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Abstract 

Ising model is a simple model used for prediction of magnetization of a ferromagnetic 

substance. The magnetization depends on temperature and external magnetic field. Although 

the model is simple, in order to get a reliable result, it needs a lot of computational time. The 

author wants to adapt a neural network calculation to reduce the computation time. The 

tested Ising system consists of 10x10 lattices. The external magnetic field is random and hence 

the result of magnetization is random. To get a reliable result, it is averaged for 1,000 times. 

The simulation is up-to 100,000 time-steps. The neural network is created with 4 input nodes 

for the first layer which are the magnetization for the previous 3, 2, and 1 time-step, and the 

external magnetic field at that moment. Values of the first layer are sent to a hidden layer 

with 10 nodes and pass through the output layer. The output layer has only one node which 

is the magnetization at that moment. The network is trained by giving the true output of 

magnetization calculated from Ising. After that, to test the neural network, Ising system is 

calculated again with different random set of external magnetic field. It was found that, after 

trained by 100 times, the predictive result has an error of 22%, but if trained by 1,000 and 

10,000 times, an error significantly drop to about 1.06% and 0.34% respectively. Hence it can 

conclude that our neural network can effectively be used for prediction of magnetization of 

Ising model and help reduction of computational time. 
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1.4. VOUL210111115i'21 

4na@llo;d1111.! 

viwrinImmifrm@i 	 aatvinmTgny-uunt 

NaA1116C11,71u-)6rI@IfTUF1-WITILL'fiti61.5,-11.V1k (magnetization) Talawillvi-n1J1.4 1.1.15-Mi5n15gfilTIA'1114E11,1',1,11€ 

rici',Anan@ILLuv4-iaoll,Milillve,t,f'k- ii@lti.uhLythitzluvinlm'Llb'n 

611i6Vign (magnetic moment constant) Vil@inFili7litIhrilt.110Z111 (spin-spin interaction constant) IS.11,1PIA 

u@nTinemtign14-huntIniul@rniiiim.not,vinfiuolumloatntyili°11.1 gl@ 	 ioxio 

glviTudoammlud-nn@luvulmsninuthr,alm viialv-inImwd-luillrinanuvialutttru TAreil 

n'irmimvilowaulmwtilunvalnvia-IFALtuLlititicu 

Imi@ufilvnall,fu',trulmwd-iFylita-rvithtnaullikm4-1..rt.r#1.1 (layer) 1.171E1101141.i 

17111711 1116611 '51.A WV!! 71 (input layer) irtlfti@I,4 (hidden layer) urricuL@TVivvi (output layer)10E1f1TWUGAItif 

411.111.AVitiVi (node) TN input layer Vgi'lai'lfil.14.111)1.111@4-1")1,1,1_15i1IFIlVY'ltlrliErril@Vi`Ufilfl'ill16111.1 

1,L3.11,141111@lMill'AVILIV1 g1Vi5U011 hidden layer fiTV11,011,1311:1411n1.1 node Alki 10 node gMlitl output 

layer filVitAl'atiNE1160i node alEn .71\11,6M-11F1FilRT1LVII,161,3i1,411TOM-1 S-118'1.17:d1,1,1.11.1/1@lf11561/51.1 

1,1,1YUIMII1EJ1:111 (network training) fiTIAWN1111561E14,1,1111qa@ti (supervised learning) 61/111.71.1 

ii@ziliviCiEn.*:,11-ar@lneon-i4Tu-gultmtrula;81 Ltatlidlt' back propagation elTVIi'UtT1Ttliin 

oillrifnultaml-tho 	 node:..441sigmoid curve VIII activating function 6111111.1 

1.5 crjula.gcoiviLmAnt 

utru4-molle,81 (king model) 
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'Mflif15511CILTIEn6tv101 

2.1. turtAlaoli,o6Til 

11.11]"1.11 fl.M. 1925 Ernst Ising Uai'llLvt.ru4na@liiijaliatnumrirkil@d-m@laermajvogn 

NflA'1"161711?I'lkW21@l1LUU4-ta@ll@iil °sing 

model) Al@ 011.1150@t'UlEmml_r6juiaLAwn1LaiLviAnIA IouretrinSiouaiLvign@Otiqn.niRiiiiiivmohl 

flyanttnaiwignwii:Joltl [11] A'lLLOol'ilquill  2.1 

A 

Magnetization with B 	0 Magnetization at B 0. 

2.1 t,i,olfilfrynni.ItmaiimAnCilo5tutioyltivniTtmlaLLA fT-rinfutouLaruilaollol 

otqn.rorjil T 	 too B gOatIll.RilliviAnniution tat m 

ilF1111.1LtitiL13.11311An 

@El-111161-13J 

v,'t.ruci7ivihrtintit.L.ata@liNera.moviiesiat,Qauuxualroali 1,u5ttRALoimairhitulliiilllieramomiNa 

LQaufloa..roculS1 	 $icumairdolfmv-iNmaulitimlnuw,pluatCduolAu 

[12,13] NaA'vl6fig-ikan@Eilliirtjmluvu4-moliTillh man5noBuiufriudJuLajLvignSi@mr14.1 

v;ItiotraiLaitvignldi n5lriluviVi 2.2 aaolFriaatuLaiLvign.kiiatnoloami4.J@oylual.nmainlAnili 

L6Nifiti IteutiRAmmulitmArrt'kli.illaiviii?jan-ntalm,a iin-p-ILLtItialivognlcuusiatv-Ja-1611lia-a.movn 

Nawativinyt,manyum-mvq4U 

laan@ii114111 -nifitnaMlaall,@6̀ 81 ,t1rmgm9.-mamlamilgulift,L11/51.9ASa6aneiVanfilatftv'f 

V.1471,, 2.3 LigiolNa6'116.u@ln-m4u 10 

int 10000 ml 
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21.111 2.2 fi-m-raitiluitaiwignaimilvawlaiik] Lilutlfillfi9M191.11,L111,Vinniution 

vtltuurui-mailazisAlcumfilrAiltiatimal,tnn11,11411.1 (periodic boundary) iTitridiuulnil-ma 

vinnlIvi-iihndtaiimammaatniuumrylni 

0 0.6 
co 

Z 0.5 

3 0.4 
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time 	 time 

d 	v 	 _ 
VII 2.3 LLOPIldifi'nuvihniaiwAnduutviulain903vmwia alowiniltanwultlioni4tiati0000 

All ;4414 	 ioxio 

Lriu-p-icuniiTaloi-11101@Autamliamaiunl@diliiu il@d-Nnicovrlann 

@@t-nnok,iLlaii 	 [24]1,P4m4nriacilaffiftmiLtui-iaa,01 1,ii@Oula.naimMn 

loEligiv effective field 

theory ilar,vieln 15 simulation 	cases study 	 eruilaiairdnnitruanii 

vtl'EruutlallthravulAii,tkan h-amovi-111,Cnu (sing &Lrim phase transition 1s [25] 

lignwmflamnocci5tuo5611Jui-ia@51@4f1 Lilagh interaction .1,112i5at11ltiutitauutuffilll lourrgu 

i-in111JoiLvigninutt@n hh interaction strength 11A'71A'NaA'vii 

@@narnAarilly-od-runomAltivn-minnnainviri4 ltil-rtd [26] rep'ti,A'ry-151.,.two-airiO@E,.,il.0 

otnamji.vignn-maniflun-AtIvima@m:mn 
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111..11EnAitilvt,6rwl phase oillltarimnotoziiNaril vtitg critical phenomena ulatmaiuNo 

Laimeavtlufii magnetization iliAut,11,1.1 XI EYUf31'1J parameters phase space CiAny-i 

111.1).ifi6ils-)ii@ltiy91-AH5166-Tvil@ network /1@566uu4-iaN1@;81 fiET191iin15vi-iadilvi@tdal 

[21] Winwmacilaviii,Lat phase transition 11@1 magnetization fit network vihIFJ 

a -imvi'Anuat ythAFLI kagome qs11,11-11,411A -Cij phase transition LUiviuvialtiNo 

network iltru'Avvi`ulisumffiliii,vivaitn l'u5ivr4 [22] ldignyi network ,wu pyrochlore 66anAlIA-1 

lil@WIEJUIS1EJLINafl'1_1 network I.61.1`U simple cubic lattice @:1- 1t17-Iillt@511@5 finite-size effect ill  

onlvuritiativrag-m- nt15-in,flni%-(.ici_luthiftQn156̀iilLiloiiuritrir network vil@Lth..t uniyersallu 
5- , 	 A 	A 	 A 

171.M 123] rinyi network 1,1:U1J?I'1-16ViaEJ3.1 OIEJI.IVIJLW5V11.1i1@ 111FITILIV111111111.111@1 (sing spin 661111171 

a-',dlesiallift.?ionmi,unnrititmla degeneracy of state LII.rirti 

@d-mrin 

ni5U5r,qngliatru4-ia@ll&B1 Lihriumi-run-inidtirritlAilli spin-spin interaction Lisiitlti 

interaction 66trtAu loti@lcaTtifl'iminAclutited@l model 66atvici51n551Jnl5f.1 phase transition 'UN 

model fiall-ruN'En15.4.i,nwiiveaLm-n. 	Itoiu [19] gnyrviafilmliT@Z-ril@y;Itvi@friivatA 

tntu vill@ carbon nanotube Imu@TFTEriTtlii phase ?1@561111.1 	brumvimaati,tihrdolal 

timuilaN1,01 arrzi-DEJ@BIllEJLt@l Phase transition fIVI`U -1 qt1.11/91,11.11INVILM@ndiswanwfwviln 

Ilitaqadn,n1-11:71.1@kiluvi@flniuoutrillAillitnoi,Mn 

u@n -inl-ruluk1ulmEr1P1'1amiu6A1-) 

1/1141-11A11.11 	 [16]1A6mininivmajultitin-1511-1 

Laruilaall@,11111,iillamwynemiciThuarit-livrah-invilut:iouLLAviu ilaniVitun56,11m1F111 

vil@ econophysics 	[17] 1si 
ti 

LtazartJT:-.;Nnkihriummaill 

nrite,vdtliiu 

	

	G 6trIEJ uot@EjLQE1 1111-ru'All,konLi,thitv'ilinalvuo111150.31 interaction 5:1)691 

,t1ALvirigut-Tuatuila-ari5t-ii interaction:.-,vr-hleiTJudivilki,ar, 

dNavi@n15t..trAuoniursnlaTiuL@1 Nann5UE.JvvrtAruann5ovinriu5iFili'floan#riarim 	u AKI,5rIti 

ltil-rufi [18] rrviitiAintqutfiAlviriu 

.67141fIFITILISJE11.11E.111,FlEnfTtl interaction 51-,1)6-111:1"nalliu 

lnulidnwcutikli'Ararin anmoT,LiAlLiALlAti [27-31] 

vto1u1A-i 1 

1,@;d1 141A1,1, twifitnilliiMINn-151E.J1,tin56iffiiini5lAstmilviiim@ivil@Imwilml model 

@Ejvia@onai 	 model 1111.15tqnviA$artlaltiON 	 azaTtri'dul 

wiyu4laa,01Z1VNniasierikv,v7,ioai-il@lfimuytmi 	 kt1Pnw-gilo7f1l128n-1 

aokuTitun-154-itiguLvuu4-ia@l1,01 
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2.2. 1.0.11111 lletliMilTin 

Imle11Ert.15taTvi (Neural network) 6ilti66mAia@4tkr6nvivrt116H1 machine learning Lor, 

machine learning Avingi-nmdlt@l 	 rim
4
T,-,11-6iita551lnAna..nt-armii

4
1PIEniIN 

Artificial intelligent (Al) col@ 

6t1l.IF12laJQMO°11@l6f11@5rle glinfa-111 

at-riut-mdrullotH1A toza-Rta-amoll,m-LtIlli@volailvAvollNa@@ranlo..qt_lwuulo,7,11LLuuvtil 

k2Fillvd11A'cucsa-lou6mluiliLillf,111131mTdi'uganilipoli,t@i1.15rhtivita,h12,11-1117hiioNLellA%@ii 

FitiLhiih@@n Ltuviti 

Machine learning milugl 5tLiltruT6vilavvimilmauumthitsilislut-maiciwymQa-lolvvffiu 

N,J41,-n_luPtq loui51v.64@lilaiiiioljal,2ivili1Uri1J machine learning LIZ') machine learning tilvt; 

41@fl-aim CAEN ml@L@n?m 	?i-nat,vula@Alknriv,..,Tramm1-11,1.11411v15-Ini 4-I661dniqdat1d`11J 

machine learning @ir,F7111iLmEiPrantiuul$1" 

Neural network CihqUivuuvriiml machine learning @-Rtn-12'Jlviti.A'Zinm5Erup5tLini 

vidn@l machine learning fl iiTull5tnuuf/i?hkom neural network PAD node 141@ Ivrtorcilithl 

In Node iliA'nwfut,Ltuifii'veilmov iitg-Ra 	 r .uvti-an LLA-avhn4-ru-gutil@d-1111,111$1 

-Ii-rt:ilAs1d1rsi-riii'-uTNA'1A16f113111_161 node 9i'btleitio11.1 

-̀imi•-'`ul-ruluffilLtiEniolfil..J machine learning 1111 111;11111AEJ1J5L'LflItli;116FIFYYTIJ9T"] machine 

learning 6@5 

viltim@unnu-ri.inli.inllicll machine 111.1 6@2-1is16u@tann ,-1 LLatilm-YIL active @EjVIO@OVJal 

vzfiviAllumnvi-ilwinl-reAuml@m1 

utruilaallois'lluvYTUALAc@d-mrin 61N5it66trui-ia@\11,01 Purruilar.ci,n1n-imminftiony;n1),L 

lluT4'ErrtiLFIErrii@lt 	 1,@411,1i@EJ active v,biltit,tilEALLYItlfiutifilthA'') model 

i-rvi51A'-aainlYni-H'ufiCritnif@lritilmlai'llTN machine learning 1,@\11111$.1C-26116/i1,11,1,1 

111.1[34] 	'l'J'J
i 

	supervised learning IvImiliatkatilifulrirthiviil 

OlouivinnvuTun-1511.1n-in-ITvnin output Vicuini@lt@IFililvii cr-gtAlLeruaLlavillItino-riau 

output ilqn9i@liTal 	 IlEA:iPny- ,QyritIti?i-ruiiolu regression 

model 	LotwarriTgnyi 	 66ait161 

Itoluil [35] e,s2uil'olkt,ntviv-i'daln-Ms-ilitinii@kialnli semi-supervised learning 

iakiailik/11,11U 6ot4@onvinni54-11d7t1d 
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LLatihrnwini@ti NOt-r15oonterA'EA'n17n'i8121vvilA performance fiAln--1 -1`6ji.ici l'ulitri/ [36] 

crAVVignwIalEiwYwiichljTminli@liippiktilmiirtun15 train % semi-supervised learning s̀ill 

VinNillmoi-111111111.1"HVVICAnialriuniiici•NjivnInim -rt% NmplviluerAVViefit_Hl 

3141@kia YrifAM,trviannimmuaTtruu@ta.nnl vt.aliann5mifianirritivz, 

.061ENflT13,1?ilkl,),T@\91-11.1 vil@ll'Anwru@ll-ruvviltiti Machine learning *1.qfn`liar-ii15,tqnocIii 

LAt-proi -41,A' 

	

	 Tul-ru [32] iin-I511-1 supervised learning Inli-mluntInun-i5 ranking 

lulTuiri [33] iin -I511-1 machine learning inathuOionI@lilatumn 

Lti71@v!,liavilztre,nainivhsntetiosiVQ1atin 

n-MiLL'unFiml F11.1 

Ittlitri(i [37] 13174n1.411t'fiveaonlIlivnje] torraJi-rittiltnzwillnn5 

ilivunVirm ImuerAlildfardmekkiavin-ml,MitiLau binary 61Elfin LorAll objective function 

iitariLil@i'viokia binary6vi~ 111 	 klILmTe,IRoadavtiviLm filLfmniLLazvhni5 
.; 	 el .4 

optimize llfil,M11:14-) objective function 1.11,Yrivil lulitin [38] iligt- e-iT6'nn%S@t-121.1n-irmAi@vit 

train 1,1177,1 supervised umi non-supervised model 

ItivillnmoArd Miiliirr1511`l machine learning 1.11'U tilun151116uvilli 

aJ~n~6vv5~vl>1EJvi x111 wortiktliftlw,aunin.1176mAa -W5tnourillaufliNlvdarlALtilm-YIL 

Tra6u Lto-imlrahAlltt,volEletsj&laiLmEroilm@Linriou ti@-It',117,1@6t.lesiovia -1911$1vri@difiltvilLmEnuu 

6@I..n66Acauv1S1.1 fitlioRyailmlaiolgn n15111 machine learning IrrthEl&MVTONI1411:5NR-J13-1 

elmtualolunlin@n11.1 6IAI5itioa.,JaCi machine :II% iln-nagrA'ol5out,t1@ivisti iLawamni,5-1 

machine Ov 

machine Tia6E.I6il@5u66Aw1@o1i66vVv16ariViin-1 

61i1-1 [39,40] 

ILm-rac2tIvillcifkriEraiaminlin5u,vivi6LIZ-AnLaIn@@nln- 11,NIJ@t`h 

luma -wkwurfilll 64fu maldu ma -w111-Zu malmi@l41 rifin -151.11 machine learningi,t1 

tht,Nritaich.dirmhuni5oFit.a.hvitmiutiti ItoilA [41] 9.,11 '.'ul.A'gn.14-In-r-a.0.11.11.41111,1,1n1514-n.nu 

n15141.77@v5-wv-vd@l 

01En 61A151tlilMlf151M1F11.1k11,101E1@d11&iIRTILIA'IJI/V11.16f-Tlaki@d11411Ji@t1 111111A [42] 'Ai 

machine Itinlvi-aEruilil5on 15 Portfoilo 

. v'E.a.1-Ina.nuifik14-11.11i71 machine " lc,jr11:1-aritht,qnoUtun15)LP5T1,1/1@stmd-nit,,Latlimi:A 

vroChnItAfiqn@f-InTIXItilTui'ff [43] es,i5E.1111ErlEr11.1f1Eviwrivv7m1n1501oInfiFivilln-mluoilviin 
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518-1 commodities emlvt-31anilati-uTuan'Amlni LLatimoviwitAliViltnE 

nmnowityfim11,141111.1@viRvivi@ltIlA 	 Nat-reA'uvulAi 

frirLiosiIani.1 pattern u-N@Eilliiimriacuricu 	 fr11,41tmt@liloal@ti 

1:ina5vralnlIr1-16'1@taloCANInclai 

Machine learning ETNrrtill,11115:1nr414fLi,wu@nra-rstratilviuimlocni 

[44] Wignblu,atvinlion-15'N'ulua-16maeiNIFiniimA'11-rtql 1-11.1ii [45] Will-1111115tqn9illaoly-1 

neuroscience 1111171 [46] lkuNnviMul-ru'N'ua-rin biophysics LLatlnInl [47] 1,411111114.1v7-nxitn1 

Im@TtialulnAa-lamffiltracatnn 	 classical mechanics baTtiliAlSnA 

67slvtluvixiulLviehtiLAnTnIlTd-N'tibaociii 

1,111411i3k1U1111NIM machine learning -iiiiith15.1n71141 LLM-umi lifmnfitforibilulAvitivninalti 

'Tin machine learning 1.11/1-aultin-mmiltivunlIi-rtranenAt-pratnl@liviAlaa,will 

Itrumtiol,11 
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talii 3 

'/E1 

3.1. Ttivounioaniitrul.15Ltmutrui-molloill 

Lon4laN1,@,141@5e,Iyuilaoli-mTILIAtaalvtlAn.o@loal5 

b'lhi1f15@1.11ALLFiM166UU 	Allititnotatual @-vv...3.1olvtlunmAri-Z-iatutu 141.1106246Anm@ting u 

Lot,n51,,o,o1A-riike, 

ofrijulthUrlootrimaiLvignviatl 

...(3.1) 

E 	 vallnetiolaTI1A-hi 

si.,s, 	i•-rd@laiTt.i tmAdWto95F-rit.riniv-i-wiTku 

1 ii-iWilviErvi'AcdiintLtuaThSinEj4t-iti 	 Ledu 

+1 LotaTJuamll'iiiii-iviku -1 

coupling constant liffinvmwranihnioZtimrilEn5tvdilathm@lc?h 

hl magnetic moment litimuom-rLaiamdlunqniwouenaltaloilucoi@ 

2iuni611i6vignintn..1@n 

i'lF1113.11,i13.1TE101,n1.1lajLVIAIIIMUtl@fl 

IMEJ55511/YlaILIPJutrolaSnAv,ixtrAuuLLIMAIJI0fivillciiIii-11,1,ivawitiaoal 

LatAna@Awislfiu,o.Jtrum.JallIfluficivroLgEnriud T1nNan-154-it7ngi-1g A'wil.e1m1inn5fi 3.1 dve, 

1,01.113N1 Si@atu si,s;  o@lii•Aolii@OnAriut,LatiNnyrovil@FinaNchvil@uritilAuri {+1,+1} 

—JsiES,U-n°1@tri7iiq amtvtligi-iFioav totlunleu'fillowanosivvign 

inEru@n 

vdmin5tIrutgiontnunrtinlvVi-mlillAail-rtA'aiali:4@ol 

5r,uukzaltyinlmAnatv-wz,4-)2111)(vikatilliiiminEnritifilmtupi-nuulLtanlilm-1101Ent-iu'riu 

g-riiiijunlwiJEruan-runi@leihavidTeitli nal6111 

A'1151Alf;1@lilfr5f11141.N1 

CA 	fv@ tlifT8 n15 mu -gu 	vi 511,0 a n @i 	€11161Giatn-i5giv-m1voiA (time step) 

6an@3112-RtejagiThivifil -fluTruulljfarAtruefrrut 116'7 1n2anirrd'11-1.1513.A@5V1'15n.ru2'-11.1.1Autilll 
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Lii@ufitim-intilliVankiFigtuLlm@l canonical ensemble r,i,k13..in"15if166tritil@nlaii 

exp(—AF I kT) ;AE > 0 
---> B) = 

;AF ,_<0 

1910 AE guawruffiAsultlfiwitti&LIATuaniut Lot kT 

AuuLvt_llottAvi-iliW11-114')Laoal 	AF < 0 otruv„-TtAut/LLIJalzhi,q@vitril 

Atruallal&iy1-1,114jyall-tn.-)ill.onyuviAiutiu `141@ AF > 0 Firm..1-Nt 

oBtritA7ua1.in15c4 3.2 

ioxio a'iluIouila@lkm11.15un51.1 

,?,IA 3.1 U6t,a05t11nnlin@l5ruttitive,i,2JgnYii)iii magnetization 

1n?ilin151/611- tn@swiTilu nif-n5ii 3.1 	 p 	 .7il?ilan5t-n/hU 

m'A'IsyruTNeithAvaiivin@tin11,21.nnn-15:1/6-111.1-iv-ingitai@o'hit6timrilEnkfTti 

gmAi'l.A-rvariuTall-reAVA@A'aln-militnEwil magnetization Z113.ilvi.11.1c§i@ 

Innfru 	 B 1111 vevartAnyilli(1@iffimninn151,1_1`Au 

i-irciaovinaniSi@iiv,),v1.11,1%ivi-i magnetization °H15L'I1UIAFJ1.166I1al Li.a:AtiPti-i network 1J-11/9 1M 

ilar,lnemini5.11@lfl-a-art.1-RtvikrilaThAtAtrwiniut 
_AE 

P frarailion = e kT 	(3.3) 

p„.a„sition lunmoTduvat-rtaTalatharttifitiqtimi,p-au viin 

qarvitg T 	pf,„„/„.,,,,kLilFhLiiinA' 1 eihikv,v1Jul.11,1JvtAstar-i1Ama@ovJai 611mdlesiall'4 

tliantattivilmon-na 	intrrulAmlf% ilatl,1 magnetization 1,4111,nA'11,16 vnnvtlixtivil 

fiv213.12i-3nIc1liain1miniwu network 

011.11,14Latoiamc1ii11U5tut11Jn magnetization ittlivtlultIEU 
.1 

qtuvu-,niviRm
4
thau 	 k 	Finfllfill'ml Boltzmann oil&LIAl?ria.mca.i@liikToill 

LLat -inn-mioa@lumwii kT Ltiti 1 filARA-Tillnwvill'Al magnetization Li 

511111.1Z1LS@nl2iinLa6l1 1 dol',i@iltyinWagumoun-i4-nnt-dit111.151,Ln5losi 

vm1ilim@ii76?ilNall4Fi1 magnetization 6trAtt66tla5iAii@E,.,114A'illa@*1'J 

A'@ Filawaiathvigninutan B Li,atinqf1,1111,1,i111@l5tUll T 611 en5r~1nh11?11a17J661J6VI~nallEltae1n651 

ail.n5offrotwitu6hotInnaul,villviriU 

aillay,Thumrrur,Ltlmnn(41.1) Vi@Ltuau(al) n-ffi'ivrowilm.nm,ajAnniuu@nlaiFiloJutuaJa11,1J 

Ci'@ucivrait,iallalLi7ovill'&il magnetization vtAuutnIall,tht@vivraw-Ja-116 

vivz,Wautwrituvi.ji7JA"-k 	 magnetization luddturdtivAttolutIvil@bi 
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vrinLAucTutihe,vntifiiduTtiltu@t,ifiunumiAnnitru@n@O °I'l.t:Tur:IAL'EAlt.S@n1,1,1qcuvir,Sivtku 

i-191ilLku,atfTivitIviliXfineloinualongn.friuu@nviitiiiamike,L11'utaLtlalma@v-aal 

Li42fillA11011"15-137.11#1@ii-11A'uFTullahakJ %1171-irmvioaouithunuffactA-iiil-rulk,inkl 

Iouvmauu$1-)078nnwitAuull,i'attaLviaz, -Aulthu,maiFilautimrliEnfiuo@lc7h171atpoiicuLvi-nlu 

,tilailimitinvnalgitgum@unn SUM lin-ITV' 3.1 losi1Thruah@t1 	S1  roily-du s,,, + S,_, 6115 

rrivl-ut,trudili-innii,@nlifil'5tvuvikm;cuuviii1NLLatLtiALLtrtnliorn.1 

magnetization lAvvillvItyt.4 	[12] n-15vio?i@u1.1JLI,n51.1.1tritvluniii-iFincrit1J5LLt-mi4-11.1Jci.1 

magnetization L-11AlnytfitPuLfdstit'hwiAnA1@5v1 lvitiq 

2- 	( 
ekr sinh 	 

\ kr) 
2J r 

ekr  sinh 2 	 +e kT 

looLii@leilvinT-iilimaivinlriliXN-Ati 1 Immo EJn6J1dh11 B rtutl'ALLthitl 	171 

9iwtJwiL.14-in411..nculonlafi'aTtiRtaAtruaolutviii.A-ruTu 100000 	aatviiJivtivaio 1000 

F41 

	

	 killil@1al1Nn15411,nalv-In11.1566n5un161JtrunI-whiisuritn1cA 

3.1 .z,1,11rul,Pii'v-wi-riii4-rt.nailA'v-InIthanuiliieamAlriwilvillviciqiati 

1K1,115:Aviill-ii1J5amLilLilErucvnutphl 

-11 

m=0.50 
	

m=0.20 	 m=0.05 

09 

08 

07 

m= 	(3.4) 

mYylk 
U sandshoe  

05 
C 

01 

03 

02 

26 	03 	0.35 	0A 
External field 

ztliji 3.1 (U1,1)61>V9111ZUU (sing 	10x10 LLatilPil magnetization 0.50, 0.20, 66at 0.05 

(14)19111.1a1.11^71.16'1V14'illfil magnetization 1,Lat'd1111a.11,11i1VignillElan 

ItlEl)h466fltfili7111.911T1flf115ila@lIVIEJTI.i5611153.11,1106`alf11501.161.6111J51,1nI1M91115E1491.110.11A'clinkl 

PROPERTIES OF 
AAMKHAWIRAENG UNIVERSITY 

USURY 



system II  

0.8 

0.6 

0.4 

0.2 

E
xt

er
na

l m
ag

n
et

ic
  fi

e
ld

 

-02 

-0 40 

system 

Th 

06 

0.4 

-0.4 

0.8 

6 

-02 

14 

aovioziouFraucInkm111J5un5Laa-) Go.mouviwnAonlwii'llan-runlmlt%ifiu5nyu 

ri-miAl,&110.1..ra.naitmgninFyu@narduuLvtialv)n1 5000 steps Liimlnlun-154-ioNviitin55 

441.1 100000 steps '4114111',,faviLILLaivoAnyt_l'Aucutaiall.t.lknEil 20 milvion-M'na@lviiilAil j'11171 3.2 

LoolFhavaiLmiAncilif Imuila@n'/Aru .:-',I.rumnw,11-iltlIcictunn5 train model Lor,5r,lytrilaolw.; 

17-11.1Thilun-i5vioon model 

system III 

2 	3 	4 	5 	6 	7 	8 	9 	1D 
-0 0 
	 2 	3 	4 	5 	6 	7 	8 	9 	10 

timestep 	 104 	 time step 	 x 104  

A A 
21.111 3.2 twolFilvinamainIgnniErtanvivtJam.aillalliniehlnai 5000 timestep 

4hEJ) Filaramahvigneaol train model, 6011) Fi1V141111,11hVignanq test model 

•@-intItAl91ln4'nrat-Igii magnetization itk-Ifinlitavaiuivvignintn.i@na.l'kuta.lall,t1 

	

In 	€`811AFii magnetization Lin1'tticrini,7)1.1171 3.3 @tviltilki-wl magnetization 

v‘-',L1fAutuoJa111.11tificiviln@li-inuLaiLvininuuan Llium-InatmLaiLvi6nrriulanilinvtlutran 

magnetization five,U1S;Lirt.1 vil@w-InaulLuth,v1Anniwu@niNT,thav hh magnetization 

@CI-15156-11.1 n-15L1J'AEuatlald'ufimA-11@:,14-rt.nuatiuLttoi-aLaitaiiEnn ,rt 

1-rultni@tlinm5u14,avu supervised learning InvhununnIvAutilltlalitAiii@t-V1,11 

- 	  
2 	3 	4 	5 	6 	 8 	9 	10 	

-0 4 7  
2 	3 	4 	5 	6 	7 	8 	9 	10 

0.9 

0.8 

0.7 

0.6 

To 0.5 

0.4 

0.3 

0.2 

0.1 

0 
 

time stop 	 10' 	 timestep 	 104  

3.3 1,1VO5fil magnetization cia.r4uivilaloaomnaimiaifiTualwouitahviAnniuuontuoliil 
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3.2. TUFIV1.11111@@f111,1rUlf15111-181.15ZIM 

rim33.2onuutaml.diuthta -ni (neural network) & iivinvidmAalriTvii.wirJutruLhri@ti 

.4,1,6ti model ni5L1m4L6t11Jlo LLazz,liT8nmil Ert.iLvuul,viti '4111,111-rulE.141.1'd Li4iMlill51011.1151f1 

Yi5TuFil magnetization Cricii nklluv),nNmolialja 	 ';1.51.1m 

'111,"Ovru,li model tlItt,nm supervised learning 	 input 	corrected 

output 6?mo?ienl51Jn -15 trained Lotql '-'Eft;i:61 anT8 nmlut4T01 networkloulivilt back 

propagation Imveini-J11.15-ium-,'LgtioviowInd 

lun-mla.gilloi-J network & network vzh11J5:.:n@v1:tgi-au node vianurm ;d4,1E-Rtoittl 

411 (layer) als-pitivilou.mnoinlriu A@Lturin5601,11,ti5tlii 3.4 LoolA'rn.itatiN node vii.119i) 
v 

malFr-hiJ7T,mwtnainti node V11VillOMIATLITLI 'U'6t,f1 x1 ,x2 , Lot x3  Iou node ve,t3'1.14Tint-uvrwi-i v 

	

v= w1x1 +w2X2 W3X3 +b 	(3.5) 

14.'1  uSEJn lhl 1>17dtd lvldn vilz weight uar,1.1 b Ltwil Bias vilo@lied,titivnylilmoi 

illa-an5m.li'unAtiwi-iliima@vivaa -Atruutfi neural network rh6'514-1n-15 train ad F1'na.RII11A3 Lyi 

rr-1 .  train LLiyuialU@n-m.li'uFillii5iiloci@itmlfilltiii,vanteia.n.ittLN 

v 	node k.:„'vTin-iTt.hFi-it 116ii activating function vilailw,l&iwp-nrrm@@raratufil y 

1,-Mqviveilifoljal,116"1 node '6ult-VIAJ ?rarml,i1EruaLn15111Ati 

y = co(v) 	(3.6) 

1V1S co(v) CiEirr--1 activating function viTwt:i1CjIMI2till ViLtri flTulanicaLaTii y1111,1111V1 

annvilat!i@ut,Frult.11411.un-151Ji'wii weight LLaz,-,' bias ..titrid-r)illi,tinqtnitA'l 
„ Fa 	non-linear Inneal gnviu activating function vitimilli

,„
nu wiLt function 	Sigmoid 

function 

9(0 	
 1 

= 	(3.7) 
1+e-" 

213dn 15v1 3.7 MIY15t1SIFY1.1f151AlgIll?iMa01,qtiill  3.5 @t601.r7'wininl sigmoid function vv 

@kftlefil -1 	1 Lvii&b.H•-wil v T;',Inn17@u,vilcourimiL 

W3 
X3 

Fivi 3.4 iLM node viilliiTiliVii@adminvin node ii-fd'uiliah Ltar,d1r.i-rtrilioada@@n111 [15] 
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21111 3.5. 66M11F1-ITO1 sigmoid function 

neural network 1,ci 0-1@tillm51?ii'-olouvi-AlilTIJiii 3.6 qilemmnutil@onlAAI 

owd-dth,ri input layer, hidden layer, un output layer 611111.166t1at layer @e,m1561ii node 

input ilat, output layer 	node Li,iLi,crati-J LoiiTviv hidden layer u-R@tii node 

layer 	' -lfl,f111^1@td41.11P1 input layer 	4 node 1:11-1941110611 ilLf.i111711@tiElld 

ii@v?ioi-J11,i'riti neural network 

	

	@irri.i'luileljaPitc,jni i1;,inuit161 node 1)4 @,)111,.1 layer eiobiLt@u9 

vuelaiinulkain output In 6114,tinTitudiMq output 

L-r-J  

Input Layer 

TN 3.6 669NIFI55'llIviEn*Atlist1N neural network 

iSialPilqavriAl output @@n1r1LLA'-) X12 neural network AVelliFil output itli& 

weight 6L 	1'1 bias 6tiz1(1')6@1 vrioViCilon - n feedback 	 lucifi@t 

ndT)Fliiiulltg iriiCiurril back propagation anligiviu machine learning liuLnvi supervised 

model aiTuu 

S-rmi'un-mIni'LLuu supervised learning vu ii-14-ivihatANIlmrkkia input 

network Loz,-11@tekkia corrected output 1,1"ijii`u network A'-at.i 	network v,-,14-1m10'-rt.nfuLLar,o-i 

output ii14-rtn6u`tihri6tilutAutiritii-i corrected output fiLT-rm.ivrinitl diatrimilutiLLAVNr, 

1,bil error @@ran v-intiurRn.hii error 1111.11.1i-V,Lfiin weight am; bias vii161111 network villifrg'd@l 

back propagation 

viA'nn -ITIIN back propagation rig@ 	output it in network LTIYinatit-ilA-1 

corrected output iilLT-Alm-ru@k.11,C&Ariyit -i'm-iflif network 1i5tinvi supervised learning 

in5471.rma51Jo11.mn4Ttrin g4H1Loiat node ii@ti FA 3.7 Lizilt-n5i- i..rgufi-i tS 011,51011.115f1 

64101,1MJni5lh,t1u 

 

"1-1  

Output Layer Hidden Layers 



4 	 (2) -1) 

11 

(2) 

	

Wi 2 	 W12 

	

w
21 	 21
(1) 	 w(2) 

	

Wt
I) 	 (2) 

	

22 	• 22 
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2tlil 3.7 1,1>VV11f1-15g1trglail g, untTii error Vi output node Toeffil  backpropagation 

e, = di — y, 	(3.8) 

corrected output 'dal output node i 	y, 113.11EJF1F1-1 output 

CI node i 	 win network 61114,in trained 	 lov-,inn .1111.2n11 trained 65"1 

9tRlowYNY'wi'1 	 e, 

g,.mluiat node i 

61= (v i )e, 	(3.9) 

10E1 cO'(V i  gaFi'l derivative TN activating function Lor,fiq v, 	weight sum '6@,1 node 

llu,11FT-ru-guvra2iaJn-15irl 3.5 litiLal 61/11.11A11/11111.5-1 a 	activating function 

CALIJanihvoano •@:,•eilNallgium@ttiriElluinvoi5itwklviin-i5vii derivative @dilidwini 	01.1 

`i'`tAn 	sigmoid function vi.lu activating function 6t11,510-11.11501,111 derivative biti`th..1 

cd(x)=co(x)•(1—coi(x)) 	(3.10) 

picti 3.8 !AVM f1156'1111C1.1fi'l S tiat'fil error node Piillimag backpropagation 

al@l3411 8,11 output nodes 	 ilvvi -rilfltIcjiwilti@tinharitil node fl a 1,11,11:1q1'1 

Lt,m11.121.117i 3.8 IouoliviLlug@h14-iti-goi-1 c5(j)  T@Tiin nodes ii@tivrt.t.i-avlii 	8;  (j) Al@ 

node PTA 	layer j o-amtuilmAtuaLrmlALN 

ei i1 
	(2)s 

— 	"21 	(3.11)  

41)  141.11d121 	error Tal node CI 1 	layer 	1 

w(2)1,Lat w )  II 	21 	 weight `Lht41 node tItiel 

8, Ur. 82  `anuill 	6:91
6ziN node Lu layer fiohi ifAtin5nliligi@ output layer 

Lij@lA'Fil 	LLA''J Zlgitntuvrwi'l gi(j)  Tal node iltmizoilamni5 
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8111  = 	(v'" )e(1)  	(3.12) 

ilaimil@unn5YinatruaEwitawilinn5ii 3.9 @nn&rwinvinlietitoimailijnil.ADuivunnv,.; 

4- tmiil node 	 iljeio layer LL5n -in input layer Lii@t5-1111Fil a,("tmlinl node 'tiled node Lou 

input layer 1.1166ay.-  tumocuvi@lAJAani5titit15111 weight Ii@luviat node A',11.1 

Alva) = a6(a+i)y(a) 	(3.13) 

Inviiviiim@i a 65EJn J lAl 1 learning rate IFiutlnktliXi.iFinu,.,itvrill 0-1 LotAlgi -ifilii 

winfiFillnAAEN 1 i-1,Awfl@tilFinrin 	weight ilqrt.lTtrdlltilFilvihInAFinfim-n•qttf.ltui-A 

3J In tairilNaCAtig@velaiiouaiLIFI-1 6w5lt1iln Aw 

Awi.(ja )  Alan Fi aiivahltitititIllFin weight ii@Otvr -il node 	layer 

a Lot node jlti layer a +1 isiln-mfi'cullIlvdJultivra.inin-il.  

(a )  = (a ) 	A cal 
	(3.14) 14 j,new 	 Wij 

IluelLfri5iii 3.14 dythatun-i5iti,41eilviulffil weight 	network 

input Lot corrected output lin LT-ianvtaIlliA`'i giiiin ii tint-vin11,1 network 11@l1516101411.1 

15'19i011,dil input uot corrected output 	network 66@l65lvia-iuTilfiou vilaiwv7-111X network 

121L51N-1 weight itinLgulii`uFriaRil 	 'n11,1411J@lfrI5 train model 1.1111AtIll@l121 

n5vtnun-151.15u weight ir 6wl3jnm6tJu6tmealn'15 optimized 

g-iviTtrikim@tin-n.@@nutrutuu network 11111 MIR'lflA'@11/7'1111516A11Z1X1fi@IA117131,1,1_15vil.Wi'J 

Irttilli7Ntd1NavioFil magnetization it6-)ai17h11 

66ti5G1uilwv‘ti6S@n11-11/713ifiA@ Fin magnetization fi67airiauw.7-1171.4L@1 G1S1dtd fM@@nutit network 

CiLtAnnna.fAy..dill.1 

int+1 = .f (191 ,  M t n11-1 ,  mt-2) 	(3.15) 

mt+1 A'@in magnetization ilLyitvlitriu lifimt-Jan t+1 

B, 	 CiLwlt 

Ala 	magnetization ItAtutNTL.T`u 
Cl
11:Jan t LotAti@goid@trvilin 2 

timestep Cinan t-i 	t-2 

adll`Wigrai 	 6111r1h1 

'1A5-iz,-kiNal41v-iniftlAaA1163.1-11,1,A'wiz11.1 

6umln4-1u-rt19%61J5A'11illilEALOi 4 	B„ 	m,_2 ) at4TLITLIC#TAll1501111i11,11E11 

(1116611 int+1 ) 	 PT11.41197M5V116'111,1,1.15k1.11,Lat'VY'AIWW1q1.11:19.-Mt4TU4101.11J1f1 
a 

tatal@m
ai

tmaLauln-15 oyertitting ''leila)FILi'i@lv'rull'A'5‘ttru network villi
v  
tl5tn@v1,1A-au 3 layers 

611 11Ju MLA input layer, one hidden layer, LLat output layer 1.0E.ii1Hvi1ailif hidden layer 111,111 
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iniTt.n6a.m 10 nodes @d111,5rwril.i 

g-nli'vniwiau network till ve,l,i41@ljalt'lmi4,11 system 665nl?i6.11-11112,friti network t@l65-1 

Lviti@'il system I 	trained data 11.1f-ml?ii@ki ja 1 mil network @tvilnwiJi'utilli-1 

weight villimm 99997 fill miTtntrual Input Lot corrected output 	Imu61A'uni55u data In 

t15`u1i51 weight Iltirmt,'Llultvimilinnii@kia*H1 system 	timestep 4 ilatlettlil@utivilill 

timestep 100000 .41@zigiviLo 99997 tiilokialiuml 

	

6iimi@pviini-i4-n7u 99997 	Qrrti-iliJ4TincuLi@tliv weight ti,A-a 
d 	 0 

LLt.iflln-i4-111-A-114-rt.au  1 epoch iivili-15n1.1-141@k.iaiilvadidnAiktilvarti network 

	

0 	 v 	 o 
weight vt

4 
 iumlYi 2 ilarAvvrinmlnlP vi u viinvymn 1000 M51 

1000 epoch 

ltilitrl'4't.iftvi.-hr,Vi-in -mfi'vt_lI1 weight 1;ilicti 100, 1000, Lot 10000 epoch olociktoj 

tluaviSn-wriJolm5vI-rulErniATIVrt1vl@lad.1@lA'Lwi train model ann4u 

maioim'Autao)alviil@biLii@olL4-rulti epoch ‘'lklIfoinfi5vi-wilfnlimaloLm'A@Lauketi@ln-15.14-rou 

99997 vl LLA-A1-12.nviitrum-rtAil@afiEruviltruuatInyiniiNavi@l1J 
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4 

4.1. Naf115111111.11,1:11UTh14IllEict.1111WW1  

4.1.1. virinahrui-nraunf4lunil train rivnilavianzorriania-muliivu 

q'H'EJVCA'@n network iiii4Tum„1 hidden node 4-11,11.14 10 node wilitTI:Lin-i5lomtvi 

izajalti system 	 weightlu network cti@li,5-14-ivru 100, 1000, at 10000 epoch 

ve,liiraA"viivilialmAtillii 4.1 IotAufmvifivtiluuviluu5rm-inin magnetization Ilicjnifoltiazfhili 

YTTuquI.A0-10,41i network 	trained 

0 	 -a-- 	 2,2 
0 	1 	3 	4 	6 	6 	7 	8 	9 	10 	0 	' 	2 	1 	• 	', 	5 	7 	 10 	 1 	2 	2 	4 	8 	6 	7 	6 	6 	10 

timestep 	 .„' 	
tirnestep 	 ,io" 

TA 4.1 IM914raflql train TII4Thau epoch iviititi 100, 1000, ki,at 10000 fitmilliiku 

tionwine; egi ''EJ 611 kith n 1 1 sf15-) @ 0 o IA 1 1.1.1u,14'illi7i train Ititi i'lF1711.1M'IGILPIADISIf1-11 

1:t.itrt.11,171Jal Liiartuvileavialotil.115 Iffitilii'viln-150.iLfitiFi-ifi-nlina-mi.96'vutelwah6iLatfilikink4  

f1.1 timestep Ali wailidiu,a011,141.1ft 4.2 
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1o4  

                              

                               

                               

10 20 30 40 70 00 	70 40 	60 M0 	 100 250 300 200 300 	200 BOO 603 1000 	0 MO MO 2000 4030 6C410 6803 TOM &CO WOO 10000 

Epoch 	 Ermh 

2t1.11 4.2 LiOmoiifililiflaionfAzirtialtii magnetization tiiivorrinelolaritrunleuhs+ni4 Lem 

i'nnufif4lun-II train vliz epoch 1.111.1411 

Li'J@Iirm train SIE.11Llfi 100 epoch titillivititivi@civz 

networklAilTtaillvit,fimitilifm train LOU 1000 epoch & network ?lianInvi-itiqulA 

-innvivil,117:dil 4.2 ?1-11115c416ntfil,Piq frii,fia.i4Tu-Ju epoch win 100 1,1J 1000 milo 

Adio14-rtntt 10 Lvi-roo4sAti v-ariltivii114-ii error 'iniSaiiii@tjtlIitgiqtuDDLoiDi 1 am1,1JoiSo 

vilEmpoimpi 10-2 141Da0a11,113cthallat 100 	ll916i4.1@0'1@lf1-11M-11.111,111.1611.11f141`U 
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epoch llign 10 lM 1 viruh 1000 111_161u 10000 epoch 9tIARAlfil error aallnloLifilluant-li 10-3  

vil@aowilulgnUtunt-Li 10 LvilLyin& 	 nmS@n2-19259r,li epoch 	h';@1 

magnetization Ilve,tariltliiiPEA-ivi@lrriwrliar,C6E.Jvqvi -Aviti 

att,guvann @-Rwz,LSon train Aili,vitla;Lnal 1000 epoch rAilullAi@t162 in5 train 4Ttiru epoch 

4.1.2. ditrinihrtiiiu'ru node 	hidden layer 

network111,111.nti hidden node Loinvillf-itAmoolLvAvuti lAuri 

network iiiiiTuTu hidden node ofinfili 5, 10, LLat 15 node 

rmlinrintilFriaiu,lit.dnAutiltl@d-1115vint,SonlVnau node Lowwi-oriu ?Tivii'un-mqvia@u& 

Ova  ili-itau epoch LYht-Th 1000 RllLvinrii.nr networki-wrraiflmoiLm'AvinolNan15vTit.cluvitiuuriu 

Fil@5n@Ao•-a.1 network ugio.qiT.lii 4.3 

511Y14.3 tvoili-wrillgia-wivi'AuutolNannTvi-mnoitilioluvriwilVillut,wiar,  network 

''inesian-i5vwaaufriVi @:,1111..i -1 -IRT-11..manovi`jutedol network firtThimnkun-ilweicifilaoal 

L5-g-&1 network '6'1.11 nd-r-Aa Itimi.A/21 network VI1JlYVEiJ 5 hidden node filM111f18-WILF16Inal 

1,111,97111.15:aricu 10-3 1irdavAgna@l network alliflAiltALL 10-2  LviTti'Ll 

tmSoirti@lvIn5nuiLhalwInIi.:1Ave,aoalbindl@o7414-ril-Ju epoch Itit-n5 train '4161,lieran5t1KWI.Mi 

71 network 1,141.10qo LoialillkorialLiwaItliPn network iljEtTui@titiaRtilfi-Viin&i-R11L1' 

4.2. Nani5v1'lculEr1a3lA5161iutilLimm 

th network ficsiTuni trained 1.111,1,1Au system I 1.111.51/711.11UNaA'1161,11 system II ifIlltitin 

7•-1 network .213.11.FIEJVITIvriolik.-(1,1.1 system II kIlviriau 	 L5iti9t 

network fir,ilurm train Lill% 	 Aann5ntlitilivinnullnr,vu'Airg 

Sivii'uNaniWitriEntiltalivn2.7A 4.4 vat,rui,RoL9u-iim-na.Adu6iltin15.vinnuilFilLfannn 

network MGJ 11dn 15 train 1717N'1tau epoch Inn& givi'ufii error li@luviazt,'4-ruTu epoch 

1:1 	 LLA'Tv11n-15mSti 0.111.111Fil error 

'',vril.mt-ai'vtluutilou'un511,111.1,7,1.111 4.2U orgYlni-iltlittteavilleti@IFii9iluatFilviitnnvialvuriti 
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Lilolacci-ilA'-nd'unT-AtiVil 4.2 111.11,1U91111fINPnliiolja1111,QÂu oivtlun-1101,S@nannlEminilvi 

aloamtutnaitinnIh1-anagii error 

0 1 2 3 4 5 8 7 8 9 10 	 1 ; 3  4 5 6 7 ; 9 10 440 	2 j- 	5 8 7 8 9 4 5 

timestep 	 emestep 	 timestep 	 ,0" 

d v 	 d 

2thl 4.4 tivoomn-ilviitrietaialt network viwri.ilv epoch wilfiti 100, 1000, um,' 10000 n11 

quilk 

Nan1I411F71uf1i error Lus'o@lii@k,ialtqtli7i 4.41A 0.2208, 0.0101, UM% 0.0034 ccilLS'IPu 

6111fliiila@q1FIA'@silnACiiEJla.oriteti-]1@@LooiiiiEnii`ufilin5TIAlitiFA 4.2 

network viTultwil magnetization ?rilriwvi-n.nulliNavtitn71.1..i -Adio 

(is-1-)Lvt_lAct.11,LIJ5Ivo'n' tfiNaoi@i-i magnetization L-In 

q'A'tilAviinn5ILm-ityl.fil weight matrix itIA'101.1n'1d5i-15tvri'1l input layer 'Aar, hidden layer 

1,1.1@l@ln input layer i1411.r1J 4 nodes at hidden layer i'N'Ttrru 10 nodes c" weight matrix 

4x10 CdEM.10111unfi5n v harviln.nliTt.luAi node lf,ini71.1..1 hidden layer fi@ticiv, 

1.711,1fti1tl activating function $ijuaiviln v 	 ioxi 	b 	bias A'snit.gi'll.mci 

Lilounirmarviinol@lifg-nli'uFiTu-)witt hidden layer iA'Ltu 

v=wx+b 	....(4.1) 

x Li.luarolnw-w) 4x1 sti@liTUT.L.',41 node 	input layer 6111Autaald 

m, 

Lila:0@n network ItsiTun -15 train 	10000 epoch lhan-iwiTtncigh weight matrix 

X = Xinput  

B, 

m,_ 2  
	(4.2) 
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- 0.4793 -1.0611 -0.5525 0.2172 

-0.0176 -0.8156 -0.2674 -0.1922 

0.5489 0.5073 -0.0328 0.0381 

0.3928 -0.2655 0.7194 0.4828 

0.9817 -0.0283 0.1352 0.5331 

-0.0954 0.5757 0.5680 0.4616 

0.6021 0.2322 0.0566 0.5491 

0.2967 -0.0164 0.0547 0.6840 

0.5815 0.3798 -0.0317 0.0332 

0.4358 0.5194 0.0537 0.0279 
A 

Tinnin-ivi • 4.1 •z-,1111,1--iFilt,L5n.o@la.rviin x@tfjnilititnu t-Tui.a.min -Auunvrvitt
A  
nolartiin 

w 	 vriniht,ni;i1111.1-)QtudVgi-ann fiLLmwi•wiloi-Aastrt:Knyelarvfin x T.L• 

?ilNal.nnoi@ network ell L'EAs11,1-1 n T-nA 	t 	Lvi r, tYrti anffin w 

.dden 
	(4.4) = [4.2057 0.0274 0.7032 2.8347] 

rol 

input-hi  

1.01.1WietTvivqi.Awhvi1uNaTwu@li,LtY)mmtliviFinInni7i?jo ii@ 4.2057 vih..iLadeviv..ihnl-illi 

B, vl51d11 F• iletruiLajo46nnitn.2n'ililNaviur-iwtiatmanJaml magnetization lunaitioltl 

1.11n .fiqvl ?1/2 .1..lin115olal1.ntig@ 2.8347, 0.7032, LLat 0.0274 ii111,FIEJThlfTUMt ,M,_1 , 66th 

fo1'11.11h1 illf1P10 	magnetization fi6'JanN171.,A,Latnalriuul1lic1& 	 magnetization 

m1 _2  2156§11Filfiatilifill'I6IN'EJ166Fi 2 timestep 66sinhiN1 

100 tvin vIlnin 2.8347 al.14.0@ 0.0274 LLatiiiii-NmyruviAilitilL 

-M1i4-itill.SizoiNtl-wil magnetization ?1@trviu-rnio7invil,1@anIiiltym train 

1.2n6vil@vmNan1516mnr,g1ndn' 	 network 011.11101,411411.110ALLACA 

611,9ivivlaolriu network bin?i@lzlialy uvildivAA'LlilEruCtlEyiyil network taytilvtuve,liFilRymmaio 

vla @trA 
A A 

lo Nam5mauuLoolmVy 4.5 

/1/ 
 

( 
hidden riodes5 

Winput -hidden = 
	(4.3) 

0S 

	

6.6691.61 
	

05 

	

Mdrion 5006. 111 
	

1 

  

 

-Mr +41.re 
plamelm 

Sodden nOde=15 

  

   

1 	0 	0 	5 	6 	1 	6 	6 	10 
	

6 	0 
	

1 	11 	4 	6 	6 	7 	II 	0 

	

limestep 
	

10 
	

tr, 
	

timeslep 	 10 

.? 	.4 =I 
Tt.hti 4.5 waniTii-ruiummiv network V111V11.1111 hidden node tviitiu 5, 10, time, 15 node 
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A 	 A 	A 
0.2yriniwywilfi-anwaiovlaauLQatmar,m-aiRalovia@uuntilA'leN (variance) limila1.1 

network i'1JDi1dlkaA'llamItiv1"151111 4.1 '4-,'LlirtitA'- '11,i4i@ network titietiiim-rwirtiaktrtiou 

node ii@Ei ti@z,l,A'i-w-numawLF6'otn.7@ual 	 (sing 

• otillbtivrw 

f-m train 1.1-nn -i twilunnwionvelki-rifruoll'814nu-rujsini train 11+111"1.1M0 epoch 1,111611 1000 

avi 
`• Z5v1-11,1,i network flIsil'LlimlikEin-HiFinlT;vtlinM-illfil 

d-iwyww-InLfivivAgi filfravaavafrilauene-aool 

4-1nu hidden node 7 Ax2 Ax,1 
el =

1 i  1 

N e2 = 
N 

5 0.0046 1.4534 

10 0.0091 2.8712 

15 0.0111 3.5007 

ornilfti 4.1 LIMOlf1lA111M191140111,QSEJLIMATlaJAa1011,f1 aut1i6IVN't1e15 network il9011.11,1,111J 

141@inei-runi5 train 4Tu'Yu 1000 epoch 
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cuvici 5 

cucinaltkiaziwuo uin 

5.1. 1.111111.1111ilit.MUNOU5°,', 1fln11"A/U 

r,:fl'ulA'14-inn@@natulttrulmletilutltanin 

61Ai@i/lwelhoTe,utnanlun-15 train 6dElV17lfl51/i'lEJ WIfIttILIP'ulAvlin-M'laol5nyuLLttAla@l1@;81 

$17 tf-V tin Fi 	nnllinnwinramo_ru monte carlo 101,k@nt,vutitlel'r,uu (sing 	 ioxio 

v-in&lAviinnIdilotraiLialolninEfu@n@tinleimii.-111.11oENFiwitIniLaiol6finimaraitAutiwtial 

magnetization 611SIE1I1661.1841.13.nfflom-aal TZUU (sing lAfjnaN41.1 

aolutruillrvilntralluivvignmulanlahvilf% 5ntwinw,vri:rillfticlune15 train ll'A'riuTnulm511i-iti 

Ylene~n66t1tl'd-atiutrui7iamty,rril-ancogla@u-i-ittrulmlbtiluffkin train vinwuumnli-v&i 

Li7184bi 

vIne4aA'116:11'1$1 RJdvVtJ J 1 Te,cuulnwtintiaiammintnuin magnetization 1.1@m,truilaoU 

'17T'llCrilaiLmum-ruimplo ,-11,1ntuuirlia@ainri@ou louilFilm-rwRaw6R`Aotrttn66Aulann 

'4114-11,1,bnin5flaIlflAcil rm115tNnAirmf1-r1na166I11JIF1516tilEJI_JUOTV1 011.115fl 

1.11Invht.nuil magnetization /175661Jt10'1llal 	qii@vd-Joamtwitia -ILLatvivuulnlcuni 

viPullivrarTotriTe,mknllnu'A'Ejlaviion 

31 n-h 91766115tlesiavi@ii magnetization ik,ri Fine1oln6116iii6npluu@n `41.iiiNaannfigo fiMM11.1-1 

1A66f11l magnetization Itedtla.,iiti an magnetization ltAnnii8tIvniTt:iI.ILL,Yru@ftllidlesiakfm 

vi-u-iman cfnaJcililkiTLIM_JwiTIAnYilmofittalini5ii 4.4 uatIgulkiltlFi-riAnyiiiwi@ifiS-ifitylilLtu 

Nah6.sti@ln-1 train 1-71,1.17?{LM5 4.6-4.9 A'')ti 

5.2. 4101,1,11t11-11,012.10124 

tilild-n.A.11nnALL -11.1f91@n-151tioi@ltid-ned@sIn-15vtiStruti,Ilalqn.rvirgi 

li1117111(151UfilikEjuAT - qn.mr,,iiileilNai@in magnetization @d-111511miL r;4:1E.J -It.`1,1C1IWZ9i@lPf114-1'k) 

1,1115A1Slat*D 

lanv-indEilill@nolvunm@l5nruLLa..Ancrufikol5r,thAoi@@terarmigntllifiLLFaildllu 

mcirdoluutrwilliliiilli4-11,NA@lgnw-ILLA'-mAmte-an5gwriNmatnN magnetization 

vit-mVou toiltin5n1Crii-rtnuNilyinn- nh -  

Iml61itriJ5vmmdlun1514-rtrE.Uvi5@Li ,toinniManna6@ni-in-i5gnv-ilEnialtrItur-turywivn:11 
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