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ABSTRACT

We investigate the impact of tokeniser pretraining on the accuracy and efficiency
of physics emulation. Modern high-resolution simulations produce vast volumes
of data spanning diverse physical regimes and scales. Training foundation models
to learn the dynamics underlying such data enables the modelling of complex
multiphysics phenomena, especially in data-limited settings. The emerging
class of physics foundation models typically aims to learn two tasks jointly:
(i) extracting compact representations of high-resolution spatiotemporal data, and
(ii) capturing governing physical dynamics. However, learning both tasks from
scratch simultaneously can impede the effectiveness of either process. We show
that pretraining the tokeniser with an autoencoding objective prior to training the
dynamics model enhances computational efficiency for physics emulation. Notably,
the magnitude of this benefit depends on domain alignment: pretraining on the same
physical system as the emulation task yields the largest improvements, while pre-
training on other systems provides moderate gains. In-domain pretraining reduces
VRMSE by 64% after 10,500 training steps compared to training from scratch.
To our knowledge, this is the first systematic investigation of tokeniser pretraining
for physics foundation models. We further introduce flexible spatiotemporal com-
pression operations that extend causal convolutions to support runtime-adjustable
compression ratios, enabling efficient adaptation to diverse downstream tasks.
Our findings provide practical guidance for training efficient physics emulators and
highlight the importance of strategic pretraining data selection.

1 INTRODUCTION

Modelling physical systems stands to benefit significantly from large-scale pretraining. Founda-
tion models trained across diverse physical systems can capture shared patterns that span different
physical regimes and scales; patterns that are often beyond the scope of any single simulation. How-
ever, the high spatial and temporal resolution of scientific data makes it computationally prohibitive
to train large-scale transformer-based foundation models directly in pixel space. This underscores the
need for efficient approaches to processing such data.

In state-of-the-art generative systems operating on high-resolution data, the modelling process is
often decomposed into two stages: (i) Tokenisation: extracting compact, informative representations
of temporally and spatially high-frequency features using convolutional layers,1 and (ii) Prediction:
feeding these representations into a transformer-based network to model global dependencies and
make predictions (NVIDIA et al., 2025; Yu et al., 2024; Tschannen et al., 2024; Yu et al., 2023;
Chang et al., 2022).

This separation is motivated by the hypothesis that low-level (i.e., high-frequency) structure is best
captured by locally connected architectures – namely, convolutions. At higher semantic levels (i.e.,
lower frequencies), global interactions become more important, making transformer architectures

∗Contact: mhs60@cam.ac.uk
1Here, “tokenisation” refers to learning representations (i.e., tokens) from data that will be used to train

another network; it does not imply that the tokens are quantised or discrete.
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more suitable (Esser et al., 2021). This hypothesis is supported by observations that transformers
tend to learn convolution-like structures at small scales (Dosovitskiy et al., 2021), motivating the
explicit use of convolutional layers for encoding high-frequency information. Convolutions are also
significantly more efficient to train than transformers due to their local connectivity, parameter sharing,
and linear scaling with input size. A growing body of work supports training the tokeniser and
transformer in two separate stages rather than jointly from scratch, and this staged approach has
become standard in high-resolution image and video generation (NVIDIA et al., 2025; Yu et al., 2024;
Rombach et al., 2022).

Recent physics foundation models (McCabe et al., 2025; 2024; Herde et al., 2024; Hao et al., 2024;
Pathak et al., 2022) have achieved impressive results by training tokenisers and dynamics models
jointly from scratch. However, this contrasts sharply with common practice in computer vision,
where pretrained tokenisers have become standard. This raises a natural question: can physics foun-
dation models benefit from tokeniser pretraining in the same way?

Pretraining the tokeniser offers several potential advantages. First, it decouples representation learning
from dynamics modelling, allowing each task to be learned more effectively. Second, a pretrained
tokeniser can be reused across multiple downstream applications that share the same latent space,
amortising the pretraining cost across different physics problems.

Our contribution. To our knowledge, this is the first systematic study of tokeniser pretraining for
physics foundation models. We demonstrate that pretraining the tokeniser improves training efficiency
for autoregressive prediction of physical dynamics, with benefits dependent on domain alignment
between pretraining data and autoregressive training data. Specifically, in-domain pretraining (same
physical system) yields larger improvements than out-of-domain pretraining (different systems). Our
focus is on understanding the relative benefits of different pretraining strategies. We therefore design
our experiments to facilitate systematic comparisons across pretraining conditions.

Additionally, we introduce flexible spatiotemporal compression operations that extend causal con-
volutions to support runtime-adjustable compression ratios. This enables the computational cost
of downstream tasks to be adjusted dynamically by varying the temporal and spatial coarseness
of tokens. Importantly, different physical systems exhibit varying degrees of compressibility – for
example, galaxy images compress more readily than turbulent fluid simulations – and flexible com-
pression accommodates this diversity, enabling broader applicability and better adaptation to diverse
downstream tasks without retraining.

The rest of this paper is organised as follows: Section 2 describes our methodology, including the
datasets, evaluation metrics, model design, and training procedures. Section 3 presents our results on
the impact of tokeniser pretraining in both in-domain and out-of-domain settings. Section 4 discusses
the implications of our findings, practical considerations for training physics foundation models, and
directions for future work. Section 5 provides concluding remarks. Appendix A provides detailed
dataset descriptions, Appendix B describes the tokeniser architecture and flexible compression
operations, and Appendix C contains complete training hyperparameters.

2 METHODS

This section is structured as follows: First, we describe the datasets used in our experiments
(Subsection 2.1). Next, we outline the experimental design and evaluation metrics (Subsection 2.2).
We then present the training objectives for both the dynamics model and tokeniser (Subsection 2.3),
followed by introducing the model architectures (Subsection 2.4). Finally, we detail the parameter
counts and training procedures (Subsection 2.5).

2.1 DATA

We use The Well (Ohana et al., 2025), a large-scale collection of diverse physics simulations designed
for machine learning applications. From this collection, we use the following 2D datasets: Euler
multiquadrants, Rayleigh-Bénard convection, shear flow, and active matter (see Appendix A for
details). We divide simulated trajectories into 10-frame sequences. Each sequence contains multiple
physical fields (e.g., velocity, pressure, density), which vary by dataset. Dataset properties are
summarised in Table 1.
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Table 1: Dataset sizes, dimensions, and available fields.

Dataset

Training size 736k 267.4k 171.1k 12.6k
Dimensions (512,512) (512,128) (256,512) (256,256)

Field Type Field Name Euler Rayleigh-Bénard Shear Flow Active Matter

Scalar

Energy ✓
Density ✓
Pressure ✓ ✓ ✓
Buoyancy ✓
Tracer ✓
Concentration ✓

Vector Momentum ✓
Velocity ✓ ✓ ✓

Tensor Orientation ✓
Strain-Rate ✓

2.2 EXPERIMENTS AND EVALUATION CRITERIA

The primary objective of this study is to investigate whether pretraining the tokeniser provides
measurable benefits for foundation model training. To this end, we conduct controlled experi-
ments comparing autoregressive rollout models trained with pretrained tokenisers against those with
randomly initialised tokenisers (Figure 1).

Figure 1: Overview of the experimental setup.

For the pretrained models, we consider two settings: in-domain, where both the tokeniser and rollout
model are trained on the same dataset (Euler), and out-of-domain, where the tokeniser is pretrained on
a mixture of other datasets (Rayleigh-Bénard, active matter, and shear flow) before the rollout model
is trained on Euler. The latter tests whether the benefits of pretraining generalise across physical
systems. Aside from the tokeniser, the rest of the rollout model is randomly initialised in all settings.

We evaluate the impact of tokeniser pretraining on training cost and model performance, asking:
What is the gain, in terms of compute or quality, when using a pretrained tokeniser? Specifically,
does pretraining reduce the computation required to reach a target performance level, or improve
model quality under a fixed computational budget? We focus our analysis on early stages of
downstream training, where practitioners with limited computational resources would most benefit
from training efficiency improvements. Training cost is quantified in wall-clock time. We evaluate
model performance using two complementary metrics:

Spatial error (VRMSE). We assess reconstruction quality using variance-normalised root mean
squared error:

VRMSE =

√
Ep

[
(xp − x̂p)2

]
σx

, (1)
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where x and x̂ denote the target and predicted fields, p indexes pixels, and σx is the standard
deviation of the target field computed over all pixels. This measures reconstruction error relative to
the variability in the target. We compute VRMSE per timeframe and per field, then average across
both to obtain aggregate metrics.

Spectral error (normalised error power spectrum). Spatial metrics do not reveal how well a
model captures structure at different scales. We therefore examine spectral errors by analysing the
power spectrum of the residual field. For fields x and x̂, we compute the power spectrum of the
residual x − x̂ by binning Fourier modes k′ according to their wavenumber magnitude |k′| and
averaging the squared Fourier coefficients within each bin Bk:

Px−x̂(k) =
1

|Bk|
∑

k′∈Bk

|F{x− x̂}(k′)|2 . (2)

This power spectrum quantifies the contribution of each wavenumber band to the total pixel-space
MSE via Plancherel’s theorem: the total MSE equals 1

N2

∑
k |Bk|Px−x̂(k), where N2 is the number

of spatial pixels. To obtain a scale-invariant metric, we normalise by the true field’s power spectrum
at each scale:

NEPS(k) =
Px−x̂(k)

Px(k)
, (3)

where Px(k) is the power spectrum of the true field, computed analogously to Px−x̂(k). This
normalised error power spectrum (NEPS) measures the ratio of error power to signal power at each
scale. Since each frequency band uses its own normalisation, NEPS values are not additive across
scales but provide a relative quality metric independent of the natural energy distribution. A value of
NEPS(k) = 0.1 indicates the error power is 10% of the signal power at scale k, while NEPS(k) = 1.0
means the error power equals the signal power at that scale. We partition wavenumbers into three
frequency ranges (low, mid, high) and report NEPS for each range. We compute NEPS per timeframe
and per field, obtaining aggregate metrics by averaging across timeframes and fields.

2.3 TRAINING OBJECTIVE

The autoregressive rollout model predicts the temporal evolution of physical systems. Given a
sequence of timesteps x0:t−1, the model predicts the next frame x̂t and is trained to minimise mean
absolute error (MAE):

ℓRollout = ∥xt − x̂t∥1 . (4)

The tokeniser is trained with an autoencoding objective, minimising mean squared error (MSE)
between the reconstruction x̂0:t−1 and input sequence x0:t−1:

ℓTokeniser = ∥x0:t−1 − x̂0:t−1∥22 . (5)

2.4 ARCHITECTURE

Our autoregressive rollout model consists of two components: (i) a tokeniser that compresses
spatiotemporal data into compact latent representations, and (ii) a transformer-based processor that
operates on these tokens to predict future states. The tokeniser and processor are connected by a fully
connected projection layer that matches their dimensions.

Processor. We use the processor architecture from Walrus (McCabe et al., 2025), which employs
factorised spatial and temporal attention with axial positional encodings and a causal temporal
structure. We refer readers to McCabe et al. (2025) for detailed architectural specifications.

Tokeniser. We use a simplified version of MAGVIT-2 (Yu et al., 2024), retaining the causal-
convolutional encoder-decoder backbone but removing vector quantisation, adversarial and perceptual
losses, and adaptive group normalisation. The tokeniser is trained solely with MSE reconstruction on
continuous, non-quantised latents. We further extend this architecture to support runtime-adjustable
spatiotemporal compression by adapting the approach of Mukhopadhyay et al. (2025) to causal
convolutions. This enables flexible trade-offs between compression ratio and reconstruction fidelity.
Full architectural details are provided in Appendix B.
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During rollout training, the processor and the projection layer are always trainable. For the tokeniser,
we consider two parameter training strategies. In the fully trainable setting, all tokeniser parameters
are updated jointly with the processor. In the mostly frozen setting, the core of the tokeniser is frozen
and only the layers directly interfacing with pixel space and latent space are trainable. Specifically,
this includes the encoder head, the decoder head, and the bottleneck layers, while all intermediate
blocks remain frozen.

2.5 PARAMETER COUNTS AND TRAINING RECIPE

The tokeniser’s encoder progressively increases channel dimensions from the number of physical
fields to 16, 32, and 64 channels, then compresses to a bottleneck of 18 latent channels. The decoder
mirrors this structure. The processor consists of six transformer blocks with embedding dimen-
sion 1088. Table 2 summarises the parameter counts for each component. Table 3 shows the number
of trainable parameters under each parameter training strategy. In the fully trainable setting, all
tokeniser parameters are updated during rollout training. In the mostly frozen setting, only 2% of
them remain trainable.

Table 2: Parameter counts for the tokeniser and downstream components.

Tokeniser Processor & Projection Total

5 M 100 M 105 M

Table 3: Parameter training strategies and corresponding trainable parameter budgets.

Strategy Tokeniser # Trainable Trainable Fraction

Fully trainable (�) 5 M 5 M 100 %
Mostly frozen (�) 85 k 2 %

From each 10-frame sequence described in Subsection 2.1, the first 9 are used for autoencoding
in tokeniser pretraining and as context for predicting the 10th frame in rollout training. We use an
effective batch size of 16 (two examples per GPU across 8 GPUs) for all experiments. We pretrain
the tokeniser for 168,000 steps using the SOAP optimiser (Vyas et al., 2025). For rollout training,
we train for 29,400 steps using the AdamW optimiser (Loshchilov & Hutter, 2019) with a learning
rate scheduler. When pretraining on multiple datasets, we sample each dataset with equal probability.
Tokeniser pretraining uses distributed data parallel (DDP), while rollout training uses fully sharded
data parallel (FSDP). All experiments are conducted on compute nodes comprising eight H100 GPUs
and 64 Intel Ice Lake CPU cores. Additional hyperparameters are provided in Appendix C.

3 RESULTS

3.1 TRAINING COST

To enable direct comparison of computational costs, Table 4 reports wall-clock time for 2100 training
steps, corresponding to approximately 4.6% of the Euler dataset.

Table 4: Wall-clock time for 2100 training steps (33,600 examples across eight GPUs).

(a) Tokeniser

Training dataset Time (min.)

Euler 47.2± 0.8
Multi 26.04± 0.27

(b) Rollout

Training dataset Time (min.)

Euler 64.5± 1.6
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3.2 DOWNSTREAM PERFORMANCE

Table 5 reports the performance of the rollout model on next-frame prediction after 10,500 training
steps (168,000 examples across eight GPUs). We focus on this early training regime to assess the
computational efficiency benefits of pretraining under limited budgets. All metrics are evaluated on
the validation set by computing predictions for frame t given context frames 0 through t− 1, then
comparing the predicted frame x̂t to the ground truth xt. To reduce sensitivity to the particular choice
of validation examples, we randomly sample 10 subsets of 4096 examples from the validation set,
compute metrics on each subset, and report the mean across these 10 subsets. Figure 2 shows how
these validation metrics evolve over a period of 29,400 steps for a representative run.

Table 5: Next-frame prediction performance on the validation set after 10,500 training steps for dif-
ferent pretraining and freezing configurations. Metrics are averaged over 10 random subsets of 4096
validation examples. The � and � symbols indicate fully trainable and mostly frozen tokenisers,
respectively.

VRMSE Spectral–Low Spectral–Mid Spectral–High

� No pretraining 0.439 0.021 1.039 1.408
� In-domain 0.158 0.001 0.167 1.381
� In-domain 0.162 0.002 0.190 1.545
� Out-of-domain 0.355 0.012 0.642 1.659
� Out-of-domain 0.643 0.544 0.801 1.229

0k 10k 20k 30k
Step

10 1

100

VRMSE
Out-of-domain, Frozen 
Out-of-domain, Trainable
In-domain, Frozen
In-domain, Trainable
No Pretraining

0k 10k 20k 30k
Step

10 3

10 2

10 1

100

101

Spectral Low

0k 10k 20k 30k
Step

Spectral Mid

0k 10k 20k 30k
Step

Spectral High

Figure 2: Next-frame prediction learning curves on the validation set, shown over 29,400 training steps
for different pretraining and freezing configurations. Each panel shows a different evaluation metric:
VRMSE (leftmost), and spectral error at low-, mid-, and high-frequency ranges.

Tokeniser pretraining provides substantial improvements under limited computational budgets, with
gains depending on domain alignment. In-domain pretraining reduces VRMSE by 64% compared to
training from scratch (Table 5: 0.158vs. 0.439 for fully trainable; 0.162vs. 0.439 when mostly frozen).
Out-of-domain pretraining provides more modest gains of 19% when the tokeniser remains trainable,
though freezing it in this setting degrades performance.

Figure 2 reveals how pretraining affects learning dynamics across spatial scales. In-domain pretrained
models rapidly achieve the lowest VRMSE: both fully trainable and mostly frozen variants reach
low error within 10,000 steps and maintain this advantage throughout training. At low frequencies,
in-domain models improve by more than two orders of magnitude early in training. The out-of-
domain trainable and no-pretraining models eventually reach similar error levels to each other, while
the out-of-domain frozen model remains at higher error. At mid frequencies, all pretrained models
initially outperform training from scratch. In-domain pretraining achieves the lowest error and
maintains this advantage throughout training. The out-of-domain trainable model converges to the
no-pretraining baseline around 20,000 steps, whereas the out-of-domain frozen model begins to
underperform the baseline around 15,000 steps. At high frequencies, all models produce poor quality
(NEPS ≈ 1.0), but their learning dynamics differ: in-domain models show improving performance,
whereas models without pretraining or with out-of-domain pretraining degrade over training.

6



Published as a workshop paper at ICLR 2026 AI & PDE

3.3 FREEZING STRATEGIES

For the in-domain case, the fully trainable and mostly frozen variants achieve nearly identical perfor-
mance on next-frame prediction, raising the question of whether one approach offers any advantages.
To investigate this, we examine later rollout steps, where errors can accumulate. We also extend
training to 210,000 steps to assess whether differences emerge with longer training. Specifically,
we evaluate autoregressive rollout quality over 18 prediction steps.2 Figure 3 shows VRMSE on
the validation set across early (step 1 and step 2), medium (steps 3-6), and long (steps 7-18) rollout
horizons for a representative run, with each metric averaged over 1024 validation examples.

0k 100k 200k
Step

10 1

100

V
R

M
SE

Step 1 (Next-frame pred.)
In-domain, Frozen
In-domain, Trainable
No Pretraining

0k 100k 200k
Step

Step 2

0k 100k 200k
Step

Steps 3-6

0k 100k 200k
Step

Steps 7-18

Figure 3: Autoregressive rollout learning curves over 210,000 training steps. Each panel shows
VRMSE at a different rollout horizon. The shaded region indicates the training range in Figure 2.

As expected, rollout quality degrades at longer prediction horizons across all configurations, as errors
accumulate over autoregressive steps. However, for in-domain pretraining, the mostly frozen tokeniser
consistently outperforms the fully trainable variant, with the performance gap widening at longer
rollout windows, most notably at steps 7-18. This suggests that freezing most of the pretrained
tokeniser provides a regularisation benefit that helps prevent error accumulation during long rollouts.

4 DISCUSSION

4.1 KEY FINDINGS

Our results provide the first systematic evidence on the role of tokeniser pretraining in physics
foundation models. We show that pretraining substantially accelerates autoregressive training under
limited computational budgets, with benefits critically dependent on domain alignment between
pretraining data and autoregressive training data. Key findings include:

Domain alignment determines pretraining benefits. In-domain pretraining reduces VRMSE by
64% after 10,500 training steps compared to training from scratch, with this advantage emerging early
and persisting throughout training. Out-of-domain pretraining provides more modest improvements
of 19% when the tokeniser remains trainable, though freezing it in this setting degrades performance
below the no-pretraining baseline.

Scale-dependent learning dynamics. Pretraining affects learning differently across spatial scales
(Figure 2). At low frequencies, in-domain models achieve excellent final performance (NEPS ∼ 0.001)
compared to models without pretraining (NEPS ∼ 0.02). At mid frequencies, in-domain models
maintain consistently lower error throughout training (NEPS ∼0.1–0.3 vs. ∼0.3–1.0 without pretrain-
ing). At high frequencies, all models show poor quality (NEPS ≈ 1.0), but in-domain pretraining
enables continuous improvement whereas other models show progressive degradation.

Frozen tokenisers can outperform trainable ones for long rollouts. In-domain pretrained models
perform similarly on next-frame prediction whether the tokeniser is fully trainable or mostly frozen.

2Starting from 9 frames of ground truth context (t = 0 to t = 8), the model autoregressively predicts the
next frame (t = 9). Each prediction is then fed back as input for the subsequent prediction. We continue this
process until frame t = 26 (18 autoregressive steps).
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However, the frozen variant consistently outperforms on longer autoregressive rollouts, with its
advantage widening at longer horizons. This suggests freezing the pretrained tokeniser provides
regularisation that prevents error accumulation. Practically, a mostly frozen tokeniser reduces
trainable parameters by 98% (from 5M to 85k) while improving rollout quality.

4.2 LIMITATIONS

Several limitations warrant discussion. First, out-of-domain pretraining provides modest benefits, and
freezing the tokeniser in this setting degrades performance below the no-pretraining baseline. One
explanation is limited field overlap between pretraining and downstream datasets: only one of the
four physical quantities in the Euler dataset appears in the multi-dataset mixture (Table 1), while the
others are encountered only during rollout training. Future work could investigate whether greater
field overlap improves out-of-domain transfer, or develop methods to help pretrained tokenisers adapt
to previously unseen physical fields.

Second, while our results demonstrate clear efficiency gains from pretraining, absolute error values
remain higher than state-of-the-art physics emulators. Additionally, all models show limited prediction
quality at high spatial frequencies. These limitations likely stem from the constrained capacity of
our compact 5M-parameter tokeniser. Scaling studies with larger models, as well as architectural
modifications, are needed to reach competitive performance levels and preserve fine-scale structure.

Finally, although we introduce flexible spatiotemporal compression and its theoretical motivation,
its practical benefits have yet to be thoroughly investigated. Systematic experiments examining
how flexible compression affects both autoencoding quality and downstream performance would
strengthen our understanding of this capability and its advantages over fixed compression.

4.3 FUTURE DIRECTIONS

Downstream task diversity. While this work focuses on autoregressive rollout prediction, pretrained
tokenisers may prove valuable across a broader range of downstream settings. Applying the same
pretrained tokeniser to diverse tasks and training objectives – such as masked token modelling,
physical parameter inference, or inverse problems – would help reveal which settings benefit most
from autoencoding pretraining.

Tokeniser architecture & training improvements. Investigating tokeniser design could yield more
general insights and improve both pretraining and downstream accuracy. Promising directions include:
evaluating alternative architectures to identify inductive biases better suited to physics data; scaling
studies to determine whether benefits compound at larger capacity and with more diverse pretraining
data; comparing training objectives (reconstruction, perceptual, adversarial losses) and quantisation
strategies; and determining optimal pretraining budgets (measured in training steps, dataset size, or
target accuracy) to maximise downstream performance while minimising computational cost.

Data composition & domain alignment. Our results show that domain alignment between pretrain-
ing and downstream datasets significantly impacts performance gains, raising an important question
about data composition: given a fixed pretraining budget, does training on diverse multi-physics
mixtures produce more versatile and generalisable tokenisers than domain-specific pretraining?
Furthermore, systematically varying domain similarity, from small differences (boundary conditions,
physical parameters) to large ones (governing equations), would quantify how domain proximity
impacts transfer. Additionally, varying the size of the downstream dataset would reveal how pre-
training gains scale with data availability and whether tokeniser pretraining is especially valuable in
data-limited regimes.

Physics-aware evaluation metrics. While our spatial and spectral metrics assess reconstruction
fidelity, they do not capture whether models respect underlying physical principles. Developing
physics-informed metrics that assess conservation laws, symmetries, and domain-specific constraints
would provide deeper insight into model quality. Extending spectral analysis to the temporal domain
would further reveal how models capture dynamics across timescales, identifying whether they
accurately represent both fast transients and slow evolution or systematically bias toward certain
temporal frequencies.
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Together, these research directions would yield principled guidelines for tokeniser pretraining in
physics foundation models, clarifying when pretraining justifies its computational cost and how
data composition and domain alignment shape its benefits. Additionally, if future investigations
demonstrate consistent out-of-domain benefits, they would justify developing and releasing high-
quality pretrained tokenisers as community resources across scientific and engineering domains.

5 CONCLUSION

This work provides the first systematic investigation of tokeniser pretraining for physics founda-
tion models. We demonstrate that pretraining offers a practical path to improved training efficiency,
with benefits that depend critically on domain alignment between pretraining and downstream datasets.
We also find that freezing most of an in-domain pretrained tokeniser can improve long-horizon
rollouts, suggesting a simple regularisation strategy for stable autoregressive prediction. These
findings position tokeniser pretraining as a simple yet effective mechanism for improving the training
of physics foundation models.

Looking forward, the strong dependence on domain alignment raises important questions about
optimal pretraining strategies. As physics foundation models continue to scale and tackle increasingly
complex problems, understanding when and how to leverage pretrained tokenisers will be essential
for their effective deployment across diverse computational settings. The insights from this work
contribute to a broader understanding of how to build efficient, scalable foundation models that can
accelerate scientific progress across domains.
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A DATASET PROPERTIES

Euler multiquadrants. Evolution of different gases starting with piecewise constant initial data
in quadrants. The evolution can give rise to shocks, rarefaction waves, contact discontinuities,
interaction with each other and domain walls. The evolved fields are density ρ, energy e, pressure p,
and momentum components (px, py), and the system follows Euler equations for a compressible
gas. The data are sampled on a uniform 512×512 Cartesian grid over 100 timesteps. The dataset
comprises 20 parameter configurations, varying in boundary condition type (open or periodic) and
gas constant γ, with 500 trajectories per configuration.

Rayleigh-Bénard convection. Simulations of classical Rayleigh-Bénard convection, where a
horizontal fluid layer heated from below develops convective rolls (Bénard cells) due to thermal
buoyancy forces. The evolved fields include buoyancy b, pressure p, and velocity components
(vx, vy), governed by the Boussinesq approximation of the Navier-Stokes equations. The data are
sampled on a 512×128 Cartesian grid over 200 timesteps, across 35 parameter sets and 50 trajectories
per parameter set.

Shear flow. Continuous deformation of adjacent fluid layers sliding past each other with different
velocities. The evolved fields are tracer s, pressure p, and velocity components (vx, vy), and the
system is governed by incompressible Navier-Stokes equations. The data are sampled on a uniform
256×512 Cartesian grid over 200 timesteps, across 28 flow configurations and 40 trajectories per
configuration.

Active matter. Simulation of a continuum model for biological active matter, comprising rod-like
particles immersed in a Stokes fluid. The evolved fields include a tracer-like concentration field c,
fluid velocity (vx, vy), an orientation tensor (describing alignment of the active agents), and a strain-
rate tensor. The data are sampled on a uniform 256×256 Cartesian grid over 81 timesteps, across 45
parameter sets and 5 trajectories per parameter set.

12



Published as a workshop paper at ICLR 2026 AI & PDE

B TOKENISER ARCHITECTURE AND FLEXIBLE COMPRESSION

Figure 4: MAGVIT-Simple architecture.

MAGVIT-Simple autoencodes temporal sequences of 2D or 3D simulations x ∈ RT×S1×···×Sk ,
where k ∈ {2, 3}. The temporal size T is set to “1 + a power of two”, and the spatial sizes Si are
powers of two. Figure 4 illustrates the tokeniser architecture.

We employ causal convolutions, as introduced in MAGVIT-2, which enable joint image-video tokeni-
sation and have been shown to outperform non-causal convolutions and attention-based blocks (Yu
et al., 2024). For 2D simulations, a 3D causal convolutional layer with kernel size (kt, ks, ks) is
applied to the input.3 Spatial padding is applied symmetrically to both ends of each spatial dimension
and is configured to preserve the input’s spatial size. Temporal padding is applied only at the begin-
ning (i.e., kt − 1 leading frames), with no padding at the end. This preserves the temporal size of
the input and ensures that each output timeframe depends only on the current and preceding frames.
Padding values are set to zero.

The encoder and decoder heads use adaptive causal 3D convolutions that support a variable number of
input physical fields. A single convolutional kernel is learned for the maximum number of fields, ctotal.
At runtime, given an input with cactive fields, rows and columns corresponding to active fields are
selected from the weight matrix, and the output is rescaled by

√
ctotal/cactive to compensate for

reduced fan-in. This follows the field embedding approach from MPP (McCabe et al., 2024).

To enable flexible downsampling, we adapt the convolutional kernel modulation of Mukhopadhyay
et al. (2025) to causal convolutions. For downsampling, we follow the idea of convolutional kernel
modulation introduced in Mukhopadhyay et al. (2025) and extend it to causal convolutions. Let
the set of scaling factors in a downsampling layer be denoted by { (st, ss)i }, where each pair
(st, ss) consists of temporal and spatial strides, both chosen as powers of two. We use strided causal
convolutions with adaptive kernel sizes to perform downsampling.

3Operating on 3D simulations would require 4D causal convolutions.
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Given a scaling pair (st, ss), we define the spatial and temporal kernel sizes as:

ks = ss kt =

{
1 + st if st > 1,

st if st = 1.
. (6)

The stride is set to the corresponding scaling factor. This results in non-overlapping convolutions in
space and a one-frame overlap in time. The kernel weights are obtained by interpolating from a base
kernel, corresponding to the largest scaling factors (st,max, ss,max) and thus having the largest size.

For flexible upsampling, we explore two strategies: causal transposed convolutions and the depth-to-
space (pixel shuffle) operation. The former follows the same principle as flexible strided convolutions,
with an additional convolution at the end to adjust the output dimensions. In the latter approach,
the number of channels is first expanded by the product of the scaling factors, st × sks , via a
causal convolution. The resulting tensor is then rearranged, redistributing channel values into the
spatiotemporal dimensions.

To enable flexible upsampling with depth-to-space, we define the base convolutional kernel that
upsamples by the largest scaling factor. For any smaller scaling factor that divides the base, we first
perform base upsampling and then subsample the output to achieve the desired lower dimensionality.
In some cases, this behaviour can be reproduced more efficiently by subsampling the base convo-
lutional kernel directly, thereby avoiding redundant computation. One such case arises when the
subsampling strategy selects every

η =

(
st,base

st
,

ss,base

ss

)
pixel in the output; a strategy we adopt in our flexible depth-to-space layers. Finally, because this
operation introduces additional timeframes, we follow MAGVIT-2 (Yu et al., 2024) and discard the
first st − 1 frames from the output.
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C DETAILED TRAINING RECIPE

This appendix provides the complete set of hyperparameters for both training stages. High-level train-
ing details are described in Subsection 2.5, and the tokeniser architecture is described in Appendix B.
Table 6 summarises the training hyperparameters.

Table 6: Training hyperparameters for tokeniser pretraining and autoregressive rollout training.

Hyperparameter Tokeniser Pretraining Rollout Training

Optimiser
Optimiser SOAP AdamW
[Peak] learning rate 5× 10−4 5× 10−5

Betas (0.95, 0.95) (0.9, 0.999)
Weight decay 0.01 10−4

ϵ 10−8 10−10

LR scheduler — Inv. sqrt (see below)

Training
Max steps 168,000 29,400
Gradient clipping 0.5 5.0
Distribution strategy DDP FSDP

Learning rate schedule. For tokeniser pretraining, no learning rate scheduler is used; the learning
rate remains constant at 5× 10−4 throughout training.

For rollout training, we use an inverse-square-root schedule with linear warmup and square-root
cooldown, stepping once per epoch. Let e denote the current epoch (0-indexed), with total epochs E,
warmup duration W , cooldown duration C, warmup starting factor α = 0.1, and decay offset
κ = 128. The schedule has three phases:

Warmup (e ≤ W ): The learning rate increases linearly:

lr(e) = lrpeak

(
α+ (1− α)

e

W

)
. (7)

Decay (W < e ≤ E − C): The learning rate follows an inverse-square-root decay:

lr(e) =
lrpeak

1 +
√
s+ κ−

√
κ
, (8)

where s := e−W counts epochs into decay (s = 1, 2, . . .).

Cooldown (e > E − C): The learning rate ramps down with a square-root profile:

lr(e) = lrend

(
1−

√
t− 1

C

)
, (9)

where t := e− (E − C) counts epochs into cooldown (t = 1, 2, . . .) and

lrend :=
lrpeak

1 +
√
E − C + κ−

√
κ
. (10)

Data loading and recycling. Each GPU processes a disjoint shard of the training data. For tokeniser
pretraining, each shard contains 21,000 unique batches (of size 2). Once all unique batches have been
consumed, the data loader reseeds its random number generator and begins iterating over the dataset
again, allowing resampling in subsequent passes. For rollout training, the same mechanism applies
but each shard contains 2100 unique batches.

Convolution details. Encoder and decoder heads use causal 3D convolutions with kernel size
(kt, ks, ks) = (3, 3, 3) and stride 1. Temporal padding is applied only at the past (leading kt − 1 = 2
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frames) so that each output timestep depends only on current and previous inputs; spatial padding is
symmetric (1 pixel per side). All residual blocks use causal 3D convolutions with kernel size 3 and
stride 1. The encoder bottleneck uses a 1× 1× 1 convolution to project to the latent dimension; the
decoder bottleneck uses kernel size 3.

In downsampling layers, stride equals the chosen compression (st, ss, ss) (see Table 7). The convo-
lution kernel size is tied to the stride: temporal size is kt = 1 + st when st > 1 and kt = st when
st = 1; spatial size is ks = ss. Thus for the flexible layers the temporal kernel size is 1 or 3 and the
spatial kernel size is 2 or 4. Spatial padding in these layers is “valid” (no padding).

We use depth-to-space upsampling. The corresponding layers employ causal 3× 3× 3 convolutions.
These convolutions follow the same padding scheme as elsewhere: causal in time (two leading frames,
no trailing) and symmetric in space (one pixel on each side) so that spatial size is preserved before
the depth-to-space rearrangement.

Compression factors. Table 7 summarises the temporal and spatial compression factors at each
downsampling depth of the tokeniser (see Appendix B for the flexible compression mechanism).
During training, the tokeniser uniformly samples one factor from each set at every forward pass;
during validation, the scales are fixed to (1, 2), (2, 2), (2, 2) for depths #1–#3 respectively.

Table 7: Temporal and spatial compression factors at each tokeniser depth. Values in braces indicate
the set from which a factor is uniformly sampled during training.

Depth Temporal Compression Spatial Compression

#1 1 2
#2 {1, 2} {2, 4}
#3 {1, 2} {2, 4}

Processor configuration. As noted in Subsection 2.5, the processor has an embedding dimension
of 1088 and the tokeniser bottleneck dimension is 18. A linear projection maps between the 18-
dimensional tokeniser output and 1088-dimensional processor input, with a symmetric projection
mapping back after the final block. Each of the six processor blocks consists of full spatial attention
followed by axial temporal attention, both using 16 attention heads. Spatial attention employs a
SwiGLU MLP with 4× expansion ratio (hidden dimension 4352) and Rotary Position Embeddings
(RoPE) with axial frequencies. Temporal attention uses causal masking and learned relative position
biases. Block normalisation is RMSGroupNorm and stochastic depth (drop path) is applied with a
linearly increasing rate from 0 to 0.05 across blocks.

Input normalisation. In both training stages, each input sample is normalised before being fed to
the tokeniser. We compute the root mean square (RMS) of each physical field over all timesteps and
spatial locations, and divide by this value (clamped below at ϵ = 10−7 for numerical stability). The
inverse transform is applied to the output. This samplewise normalisation operates independently per
sample and per field.
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