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Abstract

Fluid mechanics is a cornerstone of science and engineering, such as spacecraft,
submersibles, and biomedicine, which are important to understand and optimize,
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involving four key tasks throughout history: prediction, parameter identification,
design, and control. Although each task has made significant strides individu-
ally, current approaches remain fragmented; existing models are limited to their
specific domains and lack the capability to generalize across different tasks. To
overcome this issue while utilizing the correlation between tasks to improve the
performance on each task, we propose FluidZero, a unified deep generative
model to tackle all these tasks using one single model. FluidZero is encouraged by
the success of large foundation models in several domains, inspiring it possible to
develop a unified fluid model capable of handling all these tasks. The key advan-
tage of FluidZero is that it facilitates cross-modal and cross-task interactions
on diverse data, enabling effective physical principle learning and significantly
enhancing performance on all tasks across a wide range of fluid scenarios. We eval-
uate FluidZero across multiple datasets, including simulation data and real-world
measured data obtained through Particle Image Velocimetry (PIV). Moreover,
the designed foil is directly transferred to real-world experiments through 3D
printing. Notably, FluidZero shows remarkable generalization capabilities in all
scenarios, achieving superior performance even in out-of-distribution (OOD) sit-
uations and real-world applications. By integrating diverse fluid system tasks
across varied scenarios into a unified model, FluidZero demonstrates the rev-
olutionary impact of generative Artificial Intelligence (AI) approaches in fluid
mechanics, opening new avenues for the adoption of integrated fluid system
understanding and optimization throughout scientific and engineering domains.

Keywords: Cross-task model, Fluid mechanics, Generative model, Fluid-structure
interaction

1 Introduction

Fluid mechanics is a cornerstone of science and engineering, underpinning a vast array
of critical applications across diverse domains. It enables space exploration through
aerodynamic optimization of spacecraft like SpaceX’s Dragon [1, 2], advances deep-sea
research via the propulsion and stability design of submersibles such as the Deepsea
Challenger [3, 4], and informs precision biomedical flow prediction and optimiza-
tion for cardiovascular treatments [5-7]. These applications span a wide spectrum
of tasks—from predicting unsteady flow dynamics to optimizing designs and con-
trols—where understanding and manipulating fluid behavior is essential for ensuring
reliability, efficiency, and safety. As such, fluid mechanics is not only a foundational dis-
cipline but also a cross-cutting enabler of progress in transportation, energy, medicine,
and environmental systems.

Historically, fluid mechanics has been studied since the 17th century by pioneer-
ing scientists such as Newton, Bernoulli, Euler, et al. Building on several centuries
of progress, in the 21st century, Artificial Intelligence (AI) is rapidly making inroads
in fluid mechanics research with the development of AI, which is an unprecedented
change [8]. Brunton et al. [8] reviews the AT methods to model fluid dynamic systems
for prediction, identify hidden parameters or latent system dynamics for understand-
ing, optimize flow for design, and control fluid behavior through action planning. It
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shows that the above four tasks, prediction, identification, design, and control, are
fundamentally important parts of fluid system research. Each brings together a large
amount of work. Among them, many researchers focus on accurately simulating and
predicting fluid system evolution [9-11], others investigate system identification to
infer classifications or parameters of fluid systems from observational data [10, 12-18],
some concentrate on optimizing the design of structures within fluid systems [19-22],
while others dedicate their efforts to developing flow control strategies [23-29]. While
each task has made significant strides individually, current approaches remain frag-
mented, requiring distinct architectures, training data, and optimization schemes for
each scenario. Existing models are limited to their specific domains and lack the capa-
bility to generalize across different tasks. In light of this, we therefore raise a pivotal
question in fluid systems.

Can a single AI model tackle all these tasks in fluid systems?

Addressing this question represents a fundamental shift in how we conceptualize
and operationalize fluid systems. These four tasks are not independent as they form
an interdependent workflow in both simulation and real-world applications. A unified
model could dramatically reduce redundancy, lower repetitive development costs, and
streamline the entire modeling-to-optimizing pipeline [30, 31]. Moreover, the shared
physical principles underlying all four tasks suggest the possibility of cross-task knowl-
edge transfer, potentially leading to improved generalization and performance [32]. For
example, prediction capabilities are fundamental and can provide more information
to effective design and control [32, 33].

This vision is increasingly supported by breakthroughs in large foundation mod-
els trained on vast and diverse datasets [31, 34-44]. In natural language processing,
models like BERT [34], GPT [35], and DeepSeek [36] have demonstrated strong gen-
eralization across diverse linguistic tasks. In the vision, CLIP [45] shows impressive
zero-shot transfer capabilities. More importantly for scientific domains, models such
as the Nature Language Model (NLM) [39] exhibit cross-disciplinary abilities span-
ning proteins, chemistry, and materials. WeatherGFM [31] integrates several tasks
within the prediction range, such as super-resolution, cross-modal inference, and tem-
poral forecasting, into a single framework. Such a paradigm shift in AI development,
using a single generalizable framework rather than developing small specialized mod-
els for each scenario, offers promising new perspectives for fluid system research. The
core insight of these foundation models is that expressive architectures trained on
diverse data develop generalizable capabilities that transfer across problems. For fluid
systems, which naturally involve multiple modalities (e.g., fluid fields, boundary condi-
tions, physical parameters, forces, and control actions), this shift presents a promising
opportunity to move beyond task-specific tools and toward unified, general-purpose
modeling.

Despite this promise, no prior work has successfully unified the four canonical tasks
in fluid systems. T'wo major challenges stand in the way: (1) the nonlinear complexity
of the Navier—Stokes equations (NSE), one of the most difficult unsolved problems
in mathematical physics [46]; and (2) the heterogeneous modalities required for each
task—ranging from high-dimensional fields for prediction, to physical parameters, to
design geometries, to action sequences in control—making joint learning technically
nontrivial.
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To address these challenges, we propose FluidZero, a unified generative model
that unifies all these tasks as a multimodal conditional probabilistic generation task,
shown in Fig. 1. Rather than designing separate models for prediction, parameter
identification, design, and control, FluidZero casts each as the inference of missing
modalities, such as fluid fields, parameters, boundaries, or control actions, conditioned
on known ones. Built on a diffusion model backbone, FluidZero learns to transform
noise into structured outputs through a denoising process [47], effectively modeling the
nonlinear, high-dimensional distributions inherent to fluid dynamics [33, 48]. In partic-
ular, FluidZero has three main features. (1) It employs modality-specific encoders to
convert different types and dimensions of modalities into latent token representations,
enabling effective cross-modal fusion. The design allows FluidZero to handle diverse
types and numbers of multimodal data. (2) It adopts a diffusion process to learn prob-
abilistic distributions rather than deterministic mappings. The probabilistic modeling
approach enables the model to capture the inherent stochasticity of fluid dynamics
and generate diverse yet physically reasonable solutions. (3) It randomly masks the
unknown modalities to simulate various task situations in training, enabling the model
to learn to complete unknown modalities. The training strategy enables cross-task
knowledge transfer and multiplies task generalization, allowing the model to learn fun-
damental physical principles of fluid dynamics rather than direct mappings between
data. Through comprehensive experiments spanning diverse simulations, real-world
measurements, and multiple out-of-distribution (OOD) scenarios, we demonstrate that
FluidZero achieves superior performance across all tasks. Notably, we demonstrate
the practical applicability of FluidZero through the successful transfer of the designed
foil to real-world scenarios and show remarkable generalization on real-world measure-
ment data, even for OOD cases, which bridge the gap between numerical methods and
practical engineering applications.

2 Results

In this section, we first introduce the datasets and environments (2.1) to provide the
foundation for subsequent training and evaluations. We then systematically demon-
strate the performance of a single FluidZero model across multiple important tasks
through a series of comprehensive experiments, including prediction (2.2), parameter
identification (2.3), design (2.4), and control (2.5). We further validate the flexibil-
ity of our unified model by examining various task combinations (2.6), demonstrating
FluidZero’s ability to integrate multiple tasks seamlessly. Finally, we examine OOD
scenarios (2.7) to validate the generalization capability and robustness of FluidZero,
demonstrating that it maintains superior performance even when faced with previously
unseen data distributions.
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Fig. 1 Schematic illustration of the proposed FluidZero. The sub-figure (a) illustrates our
proposed FluidZero that unifies multiple tasks in fluid systems, including prediction, parameter iden-
tification, design, and control, into a conditional probabilistic generation task. FluidZero, based on
the diffusion model and transformer architecture, generates unknown modalities using known modal-
ities as conditions. It starts from Gaussian noise and gradually denoises to generate solutions for
various tasks. The sub-figure (b) illustrates the framework of FluidZero. Firstly, different modalities
are encoded to the token level using modality-specific encoders, and then different positional embed-
ding methods are utilized. The purpose is to map modalities of different dimensions to tokens with
the same dimension, allowing for information distillation at the token level between different modali-
ties. Then, tokens enter the transformer, which consists of two main components: spatial-multimodal
attention and temporal attention. These parts are leveraged to capture spatial correlations and modal
fusion, as well as learn temporal evolution features. After several iterations, the corresponding modal-
ities are output through modality-specific decoders.
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Fig. 2 Results of the prediction task. (a) The average relative Ly error between the predicted
value and the ground truth, with each radar chart containing FluidZero and four baselines. Each
radar chart contains results for a fluid scenario. Each scenario contains velocities in two directions
(u,v) and pressure (p) fields. The fluid states {u;}7_, of the experimental data in (d) includes
velocities fields in two directions (u,v). From the figure, it can be seen that FluidZero has the
smallest innermost area, indicating the smallest error in all scenarios compared to all baselines. (b,c)
The following visualizations contain the ground truth, predicted values, and error between them in
50 time steps (height represents the timeline). In the main text, we present the velocity states in
the x-direction of a simulation sample and an eﬁperimental data sample. For more visualizations
and tables, please refer to Supplementary Materials G. The figures demonstrate that the proposed
method FluidZerooutperforms the baselines with significantly fewer errors. The videos of prediction
on simulation data and measurement are available in the link 1 and link 2, respectively.
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2.1 Datasets and Environments

To evaluate FluidZero’s performance across diverse fluid systems, we utilize two types
of datasets: simulation data and real-world experimental measurements.

For simulation, we employ Lily-pad [49, 50], an immersed boundary method-based
CFD solver for the incompressible Navier-Stokes equation as Equation 1,

V-u=0, z€Q,tel0,T],
%—‘t‘+u~Vu:—Vp+iV2u+f,
u(z,0) =ug(x), =€,
Blu](z,t) =0, ze€9Q,tel0,T],

continuity equation)
momentum equation)

(1)

initial condition)

~ o~~~

boundary condition)

where u is the fluid vector field, ¢ is time, V is the gradient operator, p is pressure,
Re is the Reynolds number (Re), f represents external body forces, ug is the initial
fluid field, B[u](x,t) = 0 is the boundary conditions, 2 is the computational domain,
08 denotes the boundary of the domain, and [0, 7] is the time interval of interest.

Lily-pad has been extensively validated in the prediction and control of machine
learning studies [32, 51, 52]. To thoroughly assess FluidZero’s generalization ability
across various fluid systems, we generate four simulation datasets with the following
configurations. Single Cylinder: flow around a single cylinder with randomly varying
Re and cylinder diameters. Single Foil: flow around a foil with different Re, chord
lengths, angles of attack, and thickness profiles. Double Cylinders: flow around
two cylinders with different Re, cylinder diameters, and relative positions between
the structures. Double Foils: Flow around a combined two foils with randomized
parameters for both structures and their relative positioning. In all configurations, the
simulation parameters (Re, geometric characteristics, actions, and relative positions of
multiple structures) are randomly sampled within physically relevant ranges to ensure
comprehensive coverage of possible fluid behaviors.

For experimental measurements, to validate FluidZero’s capability to transfer to
real-world conditions, we also collect experimental data using Particle Image Velocime-
try (PIV) [53, 54]. The technique allows us to measure actual fluid velocity fields.
The experimental setup was designed to correspond to the single cylinder scenario
where the cylinder is fixed while the inflow velocities and Re are varying. The detail
of experimental measurements is introduced in Section 4.5.

These configurations and scenarios are ubiquitous in both natural and engineering
contexts. In nature, the cylinder configuration mirrors water flow around plant stems
and rocks in ocean and river [55, 56]. The foil scenario represents bird and insect
wings during flight [57, 58]. Multiple structure configurations simulate fish swimming
in schools [59], birds flying in formation [60], or plant clusters responding to flow
[55]. In engineering applications, these configurations are fundamental to wind turbine
placement in wind farms [61], foil design [62], building aerodynamics in urban settings
[63], and offshore structure stability [64].
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2.2 Prediction

The prediction task involves forecasting future fluid states based on initial conditions,
system parameters, and external forces. Accurate fluid system prediction is the cor-
nerstone of all fluid mechanics applications, providing essential insights for engineering
design, control systems, and scientific understanding [65]. We herein demonstrate the
capability of the FluidZero for the prediction of fluid systems. Specifically, we treat
the known modalities as condition information for the diffusion model as illustrated
in Equation 2. By conditioning the generative process on these modalities, FluidZero
learns to sample physically reasonable future states that are consistent with the ini-
tial conditions and governing physics. We conduct comprehensive experiments using
FluidZero and baseline methods across all datasets, including both simulation and
experimental measurement data. The baseline methods, experimental results, and
analysis are described in the following paragraphs.

Task Formulation: The prediction task can be formulated as a mapping function:

fpred : {uoan,C%ﬂ%Sﬂt}?:o = {ut}$:1’ (2)

where the goal is to predict the future fluid states (u;) over a time horizon T', given
the initial conditions (ug € {u;}7_,), initial force coefficients (C?,C%), parameters
(1), boundary shape (S), and control actions (a;) over a time horizon T

To compare the performance of FluidZero with existing methods, we provide two
baseline models trained on a separate dataset for individual prediction tasks, namely,
the U-Net [66] and Fourier Neural Operator (FNO) [67]. There are two other base-
line methods that complete the ablation studies on the training dataset and training
manner. The diffusion model (Diffusion) trained on a separate dataset is used to
compare the effectiveness of training with diverse datasets and training with a single
dataset, while the Transformer is trained by using supervised learning instead of the
diffusion model training manner. Please note that the model frameworks of these two
baselines are completely consistent with FluidZero, providing a fair comparison. The
introduction of the baseline methods is in Supplementary Material F.

Quantitative results and visualizations are presented in Figure 2 comparing Flu-
idZero’s predictions against baseline methods. The experimental results in Figure
2(a) demonstrate that FluidZero consistently outperforms specialized baseline meth-
ods across all datasets. The average relative error decreases by 37.3%, 37.1%, 45.0%,
and 35.9% compared to the best baseline, respectively. Notably, for experimental
data, FluidZero achieves the remarkable result that is reduced by 41.9% compared
to the error of the best baseline, as shown in Figure 2(d). The results demonstrate
the model’s exceptional ability to generalize to noisy experimental measurements that
inherently differ from clean simulation data. Moreover, the ablation studies (com-
pared to Diffusion) indicate that training with diverse datasets yields significantly
better results compared to training on a single dataset. We attribute this improve-
ment to the model’s exposure to varied data distributions during training (similar
to how GPT models benefit from diverse textual data), which facilitates the learn-
ing of fundamental fluid dynamics principles rather than superficial dataset-specific
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Fig. 3 Results of parameter identification and design tasks. (a) The bar chart contains the
average relative Lo error of parameter identification, including FluidZero and three baselines, and
it can be seen that bars of FluidZero have the lowest error. (b) The violin plot of lift-to-drag ratio
statistics across different methods for design, illustrating the statistical median values and variance
for BP, Diffusion, Transformer, and FluidZero. Sub-figure (c¢) and (d) provide flow field visualizations
of the design task at the final timestep alongside their corresponding experimental photographs for
the best performing BP sample and FluidZero sample (they are located in the same Re), respectively.
Sub-figure (e) displays the temporal evolution of lift-to-drag ratios for the above two samples in
simulation, while sub-figure (f) shows the corresponding experimental measurement curves in the
circulating water tank. For the other experimental measurement and their lift-to-drag ratios, please
refer to Supplementary Material G.2. Results demonstrate that foil shapes designed by FluidZero
consistently achieve higher lift-to-drag ratios not only in simulations but also when transferred to
real-world testing environments, validating the sim-to-real transferability. The videos of design in the
simulation and experimental measurement are available in the link.

patterns. Additionally, our ablation studies on training manners (compared to Trans-
former) reveal the significant advantages of diffusion models over supervised learning
manners. While supervised learning directly maps inputs to deterministic outputs,
diffusion models learn the underlying probabilistic distribution of the data, allowing
them to capture the inherent stochasticity of fluid dynamics and generate diverse yet
physically reasonable predictions.
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2.3 Parameter Identification

As a key component of system identification, parameter identification tackles the
inverse problem of recovering the governing physical parameters of the fluid from
observed behavior [68, 69]. Precisely estimating quantities such as the Reynolds num-
ber from data is pivotal for understanding fluid systems, enabling reliable flow-pattern
classification and rigorous validation of theoretical models [14, 16, 17, 70]. The task is
typically challenging due to the complex, nonlinear relationship between fluid behavior
and underlying physical parameters. We herein demonstrate the capability of Flu-
idZero for identifying key physical parameters in fluid systems. Specifically, FluidZero
takes as input a sequence of fluid states (velocity and pressure fields) and bound-
ary conditions (structure geometry), and infers the Re as illustrated in Equation 3.
We conduct comprehensive experiments across our four simulation datasets by using
FluidZero and three baselines.

Task Formulation: The parameter identification task can be expressed as an
inverse problem:

fpi : {ut7s7atvcz>cf)}?:0 =, (3)

where the goal is to infer the paratmeter Re (1) from observed fluid states (u;), forces
(Ct,CL), control actions (a;), and boundary shape (S) over a time horizon T

We employ three baselines: a backpropagation-based method (BP) that optimizes
parameters by minimizing the difference between observed and predicted fluid states,
the Diffusion trained on a single dataset, and the Transformer. The results across all
datasets are presented in Figure 3(a). It demonstrates that FluidZero significantly out-
performs baseline methods, achieving consistently lower parameter estimation error
across all scenarios. Quantitatively, FluidZero achieves relative Ly errors of 0.050,
0.062, 0.188, and 0.166 for four datasets, respectively, representing improvements of
85.8%, 88.1%, 2.1%, and 2.9% over the best baseline methods. Importantly, Flu-
idZero demonstrates superior stability and robustness, as evidenced by its consistently
small error bars (variance less than 0.0048). In contrast, baselines exhibit much larger
variance, with BP showing high uncertainty (standard deviations up to 0.4533 for Dou-
ble Cylinders) and Transformer displaying significant inconsistency (with error bars
exceeding 0.5490 for Double Cylinders). Our ablation studies reveal that training with
diverse datasets substantially improves parameter identification accuracy compared
to single-dataset training, suggesting that exposure to varied flow regimes helps the
model build a more comprehensive understanding of how physical parameters manifest
in observable flow patterns.

2.4 Design

Foil design represents one of the most challenging and impactful applications of fluid
mechanics in engineering [32]. The goal of optimizing designed boundaries to achieve
specific performance objectives has traditionally required extensive computational
resources and expert knowledge [71, 72]. We herein demonstrate the capability of Flu-
idZero for efficiently designing foil shapes to maximize fluid dynamic performance.
Specifically, our design task focuses on generating optimal foil boundaries that max-
imize the lift-to-drag ratio under given flow conditions as illustrated in Equation 4.
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Compared to other tasks, the design problem presents a unique challenge as it oper-
ates with minimal initial information, FluidZero generates high-performance shape
designs conditioned solely on the Re, without access to initial fluid states or exist-
ing boundary conditions. The sparse conditioning scenario tests the model’s ability
to leverage its learned understanding of fluid-structure interactions to directly pro-
pose optimized boundaries. In implementation, FluidZero employs the guided diffusion
method [73] to steer the generative process toward boundaries with higher lift-to-drag
ratios. By incorporating performance objectives into the sampling process, we enable
FluidZero to balance between the exploitation of known high-performance boundaries
and the exploration of novel design possibilities. We generate foils simultaneously using
FluidZero and baselines with 50 Reynolds numbers as conditions. Although the perfor-
mance of the best foil generated condition on one Re may also be best at other different
Re, different Re validate the stochasticity of the model, thereby demonstrating its
robustness. The baselines and analysis of results in both simulation and real-world
transfer are described in the following paragraphs.

Task Formulation:

The design task can be formulated as an optimization problem:

S* = argmaxg J (S,7), (4)

where the goal is to generate the optimal boundary shape (S*) that maximums the
objective function (J) under given parameters (n). For example, if the objective is
to design the foil with the maximum lift-to-drag ratio, the objective function can be
defined as J = % (maximizing the lift-to-drag ratio).

To evaluate the design capability of FluidZero, we compare the results of FluidZero
against several baseline models. The primary baseline is a backpropagation-based
method [74] (BP) that combines a pre-trained variational auto-encoder (VAE) [75] for
foil representation with a U-Net [66] mapping boundaries to forces, allowing gradient-
based optimization of foil shapes. Additional baselines for ablation studies include
the Diffusion trained only on the single foil dataset and the Transformer trained via
supervised learning instead of the diffusion framework.

The results comparing the lift-to-drag ratios of designed foils are presented in
Figure 3(b), while Figure 3(c,d) visualizes both the generated foil boundaries and
their corresponding flow fields. Statistical analysis of the lift-to-drag ratio distribu-
tions reveals that FluidZero achieves the most superior and consistent performance,
with a median lift-to-drag ratio of approximately 2 and a tighter distribution. In con-
trast, baseline methods show significantly inferior performance: BP exhibits a wide
distribution centered around 0, Diffusion shows moderate performance with a median
around 0.5 but substantial scatter, and Transformer demonstrates the poorest perfor-
mance with a median near -2 and limited range (-2.5 to 1.5). For the mean and max
values, please refer to Table 13 in Supplementary Material G.3. The results demon-
strate that FluidZero consistently generates foil designs with superior fluid dynamic
performance compared to baselines across various Re conditions. A particularly note-
worthy finding is that FluidZero generated designs with lift-to-drag ratios significantly
higher than those found in the training dataset, where the average lift-to-drag ratios
are close to zero (minimum and maximum thickness-to-chord ratios are 0.3 and 0.6,
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respectively). It indicates that FluidZero effectively explores and discovers regions of
the design space beyond those in the training data, demonstrating true optimization
rather than simple imitation of existing designs. Furthermore, our ablation studies
reveal that training with diverse datasets significantly enhances the model’s design
capabilities compared to training on a single dataset. To our knowledge, we are the
first to demonstrate and quantify this beneficial effect of data diversity specifically for
fluid system design tasks. The finding suggests that exposure to varied flow scenar-
ios helps the model develop a more comprehensive understanding of how boundary
modifications affect fluid behavior across different boundaries.

To validate the real-world applicability of FluidZero’s designs, we 3D print the
top-2 best-designed foils of both baseline and FluidZero and test them in a circulating
water tank experiment at multiple Reynolds numbers'. The experiment setup is intro-
duced in Section 4.5. These experimental tests confirm that designed foils of FluidZero
transferred to experimental fluid environments have superiorly measured lift-to-drag
ratios as shown in Figure 3(f). The successful transfer from computational design to
physical implementation demonstrates the practical value of FluidZero for real-world
engineering applications.

2.5 Control

Planning and control of fluid systems represents one of the most challenging yet
promising frontiers in engineering, with applications ranging from aircraft foil control
to marine vessel and platform stabilization [52, 76]. Compared to static design prob-
lems, control requires both the predictive understanding of fluid behavior and strategic
decision-making. We herein present and analyze the results of FluidZero for plan-
ning the actions of structures in fluid environments to achieve specific performance
objectives alongside baseline comparisons.

Task Formulation:

The control task can be expressed as a decision-making problem:

{a;}—o = argmax{at}fzoj({at}tj;o: uo, S,7), (5)

where the goal is to generate control actions (a;) that maximizes objective functions
(J) (e.g., drag minimization, lift maximization, or lift-to-drag ratio maximization)
based on the initial condition (ug), boundary shape (S), and parameters 7.

To evaluate the versatility of project, we implement and evaluate control strategies
across all simulation environments, with a particular focus on varying control objec-
tives. Specifically, we examine three distinct control objectives: drag minimization and
lift maximization for both single cylinder and double cylinders configurations, and lift-
to-drag ratio maximization for both single foil and double foils. The diversity of control
objectives evaluates FluidZero’s ability to learn general control principles rather than
objective-specific strategies. FluidZero takes the initial fluid state, boundary condi-
tion, initial position, and Re as inputs, along with the given control objective. Then,
FluidZero conditionally generates appropriate control actions, like angular velocity,

1To accommodate the requirements of numerical solver and experimental equipment, all numerical
simulations and experimental measurements are conducted in liquid, considering hydrodynamic effects.
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Fig. 4 Results of the control task. The figure presents a comprehensive comparison of control
performance across multiple methods for different fluid dynamics scenarios. The visualization includes
both quantitative bar charts (a-f) and heatmaps (g-1) for single cylinder (a,b,g,h), double cylin-
ders (d,e,j,k), single foil (c,i), double foils (f,1) configurations. The methods compared include BC,
BPPO, MPC, SAC, diffusion model, and transformer, alongside our proposed FluidZero. The objec-
tives in control include maximum lift (a,d,g,j), minimum drag (b,e,h,k), and maximum lift-to-drag
ratios (c,f,i,1) across different flow configurations. The heatmaps reveal the temporal evolution of
control effectiveness, while the bar charts quantify the average performance values. FluidZero consis-
tently demonstrates superior performance across all scenarios. These results validate the effectiveness
of our unified conditional generation approach for fluid system control tasks, outperforming both
traditional control methods and other learning-based approaches. Moreover, they also demonstrate
for the first time that training control strategies on diverse datasets can significantly improve per-
formance compared to training on a single dataset in fluid systems. The videos of control results are
available in the link.

to control the fluid system. We evaluate FluidZero against several existing baselines,
including conventional Model Predictive Control (MPC) [77], Behavior Cloning (BC)
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[78], and widely-used Reinforcement Learning algorithms, including Behavior Proxi-
mal Policy Optimization (BPPO) [79] and Soft Actor-Critic (SAC) [80]. For ablation
studies, we also include two additional baselines: the Diffusion trained on individual
datasets and the Transformer trained via supervised learning instead of the diffusion
framework.

Quantitative control performances and visualizations for representative evaluation
cases are presented in Figure 4. The results demonstrate that FluidZero achieves
superior control performance compared to specialized algorithms across all scenarios
and control objectives. For lift maximization, our controlled strategies achieve 48.43%
higher lift coefficients in the double cylinders scenario, while for lift-to-drag ratio
maximization tasks, FluidZero discovers control strategies that achieve the largest
lift-to-drag ratio, which is 22.87% more than the best baseline method in the single
foil scenario. What is particularly notable is FluidZero’s ability to generalize across
different control objectives without requiring objective-specific training or tuning.

2.6 Task Compositions

The superior performance of FluidZero across scenarios and tasks compared to all
baselines—achieved with a single model-—demonstrates its generalization to unify
diverse tasks. This generalization capability is achieved through unifying tasks into a
probabilistic generation task and training on diverse datasets for multiple tasks. How-
ever, beyond this fundamental advantage, we explore the model’s flexibility by testing
on various task compositions. These experiments, conducted on the single foil sce-
nario, showcase the unique capabilities enabled by FluidZero. We investigate two task
compositions.

Task Formulation: The task composition involves combining multiple tasks
sequentially. For example:

Parameter identification and control:

J. *
fcompl . {ut7 Sa 027 CtDv at};:o = n = {at }?:07 (6)

where a; is the action in the data sample, while af is the generated action given the
objective J.
Parameter identification and design:

fcome : {ut7 87 Cza OtDv at}z:o =n 'Z> S*, (7)

where S is the boundary shape in the data sample, while S* is the generated shape
given the objective J.

First, we evaluate FluidZero’s ability to perform sequential parameter identification
and control in scenarios where Re is unknown. In this workflow, FluidZero first infers
Re from fluid states, then uses this identified parameter as a condition for generating
control actions. Results presented in Figure 5(a, left) demonstrate that FluidZero
still achieves impressive lift-to-drag ratios while performance shows a modest decrease
compared to scenarios with known parameters. The capability is particularly valuable
for real-world applications where exact flow parameters may be unknown or uncertain,
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allowing for adaptive control based on observed fluid behavior. Second, we evaluate the
composition of parameter identification and design tasks under conditions of unknown
Re. Similar to the above scenario, FluidZero first infers Re from fluid states and then
generates optimized foil designs based on the identified parameter. As shown in Figure
5(a, right), the combined method maintains strong design performance, demonstrating
FluidZero’s robustness and flexibility.

These combined task experiments demonstrate the remarkable flexibility and
robustness of FluidZero, enabling novel workflows that leverage the complementary
capabilities of different fluid system tasks.

2.7 Evaluation in OOD Scenarios

In the utilization of the model, out-of-distribution (OOD) scenarios are often encoun-
tered, which differ significantly from the training distribution. Here, we illustrate the
performance of FluidZero in various OOD scenarios, including the prediction of unseen
fluid fields and control under substantially higher parameter (Re) configurations for
extrapolation, showing that our model captures the underlying physical principles
governing fluid dynamics, which enables superior performance.

Firstly, in training, the dataset only includes scenarios of cylinders and foils, but
for unseen scenes such as the square, FluidZero still generalizes and achieves better
results than baselines, which is reduced by 14.9% compared to the relative error of the
best baseline, as shown in Figure 5(c,d). Secondly, we validate FluidZero’s generaliza-
tion capabilities to unseen flow parameters by extending control tests for single foil
configurations to substantially higher Re as shown in Figure 5(b). While our training
data encompassed Re in the range of 5,000-10,000, FluidZero successfully generalizes
control strategies to fluid systems with Re between 10,000-100,000. This remarkable
OOD generalization significantly expands the practical applicability of our approach,
demonstrating its ability to transfer learned control principles to flow parameters well
beyond those encountered during training.

We attribute the OOD generalization capability to FluidZero’s cross-modal and
cross-task learning paradigm, which enables the model to learn fundamental physical
principles underlying fluid dynamics rather than memorizing dataset-specific patterns.
The unified model facilitates this knowledge transfer by creating shared representa-
tions that capture the invariant physics across different tasks and boundaries. Through
simultaneous training on diverse tasks across multiple boundary configurations, Flu-
idZero develops an understanding of the universal relationships between fluid physics,
boundary conditions, and system responses.

3 Discussion

This work introduces one single model that masters diverse tasks in fluid systems
called FluidZero, unifying prediction, parameter identification, design, and control into
a probabilistic generation task for complementing missing modalities of each task. We
demonstrate through comprehensive experiments that FluidZero achieves better per-
formance than all baseline methods in diverse scenarios. In addition to the Section
2 shows that FluidZero achieves consistent superior performance over baselines in all
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Fig. 5 The figure demonstrates FluidZero’s generalization capabilities to OOD scenarios and task
compositions. The bar chart (a) presents a comprehensive performance comparison of the best control
baseline (Diffusion) and FluidZero on two compositions of multi-task (CMT): parameter identification
and control (left group), and parameter identification and design (right group). The y-axis represents
the average lift-to-drag ratios. The results show that when it comes to inferring parameters first,
although FluidZero may have a slight decrease in performance, it is still better than the best baseline
that knows all the information. The results highlight the critical advantage of our unified model: when
physical parameters are unknown, FluidZero can leverage its parameter identification capabilities
to first infer these parameters and then subsequently perform downstream tasks such as control
or design, enabling effective performance even in scenarios with incomplete information. Sub-figure
(b) compares lift-to-drag ratio performance across large Reynolds number range (10,000-100,000)
for FluidZero versus the Diffusion (the best baseline in the control task), despite being trained only
on Reynolds numbers between 5,000-10,000. FluidZero consistently maintains superior performance
across all tested Reynolds numbers, with a significant performance gap compared to the baseline.
The radar chart (c) is the relative Lo error of the square configuration, including the velocities in
two directions and pressure fields. The visualization (d) compares predictions of the velocity field
in the x-direction for the square, a configuration entirely absent from the training. Predictions of
FluidZero remarkably close to the ground truth. The results demonstrate FluidZero’s strong capability
to transfer learned fluid dynamics principles to both novel configurations and flow regimes well beyond
those encountered during training, significantly enhancing its practical applicability.
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tasks, various insights can be obtained from different tasks because each task has
its own characteristics and challenges. (1) Training on diverse datasets significantly
improves performance. Because training with a large amount of diverse data can cap-
ture shared principles, which may be commonly present in fluid systems, the insight
is reflected in the results of all tasks, especially we attribute the success of OOD
scenarios to this reason. (2) Through cross-task learning, the generalization of the
model is improved, and the insight is illustrated in the results of design and control
tasks compared to the task-specialized baselines. For example, the performance of the
designed foil is better than that of the dataset and the generalization of control within
OOD scenarios. We attribute it to the insight brought to the design and control by
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learning other tasks, such as prediction. (3) The unified task model can flexibly com-
bine different tasks to solve the problem of missing modalities, such as not knowing
fluid parameters in design and control tasks. Such a model avoids developing many
task-specialized models and reduces the cost of repetitive development.

Our proposed FluidZero will have a wide-ranging impact on the fluid mechanics
community. The development of FluidZero marks a significant advancement toward
unified understanding and optimization of fluid systems. By integrating diverse tasks
within a unified probabilistic model, this approach eliminates the need for special-
ized models while improving performance through cross-task knowledge transfer. It
streamlines research workflows and enables seamless integration of fluid mechanics
tasks, demonstrating considerable potential across various applications. For example,
FluidZero demonstrates the potential for the comprehensive spacecraft development
workflow, from initial flow modeling around complex geometries, through aerodynamic
design optimization of control surfaces, to flight control [81, 82]. Similarly, for underwa-
ter submersibles, the unified model will seamlessly integrate hydrodynamic modeling of
turbulent wake flows, hull shape optimization for drag reduction, and control strategies
for varying mission requirements [83-85]. Beyond the above applications, FluidZero
will extend to critical biomedical domains where it can simultaneously predict blood
flow patterns, identify patient-specific cardiovascular parameters, and optimize vessel
geometries for surgical planning [86-88]. Moreover, FluidZero also demonstrates the
remarkable potential for comprehensive structural analysis and design workflows in
the domain of material mechanics. For instance, in semiconductor manufacturing, Flu-
idZero will predict thermal stress distributions and defect formation in silicon wafers,
identify material parameters such as elastic moduli and thermal expansion coeffi-
cients, and optimize chip packaging designs for thermal management and mechanical
reliability [89-91].

Although FluidZero shows promise through extensive experiments, there are sev-
eral exciting directions for future expansion by integrating complementary approaches.
(1) The model can be significantly enhanced by incorporating much more diverse train-
ing data across different scenarios to develop a foundation model for fluid mechanics
[43, 44]. FluidZero has demonstrated that diverse data is helpful for the generalization
of tasks and OOD scenarios. Scaling up with significantly more data spanning broader
scenarios beyond cylinders, foils, and simple geometries is expected to achieve better
generalization at scale. It potentially creates a universal fluid mechanics foundation
model capable of handling arbitrary configurations. (2) The control framework can be
further advanced by integrating closed-loop feedback mechanisms, combining asyn-
chronous denoising algorithms [92] to achieve efficient real-time feedback control that
adapts to dynamic environmental changes and system uncertainties. (3) The unified
model presents opportunities for integration with large language models (LLMs) to
enable language-to-task capabilities, building upon existing works [93-96] that com-
bines LLMs with prediction tasks. This integration will allow users to specify complex
fluid mechanics tasks through natural language descriptions, automatically translat-
ing high-level objectives into specific modeling, identification, design, or control tasks
within the FluidZero.
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4 Methods

We herein introduce the method of the proposed FluidZero, including an overview,
architecture, training, and sampling methods. After that, the experiment setup
and evaluation metrics are briefly described. More details can be found in the
Supplementary Material C, D, and E.

4.1 Overview of FluidZero

As we mentioned in the previous discussion, one of the important features of Flu-
idZero is the provision of specific encoders for modalities with different dimensions,
which are encoded into latent token representations. These tokens, along with posi-
tion embeddings, are then input into the Transformer, which utilizes the multi-level
attention mechanism to learn the patterns of modalities, spatial distribution, and tem-
poral evaluation. The diagram of the architecture is shown in Figure 1(b). With the
above multi-task compatible neural network architecture, the training method plays a
critical role since FluidZero requires leveraging diverse training data to achieve strong
generalization performance across different tasks and scenarios. The training employs
a diffusion model framework using balanced sampling to ensure that the model has
uniform exposure to features of diverse data. Moreover, we apply task-masked opti-
mization and randomly mask modalities to simulate different task situations, which
facilitates cross-task knowledge transfer, enabling the model to learn fundamental
physical principles and generalize across multiple tasks. After training, FluidZero per-
forms inference by conditionally sampling from Gaussian noise using task-specific
known modalities to generate corresponding solutions.

4.2 Model Architecture for Multimodal Fusion

The motivation behind the model architecture is to enable unified representation and
processing of spatial, temporal, and scalar modalities while handling variable num-
bers of physical structures within a single model. In general, the main component
of the architecture is the Transformer [97] that captures the relationships between
modalities, spatial and temporal, through attention mechanisms to integrate multi-
modalities flexibly and model heterogeneous physical variable data for fluid systems
as shown in Figure 1(b). Specifically, the model applies modality-specific encoders to
transfer different modalities into latent token representations tailored to their modal
characteristics. Then, they are processed by the Transformer architecture unifiedly.
The encoders for each modality are further described below, including spatial-temporal
fluid states, point clouds representing boundaries, sequential variables like actions and
forces, and scalar parameters.

Spatial-temporal fluid state u are two-dimensional fluid fields containing mul-
tiple time steps, generally including velocity fields in two directions and a pressure
field. The encoder divides the state at each time step into patches, after which each
patch is embedded into a token:

Zitate = -Fpatch(ut) + e:tate’ te {1’ T ’T}7 (8)
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where Fpatcn denotes the patch embedding function and eﬁtate are positional embed-

dings for grid coordinates. By doing this, the fluid state is converted into tokenized
representations suitable for the Transformer to learn while preserving its spatial
locality.

The boundary shape S is generally represented as point clouds with the coor-
dinates of each point. In order to uniformly represent structures with different shapes
and quantities, we first convert the point cloud into the form of Signed Distance Func-
tion (SDF) [98] that provides an implicit representation of surfaces of shape, used to
describe the shortest distance from a point in an image to a surface, and then divide
the SDF image into patches and embed them as tokens:

7y Y = Foaen(Se) + €/, te{l,...,T}, (9)
where e?dy are positional embeddings.

Sequential variables (Cp,Cr,a) are treated as time-series vectors with length
T. The dimensions of these sequential variables depend on the number of structures
in fluid systems. For instance, when there is a foil in a fluid system, there will be a
set of sequential variables (Cp, CL,a), and if there are two foils, there will be two sets
of them. We apply the encoder with the Fourier transform to abstract the globally
periodic features and then nonlinear layers to capture the key features. The above
transformation is mathematically reflected in equation 10, which not only allows for
the fusion of tokens from different modalities but also makes the model scalable as
the Transformer can handle any number of tokens, which means that the number of
structures in the fluid system can be expanded to more quantities.

z;°0 := concat ({Fu (Frrr(si))}) + €Y,
te{l,...T}, s€{Cp,Cr,a}, i €{1,..., Imax}s
where Fy,; and Fppr denotes nonlinear layers and Fourier transform, concat refers
to concatenation along the token number dimension, €;°? are position embedding for
sequence variables, I .y is the number of structures and s represent variables among
CD, CL, and a.

Scalar parameters 7 in fluid systems are another modality, like Re that deter-
mines the similarity of fluid systems. We apply the encoder with the same architecture
as the sequential variables to embed scalar parameters, but their tokens do not change
over time and are consistent in a fluid system as shown in equation 11:

(10)

2°! .= concat({Fo(Frrr(n™))}) + €1, ne{l,...,N}, (11)

where N is the number of parameters and €% is the positional embedding.
After converting all modalities to tokens, within each time step ¢, spatial tokens
(z5***¢ and z"Y) and non-spatial tokens (z*°4 and z*°!) are concatenated into Z; €
R (Nepat+Nnon-spat) X4 wwhere d is the hidden dimension of tokens. Then, the spatial-
multimodal multi-head self-attention (MSA) [97] is calculated across all spatial tokens
and tokens of different modalities for every time step ¢ € {1,..., T} to capture the spa-
tial features and enable cross-modal fusion. After that, in order to maintain temporal
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correlation and learn features of fluid system evolution, we further calculate temporal
MSA within a horizon when completing spatial-multimodal attention and fusion of
different modalities at each iteration. After Transformer processing with an iterative
multi-level attention mechanism, tokens of fluid state and shape are decoded to recon-
struct the original dimension by unpatchifying. Finally, tokens of sequential variables
and scalar variables are processed through the nonlinear layer and converted back to
the original space using the inverse Fourier transform.

4.3 Model Training for Estimating the Conditional
Distribution for Different Tasks

Based on the above architecture, FluidZero is trained using the diffusion model frame-
work, where the fundamental goal is to train a denoiser to reverse the noise adding
process. Its advantages have been mentioned in Section 1. The diffusion model operates
by gradually corrupting clean data with noise over a series of diffusion steps and then
learning to recover the clean data from the noise [47]. Essentially, the diffusion model
learns a conditional probabilistic distribution, where the conditions in FluidZero are
known modalities in different tasks.

The forward diffusion process is defined by a Markov chain. Given a clean
data sample xq, which is a set of all modalities of fluid systems, the Gaussian noise
is gradually added to xg with the increase of diffusion steps K. At step k, the noisy
sample X is obtained from xj_; as follows:

q(xkxk—1) = N(xp; V1 = Brxe—1, Bi]), (12)

where [ € (0,1) is the variance schedule at step k, and I is the identity matrix.
According to the derivation of Ho et al. [47], we can directly sample xj, from xq:

q(Xk|x0) = N (xk; vVouxo, (1 — a)T), (13)

where ay = Hle(l — Br)-

The reverse denoising process aims to learn a denoiser €y(xy, k, c) that pre-
dicts the noise added at step k in the forward process, where 8 represents the model
parameters and c is the condition information.

In implementation, we train FluidZero on all diverse datasets, including single
cylinder, single foil, double cylinders, double foils, and PIV data as introduced in
Section 2.1. These datasets have different numbers of trajectories. To balance the con-
tributions of different datasets during training, we adopt a custom balanced batch
sampling strategy. The strategy first calculates the effective sample count of each
dataset, then generates proportionate batches, and finally applies weighted random
sampling. By doing so, it ensures that the model has uniform exposure to features
of diverse scenarios, which improves generalization and prevents overfitting. Further-
more, we systematically mask different combinations of modalities to create incomplete
input situations that reflect different task requirements. The method forces the model
to learn underlying physical relationships rather than direct mappings between inputs
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and labels, as the model must infer missing information based on available modali-
ties and physical consistency. By training on various incomplete situations, the model
develops robust inference capabilities and learns to capture invariant physical prin-
ciples governing fluid dynamics, ultimately achieving better generalization across
different tasks.

The training process is divided into pre-training and fine-tuning stages. We conduct
pre-training on approximately 120,000 simulation data trajectories. In the pre-training
stage, FluidZero is optimized to learn the dynamics and intrinsic physical principles
of fluid systems. After pre-training, FluidZero can achieve tasks such as prediction,
parameter identification, and control. Furthermore, FluidZero is fine-tuned by a few
training epochs to improve generalization, including using a fixed foil simulation
dataset to learn how to design a better foil and a real measured PIV dataset with
noise to generalize to real-world applications. In both stages, the training objective is
to minimize the denoising loss in the context of the diffusion model. The denoising
loss is based on the difference between the predicted noise €g(xy, k,c) and the true
noise € at each step k. Specifically, the loss function is:

Edenoise = Eq(xk|x0) [”60(ka ka C) - ekHQ] . (14)

This denoising loss is applied across all modalities to optimize the model to learn
the reverse denoising process. The comprehensive pre-training and fine-tuning enable
FluidZero to effectively learn and perform in diverse tasks and scenarios of fluid
systems.

4.4 Sampling Solutions for Each Task from the Single Model

In the inference, we sample solutions for all tasks from the conditional probabilistic
distribution using the single model FluidZero. To accelerate sampling, we use the
Denoising Diffusion Implicit Models (DDIM) [99], which enhances sampling efficiency
while preserving generation quality.

Specifically, we impose different conditions that are known modalities in the task
to generate the corresponding solution by sampling from Gaussian noise. (1) The con-
ditions for prediction are consistent with those utilized during the training. Modalities
given for prediction are initial condition uy, initial forces C? and C%, parameters 7,
action a: ¢ = {ug, CY,C% . n,S,a;}_, as shown in Equation 2. (2) The conditions for
parameter identification are ¢ = {uy, S, a;, Ct,C4}E , as shown in Equation 3. (3) For
the design task, the given modalities are parameters 77, which is less than others. There-
fore, we also attach the additional guided strategy during the sampling process, which
transforms the sampling process into an optimization process as: argmaxg[J (7, S)].
By doing it in design, FluidZero balances between the exploitation of known high-
performance boundaries and the exploration of novel design possibilities. (4) For the
control task, the given modalities are initial condition ug, initial boundary shape S,
parameters 7 as shown in Equation 5. The conditions of {C%,C%}I, are adjusted
according to the optimization objective. The details of the sampling can be found
in Supplementary Material E. By tailoring conditioning variables and integrating
guidance, the single model efficiently performs diverse tasks in fluid systems.
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4.5 Experiment Setup for Measurements of Fluid Systems

We conduct laboratory experiments in the circulating water tank to validate Flu-
idZero’s ability to transfer to real-world scenarios as demonstrated in Section 2.2
and 2.4. The circulating water tank is an important equipment for conducting inflow
experiments in fluid mechanics. Our equipment can design accurate inflow velocities,
which reduce the disturbance caused by the backflow using flow straighteners and
honeycombs, effectively ensuring uniform flow conditions for precise measurements.

For the prediction task, we collect fluid field data using PIV. As mentioned before,
the flow around a cylinder is a classic problem in fluid systems with widely-used appli-
cations. We set Re between 350 and 1250 by changing the incoming flow velocity,
which includes both fully laminar and transition states to turbulence. The flow field
changes in this range are complex, posing a challenge for the model’s OOD general-
ization. The PIV technique can be used to obtain the complete fluid state, and we set
the observing window at the wake of the cylinder to better capture its wake character-
istics. The measured fluid states exhibit characteristics analogous to simulation data,
including overlapping Re regimes while extending to both lower and higher Reynolds
values in numerous instances. These experimental datasets feature fixed cylinder con-
figurations and lack pressure information while introducing observation noise, which
provides an ideal benchmark for evaluating the model’s generalization capabilities
when confronted with realistic data.

For the design task, to verify the ability of FluidZero to transfer to real-world
scenarios, we 3D print the designed foil and measure the lift-to-drag ratio using the NI
DAQ-USB6218 with a ME-K3D40 three-axis force sensor in the circulating water tank.
In laboratory experiments, we select the top-2 best foil shapes from FluidZero and
the baseline BP, and measure the hydrodynamic performance at multiple Reynolds
numbers. The shape and angle of attack of 3D printed foils are consistent with the
generated boundary.

4.6 Evaluation Metrics

To rigorously evaluate the performance of the unified model across diverse tasks, we
define distinct evaluation metrics tailored to the specific objectives of each task. These
metrics are mathematically formalized as follows.

The evaluation metric for the prediction task is the relative Lo error, which mea-
sures the relative error between the predicted values and ground truth values, defined
il

. a—u

L(a,u) T
where u represents the ground truth value, 11 is the predicted value. The metric ensures
accurate evaluation of predictions by emphasizing relative magnitude discrepancies.
The relative Lo error is also employed for the parameter identification task. Moreover,
the evaluation metrics for the design and control task depend on the specific objective
functions, including minimizing drag, maximizing lift, and maximizing the lift-to-drag
ratio. They use the mean values of drag mean(Cp), lift mean(Cy) and lift-to-drag
ratio mean(g—g) to evaluate, respectively.

(15)
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