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Fig. 9.4.7 An RNN with a hidden state.

COMPUTATIONAL ANALYSIS OF EFFICIENT GATED RECURRENT NEURAL  Supervisor: prof. Ing. Igor Farkas, Dr.



Backpropagation through time ©0000000000
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Problems with recurrent neural networks ©0000000000

1. Vanishing and exploding gradient
2. Parallel training
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LSTM and minLSTM 00000000000

LSTM

ht =0;® tanh(ct)

minLSTM

o: = o(Lineary, ([:, ht—1])) hi=fiOhi_1 +i; O hy
ct=fiOe 1 +40¢ + = o(Linearg, (2;))
fi = o(Lineary, ([x¢, hi—1])) = iy = o(Lineary, (x:))

1y = o(Linearg, ([z¢, hy—1])) Fbt = Linearg, (xy)
¢; = tanh(Linearg, ([, hi—1]))
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GRU and min-GRU
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xLSTM

1. Made of two distinct cells
2. sLSTM and mLSTM

¢ = & 1 + ik oz
ne = fp mg1 + i
hy = o4 ﬁta

Zy = (p(ét) 9
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cell state (8)
normalizer state 9)
hidden state  (10)
cell input  (11)
input gate  (12)
forget gate  (13)
output gate  (14)
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xLSTM (ii) 00000000000

C, = §, Ci_1 + 1 v k: cell state (19)
n, = f my 1 + 1 Kk normalizer state (20)
hi = o © hy, hi = C; q /max{(nj s 71} hidden state (21)
q = W,z + b, query input (22)
k; = %Wk xr: + by key input (23)
vy = W, x; + b, value input (24)
i, = exp(i) , = w x + b input gate (25)
f, = a(ﬂ) OR exp (E), f, = wa x: + bf forget gate (26)
o = 0(04) , o, = Wyx; + by output gate (27)

COMPUTATIONAL ANALYSIS OF EFFICIENT GATED RECURRENT NEURAL  Supervisor: prof. Ing. Igor Farkas, Dr.



Thesis goals 00000000000

1. Compare the models
2. Use methods Explainable AI
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Work done on thesis 00000000000

1. Prepared scripts and workflows for mass training
2. Done testing on timeseries datasets
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Zdroje oesccscsssss
https://arxiv.org/pdf/2410.01201

https://www.d2l.ai/index.html

https://mmuratarat.github.io/2019-02-07/bptt-of-rnn

https://arxiv.org/pdf/2312.00752

https://www.researchgate.net/figure/Multi-Layer-Perceptron-MLP-diagram-with-four-hidden-layers-and-a-
collection-of-single_figl 334609713

https://arxiv.org/pdf/2405.04517
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