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Abstract

Spatio-temporal prediction is a pivotal task with broad applica-
tions in traffic management, climate monitoring, energy schedul-
ing, etc. However, existing methodologies often struggle to bal-
ance model expressiveness and computational efficiency, especially
when scaling to large real-world datasets. To tackle these challenges,
we propose STH-SepNet (Spatio-Temporal Hypergraph Separation
Networks), a novel framework that decouples temporal and spa-
tial modeling to enhance both efficiency and precision. Therein,
the temporal dimension is modeled using lightweight large lan-
guage models, which effectively capture low-rank temporal dy-
namics. Concurrently, the spatial dimension is addressed through
an adaptive hypergraph neural network, which dynamically con-
structs hyperedges to model intricate, higher-order interactions. A
carefully designed gating mechanism is integrated to seamlessly
fuse temporal and spatial representations. By leveraging the fun-
damental principles of low-rank temporal dynamics and spatial
interactions, STH-SepNet offers a pragmatic and scalable solution
for spatio-temporal prediction in real-world applications. Exten-
sive experiments on large-scale real-world datasets across mul-
tiple benchmarks demonstrate the effectiveness of STH-SepNet
in boosting predictive performance while maintaining computa-
tional efficiency. This work may provide a promising lightweight
framework for spatio-temporal prediction, aiming to reduce compu-
tational demands and while enhancing predictive performance. Our
code is avaliable at https://github.com/SEU-WEN]JIA/ST-SepNet-
Lightweight-LLMs-Meet- Adaptive-Hypergraphs.
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1 Introduction

Spatio temporal prediction serves as a fundamental component of
modern data-driven decision-making, with applications in urban
traffic forecasting [5, 37], climate modeling [3, 25], and energy grid
optimization, etc. Despite its broad significance, the field faces two
primary challenges: accurately capturing dynamic spatial depen-
dencies and ensuring computational scalability for large-scale real
spatio-temporal datasets [39]. While deep learning has led to no-
table advancements, existing methods often struggle to achieve
a balance between model expressiveness and computational effi-
ciency [21].

Recent advances in graph neural networks (GNNs) and large
language models (LLMs) have been extensively explored to ad-
dress these challenges [18, 33]. GNNs are particularly effective in
capturing spatial dependencies through graph-structured represen-
tations [42]. However, their dependence on static graph topologies
poses a significant constraint, impeding their capacity to accurately
model dynamic, higher-order interactions. For instance, in traffic
networks, the influence between regions is constantly evolving and
influenced by external conditions—factors that are inadequately
captured by static adjacency matrices. Meanwhile, LLMs, which
distinguish themselves in temporal prediction due to their strong
sequence modeling capabilities [22], incur substantial computa-
tional expenses when applied to large node sets. Furthermore, their
ability to leverage spatial structures remains limited. The dominant
approach of jointly modeling spatial and temporal features within
a single framework has been shown to exacerbate these challenges,
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Figure 1: (a) Spatio-temporal data exhibit spatial distribution
shifts across different nodes. (b) Dynamic adaptive hyper-
graph captures evolving spatial distribution patterns.

often leading to overparameterized models that are computationally
demanding and difficult to optimize, without yielding proportional
performance improvements [17]. This raises a critical question:
Can spatial and temporal modeling be decoupled to achieve both
efficiency and accuracy?

To tackle these challenges, this work proposes a separation strat-
egy based on two key insights. First, as illustrated in Figure 1,
temporal dynamics in spatiotemporal systems often exhibit a low-
rank structure, implying that the evolution of system states can be
efficiently characterized by a small number of latent factors [1, 26].
This low-rank property facilitates the use of lightweight sequence
models, such as distilled versions of LLMs, to capture temporal
trends without compromising expressiveness. Second, spatial de-
pendencies in spatiotemporal systems can be viewed as a form of
spatial drift, where the influence between nodes shifts over time
due to external factors or intrinsic system dynamics. Traditional
GNNs, despite their effectiveness in many applications, struggle to
capture dynamic drift due to their dependence on static graph struc-
tures [32, 37]. To address this limitation, we propose an adaptive
hypergraph framework that possesses enhanced representational
capabilities for graphs, enabling it to model evolving higher-order
interactions. This framework allows hyperedges to dynamically
encapsulate shifting relationships among multiple nodes, thereby
accurately reflecting the evolving nature of these connections.

Building on these insights, we propose STH-SepNet (Spatio-
Temporal Hypergraph Separation Network), a novel framework
that specifically integrates lightweight temporal modeling with
adaptive spatial modeling. For temporal modeling, compact LLMs
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(e.g., BERT [6], GPT-2 [29]) are employed to efficiently capture
low-rank temporal dynamics. For spatial modeling, an adaptive
hypergraph neural network is introduced to dynamically construct
hyperedges, enabling the representation of spatial drift and higher-
order interactions. A gating mechanism is further designed to fuse
temporal and spatial representations, ensuring seamless integration
while maintaining computational efficiency. The main contributions
of this work are summarized as follows:

e We propose a lightweight spatio-temporal separation frame-
work (STH-SepNet) for spatio-temporal prediction tasks. The
framework integrates textual information and latent spatial
dependencies, resulting in significant improvements in pre-
dictive performance.

e We design an adaptive hypergraph structure for spatial mod-
eling, which dynamically constructs complex dependency
relationships and enhances the extraction of spatial features
through effective order modeling.

e We conduct extensive experiments to validate STH-SepNet,
demonstrating state-of-the-art performance across multiple
benchmarks. The proposed method demonstrates efficient
execution on a single A6000 GPU, underscoring its practical
applicability for real-world deployment.

2 Related works
2.1 Large Models for Prediction

Large language models, recognized for their extensive parame-
ter sizes and strong generalization capabilities [9], have been in-
creasingly applied to time-series analysis tasks, including predic-
tion, classification, and imputation. To bridge the gap between
numerical data and the text-based processing paradigm of LLMs,
researchers have explored novel data formatting techniques. For in-
stance, PromptCast converts numerical sequences into natural lan-
guage prompts [38], while Gruver et al. encode time-series data as
digit strings to enable zero-shot predictions [10]. These approaches
demonstrate the potential of LLMs in temporal modeling while
also highlighting the need for specialized adaptations to address
the unique challenges of time-series data, such as irregular time
intervals and long-range dependencies.

Recent efforts have sought to refine tokenization and embed-
ding strategies to improve LLMs’ suitability for forecasting tasks.
LLM4TS employs parameter-efficient fine-tuning (PEFT) to adapt
pre-trained LLMs for time-series prediction [4], while Zhou et
al. propose a unified framework for handling diverse time-series
tasks [47]. Additionally, advancements such as reprogramming
frameworks [17] and contrastive embedding strategies [20] fur-
ther align numerical and textual modalities, enhancing LLMs’ ca-
pability to process temporal data. However, these methods pre-
dominantly focus on temporal modeling while largely overlooking
spatial dependencies, which poses a fundamental limitation for
spatio-temporal prediction tasks.

The integration of LLMs with transformer-based architectures
has further expanded their applicability to domain-specific chal-
lenges. Models such as UniST [42] and OpenCity [21] incorpo-
rate transformers with graph neural networks to capture spatio-
temporal dependencies, while ClimaX [25] and Pangu-Weather [3]
illustrate the versatility of transformer-based designs in climate
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forecasting. Despite these advancements, existing approaches of-
ten struggle to effectively balance spatial and temporal modeling,
resulting in increased computational complexity without propor-
tional performance improvements. This underscores the need for
novel frameworks that integrate spatio-temporal structures more
efficiently while maintaining computational feasibility.

2.2 Spatio-Temporal Prediction

Recent advances in spatio-temporal prediction have been driven
by the integration of transformer-based models and graph neu-
ral networks, aimed at addressing the dual challenges of capturing
long-range temporal dependencies and complex spatial interactions.
Transformer-based models, such as DLinear [43] and TimesNet [34],
have demonstrated strong performance in time-series forecasting
by leveraging multi-scale temporal patterns and efficient atten-
tion mechanisms. Similarly, PatchTST [27] introduces patch-based
attention to enhance local dependency modeling, while iTrans-
former [24] reconfigures the transformer architecture for multi-
variate time-series modeling. However, these models often struggle
with distribution shifts, such as changes in traffic patterns or exter-
nal conditions, limiting their robustness in real-world applications.

In the realm of spatial modeling, GNNs and hypergraph struc-
tures have emerged as effective tools for capturing complex spatial
relationships. STG-NCDE [5] integrates neural controlled differ-
ential equations with GNNs to model continuous-time dynamics,
while STAEformer [23] incorporates spatial and temporal attention
mechanisms within a transformer-based framework. Hypergraph-
based models, such as STHGCN [39] and GPT-ST [22], further
advance the field by dynamically capturing higher-order dependen-
cies and spatial drift. However, these approaches frequently rely
on static or predefined structures, limiting their ability to adapt to
evolving spatial relationships and distribution shifts over time.

A key limitation of existing methods is their inability to ef-
fectively model distribution shifts, which are inherent in spatio-
temporal systems. For example, STID [31] simplifies spatio-temporal
prediction but lacks adaptability to dynamic spatial interactions,
while FEDformer [46] and Autoformer [36] primarily focus on tem-
poral modeling without accounting for spatial distribution shifts.
These gaps underscore the need for adaptive structures capable of
dynamically capturing evolving spatial and temporal patterns. To
address these challenges, we propose STH-SepNet, a lightweight
framework that leverages adaptive hypergraphs to model distri-
bution shifts and lightweight transformers to capture temporal
dynamics, achieving state-of-the-art performance.

3 Preliminaries

3.1 Problem Formulation

Given a graph set denoting the spatial feature G = (V, E), where V
and E represents the set of N = |V| vertices and the set of edges, re-
spectively. The spatio-temporal prediction problem of multivariate
time-series forecasting is defined as follows: suppose the histori-
cal observations from L previous moments X(;_r.1).; € RIXNXF
our model STH-SepNet aims to predict the values for the next H
timestamps data X(t+l):(t+H) € RIXNXF That is,

X(t+1):(e+H) = STH-SepNety(X(;_p41) A, @), (1)
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where A is the structural adjacency matrix, ® is the prompt of
prompt information for input vector, and 6 the parameter of model.

3.2 Adaptive Network Construction
We introduce an adaptive adjacency matrix, Aadpa as input to the
ST-Block, aiming to mitigate similarity between adjacent nodes.
Given node features E1, E; € RN*4 we employ a shared-parameter
feed forward neural network (FFN) to generate node embeddings,
which are then mapped to Fy, F, € RNXN a5 follows:

Fy = tanh(aFFN(Ey)),

F, = tanh(aFFN(E3)),

@)
®)
where « is a scaling factor that modulates the saturation rate of the
activation function. The discrepancy between F; and F; captures
directional relationships between nodes. To introduce non-linearity,
we construct an asymmetric adjacency matrix A,qp € RNXN.

Aadgp = ReLU(tanh(a(F| Fz — F} Fy))). 4

This formulation effectively models asymmetric dependencies by
leveraging learned node embeddings in the graph structure.

3.3 Incident Matrix

We integrate static spatial topology, e.g., geographic location infor-
mation in a traffic network, as the static input to build an adjacency
matrix A, defining node similarity via a negative exponential func-

tion of pairwise Euclidean distances. The similarity A;; between
2

ds.
nodes i and j is defined as: A;; = ex —ﬁ) where dj;j is the
distance between nodes i and j, and o is a scaling parameter that
regulates the effect of distance on similarity. A fixed threshold is
applied to maintain the sparsity of the adjacency matrix.

3.4 Adaptive HyperGraph Construction
DerFINITION 1. (Hypergraph) A high-order graph H(V,E) is
defined by a set of n hypernodes V = {v1,02,- -+ ,vn} and a set of m
hyperedges E = {e1,ea,--- ,em}, wheree; = (vl(j),~-~ ,vl(cj)) is an
unordered set of nodes on hyperedge e; , with k = |e;| denotes the

number of nodes in the hyperedge.

THEOREM 1. For anyk > 2, the (k — 1)-hops neighborhood of a
node v, denoted as N._1(v), corresponds to all nodes involved in the
k-order hyperedges in Hzlf if and only if the following conditions are
satisfied: For each w € Ni_1(v), (1) Local Connectivity Condition:
there exists at least one path from v to w consisting of at most k — 1
hyperedges. (2) Hyperedge Coverage Condition: there exists a k-order
hyperedge e € Hzlf such that w € e and e contains v, w, and at most
k — 2 intermediate nodes. (3) Uniqueness Condition: if there exist
multiple k-order hyperedges containing both v and w, then these
hyperedges must share the same set of intermediate nodes. Formally:

©)

w € N_1(v) & {o,F1,F,...,uf,w} € Hzlf

where Fy, Fa, ..., uy are intermediary nodes.

Note that please refer to the Appendix A for detailed proof to
the above theorem. In constructing a (k + 1)-order hypergraph
from k—hop neighborhoods, each node is interconnected with all
nodes within its k-hops distance, forming one or more hyperedges.
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Given a node v;, its k-hops neighborhood N (v;) includes all nodes
reachable within k edges. Similarly, for node features Es3, feature
representations F3 are obtained via a feedforward neural network:

F3 = tanh(aFFN (Es3)), 6)

where o controls the activation saturation. Higher-order relation-
ships are then constructed using K-Nearest Neighbors (KNN) on
feature representations F3 = [fi, f2, ..., fu]. For each node v;, its
nearest k neighbors N(v;) form a hyperedge e¢; = {v;} U N(v;),
where k = max; |ej| is the hyperedge order and remains a pre-
defined constant for consistency. To determine the hypergraph
adptive adjacency matrix Hyq, € R™™, where n is the number of
nodes and m is the number of hyperedges, the adjacency matrix
is defined as: Hadp,ij = 1,if v; € ej, and 0, otherwise in Algorithm
A.1. Traditional graph-based methods primarily focus on pairwise
interactions between nodes, which can be insufficient for modeling
multiple nodes interact simultaneously. By contrast, hypergraphs
allow for the representation of higher-order interactions through
hyperedges. The adaptive adjacency matrix for hypergraphs can
degenerate into traditional graphs, but it leverages this flexibility
to capture richer and more complex relationships.

4 Methodology

In this work, we propose STH-SepNet, a spatio-temporal forecasting
model that integrates a pre-trained LLM with adaptive hypergraphs.
As shown in Figure 2, STH-SepNet comprises two key components:
lightweight large language models for temporal dynamics and adap-
tive hypergraphs for spatial dependencies.

4.1 Global Trend Module

Local Aggregation Module. This module processes the model
input node features X € REXNXTXF 1y executing an average pool-
ing operation to extract the common features of all nodes within a
region, capturing the overall fluctuation trends. That is,

Xpool = AvgPool(X), 7)

where Xp01 € RBXTXF B is the batch size, T denotes the time steps,
and F equals 1. As shown in Figure 2 (D, the time series embedding
module reduces the computational time and memory complexity
of the model by aggregating information across adjacent time steps
and utilizing temporal patches [27]. Specifically, X4} is partitioned
into overlapping or non-overlapping blocks Xp € RP*NP where
P is the window length and the number of sliding windows is
computed as Np = (T — P)/S + 2, with the stride S. Each patch is
treated as a time series token and embedded to obtain Xp € R Xdm
where dp, is the hidden dimension of the LLM.

4.2 Prompt Adaptation Module

Given that LLMs are primarily trained on extensive text corpora
and lack inherent time series knowledge, we propose a cross-modal
alignment strategy that transforms time-series data into textual
tokens, enabling LLMs to leverage their reasoning capabilities for
specialized forecasting tasks. To enhance predictive accuracy, we
adopt Pattern-Exploiting Training , which formulates natural lan-
guage templates as prompts within the embedding space. These
prompts integrate three key components: dataset description, task
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instructions, and statistical characteristics. More details refer to
Appendix B.2. We further prepend this structured information as a
prefix prompt, concatenating it with aligned temporal embeddings
before feeding it into the LLM. This enables the model to generate
valid outputs and adapt to downstream tasks.

LLM Module. We utilize a partially frozen pre-trained LLM
to capture temporal dependencies in traffic data, fine-tuning its
feed-forward layers via LoRA [13]. Pretrained models serves as
the backbone for STH-SepNet, comprising stacked transformer
decoder modules with N layers. As depicted in Figure. 2, the input
to each layer is represented z = {zl, 22, .. .,zN}, where z! consists
of concatenated prompt and time-series embeddings For the i-th
layer, the input z' undergoes multi-head self-attention (MHSA)
followed by layer normalization (LN), producing an intermediate
state z/, which is further processed by a feed-forward network and
another layer normalization step to yield z/*! for the next layer. It
can be summarized as:

(01 Kis Vi) = (WP, W2, w2, ®)
KT

head; = softmax QK Vi, ©)
Vd

MHSA(Z', z', ') = W (head;|| . . . ||heady,), (10)

7' = LN(z' + MHSA(Z}, 7%, 2%)),
21 = LN(Z' + FEN(2Y)),

(11)
(12)

where z' is the input hidden state at the i-th layer, and z’ is the
intermediate state after MHSA and layer normalization. Since the
LLM module outputs token sequences, we apply a linear layer to
align learned patch representations. Additionally, pretrained models
such as BERT [6], GPT2, LLAMA [33] and Deepseek [11, 40] can
be employed for autoregressive token prediction.

4.3 Hypergraph Spatio-temporal Module

To enhances spatio-temporal prediction by incorporating higher-
order coupling relationships, STH-SepNet consists of four key
components: Mixed Multi-Layer Information Aggregation Module,
Adaptive Graph Convolution Network, Hypergraph Convolutional
Network, and Temporal Convolutional Network in Figure. 2 3.

Mixed Multi-Layer Information Aggregation Module (Mix-
Prop). Given an input X (0) € RNXC where N represents the num-
ber of nodes and C is the feature dimension, the module updates
node features through k-layer propagation. The feature propagation
at layer k + 1 is formulated as,

XD g x ) 4 (1= ) AX P, (13)

where X (K) is the node feature matrix at the k-th layer, A=D" 3 (A+
I )Dii is the normalized adjacency matrix, D is the degree matrix, I
is the identity matrix, a controls the weight of residual connections.
To further regulate the flow of information, the MixProp module
incorporates a gating mechanism defined by:

G0 = g(wyx ),
14
X0 260 o xB) 4 (1 - 60 o ax®, Y



STH-SepNet

KDD ’25, August 3-7, 2025, Toronto, ON, Canada.

A
| [Time Series
@ : Patoh Embedder
: Pre-trained L [T 1
tral Linear —  Text |

| [Word Embeddings| | Prototypes |

Multi-Head |
Attention

A, Training
= Reprogrammed
0 3
1187 patch Embeddings 2 Frozen

N Variables

|5z Pre-trained
<

Dataset Prompt

N Variables

- Gated Fusion B—» u

o (E e | (®
Time Steps ### Instruction: <task i i
1 ###Time: <stamp information> Tokenization Token Embedder OE::;::’ :r:e:
#4## Input statistics: g
<time series statistic 1>
<time series statistic 2>...
A
Geographic adjacency matrix Mix-hop Propagation
Dilated Inception tanh(")
adp Layer
@ ——| Mix-hop Propagation

Alsp

Time Steps

Geographic network

Concatenate

Dilated Inception
sigmoid(-)

Adaptive High-order Spatial Learning Module

Temporal Learning module

Figure 2: The framework of STH-SepNet. Given a traffic network G = (V, E) and time series X as an example of spatial-temproal
datasets. @ Tokenize and embed X using a customized embedding layer, reprogramming with condensed text prototypes for
modality alignment. @Incorporate dataset descriptions, task instructions, and statistical characteristics as prompt prefixes to
guide input transformation. @Leverage a Hypergraph Spatio-Temporal module to model complex spatial dependencies and
node-level variations via hierarchical representation learning. @Incident matrix: real geographic network, if not, adaptive
graph or adaptive hypergraph is used. By integrating @@ ® @, STH-SepNet generate the forecasts.

where W, € REXC o(-) is the sigmoid activation function, and
© denotes element-wise multiplication. The MixProp module em-
ploys k-layer propagation to expand the receptive field and capture
dependencies between distant nodes.

Adaptive Graph Convolution Network Module. To capture
both structural and adaptive spatial dependencies, we apply three
MixProp-based graph convolutions on the adaptive adjacency ma-
trix Aggp, and the real road network A. These operations extract
first-order, transposed first-order, and real relationships, defined as:

Xgconv1 = MixProp(X, Aggp, K, @), (15)
Xgeonuz = MixProp(X, Al Ko@), (16)
Xgconvs = MixProp(X, A, K, a), (17)

where X € RBXNXT represents the input time-series features, K is

the number of propagation layers, and & controls residual weighting.
The final spatial representation is obtained by fusing these outputs:

(18)

XGCN = Xgeonot *+ Xgeonoz + Xgconos-

Adaptive Hypergraph Convolution Network Module. Given
an input feature matrix X € RBXN*T and an adaptive hypergraph
adjacency matrix Hy gy, this module employs two information aggre-
gation mechanisms: from node to hyperedge and from hyperedge
to node. Initially, a feedforward neural network (FFN) transforms
the feature matrix. In the node-to-hyperedge process, each hyper-
edge e; accumulates information from its associated nodes N (e;),
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ollowed by hyperedge aggregation and linear transformation:

X€" = FFN(X),

X¢ =o| > HaapiX{"W |,
ieN(e)

where W represents the trainable parameter matrix, and o (-) is the
ReLU activation function. Subsequently, features of all hyperedges
containing a node v; are aggregated back to node representation,

enc _
X, =

Z Haap j X, (21)
je&(v;)

where & (v;) indicates the set of hyperedges for node v;. The output
of the hypergraph spatial learning module is Xggen = XE"¢.

To integrate pairwise and high-order spatial features, we fuse
representations from GCNs and HGCNs, ensuring strong scalability
in the spatial module:

X =yXcen + (1 - y)Xugen.y € [0.1], (22)
where y is a tunable parameter. When y = 1, the model degenerates
into standard spatial learning module, whereas y = 0 captures only
higher-order dependencies.

Spatial-temporal Convolution Module. The Spatio-Temporal
Convolution Module consists of multiple stacked ST-Blocks, each
containing a S-Block for spatial dependencies and a T-Block for

temporal dependencies. In the S-Block, each node state h;v) is

RBXNXTXF

initialized as the input features X € and updated by
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aggregating features from its neighbors, as follows:

mi= > h, (23)
ueN (v)
hY = o((1+e)h?_; +mY), (24)

where m] is the aggregated neighborhood feature at time ¢, o is an
activation function and € is a learnable parameter.

The T-Block comprises 1-D dilated convolution layers with a
gating mechanism featuring only an output gate. Given the input
x € RTXNXF 'the gated output h is defined as:

h = tanh(q(x)) © o(q(x)), (25)

where g(y) is the output of the dilated convolution layers, ® denotes
the Hadamard product, and o is the sigmoid activation function.

4.4 Gated Fusion Module

To integrate global trends and node heterogeneity, we fuse outputs
from the pre-trained LLM and adaptive high-order spatial mod-
ule, denoted as O1, Oy € RBXTXN A feedforward neural network
(FFN) maps the concatenated output vectors to gates of equivalent
dimensions. The gating process is formulated as:

Gate = o(FFN([O1, 02])), (26)

where o represents the sigmoid activation function, and [-, -] de-
notes the concatenation operation. The ultimate gated fusion pro-
cess can be expressed as:

0 = 01 © Gate + 05 © (1 — Gate), (27)

where Gate signifies the gate map, and O € RBXTXN represents
the resultant fused output.

4.5 Experiment Settings

Datasets. We conduct the experiments on five datasets: BIKE-
Inflow, BIKE-Outflow, PEMS03, BJ500 and METR-LA [19]. where
partition the datasets into train/validation/test sets by the ratio of
7:1:2. Appendix B.1 contains more dataset details.

Baselines. As aforementioned, STH-SepNet is designed as a gen-
eral framework for spatio-temporal prediction tasks. To evaluate its
effectiveness, we compare it with several state-of-the-art time series
prediction models, including Autoformer [36], Informer [45], FED-
former [46], DLinear [43], TimesNet [35], PatchTST [28], iTrans-
former [24], TIMELLM [16], AdaMSHyper [30]. Additionally, to
demonstrate the robustness of our model, we also include compar-
isons with spatio-temporal prediction models such as AGCRN [2],

MSTGCN [15], MTGNN [37], STGODE [7] , STSGCN [32], STGCN [41],

GMAN [44], STAEformer [23], STD-MAE [8].

4.6 Main Results

4.6.1 Effectiveness of STH-SepNet. (RQT). Table 1 presents
the performance of the proposed STH-SepNet method integrating
pretrained model BERT across five datasets . Our method achieves
the best Mean Absolute Error (MAE) and Root Mean Squared Error
(RMSE) results, which can be attributed to its spatio-temporal sepa-
ration strategy and adaptive hypergraph structure. Key advantages
are detailed below:
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Decoupled Spatio-Temporal Modeling. STH-SepNet addresses
the limitations of joint spatio-temporal modeling by isolating tem-
poral and spatial dependencies. On the BIKE-Outflow dataset, where
non-stationary spatial events (e.g., weather-induced station clo-
sures) intersect with periodic temporal trends (e.g., rush hours),
our method achieves an MAE of 5.33 and RMSE of 14.23, outper-
forming joint modeling frameworks like TimesNet (MAE: 5.56) and
PatchTST (MAE: 5.63). By decoupling temporal dynamics (handled
by lightweight modules) and spatial dependencies (modeled via
adaptive hypergraphs), we mitigate interference between heteroge-
neous features, ensuring robust predictions in dynamic scenarios.

Adaptive Hypergraphs for Dynamic Spatial Drift. We pro-
pose an adaptive hypergraph structure to model evolving spatial
dependencies. On the PEMS03 dataset, where traffic accidents or
construction events disrupt road network interactions, our method
reduces RMSE to 34.17, a 28.8% improvement over dynamic graph-
based approaches like STAEformer (RMSE: 48.03). The dynamic
hyperedge generation mechanism allows our method to adjust node
relationships dynamically, capturing spatial drift. For example, on
the BJ500 dataset, our method achieves an MAE of 5.58, surpassing
MTGNN (MAE: 5.86) and MSTGCN (MAE: 5.62), demonstrating its
ability to adapt to sudden changes in spatial dependencies.
Scalable Efficiency. Our approach significantly reduces computa-
tional complexity by decoupling the node dimension, transform-
ing spatio-temporal prediction into parallelizable univariate tasks.
On the METR-LA dataset (large-scale road network), our method
achieves an MAE of 9.42 and RMSE of 16.41, outperforming both
graph-based models (MTGNN: MAE: 9.98) and transformer variants
(iTransformer: MAE: 10.15). Compared to large language model
(LLM)-based baselines like TIMELLM (MAE: 12.36 on METR-LA),
our method reduces MAE by 23.8%. This efficiency is achieved
through lightweight LLM adaptations for temporal modeling and
node-wise decoupling, avoiding the parameter bloat of monolithic
LLM frameworks while maintaining high accuracy.

4.6.2 Effectiveness of Adaptive Hypergraph Structure. (RQ2).
Table 2 presents the performance of the proposed method using
different graph representation strategies, including a static graph
(STH-SepNet-static), an adaptive graph convolutional network (STH-
SepNet-GNN), and an adaptive hypergraph structure (STH-SepNet).
Additionally, we compare these methods with the baseline large
model TimeLLM. The results indicate that STH-SepNet achieves the
best performance, and the effectiveness of the adaptive hypergraph
can be attributed to the following factors:

Dynamic Adaptation to Complex Spatial Dependencies.
The core strength of the adaptive hypergraph lies in its dynamic ad-
justment capability, which enables real-time responses to evolving
spatial dependencies. In transportation networks, traditional static
graphs or GNNs rely on predefined adjacency relationships and fail
to capture sudden disruptions (e.g., traffic accidents) that alter node
correlations. On the BIKE-Outflow dataset, STH-SepNet notably
reduces prediction errors (MAE: 5.33 vs. 6.34 for the static variant)
by dynamically generating hyperedge weights. This adaptability
allows the model to flexibly represent shifts in regional traffic flows,
such as adjusting inter-regional influence weights under policy-
driven restrictions (e.g., traffic bans). Static graphs, constrained by
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Table 1: Performance comparison. Multivariate forecasting results with a prediction horizon of 48 time steps and a fixed
lookback window of T=48. Bolded results indicate the best performance. (LLMs: BERT)

Model BIKE-Inflow BIKE-Outflow PEMS03 BJ500 METR-LA
MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE
Autoformer (NIPS, 2021)[36] 7.01 1752 719 1775 4487 7084 1079 1606 1247  20.04
Informer (AAALI 2021)[45] 825 2037 921 2150 3372 5215 758  11.96 1450  20.35
FEDformer (PMLR, 2022)[46] 628 1630 656 1667 3500  50.84  10.77 1599 1235  18.79
DLinear (AAAI 2023) [43] 5.71 1549 582 1536 4530 6681 855 1349 1090  17.31
TimesNet (ICLR, 2023)[35] 554 1541 556 1518 3754 6299 867 1396 1022  18.29
PatchTST (ICLR, 2023)[28] 553 1539 563 1523 4842 7824 879 1428 1013 1827
iTransformer (ICLR, 2024)[24]  6.05 1639 615 1669 4363 7061  9.01 1432 1015 1836
TIMELLM (ICLR, 2024)[16] 6.81 1672 693 1630 3262  49.77  7.25 1158 1236 1853
AdaMSHyper (NIPS, 2024)[30] 672 1691  7.04  17.14 3349 5037  7.41 11.60 1251 18.60
AGCRN (NIPS, 2020)[2] 664 1614 677 1636 3314 5488 632 1281 1139  23.15
ASTGCN (AAAL 2019)[12] 666 1587 626 1448 3065 5396 634 1134 1054 2276
MSTGCN (TNSRE, 2021)[15] 591 1411 604 1424 2957 4797 562 1115 1017  20.24
MTGNN (KDD, 2020)[37] 616 1480 593 1393 2904 5032 58 1091 998  21.23
STGODE (KDD, 2021)[7] 677 1593 682 1550 3339 5416 644 1214 1148 2285
STSGCN (AAAL 2020)[32] 673 1589 658 1536 3423 5807 640 1203 1107 2279
STGCN (IJCAL 2018)[41] 708 1572 736 1611 3602 5344 673 1262 1238 2255
GMAN (AAAL, 2020)[44] 673 1560 694 1584 3396 5302 641 1240 1169 2237
STAEformer (CIKM, 2024)[23] 597 1457 617 1470  29.62 4803 579 1042 991 2117
STD-MAE (IJCAI, 2024) [8] 613 1487  6.21 1437 3040 4838 592 1149 1052 23.11
STH-SepNet (Ours) 518 1440 533 1423 2103 3417 558  9.77 942 1641

fixed structures, cannot accommodate such changes. This capabil-
ity is critical in dynamic scenarios (e.g., abrupt traffic flow shifts),
enhancing the model’s efficiency in capturing spatial drift.

Enhancing Lightweight Models to Surpass Large Coun-
terparts. While large models like TIMELLM leverage massive pa-
rameters to capture complex patterns, their performance in spatio-
temporal prediction is outperformed by lightweight LLMs inte-
grated with adaptive hypergraphs. For example, on the PEMS03
dataset, STH-SepNet with a BERT backbone achieves an RMSE of
34.17, far superior to TIMELLM’s 50.39. This highlights the division-
of-labor advantage of the adaptive hypergraph: it specializes in mod-
eling spatial dynamics, while the lightweight LLM focuses solely on
single-node temporal trends, avoiding feature interference inherent
in joint modeling. In traffic sensor networks, the hypergraph inde-
pendently models cascading effects of multi-road congestion, while
the LLM predicts traffic trends for individual sensors. This decou-
pling reduces model complexity and improves task-specific focus,
enabling lightweight models to outperform large counterparts even
in resource-constrained scenarios.

Cross-Architecture Consistency and Higher-Order Interac-
tion Modeling. The adaptive hypergraph’s design is architecture-
agnostic, delivering consistent performance across diverse LLM
backbones (BERT, GPT, LLAMA, Deepseek). For instance, with the
LLAMAT7B backbone, STH-SepNet achieves an RMSE of 35.17 on
PEMS03, outperforming both the GNN variant (RMSE: 35.24) and
static version (RMSE: 49.92). This consistency stems from the hy-
pergraph’s explicit modeling of higher-order spatial interactions.
Traditional GNNs capture only pairwise node interactions, whereas
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hypergraphs connect multiple nodes via hyperedges, simultane-
ously modeling multi-region joint influences (e.g., concurrent con-
gestion across multiple roads amplifying impacts on central areas).
In large-scale road networks like METR-LA, this capability enables
accurate prediction of congestion propagation paths, while static
graphs or standard GNNs exhibit significant biases due to their
inability to represent multi-node effects. The explicit modeling of
higher-order interactions distinguishes adaptive hypergraphs as a
uniquely powerful tool for spatial dependency learning.

4.7 Ablation Study

We conduct three ablation studies to validate the effectiveness of
key components in our proposed framework, exploring the role
of LLMs, the mixed-order spatio-temporal convolutional networks
and the order of hypergraph on forecast results.

4.7.1 LLMs play a critical role in temporal modeling. (RQ3).
To assess the necessity of LLMs in spatio-temporal prediction and
their synergistic effects with the adaptive hypergraph structure,
we conduct systematic ablation studies. Specifically, we compare a
model variant without LLMs (w/o) only the adaptive hypergraph
and linear temporal layers, against the full framework LLMs (STH-
SepNet) equipped with different LLM backbones, such as BERT
(w/i), GPT (w/i), LLAMA (w/i) and Deepseek (w/i).

The comparison between STH-SepNet-w/o and its LLM-enhanced
counterparts reveals substantial performance improvements, par-
ticularly in capturing long-range dependencies and multi-scale
periodicity. As illustrated in Figure 3, on the BIKE-Outflow dataset,
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Table 2: Comparison with different LLMs of adaptive high-
order and low-order spatio-temporal multitime series fore-
casting results.

Model BIKE-Outflow PEMS03

MAE RMSE MAE RMSE

TIMELLM 674 1613 32.68 5039

BERT STH-SepNet-Static ~ 634 1641  29.53  48.94
STH-SepNet-GNN 547 1436 2111  34.52

STH-SepNet 533 1423 2103 34.17

TIMELLM 693 1630 32.63  49.83

GPTa STH-SepNet-Static ~ 653 1661  30.03  49.07
STH-SepNet-GNN  5.68 1448 21.85  35.78

STH-SepNet 531 1424 2143 3501

TIMELLM 701 1663 3485 5189

CPT3 STH-SepNet-Static ~ 6.79 1671  30.64  49.16
STH-SepNet-GNN  5.66  13.90 2127  34.78

STH-SepNet 524 1416 2113 34.69

TIMELLM 710 1674 3406 5159
STH-SepNet-Static ~ 6.27 1640  29.76  48.63

LLAMAIB STH-SepNet-GNN 587  14.80 2219  35.87
STH-SepNet 529 1420 2137 34.92

TIMELLM 695 1641 3417 5247
STH-SepNet-Static ~ 6.73 1687 30.24  49.92

LLAMATB STH-SepNet-GNN 591 1494 2164  35.24
STH-SepNet 534 1431 2152 35.17

TIMELLM 702 1655 3572 51.97
STH-SepNet-Static ~ 6.85  16.64 3047  49.98

LLAMASB STH-SepNet-GNN 570 1427 2157  35.23
STH-SepNet 528 1420 2151 35.19

TIMELLM 694 1625 3319 5028
STH-SepNet-Static ~ 6.79 16.37  30.26  48.81

DeepSeeklSB o GepNet-GNN 574 1455 2173 3547
STH-SepNet 527 1419 2139 34.96

the LLM-enhanced variant (BERT-w/i) significantly outperforms
the non-enhanced version, and the integration of an LLM into
STH-SepNet-GNN markedly boosts prediction accuracy. This en-
hancement can be attributed to the LLM’s capability to learn rich
statistical characteristics from batch inputs, including minimum,
maximum, median, and trend information. Consequently, the model
effectively extracts semantic temporal features and complex peri-
odic trends from traffic spatio-temporal data.

4.7.2 Lightweight LLMs achieve competitive performance
while maintaining architectural stability, highlighting the
efficiency of the proposed framework. (RQ4) . As shown in
Figure 3, on the STH-SepNet models, incorporating a BERT model
demonstrates notable accuracy. For example, on the BIKE-Inflow
dataset, BERT-w/i not only surpasses larger backbone models such
as LLAMA7B-w/i but does so with fewer parameters (BERT:110M,
LLAMAT7B:6740M), indicating that excessive parameter scaling is
not essential for effective temporal modeling. On the BIKE-Inflow
dataset, the BERT-w/i not only surpasses larger backbones such
as LLAMA7B-w/i but also operates with less than 10% fewer pa-
rameters, demonstrating that excessive parameter scaling is not
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a prerequisite for effective temporal modeling. Moreover, results
on the BJ500 dataset indicate that performance variations across
different LLM backbones remain minimal, with fluctuations under
3%. This stability arises from the decoupled nature of the adap-
tive hypergraph, which independently captures spatial dependen-
cies, thereby reducing reliance on LLM scale and ensuring that
lightweight models remain competitive. We also provide a details
comparison in Appendix B.3.

wio (LLMs) GPT2-wli

LLAMA1B-w/i LLAMABSB-w/i

BERT-w/i GPT3-wli LLAMA7B-w/i DeepSeek1.5B-w/i

7.00 30.00 11.00
6.50
10.50 -

6.00 25.00 -

MAE

w w
5.50 1 g g 10.00

5.00 20.00 -
9.50 4

4.50 1

9.00-

15.00

BIKE-Inflow BIKE-Outflow  BJ500 PEMS03 METR-LA

Figure 3: Performance comparison of MAE between STH-
SepNet trained on different datasets.

BERT-wii GPT2-wii LLAMA1B-wii DeepSeek1.5B-wii
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Figure 4: Analysis of effective order on adaptive hypergraph.

4.7.3 The effective order of the hypergraph can enhance
the performance of the model. Our proposed framework lever-
ages the KNN algorithm to construct hyperedges in hypergraphs,
thereby addressing the limitations of spatial dependencies that
traditional spatio-temporal convolutions are unable to model. As
illustrated in Figure 4, the effective order k = 3 of the adaptive
hypergraph significantly enhances model performance. On the
BIKE-Outflow and PEMS03 datasets, STH-SepNet models based
on BERT, GPT-2, LLAMA1B, and DeepSeek1.5B demonstrate that
when k = 2, the high-order structure of STH-SepNet degenerates
into a pairwise relationship. The empirical results indicate that as
the order k increases, the model error initially decreases and then
increases. This phenomenon is attributed to the fact that at k = 2,
pairwise relationships fail to capture the underlying dependencies,
while higher-order hypergraph structures with increased k order
lead to overfitting of coupled interactions. That is, k = 3 effectively
characterizes evolving spatial dependencies.
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4.7.4 Computational Efficiency Analysis. . To analyze the ad-
vantages of decoupling in algorithmic efficiency, we test the STH-
SepNet model with multiple large language models by comparing
their GPU usage and training speed on different datasets using an
NVIDIA A6000. Figure 5 shows that the STH-SepNet series outper-
forms TIMELLM in computational efficiency across most datasets.
For instance, STH-SepNet (BERT) showed a GPU memory usage
of just 24.6G and a training speed of 392 Epoch/s on the BIKE-
Inflow/Outflow dataset, exhibiting superiority over both TIMELLM
(BERT) and TIMELLM (GPT?2). Furthermore, as the parameter size
of LLMs increases, computational efficiency tends to decrease. How-
ever, larger model parameters do not enhance the accuracy of spa-
tiotemporal predictions. This indicates that STH-SepNet (BERT)
generally outperforms TIMELLM and larger STH-SepNet models
in terms of GPU usage, training speed, and overall performance.
This advantage stems from STH-SepNet’s decoupled processing of
temporal features and its use of average pooling to extract global
trend features (Eq. 7), which reduces GPU resource consumption
and boosts efficiency.

TIMELLM(BERT) TIMELLM(GPT2) STH: STH-SepNet(LLAMA7b)

STH. )

STH. T2) STH-SepNet(GPT3) STH-SepNet(LLAMA8b)

60 804

50
60

40

GPU (/G)
8

204

Time Cost (min/epoch)

BIKE-Inflow/Outflow BJ500 PEMS03 BIKE-Inflow/Outflow BJ500 PEMS03

Figure 5: Comparison of GPU and time complexity.

5 Conclusion

This paper introduces STH-SepNet, a framework for spatio-temporal
prediction that decouples temporal and spatial modeling through
two specialized components: lightweight large language models
for temporal dynamics and adaptive hypergraphs for spatial de-
pendencies. By employing a spatio-temporal decoupling design,
the ability of STH-SepNet to predict spatio-temporal data is sig-
nificantly enhanced. Experimental results demonstrate improved
accuracy across diverse datasets, including traffic networks (e.g.,
PEMSO03, MAE: 21.03 vs. 26.84 for non-LLM variants) and urban
mobility systems (e.g., BIKE-Outflow, MAE: 5.33 vs. 6.74 for LLM
baselines). The adaptive hypergraph structure dynamically adjusts
to spatial distribution shifts, such as policy-driven traffic pattern
changes or sudden disruptions, enabling robust predictions in dy-
namic environments. The improved performance is attributed to the
decoupled architecture, which allows temporal and spatial modules
to focus on distinct patterns without mutual interference. Adap-
tive hypergraphs address the limitations of static graph structures
by modeling higher-order interactions and real-time spatial drift,
while lightweight LLMs efficiently capture temporal trends. This
design is shown to generalize across datasets with varying scales
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and dynamics, as evidenced by consistent results in both small-scale
(e.g., BIKE) and large-scale (e.g., METR-LA) scenarios.

Limitations and future work. While STH-SepNet demon-
strates strong performance, its current design has limitations. The
framework assumes temporal and spatial dependencies can be
cleanly decoupled, which may not hold in scenarios where these di-
mensions are intrinsically intertwined (e.g., rapidly evolving events
with coupled spatio-temporal causality). Additionally, the adaptive
hypergraph’s reliance on real-time node feature updates could pose
challenges in latency-critical applications, where computational
overhead for dynamic hyperedge generation might limit respon-
siveness. In future work, we will tackle these constraints by delving
into hybrid architectures that strike a balance between decoupling
and controlled interaction mechanisms.
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A Hypergraph Theory

DEFINITION A.1. (Hyperedge) Given a high-order graph H =
(V,E), a hyperedge e € E is a non-empty subset of V. For each e € E,
e+ 0,ande = (Uil,viz,,..,oik),vij eV [14].

DEFINITION A.2. (k-uniform Hyperedge) If a hyperedge e € E
contains exactly k vertices, then it is called a k-uniform hyperedge [14].
Formally, for each e € E, |e| = k.

DEFINITION A.3. (k-hops neighborhoods) Given a node v;, its
k-hops neighborhood Ny (v;) comprises all nodes that can be reached
fromv; via at most k edges from v; .

Proof for Theorem. 1. The theorem will be proved by showing
both directions of the equivalence.

(1) Sufficiency (=): Assume w € Nj_1(v), we need to show
that there exists a k-order hyperedge e € Hzlf such that w € e and
e contains v, w, and most k — 2 intermediate nodes. By the local
connectivity condition, there exists a path from v to w using at
most k—1 hyperedges. Let this path be represented by the sequence
of hyperedges ey, ey, . . ., ex_1. Since each hyperedge can connect



STH-SepNet

more than two nodes, we can construct a k-order hyperedge e that
includes v and w along with at most k — 2 intermediate nodes. This
satisfies the hyperedge coverage condition. If there are multiple
such hyperedges, the uniqueness condition ensures that they share
the same set of intermediate nodes, thus ensuring consistency.

(2) Necessity (<): Assume there exists a k-order hyperedge
e € Hzlf such that w € e and e contains v, w, and at most k —
2 intermediate nodes. We need to show that w € Ni_;(v). By
definition, the hyperedge e connects v and w through at most k — 2
intermediate nodes. This implies that there is a path from o to
w consisting of at most k — 1 hyperedges (since the hyperedge
itself can be considered as part of the path). Thus, w is within the
(k — 1)-hops neighborhood of v, satisfying the local connectivity
condition. The hyperedge coverage condition is directly satisfied
by the existence of e, and the uniqueness condition ensures that no
other hyperedges contradict this structure.
We supplement the pseudocode for the hypergraph generation
process in Algorithm A.1 as follows.

Algorithm A.1 Hyperedge Construction

Require: Batch data [B, L, N, F], high-order parameter k

Ensure: Constructed hyperedges and spatial interaction results
1: Initialize hyperedges set: hyperedges = 0
2: for each node in V(|V| = N) do

3 Find k nearest neighbors using KNN

4 Construct dynamic k-order hyperedge

5 Add the hyperedge to hyperedges

6: end for

7. Construct adaptive hypergraph based on hyperedges‘ set

Table B.1: Comparison of parameter sizes and dimensions
across large language models

Model Parameters LLM Dimension
BERT ! 110M 768
GPT-2?2 124M 768
GPT-33 7580M 4096
LLAMA-1B * 1230M 2048
LLAMA-7B° 6740M 4096
LLAMA-8B © 8000M 4096
DeepSeek-Qwen1.5B 7 1500M 1536

B Experiment Settings and Results
Detials of datasets description are as follows:

o BIKE-Inflow/Outflow: The dataset captures bicycle demand
across 295 traffic nodes in New York, recorded hourly. The
dataset spans from 2023-01-01 00:00 to 2024-01-01 23:00.

!https://huggingface.co/google-bert/bert-base-uncased
Zhttps://huggingface.co/openai-community/gpt2
3https://huggingface.co/TurkuNLP/gpt3-finnish-large
“https://huggingface.co/meta-llama/Llama-3.2-1B
Shttps://huggingface.co/huggyllama/llama-7b
Shttps://huggingface.co/meta-llama/Llama-3.1-8B-Instruct
"https://huggingface.co/deepseek-ai/DeepSeek-R1-Distill-Qwen-1.5B

177

KDD ’25, August 3-7, 2025, Toronto, ON, Canada.

e PEMSO03 dataset: The dataset contains traffic speed data from
358 stations in the California Highway System, with a 5-
minute interval. The time range covers weekdays from 2008-
01-01 00:00 to 2008-03-31 23:55:00.

e BJ500: The dataset consists of traffic speed information from
500 stations in the Beijing Highway System, also at 5-minute
intervals. The dataset covers weekdays from 2020-07-01
00:00:00 2020-07-31 23:55:00.

e METR-LA: The dataset from the Los Angeles Metropolitan
Transportation Authority contains average traffic speed mea-
sured by 207 loop detectors on the highways of Los Angeles
County ranging from Mar 2012 to Jun 2012.

Details of large language models is displayed in Table B.1. Prefix
prompts on the PEMS03 dataset are designed as follows:

[Dataset Description] Pems03 Traffic dataset: The data consists
of 358 selected stop data distributed in the California Highway
System (CalTrans). The data set time interval is a time interval
of 5 minutes. The time range is in 2008-01-01 00:00:00 2008-03-31
23:55:00 weekdays of 358 stations traffic speed information, data
shows a strong periodicity. The input consists of adjacency matrix
and timing feature matrix. The adjacency matrix is a new matrix
with similar traffic flow patterns by analyzing the characteristics of
existing spatio-temporal traffic data, and the characteristic matrix
is the time series characteristic matrix of each sensor node.

[Task Instruction] Forecast the next L steps given the previous
H steps.

[Statistical Information] The timestamp information is format-
ted as [month, day, hour, minutes]. The input time begins from
(start time) to (end time), and the prediction time spans from
(start prediction time) to (end prediction time). The minimum value
is {(min value), the maximum value is (max value), and the median
value is (median value). The trend of the input is either upward or
downward. The top 5 lags are (lag values).

C Ablation Experiment Results

Ablation Study (RQ3 and RQ4). We compare two model vari-
ants: one without large language models (LLMs) — referred to as
STH-SepNet-w/o — which retains only the adaptive hypergraph
and linear temporal layers, and another full framework — denoted
as STH-SepNet (XXX)-w/i — equipped with various LLM back-
bones, including BERT, GPT, LLAMA, and Deepseek. As shown in
Table C.1 On the PEMS03 dataset, which exhibits dynamic traffic
patterns, the exclusion of LLMs results in significantly higher errors
(MAE: 26.84, RMSE: 43.44) compared to the full model with a BERT
backbone (MAE: 21.03, RMSE: 34.17), corresponding to increases of
21.7% and 21.3%, respectively. Similarly, on the BJ500 dataset, the
BERT-equipped variant (MAE: 5.58) outperforms STH-SepNet-w/o
(MAE: 6.24) , underscoring the LLM’s ability to enhance the perfor-
mance of traffic data prediction. The results demonstrate the two
key findings that LLMs facilitate spatio-temporal prediction and
superior performance of our framework.

Ablation Study for Gating Mechanism. We evaluate three
fusion mechanisms across five datasets. Figure. C.1 displays our
proposed adaptive gating mechanism achieves superior prediction
accuracy (MAE/RMSE) on all benchmarks. Notably, the adaptive
gating exhibits particularly significant performance advantages in
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Table C.1: Performance comparison. Multivariate prediction results for different LLMs with a prediction horizon of 48 time
steps and a fixed backtracking window of T=48. Bolded results indicate the best performance.

Model BIKE-Inflow BIKE-Outflow PEMS03 BJ500 METR-LA
MAE  RMSE MAE  RMSE  MAE RMSE MAE RMSE  MAE RMSE
STH-SepNet-w/o (LLMs) 5.47 14.01 5.83 15.17 26.84 43.44 6.24 10.81 10.31 18.26
STH-SepNet (BERT)-w/i 5.18 14.40 5.33 14.23 21.03 34.17 5.58 9.77 9.42 16.41
STH-SepNet (GPT2)-w/i 535 14.71 531 14.24 21.43 35.01 5.88 9.69 9.57 16.64
STH-SepNet (GPT3)-w/i 5.36 14.78 5.24 14.16 21.13 34.69 5.83 9.92 9.56 16.77
STH-SepNet (LLAMA1B)-w/i 5.36 14.80 5.29 14.20 2137 34.92 6.03 10.08 9.64 16.84
STH-SepNet (LLAMA7B)-w/i 5.18 14.24 5.34 14.31 21.52 35.27 5.73 9.58 9.72 16.90
STH-SepNet (LLAMASB)-w/i 5.30 14.66 5.28 14.20 21.51 35.19 5.80 9.65 9.71 16.94
STH-SepNet (DeepSeek-Qwen1.5B)-w/i 5.25 14.48 5.27 14.19 21.39 34.96 5.91 9.94 9.65 16.89

complex traffic scenarios like METR-LA and BJ500 (17.7%-45.6%
MAE reduction), compared to cross-attention and LSTM-based gat-
ing mechanisms. Further analysis reveals distinct characteristics
of alternative approaches: While cross-attention gating achieves
suboptimal performance on PEMS03, its global attention computa-
tion introduces redundant feature interactions and demonstrates
vulnerability to noise under sparse data conditions. The LSTM-
based gating shows moderate temporal modeling capability in BIKE-
Outflow prediction but fails to effectively capture the dynamic evo-
lution of spatial features. The superiority of adaptive gating stems
from its learnable weighting parameters that dynamically balance
spatiotemporal feature contributions: 1) abrupt speed changes in
METR-LA datasets, 2) tidal flow patterns in BIKE datasets.

LSTM Gate

Adaptive Gate(Ours) Attention Gate

50 60
50

40

MAE
RMSE

BIKE-nflow BIKE-Outflow ~ BJS0D  PEMSO3  METR-LA BIKE-Inflow BIKE-Outflow ~ BJS00  PEMS03  METR-LA

Figure C.1: Ablation studies: comparison of the three fusion
mechanisms on various datasets. (LLMs:BERT).

Effective Order of Adaptive Hypergraph. Table C.2 illus-
trates that as the order of the adaptive hypergraph increases, the
RMSE error of the model initially decreases and then increases.
Specifically, on the Bike-Outflow and PEMS03 datasets, when k = 3,
the STH-SepNet model achieves the smallest MSE values. This find-
ing indicates that an appropriately chosen hypergraph order can
significantly boost spatio-temporal prediction performance.

Ablation Study for Different Modules. We conduct abla-
tion studies on the STH-SepNet model, which incorporates spatio-
temporal modules, static graphs, LLMs, adaptive graphs, and hy-
pergraph modules. Figure. C.2 shows that the fully equipped model
integrates the adaptive hypergraph module, the spatiotemporal
module, and BERT as the language model module, demonstrates

Table C.2: Analysis of effective order k € {2,3,4,5} on adaptive
hypergraph. Performance metric (RMSE). (LLMs:BERT).

Dataset 2 3 4 5
BERT 13.36 14.23 14.89 1537
GPT2 14.48 14.24 1529  15.58

BIKE-Outflow 1) \MAIB 1480 1420 1554 1619

DeepSeek1.5B 14.55 14.19 1546  16.05
BERT 34.52 34.17 35.81 37.84
GPT2 35.78 35.01 36.22 37.74

LLAMA1B 35.87 34.92 37.16  39.07

DeepSeek1.5B 35.47 34.96 38.03 39.27

PEMS03

the most significant improvement in the two key performance met-
rics of MAE and RMSE. From a spatial perspective, the model with
the adaptive hypergraph module (w/i) achieves remarkable perfor-
mance on most datasets, though slightly inferior to the complete
model. In contrast, when the adaptive hypergraph module is re-
moved and only the static graph module is retained (w/o-static),
there is a marked increase in MAE and RMSE for tasks such as
BIKE-Inflow and BIKE-Outflow. For instance, in the BIKE-Inflow
task, the MAE reaches 5.38, and the RMSE soars to 15.01. This indi-
cates that the static graph struggles to adequately depict dynamic
and complex spatial associations, thereby reducing the model’s
performance and reflecting the irreplaceable nature of the adaptive
hypergraph module in learning dynamic spatial structures.
LLM-Module(w/o)

Adaptive Hypergraph Module(w’i) Adaptive Hypergraph Module(w/o) -static

Spatio-Module(w/o) Temporal-Module (w/o)

40 50

30

MAE

20

RMSE

BIKE-Inflow BIKE-Outflow  BJ500 PEMSO3  METR-LA BIKE-nflow BIKE-Outflow  BJ500 PEMS03  METR-LA

Figure C.2: Ablation studies: spatio, temporal, static graph,
LLMs, adaptive graph and hypergraph module. (LLMs:BERT).
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