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1. Regression (3 tl~UUU)

fll':i'l11'Vll':iliJ!\9Iflf'\lfl'lfll':ii1t1ufmJlJ regression ffl111lJ'lj\9l'li'mqJ"t\91'1 ~'ff~l'1'Jlfl'ff)Jfll':i polynomial
"

fh~'1~l'1 '1 'ff)J)J~t,r'li'mqJ"\lfl'ff~l'1'Jlfl'ff)Jfll':ifh~'1 5 U,,~ii~lml)JH\9I'Vlm\9l'\lfl'l Gaussian ~'1U

2 3 4 S
Y =Wo+ W1X + W2X + W3X + W4X + WsX + E, E ""N(O,l)

GJ d 9J .d 9J 0 Q,I \I} .~ 0 Q,I

lUfll':i training !':il)J 100 'lj\9l'\lfl1qJ"{x,y} U"~flfl 100 'lj\9l'\lfl1qJ"'ffl11':ilJtesting U":::'I11m':il1)J~fll"'1'\1fl'l

o "" 9J 9J i "".1 i "lpolynomial !':il'Y11fll':i!':itlU~'Jlfl~\9I'\Ifl1qJ" \9ItI)J~1JUlJlJ2 )J!\9I"fW

i d.d 9J oC:!l 010 Q,I 0 Q,I

)J!\9I,,'Yl1 !':itlU~'Vll':il)J!\9Ifl':i"'l11':ilJpolynomial fll"'1 4

i)J!\9I"~ 2 i1t1Uf'Vll':iliJ!\9Iflfffl111lJ polynomial fh~'1 6
" ..
QI i "". 'I QI 9J ""'I 3!'l "" 'I'Jlfl'Yl'l'fffl'l )J!\9I"f1\9111UlJlJl\9l'J~!'I1tJ1~fllJ'\Ifl)J"'Yll'lf lUfll':i test tJ1fl'Yl'ff\9l!'Vl':il~!'I1\911\91

OJ ••
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2. i1~Pl8mhtll1J~8'tJii (3 tl~UUU)

2.1 ~'1'Mlth\lfl'l VC dimension "h'M11J Linear Support Vector Machines ''W d mi

o I " I "" "" '1 dllJ " 1 "2.2 ~lflmflcn1 "tff'WUmfll'j'l'lllff'W ~~ (decision boundary) 'YI~lI~lfl lHlI"",U1J1Jgenerative model1l1V

t~fl'W1'IJu1J1JGaussian distributions ffl:JJ1'j'flff~1'1~1Vnfll'j' SVM ll1v''* polynomial kernel" ~'1''I1'

t'M~J}-m11~1'1'Mim¥l~fldl'1 1'j'

o , d C),d d".d 0" lrI 'a , ~
2.3 ~lflmflcn1 "AdaBoost t1J'W1lifll'j't'j'V'W~'YIffl1Jl'j'fl'YI1''Mfll'j'fffl'W~1J1JmHlI~cnll (zero training error)
lrI ~ ~ , cv Cto cv dGi " I d 0 C),d 'CV ~ ..c!t lI) ,
~1I~lIV'IJ'Wfl~fl1J6Jf'W1I'lJfl'l1'l1tWmW~'Y1~6Jf111Jfll'j''Wltm1lifll'j'tWmW~U1JmlV:JJ1'j'11Jfl'Wt~V'I~fl'M'j'fl ~1J"

'1 " ,""... d 'lIJ~'1 t'Mt'M~H"",11~'j''1'M'j'flt'YI~flV1'1~'j'
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3. Naive Bayes (3 fl:::UlAlA)

3.1 f11'YltJ~',r X/ y U~:::Z 11JtJ~1U'lhU'lJ'lJ~1l1~£JX '" Unit(O/l) U~:::O<a<b< 1

y = {1 it 0~x~a
o tU'l

Z = {litO~X~b
o tU'l

~~U'l'~~,,rd~tJ11 Yu~:::Z i)'l'):::~flfitJ'Yl1'O!li 'O~1~!)
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4. Nearest Neighbors (3 f1::UUU)
o 9J9J' i ,,:

fll'l1Uft lW\lm..l'Cl~fl tJU••

JtJ~ I

"lflJtJ~ I U~ft_:l'\lfl1H'\l~fll'JiftffUl" iftun I NN(Nearest Neighbors) iftmi'Jufll'Juumw::.,rm.qJ'Cl lu
•••1.e:t.<lI:.\ 0 61 jJ QJ' , , 9J

JlJUlJlJ 2 1J~lJU Euclidean space fll'l1Uft m n ~'JflUl_:1'\lfl_:l~ftPI, P2, .. ", Pn U'Cl~fl'J1J'\lfllqJ'Cl(category/

class) ~ff1Jl·ru£tiU'\lfl_:lU~'Cl~~ftfifl CI, C2, Cn (fll'\lfl_:l C i~"lmC)f~'\lfl_:llh~1fll'l~t1:JuitJi~) nfll'J
jJ .e:t. fj/ GI ,d fj/ .ct I d lei)

UUmW~'\lfllqJ'ClUlJlJNearest Neighbors "~~"1'JW1'\lfllqJ'ClI'l11Jl'lt'\l11J1U'Cl~UUflUU~~11JtffU_:l~'JU1Jlfll'lfl~IU

c:v I 61 "d "k ~'JflU1_:1lfl'CltflU_:lft'Jufll'Jm'J~u~UlJlJ Euclidean

4.1. 'I11fl~fl_:lfll'J~~1_:1decision tree (1~W]jfllU~"~ node t1:Ju "is x > a", "is x <b", "is y > c", or "is y < d". .
o GlV I do oIl::l. d fj/ i9J'.ct QJ' 61" QJ'

fll'l1Uft m a,b,c,d fl1fl_:ll'l"lU'JU"H) l'ltWflUU~'\lfl1J'Cl ftt'll'UtftU'JfllJ I-NN UlJlJ l'll'fll'J'Jft'J~U::'\lfl_:l••
Euclidean i~'I1~fl ill t'Vl'Jl~mlOJ1ft
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~fl )~~Unfln~l---------------------- -------

"'1 ~ . .Q,d Q,I I 0 I 0 .Jl"M .t:9.d V V .a Q,I'

4.2. ~llll~ ~ lll'YI)liJ11im)1~)~tJ~ u~m~U~n"fl~~l~U~'\JUll1 C)f~1l'\JfllJ"l'\J1f1fl~~'\Jfl~~1fltJ1~ PI,

Jt y I.. 0 ~ IV C1'di V .c::. d1 " .
P2, .. Pn U"~lllfl'\JfllJ"l~ll Q ~lun"fl~~lU ~""'W1i'YI~'\Jfl~~lll~n'YI n,,~~( nearest neIghbor) '\Jfl~

.a ~ Q,I d.Jt I d i i" '" i1d Y Q,I I 0Q f1flPi C)f~~HniJ class 'YI~flCi m1l11lllu tJ ~~)fl ll'YI'j)~~)l~mUtJnUfJ~UiJiJ k-NN 'llnn"fl~~l

....r" "
flUU'W)flll1~m~~"•

5. Decision Trees (3 f1:::UUU)
fJJ fJJ 0 QI fJJ 0 6' l' 6'd. .c::. .c::..

~ln~fl~m)~)l~ Decision Tree ~m)'lJ'\Jflll"'llU1U n nfll~m(vector) ~fJU~,,:::nfll~fl)ll m Ufl~'YI)'lJ1••
(attribute)

o 1"~I 1" 1 I '" I 0 ••• •• "5.1 m~u~ ~ i U,,:::j llJU attribute '\Jfl~training data unfll~fl) X ~tJm'\Jfl~ Xi = Xj (Xi f1flmm~'lJ'YIl'\J1

1 .. 1 ... I '" '" 1" ... '" ci ~I" '" •.•111 Unfll~fl) X) u'YJn '1 ~1fltJ1~ ~llllm)llClfln 'IfXi ~1l~fJ1lUfl~'lln i llCl:::j llJU'\Jfl1q!"l~fJ1nU l)l

~l11l)fUm~l x. flfln'j)ln training data l~tJi,j'¥h 1M'decision tree ltJ~fJU'l'lf~5fl i,j l'W)l:::m~ 1~
J •

o 1" ~I •••• , •.• 1 " I I

5.2 m~u~ ~ XU,,::: Z llJU 2 nfll~m'YIl'YI1nU U~~'\Jfl1q!"'\Jfl~m)~flU (training set) l~fJmm~ '1 '\Jfl~

X U,,~ Z i,j'h'j)~l~U attributes )111~~n~1l (label) ~~1l'yhnU~ll~ mn11l)1"'lJ Z flfln'lln training data

U~1'l~'¥h 1M' decision tree ltJ~fJU~1fl '1,j 'j)~fln'lJ1fJ



J. CI.I CI.I ~

'IHl ':i'l1""'Uflfffl'l:ll _

6. Support Vector Machine (3 fl:::UUU)

o "I ,,'" " "I '" " "I """" '" .1 dfl1'l1'U~t'l'!lJ'IH)~~~'Ufl1':i""'f)'U(training data) t'Vw~ 4 '\l'f)~~~'U2 lJ~ ~~~lJ'VI2

1.5

':itJ~2
'U

fh'l1'U~i.J positive examples;j'f) xl = [0, 0] , x2 = [2, 2] U~:::negative examples;j'f) x3 = [h, 1] , x4 =

[0, 3], i~vi.J 0 <h < 3 t~'U~1'Vn':ilih~'f){

", > ",. ~1'1lJ id "'~I '6.1 mm'\l'f)~ h_ 0 U~:::lJmll1fl"!~tlJ'Ut'VIlt'l'!':i ~V'VI training points V~tlJ'Ulinearly separable 'f)~
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6.3 'l,nnfl1 maximum margin boundary ~l1J1"l~f1'lf'W'\Jfl~h

[,rmY'Uf1~ : 11:l'Wff1Jm';iI~'W~H1~tIlrlfl h = 1 fll maximum margin 11:l'W0]

7. HMM (3 fl~UlAlA)

flll1'WfI 1M'HMM states ~~~1J~ 3

~

~

~1J~ 3

~~~ff'W'l'l;jfl observed outputs 1f1tJ'l~fl~1'W~1J'\Jfl~P(Ol ... 0T) 111f1fill1'Wfl1M'

vf = P(Ol ... 0Tlqt = Sa
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"
7.2 'il,nl1rll P(Ol = B ... 0200 = B) Of)~B U~hJU\l1200 fl1'.:J)1'U~lhm.:J

vfml'~ Pt(i) 1~mhl1'U~1..r Pt(S2) = Pt(S3) u'U~th1..rnll1'U~~1 t ~111111~ffllriU'UU~1

'illflJ'Uth~1~.:Jfl"'111 tJ1 ';fil'Ul'U~lHmr'Vl1i

8. Markov Decision Process (3 fl~U'U'U)

. 191 •.•• Id 1 ,91 <!l' '" d~~,
fl111'U~ 11Markov Decision Process ~.:J11JVI4 ~fJ 11r flU m11.:Jl'fl (reward) VIt~ t'UU~'fl~ state...

0.5
~tJ~4

8.1 'illmtJ~ 4 Action A l1~U B ~1..r~1reward ff.:Jff~l11fl 1..r'il~t~1l~'U~ State 2
'\I 'U q q

o fJ} did, ~
8.2 fl111'U~111 Y 11l'Um discount factor tll'U 0.9 'il.:J'I11mdiscounted future reward 'UU.:JVI.:JffU.:JAction U'fl~

1 d191 IAction ~VI 'I1m'jl11ff.:Jff~'UU.:Jdiscounted future reward... .
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9. Reinforcement Learning (3 fl~U'U'U)

• 'I" _Id •••'i 'i 1'" .• dfl1l1'U~ tl1 JlJ'VI 5 flfl t1l1~{l'Ufl~Reinforcement Learning t~W mn n> 1000 ll{l~ 'Ylflstate 11action 'VI

:'\ 11).,11)" .." d.. ::111)_111)"'" 'i.
llJ'U tlJ t~(deterministic outcome) l'rW~ 1 tlfll1'U state 'VI1 11action llJ'U tlJ t~ 2 flfl A ll{l~ B t~t1 actIOn A

• 11)- \ ' • 11)_I ' "'1" ,ll~'Ul tlJtT S2 ll{l~ Action B ll~'Ul tlJtT SO C1'111I~'11my (discount factor) = 0.5

J..d 3/'1 ;f 13/ 3/' '1' o'Q,I 0 Q,I .d ,~ 3/ d
1'YW1';jtl'UJt1l1~{l'U l';jlll~ '.IfQ learning ~1t1m a = 1 t~t1ml\f~fl'.lf'U Q C1'll1';j1J'Ylflstates 1Iml';j1l~'U11l'U 0

..,; <!I 1".?l' ••••. 1 .1 ' , 11)' .d "
11lfllJ1tl~ Slll~ 'll'TI~fl'll''UQ 'Ufl1';jlJ';j~lJ1wm Action ~fl t1J1l1flmC1'~C1'~1l{l~1';j1l~'U1l1flState Sl•• •
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10. Dimensionality Reduction (3 fl::UlIlI)

tll'H'W~',r ~ln~~ 1 u{Y~~,rmJ" 1~tJtll'H'W~',r fhff1'Wih~flVU'l1"fllt';ifl( first principle component) fiv..

~
'lJtll,l'" x y

1 5.51 5.35

2 20.82 24.03

3 -0.77 -0.57

4 19.30 19.38

5 14.24 12.77

6 9.74 9.68

7 11.59 12.06

8 -6.08 -5.22...
1'l1';iHVll

, .d I fJ} d
10.1 'iI~'I11m'VIU{Y~~U'VI'W(projected coordinate) m'\Jvlql"'l!'~'V11 (5.51,5.35)

'.' v d dllJ v V I 1 I 1 '1v10.2 'iI~'I11ml'llU'I1'W~'\JV~x,y '\JVlql"'l!'~'V11 (5.51 ,5.35) 'VI1~'iI1flfl1';i{Y';il~m mJ(reconstruct) I'lf.l!'ll'first

.d IjJ.d G)
10.3 'iI~'I11m'VIU{YI'l~U'VI'W(projected coordinate) m'\JvlqI"'l!'I'l'VI1 (5.51,5.35) 1'Wsecond principle

v ., I l.d rJJ rJJ 1 v •• I

10.3 fl1';i{Y';il~m mJ (reconstruct) mtnJI'l'W'\Jv~'\JVlqI" I'ltJ1'll'second principle component 'iI~lJm

~I'lYlml'lt1:l'Wt'vhl';i


