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Abstract

Spatial-temporal prediction plays a crucial role in various do-
mains, including intelligent transportation and environmental
monitoring. Although large language model has shown ad-
vantages in long-range dependency modeling and excellent
generalization ability for prediction tasks, it has limited un-
derstanding of spatial-temporal features. Especially for spa-
tial features, most existing methods still simplify the spatial-
temporal prediction task into multiple independent temporal
prediction tasks, failing to effectively encode the dynamic
evolution of spatial relations. To address these problems, we
propose ST-VLM (Spatial-Temporal Forecasting with Vision-
Language Model), a novel framework that leverages visual
representations to encode the dynamic spatial dependencies
within spatial-temporal data and integrates multi-modal in-
formation to enhance prediction. This framework transforms
spatial-temporal features into three modalities: vision, text,
and time series, enhances cross-modal fusion through an
attention-aware fusion mechanism in the first-layer of Vision-
Language Model (VLM), optimizes multi-modal feature in-
teraction via adaptive fine-tuning strategies. After fusion, the
multi-modal embeddings are subsequently used for the fi-
nal spatial-temporal prediction task. Extensive experiments
demonstrate that ST-VLM achieves state-of-the-art perfor-
mance across various datasets. In particular, the framework
exhibits promising results in few-shot scenarios, verifying its
strong generalization ability.

Code — https://github.com/ZtLyun/ST-VLM

Introduction
Spatial-temporal prediction serves as a critical foundation
for analyzing and understanding dynamic systems such
as intelligent transportation and urban planning (Song, Li,
and Li 2017). Compared with temporal prediction, spatial-
temporal prediction exhibits pronounced spatial heterogene-
ity, correlations, and dependency patterns. Traditionally, ap-
proaches such as Recurrent Neural Networks (RNNs) and
Graph Convolutional Networks (GCNs) (Zonoozi et al.
2018) (Song et al. 2020) have been widely used, leveraging
temporal sequences and fixed spatial topologies to make pre-
dictions. However, these methods often suffer from two ma-
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Figure 1: Illustration of complex changes in spatial relations
over time

jor limitations: an inability to generalize to unseen scenar-
ios or data distributions and a reliance on pre-defined graph
structures which may not fully represent evolving spatial re-
lationships.

The advent of large language models (LLMs) has opened
up new possibilities, as these models have shown remarkable
generalization ability and flexibility in various domains, in-
cluding sequential reasoning and complex pattern recogni-
tion (Liu et al. 2024a). Recent studies have demonstrated
that LLMs exhibit strong performance in spatial-temporal
prediction tasks, even under few-shot settings (Huang et al.
2025). Specifically, LLM-based frameworks can bypass
the inflexible assumption of static spatial graphs, adjusting
more flexibly to new spatial or temporal contexts (Zhong
et al. 2025). Integrating LLMs into spatial-temporal predic-
tion is thus a promising research direction that may over-
come the bottlenecks of conventional architectures. Despite
this progress, significant challenges remain when applying
LLMs to spatial-temporal prediction, especially in effec-
tively representing and modeling the unique spatial charac-
teristics of such data and adapting to the inherently dynamic
nature of real-world spatial relationships.

First, LLMs are not inherently suited for modeling
non-sequential spatial structures, which limits their ca-
pability to accurately understand the essential spatial
dependencies required for spatial-temporal prediction.
Although recent studies demonstrate that integrating large
language models (LLMs) into spatial-temporal prediction
avoids the reliance of traditional methods (e.g., GCN, RNN)
on fixed graph structures or local sliding windows (Wang
et al. 2024), LLMs are natively designed for linear text
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data (Huang et al. 2023a). Most existing frameworks attempt
to encode spatial information or topology as sequential in-
puts for LLMs (Liu et al. 2024a), which remains subopti-
mal for learning structured or graph-based spatial relations.
Therefore, how to enable large models to effectively com-
prehend and utilize spatial features in spatial-temporal data
is still a fundamental challenge.

Second, for LLM-based framework, fixed topologi-
cal representations cannot adapt to complex dynami-
cally evolving correlations in real-world spatial-temporal
data, and may introduce spurious or noisy dependen-
cies that degrade prediction accuracy. In practice, the
spatial relationships between nodes, such as upstream and
downstream flows in traffic networks, change over time
in response to shifting spatial dynamics (Yi et al. 2024).
As shown in Figure 1, time-lagged correlations between
eight traffic nodes in the PEMS04 dataset vary consider-
ably across different time slices, illustrating the inherently
dynamic nature of spatial dependencies. Existing enhance-
ments—such as learnable adjacency matrices (Liu et al.
2023a) or spatial masking—still treat each node as an in-
dependent sequence, preventing effective modeling of tem-
poral correlations within the spatial topology.

To address these two challenges, we propose ST-VLM,
a novel spatial-temporal multi-modal large language model
(MLLM) framework that converts spatial-temporal data into
multi-modal features and applies Vision Language Models
(VLMs) for spatial-temporal prediction. To make spatial fea-
tures more accessible to large models and capture dynamic
spatial-temporal dependencies, we introduce a spatial-to-
image module that models multi-dimensional correlations
among spatial nodes, including linear, nonlinear, and time-
delay relationships. These correlations are transformed into
a multi-channel image and evolve dynamically over time,
enabling the vision-language model (VLM) to effectively
perceive and reason over complex spatial temporal patterns.
Additionally, we design corresponding prompts and encode
temporal features for each node, leveraging VLMs’ cross-
modal capabilities to collaboratively model temporal, visual,
and textual information. To enhance the VLM’s understand-
ing of spatial-temporal multi-modal information, we intro-
duce an attention-based adaptive fine-tuning strategy for
VLM, which contains an adaptive bias to adaptively fuse and
align spatial-temporal dependencies across different modal-
ities. In summary, our key contributions are as follows:

• Our method is the first to deploy a multi-modal large lan-
guage model for spatial-temporal prediction, achieving
state-of-the-art results on multiple benchmark datasets.

• We propose a multi-dimensional spatial-to-image corre-
lation mapping approach that explicitly and effectively
represents the complex and dynamic evolution interac-
tions between spatial nodes over time.

• We develop a novel self-attention-aware multi-modal
fusion mechanism combined with adaptive Low-Rank
Adaptation (LoRA) fine-tuning to improve the cross-
modal alignment and fusion of spatial-temporal features
in VLMs.

Related Work
Spatial-Temporal Prediction
Recent studies in spatial-temporal prediction (Jiang et al.
2021) (Makridakis and Hibon 1997) (Asif et al. 2013)
primarily focused on temporal modeling, often overlook-
ing spatial dependencies. Emerging approaches like Graph
Convolutional Networks (GCN) (Ye et al. 2021) (Huang
et al. 2023b)and Spatial-Temporal Graph Convolutional
Networks (STGCN) (Yu, Yin, and Zhu 2017) are able to
model both spatial and temporal features by applying con-
volution operations on graph structures. These methods face
challenges in terms of high computational complexity and
storage limitations. Attention-based models, such as AST-
GCN (Guo et al. 2019), Transformer-based architectures
(e.g., STAEformer (Liu et al. 2023a), iTransformer (Liu
et al. 2023b)), enhance model flexibility and accuracy by
adaptively learning spatial-temporal dependencies. These
models come with high computational costs and are prone to
overfitting when data is limited. More specifically, adaptive
models like AGCRN (Bai et al. 2020) and PDFormer (Jiang
et al. 2023) aim to dynamically adjust the model structure
to better capture spatial-temporal patterns, while denoising
models like STD-MAE (Gao et al. 2023) and SSTBAN (Guo
et al. 2023) address issues related to noisy and missing data.

LLMs for Spatial-Temporal Analyse
Leveraging Large Language Models (LLMs) for spatial-
temporal forecasting has emerged as a promising direction.
Models like Time-LLM (Jin et al. 2023) and STLLM (Liu
et al. 2024a) offer flexibility and power in capturing tem-
poral and spatial patterns, while approaches like Time-
VLM (Zhong et al. 2025) and STGLLM (Liu et al. 2024b)
expand the scope by handling multi-modal and graph-based
inputs. CasMLN (Wang et al. 2024) utilizes the fine-grained
representation capabilities of LLMs, decoupling spatial and
temporal features, making predictions through fusion strate-
gies. Also, LLMGeovec (He, Nie, and Ma 2025) serves as a
general-purpose spatial-temporal enhancer, utilizing LLMs
to boost the representation learning of spatial-temporal data.
For the generalization ability of LLMs, STD-PLM (Huang
et al. 2025)introduces valuable functionality for data com-
pletion and forecasting, addressing real-world data issues.
However, these models neglect the limited capacity of LLMs
to comprehend topological structures, with the contribution
of additional design modules or textual tokens becoming
more prominent in facilitating the model’s performance.

Methodology
Problem Formulation
We define a spatial-temporal sequence with N nodes and
T time slices as X = {X1, X2, · · · , XT } ∈ RT×N . Here
Xt = {xt,1, xt,2, · · · , xt,n}Nn=1 , xt,n ∈ Rk, where xt,n is
a k-dimensional vector representing the sequence of node
n within time slice t, N is the overall number of spatial
nodes, and time slice t contains k time steps. Given a spatial-
temporal sequence in the past k time steps from N spatial
nodes, our goal is to predict the future spatial-temporal data
flow for the next k time steps across the same N nodes.
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Figure 2: Overview of the ST-VLM framework

Framework Overview
As shown in Figure 2, to capture complex dependencies
and better understand the evolving patterns in in spatial-
temporal data, we propose ST-VLM, which leverages mul-
tiple modalities to enhance the spatial-temporal representa-
tions and adaptively fine-tunes a pre-trained vision-language
model (VLM) for the prediction task.

This framework includes a Multi-dimensional Spatial-
to-Image correlation Mapping module that dynamically
transforms the changing relationships among nodes into
multi-channel images, capturing higher-order and multi-
dimensional spatial patterns. Task-specific prompts are
crafted to describe these images, which will be used in sub-
sequent modules to assist the VLM in understanding the
spatial correlations. To better understand time dependencies
and provide task-specific guidance, we design a Task Prompt
and Temporal Encoder module, encoding the temporal char-
acteristic of individual nodes into sequential tokens, allow-
ing textual prompts and temporal data to be jointly pro-
cessed. To fuse the complementarity of vision, text, and
temporal modalities and capture fine-grained interaction of

spatial-temporal dependencies, we incorporate an Attention-
Based Adaptive Fine-Tuning Strategy for VLM that involves
an self-attention-aware fusion mechanism within the initial
self-attention layer of VLM and an adaptive fine-tuning with
LoRA. These fused multi-modal embeddings are then pro-
cessed by a Spatial-Temporal Predictor to generate precise
prediction.

Multi-dimensional Spatial-to-Image Correlation
Mapping
Static topological or Euclidean distance embeddings often
fail to capture dynamic, nonlinear, and lagged relationships
between spatial nodes (e.g., lead-lag effects). Therefore,
we design the Spatial-to-Image module to represent spatial
interactions from multi-dimension: nonlinear correlation,
time-lagged cross-correlation, and frequency domain corre-
lation. These perspectives represent the similarities between
the temporal sequences at different spatial nodes, while non-
linear correlation primarily captures the asynchronous simi-
larity of temporal sequences, time-lagged cross-correlation
evaluates the similarity between two temporal sequences
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with a time delay, and frequency domain correlation as-
sesses the similarity by comparing the frequency compo-
nents of the temporal sequences. As the sequence advances,
this module adaptively converts the inter-node relationships
into a 3-channel RGB image, the pixel values in each row
represent multi-dimensional dependencies between the cur-
rent spatial node and all of the others, preserving complex
patterns interpretable by VLM.
Nonlinear Correlation. We use Dynamic Time Warping
(DTW) to quantify the nonlinear similarity between node
pairs at each time slice. Given a sequence of temporal data
for node a over i time steps at time slice t, denoted as
xt = (x1, x2, . . . , xi) and node b across j time steps yt =
(y1, y2, . . . , yj), the DTW cost matrix C(xi, yj) is com-
puted recursively as:

C(xi, yj) = D(i, j) + min {C(i− 1, j), C(i, j − 1), C(i− 1, j − 1)} , (1)

where D(i, j) is the Euclidean distance between elements
xi and yj . The optimal warping path and its corresponding
cumulative distance between the two temporal sequences are
obtained as the final DTW distance, reflecting the minimal
alignment cost.
Time-lagged Cross Correlation. It quantifies the temporal
dependency by assessing how one sequence, with a lag, cor-
relates with another sequence. For sequences xt at node a
and yt at node b, the normalized cross-correlation at lag τ is
defined as:

Rxy(τ) =

∑I−τ
i=1 (xi − x̄)(yi+τ − ȳ)√∑I

i=1(xi − x̄)2
∑J

t=1(yi − ȳ)2
, (2)

where x̄ and ȳ are means, since the lengths of the two se-
quences are identical, τ ∈ [−I + 1, I − 1]. Positive τ indi-
cates y lags behind x, and vice versa. The resulting coeffi-
cients are assembled into matrices, where each spatial node
processes its corresponding row in the matrix.
Frequency-domain Correlation. Fast Fourier Transform
(FFT) is applied to the sequence of each node to ob-
tain amplitude spectra. The Pearson correlation coefficient
P(FFT(xt),FFT(yt)) between these spectra reflects frequency
domain relationships among nodes. These correlations rep-
resent the cross-spectral coherence of amplitude distribu-
tions across spatial nodes in the frequency domain.
Multi-dimensional Channel Fusion. To overcome the in-
formation limitations of a single channel and enhance the
complementary capabilities of multi-dimensional channels,
we design a fusion layer that assembles the three matrices
into a N×N correlation volume, forming a 3-channel image
Mmulti-dimensional = [CN×N ,RN×N ,PN×N ] ∈ RN×N×3,
where C represents DTW matrix, R represents time-lagged
matrix, and P represents frequency-domain matrix. Since the
sizes of these images vary, they are resized via padding,
aligned at the top-left corner. As DTW distances are un-
bounded, channels are normalized. To enhance feature learn-
ing, the resized and normalized multi-channel matrix is then
convolved with a adaptive 3× 3 weight matrix Waf , formu-
lated as M′

multi-dimensional = Mmulti-dimensional ×Waf , produc-
ing a weighted spatial pattern for subsequent processing.

Task Prompt and Temporal Encoder

To augment the model’s comprehension of the data from
both textual and temporal dimensions, we integrate these
two modalities, thereby capitalizing on the distinct informa-
tion they offer from complementary perspectives. To facil-
itate VLM understanding, we design task-specific prompt
details about pixel colors derived from the spatial im-
ages and correlation strength, such as: “This is a spatial-
temporal prediction task, forecast the next 12 steps in 307
nodes; the image depicts the temporal correlation among
nodes, with color blocks representing correlation levels.”
The prompt is processed and serialized using the BERT tok-
enizer (Vaswani et al. 2017) Ep = [e1, e2, . . . , el].

For each node, we encode sequences of tth time slice with
k time steps into vectors via an LSTM-based (Graves 2012)
temporal encoder:

Et = {e(sn)}Nn=1 ∈ RN×length, (3)

where each e(sn) is a length-dimensional embedding rep-
resenting a specific time slice at node n. To match the input
size expected by the VLM, we pad these sequences to a fixed
length and concatenate them with corresponding textual to-
kens. After embedding the temporal sequence, we concate-
nate the resulting vector with the prompt vector of the N
nodes in each time slice to facilitate cross-modal fusion in
subsequent modules. The fusion process can be represented
as Mconcat = [Et,Ep].

Attention-Based Adaptive Fine-Tuning Strategy
for VLM

To adaptively fuse the representation of visual, textual, and
temporal modalities, we perform an attention-based adap-
tive fine-tuning strategy for the pre-trained VLM. This
module achieves complex dynamic interaction and align-
ment of multiple modalities through an self-attention-aware
multi-modal fusion mechanism and an adaptive fine-tuning.
By leveraging an self-attention-aware multi-modal fusion
mechanism, this module enables the model to selectively fo-
cus on the complex and dynamic interaction aspects of vi-
sual, textual, and temporal modalities, reconstructs the ini-
tial layer’s attention mechanism with an adaptive attention
score bias. The designed adaptive attention score bias com-
pel the model to concentrate on pivotal spatial-temporal as-
sociations, modulate the gradient distribution across subse-
quent layers, and expedite the learning of alignment. More-
over, we apply an adaptive fine-tuning in multi-attention
heads, enabling the model to capture intricate dependencies
and understand complex relationships between visual, tex-
tual, and temporal features.

In the initial cross-modal interaction layer of VLM, we
modify the multi-head self-attention by incorporating a spa-
tial bias based on the image channel features. With the in-
put of multi-dimensional image representations, along with
temporal and textual embeddings into the VLM, the model
proceeds to the multi-modal interaction layer after passing
through the vision and text encoders. Specifically, the Query
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(Q), Key (K), and Value (V) matrices are computed as:

Qh = LoRALinear(Mconcat) W
Q
h , (4)

Kh = LoRALinear(M′
multi-dimensional) W

K
h , (5)

Vh = M′
multi-dimensional W

V
h , (6)

where Mconcat contains concatenated temporal and textual
embeddings, and M′

multi-dimensional represents the visual fea-
tures. The LoRA modules (LoRALinear) enable efficient
low-rank adaptation. Since the channel pixel values in the
image can most intuitively and adaptively show the mu-
tual correlation between spatial-temporal features, we de-
sign attention-aware fusion strategy, using the channel fea-
ture values of the image as an adaptive attention score bias
to update the initialization attention score, which serves as a
priori value to help dynamically accelerate the convergence
of inter-modal alignment, and adaptively changing with the
association relationship. The attention score is adjusted as:

Attention(Q,K,V) = Softmax
(

QK⊤+Abias√
dk

)
V, (7)

where Abias is an attention score bias that adaptively varies
with spatial-temporal dependencies derived from a 1D con-
volution on the image matrix:

Abias = fPadConv(M
′
multi-dimensional), (8)

The image features are zero-padded in sequence length and
normalized. This bias guides the attention mechanism to
focus on mutually correlated regions, accelerating conver-
gence. Furthermore, to better align and extract task-relevant
features from multi-modal inputs, we extend the adaptive
fine-tuning process by focusing on the optimization of atten-
tion parameters, ensuring that the model’s attention layers
are finely tuned to the intricate relationships between visual,
textual, and temporal features. Updating the query and key
weights via low-rank matrices:

H(Q
l
) = MHA(X

l
Wl,LoRA

q ) = MHA(X
l (
Wl

q +Bl
qA

l
q

)
), (9)

H(K
l
) = MHA(X

l
Wl,LoRA

k ) = MHA(X
l (
Wl

k +Bl
kA

l
k

)
), (10)

where l indexes layers, MHA represents multi-head atten-
tion and X indexes the input feature matrix. Subsequently,
the fine-tuned VLM outputs a multi-modal fused embedding
Emulti-modal.

Spatial-Temporal Predictor
After fine-tuning, each multi-modal fused embedding
Emulti-modal contains the multi-modal information of all
nodes over the current time slice (K time steps). These em-
beddings are then fed into a spatial-temporal predictor to
predict future spatial-temporal data in the next time slice.
The predictor head, functioning as a decoder with LSTM
layers and fully connected layers, generates predictions for
all nodes over the next time slice. The modal is optimized
by minimizing the loss function below:

X̂t,n = Linear(LSTMdecoder(Emulti-modal)), (11)

LPre = MAEavg =
1

N ×K

N∑
n=1

K∑
t=1

∣∣∣X̂t,n −Xt,n

∣∣∣ , (12)

where X̂t,n is the predicted value for the n− th node at the
t time slice, Xt,n is the true value for the n− th node at the
t time slice, N represents the number of nodes.

The complete training process of ST-VLM is outlined in
Algorithm 1.

Algorithm 1: Training Process of ST-VLM
Input: Traffic feature Xt,n in the historical tth time slice

with N nodes, and all hyperparameters.
Output: Trained ST-LLM for spatial-temporal prediction.
for each epoch do

for each batch Xt,n in training data do
En×n

S ← Spatial correlation embedding
ET ← Temporal and text embedding
for each layer i in the VLM network do

VLM Vision encoder← En×n
S

VLM Text encoder← ET

if i ≤ F (first layers) then
Use Equation (7) to calculate Hi+1

else
HF+U ← Apply LoRA Fine-Tuning use
Equation(9,10)

Emulti-modal ← Fusion of multi-modal outputs
X̂(t+1),n ← Pass into predictor head to get predic-
tions

Update all learnable parameters by minimizing LPre
in Equation (12)

Experiments
Datasets and Experiment Setup
Datasets. To evaluate the proposed ST-VLM model, we con-
duct extensive experiments on four california traffic datasets
(PEMS03, PEMS04, PEMS07, PEMS08) (Chen et al. 2001).
Baselines and Metrics. We evaluate our ST-VLM model
on established spatial-temporal prediction benchmarks, in-
cluding basic spatial-temporal prediction models and LLM-
enhanced models. Basic models contain LSTM (Song et al.
2020), TCN (Lan et al. 2022), STGCN (Yu, Yin, and Zhu
2017), ASTGCN (Guo et al. 2019), GWNet (Wu et al.
2019), SSTBAN (Guo et al. 2023), STAEformer (Liu et al.
2023a), AGCRN (Bai et al. 2020), PDFormer (Jiang et al.
2023), STD-MAE (Gao et al. 2023), iTransformer (Liu et al.
2023b). LLM-enhanced models contain OFA (Zhou et al.
2023), STLLM (Liu et al. 2024a), STGLLM (Liu et al.
2024b), STD-PLM (Huang et al. 2025).The performance
metrics are mean absolute error (MAE), root mean squared
error (RMSE) and mean absolute percentage error (MAPE).
Settings. We partitioned the PEMS dataset into training, val-
idation, and test sets with a ratio of 6:2:2. All experiments
were conducted using ViLT(Kim, Son, and Kim 2021) as
the foundational architecture for multi-modal large language
modeling (MLLM).A time slice contains 12 time steps. The
model was trained with a batch size of 32 and optimized us-
ing the Adam optimizer. We implemented an adaptive learn-
ing rate scheduler with patience in 10 epochs and 0.5 reduc-
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Category Model PEMS03 PEMS04 PEMS07 PEMS08

MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE

Basic

LSTM 20.62 33.54 28.94% 26.81 40.74 22.33% 29.71 45.32 14.14% 22.19 33.59 18.74%
TCN 19.31 33.24 19.86% 31.11 37.25 15.48% 32.68 42.23 14.22% 22.69 35.79 14.04%

STGCN 17.25 30.86 18.11% 21.70 34.72 14.02% 24.31 37.81 11.08% 18.02 27.23 11.60%
ASTGCN 17.01 29.71 17.21% 22.81 35.03 15.63% 25.46 38.98 11.97% 18.67 28.69 12.38%
GWNet 19.02 33.08 19.21% 25.39 40.01 17.08% 26.91 42.11 12.09% 19.32 31.14 12.70%
AGCRN 15.16 28.12 15.61% 20.03 32.11 13.02% 22.29 36.61 9.55% 16.11 25.34 10.25%
SSTBAN 16.01 26.32 17.21% 18.90 31.10 12.56% 20.17 33.45 8.93% 14.33 24.16 10.25%
PDFormer 14.82 25.72 15.40% 18.32 30.01 12.21% 19.81 32.93 8.55% 13.61 23.63 9.04%

iTransformer 19.51 31.22 17.89% 22.69 35.25 16.33% 24.60 37.94 11.33% 20.03 31.93 11.96%
STAEformer 15.12 27.35 15.11% 18.25 30.19 11.99% 19.18 32.71 8.21% 13.59 23.31 8.89%
STD-MAE 13.81 24.41 13.92% 17.79 29.27 11.98% 18.67 31.48 7.87% 13.48 22.44 8.77%

LLM-based

OFA 20.98 33.46 19.12% 27.39 43.02 17.99% 30.51 47.50 12.91% 21.89 34.67 13.31%
STGLLM 15.27 24.21 15.73% 20.00 32.21 13.70% 21.99 35.01 9.79% 15.58 24.72 10.16%
STLLM 17.28 27.31 22.89% 18.97 30.31 13.53% 21.49 34.09 10.22% 14.68 23.52 10.73%

STD-PLM 14.61 25.37 14.91% 18.17 30.19 11.90% 19.27 32.83 8.05% 13.33 23.21 8.88%
ST-VLM(Ours) 11.66 19.19 12.03% 15.61 25.71 11.11% 17.32 29.87 7.56% 12.23 19.79 8.19%

Table 1: Overall Performance on PEMS datasets

tion factor. The training epoch is 100 with a 30 epochs early
stopping mechanism. We implement the model with the Py-
Torch toolkit on a Linux server with a NVIDIA RTX A6000
GPU.

Overall Performance

Table 1 presents the performance comparison between our
proposed ST-VLM and baseline models. The best results are
highlighted in bold, while underline denotes the second-best
results.

The analysis of the results presented in table 1 leads
to the following conclusions: (1) Both conventional se-
quential models (e.g., LSTM, TCN, iTransformer) demon-
strate the lowest prediction accuracy, highlighting the limi-
tation of using only a single temporal dimension for spatial-
temporal forecasting. (2) Although early LLM-based ap-
proaches have demonstrated superior overall performance in
spatial-temporal prediction compared to conventional meth-
ods (e.g., STGCN, ASTGCN), their predictive accuracy re-
mains constrained by inherent limitations in spatial feature.
Compared with some of the latest spatial-temporal autoen-
coding method (e.g., STD-MAE), the existing LLM based
methods still remain gaps. (3) ST-VLM significantly outper-
forms all baseline methods across all datasets and evaluation
metrics. This demonstrates the clear advantage of leverag-
ing visual representations to enhance VLM’s ability in un-
derstanding, and fusing multi-modal information for spatial-
temporal prediction tasks. The outstanding performance in-
dicate that visual guidance enables more effective modeling
of complex spatial-temporal patterns compared to traditional
non-visual approaches.

model Ratio PEMS04 PEMS08

MAE RMSE MAPE MAE RMSE MAPE

ST-VLM
5% 24.43 37.21 19.75 20.57 30.93 16.33
10% 22.17 33.36 16.26 17.62 27.48 12.64
20% 18.18 29.23 12.76 14.08 23.03 10.13

STD-PLM
5% 27.81 42.37 20.58 22.63 34.39 16.89
10% 25.09 38.66 17.68 19.81 31.39 13.31
20% 21.19 33.98 14.02 16.49 27.14 10.88

Table 2: Few-shot performance

Few-shot Performance

To evaluate the generalization ability of ST-VLM under few-
shot learning conditions, we conduct a few-shot experiment
on PEMS04 and PEMS08 datasets, as presented in Table
2. We compare ST-VLM against the baseline model STD-
PLM, which leveraging LLM and demonstrating strong gen-
eralization capabilities. This comparison was made across
various training sample ratios (5%, 10%, 20%), evaluating
the models using three widely-used metrics: MAE, RMSE,
and MAPE. The results demonstrate the performance of ST-
VLM when trained with limited data.

From Table 2, we can observe that ST-VLM consistently
outperforms STD-PLM across all three training ratios for
both datasets. When trained with 5% of the training sam-
ples, ST-VLM achieves a performance close to STGCN, and
even outperforms LSTM trained on the full dataset. When
the training sample size reaches 20%, the performance of
ST-VLM surpasses that of most traditional methods trained
on the full data samples. This validates the strong generaliza-
tion capability of our model. Even in data-sparse scenarios,
ST-VLM is able to achieve superior performance, demon-
strating its effectiveness and robustness in handling limited
data.
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Figure 3: Ablation study on PEMS03 and PEMS04

Ablation Study
To further validate the effectiveness of the proposed ST-
VLM model, we conduct an ablation study. This study sys-
tematically evaluates the contribution of different model
components by removing or modifying specific elements of
the model. we designed a set of variants as 1) w/o SAF: re-
move the self attention fusion mechanism in initial layer of
VLM, only use LORA to fin-tune VLM, 2) w/o FT: remove
the fine-tuning strategy of VLM.

Figure 3 shows that the fine-tuning strategy is crucial for
ST-VLM. The model’s performance in w/o FT is signif-
icantly lower compared to the full ST-VLM model. This
suggests that although we transform the spatial relations
into images, fine-tuning is still essential. In fact, after ap-
plying adaptive LoRA fine-tuning, the model’s performance
already surpasses the second-best baseline. The w/o SAF
shows performance comparable to ST-VLM, yet it is the
self-attention-aware multi-modal fusion mechanism that en-
ables the model to achieve its optimal performance.

Case Study
ST-VLM can effectively leverages the Spatial-to-Image
module to utilize visual representations for capturing dis-
tinct spatial-temporal patterns across different spatial nodes.
As shown in Figure 4, we visualize the correlations among
20 sensors in PEMS04 for the first time slice (the first 12
time steps). Based on the visualization results, it is apparent
that the tensors corresponding to sensor 71 and sensor 75 ex-
hibit distinctive behavior with weaker pixel values compared
to the others.

As shown in Figure 5, the traffic flows corresponding to
these sensors are extracted over the first 100 time steps. As
expected, they represent two different traffic patterns. Figure
5(a) shows that sensors 71 and 75 consistently exhibit dis-
tinct trends, markedly deviating from the temporal patterns
of nearby nodes. Figure 5(b) further compares the traffic pat-
terns of sensors 71, 75, 69, and 67, where the distance from
the center reflects traffic flow magnitude. Overall, sensors 71

Figure 4: Visualizing spatial correlation across nodes

and 75 show low, minimal-fluctuation traffic near the center,
while sensors 69 and 67 display a distinct cyclical pattern
with multiple peaks. This highlights the effectiveness of vi-
sual representations in reflecting different spatial patterns.
Additionally, on sensors 71 and 75, ST-VLM achieves aver-
age RMSE reductions of 2.5 and 2.9 in the prediction task
compared to STD-MAE and STD-PLM respectively, high-
lighting its superior ability to capture patterns in low-traffic
and low-variance spatial nodes.

Figure 5: Different time patterns for different sensors

Conclusion

In this paper, we propose ST-VLM, a spatial-temporal pre-
diction framework based on multi-modal large language
models, integrating time series, images, and textual data.
The framework enhances spatial understanding through
spatial-to-image transformation and a fusion strategy for
multi-modal complementary learning. Our method achieves
state-of-the-art performance in prediction tasks, demonstrat-
ing effectiveness in few-shot scenarios and in capturing di-
verse spatial-temporal dependencies, offering a promising
direction for spatial-temporal prediction with MLLMs.
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