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LJi cam on

Loi dau tién, xin kinh gii dén Ban t6 chtc trai he PiMA, cling nhu nhitng sang lap
vién clia trai he - anh Lé Viet Hai, anh Tran Hoang Bio Linh va anh Can Tran Thanh
Trung - 16i cdm on chan thanh nhat vi da tao diéu kieén hét stc thuan loi dé tat ca cac
trai sinh da c6 duge 6 PIMA mot trai nghiém vo cing quy bau. N6 khong chi ding lai
& nhiing kién thiic, bai gidng hay, dic sic, ma 6 d6 con ¢o6 dong nhitng trai nghiem vo
gia, dén tir viéc giao luu, hoc héi gitta trai sinh v6i nhau tit moi mién dat nuée, dén
tlr viéc sat canh cting nhau hoan thanh that tot dir &n ctia minh, ciing nhu syt gan két
bén chit gitta nhitng con ngudi ciing chung dam meé, sé thich.

Chiing toi ciing xin dugde gt 10i cAm on tran trong dén cic anh chi quan ly, nguoi
huéng dan va cac thay, cic co dén tit truong Dai hoc Khoa Hoc Ty Nhién da gitp
nhém hoan thanh that t6t dy an. Dac biet, chan thanh cAm on cdc anh Nguyén Trung
Nghia, anh Pham Hoang Nhat, chi Bui Tran Thuc Nhu, anh Vit Lé Thé Anh va anh
Tran Hoang Bao Linh vi di luon theo sat nhém tit nhitng ngay dau, huéng dan tan
tam va miet mai dé nhom c6 thé git hai duge nhitng thanh qué t6t nhét.

Hoan thanh nam thit 3 clia trai he, véi nhitng “cai tién” vé noi dung gidng day va sb
luong trai sinh, PIMA that sy da lam rat tét, va luon luon dude ching toi tin tudng sé
mai la cau ndi gitta nhitng gidc mo va ké theo dudi, nhitng con ngusi chung 1y tuéng
va dam me, hosic don gidn hon, nhiing ngudi tim kiém cho minh mot tam nhin vao
tuong lai méi, v.v.

Trai he khép lai, tuong lai va tam mat duge mdé ra. Ching toi, nhitng trai sinh PiMA
khoa 2018, v6i thit hanh trang viing chic da duge trang bi, sin sang dén nhan nhiing
thach thic mdi trong tuong lai.

Tém tat néi dung

Mot cai nhin vita van, kha day da vé ban chat, ¥ nghia, cach van hanh ctia mot trong
nhitng budc tién 16n clia nhan loai vé linh viic toan ttng dung va khoa hoc may tinh -
Neural Network va thuat toan Gradient Descent. Ciing v6i d6 1a huéng phét trién, cai
tién, mot s6 tng dung thyc tién tiéu biéu va cach trién khai, coding ré rang cho moi
ngudi ciing kham khao va tu thyc hien duge. Mong rang bai viét sé 1 161 mai chao
nhe nhang, than mat dén véi tuong lai méi v.v.
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Cau trac

1 Gié6i thieu
Artificial Neural Network (ANN) — MANG NEURAL NHAN TAO LA GI?

Qua tén goi, ta c6 thé biét dugc rang cau tric ciia mang neuron nhan tao tuong tu
nhu mot mang neuron than kinh ctia ndo bo, gom nhiéu nhéom céc neuron (cac layer)
dugce lien két v6i nhau va xtt 1y thong tin bang cach nhan thong tin dau vao (input)
tlt cAc neuron trude va truyén thong tin da duge xit 1y (output) dén cac neuron sau.
Mang neuron hoat dong bang cach xtt Iy nhitng dit lieu da dugce cho san goi 1a cac dit
litu huan luyén (training data), sau dé tu diéu chinh lai hoat dong ctia minh dé c6
thé dua ra cac du doan chinh xac hon khi duge ting dung vao thuc té.

Mang neuron nhan tao la mot trong nhitng mé hinh phé bién nhat ciia tri tué nhan
tao v may hoc va c6 rat nhiéu ng dung thuc té, trong d6 pho bién la nhan dién
khuon mait, giong néi, chit s6, hay xit Iy ngon ngtt tu nhien. Cong viéc nghién citu
mang neuron nhan tao chii yéu gom 2 hudéng tiép can chinh, mot 1a nghién ctu cach
hoat dong ctia mang neuron sinh hoc, con lai la nghién cttu ing dung ciia ANN vao
tri tué nhan tao.

Hién nay, c6 rat nhiéu loai neural network véi cau tric, cach hoat dong va chiic nang
khéc nhau. Nhung trong ban béo cio nay, ta sé tim hiéu mot trong nhitng thuat toan
don gidn nhat, va 1 tién than cia cac neural network hién dai 14 mang perceptron c6
nhiéu 16p - Multiplayer Perceptron (MLP).

2 Cau tric

2.1 Perceptron

Perceptron 13 mo hinh neural network don gidn nhat chi gom mot layer. Mot percep-
tron nhan cac input nhi phan x;, thyc hién x1t 1y tin hiéu véi cic trong s6 w; (weight)
va dua ra mot output nhi phan duy nhat dya trén mot ngudng (threshold) nao do.

L1

1 néu Zwlasz > threshold
T9 Output = )

0 néu szxz < threshold
L3

Néu dat b = —threshold, goi b 1a bias, ta c¢6 so do don gidn hon. Cac bias nay dugc
xem la cac ngudng’ kich hoat clia mot perceptron, néu bias nhé thi perceptron dé dé
kich hoat va ngugce lai. Chi khi mot neuron duge kich hoat, output tit neuron dé mdéi
tiép tuc duge xit Iy va lan truyén trong mang luéi, néu khong thi neuron dé sé khong
hoat dong. Ta c6 thé hinh dung vé perceptron nhu mot thuat toan dé dua ra quyét
dinh bing cach so sanh (weighing) cac input véi nhau. C6 thé thiay co ché nay cia
perceptron khé tuong tu v6i hoat dong ctia mot neuron than kinh, véi cac weight thé
hién mtc do lién két ctia hai perceptron véi nhau.
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Cau trac

Iy

1 néu Y wiz; +b6>0
T9 Output = . Z o

0 néu Zwm +b6b<0
L3

2.2 Sigmoid neuron

Khi xay dyng mot mang neuron gom nhiéu layer cac perceptron, trong qua trinh huan
luyén hé théng bang cach diéu chinh cac weight va bias cho phit hop, vi output ctia
perceptron chi ¢6 thé 1a 1 hodc 0, nén mot su thay doi nhé ciing c6 thé lam thay doi
hoan toan output ctia mot perceptron tut 0 thanh 1. Nhu vay sé lam anh huéng kha
nhiéu dén hoat dong clia toan bo network, nén ta can mot mo hinh khac sao cho khi
thuc hien mot sé diéu chinh nhé, cling chi sé thay doi nhe cac output ctia nerwork,
nhu vay ta sé dé dang kiém soat hoat dong ctia mang neuron hon.

Mb hinh cia mot sigmoid neuron tucng tuy nhu mot perceptron, nhung thay vi chi
dua ra output 1a 0 hodc 1, output ctia céc sigmoid neuron cé thé 1a bat ky s6 thuc
nao nam trong khoang (0, 1) bang cach sit dung ham activation phi tuyén tinh 1a ham
sigmoid, nén cac neuron trong truéng hgp nay mdi c6 tén goi la sigmoid neuron.

2.3 Layer

Mot mang lu6i neuron nhan tao bao gom nhiéu 16p cac don vi neuron. Trong do, dit
lieu vao duge nhap vao layer dau tien (input layer), duge xit 1y qua céc layer 6 gitta
(hidden layer), sau d6 he thong sé xuat két qua & layer cudi cing (output layer). Theo
quy uéc, input layer duge xem 1a layer 0 va ta bat dau dém tit hidden layer dau tien.
Trong hinh minh hoa duédi day, véi 1 input layer, 2 hidden layers va 1 output layer thi
network nay c6 tong cong 3 layers.

Don vi (unit) ctia mdi layer la cac neuron. Cac neuron & cac input layer, hidden layer,
output layer dugc goi lan lugt 1a input unit, hidden unit va output unit.
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Cau trac

Hidden layers

Input layer Output layer

input | output

units units

000 0

|
hidden units

Hinh 2.3. Minh hoa layer.

2.4 Weight va bias

Trong s6 thé hien su lien két giita 2 neuron trong 2 layer lién tiép nhau, néu trong sé
nho thi lien két gitia 2 neuron yéu, nguge lai khi trong s6 16n cang 16n thi lien két gitta
2 neuron cang manh. Goi wz(,? 14 trong s6 gitta neuron n,(j_l) véi neuron nz(»l). Vector
trong s6 'wgl) 1a mot vector cot biéu hien cac trong sb gitta mdi neuron trong layer [ — 1
véi neuron thit ¢ trong layer [. Néu layer [ — 1 ¢6 m node, layer [ ¢c6 n node thi:
o_[ o o W] ¢ gmxt

w; = |wy wy ... w,;| € .
Ma tran trong sé6 w® thé hién cac lien két giita layer [ — 1 va layer [. Trong mot
network c6 L layer thi ta sé ¢6 L ma tran trong s6 nhu vay.

w! = [wgl) 'wg) wg)} e R™*™,

Nhu da noi & trén, bias ctia mot neuron chinh 1a "nguéng” dé kich hoat neuron dé.
Bias cang thap thi neuron dé cang dé kich hoat va ngudc lai. Tuong ti, ta c6 L ma
tran cac vector bias b, trong d6 b 1a vector cot cac bias clia cac neuron trong layer L.

b0 = o 4 . o] er
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Huan luyén mang neuron

3 Huan luyén mang neuron

3.1 Ki higu

Ta quy udc cac ki hiéu nhu sau:

° ngl): neuron thi ¢ & layer thi [ e 2 vector input ctia layer thit [
. zgl): input ctia neuron nz(-l) e alV: vector output ctia layer thit [
e oV output ci 0] . A o )
i put cua neuron n; e w, : vector trong so cua neuron n,
l X * o~ 1— N £ o P
o w,(m.): trong so gita neuron n;(f Y v e w: ma tran trong sb clia layer thit
neuron ngl) l
° bgl): bias ing v6i neuron ngl) o b: vector céc bias clia layer thit [

3.2 Feedforward

Neural network bat dau hoat dong khi input layer nhan dit liéu & cac input unit, roi ti
do6 thong tin lien tuc dude xit Iy va truyen qua cac hidden layer roi dén output layer,
noi ma network sé dua ra két luan. Mang neuron st dung cach xit Iy nay dugc goi
la feedforward neural network, trong dé feedforward la khai niém chi viéc output cua
layer trudc sé la input cua layer sau qua mot ham activation f nao dé. Input va output
(mic activation) ctia mo6i neuron trong layer [ duge tinh toan dua trén cac output ctia
layer truée nhu sau:
agl) = f(zi(l)) véi input zi(l) = (wgl))T.a(l_l) + bgl).

Tong quat hon, viét lai dudi dang vector, ta cé:

a¥ = f(z) véi 20 = (w)T.a=Y + 0.

Bias

Output,
Hinh 3.1. Minh hoa qud trinh feedforward.

3.3 Ham sigmoid

Ham sigmoid 14 mot trong nhitng ham activation thuong diing nhat:
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Huan luyén mang neuron

10 A

0.8 1

0.6 1

04 4

0.2 1

0.0 A

—l'i].D -5 -50 —-25 00 25 50 5 10,0

Hinh 3.2. Do thi clia ham Sigmoid.

Ham sigmoid dugc st dung kha pho bién nhd vao diic diém do thi ctia né. Gia tri clia
ham bién thién tit 0 dén 1 khi z bién thién tit (—oo, +00), cu thé, khi input cang am
thi output ctia ham rat gan vdéi 0, input cang duong thi output ctia ham rat gan véi 1.
Diéu nay kha tuong tu véi co ché ciia mot perceptron nhung do c¢6 tinh lién tuc nén
n6 thé hien mic kich hoat clia mot neuron linh hoat hon nhiéu so véi mot perceptron.

Mot 1y do khac ham sigmoid dé lay dao ham nén rat thuan lgi trong qua trinh tinh
toan:

o(z) =o(x).(1 —o(z)).
Ngoai ra con nhiéu loai ham activation khac nhu tanh, ReLu, v.v.
Trén thuc té, ta con c6 thé sit dung cac ham activation phi tuyén tinh khac thay cho
ham sigmoid, vi du nhut ham tanh.

3.4 Ham méat mat

Khi huan luyén, chiing ta can c6 mot cong cu dé danh gia miic do sai lech ciia két qua
do network dua ra so véi két qua thyc bang cich st dung mot ham méat mat (cost
function), ky hi¢u C. C6 nhiéu ham mat mat duge stt dung nhu ham mean squared
error (MSE) - trung binh binh phuong 16i, cross entropy, v.v. Trong d6 ham MSE
dugc diing phoé bién nhat vi tinh don gian ctia né.

Dau tién ta xét cac diém dit lieu huan luyén (z,y). V6i mdi diém trong tong s6 n diém
dit lieu, lay binh phuong do sai lech gita output a(z) ctia mdi neuron trong ouput
layer v6i training ouput y, sau d6 cong tat cd két qua lai va lay trung binh ciia tong
nay, ta dugce gia tri clia cost function sau mdi lan training:

Trang 5



Gradient Descent

C(w,b) = 5

5> (y(x) —a(2))

Muc tiéu cua ching ta khi xay dyng mot mang neuron la ting do chinh xac dy doan
cua network, tic la giam do sai 1éch gitta output ctia network véi training output cang
nhiéu cang t6t. C6 thé thay rang sy thay ddi clia cac bo weight va bias gay anh huéng
truc tiép dén output ctia network va thay ddi gia tri cia ham méat mat C. Dé tim ra
duge nhitng bo weight va bias phit hop dé giam gia tri ctia C, ta can sit dung thuat
toan gradient descent.

4 Gradient Descent

4.1 Gidi thiéu

Nhu da néi, huan luyén mot bo may, viéc chiac chan xay ra la no sé sai va ta can huéng
dan né stta. Dan dan, qua timg "ban cap nhat”, sai lam sé bi gidm thiéu va ngay cang
dat dén ngudng hoan hio. Chinh vi Iy do do, viec giam thiéu do 16n ctia ham mat mat

1 viéc cap thiét nhat phai lam, kém vé6i chiing 1 rat nhiéu phuong phap téi wu, trong
s6 d6, noi troi va dé tiép can nhét, Gradient Descent ra doi.

4.2 Y tudng va cach thuc hién

C6 bao gid ban thit nghi, tai sao cac thién su ¢ dinh nti cao, luon tim thay chinh qua
va tieu diet duge moi thé loai bon yéu quai? Dé c¢6 phai do 1 yéu quai dé qua stc yéu
kém ndi ban chat, va cho dit ¢6 luyén duge thanh tinh manh dén thé nao ciing chang
thé danh bai dude cong 1y? Xin thua, hoan toan khong phai thé, ma la do ching né
da hét stc bat 1i hon so v6i cac thién su. Hay ngdm xem, néu leo lén mot dinh ndi,
theo cau thanh ngit ciia cha 6ng c6 thé dé dang "Ding nii nay trong nii no” va rit ra
két luan "N nay cao con ¢ nii khac cao hon”, dat truong hop ban 1d mot yéu quai,
diing & local minimum bat ki, bing cach "ty nhien” nao ban cé thé biét duge lieu dé
c6 phaéi 1a global minimum dé luyén thanh tinh hay khong? Va dé 1a thit da ngin can
viec bon yéu quai tim dén dudgce sttic manh t6i thugng ctia minh va ¢6 mot cuoce chién
cong bang véi lien minh cong 1y.

v

2

Vi

Hinh 4.1.
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Gradient Descent

D& c6 nhitng con yéu tinh "sang da” da dua ra nhing cao ké, dic sic nhat trong s6
chiing chi 14 tim moi local minimum nhiéu nhat c¢6 thé, luyén thanh tinh trong hoan
canh do, sau d6 so tai (thé vao ham s6) dé tim coi dau la diém sau nhat dé luyen
duge doi quan yéu tinh t6i thugng. Thé nhung, viéc nay rat mat thoi gian, ciing nhu
viéc luyén thanh cong (dao ham thanh cong) ciing khong phai dé. Khé khan nhu vay,
Thugng Dé da ra tay gitp sic, dé ¢6 dude mot Infinity War ding nghia, trao cho cai
ac thuat toan Gradient Descent dé c6 thé tim ra Day Thé Gi6i dé luyen thanh tinh.

Huéng giai quyét: Bit dau tit mot diém ma ta coi 1a "kh&” gan véi nghiem ciia bai
toan, sau dé ding mot phép lap dé tit tit tién dan dén diém can tim, dao ham cta
phuong trinh tng véi diém d6 bang 0. Gradient Descent, ding nhu tén goi ciia no:
"Gradient” (do doc) va "Descent” (sut xuong dbc), sé thyce hien mot cach hi¢u qué ¥
tuéng trén.

X i 1 + 00
F(x) - 0 +
oo -0
fix) \
-l K
Hinh 4.2.

Nhin vao hinh vé, diéu ta can tim 13 tim mot thuét toan dé dua x;, tién cang gan vé
x* cang to6t. Kém vdi d6 1a hai nhan xét quan trong:

1. Dya theo bang bién thién, néu dao ham ctia ham s6 tai zx: f'(x) > 0 thi zy
nam vé bén phai so véi z*. Két luan nay ciing ding doéi véi truong hop nguce
lai. Tit quan sat thd vi nay, dé diém tiép theo x4, gan v6i #* hon, ta can di
chuyén nguge dau véi dao ham.

2. Them vao d6, z cang xa x* vé phia bén phai thi f’(z;) cang 16n hon 0 (va nguge
lai). Vay, véi viéc di chuyén mot lugng §, mot cach true quan, 13 ti 1é thuan véi

—f'(z).

Va thé 1a, cong thitc "téi thugng” ra doi, ciing la biéu dién ctia 4p dung Gradient
Descent cho ham 1 bién:

Tr1 = v — 0f (1)
Trong do:
e 7, thuong 1a mot s6 duong bé hon 1, duge goi la learning rate (tdc¢ do hoc).

e Dau trir thé hieén sy di chuyén nguge dau véi dao ham.
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Gradient Descent

4.3 Ung dung vao ham nhiéu bién

Diéu nay ciing duge 4p dung tuong tu doi véi ham nhiéu bién, gia st ta can tim global
minimum cho ham f(#) trong d6 6 1a mot vector, dung dé biéu hien cac tham s trong
mot mo hinh can t6i uu hod (trong Neural Network thi cac tham s6 chinh 1a hé s6 w
(weight), b (bias) ta cing c¢6 thuat toan chung:

Ors1 = 0r — Vo f(6;).
Trong doé:
e Vyf(0:) (vector gradient) chinh I3 dao ham ctia ham d6 tai mot diem 6 bat ki

e Tuong ty ham 1 bién, thuat todn Gradient Descent cho ham nhiéu bién ciing
bat dau bang viéc khdi tao gia tri ngadu nhién cho bién 6 va cap nhat dan theo
quy tac trén.

Ap dung vao neural network
Ta c6 thé diéu chinh va tim dugdc wy, (weights) va by, (biases) Iy tudng dé tdi thiéu hoa
ham mat mat C. Thay thé lan lugt 6 bang cac tham s6 can tinh toadn w,, va b,, cling

0 0
v6i do, vector gradient Vo f(6;) tré thanh - C v af
wv(ng—’—l) = wﬁ,ll) — n—aac ,
ac "
Gy AC
o0,

Va ctt lap lai nhu vay, ta sé ngay cang tién td6i tri sd w,,, b, mong muon.

4.4 Cac buéc cai tién thuat toan
4.4.1 Mini-batch va Stochastic Gradient Descent
e Van de:

Thuat todn Gradient Descent ma chiing ta sit dung tit dau dén gio déu st dung
toan bo dataset D, tiic khi cap nhat § = w, ching ta si dung tat ca diém dit
licu ;. Trong truong hop dataset qua 16n, viéc nay sé dan dén sy cong kénh va
phitc tap trong tinh toan, ciing nhu a4nh hudng ctia nhitng “diém nhiéu” (noise)
1a kha dang ké

e Huéng khic phuc:
Ta co: VQf(Q) = xy eDVgC(f@( Z VQC fg )

(z,y)€D

T d6 dan dén nhan xét rang néu ta lay mot batch D; ti D 1di tinh gia tri
trung binh ctia ham mat mat trén D, ta sé dugc mot uée lugng khac tot clia
Vo f(0;), néu cac batch D; c6 kich ¢d gan bang nhau. Nhu vay, ta sé chia toan
bo dit ligu thanh cdc mini-batch véi do 16n dit lieu bang nhau (thong thudng ti
50 dén 100), roi 1an lugt cap nhat cho mdi batch.

Khi do 16n ctia mdi batch bang 1, thuat toin dudc goi la Stochastic Gradient
Descent.

Trang 8
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Gradient Descent

e Giai thich:

Nhin vho mot mat, viéc cap nhat timng mini-batch nhu thé ¢ thé lam giam toc
do thyc hién 1 epoch (thuong thi méi epoch ting véi mot lan cap nhat 6). Mat
khac, Mini-batch va Stochastic GD chi yéu cau mot lugng epoch nhé, sau dé dit
liéu mdi thi chi can chay duéi mot epoch 1a da c6 nghiem tot, dan dén viée giam
thiéu ganh ning vé bo nho.

Ngoai ra, c6 thé dé dang nhan thay, batch size cang nhé, kha ning tong quat
ho4 ctia m6 hinh cang t6t, dac biet dbi v6i cac dataset doi ddo dira vao kha nang
“thich ting” cting nhu khang noise wu viét hon.

4.4.2 Diéu chinh téc dd hoc (Learning Rate Schedule)

e Van de:

T6c do hoc n, mot yéu t6 hét stic quan trong gép phan lam nén thanh cong clia
thuat toan Gradient Descent noéi chung. Du gié tri chi nhé thoi (thuong chi tu
0 dén 1), nhung do do "nhay cam” cao clia thuat toan ddi véi n 1a khong thé bd
qua duge. Néu 1 qué 16n, thuat toan du tién rat nhanh t6i gan dich, nhung sé
khong hoi tu duge vi bude nhay qua l6n. Néu n qua nho, toc do hoi tu rat cham,
va kho roi khoi local minimum.

Gradient Descent

Big learning rate Small learning rate

Hinh 4.5.

e Huéng khic phuc:
Tao ra mot ham n(k) dé diéu chinh do lén ctia toc do hoc theo s6 lan cap nhat
da thyc hién theo tinh chat sau: Ham (k) can c6 gia tri 16n ban dau dé thuat
toan nhanh chéng tim ra cac khu vuec 6 cue tiéu, va gidm dan dé dam bao thuat
toan hoi tu thanh cong dén cuc tiéu.

e Mot s6 vi du:
t

Ham t6c do hoc mil (exponential learning rate): n(k) = 770.10_; véi g 1a téc do
hoc ban dau (kha 16n), va r 1a he s6 giam.

. AN
Ham t6c do hoc luy thita (power learning rate): n(k) = np. (1 + —) .
r
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Backpropagation

4.4.3 Diéu kién dirng (Stopping Criteria) va Ditng sém (Early Stopping)
e Van deé:

Doi khi chura han 1a dé thuat toan chay tu do dén cudi ciing da la tét nhat. Céc
van dé phat sinh tit noise, toc do hoc chua to6t, local minimum khé chiu lam hao
ton nhiéu resource va thoi gian.

e Huéng giai quyét:

Tao ra cac diéu kien dimng dé ham c6 thé giam tai nhitng cap nhat thita thai
ma van bao toan dudc két qua chat lugng. Chi ¥ rang viéc chon ra nhitng diéu
kien dimg ndo thuong duge rit ra tit tap huan luyén, do d6 dataset sé phai bi
dan trai dé huan luyen hai lan: Lan dau dé khao sat va xac dinh diéu kien dimg
chinh x4c, lan hai cap nhat binh thuong véi sy gép mat cia diéu kien ding.

e Mot so vi du:

So sanh gradient ctia nghiém tai hai 1an cap nhat lién tiép, khi ndo gia tri nay
du nhé thi dung lai.

So sanh gia tri ham C qua p lan thit lién tiép so v6i gai tri 6 cac lan thit trudc,
khi nao gia tri ham C khong tang dang ké thi dimng lai.

So sanh nghiém sau mot vai lan cap nhat (thuong dung trong Mini-batch va
Stochastic Gradient Descent).

5 Backpropagation

Thuat toan gradient descent gitip t6i thiéu héa ham mat mat C ciia network. Dé thuc
hién duge thuat toan gradient descent, trudc hét ta can tinh duge cu thé cac dao ham

. ac o 1ex 2
riéng cua ham mat mat C 1a Em va 2% vi ching cho ta biét chieu thay doi cia ham
° w 7 Z z X .
C khi thay doi mot weight hay bias bat ky nao trong hé thong. Ta sé bat dau véi cac

weight va bias & layer output vi d6 la layer gan nhat.

2 Z . 5 ac . . 2 <
O layer cudi cling, ta thit tinh —— vdéi w,(é) la mot weight cu the nao do. Ap dung

aw,iﬁ)

chain rule, ta co:

oc oc  9at? 9P
- I (1)

6w,(€?) (‘?agL) az]@) ﬁw,({?)

C6 nhiéu cach chon ham mat mat C khac nhau (ham MSE, cross entropy, v.v) nén
dao ham cta C theo aZ(L) sé thay doi tity thuoc vao cach ta chon C; do d6 ta sé ¢b dinh

C. Theo cach xay dung mo6 hinh Neural Network, ta co:
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ackpropagatic
Backpropagation

nén suy ra don gian rang:

(L)
da;” )
aZ(L) g Z] s
J

(L)

D =Y
8wkj

Thé vao phuong trinh (1) ta c6:

oC aoC o (z(L)> -a(L_l).

8w,(€§) B 8a§.L)

Khi da biét cach tinh gradient ctia C theo mot weight bat ky, ta c6 thé tinh duge

gradient ctia C theo cac weight trong vector 'w§-L):

oc  oC o <Z(‘L)).GI(L71).

awéL) B 8(1;” !

Vay gradient ctia C theo ma tran trong so6 & layer cudi cling la:

ocC oc
= .o (2D gL—D
T ™ 500 o (2D) a1,

V6i y tuéng tuong tu, ta dé dang tinh duge:

oC oc
o P (D)
oD aaz(L) o (z )

Dé thuan tién cho viéc viét cong thic, ta dinh nghia sai s6 (error) ¢ neuron nl(-l) la
o .. @ oc oC
e, vlie = —F=—7>"

8zi(l) 8@51)
neuron thuoc layer tht . Khi da c6 mot ham mét mét C cu thé, ta dé dang tinh dugc
ocC L . S 4
W. Viet lai cong thic trén dudi dang ma tran, ta duge cong thite day du:
a
j

l 2 N + 2 . 2 . A 2 2
a’(zl-( )), trong d6 e 1a vector biéu thi cac sai s6 ciia cac

e =v,Cod(z0).

Viét lai 2 cong thiic 6 trén ta co:

% _ gt
g
o~ ¢

Ta da c6 cong thitc tinh gradient ctia C theo cdc weight va bias & layer cudi cung.
Bay gio dé tinh gradient ctia C theo bat ky weight va bias nao trong network, ta sé
can phai tinh ngudc tit layer cudi ciing, dé ciing la ¥ tudng chinh ctia thuat toan
backpropagation.

(

Xét layer [ + 1 ¢6 h node. Dé tinh ngudc eil) tlr cac layer phia sau, ta co:
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Cac van de thuong gap khi huan luyén mang neuron

h (1+1)
o _ oC 2 < 0z ) 0
& =0 ‘ o' (27)
8@51) Z l+1) aagl)

k=
(Z A 0ff)) - 060) = (ol VT (L),
Vay dé tinh duge vector e® ta c6 cong thiic:
e(l) _ ((w(l+1)>Te(l+1)) ® U/(Z(l)).

C6 thé tém tit thuat toan backpropagation theo céc budc co ban nhu sau:

e Buéc 1

Tinh vector sai s6 & layer cudi ciing véi mot ham mat mat C cu thé:
=V.CodzD) (2)
e Buéc 2
Tim vector sai s6 & cac layer con lai bang cach tinh ngudc tit layer cudi cuing:

e® = (whD)Tel+)) @ o' (20) (3)

e Buéc 3

Tim dao ham ctia ham mat mat C theo ting bias trong network:

e Buéc 4
Tinh dao ham ctia C theo ting weight trong network:

ocC _
) al(gl 1)61@ (5)
ow,;

6 Cac van dé thuong gip khi huan luyén mang neu-
ron

6.1 Overfitting
6.1.1 Overfitting

Tuong tu nhu train error, ta dinh nghia test error la do léch gitta két qua thuc té va
két qua dy doén khi xtt Iy mot dit lieu méi, ¢6 cong thiic tinh nhu sau (véi y 1a két
qué thyce té va z 1a két qua duge dy doan béi mo hinh) :

Cw,b,y) = QNZ )2

Trang 12




Cac van de thuong gap khi huan luyén mang neuron

Ta coi mot hé thong hoat dong tot khi gia tri clia cd 2 ham trén déu nhd. Néu train
error thap nhung test error cao, ta n6i mo hinh bi overfitting. Néu train error cao va
test error cao, ta n6i mo hinh bi underfitting. Néu train error cao nhung test error
thap c6 thé do may man hodc tap dit lieu test qua nhd. Tuy nhien, & day ta chi dé cap
dén mot 16i vo cling quan trong 1a overfitting.

Vé co ban, "overfitting” 14 mo hinh tao ra phiic tap qua mic khi tap trung xit 1y chinh
xac nhing dit lieu diing dé “training”. Diéu nay dan dén mo hinh tao ra chi ap dung
duge véi nhitng dit lieu da dua vio ma chua tong quat duge nhimg dit licu khac. Cé
thé dan dén sai sot 16n khi ta sit dung hé théng xit 1y cac dit lisu méi. Diéu nay tuong
tu nhu viec hoc sinh A on tap dé kiém tra v6i 10 bai toan va 16i gidi. A da hoc "vet”
10 bai toan nén hoan thanh rat tot khi gido vién yéu cau giai 1 trong 10 bai toan do,
nhung khong lam dugc v6i bai toan chua biét trudc.

6.1.2 Validation

Dé phat hién overfitting, ta can kiém tra bing cac dit lieu méi roi quan sat bicu do
cia tap huan luyen va tap kiém tra. Ta sé ldy mot phan dit lieu tit tap huan luyen dé
thit do chinh xac ctia he théng (goi la validation data). Bing validation data, ta c6 thé
dy doan dé diéu chinh tham sé v6i mong muén két qua khi xt 1y test data tuong tu
v6i validation data. Véi vi du trén, thay vi dé hoc sinh A hoc 10 bai, ta dé hoc sinh A
hoc 8 bai, con 2 bai hoc sinh A lam dudi sy giam sat xem c6 hiéu bai hay can giang
thém khong, cudi ctiing méi thuc hién bai kiém tra.

Cach lam nay khong chi gitp tan dung dit liéu ma con goi ¥ mot cach giam overfitting
nhanh chéng: ditng huan luyén ngay tai thoi diém phat hien overfitting dia vao quan
sat két qué clia tap huan luyen va tap validation (early stopping).

Tuy nhién, tap validation khién quéa trinh huan luyén phai sit dung it dit lieu hon. Do
do6, thong thuong sé huan luyen 2 lan:

e Lan 1: trudce khi bi overfitting, xac dinh gia tri ham mat mat dat dude hoiic s6
lan cap nhat t6t nhat c6 thé.

e Lan 2: dung ca tap validation titc dung toan bo dit lieu huan luyén dén khi dén
khi s6 1an cap nhat hosic ham mat mat c6 gia tri & bude trén.

Ngoai ra, qua mdi lan thi, ta c6 thé chuyén mot s6 dit lieu tit tap huan luyen sang
tap validation va ngugdc lai (cross-validation). Dicu d6 gitp hé théng duge danh gia
trén nhiéu tap validation va tap huan luyén khac nhau. Do tot clia mo hinh duge tinh
bang trung binh cong cac lan thi.

6.1.3 L2 regularization

Ta da biét overfitting x4y ra khi mo hinh tao ra qua phic tap, khong ap dung duge
tren dit lieu méi. Ta c6 thé diéu chinh dé tao ra mo hinh don gian hon nhung van xt
Iy tuong doi chinh xac dit lieu da c6. Dieu d6 6 thé khién gia tri ham méat mat tang
len mot chit nhung gitip mo hinh tang tinh khai quat véi nhieu dit lieu. Ki thuat nay
goi chung la regularization.
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Cac van de thuong gap khi huan luyén mang neuron

O day ching ta dé cap dén mot trong s6 nhimg ki thuat dude st dung thudng xuyen
1a L2 regularization. Néu w 14 mot vector c6 n thanh phan hay khong gian tham s6
ctia w 13 R”, méi thanh phan ctia w c6 thé tu do thay doi trong khong gian nay. Vi
vay, ta can giéi han n6 dé tranh cac thanh phan ctia w tré nén qua lén, dicu nay ciing
dong thoi gitp han ché do phiic tap ctia mo hinh. Nhung giéi han w c6 thé khién ham
mat mat khong dat duge gia tri tét nhat. T d6 ta sé can bang hai yéu to6 trén bang
mot ham sb sau:

C(w,b) =Cp,,,,. (w,b) + \R(w).

Trong d6 Cp,,,,, (w,b) 1a ham mat mét, R(w) 1a mot ham s6 phu thude vao w sao
cho viéc gidm thiéu ham nay tuong duong véi gisi han khong gian tham sé cia w.
Ngoai ra, sy xuat hién ctia A khién cho vai trdo ctia Cp,,,,, (w, b) va R(w) trd nén bat
doi xing. A thuong 1a mot s6 duong rat nhé dé thé hien viec t6i thiéu ham mat mat
duge wu tien hon R(w). O ki thuat L2 regularization, ta sit dung R(w) = |Jwl|3. Ham
s6 nay c6 vai diém dac biet nhu sau:

. ||w||§ c6 dao ham rat don gian 1a 2w. Do d6 c6 thé dé dang ding phuong phap
theo gradient descent dé cap nhat nghiem:

aC  ICp,,,.
I — rain + )\w
ow ow
e Viéc t6i thidu ||wl|} gitp dwa w tién gan dén 0. Didu nay c6 thé dua he s6 trong
ma tran trong s6 ctia mo hinh nhé hon, dan dén gidm gia tri cac hidden units ,
giup giam overfitting.

Trong qua trinh huan luyén, ta vn chi ¥ quan sat két qua dé sit dung early stopping
va thay doi A cho phit hgp. Ngoai L2 regulaiation, con c6 ki thuat L1 regulaiation 13

viéc ta cho R(w) = |Jw||, = Z |w;], khi d6 ta tdi thiéu w c6 thé cho ra nhiéu thanh
i=0
phan bing 0, thuan 1gi trong tinh toan va luu tri.

6.1.4 Dropout

Ciing nhu L1, L2 regularization, dropout cting 1a mot ki thuat cia regularization. Tuy
nhien dropout khong sita doi ham mat méat, thay vao d6, n6 thay déi chinh cau tric
mang noron. Vé co ban, dropout la viéc mot s6 units bat ki theo mot xac suat p cho
trude bi an di trong mdi bude huan luyen. Diéu nay gitp mdi unit ting kha nang tu
diéu chinh ma khong phu thuoc vio cac unit khac, tit d6 dé gidm sy phiic tap trong
moi lien heé clia cac layer.
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Cac van de thuong gap khi huan luyén mang neuron

Hinh 6.1. M6 hinh Dropout (p = 0.5)

Dropout hoat dong nhu sau:

e Dropout dude ap dung cho méi layer v6i xac suat p cho truée. Madi layer khac
nhau c6 thé ap dung xac suat khac nhau nhung trén mot layer chi c6 mot
dropout.

e O mobi budc trong quéa trinh huan luyén, moi layer chon “ngdu nhién” theo xac
suat p cac units bi an, céc units nay coi nhu gia tri 1a 0.

e Trong qua trinh kiém tra, nhitng units c6 trong s6 noéi dén né da duge 4p dung
dropout thi sé thay déi gia tri w clia trong s6 d6: w := w.p. Thuc ra day la phép
tinh gia tri trung binh clia trong sb trong tat ca cac trusng hop da dung dropout
huan luyen.

Céch lam trén c6 theé coi la ta sé tim nhing mo hinh c¢6 tinh téng quat nhat bing cach
thuc hién v6i nhiéu mang noron khac nhau. Daéi khi, két qua mdi mo hinh c6 thé sai
khéc nhung ta sé lay gia tri trung binh dé giam thiéu diéu nay.

6.2 Vanishing gradient

Ta stt dung mang neuron nhiéu 16p dé ting do chinh xéac clia két qua du doan. Tuy
nhién, khi mang c¢é nhiéu 16p hon can thiét c6 thé gay ra kho khan khi huan luyen,
dac biét la hién tugng vanishing gradient.

Dé hiéu dugc bai toan vanishing gradient, ta sé vi du bing mot ham activation phd

bién 1a sigmoid function = f(x) Ta thay khi cac gia tri inputs qua 16n (am

14e®
hodc duong) thi gia tri gan nhu khong doi, tiic dao ham xap xi 0. Do d6 ¢ méi lan cap
nhat trong qué trinh backpropagation, weights chi thay déi khong dang ké, diéu nay
khién hé théng phai cap nhat rat nhiéu lan. Mit khac, khi stt dung chain rule dé tinh
gradient ctia mot layer dua vao gradients cua cac layer truée do, bude tinh toan cang
ve layer cudi thi gradient sé cang gidm nhanh (do bang tich ctia cac gia tri nho hon 1).

Do d6 ta tim cach thay doi ham activation, ¢ day thay bang ham ReLU:

ReLU(z) = f(z) = max(0, 2).
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Cac van de thuong gap khi huan luyén mang neuron

D6i v6i cac gia tri z > 0, ham nay gitp thyc hién tinh toan dé dang. Tuy nhién, khi
z < 0 taco f(z) = 0, nghia 1a output = 0 va gradient ctia f bang 0. Do d6, néu
learning rate 16n sé c6 nhiéu neural cho ra gia tri 1a 0 khi training, ching tré nén méat
tac dung.

Dé khéic phuc nhudc diém nay, ta ¢ thé sit dung cac bién thé ciia ReLU nhu Leaky ReL U,
RReLU, PReLU,v.v.. Vi du: Leaky ReLU(z) = f(z) = max(az, z), khi d6 a gitp diéu
chinh do dbc ctia ham khi 2z < 0 thay vi bang 0 nhu stt dung ham ReLU.

Hinh 6.2. Haom ReLLU Hinh 6.3. Ham Leaky ReLU (o = 0.3)

Nhiéu truong hop khéc, khi gradient tré nén 16n hon trong qua trinh Backpropagation,
gia tri cap nhat cho weights tré nén qua lén khién chting khé hoi tu, va diéu d6 lam he
thong khong dat dugc két qua mong mudn. Hién tuong nay goi 1a exploding gradient.
Tuy nhién, diéu nay rat dé phat hién va chinh sita khi ta quan sat cidc két qua du
doan.
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Ap dung cia mo hinh

7 Ap dung ctia mé hinh

7.1 Thuc trang

e Kho khian trong viéc cham diém bai thi tu luan ctia nhiéu gido vien khi chit viét
thi sinh qué xau (Vi du la cong tac dich thuat ctia cac thay khi giai thich bai thi
IMO & méi qubc gia cho hoi dong cham diém, khé khin trong viéc cham diém
mon thi van cia hoc sinh).

e Tu licu dang ban cting chua duge tan dung triet dé (t6n khoang trong dung tai
lieu, muon tim kiém tu lieu dang cing rat kho khan).

e Mot vai tu lieu chit viét rat can thiét trong viec diéu tra, du da cat ra duge tu
tu lieu dang ghi hinh nhung van rat kho khai thac triet dé.

e Kho khan trong viéc tra ctiu nhanh mot cum tit bat ngd gap phai trong ngay.

7.2 Huéng gidi quyét - Character recognition:

V6i tai lieu dang hinh anh, ban scan, gidy viét, hay nhitng thong tin chiia vin ban
khéc, viec st dung machine learning dé "hoc” cach nhan dién chit viét sé dé& dang
hon viét mot giai thuat ding cac quy luat dé danh gia. Sau day la chuong trinh ctia
nhém dimng dé nhan dién chit viét tay, sit dung mo hinh neural network véi bo dit lieu
Extended-MNIST.

-
-
Hinh 7.1. D% lieu mau cua EMNIST.

EMNIST bao gom 131800 bitc anh ctia 47 loai chit cai va s6. Mdi biic anh c6 kich
thuée 28 x 28. Ching ta sé dung xay dung mot neural network don gidn gom 4 layers
dya trén cac thu vién machine learning:

D O
E E

e 1 input layer gom 784 neuron tuong ting véi 28 x 28 pixel.
e 2 hidden layer, gom 512 va 256 neuron dé tong quat hoa dit lieu.
e 1 output layer, gom 47 neuron tng véi 47 loai chit cai v s6 can phan loai.

model = Sequential()

model .add(Dense(512, input dim = 784, activation = 'sigmoid"})
model.add(Dense(256, activation = "sigmoid’))
model.add(Dense(47, activation = "softmax"))

Hinh 7.2. Cau tric mang neuron.

Trang 17



Ap dung ctia mo hinh

Mo hinh s& st dung ham mat mat mean squared error (MSE) va t6i wu hoa né bang
thuat todn stochastic gradient descent (SGD) nhu da miéu ta trong bai viét. Trong
truong hgp nay, ta dung learning rate = 3.

optimizer = SGD(1lr = 32.8)

# Compile model
model.compile(optimizer = optimizer , loss = "mean_squared_error”, metrics=["accuracy"])

Hinh 7.3. Nén tding todn hoc ding saw mo hinh.

Chung ta sé train mo hinh véi bo dit liscu EMNIST 50 lan (epoch), véi 512 example
moi minibatch. Ta thu dude két qua nhu sau:

1.0 4 = Training loss
—— validation loss

25 1

210 4

15

10 A

05 4

09 4

0.8 A

0.7 1

06 1

0.5 1

04 4

0.3 -
= Training accuracy
0.2 — Validation accuracy

0 10 20 0 40 50

Hinh 7.4. Do thi ciia Cost function va do chinh zdc ciia mo hinh qua 50 epoch.

Théng ké do chinh xac, mo6 hinh nay dat ~ 0.7880851063829787. Sau day la dit liéu
mau, chit mau dé thé hién mo hinh da nhan dién sai:
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Hinh 7.5. Vi du cdc lan nhan dién cia mo hinh.
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