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LOI CAM DOAN

T6i 1a Pham Hung, hoc vién 16p K§ Thuat Phan Mém K21 xin cam doan bao cdo
luan van nay duoc Viét boi toi dudi su huéng dan caa thay gido, tién si Nguyén Vin
Vinh. Tat ca cac két qua dat dugc trong luan vin nay 1a qua trinh tim hiéu, nghién ctu
cua riéng toi. Trong toan bo nodi dung cua luan vin, nhirg diéu duoc trinh bay 1a két qua
cia ca nhan tdi hodc 1a dwgc tong hop tir nhiéu ngudn tai liéu khac. Cac tai liéu tham
khao déu c6 xuat xi rd rang va duoc trich dan hop phéap.

Toi xin hoan toan chiu trach nhiém va chiu moi hinh thac ky luat theo quy dinh

cho 161 cam doan cua minh.
Ha Noi, ngay ..... thang ...... nam 2017

Nguoi cam doan

Pham Hung



LOI CAM ON

Loi dau tién, toi xin by to sy cam on chan thanh ddi véi thay gido TS. Nguyén
Vin Vinh — gido vién hudng dan tryc tiép cua t6i. Thay Vinh da gitip toi tiép can nhiing
kién thuc vé tri tué nhan tao tir nhirng thuat toan co ban dén nang cao trong qué trinh
nghién cuu va hoan thién luan van thac si.

T6i cling xin guri 101 cam on toi cac thay cd trong khoa Céng nghé théng tin,
truong Pai hoc Cong Nghé, Pai hoc Qudc gia Ha Noi da huéng dan, chi bao va tao diéu
kién cho ching t6i hoc tap va nghién ctu tai trudng trong suét thai gian qua.

Mic du da ¢6 gang hoan thanh luan vin nhung chic chan s& khdng tranh khoi nhitng
sai sot, t6i kinh mong nhan duoc su théng cam va chi bao cua cac thay ¢d va cac ban.

Toi xin chan thanh cam on.
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RNN Recurrent Neural Network Mang neural hdi quy

ANN Acrtificial Neural Network Mang neural nhan tao

NLP Natural Language Processing Xir ly ngdn ngit ty nhién

LSTM Long short-term memory Mang neural cai tién giai quyét van
dé phu thudc tir qua dai

CNN Convolutional Neural network | Mang neural tich chap

SVM Support Vector Machine May vector ho tro
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TOM TAT NQI DUNG

Mang neural hdi quy RNN duoc ap dung rat rong rai trong cac bai toan xir Iy ngon
ngit ty nhién NLP. Do mang hoi quy RNN mé hinh hoéa duoc ban chét cua dit liéu trong
NLP nhu dic tinh chudi va su phu thudc 13n nhau gitra cac thanh phan theo thir tu. Ngoai
ra, do nang luc tinh toan cua may tinh ngay cang manh mé nén da thuc hién hoa dugc
viéc huan luyén mang neural hdi quy nhiéu tham sé von yéu cau nhiéu budc tinh toan
hon so véi mang neural théng thuong. Do dé, viéc &p dung mang RNN c6 thé coi 1a mot
budc dot pha trong xt ly ngdn ngi.

Luan vin sé& trinh bay vé Iy thuyét mang neural RNN va cai tién cia n6 1a LSTM
cling véi mot s6 thuat toan hoc may quan trong trong qua trinh xir Iy dir liéu ngdn ngit.
Cudi cing, luan van s& md ta viéc 4p dung va két qua khi st dung mé hinh LSTM trong
bai toan trich xuat thong tin quan diém. Thuit todn s& duoc danh gia dua trén hai tap dir
lieu tiéng Anh va tiéng Viét.



MO PAU

Trong thoi dai hién nay, nham phuc vu cho nhu cau cudc sdng ngay cang cao cua
con ngudi, cac san pham va dich vu cling c6 budc phat trién rat manh mé. C6 thé ké dén
tir nhitng san pham dap tng nhu ciu thudng ngay cia con ngudi nhu quan 4o, sach, tap
chi, 46 dung ca nhan cho dén nhirng nhu cau cao hon vé thi hiéu, du lich, thAm mi. Vi
mdi loai san pham va dich vu hién tai ciing rit phong phi vé chang loai, chat luong, canh
tranh vé gia ca téi tir nhidu nha cung cap khac nhau. Do d6, viéc duy tri phat trién mot
san pham dich vu c6 duoc mang ludi nguoi sir dung rong rii doi hoi rat nhiéu cong stc.
Mot trong nhimg phuong phéap co ban va hiéu qua nhat I lang nghe y kién phan hoi cua
khach hang vé san pham dich vu. Dya trén nhitng y kién phan hoi nay, nha cung cap san
pham dich vu c6 thé danh gia duoc thi hiéu cua san pham, hiéu qua cuaa chién lugc
marketing quang ba san pham hay diéu chinh san pham phu hop dé dat duoc hiéu qua
kinh doanh tét nhat. Cong viéc trén c6 tén goi la trich xuat thong tin quan diém caa nguoi
dung. Pay 12 bai toan co ban nhung c6 (ng dung rat 16n trong cudc séng.

Cung vai su phat trién cua thiét bi di dong va mang internet, ngudi ding co rat
nhiéu kénh dé tuong tac voi nha cung cap dich vu. C6 thé ké dén céac kénh truyén thdng
nhu email, dién thoai, fax cho dén c4c hinh thitc méi hon nhu viét phan hoi trén cac trang
mang x& hoi, viét bai review san pham, phan héi ngay trén trang gidi thiéu san pham hay
trén cac dién dan. Tir cAc nguon ké trén, dit liéu duoc thu thap lai dudi dang van ban. Tur
dir liéu dang vin ban, luan vin sé& trinh bay phuong phap ap dung hoc may dé xu ly théng
tin van ban nham trich xuat dugc thong tin quan diém cia nguoi ding.



Minh cling giat kinh khting, cam thay hdi nan
vé cai bluetooth cta nd..... da cap nhét El .
Capitan mdi nhat, lic dau ko bi, 1 thdi gian » Tiéu cyc
sau lai giat lai nhu thudng

Con M185 mua hon 100k dgt khuyén mai &
Nguyen Kim cach day hon 3 nam clia minh *
van con tét chan day bac a =))

Hinh 0.1: Trich xudt théng tin quan diém

Luén vin cua t6i dugc chia thanh cac phan sau:

Chuong 1: Trinh bay tong quan vé bai toan trich xuat thong tin quan diém va mot
s6 khai niém lién quan. Bong thoi, toi trinh bay nhitng thach thic cua viéc trich xuat
thong tin quan diém sir dung mé hinh hoc may.

Chuong 2: Trinh bay cac phuong phap va mot sé thuat toan st dung cho bai toan
trich xuat thong tin quan diém. Trong do6, toi s& trinh bay k§ vé mo hinh mang Recurrent
Neural Network (RNN), mé hinh tién tién dang dugc ap dung cho viéc xt ly thdng tin
dang chudi nhu vin ban.

Chwong 3: Trinh bay viéc 4p dung mé hinh RNN cho bai toan phan tich quan diém.,

Chuong 4: Két qua mot sé thir nghieém.

Chuong 5: Két luan.



CHUONG 1: TONG QUAN VE BAI TOAN

1.1 Khai niém quan diém

Trong x& hoi hién dai, viéc néu va thé hién y kién ca nhan 1a mot phan cua tu do
ngdn luan. Véi mdi ngudi duge dao tao khac nhau va c6 nhiing céch tiép can khéac nhau
dbi véi mot van dé s& nay sinh ra nhiéu chiéu trong y kién, tu tuong. Do chinh 13 quan
diém. Quan diém duogc xay dung chu yéu tir ba yéu t6 1a thai do, cam xGc va y kién vé
mot dbi twong. Pbi twong & ddy co thé 12 cac ca nhan, cac sy viéc, su vat hay la chat
lwgng dich vy, san pham, chua dé.

1.2 Bai toan trich xuat thong tin quan diém

Bai toan trich xuat thong tin quan diém dua trén céac thong tin phan hoi cia nguoi
st dung nham phan loai phan héi @6 1a tich cuc hay tiéu cuc. Thong tin phan hdi cua
ngudi ding duoc téng hop dudi dang van ban tir nhidu nguon khac nhau nhu trén trang
ban hang, Facebook, hé théng cho cua Google hay Apple. Dua trén danh gia cta nguoi
ding, két qua cua chién lugc marketing hay quang ba san pham dugc xac dinh 1a c6 hiéu
qua hay khong.

Bai toan trich xuét théng tin quan diém (sentiment analysis) 13 mot linh vuc
nghién citu vé cac Y Kién, quan diém, danh gia, thai d6 va cam xdc cia con ngudi vé mot
dbi tuong. Trich xuit thong tin quan diém thu hut duoc su quan tam Ién cia cong dong
nghién cau n6i chung va cong dong xir Iy ngdn ngir tu nhién néi riéng bai hai yéu to:

Thir nhat, do su bung nd thong tin va mang xa hoi nén con ngudi ¢6 thé ty do chia
sé y kién cam nghi. Trong lich st loai nguoi, day 1a thoi diém luong théng tin néi chung
va thong tin vé y kién quan diém ndi riéng phat trién rat nhanh va manh. Luong thong tin
chia sé trén mang xa hai 1a khong 16 .Theo sé liéu cua The Social Skinny [14], Facebook
dang 1a mang x4 hoi 16n nhat trén thé gisi: cir mdi 60 gidy s& c6 510.000 comment duoc
dang 1én, 293.000 trang thai méi duoc cap nhat va khoang 136.000 buc anh dugc upload.
Ngoai facebook con cd rat nhiéu cdc mang x& hoi khac nhu Twitter, Weibo, Tumblr,
cling nhu nhiéu hinh thie khac cho phép ngudi ding dua thong tin 1én internet. Nhan
thdy rang néu c6 thé khai thac thong tin tir luong dit liéu khéng 16 nay thi s& cho phép
khai phé rat nhiéu théng tin quan trong gitip xac dinh va giai quyét nhiéu van dé. Pon cir
nhu c6 thé du doan, dinh hudng xu thé cua cong nghé, thoi trang, tiéu dung cia xa hoi.



Tht hai, su da dang va két qua co thé thay rd khi ap dung né vao maot sé linh vuc
nhu phéan tich tm 1y ngudoi dung, nghién cau thi truong. Vi du nhu trong kinh doanh,
viéc phan tich va nim duoc cac y kién phan hoi cia ngudi sir dung, khach hang sé gidp t6
chtic, c& nhan nhan ra nhitng diém han ché caa san pham, dich vu minh cung cip. Ho s&
kip thoi c6 giai phap khac phuc dé dap ung dwoc nhu cau sir dung caa thi truong, nang cao
két qua kinh doanh nhd ndm bit dugc thi hiéu va kénh chiam soc khach hang hiéu qua.

Quan diém duogc chia 1am cha yéu 13 hai loai la tich cuc (positive) va tiéu cuc
(negative). Ngoai ra trong mot sé truong hop xét tGi ca loai thi ba 1 trung 1ap (neural).



1.3 Cac hwéng tiép can va giai quyét bai toan

Trong nhitng nam gan day, c6 rat nhiéu bai béo va cac cong trinh nghién ciru cai
tién cac thuat toan trich xuat thong tin quan diém [6] [7] [15]. Céc k¥ thuat nay duoc
phan loai theo hudng dwa trén cac huéng tiép can dua trén hoc may hoic dua trén tir dién
va ngir nghia. Trong d6, hudng tiép can dua trén hoc may dang phat trién rat manh. Xét
trén ki thuat hoc may c6 giam sét cd thé ké dén nhiing thuat toan kinh dién va hiéu qua
nhu Decision Tree, Support Vector Machine (SVM). C4c thuat toan dugc dénh gia cao vé
tinh don gian va hiéu qua trong nhiéu trudng hop so véi cac thuat dua trén md hinh mang
neural.

Sentiment Analysis

I Machine Learning Approach I | Lexicon Based Approach I

I Unsupervised Learning ] l Supervised Learning I I Dictionary Based I

| Probabilistic ¢ lns\illvrl l Decision Tree Classifier I I Rule Based classifier I I Lincar Approach I

I l

' Naive Bayes I [ Maximum Entropy l I Support Vector Mac lnllwl I Neural Network I

Hinh 1.1 Cdc hwéng tiép cdn giai quyét bai todn trich xudt théng tin quan diém

Tuy nhién, cing véi su phét trién ciia kha nang tinh toan cac thuat toan mang
huéng hoc sau ngay cang phat trién hon. Luan vin sé& trinh bay vé mot phuong phap dua
trén mang neural c6 nhiéu wu diém trong viéc mé ta dit liéu dau vao, d6 13 mang neural hoi
quy RNN. Truéc hét trong chuong nay s& dé cap t6i mot sb thuat toan kinh dién hay st dung
trong phan loai c6 thé ap dung duogc déi vai bai toan phan tich quan diém.



1.3.1 M0 hinh Support Vector Machine

M6 hinh SVM [a md hinh hét strc kinh dién trong bai toan phan loai. Tu twéng cua
SVM [2] 14 dinh nghia ra mot siéu mat phang cd thé phan tach céc tap dir liéu can phan
loai sao cho khoang cach (margin) tir siéu mat phang dén cac tap can phan loai 13 twong
duong nhau va 16n nhat. Thuat toan SVM ban dau duoc thiét ké dé giai quyét bai toan
phan 16p nhi phan véi v tudng chinh nhu sau:

Hinh 1.2 Khodng cach margin cia 2 phan 16p 1a bang nhau va lén nhat
Trong khéng gian hai chiéu tdi da biét khoang cach tir mot diém cé toa do (Xo,Yo) t6i
duong thang c6 phuong trinh wix+wzy+b = 0 dugc tinh bang:

| wixo+wyy,+b|
VWi + w,?

Trong khdng gian ba chiéu khoang cach tir mot diém c6 toa do (Xo,Yo,20) t&i mot mat
phing c6 phuong trinh wix + W2y + Wsz +b = 0 duoc tinh bang:

_ | wixg + woyo + wszp + bl

\/le + w,?2 + wy?

Nhan thay néu bo dau gia tri tuyet dbi cua tir s6 thi 6 thé xac dinh dugc diém
dang xét nam vé phia nao cua duong thang hay mat phang. Khong lam mat tinh tong quat
thi nhitng biéu thirc trong dau gia trj tuyét doi néu mang dau duong thi nam cing mot
phia duong con nhirng diém lam cho biéu thirc trong dau gia tri tuyét d¢oi mang dau am
thi nam vé phia &m. Nhitng diém nam trén dudng thang/ mat phang s& 1am cho gia tri caa
tir s6 bang 0 hay khoang cach bang 0. Tong quét trén khong gian nhiéu chiéu thi s& phic
tap hon so véi viéc biéu dién bai khdng gian 2 chiéu ( duong thang) hay khong gian 3
chiéu (mat phang). Khai niém nay dwoc goi 1a siu mit phang cé cong thee w™x + b = 0.
Khoang cach dugc tinh bang:



d 1a s chiéu cua khong gian.

Chat lugng cua siéu phiang duoc danh gia boi khoang cach h gitra hai 16p, khoang
cach cang Ion thi siéu phang quyét dinh cang tot va chat luong phan 1ép cang cao.

Gia sir rang cac cap dir liéu cua training set 1a (X1, y1), (X2, Y2),..., (Xn, Yn) trong d6
Xi la vector dau vao cuaa mot diém dir liéu va yi la nhén ciaa diém dit liéu do6. Gia sir nhan
cua diém dir licuco 2 giatrilalva-1.

Hinh 1.3 SVM nh;j phan
Khi d6 khoang cach tir diém dén mat phan chia wyx; + w,x, +b =0 1

2
i=1 Wi

Margin dugc tinh 12 khoang céch gan nhat cia 1 diém téi mat phan chia

In( WTxn + b)

margin = min

2
i=1 Wi

Bai toan ti uu trong SVM 1a bai toan tim w va b sao cho margin nay dat gié tri
l6n nht:

(w, b) = argmax { ——— miny,(w’x, +b)
w,b d W'Z
i=1 Wi



Ddi vé6i bai toan phan 16p véi s phan 16p d > 2 thi tdi st dung chién lugc one-vs-
rest bang cach chuyén vé bai toan phan 16p nhi phan gitra 1 16p va (d-1) 16p con lai. Tac
|2 t6i s& phai thuc hién bai toan SVM nhi phén d 13n gitta phan 16p th i va (d-1) phan 16p
con lai.

1.3.2 K-nearest neighbors

Thuat toan K-Nearest neighbors (KNN) la thuat toan phan loai dya trén y tudng
“Hay cho toi biét ban ctia ban 13 ai, toi s& cho biét ban 1a ngudi nhu thé nao”. Cau danh
ngdn rat tring hop véi cach thuc hoat dong cua thuat toan KNN. Ban chat KNN khéng
hoc gi tir dit liéu training, moi tinh toan dwgc thuc hién khi nd can du doan két qua cua
dir liéu mai. Moi diém trong dit liéu training dwoc luu trit trong b nhé nén day ciing 1a
diém han ché cua thuat toan khi 1am viéc véi bo dir liéu training 16n.

Céac buéc thuc hién cua thuat toan nhu sau: thuc hién cau hinh tham sé K — sé diém
lan can; danh gia 1 diém méi caa tap test bang cach xét K 1an can caa no; phéan 16p cho
diém m¢i dua trén nhén cua da s6 ma K diém trong tap train gan nhat cia n6 duoc gan.

Khéai niém thé nao 12 1an can cua 1 diém thuong dugc tinh toan bang khoang cach
vector theo norm. Ngoai ra d6i vai K diém 1an can, tdi c6 thé danh trong s6 16n hon cho céac
diém gan diém can xét hon. Hay noi cach khac 13 tin cay cac diém gan diém can xét hon.

Str dung KNN dé phan loai thuong dé sir dung khi bai toan con don gian, thuat toan
chu yéu thuc hién tinh toan ¢ khau test. Pay ciing 1a mot trong sb nhiing thuat toan phan
loai dugc sir dung phd bién nhat.
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CHUONG 2: MANG NEURAL VA RNN

2.1 Mang neural nhéan tao ANN

Mang neural nhan tao [1] la thuat toan mé phong lai cach thirc hoat dong cua hé
thdng than kinh cua sinh vt trong viéc hoc, nhan biét hay phan loai. Thuat toan di duoc
st dung rong réi tir nhirg nam 1980 cho dén nay van duoc ap dung rong réi trong nhiéu
nganh khoa hoc. Mang neural mé phong qué trinh xtr 1y thong tin, mo6 hinh dugc hoc bai
kinh nghiém, luu nhitng kinh nghiém hiéu biét va str dung trong céac tinh huéng phu hop.

2.1.1 Mang no-ron sinh hec

Hé thong than kinh 12 to chic vat chét cao cap va cd cau tao vo cuing phic tap. Hé
than kinh dugc cau tao bai nhiéu yéu té trong d6 no-ron 1a khai niém co ban nhat. Trong
b ndo ngudi ¢ khoang 10 - 1012 té bao than kinh duoc goi 1a cac no-ron va mdi no-ron
lai lién két vai khoang 10% no ron khac thdng qua cac khap néi than kinh synapse.

Cau tao cia mdi no-ron géom cac thanh phan co ban nhu than no-ron va lién két
gitra cac no-ron. Than no-ron dugc gidi han trong 16p mang va trong cung la nhan. Noi
do 12 noi tiép nhan tong hop va phét ra cac xung than kinh hay céc tin hiéu dién sinh. Tai
than no-ron c6 rat nhiéu duong ré nhanh goi 1a ré. R& duoc chia 1am hai loai 12 ré dau vao
nhan thong tin tir cc no-ron khac qua axon va ré dau ra dua thong tin qua axon tdi cac
no-ron khac. Hinh 2.1 mé ta thong tin dugc truyén tir no-ron 1 qua axon dén no-ron 2.
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Ré dau ra cua no-ron 1
Nhan dugc noi vdi axon

MAxon

Axon diurge noi véi re

\% clla, no-ron 2

Chiéu thong tin

Ré dau ra /'/
han

Hinh 2.1 M6 hinh mang no ron sinh hoc

Qua trinh hoat dong ctia no-ron la mot qua trinh dién hoa tu nhién. Khi co tac
dong tir bén ngoai vao mang no-ron s& phan ang nhu sau: dau vao cua no-ron lép dau
tién s& xuat hién maot tin hiéu vuot qua mac can bang cua nd va nd s& & trang thai kich
thich. Trong ban than no-ron s& xay ra hang loat nhitng phan &ng tao thanh thé nang. Thé
ning duoc chuyén vao mang thong qua axon dé téi cac no-ron tiép theo. Ctr nhu vay thé
ning dugc truyén tir no-ron nay dén no-ron khac trong dé né sé cé kha niang kich thich
hoac kim hdm ty nhién cac neural khac trong mang.

Mot tinh chat co ban cua mang neural sinh hoc 1a dép tng cac kich thich, tac dong
tir bén ngoai va c6 kha ning thay doi theo thoi gian. Qua cac I6p no-ron thi thé nang kich
thich c6 thé duoc ting 1én, giam di hoic tham chi 1a bién mat. Chinh sy lién két chat ché
Vv6i nhau ciia cac no-ron da tao ra mang lugi dap ung, thay doi khdng ngung theo thoi
gian. Su thay doi trang thai cia mot neural dan thoi su thay d6i trang thai cia cac no-ron
kh&c va dan dén su thay do6i cua toan bo mang.

Céc nha khoa hoc da tim hiéu va lay nguyén Iy cau tr(ic ctia mang no-ron sinh hoc
dé xay dung thanh mé hinh mang neural nhan tao.

2.1.2 Kién tric téng quat cia mang neural nhan tao

Mang neural nhan tao (Artificial Neural Network) goi tat a4 ANN 12 mot mé hinh
xt ly thong tin phong theo céc thire xir Iy thdng tin cua hé théng no-ron sinh hoc[1]. N6
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duoc tao 1én tir mot s6 luong 16n cac phan tir goi 1a neural két ndi vai nhau théng qua cac
lien két goi 1a trong s lién két. Mang neural nhan tao thudng duoc md phong va huin
luyén tir tap mau. Qua qua trinh huan luyén, céc trong s lién két s& duoc cap nhat sao
cho gié tri 1am 13i 12 nho nhat.

Céc thanh phan cia mang ANN bao gom cac Iop dau vao (input layer), 16p an
(hidden layer) va céc 16p dau ra (output layer). Hinh 2.2 1a vi du v& mot ANN ¢6 2 16p an.

W(l) W(‘.Z) W(:H

Input Hidden 1 Hidden 2 Output
Hinh 2.2 Mang neural 2 16p dn

Kién trdc chung cua mot ANN gom 3 thanh phan d6 1a input layer, hidden layer va
output layer. Trong d6, 16p an (hidden layer) gom cac no-ron, nhan di liéu input tir cac
no-ron & 16p trude d6 va chuyén doi cac input nay cho cac 1ép xir ly tiép theo. Qua trinh
xu ly thdng tin cuia mot ANN nhu sau:

— Output

<~ | Neuron j y Y;
Xo .{"TE}) _ WIX; _."</->_;'
__._\r._____.-d' g I I
%‘4@'@' Summations Transfer function

Hinh 2.3 Qua trinh xu ly théng tin cua neural j trong mang ANN
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Trong d6, mdi input twong ung véi 1 thudc tinh cua dir liéu. Vi du nhu trong tng
dung cia ngan hang xem xét c6 chap nhan cho khéach hang vay tién hay khéng thi mdi
input 1a mot thugc tinh cua khach hang nhu thu nhap, nghé nghiép, tudi, sé con...Output
la mot giai phap cho mot van dé, vi du nhu véi bai toan xem xét chap nhan cho khach
hang vay tién hay khéng thi output 14 yes - cho vay hoic no - khdng cho vay. Trong s6
lien két (Connection Weights) 1a thanh phan rit quan trong cua mot ANN, né thé hién
mtrc 6 quan trong hay c6 thé hiéu 1a d6 manh cua dit liéu dau vao di vai qua trinh xt Iy
thong tin, chuyén doi dir liéu tir layer nay sang layer khac. Qué trinh hoc (Learning
Processing) cua ANN thuc ra 13 qué trinh diéu chinh cac trong sé (Weight) cua céc input
data dé co dugc két qua mong muén. Ham tong (Summation Function) cho phép tinh
tong trong sd cua tat ca cac input duoc dwa vao mdi no-ron. Ham tong cia mot no-ron
d6i voi n input dugc tinh theo cong thuc sau:

mn
Y = XiWi

Két qua trén cho biét kha nang kich hoat cua no-ron d6. Cac no-ron nay cé thé
sinh ra mot output hoac khéng trong ANN, hay néi cach khac rang co thé output cua 1
no-ron c6 thé dugc chuyén dén layer tiép trong mang no-ron hoic khong 1a do anh huong
boi ham chuyén d6i (Transfer Function). Viéc lya chon Transfer Function c6 tac dong
l6n dén két qua cia ANN. Vi két qua xir Iy tai cac no-ron 1a ham tinh tong nén doi khi rat
I6m, nén transfer function duoc sir dung dé Xt 1y output nay truéc khi chuyén dén layer
tiép theo. Ham chuyén doi phi tuyén duoc s dung phd bién trong ANN Ia sigmoid
(logical activation) function.

Yr=1/(1+e7)

Két qua caa Sigmoid Function thugc khoang [0, 1] nén con goi la ham chuan hoa
(Normalized Function). Dé6i khi thay vi st dung ham chuyén d6i, tdi sir dung gia tri
ngudng (Threshold value) dé kiém soat cac output ciia cac no-ron tai mot layer nao do
truéc khi chuyén cac output nay dén cac layer tiép theo. Néu output ciia mot no-ron nao
d6 nho hon Threshold thi n6 s& khong dugc chuyén dén Layer tiép theo. Ung dung thuc
té cua mang no-ron thudng duoc st dung trong c4c bai todn nhan dang mau nhu nhén
dang chit cai quang hoc (Optical character recognition), nhan dang chit viét tay, nhan
dang tiéng ndi, nhan dang khuén mit.
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2.2 Mang neural héi quy RNN

Nhu chung tdi dd biét, y kién phan hdi dugc luu dudi dang vin ban cd thé bao
gom nhiéu tir, nhiéu cau. Do d6, dé hiéu duogc va trich xuat duoc thong tin quan diém tir
mot y kién phan hdi, tdi phai can ct trén ngir canh caa toan bo nhitng cau da duoc doc
truée d6. Pidu nay ciing d& hiéu boi thuc té con nguoi khong bit dau suy nghi tai moi
thoi diém ma phai cin ct vao nhitng gi xay ra trude d6. Gia sir, khi doc mot bai review
vé san pham, t6i s& doc tirng tir tai mdi thoi diém va hiéu tirng tir d6 dua vao su hiéu ngi
canh cua cac tir trude do. tdi khdng vt bo tri thirc ngit canh truée d6 hay lai bat dau sy
suy luan tai moi thoi diém ma su hiéu vin ban phai duoc duy tri nhat quén.

Cac mang ANN khéng thé 1am duoc diéu nay vi ban chat n6 khéng md phong
khia canh thoi gian. Gia sir ban muén phan loai su kién nao s& xay ra ¢ mot thoi diém
trong bo phim. Mang ANN kho c6 thé duoc van dung dé du doan duoc sy kién xay ra ¢
thoi diém can xét ma khong cin cit vao nhitng sy kién trudc trong phim. Mang ANN cho
cac neural thanh phan cua I6p dau vao, 16p an va lép dau ra l1a doc lap vé mat thoi gian.
Trong khi d6, tinh chét thoi gian truéc sau lai 13 dic trung ctia ngdbn ngir van ban hay xu
ly ngdn ngtr tu nhién.

® ® ® ® ©

A
L»A = Ar— At— AlL—— A
A A A A A

Hinh 2.4 M& hinh mgng RNN

Mang neural hoi quy RNN [9] dugc md hinh dé giai quyét van dé mod phong veé
mit thoi gian caa dit liéu chudi. Do d6, mang RNN rét phu hop cho viéc md hinh héa xi
ly ngdn ngit. Trong d6, mdi tir trong chudi dau vao s& duogc lien két véi mot bude thoi
gian cy thé. Trong thuc té, sé budc thoi gian s& bang véi d6 dai téi da cua chudi. Hinh 2.4
la md ta co ban caa mang RNN. Ham A nhan dau vao x: tai thoi diém t va dau ra 1a gia tri
vector 4n hi. Nhan thdy, ham A cho phép thong tin dwoc 1ap lai truyén tir mot bude cua
mang t6i budéc tiép theo.
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C6ng_nghé chip nhd cua anh Sam ngay_cang vugt mat cac hang cua My roi.

Hinh 2.5 Vi du vé cach xi# ly théng tin dang chudi cia RNN

Hinh 2.5 cho thay cach mé hinh RNN xir Iy mot thdng tin dang chudi theo thoi
gian. Tai ting thoi diém t, cac tir s& lan luot duge dua vao mé hinh. Tuong (ng véi moi
maoc thoi gian 1a mot thanh phan vector an ht. Hiéu mot cach md hinh hoéa, vector h; s&
go6i gon va tom tit tit ca thong tin da duoc doc trong cac budc thoi gian trude do. Trong
khi d6, xt 1a vector dong goi théng tin ciia mot tir cu thé dugc dua vao md hinh RNN tai
thoi diém t. O day, xo la vector md ta tir “Cong_nghé” dugc dwa vao mod hinh tai thoi
diém t=0, x1 la vector md ta tir “chip” duoc dua vao mo hinh tai thoi diém t=1.

Vector trang thai an hy1a mot ham cua ca tir vung hién tai va vector trang thai an &
budc trudce. Sigma la mot ham kich hoat thuong la mot ham sigmoid hoac tanh.

ht - J(WHht_l + Wth)

Hinh 2.6 Cong thic tinh vector trang thai dn tai thoi diém t

WH va WX trong cong thac hinh 2.6 13 hai ma tran trong s6. Ma tran WX dugc sir
dung dé nhan voi vector dau vao x: va ma tran trong s6 WH nhan vai vector trang thai an
vao thoi diém trude d6. WH 12 mot ma tran khong thay doi trong tat ca cac budc thoi gian
trong khi d6 WX 12 ma tran cd gia tri thay d6i khac nhau cho mdi dau vao.

Nhan thiy, gié tri cia vector an tai thoi diém t bi anh huong boi gia tri caa vector
Xt tai thoi diém hién tai va gié tri cua vector an hes cua trang thai t-1 trude do. Vay gia tri
he & thay d6i nhu thé ndo néu hai ma tran WH va WX ¢6 gia tri Ién hoic nho. Gia sir WH
c6 gié tri 16n va WX ¢6 gia tri nho suy ra gia tri cua he s& bi anh huéng nhiéu hon béi heg
ma khéng may bi anh hudng boi x: . N6i mot cach khac, vector trang thai an h; thy rang
tir x¢ duoc dua vao thoi diém t khdng co gia tri hay khéng quan trong ddi véi toan bo ngir
canh tong thé cua cau cho tgi thoi diém t. Do do, he & ¢0 gid tri Xap Xi S0 Voi he.
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WWH ~
- 0.09

Softmax 091

Function

X
W=,

Cong _nghé

Xl

X t+1

Hinh 2.7 M6 hinh trich xudt quan diém co ban sir dung RNN va softmax

Ma tran trong sé6 W dugc cap nhat théng qua qué trinh ti uvu héa ham 15i tai bude
lan truyén nguoc. Vector trang thai an tai budc cudi cing duoc dwa vao ham phén loai.
Budc nay thuong dugc dit tén 1 full connection, Trong do, vector trang thai an ¢ budc
cudi thuong dwoc nhan véi ma mot ma tran trong s6 va dua vao ham softmax dé dua ra
twong (Ng C4c gia tri cua 16p phan loai. Thong thudng d6i Vi bai toan trich xuat théng
tin quan diém thi t6i s& xac dinh gia tri dau ra ciia ham softmax cho hai phan 16p tich cuc
va tiéu cuc.

_exp(x)
> exp(z)

Hinh 2.8 Ham softmax

Vi=12,...,C

Ham softmax thuong duoc sir dung tinh xac suat thuoc phan 16p i trong bai toan
phan loai. C 1a sé 16p dugc phan loai. Ham softmax c6 uu diém la cac xé&c suat ai déu
duong va c6 tong bang 1.

2.3 Van @@ lru trir thong tin ngir canh phu thudc 1au dai.

Xét mot cau hoi sau: “ S6 thir nhat bang 3. Pam may dang bay trén bau troi. S6
thi hai bang 4. Tong caa hai s6 bang may?”. G muc d6 luu trit thdng tin cao, mang RNN
c6 thé luu trir toan bd cac thdng tin cua 4 cau ké trén. Sau d6, RNN xac dinh ngir canh
cau hoi ciling nhu gi tri cua sé thir nhat va sé tha hai. tdi thay rang cau “Pam may dang
bay trén bau troi” khong co gia tri trong ngit canh nay. Hay néi cach khac 1a 1am nhiéu
két qua cua cu tra 1i. Dé tra 1oi cau hoi trén, bat buoc mang RNN phai luu trir toan bo
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cac tir vao trong bo nhg. Trong pham vi 4 cau cho téi 10 cau c6 thé kha thi, nhung néu
doan vin dai va thong tin quan trong dugc xuit hién roi rac, ngian cach bai nhiéu cau
nhiéu thi cach luu trir cia RNN tro nén ning né va khong hop 1y. Day chinh 13 van dé luu
trir thdng tin phu thuoc lau dai.

Trén Iy thuyét, mang RNN c6 thé phét sinh b nhé da dé xir Iy van dé luu trix phu
thudc dai. Tuy nhién, trong thuc té thi khong phai vay. Van dé nay da duogc Hochreiter
(1991) dua ra nhu thach thac cia mang RNN. Va mang Long short-term memory
(LSTM) duoc phét biéu ndm 1997 da giai quyét duoc van dé nay.

2.4. Mang Long short-term memory

Long short term memory 1a cai tién cia mang RNN nham giai quyét van dé hoc,
I trix théng tin ngir canh phu thudc dai. toi cling xem xét cach LSTM [9] cai tién hon so
véi mang RNN. Trong mé hinh RNN, tai thoi diém t thi gia tri caa vector an ht chi duoc
tinh bang mot ham tanh

& ® &)

Hinh 2.9 Module xz ly tinh h; cza RNN

LSTM ciing c6 cau tric mat xich twong tw, nhung cac module 13p ¢6 cau tric khac
han. Thay vi chi c6 mot layer neural network, thi LSTM c¢6 t6i bén layer, twong tac voi
nhau theo mét cau tric cu thé. Christopher Olah [10] d4 c6 cach giai thich rat cu thé vé
cach hoat @ong cua RNN.
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Hinh 2.10 Module Igp cia mang LSTM

u—(x/i

Cac ky hiéu str dung trong mang LSTM gém c6: hinh chit nhat I céc 16p an caa
mang no-ron, hinh tron biéu dién toan tir Pointwise, duong ké gop lai vai nhau biéu thi
phép néi cac toan hang, va duong ré nhanh biéu thi cho su sao chép tir vi tri nay sang vi
tri khac. Md hinh thiét ké cuia LSTM la mot bang mach sb, gdom cac mach logic va cac
phép toan logic trén d6. Thong tin, hay néi khac hon 1a tan sé cua dong dién di chuyén
trong mach sé& dugc Iuu trit, lan truyén theo cach thiét ké bang mach.

Mau chét cia LSTM 1a cell state (trang thai nhg), duong ké ngang chay doc & trén
cung cua hinh 2.11. Cell state gibng nhu bang chuyén, chay xuyén thing toan bo mac
xich, chi mét vai trong tac nho tuyén tinh (minor linear interaction) duoc thyc hién. Biéu
nay gidp cho thong tin it bi thay doi xuyén sudt qua trinh lan truyén.

F I e,
(X O, >

Hinh 2.11 Cell state ciia LSTM giong nhwr mét bang chuyén
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LSTM cé kha nang thém hoac bét thong tin vao cell state, dugce quy dinh mot cach
can than boi céc ciu tric goi 1a cdng (gate). Cac céng nay 1a mot cach (tuy chon) dé dinh
nghia thong tin bang qua. Chung duwoc tao boi ham sigmoid va mét toan tir nhan

pointwise.

Hinh 2.12 Céng trang thai LSTM

Ham kich hoat Sigmoid c6 gia tri tr 0 — 1, mé ta d6 lon thong tin dugc phép
truyén qua tai mdi 16p mang. Néu t6i thu duoc zero diéu nay c6 nghia 1 “khong cho bat
Ky cai gi di qua”, nguoc lai néu thu duoc gié tri 12 mot thi ¢6 nghia 1a “cho phép moi thir
di qua”. Mot LSTM c6 ba cong nhu vay dé bao vé va diéu khién cell state.

Qua trinh hoat dong cia LSTM duogc thong qua cac budc co ban sau. Budc dau
tién cia md hinh LSTM la quyét dinh xem thdng tin nao ching tdi can loai bo khoi cell
state. Tién trinh nay duoc thuc hién théng qua mot sigmoid layer goi 1a “forget gate
layer” — cong chan. Pau vao la he—1 va x¢ , dau ra 1a mot gia tri nam trong khoang [0, 1]
cho cell state Cr-1. 1 twong duong véi “gilr lai thong tin”, 0 twong duong voi “loai bo
thong tin”.

fr=0(Ws-[ht—1,2¢] + by)

Hinh 2.13 Céng chan fi
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Budc tiép theo, can quyét dinh thdng tin nao can dugc luu lai tai cell state. t6i co
hai phan 13 single sigmoid layer dwoc goi 1a “input gate layer”- cong vao quyét dinh cac
gia tri ching tdi s& cap nhat. Tiép theo, mot tanh layer tao ra mot vector ¢ng vién méi Ct
duoc thém vao trong cell state.

it = 0 (Wi-lhi—1, x| + b;)
(:-ﬂ'." :lEl-Illl(”t.("[J‘.!‘r_lﬂl_'r] + b{}

Hinh 2.14 Céng vao itva tanh ¢7

O budc tiép theo, s& két hop hai thanh phan nay lai dé cap nhat vao cell state. Luc
cap nhat vao cell state cii, C¢-1, vao cell state méi C; . t0i s& dua state cii ham f , dé quén
di nhitng gi trude d6. Sau do, t6i s& thém i = Ct . Pay la gia tri ang vién mai, co gian
(scale) so luwong gia tri ma tdi mudn cap nhat cho mdi state.

Ci = fi  Cy 1+?-r*‘-;wr

—_— )
BN

Hinh 2.15 Gia tr; state Cq

Cubi cuing, can quyét dinh xem théng tin output 12 gi. Output nay can dya trén cell
state, nhung s& duoc loc bét thong tin. PAu tién, &p dung single sigmoid layer dé quyét
dinh xem phan nao cua cell state chiing tdi dy dinh s& output. Sau do, toi s& day cell state
qua tanh (day gia trj vao khoang -1 va 1) va nhan véi mot “output sigmoid gate” cong ra,
dé gitr lai nhitng phan t6i muén output ra ngoai.
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‘Eﬂb 1y :{'T{‘{'“ :J‘H |.{f-'j] -+ hr;)

h; = o; * tanh (C})

hy_q

A

Hinh 2.16 Gié tri céng ra va vector trgng thai dn h

Mang LSTM theo céc cong thic ké trén ma duoc lap lai qua ting thoi diém t.
Théng tin cua cell state dugc diéu khién bai cau tric cac cong chan f, cong vao it va cong
ra ot . Trong d6 cong chan fi chinh 13 tu twong chi dao cua mang LSTM khi cho phép
diéu khién luong thong tin dau vao he.1 tir cac thoi diém trudc.
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CHUONG 3: RNN CHO BAI TOAN TRICH XUAT QUAN PIEM
3.1 Bai toan trich xuat théng tin quan diém sir dung RNN

3.2 Mt s6 phwong phap vector hoa tir

Dé hiéu cach mang neural hay cdc md hinh mang hoc sau duoc ap dung, dau tién
t6i phai hiéu cach ma dit litu dugc dua vao mo hinh. Mang neural tich chap
Convolutional Neural Network (CNN) sir dung dau vao 13 mang cac gia tri caa pixel, cac
md hinh hdi quy logistic thi dung cac dinh luong dic trung. Nhan thiy, cac dau vao cua
cac mo hinh can phai 1a cac gia tri vo hudng hodc ma tran cac gia tri vo huéng. Tuy
nhién, khi suy nghi mét qua trinh xur ly ngdn ngit tu nhién NLP thi dau vao thuong la mot
tir, mot cAu hay mot vin ban. Do do, thay vi c6 mot dau vao 13 tir, cau hay chudi thi i
can chuyén d6i ting tir trong cau thanh mot vector. Budc xu Iy ndy trong NLP goi la
vector hda dit liéu. Trong phan nay, luan vin s& néu mét sé cach vector hoa dugc sir dung
tir don gian dén nang cao.

3.2.1 Bag of Words
Mo hinh Bag of Words 1a m6 hinh thuong dung trong céc tac vu phén I6p van ban.
Thong tin s& duoc biéu dién thanh tap cac tir kém vai tan suat xuat hién ciia mdi tir nay trong
van ban. Co ban 1a thuc hién bang cach dém s6 1an xuat hién caa mdi tir trong van ban.
Vi du, véi hai cau sau:
(1) Nam thich xem phim. Lan ciing rat thich xem phim
(2) Nam con thich choi da bong
Dua trén hai cau trén thi tap tir dién duoc xay dung 1a

99 ¢

[cham,” “thiCh”, chem”’ “phim”, CCLan’), “Cﬁng , rét”’ C‘c(‘)n”, “Ch(),i”’ C‘dé_béng’)]

Dy trén tap tir dién xay dung duoc, t6i vector hoa 2 ciu ban dau duoc két qua nhu
sau:

(1)[1,2,2,2,1,1,1,0,0,0]
(2) [1,1,0,0,0,0,0,1,1,1]
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Nhan xét rang véi cach md hinh hda bang Bag of words thi sé khong quan tam dén
thr ty xuat hién cua tir ma chi quan tim dén tan suit xuit hién. Do dé, hai cau nhu “anh
yéu em” va “em yéu anh” dugc vector hda la nhu nhau.

3.2.2 TF-IDF

TF-TDF la thuat ngir viét tit caa Term Frequency — Inverse Document Frequency.
TF-IDF la trong sé ciia mot tir trong van ban thu duoc théng qua thong ké thé hien muc
d6 quan trong cua tir nay trong mot van ban. Qua nghién ciru, md hinh Bag of Words c6
dic diém la cac tir quan trong trong vin ban thudng xuat hién it. Ma noi dung vin ban lai
can trong s6 dong gop cua cac tir nay cang nhiéu trong cac thanh phan vector. Mé hinh
TF-IDF Ia mot cach dé lam noi bat cac tir chi xut hién & mot vai van ban. Bén canh d6 1a
C4c tir xuat hién cang nhiéu ¢ cac van ban thi tdi cang giam gia tri cua céc tir nay.

C4c tir hiém, quan trong thuong c6 dic diém sau:

e Xuét hién nhiéu trong mot vian ban
e Xuét hién it trong ca tap ngi liéu

SO 1an tir t xuat hién trong van ban d
TF(t,d) =

To6ng sb tir trong van ban d

Téng s6 van ban trong tip mau D

IDF(t,D) =1 T T L -
(¢, D) 08 SO van ban co6 chira tir t

TF_IDF(t,d, D) = TF(t,d) * IDF(¢t, D)

Nhan thdy ham IDF(t,D) dam bao tinh chat néu trén cua tir quan trong. Mot tir ma
xuat hién & nhiéu vian ban thi mau cia ham log 16n dan dén log tién vé 0 twong duong Vi
tir ndy kém gid tri. Va nguoc lai, sé tir sir dung trong cac vian ban cang it thi log sé tién vé
gia tri I16n hon. Sur dung phuong phap TF-IDF tdi s€ mo ta duoc vector cua tap ngir liéu
kich thuéc bang sé luong vin ban x sb lwong tir trong ngit liéu. M6 hinh TF-IDF d3 cai
tién hon mo hinh Bag of Words & goc do nhan manh dugc céc tir quan trong.
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3.2.3 Word2vec

Giéi thigu

Trong khi TF-IDF van dic trung cho kiéu md hinh dua trén Bag of Words st dung
phép dém va xac suét thi Word2vec dugc ra doi véi nhiéu cai tién dang ké. Word2vec 1a
phuong phéap biéu dién mot tir dudi dang mot phan bé quan hé véi cac tir con lai. Mai tir
duoc biéu didn bing mot vector c6 cac phan tir mang gia tri 12 phan b quan hé cua tur
nay di véi cac tir khac trong tir dién. Nam 2013, Google d khai dung du &n word2vec
cua riéng minh véi dir liéu duogc sir dung tir Google News [7] [10]. B6 dir liéu duoc coi la
dd s6 nhat cho tgi bay gio vai 100 ty tir.

WOMAN

MAN/’ /

UNCLE

AUNT

QUEEN

KING

Hinh 3.1 Phan b quan hé gizza tir trong word2vec

Vi du bai toan kinh dién King + Man — Woman = ?. Viéc nhlng cac tir trong
khong gian vector cho thy su tuong tu giita cac tir. Gia st nhu tai hinh 3.1 1a mot su
khac biét vé mat gigi tinh giita cac cap tir (“man”,”woman”), (“uncle”,”aunt”),
(“king”,”queen”)

W(*“woman”) — W(“man”) = W(“aunt”) — W(“uncle”)
W(*“woman”) — W(“man”) = W(“queen”) — W(“king”)
Tir do, két qua caa King + Man — Woman = Queen.

Pé xay dung dugc vector mo ta phan bé quan hé véi tap tir dién, ban chat md hinh
Word2vec sir dung mot mang neural don gian vai mot 16p an. Sau khi dugc huan luyén
trén toan b tap vin ban, toan bo 16p an s& cd gia tri md hinh hda quan hé cua tir trong tap
van ban dugc huan luyén ¢ mac triru teong. Trong ngit canh, tir s& duoc huan luyén viéc
st dung thuat toan Continuous Bag of Words (CBOW) va skip gram. Ban chat cua
CBOW la sir dung ngit canh dé doan tir va ban chat caa skip gram 1a dung tir dé du doan
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ngit canh. Mot trong hai cach s& dugc ap dung dé huan luyén cho mé hinh word2vec,
trong d6 cach st dung mo hinh skip gram thudng dwoc sir dung do viéc dap tng tét Voi
tap dr liéu 1on.

Khi str dung mé hinh skip gram thi dau vao 1a mot tir trong cu, thuat toan s& nhin
vao nhitng tir xung quanh né. Gia tri sé tir xung quanh no duoc xét goi 1a “window size”.
M6t window size bang 5 c6 nghia s& xét 5 tir truéc nd va 5 tir sau n6. XA4c suat dau ra s&
lien quan t&i kha ning tim thy céc tir xung quanh tir hién tai dang xét. Vi du néu toi da
huan luyén véi tir dau vao 1a “bong d4”, xac suat dau ra sé cao hon dbi vai nhitng tir “qua
bong” hay “cau thi” so voi cac tir khong lién quan nhu “dua hdu” hay “Nam Phi”. tdi s&
huan luyén mang neural nay bang cach cho xét tirng cap tir gom tir dugc xét va tir xung
quanh no. Xét cau “The quick brown fox jumps over the lazy dog” vai window size bang
2. Tir duoc bdi dam la tir dau vao.

Training
Samples

Source Text

quick|brown [fox Jjumps over the lazy dog. == (the, quick)
(the, brown)

The brown |[fox | jumps over the lazy dog. == (quick, the)
(quick, brown)
(quick, fox)

The quick-fox jumps|over the lazy dog. == (brown, the)
(brown, quick)

(brown, fox)

(brown, jumps)

The| quick brown-jumps over|the lazy dog. = (fox, quick)
(fox, brown)

(fox, jumps)

(fox, over)

Hinh 3.2 M& hinh skip-gram trong Word2vec

Mang neural s& duoc huan luyén tir s liéu théng ké so lan cap ghép xuat hién. Do
vy, mang s& nhan duoc nhiéu cap mau huan luyén (“béng da”, ”cau thu™) hon 1a (“bong
d4”, ”dwa hau”). Khi qua trinh huan luyén két thic, néu dua ra tir “bong d4” nhu dau vao
thi s& c6 mot gia tri Xac suat cao hon cho “cau thu” va “qua bong” so véi “dua hau” va
“Nam Phi”.
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Chi tiét cach thuc hién

Trudc hét, tdi phai dua tir vao mang neural mot 16p an ké trén. Dé c¢6 thé huan
luyén duoc, tir dugc vector héa dé cho vao mang. tdi cé thé xay dung kho tir dién tir tap
dir liéu van ban sau dé st dung one-hot-vector dé dién ta ting tir trong kho tir dién. Gia
st t6i ¢ tir dién gom 10.000 tir riéng biét. Vector one-hot s& gém 10.000 thanh phan dai
dién cho mai tir trong tir dién. Vector one-hot c6 dang bao gébm toan bé gié tri bang 0, chi
c6 chi s6 twong tng Vi vi tri cua tir trong tir dién c6 gia tri bang 1. Vi du tir “ants” s&
biéu dién bang vector 10.000 phan ti. gom toan sé 0, duy nhat s 1 tai vi tri twong tng
VGi tir “ants” trong tir dién [11]

Output Layer
Softmax Classifier

Hidden Layer
Linear Neurons

)

Probability that the word at a
randomly chosen, nearby
position is “abandon”

Input Vector

.. “ability”

“ "
A 1" in the position ... “able
corresponding to the
word “ants”

[e]leBleo]e]e]e[e]o]e]

(2]

)

300 neurons

10,000
positions
“zone”

) OO

10,000
neurons

Hinh 3.3 M6 hinh mgng neural 1 16p dn ciia Word2vec

Lép an gia sir gom 300 neuron, thudng khong sir dung ham activation, nhung dau
ra thi sir dung ham softmax. Pau ra s& 1a vector ciing 1a mot vector co6 do Ién 10.000 va
gia tri twong tng voi mai vi tri 1a xac suat xuat hién gan tir da chon cua tir gan vi tri do.
Kich thudc 300 neuron & 16p an 14 mot hyperparameter ciia mé hinh, né dwoc goi 1a sé
chiéu hay sé dic trung cua word2vec. Con s 300 duoc Google st dung trong md hinh
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huan luyén tir tap ngir liéu Google News [12]. Gia tri hyperparameter c6 thé dugc thay
d6i sao cho phi hop véi md hinh, dir liéu caa ngudi nghién ciu.

Hidden Layer | Word Vector
Weight Matrix Lookup Table!
300 neurons 300 features

10,000 words
10,000 words

Hinh 3.4 Ma trdn trong s¢ cua lép dn cia md hinh word2vec

Vay muc dich cudi ciing cua viéc huan luyén trén toan tap ngi liéu la tim ra ma
tran trong s tai 16p an. Nhan thdy dau vao cua mé hinh 1a 1 tir duoc biéu dién duéi dang
one-hot vector tac 14 mot vector c6 cac gia tri toan bang 0, chi c6 mét vi tri bing 1 twong
{rng véi vi tri cua tir dau vao theo thu tu tir dién. Viéc nhan vector one-hot dau vao Vi
ma tran trong sé ban chat 1 viéc tim kiém trén ma tran trong sé mot vector dic trung c6
chiéu dai bang sé chiéu bang sé chiéu cua ma tran trong sd.

17 24 1 -
23 5 7

0 0 01 0 x |4 6 13| =[10 12 19]
10 12 19
11 18 25

Hinh 3.5 Lép dn cia mé hinh hoat dong nhw mét bang tra cizu



28

Pau ra caa md hinh Word2vec 13 mot bo phan loai st dung ham softmax dé tinh
xé&c suat. Uu diém cua ham softmax 1a ludn tao gia tri xac suit duong va tong tat ca céc
xé&c suit thanh phan 1a bang 1. Gia sir tinh mdi twong quan giita tir “ants” va tir “car”, hai
tir ndy & duoc vector hda dwa vao ma tran trong sé cua I6p 4n da huan luyén. Pau ra qua
ham softmax s& c6 y nghia 1a x4c suat tir “car” xuat hién gan tir dugc chon “ants”

Output weights for “car”

softmax

Word vector for “ants”
I | X

300 features

Probability that if you

) = randomly pick a word
nearby “ants”, that it is “car”

300 features

Hinh 3.6 Méi twrong quan giira tir “ants” va tir “car”

3.3. Ap dung LSTM trong bai toan trich xuit théng tin quan diém

Bai toan trich xuat thong tin quan diém c6 dau vao la tap vin ban bao gém cac y
kién phan hoi da dugc gan nhan. S6 nhan thuong c6 sé lugng bang hai géom y kién tich
cuc va tiéu cyuc. Ngoai ra, trong mot s6 truong hop sé lwong nhan bang ba do thém loai y
kién trung tinh (trung tinh Ia phan hoi khdng mang tinh tiéu cuc hay tich cyc).

Viéc giai bai toan trich xuat thong tin quan diém s& bao gdm viéc giai quyét mot
chudi cac bai toan nho hon. Chudi cac bai toan nho hon nay duoc goi la pipeline cia mo
hinh hoc may.
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Tién xtr ly Xay dung model vector héa

(téch tir, loai ky tu nhiéu) Word2Vector
Word
Embedding

¥

Hudn luyén model RNN <:I Xay dung model RNN

Kiém tra model RNN

Hinh 3.7 Pipeline cua bai toan trich xudr théng tin quan diém sir dung RNN

Nhu t6i quan sat & hinh 3.7, pipeline khi giai quyét bai toan trich xuat théng tin
quan diém s& bao gom viéc giai quyét cac van dé sau

e Tién xt ly kho ngir liéu

e Xay dung model vector hoa Word2vec cho tap ngir liéu

e Word Embedding str dung mé hinh két qua cia Word2vec dé vector ting cau
trong tap ngir liu

e Ap dung mang RNN dé giai quyét bai toan bao gom céac budc nho: xay dung
model RNN, huan luyén model RNN, kiém tra model RNN

3.3.1 Tién xir ly kho ngik liéu

Tién xu Iy hay xt Iy so b tap van ban 1a bude dau tién phai thuc hién trong tat ca
cac md hinh xu ly ngdn ngir ty nhién. Pay la budc tuwong chirng nhu khong quan trong
nhung lai dem dén hiéu qua khong ngo cho cac md hinh hoc méy. Trong pham vi luan
van, cac budc tién xir Iy kho ngit liéu duoc thuc hién bao gom viéc tach tir, loai bo nhitng
ki tw khong hop 1€, loai bo nhirng tir vo nghia trong van ban — stop words. Qué trinh thuc
hién tach tir trong tiéng Viét s& doi hoi nhiéu cong strc hon so vai tiéng Anh. Do tir trong
tiéng Viét cd nhiéu am tiét nhu tir ghép trong khi tiéng Anh thi mdi tir ngin cach vi
nhau bang khoang tring. Bo tach tir Péng Du cua tac gia Luu Tuin Anh [3] ung dung
phuong phap pointwise vao bai toan tach tir tiéng Viét cho két qua kha tét.
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3.3.2 Xay dwng Word2vec

Xay dung md hinh word2vec tir tip ngit liéu van ban di duoc tién xir Iy. Mé hinh
Word2vec ban chit 1a viéc huan luyén mot mang ANN véi mét 16p an. Céc cap tir duoc
tach theo skip-gram va dua trén xac suit dé tinh do tuong quan gitta cac tir. M6 hinh
Word2vec trong luan vin lia chon s6 dic trung 1a 128. C6 thé kiém tra d6 twong quan giita

cé4c tir bang giam s chiéu dic trung bang thuét toan nhu PCA dé d& dang quan sat hon.
@ -

Thay ;s e
ﬂig

2
sau ® . ko
s ot
tRroc J“ m&fﬁ‘ﬂg

1€ giol vai
.th?RO .
. ‘ . ‘
wn s
10 (
@ nu

Hinh 3.8 Quan sat s fuong quan giira cac tur trong word2vec

Nhan théy rdng c4c cap tir nhu chi 6 dém “17, “2”, “3”, “4”, “10”, “mot” hay “cac”,

“nhitng” hay “thip”, “cao” dugc dit gan nhau — c6 sy trong quan véi nhau vé ¥ nghia.

3.3.3 Model LSTM

Vé6i vu diém vé luu trit phyu thudc dai, model sir dung dé huan luyén trong luan
van nay 1 model LSTM. M6 hinh ma luan vén st dung duoc md ta trong phan 2.4 cua
luan vin gom mot I6p LSTM duy nhat sau d6 1a mét 16p téng hop trung binh (full-
connection) va mot Iép hdi quy logistic. Cac tir duoc vector hda st dung mé hinh
Word2vec.
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Logistic regression

Mean pooling

he h, h,

LSTM —» LSTM|— -+ —» LSTM

X X1 Xn

Hinh 3.9 M& hinh LSTM su dung trong ludn van

Tir mot chudi dau VAo Xo, Xu,... xn Sir dung cac co ché tinh toan néu trén cua cac
cong vao, cong ra va cong chan sé tinh duoc twong (g gia tri vector trang thai an ho, hy,
...hn . Gid tri vector trang thai an tai cac thoi diém sau d6 duoc tinh trung binh trén tat ca
cac dau thoi gian dé dugc vector trang thai h. Vector h s& dai dién cho cau dang xét. Cudi
cung, vector h dugc dua vao mot 16p hdi quy dé gan nhan, phan loai cho két qua dau ra.
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CHUONG 4: KET QUA THUC NGHIEM

4.1 By ngir liu

Lun van st dung hai bo ngir liéu mét tiéng Anh va mét tiéng Viét duoc thu thap
tir danh gid cta ngudi dung. Céac két qua thir nghiém bao gom viéc turning cac hyper
parameter trong mé hinh LSTM va cudi cuing 1a so sanh két qua cia LSTM véi cac thuat
toan state-of-art str dung ca hai bo ngit liéu tiéng Viét va tiéng Anh.

4.1.1 B ngir liéu tiéng Anh (Food Reviews)

Bo ngit liéu tiéng Anh 1a bo Food Reviews lay di liéu tir Amazon [17]. Dit liéu
duoc thu thap trong 10 nim, bao gém 568.454 danh gia vé san pham do an trén trang
thwong mai dién tir Amazon. Dir liéu bao gom ca théng tin san pham, thong tin ngudi
ding, xép hang ua thich va phan dit liéu van ban ghi lai danh gia cia nguoi dung.

Dataset statistics

Mumber of reviews 568,454
Mumber of usars 256,059
Mumber of products 74258
Users with = 50 reviews 260

Median no. of words per review 56
Timespan Oict 19959 - Oct 2012

Hinh 4.1 B¢ ngir li¢u tieng Anh

Dinh dang dit liéu gém thong tin san pham (product) va théng tin danh gia
(review)

product/productId: BOO1E4KFEFGO

review/userId: A3SGXH7AUHU8GW

review/profileName: delmartian

review/helpfulness: 1/1

review/score: 5.0

review/time: 1303862400

review/summary: Good Quality Dog Food

review/text: I have bought several of the Vitality canned dog
food products and have found them all to be of good quality.
The product looks more like a stew than a processed meat and it
smells better. My Labrador is finicky and she appreciates this
product better than most.

Hinh 4.2 Binh dang di liéu b Food Reviews
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Bo dir liéu tiéng Anh dwoc cung cip dudi dang file text dung lugng sau giai nén
khoang 360MB, trong d6 mdi review c6 dinh dang nhu trén. Tai budc tién xu 1y, toi
chi quan tdm dén céc truong thdng tin sau

e Product/ productld: dinh danh san pham

e Review/ score: diém danh gia cua nguoi dung thang diém 5
e Review/summary: danh gia chung vé san pham

e Review/ text: phan hdi cia nguoi ding

Nhan thay phan dénh gia chung vé san pham thuong rat ngin (dudi 10 tir) va phuc vu
muc dich nghién ctru cua luan vin 13 st dung vu diém cia LSTM nén tam thai bo qua
thong tin ddnh gia chung vé san pham. Néu str dung cac phuwong phép danh gia khac
thi c6 thé sir dung thém théng tin danh gia chung nay.

Positive Neural Negative
Review/score 4-5 3 0-2
SO luong danh gia | 443.777 42.640 82.037

Hinh 4.3 Phan bé logi cau trong ngiz liéu tieng Anh

Déi véi bo dit lieu Food Reviews t6i str dung mot sé phuong phép tién xir 1y nhu sau

Loc théng tin can thiét

Loai bd ky tu dic biét

Loai bo tir stopword

Hinh 4.4 Tién xi# ly bg diF liéu Food Reviews
Lam mot vai khao sat ddi véi tap dir liéu nay tdi c6 mot sé thong tin nhu sau: cau
dai nhat 1a 1103 tur; trong d6 d6 dai cau gom 13 tir c6 sé lwong cau 16n nhat 1a 19166 cau.
Tinh dugc do dai cau cé mean = 35.29 va sigma = 31.76.

Ta c6 phan bé sé luong tir trong cau nhu hinh sau
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Hinh 4.5 Phan bé so cdu va dé dai cau
Nhan thay do dai cua cau tap trung phan 16n vao khoang 20 tir. S6 lwong cac cau
trén 100 tir 1a khdng nhiéu. Téng so luong tir méi dugc dung trong tap ngit liéu 1a 50.538

tir sau khi da loai bo cac stopword. Stopword la cac tir khéng co gia tri, it c6 y nghia
trong phan tich van ban.

{'his', 'because’, 'shan’, 'own’, ‘themselves', ‘doesn’, ‘our’, 'ourselves', ‘up’, 'should’,
‘under’, 'most’, 'at', 'having', ‘where', 'him’, 'below’, 'am’, ‘wouldn’, ‘itself', 'your', 'll',
‘from’, 'their’, 'ain’, 'more’, 'they’, ‘have’, ‘out’, 'nor’, ‘of’, ‘weren’, ‘down’, 'that’, 'into’, ‘as’,
'these’, 'both’, ‘only', 'than’, 'here’, 'some’, 'so’, 'herself', 'how, 's', ‘'on’, 'myself', 't', 'has’,
‘her’, 'further’, 'himself', 'again’, 'hers', 'doing’, 'before’, ‘very’', 'just’, 'd', 'between’, 'in’,
‘during’, 'yourself', 'whom', ‘which’, 'or', 've', 'what', ‘against’, 're', 'aren’, 'was', 'yours',
‘for', 'm’, 'don’, 'didn’, 'she’, 'not’, 'y', 'been’, 'its', ‘mustn’, ‘and’, ‘ours’, ‘after’, ‘them’,
'shouldn’, 'you', 'few', ‘couldn’, ‘'mightn’, 'same’, ‘haven’, 'ma’, 'be’, 'theirs', 'but’, 'such’,
‘wasn', ‘were', 'those’, 'a’, 'to’, an’, 'did’, 'too’, ‘with’, ‘about’, ‘who', 'isn’, ‘we', ‘my', ‘other’,
'needn’, 'i', 'when', 'the’, 'then’, ‘once’, ‘all’, 'will’, 'won’, 'is', 'this', 'he’, 'off’, ‘'while',
'yourselves', ‘are’, 'there’, 'it', 'had’, ‘why', 'hadn’, 'hasn’, 'through’, 'over’, ‘can’, 'until’,
‘above’, 'no’, 'being’, 'by’, 'do’, 'any’, 'if', 'each’, '0', 'now’, 'me’, 'does'}

Hinh 4.6 Mt sé stopword trong tiéng Anh
Sau khi loai bo stopword, t6i cd thé tién hanh build Word2vec cho tap ngir liéu. O day
t6i str dung thuat toan skip-gram. Mot tham sb dang quan tdm khac 1a sé dic trung cua 1 ti.

Vi du t6i chon num_feature = 100. Tir love duoc biéu dién bang 1 vector 1x100.
Thur kiém tra sy twong quan cua mot so tir vyng
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print(w2v.wv.most_similar(**love'*,topn=10))
[(‘awesome', 0.7321419715881348),
(‘adore', 0.7253466844558716),
(‘great’, 0.7180365324020386),
(‘cruncha’, 0.7085840702056885),
(‘enjoy', 0.7057753801345825),
(‘wonderful', 0.7021138668060303),
(‘fantastic’, 0.701633095741272),
(‘chice’, 0.6959320306777954),
('like’, 0.6955946683883667),
('loved', 0.6900432109832764)]

print(w2v.wv.most_similar(**bad",topn=10))
[(terrible’, 0.7505322694778442),
(‘whang', 0.7224236726760864),
(‘goog’, 0.721787691116333),
(‘purhaps', 0.7203595638275146),
(‘worse', 0.7183746099472046),
(‘'unspeakably’, 0.7172457575798035),
(‘awful', 0.7153866291046143),
(‘privious', 0.7141600251197815),
(‘persay’, 0.7054546475410461),
(‘'robutussin’, 0.7046265602111816)]

print(w2v.wv.most_similar(*'buy"*,topn=10))
[(‘buying’, 0.8258473873138428),
(‘purchase’, 0.807976484298706),
(‘'recomened’, 0.7435208559036255),
(‘stoe', 0.7422757744789124),

(‘'sell', 0.7328139543533325),

(‘orer', 0.7265053987503052),
(‘woow', 0.7204826474189758),
(‘purchasing’, 0.7186599969863892),
(‘wfs', 0.7183821201324463),
(‘betwween’, 0.7177314758300781)]

Hinh 4.7 Kiém nghiém su tirong quan ciia mét sé tir trong word2vec bg tieng Anh

Nhan thay bo word2vec cho két qua kha tét khi tdi lay vi du 10 phan twong quan
déng nghia nhat véi nd. Vi du tir love véi céc tur like, adore, enjoy, wonderful ; tir bad voi
cac tu terrible, worse, awful; tir buy véi céc tir purchase, buying, sell. Tham sb kiéu float
bén canh cac tir thé hién sy trong quan vai tir géc. Word2vec 1a mot trong nhitng cach
thuc hién word embedding tét cho xir Iy ngdn ngit tu nhién.



36

4.1.2 B ngir liéu tiéng Viét

Bo ngit liéu tiéng Viét gdm 5.100 nhan xét vé& san pham tin hoc bao gom 1.700
nhan cua tich cuc, tiéu cuc va trung tinh mdi loai. Tap test bao gdm 1.050 nhan xét trong
d6 gdm 350 nhan xét mdi loai. Cau dai nhat 1a c6 2.716 tir va cau ngan nhat ¢ 1 tu.
Trung binh s tir trén cau 12 28,4 tu.

Tich cuc Trung tinh Tiéu cuc

1.700 1.700 1.700

1600 A

1400 -

1200 A

1000 -

800

6 cau

600

400

200

10 20 30 40 50 &0 70 80 90100110120130140150160L7 018019 00
pé dai cha cau

Hinh 4.8 Phan bé dg dai cua tdp mau tieng Viét



37

Mét s6 vi du trong tap ngit liéu

Minh dang dung vai winl0, chudt di muot ma, khéng lag giat gi ban a.

Pang dung con VX nano tir 2009 dén gid chua hong

That khong thé tin noi, dung luong SSD hién tai da 1én dén 16 TB

Tbc do ghi nhanh qua. Cac phan cing khac phai ¢& khing dé xtmg déi véi raid 0.©

Minh dén bay gio van gitt mot em PS1 va van chay tét

Cau hinh tot, dep, tién

Hinh 4.9 Vi du vé ddnh gid tich cuc trong bé ngit liéu tiéng Viét

Tuong tu nhu b dit lidu tiéng Anh tdi ciing co cac budc tién xu ly dir liéu nhu xir

ly encoding, xir ly parser cho tr, loai bo ky tu dac biét, loai bo tir stopword.

bi cw g nhw
b&i cla khi nhung
ca cung khong nhitng
cac cling la noi
cai da lai nira
can dang lén phai
cang day luc gua
chi dé ma ra
chiéc dén_nodi moi rang
cho deéu mot_cach rang
chu diéu nay rat
chua do nén rat
chuyén dé néu roi

co duoc ngay sau
cé_thé dudi nhiéu 58

Hinh 4.10 M4t s6 stopword trong tiéng Viét
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4.2 Cai dat va thir nghiém
Céac thtr nghiém dugc cai dat s dung ngdn ngt python [16] trén moi trudng
python 3.6. Mot s thu vién caa python st dung trong thuc nghiém gom:

Thu vién

Numpy Thu vién xu ly mang, ma tran thuc hién cac phép tinh nhu nhan ma
tran, tinh ma tran chuyén vi ...

Re Thu vién vé biéu thirc chinh quy Regular Expression

Pandas boc dix liéu lon

Sklearn Thu vién hd tro cai dit cac thuat toan co ban nhu SVM, ANN

Gensim Thu vién ho tro cai dat md hinh Word2vec

TensorFlow Thu vién rat manh cho hoc may hd tro cai dat md hinh, huan luyén va
kiém thtr md hinh

Matplotlib Thu vién vé& cac loai d6 thi va hinh

4.2.1 Buéc tién xir ly

Tién xu 1y 1a budc quan trong khdng kém so véi cac budc xay dung mé hinh toan.
Theo Andrew Ng [8] tién xtr ly tbt mang lai két qua tt khdng ngd cho toan mé hinh. Tai
budc tién xu ly, tdi chu yéu thuc hién viéc loai bé nhitng ky tw HTML, nhitng ky tu
khong phai la chit cai. Ham loai bo céc ky ty nhidu dau vao la mot phan hoi khach hang
va dau ra la phan hoi da dugc lam min. Ma python cia ham loai bo ky tu nhiéu c6 dang:

def clean_sentence(sentence):
# Remove HTML
review_text = BeautifulSoup(sentence).text

# Remove non-letters
letters_only = re.sub("[*a-zA-Z]", " ", review_text)
return letters_only

Tiép do, t6i thyuc hién loai bo nhiing tir stopword trong phan hoi

def review_to_words(review):
Function to convert a raw review to a string of words
‘param review
-return: meaningful _words
# 1. Convert to lower case, split into individual words
words = review.lower().split()
#
# 2. In Python, searching a set is much faster than searching
# alist, so convert the stop words to a set
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stops = set(stopwords.words("english™))

#

# 3. Remove stop words

meaningful_words = [w for w in words if not w in stops]

#

# 4. Join the words back into one string separated by space,
# and return the result.

return " "'.join(meaningful _words)

Déi voi bo ngir lidu tiéng Viét can thém budc tach tir, ¢ day c6 thé dung mét sb
cdng cu tach tir ¢ san nhu Pong Du [3] cua tac gia Luu Tuan Anh.

4.2.2 Xay dwng model Word2vec

Tir mang cac phan hoi da duoc tién xu Iy, thuc hién xay dung moé hinh Word2vec.
M6 hinh Word2vec xay dung mot tir dién céc tir va gia tri anh xa vector cho tir 6.

Khi dua mot cau vao, dua trén gia tri window téi sé tach dugc cac cap tir mé ta su
Xuat hién cua tir hién tai véi tir xung quanh. Gia sir ddi véi cau “Em thay thiét ké cua
sony van dep hon”, hinh dudi day mé ta viéc lay cac cap tir dé dua vao huan luyén khi tir
hién tai 1a “thiét ké”.
Window =2

Em thay thiét_ké cla sony van dep hon

T hién tai

Dt liéu thu duoc
(thi€t_ke€ , Em), (thi€t_ké , thay ), (thiét_ke& , cia ), (thi€t_ké , sony )

Hinh 4.11 Céch ldy cap tir dira vao hudn luyén Word2vec

Ban chat huan luyén Word2vec s& dya vao tan suat xuat hién cua céc cap tir dé du
doan tir tiép theo trong cAu. Tir do, tinh toan toi wu ham mat mat va cap nhat cac tham s
feature cua tur. Xay dung model word2vec sir dung thu vién Gensim nhu sau.

from gensim.models import Word2vec
model = Word2vec(doc, size=100, window=10, min_count=3, workers=4, sg=1);
model.save("food.w2v")

e min_count: gia tri ngudng cua tir. Nhitng tir ¢ tan suat xuat hién 16n hon
min_count méi dugc dua vao moé hinh word2vec




40

e Window: gia tri cta cira so tir. Tai vi tri hién tai cua tir dang xét s& ghi nhan gia tri
window tir dimg trude va ding sau tir hién tai.

e Size: s6 luong feature mong mudn

e Sg: sir dung thuat toan CBOW hoic skip-model dé huan luyén

Két qua 1a mdi tir dugce biéu dién dudi dang vector 100x1. Vi du tir good

w2v.wv['good’]
array([-0.21943139, -0.33590445, -0.0489771 , -0.14578219, -0.17717394,

0.04256329, 0.02610714, -0.03540136, -0.10647894, -0.10235822,
0.19485623, -0.35626093, -0.00579968, -0.19745331, 0.01853223,
0.08233038, -0.06455436, 0.04178619, -0.25828445, -0.00862685,
0.31168512, 0.00802558, 0.24427734, -0.33647063, 0.00961189,
0.0858779, 0.07523053, 0.18785904, -0.15984604, 0.04393168,
0.30591741, -0.04175724, -0.30127776, 0.18953446, 0.1991684 ,
0.13903525, 0.02654658, 0.00877954, 0.05743998, -0.15498054,
0.24042086, -0.14992148, 0.15259801, -0.01032948, -0.35611239,
-0.15097243, 0.05192766, 0.09714656, 0.0888728 , -0.26703352,
-0.12232982, 0.09373455, 0.09741747, -0.25320995, -0.03402151,
-0.02187909, 0.04218853, 0.03189047, 0.14396758, 0.05118875,
-0.3612909, 0.12412404, -0.39866322, 0.14960717, -0.12257327,
0.1179563, 0.11216327, 0.07519023, 0.11648606, 0.18818906,
0.28355086, 0.02805633, 0.06429619, -0.12048437, 0.01799544,
-0.31031793, -0.10182056, 0.31299064, -0.09184895, 0.01041629,
0.18477698, -0.04363374, 0.37875053, 0.22910933, 0.27517578,
-0.25513521, -0.06690233, -0.07902425, 0.05865611, -0.04321217,
-0.03790821, -0.0811172 , -0.03884944, -0.05603766, 0.35733798,
-0.39968881, -0.09622443, -0.08815863, -0.20409873, -0.0056514 ], dtype=Ffloat32)

4.2.3 Word Embedding

Word Embedding 13 qua trinh dwa céc tir trong cau vé dang dé mé hinh toan cé thé
hiéu duoc. Cu thé 1 tir dang text, cac tir s& duoc chuyén vé dang vector dic trung dé dua
vao md hinh LSTM. Trudc khi dua vé dang vector cac cau can duoc chuan hoa vé do dai.
Chon max_seq len 1a do dai caa cau, khi d6 tat ca cac cau trong tap huan luyén déu duoc
cit hodc ndi dé c6 do dai max_seq_len.

Khi mot cau duoc dua vao, trude tién né s& duoc embedding theo sb index twong

&tng cua nd trong tir dién. Sau do, dua trén tir dién va két qua word2vec thu duoc toi
embedding toan bo cau dudi dang ma tran nhu hinh dudi day.
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P3Eu vao

Em thdy thiét k& cta Sony vin dep hon

Vector Index v&i max_seq_len phan ti
[41 50 16 70 1250 1752 1752 1956 513000 ... 0]

Embedding Matrix

20.000 tur

100 features

Piaura
Cau da duogc embedding

—_—

~— max_seq_len

100 features

Hinh 4.12 Qué trinh word embedding cua 1 cau
Tuong tng nhan cua cau cling dugc embedding theo bang sau

Tich cuc [1,0,0]
Trung tinh [0,1,0]
Tiéu cuc [0,0,1]

4.2.4 Huan luyén mé hinh LSTM

Huan luyén md hinh tdi s& dua vao mé hinh batch_size sé cau trong mot luot huan
luyén. Cach dua vao batch size chir khong dua toan b6 md hinh dua trén tu tudng cua
thuat toan Mini-batch Gradient Decent. Thuat toan s& lay ngau nhién va khéng lap lai
batch_size bo dir liéu tir tap huan luyén. M6 ta qué trinh word embedding véi batch_size

cau nhu sau.
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P3iu vao

Em thay thiét ké ca Sony van dep hon

Téi thich hang dot ndy cta sam B e

Dung binh thuong, gia rat chat

Vector Index v&i max_seq_len phan tir

[[41 50 16 70 1250 1752 1752 1956 513000 ... 0] Piura
[421 65 150 254 2541 547 175200000 ... O] Batch_size ciu dd dvoc embedding

[7845 459 412 458 435451 000 ... 0]]

Max_seq_len

Embedding Matrix

Batch_size

100 features
20.000 tir

100 features
Hinh 4.13 Pua batch_size cdu vao md hinh hudn luyén

Bai toan hoc c6 giam sat nay dit liéu va nhan duoc dua vé dang nhu sau.

Max_seq_len

Batch_size

S6 feature

DU LIEU NHAN

Hinh 4.14 Dz liéu va nhan sau khi word embedding

Pé xay dung mé hinh LSTM tdi st dung thu vién TensorFlow [18], mot ma nguon
mé rat manh trong hoc may hién dang dugc nhiéu hang 16n nhu Google sir dung trong
cac san pham thwong mai. Trudc tién, tdi can tao TensorFlow graph. Bé xay dung
TensorFlow graph, t6i dinh nghia mot s6 siéu tham sé (hyperparameter) nhu batch_size,
s6 lugng LSTM units, sb lugng vong lap khi train.

| vocab_size = 20000
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batch_size = 512
Istm_units = 64
iterations = 100000

Péi véi TensorFlow graph, toi dinh nghia 2 placeholders dir lidu va nhan dua trén
s6 chiéu cua ma tran twong uang.

import TensorFlow as tf
tf.reset_default_graph()

labels = tf.placeholder(tf.float32, [batch_size, numClasses])

input_data = tf.placeholder(tf.int32, [batch_size, max_seq_len])

data = tf.Variable(tf.zeros([batch_size, max_seq_len, num_feature]),dtype=tf.float32)
data = tf.nn.embedding_lookup(wordVectors,input data)

Str dung ham embedding_lookup cho viéc embedding batch_size cau dau vao. Sé
chiéu cua data s& 1a (batch_size x max_seq_len x num_feature). tdi dua data vao mé hinh
LSTM bang viéc sir dung ham tf.nn.rnn_cell.BasicLSTMCell. Him BasicLSTMCell dau
vao 1a 1 siéu tham sb Istm_units 1a s lwong units trong layer caa LSTM. Tham sé nay
phai duoc tinh chinh phl hop dbi voi mdi tap dir lieu dé dat két qua tét nhat. Ngoai ra,
khi huan luyén mé hinh mang neural, t6i nén dropout bat cac tham sé dé tranh md hinh bj
overfitting.

IstmCell = tf.contrib.rnn.BasicLSTMCell(Istm_units)
IstmCell = tf.contrib.rn.DropoutWrapper(cell=IstmCell, output_keep prob=0.75)
value, = tf.nn.dynamic_rnn(lstmCell, data, dtype=tf.float32)

Viéc md hinh hdéa LSTM tdi ¢6 nhiéu cach dé xay dung. tdi c6 thé xép chong
nhiéu 16p LSTM 1én nhau, khi d6 vector an cudi cing cua I6p LSTM thir nhat sé& 1a dau
vao caa lép LSTM thir 2. Viéc xép chong nhiéu I6p LSTM 1én nhau dugc coi 1a cach rat
t6t dé luu gitr phu thudc ngit canh xa 1au dai. Tuy nhién vi thé sé luong tham sé sé ting
gap s6 16p lan, ddng thoi ciing ting thoi gian huan luyén, can thém dir liéu va dé bi
overfitting. Trong khudn kho cua cac tap dir liéu thu thap duoc trong luin van, toi &
khong xép chong cac 16p LSTM vi nhitng thir nghiém véi nhiéu 16p LSTM khong hiéu
qua va gay overfitting. Dau ra cia md hinh LSTM 1a mot vector an cudi cing, vector nay
duoc thay d6i dé twong wng véi dang vector két qua dau ra bang cach nhan véi ma tran
trong so.

weight = tf.Variable(tf.truncated_normal([Istm_units, numClasses]))
bias = tf.Variable(tf.constant(0.1, shape=[numClasses]))

value = tf.transpose(value, [1, 0, 2])

last = tf.gather(value, int(value.get_shape()[0]) - 1)

prediction = (tf.matmul(last, weight) + bias)
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Tinh toan d¢ chinh xé4c (accuracy) dua trén két qua du doan ciia mé hinh va nhan.
Két qua du doan mé hinh cang gidng véi két qua nhan thyuc té thi mé hinh cang c6 do
chinh xac cao.

correctPred = tf.equal(tf.argmax(prediction,1), tf.argmax(labels,1))
accuracy = tf.reduce_mean(tf.cast(correctPred, tf.float32))

Két qua du doan ctia md hinh khéng phai luén lubn giéng nhin, d6 goi la 16i. Pé
huan luyén mé hinh tdi can tdi thiéu hoa gid tri 16i nay. Dinh nghia mot ham tinh 15i cross
entropy va mét layer softmax st dung thuat toan téi wu Adam véi learning_rate duoc lua
chon nhu mot siéu tham sb.

loss = tf.reduce_mean(tf.nn.softmax_cross_entropy with_logits(logits=prediction,
labels=labels))
optimizer = tf.train.AdamOptimizer(learning_rate=0.0001).minimize(loss)

Luu trit d6 chinh xac va gia tri ham 16i qua tirng vong lap khi huan luyén sira dung
tensorboard.

sess = tf.InteractiveSession()

saver = tf.train.Saver()
tf.summary.scalar('Loss’, 10ss)
tf.summary.scalar('Accuracy’, accuracy)

logdir = "tensorboard/" +"dict="+str(vocab_size) + " maxSeq=" + str(maxSeqLength) +
" batch=" + str(batchSize) + " _dimens=" + str(hnumDimensions) + "/"

writer = tf.summary.FileWriter(logdir, sess.graph)

merged = tf.summary.merge_all()

Thuc hién cac thir nghiém véi md hinh LSTM ¢6 rat nhiéu loai tham sé can
turning thay d6i d6i voi mdi tap di liéu. Vi du nhu Iya chon gié tri learning_rate, lra
chon ham téi wu, s6 luong units LSTM, kich thudc tir dién, s6 luong dic trung cua tir, 6
vong lap thuc hién huan luyén LSTM ... Dua trén rat nhiéu thir nghiém, t6i sé rat ra dugc
mot s6 tham sb anh huéng nhiéu hay it dén két qua thuc hién huan luyén. T do, tdi co
thé rat ra duoc nhiéu két luan bo ich caa thuc nghiém.

4.2.5 Cai dit mot s6 phwong phap hoc c6 giam sat kinh dién

Viéc cai dat mot sb thuat toan nhu SVM, KNN c¢6 vai tro so sanh két qua ddi voi
thuat toan LSTM ma t6i da xay dung. Dé cai dat cac thuat toan nay, toi co thé sir dung
thu vién sklearn [20] rat d& dang sau khi dit liéu da duoc word embedding.
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4.3 Két qua trich xuat thong tin quan diém
4.3.1 Mot so thir nghiém va két qua trén bd ngir liéu tiéng Anh

Viéc huan luyén md hinh LSTM cho két qua dau ra phu thudc vao nhiéu yéu tb
nhu cac siéu tham sb. Khi thay d6i cac tham sé dé tdi vu cho mé hinh, toi s& phai lam rat
nhiéu c4c tha nghiém. Dé danh gia dugc mot hay vai tham sé ¢o ¥ nghia hon so véi cac
tham sé khac t6i s& thuc hién tinh chinh va cin cit vao duong hoc (Learning Curve) dé
danh gia. Nhitng thir nghiém trong luan vin, t6i da Iya chon nhirng tham sé c6 ¥ nghia vé
mat ngdn ngir dé danh gia. Chi tiét tdi chia bo dir liéu tiéng Anh l1am 2 tap train va test
theo ti 1€ 60/40 va thuc hién cac thir nghiém nhu sau.
Thir nghiém 1: Gitr s6 luong tir veng bang 20000 (vocab_size = 20000)

S6 lwong tir cia tap ngir licu duoc tinh toan & trén 1a 50.538, tuy nhién t6i thir
chon 20.000 tir duoc sir dung nhiéu nhat dé 1am tir dién. Thay d6i do dai cho phép cua
cau dau vao (max_seq_len). Max_seq_len c6 tac dung truncate chudi cac cau dau vao
thanh cau c6 d6 dai 1a max_seq_len, trong d6 nhiing cau c6 do dai nhé hon duoc dién tiép
1 56 ky tu dic biét va cau c6 do dai Ion hon thi dwoc cat di chi con d6 dai max_seq_len

Max_seq_len P§ chinh xac (Train) Do chinh x4c (Test)
25 84.23 % 75.57 %
50 85.12 % 82.76 %
80 82.11 % 80.82 %
110 81.31 % 78.23 %
140 77.57 % 79.85 %

Vocab_size = 20000

86

84 — \
Se 82

g 80

X

< 78

c

57
8 74
72
70

20 50 80 110 140
Max_seq_len

Test =—@=Train

Hinh 4.15 Két qua thir nghiém véi s6 heong tir vaeng 20.000
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Nhan xét, s luong tir vung khong ddi thi max_seq_len cho két qua tét nhat véi do
dai bang 50 tir. V&i s6 tir bang 50 twong (ng vai trén 80% cau trong tap mau do d6 toi
thy gia tri nay dai dién kha tdt cho d6 dai cua cAu.

Thir nghiém 2: Giir ¢ dai tir mdi cau la 50 tur

Giit max_seq len = 50, thay doi d6 16n cua tir dién. Thay ddi d6 16n cua tir dién
anh huong kha 16n dén két qua boi néu sé lugng tir nho s& c6 qua nhiéu tir trong tap mau
s& khdng c6 trong tir dién; néu sé luong I1on thi sé lwgng tir dwoc nhan ra s& nhiéu khi sir

dung word2vec véi sb luong dic trung 16n (khoang 300) thi d6 phic tap tinh toan sé tang
1én rat nhiéu.

95

-=-=- Test
a0 === Train

8s4 _ammmmmmmmmsss—————=
80 - - =

75 4 4

70 4

P chinh xac (%)

65

60

35 A

50

T T T T T T
0 5000 10000 15000 20000 25000 30000
D6 lén tur dién (vocab_size)

Hinh 4.16 Thi nghiém véi dg dai cau bang 50 tir



47

Thir nghiém 3: So sanh véi mot s6 phwong phép khéac

Céc phuong phap duoc so sanh gdm KNN, SVM, Gaussian, ANN. Két qua cho
thay sir dung LSTM cho két qua kha kha quan.

Thuét toan P§ chinh xac
Train Test
Nearest Neighbors accuracy 74.63% 78.32%
Linear SVM accuracy 79.55% 81.82%
Gaussian Process accuracy 79.52% 79.68%
Neural Net accuracy 79.52% 79.12%

Hinh 4.17 Két qud trén bé ngir liéu tiéng Anh

4.3.2 Mt sb thir nghiém va két qua trén bd ngir liéu tiéng Viét

Thuat toan Do chinh xac
Train Test
Nearest Neighbors accuracy 55.7% 38.5%
Linear SVM accuracy 56.9% 40.5%
Gaussian Process accuracy 62.3% 42.9%
Neural Net accuracy 73.3% 41.3%

Hinh 4.18 Két qua trén bé ngir liéu tieng Viét

Bo6 ngit liéu tiéng Viét hién tai c6 sé luong cau con it, ngoai ra c6 rat nhiéu tir bj viét
tat, viét sai theo cac cach khac nhau. Vi du nhu dé chi “khong” — tap di lidu c6 cac tir
“ko”,’k”,”khog”. Khi 4p dung nhitng thuat toan nhu word2vec dé tinh toan word
embedding thudng cho sb lugng tham s6 16n dé gay hién twong overfitting.

Két qua tot nhat hién ghi nhan str dung vocab_size = 2000, max_seq_len = 20, sd
feature ciia word2vec bang 50, tuy nhién van bi overfitting.



48

Accuracy

0,950
0,900
0,850
0,600
0750
0700
0650
0,600
0550
0500

0450

0.000 1.000k 2.000k 3.000k 4.000k 5.000k 6.000k 7.000k 8.000k 9.000k 10.00k

rl =
Ll =

Hinh 4.19 ¢ chinh xac trong qua trinh train bg di lidu tiéng Viét véi LSTM

Loss
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Hinh 4.20 Ham chi phi trong qué trinh train bé di lidu tiéng Viét véi LSTM
4.4 Nhan xét
Két qua trén bo ngir lidu tiéng Anh 1a kha tét, két qua khi st dung model LSTM

cho két qua tot hon so véi cac thuat toan SVM, KNN, Gaussian hay ANN. Trong tap di
liéu tiéng Anh da chon mot s6 tham sé nhu sau

e Sb feature of vector = 128

e Dropout=0.8

e Activation = ‘softmax’

e Optimizer = ‘adam’

e Learning_rate =0.001



49

Két qua bo ngir liéu tiéng Viét bi overfitting. Hién tuong nay xay ra khi do chinh
X4c trén tap train tot nhung do chinh xac trén tap test lai rat thap. Nguyén nhan duoc xéac
dinh 1a do bo ngit liéu tiéng Viét c6 sb lwong mau it, khi train trong mang neural c6 nhiéu
tham sé rat khéng tét va hay dan dén overfitting. Viéc nay khéng thé cai thién ké ca khi
dropout thém. Sau khi quan st b ngit liéu tiéng Viét thi thdy c6 rat nhiéu tur 13 tén riéng
(Vi du: iphone, asus) hay viét tit (Vi du: k thay cho khong) du da loai bo stopword. Day
thue sy 1a thach thirc trong viéc thu thap dit liéu ty nhién dic biét bang tiéng Viét.
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CHUONG 5: KET LUAN

Mang neural LSTM ¢6 thé duoc st dung rong réi trong bai toan xur ly ngén ngir ty
nhién nhu sentiment analysis. Pac biét 1a ¢6 thé tan dung dugc wu diém cua viéc xir Iy
dang chudi va tha ty cac tur trong ciu. Tuy nhién, cac nghién cau LSTM cho sentiment
analysis chua tan dung dugc day du cac tai nguyén vé sentiment nhu Sentiment lexicon,
tur phu dinh hay tir chi mac do.

Véi viéc dinh nghia max_seq_len thi cach lam nay la chap nhan duoc ddi voi tap
ngit liéu ma luan vian st dung. Tap ngit liéu 1a tap phan hdi cua ngudi ding c6 s6 luong
tir khdng 16n hon 100. Do d6, c6 thé xem xét viéc lay max_seq_len s6 tir dwa vao LSTM
dé huan luyeén 1a c6 thé tong quat hoa duoc cau can xét. Tuy nhién, ddi voi tap phan hoi
c6 s6 tir 16n hon thi t6i phai xem xét viéc vector héa ma khéng lam mat mat qué nhiéu y
nghia ctia cAu do viéc chon dai dién max_seq_len khong 1a khong du dé dai dién cho cau.
Mot phuong phap thuong dugc sir dung 1a ding TF-IDF két hop véi mot thuat toan giam
s6 chiéu nhu LDA (Linear Discriminant Analysis).

LSTM la mot mé hinh k§ thuat hiéu qua trong bai toan xu ly chudi va hién dang
duoc cac nha nghién cau st dung rat nhiéu. Tuy nhién, LSTM khong phai la mot ky thuat
van niang ma ctr bai toan vé NLP 12 lai &p dung duoc. N6 cOn cin ctr vao nhiéu yéu té
nhu tap ngit liéu, dac tinh cua tap ngir liéu. Vi doi khi st dung mot thuat toan ML lai cho
két qua tét hon nhu SVM, Decision Tree hay ANN.

Nhan thay rang, nhitng nghién ctiru gan day st dung cac phuong phap hoc may va
Deep Learning gidng nhu tran song than ap dao trong NLP. Tuy nhién, nguoi lam van
nén tri trong bo sung cac kién thic vé ngdn ngit hoc va semantic. Boi ngoai viéc trong
mot vai truong hop, viéc sit dung mot vai rule 1a cach giai quyét tdi uu nhat so vai viec
train mot mo hinh ngdn ngit d6 so. Ma nho céc kién thirc vé ngdn ngit hoc, ngudi nghién
ctru ¢d thé can nhic duoc mo hinh NLP tot nhat c6 thé giai quyét bai toan cling nhu biéu
dién dau vao bang nhimg dic trung co ¥ nghia.
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