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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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Multi-scale dilaton Attention-based dynamic adjacency Temporal memory & decoding
Dilated convolution expands receptive Variable embeddings Hi € RN feed a self- Receives both CNN temporal features and
field without adding parameters: attention mechanism: graph-aggregated inter-variable context
—Gating mechanisms capture long-range
y(t) = Zex(t + d-(k=1)) - w(k) A = softmax __ (Q¢K.T / Vd) ) s
row dependencies over the full 18-step window
d = dilation rate; k indexes kernel weights Q: = HWQ, K¢ = H\WK — learnable projections

. —Only the final hidden state is extracted
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