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Four Reasons for Yet Another
Simulation Software Package

Computer sciencehasprogressed a lot sinceprojects like
GENESIS (Bower and Beeman 1998) and NEURON
(Hines1993) werestarted. Object-oriented approach
matured, interface librariesgot standardized, parallel
paradigmsgot introduced.
User demands increased. Now user without strong
computer background wants thesoftware that can beeasily
understood, controlled and put to action.
Computational neuroscienceshifts itsattention from
descriptionsof singlecells to interactionsof large
populationsof cells. Modelersneed a tool that allows them
to choose the level of abstraction.
Attempts to improveexisting packagesby third party
developersareslowed down by poor developer's
documentation, insuf� cient modularity of thecode, and
sometimesby license terms.

TheKDE Integrated NeuroSimulation Software (KInNeSS) is
built using modern object-oriented approach based on C++,
utilizesstandard KDE interface libraries, and hasaplugin
based architecture to help third party developers.

General Public Licenseensuresacomplete freedom for
developersand simpleexampleof plugin shell code is
provided with thedistribution to encourage thedevelopment.
What about the user? The rest of this poster is here to explain
why and how the computational and programming techniques
usedby KInNeSSmakeit anattractivechoiceamongsimulation
packages.



First of All, We “ Rall”
(How Apples Beat Oranges)

The following comparison wasmadeusing rallpacks1
and 3 from GENESISset of benchmarks

Benchmark KInNeSS GENESIS

General report
Speed[N�steps/sec] 106 4:3 � 104

Setup time[s] <1 12
Basememory[Kb] 22(33) 4000
Integration method R-K 4 H/C-N

rallpack1
Speed[N�steps/sec] 106 4:3 � 104

Accuracy 2% 0.02%
Setup time[s] <1 4
Integration method R-K 4 H/C-N

Accuracy vsSpeed

Step Speed Error
1 0.93 2%
5 4.63 1.8%
10 9.4 1.6%

Step Speed Error
10 0.45 0.02%
50 2.1 0.02%
100 4.2 0.03%

Memory vsSize

Raw Kb/ Num.
Speed Comp. Comp
100K 1(1) 1
510K 0.3(1) 10
926K 0.11(0.3) 50

Raw Kb/ Num.
Speed Comp. Comp
750 50 1
6702 5 10
30K 0.8 100

rallpack3
Speed[N�steps/sec] 2 � 105 2:2 � 104

Accuracy ??% 0.9%
Setup time[s] <1 12
Integration method R-K 4 H/C-N(EE)

Accuracy vsSpeed

Step Speed Error
1 0.21 1� %
5 1.1 5:2� %
10 2.05 11:4� %

Step Speed Error
5� 1:5� %
10 0.221 1.1%
50 1.08 1.3%
100 2.16 3.6%

Memory vsSize

Raw Kb/ Num.
Speed Comp. Comp
70K 10 1
180K 1.8 10
200K 0.48 50

Raw Kb/ Num.
Speed Comp. Comp
714 350 1
5701 36 10
18.4K 4.4 100



NeuroML, Integration, and
Modularity

Claim: Theuser would like to haveasoftware that allows
running thesimulationswritten by different authors in different
simulation packages.

Information: NeuroML (Goddard et al. 2001) isaversion of
XML that is speci� cally tailored for neurophysiological data
and is intended to bridge thegap between different simulation
packages. Theproject ison theway to makeGENESISand
other packagesable to understand NeuroML.

Upside: KInNeSSspeaksNeuroML from birth.

Downside: NeuroML hasnot developed enough yet to bea full
standard, so KInNeSScannot understand all of NeuroML
constructsused by different simulators.

Claim: Theuser would like to haveasoftware that allows
running different kindsof simulationswithin one framework.

Information: The level of abstraction in neural simulationscan
range from asinglecell with few thousandscompartments to a
network of few thousandspoint neurons. Theequations
underlying thesesimulationsalso vary signi� cantly. Learning
several softwarepackages to switch between the levelsof
abstraction is timeconsuming.

Upside: KInNeSS isbuilt using easily expandablehierarchy of
components. If you wrap GENESIS in theshell of KInNeSS
plugin, you will beable run it from KInNeSS. Then you can
wrap SNNSasanother plugin and run them both on thesame
input...

Downside: Battery isnot included.



Hierarchy and Community
Hand in Hand

KInNeSShas four layersof thehierarchy in itsdesign:

Thecore top-level standard KDE interface including Help
menu, Settingsmenu (including theSettingsdialog shell
that is later ®lled with plugin-speci®c settings), Quit button
and others. It also allows loading variousprojects, which
can bewritten separately from KInNeSSby third parties.
Theproject environment containseverything that simulates
theenvironmental and behavioral part of themodel, namely
it provides thesensory inputs to themodel and receives the
outputs that can guide thebehavior. For example, in
modeling of Pavlovian conditioning, theproject
environment will contain abell and a food reward. The
distribution currently containsproject environment for
modeling spatial navigation tasks, generic project to
simulateslicephysiology and adummy project that shows
all thenecessary interactionsbetween theproject
environment and thecoreshell to help the third party
developers.
Themodel interface is implemented asaset of plugins, so
that thesamemodel can beused in different project
environmentsand different modelscan beused with same
environment. Thedistribution contains two plugins, one for
creating and editing thenetwork, theother for running the
simulationsusing thenetwork created by thenetwork editor
plugin. Both thesepluginsare tailored for biophysical
simulations.
Thesimulation plugin uses theplatform and interface
independent computational engine to do calculations. Due
to its independence, SANNDRA (SynchronousArti®cial
Neuronal Network Distributed RuntimeAlgorithm) is
packed and distributed asastandaloneshared library.



Geeky Technicalities
SANNDRA isdesigned to run a long loop through arbitrary
computation done in parallel on many similar elements. Each
element can havean access to theoutput of any other element.
Thisdesign makesSANNDRA capableof numerical
integration of largesystemsof non-homogeneousdifferential
equations.

Theability to integratean arbitrary number of arbitrary
equationsspawns from

Polymorphism – theability to determineat run-timewhich
speci®c implementation of the function should becalled for
theobject depending on the typeof thisobject.
Using functional objects– objects that can beboth passed
asaparameter and called asa function, moreover they also
can keep all internal variablesbetween calls.
A set of templateclasses, which provideall thenecessary
basic functionality.

Each equation iscombined from piecesaccording to the
structurede®ned by theuser code. A set of standard building
blocks isprovided by the library, and theuser can always
deriveadditional blocks from those that areprovided. Then the
system of equations iscombined together in asimilar fashion
and can besolved independently of what itsactual structure is.

Upside: SANDDRA eliminates theneed for run-timescript
interpretation aswell asprecompillation of thesimulation
code.

Downside: A bit of coding isnecessary every timeyou need a
non-standard component (which isalso true for script based
and precompillation based systems).



Plugins: Point, Click, Run
Thesimulation plugin allows theuser to set theglobal
simulation parametersand to control thesimulation � ow.
The interfaceallows interrupting the running simulation
at any point, correcting theparametersand restarting it
from thepoint of interruption aswell as from theoriginal
starting point.
Theenvironment can also bechanged during the
interruption. Thiswill result in abrupt changeof input
precisely at thepoint of timewhen the interruption
happened. Input also can bechanged while the
simulation is running, but without temporal precision.
Synaptic plasticity can be introduced in any of the
connections, and theweightscan besaved and loaded
separately. That allows restarting thesimulation from the
samestarting point each timewith different set of
weights.



Plugins: Point, Click, Create
Thenetwork editor plugin allowshierarchical access to all
levelsof details in thenetwork from populationsof cells to
individual synaptic gating variables.

Theeditor allowsuser to createpopulations, cloneexisting
populations, ®ll thesepopulationswith cells, cellswith
compartments, compartmentswith channelsand channelswith
gating variablesby amouseclick or two.

It also provides thedefault setsof neuronsand channels, each
of which can beexpanded by theuser.

Theeditor doesnot have thegraphic representation of network
connectivity (yet).



Compartment Implementation
and Interface

Thecompartment isbased on
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wheregleak is leakageconductance, Vleak is leakage reverse
potential, d and l arecompartment dimensions, Vj � 1 are
potentialsof neighboring compartments, and R�

A areaxial
resistances towards respectiveneighbors.

Theparametersareset through the following interface:

Somaprovides two additional options:

Add axon with certain delay that can beeither ®xed for all
cells in thepopulation or randomly chosen from aGaussian
distribution,
Choose thispopulation as theone that will drivebehavior.



Current Implementation and
Injected Current Interface

Most of thecurrents in theequation (1) arebased on

I = �g(Er ev � V )
Y

i
mi (2)

whereEr ev is the reversepotential, V ismembranepotential, �g
is themaximal conductance, and mi aregating variables.

The®rst exception from equation (2) is the injected current,
which isset directly through the following interface:

Environment provides thevalueof thecurrent between 0 and
255, which ismultiplied by asensitivity valueset in the
interface. That makes the total rangeof possiblecurrents from
1pA to 1�A



Gap Junction Implementation
and Interface

Thesecond exception from theequation (2) aregap junctions,
which usediffusivecurrent

I = �g(V � � V ) (3)

whereV � is themembranepotential across thegap junction,
and �g is theconductanceof the junction.

Gap junction parametersareset through the following
interface:

Thesourceof theprojection isdetermined by thecoordinateof
thecell in thesourcepopulation. Thecoordinatecan be
absoluteor relative to thecoordinateof thedestination cell.

Projectionscan beone-to-one, many-to-one, and all-to-all.



Reduced Fast
Spike-generating Currents

The third exception from equation (2) is the reduced equation
for fast spike-generating currents that wasderived through
Taylor expansion by Ermentrout and Kopell (1986) as

I = qv2
m � r (4)

whereq scales the timecourseof aspikeand r represents the
threshold. Thedynamicsof thisequation isshown in panel A.
KInNeSSusesmodi®ed version of equation (4) that preserves
thisdynamics.

To allow modulatory in� uenceon threshold potential V� , it
should beexplicitly present in theequation. From equation (4)
V� = 2

s
r
q when r � 0. Assuming V� becomesnegative (goes

below resting potential) when r crosses0, V� = � 2
s

� r
q if

r < 0.

Solving both for r and substituting in equation (4) yields:
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more on Reduced Fast
Spike-generating Currents

KInNeSSuses0 asa resting potential and scalesall voltages
accordingly. Here, changing variablevm = V � V�

2 shifts the
original equation asshown in panel B on thepreviousslide.
The resulting equation is
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otherwise
(6)

Thereareonly two parameters in thisequation, which areset
through the top part of the following interface:

Thebottom part isused to set neuromodulatory in� uenceon
neural excitability.



Voltage Gating Implementation
and Interface

Voltage-gated conductancesare implemented using mass
action equationsused by Hodgkin and Huxley (1952).

dm
dt

= � (1 � m) � � m
or

dm
dt

=
m1 � m

�
(7)

where the rate functionscan beexponential, sigmoid and linoid
asdescribed by Hodgkin and Huxley (1952), aswell asgeneral
parametrized form and several others.

The following interfaceshows theparameter settings for HH
sodium channel.



Afterhyper- and
Afterdepolarization Gating

Thisgating variable responds to spiking of thesamecell. It is
calculated as

mdual =
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where t is timesinceaction potential, and p is ascaling
coef®cient that enforces
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Theparametersareset through the following interface:

KInNeSS isset so that if either of the timeconstants is set to 0,
thisgate isexcluded from acalculation process.



Ligand Gating Implementation
and Interface

Ligand-gated conductance is responding to aspikeof a
presynaptic cell. It isde®ned as

mchem = wmdual (10)

where thesynaptic weight w = N i
� dl

"
109

cm2

#

roughly corresponds
to averagesynaptic density in billionsof channelsper cm2 of
themembrane, and mdual is de®ned in equation (8).

Following interfaceallows to set the timeconstantsand the

sourceof theprojection, aswell as theparameters for synaptic
modi®cation.



Voltage Block Implementation
and Interface

NMDA channelshavevoltagedependent M g+ + block, which
is implemented by aslightly generalized version of the
equation used by Zador et al. (1990):

mblock =
1

� e
V0� V

F + 1
(11)

where � represents theextracellular concentration of the ion,
V0 and F areparameters.

Setting � = 0:33; V0 = 0 and F = 1

 = 16:67mV provides the

original formula (Zador et al. 1990).

Parametersareset through the following interface:



Modulation of Synaptic
Transmission

Selectivesuppression of synaptic transmission by
neuromodulation (Hasselmo and Schnell 1994) is implemented
by

mmod = 1 � mdual (12)
wheremdual isde®ned in equation (8). Therefore, mmod = 1 as
long as there isno modulatory activity, and follows the
dual-exponential timecourseafter themodulatory cell spikes.
Multiplying any of theother gating variablesby thisonewill
lead to a temporary decrease in theoriginal current in response
to modulatory spike.

For example, here is thesettings for modulation of recurrent
transmission in CA3:



Example 1:
Spatial Navigation

Interaction between theknowledgeabout desired destination
and knowledgeabout current location isused to determine the
next step of theanimal.

This interaction is implemented based on two � owsof
neuronal activity:

From thecells representing thegoal location along
recurrent connectionswithin Entorhinal Cortex layer III
(ECIII) ± “Reverse” spread.
From thecells corresponding to thecurrent location along
recurrent connectionswithin CA3 ± “Forward” spread.

These two different directionsof spread then converge in the
hippocampal region CA1. Theconvergenceallowsselection of
thenext move, which corresponds to thenext step along the
shortest path to thenearest goal.

Numerical simulationsshowed that thismechanism allows themodel to
navigatesuccessfully toward aknown reward location, or visit several reward
locationssequentially (Gorchetchnikov and Hasselmo 2002a;
Gorchetchnikov and Hasselmo 2002b; Cannon et al. 2003; Koeneet al. 2003).



Example 1:
Model Structure

Thegeneral structureof themodel is similar to the
structureused in previousstudies (e.g.
Gorchetchnikov and Hasselmo, 2002a).

PPC ± posterior parietal cortex, PFC ± prefrontal cortex,
ATN ± anterior thalamic nucleus, which relays theoutput
to thecingulatemotor area, shown to control reward
driven movements (Shimaand Tanji 1998). Another
possibility is to control theanimal by output through
deep layersof EC. Split arrowheads represent diffuse
projections.
Several of thebrain areasdepicted aboveare further split
into multipleneuronal populationswith different
functions.



Example 1:
Some Results

The®gureshows theenvironment, color coding for
locations, place®eldsbeforeand after learning and

activity in ECII, CA3, and CA1



Example 2:
Cell Physiology

Thisexample illustrateshow KInNeSS can replicatesomeresponse
propertiesof thalamic relay cells. Thesecells respond to excitatory
inputs in oneof two different responsemodes: tonic and burst
(Sherman and Guillery 2002). Burstsare likely to bean important
temporal featureof neural signals (Lisman 1999).

Thechoicebetween these two responsemodes, tonic and burst, is
controlled by thepresence in thesecellsof voltage-dependent low
threshold Ca+ + spikes that arebased on T (for transient) type Ca+ +

channels. Thevoltagedependency of thesechannels is illustrated
below

Ca+ + current is inactivated when thecell is relatively depolarized,
and the response isgiven by a tonic ®ring rate. With relative
hyperpolarization, the Ca+ + is de-inactivated. A burst of four action
potentials isgenerated on top of a low-threshold spike. (Modi®ed
from Sherman and Guillery, 2002).



Example 2:
Cell Model

The thalamic relay cell modeled in theexperiment. The
two-compartmentscell hasactiveHH channels in the
soma(see®gurebelow), aswell as Ca+ + channels in
both thesomaand thedendrite. In theexperiment,
hyperpolarizing currentswere injected in thesomaand
depolarizing currentswere injected in thedendrite.

All cell compartmentsarephysically identical (Axial
Resistance= 20 kOm�cm; Length = 0.05 mm; Diameter
= 0.010 mm, leakageconductance= 0.1 mS

cm2, E leak = � 70
mV ). Low-Threshold Ca+ + channelsare located both in
thesomaand in thedendrite. External depolarizing
current isprovided to thedendrite, whereas the
hyperpolarizing input isadministered to thesoma.
Thesomacompartment has K , N a channels, and the
Ca+ + channels (all thesecurrentsusing themodel of
Desthexeet al. (1996)), and the injected current. The
dendritehasonly Ca+ + channelsand the injected current:



Example 2:
Results

Tonic ®ring isgenerated in response to adepolarizing
current (average®ring rate: 66 Hz).

A high-frequency burst of action potential is instead
generated as thecell is released from ahyperpolarizing
current. Thishigh frequency burst (average®ring rate:
105 Hz) of 6 action exhibits the typical
acclererando-decelerando pattern seen in physiological
recording (Sherman and Guillery 2002).
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