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ABSTRACT

This thesis improves the training algorithm for Convolutional Neural Network by
using self-adaptive learning rate. Tuning for appropriate the value of learning rate usually
requires human intervention. In this work, the learning rate can be adaptive based on
Taylor’s formula. This formula has the relationship among the root mean square errors
changed, connection template, weights and biases changes. The proposed self-adaptive
learning rate is calculated from the root mean square error and the error curve surface
gradient. From the experimental results, this proposed system can reach the
convergence with smaller number of training iterations than the traditional algorithm

with a constant learning rate.
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WHSNTYUIN N X M Guaqsqméffgl,asuﬁ%ﬁﬂﬂ%’auﬁumwﬁéﬁwﬁwﬁ'm W omWadns uag Kxy) Wiy
INARATWIA N X M WAz (XY) Buum N x M n1saeuligdussninanumaniunimaniisauanlana

aunseelul
I'(X,Y) = KD X T2 KG) - IX =i, Y =) (2.1)
0XY) =f(I'X,Y)) (2.2)
f(x) = max(0,x) (2.3)

g I'(XY) AN MHaNSIINNITARULIgTY

f(x) AoHeNTU Relu
0(X,Y) Ao ludINTaINTIARUlIg Y
mn AB YUINVDILNIULNES

2.2.3 Pooling layer
Max pooling layer Tudautlazidun1smuunuunn Matrix 209 Max pooling F9ti 1189 Max
pooling 9ziun1susuAnnlaannisAiadudgIu Convolution Ferunnfigaazduednsvea
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M T AT Max pooling fiawauniunisguinmnaufiaziinisunds usdeslunismg i
Ameufiasdn

—lwlu]—

2
7
1
3

NN
= oo )&~

g‘d‘f/‘i 2.3 1N5%11 Max pooling w19 (2X2)

Average pooling layer Afimsyhaunaneiu Max pooling layer usluguilazfunsmeanaae

1 1 2 4

5 & T 8 3.25 5.25
5 2 1 i} 2 2

1 2 3 4

31]17; 2.4 M3vinAverage pooling Y19 (2X2)

2.2.4 Fully connected

Fully connected ludnuiiiu3suieiiou Forward TumsBenlulasiadns neural network @ agios
SviuATLInUed Hidden layer 315iATMUA wagimiun output layer ’i’wﬁﬁimummiuﬁmﬁdﬁuaﬂ%aﬂa
Wungu musuae el

Se 4
= \\\ [+ % \.

N\ < o<
\e) Iy N ~4
\ X X A7 - N

\/\kX N\

K 0 pn Ops

gﬂ‘ﬁ 2.5 1As9a319Fully connected



Opk = f(le_l Wkj Xj + bk) (25)

Tnofi

0, 0pk  AB ANIANAYRIlLATRULTULAL LA ANAM U

XX  AD SunmestudousunarInuaeinanus iy

b, by Ao Aludavesvundousulaslnunodnnna1Au

Wji, Wi A© ﬂ'ﬁﬁﬂwﬁﬂizwdﬂﬂwuw@uwmﬁu‘lwum%@uﬁuLLazIwum%auﬁfuﬁ’uLmﬁwm
ALEAY

0, 0pk 7D VUAVRANUABUNA FOULTU AT IRNAANAGU

2.2.5 ANUAANAINYBINITITEUS

nyindsEavBnmussdanefiuar famneuiawainszminae fnanlaideuiua
WmneBsandlndmudivinlsAdediuszansam

mMamAvesaNRamanndiiensinn 1 Tvua aunsomileann

Tunsalfivednsiiug 1 upldeenutsenin dnasnunsaliliesnavaislyun T3z
nssANUEanamynnuaiimsiuluaunsn2.7 wdislinnumsnvauiunsainday

Rematpdanduuinnne vsedumaunndl aglaegrmtarintu uid131finamianans
AuInkaraurauiuliausaldidnisilunsinanudanaials

Be= Ni=1(t; =y1) (2.7

ANURANAIANASEBIYRITBY AT MNA L Tnua wngauiudeyaniauianaia
UINAUNANR WIS VUALAG

Ep = %2]i=1(t1 —y1)? (2.8)

ANUHANAINMAIARIYDIYATBYLANINUA P Yataya drusutayamiog1anavun Ay
HAnaInfasdeauIsanIiunlaaal



_ _1gp L 2
E=3%b_1Ep=%b-1 X1ty — yp1) (2.9)
ANMURANAINAAIEDURY @1uTarIrualaeall
_15p _ 1P L 2
= EZP=1 E, = EZP=1 ZL=1(tpl - Ypl) (2.10)

e Ep, E uag Ey, Ag mmﬁmwmm‘hmuﬁama 1 99 ANURANAIAYNTBUALAY A URANEA
Laaam:ummu tpl WaY Ypi ﬂa mm’m‘wm‘mmaamma‘vﬂWmewmmﬂmsmmmaa 1 Tviuslut

L@'W]WGW] G]iﬂﬂUﬁUE]QJaG]’JE]EJ’NVI Pth Gl

2.2.6 NITUIUNTAMUNANAIAVINNITUNINGU

Kernal A Out -8 scale outpu] Out
x5, | axg [P axa 2x2

er;p;tSK Kemal e Out > 0 scale Loutput! Out
y 5x5 gxg [P axa 22

2

°

Kernal Out . scale Out conv
rafun— pooling: out;
5x5 24x24 2x2 12x12

conv.

Kernal Out - scale Out @
[Fu pooling: outpur %

Conv

5x5 24x24 2x2 12x12
conv.
Kernal e Out — scale il Out
5x5 sxg [P axa [P 20

SUN 2.6 NTEUIUNITUNINEY

danasiiunisseuiunsnauiuuuin batch Fadane3fiuiliunaingnsvesdane3iuceui
LNINAULUUNINTFIULARANFAIT LRSI TUuNITEMaNAIIMTN TunI5oWANT B98N B3 TIUWNS
NFUNIATFIUARILANTUNITUARINAMINTRL ARz YA WAdIMTY batch Agdwantniin

waNY LN ITUILANSIESIATUNTaYa
1. dmsuaiwidn wy wagludd by nmsiasuudasmlaniuil

JE 9E
Awyi = —nzo- = Yp=1(-—m m) =Y p=1 ApwWii =N Xp_1 8,10p1 (2.11)
E
Ab1=—ﬂa—bl=2 -1(— T] ) =Y pa1Apby =M X0 8 2.12)
(2.13)

6pl = (tpl - ypl)ypl(]‘ - ypl)
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o wy fe A mdnideuseszuing nun 1, 1u%y’ul,mﬁwmt,az Tvun iy, Tudugeudy
by Ae ludavasdinun 1y, Tutuiendnanfe sasmaideus i Ao miueunsuvednualutu deu
Bui=12,..., MM fe nasiveslnusdudousy Apﬁ@mim?iaut,maﬁagaﬁ Pen, Op1 AE
ﬁiyq;mmmﬁmwmmaﬂmm’tu%’jumeﬁwm Opi ABANDIANATYDILUA iy, Tusugeudu finseiu
Sou puy

2. dwdudmin wy wagluda b, mswasuulasanlgnud

JE 0E
Awi]- =-1 6711 = Zg:l(_n ﬁ”) = Zg:l prij =1 Zg:l Spiopj (2. 14)
Ab; = _n ob; = Zp 16 n ) Z 1Apbi =T]Zg=1 8pi (2.15)
8pi = Opi(1 = 0pi) Xt i) (2.16)

o wy e dhanidendessnindvun iy, Tutugoudunasinue jg, Iu%uﬁuwm b A®
ludavadinun ig, Tududoudy Op; fie ﬂ"]Lmﬁwmﬁuaﬂwuwﬁzu@uwmﬁmaﬁu%’ayja Pen, Sp1 D
fuananuRanaslulndudeudy

3. dwsudmih ky; wazludd b, ﬂﬂsLﬂﬁauLLﬂaaﬁwﬁaq"lu%u Convolution 2%iin13
Faaustl

OE OE
Akjj = -1 A Yool _akij) = 3Po1 Apki = Xpo; conv(Sy0p) (2,17
OE oE
Ab; = N3 = Yp=1(=n 6_bi) =Y par Apby =M X018 (2.18)

Spi = Opi(1 9 Opi) ZIL=1 ConV(WIiSpl) (2.19)

daneiiy Batch ldlamauianainidsaesiudoyaiiieayaiied wamugiunism
mmﬁmwmmﬁwé’qaaaﬁuaﬁagaﬁgwm

2.2.7 msuszanauAienduiledsvesaunsumdiaas (Taylor series Method)

WWmelas Lﬂuwwumﬂwiummﬁﬂumnmiﬂa6]ﬂmfﬂimwuwmwﬂmuuau
Badnaniifesussinaniulndtugeiinsiuaaginlfeiivsssnausiu duuidaiidesnis
Uszanniegsheaingadenan Agrliarueaiaindeuresnisussananiuguldunn
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2.2.8 MsUszaUAIENNT 1 AduUs
Meglusuilandulusuf(x)Banaunsalseanamaiilndifiss vseseus dmiudiees,
n1sUssanaumlesntumenguindiaas 1 fawls

f(x) ~ f(a) + f'(a)(x — a) (2.20)

AUNSLEAUATITILEAIMENITINEUNRY ARnnnsUTEINMAT f(X) Nnansniens walien
190 x = a Henseuinanudavesilandunya a

fla) +"(a)(x—a)

N

1 X

U 2.7 nswliegwwesnsiaes

NsUsENANAINTNARIENUla N dA1uAgRReINTANTIiU FasnausaUsERnne
Hanguliilaglalagnmsiinaisiu Tunisuseanaesnnty Wunsuszanalugy s1aun 2 de
AUNTT

f(x) ~ f(a) + £/ (@) (x — a) +>f "(a) (x — a)? (2.21)

vsemsuszanuar luilsidumeugedaguannis

f(x) ~ f(a) + '@ (x — a) + > f @) (x —a)? + 2 f (@) (x — )+ (2.22)

2.2.9 MIUSTUIUANEUNITUAYAIMYS
sULuvaNnsIlUYes ndiaesniivaneiiulsanunsadeulanaunis

fx) = flxg,xz, -+, x,) (2.23)

nauns 1 duwdsiiahunldiunatedinys fimsdnguiuumsannanduiuuiamsn 39
Weuluaunislv

f(x) ~ f(a) + Df(a)(x — a) + 7 (x — x) THf(a) (x — a) (2.24)
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Magen1susvanualndumenguimeans Tududu 2 Tusumus (0,0) wag A

(1,2)
fxy) = "0

Uszanauaunsieglngan (a , b)

f(x,y) ~ fa,b) + Dia b) [ — pl+3[ 2| Htca, b) [

AwnlugUeniuseey

S (y) = —2ye 0t
L% y) = (=2 + 4x2)e" B2y

6x2

0%f T
SRR 2 N YR

= = -(x*+y?)
axay( Xy) = ayax ~(x,y) = 4xye

A15UITUIA b UALLYLS 0,0
£(0,0) = e~ (0*+09 = 1
Z(0,0) = =2(0)e"+ = 0
;’—i (0,0) = —2(0)e©*+0%) = @
T1(0,0) = (=2 + 402)e"@*+0) = —3

%40,0) = ( 2 +402) ~(0%40%) = 7

6y2
( 0) = (0 0) =

(2.9)

(2.26)

(2.27)

(2.28)

(2.29)

(2.30)

(2.32)

(2.33)

(2.34)

(2.35)

(2.36)
(2.37)



X —
f(x,y) ~ £(0,0) + DFf(0,0) [y - ] [ ] HF(0, 0)[ 0] ~1+1[00] [y] +
X177 =2 07X
E[y] [ 0 _2] [y]
~1—x%—y?
AsUSELUATIUALALS 1,2
f(1,2) = e~(1*+2%) = ¢=5
Z(1,2) = =2(D)e W+ = —2¢75
OL12) = =2 26 2+2) = L fors
2(1,2) = =2(Q)e- ) = ~4e
g—(1 2) = (=2 + 4(1%))e~@+1%) = 2¢-5

—{ (1,2) = (=2 + 4(22))e”@*+2") = 1475

9 2 s _ ggs
0x dy (1'2) T ayox (1’2) gL

2e75 8e—5”X—1

~1
f(x,y) ~ e > +[-2e75 — 4e77] [ l [X [
() = y—2 8e=5 14e-5|ly—1

~eP(1-2x—-1)—-4F=-2)+ =12 +8x—-1)(y=2)+7(y —2)2
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(2.38)

(2.39)

(2.40)

(2.41)

(2.42)

(2.43)

(2.44)

(2.45)

(2.46)

(2.47)
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3.1 N1NNaR3UaLAaYA MNIST
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12345 10,20 Tneillassasdlunisnnans lumsed 3.1
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Parameters

Values

Data training

60,000 imasges

Data testing

10,000 images

Output label 10 labels
Convolution layer 1 Output maps 6 maps
Convolution layer 1 kernel size S5R\J
Convolution layer 2 12 maps
Convolution layer 2 kernel size 5x5

batch size

500 images
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Learning Rate = 0.9
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sU 3.20 niSeuiiguAANEana1n Tun1siSeusuaznagey

M131991 3.2 Wiguiguanuiianaaileilsud1snsinsseus legldveyaMNIST

24

NTING AMURANAINTUNT anitld i) AMURANAINTUNT
EEH BEH NAgBY
0.01 0.450 28.828 0.887
0.1 0.450 27.78 0.884
0.2 0.431 26.3 0.638
0.3 0.244 26.1 0.234
0.4 0.178 27.79 0.167
0.5 0.152 26.11 0.149
0.6 0.137 29.43 0.136
0.7 0.126 27.58 0.125
0.8 0.119 27.53 0.118
0.9 0.114 30.58 0.113
1 0.110 28.15 0.110
2 0.093 28 0.092
3 0.099 29.17 0.102
4 0.493 27.18 0.901
5 0.5 27.18 0.911
10 0.5 27.18 0.911
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NNIUT 321 way 3edt 3 28 edRnsSeusiiadesunng lumsmeasdldimuau
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anmsmanaasaunsaaguld 2 Ussiaude
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anunsasliaeindnsnisieusalandmalinnuiinnaintesiign ssluussinunieidedaled

Y
=

NYIWIUNIITNILUTLUIUAIA1NTINTTIUFIANITALRBNAIBATINTTEUSNATNGA Ta9y
asungludesioly
2. A1BRTIN1sREUiNdmaliauianananaslagteLlugwals 0.3 Ui 3 Wiy

3.2 MMAaatayayn CIFAR-10
TumsvieaesastmupABrTmIteus flesaddumemnaostussimaeaostasdugiuuy

#e o ileruvmlasseidleiusnzasiulassedvloya CIFAR-10

3.2.1 neasdlaseaislunimeass

Tnssadralunisnpassasdsenauldfienates layer wasusas layer tuasUsenouly
¢y SN, kernel size LazIUINYRY Pooling FalassasraduiFeausniidesdisisin
Tnazmunzanily dataset udavuia uenainlassadeiiyadudidfivuinves Batch size uaz
$1uruseu (Epochs) idwwartoanuianarnlunisidoudiaznaaoy dedufideldnig
naaoulnsn AU Iimndsdudiiedannilasasyelaitlirmnuianaintiosiign
fazdenlasaisiudulassadilunimaaeseludmiutouann CIFAR-10
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Layer 1 Layer 2 Layer 3 Batch Error Error AN
Output | Kernel | pooling | Output | Kernel | pooling | Output | Kernel [ pooling | size [ Epochs | learning Test Time (hr) Wwas
8 5 2 24 5 2 20 100 0.293 0.448 28.98 B
12 5 2 36 5 2 50 200 0.283 0.43 30.66 A
12 5 2 20 6 2 20 100 0.3 0.464 14.57 A
12 5 2 24 5 2 0.315 0.481 18.57 B
18 5 2 36 5 2 50 100 0.327 0.509 22.56 A
18 5 2 36 5 2 200 60 0.375 0.62 12.32 A
9 5 2 10 5 2 36 2 2 100 100 0.315 0.484 10.27 A
8 5 2 24 5 2 36 2 2 20 100 0.314 0.484 73.27 B
9 5 2 18 5 2 36 2 2 200 100 0.336 0.527 10.08 A
8 5 2 24 5 2 36 2 2 20 100 0.314 0.484 73.27 B
8 5 2 16 5 2 24 2 2 100 60 0.351 0.559 4.67 A
12 5 2 24 5 2 45 2 2 20 100 0.291 0.448 40.63 A
18 5 2 36 5 % 45 2 2 50 60 0.335 0.528 22.53 A
15 5 2 30 5 2 48 2 2 50 60 0.346 0.62 17.74 A
12 5 2 24 5 2 36 2 2 200 30 0.33 0.616 27.49 B
12 5 2 24 5 2 48 2 2 20 20 0.4 0.635 9.19 A

26



27

\3esnaNimesduyAna A
- MhgUszanananansdie Intel $u Core TM i5-2450M A1L32 2.5GHz
- NUWANUIINENIUIA 8 GB
- S¥UUUfUAN1S windows 10
\A30eReNiIADSES e B
- mhouszananananaiie Intel (1) 1 Xeon(r) CPU X3430 A3353 2.40 GH
- NUANUIINENIUIN 8 GB
- 58U URN1S windows Server 2016
9INATWANIINAAIEsaaTULenUuUIZAUsN 9 Ieailie
1. $7uU layer NilNaRoN1INAABY 9LRUITINIUL layer unTuadnaliny
Rananilanuianainanawmnd 1wl layer uwiludenndadivadefaailolunisussanananiy
NANNNTUALSAUY layer 1 UuLRgIiy
2. 97U output Whag layer AflnasanIsauziguiy 9113 output 1nTuST
wondunguusstoyafifiserduduiu uwitaderldinalunsdoufinniulunszasiunis
Fondauu output LillduavilildranuRanainfidosat uddesionsandaiafildluge
LUNY
3. pooling d s wuavualvginullaginisimssivesninazsiduluunenu
vialiazdoatuiedanlinsuisnduildandduiumneauinufienainiazun
Fuunlg wagenwhlvinisseuslineunefiaud

4. batch size:Adnatunsvimveslsunsuiddmzdmwalugagunsalaild
wdvhnuninniategime dadivuaainiuluszdmansenuiuniisniudn RAM
idesannisduadesniinisfuieyaiiumma wazanuiianainvesnisnseusazilannni
Walgufiud Iy

5. batch size fitfoendn witAvuagILIU batch size togiAuluanuinnain
P svhnuredivsknsuivsiinsuniuaronadmalinisieuslinaunesiaudla
gunsalmouimesililunisfulsunsuaylifinafunisiauudesiinaluiFosesnarluns
yanyiy

NN1INAaedlunTed neiividedadndeniasainsieluilineldlunisnaaeunien
ANURANAIALUNTEUNTNTAMUAAIINTINITEIEUTLUUAITLNOVIAIBRTINISIS U AN T
ANURANINAAAIIRETIER
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Parameters

Values

Training Data

60,000 imasges

Testing Data

10,000 images

Output label 10 labels
Convolution layer 1 Output maps 12 maps
Convolution layer 1 kernel size 5x5
Convolution layer 2 18 maps
Convolution layer 2 kernel size 5x5
Convolution layer 3 36 maps
Convolution layer 3 kernel size RN

batch size 500 images

3.2.2 ayUanaRanaaloiUAsuAEnTINISEIUSsEHI19 0.01 - 10
nsnnassIgTmsUsumsasInsBeuiiflehnsssudioy anuRanainlunisisous
nanildlunsvinuuazanuiiananalunisvaaeu Fsansvaassaguldlunisad 3.4 waziild
Foyaanmsslunansmunugflalugun 3.22 Weliiuniuussiiswean smaaedlddaan

niuladdnsInaiseusn 0.01 uag 10 sglianusaduangnsnmaseushiaunsoanasls

ez 9nT1NNTITENIN 0.3, 0.5, 0.7, 1 way 5 lvnandutiawan liseduuinddn wiA1dmnsins

= oo v P2 a PR ~ A a & 1w
LTC’J'UEW 5 IMWWMMWNﬂwmml@uaa‘l/lq@1 LLWLll@Qﬂ'ﬂqmmﬂwaWWIUﬂqimﬁa@UiﬂgLMUQ’] 6131

NSISEUSN 1 Aeiliansnaaesnuianainlun megeutegnan

1NANTNNITNARDI iU NuRanamdATln ARty dunauIaInnssy
TWsunsuidauauseuinniiuly Faonrilvaignsinistons Megluyie 0.3 - 5 awnsoanaadl

drmouldl AunRANgUT 3.23 iU mAae 1x10° azviuinanuinnanaslifeuanAiag
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0

ansIMsiseus | Aanulawainlunig paild | anuRiawaielunismesgeu
Ul (unin)
0.01 0.400 55.2 0.6718
0.1 0.262 55 0.4009
0.3 0.221 553 0.346
0.5 0.206 55.43 0.341
0.7 0.20393 55.56 0.342
1 0.1973 757 0.29
5 0.193 55.73 0.3613
10 0.5 55.6 0.8
0.9
0.8
0.7
- 0.6
05
%04
< 03
0.2
(818 K8
0.01 0.1 03 0.4 1 5 10

B AnuEananalunisBeuf

0.5

o )
BNIINIILIEIUT

W anuRawanalunismeaay

JUN 3.21 nealSeuiiguaainnan lunisiSeusuasnagey
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0.03

FNUARNATR

Annusay <10°

JUT 3.22 nsmiseuiiguAmnuiana1n lunsiseusuaznagey

3.3 agdgmilfnainnsuiurdnnnsGeus

PINNSVAaRsTuTaNaYn MNIST kag CIFAR-10uaziinsUsuAIBnIINTSISEusluesNg 9
FeagiitudnsnsiSousiisietesly vieAmnnly AazdwalinnuRnnanalianisaanas n3e
panatiousliineunesioudiuios wasmnendasmaiiouiiidwmalinuianaiannastiosiian
vowdaslasaduuazyadoyaliausailisuiuld femgiiisnmnnatousidmal
aruianaietiosfidaiuagfunisnaassuarlaseadieiu 4 audunsiuasiisslonituinide
fhannsafmuslfensnsBeuiannsauiuiieddanilasiaduazsatons domeiniduls
thiaueBnsusumsnsnsGeuiiedasendendnnisaivemauiounsumdiassuntiodeas
osuesieluluumil 4 uazsanisvanasduuni 5
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4.1 SasnsiGeudiuiuiaedd Taserfenquieunsumdiaes
Mnsanisnaaesluuni 3 axiuldinduFessininniiagmusdvesdnsinisGouslss
wnzay TasunAsnsnisisoudazidenainmmeass 45 n dawnn anudilunsEouasi
uinuRananamdsaesiadedzinnisiinis Tasnsefuda d n ferdies Arusinsiseuinie
msguinfiagdhan daemaidausadivue g Wamsosusedldfandunaieinideil
foanaalun1sAuuaaT 7.
flafdueilanannanssadiousglusuilsitusynsuivgiaesfsannsi 4.1

E = f(wpy, by, Kny, by) (4.1)
o wy  AeA1dntn gy fully connected
by AoAlugalugu full connected
Ko AoATfilter Aiviiiuguainluiiu Convolution
by AnAn luogludu convolution

dl a Y 1 A 1 a | U U
NEuN1s 4.1 aduelain nsguiumsvenasengUssamiisuuuuwnsnaulun1susu

oY

Umin munantemplate) uazlusd agauusuatienagilimianuianan £, anas aunsy

Qe

VIAUHANG AR TINIUABINITTIAIILAANAIAA IS IADININUATUAINITOUTEUIUAIIINNG )
aunsumneineiuardnaunisegiuguveteuiusdes 3 naun1sn 4.1 1udsaunis 4.2

EG+D=E®+ aE(")A Wy + aE(‘)Ab + aE(l)AKnl + aE(l)Abl
J0E(0) 0E (i) 0E (i) J0E (i)
. e — IO
E(l + 1) E(l) awnl Awnl + abl Abl + E)K AKnl abl bl
AE=E(+1)—-E@ (4.2)

INAUNTT 2.11, 2.12, 2.14, 2.15, 2.17 uag 2.18 Wwnunuluauns 4.2 uazdnguuuuy
aun1slul
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AE = - |G + (G + (

2 ON)
O+ (o 2+ (G <0

ab,

geauNSLIaRDINITVINAY 1 SEUS

—AE

N =Teew., o8G ' '
CLEION RO IR ON R O
(6an) +( ab, ) +(0knz) +( ab, )

—AE
gradient

77:

gradient = gradientl + gradient2

2 2
: WY N bk M (9E
gradlentl o i=1 Zj:l (awu) + i=1 (abi)

2 2
v sl (2 + 5 (2
gradlentZ =1 Zl=1 (6an + =1 ab,

wnuauns (2.9) astuluaunis (4.2) agla

—AF =3P, 5 [ty = v (O] = [t = vk + D]}

Ip3Uann1s 4.9 sl anuaunisifiyl

—AE =A+B

_ %ZS=1 Z%=1[tpl_3’pl]2

D

A

1

B =32 2 ([t = v (0] 2 = [t = vk + D]}

(4.3)
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IONATILVDIRIDENISHNDUSUT I LWL W TEUadla I

(P;” ~1 (4.13)

dmSUNIEUINNNTOUSLTIANTOUgNTUAL lAaUN SN

[tor = vou]” = [tor = ypuGe + D] (4.10)

WNUANNIST 4.131 4.14 asluaunish 4.12 Y9V IAmaued B = 0 $998ASINUaANNISH
2.10 satiuazledn

2
—AE = e Skt v (=B (4.15)

NEUNA 4.15 Weulnulao

Em
gradient

n= (4.16)

dn3nnsiseuaInaunsh avdiulindueddnsidu Anadeanuiianana £, seainu

Y

Aawarminsieudfdaaes dluaumsiostaslisySanesfuamnsadendnsniadouiudas
soulApgInIAYEL
4.2 Procedure YunaUNIRIIIL
NIEUIUNIIMASRI NI EUS IRl ansavimutuneuldiiastuneudl
Suneudt 1: fmuaASudy
Gﬂgumauﬁ 2: Forward computation
2.1 Convolution
2.2 pooling and
2.3 fully-connection
Suneudt 3: AnuAanaiauaznsewamArTnLazILIan
3.1 NMIANNIUAIAINRANAIN (Eppms)
3.2 MUIMANANLIVBIANURANAIN S

o o a v E
3.3 ANMNUMBRTINGLEUY N = — =

3.4 SwanANNLwan gy Convolution waga1tuntintugy fully connected
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NAN1SNAADY

Tunisnaaesdduunils azldmdmefiduifieatunismaaesluuni 3 udaziiinnis
NaFoULANIINUNA3 AReaziiunisnnasduiFeswesdasnisiieudannsauiusuedlids
Inaueliluuiifia wazdanesiiniiuiuduedldfiiauslag Zhiwen Shao [11)384“FACE
ALIGNMENT BY DEEP CONVOLUTIONAL NETWORK WITH ADAPTIVE LEARNING RATE” 18 u
n15USudnsnsiseuslaiedeunisvitnuazinAgnsnisseuianaie 0.1 Tun1sdunnan
thwiinusazsey

Tumsveaeslaeimuely Saniiuiinausiag Zhiwen Shao Wy AUTO1 wagdaniiiu
Sousfiisulshiaue nu Procedure Tuteridod 4.2 (Ju AUTO2 itelHlumsiusuiiouly
nsnaaedluitenely

5.1 neavslaglddaya MNIST database
Tuirdioll agvhnmemmaousanesiiufidaueluuniia lneldtoyashesaiiurldlunamenes
7o MNIST database WutiyagunmitliTeuan 0 - 9 S 1oy 70,000 Feya Tkt 60,000 THdmsu
Seus way 10,000 Teyalddmsuvngey
5.1.1 fmsfiwesnlilunmaass

ANSI97 5.1 ATNISITLADSALTLUNITNARD

Parameters Values
Training data 60,000 images
Testing data 10,000 images
Output label 10 labels
Convolution layer 1 OQutput maps 6 maps
Convolution layer 1 kernel size 5x5
Convolution layer 2 12 maps
Convolution layer 2 kernel size 5x5
batch size 500 images
Target Error 0.09
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lunsi3eus 60,000 Youa lunmsnegeu 10,000 Toya
. AU AU - _ L8
2A3INII - Ay - ANUNANAR | AUNANAIA y
o v NANAA - NANAA A4 14
bIBUY S4Bvy HAWAA - 10T AT o
N g,- el RANaA (W)
1Ay NAADU NAADU
60,000
Autol 0.09 0.0882 5317 0.0885 809 0.0809 18
Auto2 0.09 0.087 5,399 0.09 824 0.0824 13
4 0.09 0.08917 8,011 0.1335 1,279 0.1279 73
3 0.09 0.0882 5,317 0.0886 823 0.0823 20
2 0.09 0.087 5312 0.0885 809 0.0809 17
1 0.09 0.0894 5,547 0.0925 847 0.0847 25
0.9 0.09 0.0894 5,547 0.0925 847 0.0847 23
0.8 0.09 0.089497 5,547 0.0925 847 0.0847 23
0.7 0.09 0.089497 5,547 0.0925 847 0.0847 23
0.6 0.09 0.089 5,655 0.0943 862 0.0862 39
0.5 0.09 0.0891 5,610 0.0935 853 0.0853 46
0.4 0.09 0.0895 5,639 0.094 853 0.0853 56
80
70
60
2 50
£
£ 40
£
= 30
20
1 | :
0
Autol Auto2 4 3 2 1 09 08 07 06 05 04

U 5.1 nandildlunisiSeuisazdnsinsiteus

Learning Rate
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1n3U7 5.1 Wevimsmeasslasfmuarinunuienainlii 0.09 wagdsudnsing
BousluAsingg wazifiuiusanmsseudiiususuesld mnsuidlowdsusnsnsBeuisning
0.4 - 4 ftud Smsn1sSeudiviniu 2 wldnadestign uanideifiunisFoudintudulaly
vngahEnsnsBuiarldnaosas awiuldindlodinsnsnsteuiidu 3 aldnamnn
Y worifiudnsinisGeudidu 4 axldnannnds 73 uit wasdodunmanfiuindninisSould
1- 0.7 aldanlndifssty doandnsniaFeudsendt 0.7 agldnarundulunisvgidng
Amay

wazléviinismaaesfuls Autol Aaziiiuinis Autol TianlunisiSeus 18 wifl illeifieu
fUABTmuaAERsINsBusuuUasinuanasuInTinafng

waziilevinisnaasslisnsnsSeuiususiesld Auto2 awdiuildnatiosignileiioy
fumsfmuadnsmsSeuiuvuamaddinaiies 13 ui

0.16
0.14
0.12 i
0.1 )
S
2 008 » I8 I8N 5 JEr A0 i
5 LT I \ 0| ;
0.06 | 2 | |
M | . -
0.04 i € E ' 8
| |
0.02 \ ] , ! !
2 | i
0 ) 1y 4l | |
Autol Auto2 4 3 2 1 09 08 0.7 0.4
Learning Rate
M Error avg Learning -~ B Error Learning Error Testing

UM 5.2 Anuiiananiia 3 wuu

Aiiamainaziinmsinmniienainogfieiu 3 wuu Ae AnudawanARABIINNS
Foud , arwianannannisSeud way Aefismannanmsvaaey Seesuieseluil

LenufiawanaindsanGeus Ao anufemaeiiiatuly 1 UL Fausiaz 1
soumaFoudasiimausdoyaduyn batch size Fuilit 1 seuiiFouvansads sndregratudn
wuauuaiumﬁmaau 60,000 oy uazdndugavay 500 Toya NEneAINI1 1 Jou wdns
Sgu3 120 ns Fausarafnsiinssuanamiminyneds uazmnufiananfiazdidfunnsdedn
Fedudsrmiademanuianaaiieldusnandumsdsuilunissey

2 ArwAananaroamaannadonl fo  Auanaeiavual  asmudsmnanuia

KaaLedetoeniviawiniuAanuRananiingll  davddloyansimualunaaeulutmin
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fufeaiu azlifinsudsngudu batch size msiamannazidunstivinnuilignioud
Funandudumiuiianan deisande 1 AdiewinnanniSeusinauiuswesteyayn
tfu onshogaduy feyalunmavageu 60,000 doya iethluidous fdeyaiilignsiasey 6,000
foya wnzaziuamuAananadauyiniiy 6,000/60,000 = 0.1

3 AuRemaNANMINAaey Ao AvwRaNanTiteya filiwethluGeudics ddld
wislitelimaaey ddlunsmaaeuazlivdnnisifeniu 4 2 enees mmamaw‘iﬁuma
yadou 10,000 Foya Wethlunageu feyafiligniessuau 1,000 deya mszarduay
AananlunsvageuilAiniu 1,000/10,000 = 0.1

Tumsmnaes agiimsimuanaianaialin 0.09 wieduinidnsnstousiagg uas
danmseuiiviuieddleglivdnmsalluunit 4 1desmsSeuiuuulmilinalunis
Boufilesiign

NnmManaassasiiuliin - SasinsBouiuvunedl Adnadesiian  AesasnsiFeud
Wiy 2 usrdanaldddnsiiady 3 addnamnntunng uasdlefeutusnmmadousd
Ususesld  ndultinendesniiidunuuasiianld ihuwszindnsnsouiviusiesliasd
nsUTumeAlIvesrIRanan  91A1A1UlI8IAINRANSIAT AT NSRSl
tlon wazdmmnulitdiossnsnsSouifoziinmn dsamnalhvssamnufinnainuaz s
NsisguIElaudiusLUUNNAULUUEUIBSA

PnnEvnaeuiielFsuieussianainuuuedsuariuuioan  avdanslddna
AnviaimannuuUideesiiatosndy  sgiuvuedssniunasssenise winmannmsisous
DEVIGRERS

INNIMRaesUnil 3 sztiulsindidensnniseuiosnternnly feravhlilsanusa

anANNRNA RSBl wiannsaaosunil 5 figaiiudain dasinislBeusfiusuites
Iansnsnasaimuiianainlduas floissuiisuiunismmunadnsinisiFeuin fand
ANuiianaIntesigaudinaniuiianaIavessasnsousnuiuiieslefiinaininunnlu
Prausnuarlutaadinsimlisisiuann

5.2 neasslaglddaya CIFAR-10

ol ssvmamageusanesfuiitnaudluuniia Tnglidoyamesnaiitnuldlumamanes
Ao CIFAR-10 database @sgUnmszneulusie suama 60,000 3U Svuna 32332 Fsiigunmduy
60,0003UnM ansnsawuaty 50,000 Un dmSumsiseus uay 10,000 sUnmdmsunedau lnedn
naulel 10 nquleiun leun Lﬂ%@ﬂﬁu,’iﬂEJ‘wﬁ,‘uﬂ,LL&J’J,ﬂ’?’NMN’W,ﬂU,ﬂ’],L%a,im,liinﬂ

5.2.1 AMNI51masNIYlun1snAag
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Parameters Values
Training data 60,000 images
Testing data 10,000 images
Output label 10 labels
Convolution layer 1 Output maps 12 maps
Convolution layer 1 kernel size 5x5
Convolution layer 2 18 maps
Convolution layer 2 kernel size 5x5
Convolution layer 3 36 maps
Convolution layer 3 kernel size AR
batch size 500 images

5.2.2 Han15NAang
AN5197 5.4 Nan1sNNaed

J lunsizeud 50,000 veya lunisuaseu 10,000 Yoya
8951 | A ~ p i
- A J muianan | avudanatn | el

M3 | Wewa | ANURANAIA | AN -

B R I & INN13 NS (W191)

Seus | anasld 4 | 2n50,000 | #AANAIA

flaay VAOU VAdeU

AUTO1 0.2 0.195 8,450 0.197 0.22 895.00 43
AUTO2 0.2 0.197 8,435 0.199 0.213 890.00 39
0.01 0.2 0.4 3,850 0.4 0.9 8,405.00 55.2
0.1 0.2 0.194 8,512 0.198 0.22 872.00 55
0.3 0.2 0.198 8,325 0.199 0.21 882.00 55.3
0.5 0.2 0.196 8,442 0.197 0.233 897.00 55.43
0.7 0.2 0.194 8,501 0.193 0.202 881.00 55.56
1 0.2 0.198 8,494 0.198 0.223 894.00 55.7
5 0.2 0.193 8,502 0.195 0.21 887.00 55.73
10 0.2 0.5 3,981 0.5 0.89 8,259.00 55.6
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Ui 5.3 aniildlunisiSeuiisasdnsinsiieus

903U 5.3 ilevihnisnnasstaeimunanuauienainlii 0.2 wagasusnsins
Bouflusingg wazndflsufudannaFeusiivsusiestd minsuillowdsusnmsBouisening
0.01 - 10 szwiudnazldnanlndlfsaiu uraziiudn §ns1nisiEeusi 0.01 uay 10 liawnsag
\igdmeuls lasandmsinsFeustiosiiuly wazsnaiulumuddy

n1sNRaesdLds Autol faziiuiniildinarlunisSous 43 wiil deifisufuisd
fvuaAidaTnsFTuluUATfLaaiudnarLAnNaRANT]

uaziflevinsvasedliisnsnBeuiusuiedls Auto2 Saluasniidelsinaus iy

IR v d' A A Y] ° Y] = % Nt § v = =
'J']I‘UL'J@']U@81/]?1@Lll@W]EJUﬂ‘Uﬂ']iﬂ']‘WUﬂ'EJGﬁ']ﬂ'ﬁLiUUELL‘UUﬂQW%\‘i‘L‘UnaWL‘WEN 39 UM

&
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0.3
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Learning Rate

Error
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INMINAaeslauuisuANuEANAINLUURAskATLUUTILA Fedanalaiinlng
Aanainanuuuedeaziiatosninngzinuuuedsazilunan195enineemnnannsiseu;
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Abstract— This paper proposed the improvement of
convergence performance for deep learning. For traditional
algorithm, the learning rate is depended on experience and
experiment. In this work, the learning rate can be adaptived
based on Taylor’s formula. This formula has the relationship
between the root mean square errors changed, connection
template, weights and biases changes are obtained. The
proposed self-adaptive learning rate is depended on neural
network structure, root mean square error and error curve
surface gradient. From the results, this proposed system has
iteration times less than the traditional algorithm with constant
learning rate.

Keywords— bacl-propagation, deep iearning, self-adaptive,
learning rate.

=
The back-propagation (BP) algorithm is generally used in
training process. However, it has many challenges such as
more learning late, less local training and connection weights
that will be increased with the number of input. The input
data have many types namely in binary number, text and
image. There are many input data of image because it have a
vatiety attributes with size and three primary colors. The
input node of image can be calculated with width * length *
3 that provides a lots of input nodes.

INTRODUCTION

Nowadays, the deep leaming algorithm is already
introduced. The structure of deep learning can be used to
solve the input nodes problem. The process is the same
method with back-propagation neural networks that adjusts
the connection weights of each node. The deep learning can
be divided into two processes. Forward process, the data and
weights will be evaluated by using convolution, max-pooling
and fully connected. Backward process, the weights will be
adjusted for compared the speed of the error with the
weights.

For fully connected of deep learning, the learning rate is
defined by constant number. The much learning rate
provides the good error results at the beginning because it
adjusts weights many times. But, when it is convergence it
maybe sways and cannot find the answer. The less learning
rate provides the learning converges slowly that take a long
training time. Kuo and Shi proposed the self-adaptive
learning rate by using the comparison of loss function and
the speed of error in neural network [1].

This work proposed the improved training algorithm of
deep learning by using self-adaptive learning rate. The
learning rate can be adaptived based on Taylor’s formula.
The MNIST database is used as the sample input data. The
input data are the 70,000 images of 0-9 numbers. From the

978-1-5386-8458-0/18/831.00 ©2018 IEEE
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result, this proposed system has iteration times less than the
traditional algorithm with constant learning rate.

II. DEEP LEARNING ALGORITHM

The deep learning algorithm structure is shown in figure
1. It is including convolution, max-pocling and fully
connected.

Gomolution

Max poaling

Comvalution  Mex pooling

Fully cormected

Fig.1. The deep learning algorithm structure.

A. Convolution

The convolution is including two parameters that are the
number and size of templates. The template is used to
converse the image data by defined the different number of
templates. The number of template is very important. The
less template cause it cannot recognize the image. The much
template take a long iteration times. Besides that, it also take
a long evaluation time in testing process. For the size of
template, the small size template provided the good learning
result but take a long time. While, the big size template take
the uneffective convergence results because of swaying of
the gradient.

The generally image filtering method uses the mean of
the set of images or used the mean of the points that around
the focus point. The mean of images is reduce the change of
input data. It can be useful for remove the noise of high
frequency signal. So, the signal filtering is used to emphasize
the required image properties and reduce the unwanted
image properties. For the depth level change, it is the same
concept with high pass filtering. This method must use
convolution instead mean number.

For image processing, the convolution is used between
the template and image. The template is n*m matrix of
number of the image for convolution. If K(xy) is the n*m
template and I(x,y) is the n*m image The convolution
between the template and the image can be represented by:

I’(X,Y):K*I:iEK(i,j)-f(X—i=Y—j) 0

0 =0
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O Y= Fil'Xx,r) @)
J (%) = max(0,x) 3)

where /(X ,Y) is the image after convolution process,

J(x) is the Relu function and O(X,I) is the
convolution output.

B. Max Pooling Layer

Max pooling layer is define the size of max pooling
matrix. Max pooling find the layout output by considering
the max value after the convolution method. The big matrix
takes the convergence results sway from the answer. But, the
small matrix takes converge slowly.

e | s
5 6 7 8 KSeNVL T /9 /7]
3 2 1 0 ESNAANT4//)
10| 2 | el s

Fig.2. Max pooling matrix 2*2 size.

C. Fully Connected

Fully connected of deep learning algorithm is the same
concept as forward process of training process in neural
network. This process must define number of node in hidden
layer and output layer for group the data follow the number
of output.

r

w

Fig.3. Fully connected structure.

ojzf(%wﬂxgrbj) “)
i
[

0, = F (> wx +b,) (3

where 0,0, is the output of hidden nodes and output
nodes tespectively, x, is mput, 5,5, is the biases of

hidden nodes and output nodes respectively, W, is the

A
weight between input nodes and hidden nodes, Wiy is the

weight between hidden nodes and output nodes and
M _N,L is the size of input nodes, hidden nodes and
output nodes respectively.

D Back propagation algorithm

Back propagation algorithm is included in to three
phases: loss function, backward and weight update. For loss

function phases, the square errors of one set data (£ ) can
be defined as:

£-150 0y ©
2 =1

Then, the square errors of all data (£) can be defined
as:

Sty -0, %

After that, the root mean square errors of all data (&, )
can be defined as:

1L ¥ Y1 ,
EWZEPZ;EP:EZZ(%J*%;) @

P=1 =1

Where ¢, is the target output and 0y is the output from
lgh nodes in output layer that small different with sample
data p,, .

The batch algorithm is different from the standard back
propagation algorithm by weight update. For standard
algorithm, the weight is updated after the data of each set is
evaluated. But, the weight is updated after the data of all set
are evaluated in batch algorithm. The weights and biases of
batch algorithm between output layer and hidden layer can
be calculated by:

pohpomili ©)
o,

b, £ % (10)
ok,

Where 7 is the learning rate ,w,; is the weights between
!, nodes in output layer and 71, nodes in hidden layer,

is biases of £, nodes in output layer

The template and biases-template of batch algorithm
between input layer and hidden or convolution layer can be
calculated by:

AK, =y (11
oK,
ap=-nL (12)
ob,
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where K, is the template between 7, nodes in input

nodes and /,, nodes in output nedes, b, is biases of /,,
nodes in output nodes

III. PROPOSED TR AINING ALGORITHM

The traditional back propagation algorithm is very
difficult to define the learning rate because it does not have
the theory supported. Generally, the learning rate is selected
from testing. If 77 1s big, learning rate is fast but root mean
square error will be swayed. On the other hand, learning rate
and converge become slow if 77 is small. In training process,
the weight and biases will be adjusted continuously for
reduce £, until the error is closed to the neural network
structure. The sample of training process and target output,
the all mean square error is the function of weights and
biases.

E=f(w,.b

12

K,:5,) (13)

Taylor’s formula is not considered higher terms. The all
mean square error can be evaluated by:

B+ 1= B+ ZD py + BD p  FO jp OB (1)
A, ab, oK, ab,
where
AE=E@G+D)~ E@) (15)

Then, the Taylor’s formula will be evaluated with
equation (9)-(12) and can be represented by:

aEG). 5
AE = ()
|Gl

QB ()

¢ Q)
ab,

2, PED.,
&

2 ‘b ol
)+ 2

}SO (16)

il

From increase the speed of convergence, the learming rate
can be defined by:

—AE
n=
CED.,  CED.. CEG)., 0CEG).,
[(é‘wiw) +¢ @, ) +(Wm) +(Tb[) }
(7
Then, the equation (17) can be represented by:
—AE
) (18)
d I
where
§=06+5, (19)
§ = (5E(1))2 +(6E(1))z 20
ow,, ab,
s :(aE(z))Z +(6E(z))z @)
Ok, ob,

0, is gradient in fully connected layer, &, is gradient in
Convolution layer
Gradient 1s used to shows the error of curvature gradient. It

considers by using error signal at considered node and all
output value.

The value of AE for iteration at £(/ +1) cannot be

calculated. Then, equation (15) will be evaluated by using
equation (7) and can be represented by:
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O 3| FENO) @2)
E(Hl):%ii{[tpi —o0,(+DF} (23)
7AE:%§:ZL:{[[W7ypt(i)127[lpliypl(j+1)]z} @4

p=11i=1
P N
Use o in [tp[ —yp[(l)] then

N A PN ) PN O
AEERCI S FETHO) = T NO) s
Then

1 e ¥4 R
_AEZEZZ{[tpl_ypl(l)]

p=1 =1

1 Ny -1
PR ROl
[t 3G+ D]
TN &
If the sum of sample data is large, it can be estimated by:

(p-D/p~1 (28)

For the more iteration training process, it can be estimated
by:

[0 =l —o, 41 29)
Then, the equation (24) can be reform and can be
represented by:
] P I
~AE= =33t -0, f = F,. (30)
2P0
Finally, the equation (30) can be reform and can be
represented by:

= ris.

(31

Now we can derive the deep learning training algorithm by
Self-adaptive learning rate

Step 1 Initialization

Step 2 Activation

- Convolution, Max-poling, and fully-connection
Step 3 convolution and weight training

-Calculate the root mean square errors of all data (£,,,,)

- Calculate the error gradient &

s

- Calculate the learning rate #) =

-Update the Template on convolution layer and weight on
fully Connected

Step 4 Increase iteration, go back to step 2 repeat until the
error criterion is satisfied

IV. RESULTS

In this section, the proposed training algorithm will be
tested. We used MNIST database as the sample input data.
The input data are the 70,000 images of 0-9 numbers. The
60,000 images are used for training process. The less 10,000
images are used for testing process. The table I shows the
result by comparing between the traditional training
algorithm and proposed training algorithm.
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TABLEIL. THE COMPARISON BETWEEN TRADITIONAL AND PROPOSED
TRAINING ALGORITHM
Traditional Training Proposed Training
Tteration Algorithm Algorithm
Time (m) Ervor Time (m) Error
10 34 0.0556 35 0.0436

From the result, the time of both algorithms is not
significant different. However the error of proposed training,
algorithm is better than the traditional algorithm with 0.0436.

0 L L L L L L
0 10m a0 0 400 50 i) i

Fig.4. The training error of self-adaptive learning rate.

Fig.5. The self-adaptive learning rate in each iteration.
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0s

0 Om 0 A0 400 A0 60 7

Fig.6. The training error of 0.75 learning rate.

V. CONCLUSION

This work proposed the improved training algorithm of
deep learning by using self-adaptive learning rate. The
learning rate can be adaptived based on Taylor’s formula.
The MNIST database is used as the sample input data. The
nput data are the 70,000 images of 0-9 numbers. From the
result, this proposed system has iteration times less than the
traditional algorithm with constant learning rate.
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