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Where we are
=== Foundational Concepts ===
ü 02 -- Supervised learning refresher
ü 03 -- Shallow networks and their representation capacity
ü 04 -- Deep networks and depth efficiency
ü 05 -- Loss function in terms of maximizing likelihoods
ü 06 – Fitting models with different optimizers
ü 07a – Gradients on deep models and backpropagation
• 07b – Initialization to avoid vanishing and exploding weights & 

gradients
• 08 – Measuring performance, test sets, overfitting and double 

descent
• 09 – Regularization to improve fitting on test sets and unseen data
=== Network Architectures and Applications ===
• 10 – Convolutional Networks
• 11 – Residual Networks
• 12 – Transformers
• Large Language and other Foundational Models
• Generative Models
• Graph Neural Networks
• …



Agenda

• Finish Adam optimizer from lecture 06 – Fitting Models
• Quick tips on how to read a research paper
• Model Initialization



Model Initialization

• The need for weights initialization
• Expectations Refresher
• The He (Kaiming) Initialization



Initialization

• Consider standard building block of NN in terms of pre-activations:

• How do we initialize the biases and weights?
• Equivalent to choosing starting point in our gradient descent searches
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Forward Pass
• Consider standard building block of NN in terms of pre-activations:

• Set all the biases to 0

• Set weights to be normally distributed 
• mean 0 
• variance 𝜎!"

• What will happen as we move through the network if 𝜎!" is very small?
• What will happen as we move through the network if 𝜎!" is very large?
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Backward Pass

• What will happen as we propagate backwards 
through the network if 𝜎!" is very small?

• What will happen as we propagate backwards 
through the network if 𝜎!" is very large?



Initialize weights to different variances

Exploding gradients

Vanishing gradients

100D Input
~ 𝑁(0,1)



How do we initialize weights to keep variance 
stable across layers?



Aim: keep variance same between two layers<latexit sha1_base64="cW4rtVaEv2VIWDQZIFCt2xiZPrE="></latexit>
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Definition of variance:



Agenda

• The need for weights initialization
• Expectations Refresher
• The He (Kaiming) Initialization



Expectations
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Interpretation: what is the average value of g[x] when taking into account the probability of x? 

Consider discrete case and assume uniform probability so calculating g[x] reduces to taking average:  
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Common Expectation Functions



Rules for manipulating expectation
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Agenda

• The need for weights initialization
• Expectations Refresher
• The He (Kaiming) Initialization



Aim: keep variance same between two layers
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Now let’s prove:
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Keeping in mind:

<latexit sha1_base64="LCHtaEnOu97cFGH+XlOZpvFfOUw="></latexit>

E[x] = µ



<latexit sha1_base64="9xk9LeHDNNCaEfnqE3fWnwTqmjE="></latexit>

E[(x� µ2)] = E[x2 � 2xµ+ µ2]

= E[x2]� E[2xµ] + E[µ2]

= E[x2]� 2µE[x] + µ2

= E[x2]� 2µ2 + µ2

= E[x2]� µ2

= E[x2]� E[x]2

<latexit sha1_base64="dBQAfIQvKlRTxv6XiOXt3wW6qVo="></latexit>

E
h
k
i
= k

E
h
k · g[x]

i
= k · E

h
g[x]

i

E
h
f[x] + g[x]

i
= E

h
f[x]

i
+ E

h
g[x]

i

E
h
f[x]g[y]

i
= E

h
f[x]

i
E
h
g[y]

i
if x, y independent

<latexit sha1_base64="LCHtaEnOu97cFGH+XlOZpvFfOUw="></latexit>

E[x] = µ

Rule 1:

Rule 2:

Rule 3:

Def’n



<latexit sha1_base64="9xk9LeHDNNCaEfnqE3fWnwTqmjE="></latexit>

E[(x� µ2)] = E[x2 � 2xµ+ µ2]

= E[x2]� E[2xµ] + E[µ2]

= E[x2]� 2µE[x] + µ2

= E[x2]� 2µ2 + µ2

= E[x2]� µ2

= E[x2]� E[x]2

<latexit sha1_base64="dBQAfIQvKlRTxv6XiOXt3wW6qVo="></latexit>

E
h
k
i
= k

E
h
k · g[x]

i
= k · E

h
g[x]

i

E
h
f[x] + g[x]

i
= E

h
f[x]

i
+ E

h
g[x]

i

E
h
f[x]g[y]

i
= E

h
f[x]

i
E
h
g[y]

i
if x, y independent

<latexit sha1_base64="LCHtaEnOu97cFGH+XlOZpvFfOUw="></latexit>

E[x] = µ

Rule 1:

Rule 2:

Rule 3:

Def’n



<latexit sha1_base64="9xk9LeHDNNCaEfnqE3fWnwTqmjE="></latexit>

E[(x� µ2)] = E[x2 � 2xµ+ µ2]

= E[x2]� E[2xµ] + E[µ2]

= E[x2]� 2µE[x] + µ2

= E[x2]� 2µ2 + µ2

= E[x2]� µ2

= E[x2]� E[x]2

<latexit sha1_base64="dBQAfIQvKlRTxv6XiOXt3wW6qVo="></latexit>

E
h
k
i
= k

E
h
k · g[x]

i
= k · E

h
g[x]

i

E
h
f[x] + g[x]

i
= E

h
f[x]

i
+ E

h
g[x]

i

E
h
f[x]g[y]

i
= E

h
f[x]

i
E
h
g[y]

i
if x, y independent

<latexit sha1_base64="LCHtaEnOu97cFGH+XlOZpvFfOUw="></latexit>

E[x] = µ

Rule 1:

Rule 2:

Rule 3:

Def’n



<latexit sha1_base64="9xk9LeHDNNCaEfnqE3fWnwTqmjE="></latexit>

E[(x� µ2)] = E[x2 � 2xµ+ µ2]

= E[x2]� E[2xµ] + E[µ2]

= E[x2]� 2µE[x] + µ2

= E[x2]� 2µ2 + µ2

= E[x2]� µ2

= E[x2]� E[x]2

<latexit sha1_base64="dBQAfIQvKlRTxv6XiOXt3wW6qVo="></latexit>

E
h
k
i
= k

E
h
k · g[x]

i
= k · E

h
g[x]

i

E
h
f[x] + g[x]

i
= E

h
f[x]

i
+ E

h
g[x]

i

E
h
f[x]g[y]

i
= E

h
f[x]

i
E
h
g[y]

i
if x, y independent

<latexit sha1_base64="LCHtaEnOu97cFGH+XlOZpvFfOUw="></latexit>

E[x] = µ

Rule 1:

Rule 2:

Rule 3:

Def’n



<latexit sha1_base64="9xk9LeHDNNCaEfnqE3fWnwTqmjE="></latexit>

E[(x� µ2)] = E[x2 � 2xµ+ µ2]

= E[x2]� E[2xµ] + E[µ2]

= E[x2]� 2µE[x] + µ2

= E[x2]� 2µ2 + µ2

= E[x2]� µ2

= E[x2]� E[x]2

<latexit sha1_base64="dBQAfIQvKlRTxv6XiOXt3wW6qVo="></latexit>

E
h
k
i
= k

E
h
k · g[x]

i
= k · E

h
g[x]

i

E
h
f[x] + g[x]

i
= E

h
f[x]

i
+ E

h
g[x]

i

E
h
f[x]g[y]

i
= E

h
f[x]

i
E
h
g[y]

i
if x, y independent

<latexit sha1_base64="LCHtaEnOu97cFGH+XlOZpvFfOUw="></latexit>

E[x] = µ

Rule 1:

Rule 2:

Rule 3:

Def’n



<latexit sha1_base64="9xk9LeHDNNCaEfnqE3fWnwTqmjE="></latexit>

E[(x� µ2)] = E[x2 � 2xµ+ µ2]

= E[x2]� E[2xµ] + E[µ2]

= E[x2]� 2µE[x] + µ2

= E[x2]� 2µ2 + µ2

= E[x2]� µ2

= E[x2]� E[x]2

<latexit sha1_base64="dBQAfIQvKlRTxv6XiOXt3wW6qVo="></latexit>

E
h
k
i
= k

E
h
k · g[x]

i
= k · E

h
g[x]

i

E
h
f[x] + g[x]

i
= E

h
f[x]

i
+ E

h
g[x]

i

E
h
f[x]g[y]

i
= E

h
f[x]

i
E
h
g[y]

i
if x, y independent

<latexit sha1_base64="LCHtaEnOu97cFGH+XlOZpvFfOUw="></latexit>

E[x] = µ

Rule 1:

Rule 2:

Rule 3:

Def’n



Aim: keep variance same between two layers<latexit sha1_base64="cW4rtVaEv2VIWDQZIFCt2xiZPrE="></latexit>

h = a[f ],

f 0 = � +⌦h
<latexit sha1_base64="cW4rtVaEv2VIWDQZIFCt2xiZPrE="></latexit>

h = a[f ],

f 0 = � +⌦h

<latexit sha1_base64="ZepB7KjO5+Qtd/00U7z5fxFnMgk="></latexit>

E
⇥
(x� µ)2

⇤
= E[x2]� E[x]2

𝜎!"# = 𝔼 𝑓$"# − 𝔼 𝑓$" #

𝜎!"# = 𝔼 𝑓$" − 𝔼 𝑓$" #



Aim: keep variance same between two layers<latexit sha1_base64="cW4rtVaEv2VIWDQZIFCt2xiZPrE="></latexit>

h = a[f ],

f 0 = � +⌦h
<latexit sha1_base64="cW4rtVaEv2VIWDQZIFCt2xiZPrE="></latexit>

h = a[f ],

f 0 = � +⌦h

𝜎!"# = 𝔼 𝑓$"# − 𝔼 𝑓$" #

𝜎!"# = 𝔼 𝑓$" − 𝔼 𝑓$" #



Aim: keep variance same between two layers<latexit sha1_base64="cW4rtVaEv2VIWDQZIFCt2xiZPrE="></latexit>

h = a[f ],

f 0 = � +⌦h

<latexit sha1_base64="65sbw94EZd3WrTqnlFJwRWZRcc8="></latexit>

E[f 0
i ] = E

2

4�i +
DhX

j=1

⌦ijhj

3

5

= E [�i] +
DhX

j=1

E [⌦ijhj ]

= E [�i] +
DhX

j=1

E [⌦ij ]E [hj ]

= 0 +
DhX

j=1

0 · E [hj ] = 0

Consider the mean of the pre-activations:



<latexit sha1_base64="dBQAfIQvKlRTxv6XiOXt3wW6qVo="></latexit>

E
h
k
i
= k

E
h
k · g[x]

i
= k · E

h
g[x]

i

E
h
f[x] + g[x]

i
= E

h
f[x]

i
+ E

h
g[x]

i

E
h
f[x]g[y]

i
= E

h
f[x]

i
E
h
g[y]

i
if x, y independent

Rule 1:

Rule 2:

Rule 3:

Rule 4:

<latexit sha1_base64="65sbw94EZd3WrTqnlFJwRWZRcc8="></latexit>

E[f 0
i ] = E

2

4�i +
DhX

j=1

⌦ijhj

3

5

= E [�i] +
DhX

j=1

E [⌦ijhj ]

= E [�i] +
DhX

j=1

E [⌦ij ]E [hj ]

= 0 +
DhX

j=1

0 · E [hj ] = 0



<latexit sha1_base64="dBQAfIQvKlRTxv6XiOXt3wW6qVo="></latexit>

E
h
k
i
= k

E
h
k · g[x]

i
= k · E

h
g[x]

i

E
h
f[x] + g[x]

i
= E

h
f[x]

i
+ E

h
g[x]

i

E
h
f[x]g[y]

i
= E

h
f[x]

i
E
h
g[y]

i
if x, y independent

Rule 1:

Rule 2:

Rule 3:

Rule 4:

<latexit sha1_base64="65sbw94EZd3WrTqnlFJwRWZRcc8="></latexit>

E[f 0
i ] = E

2

4�i +
DhX

j=1

⌦ijhj

3

5

= E [�i] +
DhX

j=1

E [⌦ijhj ]

= E [�i] +
DhX

j=1

E [⌦ij ]E [hj ]

= 0 +
DhX

j=1

0 · E [hj ] = 0



<latexit sha1_base64="dBQAfIQvKlRTxv6XiOXt3wW6qVo="></latexit>

E
h
k
i
= k

E
h
k · g[x]

i
= k · E

h
g[x]

i

E
h
f[x] + g[x]

i
= E

h
f[x]

i
+ E

h
g[x]

i

E
h
f[x]g[y]

i
= E

h
f[x]

i
E
h
g[y]

i
if x, y independent

Rule 1:
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Set all the biases to 0

Weights normally distributed 
mean 0 
variance	𝜎!"	
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𝐸 Ω$% = 0 so only the 
squared terms are left, then 
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From the definition of expectation.

Only positive integral limits 
because of ReLU

½ of the variance for zero mean 
distribution



Aim: keep variance same between two layers
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Should choose:

This is called He initialization or Kaiming initialization. 

𝜎!"# = 𝜎!#

Since:

To get:

K. He, X. Zhang, S. Ren, and J. Sun, “Delving Deep into Rectifiers: Surpassing Human-Level Performance on ImageNet Classification,” Proc. IEEE International Conference on 
Computer Vision, 2015, pp. 1026–1034. Accessed: Feb. 11, 2024. 



He initialization (assumes ReLU)

• Forward pass:  want the variance of hidden unit activations in layer 
k+1 to be the same as variance of activations in layer k:

• Backward pass:  want the variance of gradients at layer k to be the 
same as variance of gradient in layer k+1:
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Exploding gradients

Vanishing gradients
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Default Initialization in PyTorch
https://pytorch.org/docs/stable/nn.init.html#torch.nn.init.kaiming_uniform_

https://pytorch.org/docs/stable/nn.init.html


Feedback?


