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Figure 1: Example-based image synthesis applications explained in this tutorial (from left to right): appearance transfer to fluid simula-
tions [JFA∗15], directional texture painting [LFA∗15], illumination-driven artistic style transfer to 3D models [FJL∗16], and example-based
stylization of head portraits [FJS∗17].

Abstract

This tutorial presents a concise overview of development in the field of example-based image synthesis that over the last two
decades rapidly evolved into a powerful tool enabling the production of synthetic imagery often indistinguishable from the
source exemplar. We discuss not only the basic algorithmic concepts but also their further improvements which lead to significant
reduction of computational overhead as well as better visual quality. We also demonstrate numerous applications including
texture synthesis, hole-filling, video completion, retargeting, reshuffling, morphing, melding, painting by feature, appearance
transfer to fluid animations or artistic style transfer to 3D models and facial animations.

1. Intended Audience

Our tutorial is tailored to students, researchers, and developers who
are interested in example-based content creation with a specific em-
phasis on patch-based synthesis. Although it may seem this topic
nowadays is a bit outdated due to the advent of parametric neural-
based techniques we demonstrate that non-parametric approaches
with proper guidance still deliver state-of-the-art quality and can
be a valuable inspiration for further development combining cur-
rent advances in deep learning with the power of patch-based tech-
niques.

2. Background

This tutorial was inspired by a recently published comprehensive
survey about patch-based synthesis techniques written by Barnes &
Zhang [BZ17] which stems from and extends previous state-of-the-
art report by Wei et al. [WLKT09]. Those two seminal publications
can serve as a primary reference and guidepost for all participants
where they can find the essential information at one place. In this

tutorial, we further extend those two surveys by adding new meth-
ods which were published after publication of Barnes & Zhang’s
paper.

3. Prerequisites

There are no specific prerequisites to this tutorial. We just assume
a basic knowledge of image processing. All necessary principles
will be described in sufficient detail. Links to further readings are
provided in this tutorial description document for those who are in-
terested in more in-depth understanding of presented methods and
their applications.

4. Presenters

Jingwan Lu is a Research Scientist at the Creative Intelligence
lab of Adobe Research. She has a passion for data-driven content
creation. She has worked on brush models, stylization, guided tex-
ture synthesis, voice synthesis, etc using various data-driven ap-
proaches. She has ventured into deep generative models in recent
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years. Her vision is to harness the power of machine learning in the
age of data explosion to invent the next generation image and video
editing tools.

Michal Lukáč is a Research Scientist at the Creative Intelligence
lab of Adobe Research. In his job as a toolmaker, he is working to
empower artists to proliferate their creativity.

Daniel Sýkora is an Associate Professor at the Department of
Computer Graphics and Interaction, Faculty of Electrical Engi-
neering, Czech Technical University in Prague. Daniel’s lifelong
passion is to eliminate repetitive and time-consuming tasks while
retaining the uniqueness of hand-drawn style. He found example-
based image synthesis to be a powerful tool that can help to fulfill
this goal. For his contribution to the field, Daniel received presti-
gious Neuron Award for Promising Young Scientists.

5. Outline

In this section, we describe the content of the tutorial in more detail.
The tutorial is subdivided into three main thematic blocks each of
which is governed by one of the speakers.

5.1. Basic concepts (Daniel Sýkora)

Research in the field of example-based image synthesis can be
divided into two main branches: parametric [PS00] and non-
parametric [EL99]. At the beginning of our tutorial, we describe
those two concepts in more detail and compare their performance
concerning quality and ability to reproduce different style exem-
plar. After this initial overview, we focus more on non-parametric
techniques which in general better preserve the fidelity of the
source exemplar. Finally, we introduce the concept of guided syn-
thesis [HJO∗01] which enables to control the synthesis process us-
ing a set of user-specified guiding channels (see Fig. 2).

Figure 2: An illustration of the guided synthesis princi-
ple [HJO∗01]: original photo (bottom left) is annotated with seg-
mentation guide (top left), the user can then provide segmentation
guide for the target image (top right), and the algorithm synthe-
sizes image using the original photo as a source while respecting
the correspondence between segmentation guides (bottom right).

After the introduction of basic principles, we will focus

more on the energy-based formulation of non-parametric synthe-
sis [KEBK05] and describe a popular algorithm [WSI07] which al-
lows minimization of the proposed energy function efficiently. One
of the critical limitations of this approach, however, is the enor-
mous computational overhead connected with expensive nearest-
neighbor retrieval which represents a central bottleneck of the
whole method. To alleviate it we describe a randomized algorithm
(PatchMatch [BSFG09]) which can deliver comparable nearest-
neighbor field quality orders of magnitude faster as compared to
the deterministic solution.

5.2. Applications of EM-based texture synthesis (Jingwan Lu)

Texture synthesis using EM-based optimization finds many graph-
ics and vision applications. We will introduce some most influential
work in recent years to give the audience examples of how the basic
concepts presented in the first session can be extended in different
ways for diverse applications.

Figure 3: An example of advanced image completion opera-
tion (right) which uses a variant of EM-based texture synthe-
sis [DSB∗12] while taking into account different orientations and
scales of the patches taken from the inpainted source (left).

We will first introduce how the basic formulation of un-
guided texture synthesis can be extended to go beyond 2D
for synthesizing geometry on surfaces or 3D volumetric tex-
tures [LHGM05, KFCO∗07, DLTD08, LPKK12]. Then, we will do
a deep dive into the recent applications of guided synthesis in
the image and video domain. We will present unconstrained or
implicitly-guided texture synthesis approaches for image hole filing
and completion [BSFG09, CGMP11, DSB∗12, GM14, HKAK14]
(see Fig. 3), content reshuffling [CBAF08, BSFG09] and re-
targeting [SCSI08], and extend the concept to incorporate tempo-
ral constraints for video inpainting [WSI07, GKT∗12, NAF∗14].
Finally, we will describe the recent advances in explicitly-guided
texture synthesis for two particular application domains, styl-
ization [HJO∗01, BCK∗13, FLJ∗14, FJL∗16, FJS∗17] and paint-
ing [RLC∗06, LFB∗13, LFA∗15] (see Fig. 1).

5.3. Addressing problems of EM-based texture synthesis and
corresponding applications (Michal Lukáč)

Next, we will have a look at the fundamental limitations of patch-
based approaches, proposed ways of dealing with them, and open
problems for future work.
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In recent years, a common problem of patch-based optimiza-
tion called “wash-out” has been identified. This problem affects
simple as well as guided synthesis and results in a dramatic loss
of high-frequency content. We will take a look at its causes, the
issues it creates, and how the optimization can be re-formulated
to address it. We will explain bidirectional similarity [WHZ∗08,
SCSI08], color histogram matching [KFCO∗07], uniform patch
utilization [RCOL09, JFA∗15, KNL∗15] (see Fig. 4) and adaptive
uniform utilization [FJL∗16] (see Fig. 1).

Figure 4: An example of “wash-out” effect: a texture synthesized
using standard energy formulation of Kwatra et al. [KEBK05] (left)
and a result of improved energy by Kaspar et al. [KNL∗15] which
takes into account uniform utilization of source patches (right).

Applications such as stylization take advantage of guided syn-
thesis, but the choice of guidance channels has so far been heuris-
tic. We will consider the heuristics used so far [JFA∗15, FJL∗16,
FJS∗17] and compare them with alternatives, such as neural-based
guidance [LYY∗17].

A fundamental limitation of non-parametric example-based ap-
proaches is that they cannot hallucinate content. We will show
how other methods have been used to handle this problem [HE07,
PKD∗16, ISSI17] and how they can tie into patch-based optimiza-
tion.

Finally, we will examine the question whether in light of the
above problems the EM patch-based optimization is really a use-
ful model, and what alternatives there could be.
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