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Bang 3.1 Panh gia két qua du doan hanh khach di may bay quéc té



DANH MUC TU VIET TAT

Tir viét tat | Tiéng Anh Tiéng Viét

ANN Artificial Neural Network Mang no-ron nhén tao

CPU Central Processing Unit Bo xur ly trung tam

IATA International ~ Air  Transport | Hiép hoi Van tai Hang khoéng
Association Quéc té

LSTM Long Short-Term Memory Mang bo nhé dai ngan

0S Operating System Hé diéu hanh

RAM Random Access Memory Bo nhé truy nhap ngau nhién

RNN Recurrent Neural Network Mang no-ron hoi quy




MO PAU
1. Tinh cp thiét caa dé tai

Ngay nay, nganh hang khdng 12 mét nganh cong nghiép vo cuing phat trién, n6
phuc vu nhu cau di lai, giao thuong giira cac qudc gia, cung voi d6 1a su phat trién
kinh té caa cac nude co duong bay qudc té. Theo dy doan, vao nim 2035, luong hanh
khach sir dung dich vu hang khéng sé& dat 7,2 ty luot, ting gan gap doi con sb 3,8 ty
trong nam nay (s6 liéu do Hiép hoi Van tai Hang khong Quédc té (IATA) cung cap).
Ong Alexandre De Juniac, Téng Giam dbc diéu hanh caa IATA nhan xét nhu cau di
lai bang duong hang khéng trong hai thap ky téi s& gap doi. Ciing theo du béo trén,
IATA cho rang khu vuc chau A - Thai Binh Duong sé& 1a noi ¢6 nhu cau di chuyén
bang duong khong cao nhat thé gisi. Bé dap tng nhu cau phuc vy hanh khach mot
cach tot nhat, viéc phai c6 mot hé théng du doan lugng hanh khach di may bay 14 rat
can thiét.

2. Tong quan van dé nghién ciru

Theo du bao cua IATA, éng Alexandre De Juniac da dua ra ba kich ban du
bdo vé linh vuc hang khong trong giai doan 20 nam t6i. Kich ban thir nhat du bao
tang gip doi luong hanh khach. Kich ban thir hai dua ra nhip d6 ting truéng hanh
khach hang khdng gan gap ba lan so véi nam 2016. Kich ban cudi cung uéc tinh 7,2
ty lugt khach st dung dich vu hang khong vao nam 2035.

Cung véi do, thi truong hang khéng Trung Qudc s& thay thé My tré thanh thi
truong hang khong Ion nhat thé giéi (tinh ca duong bay noi dia va qudc té) vao nim
2029. An Do ciing sé& thay nudc Anh chiém vi tri thir ba vao nam 2026, trong khi
Indonesia s€ lot vao top 10 trong danh sach cua IATA.

Nhan thay nhu cau quan trong cua viéc du doan lwong hanh khach ¢ nhu cau
di lai bang duong hang khong, toi dé xuat mot phuong phéap sir dung céng nghé LSTM
dé dy doan lugng hanh khach di méy bay quéc té.



3. Muc dich nghién cuu
- Nghién ctu vé van d& du bao chudi thoi gian, 4p dung dy doan lwong hanh
khach di may bay quéc té.
- Nghién ctru va ing dung cong nghé LSTM.
4. Péi twong va pham vi nghién ciru
4.1. Péi twong nghién cieu
- Cong ngh¢ LSTM (Long Short-Term Memory).
- Van dé du bao luong hanh khac dudng bay qudc té.
4.2. Pham vi nghién ciu
- Giéi han nghién cau vé cong nghé LSTM (Long Short-Term Memory).
- Nghién ctru bai toan du doan chudi theo thoi gian.
5. Phwong phap nghién ctu
5.1. Phuong phap nghién ciru ly thuyét
- Poc va phan tich tai liéu vé cong nghé LSTM, nghién ciiu van dé dy doan
chudi thoi gian thyc.
5.2. Phwong phap thuc nghiém
- Xay dung (ng dung xem xét van dé dy doan lwong hanh khach qudc té.

- Thu nghiém, danh gia két qua.



CHUONG 1
TONG QUAN MANG NO-RON HOI QUY

Trong chwong nay t6i s& gidi thiéu vé co so Iy thuyét vé mang no-ron nhan
tao, cach thirc hoat dong ciia mang no-ron, cac phién ban mé rong cua mang no-ron
nhan tao.

1.1 Mang ne-ron nhan tao
1.1.1 Kién trdc mang no-ron nhan tgo

Mang no-ron nhan tao (Artificial Neural Network — ANN) [a mt mé hinh xur
Iy thong tin dwgc mé phong dua trén hoat dong cua hé thdng than kinh cua sinh vat,
bao gom s6 lugng 16n cac No-ron dugc gan két dé xua ly thong tin. ANN duoc gigi
thiéu nam 1943 bai nha than kinh hoc Warren McCulloch va nha logic hoc Walter
Pits, ANN hoat dong gidng nhu bd ndo cua con ngudi, dugc hoc bai kinh nghiém
(théng qua viéc huan luyén), cé kha niang lwu gitr c4c tri thuc va st dung cac tri thirc
d6 trong viéc du doan céac dir liéu chua biét (unseen data) [1].

M6t mang no-ron 1a mét nhém céc nit ndi vai nhau, md phong mang no- ron
than kinh cua nio ngudi. Mang no-ron nhan tao duoc thé hién thong qua ba thanh
phan co ban: md hinh ctia no-ron, cau tric va su lién két gitra cac no-ron. Trong nhiéu
truong hop, mang no-ron nhan tao 1a mot hé thong thich tng, tu thay d6i cu tric cua

minh dua trén cac thong tin bén ngoai hay bén trong chay qua mang trong qua trinh

hoc.
Output t N

layer _PE. 1 Y,
" Transfer N
W, / function f
Hidden (o VGRS, . Esee \ . J
layer PE/ PE Xa \. Wesnl?:’ted y

W ——

/ . /WmT w;\x
< 1 X? 3

input (S * o)
layer \i\ /i\ 1 i/\
P_E/ = processing element

Hinh 1.1 Kién trdc mang no-ron nhan tao



Kién tric chung caa mot ANN duoc thé hién o hinh 1.1, gdm 3 thanh phan d6
1a 16p vao, 16p an va 16p ra [2]

Trong d6, 16p vao thé hién cho cac dau vao caa mang; 16p an gdm cac no-ron,
nhan di liéu dau vao tir cac no-ron & 16p trude d6 va chuyén ddi cac dau vao nay cho
cac 16p xur ly tiép theo; 16p ra thé hién cho cac dau ra ciia mang. Trong mot mang
ANN c6 thé c6 nhiéu Iop an.

Mang noron nhén tao ngay nay gan giéng véi bo ndo con ngudi nhu: C6 kha
nang hoc, tic 12 st dung nhitng kinh nghiém dé cai thién hiéu suat. Khi thu thap duoc
da mot lwong mau thi ANN c6 thé khai quat hoa rat cao. Mot ANN cd thé nhan ra

dugc mot Ky tu viét tay, co thé phat hién bom & san bay...

1.1.2 Hoat dong cia mang no-ron nhan tgo

L Trong s6
Dau vao
F iy
Xy ————W )
I\._. e Dau ra

=

i e '3:_ Neuron | —r-/f\|—¥i—p-
N =WjX; \< /

.-'---

T n n
xﬂ. Wa}' | Phép tong Ham chuyén
[ J

Hinh 1.2 Qua trinh xir ly théng tin cia mgt mang no-ron nhan tao.
Hoat dong ctia mang no-ron nhan tao duoc thé hinh & hinh 1.2 véi 3 chu trinh:
DPau vao: Mdi dau vao tuong tng véi 1 dic trung cua dir liéu. Vi du nhu trong
rng dung ctia ngan hang xem xét c6 chap nhan cho khach hang vay tién hay khdng thi
mdi input 12 mot thudc tinh ciia khach hang nhu thu nhap, nghé nghiép, tudi, sé con, ...
Pau ra: Két qua cia mot ANN 1a mot giai phap cho mot van dé, vi dy nhu véi
bai toan xem xét chap nhan cho khéach hang vay tién hay khéng thi dau ra 1a “c6”

hodc “khong”.



Trong s lién két: Pay la thanh phan rat quan trong cia mot ANN, n6 thé hién
muc d6 quan trong, d6 manh cua dit liéu dau vao dbi véi qua trinh xir ly thong tin
chuyén d6i dit liéu tir I6p nay sang 16p khac. Qué trinh hoc cua ANN thuc ra 1a qué
trinh diéu chinh cac trong sb cua cac dir liéu dau vao dé co duogc két qua mong mudn.

Ham téng: Tinh tong trong sé cua tat ca cac dau vao duge dua vao mdi no-

ron. Ham tong cua mot no-ron ddi véi n dau vao dugc tinh theo cong thac sau:
n
Y - Z XiWi
i=1

Ham chuyén doi: Ham tong ciia mot no-ron cho biét kha nang kich hoat cua

1)

no-ron d6 con goi 1a kich hoat bén trong. Cac no-ron nay c6 thé sinh ra mot dau ra
hodc khong trong mang ANN, n6i cach khéc rang c6 thé dau ra cia mot no-ron cd thé
dugc chuyén dén 16p tiép trong mang no-ron theo hoic khdng. Méi quan hé giita ham
tong va két qua dau ra dugc thé hién bing ham chuyén doi.

Viéc lya chon ham chuyén doi c6 tac dong 16n dén két qua dau ra cua mang

ANN. Ham chuyén dbi phi tuyén duoc sir dung pho bién trong mang ANN 1a sigmoid

hoac tanh.
\ H H 1
Ham Sigmoid: f(z) = 1+ exp (—2)
| o7 _ o (2)
Ham Tanh: f(z) = tanh(z) = Tt ez

Trong d6, ham tanh 12 phién ban thay dbi ti 1 cua sigmoid , tirc 1a khoang gia
tri dau ra cua ham chuyén doi thuoc khoang [-1, 1] thay vi [0,1] nén chling con goi la
ham chuan hoa.

Két qua xur ly tai cc dau ra ciia no-ron ddi khi rat 16n, vi vay ham chuyén doi
duogc sir dung dé xir ly dau ra nay truéc khi chuyén dén I6p tiép theo. Poi khi thay vi
str dung ham chuyén doi, ngudi ta sir dung gia tri ngudng dé kiém soét cac dau ra cua

c4c no-ron tai mot 16p nao do trude khi chuyén cac dau ra nay dén cac 16p tiép theo.



Néu dau ra ctia mot no-ron nao d6 nhé hon gia tri ngudng thi nd sé& khong duoc
chuyén dén 16p tiép theo.

Mang no-ron cta ching ta dy doan duya trén lan truyén thang la cac phép nhan
ma tran cung véi ham kich hoat dé thu duoc két qua dau ra. Néu dau vao x la vector

2 chiéu thi ta cd thé tinh két qua du doan bang cong thire sau:

y1=xWi+ by
yr = tanh(y1) 3)
yo=aiWs+ by

yr=J9 = softmax(y,)

Trong d6, y; la dau vao cua tang tha i, Y1 1a dau ra cua tang thi i sau khi ap
dung ham kich hoat. W1y, by, Wo, b, 1a cac thong s6 can tim cia mo hinh mang no-ron.

Huan luyén dé tim cac thong sé cho md hinh tuong duwong véi viéc tim cac
théng s6 W1y, by, W, ba, sao cho d6 18i cia md hinh dat duoc 1a thap nhét. Ta goi ham
do 16i cia m6 hinh 1a ham suy hao.

Néu ta c6 N dong dit liéu huan luyén va C nhém phan 16p, khi d6 ham suy hao
gitra gia tri du doan y va y tinh nhu sau:

1
L(y,y) =— N Z Vn,ilogVn (4)

neN iec

Y nghia cong thirc trén nghia 1a: 1ay tong trén toan bo tap huan luyén va cong
don vao ham loss néu két qua phan 16p sai. P di biét gitra hai gi tri  va y cang 16n
thi d6 16i cang cao. Muc tiéu cua ching ta 1 téi thiéu héa ham 13i nay. Ta cd thé sir
dung phuong phap giam do doc dé téi tiéu hoa ham 16i. C6 hai loai giam d6 dbc, mot
loai vai tée do hoc ¢d dinh dugc goi 1a giam do déc hang loat, loai con lai c6 toc do
hoc thay déi theo qué trinh huan luyén duoc goi 1a giam do déc ngau nhién.

Phuong phap giam do dbc can cac dudng doc 1a cac vector c¢o dugc bang cach

oL 0L oL 0L

lay dao ham cua ham suy hao theo tirng thong so W 361 3w’ 3by" beé tinh cac duong


http://cs231n.github.io/optimization-1/

doc nay, ta str dung thuat todn lan truyén ngugc. Day 1a cach hiéu qua dé tinh duong
déc khoi diém tir 16p dau ra.
Ap dung lan truyén nguoc ta ¢ cac dai luong:
63=y—y
8, = (1 — tanh?z,) x S W)
oL
W,
oL 5
= 5, ©)
oL
oW,
dL
3 =

= a{é}

== XT62

6,

1.2 Céc thanh phan co ban ciia mang no-ron nhan tao
1.2.1 Donvi xwly

Con duoc goi 1a mot no-ron hay mot nit, thuc hién mot céng viéc rat don gian:
nd nhan tin hiéu vao tir cac don vi phia trudéc hay mot ngudn bén ngoai va sir dung

chting dé tinh tin hiéu ra s& dugc lan truyén sang cac don vi khac.

't# — H1_ﬁ IH_J'
-J. #
—~ oy
, M. "‘-.‘._l_ o~ X il — I
) w. T I
- __JJF' _
IJ‘J r . ;-( ]
a=Ywwsd 2=8@

Hinh 1.3 Pon vi xir ly



Trong do:
Xi : cac dau vao
Wiji : CAC trong s twong &g voi cac dau vao
0; : do léch
aj : dau vao mang
zj - dau ra cia noron
g(x): ham chuyén (ham kich hoat).
Trong mdt mang noron c6 ba kiéu don vi:
- Cac don vi dau vao nhan tin hiéu tir bén ngoai.
- Céac don vi dau ra guri dir liéu ra bén ngoai.
- Cac don vi an, tin hiéu vao va tin hiéu ra caa né nam trong mang.

Mbi don vi j ¢d thé c6 mot hozc nhiéu dau vao: x0, x1, x2, xn, nhung chi c6
mot dau ra zj. Mot dau vao toi mot don vi o thé 1a dit liéu tir bén ngoai mang, hoic
dau ra cia mot don vi khac, hoic 1a dau ra caa chinh no.

1.2.2 Ham két hgp

Mdi mot don vi trong mot mang két hop céc gia tri dua vao né thong qua cac
lien két voi cac don vi khac, sinh ra mét gia tri goi 1a dau vao mang. Ham thuc hién
nhiém vu nay goi 1a ham két hop, duoc dinh nghia bai mot luat lan truyén cu thé.
Trong phan 16n cac mang noron, chung ta gia str ring mdi mot don vi cung cap mot
b cong nhu 1a dau vao cho don vi ma nd co lién két. Tong dau vao don vi j don gian
chi 12 tong trong sb caa cac dau ra riéng lé tir cac don vi két ndi cong thém ngudng
hay do Iéch 6;:

Clj = ?=1 le-xi + 9] (6)

Truong hop wji > 0, no-ron dugc coi la dang ¢ trong trang thai kich thich.
Tuong tu, néu nhu wji < 0, no-ron & trang thai kiém ché. Chlng ta goi cac don vi voi
luat lan truyén nhu trén 1a cac don vi sigma. Trong mot vai truong hop ngudi ta ciing
c6 thé str dung cac luat lan truyén phirc tap hon. Mot trong sé d6 1a luat sigma-pi, ¢6

dang nhu sau:



Rat nhiéu ham két hop st dung mot "dd léch” hay "ngudng" dé tinh dau vao
mang t6i don vi. Déi véi mot don vi dau ra tuyén tinh, thong thudng, 6; duoc chon 12

hang s6 va trong bai toan xap xi da thirc 6; = 1.

1.2.3 Ham kich hogt

Phan I6n cac don vi trong mang no-ron chuyén dau vao mang bang cach sir
dung mot ham vé hudng goi 1a ham kich hoat, két qua ciia ham nay 1a mot gia tri goi
la mae d6 kich hoat ctia don vi. Loai trir kha nang don vi d6 thudc 16p ra, gia tri kich
hoat duoc dua vao mot hay nhiéu don vi khac. Cac ham kich hoat thuong bi ép vao
mot khoang gid tri xac dinh, do d6 thuong duogc goi la cac ham bep . Cac ham kich
hoat hay duogc sir dung la:
* Ham dong nhat
g(x) =x ®)
Néu coi cac dau vao 1a mot don vi thi ching s& sir dung ham nay. Do6i khi mét

hang sé duoc nhan véi dau vao mang dé tao ra mot ham dong nhat.
g(x)
3

-1
Hinh 1.4 Ham dong nhat
* Ham buwoc nhj phan
Ham nay ciing dugc biét dén voi tén "Ham ngudng". Pau ra cia ham nay duoc
giai han vao mét trong hai gia tri:

g&)={

1,néu (x = 0)
0,néu (x < 6)
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Dang ham nay duoc st dung trong cac mang chi c6 mot 16p.  (g)

Trong hinh v& sau, 6 dugc chon bing 1.

g(x)
.
o | X
-1 0 1 2 3
Hinh 1.5 Ham bwéc nhi phan
* Ham sigmoid
1
X)) = — (10)
9(x) 1+e™*

Ham nay dac biét thuan loi khi st dung cho cac mang dugc huan luyén (boi
thuat toan lan truyén nguoc, bai vi nd dé 1y dao ham, do d6 c6 thé giam dang ké tinh
toan trong qua trinh huan luyén. Ham nay duoc ung dung cho cac chuong trinh ng
dung ma cac dau ra mong muén roi vao khoang [0,1].

g(x)

SsssssssssssassssssaBeaanaEEEEa TET]

Hinh 1.6 Ham Sigmoid
* Ham sigmoid lwong cuc

g0 = =5 (11)

1+e~%
X)

(AR R RN

sesseBsERERERERRE RO R D "ew

oy

2 4 5 X

Cb...‘b.l’i L R R

Hinh 1.7 Ham Sigmoid luwd'ng cuc
Ham nay c6 cé4c thudc tinh twong tu ham sigmoid. N6 1am viéc tét dbi vai cac

ing dung c6 dau ra yéu cau trong khoang [-1,1].
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1.3 Mang no-ron hdi quy

Mang no-ron hoi quy (Recurrent Neural Network - RNN) [a mét trong nhitng
md hinh hoc sau dugc danh gia c6 nhiéu vu diém trong cac tac vu xu ly ngén ngir tu
nhién
1.3.1 Khai ni¢gm RNN

Y tudng cua RNN d6 14 thiét ké mot mang no-ron sao cho ¢é kha nang xur ly

duoc thdng tin dang chudi, vi du mot cau 1a mot chudi gom nhiéu tu.

P93t 8
FAj— » A

S ol ol S

Hinh 1.8 M6 hinh mang no-ron hai quy

A4
v

M6 hinh cia RNN duoc thé hién & hinh 1.8, ¢d nghia la thyc hién Iap lai ciing
mot tdc vu cho mdi thanh phan trong chudi. Trong do, két qua dau ra tai thoi diém
hién tai phu thugc vao két qua tinh toan ciia cac thanh phan & nhiing thoi diém trudc
do.

Noi cach khac, RNN la mot mo hinh c6 tri nh, c6 kha nang nhé dugc thong
tin da tinh toan truéc d6. Khong nhu cac md hinh mang no-ron truyén théng, do 1a
thong tin dau vao hoan toan doc lap véi thong tin dau ra. Vé Iy thuyét, RNN c6 thé
nhé dugc thong tin cua chudi co chiéu dai bat ki, nhung trong thuc t& moé hinh nay
chi nhé duoc thong tin ¢ vai budc trudce do.

1.3.2 Qua trinh xa ly thong tin ciia RNN

Qua trinh xtr ly théng tin trong mang hdi qui dugc méd ta trong hinh 1.9. Trong
d6, xt 1a dau vao tai thoi diém thir t, o 12 dau ra tai thoi diém thtr t, St 12 trang thai an
tai thoi diém thi t, chinh 14 “bd nhé” ctia mang. St duoc tinh dua trén cac trang thai

an trudc két hop véi dau vao tai thoi diém thi t.
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Hinh 1.9 Qua trinh xir ly thong tin trong RNNs

Quaé trinh nay c6 thé duoc biéu dién bang md hinh toan sau (Mikolov et al.,
2014):

Sit= f(Ux¢ + W5 1) (12)
véi (U, V, W) 1a ba tham sé cua mang.

Ham f thuong duoc sir dung nhat 1a ham tanh hoac ham RELU (Rojas Radll,
2013)

Véi kha nang “nh¢” duge, dac diém chung ciia mang no-ron hoi quy 1a cé kha
ning xu ly thong tin dang chudi va cac dir liéu thai gian.

V& ly thuyét, RNNSs c6 thé nhg duogc thong tin cua chudi co chiéu dai bat ky
nhung trong thyc té thi mé hinh nay chi c6 kha ning nhé dugc thong tin & mot vai
budc trude d6 (Schmidhuber and Hochreiter, 1997)

1.3.3 Céc irng dung ciia RNN
e MO0 hinh ngdn ngir va phat sinh vin ban

M6 hinh ngén ngit cho ta biét xac suat cia mot cau trong mot ngdn ngir 1a bao
nhiéu (vi du Xac suat p(“hém qua la thi¢ niam”) = 0.001; p(“néim thir hom la qua”) =
0). Pay ciing 1 bai toan du doan xac sudt tir tiép theo cua mot cau cho trude 1a bao
nhiéu.

Tir bai todn ndy, ching ta c6 thé mo rong thanh bai toan phat sinh van ban. Mo
hinh nay cho phép ta phat sinh ra vian ban méi dua vao tap dit liéu huan luyén. Vi du,
khi huan luyén mé hinh ndy bang cac van ban truyén Kiéu, ta cd thé phat sinh duoc
cac doan vin tya truyén Kiéu. Tuy theo loai dit liéu huan luyén, ta s& ¢ nhiéu loai
ung dung khac nhau.

e Dich may
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Bai toan dich may (Machine Translation) [11, 12] twong tu nhu md hinh ngdn
ngit. Trong dé, dau vao 1a chudi cac tir cua ngdn ngit ngudn (vi du tiéng Buc), du ra
la chudi céc tir ciia ngdn ngir dich (vi du tiéng Anh). Biém khac biét ¢ day d6 1a dau

ra chi c¢d thé du doan duoc khi dau vao di hoan toan dugc phan tich. Diéu nay la do
tir duoc dich ra phai c6 day du thong tin cua céc tir trude do.

Phat sinh md ta cho anh (Generating Image Descriptions)
RNN két hop véi Convolution Neural Networks [13] ¢6 thé phat sinh ra duoc

[
cac doan mo ta cho anh. M6 hinh nay hoat dong bang céch tao ra nhitng cau mo ta tir

cac dac trung rut trich dugc trong buc anh.
1.3.4 Céc phién ban mé rgng cia RNN
Trong vai ndm qua, c&c nha nghién cau da phat trién nhiéu loai mang RNNs
ngay cang tinh vi dé giai quyét cac mat han ché caa RNN. Duéi day, 1a mot s6 phién

ban mé rong cia RNN.
e RNN hai chiéu:
Duyatrén y tuong dau ra tai thoi diém t khong chi phu thudc vao cac thanh phan
trude d6 ma con phu thudc vao cac thanh phan trong tuong lai. Vi du, dé dy doan mot
tir bi thiéu trong chudi, ta can quan sat cac tir bén trai va bén phai xung quanh tir do.
M6 hinh nay chi gdm hai RNNs nap chdng 1én nhau. Trong do6, cc trang thai an duoc

tinh toan duya trén ca hai thanh phan bén trai va bén phai cia mang.
Lo
-
.

Hinh 1.10 Mang RNN hai chiéu.
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e RNN hai chiéu sau
Tuong ty nhu RNN hai chiéu, diém khac biét d6 1a mé hinh nay gdm nhiéu
tang RNN hai chiéu tai mdi thoi diém. M hinh nay sé& cho ta kha niang thuc hién céac
tinh toan nang cao nhung doi hoi tap huan luyén caa ching ta phai dua I6n.

° © o B
- - - -
| | | (

vV V¥V
Hinh 1.11 Mang RNN nhiéu tang.
e Mang bd nhé ngin han (LSTM)

M hinh nay c6 cau tric tuong tu nhu RNNs nhung ¢ cach tinh toan khac doi
véi céc trang thai an. B nha trong LSTMs duoc goi 1a hat nhan. Ta c6 thé xem day
1a mot hop den nhan thong tin dau vao gom trang thai an va gié tri. Bén trong cac hat
nhan nay, chiing s& quyét dinh thong tin nao can Iuu lai va thong tin nao can xoéa di,
nho vay ma md hinh nay cd thé luu trir dugc thong tin xa.

1.4 Két luan chwong 1

LSTM Ia mot budce tién 16n trong viéc sir dung RNN. Y tudng caa né gitp cho
tat ca cac budc cua RNN c6 thé truy van duoc théng tin tir mot tap théng tin Ion hon,
nd gilp giai quyét van dé du doan chudi thoi gian. Cho nén trong dd &4n nay ching
toi tap trung nghién ctru cho bai todn du doan hanh khach luwong hanh khach di may

bay qudc té. Chi tiét md hinh mang nay duoc gigi thiéu trong Chuong 2.
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CHUONG 2
UNG DUNG CONG NGHE LSTM CHO VIEC DU POAN
LUQNG HANH KHACH PI MAY BAY QUOC TE

Chuong nay s& giGi thiéu vé bai toan udc luong hanh khach di may bay quéc
té va vé mang cai tién LSTM: Kién trGic, m hinh, quy trinh hoat dong. Pay ciing 1a
co s& dé xay dung thuc nghiém trong Chuong 3.

2.1 Kién trdc mang LSTM

Mang b nhd ngan han (LSTM) 1a mét kién tric hoc sau duoc coi nhu 13 mot
su m& rong cua mang no-ron hoi qui (RNN) véi kha nang hoc cac phu thudc dai han
(Schmidhuber and Hochreiter, 1997; Mikolov et al., 2014; Rojas, 2013). Pay la mét
mo hinh mang cd tri nhé, c6 kha nang “nhé” dugc cic thong tin da tinh toan trudc do.
Két qua tai thoi diém hién tai khong nhitng phu thudc vao dau vao tai thoi diém hién
tai ma con phy thudc vao két qua tinh toan cua cac thanh phan o nhiing thoi diém

trudc.

X

7
L
ik

4

e

(0] O )

4 4 4

+ + +

— 1 1 )
bauvao Diura Ham todn hoc
Vec to' dau vao 5 ) Bonho ciia khéi o Sigmoid X ) Phép nhan
o hiéntai -

Bonho tirkndi Nl Baura cla khoi @y Hyperbolic 5 Phép cong
trerére 6 W hiéntai \ ,-.JJ tangent

Dau ra cla khdi

trée dé Trong so

Hinh 2.1 C4u tric caa mé hinh LSTM
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Trong hinh 2.2, ciu tric mang LSTM gém c6 4 tang va twong tac voi nhau
mét cach dac biét. Ct 18i cua mang LSTM bao gom trang thai nhé va cong. Trang
thai té bao gidng nhu bang chuyén, chay xuyén suét qua tat ca cac nit mang giup
thong tin dugc truyén dat d& dang, con cong 13 noi sang loc thong tin di qua nd, chung
duoc két hop boi mét ting mang sigmoid.

Mang LSTM dugc thiét ké nham loai bo van dé phu thudc dai han [10]. Vi du
mo hinh RNN ¢ hinh 2.2, c4c 16p déu mac ndi véi nhau thanh cac md-dun mang no-
ron. Trong RNN chuan, md-dun 1ap lai ndy c6 cu trdc rat don gian chi gdm mot 16p

don gian la 16p tanh.

® ® ®
| t

A J ]
I
3 ® 2

Hinh 2.2 Cac mé-dun 1ap cia mang RNN chira mot lép

Mang LSTM c6 cau trdc mat xich twong tu, nhung cac md-dun lap c6 cau trdc
khéc han. Dé tang kha nang nhé thi budc xu ly lap cia LSTM st dung 4 16p thay vi 1
I6p nhu RNN. Hinh 2. mé ta sy khac nhau giira cau tric 1 hat nhan (mo-dun lap)
trong RNN va LSTM. Mau chét cta kha ning “nhé 1au” cia LSTM 13 c4u tric “trang
thai nho™, 1a duong ké ngang phia trén trong md-dun lap. Cac thong tin co thé duoc
thém hoic b6t vao trang thai hat nhan, dua trén qui dinh cua céc cong, 1a cac phép

toan duoc dat trong vong tron bén trong trang thai hat nhan.

ﬁTD ) ®

T
(o o N,
SN
© ® ©

Hinh 2.3 Cac md-dun Lip cia mang LSTM chia bén 16p
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Trong d6, cac ky hiéu str dung trong mang LSTM duoc giai nghia sau day:
- Hinh chir nhat nén vang la céac Iép 4n ciia mang no-ron
- Hinh tron nén hong biéu dién toan tir theo tirng diém
- Duong ké gop lai véi nhau biéu thi phép ndi cac toan hang

- Vaduong ré nhanh biéu thi cho su sao chép tir vi tri ndy sang vi tri khac

Neural Network Pointwise Vector
Layer Operation Transfer

Concatenate Copy

Hinh 2.4 Céc ki hi¢u sir dung trong mang LSTM
2.2 Qua trinh xi ly thdng tin caa LSTM
Mang LSTM cé kha nang thém hodc bdt thdng tin vao trang thai hat nhan,
duge quy dinh mot cach can than béi cac cau tric goi 1a cong. Céc cong nay 1a mot
cach (tuy chon) dé dinh nghia thong tin bang qua. Chling duoc tao bai ham sigmoid

va mot toan tir nhan theo timg diém.

_®_

Hinh 2.5 Céng trang thai LSTM.

Ham kich hoat Sigmoid co gié tri tir 0 — 1, mo ta do lon théng tin dugc phép
truyén qua tai mdi 16p mang. Néu ta thu dugc 0, diéu nay c6 nghia 1a “khéng cho bat
ky céi gi di qua”, nguoc lai néu thu duoc gié tri 1a 1, thi c6 nghia la “cho phép moi thir
di qua”.

Mot mang LSTM gbém c6 3 cong dé duy tri hoat dong trang thai cua hat nhan.

Budc dau tién cua md hinh LSTM la quyét dinh xem thdng tin nao ching toi
can loai bo khoi trang thai hat nhan. Tién trinh nay duoc thuc hién thong qua mot 1op

sigmoid goi 1a “cong chan”. Pau vao 1a h,_q va x,, dau ra la mot gia tri nam trong
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khoang [0, 1] cho trang thai hat nhan C;—1. 1 tuong duong vai “gitt lai thong tin”, 0
tuong duong vaéi “loai bo thdng tin”.
h:

C-1 / Ct

T lt' ; Ot
tanh ‘
ht— 1 I I >ht

Xt

fe = a(Ws. [he—1,x] + by) (12)

Hinh 2.6 Bwéc thir 1 quy trinh xi ly caa LSTM
Budc tiép theo, ching tdi can quyét dinh thdng tin ndo can dugce luu lai tai
trang thai hat nhan. Ching t6i c6 hai phan. Mot, 16p sigmoid don duoc goi 1a “cong
chan” quyét dinh cac gia tri ching t6i s& cap nhat. Tiép theo, mot 16p tanh tao ra mot

vector ang vién méi C, duoc thém vao trong 0 trang thai.

it = O-(Wl [ht—l’ xt] + bl)

~ (13)
C; = tanh (W¢. [h_q, x¢] + b,)

hey

Hinh 2.7 Bwéc thi 2 quy trinh xi ly caa LSTM
Tiép theo, chiing t6i s& két hop hai thanh phan nay lai dé cap nhat vao trang
thai hat nhan. Pay 1a gia trittng vién mai, ti 1& s6 lwong gia tri ma ching téi mudn cap

nhat £, cho mdi trang thai.
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Cet @ " Co=fe* Cooq 1 * G (14)

Ll
C,

®
ﬁ,

B

Hinh 2.8 Bwéc thir 3 quy trinh xir ly caa LSTM

Cubi cung, ching t6i can quyét dinh xem thong tin dau ra 12 gi. Pau ra ndy can
dua trén trang thai hat nhan, nhung sé dugc loc bot thong tin. Pau tién, ap dung 16p
sigmoid don dé quyét dinh xem phan ndo cua trang thai hat nhan sé& ra dau ra. Sau do,
ta s& day trang thai hat nhan qua (ddy gia tri vao khoang -1 va 1) va nhan véi mot
cong sigmoid dau ra, dé giir lai nhitng phan ta mudn ra ngoai.

i A

0y = a(Wylhe—1, %] + b,)
h; = o, * tanh (C;)

(15)

Hinh 2.9 Bwéc cudi cing quy trinh xir Iy cia LSTM
2.3 Cac ky thuat LSTM sir dung trong thir nghiém

2.3.1 LSTM hai quy

Bai toan udc luong hanh khach co thé coi nhu mot bai toan hoi quy. Hay noi
cach khéc, véi sb lugng hanh khach (tinh theo don vi hang ngan) trong thang nay, sb
luong hanh khach trong thang téi la bao nhiéu?

Théong thuong dir lidu cua bai toan 1a tap di liéu hai cot: cot dau tién chira s6
lugng hanh khach (t) cia thang nay va cot thir hai chira sé lugng hanh khach cua

thang toi (t + 1), duoc du doan.
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Hinh 2.10 Mang no-ron héi quy

Trong hinh 2.10, A 12 mang no-ron hdi quy. N6 nhan mot dau vao x:, tién hanh
xt ly va dua ra dau ra h. Diém dic biét caa A 12 n6 sé& luu lai gié tri cua hy dé st dung
cho dau vao tiép theo. C6 thé coi mot mang neural hdi quy 1a mét chudi nhitng mang
con gidng hét nhau, mdi mang sé& truyén thdng tin nd vira xtr ly cho mang phia sau
no.

Chudi cac dau vao xo, X1, ... , Xt Ia nhirng su kién xay ra theo thir tu thoi gian.
Nhitng sy kién nay déu c6 mdi lién hé vé thong tin véi nhau va thong tin caa ching
s& duoc gitr lai dé xur ly su kién tiép theo trong mang neural hoi quy. Vi tinh chat nay,
mang no-ron hdi quy pht hop cho nhiing bai toan véi dix liéu dau vao dudi dang chudi
véi cac su kién trong chudi cd méi lién hé véi nhau. Vi vay, mang no-ron hdi quy co
ung dung quan trong trong cac bai toan xtr ly ngén ngit ty nhién nhu: Dich may, Phan
loai ngit nghia, Nhan dang giong néi... Mét trong nhitng diém manh caa mang no-

ron hoi quy la cho phép tinh toan trén mot chudi cac vector.
one to one one to many many to one many to many many to many

1 OO0 0 OO0 OON

B - 4 . “

HH U-H’:i [HHHH]  [HH]

] ©O0 OO0 Oon

Hinh 2.11 Hoat ddng ciia mang no-ron hdi quy

1

Kiéu hoat d6ng cua mang no-ron hdi quy dugc thé hién ¢ hinh 2.11. Mdi hinh
chit nhat 1a 1 vector va cac mili tén thé hién cac ham bién d6i. Vector dau vao c6 mau
do6, vector dau ra ¢ mau xanh bién va vector trang thai thong tin trao ddi gitra cac

mang con ¢6 mau xanh la.
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Mang no-ron héi quy nhan mot vector dau vao X va dua ra vector dau ra y. Pé
cd thé luu trit dugc théng caa cac su kién trong qué khir, mang neural hdi quy luu trit
trong chinh né mot vector trang thai an h. Vector trang thai nay sé luu giit nhitng
thong tin cua nhiing su kién da duoc xu ly bing cach cap nhat lai gia tri mdi khi mot

su kién mai duogc xur ly.

Kién tric ndy c6 mot nhuoc diém: Néu kich thude chudi vector dau vao x 1a
rat 16n thi viéc tinh todn véc-to trang thai 4n h s& phai di qua nhiéu 16p tinh toan.
Trong qua trinh, dé cap nhat cé4c trong sd, vi viéc dao ham phai di qua nhiéu 16p tinh
toan cuaia vector h nén cac gié tri cap nhat ciing s& Ion dan I1én, viéc cap nhat c4c trong
sb khong theo y muén va khién mang khéng 6n dinh. Vi vay, cc bién thé nang cap
ctia mang no-ron hoi quy da ra doi dé khac phuc van dé nay. LSTM da bo sung thém
co ché loai bo nhitng thong tin khéng can thiét ra khoi vector trang théi an h, tir dé

da khic phuc dugc mot phan nhuoc diém trén.
2.3.2 LSTM héi quy st dung phwong thirc cira S6

M6t md hinh du doan c¢6 nhiéu bién sé mot 1an dé du doan budc tiép theo la
phuong thirc ctra s6. Vi du: gié tri tai t va gid tri tai t + 1 dwoc st dung dé dy doan
gia tri tai thoi diém t + 2, c6 thé duoc phaét trién bang cach st dung thoi gian hién tai
t va cac lan trudc t-1 1am bién dau vao dé du doan t + 1. Khi dugc tao thanh md hinh
hoi quy, bién dau vao lat-1 vatvabiéndauralat+ 1.

- real dataset

90000 } | — training prediction

- testing prediction

20 30 AC

Hinh 2.12 LSTM sir dung phwong thirc cira 56
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Cac két qua dy doan dugc dua ra dwgc hién thi trong hinh 2.12. Buong mau
xanh trong hinh 2.12, cho thidy mot biéu do cua thyc té di liéu. Budng mau xanh 14
cay hién thi biéu d6 dy doan trong qua trinh dao tao. Va dudng mau d6 hién thi két

qua du doan trong qua trinh thir nghiém.
2.3.3 LSTM héi quy si dung buwdc thoi gian

Phuong phap nay ap dung phép chiéu lin hodc nd duoc goi 1a mé hinh xac
nhan di bo. Mbi budc thoi gian cia bo dit liéu thir nghiém sé chay cung mot luc. M6
hinh duoc sir dung dé wéc tinh mét lan truéce. Trén thuc té, né gidng nhu du doan
thong thuong. Quan sét cac chuyén tham ciia khach du lich s& c6 sin mdi thang va s&

duogc sir dung cho cac budc tinh caa thang tiép theo.

Cac quan sat dugc thuc hién ¢ ba budc trudc (t-1, t-2, t-3) va dugc sir dung
lam dau vao dé dy doan quan sat tai thoi diém hién tai (t). Du doan st dung budc da
thoi gian theo khai niém trinh ty dé trinh ty véi mot chudi dai hon. Trinh ty duoc st

dung trong nghién ctru nay dugc thuc hién nhu sau:

January February March 2> April
February March April 2> May

March April May . 4 June
April May June > July
Month t-2 Month t-1 Month t 2> Month t+l

Hinh 2.13 Trinh twy bwéc thaoi gian

100000 - -
[ - real dataset
90000 }| — training prediction

‘ - testing prediction |
80000 }

10 20 30 40 [ )

Hinh 2.14 LSTM s dung bd nhé giira cac bwéc
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Cac két qua dy doan dugc dua ra dwgc hién thi trong hinh 2.14. BPuong mau
xanh trong hinh 2.14 cho thiy mét biéu db cua dit liéu thyc té. Puong mau xanh 14
cay hién thi biéu d6 dy doan trong qua trinh dao tao. Va dudng mau d6 hién thi két
qua dur doan trong qué trinh thir nghiém. Trudc qua trinh dao tao, mot chuyén doi di
liéu duoc thuc hién ra dé c6 duoc quy md theo yéu cau kich hoat. Trong nghién ciu
nay, dir liéu ban lai da duoc thyuc hién tai mot gié tri tir -1 dén 1 dé hoan thanh chuc
ning kich hoat cua tiép tuyén hyperbol tiép tuyén cua mé hinh LSTM. Viéc chuyén
d6i nay s& dugc dua ra mot quy trinh dao nguoc sau qué trinh du doan thanh tra lai

gia tri cho quy mé ban dau.
2.3.4 LSTM swr dung bé nhe giita cdac buwoc

Viéc chuan bi dit liéu cho mang LSTM bao gém cac budc thai gian. Mot s6
véan dé trinh tu c6 thé cé sb budc thai gian khac nhau trén méi mau. Vi du: c6 thé co
cac phép do cua mot may vat ly dan dén mot diém that bai hoic mot diém dot bién.
MJdi su ¢ s& 1a mot mau, cac quan st dan dén sy kién s& 1 cac budc thoi gian va cac
bién duoc quan sét s& 1a cac tinh ning. Cac budc thai gian cung cdp mot cach khac
dé dién dat van dé chudi thoi gian caa ching t6i. Giong nhu ¢ bén trong vi du cua
phuong thirc LSTM ctra s6, ching t6i ¢6 thé thuc hién cac budc thoi gian trude trong

chudi thoi gian ciia minh lam dau vao dé du doan dau ra ¢ budce thoi gian tiép theo.

Thay vi dua ra cc quan sat trong qua khtr nhu cac tinh nang dau vao riéng
biét, chiing ta c6 thé st dung ching nhu cac budc thoi gian cua mot tinh ning dau

vao, day thuc su 1a mot khung chinh xac hon cta van dé.

Mang LSTM c¢6 bo nhd c6 kha niang ghi nhé trong cac chudi dai. Thong
thuong, trang thai trong mang duoc dit lai sau mdi dot dao tao khi khép mé hinh,
cling nhu mdi 1énh goi du doan hodc danh gia. Ching ta c6 thé gianh quyén kiém soat
t6t hon khi trang thai bén trong cia mang LSTM bi x6a trong Keras bang cach 1am
cho 16p LSTM c6 trang thai. Didu ndy c6 nghia 13 né c6 thé xay dung trang thai trén
toan bo chudi dao tao va tham chi duy tri trang thai d6 néu can dé dua ra du doan. N6

doi hoi dir liéu dao tao khong duoc xao tron khi lap mang. N6 ciing yéu cau thiét 1ap
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lai rd rang trang thai mang sau mai 1an tiép xdc vai dit liéu huan luyén bang cach goi

dén trang thai dit lai.
2.3.5 LSTM xép chéng si dung bé nhé gisa cdc bwoc

Kién tric LSTM xép chdng la nhiing loi ich twong tu ¢6 thé duoc khai thac
v6i LSTM. Cac mang LSTM hoat dong trén dit liéu chudi, diéu d6 c6 nghia 12 viéc
thém céc 16p s& thém cac muc do triru tuong cua cac quan sat dau vao theo thoi
gian. Trong thuc té, quan sat khic dix liéu theo thoi gian hoic dai dién cho van dé ¢
quy mé thoi gian khac nhau. Su kién xay dung mot RNN sau bang céch xép chong
nhiéu trang thai an 13p lai 1én nhau. Céch tiép can nay c6 kha ning cho phép trang

thai an & mdi cap hoat dong & cac khoang thoi gian khac nhau.

Cac LSTM xép chong hoic LSTM sau duoc gici thiéu bai Graves, trong viéc
ap dung cac LSTM cua ho dé nhan dang giong néi, danh bai diém chuan vé mét van
dé tiéu chuan day thach thirc. RNN von di c6 thoi gian sau, vi trang thai an cua ching
la mot chiic nang cua tat ca cac trang thai an truéc d6. Cau hoi truyén cam hing nay
la liéu RNN ciing c6 thé huang loi tir d6 sau trong khéng gian; do 1a tir viéc xép chong
nhiéu 16p an 1ap lai 1én nhau, gidong nhu cac 16p cap trudc dugc xép chong 1én nhau
trong cac mang sau théng thuong.

Trong cung mot cdng viéc, ho thay rang do sdu caa mang quan trong hon s6
luong 6 nhé trong mot 16p nhat dinh dé mé hinh hda ki nang. Cac LSTM xép chdng
hién 1a mot ki thuat 6n dinh cho cac van dé du doan trinh ty day thach thirc. Mot kién
trdc LSTM xép chong c6 thé dugc dinh nghia 1a mot mé hinh LSTM bao gom nhiéu
I6p LSTM. Mot 16p LSTM & trén cung cap mot dau ra chudi thay vi mot dau ra gia
tri duy nhat cho I6p LSTM bén dudi. Cu thé, mot budc dau ra cho mdi budc thoi gian

dau vao, thay vi mot budce thai gian dau ra cho tit ca cac budc thoi gian dau vao.
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Input

l

LSTM

l

LSTM

l

Dense

l

Output

Kién tric b nho dai
han xép chéng Ién
nhau

Hinh 2.15 LSTM xép chéng sir dung bé nhé giira cac buéc

2.4 Nghién ciru van dé dw bao chudi thoi gian, lwong hanh khach di may
bay quoc té
2.4.1 Phan tich yéu cdu

Luong hanh khach di may bay qudc té khdng chi phu thuoc vao nhu cau di lai
thuc té ciia hanh khach ma con chiu anh hudng bgi nhiéu yéu té khac nhu tinh hinh
kinh té, thoi tiét, cac dip nghi 18, céc su kién dién ra trong nam... Hé théng du béo
lugng hanh khach di may bay quéc té dugc xay dung nham gitp hang hang khong
chuan bi dap tng vé6i luu lugng hanh khach trong twong lai

C6 nhiéu phwong phap c6 thé &p dung dé du doan lwong hanh khach di may
bay qudc té tuy nhién cac yéu té chi phéi nhu tinh hinh kinh té, thoi tiét...déu Ia
nhitng yéu tb bién dong 16n, khé dinh luong do d6 sai s6 du doan thuong kha 16n.

Do d6 luan vin ap dung md hinh mang LSTM duoc st dung dé dy doan luong
hanh khach di may bay qudc té dua trén di liéu cua tap thong tin legng hanh khéch
cua hang hang khdng American Airlines tir 07/2005 dén 03/2016 ma khong can hoac
c6 thém cac thong tin nhu tinh hinh kinh té, thoi tiét, cac dip nghi 18, cac su kién dién
ra trong nam.

Nam kich ban sir dung mé hinh mang LSTM s& duoc thuc nghiém dé tim ra

phuong phap cho sai s6 tdi uu.
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2.4.2 M6 hinh ths nghiém

]

|

! ] ] ! !
| |
!

|

Hinh 2.16 M6 hinh thuc nghiém hé théng dw doan lweng hanh khach di may bay
M6 hinh thuc nghiém hé thdng du doan lwong hanh khach di may bay duoc
thé hién trong hinh 2.16. Hé thng chia lam 5 md-dun vai cac Ky thuat LSTM:
- LSTM héi quy

Véi s6 lwong hanh khach (tinh theo don vi hang ngan) trong thang nay,

s6 lugng hanh khach trong thang téi 1a bao nhiéu?
- LSTM héi quy st dung phuong thic cira s6

K§ thuat nay d6 1a st dung nhiéu buéc thoi gian gan day dé dua ra du
doan cho budc tiép theo. Pay dugc goi 12 cira s6 va kich thudc cua cua s6 1a
mot tham s6 ¢6 thé dugc diéu chinh cho ting van dé.

Vi duy, véi thoi gian hién tai (t), ching tdi mudn dy doan gia tri & 1an
tiép theo trong chudi (t+1), chiing tdi c6 thé sir dung thoi gian hién tai (t), ciing
nhu hai 1an trudc (t-1 va t-2) 13 cac bién dau vao.

- LSTM héi quy st dung budéc thoi gian

Céac budc thoi gian cung cap mot cach khac dé dién dat van dé chudi
thoi gian. Gidng nhu phuong thic cira s6, chling tdi ¢d thé thuc hién cac budc
thoi gian trudc trong chudi thoi gian cia minh 1am dau vao dé du doan dau ra
& cac budc tiép theo. Thay vi dién dat cac quan sat trong qua khir nhu céc tinh
nang dau vao riéng biét, ching toi 6 thé sir dung chiing nhu cac budc thoi

gian cia mot tinh nang dau vao.
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- LSTM str dung bo nh¢é gitra cac budc
Mang LSTM c6 bo nhé, c6 kha nang ghi nhé trong cac chudi dai. Théng
thuong, trang thai trong mang duoc dit lai sau moi dot dao tao khi khop mo
hinh. Ching t6i cé thé xay dung trang thai trén toan bo chudi dao tao va duy
tri trang thai d6 néu cin dé dua ra dy doan.
- LSTM xép chong str dung bo nhé giira cac budc
Mot trong nhirng loi ich to 16n caa LSTM 12 ¢6 thé duoc duoc dao tao
thanh cong khi xép chong vao cac kién tric mang sau. Cac mang LSTM c6 thé
duoc xép chong 1&n nhau. Mot bo sung cho cau hinh dugc yéu cau 1a mot 16p
LSTM truéc mdi 16p LSTM tiép theo phai tra vé chudi.
Dit liéu CSV dau vao duogc doc va chuyén thanh tap di liéu cho cac mé hinh
LSTM. Sau khi thuc hién du doan, hé thong s& tinh toan sai s6 va hién thi do thi két
qua dé so sanh do léch sai sé.

2.3.3 Céc budc xir Iy

Két thic

Hinh 2.17 Cac bwéc xir ly cia mé-dun du doan lwgng hanh khach di may bay
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Theo hinh 2.17, & budc dau tién ta s& tién hanh nhap thu vién cho module du
doan. Tiép theo, ta doc tap dit liéu trong thu vién vira nhap c6 dinh dang “.csv”. Dit
liéu sau d6 s& dugc chuyén doi sang tap dir liéu dang ma tran. Ma tran dit liéu sau khi
chuin héa duoc chuyén dbi thanh tap huan luyén va tap kiém the. Tiép theo do, ta
tién hanh tao mé hinh mang LSTM phuc vu cdng vién dy doan. Buéc cudi cling sé 1a
tinh toan sai s6 va hién thi két qua.

2.5 Cai dat &rng dung

Thuc nghiém duoc tién hanh trén 1 may tinh vai cau hinh nhu sau:

_CPU Intel(R) Core(TM) i7-2600 CPU @ 3.40GHz

- RAM 2GB

-OS Windows 10

- Ng6n ngtt lap trinh Python

Cac thu vién va phan mém hd trg hoc sau duoc str dung trong thuc nghiém 1a

Anaconda, Keras, Tensoflow va PyCharm.

B Anaconda Prompt (Anaconda3) - conda create -n tensorflow python=3.5 - pip ins%l --ignore-installed --upgrade tensorflow - O X

Proceed ([y]/n)? vy

Downloading and Extracting Packages
3 | SRR |
SRR HHHHHHHHHHHH R |
SRR HHHHHHHHHHHH R |
S R HHHERRHHEHHHEHHHHHHHE R |
g transaction: done
ying transaction: done
ing transaction: done

To activate this environment, use
$ conda activate tensorflow
To deactivate an active environment, use

$ conda deactivate

(base) C:\Users\HATV>pip install --ignore-installed --upgrade tensorflow
Collectir rflow

Hinh 2.18 Cai dat Tensorflow



29

I root@bb599330d88e: / — a X

Hinh 2.19 M@i trwong phat trién Tensorflow

TensorFlow ™ [a mot hé thong hoc may hoat dong & quy md 16n va trong moi
truong phic tap. TensorFlow [14, 15] sir dung db thi luong dir liéu dé dai dién cho sy
tinh toan, chia sé trang thai, va cac hoat dong bién doi trang thai d6. N6 anh xa céc
nGt caa mot d6 thi ludng dit liéu trén nhiéu may trong mot cum, va bén trong mot
may trén nhiéu thiét bi tinh toan, bao gém CPU, GPU da 13i, cac chip ASIC tiy bién
duoc goi 1a don vi xtr Iy ten-xo (TPUs). Kién trdc nay rét linh hoat cho phép cho cac
nha phét trién ang dung: trong khi trudc day "tham sé may chu" thiét ké quan Iy trang
thai chia sé duoc xay dung san trén hé thong, TensorFlow cho phép céc nha phét trién
dé thtr nghiém céc toi wu hoa méi va céc thuat toan huan luyén.

TensorFlow ho trg mét loat cac ung dung, véi su hd tro dac biét manh mé cho
viéc huan luyén va suy luan trén cdc mang hoc sau [3]. Google da phat hanh
TensorFlow nhu 1a mot dy &n md ngudn ma, va né da tro thanh sa dung rong réi cho

cac nghién ciru hoc may. Cong cu sir dung dé viét code 1a phan mém IDE Pycharm.

B File Edit View MNavigate Code Refactor Ryn Jools VCS Window Help G e - [m] X
Code | {4 plotdataset.py Add Configuration._ Q
Project | % plotdataset.py
Code. 0

ven import pandas
plotdataset.py import matplotlib.pyplot as plt |
B datase s.read_csv('international-airline-passengers.csv', usecols=[1], engine='py

@ge matplotiip

O Event Log
Using cached https://files.pythonhosted org/packages/c3/13/2991087) esrunning.. 421 UTF-8 4spaces Python 37 (Code) )

Hinh 2.20 Phan mém IDE Pycharm
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2.6 Két luan chwong

Trong chuong 2, chiing ta di tim hiéu dwgc kién trdc va quy trinh xu ly thong
tin cua mang LSTM. Van dé dugc dit ra dé giai quyét bai toan dyu bao chudi thoi
gian, lwong hanh khach di may bay quéc té. Chung t6i dd néu ra dwgc md hinh thu
nghiém va cac budc xir ly caa mo-dun du doan. Thir nghiém va danh gia két qua sé

dugc chung t61 néu ra trong Chuong 3.
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CHUONG 3
THU NGHIEM VA PANH GIA KET QUA

3.1 Gigi thiéu bai toan wéc lwong hanh khach di may bay quéc té

Ngay nay, nganh hang khdng 1a mot nganh cong nghiép vo cuing phat trién, né
phuc vu nhu cau di lai, giao thuong giira cac qudc gia, cung voi d6 1a su phat trién
kinh té ctia cac nude co duong bay qudc té. Bé dap tng nhu cau phuc vy hanh khach
mot cach tét nhat, viéc phai ¢ mot hé théng du doan luong hanh khach di may bay
la rat can thiét.

Trong luan vin nay, toi str dung tap dir liéu cua hang hang khéng quéc té
American Airlines.

Véi dir liéu dau vao maot tap sé lwong hanh khach di méay bay qudc té theo
thang va nam, tir 07/2005 dén 03/2016, voi 129 luot quan sat. Bo dit liéu ¢6 san mién
phi tir trang web https://data.world/data-society/air-traffic-passenger-data duéi dang
tép tin CSV.

air_traffic_passenger statistics1 - Excel

Insert Page Layout Formulas Data Review View Help LOAD TEST TEAM

& X . o PP P == # General v | [E Conditional Formatting = | E=Inset - | X - 4T -
) E==E-| $-% * | T romatasTable- *Delete ~ | [~ P -
aste . M . . - .
- B I U 2 - A = ® - bt (777 cell Styles - x| Format ~
Clipboard Font Alignment Numbe: Styl Cell Editing ~
Al f v
A B C D E F G H I J K L M N
1 _Adiusted Passenger Count
2 2005-7 160890
3 2005-8 157700
4 2005-9 135944
5 2005-10 138552
6 2005-11 135008
7 2005-12 130383
8 2006-1 110409
9 2006-2 101163
10 2006-3 124880
11 2006-4 141717 -
U777 air_traffic_passenger statistic | @)
#E m - ¥ + 100%

Hinh 3.1 Dir li¢u d4u vao so6 hanh khach di may bay quéc té
Cot dau tién 1a sb liéu thoi gian theo don vi thang (yyyy-mm)

Cot thr hai 12 s6 lugng hanh khach di may bay trong thoi gian thang d6


https://data.world/data-society/air-traffic-passenger-data
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3.2 Cac kich ban thir nghiém

Luan van thuc hién danh gia do chinh xac caa bai toan du doan lugng hanh

khach di may bay tur tap dir liéu s6 lugng hanh khach theo thang theo phuwong phap

LSTM véi 5 truong hop:

LSTM hdi quy

LSTM hdi quy str dung phuong thirc cira s6
LSTM hdi quy str dung budc thoi gian

LSTM str dung bo nhé gitra cac budc

LSTM xép chong st dung bo nhé giita cac budc

5 kich ban trén déu sir dung chung mét tap dit liéu, sau d6 chuyén doi thanh

tap huan luyén va tap thir nghiém, dua vao mang LSTM tuong tmg dé danh gia sai s6

trung binh véi tap huan luyén va tap thir nghiém.

3.3 Mot so két qua thuc nghiém

3.3.1 Két qud thi nghiém dé chinh xac duw dodn lwgng hanh khdch di mdy

bay

Ta co thé tai tap dit liéu nay mot cach dé dang bang thu vién Pandas. Ta khdng

quan tam dén ngay, cho rang mdi quan sat duoc phan tach bang cling mot khoang

thoi gian mot thang. Do do, khi ta tai tap dit liéu, ta co thé loai trir cot dau tién. Sau

khi tai, chiing ta c6 thé dé dang vé& toan bo dix liéu.

% So luong hanh khach di may bay thuc te — [m] bt

@A €E> Q=B

So luong hanh khach di may bay thuc te

160000

140000 -

120000 A

100000 A

Harrenacn

80000

60000

40000

o 20 40 60 80 100 120 140
Thoi gian

Hinh 3.2 Do thi dau vao sé6 hanh khach di may bay quéc té
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3.3.2 Phwong phdp LSTM hai quy
Theo phuong phap nay dau ra cia thir nghiém:
Epoch 98/100
- 0s - loss: 0.0196
Epoch 99/100
- 0s - loss: 0.0197
Epoch 100/100
- 0s - loss: 0.02
Train Score: 14528.83 RMSE
Test Score: 11019.19 RMSE
Ching ta c6 thé thay rang mé hinh c6 13i trung binh khoang 14528.83 hanh
khach trén tap dir liéu huan luyén va khoang 11019.19 hanh khach trén tap dir liéu

thtr nghigém.

%, LSTM for Regression — O >

AEC>» Q=B

LSTM for Regression

160000

RV VOV
=YY Yy ”\ \

100000 +

AT KITaCIT

80000 A

60000 A

40000 A

T T T T T T T T
0 20 40 60 80 100 120 140
Thoi gian

Hinh 3.3 LSTM hai quy
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3.3.3 Phuwong phdp LSTM héi quy si dung phwong thirc cira so
Theo phuong phap nay dau ra cia thir nghiém:
Epoch 98/100
- 0s - loss: 0.0198
Epoch 99/100
- 0s - loss: 0.0195
Epoch 100/100
- 0s - loss: 0.019
Train Score: 14517.25 RMSE
Test Score: 10185.20 RMSE
Chuing ta cd thé thay rang md hinh c6 18i trung binh khoang 14517.25 hanh
khach trén tap dir liéu huan luyén va khoang 10185.20 hanh khach trén tap dir liéu
thir nghiém. Ta thay rang 16i da ting nhe so véi LSTM tuyén tinh. Kich thudc cira s6
va kién tric mang khong dugc diéu chinh: day chi 1a mot minh hoa vé cach dong

khung maot van dé du doan

% LSTM for Regression Using the Window Method — O Y

aeEr» Q=+~ 0B

LSTM for Regression Using the Window Method

160000
140000 L \h‘ (‘1{\
120000 \ L

100000

HarmT KITaCrT

80000

60000

40000 +

T T T T T T T T
4] 20 40 60 80 100 120 140
Thoi gian

Hinh 3.4 LSTM héi quy sir dung phwong thirc cira 56
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3.3.4 Phuwong phdp LSTM hoi quy si dung bwéc thoi gian
Theo phuong phap nay dau ra cia thir nghiém:
Epoch 98/100
- 0s - loss: 0.022
Epoch 99/100
- 0s - loss: 0.0216
Epoch 100/100
- 0s - loss: 0.0212
Train Score: 15010.01 RMSE
Test Score: 9636.49 RMSE
Ching ta c6 thé thay rang mé hinh c6 13i trung binh khoang 15010.01 hanh
khach trén tap di liéu huan luyén va khoang 9636.49 hanh khéach trén tap dit liéu thir
nghiém.

%, LSTM for Regression with Time Steps — (] >

aeCd> Q=+~ B

LSTM for Regression with Time Steps

160000 4

e \M W Nﬂ h N

100000 +

T EIacrT

80000

60000

40000

T T T T T T T T
0 20 40 60 80 100 120 140
Thoi gian

Hinh 3.5 LSTM héi quy sir dung bwéc thai gian
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3.3.5 Phuwong phdap LSTM sir dung bé nhe gidta cac bwéc

Theo phwong phap nay dau ra cia thir nghiém:

Epoch 1/1

- 0s - loss: 0.022

Epoch 1/1

- 0s - loss: 0.022

Epoch 1/1

- 0s - loss: 0.022

Train Score: 15152.41 RMSE

Test Score: 10315.36 RMSE

Chlng ta c6 thé thay rang mé hinh c6 16i trung binh khoang 15152.41 hanh khach
trén tap dir liéu huan luyén va khoang 10315.36 hanh khéch trén tap dit liéu thu

nghiém

Y. LSTM with Memory Between Batches — [ pd

aeC> Q=B

LSTM with Memory Between Batches

IV

100000 H

HalT ETidaCIn

80000 A

60000 A

40000 H

T T T T T T T T
Q0 20 40 60 80 100 120 140
Thoi gian

x=130.893 y=105748

Hinh 3.6 LSTM sir dung bd nhé gitra cac bwoc
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3.3.6 LSTM xép chéng si dung bé nhé gisa cdc buwéc
Theo phwong phap nay dau ra cia thir nghiém:
Epoch 1/1
- 0s - loss: 0.0228
Epoch 1/1
- 0s - loss: 0.0227
Epoch 1/1
- 0s - loss: 0.0226
Train Score: 15520.61 RMSE
Test Score: 9260.33 RMSE
Ching ta c6 thé thay rang mé hinh c6 13i trung binh khoang 15520.61 hanh
khach trén tap dit liéu huan luyén va khoang 9260.33 hanh khéach trén tap dit liéu thir

nghiém

Y. Stacked LSTMs with Memory Between Batches — O ped

aEe> Q=B

Stacked LSTMs with Memory Between Batches

R ARAA

100000 +

HaTim EaCTT

80000 +

20000 +

40000 +

T T T T T T T T
0 20 40 60 80 100 120 140
Thoi gian

Hinh 3.7 LSTM xép chdng sir dung b nhé giira cac budc
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Téng két dit liéu 13i trung binh cua 5 kich ban cho ta Bang 3.1

Bang 3.1 Panh gia két qua dw doan hanh khach di may bay quéc té

Li trung binh
(Tap huin luyén)

Ldi trung binh
(Tap kiém nghiém)

LSTM hdi quy

14528,72 (0,087%)

11018,91 (0,066%)

LSTM héi

phwong thic cira s6

quy sw dung

14157,42 (0,085%)

10185,59 (0,061%)

LSTM hoi quy sir dung bwéc

thai gian

15010,17 (0,09%)

9636,19 (0,058%)

LSTM st dung bd nhé giira

cac bwoc

15151,38 (0,09%)

10310,33 (0,062%)

LSTM xép chong sir dung b

nhé giira cac bwéc

15520,49 (0,093%)

9260,16 (0,055%)

C6 thé thiy dé du doan sé luong hanh khach di may bay quédc té thi phuong
phap LSTM héi quy sir dung phuong thirc cira s6 cho muc do 16i trung binh thap nhat
(0,085%). Khi ap dung céc k¥ thuat khac ti 1¢ 16i trung binh ting 1én, dic biét phuong
phap LSTM xép chong str dung bd nhé giita cac budc cho sai sé kha cao (0,093%).
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KET LUAN

Luén vin di trinh bay duoc khai niém, kién thirc co ban vé cong nghé LSTM,
ap dung cdng nghé mang no-ron nhan tao trong viéc du doan luwong hanh khach di
may bay qudc té. Céc két qua cia Luan van bao gobm:

P3a dé xuat va thir nghiém phuong phap du doan lugng hanh khach di may bay
&p dung cong nghé LSTM. Lam thé nao dé phat trién cac mang LSTM cho hdi quy,
khung ctra s6 va thoi gian dua trén cac van dé dy doan chudi thai gian. Lam thé nao
dé phét trién va dua ra du doan bang cach s dung cac mang LSTM duy tri trang
thai qua c4c qua trinh. Phat trién (tng dung @ng dung trén hé diéu hanh windows.

V& han ché cua luan van, do thdi gian va nguon luc va kién thirc cua hoc vién
con ¢d han trong viéc nghién ctu nén cac két qua caa luan vin maéi thuc hién duoc
viéc du doan hanh khach di may bay ciia hang. Chua thuc nghiém hé thong véi cac
thuat toan khac dé co co sé so sanh, danh gia hiéu qua

Trong thoi gian téi hoc vién mong muén nghién ctru sdu hon dé cai thién hiéu
suat, tang toc do xu ly dix liéu vai dix liéu 16n. Nghién ciru cac phuong phap nang cao
d6 chinh xé4c du doan luong hanh khach di may bay. Xay dung hé thong hoan chinh

Vi tap dix liéu 16n va trién khai thir nghiém tng dung trén cac nén tang khac.
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PHU LUC

# D6 thi dau vao
import pandas
import matplotlib.pyplot as plt
dataset = pandas.read_csv('international-airline-passengers.csv', usecols=[1],
engine="python', skipfooter=3)
fig = plt.figure()
fig.canvas.set_window_title('So luong hanh khach di may bay thuc te')
plt.plot(dataset)
plt.xlabel('Thoi gian')
plt.ylabel('Hanh khach")
plt.title('So luong hanh khach di may bay thuc te')
plt.grid(True)
plt.show()
# LSTM hoi quy
import numpy
import matplotlib.pyplot as plt
from pandas import read_csv
import math
from keras.models import Sequential
from keras.layers import Dense
from keras.layers import LSTM
from sklearn.preprocessing import MinMaxScaler
from sklearn.metrics import mean_squared_error
# convert an array of values into a dataset matrix
def create_dataset(dataset, look_back=1):
dataX, datay = [], []
for i in range(len(dataset) - look_back - 1):
a = dataset[i:(i + look_back), @]
dataX.append(a)
dataY.append(dataset[i + look_back, 0])
return numpy.array(dataX), numpy.array(datay)
# fix random seed for reproducibility
numpy . random.seed(7)
# Load the dataset

dataframe = read_csv('international-airline-passengers.csv', usecols=[1],
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engine="python', skipfooter=3)

dataset = dataframe.values

dataset = dataset.astype('float32")

# normalize the dataset

scaler = MinMaxScaler(feature_range=(0, 1))

dataset = scaler.fit_transform(dataset)

# split into train and test sets

train_size = int(len(dataset) * 0.67)

test_size = len(dataset) - train_size

train, test = dataset[@:train_size, :], dataset[train_size:len(dataset), :]
# reshape into X=t and Y=t+1

look_back = 1

trainX, trainY = create_dataset(train, look_back)

testX, testY = create_dataset(test, look_back)

# reshape input to be [samples, time steps, features]

trainX = numpy.reshape(trainX, (trainX.shape[0], 1, trainX.shape[1]))
testX = numpy.reshape(testX, (testX.shape[0], 1, testX.shape[1l]))

# create and fit the LSTM network

model = Sequential()

model.add(LSTM(4, input_shape=(1, look_back)))

model.add(Dense(1))

model.compile(loss="mean_squared_error', optimizer="adam')
model.fit(trainX, trainY, epochs=100, batch_size=1, verbose=2)

# make predictions

trainPredict = model.predict(trainX)

testPredict = model.predict(testX)

# invert predictions

trainPredict = scaler.inverse_transform(trainPredict)

trainY = scaler.inverse_transform([trainY])

testPredict = scaler.inverse_transform(testPredict)

testY = scaler.inverse_transform([testY])

# calculate root mean squared error

trainScore = math.sqgrt(mean_squared_error(trainY[@], trainPredict[:, 0]))
print('Train Score: %.2f RMSE' % (trainScore))

testScore = math.sqrt(mean_squared_error(testY[0], testPredict[:, 0]))
print('Test Score: %.2f RMSE' % (testScore))

# shift train predictions for plotting
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trainPredictPlot = numpy.empty like(dataset)
trainPredictPlot[:, :] = numpy.nan
trainPredictPlot[look_back:len(trainPredict) + look_back, :] = trainPredict
# shift test predictions for plotting
testPredictPlot = numpy.empty like(dataset)
testPredictPlot[:, :] = numpy.nan
testPredictPlot[len(trainPredict) + (look_back * 2) + 1:len(dataset) - 1, :] =
testPredict

# plot baseline and predictions

fig = plt.figure()
fig.canvas.set_window_title('LSTM for Regression')
plt.plot(scaler.inverse_transform(dataset))
plt.plot(trainPredictPlot)
plt.plot(testPredictPlot)

plt.xlabel('Thoi gian')

plt.ylabel('Hanh khach")

plt.title('LSTM for Regression')

plt.grid(True)

plt.show()

# LSTM h61 quy si@ dung phuong thiuc cla sé

import numpy

import matplotlib.pyplot as plt

from pandas import read_csv

import math

from keras.models import Sequential

from keras.layers import Dense

from keras.layers import LSTM

from sklearn.preprocessing import MinMaxScaler

from sklearn.metrics import mean_squared_error

# convert an array of values into a dataset matrix
def create_dataset(dataset, look_back=1):
dataX, dataYy = [], []
for i in range(len(dataset) - look_back - 1):
a = dataset[i:(i + look_back), 0]
dataX.append(a)
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dataY.append(dataset[i + look_back, @])

return numpy.array(dataX), numpy.array(dataY)
# fix random seed for reproducibility
numpy.random.seed(7)
# load the dataset
dataframe = read_csv('international-airline-passengers.csv', usecols=[1],
engine="python', skipfooter=3)
dataset = dataframe.values
dataset = dataset.astype('float32")
# normalize the dataset
scaler = MinMaxScaler(feature_range=(0, 1))
dataset = scaler.fit_transform(dataset)
# split into train and test sets
train_size = int(len(dataset) * 0.67)
test_size = len(dataset) - train_size
train, test = dataset[@:train_size, :], dataset[train_size:len(dataset), :]
# reshape into X=t and Y=t+1
look_back = 3
trainX, trainY = create_dataset(train, look_back)
testX, testY = create_dataset(test, look_back)
# reshape input to be [samples, time steps, features]
trainX = numpy.reshape(trainX, (trainX.shape[@], 1, trainX.shape[1]))
testX = numpy.reshape(testX, (testX.shape[0], 1, testX.shape[1l]))
# create and fit the LSTM network
model = Sequential()
model.add(LSTM(4, input_shape=(1, look_back)))
model.add(Dense(1))
model.compile(loss="mean_squared_error', optimizer="adam')
model.fit(trainX, trainY, epochs=100, batch_size=1, verbose=2)
# make predictions
trainPredict = model.predict(trainX)
testPredict = model.predict(testX)
# invert predictions
trainPredict = scaler.inverse_transform(trainPredict)
trainY = scaler.inverse_transform([trainY])
testPredict = scaler.inverse_transform(testPredict)

testY = scaler.inverse_transform([testY])
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# calculate root mean squared error
trainScore = math.sqrt(mean_squared_error(trainY[@], trainPredict[:, 0]))
print('Train Score: %.2f RMSE' % (trainScore))
testScore = math.sqrt(mean_squared_error(testY[Q], testPredict[:, 0]))
print('Test Score: %.2f RMSE' % (testScore))
# shift train predictions for plotting
trainPredictPlot = numpy.empty_ like(dataset)
trainPredictPlot[:, :] = numpy.nan
trainPredictPlot[look_back:len(trainPredict) + look_back, :] = trainPredict
# shift test predictions for plotting
testPredictPlot = numpy.empty like(dataset)
testPredictPlot[:, :] = numpy.nan
testPredictPlot[len(trainPredict) + (look_back * 2) + 1:len(dataset) - 1, :] =
testPredict
# plot baseline and predictions
fig = plt.figure()
fig.canvas.set_window_title('LSTM for Regression Using the Window Method')
plt.plot(scaler.inverse_transform(dataset))
plt.plot(trainPredictPlot)
plt.plot(testPredictPlot)
plt.xlabel('Thoi gian')
plt.ylabel('Hanh khach (x1000)")
plt.title('LSTM for Regression Using the Window Method')
plt.grid(True)
plt.show()
# LSTM h61 quy st dung budc thoi gian
import numpy
import matplotlib.pyplot as plt
from pandas import read_csv
import math
from keras.models import Sequential
from keras.layers import Dense
from keras.layers import LSTM
from sklearn.preprocessing import MinMaxScaler
from sklearn.metrics import mean_squared_error
# convert an array of values into a dataset matrix
def create_dataset(dataset, look back=1):
dataX, datay =[], []
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for i in range(len(dataset) - look_back - 1):
a = dataset[i:(i + look_ back), @]
dataX.append(a)
dataY.append(dataset[i + look_back, @])
return numpy.array(dataX), numpy.array(dataY)
# fix random seed for reproducibility
numpy . random.seed(7)
# load the dataset
dataframe = read_csv('international-airline-passengers.csv', usecols=[1],
engine="python', skipfooter=3)
dataset = dataframe.values
dataset = dataset.astype('float32')

# normalize the dataset

scaler = MinMaxScaler(feature_range=(0, 1))

dataset = scaler.fit_transform(dataset)

# split into train and test sets

train_size = int(len(dataset) * 0.67)

test_size = len(dataset) - train_size

train, test = dataset[@:train_size, :], dataset[train_size:len(dataset), :]
# reshape into X=t and Y=t+1

look_back = 3

trainX, trainY = create_dataset(train, look_back)

testX, testY = create_dataset(test, look_back)

# reshape input to be [samples, time steps, features]

trainX = numpy.reshape(trainX, (trainX.shape[@], trainX.shape[1l], 1))
testX = numpy.reshape(testX, (testX.shape[@], testX.shape[l], 1))
# create and fit the LSTM network

model = Sequential()

model.add(LSTM(4, input_shape=(look_back, 1)))
model.add(Dense(1))

model.compile(loss="mean_squared_error', optimizer="adam')
model.fit(trainX, trainY, epochs=100, batch_size=1, verbose=2)

# make predictions

trainPredict = model.predict(trainX)

testPredict = model.predict(testX)

# invert predictions

trainPredict = scaler.inverse_transform(trainPredict)

trainY = scaler.inverse_transform([trainY])

testPredict = scaler.inverse_transform(testPredict)
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testY = scaler.inverse_transform([testY])
# calculate root mean squared error
trainScore = math.sqrt(mean_squared_error(trainY[@], trainPredict[:, 0]))
print('Train Score: %.2f RMSE' % (trainScore))
testScore = math.sqrt(mean_squared_error(testY[0], testPredict[:, 0]))
print('Test Score: %.2f RMSE' % (testScore))
# shift train predictions for plotting
trainPredictPlot = numpy.empty like(dataset)
trainPredictPlot[:, :] = numpy.nan
trainPredictPlot[look_back:len(trainPredict) + look_back, :] = trainPredict
# shift test predictions for plotting
testPredictPlot = numpy.empty_ like(dataset)
testPredictPlot[:, :] = numpy.nan
testPredictPlot[len(trainPredict) + (look_back * 2) + 1:len(dataset) - 1, :] =
testPredict
# plot baseline and predictions
fig = plt.figure()
fig.canvas.set _window_title('LSTM for Regression with Time Steps')
plt.plot(scaler.inverse_transform(dataset))
plt.plot(trainPredictPlot)
plt.plot(testPredictPlot)
plt.xlabel('Thoi gian')
plt.ylabel('Hanh khach (x1000)")
plt.title('LSTM for Regression with Time Steps')
plt.grid(True)
plt.show()
# LSTM sl dung b nhd giita cdc budc
import numpy
import matplotlib.pyplot as plt
from pandas import read_csv
import math
from keras.models import Sequential
from keras.layers import Dense
from keras.layers import LSTM
from sklearn.preprocessing import MinMaxScaler
from sklearn.metrics import mean_squared_error
# convert an array of values into a dataset matrix
def create_dataset(dataset, look back=1):
dataX, datay = [], []
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for i in range(len(dataset) - look_back - 1):
a = dataset[i:(i + look_back), @]
dataX.append(a)
dataY.append(dataset[i + look_back, @])
return numpy.array(dataX), numpy.array(dataYy)
# fix random seed for reproducibility
numpy . random.seed(7)
# Load the dataset
dataframe = read_csv('international-airline-passengers.csv', usecols=[1],
engine="python', skipfooter=3)
dataset
dataset = dataset.astype('float32")

dataframe.values

# normalize the dataset

scaler = MinMaxScaler(feature_range=(0, 1))

dataset = scaler.fit_transform(dataset)

# split into train and test sets

train_size = int(len(dataset) * 0.67)

test_size = len(dataset) - train_size

train, test = dataset[@:train_size, :], dataset[train_size:len(dataset), :]
# reshape into X=t and Y=t+1

look_back = 3

trainX, trainY = create_dataset(train, look_back)

testX, testY = create_dataset(test, look_back)

# reshape input to be [samples, time steps, features]

trainX = numpy.reshape(trainX, (trainX.shape[0], trainX.shape[1], 1))
testX = numpy.reshape(testX, (testX.shape[@], testX.shape[l], 1))
# create and fit the LSTM network

model = Sequential()

model.add(LSTM(4, input_shape=(look_back, 1)))
model.add(Dense(1))

model.compile(loss="mean_squared_error', optimizer='adam')
model.fit(trainX, trainY, epochs=100, batch_size=1, verbose=2)

# make predictions

trainPredict = model.predict(trainX)

testPredict = model.predict(testX)

# invert predictions

trainPredict = scaler.inverse_transform(trainPredict)
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trainY = scaler.inverse_transform([trainY])

testPredict = scaler.inverse_transform(testPredict)

testY = scaler.inverse_transform([testY])

# calculate root mean squared error

trainScore = math.sqrt(mean_squared_error(trainY[@], trainPredict[:, 0]))
print('Train Score: %.2f RMSE' % (trainScore))

testScore = math.sqrt(mean_squared_error(testY[0], testPredict[:, 0]))
print('Test Score: %.2f RMSE' % (testScore))

# shift train predictions for plotting

trainPredictPlot = numpy.empty_ like(dataset)

trainPredictPlot[:, :] = numpy.nan
trainPredictPlot[look_back:len(trainPredict) + look_back, :] = trainPredict
# shift test predictions for plotting

testPredictPlot = numpy.empty_ like(dataset)

testPredictPlot[:, :] = numpy.nan

testPredictPlot[len(trainPredict) + (look_back * 2) + 1:len(dataset) - 1,
testPredict

# plot baseline and predictions

fig = plt.figure()

fig.canvas.set_window_title('LSTM for Regression with Time Steps')
plt.plot(scaler.inverse_transform(dataset))

plt.plot(trainPredictPlot)

plt.plot(testPredictPlot)

plt.xlabel('Thoi gian")

plt.ylabel('Hanh khach (x1000)")

plt.title('LSTM for Regression with Time Steps')

plt.grid(True)

plt.show()

# LSTM xép chbéng sl dung bé nhd giilta cdc budc

import numpy

import matplotlib.pyplot as plt

from pandas import read_csv

import math

from keras.models import Sequential

from keras.layers import Dense

from keras.layers import LSTM

from sklearn.preprocessing import MinMaxScaler
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from sklearn.metrics import mean_squared_error
# convert an array of values into a dataset matrix
def create_dataset(dataset, look_back=1):
dataX, dataYy = [], []
for i in range(len(dataset) - look_back - 1):
a = dataset[i:(i + look_back), @]
dataX.append(a)
dataY.append(dataset[i + look_back, @])
return numpy.array(dataX), numpy.array(dataYy)
# fix random seed for reproducibility
numpy . random.seed(7)
# load the dataset
dataframe = read_csv('international-airline-passengers.csv', usecols=[1],
engine="python', skipfooter=3)
dataset
dataset = dataset.astype('float32")

dataframe.values

# normalize the dataset

scaler = MinMaxScaler(feature_range=(0, 1))

dataset = scaler.fit_transform(dataset)

# split into train and test sets

train_size = int(len(dataset) * 0.67)

test_size = len(dataset) - train_size

train, test = dataset[@:train_size, :], dataset[train_size:len(dataset), :]
# reshape into X=t and Y=t+1

look_back = 3

trainX, trainY = create_dataset(train, look_back)

testX, testY = create_dataset(test, look_back)

# reshape input to be [samples, time steps, features]

trainX = numpy.reshape(trainX, (trainX.shape[@], trainX.shape[1l], 1))
testX = numpy.reshape(testX, (testX.shape[0], testX.shape[l], 1))

# create and fit the LSTM network

batch_size =1

model = Sequential()

model.add(LSTM(4, batch_input_shape=(batch_size, look_back, 1), stateful=True,
return_sequences=True))

model.add(LSTM(4, batch_input_shape=(batch_size, look_back, 1), stateful=True))
model.add(Dense(1))
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model.compile(loss="mean_squared_error', optimizer="adam')
for i in range(100):

model.fit(trainX, trainY, epochs=1, batch_size=batch size, verbose=2,
shuffle=False)

model.reset_states()
# make predictions
trainPredict = model.predict(trainX, batch_size=batch_size)
model.reset_states()
testPredict = model.predict(testX, batch_size=batch_size)
# invert predictions
trainPredict = scaler.inverse_transform(trainPredict)
trainY = scaler.inverse_transform([trainY])
testPredict = scaler.inverse_transform(testPredict)
testY = scaler.inverse_transform([testY])
# calculate root mean squared error
trainScore = math.sqrt(mean_squared_error(trainY[@], trainPredict[:, ©0]))
print('Train Score: %.2f RMSE' % (trainScore))
testScore = math.sqrt(mean_squared_error(testY[0], testPredict[:, 0]))
print('Test Score: %.2f RMSE' % (testScore))
# shift train predictions for plotting
trainPredictPlot = numpy.empty_like(dataset)
trainPredictPlot[:, :] = numpy.nan
trainPredictPlot[look_back:len(trainPredict) + look_back, :] = trainPredict
# shift test predictions for plotting
testPredictPlot = numpy.empty_ like(dataset)
testPredictPlot[:, :] = numpy.nan
testPredictPlot[len(trainPredict) + (look_back * 2) + 1l:len(dataset) - 1,
testPredict
# plot baseline and predictions
fig = plt.figure()

fig.canvas.set_window_title('Stacked LSTMs with Memory Between Batches')
plt.plot(scaler.inverse_transform(dataset))
plt.plot(trainPredictPlot)

plt.plot(testPredictPlot)

plt.xlabel('Thoi gian')
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plt.ylabel('Hanh khach (x1000)")

plt.title('Stacked LSTMs with Memory Between Batches')
plt.grid(True)

plt.show()



