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Abstract Drawing free-hand sketches is a simple way for communication and expression in hu-
man history. A free-hand sketch carries vivid messages and emotions from its flexible drawing
manner. Thus, sketches are always abstract, lack-of-details and variant. Synthesizing a sketch to
follow the expected plan requires controlling both the categorial sketch pattern and the non-cate-
gorical one, i. e., the stylistic pattern. But the labels of stylistic pattern are not given in the
sketch datasets, leaving the controllable sketch synthesis to be an unsupervised task. A group of
recent studies target to build a latent space, preserving the similarity of structural patterns from
the observed sketch data to the latent codes. Such a latent space is regarded as a Voronoi tessella-
tion, where each latent region is assigned a unique concept or a pattern, representing a specific
sketch category and style. Thus, it is practical to locate a specific latent code to synthesize a
sketch with the expected patterns. A simple approach is self-organizing a Gaussian mixture model
(GMM) distributed latent space, where each Gaussian component in GMM represents a specific

sketch pattern. However, these Gaussians are heavily overlapped in recent studies when facing
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sketches with similar structural patterns. The controllable synthesis performance drops due to
the tiny margins between latent regions. We present ylng-yAng system pixel to sequence (IA-
pix2seq) guided by Bayesian Ying-Yang (BYY) harmony learning algorithm. The structure of
TIA-pix2seq can be divided into two levels. The bottom level contains a convolutional neural net-
work (CNN) encoder, a recurrent neural network (RNN) decoder and a CNN decoder, which are
designed for feature extraction, sketch generation and regularization, respectively. The deep net-
work optimization on the bottom level is guided by maximizing the harmony measure from BYY
learning. The top-level is for updating the parameters of latent GMM distribution, and BYY
learning is also utilized to solve this GMM learning task. During training, a mini-batch of sket-
ches are fed into the bottom level to obtain their corresponding latent codes. These codes are sent
to the top-level to update the GMM latent distribution, which further regularizes the bottom net-
work to produce sketch codes fitting to the current GMM distribution. Finally, the latent codes
are sent into the decoder for reconstructing the same sketches as input, ensuring the detailed
sketch features are correctly embedded into the latent codes. BYY harmony learning seeks the
best matching between encoding and decoding subsystems with a most tacit manner by minimi-
zing the information transferred from sketches to latent codes. Correspondingly, IA-pix2seq not
only centralizes the latent codes within a latent Gaussian component but also squeezes the latent
territory for each sketch sample. As a result, wide margins are left between latent regions, con-
tributing to the reduced overlaps and further a more easily controlled sketch synthesis process.
Experimental results show that IA-pix2seq improves the controllable synthesis performance, es-
pecially on sketches with similar structural patterns or with a variety of styles. The generated
sketches preserve more expected details from the input constraint which can be either an interpo-
lated latent code or a masked sketch image.

Keywords  sketch synthesis; latent codes self-organization; Bayesian Ying-Yang harmony learn-

ing; deep bidirectional intelligent system; Gaussian mixture model
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Background

In the human history, drawing free-hand sketches is a
simple way for communication and expression. Sketches are
always abstract, lack-of-details and variant, but can still con-
vey vivid messages and emotions as the pixel-formed images.
Moreover, free-hand sketches are more flexible and practical
to convey conceptually hybrid information with structurally
unique designs. The first step for freely building such sketch
designs is making the sketch synthesis controllable. To obtain
the controllable sketch synthesis process, the recent studies
target to build a latent space, preserving the similarity of
structural patterns from the observed sketch data to the la-
tent codes. Such a latent space is regarded as a Voronoi tes-
sellation, where each latent region is assigned a unique con-
cept or a pattern, representing a specific sketch category and
style. Thus, it is practical to locate a specific latent code to
synthesize a sketch with the expected patterns. A group of
studies utilized different forms of sketches. such as the se-
quential form, the pixel form or both, expecting to extract
more sketch patterns to assist the latent space self-organiza-
tion. Another group focused on the structure of the latent
space. e. g. » aiming to self-organize a single Gaussian dis-

tributed, a uniform distributed or a Gaussian mixture model
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(GMM) distributed latent space. These latent structures
help fit the real sketch data distribution properly, encoura-
ging the sketch synthesis to be controllable. The Gaussian re-
gions from the GMM latent space build by the recent models
are heavily overlapped, which reduces the controllable syn-
thesis performance. This paper present IA-pix2seq which is
guided by the Bayesian Ying-Yang (BYY) harmony learning
algorithm. BYY harmony learning seeks the best matching
between encoding and decoding subsystems in a most tacit
manner by minimizing the information transferred from sket-
ches to latent codes. Correspondingly, IA-pix2seq not only
centralizes the latent variables within a latent Gaussian com-
ponent but also squeezes the latent territory for each sketch
sample. The experimental results show the sketch synthesis
process is more easily controlled and the generated sketches
preserve more details of the input constraint which can be ei-
ther an interpolated latent code or a masked sketch image.
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