IEEE TRANSACTIONS ON NEURAL NETWORKS, VOL. 13, NO. 3, MAY 2002 619

Learning Sensory Maps With Real-World Stimuli
In Real Time Using a Biophysically Realistic
Learning Rule

Manuel A. Sanchez-Montafiés, Peter Konig, and Paul F. M. J. Verschure

Abstract—\We present a real-time model of learning in the the synapse local in time and space. However, recent physio-
auditory cortex that is trained using real-world stimuli. The |ggical results on neurons in mammalian cortex give a richer
system consists of a peripheral and a central cortical network of et re. These studies demonstrate, first, that an action poten-

spiking neurons. The synapses formed by peripheral neurons on . . .
the central ones are subject to synaptic plasticity. We implemented tial triggered at the axon hillock propagates not only antero-

a biophysically realistic learning rule that depends on the precise gradely along the axon, but also retrogradely through the den-
temporal relation of pre- and postsynaptic action potentials. We drites [40], [12]. Second, on its way into the dendrite the action

demonstrate that this biologically realistic real-time neuronal potential may be attenuated or blocked by inhibitory input from
system forms stable receptive fields that accurately reflect the other neurons [38], [45]. Third, it has been demonstrated that

spectral content of the input signals and that the size of these th back fi fi tentials directly affect h
representations can be biased by global signals acting on the ese backpropagating action potentals directly aitect mecha-

local learning mechanism. In addition, we show that this learning NiSMS regulating synaptic plasticity [30] which depends on post-
mechanism shows fast acquisition and is robust in the presence synaptic calcium dynamics [27]. In addition, the dramatic effect
of large imbalances in the probability of occurrence of individual  of even single inhibitory inputs on the calcium dynamics in the
stimuli and noise. dendritic tree, in particular in its apical compartments, suggests

Index Terms—Auditory system, learning, natural stimuli, real  that regulation of synaptic plasticity can be strongly influenced
time, real world, spiking neurons. by inhibitory inputs [28]. Thus, the backpropagating action po-
tential can make information on the output of the neuron avail-
able locally at each of its afferent synapses, and inhibitory in-
puts onto a neuron can in turn regulate the effectiveness of this
O VER the past years neuroscientists have gained insigfiyna).

in the neural mechanisms responsible for the ability of e apove described mechanism makes a change in synaptic
learning and adaptation in biological systems [1], [11]. The suBfficacy dependent on the temporal relation between pre- and
strate of learning in these systems is thought to be provided Bystsynaptic activity. In particular, it will be strongly affected
the mechanisms which regulate the change of synaptic effigg the temporal relation between the inhibition and excitation
cies of the connections among neurons [31], [43]. In his semingheyron receives and its own activity. Neurons which fire with
work Hebb proposed that neurons which are consistently cogge shortest latency to a stimulus will receive inhibition after
tivated strengthen their coupling [20] and form associative nqﬁey have generated backpropagating action potentials. In this
works. Since then many experiments have addressed differggde 5ctive synapses can be potentiated [28]. In contrast, neu-
mechanisms which regulate changes in synaptic efficacies ggns which fire late to a stimulus would receive inhibition be-
pendent on specific properties of pre- and postsynaptic activifyte they have generated a spike. Their backpropagating action
[9], [11]. Based on these experiments, a number of Hebbiggtentials are modulated by this inhibition preventing potentia-
learning rules have been proposed with different desirable progy of their active synapses. This dynamic seems to be reflected
erties [8], [10], [14], [36], [39]. in the physiology of the visual system where the optimality of

These learning rules have been considered physiologically {ge tuning of a neuron seems to be directly reflected in its re-
alistic when they only rely on signals which are available t@ponse latency to a stimulus [24]. Given the above mechanism

this would imply that the optimally tuned neurons prevent fur-
ther learning by other neurons in the map.
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forebrain [23]. In these latter experiments it was shown tha
more neurons in the primary auditory cortex would respond t 7
the reinforced frequency while the representation of the othet SPEAKERS
was not increased.

These changes are retained indefinitely [50] due to long-terr AUDIO
changes in the neural circuit. However, synaptic efficacies ar r
also regulated by mechanisms with short-term dynamics, ope g MmIiC
ating on atime scale of hundreds of milliseconds [46], [41], [42].
Two different types of such a dynamics can be distinguished: fe
cilitation and depression. These mechanisms enhance or deprMIDi
the efficacy of a synapse following the occurrence of a presy
naptic spike. Both effects can occur simultaneously at a synap:
affecting its band pass properties [44]. For instance, short-ter
depression of a synapse can act as a high-pass filter blocking t
dc component of a presynaptic signal [3].

In previous work we have shown, using computer simula-
tions, how some of these biological mechanisms can support

CD PLAYER

learning allowing extremely high learning rates and robustness DFT OF A BLOCK
to inhomogeneities of the stimulus set [26], [34]. In addition, (UPDATED EACH 24 ms)
our models allow for the combination of local learning mecha- / + \ _
. . . input
nisms, supporting the development of sensory maps, with global : ; FREQ
—

signals that convey information of the behavioral significance of

the stimuli [34]. SHORT TERM

However, the brain works in the real-world, properties of PEPRESSION thalamus
which are difficult to capture in simulations. In addition, in -
S|mulat|-on §tud|es models are -not exposed to the real-time kol // . 3
constraints imposed on the brain. Hence, our models should & 7, pSite of plasticity

Yo g/

be evaluated under similar constraints. Here we investigate
the properties of a biophysically realistic real-time model of
learning in the auditory cortex which is tested using real-world
stimuli. In particular we address the ability of this learning

cortical excitatory

cortical inhibitory

mechanism to develop sensory maps of auditory stimuli. ‘
i "basal
forebrain™
[l. METHODS (b)
A. Hardware Setup Fig. 1. (a) Schema of the hardware. The sounds are generated by a pair

of speakers that receive audio signals either from a synthesizer which is

All experiments are conducted in a standard office envirofntrolled by a computer using the MID! protocolf or from a CD player.
The microphone sends the audio signal to the soundcard installed in computer

. . N T
ment with a room size of about 30“mThe analog audio Sig- p: this computer calculates the FFT and sends this daté tovhere the
nals are sampled using a microphone (ME64, Sennheiser, Wetkeral model is implemented. Each computer communicates to the others

[ ; i hrough TCP/IP (connections between computéraind C' are omitted for
mark, Germany) at 44.1 kHz and dlgltlzed with 16-bit reSOIljclarity). The whole system is controlled by the distributed neural simulation

tion on an interface card (Soundblaster, Creative Technologironment IQR421. (b) Schema of the neural model. Each one of the first
Ltd., Singapore, Singapore). On each block of 1024 sampl& FFT coefficients excites its corresponding input neuron. The output of

. .y . . ach group of three of these neurons converges into a thalamic neuron through
signals a digital fast Fourier transform (DFT) is computed [17Ihort-term depressing synapses. Each cortical excitatory neuron receives

Input to the model is provided by the absolute values of the firgicitation from the whole thalamic population. These synapses are subject to
128 FFT coefficients. The whole system for the control of thang-term synaptic plasticity. Each cortical excitatory neuron is connected to a
. . . . cortical inhibitory neuron which sends back inhibition to the whole excitatory
setup, the stimulus generation protocol, the simulation, and d ulation. Finally, the unit representing the basal forebrain activity sends
acquisition is defined within the distributed neural simulatiomhibition to the cortical inhibitory population. See text for further details.

environment IQR421 [47] using three Pentium I11 450 MHz PCs

[Fig. 1(2)]- lated in strict real time, i.e., simulated biological time matches
1:1 spent physical time. The dynamics of the membrane poten-
B. The Network tial of neuron; in populationa, V#(t), is defined as

The neural network is a very rough sketch of the mammalian
auditory system and includes five sets of integrate and fire neu-
rons: an input population, a thalamic population, cortical excly’(t) = =77V (#) + C™ >~ I8 (#)
tatory and inhibitory neurons and an additional neuron repre- b
senting the basal forebrain [Fig. 1(b)]. All neurons are simu- ~CTrAQ,, 6(t — tspikej) Q)
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TABLE | TABLE 1l
PARAMETERS OF THEDIFFERENT POPULATIONS. “BF": B ASAL FOREBRAIN. PARAMETERS OF THE CONNECTIONS BETWEEN POPULATIONS. “C.
“ARP”: A BSOLUTE REFRACTORY PERIOD EXCITATORY”: CORTICAL EXCITATORY. “C. INHIBITORY": CORTICAL
INHIBITORY. “BF”": BASAL FOREBRAIN. THE CONNECTION STRENGTH, C'~17,
Input | Thalamic | Cortical excitatory | Cortical inhibitory | BF IS GIVEN IN UNITS OF THE POSTSYNAPTIC THRESHOLD Vi,
size 128 43 36 36 1
7 (ms) 19 19 19 19 19 Connection Plasticity | Connections | C~ly | 7(ms)
ARP (ms) | 6 10 10 6 8 Input — Thalamus Short-term 3tol 15 19
Thalamus — C. excitatory | Long-term all to all 1 19
. . . . C. excitatory — C. inhibitory No Ttol 1 19
wherer is the time constantC’ is the membrane capacitance; ¢ inhibitory — C. excitatory No Ttoal | -0025] 19
Ifjf(t) represents the current injected by the synapse fro BF — C. inhibitory No 1toall 06 | 19

neuror in populationd. In caseV is greater than the threshold
(V) the neuron emits a spike i is current time) and the : . .
membrane potential is reset to zero by injecting the char%grt'cal excitatory neurons. The synaptic strengths,; of the

AQ,, instantaneously (represented by the Dirac delta functiorc,mneft'?:i‘:'i flrlor? T;'?nmfvi?he\ljr?ns tg %c;/rtlcr?l Oe;c:|tnaéoory8nﬁu—
6). The dynamics of the membrane potential also includes s are initially random, ajues between ©. 7 al -8 (ho-
geneous distribution); therefore, the receptive fields of the

absolute refractory period (see Table | for concrete values {0PS . L .
each population) excitatory cortical neurons are initially diffuse. These synapses
The dynamics of the synapses formed by neurons of poﬁ-e jullijhectto I{)n?—t?rrrll synaptltt: plalft'C'ty (zgedSect]og II-C).dTot
ulation & with neurons of populatiom are modeled using a odetthe contextol a arger network, we added an independen
! L excitatory input to each cortical neuron which is firing at 10 Hz
first-order approximation . . S .
] following a Poisson distribution. Finally, the one neuron repre-
D20(t) = =77 M Do) + P iSO T %6(t — typire;)  Senting basal forebrain activity sends inhibitory connections to
(2) the cortical inhibitory neurons [15], [16].
where~+%—¢ is a constant gain factor that defines the type of ] ]
connection (positive for excitatory, negative for inhibitory) an&- L€arning Dynamics
its maximum gain;wﬁ’jj‘»z andI'?~< are two variables ranging  The synaptic strength of the thalamic projections to the cor-
from zero to one that express the long-term and short-term &&al excitatory neurons evolves according to a modification of
ficacies of the synapse, respectively. There are three typesaatcently proposed learning rule [26], [34].
connections in the model: 1) nonplastic &ndI" are both con- 1) When the backpropagating action potential and the presy
stant and equal to one); 2) subject to short-term plasticity; and  naptic action potential arrive within a temporal associa-
3) subject to long-term plasticity. A transmission delay of 2ms  tjon windowW (i.e., the absolute value of the time differ-
iS taken intO account in a” the Connections. In Table I the nu- ence between the two events is smaller tHan= 20 ms)’
merical details for each type of connection are given. the efficacy of the respective synapse is increased [7],
Each input neuron receives an excitation proportional to the  [18], [30], [29]
absolute value of its respective analog Fourier coefficient (fre- y
guencies up to a quarter of the Nyquist frequency, 5.5 kHz). Aw;j =« - (4)
Thus we simulate in a first approximation the spectral decompo- to + |ti — 1]
sition achieved by the cochlea and subcortical nuclei [22]. The 4. is the time when the postsynaptic cell fires amds

spectra of all the sounds used in the experiments are keptin this  he time when the action potential of the presynaptic cell
range. Because it takes 23 ms to sample a block of audio signals,  ayrives at the synapse.

the input.to these neurons is upd.ated every 24 ms and kept CON) |f the backpropagating action potential and the afferent

stant until the next update. The time spent in DFT computation ~ action potential occur within the temporal association

is very low compared to the sampling time. . window W, but the inhibitory input attenuates the back-
Each thalamic neuron receives excitation from three input  nropagating action potential [38], [45], the efficacy of

neurons in a tonotopic manner Fig. 1(b). This convergence of  tye respective excitatory synapse is decreased
information allows to process a broad frequency band with a

reduced number of neurons, making real-time processing pos- Aw;; = —f3 to ) (5)
sible. The details of this connectivity, however, are not critical ! to+ [t — 4]
to the performance of the model.

The synapses from input neurons are subject to short-term
depression [46], making the efficacy of the synapse dependent
on previous presynaptic activity

3) In case of nonattenuated backpropagating action poten-
tials which do not coincide with presynaptic activity,
synaptic efficiency decreases with a constant amount

Ui =7, (1= T3) = T3 6(t = tapike,)- ®3) Awij = =1 ©
T4 defines the recuperation time of the synapse (4 slefines Thus, in this learning rule the changes of synaptic efficacy are
the speed of adaptation, being 0.1. crucially dependent on the temporal dynamics in the neuronal

Each cortical excitatory neuron receives excitatory input frometwork. In our model we used the values- 0.02, 5 = 0.005,
all thalamic neurons and in turn projects to one cortical im = 0.01, ¢{x = 10 ms. The weights are kept by saturation in the
hibitory neuron. All cortical inhibitory neurons project to all0-1 range.
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D. Training Protocol and Analysis

The network is trained with different types of acoustic
stimuli. First, we use a commercial CD that is continuously o8y
played for 2.5 h. In this experiment the synaptic weights are 07}
sampled at intervals of 20 s for further analysis. In the second
set of experiments we use a music synthesizer (QS8, Alesis,
Santa Monica, CA) for generating the stimuli. Simple sinusoids
are played for a few minutes either together with continuous o4r
low-band noise or without. The noise is obtained by passing o}
white noise through a low-pass linear filter with a cutoff
frequency of 600 Hz. Network activity, synaptic weights, sound
frequency, and amplitude are continuously recorded for further
analysis. All the parameters of the model are kept constant over % 5 T 15 20 25 0 35 w0
all experiments and the learning mechanism is continuously Number of thalamic neuron
active. Data analysis is performed using a commercial software (@)
package (MatLab, MathWorks, Natick, MA).

Weight

Ill. RESULTS 08

A. Development of Specific Receptive Fields Presenting -
Natural Stimuli

Weight

In the real world events do not occur in isolation but are com-
bined in a variety of ways. In the first experiment we assess
whether our model is able to develop specific and stable rep-
resentations under these circumstances. The initial weights ol

the synapses from thalamic neurons to cortical excitatory neu- 1000

rons are randomly chosen in the range of 0.7-0.8 [Fig. 2(a)]; this time (Secs) 150

makes the initial receptive field of all the cortical excitatory neu- w0, s 10 16 2

rons diffuse and no knowledge about the stimuli is put into the Number of thalamic neuron
network. The network is exposed for 2.5 h to the music from the (b)

CD (“Cabo do Mundo” by Luar na Lubre, Warner Music Spain,
1999). The CD style is celtic music played with traditional in-
struments, vocals, drums and synthesizers. The CD is available i } |
worldwide by music stores such as Amazon.

In this period the learning mechanism continuously acts o08r
on the synaptic efficacies of the thalamo—cortical projections
shaping the receptive fields of the cortical neurons.

Due to the short-term depression in the projection from the
input neurons to the thalamic neurons, not the absolute inten-
sity but the fast dynamics of the different frequency compo-
nents is transmitted to the cortical neurons. However, due to the
initial homogeneous connections from thalamic neurons to cor- o2y
tical excitatory neurons, most of these excitatory neurons are M/
active, resulting in a high level of inhibition in the network. 0
This inhibition leads to an attenuation of most backpropagating Number of thalamic neuron
action potentials within the excitatory neurons and, thus, to a ©
depression of thalamo—cortical synapses [Fig. 2(b), 0—200 s].

With the decrease of the activity level, inhibition is I’ecjuceﬁig. 2. Receptive field dynamics under continuous stimulation with music.

as well, and some synapses are potentiated, leading to the f@rSuperposition of the initial receptive fields of every cortical excitatory

mation of well-defined receptive fields [Fig. 2(b), 200-500 sjreuron. (b) Evolution of_ 'the receptivg field of one of' the cortical excitatpry
. . e eurons. (c) Superposition of the final receptive fields of every cortical

After 30 min most neurons have highly specific and stable rgxcitatory neuron after 2.5 h of stimulation.

ceptive fields which practically cover the full frequency spec-

trum presented to the system. In addition, the different receptive

fields provide a practically homogeneous coverage of the stis-specific to the provided input respond with a short latency

ulus space [Fig. 2(c)]. after stimulus onset. This in turn drives the inhibitory population

The ability of the network to develop receptive fields whichapidly, shunting the backpropagating actions potentials in those
cover the full range of presented frequencies is the result iéurons which are not effectively representing the input, pre-
a competitive process. Neurons with a receptive field whiarenting a change in synaptic efficacy to occur in their afferents.

Weight

04

0 5 10 15 20 25
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Fig. 3. Stimulus statistics using a pseudorandom sequence of five different tones (0.74, 1.05, 1.48, 2.09 and 2.96 kHz). The probability e isctiZrréf8;
1/8, 1/8, and 1/8, respectively. (a) Mean duration of each stimulus. (b) Number of presentations of each stimulus. (c) Mean intensity of eachhstitidiBs
level is chosen as the averaged level of noise in the room. (d) Sound amplitude over time.

These results demonstrate that this local learning mechanisaguencies are presented in a pseudorandom order with an av-
allows single neurons to develop specific receptive fields witherage duration of 0.8 s [Fig. 3(a)] and a probability of occurrence
minutes, which are for realistic input conditions stable oveaf 1/2,1/8, 1/8, 1/8, and 1/8, respectively [Fig. 3(b)]. Inthese ex-
hours. In addition, at the level of the network it allows the fulperiments the signal-to-noise ratio is above 30 dB [Fig. 3(c) and

range of inputs to be represented. (d)]. High learning rates are used,= 0.05, 5 = 0.4, n = 0.1,
in order to demonstrate the ability of the learning mechanism to
B. Dynamic Modulation of Representation Size learn with few stimulus presentations.

The brain uses global signals to provide information on the Fig. 4 shows a typical example of the responses in the net-
behavioral relevance of events. These signals can affect lowark after the presentation of the sequence 0.74, 0.74, 1.48
mechanisms which govern changes in synaptic plasticity. Ahiz. When a tone is presented, typically 1-3 neurons fire in
example of such a system is the basal forebrain, mentionedHi§ input population and 1-2 neurons in the thalamic popula-
the introduction. It was recently shown that the paired activatidt®n, depending on the intensity of the sound. As observed in
of this structure with a particular tone induces an enlargemédhe first experiment, nearly all cortical excitatory neurons re-
of the representation of this tone in the primary auditory cortépond initially [Fig. 4(c), 0-1000 ms; Fig. 6(a)] to a novel stim-
[23]. This change in representation size does, however, not &iis. However, after a few presentations, the number of neurons
fect the size of other representations in the cortical map and thBich respond to this stimulus stabilizes [Fig. 6(a)].
presentation of unpaired tones does not seem to affect the orfhe developed receptive fields are specific: a neuron that
ganization of this cortical area. responds to one tone does not respond to any of the others

We investigate our model using an equivalent stimulation prfiFig. 5(a) and (b)]. Furthermore, the size of the representation
tocol. Sinusoidal tones with frequencies of 0.74, 1.05, 1.48f each tone, i.e., the number of neurons responding to it,
2.09, and 2.96 kHz are generated on a digital synthesizer. Thdses not depend on its probability of occurrence [Fig. 6(a)
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Fig. 4. Raster of network activity responding to three tones in sequence N ) ] o o

(0.74 kHz, 0.74 kHz, 1.48 kHz). Time zero corresponds to the onset of thég. 5. Initial (dashed line) and final (solid line) receptive fields of some

first tone. Vertical dashed lines represent the onset of each tone. (a) Inpgtrons. (a) Neuron finally selective to the 0.74 kHz tone. (b) Neuron finally

population. (b) Thalamic population. (c) Cortical excitatory population. selective to the 1.05 kHz tone. (c) Neuron that finally does not respond to any
of the five tones used in the training. The final receptive field of each neuron
is either selective to one tone (a), (b), or insensitive to any tone used in the

) training (c).

and (b)]. These results demonstrate that the learning rule is

robust and can handle inhomogeneities in the occurrence of

different stimuli. In addition, it shows the ability of the networkdoosing any sensitivity to frequencies represented by other neu-

for dynamic recruitment [26]. That is, those neurons that dons in the population [Fig. 5(c)]. These unspecific neurons can

not develop specific receptive fields remain “unspecific,” whilée activated by novel tones and develop receptive fields specific
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Fig. 6. Response of the cortical excitatory neurons during training. (A) Number of neurons responding to each tone in pseudorandom sequent®f consec
presentations. In each presentation a tone is randomly chosen from the set (0.74, 1.05, 1.48, 2.09, and 2.96 kHz) with a probability of (1/281438)./8, 1
respectively. The color of a bar indicates which tone is presented and its height represents the number of neurons which respond to it. (B) DBigtiébutio
preferred frequency of the 36 cortical excitatory neurons after training, without basal forebrain activity. Each square corresponds to aloeindica&s the
preferred stimulus frequency. For better visibility, the neurons are arranged in four rows in order of increasing preferred stimulus frequensynaided in

white are not selective to any of the used tones. Thus, this representation might be compared to a top view onto the primary auditory cortex agarseaiioly Kil
Merzenich (1998). (c) Same as (a), but now one of the rare stimuli (2.09 kHz) is paired with basal forebrain activity (both the start and endingraf gtexpai

are indicated by vertical dashed lines). (d) Same as (b), for the experiment described in panel (c). The receptive fields are measured afterdipedastpation
(presentation 22).

to them. Hence, the network has the ability to “reserve” neuroemulus (data not shown) and does not affect the size of the
for representing future novel stimuli. representation of the other stimuli. With no basal forebrain
As a next step, comparable to recent physiological expeaetivation, the final number of specific neurons responding to
ments done by Kilgard and Merzenich [23], we pair one of ththe tones 0.74, 1.05, 1.48, 2.09, and 2.96 kHz is 2, 3, 2, 3, and
rare stimuli (2.09 kHz) with the activation of the basal fore3 neurons, respectively [Fig. 6(b)]. In the experiment where the
brain unit. Basal forebrain stimulation occurs simultaneoushasal forebrain is paired with the 2.09 kHz tone, the number of
with stimulus onset. After a paired presentation 22 neurons dgecific neurons responding to the tones is 2, 4, 3, 22, and 4
velop specific receptive fields to this tone [their receptive fieldeurons, respectively [Fig. 6(d)].
are similar to those in Fig. 5(a) and (b), data not shown]. The When pairing is discontinued after presentation 22, the size
number of neurons responding to this tone is stable since in tifethe representation of the previously paired tone is reduced
following paired presentations this number does not decreas®l reaches a size comparable with the representation of the
[Fig. 6(c)]. Therefore we see that the size of representation gther tones (2, 3, 2, 2, and 2 neurons, respectively). Thus, the
this rare tone is much increased compared to the previous expe#rning rule dynamically modifies the size of representation
iment where the basal forebrain remained inactive [Fig. 6(d)]. bF the stimuli according to their behavioral importance, repre-
that experiment the representation size of this stimulus stabilizgsted by the level of activity in the basal forebrain. This effect
after several presentations in four neurons [Fig. 6(b)]. is independent of the probability of occurrence of the stimuli
The basal forebrain input hyperpolarizes the cortical inrig. 6(d)]. In addition, the dynamic modification does not af-
hibitory neurons, delaying their activity with respect to theact the representations of other stimuli [Fig. 6(d)].
cortical excitatory neurons by about 6 ms and, thus, enlarging
the temporal window for the backpropagating action potenti
to induce the potentiation of synaptic efficacies. This resul
in an increase in the representation size of this stimulus. ThisAs an additional control we investigate the properties of the
effect is independent of the presentation frequency of tipeoposed learning rule using stimuli with acoustic noise of

?':sl' Learning With Acoustic Noise
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Fig. 7. Stimulus statistics using a pseudorandom sequence of five different tones (0.74, 1.05, 1.48, 2.09, and 2.96 kHz) and very loud noiserak baekgro
probability of occurrence is 1/2, 1/8, 1/8, 1/8, and 1/8, respectively. (a) Mean duration of each stimulus. (b) Number of presentations of eaclic3tivtedn
intensity of each stimulus. The 0 dB level is chosen as the averaged level of noise in the room. (d) Sound amplitude over time.

greater amplitude in a nonoverlapping frequency band. We uBee temporal dynamics df (time constant of 4 s) is much
the same protocol as in the previous experiment [see Fig. 7¢&wer than the temporal dynamics of the input neuron (time
and (b)], while a continuous low-band noise is played by thmnstant of 19 ms) so we can write
synthesizer. The global signal-to-noise ratio of all the stimuli
s close to 1 [Fig. 7(c) and (d)]. | (Li(1)3 (t = tapine, )) = (30} (8 (¢ — tupine,)) = (LiD) v

The noise continuously excites the input neurons corre- (8)
sponding to the lowest frequencies [Fig. 8(a)]. This in turn

drives the thalamic neurons tuned to low frequencies leadigere Fy is the firing rate of the input neuron which responds

to a response of all cortical excitatory neurons at the firg§ a continuous stimulus. Using this in (7) we have tfiatt))
presentation due to their initially diffuse receptive fields. Aftegonyerges to

a few seconds, however, the efficacy of the synapses from the

input population to the thalamic population, which transduce T)) = ———n.

the presented frequencies, diminishes due to their short-term L+7afFy

depression. This prevents continuously present harmonics

from further activating the thalamic and cortical populationsrhus<ri> goes to zero as the firing rate of the input neuron in-

This can be analyzed by calculating the expected value of #y@ases. Hence, continuously presented audio signals are filtered

changes of the short-term depressing synapses (3) out through rapid synaptic depression. The main harmonics of

) the continuously presented signal induce high activation in the

i) = 7, M1 — (Ta(®))) — £ (Ti(8)8 (t — topire, )y - (7)  corresponding input neuron leading to a continuous excitation

L ©)
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wor ' ' ' ' ’ ] However, as shown in Fig. 8(b) not all aspects of the con-
0.74 KHz 0.74 KHz 1.48 KHz tinuously presented stimulus are filtered out. This is due to

fluctuations in harmonics which have a small contribution to

the signal and are not filtered out by the short-term depressing

100}

strongly affected. However, in our system a thalamic neuron
N . needs to receive 2—3 effective spikes in a short period of time
in order to fire. This means that those input neurons firing
at a low frequency are not able to trigger a spike in thalamic
neurons, even when the connection has a KHigh. However,

5 synapses. The weak contribution of these harmonics makes
g § 8o the corresponding input neuron fire at a low firing rate. From
hot ;60 (9) we see that its connection to the thalamic neuron is not
é g
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o 200 AW 600 8000 10000 12000 a momentary increment in the harmonic contribution would
time (ms) increase the firing rate of the input neuron, thus having the
@) possibility to fire two to three spikes in a short period of time

with a high (I';), making the corresponding thalamic neuron

] fire. Therefore, we see that short-term depressing synapses are
0.74 KHz 0.74 KHz 1.48 KHz not able to completely filter out the continuous noise. As a

! ] result fluctuations in the harmonics of the noise are processed

1 by the cortical network, mixed with the information about the

; tones presented to the system. Furthermore, these fluctuations
: ] in the noise can activate those input neurons that are activated
! | when the 0.74 kHz tone is presented (Fig. 8). Therefore we

w
&
T

w
=3
T

I
&

see that the noise overlaps with the signal both temporally and
- ] spatially.

i Hence, one would expect that the continuously presented

en,s = noise would interfere with the development of receptive fields
| specific to the tones. However, those thalamo—cortical synapses
o 2000 4000 6000 B0 10000 12000 that transduce information about the noise tend to get weaker.
time (ms) The learning rule decorrelates signals that are independent, in
() this case the fluctuations in the spectrum of the noise and the
tones played by the synthesizer. This effect can be understood
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aof ] by calculating the expected increment of synaptic strength per
N 0.74 KHz 0.74 KHz 1.48 KHz ] postsynaptic spikeAW; ;, from (4)—(6). First, we introduce
g% " TR the notation
8 20b : : .n : ) [ :
C : II L] L] “ . :l 1 1 - . t
B a o . i 1 — 0
g‘ ' p - ! II, ; = <7 BPAP; A(||ti — 5] < W)> (20)
Baof & 0 ar .im ] to + ||t — 4]
© P Dl i
(>]<.) w1, - it : ™
T L _ [ L that is, the expected value of the quantity (to + |t; — t;])
S e = " given that the backpropagating action potential in the postsy-
8 sboj=rop A - : naptic neuron is not attenuated by the inhibitio® AP;"),
Ao Pl . and that this event and the presynaptic spike fall within the tem-
. T R e e poral association window” (see Section 1I-C)¢; andt; are
time (ms) the times when the presynaptic and postsynaptic neurons spike,
© respectively. Analogously
Fig. 8. Raster of network activity following the presentation of three tones to
(0.74 kHz, 0.74 kHz, 1.48 kHz) with very loud noise as background. Time zero®; ; = ( ——————| BPAPm; A (||t; — ¢;]| < W)
corresponds to the onset of the first tone. Vertical dashed lines represent the to + ||tz - tj”

onset of each tone. (a) Input population. (b) Thalamic population. (c) Cortical (11)
excitatory population.

that is, the expected value of the quantigy (¢to + [t; — ¢,|)
of the thalamic neurons they project to. The efficacies of thgiven that the backpropagating action potential in the postsy-
synapses connecting these input neurons with the thalamic neaptic neuron is attenuated by the inhibitiof@ A Pm;"), and
rons would have a very lodI';) strongly attenuating the signalthat this event and the presynaptic spike occur within the tem-
they transduce. poral association window!. Given these definitions the ex-
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pected increment of synaptic strength per postsynaptic spike can
be calculated from (4)—(6) resulting in

(AW ;) = alli jp(BPAP; A ([[ti — 1] < W)|sp;)
— B p(BPAPm; A (|[t; — ;]| < W)|sp;)
—np(BPAP; A (|Iti — t5]] = W)lsp;)  (12)
where “sp;” means “there is a spike in thgh postsynaptic
neuron.” In case théh thalamic cell encodes just fluctuations
in the noise while another signal is making the cortical excita-
tory population fire, the activity of this cell is uncorrelated with
activity of cortical excitatory celf, that is
p(BPAP; A (|Iti — t5]] < W)|sp;)
=p(BPAP;|sp;) p(||t: — t,]| <Wlsp;)  (13)
p(BPAP; A (||ti — t;]] = W)lsp;)
= p(BPAP;|sp;) p(|[t: — 1] = Wlsp;).  (14)
Because botl# and®; ; are positive

(AW j) < all; j p(BPAP; A (||t — 5] < W)|sp;)
—np(BPAP; A (||t — t5]| = W)lsp;). (15)

Noting thatll; ; < 1, and using (13) and (14)

(AW, ;) < ap(BPAP;|sp;) p(|[t: — ¢;]| < W/sp;)

—np(BPAP;|sp;) p(|lt: — ;]| > Wlsp;). (16)
Therefore, A(W; ;) is guaranteed to be negative (forcing the
final value of the synaptic strength toward zero) if

pllt: = ;1] < Wlsp;)

: (17)
1 —p(llt: = ]l < Wlsp;)

n>uo

If the noisy output of thalamic neurancan be described as a
Poisson process with raf€, then

2W
it =l < Wlapy) = [ et = 1=, 19)
0
Using this in (17) we obtain
N> o (GQFW — 1) . (29)

This equation shows that the smaller the association window
W is, the easier it is for the learning mechanism to prune the
synapses that carry noisy information. In addition, the smaller
the Poisson noise rate is, the easier it is for the learning mecha-
nism to prune the synapse which transduces it.

Therefore, this learning mechanism decorrelates the noise

0.8r

Weight

0.4r

0.2t

0.6

5 10 15 20 25 30 35 40 45

Number of thalamic neuron
(@)

0.8

Weight

04f

0.2r

0.6

5 10 15 20 25 30 35 40 45

Number of thalamic neuron
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from the receptive fields of the cortical excitatory cells sensfg. 9- Initial (dashed line) and final (solid line) receptive fields of selected

neurons in the experiment with very loud noise as background. (a) Neuron

tive to tones. Effectively, we see in [Fig. 9(a)] that the reCem'nally selective to the 0.74 kHz tone. (b) Neuron finally selective to the

tive fields of the neurons that fire to the tones are decorrelatedo kHz component of the noise. (c) Neuron that finally does not respond to

from noise. A few neurons develop receptive fields specific @&V of the five tones used in the training.

frequencies that are part of the noise: two are finally selective

to frequencies lower than 0.7 kHz and one is selective to 0.f&lg. 9(c)]. This ensures the ability of the network to learn fu-

kHz (Fig. 10). These neurons, however, do not respond to a@aye tones. In conclusion, the system proved to be robust against
of the tones [Fig. 9(b)]. Finally, the remaining neurons do ndtigh noise levels and the results obtained are similar to those

respond to either the tones or the noise, remaining “unspecifieithout noise (Fig. 10).
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the frequency of low-frequency tones is also coded by timing
information (the spikes in the neuron are locked to the phase of
the sound). We did not include this mechanism for simplicity.
This mechanism could be easily integrated by using the phase
of the DFT coefficients to modulate the firing of the input neu-
rons in order to produce phase locked spikes. However, in the
present context, the cortical network would not be able to dif-
ferentiate between locked or not locked action potentials, and
performance would not be affected.

Another simplification is that we are using chunked sampling
(24 ms), keeping stimulation of the input neurons constant
during that time. This is not crucial in our system, as long as
the envelope of the sounds we used in the experiments changes
slowly. This chunking of the input signals, however, limits
Fig. 10. Distribution of the preferred frequency of the 36 cortical excitatothe phase information available. Although not relevant for

neurons after training with a sequence of tones with very loud noise ; ; ; ; ; ;
background using the same convention as in Fig. 6(b) and (d). Each tomeiﬂrj]r present experiments this type of information is crucial for

the sequence is randomly chosen from the set (0.74, 1.05, 1.48, 2.09, §And source localization. Her?ce- the present system could not
2.96 kHz) with a probability of (1/2, 1/8, 1/8, 1/8, 1/8), respectively. Thesupport such forms of processing due to the loss of sound onset

displayed receptive fields were stable and resulted after 50 presentatiqﬂ:f rmation as a result of the input chunking One solution to
Neurons marked in gray and gold are selective to frequencies which are part, of :

the noise: gray indicates a preferred frequency lower than 0.7 kHz, and gmis problem could _be to shorten the Ien_gth of the samplelq:a}ta.
indicates a preferred frequency of 0.90 kHz. This loss of resolution, however, would increase the sensitivity

of the DFT to noise. Other solutions could be found in using
overlapping samples or wavelet based analysis.

Another simplification is that we do not try to replicate the

In this study we investigate the properties of a real-timeuge dynamic range of the auditory system (about 100 dB). For
implementation of a biophysically realistic learning rule usinthis reason the network does not adapt to strong changes in the
real-world stimuli. Within the framework of a model of theamplitude of the sound (e.g., it does not respond to very weak
mammalian auditory system we investigate a single integratg@unds). A possible solution to this problem is to use adapting
learning mechanism which combines a local learning ru@ins in the neurons.
which can be affected by a global mechanism. We show thatBiological systems learn from the real-world in real-time
this model supports continuous and fast learning, provides i@inorder to enhance their ability to survive. Learning on one
even coverage of stimulus space, generates stable represdr@tad allows the identification of stimuli which are relevant for
tions combined with the flexibility to change representatioridehavior and on the other to shape the behavioral output of the
in relation to task requirements. This is in good accord witsystem. The learning abilities of biological systems has so far
our previous results using computer simulations of biologicabt been paralleled by those of artificial systems. For instance,
neural networks [26], [34]. In addition we have shown that thigne important area of research is in the domain of extraction
biophysically realistic learning method is robust against noisé basic features of sensory stimuli using learning methods [5],
and strong imbalances in the statistics of the input events. [6], [13], [21], [33]. We would like to discuss critical aspects

In implementing our model we made some simp|iﬁcation@f our work in the context of the problems which pertain to
which are not critical to the presented results but could teis area.
important in further extensions. For example, in our model « Inthe real world sensory inputis a long continuous stream
the auditory input neurons are band-pass filters with constant of unlabeled events. Potentially relevant and to be learned
bandwidth. However, in biology the bandwidth of these  stimuli may occur at any time. Hence, a learning system
neurons changes accordingly to their preferred frequency needs to be able to adaptively identify and construct rep-
(narrower at low frequencies and wider for high frequencies). resentations of relevant events or stimulus identification
This would change slightly the activity statistics of the input [49]. In our experiments there is no distinction between
neurons, diminishing the activity of input neurons tuned to  a training phase and an application or test phase. The
lower frequencies (since now they have a reduced receptive learning mechanisms of the system are continuously ac-
field) while increasing the activity of input neurons tuned to tive, allowing the system to learn new stimuli at any time.
higher frequencies, which now have a broader receptive field. « In contrast to simulation studies, in the real world it is not
As it is shown in the paper, the learning rule is robust against possible to tightly control stimulus statistics. Since online
inhomogeneities in the input statistics. Therefore, the use of learning has no late or early phase and needs to store in-

Best freq (kHz)

IV. DISCUSSION

input neurons with different bandwidths is expected to lead to
similar results to those we present in the paper.

Another aspect is the omission of temporal cues to frequency
coding for the model. The input neurons of our model code the
stimulus spectrum using a place representation (each neuron re-
sponds to a characteristic frequency). However, in the biology

formation at any time/continuously, the learning mecha-
nism must be able to deal with high inhomogeneities in
the coverage of stimulus space. Our model can deal with
strong inhomogeneities and we show that the size of the
representation of a stimulus does not depend on its fre-
guency of presentation. This is a highly desirable feature
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for a learning mechanism since neutral stimuli might be
very frequent while those which are behaviorally relevant
only occur sporadically. A learning mechanism which is
sensitive to the presentation frequency of a stimulus would
be saturated by neutral stimuli and insensitive to relevant
ones. Hence, a learning system which interacts with the
real world should dedicate more resources for processing
relevant or potentially relevant stimuli. This is also sug-
gested by the experimental data on auditory learning [50],
[23] and captured by our model.

Individual stimuli should be learned on the basis of
a single or few presentations (“one-shot-learning”),
requiring high learning rates. However, this could desta-
bilize the system leading to a loss of previously learned
stimuli (“speed-stability problem,” [19]). Hence, a
learning mechanism working in the real world should be
able to use high learning rates while keeping the learned «
representations stable. The learning mechanism we
propose satisfies this requirement. It allows the learning
of new stimuli while conserving the previously learned
representations.

Furthermore, it allows one-shot learning, due to the
ability of the learning mechanism to work with high
learning rates: neurons that respond faster to the stimulus
show rapid acquisition, while neurons responding late
will suffer strong depression of their activated sensory
synapses extinguishing their response to a future presen-
tation of the stimulus. This strong competition permits the
model to be stable while allowing one-shot learning. An-
other consequence of this competition is that the receptive
fields of the neurons tend to be nonoverlapping. Using
low learning rates, however, would diminish the “average
competition” allowing receptive fields to overlap. The de-
tails of this process depend on the details of the stimulus
statistics. One-shot learning, however, needs to be traded
off against the signal to noise ratio, that is, for a learning
system it is impossible to distinguish signal from noise in
just one trial. If the signal to noise ratio is close to one,
the learning rule needs more trials to prune the dynamic
noise, achieving a noise free representation of the signal.
Real-world stimuli are inherently noisy. This includes
dynamic noise due to imperfections of sensors, but also
static noise, due to cross-talk of different individual
stimuli present simultaneously. Furthermore, some varia-
tions (e.g., distance of an object and thus its retinal size)
are not important for one aspect (e.g., recognizing its
identity) and thus represent noise but can be all decisive
for other aspects (e.qg., grasping it). Thus, the system must
be able to cope with different kinds of noise appropriately In
depending on the task at hand.

crucial. However, in dealing with static noise without a
high level memory system, or other means to describe
larger statistics, noise can not be differentiated from
signal in a single trial. Our system can partly deal with
this problem if the learning rate used is not too high. In
this case, if stimuli are not presented alone but mixed
in different combinations (e.g., by using a typical music
CD) the system achieves a “sparse” representation of
the environment that minimizes the redundancy while
covering the complete stimulus space. Interestingly, this
is the type of representation that the visual cortex seems to
use [32], having the advantages of minimizing the energy
consumed [4] while minimizing the reconstruction error
[32]. In addition, it is important to obtain low-redundancy
codes (“minimum entropy codes”) in order to make the
processing by higher stages as simple as possible [5].
Due to limitations in hardware and/or software, simula-
tions of learning in neural networks are often far from real
time, and thus not suitable to be used in real world tasks.
In this work we show that a real-time implementation of a
biophysically detailed model, with some reasonable sim-
plifications, is possible. The hardware used is based on a
Pentium Il processor running at 500 MHz; the model in-
cludes 244 neurons, 1548 plastic and 1496 nonplastic con-
nections. In this type of study the critical element affecting
computational load is not the number of neurons, but the
number of connections. We estimate that with a Pentium
IV at 2 GHz it is possible to increase the size of the two
cortical populations up to 110 neurons each. This renders
an overall system size of 392 neurons, 4730 plastic con-
nections and 12 448 nonplastic connections in total.
Further optimizations of the implementation could be
achieved by recoding parts of the simulation and reducing
the number of connections. For instance, the number of
connections can be drastically reduced if we use a rough
topology inthe connections between thalamic neurons and
cortical excitatory neurons and in the connections between
cortical inhibitory neurons and cortical excitatory neurons
instead of the presently applied “all to all” topology. We
gained in the computational efficiency by relying on a
distributed implementation of the overall system, running
each component of the system on a separate computer,
which is a prerequisite for the real-time simulation of large
scale networks. This is provided by the neural simulator
we use IQR421 [47]. Further optimizations can be pro-
vided by using FPGAs or analog VLSI (aVLSI) devices.
Currently we are experimenting with replacing the digital
FFT with an aVLSI model of the cochlea.
our model a local learning rule interacts with a global

modulatory system. This represents the substantial gabaergic

In our model we included a short-term depressingrojection originating in the basal forebrain, which terminates
mechanism in the synapses formed by the peripheri cortical inhibitory neurons [15], [16]. Its activation increases
neurons on the thalamic ones [46]. We show that thike proportion of successfully backpropagating action poten-
mechanism can filter out the continuous part of thgals in the cortical excitatory neurons [34]. Interestingly, the
dynamic noise. The remaining part is decorrelated fromuch better investigated basal forebrain cholinergic projection
the receptive-fields through the learning mechanisri87] increases the fraction of backpropagating action potentials
In this case the information provided by the temporah cortical neurons [45]. Thus, these two subcortical projections
relations between presynaptic and postsynaptic spikesniay act synergistically, enhancing each other's effect. Of
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course these findings do not preclude additional actions gfi3]
acetylcholine, e.g., the modulation of effective intracortical
connectivity [48]. In addition we include a short-term de-
pressing mechanism in the synapses formed by the peripheral
neurons on the thalamic ones [46]. Experiments on this propgd°]
erty do not investigate the synapses which we assume to adapt,
but the abundance of data about these mechanisms in different
types of synapses [52], [41], [46] supports our hypothesis. Th&-]
integration of these biologically realistic mechanisms in the
model renders a number of interesting abilities which did not
interfere with each other. [17]
In conclusion, we have presented a biologically realistic
neural network that performs in real time, learning sensoryis]
maps of the environment using real-world stimuli. However,
the interaction of learning sensory representations and ovefq
behavior is an essential aspect of an autonomous agent. Ulti-
mately, only this interaction allows an assignment of relevancfol
to a subset of stimuli. Indeed, experimental evidence demon-
strates that compared to passive reception of stimuli, activ2]
sensing qualitatively influences the development of sensory
representations [35]. Hence, the implementation of the mode),
on a robot interacting with the environment [25], [49] will be
an exciting topic for future work.
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