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Abstract

Fourier Neural Operators (FNOs) have shown strong performance in solving time-
dependent partial differential equations (PDEs). However, accurately modeling
complex spatio-temporal dynamics remains challenging and is typically addressed
in one of two ways: (i) by applying spectral convolutions over the spatial domain
with temporal dynamics handled autoregressively, or (ii) by applying spectral con-
volutions over the entire spatio-temporal domain. While the former is more com-
putationally efficient, it fails to capture true spatio-temporal interactions. The
latter, though more accurate, becomes computationally prohibitive when scaling
to larger datasets. We propose LITEFNO, a novel FNO framework that achieves
both numerical accuracy and computational efficiency for time-dependent PDEs.
Specifically, we first model spatial dynamics by learning a low-rank spatial basis
of spectral convolutional weights space. We then incorporate temporal dynamics
by learning a new temporal basis through transduction. This factorized formula-
tion enables efficient learning of full spatio-temporal dynamics with significantly
fewer parameters (99.9% reduction) and superior performance (44% improvement
in VRMSE) compared to the variants of FNO models. The source code and the
dataset are available athttps://anonymous.4open.science/r/LFNO.

1 Introduction

Time-dependent partial differential equations (PDEs) are widely used to model physical systems
that evolve over space and time such as fluid dynamics, thermodynamics, and wave propagation [1,
2,131 14, [5]]. Time-dependent PDEs generally exhibit complex behavior as their solutions exist in a
higher-dimensional manifold space, in contrast to time-independent PDEs whose solutions only vary
in space. Traditional numerical methods (e.g., finite volume methods [6} 7], finite element methods
[8L 9], etc.) have been used to solve these PDEs [10], but their high computational cost can be a
bottleneck for large-scale applications such as weather forecasting [L1]. To address these challenges,
machine learning-based PDE surrogate models have been introduced, offering significantly faster
inference once trained compared to traditional solvers.
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Figure 1: Overview of the proposed framework. LITEFNO efficiently learns temporal dynamics
based on spatial dynamics through transduction. We model spatial dynamics by learning low rank
spatial convolution weights in Fourier space by predicting the next single frame. We extend this
model to learn temporal dynamics by predicting the temporal sequences, where each timestep is
shifted by one. This transduction requires only one additional low-rank factor along the time domain,
enabling spatio-temporal convolution in Fourier space.

Fourier neural operators (FNOs) [[12] have emerged as a powerful class of PDE surrogate models
which learn operators that map between function spaces [13|]. FNOs can generalize across differ-
ent physical/input parameters within the same PDE family, whereas other surrogate models often
require retraining for each new parameter setting [[14, [15| [16]]. By learning PDE solutions in the
Fourier space, FNOs achieve resolution-invariance and are capable of zero-shot super-resolution.
This allows FNOs trained on coarse grids to infer accurate solutions at higher grid resolutions.

Despite their strong performance, FNOs still struggle to learn complex spatio-temporal dynamics.
One remedy consists of performing the spectral convolutions in the spatial frequency domain to learn
the spatial dynamics while predicting the temporal dynamics autoregressively [12, |17, [18]]. This ap-
proach is computationally efficient, but it struggles to learn complex spatio-temporal dynamics as
it does not account for the higher frequencies in the temporal dynamics, i.e. it assumes the solution
space is not rapidly changing in time. However, this assumption does not hold for unstable and
turbulent systems. Another solution consists of performing the spectral convolutions over the en-
tire spatio-temporal frequency domain, allowing the model to learn both dynamics simultaneously.
However, this approach incurs significantly higher computational costs, making it infeasible for
large-scale systems. The main computational bottleneck comes from the dense spectral convolution
weights, whose parameter count grows exponentially with domain size. Thus, reducing the com-
putational cost of spectral convolution weights is the key factor to efficiently learn spatio-temporal
dynamics in Fourier space. To address this issue, we propose LITEFNO, a FNO framework that
accurately and efficiently learns spatio-temporal dynamics for time-dependent PDEs.

2 Methodology

In this section, we review FNOs and explain our novel method LITEFNO as illustrated in

Operator Learning. Let A := {a : D4 — R%} and U := {u : Dyy — R%} denote two input
and output function spaces, where D 4, Dy, are subsets of a Banach space D € R?. An operator
G : A — U is a mapping between the two function spaces. A neural operator aims to approximate
an operator G by constructing a parameter map G : A x © — U (or equivalently Gy : A — U),
trained from NN input-solution pairs {(a;, u;)};_, where u; = G(a;).

Fourier Neural Operator. Li et al. [[12] formulate FNOs as an iterative architecture to map an input
function a to an output function v as follows.

u:gT(a):(Qo£(1)0~~~o£(L)o73)(a), (1)

where o indicates a composition of layers. Q, P, and L(l)(l < [ < L) indicate projection, lifting,
and the [-th Fourier operator layer, respectively. The [-th operator layer maps its hidden represen-
tation to the next layer with £() : R — R%i+1. The input function a is lifted to a higher
dimensional representation by the local transformation P : R%4 — R0, The last hidden represen-
tation z7, of the L-th layer maps to the final output by the local transformation Q : R%z — R,



Omitting the layer index [ for simplicity, each Fourier operator layer is defined as:
L(z)=0(Wz+b+K(z)), ()

where o is a non-linear activation function, W is the weight, and b is the bias term. /C indicates a
Fourier integral operator which performs spectral convolution in the Fourier space, i.e.

K(z) = F N F(r) - F(z)) = F L (W - F(z)) Vz € R¥Xsaxm, (3)

where s, denotes the resolution of the d-th domain, F and F~! indicate the Fourier transform and
its inverse respectively, and (-) indicates a matrix multiplication along the last dimension. Note that
K is a kernel function and is replaced to a parameter tensor W € CF1>XXkaXmxn g be Jearned
directly in Fourier space where k; indicates the truncated Fourier modes for the d-th domain and
m,n indicates the input and output channel size. Here, W is the main bottleneck for the scalability
and computation, with a complexity of O(mnk?), where k = max(ky,--- ,kq). The size of the
weight exponentially increases with respect to d, leading to a significant increase in computations
particularly for convolving across the spatio-temporal domain.

Low-Rank Factorized Spectral Convolution. We replace a dense weight W with compact R
low-rank factors using CP decomposition [[19,[20] as follows.

R
W = Z )\ru"(ﬁl) 0O---0 u,'(,,d) o u&z) o ugo) — [A7 U(l)’ e ’U(d)’ U(l), U(O)]7 (4)
r=1

where o denotes an outer product, A € CEis a weight vector for rank-one tensors. Note that
UY (j € {1,...,d,i,0}) are low-rank bases representing input, output, and domain modes
of spectral convolution weights. Expressing the convolution weights W into low-rank factor-
ized form has three advantages: model parameter reduction, computational efficiency, and regu-
larization effects [21]. Leveraging the low-rank form reduces the complexity from O(mnk?) to
O((m + n + kd)R), where R << m,n, k. We can directly contract the input with those low-rank
factors, rather than reconstructing a full tensor weight and multiplying them to the input F z.

Transduction: From Spatial to Spatio-Temporal Learning. We introduce a transduction frame-
work to extend spatial learning to spatio-temporal learning, motivated by prior work in computer
vision [22]. The model first learns a low rank basis of spatial dynamics in the Fourier domain with
Equation (4), where it is trained to predict the next timestep at ¢ + 1 given input time step t. We
expand single timestep input to segments of timesteps and apply the Fourier transform to the entire
spatio-temporal domain to learn spatio-temporal dynamics in the Fourier domain. This expanded
input requires an additional low-rank factor U®) € CF**% corresponding to time domain in
[tion (4)]in the Fourier layer. To learn spatio-temporal dynamics while preserving the modeled spatial
dynamics, we fine-tune the expanded model over temporal windows from ¢ : t+stot+1:t+s+1.
This allows the model to avoid retraining from scratch, thereby significantly reducing the training
time.

3 Experiments
All experiments are conducted using a single GPU machine with a NVIDIA RTX A6000 or A4000.

Dataset. We select a series of diverse benchmark datasets from “The Well’ﬂ [23]], which consists
of many chaotic and turbulent spatio-temporal physics simulations. We use the following eight
datasets: Active matter (AM), Euler multi-quadrants with open boundary conditions (EMQ-O), Eu-
ler multi-quadrants with periodic boundary conditions (EMQ-P), Acoustic scattering single discon-
tinuity (AS-SD), Gray Scott reaction diffusion (GS), Rayleigh Benard (RB), Turbulent Radiative
Layer-2D (TRL-2D), and Viscoelastic Instability (VI). Each dataset is split into training, validation,
and test dataset. Due to computational constraints, we reduce the training data by: 1) randomly
sampling 1000 trajectories for datasets with more than 1000 trajectories, 2) using only the first 60
timesteps, and 3) downsampling spatial resolutions by a factor of 4 or 8. Details on original and

training datasets are provided in

Model and training. We have three baselines, FNO-S, FNO-ST, and FNO-ST (FULL), shar-
ing the same FNO architecture from [21]], which shows the state-of-the-art performance among
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Figure 2: Overall performance comparison of our methods compared with the prior state of
the art methods. shows that LITEFNO achieves the best trade-off between compression
ratio and VRMSE in learning complex time-dependent PDEs datasets. visualizes the

spatial super-resolution of autoregressive prediction of FNO-S and LITEFNO on AM, GS, and AS-
SD datasets.

FNO models. FNO-S and FNO-ST use low rank spectral convolution weights for the spatial and
spatial-temporal domains, respectively, while FNO-ST (FULL) uses full dense spectral convolution
weights along the spatio-temporal domain. All models have eight layers, and their width is selected
from {64,128,160}. The number of Fourier modes is set to be less than two-thirds of the input
resolution, and the rank is chosen from {32, 48}. We train models for 500 epochs using an AdamW
optimizer [24] with an initial learning rate of 0.001, halved every 100 epochs. For transduction, we
fine-tune the proposed model for 100 epochs, where the learning rate is halved every 20 epochs.
We select the weight decay factor from {1075,5 x 1073}, and the batch size of 16 or 32. For the
training losses, we use the sum of the relative L? norm over the spatial domain for FNO-S and the
spatio-temporal domain for FNO-ST and LITEFNO. The time window .S for input and output se-
quences is set to 3 for models convolving in the spatio-temporal domain. Full model configurations

and training details are provided in[Appendices A.2Jand[A.3]
Metrics. We evaluate baselines with Variance Scaled Root Mean Squared Error (VRMSE) [23]],

defined as VRMSE(u, v) = ((Ju — v|*)/({Ju — u|?) + 6))1/2 , where (-) denotes the spatial mean
operator and the e = 10~7 term prevents division by zero in cases where (|u — |?) is zero.

Resultl: Comparison Against Benchmarks. compares the performance of benchmark
models and LITEFNO under the VRMSE for one-step prediction task. We provide the full results of
multi-step and one-step prediction tasks in[Appendix B.T|with tasks and benchmarks explanation in
[Appendices A.4Jand[A5] There are two key points to highlight here. First, all benchmark models are
trained on full datasets (i.e. the entire trajectories, time sequences, and at original resolutions) while
our model is trained on reduced datasets. As such, FNO-S and LITEFNO produce super-resolution
outputs over the spatial domain. Despite this, our model achieves lower error with significantly
fewer parameters and less training data as shown in [Fig. 2(a)] Second, LITEFNO achieves better
performance than FNO-S with only a slight increase in model size thanks to the low rank spec-
tral convolution weights. Even though they share the same architecture, the error gap comes from
the fact that FNO-S learns spatial dynamics while LITEFNO learns spatio-temporal dynamics in
Fourier space. As shown in[Fig. 2(b)] the autoregressive predictions of LITEFNO captures complex
dynamics while FNO-S produce aliasing (AM), inaccurate (GS) or distorted predictions (AS-SD).

Result 2: Comparison Against FNO Variants. We evaluate the predictive performance of
LITEFNO with FNO variants under a set of diverse physical scenarios. The prediction time ranges
vary from 10 : 20 to 10 : 40, while the input time range is fixed from 0 : 10. To evaluate the data
efficiency of the model, we vary the time sequences used in training from 20 to 50, and evaluate
performance in both the low-data regime (100 trajectories) and the high-data regime (1000 trajec-
tories). shows the VRMSE of all models on EMQ-O dataset for each different prediction



time range. Overall, LITEFNO consistently achieves the lowest VRMSE compared to all baselines
in all prediction tasks for the entire timesteps.
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Figure 3: Comparison of the predictive performance of our method compared with FNO variants,
over the time range 10 to 40, while varying the number of trajectories on the EMQ-O dataset.

4 Conclusion

We propose LITEFNO, an accurate and efficient Fourier neural operator architecture for time-
dependent PDEs. The model achieves superior accuracy and computational efficiency by replacing
full dense spectral convolution weights with learned low rank bases of the weights, extended to the
temporal domain through transduction. Our results demonstrate that LITEFNO creates a pathway
for an accurate and efficient surrogate modeling for complex spatio-temporal PDE systems.
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A Experimental Setting

We provide additional details on the dataset in[Appendix A.T| model architecture and its size in[Ap
training in[Appendix A.3] evaluation in[Appendix A.4] and benchmark in [Appendix A.5

to further clarify the experimental setups.

A.1 Dataset

We summarize datasets used for training models in[Appendix A.T.T]
A.1.1 Summary

Tables 1] and [2] summarize the selected eight original benchmark datasets and the corresponding
modified training datasets. Each trajectory includes the 2D spatial domain (W x H) that evolve
over time (7"), along with physics fields (F'). Accordingly, the input sample to FNO-S has the shape
of F' x W x H while the input sample to LITEFNO, FNO-ST, and FNO-ST (FULL) has the shape
of F x W x H x S where S is the time window, as summarized in [Table 3} To reduce a size of
dataset, we randomly select 1000 trajectories from the EMQ-O, EMQ-P, AS-SD, and RB datasets.
Also, we select initial 30-60 time steps for all datasets except for AM, RB, VI since these three
datasets do not have enough trajectories to train with. For spatio-temporal super-resolution tasks,
we use the entire time steps for EMQ-O, AS-AS, GS since the temporal resolution is downsampled
by a factor of 4, thus reducing the time steps from 100 to 25.

Table 1: Summary of original datasets.

Dataset | Name | Train/valitest | W x H xT | #Fields
euler_multi_quadrants_openBC EMQ-O | 4000/500/500 | 512 x 512 x 100 5
euler_multi_quadrants_periodicBC EMQ-P 4000/500/500 | 512 x 512 x 100 5
acoustic_scattering_discontinuous | AS-SD 1600/200/200 | 256 x 256 x 100 3
active_matter AM 175/24/26 256 x 256 x 80 11
gray_scott_reaction_diffusion GS 960/120/120 128 x 128 x 100 2
rayleigh_benard RB 1400/175/175 | 512 x 128 x 100 4
turbulent_radiative_layer_2D TRL-2D 72/919 128 x 384 x 100 4
viscoelastic_instability VI 213/22/22 512 x 512 x 19 8
Table 2: Summary of training datasets.
Dataset | Name | Train/val/test | W x H xT | #Fields
euler_multi_quadrants_openBC EMQ-O 1000/500/500 64 x 64 x 40 5
euler_multi_quadrants_periodicBC EMQ-P 1000/500/500 64 x 64 x 40 5
acoustic_scattering_discontinuous | AS-SD 1000/200/200 64 x 64 x 60 3
active_matter AM 175/24/26 64 x 64 x 80 11
gray_scott_reaction_diffusion GS 960/120/120 64 x 64 x 60 2
rayleigh_benard RB 1000/175/175 64 x 16 x 60 4
turbulent_radiative_layer_2D TRL-2D 72/9/9 32 x 96 x 100 4
viscoelastic_instability VI 213/22/22 64 x 64 x 19 8

Table 3: A shape of input and output training samples depending on the domain which FNO handles.
Here B,C, W, H, and S denotes number of batch size, channel, width, height, and time windows
respectively. Note that C' equals to F' and ¢ (1 < ¢ < T') is an index of time steps.

Domain Input Output
Space u(-,t) € REXCxWxH u(-,t + 1) € RBXOxWxH
Space and time {u(-,t) §+S € RBXCXWxHXS {u(-,t) iif+1 € RBXCXWxHxS

A.2 Model

We chose the improved FNO architecture by [21]. In the lifting and projection layers, two point-
wise MLPs are applied to the channel dimensions. As illustrated in each Fourier layer



consists of a low-rank factorized spectral convolution, a channel-wise MLP, and two skip connec-
tions to enhance the model capacity. The first skip connection applies 1D convolution to flattened all
domain dimensions, and the second skip connection uses soft-gating which re-weights the channel
dimension. Also, we compare the size of the spectral convolution weights in showing that
our approach significantly reduces the number of parameters due to the low rank factorization. We
also report the exact configuration and model size of models used in [Table 5} For [Figure 3| the
model size for FNO-ST (FULL) is 805,643,100, while the size of LITEFNO is 502,152, reducing
the model size by 99%.

Table 4: Comparison of parameter size of spectral convolution

Z in all Fourier layers between the original FNO and its variants.
Low_lrank | Here, m and n denote channel sizes respectively, and k is the
spectral Conv S maximum Fourier modes, d is the number of domain dimensions,
e | and [ is the number of layers. In typical setting, m,n >> [, d, k
i such that LITEFNO significantly reduces the memory footprint
i . by applying the low-rank factorization to the spectral weights.
ip
' Number of Parameters of
Getu Model C
Addtion Spectral Convolution in All Layers
J Original [12] O(mnlk?)
L(z) FFNO [17] O(mnkd)

LITEFNO [O 0 k)ld
Figure 4: Architecture of Fourier layer [Qurs] ((m £ n + k)id)

Table 5: Model configurations and size. The layer is set to 8 and time window S is set to 3 for
LITEFNO. Note that FNO-ST has the same parameter size as LITEFNO.

Dataset Model Width Rank Fourier Modes Model Size
FNO-S LITEFNO FNO-S LITEFNO

EMQ-O 128 32 32,16 32,32,2 492,680 502,152
EMQ-P 128 48 48,24 48.48,2 589,192 609,416
AS-SD 64 32 32,16 32,322 176,968 186,824
AM 160 48 48,24 48,482 824,872 845,160
GS 64 32 32,16 32,322 176,968 186,824
RB 128 48 48,8 48,16,2 576,904 584,840
TRL-2D 128 32 32,48 32,96,2 509,064 534,920
VI 160 48 48,24 48,482 824,872 845,160

A.3 Training

We explain the detailed initialization procedure used in transduction from FNO-S to FNO-ST. As
the input domain expands from spatial to spatio-temporal, additional weights are introduced into the
model. These newly introduced weights are carefully initialized to ensure compatibility with the
pre-trained weights. In the lifting layer, the FNO takes an input which concatenates grid embed-
dings corresponding to the domain dimensions to the input sample, along the channel dimensions.
For example, a 2D spatial domain requires 2-dimensional grid embeddings, while a 2D spatial +
1D temporal domain requires 3-dimensional grid embeddings. When the model is extended from
the spatial domain to the spatio-temporal domain, the the dimension of grid embeddings increases
by one. As a result, the first dimension of the weight matrix of the first MLP in the lifting layer
is expanded by one to handle the extended input. We initialize the corresponding weights to zero
such that they do not interfere with the pre-trained weights of the lifting layer. In the Fourier layer,
we introduce new low-rank factorized spectral convolution weights corresponding to the tempo-
ral domain and the last spatial dimension which corresponds to negative frequencies. The Fourier
transform (FT) of real-valued signals has conjugate symmetry where negative frequency compo-
nents are the complex conjugate of the positive ones. As a result, half of the frequency components
are redundant to compute the FT. Leveraging this property, our implementation truncates half of
the frequencies along the last dimension of the input domain (i.e., height dimension). That is, the



low-rank spectral convolutional weights corresponding to the last dimension are trained using only
the positive frequency modes in FNO-S. However, FNO-ST requires full frequencies for the last
dimension of the spatial domain. Thus, we need to introduce additional low-rank weights corre-
sponding to the negative frequency modes, in addition to introducing those for the time dimension.
By leveraging the property of conjugate symmetry, we initialize the weight corresponding to the
negative frequencies by mirroring the pre-trained weights corresponding the positive frequencies.
For the temporal dimension, we make it 1 + 0.05 to every value to avoid interfering the pre-trained
weights (here j is the imaginary number). After initializing all the newly introduced weights, we fine
tune the model for 100 epochs to transduct FNO-S to FNO-ST. Thanks to the pre-trained weights,
the model converges faster and requires fewer training epochs compared to the training the model
from scratch.

A.4 Evaluation

There are two types of evaluation tasks: a single-step prediction and a multi-step prediction task. For
the single-step prediction task, the model predicts one future step given a specific input sequence.
For multiple-step prediction, the model autoregressively predicts the next step up to 33, given the
initial four time steps/frames ranging from 0 to 3 (i.e., u(0), u(1),u(2), and u(3)). Autoregressive
predictions are evaluated over two time windows 6:12 and 13:30 which correspond to the time in-
tervals from 9 to 15 (i.e., u(9),-- ,u(15)) and from 16 to 33 (i.e., u(16), - - - , u(33)), respectively.

A.5 Benchmark

We explain the model architecture and training strategy of the FNO benchmarks. Both FNO and
TFNO perform spectral convolution in the spatial frequency domain. They are trained using four
historical time steps to predict the next single step. To handle the historical sequence, these models
stack them along channel dimensions (physics fields) (i.e., (F' x T)) x W x H) and learn temporal
dynamics in physical domain using neural networks. However, our model learn temporal dynamics
explicitly in the Fourier domain.
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B Experimental Results

B.1 Comparison against benchmarks

We include benchmark results from [23}25]] along with FNO-S, which shares the same architecture
as our model. FNO and TFNO follow the original model architecture proposed in [[12] while TFNO
incorporates Tucker decomposition to reduce the size of dense spectral convolution weights. Unet
and CUnet are CNN-based neural network models convolving in the physical domain, where CUnet
adopts the advanced CNN layers proposed in [26]]. CSM [235]] is a recent Vision Transformer [27]
based PDE surrogate model. The number below each model indicates its parameter count.

Table 6: Comparison of model performance on VRMSE for multi-step prediction over time
windows (6:12) and (13:30). Note that FNO-S and LITEFNO results represent super-resolution
outputs over the spatial domain. The best and second-best results per time window are denoted in
bold and underlined, respectively, and — indicates N/A.

FNO [23] TENO [23] Unet [23] CUnet [23] FNO-S LITEFNO
Dataset (20M) (20M) (20M) (20M) (<0.84M) (<0.85M)
6:12 13:30  6:12  13:30  6:12  13:30  6:12  13:30 6:12  13:30 612 13:30
AS-SD  — - - - - - — 057 111 011 029
EMQ-P 1.13 137 123 152 102 163 498 >10 022 033 021 033
GS 089 >10 154 >10 057 >10 029 7.62 097 158 0.03 008
VI 411 — 093 — 08 — 052 — 050 — 050 —
AM >10 >10 752 472 253 262 211 271 198 438 027 0.76
RB >10 >10 >10 >10 >10 >10 >10 >10 023 1.03 011 0.37

=
o0
wn

TRL-2D 1.79 354 601 >10 066 1.04 054 101 042 0.50 0.92

Table 7: Comparison of model performance on VRMSE for one-step prediction. Note that
FNO-S and LITEFNO results present super-resolution outputs over the spatial domain. The best
and second-best results are denoted in bold and underlined, respectively, and — indicates N/A.

FNO [23] TFNO [23] Unet [23] CUnet[23] CSM [25] CSM[25] FNO-S LITEFNO

Dataset = oqnp) (20M) (20M) (20M) (7.6M)  (100M) (<0.84M) (<0.85M)
AS-SD — — — — — — 0.1397 0.0494
EMQ-P  0.4081 0.4163 0.1834  0.1531 — — 0.1057  0.1146
GS 0.1365 0.3633 02252 0.1761 — — 0.299 0.0098
VI 0.7212 0.7102 04185 0.2499 — — 0.1359  0.1481
AM 0.3691 03598 02489  0.1034 0.0400  0.0172 02196  0.0798
RB 0.8395 0.6566 14860  0.6699 0.0440  0.0250  0.2785 0.1506

TRL-2D  0.5001 0.5016 0.2418 0.1956 0.180 0.1440 0.1770 0.1593

B.2 Super-resolution on spatial domain

We visualize a spatial super-resolution of our model compared to FNO-S using GS and AM datasets

in and[§
B.3 Super-resolution on spatio-temporal domain

We compare the spatio-temporal super-resolution performance of FNO variants using VRMSE on
the EMQ-O, GS, and AS-SD datasets, as shown in [Table 8| and [Fig. 8] All models are trained us-
ing a temporal resolution of 25 and a spatial resolution of 64. We increase the temporal resolution
up to 4%, and the spatial resolution by 8%, 4x, and 2x for each dataset. The evaluation task is
to predict time steps ranging from 20 to 40, given input time steps ranging from 0 to 20.
shows that LITEFNO outperforms FNO-ST in most super-resolution settings across all datasets.
For the GS dataset, LITEFNO maintains performance with only a marginal error increase (< 0.01)
even when the temporal resolution is up to 4x and spatial resolution is up to 2x, while FNO-ST
shows severe performance degradation. For the AS-SD and EQM-O datasets, both methods show
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Figure 6: Super-resolution results over space domain on AM (256 x 256).
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Figure 7: Super-resolution results over space domain on AS-SD (256 x 256).

higher VRMSE under increased temporal resolution compared to spatial resolution, indicating that
temporal super-resolution can be more challenging for complex spatio-temporal PDEs. However,
LITEFNO shows a relatively smaller increase in VRMSE by 0.36 and 0.75 while FNO-ST shows
a larger increase in VRMSE by 0.82 and 1.91 for each dataset. This indicates that LITEFNO per-
forms more robustly in spatio-temporal super-resolution tasks compared to the FNO-ST training
full spatio-temporal dynamics from scratch. One key reason for the better super-resolution perfor-
mance is its transductive framework, which enables the model to learn spatial dynamics accurately.
While temporal resolution increases, their temporal dynamics change more slowly, and so spatial
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dynamics dominate. Thus, accurately learned spatial dynamics help the model to interpolate miss-
ing time steps at the finer resolutions. As illustrated in[Figure 8(a)l LITEFNO captures fine-grained
details, while FNO-ST tends to smooth them out.

Table 8: Comparison of VRMSE in spatio-temporal super-resolution for multi-step prediction
between LITEFNO and FNO-ST on the EQM-O, AS-SD, and GS.

Ground Truth

LITEFNO

FNO-ST

SR Domain EQM-O AS-SD GS
Model Time / Space  1x 2x 4x 8x 1x 2x 4x 1x 2x
1x 0.15 0.19 020 021 020 023 025 004 004
LITEFNO 2X 035 036 037 037 085 084 0.84 004 0.04
4x 051 051 051 064 057 056 056 0.03 0.05
1x 0.15 0.17 0.18 0.18 022 027 029 0.05 0.05
FNO-ST 2% 079 079 079 079 1.79 094 094 2053 20.54
4x 098 098 097 097 116 116 1.16 6.62 30.21
=20 (VRMSE) T =30 (VRMSE) T=20 (VRMSE) T=30 (VRMSE) T=20 (VRMSE) T=30 (VRMSE)
- "\ .
1/ L )
T=20(0.15) T=30(0.29) T=20(0.58) T=30 (1.46)
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Figure 8: Super-resolution results over space and time domains (128 x 128 x 100), (256 x 256 x
100), and (512 x 512 x 100) at timesteps 20 and 40, using EQM-O, AS-SD, and GS, respectively.
The rows from top to bottom correspond to a ground truth, LITEFNO, and FNO-S. The numbers in
parentheses indicate VRMSE.

B.4 Running time

To evaluate the computational efficiency, we also measure the training time of all baselines while
varying the time steps of training dataset, as shown in[Figure 9] LITEFNO shows the shortest train-
ing time compared to FNO baselines performing spatio-temporal convolution in the Fourier domain.
FNO-ST (FULL) takes the longest training time due to its dense spectral convolution weights. By
adopting the low-rank spectral convolution weights, FNO-ST reduces the training time by approx-
imately 2x, but it still suffers from the computational burden of the spatio-temporal convolution
operations. In contrast, FNO-S shows the shortest training time. Thanks to the transduction frame-
work, LITEFNO avoids training the model from scratch unlike FNO-ST, but is finetuned with fewer
epochs.
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Figure 9: Comparison of training time between baselines. FNO-ST (FULL) shows the longest
training time, followed by FNO-ST. FNO-S shows the shortest training time. Although LITEFNO
performs the same calculations as FNO-ST, it does not need to train for full epochs from scratch.
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