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ARTICLE INFO ABSTRACT

Communicated by Dmitry Pelinovsky Predicting high-dimensional dynamical systems with irregular time steps presents significant challenges for cur-
rent data-driven algorithms. These irregularities arise from missing data, sparse observations, or adaptive com-
putational techniques, reducing prediction accuracy. To address these limitations, we propose a novel method:
a Physics-Spatiotemporal Masked Autoencoder. This method integrates convolutional autoencoders for spatial
Fluid dynamics feature extraction with masked autoencoders optimised for irregular time series, leveraging attention mecha-
Spatiotemporal forecasting nisms to reconstruct the entire physical sequence in a single prediction pass. The model avoids the need for
Climate prediction data imputation while preserving the physical integrity of the system. Here, *physics’ refers to high-dimensional
fields generated from underlying dynamical systems, rather than enforcing explicit physical constraints or PDE
residuals. We evaluate this approach on multiple simulated datasets and real-world ocean temperature data. The
results demonstrate that our method achieves significant improvements in prediction accuracy, robustness to
nonlinearities, and computational efficiency over traditional convolutional and recurrent network methods. The
model shows potential for capturing complex spatiotemporal patterns without requiring domain-specific knowl-
edge, with applications in climate modelling, fluid dynamics, ocean forecasting, environmental monitoring, and
scientific computing.
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1. Introduction stepping in numerical solvers based on Partial Differential Equations
(PDEs) [2-4]. Conventional machine learning models, such as Multi-
Predicting high-dimensional dynamical systems is challenging when Layer Perceptrons (MLPs) and Recurrent Neural Networks (RNNs), typ-

observations occur at irregular time intervals. Such irregularities fre- ically assume regularly sampled data and struggle to generalise when
quently arise in scientific simulations and observational datasets due faced with temporal gaps or uneven sampling [5]. To compensate, many
to sensor failures, sparse measurement networks [1], or adaptive time workflows rely on preprocessing techniques [6], such as resampling,
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Main Notations

X, Observation state in the full space at time step ¢

%, Predicted state in the full space at time step 7

Z Observation state in the latent space at time step ¢

VA Predicted state in the latent space at time step ¢

Tin Set of input time steps

Tout Set of forecasting time steps

Trniss Set of missing time steps of the input

Tobs Set of observed time steps of the input

tin Number of input time steps

tout Number of forecasting time steps

Xr Physical states for the set of time steps T

X Reconstructed sequence in the full space

7 Latent states for the set of time steps 7'

7 Reconstructed sequence in the latent space

D, Placeholders in the full space

O, Physical placeholder state

D, Placeholders in the latent space

¢, Latent placeholding state

d, Dimension of the physical state

d, Dimension of the latent state

dy Dimension of the attention vector

QK,V Attention matrices of transformer blocks

Wo, Wi, Wy, Trainable weight matrices of transformer blocks

A Attention weights matrix

(0] Output matrix from transformer block

(o Final output matrix from transformer block

fE Encoder function mapping physical to latent
space

/o Decoder function mapping latent to physical
space

0p Parameters of the encoder

0p Parameters of the decoder

& Positional embedding at time step ¢

L Overall loss function

A Weighting coefficient for the latent loss

interpolation [7], or data assimilation [8] to produce uniformly spaced
sequences. However, these procedures can introduce bias, increase com-
putational cost, and obscure the true temporal dynamics of the sys-
tem [9,10]. There is a clear need for models that can directly learn from
irregular time series without preprocessing while accurately capturing
the underlying spatiotemporal structure of the physical system.

Traditional approaches to handling temporally irregular observa-
tions include time series models like Auto-Regressive Integrated Moving
Average (ARIMA) [11] and data assimilation algorithms such as Kalman
Filters [12]. While ARIMA models are effective for univariate, station-
ary time series, they face limitations with high-dimensional, nonlinear
systems [13,14]. Kalman Filters estimate the state of a linear system
from incomplete measurements but rely on assumptions of linearity and
normality that often do not hold in complex, high-dimensional dynam-
ics [15]. Extended and Unscented Kalman Filters [16-19] attempt to
address nonlinearities but still struggle with high dimensionality and
irregular time steps common in real-world data.

More recently, deep learning models like Convolutional Neural Net-
works (CNNs) and RNNs have shown advantages in surrogate modelling
of time series problems by leveraging their ability to capture spatial
and temporal patterns, respectively. Deep Convolutional Recurrent Au-
toencoder (ConvRAE) [20] combines CNNs with Long Short-Term Mem-
ory Networks (LSTMs) to capture both spatial and temporal patterns.
However, it inherits RNNs’ drawbacks, such as vanishing and exploding
gradients [21], which become detrimental for long sequences in high-
dimensional dynamical systems [22]. Convolutional Long Short-Term
Memory Network (ConvLSTM) [23] combines convolutional operations
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with LSTM cells to directly model spatiotemporal relations. Neverthe-
less, these RNN-based approaches rely on regularly sampled time series,
limiting their applicability to irregular time steps. Alternative meth-
ods [24] require interpolation to estimate time points that do not align
with the established time grid. These limitations prompt the need for
models capable of handling irregular time steps and incomplete data
while preserving the integrity of physical processes (see Fig. 1).

Recent advancements in transformers [25] have introduced a power-
ful architecture for time series modelling for handling irregular and in-
complete data [26,27]. Originally developed for Natural Language Pro-
cessing (NLP) [28], transformers are well-suited for sequences of vari-
able lengths and missing elements due to their self-attention mechanism.
Unlike RNNs that process inputs sequentially, this mechanism enables
simultaneous attention to various parts of the input sequence and is
highly parallelisable, thereby capturing long-range dependencies even
when parts of the data are missing or unevenly spaced. Methods like
Bidirectional Encoder Representations from Transformers (BERT) [29]
in language understanding and Masked Autoencoder (MAE) [30] in
image recognition demonstrate the efficacy of masking strategies for
learning robust representations. Building on these successes, Time Se-
ries Masked Autoencoder (TiMAE) [31] has demonstrated the utility of
self-supervised learning and masked modelling for reconstructing miss-
ing data points in time series prediction. However, this approach has
largely been applied in low-dimensional systems, such as financial [32]
or healthcare [33] time series, and has not been fully extended to more
complex, high-dimensional dynamical systems governed by physical
processes. Modelling these systems presents challenges due to computa-
tional complexity and memory usage associated with high dimensional-
ity, while maintaining spatial and temporal coherence under irregular
observations remains difficult for traditional deep learning models and
common transformer variants [34].

Existing approaches for irregular time series modelling in dynami-
cal systems exhibit fundamental limitations. Neural ordinary differential
equation (Neural ODE)-based methods require continuous-time solvers
and are often sensitive to stiffness and numerical instability in high-
dimensional PDE systems. Interpolation-based transformers and recur-
rent models rely on resampling or imputation, which can distort the true
temporal dynamics. In contrast, masked reconstruction enables direct
modelling of irregularly sampled sequences without explicit interpola-
tion or continuous-time integration.

To address these challenges, we propose a novel model called
Physics Spatiotemporal Masked Autoencoder (P-STMAE). Unlike pre-
vious transformer models primarily focused on low-dimensional data,
P-STMAE is specifically designed for modelling high-dimensional dy-
namical systems, incorporating both spatial and temporal dependen-
cies in a unified framework. The core innovation lies in combin-
ing a convolutional autoencoder for spatial feature extraction with
a masked autoencoder optimised for irregular time series prediction.
The convolutional autoencoder compresses high-dimensional physical
data into a low-dimensional latent space, thereby reducing computa-
tional complexity while retaining essential spatiotemporal features. In
the latent space, a masked autoencoder uses the transformer’s self-
attention mechanism to predict future states. The framework intro-
duces placeholder and masking strategies to handle temporal depen-
dencies among partially observed sequences, with positional encodings
preserving the temporal order under irregular sequences. The train-
ing adopts a purely data-driven approach [35], optimising a com-
bination of physical and latent space losses without domain-specific
knowledge.

We conduct numerical experiments on three datasets: two simulated
scenarios from PDEBench [36] (Shallow Water equations and Diffusion
Reaction equations) and one real-world ocean fluid dataset, NOAA Sea
Surface Temperature (SST) [37], obtained from satellite and ship-based
observations. This combination ensures that P-STMAE adheres to scien-
tific standards and generalises to diverse challenges in physical systems.

In summary, this paper makes the following key contributions:
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Fig. 1. Comparison of Sequence-to-Sequence(Seq2Seq) prediction methods in dynamical systems of irregular time steps. Left: Traditional RNN-based models feature
step-wise rolling out with necessary data imputation for handling missing steps, which may introduce biases and cumulative errors. Right: Our model performs
element-wise predictions in the latent space by adaptive attention mechanism to reconstruct the complete sequence in a single pass.

e A spatiotemporal masked autoencoder for latent dynamics mod-

elling.

Placeholder-based attention for handling irregular and missing time

steps.

¢ A unified framework for sequence reconstruction and forecasting.

e The proposed model outperforms ConvLSTM and ConvRAE with im-
proved efficiency and interpretability.

Our approach provides computational advantages over traditional
physics-based PDE solvers. Traditional time-stepping methods often re-
quire many small steps due to stability constraints and may involve it-
erative linear solves, whereas P-STMAE learns an approximation to the
flow map and produces forecasts with a limited number of GPU-based
forward passes [38,39], thereby reducing inference time and energy
consumption while preserving spatiotemporal fidelity.

To avoid potential ambiguity, we clarify that the notion of "physi-
cal consistency” in this work is relative rather than constraint-based. P-
STMAE does not explicitly enforce PDE residuals or conservation laws.
Instead, inspired by masked autoencoder approaches for time-series dy-
namics such as TS-MAE [40], it models the temporal evolution of phys-
ical fields in a latent space and improves the stability and coherence of
the learned dynamics without introducing hard physics constraints. Re-
lated latent-space forecasting approaches have also been explored and
validated in independent studies [41,42].

To the best of our knowledge, our proposed model is among the first
to unify Convolutional Autoencoder (CAE)-based spatial compression
with masked temporal modelling using transformers in the latent space,
specifically targeting high-dimensional, irregularly sampled dynamical
systems.

The remainder of this paper is organised as follows: Section 2 pro-
vides related work on reduced order modelling and deep learning-
based approaches for high-dimensional dynamical systems. Section 3
introduces the proposed P-STMAE model, detailing its architecture and
methodology. Section 4 presents the numerical experiments conducted
on both synthetic and real-world datasets to evaluate the model’s perfor-
mance. Finally, Section 5 discusses limitations and concludes the paper.

2. Related work
2.1. Traditional approaches to irregular time series

Traditional approaches to handling temporally irregular observa-
tions include time series models like ARIMA [11] and data assimila-
tion algorithms such as Kalman Filters [12]. While ARIMA models are
effective for univariate, stationary time series, they face limitations
with high-dimensional, nonlinear systems [13,14]. Kalman Filters es-

timate the state of a linear system from incomplete measurements but
rely on assumptions of linearity and normality that often do not hold
in complex, high-dimensional dynamics [15]. Extended and Unscented
Kalman Filters [16,17] attempt to address nonlinearities but still strug-
gle with high dimensionality and irregular time steps common in real-
world data. These limitations motivate the development of deep learning
approaches capable of handling high-dimensional, nonlinear dynamics
with irregular temporal sampling.

2.2. Reduced order modelling and autoencoders

Reduced Order Modelling (ROM) aims to reduce the computational
cost of simulating high-fidelity dynamical systems by constructing effi-
cient surrogate models that preserve essential system dynamics [43-47].
These models enable faster predictions by approximating the original
system in a lower-dimensional space while retaining relevant features
for downstream tasks [48,49].

Traditional projection-based methods, such as Proper Orthogonal
Decomposition (POD) [50] or Dynamic Mode Decomposition (DMD),
project data onto optimal linear subspaces that explain most of the vari-
ance. However, their effectiveness is limited when the system exhibits
strong nonlinearity and time-varying behaviour. Moreover, they are of-
ten intrusive, requiring access to the governing equations or system op-
erators during the reduction process [51].

Deep learning offers a non-intrusive and flexible alternative for ROM.
In particular, autoencoders can learn nonlinear manifolds from data
alone, making them effective in compressing and reconstructing high-
dimensional spatial features [52,53]. CAEs are widely used in spatiotem-
poral modelling, where spatial patterns can be compressed into latent
representations and later decoded to reconstruct the original fields.

Formally, a CAE consists of an encoder and decoder:

z, = fp(X;0E), (@]
X, = fp(z;;6p), @

where ¢ € N represents each valid time step, and fy : R% — R¢:
represents the encoding function that maps the input physical state x,
to the compressed latent space z, using the parameters 6, commonly
d, < d,. Similarly, fp, : Rz — R% denotes the decoding function that
reconstructs the original physical state %, € R% using the parameters
0.

The training goal is to minimise the reconstruction loss, which mea-
sures the mean squared error between the input and output physical
states averaged over total time steps T

T
£ % .1 o 2
0. 65, =arg9?1gr})7§[E[||x,—x,|| ] 3)



K. Zhufn1 et al

A notable advantage of using deep autoencoders in ROM is their
ability to learn nonlinear manifolds, for high-dimensional and nonlinear
dynamics, which are common in fluid mechanics, climate systems, and
biological simulations.

2.3. Sequence modelling in latent space

RNNs [54] are a type of neural networks tailored for handling se-
quence data, making them effective for time series and sequential tasks.
Unlike traditional feed-forward neural networks, RNNs capture informa-
tion from previous states through internal hidden memories, enabling
them to maintain and process temporal dependencies [55]. Specifically,
LSTMs use three information gates, including input, forget, and output
gates, to regulate what information should be added, retained, or out-
put from the cell state, thus maintaining long-term dependencies more
effectively [56]. They are widely used in reduced-order spatiotemporal
system modelling in computational physics [57,58].

2.3.1. Latent sequence forecasting via ConvRAE and ConvLSTM

One notable approach to employs RNNs for high-dimensional dy-
namical system modelling is the ConvRAE [20]. The model first employs
a deep convolutional autoencoder to compress a sequence of physical
fields {(x,,t)}YT=1 into the latent space {(z,,t)},Tzl. The compressed rep-
resentation is then sent into an LSTM network to model its temporal
evolution, thus preserving future predictive capabilities by autoregres-
sive rollouts.

Mathematically, it predicts future states {(i,,t)}T‘“+T°

1=Tin+
put states {(z,, t)}tT;“l. For each forecasting step, it predicts the next state
2,,, in an autoregressive manner based on the previous output 2, and a
hidden memory h,:

‘l“ based on in-

Z.1.h,,; = LSTM-Cell(Z,, h,). 4

Common loss such as Mean Squre Error (MSE) can be used to min-
imise the distance between predicted physical states and the ground
truth, i.e.

X, = fp(Z:;0p), 5)
Tin+Tout

Ceonmae = 7— X, E[I% =% ©
out ;=73 +1

ConvRAE effectively integrates the strengths of CNNs in capturing
localised spatial features and LSTMs in preserving temporal dependen-
cies. However, it inherits common drawbacks associated with RNNs, in-
cluding susceptibility to vanishing and exploding gradients [21], which
become problematic when dealing with long sequences typical in high-
dimensional dynamical systems [22].

Another influential model is the ConvLSTM [23], which is specif-
ically designed for spatiotemporal sequence forecasting in a Seq2Seq
framework. ConvLSTM extends the conventional Fully Connected LSTM
(FC-LSTM) by incorporating convolutional operations directly into the
cell of the LSTM to model temporal transitions at the full physical space.
Unlike ConvRAE, which operates as a two-stage method, ConvLSTM
offers an end-to-end approach that simultaneously captures both spa-
tial and temporal dependencies within a unified architecture. However,
both ConvRAE and ConvLSTM require regularly sampled time series,
which limits their applicability to irregular time steps without prepro-
cessing.

2.3.2. Challenges with irregular time series

While RNNs and their variants excel in modelling regularly sampled
time series, they face significant challenges when dealing with irregu-
lar time steps [59] and high dimensionality [60]. Standard RNN-based
Seq2Seq models inherently assume consistent sampling intervals, mak-
ing it difficult to handle missing or unevenly spaced observations with-
out additional preprocessing steps.
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To address this, many RNN-based models rely on explicit imputation
or interpolation as a preprocessing step [6], including statistical interpo-
lation [7,61], nearest neighbour search [62], and time-aware data fill-
ing [63]. However, these preprocessing procedures can introduce bias,
increase computational cost, and obscure the true temporal dynamics
of the system [9,10], thereby limiting their effectiveness in capturing
complex spatiotemporal dynamics under high sparsity.

More recent work has used generative models such as Varia-
tional Autoencoders (VAEs) [64] and Generative Adversarial Networks
(GANs) [65,66] to impute missing values. However, these approaches
may suffer from data inefficiency, instability in long-term predictions,
and non-uniqueness of outputs, limiting their use in physical system
modelling [64,67,68]. While probabilistic generative models are highly
effective for noisy or underdetermined real-world systems and can ex-
plicitly represent predictive uncertainty [69], this work focuses on deter-
ministic reconstruction to enable clarity and controlled analysis of irreg-
ularly sampled latent dynamics in deterministic PDE simulation settings,
where the governing equations define a single-valued flow map [70].

2.4. Masked transformers and physics-informed latent modelling

Existing approaches for irregular time series modelling in dynami-
cal systems exhibit fundamental limitations. Neural ordinary differential
equation (Neural ODE) based methods require continuous-time solvers
and are often sensitive to stiffness and numerical instability in high-
dimensional PDE systems. Interpolation-based transformers and recur-
rent models rely on resampling or imputation, which can distort the
true temporal dynamics. Masked reconstruction offers an alternative by
enabling direct modelling of irregularly sampled sequences without ex-
plicit interpolation or continuous-time integration.

Recent transformer-based models have shown promise in mod-
elling long-range dependencies and handling irregular sequences di-
rectly through masked attention and learned time encodings. Works like
Time-MAE and masked sequence models [71,72] have successfully ad-
dressed missing data without interpolation. Building on these successes,
TiMAE [31] has demonstrated the utility of self-supervised learning and
masked modelling for reconstructing missing data points in time series
prediction. However, these approaches have primarily been applied to
low-dimensional systems, such as financial [32] or healthcare [33] time
series, and have not been fully extended to the more complex, high-
dimensional dynamical systems governed by physical processes. Mod-
elling these systems presents challenges due to computational complex-
ity and memory usage associated with high dimensionality, while main-
taining spatial and temporal coherence under irregular observations re-
mains difficult for traditional deep learning models and common trans-
former variants [34].

Simultaneously, there is a growing interest in combining physical
priors with latent representation learning [73]. Physics-informed neural
networks (PINNs) and hybrid data-physics models have shown effective-
ness in preserving physical consistency and improving generalisation
under small data regimes.

3. Methodology

P-STMAE addresses irregular time series prediction using a masked
modelling strategy by combining a convolutional autoencoder for spa-
tial representation and a masked transformer for temporal modelling.
The framework directly handles irregular time steps through masked
reconstruction, eliminating the need for preprocessing or regular sam-
pling that can introduce bias and computational overhead. By lever-
aging transformer self-attention instead of sequential RNNs processing,
P-STMAE captures long-range dependencies without suffering from van-
ishing gradients or requiring regular input sequences. In contrast to Neu-
ral ODE methods that require continuous-time solvers, P-STMAE learns a
discrete flow map in a latent space, enabling efficient inference without
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Fig. 2. Architecture of the proposed P-STMAE framework. (a) Convolutional encoder compresses physical states into latent representations. Positional encodings
are added, and a masked transformer captures temporal dependencies in latent space. (b) Learnable masking tokens are padded at missing and future time steps.
Transformer blocks process the sequence, and the convolutional decoder reconstructs the complete physical fields. (¢) Each transformer block consists of layer
normalization, multi-head self-attention, and a feedforward network. Self-attention operates only on observed latent states.

numerical integration. To address the computational challenges of ap-
plying transformers to high-dimensional systems, P-STMAE operates in
a compressed latent space and reduces memory usage while maintaining
spatiotemporal coherence. This section outlines the overall framework,
the encoder and decoder designs, the attention-based temporal model,
and the training loss formulation.

3.1. Overall framework

Mathematically, we consider a physical sequence consisting of in-
put states X, defined on input steps Tj, = {1,2,....1,}, followed by
forecasting states X7, on output steps Ty = {fjn + L, ..., fip + 1oy} We
denote:

Xp, = (@D [1€Ty). Xp = (0.0 1€ Ty, %)

where x, € R is the physical state at time .

To simulate irregularity, we randomly split 7}, into two disjoint sets:
T,ps (Observed steps) and T, (missing steps), such that Tp, U Tipies =
T;,. This design enables learning from partially observed sequences
without data imputation or interpolation, thereby addressing the lim-
itations inherent in preprocessing-based approaches. Missing and future
steps are replaced with placeholder variables @ :

@, = {(y, 1) | 1 € Tpiss U Toe)s by € R%. ®

The model then reconstructs the complete sequence X from Xr,,, and
placeholders @, :

X = P-STMAE(Xy,, . ®,) = (K1) | 1 € Tip U Toue)- ©)

Fig. 2 illustrates the overall pipeline of the proposed P-STMAE frame-
work.

3.2. Spatial encoder: Convolutional autoencoder

To reduce spatial redundancy and improve computational efficiency,
we adopt a CAE to project high-dimensional inputs x, € R% into com-
pact latent representations z, € Rz, where d_ < d,. This compression
mitigates the computational complexity and memory challenges of ap-
plying transformers directly to high-dimensional physical fields, facili-
tating efficient temporal modelling in the latent space.

During encoding, physical placeholders @, are converted into latent
placeholders @, :

(I)z = {(qﬁz,t) | te Tmiss UTout}’

These placeholders are excluded from backpropagation and later
masked out in the transformer blocks.

The placeholder states ¢, and ¢, are fixed tensors (set to zero af-
ter normalisation), excluded from gradient backpropagation, and serve
solely as positional anchors for masking and attention mechanisms.

¢, € RY=, 10)

3.3. Temporal modelling: Masked autoencoder

The masked autoencoder learns latent temporal dynamics from par-
tially observed sequences. By operating directly on irregularly sam-
pled latent states without preprocessing, this approach circumvents the
bias and distortion that interpolation methods typically introduce. It
processes the latent inputs Zy, ={(@.1) |t €Ty} using transformer
blocks.

3.3.1. Masked transformer blocks

Transformer blocks (see Fig. 2(c)) compute self-attention over ob-
served latent states. In contrast to RNNs that process sequences sequen-
tially and are prone to vanishing gradients, self-attention enables par-
allel processing and direct access to all observed time steps, capturing
long-range dependencies without gradient degradation. Given the hid-
den and attention dimension, the attention weights are computed as:

Q = ZTobsWQ’ K= ZTobsWK’ V= ZTobswV’ (11)
QKT r 1
A = softmax , O=A-V, O =Linear(0)+Q. 12)
dy

3.3.2. Decoder and masking tokens

The decoder uses a lighter transformer stack to reconstruct the full
latent sequence Z = {(2,,1) | t € Ty, U T, ) by attending to encoded rep-
resentations and learnable masks on missing steps. This enables parallel,
non-autoregressive prediction, which eliminates the error accumulation
inherent in autoregressive RNNs and facilitates efficient single-pass in-
ference.
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3.3.3. Positional embeddings
We inject sine-cosine positional embeddings §, into all latent inputs:

5(t,2i)=sin(;2i>, 6(1,2i+1)=cos<;2i), (13)
10000 4= 10000 4=

2, < 2,+8, t€T,UTy, 14)

where §, is non-trainable and ensure temporal consistency across irreg-
ular steps.

We note that the sinusoidal positional encoding is used solely to en-
code relative temporal ordering among irregular time steps, rather than
representing absolute physical time scales.

Unlike RNN-based models, our masked transformer supports single-
step inference over the entire sequence, reducing latency and eliminat-
ing autoregressive error accumulation.

This masked reconstruction paradigm is advantageous for irregular
time series. Rather than relying on explicit interpolation or resampling
that may distort temporal dynamics, the model learns to infer missing
or unevenly spaced observations directly from surrounding context. By
training on partially observed sequences, P-STMAE naturally develops
robustness to irregular sampling patterns. Operating in the latent space
further enhances this capability, as the model can exploit global spa-
tiotemporal dependencies while avoiding artifacts introduced by pre-
processing, thereby addressing the computational challenges of high-
dimensional systems. This explains why masked autoencoders demon-
strate stronger adaptability in irregular settings compared to RNN-based
approaches that require regularised inputs.

3.4. Loss function and training objective

We jointly minimise the prediction errors in both physical and latent
spaces:

Tin+Tout

ot 2 (s ela-ar]). a9

where 4 balances physical and latent consistency. Both terms in Eq. (15)
employ the L2 norm (mean squared error), which is a standard choice
for continuous physical fields and provides smooth, stable gradients for
training masked autoencoder architectures.

3.5. Evaluation metrics

To comprehensively evaluate model performance, we employ three
complementary metrics commonly used in spatiotemporal forecast-
ing [20,36]: The MSE measures pixel-wise prediction accuracy over all
time steps [74]. The Structural Similarity Index Measure (SSIM) quan-
tifies structural similarity of spatial fields, capturing perceptual quality
and spatial coherence [75]. The Peak Signal-to-Noise Ratio (PSNR) as-
sesses reconstruction fidelity in decibels, providing a measure of signal-
to-noise ratio [76]. These metrics collectively capture pointwise accu-
racy, structural preservation, and reconstruction quality, which are es-
sential for evaluating spatiotemporal predictions in physical systems.

3.6. Ablation study design

We compare P-STMAE against two established RNN-based models to
evaluate the effectiveness of transformer-based latent modelling versus
recurrent approaches:

1. ConvRAE [20] employs a two-stage approach: a convolutional au-
toencoder for spatial compression followed by LSTM for temporal
modelling in the latent space. This enables a direct comparison of
transformer-based versus LSTM-based temporal modelling within
the same latent representation framework.
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2. ConvLSTM [23] integrates convolutional operations with LSTM cells
to model spatiotemporal relations directly in full physical space.
This provides a comparison with end-to-end full-space approaches,
contrasting with the latent-space methods used by ConvRAE and P-
STMAE.

To ensure fair comparison, we train these RNN-based baselines us-
ing ground truth inputs during training and autoregressive predictions
during inference. Since RNN-based models require regularly sampled
inputs, we adapt them to handle irregular time steps using linear in-
terpolation, following common practice in irregular time series mod-
elling [77,78]. This preprocessing step allows the baselines to process
the data while enabling comparison with P-STMAE, which handles ir-
regular sampling directly without interpolation.

4. Experiments
4.1. Overview

4.1.1. Datasets and benchmarking

Following the methodology outlined in Section 3, we evaluate P-
STMAE against the baseline models introduced in the Ablation Study
Design on three representative datasets. These datasets span synthetic
PDE simulations and real-world climate observations, enabling valida-
tion of both accuracy under controlled conditions and generalisation to
noisy, large-scale data. Specifically, we use two datasets from PDE sim-
ulations and one from real-world observations:

e Shallow Water [79]: nonlinear fluid flow, testing robustness to
chaotic dynamics.

¢ Diffusion Reaction from PDEBench [36]: chemical patterns, testing
coupled-variable modelling.

e SST [37]: NOAA sea surface temperature data, which are noisy data
with long-range dependencies.

Each dataset is split into training, validation, and test sets with ra-
tios of (0.8,0.1,0.1). Channel-wise normalisation is applied to transform
data values into the range of [0, 1] prior to both training and evaluation.
This ensures a consistent dynamic range across heterogeneous physical
variables.

We use a shifting window approach to sample input sequences from
the original dataset, which contains longer sequences generated from
simulations. This approach allows the model to fully leverage all avail-
able input sequences, enhancing its adaptability to various prediction
scenarios. The input length is T}, = 10, and the forecasting length is
T,y = 5 for all datasets. We emphasise that this choice of forecasting
length is made solely for fair comparison with ConvRAE and ConvLSTM
baselines and does not reflect a limitation of the proposed model. In P-
STMAE, future time steps are treated as masked positions in the latent
space and reconstructed in a non-autoregressive manner. As a result,
the forecasting horizon can be flexibly adjusted by specifying a differ-
ent set of masked future time indices, without any change to the model
architecture or training procedure. To model the irregular time series,
missing steps are sampled with a random mask for each input sequence
with a missing ratio of 0.5, except for Section 4.2.5 which uses mixed
ratios, consistent between training and evaluation.

We compare P-STMAE with two representative models: ConvRAE,
which also relies on latent representations with RNN temporal mod-
elling, and ConvLSTM, which performs full-space sequence learning.
This ensures a fair comparison between latent-space transformer, latent-
space RNN, and full-space RNN-based approaches. Evaluation metrics
include:

¢ MSE: pixel-wise accuracy,
¢ SSIM: preservation of structural information,
e PSNR: reconstruction fidelity and noise robustness.
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All metrics are computed on the normalised fields. In particular,
SSIM and PSNR are evaluated using their standard definitions after
channel-wise normalisation, with the dynamic range parameter for
PSNR set to MAX = 1. This avoids unit dependence on the original phys-
ical variables and enables consistent comparison across datasets [20,26,
36].

4.1.2. Implementation details

Since both P-STMAE and ConvRAE use a CAE combined with a la-
tent model structure, our goal is to compare their performance in latent
space inference using the same spatial autoencoder. To achieve this, we
pre-trained an optimal CAE on the training dataset, then froze its pa-
rameters and used it with both models in subsequent time series exper-
iments. The latent dimension is set to 128 for all datasets. To maintain
consistency between predictions and ground truth during evaluation, a
Sigmoid activation function is applied at the output of the CAE decoder,
ensuring that all reconstructed fields lie strictly within the normalised
range of [0, 1].

Both the encoder and decoder transformer blocks possess 2 heads,
with the encoder having a depth of 4 and the decoder a depth of 1. The
positional embedding settings follow those of the original Transformer
architecture [25]. An exception is made for SST data, where the model
is expanded to include 8 heads and an encoder depth of 8. We use the
RAdam optimiser with a learning rate of 3 x 10~* for training P-STMAE,
and use the Adam optimiser with a learning rate of 1 x 1073 for training
RNN baselines. The batch size is 32. The weighting coefficient of the
combined loss is set to 4 = 0.5 as shown in Eq. (15).

A common concern is that Transformer-based models require ex-
tremely large datasets, an observation that primarily arises from ap-
plications in natural language processing and natural-image modelling,
where data distributions are highly complex and high-entropy [28,80,
81].

In contrast, the scientific computing problems studied here are gov-
erned by smooth, structured PDE dynamics that lie on low-dimensional
manifolds. Together with latent-space compression via the convolu-
tional autoencoder, this reduces temporal modelling complexity. As a re-
sult, dataset sizes of 103-10° frames are sufficient in our setting, and the
Transformer-based temporal model does not exhibit data inefficiency
compared to ConvLSTM.

The architecture is shown in Appendix Table A.1. All convolutions
use kernel size 3 x 3 with same padding.

Table 1 presents a comparison of test performance metrics across
all three datasets. The results demonstrate that P-STMAE consistently
achieves competitive or better performance compared to baseline mod-
els. On the Shallow Water dataset, P-STMAE outperforms both Con-
VvRAE and ConvLSTM across all metrics, achieving the lowest MSE
(6.16 x 1073), highest SSIM (0.9538), and highest PSNR (43.90). For the
Diffusion-Reaction dataset, P-STMAE achieves the lowest MSE (5.99 x
1073) while ConvLSTM performs slightly better in SSIM and PSNR.
On the real-world SST dataset, P-STMAE delivers the strongest over-
all performance, outperforming both baselines with the lowest MSE
(8.02 x 1073), highest SSIM (0.9817), and highest PSNR (41.03). These
results indicate the robustness and generalisation capability of P-STMAE
across diverse spatiotemporal systems, from synthetic PDE simulations
to real-world climate observations.

4.2. Shallow water test case

4.2.1. Dataset description

Shallow Water Equations (SWEs) are a set of hyperbolic PDEs that
model the flow beneath a pressure surface in a fluid. This dataset tests
the models’ ability to capture chaotic nonlinear fluid dynamics under
varying physical parameters, which are relevant to geophysical flows
such as atmospheric and oceanic dynamics. The system is formulated as
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Table 1

Test metrics in the full physics space across all three datasets with
a missing ratio of 0.5. Metrics for Shallow Water are averaged
over all h, u, and v variables; metrics for Diffusion-Reaction are
averaged over both u and v variables. Bold values indicate the
best performance among the three forecasting models (excluding

CAE).
Dataset Model MSE SSIM PSNR
CAE 532x10° 09596  44.64
PSTMAE  6.16x10~5 09538  43.90
Shallow Water ConvRAE  9.86x 105 09394 4247
ConvLSTM  1.82x 10 09231  40.72

CAE 3.66 x 1073 0.9887 48.78

Diffusion-Reaction P-STMAE 5.99 x 10-5 0.9870 44.20
) ConvRAE 8.48 x 1073 0.9875 44.41
ConvLSTM 6.80 x 1073 0.9928 47.36

CAE 7.11x 1073 0.9819 41.53

ssT P-STMAE 8.02x10°5 09817  41.03
ConvRAE 1.03x 107 09803  40.33
ConvLSTM 4.57x 107 0.9384 36.84
follows:
oh  d(hu) d(hv)
=4 + =0, 16
ot 0x dy a6
ou oh
— +g—+bu=0, 17
o B T a7
Jv oh
— 4+g=—+bv=0, 18
o 8oy T e

where h is the surface height of water, u and v are the orthogonal
velocity components averaged in depth, g is the gravitational accelera-
tion, and b is the friction coefficient of the fluid. The initial condition
is a cylinder bump in the water with a small height 4 above the sur-
face average, with a variable radius r, and zero velocities u and v. The
boundary conditions are periodic in both directions.

Our numerical simulation is performed on a grid of size 128 x 128
with three variables [A, u, v]. We sample snapshots from the simulation at
fixed intervals when generating each data sequence. The fixed time step
is set to At = 107, space step Ax = 1072, and gravity g = 1.0. Other pa-
rameters, including the fluid friction b and the centre, radius, and height
of the cylinder bump, and the snapshot gap, are randomised to produce
different initial conditions of fluid dynamics. The detailed ranges of sim-
ulation parameters are shown in Appendix Table B.1. We generate 600
sequences, with each sequence having 200 spatio-temporal frames.

4.2.2. CAE reconstruction

First, we train a convolutional autoencoder on the shallow water
dataset. The CAE can capture the spatial features of input physical
fields and reconstruct them with high fidelity. It achieves an MSE of
5.32 x 1073, SSIM of 0.9596, and PSNR of 44.64 on the test set (see Ap-
pendix Fig. B.1). These strong reconstruction metrics indicate that the
CAE provides reliable latent representations for subsequent sequence
modelling.

4.2.3. Model comparison

The validation results for the shallow water dataset demonstrate the
efficacy of the P-STMAE model compared to the baseline models. In
terms of full-space MSE, the P-STMAE outperforms both ConvRAE and
ConvLSTM. The full-space MSE curve for P-STMAE lies much closer to
that of the CAE’s performance, indicated by the dotted line (see Ap-
pendix Fig. B.2). This proximity suggests that the time series masked
autoencoder is effective at exploiting the semantic information hid-
den in latent representations, making P-STMAE’s performance nearly
match the reconstruction capability of the CAE. Analysing the latent
MSE curves, we observe a consistent pattern whereby the P-STMAE sur-
passes the ConvRAE in terms of reducing prediction error within the
latent space. The performance indicates an ability to handle complex
nonlinear spatiotemporal patterns, which the baseline models struggle
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Ground Truth

Error (ConvRAE) Error (P-STMAE)

Error (ConvLSTM)

Fig. 3. Ground truth (top) and error maps of P-STMAE, ConvRAE, and ConvLSTM for forecasting the variable u in the shallow water dataset with a sampling dilation
of 3. Columns represent successive forecasting steps. Among the models, P-STMAE yields the smallest errors, indicating predictive accuracy.

with. This confirms that transformer-based latent inference is more ef-
fective than RNN-based alternatives in the presence of chaotic fluid dy-
namics.

Despite its performance, the P-STMAE exhibits a relatively slower
convergence speed compared to the RNN-based models. This behaviour
can be attributed to the complex self-attention mechanisms within the
transformer architecture, which require a slower learning process to ad-
equately tune weights to capture overall time series dependencies.

The test performance metrics for the shallow water dataset (see Ta-
ble 1) further substantiate the superior performance of the P-STMAE
model over the baseline models. Apart from the lowest full-space MSE,
the P-STMAE demonstrates the highest SSIM, reflecting its ability to
maintain structural integrity and perceptual quality of the reconstructed
physical fields. In terms of PSNR, the P-STMAE also scores the high-
est, confirming its effectiveness in minimising noise and enhancing the
clarity of predictions compared to the other models. Fig. 3 provides a
detailed visual comparison of prediction errors across all three models.
The error maps reveal that P-STMAE consistently produces the smallest
prediction errors across successive forecasting steps, with error magni-
tudes lower than both ConvRAE and ConvLSTM. The spatial distribution
of errors for P-STMAE is more uniform and concentrated in regions with
higher physical complexity, while the baseline models exhibit larger and
more widespread error patterns in areas with strong nonlinear dynamics
(see Appendix Fig. B.3).

4.2.4. Ablation study on loss weighting coefficient

We conduct an ablation study on the shallow water dataset to in-
vestigate the sensitivity of P-STMAE to the weighting coefficient 1 in
the combined loss function (Eq. 15). The ablation study results demon-
strate that model performance is not sensitive to A within the range
[0.2,1.0] (see Appendix Table B.2 and Fig. B.4). Based on these findings,
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we fix A = 0.5 for all experiments for simplicity, as this value provides a
balanced trade-off between physical and latent space consistency while
maintaining robust performance across different 4 values.

4.2.5. Missing ratio analysis

We analyse model performance under varying amounts of missing
data to assess generalisation capability as the number of missing steps
increases. To evaluate their performance, we train all models with miss-
ing steps ranging from 1 to 6 with a fixed input sequence length of 10
and evaluate them under corresponding settings. During training, we
maintain a fixed missing ratio within each batch and randomise this
ratio between different batches to leverage parallelism and accelerate
training.

Fig. 4 presents the results of these robustness experiments. Panel (a)
shows performance comparison under varying numbers of missing steps,
while panel (b) shows test performance comparison regarding sampling
dilations. For missing ratio analysis (Fig. 4(a)), P-STMAE consistently
outperforms the baseline models in MSE across all missing step con-
ditions. The error curves demonstrate that P-STMAE maintains consis-
tently low prediction errors even as the number of missing steps in-
creases from 1 to 6, with the MSE curve remaining relatively flat. In con-
trast, both ConvRAE and ConvLSTM show progressively increasing er-
rors as missing steps increase, with ConvLSTM exhibiting sharp degrada-
tion. This indicates that the transformer-based architecture of P-STMAE,
which leverages attention mechanisms and contextual encoding, main-
tains lower prediction errors when reconstructing sequences with vary-
ing levels of missing data.

ConvLSTM performs well at lower missing steps (1 and 2) and
achieves higher PSNR values than P-STMAE in these conditions. As the
number of missing steps increases, its performance deteriorates sharply,
revealing sensitivity to temporal disruptions and difficulty in handling
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Fig. 4. Robustness analysis of P-STMAE on the shallow water dataset. (a) Performance comparison under varying numbers of missing steps in the input sequence
with a length of 10. Each model is trained and evaluated with missing steps ranging from 1 to 6. P-STMAE demonstrates consistent performance and robustness,
while the RNN-based models, especially ConvLSTM, show higher sensitivity to increasing missing steps. (b) Test performance comparison regarding the sampling
dilations of data sequences. All models are separately trained on the shallow water dataset of different dilations.

irregular sequences due to its end-to-end prediction in full-space. Con-
VRAE exhibits a similar trend, with decent performance at lower missing
steps but a noticeable decline as missing data increases.

The experiment demonstrates that P-STMAE maintains high perfor-
mance across different missing ratios. In contrast, the RNN-based mod-
els are more effective with limited missing data but struggle as gaps in-
crease, highlighting the advantage of transformer-based attention mech-
anisms for handling irregular sampling.

4.2.6. Nonlinear robustness analysis

We explore nonlinear robustness by introducing dilations into the
sampling window with a fixed missing ratio of 0.5. Dilation increases
the time gaps between consecutive data points by a fixed factor, testing
whether models can generalise when temporal dynamics become more
irregular and chaotic.

Mathematically, given an original time series sequence:

X={X1»X2,X3,---,XT}, (19)

where x, represents the value at time step 7, and a dilated sequence
with dilation factor d is defined as:
(20)

Xy = X1 X145 X1424> -+ > X1kd 15

where k is the largest integer satisfying 1 + kd < T. This means that
every d-th element is sampled, increasing the time gap between consec-
utive points.

This operation simulates irregular, nonlinear time steps by introduc-
ing structured sparsity into the sequence. The dilation parameter d con-
trols the degree of this gap expansion, allowing us to introduce more
variability in the time structure. As d increases, the sequence becomes
less regular and more nonlinear, challenging the models to generalise
and capture complex, evolving temporal dynamics.

Panel (b) of Fig. 4 shows the test performance results over different
dilations. The performance curves reveal distinct patterns: P-STMAE ex-
hibits stable performance across different dilations, with MSE values
remaining consistently low even as dilation increases, demonstrating
robustness when faced with increasing nonlinearities. In contrast, Con-
vLSTM shows sensitivity to dilation changes, performing well at min-
imal dilation but deteriorating rapidly as dilation increases, with er-
ror values rising. ConvRAE shows moderate sensitivity, with perfor-
mance declining gradually but remaining better than ConvLSTM at
higher dilations. This suggests that ConvLSTM struggles to generalise
in complex scenarios where temporal dependencies become harder to
capture due to high nonlinearities, likely because it operates directly
in full physics space where temporal relations are chaotic on sparse
features.

Both P-STMAE and ConvRAE show resilience to dilation, suggest-
ing that latent-space architectures are better suited for handling chaotic
data. By processing spatial information into dense features via CAEs,
they can manage complex, nonlinear patterns without being directly im-
pacted by irregularities in the full physics space. The performance gap
between P-STMAE and ConvRAE further reveals the transformer-based
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capability in capturing irregular temporal dependencies compared to
RNNs.

4.3. Diffusion reaction test case

4.3.1. Dataset description

The 2D diffusion-reaction equations are commonly employed to
model phenomena where diffusion and reaction processes interact in
a spatial domain, such as biological pattern formation. Compared to the
shallow water case, this case emphasises coupled nonlinear interactions
and pattern formation. The system consists of two nonlinearly coupled
variables, the activator u and the inhibitor v. The equations governing
their evolution are given by [36]:

u 2u | u
E = au<§ + ﬁ) + Fu(u, v), 21)
Jv v | v
E =au<ﬁ+ﬁ> +Fu(u,v). (22)

Here, o, and a, denote the diffusion coefficients for the activator and
inhibitor. The reaction functions F, and F, follow the FitzHugh-Nagumo
model:

F,(u, V=u—-uw—c—u, (23)

F,(u,v)=u-v, 24)

where c is a constant parameter that affects the reaction kinetics. The
domain for the simulation extends over x, y € [—1, 1] with time ¢ € (0, 5].
The no-flow Neumann boundary conditions ensure that the flux of both
u and v across the boundaries remains zero.

The training dataset, available from the PDEBench [36] project, is
discretised into 128 x 128 spatial grid points and 100 temporal steps,
with 10,000 sample sequences.

The 2D diffusion-reaction dataset poses a challenge due to the non-
linear coupling between the activator and inhibitor, and its applicability
to real-world problems such as biological pattern formation.

4.3.2. Model comparison

For the diffusion-reaction dataset (see Table 1), P-STMAE achieves
the lowest MSE among the baselines, indicating numerical accuracy in
minimising pointwise error. However, P-STMAE slightly underperforms
in SSIM and PSNR compared to ConvLSTM, suggesting a trade-off be-
tween pixel-wise accuracy and higher-order spatial consistency (see Ap-
pendix Fig. C.1). This may arise because ConvLSTM operates directly in
the full physics space, potentially better preserving structural patterns
and perceptual quality for complex coupled-variable systems, while P-
STMAE'’s latent-space compression may introduce subtle spatial distor-
tions despite pointwise accuracy.

Fig. 5 provides a visual comparison of prediction errors across all
three models. The error maps demonstrate that P-STMAE consistently
achieves lower prediction errors than both baseline models across suc-
cessive forecasting steps. The spatial error patterns reveal that P-STMAE
maintains higher accuracy in regions with complex pattern formations,
where the activator and inhibitor variables exhibit strong coupling. In
contrast, ConvRAE and ConvLSTM show larger error magnitudes in ar-
eas where the reaction dynamics create intricate spatial structures (see
Appendix Fig. C.2).

4.4. NOAA sea surface temperature test case

4.4.1. Dataset description

The SST [37] dataset provides a long-term climate record of weekly
sea surface temperature observations spanning the period from 1981 to
2018. These data are collected from multiple sources, including satel-
lites, ships, buoys, and Argo floats, and are then interpolated to produce
a continuous global grid of temperature data. The spatial resolution of
the dataset is 360 x 180, corresponding to a global grid where each unit
covers a 1-degree area of latitude and longitude.
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The dataset consists of 1914 snapshots, each representing the global
distribution of sea surface temperatures at weekly intervals. These ob-
servations are stored as a single temperature variable. The temporal and
spatial continuity of the dataset makes it valuable for studying long-term
climate trends, oceanic processes, and their influence on weather and
marine ecosystems.

The SST dataset is widely used for analysing climate variability, de-
tecting anomalies such as El Nifio and La Nifia, and studying oceanic
heat content changes. This dataset presents a complex spatiotemporal
problem, as ocean temperatures are influenced by long-term climatic
patterns, oceanic currents, and seasonal variations.

4.4.2. Model comparison

The performance on the SST dataset (Table 1, missing ratio 0.5)
demonstrates P-STMAE’s strong generalisation to real-world climate
data. P-STMAE delivers the strongest overall performance, achieving
the lowest MSE (8.02 x 10%), highest SSIM (0.9817), and highest PSNR
(41.03) compared with the baselines. The transformer architecture en-
ables P-STMAE to better handle irregularities and capture long-term de-
pendencies in the SST dataset, leading to more accurate temporal pre-
dictions. The performance of ConvRAE closely follows P-STMAE, while
ConvLSTM falls behind, suggesting that latent-space compression is cru-
cial for modelling real-world systems, and reduces the impact of noise
and chaotic patterns that ConvLSTM struggles to capture at global scale.

Fig. 6 presents error maps comparing all three models across fore-
casting steps. The global error patterns reveal that P-STMAE achieves
the smallest prediction errors across most oceanic regions, with strong
performance in areas with complex temperature gradients such as ocean
fronts and upwelling zones. The error distribution shows that P-STMAE
maintains consistent accuracy across different latitudinal bands and
oceanic basins, demonstrating its ability to capture both large-scale cli-
mate patterns and regional temperature variations. In contrast, ConvL-
STM exhibits larger and more spatially widespread errors in regions with
strong seasonal variations and complex current systems, highlighting
the challenges of full-space modelling for global-scale climate data (see
Appendix Fig. D.1).

5. Conclusion and future work

In this paper, we introduced the P-STMAE, a novel model designed
to address irregular time series prediction in high-dimensional dynam-
ical systems. By integrating CAEs with transformer-based masked au-
toencoders, P-STMAE employs placeholder-based attention to handle
missing data and irregular time steps directly without preprocessing Ta-
ble B.2. Experiments across synthetic PDE benchmarks and real-world
SST data demonstrated its robustness, computational efficiency, and bet-
ter accuracy compared to traditional RNN-based approaches Fig. D.1.

A key advantage of P-STMAE is its latent-space masked training,
which enables efficient processing of high-dimensional data. By oper-
ating in a compressed representation, the model reduces computational
cost while maintaining spatiotemporal pattern learning. This efficiency
is beneficial for large-scale systems where computational resources are
constrained.

Despite its promising performance, several limitations highlight ar-
eas for future research. The quadratic complexity of the transformer’s
global self-attention poses challenges for processing very long se-
quences. Exploring alternatives like local or sparse attention mecha-
nisms could enhance scalability. To efficiently handle relative time em-
bedding in irregular time series, future work could consider advanced
positional embedding techniques, such as Attention with Linear Bi-
ases (ALiBi) [82] and Rotary Position Embedding (RoPE) [83], which
can better capture relative temporal relationships without explicit posi-
tional encodings. Additionally, the reliance on the convolutional autoen-
coder may introduce a bottleneck, potentially limiting reconstruction
fidelity. Future work could investigate advanced physical field encod-
ing techniques, such as VAEs or Vision Transformers, to overcome this
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limitation. Furthermore, the observed trade-off between minimizing Appendix B. Shallow Water Test Case

point-wise prediction errors and preserving structural fidelity in spa-

tiotemporal data remains an open challenge. Future research could focus

on multi-objective optimisation strategies that balance numerical accu- Table B.1

racy with the preservation of global structures. Finally, while the en- Ranges of computational parameters used in the shallow water
couraging results on SST provide an initial demonstration of real-world equation simulations. All parameters are uniformly sampled.

applicability, broader validation on diverse real-world datasets will be Parameter Symbol ~ Min Value  Max Value
. . , s .
essential to fully estabhsh' the mc?del s generalizability. In summary, this Initial bump centre (x) ), 54.00 74.00
work advances irregular time series forecasting for high-dimensional dy- Initial bump centre (y) », 54.00 74.00
namical systems. P-STMAE offers a purely data-driven, adaptable, and Bump height h 0.05 0.20
computationally efficient solution, positioning it as a promising tool for Bump radius r 8.94 12.65
scientific and industrial applications requiring accurate prediction of Friction coefficient b 0.02 2.00
PP q 8 P Snapshot interval (steps) - 60.00 100.00

complex spatiotemporal systems.
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Appendix A. Detailed Visualization of Model Predictions

A.1. Model architecture

Table A.1

Network structures of CAE encoder (left) and
decoder (right) used in the P-STMAE. All of
the convolutions and transpose convolutions
use the kernel size of 3x3 and the same
padding. The input dimension and channel
number can vary depending on the dataset.

Layer Type Output Shape Activation
Input (128,128, 3)

Conv 2D (128, 128, 8) GELU
Conv 2D (64, 64, 16) GELU
Conv 2D (32, 32, 32) GELU
Conv 2D (16, 16, 64) GELU
Conv 2D (8, 8,128) GELU
Linear (128)

Input (128)

Linear (8, 8,128) GELU

TransConv 2D (16, 16, 64) GELU
TransConv 2D (32, 32, 32) GELU
TransConv 2D (64, 64, 16) GELU
TransConv 2D (128, 128, 8) GELU
Conv 2D (128, 128, 3) Sigmoid
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Fig. B.1. Visualisation of the trained CAE model performance on the variable h of shallow water samples.
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Appendix C. Diffusion Reaction Test Case
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Appendix D. NOAA Sea Surface Temperature Test Case
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Fig. D.1. Model predictions and error maps for the forecasting steps in the SST dataset.
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