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Tém Tat: Bai bao nay la mot nghién cuu thuc nghiém nhiam muc dich danh gia hiéu qua cua cac
d6 do khoang cach khi st dung mé hinh két hop giita LDA va K-means cho bai to4n phan cum
tai liéu. Két qua thuc nghiém cho thiy rang cac do do khoang cach dua trén xac suat tot hon so
véi cac do do dua vao véc to khi sir dung trong bai toan phan cum tai liéu trong khéng gian céac
cha dé. Véi viéc chon do do do twong tu dua trén xac suat, K-means két hop voi md hinh phan
b Dirichlet tiém 4n (LDA) cho két qua tét hon so voi sir dung LDA+ Naive va md hinh khong

gian véc to.

Tur Khoa: M6 phong chi dé, phan bo Dirichlet tiém an, phan cum tai liéu, K-means, do do
khoang céach dya vao xac sut.
1. Giéi thidu

Phan loai mot tap hop tai liéu 1a mot bai toan diém hinh dwoc giai quyét trong hoc may
va xur Iy ngdn ngir tu nhién. Trong tAc vu nay, vin ban dugc gan cho mot hoic nhiéu nhan lép
dugc xac dinh trudc (tac 1a danh myc) théng qua mot quy trinh cu thé trong d6 bd phan loai
duoc xay dung, dio tao trén mot tap hop cac dic trung va sau d6 ap dung dé gan nhin van ban
dén trong tuong lai. Mot s thuat toan Hoc méy da duoc ap dung dé phan loai van ban nhu thuét
toan Rocchio, N-Nearest Neighbors, Naive Bayes, Cay quyét dinh, Ring ngau nhién, May véc to
hd trg (SVM), v.v.

Trong truong hop khong c6 cac nhan dugce xac dinh trudc, tac vu duoc goi la tAc vu phéan
cum va duoc thuc hién trong khudn khé hoc tap khdng giam sat. Phan cum la mot trong nhiing
thuat toan khai phé dix liéu phd bién nhét va da duoc nghién ctu rong rai trong ngit canh cia vin
ban. Phan cum Ia nhiém vu tim kiém céc nhom tai liéu giong nhau trong mot tap hop cac tai liéu.
Do tuwong tu dugc tinh bang cach sir dung mot ham tuwong ty. C6 nhiéu thuat todn phan cum co
thé duoc stir dung trong ngit canh caa dir liéu van ban. Tai liéu van ban c6 thé duoc biéu dién
dudi dang vecto nhi phan, tic 1a xem xét sy hién dién hodc vang mit cua tir trong tai liéu. Hoac
chung ta c6 thé sir dung cac biéu dién tinh chinh hon lién quan dén cac phuong phép trong s6
nhu ma tran T-idf (tan s xuat hién tir vung (tf) va tan s tai liéu nghich dao (idf)). Trong Tfidf,
mdi tai liéu duoc biéu dién dudi dang véc to ciia cac lan xuét hién tir. Didu nay dit tén cho mo
hinh Ia M6 hinh khong gian vecto (VSM).


mailto:buiquangvu@hueuni.edu.vn

C6 hai loai dién hinh cua thuat todn phan cum: phan ving va két tu. K-means va phan
cum phan cip (hierarchical clustering) lan luot 1a dai dién cua hai loai ndy. C6 nhiéu so sanh
giita k-means va phan cum phan cip. Trong cdng viéc cua minh, ching tdi chon thuat toan k-
mean dé phan cum tai liéu vi n6 nhanh hon nhiéu. Dbi véi phan nhém tai liéu st dung md hinh
VSM, ching ta phai déi mat vai hai thach thire: “1i nguyén cua chiéu khong gian” [14] vi sb
thuat ngir (term) thuong rat 16n va lam thé nao dé chon mot thude do khoang cach "tét" dé co
duoc cac cum chinh xac nhat?

Trong nghién ctru ndy, chung t6i da giam sé chiéu caa ma tran bang cach s dung mo
hinh phan bé dirichlet tiém an (Latent Dirichlet Allocation, LDA) [2]. Mai tai liéu s& dugc biéu
dién dudi dang mot phan phdi xac suat cac chu dé va mdi chi dé lai dwoc dic trung boi mot
phan phdi xé&c suat caa cac thuat ngir (term). Ching tdi sir dung phan phdi xac suét cua cac chi
dé nhu 1 dau vao cho cac thuat todn phan cum nhu K-means. Céch tiép can nay goi la LDA + K-
means dd dugc dé xuit trong nghién cau [3, 17]. Tuy nhién, trong [17], LDA + K-means chi sir
dung d6 do Euclidean nén chua thé hién duoc hiéu qua cua cach tiép can nay.

Dbi véi van dé thir hai, chdng toi tién hanh thuc nghiém va so séanh hiéu qua trén cac do
do khéac nhau [5]. Cac d6 d6 nay dugc dya trén hai cach tiép can: (i) Tiép can dua vao véc to
(VBA) bao gébm khoang cach Euclidean, Sgrensen, Cosine; (ii) Tiép can dua vao xéac suat (PBM)
bao gom Bhattacharyya, Jensen-Shannon, Taneja divergence.

Pé dua ra duogc céc két luan dung dan, chung toi da tién hanh thuc nghiém véi sau do do
khoang céch theo phan nhém c6 gan nhén. Chang t6i da danh gia viéc phan cum véi 2 tiéu chi:
Adjusted Rand Index (ARI) [9] va Adjusted Mutual Information (AMI) [16]. Ching t6i da su
dung hai tap dit liéu pho bién trong xtr Iy ngdn ngit tu nhién (NLP): tap dir liéu 20NewsGroup
chira nhom tin cac bai dang va WebKB chira cac van ban duoc trich xuat tir cac trang web.

Bai bdo nay duoc to chirc nhu sau: phan tiép theo s& trinh bay vé cac phuong phap phan
cum tai liéu: phan cum tai liéu véi mé hinh khéng gian véc to dugc trinh bay & phan 2, phan cum
tai liu st dung mé phong chi dé duoc trinh bay trong phan 3, viéc khao sét vai trd cua do do
tuong tu trén khong gian xéac suat duoc trinh bay ¢ phan 4 va phan két luan duoc trinh bay ¢
phan 5.

2. Ph&n cum tai liéu véi md hinh khéng gian vector (Vector Space Model)

2.1. M6 hinh khong gian véc to

Pé phan cum vin ban, trudc tién can chuyén van ban sang dang dir lidu thich hop.
Phuong phép phd bién dugc sir dung dé biéu dién van ban 1a Bow (Bag-of-Words). Trong
phuong phap nay, mot vin ban d duoc thé hién dudi dang mot véc to tan suat cac tir (term-
frequence). Cu thé, cho D = {d;,d,, ...,d,,} 1a tap cac van ban va T = {t,t,, ..., t,,} 12 tap cac
thuat ngir (terms) duy nhat trong tap dit liéu. Mot vin ban sau dé duoc biéu dién bai mot véc to



f, trong khong gian m chiéu: t, = (tf (d,t),tf (d,t,),...,tf (d,t_))trong d6 tf(d,t;) chinh Ia tan
suat xuat hién coa thuat ngir t €T trong vin ban d e D. M6 hinh nay c6 tén goi Ia md hinh
khong gian vector (VSM) [15]. Trong md hinh nay, tap di liéu D = {d,,d,, ..., d,} va tap cac
thuat ngix xuat hién trong tap dix liéu T = {t;, t,, ..., t,,} duoc biéu dién dudi dang ma tran A_ .
Trong d6 van ban d, duoc biéu dién Ia dong thir i va cot j la thuat ngir (term) thar j xuét hién

trong tap dit liéu, va a, ; 1a tan suat xuét hién cia thuat ngir j trong van ban d,.

Van ban day [1a |con [ meéo | ngoi |trén |cai | mi |cho | va
day la con me¢o 1 1 1 1 0 0 0 0 0 0
con meo ngoi 0| 0] 1 1 1 o|lo|[O0O|O0O]oO
con meo ngoi trén cai mi 0| 0] 1 1 1 1 /1] 1]07]0
con meo va con cho 0 0 2 1 0 0 0 0 1 1

Hinh 1: Vi du vé mé hinh Vecto Space Model
2.2. Mot s6 o do dd twong tw trong khong gian véc to

Truéc khi phan cum, mot d6 do tuong tu hoac khoang céch can dugc xac dinh. Phép do
phan anh mic d6 gan giii hodc tach biét cua cac ddi twong muc tiéu va phai tuong tng véi cac
dic diém duoc cho 1a dé phan biét cac cum duoc nhing trong dit liéu. Trong nhiéu truong hop,
nhitng dic diém nay phu thudc vao dir liéu hozc bdi canh bai toan va khong cé bién phép nao la
t6t nhat cho tat ca cac bai toan phan cum. Sau day, chiing ta trinh bay ba khoang céch giira hai
vecto thuong duoc sir dung trong phan nhém van ban: khoang cach Euclidean, khoang céch
Cosine, khoang céach Sgrensen. Tir phan nay trg vé sau, ching ta ky hiéu A=(a,a,,..,a) va

B=(b,b,,...,b,) lahai vector véi sb chiéu la k.

2.2.1. Khoang cach Euclidean

Khoang céach Euclidean, con duoc goi la chuan L2 trong ho thudc do khoang céch
Minkowski, 1& mét thude do tiéu chuén cho céc bai toan hinh hoc. Khoang cach Euclidean dugc
st dung rong rai trong cac bai toan phan cum, bao gém phan cum vin ban va ciing 1a thudc do
khoang cach mac dinh dugc st dung vai thuat toan K-means. Khoang cach Euclidean gitra hai
diém A va B véi bac k 1a dugc tinh nhu sau:

k
dewe (A B)=,/Z| a—b [’
i=1
2.2.2. Khoang cach Sgrensen

Khoang cach Sgrensen la mot trong nhitng khoang cach trong ho L1, chinh xac hon 1a su
khac biét tuyét dbi. Cho hai véc to A va B, khoang cach Sgrensen giira A va B duogc xac dinh la:



>la-h]
door (AB) =T ——
Zi=l (a'l + bl)
2.2.3. Khoang céach Cosin
Do tuong tu cosine 1a do do sy tuong quan gilra cac véc to trong khong gian. B tuong tu
cosine chinh la cosin cua goc gitra hai vecto. Cho hai véc to A va B, khoang cach cosin gitra A

va B duoc xac dinh la

deos(4,B) = 1 — Simgys(4,B) =1 — =

2.3. Thuat toan K-means
K-means dugce dé xuat boi Forgy [6], 1a mét trong nhing thuat toan phan cum pho bién
nhét. Thuat toan nay don gian va dé sir dung, dung dé phan loai cac d6i twong vao trong k cum
cd dinh truge. Y tuong cua thuat toan nay do la dinh nghia k tam cum (centroid), sau d6 gan cac
dbi twong vao trong cac cum gan n6 nhat. Thuat toan gdom céac budc nhu sau:
e Budc 1: Khéi tao K diém dit liéu trong bo dir liéu va tam thai coi n6 1a tam cua cac cum
dir liéu cua chang ta.
e Budc 2: Géan nhan cum cho méi diém dir liéu trong bo dir liéu véi tam cum caa né sé
duogc xac dinh 1a 1 trong K tim cum gan n6 nhét.
e Budc 3: Sau khi tat ca cac diém di liéu d3 co tam, tinh toan lai vi tri cua tdm cum dé dam
bao tdm cua cum nam & chinh gitra cum.
e Lap lai Budc 2 va Budc 3 cho t6i khi vi tri ciia tim cum khong thay d6i hodc tam cua tat
ca cac diém dir liéu khong thay doi.

2.4. Phan cum vin ban véi mé hinh khéng gian vec to

Sau khi biéu di&n cac van ban bang mé hinh VSM, chdng ta c6 dir liéu 1a ma tran A_
va do d6 ching ta c6 thé sir dung ma tran nay lam dau vao cho cac thuat toan phan cum tiéu
chuan. Chung ta c6 thé sir dung céc thuat toan phan cum thuong sir dung nhu phan cum cé thir
bac, k-means, k-medoids, ...Trong nghién cttu ndy, ching t6i chon thuat toan K-means dé phan
cum van ban. Hinh 2 cho thiy mét lugc dd phan cum van ban véi VSM sir dung thuét toan K-
means.
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Hinh 2: M6 hinh VSM cho phan cum van ban

3. Phan cum vin ban sir dung md phéng cha dé

3.1. Phan bé Dirichlet tiém an (Latent Dirichlet Allocation)

Phan bo Dirichlet tiém an (LDA) [2] 1a mot mé hinh sinh xéac suat dé kham pha cha dé tur
mot bo cac van ban. Trong LDA, mdi vin ban c6 thé dugc coi 1a mot phan phdi xac suit cua céc
cha dé khac nhau va mdi chu dé duge dic trung boi mot phan phdi xac suat trén mot luong tir
vung hitu han. M6 hinh sinh vin ban cia LDA dwoc mé ta bang mé hinh dd hoa xac suét trong

Hinh 3, tién hanh cac budc nhu sau:

Budéc 1: Chon mot phan phdi theo céc chu dé 6; tir phan phéi Dirichlet voi tham sé a cho méi

van ban.

Budéc 2: Chon mét phan phai theo cac tir @, tir phan phéi Dirichlet vai tham s 8 cho mdi chu

de.
Buéc 3: V&i méi vi tri tur i, j:

Buéc 3.1: Chon mot chu dé z; ; tir phan phdi da thirc (Multinomial distribution) véi tham

7
A

SO 91’

Budgc 3.2: Chon 1 tir wy; tir phan phoi da thirc voi tham s6 @,
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Hinh 3: M6 hinh xac sudt cria LDA

Pé suy ra hau nghiém, ching ta can giai phuong trinh:
p(6,0,z, wla,p)
p(wla,p)
C6 mot sé thuat toan dé ude luong cac tham sé cua md hinh nhu variational inference [2] hoic
Gibbs Sampling [1]. Vi du minh hoa cho mé hinh LDA dugc thé hién ¢ Hinh 4.

p(6,9,zlw,a,B) =

Topic as a distribution of words Document as a distribution of topics
| Topics Documents Tom;f;?gﬁogg;: s
g‘(nf 8.64
SoNiite oies Seeking Life’s Bare (Genetic) Necessities

1ife 8.02
evolve 0.61
organism 8.61

brain 8.64

computer 6,61 . 1

ER— r‘

Texts are colelection of words

Hinh 4: LDA Example [1]
3.2. LDA + Naive
Céch tiép can dau tién ma ching tdi goi 1a LDA + Naive sir dung truc tiép cac md hinh
md phong chi dé. Gia dinh co ban 1a mdi chu dé twong &ng voi mot cum, vi vay sb lugng chu dé
trong cac md hinh chii & phu hop véi s6 luong cum. Sau khi uée lwong cac thdng s6, mdi vin
ban 12 mot phan phéi xac suat trén cac cha dé 8 =(6,,6,,...,6,) véi K la s6 chu dé. Khi d6 van
ban s& dwoc gan cho cum tuong ng véi cha dé c6 xac suét cao nhat:

X =argmax; 0,



3.3. Két hep LDA va k-means

Céch tiép can thir hai sir dung md hinh chii dé ching han nhu LDA dé anh xa biéu dién
véi s chidu kha cao cua vin ban (d6i tugng thuat ngir (term)) sang biéu dién cd sé chiéu thap
hon (d6i twong chu dé) va sau d6 4p dung thuat todn phan cum tiéu chuan nhu K-means trong
khong gian d6i tugng méi. Trong cdng viéc cua minh, ching toi da st dung phan phédi chu dé
ciia mdi van ban (document-topic distributions) 6 dugc trich xuat tir LDA lam dau vao cho cac
thuat toan phan cum K-means. Chang tdi goi cach tiép can nay la LDA + K-means.

Mot van dé dat ra ¢ day 1a vi dau vao caa ching ta 1a mot phan phdi xac suat, do dé céac
d6 do trén khong gian véc to nhu Euclidean hay Cosine c6 thé khong cho két qua tét. Vi vy can
nghién ciru viéc chon cac @ do phu hop trong d6 quan tdm dén cac do do lién quan dén xac suit.
4. Vai tro ciia d¢ do d9 twong ty lién quan dén phan phdi xac suat trong mé hinh LDA + K-
means

4.1. Mot so d do dd twong tw lién quan dén phan phéi xac suat

Vi LDA biéu dién cho cac van ban dudi dang phan phéi x4c suat, chlng ta can xem xét
cach "t6t" dé chon mot thudc do khoang cach hoic d6 twong tu dé so sanh hai phan phdi xac
suat. C6 hai céch tiép can trong cac phép do khoang cach / do tuong tu ciia ham mat do xéac suat
(pdf): véc to va xac suat. Poi vai phuong phép tiép can theo xac suét, viéc tinh toan khoang cach
gitta hai pdf c6 thé duoc xem giébng nhu tinh todn xac suat Bayes (hoic minimum
misclassification). Diéu nay twong duong véi viéc do luong su chong chéo gitta hai pdf dudi
dang khoang cach. i véi cach tiép can nay, f- divergence Df(P||Q) thuong duoc st dung dé
do su khéc biét gitra hai phan phdi xac suat P va Q. Mét cach truc quan, ching ta c6 thé xem
divergence nhu mét gia tri trung binh, c6 trong sé boi ham f, cua ty sé chénh léch do P va Q dua
ra.

Pinh nghia 1: Cho P = {p;|i = 1,2,...,d) va Q = {g;]i = 1,2, ..., d) 1a hai phan phdi xac suét
trén khong gian xac suat Q sao cho P 12 lién tuc tuyét dbi vai Q. Khi do, dbi vai mot ham 16i f
sao cho f(1) = 0, f-divergence cua Q tir P dugc dinh nghia:

d
Dy (PIIQ) = Z qif(%)

Nhiéu divergence thdng dung nhu Kullback-Leibler (KL) divergence (f(t) = tint,t =
%) , Hellinger distance (f(t) = (\/t — 1)?, x? divergence (f(t) = (t — 1)? 1a cac truong hop
dic biét cua f-divergence twong tng véi viéc chon cu thé ham f.

Pé phan tich hiéu qua cua cac thudce do khoang cach dya trén xac suit, chung t6i da chon
ba khoang cach hodc divergence dugc mo ta dudi day:



4.1.1. Khoang cach Jensen-Shannon
bay la mot d6 do dua trén Kullback-Leibler (KL) divergence, lién quan téi khai niém
Shannon vé sy khong chic chan hoic ‘entropy’ H(P) = Y4, p; Inp;

d]s(P,Q)=%zd:piln( ) quln( =l
i=1

4.1.2. Khoang cach Bhattacharyya
Day la d6 do dang phan ky, dugc dinh nghia nhu sau:

d
dpnat (P, Q) = —lnz \Pidgi
=1

4.1.3. Taneja Divergence
Do do nay la sy két hop giita KL divergence va Bhattacharyya, st dung KL-divergence

. Pi+q; s
VoI p; = =—=vaq; = \/piq;

d
dr)(P,Q) = Zpl ! 9, Pitd

2,/piq;

4.2. Phuwong phap danh gia hiéu qua

Véi mdi tap dix liéu, ching toi thu dugc mot két qua phan cum tir thuat toan K-means. Dé
danh gia hiéu qua cua viéc phan cum, chling toi str dung hai chi s6 danh gia sau: Adjusted Rand
Index (ARI) [9] va Adjusted Mutual Information (AMI) [16], day 1a hai chi sé dugc sir dung
rong rai trong danh gia hiéu qua cua cac thuat toan hoc khoéng giam sét.

4.2.1. Adjusted Rand Index (ARI)

Adjusted Rand Index (ARI) [9] la dang diéu chinh cua Rand Index (RI), duoc dinh
nghia nhu sau:

2y (7) = (3% (/S

RI = 1 1)

22 ()2 ()= [2(7) 2 (7)o

trong do n;j, n;,, nj, la cac gia tri tir Bang 1.

4.2.2. Adjusted Mutual Information (AMI)
Adjusted Mutual Information (AMI) [16] 1a mot dang diéu chinh caa mutual

information (MI), dugc dinh nghia nhu sau:



MI(P,Q) — E{MI(P,Q)}

AMI(P,Q) = 2
max(H (P, H(Q)} — EQMI(P, )} @)
trong do:
k ko1 y
nij n
H(P) = —Z—l g— MI(P,Q) = Z Z_f _ure
i=1 i=1 =1 n nlOnJO/nz
Bang 1: Bang twong quan n;j = |P; N Q|
P\Q Q [ Qe Qi | Sum
P1 N11 N1io Ny N1o
P2 N21 N2> No N20
Pk Nk1 Nk2 Nki Nko
Sum n n n
ol 02 ol Z n;
ij

Ca ARI va AMI déu c6 can trén la 1. Gia tri ARI va AMI cang 16n thi thé hién sy phan
viling cang chinh xac. Chung ta c6 thé tham khao cac tai liéu [9], [16] dé hiéu chi tiét hon.
4.3. Thuc nghiém va két qua

4.3.1 Tap dit ligu

Phuong phép dé xuat dugc danh gid trén hai tap dit liéu khac nhau duoc cong ddong NLP
st dung rong réi cho bai toan phan cum vin ban. Bang 2 mé ta mot vai thong ké vé hai tap di
liéu duoc sir dung. Tap dit liéu 20Newsgroup bao gom 18821 vin ban dugc phan phdi trén 20 thé
loai tin tic khac nhau. Mdi van ban twong tng véi mot bai bao gom tiéu dé, chu dé, va van ban
duoc trich dan. Tap dir liéu WebKB chtra 8230 trang web tir cac khoa khoa hoc may tinh cua céc
truong dai hoc (vi du: Texas, Wisconsin, Cornell, ...)

Dataset #Docs | #Classes | < Class > Class
20NewsGroups | 18821 | 20 628 999
WebKB 8230 4 504 1641

Bang 2: Théng ké vé céc tdp dir liéu. #Docs 1a sé lwong vin bdn trong tgp da lieu; #Classes la
s6 cum van ban trong mét tdp da lidu; <Class va >Class thé hién sé van ban nhé nhdt va lon
nhdt trong cac cum.

4.3.2 Cai dit



Trong cac thuc nghiém, chdng t6éi so sanh 6 loai d6 do khoang cach sir dung cho
LDA+K-means duoc chia 1am hai thé loai: Do do khoang c4ch dwa vao véc to (VBM) va Do do
khoang cach dua vao xéac suit (PBM). Ching toi cai dit LDA vdi thuat toan Gibbs sampling sir
dung goi topicmodels trong ngdn ngit R. Cac tham sb tién nghiém a va B twong tng véi 0.1 va
0.01. Cac tham sb nay duoc chon twong ng véi c4c tidu chuan méi nhat [7]. S6 vong lap trong
thuat todn Gibbs sampling dwoc thiét lap 1a 5000. Sé lwong chu dé& ddi véi tap dix lidu
20NewsGroups duoc chon 1a 30 va ddi véi WebKb 1a 8. Sb lwong chu dé duoc xac dinh thong
qua thuc nghiém vai viéc kiém tra nhiéu gia tri khac nhau. Mdi d6 do khoang céch, ching toi
chay K-means 20 lan véi sé vong lap 16n nhat 1a 1000. Ching t6i tinh cac chi sé ARI va AMI
dua trén gia tri trung binh tir cac két qua caa mdi vong lap K-means.

4.3.3 Két qua
a) So sanh hiéu qua cia cac d do trong viéc sir dung két hop LDA + K-means

Céc gia tri trung binh caa ARI va AMI duoc trinh bay ¢ Bang 3. Cac gia tri trung binh
cia ARI va AMI cho nhém PBM cho két qua tét hon so véi nhém VBM. Ching ta c6 thé thy
rang khoang cach Euclidean cho két qua ARI va AMI té nhat. Trong nhém PBM, muc trung binh
t6t nhat dat dugc bai sir dung hai khoang cach Bhattacharyya va Taneja. Do d6, ching toi dé
Xuat nén sir dung hai d6 do nay cho LDA + K-means. Két qua duoc thé hién rd nét hon thong
qua biéu d6 ¢ Hinh 5 di vai tap dir lisu 20NewsGroup va Hinh 6 vai tap dir licu WebKB.

. 20NewsGroups WebKB
Distances

ARI AMI ARI AMI
Euclidean 0,401 0,607 0,435 0,431
Sorensen 0,591 0,697 0,530 0,478
Cosine 0,551 0,677 0,518 0,467
JensenShannon 0,615 0,718 0,552 0,489
Bhattacharyya 0,620 0,723 0,558 0,494
Taneja 0,643 0,740 0,560 0,490
VSM 0,127 0,371 0,267 0,334
LDA + Naive 0,435 0,591 0,170 0,198

Bang 3: Cac gia trj trung binh ARI va AMI cho VSM, LDA Naive, LDA + K-means vdi sau do do
khodng cach cho hai tdp dir ligu 20NewsGroups, WebKB
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Hinh 5: C4c gia tri trung binh ARI v AMI cho LDA + K-meansvdi sdu dé do khodng cdach doi
voi tap dir ligu 20NewsGroups
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Hinh 6: Cac gia tri trung binh ARI va AMI cho LDA + K-meansvdi sdu do do khodng cach doi
vai tap dir lieu WebKB.

b) So sanh 03 m6 hinh: LDA + K-Means, LDA + Naive, VSM

Pé thé hién duogc hiéu qua caa md hinh mé phong chu dé, ching t6i tién hanh so sanh 3
phuong thirc ph&n cum van ban:
i) M®& hinh khdng gian vector (VSM): sir dung vector tan suat xuit hién cua céc tir
t, = (tf (d,t),tf (d,t,),...,tf (d,t )) lam dAu vao cho K-means.
i) LDA +Naive: mot van ban duoc gan vao cum x néu x = argmax X; 6j trong d6
0=(6,,0,,...,6,) la phan phdi xac suat ciia van ban (document-topic distributions)
dugc trich xuat tir LDA



iii) LDA + K-means: diung két qua phan phdi xac suit cua vin ban (document-topic
distributions) duoc trich xuét tir LDA 1am dau vao cho k-means. O day chung toi sir
dung khoang cach Taneja tir két qua khao sat & phan 4.3.3a.

20NewsGroups WebKB
0.8 - 0.74 06 - 056
07 4 0.643 0.49
o 0.591 05 | WARI
os | ®ARI 0.435 04 1 mAMI 0334
04 | mam 0371 03 - 0.267
0.3 A 0.2

0.2 0127
01 A

0.1 4

VEM LDA + Naive LDA + Kmeans VEM LDA + Naive LDA + Kmeans
(Taneja) (Taneja)

Hinh 7: AMI va ARI cho 3 phwong thirc phan cum tai ligu: VSM + K-means, LDA + Naive va
LDA+K-meansvai khodang cach Taneja cho 02 bg dir liéu.

Két qua duoc thé hién & biéu dd Hinh 7. Chung ta thiy ring LDA + K-means cing voi
khoang cach Taneja dat dwoc két qua trung binh AMI va ARI tét nhat trén ca hai tap dir liéu.

5. Két luan

Trong bai bao nay, chung t6i da so sanh hiéu qua cua viéc stir dung sdu loai d6 do khoang
céch trong bai todn phan cum vin ban st dung két hop giita LDA va K-means. Cac thuc nghiém
trén hai tap dit liéu va hai chi sé danh gia thé hién riang cac d6 do dya vao phan phdi xac suét cho
két qua phan cum tdt hon so vé6i cac do do dua vao véc to, bao gom do do Euclidean. Bén canh
do, vé viéc so sanh két qua caa LDA + K-means, LDA + Naive, VSM, cé4c két qua thyc nghiém
cho thdy rang néu ching ta chon sé luong chi dé phu hop cho LDA va mét do do khoang céach
dwa vao xac suat pht hop cho thuat toan K-means thi su két hop giita LDA va K-means s& mang
lai hiéu qua tt cho bai toan phan cum vin ban.
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APPLICATION OF TOPIC MODELING IN DOCUMENT CLUSTERING
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Abstract: This paper is an experimental study aimed at evaluating the effectiveness of distance
measures when using the combined model of LDA and K-means for clustering document. Our
experimental results indicate that the probabilistic-based distance measures are better than the
vector based distance measures including Euclidian when it comes to cluster a set of documents
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in the topic space. By chooing the probabilistic-based distance measures, K-means combined to
the results of the Latent Dirichlet Allocation allows us to have better results than the LDA +
Naive and Vector Space Model.

Keywords: Topic Modeling, Latent Dirrichlet Allocation, Document clustering, K-means
probabilistic-based distance measures.



