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ABSTRACT

Deep learning is a machine learning method that has been studied and used
extensively in recent years, opening up new directions for problems such as
image processing, speech processing, and natural language processing, etc.
This article focuses on the use of deep learning for automatic text
summarization for Vietnamese. Previous approaches such as statistics,
machine learning, language analysis, etc. have been successful at different
levels and purposes. In this paper, the Word2vec model was used to extract
the specific characteristics of Vietnamese text for the Sequence to Sequence
with Attention model to produce a sequence of words. Finally, the results were
re-selected using the Beam Search algorithm, and a summary sentence was
generated. The accuracy of the model was estimated using the ROUGE
method on a dataset of over twenty-seven million words collected from
newspapers in the country. The result was the summary statement reflecting
the text content. Although the results were not high yet, the model has
successfully solved the problem, and the dataset needs improving to enhance
the efficiency of the model.

TOM TAT

Hoc sau la phwong phap hoc may dwoc nghién ciru va s dung rong rdi trong
nhitng nam gan ddy, mé ra huwéng di méi cho cdc bdi todn nhie xir Iy anh, xir
Iy tiéng néi va xir Iy ngén ngir tw nhién... Bai bdo tdp trung nghién cieu sir
dung hoc sau cho bai toan tom tit van ban tw dong déi véi tiéng Viét. Cac
hieéng tiép cdn treée ddy nhw: thong ké, mdy hoc, phan tich ngon ngir... da
thanh cong trén nhing cdp dg va muc dich tém tdt khac nhau. Trong bai béo
nay, chung 101 sir dung mo hinh Word2vec dé rit trich nhitng ddc trung riéng
ciia van ban tiéng Viét, phuc vu cho mé_hinh Sequence to sequence with
Attention nham tao két qua dau ra la chudi cdc tiv. Cudi ciing ket qua duwoc
chon loc lai bang gidi thudt Beam Search va sinh ra cdu tom tit. PG chinh
xdc ciia mé hinh dwoc danh gid bang phirong phdp ROUGE trén tdp dir liéu
hon hai muwoi bay triéu tir thu thdp tir cdc trang bdo trong mwde. Két qua thu
e la cac cau tom tdt phan dnh dung ngi dung van ban. Tuy két qua con
chua cao nhung mé hinh da giai quyét thanh cong muc tiéu cia bdi todn,
chiing 16i sé c6 gdng cdi thién tap dir liéu dé ndng cao hiéu qua ciia mé hinh.

Trich dan: Lam Quang Tuong, Pham Thé Phi va D3 Dirc Hao, 2017. Tom tét van ban tiéng Viét tw dong v6i
md hinh Sequence-to-Sequence. Tap chi Khoa hoc Trudong Pai hoc Can Tho. So chuyén d¢: Cong

ngh¢ thong tin: 125-132.
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1 GIOI THIEU

Tom tit van ban 1a qua trinh rat trich nhing
thong tin quan trong nhat tir mot vin ban dé tao ra
phién ban ngén gon, xiic tich mang lai day du lwong
thong tin ctia vin ban gbc kém theo d6 1a tinh dung
dén vé ngit phap va chinh ta. Ban tom tit phai gitr
duoc nhitng thong tin quan trong cua toan bd van
ban chinh. Bén canh dé, ban tom tit can phai co bd
cuc chit chd ¢ tinh dén cac thong s6 nhu d6 dai cau,
phong cach viét va cti phap cua vin ban.

Nhin chung, tém tit van ban ¢ hai hudng tiép
can: tom tat kiéu trich chon-“extraction” va tom tat
kiéu tom luwgc y -“abstraction”. Phuwong phép
“extraction” lam cong viéc chon ra mét tdp con cla
nhing tir da co, nhimg 161 n6i hodc nhiing cau trong
van ban gbc dé dua vao khuon miu tom tit. Nguoc
lai, phwong phap “abstraction” xay dung mot biéu
dién ngit nghia bén trong va sau d6 sir dung ki thuat
xtr 1y ngdn ngir dé tao ra mot ban tom tit gan gili
hon so v&i nhimng gi con ngudi ¢ thé tao ra. Ban
tom tit nhu vay c6 thé chira cac tir khong co trong
ban gbc. Nghién ciru vé phuong phap “abstraction”
1a mot budc tién quan trong va tao su chu dong, tuy
nhién do cac rang bugc phirc tap nén nghién ctru cho
dén nay da tap trung chu yéu vao phwong phap

“extraction”. Trong mdt vai linh vuc Gng dung,
phuong phap “extraction” mang lai nhiéu tri thirc
hon.

K§ thuét tom tit phd bién va gin day nhat sir
dung phuong phap thong ké hodc cac ki thuat xir Iy
ngodn ngit. Cac tir ¢6 tan sb cao, tir khoa chuén,
phuong phap tiéu dé, phuong phap vi tri dugc st
dung 1am trong s6 ctia cau. P6i voi hudng tiép can
cho tom tat don vin ban ta c6 cac phuong phéap nhur:
thong ké, TF.IDF, may hoc (Naive-Bayes, Decision
Tree, Hidden Makov Model, Log-Linear, Neural
Network, SVM), phén tich ngén ngit tu nhién (Ono
et al., 1994, Barzilay and Elhadad, 1997), (Marcu,
D. 1998). Bi v6i hudng tiép can cho tom tit da vin
ban: Phuong phap dung template (McKeown and
Radev, 1995-1998), gom cum chu dé va hop nhét
thong tin (McKeown, 1999, Barzilay et al., 1999),
gom cum (cluster-based) voi MMR, gom cum véi ly
thuyét dd thi, kich hoat lan truyén trén do thi,
phuong phap dua trén trong tam.
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Mbi ngén ngit déu c6 nhiing didc trung riéng &
cac mirc do hinh thai, mre d§ ca phap va mae do
nglr nghia. Dm v6i tiéng Viét ¢6 nhiing nét dac trung
vé tir loai, cdu trac cau, ddu cau... rit cdn phai xr ly
va khai thac. Cac nghién ctru truée day cho tom tit
van ban tiéng Viét nhu: “Mot giai phap tom tit van
ban tiéng Viét tw dong” cia nhom tac gia Truong
Qudc Pinh va Nguyén Quang Diing (2012) nghién
clru vé cac giai thuat thong ké dua trén tir vung dé
xéac dinh do tuong tu gitra cac cau, “Ung dung md
hinh dd thi trong tom tit da van ban tiéng viét”
(Nguyén Thi Ngoc Ta va ctv., 2015); s dung mo
hinh dd thi ¢6 trong s6 va trong s6 cta cau & mdi
nut. ..

Trong nhitng nim gan day, cing véi sy phat trién
manh mé cta cac md hinh hudn luyén end-to-end da
tao ra hudng di méi dé giai quyét bai toan tom tit
van ban ty dong. Cu thé bai bao nay dé cap dén tom
tit van ban ty dong voi md hinh Sequence-to-
Sequence (Sutskever et al., 2014). Dya vao y tuéng
sinh ra cdu mdi tir cau da c6 cia mod hinh Sequence-
to-Sequence, chung toi xay dung mo hinh rut trich
nhing thong tin quan trong cua ca doan van, thu gon
lai thanh mot cau tom tat mang day du thong tin cia
doan vin; bén canh d6, phdi hop véi cac phuong
phap xur ly ngdn ngir tu nhién nhu tach tr, loai bo
dau cau... dé tinh chinh va xir Iy tiéng Viét.

2 TOM TAT VAN BAN TU DONG VOI
MO HINH SEQUENCE TO SEQUENCE

Qu4 trinh tom tit van ban tw dong dugc huin
luyén end-to-end v6i mod hinh Sequence-to-
sequence with Attention (Hinh 1) (Nallapati ef al.,
2016). Tai budc encoder, ddu vao cia Recurrent
Neural Networks (RNN) 1a cac vector dugc tao ra
bang cach mi hoa chudi tir véi mé hinh word
embedding. Khi decoder, sir dung mgt RNN dé sinh
ra chudi tr méi dua vao chudi ddu vao va cac tur
dugc sinh ra phia trude. Trong mo hinh tom tit van
ban ty dong, thay vi tim ra xac suét 16n nhat cuia moi
tir sinh ra tai budc decoder, chung ta tao ra danh sach
cac tlr tmg vién tai mdi budc giai mi. Sau do, su
dung giai thuat Beam Search dé lya chon céc tir ung
vién va két ndi danh sach cac tur ung vién do6 lai tao
tl}énh mot cau c¢6 diém sb cao nhét tao ra chudi tom
tat.
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Hinh 1: Tém tit viin ban ty dong sir dung md hinh Sequence-to-Sequence with Attention

(1) Word Embedding

(2) Recurrent Neural Network

(3) Sequence-to-Sequence with Attention
(4) Beam Search with Optimization

(1) M6 hinh Word Embedding

Muc ti€u ciia word embedding 14 ma hoa tir ngl
tiéng Viét thanh nhiing vector dic trung mang lai
mdt y nghia & mirc d nao do cho tir va n6 1a phuong
phap biéu dién dir liéu cho mé hinh tom tit vin ban
tu dong. Ngoai cach bién dién theo mo hinh tai tir
(Bag of word), xdy dung dwa trén s luong tir dwoc
stir dung trong bai toan Text Classification, ching ta
¢6 hai phuong phap méi la Word2vec (Rong, 2016)
va Glove. O déy, chiing t6i tap trung dé cap dén mo
hinh Word2vec. Word2vec 13 mot phuwong thire biéu
dién mdi tir thanh mot vector ¢6 cac phan tir mang
gia tri dién ta mbi quan hé giira tir nay véi tir khac
bang cach sir dung moét mang no-ron voi duy nhét
mot trang thai an. P6i vai tleng Viét, trudc tién, cac
tr duge xur ly chuyén vé tir don, tir ghép, va in
thudng roi loai b cac ddu ciu ngoai trir diu cham
dé phan biét cac cau voi nhau. Sau d6, mdi tir trong
ciu s& duoc sap xép theo thir ty tir dién va chuyén
vé dang one-hot vector. One-hot vector 1a mot
vector c6 d6 dai toi da bang vai kich thudc tap tir
vung, chi cé duy nhéat mot vi tri ¢o gia tri “1” tuong
{tng v6i vi tri ctia tir can biéu dién trong tap tir vung,
céc vi tri con lai déu bang “0”. Nhiing vector nay la
dau vao cua mang no-ron. Trong nghién ctru cia
Mikolov et al. (2013), tac gia dé xuat hai kién trac
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mang no-ron dé xdy dung Word2vec d6 1la
Continuous Bag-of-Words model (CBOW) va
Continuous Skipgram model. Hai mé hinh trén
gidng nhau déu str dung mang no-ron nhung chi
khac nhau & dau vao va dau ra. Déi véi Continuous
Skip-gram model d4u vao chi 1a mot one-hot vector
ctia mot tir va dau ra 1a cac vector biéu dién quan hé
vé6i céc tir con lai. Con d6i véi CBOW thi nguoc lai,
muc dich dé tim mébi quan hé x4c suit cua nhiéu tir
dau vao dbi voi mot tir dau ra. Cu thé nhu sau:

Cho C word vectors dau vao, hidden
layer h dugc tinh bang cach lay trung binh cong cta
cac dong trong ma tran W . Tir hidden layer ra duoc
output layer, ma tran trong sé6 W' duogc sir dung dé
b6 phiéu (scoring) cho cac tir trong tir dién. Pat

=WTxh,W;=mv,,tadugc: u; = vl X h =
v] X v,. Softmax function duoc sir dung dé thu vé
phan phdi hau nghiém (posterior distribution) cho
céc tur nay.

e”\%”c

yi = = Pwlo)

T
ZW'ET evwirve

Str dung maximine likelihood dé tdi thiéu hoa
ham 13i:
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0 = {vw, vc}
likelihood (6) = Hp(w|c; 0
wWET
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T
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ZW’ET ev‘z"’vc
=, — P(w|c) X v,
= v X [1 = P(w|c)]
Ttr do ta 6 cong thue truy héi cho v, v v, bang
phuong phép truot doc gradient nhu sau:
—n XV X [1=P(wlc)]

-y X [1—-P(w|c)]

vy =1y,
Ve =1,
(2) Recurrent Neural Networks

Trong mdt md hinh ngdn ngit viée tinh xac suat

p(We|We_1, ..., w;) duge xap xi bang cach sir dung
mo hinh Makov bac N:
PWelwe_g, oo, wi) = p(We Wiy, .., We_y)

n6 chua biéu dién mot cach chinh xac xac suit
cia mot tir khi biét tir phia truéc néu ching nam
céch xa nhau. Chinh vi thé, chung ta cin c6 mot md
hinh ¢6 thé tinh dugc p(We|wy_q, ..., wy), tir d6 ¥
tudéng md hinh Recurrent Neural Network (RNN)
(Cho et al., 2015) ra ddi. RNN duoc hiéu co ban 1a
mot mang no-ron ¢ vong lp véi trang thai 4n dau
ra ciia mot no-ron lai tré thanh dau vao cua no-ron
ké tiép tir d6 c6 thé luu gitr dwoc thong tin ciia chudi
dau vao, dwgc mo ta & Hinh 2.

® ® © o :
-

5 6 6 &  ©

Hinh 2: Recurrent Neural Networks (Colah,
2015)

RNN nhan dau vao 1a mot chudi (xy, ..., x7) 1
két qua cua mo hinh word embedding dé xay dung
mot chuoi dau ra (y, ..., yr) bang cach lap lai cac
phuong trinh:

h, = sigm(W™x, + W'h,_,)

WYhh,

Ve =
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Trong do:
x, 14 input tai thoi diém thu t,
h, 14 trang thai 4n tai thoi diém thu t,

v, 14 output tai thoi diém t, chira xac suét ctia cac
tir trong bo tir vung.

Khi huan luyén RNN ching ta str dung ki thuat
Back-Propagation Through Time (BPPTT) dé cong
don gradient ciia cc bude trude lai v6i nhau. Pay 1a
mot bién phap dé giai quyét van dé gradient hoi ty
vé 0 qua cac bude lap (vanishing problem) nhung
ciing can diéu chinh phu hop dé gradient khong phan
ki (exploding problem). D6 ciing 1a van dé khién
RNN gip khé khin trong nhidu nam va Long-Short
Term Memory dugc sinh ra dé giai quyét van dé nay.

Long Short Term Memory

Long Short Term Memory networks — thuong
duoc goi la “LSTM”, 1a truong hop ddc biét cua
RNN, c6 kha nang hoc vdi su phu thudc lau dai cua
cac no-ron. M6 hinh nay dugc gidi thi€u bodi
Hochreiter & Schmidhuber (1997), va duoc cai tién
lai boi Ayako Mikami (2016). Muc tiéu chinh cta
LSTM la quyét dinh thong tin nao dugc luu lai va
loai bo tai mdi no-ron ciia RNN, khic phuc hiéu Gng
vanishing/exploding gradient. LSTM st dung ba
cong sigmoid va moét cong tanh thay cho mét no-ron
ctia RNN duoc mé ta ¢ Hinh 3. Cac cong lam nhiém
vu xac dinh thong tin nao dugc luu lai, loai bd, sinh
ra img vién méi va quyét dinh thong tin dau ra 1a gi.

® &)

|
® ®

Hinh 3: LSTM chita bon 16p twong tac (Colah,
2015)

(3) Sequence-to-sequence with Attention

Muc dich cta viée tom tat van ban 1a chuyén tr
mot van ban gbe thanh mot vin ban c6 do dai ngén
hon va mang day du y nghia. Theo muc dich do,
chung ta xay dung mot RNN dé rut trich dic trung
tir chudi dau vao va sinh ra chudi tir méi phy thude
vao chudi tir trudc d6 bang mot RNN thir hai. Hai
RNN nay duoc diéu chinh trong s phii hop dé chudi
dau ra ngdn hon va phu thudc xac suit chudi dau
vao. Do chinh 1a y tuong co ban cua md hinh
Sequence-to-Sequence (seq2seq). Cu thé mé hinh
seq2seq la mé rong ciia md hinh “encoder-decoder”
(Cho et al., 2014), dau tién st dung mt md hinh ma
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hoéa (encoder) dé chuyén d6i mot dbi tuong ngudn
thanh mdt biéu dién ma héa x. M&i 1an cac chudi dau
vao duge ma hoa, mo hinh seq2seq tao ra mot chudi
muc tiéu st dung mot bo giai ma (decoder). Bo giai
ma duoc giao nhiém vu tao ra mot chudi tir muc tiéu
tr bo tr vung muc tiéu. Cac tir dugc tao ra tudn tu
bang cach diéu chinh trén biéu dién dau vao va trén
cac tu dugc tao ra trude do. Sau day la cy thé vé mo
hinh Sequence-to-Sequence:

Dit wy.r 1a chudi tir bat ki c6 do dai T, y,.p 1a
chudi tir myc tiéu cho mdi input x. it my, ..., my la
day gdm T vector va h, 1a trang thai khoi tao cua
vector. Ap dung mét RNN encoder cho chudi nhu
vay mang lai cc trang thai an h, tai mdi budc thoi
gian t, nhu sau:

hs < RNN(my, h, 6)

6 1a danh sach cac tham s6 ciia md hinh, dugc
chia theo thoi gian. Vector m, tuong (mg voi sy gan
ket ctiia mot chudi tir myc tiéu wy.. Vi vy, ta co thé
viét:

h; < RNN(wg, he, 8)

RNN decoder thuong dugc huén luyén dé hoat
dong nhu cac moé hinh ngdn ngir ¢6 dicu kién. Do 1a
c0 gang tinh toan xac suat cta tir myc tiéu thur f dam
bao dicu kién x khi biét #-1 tir trude do:

pWe|wye—1, %) = g(We, he_q, )

v6i mot vai tham s6 ciia ham g dugc tinh toan
véi mét 16p affine theo mot ham softmax. Trong
viéc tinh toan x4c suét nay, trang thai h,_; dai dién
cho céc tir da dugc huan luyén trudce tir muc tiéu va
hy dugc thiét 1ap thanh mét $6 ham cua bién x. Mo
hinh hoan chinh (bao gdm encoder) dugc hudn
luyén, twong tw nhur md hinh ngdn ngit no ron, cin
phai t6i thiéu hoa ham 13i (cross-entropy loss) tai
mdi 1an 13p trong khi viéc diéu chinh nhimg tir muc
tiéu da duoc tao ra trude do trong tap dir licu huén
luyén. D6 14, md hinh duoc huén luyén dé tdi thiéu
hoa:

T
—ln 1_[ Pelyie-1,%)
t=1

Encoder va decoder khac trong sd véi nhau.
Trong md hinh seq2seq co ban, mdi dau vao phai
dugc ma hoa thanh mot vector trang thai co chiéu
dai ¢b dinh, boi vi d6 1a thir duy nhét duge truyén
dén bo giai mi. Co ché Attention cho phép bo giai
ma truy cdp truc tiép vao dau vao.

* Attention

M3 hinh Sequence-to-Sequence c6 thé bi pha VO
khi chuoi dau vao qua dai. Nguyén nhéan l1a & moi
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bude néu chi c6 mot vector ngit canh ¢ giao tiép gitra
encoder va decoder, vector do s€ phai ma hoa cho
toan bo chudi diu vao, dan dén né c6 thé bi tan bién
khi n6 xir ly chudi tir dai. Ki thuat Attention
(Bahdanau et al., 2016) cho phép bd giai ma tap
trung vao mot phan khac nhau tir d4u ra ctia encoder
bang tim ra chudi vector ngir canh cua mdi bude

encoder c;., vOi
n

j=1
Trong d6, tap trong s a; j cua mdi trang thai an
h;1a dau ra ciia mot ham softmax:
exp(e; j)
Y=o €xp(eix)
€ij = q(si—1 hj)

voi s;_4 1a trang thai an tai budc i-1 cua decoder.

ij =

(4) Thuét toan Beam Search

Trong moé hinh Sequence-to-Sequence, by giai
mia dugce diéu khién bdi mot cau d3 duoc ma hoa dé
tao ra mot cAu méi. Tai mdi budce lap t, bd gidi ma
can dua ra quyét dinh tir nao dé sinh ra nhu tir thir t
trong cau. Véan dé 1a chung ta khong biét chinh xac
chudi tir cAn phai sinh ra dé cuc dai hoé xéc suit co
diéu kién tong thé. Dé giai quyét van dé nay, thuat
toan Beam Search Optimization d3 dugc Sam
Wiseman va Alexander M. Rush dé xuét (2016).
Beam Search véi d6 rong K sao cho tai mdi budc
dua ra K d& xuét va tiép tuc giai ma véi mot trong
sd chung.

Thay vi tinh x4c suat cua tir ké tiép, ching ta sir
dung céch tao ra diém sé (khong phai xac suét) cho
céc chudi cau. Mic dinh diém s6 cua mot chudi bao
gdm cac tir dimg trudc wy.._, theo sau boi mot tir
we la f(we, he_y, x), v6i f 1a mot ham kiém tra trang
thai an tai thoi diém t — 1 ciia mét RNN. O day,
ham f khong phai 1a mot ham softmax dé tranh cac
van dé sai léch nhin. Thuét toan Beam Search sir
dung trong md hinh Sequence-to-Sequence cu thé
gdém 3 budc chinh:

a. Search-Based Loss: sir dung mot ham tinh
diém dé tinh tong diém ciia moi chuéi.

Cho tap S, gdm K chudi ung vién c6 do dai t.
Chung ta c6 thé tinh duoc thir hang cho mdi chudi
trong S, sir dung mot ham tuyén tinh f véi mot
RNN. Chiing ta khai bdo mét chudi 97 xép hang
thtr K trong tap S; dua vao ham f. Nghia 1a, ta c6
khoang cach t6i da giira cac thir hang:
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5(K)

|{y1t €S |f( fi),h(k)) > f( ~(K) h(K) )}l

=K-1
véi P, *) 1a token thir t trong yl(l?, h(k) 14 trang
thai an cia RNN tuong Gng 6 budc thir ¢ - 1.

Ham L(f) thé hién 15i tai mdi lan diém sb cua
chudi y;., khong vuot qua diém sb cua chudi 371(1?
tinh bang cong thirc:

T

L) = Y AEE - FOhe)
t=1
+FO8RED]

véi A(9{) biéu thi do 18i cy thé ctia ham 13i;
no tra v€ gia tri 0 khi cac yéu cau 1& thoa man va
nguoc lai tra vé mot s6 dwong. Ham 18i dugc t6i wu
& hai budc tiép theo.

b. Forward: (Find Violations) xay dung tap
chudi S, va tim kiém vi pham 1é mé td & Hinh 4.

[ a } -[ red ]\/{ dog } -[ smells ] { home } -[ today ]
[ the -[ dog ] / ~[ dog } -[ barks ] {quickly}\\\-[ Friday]
(red ] { blue o cat ] N barks )  {straight) \ { now )

{ runs } Y today
red ] -[ dog } -[runs

—{quickly}—-[ today ]
blue -[ dog ] -{barks%\t home} -[ now ]

Hinh 4: Beam search véi vi pham 1¢ [7]

A

Pé t6i hiéu hoa ham 151, ta xét cac truong hop
nhu sau:

Néu khong c6 vi pham 1& & budc t — 1 thi S,
duogc xay dung tir giai thuat Beam Search tiéu
chuan.

Néu c6 vi pham 1&, S, duoc xdy dung tir K chudi,
bat dau bang chuoi muc ti€u y;.¢_4.

Gia sir ham succ 4anh xa mot chudi wy.,_, €
V1 vao mot danh sach nhitng chudi c6 do dai t,
diéu nay c6 thé lam bang cach bd sung cho né mot
tir hop 1€ w € V. Trong truong hop don gian, ta co:

SuCC(Wl:t—l) = {Wl:t—l'wlw € v}

Sau khi xac dinh mt ham succ thich hop, chiing

ta khai bao mot tap hop:

succ(¥1.4—1) viphamtait—1

K
S, = topK
t p U succ (}71(:’?) ngwoc lai
k=1
ta c6 mot vi pham 1& tai t—1 néu

fYe-1he2) < F(PE), %)) + 1 va topK dé xem
xét diém s6 cho boi ham f.
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c.. Backward: (Merge Sequences) sir dung lan
truyén nguoc de toi wu ham Ioi ciia moé hinh RNN.

Gia str m()t vi pham 1& tai budc thir t gitta chudi
du doan 37 va chudi nhin y;.,. M6 hinh Sequence-
to- Sequence chuén thyc hién lan truyén nguoc dé toi
wu ham 16i thong qua cac tir muc tiéu; tuy nhién &
day ching ta c6 thém mét gradient cho cac tir du
doan sai trudée do. Be lan truyén ngugc ham 1oi
thong qua mdt RNN, chﬁpg ta st dung mot thu tuc
dé quy BRNN — tai moi budc tha t, nd ch@a
gradients cua budc ke tiep va 10i trong tuong lai doi
voi h;. Ta co:

VhtL — BRNN(VhtLt+1J Vht+1L)

v6i L4, 12151 tai budce t + 1. Chay ham BRNN

trt =T —1 dén t = 0 dugc xem nhu lan truyén

nguoc theo thoi gian (back-propagation through
time).

Giai thudt Beam Search sir dung cho mé hinh
Sequence-to-Sequence duoc tom tat & Hinh 5:

Algorithm 1 Seq2seq Beam-Search Optimization

1: procedure BSO(x, I}, suce)

2 [*FORWARD™/ .

3: Init empty storage §1.7 and hi.7; init 51

+ r + 0; violations + {0}

5: fort=1,....T do

[ K=K, 1t t#£ T else arg max f'{,rj:f"'].-‘ﬂtit)l]
L !'1 t #91 t

7 if f{ye. b)) < f[':;th] hi 1) + 1 then

8 e hr;i

=~ (K)
Ur+]. t ‘f;—_{.]_ t

10:

Add t to violations

11: Fal el
12: Sty + topK(suce(yy))
13: else

B LY ~ (k)
14: Sy topK(| i —, suce(f; )
15: [*BACKWARD®/ .
16: grad_hy « 0; grad_ht + 0
17: fort=T-1,...,1do
18: grad_h; +— BRNN(Vy, Lopq. grad_hyyq)
19: grad_hy «— BRNN(V; Liy1, .r;r'ad_;iHl)
20: if t — 1 € violations then N
21: grad_h; + grad_h¢ + grad_h;
22: grad_h; «— 0

Hinh 5: Sequence-to-Sequence as
Beam Search Optimization [8]
3 KET QUA THU'C NGHIEM
3.1 XAy dung tap dir liu
) Dé xdy dung thanh cong mé hinh trén tap dir liéu
tiéng Viét, trong bai bao nay, chung t6i thu thap cac

doan van ban lay tir cac trang béo truc tuyén & Viét
Nam (Hinh 6). Véi doan van ban can tom tat 1a ca



Tap chi Khoa hoc Truong Pai hoc Can Tho
bai bao va phan tom tat 1a doan mé ta phia dudi tiéu
de.

Téng théng Philippines khdng hop tic Giu tra c30 bude
che gidu 13l s3n

i W § ony Philppies ook NBA: Thién Gudmg cia nhimg tin 63 xsm Ney
e hing dang Sl ve hinh 0ip it phat, S
\ ‘i‘ e wuoe. giid ¢ -

v Noow
Hing chyc hé 63n thso chyy vi vé b kioh & BI Ria - 4 chuybe Ao W8 14
Ving Tau

Taxi truydn théng cdp tip ‘chéng &' i W

™é thao

Kinh doanh

L do kdm by tde vin khéng 3 hétng
e p p
g ‘

i ving 9990

2

Hinh 6: Thu thap dir li€u tir cac trang bao online

Két qua thu duge 39.287 bai béo online Viét
Nam. Tap dir liéu mau duoc dinh dang chia thanh 3
phan 14 article, abstract va publisher. D¢ st dung mo
hinh ta can chuyén tap dit liéu tiéng Viét vé dang tir
don, tir ghép bang goi cong cu vnTokenizer cia
Hong Phuong L. et al. (2008), loai bo cac dau cau,
giit lai ddu chim dé phan biét cac cau, chuyén s6 vé
chit va sau d6 chuyén vin ban vé dang nhi phan.
Trong d6, tap dit liéu huén luyén gdm 31.429 article,
tap danh gia gdm 5893 article, tap test gdm 1964
article. Tap tir vung gom 159.772 tir vung trong toan
b6 tap dir liéu 28.193.515 tir tiéng Viét.

3.2 Huén luyén mé hinh

Chung t6i st dung thu vién TensorFlow dé xay
dung tap dit liéu Word2vec va huin luyén mé hinh
Sequence-to-Sequence with Attention cho bai toan
tom tat van ban tiéng Viét ty dong. Cac thong s6 can
can chinh 1a s6 lugng no-ron ctia RNN encoder va
decoder phu hop voi do dai cua dit liéu dau vao. S&
luong cau lay tur arcticle la
max_arcticle_sentences=5, do dai t6i da cta
doan abstract 1la max_abstract sentences=100.
Chung t6i sir dung Gradient Descent Optimizer v6i
learning rate giam tir 0,15 dén 0,000015 dé tdi thiéu
ham 18i va Beam Search véi d6 rong K=5 dé sinh ra
cau.

Duéi day 1a biéu dién cuia ham 18i khi huin luyén
mo hinh Sequence-to-Sequence (Hinh 7).

running_avg_loss

Hinh 7: Running average loss
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3.3 Danh gia d§ chinh xac

Phuong phép chinh dé x4c dinh d6 chinh xéac ctua
md hinh tom tat van ban la dwa vao ¥ nghia bén trong
ctua doan van. O déy, ching toi su dung phuong
phap ROUGE (Svore ef al., 2007) d€ danh gia do
chinh xéc’cﬁa mo hinh. S6 diém ROUGE-n ctia mdt
ban tom tat dugc xac dinh nhu sau:
ROUGE —n
_ ZCERSS Zgramnec Countmatch (gramn)

ZCERSS ZgramnEC Count(gramn)

v6i Countpgren(gram,) 1a sé lwong n-grams
16n nhat c6 trong két qua tom tit va ban tom tit tham
khao, Count(gram,,) 1a s6 lugng n-grams c6 trong
ban tom tit tham khao. C6 nhiéu ROUGE score
khac nhau nhu ROUGE-L la mt Longest Common
Subsequece Measure.

Bing 1: Panh gia dd chinh xac trén tap gdm 1964
article tieng Viét

ROUGE-1 ROUGE-2 ROUGE-L

Precision 0,372 0,313 0,367
Recall 0,446 0,317 0,417
F-score 0,39 0,314 0,367

4 KET LUAN VA HUONG PHAT TRIEN

Str dung md hinh Sequence-to-Sequence with
Attention mé ra mot hudng di méi cho bai toan tom
tat van ban tu dong. Hon thé nira, hoc sau két hop
véi xur ly ngdn ngilr ty nhién da ap dung thanh cong
va gop phan cai thién do chinh xac trén ngdn ngir
tiéng Viét.

Bén canh @0, dé cai thién mo hinh chung ta can
xay dung mot tap dau vao Word2vec co do chinh
xéc cao hon nira, thé hién 6 mdi lién h¢ giira cac tir
hon nita. Chinh vi thé, viéc chuén bi tap dir liéu 1on
va phong pha vé mit tir vung 13 v cung can thiét
cho mot mé hinh tom tit vin ban ty dong tiéng Viét.
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