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Where'are'we'?'!''
Five'major'secKons'of'this'course'

" 'Regression'(supervised)'
" 'ClassificaKon'(supervised)'
" 'Unsupervised'models''
" 'Learning'theory''
" 'Graphical'models''
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A study comparing Classifiers'
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Proceedings'of'the'23rd'InternaKonal'
Conference'on'Machine'Learning'(ICML'`06).''

A study comparing Classifiers  
! 11'binary'classificaKon'problems'/'8'metrics''
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Proceedings'of'the'23rd'InternaKonal'
Conference'on'Machine'Learning'(ICML'`06).''



A study comparing Classifiers  
! 11'binary'classificaKon'problems''

'
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Proceedings'of'the'23rd'InternaKonal'
Conference'on'Machine'Learning'(ICML'`06).''

Today$

# 'Basic'Neural'Network'(NN)'
# 'single'neuron,'e.g.'logisKc'regression'unit''
# 'mulKlayer'perceptron'(MLP)'
# 'for'mulK\class'classificaKon,'so]max'layer'
# 'More'about'training'NN''
'

# 'Deep'CNN,''Deep'learning'''
# 'History''
# 'Why'is'this'breakthrough'?''
# 'Recent'applicaKons''

'
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Logistic Regression 

classification 

Log-odds(Y) = linear 
function of X�s  

EPE, with conditional 
Log-likelihood  

   Iterative (Newton) method  

Logistic 
weights 

Task  

Representation  

Score Function  

Search/Optimization  

Models, 
Parameters 

  
P( y = 1 x) = 1

1+ e−(α+βx )
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Using'LogisKc'FuncKon'to'Transfer''
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Logistic regression

Logistic regression  could be illustrated as a module 

On input x, it outputs ŷ: 

where  

Draw a 
logistic
regression 
unit as: 

Σ'

x1'

x2'

x3'

+1'

ŷ'='P'(Y=1|X,Θ)'
wT !x + b

1
1+ e− z

Bias'

Summing 
function 

Activation 
function 

Output 
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1'Neron'example''

•  1'neuron,'e.g.''
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Σ'

x1'

x2'

x3'

+1'
Bias'

Summing 
function 

Activation 
function 

Output 

w1 

w2 

w3 

b 

•  Common ones include: 
–  Threshold / Step function:  f(v) = 1 

if v > c, else -1 
–  Sigmoid (s shape func):   

•  E.g. logistic func: f(v) = 1/(1 + e-v), Range 
[0, 1] 

–  Hyperbolic Tanh :  f(v) = (ev – e-v)/
(ev + e-v), Range [-1,1] 

•  Desirable properties: 
–  Monotonic, Nonlinear, Bounded 
–  Easily calculated derivative 

Transfer / Activation functions 

0'
0'

1'

z

a

ze
a −+
=
1

1

   step func 

   sigmoid func 
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Perceptron:$Another$1ENeuron$Unit'
(Special'form'of'single'layer'feed'forward)'

−  The'perceptron'was'first'proposed'by'Rosenblaj'
(1958)'is'a'simple'neuron'that'is'used'to'classify'
its'input'into'one'of'two'categories.''

−  A'perceptron''uses'a'step$funcIon'that'returns'+1'
if'weighted'sum'of'its'input'large'or'equal'to'0,'
and'\1'otherwise'

Σ'

x1 

x2 

xn 

w2 
w1 

wn 

 b (bias) 

v 
y 

φ(v) 
⎩
⎨
⎧

<−
≥+

=
0 if 1
0 if 1

)(
v
v

vϕ

Summing 
function 

Activation 
(Step) function 
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Single'Layer'Feed\forward''
i.e.'(one'layer'of'4'output'neurons)'

Input layer 
of 

source nodes 

Output layer 
of 

neurons 

input' output'

Four'neurons'
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MulK\Layer'Perceptron'(MLP)'
String a lot of logistic units together.  Example:  3 layer network:  

x1'

x2'

x3'

+1' +1'

a3'

a2'

a1'

Layer'1' Layer'2'

Layer'3'

hidden'input' output'

y 
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MulK\Layer'Perceptron'(MLP)'

x1'

x2'

x3'

+1' +1'

Layer'1' Layer'2'

Layer'4'
+1'

Layer'3'

Example:''4'layer'network'with'2'output'units:''

hidden'input' output'hidden'

! y
!"
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•    Connection Type (e.g.  

 - Static (feed-forward) 
 - Dynamic (feedback) 

•   Topology (e.g.  
 - Single layer 
 - Multilayer 
 - Recurrent 
 - Recursive 
 - Self-organized   

•   Learning Methods (e.g.  
 - Supervised 
 - Unsupervised 

Types of Neural Networks  
(according to different attributes) 
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You'can'go'very'crazy'with'
designing'such'neural'networks'…..''

Prof.'Nando'de'Freitas’'slide'
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# 'Basic'Neural'Network'(NN)'
# 'single'neuron,'e.g.'logisKc'regression'unit''
# 'mulKlayer'perceptron'(MLP)'
# 'for'mulK\class'classificaKon,'so]max'layer'
# 'More'about'training'NN''
'

# 'Deep'CNN,''Deep'learning'''
# 'History''
# 'Why'is'this'breakthrough'?''
# 'Recent'applicaKons''

'
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i

j

k

vij'

wjk'

When'for'Regression'

●  Training'NN'in'
order'to'
minimize'the'
network'total'
sum'squared'
error'(SSE).'

(yk-ŷk) 
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When'for'classificaKon''
(e.g.'1'neuron'for'binary'output'layer')''
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ŷ'='P'(Y=1|X,Θ)'

E(θ ) = Loss(θ ) = − {logPr(Y = yi | X = xi )}
i=1

N

∑

= − yi log(ŷi )+ (1− yi )log(1− ŷi )
i=1

N

∑

For'Bernoulli'distribuKon,'''

p(y =1| x)y (1− p)1−y

Cross\entropy'loss'funcKon,'OR'named'as''“deviance”'''

i

j



When'for'mulK\class'classificaKon''
(last'output'layer:'so]max'layer)''
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When'mulK\class'output,'last'layer'is'
so]max'output'layer'!'a'
mulKnomial'logisKc'regression'unit'

Output'units'

z'

y'

z'

y'

z'

y'1'

1' 2'

2' 3'

3'

Review:$$$MulIE
class$variable$
representaIon$$

•  MulK\class'variable'!'
'An'indicator'basis'vector'
representaKon'

–  If'output'variable'G'has'K'
classes,'there'will'be'K'indicator'
variable'y_i'

•  How'to'classify'to'mulK\class'?''
– Strategy'I:''learn'K'different'
regression'funcKons,'then'max'

'
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Class 

N 

f1(x),''f2(x),'f3(x),''f4(x)''''



Strategy'II:'Use'�so]max��layer'funcKon'for'
mulK\class'classificaKon'

yi =
ezi

ezj
j
∑

∂yi
∂zi

= yi (1− yi )

So]max'
Output'

z'

y'

z'

y'

z'

y'1'

1' 2'

2' 3'

3'
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Use'�so]max�'layer'funcKon'for'
mulK\class'classificaKon'
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The'natural'cost'funcKon'is'the'
negaKve'log'prob'of'the'right'answer'

!'Cross'entropy'loss'funcKon':''

The'steepness'of'funcKon'E'exactly'balances'the'
flatness'of'the'so]max''

Ex () = − trueyj ln
j=1....K
∑ yj = − trueyj ln

j
∑ p(yj =1| x)

∂E
∂zi

=
∂E
∂yj

∂yj
∂zij

∑ = yi − trueyi
Error'calculated'
from''Output'vs.'

true''



A'special'case'of'so]max'for'two'classes'

•  So'the'logisKc'is'just'a'special'case'that'avoids'
using'redundant'parameters:''
– Adding'the'same'constant'to'both'z1'and'z0'has'
no'effect.'

– The'over\parameterizaKon'of'the'so]max'is'
because'the'probabiliKes'must'add'to'1.'

)(1
0101

1

1
1

zzzz

z

eee
ey −−+

=
+

=
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Today$

# 'Basic'Neural'Network'(NN)'
# 'single'neuron,'e.g.'logisKc'regression'unit''
# 'mulKlayer'perceptron'(MLP)'
# 'for'mulK\class'classificaKon,'so]max'layer'
# 'More'about'training'MLP'NN''
'

# 'Deep'CNN,''Deep'learning'''
# 'History''
# 'Why'is'this'breakthrough'?''
# 'Recent'applicaKons''

'
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•  Using backward recurrence to jointly optimize all parameters 
•  Requires all activation functions to be differentiable 
•  Enables flexible design in deep model architecture 
•  Gradient descent is used to (locally) minimize objective: 
  

W k+1 =W k −η
∂E
∂W k

Y. LeCun et al. 1998. Efficient BackProp. 

Olivier Bousquet and Ulrike von Luxburg. 2004. Stochastic Learning. 

Backpropagation'
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Training a neural network

Given training set (x1, y1), (x2, y2), (x3, y3 ), …. 
Adjust parameters � (for every node) to make:  the predicted output close to true label

(Use gradient descent. �Backpropagation� algorithm. Susceptible to local optima.)  
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'
'
'
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Review:''Linear'Regression'with'
StochasKc'GD'!'

•  We'have'the'following'descent'rule:''

'

'
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∑
=

−=
n

i
i

T
i yJ

1

2

2
1 )()( θθ x

tj

t
j

t
j J )(θ

θ
αθθ
∂
∂−=+1

How'do'we'pick'α? 
1.  Tuning set, or 
2.  Cross validation, or 
3.  Small for slow, conservative learning 

•  For'LR:'linear'regression,'We'have'the'
following'descent'rule:''

'
•  !'For'neural'network,'we'have'the'delta'rule''

'

'

Review:''StochasKc'GD'!'
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Δw = −η ∂E
∂Wt

tj

t
j

t
j J )(θ

θ
αθθ
∂
∂−=+1

!!
Wt+1 =Wt −η ∂E

∂Wt =W
t +Δw



Backpropagation  

●  Back\propagaKon'training'algorithm'

Network activation 
Forward Step 

 
Error propagation 
Backward Step 
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input' Σ'
x1'

x2'

+1'

Output  ŷ 

w1 

w2 
w3 

b2 
Σ'

Σ'

f1' f2' f3'

E(y,'ŷ)''

f4'
T=4'

w4 

b1 

w6 

w5 

Output  o1 

o2 h2 

Output h1'

For'instance'!'for'regression''

Θ1'

Θ1' Θ2' Θ3' Θ4'

+1' b3 

for sigmoid unit o,   
its derivative is,   
o�(h) = o(h) * (1 - o(h)) 
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Dr.'QI’s'CIKM'2012'paper/talk''
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T Error propagation 
Backward Step 

Dr.'QI’s'CIKM'2012'paper/talk''
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•  1.'IniKalize'network'with'random'weights'
•  2.'For'all'training'cases'(examples):'

– a.'Present'training'inputs'to'network'and'
calculate'output'of'each'layer,'and'final'layer'

– b.'For'all'layers'(starKng'with'the'output'
layer,'back'to'input'layer):'

•  i.'Compare'network'output'with'correct'output'
'''''''(error'funcKon)'
•  ii.'Adapt'weights'in'current'layer'

Backpropagation  

Wt+1 =Wt −η
∂E
∂Wt
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Backpropagation Algorithm  

– Main Idea: error in hidden layers 

The ideas of the algorithm can be summarized as follows : 
 
 
1. Computes the error term for the output units using the 
  observed error. 
 
2. From output layer, repeat  

-  propagating the error term back to the previous layer and  
-  updating the weights between the two layers  
until the earliest hidden layer is reached. 
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Today$

# 'Basic'Neural'Network'(NN)'
# 'single'neuron,'e.g.'logisKc'regression'unit''
# 'mulKlayer'perceptron'(MLP)'
# 'for'mulK\class'classificaKon,'so]max'layer'
# 'More'about'training'NN''
'

# 'Deep'CNN,''Deep'learning'''
# 'History''
# 'Why'is'this'breakthrough'?''
# 'Recent'applicaKons''

'
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Many'classificaKon'models''
invented'since'late'80’s'

•  Neural'networks'
•  BoosKng'
•  Support'Vector'Machine'
•  Maximum'Entropy''
•  Random'Forest'
•  ……''
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Deep'Learning'in'the'90’s''

•  Prof.'Yann'LeCun'invented'ConvoluKonal'
Neural''Networks''

•  First'NN'successfully'trained'with'many'layers''
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“LetNet”'Early'success'at'OCR''
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Y.'LeCun,'L.'Bojou,'Y.'Bengio,'and'P.'Haffner,'Gradient\based'learning'applied'to'document'recogniKon,'
Proceedings'of'the'IEEE'86(11):'2278–2324,'1998.'



Between'~2000''to''~2011'
Machine'Learning'Field'Interest'

•  Learning'with'Structures'!''
– Kernel'learning'
– Transfer'Learning'
– Semi\supervised''
– Manifold'Learning'
– Sparse'Learning'
– Structured'input\output'learning'…''
– Graphical'model''
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“Winter$of$Neural$Networks”$
Since$90’s$!$$$$$to''~2010'

•  Non\convex'

•  Need'a'lot'of'tricks'to'play'with'
– How'many'layers'?''
– How'many'hidden'units'per'layer'?'''
– What'topology'among'layers'?'…….''

•  Hard'to'perform'theoreKcal'analysis''
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ISI' OXFORD_VGG' XRCE/INRIA' University'of'
Amsterdam'

LEAR\XRCE' SuperVision'

Er
ro
r'r
at
e'

Large\Scale'Visual'RecogniKon'Challenge'2012'

10%'improve''
with'deepCNN'
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6.3%'

12.5%'

25.0%'

50.0%'

100.0%'
1992' 1994' 1996' 1998' 2000' 2002' 2004' 2006' 2008' 2010' 2012'

W
or
d'
er
ro
r'r
at
e'

Year'

Speech'RecogniKon'

Read' ConversaKonal' Source:'Huang'et'al.,'CommunicaKons'ACM'01/2014'

HMM\GMM'
Hasn’t'be'able'to'improve'
for'10'years'!!!''
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WHY$BREAKTHROUGH$?$$
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How'can'we'build'more'intelligent'
computer'/'machine'?''

•  Able'to''
–  perceive$the$world$
–  understand$the$world$$

•  This'needs'
–  Basic'speech'capabiliKes'
–  Basic'vision'capabiliKes''
–  Language'understanding''
– User'behavior'/'emoKon'understanding''
–  'Able'to'think'??'
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Plenty'of'Data'

•  Text:'trillions'of'words'of'English'+'other'languages''
•  Visual:'billions'of'images'and'videos'
•  Audio:'thousands'of'hours'of'speech'per'day'
•  User'acKvity:''queries,'user'page'clicks,'map'requests,'etc,''
•  Knowledge'graph:'billions'of'labeled'relaKonal'triplets''

•  ………'
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Dr.'Jeff'Dean’s'talk''

Deep$Learning$Way:$$
Learning$features$/$RepresentaIon$from$data 

Feature Engineering  
$  Most critical for accuracy  
$ # Account for most of the computation for testing  
$  #Most time-consuming in development cycle  
$ # Often hand-craft and task dependent in practice  

Feature Learning  
$  Easily adaptable to new similar tasks   
$  Layerwise representation  
$  Layer-by-layer unsupervised training 
$  Layer-by-layer supervised training 54'11/2/15'
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● Data'representaKon'
● Network'Topology'
● Network'Parameters'
● Training'
● Scaling up with graphics processors
● Scaling up with Asynchronous$SGD'

● ValidaKon'

DESIGN ISSUES for Deep$NN 
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Application I: Objective 
Recognition / Image Labeling  

Deep Convolution Neural Network (CNN) won (as Best systems) 
on �very large-scale��ImageNet competition 2012 / 2013 / 2014 
(training on 1.2 million images [X] vs.1000 different word labels [Y])  
 \''2013,'Google'Acquired'Deep'Neural'Networks'Company'headed'by'

Utoronto'“Deep'Learning”'Professor'Hinton'
\''2013,'Facebook'Built'New'ArKficial'Intelligence'Lab'headed'by'NYU'
“Deep'Learning”'Professor'LeCun'

89%, 2013  
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Application II: Semantic Understanding 
Word'embedding'(e.g.'google'word2vector'/'skipgram')''

•  Learn to embed each word into a vector 
of real values  
–  Semantically similar words have closer embedding 

representations 

•  Progress in 2013/14 
–  Can'uncover'semanKc'/syntacKc'word'relaKonships''
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Application III: Deep'
Learning'to'Play'Game' 

'
•  DeepMind:'Learning'to'Play'&'win'dozens'of'
Atari'games''
– a'new'Deep'Reinforcement'Learning'algorithm''
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Application IV: Deep'Learning'to'
Execute'and'Program' '

•  Google'Brain'&'NYU,'October'2014'
•  RNN'trained'to'map'character'representaKons'
of'programs'to'outputs''

•  Can'learn'to'emulate'a'simplisKc'Python'
interpreter'Limited'to'one\pass'programs'with'
O(n)'complexity''
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Application IV: Deep'Learning'to'
Execute'and'Program''
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Summary$$

# 'Basic'Neural'Network'(NN)'
# 'single'neuron,'e.g.'logisKc'regression'unit''
# 'mulKlayer'perceptron'(MLP)'
# 'for'mulK\class'classificaKon,'so]max'layer'
# 'More'about'training'NN''
'

# 'Deep'CNN,''Deep'learning'''
# 'History''
# 'Why'is'this'a'breakthrough'?''
# 'Recent'applicaKons''

'

11/2/15' 65'

Dr.'Yanjun'Qi'/'UVA'CS'6316'/'f15'

References$$

" 'Dr.'Yann'Lecun’s'deep'learning'tutorials''
" 'Dr.'Li'Deng’s'ICML'2014'Deep'Learning'Tutorial''
" 'Dr.'Kai'Yu’s'deep'learning'tutorial''
" 'Dr.'Rob'Fergus’'deep'learning'tutorial'''
" 'Prof.'Nando'de'Freitas’'slides'
" 'Olivier'Grisel’s'talk'at'Paris'Data'Geeks'/'Open'
World'Forum''

" 'HasKe,'Trevor,'et'al.'The'elements'of'sta7s7cal'
learning.'Vol.'2.'No.'1.'New'York:'Springer,'2009.'

'
11/2/15' 66'

Dr.'Yanjun'Qi'/'UVA'CS'6316'/'f15'


