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Abstract

In many applications, we wish to fit a para-
metric statistical model to a small ensemble
of spatially distributed random variables
(‘fields’). However, parameter inference us-
ing maximum likelihood estimation (MLE)
is computationally prohibitive, especially
for large, non-stationary fields. Thus,
many recent works train neural networks
to estimate parameters given spatial fields
as input, sidestepping MLE completely. In
this work we focus on a popular class of
parametric, spatially autoregressive (SAR)
models. We make a simple yet impactful
observation; because the SAR parameters
can be arranged on a regular grid, both
inputs (spatial fields) and outputs (model
parameters) can be viewed as images. Using
this insight, we demonstrate that image-
to-image (I2I) networks enable faster and
more accurate parameter estimation for a
class of non-stationary SAR models with
unprecedented complexity.

1 INTRODUCTION

Modeling large, gridded spatial data has become a cen-
tral challenge in many scientific and industrial applica-
tions. This typically involves fitting parametric spatial
models to enable prediction, data fusion, and, when
data are limited, rapid simulation of additional fields.
The bottleneck in this framework is inferring the pa-
rameters of the statistical model using maximum likeli-
hood estimation (MLE), which becomes computation-
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ally intractable as dataset size increases (Stein, 2008;
Sun et al., |2012)). Moreover, spatial data over large
domains frequently exhibit non-stationarity, meaning
key parameters vary over space, further complicating
parameter estimation. Many recent works have re-
placed MLE with neural networks, mapping spatial
fields directly to local parameter estimates (Liu et al.|
2020; [Banesh et al. |2021; [Zammit-Mangion et al.
2024; |Lenzi et all |2023)). Like MLE, these methods
are limited to dividing large fields into smaller sec-
tions, each assumed to be stationary, and estimating
parameters independently for each section. Although
faster than MLE, the number of forward passes re-
quired scales linearly with the number of sections. Ad-
ditionally, such local neural estimators struggle to cap-
ture long-range, global context.

In this work we introduce LatticeVision, a global
estimation and emulation framework for large,
non-stationary spatial data. We observe that for
a popular group of statistical models known as
spatial autoregressive (SAR) models, the parameters
themselves are naturally arranged on a grid. Thus,
both the spatial fields of interest and their associated
parameters can be viewed as images. Consequently,
we adapt image-to-image (I2I) networks—both fully
convolutional (Ronneberger et al. |2015) and vision
transformer based (Dosovitskiy, 2020; |Chen et al.|
2021)—to the parameter estimation task. Unlike local
neural estimators, I2I networks estimate all model
parameters at once, in a single forward pass. Our
networks are chosen to evaluate whether incorporating
the attention mechanism improves performance over
purely convolutional approaches (Liu et all [2022b)),
which have far fewer parameters. We find that a
hybrid approach offers the best performance.

A key challenge in training these networks is ensuring
they recognize complex non-stationarity patterns en-
countered in large, geoscientific data. Since we require
(field, parameters) pairs for training, the existing cor-
pora of application specific fields (Nguyen et al., 2023;
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Figure 1: An illustration of the LatticeVision workflow applied to ESM outputs. Spatial fields are fed into an
121 network, which in turn produces estimates of the non-stationary parameter fields. These are encoded into a
SAR model from which synthetic replicates are efficiently simulated.

Kaltenborn et al. |2023; [Watson-Parris et al., [2022)
are inapplicable. Thus we generate our own training
data, encoding priors that represent the kind of non-
stationary spatial processes expected for geophysical
variables.

In experiments with simulated data, I2I networks out-
perform local neural estimators in both speed and ac-
curacy. This advantage stems from the fact that 121
networks process the entire field at once, rather than
by section (Sainsbury-Dale et al., |2024b) or by pixel
(Wiens et al., [2020)). We also show that I2I networks
estimate weakly-identifiable parameters from a small
number of replicate spatial fields more reliably than
previous, local approaches.

As an illustrative example, we employ the Lattice-
Vision framework on data from multiple Earth Sys-
tem Models (ESMs). ESM simulations (‘runs’) model
the long-term evolution of Earth’s climate, providing
decision-makers with critical projections. The compu-
tational cost of performing more than a handful of
ESM runs is extremely prohibitive, limiting ensem-
ble sizes to 3-100 members (Kay et al., 2015, Rodgers
et all, 2021)); too few for many applications (Milin-
ki et all, Deser et all, 2020} [Schwarzwald and
Lenssen, 2022; Eyring et al., [2024). Following pa-
rameter estimation, we generate realistic ensembles
containing thousands of fields in a matter of sec-
onds using the LatticeKrig package (Nychka et al.|
2015)); a stark contrast to the tens of millions of core-
hours required by ESMs. We show that ensembles
simulated with parameters estimated by 121 networks
better capture spatial relationships—especially long-
range anisotropic correlations—than those produced
by local methods.

In summary, we make the following contributions:

e We propose a global framework for efficiently es-
timating non-stationary parameters with 121 net-
works, demonstrate that hybrid architectures out-
perform those that are purely convolutional or
transformer-based for this task, and address the
limitations of existing local approaches.

o We provide a strategy for generating training data
that encodes scientifically meaningful priors that
future estimators and emulators can use.

o We pair our novel, global estimators with a com-
putationally efficient and flexible SAR model

chka et all, 2015, |2019), and validate this frame-
work on ESM outputs.

All of the accompanying code is available at

github.com /antonyxsik /LatticeVision.

2 BACKGROUND: GAUSSIAN
PROCESSES AND SAR MODELS

The past thirty years have seen the development of
statistical models for spatial data that are invaluable
for spatial prediction and emulation (Heaton et al.|
[2019; [Katzfuss| [2017; [Fuentes, 2002} [Guhaniyogi and|
Banerjed, 2018). Despite recent advances in generative
deep learning for spatial data (Riihling Cachay et al.,
12023; Price et al.,2023; Li et al., 2023), statistical mod-
els outperform other approaches when data is limited
(Litjens et all [2025). Moreover, statistical models
contain interpretable parameters, which are useful for
downstream applications.
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Figure 2: Illustration of the effects of k2, p, and 6. The ellipses represent contours of constant correlation, e.g.
all locations with correlation 0.5 with the origin. x? controls the radii of the ellipse, p controls the ratio of the
semi-major and semi-minor radii (i.e., the ‘aspect ratio’ of the ellipse), and 6 is the angle the semi-major ellipse

makes with the positive x-axis.

We consider statistical models built around Gaussian
processes (GPs). With locations s € R?, a mean-zero
GP f(s) is fully specified by its covariance function
k(s,s") =E[f(s)f(s')]. The kernel k must be positive
definite and this requirement is typically enforced by
assuming stationarity and isotropy (Cressie, [2015; |Hig-
don et all, 2022)). That is, k is independent of the lo-
cation in the domain (stationarity), and depends only
on the separation distance (isotropy):

k(s,s") = 02Ckm||s — §'||). (1)

Here C(0) = 1, o2 is the variance of the GP, and
Km > 0 governs the spatial correlation range. A
popular choice for C is the Matérn familyE with an
additional smoothness parameter, v > 0. The Matérn
class includes several common kernels as special cases
(e.g., exponential and Gaussian). The primary obsta-
cle to working with GP-based models is the computa-
tional cost (O(n?) operations and O(n?) memory for n
spatial locations) of factorizing the covariance matrix
Y € R™*" where ¥;; = k(s;,s;) (Sun et al [2012).

The SPDE Method GPs from the Matérn fam-
ily have an equivalent representation in terms of
a stochastic partial differential equation (SPDE)
(Matérn, 2013; [Whittle, [1954)):

(8% = D)V f(s) = W(s), (2)

where x? controls the correlation range, and is similar
but not identical to k,, in the Matérn, A is the
Laplacian operator, and W(s) is a white noise Gaus-
sian process with zero mean and variance o2. The
so-called SPDE method (Lindgren et al., 2011} 2022)
connects Matérn GPs to Gaussian Markov Random
Fields (GMRFs) by demonstrating that discretizing
Equation on a regular grid yields a GMRF which

n reviewing commonly used covariance kernels, [Stein
(1999) concludes: ‘Use the Matérn’.

approximates the Matérn GP well. This approach can
be extende(ﬂ to allow non-stationarity and anisotropy
by incorporating a spatially varying dispersion matrix
D(s) € R?*? and letting k2 vary in space:

(k%(s) = V- D(s)V) f(s) = W(s). 3)

Following Haskard et al.|(2007)), we construct D(s) via
its eigendecomposition: D(s) = R(s) " A(s)R(s) where

o | =[5 )

(4)

The generalized Laplacian in can be written as

cos 0(s)

R(s) = sin (s)

0? 0? 0?
VD(S)V = Dly](S)@‘F?DQJ(S)W%"—DQ,Q(S)@.
(5)

Interpreting the Parameter Fields By specify-
ing the “parameter fields” x2(s), 0(s), and p(s) we ob-
tain a rich class of nonstationary GPs. Because we
are defining this model in terms of , the problem
of explicitly specifying an analytical form for the co-
variance that is positive definite is avoided. Moreover,
these parameter fields are interpretable and can yield
physical insights into the spatial dependence of the
field. Specifically, k2 controls the overall range of cor-
relation (larger x2 means more localized dependence),
p controls the degree of anisotropy (p = 1 corresponds
to isotropy), and € controls the direction of anisotropy;
see Figure

Discretizing the SPDE To obtain a computable
model from , one approximates this SPDE using
either a finite element or finite difference method. Fol-
lowing (Wiens et al. (2020)E| we use the finite difference

2For simplicity, we shall henceforth focus on the v = 1
case, the so-called Whittle covariance (Whittle}, [1954)

3We correct a minor error in their derivation. Our
derivation can be found in Appendix



method on a regular grid, yielding the stencil:

Di,2(s) _ —Di,2(s)
5 Ds(s) 3
—D1,1(s) | £%(s) +2D1,1(s) +2Ds5(s) [ —D1a(s)
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(6)
Let y € R™ denote a discretized solution to on this
grid, with y; ; denoting the value at grid location (3, j).
Then y is the solution to By = e where e ~ N(0, I) is
a sample from the standard multivariate normal dis-
tribution and B € R™*" is the spatial autoregressive
(SAR) matrix associated to the stencil ().
show that y approximates a sample from
the Matérn GP associated to . As B is sparse and
structured (i.e., it is a banded matrix) this linear sys-
tem may be solved at a computational cost O(n3/2),
thus sidestepping the bottleneck associated with work-
ing with the GP directly. This formulation results in
a GMRF with a particular SAR structure, where, by
linear statistics, the precision matrix is Q = B' B.

3 NON-STATIONARY DATA
GENERATION

I2I Data In order for the I2I networks to be suc-
cessful, the training data needs to encode priors ap-
propriate for geoscientific applications. Previous work
(Wiens et all, [2020) has shown that coastlines, long-
range East-West correlations due to jet streams, and
oceanic circulation yield parameter fields that are im-
portant yet challenging to detect. So, we construct a
pipeline for generating synthetic fields exhibiting these
key phenomena. First, we construct spatially varying
parameter fields k2(s), p(s), #(s) and then use them to
produce an M-replicate ensemble of synthetic fields
Y = {y"™1M_ where each y(™ € RT*W is gener-
ated using the same parameter fields. These param-
eter fields are concatenated along the channel dimen-
sion to form a three channel, ground truth “image”
® € R¥W ' wwhere ®(s) = [k2(s), p(s),0(s)]T. The
replicates of the synthetic fields are also concatenated
along the channel dimension to form the input image
to our networks Y € RM>*HXW Thys, we have input-
output pairs (Y, ®) in our data.

Each time we construct a single parameter field, we
first sample one of eight spatial patterns p(¥)(s; ﬂ(i)),
1 =1,2,...,8. The patterns are simple spatial func-
tions that dictate how a parameter will vary across
the domain, and are designed to be caricatures of real
geophysical variability. We hypothesize that these pat-
terns will serve as “building blocks”, enabling our net-
works to generalize to the kinds of parameter changes
present in geophysical settings. Each pattern is de-
fined by its hyperparameters Q(i), which are randomly
sampled from a series of prior uniform distributions.

For example, when a “Coastline” pattern is selected,
values that dictate the position and variation of the
“Coastline” are chosen as well. The relative frequency
and qualitative descriptions of these patterns are il-
lustrated in Figure [3| with detailed functional forms
and hyperparameter priors provided in Appendlx
Once a pattern p* and its hyperparameters Q% have
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Figure 3: Spatial patterns and their frequencies.
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been chosen, we sample values from the prior distribu-
tion of the specific parameter (k2, p, or 6) for which we
are constructing a field. Each pattern (except “Con-
stant”) requires sampling two values which dictate the
maximum and minimum value across the resulting pa-
rameter field. We set uniform priors on the anisotropy
parameters p ~ U(1,7) and § ~ U (—%, g), and set a
mixed prior of k2 ~ 0.6logl(107*,2) + 0.4U(1074, 2)
for the correlation range. These choices ensure we
capture a broad range of spatial relationships, rang-
ing from isotropy (p = 1) to very elongated ellipses
(p > 1) in any direction.

We follow this process each time to create a param-
eter field for x2(s), p(s), and 6(s), and then encode
all parameters into the SAR matrix B, as described
in Section Drawing white noise e ~ N(0,I) and
solving By = e yields a random field y with the
desired spatial covariance structure. Repeating this
for M independent draws produces a small ensemble
Y = {y(™}M_ of different synthetic fields with iden-
tical covariance structures.

CNN Data For the local estimation setting, we as-
sume local stationarity: within a small spatial window,
all grid cells are governed by the same parameters.
This makes data generation for the local CNNs com-
paratively straightforward. Rather than constructing
parameter fields, we independently sample a single
value for each of (k2, p, ) from the prior distributions
defined above. These parameters are then encoded
into a SAR matrix B, resulting in stationary synthetic
fields. We generate smaller fields than for the 121 net-
works, with each sample consisting of M replicates Y €
RMxhxw where h <« H and w < W. The associated
ground truth is a parameter vector ¢ = [x2, p, 0]
R3. Thus, our input-output pairs are (), ¢).



4 PARAMETER ESTIMATION
NETWORKS

We adapt three 121 networks for parameter estimation:
a fully convolutional U-Net, a modified ViT, and a hy-
brid network inspired by the TransUNet architecture.
A range of CNNs representative of the local neural
estimator literature serve as our baselines.

UNet We use a standard U-Net (Ronneberger et al.|
2015) with a symmetric encoder-bottleneck-decoder
structure and skip connections that propagate spatial
information across resolutions. Our implementation
replaces ReLU with GELU activations (Hendrycks
and Gimpel, [2016)), employs group normalization (Wu
and Héd, [2018]), and omits dropout (Srivastava et al.,
2014). The number of channels in the bottleneck
matches the transformer embedding dimension used
in the transformer-based 121 networks.

ViT The original ViT (Dosovitskiy, [2020) was
designed for image classification, so we remove
classification-specific components such as the class to-
ken and final MLP head, and use a learnable linear
layer to project the transformer output back to the
original image resolution. The original 1D positional
embeddings are replaced with a range of 2D alterna-
tives; see Section

STUN Our hybrid architecture, a spatial Tran-
sUNet (STUN), is based upon a network originally de-
signed for image segmentation (Chen et all 2021)). It
blends the two I2I networks discussed above, originally
combining a pretrained convolutional encoder with a
vision transformer and a shallow decoder. We retain
the overall structure, but replace the encoder and de-
coder with the symmetric U-Net components used in
our fully convolutional network.

CNN Our local neural estimators follow the stan-
dard design of convolutional layers and a max pool-
ing layer followed by an MLP. We use three networks
with varying receptive window sizes that are represen-
tative of the local estimation literature (Banesh et al.|
2021} Lenzi et all 2023} |Gerber and Nychkal [2021}
Sainsbury-Dale et al., 2024a; Wiens et al., [2020). The
key difference is our networks have more parameters
(1-2.5M), as compared to typical local estimators (50-
700k).

4.1 Implementation and Training Details

All networks are trained with a batch size of
b = 64 and varying numbers of replicate input
fields M € {1,5,15,30}. Unless otherwise noted,

all reported network sizes and metrics correspond
to M = 30 replicates. For the I2I networks, each
training example consists of M input fields of shape
[b, M,H, W] = [64, M,192,288], with corresponding
output parameter fields [64,3,192,288]. For the
local CNN estimators, we vary the receptive field
h =w =1{9,17,25}, with inputs of shape [64, M, h, w)
and scalar outputs [64, 3]. We append the window size
to the name of the CNN, thus A = w = 25 is denoted
CNN25. To encourage permutation invariance, we
randomly shuffle the replicates across the channel
dimension each training step.

Certain data augmentation techniques do not preserve
the statistical structure of the fields. For example, im-
age rotation does not preserve the angle of anisotropy
f. Thus, we limit augmentation to spatial transla-
tion and random field negation. We generate datasets
consisting of 8000 (I2I) and 80000 (CNN) samples
with 30 replicates, and employ a 90/8/2 (train/valida-
tion/test) split, resulting in a test set of 160 samples
for the I2I dataset, which both local and global meth-
ods are evaluated on. More details on implementation,
storage, and software can be found in Appendix [C]

5 SIMULATED DATA
EXPERIMENTS

We generate a test set of 160 samples following the pro-
cedure in Section [3} Each sample is a small ensemble
Y € RMx192x288 of V[ replicates and an associated pa-
rameter image ® € R3*192X288  For the 121 networks
(UNet, ViT, STUN) we simply forward—propagate ¥
to obtain @121. For the local CNN baselines, we em-
ploy a pixel-by-pixel approach: we translate the CNN
window across the field with a stride of 1, assigning the
prediction to the central pixel of the window to build
donn. We use reflection padding—improving upon
prior works which use zero padding—thus reducing
edge-artifacts. Figure [4| contrasts an example ® with
estimates from the best performing global (STUN) and
local (CNN25) networks. MLE is not attempted; lo-
cal likelihood evaluation for one field would require
hundreds of hours, exceeding the total runtime of our
approach by orders of magnitude (Wiens et al.| [2020).

Positional Embeddings The spatial nature of our
problem leads us to study the effects of positional em-
beddings. We evaluate four embeddings for the trans-
former: none, 2-D sinusoidal (Parmar et al., [2018)),
learned 2-D (Dosovitskiy, [2020), and rotary (RoPE)
(Su et al., 2024). RoPE yields the best performance
across the majority of metrics for both ViT and STUN,
and is adopted henceforth (see Appendix Table .



Table 1: Root mean square error (RMSE) for parameter estimation on a simulated test set using 1 and 30
replicates (reps). “Size” is the net parameter count (in millions). “Train” is the wall-clock time for training until
early stopping, and “Eval” is the average time (out of 5) to process the 160 sample test dataset. Arrows indicate
desirable direction, and bold values indicate best performance.

Net 30 Rep RMSE | 1 Rep RMSE | Size  Train Eval
e, 0 2, g 00l (i) (seo)l
CNN9 0.963 0937 0.316 1.01 1.39 0.535 1.3 8 71.3
CNN17 0765 0.994 0.293 0.766 1.27  0.443 1.9 19 163.0
CNN25 0.743 1.03 0.272  0.806 1.28 0.418 2.6 35 341.6
ViT 0.374 0.625 0.204 0471 0.771  0.237 92 161 0.30
UNet 0.201  0.308 0.087 0.195 0.354 0.111 25 144 0.33
STUN 0.189 0.302 0.091 0.189 0.351 0.097 105 178 0.38
I—'m : = STUN edges out UNet but at 4x the parameter count.
1001 0.0 I

|-25 (121 Network]

Figure 4: True parameters ¢ (left) are encoded into
the LatticeKrig SAR model to simulate a testing sam-
ple Y, of which one replicate y(©) is displayed (top).
Y is used as an input to STUN and a sliding window,
local estimation strategy using CNN25, resulting in
&)STUN (mlddle), and ci)CNN25 (I‘lght)

Number of Replicates We observe the effect on
parameter estimation performance with varying num-
bers of replicates M = {1, 5,15, 30}. Tablecompares
results for the extremes of this range. We find that 121
networks are more resilient to a low number of repli-
cates, with STUN and UNet showing almost no differ-
ence in prediction RMSE. Full results are in Appendix

Tables [3] @

Our experiments highlight three consistent trends. (i)
Global I2I networks pose a significant improvement
over local CNNs: STUN and UNet often display 4-5x
lower RMSE and are almost unaffected by shrinking
the ensemble size, whereas CNNs are noticeably
sensitive. (ii) Adding attention helps only marginally
in this setting, and attention on its own lags behind
approaches that include multiscale convolutions.

ViT lags behind the other I2I networks, perhaps as
it requires more training data (Dosovitskiy, [2020).
(iii) Global I2I networks take longer to train due
to a higher parameter count, yet are amortized at
inference time. In order to achieve the results of a
single forward pass through an I2I network, the local
estimators must perform H x W = 55,296 forward
passes. Consequently, 121 networks perform inference
100-1000 times faster than local neural estimators.

6 CLIMATE APPLICATION

We evaluate our framework by estimating parameters
from climate model outputs, using these parameters
to generate large, synthetic ensembles, and then com-
paring the quality of the I2I-based and local CNN-
based emulators. We consider ensembles of surface
temperature sensitivity fields from three climate mod-
els with differing numbers of replicates and resolu-
tions: MPI-ESM (50 members, 192 x 96 resolution,
(Olonscheck et al](2023)), CESM1 (30, 288 x 192, [Kay
gt al] (2015)), and EC-Earth3 (72, 512 x 256, Eyring
et all (2016)). While diffusion networks have recently
shown promise in adjacent emulation applications
(Rithling Cachay et al., [2024; Bassetti et al. 2023)),
only having 30-72 fields per model renders the train-
ing of generative models impractical in this setting.

The fields represent the local changes in temperature
given an increase of 1°C in global temperature. Due
to the chaotic nature of the ocean-atmosphere system,
we can treat each field within an ensemble as an in-
dependent replicate sampled from the model’s “true”
climate sensitivity. The data is preprocessed into stan-
dardized temperature sensitivity anomalies where each
pixel has zero mean and unit variance. We then per-
form parameter estimation with all global 121 and local
CNN estimators on 30 randomly selected fields from
each ensemble. Regardless of the estimation method
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Figure 5:

Top: Standardized temperature fields drawn from the CESM1 ensemble (left), the STUN-based

emulator (middle), and the CNN25-based emulator (right). Bottom: Correlations with a chosen location in
the Nifio 3.4 region at (212°E, 1°N) for the same three ensembles. The STUN-based emulator better preserves
spatial relationships, including the zonal correlation structure along the equator and the meridional oceanic

correlation range.

used, the LatticeKrig SAR model simulates 1000 fields
in less than one minute on a single laptop CPU, a stark
contrast to the tens of millions of core hours required
to generate the original ensembles.

For each climate model, we perform the following ex-
periment: We use the 12I-based and CNN-based emu-
lators to generate 1000 fields each, and evaluate how
well these synthetic ensembles preserve the spatial
relationships present in the climate model outputs.
Absolute prediction error is not meaningful here as
the “truth” is itself a Monte-Carlo sample of inter-
nal climate variability. Thus, we compare the second-
order structure through a covariance analysis. Rather
than computing the entire correlation matrices of the
true and simulated fields, which can get as large as
131,072 x 131,072 (EC-Earth3), we compare a repre-
sentative sample of 50 rows.

First, we randomly select 50 anchor locations. We then
calculate each anchor’s Pearson correlation with every
other location for the original fields, and those from
the 12I-based and CNN-based emulators. The average
RMSE between the 50 true rows and their simulated
counterparts is then calculated. We find that I2I-
based emulators consistently outperform CNN-
based emulators in capturing spatial relation-
ships, exhibiting significantly lower RMSEs in eight
of nine cases (paired t-tests; Appendix Table .

As a representative qualitative comparison, we visu-
alize empirical correlations in CESM1 with a chosen
point in the Nifio 3.4 region—a region of the tropi-
cal Pacific most correlated with the El Nino—Southern

Oscillation phenomenon (Barnston et al., [1997)—for
the STUN-based and CNN25-based emulators (Figure
5). The STUN-based emulator better preserves the ex-
pected zonal east-west correlation structure along the
equator with a more realistic correlation range. The
CNN-based emulator systematically over-smooths and
inflates the oceanic correlation range, particularly in
the meridional north-south direction. The original en-
semble correlation field is noisier as the CESM1 en-
semble contains only 30 members; whereas our syn-
thetic ensembles contain 1,000. These patterns remain
consistent across climate models and network pairs.
In sum, the I2I-based methods outperform the local
CNN-based methods both quantitatively and qualita-
tively in representing the underlying correlation struc-
ture of climate sensitivity fields.

7 RELATED WORKS

Neural Parameter Estimation In situations
where the likelihood function is intractable, but sim-
ulation from the model is feasible, neural networks
have emerged as a powerful alternative to MLE
et all, 2020; |Zammit-Mangion et al, [2024). Neural
parameter estimation combines ideas from simulation-
based inference (Cranmer et al. [2020; [Sisson et al.
2018)) and learning to optimize (L20) (Chen et al.
2022; |Yin et all, [2022)) by training networks to iden-
tify maxima of the Bayes risk (Sainsbury-Dale et al.|
. The training cost is then amortized by re-
peated use. Until now, these approaches have been
limited to local estimation (Banesh et al., 2021} Lenzi
et all, 2023; [Sainsbury-Dale et all [2024a} [Rai et al.|




2024; (Walchessen et all [2024; [Gerber and Nychkal
2021} [Rai et al., 2025)), typically using multi-layer per-
ceptrons (MLPs) and CNNs. This line of research is
the main inspiration for this work, which advances the
field with simultaneous, non-stationary parameter in-
ference and the use of 12I networks.

Climate Model Applications While climate
model emulation is not the sole application of our
method, it provides an illustrative example. Physics-
based climate models require 107-10% core hours, ne-
cessitating data-driven emulation (Eyring et al.| [2024).

via aggregation (Zaheer et al) [2017)) might resolve
this, and warrants further exploration. Transformer-
based networks would likely benefit from larger
datasets or advanced training techniques such as
student-teacher distillation (Touvron et al.,|2021)) and
a larger dataset. Future work could extend the data
generation pipeline to accommodate variable training
dataset dimensions and explore scalable attention
mechanisms for larger spatial domains
. Our network choices establish a baseline, but
there exist many additional architectures for future
work to explore (Liu et all [2022a} Rao et all [2022

Despite recent advances in deterministic (Pathak

gt all, 2022} [Lam et all 2023} [Nguyen et al| [2024}

Bi et all 2023} [Nathaniel et all 2024} [Keisler] 2022}
Chen et al. [2023) and ensemble-based probabilistic

(Kochkov et al.l; 2024} [Price et al.| 2023} [Li et al., 2023}
Shi et al., |2024) weather forecasting, comparatively
fewer methods focus explicitly on long-term climate
projections (Lai et al. 2024; [Kashinath et al., [2021]).
Our approach draws ideas from statistical methods,
which explicitly link parameter estimation with emula-
tion (Castruccio et all 2014} [Song et al.| 2024} [Nychka,
et all,[2018; [Wiens et al., [2020; [Chakraborty and Katz-
fuss, , and machine learning (ML) methods, both

[Kim et al., 2022} [Wang et al., 2021; Bao et al., 2023]).

Statistical Model We adopt a Gaussian process
framework via SAR approximation, which enforces
monotonic decay of the covariance and cannot cap-
ture teleconnections or nonlinear dynamics such as
eddies. Our current formulation omits explicit mod-
eling of an additional white noise process, and could
benefit from increased smoothing in areas with long-
range correlation structures. Extensions to this work
could explore multi-resolution structures (Katzfuss,
2017; |Sainsbury-Dale et al., 2021; |[Nychka et al., 2015),

deterministic (Nguyen et al., 2023; Watt-Meyer et al.,
[2023; |(Chapman et al.| 2025) and probabilistic (Riih-
ling Cachay et all, @L which emulate directly
from initial forcings or prior timesteps. Specifically, we
combine the straightforward uncertainty quantifica-
tion and interpretable parameters from the statistical
model with a deterministic ML approach for efficient
parameter estimation. Purely ML-based climate emu-
lators typically require an extensive corpus of training
data (Watson-Parris et al., 2022; [Yu et al.| [2023) and
can exhibit limited generalization capabilities beyond
their training distributions (Kaltenborn et al. 2023).
We sidestep this by generating synthetic training data
that mimics non-stationarity in geophysical settings.
Our framework does not serve as a replacement
for ESMs, but rather a complementary method for
augmenting ensemble sizes, and reducing the number
of “ground truth” ESM runs that must be computed.

8 LIMITATIONS AND
EXTENSIONS

The limitations of this work fall into two categories:
those of the 121 networks, and those of the statistical
model.

Estimation Networks Our I2I networks assume
complete, regularly gridded data. Replicate count is
also fixed at training time, with only a soft constraint
to enforce permutation invariance. A hard constraint

estimate a spatially varying noise term, and approxi-
mate nonlocal dependence patterns that arise in phys-
ical systems.

While our framework enables efficient parameter es-
timation and simulation of plausible ensembles, it ul-
timately inherits the assumptions and constraints of
the underlying statistical model. Applications across
a broad range of fields such as epidemiology, hydrol-
ogy, or materials science are feasible, although they
may require tailoring the data generation strategy and
retraining.

9 CONCLUSION

We introduce LatticeVision, a global, image-to-image
(I2) framework for the estimation and emulation of
non-stationary spatial processes. By representing both
the spatial fields and parameters as images, we use 121
networks to estimate all parameters simultaneously, in
a single forward pass. We also develop a novel pipeline
for generating non-stationary training data. We show
that 121 networks demonstrate improvements in accu-
racy, robustness with few replicates, estimation speed,
and ability to capture long-range, anisotropic corre-
lations, as compared to local approaches. We pair
121 parameter estimators with the LatticeKrig SAR
model, enabling fast simulation of large ensembles for
non-stationary spatial data.
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rial or as a URL, if applicable. [Yes] We will
release open source, well documented code
via Github with all necessary details to repro-
duce this work. Currently, it is anonymized
and included in the supplementary material.
consent from data
[Not applicable] We

Information about
providers/curators.
generate our own data.
Discussion of sensible content if applicable,
e.g., personally identifiable information or of-
fensive content. [Not Applicable]

5. If you used crowdsourcing or conducted research
with human subjects, check if you include:

()
(b)

The full text of instructions given to partici-
pants and screenshots. [Not Applicable]
Descriptions of potential participant risks,
with links to Institutional Review Board
(IRB) approvals if applicable. [Not Appli-
cable]

The estimated hourly wage paid to partici-
pants and the total amount spent on partic-
ipant compensation. [Not Applicable]
Explanation for all: We do not use crowd-
sourcing or conduct research with human
subjects.



Appendix

A ANISOTROPIC SAR DERIVATION

A.1 The Matérn Covariance

Under the Matérn family, Equation takes the form:

21—1/
k(s,s') = o

I'(v)

where T'(+) is the gamma function, and /I, (+) is the modified Bessel function of the second kind.

(Fm s = '[1)" Ky (mlls = s']]), (7)

A.2 TIsotropic SAR

In two dimensions (s € R?), with v = 1, Equation can be written as

(5% = A)f(s) = W(s), (8)

where A = 92/02% + 0% /0y? is the Laplacian operator. Let the domain be covered by a square lattice with unit
spacing. We denote f; ; = f(s; ;) at grid point s, ; = (4,7), ¢,5 € {1,...,N}.

Using second order central-difference approximations for the Laplacian yields
—Afi; ~ [Afij— fivr; — fim1j — fijer — fij—1]- 9)
Substituting (9)) into (8) results in

(K*+4) fij — (fi+1,j + fic1,j + fij+1 + fi,jfl) = €, (10)

where e; ; denotes the discrete version of the noise W at location (4, j). Equation can be visualized in lattice
notation using the following stencil:

0] -1 |0
—1[r24+4] -1 (11)
0] -1 |o

illustrating the isotropic relationship between f; ; and its neighboring locations.

A.3 Anisotropic Extension

To incorporate geometric anisotropy we replace the Laplacian in by the generalised Laplacian V- DV, where
the positive-definite dispersion matrix D € R?*2 is

D = RTAR, R— {cos@ —51116‘}’ A=

p 0
0 ] . (12)

Here, R is a rotation matrix parametrized by 6 and A is a scaling matrix parametrized by p. For a constant D
the anisotropic SPDE becomes

sinf cos6

o =



(k> = V- DV) f(s) = W(s). (13)

Using unit grid spacing and second-order central differences for the second—derivative terms,

V-DVfi; = Dii(fiv1,; —2fi; + fi—1,5) + Dao(fijr1 — 2fi; + fij—1)

Do

+ T[fi+1,j+1 — fit1,j—1 — fic1,j+1 + fz'71,j71] (14)

Substituting the above expression into results in

(KQ +2Dy1 + 2D2,2>fi,j — Di1(fis1, + fie1,5) — D2a2(fij+1 + fij—1)

Do
- 3 [firrg+1 = firrjo1 = ficrger + fimr 1] = ey (15)
Equation corresponds to the 3 x 3 stencil
D D
— D11 | K2 +2D11+2Ds2s | — D1 (16)
D5 D
_ > — D —.
2 2 2

One incorporates non-stationarity by allowing D and x? to vary in space, as shown in Equation .

B NON-STATIONARY DATA GENERATION DETAILS

The synthetic data generation pipeline for the 121 networks constructs parameter fields for x2(s), p(s), and 6(s).
The parameters have the following prior distributions:

k2~ 0.6logl(1074,2) + 0.4U(107%,2), p~U,7), O~U(—=,=) (17)

Each parameter field is independently created by selecting one of several spatial patterns, sampling associated
hyperparameters from prior distributions, sampling parameter values for the maxima and minima of the field,
and optionally stacking two patterns to increase complexity.

B.1 Spatial Patterns

We design eight simple yet expressive spatial patterns p(s), intended as caricatures of realistic geophysical
variability. Here we express p as a generic value for k2, p, or 6, our pattern’s associated hyperparameters as €2,
and the x and y coordinates on the grid as s,,s,, respectively.

Constant: Uniform value across the domain.
o Functional Form: p(S) = Peonstant, Where Peonstant 1S a constant sampled from the prior.
Coastline: A sharp sigmoidal boundary, perturbed by sinusoidal "bumps”.

e Functional Form:
DPhigh — Plow

1+ exp (=7(sy — v(sa)))
where v(s;) = as; + Bsin(2rws,) + €, and Piow, Phigh are the lower and higher of the two independently
sampled parameter values, dictating the maxima and minima of the pattern.

p(S) = DPlow + (18)



o Hyperparameters: Q = (a,8,w,7), sampled from « ~ U(-2,2),8 ~ U(0.1,0.5),w ~ U(0.4,3),and vy ~
U(3,50).

Taper: Smooth transition between two values, based on a Gaussian CDF.

e Functional Form:
p(S) = pIOW\II(S:v + Sy 07 U) + phigh(]- - \Il(sz + Sy; 07 U)) (19)

where U(-) denotes the standard normal cumulative distribution function (CDF).

o Hyperparameters: ) = o, with o ~ 4(0.05,1) controlling the sharpness of the transition.
Bump: A single, smooth, Gaussian peak.

¢ Functional Form:

s +s2
p(S) = Pconstant +aq exp (- )\1 Yy (20)

o Hyperparameters: © = (a1, A1), with ay controlling the peak height and A\; controlling spread. In all cases
A1 ~ U(0.2,0.5), while a; varies. When making a x?(s) field, a; ~ U(0.1,0.5). For p(s), a1 ~ U(0.1,1.5),
and for 0(s), ay ~U(0.1, 7).

Sinwave: Periodic variation along one spatial axis.
e Functional Form:

(21)

(s) Peonstant + asin(wws,), (horizontal)
S) =
P Peonstant + @ cos(mws,), (vertical)

o Hyperparameters: @ = (a,w, orientation), where w ~ U(1.5,5), orientation is sampled uniformly between
horizontal and vertical, and a is constrained to stay within the bounds of the parameter one is constructing
a field for.

Double Bump: Superposition of two independent Gaussian peaks located at different positions.

¢ Functional Form:

(52— 21)° + (sy — y1)2>

p(s) = Pconstant + A1 €XP (— 3
1

RY N2
g esp (_(sz 2)° + (sy — ) ) (22)
A2
o Hyperparameters: Q = (a1, a2, A1, A2, 21,¥1,Z2,y2), with amplitudes, widths, and locations sampled as

previously described in the above “Bump” configuration, and with centers (z1, y1), (2, y2) being randomly
sampled locations within the spatial domain.

Double Coastline: Weighted superposition of two independent coastline patterns.

o Functional Form:
P(S) = prow + w1 Coastline; (s) + woCoastlines (s) (23)

o Hyperparameters: w; ~ U4(0.1,0.9),wy ~ U(0.1,1 — w;), and each coastline has its own, independent
(o, B,w, ) parameters as described in the above “Coastline” configuration.

GP-Based: A smooth, stationary random field generated by a low-rank Gaussian process, either min-max
rescaled or perturbed around a constant.



e Functional Form: A realization from a Gaussian process, constructed via low-rank basis function approxi-
mation:

Pmins Pmax rescaled field, (min-max scaling
ols) = { ' ( ) (24)

Peonstant X (1 £ g(s)), (perturbation scaling)

where ¢(s) is a normalized low-rank GP realization, peonstant 1S @ parameter value sampled from the prior
distribution, and pmin, Pmax represent the minimum and maximum of a parameter’s prior distribution.

o Hyperparameters: € = (npasis, scaling choice), where npagsis ~ U{6,7,...,32} controls the number of basis
functions used to generate the realization of the GP. The scaling choice is selected randomly: either

— Min-max scaling: p(s) is rescaled to span the full prior range, or

— Perturbation scaling: p(s) is a small multiplicative perturbation around peonstant, With perturbation
magnitude drawn from a prior distribution.

B.2 Pattern Stacking

To further increase the complexity of our fields, for each parameter field we randomly decide whether to linearly
combine two independently generated patterns. Given fields p;(s) and po(s), the final field is

p(s) = wpi(s) + (1 —w)pa(s), w ~U(0.1,0.9) (25)

Stacking introduces complex non-stationarity patterns beyond those generated by a single functional form, in-
creasing the range of spatial patterns seen during training.

B.3 Resulting Synthetic Data

We repeat the process of selecting a pattern, sampling the pattern hyperparameters €2, sampling the parameter
values, and generating the resulting parameter field for k2(s), p(s), and 6(s). We then encode all parameter fields
into the SAR matrix B, draw white noise e ~ A(0,) and solve By = e. We repeat this for M independent
draws of the white noise, resulting in a small ensemble Y = {y(™}M_ = with each field having the same
covariance structure. We process these synthetic fields identically to the way we process the input ESM fields:
we perform pixelwise standardization to ensure each pixel has a mean of 0 and a standard deviation of 1. The
non-stationarity in our problem does not allow for more sophisticated normalization techniques (Sikorski et al.|
2024]), which either become computationally intractable, require a stationary structure, or are not applicable in
this setting. An example spatial field and its associated parameter fields can be seen in Figure @

C FURTHER IMPLEMENTATION DETAILS

C.1 Data and Storage

All data generation is done in the R programming language on a laptop with an Intel(R) Core(TM) i9-14900HX
processor at 2.20 GHz, and 32GB of RAM. Fields are generated using the LatticeKrig package, and data is
compressed and stored using the hdf5 file format so it may be easily accessed in both Python and R. Storage
proves to be more of a bottleneck as compared to data generation time: the 12I dataset (8,000 samples with 30
replicates) required 8 hours and occupies 108 GB, whereas the CNN dataset (80,000 samples with 30 replicates)
is only 11 GB, and is generated in half an hour.

C.2 Training

All networks are implemented in PyTorch (Paszke, 2019)) and trained on a single NVIDIA RTX A6000 GPU. The
networks are trained using the AdamW optimizer (Loshchilov and Hutter}, 2017) for 200 epochs with a step-wise
learning rate decay and early stopping after 10 epochs without validation improvement. We use mean squared
error (MSE) loss, computed on normalized parameter values within the training loop. This avoids loss imbalance
caused by parameter scale differences while requiring less pre or post-processing from the user.
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Figure 6: The first replicate in a training sample (top-left), and the accompanying parameter fields that were
used to generate it (remaining). In this instance, a Double Coastline pattern was used for x2(s), 0(s) is the
result of stacked Coastline and Double Bump patterns, and p(s) is created with a GP-Based pattern.
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D FURTHER EXPERIMENTS WITH SIMULATED DATA

In this section, Table [2| contains the results of experimenting with different positional embeddings for STUN and
ViT. TablesandElcontain the results of experimenting across a different number of replicates M = {1, 5,15,30}
for all networks. In all tables, root mean squared error (RMSE), mean absolute error (MAE), and normalized
RMSE (NRMSE) are calculated, along with the structural similarity index measure (SSIM) and peak signal to
noise ratio (PSNR) in decibels (db) image comparison metrics.



Table 2: Results on simulated test data across different types of positional embeddings for both STUN and ViT.
Best results for each architecture are in bold.

Net Embedding Param Metrics
RMSE | MAE | SSIM (ttol) PSNR1 NRMSE |
K2 0.398 0.279 0.252 10.9 0.040
None P 0.711 0.525 0.277 6.41 0.118
0 0.249 0.124 0.251 13.6 0.083
K2 0.393 0.274 0.275 10.8 0.040
Sinusoidal ~ p 0.913 0.723 0.294 3.61 0.152
ViT 0 0.280 0.143 0.253 124 0.094
K2 0.371  0.243 0.291 12.1 0.037
Learned p 0.920 0.715 0.288 3.30 0.153
0 0.351 0.193 0.235 9.83 0.117
K2 0.374 0.250 0.310 11.9 0.038
Rotary p 0.625 0.465 0.337 7.01 0.104
0 0.204 0.103 0.328 15.1 0.068
K2 0.198 0.118 0.489 18.4 0.020
None P 0.311 0.213 0.548 14.2 0.052
0 0.096 0.046 0.604 21.7 0.032
K2 0.190 0.113 0.483 18.7 0.019
Sinusoidal ~ p 0.302 0.202 0.542 14.7 0.050
STUN 0 0.126 0.050 0.592 21.5 0.042
K2 0.204 0.122 0.462 18.0 0.021
Learned p 0.309 0.217 0.522 13.9 0.052
0 0.090 0.045 0.595 21.8 0.030
K2 0.189  0.117 0.469 18.4 0.019
Rotary P 0.302 0.212 0.531 14.3 0.050
0 0.091 0.044 0.594 21.9 0.030




Table 3: Results on simulated test data across varying replicates for image-to-image networks.

Metrics
Net Reps Param
RMSE | MAE ] SSIM (ftol) PSNR 1 NRMSE |
K2 0.195 0.125 0.447 17.6 0.020
1 p 0.354 0.250 0.534 13.1 0.059
0 0.111 0.052 0.571 20.8 0.037
K2 0.199 0.125 0.438 17.7 0.020
5 p 0.319 0.223 0.527 13.8 0.053
UNet 0 0.115 0.053 0.546 20.5 0.038
K2 0.180 0.110 0.503 18.9 0.018
15 p 0.294 0.207 0.592 14.6 0.049
0 0.102 0.044 0.628 22.3 0.034
K2 0.201 0.124 0.447 17.9 0.020
30 P 0.308 0.214 0.517 14.1 0.051
0 0.087 0.046 0.582 21.3 0.029
K2 0.471 0.303 0.296 10.5 0.048
1 p 0.771 0.588 0.328 5.36 0.129
0 0.237 0.113 0.323 14.3 0.079
K2 0.377 0.243 0.326 12.3 0.038
5 p 0.633 0.470 0.358 7.06 0.106
ViT 0 0.211 0.098 0.359 15.6 0.071
K2 0.354 0.229 0.324 12.6 0.036
15 p 0.594 0.425 0.350 7.73 0.099
0 0.206 0.099 0.340 154 0.069
K2 0.374 0.250 0.310 11.9 0.038
30 p 0.625 0.465 0.337 7.01 0.104
0 0.204 0.103 0.328 15.1 0.068
K2 0.189 0.124 0.470 17.7 0.019
1 P 0.351 0.243 0.535 13.3 0.058
0 0.097 0.047 0.593 21.3 0.033
K2 0.180 0.109 0.502 18.8 0.018
5 p 0.290 0.198 0.554 14.8 0.048
STUN 0 0.100 0.044 0.632 22.2 0.033
K2 0.188 0.114 0.483 18.6 0.019
15 p 0.303 0.209 0.551 14.4 0.051
0 0.102 0.047 0.589 21.6 0.034
K2 0.189 0.117 0.469 18.4 0.019
30 p 0.302 0.212 0.531 14.3 0.050
0 0.091 0.044 0.594 21.9 0.030




Table 4: Results on simulated test data across varying replicates for local CNNs.

Metrics
Net Reps Param
RMSE | MAE | SSIM (tto1) PSNR{ NRMSE |
K2 1.01 0.637 0.069 4.64 0.101
1 p 1.39 1.09 0.02 -0.980 0.231
9 0.535 0.295 0.072 5.27 0.179
K2 0.983 0.547 0.129 6.97 0.099
5 p 1.03 0.760 0.052 2.02 0.172
CNN9 9 0.346 0.149 0.217 10.5 0.116
K2 0.949 0.512 0.160 7.81 0.096
15 p 0.962 0.689 0.070 2.90 0.160
0 0.330 0.135 0.300 11.3 0.110
K2 0.963 0.508 0.172 8.09 0.097
30 p 0.937 0.660 0.085 3.28 0.156
0 0.316 0.121 0.347 11.7 0.106
K2 0.766 0.480 0.086 6.45 0.077
1 p 1.27 0.960 0.026 -0.062 0.212
9 0.443 0.200 0.147 7.60 0.148
K2 0.828 0.443 0.169 8.52 0.084
5 p 1.03 0.714 0.081 2.75 0.171
CNN17 0 0.317 0.126 0.289 11.1 0.106
K2 0.730 0.377 0.222 9.94 0.074
15 p 0.939 0.614 0.123 4.00 0.157
9 0.266 0.097 0.411 12.0 0.089
K2 0.764 0.397 0.212 9.63 0.077
30 p 0.994 0.669 0.103 3.37 0.166
9 0.293 0.116 0.349 11.5 0.098
K2 0.806 0.488 0.111 6.81 0.081
1 p 1.28 0.949 0.036 0.164 0.214
0 0.418 0.179 0.215 8.21 0.140
K2 0.767 0.409 0.166 9.0 0.077
5 p 1.09 0.736 0.088 2.77 0.181
CNN25 0 0.340 0.124 0.316 10.2 0.114
K2 0732 0.372 0.249 10.2 0.074
15 p 1.03 0.669 0.150 3.71 0.172
9 0.279 0.107 0.445 11.5 0.093
K2 0.743 0.378 0.256 10.1 0.075
30 p 1.03 0.676 0.144 3.55 0.172
9 0.272 0.106 0.434 11.8 0.091




E FURTHER CLIMATE APPLICATION RESULTS

We use data from three climate models: the Max Planck Institute Earth System Model at Low Resolution (MPI-
ESM 1.2LR), the Community Earth System Model (CESM1), and the European Community Earth System
Model (EC-Earth3). We pass the standardized ensembles of temperature sensitivity anomalies into each of
our estimation networks: STUN, UNet, ViT, CNN25, CNN17, and CNN9. Using the predicted parameters,
we generate 1,000 synthetic fields from each model. Generation is performed using the LatticeKrig R package
(Nychka et al.l [2019), which accommodates cylindrical geometry and ensures the correct treatment of spatial
distances under the Mercator projection.

To evaluate how well each synthetic ensemble preserves the spatial correlation structure, we randomly select 50
anchor locations and compute the corresponding 50 rows from each simulated ensemble’s empirical correlation
matrix. These are then compared to the 50 rows from the original ensemble’s correlation matrix using root mean
squared error (RMSE). We systematically pair each I2I network with a local neural estimator of comparable
rank (e.g., STUN vs. CNN25, UNet vs. CNN17), and compare their RMSEs across the same anchor locations.
As the anchor locations are fixed for all pairings, we conduct paired t-tests between matched RMSEs to compare
performance.

Our null hypothesis for each paired comparison is that the mean RMSE difference equals zero, Hy: ug = 0,
where d = RMSEp; — RMSEcnN. The one-sided alternative, Hy : ug < 0, states that the 121 emulator attains
a lower RMSE than its CNN counterpart. All tests are conducted with a significance level a = 0.01. Results
are summarized in Table For eight of the nine comparisons, the null hypothesis is rejected and the 99%
confidence interval is entirely negative, demonstrating that 121 networks tend to produce significantly more
accurate correlation structure estimates than their corresponding local CNNs.

Table 5: Paired t-test results comparing I12I-based emulators to corresponding CNN-based emulators on average
RMSE across the same 50 anchor locations. CI denotes the 99% confidence interval of the paired differences.

Paired t-test metrics

Climate model Network Pair
Hi121 ~l/ Hlocal ~l/ Hd 99% CI Dvalue
STUN vs. CNN25 0.202  0.210  —0.008 (—o0, —0.004] 2.2 x 10~
MPI-ESM (192 x 96)  UNet vs. CNN17  0.203  0.214 —0.011 (—o0, —0.005] 1.0 x 10~°
ViT vs. CNN9 0.208  0.247  —0.039 (—o0, —0.028] 7.1 x 10712
STUN vs. CNN25 0.229  0.243  —0.013 (—o0, —0.007] 1.1 x 10~©
CESM1 (288 x 192) UNet vs. CNN17 ~ 0.230  0.239  —0.008 (—o0, —0.004] 3.4 x 107°
ViT vs. CNN9 0.228  0.244 —0.016 (—o0, —0.008] 5.9 x 1076
STUN vs. CNN25 0.271  0.285  —0.014 (—o0, —0.005] 1.6 x 10~*
EC-Earth3 (512 x 256) UNet vs. CNN17 0275  0.288  —0.012 (—o00, —0.004] 2.7 x 1074

ViT vs. CNN9 0.283  0.304 —0.021 (—o0, 0.0003] 1.1 x 1072
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