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Learning with Different Output Space )

d Y ={-1,+1}
multiclass classification: Y = {1,2,--- K}

( fr X =) ) structured learning: ) = structures
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Learning with Different Data Label y,

. call v,
» unsupervised: no yj,
— » semi-supervised: some y,
C R ) « reinforcement: implicit y, by goodness(§n)
l  ...and more!!
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hypothesis set
H

=. Learning with Different Protocol f(xn,yn)

final hypothesis
g=1i
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e Online
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Learning with Different Protocol f = (X, yn)

. : all known data
T ——— « online: sequential (passive) data
( f: X — ) ) » active: strategically-observed data
‘M' ... and more!!
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algorithm
A
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hypothesis set
H

Y. Learning with Different Input Space X

final hypothesis
g=1
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Learning with Different Input Space X’

« concrele: sophisticated (and related)
physical meaning

- » raw: simple physical meaning
) » abstract: no (or little) physical meaning
« ...and more!l

annown target functio
f: X —Yy

learning
algorithm
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training examples
D (%1, 01) - . (X )

final hypothesis
g=1T

hypothesis set
H
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@ Learning with Different Qutput Space Y
[classification], [regression], structured
# Learning with Different Data Label y,
[supervised], un/semi-supervised, reinforcement
® Learning with Different Protocol f = (X, y»)
[batch], online, active
@ Learning with Different Input Space &
[concrete], raw, abstract
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