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OUTLINE • Perceptron

• Stochastic Gradient Descent

• Backpropagation
̶ Boxing

̶ Sensitivity

̶ Weight updates
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Classification problem

• Given: Training set
̶ labeled set of 𝑁 input-output pairs

̶ 𝐷 = {(𝒙 𝑖 , 𝑦 𝑖 )}𝑖=1
𝑁

̶ 𝑦 = {1,… , 𝐾}

• Goal: Given an input 𝒙, assign it to one of 𝐾 classes

• Examples:
̶ Spam filter

̶ Handwritten digit recognition
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Perceptron
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Decision boundary

• Linear classifier
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−3 +
3

4
𝑥1 + 𝑥2 = 0

𝑖𝑓 𝑾𝑇𝑥 ≥ 0 𝑡ℎ𝑒𝑛 𝑦 = 1
Else 𝑦 = −1

𝒘 = [−3,0.75,1]
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SSE cost function for classification 

• SSE cost function is not suitable for classification
̶ Sum of Squared Errors loss penalizes “too correct”

predictions

̶ SSE also lack robustness to noise
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SSE cost function for classification 

• Is it more suitable if we set 𝑓(𝒙;𝒘) = 𝑔(𝒘𝑇𝒙)?
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Perceptron algorithm

• Linear classifier

• Two-class: 𝑦 ∈ −1,1 ; 𝑦 = −1 for 𝐶2, 𝑦 = 1 for 𝐶1

• Goal
̶ ∀𝑖, 𝒙 𝑖 ∈ 𝐶1 ⇒ 𝒘𝑇𝒙 𝑖 > 0

̶ ∀𝑖, 𝒙 𝑖 ∈ 𝐶2 ⇒ 𝒘𝑇𝒙 𝑖 < 0

• 𝑓(𝒙;𝒘) = 𝑔(𝒘𝑇𝒙)

̶ 𝑔(𝑧) = ቊ
−1, 𝑧 < 0
+1, 𝑧 ≥ 0
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𝑔(𝑧)

𝑓(𝒙;𝒘)
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Perceptron criterion

• Misclassification
̶ ∀𝑖, 𝒙 𝑖 ∈ 𝐶1 ⇒ 𝑦(𝑖) = +1 𝑏𝑢𝑡 𝒘𝑇𝒙 𝑖 < 0

̶ ∀𝑖, 𝒙 𝑖 ∈ 𝐶2 ⇒ 𝑦(𝑖) = −1 𝑏𝑢𝑡 𝒘𝑇𝒙 𝑖 > 0
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𝒘𝑇𝒙 𝑖 𝑦(𝑖) < 0
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OUTLINE • Perceptron

• Stochastic Gradient Descent

• Backpropagation
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̶ Sensitivity

̶ Weight updates
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Batch gradient for descent
Perceptron

• “Gradient Descent” to solve the optimization problem

• Batch Perceptron converges in finite number of steps
for linearly separable data
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Stochastic gradient descent for 
Perceptron

• Single-sample perceptron
̶ If 𝒙(𝑖) is misclassified

𝒘𝑡+1 = 𝒘𝑡 + 𝜂𝒙(𝑖)𝑦(𝑖)

• Perceptron convergence theorem
(for linearly separable data)
̶ If training data are linearly

separable, the single-sample
perceptron is also guaranteed to
find a solution in a finite number of
steps.
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Convergence of Perceptron

• Change 𝒘 in a direction that corrects the error
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Convergence of Perceptron
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Backpropagation

• An example of a multi-layered neural network
̶ Input: 10 numbers

̶ Output: 4 decisions or predictions
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Backpropagation (concept 1)

• Boxing
̶ Tacking on an extra computational block to calculate the

error

̶ Next, we choose one of the layers (say Layer 3) and
enclose that layer and all following layers in a box
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Backpropagation (concept 1)

• Boxing (cont.)
̶ This box: current box

̶ Input to this box: current input
̶ {𝑐1, 𝑐2, 𝑐3, 𝑐4, 𝑐5, 𝑐6}

̶ Relationship between the current input to the box and
the output
̶ 𝑒 = 𝐸(𝑐1, 𝑐2, 𝑐3, 𝑐4, 𝑐5, 𝑐6)
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Backpropagation (concept 2)

• Sensitivity
̶ partial derivatives

̶
𝜕𝐸

𝜕𝑐1
,
𝜕𝐸

𝜕𝑐2
,
𝜕𝐸

𝜕𝑐3
, …

̶ given a name for partial derivatives
̶ Sensitivity: δ𝑐1, δ𝑐2, δ𝑐3, δ𝑐4, δ𝑐5, δ𝑐6

∆𝑐1 −−−−−−−−−→ ∆𝑐1δ𝑐1

∆𝑐4 −−−−−−−−−→ ∆𝑐4δ𝑐4

current input changes 
by the small amount

expect the error 
change at the output



10/4/2017 M.A Keyvanrad     Deep Learning (Lecture2-A Review of Artificial Neural Networks) 25

Backpropagation (concept 2)

• Sensitivity of the preceding box
̶ Layer 2 and all following layers

̶ δ𝑝1, δ𝑝2, δ𝑝3, δ𝑝4
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Backpropagation (concept 2)

• Computing sensitivity component of δ𝑝1 =
𝜕𝐸

𝜕𝑝1

sensitivities are propagated backwards
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Backpropagation (concept 2)

• Computing sensitivity component of starting point
̶ consider the error computing block itself
̶ Input : {𝑜1, 𝑜2, 𝑜3, 𝑜4}

̶ Output: 𝑒

̶ sensitivity of the error computing block

̶ {2(𝑜1 − 𝑡1), 2(𝑜2 − 𝑡2), 2(𝑜3 − 𝑡3), 2(𝑜4 − 𝑡4)}
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Backpropagation (concept 3)

• Weight updates
̶ Using gradient descent
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Backpropagation (Addition of 
bias)

• Use of bias generally results in a faster convergence of
the training process.
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Backpropagation (Summary)

• Step 1: Initialize the weights and set the learning rate and
the stopping criteria.

• Step 2: Randomly choose an input and the corresponding
target.

• Step 3: Compute the input to each layer and the output of
the final layer.

• Step 4: Compute the sensitivity components.

• Step 5: Compute the gradient components and update the
weights.

• Step 6: Check against the stopping criteria. Exit and return
the weights or loop back to Step 2.
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