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Abstract

Predicting spatiotemporal fields governed by partial differen-
tial equations (PDEs) from sparse sensor data is a critical and
long-standing challenge in science and engineering. Recent
deep learning approaches, particularly neural operators, have
shown considerable promise in solving PDEs. However, their
performance degrades significantly in the demanding regime
of extreme sparsity, characterized by spatial sensor coverage
of less than 1% and limited temporal observations. To over-
come this limitation, we propose SparQT, a novel framework
that decouples the task into two stages: spatial reconstruc-
tion and temporal extrapolation. In the first stage, rather than
reconstructing the high-dimensional physical field directly,
our model learns to reconstruct the complete latent features
from sparse observations—features that would otherwise be
extracted from a dense field. This process is stabilized by a
Vector Quantization (VQ) bottleneck, which discretizes the
latent space. In the second stage, a decoder-only Transformer
performs temporal extrapolation by autoregressively predict-
ing the future sequence of these discrete latent indices. This
design inherently allows the model to generalize to new ini-
tial conditions and varying forecast horizons, akin to standard
autoregressive models. We validate our framework on three
challenging benchmarks, achieving state-of-the-art (SOTA)
performance under severe sparsity constraints. Furthermore,
we introduce a challenging benchmark dataset based on fire
dynamics simulations. On this benchmark, our model suc-
cessfully forecasts the field’s evolution 30 frames into the fu-
ture from a single timeframe with less than 0.1% spatial ob-
servations—a result that pushes well beyond the capabilities
of existing methods.

Code — https://github.com/wznwznwzn123/SparQT
Datasets — https://zenodo.org/records/17626533

Introduction

Predicting the evolution of spatiotemporal fields governed
by physical laws is a fundamental and enduring challenge
in science and engineering(Brunton and Kutz 2022; Baker
et al. 2019). This predictive capability is crucial in nu-
merous applications, such as industrial design, where fluid
dynamics simulations are used to optimize efficiency and
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safety(Martins and Ning 2021); and in emergency response
scenarios like fire forecasting(Jain et al. 2020), where un-
derstanding fire spread is crucial for effective response.
The evolution of these systems is almost universally de-
scribed by partial differential equations (PDEs). Therefore,
the problem of predicting these fields can be formulated as
solving the underlying PDEs, which involves inferring ini-
tial conditions, operator parameters, and the solution from
a given set of observational data(Tarantola 2005). Tradi-
tional numerical methods, such as the finite element method
(FEM)(Zienkiewicz, Taylor, and Zhu 2005) and the finite
volume method (FVM)(LeVeque 2002), have long been
standard approaches. However, they are often computation-
ally expensive, requiring extensive domain knowledge and
vast computing resources, which limits their application in
real-time scenarios.

With the rapid development of machine learning in recent
years(Jordan and Mitchell 2015), large-scale machine learn-
ing has provided a natural solution to this problem. These
data-driven approaches offer a powerful alternative, promis-
ing a better balance between accuracy, speed, and flexibil-
ity(Karniadakis et al. 2021). Broadly speaking, these meth-
ods can be divided into two major research directions: one
is to solve the forward problem, that is, to find the solution
of the PDE given its initial conditions and parameters; the
other is to solve the inverse problem, that is, to infer the ini-
tial conditions or parameters from partial observations of the
solution. Neural operators(Li et al. 2021; Lu et al. 2021), as
an powerful class of deep learning models, have shown ex-
traordinary potential in learning solution operators for PDE
families and can achieve zero-shot generalization to new ini-
tial conditions. These methods, as well as some unified per-
spective frameworks, have introduced a new paradigm for
predicting the evolution of spatiotemporal fields(Brunton,
Noack, and Koumoutsakos 2020; Pathak et al. 2018).

Although the above methods have made significant
progress, they still face two key challenges in practical ap-
plications. (1) Extreme sparsity of observations. In the real
world, data is usually collected from a limited number of
sensors. This is especially true in applications such as fire
prediction, where it is not feasible to deploy dense sensor
networks. When the spatial coverage of known data points is
extremely low (for example, less than 0.1%), existing mod-
els often struggle because they cannot accurately reconstruct



the complete initial state of the system from such sparse
information. (2) Temporal Extrapolation. Many applica-
tions require not only a snapshot in time but also long-term
predictions of the system’s evolution(Lian et al. 2024). The
challenge is to accurately predict the complete spatiotempo-
ral field for a long period of time in the future (e.g., a time
span greater than 10 times the length of the initial observa-
tion window) based only on sparse observations of the initial
state. Most existing methods are not designed for this task;
forward solvers require a complete initial field, and unified
methods that attempt to simultaneously perform reconstruc-
tion and prediction suffer from severe accuracy degradation
under such sparse initial conditions. For example, a model
recently proposed by Steeven et al(Steeven et al. 2024). at-
tempts to address both problems, but its performance de-
grades significantly in scenarios of extreme sparsity.

To overcome these fundamental limitations, we propose
an innovative framework that performs spatial reconstruc-
tion and temporal extrapolation separately in a quantized
latent space. Our core insight is to decouple this complex
problem into two more manageable sequential stages: spatial
reconstruction and temporal extrapolation. And unlike pre-
vious work, for spatial reconstruction, our model not only
reconstructs the high-dimensional physical field but also
learns to reconstruct its complete, compressed latent rep-
resentation from sparse observations. This process is stabi-
lized by a vector quantization (VQ) bottleneck, which dis-
cretizes the continuous latent space. In the second stage, we
perform temporal prediction directly in this discretized la-
tent space. We treat the sequence of quantized latent indices
at consecutive time steps as a sequence of indices. We then
train a decoder-only Transformer to perform the “next in-
dex prediction” task, autoregressively predicting the future
evolution of the system in the latent space domain. This de-
coupled, discretized approach effectively mitigates model
compounding errors and enables robust, long-term predic-
tion from a single, sparsely observed time frame.

We demonstrate through extensive experiments on three
benchmark datasets that our approach achieves state-of-the-
art performance. In particular, on our new fire dynamics
dataset, our model successfully predicts the field evolution
30 frames into the future from a single, sparse initial ob-
servation, significantly outperforming existing methods. The
main contributions of this paper are summarized as follows:

* We propose a novel two-stage decoupled framework that
effectively addresses the challenges of combining ex-
treme spatial sparsity and long-term prediction in PDE-
controlled systems. - We introduce a spatial reconstruc-
tion method that maps sparse observations into a com-
plete representation in a quantized latent space, signif-
icantly improving the robustness and quality of recon-
struction from very small amounts of data.

We design a temporal extrapolation model that uses a
Transformer to autoregressively predict future states as
a sequence of discrete latent indices, thereby preventing
error propagation and achieving stable long-range pre-
dictions.

* We introduce a new, more challenging benchmark dataset
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based on fire dynamics simulations to test model perfor-
mance under real-world conditions with extreme sparsity
(<0.1% spatial observations).

Related Work

Solving PDE Inverse Problems from Sparse
Observations

Recovering complete physical fields from partial or sparse
data is a long-standing problem. Recently, neural networks
have emerged as a powerful approach. Physics-Informed
Neural Networks (PINNs) (Raissi, Perdikaris, and Karni-
adakis 2019) constrain network training with PDE residu-
als. To address the challenge of highly incomplete data, re-
cent work has focused on latent-space and generative meth-
ods. For instance, DiffusionPDE (Huang et al. 2024) em-
ploys a generative diffusion model to jointly infer missing
inputs and solve the governing PDE. Another line of work
embeds the system’s dynamics in a learned latent manifold.
To handle inverse problems, LNO (Wang and Wang 2024)
combines operator learning frameworks like DeepONet (Lu
et al. 2021) and FNO (Li et al. 2021). The Senseiver frame-
work (Santos et al. 2023) focuses on reconstruction by using
cross-attention to encode sparse sensor inputs into a fixed-
size latent representation, which is then decoded into a com-
plete field. These advances highlight a clear trend: mapping
sparse observations to a complete latent representation be-
fore evolving the dynamics. Our work extends this philos-
ophy. We integrate vector quantization (VQ) to establish
a robust mapping from extremely sparse inputs, through a
semi-sparse latent representation, to the complete geometric
space.

Spatiotemporal Field Prediction from Sparse
Observations

Beyond static reconstruction, many applications require
forecasting the temporal evolution of a system from a
sparsely observed initial state. Some methods bridge this gap
by jointly performing spatial completion and temporal fore-
casting. For example, MAgNet (Boussif et al. 2022) inter-
polates the observation graph in a latent space before using
a Graph Neural Network (GNN) for prediction. DINo (Yin
et al. 2023) encodes initial observations into an implicit neu-
ral representation and evolves this latent state with a learned
ordinary differential equation (ODE). DeepMind’s Mesh-
GraphNet (Pfaff et al. 2021) and its variants (Han et al. 2022)
first perform graph completion to infer missing node values,
then use a GNN-based simulator for autoregressive updates.
Steeven et al. (Steeven et al. 2024) proposed a “dual obser-
vation” framework to connect dynamics at sparse sensor lo-
cations with those on a continuous domain. While effective
for semi-sparse data, the performance of these methods de-
grades significantly under the extreme sparsity regimes we
consider, as shown in Section Experiments. Our framework
partially addresses this limitation by decomposing the prob-
lem into two stages. We first obtain vector-quantized latent
indices from the sparse observations, and then employ a
Transformer to perform autoregressive temporal prediction



in this discrete latent space, thereby mitigating the impact of
reconstruction errors.

Methodology

Our proposed framework tackles the challenge of spatiotem-
poral forecasting from extremely sparse observations by de-
coupling the problem into two distinct stages: (1) Spatial im-
putation through latent space based on Perceiver IO(Jaegle
et al. 2021). (2) Stable temporal extrapolation with vector
quantization and a Transformer.

Problem Setting

We aim to learn a neural operator(Kovachki et al. 2021) that
can predict the evolution of a dynamical system governed by
a latent Partial Differential Equation (PDE). Let the system’s
state be denoted by u(x, t) for a spatial position € Q and a
time ¢t € [0, T]. The evolution is determined by an unknown
initial condition u(x, 0) = ug(z).

Our central goal is to learn an operator Gy, which takes
two arguments as input: a sparse representation of the initial
condition, and a specific spatiotemporal coordinate (x,t).
The operator then outputs the predicted state at that precise
coordinate. We formulate this as:

ey

where 4(x,t) is the predicted state. The input a( encapsu-
lates our entire knowledge of the initial state. Crucially, this
knowledge is extremely sparse. It consists of the state values
measured only at a small, fixed set of N sensor locations
P = {p;}Y:, C Q. Formally, the input initial condition is
represented as a set of value-coordinate pairs:

’ll(ﬂ?ﬂf) = gg(a0,$,t)7

ey @
The challenge lies in the fact that Ny is orders of magni-
tude smaller than the number of points required to describe
the full field, forcing the operator Gy to learn the underlying
dynamics from severely incomplete information. The query
coordinate (i, t) can be any point within the continuous do-
main © x [0, 7], requiring the operator to interpolate and
extrapolate in both space and time. We train the neural oper-
ator Gy on a dataset D composed of K distinct trajectories,
where each trajectory corresponds to a different initial con-
dition:

ao = (uo(pi), pi)

& K
D= (al",8®),_ 3)
For each k-th trajectory, a(()k) is the sparse initial observation.
S®) represents the ground truth data used for supervision.
Crucially, our training methodology relies on decoupling of
the ground truth data. While the encoder only observes the

sparse initial state aék) (that is, values at the small set of sen-
sor locations P) as input, the learning objective is to recon-
struct the entire dense field. The supervision signal is there-
fore derived from the complete and dense field represented
by S(). The decoder is trained to predict the state u(z, t) for
any query coordinate (x, t), and the loss is computed against
the true values of S*).

1+
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Model Architecture

As illustrated in Fig. 1, our method achieves spatio-temporal
prediction from sparse data via a two-stage process. First,
we learn a robust spatial representation by using a Perceiver-
I0-based VQ-Autoencoder to map sparse observations into
a discrete, quantized latent space. This process is trained to
align the latent features of sparse data with those of semi-
sparse data, enabling high-fidelity reconstruction. Second,
we treat the sequence of these quantized indices as tokens
and use an autoregressive Transformer to predict future se-
quences. Finally, a shared Perceiver decoder maps these pre-
dicted indices back to complete spatial fields, enabling end-
to-end forecasting from sparse initial conditions.

Input Embedding and Positional Encoding The atten-
tion mechanism (Vaswani et al. 2017), central to our archi-
tecture, is permutation invariant and therefore does not have
an inherent notion of spatial location. To provide the model
with this crucial information, we explicitly encode the coor-
dinates of both the sparse sensor inputs and the dense query
points for the final reconstruction.

Let a single sparse observation at a given timestep t (omit-
ted hereafter for brevity) be represented by a set of IV, sen-
sors {s;, pi}f\]:sl, where s; € S is the physical value and
pi € P isits spatial coordinate. Following prior work (San-
tos et al. 2023), we use a fixed sine-cosine(Vaswani et al.
2017) positional encoding. For each spatial dimension, a set
of frequencies is used to create a feature vector that uniquely
represents each location. This method requires no learnable
parameters.

The final input vectors are formed by directly concatenat-
ing the sensor values s; with their corresponding positional
encodings Pg(p;):

4)

Perceiver I0 Encoder Our encoder design is based on
the Senseiver(Santos et al. 2023) architecture, with the core
objective of efficiently encoding sparse observations into a
compact, fixed-size latent space.

First, we represent the sparse input observations as a set
Z = {(pi, Pe(p:))} Y. Concurrently, we initialize a learn-
able, fixed-size latent array, Lsparse € RM™*P. Here, M is
the number of latent vectors, and D is the dimension of each
latent vector.

The core of the encoding process is the Cross-
Attention(Vaswani et al. 2017) mechanism. We use the la-
tent array Lgpqrse as the Query, while the sparse input data
Z serves as the Key and Value.

Z; = concat(s;, Pr(p;)).

Lsparse = CrossAttention(Q) = Lsparse, K =V = Z).
4)
Subsequently, the updated latent array Ly, s is fed into
a deep processor composed of Self-Attention(Vaswani et al.
2017) blocks for information integration and refinement.

This yields the final output latent representation Ly,qrse €
RMxD.

Lsparse = SelfAttentionBlock(Lgparse)- (6)
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Figure 1: Overview of the decoupled spatiotemporal forecasting framework for extreme sparse observations. The model first
learns a quantized spatial representation from sparse inputs using a Perceiver-VQ architecture (Top, Spatial Reconstruction).
Then, an autoregressive Transformer predicts the future sequence of these quantized indices, which a shared decoder uses to
generate the complete future fields (Bottom, Temporal Extrapolation).

Additional Semi-Sparse Encoder However, differing
from Senseiver’s single-pathway design(Santos et al. 2023),
we introduce a critical addition: a Semi-Sparse Observation
Encoder. This encoder shares the same architecture with the
sparse encoder but maintains separate weights.

The primary purpose of this semi-sparse encoder is to act
as a “teacher” model that provides supervision during the
training phase. It takes denser observation data, Zgeyser, as
input and generates a “gold-standard” latent representation,
Lgenser, through the same process.

Our key hypothesis is that Lgepser, generated from semi-
sparse data, more comprehensively captures the global infor-
mation of the physical field. In this manner, the semi-sparse
encoder guides the sparse encoder and the Vector Quan-
tizer(Razavi, Van den Oord, and Vinyals 2019), which will
be introduced later, to learn how to infer a globally and phys-
ically plausible latent structure from only a small amount of
information.

Perceiver 10 Decoder The decoder’s role is to map the la-
tent representation L back to the physical space using Cross-
Attention. Given a set of query coordinates {p; }?Ll for the
entire space domain, it uses cross-attention to project the in-
formation from the latent array L (as Key and Value) onto
the positionally-encoded query points (as Query) to produce
the reconstructed field values ;. Unlike the encoder, the
decoder’s weights are shared for reconstructions from both
the sparse and semi-sparse pathways, ensuring a consistent
mapping from the latent space to the physical domain.
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Vector Quantization and Latent Reconstruction Loss
To stabilize the latent space and discretize it for the subse-
quent temporal prediction task, we introduce a Vector Quan-
tized Variational AutoEncoder (VQ-VAE) layer(Razavi,
Van den Oord, and Vinyals 2019). A learnable codebook,
or embedding space e,,v = 1,...,V is maintained, where
V is the codebook size and each e, is a code vector in R€.
Given the continuous latent representation Lipgse from the
sparse encoder, it is encoded by the encoder of VQ-VAE
layer to a set of new vectors Zsparse = Fvq(Lisparse)- Each vec-
tor in this set is then quantized by replacing it with its nearest
neighbor from the codebook. This produces the quantized
Vector set Zg, sparse:
(4)
q, sparse

(4)

z sparse

)

And the indices of quantized codes are also obtained from
this process, which we will note as 1. Zgpure, Zq, sparse and 1
have the same length here and Lgp,.se does not.

The training objective includes a standard VQ-VAE re-
construction loss

Erec = ||Lsparse - D(Z(L sparse)H%a (8)
where D is the VQ-VAE decoder function The VQ-VAE
codebook and commitment losses

qu = Z || Sg[zgégrse] - 6”% + ﬂ”Zg;;rse o

= ej, where k = argmlin ||z — e

sgle]ll3, (9

where e is the quantized code for zﬁgim, sg[-] denotes the
stop-gradient operator and (3 is a hyperparameter which con-
trols the reluctance to change the code corresponding to the



encoder output(Razavi, Van den Oord, and Vinyals 2019).
And a novel latent reconstruction loss

Edenser = HLsparse - Ldenser”% (10)

This loss enforces that the reconstructed latent with quan-
tized vectors from a sparse input should approximate the
continuous latent grid from the corresponding semi-sparse
input. This forces the sparse encoder and the VQ-VAE layer
to learn to impute the ’correct” latent features that a model
with full information would have extracted.

Stage 2: Temporal Extrapolation with Latent
Space Dynamics

Once Stage 1 is trained, we have a robust mechanism for
encoding a spatiotemporal field from a sparse observation
into a discrete set of indices corresponding to the codebook
vectors. The second stage focuses on learning the temporal
dynamics directly in this compressed, discrete latent space.

Autoregressive Prediction of Latent Indices We employ
a decoder-only Transformer(Radford et al. 2019) to model
the temporal evolution of the system. The Transformer is
trained on a standard next-token prediction task. For each
position in the sequence, it predicts a probability distribution
over the entire vocabulary of V' possible codebook indices
for the next token. This is achieved through stacked Trans-
former blocks followed by a final softmax layer. Each block
consists of two main sub-layers: masked multi-head self-
attention and a position-wise feed-forward network. The
masked self-attention is computed as:

QK"
ven

where @, K,V are the query, key, and value matrices, and
M is a mask matrix that sets the attention scores for future
positions to —oo to ensure causality. And the FFN (Feed-
Forward Network)(Vaswani et al. 2017) is computed as:

FFN(X) = MLP(LayerNorm(X)) + X.

Attention(Q, K, V) = softmax ( + M) VvV, (1)

(12)

The initial input to the first Transformer block, Xy, is ob-
tained by feeding the sequence of discrete codebook indices
into an embedding layer and reshaping the resulting embed-
dings to the Transformer’s required dimension. The compu-
tation for the entire Transformer blocks can then be summa-
rized as:

X, = Attention(LayerNorm(X;_1)) + X; 1 (13)

X, = FFN(X)),

At stage 2, the cross-entropy loss is used as the training
objective:

14
Lee = — Z Yu 10g(?]u), (14)
v=1

where V' is the vocabulary size, y, is the ground-truth la-
bel (1 for the true token and O for all others), and ¢, is the
predicted probability for token v.
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Scheduled Sampling and Inference Procedure A com-
mon issue in autoregressive models is the exposure bias be-
tween training (where ground-truth inputs are provided, i.e.,
“teacher forcing”) and inference (where the model consumes
its own predictions). To bridge this gap, we employ Sched-
uled Sampling(Bengio et al. 2015), a mixed-ratio train-
ing strategy. During training, we probabilistically feed the
model either the ground-truth previous token or the model’s
own sampled prediction from the previous step. This makes
the model more robust to its own errors.

During inference, the model autoregressively generates
the entire future sequence of indices, one token at a time.
The generated indices are reshaped and mapped back to the
VQ latent vectors, which are finally reconstructed by the VQ
decoder and passed to the shared Perceiver 10 Decoder to
render the full-resolution physical field.

Experiments

To systematically validate the effectiveness of our proposed
two-stage framework for spatio-temporal field prediction
under extremely sparse conditions, we conduct comprehen-
sive experiments on two representative datasets and one
novel dataset. The experiments are designed to answer two
key research questions:

1. How does our method perform compared to state-of-the-
art baselines under varying levels of sparsity?

2. Can our framework work in complex, realistic scenarios,
such as fire dynamics simulation?

Datasets

We briefly introduce the datasets used in our experiments.
Navier-Stokes (Yin et al. 2023) simulates the vorticity of
a viscous, incompressible flow on a 64 x 64 grid over 20
timesteps. We use 256 sequences for training and 16 for val-
idation and testing. Shallow Water (Yin et al. 2023) mod-
els the velocity of shallow water on a 128 x 64 grid. The
dataset provides 80 sequences of 20 timesteps each, with 64
used for training and 8§ each for validation and testing. Fire
Dynamics is a custom dataset we generated using the Fire
Dynamics Simulator (FDS) (McGrattan et al. 2013) to simu-
late complex 3D smoke propagation. It includes 30 training
sequences and 2 sequences each for validation and testing,
with each sequence consisting of 30 timesteps. This dataset
is designed to mimic real-world scenarios with sparse sensor
coverage.

Baselines

We compare our proposed framework against a representa-
tive state-of-the-art method designed for sparse PDE learn-
ing:

* MGN(Pfaff et al. 2021): A multi-layered GNN used
auto-regressively, extended to spatiotemporal continuity
via physics-agnostic interpolation.

* MAgNet(Yin et al. 2023): First interpolates the initial
conditions in latent space at query positions before ap-
plying the MGN architecture.



Method Navier-Stokes Shallow Water TSR
0.5% 1% 5% 0.5% 1% 5%
% *
MAgNet 955.7 188.4 57.21 3814 211.7 30.55 1/1
1370.1 201.9 63.40 425.6 253.2 65.81 1/4
# *
MGN 602.3 45.60 14.80 142.1 92.5 8.187 1/1
715.4 51.28 17.95 168.3 105.9 28.34 1/4
* *
DINo 568.1 16.35 5.493 58.72 67.33 21.55 1/1
642.5 19.52 6.810 125.18 131.60 48.95 1/4
560.5 69.90 0.560* 12.06 10.34 2.800* 1/1
Steeven et al. —
497.1 67.21 1.321 13.19 10.56 3.122 1/4
Steeven ef al.-D.C. 5.301 1.420 0.511 0.432 0.361 0.154 1/1
12.18 5.430 1.126 0.547 0.374 0.182 1/4
OURS 1.060 1.330 0.623 0.379 0.318 0.287 1/1
0.756 0.518 0.461 0.509 0.304 0.254 1/4

Table 1: Combined results on Navier-Stokes and Shallow Water Datasets (MSE x 1073). Results marked with an asterisk (*)

are taken from the original paper (Steeven et al. 2024).

* DINo(Boussif et al. 2022): models the solution as an Im-
plicit Neural Representation (INR) modulated by a time-
dependent context vector whose dynamics are learned by
a Neural-ODE.

Steeven et al.’s (Steeven et al. 2024): A continuous neu-
ral operator that directly maps sparse spatiotemporal ob-
servations to future fields. It is chosen for its explicit fo-
cus on sparse inputs and its demonstrated temporal con-
tinuity.

Different from our model’s decoupled scheme for supervi-
sion, the original Steeven et al.’s framework trains and eval-
uates using only sparse observations. Therefore, to create a
fair and comprehensive comparison, we add another base-
line into our experiments:

* Steeven et al.’s-D.C. (Decoupled Correction): We mod-
ify the original Steeven et al.’s model to adopt our de-
coupled supervision strategy. Specifically, the model will
get input from the sparse field and obtain the labels from
dense observations. This ensures a fair comparison be-
tween our model and the baseline.

Evaluation Metrics and Protocol

¢ Mean Squared Error (MSE): The primary metric, de-
fined as the average squared difference between the pre-
dicted and ground-truth field values over all spatial grid
points and time steps:

P
_ L2
MSE = W t_zl Zl (’U,l’t Ul,t)
where NV is the number of spatial grid points, 7" is the
number of time steps, u; . is the ground-truth value at
grid point 7 and time ¢, and 4; ; is the corresponding pre-
dicted value.

15)
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* Qualitative Visualization: For the Fire Dynamics
dataset, we provide visual comparisons of the predicted
and ground-truth smoke propagation to highlight struc-
tural consistency and long-term coherence.

All models are trained on 4 NVIDIA A800 GPUs. For
the baseline, we adopt the hyperparameters recommended
by the original authors and perform additional tuning on the
Fire Dynamics dataset to achieve their best performance.

Main Results

In the results, the time split rate (TSR) indicates the propor-
tion of data uniformly sampled from the temporal dimen-
sion of the training samples. In each column, the bold num-
bers represent the best performance (lowest error) among
the three models, while the underlined numbers denote the
second-best performance.

Regarding spatial sparsity, our model demonstrates ex-
ceptional performance when handling spatially sparse ob-
servational data. As Tab. 1 indicates, it accurately recon-
structs complete and high-fidelity dynamic fields even under
stringent conditions where observation points are extremely
scarce (e.g., with only 0.5% or 1% of the data available).
This demonstrates our architecture’s ability to effectively
capture and comprehend the system’s intrinsic physical laws
and spatial correlations, enabling the inference of the entire
continuous field state from only a few discrete points.

Regarding temporal sparsity and long-Term prediction
stability as is depicted in Tab. 1, even with only 1/4 of the
temporal data in training samples, our model still performed
well in predicting future frames using the autoregressive
Transformer. A common challenge in autoregressive mod-
els is the accumulation of errors over prediction time steps,
which can significantly degrade the accuracy of long-term
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Figure 2: Comparison of ground-truth smoke density with
predictions from our model and two baselines on the Fire
Dynamics dataset (t=10), including pointwise squared error.
Color bars denote normalized density (left) and unnormal-
ized squared error (right).

forecasts. To address this, we incorporate a Vector Quan-
tization (VQ) module into our model. This design choice
effectively curtails the propagation and amplification of er-
rors across the time series by mapping continuous hidden
states to a discrete codebook. Each quantization step can be
viewed as a “correction” of the system state, which prevents
the compounding effect of minor deviations(Van Den Oord,
Vinyals et al. 2017). The experimental results validate the ef-
fectiveness of this design, showing that our model maintains
higher stability and accuracy in long-term forecasting.

To further assess the model’s generalization capabilities
and performance in real-world scenario, we evaluated it
on our custom-generated Fire Dynamics dataset. As visual-
ized in Fig. 2, a stark contrast emerges. Quantitatively, our
model achieves a significantly lower MSE over all spatial
grid points and time steps of 0.78 (x10~3), outperform-
ing both the Steeven et al.’s (3.53) and Steeven et al.’s-D.C.
(3.22) models under the 0.1%, 1/1 condition. More critically,
while the MSEs of the other two model might seem accept-
able, their relative L2 error is excessively high at 0.93. The
visualization also reveals their failure to grasp the physi-
cal semantics of the smoke field; they merely regress to-
wards a uniform state to minimize average error. In sharp
contrast, our model adeptly captures the crucial movement
trends and structural information, maintaining high fidelity
to the ground truth in both macroscopic structures and de-
tailed textures. This superior performance highlights that our
model is not only applicable to theoretical fluids but also
possesses significant potential for practical applications in
engineering and environmental forecasting.

Ablation Study

We conducted ablation studies to validate SparQT’s key
components. As shown in Fig. 3a, an end-to-end trained
variant proved unstable due to noisy spatial gradients, while
removing the Vector Quantization (VQ) module caused se-
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Figure 3: Ablation study results on the Navier-Stokes dataset
with 5% input spatial sparsity and 1/1 TSR (averaged).

vere error accumulation in long-term forecasts. Further-
more, our analysis of semi-sparse supervision (Fig. 3b) re-
veals an optimal trade-off, with performance peaking when
supervision data coverage is around 50%. These results con-
firm our decoupled design is vital for stable training and the
VQ module is essential for long-term accuracy, validating
our architectural choices.

Conclusion

In this paper, we introduced a novel two-stage framework
for spatiotemporal forecasting of systems governed by par-
tial differential equations, specifically designed to address
the critical challenge of extreme observational sparsity.
Our approach successfully decouples the complex prob-
lem into two manageable stages: robust spatial reconstruc-
tion and stable temporal extrapolation. We have demon-
strated through extensive experiments on multiple challeng-
ing benchmarks, including a new, complex fire dynamics
dataset, that our model can produce high-fidelity, long-range
forecasts from observations covering less than 0.1% of the
spatial domain.

A key limitation of our method is error propagation in au-
toregressive predictions, especially for ultra-long-range ex-
trapolation. Furthermore, the model’s sensitivity to noise has
not been sufficiently explored. These issues represent key di-
rections for our future research.
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