Weight Initialization
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Weight initialization

* Good initialization has a significant effect
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Weight initialization

X * if linear activation
(n neurons) * one layer: variance scaled by

Var|y| = nVar|w|Var[x]

y=Wx

(n" neurons)



Weight initial{ derivatior
Vi = Z Wi;x; . definition
X J

(n neurons)
Var|y;] = Var[z Wijx;]

J
74 Var|y;] =ZVar[Wijxj] * independence
J

Yy = Wx Varly;| = ZVar[Wij] Var[x;] « independence &
(n’ neurons) j Zzero-mean
Var[y] = nVar[w]Var[x] -« identical distributions




Weight initialization

X * if linear activation
(n neurons) * one layer: variance scaled by

Var|y| = nVar|w|Var[x]

* many layers: variance scaled by

y =Wx
(n" neurons) Var|y] = HndVar[wd] Var[x]
d



Variance Scaling: forward
exploding

if ngVar|wy| >1

Var|y]| = ngVar|wy,| Var[x]
1:[ d d

variance
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Variance Scaling: backward
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Xavier initialization: torch.nn.init.xavier normal

forward: §
 Gaussian distribution:
nVar[w] = 1 w~N=00=y1/n)
backward:  Uniform distribution:
w~U(—a,+a),a =+/3/n
n'Var|lw] =1
 Consider forward and backward:
replace n with (n + n")/2




Xavier initialization: torch.nn.init.xavier normal
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Weight initialization: RelLU

= (x) o if activation
(n neurons) * one layer: variance scaled by
W Var|y] = —nVar|w|Var[x]

y=Ww

(n" neurons)



Weight initial{

= (X
(n neurons)

y=Ww

(n" neurons)

.

Vi = z Wi;
J
Varly] = Var[ ) W;; )
J
Var|y;| = z Var[W;;x ]
J

Var|y;] = z Var[W;;]
J

Var|y] = nVar[w] — Var[x]

derivation

~




Weight initialization: RelLU

= (x) o if activation

(n neurons) * one layer: variance scaled by

Var|y] = —nVar|w|Var[x]

* many layers: variance scaled by
y=W
(n’ neurons) Var|y]| = 1_[ ngVar[wy,| Var[x]
d



Kaiming initialization: torch.nn.init.kaiming normal

forward: )
 Gaussian distribution:
nvarfw] = 1 W~ N (= 0,0 =7/
backward: e Uniform distribution:
w~U(—a,+a),a =,6/n
n'Var[w] = 1 N ,
e sufficienttousenorn




Ermror

Kaiming initialization: torch.nn.init.kaiming normal
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Normalization Modules



Normalization Modules

* We want to maintain variance for all layers

* normalize features in the network

variance
A what if we think of
this as a new input?

normalized
input

>

depth (# layers)



Normalization Modules

* We want to maintain variance for all layers

* normalize features in the network
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Normalization Modules

* We want to maintain variance for all layers
* normalize features in the network
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Normalization Modules

* We want to maintain variance for all layers
* normalize features in the network
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Normalization Modules

* We want to maintain variance for all layers
* normalize features in the network
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Normalization Modules

* We want to maintain variance for all layers
* normalize features in the network

variance normalized
A features

>

depth (# layers)



Normalization Modules

* We want to maintain variance for all layers
* normalize features in the network
* train end-to-end by BackProp

variance

>

depth (# layers)




Normalization Modules: Operations |

1. compute E[x] and Var|x] [ Ilnfar ]
2. normalize by E[x] and std[x] /,,/"[ orm ]
3. compensate by a linear transform -~~~ — v 7

P relu,”’
’,” ¢ \ */ J

((,\ x — E[x] ) Imear
x — \ J
. JVar[x] + 3 [ norm ]

2
=ax +b

\[ ) ]/' [ reIu ]




Normalization Modules: Variants

differ in support sets of E[x], Var[x]

BatchNorm LayerNorm LayerNorm InstanceNorm GroupNorm
(in ConvNet) (in Transformer)
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Normalization Modules: Effects

* Enable training models that are otherwise not trainable

* Speed up convergence

* Improve accuracy
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