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1 Intro duction

A key challengefor neural modeling is to explain how a contin uous stream
of multi-mo dal input from a rapidly changing ervironment can be processed
by neural microcircuits (columns, minicolumns, etc.) in the cerebral cor-
tex whose anatomical and physiological structure is quite similar in many
brain areasand species. However, a model that could explain the potentially
universal computational capabilities of such microcircuits has beenmissing.
We proposea computational model that doesnot require a task-dependert
construction of neural circuits. Instead it is basedon principles of high di-
mensionaldynamical systemsin combination with statistical learning theory,
and can be implemented on genericevolved or found recurrert circuitry . This
new approach towards understanding neural computation on the micro-level
also suggestsnew ways of modeling cognitive processingin larger neural sys-
tems. In particular it questionstraditional ways of thinking about neural
coding.

Common models for the organization of computations, such asfor exam-
ple Turing machinesor attractor neural networks, are lesssuitable for model-
ing computations in cortical microcircuits, sincethesemicrocircuits carry out
computations on cortin uous streamsof inputs. Often there is no time to wait
until a computation has converged, the results are neededinstantly (\any-
time computing”) or within a short time window (\real-time computing").
Furthermore biological data suggestthat cortical microcircuits can support
seeral real-time computational tasks in parallel, a hypothesisthat is incon-
sistert with most modeling approadies. In addition the componerts of bio-
logical neural microcircuits, neuronsand synapsesare highly diverse[5] and
exhibit complex dynamical responseson se\eral temporal scales.This makes
them completely unsuitable asbuilding blocks of computational models that



require simple uniform componerts, suc as virtually all models inspired by
computer science,statistical physics, or arti cial neural nets. Furthermore,
neurons are connectedby highly recurrent circuitry (Mo ops within loops"),
which makesit particularly dicult to usesud circuits for robust implemen-
tations of speci ¢ computational tasks. Finally, computations in most com-
putational models are partitioned into discrete steps, eac of which requires
corvergenceto somestable internal state, whereasthe dynamics of cortical
microcircuits appearsto be cortin uously changing. Hence,one needsa model
for using contin uous perturbations in inhomogeneousdynamical systemsin
order to carry out real-time computations on corntinuous input streams.

In this chapter we presern a conceptual framework for the organization
of computations in cortical microcircuits that is not only compatible with
all theseconstraints, but actually requiresthesebiologically realistic features
of neural computation. Furthermore, like Turing machines, this conceptual
approad is supported by theoretical results that prove the universality of the
computational model, but for the biologically more relevant caseof real-time
computing on cortinuousinput streams.

2 A Conceptual Framework for Real-Time
Neural Computation

A computation is a processthat assignsto inputs from somedomain D cer-
tain outputs from somerange R, thereby computing a function from D into
R. Obviously any systematic discussionof computations requires a mathe-
matical or conceptual framework, i.e., a computational model [22]. Perhaps
the most well-known computational model is the Turing machine. In this
casethe domain D and range R are sets of nite character strings. This
computational model is universal (for deterministic o ine digital computa-
tion) in the sensehat every deterministic digital function that is computable
at all (according to a well-establishedmathematical de nition, see[24]) can
be computed by some Turing machine. Before a Turing machine givesits
output, it goesthrough a seriesof internal computation steps,the number of
which dependson the speci ¢ input and the dicult y of the computational
task (therefore it is called an \oine computation”). This may not be in-
adequate for modeling human reasoningabout chessend games,but most
cognitive tasks are closer related to real-time computations on continuous
input streams, where online responsesare neededwithin speci c (typically
very short) time windows, regardlessof the complexity of the input. In this
casethe domain D and range R consist of time-varying functions u(), y()
(with analoginputs and outputs), rather than of static character strings. We
proposehere an alternative computational model that is more adequate for
analyzing parallel real-time computations on analog input streams, such as
those occurring in generic cognitive information processingtasks. Further-
more, we presert a theoretical result which implies that within this frame-
work the computational units of a powerful computational system can be
quite arbitrary, provided that su cien tly diverseunits are available (seethe
separation property and approximation property discussedin section 4). It
also is not necessaryto construct circuits to achieve substartial computa-
tional power. Instead su cien tly large and complex\found" circuits tend to
have already large computational power for real-time computing, provided
that the resenoir from which their units are chosenis su cien tly diverse.
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Figure 1: a) Structure of a Liquid State Machine (LSM). b) Separation property
of a generic neural microcircuit. Plotted on the y-axis is the average value of
kxM (1) xM (t)k, wherek k denotesthe Euclidean norm, and x ¥ (t), x (t) denote
the liquid statesat time t for Poissonspiketrains u and v asinputs. d(u; v) is de ned
as distance (L2-norm) between low-pass ltered versions of u and v, seesection 4
for details.

Our approad is basedon the following obsenations. If one excites a
su cien tly complex recurrert circuit (or other medium) with a cortinuous
input stream u(s), and looks at a later time t > s at the current internal
state x(t) of the circuit, then x(t) is likely to hold a substartial amount of
information about recert inputs u(s) (for the caseof neural circuit models
this was rst demonstrated by [4]). We as human obsenersmay not be able
to understand the \code" by which this information about u(s) is encaded in
the current circuit state x(t), but that is obviously not essetial. Essetial is
whether a readout neuron that hasto extract such information at time t for
a speci c task can accomplishthis. But this amourts to a classicalpattern
recognition problem, sincethe temporal dynamics of the input stream u(s)
has beentransformed by the recurrert circuit into a high dimensional spatial
pattern x(t). This pattern classi cation problem tends to be relatively easy
to learn, even by a memorylessreadout, provided the desiredinformation is
presert in the circuit state x(t). Furthermore, if the recurrent neural circuit
is su cien tly large, it may support this learning task by acting like a ker-
nel for support vector machines (see[25]), which preseris a large number of
nonlinear combinations of componerts of the precedinginput stream to the
readout. Such nonlinear projection of the original input stream u() into a
high dimensionalspacetends to facilitate the extraction of information about
this input stream at later times t, sinceit booststhe power of linear readouts
for classi cation and regressiontasks. Linear readouts are not only better
models for the readout capabilities of a biological neuron than for example
multi-la yer-perceptrons, but their training is much easierand robust because
it cannot get stuck in local minima of the error function (see[25] and [7]).
These considerations suggestnew hypothesesregarding the computational
function of genericrecurrent neural circuits: to serve asgeneral-purposetem-
poral integrators, and simultaneously as kernels (i.e., nonlinear projections
into a higher dimensional space)to facilitate subsequenh linear readout of
information wheneer it is needed. Note that in all experiments described in
this article only the readouts were trained for speci ¢ tasks, whereasalways
a xed recurrent circuit can be usedfor generatingx(t).

In order to analyzethe potential capabilities of this approad, we intro-
ducethe abstract model of a Liquid State Machine (LSM), seeFigure 1a. As
the name indicates, this model has someweak resenblanceto a nite state



machine. But whereasthe nite state set and the transition function of a
nite state machine haveto be custom designedfor ead particular computa-
tional task (sincethey contain its \program"), a liquid state machine might
be viewed asa universal nite state machine whose\liquid" high dimensional
analog state x(t) changescortin uously over time. Furthermore if this analog
state x(t) is su cien tly high dimensionaland its dynamicsis su cien tly com-
plex, then the states and transition functions of many concrete nite state
machinesF are virtually contained in it. But fortunately it is in generalnot
necessanto reconstruct F from the dynamics of an LSM, sincethe readout
can be trained to recover from x(t) directly the information contained in the
corresponding state of a nite state machine F, evenif the liquid state x(t)
is corrupted by some{ not too large { amount of noise.

Formally, an LSM M consistsof a lter LM (i.e., a function that maps
input streamsu() onto streams x( ), where x(t) may depend not just on
u(t), but in a quite arbitrary nonlinear fashion also on previous inputs u(s);
formally: x(t) = (LM u)(t)), and a memorylessreadout function f™ that
maps at any time t the Iter output x(t) (i.e., the \liquid state") into some
target output y(t) (only thesereadout functions are trained for speci ¢ tasks
in the following). Altogether an LSM computesa Iter that mapsu() onto
y().!

A recurrently connectedmicrocircuit could be viewed in a rst approxi-
mation asan implementation of such generalpurpose Iter LM (for example
someunbiasedanalogmemory), from which di erent readout neuronsextract
and recombine diversecomponerts of the information which wascontained in
the precedinginput u(). If atarget output y(t) assumesanalog values, one
can use instead of a single readout neuron a pool of readout neurons whose
ring activity at time t represeits the value y(t) in space-rate-caing. In
reality these readout neuronsare not memoryless,but their membrane time
constart is substartially shorter than the time range over which integration
of information is required for most cognitivetasks. An examplewherethe cir-
cuit input u( ) consistsof 4 spike trains is indicated in Figure 2. The generic
microcircuit model consisting of 270neuronswasdrawn from the distribution
discussedin section 3. In this case7 dierent linear readout neurons were
trained to extract completely di erent typesof information from the input
stream u( ), which require di erent integration times stretching from 30 to
150ms. The computations shavn are for a novel input that did not occur
during training, showing that ead readout module has learned to execute
its task for quite generalcircuit inputs. Sincethe readoutswere modeled by
linear neuronswith a biologically realistic short time constart of just 30ms
for the integration of spikes, additional temporally integrated information
had to be contained at any instancet in the current ring state x(t) of the
recurrent circuit (its \liquid state"), seesection 3 for details. Whereasthe
information extracted by someof the readouts can be described in terms of
commonly discussedschemesfor \neural codes", it appearsto be hopelessto
capture the dynamics or the information content of the primary engineof the
neural computation, the circuit state x(t), in terms of such coding schemes.
This view suggeststhat saliert information may be encaded in the very high
dimensional transient states of neural circuits in a fashion that looks like
\noise" to the untrained obsener, and that traditionally discussed\neural
codes" might capture only speci ¢ aspects of the actually encaded informa-

1A closely related computational model was studied in [11].
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Figure 2: Multi-tasking in real-time. Input spike trains were randomly generated
in such away that at any time t the input contained no information about preceding
input more than 30ms ago. Firing ratesr(t) wererandomly drawn from the uniform
distribution over [0Hz, 80Hz] every 30ms, and input spike trains 1 and 2 were
generated for the presert 30ms time segmert as independert Poisson spike trains
with this ring rate r(t). This processwas repeated (with independert drawings
of r(t) and Poisson spike trains) for each 30ms time segmen. Spike trains 3 and 4
were generated in the same way, but with independert drawings of another ring

rate Ht) every 30ms. The results showvn in this gure are for test data, that
were never before shown to the circuit. Below the 4 input spike trains the target
(dashed curves) and actual outputs (solid curves) of 7 linear readout neurons are
shown in real-time (on the sametime axis). Targets wereto output every 30ms the
actual ring rate (rates are normalized to a maximum rate of 80Hz) of spike trains
1&2 during the preceding 30ms (f1), the ring rate of spike trains 3&4 (f.), the
sum of f1 and f, in an earlier time interval [t-60mst-30ms] (f3) and during the
interval [t-150ms,t] (f4), spike coincidencesbetween inputs 1&3 (fs(t) is de ned
as the number of spikeswhich are accompanied by a spike in the other spike train
within 5ms during the interval [t-20ms t]), a simple nonlinear combinations f¢ and
a randomly chosen complex nonlinear combination f; of earlier described values.
Sincethat all readouts were linear units, thesenonlinear combinations are computed
implicitly within the generic microcircuit model. Average correlation coe cien ts
betweentargets and outputs for 200 test inputs of length 1sfor f; to f7 were 0.91,
0.92, 0.79, 0.75, 0.68, 0.87, and 0.65.

tion. Furthermore, the concept of \neural coding" suggestsan agreemei
between \encoder" (the neural circuit) and \decoder" (a neural readout)
which is not really needed,aslong asthe information is encaded in a way so
that a genericneural readout can be trained to recover it.
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Figure 3: Construction of a generic neural microcircuit model, as used for all
computer simulations discussedin this chapter (only the number of neurons varied).
a) A given number of neurons is arranged on the nodes of a 3D grid. 20% of the
neurons, marked in black, are randomly selectedto be inhibitory . b) Randomly
chosen postsynaptic targets are shown for two of the neurons. The underlying
distribution favors local connections (see footnote 2 for details). c¢) Connectivity
graph of a generic neural microcircuit model (for = 2, seefootnote 2). This gure
was prepared by Christian Naeger.

3 The Generic Neural Micro circuit Mo del

We useda randomly connectedcircuit consisting of leaky integrate-and- re
(I&F) neurons, 20% of which were randomly chosento be inhibitory, as
generic neural microcircuit model. Best performance was adhieved if the
connectionprobabilit y washigher for neuronswith a shorter distancebetween
their somata(seeFigure 3). Parametersof neuronsand synapsesverechosen
to t data from microcircuits in rat somatosensorycortex (based on [5],
[19] and unpublished data from the Markram Lab).? Random circuits were

2Neuron parameters: membrane time constant 30ms, absolute refractory period 3ms
(excitatory neurons), 2ms (inhibitory neurons), threshold 15mV (for a resting membrane
potential assumedto be 0), reset voltage 13.5mV, constant nonspeci ¢ background current
Ip = 13:5nA, input resistance 1M . Connectivity structur e: The probabilit y of a synaptic
connection from neuron a to neuron b (as well asthat of a synaptic connection from neuron
bto neuron a) wasde ned asC exp( D2(a;b)= 2), where is a parameter which controls
both the average number of connections and the average distance between neurons that are
synaptically connected (we set = 2, see[16] for details). We assumed that the neurons
were located on the integer points of a 3 dimensional grid in space, where D (a; b) is the
Euclidean distance betweenneurons a and b. Depending on whether a and b were excitatory
(E) or inhibitory (l), the value of C was 0.3 (EE), 0.2 (El), 0.4 (IE), 0.1 (I1). In the
case of a synaptic connection from a to b we modeled the synaptic dynamics according to
the model proposed in [19], with the synaptic parameters U (use), D (time constant for
depression), F (time constant for facilitation) randomly chosenfrom Gaussian distributions
that were based on empirically found data for such connections. Depending on whether
a and b were excitatory (E) or inhibitory (1), the mean values of these three parameters
(with D,F expressedin seconds,s) were chosento be .5, 1.1, .05 (EE), .05, .125, 1.2 (E1),
.25,.7, .02 (1E), .32, .144, .06 (11). The SD of each parameter was chosento be 50% of its
mean. The mean of the scaling parameter A (in nA) was chosento be 30 (EE), 60 (El),
-19 (IE), -19 (11). In the case of input synapsesthe parameter A had a value of 18nA if



constructed with sparse,primarily local connectivity (seeFigure 3), both to
t anatomical data and to avoid chaotic e ects.

The \liquid state" x(t) of the recurrent circuit consistingof n neuronswas
modeled by an n-dimensional vector consisting of the current ring activity
of these n neurons. To re ect the membrane time constart of the readout
neurons a low pass Iter with a time constart of 30ms was applied to the
spike trains generated by the neuronsin the recurrent microcircuit. The
output of this low pass Iter applied separatelyto eac of the n neurons,
de nes the liquid state x(t). Suc low pass ltering of the n spike trains is
necessanyfor the relativ ely small circuits that we simulate, sinceat many time
points t no or just very few neuronsin the circuit re (seetop of Figure 5).
As readout units we usedsimply linear neurons,trained by linear regression
(unless stated otherwise).

4 Towards anon-T uring Theory for Real-Time
Neural Computation

Whereas the famous results of Turing have shown that one can construct
Turing machines that are universal for digital sequetial oine computing,
we proposehere an alternativ e computational theory that is more adequate
for parallel real-time computing on analog input streams. Furthermore we
present atheoretical result which implies that within this framework the com-
putational units of a powerful computational system can be quite arbitrary,
provided that su cien tly diverseunits are available (seethe separationprop-
erty and approximation property discussedbelow). It alsois not necessanto
construct circuits to achieve substartial computational power. Instead su -
ciertly large and complex\found" circuits (such as the genericcircuit used
as the main building block for Figure 2) tend to have already large compu-
tational power, provided that the resenoir from which their units are chosen
is su cien tly diverse.

Consider a classB of basis Iters B (that may for example consist of
the componerts that are available for building Iters LM of LSMs). We say
that this classB hasthe point-wise sepration property if for any two input
functions u( );v() with u(s) 6 v(s) for somes t there exists someB 2 B
with (Bu)(t) 6 (Bv)(t).2 There exist completely di erent classesB of lters
that satisfy this point-wise separation property: B = fall delay linesg, B =
fall linear lters g, and perhaps biologically more relevant B = f models for
dynamic synapses (see[17]).

The complemerary requiremert that is demandedfrom the classF of
functions from which the readout maps fM are to be picked is the well-
known universal approximation property: for any cortinuous function h and

projecting onto a excitatory neuron and 9nA if projecting onto an inhibitory neuron. The
SD of the A parameter was chosen to be 100% of its mean and was drawn from a gamma
distribution. The postsynaptic current was modeled as an exponential decay exp( t=s)
with s = 3ms ( s = 6ms) for excitatory (inhibitory) synapses. The transmission delays
between liquid neurons were chosen uniformly to be 1.5ms (EE), and 0.8 ms for the other
connections. We have shown in [16] that without synaptic dynamics the computational
power of these micro circuit models decays signican tly. For each simulation, the initial
conditions of each I&F neuron, i.e., the membrane voltage at time t = 0, were drawn
randomly (uniform distribution) from the interval [13.5mV, 15.0mV].

3Note that it is not required that there exists a single B 2 B which achieves this
separation for any two dieren t input histories u( ), v().



any closedand bounded domain one can approximate h on this domain with
any desired degreeof precision by somef 2 F. Examples for such classes
are F = ffeedforward sigmoidal neural netsg, and accordingto [3] alsoF =
f pools of spiking neuronswith analog output in spacerate codingg.

A rigorous mathematical theorem [16], states that for any classB of |-
ters that satis es the point-wise separation property and for any classF of
functions that satis es the universalapproximation property onecan approx-
imate any given real-time computation on time-varying inputs with fading
memory (and henceany biologically relevant real-time computation) by an
LSM M whose Iter LM is composedof nitely many Iters in B, and whose
readout map f M is chosenfrom the classF . This theoretical result supports
the following pragmatic procedure: In order to implemert a given real-time
computation with fading memoryit su ces to takea lter L whosedynamics
is \su cien tly complex"”, and train a\su cien tly exible" readoutto trans-
form at any time t the current state x(t) = (Lu)(t) into the target output
y(t). In principle a memorylessreadout can do this, without knowledge of
the current time t, provided that states x(t) and x(t% that require di erent
outputs y(t) and y(t% are su cien tly distinct. We refer to [16] for details.

For physical implementations of LSMs it makes more senseto analyze
instead of the theoretically relevant point-wise separation property the fol-
lowing quartitativ e separation property as a test for the computational ca-
pability of a lter L: How dierent are the liquid statesx,(t) = (Lu)(t) and
Xy (t) = (Lv)(t) for two dierent input histories u( );v()? This is evaluated
in Figure 1b for the casewhere u( );v() are Poissonspike trains and L is a
generic neural microcircuit model. It turns out that the di erence between
the liquid states scalesroughly proportionally to the di erence betweenthe
two input histories (thereby showing that the circuit dynamic is not chaotic).
This appearsto be desirablefrom the practical point of view sinceit implies
that saliertly dierent input histories can be distinguished more easily and
in a more noiserobust fashion by the readout. We proposeto usesuc eval-
uation of the separation capability of neural microcircuits asa new standard
test for their computational capabilities.

5 A Generic Neural Micro circuit on the Com-
putational Test Stand

The theoretical results sketched in the preceding section implies that there
are no strong a priori limitations for the power of neural microcircuits for
real-time computing with fading memory, provided they are su cien tly large
and their componerts aresu cien tly heterogeneousln order to evaluate this
somewhatsurprising theoretical prediction, wetestedit on seweral benchmark
tasks.

5.1 Speech Recognition

One well-studied computational benchmark task for which data had been
made publicly available [8] is the speedt recognition task consideredin [9]
and [10]. The dataset consistsof 500input les: the words\zero", \one", ...,
\nine" are spokenby 5 di erent (female) speakers, 10 times by ead speaker.
The task wasto construct a network of I&F neuronsthat could recognizeeath
of the 10 spoken words w. Each of the 500input les had beenencaled in



the form of 40 spike trains, with at most one spike per spike train 4 signaling
onset, peak, or o set of activity in a particular frequency band (seetop of
Figure 4). A network waspresered in [10] that could solve this task with an
error® of 0.15 for recognizingthe pattern \one". No better result had been
achieved by any competing networks constructed during a widely publicized
internet competition [9].6 A particular achievemert of this network (resulting
from the smoothly and linearly decaing ring activity of the 800 pools of
neurons)is that it is robust with regard to linear time-warping of the input
spike pattern.

"one", speaker 5 "one", speaker 3  "five", speaker 1 "eight", speaker 4
40 S : : :

20

input

0
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45
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microcircuit
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Figure 4: Application of our generic neural microcircuit model to the speed recog-
nition from [10]. Top row: input spike patterns. Secondrow: spiking response of
the 135 1&F neurons in the neural microcircuit model. Third row: output of an
I&F neuron that was trained to re as soon as possible when the word \one" was
spoken, and as little as possible else. Although the \liquid state" preserted to this
readout neuron changes contin uously, the readout neuron has learnt to view most
of them as equivalent if they arise while the word \one" is spoken (see[16] for more
material on such equivalence classesde ned by readout neurons).

We tested our generic neural microcircuit model on the sametask (in
fact on exactly the same500input les). A randomly chosensubsetof 300

4The network constructed in [10] required that each spike train contained at most one
spike.
5The error (or \recognition score") S for a particular word w was de ned in [10] by

S= mfcp" + ’:lfcn” , where Nty (N¢p) is the number of false (correct) positivesand Nt and
Ncn are the numbers of false and correct negatives. We use the same de nition of error to
facilitate comparison of results. The recognition scoresof the network constructed in [10]
and of competing networks of other researchers can be found at [8]. For the competition
the networks were allowed to be constructed especially for their task, but only one single
pattern for each word could be used for setting the synaptic weights.

6The network constructed in [10] transformed the 40 input spike trains into linearly
decaying input currents from 800 pools, each consisting of a \large set of closely similar
unsynchronized neurons" [10]. Each of the 800 currents was delivered to a separate pair of
neurons consisting of an excitatory \ -neuron" and an inhibitory \ -neuron". To accom-
plish the particular recognition task some of the synapsesbetween -neurons ( -neurons)
are set to have equal weights, the others are set to zero.




input les wasusedfor training, the other 200for testing. The genericneural
microcircuit model was drawn from the distribution described in section 3,
hence from the same distribution as the circuit drawn for the completely
di erent tasks discussedin Figure 2, with randomly connectedI&F neurons
located on the integer points of a15 3 3 column. The synaptic weights of
10readout neuronsf , which received inputs from the 1351&F neuronsin the
circuit were optimized (like for SVMs with linear kernels)to re whenewer
the input encaled the spoken word w. Hencethe whole circuit consistedof
1451&F neurons, lessthan 1=30" of the size of the network constructed in
[10] for the sametask’. Neverthelessthe averageerror achieved after training
by theserandomly generatedgenericmicrocircuit modelswas0.14 (measured
in the sameway, for the sameword \one"), henceslightly better than that of
the 30times larger network custom designedfor this task. The scoregivenis
the averagefor 50 randomly drawn generic microcircuit models. It is about
the sameasthe error achieved by any of the networks constructed in [10] and
the assaiated international competition.

The comparisonof the two di erent approacesalsoprovides a nice illus-
tration of the di erence betweeno ine computing and real-time computing.
Whereasthe network of [10] implements an algorithm that needsa few hun-
dred ms of processingtime betweenthe end of the input pattern and the
answer to the classi cation task (450ms in the example of Figure 2 in [10)),
the readout neuronsfrom the genericneural microcircuit weretrained to pro-
vide their answer (through ring or non-ring) immediately when the input
pattern ended.

We also comparedthe noiserobustnessof the genericneural microcircuit
modelswith that of [10], which had beenconstructed to facilitate robustness
with regardto linear time warping of the input pattern. Sinceno bencdmark
input data were available to calculate this noise robustnesswe constructed
such data by creating as templates 10 patterns consisting eac of 40 ran-
domly drawn Poissonspike trains at 4Hz over 0.5s. Noisy variations of these
templates were created by rst multiplying their time scalewith a randomly
drawn factor from [1=3; 3]) (thereby allowing for a 9 fold time warp), and
subsequetly dislocating ead spike by an amount drawn independertly from
a Gaussiandistribution with mean O and SD 32ms. These spike patterns
were given as inputs to the same generic neural microcircuit models con-
sisting of 135 I&F neurons as discussedbefore. Ten readout neurons were
trained (with 1000randomly drawn training examples)to recognizewhich of
the 10 templates had beenusedto generatea particular input (analogously
as for the word recognition task). On 500 novel test examples(drawn from
samedistributions) they acdhieved an error of 0.09 (average performance of
30 randomly generatedmicrocircuit models). The best one of 30 randomly
generatedcircuits achieved an error of just 0.005. Furthermore it turned out
that the generic microcircuit can just as well be trained to be robust with
regard to nonlinear time warp of a spatio-temporal pattern (it is not known
whether this could also be achieved by a constructed circuit). For the case
of nonlinear (sinusoidal) time warp® an average (50 microcircuits) error of
0.2 is achieved (error of the best circuit: 0.02). This demonstratesthat it is

7If one assumesthat each of the 800 \large” pools of neurons in that network would
consist of just 5 neurons, it contains together with the and -neurons 5600 neurons.

8A spike at time t was transformed into a spike at time %= g(t) := B+ K (t+1=(2 f)
sin(2 ft+')) with f = 2Hz, K randomly drawn from [0.5,2], ' randomly drawn from
[0;2 ] and B chosen such that g(0) = 0.

10



not really necessaryto build noise robustnessexplicitly into the circuit. A
randomly generatedmicrocircuit model can easily be trained to have at least
the samenoiserobustnessasa circuit especially constructed to achieve that.
In fact, it can alsobe trained to be robust with regardto typesof noisethat
are very hard to handle with constructed circuits.

This test had implicitly demonstrated another point. Whereasthe net-
work of [10] was only able to classify spike patterns consisting of at most
one spike per spike train, a generic neural microcircuit model can classify
spike patterns without that restriction. It can for example also classify the
original version of the speed data encaled into onsets, peaks,and o sets in
various frequency bands, before all exceptthe rst events of eat kind were
arti cially removedto t the requiremerts of the network from [10].

We have also tested the generic neural microcircuit model on a much
harder speed recognition task: to recognizethe spokenword not only in real-
time right after the word has been spoken, but even earlier when the word
is still spoken.® More precisely ead of the 10 readout neuronsis trained to
recognizethe spokenword at any multiple of 20 ms during the 500msinterval
while the word is still spoken (\an ytime speed recognition”). Obviously the
network from [10] is not capable to do this. But also the trivial generic
microcircuit model wherethe input spike trains are injected directly into the
readout neurons perform poorly on this anytime speed classi cation task:
it has an error scoreof 3.4 (computed as described in footnote 5, but every
20 ms). In cortrast a generic neural microcircuit model consisting of 135
neuronsit achievesa scoreof 1.4 for this anytime speed classi cation task
(seeFigure 4 for a sampleresult).

Oneis easily led to believe that readout neuronsfrom a neural microcir-
cuit can give a stable output only if the ring activity (or more abstractly:
the state of the dynamical systemde ned by this microcircuit) hasreaded
an attractor. But this line of reasoningunderestimatesthe capabilities of a
neural readout from high dimensionaldynamical systems: even if the neural
readout is just modeledby a perceptron, it can easily be trained to recognize
completely di erent states of the dynamical system as being equivalent, and
to give the sameresponse. Indeed, Figure 4 showed already that the ring
activity of readout neuron can becomequite independert from the dynam-
ics of the microcircuit, even though the microcircuit neuronsare their only
sourceof input. To examinethe underlying mechanism for the possibility of
relatively independert readout response, we re-examined the readout from
Figure 4. Whereasthe ring activity within the circuit was highly dynamic,
the ring activity of the readout neuronswas quite stable after training. The
stability of the readout response does not simply come about becausethe
spiking activity in the circuit becomesrather stable, thereby causing quite
similar liquid states (see Figure 5). It also does not come about because
the readout only samplesa few \unusual” liquid neurons as showvn by the
distribution of synaptic weights onto a sample readout neuron (bottom of
Figure 5). Sincethe synaptic weights do not changeafter learning, this indi-
catesthat the readout neuronshave learnedto de ne a notion of equivalence

°It turns out that the speec classication task from [10] is in a sensetoo easy for a
generic neural microcircuit. If one injects the input spike trains that encode the spoken
word directly into the 10 readout neurons (each of which is trained to recognize one of the
10 spoken words) one also gets a classi cation score that is almost as good as that of the
network from [10]. Therefore we consider in the following the much harder task of anytime
speech recognition .
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Figure 5: Readout de ned equivalenceclassesof liquid states. a) The ring

activity of the microcircuit for the speed recognition task from Figure 4
is reexamined. b) The liquid state x(t) is plotted for 10 randomly chosen
time points t (seearrowheadsin panel a). The target output of the readout
neuron is 1 for the rst 5 liquid states, and O for the other 5 liquid states.
Neverthelessthe 5 liquid statesin ead of the 2 equivalenceclassesare highly
diverse. But by multiplying theseliquid state vectorswith the weight vector
of the linear readout (seepanel ¢), the weighted sumsyields the valuesshawvn
above the liquid state vectors, which are separatedby the threshold 0 of the
readout (and by the ring threshold of the correspnding leaky integrate-
and- re neuron whose output spike trains are shovn in panel a). c¢) The
weight vector of the linear readout.
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for dynamic states of the microcircuit. Indeed, equivalenceclassesare an in-
evitable consequencef collapsingthe high dimensional spaceof microcircuit
statesinto a single dimension, but what is surprising is that the equivalence
classesare meaningful in terms of the task, allowing invariant and appropri-
ately scaledreadout responsesand therefore real-time computation on novel
inputs. Furthermore, while the input may contain saliert information that is
constant for a particular readout elemen, it may not be for another (seefor
example Figure 2), indicating that equivalenceclassesand dynamic stability
exist purely from the perspective of the readout elemerts.

5.2 Predicting Movements and Solving the Ap erture
Problem

This section reports results of joint work with Robert Legenstein[13], [15].
The generalsetup of this simulated vision task is illustrated in Figure 6. Mov-
ing objects, a ball or a bar, are preseried to an 8 x 8 array of sensors(panel
a). The time courseof activations of 8 randomly selectedsensors,resulting
from a typical movemert of the ball, is showvn in panel b. Corresponding
functions of time, but for all 64 sensors,are projected as 64 dimensional in-
put by atopographic map into a genericrecurrert circuit of spiking neurons.
This circuit with randomly chosensparseconnectionshad beenchosenin the
sameway asthe circuits for the precedingtasks, exceptthat it wassomewhat
larger (768 neurons)to accommalate the 64 input channels® The resulting
ring activity of all 768 integrate-and- re neuronsin the recurrent circuit is
shown in panel c. Panel d of Figure 6 shows the target output for 8 of the
102readout pools. These8 readout pools have the task to predict the output
that the 8 sensorsshown in panel b will produce 50 ms later. Hencetheir
target output (dashedline) is formally the samefunction as shown in panel
b, but shifted by 50 msto the left. The solid linesin paneld show the actual
output of the corresponding readout pools after unsupervisedlearning. Thus
in ead row of panel d the di erence betweenthe dashedand predicted line
is the prediction error of the corresponding readout pool.

The diversity of object movemeris that are presened to the 64 sensorss
indicated in Figure 7. Any straight line that crosseghe marked horizontal or
vertical line segmeits of length 4 in the middle of the 8 x 8 eld may occur as
trajectory for the certer of an object. Training and test examplesare drawn
randomly from this - in principle in nite - set of trajectories, ead with a
movemert speedthat was drawn independertly from a uniform distribution
over the interval from 30to 50 units per second(unit = sidelength of a unit
square). Shown in Figure 7 are 20 trajectories that were randomly drawn
from this distribution. Any such movemert is carried out by anindependertly
drawn object type (ball or bar), where bars were assumedto be oriented
vertically to their direction of movemert. Besidesmovemerts on straight
lines one could train the same circuit just as well for predicting nonlinear
movemernts, sincenothing in the circuit was specializedfor predicting linear
movemerts.

36 readout pools were trained to predict for any suc object movemert
the sensoractivations of the 6 x 6 sensorsin the interior of the 8 x 8 array
25 ms into the future. Further 36 readout pools were independertly trained

10A 16 x 16 x 3 neuronal sheet was divided into 64 2 x 2 x 3 input regions. Each sensor
injected input into 60 % randomly chosen neurons in the asscciated input region. Together
they formed a top ographic map for the 8 x 8 array of sensors.
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Figure 6: The prediction task. a) Typical movemerts of objects over a 8 x 8 sensor
eld. b) Time course of activation of 8 randomly selected sensorscausedby the
movemert of the ball indicated on the l.h.s. of panel a. ¢) Resulting ring times of
768 integrate-and- re neuronsin the recurrent circuit of integrate-and- re neurons
(ring of inhibitory neurons marked by +). The neuronsin the 16 x 16 x 3 array
were numbered layer by layer. Hencethe 3 clusters in the spike raster result from
concurrent activit y in the 3 layers of the circuit. d) Prediction targets (dashedlines)
and actual predictions (solid lines) for the 8 sensorsfrom panel b. (Predictions were
sampled every 25 ms, solid curvesresult from linear interpolation.)

to predict their activation 50 ms into the future, shawing that the prediction
span can basically be chosenarbitrarily . At any time t (sampled every 25
ms from O to 400 ms) one usesfor eadh of the 72 readout pools that predict
sensoryinput T into the future the actual activation of the corresponding
sensorat time t + T astarget value (\correction") for the learning rule.
The 72 readout pools for short-term movemert prediction were trained by
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1500randomly drawn examplesof object movemers. More precisely they
were trained to predict future sensoractivation at any time (sampled every
25 ms) during the 400 ms time interval while the object (ball or bar) moved
over the sensory eld, ead with another tra jectory and speed.

Among the predictions of the 72 dierent readout pools on 300 novel
test inputs there were for the 25 ms prediction 8.5 % false alarms (sensory
activity erroneously predicted) and 4.8 % missed predictions of subsequen
sensoractivity. For those caseswvherea readout pool correctly predicted that
a sensomwill becomeactive, the mean of the time period of its activation was
predicted with an averageerror of 10.1 ms. For the 50 ms prediction there
were for 300 novel test inputs 16.5 % false alarms, 4.6 % missedpredictions
of sensoryactivations, and an average14.5ms error in the prediction of the
mean of the time interval of sensoryactivity.

One should keepin mind that movemert prediction is actually a compu-
tationally quite dicult task, especially for a moving ball, sinceit requires
context-dependert integration of information from past inputs over time and
space. This computational problem is often referred to as the \ap erture
problem": from the perspective of a single sensorthat is currently partially
activated becausehe moving ball is covering part of its assaiated unit square
(i.e., its \receptive eld") it is impossibleto predict whether this sensorwill
becomemore or lessactivated at the next movemert (see[18]). In order to
decidethat question, one hasto know whether the certer of the ball is mov-
ing towards its receptive eld, or is just passingit tangentially. To predict
whether a sensorthat is currently not activated will be activated 25 or 50 ms
later, posesan even more dicult problem that requires not only informa-
tion about the direction of the moving object, but also about its speedand
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shape. Since there exists in this experiment no preprocessorthat extracts
thesefeatures, which are vital for a successfulprediction, ead readout pool
that carries out prediction for a particular sensorhasto extract on its own
theserelevant piecesof information from the raw and un ltered information
about the recent history of sensoractivities, which are still \rev erberating”
in the recurrent circuit.

28 further readout pools were trained in a similar unsupervised manner
(with 1000training examples)to predict where the moving object is going to
leave the sensor eld. More precisely they predict which of the 28 sensors
on the perimeter are going to be activated by more than 50 % when the
moving object leavesthe 8 x 8 sensor eld. This requires a prediction for
a context-dependert time spaninto the future that varies by 66 % between
instances of the task, due to the varying speedsof moving objects. We
arranged that this prediction had to be made while the object crossedthe
certral regionof the 8 x 8 eld, henceat atime when the current position of
the moving object provided hardly any information about the location where
it will leavethe eld, sinceall movemerts gothrough the mid areaof the eld.
Therefore the tasks of these 28 readout neurons require the computation of
the direction of movemern of the object, and hencea computationally di cult
disambiguation of the current sensoryinput. We refer to the discussionof
the disambiguation problem of sequenceprediction in [14] and [1]. The latter
article discusseddi culties of disambiguation of movemert prediction that
arisealreadyif onehasjust pointwiseobjects moving at a xed speed,and just
2 of their possibletrajectories cross. Obviously the disambiguation problem
is substartially more sewerein our case,sincea virtually unlimited number of
trajectories (seeFigure 7) of di erent extended objects, moving at di erent
speeds, crossesin the mid area of the sensor eld. The disambiguation is
provided in our casesimply through the \context" established inside the
recurrent circuit through the traces (or \rev erberations") left by preceding
sensoractivations. Figure 6 shaws in panel a a typical current position of
the moving ball, as well as the sensorson the perimeter that are going to
be active by 50 % when the object will nally leave the sensory eld. In
panel b the predictions of the corresponding 28 readout neurons(at the time
when the object crossesthe mid-area of the sensory eld) is also indicated
(strip ed squares). The prediction performance of these 28 readout neurons
was evaluated as follows. We consideredfor each movemert the line from
that point on the opposite part of the perimeter, where the certer of the ball
had entered the sensory eld, to the midpoint of the group of those sensorson
the perimeter that were activated whenthe ball left the sensory eld (dashed
line). We comparedthis line with the line that started at the same point,
but went to the midpoint of those sensorpositions which were predicted by
the 28 readout neuronsto be activated when the ball left the sensory eld
(solid line). The angle betweenthese two lines had an averagevalue of 4.9
degreesfor 100 randomly drawn novel test movemerts of the ball (each with
an independertly drawn trajectory and speed). Another readout pool was
independertly trained in a supervised manner to classify the moving object
(ball or bar). It had an error of 0 % on 300test examplesof moving objects.
The other readout pool that wastrained in a supervised manner to estimate
the speedof the moving bars and balls, which rangedfrom 30to 50 units per
second,made an averageerror of 1.48units per secondon 300test examples.
This shows that the samerecurrent circuit that provides the input for the
movemern prediction can be used simultaneously by a basically unlimited
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Figure 8: Computation of movemert direction. Dashed line is the trajectory of a
moving ball. Sensorson the perimeter that will be activated by 50 % when the
moving ball leavesthe sensor eld are markedin panel a. Sensorsmarked by strip es
in panel b indicate atypical prediction of sensorson the perimeter that are going to
be activated by 50 %, when the ball will leave the sensor eld (time spaninto the
future varies for this prediction between 100 and 150 ms, depending on the speed
and angle of the object movemert). Solid line in panel b represens the estimated
direction of ball movemert resulting from this prediction (its right end point is the
average of sensorspositions on the perimeter that are predicted to become 50 %
activated). The angle betweenthe dashedand solid line (averagevalue 4.9 for test
movemerts) is the error of this particular computation of movemert direction by
the simulated neural circuit.

number of other readouts, that are trained to extract completely di erent
information about the visual input. We refer to [13] and [15] for details.
Currently similar methods are applied to real-time processingof input from
infra-red sensorsof a mobile robot.

6 Temporal Integration and Kernel Function
of Neural Micro circuit Mo dels

In section 2 we have proposedthat the computational role of genericcortical
microcircuits can be understood in terms of two complemenary computa-
tional perspectives:

1. temporal integration of contin uously entering information (\analog fad-
ing memory")

2. creation of diverse nonlinear combinations of componerts of sud in-
formation to enhancethe capabilities of linear readoutsto extract non-
linear combinations of piecesof information for diversetasks (\k ernel
function™).
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The results reported in the precedingsection demonstrateimplicitly that
both of these computational functions are supported by genericcortical mi-
crocircuit models, since all of the bencdmark problems that we discussed
require temporal integration of information. Furthermore, for all of these
computational tasks it suced to train linear readouts to transform liquid
statesinto target outputs (although the target function to be computed was
highly nonlinearin the inputs). In this sectionwe provide a more quartitativ e
analysis of thesetwo complemenary computational functions.

6.1 Temporal Integration in Neural Micro circuit Mo d-
els

In order to evaluate the temporal integration capability we consideredtwo
input distributions. Theseinput distributions werechosensothat the mutual
information (and hencealso the correlation) betweendi erent segmens of
the input stream have value 0. Henceall temporal integration of information
from earlier input segmeits hasto be carried out by the microcircuit circuit
model, sincethe input itself doesnot provide any cluesabout its past. We
rst consider a distribution of input spike trains where every 30ms a new
ring rate r(t) is chosenfrom the uniform distribution over the interval from
0to 80Hz (rst row in Figure 9). Then the spikesin ead of the concurrert
input spike trains are generatedduring eac 30 ms segmen by a Poisson
distribution with this current rate r(t) (secondrow in Figure 9). Due to
random uctuation the actual sum of ring rates rmeasur eq(t) (plotted as
dashedline in the rst row) represerted by these 4 input spike trains varies
around the intended ring rate r(t). rmeasur ed(t) is calculated asthe average
ring frequencyin the interval [t 30ms;t]. Third row of Figure 9 shows
that the autocorrelation of both r(t) and rmeasur ed(t) Vanishesafter 30ms.

Various readout neurons, that all received the sameinput from the mi-
crocircuit model, had beentrained by linear regressionto output at various
times t (more precisely: at all multiples of 30ms) the value of r measur ed(t),
INmeasur ed(t  30MS), I'measur ed(t 60MS), Imeasur ed(t  90MS), etc. Figure 10a
shows (on test data not usedfor training) the correlation coe cien ts achieved
betweenthe target value and actual output value for 8 such readouts, for the
caseof two generic microcircuit models consisting of 135 and 900 neurons
(both with the samedistance-dendert connection probability with = 2
discussedn section3). Figure 10b shavsthat dynamic synapsesare essetial
for this analog memory capability of the circuit, sincethe \memory curve"
drops signi cantly faster if one usesinstead static (\linear") synapsesfor
connectionswithin the microcircuit model. Figure 10c shows that the inter-
mediate \hidden" neuronsin the microcircuit model are alsoessetial for this
task, sincewithout them the memory performancealso drops signi cantly.

It should be noted that these memory curves not only depend on the
microcircuit model, but also on the diversity of input spike patterns that
may have occurred in the input before, at, and after that time segmemn in
the past from which one recallsinformation. Hencethe recall of ring rates
is particularly dicult, since there exists a huge number of diverse spike
patterns that all represen the same ring rate. If onerestricts the diversity
of input patterns that may occur, substartially longermemory recall becomes
possible,even with a fairly small circuit. In order to demonstrate this point
8 randomly generated Poisson spike trains over 250ms, or equivalertly 2
Poissonspike trains over 1000ms partitioned into 4 segmers ead (seetop of
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Figure 9: Input distribution used to determine the \memory curves" for ring

rates. Input spike trains (second row) are generated as Poisson spike trains with
a randomly drawn rate r(t). The rate r(t) is chosenevery 30ms from the uniform
distribution over the interval from 0 to 80Hz (rst row, sold line). Due to random
uctuation the actual sum of ring rates rmeasur ed(t) (rst row, dashedline) rep-
reserted by these 4 input spike trains varies around the intended ring rate r(t).
I'measur ed(t) iS calculated asthe average ring frequencyin the interval [t 30ms;t].
The third row shows that the autocorrelation of both r(t) and rmeasur ed(t) vanishes
after 30ms.

Figure 11), werechosenastemplate patterns. Then spike trains over 1000ms
were generatedby choosingfor ead 250ms segmen one of the two templates
for this segmen, and by jittering ead spikein the templates (more precisely:
ead spike wasmoved by an amourt drawn from a Gaussiandistribution with
mean 0 and a SD that we refer to as \jitter", seebottom of Figure 11). A
typical spiketrain generatedin this way is shavn in the middle of Figure 11.
Becauseof the noisy dislocation of spikesit was impossibleto recognizea
speci ¢ template from a single interspike interval (and there were no spatial
cuescortained in this single channel input). Instead, a pattern formed by
seweral interspikeintervals had to be recognizedand classi ed retrospectively.
The performanceof 4 readout neuronstrained by linear regressionto recall
the number of the template from which the corresponding input segmen had
beengeneratedis plotted in Figure 12 (thin line).

For comparisonthe memory curve for the recall of ring ratesfor the same
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Figure 10: Memory curvesfor ring rates in a generic neural microcircuit model.
a) Performance improveswith circuit size. b) Dynamic synapsesare essettial for
longer recall. ¢) Hidden neurons in a recurrent circuit improve recall performance
(in the control case = 0 the readout receives synaptic input only from those
neurons in the circuit into which one of the input spike trains is injected, henceno
\hidden" neurons are involved). d) All curvesfrom panelsa to ¢ in one diagram
for better comparison. In ead panel the bold solid line is for a generic neural
microcircuit model (discussedin section 3) consisting of 135 neurons with sparse
local connectivity ( = 2) employing dynamic synapses. All readouts were linear,
trained by linear regressionwith 500 combinations of input spike trains (1000 in
the caseof the liquid with 900 neurons) of length 2s to produce every 30ms the
desired output.

temporal segmets (i.e., for inputs generatedas for Figure 10, but with ead
randomly chosentarget ring rate r(t) held constart for 250instead of 30 ms)
is plotted as thin line in Figure 12, both for the samegeneric microcircuit
model consisting of 135 neurons. Figure 12 shows that information about
spike patterns of past inputs decas in a generic neural microcircuit model
slower than information about ring rates of past inputs, even if just two
possible ring rates may occur. One possibleexplanation is that the ensenble
of liquid states re ecting preceding input spike trains that all represertied
the same ring rate forms a much more complicated equivalenceclassthan
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Figure 11: Evaluating the fading memory of a generic neural microcircuit for
spike patterns. In this classi cation task all spike trains are of length 1000ms
and consist of 4 segmerts of length 250ms each. For eacth segmert 2 templates
were generated randomly (Poissonspike train with a frequency of 20Hz); seeupper
traces. The actual input spike trains of length 1000ms usedfor training and testing
were generated by choosing for each segmen one of the two assaiated templates,
and then generating a noisy version by moving eact spike by an amount drawn
from a Gaussian distribution with mean 0 and a SD that we refer to as \jitter"
(see lower trace for a visualization of the jitter with an SD of 4ms). The task is
to output with 4 dierent readouts at time t = 1000ms for each of the preceding 4
input segmers the number of the template from which the corresponding segmert
of the input was generated.

liquid states resulting from jittered versionsof a single spike pattern. This
problem is ampli ed by the fact that information about earlier ring ratesis
\overwritten" with a much more diverseset of input patterns in subsequen
input segmetts in the caseof arbitrary Poissoninputs with randomly chosen
rates. (The number of concurrert input spike trains that represen a given
ring rate is lessrelevant for these memory curves;not showvn.)

A theoretical analysisof memory retention in somewhatsimilar recurrent
networks of sigmoidal neuronshas beengivenin [12].

6.2 Kernel Function of Neural Micro circuit Mo dels

It is well-known (see[21],[25], [23]) that the power of linear readouts can be
boosted by two typesof preprocessing:

- computation of a large number of nonlinear combinations of input com-
ponerts and features

- projection of the input into a very high dimensional space
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Figure 12: Memory curvesfor spike patterns and ring rates. Dashedline: correla-
tion of trained linear readouts with the number of the templates usedfor generating
the last input segmern, and the segmerts that had ended 250 ms, 500 ms, and 750
ms ago (for the inputs discussedin Figure 11). Solid lines: correlation of trained
linear readouts with the ring rates for the sametime segmerts of length 250ms
that were used for the spike pattern classi cation task. Thick solid line is for the
case where the ideal input ring rates can assumejust 2 values (30 or 60 Hz),
whereas the thin solid line is for the casewhere arbitrary ring rates between 0
and 80 Hz are randomly chosen. In either casethe actual average input rates for
the 4 time segmerts, which had to be recalled by the readouts, assumedof course
a wider range.

In machine learning both preprocessingsteps are carried out simultane-
ously by a so-calledkernel, that usesa mathematical trick to avoid explicit
computations in high-dimensional spaces.In cortrast, in our model for com-
putation in neural microcircuits both operations of a kernel are physically
implemented (by the microcircuit). The high-dimensional spaceinto which
the input is projected is the state spaceof the neural microcircuit (a typical
column consists of roughly 100,000neurons). This implementation makes
use of the fact that the precise mathematical formulas by which these non-
linear combinations and high-dimensional projections are computed are less
relevant. Hencethese operations can be carried out by \found" neural cir-
cuits that have not beenconstructed for a particular task. The fact that the
genericneural microcircuit modelsin our simulations automatically compute
an abundanceof nonlinear combinations of input fragmerts can be seenfrom
the fact that the target output valuesfor the tasks consideredin Figures 2,
4, 6, 8 are nonlinear in the input, but are neverthelessapproximated quite
well by linear readouts from the current state of the neural microcircuit.

The capability of neural microcircuits to boost the power of linear read-
outs by projecting the input into higher dimensional spacesis further un-
derlined by joint work with Stefan Heausler [6]. There the task to recover
the number of the template spike pattern usedto generatethe second-to-last
segmen of the input spike train ' was carried out by genericneural microcir-
cuit models of di erent sizes,ranging from 12to 784 neurons. In ead casea

1 This is exactly the task of the second readout in the spike pattern classi cation task
discussedin Figures 11 and 12.
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Figure 13: The performance of a trained readout (perceptron trained by the -
rule) for microcircuit models of dierent sizes, but eat time for the same input
injected into the microcircuit and the sameclassi cation task for the readout. The
error decreaseswith growing circuit size, both on the training data (dashed line)
and on new test data (solid line) generated by the same distribution.

perceptron wastrained by the -rule to classifyat time 0 the template that
had beenusedto generatethe input in the time segmen [-500,-250ms]. The
results of the computer simulations reported in Figure 13 show that the per-
formance of such (thresholded) linear readout improvesdrastically with the
size of the microcircuit into which the spike train is injected, and therefore
with the dimension of the \liquid state" that is preseried to the readout.

7 Software for Evaluating the Computational
Capabilities of Neural Micro circuit Mo dels

New software for the creation, fast simulation and computational evalua-
tion of neural microcircuit models has recerily been written by Thomas
Natschlager(with contributions by Christian Naeger),see[2(]. This software,
which has been made available for free use on WWW.LSM.TUGRAZ.A T,
usesan e cien t C** kernelfor the simulation of neural microcircuits.*?> But
the construction and evaluation of these microcircuit models can be carried
out corveniertly in MATLAB. In particular the website contains MATLAB
scripts that can be usedfor validating the results reported in this chapter.
The object oriented style of the software makesit easyto changethe micro-
circuit model or the computational tasks usedfor thesetests.

8 Discussion

We have preseried a conceptual framework for analyzing computations in
generic neural microcircuit models that satis es the biological constraints

12For example a neural micro circuit model consisting of a few hundred leaky integrate-
and-re neurons with up to 1000 dynamic synapses can be simulated in real-time on a
current generation PC.
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listed in section1. Thus onecan now take computer models of neural micro-
circuits, that can be asrealistic as one wants to, and use them not just for
demonstrating dynamic e ects such assyncironization or oscillations, but to
really carry out demanding computations with thesemodels. The somewhat
surprising result is that the inherent dynamics of cortical microcircuit mod-
els, which appearsto be virtually impossibleto understand in detail for a
human obsener, neverthelesspreseris information about the recert past of
its input streamin such a way that a single perceptron (or linear readout in
the casewhere an analog output is needed)can immediately extract from it
the \right answer". Traditional approacestowards producing the outputs
of sudh complex computations in a computer usually rely on a sequettial al-
gorithm consisting of a sequenceof computation stepsinvolving elemenary
operations such as feature extraction, addition and multiplication of num-
bers, and \binding" of related piecesof information. The simulation results
discussedin this chapter demonstrate that a completely di erent organiza-
tion of such computations is possible, which doesnot require to implement
these seemingly unavoidable elemertary operations. Furthermore, this al-
ternative computation style is supported by theoretical results (seesection
4), which suggestthat it is in principle as powerful as von Neumann style
computational models such as Turing machines, but more adequatefor the
type of real-time computing on analog input streamsthat is carried out by
the nervous system.

Obviously this alternative conceptual framework relativizes some basic
conceptsof computational neurosciencesuch as receptive elds, neural cod-
ing and binding, or rather placesthem into a new context of computational
organization. Furthermore it suggestsnew experimental paradigmsfor inves-
tigating the computational role of cortical microcircuits. Instead of exper-
iments on highly trained animals that aim at isolating neural correlates of
conjectured elemeriary computational operations, the approad discussedn
this chapter suggestsexperiments on naturally behaving animals that focus
on the role of cortical microcircuits as generalpurposetemporal integrators
(analog fading memory) and simultaneously as high dimensional nonlinear
kernels to facilitate linear readout. The underlying computational theory
(and related experimerts in machine learning) support the intuitiv ely rather
surprising nding that the precise details how these two tasks are carried
out (e.g. how memoriesfrom dierent time windows are superimposed, or
which nonlinear combinations are produced in the kernel) are lessrelevant
for the performanceof the computational model, sincea linear readout from
a high dimensional dynamical system can in generalbe trained to adjust to
any particular way in which these two tasks are executed. Some evidence
for temporal integration in cortical microcircuits has already been provided
through experiments that demonstratethe dependenceof the current dynam-
ics of cortical areason their initial state at the beginning of a trial, seee.qg.
[2]. Apparently this initial state contains information about precedinginput
to that cortical area. Our theoretical approac suggestsfurther experiments
that quantify the information about earlier inputs in the current state of
neural microcircuits in vivo. It also suggeststo explore in detail which of
this information is read out by diversereadoutsand projected to other brain
areas.

The computational theory outlined in this chapter di ers alsoin another
aspect from previoustheoretical work in computational neuroscienceinstead
of constructing hypothetical neural circuits for speci ¢ (typically simpli ed)
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computational tasks, this theory proposesto take the existing cortical cir-
cuitry \o the shelf' and examinewhich adaptive principles may enablethem
to carry out those diverseand demandingreal-time computations on cortin-
uousinput streamsthat are characteristic for the astounding computational
capabilities of the cortex.

The genericmicrocircuit models discussedin this chapter were relatively
simple insofar asthey did not yet take into accourt more speci ¢ anatomical
and neurophysiological data regarding the distribution of specic types of
neuronsin speci c cortical layers, and known details regarding their specic
connection patterns and regularization mechanismsto improve their perfor-
mance (work in progress). But obviously these more detailed models can
be analyzed in the sameway, and it will be quite interesting to compare
their computational power with that of the simpler models discussedin this
chapter.
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