Chapter 7: Machine Learning



Ji

zt

MM

T O m m g O W >

H

= ™WIIRF MEH (Bias-Variance, Overfitting)

& 21 (OH, oI, &E)
== 430t B KIH
ZXIAE 2
Naive Bayes

SVM (NIZEE HIF [HA)






ML 2IEIR 371X &

Conceptual

ML JHE/E01Cl OloH=
HAE

"Bias-variance
tradeofft?"

"PCA= HEH| &S0k=
Jp?"

ELIS Bf4lOo=Z 8438 @

==
Hl=

o [HEE9| DS CIHFNIA

=kI=

Resume-Driven

O

"AF=Zol REIO| trade-
off=2"
OTZNE Q| £t24 20K

==



OIE{E X2k 200} & $HA OIE

-

o [HEE0| DS= HIZLIA EXIoiE =& — Eldld MEdE0 JIEJ0 s
o D= J|RH0| LIRHM &&I3| O1F — "HHR1D L= KINIDF HA EHEHCHLS
o "E0I5k= ML gi112|1E2?" 2F HI=Z — &N Al 0| Y= JI- ZH 2
o SOTA ESHAIIMELt JI2HO0IHA SOIZ2 JIBI0I CHH0l R2let
« ML ENgineering/Research Scientist &2 £otM Q- + 24 AR ZHI 2R






& "Jtvs B MEH

- DE n"JHEvaIuatlon) S8 S HAEMUAN 22 d5= =Eok= 1HE
28 HIOIE(80%) 2t HIAE HIOIH(20%) & £2I6k=

HEO| JiXl= Ol 2 X1 =t QIOIE 0 CHet ==
o DG MEH(Selection): BII=EI REIE = X8 HEZ T1==
o HIZLIA/NISE M= 21 02460 &t
o FacebookMIM CTRO.1% JHA& = $10M+ =Tt D=
o OIS HOIA AELCINIAM 2 H|W-[CHE-MEH =0|Jt KIAAAEH| OlHE



Bias-Variance Trade-off: Ji2 2ol

Variance

Irreducible Error
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Bias-Variance: &%

High Variance, Low Bias

High Bias, Low Variance
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Model Complexity2l Overfitting

"All models are wrong, but some are useful"

— George Box
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Regularization: L1 vs L2

L1 (Lasso) L2 (Ridge)
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Elastic Neti}

e Elastic Net: L11tL2
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Precision vs Recall Trade-off
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F1 Score?t ROC/AUC
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