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BAN TOM TAT

Mang Neuron nhin tao cé ciu triic gom nhiéu neuron nim trong cac 16p khac nhau. T1n hleu
60 16p vao va 16p ra lién hé véi nhau qua cac neuron trung gian nam trén mot hay mot s6 16p 4n
théng qua ma tréin trong sé mang. Qua trinh huén luyén mang, hay con g01 la qua trinh hgc cua
mang trong hoc giam sat bao ham viéc diéu chinh, cip nhat ma tran trong s6 sao cho ng voi tap
tin hiéu vao xac dinh, tin hiu ra cia mang tiém cin t6i gia tri mong muon. Mot trong nhirng van
dé can quan tim trong huin luyén mang, dic biét trong huén luyén trwe tuyén l1a toc do hoi tu
ciia qua trinh huén luyén. Trong nghién ctru nay, ching téi xdy dung mot thuit toan méi (TT*)
dwgc xay dung trén co s¢ phuong phap Conjugate Gradlent theo dd, budc dich chuyén tai moi
vong lap trong [1],12], [3] duoc diéu chinh béi mot hé ) hiéu chinh nhim dua budc dich chuyen
trong so tién gin hon diém cuc tleu theo huéong dlch chuyén cén t6i wu di xac dinh. Két qua thi
nghiém kiém chung cho thay néu ma trin trong s0 ciia mang khong lé6m, st dung thuit toan
TT* c6 tbc dd hdi tu cao hon thuét toan [1],[2],[3].

ABSTRACT

Feed forward neural networks are composed in which the input layer of neurons is connected
to the output layer through one or more hidden layers of intermediate neurons. The training
process of neural networks involves adjusting the weights till a desired input, output relationship
is obtained. The paper presents our research on application of the Conjugate Gradient method
so that, we found out the algorithm to be as fit as possible to reach the minimized point at each
iteration of neural network training. A coefficient to adjust the step of training to be used.
Simulation results showed that new algorithm could reach the global optimal point faster then
the algorithm of [1],]2],[3] if the H matrix is not too large.

I. PAT VAN PE rong rii trong rat nhiéu linh vuc khac nhau.
Trong nhan dang va diéu khién, dic biét trong

Mang Neuron nhan tao (ANN) cho phep linh vyc k¥ thuat robot, robot ty hanh, ANN da
chung ta thiét ké cac hé théng phi tuyén voi métsé6  duogc tmg dung dé phat trién mot hinh thie diéu
luong 16n cac tin hiéu vao-ra. ANN hoan toan  khién méi duoc goi 1a didu khién tmg xir
thich hop véi cac (mg dung trong moi truong dong  (behavioural control) hodc umg xir phan Ung
bang cach tu thay d6i thich nghi cdu truc hodc  (reaction behaviour) [11], trong do, mot tac vu
thong s6 ciia mang [1] thich tung véi sy thay ddi  phuc tap s& duoc gidi quyét bang cach két hop
cua moi truong. Vi vay, ANN da dugc ing dung  mot cach thoa dang cac ing xt co ban cung
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mét lac hodc tudn tu theo thoi gian. Co s& dé két
hop 1a tri thirc mang, dugc hinh thanh, tich luy va
duy tri trong qua trinh hoc, hudn luyén va ung
dung mang.

Huén luyén ANN dé thyc hién mot Gmg dung
cu thé 1a diéu chinh, xac 1ap cac gia tri trong sO
lién két - con dugc goi 1a bd trong sd két ndi cua
mang (trong bai bao nay ky hi¢u 1a W) - gifra cac
neuron trong mang va cia cac bias. Trong hoc
gidm sat, cac cdp tin hiéu vao ra dwugc ding dé
huin luyén mang sao cho tin hi€u ra cua mang
tiém can toi tin hiéu ra mong mudn cta hé théng
(Hinh 1).

Sai sd du béo la sai 1éch gitia tin hi€u ra mong
mudn va tin hiéu ra cia mang;:

e(i,W) = y(1) - y(t.W) (1

B§ trong s0 cia mang nhan dugc sau huan
luyén chinh 14 ma trdn W lam toi thiéu tiéu chuan
udce luong:

EW)= %ZP:Z(e(i,W) > min ©)

i=1

trong do, P 14 s mAu dit liéu hudn luyén.
I()) la chuan xac dinh dwong, ¢ nghién ctru nay st
dung chuan binh phuong L,.

/ y
Mang Neuron -

(Trong sb két |——
noi W)

/ Diéu chinh trong sb ‘

Hinh 1. So d@6 hudn luyén ANN trong hoc gidm
sat. Tin hiéu ra cia mang ¥, tin hiéu ra mong

muon cua doi twong y, tin hi¢u vao cia mang P.

Trong linh vyc diéu khién robot ty hanh, cac
thong s6 mdi trudng hodc ching ta khong thé xac
dinh hét vi co rat nhiéu cac tinh hubng c6 thé xay
ra; hodc dugc xac dinh trudc nhung gia tri cla

chung ludn thay dbi theo thoi gian. Trong
nhitng truong hop nay, hudn luyén mang tryc
tuyén (Online) duoc dit ra, va do d6 van dé toc
do6 huin luyén mang phai dugc dugc dat lén
hang dau.

Hién c6 nhidu thuét toan vé& huin luyén
ANN phat trién trén co sé cuc tiéu hoa khai
trién Taylor ham sai 1éch tin hiéu ra (2), c6 thé
phan Iam ba nhém chinh: nhém cac phuong
phép Gradient Descent, nhom cac phuong phap
Conjugate Gradient va nhom cac phuong phap
Newton.

Trong bai bao nay, ching téi xdy dung
thuat toan mai vé huin luyén mang dya vao
phuong phap Conjugate Gradient, trong do
muc tiéu dat ra 13 cai thién toc do hoi tu cla
qua trinh huén luyén ANN. Bo cuc cua bai Vlet
gom ndm phan. Phan I, dit vin dé, néu tom tat
vé huéng nghién ctru. Phan II néu ndi dung
phuong phap Conjugate Gradient va mot so
nghién ctru dién hinh. Phan III 1a phan chinh
cua bai bdo, trinh bay co s& toan hoc cua van
dé duogc dé cap va mot thuét toan maoi vé huén
luyén ANN dugc xay dung trén co sd toan hoc
néu trén. Phan IV, thi nghiém kiém chimg.
Trong phan nay ching toi xdy dyng mang
neuron 5-5-1, st dung ham truyén Logsig(n)-
Purelin(n). Viét cac chuong trinh huin luyén
mang neuron trén co s¢ thudt toan méi (TT*)
va thuét toan trong [1], [2], [3] (goi tat 1a thuat
toan [1]) bang Matlab 7.1 dé chay mé phong,
so sanh va kiém ching. Phén V, két luan.

Il. PHUONG PHAP
GRADIENT

CONJUGATE

Trong muyc nay, trinh bay vé ndi dung cua
phuong phap Conjugate Gradient da dugc néu
1én trong [1], [2], dong thoi dé cu thé hoa nodi
dung, ching t6i néu 1&én mot thuat toan
Conjugate Gradient [3] dugc Gng dung trong
tinh todn ctia Matlab 7.1.

Ham sai s6 (2) theo chuén L2:

E,,(W):%Z(ef +e’ +..+e,’) (3)



Khai trién Taylor ham (3)
EW)~EW,)+VE" |,_, W-W,)+

+%(W—Wn)TV2EIWW” w-w) @

- Buée dich chuyén tbi wu: Gia sir hudng dich
chuyén dugc chon tai budc lap tha » 1a p, voi
budc dich chuyén 1a tdi wu a,, nhu vay diém
trong s6 thu n+1 sé la:

Wl’l+1 = Wn+ an .pn (5)
[1] da chirmg minh:

0 .
——E(W) |y =0, va (6)
oa,
ngH-pn 207 le gn+l = VE |W:W,,+1 (7)

va budc t6i vu duoc xac dinh [2],[3]:

.
o —_ 9P ®

=
C o PAR,
trong d6, g, =VE|,_, va A=V’E b,

- Huéng dich chuyén p,: Hudng dich chuyén
tai budc n [1], [2], [3]:

pn+l = _gn+l + n+l 'pn (9)
C6 mot sé ham lién két khac nhau:

Fletcher-Reeves (10), Polak-Ribiere (11) va
Powell-BealeResatarts (12).

T
ﬂ _ gn+1 ‘thH
n

+1 T T (10)
gn ‘gn
T
gn+ ‘(gn+ _gn)
ﬁn+1 = : T : (11)
gn ‘gn
T
n+ ( nel n)
ﬂnﬂ — g 1 g 1 g (12)

pnT'(gnH _gn)

Co sé 1y thuyét trinh duoc bay trén c6 thé thuat
toan hoa nhu sau [3]:

- Budc 1: Cho diém xuét phat W, hudng
dich chuyén dau tién 1a hudng am (-) cia
gradient tai Wy, po= -go

- Budc 2: Chon hé s6 hoc tbi uu:

o VEW) ., P,
" p: 'VZE(W)LI\/:Wn 'pn
g, P,

=
Py AP,
- Budc 3: Chon hudng dich chuyén tiép theo

(13)

o, =—

n

pn+1 = _gn+1 + ﬂnJrl'pn
- Budc 4: Diém trong s6 méi

Wn+l = Wn + C(n -Pn
Néu thuét toan chua hoi tu, quay lai budc 2.
III. THUAT TOAN MOI
1. Co sé toan hgc cia thuat toan
1.1 B6 a&

Pé trinh bay ro cac phan sau, tac gia bai
bao xin phat biéu va chimg minh b6 dé sau:
Phat bi€u: Néu ham nhicu bién F(X) bat ky co
ham khai trién Taylor dang dung va gan ding
t&1 dao ham bac hai tai cac diém lan can cua X,
nhu sau:

- Dang dung:

F.(X)= F(X0)+VET ‘X:XU (X -X,)+

1
E(X—XO)TV2F|X=X0 (X-X,)+R, (14)

- Dang gan dtng:
F(X):F(Xo)+VET |X:X0 (X -X))+

1
5(X—XO)TVZF |y, (X —=X) (15)

trong do,



R, :%(x X, )" V[(X=X,)  VE(E).
(X =Xy)]

va & 1a mot diém nam trong khoang X va X,
thi cac diém cyc tri cua hai ham F(X) va F.(X)
khéng trung nhau.
Chirng minh: Tt (15) ta cé:
VF = VIVE (X, )(X - X, )]+
1
SV = XY VEX,)(X = X,)
= VF |X=X0 +V2F|X=X0 -(X_Xo)

o day:

T
X'= [x1 X0 x5 X =[Xg; XgpeXoi ]

VF" (X,) = [0F/0x,, OF/0X ..., OF/3x, Jlx_y,

[ *F PF O'F
ox;  Ox,0x, - Ox,0x,
o°F  O°F O’F
VF |X:X0: 0x,0x, ﬁ_xzz 0x,0x,
o°F  O°F O’F
| Ox,0x,  Ox,0x, ox; Jxex,

Dé F(X) dat cuec tri tai X ta phai c6 VF =0

S VF |y +V2F |y (X =X)=0

S X=X, ~(V’Fly_y) 'VF |y, ~ (16)
X 1a diém cuc tri cua F(X) trong (15)
Tuong tu:

VE, =V[VE" (X, )(X = X)I+

SVICK =X,V (X, )X = XV,

= VF |,y +V?F [y, (X = X,)+ VR,

(17)
Thay X tir (16) vao (17) ta co:

VFE, =VF |X:X0 +

sz |X=X0 -(_V2F |X=X0 )71VF |X=X0 ) + VRz
=VR, | #0

X=X, *(VZF\X:XO )7] VF‘X:X(]

nghia 1a diém cyc tri X ¢ (16) cta phuong trinh
(15) khong phai la diém cuyc tri cua ham F,(X)
0 (14): diéu phai chiing minh.

1.2 Nhan xét

Trong thudt toan Conjugate Gradient cua
[1],[2],[3] da trinh bay & myc II ching ta thiy
rang: Bude dich chuyén a,6 (13) 1a nghiém
ctia phuong trinh (6), trong d6 E(W) 1a ham gan
dung toi dao ham béc 2 cua khai trién Taylor
ham sai s& gbc E(W) & (3). Vi vdy, néu theo
budc «, trén hudng p, ching ta chi méi nhén
duogc gia tri cuc tiéu cua ham gan dung E(W).
Mit khéac, dya vao b6 dé 1.1 ta thiy diém cuc
tri ham khai trién £(%) khong phai 1a diém cuc
tri cia ham gbc E.(W), nghia 1a a, tinh theo
[1],[2],[3] chua phai 1a budc t6i wu, theo d6
ching ta nhan duoc cuc tiéu ctia ham sai s6 géc
E,(W) & (3). Thyc té, budc dich chuyén téi wu:

anop = an + Aan (18)

trong d6 Ac, 1a sb gia va a,,=0a,+tAaq,
phéi duogc xéc dinh tr ham géc E.(W) hoac tir
ham khai trién dang (14) cia gia tri sai léch.

Su sai 1€ch cua budce dich chuyén la yéu to
lam cham toc d6 hdi tu cia thuat toan [1], [2],
[3]. Trong bai bao nay chung t6i trinh bay
phuong phép gan ding xac dinh Aa, lam co
s dé xay dung thudt toan mai co tbc do hoi tu
cao hon.

1.3 X4c dinh Ag,

Gia sir ham sai s6 d3 xac dinh & W,, ¢6 gn, P,
chung ta can tim diém cuc tri Wy theo hudng
Pn- Qué trinh phai thyc hién theo hai budc:

- Tt W, xac dinh diém W,* bang cach dich
chuyén theo hudng p,, budc dich chuyén a,



_ 0,
" P AR,

- Tiép tuc dich chuyén theo huéng p, ,budc dich
chuyén Aa, duge xéac dinh tir (19).

aA— EW )|W W hayp, (19)
T *
ngy = E) by P gl
! pnTVZE(W) ‘W:W: ‘pn pnT‘An 'pn
(20)

1a s6 gia ctia bude dich chuyén theo hudng p,, theo
do ching ta tiém cén gan hon t6i diém cuc trj cua
ham goc E,(W) theo hirong p,.

Nhu vay, budc dich chuyen tdi wu tai W, la:

a,wpzanJrAan
_ &P &P,

T a B 21
gnAnpn pn ‘An'pn

Tt d6, ching ta c6 thuat toan xac dinh trong sb
nhu sau:

2. Thuét toan TT*

-Budc1: o
Cho diém xuat phat Wy, huéng dich chuyén dau
tién la hudng am (-) cua gradient tai W,

Po= -8o

- Buoec 2:
Tai diém W, tinh g,, A

n?

A,. Xac dinh huong
dich chuyén p,:

pn = _gn +ﬂn‘pn—1

- Budc 3: i
Xac dinh budc dich chuyén:
VE(W)T |W=Wu 'p” _ gnT'pn

an = — = —
p, VEW) ly—w, -Dn p, Ap,

Cuc tiéu hoa theo hudéng p, nhim xac dinh
dieém trung gian W*,

W*n = Wn + an Pn

- Budc 4:
Tai diém W*,, tinh g*, A*
gia A, clia bude dich chuyén:

». Xac dinh so

A _ VE(W)T |W:M/r: 'p” - _ g:T‘pn

a,=— *
! pnTsz(W) | pnT'An 'pn

w=w, P

Cuc tiéu hoa theo hudng p, nham xac dinh
diém Wn+1

Wn+l = W*n + Aan Pn

Néu thuat toan chua hoi tu, quay lai budc 2.

IV. THI NHIEM KIEM CHUNG

Trong phan nay, ching t6i sir dung hai thuét
toan TT* va [1] dé huén luyén mang mang 5-
5-1 ANN (hinh 3) nhan dang vector dac trung
ctia anh theo ham sai sd ty twong quan (hinh
2): mot van dé da duogc nghién cuu trong nhin
dang anh [12], lién quan mat thiét véi linh vuc
k¥ thuét robot.

Trong thi nghiém, vector dic trung ctia anh
va bdn vector vclj nhu sau:

v={1,2,1,0,1};
vell={1,1,2,1,0};
vel2={0,1,1,2,1};
vel3={1,0,1,1,2};
vel4={2,1,0,1,1}

Khao sat ham sai s6 cia mang E(w) tng véi
tt ca cac mau huén luyén va tin hi€u ra cua
mang Ung vVvOi tung méu huan luyén
(v,vell,2,3,4-tclj), j=0,1,...

Két qua cho thay toc do h01 tu (gia tri trung
binh cta sé vong lip) theo TT* nhanh hon
[1], déng thoi tin hi€u ra cia mang theo TT*
6n dinh hon theo [1]. (tir hinh 4 dén hinh 9)
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Hinh 3. Mang 5-5-1 sit dung trong thi nghiém kiém chitng

e,
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H Thuat toan TT, Emin=0.001, So vong lap = 26
- u
Thuat toan [1], Emin=0.001, So vong lap = 15

GIATRI SAI LEGH E(W

o] = 10 15 20 25 a0
S0 VONG LAP

Hinh 4. Tin hiéu ra cua mang, ham sai léch
1 5
E(W)=§ZAef ung voi 2 thudt toan
J=1

TIM HIEU RA CUA AMNM. voll = SHIFT v QUA PHAI 1 bit

tell )

— — tiw)=2:tin hieu nhan dang vector wcll

= Tin hieu dap ung theo Thuat toan TT

= Tin hieu dap ung theo Thuat toan [1]

i i i
o 5 10 15 20 25 30 5
So vong lap k

Hinh 6. Tin hiéu ra cua mang, fzdm sai léch
tcll(W) theo 2 thudt toan. Mdau huan luyén
vao-ra P;={v,vcll,2,3,4-tcl1=2}

TIM HIEU RA CLUA ANMN. vcl3 = SHIFT v QUL PHAI S bit.

1el3(M)
i

— — t(w}=2.4495:tin hieu nhan dang vector vel3

+  Tin hieu dap ung theo Thuat toan TT*

*+  Tin hieu dap ung theo Thuat toan [1]

a a 10 15 20 25 30 3
Sowvong lap k

Hinh 8. Tin hiéu ra cua mang, hdm’sai léch
tv(W) theo 2 thudt toan. Mdu huan luyén
vao-ra P;={v,vcll,2,3,4-tcl3=2.4495}

TIN HIEU RA CUA AMML. v wvector dac trung cua anh
2 T T T T

————— tviw)=0:tin hieu nhan dang vector v

- Tin higu dap ung theo Thuat toan TT

0 Tin hieu dap ung theo Thuat toan [1]

1
o & 10 15 20 25 30
Sowvong lap k

Hinh 5. Tin hiéu ra cua mang, hgim sai
léch tv(W) theo 2 thudt toan. Mau huan
luyén vao-ra Py={v,vcll,2,3,4-tcl0=0}

TIM HIEU RA CUA ANM. vel2 = SHIFT v QUA PHAI 2 hit
T

tol2()

— — t{w)=2.4495:tin higu nhan dang vector vcl2

of------1t}- Loooe- *  Tin hieu dap ung theo Thuat toan TT* --—

*  Tin hieu dap ung theo Thuat toan [1]

1
o 5 10 15 20 25 30
So vong lap k

Hinh 7. Tin hiéu ra cua mang, 7hdm sai lech
tcl2(W) theo 2 thudt toan. Mdau huan luyén
vao-ra P;={v,vcll, 2, 3,4-tcl2=2.4495}

TiM HIEU RA CUA AMMN. wcld = SHIFT v QUA PHAL 4 hit.

T T
— — t{w}=2:tin hieu nhan dang vector vcld

= Tin hieu dap ung theo Thuat toan TT ||

«  Tin hieu dap ung theo Thuat toan [1] |

el

So vong lap k

Hinh 9. Tin hiéu ra cua mang, ham sai léch
tv(W) theo 2 thudt toan. Mdu huan luyén
vao-ra P,={v,vcll,2,3,4-tcl4=2}



V.KET LUAN

Trong nghién ctru nay, ching t61 da xay dung
mot thudt toan méi (TT*) vé huan luyén ANN c6
s6 vong lip trung binh nhé hon thudt toan
Conjugate Gradient trong [1],[2],[3]. Piéu nay c6
y nghia trong viéc huén luyén mang neuron tryc
tuyén Online trong nhiéu tmg dung vé nhan dang
va diéu khién trong méi truong dong.

Vé mit toan hoc ching ta thay tinh chit ché
ctia thuat toan TT* thé hién ¢ thanh phan, y nghia
va vai tro cua A, trong thuat téan:

L. VE I by s g,
! pnTsz(W) |W:W: 'pn pnT'A:'pn

- Néu ¢, 1a buéc toi wu: khi d6 W,* 1a diém
cuc tri cua Er(W) (hinh 2) va do d6 tur (6), (7) (da
dugc chimg minh trong [1],[2]) suy ra g.".p, =0,
nghiala Ae,=0vae,,, =«,.

- Néu a, khong phai 1a bude t6i vu: Ly luan
tuong tu nhu trén, suy ra A, #0 va do do
a,,, =a,+Aa,la budc t6i vu hudng quéa trinh
khao sét toi tiém can v6i diém cuyc tri theo hudng
Pn O vong lap thir n. ’

Thyc té, trong huan luyén mang 1-5-1
(A=16x16) va 5-5-1 (A=36x36) ching t61 nhin
thay nhitng vong lap dau tién thuong Aa, #0.
Su tham gia cia A, di lam tang tbc do hoi tu
cua thuat tgﬁan; )

Xét vé s6 vong lap trung binh trong huan
luyén mang, TT* c6 gia tri nho hon dang ké so
voi [1] tuy nhién xét vé thoi gian huan luyén, stir
dung thuat toan TT* chi nhanh hon [1] khi mang
c6 ma trén trong sO khong 16n. Néu mang c6 ma
tran trong so 16n, TT* khong nhanh hon [1] mac
du s6 vong ldp it hon. DPay la van dé dat ra cho
nghién ctru ti€p theo cia ching t6i nham ting
pham vi tng dung cua TT*.
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