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MOTIVATION I 2 . Proposed design of SDMA Attention Block
. . . _ : >(\/ i ! (Saliency-Driven Mutual Attention) :
" Multi-variate time series (MVTS) records & : i :

multiple attributes simultaneously

INTRODUCTION

__________________________________________

____________________________________

= Recorded series maybe contaminated with
noisy in information

CHALLENGES
" Separating noise is a difficult process

Saliency or
= Can we generate a noise-free input modality LSTM
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MUTUAL CROSS ATTENTION MULTI-LAYER CONFIGURATIONS
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e Skip connections prevent vanishing gradient is sparse saliency series

CONCLUSION AND FUTURE WORK

" Architecture: Multi-Layer Type 2 CONCLUSION

n PERFORMANCE EVALUATION

* [ntelligently extracts saliency series to highlight relevant information

= Saliency Type: Without-Cut
* Novel mutually attention combines input and saliency series
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“Can we highlight the relevant and suppress the irrelevant information?”
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