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Abstract

We proposeadaptie testingasa generaimechanisnfor extractinginfor-
mationaboutstimulifrom spiketrains.Eachtestor questiorcorresponds
to choosinga neuronanda time interval andcheckingfor a givennum-
ber of spikes.No assumptionsremadeaboutthe distribution of spikes
or ary otheraspecbf neuralencoding.The chosemjuestionsarethose
which mostreducethe uncertaintyaboutthe stimulus,as measuredy
entropyandestimatedrom stimulus-responsgata.Our experimentsare
basedon accuratesimulationsof response$o puretonesin the auditory
nene andaremeantto illustratetheideasratherthaninvestigatehe au-
ditory system.Theresultscoherenicely with well-understooegncoding
of amplitudeandfrequeng in the auditorynene, suggestinghatadap-
tive testingmight provide a powerful tool for investigatingcomplex and
poorly understoodheuralstructures.

1 Introduction

Sensorystimuli are transmittedto higherprocessingcentersvia neuralpathwaysfrom a
varietyof specificreceptorsCharacteristicef the stimuli areencodednto thesequencef
timesatwhich a cellulareventcalledanactionpotential(or “ spiké) occurs.An important
goalin neurosciencés to betterunderstandhe natureof this encodingprocessat various
levels of the neuralhierarchy We shall adoptthe “point of view of the organism”[1]:

How might a figurative being, situatedwithin the brainandobservingonly neuralspikes,
interpretincomingbut unseerstimuli, in fact provide a "running commentary’aboutthe
stimuli basednly on simplefunctionsof the spikesequence?

We considerthe possibility of decodinginstructionsin the form of a tree of binary ques-
tionssomehwr storedn thebrain. Whateverits specifichiologicalsupportthismechanism
would presumablydevelop rapidly in the early stagef the organisms lifespan;it might
becontinuouslyrefined,evensimplified,dueto perpetualearningfrom new presentations,
therebyenhancingeliability andreducingmistakeson unseerexamples(“generalization
error”). Minimizing over-dedicationto specificexamples(“overfitting”) is evidently cru-
cial to emulatinga stablebiological decision-makingrocesgor for usingthis technique
to analyzepoorly understoodheuralstructures) Therateof refinementsvould clearly di-
minishasthe organismmaturesandnew databecomesdncreasinglylessinformative;in the
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matureorganism,this computationaprocedurenvould presumablyremainthe samefor a
givenclassof stimuli.

The particularquestionswe entertainare basedon the presencer absencef spikesin

selectedime intervals of the recentpast. No assumptiongsre madeaboutthe encoding
processThequestionsareposedsequentiallythe oneposedat stagek maydependnthe
answerdo the previous £ — 1 questions.Our treesare constructedy standardnductive

learning[2]: At eachstagechooseahequestionwhichmostreducegheconditionalentropy
of the“classvariable”- in our casethe stimulus- giventhenew questionandthe previous
answers Meanentropiesandanswerstatisticsareestimatedrom spikedatageneratedy

simulatingthe conductionof auditorynene responseto puretones. Althoughwe do not
considertransientstimuli, we attemptto estimatethe stimulusbasedonly on observing
spikesin therecentpast.In orderto betterappreciatehe experimentstheinterestedeader
might consulta standarcheurosciencaource[3] or anintroductorytext on the auditory

system(4].
2 Scenario

The stimuli are puretonesandhencecharacterizedby an amplitude¢, a frequeng w and
a phased¢, restrictedto intervals =, Q and ®, respectiely. Amplitude representsoud-

nessandcanbeexpressedn decibelqdB); frequeng representthepitch andis expressed
in Hertz (Hz); phasecould be expressedn radians. For humanhearing,we might take
= = [-10dB,60dB],Q2 = [16 Hz, 16 kHZ] and® = [0, 2x]. Phasds animportantneu-
rophysiologicalcue, and particularly crucial for soundlocalization; however, sinceit is

processeat stagesilterior to the auditorynene, we setit to zero.

Consequentlywe considerzero-phasesinusoidalacousticwaves with time-independent
amplitudeandfrequeny. LetS = {¢sin(wt) : t € Ij,& € E,w € Q} bethe setof
possiblestimuli andlet R = {{t;};>1} bethesetof all possiblesingle-neuromesponses,
namelyfinite sequencesf spiketimes. In orderto emphasizéhe “running commentary
thespikesareinvestigatednthesubinteral I, = [r — 7., 7] C Iy wherel. representthe
“recentpast”; hencer. > 0 is thelengthof the correspondingime buffer and r shallbe
understoodasthe present the instantat which the figurative beinggenerateshe current
commentary

Let(S,R) € § x RN beastimulus-responsgair. NotethatR. is a collectionof N spike
trainsandthat S and R areregardedasrandomvariableswhosejoint distribution is of
courseunknovn. Let £ = {(s(1), #(1)) .. (s(C) #(€))} bethetraining set,assumedas
usual,to bei.i.d. realizationf (S, R). In our casethe stimulusis determinedy ¢ andw.
Let thismappingbedenotedoy § : S — E x Q ,i.e.,0(S) = (£(5),w(S)). Thetraining
setcanbeequivalentlyrepresenteds

£ ={((ED,w®y, 2y (£ w©), pO).

3 Constructing the Decoder

Supposeahe continuousparameteispace® = = x Q is quantizedinto rectangulabins
correspondingo partitioningamplitudeandfrequeny: = = UK:&l Ey and = Ufz‘“l Q,,
whereall componentareintervals. In effect, we discretize© to K¢ x K, valueswhich
canbe thoughtof asthe centersof rectangulabins ©,,,1 < v < K¢, 1 < v < K,.
In practice,stimuli are selectedby randomlychoosingsamplesfrom eachbin. In our
experimentsvetakeeither® C {£,} x Qor© C E x {w,}.

The questionsaredefinedasfollows. Let R = (R(1), ..., R(N)) denotethe responsesf
the N neuronsThereis abinaryquestion,X,, 4., (R), for eachneuronn, eachsubintenal



A C [r—7, 7] andeacon-n@ativeintegerm representin@spikecount; X, 4, (R) = 1
if |IR(n) N Al = m andX,,am(R) = 0 otherwise.Of coursewe cannotconsiderall such
guestionsaasactualcandidatesindif the numberwe do consideiis very largethereis sure
to beoverfitting. Hencewe restricttheintervalsto

L
L .
A= lL_'Jl{[T_ J —; )Tc, T—%Tc] :j=0,..,1-1}
for certainZ andwrite X 4 for theresultingsetof questions:

Xag={Xpnam(R): A€eAn=1,..,Nm=0,..,M}.
We couldimagineotherfamilies,suchasonly intervalsof theform [¢, 7] or [r — 7, ] for
certaint — 7. < t < 7, but for simplicity we restrictour discussiorto X 4.

ThetreeT is constructedop-donn by the standardecursve method,now summarized.
Let T have maximaldepthD andletn = (d,p) denotethe p’'th node(left to right) at
depthd, p = 1,...,2¢971 d = 1,..., D; therootis n = (1, 1). Everyinternalnoden is
assignedatestX, € X 4. Sinceeachtestis afunctionof R, thetreeT is alsoregarded
asarandomvariabletakingvaluesin thesetof leaves. In particularevery trainingexample
(6, wW) r()) traversesa uniquepathdown the tree determineconly by (). Let B,
denotethe eventthatnoder is reachedthe history of thed — 1 questionsalongthe path
from (1, 1) ton = (d, p)) andlet £,, C £ bethesetof trainingexamplesarriving atz. The
estimatedlistribution of the (quantizedstimulusatnoder, is

(&
R 1 . .
pn(u,v) = m E 1{(5(’),T(i))Eﬁn}]‘{@(S(’))E@uu}’ u=1, ...,IXE,U =1,.., K,.
=1

The uncertainty in the stimulus at n is characterizedby the conditional entropy
H(0(S)|B,), estimatedby H(p,). Let ¥(X) = H(6(S)|B,,X) = P(X =
0|B,)H(6(S)|B,, X =0)+ P(X = 1|B,))H(6(S)|B,,X = 1). ThetestX, atnoden
is theoneminimizing the empiricalestimateof ¥ (X):

|Cas1,0p-13] . ILa+1,2p)]
ScordX) = ————~H “y) e
Q ) |£(d,p)| (p(d+1,2p 1)) |[/(d7p)|

Finally, the left (resp. right) child is determinedo be aleaf when|L 41 2,-1)| < 10

(resp. |L(a41,2p)| < 10) or whentheentropyfalls below athreshold takenas1.25 in our
experiments.

The algorithmis thenthe following. SetL(; 1) = £. Ford = 1to (D — 1) andp = 1
to 2¢-1: If n = (d,p) is not aleaf, then (i) ComputeX, = argminxex, Scord.X);
(ii) Determinel 441 2,—1) basedon X, = 0 and £441,2p) basedon X, = 1; (i) Set
(d+1,2p—1)or(d+ 1,2p) asleavesif appropriate.

H(ﬁ(d+l,2p))~

4 Experimental Results

We placeourselesin the positionof a neurophysiologitwho knows little aboutthe audi-
tory systemandwishesto understancheuralencodingof puretonesin the auditorynene

(a bundleof about30,000neurondn theinnerearwhich originatefrom the basilarmem-
brane). He chooses setof puretonesvaryingin eitheramplitudeor frequeng (but not
both)andselectseurondnto which heinsertsmicroelectrodeso recordthe sequencesf

actionpotentials. Our experimentsusesimulatedresponse$b], yielding spiketrain data
which canhardlybe differentiatedrom authentiaddataby anexpert.

Ideally, thetreesconstructedvould have low entropyleaves- in otherwords,leavesn for
which p, is peakedaroundsomeparametebin, which thensenesasour estimateof the
stimulus. Recallthata distribution with two equalmassesasentropy 7 = log, 2 = 1,
andhenceour stoppingcriterion (H < 1.25) doesnot enforcestrongpeaking.



4.1 Amplitude Decoding

Case 1: Single-Neuron

Recordtheresponsesf arandomlychosemeuronto varyingamplitudesatthe frequeny

the neuronis mostsensitve to. Specifically we takeQ = {2kHz} and= = Ui:_1 Hy =

U2:_1(10u, 10u + 10]; thusthereare seven classes.The stimuli in the training setare
100 amplitudesrandomlyselectedfrom eachof the seven bins©,1, 1 < u < 7; thus
C = |L] = 700; the correspondingesponsesire then simulatedfor the given neuron.

Figurel shavs onespiketrain peramplitude.
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Figurel: Spiketrainsfor sevendifferentamplitudesat frequeny w = 2 kHz.

A treewasconstructedvith I, = I, = [0,0.06], D = 10, andquestionshasedon the
parameters/ = 5 and L = 20, i.e., checkingfor exactly 0 — 5 spikesin intervals of 20

differentsizes. In fact, nine differenttreeswere constructedrom nine training setsand
statisticsfor eachtreewere collectedbasedon independentestsets. Aggregatestatistics
referto averagingover the nine experiments.Theneantree depthis 7.68 and meanleaf
entropyis 1.63 (ascomparedvith 1.13 with the training data),computedrom empirical
estimatesof the probability of reachingeachleaf. As a classifierof the amplitude,the
performanceés aboutthesamefor trainingandtestdata,namelyabout77% of thetimethe
reportedamplitudebin is within oneof thetrue one.

Figure2 shavsthedistributionof thequestionshoserin termsof theinterval length,/, and
thenumberof spikesm, wherethe averagingis with respecto the (normalized)robabil-
ities of reachingnternalnodes.Again, all resultsareaveragedover repeatedxperiments.
(Theresultsfor a singletreeareapproximatelythe same.)Clearly a wide rangeof inter-

val sizesareselectedrangingfrom 3-60 ms. In contrastthereis a markedpreferencdor

checkingfor eitheratleastonespikeor exactly onespike.

To appreciatewhat the trees are doing - what spike information is sought- con-
sider the first few questions. At the root (1,1) the amplitude counts are of course
(100,100, 100,100, 100, 100, 100) andthecorrespondinglistributionhasentropylog, 7 =
2.81. Thefirst questionis “Is there at leastone spikeduring time interval [0,0.0033]?";
the “yes” child has counts (9, 16,32, 72,93,99,100) and the “no” child has counts
(91,84,68,28,7,1,0). The questionat the “no”child is “Is there at least one spike
during the time interval [0,0.0086]?", yielding “yes” and “no” offspring with counts
(28,40,63,28,7,1,0) and (63,44, 5,0,0,0,0), respectiely. This lastoneis a leaf un-
der our stoppingcriterion. One canobsene a tendeng to checkshorterintervalsin the
half-treewith leaves identified with higheramplitudesand longerintervalsin the other
half-tree.

Now reducethe numberof questiondy consideringonly 7. = 10 interval sizesandtaking
M = 0, i.e., checkonly for the presenceof at leastone spike. Figure 3(a) providesan
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Figure 2: Frequeng distributionsfor interval length () and numbersof spikes(m) for
single-neuroramplitudedecoding averagedover over ninetrees.

empiricaljustificationfor thisreductionby comparinghemeannodeentropyby treedepth
(for thefirst five levels) usingboth training dataandtestdatafor the two setsof parame-
ters. (SettingZ. = 20 and M = 5 yields 1260 possiblequestionger spiketrain, which

represents considerablyargerquestiorpoolthansettingZ = 10 andM = 0 whichonly

yields 55 possiblequestionger spiketrain.) The entropydropsclearly demonstratéhat
thereis substantiabverfitting in the caseof the larger setof questionsastraining data
entropydropsaremuchlargerthanwith testdata.This is notthe casefor the smallersetof

guestionsandfromhere on all experimentaisethesmallerset.

Figure3(b) givestheresultingdistributionof lengthsfor single-neuroramplitudedecoding
with thereducedsetof questiongfor whichtraining estimatesrelessbiased)againthere
is a more or lessuniform length usage. The correspondingneantree depthand mean
terminal entropyare 7.48 and 1.56, respectrely, and the “within-one-bin” classification
rateis 77%.
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Figure3: (a) Meannodeentropiesy depthfor I. = [0,0.06], M = 5 andL = 20 with (i)
trainingdata,and(ii) testdataandfor 7. = [0,0.01], M = 0 andL = 10 with (iii) training
dataand(iv) testdata;(b) Frequeng distributionsfor interval length(?) for single-neuron
amplitudedecodingaveragedover over ninetrees.

Case 2: Multiple-Neuron

Now keepthe samefixed frequeng but randomlypick 15 neuronsspreadout alongthe
basilarmembraneThus,C' = 700 but eachr(*) is a vectorof 15 spiketrains. This time,
however, wetakeI. = [0, 0.01]. Thereasornis thatin the previous experimentthe chosen
intervals usually startedat or closeto 0; this is likely dueto information-richtransition
from thesimulatorbackgroundstate.

The distribution of interval sizeis now concentratean shorterlengths;seeFigure 4(a).
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Figure4: Frequeng distributionsfor interval length ({) andchosemeuron(n) for multi-
neuronamplitudedecoding.

In addition,mostof the questionsarebasedon only one of the neurongseeFigure4(b)),
whichin factis the onephysicallythe closestio the neuronin the precedingexperiment-
the onebest-tunedo frequeny wy, = 2 kHz which is fixed. Moreover, thereis a strong
disparitybetweerthe statisticsof the treesasestimatedundertrainingandtestdata: 6.43
vs. 4.73 for meantreedepthand0.98 vs. 2.42 for meanleaf entropy with only a 31%
classificatiorrate. It appearshatamplitudeis bestdecodedy looking at oneneuronand
allowing othersto be choseneadsto spuriousentropydropsdueto overfitting ratherthan
decoding.

4.2 Frequency Decoding

Case 1: Single-Neuron

Pickaneuronin theauditorynere andgeneratetimuli for afixedamplitude(hereé, = 30
dB) and varying frequencies. Frequeng is quantizedinto 15 bins: Q@ = Ui‘l 02 =
UL, (101204020 1(1-20402(v+1)] ‘and= = {&,}. Werandomlypick 100frequenciesn
eachbln O1y, 1 < v < 15, resultingin C' = 1500 training stimuli andspiketrains.

Whereaghe meantreedepthis above 9 andthe initial (root) entropyis log, 15 = 3.91,

the meanterminal entropyis still above3, meaningthat the optimal questionsyielded

insignificantreductionsn uncertaintyaboutthe frequeng. However, this resultis in fact

consistentvith tonotopicencodingin the auditorynene (thatis, a neuronis responsible
for its “own frequeng”). In particular frequeny decodingwith a single neuronis not

possible.

16 T T

+ + +
14 + o+ 1
+ o+
12 + + 1
+ + + + +
- 10 + o+ + + o+ + + + + B
o + o+ + o+ + + + + + + o+
3 8f - 1
+
Z 6 + o+ + B
+ o+ + + +
4 + o+ B
+ + +
2+ + + o+ B
+ o+
0 | | | | | | |
0 0.01 0.02 0.03 0.04 0.05 0.06
Time (s)

Figureb: Spiketrainsfor 15 neuronswith ¢ = 30 dB andw = 1.066 kHz.

Case 2: Multiple-Neuron



Samplel 5 neuronsn theauditorynene uniformly alongthebasilatmembraneOtherwise,
theprotocolis the sameasin Casel, thereagainbeing15 frequeng bins. Figure5 shavs
examplesof spiketrainsfor thefifteenneuronsatoneof the frequencies.

Themeantreedepthis now 8.62 andthe meanterminalentropyis 2.03 (1.6 with training
data). Thus,in comparisorwith a singleneuron thistreeis slightly lessdeepandconsid-
erably more powerful; the classificatiorrateis 63% to within onebin. Figure6 displays
thedistribution of questionusagewhichis diffuse,suggestingnly a preferencdor larger
timeintervals.
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Figure6: Frequeng distributionsfor interval length () andneuron(r) for multi-neuron
frequeng decoding.

5 Discussion

Decisiontreesare a standardool for inducingclassifiersrom datain machinelearning.
Typically the goalis to predictthe label of an unseerexample,oftenin caseswhich are
trivial for humansensoryprocessingfor examplerecognizinghandwritterdigits or detect-
ing facesin digital images. Very high accurag is desired. Our contet is different: The
measurementrespiketrains,the“classlabels”referto propertieof atime-varyingstim-
ulus,and,perhapsnostimportantly our primaryconcernn this paperis to determinevhat
thedecodingprocessevealsaboutwhich aspect®f the stimulusareencodedaindhow this
is achieved.

We have examinedtree-structurediecodingin the specialcaseof a sequencef binary
testswhich checkfor a given numberof spikesfor a given neuronin a giventime inter-
val. Our experimentsareaimedat exploring the feasibility of this approacHor obtaining
informationaboutpuretonesbasedn simulatedspiketrainsinvolving theauditorynene.
For amplitudedecodingat a fixed frequeng, it appearghat, for all practicalpurposesit
is sufficient to querythe singleneuronmostsensitve to this frequeng; in fact, allowing
multiple neuronsto be examineddegradesperformance probablydueto overfitting the
trainingdata. Frequeng decodingat a fixed amplitudeis different: a singleneuronis far
from sufiicient, whereasenoughinformationto crudely predictthe given frequeny can
be gatheredrom aroundeightquestiondrom neurondistributedalongthe basilarmem-
brane.In both casesthe natureof the questionseemgo makesensebiologically. Onthe
otherhand,how suchmechanismsnight arisein real brainsis entirely unclear asis the
mechanisnfor sequentialearning- how all this might be doneefficiently asinformation
accumulateswhetherin naturalor machinelearning. In the caseof trees,it remainsto
determinghe updatingor deepeningrocessfor instancehow inefficient questiongnight
bereplacedwithout startingover from scratch.

It would likely not be difficult to increasethe decodingaccurag. First, the parameters
have not beentuned. Secondmore questionsand/ormore powerful questionscould be



consideredwithout promoting overfitting by a variety of well-known methods,suchas
randomizatiorj6]. In particular it would beinterestingo entertairquestionsvhich simul-
taneouslyguerytwo or moreneuronsfor examplecheckingfor conjunctionsof eventsin
two spiketrains,suchasthejoint occurrencef a spikesin intervalsin two differentspike
trains. Finally, we considerednly very small time buffers, whereasorganismsgreatly
improve performancey integratinginformationover muchlongertime periods. For ex-
ample,our proceduremight be implementedevery 10 msandnew decisionsandchange
detectionmight be basedon “recent” estimatesaswell asfreshexplorationsof the spike
trains,especiallywhenstrongcoherencés obsered.

6 Conclusion

Theencodingof theamplitudeandfrequeng of puretonesin auditorynene spiketrainsis
awell-understoogrocessit washopedthatinformationprovided entirelyindependently
from tree-structurediecodingwould coherewith known results. This seemgo have been
thecase:Whene&erthestimuluswaswell-classifiedoy adaptvetesting thequestionsnade
senseiologically, whereasn thosecasesn which performancavaspoortherewasalsoa
biologicalinterpretatior(for exampleattemptingrequeng decodingwith asingleneuron).
Theresultsarethereforeencouraging.

As to futurework, besidesxtendingthis framewvork to synchronizedjuestionandgener
ating a “running commentary” asdiscusseckarlier we intendto examinemorecomple
stimuli, suchasjointly varying amplitudeand frequeny, andto explore less-understood
neuralstructuresof theauditorysystem.
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