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LOI CAM ON

D€ hoan thanh ban bao cdo nay, nhém 2 da nhan dugc rat nhiéu sy gitip do ctia cac thanh
vién trong trai he.

Loi dau tién ching em bay té long biét on sau sac dén quan tAm ctia moi ngudi trong thoi
gian qua:

Chung em xin gtri 16 cdm on chan thanh nhat dén cac co-founders anh Can Tran Thanh
Trung, anh Tran Hoang Bao Linh, anh Lé Viét Hai cing ban t6 chirc PIMA 2019 da mang
dén trdi nghiém thu vi va bé ich cho chiing em trong mua he nay. Khong chi dugc tim hiéu
sau vé Toan tng dung noi chung va Deep Learning ndi riéng ma ching em con dugc rén
luyén nhitng ki ndng lam viéc nhom, 1ap trinh, nghién ctru va viét bao cdo. D6 déu la nhitng
kinh nghiém quy bau cho chung em trén chang duong tuong lai.

Hi vong trong nhiing nam tiép theo, PIMA c6 thé tiép tuc phat trién dé lan tod niém dam
mé Toan hoc cho cac ban hoc sinh THPT trén khap dat nudc.

Chung em xin cdm on cac anh chi trong ban mentors va cac dién gia, dac biét 1a su giup d&
tan tinh cdia anh LAm Hiru Phuc, anh Tran Thanh Binh va chi Vuong Nguyén Thity Duong
trong qua trinh tim hiéu va chudn bi bai bao cdo nay. Bén canh d6, ching em cting mu6n
bay t6 long biét on dén truong Pai Hoc Khoa Hoc Tu Nhién TP.HCM va cac nha tai trg da
tao diéu kién dé trai he PIMA 2019 duoc dién ra thanh cong.

Cudi cling xin cdm on céc ban trai sinh khac da dong hanh cting chiing minh trong 12 ngay
trai vira qua.

Do thoi gian tim hiéu ngan, kién thtic con c6 han nén thiéu sét la diéu khong thé tranh khoi.
Nhém chiing em rat mong nhan dugc déng gop tit phia cac anh chi mentors va ban doc dé

du 4n c6 thé hoan thién hon.



TOM TAT NOI DUNG

No¢i dung ban bao cao nay xoay quanh mang No ron Hoi quy (RNN), cac tinh chét, cac van
dé lién quan dén RNN nhu Gradient Vanishing, Gradient Exploding, cach khac phuc cac
van dé trén thong qua cau tric LSTM, va vi du cai dit LSTM va so sanh v6i mo6 hinh RNN

cd ban trong viéc gidi quyét bai toan Sentiment Analysis .



Muc LuUcC

Dit van dé

Co sd toan hoc

Recurrent Neural Network - RNN

31 Gi6ithieu RNN . . . ... o

3.2 Mo hinh chung ctia mang RNN va thuat toan lan truyén ngugc theo thdi gian
(Backpropagation through time) . . ... ... ... ... ...........

Van dé vanishing/exploding gradient trong RNN truyén thong

41 Van dé phu thudc xa (Long-term dependency) . . .. .............

42 Van dé Vanishing / Exploding Gradient . . . . ... ... ...........

43 Nguyénnhan ... ... ... ... ... ... . ... . 0 e

4.4 Biéu dién va ching minh todn hoc cho van dé Vanishing / Exploding Gradi-
enttrong RNN . . . .. ... ... ... ..

LSTMs (Long Short Term Memory networks) - Su cai tién ctia RNN

51 Lichstraddoi .. ... ... ... .

5.2 CAULITC « « v v oot e e e e e e e

5.3 Gidithich tinh hiéuquacaaLSTM . . .. ... ... ... ... ........

Bai toan Sentiment Analysis

6.1 Gigithiéubaitoan. . . . .. ... ... ... ... ...

6.2 Vidu vé cai dat mang RNN két hop LSTM trong Python dé giai Sentiment
Analysis . .. ...

LW W N

N N & O =



D1t liéu van ban 1a mot trong nhirng hinh thirc phd bién nhat cta dit liéu, dugc st dung

trong nhiéu bai toan may hoc phd bién:

1. Phan loai van ban (text classification): Du doan xem nguoi stt dung c6 hai long véi san

pham hay khong dua vao reviews; phéat hién email spam, phan biét sac thai van ban
2. Dich tu dong (machine translation)
3. Tra 16i cau héi tu ddng (question answering) va chatbot

4. Tém tat van ban (text summarization)

Mot trong nhirng tinh chat dic thu cua di liéu dang van ban d6 chinh 1a tinh chat phu
thudc ctia cac tir vao nglt canh, cling nhu ndi dung cac tir da tirng xuat hién. Gia sit ching
ta c6 cau ”Toi di &n”, tir tiép theo kha nang sé 1a “com” hodc “mi”, ma khong phai la “ghé
nhya”. Tinh chat nay dua dén cho chung ta y tudng xay dung mot mo hinh cho dit liéu van

ban:

hy = f(xt/ht—l)

vdi by dugce goi 1a vector "trang thai &n" (hidden state) tai vi tri ¢, dugc tinh phu thudc vao
xt 1a tir & vi tri t va trang thai 4n h;_q ctia tir trude ¢ — 1. Vector trang thai an h;_1 nay c6 vai
tro luu lai thong tin ctia cac tir trude no, gitip ching ta c¢6 thé md hinh hod méi quan hé
gitta moi ti va cac tir trude trong van ban. Chiing ta c¢6 thé dung nhirng trang thai 4n nay
lam feature cho cac bai toan may hoc da néu & trén.

M6 hinh nay dugc goi la 1a mot mang no-ron héi quy (Recurrent Neural Network) truyén

théng.

Trong thuc té, mang no ron nay thuong gap van dé trong viéc mo hinh nhitng cau c6 do
dai tuong dbi 16n. Van dé nay dugc gidi quyét phan nao bdi mang no ron Long Short-Term
Memory ctia Hochreiter va Schmidhuber. O du 4n nay, ching ta sé tim hiéu vé LSTM va

ung dung no vao bai todn Sentiment Analysis (nhdn dién cam xtc van ban).



2 CO sO TOAN HOC

Dé doc bao cdo nay, ngudi doc can c6 cac kién thitc co ban vé Dai s6 tuyén tinh, Giai tich
ham nhiéu bién.

O day, ching t6i xin trinh bay mot vai dinh nghia co ban cta cic cong cu duge dung trong
bao cao nay.

Dinh nghia. Ma tran Jacobi

f:R" — R"

(x1/x2/"' /xn) Hyi(x1/x2/"' /xl’l) /i — 1/' ,m

Khi d6 ma tran Jacobi ctia f dugc dinh nghia la ma tran sau:

dxq dxy,
]f(xlleI---/ xn) == :

Wm . OYm

dxq dxy,

Dinh ly. Quy tac mat xich cho dao ham riéng
Cho ham s6 kha vi f : R" — R va cac ham s6 kha vi x1,xp,- -+, x, : R — R déu la ham
sO theo cac bién ty,ty, - - - , ty, khi d6:

afax] .
at Za gy LS W2em)

Dinh nghia. Matrix norm

p-norm (p € R) cia mét ma tran A dugc dinh nghia bdi

All,= max |Ax
A1, = ez 4],
vdi |x|,, 1a vector norm.
Trong bai viét nay do chi stt dung 2-norm nén dé thuan tién ta sé ki hiéu 2-norm ctia ma

tran A bdi || A]|.



3 RECURRENT NEURAL NETWORK - RNN
3.1 Gioi thiéu RNN

Mang no ron nhan tao (Artificial Neural Network - ANN) la m6t mo6 hinh toan hoc hay
mo hinh tinh todn dugc xdy dung dua trén cac mang no-ron sinh hoc. N6 g6m c6 mot nhom
cac no-ron nhan tao (ntt) ndi voi nhau, va xtt Iy thong tin bang cach truyén theo cac két nbi
va tinh gia tri mdi tai cac nut. Kién triic chung ctia mét mang noron nhan tao (ANN) gom 3

thanh phan d6 la: Input Layer, Hidden Layer va Output Layer.

hidden hidden

output
—
input \O

O

Hinh 1: MLP

Hinh 2: RNN

Mang no ron héi quy (Recurrent Neural Network - RNN) 1la mét 16p cia ANN ma cac
lién két gitta cac nut tao thanh mot dudng truyeén c6 hudng theo trinh ty thoi gian. Khéac véi
mang no ron nhiéu 16p( Multi-layer Perceptron -MLP: thong tin dugc truyén thang tir 16p
dau vao qua cac 16p an dén 16p dau ra), RNN c6 kha ning ghi nhd thong tin & cac bude tinh
toan trudc dé d€ dua vao d6 dua ra du doan chinh xac nhat cho budc du doan hién tai.
Ung dung cta bai toan RNN: RNN dugc ting dung va thanh cong & nhiéu bai toan:

Speech to text: Chuyén giong noi sang van ban.

Sentiment analysis : Nhan dién cam xtc van ban..

Machine translation: Bai toan dich tu dong gitra cac ngoén ngt.

Video recognition: Nhan dién hanh dong trong video.

Heart attack: Dy doan dot quy tim.
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3.2 M6 hinh chung clia mang RNN va thuat toan lan truyén nguoc theo thoi
gian (Backpropagation through time)

Mo hinh chung cia mét mang RNN thuong dugc cho bdi cong thuc:
xt = 0(WreeXi—1+ Wintiy +b) (%)

Trong bai viét nay, dé thuan tién, ta c6 thé viét cong thirc nay dudi dang:
Xt = Wieeo (xp1) + Wi + b (k%)

Trong d6 u; la dau vao va x; 1a trang théi tai budc thit t. Cac tham s6 ctiia mé hinh duge cho
bdi ma tran trong s6 hoi quy Wjee, ma tran trong s ctia dau vao W, va bias b. 0 1a mot ham
s6 element-wise (thuong 1a tanh va sigmoid). Ham mét mat ctia mo hinh 1a £ = YL, & véi
Er = L(xy).

0

O Or—! 01‘ OH-J'
O:}W W _ St jér)sf _ET)SHI _
> —0—— > >

Unfold w w
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o <
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X 1 t+1

Hinh 3: RNN dudi dang chudi

Luu y: M6 hinh c6 cong thic (**) tuong duong véi mé hinh c6 cong thire (x) néu ta lay
E = L(0(x¢)) thay vi & = L(x¢).

Dé ap dung thuat todn backpropagation, ta phai biéu dién RNN dudi dang mot mot chudi
cac layer gibng nhau trong d6 moéi layer nhan dau vao tir ca layer trudc va tir data (xem
Hinh 3). Vi tinh chat dic biét nay cua cac layer nén cdc ma tran trong s6 tai moi budce 1a
gidng nhau.

Thuét toan lan truyén ngugc theo thoi gian vé ban chat la thuat toan lan truyén nguoc (van

st dung quy tac mac xich dé tinh gradient ciia hAm mét mat déi véi cac trong s6). Cum tir
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"theo thoi gian" dugc thém vao nham nhan manh rang né dugc dung trong mé hinh ¢6

yéu t6 thdi gian (dit liéu duge truyén thém vao tai méi budc).

o0&}

Z (1)

aé’t . t aé’t axt axk

=L (5o 5e) @
O _ 1T 25— [T Wi ding(e/ (xs1)) ©)
OXk 541 9%i-1 S Wree 418810 (-1

vdi 6 1a trong so cia mo hinh.

ax 2 2 oA 2 2 2 A 2 2 2 - A = 2 - .
E)_xt & (3) thé hién su anh hudng caa ket qua ¢ budce tha k doi véi budc thu t. Ta goi
k

st &nh hudng d6 la dai han néu k < t va ngan han trong cac trudng hgp con lai.

Két hop cac dang thic (1), (2),(3) ta tinh duge dao ham ctia ham mét mat £ dbi véi
trong s6 0. Tur (1) dé y réng diém dac biét cuia thuat toan backpropagation trong RNN so
véi thuat toan backpropagation truyén théng 1a ta cong téng dao ham ctia ham mét mat déi

véi trong s6 tai mdi budc.



4 VAN DPE VANISHING/EXPLODING GRADIENT TRONG

RNN TRUYEN THONG

4.1 Van dé phu thudc xa (Long-term dependency)

Sttc manh ctia RNN nam &'y tudng sit dung thong tin ctia cdc bude trude dé thuc hién tac
vu hién tai. Diéu nay dac biét htru dung trong cac bai todn cé yéu t6 thoi gian (VD: dich tu
dong, phan tich sic thai binh luan, goi y tit ngit,...). Néu RNN c6 thé thuc hién hiéu qua y
tudng ctia n6 thi tng dung ctia n6 la rat 16n.

Trong mot s6 bai toan, ta chi can xem xét thong tin cua mot s6 it budc trude dé thuc hién
tac vu tai bude hién tai. Vi du nhu can dy dodn tir tiép theo trong cau: "Anh Phic dep ..."

thi mo hinh chi can xem xét cac tir trong cau dé cho ra két qua la "trai". Trong truong hop
nay khodng cach ctia cac thong tin lién quan 1a khong 16n nén RNN c6 thé thuc hién khong
qua kho khan. Cac thong tin trong truong hop nay duge goi 1a phu thudc gan (short-term

dependency).

Hinh 4: Short-term dependency

Cau hoi dat ra ¢ day la liéu khi khoang cach gitta cac thong tin lién quan 16n thi liéu RNN
o thé xtr ly tot hay khong? Vi du mét doan van "Lam Hiru Phuc 1a mét du hoc sinh My ...
Hién tai anh 4y da thong thao tiéng Viét va tiéng ...". Gia st gitra hai cau van cach nhau mot
doan dai. Khi d6 dé du doan dugc tir tiép theo ta phai biét dugc réng "Lam Htru Phuc" va
"anh 4y" cting tr6 vé mot nguoi du khoang cach gitra chiing 1a xa nhau. Thong tin trong

truong hop trén dugce goi la phu thudc xa (long-term dependency).
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Hinh 5: Long-term dependency
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Trén ly thuyét thi RNN van c6 thé xt ly dugc trong truong hop trén. Tuy nhién trong thuc
té thi lai khong nhu vay. Day 1a van dé chinh ma mang RNN gé&p phai. Nguyén nhan ctia

van dé nay 1a hién tugng Vanishing Gradient dugc giai thich ki trong phan tiép theo.

4.2 Van dé Vanishing / Exploding Gradient

Trong mot Neural Network (NN), thong tin duge truyén tir 16p dau vao dén 16p dau ra
con gradient cia ham mat mat dugc tinh bang cach lan truyén ngugc (backpropagation) tir
16p dau ra vé lai 16p dau vao sau d6 str dung thuat toan gradient descent dé cap nhat cac
trong s6. Tuy nhién ddi vi NN nhiéu 16p thi khi lan truyén nguge dén cac 16p thap hon thi
gradient sé nhé dan va tién dan vé 0. Hon ntta, d6i vdi gia tri qua gan véi 0 thi may tinh sé
lam tron vé 0 sé dan dén viéc trong s6 khong duoc cap nhat. Hién tugng nay duge goi la
vanishing gradient. Ngugc lai, exploding gradient 1a hién tugng ma gradient sé 16n dan khi
t6i cac 16p thap khién né vugt qua kha nang tinh toan ctia may tinh. Tiép theo chung ta sé

xem xét ki ludng nguyén nhan xay ra hai van dé nay.

4.3 Nguyén nhan

Trong RNN, cac ham sigmoid, tanh,... thuong duoc stt dung lam activation function & cac
layer. Dac diém chung ctia cac ham nay 1a khi tién dan tdi can trén/dudi ctia n6 thi sy thay
déi 16n & dau vao chi khién cho gia tri ciia ham thay déi rat it. Vi vy dao ham ctia ham s6
tai cac diém nay 1a rat nho (< 1). Diéu nay dan dén hién tugng vanishing gradient do cac

trong s6 ctia ta gan nhu khong dugc cap nhat va coi nhu la khong "hoc" dugc gi.
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Diéu nay c6 thé xay ra khi cac trong s6 khdi tao ctia ching ta khong tot. Vi du khi gia tri
tuyét dbi ctia cac trong s6 qua 16n thi khi di qua ham sigmoid dao ham ctia né sé tién dan
t6i 0. Tuy nhién, tham chi khi trong s6 ctia chuing ta da dugc khdi tao tot thi van dé nay van
xay ra. Vi du cdc trong s6 duoc khdi tao sao cho sau khi di qua ham sigmoid thi dao ham
ctia ham s6 bang khoang 0.2 (t6t béi o’ (x) € [0,0.25]) thi sau khi qua 7 16p thi dao ham chi
c6 gia tri 0.2". Pay 1a con s6 rat nho (& 0) bdi s6 16p trong mot mo6 hinh RNN thuyc té 1a kha

16n. Chiing ta sé chiing minh chit ché y tudng nay trong phan tiép theo.

Sigrmaid
— = Dervative of Sigmald |

Hinh 6: Do thi ctia ham sigmoid va dao ham ctia né

O Hinh 6 ta dua ra vi du 1a ham sigmoid. C6 thé thiy ro tir db thi rang khi x tién t&i +oo

hay —oco thi dao ham ctia ham s6 tién tdi 0.

4.4 Biéu dién va chirng minh toan hoc cho van dé Vanishing / Exploding Gra-

dient trong RNN

2 - R X A X N - - R - ax - N - 2 A .
Dé hiéu vé van deé nay, xét biéu thirc E)_xt c6 dang la tich caa t — k ma trdn Jacobian (xem
k
(3)). O day ta sé chiing minh norm ctia tich nay tién vé 0 hay tang lén t&i +oo tuong ty nhu

tich céc s6 thuc. Ta chitng minh két qua sau:

Cho mang RNN nhu dinh nghia ¢ phan trudc v6i o 1a ham s6 thda ¢/ (x) bi chdn bdi v € R.

. \ . 1
Chung minh rang dieu kién du dé xay ra vanishing gradient la A < > voi

A =max{|A1], [Aa], -+, [An|} Va AL, Ay, - -+, Ay 1a cac eigenvalue ctia Wi,
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Chung minh

Tir diéu kién ctia o ta c6:
|diag (o' (xi)) || < v, Vk @)

Ap dung bat dang thitc Cauchy-Schwarz va (4):

ox . 1
‘ L)) W diag (0 ()| < [Wikd]| [diag (@' ()| <7~ <1, vk )

X v

:>3;7€]R:Hax% <n<1,Vk
k
Tir day bang quy nap ta chiing minh dugc rang:
8& 8x1+1 t ka&

ox; (ll:[ 0x; - ox; ©6)

Do 7 < 1 nén dang thirc nay chitng minh dugc rang sy dnh hudng ctia két qua & budce
thi k ddi vai bude thi ¢ sé gidm theo ham s6 mii néu ¢ cang 1on. Day chinh 1a hién tuong
vanishing gradient.

Thay déi diéu kién ctia A trong két qua trén thanh A > L dugc diéu kién can dé xay ra
van dé exploding gradient. ’

Két qué nay c6 y nghia bdi cdc ham activation trong RNN nhu sigmoid, tanh déu thoa tinh
chat cia ham ¢ trong cac két qua trén. Cu thé thi vy ting v6i ham sigmoid 1a 411 va voi ham
tanh la 1.

9
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5 LSTMs (LONG SHORT TERM MEMORY NETWORKS)

- SU CAI TIEN cUA RNN

5.1 Lich sl ra doi

Dé giai quyét cac kho khan ciia mang RNN truyén théng 1a Gradient Vanishing va Gradient
Exploding, vao nam 1997, Sepp Hochreiter va Jiirgen Schmidhuber lan dau tién gidi thiéu
ve mang LSTM.

Dua trén phién ban gbc, vé sau, LSTM dugc nhiéu nha khoa hoc may tinh khac cai tién qua
nhiéu phién ban va dugc st dung rat rong rai cho dén ngay nay bdi tinh hiéu qua dén bat

ngd clia nd trén nhiéu loai bai toan khac nhau.

5.2 Cau truc

Mang LSTM c6 cAu triic “mat xich” (chain structure). Méi don vi bao gom 4 16p Neural
Network tuong tac chat ché vdi nhau; cac “khéi nhd” khéac nhau con duge goi la cdc cell ciia

mdi don vi.

fe=0Wy-[hi—1,2:] + by)
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- Dau tién, nhitng thong tin khong con “c6 ich” trong cell state sé bi xda bang Forget Gate.

Input x; (input tai mot thoi diém cu thé) va input h;_1 (output cta cell ké truéec) dugce
dua vao Forget Gate, lan luot dugc nhan véi cac ma tran trong s6 va chuan hoéa bé”mg cach
cong v6i do léch (bias). Két qua khi qua ham kich hoat sigmoid sé cho output c6 cac gia tri
nam trong khoang [0, 1]. Trong mot cell state cu thé, néu output 1a 0 thi toan bo thong tin sé

bi quén va va néu output la 1 thi toan bo thong tin sé dugc gitt lai dé stt dung ve sau.

, ig =0 (Wi-lhe—1,2¢] + b;)
ét :tanh(WC~[ht_1,xt] + bc)

hi—1

A

- Tiép theo, Input Gate c6 nhiém vu thém nhitng thong tin “c6 ich” vao cell state.

Ban dau, thong tin dugc diéu chinh bang viéc stt dung ham sigmoid dé chon loc gia
tri nao sé dugc gitr lai, qua viéc st dung cdc input x; va h;_1 nhu Forget Gate. Tiép theo,

mot vector duoc tao ra bang cach ap dung ham tanh (cho output trong doan [—1, 1]).

Ciy C;

X)
sz itr-%t Cy = fexCp_1 + iy % CN(t

S

Sau do, cac gia tri ctia vector noéi trén va cac gid tri diéu chinh dugc nhan véi nhau dé tao

duge mot thong tin “c6 ich” dé cap nhat cho cell state.
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he A
@;i’ o =0 (Ws [he—1,2¢] + bo)
. 0] " ht = Ot * tanh (Ct)

A

- Cubi cung, viéc trich xuat thong tin tir cell state tai mot thai diém cu thé sé duge thyc hién

bang Output Gate.

Pau tién, mot vector sé dugc tao ra bc:”mg cach ap dung ham tanh cho cell state dé cho
output vao khoang [—1,1] i nhan véi output cia ham sigmoid dé duogc output ma ta
mong mudn. Va output dé sé duogc lam input cho cell trong don vi tiép theo.

Mot cach tuong tu, cac qua trinh trén dugc lap lai & cac don vi tiép theo.

5.3 Giai thich tinh hiéu qua cia LSTM

Nhu da dé cap & dé muc 16n ctia phan nay, ta c6 thé xem LSTM 1a mot su cai tién, mot sy
diéu chinh khon khéo vé mat todn hoc ctia RNN truyén thong dé giai quyét hai kho khan la
Vanishing Gradient va Exploding Gradient.

Dat E; la ham 16i tai don vi thit t cia mang LSTM.

Theo Quy tac “Mat xich” (Chain Rule)

OE; _ 9E; 9H; 9C; 9Cy
OW  0H; 9C; 9Cy oW

(7)

Ta co

o0Cr  9(fi*Cx1) . 9(ix*Cx1)

aC1 G - dCk 1 ~ i ®)

Do do voit >t/
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Thay vao (7) ta c6

OE; _0E, oH; aCy
OW " 0H, 9C k_tlllfk W
9Ck

Dé y dang thiic (8), Gradient xap xi v6i ham Forget Gate f;, va néu Forget Gate quyét

dCy_1
dinh thong tin nao d6 can nhd, n6 sé “md” va cac gia tri sé gan vdi 1 dé cho thong tin di vao.

Dé don gian, ta c6 thé xem
fim1

aC £ » ) oE A s
Khi d6, — sé khong tien vé 0. Va cuoi cung, — cung sé khong tien ve 0.

actl aW
Nhu vay, trong mang LSTM, van dé Vanishing Gradient sé khé xady ra hon so vdi RNN

truyén thong.

Hon ntta, v6i gidi thich nhu trén, ta cing c6 thé khang dinh mang LSTM ciing tranh
duoc van dé Exploding Gradient vi cac gia tri luon bi chan bdi 1 bdi su kich hoat cia ham

sigmoid f.
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6 BAI TOAN SENTIMENT ANALYSIS

6.1 Gioi thiéu bai toan

Sentiment Analysis - hay phan tich sac thai - 1a mot bai toan Hoc mdy dé cap dén viéc phan
tich cdm xtc cia con ngudi thong qua van ban. Pau vao cda bai toan thudng 1a cac cau van,
doan van hoac tai liéu ngén ngtr tu nhién (Tiéng Viét, Tiéng Anh) va dau ra cta bai toan 1a
cac loai cam xuc (tich cuc, trung lap, tiéu cuc). Sentiment Analysis gitip cac doanh nghiép

quan tam den cam xuc, danh gia ctia nguoi tiéu dung trén cac dich vu, san pham.

Dé gidi quyét Sentiment Analysis, c6 thé sit dung nhiéu phuong phap. Mot trong s
d6 chinh 1a 4p dung RNN két hgp véi ciu tric LSTM

6.2 Vi du vé cai dat mang RNN két hop LSTM trong Python dé giai Sentiment

Analysis
Mo hinh mang RNN két hop LSTM dudi day dugc cai dat trong Python v6i thu vién Keras

6.2.1 Nap tép dir liéu

Dataset dugc str dung trong vi du cai dat nay la Sentiment140 - tdp dir liéu gém 1,600,000
Tweet trén Tweeter, da dugc lam sach emoji (biéu tugng cdm xtc) Ta import cac thu vién
can thiét

import os

import pandas as pd

import numpy as np

import matplotlib.pyplot as plt

from keras.preprocessing.text import Tokenizer
from keras.preprocessing.sequence import pad_sequences
import keras.preprocessing.text as kpt

from keras.models import Sequential

from keras.layers import Dense, Embedding, LSTM, Dropout
from sklearn.model_selection import train_test_split
from keras.utils.np utils import to_categorical

import re

from collections import Counter

Quy dinh mot s6 tham s6 c¢6 dinh


http://help.sentiment140.com/
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# dataset

data col = ["target™, "ids™, "date”, "flag”, "user", "text"]
data_encode = "IS0-8859-1"

train_size = 8.8

# cleaning
text_cleaning_re = "@\5+|https?:\S+|http?:\5|[*A-Za-z0-9]+"

# WORD2VEC
w2v_size = 388
w2v_window = 7
w2v_epoch = 32
w2v_min_count = 1@

# KERAS

seq_len = 388
epochs = &
batch_size = 1824

# SENTIMENT

posi = "POSITIVE™

nega = “"MEGATIVE"
neutral = "MEUTRAL"
sentiment_thresholds =

(8.4, 0.7)

# EXPORT

1stm_model = "model.h5"
word2vec_model = “"model.w2v”
tokenizer_model = "tokenizer.pkl"
encoder_model = “encoder.pkl”

Str dung thu vién panda dé load dataset vao bién df, sau d6 kiém tra lai kich thudc.

dataset_path = os.path.join("/content/drive/My Drive/Colab Notebooks/[PIMA 2919];[Sentiment Analysis]/fulldata.csv™)
print("Open file:", dataset_path) .
df = pd.read_csv(dataset_path, encoding =data_encode , names=data_col)

Vi bén trong datasets c6 cac chi s6 quy dinh cdm xtc cta cau (0 la Negative - tiéu cuc, 11a
Neutral - trung lap va 2 1a Positive - tich cuc) nén ta can tao mot Map dé chi dit liéu tir sO

sang trang thai thich hgp

decode_map = {@: "NEGATIVE", 2:

def decode sentiment(label):
return decode_map[int(label)]

df.target = df.target.apply(lambda x: decode sentiment(x))

"MEUTRAL", 4: "POSITIVE"}

6.2.2 Tién xi ly

1. Word2Vec
Vé&i mot bai xtr ly ngdn ngit ty nhién NLP, tién xtt ly 1a giai doan quan trong, vi may
tinh chi hiéu dugc cac vector dai s6, khong thé hiéu duge van ban. Do d6, can phai c6
mot phuong phap chuyén déi cac van ban sang cac vector dai sb.

Céach truyén théng thuong xuyén duoc stt dung duoc goi la one-hot encoding

15
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. Céc tir sé dugc thé hién dudi dang cac one-hot vector. Dc diém ctia one-hot vector:

e DO 16n vector béng s6 lugng tir vung

e Vector chi bao gom cac s6 0 va mot s6 1 duy nhat tai vi tri ctia chinh tir d6 trong
b6 tir dién

o Khong thé hién dugc su tuong quan hay lién hé gitra cac ti

Diac diém cubi ciing cia one-hot vector chinh 1a dong luc dé tim ra nhirng phuong
phép vectorize tot hon ma van thé hién dugc nhitng mdi lién hé vé ngit nghia, ngi
phdp cua cac tu. Mot trong nhirng phuong phap do chinh la Word2Vec. C6 2 dang
Word2Vec chinh dugc khai quat nhu sau:

o Skip-gram: dung dé tim céc tir c6 mbi quan hé vdi tir da cho.

Output Layer
Softmax Classifier

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

A2’ in the position
corresponding to the
word “ants”

[e]of=[e]o]e[o]o]o]
™M

=]
™

10,000
positions Y
300 neurons

nnnnnnn

o Continuous Bag of Words(CBOW): dung tim tir pht hgp véi ngtr canh da cho
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O trong mo hinh mang LSTM nay, dua vao céng dung ctia hai loai Word2Vec, Skip-
gram Word2Vec la phuong phéap phti hop dé tién xtt ly bd tir vung.
Dau tién, tim bo stopwords phtt hgp nhd thur vién nltk nham loai bd céc tir khong c6 y

nghia hodc céc ki tu dac biét trong thit tiéng dang st dung (& day 1a tiéng Anh)

!pip install nltk

import nltk

nltk.download( " stopwords")

from nltk.corpus import stopwords

from nltk.stem import SnowballStemmer

stop_words = stopwords.words{"english")
stemmer = SnowballStemmer(“english™)

Thyc hién phuong phap Train-test split: Tach tip data ban dau thanh 2 tap train va test

nham st dung dé huan luyén va kiém chiing mé hinh, chéng hién tugng Overfitting

df train, df test = train test split(df, test size=1-train size, Fandom_state=42h
print("TRAIN size:", len(df_train))
print("TEST size:", len{(df test))

TRAIN size: 1280008
TEST size: 3200060

Chia nho van ban thanh céc tir va goi vao bien document nham tao bo data cho viéc

huan luyén mo6 hinh Word2Vec.
documents = [_text.split() for _text in df_train.text]

Huén luyén Word2Vec
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import gensim

w2v_model = gensim.models.word2vec.Word2Vec(size=w2v_size,
window=w2v_window,
min_count=w2v_min_count,
workers=8)

w2v_model .build_vocab(documents)

words = w2v_model .wv.vocab.keys()
vocab _size = len(words)
print("Vocab size", vocab_size)

Vocab size 38369

w2v_model.train(documents, total_examples=len(documents), epochs=w2v_epoch)

(263128520, 295270528)

w2v_model.wv.most_similar{“love")

Jusrflocal/lib/python3.6/dist-packages/g
if np.issubdtype(vec.dtype, np.int):

[("luv', ©.5712414979934692),
("loves', @.5481855869293213),
("loved', ©.5420869588851929),
("adore', ©.51719089928321838),
("amazing', ©.5186487274169922),
("locove', ©.480879293966293335),
('awesome', 8.47822606563568115),
("locoove', ©.45328298327072144),
("miss', ©.44124847658527954),
("lovee', ©.43444435678855896)]

2. Tokenizing va Padding
Tokenizing va padding la qua trinh cat nhé van ban thanh cac tir va vector hoa thanh

cac vector c6 chieu bang nhau

[ 1] tokenizer = Tokenizer()
tokenizer.fit_on_texts(df_train.text)

vocab_size = len(tckenizer.word_index) + 1
print{"Total words™, vocab size)

[+ Total words 298419

x_train = pad_sequences(tokenizer.texts to sequences(df train.text), maxlen=seq_ﬁen)
x_test = pad_sequences(tokenizer.texts_to_sequences(df_test.text), maxlen=seg_len)
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Chinh stra nhan va gan nhan vao tép nhan két qua

[ 1 labels = df_train.target.unique().tolist()
labels.append{neutral)
labels

> ['POSITIVE', 'NEGATIVE', 'NEUTRAL']

[ ] from sklearn.model_selection import train_test split
from sklearn.preprocessing import LabelEncoder

encoder = LabelEncoder()
encoder.fit(df_train.target.tolist())

y_train = encoder.transform{df_train.target.tolist())
y_test = encoder.transform(df test.target.tolist()})

y_train = y train.reshape(-1,1)
y_test = y_test.reshape(-1,1)

print("y_train”,y_train.shape)
print("y_test”,y test.shape)

[» v_train (1280008, 1)
y_test (320000, 1)

Khi thuc hién xong hai ky thuat trén, tao Embedding Layer cho mang RNN ttt cac vector

nhan dugc.

Embedding

[ ] embedding_matrix = np.zeros((vocab_size, w2v_size))
for word, i in tokenizer.word_index.items():
if word in w2v_model.wv:
embedding_matrix[i] = w2v_model.wv[word]
print({embedding matrix.shape)

> (290419, 300)

[ 1] embedding layer = Embedding(vocab size, w2v _size, weights=[embedding matrix], inbut_length=seq_len, trais

6.2.3 Xay duwng mé hinh mang LSTM

Tao mo6 hinh mang LSTM don gian (1 16p LSTM)
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Building Model

[ 1 model = Sequential()
model.add(embedding_layer)
model.add(Dropout(®.5))
model.add(LSTM(100, dropout=0.2, recurrent_dropout=0.2))
model.add(Dense(1, activation='sigmoid'))

model. summary ()
> Wese7 19:16:40.403254 139876604532608 deprecation.py:566] From /usr/local/lib/python3.6/dist-packages/keras/backend/te

Instructions for updating:
Please use "rate instead of "keep prob’ . Rate should be set to "rate = 1 - keep prob.

Layer (type) Output Shape Param #
embedding 1 (Embedding) (None, 3@@, 300) 871257;;==
dropout_1 (Dropout) (None, 3@0, 300) 5]

lstm 1 (LSTM) (None, 100) 160400
dense_1 (Dense) (None, 1) 101

Total params: 87,286,201
Trainable params: 16@,501
Non-trainable params: 87,125,700

6.2.4 Xay duwng mé hinh mang RNN

Tao m6 hinh mang RNN don gian (1 16p RNN) dé so sanh hiéu nang vdi mang RNN ¢6
LSTM

[75] from keras.layers import SimpleRNN
rnn_model = Sequential()
rnn_model . add(embedding_layer)
rnn_model . add{Dropout(2.5))
rnn_model . add(SimpleRNN(188, dropout=8.2, recurrent_dropout=8.2))
rnn_model . add(Dense(1, activation="sigmoid'))

ran_model.summary ()

o Layer (type) Output Shape Param #
embedding 1 (Embedding) (None, 300, 300) 87125708
dropout_3 (Dropout) (None, 300, 300) 2}
simple rnn_1 (SimpleRNN) (None, 100) 49108
dense 2 (Dense) (None, 1) 101

Total params: 87,165,981
Trainable params: 48,281
Non-trainable params: 87,125,788

6.2.5 Huan luyén mé hinh

Bat dau huan luyén 2 mo hinh véi cting mot ham mat mat BinaryCrossentropy va ham téi uu

héa Adam Luu lai qua trinh huan luyén thong qua ReduceLROnPlateau va EarlyStopping

° from keras.callbacks import ReducelROnPlateau, EaPlyStopp:Lng i
callbacks = [ReducelROnPlateau{monitor="val losh , patience=5, cooldown=@), EaPlyStDpplng{monltor— val &
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model.compile(loss="binary_crossentropy"', rnn_model.compile(loss="binary_crossentropy’,
optimizer="adam", optlmlzerf adam”, )
metrics=['accuracy']) metrics=["accuracy’])|

Hinh 7: LSTM Compile Hinh 8: RNN Compile

Bat dau qud trinh huan luyén

%time

history = model.fit(x_train, y_train,
batch_size=batch_size,
epochs=epochs,
validation_split=0.1,
verbose=1,
callbacks=callbacks)

Train on 1152008 samples, validate on 128000 samples

Epoch 1/8
1152000/1152000 [ ==] - 1823s 888us/step - loss: ©.5079 - acc: 0.7479 - val_loss: @.4653 - val_acc: ©,7784
Epoch 2/8
1152000/1152000 [ ==] - 18195 884us/step - loss: ©.4829 - acc: 0.7651 - val_loss: @.4573 - val_acc: ©,7835
Epoch 3/8
1152000/1152000 [ ==] - 1823s 888us/step - loss: ©.4758 - acc: 0.7701 - val_loss: @.4532 - val_acc: ©,7868
Epoch 4/8
1152000/1152000 [ ==] - 1823s 888us/step - loss: ©.4713 - acc: 0.7726 - val_loss: @.4524 - val_acc: ©,7869
Epoch 5/8
1152000/1152000 [ ==] - 1819s 885us/step - loss: ©.4691 - acc: 0.7736 - val_loss: @.4520 - val_acc: ©,7876
Epoch 6/8
1152000/1152000 [ ==] - 1820s 886us/step - loss: ©.4675 - acc: 0.7746 - val_loss: ©.4487 - val_acc: ©,7899
Epoch 7/8
1152000/1152000 [ ==] - 1820s 885us/step - loss: ©.4654 - acc: 0.7759 - val_loss: ©.4481 - val_acc: ©,7889
Epoch 8/8
1152000/1152000 [ ==] - 18195 885us/step - loss: ©.4638 - acc: 0.7771 - val_loss: @.4469 - val_acc: ©.79e4

CPU times: user 2h 18min 52s, sys: 21min 52s, total: 2h 4emin 44s
Wall time: 2h 16min 7s

Sktime

rnn_history = rnn_model.fit(x_train, y_train,
batch_size=batch_size,
epochs=epochs,
validation split=0.1,
verbose=1,
callbacks=callbacks)

Train on 1152808 samples, validate on 128080 samples

Epoch 1/8
1152888,/11520008 [ ] - 378s 32lus/step - loss: 7.5688 - acc: 8.5859 - val loss: 7.9692 - val acc: 8.5081
Epoch 2/8
1152888,/11520008 [ ] - 378s 32lus/step - loss: 7.9784 - acc: 8.4995 - val loss: 7.9692 - val acc: 8.5081
Epoch 3/8
1152888,/11520008 [ 1 - 372s 323us/step - loss: 7.9784 - acc: 9.4995 - val loss: 7.9692 - val acc: 8.5081
Epoch 4/8
1152888,/11520008 [ ] - 369s 32Bus/step - loss: 7.9784 - acc: 9.4995 - val loss: 7.9692 - val acc: 8.5081
Epoch 5/8
1152888,/11520008 [ ] - 369s 32Bus/step - loss: 7.9784 - acc: 9.4995 - val loss: 7.9692 - val acc: 8.5081
Epoch 6/8
1152888,/11520008 [ ] - 378s 32lus/step - loss: 7.9784 - acc: 8.4995 - val loss: 7.9692 - val acc: 8.5081

CPU times: user #41min 9s, sys: Smin 36s, total: 46min 45s
Wall time: 36min 59s

6.2.6 Du doan

Str dung m6 hinh LSTM da dugc huan luyén dé thir du doan mot vai van ban
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Predicting

[65] def decode_sentiment(score, include_neutral=True):
if include_neutral:
label = neutral
if score <= sentiment_thresholds[8]:
label = nega
elif score »>= sentiment_thresholds[1]:
label = posi

return label
else:
return nega if score < 9.5 else posi

[66] dimport time
def predict(text, include neutral=True):
start_at = time.time()
# Tokenize text
x_test = pad_sequences(tokenizer.texts_to_sequences([text]), maxlen=seq_len)
# Predict
score = model.predict([x_test])[8]
# Decode sentiment
label = decode_sentiment(score, include_neutral=include_neutral)

return {"label™: label, "score": float(score),
"elapsed time": time.time()-start at}

° predict("I love it™)
C» {'elapsed_time': ©.20113492012023926,

"label’: "POSITIVE',
"score': ©.8805591464042664}

[78] predict("I don't want to talk about it")

G {'elapsed time': ©.19706273078918457,
"label’: "MNEGATIVE',
"score': ©.21893535554489027}

6.2.7 Nhan xét

o Ve thoi gian chay: LSTM mat kha nhiéu thoi gian dé huan luyén xong (hon tan 1 tiéng
40 phut so véi mang RNN)

e Véloss va accuracy:
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Hinh 10: LSTM Plotting Hinh 11: RNN Plotting

acc = history.history[ acc']

val_acc = history.history['val_acc’]

loss = history.history['loss’]

val loss = history.history['val_loss']

epochs = range(len(acc))

plt.plot({epochs, acc, 'b', label='Training acc')
plt.plot({epochs, val_acc, 'r', label="Validation acc')
plt.title( Training and validation accuracy"')
plt.legend()

plt.figure()

plt.plot(epochs, loss, 'b', label="Training loss')
plt.plot(epochs, val_loss, 'r’, label="Validation loss')
plt.title( Training and validation loss')

plt.legend()

plt.show()

Hinh 9: Code Plotting

Dua vao hai do thi trén c6 thé dua ra nhan xét sau: M6 hinh LSTM hoat dong hiéu
qua hon rit nhiéu so véi m6 hinh RNN thong thuong, véi loss 1an validation loss déu

thap va accuracy déu cao ( 80%)



24

TAI LIEU

[1] Shashank Gupta. Sentiment Analysis: Concept, Analysis and Applications.
[2] Christopher Olah. Understanding LSTM Networks.

[3] Razvan Pascanu, Tomas Mikolov, and Yoshua Bengio. On the difficulty of training

Recurrent Neural Networks. Nov 2012.

[4] Trieu H. Trinh, Andrew M. Dai, Minh-Thang Luong, and Quoc V. Le. Learning Longer-

term Dependencies in RNNs with Auxiliary Losses. Feb 2018.

[5] Chi-Feng Wang. The Vanishing Gradient Problem.



	Đặt vấn đề
	Cơ sở toán học
	Recurrent Neural Network - RNN
	Giới thiệu RNN
	Mô hình chung của mang RNN và thuật toán lan truyền ngược theo thời gian (Backpropagation through time)

	Vấn đề vanishing/exploding gradient trong RNN truyền thống
	Vấn đề phụ thuộc xa (Long-term dependency)
	Vấn đề Vanishing / Exploding Gradient
	Nguyên nhân
	Biểu diễn và chứng minh toán học cho vấn đề Vanishing / Exploding Gradient trong RNN

	LSTMs (Long Short Term Memory networks) - Sự cải tiến của RNN
	Lịch sử ra đời
	Cấu trúc
	Giải thích tính hiệu quả của LSTM

	Bài toán Sentiment Analysis
	Giới thiệu bài toán
	Ví dụ về cài đặt mạng RNN kết hợp LSTM trong Python để giải Sentiment Analysis


