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Neural network
Back propagation

1986

¸ Solve general learning problems
¸ Tied with biological system"ÕÔ ÉÔ ÉÓ ÇÉÖÅÎ ÕÐȣ

Å Hard to train

Å Insufficient computational resources

Å Small training sets

Å Does not work well

2006

ÅSVM

ÅBoosting

ÅDecision tree

ÅKNN

Åȣ

Å Loose tie with biological systems

Å Shallow model

Å Specific methods for specific tasks

ï Hand crafted features (GMM-HMM, SIFT, LBP, HOG)
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Deep belief net
Science
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ÅUnsupervised & Layer-wised pre-training

ÅBetter designs for modeling and training 
(normalization, nonlinearity, dropout) 

ÅFeature learning

ÅNew development of computer architectures
ïGPU

ïMulti-core computer systems

ÅLarge scale databases

deep learning results

Speech

2011 2012

How Many Computers to Identify aCat?16000 CPU cores

Rank Name Error ra
te

Description

1 U. Toronto 0.15315 Deep Conv Net

2 U. Tokyo 0.26172 Hand-crafted fe
atures and learn
ing models.
Bottleneck.

3 U. Oxford 0.26979

4 Xerox/INRIA 0.27058

Object recognition over 1,000,000 images and 1,000 categories
(2 GPU)

History of Neural Network Research
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NEURAL NETWORKS
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Classification Problem

¸Problem of finding label Y given data X
Áex1) x: face image, y:personŚs name

Áex2) x:blood sugar measurement, blood pressureŏ|
y: diagnosis of diabetes

Áex3) x: voice, y: sentence corresponding to the voice

¸x: D-dimensional vector, y: integer (Discrete)

¸Famous pattern recognition algorithms
ÁSupport Vector Machine

ÁDecision Tree

ÁK-Nearest Neighbor

ÁMulti -Layer Perceptron (Artificial Neural Network; ╬̑ᾐ˿ᵬ)



Perceptron (1/2)



Perceptron (2/2)
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Parameter Learning in Perceptron

start : 
The weight vector w is generated randomly
test : 
A vector x ķ P ɯ N is selected randomly, 
If xķPand wƖx>0 goto test, 
If xķPand wƖxÖ0 goto add,
If x ķ N and w Ɩ x < 0 go to test,
If x ķ N and w Ɩ x × 0 go to subtract. 
add : 
Set w = w+x, goto test
subtract :
Set w = w -x, goto test



Sigmoid Unit

Classic
Perceptron

Sigmoid
UnitSigmoid function is 

Differentiable

¶s (x)

¶x
=s (x)(1- s (x))



Learning Algorithm of Sigmoid Unit

¸Loss Function

¸Gradient Descent Update

f (s) =1/ (1+e- s)

f '(s) = f (s)(1- f (s))
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Need for Multiple Units and Multiple Layers

¸Multiple boundaries are n
eeded (e.g. XOR problem) 
Ą Multiple Units

¸More complex regions are 
needed (e.g. Polygons) Ą
Multiple Layers



Structure of Multilayer Perceptron 
(MLP; Artificial Neural Network)

Input Output



Learning Parameters of MLP

¸Loss Function

ÁWe have the same Loss Function

ÁBut the # of parameters are now much more 
(Weight for each layer and each unit )

ÁTo use Gradient Descent, we need to calculat
e the gradient for all the parameters

Target
Unit

Output

2)( fd-=e

¸Recursive Computation of Gradients

ÁComputation of loss -gradient of the t
op -layer weights is the same as befor
e

ÁUsing the chain rule , we can compute 
the loss-gradient of lower -layer weight
s recursively (Back Propagation)



Back Propagation Learning Algorithm (1 /3)

¸Gradients of top -layer weights and update rule

¸Store intermediate value delta for later use of chain rul
e

d(k) =
¶e
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= (d - f ) f (1- f )
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Back Propagation Learning Algorithm (2/3)

¸Gradients of lower -layer weights
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Gradient Descent Update rule 
for lower -layer weights



Back Propagation Learning Algorithm (3/ 3)

¸Applying chain rule, recursive relation adsvddm cdks`ŝr
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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. B`kbtk`sd `bst`k fq`chdms ne `kk tmhsr trhmf cdks`ŝr
6. Update weights using Gradient Descent rule
7. Repeat 2~6 until converge



Applications

¸Almost All Classification Problems

ÁFace Recognition

ÁObject Recognition

ÁVoice Recognition

ÁSpam mail Detection

ÁDisease Detection

Áetc.



Limitations and Breakthrough

¸Limitations
ÁBack Propagation barely changes lower-layer parameters (Van

ishing Gradient)

ÁTherefore, Deep Networks cannot be fully (effectively) trained 
with Back Propagation

¸Breakthrough
ÁDeep Belief Networks (Unsupervised Pre -training)

ÁConvolutional Neural Networks (Reducing Redundant Parame
ters)

ÁRectified Linear Unit (Constant Gradient Propagation)

Input
x

Output
y'

Target
yErrorErrorError

Back-propagation



DEEP BELIEF NETWORKS
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