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ABSTRACT

Multiphase fluid dynamics, such as falling droplets and rising bubbles, are critical
to many industrial applications. However, simulating these phenomena efficiently
is challenging due to the complexity of instabilities, wave patterns, and bub-
ble breakup. This paper investigates the potential of scientific machine learning
(SciML) to model these dynamics using neural operators and foundation models.
We apply sequence-to-sequence techniques on a comprehensive dataset generated
from 11,000 simulations, comprising 1 million time snapshots, produced with a
well-validated Lattice Boltzmann method (LBM) framework. The results demon-
strate the ability of machine learning models to capture transient dynamics and
intricate fluid interactions, paving the way for more accurate and computationally
efficient SciML-based solvers for multiphase applications.

1 INTRODUCTION

Flow behavior in multiphase flow is crucial for many industrial and chemical applications. In drug
delivery, two-phase flow can be used to create uniform drug-loaded microspheres or microcapsules.
These microcapsules can provide controlled and sustained release of drugs, improving therapeutic
outcomes (Hernot & Klibanov, 2008; Sattari et al., 2020). Two-phase flows are also essential for rapid
diagnostics and biochemical applications in lab-on-a-chip technologies (Haeberle & Zengerle, 2007;
Mark et al., 2010). Discrete phase bubbles in microchannels, generated via T-junctions (Thorsen et al.
(2001)), co-flowing systems (Cramer et al., 2004), or flow-focusing techniques (Anna et al., 2003),
have a high surface-to-volume ratio, enhancing reaction efficiency and sensitivity. The shearing
forces of the continuous phase precisely control bubble size and formation, which is crucial for device
performance. By thoroughly understanding gas-liquid or liquid-liquid interactions, engineers can
optimize mixing conditions (Schwesinger et al., 1996; Stroock et al., 2002; Tice et al., 2003) to
enhance reaction rates, improve product consistency, and reduce energy consumption.

Bubbles (lighter fluid volumes moving in a denser fluid medium) and droplets (heavier fluid volumes
moving in a lighter fluid medium) play an integral role in applications such as drug delivery and
lab-on-a-chip technologies. The dynamics of droplets and bubbles exhibit significant complexity,
primarily due to phenomena such as breakup, deformation, and surface tension. Firstly, the breakup
of droplets and bubbles is a highly nonlinear and complex process governed by factors such as
viscosity ratio, density ratio, and surface tension. For example, for high inertia flows, the fast
and irregular breakup results in smaller and widely-distributed droplets; at low Reynolds numbers,
laminar flow leads to a more even breakup and larger droplets (Eggers & Villermaux, 2008). Secondly,
droplets can be deformed by shear and pressure forces. Various studies have shown that the Capillary
number (Vananroye et al., 2008; Liu et al., 2022), Atwood number (Fakhari & Rahimian, 2010; Singh,
2020), and Reynolds number (Vontas et al., 2020; Xu et al., 2020; Seksinsky & Marshall, 2021) all
have a significant impact on droplet deformation.

To better understand multiphase phenomena (both droplets and bubbles), researchers often perform
a canonical simulation/experiment called the bubble rising case (Bhaga & Weber, 1981b; Hua &
Lou, 2007; Hysing et al., 2009; Amaya-Bower & Lee, 2010; Aland & Voigt, 2012; Yuan et al., 2017;
Khanwale et al., 2023), where a bubble is placed in a higher density fluid so that the bubble moves up
due to buoyancy. Conversely, using a droplet of higher density causes the droplet to fall down due
to gravity (Yang et al., 2021; Jalaal & Mehravaran, 2012). This canonical study is essential since it

1

https://lobster-app-cbyg9.ondigitalocean.app/


054

055

056

057

058

059

060

061

062

063

064

065

066

067

068

069

070

071

072

073

074

075

076

077

078

079

080

081

082

083

084

085

086

087

088

089

090

091

092

093

094

095

096

097

098

099

100

101

102

103

104

105

106

107

provides insights into bubble dynamics and shape evolution, which are critical factors for optimizing
industrial processes and improving numerical models in �uid dynamics research. Nonetheless,
capturing the bubble-rising or droplet-falling phenomenon is a multiscale problem with forces acting
at different scales, ranging from microscale molecular interactions to macroscale �uid dynamics.
Therefore, high-�delity simulations are essential to accurately resolve these interactions, particularly
at the thin interfaces where precise capturing of surface tension and interfacial dynamics is critical.

Scienti�c Machine Learning (SciML) represents a powerful approach for addressing multiphase �ow
problems. SciML leverages the inherent physics to develop models that can learn from complex
data and produce reliable predictions (Karniadakis et al., 2021; Hassan et al., 2023; M Silva et al.,
2024). A key ingredient to training and accessing SciML solvers is a comprehensive dataset, which
MPF-Bench is an example of such a benchmark dataset. It includes wave patterns, bubble and droplet
dynamics, and breakup.

There are several approaches to using machine learning to solve scienti�c problems, including
Physics-Informed Neural Networks (PINNs) (Raissi et al., 2019) and neural operators (Li et al.,
2021; Raoníc et al., 2023; Lu et al., 2021). However, PINNs suffer from hard convergence and high
generalization error (Rathore et al., 2024). In this paper, we focus on using neural operators and
foundation models which use supervised learning. MPF-Bench has three major features:

• Scienti�c machine learning evaluations: We test our dataset on several neural operators and
foundation models using the sequence-to-sequence time series concatenation technique. Our dataset
serves as a good test for these models to evaluate their ability to learn multiscale physics data.

• Extensive amount of data: Our dataset includes 11,000 simulations in 2D and 3D with over 1
million time-series snapshots. This extensive volume of data allows for robust training of SciML
models, which will help in advancing the development of accurate and reliable SciML models for
multiphase �ow dynamics.

• Multiphase simulations: We conduct simulations of rising bubbles and falling droplets, solving
the Navier-Stokes equations coupled with the Allen-Cahn equation. This approach captures
considerable physical phenomena, including breakup and deformation.

Our Contributions: We summarize our main contributions below:

• Six neural operators and foundation models trained on our data i.e., predicting concentration,
velocity, and pressure solution �elds using previous time solutions as input to the models. To our
knowledge, no study has evaluated the performance of neural operators and foundation models on
multiphase �ows.

• Our dataset features 11,000 simulations and over 1 million time-series snapshots, with variations
in density ratio, viscosity ratio, Reynolds number, and Bond number. This extensive dataset
encompasses many phenomena, ranging from subtle surface deformations in bubble oscillations
to full bubble breakups driven by surface tension and density ratio variations. The richness and
breadth of this dataset offer deep insights into the intricate dynamics of multiphase �ows, making
it a valuable resource for advancing research in this �eld. We provide our dataset as a benchmark
for others interested in developing and evaluating SciML models. Additional details can also be
found in our website.

2 RELATED WORK

The Stanford Multiphase Flow Database (SMFD) used in (Chaari et al., 2018), the �ow experiment
dataset (Al-Dogail & Gajbhiye, 2021), and the BubbleML dataset (Hassan et al., 2023) are resources
for understanding multiphase �ow dynamics.

The SMFD features 5659 measurements across a range of gas and liquid properties, pipe characteris-
tics, and operational conditions. This dataset, derived from laboratory and �eld sources, supports
various pipe inclinations and �ow patterns. SMFD covers different �ow regimes, including strati�ed,
slug, and annular �ows. However, it does not appear publicly available, so we cannot identify the
number of individual snapshots in this dataset.

The �ow experiment dataset (Al-Dogail & Gajbhiye, 2021) focuses on the effects of density, viscosity,
and surface tension on two-phase �ow regimes and pressure drops in horizontal pipes. The 2904
measurements from air-liquid system experiments provide insights into �uid properties' in�uence on
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Table 1: Comparison of public Multiphase Flow Datasets

Name Samples Snapshots Scope Sources Ranges of material
properties

Flow
Experiment
Dataset

2904 2904

Horizontal
pipes, effects
of density,
viscosity,
surface tension

Controlled
lab environ-
ment

� : [1, 1.5] gm/cc,
� : [1, 3.1] cP,
Surface tension =
[32, 70] mN/m

BubbleML 79 7641

pool boiling,
�ow boiling,
and sub-cooled
boiling

2D and 3D
Numerical
simulations
based on
Flash-X

Re = 0.0042,
� � = 0.0083,
� � = 1,
Pr = 8.4,
We = 1,
Fr = [1, 100]

MPF-Bench 11000 > 1
million

Droplet and
bubble
dynamics

2D and 3D
Simula-
tions using
LBM

� � : [10; 1000],
� � : [1; 100],
Bo : [10; 500],
Re : [10; 1000]

�ow regimes and pressure drops. This dataset's development of �ow regimes and pressure contour
maps enhances the understanding of �uid behavior in horizontal two-phase �ows.

Additionally, the BubbleML dataset (Hassan et al., 2023) is a data collection focused on multiphysics
phase change phenomena generated through physics-driven simulations, providing ground truth
information for various boiling scenarios, including nucleate pool boiling, �ow boiling, and sub-
cooled boiling. We summarize these and other databases alongside our dataset in Table 1.

3 MULTI -PHASE FLOW(MPF) BENCH

We present the MPF-Bench dataset, encompassing 5500 bubble rise and 5500 droplet �ow simulations,
with each simulation containing 100 time-snapshots, making it, to our knowledge, two orders of
magnitude larger – in terms of number of time-snapshots – than any existing multiphase �ow
dataset. This dataset features 2D and 3D transient simulations, capturing a spectrum of �ow behaviors
in�uenced by surface tension and density/viscosity ratios. MPF-Bench includes scenarios from bubble
oscillations with minor surface deformations to complete bubble breakup, offering a comprehensive
resource for studying bubble rise and droplet fall dynamics.

3.1 PROBLEM DEFINITION: INITIAL AND BOUNDARY CONDITIONS, AND OUTPUTS

We consider 2D and 3D simulations of bubble rise and droplet fall simulations using the lattice
Boltzmann method. The domain sizes for 2D and 3D are[256; 512] and [128; 256; 128] lattice
units, respectively. For 2D simulations, the bubble is initially centered at(64; 64) and the droplet
is centered at(128; 384). In 3D, the bubble is centered at(64; 64; 64) while the droplet is centered
at (128; 384; 64). The initial diameterD0 for both problems is set to 128 lattice units in 2D and 64
lattice units in 3D. The boundary conditions are set to free-slip on the side walls and periodic at the top
and bottom as illustrated in Figure 1. This problem is driven mainly by the density and viscosity ratio
of the two phases in addition to the Reynolds and Bond numbers. The Reynolds number measures the
ratio of inertial forces to viscous forces, while the Bond number measures the ratio of gravitational
forces to surface tension forces. Below is the de�nition of these four dimensionless numbers:

� � =
� h

� l
; � � =

� h

� l
; Reh =

p
gy � h (� h � � l )D 3

� h
; Bo =

gy (� h � � l )D 2

�
(1)

whereh andl indices refer to the heavy and light �uids, respectively. We have selected random,
dimensionless numbers uniformly to ensure the entire de�ned range is covered. The outputs of the
simulations are the interface indicator (c), velocity components (u; v; w), pressure (p), and density
(� ), which provide insights into the dynamics of multiphase �ow and the interactions between the
phases.
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We selected a few representative cases from our dataset to illustrate the key physics of droplet and
bubble dynamics (see Table 2). As shown in Figure 2 and Figure 4, these cases highlight how
variations in Bond number, Reynolds number, and density ratio affect droplet deformation and
breakup patterns. Each case reveals distinct �uid behaviors, enhancing our understanding of the
complex, nonlinear dynamics. The streamlines around the bubble and droplet, depicted in Figure 3
and Figure 5, further illustrate how these physical parameters in�uence droplet breakup and stability
across 3D and 2D �ows.”

Figure 1: Boundary conditions for the simulation of a falling droplet. The left panel illustrates the 3D case,
while the right panel illustrates the 2D case.

(a) Rising Bubble (b) Falling Droplet

Figure 2: (a) Snapshot of a 3D rising bubble and (b) snapshot of a 3D falling droplet. The properties of the
�uids for each case are detailed in Table 2.

3.2 SIMULATION FRAMEWORK AND COMPUTE EFFORT

Our simulation framework employs a highly parallel, in-house Lattice Boltzmann code, utilizing
one of the most accurate two-phase models, the phase �eld model, to capture the complexities of
the interface. The code has been rigorously tested across various problems, with validation results
provided in Section A.3. For 2D simulations, we used a uniform lattice grid of256� 512, while
for 3D simulations, the domain was set to128� 256� 128. We achieved high parallelization by
distributing the computation across 12 Nvidia A100-SXM4 80GB GPUs. The total computational
cost for 2D and 3D cases was approximately 4,000 GPU hours. We use the ParaView tool (Ayachit,
2015) to visualize and understand our dataset.
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(a) Rising Bubble (B1) (b) Falling Droplet (D1)

Figure 3: Streamlines of a 3D rising bubble (a) and a 3D falling droplet (b), with colors indicating the magnitude
of velocity. The properties of the �uids for each case are detailed in Table 2.

B1 B2 B3

t5

t4

t3

t2

t1

(a) Rising Bubble

D1 D2 D3

t1

t2

t3

t4

t5

(b) Falling Droplet

Figure 4: (a) Snapshot of a 2D rising bubble and (b) snapshot of a 2D falling droplet. The properties of the
�uids for each case are detailed in Table 2.

3.3 METADATA

Input Fields: We have provisioned the following dimensionless quantities as inputs to our study as
de�ned in Section 3.1. These are the Density Ratio (� � ), Viscosity Ratio (� � ), Bond Number (Bo),
and Reynolds Number (Re). Since these are scalar values, we feed them to the neural network by
creating a constant �eld with a dimension consistent with the number of samples, in this case, 10,000
in 2D and 1000 in 3D.

Output Fields: In analyzing multiphase �ow problems, we are interested in solving the governing
PDEs to obtain solutions at every point in the domain's interior for certain cardinal �elds. For a
2D solution domain, these are:c - interface indicator,u - velocity in x direction,v - velocity in
y direction,p - pressure. Additionally, because this is a time-dependent problem, we have these
cardinal �elds or a sequence of these �elds distributed uniformly over time (100 time steps).
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