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Abstract

Machine learning offers a promising avenue to accelerate
physical simulations by replacing computationally expensive
traditional Partial Differential Equation (PDE) solvers with
fast, differentiable surrogate models. However, standard auto-
regressive ML emulators often suffer from error accumulation
over long horizons and struggle to capture the stochasticity of
complex physical systems. In this paper, we propose Kastor, a
comprehensive methodology to adapt a deterministic physics
foundation model into a highly efficient and accurate gen-
erative surrogate. First, we introduce a two-stage inference
scheme that combines a large-stride causal auto-regressive
model with a non-causal temporal super-resolution network,
significantly reducing error accumulation while minimizing
computational cost. Second, we present Mean prediction reg-
ularization (MPR), a novel training objective that constrains
the generative model to predict the deterministic distribu-
tion mean under null noise conditioning. This regularization
dramatically improves the performance and stability of both
Functional Generative Networks (FGN) and diffusion-based
emulators. Finally, we demonstrate that incorporating spatial
gradient matching improves the accuracy and physical fidelity
of the simulations as measured by power spectrum density.
Extensive evaluations on diverse simulation datasets of the
benchmark The Well show that with these components, our
model outperforms competing methods in forecasting accu-
racy, spectral consistency, and computational efficiency. Our
model achieves a 42.9% average reduction in forecasting er-
ror compared to our reference based on the Walrus finetuning
methodology, and outperforms Walrus for 8 out of 10 datasets
on variance-normalized RMSE (VRMSE).

1 Introduction

Physical simulation is a cornerstone of modern science, criti-
cal for both understanding complex phenomena (Dunne et al.
2025) and engineering efficient designs (Jenko 2025). Stan-
dard Finite Element or Finite Difference methods require fine
spatial and temporal meshes to capture complex physics, de-
manding massive computational costs (Morton and Mayers
2005). Leveraging Machine Learning for Partial Differential
Equation (PDE) simulations offers to bypass the computa-
tional bottlenecks of traditional numerical solvers by learn-
ing the underlying continuous mappings of physical systems
(Ashton, Brandstetter, and Mishra 2025; Lam et al. 2023).
ML-based models act as fast surrogate solvers, and can also
be used for rapid iterative design loops in engineering and
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Figure 1: Average relative reduction of forecasting error
(fCRPS skill score) between our models and the baseline fine-
tuning methodology from Walrus (higher is better). Models
trained with our methodology reduce forecasting error by
42.9% on average across datasets and physical variables.

multi-physics optimization (Liu and Lu 2022; Li, Dao, and
Le 2024). In this paper, we focus on Neural PDE emulators,
that learn the temporal mapping between the state x; (and
optionally additional previous states z;s witht’ < t) to the fu-
ture state x4 A¢ corresponding to the integration of the PDE
over the time period [t, ¢t + At]. For training and evaluating
models, we use numerical simulations data from The Well
(Ohana et al. 2024), which contains 19 benchmark datasets
covering diverse domains such as biological systems, fluid
dynamics and acoustic scattering. Once trained, ML mod-
els can be used auto-regressively to generate trajectories by
feeding back forecast states as input states.

To be useful, a surrogate model should satisfy the follow-
ing constraints:

* Reproduce the dynamics of the trajectories seen during
training, as faithfully as possible;
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* Generalize across unseen initial conditions, boundary
conditions, and PDE hyper-parameters values;

* Generate stable rollouts, that remain physically plausible
over extended time horizons;

* Produce correct statistical distributions of simulated phys-
ical variables, in particular the power spectrum density;

* Provide a ser of possible trajectories given an initial con-
dition, capturing the stochasticity of the system or the
uncertainty of the learned model;

* Significantly reduce computational cost in comparison to
the reference numerical solver which it emulates.

These requirements are fundamentally challenging, and
previous works have sought improvements across distinct ar-
eas, such as Fourier Neural Operators (Kovachki et al. 2023;
Ahn et al. 2025) for long-rollout stability, foundation models
for generalization (McCabe et al. 2024, 2025) and generative
approaches to enable probabilistic modeling (Diaconu et al.
2026; Kassai Koupai et al. 2026). In this paper, we propose
a strategy to derive strong generative surrogate models from
pretrained foundation models, with a particular focus on ac-
curacy, computational efficiency, and statistical consistency.

Efficient inference strategy. ML emulators typically pre-
dict states one by one via auto-regressive rollouts. This strat-
egy has many advantages: it focuses the model’s capacity on
learning a single state, and allows training causal models effi-
ciently via teacher forcing. However, this strategy can lead to
artifact accumulation (Mukhopadhyay et al. 2026; Liu, Sun,
and Schaeffer 2025) and divergence. We propose a two-stage
auto-regressive approach with a causal model that predicts
states sub-sampled in time, and a lightweight up-sampling
model that resolves the missing states.

Gradient Difference Loss (GDL). The standard method
for predicting physical fields with neural networks is Mean
Absolute Error (MAE) between the forecast and ground truth.
However, derived quantities such as spatial gradients are of-
ten imperative for governing the dynamics. To explicitly pre-
serve these features over long horizons, we propose to use
the Gradient Difference Loss (Mathieu, Couprie, and LeCun
2016) to match the spatial gradients between the forecast and
ground truth states (Czarnecki et al. 2017).

Generative modeling from foundation models. Physics
foundation models, pretrained on a large variety of PDE sim-
ulations, greatly improve generalization upon a model trained
from scratch (Ren et al. 2026). In this paper, we leverage the
strongest foundation model up to date, Walrus (McCabe et al.
2025). We turn it into a generative model by training with
the Continuous Ranked Probability Score (CRPS) scoring
rule (Alet et al. 2025; Diaconu et al. 2026), injecting noise
into the model with Adaptive Layer-Normalization (AdaLN)
(Perez et al. 2018) and using patch jittering as an additional
source of stochasticity.

Mean Prediction Regularization (MPR). In contrast to
natural video generation, which exhibits large inter-sample
variability, generative components in PDE emulation often
have a smaller magnitude relative to the underlying determin-
istic dynamics. To successfully generate both accurate and

realistic physical fields, we motivate and propose a form of
regularization where the network both produces generative
samples from the distribution p(x¢4 a¢|T¢—k.¢) and estimates
the distribution mean, improving stability and accuracy.

In summary, our technical contributions are:

* We propose a two-stage inference scheme to improve ac-
curacy and efficiency in auto-regressive rollouts.

* We introduce Mean prediction regularization, a regular-
ization objective for generative models, and demonstrate
its efficacy on Functional Generative Models (FGN) and
diffusion models.

* We demonstrate that training a model by matching spatial
gradients of the output increases accuracy while improv-
ing power spectrum density and reducing artifacts.

With all these contributions combined, the performance
of our models reduce the forecasting error (CRPS) by 42.9%
compared to the reference fine-tuning methodology (McCabe
et al. 2025), on average across ten 2D benchmark datasets
from The Well (Ohana et al. 2024) (see Figure 1).

2 Related Work

Physics foundation models. The push for generalization
has led to the widespread development of massive foundation
models (Nguyen et al. 2025; McCabe et al. 2024, 2025; Ren
etal. 2026), capable of transferring priors across multi-modal
PDE representations (Rautela et al. 2025; Liu et al. 2024),
varying equation families (Wiesner et al. 2025; Ye et al.
2025), and complex spatiotemporal domains (Soares et al.
2025). Such models are commonly trained as sequence-to-
sequence transformers with a next-state prediction objective
(McCabe et al. 2024), such as Walrus (McCabe et al. 2025)
that we leverage in this paper.

Generative modeling for spatio-temporal data. To cap-
ture intrinsic stochasticity, the field has increasingly adopted
generative models as PDE surrogates (Diaconu et al. 2026;
Kassai Koupai et al. 2026), utilizing latent diffusion (Rozet
et al. 2026), flow matching (Couairon et al. 2026), or noise-
conditioned functional generation (Alet et al. 2025).

Adapting deterministic models to generative models. A
few works have investigated how to adapt existing models
into generative models. In U-Cast (Cachay, Watson-Parris,
and Yu 2026), authors propose to further fine-tune determin-
istic models using CRPS and dropout for stochasticity, which
we evaluate in this work. Probabilistic retro-fitting (Diaconu
et al. 2026) injects noise via Adaptive Layer-Normalization,
similarly to us, but without leveraging patch jittering.

Rollout stability. To enforce stability over long rollouts,
structural innovations have been proposed for Fourier Neural
Operators (Kovachki et al. 2023; Ahn et al. 2025), alongside
auto-regressive correction schemes like cyclic patch modula-
tion (Mukhopadhyay et al. 2026) and block causal masking
(Liu, Sun, and Schaeffer 2025), or even test-time operator
composition (Serrano et al. 2026; Morel, Han, and Oyallon
2025).
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Figure 2: Diagram of our proposed method to recover full trajectories with non-causal temporal super-resolution (middle),
compared to the baseline with time stride 7 = 1 (left), and the block-wise auto-regressive strategy (right).

3 Methods

General framework. We use the Walrus architecture (Mc-
Cabe et al. 2025) as the backbone for our models. This al-
lows us to leverage the pretrained weights of this strong
foundation model. Walrus is a model with a convolutional
encoder, a causal transformer with spatial attention and time
attention, and a convolutional decoder. It takes a sequence
of Ni, states of input oy _p:y = (Tt—k, Te—(k—1)s s Tt)
(with k = Ny, — 1) and is trained to predict the normal-
ized state difference d;_x1..11 With teacher forcing, where
div1 = (Tpp1 — ) * Jrgsl and o is a per-variable nor-
malization factor. At inference time, the model is used auto-
regressively from a given set of states (context) to make tra-
jectory forecasts. The time index difference between a given
forecast state and the last context state is called the lead time.

Walrus also introduced patch jittering, where input states
are randomly shifted along spatial dimensions (with some
padding for dimensions with non-periodic boundary con-
ditions) before processing, and then shifted back. This ad-
dresses the accumulation of "grid-imprinting" artifacts on
long horizons, and introduces stochasticity in the model that
we leverage for our generative models.

3.1 Training and Inference strategy

Time stride. A simple strategy to improve computational
efficiency is to sub-sample states in time, with a stride pa-
rameter 7, so that the model is trained to forecast z;4, from
Ti—grt7. On one hand, this reduces the number of auto-
regressive rollout steps needed to reach a given lead time
T, which mitigates the risks of error accumulation and di-
vergence; on the other hand, it requires the model to learn
a more complicated transition function, with less inference-
time compute budget, and a higher distribution shift when
re-using model outputs for the next rollout steps. We evaluate
this trade-off in the Results section.

If the primary goal is maximizing accuracy at a specific
lead time while lowering inference costs, sub-sampling alone
is sufficient. For use-cases where complete trajectories are
still required, such as computing time-integrated statistics,
we introduce a two-stage approach that generates complete
trajectories both efficiently and accurately.

Two-stage approach. We first train a causal model with a
time stride 7, typically 7 = 4. We then train a temporal up-

sampling model to fill in missing states, leaving the causally
predicted boundary states untouched. For instance with lead
time 7 = 4, 3 missing states x;41.:43 are predicted using 3
input states (z;_4, xt, T;14). Being non-causal allows every
predicted state to use all 3 inputs as context.

This strategy is illustrated in Figure 2. These two stages
can be performed sequentially: the first model can predict a
complete sub-sampled sequence, and the second model can
up-sample that sequence in time. We compare it to the more
costly default auto-regressive strategy (time stride 7 = 1) and
a block-wise auto-regressive strategy that predicts Noy =
7 forecast states at once, which splits model capacity into
learning a set of states instead of learning only state x4 . Our
model improves computational efficiency by reducing the
number of auto-regressive rollout steps, even accounting for
the upsampling model. To lighten inference, the up-sampling
model is half the size of the causal model. At long lead times,
the resulting cost is reduced by factor ~ 37.5% (details in
appendix).

3.2 Mean Prediction Regularization

We now present Mean Prediction Regularization (MPR). Our
motivation is to help the model better capture the main de-
terministic mode of the next state x;;, and transfer that
knowledge to produce better samples.

In many generative approaches for spatio-temporal model-
ing, a noise distribution pyoise (€) = N (€; 0, I4,..) is mapped
to the transition distribution p(2¢4,|%¢—gr.t..r). Different
frameworks realize this mapping, either explicitly (with ad-
versarial training for GANs or CRPS training for FGN (Alet
et al. 2025)) or implicitly (solving the underlying probability
flow ODE from noise to data manifold, for diffusion models).

We propose to combine generative losses with the fol-
lowing regularization objective: the noise distribution mean
should map to the output distribution mean. Conditioned on
the noise distribution mean Og4, .., the model’s output should
match the distribution mean E,,  p[@iyr | Ti—prir]s
which we supervise with a standard regression objective to
the ground truth ;4 :

Affnii'n = f(xt—kT:t:ZT7 Odnoise) (1)
Lypr = || — dyyr |y 2
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Figure 3: Diagram of Mean Prediction Regularization principle (left) and its implementation with FGN (right). The training
loss L is either Mean Absolute Error (MAE) or a combination of MAE and our Gradient Difference Loss (GDL).

We implement MPR for both FGN models and diffusion
models, which requires an extra deterministic pass at each
training step (¢ = 04, ) alongside the stochastic loss, as
illustrated in Figure 3.

noise

3.3 Generative modeling from a deterministic
foundation model with FGN

One of our primary goals is to make generative PDE emu-
lators that sample multiple trajectories given an initial state.
Our Kastor model leverages the FGN paradigm (Alet et al.
2025), which generates samples supervised against ground
truth using a strictly proper scoring rule. The scoring rule
is a distance between the empirical and ground truth distri-
butions. When training on PDE simulations, we only have
a single data point z;,, for the conditional distribution
p(Tyr|Ti—grtr ), Dut the scoring rule can still be com-
puted using this single reference. We use CRPS (Gneiting
and Raftery 2007), a metric on the marginals of the predicted
and reference distributions.

Samples are created in a single model forward pass by
varying a source of stochasticity injected into the architec-
ture. Similarly to FGN, we mainly use a low-dimensional
source of Gaussian noise N'(0, I4,,.) with a dimension
dnoise = 32, but we also investigate other sources of stochas-
ticity in this paper such as patch jittering and dropout. This
low-dimensional noise is first passed into a 2-layer MLP with-
out bias, and then used as conditioning for AdaLN (Perez
et al. 2018) at every spatial mixing attention layer in the
transformer architecture. This design constrains the model
to generate globally coherent variability (Alet et al. 2025).
With fy being our state difference predictor, the training loss
for a single sample is:

€1, €2 ~ N(0,14,,.) (€)
1 . N
Licrps = §(Hdt1+-r — dir |l A+ |2y, = digr |

7 72
—|ld}y, = 2yl )

We keep the stochasticity introduced by patch jittering im-
plicit in the notations, but we show in the experiments that it

“

significantly contributes to performance. Finally, we initial-
ize the AdaLLN parameters to zero so that the modulation is
the identity function at the beginning of training, recovering
the behavior of the unconditioned model.

For FGN, we add the constraint that the null conditioning
04, makes the AdaLN modules behave as identities, which
we implement by removing the biases in the noise embedding
MLP and in the AdalLN layers.

3.4 Generative baselines

MAE-training with patch jittering. The Walrus model
is trained with MAE with patch jittering as a form of data
augmentation. We show that patch jittering can be used as a
source of stochasticity to generate an ensemble of forecasts,
which we use as default ensembling method when evaluat-
ing our other proposed contributions. These models will be
refered to as "MAE" or "MAE-trained" in the paper.

Diffusion modeling baseline. To establish a robust gen-
erative baseline, we adapt the Walrus architecture into a
diffusion model. This involves turning it into a conditional
denoiser, providing the context states as well as the noised
next state as inputs that the model is trained to denoise. We
implement this using a second set of channel embeddings for
the noisy next state. We also adapt our proposed MPR in this
context: to compute the regularization objective, the model
only sees the context states without any noised inputs (i.e.,
only the original set of channels), and the noise level is set
to zero. The complete description can be found in appendix.

3.5 Gradient Difference Loss

While MAE is often used as a training loss for operator
learning, it can fail to capture some quantities that are impor-
tant for a dynamical system, like the spatial derivative of the
target fields. We address this by implementing the Gradient
Difference Loss (GDL) from (Mathieu, Couprie, and LeCun
2016): the GDL between the forecasting state (L+T and the
ground truth d; , is

LopL(dsr, diir) = L(0dpsr, 0dpsr) (5



where O is the derivative w.r.t the spatial coordinate. The
choice of the base loss function £ and its corresponding
inputs vary depending on the primary training objective:

* MAE training: We take prediction CZHT and £ = MAE.
* FGN w/o MPR: We use (citl+T, dH_T) and £ = CRPS.
* FGN with MPR: We use cZ;n_ﬁ‘;“ and £ = MAE.

3.6 Evaluation

We evaluate our model on the 10 2D datasets from The Well,
which cover simulations from various physical domains, and
represent various challenges (e.g. capturing stochasticity,
shocks, sharp edges). All simulations for a given dataset
have the same spatial and temporal resolutions, which vary
across datasets.

The evaluation protocol is as follows: given a set of context
states (24— t) we make a set of M trajectory forecasts with
our model (ar:tJrl 1+7)1<i<n Up to a final lead time 7', with
auto-regressive rollouts. We then compare these outputs to
the ground truth trajectory z;41..47. For all our evaluation
we use M = 8,T = 32, and choose two initial context per
dataset trajectory: one at the beginning, and one at the middle
to evaluate models on a non-transient regime. Further details
are provided in appendix. We evaluate trajectories separately
for each lead time 1 < ¢ < T, with the metrics below. We
report metrics on the validation sets for the ablations. To
reduce computational costs, we perform most ablations us-
ing strided models for datasets where they outperform the
autoregressive baseline. For consistency across datasets and
experiments, we always report aggregated metrics on trajec-
tories sub-sampled at 7 = 4.

3.7 Metrics

The formal definition of all metrics is in appendix. Following
standard practice, we compute RMSE between the ground
truth and the empirical mean over our M forecast members,
which we refer to as EnsembleMeanRMSE.

To evaluate the quality of predicted distributions, we
use the fair Continuous Ranked Probability Score metric
(fCRPS) (Ferro 2014), minimized when the marginals of
the empirical and ground truth distributions match.

We report the Spread-skill ratio SpSkR, which is the ra-
tio of the ensemble variance and the mean squared error of
the ensemble mean, as a measure of calibration. For a per-
fectly calibrated forecast, this ratio should equal 1. Finally,
we evaluate spectral error with the Log Spectral Distance
(LSD), which is the error of the radially-averaged power
spectrum density (RAPSD) compared to the ground truth.

Skill Score. The Skill Score is defined for metrics M that
should be minimized (e.g. EnsMeanRMSE and fCRPS) as

1)
-1 »(mode ©)

1)
Mss(model) \V| /\/l reference)

where M, (model) is the metric value for v, one of the |V|
physical variables of the dataset.

The skill score reflects the relative gain of metric M com-
pared to a reference model across all physical variables: A
skill score of 0.1 means that the metric value is on average

10% lower than the reference model. Unlike VRMSE (Ohana
et al. 2024), skill scores have a comparable range of values
across physical variables, datasets and lead times, and can be
compared more easily. In this paper, we use as reference a
model retrained with the fine-tuning methodology of Walrus
(McCabe et al. 2025). Our retrained models perform compa-
rably to Walrus’s reported numbers, see details in appendix,
validating our reference finetuning methodology.

3.8 Implementation details

Fine-tuning. Unlike the Walrus pretrained model that was
trained with sample-dependent statistics, we normalize states
by the global dataset mean and standard deviation, and state
differences by their standard deviation. Similarly to Walrus,
we fine-tune models for 62,500 steps with batch size 8. We
use the Muon optimizer with a learning rate of 1e-3 and a lin-
ear warmup with cosine decay learning rate scheduler. When
using GDL, we use A\g = 2000 (since gradient differences
are very small).

Adapting the model for different compute budgets. We
train models with 3 different compute budgets: Small
model (S) with (Niy, Niayers) = (2, 20), Medium (M) with
(NinaNlayers) = (4720)7 and Large (D) (Ninleayers) =
(4,40). Medium and Large models have respectively 2x and
4x the inference cost of the Small model. To reduce the
computational cost of our emulators, we deliberately choose
operating points less costly than the default regime for the
pretrained Walrus model (Ny,, Nigyers) = (6, 40). For up-
sampling with 7 = 4, we use a model with (N, Niayers) =
(3,20), so that the total cost for forecasting four states is less
than the stride 1 baseline.

Walrus pretrained weights loading strategy. When load-
ing layers from the small (S) and medium (M) models that
contain only half of the layers of the pretrained Walrus model,
our strategy is to load weights from even layers only. Our
up-sampling model (20 layers) is also initialized from the
pretrained weights, and fine-tuned as a non-causal model.

4 Results
4.1 Inference Strategy

In this section, we analyze our strategy to make efficient
forecasts described in Figure 2. We use the MAE models
which we evaluate with the Ensemble Mean RMSE skill score
relative to the reference model.

We first analyze the impact of time stride 7 on forecasting
accuracy. A higher value of 7 can reduce error accumulation,
but increases the complexity of the function to approximate
since it requires capturing state changes over longer temporal
jumps, which can lead to higher errors given a fixed model
capacity. We find that the best strategy depends on the data
the model is trained on, and present a set of representative
scenarios in Figure 4. On our benchmark datasets, using a
higher time stride of 7 = 4 is beneficial for 8 out of 10 do-
mains. For some datasets like Gray-Scott Reaction Diffusion
and Active Matter, the ranking of methods does not depend
on lead time, with one time stride being consistently better
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Figure 4: Ensemble Mean RMSE skill score 1 per lead time,
for four representative datasets and MAE-trained models
(size S) at strides 7 € {1,2,4,8}. While stride T' = 1 often
performs best at early lead times, on a majority of datasets
using larger strides is beneficial for longer horizons.

across lead times. For most datasets, like Acoustic Scatter-
ing Inclusions and Euler Multi-quadrants, the optimal stride
depends on the lead time: at small lead times, it is better to
leverage the 7 = 1 model with a few rollout steps; at longer
lead times, the models with larger time stride benefit from
less error accumulation and outperform the other methods.
Qualitatively, we find that the evolution of sharp shock fronts
is often better predicted using longer time steps, which we
illustrate in Figure 6 and in appendix. on the Euler Multi-
quadrants and Gray-Scott Reaction Diffusion datasets.

The complete ablation for all datasets is presented in ap-
pendix. Based on these findings, we find that a good gen-
eral strategy is to use 7 = 4, with the exception of two
datasets, Active Matter and Rayleigh-Bénard, where using
a time stride of 1 is better. We suspect this is related to
highly sub-sampled physical simulations. For Active Mat-
ter, only one frame every 625 simulation steps was saved;
for Rayleigh-Bénard, authors mention that "High Reynolds
simulations are very time-consuming because they require
very small time-steps to prevent the solution from diverging"
(Ohana et al. 2024). We therefore chose to keep autoregres-
sive rollouts with 7 = 1 for those two datasets. Some datasets
would have benefited from a higher time stride (e.g. 7 = 8),
but we retain 7 = 4 as it strikes a good balance across lead
times and datasets.

Strategies for predicting the full trajectories. We now
evaluate our strategy to forecast missing states when a time
stride 7 > 1 is used. Figure 5 shows that our MAE-trained
models with 7 = 4 combined with the small up-sampling
model obtains the best performance, except on Rayleigh-
Bénard. We observe experimentally that supervising the
super-resolution model with GDL is important to gener-
ate high quality intermediate frames. A block-wise auto-
regressive model with 4 output steps (Figure 2 right) has
a similar computational budget as our model and makes the
same number of rollout steps. However, the up-sampling ap-
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Figure 6: Qualitative comparison between different time
strides on the Euler Multi-quadrants OpenBC dataset. At
lead time 32, errors around the shock fronts are noticeably
reduced for the longer stride 7 = 4.

proach allows to best forecast some specific states instead
of splitting the model capacity across 4 states. Furthermore,
our strided inference strategy can leverage the causal struc-
ture when training the low-resolution 7 = 4 model, which is
beneficial as we show in appendix.

4.2 Impact of Mean Prediction Regularization

For further analysis, we evaluate our size S generative models
based on FGN and diffusion models on four representative
datasets of The Well: PlanetSWE, Acoustic Scattering Maze,
Active Matter and Rayleigh-Bénard. We use a time stride of
4 for the two former, and 1 for the two latter, which we found
optimal in the previous section.

We analyze in Figure 7 the impact of Mean Prediction
Regularization (MPR) for our FGN model. Without regu-
larization, FGN has poor performance and performs worse
than diffusion or even the MAE-trained baseline, which we
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Figure 7: Performance of S models trained with and without
MPR, for both our FGN and diffusion-based models. MPR
is helpful for both methods, and critical for reaching best
performance with FGN.
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Figure 8: Comparison of FGN models trained with different
regularizations. On center crops from the Rayleigh-Bénard
dataset at lead time ¢ = 16, we observe reduced errors from
MPR across channels, and further improvements from GDL.

also observe qualitatively, as shown in Figure 8 and illus-
trated on additional datasets in appendix. MPR is greatly
beneficial for all datasets and lead times and sets regularized
FGN as the best performing model, outperforming the MAE-
trained baseline by 15% on average. The diffusion baseline is
better than FGN, and MPR improves upon it, but still under-
performs FGN with MPR. Diffusion models were evaluated
using 5 diffusion steps, which we found to be optimal ex-
perimentally (increasing this number tends to degrade the
CRPS).

4.3 Impact of Gradient Difference Loss

We now evaluate the impact of the Gradient Difference Loss
(GDL) in Figure 9, where the MAE-trained model (size S) is
shown for reference. We find that the loss brings significant
improvements for 3 out of four datasets, and marginal im-
provements for Active Matter. The best improvements occur
for Acoustic Scattering Maze (+13.3% fCRPS skill score),
where sharp maze walls create discontinuities well-suited for
gradient matching. We can see that the FGN method with-
out GDL improves forecast dispersion compared to MAE on
three datasets (spread-skill score closer to 1) but worsens the
spectral error measured with LSD (lower skill score) com-
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Figure 9: Comparison of FGN and MAE-trained models
(size S) with and without GDL. We find that FGN improves
the spread-skill ratio and GDL significantly improves both
fCRPS and LSD skill scores, when averaged across lead
times for a stride of 7 = 4.

pared to MAE training. Using GDL allows to compensate
and improves spectral consistency. A breakdown of score
improvement per leadtime is in appendix. (Figure 27).

5 Limitations

Despite the improved speed, accuracy, and power spectrum
density of our model, there is still room for improvements.
In particular, we find that the calibration of our models can
still be improved, as reflected by the Spread-Skill ratios pre-
sented in Figure 9. Qualitatively, we observed that, although
to a lesser extent than for the baseline, trajectories can still
accumulate artifacts in some cases and diverge to unphysical
behavior. Finally, a standalone emulator should ideally start
rollouts from a single state; and then progressively increase
the context length. Following existing practices in the field,
we rely on a fixed-length context window to start rollouts,
implicitly relying on a physics solver to provide the initial
context.

6 Conclusion

In this work, we presented a robust framework for training
and deploying generative surrogate models for PDE sim-
ulations, leveraging the representation power of the Wal-
rus pre-trained physics foundation models. We showed that
converting a deterministic foundation model into a genera-
tive one yields superior predictive capabilities, provided the
training is appropriately constrained. To this end, our novel
Mean Prediction Regularization proved highly effective, en-
abling FGN-based architectures to substantially outperform
both standard deterministic baselines and more computation-
ally heavy diffusion models. Combined with spatial gradi-
ent matching, our approach successfully preserves the spec-
tral distribution of physical variables. Finally, by shifting
from standard single-step auto-regressive rollouts to a two-
stage inference strategy combining advancements at longer
time strides with non-causal temporal super-resolution, we
demonstrate gains both in accuracy and computational effi-
ciency.
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A Qualitative Results

We investigate qualitatively the effect of several method
choices, in particular the effect of training with a larger
model, comparing Kastor-L and Kastor-M in Section A.1,
differences arising from varying the time stride, comparing
7 = 1and 7 = 4 in Section A.2, and the impact of the added
MPR and GDL regularizations in Section A.3.

A.1 Impact of model size

As we quantitatively observe in Figure 25, we illustrate the
decrease in performance for the smaller M-size model (20
layers, 4 input frames) compared to the L model (40 layers,
4 input frames). Consistently across datasets, physical fields,
and lead times, we observe larger forecasting errors for the
M model compared to Kastor-L. Figure 10 shows how fore-
casting degrades systematically on the Periodic Shear Flow
dataset, which we also observe on PlanetSWE in Figure 12
and the Rayleigh-Bénard (see Figure 11).

A.2 TImpact of time stride 7

We investigate qualitatively the effect of using longer time
strides 7 = 4, compared to the 7 = 1 reference on two
datasets from the Well. In Figure 13, we illustrate how the
longer time stride mitigates the appearance of large errors
along shock fronts. At long lead times, we consistently ob-
serve reduced errors on the Euler Multi-quadrants OpenBC
dataset across fields. We also observe visibly reduced error
accumulation as lead time increases on both channels of the
Gray-Scott Reaction Diffusion dataset in Figure 16, in line
with the quantitative results reported in Figure 23. Also sup-
porting the results from Figure 23, we observe visibly higher
errors are soon as lead time 7" = 4 which persist at longer
horizons for the Rayleigh-Bénard dataset (Figure 14) and
Active Matter (Figure 15). For Active Matter, we note that
artifacts across lead times are amplified by the larger stride.

A.3 Impact of regularization

We also look into the qualitative changes observed when
introducing MPR and GDL (described in Section 3.2 and
Section 3.5 of the main paper). Consistently with the quanti-
tative results presented in Figure 7, we observe significantly
improved forecasts for most samples from PlanetSWE, which
we illustrate in Figure 17. We also observe reduced recon-
struction errors in a majority of samples from the Acoustic
Scattering Maze dataset, for which samples are provided in
Figure 19, in particular for the velocity fields at later time
steps. On the Rayleigh-Bénard dataset, we find some ex-
amples where adding MPR qualitatively degrades long-term
forecasts compared to the unregularized baseline, such as in
the central sample of Figure 18. Generally, however, forecasts
improve, as is most clearly seen at lead time 7" = 32 which
predictably displays the largest errors. For the Rayleigh-
Bénard dataset, we observe consistent improvements from
the GDL loss in Figure 18, while its effect is less noticeable
on Acoustic Scattering Maze. On PlanetSWE, GDL seems to
reduce artifacts at both lead times T' = 4 and 7' = 32, which
is visible for instance in the height fields from the samples in
Figure 17,

B Additional Details
B.1 Datasets
We evaluate our models on the 2D datasets of the Well:

* Acoustic Scattering: Models how sound waves propagate
through a domain that contains sharply variable densities,
such as maze-like walls or pockets of different materials.

* Active Matter: Simulates suspensions of active particles
in a viscous fluid that can turn chemical energy into me-
chanical work, creating complex spatiotemporal dynam-
ics from steric and hydrodynamic interactions.

* Euler Multi-quadrants: Describes the behavior of invis-
cid, compressible fluids starting from multiple initial dis-
continuities, leading to interacting shocks and rarefac-
tions.

* Gray-Scott Reaction-Diffusion: Models the spontaneous
pattern formation and self-assembly of two chemical
species governed by reaction and spatial diffusion.

* Planetary Shallow Water Equations (PlanetSWE): Ap-
proximates incompressible fluid flows on a global scale,
incorporating Earth’s topography (bathymetry) and fea-
turing daily and annual periodic forcings.

* Rayleigh-Bénard Convection: Simulates the fluid dynam-
ics that occur in a horizontal fluid layer when it is heated
from below and cooled from above, creating convection
currents.

We set aside the 3 remaining 2D datasets for the following
reasons: Turbulent Radiative Layer 2D, which is significantly
smaller than the other datasets (only 5SGB of data, 10x less
than the next smaller datasets Active Matter (50GB) and
falls outside our target data regime); Helmholtz Staircase,
because the time-dependence of the system has an analytic
solution given the ¢ = 0 initial condition; and Visco-Elastic
Instability, for practical reasons, which contains trajectories
of variable size and in particular many which cannot be
evaluated on 32-steps rollouts.

The datasets have been generated with a deterministic pro-
cess; however, training generative surrogate models is still
useful for two reasons: First, if the data is partially observed
(e.g. downsampled), then that introduces stochasticity that
we would like to capture; Second, even if the data is com-
pletely observed, an ML model cannot represent exactly the
underlying function and has some error. A generative model
allows to capture this error and to produce a set of trajectories
covering potential scenarios that the underlying numerical
solver could have produced.

B.2 Model details

Architecture. We use the architecture of Walrus (McCabe
et al. 2025), composed of a shallow convolution-based en-
coder, a transformer backbone, and a shallow convolutional
decoder. The encoder and decoders have variable strides to
be able to encode data of various dimensions into the same
feature map of size (32, 32). A transformer layer consists of
2 main blocks: first spatial attention is applied independently
for every frame in the input sequence; then time attention is
applied independently at each spatial location. Causality is
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Figure 10: Qualitative comparison of Kastor-M (20 input layers) and Kastor-L (40 input layers) on samples from the Periodic
Shear Flow dataset on the tracer and pressure fields. Consistently, we observe that Kastor-L outperforms the smaller model.
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Figure 11: Qualitative comparison of Kastor-M (20 input layers) and Kastor-L (40 input layers) on the center crop of a validation
sample from the Rayleigh-Bénard dataset. At both early (I' = 4) and late (T' = 32) lead times, across channels, we observe in
the (Forecast - GT) rows that model size reduction results in larger errors.
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Figure 12: Qualitative comparison of Kastor-M (20 input layers) and Kastor-L (40 input layers) on samples from the PlanetSWE
dataset. At both early (I" = 4), intermediate (I = 16) and later (T" = 32) lead times, we observe on two representative fields
that Kastor-L qualitatively matches or outperforms the smaller model.
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Figure 13: Additional qualitative examples comparing different time strides on validation samples from the Euler Multi-quadrants
OpenBC dataset. Consistently with the observation in the main paper, errors around the shock fronts at lead time 7' = 32 are
noticeably reduced for the longer stride 7 = 4.
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Figure 14: Qualitative examples comparing different time strides on two validation samples from the Rayleigh-Bénard dataset.
For models trained with a stride 7 = 4, visibly increased errors are observed as early as lead time 7' = 4 and persist at T = 32.
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Figure 15: Qualitative examples comparing different time strides on two validation samples from the Active Matter dataset.
Compared to stride 7 = 4, we observe larger forecasting errors and more visible artifacts across lead times 1" = 4, 16, 32.
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Figure 16: Qualitative comparison of forecasting on the Gray-Scott Reaction Diffusion dataset for 3 validation samples. The
figure displays ground truth and predictions at lead times 8, 16, 24, and 32 for the standard auto-regressive baseline (7 = 1)
and our large-stride model (7 = 4). By forecasting fewer steps to reach the same horizon, the 7 = 4 model effectively mitigates
error amplification as lead time advances.
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Figure 17: Qualitative comparison of FGN regularization on two samples from the PlanetSWE dataset at short (1" = 4) and long
(T' = 32) lead times. We compare the base FGN method without MPR or GDL, FGN with MPR and without GDL, as well as
the fully regularized Kastor model with both MPR and GDL. We observe significant artifact reduction for instance in the height
variable at short lead times from MPR. Adding GDL further reduces errors visibly in the velocity_theta channel, especially at

short lead times.
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Figure 18: Qualitative study of the effect of regularization of FGN models on the center-crops of three samples from the
Rayleigh-Bénard validation set. We illustrate the forecasting performance across different lead times (I' = 4, T = 16 and
T = 32) and observe that adding MPR is critical to reduce border artifacts across lead times and that GDL further reduces
errors at longer horizons.
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Figure 19: Qualitative comparison of FGN regularization methods on samples from the Acoustic Scattering Maze dataset across
short (I" = 4) and long (T' = 32) lead times. The figures compare the base FGN method without MPR or GDL, FGN with MPR
and without GDL, as well as models regularized with both MPR and GDL. We observe visible error reductions both at lead
times 7' = 4 and T' = 32 when adding MPR and marginal added benefits from further adding GDL, for instance in the velocity
fields.



implemented in the time attention via a causal mask, where
each frame can only attend to earlier frames in the input
sequence.

Patch jittering. One of the key technique introduced in
Walrus is patch jittering, which consists in shifting the input
data by a small number of pixels before processing with the
architecture, and then shifting back by the opposite value at
the end. For dimensions with periodic boundary conditions,
the input fields can be rolled in that dimension without any
problem. For dimensions with open boundary conditions,
some padding is added to the data so that it can be shifted
and embedded as a slightly larger feature map (33 instead
of 32). In Walrus, this technique was introduced to perform
data augmentation and to stabilize rollouts. We show in this
paper that it is also effective both in producing an ensemble
of simulation members for the MAE-trained models, and for
improving our generative models.

Computational efficiency. We show here that our pro-
posed inference scheme with 7 = 4 is more efficient than
7 = 1 even accounting for the additional cost of the up-
sampling module. We note Cp,se the cost of forwarding a
single frame through the base model, and C,, the same cost
for the up-sampling model. For a single inference on a set
of Ny, frames, the forward cost is Cpyse Ny, Through KV
caching, we can assume to simplify that causal models only
have an additional cost of Cpye for each frame during an
auto-regressive rollout (In theory it would be slightly more
due to time attention along input frames, but this would apply
both to our model and the reference). The inference costs for
an auto-regressive rollout up to lead time 7" for the 3 methods
in Figure 2 are:

Cstandard(T') = Chase * (Nin +T — 1) (7
Crastor(T') = Cruase * (Nin +T'/7 — 1) 3

+ Cup* (1 —1)T/7 )

Chiockwise (1) = NinCpase T/ T (10)

Indeed, our model only requires T'/7 auto-regressive steps
and uses the non-causal up-sampling model to predict (7—1)
frames at each rollout step. For the blockwise model, we
consider that we predict 7 frames at once with a single model
forward so that the number of rollout steps is the same as
Kastor. The blockwise model cannot be causal (all forecast
frames should have the information of all context frames), no
KV caching can be used. With a value of 7 = 4 and using a
half-size up-sampling model (Cyp = 0.5Cqse), We then have

gtandard (T) = a + Cpuse T an
5
Cliastor (T) =a+ gcbaseT (12)
N
Clglockwise (T) = % Chase T (13)

where a = Chyge * (Njn — 1). Since Ny, must be larger than 7
for the blockwise auto-regressive baseline, the Kastor model
has the smallest linear dependency in 7. We note that we
could also use a full-size model for the up-sampling model

Cup = Chase, in which case our dual-stage model would
have the same cost as the standard auto-regressive baseline
C]iastor(T) =a-+ CbﬂSCT'

B.3 Training details

We fine-tune models for 62,500 steps with batch size 8 on
a node of 8 H100s. We use the Muon optimizer (Jordan
et al. 2024) with learning rate le-3 for the 2D matrices and
Adam for the embedding weights with a learning rate of le-4,
(61, B2) = (0.9,0.999) and a weight decay of le-4. Gradient
updates are clipped to a maximum global norm of 10. We
use a learning rate scheduler with linear ramp-up for 5000
steps, and cosine decay for the remaining steps.

The combined loss for the FGN model combines the
CRPS-based loss with MPR and GDL.:

LN = AcresLorps + AvprLmpr + AgpLLopr  (14)

where we set the loss weights to Acrps = 100, Appr = 100,
and )\GDL = 2000.

B.4 Diffusion model

To establish a robust generative baseline, we adapt the
Walrus architecture into a diffusion model. While diffu-
sion models require multiple denoising steps—making in-
ference slower than a single forward pass—they provide a
strong generative framework that can later be accelerated
via distillation (Jacq et al. 2026). Diffusion models require
two inputs: context frames x;_j,.; and noised next frames
NOise(xt—(k—l)T:t-i-T’tdiﬁa Gdjff), where 0 < tgig < 1 con-
trols the balance between pure noise and clean frames, and
edit ~ N(0, I) is sampled pure noise.

Usually, diffusion models are trained to predict either the
original clean data T;_ (_1)7.44- Or the noise egif. At infer-
ence, the model starts from pure noise and denoises it step-
by-step until obtaining a clean sample of the next frames.
In our case, to better exploit the pretrained Walrus model,
we train our diffusion model to denoise the physical state
differences dy_ (5,—1)7:¢4-r- The noise level Ly is provided as
an input, encoded with a sinusoidal embedding, and injected
into the network via AdaLN at every spatial mixing attention
layer in the transformer. We denoise by predicting the clean
data (zo-prediction), using the same MAE loss as the one
used for pretraining:

A = F(@4—kre, Noise(dy— (5—1)re1r» taitrs €ainr)s Lairr)
(15)
Lythe = Atam) ||, — dei |, (16)

where A(tq) is a weighting term that depends on the noise
level.

To integrate the context and noised inputs, we concate-
nate them along the channel axis. This allows us to fine-
tune separate embedding weights for the context frames
and the noised differences (respectively ‘frames’ and ‘diff’
embedding blocks on Figure 3). Because this concatena-
tion doubles the number of input channels, the Walrus ar-
chitecture—which generates one prediction per channel by

design—outputs a doubled set of predictions [d}, ,,d7,].



Rather than adding a linear projection head or summing these
outputs, we strictly use the first half (citJrT = CZ% ) to maxi-
mally preserve the behavior of the pretrained weights.

We also adapt mean prediction regularization for our dif-
fusion model. For this objective, the model only sees the
context frames without any noised inputs (i.e., using just the
original subset of channels), and the noise level is set to
zero. We compute this loss using the first half of the doubled
predictions (dt 1), as these weights were already pretrained
with a similar deterministic objective. Figure 20 in appendix
illustrates the implementation of this diffusion modeling us-
ing MPR.

We display on Figure 20 our implementation of the diffu-
sion model for Walrus, and how we applied mean prediction
regularization.

B.5 Normalization

Unlike Walrus, which uses RMS normalization, we use
mean/standard deviation normalization using statistics com-
puted over the full dataset.

Given a dataset of M trajectories containing /V total states
x € REXHXWXD o compute channel-wise mean and stan-
dard deviation vectors for both the states and state deltas
across all spatial dimensions (H, W, D) and trajectory tran-
sitions:

W D
2> @l (D

k=1

M=

N
Hee = N"HWD HW B2

n=

,_.
.
Il

-
.

_

D 2
> (20 - )

1 k=1
(18)
The statistics for the state deltas (fies, 0res) are computed
analogously by replacing (™ with within-trajectory differ-
ences d("1):

Ms

N
Jec =\ N-HWD HW Z_:Z

li=1j

d(m,t) — x(m,t+1) _ :L,(m,t) (19)

where z("*) denotes state ¢ in trajectory m € M of length
Th.

To generate a training pair of input state sequence and
output delta sequence for training with teacher forcing, we
follow the pseudo code presented in Algorithm 1.

B.6 Experimental protocol

Similarly to the methodology in (McCabe et al. 2025), we
perform as many rollouts as individual trajectories in the
validation/test datasets, choosing the initial context to have
the 16th trajectory frame as the last input frame.

Since the beginning of trajectories is often a transient
regime, we also evaluate our models starting from the mid-
dle frame of dataset trajectories, and report metrics averaged
over these two evaluation modes.

Algorithm 1: Global normalization for one training sample

Input: Input context length Nj,, lead time 7 (Nyy = 7), raw
trajectory sequence r = (XT¢_k, Ti—kt1,---,Terr), global
statistics (i, 0w, Lhress Ores)
Output: Normalized input sequence o, normalized delta
target sequence dyorm
I: k<« N —1
20 Tyt (To—ky Tk 1s -5 Tt
Nj, input states}
3: Znorm — (Ti—kt — fy) @ o, {Normalize input state
sequence}
4 diy1ppr — (Tep1 — Te, Tego — Tegt, oo Tegr —
Zt+r—1) {Extract raw delta sequence}
5: duorm < (dig1:047 — fhees) @ Ores {Normalize target delta
sequence}
6: return Training pair (Zporm, dnorm)

) {Extract window of

B.7 Metrics

We depart from the VRMSE metric introduced by the Well
(Ohana et al. 2024) for two reasons: First, the Root Mean-
Square Error (RMSE) is not truly aligned with our goals in
as it can be optimized by producing smoother and smoother
outputs as the uncertainty grows at higher lead times. Fur-
thermore, the VRMSE score (Ohana et al. 2024) removes
units by normalizing the RMSE by the spatial variance of
the ground truth, however we have found that this gives us
scores that can differ by several orders of magnitude and
cannot be reliably averaged across datasets and lead times.

We note || - ||; and || - ||2 the 1- and 2-norms over the
physical space.

EnsMeanRMSE. The ensemble Mean RMSE error
(EnsMeanRMSE) for a physical variable v and at a given
lead time 4 is calculated as

EnsMeanRMSE(v, §) — % S i — wisssllan
| | (i,t)eT
(20)

where 7T is the set of couples (4, t) with 4 the trajectory index
and ¢ the initialization time in that trajectory. The ensem-
ble mean prediction Z;, s is the average of the individual
predictions across the M members.

fCRPS. Beyond capturing the ensemble mean, we mea-
sure how well the empirical distribution marginals matches
the ground truth distribution. We use the fair version of the
CRPS (Ferro 2014) that is

M
1 1 ;
_ 5 L
ICRPS(v,0) = }Z (M Z 137, 5 — @il
(i,t)eT Jj=1
2D
1 .
~J Ak
Spread-Skill Ratio. To evaluate whether the ensemble is
reliable and well-calibrated, we measure the relationship be-
tween the ensemble spread and the accuracy of the ensemble
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Figure 20: Diagram of Mean Prediction Regularization applied to diffusion modeling.

mean. The ensemble variance (EnsVariance) for a physical
variable v and at a given lead time § is defined as the av-
erage distance of the individual ensemble members to the
ensemble mean prediction:

EnsVariance(v, )

M
(i,t)eT

(23)
The Spread-Skill Ratio (SSR) is then the ratio of the ensem-
ble spread to the ensemble mean MSE (computed similarly
to Equation 20 but with squared norm):

M+1
M

EnsVariance(v, ¢)

SSR(v, ) = \/ EnsMeanMSE (v, §)

(24)

For a perfectly calibrated ensemble, the spread should match
the error of the ensemble mean, resulting in an SSR close
to 1. An SSR < 1 indicates that the ensemble is under-
dispersive, while an SSR > 1 indicates an over-dispersive
ensemble.

Log spectral distance (LSD) LSD measures the distance
of the log of the radially averaged power spectra (RAPSD)
P, averaged over all isotropic wavenumbers & excluding the
DC component (k = 0). For a physical variable v and at a
given lead time &, LSD is calculated as the average absolute
difference over trajectory initializations 7 :

LSD(v, 6) = Z Z’logP”(g
(z t)eT k=1
(25)
where the RAPSD at isotropic wavenumber k is calculated
as the average power of wave components of the 2D power
spectrum that share the same radial distance (rounded) from
the center. To avoid artifacts that arise from non-square image
aspect ratios, we calculate the RAPSD per square patch of
the image and average across patches.

10g Pi,t+6 (k’)

M . —
Z 127, 5—i.0.61[3-

C Additional Experimental results

C.1 Reproduction of Walrus fine-tuning
methodology

In the paper, we retrain a model with the fine-tuning method-
ology of Walrus, that we use as reference to compute the
skill scores of our other models. We analyze here this re-
trained model compared to the scores reported in (McCabe
et al. 2025) using the Median VRMSE metric. While try-
ing to reproduce exactly the methodology, the model had
worse performance than reported in (McCabe et al. 2025),
and early experiments indicated that the learning rate sched-
uler is an important design choice that was left ambiguous
in the paper (it was simply indicated that it is the same as
for the pretraining phase, with inverse square root ramp-up
and inverse square root decay). To bridge part of the perfor-
mance gap, we retrained the model with a scheduler which
performs 5000 steps of linear warmup and applies cosine
decay for the remaining steps, which performs close to the
reported model as we see in Figure 21: Comparing the 1-step
median VRMSE and VRMSE averaged over frames 1-20,
our retrained model performs better than the reference on
2/3 datasets and worse on the remaining 7/8 datasets. This
model with cosine learning rate scheduler is the one we chose
as base for computing skill scores. We also compare to the
final Kastor-L w/ upsampling model, and find that our model
outperforms the reported scores from Walrus for 8 out of 10
datasets (all except Acoustic Scattering Maze and Rayleigh-
Bénard), showing the strength of our proposed method.

C.2 Fundamental model choices

In Figure 22, we analyse the impact of some fundamental
training choices, with our MAE-trained models (size S) a
fixed time stride of 1. We can see that patch jittering helps
to get better scores across all datasets, except PlanetSWE.
For normalization, interestingly, using sample-wise normal-
ization is better than global normalization (our default) at
small lead times, but becomes less competitive at higher lead
times. The pretrained model being trained with sample-wise
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normalization, it is probable that the fine-tuned model bet-
ter leverages pretrained features; however since sample-wise
statistics are re-computed at each rollout step, it might be
a less stable strategy than global normalization. Combining
the two for best overall performance is an interesting avenue
for future work. Finally, using the Muon optimizer (Jordan
et al. 2024) is critical to get good performance, rather than
the original Adam optimizer (Kingma and Ba 2014) used for
pre-training Walrus.

C.3 Full time stride ablation

In Figure 23, we show the performance of MAE-trained mod-
els with different time stride 7, for different datasets. We ob-
serve that generally, the datasets with time stride are better for
higher lead times, probably due to less error accumulation.
Interestingly, the optimal time stride depends on lead time
and in many cases, it is better to use lead time of 7 = 1 for
small lead times: e.g. for lead time 4, in 6 datasets out of 10,
rolling out a 7 = 1 model four times gives better results than
training with 7 = 4, while it is the opposite at longer lead
times. Given those results, it might be that a combination
of those two strides can give the best results, e.g. starting a
rollout with 7 = 1 for four steps and continuing with 7 = 4,
which we leave for future exploration.

C.4 Multi-step rollout supervision

An alternative method to limit artifacts and error accumula-
tion for forecasting is to perform multiple rollout steps during
training and apply losses on the generated trajectories. We
compare this strategy to our strided training with 7 = 4.
In practice, we finetune the auto-regressive MAE-S model
with stride 7 = 1 with an additional MAE loss between the
4 rollout steps from the predicted trajectory and the corre-
sponding normalized target trajectory. We add this additional
multi-step loss with the same weight as the original MAE ob-
jective, and finetune for 20k additional training steps with a
learning rate of 1e® for a cosine decay schedule following
5000 steps of linear warmup, using the same optimizer as
the default MAE-S model. In Figure 24, we compare the
performance of this further finetuned model with the 7 = 1
MAE-S model (from which the multi-step rollout finetun-
ing is resumed) and the strided 7 = 4 MAE-S model on 6
datasets. We observe that for the datasets for which 7 = 4
generally outperforms 7 = 1, such as PlanetSWE and Gray-
Scott Reaction Diffusion, adding the loss on multiple rollout
steps allows to partly bridge the gap between these two mod-
els, though the 7 = 4 model remains stronger for most lead
times. For the Acoustic Scattering Inclusions datasets, where
7 = 1 performs better for short lead times, we observe that
the added 4-step rollout loss improves upon both the 7 = 1
and 7 = 4 models, performing as well or better as the 7 = 1
model at early lead times and competitively to 7 = 4 at
later horizons. For the Active Matter and Rayleigh-Bénard
datasets, multi-step rollouts provide an additional improve-
ment compared to the leading 7 = 1 models. Note that
multi-step rollout finetuning incurs a significant computa-
tional overhead compared to the autoregressive baselines.

C.5 Scaling experiment

In Figure 25, we show the forecasting accuracy of our MAE-
trained models with our three model sizes (S, M, L). As
expected, more inference-time compute budget gives higher
skill scores (lower forecasting errors).

C.6 Key FGN design choices

We show in Figure 26 the accuracy gain brought by key
method components. First, patch jittering is a form of
stochasticity injected into the architecture, and it could be
considered as redundant with the AdaLLN noise conditioning
of FGN. We find that removing patch jittering actually signif-
icantly deteriorates performance, and that the model strongly
benefits from having these two sources of stochasticity. We
also evaluate whether dropout can be used as another form of
noise injection instead of AdaLN conditioning, similarly to
(Cachay, Watson-Parris, and Yu 2026), and find that it does
not perform as well. Using an MLP with 2 layers to embed the
noise instead of linear embedding is important to correctly
map the input noise distribution to the target distribution.

C.7 Ablation of Gradient Difference Loss

In Figure 27, we show the performance per lead time of
FGN and the MAE-trained models (size S) with and without
Gradient Difference Loss (GDL). In general, across the 4 rep-
resentative datasets, GDL improves forecast error (measured
by fCRPSss and Ensemble Mean RMSEss), and spectral er-
ror (LSDss) across lead times. For both Acoustic Scattering
Maze and Active Matter datasets, the MAE-trained model
with GDL has slightly better LSDss than FGN with GDL,
but at the cost of forecast error. Also, FGN without GDL
exhibits a larger gap in LSDss with the MAE-trained model,
indicating that GDL is crucial in maintaining spectral con-
sistency in the FGN model.

Figure 28 visualizes the improvement that GDL brings to
the radially-averaged power spectra (RAPSD) for selected
variables. Interestingly, for the Rayleigh-Bénard dataset,
GDL actually worsens power spectra (more blurry at high
frequencies) for the MAE-trained model at longer lead times,
which can be visualized in the bottom right.

C.8 Residual modeling

In this paper, we have used Mean Prediction Regulariza-
tion as a way to regularize generative models with the mean
of the ground truth distribution. Another method developed
with the same goal is residual models (Couairon et al. 2026),

where a deterministic MAE-trained approximates the distri-

bution mean d;y3", and a generative model can sample from

the distribution of rescaled residuals. While this can improve
generative modeling by rescaling the distribution, it is also
more costly as it requires at least two model evaluations for
a single rollout step, one for the deterministic model and
one for the generative. We implement residual models for
both FGN and diffusion. We note that for residual models,
Mean Prediction Regularization does not apply, as the mean
is given by a separate model.
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Loss).

Residual models with FGN  Within the FGN framework,
residual modeling requires two models. The first model fy
is trained with MAE; For the generative model gy, we define
the predictions

e1,e2 ~ N (0, Ig,,.) (26)
CZ%_H- = SG[fe(xt—let::T)] + UgO(xt—kT:t::‘m 61) (27)

dAEJrT = SG[f@(xtfkTit::T)] + Ug@(-xtfkr:t::‘ra 62) (28)
(29)

where o is the error of the fy computed on the training set,
and SG is the stop-gradient operator. Those predictions are
then trained with fCRPS as in the non-residual case.

Diffusion and residual prediction. For diffusion, we de-
fine the target residual:

Et4r = (dt+7' - SG[CZ?J?}rn])/O’tJrTa (30)

where o, , is a moving average of the RMSE between dt+‘r
and d .. We train the model to predict the residuals:

Etrr = f(@4—por:t, NOiSe(dy— (k—1)rit4r» Laiff, €diff) Lair)

(D
Eﬁj&la] = A(tait) |t 4 — Et4r1- (32)
Because this objective changes the modality of the target,
we predict the residual using the second half of the doubled

predictions (d7,_,). This allows the first half of the predictions
to remain dedicated to the mean prediction task during the
same forward pass.

We evaluate residual models for FGN and diffusion in
Figure 29. While residual modeling brings improvements for
diffusion, the results is more mixed for FGN, with a notable
improvement in Rayleigh-Bénard and some degradation in
Active Matter and Acoustic Scattering Maze.

C.9 Impact of model causality structure.

In Figure 30, we analyse the impact of using a causal trans-
former or a non-causal transformer. The causal transformer

has a mask where each frame can only attend to previous
frames during time-wise attention, which allows the model to
be trained with teacher forcing, unlike the non-causal model.
The loss signal is therefore richer, with the model predicting
the sequence &1 (x_1)7:t4r::r [TOM Ty_g7yp..7 and receiving
a gradient at every frame. Since the pretrained Walrus model
was trained as a causal model, we could also expect causal
fine-tuning to better transfer knowledge from the pretrained
weights. On the other hand, the advantage of the non-causal
model is that it has a higher capacity, which is entirely de-
voted to predicting the next frame z;,; instead of making
a sequence prediction Z4_(y_1)r:¢+-. Figure 30 shows that
both options are viable when using only two input frames,
discarding the hypothesis that causal fine-tuning would bet-
ter leverage the pretrained weights; however with 4 input
frames, causal fine-tuning shows a strong advantage, espe-
cially on the Acoustic Scattering Maze and Rayleigh-Bénard
datasets. We show that this advantage is due to the teacher
forcing and parallel training on prefix trajectories of inputs:
a causal model trained only on predicting the last frame has
similar performance to the non-causal model, as shown in
Figure 30.

C.10 Impact of the number of diffusion steps

We study how the number of diffusion steps affects the CRPS
along generated trajectories. As shown in Figure 31, the num-
ber of steps has no significant effect on environments with
low stochasticity (PlanetSWE and Acoustic Scattering Maze),
but show a stronger impact on Rayleigh Bénard. The number
of diffusion steps only increases the quality of generations up
to 4 steps, and starts degrading generations after 5 steps. To
study this effect, we also display the spectral error (LSD), and
observe a similar pattern, the number of steps increasing the
LSD with more than 5 steps. As shown in Figure 32, adding a
Gradient Difference Loss to the objective reduces this effect,
and the quality of generations is improving up to 6-7 steps
with a much lower degrading impact on higher numbers of
steps. This suggests that one problem with diffusion mod-
els for forecasting could be the creation of high-frequency
artifacts worsened by the higher number of model calls.

C.11 Full table of metrics

In Tables 1 and 2, we show a complete table of metrics for
the final configurations of Kastor compared to the finetuning
baseline Walrus.
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Figure 29: Forecasting error (fCRPSss) of our models com-

pared to residual models.
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Figure 30: f{CRPSsf scores per lead time for 2 and 4 input
frames, based on fine-tuning Walrus as a causal or non-
causal model. While Walrus can be fine-tuned as a non-causal
model with 2 input frames without degradation, we observe
that it is sub-optimal compared to causal fine-tuning with 4
input frames, due to the absence of training signal on prefix
trajectories.
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Figure 31: Impact of the number of diffusion steps on fCRPSss (top) and LSD (bottom). The quality of rollouts increases with
the number of diffusion steps up to n=4 steps, then increasing the diffusion steps reduces the performance.
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Figure 32: Impact of the number of diffusion steps, when using GDL. With GDL, the quality of rollouts increases with the
number of diffusion steps up to n=6 steps, and the impact of the number of steps is lower.



Table 1: f{CRPS per variable and lead time 7 for final Kastor FGN models compared to Walrus finetuning baseline.

Dataset Variable T=4 T=8
Kastor-.  Kastor-M  Walrus Kastor-.  Kastor-M ~ Walrus
Active Matter D,z 9.11e-06  1.05e-05 4.64e-05 1.38e-05 1.66e-05 1.26e-04
D,y 2.64e-03  3.35¢-03 4.28e-03  6.83e-03 8.16e-03  1.22e-02
Dyx 2.28e-03  2.93e-03  3.82e-03 6.99e-03 8.99e-03  1.23e-02
Dyy 1.58e-03  2.03e-03 2.41e-03  5.09¢-03 6.27e-03  8.35e-03
E,x 1.59¢-03  2.01e-03  2.45e-03 5.10e-03 6.29¢-03  8.34e-03
E.y 1.59e-03  2.01e-03  2.45e-03 5.10e-03 6.29¢-03  8.34e-03
Eyx 1.58e-03  2.03e-03 2.41e-03 5.10e-03  6.28e-03  8.35e-03
Eyy 3.05e-03  3.96e-03 4.71e-03  9.32e-03 1.12e-02  1.57e-02
concentration 3.14e-03  3.94e-03  4.87e-03  9.29¢-03  1.14e-02  1.57e-02
velocity,, 3.14e-03  3.94e-03 4.87¢-03 9.29¢-03 1.14e-02 1.57e-02
velocity, 3.05e-03  3.96e-03 4.71e-03  9.31e-03 1.12e-02  1.57e-02
Rayleigh Benard buoyancy 4.70e-04 5.78e-04  7.48e-04 1.08e-03 1.26e-03  1.44e-03
pressure 1.62e-05 2.05e-05 1.98e-05 4.74e-05 5.66e-05  5.65e-05
velocity, 1.33e-04 1.67e-04 2.10e-04 4.10e-04 4.86e-04 5.58e-04
velocity,, 1.22e-04  1.58e-04 1.97e-04 3.96e-04 4.76e-04 5.52e-04
Planetswe height 9.94e-02  1.08e-01 2.02e-01 1.70e-01  2.00e-01  4.59e-01
velocity,, 6.44e-03  5.99¢-03  1.48e-02 1.19¢e-02 1.22e-02 3.47e-02
velocity , 5.60e-03  5.29e-03  1.32¢-02 1.07e-02  1.09e-02  3.19e-02
Acoustic Scattering Maze pressure 4.58e-04 5.43e-04 6.77e-04 6.21e-04 7.26e-04  8.94e-04
velocity,, 7.39e-05 8.88¢-05 1.16e-04 9.59¢-05 1.17e-04  1.49¢-04
velocity, 7.38e-05 8.82e-05 1.16e-04 9.47e-05 1.14e-04 1.51e-04
Dataset Variable T=12 T=16
Kastor-.  Kastor-M  Walrus Kastor-.  Kastor-M  Walrus
Active Matter D,z 2.07e-05 2.46e-05 2.08e-04 3.41e-05 3.70e-05 2.83e-04
D,y 1.73e-02  2.42e-02 3.46e-02 5.21e-02 4.69e-02 8.03e-02
D,x 1.97e-02  2.32e-02  3.87e-02 4.59¢-02 5.34e-02  7.87e-02
D,y 1.43e-02  1.76e-02  2.54e-02 3.46e-02 3.60e-02  5.12e-02
E,x 1.44e-02  1.77e-02  2.56e-02 3.51e-02 3.72¢-02  5.31e-02
E.y 1.44e-02  1.77e-02  2.56e-02 3.51e-02 3.72e-02 5.31e-02
E,x 1.44e-02  1.76e-02  2.54e-02 3.46e-02 3.60e-02  5.12¢-02
Eyy 2.51e-02  3.11e-02  4.56e-02 5.81e-02 5.94e-02  8.66e-02
concentration  2.53e-02  3.09e-02  4.61e-02 6.05e-02 6.26e-02  8.98e-02
velocity, 2.53e-02  3.09¢-02 4.61e-02 6.05e-02 6.26e-02  8.99¢-02
velocity,, 2.51e-02  3.11e-02  4.56e-02 5.81e-02 5.94e-02  8.66e-02
Rayleigh Benard buoyancy 1.84e-03  2.15e-03  2.33e-03 2.92e-03 3.41e-03 3.61e-03
pressure 1.07e-04  1.28e-04 1.29e-04 2.13e-04 2.50e-04 2.48e-04
velocity, 9.00e-04  1.04e-03  1.12¢-03 1.67e-03 1.92e-03  1.99e-03
velocity, 8.87e-04  1.04e-03  1.14e-03 1.70e-03  1.97e-03  2.07e-03
Planetswe height 2.72e-01  3.09e-01  7.62e-01 3.92e-01 4.24e-01 1.07e+00
velocity, 1.90e-02  2.01e-02  5.66e-02 2.78e-02 2.92e-02  8.08e-02
velocity , 1.70e-02  1.76e-02  5.22¢-02 2.43e-02 2.53e-02 7.41e-02
Acoustic Scattering Maze pressure 7.60e-04  8.85e-04 1.08e-03 8.74e-04 1.02e-03  1.25e-03
velocity, 1.12e-04  1.34e-04  1.77e-04 1.26e-04 1.54e-04  2.00e-04
velocity, 1.12e-04  1.34e-04  1.79e-04 1.26e-04 1.50e-04  2.02e-04
Dataset Variable T=2 T=24
Kastor-L.  Kastor-M ~ Walrus  Kastor-L.  Kastor-M ~ Walrus
Active Matter D, x 5.55e-05 5.48e-05 3.51e-04 7.42e-05 7.04e-05 4.03e-04

Continued on next page



Table 1: f{CRPS per variable and lead time 7 for final Kastor FGN models compared to Walrus finetuning baseline.

D,y 9.02e-02 8.51e-02  1.29e-01 1.25e-01 1.35e-01  1.83e-01
Dyx 8.86e-02 9.93e-02  1.28e-01 1.20e-01  1.28e-01  1.74e-01
Dyy 6.28e-02  6.26e-02  8.26e-02 8.69¢-02 8.94e-02  1.13e-01
E.x 6.35e-02  6.38e-02  8.40e-02 8.20e-02 8.58e-02  1.10e-01
E.y 6.35e-02  6.38e-02  8.40e-02  8.20e-02 8.58e-02  1.10e-01
Eyx 6.28e-02  6.26e-02  8.26e-02 8.69¢-02 8.94e-02  1.13e-01
Eyy 1.02e-01  9.93e-02  1.34e-01 1.34e-01 1.37e-01  1.70e-01
concentration 1.05e-01  1.03e-01  1.35e-01 1.29¢-01  1.30e-01  1.66e-01
velocity,, 1.05e-01  1.03e-01  1.35e-01  1.29¢-01 1.30e-01  1.66e-01
velocity,, 1.02e-01  9.93e-02  1.34e-01 1.34e-01 1.37e-01  1.70e-01
Rayleigh Benard buoyancy 4.60e-03  5.35e-03 5.71e-03 7.41e-03 8.32e-03 9.13e-03
pressure 4.37e-04 497e-04 5.07e-04 8.79e-04 9.70e-04  1.07e-03
velocity,, 2.87e-03  3.27e-03  3.39e-03 4.89¢-03 5.46e-03  5.76e-03
velocity,, 3.01e-03  3.46e-03  3.66e-03 5.21e-03 5.92e-03 6.33e-03
Planetswe height 5.04e-01 5.51e-01 1.36e+00 6.22e-01 6.87e-01  1.60e+00
velocity, 3.60e-02 3.82e-02 1.03e-01 4.40e-02 4.72e-02  1.23e-01
velocity, 3.13e-02  3.30e-02  9.56e-02 391e-02 4.21e-02 1.17e-01
Acoustic Scattering Maze pressure 9.79¢-04  1.14e-03  1.40e-03 1.07e-03  1.24e-03  1.55e-03
velocity, 1.37e-04  1.65e-04 2.22e-04 1.48e-04 1.78e-04 2.43e-04
velocity, 1.38e-04  1.65e-04 2.25e-04 1.48e-04 1.77e-04  2.46e-04
Dataset Variable T=28 T=32
Kastor-L.  Kastor-M ~ Walrus  Kastor-L  Kastor-M ~ Walrus
Active Matter D.x 9.01e-05 9.15e-05 4.51e-04 1.16e-04 1.10e-04  5.05e-04
D,y 1.56e-01  1.73e-01  2.18e-01 1.94e-01 2.11e-01  2.62e-01
D,x 1.54e-01  1.56e-01  2.15e-01 1.92e-01 1.86e-01  2.43e-01
D,y 1.06e-01  1.11e-01  1.42e-01  1.30e-01  1.30e-01  1.60e-01
E.x 1.06e-01  1.14e-01  1.41e-01 1.31e-01 1.30e-01 1.67e-01
E.y 1.06e-01  1.14e-01  1.41e-01 1.31e-01 1.30e-01  1.67e-01
Eyx 1.06e-01  1.11e-01  1.42e-01  1.30e-01  1.30e-01  1.60e-01
Eyy 1.53e-01  1.58e-01  1.95e-01 1.82e-01 1.82e-01 2.14e-01
concentration 1.53e-01  1.61e-01  1.96e-01 1.85e-01  1.82e-01  2.25e-01
velocity, 1.53e-01 1.61e-01  1.96e-01 1.85e-01 1.82e-01  2.25e-01
velocity,, 1.53e-01  1.58e-01  1.95e-01 1.82e-01 1.82e-01 2.14e-01
Rayleigh Benard buoyancy 1.19e-02  1.30e-02  1.43e-02 1.86e-02 2.02e-02  2.15e-02
pressure 1.65e-03  1.79e-03  1.99e-03 3.0le-03 3.28e-03  3.48e-03
velocity, 8.52e-03  9.23e-03  9.93e-03 1.45e-02 1.56e-02  1.65e-02
velocity, 8.88¢-03  9.83e-03  1.06e-02 1.48e-02 1.61e-02  1.70e-02
Planetswe height 7.06e-01  8.04e-01  1.80e+00 8.05e-01  9.19e-01 2.11e+00
velocity, 5.30e-02 5.71e-02 1.41e-01 6.10e-02 6.64e-02  1.59e-01
velocity, 4.79e-02  5.20e-02  1.38e-01 5.67e-02 6.26e-02  1.57e-01
Acoustic Scattering Maze pressure 1.16e-03  1.34e-03  1.68e-03  1.23e-03 1.43e-03  1.80e-03
velocity, 1.57e-04  1.89e-04 2.6le-04 1.66e-04 2.00e-04 2.79e-04
velocity, 1.58e-04  1.89e-04 2.65e-04 1.68e-04 2.00e-04 2.82e-04




Table 2: Ensemble Mean RMSE per variable and lead time 7 for final Kastor FGN models compared to Walrus finetuning
baseline.

T = 4 T = 8
Kastor-L  Kastor-M Walrus Kastor-L  Kastor-M Walrus

Dataset Variable

Active Matter D,x 1.57e-05 1.82e-05 8.59%-05 2.40e-05 2.87e-05 2.23e-04
D,y 4.35¢-03 5.47e¢-03 6.80e-03 1.21e-02 1.44e-02 2.01e-02
Dyx 4.03e-03 5.01e-03  6.28e-03  1.23e-02  1.52e-02  2.07e-02
Dyy 3.79e-03  4.73e-03  5.50e-03 1.17e-02  1.40e-02  1.84e-02
E.x 3.89¢e-03  4.72e-03 597e-03 1.18e-02 1.44e-02  1.86e-02
E.y 3.89¢e-03  4.72e-03 597e-03 1.18e-02 1.44e-02  1.86e-02
Eyx 3.79¢e-03  4.72e-03  5.50e-03 1.17e-02  1.40e-02  1.84e-02
Euy 7.22e-03  8.96e-03  1.08e-02 2.13e-02  2.49e-02  3.33e-02
concentration  7.36e-03  8.84e-03  1.11e-02  2.10e-02  2.54e-02  3.39e-02
velocity,, 7.36e-03  8.84e-03 1.11e-02 2.10e-02  2.54e-02  3.39e-02
velocity, 7.22e-03  8.97e-03 1.08e-02 2.13e-02  2.49e-02  3.33e-02
Rayleigh Benard buoyancy 2.20e-03  2.69e-03  3.13e-03  4.83e-03  5.55e-03  5.87e-03
pressure 6.37e-05  7.52e-05 7.60e-05 1.70e-04  1.95e-04  1.94e-04
velocity, 5.78e-04  7.20e-04 8.28e-04 1.63e-03  1.92e-03  2.05e-03
velocity, 5.72e-04  7.25e-04 8.42e-04 1.69¢-03  1.99¢-03  2.15e-03
Planetswe height 1.77e-01  2.03e-01  3.25e-01  3.03e-01  3.69e-01  7.14e-01
velocity, 1.26e-02  1.31e-02 2.71e-02 2.31e-02  2.55e-02  6.12e-02
velocity 1.11e-02  1.16e-02  2.44e-02  2.09e-02  2.30e-02  5.61e-02
Acoustic Scattering Maze pressure 2.90e-03  3.44e-03  4.60e-03 3.76e-03  4.28e-03  5.30e-03
velocity , 4.24e-04  5.06e-04 6.84e-04 4.96e-04 598e-04 7.85e-04
velocity,, 4.23e-04  4.99¢-04 6.84e-04 4.90e-04 5.86e-04  7.95e-04
Dataset Variable T=12 T=16

Kastor-L  Kastor-M Walrus Kastor-L.  Kastor-M Walrus

Active Matter D,x 3.76e-05 4.66e-05 3.63e-04 6.38e-05 6.96e-05 4.95e-04
D,y 3.17e-02  4.23e-02 5.65e-02 8.93e-02 8.51e-02  1.30e-01
Dyx 3.59e-02 4.44e-02  6.28¢-02  8.09e-02  9.32e-02  1.28e-01
Dyy 3.28e-02 3.84e-02 5.15e-02  6.94e-02  7.39¢e-02  9.68e-02
E.x 3.22e-02  3.90e-02 5.20e-02  7.10e-02  7.62e-02  1.00e-01
E.y 3.22e-02  3.90e-02 5.20e-02  7.10e-02  7.62¢-02  1.00e-01
Eyx 3.28e-02 3.84e-02  5.15¢-02  6.94e-02 7.39e-02  9.68e-02
Eyy 5.54e-02  6.67e-02  8.89e-02 1.16e-01 1.21e-01 1.61e-01
concentration  5.60e-02  6.68e-02  9.12e-02  1.20e-01  1.27e-01  1.66e-01
velocity,, 5.60e-02  6.68e-02 9.12e-02  1.20e-01  1.27e-01  1.66e-01
velocity, 5.54e-02  6.67e-02  8.89e-02 1.16e-01 1.21e-01  1.61e-01
Rayleigh Benard buoyancy 7.64e-03  8.81e-03  9.04e-03  1.12e-02  1.28e-02  1.30e-02
pressure 3.48e-04 4.08¢-04 4.00e-04 6.35¢-04 7.30e-04 7.07e-04
velocity,, 3.26e-03  3.74e-03  3.81e-03  5.59e-03  6.34e-03  6.28e-03
velocity, 3.41e-03  3.94e-03  4.07e-03  6.00e-03  6.85e-03  6.87e-03
Planetswe height 4.72e-01  5.58e-01 1.16e+00 6.67e-01  7.52e-01 1.61e+00
velocity, 3.61e-02 4.04e-02 9.74e-02  5.07e-02 5.68e-02  1.36e-01
velocity 3.24e-02  3.62e-02 8.99e-02 4.54e-02 5.07¢-02 1.25e-01
Acoustic Scattering Maze pressure 4.43e-03  4.94e-03  6.00e-03 4.89¢-03 5.41e-03 6.52e-03
velocity,, 5.38e-04 6.47e-04 8.69e-04 5.77e-04 6.98e-04 9.27e-04
velocity, 5.37e-04  6.41e-04 8.76e-04 5.73e-04  6.80e-04  9.35e-04
Dataset Variable T=20 =2

Kastor-L  Kastor-M Walrus Kastor-LL  Kastor-M Walrus

Continued on next page




Table 2: Ensemble Mean RMSE per variable and lead time 7 for final Kastor FGN models compared to Walrus finetuning
baseline.

Active Matter D,x 1.04e-04  1.07e-04 6.14e-04 1.39e-04 1.36e-04 7.12e-04
D,y 1.58e-01  1.54e-01 2.14e-01 2.23e-01  2.40e-01  3.09e-01
Dyx 1.57e-01  1.73e-01  2.14e-01  2.22e-01  2.29e-01  2.86e-01
Dyy 1.21e-01  1.22e-01  1.52e-01  1.65e-01  1.70e-01  2.04e-01
E.x 1.20e-01  1.22e-01  1.53e-01 1.57e-01  1.64e-01  2.00e-01
E.y 1.20e-01  1.22e-01  1.53e-01 1.57e-01  1.64e-01  2.00e-01
Eyx 1.21e-01  1.22e-01  1.52e-01  1.65e-01  1.70e-01  2.04e-01
Eyy 1.92e-01  1.92e-01 2.43e-01 2.51e-01 2.56e-01  3.04e-01
concentration  1.96e-01  1.96e-01  2.43e-01  2.42e-01 2.46e-01 2.98e-01
velocity, 1.96e-01  1.96e-01 2.43e-01 2.42e-01 2.46e-01 2.98e-01
velocity, 1.92e-01  1.92e-01 2.43e-01 2.51e-01 2.57e-01  3.04e-01
Rayleigh Benard buoyancy 1.61e-02  1.82e-02  1.87e-02  2.33e-02 2.54e-02  2.64e-02
pressure 1.14e-03  1.29e-03  1.26e-03  2.04e-03  2.24e-03  2.29¢-03
velocity , 8.80e-03  9.86e-03  9.80e-03  1.36e-02 1.50e-02 1.51e-02
velocity,, 9.65e-03  1.09¢-02  1.10e-02  1.52e-02  1.70e-02  1.72e-02
Planetswe height 8.56e-01  9.71e-01  2.04e+00 1.06e+00 1.22e+00 2.47e+00
velocity, 6.49e-02  7.29e-02 1.71e-01  7.98e-02  9.02e-02  2.04e-01
velocity , 5.78e-02  6.52e-02  1.59e-01 7.14e-02  8.14e-02  1.93e-01
Acoustic Scattering Maze pressure 5.28e-03  5.81e-03  6.96e-03  5.59e-03  6.14e-03  7.34e-03
velocity, 6.00e-04  7.20e-04  9.83e-04 6.19e-04  7.46e-04  1.03e-03
velocity, 6.03e-04  7.14e-04 1.00e-03  6.21e-04  7.40e-04  1.05e-03
Dataset Variable T=28 T=32
Kastor-L.  Kastor-M  Walrus Kastor-L.  Kastor-M  Walrus
Active Matter D,x 1.68e-04  1.76e-04  8.02e-04  2.09e-04  2.10e-04  9.02e-04
D,y 2.80e-01  3.11e-01  3.73e-01  3.48e-01  3.80e-01 4.47e-01
Dyx 2.76e-01  2.87e-01  3.65e-01 3.37e-01 3.45e-01 4.14e-01
Dyy 1.99e-01  2.10e-01  2.51e-01  2.39e-01 2.43e-01  2.83e-01
E.x 1.99e-01  2.12e-01  2.50e-01  2.42e-01 2.43e-01  2.93e-01
E.y 1.99e-01  2.12e-01  2.50e-01  2.42e-01 2.43e-01  2.93e-01
Eyx 1.99e-01  2.10e-01  2.51e-01  2.39e-01 2.43e-01 2.83e-01
Eyy 2.85e-01  2.95e-01 3.50e-01 3.35e-01  3.40e-01  3.83e-01
concentration 2.85e-01  3.0le-01  3.50e-01 3.37e-01 3.39e-01  3.98e-01
velocity,, 2.85e-01  3.01e-01  3.50e-01 3.37e-01 3.39e-01  3.98e-01
velocity, 2.85e-01  2.95e-01 3.50e-01 3.35e-01  3.40e-01  3.83e-01
Rayleigh Benard buoyancy 3.32e-02  3.54e-02  3.66e-02 4.72e-02  5.02e-02  5.04e-02
pressure 3.53e-03 3.82e-03 3.89e-03 6.16e-03  6.65¢-03  6.58e-03
velocity, 2.13e-02  2.28e-02  2.32e-02 3.31e-02  3.52e-02  3.52e-02
velocity,, 2.35e-02  2.56e-02  2.59e-02 3.61e-02  3.89e-02  3.87e-02
Planetswe height 1.23e+00 1.45e+00 2.89e+00 1.42e+00 1.67e+00 3.36e+00
velocity, 9.59-02  1.09e-01 2.37e-01 1.10e-01  1.27e-01  2.68e-01
velocity , 8.68e-02  9.93e-02 2.26e-01 1.02e-01 1.18e-01  2.58e-01
Acoustic Scattering Maze pressure 5.85e-03  6.40e-03  7.65e-03  6.08e-03  6.65e-03  7.97e-03
velocity,, 6.40e-04  7.68e-04 1.07e-03  6.55e-04  7.87e-04 1.11e-03

velocity,, 6.45e-04  7.68e-04 1.10e-03  6.66e-04  7.92e-04  1.14e-03




