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The Basic Architecture
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Recurrent Neural Networks

= Feed-forward neural network

g =w-h+0b where: | 1= g(WCB —+ b)
|

|
hidden input
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Recurrent Neural Networks

= Feed-forward neural network

Y =w - h-+0b where: 1= g(W.’,B —+ b)
|

|
hidden input

= Recurrent Neural Network

g(t) — w - h(t) + b where: h(t) = g(Wa:(t) 4 Uh(t—l) 4 b)

| |
hidden at t input at t hidden at t-1

The idea is to make the network output depend on the past 'history’
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Recurrent Neural Networks

= Recurrent Neural Network

g(t) — w - h(t) + b where: h(t) = g(W.’L'(t) 4 Uh(t—l) 4 b)

|
hidden at t inputat t hidden at t>1

The idea is to make the network output depend on the past 'history’
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Uh(t—l)
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Recurrent Neural Networks

= Recurrent Neural Network

g(t) — w - h(t) + b where: h(t) — g(W:L'(t) e Uh(t_l) + b)

| |
hidden at t input at t hidden at t-1
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Recurrent Neural Networks

= Recurrent Neural Network

g(t) — W - h(t) + b where: h(t) = Q(W.’L'(t) + Uh(t—l) 4 b)

| | |
hidden at t input at t hidden at t-1

" Computational power of RNNs (Siegelmann & Sontag, 1992)

“RNNs can simulate any Turing machine”
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memory tape

They are much harder to train than FF neural networks
There is no known general method to do this
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Recurrent Neural Networks

= Recurrent Neural Network

g(t) — w - h(t) + b where: h(t) = g(WZL'(t) 4 Uh(t—l) 4 b)

| |
hidden at t input at t hidden at t-1

» Temporal Unfolding output g(?,) —w-h® +p

|
h® = gWz® + UR® +b)
. LB ; !
h? .= gWz® + URWY +b)
2(2) ' !
hY = gWa® + URO® +b)
() * !
R = gWaz'® + UREY +b)
Input sequence aj(o) ! T
default hidden state h(_l) — 0
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Recurrent Neural Networks

= Recurrent Neural Network

70 —w-h® 1y whee RO = g(Wa® + UREY + b)

|
hidden at t input at t hidden at t-1

= Temporal Unfolding

|
This looks very similar -
to a deep feed-forward h(g) - Q(Wwi?)) + Uh(Q) + b)
neural network ... t p(3) |
h? .= gWz® + URWY +b)
(2 ' |
Context window h'(l) — g(WCB(l) -+ Uh(o) + b)
ey * T
R = gWaz'® + UREY +b)
2 * T
Y default hidden state h(_l) — 0
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Recurrent Neural Networks

= Recurrent Neural Network
g(t) — W - h(t) + b where: h(t) = Q(W.’L'(t) + Uh(t—l) 4 b)

* Input-Output Modes
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Recurrent Neural Networks

= Recurrent Neural Network
g(t) — W - h(t) + b where: h(t) = Q(W.’L'(t) + Uh(t—l) 4 b)

* Input-Output Modes

Loss
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Vec2Vec Vec2Seq Seqg2Vec Seq2Sec + delay Seq2Seq

[image adapted from https://karpathy.github.io/2015/05/21/rnn-effectiveness/]
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RNN Applications
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Predictive Maintenance

= Detecting failure conditions from sensor readings

Nominal Condition Before Failure
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Training and Prediction occurs by using a sliding window of sensor readings as input
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Time Series Forecasting

Forecasting time series ahead of time

time

time series

input series

input_length

target series

- J
output_length
J

input_length

[image from https://medium.com/unit8-machine-learning-publication/temporal-convolutional-networks-and-forecasting-5ce1b6e97ce4]
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Time Series Forecasting

Detecting anomalies as differences from forecasted and actual
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[image from https://eng.uber.com/neural-networks/]
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Long-Short Term Memory
(LSTM)
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LSTM Cell

= Long-Short Term Memory (Hochreiter & Schmidhuber, 1995)
7 =w-h® + b
= £ o lt=D 4 40 o c?(:i)
sigmoid function

/
ol == o(W,z'¥ + U,h""Y 1 b,)

O =ocWix® + UhD £ 1)

i) = oWz + U + b))

cgg — tanh(Wca:(t) + UKD 4+ b.)
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LSTM Cell

= Long-Short Term Memory (Hochreiter & Schmidhuber, 1995)
7 =w-h® + b

hY .= oY) © tanh(e®)

c®) = £ @ =1 440 o o)

o'V == o(W,z'¥ + U,h""Y 1 b,)

O =ocWix® + UhD £ 1)

i) = oWz + U + b))
Combined input

¢t .= tanh(Woz® + U.h*V + b,)
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LSTM Cell

= Long-Short Term Memory (Hochreiter & Schmidhuber, 1995)

hY .= oY) © tanh(e®)

) = 7O 5 =D 50 g D)
Gating values

O(t) = O-(Woa:(t) + Uoh(t_l) _|_ bO) OUtpUt

FO = o(Wiz® + URCD 4 bf) forger

’L(t) = O'(WZCL'(t) + U@h(t_l) —+ bz) input

cz(-fl) — tanh(Wca:(t) + UKD 4+ b.)
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LSTM Cell

= Long-Short Term Memory (Hochreiter & Schmidhuber, 1995)

70 = w-h® +b
Applying gates

h®) = 0o @ tanh(c") hidden

C(t) — f(t) ® C(t—l) - ’l,(t) O CSL) memory

o'V == o(W,z'¥ + U,h""Y 1 b,)

_f(t) . O'(me(t) 4 Ufh(t—l) -4 bf) (a:(t),h(f—l))

i) = oWz + U + b))

CEZ) — tanh(Wca:(t) + UKD 4+ b.)
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LSTM Cell

= Long-Short Term Memory (Hochreiter & Schmidhuber, 1995)
g(t) = w - h(t) + b Celloutput

hY .= oY) © tanh(e®)

c®) = £ @ =1 440 o o)

o'V == o(W,z'¥ + U,h""Y 1 b,)

O =ocWix® + UhD £ 1)

i) = oWz + U + b))

CEZ) — tanh(Wca:(t) + UKD 4+ b.)
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LSTM Training
* Temporal Unfolding
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o

LSTM Training

= Stacking and Temporal Unfolding

stacking

temporal unfolding
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GRUV

= Gated Recurrent Unit (Kyunghyun Cho et al., 1995)

Simpler structure, no internal memory

Rt
(exponential moving average)
h® = (1— 2®) @ Bt 4 20 o {0 RO
h) .= tanh(Wyz™™ 4+ U, (r © R7V) 4 b)) L
sigmoid function

o 2
r) = oW,z + U.R"Y +b,)
20 = o(W,z® + U,V 4+ b,) 2 Bt
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GRUV

= Gated Recurrent Unit (Kyunghyun Cho et al., 1995)

Simpler structure, no internal memory

Rt
(exponential moving average)
B0 = (1— 20) o RtD 1 20 o {®) RO
A = tanh(Wy,z'¥) + U, (r®) © D) + by,) @
Gating values

(1)

’f‘(t) = O'(Wriﬂ(t) + Urh(t_l) + br,n) reset

z(t) — O—(sz(t) + Uzh(t_l) + bz) update 2z RE-1)
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