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MO DAU

Tu xa xua, con nguoi ta da st dung ngdén ngir 1a hinh thirc giao tiép trong
cudc séng hing ngay. Ngon ngir ciia con nguoi 1a mot he théng dugc xdy dung
mot cach dac trung dé chuyen taiy nghla va khong dugc tao ra bang bat ctr loai
biéu hién hinh thé nao. Dé thé hién noi dung cua minh mudn dé cap dén, ching
ta co thé sur dung tir nglt hodc d4u hiéu dé dién ta, diéu do dugc thé hién qua loi
néi, chir viét hodc cac hinh anh.

V6i sy phat minh ra may tinh dé tro gitip con ngudi trong rat nhiéu cac
hoat dong trong doi song, kinh té, chinh tri, x4 hoi, v.v. con ngudi mong mudn
bang cach nao d6 co thé day cho may tinh hiéu dugc thir ngdn ngit ciia minh dé
trong céc bai toan dé thyc hién hiéu qua nhitng nhiém vu lién quan dén ngén ngir
ciia nhu: twong tic gilta nguoi va may, cai thién hiéu qua giao tiép giira con
nguodi voil con nguodi, hodc don gian 1a nang cao hiéu qua xur ly van ban va 101
no6i. V4i nhitng yéu cau do, Xir Iy ngdn ngit Ty nhién ra doi tap trung vao cac
nghién ctru trén ngdn ngtr cua con nguoi.

D3 c6 nhiéu bai toan dugce nghién ctu trong linh vuc xt Iy ngdn ngit tu
nhién nhu: kiém tra 18i chinh ta, tim kiém tir khoa, tim tir ddng nghia, phan tich
thong tin tlr cAc trang web, tai lidu, phan tich ngit nghia, khuyén nghi, hé thong
hoi dap, phan tich quan diém ngudi dung, v.v.

Thach thirc 16n nhat trong Xir Iy ngdén ngir ty nhién 1a d6 1a 1am thé nao
may tinh c6 thé hiéu dugc ¥ nghia ciia mot tir. Khong giéng nhu con ngudi, may
tinh chi c6 thé doc duoc va ma hoa dir lidu dudi dang cac day bit. Vi thé nguoi ta
s& tim cach anh xa tir mot diy cac tir thanh cac ddy s6 ma mdy tinh ¢ thé “hiéu”
duoc. Do d6 viéc nghién ctru ma hoa tir thanh cac véc-to 1a can thiét. Mot trong
nhitng phuong phap do 1a dua tir vao mot khong gian maéi nguoi ta thuong goi la
nhung tir (embedding). Cac ma hoa don gian la one-hot [1] tirc 1a tao mot bo tur
vung (Vocabulary) cho dit li€u va ma hoa céc tir trong tai liéu (document) thanh
nhimg véc-to, néu tir d6 ¢ trong van ban thi ma hoa 1a 1 con khong co sé& 1 0.
Két qua tao ra mot ma tran thua (sparse matrix), tirc 1a ma tran ma hau hét 13 0.
M3 hoa nay c6 nhiéu nhuge diém d6 1a thir nhat 1a s6 chiéu ctia né rat 1on (NxM,
N 14 sb tai liéu con M 1a s tir vung, thur hai 1a cac tor khong c6 quan hé véi nhau.
Piéu d6 din dén nguol ta tao ra moét mo hinh mdi cd tén la nhing tu
(embedding), trong dé cac tir s& co6 quan hé voi nhau vé ngir nghia tirc 1a vi du
nhu Paris-Tokyo, nam-nit, con trai — con gai, v.v. nhitng cap tir nay s€ c6 khoang
cach gan nhau hon trong khong gian nhiing tir [2][3].

Nhiéu mé hinh nhing tir d3 dugc phat trién, ndi bat trong d6 1a Phan tich
ngir nghia an (Latent Semantic Analysis -LSA) [4] va Phan bd Dirichlet an
(Latent Dirichlet Allocation-LDA) [5]. Vé co ban, cic md hinh nay sir
dung tir trong tir dién nhu 14 dau vao va bién ching thanh nhiing véc-to trong
khong gian voi chiéu thip hon, sau d6 thay d6i trong sd, cac tham sb thong
qua hoc lan truyén nguoc (back-propagation) dé tao thanh 16p nhing.



PO AN TOT NGHIEP Trwong Pai hoc Qudn Ii va Cong nghé Hdai Phong

Word2Vec hay chuyén ddi tir thanh Vec mé hinh chuyén tir thanh véc-to
duoc phat trién va tng dung rong rii trong thoi gian gan day. Hau hét trong cac
mo hinh hoc sau hién nay nhu: CNN, RNN, LSTM, v.v.str dung dau vao 1a cac
véc-to tir va di duoc chimg minh cho két qua tét nhét trong nhiéu bai toan xir 1y
ngon ngtt ty nhién. Do dd, em da chon dé tai “M6 hinh Word2Vec va ung dung
xtr Iy cho dit liéu tiéng Viét” 1am do an t6t nghiép ctia minh trong d6 em tim hiéu
vé phuong phap véc- to hoa tir, mot s phuong phap hoc sau va tng dung cho bai
toan phan loai binh luan tiéng Viét.
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CHUONG 1 WORD2VEC

1.1. Gi6i thiéu vé Word2vec

Word2vec 14 phuong phap biéu dién mot tir dudi dang mot phan bb quan hé
voi céc tir con lai. Mdi tir duge biéu dién béng mot véc-to cO cac phén tor mang
gia tri 12 phan bd quan hé cia tir nay dbi véi cac tir khac trong tir dién. Nam
2013, Google da bt dau véi du an word2vec véi dit liéu duge sir dung tir Google
News. B0 dit liéu duogce coi 1a d6 so nhit cho t&i bay gid véi 100 ty tir [6].

\/
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Hinh 1.1. M6 hinh Word2vec
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Word2vec 13 mot mang neural 2 16p voi duy nhat 1 ting an, lay dau vao 1a
mot ngit liéu 16n va sinh ra khong gian véc-to (v6i sb chiéu khoang vai tram), véi
mdi tir duy nhat trong ngit liéu duoc gin véi mot véc-to twong tng trong khong
gian. Cac véc-to tu dugc xac dinh trong khong gian véc-to sao cho nhiing tir c6
chung ngit canh trong ngit liéu duoc dit gan nhau trong khong gian

Gia st bd tir vung cua ta chi ¢é 5 tir: Vua, Hoang hau, Pan 6ng, Phu nit va
Tré con. Ta s€ ma hoa cho tr Hoang hau nhu sau:

0 1 0 0 0
Vua Hoang hdu bPan o6ng Phunit  Tré con
Hinh 1.1.1. M4 hoéa 1-0f-N

Trong Word2Vec, mot biéu dién phan tdn cia mdt tr dugc st dung. Tao ra
mot véc-to véi kich thude vai traim chiéu. Mdi tir duoc biéu dién bai tap cac
trong sO clia timg phan tir trong né. Vi vay, thay vi su két ndi 1-1 giita mot phan
tor trong véc-to voi mot tur, biéu dién tr s& dugce dan trai trén tit ca cic thanh
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phan trong véc-to, va mdi phan tir trong véc-to gop phan dinh nghia cho nhiéu tir
khéac nhau.

Néu ta gan nhén cac kich thudc cho mot véc-to tir gia thuyét, né trong gidng
nhu hinh sau:

Vua Hoang by i niv Cong

héu chua

Hoang gia 0.99 0.99 0.02 0.98

Nam tinh 0.99 0.05 0.01 0.02

Nir tinh 0.05 0.93 0.999 0.94
Tuoi 0.7 0.6 0.5 0.1

Hinh 1.1.2. Gia thuyét vé biéu dién 1 véc-to c6 gan nhan cac kich thudc

Nhu vay mot véc-to s€ dai dién cho y nghia dugc tom tat cia mot tr. Va ta
s& thay tiép theo, don gian bang viéc kiém tra mot tip van ban 16n, né ¢ thé hoc
cac véc-to tir, ta c6 thé nam bat mbi quan hé gitra cac tir theo mot cach dang ngac
nhién. Ta ciing c6 thé st dung cac véc-to cac dau vao cho mot mang No-ron.

Mo hinh Skip-Gram la mé hinh du doan tir xung quanh dua vao mét tir cho
trude. Vi du cho mot cau: “I love you so much”. Khi ding mét cira sot tim kiém
c6 c& bang 3 ta thu duoc: {(I, you), love}, {(love, so), you}, {(you, much), so}.
Nhiém vu cua n6 1a khi cho mot tir trung tam vi du la love thi phai du doan cac
tr xung quang 1a 1, you.

Mo hinh CBOW (Continuous Bag of Word) khac voi mo hinh Skip-Gram la
dua vao ngir canh cac tir xung quanh dé doan tir & giita. Trén thyc té hai mo hinh
nay thuong duoc lua chon dé véc-to hoa tir trong van ban. M6 hinh CBOW huén
luyén nhanh hon so véi Skip-Gram nhung dd chinh xac kém hon Skip-Gram va
nguoc lai.
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Pan ba

/’ /
Dan 6ng

Chu

Co

Nir hoang

7

Vua

Hinh 1.1.3. Phan bd quan hé giita tir trong word2vec

Vi du bai toan kinh dién Vua + Pan ong — Pan ba =? Viéc nhung cac tir
trong khong gian véc-to cho thiy su twong tu gitta cac tir. Gia sir nhu tai hinh 3.1
la mot su khac biét vé mat gidi tinh gilta cac cap tir (“Dan 6ng”, “dan ba”),
(“Chﬁ,” “Cé\)”)’ (“Vua”’ G‘N& hoéng97)

W(“dan ba”) — W(“Pan 6ng”) =~ W(“C6”) — W(“Chu”)
W(“dan ba”) — W(“Pan 6ng”) =~ W(“Nir hoang”) — W(“Vua”)

Tir d6, két qua ciia Vua + Pan ong — Pan ba = Nit hoang. Dé xay dung
duoc véc-to md ta phan bd quan hé vai tap tir dién, ban chat mo hinh Word2Vec
str dung mot mang no-ron don gian véi mét 16p an. Sau khi duoc hudn luyén trén
toan bo tap van ban, toan bd 16p an sé& co gid tri md hinh hoa quan hé cua tu
trong tap van ban dugc huan luyén ¢ muc triru tuong. Trong ngit canh, tir s&
dugc huin luyén viéc st dung thuat toan CBOW va Skip-Gram, mo hinh Skip-
Gram cho két qua tot hon véi tap dir liéu 16n.

Khi str dung mo6 hinh Skip-Gram thi dau vao 1a mot tir trong cau, thuat toan
s& nhin vao nhitng tir xung quanh né. Gia trj sb tir xung quanh né duoc xét goi 1a
“window size”. Mot window size bang 5 ¢ nghia s& xét 5 tir trudc nd va 5 tlr sau
nd. Xac suat dau ra s& lién quan t6i kha nang tim thay cac tir xung quanh tir hién
tai dang xét. Vi du néu da huan luyén véi tir dau vao 1a “bong da”, xac suat dau
ra s& cao hon d6i voi nhitng tir “qua bong” hay “cau thi” so véi cac tir khong
lién quan nhu “dua hau” hay “Nam Phi”. Thuc hién huin luyén mang no-ron nay
bang cach cho xét timg cip tir gdm tir duge xét va tir xung quanh no.

Xét cau “The quick brown fox jumps over the lazy dog” véi window size
bang 2. Tir dugc boi dam 1a tir dau vao.

10
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Source Text

-quick|brown|fox Jumps over the

The fox Jumps over the

The| quick| brown - jumps| over I the

Training
Samples

lazy dog. = (the, quick)

(the, brown)

lazy dog. == (quick, the)

(quick, brown)
(quick, fox)

lazy dog. = (brown, the)

(brown, quick)
(brown, fox)
(brown, jumps)

lazy dog. = (fox, quick)

(fox, brown)
(fox, jumps)
(fox, over)

Hinh 1.1.4. M6 hinh Skip-Gram trong Word2vec

Mang no-ron s€ dugc huan luyén tir so6 li¢u thong ké s6 lan cap ghép xuat

£9% 9

hién. Do vy, mang s& nhan duoc nhiéu cip miu huan luyén (“béng da”,” cau
tht”) hon 13 (“bong da”,” dua hau”). Khi qua trinh huan luyén két thuc, néu dua
ra tor “bong da” nhu dau vao thi s& c6 mot gia tri Xac suét cao hon cho “cau thu”
va “qua bong” so v6i “dua hau” va “Nam Phi”.

1.2. Chi tiét mo hinh
INPUT ~ PROJECTION  OUTPUT

w(t-2)

w(t-1)

xsum
—_— w(t)
w(t+1) 74(
w(t+2)
cBOW

INPUT PROJECTION OUTPUT

w(t-2)

X ]

w(t-1)
w(t) —T
w B w(t+1)
w(t+2)
Skip-gram

Hinh 1.2.1. M6 hinh CBOW va SKIP-GRAM

1.2.1. M6 hinh CBOW va Skip-Grams

M6 hinh CBOW: ¥ tuéng chinh 13 dya vao cac tir xung quanh dé du doan tir
& gitta. CBOW c¢6 diém thuan loi 1a hudn luyén mo hinh nhanh hon so véi mé
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hinh Skip-Gram, thuong cho két qua tét hon voi cac tir thuong xuat hién trong
van ban [7][8].

Skip-Gram dung tir dich dé dy doan céac tir xung quanh. Skip-Gram huan
luyén cham hon. Do dac trung ciia mo hinh nén kha nang véc-to hda cho cac tur it
xuat hién t6t hon CBOW.

1.2.2. Lop lam gia

Nhiém vu 16p lam gia s€ huan luyén mang no-ron dé lam cong viéc sau.
Cho mot tr dau vao (¢ gitra mot cau), nhin vao cac tr gan d6 va chon mot tu
ngau nhién. Mang s& cho biét xac suat cho mdi tir trong tir vung 1a “tir gan” da
chon. “Gan” ¢ day phu thudc vao kich thude cua cura s6 (window size) cho thuat
toan. Kich thudc ctra s6 dién hinh c6 thé 1a 5, cd nghia 1a 5 tir phia sau va 5 tu
phia trudc (tong cong 10 tu).

Céac x4c suat dau ra s& lién quan dén kha ning né tim thay mdi tr vung gan
tor dau vao cua cau. Vi du, néu ban cho mang dugc dao tao tir dau vao “SoViet”,
xac suat dau ra s€ cao hon nhiéu véi cac tr nhu “Union” va “Russia” so véi céac
tur khong lién quan nhu “watermelon” va “kangaroo”.

Truoc tién, xay dung tur dién cua cac tu trong dit li¢u huan luyén, giad su tu
vung gom 10.000 tir khong trung 1ap. Cho “ants” 1a mot tor dau vao dugc coi nhu
mot Véc-to one-hot. Véc-to nay s& c6 10.000 thanh phan (mot cho mdi tir trong
tor dién) va dat “1” ¢ vi tri tuong Ung voi tu “ants” va 0 & tat ca cac vi tri khac.
1.2.3. Kién triic mang no-ron:

Trude hét, dua tir vao mang no-ron mot 16p an ké trén. D€ ¢ thé huan
luyén duoc, tir duoc véc-to hda dé cho vao mang. xay dung kho tir dién tur tap dir

liéu van ban sau d6 st dung one-hot-véc-to dé dién ta timg tir trong kho tir dién.
Gia st, tir dién gdm 10.000 tir, véc-to one-hot s& gom 10.000 thanh phan dai
dién cho mdi tir trong tir dién trong do toan b gia tri bang 0, chi c¢6 chi sb twong
g v6i vi tri ca tir trong tir dién c6 gia tri bang 1.
Vi du tir “ants” sé& biéu dién bang véc-to 10.000 phan tir. gdm toan s 0, duy
nhat s6 1 tai vi tri twong Ung véi tir “ants” trong tir dién.
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Output Layer
Softmax Classifier

Hldden Layer Probability that the word at a
Linear Neurons { Z randomly chosen, nearby
Input Vector position is “abandon”
@ ... “ability”

A ‘Y’ in the position % .. “able”

corresponding to the

word “ants”

= %

10,000
positions

300 neurons ... “zone”

)

10,000
neurons

Hinh 1.2.3. M6 hinh mang no-ron 1 16p an ctia Word2vec

Pau vao 13 one-hot-véc-to mdi word s& ¢co dang Xy, X,...Xy trong d6 V la sb
tir vung trong tir dién, 1a mot véc-to trong d6 mdi tir s& c6 gia tri 1 twong duong
v6i chi s6 trong tir dién va con lai s& 13 0.

Ma tran trong s6 (Weight matrix) giita dau vao va 16p an (hidden layer) 1a
ma tran W(c6 s6 chiéu 1a VxN) c¢6 ham kich hoat (active function) 1a tuyén tinh
(linear), trong s6 gitta 16p an va dau ra 1a W, "W’ (c6 sb chiéu 1a NxV) ham kich
hoat ctia dau ra 1a soft max.

MOi hang cuia W 13 véc-to N chiéu dai dién cho vy, 1a mbi tir trong 16p dau

\ . X+ 1 n ) .t re 3A \ \ , ~ 7
vao (input layer). Moi hang ciia W la o=, Véi dau vao 1a 1 one-hot véc-to (s€ co

dang 000100) chi c6 1 phan tir biang 1 nén.
h=WTz =vL

Tir 16p an dén dau ra 1a ma trén W'=w';i;. Ta tinh diém (score) Uj cho mdi tir
trong tir dién.

Uj = Uy h

Trong do vy, 1a véc-to ¢t j trong W'. Tiép d6 ta st dung ham Softmax

13
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exp(u;) exp(vi vuy )

Trong d6 vy, va vy:la 2 véc-to dai dién cho tir w dén tir ma tran W va W’

Nguoi ta dung hop 1y cuc dai (maximum like hood) véi k¥ thuat giam chiéu
gradient (gradient descent) dé giai quyét bai toan nay nhung vi s6 lugng tir vung
16n nén tinh toan mAu sé no tinh trén toan bo tir dién 1a rat 16n nén ngudi ta ding
2 phuong phép giai quyét 1a SoftMax phan cap (Hierarchical SoftMax) hoic iy
mau phu dinh (Negative Sampling).

1.2.4. Lép an

Lép an gia sa gom 300 no-ron, thudng khong st dung ham kich hoat,
nhung dau ra thi st dung ham SoftMax dé 13y gié tri xp xi. Dau ra sé& 13 véc-to
cling 1a mot véc-to co do 16n 10.000 va gid tri twong tmg véi mdi vi tri 13 xac
suét xuét hién gﬁn tir da chon cua tur gén vi tri d6. Kich thudc 300 no-ron ¢ 16p
an 1a mot siéu tham sb (hyperparameter) ciia mo hinh, nd dugc goi 1a sb chiéu
hay sb dic trung ctia word2vec. Con s6 300 dugc Google sir dung trong mé hinh
huan luyén tir tap ngit liéu Google News. Gid tri siéu tham s6 c6 thé dugc thay
d6i sao cho pht hop v6i md hinh, dir lidu cia nguoi nghién ctu.

>

Ma trén trong s 16p an Bang tra ctru véc-to tur

300 features

300 neurons

10,000 words
10,000 words

Hinh 1.2.4. Ma tran trong s cta 16p an cia moé hinh word2vec

Két qua cua viéc huan luyén trén toan tap ngtr li€u la tim ra ma tran trong so
tai 16p an. Véi dau vao ciia mo hinh 1a 1 tir duoc biéu dién dudi dang one-hot

véc-to tirc 1a mot véc-to co cac gia tri toan bang 0, chi ¢c6 mot vi tri bang 1 tuong
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ung voi vi tri cia tor dau vao theo thtr tu tir dién. Viéc nhan véc-to one-hot dau
vao voi ma tran trong so ban chat 1a vi¢c tim kiém trén ma tran trong s6 mét véc-

to dac trung c6 chiéu dai bang s6 chiéu bang s6 chiéu ciia ma tran trong so.

17 24 1
23 5 7
0 0 0 1 0] x |4 6 13| = [10 12 19]
10 12 19
11 18 25

Hinh 1.2.4.1. L6p an ctia mo hinh hoat dong nhu mot bang tra ciu

1.2.5. Lép dau ra
Pau ra cia md hinh Word2vec 13 mot bd phan loai sir dung ham SoftMax
dé tinh x4c suat. Uu diém ciia ham SoftMax 14 ludn tao gia tri xac suat duong va

téng tat ca cac xac suat thanh phan 13 bang 1.

Gia sur tinh moi1 twong quan gitra tu “ants” va tu “car”, hai tu nay sé duogc
véc-to hda dya vao ma tran trong so cua 16p an da huan luyén. Pau ra qua ham

SoftMax sé& c6 y nghia la xac suét tir “car” xuét hién gﬁn tir duoc chon “ants”

Trong sb dau ra tir “car”

Véc-to tur cho tir “ants” softmax Xac suat néu chon ngau

nhién mot tir gan “ants” thi

|:> - do 1a tir “car”

nearpy "ants, thatitis “car

Word vector for “ants”
I | X

300 features

300 features

Hinh 1.2.5. Mdi qua hé giir tir “ants” va tir “car”

1.3. Nhung tir (Word Embedding)

Nhung tir 1a mot biéu dién véc-to s6 ctia van ban trong kho ngir liéu anh xa
dén ting tir trong kho tir vung v&i mot tdp hop cac vecto ¢o gia tri thuc trong
khong gian N chiéu dugc xac dinh trude.

Céc biéu dién véc-to cd gia tri thuc ndy cho mdi tir trong kho tir vung
duoc hoc thong qua cac k¥ thuat cd gidm sat nhu méd hinh mang noron dugc dao
tao vé& cac nhiém vu nhu phén tich cam tinh va phan loai tai liéu hoic thong qua
cac k¥ thuat khong dugc giam sat nhu phén tich thong ké tai lidu [9][10].
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Word Embeddings cd gang nam bat ¥ nghia ngit nghia, ngit canh va ct
phap cua tung tur trong kho tr vung dua trén cach st dung nhiing tir ndy trong
cau. Céc tir c6 ¥ nghia ngit nghia va ngit canh twong tu ciing c6 cac biéu dién
véc-to tuong tu trong khi déng thoi mdi tir trong tir ving s& ¢6 mot tap biéu dién
véc-to duy nhat.

1.4. Tinh hi¢u qua

Céc ban nhung tr dugc tao bdi Word2Vec khong chi dugc nén nhiéu hon so
v6i cac ban ma hda mot 1an, ma con chira thong tin theo ngilr canh vé tir duoc
nhung! Thong tin ndy c6 thé duoc hién thi bang kha ning thao tac nhung. Vi dy:
lay tir nhiing cho 'lén nhat', trir tir nhiing cho 'lén' va thém tir nhing cho 'nho' s&

trd v€ tor nhing cho 'nhé nhat'!

Cé hai mo hinh Word2Vec ciing c6 thé tim hiéu mdi quan hé giita cac khu
vuc dia ly. Bang ma Skip-Gram cho tir “Athens” rat gan vé6i tir nhung cho “Hy
Lap”. Tuong tu, cach nhing cia Skip-Gram cho “Chicago” rat giéng voi
“Illinois”. Piéu dang cha ¥ 1a cac nhung tir co thé nam bat thong tin tot nhu thé

nao!

Nhu vay, cac ban nhung cia Word2Vec cuc ky tbt trong vi¢éc ma hoa cac
nghia sdu hon cua tir. Ho ¢6 thé nim bét cac két ndi phurc tap, dan xen giita cac
tur khac nhau, mdt ky cong 1a mot tién bo to 1én trong viéc tao ra may tinh co thé
Xt 1y ngdn ngit ty nhién mot cach hoan hao. May tinh dang phat trién nhanh
chong va Word2Vec 1a bang ching vé diéu do.

1.5. Lap luan véi Véc-to tir

Ta thay riang cac dai dién tir duoc nghién ctru trong thue té ndm bat quy tic
¢l phap va ngit nghia c6 y nghia theo mot cach rat don gian. Cy thé, cic quy tac
dugc quan sat cac gia tri bu véc-to khong doi gitta cac cap tir chia sé mot mdi
quan hé dac biét. Vi duy, néu ta ky hi¢u véc-to cho chit i 1a X, va tp trung vao
mbi quan hé s6 it/sd nhiéu, ta s& quan sat théy rﬁng Xapple = Xapples = Xecar Xears,
Keamily = Xamilies =~ Xcar = Xears» V.V. Ta théy rﬁng day cling la truong hop cho mot
loat cac quan hé ngir nghia dugc do bai mbi quan hé twong dong.

Céc véc-to rat tot khi tra 101 cau héi twong tu dang a 1a danh cho b nhu ¢ la
danh cho? Vi dy, Pan 6ng (dan 6ng) 1a danh cho Pan ba (phu nir) nhu uncle
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(chu) 1a danh cho? Aunt (thim, di) st dung mdt phuong phap cac gié tri bu véc-

to don gian dua vao khoang cach cousin.

Phu ntr e
H

oang hau

Chu
Dan ong /

Hinh 1.5.1. Gia tri bu véc-to cho 3 cip tir mdé phong mdi quan hé vé gidi

Nhirng hoang hau \

Hoang hau

Nhirng 6ng v\ /
Vua

Hinh 1.5.2. Mdi quan hé gitra s6 nhi€u va so it

Day la su hgp thanh véc-to cling cho phép ta tra 161 cau hoi “Vua — Dan ong
+ Phy nit =2” va di dén két qua “Hoang hau”! Tat ca déu thuc su dang chu ¥ khi
ban nghi rang cac kién thic nay chi don gian 1a xuat phat tir viéc nhin vao rat
nhiéu tlr trong ngit canh (ta s& thiy ngay) ma khong c6 thong tin khac dugc cung

cap veé ngilr nghia cia no.

Kha 1a ngac nhién dé nhan thay rang sy giong nhau cta cac dai dién tir nam
ngoai cac quy luat ngir nghia don gian. St dung k¥ thuat vé gid tri bu tir noi céc
phép toan dai s6 don gian dugc thuc hién trén cac véc-to tir, diéu d6 da duoc chi
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Truwong Dai hoc Qudn li va Cong nghé Hdai Phong

ra, vi du véc-to (“Vua”) - véc-to (“Pan 6ng”) + véc-to (“Phu nit”) cho két qua
trong mot véc-to gan nhat véi dai dién véc-to cua tur “Hoang hau”.

A

Vua

v

Véc-to tur

Hinh 1.5.3. Véc-to tir cho Vua, Pan 6ng, Hoang hau va Phu nir

Vua

+Phu nit

Hoang

Véc-to thanh phan

v

Hinh 1.5.4. Két qua su cdu thanh Véc-to Vua — Pan ong + Phuy nit =?

Quan hé Vidul

Vidu2

Vidu3
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France — Paris Italy: Rome Japan: Tokyo |Florida: Tallahassee
Big — bigger Small: larger Cold: colder  |Quick: quicker
Miami — Florida  |Baltimore: Maryland| Dallas: Texas Kona: Hawaii

Einstein — scientist | Messi: midfielder |Mozart: violinist Picasso: painter
Sarkozy — France Berlusconi: Italy |Merkel: Germany | Koizumi: Japan
Copper — Cu Zinc: Zn Gold: Au Uranium: plutonium

Berlusconi — Silvio | Sarkozy: Nicolas |[Putin: Medvedev Obama: Barack

Microsoft — Windows | Google: Android IBM: Linux Apple: iPhone
Microsoft — Ballmer Google: Yahoo |IBM: McNealy Apple: Jobs
Japan - sushi Germany: bratwurst |  France: tapas USA: pizza

Bang 1.5.5. Vi du vé cac mo1 quan hé gift cac cdp tu

Country and Capital Vectors Projected by PCA

: Chinas
»Beijing
1.5 Russias
Japan<
1 Moscow
Turkey( *Ankara >z|-0kyo
05
Poland«
0 Germ);an)x
France "Warsaw
< —>Berlin
-0.5 Italy< PaHs
»Athens
Greecex e
1 I Spain< Homa
> >Madrid
-1.5 |- Portugal stisbion
_2 1 1 1 1 1 1 1
-2 -1.5 -1 -0.5 0 0.5 1 1.5

Hinh 1.5.6. Mdi quan hé thu d6 — qudc gia

Duéi ddy 1a méi quan hé thu do-qudc gia (country-capital city) trong giong
nhu 2 phép chiéu nhan dién hinh anh 2 chiéu:
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Newspapers

New York  New York Times Baltimore Baltimore Sun

San Jose San Jose Mercury News | Cincinnati Cincinnati Enquirer
NHL Teams

Boston Boston Bruins Montreal Montreal Canadiens

Phoenix Phoenix Coyotes Nashville Nashville Predators
NBA Teams

Detroit Detroit Pistons Toronto Toronto Raptors

Oakland Golden State Warriors | Memphis Memphis Grizzlies

Airlines
Austria Austrian Airlines Spain Spainair
Belgium Brussels Airlines Greece Aegean Airline
Company executives
Steve Ballmer Microsoft Larry Page Google
Samuel J. Palmisano IBM Werner Vogel’s  Amazon

Béang 1.5.7. Vi du cta cac dang cau hoéi “a 1a danh cho b nhu ¢ 1a danh cho?”

Ta ciing c6 thé str dung thém thanh phan twong Umg cla cac thanh phan véc-
to dé dat cau hoi chang han nhu 'Puc + cac hang hang khong” va bang cach nhin

vao céac dau hi€u gan nhat véi véc-to phirc hop dua ra dugc cau tra 161 an tuong:

Czech + Vietnam + German + Russian + French +
currency capital airlines river actress
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irli Juliette
Koruna Hanoi Airline Moscow
Lufthansa Binoche
Ho Chi Minh Carrier i Vanessa
heck crown ) Volga River )

¢ W City Lufthansa gariv Paradis

) i Flag Carrier . Charlotte
Viet N )

Polish zloty let Nam L ufthansa Upriver Gainsbourg
CTK Vietnamese Lufthansa Russia Cecile De

Béng 1.5.8. Tra 101 cho cau hoi dang “a 1a danh cho b nhu ¢ 1a danh cho?”

Véc-to tir v6i cac moi quan hé nglt nghia nhu vy 6 thé duogc st dung dé
cai thién nhiéu tmg dung NLP hién c6, ching han nhu bién dich bang may, hé
thng tim kiém thong tin va hé théng cau hoi/tra 101, va con c6 thé cho phép céc
ung dung khéc trong tuong lai dugc phat minh.

Viéc thir nghiém méi quan hé tir vé& ngir nghia-ca phap dé hiéu vé hang loat
mbi quan h¢ nhu duoc thé hién phia dudi. St dung cac Véc-to tur 640 chiéu, mo
hinh Skip-Gram dat dugc do chinh x4c 55% vé mit ngir nghia va 59% vé mat ch
phap.

1.6. Ngir canh

1.6.1. Ngir canh ciia mgt tir

Trong m6é minh CBOW dugc gidi thi¢u boi Mikolov va cong su. Ta gia
dinh rang chi c6 mot tir duwgc xem xét trong ngit canh, c6 nghia 1a mé hinh sé du
doan mét tr muc tiéu dé xac dinh ngir canh cua tu, cai do giéng nhu mo hinh
Bigram [9].

Hinh 1.6.1 sau dy biéu dién mé hinh mang, sy dinh nghia ngit canh da
duoc don gian hoa. Trong thiét 1ap cua ta, quy mo tir vung 1a V, va quy mo 16p
an 1a N. Cac don vi trén 16p lién ké duogc két ndi day du, dau vao 1a mot véc-to
duoc mi hoa one — hot, ¢ nghia 13 cho mot tir trong ngit canh dau vao duoc
nhéic dén, chi c6 mot trong s6 cac don vi V, {x1...,xV},s€lal, va tat ca cac don
vi khac 14 0.
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Input layer Hidden layer Output layer
. ’ A \ X; 8 6-“1
Input layer: Lop dau vao %o o
Hidden layer: Lép an 3 O O
Output layer: Lép dau ra % o ok
Xy 1O OV

Hinh 1.6.1. M6 hinh CBOW

Céc trong so giira 16p dau vao va 16p dau ra c6 thé duoc biéu dién lai bang
mot ma tran W kich thudc V x N. Mdi hang cia W 1a dai dién véc to N-chiéu
Vo cia tir lién két ctia 16p dau vao. Bé xac dinh mot ngit canh (mot tir), gia sir xk
=1 va xk™ = 0 cho k* #k, theo do:

fr=WTx=W{};C ]:=1»f;;,
= A CT 16.1.

trong d6 chu yéu 1a sao chép dong thir k cia W tdi h. vel 1a dai dién véc-to
cta tir vung dau vao . Diéu nay ngu ¥ rang ham lién két (kich hoat) cta céac
don vi 16p an 1a tuyén tinh don gian (trc 13, truc tiép di qua téng trong cua dau
vao toi 16p tiép theo).

Tir 16p an t6i 16p dau ra, d6 1a mot ma tran trong sé khac W '={vij}, ma Ia
mot ma trdn N x V. St dung nhiing trong s6 ndy ta c6 thé tinh toan mot diém uj
cho mdi tir trong bd tir vung,

ui=v',.
J @y CT1.6.1.1.

V1 V'yj la cot thir j ciia ma tran W*. Sau do, ta ¢ thé st dung SoftMax, mot
mo hinh phan 16p log—tuyén tinh, dé dat duoc su phan bd sau cua cac tir vung,
day 1a su phan phéi da thirc.
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e}(p{r.fj)

plojlop)=y j=—
T X)) o161

trong d6 yi 1a dau ra ctia don vi thit j trong 16p dau ra. Thay vao s& duoc:
g doy;j

v T
exp(Vig j 1’(;};)

plajlof)=

5 1 T
) X ? p 4
Ej —1eXp(0 @j Vo) CT 1.6.1.3.

Trong d6 vo va v’w 1a hai dai di¢n cia tr o. vo ctia dong W, l1a dau vao ma
tran trong so an, va v’w dén tir cac cot cua W* 1a an ma tran dau ra. Trong phan

tich ti€p theo, ta goi v l1a “véc-to dau vao”, va v’w nhu “véc-to dau ra” cua tur w.
* Cap nhat phuong trinh cho an trong so

Bay gio suy ra phuong trinh cdp nhat trong sé d6i véi mé hinh nay. Mic du
viéc tinh todn hién tai khong thuc té (duoc giai thich phia dudi), ta dang suy luan
dé dat duoc nhitng hiéu biét vé mo hinh ban dau nay ma khong c6 thi thuét nao
duoc ap dung. Muc tiéu hudn luyén (d6i véi mot mau huan luyén) 1a t6i da hoa,
xac suét co diéu kién cua viéc quan sat tu dau ra thue t& ©0 (biéu thi chi s cua
no trong 16p dau ra nhu j*) dugc xac dinh nhom céc tir ciing ngit canh dau vao w,
chi quan tam dén cac trong s6. Dé dua ra thuat toan tinh xac suat c6 diéu kién va

st dung no dé x4c dinh ham ton that.

lugp{momf] = log}-'j,*
V
= u  —log ¥ exp{nj--]:=—E
J=l CT 1.6.1.4.

E=—logp (wo|m) 1a ham ton that, va j* 1a chi sd cua tir dau ra thuc té. Luu y
rang ham ton that c6 thé dugc hiéu nhu 13 mot trudng hop dic biét ctia phép do
cross-entropy gitta hai phan phdi x4c suat.

Bay gid 1ay dugc cac phuong trinh cap nhét cua céc trong s giita 16p an va

16p dau ra. Lay dao ham cua E do1 v6i dau vao u; cua don vi thir j s€ duoc:

°E _

y.—t.=e.
o FPI
ouj ~JJ CT 1.6.1.5.
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Trong cong thirc (1.6.1.5) ti=1(j=j*), tirc 1a tj s€ 1 1 trong khi cac don vi thu
j la tr vung dau ra thuc té, néu khong tj=0. Luu y rﬁng dao ham nay 1a 16i du
doén ; ctia 16p dau ra.

Tiép theo léy dao ham trén w’j; dé c6 duoc do chénh 1éch trén céac trong $6

an cac trong so dau ra:

A Dy
OE O Ouj
8w's: u; Ow's;
i J i

= '-h:'
CT16.1.6.

Vi vay, sir dung su giam do chénh léch ngau nhién, ta dugc phuong trinh
cap nhat trong s6 cho an trong sb dau ra:

m'y(”ﬂ” :m'y(gm)—?}'.q j-hi

CT16.1.7.
Hoac:

v |{0j (”m"i") =" 'Imj (Gld} _,r}l_ej- h fgrj:l,l. vey I""

Trong cong thirc trén 1 > 0 13 ty 16 huan luyén ej =Y;-tjvah;ladonvithti
trong 16p an; Viej la véc-to dau ra cua wj. Luu y phuong trinh cap nhat nay ngu y
rang ta phai di qua tat ca cac tir co thé trong 16p tir vung, kiém tra xac suat dau ra
yj ctia nd, va so sanh yj véi xé4c suat danh gié tj (hodc 1a 0 hodc 1a 1). Néu y;>
(“danh gia qua cao”), sau do ta trir mot ty 1& h cta véc-to an (tuc 1a: Vo) tU Vi,
roi lam cho Vej X Vel néu yj < tj (“danh gia thap™), ta thém mot s6 h cho v’ o,
sau d6 lam cho v’ gﬁn v, hon. Néu y; la rat gén voi tj thi can cu theo cac
phuong trinh cip nhat, rat it thay doi s& duoc thuc hién ddi véi cac trong s6. Luu
¥ mot 1an nita rang v,, (véc-to dau vao) va v’ (véc-to dau ra) 1a hai dai dién véc-
to khéac nhau cua tr w.

* Cap nhat phuong trinh cho céc trong s6 dau vio trong sb an

Sau khi thu dugc cic phuong trinh cép nhat cho W, bay gid ta c6 thé

chuyén sang W. Ta lay dao ham cua E ¢ dau ra cua céc 16p an, ta dugc:
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;3;:: = : ;E .{i’“"f = IZ Ej.a}T]'j::EHi
hy i 0uj chj j=1
CT1.6.1.9.

Trong cong thirc hi 1 dau ra cua don vi tht i cta 10p an; uj dugc dinh nghia
trong (CT 1.6.1.1), dau vao thuc cta don vi tht j trong 16p dau ra; va ej=Yj-tjla
16i dy doan cua tir thr j trong 10p dau ra. EH, mdt véc-to N-chiéu, 14 tong cua cac
véc-to dau ra cua tat ca cac tur trong bo tir vung, duoc danh trong sb boi 151 du
doan cua ching.

Tiép theo léy dao ham cua E trén W. DAu tién, nhé lai réng cac 16p an thuc
hién mot tinh toan tuyén tinh trén cac gia tri tir 16p dau vao. Mé rong cac ky hiéu
véc-to, co duogc:

V
hi= > X} .ok

k=1 CT 1.6.1.10.

Lay dao ham cua E d6i v&i mdi phan tir cia W, thi nhan duoc:

SE BE Oh
— = —L =EH x
cw,. ch, dm,. ik
ki 70 Tk CT 1.6.1.11.
diéu nay tuong duong véi tich ten xo (tensor) ctia x va EH, tuc 1a:
ok

=

—x®EH=xEHT

CT1l6.1.12
tir d6 c6 mot ma tran kich thudc V x N. Vi chi ¢c6 mot thanh phén cuax la
0
khac 0, chi la m0t dong cua 6_W khac 0, va gia tri cua hang d6 1a EHT, va mdt
véc-to N-chiéu. Ta dugce phuong trinh cip nhat caa W nhu sau:

V(HE"H«’) :v(.o!d ) —n.EH T
@y @y CT 1.6.1.13.

Trong cong thirc (CT 1.6.1.13) v, 12 mot hang cuia W, “véc-to ddu vao” cia

nhom tir ciing ngir canh duy nhat, va 1a hang duy nhat cia W ma dao ham cta né
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khac 0. Tat ca cac hang khac ctia W s& van khong thay d6i sau su lip di lap lai
nay, boi vi dao ham cua chiing bang 0.

Bang truc gidc, vi véc-to EH 1a tong cac véc-to du ra cua tit ca cac tur
trong bd tr vung dugc danh trong s6 boi 161 du doan cua chung €j = yj - tj, nén ta
c6 thé hiéu (CT 1.6.1.13) thém mot phan cia tat ca cac véc-to dau ra trong bo tir
vung vao véc-to dau vao ctia nhom tir cling ngir canh. Néu trong 16p dau ra, xac
suét cua mot tir j o 1a tu dau ra dugc danh gia qua cao (yj>tj), sau do cac véc-to
dau vao ctia nhém tlr cing ngit canh o s& ¢ xu hudng di chuyén ra xa véc-to
dau ra cua oj; trai lai, néu xac suat oj la tur dau ra dugc danh gia thap (¥j<tj), thi
cac véc-to dau vao o) sé ¢ xu hudng di chuyén gan hon t6i véc-to dau ra cia oj;
néu x4c suat oj 1a du doan tuong déi chinh x4c, thi né s& c6 chiit anh huéng dén
su di chuyén ctia cac véc-to dau vao cua . Su di chuyén ciia véc-to dau vao cia
o dugc xac dinh boi 16i du doan cua tat ca cic véc-to trong von tur vung; 16i du
doan cang 16n thi tic dong cang 16n, mot tir s& di chuyén trén véc-to dau vao cua
nhém tir cung ngit canh.

Cap nhat cac thong sé6 mé hinh lip di lip lai bang viéc bo qua cip tir trong
nglr canh muc ti€u dugc tao ra tr mot tap huan luyén, cac két qua trén cac véc-to
s& tich lily. Co thé tuwong tuong rang cac véc-to dau ra ctia mot tir w bi “kéo” di
t61 di lui boi cac véc-to dau vao cua cac tir ding gan w cing xay ra, nhu thé co
so1 day vat 1y gifra cac véc-to cua w va véc-to cua céac tir xung quanh no. Tuong
tu nhu vy, mot véc-to ddu vao cling c6 thé bi kéo bdi nhiéu véc-to dau ra. Viéc
giai thich nay co thé nhic nho vé luc hép dan, hodc so dd, dd thi luc ¢6 huong.
Sau nhiéu lan lap lai, cac vi tri tuong d6i cia cac véc-to dau vao va dau ra cudi
cung sé& on dinh.

1.6.2. Ngir canh cua cum tir

Hinh sau ddy cho thdy mé hinh CBOW véi thiét 1ap ngit canh cia cum tir.
Khi tinh toan dau ra cta 16p 4n, thay vi truc tiép sao chép véc-to dau vao cua
nhom tlr cing ngit canh dau vao, thi mé hinh CBOW lay trung binh cic véc-to
clia cac nhom tir cung ngit canh dau vao, va sir dung cac két qua cua ma tran

trong s6 dau vao ma tran trong so an va véc-to trung binh nhu dau ra:
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1
h = EWT(xl+x2+...+xC) CT 162

L(\-‘ +v 4.4V )T
cC o @ aC CT 1.6.2.1.
trong d6 C 1a sd cac tir trong ngit canh, mq; ...; oc 1a cc tir trong ngit canh,

va v, la véc-to dau vao ciia mot tir . Ham ton that la:

E = —lc-glr)[m()|rolrjl,...,ro!,,{_w CT16.2.2.

V
= —ujrtlog 3 exp(u;) CT 1.6.2.3.
J'=1
N
wo g PVaj -

! CT 16.2.4.
J'=l

giong nhu cong thuc (1.6.1.4), muyc tiéu ciia mo hinh one-word-context (tir
mot ngit canh), ngoai trir h 1a khac biét, gidng nhu dinh nghia trong cong thirc
(1.6.2.1) thay vi cong thtrc (1.6.1).

1.7. SoftMax phén cap (Hierarchical SoftMax)

Mot phép tinh xap xi hiéu qua ciia toan bd SoftMax 1a SoftMax phan cap.
Trong ngir canh cia cac md hinh ngén nglt mang no-ron, dugc gidi thi¢u lan dau
tién boi Morin va Bagnio. Di vi mdi nat, SoftMax phan cap st dung mot cay
dai dién nhi phan ctia 16p dau ra véi cac tir W nhu 14 cua no, d6i vi mdi nut, rd
rang cac dai dién x4c sudt tuong dbi ciia cac nat con ctia nd. Nhing diéu nay
dinh nghia mot budc di ngau nhién duge cho 1 xac suat ddi véi cac tur.

Chinh xac hon, mdi tir @ c6 thé dat duoc bang mot dudng tir gbe cua cAy.
Goi n (o, j) 1a nat thir j trén con dudng tir goc dén o va goi L (o) 1a do dai cua
duong di do, thi n (m,1) = gbc va n(o,L(m)) = o. Hon nita, ddi véi bat ky nit bén
trong n ndo, goi ch(n) 14 tap con tlly ¥ va goi 1 1 néu x 1a dung va sai la -1.

Vay SoftMax phén cdp xac dinh p(wo|ml) nhu sau:

L(w)-1

ploop)= 11 o n(o,j+)=ch(n(o,j)) .1—";;(0)‘J,‘]T'|f'm‘,)
J=1 CT17.
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Trong cong thirc o(X)=1/ (1+ exp(—x)) co thé duoc xac dinh rang Y ",=1°
(o|o) =1. Piéu nay ngam chi ra rang tri gia cta phép tinh log p (wo|m;) va V log

P(wo|wy) 1a ty 1¢ thuan véi L(wo), tri gia trung binh khong 16n hon logW.

Ciing khong giéng nhu cong thirc SoftMax chuan ctia Skip-Gram ma gan
hai dai dién v, va V', dbi v&i mdi tr o, cong thuc SoftMax phan cép co mot dai
dién v, ddi v&i mdi tr » va mot dai dién v', ddi v&i mdi nut trong n cua cay nhi
phan.

Céu trac cua cay duoc st dung boi SoftMax phan cip c6 tac dung dang ké
vé hiéu suat. Mnih va Hinton da kham pha mot s6 phuong phap dé xay dung cac
ciu tric cdy va cac hiéu tng trén ca thoi gian huan luyén va tinh chinh xéc cia
mo hinh két qua. Trong cong trinh cta ho st dung mot cay Huffman nhi phan,
nhu nd gan mi ngin d6i voi cac tir thudng gip ma tao két qua nhanh. N6 da
duoc quan sat trude khi nhém cac tir voi nhau bang tan suat ciia chung hoat dong
t6t nhu mot k¥ thuat tang téc don gian cho mang no-ron dua trén cac moé hinh
ngon ngu.

1.7.1. Lay MAu phu dinh (Negative Sampling)

Mot thay thé cho SoftMax phan céap 1a udc lugng twong phan nhidu (Noise
Contrastive Estimation — NCE) duoc Gutman va Hyvarinen gidi thiéu va Mnih
va Teh di 4p dung cho mé hinh ngén ngit. NCE thira nhan rang mot mo hinh tot
nén c6 kha ning phan biét dir liéu nhifu bang cac phuong tién hdi quy logistic.
Piéu nay ciing twong ty nhu viéc mat di diém mau chdt ma Collobert va Weston
da str dung ho 13 nhimg nguoi huan luyén cac md hinh bang cach xép hang cac
dir liéu nhiéu.

Trong khi NCE c6 thé duoc hién thi dé tdi da hoa xac suét log cua SoftMax,
thi mo6 hinh Skip-Gram lai chi quan tam dén viéc nghién ctru dai dién véc-to chét
lugng cao, vi vay ta dugc tu do dé don gian hoa NCE mién 14 cac dai dién véc-to
giit duoc chat luong cua chung. Ta xac dinh 14y mau phu dinh (NEG) 1a muc
tiéu:

LT k T
logo(v wo Yoy )+ .Z I:mf. ~Pn(w]‘:lugﬂ{—v w; Yoy } CT171

i=1
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1.7.2. Lwa chon miu phu ciia cac tir thwong gip (Subsampling of Frequent
Words)

Trong mdt tdp van 16n, cac tir thuong thiy nhat co thé dé& gip hang tram
triéu 1an (vi dy, “in”, “the”, va “a@”). Nhitng tir nhu vay thudng cung cip gia tri
thong tin it hon nhimg tir hiém gip. Vi dy, trong khi nhimg loi ich mé hinh Skip-
Gram tu viéc quan sat cac su xuét hién d@)ng thoi cua “France” va “Paris”, nd
gitip ich it nhidu tir viéc quan sat sy dong xuat hién thuong xuyén ciia “France”
va “the”, nhu hau hét cac tir cing xuét hién thudng xuyén trong mot cau véi
“the”. Y tudng nay ciing co thé duoc ap dung theo hudng nguoc lai; cac dai dién
véc-to ctia cac tir thuong gap khong 1am thay doi dang ké sau khi thuc hién trén
vai triéu vi du.

Pé tranh sy mat can bang gitra cac tir hiém va thudng gip, ta di sir dung
mot phuong phap tiép cdn miu phu don gian: mdi tir w; trong tap huan luyén
dugc loai bo véi xac suét tinh theo cong thc:

!

Plop=1- f(@p) CT17.2.
Phuong phap [Thoi gian  |Cu phap (%) Ngit nghia (%) Téng d6 chinh
(phit) xac (%)
NEG-5 38 63 54 59
NEG-15 97 63 58 61
HSHuffman 41 53 40 47
NCE-5 38 60 45 53

Nhung két qua sau sir dung 10-> mau phu

15 36 61 61 61
HS-Huffman 21 52 59 55

Bang 1.7.2. P chinh xé4c ctia nhiéu mo hinh Skip-Gram 300-chiéu
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Trong d6 f (e;) 13 tin s6 cta tir @; va t 13 mot ngudng duge chon, thudng
khoang 10°. Ta d3 lwa chon cong thirc mau phu nay vi né cho thiy cac tir mau
phu c6 tan s6 16n hon t trong khi van giit thtr hang cua cac tan s6. Mic du cong
thirc mau phu nay di duoc lya chon mot cach kin dao nhung ta da tmg dung rat
6n trong thuc té. N6 1am ting tdc viéc nghién ctru va tham chi cai thién déng ké
d6 chinh xac cua cac véc-to da duoc nghién ctru ciia nhimg tir hiém gip.
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CHUONG 2 MOT SO MO HINH HQC SAU
2.1. Hoc sau - Deep Learning

Hoc may (Machine Learning-ML) 1a mét linh vuc cua tri tu€¢ nhan tao
(Artificial Intelligence - Al). Cac thuat toan hoc may cho phép may tinh dao tao
dau vao dir liéu va sir dung phan tich thong ké dé dua ra cac gia tri nam trong
mot pham vi cy thé [11].

Ngay nay, nhitng ngudi st dung céng nghé déu dugce hudng loi tir viée hoc
may. Cong nghé nhan dién khuén mit gitip nguoi ding gin thé va chia sé anh
ctia ban bé. Cong nghé nhan dang ky tu quang hoc (OCR) chuyén dbi hinh anh

van ban sang dang di chuyén.

Khi ma kha nang tinh toan ctia may tinh duoc nang 1én mot tam cao méi
cung véi luong dir liéu khong 16 duoc thu thap, ML di tién thém mot bude dai va
Deep Learning (DL) mot linh vyc m&i dugce ra doi.

Deep Learning dugc xdy dung tir mang no-ron sinh hoc va bao gdm nhiéu
16p trong mang no-ron nhan tao duoc tao thanh tir phan cimg va GPU. Deep
Learning st dung mot tang cac 16p don vi xir 1y phi tuyén dé trich xuét hoic
chuyén ddi cac tinh nang (hoac biéu dién) cua dir liéu. Pau ra ciia mot 16p phuc
vu nhu 13 dau vao cua 16p ké tiép. Deep learning tap trung giai quyét cac van dé
lién quan dén mang than kinh nhan tao nhim nang cip cic cong nghé nhu nhan
dién giong noi, dich ty dong (machine translation), xtr 1y ngdn ngit tu nhién...

Simple Neural Network Deep Learning Neural Network

- /7(‘:\

.-. \,
o ® .
® -

@ nput Layer () Hidden Layer @ Output Layer
Hinh 2.1. M6 hinh Deep Learning

Trong sb cac thuat toan hoc may hién dang dugc sir dung va phat trién, hoc
sdu thu hit dugc nhiéu nghién ciru nhat va c6 thé danh bai con ngudi trong mot

s0 nhiém vu nhan thirc. Do nhitng déc tinh n61 bat va két qua té1 uu, hoc tap sau
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da tro thanh phuong phép tiép can duoc nghién ctru va tng dung trong giai quyét
nhiéu bai toan thudc linh vyc tri tué nhan tao.

2.2. Mang no-ron hdi quy RNN (Recurrent Neural Network)

2.2.1. Gi6i thiéu mang no-ron hdi quy (RNN)

Mang no-ron hdi quy RNN (Recurrent Neural Network) dugc gi6i thiéu boi
John Hopfield nam 1982, 1a mét trong nhitng mé hinh hoc sau - Deep learning.
Recurrent c¢6 nghia 1a thyc hién 1dp lai cing mot tac vu cho mdi thanh phﬁn trong
chudi. Trong d9, két qua dau ra tai thoi diém hién tai phu thudc vao két qua tinh
toan ctia cac thanh phan & nhiing thoi diém truée d¢6. Mang no-ron thong thuong,
mdi su kién dau vao x dugc xir Iy mot cach doc 14p va dua ra du ra y twong tGng

ma khong cé sy trao doi thong tin thu thap duoc tai mdi dau vao x trong mang
[11][12].

Input Hidden Hidden Output
Layer Layer #1 Layer #2 Layer
Neurons
Xo
Zb\ Wik
\ Neuron
X1
Z} |\ Ty
X2 /
X3
Bias
Inputs

Hinh 2.2.1. M6 hinh mang no-ron

RNN 1a mot mé hinh c6 tri nhd (memory), cé kha nang nhé dugc thong tin
da tinh toan trude d6. Khong nhu cac mod hinh mang no-ron truyén thong trude
d6 1a thong tin dau vao hoan toan doc 1ap va6i thong tin ddu ra. Hau hét RNN
dugc thiét ké nhu 1a mot chudi cac mod-dun duoc lap di ldp lai, cac m6-dun nay
thudng co cdu tric don gian chi c6 mot 16p mang tank. Huan luyén RNN tuong
tu nhu hun luyén no-ron truyén théng. Gia tri tai mdi dau ra khong chi phu
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thudc vao két qua tinh todn ctia budc hi¢n tai ma con phu thudc vao két qua tinh
toan cua cac budc trudc do.

2.2.2. CAu triic ciia RNN

Cac dau vao x, sé duoc két hop voi tf:ing an hyg bﬁng ham f,, dé tinh toan ra
cac tﬁng an hy hién tai va dau ra yt s€ dugc tinh tur hy. W 1a tap céc trong s6 duge
cap nhat & tat ca cac cum va Ly, L,,... L, 14 cAc ham mat mat. Khi do két qua duoc
tinh tr cdc qua trinh trudc dugc nhé bﬁng cach két hop thém hy, dé tinh ra h,

nham tang do chinh x4c cho nhitng du doan & hién tai.

RNN: Computational Graph: Many to Man

Hinh 2.2.2 Cac dang RNN

® (Qua trinh tinh toan duoc xac dinh nhu sau:
he = fw(he1,X0)
Truong hop ham f,, st dung ham tank thi cong thirc trén dugc viét nhu sau:
H= tank(Wprhe1+ WinXo)
Y= Whyhy

Trong d6, ma tran trong $6 Wi, Wy, W,y dugc cap nhat cho 2 qua trinh

tinh toan: (Mang RNN chi st dung m0t ma tran trong ) duy nhét)

Wi két op vai “bd nhd trude” hyy va Wy, két hop vai x; d€ tinh ra “bo nhd
budc hién tai”

Wi, dé tinh ra y;
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2.2.3. Cac dang cia RNN
One to one:

Mau bai todn cho Neural Network (NN) va Convolutional Neural Network
(CNN), 1 dau vao va 1 dau ra

Vi du v&1 CNN dau vao 1a anh va dau ra la anh duoc segment.

one to one

Hinh 2.2.3. RNN dang One to One

One to Many: bai toan c¢6 1 dau vao nhung nhiéu dau ra

Vi du: bai toan gan nhan cho anh, dau vao la 1 anh nhung dau ra la nhiéu
chir mo6 ta cho anh day, dudi dang mot cau.

one to many

LG
[HH]
i

Hinh 2.2.3.1. RNN dang One to Many

Many to one: bai toan c6 nhiéu dau vao nhung chi c6 1 dau ra

Vi du bai toan phan loai hanh dong trong video, dau vao 1a nhiéu anh

(frame) tach ra tir video, dau ra 1a hanh dong trong video.

many to one

W'L
00

Hinh 2.2.3.2. RNN dang Many to One
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Many to Many: bai toan c6 nhi€u dau vao va nhiéu dau ra

Vi du bai toan dich tir tiéng anh sang tiéng viét, diu vao 1a 1 cdu gdm nhiéu
chir: “I love Vietnam” va dau ra ciing 13 1 cau gém nhiéu chit “T6i yéu Viét
Nam?”.

many to many many to many

I
00 Bt

U0 108

Hinh 2.2.3.3. RNN dang Many to Many

2.2.4. Vi du ung dung

Cho tap dau vao

x =[h,e,l,0]

Str dung m6 hinh RNN dé tao ra mot tr co nghia.

Trong truong hgp nay, cac chit cai dugc ma hoa dang one hot véc-to.

1
; 0
k
input layer 0
0 1 J

input chars: *h 7

o-=00

. oo o

@
=%

Hinh 2.2.4. Céc chir cdi ma hoa dang one hot véc-to

St dung ham tank dé két hop tinh toan dau ra cho cac tang an ht cho két qua

nhu sau:

lht = tanh(Whrhi—1 + thmt)l

0.1 |w hn|-03
05—+ 0.9
03 0.7

[ fws

0
0
1
O
s

0.3
hidden layer | .01

0.8
1
0
K
input layer 0
0
: e

L]
> OO
“wo
'

H

cCOo-0O
:
T |O=00
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target chars: ‘e” 3 i 3 “o”
1.0 0.5 0.1 0.2
22 03 0.5 -1.5
output layer 20 1.0 1.9 -0.1
4.1 12 -1.1 22
AT Iy SN T
T Tw_hy
03 1.0 0.1 | hn|-03
hidden layer | .0.1 0.3 -0.5 09
0.9 0.1 -0.3 0.7
L | —e =3 =]
I | T TW_xh
1 0 0 0
; 0 1 0 0
input layer 0 0 1 1
0 0 0 0
input chars: *h” “e" b i T

Hinh 2.2.4.1. Sir dung ham tank dé két hop tinh toan dau ra

Tai mbi budc, két qua du doan nhu sau: (sir dung ham SoftMax dé tong hop
két qua dau ra).

g”
Sample N
03
13
Softmax 00
84
s
1.0
22
output layer 30
B
03
hidden layer [
09
|
1
input layer g
§0s
input chars:  “n*

Hinh 2.2.4.2. st dung ham SoftMax dé tong hop két qua dau ra

Moi dau ra lai dugc st dung 1a dau vao cho du doan & budc sau:

Sample

Softmax

output layer =

hidden layer

Hinh 2.2.4.3. Két qua
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2.2.5. Mot s6 uing dung ciia RNN

Speech to text: Chuyén giong noi sang text.

Sentiment classification: phan loai quan diém (Phan loai danh gia
1*,2% 3% 4* 5% cho mot binh luan)

Vi du: dau vao 13 binh luan: “Ung dung t6t”, dau ra: 4 sao.
Machine translation: Bai toan dich tu dong gitra cac ngdn ngtr.
Video recognition: Nhan dién hanh dong trong video.

2.2.6. Nhan xét
RNN c6 thé xtr Iy thong tin dang chudi (sequence/ time-series).

RNN c¢6 thé mang thong tin tir cac tang (layer) trudc dén cac ting sau,
nhung thuc té 1a thong tin chi mang dugc qua mot sb luong trang thai nhét dinh,
MO hinh chi hoc dugc tir cac trang thai gén n6 dugc goi la bd nhd ngén han
(Short term memory). Trong mét sé truong hop, vi du bai toan 1a du doan tir tiép

theo trong doan van.

Poan dau tién “Mit troi moc & huéng ...”, ta co thé chi sir dung cac tu
trudc trong cau dé doan 1a déng. Tuy nhién, v6i doan, “Toi 13 nguoi Viét Nam.
T6i dang song & nudc ngoai. Toi ¢ thé nodi trdi chay tiéng ...” thi rd rang 1a chi
st dung tir trong cau ddy hodc cau trude 1a khong thé dy doan duogc tir can dién
1a Viét. Ta can cac thong tin tir trang thai ¢ trudc do6 rat xa do d6 can bo nho dai
(long term memory), diéu nay RNN khong lam duoc

pé giai quyét van dé nay, ta can mot mo hinh méi duoc goi la Mang bd nhd
dai-ngan (Long short-term memory - LSTM)
2.2.7. Qua trinh xir ly thong tin trong mang RNN

Y

O %1 O 041
: PR
So:j'v — >0~ >0-—>0"
w w w
Unfold
U U U U
x *q oy Ler1

Hinh 2.2.7. Qua trinh xr ly thong tin trong mang RNN
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RNN c¢6 kha ning biéu dién mébi quan hé phu thudc gilta cac thanh phan
trong chudi (néu chudi dau vao co 6 tir thi RNN s& dan ra thanh 6 16p, mdi 16p
tmg v&i moi tir, chi s6 mdi tir duge danh tir 0 dén 5. Trong Hinh 2.8 & trén, xla
dau vao tai thoi diém thir t, s; 13 trang thai an (hidden state) tai thoi diém thu t,
duoc tinh dua trén céc trang thai an trudc do két hop véi dau vao cua thoi diém
hién tai voi cong thuec:

Se=tank (Uxe+ Wsey)

Si1 1a trang thai an duogc khai tao 1a 1 véce-to O. O; 13 dau ra tai thoi diém
thtr t, 12 mdt vée-to chira xac xuit cua toan bd cac tir trong tu dién.

0= SoftMax(Vs.)

Khong nhu mang no-ron truyén thong, tai mdi 16p can phai sir dung mot
tham sb khac, RNNs chi sir dung mot bd cac tham ) (U, V, W) cho toan bd cac
budc.

Y tudng ban dau cia RNN 1a két ndi nhitng thong tin truée d6 nham hd trg
cho céac xir 1y hién tai. Nhung d6i khi, chi can dwa vao mot sd thong tin gin nhét
dé thyc hién tac vy hién tai.

Vi dy, dy doan tir cudi cung trong ciu “chudén_chudn bay thip thi mua”, thi
s€ khong can truy tim qua nhiéu tir trude do, ta co thé doan ngay tu tiép theo sé
l1a “mua”. Trong truong hop nay, khoang cach tdi thong tin lién quan dugce rut

ngan lai, mang RNN c6 thé hoc va st dung cac thong tin qua kh.

Qua trinh nay nhimg mang no-ron thong thudng khong thé mo phong duoc.

® ® ®
TTTGTBT

A A — A > A

® 6 o 6 o

Hinh 2.2.7.1. RNN phu thudc short-term

v
>
v

Truong hop co nhiéu thong tin hon trong mot cau, nghia 1a phu thudc vao
ngit canh. Vi du nhung khi dy doan tir cudi cung trong doan vin ban “Téi sinh
ra va lén 1én ¢ Viét Nam ... Téi c6_thé né6i thuin_thuc Tiéng Viét.” Tu

thong tin gin nhat cho thiy rang tir tiép theo 1a tén mot ngdn ngir, nhung khi
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muon biét cy thé ngdn ngir nao, thi can quay vé qué khur xa hon, dé tim dugc ngtr
canh Viét Nam. Va nhu vay, RNN c¢6 thé phai tim nhiing thong tin c6 lién quan
va sO lugng cac di€m do tro nén rat 16n.

Khéng dugc nhu mong doi, RNN khong thé hoc dé két ndi cac thong tin lai

P99
A

v41 nhau.

1
A

v

®)
!
A

v
>
v
>

Hinh 2.2.7.2. RNN phu thudc long-term

Vé 1y thuyét, RNN c6 thé nhé dugc thong tin ctia chudi co chiéu dai bat ki,
nhung trong thyc té moé hinh nay chi nhé duge théng tin ¢ vai bude trude do.
RNN c6 cac phién ban mé rong nhu: Bidirectional RNN (RNN hai chiéu), Deep
(Bidirectional) RNN, Long short-term memory networks (LSTM).

e
—3
30
3 e

Hinh 2.2.7.3. Bidirectional RNN
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3o
e
3o
e

SIS
VooV V)

Hinh 2.2.7.4. Deep (Bidirectional) RNN

2.3. Mang Bo nhé dai ngian (Long-short term memory-LSTM)
2.3.1. Gi6i thiéu

La mot dang dic biét ctia mang No-ron hdi quy (RNN) dua trén Gradient.
Trong qua trinh hoat dong né cho phép cat bé nhiig Gradient du thira. Trong

qua trinh hoc LSTM c6 thé thu hep thoi gian tré du thira ctia cac budce thuc hién
thong qua tap hang sd 18i (theo Hoch Reiter & Schmid Huber- 1997) [13].

LSTM duogc gidi thiéu bdi Hoch Reiter & Schmid Huber (1997), va sau do
da dugc cai tién va pho bién boi rat nhiéu nha nghién ctru trong hoc may. Chiing
hoat dong cuc ki hi¢u qua trén nhiéu bai toan khac nhau.

LSTM duoc thiét ké dé giai quyét van dé phu thudc dai (long-term
dependency). Pic tinh ctia mang 1a c6 thé nhé thong tin trong sudt thoi gian dai
chtr khong can phai huin luyén mang dé nhé duoc (nd1 tai cia mang da co thé
ghi nhé dugc ma khong can bat ki can thiép nao) [14].

LSTM c6 céc thanh phan co ban sau:
+ Trang thai té bao (cell state)
+ Cong (gates)
+ Sigmoid
+ Tank

LSTM duoc thiét ké nham loai bo van dé phu thudc quéa dai. Ta quan sat lai
md hinh RNN bén dudi, cac layer déu méac ndi véi nhau thanh cic mo-dun neural
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network. Trong RNN chuan, mo-dun repeating nay c6 cau tric rat don gian chi
gom mot 16p don gian 13 ting tank (tank layer).

& ®
T

>
ﬂ‘ 1
A ﬂA}‘
|
©

3) ©

Hinh 2.3.1. Cac mo-dun 1ap ciia mang RNN chira mot layer

Vé kién trac mang LSTM: giong nhu RNN, né 1a mdt chudi cic mo-dun
dugc 1ap di 1ap lai. Tuy nhién, xét vé cAu trac thi LSTM c¢6 4 tﬁng mang no-ron
tuong tac voi nhau mot cach rat dic biét, goi do 1a cac ting an (hidden layer).
Mot s6 bién thé cua LSTM duoc thuc hién dua trén viée thay ddi vi tri két nodi

gifta cac tang va cong.

® ® &

f f f
N /x - |\=
ST

|
&) ®© ©

Hinh 2.3.1.1. Cac mo-dun lip ctia mang LSTM chira bon layer

L&p 4n mang Toén tir Truyén Phép nbi cac Sao chép
No-ron Pointwise Véc-to toan hang

Hinh 2.3.1.2. Cac ki hi€u str dung trong mang LSTM

Cac ky hiéu str dung trong mang LSTM duoc nhu hinh 1.15.3 sau day:

— Hinh chi nhat 13 cac 16p an ctia mang no-ron
— Hinh tron biéu dién toan tir Pointwise
— DPuong ké gop lai véi nhau biéu thi phép noi cac toan hang
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— Va dudng 1& nhanh biéu thi cho sy sao chép tir vi tri ndy sang vi tri khac

2.3.2. Phan tich mé hinh LSTM

LSTM 1a mdt mang no ron hoi quy c6 dang 1a mot chudi cac mo-dun lap di
lap lai cia mang no-ron. Cac mo-dun trong né cé cau trac khac véi mang RNN
chuan. Thay vi chi c6 mot ting mang no-ron, chiing c6 téi 4 ting twong tac voi

nhau mot cach rat dac biét.

Hinh 2.3.2.1. Té bao trang thai LSTM giéng nhu mot bang truyén
Chia khoa cia LSTM 1a trang théi té bao (cell state). Trang thai té bao 1a
mot dang giéng nhu bang truyén. N6 chay xuyén sudt tat ca cdc mat xich (cac
nat mang) va chi tuong tac tuyén tinh doi chaut. Nho d6 cac thong tin co thé dé

dang truyén di thong sudt ma khong so bi thay doi.

LSTM c6 kha ning bo di hodc thém vao cac théng tin can thiét cho trang
thai té bao, ching duogc diéu chinh cin than boi cac nhoém duge goi la céng
(gate).

Cac cong 1a noi sang loc thong tin di qua nd, ching dugc két hop boi mot
tang mang sigmoid va mot phép nhan.

Tang sigmoid s& cho dau ra 1a mot sé trong khoan [0, 1][0,1], mo ta c¢6 bao

nhiéu thong tin c6 thé dugc thong qua.
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Khi dau ra 13 00 thi c6 nghia 1a khong cho thong tin ndo qua ca
Khi 12 11 thi c6 nghia 13 cho tat ca cac thong tin di qua no.
Mot LSTM gom c6 3 cong nhu vy dé duy tri va diéu hanh trang thai cua té

bao.

_®_

Hinh 2.3.2.2. Cong trang thai LSTM

Budc dau tién cia LSTM 14 quyét dinh xem thong tin nao can boé di tir trang
thai té bao. Quyét dinh nay dugc dua ra boi ting sigmoid - goi 1a “tang cong
quén” (forget gate layer).

NO sé léy dau vao 1a hyq va X, roi dua ra két qua 1a mot $b trong khoang [0,

1][0,1] cho mdi sé trong trang thai té bao Ciy

Pau ra 1a 11 thé hién rang né giit toan bd thong tin lai, con 00 chi rang toan

b0 thong tin s& bi bo di.

fir =0 (Wyg-lhi—1, 2] + by)

Hinh 2.3.2.3. LSTM focus f

Pau tién 14 sir dung mot tang sigmoid duoc goi 1a “ting cong vao” (input

gate layer) dé quyét dinh gié tri ndo s& cap nhat.
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iv =0 (Wi-lht—1,2¢] + b;)
ét = t&nh(WC'[ht_h ZL‘t] + bC’)

Hinh 2.3.2.4. LSTM focus 1

Tiép theo 1a mot tang tanh tao ra mot véc-to cho gia tri méi nham thém vao
cho trang thai. Sau do két hop 2 gia tri do lai dé tao ra mot cap nhap cho trang
thai.

Cip nhép trang thai té bao cii C.; thanh trang thai méi C..

Thuc hién nhén trang théi cii v6i f; &é bo di nhiing thong tin ta quyét dinh
quén luc trude. Sau d6 cong thém i; C;.

Trang thai méi thu dugc nay phu thudc vao viée ta quyét dinh cip nhap mdi

gia tri trang thai ra sao.

Cf —1 P
—(Xr O, >

ffT f'fr‘%é Cer=fe#Cr_1+ 14 % Ct

Hinh 2.3.2.5. LSTM focus ¢

Cubi cung, ta cin quyét dinh xem dau rala gl.

Gia tri dau ra s& dya vao trang thai té bao, nhung s€ duoc tiép tuc sang loc.
Pau tién, ta chay mot tang sigmoid dé quyét dinh phan nao cia trang thai té bao
mudn xuat ra. Sau do, ta dua nd trang thai té bao qua mdt ham tank dé ¢6 gia tri
n6 vé khoang [-1, 1], va nhan n6 véi dau ra cia cong sigmoid dé duoc gia tri dau

ra ta mong muon.

44



PO AN TOT NGHIEP Trwong Pai hoc Qudn Ii va Cong nghé Hdai Phong

he A\
‘%ﬁ’ op =0 (W, [hi—1,2z¢] + Do)
. 0] n ht = Ot * tanh (Ct)
“t—1 ’

A

2.3.3. Mt s6 bién thé ciia LSTM
Mot dang LTSM phd bién dugc gidi thiéu bai Gers & Schmidhuber

(2000) dugc thém cac dudng két ndi “peephole connections”, 1am cho céc ting

cong nhan dugc gia tri dau vao 1a trang thai t€ bao.

Ji =0 (Wg-[Comyhe—1, 2] + by)
iv = o (W;-[Ci—1,hi—1, 2] + bi)
— o =0 (Wy-[Cy, hi—1, ] + by)

M6t bién thé khac 1a néi 2 cong loai trir va dau vio véi nhau.

Thay vi phéan tach cac quyét dinh thong tin loai trir va thong tin méi thém
vao, ta s& quyét dinh ching cung véi nhau luén. Bo di thong tin khi ma ta thay
thé n6 bang thong tin méi dua vao. Pua thong tin mdi vao khi ta bo thong tin cii

nao do di.

P‘®" Ci=fixCiy + (1= fi)  C;

Hinh 2.3.3. Bién thé nbi 2 cong loai trir va dau vao véi nhau.
Mot bién thé khac ciia LSTM la Gated Recurrent Unit, hay GRU dworc giéi
thiéu béi Cho, et al. (2014).
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N6 két hop cac cong loai trir va dau vao thanh mot cong “cong cap nhap”
(update gate). N6 ciling hop trang thai té bao va trang thai 4n véi nhau tao ra mot
thay d6i khac. Két qua 1a mé hinh cia ta s& don gian hon mé hinh LSTM chuan

va ngay cang trd nén pho bién.

Zt = U(Wz : [ht—laxtD
Ty = U(Wr : [ht—lawt])
h; = tanh (W [y * hy—1, x¢])

ht:(l—zt)*ht_1+zt*ﬁt

Hinh 2.3.3.1. Bién thé Gated Recurrent Unit

2.3.4 Két luan

LSTM 1a mdt cai tién cho RNN véi muc dich gitip cho tit ca cac budce cua
RNN c6 thé truy van dugc thong tin tr mdt tap thong tin 16n hon.

Vi du, néu ban sir dung RNN dé tao mo6 ta cho mgt blrc anh, no6 c6 thé lay
mot phan anh dé du doan mo ta tur tat ca cac tir dau vao.

LSTM hoat dong thuc su tdt hon nhiéu so véi RNN cho nhiéu bai toan
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CHUONG 3 UNG DUNG WORD2VEC CHO XU LY CHO DU
LIEU TIENG VIET

3.1. Bai toan phan loai quan diém binh luan

Phan tich tinh cam (Sentiment Analysis) hay khai pha quan diém (Opinion
Mining) nguoi dung 1a linh vuc da va dang thu hut dugc sy quan tdm cua cong
ddng cac nha nghién ciru cling nhu cac nha phat trién tng dung. Cing véi su
phat trién ciia mang may tinh toan cau va céc thiét bi di dong, nguoi dung da tao
ra mot luong dir liéu danh gia khong 10 trong qua trinh ho tuwong tac trén céc
trang mang xa hoi, cac trang dién dan, cac trang danh gia san pham, v.v. Nguoi
dung hay nha san xuat thuong mudn biét san pham hay dich vu ma ho quan tim
duoc danh gia 13 tich cyc hay tiéu cu dé quyét dinh lya chon hay san xuat né. Do
do6, viéc khai thac cac thong tin hiru ich tir dir liéu da dugc binh luan trén mang
s& gitip ho nam duoc xu thé dang duoc danh gia, binh luan hay thé hién tinh cam
vé cac san pham, dich vuy, sy Kién, v.v. 1a khen hay ché va dugc thé hién nhu thé

nao.

M6t trong nhing bai toan da va dang duoc nghién ctru va trién khai cho céc
tng dung thyc té 13 bai todn phan loai quan diém ngudi ding (sentiment
classification) 1a tich cuc hay tiéu cuc duoc phat biéu nhu sau:

Input: Cho mét tai liéu .csv mang dit liéu gdm 3 cot, chira diém danh gia
(rate), chtra cac binh ludn mang quan diém (review), gan nhin quan diém cho
binh luan ‘-1’ hoac ‘-1’ (label).

Output: Két qua hién thi ra sau khi chay chuong trinh gdm diém danh gia
va do chinh x4c cta binh luan sau khi xir i, phan loai xem quan diém cia binh

luan do 1a tich cuc hay tiéu cuc.
CAu truc file CSV bao gom: 3 cot
Cot 1(Rate) chira diém danh gia quan diém cua binh luan
Cot 2 (Review) chira cac binh luan mang quan diém

Cot 3 (Label) chira cac nhan 1 hodc -1 da dugc gan twong tmg véi tirng binh

luan.

Vi du 3.1. vé binh luén chira thong tin cht quan: “Ngoai viéc it rom cho em

nay ra, ko c6 gi dé ché bai em A650 vao thoi diém nay vi nhin vao gia hang xach

47



PO AN TOT NGHIEP Trwong Pai hoc Qudn Ii va Cong nghé Hdai Phong

tay Han Quédc thi em nay cau hinh cao ma gia lai rat tot, nhung nguoc lai may lai

¢o su on dinh cao.”

Vi dy 3.2. V& binh luan chtra thong tin khach quan: “Chao cac bac. Em
dung bé treo 650, sang nay thirc ddy tu nhién em né li¢t mot lac 3 phim
backspace, space va cai phim den den nam dudi chit A nita. Thé 1a ko nhan tin
duoc ntra. Méy bro ¢6 thé chi cho em biét nd bi sao ko a? véi lai & sai gon thi

nén mang em no6 dén dau dé stra?”

Thuc hién phéan loai tinh cdm cho binh luan chira quan diém trong vi du 3.1:
“Ngoai viéc it rom cho em nay ra, ko c6 gi dé ché bai em A650 vao thoi diém
nay vi nhin vao gid hang xach tay Han Qudc thi em nay céu hinh cao ma gié lai

rat tot, nhung nguoc lai may lai ¢ sy 6n dinh cao”.
Két qua phan loai phan cuc cho tai li¢u nay sé 1a: “tich cuc”

Trong ung dung phan loai binh luan tiéng Viét. P4 an st dung tap di liéu
binh luan vé dich vu an udng da dugc gan nhan. Thong tin mdi binh luan gom:
Rate: diém danh gia tinh chu quan cua binh luan, Review: N6i dung binh luan,
Label: nhan mot trong hai gia tri: 1: danh gia tich cuc, -1: danh gia tiéu cuc. Tap
dir liéu gdm c6 4086 binh luan dugc luu trit trong tép CSV gom:

1765 binh luan tiéu cuc dugc gan nhan quan diém = -1".

. I T

1 |Rate Review Label
2 4.0 Minh thé 14 minh ko thé cim ndi d6 &n & aeon mall Minh d thit &n tir nha hang dén £ -1
3 3.8 Doi khi thém 1én 1a bét chdp nang nong phi Va bao gio sang ciing chi dong do & quay® -1
4 3.8 Ngd treo bién cafe trimg ding kiéu phé 6 ha noi rat séu va nhd teo vira dl nquoi di » -1
5 3.8 Minh thay dia chi cafe Giang ¢ Nguyén Hiru Huan chi ngon héi ngay xua con bay gio » -1
6 2.2 Minh la nguoi Ha Noi va ciling cue ky kho tinh trong chuyén &n Nha minh & pho Hang? -1
7 3.4 Minh la mot nguoi kha kho tinh trong chuyén an theo moi nguoi nhéan xét la sanh Nhe -1
8 3.8 Gia phit hop sinh vién hoc co ma lan dau tién dén co so Ta Quang Biru thi thai do phu -1
9 1.0 Minh dét hang coc tlr quan xac nhén don hang ma dén git da hen thdy minh goi dién? -1
10 11,0 Méu tim tkay -1
n4.0 [Hom nay di dao qua noi himg muén thir kem 6c qué v trudc nay chi moi thir kem que| -1
12 1.4 Pang dinh cd thién cAm vi kem 6c qué lai ngon va gion nhu trude thi lic mua kem que -1
13 3.6 Kem & day khong co j dac biét so véi & SGon gia ko kem ko khac may cho khac néu kh -1
14 3.8 Kem ¢ dav khona con nhw naav xwa nira naav tir huona vi cho dén chat Khona biévs ce -1
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2321 binh luan tich cyc dugc gan nhan quan diém = 1’

A B C

1 Review Label

2 9.0 Khu &m thyc véi da dang d6 lai con bay tri dep nén la rat » 1
3 9.0 Lic nao dén aeon la lic ddy phai téng mot déng thir vao mé 1
4 110.0 Béanh ngon lai ré ché dau duoc gan hét cac loai banh ludn r* 1
5 19,0 Ngon ré 1
6 9.6 T6i sap chét vi ngap trong sushi mattttt Lén ha noi lan nao® 1
7 9.0 Trong nay rong nén ci di long va long vong mai cling thay » 1
8 10.0 Pén day rat tién vi cod xe bus réng an tang siéu lan dau mi» 1
9 9.0 Pén Aeon mall 1dn mac du minh da c6 hen vdi ban sé an tai® 1
10 9.8 Nhéac dén Aeon Minh chi c6 thé néi day la noi that sy RAT P 1
11 9.0 P6 dé uéng déu phong da dang va Minh di budi séng nén 1
12 |10.0 Minh ciing da timg qua Noi chung la rong rai nhung hang ?» 1
13 9.8 Ghé lan thich oi la thich 1
14 9.2 nghe danh cafe trimg ctia Giang da lau ma nay mai co dip ¢ 1

D6 an su dung moé hinh LSTM trong thu vién Keras caa Python dé phan

loai cac binh luan 13 tich cuc hay tiéu cuc, cic nhiing véc-to tir bang cong cu
Embedding trong Keras.

3.2 Ung dung thuc nghiém

3.2.1. Thu vién sir dung

Sklearn

Scikit-learn 1a mot thu vién may hoc phan mém mién phi cho ngén ngir lap
trinh Python

Numpy

Numpy la mét thu vién 161 phuc vu cho khoa hoc may tinh cua Python, hd
tro cho viéc tinh toan cdc mang nhi€u chiéu, c6 kich thudc 16n véi cac ham

da dugc to1 vu dp dung 1én cadc mang nhiéu chiéu do

Pandas

Pandas 1a mot thu vién ma nguén ma, hd tro dic luc trong thao tac dir liu.
Day ciing 1a by cong cu phan tich va xtr ly dir liéu manh mé cua ngén ngix
lap trinh python. Thu vién nay duoc sir dung rong rai trong ca nghién ctru

1An phat trién cac (mg dung vé khoa hoc dit liéu

Keras

Keras 1a mot thu vién phan mém ma ngudén mé cung cap giao dién Python
cho cac mang no-ron nhan tao. Keras hoat dong nhu mot giao dién cho thu

vién TensorFlow

Tokenizer

Tokenizer 1a mot thudt toan ¢6 nhiém vu tach tir, cum tir trong van ban.

LSTM

la m{t mang than kinh hoi quy nhan tao dugc st dung trong linh vuc hoc
sau. Khong giéng nhu cac mang than kinh truyén thang tiéu chuan, LSTM
c6 chira cac két nbi phan hdi. Mang khéng chi xur 1y cac diém dit liéu don

49




PO AN TOT NGHIEP Trwong Pai hoc Qudn Ii va Cong nghé Hdai Phong

1¢, ma con xur 1y toan bd chuoi dir ligu

Béang 3.2.1. Céc thu vién st dung

3.2.2. Python

Python dugc Guido van Rossum phat trién vao cudi nhitng nam tam muoi
va dau nhiing nam chin muoi tai Vién nghién ctru qudc gia vé€ toan hoc va khoa

hoc may tinh & Ha Lan.

Python la ngén ngir 1ap trinh hudng dbi tuong, cép cao, manh mé€, duoc tao
ra bdi Guido van Rossum. N6 dé dang dé tim hiéu va dang noi 1én nhu mot trong
nhiing ngdn ngit 1ap trinh nhap mon tot nhat cho ngudi 1an dau tiép xtc véi ngon
ngir lap trinh. Python hoan toan tao kiéu dong va sir dung co ché cip phat bo nhé
tu dong. Python cé cau trac dir liéu cép cao manh mé va cach tiép can don gian
nhung hiéu qua ddi véi lap trinh hudng ddi twong. Ch phap 1énh cta Python 1a
diém cong vo cung 16n vi su ro rang, dé hiéu va cach gd linh dong lam cho no
nhanh chéng trd thanh mot ngdn ngir 1y twong dé viét script va phat trién tng
dung trong nhiéu linh vuc, & hau hét cac nén tang.

3.2.3. TensorFlow

Tensorflow 13 mot thu vién ma ngudén md cung cap kha nang xt i tinh toan
s6 hoc dua trén biéu d6 mo ta su thay doi cua dit liéu, trong dé cac node 1a cac
phép tinh toan hoc con cac canh biéu thi ludng dir liéu. Trong tesorflow c6 mot
vai khai niém co ban sau.

Tensor 1a ciu trac dir lidu trong tensorflow dai dién cho tat ca cac loai dir
liéu. N6i cach khac, tit ca cac kiéu dit lidu khi dua vao trong tensorflow thi déu
dugc goi la Tensor. Vay nén co thé hiéu duoc Tensorflow 1a mot thu vién mo ta,
diéu chinh dong chay cta cic Tensor. Tensor c¢6 3 thudc tinh co ban la rank,

shape va type:

Rank 13 s6 bac cua tensor. Vi du Tensor = [1] thi ¢6 rank = 1, Tensor =
[[3,4],[5,6]] thi s& c6 rank = 2. Viéc phan rank nay kha quan trong vi n6 dong
thot cling gitp phan loai dit li€u cta Tensor. Khi cac rank dac biét cu thé, Tensor

c6 nhirng tén goi riéng nhu sau:
Scalar: Khi Tensor c6 rank bang 0.

Vector: Vector 1a mot Tensor rank 1.
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Matrix: Pay 1a mot Tensor rank 2 hay mang hai chiéu theo khai niém cua
Python.

N-Tensor: Khi rank ctia Tensor tang Ién 16n hon 2, chiing duoc goi chung la
N-Tensor.

Shape 13 chiéu cua tensor. Vi du Tensor = [[[1,1,1], [178,62,74]]] s& ¢
Shape = (1,2,3), Tensor = [[1,1,1], [178,62,74]] s€ c6 Shape = (2,3).

Type kiéu dit liéu ctia cac elements trong Tensor. Vi mot Tensor chi ¢ duy
nhat mot thudc tinh Type nén tir d6 ciing suy ra 13 chi c6 duy nhat mot kiéu Type

duy nhét cho toan b cac elements ¢ trong Tensor hién tai.

3.2.3.1. Cach cai dat TensoFlow
Yéu ciu hé thong

Tensorflow hd trg Python 2.7 va Python 3.3+, do dung Ubuntu 1én Python
duoc cai dat san.

Ban Tensorflow GPU can cai dat Cuda Toolkit 7.0 va cuDNN v2.
Cai pip:

# Ubuntu/Linux 64-bit
$ sudo apt-get install python-pip python-dev

# Mac OS X
$ sudo easy_install pip

Sau do6 cai Tensorflow:

# Ubuntu/Linux 64-bit, CPU only:
$ sudo pip install --upgrade https://storage.googleapis.com/tensorflow/linux/cpu/tensorflow-
0.6.0-cp27-none-linux_x86_64.whl

Cai ban ¢6 ho trg GPU:

# Ubuntu/Linux 64-bit, GPU enabled:
$ sudo pip install --upgrade https://storage.googleapis.com/tensorflow/linux/gpu/tensorflow-
0.6.0-cp27-none-linux_x86_64.whl

3. 3. Cac budrc thuc hién

3.3.1. Import cac thw vién can thiét

import keras.models

import numpy as np # linear algebra

import pandas as pd # data processing, CSV file 1/0 (e.g. pd.read_csv)
from keras_preprocessing.text import Tokenizer
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from sklearn.feature_extraction.text import CountVectorizer
from keras.preprocessing.text import Tokenizer

from keras.preprocessing.sequence import pad_sequences
from keras.models import Sequential

from keras.layers import Dense, Embedding, LSTM

from sklearn.model_selection import train_test_split

from keras.utils.np_utils import to_categorical

import re

3.3.2. Loc cac cdt can thiét bing cach sir dung DataFrame ciia pandas

path = *./data/SentNew.csv"
data = pd.read_csv(path)

data = data[['Review", Label']]
print(data[['Review’,'Label']])

Trong tap dir licu binh luan cho bai toan nay chi chira cac binh luan duoc
gan nhan la tich cuyc tuong ing véi nhan = ‘1’ va ti€u cuc tuong ing vo1 nhan =
“-1°. X4c dinh s6 dic trung toi da 1a 2000, va sir dung Tokenizer dé véc-to hoa va
chuyén d6i van ban thanh chudi. Tir d6 ¢ thé xur 1y dit liéu dau vao cho mang.
data['Review'] = data['Review'].apply(lambda x: x.lower())
data['Review'] = data['Review'].apply((lambda x: re.sub('["a-zA-z0-9\s]","" ,x)))

print(data[ data['Label"] == "1"].size)
print(data[ data['Label"] == *-1'].size)

for idx,row in data.iterrows():
row[0] = row[0].replace(‘rt'," *)

max_fatures =2000
X = data['Review"].values //posts

tokenizer: Tokenizer = Tokenizer(num_words=max_fatures, split="")
tokenizer.fit_on_texts(data['Review"].values)

X = tokenizer.texts_to_sequences(data['Review'].values)

X = pad_sequences(X)
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2021-B87-14 07:51:17.251862: W tensorflow/stream_executor/platform/default/dso.
2021-87-14 07:51:17.251883: I tensorflow/stream_executor/cuda/cudart_stub.cc::
Review Label

0 Minh th& 13 minh ko thé& cam ndi dd an & aeon ... -1
1 Ppéi khi thém 1&n 13 b3t chdp nang néng phi Va... -1
2 Ngé treo bién cafe tring dong kiéu phd cd ha ... -1
3 Minh thdy dia chi cafe 6idng & Nguyén Hiu Hua... -1
4 Minh 13 ngudi Ha NOi va cing cyc Ky Kho tinh ... -1
4402 Phuc vu tét ah 1
4403 Pd udng siéu ngon 1
4404 Nhan vién siéu siév nhiét tinh 1
4405 that 14 toet 1
4406 Tra sUa ngon nhadn vién ban hang nhiét Likeeeeeee 1

[4407 rows x 2 columns]

Thiét 14p mang LSTM. Céac bién embed dim, Istm out, batch size,
droupout_x 13 cac gia tri siéu tham sb, cdc gid tri ndy phai truc quan hoa dé
chuong trinh chay c6 két qua xu 1y t6t nhat. Thuc hién nhung tir, bang céng cu
cua Keras.

embed _dim =128
Istm_out =196

model = Sequential()

model.add(Embedding(max_fatures, embed_dim,input_length = X.shape[1]))
#model.add(SpatialDropout1D(0.4))

model.add(LSTM(Istm_out, dropout=0.2, recurrent_dropout=0.2))
model.add(Dense(2,activation="softmax"))

model.compile(loss = ‘categorical_crossentropy’, optimizer="adam’,metrics = [*accuracy'])
print(model.summary())
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Model: "sequential”

Layer (type) Output Shape Param #

cubosing (Eeosaeies)  (hows, 950, 128)  csosns
Lsta (LSTH)  (Nome, 296) 254800
dense (Dense)  (Nome, 22 304

Total params: 511,194
Trainable params: 511,194
Non-trainable params: 8

3.3.3. Thiét 1ap tap dit liéu cho viéc huén luyén va thir nghiém

Y = pd.get_dummies(data[’Label‘]).values

X_train, X_test, Y _train, Y_test = train_test_split(X,Y, test_size = 0.33, random_state = 42)
print(X_train.shape,Y _train.shape)

print(X_test.shape,Y _test.shape)

Két qua:

(2952, 930) (2952, 2)
(1455, 938) (1455, 2)

3.3.4. Huén luyén mé hinh

batch_size = 32
model.fit(X_train,Y _train,batch_size=batch_size,epochs=7,verbose =1)

2021-07-14 87:51:20.128093: I tensorflow/core/platform/profile_utils/cpu_utils.cc:114] CPU Frequency: 2499950000 Hz

Epoch 1/7
93/93 [ ] - 251s 2s/step - loss: 8.6247 - accuracy: B0.6646
Epoch 2/7
93/93 [ ] - 218s 2s/step - loss: 0.3717 - accuracy: 0.8328
Epoch 3/7
93/93 [ ] - 2085s 2s/step - loss: 8.2793 - accuracy: 8.8868
Epoch 4/7
93/93 [ ] - 287s 2s/step - loss: 0.2146 - accuracy: 0.9072
Epoch 5/7
93/93 [ ] - 212s 2s/step - loss: 8.1875 - accuracy: 8.9272
Epoch &/7
93/93 [ ] - 218s 2s/step - loss: 0.2192 - accuracy: 0.9169
Epoch 7/7
93/93 [ 1 - 203s 2s/step - loss: 0.2608 - accuracy: 8.8978
18/18 [ ] - 6s 293ms/step - loss: 0.3586 - accuracy: 0.8487
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3.3.5. Panh gia dj chinh xidc ctia moé hinh:

validation_size = 880

X_validate = X_test[-validation_size:]

Y _validate = Y_test[-validation_size:]

X_test = X_test[:-validation_size]

Y _test = Y_test[:-validation_size]

score,acc = model.evaluate(X_test, Y _test, verbose =1, batch_size = batch_size)
print(“Piém danh gia: %.2f” % (score))

print(“P9o chinh xac: %.2f” % (acc))

piém danh gia: 0.36
6 chinh xac: 0.83

Danh gia tap dir licu test: Trong dir li¢u nay cac binh luan tich cuc nhiéu
hon 1a cac binh luén tiéu cuc. Do d6 viéc danh gid cac binh luan tich cuc la tbt
hon so véi1 binh luan tiéu cuec.

Phén 16n cac md hinh hoc sau cho két qua tot hon khi c6 tap dit liéu 1on.
pos_cnt, neg_cnt, pos_correct, neg_correct=0,0,0, 0
for x in range(len(X_validate)):

result = model.predict(X_validate[x].reshape(1,X_test.shape[1]),batch_size=1,verbose =
2)[0]
if np.argmax(result) == np.argmax(Y_validate[x]):
if np.argmax(Y _validate[x]) == O:
neg_correct +=1
else:
pos_correct += 1
if np.argmax(Y_validate[x]) == 0:
neg_cnt+=1
else:
pos_cnt +=1

print(“Po chinh xac véi binh luén tich cwe”, pos_correct/pos_cnt*100, “%6”)
print(“Po chinh xac véi binh luén tiéu cwe”, neg_correct/neg_cnt*100, “%”)

3.3.6. Két qua danh gia dir liu test:
P6 chinh xac vdi binh luan tich cuvc 90.07633587786259 %
D0 chinh xac vdi binh lvan tiéu cyc 79.7752808988764 %

Str dung mo hinh dé phan loai mdt binh luan la tich cuc hay ti€u cyc:

#Test binh ludn la positive
twt = ['Lan dau tién vao ve ngay lap tirc bi nghién tra dao va bong lan trirng muoi chac
ngay nao ciing phai ra day thoi']
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twt = tokenizer.texts_to_sequences(twt)
twt = pad_sequences(twt, maxlen=28, dtype="'int32’, value=0)
print(twt)
sentiment = model.predict(twt,batch_size=1,verbose = 2)[0]
if(np.argmax(sentiment) == 0):

print(“Tiéu cuc”)
elif (np.argmax(sentiment) == 1):

print(“Tich cuc”)

Két qua thuc hién

[l ® # # ® ® 8 ®© ® B ©© © 6 ©®© O © B ©6 O
@ © © B8 6 0 0 144 501 44]]
WARNING:tensorflow:Model was constructed with shape (None, 930) for input KerasTensor(type_spec=
1/1 - 1s
Tich cuc

Do an da xay dung chuong trinh thuc nghiém dé phan loai dir liéu binh luan
tiéng Viét 1a tich cuc hay tiéu cyc. Chuong trinh méi chi mang tinh thir nghiém
phuong phap va két qua thuc nghiém cho bai toan chua cao vdi do chinh xac cua
mo hinh 1a 0.83% do bd dir liéu huan luyén nhé va chua thuc hién duoc cac tbi
wu vé tham sb. Trong thoi gian tiép theo, em s& tiép tuc nghién ctu va thu
nghiém véi cac bo dit ligu 16n hon va thyc hién cac budc tién xir 1y dit liéu nhdm
nang cao hiéu nang cua mo hinh.
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KET LUAN

Trong dd 4n nay em da tim hiéu vé mot sb phuong phap biéu dién tir bang
véc-to, mot s6 phuong phap hoc sau str dung dic trung véc-to tir lam dau vao xur
1y va ung dung phuong phap LSTM str dung véc-to tir 1a dac trung cho bai toan
phan loai quan diém binh luan tiéng Viét.

Db 4an sir dung tap dit liéu binh ludn quan diém ngudi dung vé cac dich vu
an ubng da dugc gan nhan quan diém duoc luu trir trong tép dix lieu gom 4086
binh luan trong d6 1765 binh luan tiéu cuc va 2321 binh luan tich cyc. Cac binh
luan tich cuc duoc gan nhan gia tri la ‘1° binh luén ti€u cuc la *-1°.

D6 4an di thuc hién cai dat TensorFlow, chuong trinh thyc nghiém duoc viét
trén ngon ngir Python. Str dung phuong phap nhung tir va phan loai LSTM trong
thu vién Keras dé phan loai quan diém voi do chinh xdc mo hinh dat 83%.

Do chinh xac ctia md hinh chua that sy cao vi dit liéu con mét sé han ché do
chua tién xtr Iy van ban do cac 16i viét tat trong cac binh luan va dir liéu huan
luyén con nho. Trong thoi gian téi em sé tiép tuc nghién ctru dé cai thién cac han
ché nham nang cao d6 chinh xac cho bai toan.
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