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Motivation

SALIENCY-DRIVEN MUTUAL CROSS ATTENTION

* |oT systems record multiple attributes for time

* Time series may contain noisy data
* Potentially deteriorating the model accuracy

Image: CMU Motion Capture Dataset, 2015: http://mocap.cs.cmu.edu/marker_images/
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Challenges

SALIENCY-DRIVEN MUTUAL CROSS ATTENTION

* How do we identify salient information;
separating the noise?

e Can we generate a complementary input
modality (saliency)?
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Problem Statement

OOOOOOOOOOOOOOOOOOOOOO

Can we HIGHLIGHT the
RELEVANT and SUPPRESS
the IRRELEVANT
information?
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The Conventional Way

Finding important information through an “attention” block [1]

Data Branch
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Attention Module Attention Module Attention Module

[1] Bahdanau, D et al, "Neural Machine Translation by Jointly Learning to Align and Translate." ICLR 2015
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The Cross-Attention Way

Finding important information through secondary modality: “cross attention” block [1]

Cross Attention Module Cross Attention Module Cross Attention Module
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Secondary modality may itself have noisy information

[1] Mohla et al., “FusAtNet: Dual Attention based Multi-Model Fusion Network™ CVPR Workshops 2020.
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The SDMA Framework

SDMA is a two-step framework: Saliency Extraction and Mutual Cross Attention

______________________________________________________

Series

Pre-Processing '

Saliency
Series
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Saliency Series Extraction Mutual Cross Attention

Secondary modality is not always available
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Saliency Series Extraction

Highlighting the relevant information and suppressing the irrelevant
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Individual Uni- Temporal Event
Variate Time Series Extraction [1]

[1] Candan, K. Selguk, et al. "sDTW: Computing DTW Distances using Locally Relevant Constraints based on Salient Feature Alignments." VLDB 2012
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Temporal Event Extraction

Extracting robust multi-scale saliency temporal subsequences [1,2]
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Eliminating noisy information

[1] Lowe, David “Distinctive Image Features from Scale-Invariant Keypoints” IJCV 2004.

[2] Candan, K. Selcuk, et al. "sDTW: Computing DTW Distances using Locally Relevant Constraints based on Salient Feature Alignments." VLDB 2012
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Input Saliency Extraction

Transforming temporal event in saliency series

_______________________
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Fit a Gaussian curve Weigh it with the
centered at the average of the values
event location in the event scope

Temporal Events
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Single Layer Configuration

MUTUAL CROSS ATTENTION

multiply

Input Data

LSTM
Layers

‘M Output

multiply Layer
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Saliency Data

Saliency series provides a rough approximation of key information of interest
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Multi Layer Configuration (Typel)

MUTUAL CROSS ATTENTION

Inpu’r Data

Sollency Data
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Multi Layer Configuration (Type2)

MUTUAL CROSS ATTENTION

X
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Saliency Data
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Experimental Evaluation

* Architectures considered:
 Single Layer, Multi Layer (Type 1, Type 2)

e Datasets considered:
* MOCAP, AUSLAN, SML

e State-of-the-art considered:
e Self, DSTP, FusAtNet, SDCA (Naive Cross Attn Version)

[Self] Luong et al., “Effectives Approaches to Attention-based Neural Machine Translation”, EMNLP 2015

[DSTP] Liu et al., “A Dual-Stage Two-phase Attention-based Recurrent Neural Network for Long-Term and Multi-Variate Time Series Prediction”, Expert Systems and Applications2020
[FusAtNet] Mohla et al., “FusAtNet: Dual Attention based Multi-Model Fusion Network” CVYPR Workshops 2020.

[SDCA] Self Implementation of Naive Cross Attention
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Classification Accuracy (AUSLAN, Type 2)
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[Self] Luong et al., “Effectives Approaches to Attention-based Neural Machine Translation”, EMNLP 2015

[DSTP] Liu et al., “A Dual-Stage Two-phase Attention-based Recurrent Neural Network for Long-Term and Multi-Variate Time Series Prediction”, Expert Systems and Applications 2020
[FusAtNet] Mohla et al., “FusAtNet: Dual Attention based Multi-Model Fusion Network” CVYPR Workshops 2020.

[SDCA] Self Implementation of Naive Cross Attention
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Conclusion

* Intelligently extracts saliency series to highlight relevant information

* Novel mutual cross attention combines input and saliency series
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