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Shape Learning Set Generation Using Partial Elastic Deformation

for Deep Learning of Sketched Pictorial Symbols

MAKOTO SATOH!

Abstract: This paper presents a learning set generation method for learning sketched pictorial symbols
with deep learning. In the method, pictorial symbols represented using SVG format are used as base shapes.
First the base shapes are deformed using partial elastic deformations so as a variety of similar shapes to be
generated. Then learning shapes are selected from the generated shapes based on a criterion to represent

shape similarity. The selected shapes will be used as shape learning sets for deep learning.
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Algorithm 1 Base shape image generation

Read an SVG data into an SVG DOM doc.

Set currentNode to the root of the SVG doc.

Call function parseSVG( currentNode ).

Generate base shape images from parsedShapeGroups.

Algorithm 2 Function parseSVG( subRoot )
for each child node of the subRoot do
if the node is an SVG group node then
Parse the SVG transform attribute of the node.
Push the parsed SVG transform parameters of the node

into stackForTransform.
Call function parseSVG( the node ).
Pop the SVG transform parameters of the node out of
stackForTransform.
else if the node is an SVG path node then
Parse the SVG path attribute of the node.
Generate curves so as to represent the geometry of the
parsed SVG graphical elements.
Apply the all SVG transforms in stackForTransform,
in order, to the generated curves.
Add the transformed curves to parsedShapeGroups.
end if
end for
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AR ORI B E AT D FEE R~ RFEOFIRT
Bezier BIfRDKE 7 A v FEEALE LT, EERRORR
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Algorithm 3 Shape feature learning

Algorithm 5 Learning shape selection

Set the total number of learning shapes to N.
Set the parameters of elastic deformation so as to generate
small deformations:
the kernel size and standard deviation of gaussian
smoothing kernel, and the scaling value of the elastic
deformation.
Overlay base shape images, generated using algorithm 1, so as
to add up to a single image.
n 0
while n < N do
Apply small elastic deformations to the overlaid shape im-
age.
n«n+1
end while
Learn the feature of the defoemed images using RBM.

Algorithm 4 Roughly similar shape generation

Set the total number of generating roughly similar shapes to
N.
Set the parameters of elastic deformation so as to generate
large deformations:
the kernel size and standard deviation of gaussian
smoothing kernel, and the scaling value of the elastic
deformation.
n«—0
while n < N do
for each base shape image generated using algorithm 1 do
Apply large elastic deformations to the images.
end for
Overlay deformed images, generated from previous loop it-
erations, so as to add up to a single image.
ne—n+1
end while
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Set the threshold of the reconstruction error of the shapes
similar to training shapes to 7.
Set the threshold of the reconstruction error of learning shapes
to 1;.
Generate roughly similar shape images using algorithm 4.
for each image of generated roughly similar shape images do
e «— the RBM, trained using algorithm 3, reconstruction
error of the image
if e < Ts then
Add the image to similarLearningImages.
else if e < T} then
Add the image to otherLearningImages.
else
Add the image to otherImages.
end if
end for
similarLearningImages and otherLearninglmages are
selected as learning shapes.
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TN—TTENWTAETA X e 72\, HERIROEH I
WA AER L. ENOOHMSIREGRE, 1 HOERIC
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£ 1 RBM OFIBIZ AV Tong R=_F 2=
Table 1 Hyper-parameters for RBM training

learning rate

momentum

weight decay

0.0001

0.5

0.00001

KEHNTRBM #B5FET 52 LIk, EERIROR
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TEAR OFEAM O 72 0 D BEE DO P 121X, RBM ODuJIIf?E“C
DFEFRBRAEZIEEL L THNTND. RBMG)H@
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DANFI~Z KL L negative phase TO visible vector % H
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LT RERINT 526 ThD.
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Similar shape generation using elastic deformation method. Left of the first row:

a given base shape, composed of 3 groups: coffee cup, saucer and grab. Others:

generated shapes using elastic deformation method.
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Fig. 2 Roughly Similar shape generation by applying partial elastic deformation to
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each shape group. Left of the first row: a given base shape, composed of 3

groups: coffee cup, saucer and grab. Others: generated shapes using partial

elastic deformation method.
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Fig. 3 Roughly similar shape generation by applying partial elastic deformation to each
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Bezier segment of the shapes. Left of the first row: a given base shape, com-

posed of 3 groups: coffee cup, saucer and grab. Others: generated shapes using

partial elastic deformation method.
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Fig. 4 Examples of the shapes used in the training of RBM. First row: elastically de-
formed shapes. Second row: shapes generated by applying trimming, scaling

and binarization to elastically deformed shapes.
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Fig. 5 Selection of learning shapes from roughly similar shapes using RBM. First and

second rows: shapes selected as learning shapes, similar to the RBM training
shapes. The reconstruction errors e of the shapes are less than Ts. Third and
fourth rows: shapes selected as the other learning shapes(7s < e < T;). Fifth

and last rows: shapes selected as the other shapes than above shapes.
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