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RESTRACT: 1t has teer claimec ¢f rwany prcgrams develcped in  the
area c¢f Artiticial Intellicenrce that tleir kehavacur ingrcves

cver tirme. ke classify a Ltrcad range o¢f thkese ‘"learning"®
[rcgravs in a two-cdimensicral stace. The structural dirersiorn is
vsed tc Aescrile the ferm c¢f the algorithm teing 1learned. The

Jearnipg rrocess dimensicn acccunts fcr the differences in the

ncde ¢f vresertaticn tc tte Student of the desired inrut-cutput
Telaticn.

* * *
In ttis ccntrikuticn to the session on M"The Evclution of
lrtifacts", we take the terr evcluticn ip twc Senses, ore brcad
érd Cne Tarrcw. “e Aiscuss the evoluticn in Artificial

Irtelligerce (Al) cf cormputer programs for whick claims have teen
nadie that they learn, that is ttat <their r[perfcrrance at givern
tesks imrprcves cver time. what improves and tow it improves we
#ill get tc later.

first, fcr the hcpefully few readers who are unfamiliar with
Frtiiicial Intellicence, it is the study cf irtelligert tehavicur
ttrcucgh ccanrutaticral mcdelirng, usually out nct necessarily, cn a
digital «ccmputer. The intelligerce is citer assured to te that
cf a tumar, altlcuck cthexr fcrms, kelcw or even akove, are not
€xcluded. Scrme wculd like tc draw a distircticr retaeern ncdeling
tte acticres tecprle dc which reguire intelligence, and mcdeling
tte way fpecple perform intellicent acticrs. We krcw sc little
gtcut thke latter tltat any mcdel whose inputysoutgut Lelaviour
resenmtles that <¢f humans is as qgcod a tlheciy ¢f human pIccesces
és artvthirc e€lse we may Lkeve, sSc we wcn't emphasize the
distircticn, €xcept perhags tc point cut that ccmputer scientists
nexe nc claime tc te gualified exrerimentalists.

In a few narrow areas such as playirg clkeckers, aralyzirng
certain c¢lasses <¢f nrclecular =srectra and performing sympolic
irtegraticn, prcgrams have keen written tc egqual cr better humar
jerforrance. In c¢ther areas such as recognizing pictures and
trderstarding ratural larguacge we are still far. krd 1cst
ingcrtartly, T=©c frogram has been constructed, or even suggested
vtict acrieves anythirg like the wide rance c¢f reltavicur seen irn

tvrarne.
The list c¢i learrning procrams we will disciss 1s vaguely
ctrenclcgical, ncderately rerresentative and horrendously

ircerrlete. If£ vyour vrersonal favorite «<¢r e€ever wcrse, ycur
frainchkilé is rissirg, rlease accept cur apolcgies.

fTcr the purposes of the éiscussion that fcllcwe, a Jlearring
citusticn invclves a teaching agent (the Ieacher), ard a learning

acent [the Studernt). The Studernt is assumed tc be arn algcrithm
which exhitite some irput-cutput treltavicur ard is an element ci a
¢cllecticr c¢f algcrithrs whichk cormstitutes tle Iearring Space.
learpirc itself 11s viewed as the reccgnition of failure ky the
* * * * x * *
Evolutionary Theory 4: 265-273 (July, 1980)
© 1980, J. Mylopoulos



266

Studert leading tc its transfcrmaticn tc ancther alqgorithr in the
Icarning Space. XYaturally the transfcrraticr cf cne algorithn tc
ercther rnmust dejend cn the nature of the failure. The
transformaticr prccess is called the learnirg Strateqy. Fimally,
tte alccritim cf the 1earnirng Srace which exhikits an ideal
tehaviour will te referred to as the Goal cf a learning session,

7wec rain dirmensiors will te wused tc frcvide a sirnple
clessificaticn <c¢f learning frcgrans in AI. The first (the
structural dimension) deals with the level cf ccncepts ir terus
cf wlticlk algcritbtss in tlre learning Sgace are cescriked. At cune
erd of the scale tke wcrking Lypcthesis is: human intelligence
tesides rwmainly in the trairn, which is rade c¢f reurcrs. Let us
rcédel neurcns and their irterconnecticns and use these mcdeling
tccls tc descrike algorittms in thte Learning Space, ircluding the
ctudert ané tlre Gcal. Such mcdeling tools include concepts =such
as lcgical gates, electrical signalg, thkreshcld elemerts etc. We
cell thie level neural. At the other end of the scale the
tyrctlesis is: learning invclves the acquisiticn of kncwledge.
2lgcrithrs in tke learning Space are nothing kut knowledge ‘kases.
Pccordingly, the descriptive tcols needed are fcrralisms fcr the
rerresentaticn c¢f kncowledge. We call this level epistemclogical
ard fccus our discussicn c¢n crne particular tyre of refresentaticn
cf Xncwledce called rrocedural (Wincgrad (197f%)). According to
ttis representation, hsncwledce can te erccded tvsefully as
[rccedures. Krcwirg an okject is knowing hcw to recognize it,
retrieve it, nrapipulate it, talk abcut it ard sc cr. RAs an cld
cége Chnce said: "If it waddles like a duck, guacks like a duck
ard ctherwise behaves 1like a duck tler ycu car't tell that 1t
isr't a duck".,

A third level of the dimensicn whick <skculd f[fertags te
viewed as falling ketweer the twc extremes descriked earlier, is
tte ccrrutaticnal level. Fere the algcrithms «c¢f +the 1Iearning
Sface are viewed as corputable functions descritable in terms cf
cre c¢cf the existirg mcdels cf computation, e€.g. 1Turing Machines,
prcgrans, rhrase structure grammars, recursive furcticns, and the
fescriptive tccls are defined acccrdingly. It must ke emprhasized
Lere that the three levels can ke shewn tc Ye in a certain sense
ecuivelent as far as expressive zcwer 1s concerned. Their
Gifference lies mcre in the viewpcirt they inpcse cn the learring
frccess, in ruchk tre <same way different thecries in FEhysics
ingcse different viewpoints orn the exprlaraticn c¢f flhysical
jfercrena.

Tte second dimension, the lesrrying prccess dirensicn, deals
witl tle 1cle «c¢f the Teacker in the learning frocess. At one
€erd, the 7Teaclter rrcovices the Student with a ccmplete description
¢f the inrut-cutput behavicur of the Gcal, wltick the Studert then
learns, directly cr incrementally, withcut further assistance Lty
tte Teacher. we call ttis type of learnirng prccess learring by
teing tclé. I seccnd pcessitility has the Teacher generating a
seguence c¢f <cample 1inputs for the Student whc is tc resrcnd tc

eech cne. Tte Teaclker then Jjudges the ccrrectness of +the
Iesporses and, if incorrect, the learning Strategy determires hcw
tfte Student's Lkehavicur stculd re transformed. This type of

learning fprocess we call Jearring from sanprles. In tle third

rcssaitility, learping fy disccvery, there is nc Teacker tc guide

tte Student. Tte Student is respcnsitle for his cwn ccals.
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€ince the ck-ective cf the research we will te discussing is
tte desic¢n c¢f fprograms that learm (i.e. tke desigr cf a
Student), tlere is great difference in their ccrplexity depending
ct vwhether we are talking abcut learning Yty bteing tcld, akcut
learning frcr sarrles, cr akctt learning by discovery.

The rest of this jpaper discusses several rrcgrams according
tc the nire-pcint sprace cutlined akcve.

1. 1Tte Neural Icvel

¥e consider first the neural level «c¢cf the structural
¢imersicn. le€arnirg ty kteiro told here amcunts tc thke prclklen cf
cesigrirg a reural ret having a ogiven infput-cutput specificaticn.
ite rrokler in ite different facets has teen treated ky LCertouzcs
{156%) ard Harriscn {19€S), armcnoe cthers, and 1is gererally
ccnsicdereé cutside the sccre cf 2I.

Iearring frcm samples at the neuaral level has a 1lcrg and
illustricus histcry going as far tack as ccmputers thenselves arcd
featuring creat successes as well as <severe disappoirtments.
Fcet ¢cf the work dcne here treats tlhe Studert as a classificaticn
Cevice whick accepts an irrut vectcr and clascsifies it to cne cf
I rpattern classes. The Teacter's jok is tc gererate the sanmples
¢erd judce tlte Student's respcnses. The Student's Jjok 1is to
perforwr the classificaticn ard realize the learrirg Strategy.
Ierhaps tle rest krcwn and rmcst stvccessful learning prcgram there
ig Semuel's Checker Flayer (1€€3). This is the first, ard
prckally tte cnly, rrcgrar to achieve chamfpionshifp rating playing
a game with a rractically irfirite game tree. FEcughly, Sanmuel's
frcgren uses Shkanrcn's miriwax strategy and the evaluation of
Ycard gfpositiore is «carried out by a simple linear ttresthkold
furcticn whose inputs 1wmeasure rpiece advartage, fcrks, etc.
Ieearning is dcre Ly mairtainirg ccrrelaticns of the ccntrikuticns
cf different factors to the eventual success cf a mcve. 1There is
€¢lzc frcvisicr ir tte Checker [layer fcr changing the set of
irput factcrs used. The frccrar can play acainst itself cr
écainst Icok cames. Atterrts kave been made tc adapt Samuel's
cstrategy tc other games suclt as chtess withcut ary success.

The Iswarring Strace used for much of the research in thkis
atea ircludes only recogritior alccritams descrikatle ir terms cf
¢ gincle ttreshcld element whcse cutputs are weiglted products of
ite dinputs (usually assumed tc take cnly C ard 1 as values).
cvch recceriticr devices usually called fercertrcns were first
frcrosed Yty Fecsenklatt (195¢, 15€2z) (whc usec tler tc dc¢ visual
fetterrn recccriticr), althcutgh earlier WCIK tad already
ectagrlisted their merits (see Minsky and Fapert (19¢€) £cr a
¢iscussior). These merits include simpplicity, dirtuitive arreal
érd e sivgle learning Strategy which can ke shcwr to ccnverge to
a Gcal tnéer very general ccnditicrs.

Tke image ¢f percerptrcns as simrple yet pcwerful reccecnition
devices wlricl cculd recccnize anythking was shattered ty the wcrk
c¢{ Mirsky and Fapert ({1¢6¢%). In cre c¢f the first treatises in
tte¢ theczy <¢f «ccmrutation, they prcved a nurkexr of interesting
fesults akcut perceptrors which 1llustrated «ccnvincirqgly their
cescrirtive iradeguacy as recogniticn devices. Imonc their
results is a prcof that tte predicate PARITY, whkich is 1 if an
even rnunter «c¢f its dinpute 1is 1 and 0 ctherwise can cnly ke
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ccrputed ky a perceptrcr that requires a rnumkber c¢f combinations
cf irputs that depends exponertially cr the number cf inputs.
¥crecver, tlkis percepticn requires weights which gLow
erpchentially witlt +tle size cf thke input set. Sirilar results
were cslcwrn fcr ctter predicates svch as CCRNMNECTEL which is 1 for
ary input digitized ricture whose whkite (1) fcirts are
tcpolcgically ccnrected. Ccnsidering the sirplicity of these
fredicates when implerented in ternms cf a secvential program, it
Lecame ckvicus that fcr many ratterr classes/gredicates tlat rneed
t¢ te lesrned, the Iearnirg Srace is test descriked in terms
cther than thcse cffered ty percertrors.

ds mwenticned earlier, [ercertrons are cnly the =simplest
cevices descrikatle ir reural terrms. A larger «class of
recogriticr devices is descritalkle i1f one allcws twc cr more
levels of threshcld «elewents witt the cutputs c€ the itk level
cervirg as inputs fcr tre (i+1)st. Such devices make it easier
t¢ realize [redicates =such as TAEKIIY and CCENECTFLC Lut,
trfortunately, rc learning Strategy is Xncwn whcse ccnvercence is
ctararteeé as was the case with fperceptrcns. Thus, additicnal
ccrplexity i the structure of the reccgriticn devices 1ay
ircreese their [pcwer, ket alsc limits cur alrility tc study them
ard ma<e general clairs alcut their learninc¢ tetavicur.

wcrk cn learring frerm sanples at the neural level hes teen
traditicrnally classified under the teadirc ct Fattern
Tecocgniticr. Scme rerresentative examples cf work in this area
are Jdescrited irp Nilsscn {19€%t), irkadev ané Eravermar {(1S€7) and
Tuda and Eart {1€72), whkile Sarmpson {1S7€) Jdiscusses tne
relevarce c¢f sucn wcrk to Piolcgy and Neurcphysiclegye.

Turning to learning ty discovery at tke reural level, the
frctlenr tere car Lte reduced to the design cf a rrogrem wkhich
accepts irput samrles, notes similarities and differerces tetuweer
ttem and rcrcses a scet cf rattern classes ¢cn the lLasis of its
ctservaticns. 1This tyre ¢f prcrklem, often celled "unsupervised
learning"®, is treated 1in TLuda and Eart {1373), among others.
Fcllardt's (1¢7() %crk or 2daptive Systens, uses cuite literally
tle ccncepts cf selecticn, rerrcduction, mutaticrn, and crcss-cver
crawr frcrm cenetics, ard arpplies them tc pcrulaticns ¢f frograms
ir ar ervirorrert. It 1is impcrtant tc rcte tlkat crnsupervised
learning ras cererally keer mcst successful in situaticns where
tynars seem tc fail tecause cf lack ci intuiticr.

2. ile Ccmputaticrnal Ievel

he mcve row tc the ccmputaticnel level «c¢f the structiral

¢irvensicn. learring Ly Lteing tcld at this level involves the
cesigr ¢tf an alcorithn (IJurinc maclkine, frcgram e€tc.) from a
srecificaticn cft its inrut-cutput bekaviour. Yhen the

irput-cutput specificaticr is giver in terms cf lcgical fcrrnulas,
tlte prctlen is scnetimes called Autcmatic Prccramming. Marna and
keldirger {1¢71) and Carlingtcn (1576) descrite refpresentative
érprcachkes to the soluticr of this prctlern.

In tle samre categcry Lbut with very different okjectives are
hewell's {1S73) procducticr systenr models «c¢f the kehavicur cf
sul-ects ir Sternterg's classic wmemory experimrents. Sternterg
stcwed his subjects a seqguence o0i digits ard nmeastied the
lteacticn time cf tlte subjects ir determininc¢ whether & prccre
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¢igit was ir tre list they Lad seen. Althcugh not using & neural
ncdel «c¢f rmemory, Newell was trying to deterImrire necessary
ccrnditicrs cn  tlke architecture <¢f the brain which wculd explain
tte sttjects 1re¢action tirmes.

Arcnc tre e€arliest attermpts at learning at tle ccmputaticnal
level dis Fecgel's (1%€€) wcrk or £inite =state opmachines (a
restricted tyre cf Turing mactine) which are trained tc rpredict
tte rext e€lerent cf a secuerce of symbcls ty rcting reqularities
ir the input strirc cltserved sc far. Fogel's experiments with
pachnires 1involving a few states crly have keer cuite successful
ir precdictirg cyclic ervircnrents and staticnary time <eries,
especially ir ccrnyarison with hurenes. Ecwever, his restlts are
rct practically extendatle tc frecgrams with large numkers of
states.

lcarring frcrm sarples at the computaticnal 1level involves
tte cevelcpmert «c¢f algcritkms wtich learr ftrase =structure
cramrars, 1Tvrirg machines, cr simple prcgrams fror sawmples. The
rrckler c¢cf Jlearring a grarmrvar {kreown as Crarnatical Infererce)
wee first tackled Ly Gclid (1€€7) whc frcved that e€ven 1in
csituaticns where the learning Space is rather limited, there may
e no ccnvergerce cf the learnino =strateqy 1f «c¢rly gfpcsitive
cenyles [(i.e. csargles generated by the Ccel) are fpresented to
tle Studert. <Ccnsideratlie work £cllowed CGcld's crigiral ztestlts
|cee Fiermarr arc¢ Teldumar (1971) for a survey), tut it is
gererally aclrcwledged today that this area cf researct is rather
lirited ir its apzlicakility Ly the descriptive adecuacy of
ttiace structure cramrars. PMcst learning sitvaticns are sinply
rct reardily expressitle ir  terms «c¢I the framework cifered Ly
Crarmatical infererce.

The prcklem cf learrinc a frojram has Lkeen tackled ¢ty
Fiermarr acd Krisltpaswamy (1S74) and Bauer (1¢7¢), amcng cthers.
“te Studert is presented tere with sample, ccmputaticns c¢cf the
Ccal ané tre clkjective 1is tc design a Iearrinc Stratecy whictk
will eventuelly ccrverge tc a prcgram that tehaves 1im a manner
ttat 1s «ccrsistent with all the sanprle ccnputaticns. Thus,

irsteed <¢f freserntirg tc the Student only input-outrut
asscciaticns, e€.g. 2,3 associeted with € 1if the Coal is the
pultijlicaticr prcoraw, we presert it with traces c¢f tcw the Gcal
ccrrutes € wlen frresented with 2 and ' as inputs. Ffauer's

Iearning Strategy can te shewn to diverge ir certain cacses.
Fcwever, it can alsc ke shkcwn that any fprcgram learred ty this
stratecy will gferfcrr all sanpla2 ccmputaticns correctly.
Fcreover, for ary Gcal there is a particular secuernce ¢f sarngle
ccmputaticrs which will direct the learning Strategy to tlhe Geal.
ikus, evcr thcugh rad seguerces of sanmple ccrputaticns nay lead
tte studert astray, we at least krncw that there always exist gccd
cecuerces trtat will teach it Zust tle rigkt jrccrar.

Witt tle sarme rpsychclcgical ccrcern as Newell, Feigentkaum
{1¢63) atterpted in Lis FFAF prcgrem tc nmodel humar tehavicur in
tle mencrizeticr c¢f lists c¢f rncnsense syllalles. The program can
tardle twc types of irputs - faired asscciaticrs ard serial
érticipaticr. Tte gfprcgrar's mewcry is in thke form of a
Siscrimiraticr ret where “ust encugl infcrrmaticr is rairtaired at
éry tire tc Jdistirguish <crpe syllakle fror arcther, and to
Ietrieve trhe second mnenter cf a pair wler fpresented with the
first. "Tle cues used in tre édiscriminaticn net are visual - the
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[csiticn cf a letter is impcrtant, as are the strckes of which it
is corpcsed. 1ke program exhitite kehavicur ccnparakle tc what
fsychclcgists Lave called cscillation - the terpcrary forgetting
cf an iter, following the intrcduction cf <sirilar iters - ard
retroactive dntiltiticn - the forgetting c¢f elements of cne list
é¢tring the learning of the rext.

. 1Tte Ipistenclccical level

Ve tuirn rcw tc the epristemclcgical level cf the structrral
(imensicn. Ls merticned earlier, the ckjective ¢f learning ltere
is a kncwledoe tase, where kncwledce is reprresernted prccedurally.
learning ty teirg tclé is ar important prcklem here treated under
tte latel of Kncwledge Acquisiticn (see Frcceedircs cf
JICAI-TT(1¢77) fcr =several related papers). Stated simply, the
rrckler is the development <cf technigues fcr augmerting a

krcwledce lLacse. The difficulty c¢cf the rroklem is due to the
recuirement ttat the krcwledce Lase remain at all times
irterrallv ccrsistent ard «ccmratible with the organizaticnal
rrinciples Jdictated ty the <representaticr Yeinc wused. Sirtce

lerge kncwlefce lrases are essential tc the desian of any kind cf
"jrtelligernt" system, mucl effcrt within AI tcday is devcted tc
tindirc scluticns tc tleir incremrental creaticn. 2n excellent
exanple cf €arly research cn this prckler 1is W®ircgrad's SHEDLU
frcgren (kinccrad {1572)). Ilke frogram functions in a dowain
wtich has teccre krown as thke TFlccks %crlé: a takle witt a
ccllecticr «c¢f «cclcureé cukes and pyrawids, a tox, and a hand to
ncve tke tlccks. SBRDIU accepts English <centerces as input,
€eyecutes dirperatives =such as "Pick up thte red klcck urder the
creen pyramnid ard put it in the Lkcx!", and answers questions <suckh
as M"ktere 1is the greer cute?", and "Wky did ycu ncve the Ltlue
fyramic?". Ir acditicr, hcwever, the rrcgram car Lte tcld the
descrigticn cf rew objects. Fcr exarple, fclicwirg tte staterent
"hp steeple is a pyramid ¢r tor of a cube", SHFLICU car resgcnd to
"Vake a steeple", "Is there a steerle in the scenei¥ and sc on.

1ike SEELIU, FACKZEE {Sussmarn (197%)) 1s a8 prcklem-sclver irm
tle flccks Wcrld. Hcwever, it solves a proklem ky constructing a
rrcarar called a rlan, whict is a sketch cf tlre scluticn. HACKEL
Ceén Clcserve the executicn c¢f the fplans it ccnstructs, detect scre
errcis, ard trarsfcrm them tc avecid the «<¢rrors. 2 correct
scluticn tc a rrcltlerm can te stored away ard re-used ir findizg a
scluticn tc a ncre corrley cne.

Cre cf the few exarples <c¢f a procran thet 1learrs frcn
senyzles &t tle erpistemclcgical level is Wirstcn's rrogram (197%5)
fcr reccarizing visual scepes in the EBlccks Wcerld. The frogranm
tecins  witl a kcwledce rase c¢f descripticns fcr concepts suctl as
tcwer, steeple, etc. The prcgram can learn descripticns cf new
ccncepts ty teirc shewr rositive and necative irstarces cf the
ccrcefts.

The AY¥ prcoram bty lenat (1¢77) is the first tc exltikit Ligh
fexfcrmance dir learrirg Ly disccvery at the epristemclcgical

level. v starts frcm sisple concepts in  set thecry and
ccnijectures staterents ir cset and numkber thecry. It tests tthese
Ltateuents against the facts at  its Cispceal and, ncst

infcrtantly, evalvates the degree tc¢ which it kelieves tley
suprert cther ccnjectures, or mighkt lead to .rew crnes. Lenat's
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prccram carnct gprcgerly Ye called a learrirc prcgrar since it
¢ces nct attempt tc fcrrally frcve the generated con-Zectures tc
distirguish theorers frcm ncn-thecrems. FEcwever, if augmerted Ly
¢ rowerful tlecrem-prrcver, and scre candicdates ¢c exist, it cculd
keccme the learrirc prcgrar created sc far in al.

L, Ccnclusicr
Ir ar earlier drait cf thkis rarper writter ir 1S7€ we WIicte

*7¢ the test cf cur krcwledge there are no Al frcgrams currently
teing cCevelored which their authors dculd clair learr arything.

Wkv? cae he telieve that the rost gressing issues in A1 tcday
are thcse <c¢f rerreserteticr ard ccntrcl cf Co-Oferative
[ICCEessES., I1¢f we car come ur with wcrkakle scluticrs tc tlecse
frcklens, tlrer we can reccnsider the rrcilem cf learring ..." We

are larry to rercrt that the situaticn has clarqged, as evidenced
ty tke wcrks cf Lerat (1¢77), Davis (1377), CSuchkaran and Vitclkell
{1677). %e telieve that this clange las ccrme akcut precisely
tecause scrme wcrkaltle scluticrs are beiryg fcund tc thke gfproblenms
cf represerntirqg ard ccntrolling co-oferative pfrccesses. we alsc
telieve ttat learring will tecome a muct acre imrcrtart zresearct
erea witlrir 21 ir tre future as froblenrs cf representation are
further exrloreé ard understocd. 2s the reader may lave already
irferred frcw tle Aiscussicr, we view tle eristemoclcgical level
as the cne where learning car Le tackleéd 1©cre gererally ard,
vtltimetely, mcre tvsefully.
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OPEN DISCUSSION

William Wimsatt, University of Chicago: Could you give us an example of how
your approach applies to evolution?

Perrault: Okay. I'll try to give you a simple example of a situation in which
these systems have been tried. The adaptive systems are the closest to the
literal interpretation of evolution in the genetic sense. In most of these
cases the representation being used is something like a vector of parameters,
for example, being modified. The idea is that one has populations of

programs competing in an environment being evaluated by some externally
provided payoff function and mutation is simulated by randomly altering a
parameter in the vector. Cross-over can be done by taking two parameters and
chopping pieces out of one and trying to put them in the other. So we get
different ways of generating processes from other processes, sending them

off into the world, and usually reproducing them at a rate proportional to
their success in the environment. That's the general structure of the
algorithms. They seem to be most applicable to knowledge representations
which look as much as possible like a chromosome. There usually has to be
something like a sequence of fairly uniform-looking objects. Certainly, if
you're going to try to do things like cross—over and mutation, it has to be
possible to look at comparable pieces in two different programs and make up a
new program out of it. 1It's not at all clear how one does this when you're
talking about crossing two Fortran programs, for example.

Wimsatt: So programs have a great deal of looping and going from one jump to
another.

Perrault: In a sense we may have to distinguish between this set of parameters
and the program which generates the behavior using these parameters as part of
its structure. Okay? There may be a program that has loops. That program is
constant except that the set of parameters may change so that the recognition
proceeds. For example, think of it as a Fortran program and twiddle its
parameters. The modifications are made on the parameters but the overall
structure of the algorithm remains the same. Okay?

John Maynard Smith, University of Sussex: Adaptive algorithms may be good for
a wide range of complex tasks, but as a device for finding the best fit for
some set of data or something, how do they actually compare in efficiency with
things that have just been brought up by computer scientists for getting a
good fit?

Perrault: I really can't give you a good answer to that. I just don't know
that literature well enough and I also don't know the optimization literature
in other aspects of computer science to be able to make good comparisons
between the two of them. Off-hand, I would think that convergence rates
obtained by specific methods developed by computer scientists to attack
specific problems are probably graded. Of course the whole point of the
adaptive algorithm is that it should be usable in a large class of problems.
It is an attempt at generality.

Murray Eden, National Institutes of Health: 1In the area of character
recognition, which is an area that has been extensively explored in computer
science, there is essentially by now a general belief, and I think it's a
correct belief, that almost any college freshman who knows a little
programming can program a computer so that it recognizes characters with a
recognition rate of the order of 60 or 707 correct. No. perceptron or
perceptron-like device within the environment in which the student wrote his
program could do remotely as well. 1In a twenty-six character alphabet
perceptrons barely go above chance level unless they have a lot of structure
built in them. The convergence rate is much too slow whereas, as I say, just
anybody who has the rudiments of the rules of the game can do a respectible job.
Perrault: By building a much more specific program than perceptrons and one
which has a lot more structure to it.
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