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Abstract

Weproposeadaptivetestingasageneralmechanismfor extractinginfor-
mationaboutstimuli fromspiketrains.Eachtestor questioncorresponds
to choosinga neuronanda time interval andcheckingfor a givennum-
berof spikes.No assumptionsaremadeaboutthedistributionof spikes
or any otheraspectof neuralencoding.Thechosenquestionsarethose
which most reducethe uncertaintyaboutthe stimulus,asmeasuredby
entropyandestimatedfrom stimulus-responsedata.Ourexperimentsare
basedon accuratesimulationsof responsesto puretonesin theauditory
nerve andaremeantto illustratetheideasratherthaninvestigatetheau-
ditory system.Theresultscoherenicely with well-understoodencoding
of amplitudeandfrequency in theauditorynerve, suggestingthatadap-
tive testingmight provide a powerful tool for investigatingcomplex and
poorlyunderstoodneuralstructures.

1 Introduction

Sensorystimuli are transmittedto higherprocessingcentersvia neuralpathwaysfrom a
varietyof specificreceptors.Characteristicsof thestimuli areencodedinto thesequenceof
timesatwhicha cellulareventcalledanactionpotential(or “spike”) occurs.An important
goal in neuroscienceis to betterunderstandthenatureof this encodingprocessat various
levels of the neuralhierarchy. We shall adoptthe “point of view of the organism” [1]:
How might a figurative being,situatedwithin thebrainandobservingonly neuralspikes,
interpretincomingbut unseenstimuli, in fact provide a ”running commentary”aboutthe
stimuli basedonly onsimplefunctionsof thespikesequence?

We considerthe possibilityof decodinginstructionsin the form of a treeof binaryques-
tionssomehow storedin thebrain.Whateverits specificbiologicalsupport,thismechanism
would presumablydeveloprapidly in theearlystagesof theorganism’s lifespan;it might
becontinuouslyrefined,evensimplified,dueto perpetuallearningfrom new presentations,
therebyenhancingreliability andreducingmistakeson unseenexamples(“generalization
error”). Minimizing over-dedicationto specificexamples(“overfitting”) is evidently cru-
cial to emulatinga stablebiologicaldecision-makingprocess(or for usingthis technique
to analyzepoorly understoodneuralstructures).Therateof refinementswould clearlydi-
minishastheorganismmaturesandnew databecomesincreasinglylessinformative; in the�
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matureorganism,this computationalprocedurewould presumablyremainthesamefor a
givenclassof stimuli.

The particularquestionswe entertainarebasedon the presenceor absenceof spikesin
selectedtime intervalsof the recentpast. No assumptionsaremadeaboutthe encoding
process.Thequestionsareposedsequentially;theoneposedat stage

�
maydependonthe

answersto theprevious
�����

questions.Our treesareconstructedby standardinductive
learning[2]: At eachstagechoosethequestionwhichmostreducestheconditionalentropy
of the“classvariable”- in our casethestimulus- giventhenew questionandtheprevious
answers.Meanentropiesandanswerstatisticsareestimatedfrom spikedatageneratedby
simulatingtheconductionof auditorynerve responsesto puretones.Althoughwe do not
considertransientstimuli, we attemptto estimatethe stimulusbasedonly on observing
spikesin therecentpast.In orderto betterappreciatetheexperiments,theinterestedreader
might consulta standardneurosciencesource[3] or an introductorytext on the auditory
system[4].

2 Scenario

Thestimuli arepuretonesandhencecharacterizedby anamplitude� , a frequency � and
a phase	 , restrictedto intervals 
 , � and � , respectively. Amplitude representsloud-
nessandcanbeexpressedin decibels(dB); frequency representsthepitchandis expressed
in Hertz (Hz); phasecould be expressedin radians. For humanhearing,we might take
�
�� ����� dB ��� � dB� , ��
�� � � Hz � � � kHz� and ��
�� � ������� . Phaseis an importantneu-
rophysiologicalcue, andparticularlycrucial for soundlocalization;however, sinceit is
processedatstagesulterior to theauditorynerve,wesetit to zero.

Consequently, we considerzero-phasesinusoidalacousticwaves with time-independent
amplitudeand frequency. Let ��
! "�$#&%('*)(�$+-,/.0+2143"5��6�714
8�6�91��;: be the setof
possiblestimuli andlet <�
� = "+&>?:�>A@CB": bethesetof all possiblesingle-neuronresponses,
namelyfinite sequencesof spiketimes. In orderto emphasizethe“running commentary,”
thespikesareinvestigatedonthesubinterval 3�DE
F�HG � G�DI�-G=�KJ73 5 where 3LD representsthe
“recentpast”; henceG�DNM � is the lengthof the correspondingtime buffer and G shallbe
understoodasthepresent- the instantat which thefigurative beinggeneratesthecurrent
commentary.

Let )6OP�-QR,S12�UTV<VW bea stimulus-responsepair. Notethat Q is a collectionof X spike
trainsand that O and Q areregardedasrandomvariableswhosejoint distribution is of
courseunknown. Let Y4
Z [)A\^] B&_ ��`=] B&_ ,a�cb(b(b(�c)d\I](e _ ��`=]fe _ ,L: be the trainingset,assumed,as
usual,to bei.i.d. realizationsof )?OP��QV, . In ourcasethestimulusis determinedby � and � .
Let this mappingbedenotedby gh.[�ji!
UT2� , i.e., g[)dk$,l
m)n�o)Ak$,"�6�l)Ak$,&, . Thetraining
setcanbeequivalentlyrepresentedas

Yp
q [)&)(� ] B6_ �6� ] B&_ ,a�-` ] B6_ ,"��b(b(bf��)&)n� ]fe _ �?� ]fe _ ,"��` ]fe _ ,�:[b
3 Constructing the Decoder

Supposethe continuousparameterspacer�
�
qTs� is quantizedinto rectangularbins
correspondingto partitioningamplitudeandfrequency: 
t
qu�vEwx�y B 
 x and �U
qu vSz{�y B � { ,
whereall componentsareintervals. In effect, we discretizer to |�}�Tt|�~ values,which
canbe thoughtof as the centersof rectangularbins r xI{ � �/�Z��� |�}�� �2���j� |�~ .
In practice,stimuli are selectedby randomlychoosingsamplesfrom eachbin. In our
experimentswetakeeither r�J� a����:�T2� or r�J7
�T2 a����: .
Thequestionsaredefinedasfollows. Let Q�
m)dQ2) � ,"��b(bfb(��Q2)dX2,&, denotetheresponsesof
the X neurons.Thereis a binaryquestion,���=�K��)dQV, , for eachneuron� , eachsubinterval



� J��HG � G D �-G�� andeachnon-negativeinteger � representingaspikecount;���=�K��)dQV,$
 �
if � Q�)A�K,*� � ��
�� and ���=�K��)dQV,S
 � otherwise.Of coursewe cannotconsiderall such
questionsasactualcandidatesandif thenumberwedo consideris very largethereis sure
to beoverfitting. Hencewerestricttheintervalsto

� 

��
� y B  ��HG

� )(�l� � ,� G�DI��G � � � G�D���.���
 � ��bfb(b(� �[�p� :
for certain� andwrite  V¡ for theresultingsetof questions:  ¡ 
� c�����K��)AQV,¢. � 1 � �-�R
 � �cb(b(b(�-X£����
 � ��bfb(b(��¤F:�b
We couldimagineotherfamilies,suchasonly intervalsof theform � +c�-G=� or � G � G D �6+?� for
certainG � G D8¥ + ¥ G , but for simplicity we restrictourdiscussionto   ¡ .

The tree ¦ is constructedtop-down by the standardrecursive method,now summarized.
Let ¦ have maximal depth § and let ¨U
©)Aª«�d¬o, denotethe ¬ ’ th node(left to right) at
depth ª , ¬­
 � ��b(bfb(����®a¯ B �«ªt
 � �cb(b(b(�-§ ; the root is ¨s
°) � � � , . Every internalnode ¨ is
assigneda test ��±21� V¡ . Sinceeachtestis a functionof Q , the tree ¦ is alsoregarded
asarandomvariabletakingvaluesin thesetof leaves.In particularevery trainingexample)&)n�²] >³_ �?�8] >³_ ,a�-`=] >³_ , traversesa uniquepathdown the treedeterminedonly by `=] >³_ . Let ´¢±
denotetheevent thatnode ¨ is reached(thehistoryof the ª �q� questionsalongthepath
from ) � � � , to ¨�
4)dªo�d¬o, ) andlet Y ± J­Y bethesetof trainingexamplesarriving at ¨ . The
estimateddistributionof the(quantized)stimulusatnodë is

µ¬�±²) � � � ,P
 �
� YS±¶�

e·
> y B*¸²¹ ]fº�»½¼ ¾6¿ À"»½¼ ¾ _dÁ�Â«Ã"Ä ¸¶¹�Å ]fº�»½¼ ¾ _ÆÁ^ÇCÈaÉ-Ä �

� 
 � �cb(b(b(�-| } � � 
 � ��bfb(b(��| ~ b
The uncertainty in the stimulus at ¨ is characterizedby the conditional entropyÊ )dg[)?O*,c� ´ ± , , estimatedby

Ê ) µ¬ ± , . Let Ë�)³�2,©
 Ê )Ag[)6O*,c� ´ ± �&�2,!
 ÌN)³� 
� � ´¢±�, Ê )dg[)?O*,c� ´8±«�&��
 � ,*�UÌN)Í��
 � � ´¢±�,&, Ê )Ag[)?O*,�� ´¢±o����
 � , . Thetest ��± at node ¨
is theoneminimizing theempiricalestimateof Ë�)³�2, :

Score)³�2,P
 � Y ]f®�Î B ¿ ÏdÐ=¯ B&_ �� Y ]f®a¿ Ð _ �
Ê ) µ¬ ]f®�Î B ¿ ÏAÐ=¯ B6_ ,K� � Y ]f®�Î B ¿ ÏdÐ _ �� Y ]f®a¿ Ð _ �

Ê ) µ¬ ]f®�Î B ¿ ÏdÐ _ ,"b
Finally, the left (resp. right) child is determinedto be a leaf when � Y ]f®�Î B ¿ ÏdÐ=¯ B&_ � ¥ ���
(resp. � Y ](®-Î B ¿ ÏdÐ _ � ¥ �c� ) or whentheentropyfalls below a threshold,takenas

� bH�=Ñ in our
experiments.

The algorithmis thenthe following. Set Y ] B ¿ B6_ 
ÒY . For ª�
 �
to )d§ �q� , and ¬s
 �

to ��®a¯ B : If ¨U
!)Aª«�d¬o, is not a leaf, then(i) Compute��±­
°ÓIÔ�ÕEÖR%('�× Á�Ø0Ù Score)³�2, ;
(ii) DetermineY ]f®�Î B ¿ ÏdÐ=¯ B&_ basedon � ± 
 �

and Y ]f®�Î B ¿ ÏdÐ _ basedon � ± 
 �
; (iii) Set)Aª;� � �-�a¬ �p� , or )Aª;� � �-�a¬o, asleavesif appropriate.

4 Experimental Results

We placeourselvesin thepositionof a neurophysiologistwhoknows little abouttheaudi-
tory systemandwishesto understandneuralencodingof puretonesin theauditorynerve
(a bundleof about30,000neuronsin the innerearwhich originatefrom thebasilarmem-
brane). He choosesa setof puretonesvarying in eitheramplitudeor frequency (but not
both)andselectsneuronsinto whichheinsertsmicroelectrodesto recordthesequencesof
actionpotentials.Our experimentsusesimulatedresponses[5], yielding spiketrain data
whichcanhardlybedifferentiatedfrom authenticdataby anexpert.

Ideally, thetreesconstructedwould have low entropyleaves- in otherwords,leaves ¨ for
which

µ¬ ± is peakedaroundsomeparameterbin, which thenservesasour estimateof the
stimulus. Recallthata distribution with two equalmasseshasentropy

Ê 
ÒÚ(Û�Õ Ï �Ü
 �
,

andhenceourstoppingcriterion(
Ê ��� bH�=Ñ ) doesnot enforcestrongpeaking.



4.1 Amplitude Decoding

Case 1: Single-Neuron

Recordtheresponsesof a randomlychosenneuronto varyingamplitudesat thefrequency
theneuronis mostsensitive to. Specifically, we take �U
F �� kHz : and 
s
 u�Ýx�y ¯ B 
 x 
u Ýx�y ¯ B ) �c�=� � �c�=� � ��� � ; thusthereareseven classes.The stimuli in the training setare�c�=�

amplitudesrandomlyselectedfrom eachof the seven bins r x B , �s�°���ßÞ
; thusà 
©� Y��P
 Þ=���

; the correspondingresponsesare thensimulatedfor the given neuron.
Figure1 showsonespiketrainperamplitude.
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Figure1: Spiketrainsfor sevendifferentamplitudesat frequency �­
�� kHz.

A treewasconstructedwith 3 D 
�3"5�
â� � � � b � ��� , §ã
 �c�
, andquestionsbasedon the

parameters¤ä
åÑ and �7
�� � , i.e., checkingfor exactly
�æ� Ñ spikesin intervalsof � �

differentsizes. In fact, nine differenttreeswereconstructedfrom nine training setsand
statisticsfor eachtreewerecollectedbasedon independenttestsets.Aggregatestatistics
refer to averagingover the nine experiments.Themeantreedepthis

Þ bH��ç andmeanleaf
entropyis

� bH��è (ascomparedwith
� b � è with the trainingdata),computedfrom empirical

estimatesof the probability of reachingeachleaf. As a classifierof the amplitude,the
performanceis aboutthesamefor trainingandtestdata,namelyabout

Þ�Þ�é
of thetimethe

reportedamplitudebin is within oneof thetrueone.

Figure2 showsthedistributionof thequestionschosenin termsof theinterval length,
�
, and

thenumberof spikes,� , wheretheaveragingis with respectto the(normalized)probabil-
ities of reachinginternalnodes.Again,all resultsareaveragedover repeatedexperiments.
(Theresultsfor a singletreeareapproximatelythesame.)Clearly, a wide rangeof inter-
val sizesareselected,rangingfrom 3-60ms. In contrast,thereis a markedpreferencefor
checkingfor eitherat leastonespikeor exactlyonespike.

To appreciatewhat the trees are doing - what spike information is sought - con-
sider the first few questions. At the root ) � � � , the amplitudecounts are of course) ����� � ����� � �c�=� � ����� � �c�=� � �"�=� � ����� , andthecorrespondingdistributionhasentropyÚ(Û=Õ Ï Þ 
�²bHç � . Thefirst questionis “Is there at leastonespikeduring time interval [0,0.0033]?”;
the “yes” child has counts )Aê²� � ���-è=�²� Þ ���&ê�è��&ê�ê�� �c�=� , and the “no” child has counts)Aê � ��çIë«�-�=ç²����ç²� Þ � � � � , . 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)A�=ç²��ë � �-�=è²����ç²� Þ � � � � , and )A�=è²��ë�ëo��Ñ²� � � � � � � � , , respectively. This last one is a leaf un-
der our stoppingcriterion. Onecanobserve a tendency to checkshorterintervals in the
half-treewith leaves identifiedwith higheramplitudesand longer intervals in the other
half-tree.

Now reducethenumberof questionsby consideringonly �s
 ��� interval sizesandtaking¤ 
 �
, i.e., checkonly for the presenceof at leastonespike. Figure3(a) providesan
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Figure 2: Frequency distributionsfor interval length (
�
) and numbersof spikes( � ) for

single-neuronamplitudedecoding,averagedover over ninetrees.

empiricaljustificationfor thisreductionby comparingthemeannodeentropyby treedepth
(for thefirst five levels)usingboth trainingdataandtestdatafor the two setsof parame-
ters. (Setting �F
í� � and ¤î
�Ñ yields 1260possiblequestionsper spiketrain, which
representsa considerablylargerquestionpool thansetting �s
 �c� and ¤ï
 � whichonly
yields55 possiblequestionsperspiketrain.) The entropydropsclearlydemonstratethat
thereis substantialoverfitting in the caseof the larger setof questions,as training data
entropydropsaremuchlargerthanwith testdata.This is not thecasefor thesmallersetof
questions,andfromhere onall experimentsusethesmallerset.

Figure3(b)givestheresultingdistributionof lengthsfor single-neuronamplitudedecoding
with thereducedsetof questions(for whichtrainingestimatesarelessbiased);againthere
is a more or lessuniform length usage. The correspondingmeantreedepthand mean
terminalentropyare

Þ b ë�ç and
� b Ñ=� , respectively, and the “within-one-bin” classification

rateis
Þ=Þ�é
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Figure3: (a)Meannodeentropiesby depthfor 3 D 
4� � � � b � ��� , ¤ñ
qÑ and �s
q� � with (i)
trainingdata,and(ii) testdataandfor 3 D 
�� � � � b ��� � , ¤ñ
 � and �s
 �c� with (iii) training
dataand(iv) testdata;(b) Frequency distributionsfor interval length(

�
) for single-neuron

amplitudedecoding,averagedover over ninetrees.

Case 2: Multiple-Neuron

Now keepthe samefixed frequency but randomlypick
� Ñ neuronsspreadout alongthe

basilarmembrane.Thus,
à 
 Þ=��� but each̀=] >³_ is a vectorof

� Ñ spiketrains. This time,
however, we take 3LDl
m� � � � b �²� � . Thereasonis that in thepreviousexperimentthechosen
intervals usuallystartedat or closeto

�
; this is likely due to information-richtransition

from thesimulatorbackgroundstate.

The distribution of interval size is now concentratedon shorterlengths;seeFigure4(a).
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Figure4: Frequency distributionsfor interval length(
�
) andchosenneuron( � ) for multi-

neuronamplitudedecoding.

In addition,mostof thequestionsarebasedon only oneof theneurons(seeFigure4(b)),
which in fact is theonephysicallytheclosestto theneuronin theprecedingexperiment-
the onebest-tunedto frequency ��5N
�� kHz which is fixed. Moreover, thereis a strong
disparitybetweenthestatisticsof the treesasestimatedundertrainingandtestdata: ��b ë�è
vs. ëob Þ è for meantreedepthand

� bHê=ç vs. ��b ë[� for meanleaf entropy, with only a è �cé
classificationrate.It appearsthatamplitudeis bestdecodedby lookingat oneneuron,and
allowing othersto bechosenleadsto spuriousentropydropsdueto overfitting ratherthan
decoding.

4.2 Frequency Decoding

Case 1: Single-Neuron

Pickaneuronin theauditorynerveandgeneratestimuli for afixedamplitude(here� 5 
7è �
dB) and varying frequencies.Frequency is quantizedinto

� Ñ bins: �â
!u B?ò{cy 5 � { 
u B?ò{cy 5 ) �c� B-ó Ï 5 Î 5aó Ï { � ��� B�ó Ï 5 Î 5"ó Ïa] { Î B&_ � , and 
­
F a��5I: . We randomlypick 100frequenciesin
eachbin r�B { , �l�7����� Ñ , resultingin

à 
 � Ñ �=� trainingstimuli andspiketrains.

Whereasthe meantreedepthis above ê andthe initial (root) entropyis ÚfÛ=Õ Ï � Ñ2
íè�bHê � ,the meanterminal entropyis still above è , meaningthat the optimal questionsyielded
insignificantreductionsin uncertaintyaboutthe frequency. However, this resultis in fact
consistentwith tonotopicencodingin the auditorynerve (that is, a neuronis responsible
for its “own frequency”). In particular, frequency decodingwith a singleneuronis not
possible.
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Case 2: Multiple-Neuron



Sample
� Ñ neuronsin theauditorynerveuniformly alongthebasilarmembrane.Otherwise,

theprotocolis thesameasin Case1, thereagainbeing
� Ñ frequency bins. Figure5 shows

examplesof spiketrainsfor thefifteenneuronsatoneof thefrequencies.

Themeantreedepthis now ç²bH�=� andthemeanterminalentropyis �²b � è (
� bH� with training

data).Thus,in comparisonwith a singleneuron,this treeis slightly lessdeepandconsid-
erablymorepowerful; theclassificationrateis ��è é to within onebin. Figure6 displays
thedistributionof questionusage,whichis diffuse,suggestingonly a preferencefor larger
time intervals.

0

0.15

0.3

2 4 6 8 10

F
re

qu
en

cyì

Length Index

(a)

0

0.1

0.2

3 6 9 12 15

F
re

qu
en

cyì

Neuron Index

(b)

Figure6: Frequency distributionsfor interval length(
�
) andneuron( � ) for multi-neuron

frequency decoding.

5 Discussion

Decisiontreesarea standardtool for inducingclassifiersfrom datain machinelearning.
Typically the goal is to predictthe label of an unseenexample,often in caseswhich are
trivial for humansensoryprocessing,for examplerecognizinghandwrittendigitsor detect-
ing facesin digital images.Very high accuracy is desired.Our context is different: The
measurementsarespiketrains,the“classlabels”referto propertiesof a time-varyingstim-
ulus,and,perhapsmostimportantly, ourprimaryconcernin thispaperis to determinewhat
thedecodingprocessrevealsaboutwhichaspectsof thestimulusareencodedandhow this
is achieved.

We have examinedtree-structureddecodingin the specialcaseof a sequenceof binary
testswhich checkfor a givennumberof spikesfor a givenneuronin a given time inter-
val. Our experimentsareaimedat exploring the feasibility of this approachfor obtaining
informationaboutpuretonesbasedonsimulatedspiketrainsinvolving theauditorynerve.
For amplitudedecodingat a fixed frequency, it appearsthat, for all practicalpurposes,it
is sufficient to querythe singleneuronmostsensitive to this frequency; in fact, allowing
multiple neuronsto be examineddegradesperformance,probablydue to overfitting the
trainingdata.Frequency decodingat a fixedamplitudeis different: a singleneuronis far
from sufficient, whereasenoughinformation to crudelypredict the given frequency can
begatheredfrom aroundeightquestionsfrom neuronsdistributedalongthebasilarmem-
brane.In bothcases,thenatureof thequestionsseemsto makesensebiologically. On the
otherhand,how suchmechanismsmight arisein realbrainsis entirelyunclear, asis the
mechanismfor sequentiallearning- how all this might bedoneefficiently asinformation
accumulates,whetherin naturalor machinelearning. In the caseof trees,it remainsto
determinetheupdatingor deepeningprocess,for instancehow inefficientquestionsmight
bereplacedwithoutstartingover from scratch.

It would likely not be difficult to increasethe decodingaccuracy. First, the parameters
have not beentuned. Second,morequestions,and/ormorepowerful questions,couldbe



consideredwithout promotingoverfitting by a variety of well-known methods,suchas
randomization[6]. In particular, it wouldbeinterestingto entertainquestionswhichsimul-
taneouslyquerytwo or moreneurons,for examplecheckingfor conjunctionsof eventsin
two spiketrains,suchasthejoint occurrenceof a spikesin intervalsin two differentspike
trains. Finally, we consideredonly very small time buffers, whereasorganismsgreatly
improve performanceby integratinginformationover muchlongertime periods.For ex-
ample,our proceduremight be implementedevery

�c�
msandnew decisions,andchange

detection,might bebasedon “recent” estimatesaswell asfreshexplorationsof thespike
trains,especiallywhenstrongcoherenceis observed.

6 Conclusion

Theencodingof theamplitudeandfrequency of puretonesin auditorynervespiketrainsis
a well-understoodprocess.It washopedthat informationprovidedentirelyindependently
from tree-structureddecodingwould coherewith known results.This seemsto have been
thecase:Wheneverthestimuluswaswell-classifiedby adaptivetesting,thequestionsmade
sensebiologically, whereasin thosecasesin whichperformancewaspoortherewasalsoa
biologicalinterpretation(for exampleattemptingfrequency decodingwith asingleneuron).
Theresultsarethereforeencouraging.

As to futurework, besidesextendingthis framework to synchronizedquestionsandgener-
atinga “running commentary”,asdiscussedearlier, we intendto examinemorecomplex
stimuli, suchas jointly varying amplitudeandfrequency, andto explore less-understood
neuralstructuresof theauditorysystem.
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