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RNN

hcat
t−1 = [xt, ht−1]

at = Whhcat
t−1 + bh

ht = φ(at)

yt = ϕ(Wyht + by)
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tRNN

hcat
t−1,p ∝

{
Wxxt + bx if p = 1
ht−1,p−1 otherwise

At = Hcat
t−1 ~ {Wh, bh}

Gt = φ(At)

yt = ϕ(Wyht+L−1,P + by)
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tRNN

at,p,m =
K∑

k=1

(
M∑

i=1

Wk,m,iht−1,p− K−1
2 +k,i

)
+ bh

m

• The tRNN can be widened by increasing the tensor size P, whilst the parameter
number remains fixed.

• Unlike the sRNN of runtime complexity O(TL), tRNN breaks down the runtime
complexity to O(T + L).
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tLSTM

[Ag
t ,A

i
t,A

f
t ,A

o
t ] = Hcat

t−1 ~ {Wh, bh}
[Gt, It,Ft,Ot] = [φ(Ag

t ), σ(A
i
t), σ(A

f
t ), σ(A

o
t )]

Ct = Gt } It + Ct−1 } Ft

Ht = φ(Ct)} Ot
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