


















































Long Short-Term Memory
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The Goal

 Implementing memory in a neural

network
- Long term: weight changes

- Short term: recent input events

« Why?



Solutions?

 Recurrent Networks
- Back-Propagation Through Time

- Real-Time Recurrent Learning



Problems

 No clear advantages over feed-forward
backprop
 What to put in short-term memory?

e Error Signals

- Vanish (hard to bridge long time lags)
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Long Short-Term Memory

e Enforces constant error flow

« Stores information in memory cells
- What information to store

- When to release information



Network Architecture



Experiments

« Embedded Reber Grammar

* Noise-Free/Noisy Sequence

* Noise and Signal on Same Channel
« Adding Problem

« Multiplication Problem
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Fixing LSTM

 Forget Gates
- Learns when stored information is no longer

necessary

 Experimental results



How it learns

Cell block ¢;’s truncated derivatives are:

Ay (t)
6wlm

P 8netm. t
finj (n6tinﬂ' (t)) 6,wl J( ) Nitp 6injl i’nj (n6tinj (t))ym(t - 1) .

Syt (t) , et o (£)
S — Pty (netout, (1)) =5 =

Bsey(t)  Dsyl(t=1) gy

8w¢m - awlm 8wlm

Rty 6outjl éutj (netoutj (t))ym(t - 1) .
anetc;(t)

6wlm

Im

g (netey () + 4™ (0)g' (netey ()

Bwlm

a'wlm
) Onety(t )

net
awlm e = o4

+
( in;l + Ocy ) Oey i =1) +6mjlwg (netc};(t)) +
(

vzy"” (g

5 5 386; (t bl 1) 5 ; =
(Bonss o 8e31) — "+ iyt fhn, (mting (1)) g (metey () ™ (¢ -
56_17',[ yinj (t) g, (netc? (t)) ym (t - 1) ’ ‘v-a,.--u R . T PR [ s e [ L e

'-h-:,,_ e — 0 B i dge )= 1 el (radeSd — 1]

i Bwim o Z B
L] - dgtinl S 1]

ayout_, (t) ] 83 ( ) ol s -."JI__P'_'"__;_ ¥
50"” i ow Wim ( c;'J (t)) + ( in;l + 66 l) h (ch (t)) 6wlm ¥ (t) . The T bl <o Lo o caigeal amdi &

A ' = F1 w |
! III"-..II".:i b By F-I———' 1 1 .:l fik

To efficiently update the system at time ¢, the only (truncated) derivatives that need t o - e T

8s v(t 1) i = E ¥
at time t — 1 are —— where | = cj or | = in;. Foda il i]l'_}_'_.'a...._"-f$-}_'_:'.. Pl ] T e

8 out; ¢ 83 V(t) f.
L——(—)—h(scy (t)) -+ h’(sc; (t)) c;youtj (t) ~ T b Bor il wrey bt ol commentbons vo o, 18 o Jrhad e o Y g, ol |

il

i i
L .I:'....:-. T PR e |

[ T

| L] LI | o




Learning Rules

e Forward Pass

 Backward Pass and Weight Update
- Output learning, neuron learning, output
gate learning
- Cell learning, forget gate learning, input

gate learning



What does it all mean?

 LSTM Is a unique network architechture
that shows a lot of promise for learning
how to remember things.

e It is quickly growing in popularity, used
successfully in areas of music
composition, speech recognition, protein
structure analysis, and others



