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1. Basic Concept (20 fiziLtiv) 

.1@tulE.JA)114A'nvi@iiiiiicviii@Lun'Af-aillthtnocu 

Motivation & Applications of Machine Learning 

Definition of Machine Learning 

Supervised Learning 

Learning Theory 

Unsupervised Learning 

Reinforcement Learning 
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2. Linear Regression (20 fitivuu) 

2.1 	 regression vigthii  

y tv 2 X 

WX 

IVIEJ x itlid')LIAJ5alItY) tat LINIVolorliatiaihafilliio {(xi,yi)} 

W 

2.2 @utriuutiimi regression model viaiidficairiiv@ 

(training data) totehljammauu (training data) 

y = wx 
• 
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3. Logistic Regression (20 fltitliti) 

3.1 @latnelifii y (probabilities of outcomes) iinilvautiwdmiugi x @dialliAlima6n1 

logistic regression itariliaiiefOodia5 

3.2 @lainifiviiiiletiolpitinivikeii Logistic Regression (iivilt) um; Gaussian Naive Bayes 

mioualY1EJ611f,Mni 
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4. SVM (20 fizuvu) 

4.1 @31vilolainuiliiiatialliannInttunuerlsiaruitidu (linearly separable) williiRtwu A'Is 

9Binilonl linear SVM ifilirifil slack variable @:,'Wifii w = 0 

4.2 illniFilinliliaBn15 optimization bvuu non linearly separable Simin target function 

iliwilart@iiiIlimatii@tivrhietiiim linearly separable isimivi 

4.3 Violielakiidimicu SVM viACRiniiiililiaivartninq (training) uirnyiailmnaufaajablui 

filall/iii'l support vectors illoitau ImulztruEllaianullannvilovivaii li 	m i @latir 

4.4 6114'011i k1(x, x') um; k2(x,x') itht kernels 14;11 ti 1 1.1,a 0 Niicii IA iti I 

k(x, x') = k1(x,x')k2(x,x') vriti kernel il'il 8 oluricu 

5 



ii@ 	 51(0 l'inFinvi 

4.5. rinruolQajviiniliwneti@ljanu 2 nalaiiriaajaihil 

Input: {x1  = (-1,-1), x2  = (-1,+1), x3  = (+1, -1), x4  = (+1, ÷1)} 

target : {t1, t2, t3, t4} Ulu ti  E {+1, -1} 

ringloviitiliviiiwili man5naill SVM Tuimaiiiiunnziovjaatigumpiollkaolaiodill,5 
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5. Decision Trees (20 fitittri.i) 

tilgirtunlumnitittemalivrJurmvii@vitio tomii@i5anij@a 

12i-rvillnuar,drytql 

Weight >130  <=130 
M 45 5 
F 30 10 

Weight >150  <=150 
M 30 20 
F 10  30 

Height >5 feet 	• <=5 
M 50 0 
F 30 10 

Weight >6  <=6 
M 15 35 
F 0 40 

11(3/5) = 0.97 

H(1/3) = 0.92 

H(3.14)= 0.81 

11(415)= 0.72 

11(318) = 0.95 

11(7/15) = 0.99 

H(1)= 0  

5.1 @111011511@l11P1 decision tree @@rnii 2 Lam ImarmailfirrisirriniTn@diliSiEn itanaruii 
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t 
5.2 @lvoniiii Expected error volTgninilviooliarulcu 5.1 

5.3 intini1513Mni5 2 utw61,114i0 5.1 t 41i AI'Mfitivilouuntoriloadalvailbilolfl 

5.4 vrunriliiimjavinonlioirm decision tree viqUltrUcULFIEY) 1018141f1111illnagi ( ill0 am (min, 

f1711q1 > 5, frnaql > 6, j'iviiki > 130 iliviiiii > 150 ) @leivivirainileauodialifinficu 

Uni5111 5.3 
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