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A Causally Enhanced Spatio-Temporal Graph Prediction
Model for Highly Dynamic Networks

ZHANG Jiachang, HUO Yonghua, ZHANG Libin
(The 54th Research Institute, China Electronics Technology Group Corporation, Shijiazhuang 050081, China)

Abstract: To address the challenge of predicting network link quality in highly dynamic environments, a state-cluste-
ring-guided causal spatio-temporal graph convolutional network architecture, Causal-Clustered STGCN, is proposed, which
makes breakthroughs in key technologies such as time-series state partitioning based on shape similarity, state-specific causal
graph construction, and spatio-temporal feature aggregation under causal constraints, thereby adaptively perceiving network
operation modes and capturing hidden dependencies across physical connections. The core idea is to divide continuous states
into typical patterns via K-shape clustering and to construct the directed, weighted causal graphs based on causal tests within
each state. These causal graphs replace the traditional physical topology as the spatial prior for graph convolution, ensuring
that feature aggregation strictly follows causal pathways. Experiments on the SynthSoM dataset demonstrate that compared
with the optimal baseline model, the proposed model improves the prediction accuracy by 6.7% in standard scenarios and

maintains its advantage in complex scenarios.
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Begin
{1 5+ s pux y <RandomSelect (X, K)

"’CK}%%gﬁ%y{#l s 2 #""#K}%%Ep‘[‘)v

for iter=1 to max_iters do
for i=1 to N do
k" =arg max,S(x,»m)

Co <Cp Ul
Labels[{]=F"
end for

for k=1 to K do

m™ =arg max, 23S (xsp)

end for :

if{ys } == {1 ) then break

else{py p<{ ™}, delete{C, }

end if

end for

End
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Begin

{Cy} s { g } <~KShapeClustering (X, K)

for k=1 to K do

D,<-ExtractStateData(X,C,)

W, <GrangerCausalGraph(D, ,a)

end for

fortintestsequencedo

Xo<X[t—T:ty:y:]

o= argmin, | X —su |

W<Symmetrize(W )

H<X,

for /=1 to L do

Z<ChebConv(H 8, , W)

H<-TCN(2Z)

end for

Y, < Linear( H)

end for

End
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