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Abstract—Maulti-physics simulations play an essential role in
accurately modeling complex interactions across diverse scientific
and engineering domains. Although neural operators, partic-
ularly the Fourier Neural Operator (FNO), have significantly
improved computational efficiency, they often fail to capture the
intricate correlations inherent in coupled physical processes. To
address this limitation, we introduce COMPOL, a novel coupled
multi-physics operator learning framework. COMPOL extends
conventional operator architectures by incorporating a sophis-
ticated attention-based aggregation mechanism that effectively
models interdependencies among interacting physical processes
within latent feature spaces. Our approach is architecture-
agnostic and seamlessly integrates into various neural operator
frameworks involving latent space transformations. Extensive ex-
periments on diverse benchmarks, including biological reaction-
diffusion systems, pattern-forming chemical reactions, multiphase
geological flows, and thermo-hydro-mechanical processes, demon-
strate that COMPOL consistently achieves superior predictive
accuracy compared to state-of-the-art methods. Our code and
data are available at https://github.com/AriaQJ/COMPOL.

Index Terms—QOperator Learning, Fourier Neural Operators,
Multi-Physics Simulations

I. INTRODUCTION

Physical simulations governed by partial differential equa-
tions (PDEs) are fundamental tools across scientific and engi-
neering fields, including aerospace engineering, fluid mechan-
ics, chemical processes, and environmental modeling [1, 2, 3].
These simulations leverage core physical principles, such
as conservation laws and symmetries, to predict complex
phenomena. Traditional numerical methods, including finite
difference, finite element, and finite volume techniques, face
significant computational challenges when addressing high-
dimensional or coupled multi-physics problems [4, 5]. Recent
advances in machine learning have introduced neural oper-
ator methods [6, 7, 8], which directly approximate solution
mappings between infinite-dimensional function spaces, sig-
nificantly enhancing computational efficiency. Despite their
promise, existing neural operator methods often inadequately
capture the intricate correlations present in coupled multi-
physics systems.

Modeling multi-physics systems presents unique challenges
due to the dynamic interactions between multiple distinct
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physical processes, each governed by its own set of PDEs.
These interactions often span multiple spatial and temporal
scales, creating significant computational complexity [9]. Ex-
amples include fluid-structure interactions, chemical reaction-
diffusion systems, and multiphase geological flows [10, 11].
Current neural operator frameworks typically treat these pro-
cesses independently or apply overly simplistic coupling
strategies, resulting in insufficient representation of inter-
process dynamics. Consequently, capturing nuanced interac-
tions and accurately predicting system behaviors remains a
critical unresolved challenge.

To address these challenges, we propose COMPOL, a
novel coupled multi-physics operator learning framework (see
Fig. 1) explicitly designed to represent complex interactions
among multiple physical processes. COMPOL introduces a
sophisticated attention-based mechanism [12] for latent fea-
ture aggregation, capturing detailed inter-process interactions
within latent representation spaces. Notably, our framework
is architecture-agnostic, capable of integration with various
neural operator architectures involving latent feature transfor-
mations.

Our contributions are threefold. First, we propose a versa-
tile, architecture-agnostic operator learning framework tailored
for coupled multi-physics systems that enhances traditional
operator layers with sophisticated feature aggregation. Second,
we introduce an attention-based latent aggregation technique
that robustly captures dynamic inter-process dependencies
across an arbitrary number of physical processes. Third, we
demonstrate COMPOL’s effectiveness and scalability across
diverse multi-physics benchmarks, including predator-prey dy-
namics, chemical reactions, multiphase flows, and thermo-
hydro-mechanical processes, consistently achieving substantial
improvements in predictive accuracy compared to state-of-the-
art approaches.

II. BACKGROUND AND RELATED WORK

a) Operator Learning: Operator learning [6] directly ap-
proximates solution operators of partial differential equations
(PDEs) by learning mappings between infinite-dimensional
function spaces. Consider a PDE defined as: £(u)(z) =
f@),z € Qu(x) = 0, € 90 where £ is a differential
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Fig. 1: Architecture of the Coupled Multi-Physics Operator Learning (COMPOL) framework. The model processes M interacting physical
systems in parallel. Initial physical input functions f™ (z) are mapped into a latent space via process-specific linear projections P™. Within
each of the L COMPOL layers, the latent representations v;"; undergo transformations via independent neural operators h;" (e.g., FNO
layers). Simultaneously, an attention-based aggregation mechanism .A evaluates the intermediate states to compute a global interaction feature
zi—1. This aggregated state explicitly captures the nonlinear cross-process dependencies and is fed into the respective neural operators to
produce the updated latent states v;". After L iterative layers, dedicated linear projections Q" reconstruct the latent representations back

into the final physical solution spaces g™ (z).

operator, u is the solution function, f is the input function,
Q is the problem domain and Of) represents its boundary.
Operator learning aims to approximate the inverse operator
£7! mapping inputs f to u through a parametric operator
g : H — ), minimizing the empirical risk over function
pairs {(fu, un) }h: 0 = argming & 3200 o (fu) —unl3
where H and ) represent suitable function spaces, such as
Banach or Hilbert spaces.

b) Neural Operator Architectures: Several neural
operator  architectures have been  proposed. The
Fourier ~Neural Operator (FNO) [8] approximates
solution operators using spectral convolutions:

v(@) <« o (Wu(z)+F (R(k) F(v(z))), where F
and F~! denote the Fourier transform and its inverse,
and R(k) is a learned spectral kernel. The U-shaped FNO
(UFNO) [13] extends FNO with a U-Net-style encoder-
decoder for improved multi-scale feature extraction. The
Graph Neural Operator (GNO) [14] combines Nystrom
approximation with graph neural networks for function
convolution. The Deep Operator Net (DeepONet) [7] employs
a dual-network architecture with branch and trunk networks,
later refined into POD-DeepONet [15] using PCA bases for
improved stability. Transolver [16] introduces a geometry-
aware transformer-based operator for PDEs on general
meshes. Recent advances have also developed mesh-agnostic
approaches [17, 18] that reformulate PDE simulation as
ODE-solving problems. Training neural operators often
requires extensive high-quality data, motivating multi-fidelity
modeling [19] and active learning approaches [20, 21].

¢) Multi-Physics Neural Operators: Operator learning
extends traditional surrogate modeling that focused on map-
ping system parameters to solutions [22, 23]. Recent work
has explored neural operators for multi-physics settings [24,
25, 26], though these target general physics pre-training
rather than interactions within individual coupled systems.

Closely related is the Coupled Multiwavelet Neural Operator
(CMWNO) [27], which models coupled PDEs using wavelet-
based methods but has limitations including rigid decompo-
sition schemes and difficulty scaling to multiple interacting
processes or higher-dimensional domains. Our method builds
upon flexible FNO layers, and the introduced attention-based
aggregation mechanism integrates seamlessly with any latent-
feature neural operator framework while naturally supporting
complex interactions across multiple physical processes.

III. METHOD
A. Multi-Physics Simulation

We consider multi-physics systems governed by coupled
partial differential equations (PDEs), which naturally emerge
in diverse scientific and engineering disciplines. These systems
involve multiple interacting physical processes, each described
by its own PDE and interconnected through nonlinear coupling
terms [28]. Such interactions substantially influence overall
system behavior, creating considerable modeling and compu-
tational challenges. Formally, a coupled PDE system involving
M interacting physical processes is given by:

un) (T,t) = fulx,t), m=1,..., M,
um(x,t) =0, z€ ana

Sm (U17U27..

ey
where £,,, represents differential operators, potentially includ-
ing spatial and temporal derivatives and nonlinear terms cap-
turing interactions among physical processes. Here, u,, (z,t)
are the unknown state variables associated with the m-th
physical process, and f,,,(x,t) represent known source terms,
external inputs, or boundary conditions.

B. Coupled Multi-Physics Operator Learning (COMPOL)

Neural operator learning has shown great promise for mod-
eling physical phenomena governed by PDEs. However, most
existing approaches assume systems are governed by a single



set of PDEs, overlooking the reality where multiple processes
interact across different scales [9]. Existing techniques like
feature concatenation [13] and cross-overlaying [27] attempt
to model these interactions but are often insufficient for
sophisticated multi-physics scenarios.

To overcome this limitation, we propose COMPOL, a
coupled multi-physics neural operator MPO(Oq, - ,O)
designed to capture intricate correlations among individual op-
erators Oy, - - - ,Opr. COMPOL approximates solution opera-
tors for coupled PDE systems as mappings between function
spaces: Gy : Hi X Ha XX Hpyr — Y1 X Vo X+ XV, Where
each H,, denotes the input function space and ), denotes the
output solution function space for the m-th physical process.
Given input functions f™(x) representing initial conditions or
external inputs, we first embed each process into a shared
latent space: v§'(x) = P™(f™(x)), where P™ are linear
projection operators mapping inputs into a common latent
feature space.

Subsequently, latent features undergo iterative transforma-
tions using nonlinear multi-physics neural operator layers:
o (z) = h" (v]"1(2),z-1(z)), 1 =1,...,L, where each
layer h;" comprises a nonlinear transformation representing
internal process dynamics, augmented by interaction-aware
aggregated features z;_;(x). The latent representation v}"(z)
captures process-specific evolution and local dynamics inde-
pendently for each physical process, while the aggregated
feature z;_1 (z) explicitly represents inter-process interactions,
integrating global context across different processes. This
separation is a crucial design choice, allowing the model to
independently refine representations of each process while
explicitly modeling nonlinear interactions among them.

The aggregated interaction features are computed us-
ing an attention-based aggregation function: z;_;(z) =
Al (z),v2 (2),...,vM (x)), ensuring coherent repre-
sentation of inter-process dependencies. Finally, each process-
specific solution is reconstructed via dedicated linear pro-
jection operators: g™ (z) = Q™ (v{*(x)), yielding predicted
solutions in their respective physical spaces.

C. Aggregation of Multi-Physics Operator Layers

We now present the formulation using discretized func-
tion notation. Consider a coupled physical system with M
processes, each associated with discretized input functions
f1, ..., fM_ Each process m maps its input £ to a latent
representation v* via a channel-wise linear layer P™
Rm — R where d,, and d;, are input and latent di-
mensions, respectively. By stacking L neural operator layers,
each layer h;" transforms latent representations v;”; into
v". A final linear layer Q™ R% — R9m maps the
latent representation vy’ back to the output function g™. To
capture inter-process interactions, we compute an aggregated
latent state z; = A({{v]"}}_,}!_,) at each layer using an
attention-based mechanism [12].

For notational convenience, let V = {{v]"}¥_}L = rep-
resent the complete collection of intermediate latent features
across M processes and L + 1 layers. We define V; as the

M x dj matrix obtained by extracting the [-th slice along
the first dimension of V, and V; = {V,}\_, represents the
sequence of latent functions from layer O through layer /.

a) Attention-Based Aggregation: We compute the global
latent interaction state through scaled dot-product attention
tailored for multi-physics systems. The latent features from
each process are linearly projected into query (Q), key (K),
and value (A) representations via process-specific transforma-
tions: Q@ = Po(V)), K = ®x(V)), and A = ®4(V;). The
aggregation state z; is derived as a weighted sum of value
vectors, where each weight «; quantifies the significance of
interactions involving the j-th process:

=) 0jA;, a;= exp (Q KT/W)
! ; = ORI )

with dj representing the dimensionality of key vectors. This
approach explicitly encodes process-specific interactions, dy-
namically identifying the most influential cross-process fea-
tures at each layer.

b) Complexity Analysis: The computational complexity
of COMPOL includes three components. Projection layers
have complexity O(Md,,,dy,), with M processes, input dimen-
sion d,,, and latent dimension dj. Each FNO layer involves
FFT operations with complexity O(N log V) per channel [29],
where NV denotes spatial discretization points, yielding total
complexity O(LMdy, - Nlog N) for L layers. The attention
aggregation contributes O(LM?d},). Overall complexity is
dominated by Fourier operations in typical scenarios where
Nlog N > M, dy,.

c) Generalizability to Other Neural Operator Frame-
works: COMPOL builds upon FNO due to its proven ef-
ficiency, but the proposed aggregation mechanism can be
seamlessly integrated with other frameworks, including Deep-
ONet [7], GNO [14], and transformer-based operators [16].

D. Training

Given training data from a coupled multi-physics
system, denoted as {{f7,ym}m}M_|. where f
and y" represent the n-th 1nput and output functions

from the m-th process, we optimize our coupled multi-
physics neural operator by minimizing the empirical
risk ﬁpro = ]Em,Vﬂ-EmeMmHM’PO(f) — ymH ~
&= Zm 1 N Zg 1 llgr — y*|| where g is the prediction
of f*. We use gradient-based optimization to minimize
Lmpo.

IV. EXPERIMENT

a) Benchmarks: We evaluated our framework on five
coupled multi-physics PDE systems spanning diverse scien-
tific applications. (1) The I-D Lotka-Volterra equations [30]
model predator-prey dynamics through two coupled reaction-
diffusion processes with diffusion coefficients D,, = D, =
0.01 and interaction parameters a = b = ¢ = d = 0.01,
initialized with Gaussian random fields (length-scale [ = 0.1)
under periodic boundary conditions. (2) The I-D Belousov-
Zhabotinsky equations [31] describe chemical oscillations with



Method Niain  Lotka-Volterra Belousov-Zhab.  Gray-Scott Multiphase THM

ENO 512 0.3251+0.0507  0.0058+1.4e-4  0.0056+1.0e-4 0.0232+5.0e-4 0.182640.0088
¢ 1024  0.149940.0097  0.0022+4.4e-5 0.0042+7.8e-5 0.068440.1071 0.1577+0.0073

512 0.39894-0.0422  0.0375+0.0015 - - —

M

CMWNO 1024  0.3876+0.0357  0.0336+0.0019 - - -
UENO 512 0.2519+0.0518  0.0239+7.7e-4  0.0083+3.0e-4 0.0241+4.0e-4 0.182440.0094
¢ 1024  0.1677+0.0120  0.0122+5.1e-4  0.00444+9.8¢-5 0.013740.0010 0.1496-+0.0086
Transolver 512 0.260640.0515  0.0329+0.0089  0.025149.0e-4 0.050340.0311 0.2176+0.0123
¢ 1024 0.126240.0348 0.015140.0023 0.017449.0e-4 0.018540.0037 0.191640.0126
DeepONet 512 0.4024+0.0143  0.649140.0199  0.765540.0039 0.1123+0.0051 0.2867+0.0199
P ¢ 1024  0.3005£0.0285  0.581040.0352  0.6700+0.0240 0.076640.0049 0.2388+0.0125
COMPOL 512 0.09184-0.0042  0.0016+2.7¢e-5 0.0050+0.0016 0.01824-0.0011 0.1647-+0.0092
1024 0.0510+0.0048  0.0008+2.6e-5  0.0035+7.2e-5 0.0110+9.0e-4 0.1442-+0.0066

TABLE I: Comparison of relative Ly prediction errors (mean + standard deviation over 5 runs), defined as Hiﬁ;ﬁ‘ib, where

4 and u denote the predicted and ground-truth solutions, respectively for COMPOL against baseline neural operators (FNO,
UEFNO, Transolver, DeepONet, CMWNO) across five multi-physics benchmark datasets, evaluated with 512 and 1024 training

samples. Bold values indicate the best performance for each case.
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Fig. 2: Element-wise solution error of coupled multiphase flow. The
left most column is the ground-truth phase pressure P and saturation
Sw. The other columns are the absolute errors of each method. The
lighter the color, the smaller the error.

three reactants (u, v, w) governed by nonlinear coupling terms
including uwv and u?, using diffusion coefficients ¢; = €2 =
1072 and €5 = 5 x 1073, simulated from ¢t = 0 to t = 0.5. (3)
The 2-D Gray-Scott equations [32] model pattern formation
in chemical reactions with activator-inhibitor dynamics, using
D, =0.12, D, = 0.06, feeding rate F' = 0.054, and removal
rate k = 0.063, evolved to T" = 20. (4) The 2-D multiphase
Sflow problem [33] simulates oil-water two-phase flow in porous
media with permeability ranging from 1mD to 1000mD sam-
pled from fractal distributions, tracking phase pressure and
saturation over 7.5 x 10° seconds using GEOS simulator.
(5) The 2-D Thermo-Hydro-Mechanical (THM) problem [34]

couples five processes (pore pressure, temperature, and three
strain components) governed by momentum balance, fluid
mass balance, and heat transfer equations, with permeability
fields generated using fractal algorithms (k € [10,200] D).
Training datasets were generated using numerical solvers with
256-point meshes for 1-D cases and 64 x 64 meshes for 2-D
cases. We trained models on two dataset sizes (512 and 1024
samples) and evaluated on 200 independent test examples. Co-
efficients and boundary conditions remained constant to isolate
effects of varying initial conditions. The primary objective was
to assess our framework’s capability to map initial conditions
(t = 0) to final solution fields (¢ = T'), demonstrating its
ability to model complex multi-physics interactions.

b) Competing Methods: We compare COMPOL against
state-of-the-art neural operators: FNO [8], UFNO [13], Tran-
solver [16], DeepONet [7], and CMWNO [27], each using
their official implementations. Except for CMWNO, these
baselines are not inherently designed for multi-physics mod-
eling; we adapt them by concatenating process inputs and
outputs across channels (denoted with subscript ‘c’, e.g.,
FNO,). All models were implemented in PyTorch [35] and
trained with the Adam optimizer (learning rate = 0.001).
CMWNO employed a step scheduler following its original
implementation, while all other models used cosine anneal-
ing [36]. Models were trained for 500 epochs, sufficient for
convergence except DeepONet which required 10,000 epochs.
Experiments were conducted on NVIDIA A100 GPUs with
5-fold cross-validation, and performance was evaluated using
average relative Lo error with standard deviations. CMWNO’s
wavelet-based coupling relies on a fixed multiwavelet decom-
position scheme that is implemented only for 1-D domains
in its released codebase; extending it to 2-D grids is non-



Method Modes Width Layers Params (M) BZ LV

FNO. (default) 16 64 4 0.58 0.002244.4e-5 0.14994-0.0097
FNO. 96 64 4 3.20 0.0018+4.9e-5 0.118340.0106
FNO. 64 64 6 3.23 0.0020+4.4e-5 0.130340.0152
FNO. 48 64 8 3.25 0.0032+1.0e-4  0.148840.0160
FNO. 16 224 2 3.62 0.001442.6e-5 0.175740.0102
FNO. 16 128 6 3.48 0.0018+3.8e-5 0.176140.0099
FNO. 16 160 4 3.64 0.001644.0e-5 0.16984-0.0090
COMPOL 16 64 4 2.10/1.49  0.0008+2.6e-5 0.0510+0.0048

TABLE II: Comparison of relative Ly errors for parameter-matched FNO variants versus COMPOL on Belousov—Zhabotinsky
(BZ) and Lotka—Volterra (LV) with 1024 training samples. COMPOL’s parameter counts are reported as BZ / LV. Despite
having fewer parameters, COMPOL outperforms all FNO variants, demonstrating that its advantage stems from explicit cross-
process coupling rather than increased capacity.

Method Niyain = 512 Nyain = 1024
FNO 0.071540.0033 0.04224-0.0037
CMWNO 0.444140.0134 0.450940.0168
UFNO 0.10434-0.0061 0.05654-0.0012
Transolver 0.126440.0733 0.40664-0.4248
DeepONet  0.4007+0.0216  0.37494-0.0181
COMPOL  0.0200-+0.0021 0.010640.0006

TABLE III: Comparison of prediction accuracy (relative Lo
error) for the single-process Burgers’ equation trained with
512 and 1024 examples. Results averaged over 5 runs, demon-
strating that COMPOL’s attention-based aggregation improves
performance even in single-process scenarios.

Method BZ (u,v,w) GS (u,v)

u v w u v
CMWNO 0.6517 0.7629 0.5010 - -
DeepONet  2.0934 3.4638 2.7937 31.14  30.57
FNO 0.1475 0.0930 0.1182 0.4024 0.2256
Transolver 03899 0.4728 0.2775 0.4859 0.3413
UFNO 0.2210 0.1786 0.1072 0.4056 0.2734
COMPOL 0.1403 0.0672 0.1091 0.4037 0.2147

K
TABLE IV: MAE = £ >, |Ea(k) — Ey(k)| of spec-
tral energy distributions for Belousov—Zhabotinsky (BZ) and
Gray-Scott (GS) systems. Lower values indicate better agree-
ment with ground-truth spectra; best per column in bold.

trivial and beyond the scope of this work. We therefore report
CMWNO results only on the two 1-D benchmarks.

A. Analysis of Predictive Performance

The experimental results in Table I present the predictive
performance of COMPOL compared to baseline neural oper-
ators (FNO, UFNO, Transolver, DeepONet, and CMWNO),
evaluated for both 512 and 1024 training samples. For 512

training samples, COMPOL consistently achieves the low-
est prediction errors, outperforming baseline methods with
improvements up to 72.41%. When increasing the train-
ing set size to 1024 samples, COMPOL maintains superior
performance, achieving improvements up to 63.64% com-
pared to baselines, notably excelling on the Lotka-Volterra
and Belousov-Zhabotinsky datasets. Baseline neural oper-
ators adapted for multi-physics tasks exhibit significantly
higher errors at both training scales. CMWNO, despite being
explicitly designed for multi-physics modeling, consistently
underperforms relative to COMPOL across all benchmarks.
These results affirm the superior effectiveness and scalability
of COMPOL in multi-physics modeling scenarios. Fig. 2
visualizes the element-wise absolute errors for the multiphase
flow benchmark. COMPOL produces substantially lower er-
rors across both phase pressure and saturation fields, while
baselines such as DeepONet exhibit large localized errors.

B. Ablation Study of Coupling Mechanisms

a) Capacity vs. Coupling: Parameter-Matched FNO:
COMPOL instantiates a separate neural operator per physical
process and aggregates cross-process information in latent
space; consequently, its parameter count scales roughly lin-
early with the number of processes M relative to a single FNO
with naive channel concatenation. To test whether our gains
are merely due to increased capacity, we scale FNO to match
COMPOL’s parameter count by increasing Fourier modes,
network width, and depth. On Belousov—Zhabotinsky (BZ; 3
processes) and Lotka—Volterra (LV; 2 processes) with 1024
samples, Table II reports relative Lo errors. While parameter-
matched FNO improves over its base configuration, further
widening or deepening yields diminishing returns and does
not close the gap to COMPOL, indicating that the advantage
primarily stems from explicit cross-process coupling rather
than model size.

b) Improvement over Single-Process Simulations: We
further examine whether COMPOL’s latent aggregation mech-
anisms can enhance predictive performance for single-process
simulations. Specifically, we evaluate COMPOL on the single-



process Burgers’ equation using training sets of 512 and
1024 examples, comparing results against baseline methods
(Table III). Results show that COMPOL significantly im-
proves predictive accuracy, even in single-process scenar-
ios, by effectively leveraging advanced latent aggregation
techniques (attention-based and recurrent methods). These
mechanisms enrich latent feature representations, implicitly
regularize learning, adaptively select relevant features, and
better capture underlying temporal dynamics. Consequently,
COMPOL demonstrates improved optimization stability, su-
perior generalization, and increased overall accuracy.

¢) Predictive Spectrum Analysis.: Energy spectra offer
a physics-informed diagnostic of scale-wise fidelity in the
Fourier domain. For each state variable, we compute the mean
absolute error (MAE) between predicted and ground-truth
spectral energy distributions (lower is better). As summarized
in Table IV, COMPOL matches the ground-truth spectra most
closely across both Belousov—Zhabotinsky (BZ; u, v, w) and
Gray-Scott (GS; u, v) systems. Relative to FNO, COMPOL-
ATN reduces spectral MAE on BZ by ~5% for v and ~28%
for v, while COMPOL-RNN yields the best w with an ~11%
drop. On GS, COMPOL-RNN improves over FNO by ~2.5%
for uw and ~7.7% for v, whereas other baselines lag substan-
tially (e.g., Transolver and DeepONet). These consistent gains
indicate that coupling mechanisms in COMPOL help match
the ground-truth spectral content across variables and systems.

V. CONCLUSION

We have introduced COMPOL, a novel coupled multi-
physics neural operator learning framework that extends
Fourier neural operators to effectively model interactions
between multiple physical processes in complex systems.
Our approach employs an attention-based feature aggregation
mechanism to capture rich interdependencies among physical
processes within the latent space, enabling explicit modeling of
cross-process dynamics. Extensive experiments across diverse
benchmarks, including reaction-diffusion systems, pattern-
forming chemical reactions, multiphase geological flows, and
thermo-hydro-mechanical processes, demonstrate that COM-
POL achieves significant improvements in predictive accuracy
compared to state-of-the-art methods. Ablation studies further
confirm that these gains stem from the explicit cross-process
coupling mechanism rather than increased model capacity.
These results establish COMPOL as an effective and scalable
framework for learning the complex dynamics of coupled
multi-physics systems.

While COMPOL demonstrates strong performance across
the benchmarks studied, several limitations remain. First, all
experiments use fixed structured grids, leaving COMPOL’s
ability to generalize across spatial resolutions unexplored;
integrating resolution-invariant architectures is a natural ex-
tension. Second, the current evaluation focuses on single-step
predictions from initial to final states; assessing stability under
long-term autoregressive rollouts, where error accumulation is
a known challenge, is an important direction for future work.

VI. SUPPORT OF OPEN SCIENCE

To support reproducibility, our complete codebase, includ-
ing the COMPOL implementation, baseline comparisons, and
all data generation scripts, is publicly available at https:
//github.com/AriaQJ/COMPOL.
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