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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 cua 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
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BANG CAC TU VIET TAT

Viét tat Pay dii Y nghia

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




TOM TAT NQI DUNG

Mang neural hdi quy RNN duoc ap dung rat rong ri trong cac bai toan xir Iy ngon
ngir tu nhién NLP. Do mang h6i quy RNN mé hinh héa dugc ban chét caa dir 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 cia may tinh ngay cang manh mé nén da thuc hién hoa duogc
viéc huan luyén mang neural hdi quy nhiéu tham sé von yéu cau nhiéu budc tinh toan
hon so voi mang neural thong thudng. Do dé, viéc &p dung mang RNN c6 thé coi 1a mot
budc dot pha trong xt ly ngdn ngi.

Luan vin s& trinh bay vé ly thuyét mang neural RNN va cai tién cia n6 1a LSTM
cing véi mot s6 thuat toan hoc may quan trong trong qué trinh xir Iy dit liéu ngdn ngi.
Cudi cung, luan van s& md ta viéc 4p dung va két qua khi si dung mé hinh LSTM trong
bai toan trich xuat thong tin quan diém. Thuat toan s& dugc danh gia dua trén hai tap dir
liéu 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 nhiing 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 lugng, 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 dugc mang ludi nguoi sir dung rong rdi doi hoi rat nhiéu cong stc.
Mot trong nhimg phuong phéap co ban va hiéu qua nhat I lang nghe y kién phan hdi cua
khach hang vé san pham dich vu. Dya trén nhitng y kién phan héi 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 (g dung rat 16n trong cudc séng.

Cung vai su phat trién cua thiét bi di dong va mang internet, ngudi ding cé 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 céc hinh thirc méi hon nhu viét phan hoi trén cac trang
mang xa hoi, viét bai review san pham, phan hoi ngay trén trang gisi thiéu san pham hay
trén cac dién dan. Tir cAc nguon ké trén, dit lidu 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.

Ludn vin cta toi 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. Pong thoi, toi trinh bay nhitng thach thic cia viéc trich xuat
thong tin quan diém sir dung mé hinh hoc may.

Chuong 2: Trinh bay cac phuong phap va mot s6 thuat toan sir dung cho bai toan
trich xuat thong tin quan diém. Trong do, ti s& trinh bay k§ vé mo hinh mang Recurrent
Neural Network (RNN), mé hinh tién tién dang dugc ap dung cho viéc xtr ly thdng tin
dang chudi nhu vin ban.

Chuong 3: Trinh bay viéc 4p dung mo hinh RNN cho bai toan phén 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
1.2 Bai toan trich xuat théng tin quan diém

Bai ton trich xuat thong tin quan diém dwa trén cac thdng tin phan héi cua ngudi
st dung nhiam phan loai phan héi d6 1a tich cuc hay tiéu cuc. Thong tin phan hdi cua
ngudi ding dugc téng hop dudi dang van ban tir nhidu ngudn khac nhau nhu trén trang
ban hang, Facebook, hé théng cho cua Google hay Apple. Dya trén dénh gia ctia nguoi
dung, két qua cua chién lugc marketing hay quang ba san pham dugc xac dinh 1a ¢é hiéu
qua hay khoéng.

Bai toan trich xuéat thong tin quan diém (sentiment analysis) 1a 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 hat duoc sy quan tam Ién cta cong dong
nghién ctiru n6i chung va cong dong xu ly ngén ngi tu nhién noi riéng bai hai yéu t:

Thi nhat, do su bung n6 thong tin va mang xa hoi nén con ngudi ¢ thé ty do chia
sé y kién cam nghi. Trong lich st loai ngudi, day 1a thoi diém luong théng tin néi chung
va thong tin vé y kién quan diém nai riéng phat trién rat nhanh va manh. Luong thong tin
chia sé trén mang xa hoi 1a khong 16 . Nhan thay rang néu cé thé khai thac thong tin tir
lugng dir liéu khong 16 nay thi s& cho phép khai pha rat nhiéu théng tin quan trong gidp
xac dinh va giai quyét nhiéu van dé. Pon cir nhu c6 thé du doan, dinh hudng xu thé cua
cbng nghé, thoi trang, tiéu dung cuaa xa hoi.

Thi hai, sy da dang va két qua co thé thay rd khi 4p dung né vao mét s linh vuc
nhu phan tich tam 1y ngudi dung, nghién cuu thi truong. Vi du nhu trong kinh doanh,
viéc phan tich va nim duoc cac y kién phan hoi cua nguoi sir dung, khach hang sé gidp to
chte, 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 cia thi truong, nang cao
két qua kinh doanh nhd ndm bat dugc thi hiéu va kénh cham soc khach hang hiéu qua.

Quan diém duoc chia Iam cha yéu 13 hai loai 14 tich cuc (positive) va tiéu cuc
(negative). Ngoai ra trong mot s6 truong hop xét t6i ca loai thir ba 1a trung 1ap (neural).

1.3 Cac hwéng tiép can va giai quyét bai toan

1.3.1 M& hinh Support Vector Machine

1.3.2 K-nearest neighbors



CHUONG 2: MANG NEURAL VA RNN

2.1 Mang neural nhéan tao ANN

2.1.1 Mang no-ron sinh hec

2.1.2 Kién tric téng quat cia mang neural nhan tao
2.2 Mang neural hdi quy RNN

Cac mang ANN khéng thé 1am duoc diéu nay vi ban chat né 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 16p dau vao, 16p an va lép dau ra 1a doc lap vé mat thoi gian.
Trong khi d6, tinh chat thoi gian truéc sau lai 13 dic trung ctia ngdbn ngir van ban hay xu
ly ngdn ngir tu nhién. .

2.3 Van dé lwu trir thdng tin ngir canh phu thudc 1au dai.

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

2.4. Mang Long short-term memory

Long short term memory la 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 md hinh RNN, tai thoi diém t thi gia tri cua vector an ht chi duoc
tinh bang mot ham tanh

LSTM ciing c6 cau tric mat xich twong tw, nhung cac module 1ap ¢6 cau tric khac
han. Thay vi chi c6 mot layer neural network, thi LSTM c6 téi 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.

Hinh 2.1 Module lgp cia magng LSTM



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

3.2.1 Bag of Words

3.2.2 TF-IDF

3.2.3 Word2vec

Giéi thigu

Chi tiét cach thwc hién

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

Viéc giai bai toan trich xuat thong tin quan diém s& bao gém viéc giai quyét mot
chudi cac bai toan nho hon. Chudi cac bai toan nhé hon nay duoc goi la pipeline caa mo
hinh hoc may.

Tién xtr ly Xiy dirng model vector héa

(tach tit, loai ky tw nhiéu) Word2Vector

<1

Word
Embedding

.

Kiém tra model RNN <::| Huan luyén model RNN <::| Xay dung model RNN

Hinh 2.2 Pipeline cua bai toan trich xudr théng tin quan diém sir dung RNN
e Tién xu ly kho ngit liéu
e Xay dung model vector hda Word2vec cho tap ngir liéu
e Word Embedding sir dung mé hinh két qua cua Word2vec dé vector tirng cau
trong tap ngir liéu
e Ap dung mang RNN dé giai quyét bai toan bao gom cac buéc nho: xay dung
model RNN, huan luyén model RNN, kiém tra model RNN
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CHUONG 3: KET QUA THUC NGHIEM

4.1 By ngir liu

Luén 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 la bo Food Reviews lay dir liéu tir Amazon [17]. Di liéu
duoc thu thap trong 10 nim, bao gém 568.454 danh gia vé san pham d6 an trén trang
thwong mai dién tir Amazon. Dir liéu bao gom ca théng tin san pham, thong tin nguoi
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 users 256,059
Mumber of products 74258
Users with = 50 reviews 260

Median no. of words per review 56
Timespan Oct 1999 - Oct 2012

Hinh 3.1 B¢ ngir li¢u tieng Anh

Positive Neural Negative
Review/score 4-5 3 0-2
S6 luong danh gia | 443.777 42.640 82.037

Hinh 3.2 Phan bo logi cau trong ngiz liéu tiéng Anh

Lam mot vai khao sat doi véi tap dir liéu nay tdi c6 mot sé thong tin nhu sau: cau
dai nhat 1a 1103 tir; trong d6 d6 dai cau gom 13 tir c6 sé lwong cau 16n nhat 1a 19166 cau.
Tinh duoc d6 dai cau c6 mean = 35.29 va sigma = 31.76.
4.1.2 Bp ngir liéu tiéng Vit

Bo ngit liéu tiéng Viét gdm 5.100 nhan xét vé san pham tin hoc bao gom 1.700
nhan cua tich cyc, tiéu cuc va trung tinh mai 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 c6 1 tu.
Trung binh sé tir trén cau 14 28,4 tu.
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Tich cuc

Trung tinh Tiéu cuc

1.700

1.700 1.700

4.2 Cai dit va thir nghiém
Céac thtr nghiém dugc cai dat so dung ngdn ngt python [16] trén moi trudong
python 3.6. M6t s thu vién caa python sir 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 dat cAc thuat toan co ban nhue SVM, ANN

Gensim Thu vién ho tro cai dat mo hinh Word2vec

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

Matplotlib Thu vién vé& cac loai d6 thi va hinh

4.2.1 Buéc tién xir ly

Tién xt Iy 1a budc quan trong khdng kém so véi cac budc xay dung mé hinh toan.
Theo Andrew Ng [8] tién xir ly tot mang lai két qua tét khéng ngd cho toan mé hinh. Tai
buéc tién xu ly, t6i chi yéu thuc hién viéc loai bo nhiing ky tw HTML, nhiing ky tu
khong phai la chit cai. Ham loai bo céc ky tu nhidu dau vao 1a mot phan hoi khach hang
va dau ra 1a phan hoi da duoc 1am min. M4 python ctia ham loai bo ky tu nhidu 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 thuc hién loai bo nhiing tir stopword trong phan hoi
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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
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)

Ddi vé6i bo ngir lidu tiéng Viét can thém budc tach tir, ¢ day co thé ding mot s6
cong cu tach tir ¢4 san nhu Pong Du [3] cua tac gia Luu Tuin Anh.
4.2.2 Xay dwng model Word2vec

Tir mang cac phan héi da duoc tién xu Iy, thuc hién xay dung mé hinh Word2vec.
M6 hinh Word2vec xay dung mét tir dién céc tir va gia tri anh xa vector cho tir do.

Khi dua mot cau vao, dua trén gia tri window téi sé tach dugc cac cap tur mé ta su
Xuat hién cua tir hién tai voi tir xung quanh. Gia sir dbi voi 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”.
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Window = 2

Em thay thiét_ké cla sony van dep hon

T hién tai

Dir liéu thu duoc
(thi€t_ke€ , Em), (thi€t_ké , thay ), (thi€t_ké& , cta ), (thi€t_ké , sony )

Hinh 3.3 Céch ldy cap tir dia 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 d6, tinh toan tdi wu ham mat mét 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. Nhiing tir c6 tan suat xuat hién 16n hon
min_count mai dugc dua vao mo hinh word2vec

e Window: gia trj ciia ctra s tir. Tai vi tri hién tai cua tir dang xét s& ghi nhan gié tri
window tir dimg trude va ding sau tir hién tai.

e Size: s6 luong feature mong mudn

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

4.2.3 Word Embedding

Word Embedding 14 qua trinh dwa céc tir trong cau vé dang dé mé hinh toan ¢ thé
hiéu dugc. Cu thé 1a tir dang text, cac tir s& dugc chuyén vé dang vector dic trung dé dua
vao mo hinh LSTM. Truéc khi dua vé dang vector cac cau can duoc chuan héa vé do dai.
Chon max_seq len 1a d dai cua cau, khi d6 tat ca cac cau trong tap huan luyén déu duoc
cit hodc néi dé c6 do dai max_seq_len.

Khi mot cau duoc dua vao, trude tién né s& duoc embedding theo sb index twong
g cua no 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 thay thiét k& cta Sony van dep hon

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

Embedding Matrix

20.000 tur

100 features

Piu ra
Cau dia duoc embedding

—_—

~ max_seq_len

100 features

Hinh 3.4 Qua 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 bd md hinh dua trén tu tudéng cua
thuat toan Mini-batch Gradient Decent. Thuat toan s& lay ngau nhién va khéng lap lai
batch_size bo dir lidu tir tap huan luyén. M6 ta qué trinh word embedding véi batch_size

cau nhu sau.
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Diu vao
Em thay thiét ké cla Sony van dep hon

Tai thich hang dot nay cta sam 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] Paura
[421 65 150 254 2541 547 175200000 ... Q] Batch_size cau da duvoc embedding

[7845 459 412 458 435451000 ... 0]]

Max_seq_len

Embedding Matrix

Batch_size

100 features
20.000 tir

—

|00 features
Hinh 3.5 Pua batch_size cdu vao mé hinh hudn luyén

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
c4c san pham thuong mai. Trudc tién, t6i can tao TensorFlow graph. Bé xay dung
TensorFlow graph, t6i dinh nghia mét s6 siéu tham sé (hyperparameter) nhu batch_size,
s6 lugng LSTM units, s6 lugng vong lap khi train.

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

Pbi v4i TensorFlow graph, tdi dinh nghia 2 placeholders dir lidu va nhan dua trén
s6 chiéu cua ma tran twong (ng.

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. S6
chiéu cua data s& 1a (batch_size x max_seq_len x num_feature). tdi dua data vao mé hinh
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LSTM bang viéc sir dung ham tf.nn.rnn_cell.BasicLSTMCell. Him BasicLSTMCell dau
vao 1a 1 siéu tham sb Istm_units 1a s6 luong units trong layer cua LSTM. Tham sé nay
phai duoc tinh chinh phi hop dbi voi mdi tap dir liéu dé dat két qua tét nhat. Ngoai ra,
khi huan luyén mé hinh mang neural, tdi nén dropout b6t cac tham sé dé tranh mé hinh bj
overfitting.

IstmCell = tf.contrib.rnn.BasicLSTMCell(lstm_units)
IstmCell = tf.contrib.rnn.DropoutWrapper(cell=IstmCell, output_keep prob=0.75)
value, = tf.nn.dynamic_rnn(IstmCell, 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 I16p LSTM thir nhat sé& 1a dau
vao caa l6p LSTM thir 2. Viéc xép chdng nhiéu I6p LSTM 1én nhau duoc 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 so 16p lan, dong thoi ciing ting thoi gian huan luyén, can thém dir liéu va dé bi
overfitting. Trong khudn kho cua cac tap dit liéu thu thap duoc trong luan vin, t6i s&
khong xép chdng cac 16p LSTM vi nhitng thir nghiém véi nhiéu 16p LSTM khéng hiéu
qua va gay overfitting. Pau ra caia md hinh LSTM 1a mot vector an cudi cing, vector nay
duogc thay d6i dé tuong ung 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)

Tinh toan d6 chinh xéc (accuracy) duwa trén két qua du doan cia mé hinh va nhan.
Két qua du doan md hinh cang giong véi két qua nhan thyc té thi mé hinh cang c6 do
chinh x&c 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 t6i can toi thiéu hoa gia tri 16i nay. Pinh nghia mot ham tinh 18i cross
entropy va mot layer softmax str dung thuat toan téi wu Adam véi learning_ rate duoc lya
chon nhu mot siéu tham sd.

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)
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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(humDimensions) + "/"

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

merged = tf.summary.merge_all()

Thuc hién cac tha nghiém véi md hinh LSTM c¢6 rat nhiéu loai tham sé can
turning thay d6i d6i voi mdi tap dix liéu. Vi du nhu lya 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 ... Dya trén rat nhiéu thi nghiém, toi sé rat ra duoc
mot s6 tham sb anh huong nhiéu hay it dén két qua thuc hién huan luyén. Tir do, tdi c6
thé rat ra dugc nhiéu két luan bé ich caa thuc nghiém.

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

Viéc cai dat mot sb thuat toan nhu SVM, KNN c6 vai tro so sanh két qua ddi Voi
thuat toan LSTM ma tdi da xay dung. Dé cai dit 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 xuét théng tin quan diém
4.3.1 Mt sb thir nghiém va két qua trén bd ngir liéu tiéng Anh

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

S6 lugng tir cua tap ngit liéu duoc tinh toan & trén 1a 50.538, tuy nhién toi thu
chon 20.000 tir duoc sir dung nhiéu nhat dé lam 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 nhoé hon duoc dién tiép
1 56 ky tu dac biét va cau c6 do dai Ién hon thi dugc cat di chi con d6 dai max_seq_len

Max_seq_len Py 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 %

Nhan xét, s luong tir vung khong doi thi max_seq_len cho két qua tét nhat véi do
dai bang 50 tir. V&i s6 tir bang 50 twong (g vai trén 80% cau trong tap mau do d6 toi
thdy gia tri nay dai dién kha tt cho d6 dai cua cau.

Thir nghiém 2: Giir do dai tir mdi cau 1a 50 tir

Giit max_seq_len = 50, thay ddi d6 16n cua tir dién. Thay ddi d6 16n cua tir dién
anh huong kha 16n dén két qua boi néu sé lwong tir nho s& ¢ qué nhiéu tir trong tap mau
s& khéng cd trong tir dién; néu s luong 16n thi sé lwong tir dwoc nhan ra sé nhiéu khi sir
dung word2vec véi sb lugng dic trung 16n (khoang 300) thi d6 phic tap tinh toan s& ting
|&n rat nhiéu.
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Hinh 3.6 Tha nghiém véi dé dai cau bang 50 tor
Thir nghiém 3: So sanh véi mot s6 phwong phéap khéc

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

Thuat toan Do 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 3.7 Két qud trén bg ngir liéu tieng Anh

4.3.2 Mt sb thir nghiém va két qua trén bd ngir liu 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 3.8 Két qud trén bg ng liéu tieng Viét
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B ngit liéu tiéng Viét hién tai c6 s6 lwong cau con it, ngoai ra co rat nhiéu tur bi 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 thuong cho sé luong tham sé 16n d& gay hién twong overfitting.

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

4.4 Nhan xét

Két qua trén bo ngit liéu tiéng Anh 1a kha tét, két qua khi sit dung model LSTM
cho két qua tét hon so vai cac thuat toan SVM, KNN, Gaussian hay ANN. Trong tap dit
liéu tiéng Anh dd chon mot s6 tham sé nhu sau

e S§ feature of vector = 128
e Dropout =0.8

e Activation = ‘softmax’

e Optimizer = ‘adam’

e Learning_rate =0.001

Két qua bo ngir lidu tiéng Viét bi overfitting. Hién tugng 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 ngi liéu tiéng Viét c6 sb luong mau it, khi train trong mang neural c6 nhiéu
tham sé rat khong tét va hay dan dén overfitting. Viéc nay khong thé cai thién ké ca khi
dropout thém. Sau khi quan sat bo ngit liéu tiéng Viét thi thdy cd rat nhiéu tir 14 tén riéng
(Vi du: iphone, asus) hay viét tit (Vi du: k thay cho khong) du da loai bo stopword. Day
thuc su 1a thach thire trong viéc thu thap dir liéu ty nhién dic biét bang tiéng Viét.
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CHUONG 4: KET LUAN

Mang neural LSTM ¢6 thé duoc st dung rong réi trong bai toan xur ly ngén ngit ty
nhién nhu sentiment analysis. Dac biét l1a c¢6 thé tan dung dugc wu diém cua viéc xir ly
dang chudi va tha ty cac tir 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 muae do.

Véi viéc dinh nghia max_seq_len thi cach lam nay 1a chap nhan duoc déi voi tap
ngit liéu ma luan van s 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 sé tir dua vao LSTM
dé huan luyén 1a c6 thé tong quat hoa duoc cau can xét. Tuy nhién, ddi véi 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 céc nha nghién cau st dung rat nhiéu. Tuy nhién, LSTM khong phai 1a mot ky thuat
van ning ma ct bai todn vé NLP 14 lai &p dung duoc. N6 con can cir vao nhiéu yéu td
nhu tap ngit liéu, dac tinh cua tap ngir liéu. Vi doi khi str 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
mét vai truong hop, viéc sir dung mot vai rule 1a cach giai quyét tdi vu nhat so vai viéc
train mot mo hinh ngén ngir dd s6. Ma nho céc kién thirc vé ngén ngit hoc, ngudi nghién
ctru ¢d thé can nhic duoc moé hinh NLP tot nhat c6 thé giai quyét bai toan ciling nhu biéu
dién dau vao bang nhimg dic trung co ¥ nghia.
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