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1 Forward pass

K is the vocabulary size. N is the number of hidden layers. Dn is the number of hidden units at the nth
layer. The input sequence is X ≡ (x1, . . . ,xT ), where each xt ≡ (xt1, . . . , xtK)⊤ is a one-hot vector.

• ι : input gates

• ϕ : forget gates

• η : cells

• ω : output gates

• h : cell outputs

f and g are sigmoid functions.
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where ⊙ is the element-wise product. The superscript n means the n-th layer.
These can be rewritten for d = 1, . . . , Dn separately:
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Word probabilities for each t are obtained as follows:
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These can be rewritten for k = 1, . . . ,K separately:
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2 Negative log likelihood
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3 Backward pass

When f(a) = 1
1+exp(−a) , f

′(a) = f(a)(1− f(a)). When f(a) = tanh(a), f ′(a) = 1− f(a)2.

3.1

∂L(X)

∂ŷt,k
= −
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∂ŷt,k∑K
k=1 exp(ŷt,k)
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3.2 Output errors
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3.3 Output gates
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3.4 States
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3.5 Cells, forget gates, and input gates
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