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1. Regression (3 ittillao 

0 1 5 11 1111 5 1i1W1D591r75fl1515UtIP.111J regression n114T1J11Q1414101i1 I  ckflI9v71tall015 polynomial 

ti1.659i11 efill4i14414auralligliTallf1150'1611 5 ItatilfilfillISIMAW1091D1 Gaussian 

y wo + w,x + 	+ vi,x j  + 	+ w5x5  + E, E^ N(0.1) 

114f115 training 15111 100 	ix,y; “at',5r) IOU 	40 1 11 ill testing IlDlil11fit51114:tilgalM1 

polynomial t511411115/1111111f1r4011fl IVItlii5111t1.11J 2 Mang° 

1111Afl1'l I ii841111151fitADIVilllill polynomial fungi 4 
0 	Q., 

I.111c101.1 2 ISEMIAViimoDIVI111511 polynomial rilSl 6 

vnififfmlithoml -ilitinlotnlininiu9Tataiililuni5 test Innini neigsinii9191 „, 
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2. '049101161018J9i011.111 (3 1111.11414) 

2.1 .D1111G1l9r0l VC dimension 	Linear Support Vector Machines 111 d 17191 

2.2 l 111411:111 -1..S'Illrl_lf117icA .F11.11. (decision boundary) chG1tlfli311Mfltt1111 generative model kill 

1501111.1111.11J Gaussian distributions fl'19.115fielll'ialilt115 SVM IM.111) polynomial kernel" X5111 

11161N 111x1551150111 sn OF1l5~5 

2.3 Thflindli "AdaBoost 	 (zero training error) 
_; 

til6Ru4l4ndfilrii919191D1r1ittont1ot91lif 

2.4 1.11018.115111-11filthfillifl01411411.4MMIt,' (statcs)1.101IIMAO Hidden Markov landli15 
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3. Naive Bayes (3 0:113130 

3.1 filinniliT X, Y um; Z tiltaltrihttuu4u Iota Unif (0,1) not 0 <a<b< I  

Y= flif 05X a 

.11.1041314Scittil Yt(Of. Z 6anciariublalli ati1415 

0 
= {1 if 0 5X b 

0 	31,1 
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4. Nearest Neighbors (3 Mr.11111-1) 

fill111011,140Jjavisillii 

• lflaiVI I urrAlt ouvuonishaulaiont I NN(Nearest Neighbors) i61utilun1stIonttuf4avlu 

'ill/MTh 2 11911114 Euclidean space f71141,1014 n 61/T061111011A PI. P2, ..., Pn Iffit'fl1.14"0110(category/ 

class) 	 C C2, Cn (41%101 C 1,1'1 1111,919111011J5tIfitlfir111411_114) it fill 

ILUfattg4O1JaLS111.1 Nearest Neighbors,t,"1741ThiliThipiliticri41111t=1.1tifittat91Thlattl&Thillfligat.iill 

k Aw2Dd151r1S1'4111)1E11115111fl'eSnlin Euclidean 

4.1. 11111kAt115 -0411 decision tree (IMrlfiitifiWf node 	"is x > a", "is x<  b", "is y > c", or "is y < d" 

fi1Tqtito1117 a,b,c,d filflicl4111-31.1.011)1711111f1tUrniThplaIiThIiltlifill I-NN talift4f111-N5tatit81 

Euclidean 1G1NS1YIJJ munliqlo 
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4.2. V11111F111411i111511J1M115i05tOt 1.19ifilitinfld0141111114111.11 e1JANDV641;10 iplell0A@TiDdll P1. 

P2, .. Pn Ild2,11.d040.1p11111 Q Filtlfld01411d 	0114)9104r1Iliflitiflkfq( nearest neighbor) 'DOI 

Q t10 Pi ;19 49151t5111 classi/P.2D Ci 	 k-NN sllflflfl04Rl 

6'udylIatriviVivpa 

5. Decision Trees (3 fit111194) 

111111(041MVI111 Decision Tree amiwuvaidaill,111-1 n liflta0(vector)TAtliNiatt1t1t61n53d m tWilY11111 

(attribute) 

5.1 61111-19111T i flat; j11_114 attribute 1101 training data 19.01Tf119101 X kIt10T5104 x, = (xi  flOil16191U41.41 

X) 'Non 	voalls-don191x,91"-mOoi 	Rat j l7)u4alot9ltiiru t51 

fflammalfil x, Onflqlll training data I9181111,1111,11  decision tree 11.Mt1Illivilolti twill:0190o 

5.2 61111.191111)  X (tat Z tYJ9i 2 tifli00i.fitiklit11141V11103:1WIJO5fl15r(09-1 (training set) TANI14111 1105 

X UM.; Z 111-i19n1itt attributes 7111i111)6,11 (label) 1lfiltYllfit1111fi1 tlrliitSlfl9J Z pont 10 training data 

tal9r.40111111  decision tree Iii -cni tall1101111•9TOillitl 
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6. Support Vector Machine (3 fi:".,11Mt) 

ri-nitaltiValthialuimatu (training data) 0181 4 €11/Die114 2 fal 41111.1c1 2 

2.5

c•.  

5 

0.5 

IC 0. 

	 syratinhui 	  

5.3 nilli1Jf115Pi9lalfh66lJ11 31115 1004111110911711119101111 	VI19J15fitiltalfl1561F1111961,1113 2 

mlull4tiimilinisyNFrul9lir14e,a6yrgiann;itnriulliviluti 1"011.110-1001115110.1111^1 

0.5 	1 	1.5 	2 	2.5 

pill 2 

till41.401IT positive examples 'AO x = [O, 0] , x2 = [2. 2] tla negative examples it0 x3 = [h, I] x4 = 

[0, 3], I91/.1119 0 < h < 3 I9]1tf1ll1151111a01 

6.1 ?Ilfil€1014h> 0 Itflt 	 414 training points f116:111-1 linearly separable o 

6.2 fill1Fl1 maximum margin t1,1iIttl5nr4011tItHAThill h 
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6.3 M1111f11 maximum margin boundary 9111.11^11fctigU04 h 

[111019111A : I1]ildilf11IA1915110010 h = 1 tll maximum margin etill 0] 

7. HMM (3 in--HMO 

1111114q114 HMM states1111iit14  3 

Itfil 3 

alclaviao observed outputs blt.M.,'Dditilthlal P(01  ... T ) 

vi = P(01 ...07-1qt  = si ) 

7.1 ti iiG1 P(01  . • • OT ) luvi6ual vi ttaz: pt(i) Iquiiirivq1r7 pt(i) = P(qt = Si.) 
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7.2 aJH1vl1 P(01  = B 	°zoo = B) 0.TWI B OtsPLUifil 200 "nil) 11-1111611101 Vi 	Pt(l) 

Pt(S2) = Pt(S3) 	 t 

8. Markov Decision Process (3 Marini) 

Markov Decision Process 4'3:41i1/1 4 Ifltichli r Y10 11115157n (reward) c11.411111.Cidt state 

1.0 

0.5 
alici 4 

. ■ ci vi 	 9i) 	v 
8.1 1 f1111C1 4 Action A Ina B 11 	reward 41-escruin tlIVII51.10101 State 2 

Action A e 

1.0 I" 

/Action B 

0.5 00)  0.5 

La 	0.5 
0.5 IF-  0.5 

8.2 finittyliTy uilUi 1 discount factor 	0.9 99191W11 discounted future reward t 414,10.04 Action Gift 

Action 1q1711141t115)1.1qVIWUU4 discounted future reward 
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9. Reinforcement Learning (3 flnift4) 

6111W1111 sii i 5 rlOilltAdlifil Reinforcement Learning I0t111/Tfil n > 1000 Rat ir state it action 11 

S111111114(deterministic outcome) 6;411 I FJFl627A state i  I 11 action 11.11.111114 2 ill° A Skit B 1. W.1 action A 

WiltiltIld S2 uwz Action B ttll1111.14 SO MA19111-11  til (discount factor) = 0.5 

s 1J cl 5 

3,  

ITIOriE1185 Lutaafi 151.0t14 Q learning 4-)f1til a = 	 Q ?'111i111111 states rifilciaau 0 

id01116i SI 	Q 11,1015115:tillillfil Action c4011..191t1rilqUIA 6ldtts3J61utlin State SI 

9.1 1114t1t1 I step 	Q(S I, A) OA:: Q(S1. B) 

9.2 1,1 ,a1111 5 step 95rilril Q(S I, A) Ltat Q(S1. B) 

9.3 trO1 .1t1 n+5 step a5711f11 Q(SI„N)t= Q( SI, B) 
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10. Dimensionality Reduction (3 nt:11111l) 

611/11.N114 All-Nil I 0.M11404ja ImiivitiollYfil+An_15tflOIJIIStlItStl( first principle component) AD 

(0.694, 0.720) 

limp 
5.51 5.35 

20.82 24.03 

3 -0.77 -0.57 

4 19.30 19.38 

5 14.24 12.77 

9.74 9.68 

7 11.59 12.06 

-6.08 -5.22 

911511i1 I 

10.1 tI1lltilitM1111.1111 (projected coordinate) d1408jailm'1 1(5.51,5.35) 

10.2 VIllifil91.0111111101 x,y 1 03d UAY 1 (5.51,5.35) fril41111115fl'ITIfillliti(reconstruct) iqt.1111 first 

principle component 

10.3 Al/ilitlitlagIUTIII (projected coordinatc) 	 1 (5.51.5.35) 114 second principle 

component space 

10.3 1115di141111114ii (reconstruct) fillidutal402,diA014 second principle component 
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