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Where!are!we!?!!!!
Five!major!secOons!of!this!course!

" !Regression!(supervised)!
" !ClassificaOon!(supervised)!
" !Unsupervised!models!!
" !Learning!theory!!
" !Graphical!models!!
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Yanjun Qi
This is just first part of the whole lecture. 
Full lecture is in L21. 



A study comparing Classifiers!

11/6/14! 3!

Yanjun!Qi!/!UVA!CS!4501J01J6501J07!

Proceedings!of!the!23rd!InternaOonal!
Conference!on!Machine!Learning!(ICML!`06).!!

A study comparing Classifiers  
! 11!binary!classificaOon!problems!/!8!metrics!!
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A study comparing Classifiers  
! 11!binary!classificaOon!problems!!

!
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Today$

# !Neural!Network!!
# MLP!!(MulOlayer!Perceptron!Network)!
# Training!!
!

# !Deep!CNN,!why!Deep!Learning!?!!

!
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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(c =1 x) = 1
1+ e−(α+βx )11/6/14! 7!
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Using!LogisOc!FuncOon!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 

MulOJLayer!Perceptron!(MLP)!!

•  1!neuron,!e.g.!!
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MulOJLayer!Perceptron!(MLP)!!
String a lot of logistic units together.  Example: A 3 layer network:  "

x1!

x2!

x3!

+1! +1!

a3!

a2!

a1!

Layer!1! Layer!2!

Layer!3!

hidden!input! output!

MulOJLayer!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!



•  Common ones include: 
–  Threshold 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] 

•  E.g. hyperbolic tanh  

–  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 

Today$

# !Neural!Network!!
# MLP!!(MulOlayer!Perceptron!Network)!
# Training!of!MLP!!
!

# !Deep!CNN,!why!Deep!Learning!?!!

!
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Training a neural network!

Given training set (x1, y1), (x2, y2), (x3, y3 ), …. "
"
Adjust parameters θ (for every node) to make: "
"
"
(Use gradient descent. �Backpropagation� algorithm. Susceptible to local optima.)  "
"

•  Backpropagation 
•  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
∂L
∂W k

Y. LeCun et al. 1998. Efficient BackProp. 

Olivier Bousquet and Ulrike von Luxburg. 2004. Stochastic Learning. 
16!



Backpropagation  

●  BackJpropagaOon!training!algorithm!

Network activation 
Forward Step 

 
Error propagation 
Backward Step 
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• Stochastic Gradient Descent (SGD) (first-order iterative 
optimization) 

• an online learning method 
• Approximates �true� gradient with a gradient at one data point 
• Attractive because of low computation requirement 
• Rivals batch learning methods on large datasets 



i

j

k

vij!

wjk!

When!for!Regression!

●  Back!
PropagaOon!
adjusts!the!
weights!of!the!
NN!in!order!to!
minimize!the!
network!total!
mean!squared!
error.!

When!for!classificaOon!!
(e.g.!1!neuron!for!binary!output!)!!
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ŷ!=!P!(Y=1|X,Θ)!

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

N

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

N

∑

For!Bernoulli!distribuOon,!!!

p(y =1| x)y (1− p)1−y

CrossJentropy!loss!funcOon,!OR!!deviance!!!

i

j

When!mulOJclass!output,!last!layer!is!
sonmax!output!layer!!!mulOnomial!
logisOc!regression!unit!



Today$

# !Neural!Network!!
# MLP!!(MulOlayer!Perceptron!Network)!
# Training!of!MLP!!
!

# !Deep!Learning!
# History!!
# ApplicaOon!!

!
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ClassificaOon!models!since!late!80’s!

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

•  Yann!LeCun!invented!ConvoluOonal!Networks!!

•  First!NN!successfully!trained!with!many!layers!!
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Since!2000J2011!!

•  Learning!with!Structures!!!!
– Kernel!learning!
– Transfer!Learning!
– SemiJsupervised!!
– Manifold!Learning!
– Sparse!Learning!
– Structured!inputJoutput!learning!…!!
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“Winter$of$Neural$Networks”$

Since$90’s$!!
•  NonJconvex!

•  Need!a!lot!of!tricks!to!play!with!!

•  Hard!to!perform!theoreOcal!analysis!!
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10%!improve!!
with!deepCNN!
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Speech!RecogniOon!

Read! ConversaOonal! Source:!Huang!et!al.,!CommunicaOons!ACM!01/2014!

HMMJGMM!
Hasn’t!be!able!to!improve!
for!10!years!!!!!!
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Deep$Learning$Way:$$

Learning$features$/$Representa8on$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 29!

Today$

# !Neural!Network!!
# MLP!!(MulOlayer!Perceptron!Network)!
# Training!of!MLP!!
!

# !Deep!Learning!
# History!!
# ApplicaOons!!
!

!
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