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® IFE=3] (Supervised learning) : WNEZ>2EFERAERIEFREZREIRGIZRIIIZM
1%, BREUBFIE—XINAIRE, J)IIG— 1 TuliRE, BN EEEMRSENRERIE
. WENFEIRENNE7Z SN 2ER-FIE 3R,

® TIREZ>] (Unsupervised learning) : JII&EIEAAHELINR, ERTEBH
EEETRENER. FIRBE N THENTHEIEN— LRSS, BN
HEEERE. TR DTE.

® 2{t=> (Reinforcement Learning, RL) : EBTREEFIN—, ATHEEMRE
RIESINERR B3 RiEE F S RIS LAR R EIR S AW ESCE S E B irava, 4l
SNtHSELVER. BahEnE,
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Gradient descent algorithm Linear Regression Model

repeat until (on\(rﬂ( nee { ho(z) = 6y + 6,z

e ——————

0; :=0; - a—r ) 1(60.6,)
b
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M(00,01) = 5= 3 (ha(z™) - y®)’

25 30 35 40 45 5 (fovss o7 . _ ) e =1
Cost = 8.772800000000002 (for j=1and j = 0) '

Cost function Value
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Slope of the line
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Logistic regression

ho(z) = g(6% )
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Suppose predict “y = 1“if ho(z) > 0.5

predict “y = 0 if ho(x) < 0.5
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P B H S R B 28 X @iCross Entropy ({451 2% BR 250 12 -

Logistic regression cost function

—log(he(x) g ify=1
Cost(h Y) = '
08(9(37),?#) {_1_95(1_—,9_;17_ ify=20

Cost =0if y=1,hg(z) =1
But as  hg(z) — 0
Cost — o

Captures intuition that if hg(x) = 0,
(predict P(y = 1|x;0) =0), but y = 1,

we’ll penalize learning algorithm by a very
large cost.
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ho(z) = by + 0y x
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_ P —log(he(z)) ify=1
CObt(hr()(l/)ﬂ y) = { _10g(1 _ ]L()(il')) if Y= 0
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repeat until convergence {
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o BELITHIREAIEA D | &EFNHERERD
® iJl|ZERT)II4MRE
o i AT R REI Tt
o ENRIMRELNTEMANE (RRFEAD NIER (positive) FNfafl (negative) ) :
» True positives(TP):

HRIERRMER D AIEBIRN 2L, BDSERR9IERI B #53ea ks 9 IEFIRISLBIES ;
> False positives(FP):

HEERIPR D AIEGIRNN 2L, BISERR AR BNBER 7 SEea k53 9 IEFIRISLAIES ;
> False negatives(FN):

R D ATBIENNEL, BPSCRR9IEBNBEH 7 Sed k5o 9t BIRISLBIES ;
» True negatives(TN):

IR ARG, BPSEFRAGf Bi o sssskl o AR fGIRIsSEAIES,



4. NERFE IR ISR
IER@=R (accuracy) : accuracy = (TP+TN)/(P+N), IEFESREWRDIIRISEAREIERIBHFA
HHPNGEE, BERN, ERREE, DIE8HIT.
fHIRES (error rate): HEIRHEDIERFEDHILLSA, error rate = (FP+FN)/(P+N), XHE—4
LG, PYSPERERSEM, Frllaccuracy =1 - error rate,
f5E (precision) : precision=TP/(TP+FP), BFRAEHER, BEEBHENEEZ, R =
#53 ALEFIRYR G HSERR A LEFIRIEL B,
BB (recall) : recall=TP/(TP+FN)=TP/P, BRIZXEBEENEE, HIFRAEELE, E
EBZ /P IEGI S ALER,
F1 score: fEEMIBEERRI T DREFDEMURIRNTLHE. NRGESECEERSEEE,
B LAB R ASTNIEIRF1-score, BIRAGEDER,
ROC (Receiver Operating Characteristic) EiZz2LAFP_ratef0TP_rate/sfiAYEZE, ROC
& FTEEERRE(1IIUMAUC, EFik A taRio =



5. HfttERlssF 5%
® ZIFMA=EMN (SVM)

RN EF I NI EBUEHI T T =1 Xkl n2<Es (generalized linear classifier) , ERTR
BR R F I A KB R ADEEEFE (maximum-margin hyperplane) . SVMAILUEII %754
(kernel method) #H1TIEEIED R,
® [EHl&RM(Random Forest)
RN RS RRRPIS RN T GHITNN—FroResE, 2
SN DREEE, FERZIFIFIFN Random Forest Simplified
FRERGHE—TINNERFITE. [ .

v’ = N
B N N, Support Vector Machine (SVM)
oS

X R OR

X R 1\ K /R
60303000 doOd0GddO
Tree-1 Tree-2

Class-A Class-B
| Majority-Voting }
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