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ABSTRACT into the dendritic tree (3). In distal parts, where back- prop-
. agating spikes fail to invade, slow and wide lod&t*- and
Ar.t|f|C|aI neural networks (ANNS) are gsually homoge- Ca®t channel-dependent dendritic spikes provide the nec-
nous in respect to Fhe U,SEd learning glgonthms. On th? Otr_‘eressary depolarization (1). These observations suggest that
har_1d, recent physiological observations suggest tha}t in b'o'synaptic modifications are location-dependent.
logical neurons synapses undergo changes according to lo- In this paper we present a biophysical model of STDP

(r:nacltli\e/:trgcljn?e;ur:qei?]. "r]u:g?/vshﬁléﬂyizvienﬁ;eeiecg dabblzlzg)flgally which captures the dependence of synaptic changes on the
of the correlated gsignals and results in a Iear);ing C%arac_memk_)rane potential shape. The model uses a differential
teristic which depends on the dendritic site. We investigate Hebbian rul_e o correlate the NMDA synaptic conductance
this rule in a biophysical model as well as‘ in the equiva- and the derivative of the membrane potential at a synapse.
lent artificial neural network model. As a consequence of We will show that the mo.del reprodupes the. .STDP we|gr_1t

) change curve in a generic way and is sensitive to the dif-

a%rbltggil ::Ielgyr? Hogzﬁ.rgﬁ rg::nt.fnsc'gr?ncsogqg gt'fiﬁ;eggaleferent shapes of the membrane potential. The model pre-
' pia ! Ny X dicts that learning depends on the synapse location on the

neuron. Thus, ?L;]Ch a rulledcj‘guld b? useq in an ANN 0 CrE'dendritic tree. Then we will describe the equivalent circuit
g;enfgzzﬁv?g?kvﬂziteiztle:i())/ntlroellree dnf,vg;rnlng properties att ediagram_ an.d_discuss the modgl referring to sy;tem—theory,
: presenting it in the context of filter transfer functions at the
end of this article.

1. INTRODUCTION

Learning rules used to update the weights in artificial neu- 2. BIOPHYSICAL MODEL
ral network algorithms are the same for all inputs and units. Th del dendriti ith a si
However, recent physiological experiments suggest that in e model represents a dendritic compartment with a sin-

biological neurons synaptic modifications depend on the lo- gle NMDA syhapse (Fig. 1.A)' Th_e .NMDA channels are
cation of the synapse (1) i.e. synaptic strength is regulatedessem'al in inducing synaptic plasticity as their blockade to
by local learning rules a large degree prevents STDP (1). It is believed that NMDA

The same synapse may be strengthened and Weakenecawannel-mediate(‘L’a2+ influx triggers the chain reactions

depending on the temporal order of the pre- and postsynap-mVOIVmg CaMKIl, calmodulin, calcineurin and in this way

tic activity. The weight grows if the presynaptic signal pre- affects the synaptic strength (4). The I\_IMDA_synapUc C(_)n'
cedes the postsynaptic signal, and shrinks if the temporaIdUCtance’ regarded as a presynaptic signal, is given by :
order is reversed. Such form of synaptic modifications is

called spike-timing-dependent plasticity (STDP) (2). How- gt)=gqt) =g
ever, not only the timing of the pre- and postsynaptic ac-

tivity, but also the the shapes of the signals may define thewherev is the membrane potentialy — 4 n.S peak con-
properties of synaptic plasticity. This claim is supported ductancegy — 4 nS 1 — 40 ms, 7, — 0.33 ms time
by the fact that strong depolarization, necessary to induceConstants and) = 0.33/mM, [M¢>t] = 1 mM, » =

synaptic changes, has a different origin and a varying shapeol%/mv (5). The membrane potential is expressed as:
along the dendritic tree. Close to the soma learning is driven

by steep and short back-propagating spikes which become v () ’ Vyest — V(1)
more shallow and longer in duration while back-propagating € —2,— = ¢ 9(1)[E—v(t)] +iaep (t) + ———F——, (2)
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wherep is the synaptic weight of the NMDA-channeljts Presynaptic Signal A
conductancely = 0 mV its equilibrium potential. The cur- Plastic d

rentiqe, is used to account for the depolarizion caused by Synapse P \

other sources than synaptic inputs, such as back-propagating o ms 100
spikes or local dendritic regenarative potentials. The last

term represents the leakage current. The resting potential
Viest = —70 mV, membrane capacitanée = 50 pF’ and

the membrane resistanceffo= 100 M.

The differential Hebbian learning rule for the synaptic .1on ™ B v &
— =g@)V'(t), 3)

change is defined as: O
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whereg is the normalized conductance function of the NMDA

channel, the pre-synaptic influence quantity, &fds the . .
L : : Fig. 1: Schematic diagram of the model. A) Components of
derivative of the_p_OStSynaptlc membrane.' pOtentlal' . the membrane model. The inset shows the NMDA synaptic
The depolarizing membrane potentials, which trigger conductance function. B) Depolarizing membrane poten-
synaptic plasticity, vary along the dendritic tree. We use a tials: steep back-propagating spike and shallow dendritic
short and steep back-propagating action potential to modelspike 210um and 860um from the soma, respectively C)

the synaptic changes close to the soma, and long and shall 1€ resulting weight change curves. The shallow depolar-

low dgndritic spike to account for syn_aptic modifications in f)zﬁng (;tegtggﬁj(‘jfa]tgg?temamn even for negative values

the distal parts. The back-propagating spike and the den-

dritic spike, measure@10um and860um from the soma,

respectively, are presented in Fig. 1 B and have been takeriracellular resistance?, andC- describe the passive mem-

from (6; 7). The depolarization coming from these spikes brane properties and alltogether determine the shape of the

is very strong, therefore we may neglect the contribution of postsynaptic signat. The derivative ofv, obtained after

the NMDA synaptic input. Instead of using Eq. 2 we calcu- the filtering in the lastiz; and C> circuit, is multiplied by

late the change of the membrane potential using the giveng. The resulting so called weight change is fed to a gain-

shape of the spike and then substitute its derivative in thecontrolled amplifier and influences the postsynaptic signal

learning rule (Eq. 3). v. Various shapes of the postsynaptic sigahay be ob-
We obtain an asymmetrical weight change curve if the tained by adjusting the values &, , R; andC» and would

depolarization is provided by a steep back-propagating spikdead to different learning characteristics.

(Fig. 1 C). The synapse is weekened'ik 0 and strength-

ened ifT" > 0, whereT is the temporal difference between 3 BIOLOGICALLY INSPIRED SITE-SPECIFIC

the presynaptic activity and the postsynaptic activity> 0 LEARNING ALGORITHM
means that the postsynaptic signal follows the presynaptic

signal at the NMDA channel and vice versa. However, we We represent a further step of abstraction in Fig. 3. This
observe a shifted curve if the depolarization comes from the block-diagram is not directly equivalent to the circuit in
shallow dendritic spike. The synaptic weight grows even Fig. 2 but it captures the main observation emerging from
for negative values of’ > —20ms. Thus, we get plain  the biophysical model. Namely that learning depends on
Hebbian learning between20m.s andoo. the location of the synapse, i.e. is driven by the derivative
The model reproduces the STDP curve in a generic way. of a postsynaptic signal specific at a given site. In an artifi-
The shape of the weight change curve is strongly influencedcial neural network system this would mean that output sig-
by the shape of the depolarizing membrane potential, whichnal undergoes a transformation specific for each input and
induces plasticity. The slow rising flank of this signal is the only then its derivative is applied to update the weight of a
essential factor of the transition from an asymmetrical to a given input. The diagram of such an algorithm is presented
symmetrical weight change characteristic. As the depolar-in Fig. 3. We can still roughly associate the NMDA char-
izing potentials vary in different parts of the dendritic tree, acteristic to the pathways, _,, representing many (possi-
these results suggest that learning rules are local and depenilly different) inputs and the source of depolarization (e.g.,
on the location of the synapse in biological neurons. the back-propagating spike) to the pathway Hence this
The electrical circuit equivalent to the model described pathway enters the summation node with an unchangable
above is presented in Fig. 2. Elemeiits, C; define the  weight py. This circuit is a modified version of the 1ISO
shape of the presynaptic signalR; corresponds to the in-  learning circuit (8). ISO learning is a drive-reinforcement
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Fig. 2: Equivalent electrical circuit of the learning algo-
rithm. Postsynaptic signal v is differentiated by Ry C cir-
cuit and multiplied by the presynaptic signal g to obtain T T
the weight which influences the postsynaptic signal v via
a gain-controlled amplifier.

!

Fig. 3: A) Algorithm for site-specific learning. Transfer
functions are denoted as h, changing weights p as an apli-
algorithm for temporal sequence learning where the weightsfier. All inputs are filtered. Weight pg is fixed. Weights
change according to the relative timing of the input signals. P1.-... pn are updated using the derivatives vy.,...,v;, of the
Allinputs zo, 21,...,2,, are filtered using bandpass filtés filtered output v. Filter functions h11 ,...,h,,, differ for each

. input. B) Analytically calculated weight change curve if
ha,..., hn, weighted bypo, p1,..., p, and summed to produce the filtered output has a steep rising flank C) Analytically

the outpu: v = pouo +3_;_; piui, Whereu = z x h. Dif- calculated weight change curve if the filtered output has a
ferent from the ISO learning, here the output is also filtered shallow rising flank.

with the filtershyy,....A,,, and only then the derivatives of

the obtained signals,,...,v,, are used to change the weights

of the corresponding inputs: shapes of the depolarizing membrane potential at the loca-
tion of the synapse. This signal changes its shape along the
dendrite and may be provided by different mechanisms such
as back-propagating spikes close to the soma and dendritic
spikes in the distal parts. Therefore we predict that learning

rules are location-dependent. Close the soma, where learn-
) . ing is driven by short back-propagating spikes, the synaptic

for the ISO learning (8) to calculate the weight change curve modifications are bidirectional, described by an asymmetri-

for different §hapes of the filtered OL.JtpUt S|gna! (for details cal STDP curve. In the distal parts, where synaptic changes
see Appendix). For a steep output signal entering the learn-

. L . . ) are induced mainly by long-lasting dendritic spikes, synapses
o e o oo 0890 poeaon ven o negave valueTo T
(Fig. 3B.C). The parameters of the filters, ... /1, which same learning rule leads to different synaptic modifications
oo . i v T and it is self-adjusting following the shapes of the depolar-
transforms the output signal determines this transition. o S - -
ization source in different locations of the dendritic tree.
The typical approach to model STDP is to assume a cer-
4. DISCUSSION tain weight change curve which does not depend on the lo-
cal properties of the cell, e.g. (9). A few more detailed mod-
The biophysical model of STDP inspired an artificial neu- els take into consideration the postsynaptic signal which is
ral network algorithm with site-specific learning rules. The associated with the membrane potential, e.g. (10; 11; 12)
biophysical model is based on a differential Hebbian learn- and observe that its shape influences the shape of the weight
ing rule which correlates the NMDA synaptic conductance change curve. These models differ from our as the rule of
with the derivative of the membrane potential. The results (10) is based on TD learning, while (11; 12) rely on the
show that the weight change curve strongly depends on theabsoluteCa?* concentration in the weight updating algo-

d
pride puiv; wherev, = v x hy;, p < 1. (4)

We assume that the inpug is dominating the output and its
weight pg is fixed. We apply the analytical solution derived



rithm.

Our algorithm offers the possibility to easily define a
parameter-controlled learning rule in an artificial neural net-
work. We have just now started trying to solve an instru-
mental conditioning problem, where the actions of the learner
influence its inputs and hence the learning with such an ar-
chitecture. A small network of sub-comparmentalized neu- 2]
rons is linked to a simple agent that reacts to stimulus pre-
sentation with an orienting behaviour following the stim-
ulation of the right neuronal subset. The goal is to train
it with one unconditioned stimulus (US) and several con-
ditioning stimuli (CS) only one of which is correlated to
the unconditioned stimulus. The US will always trigger
the correct output neurons to elicit the orienting response.
Conversely, each CS elicit a response in many input neu-
rons, some of which are better correlated watich other
than others. Hebbian learnihgtweerthese CS inputs will
“extract” and strenghten the better-correlated neurons. This
leads, after learning, to a drive froall CS regardless of
their correlation with the US. Now we get reliable (but mostly
wrong) behavioural reactions. Since all but one CS are tem-
porally uncorrelated to the US, differential Hebbian learn-
ing will lead to a weakening of all “wrong” CS. By the end,
the system has learned to drive a small subset of only a few
neurons in a feed-forward way, eliciting a response that will
lead to the desired behaviour. This is work in progress an
no results exist so far. Nevertheless, it clearly shows how
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5. APPENDIX
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way and shape the output signglwhose derivative enters
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Fetsin(bt) with @ := —7f/Q andb = /(27 f2 — a2,

wheref is the center frequency ardglis the damping. Then
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by: forT >0
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Pi (T) - M’bi(Pi+2aiaol‘+2bib()i)(Pi+20zz‘a0i*2bib0i) € ‘
and forT < 0

(T) _ . boiM; cos(bo; T)+(api P+2a;|po: \2) sin(bo; T) e_T‘“
Pi =H boi (Pi+2a0iai+2bo:b; ) (P;+2a0ia; —2bo;b;) !
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|ai|2 — |bi‘2,p01‘ = ‘a01‘|2 — ‘b01‘|2, 1 > 0. The parame-
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