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Case Study #2: Where we left off…

• In the last lecture we were given the task of creating an AI to tell 
basketball players if they should “shoot” or “pass” when they have 
the ball on offense

• After understanding the problem (if you shoot you might miss and 
lose possession), and locating a source of labelled data (post-game 
video analysis), we took a quick look at some of the data
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but it is non-linear….



Case Study #2: Where we left off…

• From a quick look at two features of the the input data, we see that 
Logistic Regression is unlikely to work well

• Instead, we convinced ourselves that by combining simple Logistic 
Regression units together using a computation graph we could create 
a Neural Network that could learn complex functions

• But, to make progress we need a more systematic way to implement 
efficient and “tunable” Neural Networks
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Efficient Implementation of Neural Networks

• Just like with Logistic Regression, the first key to efficient implementations 
of Neural Networks is using vectorization to “group” operations together 
so they can be efficiently mapped to specialized hardware

• The second key is to plan the algorithm to avoid re-calculating values that 
are used repeatedly

• Finally, we need to do all this while remembering that the number of layers 
in the NN, and the number of neurons in each layer are tunable 
“hyperparameters” that will need to be easily modified without having to 
re-work on implementation…
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Neural Network Vectorization
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• Lets workout how we can vectorize with 1 hidden layer (and single output, !𝑦) :

• 𝑛! is the number of input features
• 𝑛" is the number of hidden units in layer [1]. 
• 𝑊[$] is a matrix of all the parameters in layer [1]. Shape (𝑛", 𝑛!). 
• 𝑊[&] is a matrix of all the parameters in layer [2]. Shape (1, 𝑛").
• 𝐵[$] is a vector of the bias parameters in layer [1]. Shape (𝑛", 1).
• 𝐵[&] is a vector of the bias parameters in layer [2]. Shape (1, 1).
• 𝑚 is the number of examples in the training data set
• 𝑋 is a matrix of all the input features for all examples in the training  

data set.  Shape (𝑛! , 𝑚)
• 𝑌 is the labels for all the examples in the training data set. Shape 

(𝑚, 1)

[0] [1] [2]Layer #:
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• Lets workout how we can vectorize with 1 hidden layer (and single output, !𝑦) :

• 𝒏𝒙 is the number of input features
• 𝒏𝒉 is the number of hidden units in layer [1]. 
• 𝑊[$] is a matrix of all the parameters in layer [1]. Shape (𝑛", 𝑛!). 
• 𝑊[&] is a matrix of all the parameters in layer [2]. Shape (1, 𝑛").
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• 𝑋 is a matrix of all the input features for all examples in the training  
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• Lets workout how we can vectorize with 1 hidden layer (and single output, !𝑦) :

• 𝒏𝒙 is the number of input features
• 𝒏𝒉 is the number of hidden units in layer [1]. 
• 𝑾[𝟏] is a matrix of all the parameters in layer [1]. Shape (𝒏𝒉, 𝒏𝒙). 
• 𝑊[&] is a matrix of all the parameters in layer [2]. Shape (1, 𝑛").
• 𝐵[$] is a vector of the bias parameters in layer [1]. Shape (𝑛", 1).
• 𝐵[&] is a vector of the bias parameters in layer [2]. Shape (1, 1).
• 𝑚 is the number of examples in the training data set
• 𝑋 is a matrix of all the input features for all examples in the training  

data set.  Shape (𝑛! , 𝑚)
• 𝑌 is the labels for all the examples in the training data set. Shape 

(𝑚, 1)

[0] [1] [2]Layer #:
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• Lets workout how we can vectorize with 1 hidden layer (and single output, !𝑦) :

• 𝒏𝒙 is the number of input features
• 𝒏𝒉 is the number of hidden units in layer [1]. 
• 𝑾[𝟏] is a matrix of all the parameters in layer [1]. Shape (𝒏𝒉, 𝒏!). 
• 𝑾[𝟐] is a matrix of all the parameters in layer [2]. Shape (1, 𝒏𝒉).
• 𝐵[$] is a vector of the bias parameters in layer [1]. Shape (𝑛", 1).
• 𝐵[&] is a vector of the bias parameters in layer [2]. Shape (1, 1).
• 𝑚 is the number of examples in the training data set
• 𝑋 is a matrix of all the input features for all examples in the training  

data set.  Shape (𝑛! , 𝑚)
• 𝑌 is the labels for all the examples in the training data set. Shape 

(𝑚, 1)

[0] [1] [2]Layer #:

𝑾[𝟏] 𝑾[𝟐]
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• Lets workout how we can vectorize with 1 hidden layer (and single output, !𝑦) :

• 𝒏𝒙 is the number of input features
• 𝒏𝒉 is the number of hidden units in layer [1]. 
• 𝑾[𝟏] is a matrix of all the parameters in layer [1]. Shape (𝒏𝒉, 𝒏𝒙). 
• 𝑾[𝟐] is a matrix of all the parameters in layer [2]. Shape (1, 𝒏𝒉).
• 𝑩[𝟏] is a vector of the bias parameters in layer [1]. Shape (𝒏𝒉, 1).
• 𝑩[𝟐] is a vector of the bias parameters in layer [2]. Shape (1, 1).
• 𝒎 is the number of examples in the training data set
• 𝑋 is a matrix of all the input features for all examples in the training  

data set.  Shape (𝑛! , 𝑚)
• 𝑌 is the labels for all the examples in the training data set. Shape 

(𝑚, 1)
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• Lets workout how we can vectorize with 1 hidden layer (and single output, !𝑦) :

• 𝒏𝒙 is the number of input features
• 𝒏𝒉 is the number of hidden units in layer [1]. 
• 𝑾[𝟏] is a matrix of all the parameters in layer [1]. Shape (𝒏𝒉, 𝒏𝒙). 
• 𝑾[𝟐] is a matrix of all the parameters in layer [2]. Shape (1, 𝒏𝒉).
• 𝑩[𝟏] is a vector of the bias parameters in layer [1]. Shape (𝒏𝒉, 1).
• 𝑩[𝟐] is a vector of the bias parameters in layer [2]. Shape (1, 1).
• 𝒎 is the number of examples in the training data set
• 𝑿 is a matrix of all the input features for all examples in the training  

data set.  Shape (𝒏𝒙, 𝒎)
• 𝑌 is the labels for all the examples in the training data set. Shape 

(𝑚, 1)

[0] [1] [2]Layer #:
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• Lets workout how we can vectorize with 1 hidden layer (and single output, !𝑦) :

• 𝒏𝒙 is the number of input features
• 𝒏𝒉 is the number of hidden units in layer [1]. 
• 𝑾[𝟏] is a matrix of all the parameters in layer [1]. Shape (𝒏𝒉, 𝒏𝒙). 
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• 𝒎 is the number of examples in the training data set
• 𝑿 is a matrix of all the input features for all examples in the training  

data set.  Shape (𝒏𝒙, 𝒎)
• 𝒀 is the labels for all the examples in the training data set. Shape 

(1,𝒎)
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• We can workout the activation of each layer:

[0] [1] [2]Layer #:
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• We can workout the activation of each layer:

• If we consider a single example, 𝑖:

𝑧[$](,) = 𝑊[$]𝑥(,) + 𝐵[$]

𝑎[$](,) = 𝑔 𝑧 $ , , where 𝑔 𝑧 = tanh 𝑧

• And:

𝑧[&](,) = 𝑊[&]𝑎[$](,) + 𝐵[$]
𝑎[&](,) = 𝜎(𝑧[&](,))

[0] [1] [2]Layer #:

𝑾[𝟏] 𝑾[𝟐]𝑩[𝟏] 𝑩[𝟐]
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• And:
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• We can workout the activation of each layer:

• For all 𝑚 examples:

𝑍[$] = 𝑊[$]𝑋 + 𝐵[$]

𝐴[$] = 𝑔 𝑍 $ , where 𝑔 𝑍 = tanh 𝑍

• And:

𝑍[&] = 𝑊[&]𝐴[$] + 𝐵[$]
?𝑌 = 𝐴[&] = 𝜎(𝑍[&])
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• Recall our 6 key 
backpropagation equations 
from last lecture

• When we are implementing 
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(5)



𝑑𝑤%,%
[%] = 𝑑𝑧%

[%]𝑥%

Backpropagation - Vectorization

Brad Quinton, Scott Chin

𝑑𝑧%
['] = ()𝑦 − 𝑦)

𝑑𝑤%,%
['] = 𝑑𝑧%

[']𝑎%
%

𝑑𝑏%
['] = 𝑑𝑧%

[']

𝑑𝑧%
[%] = 𝑤%

[']𝑑𝑧%
[']g′(𝑧%

% )

𝑑𝑏%
[%] = 𝑑𝑧%

[%]

𝑑𝑧['](+) = ()𝑦 + − 𝑦(+))

𝑑𝑊['](+) = 𝑑𝑧['](+)𝑎 % (+)-

𝑑𝐵['](+) = 𝑑𝑧['](+)

𝑑𝑧[%](+)
= 𝑊 ' (+)-𝑑𝑧['](+) ∗ g′(𝑧[%(+)])

𝑑𝑊[%](+) = 𝑑𝑧[%](+)𝑥(+)-

𝑑𝐵[%](+) = 𝑑𝑧[%](+)

Element-wise Vectorized - single sample, 𝒊

(1)

(2)

(3)

(6)

(4)

(5)



𝑑𝑤%,%
[%] = 𝑑𝑧%

[%]𝑥%

Backpropagation - Vectorization
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𝑑𝑧%
['] = ()𝑦 − 𝑦)

𝑑𝑤%,%
['] = 𝑑𝑧%

[']𝑎%
%

𝑑𝑏%
['] = 𝑑𝑧%

[']

𝑑𝑧%
[%] = 𝑤%

[']𝑑𝑧%
[']g′(𝑧%

% )

𝑑𝑏%
[%] = 𝑑𝑧%

[%]

𝑑𝑧['](+) = ()𝑦 + − 𝑦(+))

𝑑𝑊['](+) = 𝑑𝑧['](+)𝑎 % (+)-

𝑑𝐵['](+) = 𝑑𝑧['](+)

𝑑𝑧[%](+)
= 𝑊 ' (+)-𝑑𝑧['](+) ∗ g′(𝑧[%(+)])

𝑑𝑊[%](+) = 𝑑𝑧[%](+)𝑥(+)-

𝑑𝐵[%](+) = 𝑑𝑧[%](+)

𝑑𝑍['] = (6𝑌 − 𝑌)

𝑑𝑊['] =
1
𝑚
𝑑𝑍[']𝐴 % -

𝑑𝐵['] =
1
𝑚
;
./#0

𝑑𝑍[']

𝑑𝑍[%] = 𝑊 ' -𝑑𝑍['] ∗ g′(𝑍[%])

𝑑𝑊[%] =
1
𝑚𝑑𝑍[%]𝑋-

𝑑𝐵[%] =
1
𝑚
;
./#0

𝑑𝑍[%]

Element-wise Vectorized - single sample, 𝒊 Vectorize for all 𝒎 samples

(1)

(2)

(3)

(6)

(4)

(5)



𝑑𝑤%,%
[%] = 𝑑𝑧%

[%]𝑥%

Backpropagation - Vectorization

Brad Quinton, Scott Chin

𝑑𝑧%
['] = ()𝑦 − 𝑦)

𝑑𝑤%,%
['] = 𝑑𝑧%

[']𝑎%
%

𝑑𝑏%
['] = 𝑑𝑧%

[']

𝑑𝑧%
[%] = 𝑤%

[']𝑑𝑧%
[']g′(𝑧%

% )

𝑑𝑏%
[%] = 𝑑𝑧%

[%]

𝑑𝑧['](+) = ()𝑦 + − 𝑦(+))

𝑑𝑊['](+) = 𝑑𝑧['](+)𝑎 % (+)-

𝑑𝐵['](+) = 𝑑𝑧['](+)

𝑑𝑧[%](+)
= 𝑊 ' (+)-𝑑𝑧['](+) ∗ g′(𝑧[%(+)])

𝑑𝑊[%](+) = 𝑑𝑧[%](+)𝑥(+)-

𝑑𝐵[%](+) = 𝑑𝑧[%](+)

𝑑𝑍['] = (6𝑌 − 𝑌)

𝑑𝑊['] =
1
𝑚
𝑑𝑍[']𝐴 % -

𝑑𝐵['] =
1
𝑚
;
./#0

𝑑𝑍[']

𝑑𝑍[%] = 𝑊 ' -𝑑𝑍['] ∗ g′(𝑍[%])

𝑑𝑊[%] =
1
𝑚𝑑𝑍[%]𝑋-

𝑑𝐵[%] =
1
𝑚
;
./#0

𝑑𝑍[%]

Element-wise Vectorized - single sample, 𝒊 Vectorize for all 𝒎 samples

(1)

(2)

(3)

(6)

(4)

(5)

(1,𝒎) (1,𝒎) (1,𝒎)

(1, 𝒏𝒉) (1,𝒎) (𝒎, 𝒏𝒉)

(1,1) (1,𝒎)

(𝒏𝒉, 𝒎) (1,𝒎)(𝒏𝒉, 1)

(𝒏𝒉, 𝒏𝒙) (𝒏𝒉, 𝒎) (𝒎, 𝒏𝒙)

(𝒏𝒉, 1) (𝒏𝒉, 𝒎)



Parameter Update - Vectorization
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𝑊[$] = 𝑊[$] − 𝛼 G 𝑑𝑊[$]

𝐵[$] = 𝐵[$] − 𝛼 G 𝑑𝐵[$]

𝑊[&] = 𝑊[&] − 𝛼 G 𝑑𝑊[&]

𝐵[&] = 𝐵[&] − 𝛼 G 𝑑𝐵[&]

Vectorize for all 𝑚 samplesVectorized - single sample, 𝑖Element-wise

𝑏$
[$] = 𝑏$

[$] − 𝛼 G 𝑑𝑏$
[$]

𝑤$,$
[&] = 𝑤$,$

[&] − 𝛼 G 𝑑𝑤$,$
[&]

𝑤$,$
[$] = 𝑤$,$

[$] − 𝛼 G 𝑑𝑤$,$
[$]

𝑏$
[&] = 𝑏$

[&] − 𝛼 G 𝑑𝑏$
[&]

𝑊[$](,) = 𝑊[$](,) − 𝛼 G 𝑑𝑊[$](,)

𝑊[&](,) = 𝑊[&](,) − 𝛼 G 𝑑𝑊[&](,)

𝐵[$](,) = 𝐵[$](,) − 𝛼 G 𝑑𝐵[$](,)

𝐵[&](,) = 𝐵[&](,) − 𝛼 G 𝑑𝐵[&](,)



Vectorized Backpropagation

𝑊[$] = 𝑊[$] − 𝛼 G 𝑑𝑊[$]

𝐵[$] = 𝐵[$] − 𝛼 G 𝑑𝐵[$]

𝑊[&] = 𝑊[&] − 𝛼 G 𝑑𝑊[&]

𝐵[&] = 𝐵[&] − 𝛼 G 𝑑𝐵[&]

𝑑𝑍['] = (6𝑌 − 𝑌)

𝑑𝑊['] =
1
𝑚
𝑑𝑍[']𝐴 % -

𝑑𝐵['] =
1
𝑚
;
./#0

𝑑𝑍[']

𝑑𝑍[%] = 𝑊 ' -𝑑𝑍['] ∗ g′(𝑍[%])

𝑑𝑊[%] =
1
𝑚
𝑑𝑍[%]𝑋-

𝑑𝐵[%] =
1
𝑚
;
./#0

𝑑𝑍[%]

𝑍[$] = 𝑊[$]𝑋 + 𝐵[$]

𝐴[$] = 𝑔 𝑍 $

𝑍[&] = 𝑊[&]𝐴[$] + 𝐵[$]
?𝑌 = 𝐴[&] = 𝜎(𝑍[&])

1. Make an initial prediction

2. Determine Partial Derivatives

3. Update parameters

4. Repeat until J < target 



Vectorized Backpropagation

𝑊[$] = 𝑊[$] − 𝛼 G 𝑑𝑊[$]

𝐵[$] = 𝐵[$] − 𝛼 G 𝑑𝐵[$]

𝑊[&] = 𝑊[&] − 𝛼 G 𝑑𝑊[&]

𝐵[&] = 𝐵[&] − 𝛼 G 𝑑𝐵[&]

𝑑𝑍['] = (6𝑌 − 𝑌)

𝑑𝑊['] =
1
𝑚
𝑑𝑍[']𝐴 % -

𝑑𝐵['] =
1
𝑚
;
./#0

𝑑𝑍[']

𝑑𝑍[%] = 𝑊 ' -𝑑𝑍['] ∗ g′(𝑍[%])

𝑑𝑊[%] =
1
𝑚
𝑑𝑍[%]𝑋-

𝑑𝐵[%] =
1
𝑚
;
./#0

𝑑𝑍[%]

𝑍[$] = 𝑊[$]𝑋 + 𝐵[$]

𝐴[$] = 𝑔 𝑍 $

𝑍[&] = 𝑊[&]𝐴[$] + 𝐵[$]
?𝑌 = 𝐴[&] = 𝜎(𝑍[&])

1. Make an initial prediction

2. Determine Partial Derivatives

3. Update parameters

4. Repeat until J < target 

0. Initialize the Parameters
?



Initializing Parameters in Neural Networks

• For Logistic Regression we were able to initialize the parameters to 
any starting value

• For convenience, we tended to simply initialize all parameters to 0 to 
get started

• However, this does NOT work with Neural Networks, why?

Brad Quinton, Scott Chin



Initializing Parameters in NNs
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𝑥!

𝑥"

𝑥)

𝑎!
[!]

#𝑦𝑎"
[!]

𝑎)
[!]

𝑎!
["]

• Let’s work through a simple example:

𝑊[$] =
0 0 0
0 0 0
0 0 0

𝑊[&] = 0 0 0



Initializing Parameters in NNs
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𝑥!

𝑥"

𝑥)

𝑎!
[!]

#𝑦𝑎"
[!]

𝑎)
[!]

𝑎!
["]

• Let’s work through a simple example:

𝑊[$] =
0 0 0
0 0 0
0 0 0

𝑊[&] = 0 0 0

𝑋 =
1
2
3

𝑌 = 0



Initializing Parameters in NNs
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𝑥!

𝑥"

𝑥)

𝑎!
[!]

#𝑦𝑎"
[!]

𝑎)
[!]

𝑎!
["]

• Let’s work through a simple example:

𝑊[$] =
0 0 0
0 0 0
0 0 0

𝑊[&] = 0 0 0

𝑋 =
1
2
3

𝑌 = 0

𝐴[$] =
0
0
0



Initializing Parameters in NNs
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𝑥!

𝑥"

𝑥)

𝑎!
[!]

#𝑦𝑎"
[!]

𝑎)
[!]

𝑎!
["]

• Let’s work through a simple example:

𝑊[$] =
0 0 0
0 0 0
0 0 0

𝑊[&] = 0 0 0

𝑋 =
1
2
3

𝑌 = 0

𝐴[$] =
0
0
0

𝐴[&] = 0.5



Initializing Parameters in NNs
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𝑥!

𝑥"

𝑥)

𝑎!
[!]

#𝑦𝑎"
[!]

𝑎)
[!]

𝑎!
["]

• Let’s work through a simple example:

𝑊[$] =
0 0 0
0 0 0
0 0 0

𝑊[&] = 0 0 0

𝑋 =
1
2
3

𝑌 = 0

𝐴[$] =
0
0
0

𝐴[&] = 0.5

𝑑𝑍[&] = ?𝑌 − 𝑌 = 0.5



Initializing Parameters in NNs
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𝑥!

𝑥"

𝑥)

𝑎!
[!]

#𝑦𝑎"
[!]

𝑎)
[!]

𝑎!
["]

• Let’s work through a simple example:

𝑊[$] =
0 0 0
0 0 0
0 0 0

𝑊[&] = 0 0 0

𝑋 =
1
2
3

𝑌 = 0

𝐴[$] =
0
0
0

𝐴[&] = 0.5

𝑑𝑊[&] = 𝑑𝑍[&]𝐴 $ 0 = 0 0 0

𝑑𝑍[&] = ?𝑌 − 𝑌 = 0.5
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𝑥!

𝑥"

𝑥)

𝑎!
[!]

#𝑦𝑎"
[!]

𝑎)
[!]

𝑎!
["]

• Let’s work through a simple example:

𝑊[$] =
0 0 0
0 0 0
0 0 0

𝑊[&] = 0 0 0

𝑋 =
1
2
3

𝑌 = 0

𝐴[$] =
0
0
0

𝐴[&] = 0.5

𝑑𝑊[&] = 𝑑𝑍[&]𝐴 $ 0 = 0 0 0

𝑑𝑍[$] = 𝑊 & 0𝑑𝑍[&] ∗ g′(𝑍[$]) =
0
0
0

𝑑𝑍[&] = ?𝑌 − 𝑌 = 0.5



Initializing Parameters in NNs
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𝑥!

𝑥"

𝑥)

𝑎!
[!]

#𝑦𝑎"
[!]

𝑎)
[!]

𝑎!
["]

• Let’s work through a simple example:

𝑊[$] =
0 0 0
0 0 0
0 0 0

𝑊[&] = 0 0 0

𝑋 =
1
2
3

𝑌 = 0

𝐴[$] =
0
0
0

𝐴[&] = 0.5

𝑑𝑊[&] = 𝑑𝑍[&]𝐴 $ 0 = 0 0 0

𝑑𝑍[$] = 𝑊 & 0𝑑𝑍[&] ∗ g′(𝑍[$]) =
0
0
0

𝑑𝑊[$] =
1
𝑚𝑑𝑍[$]𝑋0 =

0 0 0
0 0 0
0 0 0

𝑑𝑍[&] = ?𝑌 − 𝑌 = 0.5



Initializing Parameters in NNs
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𝑥!

𝑥"

𝑥)

𝑎!
[!]

#𝑦𝑎"
[!]

𝑎)
[!]

𝑎!
["]

• Let’s work through a simple example:

𝑊[$] =
0 0 0
0 0 0
0 0 0

𝑊[&] = 0 0 0

𝑋 =
1
2
3

𝑌 = 0

𝐴[$] =
0
0
0

𝐴[&] = 0.5

𝑑𝑊[&] = 𝑑𝑍[&]𝐴 $ 0 = 0 0 0

𝑑𝑍[$] = 𝑊 & 0𝑑𝑍[&] ∗ g′(𝑍[$]) =
0
0
0

𝑑𝑊[$] =
1
𝑚𝑑𝑍[$]𝑋0 =

0 0 0
0 0 0
0 0 0

𝑊[$] = 𝑊[$] − 𝛼 G 𝑑𝑊 $ =
0 0 0
0 0 0
0 0 0

𝑑𝑍[&] = ?𝑌 − 𝑌 = 0.5



Initializing Parameters in NNs
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𝑥!

𝑥"

𝑥)

𝑎!
[!]

#𝑦𝑎"
[!]

𝑎)
[!]

𝑎!
["]

• What if we use a uniform non-zero value?:

𝑊[$] =
1 1 1
1 1 1
1 1 1

𝑊[&] = 1 1 1

𝑋 =
1
2
3

𝑌 = 0



Initializing Parameters in NNs
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𝑥!

𝑥"

𝑥)

𝑎!
[!]

#𝑦𝑎"
[!]

𝑎)
[!]

𝑎!
["]

• What if we use a uniform non-zero value?:

𝑊[$] =
1 1 1
1 1 1
1 1 1

𝑊[&] = 1 1 1

𝑋 =
1
2
3

𝑌 = 0

𝐴[$] =
0.999
0.999
0.999

𝐴[&] = 0.982

𝑑𝑊[&] = 𝑑𝑍[&]𝐴 $ 0 = 0.982 0.982 0.982

𝑑𝑍[$] = 𝑊 & 0𝑑𝑍[&] ∗ g′(𝑍[$]) =
3.266𝑒 − 6
3.266𝑒 − 6
3.266𝑒 − 6

3.266𝑒 − 6 6.533𝑒 − 6 9.799𝑒 − 6
3.266𝑒 − 6 6.533𝑒 − 6 9.799𝑒 − 6
3.266𝑒 − 6 6.533𝑒 − 6 9.799𝑒 − 6

𝑊[$] = 𝑊[$] − 𝛼 G 𝑑𝑊 $ = ?

𝑑𝑍[&] = ?𝑌 − 𝑌 = 0.982 − 1

𝑑𝑊[$] =
1
𝑚𝑑𝑍[$]𝑋0 =



Final Vectorized Backpropagation

𝑊[$] = 𝑊[$] − 𝛼 G 𝑑𝑊[$]

𝐵[$] = 𝐵[$] − 𝛼 G 𝑑𝐵[$]

𝑊[&] = 𝑊[&] − 𝛼 G 𝑑𝑊[&]

𝐵[&] = 𝐵[&] − 𝛼 G 𝑑𝐵[&]

𝑑𝑍['] = (6𝑌 − 𝑌)

𝑑𝑊['] =
1
𝑚
𝑑𝑍[']𝐴 % -

𝑑𝐵['] =
1
𝑚
;
./#0

𝑑𝑍[']

𝑑𝑍[%] = 𝑊 ' -𝑑𝑍['] ∗ g′(𝑍[%])

𝑑𝑊[%] =
1
𝑚
𝑑𝑍[%]𝑋-

𝑑𝐵[%] =
1
𝑚
;
./#0

𝑑𝑍[%]

𝑍[$] = 𝑊[$]𝑋 + 𝐵[$]

𝐴[$] = 𝑔 𝑍 $

𝑍[&] = 𝑊[&]𝐴[$] + 𝐵[$]
?𝑌 = 𝐴[&] = 𝜎(𝑍[&])

1. Make an initial prediction

2. Determine Partial Derivatives

3. Update parameters

4. Repeat until J < target 

0. Initialize the Parameters
𝑊[$],𝑊[&], 𝐵[$], 𝐵[&] = 𝑟𝑎𝑛𝑑()
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𝑥!

𝑥"

𝑥*

…

𝑎!
[!]

…
#𝑦𝑎"

[!]

𝑎*$
[!]

𝑎!
["]

…

𝐽 = −
1
𝑚 Z

,1$

2

𝑦,log ;𝑦 , + Z
,1$

2

1 − 𝑦 , log(1 − ;𝑦 , )

Step 1: Calculate ]𝒚 using computation graph. 

Step 2: Determine the loss.

Step 3: Update each parameter (Using the partial derivative of cost).

𝑤 = 𝑤 − 𝛼
𝜕𝐽
𝜕𝑤

; 𝑏 = 𝑏 − 𝛼
𝜕𝐽
𝜕𝑏

Step 4: Repeat until J < target.

Last Lecture: Go Forwards, then Backwards…



How Many Hidden Units/Layers?

• As we have defined it, the Neural Network architecture is extremely 
flexible.  It is possible to define any number of hidden layers and any 
number of units/layer and everything we have derived will workout

Brad Quinton, Scott Chin

𝑥!

𝑥"

𝑥𝒏𝒙

…

𝑎!
[!]

…
#𝑦𝑎"

[!]

𝑎𝒏𝒉%𝟏
[!]

𝑎!
["]

…

𝑎𝒏𝒉
[!]

𝑛" > 𝑛!

𝑥!

𝑥"

𝑥𝒏𝒙

…

𝑎!
[!]

…
#𝑦𝑎"

[!]

𝑎𝒏𝒉%𝟏
[!]

𝑎!
["]

…

𝑎𝒏𝒉
[!]

𝑎!
[*']

…

𝑎"
[*']

𝑎𝒏𝒉%𝟏
[*']

𝑎𝒏𝒉
[*']

…

…

…

…

𝑛" > 𝑛! & large 𝑛3

𝑒𝑡𝑐.



How Many Hidden Units/Layers?

• However, more units are NOT necessarily better!

• There is a cost in terms of training and deployment computing 
resources/time

• Further, extra units contribute to the problem of overfit...

Brad Quinton, Scott Chin



Overfit In Neural Networks

• Neural Networks can have A LOT of flexibility (lots of units, lots of layers, 
lots of parameters)

• This can be very powerful when the underlying relationship is very complex 
and/or there are a lot of input features to consider

• However, it also leads to the critical issue of overfit

• In a nutshell: “It is possible the Neural Network finds an approximate 
function that ‘fits’ the training data, but does not generalize to new data”

Brad Quinton, Scott Chin



Overfit In Neural Networks
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• Looking at just the training 
data set, it is not clear which 
is the “best” answer.  

• Remember the ”best” answer 
is the one that is to most 
accurate on NEW DATA

• A learned solution that track 
too close to the training data 
risks missing the “big picture” 
and simply memorizing 
training data 



Overfit In Neural Networks

• Because they effect the overall performance of the AI, the number of 
hidden layers and the number of units/layer become 
hyperparameters that need to be ”tuned” to achieve optimal 
performance

• It is important to be able to measure the effect of different 
hyperparameter selections independently of the evaluation of the 
performance of the network

Brad Quinton, Scott Chin



Validation Data Set

• Recall that to evaluated Logistic Regression we split our labelled data 
into two set:  test and training

• Because of the problem of overfit, for NNs we need 3 data sets

Brad Quinton, Scott Chin

Labelled Data

Training Data

Test Data

Train the ML

Measure the performance

Split the labelled data 
into three groups

Validation Data ”Tune” the hyperparameters



Validation Data Set

• Why do we need the third data set? Because otherwise we lose the 
ability to have measure our expected performance

• Consider this scenario: 

1. We achieve 98% training accuracy and 87% validation accuracy.
2. Potentially we are “overfit”, so we adjust the NN architecture.
3. We then achieve 97% training accuracy and 93% validation accuracy.
4. Better, so we adjust the architecture again.
5. Now we achieve 97% training accuracy, and 95% validation accuracy.
6. Is it correct to report 95% as the expected accuracy of our AI?

Brad Quinton, Scott Chin



Validation Data Set

• The answer is: “No!”  We are adjusting the NN architecture 
specifically to improve our validation accuracy, so there is a danger 
we are simply fitting our hyperparameters to the validation set

• So the validation data set gives us data that was not used to train to 
NN, but can be used to tune the hyperparameters

• The test data set then gives us our independent reference to measure 
the performance of the AI

Brad Quinton, Scott Chin



Neural Network ML Decision Tree

Brad Quinton, Scott Chin

Training 
Accuracy?

high lowValidation 
Accuracy?

high

The NN is failing to 
learn from the data. 

Action: Investigate the 
shape of the cost 

function vs. iterations.

The NN is failing to 
generalize (it is overfit). 

Action: Tune 
hyperparameters and/or 

get more data.

low

Success!
Your NN is 
working.

Report Test 
Accuracy.

Learning 
rate/iterations issue?

yes

no

The NN can’t fit the data. 
Action: Increase the 

number of hidden units.

Test Accuracy?

high low

The NN is failing to 
generalize. 

Action: Find more data 
or different data.



Why is this Exciting?

• We can now build, train and evaluate Neural Networks, so what?

• The exciting thing is that we now have a system that can learn complex, 
non-linear relationships between an arbitrary number of features across an 
arbitrary number of examples

• In the era of “Big Data” this is very compelling.  We often have a lot of data.  
Some of features of the data may or may not be relevant, other features 
will may be important is non-obvious ways… but with NNs we do not need 
to determine this ahead of time to get value from the data! 

Brad Quinton, Scott Chin



Back to our Case Study….

Brad Quinton, Scott Chin

• Not only can we deal with the initial problem of fitting non-linear 
relationships, but now we can easily add almost any data we want to make 
help make a more accurate prediction

• We can start to think: “What might matter?” 
• Position on the court?
• Average shooting accuracy this season?
• Average shooting accuracy this game?
• Average shooting accuracy against this team?
• Current heart rate?
• Height, weight, wingspan, time of day, … ?



Case Study: Predicting the Right Action

Brad Quinton, Scott Chin

Neural 
Network

…
Shoot/pass

Analysis of Video Data

Backpropagation 
based training

Correct 
Decision?

Position 
court

y

Real-time Data

Historical Data
Scoring 
Average

X

Heart 
Rate

Real-time Inputs



Case Study #2: Second Meeting as Director of AI

Brad Quinton, Scott Chin

• You: “Hey Coach.  Great news!  I have a framework that can learn almost 
to relate almost any data we can get to the question of Pass or Shoot!” 

• Coach: “Really?  I was mostly just toying with you because you are new… I 
didn’t think it was actually possible. Wow.”

• You: “Sure, Neural Networks are great at learning data relationships. Even 
ones that are far to complex for humans to understand.”

• Coach: “That’s great.  Why don’t you build something and we can think of 
how to test it…”



Historical Context
• Now that we understand how backpropagation, it is worth thinking a bit 

about the historical context

• As we discussed previously, Deep Learning is possible because 
backpropagation continues to be efficient and effective even for very 
large Neural Networks 

Brad Quinton, Scott Chin

Lots of Data
Arch. to Learn 

Complex 
Functions

Efficient and 
Effective 
Training

+ +
Potential for 

Valuable 
Solutions



Original Paper On Backpropagation 
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https://www.iro.umontreal.ca/~vincentp/ift3395/lectures/backprop_old.pdf

1986!

https://www.iro.umontreal.ca/~vincentp/ift3395/lectures/backprop_old.pdf


Interesting Article/Quotes About Backprop

“The breakthrough of backpropagation was the next step: the 
algorithm uses partial derivatives to apportion "blame" for the 
wrong output among the neuron's inputs. ….

…backpropagation radically expanded the scope of trainable 
neural networks. People were no longer limited to simple networks 
with one or two layers. They could build networks with five, ten, or 
fifty layers, and these networks could have arbitrarily complex 
internal structures.”

Brad Quinton, Scott Chin
https://arstechnica.com/science/2019/12/how-neural-networks-work-and-why-theyve-become-a-big-business/

https://arstechnica.com/science/2019/12/how-neural-networks-work-and-why-theyve-become-a-big-business/


Interesting Video About IBM Watson

• Nova: “Smartest Machine on Earth - Watson the Computer Versus 
Jeopardy”
• https://youtu.be/4svcCJJ6ciw

• Discussion of ML 18:00 to ~21:00

• Why was ML needed for Jeopardy?

Brad Quinton, Scott Chin

https://youtu.be/4svcCJJ6ciw


Key Take-Aways

• Vectorization of the backpropagation algorithm enables efficient training of 
Neural Networks

• Because of Neural Networks have a lot of flexibility to build complex functions 
they are proven to overfit

• It is important to use a validation and test data set when tuning NN 
hyperparameters

• Neural Networks are well suited to processing complex and diverse input data

Brad Quinton, Scott Chin


