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1. Regression (3 AZUHY)

MINIMNTIAD3 1IN U UV regression dmSugadoyaln o fiadra9naums polynomial

a9 auudlideyagnadnainaunismas s uazlinnuAaNa 1Y Gaussian dail
y=w,twx+ w2x2 + w3x3 + w4x4 + w5x5 + &, €~N(,1)

TUMS training 1573 100 YATOYA {x,y} azdn 100 YAdBYAd MY testing Hazninis1 ludmdsves
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2. sampumauae 1 (3 azuum)

2.1 99NN 109 VC dimension d1151 Linear Support Vector Machines Tu diia

2.2 Mnmnan “duutiansaadule (decision boundary) 1 14910 TuARIUY generative model A9
(39U luiY Gaussian distributions a1W130831382833M3 SVM Tagl¥ polynomial kernel” 9414
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3. Naive Bayes (3 AZHIUMN)
3.1 dmuald X, Y wae Z dudaadsuuugu Tas X ~Unif (0,1) uazo<a<b<1
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4. Nearest Neighbors (3 AZUUY)
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vingdit 1 ueravenvamIAadnle1ag3s 1 NN(Nearest Neighbors) Tnuilumsuonuszdoyalu
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5. Decision Trees (3 ASUHUN)

9y 4 - o @ 9 o 4 1 ) an
WINADINIS 319 Decision Tree 15 UT0Ya$1UI n 1IAMBI(Vector) [ABIAAZIIAADSTY m LLBANTL?
(attribute)
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5.1 fmuald i waz j 1 attribute v04 training data tunamed X TaoAwes x, = x (x, Aemdidnii

I'4 o ' a = £ w o A . . o ¥ = @

nlunawed X) lunn 9 Aee aundsudenld x Auksd iieen i uag j iluveyameny 5
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6. Support Vector Machine (3 ASHUY)

fmualiiidoyalumsaou (training data) 1ioe 4 Soyalu 2 1A Asguh 2
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6.1 01AVOIh=0 uazﬁmmﬂqmﬂumﬂm Taoh training points gy linearly separable 8¢

6.2 A1YB4 maximum margin 3251 asulasmua h el
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7. HMM (3 ATHHUYU)

Anuald HMM states A9g1n 3

Aenaulefio observed outputs Tavazegluzives P(0; ... Or) mindmuald

vit = P(0y ...07|q: = s¢)

7.199mm P (05 ... 07) lugtves vfuag e (i) Tasdmuald p, (i) = p(qe = 51)
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8. Markov Decision Process (3 AZlIlHY)

fvuald Markov Decision Process ﬁdgﬂﬁ 4 Taoli r Ao A15190a (reward) 118luusag state
1.0

Action A

ffpmasssesserorerm—
I;\ction B

1.0

0.5
317 4

o Y A

8.1 9110311 4 Action A M50 B N1#A1 reward gagavinIigaiTudud State 2

o 9 = ! . < ' . ‘,“’ .
8.2 Muua A Y 1 UM discount factor 11J1 0.9 99411A1 discounted future reward YDINIABI Action Liag

Action 1@ "mﬁ'ﬂ'ﬁ’mq 3YAVDY discounted future reward
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9. Reinforcement Learning (3 AZUUN)

° ! . . ) . 4
fmuald 317 5 Ao Tuiraveq Reinforcement Learning Tav 11 n > 1000 1oz 0 state & action #

o { o .
Lﬂuvl‘lj"lﬁ'(detenninistic outcome) iog 1 vﬂﬁ'u state 91 1 ¥ action Lﬂu”lﬂ"lﬁ’ 2 ﬁﬂ A uaz B 1a8 action A

w211 lg 82 1ag Action B 9211111 S0 cun@ld A1y (discount factor) = 0.5
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oisouiTuaail 1519214 Q learning A20m1 0L = 1 TasAlansu Q dmSunn states TAruTuALu 0
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dewnda s1 9zldeandu Q lumsiszunma Action ae'lilvinsigega uazisuduain State S1

9.1 189910 1 step 1IN Q(S1, A) Uag Q(S1, B)

9.2 NH991N 5 step 1IN Q(S1, A) 11ag Q(S1, B)

9.3 HA3910 n+5 step JIMIAT Q(S1, A) ag Q(S1, B)
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10. Dimensionality Reduction (3 AZHHW)

° 1 ° T o .. A
fmuald an5199 1 uansteya Taosmuald mdauilsznoundnusn( first principle component) A9

(0.694, 0.720)

Joya 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 =522
A1519% 1

10.1 93 IMMLEAALINYU (projected coordinate) AT OYALAT 1 (5.51,5.35)

10.2 2IMAWUMUIVDS x,y TONAYAT 1 (5.51,5.35) A ldnnmisadremr Insireconstruct) Taold first

principle component

10.3 WIMIAILAAILNYU (projected coordinate) AvoyAYAR 1(5.51,5.35) 11 second principle

component space

9 [l 1 v A 9 . . A
103 Myad1am1Ina (reconstruct) ANSUAUVITEYA Tt 14 second principle component 95U
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