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Abstract

Sketch semantic segmentation is a well-explored and piv-
otal problem in computer vision involving the assignment
of pre-defined part labels to individual strokes. This paper
presents ContextSeg— a simple yet highly effective approach
to tackling this problem with two stages. In the first stage,
to better encode the shape and positional information of
strokes, we propose to predict an extra dense distance field
in an autoencoder network to reinforce structural informa-
tion learning. In the second stage, we treat an entire stroke
as a single entity and label a group of strokes within the
same semantic part using an auto-regressive Transformer
with the default attention mechanism. By group-based la-
beling, our method can fully leverage the context informa-
tion when making decisions for the remaining groups of
strokes. Our method achieves the best segmentation ac-
curacy compared with state-of-the-art approaches on two
representative datasets and has been extensively evaluated
demonstrating its superior performance. Additionally, we
offer insights into solving part imbalance in training data
and the preliminary experiment on cross-category training,
which can inspire future research in this field.

1. Introduction

Sketches are widely used as a human-computer interaction
tool. Many studies keep exploring its capabilities in model-
ing [13, 14], retrieval [2, 3] and generation [1, 5]. Among
these tasks, sketch interpretation serves as the foundation.
However, it still remains challenging for computers due to
the inherent ambiguity and sparsity of user sketches [31].
In this paper, we focus on sketch semantic segmentation, an
essential task in finer-level sketch interpretation.

Sketches are typically represented in three data formats,
i.e., the raster image, graph and point sequence. Re-
cently, many learning-based approaches have adopted the
aforementioned sketch representations revealing various ad-
vantages and disadvantages (see the inset table). Specif-
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Figure 1. Given an input sketch, semantic segmentation is to as-
sign labels to strokes based on their semantics so as to form se-
mantic groups. Our method is robust to stroke variations achieving
superior results (e.g., the correctly labeled airplane windows).

ically, image-based methods [16, 35, 36] take raster im-
ages as input, exploiting absolute coordinates to capture the
proximity be-
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poorly in learning
the structural information about strokes and overlook
the sequential relationships between them. Graph-based
methods [29, 31, 34] take graphs as input, which consists of
stroke points as nodes and point connections as edges. The
graph representation also exploits absolute coordinates,
which facilitate proximity learning between strokes but
is challenging to capture the structural information of a
stroke. Sequence-based methods [10, 15, 22, 30] take
as input point sequences, which use relative coordinates
to better encode structural information of individual
strokes. However, they struggle to capture the proximity
relationships and spatial information between strokes.
Nevertheless, stroke structural and positional information
and the proximity relationship between strokes are essential
for sketch interpretation.

Motivated by the observations, we propose ContextSeg,
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a two-stage approach marrying advantages of all three rep-
resentations to capture better structural and positional infor-
mation of each single stroke, and the proximity relationship
between strokes. Specifically, at the stroke level, we treat
an entire stroke instead of the stroke point as a single entity,
represented as a raster image, where the positional infor-
mation can be efficiently extracted by an autoencoder CNN
network. Furthermore, due to the sparsity of stroke pixels,
as well as the large geometric variation of a stroke depicting
the drawing content, it is challenging to encode stroke struc-
tural information only by reconstruction. We thus propose
a novel dense distance field regression task upon recon-
struction, reinforcing structural information learning. At
the sketch level, we treat all strokes within a sketch as a
sequence of images. By augmenting the sequence with po-
sitional information, neural networks can well capture the
proximity between strokes. As for the segmentation task,
we exploit an auto-regressive Transformer, where instead of
labeling one stroke at each time, we select a set of strokes
belonging to the same semantic group at one time. Us-
ing the group-based prediction, context information, e.g.,
strokes possessing a part label and strokes remaining to be
labeled, can be explicitly utilized by the Transformer de-
coder when making decisions for remaining strokes.

To demonstrate the effectiveness of our network, we
have conducted experiments on two representative datasets,
i.e., SPG [15] and CreativeSketch [9]. Experimental results
including comparisons and ablation studies demonstrate our
superior performance.

In summary, our main contributions are threefold:

* We propose a CNN-based network for stroke embedding
learning, which features dense distance field prediction
for capturing the structural information of a stroke.

* We exploit an auto-regressive Transformer network for
segmentation, where we propose to label a group of
strokes at one time fully leveraging context information
leading to our SOTA performance.

e We propose a novel semantic-aware data augmentation
mechanism attempting to address the data imbalance
problem; and in benefitting from our network’s capability
to extract and exploit contextual information, we achieved
significant performance improvement in the challenging
cross-category learning. Both the novel strategy and the
preliminary experiment might inspire future research.

2. Related Work

Sketch Representation. In the field of computer vision,
sketch representation learning has garnered widespread at-
tention. It is a fundamental task in numerous downstream
applications, i.e., sketch-based image retrieval (SBIR) [3,
24], sketch generation [23], and sketch classification [32].
Zhang et al. [32] introduced deep convolutional neural net-

works for learning sketch embedding. The network took
triplets composed of sketches, positive real images, and
negative real images as input to discover coherent visual
structures between the sketch and its positive pairs. Sain
et al. [24] employed a cross-modal VAE to disentangle
sketches into shared semantic content and unique style con-
tents, enhanced with meta-training for dynamic adaptation
to unseen user styles, enabling style-agnostic SBIR. Fur-
thermore, research has been conducted on the generaliza-
tion properties of sketch embedding [1, 9, 17, 21].

Semantic Sketch Segmentation. Compared to previous
works that relied on handcrafted features and complex mod-
els [6, 25, 26], many deep learning-based models have
achieved outstanding performance in sketch semantic seg-
mentation tasks [30, 31, 34]. Based on the data formats
they use, existing methods can be broadly grouped into
three classes: image-based [16, 35, 36], sequence-based
[15, 22, 30], and graph-based [29, 31, 34] methods. Zhu
et al. [35] proposed a dual-CNN approach for sketch seg-
mentation and labeling, employing two networks with dis-
tinct kernel sizes to handle different sketch lengths, while
enhancing performance through the integration of position
and orientation as a triple-channel input using fused masks.
Li et al. [15] proposed a sequence-based encoder-decoder
architecture for sketch semantic segmentation, applying ad-
ditional constraints in the loss function, specifically target-
ing reconstruction and global grouping consistency. Yang
etal. [31] proposed a graph-based network and utilized two
graph convolutional branches to extract the inter-stroke fea-
tures and the intra-stroke features.

Vision Transformer. Other than natural language process-
ing, Transformer [27] has been widely adopted in all kinds
of computer vision tasks, e.g., classification [7, 8], detection
[4], segmentation [19]. Unlike the auto-regressive decod-
ing strategy, Carion et al. [4] proposed parallel decoding,
given the absence of inherent order or sequence informa-
tion between different bounding boxes in object detection
tasks. Transformer was also adopted in the sketch domain,
where Ribeiro et al. [23] encoded free-hand sketches in a
vector format and effectively improved the performance of
sketch-based image retrieval while Li et al. [14] treated
sketch-based CAD modeling as a serializable translation
problem and employed a Transformer-based network for
stroke grouping.

3. Method

Given an input sketch S represented by a sequence of
strokes {s; }, our goal is to segment them into groups based
on their underlying semantics and assign the corresponding
semantic label to the group of strokes. Figure 2 displays an
overview of our method, which consists of two key mod-
ules, i.e., stroke embedding and segmentation Transformer.
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Figure 2. Overview of ContextSeg. Given an input sketch, it is first divided into a sequence of strokes, which are used to train our
stroke embedding network — an autoencoder with an extra distance field output (Sec. 3.1). Then, the learned embeddings are sent to
the segmentation Transformer operating in an auto-regressive manner (Sec. 3.2). The Transformer leverages contextual information,
encompassing previously labeled strokes and remaining strokes, as input for the current step’s stroke labeling.

In what follows, we elaborate on the details.

3.1. Stroke Embedding

We employ a Transformer as our segmentation model,
which accepts embedding vectors. To this end, given a
stroke s;, we first design our embedding learning network
to obtain the corresponding stroke embedding s{. Specifi-
cally, we represent each stroke s; as a binary image I(s;) €
{0,1}256%256 Since we want the learned embedding to en-
code stroke positional information, we thus augment the in-
put image channel with two additional coordinate channels
following the practice in CoordConv [18]. Given the coordi-
nate augmented stroke image, we leverage a 2DCNN-based
autoencoder network as our backbone to extract stroke em-
bedding. Both the encoder E° and decoder D7 consist
of a few 2DCNN layers with varying convolution kernels
and feature dimensions. After the last layer of the encoder,
we flatten the feature to obtain the embedding s{. Note
that, skip-connections are omitted for embedding learning.
Ideally, through minimizing the disparity between the in-
put I(s;) and the reconstructed image D7 (E°(I(s;)), the
trained network excels in reconstructing the input accu-
rately and encoding the stroke effectively with high fidelity.

However, unlike photorealistic images, a sketch is usu-
ally harder to encode due to its sparsity and large variation
of the compositional strokes. For example, some strokes
might be cluttered in a small region due to over-sketching
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Figure 3. Stroke distance field. (a) Given an arbitrary point p in the
image, we calculate the shortest Euclidean distance from p to the
point ¢ on the stroke. (b) The distance curves with three different

k values. (c) Distance field maps of three typical k values.

(see the body of an ant in Fig. 4) and an individual stroke
might exhibit large geometric variations based on the drawn
content (see the wing of the angel in Fig. 5). These chal-
lenges fail the aforementioned baseline embedding network
(Sec. 4.2, ablation study). Consequently, to address these
difficulties, we design a novel distance field regression in
addition to the reconstruction in the autoencoder.

Stroke Distance Field. Since we treat each stroke as an
image I (s;), a natural choice to build the distance field is the
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unsigned distance from arbitrary points in the image to the
stroke. However, with a large region expanding the whole
image into consideration, the structural information of the
stroke is overlooked. We thus propose a novel distance field
(dubbed as D F'®) concentrating only a narrow band around
the stroke, defined over all the points on the image:

. 1
DF?(s:) = 1+ k x ediss; M

where dis§ calculates the shortest Euclidean distance from
a query point p on the image to the stroke s; (Fig. 3(a)),
while £ controls both the width of the narrow band as well
as the decay rate of distance values after leaving the stroke
(Fig. 3(b)). As shown in Fig. 3(c), we experimentally set k
at 0.001, producing a dense field within an appropriate band
and the surrounding values depicting the stroke variation.

The advantages of using DF'® are two-fold. On the one
hand, by only attending the narrow band around the stroke
with a smooth value decay, the structural information of the
stroke is forced to be captured. On the other hand, the dis-
tance function maps any Euclidean distance to [0, 1], which
is easy to be regressed by neural networks.

Network Configuration and Training. We thus augment
the baseline autoencoder with a second decoding branch
(i.e., D5 in Fig. 2) to output a dense distance field respect-
ing the input stroke. To train the embedding network, we
minimize the following loss function:

£em = Erecon + ’Yﬁdisv (2)

where v is a balancing weight, is set at 0.5 empirically.
Lrecons 18 the image reconstruction loss, defined as:

Erecons = Hl(sl) - Dls (ES (I (Si)))Hz’ (3)
and L, is defined as:
Laiw = ||DF* (s;) = DS (BS (1 ()|, @)

For any stroke image I(s;), we first calculate the distance
map DF*(s;) as a pre-processing step (see three examples
in Fig. 3 (c)). After training the network, we simply discard
the two decoders and fix the encoder to obtain the stroke
embedding s¢ = E°(I(s;)).

Embedding of a Group of Strokes. Other than the single
strokes, we also encode a set of strokes corresponding to a
semantic group, which is used in our segmentation Trans-
former. Specifically, suppose g; is a group of strokes, and
1(g;) is the corresponding image. We use all these group
images as extra training data for the aforementioned em-
bedding network training and obtain the group embedding
9§ = E*(I(g;)) as same as for a single stroke.

3.2. Segmentation Transformer

As shown in Fig. 2, our segmentation Transformer is built
upon [27], running in an auto-regressive manner with self-
and cross-attention mechanisms in the encoder E7 and D7
Specifically, given the set of stroke embeddings {s§}, we
first augment them with the sinusoidal positional embed-
ding to help distinguish one from the others. Then, the en-
coder ET takes as input a sequence of augmented stroke
embeddings and applies a few self-attention layers to pro-
duce the set of stroke codes {s;}, which servers as one of
the inputs to the decoder DT,

As for the decoding, we use the auto-regressive scheme,
i.e., when making the decision of the current iteration
step, the context information from the previous predictions
serves as input to the decoder. The auto-regression will stop
until nothing remains to be decided for the current step. In
our case, the context information is the labeled strokes in the
previous steps and the strokes remain to be labeled. In each
decoding iteration, a possible solution is to assign a label to
the current stroke. However, even with context information,
this stroke-based decoding ignores the group information.
Instead, inspired by the Pointer Networks [28], our decoder
outputs a group code g; each time by considering the la-
beled groups of strokes as context, and the group code is
leveraged as a pointer to select strokes belonging to the cur-
rent semantic group by dot product comparison leading to a
group probability. The selection process is defined as:

pl =0 (si-gj), (5)

where (-) is the dot produce, and o is the sigmoid activation.
In practice, when the probability p] is greater than 0.5, we
consider the stroke s; belonging to the j-th group.

Network Training. To train the network, we can simply
minimize the cross-entropy loss [33] applied to a group of
strokes at one time. However, we observe that the training
data has a severe imbalance in terms of the stroke distribu-
tion over all semantic groups, e.g., all the ants have the body
and leg groups, each with many strokes, while only a few
of them have the eye group with one or two strokes. We
thus employ the focal loss to train our segmentation Trans-
former, defined as:

Loy = Z Z —1y,eq, (1 _ pg)v log (pf)
95 Si ©
_ (1 _ ]187',69;') (pg)vlog (1 *Pg) )

where 1 is the indicator function, and + is the focusing pa-
rameter (2.0 in our case) in the modulating factor.

4. Experiments

In what follows, we present visual and statistical evaluations
and provide implementation details in the supplementary.
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Figure 4. Visual comparison with three competitors on the SPG and the CreativeSketch datasets.

Datasets. Following existing work, we use both the
SPG [15] and CreativeSketch [9] (dubbed as CS) datasets in
this paper. Specifically, the SPG dataset contains sketches
from 25 categories, each with 800 sketches. As in [15, 31],
we use the same 20 selected categories and employ the same
data splitting as described in [30], i.e., 700 sketches for
training, 100 sketches for testing. We use all the training
data from 20 categories for the embedding network train-
ing, while the segmentation Transformer is trained per cat-
egory. As described in Sec. 3.1, we collected both single
strokes and groups of strokes to train the embedding net-
work. As for the CS dataset, it consists of 2 categories with
much more complex sketches forming 8 and 17 semantic
parts, respectively. We then randomly select 3000 sketches
from each category with a 2500-500 training and testing
split. Similarly, we use all 5000 sketches from both cate-
gories to train the embedding networks, while training the
segmentation Transformer per category. All the sketches
are scaled to fit into 256 x 256 images.

Evaluation Metrics. We have adopted three metrics [11,
14, 30] to evaluate performance, i.e., stroke accuracy
(SAcc), grouping accuracy (GAcc) and component accu-
racy (CAcc), and their definitions can be found in the sup-
plementary. Intuitively, stroke accuracy provides a fine-
grained evaluation inspecting each stroke, while both the
grouping accuracy and component accuracy quantify the
semantic-based accuracy of all strokes. Compared with

GAcc, CAcc is more vulnerable to the long tail problem
regarding the stroke distribution over semantic groups.

4.1. Comparison

We compare our approach with three SOTA methods, i.e.,
SPGSeg [15], SketchGNN [31] and Sketch-Segformer [34].
All three methods are trained from scratch using their de-
fault parameters on our dataset. In the following, we intro-
duce the quantitative and qualitative results.

Quantitative comparisons are shown in Tab. 1, wherein
we obtain the best average and per-category results (ex-
cept for the face category) over all three metrics on both
the SPG and CS datasets. Specifically, in terms of compo-
nent accuracy, our approach achieved notable advancements
of 1.4%, 1.7%, and 18.7% compared to Sketch-Segformer,
SketchGNN, and SPGSeg, respectively, on the SPG dataset.
Also, on the more challenging CS dataset, substantial im-
provements in component accuracy were observed, reach-
ing 11.9%, 13.3%, and 22.9% in comparison to Sketch-
Segformer, SketchGNN, and SPGSeg, respectively. Re-
garding the face category, our method demonstrates com-
parable accuracies, albeit slightly lower. This outcome
is attributed to the presence of highly overlapped strokes,
particularly representing hairs and eyes, which pose chal-
lenges to precise embedding learning and subsequently im-
pact grouping predictions. In Fig. 4, qualitative results are
showcased, illustrating our method’s capability to success-
fully identify strokes delineating intricate semantic details.
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Table 1. Statistical comparison with SOTA methods on the SPG and CreativeSketch datasets, all three metrics are reported.

Categor SPGSeg[15] SketchGNN[31] Sketch-Segformer[34] Ours

sory SAcc  GAcc  CAcc | SAcc  GAcc  CAcc | SAce  GAce  CAcc | SAce  GAce  CAce

Airplane 72.1 85.9 70.1 91.1 94.3 86.2 92.4 94.4 87.4 93.2 94.9 89.5

Alarm clock 82.4 89.5 73.5 95.9 97.1 91.0 95.7 96.4 90.6 96.3 97.6 93.3

Ambulance 69.3 84.6 61.6 90.6 94.8 81.9 91.4 95.1 82.3 92.2 95.6 86.0

Ant 58.9 854 51.5 91.4 95.4 82.1 92.7 95.9 82.4 94.8 96.2 86.1

Apple 75.9 83.9 69.5 91.1 94.1 89.5 92.5 94.6 90.1 94.2 94.9 92.7

Backpack 64.8 84.6 59.5 84.1 93.5 79.3 85.3 93.7 80.4 87.8 94.5 83.9

Basket 83.1 86.5 73.9 95.9 97.4 93.9 96.7 96.8 93.5 97.8 98.0 94.2

Butterfly 824 87.5 79.5 97.9 98.1 96.1 97.7 97.9 95.9 98.8 98.6 96.5

Cactus 76.7 89.9 75.4 95.2 97.3 93.3 96.1 97.4 93.4 96.9 97.7 93.8

o Calculator 88.7 90.5 77.4 98.4 98.3 97.2 98.5 98.3 97.1 99.2 98.7 97.5

53 Campfire 90.2 932 79.5 95.3 96.6 92.5 96.7 96.8 92.7 97.1 97.1 92.8

Candle 74.9 87.6 65.9 97.6 98.1 95.8 98.1 98.3 95.9 98.7 98.5 96.0

Coffee cup 86.6 88.9 83.6 97.8 98.4 94.5 98.3 98.6 94.7 98.9 98.8 94.7

Crab 71.3 84.9 69.3 94.0 95.8 87.9 93.9 96.4 89.9 95.6 96.4 91.4

Duck 74.2 83.5 68.5 96.3 97.3 90.6 96.1 96.1 90.2 97.3 97.8 93.0

Face 81.9 87.5 83.6 96.2 98.2 94.3 97.2 98.6 94.9 96.4 98.4 94.8

Ice cream 80.5 86.9 88.4 94.5 95.6 91.0 94.4 95.6 90.9 95.9 96.5 92.4

Pig 77.9 83.7 74.9 96.3 98.1 94.9 96.1 98.2 94.8 97.8 98.8 95.6

Pineapple 91.5 92.7 85.6 95.2 96.2 91.0 96.3 96.7 91.6 97.3 97.0 92.5

Suitcase 91.9 93.1 87.6 96.4 97.8 95.1 97.3 98.3 95.6 97.6 98.6 95.9

Average 78.8 87.5 73.9 94.6 96.6 90.9 95.2 96.7 91.2 96.2 97.2 92.6

Birds 56.4 81.5 37.2 67.4 85.3 43.4 68.7 86.5 45.0 70.2 89.3 65.8

8 Creatures 37.8 76.5 28.5 46.6 80.4 41.6 47.2 81.3 42.7 50.1 85.6 458

Average 47.1 79.0 329 57.0 82.9 42.5 58.0 83.9 439 60.2 87.5 55.8

Table 2. Quantitative results of our ablation study on the SPG dataset.
Method Airplane Calculator Face Ice cream Average
etho

SAcc GAcc CAcc | SAcc GAcc CAcc | SAcc GAcc CAcc | SAcc  GAcc CAcc | SAcc  GAcc CAcc

Sketchformer-Seg | 76.4  84.6  64.7 82.5 87.5 784 | 754 842  69.1 717.3 854  62.1 7719 854 68.6
Ours w/o CC 85.6 875 824 | 91.1 92.1 89.2 | 91.7 903 87.3 87.9  90.1 86.4 | 89.1 90.0 86.3
Ours w/o DF 909 924 86.5 | 96.7 97.1 945 | 946 95.1 923 | 934 945 90.4 | 939 948 90.9
Ours-PD 91.1 92.5 86.8 | 972 978 95.1 953 962  93.1 94.1 95.3 91.2 | 944 955 91.6
Ours 932 949 895 | 992 987 975 | 964 984 948 | 959 965 924 | 962 97.1 93.6

Notably, it accurately captures elements such as clock num-
bers, as well as the wings and tail of a bird. More analysis
and failure cases can be found in the supplementary.

4.2. Ablation Study

Stroke Embedding. We modify the stroke embedding

module, leading to three alternative embedding networks:

o Sketchformer [23] - replace our whole embedding net-
work with Sketchformer.

* w/o CC - remove the coordinate channels of our embed-
ding network.

* w/o DF - remove the distance field regression decoder.
We train all three networks using our datasets from

scratch until convergence. To understand the performance,

we first inspect the embedding ability by comparing the re-

constructed sketch. As shown in Fig. 5, given the input

sketch, Sketchformer can reconstruct a clean but simplified

sketch, i.e., the reconstruction either misses a few strokes

(e.g., the fingers) or has strokes with inadequate variation

(e.g., the wing of the angel). Without the coordinate chan-
nels (w/o CC) or the distance regression branch (w/o DF),
the reconstructed sketch exhibits a significant blur, hard to
recognize. Instead, our reconstruction almost recovers the
input with only a few artifacts when the strokes are cluttered
(e.g., the texture of the pineapple or bag), which indicates
the higher fidelity of our learned embedding.

To further examine the segmentation performance with
specific embeddings, we link the three embedding vari-
ants with our segmentation Transformer (denoted as
Sketchformer-Seg, Ours w/o CC, and Ours w/o DF, re-
spectively), and train them on four typical categories
(i.e., Airplane, Calculator, Face, and Ice cream) from
the SPG dataset. Statistical results are shown in Tab. 2.
Sketchformer-Seg obtained the worst segmentation results
due to the under-representation of its embedding. Com-
pared with Ours, the learned embeddings from w/o CC and
w/o DF significantly suppress the segmentation ability.

Parallel Decoding. Other than the used auto-regressive de-

3684



NG

Sketch
former

) 3% _
S Q‘} £ 5
E e

wi/o DF
A
-~
~Jy
==
Var §
<
g

Ours

% E oD

Y Wi
) e (0

s g””‘

i

@ (

‘i‘éo e O
& Q) U W

Figure 5. Sketch reconstruction results of our ablation study on different stroke embedding networks.

coding, the parallel decoding scheme is frequently used in
Transformer training and testing. Following [4], we thus
change our auto-regressive decoding to the parallel decod-
ing scheme (denoted as Ours-PD) and report the evalua-
tion metrics in Tab. 2. The learned decoder input embed-
dings cannot explicitly access the context information, thus
leading to notable performance degradation (e.g., 93.6% vs.
91.6% of the average CAcc).

Additional Ablation Study. We have conducted more ex-
periments on a) positional encoding of strokes and b) dis-
tance field-only decoding in the embedding learning, c)
stroke-based auto-regressive decoding, and d) the group or-
der in auto-regressive decoding, more results statistical and
visual results can be found from the supplementary.

5. Discussion
5.1. Cross-Category Semantic Segmentation

For sketch semantic segmentation, cross-category training
is challenging due to the diversity of training data cate-
gories. However, we hypothesize that if different categories
have semantically, geometrically, and positionally similar
parts, they should be mutually helpful to each other, and our
segmentation Transformer excels at learning such contex-
tual information thus benefiting from cross-category train-
ing. To verify this point, we conducted a preliminary exper-
iment by manually selecting five categories - crab, ant, but-
terfly, airplane, and pig as the combined training data. After
collecting all the parts, we merge the eye, mouth, nose, and
ear into a single part — “face” because these parts all se-
mantically and positionally compose the face part, and their
stroke frequencies are low. Thus, we use nine parts, i.e., pli-
ers, body, legs, head, tentacle, wings, tail, window, and face
in the combined dataset.

After training the network, statistical evaluation is re-
ported in Tab. 3, where clear improvements (green color)
can be seen from all five categories, especially the ant face
category with a remarkable 13.1% improvement, validating
the superiority of our method in detecting and exploiting
contextual information and the feasibility of cross-category
training. Performance degradation is observed from the face
and pliers parts of the crab, and the tail wing part of the air-
plane. Because these parts are only semantically but not
positionally or geometrically similar to others, for example,
the eyes of some crabs are out of the head, and the tail of an
airplane has more complex patterns (e.g., triangles) than a
simple curved tail. Qualitative results are presented in Fig. 6
with clear visual improvements consistent with statistics.

5.2. Sementic-aware Data Augmentation

In the SGP dataset, there is a significant imbalance in terms
of the stroke distribution over different parts within certain
categories. For example, in the “ant” category, the strokes
for the eye” part account for only 3.2% of all strokes, and
the stroke accuracy for this part is also notably low at 69.3%
even with the focal loss. We thus propose a novel semantic-
aware data augmentation by copying and pasting. Specif-
ically, as shown in Fig. 7, we select the “ant” and “ambu-
lance” categories as the playground since they exhibit the
aforementioned imbalance (see Tab. 4, the before column).
We first divide the training examples into two sets with or
without the “eye,mouth” part, denoted as A and B. We then
randomly select a template example from A and copy the
interested part to B based on the semantic constraints, e.g.,
the “eye,mouth” part must appear inside the head. Scaling
is necessary to fit the added part to target examples in set
B. Additionally, we introduce part-level rotation and off-
set perturbations to further improve the diversity. By copy-
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Table 3. The statistical comparison before and after the cross-category training on SAcc.

Ant Crab Pig Butterfly Airplane
Part before after change Part before after change Part before after change Part before after change Part before after change
Face 693 824 +13.1 Face 834 881 -0.3 Face 96.0 964  +04 Body 984 986 +02 Body 952 959 +0.7
Head 91.7 928  +l.1 Body 95.1 962  +l1.1 Head 976 983  +0.7 | Tentacle | 98.6  99.1 +0.5 | Frontwings | 963 96.7  +0.4
Tentacle | 88.7 91.8  +3.1 Legs 969 973  +04 Body 939 950  +l.1 Wings 99.3 994  +0.1 Windows 850 864 +14
Body 959 964  +05 Pliers 96.4  96.1 -0.3 Legs 985 987 +02 Tail wings 87.1 848 -23
Legs 962 965  +0.3 Tails 96.7 989 422
Average | 884  92.0 +3.6 | Average | 942 944  +0.2 | Average | 965 975  +1.0 | Average | 98.8 99.0 +0.2 Average 909 91.0  +0.1
Ant Crab Pig Butterfly Airplane
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Figure 6. Visual segmentation results before and after cross-category training.

Table 4. The statistical evaluation of each part before and after
using the semantic-aware data augmentation on SAcc.

Ant Ambulance

Part before after change Part before after change
Eye,mouth 69.3 89.1 +19.8 Bell 97.5 97.4 -0.1
Head 91.7 919  +0.2 Body 975 979 +04
Tentacle 88.7 888 +0.1 Windows | 58.6 762 +17.6
Body 959 958 -0.1 Cross 97.1  96.8 -0.3
Legs 962 969  +0.7 Wheels 948 961 +13
Average 88.4 925  +4.1 Average 89.1 929  +38

' N (
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Figure 7. Given the eye of a template ant or a window of a template
ambulance, we copy that part and paste it into the target sketches
based on semantic constraints.

ing and pasting the rare part, we improve its occurrence to
around 50% in the whole category. For the ambulance, a
similar process is applied to the “window” part.

We use the augmented data to train our segmentation net-
work. Statistical results are presented in Tab. 4, where re-
markable improvements of the “eye,mouth” and “window”
parts are observed, indicating the efficiency of the semantic-
aware data augmentation. Visual results shown in Fig. 8
support the statistical observation.

5.3. Invariance Test

Following [31, 34], we also conducted invariance tests in
terms of anti-rotation and anti-offset. As shown in Tab. 6

face ® tail ® wings e windows
) o 4 =
& 00" "o— ‘e
f\ e v,
e ol chatal/ aNa:
< 0—0 Oo—70 0—0
o FaX pras e
25 RO B0 %) ) o2
oF 0—0 O 0] 0—0
e head e body legs e bell cross body
® tentacle eye, mouth e windows e wheels

Figure 8. Visual results of the semantic segmentation with the
novel data augmentation.

in the supplementary, our performance drops when increas-
ing the rotation angle and the offset distance of the test-
ing examples, but we still obtain superior accuracy than
SketchGNN [31] and Sketch-Segformer [34], which indi-
cates the excellent robustness of our approach. See the sup-
plementary for detailed configuration and results.

6. Conclusion

In this paper, we proposed ContextSeg, for sketch seman-
tic segmentation, achieving the best segmentation accu-
racy over SOTA methods. Comprehensive evaluations val-
idate our superior performance, and preliminary experi-
ments on cross-category training and semantic-aware data
augmentation suggest inspiring research directions. How-
ever, our embedding network is not perfect and cannot en-
code strokes with rapid and large variations, while our seg-
mentation Transformer fails to label strokes that are highly
cluttered, e.g., the hairs and eyelashes.
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