Why LSTM
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RNN

e s(t) = f(Ws(t—1)+ x(t))
f()--Nonlinearity function; s(t) hidden state(one dimemsion);
X(t) input(one dimension)

If W>1/f"(0), then there will be two attractors where s = f(ws), (s # 0)

Store is accomplished by keeping a large input x.

Larger w, more robustness against noise.



BPTT

e s(t) = FWF(WFWFWs(t—3) +x(t —3)) + x(t —2)) + x(t —
1)) +x(1))

0C;  0C 0s(t—1)0ds(t—2)
dx(t—3) 0ds(t—1)0ds(t—2)dx(t—3)
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LSTM

* The LSTM algorithm overcomes this problem by enforceing non-
decaying error flow “back into time”. (CECs, constant error carrousels)
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