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LOi cam on

Trudc hét, ching em xin cdm on ban t6 chiic PIMA da tao ra mot trai he that su bé ich cho
cac em hoc sinh trén kh3p cac tinh thanh. Day 1a mét co hoi rat tbt cho hoc sinh ching em
tiép can vdi nhiing tri thiic maéi, hiéu biét hon vé machine learning, rén luyén ki ndng lam viéc
nhém ciing nhu viét bdo cdo. Day la nhiing ki ndng rat can thiét cho chiing em trong tuong lai.

Bén canh dé, chiing em cling chan thanh cam on cac mentor la anh Trong, chi Minh, anh
Nhat ciing nhu anh Thé Anh da hd tro tui em rat nhiéu trong qua trinh hoan thién du an.

Sau cung, chiing em mudn gui 16i cdm on dén cadc nha tai tro da gép phan bién PiIMA 2018
trd thanh hién thuc.

Téom tat ndi dung

Trong bai bdo cdo nay, ching téi sé trinh bay téng quan vé mang neuron. Vé Iy thuyét, ching
ta sé noéi vé cac cac khai niém sau day. Thi nhat, nén tang xdy dung cla md hinh mang
neuron — mot perceptron unit, gidi han cla mot unit va tiém nang cla mdt mang neuron.
Activation Function — cac phép bién déi chung dé trd vé mot gia tri thudc khodng mong mudn.
Loss Function — ham mat mat thé hién su sai léch ciia md hinh du doan véi dit liéu thuc té.
Multilayer — mé hinh gém nhiéu layer thé hién su dét pha cla Machine Learning va khéi dau
clia Deep Learning. Backpropogation — ki thuat tinh gradient va bai todn tdi uu. Trong du 4n
cla ching téi, ching téi sé du dodn gid nha dua trén nhiing dic trung chi tiét cla di liéu c6
san. Chung toi sé thiét k¢ mét mang neuron du dodn vé két qua dua trén nhing dir liéu cho
truéc véi sai s6 hop ly.
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1 Cac ky hiéu
Trudc khi di vao chi tiét, xin duoc gidi thiéu nhiing ki hiéu sé dung trong phan nay:

1. Mot Multi-layer Perceptron (MLP) bao gom: input layers, output layers va c6 thém nhiéu
hidden layers. (Hinh minh hoa)

Input layer Hidden layers Output layer

-

Hinh 1: M6 hinh multilayer don gian

2. Mot node trong moét layer dugc goi la mdt unit. Cac unit dugc phan loai thanh input
unit, hidden unit, va output unit tuong ting véi layer ma unit dé thudc vé.

3. MAi hidden layer nhan input 1a z va trd vé output a (gia tri cia ham activation function
()

véi bién z. Dau ra cla unit thi / trong layer thir / duoc ky hiéu la a;”’. Néu goi d) 13 sb

. Vs ~ s - N ? 7 N l
unit trong layer thit / khéng tinh bias thi vector output cta layer thit / 1a all) e ]Rd<).

4. Ma tran trong sd (weights) ky hiéu la
wh e RIIxdY g0

trong d6 W) thé hién cac két nbi tir layer thii / — 1 t&i layer thir / (ta coi input layer 13

layer th 0). Cu thé hon, phan tir w, thé hien két nbi tir node thir i cua layer thi / — I

. A z, . ? s, 7 . ? 7 s A N /
t6i nbt thi j clia layer thir (/). Cac biases clia layer thit / dugc ki hiéu la b() € R
Viéc tbi uu mdt MLP cho mét cong viéc nao dé dong nghia véi viéc ching ta can di tim
cac weights va biases nay.

Tap hop cdc weights va biases lan luot duoc ky hiéu 1a W va b.
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2 Gi6i thiéu tong quan vé Neural Network va Ma-
chine Learning

Deep Learning la mot phan I16p nho hon ctia Machine Learning, st dung ki thudt mang neuron.
CAu tric cia mdt mang neuron duoc lay y tudng tir cdch hoat déng clia mang ItGioi neuron
sinh hoc hoat déng trong ndo bé: cdc neuron lién két va truyén théng tin v6i nhau tao thanh
mot hé thédng — moét hé than kinh. Neural network trong nhiing ndm hién nay la mét xu huéng
va clng la mét dét pha trong cdc md hinh nghién cliu vé Machine Learning. Mang neuron
duoc xay dung nén tir nhitng perceptron unit luu trir va ké thira théng tin tir nhiing tap di liéu,
bang cdach lién tuc thir sai va tach cdc dac trung, mé hinh cé thé du doan duoc két qua phu
hop cla bai toan.

Hinh 2: So sanh hiéu nang giita hai thudt toan Machine Learning

Dudng mau do 1a hiéu nang cta neural network. Dudng mau xanh la hiéu nang cla cac thuat
todn Machine Learning cé dién.

3 Perceptron

Cau tric Neural Net Perceptron Units (PU) cé ciu tao tuong tu véi moét neuron than kinh
trong nao bo.

INPUT—__

OUTPUT

INPUT
INPUT

Perceptron Unit hay con goi 1a mét neuron la nén tang dé€ tao nén mdét mé hinh Neural
network, mé hinh dugc biéu dién duéi dang céng thtic:

n
v = (X wpg+b)
j=1

= fi(ar) (1)



Perceptron

La mdét ham trong mot neuron trong mang ludi. Duoc dinh nghia la tich cltia cac input va bd
trong so tai unit day va cdng thém véi ngudng (muc doé quan trong cla unit day - bias). Theo
mot cach toan hoc, mé hinh chinh dugc biéu dién nhu (1). Trong day, y chinh 1a dau ra cla
ham sb, f 1a activation function ( sé dugc dé cap 6 muc sau), w 13 vector trong sb va x la dau
vao cula bai toan, b chinh la bias cia mé hinh.

Luu y rang dua vé bai todn ctia NN, mét mang ludi cac units theo ting layer thi dau vao cla
nut & layer hién tai 1a dau ra & layer trudc.

Trong s6 trong moé hinh trén chinh 1a mdc dé quan trong, d6 manh clia mé hinh thay déi, cap
nhat theo thai gian dé khién cho mé hinh dat duoc két qua ding nhat cé thé.
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4  Activation function - Ham kich hoat
4.1 Giéi thiéu

Mé hinh neural network cé rat nhiéu dic trung co ban, trong dé cé Activation Function.
Phan 16n cac don vi trong neural network (mang noron) chuyén net input (mang di liéu dau
vao) bang cdch sir dung mot ham vé hudng (scalar-to-scarlar function) goi 1a ham kich hoat,
két qua clia ham nay |a mot gid tri goi 1a mic do kich hoat clia don vi (unit's activation).
Activation function la mét ham kich hoat xac dinh muic dé kich hoat khac dua trén mutc do
kich hoat hién tai. Cac ham kich hoat thuong bi ép vao moét khoang gia tri xac dinh, do do
thuong dugc goi la cac ham bep (squashing).

4.2 Activation function

Mang neural lién quan dén viéc day mét may tinh biét cach suy nghi va phan biét di liéu. Viéc
day mét mang neural cé 1 layer tuong duong véi viéc gidi ra ma tran tham s cla né. Hinh
dung ban dang gidi mét hé phuong trinh tuyén tinh:

y:WTx

trong do:
x ¢ day la mot vector input.
W |3 ma tran tham sb, dai dién cho layer.
D& chuan hod y, chiing ta can modt ham f (goi la activation function) kha vi, dugc dung trong
thuadt toan day neuron. Mat khac ta c6 cong thic tinh méi output clia mdt unit:
A = r (w0 1 b)
Trong d6 f 1a mot activation function & dang phi tuyén (nonlinear). Cong thic trén ciing dugc

biéu dién dudi dang vector:

Mot khai niém cé lién quan dén activation function la element-wise. Element-wise la viéc dp
dung activation function f 1&n tiing thanh phan cia moét ma tran (vector). Céc thanh phan
nay sau dé sé duoc sap xép lai ding theo thtt tu dé dugc mét ma tran cé kich thudc bang véi
ma tran input.

Activation function 12 ham nhan vector dau vao, sau dé bién doi dé trad vé vector dau ra. Cac
ham activation don gidn gdm sgn, tanh, sigmoid, hay ReLU. Activation function cho phép ghi
nhan dugc két qua cta dang linear va nonlinear functions. (Hinh minh hoa)

1. Sign function (sgn)

Ham sgn khong dugc st dung trong Multi-layer Perceptron (MLP) ma chi dugc st dung
trong Perceptron Learning Algorithm (PLA) vi né c6 dao ham bang khéng tai hau hét
cac diém va khoéng c6 dao ham tai 0 khién Gradient Descent khong hoat déng.

2. Sigmoid function

Ham sigmoid la mdt ham toan hoc cé dudng cong hinh chit S hoac dudng cong sigmoid

dang trung, c6 dang:
1 eX

S(x) = 14+e X ex+1

6
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Linear vs Nonlinear Functions

Linear Functions Nonlinear Functions

Hinh 3: Hinh dang doé thi cia ham tuyén tinh va ham phi tuyén

D6 thi ctia ham sigmoid nhu hinh dudi day: (Hinh minh hoa)

[x from -2.1to 2.1)

Hinh 4: Hinh déng dé thi ham Sigmoid

Nhin vao do thi ta thdy ham s6 sigmoid 1a ham don diéu, bi chan va kha vi trén (—1,1)
V6i dau vao nhd (radt am), ham s6 sé cho dau ra gan véi 0, tic 1a véi x — —oo thi gia
tri ham sb tién dén 0. Ham sb nay duaoc st dung nhiéu trong qua khi vi c6 dao ham rat
dep. Gan day, ham sb nay it khi duoc st dung vi cé mét nhuoc diém co ban 1a khi dau
vao c6 tri tuyét doi 16n (rat am hodc rat duong), gradient (dao ham) ctia ham s6 nay sé
rat gan véi 0 (nhuoc diém nay goi la Sigmoid saturate and kill gradients), do dé dan dén
viéc cac hé sb tuong ting véi unit dang xét sé gan nhu khéng duoc cap nhat.

Ung dung ctia ham Sigmoid:

Nhiéu qué trinh tu nhién, chdng han nhu céc quy trinh hoc tap phtc tap clia hé théng ,
thé hién su tién trién tir nhitng khdi dau nhé gitp tang toéc va tién téi dinh diém theo thoi
gian. Khi mét mé hinh todn hoc cu thé bi thiéu, mét ham sigmoid thudng duoc sir dung.
Mo hinh van Genuchten-Gupta dugc dua trén moét dudng cong S ngudc va dp dung cho
phan ting clia nang suit cay trong véi dé man cla dat. etc

. Tanh function

Khac véi ham Sigmoid it st dung thi tanh [a mdt ham tuong tu thuong dudc st dung va
mang lai hiéu qua tét hon. Ham tanh cé ban chat 1 mét ham hyperbolic, cé tinh chat
ctua mdt ham lugng gidc thdong thudng.

sinhx eX—e™X X1

tanh x = = =
coshx eX+e X e2x41

7
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Dd thi ham tanh nhu sau

f (x from =12 to 12)

Ham tanh cling tuong tu nhu ham sigmoid déu cé nhuoc diém vé viéc gradient rat nhd
vGi cdc dau vao cé tri tuyét doéi 16n.
. ReLU

ReLU (Rectified Linear Unit) dugc sir dung réng rai gan day vi tinh don gian cla nd.
Cong thiic toan hoc clia ham RelLU: f(s) = max(0, s). Ham RelLU cé d6 thi nhu hinh
dudi day:

10F

L L L L
—10 -5 5 10

Nhin vao dé thi ta thdy dao ham cla né bdng 0 tai cac diém am, bang 1 tai cac diém
duong. Ngudi ta ching minh duoc ReLU gitp cho viéc huan luyén cic multilayer neural
network (MLP) va deep network (rat nhiéu hidden layer) nhanh hon rat nhiéu so véi ham
tanh.

Hinh dudi day so sanh su héi tu ciia ham mat mat khi sir dung hai ham kich hodc RelL.U
va tanh. Su tang téc nay duoc cho 1a vi ReLU duoc tinh todn gan nhu tiic thoi va
gradient clia n6 ciing dudc tinh cuc nhanh véi gradient bang 1 néu dau vao 16n hon 0,
bang 0 néu dau vao nho hon 0.

0.75 7
] 0.54 \
= ~
i
g ~
@ S
= - -
I T =
m 0264 =
[
0 T T r r r r r
0 5 10 15 20 25 30 35 40
Epochs

Mac du ham RelLU khéng cé dao ham tai s = 0 trong thuc nghiém, ngudi ta van thuong
dinh nghia ReLU’(0) = 0 va khang dinh thém rdng, xdc suit dé input clia mét unit bang
0 1a rat nhé.

8
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Ngoai ra ReLU ciing cé nhiing bién thé khac nhu nhu leaky rectified linear unit (Leaky
RelU), parametric rectified linear unit (PReLU) va randomized leaky rectified linear units
(RReLU). Thuc té Ia trudc khi thiét ké ta khéng biét duoc ham kich hoat nao cho két
qua tbét nhat. Tuy vay ta cé thé bat dau bang RelLU, néu két qua chua kha quan thi ta
thay thé bang cac bién thé clia né va so sanh dé tim ra két qua tbt nhat.

9
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5 Loss Function

5.1 Introduction

Sau day, ching ta sé tim hiéu so khai vé khai niém Loss Function théng qua mot vi du minh
hoa nho nhé.

Gia sir ta mudn phan loai (classify) mot s6 do vat trong cac btic anh. Giad st tap hgp anh dung
cho may hoc (training set) chi bi€u thi 10 su vat. N6i cach khdc, mdi anh trong tap nay biéu
thi 1 trong s6 10 su vat trén. D4i véi con ngudi chiing ta, viéc nay 13 qua don gian nhung doi
véi mdy tinh thi ching ta phai lam thé nao dé€ né cé thé phan biét ducc cac su vat trén. Va
tat nhién, khi d6 ta phai dung dén machine learning.

Nhu da trinh bay trong phan trén, trong machine learning, ta sé st dung téi mét neural
network. Trong mdi neural network dé sé bao gém cac layer, mdi layer gdm cac node/unit.
M&i mét unit & layer ndy sé dugc ‘ndi’ v6i tat cd cdc unit cla layer ngay trudc dé. Nhiing moi
nbi nay chinh 13 nhiing trong s6 anh dén dén activation(két qua) cta unit d6. W' x() = x(+1),
Chi khi nhiing trong sb nay phu hop thi méi cho ra dugc mét két qua mong mudn. Chinh 13 &
budc nay, khai niem Loss Function duoc sinh ra dé gidi quyét van dé tim bo trong s6 phu hop.

Vé co ban, ta c6 thé hiéu so qua rang Loss Function [a mdt hinh phat déi véi mdy tinh méi khi
du dodn sai két qua mong mudn. Cu thé, néu cic activation (két qud) cla output layer cang
‘sai léch’ so vdi két qua mong mudn cé san (supervised learning) thi may cang bi phat nang,
tlic |2 gid tri cha Loss Function cang cao. Vay bai todn sé trd thanh cich dé tbi uu (optimize)
ham Loss sao cho nho nhit.

5.2 Loss Function téng quat

Mot loss function sé cho chiing ta biét duoc do tét hay tdi clia model (neural network) cla
chung ta.

Cho mét tap hop cac cap sb: {(x,—,y,—)},/-\l:1 Trong dé: x; la mot vector chira cac features cua
su vat (cla training set). y; 1a gid tri (c6 thé 1a mét vector, hay mét s6 thuc,. .. ) mong mudn
clia x; . N6i cach khac, sau khi cho x; cho mdy hoc thi ta mong mudn thu duoc két qua y;. N:
1a sb6 phan tir cla training set. Ta ki hiéu £ 13 Loss Function va dinh nghia ham Loss Function
tdng quat nhu sau:

L= /i/zijﬁ,-(f(x,-, W), y;)

Trong doé
W : Dbd cic weights.
y; . két qud cla Loss Function dbi véi diém dii liéu x;.
f . activation function (mét phép bién déi ouput cua tiing node thanh mét dai lugng

tly vao muc dich sir dung).

Do dé, Loss Function chinh 13 trung binh cla két qua cac Loss Function dbi véi tat ca cic
di€ém dii liéu trong training set.

10
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5.3 T6i uu héa ham Loss

Trong viéc tdi uu cdc ham Loss, mot ki thuat ma ta hay st dung dé chinh 1a Gradient Descent.
D6i v6i nhiing bai todn véi cdc bién gdm 1 hay 2 chiéu thi viéc gidi cuc tri c6 thé dat qua cac
ki nang phan tich (analytical) 1a kha thi, nhung doi v6i cac bai toan gom nhiéu chiéu (nhu
trong machine learning) thi cac ki ndng nay hau nhu vé ich. D6 chinh 13 Ii do ta dung Gradient
Descent. Vay Gradient Descent la gi?

Ta cé cong thic téng quat cho nhiing budc cap nhat bé trong sé nhu sau:

w<—w-—¢eVyLl

Trudc hét, vé mat toan hoc, Gradient |13 mét vector chita cac dao ham cia mot ham theo
ting bién (dao ham riéng theo tiing chiéu). Ki hiéu Ia Vf. V& y nghia hinh hoc, Gradient sé
cho ta biét huéng clia ‘di chuyén’ sao cho gia tri ham ting nhanh nhat theo moi chiéu. Do dé,
—Vf sé cho ta biét hudng di sao cho gid tri cia ham gidm manh nhat. Chinh y tudng nay
gitp ta xay dung thuat toan dé cap nhat cic buéc di cho cac bd trong sb sao cho ham Loss sé
dan dan tién téi cuc tiéu.

5.4 Mét sob loai Loss Function

D6i véi mbi mot ki thuat hoi quy (Regression) thi ta sé phai xay dung mot Loss Function
riéng. N6i cach khac, ta di tim dang cta L.

Linear Regression

Mot cach dé minh hoa (visualize) ki thuat nay chinh 13 phan loai nhiing su vat thanh 2 loai (2
classes) bang dudng thang (trong 2D) hodc céc siéu phang trong cac chiéu I6n hon. Do dé, ki
thuat nay thudc loai ‘binary classification’.

Linear regression 1a mot ki thuat phan loai (classification) tuyén tinh. Cé nghia 1a céc
activation cla layer nay sé |3 mot t6 hop tuyén tinh cla cac activation cua layer truéc. Cu thé
xHD =wWTx(M, 1=12.., N. (Dagip & phan trusc).

- O trudng hop nay, cac két qua y,; cla activation function chinh bing luén t8 hop tuyén
tinh cla cac activation x; cta layer trudc. Noi cach khac, activation function & day chinh Ia
f(y;) = yi = w’x; (activation function tra két qua la chinh né).

Xay dung ham loss

Néu ta cé bd label y* = [y, v3, ..., y;] (desired output) va cic input x = [x1, X2, ..., x| thi
thong qua linear regression, ta tao output 1a bd y = [y1, 2, ..., ¥n).

Khi dé néu ta lay ||y — y*|| ta sé tinh dugc su chénh Iéch so véi y clia model. Ta c6 thé coi
day la Loss function ctia ham nay nhung thay vi dé, ta lai bién déi biéu thdc trén mot chit dé
duoc Loss Function méi la:

1 2
L(w) = N ly* —vl5

Do dé Loss Function tdng quat chinh la téng cla nhiing Loss dbi véi tat cad cac diém di liéu:

11
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L 5

L(w) = N Sl —vils
=1

1 * T 2

oy ¥y W XHz

Ta st dung dang nay badi vi:

i) Biéu thic trén dé dang thuc hién dao ham va tir dé dé Iap trinh duoc gradient cta Loss
Function ma ta sé nhac téi sau nay.

ii) Hé sb % khong anh hudng gi téi loss function bdi vi cac error ma ta tim ducc théng qua
loss function thuc chat chi la gidm di mot nua.

DEé tbi uu ham nay, ta can tim bo weight (w) sao cho Gradient clia clia Loss Function theo w
la bang 0. Cu thé: Theo tinh chit dao ham trong giai tich déi v6i ma tran (khéng can chiing
minh):

Vwl = I:t/X (XTW - y)

Gradient bang khong khi XX"w = Xy.

Néu ma tran XX’ kha nghich thi ta ludn tim duoc k&t qua cla bd weight, dé la w =
—1

(xxT) Xy.

Trong truong hop XX’ khéng kha nghich, ta sé can st dung t6i khdi niém vé ma tran gia
nghich ddo. Do dé, ta sé khong dé cap tdi truong hop nay & day.

Logistic regression

a) Tong quan

Daoi khi trong data set clia ta xuat hién nhiing outlier, khién cho ki thuat Linear bi nhiéu, anh
hudng téi do chinh xac cia model. Khi dé ta cé mét cach khdc phuc 13 Logistic Regression.
Gibng véi Linear Regression, Logistic Regression [a mot ki thuat thudc 16p cac bai todn vé
binary classification.

Khac véi Linear Regression, Logistic Regression cé activation function nhu sau:

1
f(s) = ———
(S) 14+e3
Trong dé s = w’x. Ham c6é dang trén duoc goi 13 Logistic/Sigmoid.
Nhan xét:

lim f(s)=0; lim f(s)=0

S——00 S——+00
Do dé cac output clia ham Sigmoid bi chan trong khoang (0, 1). Diéu nay rat c6 Igi bdi ham
da bién nhiing activation cla layer trudc, thdng qua Sigmoid function, thanh nhiing output chi
nam & khoang (0, 1). Do dé, mdt cach dé tudng tugng: output clia ham nay cho biét do ‘lién
quan’ hay xac xuit cla mét example trong training set. Déng thoi, né ciing cho biét dé I16n
hay chiéu hudéng clia mbi quan hé gitta cic input va output.
Vay thi tr ham trén, ta sé xay dung Loss Function ra sao?

12
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b) Xay dung ham Loss

Trong binary classification ta sé c6 2 class ma ta can phan biét. Goi y; la output cta diém dii
liéu x; thi ta gid st khi y; = 1 tuong trung cho class thit nhat con khi y; = 0 tuong trung cho
class thit hai. Khi d6 ta dinh nghia xac xuit d€ mot example x nam vao class 1 1a f(x,w').
Do dé, xdc xudt nam vao class 2 sé 1a 1 — f(x,w’). (Do chi cé 2 class.) Cu thé:

P(y; = 1lxj;w) = f(w’x)

Py =1x;w) = 1—f(w'x)
Ki hieu z; = f(w’x;) va viét gop lai hai biéu thic trén ta co:
P(yilxi;w) = z/"(1—2)' ™

C6 thé thay biéu thiic trén chinh I3 cong thiic phan phdi nhi thiic déi véi khi n = 1 (ttic
la khi chi c6 hai bién cb). Xét toan bo training set véi X = [x1,x2,...,xn] € RN va
Yy = [¥1.¥2, ..., yn], ching ta can tim w dé biéu thic sau day dat gid tri 16n nhat

P(y|X; w)

Khi dé do tinh déc 1ap cla cdc diém dir lieu (example) trong training set, ta tinh duoc
P(y|X;w) theo quy tac nhan nhu sau:

I
—=

Il
—

P(y|X; w) P(yilxi; w)

<

Zj

I
—=

I
_

'(1 — Z,')lfy"

Do ta can xac xuat 1a sat v6i 1 nhat (tic 1a sat v6i su chac chdn) nén ta can phai tim w sao
cho ham P trén |a I6n nhat. Tuy nhién, viéc nay khéng hé don gidn bédi vi thi nhat, viéc toi uu
ctia ham tich rat khé (khé dung trong gradient descent) va bai vi néu N qua I6n thi P sé cho
két qua 1a mot sb rat nhd dan dén sai s trong tinh todn.

Cach khac phuc chinh 13 dy logarith tu nhién ctia P. Cu thé: Ta dinh nghfa Loss Function ludn
nhu sau:

J(w) = —|/<\3IQP(Y|X;W)
= —=> (yilogz + (1 —y;)log(l — z))
=1

D& P 16n nhit thi J can nhd nhét.

c) T6i uu ham Loss

Ta sé t6i uu ham Loss bang phuong phap gradient descent. Cu thé ta sé di tim gradient clia £
theo tling trong sd (weight). w & day 1a bd trong sb ndi véi modt node.

8J XL oJ bz bs
=1

ow; 6721875/8‘/‘0

Ta sé tinh biéu thic trén bang cich tinh tiing dao ham riéng.

oJ 1
ale_—y/';i-i-(l—y/)'

1—Z,'
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Vi chi cé biéu thic dbi véi z; bi dao ham.,

1
Zj (5/) 1+ exp(—s,')
0z _ - exp(—s;) - (—1) _ 1 ~exp(=s) _2(1-2)
0si  (I+exp(—s))2  1+exp(—s) 1+exp(—s) :
Vi
S = WTXi
65,‘ —
ow;
Do dé
aJ X 1—y,
Sy = Z;%z,(l—z,-)x,— 2 zi(1 = z)x;
N
= — D> yvil-z)x—(1-y)zx
n=1
N
= — ZX/ lvi — Yizi — zi + yizi]
n=1
N
= - i — zi)xi
n=1
Suy ra cach cap nhat cla ta la:
w=w-—nVyJ

5.4.1 Softmax Regression

a) Tong quan

Khi gidi cac bai todn véi nhiéu class hon thi ta khéng thé sir dung dugc cac ki thuadt Binary
Classification. Lic d6, mot ki thuat phé bién dé chinh 1a Softmax Regression.

Ta sé trinh bay y tudng co ban clia Softmax Regression théng qua vi du & phan dau clia muc
Loss Function nay. Danh ddu méi class trong 10 class trén lan luot 1a [C1, Cp, Cs, ..., C1o]. Xét
mot bod output gdm 10 node [y1, ¥2, ¥a, ..., Y10], mOi node sé la mot két qua biéu thi xac sut
ma may doan tuong ting cho méi class. Gia st ta mong mubén mdy doan duoc diing mot biic anh
thudc class Cx. Néu mdy doan chuadn 100% thi yx = 1vay, =0véii=1,.. . k—1,k+1,..n

Trén thuc té, mdy tinh khéng thé hoc dugc hoan toan chinh xdc nhu vay va output sé 1a mot
bd 10 xac suat ctia 10 class. Do nhiing class nay doc l1ap véi nhau nén téng clia 10 xdc suat
phai bang 1. Gid tri xac suat tuong ting véi class nao cang I6n va gan 1 thi may tinh doan anh
dé thudce vao class dé. Vi du véi trudng hop trén, néu y; = 0.9 thi kha niang cao |a mdy tinh
da doan chinh xac.

Tu nhiing suy luan trén, ta sé tim mot activation function dé cé thé tinh duoc xac suat cua
tiing class. Théng qua dé ta sé so sanh v4i nhiing xac sudt mon mudn va tim ra duoc ham Loss.

Vi du: Gid sir xdc sudt output 1a y = [y1,¥2,¥3,....v10] V6i Y1+ Yo+ ... +y10 = 1 va
y*=11,0,...,0] thi sai sb sé la y* —y. Tuy nhién, day vin chua phai |a Loss Function va ta sé

14



Loss Function | 15

tim dugc dudi day.

b) Xay dung ham Loss
Ta sé dinh nghia activation funcion (a) nhu sau:

= L(Z/), Vi=1,2,..C

C
;exp(zj)

Y tudng: mdi mot unit trong output layer, théng qua activation function, sé cho ra mot xac
suat. Khi sir dung mé hinh Softmax Regression, véi méi dau vao x, ta sé cé dau ra du dodn
|3 y = softmax(W'x). Trong dé dau ra mong mubdn la vector y* dugc biéu dién dudi dang
vector don vi.

Theo day, ta xdy dung ham Loss dua trén su sai léch gitta y va y*.

Ta cé thé nghi ngay t6i ham Loss gibng véi trudng hop trong Linear Regression, dé |a

1 w2
Lw) = 55y =y I3

Tuy nhién ham nay khéng hiéu qua dbéi véi nhiing bai toan vé khodng cach giiia cidc phan phbi
xac suat. Khi do ta gidi thieu moét ham méi co tén |a Cross Entropy:

C
H(p,a) = —>_pjlogg;
=1

O vi du cla ta, ham kia trd thanh:
c
H(y*y) ==Y yilogy;
i=1

Vi H la moét ham s6 nhiéu bién v6i mot rang budc rang g(y) =yi+y2+ ... +ya =1 Vvéinla
s6 class nén ta sé dung t6i phuong phap nhan tlr Lagrange dé tinh gia tri nhé nhat cla H.
Xét bai toan sau:

Cho y* € R"L la mét vector v6i cac thanh phan duong va téng bang 1. Bai toan tbi uu

y = argminyH(y",y)

thoa man .
Y vi=Ly>0
i=1

c6 nghiémy = y*

Giai:
n

L1y, .. Yn X)) = — Zrl:y,* log(yi) + A(D_yi—1)

=1 =1
Ta sé tinh sao cho gradient clia £ bang 0.00000000000

_%j +>\ — O,/' — 1, ceey C(l)

(1) ding bai vi khi ta dao ham cho y; thi moi bi€u thiic clia y; véi j khac i déu tiéu gidm.
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C C

Tu phuong trinh thir nhat ta c6 pj = Agi. Vivay, 1 =) pi =X g = X = X = 1. Diéu nay
i=1 i=1

tuong duong véi q; = p;, Vi=1, ..., C.

Chinh vi vay, théng qua cross-entropy, ta sé xay dung dugc ham loss function nhu sau:

N C
LIW;X,Y) ==Y yjlog(a;)

= 1J 1
exp(w; x,)
— 3 yylogpen
i=1=1 Zk 1(wx

Trong dé C 1a sb céc class, con N 1a sb céc diém dir lieu (example).
Y tudng: Cong téng cac ham Cross-Entropy clia tit ca cac diém dit liéu x trong training set.
Ta sé toi uu ham trén nhu sau: Trudc hét ta sé tinh gradient tai mot diém dir liéu, vi du la x (1),
Ta bién d8i lai ham Loss déi véi diém dir lieu x() 1a:
Ji(W) =- ZJCZI yj;loQ(y(ji))
exp(wJTx/)
Zle exp(wkai) >

¢
=-", (yjj-ijx,- — yjilog (Zexp(w[x,-)))

k=1

— - ¥y

C

c
= —Zyj,w}_x, + log (Zexp(w[x,-))
=

i=1
Khi dé, gradient clia né 1a mdt vector chita dao ham riéng theo cic bd weight ndi véi ting
output node . Ki hiéu bé weight nay 1a w; v6i i = 1, N, trong dé N 1a sb class. Ta c6:

. exp(w/ x;)
Va (W) = —yjixi + s e

= —YjXi + Yjixi
xi (Vi = ¥ji)
= €jiXi (do ejj = yji — ¥}i)

Do dé6 gradient déi véi diém dir lieu x() déi véi tat cd céc bo weight sé 1a tdng clia nhiing
Gradient nhu bén trén. Khi do ta dugc:

Vwli(W) = x[e1, e, ..., ec.] = xje]

Khi do Iép lai ca’c thao téc trén dbi véi tat cd cic diém di liéu, ta duoc gradient téng quat sau:
Khi doé cach update cac welght dugc thuc hién nhu sau:

W+ W — IXE"

Vi n la learning rate.

16
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6 Backpropagation - Multilayers neural network

6.1 Multilayers neural network

Layer

Ngoai input layer va output layer, mé hinh con cé thé cé nhiéu hidden layers & giita. Nguoi
ta thuong st dung chir L dé ki hiéu cho sb cac layers, dugc tinh 13 sb6 cic hidden layer + 1
(output layer). Vi vay, ngudi ta thudng goi layer 1, layer 2,...cho dén layer cudi cuing la layer L.

Unit

M&i node hinh tron trong céc layer thudng ducc goi la cdc unit. Cac node trong input hay
output layer dugc goi la input unit va output unit.

6.2 Backpropagation

Véi muc tiéu tbi thi€u ham Loss Function va dua ra moét mé hinh tbt nhat, ching ta thuong
st dung cong cu Gradient Descent. Mot trong nhiing thuat todn hiéu qua nhat dé 4p dung
Gradient Descent chinh la Backpropagation.

Muc dich clia Backpropagation la tinh cac dao ham % va % trén moi weight va bias trong
network.

Nhic lai vé mé hinh multilayers network:

(1 — 1)t layer I layer

L=1 (-1

1 Dt

O

(-1 (-1

“dii=1) ”'”r.'r 1

Z-1) 4=

Trong doé
()

wj : la weight cla neuron thu k trong layer (I-1) dat vao neuron thu j trong layer (1)

fI' .13 activation function cua layer th |

17
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Cac phuong trinh quan trong cua backpropagation

oL oL ) , L
DE& tinh cac w va b tai moi diém, ta can dit 6’ 65, dugc gol la error cua node thu |
trong layer |. Khi dé i

oL
oL ===
J 8ZJ-L
a£ / / R < N » N N
= a5 -f(z;) (dung quy tac dao ham ctia ham hop cho phuong trinh (2))
d

Khi dé, téng quat héa dudi dang ma tran, ta co:

= v.LO () 3.1)
Trong do:
. . N . .. oL
V.L :la vector ma cac phan ti la cac dao ham riéng 9al
as:
J
©  :latich Hadamard (element-wise): [sOt]; = s; - t;

DE tinh error trén node j cla layer I:

oL
I
¥ "o
"
oc 04" o
=70 '71(,) (Dung quy tac mat xich cho phuong trinh (2))
aaj sz .
/+1
oL 0Oz,
= f (2! (Cac Z/+1 la cac unit dugc ndi véi a;)
Zk:@Z,E/H) 8aj(-/) ( J> /

S RARAE)
= (5™h7) 7 (2)

réng quat héa dudi dang ma tran, ta co:
/
§ = 6/+1WT© f(zj/) (3.2

oL
Két hop (3.1) va (3.2), ta cé thé dé dang tinh todn tit cd cic —— trong toan bd mé hinh

09,
oo 0L e o .
Dé tinh cac b trong mo6 hinh, ta cé coéng thic
oL /
J
oy . 0OC o . .
Dé tinh cac W trong mo hinh, ta cé cong thtc
oL oL 9z .
—+ = —-— (S dung quy tdc mat xich cho phuong trinh (1))
avvjk 0z avvjk
_oL
N 82 k
1

=0/ aL (3.4)
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TONG KET: BON PHUGNG TRINH CUA BACKPROPAGATION LA:

o = Vl.LOf'(zh)

5 — 5l+1W(l+1)T 0) f/(Zj/)
oL _ 4l

o] J

g—vfj, = 6l a !

Ta thdy 6 vé phai clia phuong trinh (3.1) cac hé sb déu rat dé tinh. Vi vay, ta sé tinh dugc
5}. Sau dé ta sé dung phuong trinh (3.2) dé tinh nguoc lén cac 6J/- vai |I= L-1,L-2,...,2. Cac
phuong trinh (3.3) va (3.4) cho ta huéng cap nhat cac chi sb weight va bias clia toan bd mé
hinh clia ching ta.

Thuat toan backpropagation

1. Input: Nhap cic di liéu input, tao cac ham activation function,...
2. Feed forward: Véi |=2,3,...L tinh

2 =w' a1 b,

va
a] = f(Z})

3. Output error 6-: Tinh
6= VLOF(2b)

4. Backpropagate the error: kéo cac error vé tat ca cac weight va bias
/ 141/ (IHN\T /
§' =8 WY O F(2)

5. Output Gradient descent clia ham Loss dugc cho bdi

oL
Y
/ J
ob;
va or
I 4l=1
ow] ~ "

6.2.1 Y nghia ctia backpropagation

. oL . oL
Backpropagation cho ta cach tinh cac W rat nhanh chéng bang cach kéo ham error 2%

nguoc vé dang trudc. Vi vay, moé hinh gan nhu tinh todn toan bd cac gradient descent bang
mot 1an forward va mot 1an backward. Vi vay, cé thé néi rang, backpropagation |a mét thuat
todn rat hiéu qua cho cong viéc tinh gradient descent clia ching ta, tir dé gitp ching ta diéu
chinh cac weight va bias ciia moé hinh mdt cach thuan tién va nhanh chéng.
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7 Overfitting

Khi c6 data set, ta sé phan data set lam 2 phan (mot cdch ngiu nhién) gdm training set va
test set. Training set |a luong dir lieu dé€ mdy hoc va dua ra mdt mé hinh tét nhat, sau dé
chiing ta sé kiém chiing chiing bang test set truéc khi dua vao thuc tién. Nhung trong lic cb
gang tim md hinh tét nhit cho bai todn, may cé thé bi mac mot 16i 1a v tinh quan trong mot
tinh chat riéng nao dé clia bd data set. N6i cach khac, mdy da qua quan trong viéc xap xi di
liéu ma quén di viéc quan trong hon chinh 13 tinh téng qudt ctia mé hinh, khién cho mé hinh
khong biéu dién tdt cac data bén ngoai. Day la 16i overfitting, mot 16i hay gap trong neural
network. Overfitting thuong xay ra trong cac moé hinh cé lugng data it (khi dé céc data khéng

di tinh tdng quat), hodc mang noron qud phtic tap (khi d6 ta da qud chu trong viéc xap xi dir
liéu trong training set)

M6t trong nhiing dai luong dé tinh toan do overfitting
Training error: 13 sai sb trén tap training set, dudc tinh bang coéng thic

1

Neoo ’ Ltraining set
training set

Test error: |2 sai sb trén tap test set, duoc tinh bang cdng thic

1

N. . Ltest set
test set

N o 1 ., x
Luu y, cad 2 cong thiic déu can nhan véi dai luong N dé tranh trudng hop so sanh khap khiéng

Vi c6 thé test set nhiéu hon, hay training set nhiéu hon. N6i cach khac, ta biét duoc mot mé

hinh bi overfit khi training error rat thAp ma test error cao. Mot mé hinh chi duoc coi 1a tot
néu nhu training error va test error déu thap.

Dé tranh hién tuong overfitting, ngudi ta thuong st dung 2 ki thuat la validation va regulariza-
tion.

7.1 Validation

Y tudng cla validation 13 sé trich tir tap training set ra mét luong data dé riéng goi 13
validiation set. Khi dé, bo training data mdi la bo training data da bo di validation set. Lic
nay bd validation set sé déng vai trdo nhu bd test trong md hinh cta ching ta. Ching ta sé ¢b
gang tim moét moé hinh cho ca training error va validation error nhd, khi d6, md hinh dé rat cé
thé lam cho test error nhé.

Dimg sé6m

Dua trén y tudng cla validation, khi ta c6 gang lam cho training error nho lai, thi validation
error cling sé nho lai. Nhung dén mét luc, khi ta da qud chi trong vao training set thi validation
error rat cé thé sé tang 1én. Khi do, ta dung ngay tai thoi diém ma validation error ting lén.
(insert hinh)
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7.2 Regularization

Y tudng chinh clia Regularization 13 ch&p nhan hy sinh mét chit do chinh xac ctia mé hinh,
nhung gidm dé phtc tap cla né gilp tranh overfitting. Mot s ky thuat thudng dung trong
Regularization 1a L2 va L1 regularization. Y nghia cta ca 2 phuong phap 13 1am cho mé hinh ¢6
khuynh huéng chon cdc weight cé gia tri nhé trong khi van cb lam cho ham Loss dat cuc tiéu.

7.2.1 L2 regularization
Thém mot dai lugng vao ham Loss function (dai lugng nao dugc goi la regularization term)
A 2
L=Ly+ —- w;
ot 5 2wl
Trong phuong trinh trén, dai luong dudc thém vao |a téng binh phuong cla tit ca cai weights

trong mang neural cia minh rdi nhan cho hé sb % Trong do A dugc goi la regularization
parameters. Lo la ham loss ban dau, chua dung regularization

Khi dé
oL 9L L2
ow;  ow; n '
o _ ok
ob; N ob;
0 0 . _ .
Trong doé, Ofv? va £ c6 thé tinh duoc thdng qua backpropagation, nén aw; va OTDJ déu cé

thé tinh duoc
Theo do, budc cap nhat clia gradient descent sé la:

0Ly
b < bj—m-——
J J ob;
aLo 77')\
Wi T e T e
!
n-A OLg
= wi-(1- n )_niﬁw-
!

Dai luong (1 — nT) c6 khuynh hudng lam cho cac gia tri weight giam xuong nén con dugc goi
la weight decay. Hon niia, ta thay, b sé khong thay d6i so véi md hinh khéng duoc regularization.

Y nghia cia L2 regularization: L2 regularization c6 y nghia lam cho mé hinh vira cé
khuynh huéng chon cac weight c6 gia tri nhd vira lam cho mé hinh ducc ham loss tbi thiéu
nhat cé thé. Cu thé hon, L2 regularization sé giam cdc weight khdng cé anh hudng quan trong
dén dé chinh xac cia mé hinh, trong khi van cb gilr nguyén cac weight thiét yéu véi md hinh
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7.2.2 L1 regularization

M6 hinh L1 regularization vé co ban ciing gidbng nhu mé hinh L2 regularization. Tuy nhién, dai

A e .
lugng thém vao la o > |lwil|. Khi dé, ta co
w

A
L="Lo+ > [lw
n w

Gibng nhu L2 regulation, ham loss sé phat cac weight I16n, lam cho md hinh sé cé khuynh
huéng chon cac weight cé gia tri tuyét dbi nhd. Khi dé, ta tinh dao ham cla ham loss theo
bién weight.

L Lo

————l—i sgn(w)
W,'_W,‘ n d

Trong dé ham sgn(x) sé bang +1 néu w; > 0 va -1 néu w; < 0.
Budc cap nhat tiép theo cua ching ta:

0Lg
aW,'

n-A
W,-<—W,-—T-sgn(w,-)—n

Y nghia ctia L1 regularization

So sadnh véi cich cap nhat cla ky thuat L2 regularization ta thay cd 2 ky thuat déu lam cho
mo hinh cé khuynh hudng chon cac gia tri weight nhd hon. Nhung véi L1, weights giam di
mot luong 1a hdng s6, con véi L2, weight gidm di mot luong phu thudc vao w. Vi vay, khi ||w]]|
I6n thi L2 gidm nhanh hon L1, con khi [|w|| nho thi L1 gidm nhanh hon L2. Khac véi L2 mot
chut, L1 sé cb gang gili cac weight c¢6 anh hudng quan trong dén dé chinh xac clla md hinh,
déng thoi ép cdc weight con lai rat gan 0.

Do ham sgn(x) cé dao ham khong xac dinh tai x = 0. Nhung ta c6 thé khic phuc nhugc diém
nay bang cach cho sgn(0) = 0 va khong tinh dao ham tai diém dé (Vi khi weight d& bang 0
rdi thi ta khéng thé gidm weight dugc niia)

Ngoai ra, con c6 mdt vai phuong phap khac gitp tranh overfitting nhu dropout,...

22
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8 Bai toan va Phan tich data

Véi nhiing kién thiic va Ii thuyét hoc ducc & nhiing phan trén, ching téi xay dung moét model
dé du doan gid nha dua trén nhing dic trung cla ngdi nha. Dataset ma ta st dung & day
(ngudn: www.Kaggle.com) gom c6 80 dic trung. Tuy nhién, ta chi gilr lai nhiing dic trung
biéu dién dudi dang sb (continuous feature) bdi vi nhiing dic trung phan loai (Categorical
feature) duoc biéu dién dudi dang chii. Trong bo dataset clia ta cé 42 dic trung phan loai nén
ta sé chi quan tam téi 80-42=38 dac trung con lai.

Trong bai todn dbi véi du dodn gid nha, truéc hét ching ta sé 1ap mot biéu dd dé xem xét phan
phdi cac gid nha. Dua vao biéu do dudi, ta thay phan phdi trong gibng véi moét phan phdi chuan
(Guassian Distribution). Phan 16n cdc ngoi nha déu cé gia trong khoang tir 10000-25000, va
sau dé la moét phan it cac nha gid cao. Diéu nay duoc thé hién ré qua viéc biéu dd xuit hién
mot cdi dudi vé phia tay phai; con nhiing ngdi nha gid ré thi lai tap trung vé phia tay trai.

0000008 4

L000007 -

0000006 -

(L000005

(000004 1

0000003 4

000002 -

0000001 4

D. CI{I DDDG T T T T T T T T T
0 100000 200000300000400000 500000600000 700000800000

SalePrice

8.1 Phan tich rdi rac v6i mét s6 dic trung

Tiép theo, dé tim hiéu vi sao phan phbdi gid nha lai c6 hinh dang nhu vy, ta sé tim hiéu mbi
lién hé cua gid nha v6i mot sb dac trung khac (feature).

1. Dic trung duoc biéu hién bang sb

Gia st biéu dd (scatterplot) gilia gida nha va dién tich sbng sau day:
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Dua trén biéu do, gia nha va dién tich c6 mot mbi tuong quan tuyén tinh véi nhau. Diéu
nay hoan toan hop Ii bdi vi dién tich nha cang réng thi kha nang cao la gia nha cling sé
cao.

. D3c trung dic trung phan loai Vi du nhu mbi quan hé gitta gid nha va chat luong cua
nha(dugc danh gia theo mot thang tir 1-10). Hay xem biéu dé hép (box-plot) & phia
dudi:
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> ooe

500000
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SalePrice

300000

i
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200000 4
‘
'
100000 N
L e
1 2 3 4 5 6 7

0

8 9 10
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Dua trén biéu db ta thay gid nha va chit luong cé mdi tuong quan ding nhu du dodn:
chat luong cang cao, nha cang dat. Khong nhitng vay, ta cé thé thay gid nha 16n nhét,
nho nhat, trung vi cla ting chat luong nha ciing c6 mbi quan hé nhu vay. Néu dé y ki,
ta con thay gid nha tang theo lily thira nhung khéng manh (not dramatic).

8.2 Biéu d6 mbi lien hé dé néng (Correlation Heatmap)

Trong phan phan tich vira rdi, ta mdéi chi, dua theo kinh nghiém, xét nhiing dic trung
ma ta nghi |a cé anh hudng téi gida nha. Day 1a mét cach phan tich rat chl quan va ta
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can c6 moét cach phan tich khdch quan hon cho nhiing mdi tuong quan. Ta sé st dung
t6i Correlation Heatmap. Dudi day 1a mot heatmap thé hién méi tuong quan déi mot
gilfa nhitng dic trung thé hién dugc bang sé (continuous features) ciing nhu mdi tuong
quna cla tung dac trung nay véi gid nha (Sale Price).
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Y tudng co ban clia biéu dé nay 1a 6 vudng cang sing thi mbi tuong quan gitta nhiing
feature 1a toa dd clia 6 vudng cang manh. Dua vao truc quan nay, ta phat hién thdy mot
sb vung tbi rong( vi du nhu viing phia dudi hay bén tay phai cla biéu db). Diéu nay cé
nghia 13 nhiing dic trung thé hién ving tbi nay khéng anh hudng gi nhiéu téi nhiing dac
trung khac. Tat nhién, mot dic trung thi hoan toan tuong quan (completely correlate)
véi chinh né nén 13 ta cé thé thiy dudng chéo cla biéu db 13 rat sang. Tiép do, ta sé
loai bét di nhitng ddc trung khong quan trong nay (insignificant feature) va vé lai mot
biéu dé heatmap khac.
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Ta da s3p xép nhiing cot va hang dua trén do tuong quan véi gia nha (Sales Price) dbi
véi nhitng dac trung sau qua trinh “'loc” dac trung trén.

Ta cé mot vai nhan xét sau:

- Ding nhu & phan trén, mbi tuong quan gidta gid nha va dién tich (GrLivArea) hay chat
lugng (OverallQual) la cao (sat véi 1).

- M6t sb dac trung cé mbi quan hé véi gia nha gan bang nhau va mdi tuong quan nhu
véi nhau rat cao. Nhin ki vao dir liéu thi ta cé thé thay hién nhién. Vi du nhu dic trung
dién tich nha va dién tich san tang 1. Nhiing dac trung nay c6 thé coi nhu gan gibng
nhau (cling thé loai véi nhau) va ta cé thé loc tiép dé tiép tuc phan tich dir liéu.

Sau qud trinh loc dir liéu, ta con lai 7 dac trung ddng quan tdm nhat. Do sb dac trung la
it, ta vé& tat ca cdc biéu dd (scatterplot) gilita d6i mot nhiing dic trung.
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Théng qua nhiing biéu dd nay, ta nhan ra moét sé6 mdi tuong quan thu vi:

- M6t sb6 nhiing diém di lieu trong biéu dé mdi quan hé gitta Dién tich tdng ham
('TotalBsmtSF’) va dién tich nha trén mat dat (GrLiveArea) tao thanh nhiing dudng
thang (tudng tuong nhu nhitng dudng bién gi6i). Diéu ndy dugc gidi thich rang dién tich
ham sé thuong khéng vuot qud dién tich cla nha.

- M6t phat hién thi vi khac dua vao biéu dé & géc dudi cling phia tay trai. Ta cé thé

thay rang nha cang mdi thi gia cang cao. Ngoai ra, hinh dang tuong dbi ctia biéu dé gan
v6i mét ham liy thira nhe (hay van dung tri tudng tuong & day). Do dé, ta rit ra rang
gia nha cang ngay cang c6 xu huéng tang nhanh.

26



Tién xu ly di lieu | 27

9 Tién xir ly dir liéu
9.1 OQutliers

Mot van dé ta thay trong biéu dé hop (box plot) d6 I1a xuat hién mét sd diém di liéu tréng ¢
vé nhu vuot qua muc khoang 'binh thuong' cla nhiing diém di liéu khac. D6 cé thé |a nhiing
diém quad I16n hodc qua nhd hon so véi nhiing diém di lieu khac. Nhitng diém dii liéu nay khi
cho mdy hoc sé c6 kha nang gay nhiéu md hinh khién nhiing du dodn clia mdy tinh khéng duoc
chinh xdc. Do dé ching ta can loc dé loai bé nhiing diém di liéu nay.

9.2 Feature Scaling

Trudc khi ching ta tim hiéu vé van dé, ta can hiéu mot y tudng dé la khi cac feature cé quy
mo (scale) gan gan bang nhau thi thuat todn Gradient Descent sé dién ra nhanh hon. Noi
cach khac, nhiing buéc di clia Gradient sé duoc thuc hién moét cach ‘truc tiép’ hon vé phia cuc
tiéu. That vay, ta sé thiy ré hon nhan xét nay théng qua mot vi du don gidn. Lay vi du trong
mot bai todn du doan gid nha, ta c6 2 dic trung (ta lay 2 dic trung dé don gidn héa bai toan)
dé xu If:

x1 (0 < x; < 2000, don vi m?)

x2 (0 < xp < 5, don vi: phong)

Tu 2 dac trung trén, ré rang la quy md cla x; I6n hon xo rat nhiéu( vi 2000 >> 5).
Khi trinh bay hinh dang cta duong dinh muc (contour line) clia cdc dic trung trén, ta sé thay
rang cac dudng muc tao thanh nhiing dudng elipse manh va dai.(Xem dudi)
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Diéu nay sé anh hudng téi hieu qua clia Gradient Descent. Nhé lai rang Gradient (tam giadc)
sé cho ta dudng di ngan nhat dé di t6i cuc dai. Nghia 1a di nguoc lai v6i Gradient sé cho ta
duong di ngan nhat t6i cuc tiéu. Trong trudng hop véi nhiing duong dinh mic (contour lines)
nay, (&m tam gidc) sé vudng géc véi nhitng dudng miic va chi vé huéng di ngdn nhat. Do hinh
dang cla contour lines nay, ta thay ré rang Gradient mat rat nhiéu budc dé dat téi cuc tiéu,
va do d6, mat nhiéu thoi gian xtt Ii. Cach dé khic phuc 13 dua quy mé clia cac dic trung gan
bang nhau. Vi du, trong truong hop nay, ta sé bién déi cdc feature clia nha nhu sau:

X] = 5o VOI 0 < x| <1

Xp =2 V6 0<x,<1

N6i cach khdc, ta bién déi gia tri cla mdi feature bang céch chia gia tri dé cho khoang (range).
Vé mat di liéu, ta khong hé thay déi ban chit cla di liéu ma thuc chat chi biéu thi di liéu do
dudi mot ti 1é (scale) masi. Do do, ta cé tén goi ki thuat nay la Feature Scaling. Sau thay
d6i vé dic trung nay, ta thdy rang cac dudng dinh muc tao thanh nhitng dudng elipse ‘tron’
hon va khi dé ta thay (am tam gidc) sé ‘hudng’ truc tiép hon dén tdi cuc tiéu. Do do, sb budc
cap nhat dé tién téi cuc tiéu sé duoc rut ngan.

Ngoai cach bién déi dic trung nhu trén ta con mdt cach nita: chuan hdéa trung binh (mean
normalization). Cu thé la nhu sau:

! range

Trong doé

L : trung binh cac gia tri cla mbi feature clia tit ca cac diém dir liéu.

range : hiéu cla gid tri I6n nhat va gid tri nhd nhat cla mdi feature.

D3c diém cta cdch nay 13 dua trung binh cla tat ca gid tri cla mot feature vé gan véi 0. Tuy
vao muc dich thi cach nay sé hiéu qua hon so véi cach trén.



Thiét k& m6 hinh- Két luan |

10 Thiét ké mé hinh- Két luan

M6 hinh 1 : Bai toan clia chiing t6i dugc tiép can bang moét mang neuron gébm c6 3 I6p (layer).
Trong d6, c6 1 16p input, 1 16p an (hidden layer), va 1 16p output. L6p input gdom c6 36 node,
I6p an gdm ciing gdbm c6 36 node, con két quad qua ching ta la mdt output. Bang activation
reLu don gian nhung dem lai két qua kha tdt. Két hop véi ki thuat Kfold dung dé chia data
thanh cdc tap validation ngdu nhién cung cic budc tién xu ly, ching toéi da tinh duoc RMSE
trén validation véi két qua xap xi 0.1 va két qua trén test data 1a 0.3, chiing td mé hinh dd
hiéu qua vdi bai toan trén.

def init_model():

# create model
model = Sequential()
model .add (Dense (36, input_dim=36,kernel_initializer=’normal’,activation=’relu’))

model .add (Dense(1, kernel_initializer=’normal’))

# Compile model
model .compile(loss="mean_squared_error’, optimizer=’adam’)

return model

estimator = KerasRegressor (build_fn=baseline_model,nb_epoch=100,batch_size=5,

verbose=0)

estimator.fit(trainl[col_train_bis], train[label])

M hinh 2 : Bang cach st dung nhiéu hidden layers hon (36,12,6) khién model sdu hon st
dung cac activation trén mé hinh Ian lugt 13 (reLu,sigmoid, tanh ) két hop véi viéc chuan héa
dir liéu (scalling input ). Két qua RMSE trén validation la 0.0047 test data xap xi 0.17, ching
td hiéu qua cla md hinh ting |én dang ké.

def init_model():

# create model

model = Sequential()

model .add (Dense (36, input_dim=36,kernel_initializer=’normal’,activation=’relu’))
model .add (Dense(12,kernel_initializer=’normal’,activation=’sigmoid’))
model.add(Dense(6,kernel_initializer=’normal’,activation=’tanh’))
model .add (Dense(1, kernel_initializer=’normal’))

# Compile model
model.compile(loss=’"mean_squared_error’, optimizer=’adam’)

return model

estimators = []

estimators.append((’standardize’, StandardScaler()))

estimators.append((’mlp’, KerasRegressor(build_fn=init_model, epochs=200,
batch_size=5, verbose=0)))

pipeline = Pipeline(estimators)

pipeline.fit(train[col_train_bis], train[label])\\
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11 Phu luc

Day la doan code Python ma team em da st dung dé mé phong
https://github.com/TrongDuongik/PiMA-team-7-NN

12 Hudng phat trién trong tuwong lai

Bang cach tbéi uu md hinh nhu ting sb layer dé kha nang mo hinh cang thém manh mé hay két
hop viéc st dung regularization dé gidam dé qua nhay khéng can thiét cia mé hinh. Tu dé sb
chiéu dau vao (sb6 feature clia input) c6 thé md réng ma md hinh mang neuron ctia ching ta
van cé thé xir Ii. Cu thé, tuy vao sb chiéu clia dau vao, mé hinh cé thé tu diéu chinh dé dap
(ing va tao ra két qua vira chinh xdc, vira khéng bi anh hudng bdi hién tuong overfit.
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