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A rule-based firing model for neural networks
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Abstract—Full multi-compartment multi-channel neu- such models are extremely expensive computationally.
ron models are state of the art for single neuron modeling Additionally, these models produce complex, difficult-
but are CPU intensive. This makes them unsuitable for 1, nqerstand dynamical behaviors that makes them very
network modeling, where simulation of 10,000 or more . .
neurons is desirable. For this reason, most network mod- hard.to tune to proquce particular input/output responses.
els utilize highly simplified models such as single state- Altering the many internal parameters of these models
variable integrate-and-fire units. This compromise has the will typically change several of the neuron response

disadvantage of eliminating most biological detail, much patterns that one wishes to individually explore in a
of which can be expected to lead to interesting and network setting.

important network behavior. To reconcile these opposing
computational and biological demands, we developed a For these reasons, we have developed a rule-based
rule-based firing (RBF) model incorporating a number firing model that reproduces some of the complexity of

of synaptic and cellular responses which are activated as ya5| neyrons with little computational overhead and with

needed. The rules produce effects that include adaptation, d ¢ t that likelv to b itical
bursting, depolarization blockade, Mg-sensitive NMDA ready access 1o pgrame ers f"‘ are li ey_ 0 be critica
conductance, and post-inhibitory rebound. By utilizing for network dynamics. The basic rule remains the same
pre-calculated waveforms and avoiding linked differential  as that of the integrate-and-fire model: fire when the state
equations, network simulations are entirely event-driven, variable exceeds a fixed threshold. Additional rules are

with no integration overhead. The model has been further nen added as needed to capture a variety of biological
optimized by use of table look-ups in lieu of run-time details

calculation.
Keywords: neural networks, computer models, sim-

ulation Il. METHODS

We have developed the RBF model to be entirely event
driven: state variables are only updated when an event is

Classical artificial neural network (ANN) models uti-received. These events can be 1. external synaptic events
lize simple sum-and-squash analog units which add théiom another neuron or a stimulator; 2. internal events
inputs linearly and then pass them through a nonlineemdicating that the unit must now update some state. A
function to produce a bounded output. Networks of thesémple example of the latter is a refractory period. The
units can produce many interesting behaviors. Howevemit is refractory (ignores input) during a fixed period
the utilization of ANNs as direct models of the nervousf time following spike generation. At the end of this
system is limited by their use of a single continuouperiod, it needs to update its internal state in order to
state variable. This state-variable is assumed to beinglicate that it is no longer refractory.

stand-in for the rate of firing of nerve cells. Although \ost external inputs produce a step increment in
rate coding is likely to be important in the brain, thesgne of the internal state variables. These state variables
simple ANN models do not readily capture other codingyepy gecay exponentially back towards resting state. By
schemes, such as those involving synchronization agding table look-up, we avoid run-time calculation of
oscillation, that are also like to be essential. these exponentials as well as other response waveforms.
Integrate-and-fire neurons provide the critical missingdditionally, random variables are precalculated and
detail: spike generation. They can therefore be utilized ttored in arrays so as to avoid calls to computationally
design networks which show these additional propertiespensive pseudo-randomization routines.
that require clear signal timing. A number of interesting e techniques and simulations described here
results regarding oscillation and phase locking have begp, implemented in the NEURON simulator
obtained with such model neurofis. (www.neuron.yale.edu)."* Although NEURON is a
The ultimate level of network modeling realism is tacompartment model simulator, it features an efficient
utilize full compartment models with multiple voltage-event queue utilizing a splay-tree algoritiirfil
sensitive ion channels in all compartments. Howevefhe NEURON integrator can be turned off during

I. INTRODUCTION
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event-driven simulations so as to offer no time- antighly regular which in a network setting could produce
minimal space-overhead. Individual neuron integratemwanted coincidences. As a symmetry-breaking proce-
can also be turned on to run hybrid networks with botture, jitter can be added as a small additional random

compartmental and rule-based célls. delay in spike firing time.
At least two kinds of burst spiking are commonly
I1l. RESULTS seen in neurons: driven bursts riding on top of powerful

synaptic stimulation and an intrinsic bursts produced by
As noted above, the primary rule is that of thehe intrinsic mechanisms of the neuron itself. Both of
integrate-and-fire neuron: the neuron fires when thgese burst types can be produced by the RBF model
activation state crosses a fixed threshold. HOWeVer, \Hﬂth the latter emerging from a rule that determines
the RBF model, the activation state is not itself aRyrst length and frequency. Here again, the bursts can
independent variable but is instead taken as a tol@ varied by adding jitter or by varying the length or
membrane voltagd/,, that is the sum of four state- frequency.

variables that represent various types of input as well aSDepoIarization blockade of spiking occurs in a
an additional state which responds to spiking. The fOLil_F dgkin-Huxley model neuron, as in reality, where the
external state variables correspond to the major types oF . ' -
svnabtic inputs: the excitatory AMPA and NMDA in uts‘_voltage rises beyond the domain where sodium chan-
a)r/1d t?\e inhFi)bitdr GABA, angGABAB inouts (AMPF,)A 'nel activation and deactivation occur, preventing the
Y puts. i ﬁ:haracteristic action potential oscillation. In the RBF
NMDA as used here do not refer to the actual chemicals o )
model, depolarization blockade occurs when a fixed

but to the excitatory synaptic connections associated Wltréper threshold is reached. RBE rules also emulate

their associated receptors.) The internal state varialil)Le influence of NMDA activation, with its tendency
corresponds to a summed afterhyperpolarizing pOtaSSiltl(r)nproduce longer and stronger d;epolarizing effects in

current (AHP) which is triggered following spike gen- he presence of postsynaptic depolarization. In the RBF

'raera:s;én-[gg;p;:(leblljisiillicri:els Qr?te\r/]eegtd tr:gt?:zr:rg:rgg% del, this influence is instantiated using the standard
P ply g™ unblocking equationi /(1 + exp(0.062 - —Vjy) -

to Fhe event queue for_ delivery to postsynaptic cells tﬁ[g/3.57).1° Note that the use of realistic units (mV)
which the current cell is connected.

o _ _ for voltage rules allows us to use the standard*Mg
The response to an individual input is a voltagg@ependence equation. We have not yet implemented

jump after an axonal delay. Weight'axr»4 determines |earning rules associated with NMDA activation.
the size of the voltage step whose amplitude is also

proportional to the distance from thB4),;p4 reversal
potential:Vjﬁ@’};A =Wampa - VEEM (Eapmpa in

NMDA shows cooperativity based on postsynaptic

voltage: increased activation leads to greater depolariza-

the denominator is a normalizatic;ﬁl)f:f\lote thEl A pa tion Ie_ads_to further activation. Hlppocampus _shows a.n
intriguing image of this postsynaptic cooperative effect:

is @ unitless weight, not a conductand&.y pa con- GABAg, a prolonged, inhibitory input, demonstrates a
verts a driving force to a step voltage increment due to L .
cpoperativity based on the strength of the presynaptic

the AMPA activation. This step is added to a CaICUIateburst“]v[“ Thus a large presvnaotic burst can produce
ongoing Vaa pa Which represents the summed AMPA ’ g€ presynap P

EPSP and is maintained as a separate state variaBie ey substantial inhibition. However, the effect of

. . . inhibition is often dual, since it effects an immediate
Following a step,Vaarpa decays with time constant . .
. cessation of activity but also encourages a subsequent
TapmpAa. FOr convenience, parameters are expressed_in

‘ : . ; facilitation of firing through an anode-break mechanism.
biological units, so that for example resting membra

potential andF 4, p4 can be different in different cells. his rebound effect is particularly prominent in thalam-
ocortical cells but can be seen to a lesser extent in many

As noted above, the model maintains sepafdlg, cell types®
synaptic state variables fo¥Vyapa, Voapaa and

. . . In the RBF model, increasing presynaptic burst size

Vo ABap With suitable time constants and reversal poten- o )
g S . N produces larger IPSP and greater rebound firing. This
tials and an intrinsic AHP “current,” augmented whent . i
c?mplex phenomenon is regulated though a set of rules:

ﬁ\é?ro":]fp:; dgci(;Lths.tr']I'ehe Iﬁgal;’/ls su?eiga;'é G(’; Cﬁ;;%”i;hf. a delay between presynaptic burst firing and inhibitory
y 9 m a|Postsynaptic potential (IPSP) initiation (based on the

directly augment the refractory period. An addition ; R
. L ; . elays required for second messenger transmission); 2.
adaptation mechanism is provided by decrementing the

. N 3
synaptically drivenV;,,, state variables after each spike, urst size cooperativity 3 - Post-IPSP rebound as a

) . ercentage of the IPSP size.
Because the units are rule-based, their firing tends to B&

48



IJBEM
Vol. 7, No. 1, 2005

example, altering adaptation by changing the strength of
one or more of the many potassium channels responsible

WWWNJ Lﬂ\“ for adaptation will likely change burst patterns as well.

The RBF model provides a framework that can in-

— corporate other rules as needed in particular systems
9 where they are thought to be important. For example,
»MW*"M BN some neurons have prolonged bursts with characteristic

firing patterns® These patterns can be incorporated into
the rule based either by constructing an analytically
calculable dynamical rule or by providing a simple
cut-and-paste spike-form. In the latter case, jitter and
length variation rules would then be added to prevent
stereotypy.

Fig. 1: Activity in a network of 1000 excitatory and
40 inhibitory cells. Representative inhibitory (top)
and excitatory (bottom) cell voltage traces (scale:10
mV;100 ms)

work models (Fig. 1). Since these simulations hav8corporate input/output relations from dendritic inputs.
no integrator overhead, they can run arbitrarily fasfhere is considerable debate as to whether dendrites
depending on the amount of spiking in the modefimply provide reach, with all inputs being handled
As spike frequencies increase, queue overhead impo§&gally, or provide substantial signal processing. In the
increasing computational burden. This dependency &Hter case, it is possible that the dendrites make the
activity patterns makes it difficult to benchmark th&ell into the equivalent of an entire neural network
simulation against other model types, requiring that tHf simplified units’” In this case, it might be possible
average firing of two implementations be matched o represent dendritic fields as individual RBF units
a per-cell-type basis (compartment models of some ci(jth specialized rule base. Alternatively, the dendritic
types will be far more computationally intensive thafransform might be a complex mapping that could be
those for others). In general, we can expect substantinulated by using a multi-dimensional table look-up.
speed ups over integrated simulations unless event fre4in some cases, additional rules can be incorporated by
guencies approach the inverse of the time-step requirgviding waveforms copied from electrophysiological
for numerical integration of compartment models. Aecords. More flexible rules can be arrived at by emu-
typical time-step for a fixed time-step integration wouldating the behavior of the more complex compartmental
be 0.025 ms corresponding to a 40 kHz integratiomodels. In this case, RBF units can be run together with
frequency. Such an event frequency would occur in @mpartmental simulations in NEURON with use of a
network with a convergence of 1000 cells each activefjtting algorithm controlling RBF unit parameters.

spiking at 40 Hz. Although pyramidal cells have order g0 pyhyrig networks, incorporating RBF units with

10000 synaptic boutons, the convergence is consideraly,,a tment models at varying levels of complexity will
less due tq.redundant connectivity. Additionally, ynd Iso be valuable for confirming the adequacy of RBF
most conditions the several thousand presynaptic ce étivity patterns by comparing them to compartment

would not be expected to all be simultaneously StrOnghﬁodel activity within the network context. Compartment

activated. models have the advantage of allowing testing of specific
ion channel alterations such as occur with the application
IV. DiscussioN of drugs and other neuromodulators. Observed neuron-

In addition to advantages of speed, the RBF mOdleqvel changes can then be used tp develop additional
rules to assess pharmacotherapeutic effects.

lays out neural parameters explicitly so as to permit easy
manipulation. By contrast, in a compartment model, phe-

nomena such as adaptation and post-inhibitory rebound

are dependent on several voltage-sensitive ion channels,

each of which has its own complex parameterization, V. ACKNOWLEDGEMENTS

two-steps removed from the phenomenon of interest.

Alteration of one of these channel-level parameters

will typically have multiple effects, altering not only Research supported by NIH grant NS04561201. We
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