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Supervised Learning

Supervised Learning
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Summary

Supervised Learning supervised learning: induction, generalization
classification vs regression
m k-NN

numeric, ordinal, discrete
confidence estimates

Neural Networks

k-NN : distance function (any attributes), any labels
Neural network : numeric attributes, numeric or binary labels
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Using the £-Nearest Neighbors

majority. £ = 1 gives Voroni cells

Supervised Learning

® Summary

Neural Networks d(a’7 b) — \/Z:(a’Z R bZ)Q

normalize dimensions (divide by \/% > il — )?)
weight by distance?

+: robust to noise, choose k by easy cross-validation
—: memory, kd-tree, irrelevant features, sparse data in high d
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Neural Networks

Neural Networks
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Neural Networks

numeric attributes, numeric or binary labels

Supervised Learning

Neural Networks un |tS

plain single layer: regression

B Regression

On-line Regression ~~ Single layer with thresholds: Perceptron

| |

m LMS

m Break

- Thiee [y +: general (can be non-linear)

m BackProp . .

= EOLQs —: hard to train, hard to interpret
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Regression

g = 6Oofolx)+01fi(x)+O2fa(z)+ ...

B Regression
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Regression

Supervised Learning

Neural Networks :& — Hofo(aj) —+ Hlfl (.CU) -+ 02f2 (.CU) + ...

m Neural Networks

B Regression

® On-line Regression
m LMS

Break

Three layers
BackProp

EOLQs

Oy + 01 x
Oy + 01x + 923?2 + (935(33
Oy + 01 sinx

NP SN
I

N
|

How to learn for large data, or on-line?
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On-line Regression

y = 0f(x)

_ G-y,

USSR given sample x, y, want update to decrease E 5
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On-line Regression

y=0f(z)
- 2
USSR given sample z, y, want update to decrease E = @:
)
0; <~ 0;—a—
) ) 592
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On-line Regression

Supervised Learning

Neural Networks Yy = Qf(a:)

m Neural Networks

B Regression o

given sample x, 7y, want update to decrease E = (y_Qy) :

m LMS

m Break 5E

e Oi — bOi—as,

m EOLQs 507,
SE 8 (§—y)’
5(97; 59@' 2
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On-line Regression

Supervised Learning

e e y=0f(x)
B Regression R
given sample x, 7y, want update to decrease E = (y_Qy)Q:
m Break 5E
® Three layers
m BackPro 97, < 07, —
[ EOLkCF;s ’ 502
B 0 (§—y)
60; 80, 2
= G-= (- y)
— y—y 50, y—1y
)
— (i —u)— (8 _
(7 —v) 59@-( f(z) —y)
= (0 —y)filx)
0; « O;i—a(y—uy)fi(z)
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The LMS Procedure
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The LMS Procedure

Supervised Learning

Neural Networks

® Neural Networks
B Regression

® On-line Regression
m Break

B Three layers

m BackProp

m EOLQs

y = 0Ox

0 «— 0—aly—yx

for x = (0, z1,z2), the updates are:

Op < 6p—a(y—vy)
01 <~ 6 —aly—y)
O — 02— a(y—y)

a=~1/N? or100/(100 + N)? or 0.17

L1

L2

A rule, LMS weight update, Adaline rule, Widrow-Hoff rule,

Perceptron rule
converges if data are linear

perceptron in finite time if linearly separable
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Break

m asst4
m  exam 2: planning, MDPs, RL
m projects!
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The Three-layer Architecture

Supervised Learning hldden Iayer
Neural Networks non‘hnear!
Neural Networks training: backwards error propagation

Regression

On-line Regression recurrence
LMS

Break

m BackProp

m EOLQs
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Backwards Error Propagation

Supervised Learning k inputs, 7 hidden units, 7 outputs
Neural Networks g'(in;) is derivative of activation function wrt input i

m Neural Networks

B Regression
® On-line Regression
/ . A
" LS Ai = ¢(ni)(§—y)
m Break
m Three layers Wj,’L — Wj,’L _ Oéa,j A’L

m EOLQs
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Backwards Error Propagation

Supervised Learning k inputs, 7 hidden units, 7 outputs
Neural Networks g'(in;) is derivative of activation function wrt input i

m Neural Networks

B Regression
® On-line Regression

/ . A
= LMS A = g(m)(§—uv)
m Break
B Three layers W]’L — W] i — Ay A’L
| |
m EOLQs Aj = g'(inj) Z Wj,q;Ai
/)

Wk,j = Wk,j—aakAj

only locally optimal, dependence on structure
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EOLQs

Supenvised Lleaming What question didn't you get to ask today?
Neural Networks m  What's still confusing?
= Neural Networks m  What would you like to hear more about?

B Regression

® On-line Regression

. LMS Please write down your most pressing question about Al and put

m Break .
= Three layers it in the box on your way out.
m BackProp Thanks.l
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