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Figure 1: LSTM flow diagram. Note that h0 and c0 are initialised to zero. Loops and recursions are explicitly
avoided for clarity.

Backpropagation derivations of convolutional LSTMs introduced in Stollenga et al. (2015); Xingjian
et al. (2015); Patraucean et al. (2015); Romera-Paredes & Torr (2015)

1 CONVOLUTIONAL LSTM

it = σ(xt ∗ wxi + ht−1 ∗ whi + wibias)

ft = σ(xt ∗ wxf + ht−1 ∗ whf + wfbias)

c̃t = tanh(xt ∗ wxc̃ + ht−1 ∗ whc̃ + wc̃bias)

ot = σ(xt ∗ wxo + ht−1 ∗ who + wobias)

ct = c̃t � it + ct−1 � ft
ht = ot � tanh(ct)
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1.1 GIVEN: δht, FIND δot AND δct
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1.2 GIVEN: δct, FIND δit, δft, δc̃t, δct−1 AND δht−1
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1.3 GIVEN: δot, FIND δwxo, δwho AND δwobias
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1.4 GIVEN: δit, FIND δwxi , δwhi AND δwibias
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1.5 GIVEN: δft, FIND δwxf , δwhf AND δwfbias
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1.6 GIVEN: δc̃t, FIND δwxc̃ , δwhc̃ AND δwc̃bias
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	Convolutional LSTM
	Given: ht, find ot and ct
	Eot
	Ect

	Given: ct, find it, ft, "707Ect, ct-1 and ht-1
	Eit
	Eft
	E"707Ect
	Ect-1
	Eht-1

	Given: ot, find wxo, who and wobias
	Ewxo
	Ewho
	Ewobias

	Given: it, find wxi, whi and wibias
	Ewxi
	Ewhi
	Ewibias

	Given: ft, find wxf, whf and wfbias
	Ewxf
	Ewhf
	Ewfbias

	Given: "707Ect, find wx"707Ec, wh"707Ec and w"707Ecbias
	Ewx"707Ec
	Ewh"707Ec
	Ew"707Ecbias



