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Abstract

The investmentaccelerationprinciple is a heuristic for modelingin-
vestmentime seriesout of consumptiortime series. The modelpresented
hereindevelopsa disaggrgatedacceleratoequationwhosecoeficientsare
theweightsof a Kohonemeuralnetthatrepresentfirms’ decision-making.
Accordingto this model,investmentdake placewhenmanagersecognize
emenging technologicapatterns.Furthermorea techniqueborraoved from
thetheoryof self-olganizingsystemss usedn orderto disentanglénnovation-
driveninvestmentgrom plant-replicatiorinvestments.

Keywords: AcceleratorInvestmentSelf-OganizationNeuralNets

1 Introduction

Investmentsn plants,machineriesscientificreasearclandotherformsof capital
goodsareby far the mostvolatile, leastpredictableamongeconomicime series.

*This researchiecevedfinancialsupportby ConsiglioNazionaledelle RicecheandDeutste
Forschungs@meinshaft



Yet this is preciselythe magnitudethatonewould lik e to explicatein termsof a
few determinantssinceit is the engineof economiogrowth.

The investmenticceleation principle is a simple heuristicfor modelingin-
vestmentecision-makingBasically it assertghatinvestmentslependon varia-
tionsof demand.

In spiteof its simplicity, the investmentacceleratiorprinciple performsrela-
tively well in empiricalstudies.A numberof recentevaluationsascribeto accel-
eratorequationsa betterpredictve power thanarny competingmodelin suchdi-
versesituationsasindustrializedeconomiesgevelopingeconomiesndtransition
economiegb] [1] [23] [6] [26] [4] [7] [22] [20]. Not surprisingly theinvestment
acceleratiorprincipleis amajoringredientof mary classicabusinessycle mod-
els suchasKaldor's [17], Samuelsors [27], Hicks’s [16], Goodwin's [11] and
Lucass[21].

At acloserscrutiry, theinvestmentscceleratiomprinciplecanbebrokendown
into thefollowing pair of assumptions:

A1l: Firmsinvestproportionallyto variationsof demand.

A2: Firmsonly obsene demandor their own productsor, at most,for products
of theirindustrialsector

AssumptionAl impliesthat firms do not make long-termstrateyic plans. It
presumes large degreeof myopiain decision-makingaswell asirrelevanceof
financialconsiderations.

AssumptionA2 implies that firms that produceintermediategoodsneither
obsenre thefinal goodsmarket, nor ary otherindicatorof the generalstateof the
economy Thus,assumptiorA2 ascribesnanagers sectoraimyopia,in thesense
thatinvestmentlecisionsarenotinfluencedoy consideratiorof trendsin markets
thatarefar down the productve chain.

In businesscycle modelsthat rely on the investmentacceleratiorprinciple,
assumptiorAl identifiesthe impulsesthat trigger the oscillationsof economic
variables.In its turn, assumptiorA2 leadsto formulateauto-rgressve equations
of order p > 2 thatareableto generateoscillationsof the macroeconomiwari-
ables.Parametep is thenumberof productionstagesusuallysetat two.

| alreadymentionedthat, althoughtheseassumptionsre very crude,accel-
eratorequationsperform betterthan competingmodelsbasedon financial con-
siderations. However, even acceleratoequationsare far from yielding reliable
predictions.



In orderto understandhe limits of the investmentcceleratiorprincipleand
why neuralnetscouldbeusefulin orderto improveonexistingmodelsjt isimpor-
tantto remarkthattheinvestmentcceleratiomrinciplewasoriginally formulated
in orderto describeéheascendinghaseof busineessycles[2] [8]. Simply, it was
meantto statethatwith boomingdemandfirms increasehe sizeof their plants.

Subsequentlythis ideawasextendedto the descendingphaseof the business
cycle. Thevery sameequationshave beenusedto saythat, with contractingde-
mand,firms decreasé¢he size of their plants. This worked still reasonablywell,
althoughit was clearthat the reactionof firms to contractingdemandwas of a
differentmagnitudethanthereactionto boomingdemand11]. However, linking
theascendingndthedescendinghaseto oneanothemposedsomeproblems.

Describingtheonsetof arecessioni.e. thepassagérom anascendingo ade-
scendingphaseposedheleastproblems.In fact,theonsetof economiarisescan
be ascribedo shortageof laborforce, creditrationingandothermacroeconomic
constraints. Thus, acceleratebasedbusinesscycle modelswere endaved with
investmenteilingsthatcausedh decreasef demandvhich, in its turn, forcedthe
acceleratoto invertits functioning.

However, modelingthe onsetof a recovery proved to be far more difficult.
In fact,the onsetof economicrecoveriesis basicallydueto investmentsn novel
fields of actvity openedup by technologicalinnovation. Thus, extendingthe
investmentacceleratiorprinciple to this partof economicdynamicsrequiresmi-
croeconomignodelizationof the cognitive procesf recognitionof novel invest-
mentopportunitied12].

This paperattemptgo dothatby reproducindirms decision-makindpy means
of aKohonemeuralnet. In thismodel,eachneuronrepresenta firm with its abil-
ity to form categoriesoutinformationstemmingoothfrom demandf givengoods
andfrom exogenoudechnologicainnovation. Neuronsweightswill correspond
to the coeficients of a disaggrgatedacceleratorequation,which can adaptits
responsdo variationsof demandaccordingto evolution of technologicalpossi-
bilities.

The paperis organizedn two main Sectionspnumbered® and3, respecitiely,
followedby a concludingSection4. Section2 illustratesthe neuralnetandtests
its behavior with a simulationbasedon exogenousnformationregardingnovel
technologiesSection3 attemptdo reproducats findingsby meansof ananalyti-
cal descriptionbasedon thetheoryof self-oiganizingsystems Finally, Section4
concludes.



2 The Neural Net

The minimal economicstructurethat we needto considerin orderto apply the
investmentacceleratiorprinciple involves householdsfirms that producefinal
goods(hereaftettabelledfinal goodssectol) andfirms thatproducecapitalgoods
(hereaftedabelledcapital goodssecto). In this way, productiontakesplacein
two stagesoassumption®\1 andA2 of Sectionl canbe made.

Within this framework, 'investments’are purchase®f capitalgoodscarried
outby thefirmsthatproducefinal goods.For simplicity, let ussuppose constant
numberof firmsin bothsectors.

Let usrepresenafirm’s decision-makindgy meanof:

1. A first differenceperatoyyielding variationof inputvariableqe.g. varia-
tion of demand).

2. A neuronyielding afirm’s purchasealecisiondhasedn recognitionof pat-
ternsentailedin inputinformation.

3. A summationoperatoy thatintegratesthe neurons outputin orderto yield
thecurrentvaluesof variables.

Inputandoutputvariablesof our neuralnetareinformationvectorscorveying
ordersfor goodsandservicesNotably, informationflowsin theoppositedirection
of goods.

Let vectorsc, k, I’ andl” denotehouseholdsonsumption capital stock in
the final goodssector emplogymentin the final goodssectorandemploymentin
the capitalgoodssector respectiely. Obviously, it mustbec > 0,k >0, I’ > 0,
I” > 0.

Let vectorsAc, Ak, Al andAl” denotevariationsof the above vectorswith
respecto the previous time interval. Thesevectorscarry informationregarding
demandor final goods,nvestmentsn capitalgoodsanddemandor laborin the
final goodsandcapitalgoodssectorsrespectiely.

Furthermorelet a vectore represenexogenousnformationon innovations.
Vectore doesnotrepresentechnologicatietailsthataredevelopedby firmsthem-
selves and that are kept strictly private unlessacquiredunderlicensing agree-
ments.Rathererepresentall publicly availableinformationaboutnew technolo-
gieswhich caninducemanager$o investonaspecificfield, eventuallydeveloping
privateinformationasa consequencef this decision. It includesbasicresearch
madeavailableby non-profitinstitutions,rumorsaboutcompetitors’stratgies,as



Figure 1: Decision-makingby a firm in the final goodssector The Kohonen
neuronconsistsof a summatorof inputsAc; andAe with weightsa; andb;, re-
spectvely. Both setsof weightsarisingfrom a combinationof a feed-backp and
a feed-forward y. Left of the neuron,first differencesoperatorsA performsa
discrete-timederiative of demandfor final goodsc andstate-of-affairsin tech-
nologye. Rightof theneuron,asummatoperformsadiscrete-timentegrationof
investment®\k thatyieldscapitalstockk.

well asinformationthatwasintendedto be privatebut which is actuallydifficult

to appropriateandto trade,e.g. becausef reverseengineerind3]. Justlike the

investmentcceleratoprincipleassumeshatfirms reactto variationsof demand,
let usassumehatfirms reactto variationsAe of the stateof technologye.

Let us supposehat firms of the final goodssectorreactboth to variation of
demandhndto variationof technologieswhereadirms of the capitalgoodssector
reactto variationsof demandonly. Then,figures(2) and(2) illustrate decision-
makingin afirm of thefinal goodssectorandin afirm of the capitalgoodssector
respectrely. Demandfor labor by the firms of the final goodssectordoesnot
appeain thefigurebecausd is supposedo beproportionato demandor capital
goodsaccordingto a law thatwill be specifiedsubsequentlyDemandfor capital
goodshy thefirms of thecapitalgoodssectordoesnotappeain thefigurebecause
this sectoris supposedo include all productionstagesfrom mining to capital
goodsproduction.

The feed-backsand -forwardsthat characterizeKohonenneuronsare of the
utmostimportancein orderto modeldecentralizediecision-making.Possibly a
neuralnetwhereneuronsweightswould be setby an externaloperatorcould be



Figure 2: Decision-makingoy a firm in the capitalgoodssector The Kohonen
neuronconsistof a summatownf inputsAk; with weightsd;, arisingfrom a feed-
backanda feed-forward ¢ andy, respectiely. Left of the neuron,a first differ-

encesoperatorA performsa discrete-timederivative of capitalstockk. Right of

the neuron,a summatomperformsa discrete-timantegrationof demandor labor
Al” thatyieldsemploymentl”.

usedin orderto represena plannedeconomy

Let usarrangeneuronsn two layers,correspondingo firmsin thefinal goods
sectorandfirms in the capital goodssector respectrely. Figure (2) illustrates
the ensuingneuralnet. Note that, since neuronsare embeddedn information
circuits, sumanddifferenceoperatorsannul. Thus,in figure (2) they have been
ignoredaltogether

Besidesneuronsfigure (2) exhibits two boxesdenotedf andg, respectrely.
Functionsf andg representiouseholddehaior and demandfor labor by the
final goodssector respectrely. Theseaspectof decision-makinglo not needto
bemodeledn detailin orderto investigatenvestmentsccelerationHowever, we
mustrequirethat f (Ax) = Af(x) andg(Ax) = Ag(X) in orderto cancelsumand
differenceoperatorsasabove. Furthermorenotethatsincef makesconsumption
dependon currentincome,we implicitely assumedhathouseholdslo not save.

Thenetin figure(2) exhibitstwo nestedeed-backoops,theinneronepassing
throughthe workersof the final goodssector the outeronethroughthe workers
of the capitalgoodssector respectiely. Both feed-backsnake demanddepend
onwagesandultimately on productionin their respectre sectors.

For simplicity, letussupposehatthefinal goodssectorentailsN firms, thatthe
capitalgoodssectorentailsN firms aswell, thatthereareN differentfinal goods
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Figure 3: The structureof information flows within a productve system. Each
neuronrepresentslecision-makindy onefirm. Theleft layerrepresentéirmsin
thefinal goodssector theright layerrepresentsirms in the capitalgoodssector
respectrely. A doublefeed-backariseshroughthelabormarket.



but only one capitalgood. In this way, all vectorswill be N-dimensional.Note
that althoughthe numberof differentgoodsis fixed with time, their qualitatve
featuresnayvary asa consequencef technologicalnnovation.

Let A entailtheweightsby which the neuronghatrepresentiecision-making
by thefinal goodssectomprocessnformationprovidedby demandor final goods.
Thei-th row of Nx matrix A representsheweightsby which neuroni multiplies
Ac.

Similarly, let B entailtheweightsby whichtheneuronghatrepresentiecision-
making by the final goodssectorprocessnformation provided by technological
innovation. Thei-th row of Nx B representshe weightsby which neuroni mul-
tiplies Ae.

Finally, let D entailtheweightsby which the neuronghatrepresentlecision-
makingby the capitalgoodssectorprocessnformationprovided by demandor
capital goods. The i-th row of Nx matrix D representghe weightsby which
neuroni multipliesAk.

Thus,informationprocessings describedy:

Aki = AAc_1+BAe_; (1)
A"y = DAki_1 (2)

whereAk; =ki —ki—1, AG_1=C_1— G2, Aa_1=a_1—a_2, A"y =1" —1"_4,
DKt—1 = Ki—1 —kt—2.
If we assumdor simplicity that f = g=1, we canwrite:

Acc = Al (3)
Ay = Ak (4)

By combiningequationg1) and(2) with (3) and(4) andby rememberinghat
| =1"+1”, we obtaina systemof equationghattakesinformationontechnologies
Ae asinput andyields disaggrgatedinvestmentsAk asoutput. Eventually by
summatiorof the component®f Ak we canobtainaggrgateinvestments.

Businesscycle modelsmalke useof acceleratoequationghat, apartfrom be-
ing aggreate,arenot differentfrom a combinationof equationg1), (2), (3), (4)
[9]. Uponthat, businesscycle modelsaddan upperanda lower thresholdto in-
vestmentsn orderto invert the functioning of the acceleratowheninvestments
grow upto the*“ceiling” or fall down to the“floor”. In theseway, cyclesarise.

Onthecontrary we arenotinterestedn generatinga businessycle but rather
in providing a bettermodelizationof the very beginning of its ascendingohase.
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Thus,we shallnot constrainthe investmentgieneratedy equationg1), (2), (3),
(4). Ratherwe shalllink the coeficientsof theseequationgo the recognitionof
technologicalnnovations.

Equationg(1) and(2) changetheir coeficientsaccordingto experiencesand
cognitive abilities of decision-makrs. Equationsfor describingthe evolution of
matricesA, B, D cantake a numberof forms[18] [19] but, typically, ¢ imple-
mentslearning by multiplying the inputs and the outputof the neuronin order
to stresghoseweightsthatyieldeda high outputwith particularcombinationsof
inputs.Onthe contrary y implementgorgetting by decreasinghe absolutevalue
of weightswith time, for instanceaccordingto anexponentiafunction.

Let us choosethe simplest“Hebbianrule” [15] out of the mary equations
proposedy Kohonen18]:

AA = pAKACT —vA (5)
AB = pAkAe" —vB (6)
AD = pAl"AkT —vD (7)

Equationg5), (6), (7) specifythevariationof the coeficientsof equationg1)
and(2), whichin combinationwith (3), (4) capturethe essencef theinvestment
acceleratiorprinciple. By combiningacceleratoequationg1), (2), (3), (4) with
coeficientsvariationequationg5), (6), (7) oneobtainsinvestmentdecisionsAk
outof anexogenousequencef informationontechnologicalnnovationsAe.

However, decision-makinganonly becalledrationalif it is carriedoutwithin
a setof constraintd28] [29]. Let uschoosethetwo following rulesto constrain
decision-making:

1. Neuronsoutputis not allowed to be negative. Thus,in the shorttermon
which we are focusing,firms can neitherdisinvestnor canthey fire their
workers.

2. Credit exists, but loanscannotbe indefinetlylarge. Sinceit is likely that
capitalstocksenesascollateral,it is assumedhatthe outputof a neuron
cannotbe largerthancumulative output(in orderto allow starting-upbusi-
nessthisruleis notappliedif cumulative outputis zero).

At this point, by combiningthe above equationsand rules and by feeding
the modelwith a sequencef information vectorson technologicalinnovations
Ae, one canrun simulationsyielding investmentsAk. Sincewe wantto model
the very beginning of economicrecovery, when patternsof novel technological
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Emerging Innovation Patterns
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Figure4: A sequencef a hundredvectorse fromt = 1 tot = 100, horizontal
sectionsat e = 0. Black areasdenoteregionswheree > 0, white areasdenote
regionswheree < 0. The sinusoidspansl00 goodswith 5 periodsof 20 goods
each jts amplitudeincreasingrom Amj, = 0 att = 1 to Amax= 2 att = 100. Upon
it, anormaldistribution centeredaroundzeroaddsnoisewith variancedecreasing
from Vpax= 1 att = 1 to Vjnin = 0 att = 100. In orderto simplify theimageonly
oneoutof four goodsandoneout of four time periodshave beenshown, resulting
ina25x 25grid.

possibilitiesemege out of exhaustedechnologies)et us choosea sequencef
vectorse suchthat a simple sinusoidalpatternemegesfrom chaos. Figure (2)
illustratesa horizontalsectiondravn ate = 0.

Vector Ae is obtainedout of e taking a vector of zerosasinitial condition.
Sincemanagerarelikely to attachcomparablemportanceo informationonin-
novationandinformationstemmingrom demandyectorsAe andAc shouldbe of
similar size. Thus,at eachsimulationstepandbeforefeeding/Ae into the model,
thefollowing operationsarecarriedout:

1. Component®sf Ae thateventuallyexceedthethe[—Amax Amay interval, are
cut.

2. Theinterval spannedby Ae is adjustedto the interval spannedoy Ac by
multiplying Ae by (maxAc) — min(Ac)) /2Amax

10



Investments by each single firm, One run
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Figure5: Investmentdy eachsingleindustrialsector Eachcurve representa
differentAk; for i = 1,2,...100during onesinglesimulation. In orderto depict
zerovaluesof investmentsa onehasbeenaddedo all values.

3. Themedianof Aeis shiftedto thatof Ac.

The resultinginvestmentsy eachsingle industrial sectorare illustratedin
figure (2). Eachcurve representshe outputof a neuronin the left layer of fig-
ure(2). Initial conditions,keepingin mind thatwe are describingthe onsetof a
recovery, areobviouslyc=0,k =0,I"=0, 1" =0andAc=0, Ak =0, Al' =
Al” = 0. Learningandforgettingparameterfiave beensetat = 0.1 andv = 0.1,
respectrely.

Sinceinvestmentgrow exponentially logarithmicpictureshave beenused.In
orderto depictzerovalues,aonehasbeenaddedo all component®f Ak.

Themostnotablefeatureof the graphillustratedin figure (2) is thatatabouta
half of runningtime, preciselywhenaccordingo figure(2) atechnologicapattern
is emepging, firms stopto investerraticallyand steponto an exponentialgrowth
path.

Othersimulationsyielded similar results. Figure (2) illustratesaggreatein-
vestmentgproducedby ten differentsimulations,aswell astheir average. Note
thataccordingto all simulationsinvestmentstartto grow exponentiallyat some
pointbetweerthe 50" andthe 60" time step.
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Aggregate Investments
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Figure6: Aggregateinvestmentgproducedoy ten differentsimulations(dashed
lines)andtheir average(thick line). In orderto depictzerovaluesof investments,
aonehasbeenaddedo all values.

Clearly, this happensdecausematricesA, B, D changetheir weights. Fig-
ure (2) illustratesthreeindicatorsof the variationof component®f A, B andD,
respectrely. It is clearthatrecognitionof the innovation patternterminatesa pe-
riod of turbulenceandsetsthevariationof A, B andD onanexponentialpaththat
reflectthe exponentialgrowth of investments.

Theabove curveshave beenobtainedout of amodelthatcombinesvariations
of economicmagnitudesuchasdemandjnvestmentsandinformationon tech-
nologies,with variationsof cognitive parametersepresentethy A, B, D. Onthe
contrary the ensuingsectionmakesan attemptto disentanglehesetwo effects.

3 Analytical Description

Evenif weassumedhat f = g =1, any combinationof equationg1), (2), (3), (4)
is non-linear In fact,in theseequations/ariablesAc, Ak, Al, Ae multiply variable
coeficientsA, D, B.

However, analyticaltreatmentis possibleon the groundthat, since mental
categoriesmustvary atamuchslower pacethantheinformationthatthey classify

12



a, B, Variation of A, B, D: Average of ten runs
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Figure7: Variationof matricesA, B, D illustratedby indicatorsa, 3, d, respec-
tively. Indicatorsa, (3, d aredefinedasthe sumof the absolutevariationsof all

elementsf A, B, D, respectrely. Curvesillustratethe averagesof ten simula-
tions.
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the correspondingveightmatricesA, D, B mustvary ata muchslower pacethan
informationvectorsAc, Ak, Al, Ae. Furthermore sinceclassifyinginformation
in amentalcateyory translatesnto a vectorfalling into a basinof attraction fast
informationvectorsarelik ely to be stableaswell.

Sincele is an exogenousvariableandsinceAl canbe expressedn termsof
Ac and Ak, let usfocuson fastvariablesAc, Ak andslow variablesA, D only.
For the above reasonsfastvariablesAc and Ak are stablewithin the basinsof
attractionspecifiedby the slow, unstablevariablesA andD. In fact, matricesA
andD represenimentalcateyoriesby meansof potentialfunctionsin the spaceof
Ac andAk, respectiely.

In their turn, slow variablesA andD evolve accordingto the the equilibrium
valuestakenby fastvariablesAc andAk, respetvely. In fact,innovationproduces
novel patternghatmustbeclassifiecdoy meanof novel catgyories.Consequently
slow variablesA andD arelikely to changeasa consequencef the movements
of Ac andAk, respectrely. Slow, unstablevariablesA andD arealsocalledorder
parametessincethey specifytheconfigurationgakenby Ac andAk, respectiely.

The above dichotomybetweenfast, stablevariablesand slow, unstablevari-
ablesis typical of self-oganizingsystemq24] [13] [25] [14]. This kind of non-
linearsystemcanbe studiedanalyticallyby separating:

1. A regime wherefastvariablesAc and Ak areinfinetly fastso they reach
instantaneousltheir equilibriumvalues.In this situation,it is easyto study
theevolution of slow variablesA andD.

2. A regimewhereslow variablesA andD areinfinetly slow, i.e. thy do not
changeatall. In this situation,it is easyto studythe evolution of fastvari-
ablesAc andAk.

In our context, regime 1 is approximatedy the very beginning of economic
recoveries. In fact, in this phaseinvestmentsare small, easyto carry out and,
possibly fastenoughto be closeto their equilibrium level. At the sametime, a
lot of technologicahoveltiesforce managerdo changetheir mentalcateyories,
representedly slow andunstableorderparameters.

Onthe contrary regime 2 is approximatedy the growing phaseof the busi-
nesscycle, whentechnologiessary lessrapidly, the acceleratorcoeficientsare
stableandlarge-scald@nvestmentgake placeby replicationof existing plants. In
this phase prderparameterganbe takento be constantwhile investmentgrow
exponentiallyaccordingto traditional,fixed-coeficient acceleratoequations.

14



Aggregate Investments
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Figure8: Aggregateinvestmentsalculatedoy assuminghatinformationvectors
Ac andAk vary with infinite speed.Thefigureillustratesten singleruns(dashed
lines)aswell astheir average(thick line).

Whenaneconomyis in regime 1, neuronsprocessingime canbe neglected.
Thus, upon examinationof figure 2 and by assumingf = g =1 we canwrite
Al = Ak, A" = DAk, Ac = (I + D)Ak, Ak = AAc+ BAe. Combinationof these
expressionyields: 5

Ak = I—A—ADAe (8)

Thus,we canervision an alternatve algorithmin orderto derive a sequence
of {Ak} from a sequencef {Ae}. First, for eachAe equation(8) yields a vec-
tor {Ak} thatmay not respectconditionsof economicfeasibility. Secondly ap-
plication of rules (1 and(2) listed in section2 yields a feasible{Ak}. Finally,
coeficient matricesA andD areupdatedoy meansof equations$ and?.

Figure (3) illustratesaggreate investmentscalculatedin this way over ten
simulationruns,aswell astheir average.lt is evidentthat,aftera brief transitory
investmentsake on a constantwalue.

Figure (3) makesclearthat, contraryto the model expoundedin Section2,
investmentsapproacha constantJow level. This is hardly surprising,sinceas-
suminginfinite speedof informationtakesaway the very rationaleof the invest-
mentacceleratiorprinciple, namelythat productiontime lags andthe structure
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a, 3,0 Variation of A, B, D: Average of ten runs
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Figure9: Variationof matricesA, B, D illustratedby indicatorsa, 3, , respec-
tively. Indicatorsa, (3, d aredefinedasthe sumof the absolutevariationsof all

elementof A, B, D, respectiely. Curvesillustratethe averagesof ten simula-
tions.

of informationflows betweenindustrialsectorsoperatingat differentproduction
stagesmay causeexcessve productve capacity However, the purposeof this
infinite-speedmodelis only thatof attainingvaluesof A andD thatcanbe used
in a standardfixed-coeficientsacceleratoequation.

Figure(3) illustratesthevariationof A, B andD by meansof thesamendica-
torsthathadbeenusedin Section2. Accordingto this figure, sincethe 36" time
stepthesematricesbegin to vary accordingto slow but regularexponentialpath.

Figures(3)makes clear that matricesA, D, B on averageapproacha stable
pathas soonasthe technologicalpatternbegins to appearat the 30" time step.
MatricesA, D, B arestill growing becauseequationg5), (6) and(7) make their
variationproportionako theinvestmentsevel, but astablevariationlik e this could
be easilyinsertedin aninvestmentsacceleratiormodelthat doesnot employ a
neuralnet. The only differencewith afixed-coeficientsmodelwould be a more
steeplyexponentialgrownth path.

Thus, let us usethe valuesattainedby A andD at the 30" stepto run a tra-
ditional, fixed-coeficientsacceleratoequationthat recevesno exogenousnput
Ae. In this equationtheinitial level of investmentsvill bethe oneattainedwhen

16



Aggregate Investments
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Figure10: Aggregateinvestmentsccordingto the original model(thin line) and
aggreate investmentsaccordingto the two-regimes model (thick line). Both
curvesdepicttheaverage®f tensimulationruns.

A andD werefrozen.Notethat, by doingthis, we areenteringregime 2.
By combiningequation(1) deprvedof the DAg 1 termwith (2), (3), (4) one
obtains:
Aky = AT (g(Aki—1) + DAkt_2) (9)

which, albeit disaggrgated,is a traditional, fixed-coeficients acceleratoequa-
tion. Justasin the caseof regime 1, eachtime stepwe have to checkwhether
neuronoutputsareyielding feasiblevaluesby meanof rules1 and2.

Figure (3) comparesaggrgate investmentsobtainedby the original model
expoundedin Section2 with the two-regimes model explainedin this Section.
Only theaveragesf tensimulationsareshown in the picture.

Figure(3) allows usto comparea modelwherethe two processesf under
standingtechnologicalnovelties and undertakinginvestmentdake placeat the
sametime, with a modelthat separateshesetwo concepts.It makesclearthat
traditional,fixed-coeficientsacceleratoequationsreonly ableto accounfor in-
vestmentghatare carriedout accordingto a giventechnologicaparadigm,once
thisemeped.In anearlierphasewnhereit is still unclearwhichwill bethewinning
technologie®f the future,a neuralnetaddsinterestingnsights.
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4 Concluding Remarks

Althoughfeed-forward neuralnetsfind a lot of applicationsn handlingfinancial
data,useof a Kohonenneuralnetin orderto reproducedecision-makingy eco-
nomic agentsis entirely new to economics. On the contrary this paperaimed
to opena new field of researchuy establishinga theoreticalbridge betweenan
economianodelandatool of artificial intelligence.

This hasbeeninterestingin itself, becauset allowed at leasta partial mod-
eling of avery importantbut very vagueconceptik e that of “corporateculture”.
However, the modelpresentedhereindoesnot have immediatepracticalimplica-
tions.

Nonethelessapplicationscould be ervisionedin a numberof fields. First of
all, akohonemeuralnetcouldbeusedin orderto betterunderstandheempirical
dynamicsof investments.A first attemptin this sensegave encouragingesults
[10].

Secondlyandpossiblymostimportantly Kohonenneuralnetsmight be used
on POSdatain orderto guideinvestmentsnto novel fields. Thisis anentirelyun-
exploredfield of researchsinceuntil now POSdatahave beenonly usedin order
to forecastseasonavariationsof demandat selling pointsor, at most,demandat
anew location.
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