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f or exanpl e, econme standard practice in
today. Hgypmeﬂlp ﬁgpemgu/gy:omﬁgmgqml co:stwésc@%\gnb gunning such simulation tools

u onal cost_associat ed w unni n
is ofte ARV PEYert R o BRES, Afcsaibhdlinkeciouptl sERiions to discem an
optimaB8&ighe &b addreSMhexOiBlid Ghll TALiRARYIEd R BptidiZafHS chBineers have in some
di scern an opti mal design. To address this issue and

cases deedopddt satrogpe onhdets thptarercomputatonaliy gitimeent srohustearidnean be used for
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surrogd@é floldBlks RaA Be IRYoThed bieth o RakdhleBaBBitH Todae dpoten‘ually feasible designs
hi gh-fidelity sinmulation tools on sel ected desi ghs.

and to rdh@tlfylsﬂpmegaméﬂqnmd@as le3ln be incorporated into a search
|ne to | oca nI|aI asi bl.e d ns,and t
S oyt 3R e ing GisPRioh nhuref BetypriB RYRpARAL fifesRpe Gaussian
processméﬁ:‘e)I arB gvﬁl%ﬁmoﬁh!fsl“ HeNaot hita1d W&‘g“ate ﬂ%ﬁéﬂﬁ@éﬂr@c’ue will vary based
regression, Gaussian process, etc.) are avail able
on the spedHic. problemnaysitthe angingsirs esp«cmemga{behmdé lthet perfomingoee of the various

i bt B SRS Rt LS TRER LhePha S RaP e afcesin o i
availabld'BoMaNRi o develop the surrogate model. In neural network modeling, for example,
an over-trained neural network developed under sparse data conditions will memorize the
training data and fail to generalize well on the unseen new data. However, an under-trained
neural network whose development is terminated by conventional early-stopping will perform
poorly even on the given training examples. Traditionally, the prediction error of a neural
network generated from sparse data has been estimated using resampling based cross-validation
(leave-one-out) and bootstrap methods [6]. When only a single neural network is employed, the
estimated prediction error is usually quite high.
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techni ques can be expected to vary significantly when

only a limted anount of design data is available from
wakioshi2el devel op the surrogate nodel hi neur aPCTES2008/656894

nodel i ng, for exanple, an over-trained neural network

C%ﬁ‘lé)%{eap%d Silﬂn%e{l lﬁﬁgﬁéﬁffoﬁ@ %{CSI%E] q{e{\’llé) Senvglellnﬂegecq?erri %Pmore robust

ralnln ta al't 't o generalize we
surrogatd sRiel fb?V\bcﬂﬂilﬁmg HowRiped predictionsl eforh rcﬁivét@éj niviube| networks. Many
net wor k whose devel opnent is term nated

studies i thieaich erearelatedrtp ynoorpaspii vegraiming (ap@blgwnhﬁqs@@mpwlev Efr8], negative
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been pa@ & sifrogak andiRdRRRIPnRSE fromispase!@atag resanpl i ng based
cross-validation (leave-one-out) and bootstrap nmethods

[6]. When only a single neural network is enpl oyed,

the estimate o3 B! I ' Y uite

hi gh. Conpar egRﬁfﬁEﬁg@pEﬁNgF t@?bﬁrﬁw ur al

NEHMRE KnBRSEHEST tﬁé (8oR diRIBed BRUSHmS R RO BE 8btﬁﬁ‘1@§ kwhen the

oo B STRLASRp S LR B L T,

which:j ncor porative tra| ning (anbiguity deconposition [7-8],
negative correlation learning [9-10]) and

Fig. 1 sheve et ilustratovesiurragite model deydlopinent envirghmentut | ess
attention has been paid to surrogate nodel devel opnment

Fig. 2 showrms jastati atxpandableercbi KGR HTAbINoORantHe nDEAWANGS]; A
better understandi ng of the various discl osed

Fig. 3 shotys dornie of the pannizeerothabdefo thdepahdubld pibé dedigrgspace;
detail ed description is considered in conjunction with

Fig. 4 it B¢lofvharowf agilldsteative gsol comstibiicimethiod usihg 3wl Agtwork based

surrogd’r__éfn‘dﬁélr ative surrogate nodel devel opnent environnent;

shows an illustrati ve expandabl e screen tool

Fig. 5 s%#ﬂv%%g bifush Qv @Rion R ttardg eafse selts Fig. 3 shows sone

par aneters e exXpandabl e pi pe

n hart of an illustrative
Fig. 65?’88’?%6@'@% etrfe 1%?»@318@9&%5&5 neural network based
) urro e node shows an illustrative division
Fig. @Pwaaﬁﬁltgtr Lye qnﬁ?@%&b@*@ﬁ@wep. g. 6 shows an

il lustrative neural netwgrk architecture; Fig. 7 shows
Fig. 8 shaws pp iJlustraiye detemination of lacakinserblgse: Fig. 8 shows an
illustrative determ nation of |ocal ensenbles; Figs.
Figs. 94D iustrate therrapde! prediotisaee! iodasal enssmbless two | ocal
ensenbl es; Fig. 10 shows an illustrative gl obal
Fig. 10shewsran éluaﬁr@metgétd:tau ersemble architecture;

Figs. 11A-11C show an illustrative global ensemble’s tensile load predictions as a function of
axial spacing and holes per circular row;

Figs. 12A-12B show an illustrative global ensemble’s plastic strain and tensile load predictions
as a function the hole dimensions;

Figs. 13A-13B show plastic strain predictions as a function of axial spacing and holes per
circular row for two different global ensembles; and

Fig. 14 shows an illustrative global ensemble’s predictions of plastic strain vs tensile load for
selected parameter values.

While the invention is susceptible to various modifications and alternative forms, specific
embodiments thereof are shown by way of example in the drawings and will herein be described
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Figs. 1IA-1 1C show an illustrative global ensenble's
tensile | oad predictions as a function of axial

wapasiimy2and hol es per circular row, Figs. 12APAPBSEN056894
an illustrative global ensenble's plastic strain and

in detai], §F sﬁlouf“d l|>e ﬁ%’gpsﬁoeo%l Eé\k&%géﬁac‘t tRe E}é]qglgs%dtdgﬁﬂg@ hgscrlptmn thereto are

di'nensi ons; show ic stra

not intél{d@dltﬁtlirﬂllﬂﬁhéiﬁl\@nﬁém% Itlﬁﬂpﬁ‘flcfdxﬂ fdrms giaclosgl, dud ohdhe%,ontrary, the
per circular row for two different global ensenbles

intenticanig tq;ucgverla«ll @hé\ﬁffatmma Pquy‘é‘atlﬁﬂﬁft ancbaligraasies Elagidinsthe spirit and
dlctl alnv n e load for
scope dggfeepchseeB ﬁlgF%}?é)tagr va‘?‘hbey einae(i ﬁlaﬁrlllgnvent ionis

suscepti ble to various nDdl fications and alternative
forrrs speC|f| C enpediATe g@kﬁqﬁoﬁre shown by way -
e in e
ggsr ?ill ~net rikrb gc{ ?1{ og% e rﬁgg IWO}IJ ﬁ(l; h{ggﬁ)ﬁ% are dlsclosed herein,

e un erstoo

along wiflavaridig a@pﬁdﬂt1ﬂﬁ§ oﬁﬁld:hdﬁfragéte thodeBC Degiphadnfok lnes eulhen ahE' a sparse
not intended to limt the invention to the particular
amount gf datgi is Avadale (diitpasys date cenditipniny someembadigiantsopt the disclosed

system% 8?& mé odg‘I c!ree{fg ? 5lcc?ftﬂegﬂa§ neﬁﬁoltlf(sv éiuﬁl&{ 3n E)grtlon of a ?parse data set;

ernati ves

generafefor Ra@SE&MVariony Qﬂﬁltlcdb]@ﬁvd Gl dtiofs b)&et hﬁn&ﬁ@leﬁﬂi@drk ensembles that
cl ai ms. DETAI LED DESCRI PTI ON Vari ous neur al - net wor k

minimi@aﬁ@orngleirqhi@féitve fansdien; &9&1@5@ faget ¢It§ﬁmhl§tfrfw@| §agly set of ensembles based
on data nog r1]nc ScE:a d% g{eetraﬁ%lgg :pgo% cp co 9 g%ub%epc\)lé{[ﬁgiocgresnsgﬁlbles to form

gIYRea for SUsE

a globab Bideffdle rI‘hiHprﬂfacﬁi @ﬁaﬂ)lésﬁlsag’ea(bﬂ lé%k:ﬁcefndldaﬁﬁﬂfo@ rrﬂﬂﬁ-@tage validation,
condition"), some enbodi nents of the disclosed systens

and a camrerhenﬂwBerfqrn@a@eemaaqutﬁouhatoprowém morqwebwes rhiredietiazis i the voids of
ameg S ‘{)ortl on of a sparse data set; generate for each
par F S04 ous nul ti - obj ective functions a set of neural

The ks ncRfts ERFdRR chdtaibléd MhyTbe ngeﬂeﬁﬁedﬂiilﬁg e@iHi@siaty §election based
function; select a |ocal ensenble fromeach set of

on a rowéierhtitative Hselibrothad @S&glﬁﬁoﬂlffqli@lt utieighting tfavéors rtqi bdlange ensemble

roce and co e t of, the | es
fdelif §8EERK I "B ARPRUAL s By Sonsis SR oo TREE, Eg ambieuity
based &fsehﬁfegs%lecﬁém @FCARES). Mo 8pproadht is dsifaem ﬂ&h'(ﬁl@érlr@;ﬁbrte@rﬂi)proaches
a conprehensi ve performance neasure that provides nore

dealing withy gmsembifdnelﬁtéfdotngltwbj edtizve Jesirning siichpia mmgmgéba@eulaﬂzed fitness
neurg} nhet wor ner at

functloagﬁ;]g Il’lélil,lg}lﬂ{lg Brediction errars (?ngli;.f)sfﬁ gg@(]tradwné data n01se agged data [16],

optlmliﬁié Eﬁseﬁﬂ@ﬁ%ﬂ%ﬁoﬁ %ﬁ?a’c? And RRMbessdte Bk &i’vérgi%? F"V‘] and optimizing the
wei ghting factors to bal ance ensenble fid

type I (Casopasitiviey andatygle Hrﬁ&lgmmdgytwd}krroml for patiesn slakm!ﬁlfzatmn [18]. Our sparse
e oAEL0 Bl ERTBE bl 3 oA BB e eeion
combirftiBR 'schGROThBEr ARR" RA6H8BRg / training approaches of other references. The
combination of local ensembles is beneficial because the local ensembles provide multiple
solutions with similar results over known data samples, but significantly different extrapolations
over large voids outside of the available data. The global ensemble is generally capable of
providing not only an improved prediction over the available validation data, but also a better
generalization throughout the data voids. Compared with other methods in literature for
managing approximation models and improving the model fidelity in the trust-region through
evolutionary optimization [19-20], our approach has the potential to extend the region of robust

prediction with low-complexity framework.
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dealing with ensenble related nulti-objective |earning
such as mnimzing the regularized fitness function
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controlf\ei BhEeBEMBre fﬁbﬁt deviides 108 iand oﬁtfpu{ OsadesaNO T @ftwae is stored in the
benef|C|aI because the | ocal ensenbles prOV|de
compummmtsm BSMOLY Qr<exgrutionshynneagr meare proeessnrer Thengafivare configures
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The exPhIﬁiaﬁlétﬂﬂ)@ iSHEMArCEE é—g-l%ter}eﬁl%m?%ll REREN BN 1§L€§eﬁﬁ troriC&hd @bftrol in oil
paranmeters for further analysis and/

and gaj ppddention. dkyipiral Well skdens mafudeea sybstae rhasmbxpdlwnﬁna‘%ﬁnd:shd rows of
di ct ons are suhject to further oCessi and/
holes pREpTAS L NGH AraieBel A ieyp PSi Hekp Tierinegasdia dispyied extemnally on

the bast B{ bRlifhg l’léﬁﬁl quE® h{éﬁ%@éﬁt ekftolhPf & @5:?1@ sc‘i‘éena\méh a fixed cone

ogate m)de can ayed grraphi y to
methodmskwy inbbg wel ey phacg fhic sa:keteﬁrm amtinuat woinactswish eretidretalld yvall Modern

salrchedlnternal tothec uter to identify one
well copp EUQIH FYSRINS pga} dnstalk 6)fpaggqr1m$ ISEISERSHIP Wu%p the moblllty of the sand

within fe9BrrhdtRl IitimId ML BLduPRnce of borehole collapse, facilitate production control,
and provide zonal isolation with increased internal space for the tool string.
Fig. 2 illustrates the operation of expandable pipe. An expandable pipe 202 is inserted into

a borehole 204 and expanded to the borehole diameter 206 via motion of a hydraulically powered
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nodel . Wen verified, the optinmal solution could be

di spl ayed to a user, or alternatively a subsequent
wee@sas®2roul d use the solution to detern ne aPCEES2008/056894

and tangible effect. As just one exanple, the optima

oo A BEASERE B S Rk T R BB, s
o SRR O B P10 s 455
Creerpriddisktinamparshable steen dlgsige inodahsion fjbme phthe base pipe, which
may R0 0B, LBl oSl gnals, for cont ol Lng . PO CBLLN0. ucuring
factorsb(:)(:)n JgslthF) éegpﬁrgﬁe %gglgﬁ gﬁb(?dgmgall glg&g@ Qggvgiﬁatlﬁéh bipall§idn rate while
maintaminy ehe amsﬂa av&l Icoﬂapseestrdngﬂnt of Sthelsﬁrfdratéd)rbasemdpe Conventional
engineGRcAED e RIS Yt%ﬂveafnggf@t@h\an %@%%ﬁgg abrisdFEA) applicd to
e U R VLAt OB SR ki oo o
Rl st Loday 10, expan a screen wi i ﬁei S ied cope. o
Thus, genandehle sgipen Hleciga Wl | betyse| agc cpfe SWEY BF digcussed as an aid to

unders’faﬂalhgﬁieesu%gﬁtggﬁod\g &érglgfnn ethQ c{ QH% SedBlrein, Modern wel |

I ns expan II]ble screens to
P\i@dm cshotvl egemﬂetrid pyrafieterd dors amphnvlaﬁlblbmsé heipd. Ofteahblenis generally
mze the occurrence, of borehol e collapse
ellipticaln ilh ¢ a0 biihe der B TBHIOF 209S, TERRELIKT MNPée Zegver, that the model

does n(g??c#%'tﬁgi‘fgﬁ]%g %}{?[1 fP6E ebtglt ﬁlﬁﬁ]ﬁle ‘?‘rﬁﬁ&rg tAht% 9% erminology

ustrares the operati expan

might ¥ ‘flengitdirakpmddelrtenferdpeiaPCkes 8 ahd159The @anaﬂietbra is the axial spacing
borehole 204 and_ex anded to the borehol e di aneter 206
betweep;the qiseylamrayss: andyHiadd theaumbep ohiplsadrpsiierar g khe initial pipe

thicknd3§ ??yﬁﬁn}%hep g'{)or 58 ﬁ%ﬂStﬁ@Bgﬁﬁpr gbe??gﬁ d oI %hgtpgﬁmeters is 0.25-

0.60 incleszTier £ arl Y1 -4 iidhes fohe ald 318 hokgEs: HBCO Fl ex,
Ver saFl ex, and SSSV. One crucial risk in expandab

Fig: s flowechag of an dlostapibiedaolidepign meetedd. Beginpgdn i@iqsé 402, a model
is cons%gt%g tQ p¥ec{1 etstﬂ? ttocl;lr erfo?ﬁ%&pee %oﬁﬁgﬁerte]%: v é:g ar Zﬁl A Ehe ? 19t1ng FEA

model gmésmﬁd rdl® mepms infdtlef dkes! R, follh Paramletef@in ﬂhesclegi 1 space as input
allows a high exgpn5|on rate whil e maintaining

variablese agdl perferms acvimplafioe tsmeasien e agsulting phastie @traunemd mde load at the

Cq ventlonal engi neering approaches primarily
gvmuﬁkﬁ%pnra igh-fidelity finite elenment analysis (FEA

IR plick @04 | tBe Ehging | B thel dhetheAthi£mBaelas tdo@nlAGE e EE whether an
pi pe. However, since the cong@tatlonal cost for

excesswgd@}qun‘g of glmq yH! bprrgqqu'qdaﬂo i gxplare gl sngtlon space to identify an

optlmal?.%)ﬁ%t?(glt | 81%@? 159 ot tgrgn ﬁglgaglse?;%c%??q erbSémgfétea tlée togI’%g%rgonnance in
block zmtstfdydmﬁbnd parame e dalass @il ah dptitalsleicn i8 Adtinfificd heblock 408. The
surrogate nodel design nethods disclosed herein. Fig.

computgr disp g@mnmql éolpmrateeﬂle esgihenr ieppwkddbifer wede ipplementing the
tool. InTTHee prhesenef‘ case sgud}, e opﬁmal solution will be one or more values of parameters a, b,
s, and HPC that provide a maximum tensile load while minimizing plastic strain, thereby
indicating the perforated screen configuration having a minimum chance of expansion failure.
Depending on the complexity of the model, the size of the parameter search space, and the
step sizes for each parameter, the engineer may determine in block 404 that a full exploration of
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elliptical, wwth a and b the major and m nor axes
respectively. (Note, however, that the nodel does not

w0 e@silt®2t he "nmajor" axis a to be greater thanP@Es2008/056894
"mnor" axis b. Alternative term nol ogy m ght be

the soly o%n%iausj %1{1’16% Q&’ﬁdﬁl&t&%ﬁ&iﬁ? 13 EHtieeﬁh;le.aI)ﬁetﬁataev%ﬂﬁ abs&rrogate model
e paraneter s Ts the-axlal spacing between the
construGliéit prodéssr418sis patfomiddGoi ideritife anuudiesmalfer Babspacepfor usage in blocks
circular row. The initial pipe thickness and di aneter

406 and (88 finysemeceorhadiments, thio subspace corysts oh e prargisn¥alugs identified as

. rameters is 0.25- 0.60 inches fqr.a an S
optimal R AESuFats gkt iup b e TR et BrIOH ety natthe sotuion i
at leastfal l60BR dptin@fn wihud. | | ust rative tool design nethod.

Begi nning in bl ock 402, a nodel is constructed to

Ppoceshi 412 haginstwith the epgintesrabiminiag amparse fata getdsam thechigl-fidelity tool

tudy.., the exist] FEA nodel  ser v [ S. rgle. The .
mocel. ST SRS bR il TRAY Q12 1A R ftyng Yo obtained for
use in &RBPiIdS dunPihte WiddeRIihese 626dHla PSihisGld¥e partisibhad iatblsuk 416 into two

nmeasure the resulting plastic strain and tensile | oad

disjointadata ets.ghbars 18x35&m of the dasa pointsi arp ewelidesiDitomt the primary data set and

i neer determne ther this ek, ;s . too. coml ex .
wsed 1030 gh R G 55 AUES DEScrh ok TRO7 27 o BBy BEBU Pt primary
data sef, Q88110 Yeltat poirts bleYpu Xitb MWicsek HiRiadPdiath h&ﬂTﬁep?&l_ﬁaﬂyQiata set is then used

identify an optimal solution. I'f the nodel is not too

to formconitipbxirainingsrisuusing & [‘leavcat/enit’t approash) meanieg thet ardiffseent selection
of H d%gpsljﬁ%cilé %&%’P glllt}cog'rr?a%gr;ig{é%tnstre% i agl%ﬁgs%ﬁb%/ﬁ%&gﬁ%@t l%pr%ﬁlléﬁg gert]s were used,

each h &ita fbiaRd] ays the optimal solution to the engineer
in block 410 for use in inplenmenting the tool hi the
Fiig. és ghowscadatasseutiys ilhiseratoyg thisaprosess wifisobdividing the dateeset. Set 502

g0 o T TR Sl SR 2 e s .5
and HIC 2aldi tvoSdlémbits f&MBE PRtik RFhiR3InH Nensi1B Elo&?&ftﬁﬁt@%. &dcondary data set

screen configuration having a m ni rum chance of
504 comtejrandidate peintsithas. haPe beendiemypvedh fioheset 6 te firmyprorharytdata set 506.

Eight ERESHL oing 475 ek S s DA AR i AL By S, k2R random
selecticﬂ%f%‘iﬂdi@pé)iﬁtsti‘rd?ﬁ kheAimdrh@htaded Ul | exploration ofthe
sol ution space with the high fidelity nodel is

Renfremgi tbl l6g. #nthehampeterielecs pwametgatte fonded pool of neural network

.,constructi rocess. 412 is perforned.tq identjfy a
candidaff in WAgH B ﬁﬁb%a%fethf BPOlway e icpn ¥ 58106 ¥ @44p/p128 neural

i i.Sit.S.: .

nevork OEQTR SRR S 00 B ARG 580l By b mumbers in
evolutienary egjedt®nrabdghelthmpThs papesesifeplesiidgdifferena chinthg parameters for each

to verify that the solution is at |east _a |ocall .
neural @ﬁ{W{a niSViQl EReatepligersity 11 eb@gﬂﬁétww- M@Yeﬁ@rahéefechmques for

generat?g) lﬁétﬁhlnﬂet%ofhg @%rﬁgda?ﬁ dte SOhil4bIO Bdal §in I'Hag:ﬂi}é 'n‘f{ﬁhﬂ%}%ég feed-forward

nodel ustrative caSe st res
networks with ad¢qiatel divdrsi62[ 28 ] sl lnstraive oraimingvaiabhacacidciude: varying the
use.in devel oping a surrogate nodel . These 62 data )
numbep, g hidienioden i thé REHENSNOH) ok Ing ghe Ruigbern,ef hidden layers in the

network, varying the training data set, randomly varying the starting values of neural network
coefficients, and randomly varying noise added to the training inputs and/or outputs.

Fig. 6 shows an illustrative neural network architecture for the perforated screen example.
The illustrative network includes an input layer with four nodes (one for each input g, b, s, and
HPC), a first layer with five hidden nodes, a second layer with a variable number of hidden
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di sjoint data sets. About 10-25% of the data points
are excluded fromthe prinmary data set and used to

WO ooosf1ideel secondary data set. In the present CBGEUS2008/056894
study, 52 data points are put into primary data set,

nodes, %{elftjarﬂ-&tﬂlﬁtléye? Xt (vooRle P ne I8 Qich BEHEPRBSEES iai @h& Tensile Load).

. The primary data set is then used to form _
The inputl hodesesitphi néprogdwet their Limputy valuds. €Bhee ottpotitnodes produce a linear
. approach, neani hat .a different selection of Hdata .
combing oLt IR, At BF idheh nory PR ey pertpti fangent St & weighted
CARCan &ij L bk bodifEhks h I
sum of 420 B8, AL 6P S 3Bt UG e S G pv ly on
hidden ildyleti St statthatgatin nsurpl netestk mf the whnkidatelipogl ddeeptdl alieasamet inputs and
et 502 includes 62 points, each representing a

.S
providesi Bre@iptigRsrior JRec sasme OWIPEY- bR eXReEIIG ferothe; Mpnk cage study, four
e, 3RSy Ay TR0 6158 g in

sets, fo @nfotil P$ 32Chetladl actirktcandibiatts. 1A \v@othee Bxpegimiene ckight alifferent neural
set 502 to formprimary data set 506. Eight different

network SERHIFeY Verae dsalensconiation witle sixieen dafferantodaip pgfs for a total of 128
L Lfferent random sel ection of six data
neurahg%}vh{lés&gg@?n%%'he primary data set. Returning to Fig. 4,
Richenigg rgedineto Byl dctilse panpiiet eaista sdtosfimeurglomdtwordks in block 420,

. neural, network candi dates in block 418. The size of ..
varying e BINg rRAJAIPECIS oRY €ATTe REMpric i gash pase, ghe ngpral pgtwork is given
. al ks e .
sl SH B B S BERAS IS 5 S S i ol By

varyingothe tdidifhpdr¥mstetse tel compateg 0bial3m pobh 6f Muifos@iralfnetworks that each
selecting different training paraneters for each
perfornp adgquptelyeqvigbtririrespeefivertesaniag sityer sity i n the candi date
I suitabl e technigues fo eneratin
1R BR5k 0%t Gt P bl e oD PPl harameters o

form aPébl bf tadetatd €8EmbRkWAL GvithetheolsB of\bdndiReeatabks, it is desirable to
. diversity [21-23]. Illustrative training variations .
provide grpoioh ©f \dedidate repsergblesh avithusiBeiewsf dinprgienFigodeshomy anhilustrative

neural {0 ¢RERER 12, Y BRdCFmBEP s Seural b6t S0pks i Byl e poot

704. InMBé ViuzGafeh @xshple! 1h8 etdl HESofls iN§BbRT0NAL iddked by training data set
coefficients, and randonly varying noi se added to the

(A-P) andapyii mgntien it iddandnedes ot that secord idden dawsnd3dM). An evolutionary
-illustrative neural net rchi.tecture for .the

selectig BSIHR, e PR b A 206 RASPHG by G pbaibe fp pparal networks

712-716 it st erdBmbRID. TRY Ributditd BachGétral 8@k CRARMIRE") REME ensemble
input a, b, s, and HPC), a first layer with five

are thetsapideandnihd eutpuss eleeashdnérabesrarevcethbined as repinésentad bydrloads 718 and
hi ddennod a n output layer wth two podes (one

720 UV HRRE T8 o0 T2 et rorfiiPlndier ot of Bsdartiapgwork 712

716, buhRAT soRRIRmbdHARINYs 2€ We%%’éﬂe a%iﬁgé' b NN, VI%\H@\%,_ bhRr statistical

_output nodes produce a |inear conbination of their
combinatipiy teshnigueés odn be emplgednincbdig ot mean tsqearhy pwetselmaan inverse,

e R B St 8 U LY BN 30080 18 na 7o
are the PRMRtiBAS ¥f BB 8nsemble responsive to the inputs.

In some method embodiments, the computer uses a fidelity, complexity, and ambiguity
evolutionary selection (FCAES) algorithm to create many candidate ensembles with fixed size
(i.e., each candidate ensemble includes the same number of neural networks). To achieve
diversity, the computer assigns different combinations of weighting factors (as explained further

-9~
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hi dden | ayer. Note that each neural network in the
candi dat e pool accepts the sane inputs and provides
wee@diicweons for the sane outputs. In one expePCTESL008/056894
for the present case study, four different neural
etwork. structures were used in,conmbination.wth .eight . .
below) i PSP RlE et raofeBIE Complgvity apd eajemhe o fojfelation or
ambigli§! PRIsK R m&%htiﬂg"fa@ﬁ)% Rene HARLLIBRE fadbOVer previous studies
él fferent neural network structures were-used in
[13-14F inmwhit ihenweighting ifact@e nwate fifxed e the datmpusettberf applies the different
total of 128 neural network candjdates. Returnin
evolutigpary felpqiiop; Rgrameters fpconsirptt i capﬁlaiawsenaergf&% pgel ipdlfclg 42+
t | Rg1dcRe 2l Riahiy in detail
e ool e LomfRI B ROU (Ele P RAY SHAES i dea
The compuger selbetjudueal t rietsvank s dron nigs cardidateappslopr maltéple owmisr off a genetic
..on training epachs, and network conBI exity. By varying
algorithrg do tform @i Bl b ocabnairal netwarkcenspipples. Bt Bulobjesiss performance
- Oof . URi. que . al; n tggﬁh} rtor a
flmctlogvteor rﬂ)te h}eflﬁlﬂl%eggp(ei%ltrlﬁé/\g% f|rﬁ:'§li|ofrlf%}2gcos sa}tﬂ)ﬁlnﬁsblag}:@%ﬁ%g , ‘fcﬁjﬁg of three
measuremidptst er fornul ates a diverse set of evolutionary
sel ection paraneters to forma pool of candidate
grsle XHMSE Rox S§WH A IxeP pool af candi date networks, it
is desirable to provide a p&. | of candidate ensenbl es
e guintisHT ), EMSH isdhy @fseinbe médntqudred REWE nRBsured on the validation data
illTustrative neural network ensenble 702 forned by o
set (in9k¢ pofsenmgrasabidpl the nalidaionnddtavestkis the primagndataatesS@OOISY is the
704. In the | I]{éﬁst rated exanple, the neural networks
ensemble, sypRssauAted-weightsn dusragedy pVver ehverks duy dhs eqnsgmblp) (the g “member

nehwor?%’),gg;}? ﬁxr&ne%]éevr%ilg %@}gﬁlﬁ?ffi giee%@icl grﬂcs)’(gqc gr?li (%1]%1 q{?{e}d lfgx)(heerr below), and
k, represented.by arrow 706, determ nes it he conbination
5 a8$ {]g{?rrlg'nn%l&%w@%ﬁ%_%%sm?u%rm ensenbl e 702. The
TheRitkSmbIe RAHIMOEY hadbiddal VIe T dxidRIResf Kréh LilE Vedelby’s network
ensenbl e are the sanme, and the outputs of each nenber

ambiguityd 7 Lfombisingtt data paptr esent ed by bl ocks 718 and 720.
Usual |y, bl ocks 718 and 720 average the correspondi ng
ouh B qfF, @pchmeoural network 712- 716, but in sone
enbod¥ifght s a wei ght ed %Zer age i s taken. However,
ot her statistical conbination techni ques can be

| oypd, .ipeghudi ng root nean,square, inverse nean
whetFe %e?@ve?’?@ée e uipuE thed rigdinisuphaawral mgtwarkiand the output of
th YAbKEe T tpu d 20 are the
e col B BBy TRE UL L RUCRcAR B ER Aors or
multi-ohtpus cewrahedtivork, evdbenli steaih Datch iBodeOstBethBle dhftfiSuify by averaging P(n)
fidel jty, conpl exi tg, and anbi guity evol utionary
over nugheg of 549l SFCARSRURDEf UM b - cr eat e many candi dat e
ensenbles with fixed size (i.e., each candidate
Baseﬁ

iWél t he sane nunber of neural networks).
To (éét’f?%Ek:lmﬂg 3)

Note that the ensemble ambiguity defined in equation (3) and the ensemble negative
correlation described in [14] are same in magnitude but different in sign. The multi-objective

function used in FCAES provides a comprehensive measure of ensemble prediction accuracy on
the given data (EMSE), ensemble complexity (SS% ), and ensemble diversity (P). Increasing ki

will put more focus on the ensemble prediction accuracy of the given data set. The coefficient ks
is an ensemble regularization parameter. Although regularization is not an explicit concern for
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di versity, the conputer assigns different conbinations

of weighting factors (as expl ained furtherbel ow) for
wep®eiridel val i dati on error, ensenbl e conpl exi t BCEHOB2008/056894

ensenbl e negative correlation or anbiguity. This

oo T AT L0 BBELT FabE 1 S sy

ﬂelellgﬁplglht e athﬁéaz? \éeﬁr?eergl{)}ls%( e][gllltg-rhea (r:r?l %noggfgfé 3will encourage

diversi b SndRb& AREVEHS E whilke clos g%\gms %[gﬁleﬂﬂl Perfaligé thendiversity.
ock 424. The process carried out the conputer in

Under hxiawkda@don(dﬁlogls, ittys prsfemdwoemp F@A’Eédrepwteﬁér wiith, different performance

er_sel ects neural . networks from.the can
functiop GBS, THEI QU161 PR AL PV RSeR STPIOPRN g CPRRET S Ty 1t present
case St?{é}p ncﬂlfd L, OGRl SASMARIE sDRYIAMIRP ERRINRS; popfiftion size (60 ensembles),

jective performance function to be mnim zed
generat]km nngbavtﬂOugemrv@mys)candmt@t ddfferérg sgtswefi qufédelft@ dm fof and ks for

evalua‘%%giel ‘Bﬂaﬁ #9 1 n%%@ﬁ”ﬁc% é‘ogn&gﬂ??t ﬂ?‘ﬁeggﬁs %Hﬁ'ape%?cg (of Jpese values,

multip Qﬁlﬁgn QQV& Sis¥ 2 AahidHferdRt VARS8 tn (Hi8 cis@%’uﬁl&gsﬁﬂ%r each run, the
cas stu e validation data set is the primary

rankeddasantses fr&ﬁﬁl)e fisal gengatidneare md‘rﬁd)refuahmchmmgi wei g hts
aver aged

Toethiopeiat ;)l:\Jll(e)o;l% 4541\/\?% }htgh%H%Tglgng(%;E t npﬂ% arr%a ensemble selection
have bpéht ﬁé}f(ﬁ%g ugﬁi Ex?r}pg@{ da@fgetffﬁr 1048 418 W eco ey aRd s@t is used to

norma ents vvlt summation + 2 + =
select IBh@l amsmhl@h é‘roh&t}efpdaﬁ) 0€ naurbl grIwbtk eISemblee)dbeefiepedmndﬂock 424. As
a.sin

showndg Pgh alrggﬁ g%%gbfeyca%gﬁgemgﬁ §%?b Hl.ég]&i?@ %]Bqll gqqgrapf)p.p %46-808 from
each sétﬁgéﬁgﬁig Q}!f&%ﬁ %!oeﬂ’i%fe‘ﬁﬁrlé(, an th Put logéfil etnté‘@inbles 810 is formed
ens e, res e n t (n)

ct Ive for sanpl e.
by selegtigg amldcaj\easemblaﬁnbesach dinalogekeratién 804r808. |Thatltspca:ch local ensemble
neural network, we can obtain batch node ensenbl e
is sele@edirginl 4 groby oﬂmﬂﬁhteﬁglsaﬁbl):s dsrived rbasddeon Dfiveinsqhlo€ parameters k &,
and nunmber of outputs r . SS <3) Note that the

and % &%ﬁ%b@olﬂtﬁ@ia@}u kdlyctidaf Mhad thertord] uainten of Ipcakrflsdnitsles in pool 810
| e negative correlation described in [14] are

obtam&iaﬁﬁl dqual e Riueeo thukings 5f &1 BNndi % 8 iHreviB® stage.
mul ti-objective function used i n FCAES Er ovi des a

Toosniece kasksiovd emscshle.ctho incansavesederporeefi the iensemide predisyions for the

dat ENBE SSW
secondjfl el sthiE FAGUL FEiEP0T PHRS ShRERUGL Prigeh f1oe] Septgaty g the best
perfonﬁﬂf?%s&ﬁblfe he e8és givhp BORIEOHIiE 418G PGS H{eQG&’al Qhsdrile 9 Y&Resent that
data set. The coéfficient k is an ensenbl e

group. iSeupe| differzat otgectiyafameioes and\lath sely bra esgd Iuabloz:hst #hands426 (Fig. 4),
the enﬁrf]:ﬁltb#ﬁ{&]’gl%ﬁé\lﬁg Ia}tle ﬁ%?nqcer n%&/‘% ! al i n C&H%iﬁ g&trrelaynr%t%rthg same one
which &Rhids! 89 btddictioaReror on the secondary data set. It is wise to monitor the EMSE
on both data sets during local ensemble selection to evaluate whether the process should be re-
started with a different primary-secondary data set division and/or different multi-objective
weighting coefficients. The local ensembles determined in this way usually provide adequate
diversity for global ensemble construction. In alternative method embodiments, different
performance criteria over the secondary data set are used to select the local ensembles. For
example, ensemble ambiguity may be desirable and hence included in the ensemble performance

function.
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flexibility in creating candi date ensenbles. Putting a

m nus sign before 3will encourage diversity anong the
woregoBer29net wor ks, whil e choosing a plus sign wdT/US2008/056894

penal i ze the diversity. Under sparse data conditions,

I"pﬁ"?f (5? ﬁ{::ag(re fesﬁuﬁ:l&t threuc%g %E%ﬁ&ﬁlﬁé‘*sagﬁ on‘%v&sh &erfn%El %@fng FCAES

ron wel er set I ngs that

algorithARVE HRE BxRAAY, e f SYjedtive TungionGAES eqatione(1)y eae nised with five
case study include a fixed ensenble size (5 nenbe

differemesetsook sae;ghpog uloafficeamtss fw ek2( 80d dms AliBT 89) gensl@ﬂen%\pf gpolutionary

nber enerations nd t ~differe
seectioBgispt FIch AR 5 OOEl s BPCUThIa PR M2 ensembles
varied 1B$rﬁér§lgéi‘§r19§e konad K‘&H} thé I&hcﬁ&ﬁé efisBRbRSIUDL. TheicoshpuRr GRaRelected a
these values, nultiple experinments were al so run
local emsiembledfof Barhesettingadfitbe objective Binctiee bgsqgld;n the sppdidateg ggrformance

t he, rank enbl es. frgm the eratlon
on the SEeShARta Br- A NSPTBIBEES Qs e o sgioles: The
index ARk of m'e:fn%er fldtwokCis TR @ to Bl Y9 KetiwbAd BAndgaRYl and the validation
ensenbl e sel ecti on have been perforned using the
error ipcalvelateddayt persertagd nf bbsdide 4cnff¢ren¢ﬂebstwom dbﬁ yn@aﬂ&e sutput (each

IS used to sel ect lLocal e ol .0
ensembig LI 16 B ee S A U BT o F rEP Bt Raipriigend the FEA
n Fig. 8, the ensenbl e candi date pool 802
Sunmmﬁﬂgﬁgﬁgs the final generations 804-808 from each
setting of the wei ghtgLeg coefficients k\ , 2, and 3. A
PEOECTED| LRl EMSEMALES B PREQFIPBUERFORe| ecti ng one
| ocal ensé?l'ﬁl'rE'Eﬁ%‘?f?'éBﬁ'ﬁYﬁAﬁﬁl S'@Bner ati on 804-808.
T o ek froma group
ofcﬁﬁﬁﬁmﬁate eﬁ@%ﬁﬁ?@@“der|V%d based“@n a given set of
pakameberso, 2rand idueizag ewol utionatrss sel ection. Thus
th tal unb f .l enbl es pool 810
ob?ﬁ%gea ﬁ Z%JgfgzﬁggLuﬁgﬁr of sé%?]ngs of , and 3
atKﬂhé°pﬂév|ou§7§P3§é72Wo se¥t*ect eact® ocal ensenbl e,
t he_gran-squar gd 6r1.01c & thwe ensenbde predictions for
thg[ %gnQer dat.a sel, 15 neagsured for, each of the
ensenbl €5 in_edch final generation, and the
best perform ng ensenble in each group 804-808 is
(el roblenh @sodidted mathadpaesa siatdinedé¢lmgris pheeﬁstbnctehw a large number of

group. Since different ObjeCtIV ons and. dat

voids ig thepazaraeterspacs. We carses from Tablg e1 4&@ the- qj:al q)sempﬁ% pred1ct10n error
[

on it DR Bl S iPE Rt el ONE NP Ik PAL PR the design

‘[oleran{aslr étbvedtvie Bintulations applidieors the oitarof tikadaa spce shdw ittt dieswriance of

to nmonitor the EMSE on hoth data sets during | ocal
predictions ampng the|lecal | wembles s stillt senfisante Fof rxamplye dags- 9A and 9B

respectg\{éﬁ“n%gpylg}?the%e h@ Ec}agg)tré%ét&% ﬁsdg%gfoe&l%fent ocal eé]S?I’PbleS astsumlng fixed

seconaary a se I SI on and

dimensiasistfor cipgieathole Meiigit inndameref. fihei temyils. lo&"hpreﬂﬁﬁahs are shown as a
_enz enbl es determned in this way_ usually proyvide
functiop 9é giat waging épd theynumper gi halay e syewnr ©ve Sttt differences can be

observddinhd ﬁ{aB@sI e fé@ﬁllﬁﬁg p?elapc?gh TEiRs, difTerent

Though the local ensembles each provide similar results in the given validation data space

(the secondary data set), they may still give significantly different predictions in the large voids
beyond the available data as a result of the FCAES approach, which provides specially defined
fitness functions in different runs of an evolutionary selection algorithm. A global ensemble is

helpful in reducing the local-ensemble-related variance and improving prediction over the whole
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performance criteria over the secondary data set are

used to select the |local ensenbles. For exanple,
wepmeiidoel anbi guity nmay be desirabl e and hencePCTUb200€056894

in the ensenble performance function.In the present

parame?e?% ace! Hgélordﬁlﬁgl &%ﬂggg @%@0??@‘5‘5@' alséﬁge%%léso&lly\ﬁescombmed to form

orne ori n one experil

a globall hﬁseﬁ’ajlediat mgémmlploapab(lé; ef peyititid oot ¢rly )ha/\mq)ru@ee]dpredwtmn over
with five different sets of weighting coeffjcients k\
the availablg zallcéawnsiat%bweﬂsosbet@é sencalizafien grerdbe veids Sihighycan be justified

from RRLCFSLANnARHOE3¢ MoV OEHON Bl PRLEGLIYS, WABHLR tere is no

enerati on es varile

guaranfe® e gﬁ)})am&)tﬂﬁﬁ@is th® optrhl th&tBod RNl GhRttEe preaRIBA Gncertainty on the
pool . The conputer then selected a |ocal ensenble for

unseene@wﬂ%@t@(pﬁgensc seggssts i probable i Qdﬁ;quat@nTheb@Q@r@tl@m Of lpsal ensemble
r.f ormpnce e secondar
seectcrE R, NG spFTt o RAB R Al AT Borp M Ftip ovoluionary

compudfisgnbl es. The index range of member networks is from

0 to 31 (32 network candi dates), and the validation
The r gobal sensernblgl eanele kppngmctﬁdnbyag:embimaggg'mmlelocal ensembles from

ensembg%pgfhr %ﬁﬁté)baj eggggegq l? E(Z&g%t s&?OUt 8#(' ig. h@a i@({%rgpresents the

use of REJRIiLS halgrithrh RECH B ofdpil RERLtion! BHbicuil \RUEeton, or FCAES. The
SELECTED LOCAL ENSENBE g AND PREDI CT]I RROR ON THE

global GEODRBARY2 DisTAb SEsTthMiBpuYwalgén 4, by s land dIPEtrseash o€ thétloeal nsembles

1012- IEL% ganél'heggeot%r%8%})%2&%%1&%%&0&?&8&%@ lggéﬁﬁ&%%é(@nd combines
the res tlv@ P%J?sug g%tﬂa% éﬁd g%gs;igKL(?ad%ﬁ]tplﬂs Sf17onﬁ<?l{e]Qo[@£11:|-fenseIQbl%]; Jsﬁlg blocks

1018algthZﬁ)mﬂ&tgﬁ)lqck[s@lqum)jde[sq_mbell&b(lge 19 27] 8 77 5 18

Topggt r Obltggbees SOC E)ﬁg ?sr ‘ngf e\c}gﬁtﬁa ers ﬂf E}ﬁggoba?ensemble, we
still us® %{ea?i%r? primACand éé@o&ﬁ?y d4te sfatrs %@eq;él%ﬁonlhies?@ylgsght%fng other virtual

ensenbl’es’ prediction error on eit
valldatwnrmcasumr tot #idsin| decismadmaking.nl bmer etpraimehf) domitiniations of four local

o B AL e i s
graphlc\’iﬁﬁﬁe@ﬁ&?toozfelé?:f Bl 419 @né%ﬁ@‘hﬁpﬁ’gbﬁgé‘{ ox g*%gteBachd' most consistent

significant. For exanple, Figs
predlctlon 1n the data space voids. Many predictions can be Viewed in 2D, 3D, or even 4D

graphics for anomaly identification. A good global ensemble should produce reasonablly smooth
predictions on both interpolated and extrapolated points of interest. The user may examine the
predictions in terms of behaviors expected from experience or underlying principles. Graphical
inspection could also help justify the need to acquire new training and testing data if simulation
results are contrary to designer’s anticipation. (Where graphic inspection is impractical, a
gradient or other discontinuity measure can be used to measure prediction smoothness or
consistency.)

An alternative virtual validation measure employed in this case study is ensemble
ambiguity. The sample network ambiguity defined in equation (2) can be calculated without
knowledge of the true output values — it simply measures the degree by which the member
network predictions deviate from the (global) ensemble’s prediction. Thus ensemble ambiguity
can be used to evaluate the performance of the global ensemble when no additional testing data
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respectively display the tensile | oad predicted using
two different | ocal ensenbles assum ng fi xed

walreensioons for circular holes 0.5-inch in di arer/E82008/056894
The tensile |l oad predictions are shown as a function

. . axj.al, spaci ng and t.he .nunber..of hol e er..ci r.cul ar

is avaiflg Hy o RN A BOIE D S i e M BGiof oF fiheter space.

differetB668 cffenitles hAskY Linfibir PrRtoh! @fdrs BUdrakie entirth@igdBet 502 can be
the |l ocal ensenbles each provide simlar results in

comparefl eongthgelrasisat ir ighoball snsersheombiguity. Ibe @lnhat gnstmbde with higher

i TN T s S A T Sy o
candid4ta! MA®EVEr, rﬁfﬁl&'} texedptiohe é:x%Eﬁn@P&h&aﬁgcisM@n‘?ﬂ(i QYtRSE can be

_specially defi'ned fitness functions in different runs
considggéd.an evol uti onary sel ection algorithm A gl obal

ensenbl e is hel pful .in reduci t.he .
RROEPEAR tearest i a tsdot FREmBEs i Tl dursig combined in groups of
four toRfoRSHk laQBre@\WEbbal BRseMRl F'Z@atﬁ@l%&eﬂetv%gﬁgﬁto_ RAGQ steiglidn variance.
in block 428 of Fig. 4, local ensenbles will be
Five globattxinsenblt ¢ahdidatenamgl gitxal inchebda® Ivahicthadcludss gkt pessible four-member
. capabl f_providing not only the inproved predicti
combirgfigs. 1gblesg HOPEN i Y Bied ERpemblp etk gy (NA) on four
data sefRESRaARIE P B YP! | | Hoik isfAeq®.325, 0.
aa Segsr? om e%l% er lg% S uaFSthr{Jsap%g?:lgﬁ) %@ﬁﬁags ggjrhe{g??dvgag sl99.325, 0375,
0.45 awmdrifiygitichys irednieterenihe Aist oo gbluniiar arei the alcglagsdaNideen all FEA
th glo S thing is the optimal nethod to reduce
example, ZA%% R B@h afra? ﬁﬁd@’ﬁfaéli Yadidatign ¢ mgpswer opdhe pramary and secondary
data seBXPerience suggests it probably is adequate. The
separation of |ocal ensenble selection and gl oba
ensenbl e determ natg {?so serves to reduce the cost
In §M%M‘iéﬁ‘%fmgm 17 |é15\TYT|R|erJu9$§JN nsenbl e can
be construekg eCOAHbRATIN BRRYI [ocal ensenbl es
framensenble pool 810 into a larger ensenble 1002 as
S howrdum nSi?h §!®?7NW$ilDWA1©@GNAe'm€'$?r¥te@"t he use of a
s E" 32PN o 3 > :l—"] 77V -otion"
anbigui t y>Sel et on, °87° F . TH& gl 8534l ensenbl e
100RNelk stinebut esrst heobsyputoal ues2a, B20s, and HPC to
each, of gh%_loc%k4en§gﬂblg35;012}%916 and hence to
each of the mermber nefwor K€% n t46%e Fdlal ensenbl es),
andgneenbiipes t lvass espest | wekPl astd€ Skrai n and Tensil e
Load outputs fromthe |ocal ensenbles using blocks
10£8"5hd '1620 $i°RF 1 aP*¥o BBEtks °PEB afid’ 720 descri bed
above. To determ ne the best candidatre tocal ensenbles
to be nenbers of the global ensenble, we still use the

T%bl\é Arefal SMABYthaBUeraR ARGRHOY cFot MeSRie GSthe LRleH Q@&;ékamples (data
asl s 0

I

} Pplus sone other virtual validation neasure
set 5023 g telptiyelyi wpitiyakiontge dhoicenef ghopar énsemble, which demonstrates the

i I of- four | ocal ensenpl STS&%{eI ected from . |
robustnt%%e%}{ ptgg#)hg#lﬁ]reio\f Jsing sael_raf{ﬁe esgzegein§eéﬂ e for s& dﬂa Medeling applications.
Table 22186 udicald thiditRINN AREuEed OIS RRGIJIAN(Hr& o6 &Hﬁmﬁ%%as a_significantly

gl obal ensenbl e that provides the snoothest and nost
larger raggmitnde than that measured on the primary and secondary data sets. This explains why
over-fitting in training individual neural network can be useful under sparse data condition when
surrogate model ensemble is used.
We also note that the variance of NA between the data sets for different hole sizes is much
larger than the variance within each data set, reflecting different levels of prediction uncertainty

over the data space due to the training data distribution. Since certain regions may be more
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prediction in the data space voids. Many predictions
can be viewed in 2D, 3D, or even 4D graphics for
w@emsalap2i denti fication. A good gl obal ensenbl BCHIS20081056894
produce reasonablly snmooth predictions on both
P e t t
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predictioh efrofsain [ 4 eRdathploslaridyaddeismul @stmdixﬁs uﬁ:@akotthe sfaalidst.e
predi cti gn snoot hness or conS|steng¥ An alternative

Ilmthlﬁ usmplified expedmenteds iy ok mhifispldlo; peleqi thechest globadyensemble.
(GNNEgi.f llg}gg gf%?leéﬁ n&% 5rgdg§t}10%§ermlctg %&Qﬂ? gse%m gélﬁ&%ular holes of

diametdermsy (eaigeandfo BIﬁe1ﬂch¢b$ ré3péqiivelyy &l e&h casd,!ths pradicted tensile load as a
nmeasures the degree by which_the nenber network

functiop of gxial pRAsILRN holes rar sow teprbibyty agBasonakle exisanodation. Figs. 12A-12B
dlsplaygbg ?élé;c:téécp@ﬁbzﬁ t?n%lg’% :nglesﬁg ?Q‘%h%ﬂl %Igﬁ??og??éér@?tgonts %2) 2 function of

hole difensiéi foi fixead vdlﬁstdf@ @nd &P, SV @i slea It agdBy, thé SigRilaied output has a
sone possible inputs of interest in the voids of

reasongblyy Hprsferr ovep dbemajpirtand raimer gresvel tb@rtyéwﬂ@sewavmr@her cases each

elobal &b o RSBl R APBENRLSE it ot B 8 STy ler coutd
also haté/Riediid ot lowBEN Al Repaldifn&eielpgobirhh hi gher anbi gui ty,

I ndi cating higher negative correlation anong the
Theastrslditipnalyetriesiments werp rcondmterdglnctéwdfﬁtué)t to empinseldy investigate the

xce ns_..eXi-St ngd ot her si,on-

eftects JE P BIHEE ' kS Eiitio B BB HIA S SAlF mamoBihe, prdpe size of

candidate h&t@ot 1. Bl essufts ANshARLizdd WETHICPMDI ned in
groups of four to construct a |arge gl obal ensenble
(20 menber netygiks) to reduce prediction variance.
Fi \emr@loab @omesrssonidrdiaorvdicdakes are given in Table 2
whi ch | BsdamdesvaibhTigroBsioRl e f our - nenber conbi nati ons.
Table—2—also presents the similated ensenbl e network
arfl'gu RPAY %ﬁmfﬁﬂﬁf@$¥%cgg? each spanning over a
sSgirepacE; © ‘. RS U ot 4 fixed hole size (0. 325,
0. 375, 0. 45 and O 5 |nches i di aneter). The last two
cGMEPM S oear etspheoglal el ateed NSson al | FEA exanpl es
(dala seb 502) . @ndelhe Qyeral! validation error
nmeasured on the primary and secondary data sets. TABLE
2 COEMULET ED-SRETWORKSAMBIS@UI T3¢ | N VO DS AND

GNNE5  1.050 2154  1.036 6.43 6.05 5.04

The first experiment listed in Table 3 was almost the same as that previously described,
except that a minus sign was used in the FCAES objective function before the NA term to
encourage member network diversity. (The second and third experiments also used a minus
sign.) In the second experiment, the partitioning of the primary and secondary data sets was the
same, but no resampling was used (meaning that the training set for all 32 neural networks in the
candidate pool was the same). In the third experiment, the primary data set included all 62 data
samples and the secondary data set included 3 data samples from later FEA simulations.
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ENSEMBLE VALI DATI ON ERROR | ndNum Si mi NA Si n2NA Si nBNA
Si MNA Si nBNA Val Err (h0325) (hO375) (hO450) (h0500)

WQ hibsaN2Y1 (% GNNEL 1.214 0.801 0.396 0.228 0.PCIUS2029056894
GNNE2 1.162 0.753 0.357 0.214 0.022 6.20 GNNE3 1.414

. 9040, 43. 1 0. . 0 ’
w5l 8 5, R -0, S 3R o5 0 o o
each trfinidg sd@Rh® 128 candeddts néthadtkstWigh exsat ddriativad indaiichile efedéreated. In

neasured on the gi ven FEA exanples (data set 502) is
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he NA nmeasured on the voids (first four col ums)
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weight sez%ﬁ lremstertﬁ’gs for ¢ ?%‘PJﬁ‘?tWQ fP‘PF&’u"Ou%F&%\Pseﬂé{h F%ﬂh ABEUBFR- can |
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ense is used. W also note t e vari ance
resamphﬁg r@xﬂoé) vaenecldhamilat anssatbde predictivh faea:umiy dsmthe sivgredata set 502.
ariance withjn each data

er than_.th
Howevpa (oS0 NaUEh PKbspiinihal Byenemby fbiks: PBH-GEs b dh djpant voids
have greMerf dév'i‘a%oﬁ?&@n%ﬁ@&% 8 Gainthd Wth fs@hplifld v@fi’&xarmght be advantageous.

di stribution Il nce certaln regi ons may
Asonightrpe ekpatted; Imameashige!hs numbeebf nethviorle Buemdturearanbﬂzons increasing

e o A Rt S R b o i
using ah;ﬁ(x{]ég%né%ilrﬂeﬂv&‘ﬁccgnﬁﬁﬁg lp@BF@ ﬂaﬁ)acaﬁqfn tVR (ROSERRI prediction over

irting larger NA1IS a nore effectlve
the traiumpisampkes; adugrebably nvérahe ext2ndddheighbsgiobl @s @dNEHowever since the
produces_ consjistently higher NA than others over th
measure%@‘é‘\ Spdbe voidsiwas dogsy @mlrtaﬁiﬁ Betvsers Exp. Frand &%@np) 6@ ensemble

predlC‘ul‘%Hgj oﬁ%’ &ét&rﬁ% cfs Hi9e 9;9‘11@&%1’@4 ?E HleStaipdye. smal lest.

experi nen s not-difficult to

Fisl dGtA- I3‘BE §heﬁft aghﬁi‘mﬁted? Relsubace (ANNE3) . andi Gsp.31teSpéctively. The
1C display the predictions of this global ensenble for
subsurface, indjcates ﬁl@ﬂ Rlastigr stgimpredistions of the sglgcteqighpb@l epsembles as a function

of axidl &%Q&ﬁ% aﬁi gst b(‘!le ku e Luhnflf c&% htoike d%&qérc die ﬁ.é]-ISelélCheS. The

Ion aX|a spacl ng an
predict(ﬁtbplastmmtﬁnhstbfakss ldok eisitin @btrewhed fesmapladgd @mmlﬁéasS in Exp. 2. This
12A- 12B di spl a¥l lt he sel ected gl gbal ensenmble's plastic
Wi

compariop ugEesHFhak il a 18&.@9@%@&0&41@ Mévezse eandidater nesyyorks to improve
sparse &;ag% ﬁjt ﬁél@;gdaeﬁﬁ% {mﬁ hhedd t55§ve t’c@hﬂ%ﬁ%tg{tjl%e %rgge%g W%rm%g g?a?ge number

e Silnu
of resampled training data sets to create a large candidate pool.
Changing weighting factors of FCAES objective function has strong effect on the member

network distribution. Although the same network is allowed to show its presence more than once
in the ensemble, more diverse networks will be selected by choosing negative k. However, as

shown in Table 2 (using positive k3) and Table 3 (using negative k, ), the ensemble performance
is not sensitive to the particular setting of weighting coefficients once multiple settings and larger
global ensemble size are used.

The global ensemble that is selected in block 428 of Fig. 4 can then be used as a surrogate
model in block 430 to conduct a search of the parameter space for an optimal solution. The

solutions can be evaluated for optimality in block 432 until a likely candidate or range of
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In the second experinent, the partitioni'ng of the
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desi resba IiB%(\gas used (nmeaning that the training set for
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el ght variations in structure were created. In eac
other fiekds exfiendeatvor. fliov exdmpla) adapaearmcbmml \amtemsmpmaﬂje dlecpuirel feedback with

mlnlméldggagggp tﬁ%glf%) rrxrllétlf,]ét}/ G e o0 ile)gglng _Hr{]bél e%fﬂllgyggtdg ?he feedback path.

Surrogzﬁ?fﬁ% o [YEAE heHceTgéH' %eﬁra\{‘ﬁ’es nCqhiaHbRL @ﬂerﬁ Qﬁlé' E@nﬁﬁféﬁ yﬁéﬂ is unduly

supbspace, . ) e subspace wt amet
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systemse zgrre %lrlbj\el:\clats"[o ts1eg§’11tﬁec(z:ai.ntorre1v1ts1r<1)rels graerli%lu@[f%nsig g.glia%?or The same five

As another example, many medical treatment strategies for disease may employ multiple
components, and only a limited amount of information may be available regarding the
effectiveness of each component alone or in combination with the other components. In such
situations, a surrogate model may be a feasible alternative to massive trial programs that cannot
fully explore the limits of the data space due to the risks involved to human lives.

Yet another example is the determination of properties of new materials under difficult-to-
simulate conditions such as ultra-high strain rates. The variables underlying such properties may
include material constituents, erosion, wear, and fatigue. ,

Numerous variations and modifications will become apparent to those skilled in the art
once the above disclosure is fully appreciated. For example, genetic algorithms provide a useful
selection technique, but may be replaced by other suitable selection techniques including steepest
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wei ght coefficient settings for the objective function
were used in each experinent. W can see fromthe

wa2008dsoeon error in Table 3 that traini ng canPCTHEHS®08/056894
NNs wi t hout resanpling (Exp.2) can yield simlar

descen@%%g%&ggg?gﬁf %}el m &#{I g)gﬁé.lu S etJ% cgﬁq%\q %ﬁ{'ée} %hr%selected neural

network @hyedities miay & ighRAtedORith Mi)d@lssilﬂl’ﬁr IRESISMBENE derived from first
&@eater deV|at|ons conpared to the training with
princip

shnpintenged et ¢e fallghingoeaimep/bminiypisted. to ambraggtall sneh variations
dnuﬁﬁﬁmﬁted i ncreasing the number of network structure
varla?|0ns i ncreasi ng the nunber of data points, and
i ncreasi ng the nunber of training data sets, in
conbination with using a | arger neural network
candi date pool (Exp. 3) can inprove the ensenble
predi ction over the training sanples, and probably
over the extended nei ghborhood as well. However, since
the neasured NA on the voids was close in anplitude
between Exp. 1 and Exp. 3, the ensenble predictions on
the di stant voids may have sanme degree of uncertainty.
Figs. 13A-13B show a sinmul ated subsurface in Exp.2 and
Exp. 3 respectively. The subsurface indicates the
pl astic strain predictions of the sel ected gl oba
ensenbl es as a function of axial spacing and hol es per
row, assum ng constant hol e dianeter of 0.45 inches.
The predicted plastic strain surfaces | ook simlar
even when resanpling is omtted as in Exp. 2. This
compari son suggests that while it is beneficial to
train diverse candi date networks to i nprove sparse
data nodeling, we nmay not need to overconplicate the
process by formng a | arge nunber of resanpled
training data sets to create a | arge candi date pool.
Changi ng wei ghting factors of FCAES objective function
has strong effect on the nenber network distribution.
Al t hough the sane network is allowed to showits
presence nore than once in the ensenble, nore diverse
networks will be sel ected by choosing negative 3 .
However, as shown in Table 2 (using positive 3) and
Table 3 (using negative 3), the ensenbl e perfornmance
is not sensitive to the particular setting of
wei ghting coefficients once nmultiple settings and
| arger gl obal ensenble size are used. The gl oba
ensenble that is selected in block 428 of Fig. 4 can
then be used as a surrogate nodel in block 430 to
conduct a search of the paranmeter space for an optina
solution. The solutions can be evaluated for
optimality in block 432 until a likely candidate or
range of paranmeter values is identified. In the present
case study, the base pipe design for an expandabl e
screen should denonstrate (after expansion) a plastic
strain below an upper Iimt and a tensile
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| oad above a lower Ilimt (e.g., 63% and 550
kil o-pounds force). Gven the four-input design space,
waweoosomdect ed an exhaustive search over a prackCTEE2008/056894
range of each input and cal culated the strain and | oad
out puts using the devel opgd rogat e nodel ensenbl es.
[ ith other sinmulation results, we found many
VVHAIﬁggﬂVgﬁﬂEﬂg%1utions under manufacturing constraints.
Fig. 14 depicts selected sinmulation results in
par anet er space. Al though probably not perfect due to
1. A matiling bystan &ttat corspritebie gl obal ensenbl e perfor nmed
reasgnablly well in generating robust predictions over
amemyyyiii®e range of paraneter space. Having identified
oo By & QP SO HARSin said mermory,
whereiresiid seftvedte pefiguresethe prooéssvie: t ool and verify the

optimality of the selected soluytiop. In this manner,
cregit,@ PRI dewl BﬁgprhSéalmeﬁéaw@l?w% {aksstn sel ecting
' . ' ed. The
For B o e B P R SRR s L
tapplg celsttivectvomtion sulfea tte theondti-objectie funotion oithahateoeféicient
network ensenble trained over a sparse data se
obt &FtHea ¢ PRIARA GoriegPoBr mgeeuPeTIey R §et§w03ﬁ?r};§@m§+?§a and,
§Qgﬁta38&l Efse o frgl?lsta'a sl Fforl% oRhb nettv_bg'ﬁkcgﬁ&hﬁés@ herein the
net hods al so have applicatFfons in materia
c harselettéon iz dhsedron daeniot iredided dn sadd partioatof érerdata set;
recognition, and many other fields of endeavor. For
com pealityQfthe |ogal cossimbles tosfoem arplobal ensembley andqui r e

o SEGPREH I R T )t L3040, b )

Surrogate nodel s are hence very desirable in
situations where the controlled systemis undu

2. The gyistept ebelaignb wheeeip as pars ef creathiigl thp peol o pewrahaetwerkpghe software
configfiTfle BRIELS, oy be sparse where such systems are
subj e 0 significant revisions or evolution in
form BeiMEpIE GhinifiSdatnsstdRsmeRidHoktton dray dareedtcald t r eat ment
. Strategies for disease may enploy multiple conponents,
train a%aldw?‘yorﬁs having dififesamp anshitesturpnvish ﬁlmmuﬁlpi@éyalweg data sets.
avai | abl e regarding the effectiveness of each
conmponent al one or in conbination with the other

3. The f3RRP RN o hefttS rsip S0 6T oDt iRty TBG i ifon o
measurk BftheCRBIMIek Whdad sG¥RE BFr6r (EMSE) dViek Sai®@portibs of BletatPRE €
due to the risks involved to human |ives. Yet another

exanple is the determ nation of properties of new
mat erials under difficult-tosinulate conditions such
4. The systent 0ff Aaihi Jhwistreinithe maltieshjective furtivabd fagtherisheed atileugt in part on
es. may incl ude terial constituents,

a measér%% p%ﬁv%?ﬁér‘él;ggu% avqrgeﬁwgr_ sari];laportlon of the data set.

5. The system of claim 1, wherein as part of forming a global ensemble, the software configures
the processor to evaluate global ensemble candidates based at least in part on a measure of

prediction error over the entire data set.
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Nunerous variations and nodifications will becone
apparent to those skilled in the art once the above
waeleshodere is fully appreciated. For exanpl e, PQENR1008056894
al gorithnms provide a useful selection technique, but
b . I . :
. he et L POEfASBY S0 LA R0 RSN hOSIR Eures
the pros&k@ab ievdluata gtbbakdiderable\candidfiechssd atbase dvgdrt od fiteasure of
sel ected neural network ensenbl es may be augnent ed
networlgiambigwiy over adaia sibspassriesluding velnes mdin thedlatarsstn f i r st
principles. It is intended that the follow ng clains
be interpreted to enbrace all such variations and
7. The SR bEAhin® NSwikdréih MBS pMHO forRirfel AL VD chsemBle, Ahd RN r& Bonfigures
system that conprises: a nenory, and a processor
the proegsagri te @valvate iglobakensemblerrdndidaits basedat least ixpartierea measure of
software.stored in aiqpnennry, wherein said software
SmOOﬂ]@SWfqrgfﬁ?Sé%e?%’eovﬁ? %é%@ §4PP¥S: create a pool of neural
networks trained on a portion of a data set; for each
of various coefficient settings for a nulti-objective
8. The system phelainnppiereiolas part oEfoemiriga global sugsinehde, thosdafiveare configures
nmul ti-objectjve functi.on with that.coefficient settin
the profisosp FPARRicalty SRS TRSeseor! SIatH Pariigdatet or
evaluattsis& b LTandildesel ect a | ocal ensenble from each said
group of neural network ensenbles, wherein the
sel ection is based on data not included in said

ortiop.of the data set;.conbine a plurality of th
9. The B3t SFeiRimn briaastilh % BFn p5EGV i = Sorbeaifbtidotdhnctg seffvere
configidePBE pRIELBE B &H&lﬁk}%lom%ﬁ&nﬁﬂe losasdtifl Bt Radton® Potdntial solution for
predi ction by the global ensenble. 2. The system of

submisgiontera subspgueneinedelsngraotesof creating the pool of
neural networks, the software configures the processor
to: formmultiple training data sets from said portion
10. Th&§ oftkMi ' ' | i
P e e DU P o BT PRPER IR s fware
configwtet the paicsssoBto ukh¢hesgleba ensEinbi¢ wi findlwithih erparamdtérespace a solution
hat i nqlti-oq'ectjve function is based at least in part on
that is af IeasEloGRlly QRUMYR- ensenbl e' s nean square error ( EVSE)
over said portion of the data set. 4. The system of
claim3, wherein the nmulti-objective function is
11. Thd systeheof didisel] veterdie wtperaeptibletoutput & arkastone spécifiettion vklue for a
anmbi guity averaged over said portion of the data set.
produck  The systemof claim 1, wherein as part of forming a
gl obal ensenble, the software configures

12. The system of claim 1, wherein the perceptible output is a control signal for a regulated

process.
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t he processor to eval uate gl obal ensenbl e candi dates
based at least in part on a neasure of prediction
we@eesn1meer the entire data set.6. The syst em PET/UEB0$056894
1, wherein as part of form ng a gl obal ensenble, the
software configures the processor to eval uate gl oba
ensenbl e candi dates based at |least in part on a
13. A camgutércbaséd metengkpracdss that éomperises: a dat a subspace
including values not in the data set. 7. The system of
obtairing p gate setitving quipl vplies asspciptsd WithgneutyrBiss ensenbl e,
-the software .confjgur r r to evaluate
pannépggg eg%%g%5qug@%gy§§%%%8%§g %ﬁ§%81east in part on a

trainifi 8 pUbleofAeuRMEGVOIRSHtHYUt GARS Hsh BOAYthe ¥&€ondartl 3tisset;
subspace. 8. The systemof claim1, wherein as part of

develppingiargmoup of nsbieal netivodhnerisemblen asisg fiffesens obisativeyfineiionshe

rocessor t aphical |y r.ender .predi cti on subspaces
selecfifd TRl BRI E ol uaFR dop SRR s beeaf BP % hoce
combERAE A RE locl en&ifbIey ff fofh AfgléHabbrBehblepagd €i N as part
of providing a perceptible output, the software

providingfaj ngteeptibleloutnyt based gbleast én parkon h pregicsion by drsglabal ensegnble.

identify at |east one potential solution for
subni ssion to a subsequent nodeling process. 10. The

14. ThSHOEQT0PElalrh 33 WHoreiWRSIHRbMbRInP AP 10R4IRNEGNBISs Ficludes
percepti bl e output, the software configures the o

evaluatprgrgleled ensetblaicamdidates hhsedalt leasts v phit en taondaiswrg ofinetwonk ambiguity
araneter .space a .solutiop that js at least locally

over a G Fprce 11106 Re S o fhe Bsl T “Wner o n t he
perceptible output is at |east one specification val ue

for a product. 12. The systemof claim1l, wherein the
15. Theppnocesp of blaian b3t whareinsaid combining multiphalocilensemblegmchides]

evaluatfigeiFd gasimils GPRIHIE otk ey RERy PG e P kiR
smoothRE&QRkAS Balatielch spdeput val ues; partitioning the data
set

into primary and secondary subsets; training a
pool of neural networks w thout using data fromthe

secondary subset, devel.opi ng. a group.af neural network
16. TheRgers PELAFL g i FiR RGO BB SetFED Y bl P BietudSs Sing the
global &Rkl t9%ink Wifin & paaHRtes §pafc@ Qb BB n P Wt _ll’éa'sf‘lgcﬂ@'t dptimum.

fromthe secondary subset; conbining nultiple I|ocal

ensenbles to forma gl obal ensenble; and providing a

percepti bl e output based at least in part on a
17-AJE?@%f§@ﬁ%ﬁmﬁ?e¥he gl obal ensemble. 14. The process of

deterﬁllirﬂh%% terﬁ"ig ?fsg).gﬂsesta iﬂm‘ﬁ&ﬁ%ﬂé ﬂgplﬂ‘ﬂa{ailrﬁalt& v]aﬁfég;l
ense es I nc es
deriving a system model that predicts the system’s response over a larger set of input parameter

values, wherein the system model includes a neural network ensemble comprising multiple
local neural network ensembles, each local neural network ensemble selected from a
corresponding set of neural network ensembles developed based on a particular weighting
for a multi-objective function, wherein said multi-objective function is evaluated based on
a first portion of the limited set of input parameter values, and wherein said selection is
made based on input parameter values held out from said first portion; and

storing or displaying a system response predicted by the system model.
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10

eval uati ng gl obal ensenbl e candi dates based at | east
in part on a neasure of network anbiguity over a data
waamspsdel i ncl udi ng val ues not in the data setPCWL/BS20081656894
process of claim 13, wherein said conmbining nultiple
oca nsenbl I ncl udes, eval uat i | obal. e e
te. ThE R E M 2. B SR U NN o SRR B a group of
globaP b@inbld QNARIERS (MR B%evaNeled Bafd R [Ba4tGH paf df @ mddBure DFBetwork
process of claim 13, wherein said providing a
ambigidtycavst 2 Hite subsppest i ncl udes using the gl obal ensenbl e
to find wwthin a paraneter space a solution that is at
| east locally optinmum 17. A nethod that conprises:
19. THEHRIHIAV R GirA 19y Wh&RinSsalERREN $8twoRk Bndehibid i8dele&itd fbm a group of
I nput paraneter val ues; deriving a system nodel that
globap ersgimbl scanfislatey shat atessvakigisd hesed @b kaastan [part ge @ measungfof smoothness
i nput par amet er val ues, wherein the system node
‘“@r?ﬁgﬁﬁﬁg@w§'neural network ensembl e conprising nultiple
| ocal neural network ensenbles, each |ocal neura
networ k ensenbl e sel ected froma correspondi ng set of
20.nlhgmagtherbofmdaitn Eh Senthisr esmpasing proddcibg s @dbduwat saving a characteristic
particul ar wei.ghti for a_.nulti.-objective function,
Rher ei n aaPBeHdL 1B PO OF S RrEARER SYes FSpaiar ed
based on a first portion of the limted set of input
par anet er val ues, and wherein said selection is nmade
based on input paraneter values held out from said
first portion; and storing or displaying a system
response predicted by the system nodel.18. The net hod
of claim 17, wherein said neural network ensenble is
selected froma group of global ensenble candi dates
that are evaluated based at |least in part on a neasure
of network anbiguity over a data subspace. 19. The
met hod of claim 17, wherein said neural network
ensenble is selected froma group of gl obal ensenble
candi dates that are eval uated based at |east in part
on a neasure of snoothness over a data subspace. 20.
The nmethod of claim 17, further conprising producing a
product having a characteristic based at |least in part
on the predicted systemresponse.
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