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1 Kaiming Initialization
Consider the neural network with ReLU activation:

f(x,W (0), ...,W (H−1), b(0), ..., b(H−1)) = W (H−1)σ(W (H−2)...σ(W (0)x+ b(0))...+ b(H−2)) + b(H−1)

where x ∈ Rd0 , b(h) ∈ Rdh+1 and W (h) ∈ Rdh+1×dh . Let x(0) = x, and for h ∈ {0, ..., H − 1},
z(h) = W (h)x(h) + b(h) ∈ Rdh+1 and x(h+1) = σ(z(h)).

Kaiming Initialization [1] For any h ∈ {0, ..., H1}, initialize b(h) = 0 and W
(h)
ij ∼ N (0, 2

dh
) for

i ∈ [dh+1] and j ∈ [dh].

We can show that under Kaiming initialization, the variance of each layer stays the same.

Proposition 1.1. For any h ∈ {1, ..., H − 1}, i ∈ [dh+1] and j ∈ [dh], Var(z
(h)
i ) = Var(z

(h−1)
j )

Proof. For W
(h)
ij ∼ N (0, 2

dh
), E[W (h)

ij ] = 0. Then, for z(h) = W (h)x(h), E[z(h)] = 0. Since

z
(h)
i =

∑dh
j′=1 W

(h)
ij′ x

(h)
j′ , the variance of z(h)i is given by

Var(z
(h)
i ) = dh ·Var(W

(h)
ij x

(h)
j )

= dh ·
(
Var(W

(h)
ij ) ·Var(x

(h)
j ) + (EW (h)

ij )2Var(x
(h)
j ) +Var(W

(h)
ij ) · (Ex(h)

j )2
)

= dh ·Var(W
(h)
ij ) · E[(x(h)

j )2].

The first steps follows from W
(h)
ij x

(h)
j for j ∈ [dh] are i.i.d. The second and the third step follow

1



from E[W (h)
ij ] = 0 and W

(h)
ij and x

(h)
j are independent. Next, we can compute E[(x(h)

j )]2,

E[(x(h)
j )]2 =

∫ ∞

−∞
(x

(h)
j )2Px(x

(h)
j )dx

(h)
j

=

∫ ∞

−∞
(max{0, z(h−1)

j })2Px(z
(h−1)
j )dz

(h−1)
j

=

∫ ∞

0

(z
(h−1)
j )2Pz(z

(h−1)
j )dz

(h−1)
j

=
1

2

∫ ∞

−∞
(z

(h−1)
j )2Pz(z

(h−1)
j )dz

(h−1)
j

=
1

2
Var(z

(h−1)
j ),

where Px(·) and Pz(·) are the density functions of x(h)
j and z

(h−1)
j . The fourth equation follows

from the symmetry of the distribution. Then,

Var(z
(h)
i ) = dh ·Var(W

(h)
ij ) · E[(x(h)

j )2]

= dh ·Var(W
(h)
ij ) · 1

2
Var(z

(h−1)
j ).

Since Var(W
(h)
ij ) = 2

dh
, Var(z

(h)
i ) = dh · 2

dh
· 1
2
·Var(z

(h−1)
j ) = Var(z

(h−1)
j ).
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