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Architecture Overview
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Each observation s; is represented as a tuple (t;,z, m;)

S = {(0.5,60, 1), (1.5,65,1), (0.5,80,2), (1.7,85,2), (3, 87,2)}
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where h: Q@ — R% and g: RY — R are neural networks

Problem
Influence of an element shrinks as |S| grows!

1Zaheer et al,, NeurIPS 2017
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Experimental setup

Datasets

- Two mortality prediction tasks - MIMIC-IIl (M3-Mortality) and Physionet 2012
(P-Mortality)

- Sepsis early recognition task - Physionet 2019 Challenge

Comparison partners
- PHASED-LSTM — Neil et al., NeurlPS 2017
- TRANSFORMER — Vaswani et al., NeurlPS 2017
- GRU-SIMPLE & GRU-D - Che et al., Scientific reports 2018
- IP-NETS - Shukla & Marlin, ICLR 2019



Results - Performance Runtime
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Results - Sepsis Early Prediction

Model B-Accuracy AUPRC  Uporm  S/epoch
GRU-D 5115 5.82 0.02121 190.41
GRU-SIMPLE 50.69 6.97 0.01309 9290
IP-NETS 78.02 3760 051327 23292
PHASED-LSTM 50.09 6.40  0.00159 110.49
TRANSFORMER 77.84 55.30 0.49974 71.70

SEFT-Attn 74.50 878 034120 62.91




Results - Sepsis Early Prediction

Model B-Accuracy AUPRC  Uporm  S/epoch
GRU-D 5115 5.82  0.02121 190.41
GRU-SIMPLE 50.69 6.97 0.01309 9290
IP-NETS 78.02 3760  0.51327 232.92
PHASED-LSTM 50.09 6.40  0.00159 110.49
TRANSFORMER 77.84 5530 0.49974 71.70
SEFT-Attn 74.50 878 034120 62.91

Possible Leakage of Future Information
IP-NETS Through unmasked interpolation
TRANSFORMER Through layer normalization



Results - Interpretability
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Uniquely allows a per-observation quantification of importance
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For further information please check out our paper.
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