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d = dilation rate; k indexes kernel weights
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Cross-variable aggregation; Wᵥ ∈ ℝᵈˣᵈₖ

 
Qₜ = HₜWQ, Kₜ = HₜWK — learnable projections

Time Series Multivariate Forecasting

Graph Neural Network  Physiological AI
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Physiological Time Series Prediction
via 

Core idea: Physiological variables exhibit state-dependent, dynamically evolving correlations that static graph architectures
cannot capture. We fuse multi-scale temporal CNN features with a time-varying attention graph conditioned on latent
physiological state, then pass the aggregated representations through an LSTM for multi-step forecasting. Evaluated on
PhysioNet 2012 ICU data, our model achieves state-of-the-art RMSE and superior training stability across 10 independent runs. 
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Attention-based dynamic adjacency
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Dilated convolution expands receptive
field without adding parameters:

1×1conv — projectto higher dim

Depthwise sep. conv d=1 (short-range)
and d=2 (medium-range)
Pointwise fusion + residual +
BatchNorm

1.ICU variables (HR,BP, SpO₂…) are dynamically coupled

2.CNNs & LSTMs ignore inter-variable structure entirely

3.Existing graph methods use fixed adjacency

matrices or global statistics

4.We need a graph that reconstructs itself at every time step

Variable embeddings Hₜ∈ℝᴺˣᵈ feed a self-
attention mechanism:

Receives both CNN temporal features and

graph-aggregated inter-variable context 

→Gating mechanisms capture long-range

dependencies over the full 18-step window

→Only the final hidden state is extracted

→FC head decodes multi-step predictions

 from this single vector

No priorworkconditions variable relationships on
instantaneous latent state for physiological ICU data.

✓ Fully reconstructed at each time step —
no predefined graph structure needed Input: 18 × (N variables)  →  LSTM

 →  FC  →  3-step forecast

y ( t )  =  Σ ₖx ( t  +  d · ( k − 1 ) )  ·  w ( k )

H̃̃ ₜ  =  A ₜ ( H ₜW ᵥ )

A ₜ  =  s o f t m a x     ( Q ₜK ₜ ᵀ  /  √ d ₖ )

Why static graph fail

row

State Graph
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 Dongxun Jiang   ,       Jiyang Wu

1.Explicit dynamic inter-variable graphs outperform static or attention-only baselines on physiological
ICU data.
2.Multi-scale dilated CNN effectively separates temporal feature extraction from relational modeling.
3.LSTM final hidden state provides a compact sequence summary for reliable multi-step decoding.
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