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Abstract

Finding the derivative of function in mathematical science can be determined by
definition. Formula called Symbolic differentiation and calculating the estimation of numerical
derivatives using a method called Numerical differentiation but computer programming to
create application software that requires the determination of derivative values cannot be
calculated by using derivative formulas to calculate in the process of program processing.
Therefore, there is a way to find the calculation of the derivative called Automatic
Differentiation, which can be written as an algorithm to write as a command, according to the
syntax of a computer language. Making the principle of automatic derivative is very useful for

learning in the science of computational science using computer program estimation.
Keywords: Numerical Differentiation, Algorithm, Automatic Differentiation
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MeauNusITednludfoy 2 UsuuAa Forward Mode Wag Reverse Mode fdazlinanilauaviden

1. 25 Forward Mode

ANSEIAWNTAEUAVDININTUNTFIwUTDATE N 69 Aw f(xl,xz,...,xn) TaenHandy
f liduiledduyagiu Sududenmsuenilanduindudou f (X, X,,...,X,) senduilaiduyagiu

Tneinupilsidugagruudazilanduivssneudu f esnuiiazileiduy

Suay Awueld i=n+1

MuuAfuls5EnIanans (Intermediate Variable) %  Idlwinfuiladduyaguiiueneenin Tufe
X = fi(x.ked;)

d' A ~ al ! < (Y a ¢ o

We J; Aewanssyiiivendt X, Wudiuusdasevesilaiduyagiu f;

A ¢ v v v 1 i ~ s s o &

Weuenileiduyagiueanuua Tenggnlemannsineudvesilenduyagiuiu

9zledn VX :Zafi(xka’k <)
X .

jedi ]

VX; Wi VX; =€, ADINADSUTIUNE UL X|

AMUUAA T=N+2

Amuamuussgnitnans X Willdwirduiledtu yagiu dude X = f(x ke J;)

! P af ,k vJ
Tenganle agledn Vx, = Z '(Xka = ')ij
X .

jedi ]

WinA i nspviludnuazienflanduyagiu wag N1SUIN AU AN NS UadIkUITENINNaNd
UNTENIILUITEINNaaaew AUty Adean1smaAlnsReus f(xl,xz,...,xn)
auufnduaaVing Al i=m e M Aedunwdhnuiniinlisiuusseninnas

Xp = fn (X, ke dy)= (X, %00 %)

Vil asuledn Annsideudvesilendu f(x,X,,..,X,) Ao

of, (X, ked,
Vi =V, = > (t?x. )ij

jedm J
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Aavzasuhludunawds (Algorithm) ladisil

UMY Forward Mode

Al fiR" >R desmsmeanunsifeudves f(X,X,,..., X, )

YUSUAY Mvusld i=n+1
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1. auudli X uiuusseninenans
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2 uen f (X, %0, X, ) Peniuileiduyagiu

Inaidenilenduyagiuitegluilesidy f viverauin au au w13 vaewuUssening
nanvfidmualineuntihil Avueld X = f;(x ke J;) e J; Aoiwmassviln
vena X, WusuUsdaszvesitanduyagiu f, Tnenggnle aglaon

VXi :Zéfi(xk,keJi)Vx

OX: ]

jed; J

3. ASIFOUN
X = f(x ked)=f (X, X,.... X, ) viFolal

X 2= f (XX, X, ) Wi Avueld i =i+1 uag nduludumeudl 1, 2

s
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M X = (XX, X, ) Wi Aviueld m=i agldd VE =Vx, uwdmganisauamn
Wi lAN1SI9TUn WIS AN UIIMNALN SR BUATRININTUTT UL UlRedS Forward Mode Talaugaauay
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Avualdt £ (X%, ) =(X +%, )% +Sin(X,)

[

seiuledn f o liduilaiduyagiu agvhnnsuen f o eonluiladduyagiudei

U 9

fvuafudsseninenan X = f5(X, % ) =X + X, mawaviu J; ={12} lasnggnle szl

VX; = %Vxl + %sz = VX +VX,
0% 0X,

fuafulsssninnans X, = f, (X, %) = X%, wszaziu J, ={1,3} lnenggnly ezl
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VX, = %Vxl + %VXS = X3VX + X, VXq
X X3

fmuadauUssewinnans X = fg(X,)=sin(x,) weswazidu Jg ={2} laenganls azlid

VX = %sz =c0s(X, ) VX,
OX,

Amuafmulsseninnm Xg = fo (X4, Xg) = X4 +Xg

wwaziy Jg = {4,5} Taunganld azlddn Vxg = 6—f6VX4 + %sz =VX, + VX

X, Xs

iUl Xg = f (X4, X5 ) =X, +Xg
= (X, % ) =(X + X, )% +5in(%,) whivilaifuiidesnismeannsifeusdudy

wsrzaziu VE (X, % ) = VX = VX, + Vg

=X, V%X + X VX +C0S(X, ) VX,

=X, (VX + VX, ) + X VX, +C0S( X, ) VX,

= (X, + X3 ) VX, + (% + €05 (X, ) ) VX,

= (2% + X, ) VX, +( X, +€0S(X,)) VX,

= (2% + %, )&, +(x +cos(x,))e,

= (2% + Xy, % +¢05(X, )
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el i =n+1 Mvueduussesninanais X, Widduuwiiuilnduyegiuiuenasnun

tupe X = fi(x.kel))
d' A aal ! [ Y a ¢ o
e J; Peawanssuiiniuenin X, Wumudsdasyvesilanduyagu

Al i =n+2 mvuadmuusseninmans X Widdwuwhduilnduyagiunuenesnin

tude  x = f,(x.keJ;)

LAALAT | NSEyluanwaekenTINTULASIY WALAITUIN AU AL KNS5 VBIAILUITETNINNANT

U 9 Y

TUEo89 AuUnNTERs MKUTIENINNaNmgaynefeiendunnesnsmannsifous f

q

auudAdn i=m la
X = fi(x.ked)=f (X% X,)

Huie X, = fo(Xok €)= T (X, X0 Xy )

& v

Wauenilsndundudouseniluiaiduyagiuisunuds Tussumannsidousd lnenisivuadiuls

)

AW (Adjoint Variable)
yi,i=1,2,3,...,m ferauiiusdesves (X, X,,..., X, ) Weuiu X

_ P _
OXp,

Hudio yiz(;i;i=1,2,3,---,m agléin ym=ai
X X

1 m

WIIgastu Buay fueld Y. =1 uaz v, =0 dwsui=123,...,m-1
e Y, 5 i=12,3,...,m lagldnganly
Sudy i=m

of (%, kel .
wld y, =y + n (%K € Jn) Yo dwsunn jeld,

OX j

BuRy i=m=1

of (%, kel .
wld Yy, =y;+ m_l(k = m_l) Yo dwiunn jed

OX j

m-1
nszvigluisens)
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Sudu i=n+1
61:n+1(xk’k € ‘]n+1)

OX j

wld  y;=y;+ Yo dwsunn jeld,,

LLﬁuagﬂwai’amwaq y; ;1=123,..,m
v 6 v Y1 a 13 [ A
waansaavng agldannsideudveailandu f(x,%,,...X,) Ao

of of of

Vi=| — —,....,— |= VAN
ox ox, T ox, (Y1:Y200¥n)
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UMY Reverse Mode

fwuald f:R" >R doanismannsiieudvad (X Xp0es Xy)

fusudy fwueld i=n+1
duman
1. muuali X 1ududsszninanans
2. wen f (X, Xg, Xgpe X, ) B8N Tuileiduyagiu Inedenileifuyagruiiegluileddy

f vSoNaUIN AU AN KNS VB ILUTIENINNANANAUALANDUNTNL AAUA LA
Y

x = f, (% ked;) do J; Aownnssviliivenin x, 1ufudsdasy
vosilanduyag f;

3. adeuin X = f(x ke dy) = (X, X, X, ) 7ol
uduse ud sl m=i nsevhildunoud 4

Anduia wad Avuals i =i+1 wazndulunseyintunaun 2
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q. MvuadwUsniy y,,1=12,3,...,m s y, fereyiustesves T ileuriu

X

thife yi:ﬂ fvuaa Y, =0 dwsu i=12,3,..,m-1 uaz vy, =1
X

5. dmsuAn i=m asasauds n+1

of; (%, ke d;)

OX j

AA Y =Y, + Yi dwiunn je;

6wl VE=(Y1, Y5 Yn)

'
v a o

Wl ITURUITAWIUMANTR I UAVDITINTUNT UL ULRETS Reverse Mode Tmbaudiaty

Y

a ] [ Q’lj
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fvuald £ (X, %, ) =(X +%, )% +sin(X,)

il f liduiliduyagiu asvinisuen f eeniduileiduyaguded
fmueudsseninanans X, = f5(X, X ) = X + X, wisizaziy J; ={1,2)
Xy = (X0 %) = XX, wsnzaziy J, ={1,3)

Xs = T (X, ) =sin(X,) wsnzasdu Jg={2}

Xs = Ts (Xas X ) = X, + X t5zaziiy Jg ={4,5)

wimliin Xg = fo (X4, %) = F (X% ) = (% + % ) X +5in(X, )

VAR

ibiveanisuen f eenluilsiduyagiu

mvuadUsniy Y, ;1=12,3,4,56 e v, fereuiusdesves T euiu X,
] af A Y o v
Uufe y, = = SuduAmua Y, =Y, =Y, =Y, =Y =0 uaz ys=1
X.
1

a5 1=12,3,4,5,6 laglinganlganilenduyagiuiiuenasnin
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Budu 1=6 M Xg = fo (X4, %)= X, + %5, Wle Jg=1{4,5)

wld y, =y, + s Ye=1 uay Ys=Ys+ U Yo =1

0X, OXs

Woi=5 amn X =Tf5(%,)=sin(x) , Js={2} el y,=y,+ 2% Ys = C0S(X, )
2

Wlo i=4 9 X, = f,(%, %) =%% , J,={L3}

" of
wl Y=Y Ve=Xg WAz Yo=VYo+| —2 |V, =X

3 of,
wld Y=Y Y3=Xg+ X uar Yo =y, +| —* Y5 =C0S(X, )+ X

2

[t
0%,
fo i=3 9 X=X, %)=%+% , J;={12}
| s
0%,

NYANIIATLINLAIATUHA

wldrnsdewdvesileddu f(x,X,) fle VFf = ﬂﬂ =(ynY,)
0%, OX,

= (Xg +%,,C0S(X; )+ X, )
= (2% +X,,€08(X, ) + X, )

unasy

msmeyudi G luR Wunsmeytusvesilaidundudeu Taelindnmaueniduiledduyagm
wagimuafuUssTrsnanadterslumaiuileidugaguiiueneenin uadlinggnlsmmasaesoysius
flaidegu nudueyiusvesilsidududeuiisems fadusanesfislmi usnssamnmameyiusiae
Tasuaseuvndnmant ndeurisimoianidulusunsurenfiasesldhenmuduneuiBuesmem
oS sSrlusTAva3ULULIE3 Forward Mode 130 Reverse Mode dawnnzdmsunududeulusunsy

FniUssendldmsmeeyius maawasvaslaymauivendans vise Iennssudnans [3]4]
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