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Sigmoid�Unit



Learning�Algorithm�of�Sigmoid�Unit

n Loss Function

n Gradient Descent Update

f (s) =1/ (1+ e−s )
f '(s) = f (s)(1− f (s))
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Setting number of layers and their sizes

https://cs231n.github.io/neural-networks-1/



Need�for�Multiple�Units�and�Multiple�Layers

n Multiple�boundaries�are�
needed�(e.g. XOR�
problem)�

àMultiple�Units

n More�complex�regions�
are�needed�(e.g.
Polygons)�

àMultiple�Layers

http://cs.stanford.edu/people/karpathy/convnetjs/demo/classify2d.html

http://cs.stanford.edu/people/karpathy/convnetjs/demo/classify2d.html


Structure�of�Multilayer�Perceptron

6
http://cs231n.stanford.edu/slides/winter1516_lecture4.pdf



Structure�of�Multilayer�Perceptron�
(MLP;�Artificial�Neural�Network)

Input Output



Learning�Parameters�of�MLP

n Loss�Function
n We�have�the�same�Loss�Function
n But�the�#�of�parameters�are�now�
much�more�(Weight�for�each�layer�
and�each�unit)

n To�use�Gradient�Descent,�we�need�
to�calculate�the�gradient�for�all�the�
parameters

n Recursive�Computation�of�
Gradients
n Computation�of�loss-gradient�of�
the�top-layer weights�is�the�same
as�before

n Using�the�chain�rule,�we�can�
compute�the�loss-gradient�of�
lower-layer�weights�recursively�
(Back�Propagation)
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Back�Propagation�Learning�Algorithm�
(1/3)

n Gradients of top-layer weights and update rule

n Store intermediate value delta for later use of chain rule

δ (k ) =
∂ε
∂si

( j ) = (d − f )
∂f
∂si

( j )

= (d − f ) f (1− f )

2)( fd -=e
∂ε
∂W

= −2(d − f )∂f
∂s
X = −2(d − f ) f (1− f )X
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Back�Propagation�Learning�Algorithm�
(2/3)

n Gradients of lower-layer weights
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Back�Propagation�Learning�Algorithm�
(3/3)

n Applying chain rule, recursive relation between delta’s
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Algorithm: Back Propagation

1. Randomly Initialize weight parameters
2. Calculate the activations of all units (with input data)
3. Calculate top-layer delta
4. Back-propagate delta from top to the bottom
5. Calculate actual gradient of all units using delta’s
6. Update weights using Gradient Descent rule
7. Repeat 2~6 until converge



An example of the MLP
n Example

n 64-2-3 network for classifying 3 
characters

n 64-dim inputs
n 2 hidden units
n 3 output units

n Learned i-to-h weights
n Describe feature groupings useful 

for classification



Limitations�and�Breakthrough
n Limitations

n Back�Propagation�barely�changes�lower-layer�parameters�
(Vanishing�Gradient)

n Therefore,�Deep�Networks�cannot�be�fully�(effectively)�
trained�with�Back�Propagation

n Breakthrough
n Deep�Belief�Networks�(Unsupervised�Pre-training)
n Convolutional�Neural�Networks�(Reducing�Redundant�
Parameters)

n Rectified�Linear�Unit�(Constant�Gradient�Propagation)
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Solutions
n Stochastic�Gradient�Descent

14http://yann.lecun.com/exdb/publis/pdf/lecun-98b.pdf



Solutions
n Learning�Rate�Adaptation

15http://courses.cs.tau.ac.il/Caffe_workshop/Bootcamp/pdf_lectures/Lecture%204%20CNN%20-%20optimization.pdf
http://yann.lecun.com/exdb/publis/pdf/lecun-98b.pdf
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Solutions

n State-of-the-art�optimization�techniques�on�NN
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