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Abstract

2D smoke effects are ubiquitous visual elements in graphic design, illustration-
oriented creation and animation. In practice, conventional 2D smoke design
is generated using procedural physical simulations with various parameters,
which requires substantial expert knowledge of fluid dynamics. Non-expert
users are required to transfer the creative intentions into modification of
simulation parameters, which causes a semantic gap between design intent
and the resulting smoke effect. In contrast, hand-drawn sketches provide a
an intuitive and abstract representation of visual intent. For smoke effects,
a few strokes can convey both salient structures and coarse motion cues,
making abstract intent more concrete.

Fluid synthesis has been reformulated as a data-driven generation task
due to advancements in conditional generative models. The generative
models learn an end-to-end mapping from sketches to target outputs by
leveraging paired training data. Still, previous sketch-guided flow field
generation methods adopt a one-stage conditional generative adversarial
network flow field generation framework using sketch as direct input. The
training process may be unstable due to the adversarial generation process.
One-stage mapping also offers insufficient control constraints during the
generation process. Inferring dense flow fields from sparse sketches is ill-
posed, one-stage generation process amplifies the uncertainty inherent in
mapping sketches to flow fields. Two-stage flow field generation study
invokes intermediate representation extracted from flow field to provide
explicit constraint during the generation process. The prior studies rely on
regional constraints including mask or filter, which lacks explicit consistency
constraints on the motion information contained from flow field.

To address the aforementioned challenges, this dissertation connects
the sketch and the smoke effect using diffusion model, and constrains the
generation process by extracting underlying physical information from the
flow field. The dissertation structure is organized as follows:

The first stage introduces sketch-guided flow field generation using diffu-
sion models. The velocity field used for training are obtained via smoke
simulation with simplified streamlines extracted as corresponding sketch
representations. Diffusion models circumvent adversarial training between
generator and discriminator by adopting a denoising framework for data
distribution estimation, ensuring a stable training process. The proposed
framework enables users to directly synthesize velocity fields from hand-
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drawn sketches.
The second stage introduces two-stage sketch-guided smoke illustration

generation using Lagrangian coherent structure (LCS). The process of gen-
erating a velocity field from a sketch is decomposed into two simplified sub-
processes. The first process generates LCS from input sketches. The second
process generates velocity field under the guidance of LCS. The LCS serves
as an intermediate representation between sketch and velocity field. The
LCS enhances regional control ability of the diffusion model. The generated
velocity field can be used as a guiding force, which can be directly integrated
into existing fluid simulation tools for smoke effect design.

The third stage introduces two-stage sketch-guided smoke illustration
generation using stream function. The stream function carries the rotational
information of the flow field and the geometry of the fluid. The stream
function is used as an intermediate representation between the sketch and
the velocity field, incorporating motion priors into velocity field generation.
The generated velocity field is used as guidance force for smoke effect
generation. The artistic stylization of smoke is achieved for 2D smoke
illustration synthesis through a stylized pre-trained model.

The final stage introduces two-stage sketch-guided smoke video genera-
tion using stream function. In the first process, the sketch is used as input
condition for generating the smoke video first frame and stream function
using diffusion model. In the second process, the generated first frame,
visualized stream function and text prompts are combined to control the
smoke video generation through video diffusion model. A motion control
module is incorporated to leverage the stream function as motion guidance
for smoke video generation. In addition, a pre-trained stylization model is
optionally provided for stylized smoke video synthesis.

This dissertation provides a sketch-guided approach to create smoke
effects, offers a new perspective on balancing user creative intent with
maintaining the consistency of generated physical contents. First, this
dissertation utilizes diffusion model instead of generative adversarial network
as training framework, improves the generation stability by circumventing the
adversarial process. Second, this dissertation introduces two-stage generation
strategy to decrease the velocity field generation ambiguity from sketch
inputs. Third, this dissertation enhances the coherence of generated velocity
fields by incorporating explicit motion guidance, moving beyond the reliance
on regional constraints. Finally, this dissertation synthesizes 2D smoke
animations via video diffusion model conditioned on motion guidance derived
from sketch inputs, thereby obviating the requirements of simulation tools.

Keywords: Fluid Simulation, Diffusion Model, Sketch-Guided Generation,
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Lagrangian Coherent Structure, Stream Function, Video Generation.
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Chapter 1

Smoke Effect Generation Intro-
duction

This chapter first introduces the background and challenges of fluid simu-
lation and generative approaches in fluid effect synthesis. By introducing
sketches, this dissertation focuses on connecting sketches and fluids through
generative models, and introduces the methodology and research framework
of this dissertation. Finally, this chapter briefly introduces the subsequent
chapters to clarify the overall content of this dissertation.

1.1 Background
Smoke is a distinctive gaseous fluid characterized by complex turbulent
structures and buoyant dynamics continuum medium and commonly appears
in the forms of liquids, gases, and plasmas. In nature, the rising plumes
and the intricate dispersion of clouds are representative manifestations of
smoke phenomena. Understanding the fluid dynamics behind the smoke
phenomena is crucial for environmental studies and fire safety engineering,
driven by the formulation of the Navier–Stokes equations and continuous
progress in theoretical analysis, experimental measurement, and numerical
computation. With the rapid advancement of computing hardware and the
maturation of numerical methods for solving partial differential equations,
smoke simulation has evolved from a scientific pursuit into a vital tool for the
creative industries. In computer graphics, the physically based fluid solvers
have been able to be integrated into production pipelines, supporting the
synthesis of visually high-fidelity smoke effects from single smoke plume to
atmospheric billowy smoke.

Smoke simulation approximates the continuous Navier–Stokes equations
by formulating a discrete numerical scheme on a spatiotemporal domain,
enabling the synthesis of physically plausible smoke motion and appearance.
Smoke simulation has evolved into a key component of modern visual content
creation, generate complex, dynamic motion while maintaining consistency
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Figure 1.1: The example of fluid simulation tool implemented in Blender
with parameters modification interface.

with physical principles. 3D smoke simulation is indispensable in industrial
design and realistic effects creation, including aerodynamic design workflows
and cinema-grade visual effects. where physical fidelity is critical but
remains computationally expensive at high resolutions. In contrast, 2D
smoke simulation offers a computationally efficient environment for smoke
structure and dynamics analysis in a high resolution. The computational
efficiency contributes to hypothesis verification in fluid dynamics research.
In geophysical fluid dynamics, 2D smoke simulation is foundational to earth
atmosphere analysis. Furthermore, the utility of 2D smoke simulation
extends into non-photorealistic rendering, where for synthesizing stylized and
artistically-driven smoke effects. Despite the widespread use of both 2D and
3D smoke solvers, smoke effect creation is still a challenging task.

Users design smoke effects by constructing simulation scenes within fluid
simulation tools provided by commercial software such as Maya, Houdini,
and Blender, or within game engines such as Unreal Engine and Unity3D.
Users have to specify a variety of parameter controls while using the simu-
lation tools, including emission sources, initial velocity, external forces, and
boundary conditions. The smoke motion is then obtained by numerically
evolving the underlying flow fields through the solution of discretized partial
differential equations (PDEs) over time. Users are required to translate
the conceptions of smoke structure and dynamics into intricate modeling
procedures and parameter constraints for smoke simulation. An example of
parameter-based control is shown in Figure 1.1. The intricate parameter
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controlling limits the accessibility of integrating smoke effects into the visual
creation by users, especially for those without a background in fluid dynamics
and design expertise. Consequently, reducing creation process complexity
and faithfully translating the user intent while preserving the consistency of
fluid motion has been a demanded requirement.

1.2 Motivation
Replacing traditional parameter driven fluid effect design workflows with
predefined visual components has emerged as an approach to bridge the gap
between user intent and fluid design. Schpok et al. [1] defines different smoke
motion features including vortex, advection, source and sink into elliptical
components. Users are allowed to edit the components for simulation scene
editing. Zhu et al. [2] enable users to compose and edit scenes by assembling
components. These components serve distinct purposes, such as adding fluid
sources, adjusting boundary conditions, and controlling fluid motion. Users
are allowed to freely to modify the drawn components for fluid scenario
editing. Xing et al. [3] define three brush components that encode distinct
fluid motion behaviors, allowing users to produce fluid-like motion effects
by painting on the canvas. The motion effects of different brushes can be
superimposed to synthesize complex motion patterns. However, component-
based fluid design systems are sensitive to user inputs. Users who are
unfamiliar with these systems provide non-standard or imprecise inputs to
the system, which may lead to unpredictable interactions or conflicts among
components. The collisions between components cause the designing process
fail or yield unsatisfactory results.

In traditional design process, hand-drawn sketch provides a compact
semantic-level representation of visual concept. In fluid effect design, a sketch
can describe both the salient structure and the motion direction guidance
with only a few strokes and thereby concretize the abstract user intent.
Sketch input offers an accessible means of specifying artistic intent compared
to parameter tuning or scripting-based controls, particularly for non-expert
users.

Recent progress in generative models further redefines fluid creation as
a conditional generation task. Generative models [4] learns an end-to-
end mapping from paired data and synthesize plausible outputs that are
consistent with the control condition. This capability provides a novel
approach for simplifying the fluid creation pipeline: user intent can be
provided in a semantic level input such as sketch, while the model generates
fluid data such as velocity field that can be directly integrated into numerical

3



simulators, or directly output the target fluid effect illustration and videos.
Nevertheless, current fluid generation studies largely rely on one-stage

conditional generative adversarial network. The adversarial training process
can be unstable, especially under limited data. The generated results
may suffer from artifacts or inconsistent motion. More fundamentally, the
mapping from sparse sketches to dense physically constrained flow fields is
inherently ill-posed, which is challenging to simultaneously achieve plausible
fluid data synthesis. These limitations lead to the key challenges discussed
in the next section.

1.3 Technical Challenges
Existing learning-based sketch-guided fluid generation [5–7] still face several
challenges that limit training stability, training interpretability, and physical
consistency.

Training instability Prior sketch guided velocity field synthesis studies
adopt conditional generative adversarial networks (cGANs) to learn a di-
rect mapping from sketches to target flow representations. In a cGAN,
two training process alternates between updating discriminator to improve
discrimination ability and updating generator to synthesize real-like flow
fields from given inputs. This adversarial process is challenging to optimize
in practice even effectiveness has bee proved in image-to-image translation
tasks. When the discriminator becomes overly strong in early training or
the data are limited, gradients received by the generator can become weak
or uninformative, leading to unstable convergence. Moreover, adversarial
training is known to be susceptible to mode collapse [8], where the generator
covers only a small subset of the target distribution and produces limited
diversity. In sketch-guided velocity field generation, these issues typically
manifest as noisy artifacts, inconsistent motion patterns, which collectively
reduce reliability for practical authoring.

Limited interpretability Direct one-stage mapping from sparse sketches
to dense flow fields is inherently ill-posed. This ill-posedness causes uncertain
mapping between sketch and flow fields, which increases the risk of unstable
or inconsistent outputs, especially when the sketch is sparse or deviates
from the training distribution. Furthermore, one-stage end-to-end generation
offers limited interpretability: Single-stage end-to-end generation has limited
interpretability. A sketch provides sparse information about the underlying
dynamics and coarse geometric structure. The mapping between sketch and
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flow field exhibits excessive functional complexity. Specifically, this mapping
must simultaneously achieve structural alignment (consistency between the
sketch geometry and the flow topology), complete missing motion informa-
tion (velocity magnitude, local directional variations, and rotational details),
and satisfy physical constraints (incompressibility, boundary conditions), all
within a single coupled procedure. Consequently, the monolithic mapping
substantially increases the learning difficulty.

Physical guidance insufficiency Two-stage generation frameworks in-
troduce an explicit intermediate condition to decompose sketch-guided flow
field generation, which can improve interpretability and reduce the complex-
ity of each sub generation task. However, existing intermediate conditions are
derived and represented primarily as visual-based information such as ridge-
like structures or scalar maps extracted from the flow. These information are
not explicitly encode motion-level information such as velocity magnitude
or rotational information. The visual-based condition may provide insuffi-
cient control over the generated dynamics. In addition, ensuring physical
consistency remains challenging. Due to diffusion-based generators typically
operate in a latent space, adopting hard physical constraints directly on latent
features is non-trivial. Without explicit motion condition constraint, the
generated flow motion may violate physical constraints, leading to artifacts
such as mismatched transport behavior. Addressing these issues requires
intermediate representations that provide motion-related information.

1.4 Proposed Framework
This dissertation adopts hand-drawn sketch as input reference of latent dif-
fusion model, generates incompressible smoke flow field that consistent with
sketch structure and motion direction. In addition, the implicit geometric
structure and motion information extracted from the smoke flow field is used
as control condition in training process, improve the consistency of generated
flow field.

1.4.1 Research Stages
The proposed smoke generation system is divided into the following stages
as figure1.2 shows. The first three stages primarily focus on generating the
smoke velocity field. Each subsequent stage builds upon the previous stage,
continuously improving the accuracy of the generated velocity field. The
generated velocity field is invoked into existing smoke simulators to drive the
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smoke movement, thus generate the target smoke effect. In the final stage,
the first three stages are integrated to construct a video diffusion model for
smoke video generation from hand-drawn sketches. While maintaining the
consistency of the flow field motion, smoke motion control in different visual
styles is successfully achieved.

1. A one-stage sketch-guided velocity field generation framework based on
latent diffusion model is proposed in the first stage. This framework
enables unprofessional users to generate velocity fields consistent with
hand-drawn sketch shapes. The stable training ability and generaliza-
tion ability of latent diffusion model improve the alignment accuracy
between semantic sketch and velocity field.

2. Second, based on the one-stage model, a two-stage sketch-guided smoke
illustration generation framework is introduced. The Lagrangian Co-
herent Structure (LCS) region is introduced as intermediate represen-
tation between sketch and velocity field. The mapping between sketch
and velocity is decomposed into simpler sub mappings to decrease the
training complexity. The LCS region extracted from velocity field
represent fluid region. The LCS provides a strong region control
ability for velocity field generation, which enhances the geometrical
consistency of the synthesized flow fields. The generated velocity
field can be assembled into existing smoke simulators for achieving
a semantic-driven smoke illustration synthesis.

3. Third, based on the two-stage model, the intermediate representation
is replaced from LCS into stream function. Although the LCS region
is a spatially-constrained information extracted from the velocity field,
the characterization appears as a mask-like regional control condition,
exhibiting a degree of ambiguity. The stream function extracted from
the vorticity field explicitly indicates the rotational motion informa-
tion of the velocity field. The stream function inherently possesses
divergence-free property, satisfied with the incompressibility of the
generated velocity field.

4. In the final stage, a sketch-guided smoke video generation framework
is proposed on the basis of previous stages. Text prompt is given for
specifying the generated video as a smoke pattern. A complete sketch is
drawn for generating the stream function as smoke motion constraint.
The sketch can be locally erased to generate rendered density field at
different time step as the first frame condition of video generation. In
addition, for the first frame smoke images that differ from the style
of the dataset, motion features stably guide smoke motion in video
generation. The style-transferred smoke images are generated using a
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Figure 1.2: The overview of this dissertation. The whole dissertation has
totally 4 stages.
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pre-trained I2I large model. The proposed smoke video generation
model can directly generate stylized smoke motion videos without
integrating with simulators and renderers.

This dissertation contributes a physics-aware, sketch-driven generative
pipeline for smoke effect creation. The one-stage LDM-based sketch-to-
velocity framework proves that improves training stability and generalization
relative to cGAN baselines. To address the ill-posedness and limited inter-
pretability of monolithic mappings, a two-stage formulation that decomposes
the generation process via explicit intermediate physical variables is furtherly
introduced. In particular, this dissertation studies LCS- and stream-function-
based intermediate representations: LCS provides strong region-level ge-
ometric control, while the stream function offers motion-aware guidance
by explicitly encoding rotational structures and supporting divergence-free
flows. Building on these components, a sketch-guided latent video diffusion
model is proposed that combines text conditioning, first-frame constraints,
and stream-function-based motion control to generate stylized smoke videos
directly. The proposed framework provides a practical foundation for intent-
driven smoke design, with potential impact on stylized content creation,
interactive graphics tools, and physically informed video generation.

1.4.2 Core idea
These four research stages are integrated around a core idea: bridge the
semantic gap between hand-drawn sketches and flow fields with diffusion
model, thereby simplifying the creation process of smoke effects. These four
stages form a progressively layered research program.

1. The first stage employs a diffusion model to learn the mapping from
streamline sketches to velocity fields, thereby validating the capacity
of diffusion model to stably learning characteristics of flow fields.
This establishes a foundation for introducing intermediate physical
representations into the mapping.

2. Building on the first stage, the second stage further decomposes the
mapping from sketch to velocity field by introducing region features
extracted from velocity fields as intermediate condition. By explicitly
incorporating the spatial geometry characteristics of the velocity field
as control conditions, the interpretability and controllability of diffusion
model is proved.

3. Building on the second stage, the third stage introduces the motion
information extracted from velocity field as intermediate condition
of two-stage generation model. The extracted motion information
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Figure 1.3: The interrelationship between stages in this dissertation.

furtherly aligns the geometrical and physical consistency of synthesized
velocity field.

4. The fourth stage extends the generation target from single velocity field
to smoke density field sequences building on previous stages. In this
stage, the stream function serves as an intermediate representation
between sketches and smoke density field sequences, and simultane-
ously controls the smoke motion information during video generation
process. This validates the capability of the diffusion model to learn
the spatiotemporal evolution of flow fields.

1.5 Dissertation Organization
Chapter 1 first explores the development and interrelationships of smoke
effect creation, sketch-based semantic expression, and generative models.
Addressing three challenges in current smoke effect creation: the semantic
gap in generation control, the sparse-to-complex mapping complexity, and
the physical guidance insufficiency. This dissertation proposes a sketch-
guided smoke illustration and video generation system based on diffusion
model. Physics-informed flow field motion control conditions are integrated
into the generation process, a balance is achieved between semantic hand-
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drawn sketch input and the physical consistency of the output flow field.
Chapter 2 reviews research on fluid simulation, fluid control, generative

models, and sketch-based generation. Section 1 briefly introduces the de-
velopment and classification of fluid simulation. Section 2 introduces related
research on fluid motion control based on reference shapes, semantic sketches,
and guiding fields. Section 3 introduces the development of generative models
and their related research on fluid data synthesis. Section 4 introduces related
research on sketch-based target image and video generation.

Chapter 3 introduces the foundational knowledge underpinning this dis-
sertation. Firstly, key concepts in grid-based fluid simulation and physical
knowledge include finite time Lyapunov exponent, Lagrangian coherent
structure, Helmholtz-Hodge decomposition and stream function is intro-
duced. Then the essentials of the auto-encoder and latent diffusion model is
introduced, providing the theoretical basis for the subsequent chapters.

Chapter 4 introduces a one-stage sketch-guided velocity field generation
framework using latent diffusion model. This framework adopts hand-drawn
sketches as the input to synthesize the corresponding velocity field, thereby
simplifying the connection gap between semantic sketch input and physics-
based target velocity field.

Chapter 5 introduces a two-stage sketch guided smoke illustration gener-
ation framework based on LDM. The mapping between sketch and velocity
field is decomposed into two sub-mappings for simplifying the generation
process. The LCS is extracted from velocity field as an intermediate rep-
resentation. The proposed two-stage framework enhances interpretability of
velocity field generation process and achieves accurate flow region constraint.
The generated velocity fields can be seamlessly integrated into existing
simulation tools, reducing the complexity of fluid creation and improving
creative flexibility.

Chapter 6 extends the two-stage approach by replacing LCS with the
stream function as the intermediate representation. Stream function in-
tegrates a more precised geometric flow structure and rotational motion
features than LCS region, yielding velocity fields with improved rotational
structure and higher physical consistency. In addition, an I2I-based genera-
tion workflow is introduced for smoke illustration style transfer.

Chapter 7 intorduces a sketch-guided smoke video generation framework
based on latent video diffusion model using motion control guidance from
stream function. Users specify the first frame via sketches and define the
video generation target as smoke through text prompt. The stream function
generates from sketch provides motion control features for guiding the smoke
motion throughout the generated video. Compared with prior video gener-
ation approaches, the proposed framework offers stronger motion coherence
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and controllability. Furthermore, leveraging the expressive capacity of large
generative models, style transfer can be applied to convert smoke into various
artistic styles while preserving motion control guidance.

The research content in Chapters 4, 5, and 6 has been published [9–11].
Chapter 8 summarizes the primary contributions of this dissertation,

discuss its limitations, and outline main directions for future research.
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Chapter 2

Related works

This chapter introduces prior research relevant to this dissertation, which
covers fluid simulation, fluid control, generative models, and sketch-based
control. Furthermore, this chapter presents research on the integration
of fluid control with sketching, fluid control with generative models, and
sketching with generative models.

2.1 Fluid Simulation
Numerical simulation of fluid is one of the earliest and most mature research
areas in computer graphics. The fluid simulation theoretical foundation
is based on the Navier–Stokes equations. By discretely solving the three
processes of convection, diffusion, and pressure projection, a numerical
approximation of fluid motion is achieved. Beginning with early research
on stabilizing physical solutions [12], the computer graphics community
first addressed the fundamental issue of visually plausible fluid generation.
Fedkiw et al. proposed a graphics-oriented smoke simulation framework [13].
Based on the incompressible Navier–Stokes equations, the proposed simula-
tion process employed semi-Lagrangian convection and pressure projection
to ensure numerical stability. Buoyancy and vorticity constraints were
introduced to recover small-scale structure on coarse meshes, resulting in
a realistic smoke appearance at a low cost. This framework had a profound
impact on subsequent turbulence detail modeling and volume rendering
pipelines. Figure2.1 shows the example of visualized 2D smoke and rendered
3D smoke using Mitsuba 3 [14].

From the viewpoint of reference frames and discretized kinematics, nu-
merical methods for fluid simulation can be broadly classified into three
categories as figure 2.2 shows: grid-based, particle-based, and hybrid
schemes. Grid-based methods adopt an Eulerian perspective, describing
the spatiotemporal evolution of field quantities on a fixed mesh; physical
variables may be stored at cell centers, cell faces, or cell edges. Advection is
typically treated with semi-Lagrangian schemes, while diffusion and pressure
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Figure 2.1: The visualization of smoke simulation. The left image is the
rendered 2D smoke density field driven by perlin noise in 512×512 resolution.
The density is mapped into a grey-scale image. The right image is rendered
3D smoke density field in 256× 256× 256.

projection are solved on the grid via Poisson equations. These methods
are robust and handle volume preservation and boundary conditions well,
but the numerical dissipation and are less flexible when dealing with free
surfaces and large deformations are still the significant challenges exists in
grid-based simulation. Particle-based methods [15–17], in contrast, follow
a Lagrangian perspective, representing the fluid as discrete particles that
carry physical quantities and move with the flow. Particle-based methods
naturally accommodate free surfaces, fracture, and topological changes, and
can preserve fine-scale details sharply. However, particle-based methods
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Figure 2.2: The introduction of smoke simulation schemes. Image (a)
represents grid-based scheme; image (b) represents particle-based scheme;
image (c) represents hybrid scheme.

13



incur higher computational costs in pressure solving, stability control, and
neighborhood search. Hybrid methods [18–20] combine the strengths of
both views: particles are used to carry momentum, mass, and local spatio-
temporal information of fluid elements, while an auxiliary grid is employed
to solve pressure projection and body forces. Fluid quantities are exchanged
between particles and grid, leveraging the complementary advantages of
particle-based and grid-based formulations.

Since grid-based fluid simulations store physical quantities on regular
grids, the extracted fields can be directly represented as dense tensors that
align well with the data formats commonly used to train neural networks.
The grid-based simulation is primarily used in this dissertation.

2.2 Fluid Control
The evolution of a fluid is completely determined automatically by the system
of equations, which is difficult for users to manipulate the fluid shape or
trajectory without violating physical consistency. As computer graphics
gradually shifts from ”physical simulation” to ”visual creation,” achieving
controllable fluids while maintaining physical plausibility has become a core
research topic.

One line of research in fluid control focuses on driving smoke toward a
target shape by applying appropriately designed external forces. Given a
prescribed target configuration, the simulation is guided via optimization or
control forces—to deform the input smoke so that its motion evolves toward
the desired shape. Treuille et al. [21] proposed a introduced keyframe-driven
control in animation scenarios, optimizing external forces with continuous
quasi-Newton optimization to guide fluids toward a specified keyframe or
shape in time. Mcnamara et al. proposed a keyframe-guided adjoint
fluid animation method [22]. The adjoint method is subsequently utilized
to improve the efficiency and accuracy of gradient solutions, making high
resolution smoke control feasible. In addition, the control is extended onto
level-set liquid simulation from smoke simulation. Fattal et al. proposed
a target driven 2D smoke animation method [23]. The external force is
regarded as an explicit function instead of optimization process, which
decreases the simulation computational consumption. Shi et al. proposed a
shape driven smoke animation method [24]. The smoke area and object are
represented as implicit function. A shape transformation is conducted from
the initial smoke area to the target object. An shape matching optimization
process is adopted for constraining the velocity field in simulation process.
The smoke area is movable following the referenced object motion. Zhang

14



et al. proposed a skeleton guided fluid simulation method [25]. The fluid
shape is initialized as the shape of given skeleton. The skeleton motion
drives the fluid motion via an optimization that enforces velocity constraint.
Following a solid-like liquid motion strategy, the fluid tracks the skeleton
at a coarse scale, while fine-scale fluid motion behaviors are generated by a
standard liquid solver. Yang et al. controls the smoke animation towards
the given target shape through the signed distance field [26]. Three control
forces are provided for deforming the smoke into target shape, including path
control force, boundary control force, and shape control force. Path control
constrains the motion follows the given path, boundary control constrains the
smoke movement region, shape control drives the deformation. Chen et al.
proposed a Lagrangian-eigenfunction-driven method [27] to deform an object
toward the target image in the form of fluid-like motion. The control process
is accelerated via analytical gradient expressions. The proposed method
supports real-time fluid simulation and editing.

With the growing demand for interactive design, some research has begun
to focus on artificially control the flow movement through path constraints.
To address these challenges, recent efforts have explored integrating user
input with semantically oriented fluid control signals, such as using hand-
drawn paths, pen stroke directions, or symbolic markers as flow guidance
information. This offers a new direction for human-machine collaborative
fluid design. However, existing work is largely limited to geometric or
velocity-level control, lacking a unified framework that transitions from high-
level semantics such as hand-drawn sketch to physical flow field. Kim et
al. proposed a path-based smoke control method [28]. This method allows
animators to directly provide a 3D curve, from which the system generates
a target velocity field (with the ability to overlay small-scale vortex details).
Then, a linear closed-loop feedback is used to gradually pull the actual
simulated velocity field back to the target velocity field, thus allowing the
smoke to move along a specified path while maintaining a natural turbulent
appearance.

In addition to being driven by lines, the flow field can also be edited
by integrating components with different fluid motion modes to achieve
fluid control. Angelidis et al. proposed a vortex-based smoke simulation
and control method [29] for control the smoke field. In 2016, the energy
brushes [3] was proposed. This research presented a user interface for
achieving fluid motion effects through brushes. The study defined different
brush types to achieve three motion effects: vortex, smoke, and waves.
However, this research neglected the external forces of the global field, the
possibility of mutual cancellation between components, and did not consider
the composability between components.
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To improve interactivity, subsequent research has proposed the concept
of a guiding field. This involves incorporating a reference velocity field or
flow direction into the solution process, forcing the simulation results to
follow the reference field pattern. Bridson et al. calculates the stream
function in 2D fluid simulation and vector potential in 3D fluid simulation
for fluid control [30]. Noise and potential functions are added, the detailed
motion and boundary conditions of the velocity field can be controlled,
which simplifies the calculation while satisfying the divergence-free condi-
tion. Nielsen et al. proposed a multi-grid-guided smoke simulation control
method [31]. Subsequently, research expanded to reference fields and shape-
guided simulation. Nielsen et al. also proposed a variational-based fluid
guidance method [32]. By introducing a low-resolution reference field into
the energy functional, high-resolution smoke is enabled to follow the target
flow while preserving detail. Further, Nielsen et al. further proposed the
Guide Shapes framework [33], which directly maps geometric shapes into
guiding conditions, allowing the fluid to visually conform to the target
contour without disrupting the internal fluid dynamic structure. Yuan et al.
controls the fluid deformation with Lagrangian coherent structure region [34]
that extracted from finite time Lyapunov exponent. Sato et al. proposed
adding local turbulent details to the smoke by globally constraining the
smoke field with a low-resolution field and then performing the constraint
on a high-resolution field [35]. Sato et al. proposed a vector potential
deformation method for driving the smoke deformation [36, 37]. Sato et
al. proposed a method [38] to control the deformation of the smoke by
performing vision-based deformation operations on the flow field in the
stream function domain and then remapping the stream function back to the
velocity field. Processing in the stream function domain naturally satisfies
the condition of flow field incompressibility, making the process more robust
than processing in the velocity domain. Forootaninia et al. proposed a fluid
guidance method [39] with the constraints from frequency domain, which
achieves efficient and stable target tracking by constraining flow patterns in
frequency space. Predefined guidance field is widely used in fluid control,
relies on manually designed or pre-calculated guiding field, which is user-
unfriendly to unprofessional users. These research are also sensitive to the
user input, an abnormal input causes the generation process unstable.

2.3 Generative Model
For a long time, machine learning research has been dominated by discrimina-
tive models, whose main task is to learn conditional probability distributions
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or decision boundaries, aiming to perform classification based on given
inputs. These methods typically do not directly provide new samples sampled
from the model. However, learning discrimination is insufficient to support
many critical tasks. In scenarios such as engineering simulation, content
creation and scientific design, synthesize new samples is also required. Mean-
while, traditional generative frameworks such as Gaussian Mixture Models
(GMMs) [40] exist, but limited by sampling inference costs and expressive
power, traditional frameworks struggle to process high-dimensional, complex
data such as images end-to-end. The challenges mentioned above extend the
research paradigm from classifying data to generating data.

Autoencoder (AE) [41] has been systematically used for end-to-end
reconstruction and representation learning: the encoder compresses high-
dimensional observations into a low-dimensional latent representation, while
the decoder recovers the input from the latent representation. In 2013–2014,
Kingma et al. proposed variational auto-encoder (VAE) [42] for learning la-
tent features of data. The VAE maps input data to a probability distribution
and learns the probability distribution characteristics of the input data. This
method can not only perform feature learning but also sample latent variables
from a Gaussian distribution to generate data samples. Based on this, new
data can be obtained by changing the Gaussian distribution. In recent years,
with the development of GAN and diffusion model, autoencoders have mainly
played a role in compressing and decompressing data during the generation
process, mapping high-resolution images to the latent space for learning,
ensuring generation quality while reducing computational consumption.

A brief introduction of generative models is given in figure2.3.

2.3.1 Generative Adversarial Network
In 2014, Goodfellow et al. [43] introduced Generative Adversarial Networks
(GANs), establishing the adversarial generative paradigm through a zero-sum
game between a generator and a discriminator. By iteratively improving the
generator under the pressure of the discriminator, GANs learn to produce
samples that are indistinguishable from real data, marking the beginning
of the deep generative modeling era. Generative models can be broadly
categorized along two axes. From a control perspective, generative models
are divided into unconditional and conditional models. From a representation
perspective, generative models are divided into models that learn directly in
the data space and those that operate in an implicit latent feature space.
Conditional GANs (cGANs) [44] extend GANs by introducing auxiliary
control conditions so that the model learns the data distribution conditioned
on given inputs, thereby enabling controllable generation. Early cGANs
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Figure 2.3: An overview of typical kinds of generative model. The first
row is the VAE generation process introduction. The second row is the
GAN generation process introduction. The third row is the diffusion model
generation process introduction. x and x0 represents the original data, x′ and
x0

′ represents the reconstructed data,xT represents the features add noise for
T times, z represents the latent feature of x and x0.

injected conditions in two main ways: (i) concatenating the condition with
the input at the network entrance, or (ii) feeding condition features into
intermediate layers of the generator to modulate the feature maps. Compared
with the original GAN, cGANs offer improved consistency and controllability
of the generated outputs. In 2017, Isola et al. [4] proposed an image-to-
image generation framework, marking another milestone for GAN networks.
Based on cGAN, P2p uses uNet as the generator and patchGAN as the
discriminator, jointly optimizing the loss and adversarial loss to improve the
geometric consistency and texture details of the reconstruction.

Inspired by the end-to-end generation strategy, data-driven fluid field
analysis and synthesis methods have been widely proposed. Xie et al. [45]
applies conditional GANs to fluid super-resolution, achieving, for the first
time, the generation of temporally consistent four-dimensional (3D volume
× time) flow field details using a network. The core approach involves adding
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a temporal discriminator in addition to a conventional spatial discriminator,
adversarially constraining temporal coherence using adjacent frames. The
generator can conditionally input low-resolution density, velocity/vorticity,
etc., to synthesize high-resolution turbulent textures. Physically aware data
augmentation is also introduced during training, allowing inference to pro-
duce continuous details in real-time with only a single step of low-resolution
input, balancing efficiency and controllability. Hu et al. [5] proposed a cGAN-
based velocity field generation framework for fluid motion control and design
by assembling with fluid simulation tools. A small-scale sketch-velocity
dataset is built, where the sketch data is drawn artificially. Wei et al. [46]
uses cGAN to address temporal inconsistencies between adjacent frames after
smoke super-resolution: First, a generator with residual blocks is used to
recover two frames of high-resolution volume data from down-sampled data;
then, these two frames and their corresponding velocity fields are fed into U-
Net, and velocity-based warping and linear fusion are performed to generate
multiple intermediate frames; and a slow-fusion temporal discriminator is de-
signed to gradually constrain sequence consistency. Yan et al. [47] proposed a
cGAN-based 3D fluid splash generation using 3D sketch drawn with VR tools.
The system uses the trajectory and velocity of the curve as conditions to first
generate an initial splash model with 3D flow information using a cGAN that
trained with physically simulated data. Then the proposed system performs
fine-tuning at small scales and provides VR interaction for rapid editing,
resulting in realistic liquid splashes mesh within minutes. Chu et al. [48]
uses a conditional GAN to directly infer the incompressible velocity field
from the single-frame density field, and integrated physical parameters such
as boundaries, buoyancy, kinetic energy and vorticity as control conditions
into latent space to achieve a sensitive response to user modifications. A
density-velocity reciprocal adversarial mechanism is designed to mitigate
mode collapse and improve the generation of small-scale structures; a curl
layer was used at the output to ensure dispersion.

2.3.2 Diffusion Model
The core concept of the diffusion model is a progressive generation process
including a noise-adding and a noise-decreasing process. During the training
process, groundtruth samples are gradually noisy until the noise is approxi-
mately isotropic; during the generation process, the network learns to denoise
the data back to original data. Compared to adversarial methods, diffusion
models offer more stable training and more comprehensive distribution
coverage. Since 2020, diffusion models have rapidly become a mainstream
paradigm for image and video generation. Denoising diffusion probabilistic
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models (DDPM) [49] proposes a trainable and stable bidirectional markov-
chain-based diffusion-denoising process: the forward process adds the Gaus-
sian noise to the data; the reverse process, in which a parameterized trainable
network predicts and removes the noise, gradually restoring the sample.
The training objective is to ensure that the network produces high-quality
denoised predictions at every noise level.

While retaining the DDPM training paradigm, denoising diffusion im-
plicit models (DDIM) [50] redesigns the temporal and noise dependencies of
the reverse process, transforming the original stochastic Markov chain into a
deterministic or low-noise non-Markov trajectory. This significantly reduces
the number of sampling steps while maintaining consistency with the DDPM
training distribution.

Latent Diffusion Model (LDM) [51] encodes data to reduce its dimension-
ality to a more clearly structured, lower-dimensional latent space using an
autoencoder, and then perform diffusion modeling and sampling within this
latent space. This significantly reduces the computational cost at each step,
addressing the high sampling cost issue of typical diffusion models. Further-
more, the latent space itself is more suitable for conditional fusion. Through
the Cross-Attention [52] mechanism, input information from various modali-
ties, along with control conditions such as text, images, masks, segmentation
maps, and vector fields, can be injected into the denoising process, thereby
achieving interpretable and adjustable control between global semantics,
local geometry, and appearance details. In practice, LDM supports image-to-
image generation, local image inpainting and redrawing, and efficient local
model fine-tuning such as low-rank adaptation strategy(LoRA) [53]. The
inference process can be combined with fast samplers such as DDIM and
knowledge distillation for further acceleration.

ControlNet [54] is a conditional framework that introduces programmable
structural constraints to the generation process without compromising the
capabilities of the main diffusion model. The controlNet copys a parallel
control branch from each downsampling and upsampling block of a pre-
trained U-Net. This branch is trained using zero-initialized convolutions and
locked weights. This allows the trainable control branch to learn to transform
external conditions such as edge maps, depth maps or semantic segmentation
mask into guiding features at the same scale as the backbone network. These
features are then added to the backbone features at the corresponding layer
with adjustable weights. Because the initialization is zero, the early stages of
training are essentially hands-off. As training progresses, the control branch
gradually learns to apply constraints where needed. This approach preserves
the original style and detail of the base model while accurately incorporating
geometric and structural priors.
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Diffusion models are not only rapidly developing in image generation, but
also gradually becoming a popular research method in data-driven physical
data generation. Shu et al. proposed a physical informed diffusion model
(PIDM) [55] for high-fidelity flow field reconstruction. During training, only
high-resolution computational fluid dynamics (CFD) data is used; during
inference, the inputs are low-resolution or sparse measurements, guiding sam-
pling by incorporating known physical conditions of the partial differential
equation (PDE) in denoising, thereby recovering fine-scale structures and
improving robustness. The method is validated on two-dimensional turbu-
lence, adapting to different input formats without retraining, and achieving
reconstruction accuracy superior to traditional learning methods. Lienen et
al. changed the 3D turbulence model from autoregressive time integration to
generative modeling [56]. The manifold of the three-dimensional turbulent
state is directly learned using a diffusion model, without the requirement
for an initial field, thus avoiding error accumulation and small step size
constraints.

Stable Video Diffusion (SVD) [57] is a video generation model based
on a diffusion model. SVD extends traditional static image generation
models to the realm of video generation, utilizing the diffusion process
in latent space to generate each frame while ensuring smooth transitions
between frames, thus avoiding the jumpy and disjointed effects common in
traditional video generation methods. The core advantage of SVD is the
ability to effectively combine image generation with temporal consistency,
generating video content that conforms to textual descriptions and possesses
dynamic performance. AnimateDiff [58] is a video generation method based
on latent diffusion models. AnimateDiff introduces motion modules to
enable the model to generate smooth dynamic content using motion field
as guidance. This method extends the framework of static image generation
to video generation, controlling motion information to generate consistent
motion effects, resulting in coherent and natural movements between multiple
generated frames. Cao et al. proposes to infuse video diffusion models with
knowledge of underlying physical phenomena [59]. First, pre-training the
model on physical phenomenon data to obtain visual embeddings carrying
physical laws. Then the CLIP is invoked for aligning visual embeddings
with pseudo-textual information in a quaternion latent space. This method
enables fine-tuning existing video diffusion models efficiently. The generated
video has a high-level physically consistency in both numerical simulations
and real observations.
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2.4 Sketch-Based Content Generation and De-
sign

In computer graphics, sketching target objects is a classic research direction.
Sketch-based generation has evolved from early methods of drawing simple
geometric models and industrial design drawings primarily using straight
lines, to the automatic recognition of human hand-drawn sketches and the
automatic generation of complex target images. In early research, Zeleznik et
al. proposed a method that generated scenes from hand-drawn sketches [60],
the geometric structures are defined with different types of sketches. Igarashi
et al. proposed a sketch-based system to generate and edit 3D objects [61].
Black contours generates 3D objects; red contours add and erase parts on
the objects, and blue strokes deform the objects. Karpenko et al. extends
the input to complex visible contours containing cusps and T-junctions,
enabling robust inference of 3D freeform surface shapes from complex line
drawings [62]. There are also 3D curve-guided 3D surface optimization and
bidirectional editing methods [63, 64] for art and design.

Similarly, sketches are not only used to depict the appearance and shape
of an object, but also to represent the trajectory or trend of motion. Thorne
et al. is the first proposed the idea of sketch-driven motion control [65].
Users draws strokes such as lines, arcs, and loops on a pre-drawn character.
The system interprets these strokes as parametric actions (walking, jumping,
waving, etc.) and maps the spatial-temporal distribution of the strokes to
the amplitude and rhythm of the action.

In recent years, with the development of generative models, linking
sketches representing semantic information with various visual information
through this end-to-end generation method has gradually become a new
paradigm for generation. Chen et al. introduced a GAN-based network [66],
aligning sketches and target images in the pixel domain to form data pairs.
Sketchycoco [67] generated scene image from freehand scene sketches. The
scene information and input sketches are aligned by mapping sketches to the
edge map attribute space. Liu et al. proposed a GAN-based network that
synthesizing stylized artistic images from sketches [68]. The sketches are
separated into content and style mappings, achieving style transfer on the
basis of generation. He et al. generated 3D mesh normal maps from single-
view sketch inputs using GAN [69]. Du et al. proposed a GAN-based network
for 3D point cloud generation from the input sketches [70]. Sketch2Cloth [71]
generated 3D clothes mesh from sketches under the guidance of unsigned
distance field (UDF). DualShape [72] generated 3D car and tire signed
distance field (SDF) mesh from 2D sketches. The input sketches matches the
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pattern stored in a given car and tire shape database. Peng et al. proposed a
free-hand sketch-guided global-local human face generation framework using
latent diffusion model [73]. Human facial organs are extracted and labeled
from human face image as training data. Users draw faces by setting specific
facial parts to gain a more precised local detail generation result.

Zhang et al. proposed a framework for scene generation and editing based
on sketches [74] , which allows for strong control over the position of the
generated result by specifying positional relationships for different objects in
the sketches. Jin et al. proposed a method for motion control of complex
landscape videos such as rivers and oceans [75], which uses scene sketches and
streamlines to control the flow direction. These studies on sketch generation
analyze the integration of different data modalities with sketches, adjusting
the generative model structure to fit the sketch input.
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Chapter 3

Preliminaries

In this chapter, the fundamental theories supporting this dissertation is
introduced. First, the grid-based 2D inviscid fluid simulation method
used in this dissertation is introduced. Second, this chapter introduces
the intermediate representations used to connect the sketch input and the
target field output, including the LCS and stream function, along with the
prerequisite theoretical knowledge for both: finite time Lyapunov exponent
and Helmholtz-Hodge decomposition. Finally, the LDM is introduced,
including autoencoders as a prior knowledge.

3.1 2D Grid-Based Fluid Simulation
This work tackles the time-evolving flow within a two-dimensional spatial
region. At each location and time, there is a two-dimensional velocity vector
(with horizontal and vertical components), a scalar density field and a scalar
pressure value. For simplicity and compatibility with computer graphics
applications, the fluid is assumed as incompressible, with a constant density
greater than zero, and negligible viscosity (in other words, treating the fluid
as an inviscid fluid).

Let Ω ⊂ R2 be the spatial domain and t ∈ [0, T ] the time interval. Denote
the velocity and pressure by

u(x, t) =
(
ux, uy

)⊤
, p(x, t), x ∈ Ω. (3.1)

∂u

∂t
+ (u · ∇)u = −1

ρ
∇p+ fe (3.2)

where fe denotes external body forces (e.g., buoyancy or numerically moti-
vated forces).

Under the assumptions of constant density ρ > 0, and zero viscosity
(ν = 0), the flow follows the incompressible inviscid Navier-Stokes equations,
which is also named as Euler equation. The velocity update is determined
by three components: advection, the pressure gradient, and external forces.
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These external forces can be gravity, buoyancy, vorticity confinement force or
given user control. The core idea can be more intuitively expressed using the
concept of material derivatives: along the trajectory of a fluid particle moving
with the fluid, its acceleration is equal to the thrust due to the pressure plus
the external forces.

Divergence free condition Use the material derivative D/Dt = ∂t+u·∇,
(3.2) is equivalently

Du

Dt
= −1

ρ
∇p+ fe, ∇ · u = 0. (3.3)

Furthermore, incompressibility requires that the velocity field always
satisfy the zero-divergence constraint, there is no local volume expansion
or volume compression in the simulation field. The above definitions and
constraints together constitute a continuous model of two-dimensional in-
compressible fluid.

Boundary condition A rectangular obstacle domain with solid walls is
considered as ∂Ω. The boundary condition is given as:

u · n = 0 on ∂Ω, (3.4)

where n is the outward normal. The pressure boundary condition follows
naturally from the projection step. In a projection method, this corresponds
to a Neumann boundary condition for the pressure that enforces (un+1 ·
n) = 0 on solid walls. The tangential component typically adopts a free-slip
condition in the inviscid case, ∂(u·t)/∂n = 0，where t represents unit tangent
vector.

Advection The most common advection approach is based on semi-
Lagrangian scheme by following [12, 76]. Given divergence-free un at time
layer n, the semi-Lagrangian advection is performed:

ũ(x) ≈ un
(
x−∆tun(x)

)
, (3.5)

u∗ = ũ+∆tfne . (3.6)

The back-traced departure point can be integrated with Second-Order
Runge-Kutta (RK2) and Fourth-Order Runge-Kutta method (RK4) [77] [78]
for higher accuracy; the interpolation is typically bilinear. The RK4 is a
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common approach for particle position updating. The equations are defined
as follows:

xn+1 = xn +
∆t

6
(k1x + 2k2x + 2k3x + k4x)

yn+1 = yn +
∆t

6
(k1y + 2k2y + 2k3y + k4y)

(3.7)


k4x, k4y = f(xn +∆tk3x, yn +∆tk3y)

k3x, k3y = f(xn +
∆t
2
k2x, yn +

∆t
2
k2y)

k2x, k2y = f(xn +
∆t
2
k1x, yn +

∆t
2
k1y)

k1x, k1y = f(xn, yn)

(3.8)

where xn, yn are given as the positions of particles at current status n, xn+1,
yn+1 are the positions of particle at next status n + 1. The time step is
donated as ∆t, with the slopes at the start point represented by k1x, k1y.
Similarly, k2x, k2y, k3x, k3y represent the slopes at the midpoints, while k4x, k4y
correspond to the slopes at the endpoint. These four sets of slopes are
calculated by the slope estimation function f . The function f specifically
refers to the mapping from a given position to its corresponding velocity. If
the position lies outside the boundaries of the velocity field, the calculation
will be omitted. The calculation is determined by the given position xn, yn,
and velocity information corresponding to the given position. Each grid in
the 2D vector field requires calculation cost in a time complexity of O(n2).

Although semi-Lagrangian advection is formally unconditionally stable,
accuracy and interpolation error motivate the set of ∆t must not exceed a
certain upper limit. Excessive forces or time steps can cause large back-
tracing distances, amplify projection error, or induce nonphysical diffusion,
manifesting as unnatural expansion or distortion of smoke.

Pressure projection The intermediate velocity u∗ is generally not divergence-
free. The irrotational component is removed via a pressure update:

un+1 = u∗ − ∆t

ρ
∇pn+1, ∇ · un+1 = 0. (3.9)

Taking divergence of (3.9) yields the pressure Poisson equation

∇2pn+1 =
ρ

∆t
∇ · u∗ in Ω, (3.10)

with the Neumann-type boundary condition induced by impermeability,

∂pn+1

∂n
=

ρ

∆t

(
u∗ − ub

)
· n on ∂Ω. (3.11)
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Solving (3.10)–(3.11) for pn+1 and substituting into (3.9) enforces incom-
pressibility. Discrete divergence and gradient usually use four-point differ-
ences, yielding an approximately orthogonal projection at the discrete level.
The Poisson equation (3.10) leads to a sparse symmetric positive definite
linear system, efficiently solved by conjugate gradient method (CG) or pre-
conditioned conjugate gradient method (PCG) [79] [80].

External Forces Typical external force fe include buoyancy, fb = α(ρa−
ρs) g vorticity confinement forcefω = ϵ (N × ω) and user control forces.

Vorticity confinement [13] is a visually driven force used in grid-based
fluid solvers to counteract the numerical dissipation introduced by stable
advection schemes: small-scale rotational energy is injected near vortex cores
without significantly altering the large-scale flow. In 2D flow with velocity
u = (u, v), the (out-of-plane) scalar vorticity is

ω =
∂v

∂x
− ∂u

∂y
, (3.12)

and the magnitude is donated by Ω = |ω|. The unit vector pointing toward
regions of stronger vorticity is defined as

N =
∇Ω

‖∇Ω‖+ εN
,

where εN is a small regularization parameter to avoid division by zero. In 2D
incompressible flow, the vorticity confinement force can be written directly in
terms of the scalar vorticity ω and the normalized gradient of its magnitude.
Let ω denote the out-of-plane vorticity and N = (Nx, Ny) be the unit vector
in the direction of ∇|ω|. The confinement force is then given by

fvc = εvc h
(
Ny ω, −Nx ω

)
, (3.13)

where h = min(∆x,∆y) provides resolution scaling and εvc controls the
confinement strength. The velocity updates follows:

∆uvc =
∆t

ρ
fvc. (3.14)

The vorticity confinement force acts tangentially along vortex cores and
perpendicular to the vorticity gradient, enhancing and sustaining visually
prominent small-scale vortex structures, while the final divergence-free state
is still enforced by the subsequent pressure projection.
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3.2 Finite Time Lyapunov Exponent and La-
grangian Coherent Structure

Finite Time Lyapunov Exponent The finite-time Lyapunov exponent
(FTLE) [81] [82] quantifies the maximal exponential rate at which nearby
trajectories of a flow separate over a finite time interval. FTLE is an objective
quantity that invariant to time-dependent motion, but sensitive to the length
of the time interval and the starting time. Different settings yield different
structure patterns. FTLE measures the maximum exponential separation
rate of adjacent trajectories within a given time interval, used to characterize
regions where material trajectories exhibit the strongest finite-time stretching
in a flow field. For a velocity field u(x, t) with flow trajectory map F t0+T

t0 :

x 7→ x(t0 + T ; t0, x), let the deformation gradient be ∇F t0+T
t0 (x), the FTLE

field σ at (t0, x) over duration T is defined by

σ Tt0 (x) =
1

|T |
ln
(√

λmax
(
∆)

)
,∆ = (∇Ft0+T

t0 (x))⊤∇Ft0+T
t0 (x) (3.15)

where the ∆ is also named as Cauchy-Green deformation tensor in a finite-
time version, the flow trajectory map F t0+T

t0 represents where a fluid material
pointx at timet0 moves after time T . The above equation gives the loga-
rithmic stretch of the longest principal axis of the advected point. Forward
(T > 0) and backward (T < 0) FTLE highlight repelling and attracting
material structures, respectively. The ridge of a forward FTLE (T > 0)
approximately indicates a repelling matter boundary, while the ridge of
a backward FTLE (T < 0) approximately indicates an attracting matter
boundary.

In the discretization process, a specified time step δt is given, and then use
the Runge-Kutta method to track the positions of points in a given velocity
field within a specified time interval. The updated position information is
then saved. By discretizing the field using a uniform grid, the initial positions
of points within the field are specified at the intersections of the grid lines.
In computer data structures, this can be viewed as the indices of each value
in an array equivalent to the field resolution.

Lagrangian Coherent Structure Intuitively, the Lagrangian Coherent
Structure (LCS) are time-dependent material curves (in 2D) or surfaces (in
3D) that organize point inside the flow field transport. The LCS acts as
separatrices that partition the flow into regions with qualitatively different
trajectories. At time t, the LCS is defined as the ridges of the FTLE field
σTt (x), i.e., smooth curves that follow FTLE gradient lines and realize a strict
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transverse maximum. Forward-time ridges (T > 0) approximate repelling
finite-time manifolds, while backward-time ridges (T < 0) approximate
attracting ones. Because FTLE is computed from particle trajectories via
the flow-map Jacobian ∆, integrated transport information is captured for
each discretized point over [t, t+ T ]. Therefore the σ is computed from ∇ϕ
and extract ridges accordingly, and the resulting structures serve as the LCS.

At time t0, a Lagrangian coherent structure (LCS) is defined as a ridge
of the scalar field σTt0 . More precisely, a smooth curve Γ is an FTLE ridge if
for each point x ∈ Γ with unit normal n(x):

n⊤∇σTt0(x) = 0,

n⊤(∇2σTt0(x)
)

n < 0
(3.16)

The first equation represents stationary in the normal direction, the second
equation represents strict transverse maximum. Equivalently, the ridge
tangent is aligned with the local gradient lines of σTt0 , and σTt0 attains a local
maximum in the direction normal to Γ.

3.3 Helmholtz Hodge Decomposition
The Helmholtz decomposition states that for a vector field which is suf-
ficiently “well-behaved”f (decaying fast enough in the whole space, or
satisfying suitable boundary conditions on a bounded domain), the vector
field can be represented as the sum of a gradient field and a divergence-
free field, possibly plus a harmonic component determined by the domain
topology:

f = ∇ϕ+∇×A + h. (3.17)
Here ∇ϕ is the irrotational part that carries divergence information such
as source or sink; ∇ × A is the solenoidal (which means divergence-free)
part that carries vorticity information; and h, which is called as harmonic
field that carries velocity potential information, is both divergence-free and
curl-free equivalently:

∆h = 0. (3.18)
A standard numerical construction proceeds via Poisson equations: first

solve
∆ϕ = ∇ · f, (3.19)

to obtain ϕ and hence the irrotational component ∇ϕ. Then set fsol = f−∇ϕ
to get the divergence-free part. If the vector potential is needed, under the
Coulomb gauge one further solves

−∆A = ∇× f. (3.20)
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In two dimension situation, the construction is particularly convenient:
the divergence-free part can be written via a scalar stream function ψ as
the rotated gradient ∇⊥ψ = (∂yψ,−∂xψ), which automatically has zero
divergence, and

fsol = ∇× ψ, (3.21)
∆ψ = ω = ∂xv − ∂yu, (3.22)

hence
f = ∇ϕ+∇× ψ + h. (3.23)

3.4 Stream Function
In two-dimensional incompressible flow (∇·u = 0), the stream function is a
single scalar field ψ(x, y, t) that represents the entire velocity field, defined
by

u =
∂ψ

∂y
, v = − ∂ψ

∂x
. (3.24)

This definition guarantees that any velocity field field u reconstructed from
ψ is divergence-free, the incompressibility is enforced without an additional
pressure projection.

∂u

∂x
+
∂v

∂y
=

∂2ψ

∂x∂y
− ∂2ψ

∂y∂x
= 0. (3.25)

The equation for calculating stream function from vorticity field ω in an
incompressible 2D flow is given as follows:

ω = ∇× f = −∇2ψ, (3.26)

The ψ is obtained by solving the Poisson equation. The velocity is recovered
by

u =
(
ψy, −ψx

)
. (3.27)

In a typical centered-grid discretization, given cell-centered vorticity, one
solves the five-point Laplacian for ψ with a linear solver such as CG scheme
while pinning ψ to boundary constants, then obtains velocities by centered
differences,

ui,j ≈
ψi,j+1 − ψi,j−1

2h
, vi,j ≈ −

ψi+1,j − ψi−1,j

2h
, (3.28)

achieving (discretely) divergence-free flow. Compared with pressure projec-
tion, the stream function method uses single scalar field, keep the incom-
pressibility for 2D problems. For smoke and interactive control in graphics,
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the ψ-based approach is especially convenient in 2D, smooth, divergence-
free velocity can be directly generated to advect density. Geometrically, the
level sets of ψ are streamlines, the stream function aligns with the streamline
sketch pattern.

3.5 Auto-Encoder
Auto-encoder (AE) is a self-supervised representation learning model that
learns useful latent data feature by training a network to reconstruct the
given inputs: an encoder fθ compresses an input x into a latent vector z, and
a decoder gϕ reconstructs x̂ from z; training minimizes a reconstruction loss
such as Mean Absolute Error loss (MAE loss) [83] or Mean Squared Error loss
(MSE loss) [84] with optional regularization (to prevent mere memorization.

Let x ∈ Rd be an input and z ∈ Rk a latent code with k < d.
Encoder

z = fϕ(x) = σ
(
We x + be

)
∈ Rk, (3.29)

Decoder

x̂ = gθ(z) = ψ
(
Wd z + bd

)
∈ Rd, (3.30)

where ϕ = {We, be}, θ = {Wd, bd}, and σ, ψ are nonlinearities such as acti-
vation function. For multi-layer AEs, fϕ and gθ denote layer compositions.

The training objective of auto-encoder is given as follows.

min
ϕ,θ

1

N

N∑
n=1

ℓ
(

x(n), gθ
(
fϕ(x(n))

))
(3.31)

As for the reconstruction loss of the auto-encoder, the most common
choices would be MSE loss, the equation is given as follows:

ℓMSE(x, x̂) = ‖x− x̂‖22, (3.32)

(3.33)

3.6 Latent Diffusion Model
A latent diffusion model(LDM) is a generative framework that migrates
the diffusion process from high-dimensional pixel space to a compact and
perceptually faithful latent space in order to reduce computation while
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Figure 3.1: The structure of latent diffusion model. Training data are
encoded into latent space for training using pretrained auto-encoders. The
control condition is encoded into latent space and injected into the U-Net
for constraining the denoising process.

preserving visual quality. The image of LDM structure is given as Figure3.1
shows. Concretely, a perceptual auto-encoder, which with encoder E and
decoder D trained by a combination of pixel reconstruction and perceptual
losses, compresses data x into a high-channel, low-resolution latent z = E(x),
after which the forward noising and reverse denoising of diffusion operate
solely on z. The equations for a pretrained auto-encoder are given as follows:

z = E(x), x̂ = D(z) (3.34)

The diffusion core remains standard: with a noise schedule {βt} (and ᾱt =∏t
s=1 αs), the forward process is q(zt | z0) = N

(√
ᾱt z0, (1− ᾱt)I

)
, while a U-

Net parameterization predicts either the noise ϵθ(zt, t, c) or the velocity/clean
target; training minimizes an MSE over random time steps and Gaussian
noise, and inference starts from zT ∼ N (0, I) and iteratively denoise to z0
using samplers or few-step samplers such as DDIM before decoding x̂ = D(z0)
to pixels, where the x̂ represents the reconstructed data decompressed by D.

Conditioning is injected via cross-attention inside multi-scale U-Net
blocks, while U-Net features form Queries so that semantic/geometric con-
straints steer each denoising step. The equations of LDM is given as follows:

ϵθ = ϵθ(zt, t, c), ẑ0(zt, t, c) =
zt −
√
1− ᾱt ϵθ√
ᾱt

(3.35)

Lϵ = Ez0,ϵ,t
∥∥ϵ− ϵθ(√ᾱtz0 +√1− ᾱtϵ, t, c)∥∥2

2
(3.36)
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where c represents the control condition that injected into LDM. Compared
with pixel-space diffusion, LDM is markedly more computationally efficient
and scale more readily to high resolutions.

33



Chapter 4

Sketch-Based Flow Field Gener-
ation

This chapter further discusses about the convergence of flow field generation
with deep learning for augmenting the efficiency of flow simulation [9].
Current approaches primarily utilize conditional generative adversarial net-
works(cGANs) to generate velocity fields guided by sketches. In contrast, the
cGAN training process exhibits instability. A 2D velocity-field generation
framework based on a latent diffusion model (LDM) is proposed in this
study. In this formulation, a user-provided sketch serves as a condition that
constrains the denoising process, thereby guiding the target 2D velocity field
generation. The proposed method enables the synthesis of velocity fields
whose spatial structures are consistent with the geometry implied by the
input sketches. This research further evaluate the method against cGAN-
based method, the results demonstrate improved robustness of the proposed
framework.

𝑦 𝜏

𝑉 ℰ 𝑧0 𝑧𝑇

Concatenate

U-Net 𝑧𝑇−1 𝑧0

DenoisingDiffusion

𝒟 𝑉′

Latent Diffusion Model

Appendix • New Framework

Input Output
Proposed 

framework

Figure 4.1: The introduction and framework of this study.

This study proposed an LDM-based sketch-guided 2D velocity field design
framework. The overview of the fundamental concept is shown in Figure 4.1,
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inside the red dotted lines. Inspired by Peng et al. [73], and the sketch data is
configured as the input constraint condition, the 2D velocity field is generated
within the proposed framework. The LDM effectively condenses intricate
data into a more simplified feature map or feature vector, streamlining the
analytical process and decreasing the computational demand while preserving
the primary features of the initial input. Notably, LDM exhibits adaptability
in terms of target generation constraining through diverse input [51]. A
2D velocity field and sketch dataset is constructed since no existing open-
source dataset is tailored to this research. Additionally, two auto-encoders is
formulated to compress velocity fields and sketches into corresponding feature
maps and reconstruct data from given feature maps. The contributions of
this research are given as:

• 1. The proposed LDM-based velocity field generation framework is
the first attempt to apply LDM for velocity field generation design by
inputting sketch strokes.

• 2. A comparison between the proposed framework and cGAN is
conducted, which validated the stability of the proposed framework
within the context of 2D velocity field generation tasks.

4.1 Proposed Method
In this section, an overview of the proposed framework is provided. The
proposed framework is shown in Figure 4.1. This figure shows the complete
generation flow from left to right. The top half is the training-generation
backbone. Given a paired example sketch y and velocity field V, the velocity
field autoencoder encoder E first compresses V into a latent feature Z0. In
the latent space diffusion model, z0 is noised per time step to obtain zT ,
which is then gradually denoised by a conditioned U-Net to z0. Latent
condition comes from y, the sketch encoder τ compresses the sketch into a
latent feature. This is then concatenated with zt at each step in the channel
dimension, constraining the denoising process to the geometric intent of the
sketch. After denoising, z0 is restored to the velocity field V by the decoder
D, thus achieving sketch-guided velocity field synthesis in latent space.

Before training the proposed framework, the training data collection
process will be introduced first. The training target is generating velocity
field from sketch, 2D incompressible inviscid smoke simulation is conducted
to extract velocity field data and paired streamlines. The streamline images
are regraded as sketches for training. Then the implemented auto-encoder
and LDM will be introduced.
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4.1.1 Dataset construction
The velocity field data are extracted from 2D smoke simulation scenarios.
The particles are moved through advection, influenced by velocity u and
pressure p at time step t. Assuming u and p are initialized, the velocity field
is updated by 2D incompressible inviscid Navier-Stokes equations as follows:

∂u
∂t

= −u · ∇u− 1

ρ
∇p+ b (4.1)

∇ · u = 0 (4.2)
Where u is the given velocity, and b is the buoyancy. The simulation
operates inside rectangle obstacle domain with a solid boundary. The
boundary condition is given as the following equation:

u · n = 0 (4.3)

where n is the normal vector of the boundary. The semi-Lagrangian scheme
[12] is applied to update the fluid field.

The 2D smoke simulation process is given as Algorithm 4.1 shows.
The sketch data used in this study are composed of streamlines extracted

from the underlying 2D velocity fields. A streamline is defined as an integral
curve whose tangent direction coincides with the velocity vector in the field.
Streamlines provide an intuitive representation of fluid motion and offer
a concise yet effective description for characterizing complex velocity-field
structures. The extraction operation is given as Algorithm 4.2 shows. To
calculate the streamlines, the Fourth-Order Runge-Kutta method [77] is
applied for its satisfaction in tracing the trajectories while maintaining low
computational complexity with minimal parameters.

Samples of velocity field and sketch data are given as Figure 4.2 shows.
The Matplotlib tools is used to visualize the velocity field. The direction of
vector arrow corresponds to the velocity direction. The color represents the
magnitude of the velocity. The color distributes linearly from 0 to 1, where
blue color indicates lower speed, red color indicates higher speed.

4.1.2 Velocity field and Sketch Auto-Encoder
Auto-encoder is an important module in LDM. The encoding operation
compresses the data into latent features, enabling the model to learn these
features in the latent space. The decoding operation is responsible for
restoring the latent features back to the original data. In this study, the
velocity field auto-encoder and sketch auto-encoder are implemented. Here
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Algorithm 4.1: 2D Incompressible Inviscid Smoke Simulation
Input: grid size (Nx, Ny); time step ∆t; number of steps T ;
Circle-shape smoke source S locates at given center c with radius r;
base emission velocity ue;
Output: 2D velocity field {u(t)}Tt=0

1 Initialize velocity field u = (ux, uy) and density field ρ to zero;
2 Initialize auxiliary fields (previous velocity uprev, previous density

ρprev, pressure p, divergence field div) to zero;
3 for t = 0 to T − 1 do
4 foreach grid cell (i, j) inside the S do

// Add smoke source
5 ρij ← ρij + S∆t;
6 end
7 begin

// Velocity advection (semi-Lagrangian)
8 uprev ← u;
9 ux = Advect(ux, uprev

x , uprev,∆t) + fx∆t;
10 uy = Advect(uy, uprev

y , uprev,∆t) + fy∆t;
// Projection

11 Compute divergence field div = ∇ · u;
12 Solve Poisson equation ∇2p = div for pressure p;
13 u← u−∇p;
14 Apply boundary conditions to u;
15 end
16 begin

// Density advection
17 ρprev ← ρ;
18 ρ← Advect(ρ, ρprev, u,∆t);
19 end
20 end
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Algorithm 4.2: Streamline Extraction from 2D Velocity Field
Input : 2D velocity field u(x, y) = (u(x, y), v(x, y));

number of high-magnitude samples k;
integration step size ∆t.

Output: A set of polylines L representing sparse streamlines.
1 For each u(xi, yj) at column position i and row position j, sample

the velocity components uij = u(xi, yj), vij = v(xi, yj).
2 Compute the speed magnitude mij =

√
u2ij + v2ij.

3 Select high-magnitude samples
4 Flatten {mij} into a 1D array and find threshold θ such that exactly

k samples satisfy mij ≥ θ

5 Define a binary mask Mij =

{
1, mij ≥ θ,

0, otherwise.
6 Let the set of seed points be S = {(xi, yj) |Mij = 1}.
7 Generate streamlines by RK4 integration
8 Initialize an empty set of polylines L ← ∅.
9 foreach seed point (x0, y0) ∈ S do

// Forward integration
10 ℓ+ ← RK4(x0, y0,+1,∆t).

// Backward integration (optional)
11 ℓ− ← RK4(x0, y0,−1,∆t).
12 Concatenate ℓ = reverse(ℓ−) ∪ ℓ+, removing the duplicated seed

point.
13 Append ℓ to L.
14 end
15 return L
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Algorithm 4.3: RK4 (Fourth-Order Runge-Kutta) in One
Step

Input : Initial position xn(xn, yn) at status n;
direction sign σ ∈ {+1,−1} (forward/backward);
integration step size ∆t;
velocity field u(x, y) = (u(x, y), v(x, y)) with interpolation.

Output: Next position xn+1 at status n+1.
// Sample local velocity

1 un = u(xn, yn) via bilinear interpolation.
// RK4 update (time-like parameter t)

2 Let ∆τ = σ∆t.
3 k1 = v(xn, yn)
4 k2 = v(xn + 1

2
∆τk1,x, yn +

1
2
∆τk1,y)

5 k3 = v(xn + 1
2
∆τk2,x, yn +

1
2
∆τk2,y)

6 k4 = v(xn +∆τk3,x, yn +∆τk3,y)
// 4. Combine RK4 stages

7 ∆x = ∆τ
6
(k1 + 2k2 + 2k3 + k4).

// 5. Append next point
8 xn+1 = xn +∆x.
9 Append xn+1 to ℓ.

10 return ℓ.

the widely used auto-encoder structure [41] is adopted for integration into
the proposed framework.

The auto-encoder demonstrates effective representation learning capa-
bility and achieves substantial dimensionality reduction of the input data.
An autoencoder reduces the spatial resolution of data features by down
sampling, while increasing the number of channels in the data features to
compensate for the information loss caused by the reduced resolution. The
latent features obtained by the autoencoder are spatially aligned with the
original data. The latent features do not need to be forced to approximate a
Gaussian distribution, thus better preserving the local structure and details
of the original data. Furthermore, autoencoders do not need to consider the
distribution of learning data, and their network structure and reconstruction
loss are simpler and more intuitive. This construction has a high-level control
and modification simplicity.

The implemented autoencoders adopt an identical network architecture,
since the velocity field and sketch data share the same input resolution.
The structures of the sketch auto-encoder and velocity field auto-encoder
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Figure 4.2: The samples of velocity field and extracted sketch. The first row
is visualized velocity field data, the second row is correlated extracted sketch
data.

are shown in Figure 5.6. The loss function of the auto-encoder is given as
follows:

loss = ||Xi − X̂i||2,
X̂i = D(E(Xi))

(4.4)

where Xi represents the input data, X̂i represents the output generated data,
E represents the encoding process, D represents the decoding process.

4.1.3 Latent Diffusion Model
Diffusion models learn the parameters of a denoising process that maps an
initial Gaussian prior to the data distribution. Concretely, A fixed forward
Markov diffusion is defined for gradually corrupting data with Gaussian
noise under a prescribed schedule. And a learnable denoising process is
defined for sequentially reconstructing data samples. The forward process
is fully specified and requires no learning, whereas the reverse transitions are
parameterized by a neural network trained to predict the injected noise at
given diffusion time steps. Conventional diffusion models typically operate
directly in the high-dimensional data space such as pixel space, which
incurs substantial computational and memory costs during both training
and sampling process. The latent diffusion model (LDM) is adopted in
the proposed framework for mitigating the computational and memory
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Figure 4.3: The structures of auto-encoders for both velocity fields and sketch
inputs.

consumption. The key idea of LDM is to perform the diffusion and denoising
process in a lower-dimensional latent space learned by the pretrained auto-
encoder. Specifically, the encoder maps the input data into a compact
latent representation, which serves as the domain for LDM, while a decoder
transforms the denoised latent feature back to the original data space.

The conditional control of LDM in this paper employs a concat operation
to concatenate control conditions and noise. The synthesized noise is then
fed into a UNet for denoising, ultimately yielding the latent features of
the denoised target data. This control method achieves alignment between
control conditions and target data at the spatial scale. In the case of this
paper, streamline sketches, as a simple representation of the main structure
of the velocity field, are naturally suitable for concatenation-based control
techniques. Since this paper does not use non-visual modal information such
as text for control, a cross-attention mechanism is not used.

The LDM proposed in this research chooses a concatenate strategy to
transmit the condition feature into the LDM. As illustrated in Figure4.1,
given a 2D velocity field V ∈ RC×H×W , the encoder E maps V into latent
representation z0 ∈ Rc×h×w. A forward diffusion process then progressively
perturbs z0 with Gaussian noise, yielding a noisy latent zT . In the set-
ting of this research, the sketch y is used as a conditioning input. The
condition encoder τ transforms y into an latent representation τ(y),which
is concatenated with the noisy latent to form the conditioned input to the
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denoising process. The τ(y) undergoes the concatenation with zT to get
new zT where zT ∈ R(C+c)×h×w. During the denoising process, the U-
Net iteratively removes noise from the conditioned latent and produces a
reconstructed latent z0′. Finally, the decoder D maps z0′ back to the data
space to obtain the generated velocity field V ′. The loss function of LDM is
given as follows:

LLDM = EE(x),y,ϵ N (0,1),t[||ϵ− ϵθ(zt, t, τθ(y))||22] (4.5)

where E(x) is encoded feature map, y is condition, τθ(y) is encoded condition,
ϵθ(..., t) is neural backbone that usually is implemented as time conditional
U-Net [85].

4.2 Experiment Results

4.2.1 Dataset Generation
The 2D smoke plume simulation scenes was implemented with Phiflow [86],
which is a simulation tool designed for the Python environment. The size of
the simulation scene is 256 × 256. The area is enclosed by solid boundaries,
within which smoke particle clusters are situated. The buoyancy force is
applied to induce the upward movement. In the simulation, the parameters
are varied including initial buoyancy strength and direction, initial smoke
cluster position, simulation time step, and smoke cluster size to generate
diverse smoke patterns. A total of 1,000 scene simulation was conducted,
each span in 150 time steps, and extract 10,000 velocity fields. The velocity
fields are organized in 2 channels with the size of 256× 256, one represents the
x direction of velocity, the other for y direction. The entire simulation time is
about 25 hours. Streamline images are created to correspond with exported
velocity fields as sketches. Considering the impracticality of trajectory
tracing for every individual particle, the particles inside the top 512 grids of
velocity field with the highest velocities is traced. This is achieved through
the application of a filter mask to block unnecessary grids. The generated
sketch data encompasses a single channel with the size of 256 × 256.

4.2.2 Auto-Encoder Implementation
First, the sketch autoencoder was trained for 500 epochs using the Adam
optimizer with a batch size of 16. After loading all samples from the
data directory, a random shuffle was applied to mitigate potential ordering
effects during training. The dataset was split into training and testing
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subsets at an 8:2 ratio, comprising 8,000 training samples and 2,000 test
samples. The training samples were divided into 9:1 ratio for training and
validation. The sketch is processed into a single-channel grayscale image
before being written to the GPU. Therefore, the input and output channels
of the sketch auto-encoder were both set to 1. Before training process,
the z-score standardization [87] was attached for data unit variance scaling,
the mean value was set to both 0.5, which ensure fair weight updates and
stably gradient propagation. The Mse loss was introduced for evaluating the
reconstruction loss. The result is given in Figure 4.4. The sketch images were
accurately reconstructed with a loss convergence to 1e-4 accuracy. Although
the background color of the encoded and reconstructed sketch data was
relatively unstable, the main lines were as sharp as the ground truth.

Next is the velocity field auto-encoder. The training batch size for the
velocity field autoencoder is set to 16, with a total of 500 training iterations.
The velocity field used for training is represented as a two-channel array
or tensor in the data structure; therefore, the number of input and output
channels for the velocity field autoencoder is set to 2. The overall network
layer construction of the velocity field autoencoder is the same as that of
the sketch autoencoder. Prior to the training process, the velocity-field data
was normalized to improve numerical stability and facilitate optimization.
The resulting outputs are shown in Fig. 4.5. The main flow the velocity field
was correctly reconstructed. Yet, some errors existed in the reconstruction
of local regions of the velocity field. Weak connectivity was observed in some
previously unconnected areas. The smoke motion is turbulent and stochastic,
there is a high visual tolerance for minor reconstruction errors, consequently
meaning that the errors generated during the decoding process have little
impact on the subsequent usage of velocity field.

4.2.3 Comparison Study
The LDM trains for 250 epochs using the Adam optimizer with a batch size
of 16. The dataset consists of 10,000 samples, split into 8,000 for training
and 2,000 for testing. The training samples were divided into 9:1 ratio for
training and validation. This research performs a comparative evaluation
against Pix2Pix [4]. Pix2Pix is trained on the same dataset with the same
data split ratio, using a batch size of 16 for 300 epochs. Fig. 4.6 presents
a visualized comparison between the two frameworks. The velocity fields
generated by Pix2Pix exhibit substantial noise, although the overall motion
direction is consistent with the input. In contrast, the proposed framework
produces cleaner velocity fields that better preserve the geometry implied by
the sketch condition. However, the magnitude of flow is not matched due to
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MSE loss: 0.0001758
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Results
Sketch auto-encoder training results

The reconstructed sketches accurately match with the shape of original inputsFigure 4.4: The generated results from sketch auto-encoders. The first row
is ground truth sketch data, the second row is generated sketch data.

the process of synthesizing a dense velocity field from sparse sketch condition
is inherently ill-posed. For quantitative evaluation, this research measure the
discrepancy between the generated velocity field and the ground-truth field
using the mean squared error (MSE) loss. Specifically, given a prediction
V ′ and the corresponding reference V , the MSE is computed by averaging
the squared l2 differences over all spatial locations and channels. This
metric provides a straightforward assessment of per-element reconstruction
accuracy and enables an objective comparison across different methods and
experimental settings. The proposed framework has a result of 0.086 while
cGAN has 26.372.

In addition, this research conducts experiments by inputting hand-drawn
sketches into the proposed framework, the result is shown in Figure 4.7. This
demonstrates even with sketch patterns that do not exist in the dataset, the
proposed framework successfully generates velocity fields that correspond to
the shape of sketches. The training process of cGAN was analyzed. The
training of cGAN is essentially an adversarial game between a generator G
and a discriminator D under a given condition. The generator takes random
noise together with the condition to synthesize samples that aim to match
the distribution of real data given the same condition, while the discriminator
receives the condition and predicts whether an input sample comes from the
real dataset or is generated. Training typically alternates between updating
D to improve real–fake discrimination and updating G to produce outputs
that are increasingly difficult for D to classify as fake. As this adversarial
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Velocity field auto-encoder training results

The reconstructed velocity accurately match with the main structure of inputsFigure 4.5: The generated results of velocity field auto-encoder. The first
row is ground truth velocity field data, the second row is generated velocity
field data.

optimization progresses, G learns a condition-to-data mapping and improves
generation quality, ideally making the discriminator unable to reliably distin-
guish generated samples from real ones. On the provided dataset, the cGAN
without any dedicated stabilization or tuning becomes overly strong in the
early stages of training and can easily distinguish the generator outputs. As
a result, the generator receives weak or uninformative gradients and fails
to learn the desired sketch-to-velocity mapping. This adversarial training
imbalance makes the generator optimization unstable, leading to inconsistent
generation quality. Achieving satisfactory performance with GANs typically
requires careful tuning of both the network architecture and training hyper-
parameters. The proposed diffusion-model-based framework learns a stable
mapping between the input sketch and velocity field, while cGAN-based
framework fails to learn to generate a stable velocity field using the same
dataset in the same training epochs.

The generated velocity field is integrated with existing fluid simulator as
a guidance force. The guidance force drives the smoke motion follows the
movement direction of provided force field. The generated smoke pattern
follows the shape of the generated velocity field and input sketch. The
example is given as Figure4.8 shows. The smoke source is set as a emitter
that adding a initial upward velocity.
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The proposed method generates more stable velocity fields than cGAN methodFigure 4.6: Comparison result of velocity field generation. The first column
is input sketch, the second column is ground truth velocity field, the third
column is generated result of Pix2Pix, the fourth column is generated result
of the proposed framework.

4.3 Conclusion

This study propose a sketch-guided 2D velocity-field generation framework
using LDM. The proposed method synthesizes velocity fields that are struc-
turally consistent with the geometry implied by the user-provided sketches,
while achieving reliable reconstruction fidelity. This research benchmark
the proposed framework against cGAN-based method trained on the same
dataset under comparable settings. The experiment and comparisons indi-
cate that the proposed LDM-based framework yields substantially improved
results, producing cleaner velocity fields with fewer artifacts and stronger
adherence to the sketch constraints than the cGAN method.

The proposed framework still has limitations outlined below. The flow
types within the provided dataset remain limited. There is potential for
improvement by incorporating additional factors like vortex positioning and
rotation to exert influence over smoke simulations. Also, the proposed
framework is insensitive to small flow patterns with vortexes as shown in
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Generated velocity fields match the shape of input hand-drawn streamline-style sketches
Figure 4.7: The generated velocity field with hand-drawn sketches as input
. The first row is input hand-drawn sketch, the second row is generated
velocity field.

Figure 4.9. The representation of the vortex needs optimization. The current
study constitutes a one-stage model wherein the velocity field is generated
directly from a sketch image. However, the process of converting a sketch
into velocity field involves multiple sub-stages. Notably, recent research [7]
has proved that training sub-stages individually generates better results com-
pared with one stage. For potential future work, reconfiguring the current
one-stage structure into a multi-stage framework for enhancing performance
will be crucial. Furthermore, strengthening the alignment between sketch
data and velocity field is a pressing issue. In next chapter, for the propose of
improving velocity field generation accuracy, this dissertation proposes a two-
stage framework to connect the sketch and velocity by invoking intermediate
representation extracted from velocity field.
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Results
Guided smoke simulation result

Figure 4.8: The smoke illustration generation guided by the generated
velocity field. The first image is the input sketch, the second image is
the visualized generated velocity field, the third image is the guided smoke
illustration result. The image shows that the generated smoke moves follows
the shape of given input sketch.

Insensitive to vortices 1

Sketch-Based Flow Field Generation
Hand-drawn test

Figure 4.9: Failed generations. The first and third images and are input
sketches, the second and fourth images are generated results.
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Chapter 5

Sketch-Based Smoke Illustration
Design using LCS

This chapter proposes a two-stage LDM-based framework for sketch-guided
smoke illustration generation that explicitly incorporates Lagrangian coher-
ent structures (LCS) [10]. Recent advances in generative modeling have
substantially expanded the scope of content creation. Nevertheless, gener-
ating smoke illustrations remains challenging due to complex fluid dynamics
and the need to satisfy strict geometric and motion-related constraints. Prior
learning-based fluid design methods often rely on conditional GANs (cGANs)
to map sketches to velocity fields, but such approaches can suffer from
unstable training and may fail to capture the flow geometric characteristics
underlying smoke motion. To address these limitations, a smoke illustration
generation method using the two-stage latent diffusion model is proposed.
In the first stage, the input sketch conditions an LDM to predict an LCS-
related region that reflects flow organization, associated with the hyperbolic
finite-time Lyapunov exponent (hyper-FTLE) field. In the second stage, the
inferred LCS representation is used as control condition to guide velocity-field
synthesis. Experiments demonstrate that proposed method produces velocity
fields that better conform to the sketch-implied shapes, and further provides
a practical interface for smoke design from hand-drawn inputs, achieving
more stable and robust generation than both cGAN baselines and a single-
stage diffusion strategy. This chapter builds upon the generative framework
in Chapter 4, designing a two-stage generative framework. This two-stage
framework also serves the subsequent Chapter 6.

This research proposes a two-stage, sketch-guided 2D velocity-field gen-
eration method based on the latent diffusion model (LDM). As illustrated in
Figure 7.1, in the first stage, the sketch guides the LCS region generation.
The second stage then takes the predicted LCS region as a control signal
to guide velocity-field synthesis. The LCS training data are extracted from
hyper-FTLE and correspond to the velocity field. Diffusion models [49,51,88]
avoid the issue of mode collapse encountered in GAN models and bring about
an improvement in the quality of generation. Additionally, to avoid inaccura-
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Figure 5.1: Overview of the proposed framework. The user inputs a sketch
image into the diffusion model to generate the LCS region. The generated
LCS region is then used to generate the velocity field. The velocity field
guides smoke simulation and generates smoke-styled illustrations.

cies in data pairing caused by neglecting hidden physical fluid features when
directly matching sketch data with velocity fields. This research employ the
two-stage method to deconstruct the complex problem of sketch-to-smoke
simulation into two sub-problems: LCS generation from given sketch and
velocity field generation using LCS constraints. To assess the benefits of the
proposed decomposition, The two-stage pipeline with a one-stage baseline
is compared to analyze generation stability. This research further conduct
comparison experiments to examine the effectiveness of hyper-FTLE as an
intermediate representation.

The contributions are given as:

• This research proposes a two-stage LDM-based method for designing
velocity field and smoke, applying temporal flow geometric structure
to connect the input sketch and output velocity field.

• This research creates datasets for sketch-LCS and LCS-velocity fields,
where the LCS data are obtained from the hyper-FTLE field.

• This research provide a fluid design framework that reconstructs the
flow field from the given force field calculated using velocity field and
LCS data.

5.1 Proposed Framework
The proposed two-stage framework is illustrated as Figure 6.3. The sketch
serves as input for the LCS generator to produce the corresponding LCS
data, which then guides the velocity field generation in the VF generator.
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Figure 5.2: The framework of the proposed method. The input sketch is
converted into the LCS region by the LCS generator, which subsequently
drives the velocity field generation through the velocity field generator (VF
generator). Next, the velocity field is used to calculate the force field,
providing guidance for smoke design. In the LCS generator, the sketch
encoder Es encodes the sketch into latent space, and the LCS decoder Dl
decodes the latent feature back to LCS data. In the VF generator, the LCS
encoder El encodes the LCS into latent space, and the velocity field decoder
Dv recovers the latent information back to the velocity field.

These two generators are based on LDM. Finally, the force field is derived
from the generated velocity field and LCS data for conducting the smoke
simulation within the LCS region. The equation of the two-stage model is
given as follows.

V= fV (L; θV ),

L= fL(S; θL)
(5.1)

The output velocity field is denoted as V , while fV represents the
learnable mapping function used to generate the velocity field from the given
LCS data L. Meanwhile, L is generated through the mapping function fL
with the given sketch condition S. The parameters of the VF generator and
LCS generator are denoted as θV and θL. The sketch-to-velocity mapping
function is defined by the equation below:

V = f ′
V (S; θ

′
V ) (5.2)

Here, f ′
V represents a non-linear mapping function from the sketch

to the velocity field V , with θ′V denoting the parameters of the sketch-
to-velocity generator. This research decomposes f ′

V into two separated
mapping functions of fV and fL, following the principles of the universal
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approximation theorem. This approach allows a complex mapping function
to be interpreted as two sub-mapping functions. The LCS data, refining flow
field characteristics, is incorporated as a physics-informed condition in the
sketch-to-velocity generation process, which explicitly connects fL and fV .
The fV and fL provide detailed information about flow geometry and motion
structures. In contrast, f ′

V only represents the mapping from the sketch to
the velocity field, resulting in limited expressive ability.

Section 5.2 first presents the implementation of the smoke simulation and
velocity field acquisition. Next, a detailed explanation of hyper-FTLE and its
calculation method is provided. Finally, the computation process for the LCS
and sketch data is introduced. Section 5.3 introduces the auto-encoders to
encode data into latent features and recover it back to the original data. The
LDM model is introduced after auto-encoder, which utilizes auto-encoders to
process inputs and control conditions, performing inference and generation
within the low-dimensional latent space.

5.2 Data Collection
This research collected sketch, LCS data, and velocity field datasets from
smoke simulations to train the LDM-based LCS and VF generator. From the
velocity fields that were extracted during the smoke simulation, the hyper-
FTLE data is calculated. The LCS data are extracted from hyper-FTLE by
the Gaussian Mixture Model (GMM). The sketch data are synthesized from
LCS data by heat diffusion.

5.2.1 Smoke Simulation
The velocity field data are extracted from incompressible 2D smoke sim-
ulation scenarios. The smoke moves through advection in the simulation,
influenced by pressure p and velocity u at time step t. Assuming p and u are
given as initial conditions, the velocity field is updated with the inviscid
Navier-Stokes equations by following [76], also referred to as the Euler
equations. There is an upper limit to the time step setting. A large time step
may increase the computational errors in each simulation step, potentially
leading to unstable simulation results. Similarly, the external force also has
an upper limit where a large force may distort the smoke simulation results.
The incompressible condition ensures that the velocity field divergence is
zero. The boundary condition is set as: the component of the fluid velocity
in the normal direction is zero, the fluid can only flow tangentially along the
boundary. The boundary condition enforces the confinement of the smoke
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FTLE hyper-FTLE

Hyper-FTLEFTLE(T=1) FTLE(T=5)

Figure 5.3: FTLE fields and the hyper-FTLE field. The first image is
calculated FTLE with integration time 1, the second image is FTLE with
integration time 5, and the third image is infused hyper-FTLE.

simulation within the defined boundaries. The semi-Lagrangian scheme [12]
updates the velocity field, and the Mac-Cormack method [89] updates the
density field.

5.2.2 Hyper-Finite-Time Lyapunov Exponent
This research adopts Hyper-FTLE in the design framework for LCS region
generation. The hyper-FTLE, also known as temporal FTLE [90], integrates
all FTLE fields over the given integration time interval. The hyper-FTLE
collects and compresses all maximum LCS values into one field, which
represents more information than a single FTLE field but also characterizes
the dynamic properties of the fluid. Before calculating the hyper-FTLE, this
research first traces all the particles inside the given fluid area. The initial
position of each particle is set to the corresponding grid point.

Suppose the particles at simulation time t for T steps are traced, where
T also represents the integration time. The pre-position and post-position of
the fluid particle grid are defined as xt and xt+T . Calculating an FTLE with
the specific integration time follows the equation below:

σTt (x) =
1

T
ln
√
λmax(∆),

∆ = M∗M,M =
dϕTt (x)
dx

(5.3)
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HFTLE LCS SKETCH

Hyper-FTLE LCS region Sketch

Figure 5.4: A sample of LCS data and sketch. From left to right is the
hyper-FTLE field, LCS data, and sketch. The extracted LCS region and
sketch match the shape of the given hyper-FTLE.

where σ is the FTLE value, x is a particle at each grid; ϕt+Tt , which is also
equal to x(t+ T ), represents the position of each particle when advected for
time T from time t. ∆ is a 2D matrix, calculated by the gradient of flow map
M . As for the calculation of hyper-FTLE, the equation is given as shown:

Ht(x) = max
Ti∈(Tlb,Tub)

(σTit (x)× STit (x)) (5.4)

where Ti belongs to an integration time interval with lower bound Tlb and
upper bound Tub. The ridge strength STit (x) is extracted from FTLE field
σTit (x). The hyper-FTLE elects the maximum value from σTit (x) × STit (x)
defined by a given integration time interval. The ridge strength corresponds
to the negative minor eigenvalue of the Hessian matrix [91]. Since the hyper-
FTLE is computed by calculating two scalar fields for each grid, the time
complexity of hyper-FTLE calculation is O(n). Figure 5.3 shows an example
of FTLE and hyper-FTLE fields.

5.2.3 Lagrangian Coherent Structure
The local maximum values in hyper-FTLE indicate significant repelling or
attracting fluid behavior at corresponding positions, while also describing
the geometric structure of the flow. These values represent the ridge lines
of hyper-FTLE, also known as LCS. The LCS provides simplified visual
representations of fluid motion patterns and geometric structures over a
given time interval. Since the LCS ridge is composed of strokes, which are
insufficient for fully capturing the fluid region. This research adopts the
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LCS region instead of the LCS ridge as the middle-visualized presentation to
connect the sketch and velocity field. Nevertheless, the optimal threshold for
filtering the LCS region varies across different hyper-FTLE fields. Hence, the
LCS filtering strategy follows the approach of Dualsmoke [7]. In this research,
a GMM model is applied to determine the optimal threshold and classify the
data into two groups. One group contains high-value data, representing
the main hyper-FTLE structure. The other group with lower-value data,
corresponds to regions unrelated to fluid areas. The mean values of two
extracted hyper-FTLE groups are tested for LCS extraction. Examples are
shown in Figure 5.5. When the filter threshold is set as the minimum mean
value, the extracted LCS region blurs and loses the local geometric features of
hyper-FTLE. Conversely, setting the threshold to the maximum mean value
results in fragmented ridge areas, and the shattered LCS data are inadequate
to match the velocity field area. Using the average of the mean values of each
class as a threshold addresses these issues. Additionally, a Gaussian filter is
applied before clustering to reduce the noise present in hyper-FTLE fields.
The sample of LCS is given in Figure 5.4.

5.2.4 Sketch Synthesis
After obtaining the LCS data, this research further simplify it to extract line
structures as sketches for training. Specifically, the ridge lines of the LCS
region are used as sketches to establish the mapping between the sketch and
LCS data. The heat diffusion equation [92] is applied to generate a ridge map
and extract the height ridge [93]. The heat source is placed at the boundary
of the LCS region, and heat diffusion outside the area is blocked. The LCS
region is heated until no temperature-free area remains. The equation is
shown as follows:

∂ϕ

∂t
= α(

∂2ϕ

∂x2
+
∂2ϕ

∂y2
), x, y ∈ Ω (5.5)

The heat diffusion equation describes the heat distribution in a given
domain over time, where ϕ represents temperature, Ω is LCS region, and α is
thermal diffusivity positive constant. Since the heat diffusion is calculated for
each grid, the time complexity is O(n2). Upon completing heat diffusion, the
boundaries of the LCS region exhibit the highest temperature in the heatmap,
while the local central areas of the LCS show the lowest temperature. The
−log() function is applied to transform the heat map into a distance map,
where lower temperatures correspond to higher distance values. Therefore,
the local central areas of the LCS region will hold the largest distance values
in the distance map. Ridge lines are constructed by filtering out points with
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Average mean Max mean Min mean

Figure 5.5: The examples of different LCS region data extracted by different
strategies. The first column presents results using the average mean value
as the threshold; the second column shows results with the maximum mean
value as the threshold; the third column shows the result with the minimum
mean value as the threshold.
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the largest distance values. The ridge extraction is performed by calculating
zero-crossing, negative minor eigenvalue, and average direction in parallel.
Finally, the length of extracted sketch segments with a threshold is filtered
to keep the main structure. The sketch sample is given in Figure 5.4.
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Figure 5.6: The structure of the implemented auto-encoder. The structure
inside the blue box represents the encoder, and the structure inside the red
box represents the decoder. The numbers above the network structure (16,
32, ...) represent the layer channel number, while the numbers below the
network structure (1282, 642, ...) indicate the layer size, calculated as the
product of width and height. A sketch auto-encoder, LCS auto-encoder, and
velocity field auto-encoder (VF auto-encoder) are trained in this research.

5.3 Network Structure
This study employs two LDM networks to construct the LCS generator
and VF generator. The generators learn the relationships between sketch,
LCS data, and velocity field. The proposed two-stage generative framework
structure generates the global LCS region from the initial input sketch, and
the local detailed velocity field is generated from the guided LCS region.
The sketch data and LCS data are paired for training the LDM-based LCS
generator, and the LCS data and velocity field data are paired for the LDM-
based VF generator training.

5.3.1 Auto-encoder
For the two generators, this research employ three autoencoders to map the
input data into compact latent representations and to decode the denoised
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latent features back to the original data domain. A fundamental auto-
encoder structure [41] is implemented as Figure 5.6 shows. This choice is
informed by the flexibility and adaptability of the auto-encoder. Addition-
ally, the autoencoder provides effective representation learning and enables
substantial dimensionality reduction of the input data. These auto-encoders
share an identical structure. The loss function of the auto-encoder is given
as follows:

loss = ||Xi − X̂i||2,
X̂i = D(E(Xi))

(5.6)

where Xi is input data, X̂i is output data, E is the encode process, D is the
decode process.

5.3.2 Latent Diffusion Model
Diffusion models (DMs) have advanced rapidly in recent years and have
emerged as a leading paradigm among modern generative models alongside
GANs. Conceptually, a DM learns the parameters of a Markovian denoising
process that progressively transforms a Gaussian noise prior into samples
from the data distribution. This framework consists of two complementary
components: a forward diffusion process that incrementally corrupts real
data by adding Gaussian noise according to a predefined schedule, a reverse
denoising process that reconstructs data by sequentially removing the in-
jected noise. The forward diffusion process is fully defined by the chosen
noise schedule and thus involves no learnable parameters. In contrast, the
denoising process is learned, most commonly by training a neural network to
estimate the injected noise at each diffusion timestep. Nevertheless, standard
diffusion models typically operate and sample in the high-dimensional data
space, which incurs substantial computational and memory overhead. the
latent diffusion model (LDM) is adopted to improve efficiency, where the
denoising process is learned and executed in a lower-dimensional latent space.
This design relies on pretrained autoencoder. The encoder compresses the
input data into a compact latent feature map, and the decoder subsequently
maps the denoised latent representation back to the original data domain for
reconstruction.

As shown in Figure 5.7, the encoder El and Ev encode the LCS data L
and velocity field V into feature map z0. The latent code z0 is progressively
corrupted with Gaussian noise via the forward diffusion process, yielding the
noisy latent zT . In this formulation, the condition y is provided as an input
guidance. A condition encoder τ maps y to a latent feature representation
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Figure 5.7: The training structure of the two-stage LDM-based generators.
In the LCS generator training process, the LCS data L is encoded to z0 by
the LCS encoder El, after which noise is iteratively added until reaching zT
in latent space. The condition sketch S is encoded by the sketch encoderEs,
which then modulates the denoising process. The denoised z′0 is decoded into
recovered LCS data L′ by LCS decoder Dl. The VF generator shares the
same network structure as the LCS generator, whereas the control condition
is changed to LCS data L that encoded by the LCS encoder El. The latent
feature ẑ0 is encoded from the velocity field V . The generation target is set to
the recovered velocity field V ′, which is processed by encoder Ev and decoder
Dv.

τ(y), which is concatenated with zT to form the conditioned latent input
to the denoiser. During the denoising process, a U-Net iteratively removes
noise from this conditioned latent and produces a reconstructed latent z0′.
The decoder D maps z0′ back to the data space to obtain the outputs L′ and
V ′. The loss function of LDM is given as follows:

LLDM = EE(x),y,ϵ N (0,1),t[||ϵ− ϵθ(zt, t, τθ(y))||22] (5.7)

where E(x) is encoded feature map, y is condition, τθ(y) is encoded condition,
ϵθ(..., t) is neural backbone that usually is implemented as time conditional
U-Net [94].
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5.4 Implementation Details

The evaluations are performed to assess the generation accuracy of the pro-
posed framework and its consistency with the input sketches. The objective
metrics was employed to measure the discrepancy between generated outputs
and reference data, thereby providing a reproducible evaluation of sketch
adherence and overall reconstruction accuracy.

5.4.1 Dataset Generation

Dataset generation was performed on a Windows system-based workstation
equipped with an Intel Core i9-12900K CPU. The total simulation time was
approximately 25 hours. The smoke plume simulation scenes was imple-
mented using Phiflow2.3.0 [95], a simulation tool for the Python environment.
The grid size of the simulation was set to 256 × 256, with a boundary
enclosing the domain and smoke clusters positioned within. The simulation
time step ∆t was set to 0.5. The simulation parameters were randomly
initialized to generate diverse smoke patterns, including the external force
strength, external force direction, smoke cluster position, and smoke cluster
radius. A vertical vector with randomly set values was applied to induce
upward movement, with the upper bound of the vertical vector set to 1. A
horizontal vector controls the sideways movements of smoke, with its value
randomly set in [-2, 2]. These settings ensured the smoke flowed stably within
the defined total simulation timestep.

A total of 1,000 scenes was simulated, each over 150 timesteps. Since the
smoke dynamics evolve over time, the velocity fields was sub-sampled at a
fixed interval of 10 timesteps, collecting from timestep 30 through timestep
120. Before the 30th time step, the smoke area remains small, resulting in
sparse data with indistinct flow features. After the 120th time step, the smoke
contacts the boundaries and compresses inward, causing the flow features
to become chaotic. A total of 10,000 velocity fields were collected, each
exported as .npy files. The generated velocity field consisted of two channels
with a resolution of 256 × 256. Two channels represent the x direction
and y direction of velocity, respectively. Before calculating the hyper-FTLE,
each FTLE is computed by the forward motion with an integration time
step ranging from 1 to 10. If the integration timestep is chosen excessively
large, the extracted structures tend to become repetitive across samples,
resulting in duplicated features and increased redundancy. The calculation
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of M follows the central-difference-based equation below:

M =

[
xright(t+T )−xleft(t+T )
xi+1,j(t)−xi−1,j(t)

xup(t+T )−xdown(t+T )

yi,j+1(t)−yi,j−1(t)
yright(t+T )−yleft(t+T )
xi+1,j(t)−xi−1,j(t)

yup(t+T )−ydown(t+T )

yi,j+1(t)−yi,j−1(t)

]
(5.8)

where x and y represent the x, y directions of velocity in 2D, and i and j
represent the horizontal and vertical directions respectively.

After generating the FTLE set, the hyper-FTLE is composed and the
LCS region from hyper-FTLE is seperated using the given GMM. Sketch
images are created to correspond with the separated LCS region. The heat
diffusion equation is solved using the finite-element method, which can be
rewritten as follows:

ϕk+1
i,j − ϕki,j

∆t
=ϕki+1,j + ϕki−1,j+

ϕki,j+1 + ϕki,j−1 − 4ϕki,j

(5.9)

where ϕki,j denotes the value at grid (i, j) after k iterations.{
ϕ(i,j) = 1× 10−16, (i, j) in the inner area
ϕ(i,j) = 1, (i, j) on the contour

(5.10)

The temperature of the inner area is set to 1 × 10−16 to prevent numerical
instability arising from the logarithm of zero during logarithmic calculations.
The contour is defined as the heat source with a temperature of 1. After loga-
rithmic calculation, the boundary has the smallest distance 0 in the distance
map. In the experiment, ∆t was set as 0.2, following the methodology in
previous work [92]. Both the generated LCS maps and the sketch inputs are
represented as single-channel images with a spatial resolution of 256× 256.

5.4.2 Network Training
The auto-encoder training was conducted on the Linux system with NVIDIA
RTX3090. The sketch auto-encoder, LCS auto-encoder, and VF auto-
encoder shared the same network structure. All auto-encoders were trained
for 500 epochs using an Adam optimizer with a batch size of 16. The dataset
was partitioned into training process and testing process at an 7:1:2 ratio,
using 7,000 samples for training, 1,000 for validation and 2,000 samples for
testing. The training and test data are shuffled before the training process
to enhance robustness. The normalization was applied to the velocity field
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data to ensure the training stability. Although the sketch and LCS data
are one-channel binary images, and the velocity field has a two-channel data
structure. In the LDM, the conditions are incorporated into the noisy latent
representation, thereby steering the denoising trajectory and guiding the
generation process. Therefore, the feature channels of the sketch, LCS, and
velocity field after encoding are all set to 2.

Each LDM in the two-stage framework was trained for 200 epochs using
the Adam optimizer, requiring approximately 30 hours per model. A batch
size of 16 was used, with 8,000 samples for training process and 2,000 samples
for testing. In the training process, the data was segmented into 9:1 ratio.
The LDM training continued for 59 hours. The LDM control condition
is merged with noise to guide the generation process, with the number of
channels in the control condition matching the number of channels in the
noise data. The MSE loss was selected as the training loss for both the
auto-encoder training and the LDM training process. The weight files with
the lowest training loss were kept as pre-trained weights. This research also
conducted a comparative analysis with the cGAN method, the one-stage
method, and the FTLE-driven two-stage method. The compared methods
were trained for 200 epochs.

5.5 Smoke design
This research implemented a smoke design process to explain the usage of
the generated velocity field. The LCS data and velocity field are utilized
to calculate the force field that drives the smoke-pluming simulation. The
equation is defined as follows:

f = αy + F(p) (5.11)

where the y = (0, 1) is a unit vector pointing in the vertical upward direction,
α is a positive control parameter. The guiding force F(p) is determined by
the LCS region. The F(p) is calculated as follows:

F(p) =
{

c
∆t
(VG −VS), if p ∈ Ω;

0, if p /∈ Ω.
(5.12)

where c donates a user-defined constant, which is set to 1 by default. A
larger c strengthens the constraint from the guided velocity field while
weakening the influence of external force. The experiments indicated that
c ∈ [0.3, 1.3] generates satisfactory results. VG and VS represent the velocity
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Sketch AE LCS AE VF AE

MSE Loss 1 ×10−4 4×10−4 0.0097

Table 5.1: The auto-encoder MSE loss of sketch, LCS and VF auto-encoder
(AE) (from left to right). The MSE losses demonstrate the convergence of
Auto-encoder training.

field generated by LDM and the velocity field in the simulation scene. The
guiding force is applied exclusively within the LCS region. The vorticity
confinement force [13] is applied to strengthen the details of the generated
flow field.

5.6 Results
First, the performance of trained auto-encoders is evaluated. The visualized
results are presented in Figure 5.8. The first row shows the sketch inputs, the
second row presents the corresponding LCS data, and the third row displays
the resulting velocity fields. Overall, both the sketch and LCS maps are
reconstructed with high fidelity, only slight background-level fluctuations are
observed, primarily manifested as minor intensity variations. The velocity
fields are reconstructed with high overall accuracy, though small deviations
remain in fine-scale details. The quantitative result is given in Table 5.1.

This research compare the proposed two-stage framework with the one-
stage framework [9] and cGAN [4]. Figure 5.9 illustrates a visual comparison
between the frameworks mentioned above. Although the cGAN generates
velocity fields that align with the flow directions of ground truth, significant
noise is present within the velocity fields. Additionally, the velocity mag-
nitude is abnormally higher than the ground truth. The one-stage model
generates velocity fields that align with the ground truth field structure.
When the flow area is small, the generation quality deteriorates. The
proposed method achieved similar results to the one-stage framework when
the flow was advected over sufficiently long time intervals. For cases with
large-scale flow patterns, the generated velocity fields preserve the dominant
motion and closely reproduce the geometric structure of the ground truth.
Since the generation task is inherently ill-posed, it is impossible for sketches
to match the velocity field perfectly.

For quantitative evaluation, the discrepancy is measured between the
generated outputs and the ground truth using the mean squared error (MSE).
The results are presented in Table 6.1. The proposed framework achieves
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AEs Result

(a) (b) (c) (d)

0.0 1.0

Figure 5.8: The visualized comparison of ground truth data and auto-encoder
generation results. The first row represents the sketch, the second row
corresponds to LCS data, and the third row depicts the velocity field. The
velocity field is normalized to the [0, 1] range. Columns (a) and (c) represent
ground truths. Columns (b) and (d) are recovered results.
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LDM Result (cGAN vs one-stage vs two-stage)

0.0 1.0

Figure 5.9: The visualized comparison results among the previous cGAN
approach (second row), the one-stage model (third row), our method (fourth
row), and the ground truth (first row). The second row is the results of
cGAN, where the velocity values are significantly higher. The third row
represents the results of the one-stage model, while the fourth row shows the
results. The third and the fourth rows exhibit similar fluid shapes, but the
fourth row achieves superior performance in quantitative evaluations.
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Figure 5.10: The chart of MSE training loss comparison result. The x-axis
represents epochs, the y-axis represents MSE loss. The green line represents
the one-stage VF generator loss, the orange line represents the two-stage VF
generator loss, and the blue line represents the two-stage LCS generator. The
two-stage generator exhibits a lower training loss compared to the one-stage
generator.

an MSE of 0.047, whereas the one-stage framework and cGAN yield 0.089
and 26.372, respectively. From the quantitative perspective, the proposed
method demonstrates higher accuracy in velocity field generation compared
to the one-stage framework. During training, the loss decreases sharply
over the first 30 epochs and then continues to decline more gradually until
convergence. The training chart is shown in Figure 5.10. When the LCS
region is overly small, the corresponding sketch becomes excessively sparse,
which increases the uncertainty of the condition. As a result, the velocity
field prediction exhibits larger errors and may fail to preserve the dominant
flow structure, leading to noticeable fragmentation of the main velocity-field
patterns. Additionally, increased artifacts are observed near the velocity-field
boundaries, as illustrated in the first column of Fig. 5.9.

In addition, the generation controlability of the proposed method and
the one-stage method is evaluated. The resulting samples are shown in
Figure 5.11. When the input sketch consists of a single stroke-like line,
the one-stage method generates unstable results and fails to reconstruct the
geometric structure with high velocity magnitude estimated from the sketch.
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Generator MSE Loss

cGAN 26.372
One-Stage 0.089

Ours(LCS generator) 0.026
Ours(VF generator) 0.047

Table 5.2: The MSE loss is compared with the cGAN-based velocity field
generation method (first row) and the one-stage diffusion-model-based ve-
locity field generation method (second row). The generation accuracy of the
proposed method is higher than that of both methods.

In contrast, the proposed method generates velocity fields that match the
sketch shape. With more complex sketch inputs, the one-stage method
results in velocity fields exhibiting unstable movement, whereas the two-
stage model demonstrates improved alignment between velocity fields and
the input sketches. In the first example, The one-stage framework fails to
generate the main structure of the given sketch, the two-stage framework
generates the flow structure matched with given sketch. When the input are
multiple strokes, one-stage framework fails to generate multiple flows inside
one velocity field, two-stage successfully generates multiple flows match with
given sketches. In the third example, the given sketch image is composed
by complex sketches. Although one-stage framework successfully generates
a motion pattern follows the basic shape of given sketches, the main flow
structure is shaking. Two-stage method generates a stable flow pattern from
given sketches.

This research also evaluated the performance of hyper-FTLE and FTLE.
The training process is the same as the model based on hyper-FTLE. As
shown in Table 5.3, the FTLE-based model achieves a comparable MSE
loss of 0.049 during training, which remains higher than that of proposed
framework. In addition, the variance and coefficient of variation (CV) of
sketch data generated from hyper-FTLE and FTLE were compared. The
hyper-FTLE-based sketch is 4.37 whereas the FTLE-based sketch is 5.85,
indicating that the former exhibits lower dispersion. Sketches with lower
CV values present a lower level of complexity, making it uncomplicated for
amateurs to draw.

The smoke designs are illustrated in Figure 5.12. Sketches absent from
the dataset were drawn to guide smoke generation. The placement of
multiple smoke sources on specific sketch locations was enabled to enhance
the generation performance. The smoke scene results were generated by the

67



1

Sketch-Based Smoke Illustration Design using LCS
Stability comparison

In some cases, single sketch is too sparse that uncatchable for one-stage model, which causes generation failure.

Input One-stage

0.0

1.0

Two-stage

Figure 5.11: The examples of generated velocity fields comparison using
hand-drawn sketches as input. The first column shows input hand-drawn
sketches. The second column is visualized velocity field images generated
by the one-stage model. The third column presents visualized velocity field
images generated by the two-stage model.
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Method MSE Loss
LCS generator VF generator

hyper-FTLE 0.026 0.047
FTLE 0.023 0.049

Table 5.3: The quantitative comparison results between hyper-FTLE and
FTLE. The difference in the impact of hyper-FTLE and FTLE on velocity
field generation is insignificant.

Phiflow [95] simulator. The advections were driven by the generated velocity
fields and guided force fields. In Figure 5.12 (a), (b), and (f), scenarios
were conducted with letter sketches. Additionally, horizontal movement was
tested, as illustrated in Figure 5.12 (c). Simple geometric shapes, such as
arch and heart shape, were adopted as inputs as depicted in Figure 5.12 (d)
and (e). Figure 5.12 (g) and (h) depict scenarios involving smoke plumes
in a house and a censer. Smoke and solid boundary collision simulation
was performed in Figure 5.12 (g) and (h), where the velocity field and
solid obstacles modulate the smoke dynamics. The generated smoke design
illustrations matched the shape of hand-drawn sketches.

The proposed two-stage LDM-based framework exhibits superior stability
and accuracy in velocity field generation compared to cGAN-based [5, 7]
and one-stage methods [9]. The proposed framework exhibits superior
accuracy compared to the cGAN-based framework while ensuring enhanced
numerical stability in velocity field generation. Furthermore, the proposed
framework demonstrates improved robustness and accommodates diverse
input modalities compared to the LDM-based one-stage model.

5.7 Conclusion
This research proposes a two-stage sketch-guided framework for 2D velocity-
field generation based on LDM. The proposed method produces velocity fields
that are strongly consistent with the input sketches and preserves the sketch-
implied geometry with high fidelity. The proposed method also allowed non-
experts to create smoke motion illustrations or animations that conform to
input sketches with simple strokes, without requiring prior expertise. This
capability significantly reduced the cost and effort required for the artistic
illustration design and creation.

Future work will expand the dataset to include a broader range of shape
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Smoke simulation

(a) (b) (c)

(d) (e) (f)

(g) (h)

Figure 5.12: The examples of designed smoke illustrations. The red point
represents the smoke source position. In (a), (b), and (e), the resulting smoke
plumes and flow structures form the shapes of the letters ”C”, ”G”, and ”J”.
A single smoke source is set for ”C” and ”J”, while two sources are set for
”G”. In (c), the smoke flows horizontally. In (d), the smoke moves in an arch
shape. In (e), the smoke forms a heart-shaped plume with two set smoke
sources. In (g), smoke occurs in a house scene and drifts out through the
window. In (h), the smoke emerges from solid censer-shaped obstacles.
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categories, including numbers, letters, and vortices to improve the robustness
of the velocity field generalization. Furthermore, the LCS region has certain
limitations in controlling the velocity field detail generation. Although
the LCS region constrains motion direction of the main flow, the local
rotational behavior and motion details fails to be synthesized correctly. In
the next chapter, to address the issue of insufficient control ability of LCS,
this dissertation uses a stream function as an intermediate representation
connecting the sketch and the velocity field. The new proposed generation
framework is enhanced to perceive the rotational motion information and
local details in the velocity field.
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Chapter 6

Sketch-Based Smoke Illustration
Generation using Stream Func-
tion

This chapter presents a two-stage framework for smoke illustration generation
using stream function as intermediate representation [11]. Physics‐aware
anime‐style smoke illustration remains challenging due to the intricate flow
dynamics and anime-style constraints. This chapter introduces a two‐stage
latent diffusion framework that embeds physical control into the smoke
illustration design. In the first stage, a sketch‐guided latent diffusion model
(LDM) yields a stream function encoding smoke flow dynamics; in the
second stage, the stream function guides velocity field synthesis via LDM.
An integrated physics simulator and a large language model (LLM) then
perform smoke simulation and anime‐style transferring. By explicitly mod-
eling geometric structure and flow characteristics, transcends the limitations
of prior text-based and pixel-based controls. This chapter builds upon
the two-stage generation framework proposed in Chapter 5, replacing the
intermediate representations of the generation process with stream function.
As an important representation of flow field motion information, stream
function is used as conditions for motion control in Chapter 7.

This research proposes a sketch-based smoke illustration generation
framework that leverages the stream function as guidance, built upon the
latent diffusion model (LDM) [51]. As illustrated in Figure 6.1, the input
sketch conditions the synthesis of a stream function, which is subsequently
used as a control condition for velocity field generation. Both the con-
ditioning input and the target representations are encoded into a latent
space, where the diffusion-based generation is performed. The resulting
latent features are then decoded to obtain the velocity field, which is used
to drive the downstream simulation step and produce smoke illustrations
whose motion is consistent with the prescribed flow direction. Streamlines,
which capture the global dynamical structure of the flow, are used as sketch-
based guidance during training. The stream function serves as an inter-
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Overview

1

Sketch Velocity FieldStream function Smoke Simulation

Anime Illustration

Figure 6.1: The framework of this study. The input sketch is first mapped to
a stream function by the stream-function generator. The predicted stream
function then conditions the velocity field (VF) generator to synthesize the
corresponding velocity field. The generated velocity field is subsequently
used as a guiding force to drive the smoke simulation.

mediate representation that provides smoothly varying control and encodes
rotational characteristics of the flow that are not explicitly conveyed by the
sparse streamline sketches. This research compares with DualSmoke [7] and
DiffSmoke [10] to demonstrate the effectiveness of this study. Furthermore,
this research provides a style transfer module facilitated by a large-language-
model(LLM) agent to generate anime-stylized smoke illustrations.

6.1 Methods

6.1.1 Data Collection
This research first builds incompressible 2D smoke simulations to collect
velocity field data for training. At each time step, the fluid velocity is
advanced using the incompressible inviscid Navier–Stokes equations, which
account for self-advection of the flow, pressure forces, and external body
forces. The external force consists of constant horizontal and vertical
components. Incompressibility is enforced by solving for a pressure field
that makes the velocity field divergence-free. The flow domain is bounded
by solid rectangular boundaries, the fluid is not allowed to move across
the boundaries. The normal component of the velocity vanishes at the
boundaries. Time integration of the velocity field is performed using a semi-
Lagrangian scheme.

The stream function serves as a latent representation that encapsulates
the rotational information and continuous dynamics feature of a 2D VF.
Specifically, stream function encodes the incompressible component of the
flow, where the sign of scalar value indicates the rotation direction-positive
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and negative values correspond to opposite rotational senses. The Helmholtz-
Hodge decomposition is adopted to extract stream function from a 2D VF by
following the equation below [38]. The decomposition and stream function
calculation are given as follows,

U = ∇P +∇× ψ + H (6.1)
∇2ψ = −∇×U (6.2)

In the 2D formulation, the stream function ψ is a scalar field in 2D represen-
tation, which provides a convenient parameterization of the divergence-free
component of the velocity field. The scalar field P is calculated from the
divergence of velocity field. Under the common assumptions of a simply
connected domain with no flux boundary conditions, the P and H vanish
due to the incompressibility. Consequently, the decomposition reduces to
the divergence-free component, which can be fully characterized by ψ. The
resulting linear system is solved from the discretized Poisson formulation
using the Conjugate Gradient (CG) method.

Streamlines provide an intuitive visualization of the instantaneous di-
rection and structural patterns of a VF. In this study, streamlines are
utilized as sketch data for training, serving as a compact representation of
global flow behavior. To generate streamlines, particles are seeded at grid
centers, and the trajectories are integrated by the Runge-Kutta method.
This research select the streamlines originating from 512 cells exhibiting the
highest velocity magnitudes, thereby capturing the main flow features. The
training data pairs are organized as illustrated in Figure 6.2.

6.1.2 Two-Stage Latent Diffusion Model
The training framework is built upon a two-stage LDM, as illustrated in
Figure 6.3. The sketch, stream function, and VF data are encoded into
latent features via the auto-encoder, which are then used to train a denoising
diffusion probabilistic model. This research used the basic auto-encoder [41]
in the proposed framework due to its flexibility and adaptability. In the
stream function generation stage, sketch input guides the stream function
synthesis. However, due to the stochastic nature of the diffusion process,
residual noise remains in the synthesized stream function. The noise prop-
agates through the curl operator into the derived velocity field, potentially
degrading the physical consistency of the generated flow. Hence, in the VF
generation stage, an LDM is employed for synthesizing the velocity field from
the given stream function to attenuate the effect of noise. In addition, the
LDM encodes the control conditions into latent features, mapping different
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Figure 6.2: The left image is visualized VF, the middle image and the right
image correspond to visualized stream function and streamlines.
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Framework

8

Figure 6.3: The training structure of the two-stage LDM generators. V is the
velocity field. Sketch ys and stream function yψ serve as control conditions.
Es, Eψ, and EV are encoders. Dψ and DV are decoders. All z and z′ represent
latent features.

types of information into the same latent space, thereby enabling efficient
integration of information while reducing computational consumption.

6.2 Experiments
The training data was collected by conducting the incompressible smoke
simulation with the Phiflow simulator [95]. The sketch autoencoder, stream
function autoencoder, and velocity field (VF) autoencoder were trained for
500 epochs on an NVIDIA RTX 3090 using the Adam optimizer with a
batch size of 16. The LDM training was conducted on an Nvidia A100 in a
Linux environment. The dataset was shuffled and split in an 8:2 ratio, with
8,000 data allocated for training process and 2,000 for testing. In training
process, the dataset was split in an 9:1 ratio for training and validation. Each
LDM in the two-stage training network was trained for 100 epochs with the
Adam optimizer, each epoch spent 7 minutes. The MSE loss was selected
as the training loss for both the auto-encoder and the LDM. This research
conducted a comparative analysis with DualSmoke [7] and DiffSmoke [10].
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The compared methods were also trained for 100 epochs. The quantitative
evaluation results are given in Table 6.1. The visualized result is given as

Methods DualSmoke DiffSmoke Ours
MSE Loss (Intermediate variable generator) 0.050 0.031 0.005

MSE Loss (Velocity field generator) 0.572 0.052 0.035

Table 6.1: MSE loss comparison result. The first stage is the middle
presentation generation. The second stage is velocity field generation. The
generation accuracy of the proposed method is higher than that of both
methods.

Figure 6.4 shows.
The DualSmoke model underperforms on the provided dataset, although

the fluid spatial distribution was successfully captured, the field magnitudes
were noisy. Although DiffSmoke successfully recovers the global flow topol-
ogy, its reconstruction of fine-scale structures remains limited, with notice-
able deviations in both local flow direction and velocity magnitude. The
incompressibility of the generated velocity fields was evaluated by measuring
the divergence loss. The proposed approach achieves a divergence loss of
0.014, whereas DiffSmoke yields 0.0143. The lower divergence indicates that
the proposed generated velocity fields are closer to being divergence-free, thus
better satisfy the incompressibility constraint. This improvement suggests
that the proposed method more closely matches the underlying distribution
of flow fields in the dataset, leading to enhanced physical consistency relative
to the baseline. After velocity field generation, the synthesized velocity field
was adopted as a guidance force field to drive the smoke simulation with the
Mantaflow simulator [96]. The proposed framework allows users to input a
hand-drawn sketch as the condition.

In addition, this research apply an anime-style transfer LLM interface
after the simulation module for generating smoke illustrations. An animation
stylization low rank adaption module (LoRA) [53] is trained for transfer
operation. The LoRA training framework is given as Figure ?? shows.
LoRA is a lightweight model fine-tuning module for enhancing the generation
ability on specific contents or styles. LoRA aims to steer the generative
model toward a particular visual style or content domain. An animation
style smoke images dataset is required to train a LoRA module, along with
corresponding text prompts. A large dataset is not necessary; indeed, an
excessively large collection may dilute the influence of the prompts and reduce
the controllability of the learned adaptation. The text prompts are obtained
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0.0

Ground Truth Our Method DiffSmoke [74]

1.0

DualSmoke [76]

Figure 6.4: The qualitative evaluation result samples. The visualized velocity
field is normalized into the [0, 1] range. The first column is ground truth, the
second column is generated results by proposed method, the third column
is generated results by DiffSmoke, the fourth column is generated results
by DualSmoke. The images in red boxes are enlarged visualized generated
velocity fields.

using a pretrained tagger or captioner. However, the resulting captions for
smoke images are often overly verbose, which making them suboptimal for
LoRA training. Therefore the text prompts is cleaned and simplified, and
prepend a dedicated trigger token at the beginning of prompt sequences to
reliably activate the LoRA during generation. In addition, smoke-relevant
attributes such as color and stylistic descriptors are placed early in the
prompt to strengthen conditioning on these key factors.

The style transfer is conducted under the guidance from text prompts.
The results are given in Figure 6.6. In addition, the rendered density
is stylized to a smoke illustration sequence as shown in Figure 6.7. By
taking the rendered smoke illustration and text prompts that specify the
style as inputs, the LLM successfully transfers the smoke illustration into
the specified style while preserving the smoke shape. For style transfer
on consecutive smoke illustrations extracted from simulations, the specified
stylistic characteristics are generally preserved. However, the control over
local details and background color remains inconsistent.
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Application in smoke style transfer
LoRA for smoke illustration stylization

A pre-trained animation-style smoke LoRA[20] is combined with a pre-trained SDXL[21] model

150 animation style smoke images are collected

Text prompts are organized as: “”

[20] Hu, Edward J., Yelong Shen, Phillip Wallis, Zeyuan Allen-Zhu, Yuanzhi Li, Shean Wang, Lu Wang, and Weizhu Chen. "Lora: Low-rank adaptation of large language models." ICLR 1, no. 2 (2022): 3.

[21] Podell, Dustin, Zion English, Kyle Lacey, Andreas Blattmann, Tim Dockhorn, Jonas Müller, Joe Penna, and Robin Rombach. "Sdxl: Improving latent diffusion models for high-resolution image synthesis." arXiv preprint arXiv:2307.01952 (2023).

Text prompts

Stylized images

ℰ𝒾

ℰ𝓉

Diffusion

Linear layer

LoRA module

Attached with cross-attention layer

Figure 6.5: The example of anime style LoRA training framework.

6.3 Conclusion
In this research,a two-stage sketch-guided framework for smoke illustra-
tion generation using the stream-function is proposed. Experiments have
demonstrated that the stream function has a stronger ability to capture
motion behavior, as an intermediate representation connecting the sketch
and the velocity field. Moreover, compared to the LCS region obtained
through threshold filtering in the FTLE/hyper FTLE, the stream function
has stronger physical consistency in the generation of constrained velocity
field. However, the proposed method still faces several limitations. First,
the diversity of fluid data patterns remains insufficient for synthesizing
complex smoke illustrations such as humans and animals. The simulation
was restricted to a rectangular domain without complex boundary conditions
or obstacles inside the flow field. This research plans to incorporate complex-
shaped solid obstacles into the simulation to facilitate the generation of intri-
cate smoke patterns. Second, relying solely on MSE loss limits the efficiency
of LDM. Incorporating physics-informed constraints, such as divergence-free
condition, is essential for reducing noise and improving generation fidelity
[55]. Third, the current generation framework generates only single-frame
velocity fields, while the smoke illustration and video generation still rely
on fluid simulation. This research aims to synthesize smoke videos from
the input and control conditions via the video diffusion model, thereby
simplifying the generation framework.

In future work, the research direction will focus on controlling the
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1

Sketch Rendered Smoke Stylized smoke

Figure 6.6: The anime style transferred smoke scene examples. The first
column depict input hand-drawn sketches; the second column show the
corresponding smoke illustrations; the third column display stylized smoke
illustrations, which preserve the structural consistency of the original smoke
illustrations while incorporating the target anime style.
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Figure 6.7: The anime style transferred smoke sequences examples. The first
row presents the original smoke illustrations, while the second row shows the
corresponding stylized versions. The first and fourth columns correspond to
earlier stages in the sequence, while the third and sixth columns correspond
to later stages.
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generation of the rendered smoke density field sequence instead of a single
velocity field by adopting the video generation diffusion model. In addition,
drive the generation of stylized smoke motion videos with flow field motion
information such as stream function is a feasible research direction. This idea
is inspired by the experiment of style transfer on the rendered smoke density
field. Current video generation models produce natural videos, and their
control conditions are mostly pixel-based. Physical consistency is unable to
be guaranteed in smoke video generations. Validating the usage of physics-
based flow motion information for video motion control is a meaningful
research direction. In the next chapter, this dissertation proposes a sketch-
guided smoke video generation model using a stream function as the motion
control condition. The effectiveness of the stream function in controlling the
generation of smoke motion videos will be verified.
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Chapter 7

Sketch-Guided Smoke Video Gen-
eration using Stream Function

This chapter proposes a sketch-guided smoke video generation framework
using stream function as motion control condition. When generating videos
of effects such as smoke, user control is typically expressed through textual
prompts and limited image conditions, which offers low precision and cannot
accurately reflect users’detailed creative intent. Moreover, existing motion-
control methods for physical phenomena often rely on optical flow fields
extracted from video as control signals. Optical flow represents pixel motion
in a video, which lacks motion consistency of physical phenomena and fails
to faithfully represent fluid dynamics.

To address these issues, this study proposes a sketch-guided smoke video
generation framework based on a two-stage stream-function-guided latent
video diffusion model. In the first stage, this study trains a stream function
generator and a first-frame generator from pairs of sketches, stream functions,
and rendered smoke density fields. In the second stage, the proposed video
diffusion model is built upon the AnimateDiff [58] with an Object Motion
Control Module [97]. The stream function is visualized first, then the stream
function is encoded through motion control modules into multi-scale motion
features, which are injected into the U-Net backbone as condition. For
style control, this study further applies a pre-trained anime-style LoRA to
transform the first smoke frame into a stylized illustration and then use
the proposed video generation framework to propagate motion, achieving
anime-style smoke videos driven by physical motion control. Experimental
results demonstrate that the proposed method achieves improved quantita-
tive results compared with previous studies. This chapter integrates methods
proposed in the chapter 4, chapter 5 and chapter 6. The proposed method
reduces the semantic gap and generation complexity between sketch and
smoke data with intermediate representation. The stream function is used for
smoke video motion control, which maintains physical consistency of motion
information.

Generative models have democratized high-quality content creation, en-
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Prompt: Upward pluming smoke, grey color, …
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Smoke video

Animatediff
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first frame
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Figure 7.1: The framework of this study. Et,EI represent encoders. The
orange block represent trainable generator and motion module blocks; the
blue blocks represent pre-trained frozen U-Net blocks; the purple block
represents optional selected pre-trained style transferred block. The given
text prompt is an example for showing how to set the keywords for generating
smoke pattern and color pattern.

abling non-experts to synthesize various video contents including humans,
objects, landscapes, and even physical phenomena. However, current text-
driven video models lack precise control over local details in video generation.
Motion-guided video generation research typically employs optical flow as
the motion condition. The optical flow represents pixel movement features
of video, which prioritizes the visual appearance and lacks underlying consis-
tency while synthesizing physical phenomena. Sketches provides an intuitive
yet precise approach to define scene layouts and motion trajectories with
sparse line art. Integrating sketch-guided approach into video generation
workflows allows creators to directly dictate fluid dynamics, simplifying the
creation process and significantly enhancing the accessibility of smoke video
synthesis.

In this study, a two-stage sketch–guided smoke latent video diffusion
model is proposed. The proposed generation framework is built upon the
latent video diffusion model (LVDM) [58]. As shown in Fig. 7.1, the sketch
is used to condition the synthesis of the first video frame. In parallel, the
sketch also guides the generation of a stream function, which is subsequently
employed as a motion-control condition for smoke video synthesis. The text
prompts, referenced first frame and motion condition are combined as the
guidance of smoke video generation. During the training process, streamline
sketches that capture the global dynamical structure of the flow are used
as conditioning inputs, while the stream function serves as an intermediate
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representation that complements these sparse sketches by providing addi-
tional motion cues that are not explicitly encoded in the sketch. In 2D fluid
data, the stream function describes the fluid rotational motion and spatial
structure. By solving for vorticity from the stream function, a divergence-
free velocity field can be obtained, satisfying structural consistency while
containing the overall motion information of the fluid. Therefore, this
research is tend to use the stream function as the physical condition for
motion control. Animation-style smoke images corresponding to the shape
of a 2D fluid density field are generated from pre-trained stylized LoRA [53].
This allows for style control of the generated video. Experiments demonstrate
that the anime-stylized fluid illustrations can be effectively influenced by
motion control, thus enabling the generation of anime-style smoke videos.

7.1 Methods
This research proposes a sketch-guided smoke video generation framework
using stream function to synthesize the artistic smoke video from the input
sketches and text prompts. The whole generation process is given as 7.1
shows. The input sketch is converted into the stream function by the stream
function generator, which subsequently drives motion control of smoke video
generation by transmitting into the object motion control modules [58, 97].
The masked sketch gains from erasing input sketch locally for generating
rendered density field at different frame. A optional choice is applying the
style transfer for generating artistic stylized smoke videos. Text prompt is
used for setting the generation to smoke pattern and video color information
control.

7.1.1 Smoke Data Collection
The velocity fields used in this research are obtained from incompressible
inviscid 2D smoke simulations, following the standard grid-based formulation
in [76]. Given that the smoke simulation occurs within a rectangular
obstacle domain, where the boundary is regarded as solid. The boundary
condition enforces the confinement of the smoke simulation within the defined
boundaries. The semi-Lagrangian scheme [12] updates the velocity field. Two
types of forcing configurations are considered in this research. In one subset
of simulations, the velocity field is driven by oblique wind forces. In the
other subset, the flow is influenced by a combination of a global Perlin-
noise-based force field and an upward wind field, which together prevent
the smoke from moving in the direction of gravity. The smoke source is set
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in the areas with high velocity field magnitudes. The velocity field drives
the smoke movement with the Primal-Dual optimization method [98]. The
vorticity confinement method is applied to enhance the smoke rotational
details. The time step must be chosen below an upper bound: an excessively
large time step amplifies numerical errors at each update and can eventually
destabilize the simulation. Likewise, the magnitude of the external force fe is
also constrained, as overly strong forcing can lead to unrealistic distortions
in the smoke motion.

7.1.2 Stream Function and Streamline Collection

The stream function is a latent representation of the rotation information
continuous dynamics feature of the velocity field. The positive and nega-
tive values indicate opposite directions of rotation. The Helmholtz-Hodge
decomposition is adopted to extract stream function from a 2D velocity
field by following the scheme from [38]. Streamlines intuitively depict the
instantaneous direction and structure of a velocity field. Hence, streamlines
are employed as sketch data for training in this study.

The streamlines originating from 200 cells with the highest velocity mag-
nitude was selected. This operation ensures the main movement structure of
velocity field will be kept and decreases the disturbance from the low velocity
field area. The stream function include the rotational information details,
the positive value represents rotate direction, the negative value represents
rotate direction.

First Frame and Sketch Data Pair The movement of smoke can be
viewed as a gradual moving until a steady state is reached, visually presenting
a self-circulating state. Therefore, the shape and movement trend of smoke
differs at different time frames. To address this issue, streamlines describing
global motion are first extracted from the global velocity field, and then
the density field is used as a mask to occlude these streamlines, obtaining
corresponding sketches at different time frames. The sketch and smoke
first frame data pair examples in one simulation scenario is given in the
Figure7.2. The sketch and smoke first frame data pair examples in different
simulation scenarios are given in Figure7.3. 20 frames of smoke density fields
are randomly selected from each video slice to construct the data pairs and
ensure the diversity of dataset.
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Input sketch Sketch at 80th frame

Datasets
Sketch-smoke data pair collection

Smoke at 80th frame

Sketch at 120th frame

Smoke at 120th frame Smoke at 160th frame

Sketch at 160th frame Sketch at 200th frame

Smoke at 200th frame

The complete sketch is masked by density field, sketch locates in density with valid values is remained. 

Different sketches matches smoke frames at different timestamps.

Figure 7.2: Samples of sketch-density data pairs with a given specific sketch.
The first and the fourth column is the original input sketch. The second and
the fifth column is the masked sketch. The third and the sixth column is the
paired smoke density field.

7.1.3 Latent Video Diffusion Generation with Object
Motion Control Module

The AnimateDiff framework is adopted as the base video diffusion model,
providing a robust backbone for learning temporally coherent motion pat-
terns from text and image inputs. The introduction of AnimateDiff frame-
work is given as Figure 7.4 shows. Building upon the idea of using optical
flow fields as target object motion control condition (OMCM) in video
generation, as proposed in [97], the extracted stream function is reinterpret
as a visualized image data for explicit control the smoke movement over
the temporal sequences. The motion control structure is given as Figure7.5
shows. Concretely, the visualized stream function is encoded by OMCM into
a hierarchy of multi-scale feature maps, which are then injected into the U-
Net backbone. The stream function are mapped with rainbow colormap. The
red color means positive value, the blue color means negative value. These
colors implicitly determines the rotaional direction locally on the visualized
stream function. The core idea of motion control is combing motion condition
blocks with down sampling blocks for transmitting the motion information
into latent space. Motion control modules serves as an encoder to compress
the stream function. The encoded stream function condition is additively
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Input sketch Masked sketch Paired smoke Input sketch Masked sketch Paired smoke

Figure 7.3: Samples of sketch-density data pairs. The first and the fourth
column is the original input sketch. The second and the fifth column is the
masked sketch. The third and the sixth column is the paired smoke density
field.
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Preliminaries
Video generation framework backbone

[22] Guo, Yuwei, Ceyuan Yang, Anyi Rao, Zhengyang Liang, Yaohui Wang, Yu Qiao, Maneesh Agrawala, Dahua Lin, and Bo Dai. "Animatediff: Animate your personalized text-to-image diffusion models without specific tuning." arXiv preprint arXiv:2307.04725 (2023).

AnimateDiff[22] (LVDM) extends from text-to-image LDM, which has a robust generative priors

Decrease the dimensionality by dimensional fusion

High simplicity U-Net structure

Motion modules

𝑧 ∈ ℝ 𝑏×𝑡,𝑐,ℎ,𝑤𝑧 ∈ ℝ 𝑏,𝑐,𝑡,ℎ,𝑤 𝑧 ∈ ℝ 𝑏×ℎ×𝑤,𝒕,𝑐

In most convolution and normalization layers

𝑧 ∈ ℝ 𝑏×𝑡,ℎ×𝑤,𝑐

In attention layers inside motion modules

𝑍𝑇

ℰ Diffusion

𝑍0

Noise loss
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Figure 7.4: The structure of AnimateDiff.

Visualized stream function

…

…
Object motion control modules

U-Net down-sampling layers

𝑍𝑇

Denoising process : trainable modules

: adding operation

…

× 𝑇 times

Output video

Figure 7.5: The structure of OMCM. This structure merge the latent motion
features with the latent video features during the denoising process. The
OMCM is added onto the down-sampling layers of U-Net backbone. The
orange blocks are trainable OMCMs. The blue blocks are frozen U-Net. The
dimension size of convolution layer decreases gradually.
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fused with the down sampling latent features. The merged new motion-
informed latent features guides the generated smoke video to follow the
prescribed flow pattern.

The loss function of SLVDM is given as follows:

LSLV DM = EE(x),y,s,ψϵ N (0,1),t[||ϵ− ϵθ(zt, t, Etext(y), Eθ(s), τomcm(ψ))||22] (7.1)

where E(x) is encoded feature map, Eθ(y) is encoded text prompt condition,
Eθ(s) is encoded first frame condition, τomcm(ψ) is encoded motion condition,
ϵθ(..., t) is neural backbone.

7.1.4 Generator Training
Before training the video generation model, first-frame generator and stream
function generator are required to train. The generator structure is given
as Figure7.6 shows. The input sketch auto-encoder, masked sketch auto-

ℰ𝑠𝑠

𝑐𝑐𝑠𝑠

𝜓𝜓

𝒟𝒟𝜓𝜓

𝑧̂𝑧0 Denoising U-Net

Diffusion Denoisingℰ𝜓𝜓

𝜌𝜌

𝑐𝑐𝑠𝑠′

𝜓𝜓

ℰ𝑠𝑠′

𝒟𝒟𝜌𝜌

𝑧𝑧0 𝑧𝑧𝑇𝑇 Denoising U-Net 𝑧𝑧′𝑇𝑇−1 𝑧𝑧′0

Diffusion Denoisingℰ𝜌𝜌

𝜌𝜌

𝑧̂𝑧𝑇𝑇 �𝑧𝑧′𝑇𝑇−1 �𝑧𝑧′0

Figure 7.6: The training structure of the two-stage LDM generators. ρ is
the rendered smoke density field. Input sketch cs, masked sketch c′s serve as
inputs of the generator. Es, Eψ, and Eρ are encoders. Dψ and Dρ are decoders.
All z, z′, ẑ and ẑ′ represent latent features. z and ẑ exists in different latent
spaces.

encoder and density field auto-encoder requires to be trained before generator
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training. In the training process, the encoded stream function and density
field feature adds Gaussian noise in each diffusion step. The encoded sketch
condition is injected into each U-Net for the denoising process control. In the
inference process, the sketch condition recovers the target visualized stream
function and smoke density frame from noise.

7.2 Results

7.2.1 Experiments
The video diffusion model training was operated on an Nvidia H100, Linux
system. A total of 580 smoke simulation videos was collected, each video
has 320 frames. This study also prepared the corresponding stream function
sequences and sketch sequences. Each stream function and sketch aligns
with the corresponding video frame. The Mantaflow was used to finish the
simulation; each video requires at least 2 minutes. In order to make sure the
variety of the smoke movement, the video clips is selected from the 80th frame
to the 240th frame. If the frame index is too small, the smoke density is too
sparse for training. If the frame index is too large, the movement of smoke
is significantly reduced. The training of stream function generator took 25
hours for 100 epochs. The training of first frame generator took 25 hours
for 100 epochs. The base model for training video diffusion model is Stable
Diffusion v1.5 [51]. The smoke video diffusion model were implemented with
Diffusers [99] based on motionCtrl [97]. The resolution of training data was
set to 384 × 384. The sampling frame was set to 17, which each 8 frames per
second. The training of the proposed framework took 8 hours for 50 epochs.

7.2.2 Evaluation
This study compares the generation accuracy with VidSketch [100] and
animatediff [58]. The evaluation results are given in the table below. This
study chooses FVD [101], LPIPS [102], SSIM [103], and PSNR [104] as
the evaluation schemes. The result shows as Table 7.1. The proposed

Table 7.1: Quantitative comparisons for generated smoke video quality.
Method FVD↓ LPIPS↓ PSNR↑ SSIM↑

VidSketch 159.6444 0.1286 19.7962 0.8933
AnimateDiff 665.9049 0.4087 10.0158 0.7303

Ours 149.5317 0.0887 18.7597 0.8980
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method consistently outperforms the baseline models across FVD, LPIPS,
and SSIM metrics. In contrast, PSNR is the only metric on which the
proposed approach falls short compared to the prior work. In addition,
this study compared standard deviations (std) of SSIM, PSNR, and LPIPS
to quantify performance variability across the test set. The proposed
framework consistently yields the lowest standard deviation for all three
metrics, indicating the generation quality of proposed framework is more
stable and less sensitive to changes in input content or scenes. This reduced
variance suggests that the proposed method generates more reliable outputs
and exhibits fewer extreme failure cases compared to prior approaches. The
result shows as Table 7.2

Table 7.2: Standard deviation comparisons for video generation.
Method LPIPS std PSNR std SSIM std

VidSketch 0.13069 3.5088 0.072693
AnimateDiff 0.12060 2.3379 0.09929

Ours 0.03807 1.5279 0.05685

The visualized result is given as Figure7.7 shows. The output of VidS-
ketch still being unstable after training for 50 epochs, The background of
generated video flickers occasionally, and the generated smoke is fragmented.
The output of AnimateDiff has a noisy background, the noise around the
smoke and at the edges of the video is quite noticeable. Instead, the proposed
framework generates stably moved smoke patterns after training the same
epochs compared with previous research.

In addition, this study chooses cartoon style transferred smoke image as
the referenced first frame. The samples of rendered smoke density and style
transferred smoke data pairs are given in Figure 7.8. The style transfer was
conducted by introducing a pre-trained animation stylized smoke generation
LoRA based on SDXL model [105].

The generation result is shown in Figure7.9. The result shows that even
for the style-transferred smoke first frame, the motion control module is able
to transfer the motion information from smoke density field into a smoke
video with different styles. However, the color information of input smoke
first frame fails to be preserved. The overall color of the generated video
tends to resemble the rendered smoke density field of the used for training.
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Input first frame Ground truth end frame VidSketch AnimateDiff Ours

Results
Generated frame comparison

[24] Jiang, Lifan, Shuang Chen, Boxi Wu, Xiaotong Guan, and Jiahui Zhang. "VidSketch: Hand-drawn Sketch-Driven Video Generation with Diffusion Control." arXiv preprint arXiv:2502.01101 (2025).

Figure 7.7: The visualized comparison results. The first column is input first
frame. The second column is the extracted frame from the ground truth
video. The third column is the generation result of the extracted frame by
VidSketch. The fourth colum is the generation result of the extracted frame
by AnimateDiff. The fifth column is the generation result of extracted frame
by proposed method.

7.3 Conclusion

This research generates a visual stream function and the initial frame of the
smoke video from a semantic sketch. By using the visualized stream function
as a motion control condition, a rendered smoke motion video is successfully
generated while maintaining the accuracy of the smoke motion. Furthermore,
this paper transforms the first smoke frame into an anime style using a pre-
trained style transfer LoRA, and successfully generates an anime style smoke
motion video through a motion module.

This research has the following limitations. First, the U-Net-based video
generation framework is computationally expensive. Long video segments is
unable to sample for training when the data is high-resolution. Second,
the framework lacks control over the color consistency of the first input
frame, making the generated results highly dependent on the dataset. Third,
although the stream function is highly sensitive to rotational information in
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Original rendered smoke Style transferred smoke Original rendered smoke Style transferred smoke

Figure 7.8: Samples of style transfer result. The first and the third column
represents the rendered smoke, the second and the fourth column represents
the style transferred smoke. The first row is generated within blank back-
ground. The second row is generated within a complex background.

Style transferred smoke Style transferred smokeGenerated stylized video Generated stylized video

Figure 7.9: Samples of style transferred smoke video generation. The first
and the third column represents the stylized smoke, the second and the
fourth column represents the final frame of generated video. Although the
motion information has been successfully attached, the color information is
lost during the training process.
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the velocity field, motion information including velocity potential existing
in the harmonic field fails to be captured by the stream function. In the
future, we first plan to render the smoke density or particles with different
artistic styles, thereby enhancing the robustness of stylized smoke video
generation. Secondly, it is expected to use a DiT-based video generation
model to improve the length and accuracy of the generated videos. Building
upon previous chapters, this chapter utilizes the idea of decomposing com-
plex generation tasks and employs stream function for smoke motion video
generation. The proposed method reduces the semantic gap between the
sketch and the smoke field, the physics-based control condition ensures the
physical plausibility of the motion.

95



Chapter 8

Conclusion

This dissertation combines generative models with hand-drawn sketches and
traditional fluid creation, provide a sketch-guided data-driven 2D smoke
effect generation system to decrease the complexity in mapping between
sketch and smoke effect. In details, this dissertation first follows a direct
generation of velocity fields whose shape and flow direction are consistent
with a user-drawn sketch for smoke effect design. This research first attempts
to use the LDM to learn the mapping between sketches and velocity fields.
By comparing our approach with prior GAN-based velocity-field generation
methods, the stability of diffusion models for learning the mapping between
sketch and velocity is demonstrated. Building upon this, the complex
mapping from sketch to velocity field is decomposed into a two-stage sub-
mapping to decrease the ambiguity of velocity field generation. The LCS
region is chosen to serve as the intermediate presentation for connecting
the mapping between sketch and velocity. The LCS derived from hyper-
FTLE provides a integrated spatial representation of flow field structure
over defined temporal intervals, serving as control condition. Compare with
one-stage model, two-stage model generates more precise velocity field by
leveraging regional-based control condition as explicit constraints. Further-
more, the stream function is introduced for further improving the velocity
field generation consistency. Stream function contains both the rotation
dynamics features and structural information of the velocity field, while
LCS region is a binary mask for constraining the velocity field. Finally,
the input sketch serves as the guidance for the smoke video synthesis. The
pipeline begins by generating the video first frame from the sketch, while
simultaneously deriving a stream function that is integrated into the motion
control module as a motion constraint. The proposed framework facilitates
cartoon-style video generation by applying style transfer to the initial frame.
Notably, the stream function motion priors successfully drives the stylized
smoke movements. The quantitative analysis is conducted by comparing the
proposed framework with prior research, demonstrating the effectiveness of
the proposed framework.

In summarization, our research successfully combines physical plausible

96



smoke effect with semantic sketch input through a diffusion model, providing
a feasible solution for non-professional users to create fluid illustrations and
videos. By controlling the geometry and motion characteristics of the flow
field through physically based intermediate representations, the physical
accuracy of generated smoke effect is maintained while preserving the user
creative intent.

The proposed studies reduce user interaction complexity at the input
stage. In conventional 3D modeling software, users typically create 3D curves
using dedicated modeling tools, which are then algorithmically converted into
a relatively coarse force field. A further refinement is commonly performed
through parameter-control interfaces or programming to edit the force field.
In contrast, standard fluid simulation tools often require users to possess
prior knowledge in fluid dynamics as well as programming skills to design
force fields that control smoke motion. In our framework, users draw simple
line strokes using a built-in painting tools on a computer system by dragging
painting brush with a mouse. The resulting sketch is provided as input to
our pipeline, which automatically generates a corresponding velocity field.
This velocity field is then integrated into our implemented fluid simulation
script to produce the final smoke simulation results.

8.1 Remaining Challenges and Future Works
This dissertation lacks further refinement of hand-drawn sketches. Since
the sketches lacks information indicating the direction of motion. The
diversity in motion direction guidance is insufficient. Furthermore, this
dissertation achieves simple control over the smoke motion through global
external forces and solid boundary conditions outside the flow field. However,
more detailed control over the flow field lacks in the simulation, resulting in
relatively simple smoke patterns. For complex sketch inputs such as human
shapes and animals, The velocity field generation fails to preserve structural
characteristics when the input consists of intricate sketches. Examples of
this issue are shown in Figure 8.1, where complex sketches, such as a human
figure and a swirl, are incorrectly recognized as flow plumes in the velocity
field. Therefore, developing a more comprehensive sketch-to-velocity dataset
would be a feasible improvement for this dissertation.

During data collection, the simulated smoke exhibits relatively fast mo-
tion, leading to noticeable differences between consecutive frames. However,
sampling velocity fields from each simulation at a fixed temporal interval
can still introduce locally continuous sequences into the dataset. Such
temporal correlations may bias the training process by over-representing
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Figure 8.1: The examples of failure results. The first column shows the input
hand-drawn sketches, while the second column visualizes the corresponding
output velocity fields. In given instances, the input sketches generate velocity
fields that mismatch the given sketch shapes.
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highly similar samples and thus affect the learnable parameters. In the
experiments, when the model on a dataset that contained these consecutive
sequences is evaluated, the MSE of the generated results was 0.007 lower on
average than that obtained using a randomly shuffled dataset. This suggests
that data redundancy can artificially inflate quantitative performance and
may not reflect true generalization. Hence, Future work will increase both
the diversity and the number of simulation scenarios, and avoid fixed-
step sampling during dataset construction. Instead, sampling strategies
that reduce temporal redundancy will be adopted, thereby preventing the
collection of highly similar consecutive samples.

Current studies have not yet developed a complete interactive user inter-
face that encapsulates the pipeline from sketches to velocity-field generation.
At present, the generated velocity fields are primarily integrated into fluid
simulation libraries such as PhiFlow [95] and Mantaflow [96], where the
velocity serve as guiding velocity inputs to control the simulated flow motion.
These tools provide limited support for graphical user interfaces and are
mainly intended for Python-based simulation programming. The future
work plans to wrap and extend these simulation backends with a more
intuitive visualization and interaction interface, thereby reducing user effort
and lowering the design cost.

This dissertation focuses primarily on incompressible inviscid smoke
phenomena. Future plans include developing a more versatile fluid creation
system, the viscid fluid, fluid-structure interaction, and multiphase flow
will be considered. For example, when the training data are extended
from incompressible inviscid flows under no-penetration solid-wall boundary
conditions to more complex fluid regimes, such as viscous flows and flows with
free-slip boundaries, the explicit boundary conditions will be incorporated
as controllable condition during model training. Concretely, the training
samples with additional inputs can be augmented that encode boundary
information, such as boundary mask or signed distance field (SDF), and
provide them as extra conditioning channels. In addition, the boundary
type and physical parameters can be specifically annotated such as the
viscosity coefficient. During training process, these additional physical
descriptors can be injected into the generative model through mechanisms
such as cross-attention module, enabling the network to adapt its generation
to different boundary configurations and fluid properties. Furthermore,
additional physics-informed loss terms will be introduced, such as divergence
loss for incompressibility and boundary-condition losses for enforcing velocity
constraints at boundaries. These loss functions can be used to fine-tune the
training model.

In this dissertation, the generation pipeline is decomposed into more
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interpretable sub-processes by introducing explicit physics-based interme-
diate variables. However, the current network architecture does not include
dedicated modules that are specifically tailored to data with strong physical
priors. In future work, physics-informed generation frameworks is aimed
to be proposed that further integrates physical priorities and constraints.
Related LDM-based research typically incorporate additional modules or
functional transformations to derive auxiliary physical information from the
target quantities, which is then used either as an extra conditioning signal
or as part of the training objective. For example, an advection residual is
regarded as an additional loss term to impose physics-informed constraints
on training model. LDM-based frameworks first encode data into a latent
space and learn the generative process in this compressed representation. As
a result, the latent features are not guaranteed to preserve or satisfy the
physical constraints that exist in the original data domain. Physics-based
explicit control is challenging to impose directly on latent representations
within LDM-based frameworks. Moreover, the training data are typically
natural images or videos for most generation tasks, from which reliable
physical quantities are not readily extractable. To compensate for this
limitation, some studies control the generation with textual prompts that
describe implicit physical phenomena, thereby constraining the generated
dynamics in a semantic space. In addition, a practical strategy is to collect
high-physical-confidence data from physical experiments or physics-based
simulators, and use them for optimization or fine-tuning the model.

Current generative models focuses excessively on the quality of the
generated result, while designing is a continuous process of editing. Inspired
by two-stage generative models, The goal of multi-stage models should not be
limited to merely generating control conditions that govern the final result.
Multi-stage models can also be integrated into the creative process itself. By
editing and modifying intermediate expressions, the combination of gener-
ative models and creative processes can be further improved, allowing user
intents to align more accurately with the creative workflows of professional
designers.

An additional main focus will be on generating 3D fluid materials from
3D sketches. The 3D fluid provides crucial references for industrial design,
which extends beyond multimedia. Currently, the sketches are primarily
2D. 3D sketch-guided 3D flow field generation will be considered in the
future. Intermediate representations such as LCS and stream functions have
corresponding 3D features, allowing for accurate control of 3D fluid geometry
and motion features through a two-stage approach. A strategy for painting
3D sketches conveniently will also be considered.
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