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Abstract

Multiphase flow simulation is critical in science and engi-
neering but incurs high computational costs due to com-
plex field discontinuities and the need for high-resolution nu-
merical meshes. While Neural Operators (NOs) offer an ef-
ficient alternative for solving Partial Differential Equations
(PDEs), they struggle with two core challenges unique to
multiphase systems: spectral bias caused by spatial hetero-
geneity at phase interfaces, and the persistent scarcity of
expensive, high-resolution field data. This work introduces
the Interface Information Aware Neural Operator (IANO),
a novel architecture that mitigates these issues by leverag-
ing readily obtainable interface data (e.g., topology and po-
sition). Interface data inherently contains the high-frequency
features not only necessary to complement the physical field
data, but also help with spectral bias. IANO incorporates
an interface-aware function encoding mechanism to capture
dynamic coupling, and a geometry-aware positional encod-
ing method to enhance spatial fidelity for pointwise super-
resolution. Empirical results across multiple multiphase flow
cases demonstrate that IANO achieves significant accuracy
improvements (up to ∼10%) over existing NO baselines. Fur-
thermore, IANO exhibits superior generalization capabilities
in low-data and noisy settings, confirming its utility for prac-
tical, data-efficient AI-based multiphase flow simulations.

Code — https://github.com/genshinzx/aaai26-iano-code
Extended version —

https://genshinzx.github.io/aaai26-iano/

Introduction
Multiphase flow, defined as the simultaneous flow of two
or more distinct phases (e.g., liquid-gas and liquid-liquid)
that coexist and interact within a system, plays a pivotal role
across a wide spectrum of fields, including the chemical in-
dustry, environmental protection, and life sciences (Brennen
2005; Cao et al. 2025b; Zhao et al. 2024; Dong et al. 2025).
Due to the complex dynamics, field discontinuities, and in-
terphase interactions, using numerical simulation to accu-
rately compute the multiple physics fields (e.g., velocity and

*These authors contributed equally.
†Corresponding author.

Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

IANOPDE Parameters

Optical Techniques

Ultrasonic Detection 

Interface 
Information

Multiphysics Field 
Trajectories

Future Multiphysics 
Field Trajectories

Temperature

Velocity �
Velocity �

Figure 1: IANO combines interface data as auxiliary vari-
ables with the multiphysics field data for multiphase flow
simulation.

temperature) of multiphase flows necessitates the use of ex-
tremely fine meshes to approximate the solutions of the gov-
erning Partial Differential Equations (PDEs). Consequently,
the computational cost becomes prohibitively high (Brennen
2005; Prosperetti and Tryggvason 2009).

Over the past few years, many deep learning techniques
have been proposed to provide efficient alternatives (Karni-
adakis et al. 2021; Azizzadenesheli et al. 2024; Gong et al.
2024; Yang et al. 2025; Cao et al. 2024, 2025a). Among
others, neural operators learn the infinite-dimensional map-
ping from functional parameters to the solution (Kovachki
et al. 2023; Cao, Goswami, and Karniadakis 2024; Raonic
et al. 2023; Wei and Zhang 2023), which requires training
only once and predicts solutions through a single forward
computation, significantly accelerating the process of solv-
ing PDEs. Despite the remarkable progress, multiphase flow
simulation exhibits unique challenges. Firstly, due to the in-
herent differences in physical properties of phases and sub-
stances, multiphase flow systems exhibit spatial heterogene-
ity — i.e., physical quantities (such as velocity, temperature,
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etc.) in multiphase flow systems are unevenly distributed and
discontinuous. This exacerbates the spectral bias of neural
operators, i.e., they struggle to capture high-frequency fea-
tures, such as drastic local physical quantity changes. In par-
ticular, the drastic physical quantities are often at the phase
interface of multiphase flow, while they are of the greatest
interest, as they directly reflect the system characteristics,
e.g., the heat transfer behavior in thermal management sys-
tems (Lee and Mudawar 2009; Ordonez et al. 2024). Sec-
ondly, accurately representing these key physical features at
the interface demands massive high-resolution data. Unfor-
tunately, the scarcity of these expensive data constrains the
predictive capabilities of neural operators.

This work introduces the Interface Information Aware
Neural Operator (IANO), a novel neural operator specifi-
cally designed for multiphase flow simulations. Particularly,
we leverage interface data to mitigate the challenges posed
by spectral bias and the scarcity of data. As depicted in
Fig. 1, techniques such as optical techniques, ultrasonic de-
tection, etc, can directly capture crucial interface informa-
tion (Mao, Jagtap, and Karniadakis 2020; Poletaev, Tokarev,
and Pervunin 2020; Murai et al. 2010; Buhendwa, Adami,
and Adams 2021; Murai, Matsumoto, and Yamamoto 2001),
including its topology, position, and trajectory. Compared to
field quantities that are difficult to measure directly, this in-
terface information is more readily obtainable. Numerical
methods can also calculate the phase field to capture the dy-
namics of the interface. This interface data not only serves as
a complement to the physical field data but also intuitively
reflects the complex interactions between different phases.
They directly characterize the location and geometry of in-
terfaces inherently containing high-frequency features, con-
tributing to mitigating spectral bias.

Specifically, IANO has two main components. We first
propose a mechanism that processes multiple physical fields
alongside the interface information, capturing not only the
interactions among various physical variables but also their
dynamic coupling with the interface data. Second, we craft
a geometry-aware positional encoding method to establish
relationships between spatial positions, interface features,
physical variables, and PDE parameters. By meticulously
computing these pointwise relationships, this mechanism
enhances spatial fidelity. Our contributions are summarized
as follows: 1) IANO mitigates the spectral bias and data
scarcity issues by leveraging interface data as a crucial com-
plement. Integrating interface data obtained from experi-
mental techniques or numerical simulations could pave an
effective way for accurate multiphase flow simulations. 2)
Two novel mechanisms are elaborated. First, an interface-
aware multiple functions encoding mechanism captures the
coupling between physical variables and interfaces, en-
abling IANO to capture high-frequency physical features at
the interface. Second, a geometry-aware positional encod-
ing method establishes the relationships between interface
features, physical variables, and spatial positions, thereby
achieving pointwise super-resolution prediction. 3) Exper-
imental results across multiple cases demonstrate signifi-
cant improvements over existing baselines, achieving up to
a ∼10.0% increase in accuracy. Furthermore, IANO show-

cased superior generalization capabilities in low-data super-
resolution and noisy data settings.

Related Work
Neural operators have emerged as a transformative paradigm
for approximating mappings between infinite-dimensional
function spaces for solving PDEs. FNO (Li et al. 2020)
pioneered learning in the spectral domain through Fourier
transforms, enabling efficient parameter-to-solution map-
pings in frequency space. Subsequent extensions, such as
Geo-FNO (Li et al. 2023), address complex geometries by
incorporating coordinate transformations, while domain de-
composition variants (Hu et al. 2023; Grady et al. 2022)
facilitate multi-scale resolution. DeepONet (Lu, Jin, and
Karniadakis 2019) established a foundational framework
that decouples input processing via a branch network from
query point encoding via a trunk network, offering uni-
versal approximation guarantees. Physics-informed variants
(Wang, Wang, and Perdikaris 2021, 2022) enhance gener-
alization capabilities by integrating PDE-constrained opti-
mization, and MIONet (Jin, Meng, and Lu 2022) extends
this architecture to handle systems with multiple input func-
tions. While demonstrating notable flexibility across vari-
ous PDEs, these methods typically encounter scaling chal-
lenges when applied to high-dimensional parameter spaces.
Recent advancements have leveraged transformer architec-
tures to achieve enhanced geometric adaptability in neural
operators. For instance, Galerkin Transformer (Cao 2021)
reinterprets attention mechanisms as learnable integral ker-
nels, establishing theoretical connections to traditional op-
erator learning. More recently, CoDA-NO (Rahman et al.
2024) introduced a breakthrough by treating physical vari-
ables as infinite-dimensional tokens, enabling native han-
dling of function space inputs.

Despite the progress, they often face challenges when ap-
plied to multiphase flow. A primary concern is the spectral
bias — they struggle to capture high-frequency features in
multiphase flows, such as sharp interfaces and drastic local
changes. Furthermore, neural operators are inherently data-
hungry. This impedes the predictive performance of neural
operators in multiphase flow, as acquiring high-fidelity train-
ing data, particularly at interfaces, is computationally pro-
hibitive.

Methodology
Problem Formulation
We consider multiphase flow systems governed by PDEs
with parameters θ within a spatial domain Ω ⊂ Rd over a
temporal interval t ∈ [0, T ]. Let the input function space
be denoted by A = H1 × · · · × Hm × θ × I . Here, each
Hj (j = 1, . . . ,m) represents a distinct physical field (e.g.,
velocity, pressure, or source terms defined in Ω). The term
θ ∈ Rp denotes system parameters (e.g., viscosity ratios),
and I ∈ I represents the interface geometry.

Our primary objective is to learn a neural opera-
tor G : A → U that maps an input tuple a =
(h1(·, t), . . . , hm(·, t), θ, I(t)) to the time-dependent solu-
tion field u(·, t+∆t) ∈ U . The input tuple a comprises phys-
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Figure 2: IANO’s architecture: 1) The interface-aware multiple functions encoding mechanism jointly encodes both multi-
physics fields and interface information to generate an interface-aware function embedding for each field. 2) The geometry-
aware positional encoding mechanism produces positional embedding by explicitly linking multiphysics fields and interfaces
to their positions. IANO integrates the function embeddings with the positional embeddings for multiphase flow prediction.

ical fields hi ∈ Hi, system parameters θ, and interface infor-
mation I . The output solution field u : Ω × [0, T ] → Rn is
required to satisfy the governing PDEs along with interface-
dependent constraints. The operator G explicitly incorpo-
rates both the input physical fields and the interface infor-
mation to accurately predict the evolution of multiphase flow
dynamics.

Framework Overview
Here, we present an overview of our proposed IANO, as
illustrated in Fig. 2. Multiphase flow simulation inherently
involves the coupling of multiple physical fields and ex-
hibits significant spatial heterogeneity. The intricate inter-
play between interface evolution and field dynamics creates
strongly nonlinear interdependencies. To effectively capture
this complex synergy, we introduce two main components:
an interface-aware multiple functions encoding mechanism
and a geometry-aware positional encoding mechanism.

Firstly, the interface-aware multiple functions encoding
explicitly models both inter-field interactions and their dy-
namic coupling with interface geometries. Its goal is to gen-
erate an interface-aware function embedding for each in-
put physical field. This enables the simultaneous learning of
cross-field interactions and localized physics-interface inter-
actions, which are modulated by interface motion.

Secondly, we propose a geometry-aware positional en-
coding mechanism. This mechanism establishes a precise

positional context by explicitly linking physical variables
to their interface positions and input function dependen-
cies, thereby enabling the accurate resolution of multiscale
dynamics. The learned geometry-aware positional embed-
dings, in conjunction with the interface-aware function em-
beddings, are then used to predict the evolution of multi-
phase flow. In the following parts, we provide the details of
the two main components.

Interface-Aware Multiple Functions Encoding
Multiphase flow typically involves complex coupling effects
between various input functions (e.g., velocity and tempera-
ture fields) and the intricate interaction between flow charac-
teristics and interface dynamics (e.g., the influence of inter-
face tension on the velocity field). Our proposed interface-
aware multiple functions encoding scheme is designed to
capture these two effects within a unified manner.

First, the input functions and the interface information are
mapped into a high-dimensional vector space. To preserve
the functional nature of the heterogeneous input data, we uti-
lize FNO (Li et al. 2020) and U-Net (Takamoto et al. 2022)
to create the representations for input functions and inter-
face information, respectively. Specifically, we denote these
transformations as Hi = fFNO(hi) for input function hi and
HI = fU-Net(I) for interface information I . Each represen-
tation then undergoes L2 normalization to eliminate the in-
fluence of dimensional units, yielding normalized represen-
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tations Hi

||Hi||2 and HI

||HI ||2 .
Subsequently, we employ a function self-attention mecha-

nism to model the intricate coupling between multiple phys-
ical input functions and interface dynamics in multiphase
flow. Given M normalized physical field representations
{H1,H2, . . . ,HM} and a normalized interface representa-
tion HI , we transform them into query-key-value triplets.
For each representation, we generate corresponding queries
(q), keys (k), and values (v) within a latent dimension d:

Hi → (qi, ki, vi) ∈ Rd, for i = 1, . . . ,M, (1)

HI → (qI , kI , vI) ∈ Rd. (2)

We then compute an inner product matrix to quan-
tify the pairwise interactions between all physical fields
and the interface dynamics. For the i-th physical field,
the dot product values measuring its synergy with
other field variables and the interface are calculated as:
[⟨qi, k1⟩, . . . , ⟨qi, kM ⟩, ⟨qi, kI⟩]⊤. Here, ⟨qi, ki⟩ captures the
spatial self-correlation of the i-th field, ⟨qi, kj⟩ (for i ̸= j)
models the coupling effects between the target field and
other physical fields, and ⟨qi, kI⟩ quantifies the interaction
between the field and interface dynamics. The dot product
⟨qi, kj⟩ is realized by an integral:

∫
kψ(q, k)kdk, where the

integral can be efficiently discretized using quadrature rules.
Based on this dot product matrix, we use the cross-

attention mechanism to update features for the i-th physical
field. The resulting interface-aware function embedding for
Hi is computed as:

H′
i =σ

([
⟨qi, k1⟩

||qi||2||k1||2
, . . . ,

⟨qi, kM ⟩
||qi||2||kM ||2

,
⟨qi, kI⟩

||qi||2||kI ||2

]⊤)

·
[

v1
||v1||2

, . . . ,
vM

||vM ||2
,

vI
||vI ||2

]⊤
/
√
dlatent,

(3)

where dlatent is a scaling factor and σ(·) is the softmax func-
tion. This cross-attention mechanism aggregates informa-
tion from all input functions and the additional interface in-
formation. As shown in Fig. 2, we also incorporate a skip
connection through an identity mapping to ensure that es-
sential information is preserved. This module introduces in-
terface information to force the IANO to learn the depen-
dence between multiple physical fields and interfaces, thus
alleviating spectral bias.

Geometry-Aware Positional Encoding
This part details our geometry-aware positional encoding
mechanism, which explicitly links physical variables and in-
terface to their respective positions.

In addition to the query-key-value triplets of the input
functions and interface information, we encode the PDE pa-
rameters θ into a similar query-key-value triplet using an
MLP: HP = fMLP(θ). This parameter representation is
also normalized, HP = HP /||HP ||2, and transformed into
(qP , kP , vP ) ∈ Rd.

We then compute the attention output with the spatial po-
sitional information qx as the query. The initial attention for-

mulation is:

Zx =
∑
i∈K

qx · ki∑
l∈K qx · kl

· vi, (4)

where K = {k1, . . . , kM , kI , kP } represents the set of all
keys (from M physical fields, interface, and parameters). To
improve computational efficiency, we introduce a normal-
ization factor αt =

(∑
l∈K qx · kl

)−1
, allowing the atten-

tion to be reformulated as:

Zx =
∑
i∈K

αt(qx · ki) · vi = αtqx ·

(∑
i∈K

ki ⊗ vi

)
. (5)

Given that we have M + 2 sequences of key-value pairs
(from M physical fields, interface information, and PDE pa-
rameters), the cross-attention is formulated as:

Zx = qx +
1

M + 2

M+2∑
l=1

αltqx ·

(
Nl∑
il=1

kil ⊗ vil

)
, (6)

where αlt =
1∑Nl

s=1 qx·ks
is the normalization coefficient for

each embedded sequence l. This cross-attention mechanism
effectively harmonizes multiple sources of information, en-
suring that the geometry-aware positional encoding is well-
integrated with the physical context.

Subsequently, a self-attention layer is applied to the en-
riched query features, further refining the representation:

Z′
x =

∑
i

αt(qx · ki) · vi (7)

where qx, kx, and vx are computed from the embedding Zx
as follows:

qx = WqZx, kx = WkZx, vx = WvZx. (8)
Here, Wq,Wk,Wv are learnable weight matrices. In sum-
mary, the components explicitly link physical variables and
interfaces to their positions, thereby enabling the accurate
resolution of multiscale dynamics.

Learning Objective
The learning objective of IANO is to predict physical field
quantities at the next time step t + ∆t by leveraging the
learned embedding H

′
and Z

′
, which encapsulates the core

information to describe the target physical fields. Specifi-
cally, the FNO serves as the decoder for the prediction. The
FNO decoder is tasked with mapping the latent embedding
H

′ ⊕ Z
′

to the target physical fields h∗
1, . . . , h

∗
M . The train-

ing is accomplished by minimizing the discrepancy between
the predicted physical fields and their corresponding ground
truth fields. The loss function L for this minimization is
the Root Mean Squared Error (RMSE), which quantifies the
square root of the average squared difference between pre-
dicted and true values across all spatial points and all pre-
dicted fields.

L =

√√√√ 1

M

M∑
i=1

MSE(ĥi, h∗
i ), (9)

where ĥi represents the i-th predicted physical field, h∗
i is

the i-th ground truth physical field.
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Experiments
Evaluation Protocol. We conduct experiments on five
representative cases of multiphase flow, including a single
bubble, saturated pool boiling, subcooled pool boiling, flow
boiling gravity, and 3D pool boiling International Space Sta-
tion (ISS) gravity. The interplay between bubble dynamics
and heat transfer makes the simulation extremely challeng-
ing. The five cases are generated based on the following
equations (Hassan et al. 2023),

Momentum Transport Equation:

∂u⃗

∂t
+ u⃗ ·∇u⃗ = − 1

ρ′
∇P+∇·

[
µ′

ρ′
1

Re
∇u⃗

]
+

g⃗

Fr2
+S⃗Γ

u+SΓ
P .

(10)

Energy Transport Equation:

∂T

∂t
+ u⃗ · ∇T = ∇ ·

[
α′

Re Pr
∇T

]
+ SΓ

T . (11)

Continuity Equation:

∇ · u⃗ = −ṁ∇(ρ′)−1 · n⃗, (12)

where u⃗ is the velocity vector field, P is the pressure, and T
is the temperature throughout the domain. The terms ρ′, µ′,
and α′ in the equations are local fluid properties that have
been non-dimensionalized. Scaled fluid properties, such as
ρ′, represent the local value of the phase scaled by the cor-
responding value in the liquid. Re, Pr, and Fr are Reynolds
number, Prandtl number, and Froude number, respectively.
g⃗ and ṁ represent the gravity vector and the mass transfer
rate at the interface. n⃗ is the unit normal vector to the liquid-
vapor interface. Furthermore, at the liquid-vapor interface
Γ, the source terms S⃗Γ

u and SΓ
T model the effects of evapora-

tion on velocity and temperature, while SΓ
P accounts for the

pressure jump caused by surface tension.
The five cases used were generated by numerically solv-

ing the above non-dimensionalized transport equations. The
interface data is simulated using Flash-X through the level
set method (Dubey et al. 2022). The detailed description of
each case can be found in Appendix B.

Baselines. We compare our IANO against several recently
proposed state-of-the-art baselines, detailed as follows:
• MIONet (Jin, Meng, and Lu 2022): This architecture ex-

tends the traditional DeepONet by incorporating multiple
branch networks to handle multiple input functions, en-
abling its application to multiphysics fields.

• U-Net (Takamoto et al. 2022): A variant of the well-
known U-Net architecture, this model specifically inte-
grates batch normalization layers to enhance training sta-
bility and convergence for solving multiphysics fields.

• GNOT (Hao et al. 2023): A transformer-based neural
operator to address the irregular meshes, multiple input
functions, and multi-scale scenarios.

• CODA-NO (Rahman et al. 2024): A pre-trained neu-
ral operator specifically developed for handling multi-
physics systems.

Evaluation Metrics. We utilize two metrics: the Root
Mean Square Error (RMSE) and the Interface Root Mean
Square Error (IRMSE). RMSE measures the predicted phys-
ical field’s accuracy across the entire computational domain.

RMSE =
√

1
|Ω|
∑
x∈Ω

(
ĥ(x)− h∗(x)

)2
, here Ω represents

all positional points within the domain, while ĥ and h∗ cor-
respond to the predicted and true field values, respectively.

IRMSE specifically quantifies the prediction error along
the interfaces. It not only serves as a localized accuracy
assessment at boundaries but also offers insights into the
model’s ability to capture high-frequency details. IRMSE =√

1
|Γ∩Ω|

∑
x∈Γ∩Ω

(
ĥ(x)− h∗(x)

)2
, where Γ∩Ω denotes the

subset of positional points from the interface that fall within
the computational domain Ω.

We predict the temperature and velocity fields for the five
cases mentioned above. It is important to note that in numer-
ical simulations, pressure primarily serves to correct velocity
fields rather than acting as a truly accurate physical quantity
itself. Since pressure is computed by solving a Poisson equa-
tion, and Poisson solvers can inherently lack robustness, ob-
taining highly precise pressure values is often challenging.
Therefore, we do not predict pressure. Following previous
works (Bonneville et al. 2025; Li et al. 2024; Li, Bazant,
and Zhu 2023), all compared baselines perform prediction
in a step-wise manner. The parameter settings and the train-
ing details are given in Appendix A.

Results and Discussion
We evaluated the IANO’s prediction capabilities against
baselines across five multiphase flow scenarios, assessing
performance with RMSE and IRMSE for temperature (T )
and velocity fields (ux, uy). As shown in Table 1, IANO
consistently delivered significant performance advantages
across most scenarios. For example, in subcooled pool
boiling, IANO’s temperature field predictions achieved an
RMSE of 0.030 and an IRMSE of 0.118, marking improve-
ments of roughly 14.3% and 8.5% over the leading base-
line, U-Net. IANO’s most decisive advantage emerged in
the single bubble case, where its temperature field yielded
an RMSE of just 0.006 and an IRMSE of 0.021, represent-
ing substantial improvements of approximately 33.3% and
32.3% over the GNOT model. While U-Net showed a slight
edge in the gravity case, IANO generally achieved the lowest
errors or remained highly competitive across all state-of-the-
art methods. More importantly, the significant improvement
in IRMSE highlights its capabilities in capturing interface
regions’ high-frequency features in multiphase flow simula-
tion. We also visualized the prediction error as shown in Fig.
3 and Appendix G.

In addition, we conducted the prediction in a rollout man-
ner, i.e., given an initial state u(tk−1), we compute the next
state u(tk) using the operator. We then continue this process
iteratively to obtain a sequence of predicted states. From
the results in Appendix C, our IANO method consistently
achieves the best performance across most fields. Regarding
the computational efficiency (see Appendix G), IANO can
strike a commendable balance between its superior predic-
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Figure 3: The RMSE error plot for Subcooled Pool Boiling at 2× resolution. IANO consistently achieves the lowest RMSE.

tive performance and reasonable computational efficiency.

Super-Resolution Performance
This section examines the performance of our proposed
IANO method for super-resolution physical field prediction
with 2x and 4x resolutions. Fig. 4 (a) – Fig. 4 (d) depicts
the RMSE along with different resolutions, and the detailed
experimental results are presented in Appendix D. In the re-
sults, 1x signifies that the training and test data resolutions
are identical, while 2x and 4x indicate that the test data reso-
lution is two and four times, respectively, that of the training
data. The results show IANO maintains leading prediction
accuracy across all cases. In the 4x super-resolution task
for the temperature field, IANO’s RMSE remained excep-
tionally low at 0.031, with its IRMSE only slightly increas-
ing to 0.132. In contrast, U-Net’s RMSE significantly rose
to 0.060, and CODA-NO’s to 0.059. For the GNOT model,
with an RMSE of 0.037 and IRMSE of 0.163 at 4x, fell short
of IANO. For the velocity fields, IANO likewise recorded
the lowest RMSE values at 4x super-resolution, demonstrat-
ing a clear performance gap against models like U-Net and
CODA-NO at the same resolutions.

Robustness under Noisy Data
This section analyzes the performance of IANO in predict-
ing physical fields under various noise levels, with results
summarized in Fig. 5 (a). The detailed results are presented
in Appendix E. We add Gaussian noise to both the fields and
the interface position data at each sampling point. The noise

ϵ is drawn from a normal distribution N (0, σ2), where the
standard deviation σ is set to 1%, 3%, and 5% of the original
field magnitude, yielding noisy data ũ = u+ ϵ. As depicted
in Fig. 5, IANO exhibits superior prediction accuracy across
all tested noise levels (1%, 3%, and 5%), achieving opti-
mal results in both RMSE and IRMSE. At a 1% noise level,
IANO recorded an RMSE of 0.364 and an IRMSE of 1.219,
outperforming the next best U-Net model. As the noise level
increased to 5%, IANO’s performance degradation was rel-
atively minimal, with an RMSE of 0.383 and an IRMSE of
1.223. This sustained superiority in the presence of noisy
data underscores IANO’s robust capability when faced with
noisy data in real-world applications.

Ablation Studies

Our ablation study, briefly shown in Fig. 5 (b), evaluates the
contribution of each component to IANO. The detailed re-
sults are presented in Appendix F. We analyze three ablated
variants: ‘w/o Inter. Encoding’ (removing Interface-Aware
Multiple Functions Encoding), ‘w/o Geo. Encoding’ (re-
moving Geometry-Aware Positional Encoding), and ‘w/o In-
terface‘ (excluding interface data). The results show that our
full model outperforms all ablated versions across RMSE
and IRMSE metrics. Notably, (‘w/o Geo. Encoding’) leads
to a significant performance drop, particularly evident in
IRMSE for the subcooled and saturated cases. This high-
lights the critical role of precise geometric context in accu-
rately capturing field values. (‘w/o Interface’) degrades per-
formance, underscoring the value of directly leveraging in-
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Model MIONet U-Net CODA-NO GNOT IANO
Cases Fields RMSE IRMSE RMSE IRMSE RMSE IRMSE RMSE IRMSE RMSE IRMSE

Subcooled T 0.046 0.160 0.035 0.129 0.036 0.134 0.037 0.139 0.030 0.118
ux 0.225 0.670 0.183 0.647 0.197 0.674 0.208 0.644 0.173 0.629
uy 0.216 0.521 0.162 0.479 0.175 0.501 0.213 0.491 0.146 0.459

Gravity T 0.119 0.182 0.059 0.102 0.105 0.167 0.119 0.181 0.067 0.110
ux 0.247 0.670 0.215 0.359 0.237 0.393 0.238 0.383 0.282 0.430
uy 0.174 0.521 0.150 0.252 0.170 0.269 0.174 0.270 0.170 0.271

Saturated T 0.052 0.114 0.045 0.106 0.047 0.109 0.050 0.113 0.042 0.101
ux 0.512 0.709 0.403 0.644 0.442 0.676 0.470 0.679 0.361 0.607
uy 0.543 0.720 0.404 0.611 0.439 0.662 0.486 0.671 0.358 0.552

Single Bubble T 0.027 0.048 0.015 0.040 — — 0.009 0.031 0.006 0.021
ux 0.100 0.206 0.060 0.150 — — 0.067 0.154 0.059 0.133
uy 0.096 0.185 0.065 0.150 — — 0.068 0.142 0.063 0.133

3D ISS Gravity T 0.033 0.056 0.033 0.063 0.016 0.036 0.047 0.103 0.014 0.032
ux 0.113 0.246 0.103 0.219 0.096 0.225 0.125 0.259 0.090 0.212
uy 0.089 0.188 0.075 0.172 0.079 0.181 0.105 0.214 0.070 0.165
uz 0.107 0.229 0.086 0.202 0.091 0.210 0.120 0.242 0.083 0.196

Table 1: The main results of predicted multiple fields on several multiphase flow cases. CODA-NO exhibits unstable training
behavior on the Single Bubble case, resulting in failure to produce valid results.

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

Figure 4: IANO’s super-resolution performance. (a) Average RMSE across all fields. (b)-(d) RMSE for temperature, velocity in
the x-direction, and velocity in the y-direction, respectively. MIONet, whose branch networks rely on fixed sampling locations,
does not support super-resolution; hence, only one data point is shown.

(a) (b)

Figure 5: (a) Noise robustness comparison of various algo-
rithms. (b) Comparison of IANO and its ablated variants.

terface information for more accurate prediction. (‘w/o Inter.
Encoding’) also causes a performance reduction.

We also compared the performance of integrating inter-
face data into other methods, such as GNOT and MIONet.
We found that their performance showed trivial improve-
ment, or even deteriorated. This is because while MIONet
and GNOT can use interface data, their architectures lack the

specialized modules necessary to effectively model the in-
tricate coupled relationships between the physical fields and
the topological positions of the interfaces, leading to neg-
ligible improvement or even degradation. In contrast, our
specifically designed modules can effectively handle inter-
face data. A detailed analysis and the results can be found in
Appendix F.

Conclusions
The proposed IANO tackles the data scarcity and spectral
bias in neural operators for multiphase flows by explic-
itly leveraging interface information as complementary vari-
ables. It has two main mechanisms: an interface-aware func-
tion encoding for multiphysics fields and interface coupling
relationship perception, and a geometry-aware positional en-
coding for spatial fidelity. Experiments show IANO out-
performs baselines, achieving ∼10% higher accuracy. Also,
IANO proves robust to limited and noisy data. The work in-
dicates that leveraging interface data obtained from experi-
mental techniques or numerical simulations as a supplement
can mitigate the challenges of low data regimes and spectral
bias. This approach could pave an effective way for accurate
multiphase flow simulations.
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