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Review
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Perceptron Node – Threshold Logic Unit
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Perceptron Rule
   

     wi = c(t – z) xi

• Where wi is the weight from input i to the perceptron node, 
• c is the learning rate, (hyperparameter) 
• t is the target for the current instance, 
• z is the current output,
• (t-z) is the error 
• xi is  ith input
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Delta Rule
   

     wi = c(t – net) xi

• Where wi is the weight from input i to the perceptron node, 
• c is the learning rate, (hyperparameter) 
• t is the target for the current instance, 
• z is the net (BEFORE THE THRESHOLD FUNCTION),
• (t-net) is the error 
• xi is  ith input
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Error Surface
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We want to use Gradient Descent to find the minimum error as a function of the weights.
Smooth, differentiable function makes gradient descent work.

Perceptron Rule + Step function Delta Rule + Sigmoid(net)



Questions?
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Neural Nets

• MLP (Multi-
Layer 
Perceptron)

• Fully 
Connected 
Network

• Feedforward 
Neural 
Network

• Artificial 
Neural 
Network 
(ANN)
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Break
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Backpropagation
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• Operates similarly to perceptron learning

12

Backpropagation – How we train NNs
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• Inputs are fed forward through the network
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• Inputs are fed forward through the network
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• Inputs are fed forward through the network
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• Errors are propagated back
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• Errors are propagated back
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• Adjust weights based on errors
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Backpropagation Math
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Backpropagation
Gradient search 
computes the gradient 
at our current spot on 
the Error space. We 
then adjust our weights 
to follow that gradient 
down to the minimum 
point.

To calculate the 
gradient, compute the 
partial derivative of the 
Error function with 
respect to the weights.
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Activation Function and its Derivative

• Node activation function f(net) is commonly the sigmoid

• Derivative of activation function is a critical part of the algorithm
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Backpropagation Learning Equations
Δ𝑤𝑖𝑗 = 𝐶𝛿𝑗𝑍𝑖

𝛿𝑗 = (𝑇𝑗 − 𝑍𝑗)𝑓′(𝑛𝑒𝑡𝑗) [Output Node]

𝛿𝑗 = ෍

𝑘

(𝛿𝑘𝑤𝑗𝑘) 𝑓′(𝑛𝑒𝑡𝑗) [Hidden Node]

C – Learning Rate
Z – Input
𝛿 (lowercase delta) – Blame – how much is 
this node responsible for the final error.

(Tj−Zj) – Target minus Output (we’ve seen this 
before.
𝑓′(𝑛𝑒𝑡𝑗) – Derivative of activation function
Output node is just delta rule!

σ𝑘(𝛿𝑘𝑤𝑗𝑘) – For each node you’re connected 
to, you ask ‘how much blame did you 
contribute (𝛿𝑘) and how strong was our 
connection (𝑤𝑗𝑘).
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Do you remember Calculus?
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A Few Differences:
Textbook uses (yk – tk) 
slides use (Tk – Zk)

Textbook uses 
wij = wij - change in w
Slides use 
wij = wij + change in w



CS 270 - Intro to Machine Learning 30

jnetjj
e

netfZ
-

+
==

1

1
)(

f '(net j ) = Z j (1- Z j )

Node] [Hidden     )(')(

Node][Output        )(')(

                      

j

k

jkkj

jjjj

ijij

netfw

netfZT

ZCw

å=

-=

=D

dd

d

d
1

4 5

2

6

3

+1

+1

7

Assume the following 2-2-1 MLP has all weights initialized to .5.  Assume a 
learning rate of 1. Show the updated weights after training on the pattern .9 .6 
-> 0.
Show all net values, activations, outputs, and errors. Nodes 1 and 2 (input 
nodes) and 3 and 6 (bias inputs) are just placeholder nodes and do not pass 
their values through a sigmoid.

Backpropagation Learning Example
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net4 = .9 * .5 + .6 * .5 + 1 * .5 = 1.25
net5 = 1.25
z4 = 1/(1 + e-1.25) = .777
z5 = .777
net7 = .777 * .5 + .777 * .5 + 1 * .5 = 1.277
z7 = 1/(1 + e-1.277) = .782

7 = (0 - .782) * .782 * (1 - .782) = -.133
4 = (-.133 * .5) * .777 * (1 - .777) = -.0115
5 = -.0115

Backpropagation Learning Example

.6.9

w47 = .5 + (1 * -.133 * .777) = .3964
w57 = .3964
w67 = .5 + (1 * -.133 * 1) = .3667

w14 = .5 + (1 * -. 0115 * .9) = . 4896
w15 = .4896
w24 = .5 + (1 * -. 0115 * .6) = . 4931
w25 = .4931
w34 = .5 + (1 * -. 0115 * 1) = .4885
w35 = .4885
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One More Time
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Forward Pass Example
(no learning happening here)
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Backward Pass Example
(Where the Magic Happens)
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j = Σ(j wjk)     *   Zj   *  (1 -  Zj)
4 = (-.133 * .5) * .777 * (1 - .777) = -.0115
5 = -.0115
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wij = wij + C j zi

Calculate new weights 

7 = -0.1335 = -0.0115

4 = -0.0115
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Quiz Time!
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Beyond Fully Connected MLPs
(Didn’t get to this last class)
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Neural Networks Beyond Fully Connected 
Layers - CNN
• Transforms and 

projections can help 
neural network learn 
structure.

• Convolutional Neural 
Network

• Used for image 
classification
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Neural Networks Beyond Fully Connected 
Layers - RNN
• Pass in last output in 

addition to current 
input

• Great for sequential 
data

• This is how we used 
to do text processing

• Recurrent Neural 
Network
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Neural Networks Beyond Fully Connected 
Layers - Autoencoders
• Use MLP to learn a 

latent space
• Then another MLP to 

reconstruct from the 
latents

• Form of compression
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Neural Networks Beyond Fully Connected 
Layers - Transformers
• House MLPs between 

attention layers
• Attention learns 

relationship between 
inputs

• Modern LLMs are 
transformers
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Neural Networks Beyond Fully Connected 
Layers - GANs
• Has multiple networks
• One to generate things, 

one to guess whether 
generated or real

• Play them against each 
other

• Tricky to train
• Out of fashion now
• How we used to do 

image generation
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