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Gidi thiéu vé Hoc may

Hoc may (ML - Machine Learning) Ia mét linh vec nghién ctru cua Tri
tué nhan tao (Artificial Intelligence)

Cau hai trung tdm cua ML.:
“How can we build computer systems that automatically improve with

experience, and what are the fundamental laws that govern all learning
processes?” [Mitchell, 2006]

Vai quan diém vé hoc may:
— M6t qua trinh nhdr d6 mot hé thdng cai thién hiéu suat (hiéu qua hoat
dong) cua nd [Simon, 1983]

— Viéc |ap trinh cac may tinh dé t6i wu héa mét tiéu chi hiéu suat dwa trén
cac dr liéu hoac kinh nghiém trong qua kht¢ [Alpaydin, 2010]



MOt may hoc

Ta néi mot may tinh c6 kha ndng hoc néu né tw cai thién hiéu suat
hoat déng P cho mébt céng viéc T cu thé, dwa vao kinh nghiém E cua
no.
Nhw vay mét bai toan hoc may co thé biéu dién bang 1 bd (T, P, E)
« T: mot cong viéc (nhiém vu)
« P: tiéu chi danh gia hiéu nang
« E: kinh nghiém



Vi du bai toan hoc may (1)

Loc thw rac (email spam filtering)

« T Dy doan (dé loc) nhirng thw dién to 42 EES 2R BT E
nao la thw rac (spam email) e _ —
. P: sb lwong thw dién tlr giri dén dwoc e

ohan loai chinh Xac

«E. M6t tap cac thu dién tr (emails)
mau, moi thw dién tlr dwoc biéu dién
bang mét tap thudc tinh (vd: tap tw
khéa) va nhan 1op (thu thwdng/thuw rac)
twong rng

TH Tué Nhan Tao



Vi du bai toan hoc may (2)

Nhan dang chi viét tay
«T: Nhan dang va phéq loai cac
tlr trong cac anh chir viét

=P: Ty lé (%) cac tr dwgc nhan
dang va phan loai dung

=E: Mot tap céc anh chiv viét,
trong d6 moi anh dwoc gan voi
mot dinh danh cua mot tw we do in the right way

TH Tué Nhan Tao



Vi du bai toan hoc may (3)

Gan nhan anh

= T: dwa ra mét vai mé ta y nghia cua
1 blrc anh

= P:7?

= E: M6t tap cac blrc anh, trong d6 moi anh
da dwoc gan mét tap cac tir mo ta y nghia cua chuing

FISH WATER OCEAN PEOPLE MARKET PATTERN BIRDS NEST TREE
TREE CORAL TEXTILE DISPLAY BRANCH LEAVES



May hoc (1)

Hoc mot anh xa (ham):
frx—y
 X: quan sat (di liéu), kinh nghiém
* y: phan doan, tri thirc mai, kinh nghiém maoi, ...
Hoi quy (regression): néu y la mot sé thuc

Phan loai (classification): néu y thudc mét tap roi rac (tap nhan 16p)



May hoc (2)

Hoc tw dau?
o Tw cac quan sat trong qua khtr (tap hoc).

X1 X5 ooy Xnds Y1) Vos- e o0 Y

Sau khi da hoc:

o Thu dwoc mét mo hinh, kinh nghiém, tri thtrc mai.

o Dung né dé suy dién (phan doan) cho quan sat trong twong lai.

Y = f(x)



Hai bai toan hoc cd ban

Hoc cé gidm sat (supervised learning): can hoc mét ham

y = f(x) tw tap hoc {{Xy, X5, ..., X} {Y1) Yo,---» YN} S@0 ChO

y; E 1(x).

o Phan loai (phan 1&p): néu y chi nhan gia tri tir mot tap roi rac,
chang han {ca, cay, qua, méo}

o Hoi quy: néu y nhan gia tri s6 thuc

Hoc khéng giam sat (unsupervised learning): can hoc

MmOt ham y = f(x) tw tap hoc cho trudc {x, X,, ..., X\}-

2 Y co thé la cac cum di liéu.

a Y co thé 1a cac cau truc an.




Hoc co giam sat: vi du

= Loc thw rac

= Phan loai trang web

= Dw doan rui ro tai chinh
= Dy doan bién déng chi sd chirng khoan
= Phat hién tan céng mang

ane

I"(tlaal VI I‘HSi'ﬁs'ﬁinsm

n‘-

h erl‘lllfectllln L; ; % ‘Ellnalware
”fII‘B el

7’ packe's 5

netwo!




Hoc khong giam sat: vi du (1)

= Phan cum (clustering)
o Phat hién cac cum di liéu, cum tinh chét,...
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= Community detection

= Phat hién cac cong dong trong mang xa hoi




Hoc khong giam sat: vi du (2)

= Trends detection
o Phat hién xu hwéng, thi yéu, ...

quantum
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= Entity-interaction analysis
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Qua trinh hoc may: cd ban

Tap hoc
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Tap dir liéu
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Qua trinh hoc may: toan dién
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Panh gia va lwa chon mo hinh

Cho trwére tAp quan sat D, ta can lwa chon tham sé A
(model selection) cho phwong phap hoc A va danh gia
(assessment) chat lwong téng thé cla A.

* Chon tap hiru han S ma chira cac gia tri tiém nang cho A.

» Chon dé do P dé danh gia hiéu nang.

= Chia tap D thanh 3 tap roi nhau: D, Tyaiigation: V@ Tiest

- VoimoigiatriAES:
Hoc A tir tap hoc D, v&i tham sé dau vao A. Do hiéu nang trén tap
T ,alidation = thu dwoc P,

» Chon A* ma cé P, t6t nhat.

» Huén luyén A trén tap Dyun, U Tyaigation: VO tham s6 dau vao A*.
+ Do hiéu ndng cla hé théng trén tap T,

Co thé thay Hold-out bang k¥ thuat khac (cross-validation).




Do do chinh xac

Lam sao dé biéth =f ?
S dung ly thuyét tinh toan
1. Thi gia thiét h trén 1 tap cac vi du mai (tap thwr) (str dung
cung 1 mc dd phan bé cac mau nhuw tap luyén)

Learning curve = % chinh xac trén tap thir, str dung ham xay dwng
trén tap luyén
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Thiét k€ mot hé thong hoc (1)

Lwa chon cac vi du hoc (training/learning examples)

- Cac thong tin hwédng dan qua trinh hoc (trainir)g feedbapk) dwoc chra
ngay trong cac vi du hoc, hay la dwgc cung cap gian tiép (vd: tr mai
trwdng hoat déng)

- Cac vi du hoc theo kiéu c6 giam sat (supervised) hay khdéng cé giam sat
(unsupervised)

« Cacvidu hoc,nén twong thich v&i (dai dién cho) cac vi du sé dwgc lam
viéc b&i hé thong trong twong lai (future test examples)

Xéac dinh ham muc tiéu (gia thiét, khai niém) can hoc
« F: X —{0,1)
 F: X — Mot tdp cac nhan 1op

« F: X > R* (mién cac gia tri s6 thwc dwong)



Thiét k&€ mot hé thong hoc (2)

Lwa chon cach biéu dién cho ham muc tiéu can hoc
« Ham da thire (a polynomial function)

Mot tap cac luat (a set of rules)

M6t cay quyét dinh (a decision tree)

Mot mang no-ron nhan tao (an artificial neural network)

Lwa chon mdt gidi thuat hoc may co thé hoc (xap xi) dwoc
ham muc tiéu
-« Phwong phap hoc héi quy (Regression-based)
Phuwong phap hoc quy nap luat (Rule induction)
Phwong phap hoc cay quyét dinh (ID3 hodc C4.5)
Phwong phap hoc lan truyén nguwoc (Back-propagation)



Cac van dé trong Hoc may (1)

Giai thuat hoc may (Learning algorithm)

- Nhirng giai thuat hoc may nao cé thé hoc (xap xi) mét ham
muc tiéu can hoc?

- V&i nhirtng diéu kién nao, mét gidi thuat hoc may da chon
sé hQi tu (tiém can) ham muc tiéu can hoc?

« Dbi v&i mot Iinh vire bai toan cu thé va déi véi mot cach
biéu dién cac vi du (d6i twong) cu thé, giai thuat hoc may
nao thwc hién toét nhat?



Cac van dé trong Hoc may (2)

Cac vi du hoc (Training examples)
« Bao nhiéu vi du hoc la du?

- Kich thwée ctia tap hoc (tap huan luyén) anh hwéng thé
nao dbi véi do chinh xac clia ham muc tiéu hoc duoc?

» C4c vi du 16i (nhiéu) va/hoéac céac vi dy thiéu gia tri thudc
tinh (missing-value) anh huwéng thé nao doéi véi dé chinh
Xac?



Cac van de trong Hoc may (3)

Qua trinh hoc (Learning process)

- Chién lwoc tdi wu cho viéc lwa chon th tw st dung (khai
thac) cac vi du hoc?

- Céc chién lwoc lwa chon nay lam thay d6i merc dd phire
tap cua bai toan hoc may nhu thé nao?

« Cac tri thtrc cu thé cua bai toan (ngoai cac vi du hoc) c6
thé dong gop thé nao doi véi qua trinh hoc?



Cac van deé trong Hoc may (4)

Kha nang/qgi&i han hoc (Learnability)
» Ham muc tiéu ndo ma hé thdng can hoc?

o Biéu dién ham muc tiéu: Kha nang biéu dién (vd: ham tuyén
tinh / ham phi tuyén) vs. Do phirc tap cua giai thuat va qua
trinh hoc

- Cac gi¢i han (trén ly thuyét) doi véi kha nang hoc cia cac giai thuat
hoc may?
- Kha nang khai quat héa (generalization) clia hé thong?

o Dé tranh van dé “over-fitting” (dat do chinh xéc cao trén tap hoc,
nhwng dat dé chinh xac thap trén tap thir nghiém)

- Kha nang hé thdng tw ddng thay déi (thich nghi) biéu dién (cau truc)
bén trong cua n6?

o Dé céi thién kha nang (cta hé théng dbi véi viéc) biéu dién va hoc
ham muc tiéu



Phwong phap phan loal



Cac ban phan loai thé nao?
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Hoc dua trén cac lang giéng gan nhat

K-nearest neighbors (k-NN) Ia mdt trong s6 cac phwong phap
phd bién trong hoc may. Vai tén goi khac nhuw:

* Instance-based learning

 Lazy learning

« Memory-based learning

Y twéng clia phwong phap
- Khéng xay dwng mdt mé hinh (mé ta) ré rang cho ham muc tiéu can
hoc.
- Qua trinh hoc chi lwu lai cac di liéu huan luyén.
» Viéc dw doan cho mét quan séat méi sé dwa vao cac hang x6m gan
nhat trong tap hoc.



K-NN

Hai thanh phan chinh:

- D6 do twong dong (similarity measure/distance) gitvba cac doi
twong.

« Cac hang xom sé dung vao viéc phan doan.

Trong mét sé diéu kién thi k-NN c6 thé dat mdrc 16i tbi wu
Bayes (mc 16i mong mudn cua bat ky phwong phap nao)
[Gyuader and Hengartner, JIMLR 2013]
« Tham chi khi chi dung 1 hang xom gan nhét thi né cling co thé
dat dén murc 16i ti wu Bayes. [Kontorovich & Weiss, AISTATS 2015]



Vi du: bai toan phan IGp

Xét 1 lang giéng gan
nhat

— Gan z vao lop c2
Xét 3 lang gieng gan
nhat

—Gan z vao lop c1
Xét 5 lang giéng gan
nhat

—Gan z vao lop c1

® Lopcl O Lop c2
O Vi du can
P e O phanlopz
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Giai thuat k-NN cho phan I6p

M®éi vi du hoc x dwoc biéu dién b&i 2 thanh phan:
*Mb ta cua vi du: x = (x, x,, ..., Xp,), trong do x,eR
*Nhan I&p : ¢ €C, v&i C la tap cac nhan I&p dwoc xac dinh trwdc

Giai doan hoc
*BDon gian la lwu lai cac vi du hoc trong tap hoc: D

Giai doan phan I&p: Bé phan I&p cho mét vi du (mai) z
« V&i moi vi du hoc xe D, tinh khoang cach gitra x va z
- X4c dinh tdp NB(z) — cac lang giéng gan nhat cda z

—Godm kvi du hoc trong D gan nhat véi z tinh theo mot ham
khoang cach d

* Phan z vao I&p chiém sb déng (the majority class) trong s6 cac 16p
cua cac vi du trong NB(z)



Giai thuat k-NN cho hoi quy

M®éi vi du hoc x dwoc biéu dién b&i 2 thanh phan:
« M6 ta cua vidu: x = (xq,xy ..., X,), trong dé x,eR
- Gia tri dau ra mong muodn: y._eR (la mot so thuce)

Giai doan hoc
* Pon gian la lwu lai cac vi du hoc trong tap hoc D

Giai doan dw doan: Bé dy doan gia tri dau ra cho vi du z
- Dbi v&i mbi vi du hoc xeD, tinh khoang cach gitra x va z
- Xac dinh tdp NB(z) — cac lang giéng gan nhat cla z

— GOm kvi du hoc trong D gan nhat véi z tinh theo mét ham khoang
cach d

\ . 1
* Dy doan gia tri dau ra doéi voi z: Y, = ;ZxENB(z) YVx

30



k-NN: Cac van dé cot loi

QSug
nohl
khac

whau!
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k-NN: Cac van dé cot |0

= Ham khoang cach
2 Ma&i ham sé twong (rng v&i mét cach nhin vé di liéu.
a VO han ham!!!

o Chon ham nao?




k-NN: Cac van dé cot |0

= Chon tap lang giéng NB(z)
2 Chon bao nhiéu lang giéng?

o Gi¢i han chon theo vang?




k-NN: mot hay nhi€u lang giéng?

Ve ly thuyét thi 1-NN ciing c6 thé la mét trong so céc phuong
phap toi wu.

k-NN la mét phuong phép toi wu Bayes néu gap mét so dieu
Kién, chéng han: y bi chan, c& M cua tap hoc I&n, ham hdi quy
lién tuc, va

k — oo, (k/M)—0,(k/log M) — 400
Trong thyc tién ta nén Iay nhiéu hang xém (k > 1) khi can
phan |&¢p/dy doan, nhwng khdng qua nhiéu. Ly do:
- Tranh anh hwéng cua 16i/nhiéu néu chi dung 1 hang xém.

 Néu qua nhiéu hang xém thi sé& pha v& cau tric tiém an trong div
lieu.



Ham tinh khoang cach (1)

Ham tinh khoang cach d

* bong vai tro ‘rét quan trong trong phwong phap hoc dwa trén cac
lang giéng gan nhat

- Thworng dwoc xac dinh truwde, va khéng thay déi trong sudt qua
trinh hoc va phan loai/dy doan

Lwa chon ham khoang cach d

« Cac ham khoang cach hinh hoc: Danh cho cac bai toan c6 cac
thudc tinh dau vao la kiéu so thyc (X,ER)

« Ham khoang cach Hamming: Danh cho cac bai toan co cac
thudc tinh dau vao la kiéu nhi phan (x,€{0, 1})



Ham tinh khoang cach (2)

Cac ham tinh khoang cach
hinh hoc (Geometry distance

functions) o
. Ham Minkowski (p-norm): d(x,z) :(Z‘Xi _Zi‘pj
i=1
. Ham Manhattan (p = 1) d(x,z) =D |x —z|
i=1
. Ham Euclid (p = 2): d(x,2) =\/Zl’,(xi -7,)
N 1/p
. Ham Chebyshev (p = o): d(x,z) = Lm[zxi ~Z pj
i=1



Ham tinh khoang cach (3)

= Ham khoang cach

n
Hamming d(x,z) =) _ Difference(x;, z;)
i—1
« Pdi v&i cac thudc tinh dau

, | 1if (a = b)
vao la kiéu nhj phan () Difference(a, b) =

0,if (a=h)




k-NN: Uu nhugc diém

Cac wu diém

- Chi phi thap cho qua trinh huan luyén (chi viéc Iwu lai cac vi du hoc)

- Hoat déng tot v&i cac bai toan phan loai gdom nhiéu I&p
— Khdng can phai hoc ¢ bd phan loai cho ¢ I6p

- Phwong phap hoc k-NN (k>>1) cé kha nang x&r ly nhiéu cao
— Phan loai/dy doan duoc thuc hién dwa trén k lang giéng gan nhat

 RAat Linh déng trong viéc chon ham khodng cach.

— Co6 thé dung dd twong tw (similarity): cosine

— C6 thé dung dd do khac, chang han Kullback-Leibler divergence,
Bregman divergence, ...

Cac nhuoc diém
 Phai Ilwa chon ham tinh khoang cach (sw khac biét) thich hop v&i bai toan
* Chi phi tinh toan (thoi gian, bd nhé) cao tai thoi diém phan loai/dw doan
- C6 thé cho két qua kém/sai v&i cac thudc tinh khéng lién quan



Phan IGp Naive Bayes
La cac phwong phap hoc phan lop co giam sat va dwa
trén xac suat
Dwa trén mét md hinh (ham) xac suat
Viéc phan loai dwa trén cac gia tri xac suat cla cac kha
nang xay ra cua cac gia thiét
La mot trong cac phwong phap hoc may thwong duoc
str dung trong cac bai toan thyc té

Dwa trén dinh ly Bayes (Bayes theorem)



binh ly Bayes

P(Dh).P(h)
P(D)

* P (h): X4c suat trwde (tién nghiém) cda gia thiét h

P(h| D)=

» P (D) : X4c suat trwde (tién nghiém) cua viéc quan sat dwoc
dr liéu D

P (D|h): Xac suat (co diéu kién) cla viéc quan sat dwoc div
liéu D, néu biét gia thiét h la dung. (likelihood)

* P (h|D): Xac suat (hau nghiém) cla gia thiét h 1a dung, néu
quan sat dwoc dir liéu D

>Nhieu phwong phap phan loai dwa trén xac suat sé sty
dung xac suat hau nghiém (posterior probability) nay!



binh ly Bayes: Vi du (1)

Gia st chung ta co6 tap dir liéu sau (dw doan 1 ngwdi cé choi tennis)?

Ngay | Ngoai trdi | Nhiét do D6 am Gio Choii tennis
N1 Nang No6ng Cao Yéu Khoéng
N2 Nang N6ng Cao Manh Khéng
N3 Amu No6ng Cao Yéu Cé
N4 Muwa Binh thuwong Cao Yéu Cé
N5 Mua Mat mé Binh thwdng Yéu Cé
N6 Muwa Mat mé Binh thuwong Manh Khong
N7 Am u Mat mé Binh thuwong Manh Cob
N8 Nang Binh thwdng Cao Yéu Khéng
N9 Nang Mat mé Binh thwong Yéu Cé
N10 Muwa Binh thwong | Binh thuwong Yéu Cé
N11 Nang Binh thwérng | Binh thwong Manh Cé
N12 Am u Binh thuwong Cao Manh Cob

[Mitchell, 1997]




Pinh ly Bayes: Vi du (2)

D@ liéu D. Ngoai troi |a ndng va Gié |a manh
Gia thiét (phan loai) h. Anh ta choi tennis

Xac suat trvde P (h) . Xac suat rang anh ta choi tennis (bat ké
Ngoai troi nhw thé nao va Gib ra sao)

Xac suat trvde P (D) . Xac suat rang Ngoai trdi la ndng va Gio
la manh

P (D|h). Xac suat Ngoai troi la nang va Gio la manh, néu biét
rang anh ta choi tennis

P (h| D). Xac suat anh ta choi tennis, néu biét rang Ngoai troi
la ndng va Gio la manh



Xac suat hau nghiém cuc dai (MAP)

Vé&i mot tap cac gia thiét (cac phan Iop) cé thé H, hé thdng hoc
sé tim gia thiét c6 thé xdy ra nhat (the most probable
hypothesis) h (eH) dbi voi cac dir liéu quan sat dwoc D

Gia thiét h nay dwoc goi la gia thiét co xac suat hau nghiém
cwc dai (Maximum a posteriori — MAP)

hye =argmax P(h| D)

heH

P(D|h).P(h)
h — arg max
MAP %EH P(D)

(bdi dinh ly Bayes)

h  —aramax P(D|h).P(h (P’(D) la nhw nhau
w agheHaX (B1h).PM) doi v&i cac gia thiét h)



MAP: Vi du

Tap H bao gdm 2 gia thiét (co thé)
« h,;: Anh ta choi tennis
« h,: Anh ta khéng choi tennis

Tinh gia tri cGia 2 xac xuat co diéu kién: P (h,|D), P (h,|D)

Gia thiét c6 thé nhat h,,.=h, néu P (h,|D) 2P (h,|D);
ngwoec lai thi by, ,=h,

Vivay, can tinh 2 biéu thirc: P (D|h,) . P (h;) va
P(D|h,) .P(h,), va dwa ra quyét dinh twong rng

« Néu P(D|h,).P(h,) 2P (D|h,) .P (h,), thikétluan la anh ta choi
tennis

* Nguworc lai, thi két luan |a anh ta khéng choi tennis



Panh giad kha nang co thé nhat (MLE)

Phuong phap MAP: Véi mét tap cac gia thiet co the 1, can tim
mot gia thiét cwec dai héa giatri: P(D|h) .P (h)

Gia s (assumption) trong phwong phap danh gia kha nang cé
thé nhat (Maximum likelihood estimation — MLE): T4t ca céac
gia thiét deu co gia tri xac suat trwéc nhw nhau: b (h;) =P (h.),
Vh;,h,eH

Phwong phap MLE tim gia thiét cwc dai hoa gié tri P(D|h);
trong d6 P (D | h) dwoc goi la kha nang cé thé (likelihood) cua
dir liéu D ddi véi h

Gia thiét c6 kha nang nhat (maximum likelihood hypothesis)

hy,, =argmax P(D|h)

heH



MLE: Vi du

Tap H bao gom 2 gia thiét co thé

« h,;: Anh ta choi tennis

« h,: Anh ta khéng choi tennis

D: Tap di liéu (cac ngay) ma trong do thudc tinh Outlook co gia tri Sunny

va thuéc tinh Wind co6 gia tri Strong

Tinh 2 gia tri kha nang xay ra (likelihood values) cua di¥ liéu D
doi voi 2 gia thiét: P(D|h,) va P (D|h,)

¢ P (Outlook=Sunny, Wind=Strong|h,)=1/8

¢ P(Outlook=Sunny, Wind=Strong|h,)=1/4

Gia thiét MLE h,;.=h, néu P (D|h,) 2P (D|h,); va nguoc
lai thi h,, ,=h,
— B&ivi P(Outlook=Sunny, Wind=Strong|h,) <

P (Outlook=Sunny, Wind=Strong|h,), hé thdng két luan rang:
Anh ta sé khéng choi tennis!



Phan loai Naive Bayes (1)

Biéu dién bai toan phan loai (classification problem)
- M6t tAp hoc D train, trong @6 méi vi du hoc x dwoc biéu dién |a
mot vecto n chiéu: (x,, x,, ..., x.)
* Mot tap xac dinh cac nhan Iép: C={c,, c,, ..., c.}

* V&i mét vi du (maoi) z, thi z sé dwge phan vao |&p nao?

Muc tiéu: Xac dinh phan 1&p co thé (phu hop) nhat doi voi z

Cpap = argmax P(c; | z)
Ci EC

Cpap = arg rrgax P(c | z,25,..., Z,,)
cie
G = argmax B2 T [G)P(G) (i dinh Iy Bayes)
c;eC P(Zl, Loy, Zn)




Phan loai Naive Bayes (2)

Pé tim dwoc phan I1&p c6 thé nhat doi voi z...

Cypap = argmax P(zy,2,,..., 2, | ¢;).P(C;) (P(2zy,2,, ceerZn) la
c,eC nhw nhau v&i cac [6p)

Gia thuyét (assumption) trong phwong phap phan
loai Naive Bayes: Cac thuoc tinh la doc lap co dieu kién
(conditionally independent) dbi véi cac lop

n

P(z,25,.,2, |6) =] | P(zj I c)
j=1

Phan loai Naive Bayes tim phan I&p c6 thé nhat dbi voi z

n
cng =argmaxP(c;). ] [ P(z; 1 ¢;)
c;eC j=1



Phan loai Naive Bayes: Giai thuat

Giai doan hoc (training phase), str dung mét tap hoc
Po6i v&i mbi phan I6p ¢6 thé (mdi nhan 1&p) ¢, eC
- Tinh gid tri xac suat tién nghiém: P (c,)
- Dbi vé&i mbi gid tri thudc tinh x, tinh gia tri xac suat Xay ra
cda gia tri thudc tinh do doi VO’I mot phanlop c;: P(x.lc;)

Giai doan phan |&p (classification phase), doi véi mot vi du méi
* P6i v&i moi phan I6p c, C, tinh gié tri ctia biéu thirc:

n
P(c).] [P(x;lc)
=1
« Xac dinh phan I&p cla z 1a Ié’p c6 thé nhat ¢~

C —argmaxP(c)HP(x |c)

CEC J



Phan loai Naive Bayes: Vi du (1)

M6t sinh vién tré v&i thu nhap trung binh va mirc danh gia tin dung binh thuwdng sé mua mét cai may tinh?

Rec. ID Age Income Student | Credit_Rating Buy Computer
1 Young High No Fair No
2 Young High No Excellent No
3 Medium High No Fair Yes
4 Old Medium No Fair Yes
5 Old Low Yes Fair Yes
6 Old Low Yes Excellent No
7 Medium Low Yes Excellent Yes
8 Young Medium No Fair No
9 Young Low Yes Fair Yes

10 Old Medium Yes Fair Yes
11 Young Medium Yes Excellent Yes
12 Medium Medium No Excellent Yes
13 Medium High Yes Fair Yes
14 Old Medium No Excellent No

http://www.cs.sunysb.edu/~cse634/lecture notes/07classification

.pdf




Phan loai Naive Bayes: Vi du (2)

Biéu dién bai toan phan loai
- z = (Age=Young, Income=Medium, Student=Yes, Credit_Rating=Fair)

« CO 2 phan 16p co thé: c, (“Mua may tinh”) va c, (‘Khéng mua may tinh”)

Tinh gié tri xac suat trwdc cho méi phan I1&p
. P(c,) = 9/14
. P(c,) = 5/14

Tinh gia tri xac suat ctia mdi gia tri thudc tinh ddi véi méi phan I6p

- P(Age=Youngl|c,) = 2/9; P(Age=Young]|c,) = 3/5
* P(Income=Mediumn|c,) = 4/9; P(Income=Medium|c,) = 2/5
* P(Student=Yes|c,) = 6/9; P(Student=Yes|c,) = 1/5

* P(Credit_Rating=Fair|c,) = 6/9; P(Credit_Rating=Fair|c,) = 2/5



Phan loai Naive Bayes: Vi du (3)

Tinh toan xac suat co thé xay ra (likelihood) cla vi du z dbi v&i méi
phan |&p
- DI v&i phan 16p ¢,
P(z|c,) = P(Age=Young]c,).P(Income=Medium|c,).P(Student=Yes|c,).
P(Credit_Rating=Fair|c,) = (2/9).(4/9).(6/9).(6/9) = 0.044
* DI v&i phan 16p c,
P(z|c,) = P(Age=Young]c,).P(Income=Medium|c,).P(Student=Yes|c,).
P(Credit_Rating=Fair|c,) = (3/5).(2/5).(1/5).(2/5) = 0.019
Xac dinh phan I&p c6 thé nhét (the most probable class)
* DI v&i phan 16p ¢,
P(c,).P(z|c,) = (9/14).(0.044) = 0.028
* DI v&i phan 16p c,
P(c,).P(z|c,) = (5/14).(0.019) = 0.007

—Két luan: Anhta (z) sé mua mot may tinh!



Phan loai Naive Bayes: Van dé (1)

Néu khéng cé vi du ndo gan voi phan I6p ¢, ¢6 gia tri thudc tinh X
P(x.|c;)=0, vavivay: d
(x51¢Cy) va vl vay P(Ci).HP(Xj|Ci):O
j=1

Giai phap: St dung phuong phap Bayes dé wéc lwong P (x51cy)

n(c;, X;) +mp

Px;le) = n(c.)+m

* n(c,): sblwong cac vi du hoc gan va&i phan I6p ¢,
- n(c;, x;): sO lwgng cac vi du hoc gan voi phan 16p c. ¢ gia tri thudc
tinh X
- p: wéc luwong doi voi gia tri xac suat P (x| c;)
— Céc woc lwgng dong mirc: p=1/k, néu thude tinh £, c6 k gié tri
- m: mot hé sb (trong sb)
— E)é_ bb sung cho n (c,) céac vi du thwe sy dwoc quan sat védi thém m
mau vi du voi wéc lvong p



Phan loai Naive Bayes: Van de (2)

Gidi han vé do chinh xac trong tinh toan ctia may tinh
. P (x| c;) <1, doi v&i moi gia tri thudc tinh % va phan 1&p c.
. Vi vay, khi s6 lwong cac gia tri thudc tinh 1 rat Ion, thi:

Iim(H P(X; | ci)j =0
Nn—oo j=1
Giai phap: St dung ham Iégarit cho cac gia tri xac suat

Chg = arg max[log{P(ci).ﬁ P(X; | ci)D

Ci eC

Cys =arg max[log P(c;)+ > logP(x; | Ci)j
j=1

Ci eC



Phéan loai van ban bang NB (1)

Biéu dién bai toan phan loai van ban
- Tap hoc D, trong dé moi vi du hoc |a mot biéu dién van ban gén voi mot
nhan Iép: D={(d,, c,)}
* Mot tap cac nhan Iop xac dinh: C = {c,}

Giai doan hoc
- Tw tap cac van ban trong D, trich ra tap cac tlr khoa T = {t .}
* Goi D la tap céc van ban trong D c6 nhén 1op c;
« Pbi v&i moi phan 16p c,

. D
- Tinh gia tri xac suat trwéc cua phan lop c;: P(c) =

Ci
K ’ R N ’ ’ y V4 ~ y X ‘?‘ K y y
-Boi voi moi tr khda £, tinh xac suat tr khoa t, xuat hién doi voi Iop ¢,

(Zd eD n(dk L J)) +1
k G PR z
(n (dy, t;): s0 lan xuat hién caa ter

(deEDCi ZtmeT n(dk . tm)) + ‘T‘ khoa t; trong van ban d,)

P(tj |Ci) =



Phéan loai van ban bang NB (2)

Giai doan phan I&p dbi véi mot van ban méi d
» Ttr vén ban 4, trich ra tap T, gom cac tir khoa (keywords) t, da
dwoc dinh nghia trong tap T

* Gia st (assumptlon) Xac suat tr khoa t, xuat hién dbi voi lop
c. la ddc 1ap doi voi vi tri cha tr khda dé trong van ban

P(t; ovitrik|c,) =P(t, &vitrim|c;), Vkm
» Poi v&i mbi phan I6p c., tinh xac suat hau nghiém cta van ban d
doi vai ¢,
P(c).] | P(;lc)
tj ETd
* Phan |&6p van ban 4 thubc vao lop ¢*

¢ =argmax P(c,).| | P(t; I c

CiEC tjETd
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