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Abstract
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1 Introduction

Thelearningcurve denotesa ratherrobust empiricalregularity, namelythat pro-
ductiontime decreasewith comulatve productionatauniformrate[11]. In other
words,the moreunits of a goodhave beenproducedthelessit takesto produce
anadditionalunit.

Empiricallearningcurvesareroughlydescribedy thefollowing equation:

th=t;N"° (1)

wheret, is the time requiredto producethe n-th unit, t1 is the time requiredto
producethe first unit, N = 1+ 2+ --- 4+ n is cumulatve productionanda is a
parametethatis specificto the manugcturingprocesseingobsered.

The mostimportantfinding of empiricalresearchon learningcurvesis that
productiontime reductiontakesplaceto amuchlargerextentin assemblingper
ationsthanin machiningoperationg2, 3]. This evidencesuggestshatthelearn-
ing curveis notconcernedvith individuallearning,but ratherwith organisational
learning.

Evidently, the learningcurve doesnot arisefrom workerslearningto usea
nenvw machineor employeeslearningto dealwith a new boss. Rathey it arises
from individualslearningto coordinatetheir actions. Possibly it is not a chance
thatthe learningcurve wasdiscoveredin the aircraftindustry wherespecialists
from differentbranchesnustlearnhow to fit togethemary differentcomponents.

Many otherempiricalfactspoint to the organizationalorigin of the learning



curve. Onesuchfactis thatif themanagemergetsa ceiling to possiblemprove-
mentsof productiontime, learningdoesnot occurbeyondthatceiling [4]. Other
interestingfactsarethatlearningratesmay differ acrossplantsof the samefirm
thatproducethe samegoodwith similar equipmentithin the samecountry and
thatproductioninterruptionssuchasstrikescauseproductiontime to increasd1l].

The above factaboutmanagersettinga ceiling to learningsuggestshatthe
learningcurve hasa lot to do with workers motivationandwith operatingin an
environmentthat provides stimuli to learn. However, the story aboutlearning
ratesdiffering acrossplantssuggestshatthelearningcurve doesnot derive from
individualslearninga givencorporateculture. Moreover, theempiricalfactabout
strikessuggestshatthelearningcurve originatesrom tacit coordinationrschemes
thatmay bedifficult to reconstructratherthancodifiedbehaior rulesthatcanbe
easilyre-learned.

Muth [8] provided a model of the learning curve basedon randomsearch
amonga fixed populationof possibletechnologiesHowever, atechnology-based
modelis notableto explainwhy learningoccursto amuchlargerextentin assem-
bling operationghanin machiningoperationsaswell asthemary otherempirical
factsmentionedabove.

Alternatively, Hubermanderived the learningcurve from the propertiesof a
randomgraphthatrepresentthe structureof communicationsvithin afirm [9, 7].
In this model, nodesrepresenbrganizationalunits and edgesrepresentommu-
nicationbetweerunits. Organizationalinits may be humanbeings,machinespr

compound®f both. Communicatiorbetweerunits maytake placein connection



with physicaltransportatiorof goods,or it maybe a pureinformationflow.

In arandomgraph,nodesestablishinks to oneanotherwith a certainproba-
bility. Accordingto theabove metaphorthisis the probabilitythatorganizational
unitsestablishcommunicationsvith oneanother

Hubermans model assumeghat communicationwithin the firm mustflow
from a sourcenodeto a sink node, correspondingo the flow of production.
Clearly, this model negglectspower hierarchieswithin firms. However, assem-
bling andcoordinationoperationsarelik ely to take placebetweerorganizational
units placedat similar hierarchicallevels, so for our purposeshierarchycan be
ignored.

Sinceproductioncorrespond$o a communicatiorflow from sourcenodeto
sink node,productiontime canberepresentely thenumberof stepshatit takes
to crossthe graph.Learningtakesplacewhenunitsunderstandhow to communi-
catewith oneanotheythatis whenthe nodesof the graphestablishiinks to one
another Thus, knowledgestemmingfrom cumulatve productionis represented
by p, the probabilityto establishalink betweertwo nodes.

Hubermans modelyields a relationshipbetweencumulatve productionand
productiontime thatresembled.. Moreover, it introducesa parameter thatex-
plainswhy thelearningcurve occasionalyails.

Parameter is the probability of eliminatingunproductve connectionsvhen
looking for a path from the sourceto the sink of the graph. It representshe
effectivenesf the searchfor bettercoordination.Basically it is anindex of the

quality of decision-making.



Interestingly at high valuesof r productiontime decreasesxponentiallywith
p, asit is empiricallyobseredwhenlearningcurveswork. However, thelowerr,
thewealer this relationship.At r = 0.5 therelationshipis reverted,with produc-
tion time increasingwith cumulative output.

Interpretations straightforvard. Thelearningcurve arisesfrom communica-
tion betweenorganizationalunits, representedby p. That's why it is more pro-
nouncedn assemblingpperationghanin machiningoperationsHowever, setting
a ceiling to productiontime slaclkensthe searchfor bettercoordination,reduces
r, andcauseghe learningcurwve to fail. Obviously, firm-specificvaluesof r can
easilyexplainwhy therateof learningeventuallydiffersacrosglantsof thesame
firm thatproducethe samegoodwith similar equipmentithin the samecountry
Finally, afterstrikesor otherproductioninterruptiongtacit knowledgeconcerning
coordinationis difficult to reconstructwhereasexplicit knowledge concerning
how to operatespecificmachinesanbeeasilyacquired.

Theabove discussiorhighlightedthatHubermarns modelis ableto shedlight
on the (mis)functioningof the learningcurve. However, this modelsrestson
parameterthatarenotlinkedto the proces®f learning.Hubermans modelgives
no hint asto which job could exhibit a high p or alow r, andwhy. A cognitve
foundationof Hubermans modelis neededandthe restof this papersetsout to

provideiit.



2 TheMarket for Ideas

Learningmeansrecognizingthat certainsituationshave commonfeatures,and
developing an appropriatebehaior for eachclassof situationsthat a decision-
malker expectsto face. Learninginvolvesthe cognitive processof classifying
informationinto amanageablaumberof mentalcateyories,andthe evolutionary
procesf developingdecisionrulesthatyield favourableresults.

Onesuchmodelis JohnHolland’s ClassifierSystem¢5, 6]. Let usadaptit to
arandomgraphrepresentinghe structureof communicationsvithin a firm.

Let usassumehatthe organizationalunits of our firm areendavedwith cat-
egorieswhich they useto classifyinformation,plusarule thatspecifieson which
occasiona particularpieceof informationshouldbe produced. Sinceorganiza-
tional unitsgenerallyrepresentompound®f menandmachinescatejoriesrep-
resentthe situationsthat decision-makrsendaved with particularmachinesare
ableto distinguish,while the informationthat they producerepresentshe deci-
sionsthey malke.

Let us represenboth cateyories and information by meansof stringsof L
characterghat can be zeros,ones,or "don’t care” characterst. Thus,K = 3-
differentstringscanbe produced.

Catggoriesmustentail atleastone#-charactem orderto beeffective. In fact,
cateyoriesare stringsthat matchall informationstringsthathave zerosandones
in the samepositionswherethey have zerosandones;onthe contrary it doesnot

matterwhich characterinformationstringshave, in the positionswherecategyory



# 0 0 1 1
1 1 1 1 1
# 0 1 0 1
0 0 0 0 0
a category string information strings matched by that category string

Figure 1: A category string, and the four information stringsthat it is ableto
match. This cateyory string doesnot distinguishtheseinformation stringsfrom
oneanother Thus,four informationstringsare classifiedasonesingle pieceof
information.

stringshave a #. In this way, a cateory string is a containerthat classifiesall
informationstringsthat have zerosandonesin its samepositions. For instance,
the category string depictedin theleft half of figure 1 is ableto classifythe four
informationstringsdepictedn theright half of the picture.

Informationstringsmay have #-characteraswell. However, thesecharacters
have a differentmeaningasin cateyory strings.

Let us considera genericorganizationalunit j. If aninformationstring pro-
ducedby unit j has#-charactersn the samepositionswherea cateory string
ownedby | has#-characterghenunit j simply carrieson to otherunitsthe sym-
bol thatwasmatchedby its category. Thatis, if the categyory stringhada#in a

positionthatwasmatchedby a 0 (1), thenthe informationstring producedby |



hasalsoa0 (1) in thatposition.In this way, informationclusterscanpropagate.

A classifiersystemworkslik e amarket. Category stringsbid "prices” in order
to classify information strings, and they pay if they suceedto matchinforma-
tion strings. Cateyory stringspay with a corventionalcurreng called strength
Strengthrepresentshe valueof informationfor afirm. If afirm’s organizational
unitswantsto ignorecertaininformation,it simply doesnt bid any "strength”for
it.

Strengthflows from units that receve informationto units thatissueit. Or-
ganizationalunits, in their turn, distribute their endavmentof "strength”among
their cateyories.

In our case,it is a"market” for ideasaboutcoordinatingactities acrossor-
ganizationalnits. It is supposedo take placeamongorganizationalunits placed
atsimilar hierarchicalevels,thatmustcoordinatan orderto carryoutthekind of
assemblingperationsvherelearningcurvesarise.Eachorganizationalunit tries
to understandvhat otherunits need,and presentroposalsoncerningthe way
of carryingoutits own particularjob. Category stringsrepresenthe ability of or-
ganizationalunitsto understandhe proposalf otherunits. Informationstrings
representheproposaldhey make.

By passingacrossorganizationalnits, strengthcreategreferentialpathsfor
informationflows. Moreover, if strenghtis passedn alonga circular path, the
samesequenc®f actionsis repeatedver andover. Thisis what happensvhen
organizationalnitslearnto coordinate.

Strengthcannotbe the only magnitudeto decidewhich cateyory string will



classifya certaininformationstring. In fact, categoriesentailinga large number
of #-charactergareinherentlybetterat classifyinginformation— in the limit, a
category madeonly by #-charactersvould be ableto classify ary information.
However, a general-purposeateyory would represent decision-makr who is
notableto distinguishpiecesof informationfrom oneanother

Consequentlyclassifiersystemsemploy two magnitudesn orderto decide
which cateayory string classifieswhich informationstring. The secondnagnitude
is the specificityof a string, definedasthe numberof its non-#-characters.

Let us summarizethe above considerationsas follows. Let indicesk, k' =
1,2,...K denotecatgory stringsandinformationstrings,respectrely. Let pye
denotethe probability that a category string of type k classifiesan information
string of typek'. Let tys denotethe strengththat category string k passesn to
informationstringk’. Let s¢ be the specificity of category stringk andlet s¢ be
the specificity of informationstring k', wheresy > s.. Then, pye mustbe such
thatdpye /Ote > 0 anddpyw /9(Se — ) < O.

Following themultinomiallogit model,let uschoosahefollowing expression:

U
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Pk = (2)

Formula2 concernghe probability of establishinga connectiorbetweenone
cateyory string of a certaintype andoneinformationstring of a certaintype. The
probability of establishinga connectionbetweentwo organizationalunits, in its

turn, depend®n thetype of stringsthetwo unitsareendavedwith, aswell ason



their strengthendavments.

Taking a small stepaway from Holland’s classifiersystemset us assume
thatthe managementndavs organizationalnitswith additionalstrengthif they
happento fall shortof it. In this way, we areassuminghat organizationalunits
canalwaysbid theamountof strengththey desire.

Clearly, strengthsio longerobey a conserationlaw. However, nev amounts
of strengtharenot createdarbitrarily. They represenbccasionalnterventionsby
themanagemerin orderto avoid thatsomeunitslag behind.Remembethatwe
aredescribingafirm, nota market.

With this proviso to the credit assignmenglgorithm, the probability of es-
tablishinga connectionbetweena cateyory string of type k and an information
string of type k' equalsthe probability of establishinga connectiorbetweentwo
organizationalunits endaved with k andk’, respectiely. Thatis, for any pair of

organizationalnitsi andj we have

Pikj(k) = Pk 3)

wherei(k) meansthatunit i is endaved with cateyory string k andunit j is en-

dowedwith informationstringk’.

10



3 Equilibrium Knowledge

In the previous section learningwasunderstoodisa procesof informationclas-
sification.Informationstringsandcategory stringshadbeenassumedo begiven,
solearningconsistef choosingthe bestcateyoriesfor any giveninformation.

This pictureis correct,but incomplete.lt is the pictureof a firm whoseorga-
nizationalunitsareconcernedvith accomplishinggiventasksusinggivenmeans,
without everinfluencingor modifying thesetasksandthesemeanslt is abureau-
craticpictureof afirm, describingthe executionof ordersalonga hierarchy

However, the learningcurve typically arisesfrom assemblingoperationghat
involve units adaptingtheir expertisein orderto coordinatewith one another
Learningtakesthe form of mutualunderstandingf oneother’s problemsrather
thanimplementationof the managemend’directives. In this contet, tasksand
meanf every unit areflexible, andtheir choiceis up to theunit itself.

In our model,flexibility of tasksandmeanscorrespondso allowing category
stringsandinformationstringsto evolve with time. This is absolutelynormalfor
classifiersystemsyherenew stringsareeithergeneratedy mutationof existing
stringsor by randomrecombinatiorof partsof them(cross-wer).

Generatiorof new stringsis of the utmostimportancefor classifiersystems,
sinceit ensureghat optimal stringscan be found. Interestingly both mutation
andcross-@er bearsimilaritiesto firm practices.On the onehand,mutationre-
flectsinventionandintroductionof novel practicesOntheotherhand,cross-oer

resemblegommunicatioralongstandardizedormatsandinnovationthroughre-
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combinationof working solutions[10].

Let us considerthe equilibrium stateof the evolutionary dynamicsthat cre-
atesnew strings. At equilibrium, optimal stringshave beenfound. In this state,
evolution hasselectedcategory stringsandinformationstringssuchthatty:s and
(s¢ — s«) take the samevaluesfor all k andk’. Thus, probabilitiespy. take the
samevaluesfor all k, K.

Let H denotethe numberof differentcategory stringsthat are employed by
the firm, andlet H’ denotethe numberof differentinformation stringsthat are
producedby the firm. SinceK = 3" is the numberof differentstringsthat can
be generatedut of L symbols,it is H < K andH’ < K. Furthermoresincethe
purposeof acateyory stringis thatof classifyingmary informationstrings,it must
beH < H'.

Sincetys and(s¢ — s«) take the samevaluesfor all k andk’, andsinceindex k/
extendsto H', from 2 we obtainpj,, = 1/H’, wheretheasteriskis thereto remind
thatthisis anequilibriumvalue.

Thisis the equilibrium probability thata cateyory string of type k matchesan
informationstring of type K/, for Yk, k'. Becauseof 3, this is alsothe probability
of establishinaglink betweerarny nodei thatownsa cateyory stringof typek and
ary node | thatissuesaninformationstring of typek’, for vk, k'.

Thus,the probability thata unit i establishes link with whatever unit j, in-
dependentlyof the category ownedby i, is the sumof 1/H’ overtheH category

types. ThisyieldsH /H’, which we cantake asequialentto the p parameteof
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Hubermans model:

H
p= "I (4)

Ther parameterin its turn, representgheeffectivenes®of thesearcHor apath
from the sourcenodeto the sink node.Sincea simplemeasuref effectivenesss
thattrials arenot duplicated we canidentify r with the probability thatany two
nodesarenot linked by multiple paths.

Given4, two nodesarelinkedby two pathswith probability (H /H’)?, by three
pathswith probability (H /H’)3, andso on. Thus,the probability that two nodes
arelinked by at leasttwo pathsis the sumof the series(H/H')2 5 o(H/H')'.
Sinceit is > X = 1/(1— x), the sumof that seriesis H2/H'(H’ —H). This
canbedivided by H in orderto yield numbersthat are lessthanone, obtaining
H/H/(H —H).

Consequentlyther parameters givenby 1—H/H’(H’ —H), whichis equv-

alentto:
H'2—HH'—H
STy ®)

Equations4 and5 above link the parametershat regulatethe shapeof the
learningcurve to cognitive featuresof the firm, namelythe numberof different
cateyory stringsandthe numberof differentinformationstrings.The next section

will explainthe meaningof formulas4 and5 by meansof a numericalexample.
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Figure2: Parameterp andr forH =1,2,...10,with H' = H + 1.

4 A Numerical Example

LetusassumeH’ = H + 1, whichis theminimumdifferencebetweerthe number
of differentcategory stringsandthenumberof differentinformationstrings.Since
the differencebetweerH andH’ is sosmall,let usconsidersmallvaluesof H as
well. Figure2 depictsparameterg andr for H € [1,10] andH’ € [2,11].

For any endavmentof categyory stringsandinformationstrings,figure 2 pro-
videsequilibriumconnectiorprobability p. Thisis the probability of establishing
alink betweenary two organizationalunits thatis attainedwhenthe firm opti-
mizesutilization of cognitive resourcesConsequentlyp canbe consideredasa
kind of learningpotential.

Thus, figure 2 is telling us that the greaterthe numberof differentcategory

stringsandthe greaterthe numberof informationstrings,the higherthelearning
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potentialof a firm. The morecognitive resourcesreavailable,the morecanbe
learned.

However, learningpotentialis wastedf the searchfor a betterorganizationof
jobsis ineffective. Parameter measureshe effectivenesof the searchor better
coordination. Figure 2 shows that the greaterthe numberof differentcategory
stringsandthe greaterthe numberof informationstrings,the lower the effective-
nessof the searchor jobscoordination.

Figure?2 illustratesa trade-of betweerwhatcanbelearned andwhatis actu-
ally learned.Themoreis thereto learn,the moredifficult it is thatafirm actually
learnsit. With H' = H + 1 parameter is all the time below the 0.5 threshold,
where— accordingto Hubermans model— thelearningcurve fails to material-
ize.

Clearly, theabove resultsarespecificto our choiceof H' = H + 1. A different
ratio betweerthenumberof differentcategory stringsandthe numberof different
informationstringsis lik ely to yield differentresults.

Possibly a cognitive systemthatwould be ableto dealwith the samenumber
of differentinformationstringswith a smallernumberof cateyory strings,would
bemoreefficient. If we cansimplify alot of informationby meansasmallnumber
of catgyories,that'swhenwe easilyrecognizevhatkind of problemwe arefacing
andwhatkind of solutionscanbe applied.

Figures3 and4 show the effect of switchingfromH' =H +1toH' =H 42
on p andr, respectrely. Evenif we decreasethe numberof differentcateyories

by only oneunit, we canobsenre dramaticdifferences.Learningpotentialp de-
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Figure3: Parametemp whenH = H’ — 1 (thin line) andwhenH = H’ — 2 (thick
line).
creasesbut the higherthe numberof differentstrings,the lessit decreasesOn
the contrary learningeffectivenessepresentetly r increasesandthe higherthe
numberof differentstrings,the morepronouncedhis effect.

Figures3 and 4 suggesthat by limiting the numberof differentcateyories
a large gain of learningeffectivenesscan be obtainedat the expenseof a little
loss of learningpotential. A limited numberof well-designedcateyories, able
to discriminaterelevant featuresout ultimately compressing lot of information
into manageabldimits, is likely to do betterthanary attemptto useall infor-
mationavailableto a decision-makr. Boundedrationalityandthumbrulesdo not
merelyariseout of limitationsof our capabilitiesbut constitutea basisof efficient

decision-makingswell.
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5 Conclusions

Throughouthe previoussectionsthis article providedafoundationof amodelof
thelearningcurve in termsof cognitive featuresof the unitsinvolvedin organiza-
tional learningwithin afirm. Thesefeaturesarethe numberof differentcategory
stringsandthe numberof differentinformationstrings.

Two resultshave beenestablishedThefirst oneis thatby increasinghenum-
ber of differentcateyory strings and information strings, learning potential in-
creasesut learningeffectivenessdecreasesThe more complex a problem,the
morecanbelearned put the moredifficult it is to learnit. Thesecondoneis that
by usinga few cateyoriesto classifyalot of information,it is possibleto increase
learningeffectivenessat the expenseof a little lossof learningpotential. If one

is ableto solve complex problemsby meansof simpleschemesandthumbrules,
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that'sthebest.

Qualitatvely, the above resultsareobvious. However, theseresultshave been
formalized,andformalizationmay preludeto quantitatve application. Informa-
tion stringsrepresenthe actionsthat the organizationalunits of a firm canun-
dertale, catayory stringsrepresenthe interpretationghattheseunits give of the
informationthey receve. Behavioral routinesandtechnologicapossibilitiescan
becodifiedinto stringsof zeros,ones,and’don’t care”charactersEventually po-
tential gainsfrom organizationalearningcould be estimated andthe reliability
of aforecasthasedon thelearningcurve couldbeassessed.

Nonethelesspne shouldnever forget that the above analysisis affectedby
seriouslimitations. Semanticsj.e. the connectionbetweena string of symbols
andarealactionthathasa precisemeaningfor thefirm thatis performingit, lies
out of the scopeof this model. It is up to the modellerto attacha meaningto
the stringsthatarein the model. In otherwords, this model candescribeorga-
nizationallearningout of recombinatiorof existing building blocks, but cannot

describeheinventionof new conceptuablocks.
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