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prelinsigmifiwaaiiyisvsbmowcashinidbedrisbufdon sisgtndend s aairsinesfoipsions. The
surroMUGELIR deveIap e sracatamadshn Beural BEBNAETDRARHNG ftible designs
example, an over-trained neural network developed under sparse data
and todéaefitip dssigm PrMa 2 dlining data and fail to generalize well on the
YR SN0 NeIR I JdoMRVR AN HadgIciaInRsRe ap e huRIKIWR@SSsion, Gaussian

development is terminated by conventignal early-stopping wijll perforn

30
proceyhofity @Y SRR EVaH (FAh G LARHTPIESOPRAAI CRAHS), (ARG Rl = besed

on theB$FRki0k S RAMA Retwerkaeneiaied foimhepprsy, daththagdheemastindtad variovs
_using resampling based cross-v Iig%ﬁion Ieave-oni:ou‘?dand bogs{.rgg. data is
technigics s 18 PXRAET dAly Dos MR TRTH X1 HAHL SR dIRBTEY ABOHHE o design
availaBBlimatedinradictioneasonis sustatie guiteehighneural Keomparsctitdisindie example,
neural networks, neura) network ensembles offer. a more.robust surrogate .
on R FRRS BTG RIGAEITRTICHBHE MM arLe FRENERT natore e (e

verse' member networks.
traininylaasiudigsindhissaneiarevetiatedie imserpanativiatiaitinge (@m big wityer-trained

decomposition [7-8], negative correlation learning [9-10]) and . .
et T A DG R R T, ot TBLR 2o s BERR Al g
poorlySutiagate ﬂm@?ﬁevﬂbﬁmenﬁ;mh&pﬁr&é@aﬁ_lysw Mwion_eﬁﬁr of a neural
netwoébkccorg d Igtgdt (%rar}cz' S ta??@ %&an]:atsp S@@Begs?mmemg régﬁﬁgﬁﬁé’ fRvided As-validation

m eﬁﬁg sys?em at comprises: a memory; and a processor coupled to
(leavetheernemeny andigonfigwibdde 6kebliensumtivasingle it S5t Remsryployed. the

é%g(%gg[}ifi%l{gm%}g processor to: create a pool of neural

. ereip.

m;'mm'\r{:/et\EI(-)E:r{ilis&i’?éaglﬁgle9 on a portion of a data set; for each of various coefficient
settings for a multi-objective function:-apply selective evolution subject to
the multi-objective function with that coefficient setting to obtain a
corresponding group of neural network ensembles; and select a local
ensemble from each said group of neural_ network ensembles, wherein

the selection is based on data not included in said portion of the data set;
combine a nhiiralitns of the loecal eancemblece to form a alohal eancemhble: and



According to a second aspect of the present invention, there is provided a
computer-based modeling process that comprises: obtaining a data set
having output values associated with input values; partitioning the data set
into primary and secondary subsets; training a pool_ of neural networks

withaphaing datad rl%ﬂrm%%&anﬂélﬁlépi%%%{eégg%l%@&f% Ofmore robust

neural network ensembles using diff(_arent objective tfunctions; selecting
surrogfi aned@leibfesbarntheglicrlp nsidisdena from thesecondabgisubsetrks. Many

studiesc‘ﬂmmmnzgféy"ﬂp@l?ei%@l ﬁp§§c58%8§a{gfgoﬁgiﬂigéo%)ﬁhg%% gggcé%ﬁlgr?%si}t%ﬁ% [7-81,

_providing a perceptible output based at least in"part on-a
negativflolsardademiaming ABcditingdosal ehtrardepabinitre prabeds ilvenfibnbut less
attentiSRGIS SROYided, a,methed Iﬁ&fega@@e&@ﬁﬁé&ﬁ&%@gﬁg}%@a@%tem's

response to a limited sét of input parameter values; deriving a system
model that predicts the system's response over a larger set of input
parameter values, wherein the systgem modekincludes a neural network
ensemble comprising multiple local neural network ensembles, each local

ridEreIHBENOIR HSErRTTIRSS Sl the dDAGHTa iortiponding setropridadah modeling
systemN@VepsprsemblasAryelopad based.on a f@&lf_!)a{h\é’%mg}? 8 onfioured to

multi-objective function, wherein said multi-objective function is eva uate%
execuip ARG A'AFSE portn BRREmiteer s withpul parermabevaluds; ardessor to:
create WHRISIN Saidi3electionigMmadehased, aapyt Rarameleryaes Neld Qul, 5 o.s

from said first portion; and storing or displaying a system response
cocfficifaigRefiasy edsjubinabiseirc RIS DESERI St O TiMEDn subject to the
multi-dBRAWENG R tion %Q?QE&UE@&%%@@&{%%F‘% varioys Qi§gp&%glzding', group of

embodiments can be obtained when the following detailed description is

neural stk &A RISt EIbHW thdTetlomsianirs, sahhiel! Rigup of neural
networBNWHANIUSH e Slregatemedekde valepment snvirgament: ifgor_%on of the

shows an illustrative expandable screen tool suitable for sand control in a

data sefy epnphigeagHBHEYGheNsr ona! sarambler hataeftlebrecasgailsaphsl provide a
percep@HI€ ARSIADSRACK:EIS: 1 i8:a HRweharteloanlustrativatonl senstruction

method using a neural network based surrogate model; Fig. 5 shows an
MRV hAsTERB 2epRe bt SN B0 ShriwdSaraNidefatgemputer-
based MedEAhDEVWRHSANIChIQFRIEs I D t-Shiows AR YSTIRIMBLHSOMNGIves associated

...._architecture: Fig. 8 shows an illustrative determination of local ensembles;

with mﬁﬂjéf.agﬁfg @%‘%?F&f@ﬂ#@ fabust reREBRS v rowsdeen sempRsdraimgne a pool

of neuitd sbavesianllugirativeglabel ensamkieREsnlesi e EIISIALRBHAE o group of
show an illustrative global ensemble's tensile load predictions as a )

neural ReiRaEh SRS RICS P AT HE IRY FRP G st votw selrséinedacabepsgipies from

the groap ilkistrativerglabal ensemblessalasticsHhamiandisnsile 19ad prediolionso form

) s a function the hale. dimensions; Figs. 13A-1 3B show plastic strain

« elobef CaSRblts A PHIHBH HPSERET LA b S 158K i ks oaReiction by

the globalcediffersiat global ensembles; and Fig. 14 shows an illustrative global
ensemble's p%[(jé%%gons of pl 11?};gic strain vs tensile load for selected

PRSI SSRARi he RverHioR YeRELdpRIan S pafbisha method that
comprimedifieatians:and alieraativedgionse speeaificrempbogiments phergabai@er values;

derivinShown b%?\ivig% f example in the drawings and will herein be described

oo 365 %%i PtEall /@5656‘6% /B)Seeéjég&em § response over a larger set of input
parameter values, wherein the system model includes a neural network ensemble comprising
multiple local neural network ensembies, 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



in detail. It should be understood, however, that the drawings arid detailed

description thereto are not intended to limit the invention to the particular

form disclosed, but on the contrary, the intention is to cover all

modifications, equivalents and alternatives falling within the spirit and

: ' i de e |3

o N ot Al e e i s g o systen
respongatiedicsrsbyiStopy fisthddere disclosed herein, along with various

applications of such surrogate models. Designed for use when only a

sparse amount of data is available (a "sparse data condition™), some

embodiments of thBRis¢idseaRBydtamS aridnédiiad® l&feate a pool of
newakaeiwerksained, o2 PLHan ekasnar 36 dalaselOeNe IR i ined when

_each of various multi-objective functions a set of neural network
the follyeimmBraaiiprhtasiminiiza the oneidesis dothanfunction vediebedobeating drawings,
in whi@nsemble from each set of ensembles based on data not included in the
training process; and combine a subset of the local ensembles to form a

Fig. 1 glehalensenblevd. gﬁﬁ@gﬁ&ﬂ@ﬁ&a@@éﬁﬁﬁﬂm%Iafﬂ@fﬁlﬁérﬁ?ndidate pools,
e

. multi-stage validation, 15 and a compr ensivegerformance measure
Fig. 2 shoypraiilegibre Forispledrcaanton sEakdnDorastsmbier ispaee!l:

Fig. 3 dhesebebnaural neiwerk-casemdias may:na.gensralpd HSING: space;
evolutionary selection based on a multi-objective function that assigns

-4 Wit SRRty THT5IE 16 ralarras EHREne hadiv b inprasah i@k based
surrog@iguity. We call this scheme fidelity, complexity, and ambiguity 20

. ased ensemble selection (FCAES). This approach is different from other
Fig. 5 shosssa UHsratendevianng W%?‘f’éé%?élgé?éﬁéd multi-objective

Fig. 6 dpatiing BHUCH-as/a i ine-helreguidsizeg fitness function [13],
inimizing prediction errors on hoth pure training data and noise added

Fig. 7 gﬁ%ﬁ%’ﬁﬁﬁﬂfﬁw%ﬁ%lﬁﬁi@%m%ﬁbn accuracy and member network
Fig. 8 shversify ili@ranet euitnizingitheotpea(falsenasitive) and type Il (false

.. negative) errors for pattern classification {1,8 . Our sparse 75 data

Figs. O S Warelsn i BAaR AEHGHERTS bete HERbFICEENDER as an

Fig. 10exolanan: selectiandmaoeminabionsghems sather than a learning /

. raini pproaches of other references. The combination of local )
rigs. 1 bt YR SR e ANk THE TS S Eer R gFsdigRam fipidunction of

axial spalirions Withsireilarrcegiltswyer known data samples, but significantly
- &Jggﬁ%t ext}g’%)olati E%over large voids outside of the available data. The

& Hiobarensd |eaﬁ*s§ BRI c&fstite G158 Blovidiiy ot SHlPafithFevde load
predictpredistiofumyéi e ayad aidecualisiaiion data, but also a better
Fie ne %Iiz tion throughout the data voids. Compared with other methods in
1g3. 1% sﬁo

St O A AP PR A HIRERB RARODI R B les per
circulafictelitfoin shediflistere giohdheostghtésglutibnary optimization [19-20], our

o
e

= 148PRroach has the potential to extend the region of robust prediction with
Fie 1R BB 070 S 0u T OGBS load for

selected paning:Rowatodhe figures, Fig. 1 shows an illustrative surrogate model

%Kﬁleol?hne]ei% gntviré)nment.h Intlglle i!:lustrative envirgnment, an engineer is

given reSponsiBI i HEERSIIG Sr TRTISHEviRY thaBEAR AR L IBFR 1y forms.
specififamiselimencothpletidarsydtem bYAvThefenginger stdalsiiachite and will herein
be de‘;Cc%m uter 104 and software (represented by removable storage media

4 gﬁf,)which they 5 control via one or more input devices 108 and output

devices 110. The software is stored in the computer's internal memory for

execution by one or more processors. The software configures the

processor to accept commands and data from the engineer, to process

the data in accordance with one or more of the methods disclosed below,

and to responsively provide predictions for the performance of the tool

being developed or improved. 10Upon receiving the predictions via output

device 110, the engineer can select certain tool parameters for further

analysis and/or implementation. In alterAiative system embodiments, the

predictions are subject to further processing and/or verification before

being provided in a perceptible form to a user. For example, the

predictions of a surrogate model can be displayed graphically to the user,
hiit theyvy miaht alternativvelvy he ecvetematicallvy ceaarched internal tn the 15
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WO 2(108/112921PCT/US2008/056894 expander 208 to produce a
perforated screen 210 seated against the wall of the borehole. Such
products are available commercially under the brand names PoroFlex,

wyeisahlex;and SSSV.  One crucial risk in expandable scigendesigsiSo,
expansion failure of the base pipe, which may result from improper

in det%le bk Sﬁéﬂ?d %Z%‘@{HSJ%@J‘ %&%ﬁ%ﬂ%ﬁ? RgWﬁ tg&{ éi@@anllézla&ék'cfmgmﬁ thereto are

ctors. In contrast to expansion failure, the optimal design allows a high
not intsndaghSiohiratedwhiteenaontanitg mﬁmll@aﬁddwiwﬁe bty thobtagary, the
intentiB$ q? Egtgc_quaﬁ? ﬁl@ﬁﬁ&%ﬁﬁgn&mi%}g%ﬁf Qﬁ&x?a?p/@aﬁh %M'Me spirit and
involve high-fidelity finite element analysis (FEA) applied to the selected
seope AblBepacremm sro AT a seipipe bHb® avesdif ¢dats. computational cost for
FEA modeling is high, the final design might be sub-optimal due to limited

number of simulations. 187Hwis iexpangdablesergen design will be used
955 638NN RO HCHSSR A5 AR G %HMR&%QQH&&%H%%%%E&Q@&@& herein,

model design methods disclosed herein. %)3 shows geometric
along Bal FERHS TBPISHHIANG 2B HhsE SRES TRENDIL RS gsbFAIVSSIPRRIaR With Sparse

amourd 3RARINe MaiRLANG: mé@@fs@éﬁ%ar@@ﬂﬁﬁﬂﬂ‘ejyfséﬂﬁt%rﬂ%\dﬁ%ﬁsthﬁttﬁ@edmciosed
model does not require the "major" axis a to be greater than the "minor"

SYSIen RIS afive te fUTARIGHY 15 GHODE TamHiLirfaPobif of 2 sparse data set
generateirRyraderestliokraxe sraldnshpdlbapaameess tﬁftﬁ@ﬂaxlab@mﬁl R@sembles that
betwe e circular rows, and HPC is the numher of holes |rcular

minimye ¢ 73 rﬁﬁﬁ%@t RRRESHRE ailgth 2 ?ma‘éaf%sa%tt ST pfigebles based

on datseimtaﬂhmﬂgﬁ %gmgmmrmm&mm@ﬁﬁ%ﬁbﬁ&mhe&fmm&@bs 1o form

1-4 |n es.for s and oles for HPC. Fi a flowchart aof an

o 100 1O 0B LI SR SR 03 g 2 e vlidaton
and a comgptehetsd tppriediciihertealisperiopmanice . hat theprgsedictase isttidyyoids of

the eX|st|ng FEA model serves this role. The FEA model takes the four
parameter spac

para eters in the design space as input variables, and performs a

Shmstatd o sheature thresadidtingplestenstaid ariddensileiloady atibeion based
on o AU EIAANZAIAIE BIOSiAN iR RAOEEHARICUNBRS WOEIRED cmbie

model is t00 complex, e.g., whéther an 25 exc ssive amount of time wil

ﬁdeh‘tbecmﬁr@mcﬁméumﬁmm thée saflitibis speppaditdintifpemmndptiftaind ambiguity
based %ﬁgéﬂﬁf'e Ueibeimodet iseet igp.compley, @ 8&?@%‘%%&'@6@@??@&%@8%@maches

performance in block 406 for different parameter values until an optimal

dealing gtiihssenakrmiedimplbabisosy Tivarebmpink a%@mwwﬁetwﬁﬁ&ﬁmd fitness
functi GP[UEONHRINES BDGNARNITHIAGK SN Hse ILimRlementing i 9Rlediata (161,

the present case study, the optimal solution will be one or more values of
optimiga FRBIGDR ASH Y ATIERD G SV a6 SHaditsaitehBiand agtihaie the

type I &umam@%ﬁ&ﬁémf&ﬁg%@é@éﬁ%@b@%&g fhe ReLfArAlRASCIESD! 18], Our sparse
onfiguration having a minimum chance of expansion failure.

data GBS& QRS ARPIRAGE Bf H5Esh bt et thepabainatey selection /

combif@EhsoRace rand:the.step sizasmfor &aﬁﬂxﬁgarﬂmﬁi@héb & ELREHBEGEBYNces. The
determipe in block 404 that a fu ﬁel é}rann of -7 -

combIgSR 1 2859 PRt GodioRes %C@fﬁﬁ%ﬂ*@&%@ ﬁﬁ??’ﬁ#é‘%é’ﬁ%’éf%ﬁlutwmmﬁ
sohuti mehlﬂumﬂea&hlﬁs Idilv’da atnevendaa saisigqtBunagacanstrdghaBnpEReRSS]ations

412 |s rfor ent u Ier s pace r usage in Iocks
over | ge #
Ve 466 a n “some %r%vbga?gnée%%s “the sﬁi)spaceéls&r)rhsf’stlé’ ﬂ%m y capable of

prOVldpmamaeb\Muwrdemme@ﬁaswpumItbyfmmlsmafoght@mnndmnaphns alse a better
gencrafiERH 1B BR8N HROUA 9 HUNCDARIAS SO0 R S ARt AP FRarure for

optimum value Process 41 begln with the englneer 0 talnlng a
managéjsapeerdsiaatismfrsarithe dnid hﬁﬂdemygdbft model fideiite itusteative-oagen through
evolu %593{ ﬁ‘ﬁ ﬁt O 1@ %ﬂ\oodc 6 n%%(lﬁxa Al ntsentl {%oog}}%@ for US% I&robust

ev Ing a surrogate det" T ese pom S were partl tionad in
prediciitockidlgHintotwi disjbimtdatalsets. About 10-25% of the data points are

excluded from the primary data set-@nd 10 used to form the secondary

data set. In the present case study, 52 data points are put into primary

data set, and 10 data points are put into the secondary data set. The

primary data set is then used to form multiple training sets, using a

"leave-H out" approach, meaning that a different selection of H data points
e laft n1it of eaach traininAa ceat |lNn the Nnrecent cacea ainht fraininA cate ware
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20selection of six data points from the primary data set  Returning to
Fig. 4, the computer selects parameters to form a pool of neural network
candidates in block 418. The size of the pool may be conveniently set to

warzfé: #e128 neural networks because these numbers can fe; vernos/osesss
conveniently represented using binary numbers in the evolutionary

seisalonAloarims e purpose gharlegting, difgiRnL A Eé.@ag ﬁ@ﬁ@ﬁ%@é}%pmm

for eaCh 75 neural network is to create diversity in the candidate pool.

envirqurs Rt stitais| & istiHicues Torgamer ativg Fetsralsretso e randitilite Sardeveloping
or 1mﬁ¥@i@@e?@%ﬁbﬂ@é ing Eulisiaven feedsiorward pehworksvith adequare ;i

diversity [21-23]. lllustrative training variations can include varying the

includg miBEPBEhitiiern A GEEY #EtHeNieFAMhBI TSRO WAl iFig iz MgmbéPok which they
contrdliddeayers 10 fﬂﬁlﬂ%‘@ﬁ@é@l@%ﬁ&%&ﬂ% alNg.0aa ek EBRAMNL siored in the

varying the starting values of neural network 30coefficients, and randomly
compYERAHHIFHBRSEHIEY 17 thertHlipnbyinpate &g sregsats. Thersfrgasnsnsigures

the praf:ilustiadivenieurahaeivark arehieaiure febthe-pesferated $6EQ8M: in accordance
example. The illustrative network includes an input layer with four nodes

with o 1BPR AUHNR RO AlsclpigHIsto) v PRSP 1E5PeP Uit iR Piefsar sedrisgs for the
performsaeeqriilayesn wihadvasiapla srmpessefihidden WO

§008/112921P_ T/US2008/056894 noges, and an output layer with two

SR SEhETO M ERITBERTT PIAEPE AT Snd Pe HGIERENE). SR aqlipuertan tool
paramiete $osifapherepeddiceridielr ilmpishvaliiesn The utpal noces-pr egierligents, the
rediétif?}%?r cgrguiré%y Q%meerir igﬁuts,ﬁllgd?e hidden nodgsfout%ut the ded |

P hyper%rolic tdngent 0 awe?g fed SHM O ?ﬁe\f?ﬁh]ﬁg and 8h‘a Tﬁ%%a%xi%‘” ea 1 2
percepifde fo8orveanseraF netwark emibedirmdints rave onlyrane: mhidemlayetisplaved

N hat each neural netwaork in the candidate pool accepts the same _
e e T e BT e gl o the
compifsr tieelfreiss mrsasestud pptovaldits rentfpevealnetivo rkystrigtwédelitgreémulation

model!SEHJR Gombinagion il siabhfierentiaining daig sele, fora olalof g,y
neural network cand? ates. In another experim n%, elg t(%lﬁlereniJ neural

subscqyervBrRostUCI S wahe satian sodisineition withidixtdenmdifférefidatas just one

exam eI OOAHUPL SR AN ERERLRE YA AP AOAER e RO AID IR Rer then
Fig. 4, the computer trains a set of neural networks |%ulg|ock 420, varying

generaife YrHIG Wﬁé@ﬁﬂ@f@?@m@{em@mtmﬁ whuredages the Heuraler ). As another

exampﬂ‘@ﬁ\ﬂ’_l@rkdﬁlﬂh‘{&nﬁ@ﬁgwgﬁérﬁ'&ﬂgﬁ&@%thgﬁ%%gegggt@h%te perceptible
training epochs and network complexity. By varying the training

signalsfor CONQINE L CHHPIREBRETE & bEFBRLATEEE neural networks that
gachpkapssfoenadegyatahayer theibresPeCtve RINGSSESy it hH3 BIRGKrilled.,

422 I%Eée? computer formulates a diverse set of evolutionary selection

, t .
The ol R REGTB s b rET EAPRITALES U SEbIEE! ISt tRE HB6Isoprol in o
and gasapditlaitonetypiks, Hds dastabledaderavige:anealofgandigateseries of rows of

ensembles with sufficient diversity. Fig. 7 shows an illustrative neural
noles RO R RO A U5 et AR TR R G FRally on
the bacafigid atelpaole20i40ds indheuihistiatedsexample hameyalRetwatksited cone
methogoqoy% é%&%{)}(e b@/éhrainin%data set a/&A-P\Z}and bygn mber of hidden

nodes ih the secontl hiddan fayer (31614 SIEHSH riﬁg QiEhgls wall. Modern
well caigdritiom syejpreserited inyialirovpaRbbieterpines theleambinalioniof of the sand

Sy tworks 712-716 that foul, ensemble 702. The inputs to each, ,

itk 2 et ST, T o e et
and preyieaepnahésplosparatbontined ayaeplesenté Bie Ibotksi#g8 and 25 720.

riisuaiinshlacked L8anthd 29 ayerRd Slé*}ﬁp@f&ﬁ%%%g{?g’avggg%&g 9teath 4 into

neural network 712- 716, but in some embodime average Is
a borehgleal {4480 eundsthir brabrbal e Sitmrtias demmgoestahidealically powered
employed, including root mean square, inverse mean inverse, average
after excluding maximum and minimum values, etc. The outputs of blocks
718 and 720 are the predictions of tiie ensemble responsive to the inputs.
30In 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 net-works). To achieve diversity, the
~combniitaer accinne diffarent combinatinne of weinhtina factare (ac
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5 The process carried out by the computer in block 424 (Fig. 4) is now
explained in detail. The computer selects neural networks from the
candidate pool by multiple runs of a genetic algorithm to font' a pool of

wiacahgeukal network ensembles. The multi-objective performangedunetion.,
to be minimized during evolutionary computation is a weighted form of

easur ments x EMSE+ k, x SIV X P(1 atﬁ%u%rr
uce a ra’se sereen sedte mst t ehole. Such
expan e ensenﬁ) € mean-squared-error m sure € va |da?

pmdud:amm%iabﬁhe:mmadasm&udm thend alidat é’r@r@bﬁtazisértersaﬁmprmmws\f

ata set &sit is the .ensemble,.sum- squared -wei ts averaged ove
e S R R RSB, o

may rambr@rsnﬂy imphepbateinetue feranéas defi neata‘uaihmid@ehawawr anhhﬂ%ufactum%
k ar C |C|e ts with s matlo k k211
rer N e R T At oy e v

maintﬁema)ﬂhermmglﬂt)ﬂ{lﬁ] fordlamsinglecdath pdirhe wtrémeatéd(lbaandolrﬁ(nﬁonwmmnal
engindBiD eag#rguaef ;B%M%”%%%@Mﬁuﬁﬁlaﬂﬁ“ﬁﬂﬂé apehihe SR gf:%%@%phed to

ensemble, respectively; for the nth'sampl€. P(n) is averaged ove
the selpetatbbplactalisies. FEoh o pipat Heuf%imewmpkﬂw&@mmmanﬁbmhfor FEA

modermg% Bogemb lﬁmw&m@\s@%f@?&z quernumber %ﬁ%@p&eemmm

and number of outputs r Irk.,1P(nk) (3 Note that the ensemble

us, SHRAGIHIdeRmiTEr Rreguatibh r3) ﬁﬁe%ﬁﬁ@nﬁ}@ﬁe@’éﬁl\ﬁ@@%@iréﬁaﬁ@nﬁid 0
undermﬂgeré@ R 5 S8 E R M agBIEeRMLIfersRkin sign. The

multi-objective function used in FCAES provides a comprehensive

FifEaduPBUBc RERRIE HruamRalE altu FABEAN e Reve Wdata (EMSE) is generally
ellipti@nsentble SaMplBXiASSWN), Angcnsambie-diversityN3) Hhereasingkde model

will put more, focus on the ensemble prediction accuracy of the grven data
does ngLrNEE SR Rty 5 el B SESHIBI R TSN b dmetisr At Rnology
might tegtiarizationts ndt et exphlentanteids 9ind 5.) The parameter s is the axial spacing

between the circular rows, and HPC is the number of holes per circular row. The initial pipe
thickness and diameter are fixed constants. The selected range of geometeric parameters is 0.25-
0.60 inches for ¢ and b, 1-4 inches for s and 3-18 holes for HPC.

Fig. 4 is a flowchart of an illustrative tool design method. Beginning in block 402, a model
is constructed to predict the tool’s performance. For the present case émdy, the existing FEA
mode!l serves this role. The FEA model takes the four parameters in the design space as input
variables, and performs a simulation to measure the resulting plastic strain and tensile ioad at the
given expansion rate.

In block 404, the engineer determines whether this model is too complex, e.g., whether an
excessive amount of time will be required to fully explore the solution space to identify an
optimal solution. If the model is not too complex, 2 computer sirulates the tool’s performance in
block 406 for different parameter values until an optimal solution is identified in block 408. The
computer displays the optimal solution to the engineer in block 410 for use in implementing the
tool. In the present case study, the optimal solution will be one or more vajues of parameters 4, 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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WO 2008/112921PCT/US2008/056894 training candidate networks in this
method, it could provide additional controllability and flexibility in creating
candidate ensembles. Putting a minus sign before k3will encourage

waighgity-among the member networks, while choosing a plusSiguWilk nsesos
penalize the diversity. Under sparse data conditions, it is prefered to run

the SQE%@HE £8é’%%{§‘!i}’%‘@ﬁ§% %ﬁ@ﬁ%‘%%@?%‘}%@&a%ib%f”ﬂc g0 é{\!;%}ﬂﬂss{l}@%m model
other settings that have been employed tor running FCAES in the present
constreeie sy e @ﬂf@@é@]é@h@bmiﬁi’@@@émﬂ@f ﬁ@h&@ﬁ{k@fgr usage in blocks
405 alCRWA00 RIZE (00,8056 MbIES), generalign . ourpPel. (30.9606aUA0S)i ARG fed as
eight different sets of coefficients kb k2, and 1(3 for evaluating the
optimajigHte dupeermiaeds. finetion s{Tosastitredensiiiion to sacly dhahdsesolution is

at 13as¥§%%§ﬂ%ﬂ9!§:§’é%gmems were also run with different values in this
case study.) After each run, the 10ranked ensembles from the final

Genevafibh mEnsael for J0sRes STHeEEBINg SParsT dateis9b Sinn(Ble dieh Zidefty tool
modelFif 14D is:RBYEARetWRLK ainingAnd ersemblerselechion.hayeReeRhmined for

performed using the primary data set In block 426, the secondary data set

use indeyeloing ecleepistalense hifes SrARTS BEON B RatibPREtwb kock 416 into two

disjonr@nnembles dexelopeddn blaek 24 pAsshewainkig. Bothenensenbledsta set and
ndidate pool 802 includes %géfinal gtenerations 804-808 from 15 each
ICTe RS 6]

Cc :
used v dor iy O UG L Eo RS T (37 AP0BY B SEaP U o primary
data senseiles:810iafarmgd byselecting@ne dacadensemblairomaeneh finakn used
eneratjon 804-808. That is, each lgcal ensemble is selected fro roup
o forl ST A AP L ek 8 Bt o L G DEP B AT, Secion
of H daf: aoihkaidifing:eydhatib naiyise lectibng? busdhecstakipimbanblkleealwere used,
each hg@is%@glf in‘g%%l 810 obtained will equal the number of settings of k k-2
and%a att previous stage. 20To select each local ensemble, the
Fedh square dign cetofrthalbrsernileljir edictens foutttindégoidadyidata. Set 502
- is sured for each of the ensembles in each final generatian, .and
s e SN S L S R
and Higgakehsemplanente fresenpibsicgroap. ShemdiffdredtabjectivEdumctiondata set

504 C(ﬁl@gl‘gait@ é&?;ﬁ)@@%ﬁg Hﬁ@c‘&s&%ﬁ f@ﬂo@@@ ﬁ&g g@ %Gﬂ)tg%ﬁ&?ﬁmﬁ c%ﬁtea set 506.

~which gives the minimum EMSE on the primary data set may not be
Eight diffgeenngapig kel miimifeslthampréuictiitairesr bh ahdtdee ondiffyraeitaandom
seiecti%%ﬁéﬁq‘ﬂ&%@ﬁ&ﬁ&%&%&l&eﬁ%dg& bath data sets during local ensemble
selection to evaluate whether the process should be restarted with a
ReHarent Seinigry s bo rammptratseiest dRasIBITisrdio e repeo! of neural network
candidBYtirOBiSOlVE Yveighting GORlligenisaatNe: logalenspIPRIeS ASIeHRIned 33 neyral
this way usually provide adequate diversity for global ensemble

networes reietolieri AHBIT FethistReRveRmBlisErisWiferdne Bary numbers in the
evoiuti@ﬁéi@réﬁwﬁﬁ&pﬂ@ﬁﬂmefﬁg%ﬁ%@%gﬁﬁmgﬁﬁ@%ﬁﬁF@f&U%ﬁ%ﬁﬂ%é{&% for each
am

allocal ensembles. For example, ensemble, iguity may be aesirable and
newral | pGREBThclde o Fidfie GHEMbIB PRFFGATHAYS fiPRkioHawepitble techniques for
genera@BOBIALTIRURGT/ JHAN0H02684ailabiR thepresentcase-ailisthereed-forward

T L B T
numbefive différentsits of vieightireg cesfficientskhkhanddid: Aftatdden layers in the

e ti of evolutionary selection user each version of the objectiv
tworgey : , .
neso B S R STl maBagervort
coefficigate Kebtaniforhy var tandivateldrbeniyepool Thesampotentas.
eleclad.a loeal esaule.or saclheeling ol ihe bieetive ncton faesdnpie
__on the candidates’ performance on the secondary data 88t Table 1
The iliusirmirrarpeyetie ohiarzsteristivg dhwietdbdbensedblese Thedmdexpangeiof. and
HPC), WURSEREUANGIR HOMLR 144 (FADeMot GAQMIaICal A NS er of hidden
validation error is calculated by percentage ot absolute di &rence between
the ensemble output (each 10 enserfible outputs the average of the
outputs of the five member networks) and the FEA simulated output.
TABLE |
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SELECTED LOCAL ENSEMBLES AND PREDICTION ERROR ON THE
SECONDARY DATA SET MOF Weighting Coefficients Local Ensemble
(member index) Strain Error (%) Load Error WO K=[1.0, 0_0, 0.0) [7 10 18

wh 4Rl 9263;5.94 K.-----[0.8, 0_1, 0.1) [5 19 29 PCT/USZO08/056894

nodes, and an output layer with two nodes (one for each output Plastic Strain and Tensile Load).
The input nedes simply reproduce their input values. The output nodes produce a limear
combination of their inputs. All of the hidden nodes cutput the hyperbolic tangent of a weighted
sum of their inpuis and an adjustable offset. Some neural network embodiments have only one
hidden layer. Note that each neural network in the candidate pool accepts the same inputs and
provides predictions for the same outputs. In one experiment for the present case study, four
different neural network structures were used in combination with eight different training data
sets, for a total of 32 neursl network candidates. In another experiment, eight different neural
network structures were used in combination with sixteen different data sets for a total of 128
newvral network candidates.

Returning again to Fig. 4, the computer trains 2 set of neural networks in block 420,
varying the training parameters for each network. In each case, the newral network is given
adequate training time, with appropriate contro] on training epochs and network complexity. By
varying the training parameters, the computer obtains a pool of unique neural networks that each
perform adequately over their respective training sets.

In block 422, the computer formulates a diverse set of evolutionary selection parameters to
form a pool of candidate ensembles. As with the pool of candidate networks, it is desirable to
provide a pool of candidate ensembles with sufficient diversity. Fig. 7 shows an illustrative
neural network ensemble 702 formed by selecting multipie neural networks from candidate pool
704. In the illustrated example, the neural networks in pool 704 are indexed by training data set
(A-P) and by number of hidden nodes in the second hidden layer (3-10). An evolutionary
selection algorithm, represented by arrow 706, determines the combination of neural networks
712-716 that form ensemble 702. The inputs to each neural network (“mernber”™) of the ensemble
are the same, and the outputs of each member are combined as represented by blocks 718 and
720. Usually, blocks 718 and 720 average the corresponding outputs of each neural network 712-
716, but in some embodiments a weighted average is taken. However, other statistical
combination techniques can be employed, including root mean square, inverse mean inverse.
average after excluding maximum and minimum values, eic. The outputs of blocks 718 and 720
arc the predictions of the ensemble responsive to the inputs.

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

PR P
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below) for ensemble validation error, ensemble complexity and ensemble negative correlation or
ambiguity. This variation in weighting factors is one distinguishing factor over previous studies
[13-14] in which the weighting factors were fixed. The computer then applies the different
evolutionary selection parameters to construct the candidate ensemble pool in block 424.

The process carried out by the computer in block 424 (Fig. 4} is now explained in detail.
The computer selects neural networks from the candidate pool by multiple runs of 2 genetic
algorithm to form a pool of local neural network ensembles. The multi-objective performance
function io be minimized during evolutionary computation is a weighted form of three

measurerments:

f =k x EMSE o, xSSW+ I, x P -

In equation (1), EMSE is the ensemble mean-squared-error measured on the validation data
set (in the present case study, the validation data set is the primary data set 506), SSW s the
ensemble  sum-squared-weights averaged over networks in the ensemble (the “member
networks™), P is the ensemble arnbiguity in the batch-mode form (as defined further below), and

k ’]‘5 and  are normalized coefficients with summation &1 7% +& =1

The ensembie batch-mode ambiguity is an extension of Krogh and Vedelby’s network
ambiguity [7] for a single data point
POy =25 (F )= F )
/ )
where Fi(n) and U are the output of the ™ individual neural network and the output of
the ensemble, respectively, for the 7™ sample. P(n) is averaged over M member networks. For
multi-output neural network, we can obtain batch mode ensemble ambiguity by averaging P(n)

over number of samples ¢ and number of outputs * .
— 1 < -
P= Z Z e P (”k)
{exr) o= 1 3)

Note that the ensemble ambiguity defined in equation (3) and the ensembie 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 givern data (EMSE), ensemble complexity (S5% ). and ensemble diversity (P). Increasing ks

will put more focus on the ensemble prediction accuracy of the given data set. The coefficient ©
is an ensemble regularization parameter. Although regularization is not an explicit concern for

_.lO__
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K=-[0.6, 0.2, 0.21 [14 18 19 19 277 8.77 5.18 One problem associated
with sparse data modeling is the existence of a large number of voids in
the parameter space, We can see from Table 1 that the local ensembles’

wRiegigtion grror 15 on either plastic strain or tensile load is spgllgEINaMsex0.
10%, which is well below the design tolerance. However, simulations

trainitf (gggl?%'eet%%nvf%&%% %tfﬁ&%sd?ggmsﬁ%g;% iﬁasw that the %aag 58 oéa%l@aig%ﬁﬁy and

€ local ensembles is sti cant.'For example, Figs. 9A an

ﬂexibgg’ rer E&['@é%?éy Qﬁ&@%é%ﬁl@lﬁg’cﬁfﬁ dictgdiysi Q@V&fgmeﬁemﬂp%lcqmage

~ensembles assuming fixed dimensions for circular holes 0.5-inch in o
diversifiaieter Tetiemdife REAIPKEdRBN ST SRoATES BERONIA B F i versity-
UndeSHRGBYANIHNE 4 REL Ot heles Betsiretlary Qv SIgNiGaRt SHfi9ERNE8Sormance

can be observed in the shapes of the resulting prediction surfaces.

functigh §5iihd Tsibensdinsrb dday phevrdarainties festmeinahc Givenn the present
case svalidaliondata.spasedingsase ndanndaia:s ety IRAN S GIVE (60 ensembies),

significantly different predictions in the i?rge voids beyond the available
genergyin Bupredift SPHAE EERE PG SHORLH THCAT: Fides Speetif denag * for
evaludbifties siinctons-daifiese Tuivhs:Of an Ryolitarantsale lien:algontbm. values,
. A global ensemble is helpful.in reducing the local-ensemble;related _
ol R R R CEA OB GG e ) AT cach s, o
ranke@ ORB1129 2DRCGHI TIBPHH856894 parahietéusipageodkesardingly, in
lock 428 of Fig. 4, local ensembles will be combined .to form a global .
e R by ot o B o B IR RSBV scesin
have ipredietittmmoxenthe dvatiablervabdationiddiacbylélsbdettongendradizationused to
setect QY B RIS which can be Justifie fré’u%?}]f}h%rsé’&%%@é : §l%?§% btk 424, As
o%Jectlve ambiguity measuremant. Iﬁwoug there'isno 5 gu rantee that
showrglobakshabthingpisbhecoptidesl peetifd tovedaséhth&pregiivtiotions 804-808 from
each éé&ﬁ?g'@* HEy &&éﬂﬁ&én&%?@cfk Y g;arz‘?’, g&P %”%gﬁcﬁl*&qgéﬁse'ﬁ#b%?gp @llﬁ‘is formed
adequate. The Separation of local ensemble sélection and globa

by selegiernpid eretenpirdton asensefes eonediiee §Aé-80%t Thatveleridrianp! ensemble

computation The global ensemble can be constructed by combinin
is sele e%gmc?c%[i{’élﬁé@grﬁﬂ %ﬁgﬁgsem%les derived based on a gi%en set of pagrameters k ,kz

and © during evolutionary selection. Thus the total number of local ensembles in pool 810

obtained will equal the number of settings of k, ,kz and % at the previous stage.

To select each local ensemble, the mean-squared error of the ensemble predictions for the
secondary data set is measured for each of the ensembles in each final generation, and the best-
performing ensemble in each group 804-808 is selecied as the local ensemble to represent that
group. Since different objective functions and data sets are used in blocks 424 and 426 (Fig, 4),
the ensemble which gives the minimum EMSE on the primary data set may not be the same one
which minimizes the prediction error on the secondary data set. It is wise to monitor the EMSE
on both data sets during Jocal ensembie selection to evaluate whether the process should be re-
started with a2 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 ensembie construction. In alternative method embodiments, different
periormance 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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10 ensemble pool 810 into a larger ensemble 1002 as shown in Fig. 10.
Arrow 1006 represents the use of a selection algorithm such as graphic
inspection, ambiguity selection, or FCAES. The global ensemble 1002

wdiskiiadtes,the input values a, b, s, and HPC to each of the |9%%Iruszuusrmssg 4
ensembles 1012-1016 (and hence to each of the member networks in

se local ensembles)..and ¢ he re tive PI o}
Lt?e&lhsr erelf%fgcf o§tr;}ut frglr%% eggg%:al gﬁg‘ig% gses[?elfzrér?rg ﬁg&%&]{%}?%ﬂfg%andyc@g
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parameter space. Accordingly, in block 428 of Fig. 4, local ensembies will be combined to form
a global ensemble that is generally capable of providing not only the improved prediction over
the available validation data, but also better generalization over the voids which can be justified
from etther visual inspection or an objective ambiguity measurement. Although there is no
guarantee that global smoothing is the optimal method to reduce the prediction uncertainty on the
unseen new data, experience suggests it probably is adequate. The separation of local ensemble
selection and global ensemble determination also serves to reduce the cost in evolutionary
compufation.

The global ensemble can be constructed by combining several local ensembies from
ensemble pool 81¢ into a larger ensemble 1002 as shown in Fig. 10. Arrow 1006 represents the
use of a selection algorithm such as graphic inspection, ambiguity selection, or FCAES. The
global ensembie 1002 distributes the input values g, b, s, and HPC to each of the local ensembles
1012-1016 (and hence to each of the member networks in those local ensembles), and combines
the respeciive Plastic Strain and Tensile Load outputs from the local ensembies using blocks
1018 and 1020 similar to blocks 718 and 720 described above.

To determine the best candidate local ensembles to be members of the global ensemble, we
still use the given primary and secondary data sets as evaluation basis, plus some other virfual
validation measure to aid in decision making. In one experiment, combinations of four local
ensembies (selected from the pool of five ensembles given in Tabie 1) were evaluated using
graphic inspection to select the global ensemble that provides the smoothest and most consistent
predicion in the data space voids. Many predictions can be viewed in 2D, 3D, or even 4D
graphics for anomaly identification. A good giobal ensembie 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 underiying 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 o 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 ensembie ambiguity
can be used to evaluate the performance of the global ensemble when no additional testing data

_13._
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is available. By choosing some possible inputs of imterest in the voids of parameter space,
different global ensembles having similar prediction errors over the entire data set 502 can be
compared on the basis of their global ensemble ambiguity, The global ensemble with higher
ambiguity, indicating higher negative correlation among the member networks, is a promising
candidate. However, many excepiions exist, and other decision-making methods can be
considered.

Returning to the case study — the local ensembles from Table 1 were combined in groups of
four to construct a large global ensemble (20 member networks) to reduce prediction variance.
Five global ensemble candidates are given in Table 2 which includes all possible four-member
combinations. Table 2 also presents the simulated ensemble network ambiguity (NA) on four
data sets, each spanning over a subspace of 1040 samples for a fixed hole size (0.325, 0.375,
(.45 and 0.5 inches in diameter). The last two columns are the calculated WA on all FEA
examples (data set 502}, and the overall validation error measured on the primary and secondary

data sets.

TABLE 2
SIMULATED MNETWORK AMBIGUITY IN VOIDS AND
ENSEMBLE VALIDATION ERROR

IndNum  Sim1NA  SimmZNA Sim3NA  SirmaNA  SimsNA  ValsSrr
(h0325) (MC375)  (hD4s50) (hD500)  (NT+N2Y (%)

GNNET 1.214 .81 0.306 0.228 0.027 8.29
GNNEZ 1.1682 0753 0.357 G.2t4 o.0z2 §.20
GNNEZ 1414 0.804 0411 0.2233 0.026 S.10
GNNE4 1.334 0.855 5.2380 0.224 0o23 827
GNMNES 1.327 0.850 0.388 0.227 0.025 6.21

Table 2 reveals that the overall validation error measured on the given FEA exampies (data
set 502) is relatively insensitive to the choice of global ensemble, which demonstrates the
robustness of the principle of using a large size ensemble for sparse data modeling applications.
Table 2 aiso reveals that the NA measured on the voids (first four columms) has a sigmficantly
larger magnitude 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 fraining data distribution. Since certain regions may be more
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resultS 58 S E AN TRB'E 3 EMPIRICAL COMPARISON

OF NA IN VOIDS AND ENSEMBLE VALIDATION ERROR IndNum Expl

Na Exp2NarBrpSddee B Emﬁs«p(zﬁzﬁrrfgg Err

(h0325)  (hOB28} (hO325) (%) %

GNNE1 0.951 1819 1.087 5.31 6.05 4.88
GNNE2 1.081 1.834 0781 6.38 8.11 486
GNNE3  1.050 1778 1.000 8.30 6.00 4.86

GNNE4 1.026 1.572 1.088 5.43 5.86 508

GNNES 1.050 2154 1.036 5.43 6.05 5.04

The first experiment listed in Table 3 was almost the same as that previously
described, except that 2 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, buf 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 sampies from later

FEA simulations.
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Resampling was applied 16 times with 6 samples excluded from the primary data set to form
each traiming set, and 128 candidate networks with eight variations in structure were created. In
each experiment, five local ensembles were selected and combined to form five global ensembies
using the proposed method and procedures. The NA for each experiment in Table 3 was
caiculated on the same void of subspace, i.e., the subspace with hole diameter equal to 0.325
inches, and the ensemble validation error was tesied on the same 62 samples. The same five
weight coefficient settings for the objective fundion were used in each experiment,

We can see from the validation error in Table 3 that training candidate NNs without
resampling (Exp.2) can yield similar ensemble prediction accuracy on the given data set 502.
However, the NA values indicate that the member networks’ predictions on the distant voids
have greater deviations compared to the fraining with resampling, which might be advantageous.

As might be expected, increasing the number of network structure variations, increasing
the number of data points, and increasing the number of training data sets, in combination with
using a larger neural network candidate pool (Exp. 3) can improve the ensemble prediction over
the fraining samples, and probably over the extended neighborhood as well. However, since the
measured NA on the voids was ciose in amplitude between Exp. 1 and Exp. 3, the ensemble
predictions on the distant voids may have same degree of uncertainty.

Figs. 13A-13B show a simulated subsurface in Exp.2 and Exp.] respectively. The
subsurface indicaies the plastic strain predictions of the selected giobal ensembles as a function
of axial spacing and holes per row. assuming constant hole diameter of 0.45 inches. The
predicied plastic strain surfaces look similar even when resampling is omitted as in Exp. 2. This
comparison suggests that while it is bepeficial to train diverse candidate networks to improve
sparse data modeling, we may not need to overcomplicate the process by forming a large number
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 ks However, as

shown in Table 2 (using positive k-‘) 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 uniil a iikely candidate or range of
-1 6
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primary data set included all 62 data samples and the secondary data set
Space, el qotng Wetn SamplavcirorrclateirEXasinvalatoasof each input and calculated the

strain and load outputs using the developed surrogate model ensembles, Combined with other
simulation results, we found many promising solutions under manufacturing constraints, Fig. 14
depicts selected simulation results in parameter space. Although probably not perfect due to data
limitations, the global ensemble performed reasonablly well in generating robust predictions over
a wide range of parameter space.

Having identified selected parameter ranges the computer uses the high-fidelity model in
biock 406 to refine the estimated performance of the tool and verify the optimality of the selected
solution. In this manner, the computational requirements involved in selecting an optimal tool
design can be greatly reduced.

The expandable pipe case study presenied herein was used to construct a surrogate model
in the form of a neural network ensemble trained over a sparse data set obtained from finite
element analysis simulations. In addition to tool design optimization, the disclosed methods also
have applicatioﬁs in material characterization, tool testing, data pattern recognition, and many
other fields of endeavor. For example, adaptive control systems typically require feedback with
minimal delay, implying a limit on the complexity of models employed in the feedback path.
Surrogate models are hence very desirable in situations where the controlled system is unduly
complex, and the data set available for developing such models may be sparse where such
systems are subject to significant revisions or evolution in behavior.

As another example, many medical treatment strategies for disease may employ multiple
components, and only a limiled 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 pfograms that cannot
fully explore the limits of the data space due to the risks involved to human lves.

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 varations and modifications will become apparent to those skilied in the art
once the above disclosure is fully appreciated. For exarnple, genetic algorithms provide a nseful
selection technigue, but may be replaced by other suitmble selection technigues including steepest

e
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and mediBEdHoNable 3 that training candidate NNs without resampling (Exp.2)
can yield similar ensemble prediction accuracy on the given data set 502.
10However, the NA values indicate that the member networks' predictions
on the distant voids have greater deviations compared to the training with
resampling, which might be advantageous.  As might be expected,
increasing the number of network structure variations, increasing the
number of data points, and increasing the number of training data sets, in
combination with using a larger neural network candidate pool (Exp. 3)
can improve the ensemble prediction over 15 the training samples. and
probably over the extended neighborhood as well. However, since the
measured NA on the voids was close in amplitude between Exp. 1 and
Exp. 3, the ensemble predictions on the distant voids may have same
degree of uncertainty.  Figs. I3A-13B show a simulated subsurface in
Exp.2 and Exp.3 respectively. The subsurface indicates the plastic strain
predictions of the selected global ensembles as a function 20 of axial
spacing and holes per row, assuming constant hole diameter of 0.45
inches. The predicted plastic strain surfaces look similar even when
resampling is omitted as in Exp. 2. This comparison suggests that while it
is beneficial to train diverse candidate networks to improve sparse data
modeling, we may not need to overcomplicate the process by forming a
large number of resarnpled training data sets to create a Large candidate
pool. 25Changing 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 k3. However,
as shown in Table 2 (using positive k31 and Table 3 (using negative k, ),
the ensemble performance is not sensitive to the particular setting of
weighting coefficients once multiple settings and larger 30global 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
-16- WO 2008/112921PCT/US2008/056894 parameter values is
identified. In the present case study, the base pipe design for an
expandable screen should demonstrate (after expansion) a plastic strain
below an upper limit and a tensile load above a lower limit (e.g.. 63% and
550 kilo-pounds force). Given the four-input design space, we conducted
an exhaustive search over a practical range of each input and calculated
the 5 strain and load outputs using the developed surrogate model
ensembles. Combined with other simulation results, we found many
promising solutions under manufacturing constraints. Fig. 14 depicts
selected simulation results in parameter space. Although probably not
perfect due to data limitations, the global ensemble performed reasonablly
well in generating robust predictions over a wide range of parameter
space. 10Having identified selecte¢: parameter ranges the computer uses
the high-fidelity model in block 406 to refine the estimated performance of
the tool and verify the optimality of the selected solution. In this manner,
the computational requirements involved in selecting an optimal toot

design can be greatly reduced. The expandable pipe case study
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selective evolution subject to the multi-objective function with that

3. TheGRelfisiontsattingJa-phiaihannot-espardingugtinpiobmedral lativogert on a
ensembles; apd select a local ense om each said group of neural
mcas ) R BRE S E SR TR o ebu G Aot bt b SaEc

said portion of the data set;

4. The system of claim 3, wherein the multi-objective function is further based at least in part on

a measure of network ambiguity averaged over said portion 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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2008/112921PCT/US2008/056894 6. The system of claim 1, wherein as
part of forming a global ensemble, the software configures the processor

2. Thd@8\allste glohakansemble sandidaies bagrtbatleasitit paetoheare configures
measure of network ambiguity over a data subs e}jc? includtg vaAu({s
%??l Efoa‘n r

not
the PrigYRRETIREr SRICAH Y TRRCS) IEHCH PRI ST R IR AS PAHTS rmlnga'%gS tor
evaludlehakensemblgdthe software configures the processor to evaluate global
ensemble candidates based at least in part on a measure of smoothness
or consistency over a data subspace. 8. The system of claim 1, wherein
9. ThaS/past of formingwehglobalsensedibleyviimsefpuarptidafigings thetedware
rocessor to graphically render prediction subspac :
coni T DB B T Ehaae iy oA RO B AO ion for
submisdier einzasipaguefiprovicing praesseptible output, the software configures
the processor to use the global ensemble to identify at least one potential
solution for 15submission to a subsequent modeling process. 10. The
10. Tisystemrodiotaim 1, whersireagasaef of prigvidiagacsphicépapieub dhs e frare
confi %?%W é%z%%@i%‘%%%%%@?h@r 8%%8(5%%%&%'%'11‘% l&etxosf:l&,@ a solution
Ithin a’parameter space a solution that is at least locally optimum. 20
that isldt JeEselsyatewpbfasiaim 1, wherein the perceptible output is at least one
specification value for a product. 12. The system of claim 1, wherein

the perceptible output is a control signal for a regulated 25process.
11. The system of claim 1, wherein the perceptible output is at least one specification value fora

product.

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

process.
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WO 2008/112921PCT/US2008/056894 13. A computer-based modeling
process that comprises: obtaining a data set having output values
associated with input values; partitioning the data set into primary and
WwBGARdaR, subsets; Straining a pool of neural networks withopit higing @ atasss
from the secondary subset; developing a group of neural network
ensembles using different objective functions; selecting local ensembles
from the group using data from the secondary subset; combining multiple

13. Aceabprisembldsrestdire aretetdbehEnmiFSand providing a perceptible

obeGHiRYL ARG AbIEASLInRALLAN cReEdliction Y i dlahalensemble. 10

he process of ctlaim 13, wherein said combining multiple local

- par@ienyslesirelit é¥enainatmyg sbenens sibiE candidates based at least

irailfBALO8 ArMERSUE QL RSWRRKAMBIGUILY.QYeh adala sibspasessciuding

values not in the data set. 1515. The process of claim 13, wherein said

develsmibirgavRfenetar erakmpestlieitties SHsratinY Hobaredionble
sclEAndidateshasel S eAshinRAE Qi3 measdre f presiaionssmenthness

over a parameter space. 16. The process of claim 13, wherein said

conprgiigiFg A e reep R BB 8 oREh g B 265156al ensemble to
progkgﬁlgvga@@;@@nam% sRace:alselutiondhat issaidrastocally giptishemsemble.

method that comprises: determining a system's response to a
limited set of input parameter values; deriving a system model that

14, TREQelictsdhe system svespansel evaibilagansptofdapuhpardiaetatiudes
25values, wherein the system model includes a neural netwocgk ensem

ble. .
cval A RGP RS SR AT ST BT bAoA 24
over @IWQUkGASEMblisaieciad:frommdeotespanding 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
15. Tropierwkfdhddimitac-shtefxispiit parbmetemubiinescerdushereins saibhdes

selectjon is 30made based on input parameter.values held o ffg S id
SR e e v G T O
smoogystamvaradelra©r2008/112921PCT/US2008/056894

16. The process of claim 13, wherein said providing a perceptible output includes using the

global ensemble to find within a parameter space a solution that is at least locally optimum.

17. A method that comprises:

determining a system’s response to a limited set of input parameter values;

deriving a system model that predicts the system’s response over a larger set of input parameter
values, wherein the systemn 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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18. The method of claim 17, wherein said neural network ensemble is
selected from a group of global ensemble candidates that are evaluated
based at least in part on a measure of network ambiguity over a data
weHhsRac®2519. The method of claim 17, wherein said neuraP@ERNGIKB/856894
ensemble is selected from a group of global ensemble candidates that are

3. BYAHAIRY Bﬁéﬁﬂ@ﬁ%%&@ﬂ@ﬁ@ﬁb@r@%@ﬁ%ﬁ{%ﬁﬁmnm&mﬁ@ﬁm alaxoup of
subspace. 20. The method of claim 17, further comprisin prodc&c ggork

global produblarifigrice bR AIaTEatohiased d RRESRIRLED S THHE
amb}_sé{ﬁ{? %E?%Qﬁ%ﬁxbspa@e.

19, The method of claim 17, wherein said neural network ensemble is selected from a group of

global ensemble candidates that are evaluated based at least in part on a measure of smoothness

over a data subspace.

90. The method of claim 17, further comprising producing a product having a characteristic

based at least in part on the predicted sysiem response.
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