
Introduction Feedforward NN (review) Recurrent NN LSTM Example Summary

Long short-term memory (LSTM) networks
for the analysis of time series

(CIV6540 - Probabilistic Machine Learning for Civil Engineers)

Professor: James-A. Goulet
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Feedforward NN Representation

x : Input layer

a(l) : Activation
units

z(l) : Hidden units

z(O) : Output layer

θ : parameters
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Example - Modelling the displacement of a dam
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Recurrent neural networks
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LSTM architecture

LSTM network
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The key behind the LSTM is the cell state (memory)
ct = [c1, c2, · · · , cC]ᵀt ∈ RC
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LSTM architecture

The LSTM cell
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LSTM gates: forget irrelevant past information from ct−1,
write new relevant information in ct ,

and rely on a subset of ct to make predictions ht
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LSTM gates

The forget gate
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Sigmoid tanh ReLU

ct−1 = [c1, c2, · · · , cC]ᵀt−1∈ RC

ft = [f1, f2, · · · , fC]ᵀt ∈ (0, 1)C

ft � ct−1 = [c1, 0, · · · , cC]ᵀt

ft = σ(Wf · [ht−1; xt ] + bf )
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LSTM gates

The input and candidate gates
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LSTM gates

The output gate
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ct = [c1, c2, · · · , cC]ᵀt ∈ RC
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ht = ot � tanh(ct)︸ ︷︷ ︸
Attention on a subset of the cell state
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Multi-layer architecture

Multi-layers LSTM network
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Dam & Data

Dam structural health monitoring

Professor: J-A. Goulet Polytechnique Montréal
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Dam & Data

Dam structural health monitoring
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Dam & Data

Data – Pendulum (∼ 1 datapoint /1.5week)
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Long short-term memory (LSTM) networks | V2.2 | Probabilistic Machine Learning for Civil Engineers 13 / 23

[ICOLD-BW2022]



Introduction Feedforward NN (review) Recurrent NN LSTM Example Summary

Dam & Data

Data – Reservoir level
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Dam & Data

Data – Temperature
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Dam & Data

Relationships between datasets
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Dam & Data

Compare the predictive capacity of LSTM and BDLM
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LSTM model

LSTM architecture with teacher forcing
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Two sources of uncertainty:

I Parameters (θ)

θ = N (θ;µθ,Σθ)

I Prediction error (w)

y = z(O) + w
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Comparison of LSTM & BDLM

Comparison of LSTM & BDLM – CB2
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Comparison of LSTM & BDLM

Comparison of LSTM & BDLM – CB3
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BDLM – Model interpretability

CB2 – BDLM’s model structure & interpretation

W
L-N

L

CB-KR
CB-AR

TB-M
A7

W
L(
LT

)-N
L

TB-M
A14

TB-M
A10

0.2

0.4

0.6

0.8

1

R
el

at
iv

e
co

nt
ri

bu
ti

on

W
L-N

L

CB-KR
CB-AR

TB-M
A7

W
L(
LT

)-N
L

TB-M
A14

TB-M
A10

0.2

0.4

0.6

0.8

1

R
el

at
iv

e
co

nt
ri

bu
ti

on

W
L-N

L

CB-KR
CB-AR

TB-M
A7

W
L(
LT

)-N
L

TB-M
A14

TB-M
A10

0.2

0.4

0.6

0.8

1

R
el

at
iv

e
co

nt
ri

bu
ti

on

W
L-N

L

CB-KR
CB-AR

TB-M
A7

W
L(
LT

)-N
L

TB-M
A14

TB-M
A10

0.2

0.4

0.6

0.8

1

R
el

at
iv

e
co

nt
ri

bu
ti

on

W
L-N

L

CB-KR
CB-AR

TB-M
A7

W
L(
LT

)-N
L

TB-M
A14

TB-M
A10

0.2

0.4

0.6

0.8

1

R
el

at
iv

e
co

nt
ri

bu
ti

on

W
L-N

L

CB-KR
CB-AR

TB-M
A7

W
L(
LT

)-N
L

TB-M
A14

TB-M
A10

0.2

0.4

0.6

0.8

1

R
el

at
iv

e
co

nt
ri

bu
ti

on

−20 −10 0 10 20 30

0

10

20

Water level sub-component value [m]

C
B

2
di

sp
la

ce
m

en
t

[m
m

] g(xWL) - Raw data

−20 −10 0 10 20 30

0

10

20

Water level sub-component value [m]

C
B
2
d
is
p
la
ce
m
en
t
[m

m
]

g(xWL) - Raw data

g(xLTWL) - Long term

Jan. Jul. Dec.

−10

0

10

x
K
R
[C

B
2
]

00-01 03-04 06-07 09-10 12-12
−20

0
20

Time [YY-MM]

W
L

Mean-centered data
00-01 01-05 02-10 04-02 05-07 06-11 08-04 09-08 10-12 12-05

−8

0

8

Time [YY-MM]

x
A
R
[C
B
2
]

00-01 01-05 02-10 04-02 05-07 06-11 08-04 09-08 10-12 12-05
−10

0

10

Time [YY-MM]

T
B

-M
A

7

00-01 03-04 06-07 09-10 12-12
−20

0
20

Time [YY-MM]

W
L

Mean-centered data xLT

Professor: J-A. Goulet Polytechnique Montréal
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Pros. and cons.

LSTM v.s. BDLM...

BDLM

I Good accuracy

I Uncertainties

I Non-stationary data

I Interpretable

I Manual setup

LSTM

I Good accuracy

I Uncertainties ∗

I Stationary data

I Poor interpretability

I Black-box setup

Deka, Vuong, Goulet, Côté and Miquel, (2022). Dam Behaviour Prediction Using an Ensemble of
Bayesian Dynamic Linear Model and Bayesian LSTM Networks, ICOLD workshop
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Summary
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Cell states
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xtInput
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htHidden states

ft it
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ct = [c1, c2, · · · , cC]ᵀt ∈ RC

ht = [h1, h2, · · · , hC]ᵀt ∈ (−1, 1)C

ft : Forget gate ∈ (0, 1)C

It : Input gate ∈ (0, 1)C

c̃t : Candidate values ∈ (−1, 1)C

ct = ft � ct−1︸ ︷︷ ︸
forget

+ it � c̃t︸ ︷︷ ︸
write

ot : Output gate ∈ (0, 1)C

ht = ot � tanh(ct)︸ ︷︷ ︸
Attention on a subset of the cell state
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