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O Static graphs hard to model dynamic spatial changes.

O Only pairwise spatial relations are typically considered. v' STH-SepNet decreases errors by 28.8 % on drifting data and running 23.8 % better than LLM baselines

v Adaptive hypergraphs dynamically reweight to capture sudden spatial drift, outperform massive models
with a lightweight backbone, and consistently excel across architectures via higher-order interactions.

> Method

w/o (LLMs) GPT2-wii LLAMA1B-w/i LLAMASB-w/i TIMELLM(BERT) TIMELLM(GPT2) STH-SepNet(Deepseek) STH-SepNet(LLAMATb) BERT-w/i GPT2-wli LLAMA1B-w/i DeepSeek1.5B-w/i
BERT-wii GPT3-wi LLAMA7B-wii DeepSeek1.5B-wii STH-SepNet(BERT) STH-SepNet(GPT2) STH-SepNet(GPT3) STH-SepNet(LLAMASb) ) BIKE-Outflow 00- PEMS03
Spatio-Temporal Modeling Prediction with LLMs ] -
6.50 - 504 = : 24.00
10.50 g & 5.80
[_ ‘ 6.00 1 25.00 5 40 E E - # 23.00
Time Series| ( | w w w = £ s s
@D — | Patches | % Patch Embedder | 1 P - i £ 550 g < 10.00 gao 3 | 25 B
—mf , : 7 "Atention | & "‘T_T‘ff‘i: Embedings | | R Fooee 5.00 20,001 2 : -
i Worzré-r;r:::dc:ngsJﬂ B rrotoerpes | ‘ g 9.50 £ u 5.20 21,00
i * | [<tx Pre-trained | 1 4.50 10
& | uM R 5.00 . . . , 20,00 . . . .
= P~ . ; ! 4.00 15.00 9.00 ——————— 0 0 2 3 4 5 2 3 4 5
. @ :i ] { i g ST BIKE-Inflow BIKE-Outflow  BJ500 PEMS03 METR-LA BIKE-Inflow/Outflow BJ500 PEMS03 BIKE-Inflow/Outflow BJ500 PEMS03 k k
fitne s 1 Tokenizati 'l:TukEn Emhedder] 2"[:';‘:1;;’:;:  — . . . . . . . . L.
Snnmer || _Js comarasen (1 FEEH 31 A | v’ Lightweight LLMs (BERT,GPT2) achieve competitive performance while maintain stability and efficiency
B e e e R R g —— [ B v' STH-SepNet (BERT) outperforms TIMELLM and larger STH-SepNet in GPU usage, training speed
Ok‘ - jff',“' ‘/(J = _ Adaptive Gate(Ours) Attention Gate LSTM Gate Adaptive Hypergraph Module(w/i) Adaptive Hypergraph Module(w/o) -static LLM-Module(w/o)
b .. | B | = T e T v' Adaptive gate fusion achieves
e o superior MAE/RMSE
Adaptive High-order Spatial Learning Module ‘ Temporal Learning module | ------------------------------- | E 1 % - E ] g 1
== Z | v Adaptive hypergraph module
Framework of SHT-SepNet shows obvious improvements
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