
Motivation 
Large Weather Models are fast and skilful, but 
they suppress fine-scale details. We argue that 
the spectral degradation has two sources: 
 1) Statistical: deterministic model predicting 
the ensemble mean. 
 2) Architectural: projecting to coarse latent 
grids introduces an information bottleneck.

(Sparse) Attention to the Details

0.2

0.5

1.0

1333 1000 500 333

Sp
ec

tra
lr

at
io

(a) ERA5-trained models: model / ERA5 1.5°

MOSAICMEAN

MOSAIC1ST

ARCHESGENMEAN

ARCHESGEN1ST

STORMER

0.2

0.5

1.0

1000 500 200 100 50
Wavenumber

Sp
ec

tra
lr

at
io

(b) 0.25→ MLWP models: model / HRES-fc0

PANGU-WEATHER

AURORA

GRAPHCAST (OPER.)
GENCAST1ST (OPER.) 10↑1 100 101 102

0.45

0.5

0.55

0.6

STORMER

ARCHESWEATHER-MX4

NEURALGCM
ARCHESWEATHERGEN

MOSAIC (OURS) GENCAST

GRAPHCAST

PANGU-WEATHER

Inference time (seconds per member per step)

nR
M

SE
(1

0-
da

y
av

g.
)

(c) Forecast skill vs. inference speed

Peak GPU memory: →3 GB →10 GB →70 GB

Figure 2. Spectral analysis and efficiency of MLWP models. (a, b) Spectral power ratios (model / reference) of 10-meter wind speed
from a single 10-day forecast at 1.5→ (ERA5) (a) and 0.25→ (HRES-fc0) (b) resolution. Individual ensemble members of probabilistic
models (MOSAIC, ARCHESGEN, GENCAST) demonstrate stronger spectral coherence with the reference, while ensemble means and
deterministic models (STORMER, GRAPHCAST, AURORA, PANGU-WEATHER) deviate substantially, with divergence most pronounced
at fine spatial scales. (c) Forecast skill vs. inference speed on a single H100 GPU; marker size indicates peak GPU memory. nRMSE is
computed at 240 h lead time at 1.5→ resolution over a set of key variables (see Appendix A.8 for details).

et al., 2023). Although compression-based approaches
are efficient, they increase the complexity of the learned
function: fine-scale spatial variations originally distributed
across neighboring mesh nodes become entangled within
channel dimensions of coarse nodes, requiring the model
to jointly recover geometric structure and spectral content.

In this work, we introduce MOSAIC: a probabilis-
tic weather forecasting model designed to address both
sources of spectral degradation. First, we follow (Alet
et al., 2025) and use learned functional perturbations to in-
corporate uncertainty, producing ensemble forecasts whose
individual members preserve realistic spectral variability.
Second, we propose block-sparse attention: a hardware-
aligned formulation of native sparse attention (Yuan et al.,
2025) that exploits the intrinsic locality of physical data by
sharing keys and values across spatially adjacent queries,
computing block-to-block interactions. Each block dynam-
ically selects which regions of the grid to attend to, captur-
ing arbitrarily long-range dependencies at linear cost. To
ensure efficient memory access, we process data on the
HEALPix mesh (Gorski et al., 1999), which offers contigu-
ous storage and therefore allows us to operate on blocks.
Together, these design choices make MOSAIC directly ap-
plicable to high-resolution grids without compression.

The main contributions of this work are:

• We propose block-sparse attention, a hardware-
aligned sparse attention mechanism that captures
long-range dependencies at linear cost, enabling
weather models to operate on native-resolution grids
without compressive encoding.

• We introduce MOSAIC, a probabilistic weather fore-
casting model that uses block-sparse attention and
learned functional perturbations to address both the
architectural and statistical sources of spectral degra-
dation in MLWPs.

• We demonstrate that MOSAIC at 1.5° resolution
matches or outperforms models trained on 6→ finer
data on headline upper-air variables, produces well-
calibrated ensembles with near-perfect spectral align-
ment, and generates a 24-member, 10-day forecast in
under 12 s on a single H100 GPU.

2. Related Work
2.1. Effective Resolution in Weather Forecasting

Abdalla et al. (2013) define the effective resolution of a
weather prediction model as the smallest spatial scale it
fully resolves – the wavelength at which the model’s power
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Figure 2. Spectral analysis and efficiency of MLWP models. (a, b) Spectral power ratios (model / reference) of 10-meter wind speed
from a single 10-day forecast at 1.5→ (ERA5) (a) and 0.25→ (HRES-fc0) (b) resolution. Individual ensemble members of probabilistic
models (MOSAIC, ARCHESGEN, GENCAST) demonstrate stronger spectral coherence with the reference, while ensemble means and
deterministic models (STORMER, GRAPHCAST, AURORA, PANGU-WEATHER) deviate substantially, with divergence most pronounced
at fine spatial scales. (c) Forecast skill vs. inference speed on a single H100 GPU; marker size indicates peak GPU memory. nRMSE is
computed at 240 h lead time at 1.5→ resolution over a set of key variables (see Appendix A.8 for details).

et al., 2023). Although compression-based approaches
are efficient, they increase the complexity of the learned
function: fine-scale spatial variations originally distributed
across neighboring mesh nodes become entangled within
channel dimensions of coarse nodes, requiring the model
to jointly recover geometric structure and spectral content.

In this work, we introduce MOSAIC: a probabilis-
tic weather forecasting model designed to address both
sources of spectral degradation. First, we follow (Alet
et al., 2025) and use learned functional perturbations to in-
corporate uncertainty, producing ensemble forecasts whose
individual members preserve realistic spectral variability.
Second, we propose block-sparse attention: a hardware-
aligned formulation of native sparse attention (Yuan et al.,
2025) that exploits the intrinsic locality of physical data by
sharing keys and values across spatially adjacent queries,
computing block-to-block interactions. Each block dynam-
ically selects which regions of the grid to attend to, captur-
ing arbitrarily long-range dependencies at linear cost. To
ensure efficient memory access, we process data on the
HEALPix mesh (Gorski et al., 1999), which offers contigu-
ous storage and therefore allows us to operate on blocks.
Together, these design choices make MOSAIC directly ap-
plicable to high-resolution grids without compression.

The main contributions of this work are:

• We propose block-sparse attention, a hardware-
aligned sparse attention mechanism that captures
long-range dependencies at linear cost, enabling
weather models to operate on native-resolution grids
without compressive encoding.

• We introduce MOSAIC, a probabilistic weather fore-
casting model that uses block-sparse attention and
learned functional perturbations to address both the
architectural and statistical sources of spectral degra-
dation in MLWPs.

• We demonstrate that MOSAIC at 1.5° resolution
matches or outperforms models trained on 6→ finer
data on headline upper-air variables, produces well-
calibrated ensembles with near-perfect spectral align-
ment, and generates a 24-member, 10-day forecast in
under 12 s on a single H100 GPU.

2. Related Work
2.1. Effective Resolution in Weather Forecasting

Abdalla et al. (2013) define the effective resolution of a
weather prediction model as the smallest spatial scale it
fully resolves – the wavelength at which the model’s power
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Figure 2. Spectral analysis and efficiency of MLWP models. (a, b) Spectral power ratios (model / reference) of 10-meter wind speed
from a single 10-day forecast at 1.5→ (ERA5) (a) and 0.25→ (HRES-fc0) (b) resolution. Individual ensemble members of probabilistic
models (MOSAIC, ARCHESGEN, GENCAST) demonstrate stronger spectral coherence with the reference, while ensemble means and
deterministic models (STORMER, GRAPHCAST, AURORA, PANGU-WEATHER) deviate substantially, with divergence most pronounced
at fine spatial scales. (c) Forecast skill vs. inference speed on a single H100 GPU; marker size indicates peak GPU memory. nRMSE is
computed at 240 h lead time at 1.5→ resolution over a set of key variables (see Appendix A.8 for details).

et al., 2023). Although compression-based approaches
are efficient, they increase the complexity of the learned
function: fine-scale spatial variations originally distributed
across neighboring mesh nodes become entangled within
channel dimensions of coarse nodes, requiring the model
to jointly recover geometric structure and spectral content.

In this work, we introduce MOSAIC: a probabilis-
tic weather forecasting model designed to address both
sources of spectral degradation. First, we follow (Alet
et al., 2025) and use learned functional perturbations to in-
corporate uncertainty, producing ensemble forecasts whose
individual members preserve realistic spectral variability.
Second, we propose block-sparse attention: a hardware-
aligned formulation of native sparse attention (Yuan et al.,
2025) that exploits the intrinsic locality of physical data by
sharing keys and values across spatially adjacent queries,
computing block-to-block interactions. Each block dynam-
ically selects which regions of the grid to attend to, captur-
ing arbitrarily long-range dependencies at linear cost. To
ensure efficient memory access, we process data on the
HEALPix mesh (Gorski et al., 1999), which offers contigu-
ous storage and therefore allows us to operate on blocks.
Together, these design choices make MOSAIC directly ap-
plicable to high-resolution grids without compression.

The main contributions of this work are:

• We propose block-sparse attention, a hardware-
aligned sparse attention mechanism that captures
long-range dependencies at linear cost, enabling
weather models to operate on native-resolution grids
without compressive encoding.

• We introduce MOSAIC, a probabilistic weather fore-
casting model that uses block-sparse attention and
learned functional perturbations to address both the
architectural and statistical sources of spectral degra-
dation in MLWPs.

• We demonstrate that MOSAIC at 1.5° resolution
matches or outperforms models trained on 6→ finer
data on headline upper-air variables, produces well-
calibrated ensembles with near-perfect spectral align-
ment, and generates a 24-member, 10-day forecast in
under 12 s on a single H100 GPU.

2. Related Work
2.1. Effective Resolution in Weather Forecasting

Abdalla et al. (2013) define the effective resolution of a
weather prediction model as the smallest spatial scale it
fully resolves – the wavelength at which the model’s power
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Results 
MOSAIC is pretrained on ERA5 1979–2018 at 1.5° and 
finetuned on HRES-fc0 2016–2021, tested on 2022. 

We demonstrate that MOSAIC at 1.5° resolution: 

a) Competitive with large models in terms of skill. 
b) Ensemble members match weather data spectra. 
c) Generates a 24-member, 10-day forecast in <12s.
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Figure 2. Spectral analysis and efficiency of MLWP models. (a, b) Spectral power ratios (model / reference) of 10-meter wind speed
from a single 10-day forecast at 1.5→ (ERA5) (a) and 0.25→ (HRES-fc0) (b) resolution. Individual ensemble members of probabilistic
models (MOSAIC, ARCHESGEN, GENCAST) demonstrate stronger spectral coherence with the reference, while ensemble means and
deterministic models (STORMER, ARCHESWEATHER-MX4, GRAPHCAST, AURORA, PANGU-WEATHER) deviate substantially, with
divergence most pronounced at fine spatial scales. (c) Forecast skill vs. inference speed on a single H100 GPU; marker size indicates
peak GPU memory. nRMSE is computed at 240 h lead time at 1.5→ resolution over a set of key variables (see Appendix ?? for details).

plexity of the learned function: fine-scale spatial varia-
tions originally distributed across neighboring mesh nodes
become entangled within channel dimensions of coarse
nodes, requiring the model to jointly recover geometric
structure and spectral content.

In this work, we introduce MOSAIC: a probabilis-
tic weather forecasting model designed to address both
sources of spectral degradation. First, we follow (?) and
use learned functional perturbations to incorporate un-
certainty, producing ensemble forecasts whose individual
members preserve realistic spectral variability. Second, we
propose block-sparse attention: a hardware-aligned formu-
lation of native sparse attention (?) that exploits the in-
trinsic locality of physical data by sharing keys and values
across spatially adjacent queries, computing block-to-block
interactions. Each block dynamically selects which regions
of the grid to attend to, capturing arbitrarily long-range de-
pendencies at linear cost. To ensure efficient memory ac-
cess, we process data on the HEALPix mesh (?), which of-
fers contiguous storage and therefore allows us to operate
on blocks. Together, these design choices make MOSAIC
directly applicable to high-resolution grids without com-
pression.

The main contributions of this work are:

• We propose block-sparse attention, a hardware-
aligned sparse attention mechanism that captures
long-range dependencies at linear cost, enabling
weather models to operate on native-resolution grids
without compressive encoding.

• We introduce MOSAIC, a probabilistic weather fore-
casting model that uses block-sparse attention and
learned functional perturbations to address both the
architectural and statistical sources of spectral degra-
dation in MLWPs.

• We demonstrate that MOSAIC at 1.5° resolution
matches or outperforms models trained on 6→ finer
data on headline upper-air variables, produces well-
calibrated ensembles with near-perfect spectral align-
ment, and generates a 24-member, 10-day forecast in
under 12 s on a single H100 GPU.

2. Related Work
2.1. Effective Resolution in Weather Forecasting

? define the effective resolution of a weather prediction
model as the smallest spatial scale it fully resolves – the
wavelength at which the model’s power spectrum starts to
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20x

MOSAIC 
We introduce MOSAIC: a 1.5° probabilistic weather 
forecasting model which addresses both sources of 
spectral degradation: 

Block-sparse attention: to avoid the information 
bottleneck of compressive encoding, MOSAIC processes 
weather data at native resolution using block-sparse 
attention on the HEALPix mesh. 

Learned functional perturbations: a noise vector is 
injected into the model weights, producing structured, 
input-dependent uncertainty, trained with CRPS.
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Figure 5. Forward pass runtime vs. sequence length for Block-
Sparse Attention, NSA, and full FlashAttention; measured on
NVIDIA RTX A4500. See Appendix ?? for details.

For block sizes b ↑ 128, this cost does not form a bottle-
neck. The selection branch (FG) computes, for each token,
attention over n selected blocks of size b yielding O(Nnb)
cost, which is linear in N as n and b are fixed hyperpa-
rameters. Local attention is O(Nb) since each token only
attends to tokens within the same block. Together, these
costs make block-sparse attention scalable to weather grids
with hundreds of thousands of tokens. In practice, BSA
scales near-linearly with sequence length, achieving up to
61.8→ speedup over dense attention and 9.4→ over NSA
(Fig. ??). We implement BSA in Triton (?) following the
memory-efficient approach of FlashAttention (?); see Ap-
pendix ?? for details.

4.3. Model Architecture

Weather dynamics spans a wide range of spatial scales,
from planetary waves spanning thousands of kilometers to
mesoscale convective systems tens of kilometers across. To
capture this multi-scale structure, we adopt a U-Net archi-
tecture that processes data at progressively coarser resolu-
tions in the encoder path, then refines predictions back to
the original resolution in the decoder path. Each resolution
level consists of block-sparse attention layers that capture
interactions at that scale. Skip connections between corre-
sponding encoder and decoder levels preserve fine-grained
information that might otherwise be lost during coarsening.
Crucially, the first encoder stage computes spatial interac-
tions via block-sparse attention at native resolution before
any coarsening occurs. This distinguishes MOSAIC from
compression-based MLWPs, which first reduce spatial res-
olution (e.g., via patchification) and then compute interac-
tions on the compressed representation, creating an infor-
mation bottleneck at the finest scales.

Coarsening The encoder path progressively coarsens the
HEALPix mesh. At each coarsening step, a parent pixel at
resolution Nside aggregates features from its four children

at resolution 2Nside via learnable pooling:

xparent = W
→
x
Xc +W

→
p
!Pc, (12)

where Xc = [xci ]
4
i=1 and !Pc = [!pci ]

4
i=1 are the

stacked child features and relative positions, with !pci =
pci ↓ pparent. Here W

→
x
,W

→
p

are learnable projections. At
the coarsest resolution, a bottleneck stage applies addi-
tional transformer blocks before the decoder path begins.

Refinement The decoder path progressively refines fea-
tures back to the original resolution. At each refinement
step, a parent pixel at resolution Nside predicts features for
its four children at resolution 2Nside:

Xc = W
↑
x
xparent +W

↑
p
!Pc. (13)

The corresponding encoder features are then added to the
refined features via skip connections.

Overall architecture Input features that include both dy-
namic (e.g. 2-meter temperature, 10-meter wind compo-
nents) and static variables (e.g. land-sea mask, soil type)
are combined with sinusoidal time (day and year) encod-
ings (?) and projected to the hidden dimension via a two-
layer MLP followed by interpolation to the HEALPix mesh
(see Eq. ??).

The data then passes through the U-Net, where a sequence
of transformer blocks is applied at each resolution level.
Each block has a standard pre-norm structure (?) with
block-sparse attention and SwiGLU (?) feed-forward net-
work:

x ↔ x+ Attention(RMSNorm(x))

x ↔ x+ FFN(RMSNorm(x), z)
(14)

We use grouped query attention (GQA; (?)) to reduce
memory bandwidth requirements, with queries attending to
a number of shared key-value heads. We apply 2D rotary
positional embeddings (RoPE; (?)) to queries and keys, en-
coding longitude and latitude positions. The head dimen-
sion is split equally between the two coordinates, with each
half receiving standard RoPE encoding for its respective
angle in radians.

After the decoder, features are interpolated back to the
latitude-longitude grid and projected to the output dynamic
variables to predict the next weather state.

4.4. Uncertainty Quantification

Block-sparse attention addresses the architectural source
of spectral degradation by avoiding compression. To ad-
dress the statistical source, MOSAIC produces ensemble
forecasts via learned functional perturbations (?), a form
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Figure 3. HEALPix mesh refinement. Each pixel (left) is subdi-
vided into four children (right), whose indices follow a Z-order
curve that keeps spatially close pixels contiguous in memory.

The size parameter Nside defines a HEALPix mesh and de-
termines both the total number of pixels 12N2

side and the
approximate angular resolution:

Nside 32 64 128 256
# pixels 12,288 49,152 196,608 786,432
resolution 1.83→ 0.92→ 0.46→ 0.23→

The pixels are organized in memory such that spatially
close regions occupy consecutive indices1. A pixel with
index p at resolution Nside subdivides into four children
with consecutive indices 4p, 4p+1, 4p+2, 4p+3 at resolu-
tion 2Nside. This contiguous, hierarchical layout makes
HEALPix particularly suited for block-based computation:
loading a spatially local block of pixels requires a single
coalesced memory read rather than the scattered accesses
needed on a latitude-longitude grid. Several ML-based
weather models already exploit this structure (???).

3.3. Native Sparse Attention

Native Sparse Attention (NSA; ?) addresses the quadratic
complexity of standard self-attention by restricting each
query’s interactions to a dynamically determined subset of
keys and values. The computation is organized into three
branches – compression, selection and local – whose out-
puts oCG

i
(coarse-grained), oFG

i
(fine-grained) and oL

i
(lo-

cal) are combined via learned gating.

oi = g
CG(xi) · o

CG

i
+ g

FG(xi) · o
FG

i
+ g

L(xi) · o
L

i
(2)

where g
CG

, g
FG

, g
L are learnable linear gating functions.

Compression Let {B1, . . . , Bm} be a partition of tokens
into m non-overlapping blocks. For each Bj , let Kj =
{kl | l→Bj} denote the set of keys in the block. A block
representation is computed via a learnable function ω:

k̄j = ω(Kj). (3)

Coarse-grained values are obtained as v̄j = ω(Vj) with
Vj = {vl | l → Bj}. Coarse-grained attention between

1This corresponds to the NESTED ordering scheme. We re-
fer the reader to (?) for information about the alternative RING
scheme.

query i and each block is then evaluated, with attention
scores retained for the selection branch:

aij =
exp

(
q↑
i
k̄j/

↑
dk

)
∑

m

l=1 exp
(
q↑
i
k̄l/

↑
dk

) , oCG

i
=

m∑

j=1

aij v̄j . (4)

The compression branch both captures global context and
guides sparsification in the selection branch.

Selection For each query i, NSA selects the top-n blocks
with the highest coarse-grained attention scores, Si =
top-n (ai,:), and computes fine-grained attention over keys
and values within the selected blocks:

oFG

i
=

∑

j↓Si

∑

l↓Bj

exp
(
q↑
i
kl/

↑
dk

)

Zi

vl (5)

where Zi =
∑

j↓Si

∑
l↓Bj

exp
(
q↑
i
kl/

↑
dk

)
is the nor-

malizing constant. By operating at full resolution, the se-
lection branch preserves fine-scale detail while capturing
long-range interactions.

Local Attention The local branch applies standard atten-
tion for each query i over keys and values within a sliding
window, yielding oL

i
. This frees the compression and se-

lection branches to focus on long-range interactions.

4. MOSAIC

Tobler’s first law of geography states that “nearby things
are more related than distant things” (?). This principle
motivates two important design choices in MOSAIC: (1)
representing data on the HEALPix mesh, where spatially
close points occupy contiguous memory and (2) grouping
spatially adjacent tokens into blocks that jointly determine
which regions of the globe to attend to.

4.1. Data Representation on HEALPix

Weather forecast data is traditionally stored on latitude-
longitude grids, where points are ordered row-wise along
parallels. This layout places spatially close points far apart
in index space, requiring scattered memory accesses to load
a block of neighboring pixels. We instead operate on the
HEALPix mesh, which guarantees that spatial neighbors
occupy contiguous memory locations, enabling coalesced
GPU reads and hardware-aligned block computation.

Interpolating Between Grids To transfer data from the
latitude-longitude grid to the HEALPix mesh, we em-
ploy the cross-attention interpolation scheme of (?). For
each target point i on the HEALPix mesh and neighboring
source point j on the latitude-longitude grid, queries are
computed from the relative position pij , while keys and
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Figure 6. Forecast skill evaluated against IFS HRES Analysis following the WeatherBench 2 protocol (Rasp et al., 2023) on 2022 test
year. Top row: RMSE; middle row: CRPS; bottom row: SSR.

dure discards information the grid can represent. MOSAIC
operates at 1.5→, limiting our analysis to wavelengths above
the Nyquist limit (→333 km). Fig. 2(a) compares spectral
power ratios of 10-meter wind speed for all ERA5-trained
models at 1.5→. Deterministic models show clear spectral
suppression at wavelengths the grid can resolve (Stormer
energy ratio: 0.26; ArchesWeather-Mx4: 0.74), while in-
dividual ensemble members of probabilistic models track
ERA5 faithfully (MOSAIC: 1.00; ARCHESGEN: 1.03). En-
semble means exhibit the expected suppression at higher
frequencies due to smoothing from averaging (MOSAIC:
0.30; ARCHESGEN: 0.23). Fig. 2(b) extends this analy-
sis to 0.25→ models, where the same pattern holds: prob-
abilistic members preserve spectral power while determin-
istic models diverge at fine scales. This validates our core
hypothesis: by avoiding spatial compression and operating
on native-resolution grids via block-sparse attention, MO-
SAIC learns the weather evolution function as faithfully as
the data resolution permits.

RQ3: Ensemble calibration

Fig. 6 (bottom row) shows the spread-to-skill ratio across
lead times. Well-calibrated ensembles should exhibit ra-
tios close to 1, with values below 1 indicating overconfi-
dence and values above 1 indicating underconfidence. MO-
SAIC achieves ratios ranging from 0.83 at medium lead

times to 0.95 at 240h, closely matching FGN (0.89–0.97),
while GenCast shows persistent underconfidence (1.03–
1.24). This demonstrates that noise injection in SwiGLU
gates produces well-calibrated uncertainty estimates on par
with state-of-the-art probabilistic MLWPs.

RQ4: Extreme event forecasting: Hurricane Ian

To evaluate MOSAIC’s ability to forecast extreme weather
events, we conduct a case study of Hurricane Ian – a
Category 4 hurricane that made landfall near Fort Myers,
Florida, on September 28, 2022, with sustained winds of
155 mph. We generate 48-member ensembles from three
initialization times (Sep 23, 25, and 27, 2022, all at 12Z)
and track each member’s storm center by locating the min-
imum mean sea level pressure (MSLP) within a search
radius guided by IBTrACS best-track positions (Knapp
et al., 2010), following the methodology of ExtremeWeath-
erBench (Brightband Technologies, 2026).

Fig. 7 shows the resulting ensemble track forecasts, with
wind field evolution shown in Fig. 9. At 7-day lead time
(Sep 23 init), the ensemble captures the general northward
trajectory through the Caribbean, with multiple members
already correctly tracking the recurvature over Cuba and
landfall on the Florida Gulf Coast. At 5-day lead (Sep 25
init), the ensemble spread narrows and the ensemble mean
closely follows the observed track through recurvature and
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radius guided by IBTrACS best-track positions (Knapp
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Abstract
We introduce MOSAIC, a probabilistic weather
forecasting model that addresses two principal
sources of spectral degradation in ML-based
weather prediction: (1) deterministic training
against ensemble means and (2) compressive
encoding creating an information bottleneck.
MOSAIC generates ensemble members through
learned functional perturbations and operates on
native-resolution grids via block-sparse atten-
tion, a hardware-aligned mechanism that cap-
tures long-range dependencies at linear cost by
sharing keys and values across spatially adja-
cent queries. At 1.5° resolution with 214M pa-
rameters, MOSAIC matches or outperforms mod-
els trained on 6→ finer data on headline upper-
air variables and achieves state-of-the-art results
among 1.5° models, producing well-calibrated
ensembles whose individual members exhibit
near-perfect spectral alignment across all re-
solved frequencies. A 24-member, 10-day fore-
cast takes under 12 s on a single H100 GPU.

1. Introduction
Accurate weather forecasts save lives and enable timely de-
cisions during extreme events. Phenomena such as frontal
zones and tropical cyclones cause catastrophic damage and
span relatively short distances, requiring models that faith-
fully resolve fine spatial scales. Numerical weather predic-
tion (NWP) systems achieve this by integrating the equa-
tions of fluid dynamics, thermodynamics, and radiative
transfer, but at a computational cost that scales cubically
with grid resolution.

ML-based weather prediction models (MLWPs; Bi et al.
2023; Lam et al. 2023; Bodnar et al. 2025) have emerged
as efficient surrogates, generating 10-day forecasts in un-
der 60 seconds on a single GPU, achieving a 1000-10000→

1AMLab 2University of Amsterdam 3CuspAI. Correspondence
to: Maksim Zhdanov <m.zhdanov@uva.nl>.

query
local attn.
sparse attn.

Figure 1. Block-sparse attention for weather forecasting. Spa-
tially close query tokens (red block over Tampa Bay) collectively
attend to both local key-value pairs (blue block over Florida) and
dynamically selected, spatially distributed ones (green blocks).
Sparse attention enables capturing long-range dependencies in
high-resolution weather data, critical for extreme events such as
hurricane formation (note the eye visible in the inset).

speedup over NWP (Buizza et al., 2018; Bauer et al., 2020).
However, these models struggle to reproduce the power
spectra of atmospheric variables, systematically suppress-
ing spectral power at fine scales (Bonavita, 2024). This
happens for two main reasons. First, most MLWPs are de-
terministic and are trained to approximate the conditional
mean over future states, which is inherently smoother than
any individual realization. Probabilistic MLWPs (Price
et al., 2023; Lang et al., 2024; Alet et al., 2025) address
this limitation by producing ensemble members rather than
a single mean prediction. Each member represents a plau-
sible realization that can exhibit the sharp, fine-scale struc-
tures present in nature with spectral properties substantially
closer to ground truth than their deterministic counterparts.

Second, most MLWPs use compressive encoding in their
model architecture: they compress high-resolution weather
data to a coarser mesh before processing, with a coars-
ening factor that typically far exceeds the increase in the
number of feature channels, creating an information bottle-
neck shown to cause irreversible information loss in both
vision (Wang et al., 2025) and weather models (Nguyen
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Figure 4. Block-sparse attention for weather forecasting. (a) Weather data is interpolated from a latitude-longitude grid (red) to the
HEALPix mesh (purple) via cross-attention. (b–d) The three branches of block-sparse attention, illustrated for a single query block
(red): (b) Compression computes attention between coarse-grained block representations (squares; color indicates attention score). (c)
Selection attends at full resolution to the top-n key blocks. (d) Local attention captures fine-grained interactions within local blocks.

Interpolating Between Grids To transfer data from the
latitude-longitude grid to the HEALPix mesh, we employ
the cross-attention interpolation scheme of (Wessels et al.,
2025). For each target point i on the HEALPix mesh and
neighboring source point j on the latitude-longitude grid,
queries are computed from the relative position pij , while
keys and values are derived from source features:

qij = Wq

pij

→pij→
, kj = Wkxj , vj = Wvxj (6)

The interpolated output at target position i is:

oi =
∑

j→Ni

softmaxj
(
q↑
ij
kj/

↑

d

)
vj (7)

where Ni denotes the set of source grid points neighboring i.

4.2. Block-Sparse Attention

BSA retains the three-branch structure of NSA – compres-
sion, selection, and local – combined via learned gating
(Eq. 2). The key difference is that sparsity operates at the
block level: rather than each query token independently
selecting which key blocks to attend to, tokens within a
query block jointly select key blocks. This reduces com-
pression from token-to-block to block-to-block interactions
and amortizes the selection cost across all tokens in a block.

Compression We partition N tokens into m non-
overlapping blocks {B1, . . . , Bm} and compute coarse-
grained representations of queries, keys, and values via a
function ω (mean pooling in our experiments):

q̄i = ω(Qi), k̄j = ω(Kj), v̄j = ω(Vj). (8)

Attention is computed at the block level between query
block i and key block j:

āij =
exp

(
q̄↑
i
k̄j/

↑
dk

)
∑

m

l=1 exp
(
q̄↑
i
k̄l/

↑
dk

) (9)

The coarse-grained output is then distributed to all tokens
within each query block:

ōCG

i
=

m∑

j=1

āij v̄j , oCG

l
= ōCG

i
↓l ↔ Bi. (10)

Coarse-grained attention captures broad spatial patterns in
a computationally feasible manner. For instance, a block
over the Netherlands might attend strongly to blocks over
the North Atlantic or the Arctic, identifying synoptic-scale
influences before the selection branch zooms in on details.

Selection For each query block i, the top-n key blocks
with highest coarse-grained attention scores are selected,
S̄i = top-n (āi,:). Fine-grained attention is then computed
between all tokens in query block i and all tokens in the
selected key blocks, capturing long-range dependencies:

oFG

l
=

∑

j→S̄i

∑

t→Bj

exp
(
q↑
l
kt/

↑
dk

)

Zl

vt ↓l ↔ Bi (11)

where Zl =
∑

j→S̄i

∑
t→Bj

exp
(
q↑
l
kt/

↑
dk

)
is the nor-

malizing constant. The selection branch resolves fine-scale
structure within the chosen regions, for example, by captur-
ing how a specific frontal zone over the Atlantic influences
local conditions in Western Europe.

Local Attention To capture fine-grained local interac-
tions, we compute attention within large blocks of pixels
independently. Unlike NSA’s sliding window, which would
require handling irregular boundaries on the sphere, block
attention aligns naturally with the HEALPix structure and
can be computed in parallel. The local branch resolves fine-
grained structure within each region, such as temperature
gradients across a coastline or wind patterns within a valley,
freeing other branches to focus on long-range interactions.
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Figure 4. Block-sparse attention for weather forecasting. (a) Weather data is interpolated from a latitude-longitude grid (red) to the
HEALPix mesh (purple) via cross-attention. (b–d) The three branches of block-sparse attention, illustrated for a single query block
(red): (b) Compression computes attention between coarse-grained block representations (squares; color indicates attention score). (c)
Selection attends at full resolution to the top-n key blocks. (d) Local attention captures fine-grained interactions within local blocks.
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