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Abstract—Spatiotemporal prediction has long been dominated
by recurrent and convolutional neural networks. While Trans-
formers have achieved remarkable success in other domains, their
application as pure, standalone architectures for this task re-
mains notably under explored. Most existing approaches merely
augment RNN or CNN backbones with attention mechanisms,
preserving their inherent inductive biases. In this work, we
present MeldFormer, a simple yet powerful model built entirely
upon Transformers. It introduces a token grouping and fusion
mechanism that unifies spatiotemporal modeling within a single,
coherent attention-based framework, eliminating the need for
separate modules and enabling efficient global context modeling.
Extensive experiments on four standard benchmarks, including
Moving MNIST, WeatherBench, TaxiBJ, and KTH, demonstrate
that MeldFormer achieves state-of-the-art prediction accuracy
while maintaining significantly lower computational complexity.
Code is available at: https://github.com/May2001/MeldFormer.

Index Terms—spatio-temporal prediction, computer vision

I. INTRODUCTION

The future is fascinating, and predicting the future is even
more so. Spatio-temporal prediction, which forecasts future
spatio-temporal patterns based on historical observations, has
attracted increasing attention. It has numerous practical ap-
plications, such as object motion prediction [1], precipitation
forecasting [2]–[4], traffic flow prediction [5], [6], and human
body motion prediction [7]. Now, research efforts have mainly
concentrated on a crucial issue, that is, how to perceive the
spatial motion information of objects over past time.

Early methods typically relied on recurrent neural networks
to model temporal dependencies, but they encountered diffi-
culties in long-term information retention and computational
efficiency. Regarding the first issue, it is usually addressed
by incorporating new information transmission paths into
complex RNN architectures. For example, PredRNN++ [8]
introduced the gradient highway unit to enhance the long-term
information propagation across time steps. However, for the
second issue, due to the inherent structure of RNNs, sequences
can only be computed serially and cannot be parallelized,
making it difficult to improve computational efficiency. SimVP
[9] constructed a pure convolutional model, implementing
a non-recursive architecture, which significantly improved
computational efficiency. On this basis, variants such as TAU
[10] and WaST [11] have emerged successively to capture
the changes in the temporal dimension, achieving perfor-
mance comparable to that of RNN models with more efficient
structures. Nevertheless, convolutional neural networks, which
are designed for extracting spatial features, have an inherent
disadvantage in capturing temporal changes.

Recently, Transformer-based architectures have become an
effective solution to these two problems. By leveraging the
self-attention mechanism, they can effectively capture long-
range temporal correlations, thus solving the problem of
long-term information transmission. Additionally, they im-
prove computational efficiency through parallel computing.
However, pure transformer-based architectures remain insuf-
ficiently explored, primarily attributed to the high computa-
tional complexity incurred by sequence length. Mainstream
approaches [12], [13] reduce this complexity by decoupling
spatial and temporal attention. In contrast to these methods,
our work compresses and fuses spatiotemporal information,
achieving superior prediction performance.

In this paper, we propose MeldFormer, a spatio-temporal
prediction learning architecture of Transformer that realizes
the compression and fusion of tokens. The core idea is as
follows: patches tokens that are at the same position but in
different time steps are grouped into the same set. Then,
the hidden dimensions of the features of tokens within the
group are compressed. Finally, the tokens within the group
are concatenated and fused into new tokens. Through this
grouping approach, the attention calculation is divided into two
forms: local and global. That is, the self-attention calculation
within the group and the global self-attention calculation
between groups after fusion.

The contributions of this paper are summarized as follows:
• We propose a method for token compression and fusion

as well as decompression and decomposition, which
significantly reduces the computational complexity while
preserving spatio-temporal information.

• We have designed a new architecture for spatio-temporal
prediction tasks. Through local self-attention calculation
and global self-attention calculation, it can effectively
model spatial and temporal dependencies.

• We conduct comprehensive evaluations of the proposed
model on four diverse datasets. The experimental out-
comes demonstrate that MeldFormer exhibits outstanding
performance across all these datasets, highlighting its
superior effectiveness and versatility in spatio-temporal
prediction tasks.

II. RELATED WORK

A. Decoupled Spatiotemporal Modeling

RNN and CNN are classical models for addressing spa-
tiotemporal prediction problems. RNN models, leveraging



their internal recurrent structure to process information at each
timestep, inherently decouple temporal and spatial dimensions,
which aligns well with the sequential nature of temporal data.
Since the introduction of the ConvLSTM network by Shi et
al [2]. RNN-based models have emerged as the dominant
approach for spatiotemporal prediction. As a result, lots of
novel RNNs are proposed. For instance, PredRNN [3] intro-
duced a spatiotemporal memory flow to jointly capture spatial
and temporal dependencies. MIM [6] employed differential
operations to separately model non-stationary and stationary
features. MAU [14] incorporated attention mechanisms to
enhance information flow by adaptively weighting historical
spatiotemporal states. In contrast, CNN models, originally de-
signed for spatial feature extraction, struggle to capture tempo-
ral dynamics. However, recent advancements, such as SimVP
[9], introduced a translator to learn temporal evolution, and
the encoder and decoder are used to learn spatial correlations.
Building on this, TAU [10] integrated dynamic inter-frame
attention and static intra-frame attention, achieving state-of-
the-art performance with a simpler architecture compared to
traditional RNN-based approaches.

The Transformer, such as TSViT [12] and PredFormer
[13] which possess independent temporal attention layers and
spatial attention layers, which model the temporal information
and spatial information respectively. This design approach is
highly efficient when the video memory is limited.

B. Unified Spatiotemporal Modeling

Transformers with local and global attention have been
applied less frequently in spatiotemporal prediction problems.
However, compared with the spatiotemporal separation-based
Transformer methods, they allow a more flexible token parti-
tioning across the entire spatiotemporal domain. Video Swin
Transformer [15] calculates local attention using 3D windows
and achieves global attention calculation through shifting 3D
windows. Earthformer [4] designs cuboid based attention with
different strategies to compute local attention and then uses
a global vector to connect local cuboids, enabling global
information exchange. Different from the above methods,
we separate and fuse tokens to implement local and global
attention. Experiments demonstrate that this design can decode
and encode spatiotemporal latent variable information, and it
is highly efficient for spatiotemporal prediction.

III. METHOD

Similar to previous works [2], [4], [10], the spatiotemporal
sequence forecasting problem is formally defined as follows.
Given a spatiotemporal sequence [Xi]

T
i=1,Xi ∈ RH×W×C , we

aim to predict the subsequent T ′ frames [YT+i]
T ′

i=1,YT+i ∈
RH×W×C , where H , W denote the spatial resolution, and C
denotes the channels. In this paper, we train neural networks
FΘ parametrized by Θ. Actually, we use stochastic gradient
descent to find a set of parameters Θ∗ that minimizes the
difference between the predicted future frames FΘ(X T ) and
the ground-truth future frames YT ′

:

Θ∗ = argmin
Θ

L(FΘ(X T ),YT ′
) (1)

Where L is a loss function evaluating differences.

A. Overall Architecture

An overview of the Meld architecture is presented in Fig.
1(a). It first employs a 1 × 1 convolution to project the
number of channels of the input images from C to an arbitrary
dimension D. Then, it extracts the spatial features of the
images using the Sensation module. In our implementation, D
is set as an integer multiple of the number of convolutions in
the Sensation module. After the spatial feature extraction, we
divide the images into non-overlapping patches. For a patch of
size 4×4, its original feature dimension is 4×4×D. A linear
embedding layer is applied to this original feature dimension
to project it to an arbitrary dimension (denoted as Dl).

We input the patch tokens at the same position in the images
but from different time steps into the Local Transformer blocks
for self - attention calculation. This is referred to as the ”stage
1”. To perform global attention calculation, we compress
the dimensions of the tokens and fuse multiple tokens to
reduce the number of tokens. Subsequently, the new tokens are
input into the Global Transformer blocks for self - attention
calculation, which is called the ”stage 2”.

In the ”stage 3”, we separate the fused new tokens back
to the original number of tokens and restore the token di-
mensions. Then, we input them into the Local Transformer
blocks. We use the Patch Inflating module to project the
token dimensions output from the ”third stage” back to the
original 2D patches. Then, we reconstruct the spatial features
of the image through the Sensation module. Finally, a 1 × 1
convolution is used to restore the number of channels of the
images to C, obtaining the final predicted frames.

B. Sensation

Since the patches do not overlap with each other during the
patch partitioning process, this will lead to an uneven transition
of the pixels at the patch edges when reconstructing the image
space. Inspired by the works [9], we use the Sensation module
for the extraction and reconstruction of the spatial features of
images. In this way, not only can the transition of the pixels
at the patch edges be smoother and better details be restored
during image reconstruction, but also the hidden dimensions of
the patch tokens can possess richer spatial information during
feature extraction.

As shown in Fig. 1(b), our Sensation module evenly divides
the number of image channels according to the number of
convolutional blocks, and then inputs them into convolutions
with different kernel sizes to extract spatial information. A
larger convolutional kernel has a larger receptive field and
can better extract global information. Although a smaller
convolutional kernel has a smaller receptive field, it can extract
more detailed local information. Correspondingly, when recon-
structing the spatial features of an image, a large convolutional
kernel can restore the overall spatial information, while a
small convolutional kernel can better generate local details.
Finally, the output features of the convolutional layers with
different kernel sizes are concatenated to ensure that the shape



(a) MeldFormer Model

(b) Sensation (c) Compact and Merge

Fig. 1. (a) The overview architecture of MeldFormer; (b) The specific structure of the Sensation module includes four convolution kernels of different sizes;
(c) Compacting and merging tokens: cubes of the same color represent tokens located at the same spatial position but different time steps. Dl denotes the
original token dimension, Dg′ represents the compressed token dimension, and Dg signifies the fused token dimension.

of the image remains unchanged. The Sensation module can
be described as:

{x̂1, x̂2, x̂3, x̂4} = Split(xin) (2)

xout = Concat
(
Conv2d1(x̂1),Conv2d2(x̂2),

Conv2d3(x̂3),Conv2d4(x̂4)
) (3)

C. Melding and Disaggregating Tokens

Performing global attention calculation on the temporal data
of images using Transformer is a huge challenge. For the
input data tensor with the shape of (T,H,W ), the complexity
of its self-attention calculation is O(T 2H2W 2), which is
computationally intractable.

Most of the existing solutions adopt spatiotemporal separa-
tion modeling [12], [13], which explicitly separates time and
space to reduce the computational complexity. Relatively few
models address this issue by using a combination of local and
global attention, with the design of global attention being a
major difficulty. For the two methods, the former requires the
temporal layers and the spatial layers to be stacked on each
other, while the latter requires a global vector [4] or local
displacement [15], and both methods can only achieve the
calculation of global attention indirectly.

In order to achieve a more direct calculation of global
attention, we compress and fuse the tokens, and then restore

the tokens through inflation and decomposition. These pro-
cesses correspond to the four modules we designed: Local
Transformer block, Global Transformer block, Melding, and
Disaggregating.

1) Local attention: We first group patch tokens located at
the same spatial position across different time steps. Within
each group, self-attention is computed independently. Specif-
ically, given an input video sequence Xinput ∈ RT×C×H×W

with T frames, each frame is partitioned into N = H
n ×W

n non-
overlapping patches of size n× n. These patches are linearly
projected into tokens [Ti]

N
i=1, where each Ti ∈ Rn×n×C .

By grouping tokens from the same spatial position across all
T frames, we form N spatio-temporal token groups [Gi]

N
i=1,

with each group Gi ∈ RT×n×n×C representing the temporal
evolution of a specific spatial region. Self-attention is then
applied within each group in parallel.

Gi = GroupingT ({Ti}Tt=1) ∈ RT×n×n×C (4)

{Glocal
i }Ni=1 = LocalAttention({Gi}Ni=1) (5)

2) Merge and separate: After local attention computation,
we first perform dimensionality compression on the intra-
group tokens before fusing them into a single token. Specif-
ically, for the T tokens within a group, a 2D projection
matrix is applied to map the original hidden dimension dimlocal



to a compressed dimension dimnew. The compressed tokens
are subsequently concatenated along the hidden dimension in
temporal order, yielding a new token Tokenglobal with a hidden
dimension of T × dimnew. This compression-fusion operation
not only reduces the number of intra-group tokens from T
to 1 but also transforms the feature dimension from dimlocal
to dimglobal. Through the merge operation, the new token
Tokenglobal encapsulates the temporal evolution information of
spatial features at the same location.

Following the global self-attention computation on
Tokenglobal, a decomposition into the original token structure
is performed as the inverse process of the compression-fusion
operation. Specifically, Tokenglobal is first evenly partitioned
along its hidden dimension into T tokens, each with a
hidden dimension of dimglobal

T . A 2D projection matrix is then
applied to map these dimensions back to the original dimlocal,
restoring the tokens to their initial shape.

Tokenglobal = Merge({Glocal
i }Ni=1, dimlocal, dimglobal) (6)

{Glocal
i }Ni=1 = Separate(Tokenglobal, dimglobal, dimlocal) (7)

3) Global attention: After the compression-fusion process,
we derive N new tokens termed Tokenglobal, which are sub-
sequently fed into the Global Transformer Block for self-
attention computation to enable global information interaction.
The hidden dimensions of Tokenglobal encode the temporal
evolution of spatial features at fixed locations, allowing direct
cross-correlation of spatio-temporal information across differ-
ent Tokenglobal instances during self-attention operations.

In contrast to global attention mechanisms implemented via
sliding windows or global vector intermediaries, Tokenglobal
enables direct global information flow without relying on
indirect propagation pathways. Additionally, the token count is
reduced by a factor of T , drastically achieving more efficient
global attention computation.

X ′ = GlobalAttention(X),

X = {Token1global, . . . ,TokenN
global}

(8)

IV. EXPERIMENTS

We evaluated our model on commonly used synthetic
datasets and real-world datasets, covering a wide range of
scenarios, which demonstrates the generalization ability of the
model. These scenarios include synthetic handwritten digit
trajectories [1], weather forecasting [16], real-world traffic
flow [17], and human motion capture [7].

TABLE I
EXPERIMENTAL SETUP. T REPRESENTS THE NUMBER OF FRAMES OF THE
INPUT REAL IMAGES, AND T ′ REPRESENTS THE NUMBER OF FRAMES OF

THE PREDICTED OUTPUT IMAGES.

Dataset C H W T T ′

Moving MNIST 1 64 64 10 10
WeatherBench 1 32 64 12 12

TaxiBJ 2 32 32 4 4
KTH 1 128 128 10 20/40

1) Implementations details: We train our model on an
NVIDIA RTX 4090 GPU with 24GB memory. The model
employs the L2 loss function and is optimized using the
AdamW optimizer. The learning rate is selected from the set
{1e − 3, 5e − 4} to achieve the best performance, and the
OneCycle scheduler is used. Regularization techniques such as
Dropout and attention drop are applied to prevent the model
from overfitting. Table I lists the more detailed parameters for
each dataset.

2) Evaluation metrics: We use four standard metrics to
evaluate our model, including the Mean Squared Error (MSE),
Mean Absolute Error (MAE), Peak Signal-to-Noise Ratio
(PSNR), and Structural Similarity Index Measure (SSIM).
We average all results over the predicted frames. Lower
MAE/MSE and higher SSIM/PSNR values indicate better
prediction performance.

A. Synthetic Datasets

Moving MNIST. The qualitative visualization of prediction
results is depicted in Fig. 2(b), while the quantitative outcomes
are tabulated in Table II. Our method achieves state-of-the-art
performance on the Moving MNIST benchmark, attaining an
MSE of 14.1, MAE of 51.2, and SSIM of 0.968. Compared to
the TAU [10], our model reduces prediction errors by 28.8% in
MSE and 15.1% in MAE. MeldFormer not only successfully
predicts the motion trajectories of digits but also preserves
their distinct shapes, demonstrating visually indistinguishable
quality compared to real sequences.

B. Weather Forecasting

WeatherBench. We show the qualitative visualization in
Fig. 2(a) and report the quantitative results in Table II. It
is evident that our proposed method achieves state-of-the-art
performance on this generalized dataset. Specifically, com-
pared to the leading non-recursive model WaST, our model
reduces the MSE from 1.098 to 1.047. These experimental
results validate the effectiveness of our model in the domain
of climate prediction.

C. Traffic Flow

TaxiBJ. Regarding the prediction results, Fig. 2(d) intu-
itively presents the qualitative visualization content, and Table
II details the quantitative outcomes. Our model surpasses
all prior approaches across all evaluated metrics, showcasing
robust and dependable predictive capabilities. When compared
to the SwinLSTM [26] (an LSTM model integrated with
Transformer) and the CNN-based WaST model, MeldFormer
achieves notable improvements: MSE is reduced from 0.303
and 0.308 to 0.282, respectively. This demonstrates the supe-
rior effectiveness of our model in traffic flow prediction tasks.

D. Human Motion

KTH. Predicting longer frames generally introduces greater
prediction difficulty. Compared with SimVP, a CNN-based
model, our model improves the PSNR from 33.72 to 34.28,
and increases the SSIM from 0.905 and 0.886 to 0.913 and
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Fig. 2. Qualitative results of MeldFormer on four datasets. The first line is the input, the second line is the ground truth, and the third line is the prediction
of MeldFormer. Time steps are indicated above each frame. (a) Weather Bench, (b) Moving MNIST, (c) KTH Action, and (d) TaxiBJ.

TABLE II
COMPREHENSIVE QUANTITATIVE COMPARISONS ACROSS DATASETS.

Moving MNIST (10→10) WeatherBench (12→12) TaxiBJ (4→4) Method KTH (10→20) KTH (10→40)

Method MSE ↓ MAE ↓ SSIM ↑ MSE ↓ MAE ↓ RMSE ↓ MSE ↓ MAE ↓ SSIM ↑ SSIM ↑ PSNR ↑ SSIM ↑ PSNR ↑

ConvLSTM [2] 103.3 182.9 0.707 1.521 0.7949 1.233 0.485 17.7 0.978 ConvLSTM [2] 0.712 23.58 0.639 22.85
PredRNN [3] 56.8 126.1 0.867 1.331 0.7246 1.154 0.464 17.1 0.971 SAVP [18] 0.746 25.38 0.701 23.97

PredRNN++ [8] 46.5 106.8 0.898 1.634 0.7883 1.278 0.448 16.9 0.977 DFNDFN [19] 0.794 27.26 0.652 23.01
MIM [6] 44.2 101.1 0.910 1.784 0.8716 1.336 0.429 16.6 0.971 FRNN [20] 0.771 26.12 0.678 23.77

E3D-LSTM [21] 41.3 87.2 0.910 1.592 0.8059 1.233 0.432 16.9 0.979 SV2Pv [22] 0.838 27.79 0.789 26.12
MAU [14] 27.6 86.5 0.937 1.349 0.7391 1.162 - - - PredRNN [3] 0.839 27.55 0.703 24.16
SimVP [9] 23.8 68.9 0.948 1.238 0.7037 1.113 0.414 16.2 0.982 VarNet [23] 0.843 28.48 0.739 25.37
TAU [10] 19.8 60.3 0.957 1.224 0.6810 1.106 0.344 15.6 0.983 SAVP-VAE [24] 0.852 27.77 0.811 26.18

OpenSTL ViT [25] 19.0 60.8 0.955 1.146 0.6712 1.070 0.317 15.2 0.984 PredRNN++ [8] 0.865 28.47 0.741 25.21
OpenSTL Swin [25] 18.3 59.0 0.960 1.143 0.6735 1.069 0.313 15.1 0.985 E3D-LSTM [21] 0.879 29.31 0.810 27.24

SwinLSTM [26] 17.7 - 0.962 - - - 0.303 15.0 0.984 STMFANet [27] 0.893 29.85 0.851 27.56
WaST [11] - - - 1.098 0.6338 1.044 0.308 14.9 0.984 SimVP [9] 0.905 33.72 0.886 32.93

Ours 14.1 51.2 0.968 1.047 0.6335 1.023 0.282 14.5 0.986 0.913 34.28 0.895 32.51

0.895 when predicting 20 and 40 frames based on 10 input
frames. The detailed quantitative results are shown in Table
II, and visualizations are shown in Fig. 2(c).

E. Ablation Study
In this section, we conduct an ablation study on Moving

MNIST trained for 100 epochs to analyze the impact of
different modules, and dimensionality compression ratio on
model performance.

1) Impact of Different Modules: The experimental results in
Table III demonstrate that the GTB enables the flow of global
information, indicating that the fused tokens have effectively
encoded global spatiotemporal information. Furthermore, the
Sensation module captures richer spatial information of im-
ages, while the LTB can also effectively decompose the fused
tokens.

2) Dimensionality Compression Ratio: Modules ablation
experiments demonstrate that the fused tokens can model

TABLE III
MODULES ABLATION STUDY ON MOVING MNIST DATASET (100 EPOCHS,

SHORT TRAINING). GTB REPRESENTS THE GLOBAL TRANSFORMER
BLOCK, AND LTB SIGNIFIES THE LOCAL TRANSFORMER BLOCK.

Method MSE ↓ MAE ↓ SSIM ↑

Ours w/o GTB 103.3 265.0 0.580
Ours w/o Sensation 41.8 106.5 0.903

Ours w/o LTB 33.9 100.6 0.918

Ours 31.0 93.9 0.924

global spatiotemporal information. Since the dimension of
fused tokens is formed by the compressed concatenation of
the dimensions of original tokens, we investigate the impact of
different compression ratios on model performance. Table IV
presents the experimental results under various compression
ratios. It can be observed that an excessively high compression



ratio leads to information loss and a relatively high MSE. In
contrast, an overly low compression ratio results in a sharp
increase in the number of parameters and computational load,
without a corresponding reduction in MSE.

TABLE IV
MODEL COMPRESSION PERFORMANCE COMPARISON

Ratio FLOPs (G) Parameters MSE

2:1 45.350 123M 31.58
4:1 22.104 34.82M 31.00
8:1 16.143 12.66M 35.62

16:1 14.578 7.11M 39.90

V. CONCLUSIONS

This paper proposes MeldFormer, a Transformer-based ar-
chitecture for spatio-temporal prediction. Its core is a token
compression-fusion mechanism: grouping co-located tokens
across time steps, compressing their dimensions, and fusing
them to split attention into intra-group local self-attention
(for modeling temporal dynamics of specific spatial regions)
and inter-fused-token global self-attention (for capturing cross-
spatial correlations). This design shortens the sequence length,
thereby reducing computational complexity, while preserving
critical spatiotemporal information. Combined with a multi-
scale Sensation module for enhanced spatial feature extraction,
MeldFormer achieves state-of-the-art performance on Moving
MNIST, TaxiBJ, KTH, and WeatherBench across metrics like
MSE and SSIM. Ablation studies validate its component
effectiveness, demonstrating a balanced solution for spatio-
temporal prediction.
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