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Sketch Beautification: Learning Part
Beautification and Structure Refinement for
Sketches of Man-made Obijects

Deng Yu, Manfred Lau*, Lin Gao, and Hongbo Fu*

Abstract—We present a novel freehand sketch beautification method, which takes as input a freely drawn sketch of a man-made
object and automatically beautifies it both geometrically and structurally. Beautifying a sketch is challenging because of its highly
abstract and heavily diverse drawing manner. Existing methods are usually confined to their limited training samples and thus cannot
beautify freely drawn sketches with both geometric and structural variations. To address this challenge, we adopt a divide-and-combine
strategy. Specifically, we first parse an input sketch into semantic components, beautify individual components by a learned part
beautification module based on part-level implicit manifolds, and then reassemble the beautified components through a structure
beautification module. With this strategy, our method can go beyond the training samples and handle novel freehand sketches. We
demonstrate the effectiveness of our system with extensive experiments and a perceptual study.

Index Terms—sketch beautification, sketch implicit representation, sketch assembly.

1 INTRODUCTION

KETCHING is a universal and intuitive tool for humans
S to render and interpret the visual world. Even if sketches
are usually drawn in an imprecise and abstract format,
human viewers can still implicitly beautify them and easily
envision their underlying objects. But for machines, exist-
ing computer algorithms [1], [2] are struggling to make
use of these freely drawn sketches directly, in particu-
lar, the sketches created for depicting man-made objects
with diverse geometry and non-trivial topology. Although
the beautification problem has been studied for decades,
ranging from the primitives of sketched geometric objects
[3] to strokes in handwritings [4], systematic analysis of
beautifying sketches for man-made objects has rarely been
studied. The key challenge here is how to instantiate poorly
drawn conceptual geometries and refine imprecise struc-
tures simultaneously. Addressing the beautification problem
of man-made object sketches can inspire and facilitate var-
ious downstream sketch-based applications such as sketch-
based modeling [1], [5], [6], sketch-based retrieval [7], [8],
and other sketch understanding tasks [9].

As sketches are widely utilized in manufacture design-
ing [10], [11], [12], animation drafting [13], [14] and HCI
(Human-Computer Interaction) [15], many algorithms have
been presented to process freely drawn sketches targeting
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vectorization [16], rough sketch cleanup [14], and simplifi-
cation [17], [18]. These methods are common in two places:
first, they usually produce more local modifications on input
sketches, and seldom consider or touch the global struc-
tures; also, the input of these methods is nearly ready-to-
use sketches with perfect strokes that are straight, mutually
parallel or curved with perpendicular angles. Hence, the
aforementioned approaches are inapplicable to our task of
beautifying the artifacts in the man-made object sketches
with diverse local distortion and global inconsistency. As
for the drawing assistance to the overall structures, prior
approaches [19], [20], [21] are mainly designed in a heuristic
and interactive way that provides a holistic scaffold or
shadow guidance, and updates their guidance based on
drawn strokes during the drawing process. Alternatively,
FiSer et al. [22] proposed a rule-based stroke beautification
approach, which, however, is still conditioned on the former
strokes and confined to the stroke sequences. Therefore,
these methods cannot be applied as post-processing to the
existing hand-drawn sketches without the drawing order of
individual strokes.

We observe that the traditional data-driven methods
[14], [23] usually lack robustness and fail to produce satisfac-
tory beautification results for freely drawn sketches of man-
made objects, especially when the inputs are created with
large variations. This is because their trained inference mod-
els are heavily confined to the limited training samples. We
are largely inspired by CompoNet [24], which transcends
the bound of the empirical distribution of the observed
data and enriches the distribution diversity of generated
samples by learning both novel part synthesis and plausible
part compositions. Different from their generation task that
tries to synthesize infinite outputs from finite inputs, our
beautification task can be regarded as the reverse process
that aims to beautify the infinite freehand inputs to the finite
outputs.
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Fig. 1. We present a novel technique for beautifying freehand sketches of man-made objects. Each triplet contains an input sketch (left), the sketch
after part beautification (middle), and the final result after structure refinement (right).

In this work, we treat a sketched object as a combi-
nation of part sketches and further transform the sketch
beautification problem into two sub-problems: part sketch
beautification and global structure beautification. Given a
freehand input sketch, we expect to beautify the local geom-
etry defects in the part beautification module and address
the overall structure issues in the structure beautification
module. To better instantiate the user’s conceptual sketches,
we make several strict constraints for this task. First, during
the process of part beautification, one should follow the
user’s original drawing intention as much as possible. In our
algorithm, we regard this constraint as: (i) The endpoints
of the strokes in the beautified result should be as close
as possible to those in the user’s original sketch; (ii) The
curvature of the strokes in the beautified result should be as
close as possible to its beautification reference (see Figure 7).
Second, during the process of structure beautification, one
should maintain the user’s original structure as much as
possible. Therefore, directly replacing the user’s input part
sketch with a better part sketch retrieved from the database
is not considered in our method. In addition, we do not
aim for large transformations and structural (e.g.,
scaling beyond 0.8 ~ 1.2 times or translating beyond —3 to 3
pixels on the individual parts of a sketch), and we perform
smaller refinements on the input sketch in terms of both
geometry and structure (see Figure 1).

In the part beautification stage, we argue that existing
deep sketch representations (i.e., CNN features from raster-
ized pixel maps [25] or RNN features from stroke sequences
[26]) are insufficient to perform beautification on users’ con-
ceptual freehand sketches, as shown in Figure 2. CNN rep-
resentations are widely utilized in natural image synthesis
and can easily generate plausible and novel samples by in-
terpolating existing images [27] or the disentangled seman-
tic attributes [28]. However, different from natural images,
sketches are usually too sparse with few valid elements
or points that cannot be smoothly interpolated with CNN
representations (see the comparison of sketch interpolation
in Figure 2). As for RNN representations, existing methods
cannot guarantee a precise reconstruction of input sketches
(see the comparison of sketch reconstruction in Figure 2), not
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Fig. 2. Sketch interpolation based on CNN (a), CNN after binarization
with the threshold of 0.5 (b), and our implicit representation (c), and
reconstruction with different representations (d). Please zoom in to
examine the details, e.g., blurry and diffusion artifacts surrounding the
interpolated strokes based on CNN (a), as well as broken strokes and
missing points with CNN after binarization (b).

to mention the more challenging interpolation task. In this
paper, we propose a novel implicit sketch representation,
which is not only able to represent sketches effectively but
also can construct a continuous and smooth manifold to
synthesize and instantiate users” conceptual drawings by
interpolating the existing sketches.

In the structure beautification stage, to simulate the
structural errors that exist in the user’s input sketches, we
apply random affine transformations to the ground-truth
sketches in our training dataset and enforce our designed
sketch assembly model to learn these transformations be-
tween the transformed part sketches and their ground truth
counterparts. Then, simply feeding the input sketches to our
sketch assembly model usually causes learning oscillation
and failures in model convergence due to the sparsity of
the input sketches. To address this issue, we use part-level
bounding boxes to enhance the spatial feature of the sepa-
rate part sketches, where the part bounding boxes (Figure 8
(e)) are used to specify the spatial location of individual part
sketches and the spatial relationship between different part
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sketches in a user’s drawing. We propose an IOU (intersec-
tion over union) metric which uses the overlapping between
the bounding boxes of transformed part sketches and their
corresponding part ground truth to further evaluate the
performance of the sketch assembly model.

Training our beautification framework requires a con-
siderably large amount of part-annotated sketch data. Con-
sidering the limited training sketches, we collect a novel
training dataset of part-labeled sketches by rendering the
edge maps with the semantic labels under the best view
[29] from the existing 3D shape repositories, i.e., PartNet
[30], SDM-Net [31], and COSEG dataset [32]. We evaluate
the beautification results in terms of faithfulness to the input
sketch and the beautification quality. Intuitively, faithfulness
can be evaluated quantitatively and via a user study, while
the beautification quality can only be evaluated via a user
study due to its subjectiveness. In this work, we perform
a quantitative evaluation on faithfulness and a perceptual
study on beautification quality to interpret the performance
of sketch beautification methods more comprehensively.

Our contributions in this work are:

e We introduce a novel beautification framework for
sketches of man-made objects, which consists of a
part beautification module and a structure beautifi-
cation module.

e We propose a novel sketch implicit representation
that can represent sketches effectively. Converting
the input freehand sketches to implicit representa-
tions is the primary and essential step in our part
beautification stage. To the best of our knowledge,
we are the first to represent sketches with implicit
functions.

e We design a novel sketch assembly model to learn
the spatial transformations for the sparse representa-
tions to achieve structure beautification.

e We collect a large-scale part-labeled sketch dataset
consisting of 17,172 sketches spanning 9 object cat-
egories. We will release the data and code to the
research community.

2 RELATED WORK

In this section, we review the previous approaches that
are closely related to our work in these categories: sketch
beautification, sketch representations, and implicit represen-
tations.

2.1 Sketch Beautification

In the past decades, numerous algorithms were proposed
to beautify freehand drawings. The earliest algorithmic
beautification method with aesthetic constraints dates back
to SketchPad [33]. Later, Pavlidis and Van Wyk [34] pro-
posed an algorithm for beautifying figures as a post-process.
Igarashi et al. [35] presented a system for rapid geometric
design that beautified strokes in an interactive way. Re-
cently, great strides have been made in the sketch simpli-
fication [17], [18], rough sketch cleanup [14] and sketch
vectorization [16]. Since these methods do not attempt to
change or beautify the global structure of input sketches,
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we do not conduct a detailed review here. We refer the
interested readers to [36] for an insightful survey.

The more related works are iCanDraw [20], Shadow-
Draw [21], and ShipShape [22]. iCanDraw and Shadow-
Draw can output a sketch with a reasonable layout and more
realistic details by providing reference scaffolds or shadow
layouts for users. However, as discussed before, limited by
their heuristic and iterative settings during drawing, they
cannot beautify the existing sketches. For ShipShape, this
method only performed a curve-level beautification in an
interactive way by enforcing some geometric constraints to
the afterwards curves based on the previous strokes, such as
symmetry, reflection, and arc fitting. These constraints are
difficult to apply to the existing sketches in practice with-
out knowing the drawing order of the component strokes.
Besides, during its beautification process, extra efforts from
users on the structure adjustment are still needed. Instead,
we study the part-level beautification since the part labels
are more accessible with existing segment approaches [37],
[38], [39] or user-specified annotations. We further reduce
user labors with our sketch assembly model by performing
structure beautification automatically.

A similar beautification problem was also explored in
EZ-Sketching, where Su et al. [40] proposed a three-level
optimization framework to beautify a sketch traced over
an image. Their beautification process heavily relies on
the image being traced, which is missing in our task. In
DeepFaceDrawing, Chen et al. [41] presented a robust por-
trait image synthesis method, which can handle rough or
incomplete sketches as input. By decomposing a face sketch
into face components and projecting the face component
sketches to the component-level sketch manifolds, the input
freehand sketches can be implicitly refined for generating
photo-realistic face images. As the layouts or structures
of human portraits are almost fixed, their approach is not
suitable for our beautification task. To handle the diverse
structure of sketched man-made objects, we propose a novel
sketch assembly module, as inspired by [24].

2.2 Sketch Representations

A sketch is generally represented as either a rasterized
binary-pixel map [42] or vector sequences [26], [43], or both
[44]. Since the sketch datasets TU-berlin [45] and Quickdraw
[26] were introduced, the research community has seen
many works in sketch understanding. For example, Yu et al.
[25] proposed a multi-scale and multi-channel CNN frame-
work with a larger kernel size for sparse raster sketches. Ha
and Erc [26] introduced a sequence-to-sequence variational
auto-encoder with the bidirectional RNN backbone for vec-
torized sketches. Later, the CNN and RNN representations
[46], [47] were combined to better represent sketches in their
retrieval and recognition tasks, respectively. Most of the sub-
sequent works [44], [48] basically inherited and employed
the off-the-shelf backbones for the specified tasks. However,
since the CNN-based representations are designed to learn
the distribution of all the pixels in the 2D image space
rather than the solo valid points on strokes, they tend to
generate broken segments with shadow effects (Figure 2
(a) and (b)) during the interpolation process. The RNN-
based representations failed to reconstruct input sketches
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Fig. 3. System pipeline of sketch beautification. For an input sketch (a), we first parse it to individual part sketches (b), and then synthesize the
corresponding part references (c) by retrieval and interpolation. After performing geometry beautification on the part sketches (b) towards part
references (c), we obtain the new part sketches (d) with well-beautified geometry (see geometry differences between (b) and (d)). During the stage
of structure beautification, we adjust the imperfect structure (notice the misalignment of chair arms) of the intermediate output (e) with the help
of part-level bounding boxes (e) and generate the final beautified sketch (f). Different colors in beautified part sketches (d) indicate the different
strokes. The colorful bounding boxes (e) denote the scales and spatial locations of different part sketches in the image space (256 x 256).

with vector sequences precisely (Figure 2 (d)). Alternatively,
Sketchformer [43] proposed a transformer-based represen-
tation for encoding a freehand sketch input in a vector
form. Despite its success in generating more plausible sketch
interpolation compared to RNN-based representations, this
method still fails to faithfully reconstruct complicated part
sketches (e.g., chair legs) and tends to produce shifting
issues during interpolation due to their stored relative po-
sition for sketch points in their vectorized format of input
sketches. Therefore, we turn to implicit functions to better
represent part sketches in this work.
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Recently, implicit functions have attracted extensive atten-
tion in the research community [49], [50], [51], [52], [53],
[54], since they can represent 3D shapes in a continuous
and smooth implicit field. Existing implicit representations
typically used a spatial function to represent a shape by
mapping the inside and outside points distinguishably. In
DeepSDF, Park et al. [52] utilized a signed distance function
(SDF) to represent a watertight shape in 3D space where
inside and outside points are respectively mapped to neg-
ative and positive values, and the underlying surface is
implicitly represented by a zero-crossing surface. Similarly,
Mescheder et al. [53] represented a target shape with a
continuous occupancy function, indicating the probability
of points being occupied by a shape. However, different
from watertight 3D shapes, sketches are often created with
no concept of inside or outside and are usually too sparse
with limited valid points or pixels in the 2D image space.
Hence, the aforementioned implicit representations cannot
be directly applied to the part sketches. To address this issue,
we design an intuitive 2D implicit function (we call it a
hit function) for part sketches, where we map all sampled
points of a canonical 2D space to two exclusive statuses:
whether its projection to the image space of the part sketch
hits the stroke or not (see Figure 5).

Implicit Representations
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Fig. 4. Our sketching interface.

3 METHODOLOGY

In this paper, we mainly focus on freehand sketches created
for man-made objects that can be segmented into parts. We
treat this kind of sketches as a combination of individual
part sketches, since 3D man-made objects often consist of se-
mantically meaningful parts [55], [56], [57]. Our framework
for sketch beautification is illustrated in Figure 3. We first
parse an input freehand sketch depicting a man-made object
like a chair to part-level sketches, and then beautify the
individual part sketches in the part beautification module.
In this module, we construct an implicit manifold for each
part. For each part, we can search and the
geometry features from its key neighbors in this manifold
for geometry beautification. ” the geometry
features happens in the linear interpolation (Section 3.2.2)
and part geometry beautification (Section 3.2.3). Finally, the
beautified part sketches are recomposed as the final beauti-
fied sketch by our sketch assembly model, which performs
the structure beautification task.
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3.1 Sketching Interface

Our algorithm requires semantic segmentation of an input
sketch. Sketch segmentation can be done automatically, as
demonstrated in previous works [37], [38], [39]. However,
for simplicity, we design a simple interface (Figure 4) for
users to interactively provide part-level semantic infor-
mation while sketching. The key enablers of this system
are the part beautification component and the structure
beautification component. Once activated on the interface
(through “Part Beautification” and “Structure Beautifica-
tion” buttons), the two functions will run in the background
and beautify the user’s input automatically after the user
finishes one complete sketch. We provide more details of
the mechanism of these two functions in Sections 3.2 and
3.3.

Before sketching, a user first needs to select a target
object category from one of our prepared nine classes (e.g.,
airplane, chair, table). Our interface then shows the cor-
responding set of part labels. It also provides part-level
shadows to provide initial geometry and structure guidance,
similar to ShadowDraw [21]. Unlike ShadowDraw, we do
not update the underlying shadows dynamically during the
drawing process since we hope to give more freedom to
users and not influence them too much. In this interface, we
provide several basic drawing tools for users to amend their
drawings, such as clear, undo, redo, etc. By clicking on a part
label (e.g., airplane engine), the strokes drawn afterwards
will be labeled with the selected label automatically. In
this way, we obtain a freehand sketch with well-segmented
parts. Note that our system saves each drawn sketch in both
raster and vector graphics formats. For a better drawing
experience, our interface supports the drawing of strokes
with varying thicknesses. However, such strokes are pre-
processed by extracting the skeletons [58] from the user’s
sketch input to have one-pixel width for further processing.
Note that we utilize the “skeletonize” operation for real-
time processing of freehand sketches when implementing
our sketching interface, rather than directly rasterizing the
recorded vectorized stroke sequences since the latter’s per-
formance highly depends on the number of input strokes.

3.2 Part Beautification

Given a rasterized freehand sketch with part annotations,
we treat its component sketches separately and beautify
them individually in the corresponding part-level implicit
manifolds. Different from CNN representations created for
the dense and high-frequency RGB pixels, our novel im-
plicit representation works for the low-frequency and sparse
sketched points in the 2D image space. Existing implicit
representations are not suitable for our sketch points in
the 2D space, since a 2D sketch is a kind of more discrete
representation having no inside and outside spaces and
occupying no continuous regions compared with the closed
3D shapes. We thus design our own sketch implicit repre-
sentation where we first sample points from a 2D canonical
space. We then project these points to the same-size image
space of sketches and record whether these points could
hit any stroke of a sketch. Finally, a discrete sketch can be
represented by the sampled points (hitting sketches) of this
continuous 2D canonical field implicitly (see Figure 5).
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Fig. 5. lllustration of our pipeline for learning a sketch implicit represen-
tation.

3.2.1 Sketch Implicit Representation

An implicit field is typically defined by a continuous func-
tion over 2D/3D space. In this work, we take a sketch as an
implicit function (hit function) defined over the continuous

coordinates P in a 2D canonical space, as given in Equation

1.
1 ’s projection hits a stroke

H(p):{’ Ps pro) SR )
Here, we define the valid points (those projections that hit
a stroke in a sketch) as 1, and the invalid points (those
projections that hit the empty background) as 0. The un-
derlying sketch is represented by the points with positive
values, that is H(-) = 1, similar to the zero-isosurface
points in 3D implicit representations. We then employ a
neural network fy to approximate the implicit function
H(p) as fp(p). Inspired by [54], where Chen and Zhang
proposed an implicit decoder (IM-NET) to map a shape
feature vector and a point coordinate to a value indicating
the inside/outside status of a point relative to the shape, we
adapt IM-NET to our sketch implicit function to indicate
the status (hits a stroke or not) of a sampled 2D point
(from the 2D canonical space) concatenated with a feature
code z of an input sketch (see Figure 5). As for the sketch
encoder, we design a CNN encoder (see the supplemental
materials) to extract the feature code z from the input sketch.
Conditioned on the feature code, the implicit function can
be further formulated as fy(z, p).

Here, we adopt Multi-layer Perceptrons (MLPs) with
rectified linear unit (ReLU) as the implicit function fy. To
represent part sketches in a uniform 2D space, we center-
crop and resize all the part sketches to a 128 x 128 scale.
We illustrate the model for learning our sketch implicit
representation in Figure 5. The part sample is first encoded
to a 512D feature code and then a sampled 2D coordinate
is concatenated with the feature code as the input to the
implicit model. After the model converges, an input (part)
sketch can be represented as the implicit representation z
and interpreted back to the 2D image space by sampling
points to fo.

Loss function. We use a mean squared error between
ground truth labels and predicted labels for each point as
the loss function for training sketch implicit function f.
Specifically, we formulate it as follows:

LO)=>_ o)~ H®) @)

where P refers to the point set sampled from the 128 x 128
2D space and H (p) is the ground truth value in our dataset
given the query point p.

0, otherwise.
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Fig. 6. Smooth interpolation of the leftmost and rightmost samples with
our implicit representations.

3.2.2 Retrieval and Interpolation

Previous works [27], [41] have shown that interpolation
tends to give good beautification results. Furthermore, due
to the continuous nature of our defined implicit function (hit
function) for sketches over 2D space and sufficient training
samples, our works well in
producing smoothly interpolated and good results in the
learned implicit field/space by linear interpolation. With
the part-level of our dataset
{v1,v2,...,vN}, we can synthesize the novel samples con-
tinuously and smoothly by linear interpolation of implicit
representations of existing sketches, as shown in Figure 6. To
further bridge the gap between the user’s conceptual free-
hand sketches and the existing part sketches in our dataset,
we adopt the same retrieval-and-interpolation strategy as
[41] to instantiate the user’s conceptual sketches with on-
hand samples in our dataset by local linear interpolation.
Specifically, we first take the implicit representation v, of an
input part sketch as the query to retrieve its top K neigh-
bors in our dataset. In the following steps, we construct a
part-level manifold with the retrieved K neighbors as the
basis vectors {v;1, vs2,. .., vtk }, and project the v, to this
manifold as Equation 3.

) K 2 K
min ||vg — Zizlwi ol s.t.zizlwi =1 @3

where we set K = 3 in our implementation and calculate the
unknown weight parameter w; for each basis vector v;; by
solving this constrained least-squares problem. We finally
obtain the projected implicit representation v, by linearly
interpolating the basis vectors locally:

K

Up = Zi:lwi Ut (4)

Obtaining the projected implicit representation v,, we fur-
ther interpret it back to the 2D image space as the beautified
reference for the input conceptual sketch (see Figure 3 (c)).
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Fig. 7. lllustration of our pipeline for part-level geometry beautification.
Some results of Equations 5 and 6 are annotated here.

3.2.3 Part-level Geometry Beautification

In this work, we consider the part-level beautification as a
deformation process that deforms each part sketch towards
the corresponding reference obtained from the retrieval-
and-interpolation step rather than directly replacing the
input with the reference. In this way, we hope to preserve
the users’ original drawing intentions as much as possible.
Thereby, given each input part sketch and its reference,
we design the beautification pipeline as follows: correspon-
dence matching and curve deformation. The former step
performs a coarse shape-level registration that transforms
all points of the input sketch to approximate the general
shape of the reference. Based on the output of correspon-
dence matching, the latter step then conducts a fine-grained
curve-level deformation that deforms the input sketch to-
wards the above intermediate output while keeping the
original endpoints of the input curves unchanged, as illus-
trated in Figure 7.

For correspondence matching between the input part
sketch and the reference sketch, we adopt a classical non-
rigid registration method [59]. Despite its robustness, this
method fails to produce reasonable correspondence results
efficiently when applied to our scenario. We speed up this
method from more than 3 seconds to around 0.3 seconds by
adding two weight decay parameters o and (3 that decrease
exponentially with the increase of the iteration 7 as shown
in Equation 5. Here we refer to the sketched points of the
input and the reference as X and Y/, respectively.

Ec = lematch + a'. w2E7'igid + ﬂn . w3Ea7'aP7
n 2
Ernatch = Zi:luzi - Py(zi)||27
n
Erigia = Zi:lllzi — R (i +1)]3,

n 2
Barap =Y DM =2 = R (= )l

where P,(-), R, and t refer to the closest point in reference
point set Y, the rotation matrix, and translate parameters,
respectively. We initialize z; with z; in the input point set
X, and set w; = 1,wy = 100,w3 = 0.9, @« = 0.4, and
B = 0.9. Note that we solve the overall objective function
E. in an iterative way. In our experiment, = 15 iterations
are sufficient to produce a satisfying result (see an example
of Y in Figure 7).

To keep the user’s original intention as much as possible,
after calculating the intermediate output Y of the first step,
we further perform the curve deformation that deforms the
recorded strokes {X*®} (s is the stroke index) of the user’s
input X towards Y’ following Equation 6. As we mentioned

©)
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Fig. 8. lllustration of our pipeline for learning structure beautification
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before, our interface can also record the strokes during the
drawing process.

Ed = Eposition + Eshapea
Eposition = Zsesnpo - X§||7 (6)
Bunape = 3 3" 1500 — 304

Here, 6(k) = ki—1 + ki1 — 2k;, representing the local
feature at each point. X represents the two endpoints
of a stroke X° of the input sketch X while py refers to
the corresponding endpoints of the optimized curve. Y;’
represents the closest point of Y’ to the point p; of the
optimized curve under the Euclidean measurement (see
Figure 7). We optimize the energy function in the stroke
level. The term FE,,sti0n enforces the optimized curve to
have the same start point and the end point as the input
stroke, and the term Ep,qp. constrains the optimized curve
to have the same shape (curvature) as the corresponding
reference stroke, as illustrated in Figure 7. In this way, the
final beautified sketch keeps the same start points and the
end points as those in the input sketch. We can think of
our system as redrawing the input strokes based on their
original endpoints in a more professional way.

3.3 Structure Beautification

Through the part beautification module, the geometry of
input individual part sketches can be well refined. How-
ever, there is still a structure inconsistency existing in the
input sketch. To address this issue, we further introduce
a structure beautification module to adjust the imperfect
structure of the input sketch with the deformed parts.
The basis of this module is the sketch assembly model
designed to learn spatial transformations for beautifying
the deformed sketches. Figure 8 illustrates the workflow
of training our sketch assembly model, where we first
simulate the structure inconsistency by randomly applying
affine transformations to the individual part sketches in
our dataset. In our implementation, we combine the affine
transformation operations of random scaling (ranging from
0.8 to 1.2 folds) and random translations (varying in x and
y directions with —3 to 3 pixels offsets) in the image space

body I \ arm T

- Mbody Ir ﬁH back - - Wtop head
il () () rwheel Gt iiieg T Jleg neck
' engine - - mirror. B seat ’ : stretcher body

Airplane Car Chair Table Guitar

/ A top
base 1) handle base base
stand F handle 1 body J tube tube

R screen S body mmbase shade shade

Monitor Mug Vase LampA LampC

Fig. 9. Different categories and part annotations in our dataset. Note
that the lamp class has two different labeling strategies (see the part
annotations of LampA and LampC).

Categories #Samples #Parts Source
Chair 5,962 4 PartNet
Table 4,440 3 PartNet
Airplane 2,467 4 SDM-Net
Car 1,813 3 SDM-Net
Guitar 741 3 SDM-Net
Monitor 559 3 SDM-Net
Vase 298 4 COSEG
Mug 211 2 COSEG
LampA 510 3 COSEG
LampC 171 3 COSEG

TABLE 1

Data distribution of our synthesized sketch dataset.

(see Figure 8 (b)). As there is no obvious rotation observed
in part sketches and our part beautification module is able
to reduce such rotation effects on part sketches, we do not
apply the random rotations to our training data here. We
then design a sketch assembly network (Figure 8 (c)) with
the backbone of the spatial transform network (STN, in
short) [60] to learn the inverse mapping that transforms
the distorted parts back to their ground-truth locations (see
Figure 8 (a)). To prevent training oscillation caused by the
sparse input (sketch), we further introduce the part-level
bounding boxes M (Figure 8 (e)) to enhance the spatial
features of the part sketches S.

Loss function. We use the following loss function for
training the assembly network:

_ a GT a GT
L= ep MalIS) = ST+ a0 = ML
; 2
+ )‘3HTP _ Tp]dentztyHQ’

where we regard the three loss terms as sketch loss, bound-
ing box loss, and regularization loss respectively. S; and
M, are the part sketch and the part bounding box with the
random affine transformation, respectively, while SpG T and
MPG T are the corresponding ground truth in our dataset (see
Figure 8 (e)). To stabilize the learning process, we further
constrain a regularization loss on the learned transformation
matrix T}, to enforce it to have a slow and mild update rather
than a large oscillation during the learning process. TpI dentity
refers to the Identity mapping matrix. We set Ay = 100,
A2 =1, and A3 = 1 in the experiment.

4 EXPERIMENT

We conducted extensive experiments on freehand sketches
drawn by 8 volunteers with our sketch interface. Two of
them were professional interior designers with years of
drawing experience, and the rest were ordinary students
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aged 26 to 29 with no professional drawing skills. Given an
object category, we asked the invited volunteers to sketch
the man-made objects in their minds as casually as possible.
They can draw any shape of part sketches around the com-
mon regions of the part shadows, like the airplane presented
in the sketching canvas of Figure 4. Finally, we collected
more than 200 freehand sketches and 15-45 sketched objects
that span diverse part geometry and global structures for
each category. Figures 1 and 10 show some representa-
tive drawings and the corresponding beautification results.
Please find more details of our collected freehand sketches
and additional beautification results in the supplemental
materials. We also construct a large dataset of part-labeled
synthesized sketches to train the part-level sketch implicit
representations and the sketch assembly model in our sketch
beautification framework. We show some rendered part-
annotated sketches under the best view from the existing
3D shape repositories, including PartNet [30], SDM-Net [31],
and COSEG dataset [32] in Figure 9. Our sketch dataset con-
tains 17,172 sketches with clear part annotations distributed
over 9 man-made object categories that are commonly ob-
served in daily life [45]. Figure 9 gives a representative
sketch under each category. We provide more details of the
data distribution of our synthesized sketch dataset in Table
1.

4.1 Implementation Details

We implemented our sketch implicit model and sketch
assembly model with the PyTorch framework [61] and
used the Xavier initialization [62]. To train sketch implicit
representations for our 128 x 128 part sketch, we sampled
both the valid sketched points and the invalid points from
the 2D image space (total 16,384 points). We demonstrate
the parameter structures of the sketch implicit model and
sketch assembly model in the supplemental materials. The
two models were trained on an NVIDIA RTX 2080Ti GPU
and optimized by the Adam optimizer (81 = 0.9 and 2 =
0.999) with the learning rate of 5e~° and le~*, respectively.
Here we trained the two models to full convergence until
the learning rate decayed to relatively small. Note that
training the sketch implicit model takes around 48 hours
on a single GPU with the batch size of 1 for one category
on average. The batch size for training sketch assembly is
64. The iteration epochs for the two models were set as
800 and 600, respectively. Although it takes a long time to
train these two models during the training stage, our whole
sketch beautification pipeline only spends around 1 second
to beautify an entire sketch.

4.2 Baselines

To verify the effectiveness of our proposed sketch beauti-
fication pipeline, we compare our approach with existing
methods both qualitatively and quantitatively. We use four
baselines in our experiment and detail them as follows.
One of the baselines is the Laplacian smoothing algo-
rithm [63]. We implement this method on the stroke level
to process the input freehand sketches. The next one is a
naive instance-level and retrieval-based approach. We take
the user’s freely sketched input as the query and retrieve its
top-1 candidate from the dataset as the beautified result.
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In our implementation, we use the HOG [64] descriptor,
which is efficient and able to capture the spatial features of
the sparse sketches. Then, we further designed a part-level
retrieval baseline. Different from instance retrieval using
the entire input sketch as the query, we first parse the
user’s freehand sketch to individual parts and utilize the
separated part sketches (not the entire sketch) to retrieve
the corresponding top-1 part results from the part-annotated
dataset with the HOG descriptor, and finally replace the
original part sketches with the retrieved part candidates as
the final beautified output. Another baseline is a learning-
based sketch simplification approach Mastering Sketching
[14]. Although this generative method is designed to re-
move the superfluous details (i.e., the repetitive scribbles)
and synthesize (or strengthen) the important lines for the
rough sketches, we utilize it in our sketch beautification
task to generate the beautified results for the input freehand
sketches conditioned on the strokes that are identified as
important by its learned model. In our implementation,
we directly utilize their original trained inference model
to process the user’s freehand drawings. Note that since
the outputs of Mastering sketching are generated with bold
effects, we post-process them with a thinning operation [58]
to remove the redundant pixels and conserve the clear skele-
tons as final beautification results. For the closely related
work ShipShape [22], since it was fully integrated into a
quite old version of Adobe Illustrator and its plugin is no
longer accessible today, we can only discuss the difference
between our approach and ShipShape (Section 2.1) instead
of conducting experimental comparisons.

4.3 Performance Evaluation

We evaluate our method and compare it with the exist-
ing methods: Laplacian smoothing, instance retrieval, part
retrieval, and Mastering Sketching on freely drawn man-
made object sketches. Figure 10 shows beautified results of
different methods on the freehand sketches. The visual com-
parisons show that our method produces the most satisfying
results across various categories of sketches, regardless of
the local geometry or the global structure.

We observe that the outputs of Laplacian smoothing and
Mastering Sketching basically keep the same shape as the
input sketches. Compared with the input, the former results
lose some sharp features (see car body, chair seat, and guitar
body in Figure 10 (c), (d), and (e) respectively) and the
latter are generated with bold or shadow effects. Although
Mastering Sketching succeeds in healing some small seams
between parts (e.g., the head and neck parts of the guitar
sketch in Figure 10 (e)) by generating more pixels (along the
two strokes of the guitar neck towards the guitar head based
on the original sketches), it fails to beautify the larger seams,
e.g., defects between the neck and body parts of the guitar
sketch in Figure 10 (e).

When visually inspected, the results produced by in-
stance retrieval have the most dissimilar appearance com-
pared with the input sketches. Due to the freedom and
abstraction of hand drawings as well as the limited scale
of our synthesized sketch dataset for retrieval, instance
retrieval cannot find a pleasing beautified counterpart from
the existing sketch dataset for the user’s input sketch. Al-
though part retrieval tries further to approximate the input
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Fig. 10. Comparison of different approaches for sketch beautification. Please zoom in for better visualization.

sketches from a more fine-grained level, it only alleviates the
dissimilar phenomenon. Still, these retrieval-based methods
have no way to maintain the user’s original drawing inten-
tions.

To better demonstrate our sketch beautification method,
we further present the intermediate outputs of the part
beautification module in Figure 10. Unlike previous
learning-based or retrieval-based methods, our part beau-
tification module produces orderly lines, curves, and other
primitives in part sketches by redrawing the input part
strokes, leverages the knowledge of a large number of
synthesized part-level sketches, and also retains shapes
that resemble the original inputs without introducing extra
strokes or missing any strokes. However, as shown in Figure
10, some structure defects like seams (b), penetration (j),
and misalignment (g) between part sketches still exist in
the intermediate outputs of our part beautification module.
This further emphasizes the importance of structural ad-
justment. When combined with the other component, our
structure beautification module, we can obtain the most
beautified outputs with pleasing part geometries and con-
vincing global structures. However, since there is no existing
standard criteria to evaluate our proposed sketch beauti-
fication approach, we give our own insights and present
the evaluation strategy as follows: In fact, beautifying a
sketch means adding changes to it while respecting the
original sketch. There is no perfect solution here, since two
main aspects (i.e.,, improving beautification quality while
respecting the original sketch) need to be balanced during
the beautification. Regarding faithfulness to the input sketch
and beautification quality, we further conduct a quantitative
evaluation on the beautification faithfulness and a percep-
tual study on the beautification quality in Subsections 4.3.1
and 4.3.2.

Freehand Mastering Laplacian Instance Part Ours Ours

Sketches Sketching Smoothing Retrieval Retrieval (only part (full pipeline)
beautification)

Methods mCD | mEMD(x 10%) |

Instance Retrieval 15.55 5.92

Part Retrieval 8.22 5.20

Laplacian Smoothing 3.44 4.52

Mastering Sketching 140 2.04

Ours (only part beautification) 4.59 4.62

Ours (full pipeline) 6.84 5.04

TABLE 2
Quantitative evaluation on the faithfulness of the beautified results
(produced by different sketch beautification methods) to the input
sketches.

4.3.1

To quantitatively evaluate the performance of different
beautification approaches in preserving the user’s original
drawing intentions (i.e., faithfulness), we report the statistic
values of two metrics for the aforementioned methods in
Table 2. To measure the difference between a beautified
result and the user’s original freehand sketch, we adopt
the Chamfer Distance-L2 (CD) and Earth Mover’s Distance
(EMD) as the evaluation metrics (lower is better) for the
faithfulness evaluation in the sketch beautification task.
The former metric is employed to measure the point-wise
distance between the sketched objects in two sketches and
the latter one is utilized to compute the distribution-level
distance of two point distributions over the entire image
space (256 x 256). Given a pair of the user’s freely sketched
input and the beautified output produced by one of the
compared methods, we calculate the Chamfer Distance of
the only valid sketch pixels (i.e., excluding the background
pixels) in the two sketches. When computing the Earth
Mover’s Distance, we preserve both the sketch pixels and
the background pixels and treat the pair of the input and
output sketches as two distributions. Finally, we average
these two metrics over pairs of sketches before and after
beautification in our collected freehand sketch dataset and
present the mean values of CD and EMD in Table 2.
Consistent with what is observed from Figure 10, as

Quantitative Evaluation on Faithfulness
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shown in Table 2, our method outperforms its retrieval-
based competitors while falling behind Mastering Sketching
and Laplacian smoothing quantitatively. It is reasonable that
the results of Mastering Sketching have the closest distance
to the input sketches since this method inherits (or accepts)
all the input strokes with limited pixel-level beautification.
For Laplacian smoothing, since this method only slightly
changes the position of the sketched points by smoothing
the local-level strokes, it is easier for this method to achieve
a remarkable performance (the second ranking) in faithful-
ness evaluation (see Table 2). While the fine-grained part
retrieval outperforms the instance retrieval significantly, it
is still inferior to our method. The beautified outputs of
our part beautification module and our full pipeline achieve
competitive performance to Laplacian smoothing in pre-
serving the user’s original drawing intentions (the third and
the fourth rankings in Table 2). It is expected that the results
of our part beautification module have the closer distance
to the user’s input sketches compared with our full pipeline
(as reported in Table 2) since the part beautification module
only beautifies the curve shape of the part sketches without
adjusting the scales or locations of the part sketches. Just as
we discussed before, there are still a lot of structure errors
(e.g., seams, penetration, and misalignment) in the interme-
diate beautified outputs, as shown in Figure 10 (Ours (only
part beautification)). To correct such structural errors during
the structure beautification stage, a small range of structural
refinement (including pixel-wise translations and scalings)
is applied to the beautified part sketches. Therefore, it is
inevitable that our full pipeline combining the part beautifi-
cation and structure beautification modules slightly enlarges
the distance to the input freehand sketches. For the faith-
fulness aspect of the sketch beautification task, since our
framework is proposed to beautify both the local geometry
and global structure of input sketches, our method cannot
keep the input sketches almost unchanged as in Mastering
Sketching. But our approach does not heavily change the
input sketches as instance and part retrieval, and can also
be regarded as a larger “enhancement” operation (making
the original input sketches aesthetically more beautiful in
both local curve and global shape) to some extent. For
the evaluation on the beautification quality of the different
sketch beautification methods, we demonstrate it with a
user study in the next section.

4.3.2 Perceptual Study on Beautification Quality

It is known that the concept of beautification is highly
relevant to human preference and perception. Therefore, to
evaluate the beautification quality of the beautified sketches
produced by different methods in Section 4.2 (namely,
Laplacian smoothing (LS), Mastering Sketching (MS), in-
stance retrieval (IR), part retrieval (PR), our part beautifi-
cation module only (Ours (PB)) and our full approach), we
further conducted a user study to evaluate the performance
of these approaches in the sketch beautification task.
Specifically, we first randomly picked a set of 15 input
sketches from the drawn freehand sketches from all the cat-
egories in our dataset. We then applied the aforementioned
six sketch beautification methods to each input sketch to
generate the beautified results. Figure 10 displays some
representative examples of inputs and outputs used in our
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Fig. 11. Box plots of the average preference voting over the prepared
questions (beautification quality) for each method. MS, LS, IR, and PR
stand for Mastering Sketching, Laplacian smoothing, Instance retrieval,
and Part retrieval, respectively. Ours (PB) and Ours refer to the part
beautification module and the full pipeline of our sketch beautification
approach, respectively.

user study. The evaluation was done through an online
questionnaire. There were in total 23 participants (15 males
and 8 females) in this study. We showed each participant
sets of an input sketch and six beautified sketches generated
by the compared approaches in random order set by set.
Each participant was asked to select the most beautiful
result in each set regarding the visual aesthetics from both
aspects of the local geometry and the global structure.
Finally, we received 23 (participants) x 15 (input sketches)
= 345 subjective evaluations.

Figure 11 shows the statistics of the voting results. We
conducted one-way ANOVA tests on the preference voting
results, and found significant effects for aesthetic preference
to our method (F' = 65.88, p < 0.001). Then further paired
t-tests show that our method (mean: 13.93) got significantly
more votes than all the other methods, Mastering Sketching
(mean: 3.13, [t = 2.14, p < 0.001]), Laplacian smoothing
(mean: 2.47, [t = 2.14, p < 0.001]), instance retrieval (mean:
1.00, [t = 2.14, p < 0.001]), part retrieval (mean: 0.47, [t =
2.14, p < 0.001]), and our part beautification module (mean:
2.00, [t = 2.14, p < 0.001]).

To summarize, our approach achieved the best perfor-
mance that significantly surpasses its competitors under
human aesthetic perceptions. Although there are slightly
higher deviations in the beautified results generated by
our method compared with the original input sketches,
our beautified sketches are still able to be faithfully voted
as the best beautification results for the given sketches by
the users. In addition, our approach successfully beautifies
the local-level part geometry and corrects the global-level
structural errors of input sketches. In this way, our proposed
method helps to improve the beautification quality of input
freehand sketches significantly. We show more beautifica-
tion results of our method (including the intermediate out-
puts after part beautification and final results after structure
beautification) in the supplemental materials.

4.3.3 Ablation Study

Since we have demonstrated the roles of the part beautifi-
cation module and the structure beautification module of
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Input Loss mIOU(%)T mCD] mEMD(x102%)]

sk skloss 0.00 400 +00

sk (sk+regu)loss 83.38 5.85 6.75

sk+bb  bbloss 91.87 2.79 5.42

sk+bb  (sk+bb)loss 91.83 2.79 5.42

sk+bb  (sk+bb+regu)loss 91.89 2.78 5.40
TABLE 3

Ablation study of our designed mechanism for the sketch assembly
model. The sk and bb in the first column are the inputs of the sketch
and the bounding box, respectively. The skloss, bbloss, and reguloss in
the second column refer to the supervision losses of the sketch, the
bounding box, and the regularization term, respectively.

our sketch beautification pipeline qualitatively and quanti-
tatively in the above two subsections, and detailed the key
components of the part beautification module in Section 3.2,
we do not conduct the redundant ablation studies for the
part beautification module here.

Hence, in this subsection, we mainly focus on validating
the effectiveness of the key components in the structure
beautification module. Since the sketch is a kind of sparse
representation, it is a nontrivial task for our sketch assembly
model to represent and learn its spatial transformations
precisely and effectively. To validate our designed mecha-
nism of the sketch assembly model, we perform ablation
studies of its key components in turn, namely, the sketch
loss, the bounding box loss, and their combinations with
the regularization loss (see Table 3).

Specifically, we use 1,000 randomly sampled synthesized
sketches of the Chair category as the ground truth since this
category has the most complex and challenging structures in
our dataset. We then apply random affine transformations
to the parts of the ground truth samples five times and take
these 5,000 deformed sketches with the warped parts as the
benchmark input. Finally, we evaluate the performance of
the trained sketch assembly models under different training
strategies by measuring the disparity between their assem-
bly outputs and the ground truth. Note that although the
1,000 ground truth sketches are within the same set used
for retrieval in our beautification pipeline in Section 3.2.2,
the benchmark (5,000 deformed sketches) for testing here
is already significantly different from the original set after
five times of random affine transformations. To better reflect
the performance of the methods in the sketch assembly
task, we compute a region-based and part-level IOU metric
on bounding boxes of the transformed part outputs and
the corresponding part ground truth, as formulated in the
following equation:

1 Mg - MET

ov = N, ZpeP Mg + MST’ ®)
where N, is the number of parts P in a sketch, My and
MST are the part-level bounding boxes of the assembled
sketches and ground-truth sketches, respectively. We also
calculate the Chamfer Distance-L2 (CD) and Earth Mover’s
Distance (EMD) between the assembled and ground-truth
sketches to further verify the performance of the ablated
sketch assembly models. Table 3 reports the mean values of
the above metrics. We also show the performance of differ-
ent components in the sketch assembly task qualitatively in
Figure 12.
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Fig. 12. Visual comparison of different supervision losses during the
training process. Please zoom in for better visualization (in particular
for “skloss only”).

In our experiments, we found that only utilizing the
sketch loss cannot supervise the learning process of spatial
transformations of sparse sketches. Due to limited valid
pixels in sketches, the network tends to shift its focus from
sketched pixels to the background pixels during the training
process, even under the L1 loss of the input and output
sketches. With the number of training epochs increasing,
the model degrades rapidly and ignores the sketched pixels
until the part sketches are rescaled to none. Hence, the mean
IOU value of "skloss only” model in Table 3 is 0. The other
two metrics also show the failure of training on sketch input
with the sketch loss only. This can be further witnessed in
Figure 12 (b). Note that we screen-captured this subfigure
of “skloss only” at the very beginning of training since the
part sketches would disappear soon after several further
epochs. Along with the degradation of “skloss only” model,
we observed a significant increment in the parameters of
the learned transformation matrices. We further designed
and added the regularization loss to penalize this huge
oscillation of the learned transformation matrices. However,
although the input part sketches would no longer shrink to
nothing by applying the additional regularization loss to
the learned transformation matrices, the network still failed
to learn meaningful spatial transformations (just random
translation or scaling under the constraint of the regular-
ization loss), as shown in Figure 12 (c). Only by introducing
the bounding box input and the corresponding bounding
box loss, the networks were able to learn the spatial trans-
formation of sparse sketches stably and effectively (see the
inputs containing ‘bb” and the losses with ‘bbloss’ in Table
3 and Figure 12 (d-f)). With the combination of the sketch
loss, the bounding box loss, and the regularization loss, the
network achieved the best performance, as shown in Table
3 quantitatively and Figure 12 (f) qualitatively. These results
further confirm the necessity and importance of our design
choices for the structure beautification module.

5 CONCLUSION AND FUTURE WORK

We have introduced an intuitive and effective beautification
approach for freehand sketches depicting man-made ob-
jects by conducting part-level geometry beautification and
global structure refinement sequentially. As one of the key
components in our approach, the sketch implicit model can
be easily plugged into contemporary deep neural networks
for a variety of tasks relevant to sketches including sketch
recognition, classification, retrieval, reconstruction, and gen-
eration thanks to its promising representation capacity in
precisely reconstructing the input sketch (Figure 2), and
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in generating novel, smooth, and continuous samples by
interpolating among two/multiple existing sketches (Sec-
tion 3.2.2). The other component, i.e., the sketch assembly
model, provides a robust and effective solution for com-
positing sparse 2D components by having the part-level
bounding boxes. The whole beautification pipeline could
further inspire and boost the downstream applications that
operate over freehand sketches as input. However, beau-
tifying a freehand sketch under an arbitrary view is still
challenging for our method. Furthermore, the voting results
in our perceptual study (Figure 11) indicate that structure
beautification has the strongest effect on user preference
when perceiving beautification quality. Therefore, further
exploration of how and which factors (e.g., more obvious
spatial changes) cause such a preference difference when
users perceive geometry and structure changes is a valuable
and promising direction for beautification tasks. We leave
these for future work to explore.

Our method has some limitations. First, in our method,
all the training samples of the sketches of man-made objects
are rendered under the canonical view (best view) for each
category. This limits the adaptation ability of our method
to freehand sketches with large view variations or multi-
view sketches. Although this is partially solved by adding
a shadow guidance to constrain the user’s input, we are
interested in addressing this issue in a more elegant way
[9]. Second, a key merit of our method is the representa-
tive power of the sketch implicit representations that can
interpolate the sketched points smoothly and continuously.
But this implicit representation requires a longer training
time than the CNN representations on the same input data,
since the implicit model needs to sample all the coordinates
and remember the ground truth value of each point in the
2D image space. One possible solution for speeding up the
training process is to change the sampling strategy, e.g., by
keeping sampling the points close to the strokes instead of
sampling all the points from the whole 2D space. Third,
while our method is able to instantiate conceptual freehand
sketches, our approach could fail if input sketches are drawn
too poorly or too complexly, as shown in Figure 13. If
a user draws a very unnatural sketch (see the triangle-
like wheels of a car on the left-top, our method might
not follow the user’s drawing intention and even totally
changes the geometry of part sketches drawn by the user.
This violates the beautification constraints we set in this
paper (as discussed in Section 1). If a user sketches a very
complex part (see the chair back with too many sticks on the
right), our approach also cannot beautify such a part. This
is due to the failure of the correspondence matching step
in Section 3.2.3. It is known that correspondence matching
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is still an open problem in the research community. There-
fore, the improvement on registration and correspondence
matching could also further boost the performance of our
method. Lastly, users should ideally be allowed to adjust
the degree of beautification (more significant beautification
would lead to larger deviation from the input sketch). In our
approach, the beautification function is designed in a closed
and automatic way for efficiency reasons. In the future, we
would like to extend our sketch beautification approach to
allow for more user control.
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