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IA-pix2seq: A Deep Bidirectional Learning Method for Controllable Sketch
Synthesis

ZANG Si-Cong TU Shi-Kui XU Lei

(Department of Computer Science and Engineering, Shanghai Jiao Tong University, Shanghai 200240)

Abstract Drawing free-hand sketches is a simple way for communication and expression in human 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-categorical 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 \oronoi
tessellation, 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 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
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sequence (IA-pix2seq) guided by Bayesian Ying-Yang (BYY) harmony learning algorithm. The structure of
IA-pix2seq can be divided into two levels. The bottom level contains a convolutional neural network (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 network optimization in bottom level is
guided by maximizing the harmony measure from BY'Y learning. The top level is for updating the parameters of
latent GMM distribution, and BY'Y learning is also utilized to solve this GMM learning task. During training, a
mini-batch of sketches are fed into the bottom level to obtain their corresponding latent codes. These codes are
sent into the top level to update the GMM latent distribution, which further regularizes the bottom network 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. BY'Y harmony learning seeks a best matching between encoding and decoding subsystems with
a most tacit manner by minimizing 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, contributing to the
reduced overlaps and further a more easily controlled sketch synthesis process. Experimental results show that
IA-pix2seq improves the controllable synthesis performance especially 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 interpolated latent code or a masked sketch image.

Key words sketch synthesis; latent codes self-organization; Bayesian Ying-Yang harmony learning; deep
bidirectional intelligent system; Gaussian mixture model
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x1 HEK 1 THEE TS RS (%)

WiRis Rec T Ret T Acc T
Top-1 Top-10 Top-50
sketch-rnn™ 50.33  0.38 2.84 9.33 /
sketch-piste'(ﬂl11J 83.99 1345 3012  49.99 /
Song et al.’?%) 91.77 1641 3643 5222 /
VaDE! 87.83 3.30 12.59 26.34 57.87
RPCL-pix2seq™! 93.18 17.86  38.87  55.30 73.60
1A-pix2seq 9475 2434 4808  67.36 93.31
SketchHealer“"! 91.04 58.80 82.15 91.33 /
IA-pix2seq+ 93.02 64.09 8659  94.25 96.41

F 2 BURE 2 THEBEIEERMERELER (%)
Ret T

Tk Rec T Acc T
Top-1  Top-10  Top-50
sketch-rnnT 80.66  17.40 4260 5452 /
sketch-pix2seq™  79.74  16.64 39.50 57.20 /
Song et al.*"! 81.54 2056  42.08 5826 /
VaDE™! 74.68 6.14 2292 4172 59.00
RPCL-pix2seq™!  82.08 1856 4298  58.02 66.40
1A-pix2seq 82.74 2438 50.18 6854 8112
SketchHealer!*!! 85.84 4936 7426  87.36 /
IA-pix2seq+ 87.00 59.04 8056  91.10  83.03

®3 BURE 3 THZEEITE RIMERELEE (%)

7% Rec T Ret T Acc T
Top-1 Top-10 Top-50
sketch-rnn™T 57.64 3.72 13.42 26.14 /
sketch-pix2seq'"! 79.13 2292 4755 58.19 /
Song et al.*"! 83.28 2547 4339  56.16 /
VaDE! 74.68 4,78 19.22 39.51 43.68
RPCL-pix2seq!! 81.80 2880  59.05  77.52 50.62
1A-pix2seq 8399 3728 5809 8353  76.50
SketchHealer!“!) 87.03 6852 8237  86.57 /
I1A-pix2seq+ 88.09 80.01 9369 9751 8542
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SketchHealer 1 | A-pix2seq+ ) SZi6 45 B H 4,
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RPCL-pix2seq  0.3213+0.3250  0.1826+0.0700

e 1 1A-pix2seq 0.0891+0.1045  1.671240.5356
oo lAcpbasedr 00405401739 05920401778

RPCL-pix2seq  0.43824:0.3059  0.3730--0.1389

Hahse 2 1A-pix2seq 0.3785+0.2137  0.7330+0.1247
oo lAcpbxasedr 00804401056 0603400956

RPCL-pix2seq  0.29934:0.3195  0.54910.6709

e 3 1A-pix2seq 0.1284+0.1533  1.3916+0.9351

I1A-pix2seq+ 0.0485+0.1770  1.4791+0.1961
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2 2] Ret T
T2 KB Top-1  Top-10 Top-50
ML ML 83.45 366  13.61 27.22 76.00
ML HL 89.86 810 2951 5455 74.83

HL ML 92.02 0.90 6.17 20.08 92.94
HL HL 94.75  24.34 48.08 67.36 93.31
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EpH Ret T
) Rec T

iR RE Top-1 Top-10  Top-50
ML ML 7100 152 790 1906 6216
ML HL 7350 600 1900 3642  61.96

HL ML 79.68 4.70 20.06 41.64 69.78
HL HL 82.74  24.38 50.18 68.54 81.12
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53] g Ret T
TiZ K2 Top-1 Top-10 Top-50
ML ML 60.37 0.26 1.92 7.09 61.80
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HL HL 83.99 37.28 58.09 83.53 76.50
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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 convey
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 latent codes. Such a latent space is regarded as a Voronoi
tessellation, 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 group of
studies utilized different forms of sketches, such as the
sequential form, the pixel form or both, expecting to extract
more sketch patterns to assist the latent space self-organization.
Another group focused on the structure of the latent space, e.g.,

aiming to self-organize a single Gaussian distributed, a uniform
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distributed or a Gaussian mixture model (GMM) distributed
latent space. These latent structures help fit the real sketch data
distribution properly, encouraging the sketch synthesis to be
controllable.

The Gaussian regions from the GMM latent space build by
the recent models are heavily overlapped, which reduces the
controllable synthesis performance. This paper present
IA-pix2seq which is guided by the Bayesian Ying-Yang (BYY)
harmony learning algorithm. BYY harmony learning seeks a
best matching between encoding and decoding subsystems with
a most tacit manner by minimizing the information transferred
from sketches to latent codes. Correspondingly, IA-pix2seq not
only centralizes the latent variables within a latent Gaussian
component but also squeezes the latent territory for each sketch
sample. The experimental results show the sketch synthesis
process are more easily controlled and the generated sketches
preserve more details of the input constraint which can be
either an interpolated latent code or a masked sketch image.
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