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Abstract

Meteorological downscaling is crucial for high-
resolution regional climate forecasting and disas-
ter early warning. While neural operators have
emerged as a promising paradigm for modeling
complex spatiotemporal mappings, existing frame-
works often struggle with spherical manifold ge-
ometric distortions, inherent atmospheric multi-
scale coupling mismatches, and lack of explicit at-
mospheric laws. We propose the Spherical Physics-
informed Neural Operator, which utilizes a Spher-
ical Laplacian Decomposition to partition atmo-
spheric fields into hierarchical frequency com-
ponents, maintaining exact point-wise correspon-
dence across scales. To evaluate these representa-
tions at arbitrary locations, we introduce a localized
spherical integral operator that approximates con-
tinuous kernel transforms via geometry-aware at-
tention. Dynamical consistency is further enforced
by embedding differentiable constraints ‘into. the
learning process. Extensive experiments demon-
strate that our framework attains superior accuracy
and zero-shot generalization across various meteo-
rological variables and unseen queries, represent-
ing a robust and interpretable solution for global-
to-regional meteorological downscaling.

1 Introduction

Meteorological downscaling is a core technology that cor-
relates the low-resolution output of Global Climate Mod-
els (GCMs) with high-precision regional meteorological field
forecasts. It provides crucial support for climate change
assessment, extreme weather early warning, and ecologi-
cal environment governance. The frequency of global ex-
treme meteorological events is increasing, and the demand
for high-resolution and physically consistent meteorological
data is becoming increasingly urgent. The accuracy of down-
scaling results directly determines the reliability of disas-
ter risk assessment and emergency decision-making. Tradi-
tional dynamic downscaling employs Regional Climate Mod-
els (RCMs) that share similar physical processes with GCMs,
but have higher resolution and smaller coverage. It can ef-

GT Ours DeepONet
.~ e o =
" \ \ \ * * s
L - ¢ &
" w LT
3 ~ Y r
AN ) \ALF N e
vy, (e v, (9 .3
: S ot ‘A\r

Figure 1: Visualization of climate downscaling results at 2x (train-
ing) and 4x (OOD) factors. MSPNO generalizes across variables
and scales while preserving spherical continuity and mitigating po-
lar discontinuities.

fectively simulate extreme values, but incurs large compu-
tational costs and requires professional knowledge for result
interpretation. Statistical downscaling is another downscal-
ing approach. With the development of deep learning, lever-
aging data-driven capabilities for meteorological downscal-
ing reduces substantial computational burdens and minimizes
reliance on manual prior knowledge. Existing downscaling
methods operating at fixed scales lead to error propagation
when acquiring information at arbitrary scales [Liu er al.,
2024]. Meanwhile, operator learning naturally possesses the
ability to make predictions across arbitrary scales as it fo-
cuses on learning mappings between function spaces, and it
has been successfully applied to tasks related to partial dif-
ferential equations in fields like fluid mechanics and aerody-
namics [Xiao er al., 2024; Peyvan et al., 2026].

Despite this progress, operator learning for meteorologi-
cal downscaling faces three fundamental challenges, as also
reflected in Table 1. First, meteorological systems exhibit
intensive cross-scale coupling characteristics [Frank et al.,
2024]. Global-scale atmospheric circulations, mesoscale
weather patterns, and localized convective processes do not
exist in isolation; rather, they are fundamentally intertwined
through complex non-linear interactions and reciprocal dy-
namical feedback loops. This intricate cross-scale correla-
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Method Multi-scale Sphere Physics
Class 1: Dot-product operators

DeepONet, LOCA X X X
Class 2: Fourier-based operator

FNO X X X
SFNO X v X
Class 3: Transformer-based operator

OFormer, LNO, IPOT X X X
GNOT v X X
MSPNO (Ours) v v v

Table 1: Conceptual comparison of neural operator methods.

tion significantly increases the difficulty of operator learning
in capturing the comprehensive spectrum of atmospheric dy-
namics across disparate spatial frequencies. Second, meteo-
rological data are based on non-uniform and distorted spher-
ical grid structures (e.g., grid cells in high-latitude regions
show significant compression). As illustrated in Fig. 1, stan-
dard operators like DeepONet [Lu er al., 2021] often suf-
fer from severe polar discontinuities, necessitating geometry-
consistent manifold modeling. The core challenge lies in the
need for the model to fully adapt to and utilize the inherent
properties of spherical manifolds, effectively capture valid in-
formation around query points, and thereby address the repre-
sentational biases caused by grid non-uniformity and distor-
tion. Third, the integration of physical consistency remains
elusive. Purely data-driven operators often produce predic-
tions that violate fundamental conservation laws, necessitat-
ing the embedding of differentiable physical priors to ensure
dynamical realism.

Early operator learning methods, such as DeepONet [Lu et
al., 2021] and its decoupled variants like LOCA [Kissas et
al., 2022], provide approximation guarantees under specific
assumptions but often suffer from high training sensitivity
and performance saturation due to their inherent linear op-
erator structures. Spectral-type operators,-including FNO [Li
et al., 2021] and SFNO [Bonev et al., 2023], accelerate in-
ference via Fourier-domain convolutions; however, they in-
herently lack arbitrary-scale prediction capabilities and re-
quire additional post-processing for scale adaptation [Li et
al., 2023b]. Subsequent Transformer-based operators, such
as GNOT [Hao er al.,2023], LNO [Wang and Wang, 2024],
and TPOT [Lee and Oh, 20241, leverage strong inductive bi-
ases but typically necessitate massive datasets for scale-aware
learning, while lacking tailored priors for spherical geometry
or atmospheric multi-scale features. Although recent physics-
integrated models like NeuralGCM [Kochkov et al., 2024]
and ClimODE [Verma et al., 2024] target global weather fore-
casting, and PIANO [Chin et al., 2025] focuses on precipita-
tion, none are explicitly optimized for the dual requirements
of meteorological downscaling: accommodating spherical
topology while enforcing dynamical consistency across cou-
pled spatial scales.

In this paper, we propose MSPNO, a Multi-scale Spherical
Physics-informed Neural Operator for meteorological down-
scaling. To capture hierarchical atmospheric dynamics,

MSPNO employs a multi-scale encoder based on spheri-
cal Laplacian decomposition. A geometry-consistent query
interface is established on the S? manifold through hybrid
geodesic coordinate encoding. Recognizing that meteoro-
logical downscaling is inherently a localized reconstruction
task driven by neighborhood contexts, we formulate a local-
ized spherical integral operator that exploits geodesic spar-
sity. This design adheres to the task-specific requirement of
modeling local spatial dependencies while maintaining effi-
cient, grid-agnostic inference. Finally, differentiable physics-
informed constraints are embedded into the learning objective
to ensure dynamical consistency and structural fidelity across
the predicted atmospheric fields.

2 Related Work

2.1 Meteorological Downscaling

Downscaling methods have long been applied in climate sci-
ence. Advances in deep learning have spurred the adoption
of diverse models for meteorological downscaling. FSRCNN
[Dong er al., 2016] and RCAN [Zhang et al., 2018], adapted
from super-resolution tasks, improve reconstruction accuracy
but fail to adapt to meteorological variables’ unique proper-
ties. Later climate-tailored models like DeepSD [Vandal et
al., 2017] ‘and YNet [Liu et al., 2020] enhance feature fu-
sion for climate variables, and GINE [Park et al., 2022] incor-
porates terrain information—yet none enable arbitrary-scale
prediction. Even recent architectures tailored to meteorolog-
ical scenes’ spherical nature, such as SFNO [Bonev et al.,
2023] and SCNN [Cohen et al., 2018], remain constrained by
a key bottleneck: lacking both arbitrary-scale prediction and
multi-scale adaptability for meteorological tasks. We there-
fore address this problem via a neural operator functionally
adapted to meteorological characteristics.

2.2 Neural Operators

Neural operators model function-to-function mappings and
are naturally suited for meteorological downscaling. Rep-
resentative methods include DeepONet [Lu et al., 2021]
with branch-trunk decomposition while LOCA [Kissas ef al.,
2022] enhances branches via explicit kernels yet remains a
linear operator with limited expressive power. Fourier-type
operators such as FNO [Li er al., 2021] and SENO [Bonev et
al., 2023] require post-processing to achieve arbitrary-scale
prediction [Li er al., 2023b]. Subsequent works leverage
Transformer architectures for operator learning: OFormer [Li
et al., 2023a] directly inherits the Transformer Encoder-
Decoder structure LNO [Wang and Wang, 2024] enhances
generalization by sharing input and query coordinate encod-
ings and IPOT [Lee and Oh, 2024] adopts a lightweight at-
tention architecture for acceleration. Meanwhile some stud-
ies combine PINNs with neural operators to improve task-
specific loss functions. However, adapting these operators to
global meteorological fields remains non-trivial. Currently a
downscaling-oriented operator is still missing that (i) accom-
modates the inherent multi-scale features and spherical topol-
ogy of meteorological data and (ii) is designed to be compat-
ible with physical consistency constraints during training.
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3 Method

3.1 Problem Formulation

Let S2 C R3 denote the 2-dimensional sphere. Let H, W
be positive integers denoting the height and width of the dis-
crete sampling grid on S?. Given NN pairs of input-output data
{uf,v*(y)}\_, generated by an unknown ground truth oper-
ator G : RAxHXW . 0(§2 R%), where uf € RduxHxXW
represents d, -dimensional input variables sampled on the
H x W grid of S2, v* € C(S? R%) denotes d,-dimensional
output functions defined on S2, and y € S? is a query loca-
tion on S2. Our goal is to learn an operator F : R« *H*W _
C(S?,R%) such that for ¢ = 1,..., N,

F(ub) ="

3.2 Grid-Invariant Spherical Laplacian Encoder

Let u € R%*HXW denote an input spherical field sampled
on a fixed grid over S%. Inspired by [Zhuang and Duraisamy,
20251, we construct a sequence of scale-dependent spherical
filters {G . Each G is implemented as a spherical con-
volution on 82 specifically designed to account for the spher-
ical metric and mitigate coordinate-induced distortions, par-
ticularly the convergence of meridians in polar regions. The
receptive field of G4 increases monotonically with the scale
index s, inducing progressively stronger low-pass filtering on
the sphere without any form of spatial subsampling.

Using these filters, we define a Spherical Laplacian De-
composition:

Uy = U, @™
Ls:US*GS(us)v 5:0;---75727 (2)
Us+1 = Gs(us)7 3

where L, € R%*H*W represents the scale-specific residual
at scale s, and the final component Lg_; = ug—1 captures
the global low-frequency structure. This manifold-consistent
decomposition decouples localized fluctuations from global
atmospheric modes while mitigating artifacts induced by
meridian convergence. By avoiding spatial downsampling, it
preserves exact point-wise correspondence across all scales,
aligning fine-grained details and large-scale structures within
a unified spherical representation.

To model dependencies across characteristic spatial scales,
each hierarchical band L, (initially in R%*HxW) ig pro-
cessed by a Spherical Residual Block (SRB), which is a
residual block with spherical kernels and it transforms the
multi-scale residuals into a deep latent feature map z; €
R4exHXW " \where d, denotes the hidden convolutional di-
mension. We then condense these scale-specific represen-
tations into compact scale tokens t, € R% using latitude-
weighted spherical global average pooling:

1 H W
= A Z Z cos(pp) zs(h, w), )

h=1w=1

where z,(h,w) € R? denotes the feature vector at location
(h,w). The term cos(yp) accounts for the spherical area

element associated with each grid cell, and the normaliza-
tion constant is defined as Z = >,  cos(¢p). The result-

ing scale-level sequence T = {t; f:ol is processed by a
Scale-Aware Attention to capture global interactions across
frequencies, yielding contextualized tokens t¢.

To dynamically calibrate the importance of different spa-
tial frequencies, we employ Feature-wise Linear Modulation
(FILM) [Perez et al., 2018]. Specifically, for each scale
s, the contextualized token t¢ is projected through learn-
able linear layers to generate scale-specific affine parameters
Y. Bs € R% . These vectors are then applied to modulate the
corresponding feature map z; across the channel dimension:

Zs(h,’LU) = 73 © Zs(ha ’U}) + /6.97 (5)

where ©® denotes element-wise multiplication.

We further aggregate the modulated features across the
scale dimension via a point-wise cross-scale convolution
module, yielding a unified representation z € R <7 xW Fj.
nally, a pixel-wise projection maps this to the latent sequence
Z € REXD where L = H x W.

3.3 Hybrid Location Encoding

To bridge discrete latent fields with the continuous S? mani-
fold, we define a geometry-aware query representation that
couples spectral coordinate embeddings with geodesic ra-
dial basis function (RBF) interpolation. This formulation en-
ables grid-agnostic operator evaluation, allowing the model
to-query atmospheric states at arbitrary spherical locations.

Each query location y € S? is parameterized by its spher-
ical coordinates (¢, A) and mapped into a high-dimensional
spectral space via Fourier features:

o(y) = [cos([p, \]TWy) 5 sin([p, A]TWy)], (6)

where W, is a learnable projection that enables the model to
capture multi-frequency spatial priors.

To anchor the continuous query point to the discrete latent
field, we interpolate the reference latents {z;} located at {p; }
using a normalized geodesic RBF kernel:

exp( edgz(y i)
ZZ exp(—edZ (v, p)))

Zi, @)

where dsz (-, -) is the spherical geodesic distance and e is a
learnable bandwidth parameter.
The final query embedding is given by

e(y) = MLP([¢(y); z(y)]) , ®

and is applied identically to continuous query coordinates and
reference grid points, yielding a unified, geometry-consistent
query interface for subsequent operator evaluation.

3.4 Localized Spherical Integral Operator

We first define a localized spherical integral operator F that
maps the latent field to a query location via a localized inte-
gral form inspired by neighborhood attention on the sphere
[Bonev et al., 2026]:

FIEW = [ rly.apo(e) dufa). ©
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Figure 2: Overview. The Spherical Laplacian Encoder hierarchically decomposes multi-scale fluctuations on the spherical manifold. The
Hybrid Location Encoding combines geodesic RBF kernels and Fourier features for continuous query evaluation. The Localized Spherical
Integral Operator enables grid-agnostic evaluation through geometry-aware attention, while the Cross-scale Fusion module calibrates
multi-frequency representations. Finally, differentiable Physics-Guided Constraints enforce dynamical consistency and physical fidelity.

where dyu(x) is the spherical measure. The kernel k(y;)
represents a data-dependent similarity between the query lo-
cation y and a source location z. It is defined using alocalized
softmax-normalization:

T (@) exp Q) - K(x)/ V)

S Toay (@) exp (Qy) < Kia)/Vd) du(a)

(10)
where Q(y) is the query encoding derived from the geometry
of y, while K (z) is the key encoding of the source point x.
The indicator function I p(,) () restricts the kernel support to
a local spherical disk D(y) of radius 6.

In practice, the latent field is available only as a finite set
of embeddings Z = {z;}L , at discrete reference locations
{p:}E,. We implement the operator by approximating the
continuous integral with a discrete summation over the sam-
pled reference points p; € D(y):

Flelly)~ Y

1EN (y)

Ky, x) =

i (y)Wozi, an

where NV (y) = {i | ds2(y,pi) < 0} is the set of indices of
reference points within the query’s local neighborhood. Here,
W, z; serves as the discrete realization of the value field v(p;)
at the reference points. The discrete attention weights o;(y)
are obtained by sampling and re-normalizing the continuous

kernel x(y, x) at the reference locations p;:

exp (QUy) - K (p)/ V)
ai(y) = . (12)
5wt &P Q) - K (p7)/Vd)

This formulation ensures the operator preserves the under-
lying continuous dynamics while remaining efficiently com-
putable.

Finally, the output of the operator is passed through a
channel-wise linear readout to produce the atmospheric field
predictions C(S?,R%) at the specified query locations.

3.5 Physics-Guided Learning Objective

To enhance physical consistency beyond purely data-driven
training, we incorporate physics-guided constraints directly
into the learning objective.

Latitude-weighted regression loss. Given predictions ¢
and ground truth y over V variables, we employ a latitude-
weighted mean squared error:

ZZ

v=1 (p,\)EQ

Lyise = ) (G0 (0 ) =10 (2, N) . (13)

Physics-guided constraints. To encourage consistency
with large-scale atmospheric dynamics, we introduce a
set of differentiable physics-guided constraints defined on
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Metric Variable Ours OFormer GNOT LNO DeepONet IPOT LOCA
T2m 0.0045 0.0066 0.0117 0.0117 0.0127 0.0105 0.0102

ul10 0.1293 0.1397 0.1478 0.1478 0.2182 0.1471 0.1477

V10 0.1637 0.1763 0.1870 0.1868 0.3871 0.1847 0.1865

MSE 7500 0.0009 0.0009 0.0010 0.0010 0.0034 0.0009 0.0010
(@3] T850 0.0064 0.0074 0.0076 0.0076 0.0099 0.0075 0.0075
R500 0.3526 0.3505 0.3511 0.3511 0.5380 0.3524 0.3512

S850 0.1250 0.1277 0.1324 0.1323 0.1421 0.1319 0.1315

Average 0.1117 0.1156 0.1198 0.1197 0.1873 0.1193 0.1194

T2m 1.4322 1.7125 2.3027 2.3021 2.3951 2.1806 2.1457

ul10 1.9831 2.0614 2.1208 2.1209 2.5368 2.1159 2.1202

V10 1.9225 1.9944 2.0547 2.0537 2.8609 2.0423 2.0523

RMSE 7500 102.8555 106.7649 109.7369 109.7392 195.1579 109.6546 108.9631
(@3] T850 1.2558 1.3503 1.3657 1.3658 1.5556 1.3594 1.3537
R500 19.8951 19.8380 19.8525 19.8546 24.2521 19.8915 19.8576

S850 0.00148 0.00150  0.00150  0.00150 0.00160  0.00150  0.00150

Average 18.4779 19.1033 19.6335 19.6340 32.6814 19.6052 19.4991

T2m 0.9622 0.9462 0.9078 0.9156 0.9214 0.9365 0.9388

ul10 0.8819 0.8720 0.8653 0.8659 0.8142 0.8658 0.8664

V10 0.8907 0.8820 0.8754 0.8762 0.7774 0.8766 0.8772

ACC 7500 0.9948 0.9943 0.9940 0.9942 0.9819 0.9944 0.9947
Q) T850 0.9683 0.9633 0.9626 0.9644 0.9583 0.9685 0.9694
R500 0.7293 0.7305 0.7301 0.7303 0.6375 0.7298 0.7303

S850 0.7897 0.7848 0.7784 0.7811 0.7735 0.7831 0.7934

Average 0.8881 0.8819 0.8734 0.8754 0.8377 0.8792 0.8815

Table 2: Quantitative comparison of different operator learning models in terms of MSE, RMSE, and ACC across multiple atmospheric
variables. Best results are highlighted in bold, with second-best underlined.

a latitude—longitude parameterization of spherical domain.
Spatial derivatives with respect to longitude \ and latitude
 are computed using spectral differentiation on the discrete
grid.

Let &« = (a,0) denote the predicted horizontal wind,
u = (u,v) the ground truth wind, and ¢, ¢ the predicted and
true specific humidity. We define three physically motivated
residuals:

Lav =Y w(p)|(Oxi +0,0) — (Oau+0,0)|", (14)
e

Loort = > w(@)(0x0 — D,0) — (Orv — Dpu)|*, (15)
zeQ

Loapor = Y w(9) |V (4G) — V- (ug)|, (16)
zeQ

where V- (ugq) = 0x(uq)+0,(vq) denotes a discrete approx-
imation of the horizontal moisture flux divergence. The raw
physics loss is a weighted combination of the above terms:
;%gs = AdivLdiv + AvortLvors + )\vaporﬁvapor- (17
Normalization and total objective. To balance the magni-
tude of the physics constraints with the regression loss, we

raw X . L
rescale Ephys using an exponential moving average, yielding

L'gﬁys. A dynamic weight )\](f}zys is further applied to avoid

over-regularization during early training. The final objective
at training step ¢ is
ﬁ(t)

total

= L{kp + A0 L5

phys ~phys*

(18)

4 Numerical Experiments

This section evaluates the proposed physics-constrained
multi-scale spherical operator through statistical downscaling
benchmarks across multiple variables, zero-shot generaliza-
tion tests across varied resolution ratios, and comprehensive
ablation studies. By analyzing scale-wise representations and
error distributions, particularly in geographically sensitive ar-
eas, we aim to address the following key questions':

* Q1: How do explicit spherical multi-scale operators im-
prove prediction accuracy for high-resolution forecast-
ing compared to existing methods?

* Q2: Can the proposed model consistently maintain ro-
bustness and accuracy when generalizing across differ-
ent meteorological downscaling factors?

'https://github.com/Yanis Ye/MSPNO
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Scales MSE () RMSE () ACC(®)
1 (non-hierarchical)  0.1125 18.5787 0.8876
4 (Ours) 0.1117 18.4779 0.8881
8 0.1117 18.5175 0.8882

Table 3: Hyper-parameter study on the number of spatial scales in
the spherical encoder. Results show that a 4-scale decomposition
provides the optimal balance between accuracy and complexity.

* Q3: Does physics-informed constraints and spherical lo-
cality contribute to stabilizing the learning process and
enhancing physical fidelity?

4.1 Experiment Setup and Evaluation Details

Datasets. We utilize the preprocessed ERAS5 reanalysis
dataset from WeatherBench [Rasp et al., 2020]. For training,
we employ data spanning the years (2014-2015), subsampled
at a 6-hour temporal interval. We consider an input dimen-
sionality of d,, = 54 and an output dimensionality of ds; = 7.
The target variables encompass surface fields, including 2m
temperature (T2m), 10m wind components (U10, V10), and
upper-air fields (2500, T850,R500, S850), More details in
Appendix A.

Metrics. We evaluate downscaling performance using
latitude-weighted Mean Squared Error (MSE), Root Mean
Squared Error (RMSE), and the Anomaly Correlation Coeffi-
cient (ACC). Refer to Appendix B for formal definitions.

Baselines. We compare our proposed model with sev-
eral representative state-of-the-art method including Deep-
ONet [Lu et al., 2021], GNOT [Hao et al., 2023], LNO [Wang
and Wang, 2024], OFormer [Li et al., 2023a], IPOT [Lee and
Oh, 2024] and LOCA [Kissas et al., 2022]. More details in
Appendix C.

4.2 Main Results

Quantitative results are summarized in Table 2 using MSE,
RMSE, and ACC. Our method consistently outperforms ex-
isting operator-learning baselines across all evaluation met-
rics, achieving the lowest average MSE (0.1117) and RMSE
(18.4779) alongside the highest ACC (0.8881). These re-
sults indicate that our model delivers more accurate and sta-
ble downscaling across diverse atmospheric variables under a
unified evaluation setting. The improvements are evident for
dynamically complex fields such as near-surface winds and
geopotential height, suggesting that the proposed combina-
tion of explicit modeling of spherical geometry, coupled with
multi-scale Laplacian decomposition, and embedded physical
constraints is especially effective for capturing cross-scale at-
mospheric structures in realistic downscaling scenarios.

4.3 Zero-Shot Generalization

A key advantage of neural operators is their ability to perform
grid-agnostic inference. We evaluate this by applying models
trained on a 2x downscaling task (5.625° — 2.8125°) di-
rectly to a 4 x task (5.625° — 1.40625°) without further fine-
tuning. This zero-shot setting assesses the model’s capac-

27 {RMSE (1) 0.88{ACC (1)
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Figure 3: Zero-shot performance comparison across unseen query
locations.
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Figure 4: Visualization of scale-dependent spherical filters at multi-
ple spatial scales.

ity to extrapolate atmospheric dynamics to out-of-distribution
(OOD) resolutions.

As shown in Fig. 3, our method achieves the best average
RMSE and ACC under this unseen downscaling factor. In
contrast, operator-learning baselines such as OFormer [Li et
al., 2023al, GNOT [Hao et al., 2023], and LNO [Wang and
Wang, 2024] exhibit larger error increases and reduced accu-
racy when extrapolating to finer resolutions. These results in-
dicate that our synergistic architectural design fosters stable,
scale-consistent representations, enabling reliable zero-shot
extrapolation to finer, out-of-distribution resolutions.

4.4 Effectiveness and Interpretation of Multi-scale
Representations

We first quantitatively assess the impact of the multi-scale hi-
erarchy within the spherical encoder. As shown in Table 3,
increasing the number of spatial scales from 1 (a non-multi-
scale variant) to 4 leads to consistent improvements across
all metrics. This trend demonstrates that explicit cross-scale
modeling on the sphere is essential for capturing the complex
dependencies of high-resolution atmospheric fields. While
further increasing the scales to 8 yields marginal gains, the
transition from single-scale to a 4-scale decomposition con-
firms that moderate hierarchical modeling is sufficient to en-
hance both predictive accuracy and numerical stability. We
visualize Laplacian components at different levels to analyze
multi-scale representations. Figure 4 shows the operator se-
quence G induces distinct hierarchical decomposition: Scale
0 captures localized high-frequency residuals, and Scale 3
isolates low-frequency large-scale structural trends. Analy-
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Metric Model T2m uU10 V10 7500 T850 R500 S850  Average

Ours 0.0045 0.1293  0.1637 0.0009  0.0064 0.3526  0.1250 0.1117

MSE () w/ Encoder (repl. Sphere) 0.0045 0.1298 0.1644 0.0009  0.0064 0.3540  0.1250 0.1121

w/ Attn. Kernel (repl. Sphere)  0.0050 0.1323  0.1679 0.0009  0.0065 0.3511  0.1252 0.1127

w/o Physics-Guided Objective  0.0046  0.1295  0.1642 0.0009  0.0064 0.3531  0.1249 0.1119

Ours 1.4322 19831 1.9225 102.8555 1.2558 19.8951 0.0015 18.4779

RMSE (]) w/ Encoder (repl. Sphere) 1.4308 19871 1.9261 103.3402 1.2575 19.9353 0.0015  18.5541

w/ Attn. Kernel (repl. Sphere)  1.5079  2.0060 1.9465 104.9548 1.2661 19.8532 0.0015  18.7909

w/o Physics-Guided Objective  1.4390 1.9849 1.9252 103.1875 1.2572 199113 0.0015 18.5288

Ours 0.9622 0.8819 0.8907 0.9948  0.9683 0.7293  0.7897 0.8881

ACC (1) w/ Encoder (repl. Sphere) 0.9624 0.8815 0.8903 0.9947  0.9682 0.7284  0.7897 0.8879

w/ Attn. Kernel (repl. Sphere)  0.9584 0.8791  0.8880 0.9946  0.9678 0.7304  0.7894 0.8868

w/o Physics-Guided Objective  0.9621  0.8817  0.8905 0.9947  0.9682 0.7290 . 0.7897 0.8880

Table 4: Ablation study verifying spherical components and physics-guided objectives.

Method Div. | Vort. | Vapor |  Total | Merits of Localized Spherical Integration Operator. To
assess the impact of spherical locality, we replace the Lo-
8}':“5 ;ggg;g; ggggg }g?giég :‘éggggg calized Spherical Integral Operator with a global interaction
GN%?‘QJ 213'3368 88‘0060 173.7128 475'0552 mechanism (w/ Attn. Kernel (repl. Sphere)). This results in a
LNO 213'2525 87.9770 173.8381 475.0676 significant increase in averaged RMSE. The performance gap
DeerON 218.6825 89.9197 183.1225 491'7247 highlights that localized spherical interactions are superior
IPfg”Il)“ ot 211'7478 87‘3884 173.8754 463.01 16 for preserving scale-consistent atmospheric structures and en-
LOCA 213.1982 87.9701 174'0555 475'2237 abling information aggregation compared to global operators.

Table 5: Physical consistency evaluation on 2x downscaling. We
report mean absolute residuals (x107°) for divergence, vorticity,
and vapor transport.

sis of adaptive modulation z, shows MSPNO dynamically
prioritizes spatial frequencies by local complexity: fine-scale
components are emphasized in regions with active meteoro-
logical transitions, and global features dominate stable areas.
Detailed visualizations are provided in Appendix E.

4.5 Evaluation of Physical Consistency

We evaluate the physical fidelity of downscaled fields by cal-
culating the residuals of atmospheric governing laws. As
shown in Table 5, MSPNO yields the lowest residuals across
all metrics, achieving a 6.5% reduction in total physical viola-
tion compared to the strongest baseline. This advantage con-
firms that the synergy between spherical laplacian decompo-
sition and differentiable constraints effectively enforces dy-
namical consistency, ensuring that MSPNO produces physi-
cally plausible regional climate projections.

4.6 Ablation Studies

Role of Explicit Spherical Encoding. Substituting spheri-
cal convolutions with standard 2D kernels (w/ Encoder (repl.
Sphere)) leads to consistent performance degradation (Ta-
ble 4). This degradation confirms that standard kernels, which
assume a flat Euclidean grid, fail to adapt to the varying spa-
tial densities of the spherical discretization. Consequently, by
integrating Spherical Laplacian decomposition, our approach
faithfully captures the hierarchical nature of dynamics.

Impact of Physics-Guided Objective. Discarding the
physics-guided loss (w/o Physics-Guided Objective) degrades
all metrics. These results suggest that the physics-informed
constraints enhance the numerical stability and structural fi-
delity of the learned operator, thereby promoting more phys-
ically plausible downscaling predictions.

4.7 Robustness to Temporal Training Resolution

Training across 3, 6, and 9-hour intervals reveals remark-
ably consistent performance (with the 6-hour interval being
marginally optimal), proving that MSPNO generalizes ef-
fectively without requiring high-frequency temporal supervi-
sion. Detailed experimental table is shown in Appendix F.

5 Conclusion

In this paper, we propose an operator learning framework
called the Multi-scale Spherical Physics-informed Neural
Operator (MSPNO) for meteorological downscaling. To ad-
dress the challenges of multi-scale atmospheric dynamics and
spherical geometric distortions, we devise two core compo-
nents: the Spherical Laplacian Decomposition and the local-
ized spherical integral operator. We then conducted compre-
hensive experiments on representative meteorological meth-
ods across varied variables and downscaling factors. The su-
perior performance compared with baselines verified the ef-
fectiveness and robustness of our method. This work repre-
sents an attempt to integrate explicit spherical manifold ge-
ometry and physical constraints into neural operators, and it
suggests a promising direction for large-scale neural surro-
gate models of Earth system processes and related scientific
applications.
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