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» Supervised learning

= Unsupervised learning

» Semi-supervised learning

x> Reinforcement learning
e I B 5 2

o YIZREYE training data

o P model ------- {2 %% 8] hypothesis
o PR HEN] evaluation criterion -------- KM strategy

w H Y% algorithm
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wxoInstance, featurevector, feature space
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20-141 K R Y 0-1 loss function

1, Y=#/(X)

0, Y=f(X)
2P 7 51 55 BRI 21 quadratic loss function
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s 2850 51 25 PR 2T absolute loss function
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PR %8 loglikelihood loss function

L(Y,P(Y| X))=-log P(Y | X)
151 5% PR B 3 22
R ()= ELLL(Y, fON] = [, | L(, f(x)P(, y)dxdy
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7~ 12XBET] generalization ability

w2 iR Z generalization error

R ()= ES[LY, F XN = [ Ly, f()P(x, y)dxdy
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R(f)< R(f)+é&(d,N,d)
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Y= f(X)
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P(Y | X)
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TP true positive
wFN false negative
wFP false positive
TN true negative
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P TP
TP+ FP
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i\ : At Microsoft Research, we have an insatiable

curiosity and the desire to create new technology that

will help define the computing experience.

it : At/O Microsoft/B Research/E, we/O have/O
an/QO insatiable/6 curiosity/E and/O the/O desire/BE
to/O create/O new/B technology/E that/O will/O
help/O define/O the/O computing/B experience/E.
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