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Abstract

What makesa neuralmicrocircut computationally powverful? Or more
precisely which measurhle quariities could explain why onemicrodr-
cuit C is bettersuitedfor a particularfamily of computationaltasksthan
anottermicrodrcuit C %? We propasein this articlequantitatve measures
for evaluatirg thecomputationalpowerandgenealizationcapaliity of a
neurl microcircuit, andapplythemto gereric neuralmicrodrcuit mod
els drawvn from different distributions. We validatethe proposedmea-
sureshy compaing their predction with directevaluatios of the com:
putatioral performarce of thesemicrocircuit models. This procedireis
applied rst to microdrcuit modelsthatdiffer with regard to the spatial
range of synapic connetions andwith regard to the scaleof synaptic
ef cacies in the circuit, andthento microcircuit modds thatdiffer with
regad to the level of backgoundinput curreris andthe level of noise
onthemembrae poterial of neuons.In this casethe proposedmethod
allows us to quantify differercesin the computationalpowver andgen
eralizationcapability of circuitsin differentdynanic regimes(UP- and
DOWN-states}thathave beendemastratedhrowghintracellularrecord
ingsin vivo.

1 Intr oduction

Ratherthanconstricting particularmicrocirauit modés thatcarry out particularcompua-
tions, we purste in this article a differentstrateyy, which is basedon the assumptiorthat
the compuational fundion of cortical microcircuitsis not fully geneticlly encoed, but
ratheremepesthrowgh various forms of plasticity (“learning”) in responseo the actual
distribution of signalsthattheneura microcircuit recevesfrom its ervironmen. Fromthis
perspectie the questiorabou thecompuationalfunction of corticalmicrocircuitsC turns
into thequestions:

a) Whatfunctiors (i.e. mapsfrom circuit inputsto circuit outpus) canthecircuit C
learnto compue.



b) How well canthe circuit C generalizea speci ¢ learred compuationalfunction
to new inputs?

We proposein this article a conceptal framework and quartitative measuredor the in-
vestigatio of thesetwo questios. In orderto make this appoachfeasible,in spite of
numeousunkrownsregading synapticplasticityandthedistribution of electricalandbio-
chemicalsignalsimpinging on a cortical microcircuit, we make in the presentrst stepof
this appoachthefollowing simplifying assumptios:

1. Particularneuras (“readbut neunons”) learnvia synapticplasticity to extract speci c
informationencoedin the spikingactivity of neuonsin thecircuit.

2. We assumahatthecorticalmicrocirctit itself is highly recurent, but thattheimpactof
feedlackthatareadot neura might sendbackinto this circuit canbe negleded.!

3. We assumehat synapic plasticity of readoti neuras enableshemto learnarbitray

linear transfomations. More prlgcisely we assumehattheinput to suchreadat neurm

canbe appoximatedby aterm {‘:11 w; X (t), wheren 1isthenumbe of presynatic

neuras, x; (t) resultsfrom the outpu spike train of theith presynapic neuonby ltering
it accordng to thelow-pass Itering propertyof themembaneof thereadait neuon,? and
w; is theef cacy of the synajic conne&tion. Thus wiX; (t) mocels the time courseof the
contrikution of previous spikesfrom theith presynapic neuonto the membrae potential
at the somaof this readait neuon. We will referto the vectorx(t) asthe circuit stateat
timet.

Undertheseunpleaantbut apmrently unavoidalde simplifying assumptios we propose
new quantitatie criteriabasedn rigorous mathematiclprindplesfor evaluatinga neual

microcircuit C with regad to questionsa) andb). We will compae in sections4 and5

the predictiors of thesequantitatve measuresvith the actualcompuationalperfomance
achieved by 132 different typesof neuralmicrocirauit models for afairly large nunber of

differentcompuationaltasks. All microcirait mocels thatwe considerarebasedon bio-

logical datafor genericcorticalmicraocircuits (asdescritedin section3), but have different

settingsof their parametes.

2 Measuresfor the kernel-quality and generalizationcapability of
neural microcircuits

Oneinterestingmeasurdor probing the compuationalpower of aneuralcircuitis the pair
wise separatiorproperty considerd in [Maassetal., 20@®]. This measue tells usto what
extentthe curren circuit statex (t) re ects detailsof theinput streamthatoccured some
time backin the past(seeFig. 1). Both circuit 2 andcircut 3 coud bedescribe asbeirg
chaoticsincestatedifferencegesultingfrom earlierinput differercespersist.The“edgeof-
chaos’[Langton,199] lies somavhere betweerpoints1 and2 accoding to Fig. 1c). But
the bestcomputationalperformarce occus betweenpoints 2 and3 (seeFig. 2b)). Hence
the“edgeof-chans” is notareliablepredctor of computationalpower for circuits of spik-
ing neuons.In addition, mostreal-world computationaltasksrequirethatthe circuit gives
a desiredoutpu not just for 2, but for a fairly large nunber m of signi cantly different

inputs. Onecould of coursetestwhethera circuit C canseparateachof the “2”' pairsof

1This assumptioris bestjusti ed if suchreadouteuronis locatedfor examplein anotherbrain
areathatreceves massve input from mary neuronsin this microcircuitand only hasdiffuse back-
wardsprojection.But it is certainlyproblematicandshouldbeaddresseth futureelaboration®f the
presenapprach.

20Onecanbe even morerealisticand lter it alsoby a modelfor the shortterm dynamicsof the
synapseénto thereadou neuron but this turnsoutto make no differencefor theanalysisproposedn
this article.
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Figurel: Pointwiseseparatiomropertyfor differenttypesof neuralmicrocircuitmodelsasspeci ed
in section3. Eachcircuit C wastestedfor two arraysu andv of 4 input spike trainsat 20 Hz over
3 s that differed only during the rst secom. a) Euclideandifferencesbetweenresulting circuit
statesxy (t) andx, (t) fort = 3's, averagedover 20 circuits C and20 pairsu; v for eachindicated
valueof andWsee (Seesection3). b) Temporalevolutionof k x,(t)  xy(t) k for 3 different
circuits with valuesof , Wecae accordimg to the 3 pointsmarkedin panela) ( = 1:4;2;3 and
Wseale = 0:3;0:7; 2 for circuit 1, 2, and3 respectiely). c) Pointwiseseparatioralonga straightline
betweerpoint 1 andpoint 2 of panela).

suchinputs. But evenif the circuit cando this, we do not know whetter a neual readat
from suchcircuit would be ableto producegiventargetoutpus for thesem inputs.

Therebre we proppseherethe linear sepaation propertyasa mote suitablequantitatve
measurdor evaluatingthecompuationalpowerof aneurd microcircuit (ormoreprecisely:
the kernelquality of a circuit; seebelow). To evaluatethelinear separatiorpropety of a

time, i.e. input streamssuchasfor exampe multiple spike trains)we compute the rank of

then m matrixM whosecolumnsarethe circuit statesx , (tp) resultingatsome x ed
time to for the precedéhg input streamu;. If this matrix hasrankm, thenit is guaranteed
that any given assignmenbf tamgetoutpus y; 2 R attime ty for the inputs u; canbe
implemertedby this circuit C (in combirationwith alinearreadait). In particlar, eachof

the2™ possiblebinaryclassi cationsof thesem inputscanthenbecarriedoutby alinear

readaut from this x edcircuit C. Obviously suchinsightis muchmore informative thana
demamstrationthatsomeparticular classi cationtaskcanbe carriedoutby suchcircuit C.

If therankof thismatrixM hasavaluer < m, thenthis valuer canstill beviewedasa
measurdor the compuational power of this circuit C, sincer is the nunber of “degrees
of freecm” thata linearreadot hasin assigningtiarge outpus y; to theseinputs u; (in

a way which canbe madematheméically precisewith conceps of linearalgebr). Note
thatthisrank-nmeasurdor thelinearseparatia propertyof a circuit C maybeviewedasan

empiricd measue for its kernel-quality, i.e. for the conplexity anddiversity of nonlinear

operdionscarriedoutby C onits inputstreamin orderto boosttheclassi cationpower of

asubseqantlinear decision-lypeiplane(see[Vapnik 1998]).

Obviously the precaling measureddressesnly onecompmentof thecompuationalper
formanceof a neual circuit C. Anothe conponert is its capalility to genemlize alearnt
computationalfunction to new inputs. Mathemaical criteriafor genealizationcapaltity
arederivedin [Vaprik, 1999 (seech.4 of [Cherlkasslk andMulier, 1998 for acompactac-
court of resultsrelevantfor ourarguments).Accordingto thismathematicatheoryonecan
quarify thegeneralizion capaliity of ary learningdevicein termsof theVC-dimensim
of theclassH of hypotheseghatare potentiallyusedby thatlearningdevice.® More pre-

3The VC-dimension(of a classH of mapsH from someuniverseS,,y of inputsinto f 0; 1g)
is de ned asthe sizeof the largestsubsetS ~ Synv  which canbe shatteed by H. Onesaysthat
S Sunv isshatteredby H if for everymapf : S! fO0; 1g thereexistsamapH in H suchthat
H(u) = f (u) forallu 2 S (thismeanghatevery possiblebinary classi cationof theinputsu 2 S



cisely: if VC-dimensim (H) is substantiallysmallerthanthesizeof thetrainingsetSy ain ,
onecanprovethatthis learnirg device generalizesvell, in thesenseahatthe hypothesigor
input-outpu map)producedby this learring device is likely to have for new examples an
error rate which is not muchhigherthanits errorrate on Sy 4in , provided that the new
exampes aredravn from the samedistribution asthe trainingexanples(seeequ. 4.2 in
[Cherkassky andMulier, 1999).

We apply this mathematickframeawvork to the classH ¢ of all mapsfrom a setSynyy of

inputsu into f 0; 1g which canbeimplementd by acircuit C. Morepredsely: H ¢ consists
of all mapsfrom Sy,;y into f0; 1g thata linearreadou from circuit C with x edinternal

paraneters(weighs etc.) but arbitraryweightsw 2 R" of thereadut (thatclassi esthe
circuitinputu asbelondgngtoclasslif w x,(to) 0, andtoclassOif w x(tp) < 0)

couldpossiblyimplenent.

Whereast is verydif cult to achieretighttheoeticalbowundsfor theVC-dimensiorof even
muchsimplerneuralcircuits, see[BartlettandMaass 2003, onecanefciently estimate
theVC-dimensiorof theclassH ¢ thatarisesn ourcontext for some nite ensemblé iy
of inputs (that cortains all examges usedfor training or testing) by usingthe following
mathenatical result(which canbe provedwith the helpof Radons Theaem):

Theorem2.1 Letr betherankof then s matrix consistingof the s vectos x  (to)
for all inputsu in Syniy  (we assumethat Syniy  is nite and contairs s inputs). Then
r VC-dimensio(Hc) r+ 1

We propcseto usetherankr de nedin Theoem2.1lasanestimateof VC-dimensiom(H ¢ ),
and henceas a measurehat informs us abou the generéization capaliity of a neual
microcircuit C. It is assumecdherethat the set S,y containsmary noisy variatians
of the sameinput signal, since otherwiselearningwith a randonly dravn training set
Sran  Suniv hasnochanceo generéize to new noisyvariatins. Notethateachfamily
of computationaltasksinducesa particularnotion of whataspect®of theinput areviewed
asnoise,andwhatinputfeaturesareviewedassignalsthatcarryinformationwhichis rel-
evantfor the target outpu for at leastone of thesecomputationaltasks. For examge for
computationson spike patterrs somesmalljitter in thespike timing is viewedasnoise.For
computationson ring rateseventhe sequencef interspile intervals andtempaal rela-
tions betweerspikesthat arrive from differert input sourcesareviewed asnoise,aslong
astheseinput spike trainsrepresenthe same ring rates. Exampes for both families of
computationaltaskswill bediscussedn thisarticle.

3 Modelsfor genericcortical microcircuits

We testthe validity of the proppsedmeasurs by conparingtheir predctions with direct
evaluaticnsof thecomputationalperfamancefor alarge variety of mocelsfor genericcor-
tical microcircuits consistingof 540 neuras. We usedleaky-integrateand- re neuons*
andbiologcally quite realistic modelsfor dynamic synajses® Neuras (20 % of which
wererandanly chosento be inhibitory) were locatedon the grid pointsof a 3D grid of
dimensims6 6 15with edges of unitlength Theprobaility of asynapticconrection

canbe carriedout by somehypothesiH in H).

*MembranevoltageVm modeledy m & = (Vi Viesting )* Rm (I'syn (1)+ | back ground +
Inoise ), where n = 30 msis themembrar time constant] syn» modelssynapic inputsfrom other
neuronsn thecircuits, | pack gr ouna Modelsaconstanunspeci ¢ backgroundinputandlyise Models
noisein theinput.

SShortterm synapticdynamics wasmodeledaccordirg to [Markrametal., 1999, with distribu-
tionsof synapiic parameterd) (initial releasegorobability),D (time constamfor depressia), F (time
constanfor facilitation) choserto re ect empiricaldata(see[Maassetal., 2003 for details).




from neura a to neuon b wasproportional to exp( D 2(a;b)= 2), whereD (a;b) is the
Euclidean distanceébetweera andb, and reguatesthespatialscalingof synapticconne-
tivity. Synapticef caciesw werechoserrancdmly from distributions thatre ect biologcal
data(asin [Maassetal., 2003), with acomman scalingfactorW scye

0.7

[ | | [
0.65

0.6

[
| | i | [ [
0 50 100 150 200 O 50 100 150 200
t [ms] t[ms]

.05
0.5 1142 34 638
|

Figure2: Performanceof differenttypesof neuralmicrocircuit modelsfor classi cation of spike
patternsa) In thetop row aretwo examplesof the80 spike patternghatwereused(eachconsistingof
4 Poissorspike trainsat 20 Hz over 200 ms),andin the bottomrow areexamplesof noisyvariations
(Gaussiarjitter with SD 10 ms) of thesespike patternswvhich wereusedascircuitinputs.b) Fraction
of examples(for 200 test examples)that were correctly classi ed by a linear readout(trained by
linear regressionwith 500 training examples). Resultsare shovn for 90 differenttypesof neural
microcircuitsC with  varyingon the x-axisandWscqe 0N they-axis (20 randomlydrawn circuits
and 20 tamget classi cation functions randomly dravn from the setof 2*° possibleclassi cation
functionsweretestedfor eachof the 90 differentcircuit types,andresultingcorrectness-ratesere
averaged.ThemeanSD of theresultsis 0:028). Points1, 2, 3 de ned asin Fig. 1.

Linegy readots from circuitswith n 1 neuonswere assumedo compute a weighted

sum in:11 w; X (t) + wp (seesectionl). In order to simplify notatiocn we assumehatthe

vectorx(t) cortaingan additioral constah compamentx(t) = 1, sothatonecanwrite

w  X(t) insteadof i”:llwixi(t) + Wp. In the caseof classi cationtaskswe assumehat

thereadotioutpus 1if w x(t) 0, and0 othemwise.

4 Evaluating the in uen ceof synaptic connecivity on computational
performance

Neuralmicrocircuitsweredravn from the distribution descriledin section3 for 10 differ-
entvaluesof (which scalesthe nunberandaveragedistanceof synapically connectd
neuras)and9 differentvaluesof Wcaie (Whichscalegheef cacy of all synapticconne-
tions). 20 microcircuit mocels C weredrawn for eachof these90 differert assignments
of valuesto andWscqe . FOr eachcircuit a linear readot wastrainedto perform one
(rancdbmly chosenputof 28 possibleclassi cationtaskson noisyvariationsu of 80 x ed
spike patterrs ascircuit inputsu. Thetargetperfamanceof ary suchcircuit input wasto
outpu attimet = 100mstheclass(0 or 1) of the spike patternfrom which the preceling
circuit input hadbeengeneated(for somearbitrarypartitionof the80 x edspike patterns
into two classesEachspike patternu consistef 4 Poissorspike trainsover 200 ms. Per
formanceresultsareshovn in Fig. 2b for 90 differenttypesof neual microcircuit models.

We now testthe predictive quality of the two propsed measuredor the computational
power of a microcircuit on spike patterns. One shouldkeepin mind that the proposed
measureslo not attemptto testthe compuational capability of a circuit for one particu

lar compuationaltask, but for any distribution on Sy, andfor a very large (in geneal
in nitely large) family of compuationaltasksthatonly have in comnon a particularbias
regadingwhichaspect®f theincoming spike trainsmay carryinformationthatis relevant

for thetarget outputof compuations,andwhich aspectshouldbeviewedasnoise.Fig. 3a



explains why the lower left partof the parametemapin Fig. 2bis lesssuitablefor ary

o _ s _
b c
450 450 4 20
4 2
400 00 15
350 1
0 8'; 10
300 300 :
250 03
250 5
200 200 0.1
L L] 0.0 L]

05 1142 34 68
1

.05
0.5 1142 34 638
1

1142 34 638
1

Figure3: Valuesof the propcsedmeasuregor computatios on spike patterns.a) Kernel-quality
for spike patternsof 90 differentcircuit types(averageover 20 circuits, meanSD = 13; For each
circuit, theaverageover 5 differentsetsof spike patternsvasusedy. b) Generalizatiorcapabilityfor

spike patternsestimated/C-dimensionof Hc (for asetSyniy  of inputsu consistingof 500jittered
versionsof 4 spike patterns)for 90 differentcircuit types(averageover 20 circuits,meanSD = 14;

For eachcircuit, the averageover 5 differentsetsof spike patternswvasused).c) Differenceof both
measureg¢meanSD = 5.3). This shouldbe comparedvith actualcompuationalperformanceplotted
in Fig. 2b. Points1, 2, 3 de ned asin Fig. 1.

suchcompuation, sincetherethe kerrel-quality of thecircuitsis too low. Fig. 3b explains
why the upperright part of the parametemapin Fig. 2b is lesssuitable,sincea higher

VC-dimensim (for atrainingsetof x edsize)entailspoorergenealizationcapability We

are not aware of a theoetically founded way of combning both measuesinto a single
valuethatpredcts overall compuationalperformarce. But if onejust takesthedifference
of bothmeasurethentheresultingnunber(seeFig. 3c) predictsquitewell which typesof

neurd microcircut modelsperfam well for the particularcompuationaltasksconsiderd

in Fig. 2h.

5 Evaluating the computational power of neural microcircuit models
in UP- and DOWN-states

Datafrom numenpusintracellularrecodingssuggst thatneuralcircuitsin vivo switchbe-
tweentwo differert dynamic regimesthatare commanly refered to as UP- and DOWN
states.UP-statesarechaacterizecby a bombkardmen with synapticinputs from recurrant
actiity in the circuit, resultingin a membrae potentialwhoseaverag valueis signi -
cantlycloserto the ring threshold but alsohaslargervariarce. We have simulatedthese
different dynamic regimesby varying the backgourd currert | packground @andthe noise
current | noise - Fig. 4ashows thatonecansimulatein this way differert dynanic regimes
of thesamecircuit wherethe time courseof the memlyanepotentialqualitatvely matches
datafrom intracelldar recodingsin UP- and DOWN-states(seee.g. [Shuetal., 2003]).
We have testedthe computationalperfamanceof circuitsin 42 differentdynamc regimes
(for 7 values of | packground @nd6 valuesof | neise ) With 3 comgex nonlinearcomputations
on ring ratesof circuit inputs./ Inputs u consistedof 4 Poissornspike trainswith time-
varying rates(drawn independetly every 30 msfrom theintenal of 0 to 80 Hz for the rst
two andthe secondwo of 4 input spike trains,seemiddle row of Fig. 4afor a sample).
Letf(t) (f2(t)) betheactualsumof ratesnormalizedto the interva [O; 1] for the rst

5The rank of the matrix consistingof 500 circuit statesx, (t) for t = 200 mswascomptted for
500 spike patternsover 200 msasdescribedn section2, seeFig. 2a.

"Compuationson ring rateswerechoserasbenchmarktasksboth becaus&JP statesverecon-
jecturedto enhancehe performancdor suchtasks,andbecasewe wantto shav thatthe proposel
measuresireapplicableto othertypesof computationatasksthanthoseconsideredn section4.
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Figure4: Analysisof the computationabower of simulatedneuralmicrocircuitsin differentdy-
namicregimes. a) Membranepotential(for a ring thresholdof 15 mV) of two randomlyselected
neuronsfrom circuitsin the two parameteregimesmarked in panelb), aswell asspike rastersfor
the sametwo parameteregimes (with the actualcircuit inputs shavn betweenthe two rows). b)
Estimatef thekernel-quality for inputstreamsu with 3* differentcombinagionsof ring ratesfrom
0, 20,40 Hz in the4 input spike trains(meanSD = 12). c) Estimateof the VC-dimensionfor a set
Suniv  Of inputsconsistingof 200 differentspike trainsu thatrepresen?2 differentcombinatiors of
ring rates(meanSD = 4:6). d) Differenceof measurefrom panelsb andc (afterscalingeachlin-
earlyintoacommonrangef0,1]). e),f), g): Evaluationof thecomputationaperformare(correlation
coefcient; all for testdata;meanSD is 0:06, 0:04, and0:03 for panelse),f), andg) respectiely.) of
the samecircuitsin differentdynamicregimesfor computatios involving multiplication andabso-
lute valueof differencesf ring rates(seetext). Thetheoreticallypredictedparameteregime with
goodcomputationhperformancdor any compuationson ring rates(seepaneld) agreegjuitewell
with theintersectiorof areaswith good computationaperformancen panelse,f, g.

two (secondtwo) input spike trains computedfrom thetime intenal [t 30mst]. The
computationaltaskscorsideredin Fig. 4 wereto compue online (andin real-time)every
30 msthefunctionsf 1(t) f2(t) (seepanele),to decice whetter the valueof the prodict
f1(t) fo(t) liesintheinterval [0.1, 0.3] or lies outsideof thisintenal (seepanelf), andto
decidewhetler the absolutevalueof thedifferencef 1(t) f,(t) is greatethan0.25(see

panelg).

We wantedto testwhether the proppsedmeasuregor compuational power andgeneal-
ization capabilitywere ableto make reasoable predctions for this completdy different
paraneter map, and for computationson ring ratesinsteadof spike patterns. It turns
out thatalsoin this casethe kernelquality (Fig. 4b) explainswhy circuitsin the dynamic
regime correspndingto the left-hand side of the parametemap have inferior compua-
tional power for all threecompuationson ring rates(seeFig. 4e,f,g). TheVC-dimensim

(Fig. 4c) explains the declineof conputation& perfamancein the right part of the pa-
rametermmap. The differenceof both measuregFig. 4d) predcts quite well the dynamic
regime where high perfomanceis achievedfor all threecompuationaltaskscorsideredn

Fig. 4e,f,g NotethatFig. 4e hashigh perfomancen the upperright corner in spiteof a
very high VC-dimension This could be explainedby the inheentbiasof linearreadats



to compute smoothfunctionson ring rates,which ts particulaty well to this particuar
tarmge outpu.

If oneestimatekernel-qiality andVC-dimersionfor the samecircuits, but for compua-
tionson sparsespike patterngfor aninput ensembles iy Similarly asin sectiond), one
nds thatcircuitsat thelower left correr of this paranetermap(correspondirg to DOWN-
states)arepredided to have bettercompuational performarce for thesecompuationson
sparsanput. This agreegquite well with directevaluatiors of computationalperfomance
(notshawn). Hencethe proposedguariitative measuresnay provide a theoetical founda-

tion for understading the computationalfunction of different statesof neual actiity.

6 Discussion

We have propseda new methal for undestandingwvhy oneneuralmicrocircuit C is com-
putatiorally morepowerful thananotter neual microdrcuit C % Thismethalis in prindple
applicate notjust to circuit models,but alsoto neual microcircuits in vivo andin vitro.
Hereit canbe usedto analyze(for exanple by opticalimaging for which family of com-
putatioral tasksa particularmicrocirctt in a particulardynamic regimeis well-suited. The
mainassumptiorof the methdl is that (approximately) linearreadots from neuralmicro-
circuits have the taskto prodicethe actualoutpus of speci c compuations. We arenot
aware of speci c theoreticallyfounded rulesfor choing the sizesof the ensembleof
inputsfor whichthekerrel-measurandthe VC-dimensiorareto be estimatedObviously
bothhave to bechosersufciently large sothatthey produceasigni cant gradier over the
paranetermapunderconsideation (taking into accounthattheir maximalpossiblevalue
is boundedby the circuit size). To achiere theoetical guarateesfor the perfaomanceof
the proposedpredicta of the genealizationcapabilityof a neurd microcircuit oneshoud
applyit to arelatively largeensembleS,n, of circuit inputs(andthe dimensionn of cir-
cuit statesshouldbe evenlargen. But the computer simulatiors of 132 typesof neual
microcircuit modds thatwerediscussedn this article suggesthat practically quite goad
predidion canalreadybe achiesedfor amuchsmallerensemte of circuit inputs.
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