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Feedforward NN Representation
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Recurrent neural networks

t=20

) ® -

2(1)

Vanishing gradient for long-term dependencies:

5
M) (N
£/ &

N

® €

Q

Q)

2
— — 0

Professor: J-A. Goulet ® Polytechnique Montréal

Long short-term memory (LSTM) networks | V2.2 | Probabilistic Machine Learning for Civil Engineers



Introduction eedfo eview) Recurrent NN Example Summar

LSTM architecture

LSTM network
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The key behind the LSTM is the cell state (memory)
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LSTM architecture

The LSTM cell

Hidden states
Cell states Cell states
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LSTM gates: forget irrelevant past information from ¢;_1,
write new relevant information in ¢;,
and rely on a subset of ¢; to make predictions h;

[Adapted from J. Leon, Beerware|
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The forget gate
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LSTM gates

The input and candidate gates
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Recurrent NN

The output gate
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Attention on a subset of the cell state
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Multi-layer architecture
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Dam & Data

Relationships between datasets
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Compare the predictive capacity of LSTM and BDLM
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Introduction

LSTM model

We use TAGI instead of backprop to
train the model...
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Comparison of LSTM & BDLM

Comparison of LSTM & BDLM - CB2
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Comparison of LSTM & BDLM
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CB2 — BDLM's model structure & interpretation
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Pros. and cons.

LSTM v.s. BDLM...

BDLM LSTM
» Good accuracy A » Good accuracy A
» Uncertainties A » Uncertainties A*
» Non-stationary data A » Stationary data A
P Interpretable A » Poor interpretability A
» Manual setup A » Black-box setup A

Deka, Vuong, Goulet, Cété and Miquel, (2022). Dam Behaviour Prediction Using an Ensemble of
Bayesian Dynamic Linear Model and Bayesian LSTM Networks, |ICOLD workshop
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