our whole deep architecture.

TABLE II

COMPARISON RESULTS ON TU-BERLIN WITH STATE-OF-THE-ART METHODS BASED ON DIFFERENT NUMBER OF TRAINING IMAGES

Methods Low (8) | Medium (40) | High (64)
ResNet-101 [33] 51.36% 73.03% 78.25%
SketchNet [23] 58.04% 73.54% 77.33%
Sketch-a-Net [41] 57.58% 72.96% 77.95%
Alexnet-FC-GRU [54] 57.95% 71.39% 79.95%
Our method (only landmarks) 51.07% 73.85% 78.57%
Our method (landmarks + offset) 51.63% 73.12% 79.40%
Our method (landmarks + diversity) 52.44% 74.16% 79.65%
Our method (landmarks + offset + class-aware) 53.71% 77.60% 79.60%
Our method (landmarks + offset4diversity) 56.54% 75.18% 81.40%
Our method(Ensemble) 58.50% 76.11% 82.95%

growing, which can be explained by that too many landmarks
may make the representations focusing on the repeatable
patterns instead of discriminative regions.

categories. When we fuse these components, there exists a
significant improvement on the performance. In some case,
the performance is degenerated with the number of landmarks
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TABLE III

COMPARISON RESULTS (TOP-1 ACCURACY) OF CATEGORY-LEVEL SKETCH BASED IMAGE RETRIEVAL
ON SKETCHY DATASET USING DIFFERENT CROSS-MODALITY METHODS

Methods Top-1 Accuracy
ResNet-101 [33] 0.7434
Deep shape matching [43] 0.7782
DSH [16] 0.7331
GDH [42] 0.7529
Our model Number of landmarks
5 10 15 20 25 30 40 50 Ensemble
only landmarks 0.6203 0.6522 0.6091 0.6388 0.5695 0.6523 0.6272 0.6979 0.7762
landmarks+offsets 0.7308 0.7331 0.7191 0.7013 0.7062 0.6752 0.6656 0.7128 0.8053
landmarks-+diversity 0.6560 0.7076 0.6369 0.7003 0.7217 0.6814 0.6947 0.7265 0.7821
landmarks+offsets+class-aware 0.7450 0.7771 0.7179 0.7640 0.7573 0.7329 0.7682 0.7794 0.8218
Full model (landmarks+offsets+diversity) | 0.7964 | 0.8012 | 0.7947 | 0.7815 | 0.7726 | 0.7443 | 0.7679 | 0.7997 0.8569

Comparisons with state-of-the-art: To conduct the exper-
iments for comparing with the state-of-the-art methods, three
types of training sets are selected with different number of
training samples. The low (8) denotes that we use 8 sketch
images for each category to train our model, the medium (40)
indicates the number of training samples is 40, and the
high (64) implies that the number of training samples is 64.
For the test set, we use the remaining sketch images for
each type. Expected for the Ensemble method, we use the
number of landmarks for our model fixed as 30. Furthermore,
we also report the classification results by combining all
the prediction results based from different number of land-
marks, termed as “our method (Ensemble)”. The state-of-the-
art comparison on TU-Berlin dataset is listed in Table II.
To make a fair comparison, we reimplemented the state-of-the-
art methods [22], [40], [53] based on their descriptions in the
papers, which were then trained based on the same training set.

From the table, we can observe that our model achieves
a new state-of-the-art classification reaching to 82.95% com-
pared to [22], [53] and [40] on TU-Berlin dataset. It is clear
that our model is significantly better than previous meth-
ods. In particular, comparing with [53], the best performing
method in the literature, it is evident that our approach
outperforms [53] by a significant margin. It is worth not-
ing that in [22] the authors introduce a large collection
of real images as context, while our model is using a
much smaller training set to achieve a better performance.
Moreover, comparing with the baseline of ResNet-101, our
proposed model also achieves improvements, which demon-
strates the advantages of our proposed method. However,
the method may degenerate without the diversity regular-
ization. This demonstrate our intuition that the landmarks
would confuse the similar structures belonging to different
categories.

This can be explained as follows: First, different from
existing methods using all the sketch to extract feature rep-
resentation, we propose to extract the discriminative parts for
features. This can be robust to the large variations of sketch
images, especially the styles of painting. Second, the offsets
for each landmark would further help for localizing the latent
semantic parts of the sketch. Last but not least, the diversity
regularization term provides the category-specific structures

for each category, which is useful for developing feature
representations.

E. Sketch Retrieval on Sketchy

In this subsection, we verify the discriminative ability of our
learned feature representations on sketch based image retrieval.
In this experiment, 200 sketches are randomly selected from
each category to form the query set, and 50 sketches are
randomly chosen to construct the validation set, and the
remaining images are used as the training set. Moreover, all
the real images are treated as the gallery images. We set the
number of landmarks as {5, 10, 15, 20, 25, 30, 40, 50}.
To reduce the domain gap, all the real images are preprocessed
with the HED edge detector [57]. Then, the edge map of each
real image is repeated 3 times to develop a 3-channel input.

We implemented and trained the ResNet-101 [32] as the
baseline that takes the 3-channel image as input. To train
this model, the real images are first preprocessed by
the edge detector to achieve their edge maps, which is
repeated 3 times to generate a 3-channel input. Then,
we resize the longest axis of our images to 256 pix-
els and pad the shorter axis with white pixels such that
the input image is 256 x 256. Next, the ResNet-101 net-
work pre-trained on the ILSVRCI12 is employed to initial-
ize the parameters of ResNet-101. Finally, we use the last
fully connected layer of ResNet-101 as feature representa-
tions to compute the similarities between query sketch and
real images. We also introduce four types baselines “only
landmarks”, “landmarks-+offset”, “landmarks-diversity”, and
“landmarks+offsets+class-aware”, which are defined in
Sec. IV-D. Differently, we extract the last fully connected
layer of representative landmarks discovery module is used
as the feature representations. Finally, we use “Full model”
to indicate our whole framework, which uses the feature
representation from two modules. For details, we extract
the last fully connected layer from the landmarks discov-
ery module, and the representations from the category-aware
representation module with max pooling operations. Then,
we concatenate these two representations to develop the final
feature representation. To further demonstrate the advantage
of our model, we also introduce some recent methods on
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Examples of sketch based image retrieval results on the Sketchy dataset. Qualitative comparison with different number of landmarks on the same

query sketch is presented. The red bounding boxes indicates the false positive results.

Fig. 11.
dataset.
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The visualization of our sketch based image retrieval on Sketchy dataset: five example query sketches with their top-20 retrieval results on Sketchy
Red bounding box indicates the false positives.

Tlustration of bad cases of our proposed method with their top-20 retrieval results on Sketchy dataset. The text indicates the category label. And
the green bounding box indicates the correct prediction.

based image retrieval as the baselines, which are Deep We report the top-1 accuracy as shown in Table III.
matching [42], DSH [16] and GDH [41]. To achieve Some qualitative results on the Sketchy dataset are shown
comparison, we have re-implemented those meth- in Figs. 10 and 11. It is clear that the proposed approach

ods by using the same training and testing sample in our is able to generate better retrieval results, which demonstrates
experiments. the effectiveness our proposed model. We believe that this
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is probably because the effective landmarks discovery and
category-specific representation can yield more discriminative
structural representations to bridge the domain gap.

Our proposed method leads to superior results with 85.69%
accuracy, and achieves significant improvements over the
best-performing competing methods. The reason is that our
framework can discover the representative landmarks both
for the sketches and real images, which enables to bridge
the domain gap between the sketches and real images. Fur-
thermore, the diversity representation is able to capture the
category-specific structure features for each category.

There are also some bad cases for our proposed method
as shown in Fig. 12. We can observe that because of the
drawing perspective, the sketch “bicycle” is more similar to
a “motorbike” than a bicycle. While the “bread” and “dog”
are very ambiguous, i.e. hard to determine their category just
based on the sketches. In this case, we need the drawers to
provide more text descriptions or other contextual information
for determining the category.

V. CONCLUSION

In conclusion, we have proposed a novel architecture,
named, landmark-aware network, for weakly supervised sketch
recognition and retrieval. Our model is composed of two
novel modules the representative landmarks discovery mod-
ule and the category-aware representation learning module.
We show that enabling representation model with representa-
tive landmarks and category-aware features, through different
modules, leads to a large performance gain on the task of
sketch classification and sketch based image retrieval. Exper-
iments on TU-Berlin and Sketchy yield promising results
and demonstrate the validity of the proposed landmarks-based
approach. In the future, we will focus on the computational
efficiency of extracting the discriminative feature represen-
tations, which is an essential component for online sketch
retrieval. More interesting directions would involve developing
more complex architectures using our proposed approach to
solve even more challenging vision tasks.
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