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Abstract

Fluid phenomena are ubiquitous to our world experience: winds swooshing
through trembling leaves, turbulent water streams running down a river, and cel-
lular patterns generated from wrinkled flames are some few examples. These
complex phenomena capture our attention and awe due to the beautifully ma-
terialized complex patterns and become crucial elements to artistically support
storytelling. In virtual environments, however, sophisticated manipulation of an-
imated flow structures is still a burdensome task.

Given the amount of available fluid simulation data, data-driven approaches have
emerged as attractive solutions. Hence, this thesis aims to provide a novel data-
driven framework in which artists can freely interact and manipulate fluid simu-
lations to achieve a desired style or to follow an input sketch, without the burden
of tuning a vast number of physical parameters or long waiting times.

Aiming to improve the usually slow computational time of simulations, we
present the first generative deep learning architecture that successfully synthe-
sizes plausible and divergence-free 2D and 3D fluid simulation velocities from
a set of reduced parameters. Our results show that generative neural networks
can construct a wide variety of fluid behaviors, from turbulent smoke to viscous
liquids, that closely match the input training data.

Neural Style Transfer is a popular technique for artistically manipulating images
and videos. Hence, we introduce the first Transport-based Neural Style Transfer
algorithm for smoke simulations. Our method facilitates automatic instantiation
of a vast set of motifs through semantic transfer, enabling novel artistic manipu-
lations for fluid simulation data. Additionally, the proposed method successfully
synthesizes various styles of input images, ranging from artistic to photorealistic
examples.

We then extend our previous Transport-based neural flow stylization to a La-
grangian framework, which demonstrates benefits with respect to quality, per-
formance, and art-directability. A key property of our approach is that it is not
restricted to any particular fluid solver type. This generality of our method facili-
tates seamless integration of neural style transfer into existing content production
workflows.
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Finally, we propose the first method for reconstructing 3D smoke densities from
2D artist sketches, which potentially represents the first step towards bridging the
gap between early-stage prototyping of smoke keyframes and visual realization.
We proposed a CNN for computing density refinements, a differentiable sketch
renderer integrated into the end-to-end training, and a set of loss functions de-
signed explicitly for the sketch-to-density problem.
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Zusammenfassung

Naturphänomene wie Flüssigkeiten und Rauch sind allgegenwärtig: Winde, die
durch Blätter wehen, turbulente Wassermassen, die einen Fluss hinunter strömen,
und zellenähnliche Muster, welche von flackernden Flammen erzeugt werden,
sind nur einige Beispiele. Diese komplexen und visuell spektakulären Phänomene
sind nicht nur beeindruckend, sondern werden zu entscheidenden Elementen um
eine Geschichte bildnerisch zu erzählen und künstlerisch zu unterstützen. In sol-
chen virtuellen Umgebungen ist jedoch die Kontrolle dieser Flüssigkeiten und
deren feiner Strukturen immer noch eine zeitintensive und aufwändige Aufgabe.

Angesichts der Menge der verfügbaren Daten von Strömungssimulationen haben
sich Daten-gesteuerte Ansätze als attraktive Lösung herausgestellt. Ziel dieser Ar-
beit ist es daher, neuartige Daten-gesteuerte Methoden und Algorithmen bereit-
zustellen, in dem Künstler mit Flüssigkeitssimulationen interagieren und diese
manipulieren können. Dies ermöglicht es, eine gewünschte Form oder Stil zu er-
zielen, ohne dass eine hohe Anzahl an physikalischen Variablen getestet werden
muss und lange Wartezeiten entstehen.

Um die normalerweise langsame Berechnungszeit von Simulationen zu verbes-
sern, präsentieren wir die erste generative Deep Learning Architektur, die plausi-
ble und divergenzfreie 2D- und 3D-Geschwindigkeitsfelder von Strömungen mit
einer Reihe reduzierter Parameter synthetisiert. Unsere Ergebnisse zeigen, dass
generative neuronale Netze eine Vielzahl von Flüssigkeitsverhalten nachbilden
können, von turbulentem Rauch bis zu viskosen Flüssigkeiten, die stark mit den
eingegebenen Trainingsdaten übereinstimmen.

Neural Style Transfer ist eine beliebte Technik zur künstlerischen Bearbei-
tung von Bildern und Videos. Daher stellen wir den ersten transport-basierten
Neural Style Transfer-Algorithmus für Rauchsimulationen vor. Unsere Methode
ermöglicht die automatische Instanziierung einer Vielzahl von Motiven durch se-
mantischen Transfer und ermöglicht neuartige künstlerische Manipulationen von
Strömungssimulationen. Darüber hinaus synthetisiert das vorgeschlagene Ver-
fahren erfolgreich verschiedene Arten von Eingabebildern, die von künstlerischen
bis zu fotorealistischen Beispielen reichen.

Anschließend erweitern wir unsere bisherige transportbasierte neuronale
Strömungsstilisierung auf ein Lagrange Framework, das Vorteile in Bezug auf
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Qualität, Laufzeit und künstlerische Kontrolle hat. Eine Schlüsseleigenschaft
unseres Ansatzes ist, dass er nicht auf ein bestimmtes Diskretisierungsmodell
und Drucklösertyp beschränkt ist. Diese Allgemeingültigkeit unserer Methode
ermöglicht eine problemlose Integration der Methode in existierende Arbeitspro-
zesse und Spezialeffekte.

Abschliessend schlagen wir die erste Methode zur Rekonstruktion von 3D-
Rauchdichten aus 2D-Skizzen von Künstlern vor, um die Brücke zwischen dem
frühen Prototyping von Rauch Keyframes und der visuellen Realisierung in 3D
zu ermöglichen. Wir präsentieren ein CNN-basiertes Netzwerk zur Berechnung
der Dichte und Verfeinerung davon, einen differenzierbaren Sketch-Renderer der
in das End-to-End-Training integriert ist, und eine Reihe von Kostenfunktionen,
welche explizit für das Sketch-to-Density-Problem entwickelt wurden.
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”It’s a common misconception that visual effects are about simulating reality.
They’re not. Reality is boring. Visual effects are about simulating something dramatic.”
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C H A P T E R 1
Introduction

Fluid phenomena are ubiquitous to our world experience: winds swoosh-
ing through trembling leaves, turbulent water streams running down a
river, and cellular patterns generated from wrinkled �ames are some few
examples. These complex phenomena capture our attention and awe due
to the beautifully materialized complex patterns and become crucial ele-
ments to artistically support storytelling. Thus, for the last 30 years, several
works [Stam, 1999; M̈uller et al., 2003; Zhu and Bridson, 2005] in Computer
Graphics have successfully focused on plausibly simulating �ows in virtual
environments.

However, artistically manipulating animated �ow structures is still a bur-
densome task. In movies, �ow features often have to be precisely guided
to convey a dramatic effect or aesthetically compose a shot. Current work-
�ow pipelines for controlling �uids are based on laborious hand-tuning of a
myriad of parameters, which usually require speci�c knowledge of the un-
derlying physics and algorithms used for numerical approximation. Due to
the complexity of the underlying mathematical model, achieving a speci�c
outcome can become counter-intuitive, and large-scale richly detailed �uid
simulations are computationally expensive. These factors lead to a tedious
and time-consuming artistic authoring process.

Meanwhile, machine learning techniques have become popular in recent
years due to numerous algorithmic advances and the accessibility of compu-
tational resources. These, in particular, made a considerable revolution in se-
mantic analysis [Simonyan and Zisserman, 2015] and generative tasks [Isola
et al., 2017]. Accordingly, they have been adopted for many applications in
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Introduction

(a) (d)

(b) (c)

Figure 1.1: Target applications of this thesis. We provide a powerful deep generative
model spanning a vast subspace of �uids (a), physically-inspired neural �ow
stylization for both Eulerian (b) and Lagrangian (c) �uid representations,
and the �rst sketch-to-density authoring tool (d).

Computer Graphics, such as generating terrains [Guérin et al., 2017], high-
resolution faces synthesis[Karras et al., 2018], imitating character's acrobatic
dynamics [Peng et al., 2018], neural style transfer [Gatys et al., 2016a], video
synthesis from audio for lip sync [Suwajanakorn et al., 2017], and cloud ren-
dering [Kallweit et al., 2017]. In �uid simulation, machine learning tech-
niques have been used to replace[Ladick ý et al., 2015], speed up [Tompson
et al., 2019], or enhance existing solvers [Xie et al., 2018].

Hence, this thesis goal is to develop novel data-driven methods that sup-
port authoring �uid simulations. Thus, we developed tools to cope with
the challenges of performance and physical plausibility (Chapter 3), image-
based style transfer for volumetric grids (Chapter 4) and particle-based sim-
ulations (Chapter 5), and prototyping of simulations based on sketch inputs
provided by artists (Chapter 6). The ultimate goal of this thesis is to pro-
vide a framework in which artists can freely interact and manipulate �uid
simulations to achieve a desired style or to follow an input sketch, without
the burden of tuning a vast number of physical parameters or long waiting
times. In the following sections, we will further comment on the challenges
of data-driven and artistic authoring of �uid simulations.
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1.1 Data-Driven Fluid Simulations

Figure 1.2: Limitation of existing �ow stylization approaches. Patch-based texture syn-
thesis methods (left,[Jamri�ska et al., 2015]) allow appearance transfer (X1)
from a source texture (Z1rgb) to a target mask (X1a) in 2D only, and velocity

synthesis methods (right,[Sato et al., 2018a]) merely focus on enhancing
small-scale turbulence details.

1.1 Data-Driven Fluid Simulations

The constant interplay between artists and digital content requires tools to
change the scene setup iteratively, and computationally ef�cient simulations
are desired to avoid long waiting times. Ef�ciency is even more critical for
physically-based simulations in short animated TV productions, where sim-
ulated effects must be ready in instant time and at a low budget.

Given the amount of available �uid simulation data, data-driven approaches
have emerged as attractive solutions. Subspace solvers[Treuille et al.,
2006], �uid re-simulators [Kim and Delaney, 2013] and basis compressors
[Demby Jones et al., 2016] are examples of recent efforts in this direction.
However, these methods usually represent �uids using linear basis func-
tions, e.g., constructed via Singular Value Decomposition (SVD), which are
less ef�cient than their non-linear counterparts. Chapter 3 investigates deep
generative models implemented by convolutional neural networks (CNNs)
to show promise for representing data in reduced dimensions thanks to their
capability to tailor non-linear functions to input data.

1.2 Artistic Fluids Authoring

Flow Stylization Post-processing methods for �uids aim at enabling de-
tailed feature control by patch-based texture and velocity synthesis. While
current patch-based techniques focus on controlling structural patterns [Ma
et al., 2009; Jamri�ska et al., 2015], they are limited to 2D �ows. Velocity syn-
thesis approaches allow augmentation of coarse simulations with turbulent
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Figure 1.3: Artist sketches of an explosion superimposed over time[Gilland, 2012]. To
the best of our knowledge, no existing method allows artists to construct 3D
smoke keyframes straight from 2D sketches.

structures [Kim et al., 2008b; Sato et al., 2018a], but cannot capture the full
spectrum of different styles and complex semantics. In Chapter 4 and Chap-
ter 5, we examine the power of the recent neural algorithm to support artistic
manipulations of �ow data enabling multi-level control of �ow features with
automatic instantiation of patterns.

Sketch-Based Keyframe Construction At the core of creative work�ows,
digital artists start with concept sketches and a storyboard indicating the
motion [Gilland, 2012] and manually generate individual keyframes repre-
senting the �uid at speci�c time instances. They are often represented as
volumetric density �elds [Pan and Manocha, 2016], but liquid surface in-
formation [Nielsen et al., 2011] and mesh boundaries [Raveendran et al.,
2012] have also been previously employed. Animations are then gener-
ated by either integrating the keyframes into a physics solver with arti-
�cial forces attracting the smoke to the target shape [Thürey et al., 2006;
Fattal and Lischinski, 2004; Shi and Yu, 2005b] or using gradient-based
optimization techniques such as the adjoint method [Treuille et al., 2003;
McNamara et al., 2004]. Reproducing these sketched keyframes as 3D den-
sity clouds that capture realistic �ow details is highly non-trivial and re-
mains a manual and time-consuming process. To our knowledge, no method
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1.3 Contributions

exists that generates 3D reconstructions of �uids from 2D artist sketches.
Thus, in Chapter 6, we study a data-guided approach to compute a 3D
smoke density �eld directly from a set of 2D artist sketches, bridging the gap
between early-stage prototyping of smoke keyframes and visual realization.

1.3 Contributions

In the following, we list the main contributions of the work presented in this
thesis:

• We present a novel generative model (Deep Fluids) to synthesize �uid sim-
ulations from a set of reduced parameters. A convolutional neural
network is trained on a collection of discrete, parameterizable �uid
simulation velocity �elds. Due to the capability of deep learning
architectures to learn representative features of the data, our gener-
ative model is able to accurately approximate the training dataset,
while providing plausible interpolated in-betweens. The proposed
generative model is optimized for �uids by a novel loss function
that guarantees divergence-free velocity �elds at all times. In addi-
tion, we demonstrate that we can handle complex parameterizations
in reduced spaces, and advance simulations in time by integrating
in the latent space with a second network. Our method models
a wide variety of �uid behaviors, thus enabling applications such
as fast construction of simulations, interpolation of �uids with dif-
ferent parameters, time re-sampling, latent space simulations, and
compression of �uid simulation data. Reconstructed velocity �elds
are generated up to 700� faster than re-simulating the data with the
underlying CPU solver, while achieving compression rates of up to
1300� .

• We propose the �rst Transport-based Neural Style Transfer (TNST) algo-
rithm for volumetric smoke data.Our method is able to transfer fea-
tures from natural images to smoke simulations, enabling general
content-aware manipulations ranging from simple patterns to intri-
cate motifs. The proposed algorithm is physically inspired, since
it computes the density transport from a source input smoke to a
desired target con�guration. Our transport-based approach allows
direct control over the divergence of the stylization velocity �eld
by optimizing incompressible and irrotational potentials that trans-
port smoke towards stylization. Temporal consistency is ensured by
transporting and aligning subsequent stylized velocities, and 3D re-
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constructions are computed by seamlessly merging stylizations from
different camera viewpoints.

• We present a Neural Style Transfer approach from images to 3D �uids
formulated in a Lagrangian viewpoint (LNST). Using particles for style
transfer has unique bene�ts compared to grid-based techniques. At-
tributes are stored on the particles and hence are trivially trans-
ported by the particle motion. This intrinsically ensures tempo-
ral consistency of the optimized stylized structure and notably im-
proves the resulting quality. Simultaneously, the expensive, recur-
sive alignment of stylization velocity �elds of grid approaches is un-
necessary, reducing the computation time to less than an hour and
rendering neural �ow stylization practical in production settings.
Moreover, the Lagrangian representation improves artistic control
as it allows for multi-�uid stylization and consistent color transfer
from images, and the generality of the method enables stylization of
smoke and liquids likewise.

• We present the �rst method to compute a 3D smoke density �eld di-
rectly from 2D artist sketches, bridging the gap between early stage
prototyping of smoke keyframes and visual realization. From the
sketch inputs, we compute an initial volume estimate, and re�ne
the density iteratively with a convolutional neural network. Our
differentiable sketcher is embedded into the end-to-end training,
which results in robust reconstructions. Our training dataset and
sketch augmentation strategy is designed such that it enables gen-
eral applicability. To compute an animated sequence, we interpolate
between a pair of reconstructed density keyframes using Wasser-
stein barycenters. We evaluate the method on synthetic inputs and
sketches from artist depicting highly non-physical smoke shapes
and motion.

1.4 Publications

This thesis is based on the following peer-reviewed conference publications:

• B. Kim, V. C. Azevedo, N. Thuerey, T. Kim, M. Gross, B. Solenthaler,
Deep Fluids: A Generative Network for Parameterized Fluid Sim-
ulations , Computer Graphics Forum (Proceedings of Eurographics 2019),
38(2), May. 2019.

• B. Kim, V. C. Azevedo, M. Gross, B. Solenthaler, Transport-Based
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Neural Style Transfer for Smoke Simulations , ACM Transactions on
Graphics (Proceedings of SIGGRAPH Asia 2019), 38(6), Nov. 2019.

• B. Kim, V. C. Azevedo, M. Gross, B. Solenthaler, Lagrangian Neural
Style Transfer for Fluids , ACM Transactions on Graphics (Proceedings
of SIGGRAPH 2020), 39(4), Jul. 2020.

This thesis is also based on the following submitted publication:

• X. Huang, G. Cordonnier, B. Kim, V. C. Azevedo, M. Gross, B. So-
lenthaler, Deep Reconstruction of 3D Smoke Densities from Artist
Sketches, submitted to SIGGRAPH Asia 2020.

This thesis includes the contents of all above papers as well as additional
implementation and evaluation details not present in the papers.

During the course of this thesis, the following peer-reviewed papers were
published, which are not part of this thesis:

• B. Kim, O. Wang, A. C. Öztireli, M. Gross, Semantic Segmentation
for Line Drawing Vectorization Using Neural Networks , Computer
Graphics Forum (Proc. Eurographics 2018), 37(2), Apr. 2018.

• B. Kim and T. G ünther, Robust Reference Frame Extraction from
Unsteady 2D Vector Fields with Convolutional Neural Networks ,
Computer Graphics Forum (Proc. EuroVis 2019), 38(3), June. 2019.

• F. Christen, B. Kim, V. C. Azevedo, B. Solenthaler, Neural Smoke
Stylization with Color Transfer , Eurographics 2020 Short Paper, May.
2020.

• S. Biland, V. C. Azevedo, B. Kim, B. Solenthaler, Frequency-Aware
Reconstruction of Fluid Simulations with Generative Networks ,
Eurographics 2020 Short Paper, May. 2020.

• S. Wiewel, B. Kim, V. C. Azevedo, B. Solenthaler, N. Thuerey, Latent
Space Subdivision: Stable and Controllable Time Predictions for
Fluid Flow , Computer Graphics Forum (Proc. SCA 2020), 39(8), Nov.
2020.

• S. L. Charreyron, Q. Boehler, B. Kim, C. Weibel, C. Chautems, B. J.
Nelson, Modeling Electromagnetic Navigation Systems , submitted
to IEEE Transaction on Robotics.
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C H A P T E R 2
Related Works

We categorize the related works relevant to this thesis in four categories.
Firstly, we brie�y introduce and review �uid simulations works in Com-
puter Graphics �eld over the last 30 years distinguishing between Eulerian,
Lagrangian, and hybrid discretizations. Then, recent works that apply ma-
chine learning for �uids will be discussed, followed by a study of artistically
controlling �uid simulations. Lastly, recent deep-learning based stylization
approaches are analyzed.

2.1 Fluid Simulation for Computer Graphics

2.1.1 Eulerian Fluids

Incompressible �uids are traditionally simulated by solving the Navier-
Stokes (NS) equations[Stokes, 1845], which relate momentum

¶u
¶t

+ ( u � r )u = �
1
r

r p + mr 2u + f (2.1)

and mass conservation
r � u = 0 (2.2)

equations, where u and p are the �uid velocity and pressure with uniform
density r , and f represents external forces. The viscosity mr 2u is usually
omitted, since simulations for visual effects commonly rely on numerical
dissipation instead.
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