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Abstract
The investmentaccelerationprinciple is a heuristic for modeling in-

vestmenttime seriesout of consumptiontime series.Themodelpresented
hereindevelopsa disaggregatedacceleratorequationwhosecoefficientsare
theweightsof aKohonenneuralnetthatrepresentsfirms’ decision-making.
Accordingto this model,investmentstake placewhenmanagersrecognize
emerging technologicalpatterns.Furthermore,a techniqueborrowed from
thetheoryof self-organizingsystemsisusedin ordertodisentangleinnovation-
driveninvestmentsfrom plant-replicationinvestments.
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1 Introduction

Investmentsin plants,machineries,scientificreasearchandotherformsof capital
goodsareby far themostvolatile, leastpredictableamongeconomictime series.�

This researchreceivedfinancialsupportby ConsiglioNazionaledelleRicercheandDeutsche
Forschungsgemeinschaft.
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Yet this is preciselythemagnitudethatonewould like to explicatein termsof a
few determinants,sinceit is theengineof economicgrowth.

The investmentacceleration principle is a simpleheuristicfor modelingin-
vestmentdecision-making.Basically, it assertsthat investmentsdependon varia-
tionsof demand.

In spiteof its simplicity, the investmentaccelerationprincipleperformsrela-
tively well in empiricalstudies.A numberof recentevaluationsascribeto accel-
eratorequationsa betterpredictive power thanany competingmodelin suchdi-
versesituationsasindustrializedeconomies,developingeconomiesandtransition
economies[5] [1] [23] [6] [26] [4] [7] [22] [20]. Not surprisingly, theinvestment
accelerationprincipleis amajoringredientof many classicalbusinesscyclemod-
els suchasKaldor’s [17], Samuelson’s [27], Hicks’s [16], Goodwin’s [11] and
Lucas’s [21].

At acloserscrutiny, theinvestmentsaccelerationprinciplecanbebrokendown
into thefollowing pair of assumptions:

A1: Firmsinvestproportionallyto variationsof demand.

A2: Firmsonly observe demandfor their own productsor, at most,for products
of their industrialsector.

AssumptionA1 implies that firms do not make long-termstrategic plans. It
presumesa largedegreeof myopiain decision-making,aswell asirrelevanceof
financialconsiderations.

AssumptionA2 implies that firms that produceintermediategoodsneither
observe thefinal goodsmarket,nor any otherindicatorof thegeneralstateof the
economy. Thus,assumptionA2 ascribesmanagersasectoralmyopia,in thesense
thatinvestmentdecisionsarenot influencedby considerationof trendsin markets
thatarefardown theproductivechain.

In businesscycle modelsthat rely on the investmentaccelerationprinciple,
assumptionA1 identifiesthe impulsesthat trigger the oscillationsof economic
variables.In its turn,assumptionA2 leadsto formulateauto-regressiveequations
of order p

�
2 that areableto generateoscillationsof the macroeconomicvari-

ables.Parameterp is thenumberof productionstages,usuallysetat two.
I alreadymentionedthat, althoughtheseassumptionsarevery crude,accel-

eratorequationsperformbetterthancompetingmodelsbasedon financialcon-
siderations.However, even acceleratorequationsare far from yielding reliable
predictions.
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In orderto understandthe limits of the investmentaccelerationprincipleand
whyneuralnetscouldbeusefulin orderto improveonexistingmodels,it is impor-
tantto remarkthattheinvestmentaccelerationprinciplewasoriginally formulated
in orderto describetheascendingphaseof busineesscycles[2] [8]. Simply, it was
meantto statethatwith boomingdemand,firms increasethesizeof their plants.

Subsequently, this ideawasextendedto thedescendingphaseof thebusiness
cycle. Thevery sameequationshave beenusedto saythat,with contractingde-
mand,firms decreasethe sizeof their plants. This worked still reasonablywell,
althoughit wasclear that the reactionof firms to contractingdemandwasof a
differentmagnitudethanthereactionto boomingdemand[11]. However, linking
theascendingandthedescendingphasesto oneanotherposedsomeproblems.

Describingtheonsetof arecession,i.e. thepassagefrom anascendingto ade-
scendingphase,posedtheleastproblems.In fact,theonsetof economiccrisescan
beascribedto shortageof laborforce,credit rationingandothermacroeconomic
constraints.Thus,accelerator-basedbusinesscycle modelswereendowed with
investmentceilingsthatcausedadecreaseof demandwhich,in its turn,forcedthe
acceleratorto invert its functioning.

However, modelingthe onsetof a recovery proved to be far more difficult.
In fact, theonsetof economicrecoveriesis basicallydueto investmentsin novel
fields of activity openedup by technologicalinnovation. Thus, extendingthe
investmentaccelerationprinciple to this partof economicdynamicsrequiresmi-
croeconomicmodelizationof thecognitiveprocessof recognitionof novel invest-
mentopportunities[12].

Thispaperattemptsto dothatby reproducingfirmsdecision-makingby means
of aKohonenneuralnet. In thismodel,eachneuronrepresentsafirm with its abil-
ity to form categoriesoutinformationstemmingbothfrom demandof givengoods
andfrom exogenoustechnologicalinnovation. Neuronsweightswill correspond
to the coefficients of a disaggregatedacceleratorequation,which can adaptits
responseto variationsof demandaccordingto evolution of technologicalpossi-
bilities.

Thepaperis organizedin two mainSections,numbered2 and3, respectively,
followedby a concludingSection4. Section2 illustratestheneuralnetandtests
its behavior with a simulationbasedon exogenousinformationregardingnovel
technologies.Section3 attemptsto reproduceits findingsby meansof ananalyti-
cal descriptionbasedon thetheoryof self-organizingsystems.Finally, Section4
concludes.
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2 The Neural Net

The minimal economicstructurethat we needto considerin order to apply the
investmentaccelerationprinciple involves households,firms that producefinal
goods(hereafterlabelledfinal goodssector) andfirms thatproducecapitalgoods
(hereafterlabelledcapital goodssector). In this way, productiontakesplacein
two stagessoassumptionsA1 andA2 of Section1 canbemade.

Within this framework, ’investments’arepurchasesof capitalgoodscarried
outby thefirmsthatproducefinal goods.For simplicity, let ussupposeaconstant
numberof firms in bothsectors.

Let usrepresentafirm’s decision-makingby meansof:

1. A first differencesoperator, yieldingvariationof inputvariables(e.g.varia-
tion of demand).

2. A neuron,yieldinga firm’spurchasedecisionsbasedonrecognitionof pat-
ternsentailedin input information.

3. A summationoperator, that integratestheneuron’s outputin orderto yield
thecurrentvaluesof variables.

Inputandoutputvariablesof ourneuralnetareinformationvectorsconveying
ordersfor goodsandservices.Notably, informationflowsin theoppositedirection
of goods.

Let vectorsc, k, l � and l ��� denotehouseholdsconsumption,capital stock in
the final goodssector, employmentin the final goodssectorandemploymentin
thecapitalgoodssector, respectively. Obviously, it mustbec

�
0, k

�
0, l � � 0,

l ��� � 0.
Let vectors∆c, ∆k, ∆l � and∆l ��� denotevariationsof the above vectorswith

respectto the previous time interval. Thesevectorscarry informationregarding
demandfor final goods,investmentsin capitalgoodsanddemandfor laborin the
final goodsandcapitalgoodssectors,respectively.

Furthermore,let a vectore representexogenousinformationon innovations.
Vectore doesnotrepresenttechnologicaldetailsthataredevelopedby firmsthem-
selves and that are kept strictly private unlessacquiredunder licensingagree-
ments.Rather, e representsall publicly availableinformationaboutnew technolo-
gieswhichcaninducemanagersto investonaspecificfield,eventuallydeveloping
privateinformationasa consequenceof this decision.It includesbasicresearch
madeavailableby non-profitinstitutions,rumorsaboutcompetitors’strategies,as
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Figure 1: Decision-makingby a firm in the final goodssector. The Kohonen
neuronconsistsof a summatorof inputs∆ci and∆e with weightsai andbi , re-
spectively. Both setsof weightsarisingfrom a combinationof a feed-backφ and
a feed-forward γ. Left of the neuron,first differencesoperators∆ performsa
discrete-timederivative of demandfor final goodsc andstate-of-affairs in tech-
nologye. Rightof theneuron,asummatorperformsadiscrete-timeintegrationof
investments∆k thatyieldscapitalstockk.

well asinformationthatwasintendedto beprivatebut which is actuallydifficult
to appropriateandto trade,e.g. becauseof reverseengineering[3]. Justlike the
investmentacceleratorprincipleassumesthatfirmsreactto variationsof demand,
let usassumethatfirms reactto variations∆e of thestateof technologye.

Let us supposethat firms of the final goodssectorreactboth to variationof
demandandto variationof technologies,whereasfirmsof thecapitalgoodssector
reactto variationsof demandonly. Then,figures(2) and(2) illustratedecision-
makingin afirm of thefinal goodssectorandin afirm of thecapitalgoodssector,
respectively. Demandfor labor by the firms of the final goodssectordoesnot
appearin thefigurebecauseit is supposedto beproportionalto demandfor capital
goodsaccordingto a law thatwill bespecifiedsubsequently. Demandfor capital
goodsby thefirmsof thecapitalgoodssectordoesnotappearin thefigurebecause
this sectoris supposedto include all productionstagesfrom mining to capital
goodsproduction.

The feed-backsand-forwardsthat characterizeKohonenneuronsareof the
utmostimportancein orderto modeldecentralizeddecision-making.Possibly, a
neuralnetwhereneuronsweightswould besetby anexternaloperatorcouldbe
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Figure2: Decision-makingby a firm in the capitalgoodssector. The Kohonen
neuronconsistsof a summatorof inputs∆ki with weightsdi , arisingfrom a feed-
backanda feed-forward φ andγ, respectively. Left of the neuron,a first differ-
encesoperator∆ performsa discrete-timederivative of capitalstockk. Right of
theneuron,a summatorperformsa discrete-timeintegrationof demandfor labor
∆l ��� thatyieldsemploymentl ��� .

usedin orderto representaplannedeconomy.
Let usarrangeneuronsin two layers,correspondingto firms in thefinal goods

sectorandfirms in the capital goodssector, respectively. Figure (2) illustrates
the ensuingneuralnet. Note that, sinceneuronsare embeddedin information
circuits, sumanddifferenceoperatorsannul. Thus,in figure (2) they have been
ignoredaltogether.

Besidesneurons,figure(2) exhibits two boxesdenotedf andg, respectively.
Functions f andg representhouseholdsbehavior anddemandfor labor by the
final goodssector, respectively. Theseaspectsof decision-makingdo not needto
bemodeledin detailin orderto investigateinvestmentsacceleration.However, we
mustrequirethat f � ∆x�	� ∆ f � x� andg � ∆x�
� ∆g � x� in orderto cancelsumand
differenceoperatorsasabove. Furthermore,notethatsince f makesconsumption
dependon currentincome,we implicitely assumedthathouseholdsdo notsave.

Thenetin figure(2) exhibitstwo nestedfeed-backloops,theinneronepassing
throughtheworkersof thefinal goodssector, theouteronethroughtheworkers
of the capitalgoodssector, respectively. Both feed-backsmake demanddepend
onwagesandultimatelyonproductionin their respectivesectors.

Forsimplicity, letussupposethatthefinalgoodssectorentailsN firms,thatthe
capitalgoodssectorentailsN firms aswell, that thereareN differentfinal goods
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Figure3: The structureof informationflows within a productive system. Each
neuronrepresentsdecision-makingby onefirm. Theleft layerrepresentsfirms in
thefinal goodssector, theright layerrepresentsfirms in thecapitalgoodssector,
respectively. A doublefeed-backarisesthroughthelabormarket.
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but only onecapitalgood. In this way, all vectorswill be N-dimensional.Note
that althoughthe numberof differentgoodsis fixed with time, their qualitative
featuresmayvaryasaconsequenceof technologicalinnovation.

Let A entailtheweightsby which theneuronsthatrepresentdecision-making
by thefinal goodssectorprocessinformationprovidedby demandfor final goods.
The i-th row of N � matrix A representstheweightsby whichneuroni multiplies
∆c.

Similarly, letB entailtheweightsbywhichtheneuronsthatrepresentdecision-
makingby thefinal goodssectorprocessinformationprovidedby technological
innovation.The i-th row of N � B representstheweightsby which neuroni mul-
tiplies ∆e.

Finally, let D entail theweightsby which theneuronsthatrepresentdecision-
makingby thecapitalgoodssectorprocessinformationprovidedby demandfor
capital goods. The i-th row of N � matrix D representsthe weightsby which
neuroni multiplies∆k.

Thus,informationprocessingis describedby:

∆kt � A∆ct � 1 
 B∆et � 1 (1)

∆l ��� t � D∆kt � 1 (2)

where∆kt � kt � kt � 1, ∆ct � 1 � ct � 1 � ct � 2, ∆et � 1 � et � 1 � et � 2, ∆l ��� t � l ��� t � l ��� t � 1,
∆kt � 1 � kt � 1 � kt � 2.

If weassumefor simplicity that f � g � I, we canwrite:

∆ct � ∆lt (3)

∆l � t � ∆kt (4)

By combiningequations(1) and(2) with (3) and(4) andby rememberingthat
l � l � 
 l ��� , weobtainasystemof equationsthattakesinformationontechnologies
∆e as input andyields disaggregatedinvestments∆k asoutput. Eventually, by
summationof thecomponentsof ∆k wecanobtainaggregateinvestments.

Businesscycle modelsmake useof acceleratorequationsthat,apartfrom be-
ing aggregate,arenot differentfrom a combinationof equations(1), (2), (3), (4)
[9]. Upon that,businesscycle modelsaddanupperanda lower thresholdto in-
vestmentsin orderto invert the functioningof the acceleratorwheninvestments
grow up to the“ceiling” or fall down to the“floor”. In theseway, cyclesarise.

Onthecontrary, wearenot interestedin generatingabusinesscyclebut rather
in providing a bettermodelizationof the very beginning of its ascendingphase.
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Thus,we shallnot constrainthe investmentsgeneratedby equations(1), (2), (3),
(4). Rather, we shall link thecoefficientsof theseequationsto therecognitionof
technologicalinnovations.

Equations(1) and(2) changetheir coefficientsaccordingto experiencesand
cognitive abilitiesof decision-makers. Equationsfor describingtheevolution of
matricesA, B, D cantake a numberof forms [18] [19] but, typically, φ imple-
mentslearning by multiplying the inputsandthe outputof the neuronin order
to stressthoseweightsthatyieldeda high outputwith particularcombinationsof
inputs.On thecontrary, γ implementsforgettingby decreasingtheabsolutevalue
of weightswith time, for instanceaccordingto anexponentialfunction.

Let us choosethe simplest“Hebbian rule” [15] out of the many equations
proposedby Kohonen[18]:

∆A � µ∆k∆cT � νA (5)

∆B � µ∆k∆eT � νB (6)

∆D � µ∆l ��� ∆kT � νD (7)

Equations(5), (6), (7) specifythevariationof thecoefficientsof equations(1)
and(2), which in combinationwith (3), (4) capturetheessenceof theinvestment
accelerationprinciple. By combiningacceleratorequations(1), (2), (3), (4) with
coefficientsvariationequations(5), (6), (7) oneobtainsinvestmentdecisions∆k
outof anexogenoussequenceof informationon technologicalinnovations∆e.

However, decision-makingcanonly becalledrational if it is carriedoutwithin
a setof constraints[28] [29]. Let uschoosethetwo following rulesto constrain
decision-making:

1. Neuronsoutput is not allowed to be negative. Thus, in the short term on
which we are focusing,firms canneitherdisinvestnor can they fire their
workers.

2. Credit exists, but loanscannotbe indefinetly large. Sinceit is likely that
capitalstockservesascollateral,it is assumedthat theoutputof a neuron
cannotbelargerthancumulativeoutput(in orderto allow starting-upbusi-
ness,this rule is notappliedif cumulativeoutputis zero).

At this point, by combining the above equationsand rules and by feeding
the modelwith a sequenceof informationvectorson technologicalinnovations
∆e, onecanrun simulationsyielding investments∆k. Sincewe want to model
the very beginning of economicrecovery, whenpatternsof novel technological
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Figure4: A sequenceof a hundredvectorse from t � 1 to t � 100, horizontal
sectionsat e � 0. Black areasdenoteregionswheree � 0, white areasdenote
regionswheree � 0. Thesinusoidspans100 goodswith 5 periodsof 20 goods
each,its amplitudeincreasingfrom Amin � 0 at t � 1 to Amax � 2 at t � 100.Upon
it, anormaldistributioncenteredaroundzeroaddsnoisewith variancedecreasing
fromVmax � 1 at t � 1 to Vmin � 0 at t � 100. In orderto simplify theimageonly
oneoutof four goodsandoneoutof four timeperiodshavebeenshown, resulting
in a25 � 25 grid.

possibilitiesemerge out of exhaustedtechnologies,let us choosea sequenceof
vectorse suchthat a simplesinusoidalpatternemergesfrom chaos. Figure(2)
illustratesahorizontalsectiondrawn at e � 0.

Vector ∆e is obtainedout of e taking a vectorof zerosas initial condition.
Sincemanagersarelikely to attachcomparableimportanceto informationon in-
novationandinformationstemmingfrom demand,vectors∆e and∆c shouldbeof
similar size.Thus,at eachsimulationstepandbeforefeeding∆e into themodel,
thefollowing operationsarecarriedout:

1. Componentsof ∆e thateventuallyexceedthethe � � Amax� Amax� interval, are
cut.

2. The interval spannedby ∆e is adjustedto the interval spannedby ∆c by
multiplying ∆e by � max� ∆c � � min� ∆c ����� 2Amax.
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Investments by each single firm, One run
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Figure5: Investmentsby eachsingle industrialsector. Eachcurve representsa
different∆ki for i � 1 � 2 ������� 100during onesinglesimulation. In orderto depict
zerovaluesof investments,aonehasbeenaddedto all values.

3. Themedianof ∆e is shiftedto thatof ∆c.

The resultinginvestmentsby eachsingle industrial sectorare illustratedin
figure (2). Eachcurve representsthe outputof a neuronin the left layer of fig-
ure (2). Initial conditions,keepingin mind thatwe aredescribingtheonsetof a
recovery, areobviously c � 0, k � 0, l ��� 0, l ����� 0 and∆c � 0, ∆k � 0, ∆l ��� 0,
∆l ����� 0. Learningandforgettingparametershavebeensetatµ � 0 � 1 andν � 0 � 1,
respectively.

Sinceinvestmentsgrow exponentially, logarithmicpictureshavebeenused.In
orderto depictzerovalues,aonehasbeenaddedto all componentsof ∆k.

Themostnotablefeatureof thegraphillustratedin figure(2) is thatatabouta
half of runningtime,preciselywhenaccordingto figure(2) atechnologicalpattern
is emerging, firms stopto investerraticallyandstepontoan exponentialgrowth
path.

Othersimulationsyieldedsimilar results.Figure(2) illustratesaggregatein-
vestmentsproducedby ten differentsimulations,aswell astheir average.Note
thataccordingto all simulationsinvestmentsstartto grow exponentiallyat some
point betweenthe50th andthe60th time step.

11



Aggregate Investments
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Figure6: Aggregateinvestmentsproducedby ten differentsimulations(dashed
lines)andtheir average(thick line). In orderto depictzerovaluesof investments,
aonehasbeenaddedto all values.

Clearly, this happensbecausematricesA, B, D changetheir weights. Fig-
ure(2) illustratesthreeindicatorsof thevariationof componentsof A, B andD,
respectively. It is clearthatrecognitionof theinnovationpatternterminatesa pe-
riod of turbulenceandsetsthevariationof A, B andD onanexponentialpaththat
reflecttheexponentialgrowth of investments.

Theabovecurveshavebeenobtainedout of amodelthatcombinesvariations
of economicmagnitudessuchasdemand,investmentsandinformationon tech-
nologies,with variationsof cognitiveparametersrepresentedby A, B, D. On the
contrary, theensuingsectionmakesanattemptto disentanglethesetwo effects.

3 Analytical Description

Evenif weassumedthat f � g � I, any combinationof equations(1), (2), (3), (4)
is non-linear. In fact,in theseequationsvariables∆c, ∆k, ∆l, ∆e multiply variable
coefficientsA, D, B.

However, analytical treatmentis possibleon the groundthat, sincemental
categoriesmustvaryatamuchslowerpacethantheinformationthatthey classify,
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Variation of A, B, D: Average of ten runs
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α, β           δ
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Figure7: Variationof matricesA, B, D illustratedby indicatorsα, β, δ, respec-
tively. Indicatorsα, β, δ aredefinedasthe sumof the absolutevariationsof all
elementsof A, B, D, respectively. Curvesillustratethe averagesof ten simula-
tions.
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thecorrespondingweightmatricesA, D, B mustvaryat amuchslowerpacethan
informationvectors∆c, ∆k, ∆l, ∆e. Furthermore,sinceclassifyinginformation
in a mentalcategory translatesinto a vectorfalling into a basinof attraction,fast
informationvectorsarelikely to bestableaswell.

Since∆e is anexogenousvariableandsince∆l canbeexpressedin termsof
∆c and∆k, let us focuson fastvariables∆c, ∆k andslow variablesA, D only.
For the above reasons,fastvariables∆c and∆k arestablewithin the basinsof
attractionspecifiedby theslow, unstablevariablesA andD. In fact,matricesA
andD representmentalcategoriesby meansof potentialfunctionsin thespaceof
∆c and∆k, respectively.

In their turn, slow variablesA andD evolve accordingto thetheequilibrium
valuestakenby fastvariables∆c and∆k, respetively. In fact,innovationproduces
novel patternsthatmustbeclassifiedby meansof novel categories.Consequently,
slow variablesA andD arelikely to changeasa consequenceof themovements
of ∆c and∆k, respectively. Slow, unstablevariablesA andD arealsocalledorder
parameterssincethey specifytheconfigurationstakenby ∆c and∆k, respectively.

The above dichotomybetweenfast,stablevariablesandslow, unstablevari-
ablesis typical of self-organizingsystems[24] [13] [25] [14]. This kind of non-
linearsystemcanbestudiedanalyticallyby separating:

1. A regime wherefast variables∆c and ∆k are infinetly fast so they reach
instantaneouslytheirequilibriumvalues.In thissituation,it is easyto study
theevolutionof slow variablesA andD.

2. A regimewhereslow variablesA andD areinfinetly slow, i.e. thy do not
changeat all. In this situation,it is easyto studytheevolution of fastvari-
ables∆c and∆k.

In our context, regime1 is approximatedby thevery beginningof 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 technologicalnoveltiesforce managersto changetheir mentalcategories,
representedby slow andunstableorderparameters.

On thecontrary, regime2 is approximatedby thegrowing phaseof thebusi-
nesscycle, whentechnologiesvary lessrapidly, the acceleratorcoefficientsare
stableandlarge-scaleinvestmentstake placeby replicationof existing plants.In
this phase,orderparameterscanbe takento beconstantwhile investmentsgrow
exponentiallyaccordingto traditional,fixed-coefficientacceleratorequations.
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Aggregate Investments
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Figure8: Aggregateinvestmentscalculatedby assumingthatinformationvectors
∆c and∆k vary with infinite speed.Thefigure illustratestensingleruns(dashed
lines)aswell astheir average(thick line).

Whenaneconomyis in regime1, neuronsprocessingtime canbeneglected.
Thus, upon examinationof figure 2 and by assumingf � g � I we can write
∆l � � ∆k, ∆l ��� � D∆k, ∆c ��� I 
 D � ∆k, ∆k � A∆c 
 B∆e. Combinationof these
expressionsyields:

∆k � B
I � A � AD

∆e (8)

Thus,we canenvision analternative algorithmin orderto derive a sequence
of � ∆k � from a sequenceof � ∆e � . First, for each∆e equation(8) yields a vec-
tor � ∆k � thatmay not respectconditionsof economicfeasibility. Secondly, ap-
plication of rules(1 and(2) listed in section2 yields a feasible � ∆k � . Finally,
coefficientmatricesA andD areupdatedby meansof equations5 and7.

Figure (3) illustratesaggregateinvestmentscalculatedin this way over ten
simulationruns,aswell astheir average.It is evidentthat,aftera brief transitory,
investmentstakeon aconstantvalue.

Figure (3) makesclear that, contraryto the modelexpoundedin Section2,
investmentsapproacha constant,low level. This is hardly surprising,sinceas-
suminginfinite speedof informationtakesaway thevery rationaleof the invest-
mentaccelerationprinciple, namelythat productiontime lagsandthe structure
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Variation of A, B, D: Average of ten runs
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Figure9: Variationof matricesA, B, D illustratedby indicatorsα, β, δ, respec-
tively. Indicatorsα, β, δ aredefinedasthe sumof the absolutevariationsof all
elementsof A, B, D, respectively. Curvesillustratethe averagesof ten simula-
tions.

of informationflows betweenindustrialsectorsoperatingat differentproduction
stagesmay causeexcessive productive capacity. However, the purposeof this
infinite-speedmodelis only thatof attainingvaluesof A andD thatcanbeused
in astandard,fixed-coefficientsacceleratorequation.

Figure(3) illustratesthevariationof A, B andD by meansof thesameindica-
torsthathadbeenusedin Section2. Accordingto this figure,sincethe30th time
stepthesematricesbegin to varyaccordingto slow but regularexponentialpath.

Figures(3)makesclear that matricesA, D, B on averageapproacha stable
pathassoonasthe technologicalpatternbegins to appearat the 30th time step.
MatricesA, D, B arestill growing becauseequations(5), (6) and(7) make their
variationproportionalto theinvestmentslevel,but astablevariationlikethiscould
be easily insertedin an investmentsaccelerationmodel that doesnot employ a
neuralnet. Theonly differencewith a fixed-coefficientsmodelwould bea more
steeplyexponentialgrowth path.

Thus,let us usethe valuesattainedby A andD at the 30th stepto run a tra-
ditional, fixed-coefficientsacceleratorequationthat receivesno exogenousinput
∆e. In this equation,theinitial level of investmentswill betheoneattainedwhen
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Aggregate Investments
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Figure10: Aggregateinvestmentsaccordingto theoriginal model(thin line) and
aggregate investmentsaccordingto the two-regimesmodel (thick line). Both
curvesdepicttheaveragesof tensimulationruns.

A andD werefrozen.Notethat,by doingthis,weareenteringregime2.
By combiningequation(1) deprivedof theD∆et � 1 termwith (2), (3), (4) one

obtains:
∆kt � A f � g � ∆kt � 1 � 
 D∆kt � 2 � (9)

which, albeit disaggregated,is a traditional,fixed-coefficientsacceleratorequa-
tion. Justas in the caseof regime 1, eachtime stepwe have to checkwhether
neuronoutputsareyielding feasiblevaluesby meansof rules1 and2.

Figure (3) comparesaggregate investmentsobtainedby the original model
expoundedin Section2 with the two-regimesmodelexplainedin this Section.
Only theaveragesof tensimulationsareshown in thepicture.

Figure(3) allows us to comparea modelwherethe two processesof under-
standingtechnologicalnovelties and undertakinginvestmentstake placeat the
sametime, with a model that separatesthesetwo concepts.It makesclear that
traditional,fixed-coefficientsacceleratorequationsareonly ableto accountfor in-
vestmentsthatarecarriedout accordingto a giventechnologicalparadigm,once
thisemerged.In anearlierphasewhereit is still unclearwhichwill bethewinning
technologiesof thefuture,aneuralnetaddsinterestinginsights.
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4 Concluding Remarks

Althoughfeed-forwardneuralnetsfind a lot of applicationsin handlingfinancial
data,useof a Kohonenneuralnet in orderto reproducedecision-makingby eco-
nomic agentsis entirely new to economics.On the contrary, this paperaimed
to opena new field of researchby establishinga theoreticalbridgebetweenan
economicmodelanda tool of artificial intelligence.

This hasbeeninterestingin itself, becauseit allowed at leasta partial mod-
eling of a very importantbut very vagueconceptlike thatof “corporateculture”.
However, themodelpresentedhereindoesnot have immediatepracticalimplica-
tions.

Nonetheless,applicationscouldbeenvisionedin a numberof fields. First of
all, aKohonenneuralnetcouldbeusedin orderto betterunderstandtheempirical
dynamicsof investments.A first attemptin this sensegave encouragingresults
[10].

Secondly, andpossiblymostimportantly, Kohonenneuralnetsmight beused
onPOSdatain orderto guideinvestmentsinto novel fields.This is anentirelyun-
exploredfield of research,sinceuntil now POSdatahavebeenonly usedin order
to forecastseasonalvariationsof demandat sellingpointsor, at most,demandat
anew location.
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