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Phan 1: Bernoulli Naive Bayes Classifier

1. Review

1.1. Independent Events (Céc bién cb déc lap)

Hai bién c6 A va B dugc goi 1a ddc 14p néu va chi néu:
P(ANnB)=P(A)-P(B)
Néu diéu kién nay khong théa man, titc la:
P(AnB)# P(A)-P(B)

thi hai bién ¢6 phu thudc (dependent).

Vi du minh hoa
Mot con xtc xac cong bang dude tung mot lan. Goi:

A=1{4}, B={246)

Khi dé: ' X 1
P(A) =, P(B)=3=g, PANB)=P{4}) =
Kiém tra: L1 ,
P(A)P(B) = ¢ -5 = 15 # P(ANB)

Do d6, A va B khong doc lap.

1.2. Conditional Independence (Péc lap cé diéu kién)
Hai bién ¢6 A va B dudc goi 14 déc 1ap c6 diéu kién khi biét C' néu va chi néu:
P(ANB|C)=P(A|C)-P(B|C), P(C)>0

Hiéu don gidn: Khi da biét chic ring C xay ra, viéc biét A x4y ra hay khong khong lam
thay d6i xic sudt xdy ra ctia B (va ngudc lai).

\. J

e DPoc lap toan cuc (Global Independence):

P(ANB) = P(A) - P(B)

Hai bién c¢6 A va B doc lap trong toan bd khong gian mau.
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« Poc 1ap c6 diéu kién (Conditional Independence): Poc 1ap chi xay ra trong mot
khong gian con C. Tic 1a chi khi biét C, A va B méi khong anh huéng 1an nhau.

Piém quan trong:

1. Hai bién ¢ A va B cé thé doc 1ap toan cuc, nhung khi giéi han trong C thi tré
thanh phu thudc cé diéu kién.

2. Ngudc lai, hai bién ¢6 A va B ¢6 thé phu thudc toan cuc, nhung trd thanh ddc 1ap
khi biét C (vi C giai thich toan bo nguyén nhan phu thudc).

Gia su:

o Avi B doc lap toan cuc, nén chiing c6 phan giao nhau (vi P(A), P(B) > 0).
e Thém mot bién cd C sao cho:
ANB#0, AnC#0, BNnC#0, (AnB)NC =10
Khi giéi han trong C:
P(ANB|C)=0#P(A|C)P(B|C)

= A va B trd thanh phuy thudc cé diéu kién.
Sd d6 Venn:
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1.3. Total Probability Theorem (Dinh ly xéc suit toan phan)

Gia st Ry, Ra, ..., R, 1A mdt hé day di cac bién cb (pairwise disjoint, J_, R; = Q). Véi
moi bién c6 S:

P(S):Zn:P(SﬂRi) :zn:P(Rz')P(S|Ri)
il =1

Giai thich

2 ”

o Ta chia khong gian mau thanh n “kich ban” R; khéng chdng chéo.

« X&c suat S xay ra chinh 1a tong xac suat S xay ra trong titg kich ban R;.

Bai toan: Mot nha may cé 2 diy chuyen:
« DAy chuyén Ry: san xuit 60% san pham, xéc suat 16i P(S | Ry) = 2%.
e DAy chuyén Ry: san xuit 40% san pham, xdc suat 16i P(S | Ry) = 5%.

Tinh: Xac suat mot san pham bat ky bi 16i.

Lai giai:
P(S) = P(R))P(S | R1) + P(R3)P(S | Ry) = 0.6 x 0.02 + 0.4 x 0.05 = 0.032

= (C6 3.2% san pham bi 13i.

1.4. Bayes’ Rule (Pinh ly Bayes)

Gia stt Oy, Cy, ..., Cy, 1 mdt he day di cac bidn ¢ v X 1a bién ¢b bat ky vai P(X) # 0:

P(G)P(X | Ci)

21 P(CHP(X | Cj)

P(C; | X) =

1=1,2,...,n

Giai thich
« Ta mudn cap nhat niém tin vé viéc C; xay ra khi da quan sat X.
e Ti sb: “D6 tin cdy ban dau vé C;” x “Xac suat quan sit X néu C; ding”.

o Mau s6: Tong xac suit quan sat X trong tat ca céc kich ban.
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Bai toan: Tiép ndi vi du trén. Mot san pham bi 16i. Héi né dén tit day chuyén nao?

Tinh: Xac suat san pham 16i dén tir day chuyen Ry:

N P(RQ)P(S | RQ) N 0.4 x 0.05 ~
PR 1S) = pRP(S | o)+ P(Ra)P(S [ Fa) ~ 0032~ 0629

Két luan: Néu mot san pham bi 161, kha ning né dén tir day chuyén Ry 13 62.5%.

2. Gidi thiéu vé Naive Bayes Classifier
2.1. Naive Bayes la gi?

Naive Bayes Classifier (NBC) 1a mot thuit toan phan loai dua trén Pinh ly Bayes,
v6i gia dinh cac feature doc lap cé diéu kién cho trude class.
Gié st co:

« Mbt bién ngdu nhién C biéu dién class/label (vi du: Pass/Fail, Spam/Not Spam).
o n feature Fy, Fy, ..., F, (cic dic trung quan sat dugc).

Muc tiéu: Dy doan class C cho mét tap feature quan sat duge f1, fo, ..., fa-

2.2. Céng thiic tong quat
Theo dinh 1y Bayes:

P(F17F277FH|C)P(C)

P(C| Py, Fy .o Fy) = P(Fy, Fy 129
s gy din

Vi P(F, By, ..., F,) 1a hang s6 khi so sanh cac class, ta chi can t6i da hoéa:

C= argmgxP(C) P(F,Fy,...,F, | C)

Gia dinh ”Naive”:
n

P(F17F277Fn’0):HP(E|C)
i=1
= Codng thiic rut gon:
C = argmax P(C) [[PE 10

=1
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2.3. Céc bién thé ctia Naive Bayes
Tuy loai dit liéu dau vao, ta ¢ cic bién thé:
« Bernoulli Naive Bayes: Ap dung cho dit liéu nhi phan (Yes/No, True/False, 0/1).
« Multinomial Naive Bayes: Ap dung cho dit licu dém (s6 1an xuét hién tir trong viin ban).

« Gaussian Naive Bayes: Ap dung cho dit liéu lién tuc (gid dinh phan phdi chuan).

2.4. Uu va nhugc diém
Uu diém:
« Don gian, dé hiéu, dé cai dit.
o Hiéu qué ngay ca véi tap di liéu nhé.
e Tinh todn nhanh nh¢ gid dinh doc lap.
Nhugc diém:
 Gia dinh doc 1ap c6 diéu kién thuong khong ding trong thuc té.

« D6 chinh xic khong cao néu céc feature phu thuéc manh 1an nhau.

3. Bernoulli Naive Bayes Classifier
3.1. Gi6i thiéu

Bernoulli Naive Bayes (BNB) 13 mot bién thé ctia Naive Bayes, chuyén ding cho dit liéu
nhi phan (binary/Boolean data).
Pic diém:

o Moi feature chi ¢6 hai gid tri: Yes/No, True/False hodc 0/1.
 Phan phéi xéc suit clia feature dugc mé hinh hod bing phan phbdi Bernoulli.

o Phu hop khi dit liéu chi biéu dién su ¢d mdt hay vdng mdt cta mot dic trung.

3.2. Céng thiic téng quéat

Bai toan: Du doan class C khi biét n feature nhi phan Fy, Fy, ..., F),.

Theo Bayes:
P(FlaF27"'aFn | C)P(C)
P(Fy,F,, ..., F,)

P(C| F,Fy... . Fy) =

Gia dinh Naive (d6c lap cé diéu kién):

P(Fy,F,....F, | C)=]]P(F | C)
=1
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Uéc lugng Bernoulli cho méi feature:

PR | C) = Oi\c néu feature xuat hién (Yes/1)
‘ 1—0;c, néu feature khong xuat hién (No/0)

v6i:
s0 mau trong class C' c6 feature ¢ xuat hién

9@'|C = z Z % ~
tong s6 mau thudc class C

Quy tic quyét dinh:
¢ = argmax (C)E (Fi]C)
3.3. One Feature
Gié stt ta c¢6 hai 16p (class/label):
¢ R =Pass
e R = Fail
va mot feature nhi phan (Bernoulli variable):

o S = Studied (Yes/No)
Theo dinh 1y Bayes:

Trong d6:

P(S) = P(S | R = Pass)P(R = Pass) + P(S | R = Fail) P(R = Fail)

Vi du minh hga: One Feature

Xét 6 sinh vién véi két qua thi duge ghi nhan nhu bang sau:

Studied | Result
No Fail
No Pass
Yes Fail
Yes Pass
Yes Pass
No Fail

Goi:
e« R 14 bién ngiu nhién dai dién cho két qué (Result):

R; =Pass, Ry = Fail
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S 1a bién ngdu nhién dai dién cho viéc hoc bai (Studied):
S = Yes hoac No

CAc xac suit ban dau:
P(R = Pass) = % =0.5, P(R=Fail) = % =0.5

P(S = Yes | R = Pass) = ;, P(S = Yes | R = Fail) =%

Buéc 1: Tinh x4c suit quan sit (Total Probability Theorem):

P(S = Yes) = P(S = Yes | R = Pass) P(R = Pass)
+ P(S = Yes | R = Fail) P(R = Fail)

2 1
=--05+--05=05
3 +3

Buédc 2: Ap dung Bayes cho tirng 16p:
S = Yes | R = Pass) P(R = Pass)

P(R =Pass | S = Yes) = il P(S = Yes)
_ 305 2
05 3
P(R =TFail | S = Yes) = P(S = Yes ’P?S:_F?{lelif (12 = Fail)
_ 305 1
0.5 3

Budc 3: Két luan phan loai:

vi P(R = Pass | S = Yes) > P(R = Fail | § = Yes)

Gidi thich: Néu mot sinh vién da hoc bai, xac suat d6 1a 66.7%.

3.4. Multiple Features

Gia st
e Ton tai K 16p (class) khac nhau: C1, Oy, ..., Ck.
., F,, mdi feature nhan gid tri 1 (xuat

e C6 n feature nhi phan: Fi, F5, ..
hién/Yes/True) hodc 0 (khéng xuat hién/No/False).

Gia dinh Naive Bayes (doc lap cé diéu kién):

P(F\,F,...,F, | Cy) = [[ P(F: | C)

i=1
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Phan phdi Bernoulli cho mdi feature:

Biicy» néu F; =1
1-— 0i|0k7 néu E =0

P(Fi\ck)z{

trong do:
s6 mau thuoc Cj, c6 feature F; = 1

00, = —
iCk tong s6 mau thude Cy,

Céng thitc Bayes tong quét:
__ PC)TIiL, P(F | Cr)
S, P(CHTIL, P(F | Cy)

P(Cy | F1, Fs,..., F,)

Quy tic phan loai (Maximum a Posteriori — MAP):
n
C = argmax P(Cy) HP(E | Ck)
Ck .
=1
Y nghia:
o V6i moi class Cy, ta tinh x4c suat hdu nghiém dua trén tich cdc x4c suat Bernoulli ctia

ting feature.

o Chon class c6 xac suat 16n nhat lam két qua du dodn.

\. J

Gié st ¢6 hai 16p:

e R =Pass
e R = Fail
Ba feature nhi phan:
o Co = Confident (Yes/No)
e St = Studied (Yes/No)
o Si = Sick (Yes/No)
Theo gia dinh Naive Bayes: céc feature doc lap cé diéu kién cho trude class:
P(Co,St,Si| R) = P(Co | R)P(St| R)P(Si | R)

P(Co, St,Si | R)P(R)

P(R | Co,8t,5i) = ——p 7220
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Vi du minh hoa: Multiple Features

Xét 7 sinh vién véi két qua thi duge ghi nhan nhu bang sau:

Confident | Studied | Sick Result
Yes No Yes Fail
Yes No No Pass
Yes Yes Yes Fail
No No Yes Pass
No Yes No Pass
No No No Fail
Yes Yes Yes | 7?7 (can du dodn)

Goi:
e R 1a bién ngiu nhién dai dién cho két qua (Result):

R; =Pass, Ry = Fail
« Céc bién diic trung nhi phan (feature):
Co = Confident, St = Studied, 5% = Sick
Budc 1: Tinh cac xac suit ban dau (tir bang dit liéu)
3 ) 3
P(R = Pass) = 6= 0.5, P(R=Fail) = 6= 0.5
Tinh cic xéc suit cé diéu kién:

P(Co = Yes | R = Pass) = P(Co = Yes | R =Fail) =

P(St = Yes | R = Pass) = P(St = Yes | R = Fail) =

Wl Wl W N
WIN W R W]+~

P(Si=Yes | R=Pass) ==, P(Si=Yes|R=Fail) =
Budc 2: Tinh xac suit két hgp theo gia dinh doc lap cé diéu kién (Naive Bayes)

P(Co, St,Si| R =Pass) = P(Co | R = Pass) - P(St| R = Pass) - P(Si | R = Pass)

221 4
T3 33 27

P(Co, St,Si| R =Fail) = P(Co | R = Fail) - P(St | R = Fail) - P(Si | R = Fail)
112 2
333 27

Buéc 3: Tinh x4c suit quan sat P(Co, St, Si)

P(Co, St, Si) = P(Co, St,Si | R = Pass)P(R = Pass)
+ P(Co, St, Si | R = Fail) P(R = Fail)
4 2 1

= — . 05+—-05=-
TR 9

10
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Budc 4: Ap dung dinh 1y Bayes

P(Co, St, Si | R = Pass)P(R = Pass)
P(Co, St, Si)

4

5705 2

P(R = Pass | Co, St, Si) =

1/9 3

Co, St,Si | R = Fail) P(R = Fail)
P(Co, St, Si)
505 1

P
P(R = Fail | Co, St, Si) = (

1/9 3
Budc 5: Két luan phan loai

vi P(R = Pass | Co, St, Si) > P(R = Fail | Co, St, Si)

Duy doan cho sinh vién tha 7
Néu sinh vién thit 7 c6 thong tin:

Co=Yes, St=Yes, Si=Yes

thi két qua du doan 1a:

‘ Result = Pass

vi x4c suat do 1a 66.7%, cao hon 16t (33.3%).

11
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Phan 2: Gaussian Function

2. Gaussian Function

2.1. Definition

Phan phéi chuian (Normal Distribution)

o Mot phan phdi don gidn 14 tap hop cac gid tri dit liéu dude sap xép theo thit tu.
« Phan phdi xic sudt mo ta cdch ma xéc sudt dude phan bd trén céc gid tri clia mot
bién ngau nhién.

« Phéan phéi chuan (Gaussian Distribution) 13 loai phan phdi x4c suat quan trong
nhat, thudng xuat hién tu nhién trong nhiéu hién tugng thuc té (chiéu cao, cAn ning,
diém thi...).

Vi dy minh hea: Biéu do phan bd diém thi THPT mén Dia Ij nam 2021 tai Viét Nam cé dang
xap xi mot dudng cong chuan.

BIEU DO PHAN BO DIEM THI TOT NGHIEP THPT MON DIA LY NAM 2021
60000

0
46398

41539
39808

40000

34965

a0

30000

Biéu do phan bd diém thi THPT mon Pia 1y nam 2021

Mean (Ky vong)

Cho tap diu lieu X = {z1,x2,...,z,}, mean dugc tinh nhu sau:

1 n
ux = Ez;ﬂfz
1=

Mean diic trung cho trung tAm phan phoi x4c suit ciia bién ngau nhién.

12
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Vidu: V6i X ={2,8,5,4,1,4}, n =6:

1 24
px = 248454+ 14+4) == =4

Variance (Phuong sai)

Phuong sai do luong mttc dd phan tan cia dit liéu quanh gid tri trung binh:

Vi du: V6i X ={5,3,6,7,4}, n = 5:

1
p=(G+3+6+7+4)=5

var(X) = %[(5 LB (3524 (6-5)2+(T—5°+ (4—5)Y =2

Gaussian Function

Ham mat d6 xac suat (PDF) clia phan phdi chuan:

1 _@=w?
flz) = ——=e 2;5, —00 <z < 00

oV 2w

o s mean (trung binh)

 02: variance (phuong sai)

Vi du: Cho p = 0,02 =1, tinh f(z) v6i x € [-4,-3,-2,-1,0,1,2, 3]:

1 (—4—0)2 6_8 4
e 2 = ~1.3x 10"
V2T V2T

Bang gia tri:

T -4 -3 -2 -1 0 1 2 3
f(z) | 1.3e-04 | 4.4e-03 | 5.3e-02 | 2.4e-01 | 3.9e-01 | 2.4e-01 | 5.3e-02 | 4.4e-03

P6 thi minh hoa:

13
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Po thi Gaussian 1D

Do thi Gaussian 2D

040
035 1

c 030
o

(=]
(]
w

(=]
-
w

gaussian distributi
(=]
N
(=]

010

005 1

000

4 -2 0 2 H
vanable x

(Tréi) Do thi Gaussian 1D, (Phéi) Do thi Gaussian 2D

2.2. Central Limit Theorem (Pinh ly giéi han trung tam)

Dinh 1y giéi han trung tam (Central Limit Theorem — CLT) khing dinh ring:

« Khi ta liy téng hodc gia tri trung binh ctia mot sé lugng 16n céc bién ngau nhién
doc lap, khong nhat thiét phai c6 cing phan phdi,

« Sau khi dugc chuan hoa dting cach (chuan héa z-score), phan phdi ctia téng hoic
gid tri trung binh niy sé tiém cén phan phdi chuin (normal distribution),

o Ngay cé khi céc bién gbc khéng tuin theo phan phdi chuin.
Cach chuin héa: Gié sit ta c6 X1, X, ..., X, 1a cdc bién ngdu nhién doc lap véi:
p=E[X)], o%=Var(X;)
Goi:
X =

S|

n
>
=1

thl khi n — oo:

X —p

= olm

— N(0,1)

(vé phan phdi chuan tac).

Y nghia:

« Du dit litu gbc c6 phan phéi léch hay ky la (uniform, exponential, v.v.), nhung khi tinh
trung binh nhiéu mau doc lap, két qua sé gan gidng hinh chudng chuin.

o CLT la nén tang cho cdc phuong phap suy ludn théng ké, vi né cho phép uéc luong tham sb
bang phén phdi chuin ngay ci khi phan phdi gbc khong chuén.

14
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Vi du minh hoa:
« Liy ngiu nhién 30 pixel trong mot biic anh, tinh trung binh gia tri mau.
« Lip lai 10.000 1an, vé biéu dd histogram ciia 10.000 gid tri trung binh thu dudgc.

o Két qua: Histogram nay xap xi phan phdi chuin, mic du gia tri mau gbc cia timg pixel
khong hé chuan.

Vi du minh hoa dinh 1y gi6i han trung tdm trén dnh chup thuc té

15
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Phan 3: Gaussian Naive Bayes Classifier
3.1. Gidi thiéu

Gaussian Naive Bayes (GNB) la mot bién thé ciia Naive Bayes, chuyén dung cho dit liéu
lién tuc.
Pic diém:

 Céc feature dugc gia dinh tuan theo phan phdi chudn (Gaussian Distribution).

o Thay vi dém tan suat xuat hién nhu Bernoulli hodc Multinomial NB, ta uéc lugng cac
tham s6 mean (i) va variance (02) cho ting feature theo timg class.

o Dugc st dung rong rai trong phan loai khi dit liéu dau vao 1a cdc gid tri thuc (chiéu
dai, trong lugng, diém sb...).

3.2. Cong thirc tong quat

Muc tiéu: Dy doén class C' khi biét n feature lién tuc Fy, Fy, ..., Fy,.

Theo Bayes:

P(FbFQ)"'?F’n ‘ C)P(C)
P(F\, Fy, ..., F,)

Vi P(Fy, Fs,...,Fy,) 1a hing s6 khi so sianh céc class:

C= argméaxP(C) P(Fy,Fy,...,F, | C)

P(C| F,Fy... . F) =

Gia dinh Naive (Poc lap cé diéu kién):

P(F\,F,....F,|C)=]]P(F|C)
i=1

Uéc lugng Gaussian cho mbi feature lién tuc:
Véi méi feature F; (gia sit tuan theo phan phdi chuan trong timg class O):

(z — Mic)2)

1
P(F,=2|C)= frjo(®) = ——F=exp | —
| ooV 2T 2050

trong do:
1 e 1 e
Hijc No ?:1: Tij,  Tj|c Ne J_E:l(f% Muc)

16
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Trong x4c suat lién tuc, xdc suit tai mot diém ding nghia bang 0:

P(F,=xz|C)=0

Thay vao d6, ta quan tdm t6i mat dd xac sudt (PDF):

. Pa<F<z+Az|C)
Az—0 Az

Trong Gaussian Naive Bayes, khi so sdnh giita cac class, ta chi can so sanh ti 1& mat
do tai diém z vi:
Pz < F;<z+Az|C) < frc()

va Az triét tiéu trong qua trinh so sanh.

Do d6, cong thitc Bayes van hoat dong diing khi thay thé P(F; | C) bang frc(Fi).

Quy tic phan loai (Maximum A Posteriori — MAP):

= P B F,) = P (o (F;
C argmg,x (C| 1, 2, ) ) argmcz}x (C)HfFZ|C( )

MAP la gi? MAP (Maximum A Posteriori) 1a quy tic ra quyét dinh chon class c6 xéc
suit hau nghiém 16n nhét:

Tai sao MAP tbi wu trong Gaussian NB?

Tém lai: MAP 1a quy téc ra quyét dinh téi wu nhét trong ¥ nghia xéc suat: né gidm thiéu
rii ro phan loai sai trung binh.

~

C= argmgxP(C’ | L)

Trong Gaussian Naive Bayes, mdi class dugc mo6 hinh bang phan phéi chuan véi tham
s6 uéc lugng tir dit lidu.

Bayes dam béo:
P(C|L)x P(L|C)P(C)

vi P(L) 1a hang s véi moi class.

Chon class c6 posterior 16n nhat tuong duong véi viée t6i thiéu hod xac suat phan loai
sai (Bayes Optimal Classifier).

MAP con hgp 1y khi ta cé prior khic nhau gitta céc class (P(C) khong dong déu).

17
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3.3. One Feature

Gia stt ta co:
o Hai 16p (class/label):
C=0 va C=1

e Mot feature lién tuc:
L = Length (continuous)

Muc tiéu: Dy doan class khi biét L = 3.0.
Theo dinh 1y Bayes:
P(C|L)=

v6i:
P(L)=P(L|C=0)P(C=0)+P(L|C=1)P(C=1)

Vi du minh hga: One Feature

Xét 10 mau dit liéu v6i dic trung chiéu dai (Length) va két qua phan loai (Category) dugc ghi
nhan nhu sau:

Length | Category
14 0
1.0
1.3
1.9
2.0
3.8
4.1
3.9
4.2
3.4

e el e e = = e N )

Goi:
« (' bién ngau nhién dai dién cho Category, vdi:
C=0 (class0) va C=1 (class1)
o L: feature lién tuc (Length).

Buéc 1: Tinh x4c suét tién nghiém (Prior Probability)
Vi moi class ¢6 5 mau:

Budc 2: Udc lugng tham sé Gaussian cho tirng class

18
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Stt dung cong thic:

1 1
pe = ZLja ot = ~— > (Lj— pe)?

Két qua:
po = 1.52, o2 =0.1416

p1 = 3.88, o2 =0.0776

Buéc 3: Tinh mat do Gaussian tai L = 3.0
Ap dung céng thitc phan phéi chuan:

P(L|C)=

1 (L— MC)2>
e —_——_—
ooV 2T Xp( 20%
Cu theé:
P(L=3.0|C =0)=0.0004638
P(L=3.0|C =1)=0.0097495

Buédc 4: Tinh xac sudt quan sit (Total Probability)
P(L=30)=P(L=30|C=0P(C=0)+P(L=30|C=1)P(C=1)
P(L = 3.0) = 0.0004638 x 0.5 + 0.0097495 x 0.5 = 0.005106
Budc 5: Ap dung dinh 1y Bayes (Quy tic MAP)

P(L=3.0]C=0)P(C=0) 0.0004638 x 0.5

= ~ 0.0455
P(L =3.0) 0.005106

P(C=0|L=30)=

P(L=3.0|C=1)P(C=1) 0.0097495 x 0.5

= ~ 0.9545
P(L =3.0) 0.005106

P(C=1|L=30)=

Budc 6: Két luan phan loai

vi P(C=1|L=3.0)>P(C=0|L=30)
Gidi thich: Khi Length = 3.0, x4c suat hiu nghiém thudc class 1 1a khodng 95.45%, cao hon rat
nhiéu so véi class 0 (4.55%).

4.4. Multiple Features

Bai toan: Du doan class C' khi biét n feature lién tuc Fy, Fy, ..., F),.

Theo dinh ly Bayes:

P(FbFQ)"'?Fn ‘ O)P(C)
P(F\,Fs, ..., F,)

P(C|F1aF27"'aFn):
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Gia dinh Naive (doc lap c6 diéu kién):

n
P(Fy,Fy,...,F, | C) =[] P(F; | C)
i=1

Uéc lugng Gaussian cho mbi feature:

P(F,=z|C)= w>

1
oilcV 2w < 202‘2|C

Quy tic phan loai (Maximum A Posteriori — MAP):
n
C'= p)I[pEF | C
argmax P( )Z‘]:[1 (Fi | 0)

Tham s can wéc lugng:
1 & 1 &
2 2
. :_E'm o :_E:ay._ ,
Hijc No = (VR i|C N¢ j:1( ] :uz|C)

Gia stt c6 hai 16p:

e C=0
e C=1
Hai feature lién tuc:
o L = Length (continuous)
o W = Width (continuous)
Theo gia dinh Naive Bayes: cic feature déc 1ap c6 diéu kién cho trudc class:
P(LLW|C)=P(L|C)-P(W|C)

P(L,W|C)-P(C)
P(L,W)

P(C|L,W) =

Vi du minh hoa: Two Features

D1t liéu duge ghi nhan nhu sau:
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Length | Width | Category
4.9 3.0 0
4.7 3.2 0
4.6 3.1 0
5.0 3.6 0
5.4 3.9 0
4.6 3.4 0
6.4 3.2 1
6.9 3.1 1
5.5 2.3 1
6.5 2.8 1
5.7 2.8 1
6.3 3.3 1

Muc tiéu: Du doan Category khi Length = 4.1 va Width = 2.9.
Goi:

o (: class (Category) v6i C =0 hoac C = 1.
o L: feature lién tuc (Length).
o W: feature lién tuc (Width).
Buéc 1: Tinh xac suét tién nghiém (Prior Probability)

Vi méi class c6 6 mau:

Budc 2: Tinh tham sé Gaussian cho titng class
por, = 4.867, od; = 0.078
pow = 3.367, oay = 0.095
pir = 6.216, 0%, =0.228
piw = 2.916, ofy = 0.111

Buéc 3: Tinh xac suét cé diéu kién P(L, W | O)

Ap dung cong thiic Gaussian:
1 _ 2
o (40
oV 2w 20

P(L=4.1|C=0)=0.0342, P(W =29|C =0)=0.4129
P(L=41|C=1)=0.00004, P(W =29|C=1)=11938

Px|C)=

Ta cé:

Do doc lap c6 dieu kién:

P(L=41,W =2.9|C =0) = 0.0342 x 0.4129 = 0.01412
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P(L=41,W =29|C =1) =0.00004 x 1.1938 = 0.000047
Buéc 4: Tinh x4c suit quan sat P(L, W)

P(L=41,W =2.9) = P(L,W | C =0)P(C =0)+ P(L,W | C =1)P(C = 1)
P(L=41,W =2.9) = 0.01412 - 0.5 -+ 0.000047 - 0.5 = 0.00708

Budc 5: Ap dung Bayes dé tinh Posterior

P(L,W |C=0)P(C=0) 0.01412-0.5

= ~ 0. 2
P(L,W) 0.00708 0-996

P(C=0|L=41,W =29) =

P(L,W |C=1)P(C=1) 0.000047 - 0.5
P(L,W) ~0.00708

P(C=1|L=41W =29) = ~ 0.0038

Budc 6: Két luan phan loai

ViP(C=0|L=41,W=29)>P(C=1|L=41,W =209)

Gidi thich: Khi Length = 4.1 va Width = 2.9, xac suat thudc class 0 (99.62%) cao hon rat nhiéu
so voi class 1 (0.38%).
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Phan 4: Mé& rong: Word segmentation trong bai toin
phan loai email spam

Trong budi trudc, chiing ta da tim hiéu vé mo hinh Unigram — noi mdi email dugc
biéu dién nhu mot tii cac tit doc 14p, va xéc sudt cla toan vin ban duge tinh bang tich
x4c suat ting tir.

Trong budi nay, khi tiép cAn mo6 hinh Naive Bayes Classifier (NBC) cho bai toin
phéan loai email spam, ching ta chinh thiic dua m6 hinh Unigram vao hanh dong —
nhut mot phan quan trong trong qué trinh uéc lugng xéc suat cé dicu kién P(w | label).

Tuy nhién, dé mo6 hinh NBC + Unigram cé thé lam viéc, c6 mot bude tien xit 1y bit
budc phai c6: Word Segmentation — tach doan van ban lién mach thanh cac tit roi
rac dé tinh x4c suét.

Trong phan nay, ching ta sé tim hiéu vi sao viéc tach tir lai quan trong dén vay, va
lam thé ndo dé méy tinh c6 thé ‘doc’ dugc céc tir tit mot chudi ky tu khong ¢ khoang
tréng.

4.1. Word Segmentation — TAch tir trong viin ban tiéng Anh tu do

“Néu Unigram la cich dé day mdy tinh hiéu ting tw, thi Word Segmentation la cdch
gitip mdy nhin ra nhing tu dé tw dau.”

Hay xem xét doan van sau:

1 congratulationsyouhavewonafreeiphoneclicknow
Ban c¢6 nhéan ra cau nay?
Congratulations! You have won a free iPhone. Click now.
Véi ngusi, day 14 chuyén hién nhién. Nhung véi may tinh, néu khong cé khoang trang ngin

cach, n6 chi thdy mot chudi ky tu khong ro dau 1a t.

\. J

— DAy chinh 1a liic cAn Word Segmentation.

Tai sao lai cAn Word Segmentation?

Trong rat nhiéu hé théng xit I ngdn ngit tu nhién, dit litu dau vao khong hé duge chuan héa. Dic
biét 1a:

« Spam thuong cb tinh viét lien dé danh lita hé théng.
o Mot s6 ngén ngit nhu tiéng Trung, Nhat, khéng dung khoang tring phan tach ti.

o Dit liéu chat, binh lun, tin nhin thudng khéng c6 chuan muec chinh ta.
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V1 vay, viéc tdch chudi ky tu thanh tir 1a buée cye ky quan trong trudc khi A&p dung Unigram
hay bat ky m6 hinh phan loai nao.

Hay xét lai chudi:
1 clickheretowinfreeiphone

Néu khoéng tach ding, may tinh ¢ thé hiéu nham thanh céc tit vo nghia nhu:
cli | ckhe | reto | winf | reeip | hone

— Ltc nay, toan bd moé hinh Unigram phia sau sé “rac” vi dau vao da sai.

4.2. M6 hinh xic suit cho Word Segmentation (Bayes-based)

Word Segmentation 13 qué trinh tdch mot chudi ky tu lién mach (khong c6 diu cach)
thanh mot chudi céc tit riéng biét sao cho hop 1y va c¢6 ¥ nghia.

Muc tiéu: Cho mot chudi ky tu C' = cicz. .. ¢y, ta can tim ra céch chia chudi d6 thanh mot day
t wy, wo, . .., wy sao cho:

(w1, wa,...,wg)" =arg max P(wi,wa,...,wg)
(wl,.l.,wk)

T1tc 1a: chon cich phan doan sao cho xéc suit xay ra ciia toan bo day tir 14 cao nhat.

Ap dung mé hinh Unigram:
Gia dinh don gidn 13 cdc tit ddc 14p v6i nhau vé mit x4c suat. Khi do:

k

P(wl,wg, e ,wk) = HP(ZUZ)
=1

— Bai toan tach tit tré thanh bai todn t&i wu héa xac suét: Tim cdch chia chudi sao cho tich
XAc suat ctia cac tu la 16n nhat.

Mo hinh bai toan

e Goi C =cicy...cy, la chudi ky tu can téch.
o Goi W = wiws ... wg la mot cdch tach chudi thanh cic tir.
e Ta chon W* sao cho:

k
W* = arg mv[a}xP(wl,wg, ..., wE) = arg mV%XHP(wi)

i=1

e P(w;) duge udc lugng tit tap van ban 16n (van pham email thuec té).
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Gia stt chudi can tach la:

1 clickheretowinfreeiphone
Ta xét 2 cdch phan tach chudi thanh tu:
Phuong an A (téch dang):

W4 = click | here | to | win | free | iphone

Gia st xac suat Unigram (w6c lugng tir t4p email spam) la:

P(click) =0.20 log P = —0.70

P(here) =0.10 log P = —1.00

P(to) = 0.25 log P = —0.60

P(win) = 0.05 log P = —1.30

P(free) =0.15 log P = —0.82
P(iphone) = 0.05 log P = —1.30

Téng log xac suat =|—5.72

Phuong dn B (téch sai):
Wp = cli | ckhe | retowin | freeip | hone

Gia sit cac “tir” nay khong ton tai trong tit dién, ta 4p dung Laplace smoothing (vi du méi
tit duge gdn xac suat nhé P = 0.001):

log P(w;) = 10g0.001 ~ —6.91 = Tdng log xéac suit = 5 x (—6.91) = | —34.55
So sanh:

log P(W4) = —5.72 > log P(Wp) = —34.55

— Phuong 4n A dugc uu tién vi c6 log-xéc suat cao hon rat nhicu.

Nhan xét:
« Word Segmentation 13 budc dau tién va bit budc néu dau vao chua ¢ diu céch.

o Néu téch tir sai — toan bo pipeline Naive Bayes phia sau (u6c lugng xac suat, du doan nhan)
sé hong.

« M5 hinh Word Segmentation c¢é thé diing lai chinh gia dinh Unigram — gia dinh quen thudc
ma ta da dung trong NBC.
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4.3. Lam thé nao dé tach tu ?

C6 nhiéu thuit todan Word Segmentation, nhung céch phd bién nhat 13 st dung mot tit dién théng
ké P(w), udc lugng tit mot tAp van ban 16n. Thudt toin co ban gom 2 bude chinh:

Budc 1: Ubc lugng xac sudt P(w) tir dit liéu hudn luyén

Dé 4p dung mo6 hinh Word Segmentation diwa trén Unigram, ta can mot ham xéac suat P(w) — xac
suat ctia mdi tit xuat hién trong van ban.

Céch tinh xéc sudt Unigram P(w)

Gia stt ta c6 tap huan luyén gom N tit (c6 thé 1ap lai), trong dé tit w xuat hién f(w) lan.
Khi d6:

o f(w): s6 lan tit w xuat hién trong t4p vin ban huin luyén (email spam hodc c& spam
+ ham).

e N: tong s6 tit (cé lap lai) trong tap do.

— Tt cang pho bién, xac suat cang cao.

Vi du:
Néu trong 10000 tit huan luyén, tit free xuat hién 150 lan thi:
Pleree) = — — 0015 = log P(free) ~ —4.20
ree) = — = 0. ree) ~ —4.
10000 &

Chi y: Ta thudng dung log P(w) dé cong thay vi nhan, tranh underflow khi xt 1y chudi dai.

Budc 2: Tim cach tach tdi wu bang quy hoach déng (Dynamic Programming)

Dé tim ra céch chia chudi ky tu C = cicp...c, thanh day t& W = wy, ..., wy sao cho []; P(w;) 16n
nhat, ta sit dung ky thudt quy hoach ddng:

Goi F(i) 14 log-xac suat tét nhat dé tdch chudi con C[0 : i].

V6i méi vi tri 4, ta thit cic cach cat tit j — 4 (gi6i han do dai tir).

Néu chudi con C[j : 7] 1a mot tit hgp 18, ta tinh:

F(i) = g [F(j) +log P(C]j : 4])]

Cudi cling, ta truy vét (backtrace) dé ldy ra chudi tit tuong ting.
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Bai toan: Tich chudi ky tu sau thanh céc tit sao cho tong log-xéc suit 1a 16n nhat:

1 getfreeiphone

Gia sit tap xac suat P(w) nhu sau:

P(get) =0.2 = logP =-07

P(free) =0.1 = logP =-1.0

P(iphone) = 0.05 = logP=-13

P(getfree) = 0.005 = logP =-53

P(freeiphone) = 0.001 = logP =-6.9
)

(Céc tit khic) = Xéc suat thap hoic khong cé

Duyét ting vi tri bing DP:
Goi F(i) 1a log-xac suat t6t nhat dé tach C[0 : ]

e F(3) =get — F(3) =logP(get) = —0.7
o F(7) =get + free — F(7) = F'(3) + log P(free) = —0.7— 1.0 = —1.7
e F(13) = get + free + iphone —

F(13) = F(7) + log P(iphone) = —1.7 — 1.3 =

Céc phuong an khéc (nhu getfree + iphone) c6 tong log-xéc suat thip hon: —5.3 —
1.3=-6.6

Két qua:

get | free | iphone c6 tong log-x4c suit cao nhat: — 3.0

— Pay 1a céich tach téi wu duge thuat toan lwa chon.

4.6. Code Python minh hgoa Word Segmentation trong bai toan
phan loai email spam

Trude khi di vao chi tiét ma ngudn, hay cting nhic lai toan bo bbi cadnh bai toén:

1. B6i canh bai toan phan loai email spam

Muc tiéu ctia chiing ta la xdy dung moét hé théng c6 thé phan loai mot email thanh:
o Spam (thu ric)
o Ham (thu binh thuong)

Ciach tiép can chinh:
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1. Ap dung mé hinh Naive Bayes + Unigram dé tinh x4c suit:

P(Spam | email) o P(Spam) x HP(wi | Spam)
i=1

2. So sanh v6i P(Ham | email) — Chon nhéin c6 xdc suit 16n hon.

Nhung dé lam dude diéu nay, mo6 hinh can biét chinh xac cac tir trong email. Néu email dugc
viét lien, nhu:

getyourfreeiphoneclicknow

— Chtng ta phéi tdch duge thanh:
get | your | free | iphone | click | now

Tai sao? Vi cic tit nhu free, click, iphone thudng cé xac suit rat cao trong 16p Spam. Néu

khong tach ding — mo hinh Naive Bayes sé khong thé tinh duge céc xéc suat nay — du doan sai.

2. Céach tiép can téach tir (Word Segmentation)
Nhu da trinh bay & cac phan trudc:

o Ta sit dung mot tir dién théng ké P(w), udc lugng tit tap vin ban 16n (thudng la tap email
spam + ham).

« Bai todn tré thanh: tim cdch chia chudi thanh cic tit sao cho tich xac suat (hoic téng
log-x4c suat) ctia cdc tit 1a 16n nhat.

k k
W* = arg max 1_[1 Pw;)) <= W*=arg max Zl log P(w;)
1= 1=

o Ky thudt gidi: Quy hoach dong (Dynamic Programming).

3. Ma ngudn Python minh hoa

Duéi day 14 mot doan ma Python minh hoa céch tach tit bang k§ thuat Dynamic Programming.

1 import math
2 from functools import lru_cache
3

4 # --- 1. Unigram probability dictionary ---

5 corpus = {

6 'free': 5000,
7 'click': 4500,
8 'here': 3000,
9 'win': 3500,
10 'money': 4000,
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11 'iphone': 4200,

12 'you': 10000,

13 '"your': 6000,

14 'have': 7000,

15 'won': 1500,

16 'a': 12000,

17 'now': 2500,

18 'get': 4000

19

20

21 total = sum(corpus.values())

22

23 def P(w):

24 """Unigram probability with strong penalty for unknown words"""
25 return corpus.get(w, l1le-9) / total

26

27 # --- 2. Optimal segmentation using Dynamic Programming ---

28 @lru_cache (maxsize=None)
29 def segment (text):
30 if not text:

31 return (0.0, [1)

32 candidates = []

33 for i in range(l, min(len(text) + 1, 20)):

34 word = text[:i]

35 log_prob = math.log(P(word))

36 remaining_log_prob, remaining_words = segment(text[i:])

37 candidates.append((log_prob + remaining_log_prob, [word] +
remaining_words))

38 return max(candidates, key=lambda x: x[0])

39

40 # --- 3. Function to compute log-prob for a given fixed segmentation ---

41 def log_prob_for_sequence (words):

42 return sum(math.log(P(w)) for w in words)

43

44 # --- 4. Test ---

45 text = "getyourfreeiphoneclicknow"

47 # Optimal segmentation
4¢ opt_log, opt_words = segment (text)

50 # Wrong segmentation (manually forced)

51 wrong_words = ["gety", "ourf", "reemo", "meycli", "ckhere"]
52 wrong_log = log_prob_for_sequence (wrong_words)

BE

54 # --- 5. Print comparison ---

55 print ("Optimal Segmentation:")

56 print (f"Words: {' | '.join(opt_words)}")
57 print (f"Log-Probability: {opt_log:.2f}\n")

50 print ("Wrong Segmentation:")
60 print (f"Words: {' | '.join(wrong_words)l}")

61 print (f"Log-Probability: {wrong_log:.2f}\n")

63 print ("Difference:", f"{opt_log - wrong_log:.2f} (log scale)")
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Output:

Optimal Segmentation:
Words: get | your | free | iphone | click | now
Log-Probability: -16.60

(ST VUR R =

Wrong Segmentation:
6 Words: gety | ourf | reemo | neycli | ckhere
7 Log-Probability: -159.19

.

o Difference: 142.59 (log scale)

5. Giai thich két qua

e Danh sich tir tbéi wu: ['get', 'your', 'free', 'iphone', 'click', 'now'] — Day

chinh 1a cch tach t6i uu vi tdng log-xéc suat cia chudi nay cao hon rat nhiéu (it 4m hon)
so v6i moi cach tach sai.

Téng log-xac suit (tach ding):
log P(Wtng) = —16.60
(du vin 4m, nhung it Am hon so v6i cich tach sai — xéc suat cao hon dang ké).

So sanh véi tach sai:

Phan doan Cach tach Téng log-xéc suit
Ping get | your | free | iphone | click | now —16.60
Sai gety | ourf | reemo | neycli | ckhere —159.19

— Céch tich dung cé log-xéc suit cao hon gan 142.6 don vi log. Trén thang
log (log-likelihood), chénh léch nay tuong duong véi:

P(Wdﬁng) 142.6 (

~e rét 16n!
])(ngm) )

— M5 hinh gan nhu chic chin chon cich tach ding.

\

Y nghia véi Naive Bayes:
Khi email duge tach ding thanh cic token cé nghia (get, free, click,...), Naive Bayes c6
thé tra chinh x4c xdc sudt P(w; | Spam) va tinh:

P(Spam | email) oc P(Spam) x HP(wi | Spam)

)

Céc tit “nhay cAm” nhu free, click, iphone c6 xac suit cao trong nhém spam, nén chiing
kéo manh x4c suat Spam 1én. Néu téch sai thanh cic “tit rdc” (gety, ourf,...), hau hét
P(w; | Spam) ~ 0 (sau smoothing) — mo6 hinh mat tdc dung.
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6. Tom lai

Tai sao bu6c nay quan trong?

« Word Segmentation 13 budc tién x@ Iy bit budc khi email duge viét lién.
« Néu tach ding — Naive Bayes hoat dong chinh x4c, phat hién spam hiéu qua.

o Néu tach sai — toan bd pipeline bi v6 hidu héa vi céc xac suat P(w; | label) gan nhu
bang 0.

4.7. Két hgp véi pipeline mé hinh phan loai
Quy trinh day du:
1. Dung m6 hinh Word Segmentation dé tich chudi email thanh cac ti.
2. Ding m6 hinh Unigram + Naive Bayes dé tinh xdc suit mdi nhan (Spam/Ham).

3. Du doan nhan c6 xac suat cao hon.

4.8. Két luan

o Néu Unigram 1 budc dé hoc xéac suit tir, thi Word Segmentation 1a budc lam sach va chuan
héa dau vao dé moi thit c6 thé van hanh ding.

o Mot email bi viét lien khong thé phan loai ding néu khong téch tir chinh xéc.

« Trong thuc té, Word Segmentation dugc xem la budc tién xit Iy “khong thé thiéu” trong bat
ky pipeline NLP nao.
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