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#@ Four Reasons for Yet Another
&% Simulation Software Package

#® Computer science has progressed alot since projects like
GENESIS (Bower and Beeman 1998) and NEURON
(Hines 1993) were started. Object-oriented approach
matured, interface libraries got standardized, parallél
paradigms got introduced.

#® User demands increased. Now user without strong
computer background wants the software that can be easily
understood, controlled and put to action.

#® Computational neuroscience shiftsits attention from
descriptions of single cells to interactions of large
populations of cells. Modelers need atool that allows them
to choose the level of abstraction.

#® Attempts to improve existing packages by third party
devel opers are slowed down by poor developer's
documentation, insuf cient modularity of the code, and
sometimes by license terms.

The KDE Integrated NeuroSimulation Software (KINNeSS) is
built using modern object-oriented approach based on C++,
utilizes standard KDE interface libraries, and has a plugin
based architecture to help third party developers.

General Public License ensures a complete freedom for
developers and simple example of plugin shell codeis
provided with the distribution to encourage the development.

What about the user? The rest of this poster is here to explain
why and how the computational and programming techniques
used by KINNeSS make it an attractive cholce among simulation
packages.



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

Thefollowi ng comparison was made using rallpacks 1
and 3 from GENESIS set of benchmarks

Benchmark | KInNeSS | GENESIS
General report
Speed[N steps/sec] 106 4:3 10*
Setup time[ g <1 12
Base memory[KDb] 22(33) 4000
| ntegration method R-K 4 H/C-N
rallpackl
Speed[N steps/sec] 106 4:3 10%
Accuracy 2% 0.02%
Setup time][ g <1 4
| ntegration method R-K 4 H/C-N
Step Speed Error Step Speed Error
1 093 2% 10 045 0.02%
Aceuracy vs Speed 5 463 18% 50 21 0.02%
10 94 16% 100 4.2 0.03%

Raw Kb/ Num. Raw Kb/ Num.
Speed Comp. Comp | Speed Comp. Comp
Memory vs Sze 100K 1(1) 1 750 50 1
510K  0.3(2) 10 6702 5 10
926K 0.11(0.3) 50 30K 0.8 100

rallpack3

Speed[N steps/sec] 2 10° 2:2 10
Accuracy ?7%% 0.9%
Setup time[ 9] <1 12

| ntegration method R-K 4 H/C-N(EE)

Step Speed Error Séep Speed  Error

1.5 %
0]
Accuracy vs Speed % 01'211 5.12 {,0/0 10 0221 1.1%

: 50 108 1.3%
10 205 114 % 100 216 3.6%

Raw Kb/ Num. Raw Kb/ Num.

Speed Comp. Comp Speed Comp. Comp
Memory vs Sze 70K 10 1 714 350 1

180K 1.8 10 5701 36 10

200K 0.48 50 184K 44 100




NeuroML, Integration, and
Modularity

‘Claim: The user would like to have a software that allows
running the simulations written by different authors in different
simulation packages.

Information: NeuroML (Goddard et al. 2001) is aversion of
XML that is speci cally tailored for neurophysiological data
and is intended to bridge the gap between different ssmulation
packages. The project is on the way to make GENESIS and
other packages able to understand NeuroML.

Upside: KINNeSS speaks NeuroML from birth.

Downside: NeuroML has not developed enough yet to be afull
standard, so KInNeSS cannot understand all of NeuroML
constructs used by different ssmulators.

Claim: The user would like to have a software that allows
running different kinds of simulations within one framework.

Information: The level of abstraction in neural simulations can
range from asingle cell with few thousands compartmentsto a
network of few thousands point neurons. The equations
underlying these ssmulations also vary signi cantly. Learning
several software packages to switch between the levels of
abstraction is time consuming.

Upside: KINNeSS is built using easily expandable hierarchy of
components. If you wrap GENESIS in the shell of KINNeSS
plugin, you will be able run it from KINNeSS. Then you can
wrap SNNS as another plugin and run them both on the same
input...

Downside: Battery is not included.



Hierarchy and Community
Hand in Hand

I?]N eSS has four layers of the hierarchy inits design:

® The coretop-level standard KDE interface including Help
menu, Settings menu (including the Settings dialog shell
that is later ®lled with plugin-speci®c settings), Quit button
and others. It also allows loading various projects, which
can be written separately from KInNeSS by third parties.

® The project environment contains everything that simulates
the environmental and behavioral part of the model, namely
It provides the sensory inputs to the model and receivesthe
outputs that can guide the behavior. For example, in
modeling of Pavlovian conditioning, the project
environment will contain a bell and afood reward. The
distribution currently contains project environment for
modeling spatial navigation tasks, generic project to
simulate slice physiology and a dummy project that shows
all the necessary interactions between the project
environment and the core shell to help the third party
devel opers.

#® The model interface isimplemented as a set of plugins, so
that the same model can be used in different project
environments and different models can be used with same
environment. The distribution contains two plugins, one for
creating and editing the network, the other for running the
simulations using the network created by the network editor
plugin. Both these plugins are tailored for biophysical
simulations.

#® The simulation plugin uses the platform and interface
Independent computational engine to do calculations. Due
to its independence, SANNDRA (Synchronous Arti®cial
Neuronal Network Distributed Runtime Algorithm) is
packed and distributed as a standalone shared library.



Geeky Technicalities

SANNDRA isdesigned to run along loop through arbitrary
computation done in parallel on many ssimilar elements. Each
element can have an access to the output of any other element.
This design makes SANNDRA capable of numerical
Integration of large systems of non-homogeneous differential
eguations.

The ability to integrate an arbitrary number of arbitrary
eguations spawns from

#® Polymorphism — the ability to determine at run-time which
speci®c implementation of the function should be called for
the object depending on the type of this object.

#® Using functional objects — objects that can be both passed
as a parameter and called as a function, moreover they also
can keep al internal variables between calls.

® A set of template classes, which provide all the necessary
basic functionality.

Each eguation is combined from pieces according to the
structure de®ned by the user code. A set of standard building
blocksis provided by the library, and the user can always
derive additional blocks from those that are provided. Then the
system of equations is combined together in asimilar fashion
and can be solved independently of what its actual structureis.

Upside: SANDDRA eliminates the need for run-time script
Interpretation as well as precompillation of the ssimulation
code.

Downside: A bit of coding is hecessary every time you need a
non-standard component (which is also true for script based
and precompillation based systems).



Plugins: Point, Click, Run

The simulation plugin allows the user to set the global
simulation parameters and to control the simulation ow.

The interface allows interrupting the running simulation
at any point, correcting the parameters and restarting it
from the point of interruption as well as from the original
starting point.

The environment can also be changed during the
Interruption. Thiswill result in abrupt change of input
precisely at the point of time when the interruption
happened. Input also can be changed while the
simulation is running, but without temporal precision.

Synaptic plasticity can be introduced in any of the
connections, and the weights can be saved and |oaded
separately. That allows restarting the simulation from the
same starting point each time with different set of
weights.



Plugins: Point, Click, Create

The network editor plugin allows hierarchical accessto all
levels of details in the network from populations of cellsto
Individual synaptic gating variables.

The editor allows user to create populations, clone existing
populations, ®ll these populations with cells, cells with
compartments, compartments with channels and channels with
gating variables by amouse click or two.

It also provides the default sets of neurons and channels, each
of which can be expanded by the user.

The editor does not have the graphic representation of network
connectivity (yet).



Compartment Implementation
and Interface

The compartment is based on
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where geak 1S leakage conductance, Veak 1S leakage reverse
potential, d and | are compartment dimensions, V; ; are

potentials of neighboring compartments, and R, are axial
resistances towards respective neighbors.

The parameters are set through the following interface:

Soma provides two additional options:

Add axon with certain delay that can be either ®ed for all
cellsin the population or randomly chosen from a Gaussian
distribution,

Choose this population as the one that will drive behavior.



Current Implementation and
Injected Current Interface

Most of the currentsin the equation (1) are based on
| = gEre V) m 2)

where E, o, Isthereverse potential, V is membrane potential, g
IS the maximal conductance, and m; are gating variables.

The @rst exception from equation (2) isthe injected current,
which is set directly through the following interface:

Environment provides the value of the current between 0 and
255, which is multiplied by a sensitivity value set in the
interface. That makes the total range of possible currents from
IpAtolA



Gap Junction Implementation
and Interface

The second exception from the equation (2) are gap junctions,
which use diffusive current

| =gV V) (3)

whereV isthe membrane potential across the gap junction,
and g is the conductance of the junction.

Gap junction parameters are set through the following
Interface:

The source of the projection is determined by the coordinate of
the cell in the source population. The coordinate can be
absolute or relative to the coordinate of the destination cell.

Projections can be one-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 was derived through
Taylor expansion by Ermentrout and Kopell (1986) as

= avp T (4)
where g scales the timecourse of aspike and r represents the
threshold. The dynamics of this equation is shown in panel A.

KINNeSS uses modi®ed version of equation (4) that preserves
this dynamics.

To allow modulatory in uence on threshold potential V , it
should pe explicitly present in the equation. From equation (4)

V =2 ;whenr 0. Assuming V becomes negative (goes

below resting potential) whenr crossesO,V = 2 © if
r< 0.
Solving both for r and substituting in equation (4) yields:

fl=qgv2 Y ifv 0
3 A (5)

| = qvy+ Y otherwise



more on Reduced Fast
Spike-generating Currents

KInNeSS uses 0 as aresting potential and scales all voltages
accordingly. Here, changing variable vy, = \g sniftsthe
original equation as shown in panel B on the previous dlide.
Theresulting equation is

:l=gV2 VV  ifV Vg =0

21 =g V2 VV +Y otherwise

(6)

There are only two parameters in this equation, which are set
through the top part of the following interface:

The bottom part is used to set neuromodulatory in uence on
neural excitability.



Voltage Gating Implementation
and Interface

Voltage-gated conductances are implemented using mass
action equations used by Hodgkin and Huxley (1952).

dm

o (1 m) m

dm ?12 m

& Y

where the rate functions can be exponential, sigmoid and linoid
as described by Hodgkin and Huxley (1952), as well as generd
parametrized form and several others.

The following interface shows the parameter settings for HH
sodium channel.



Afterhyper- and
Afterdepolarization Gating

This gating variable responds to spiking of the same cell. Itis
calculated as
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The parameters are set through the following interface:

KINNeSS is set so that if elther of the time constantsis set to O,
this gate is excluded from a calculation process.



Ligand Gating Implementation
and Interface

Ligand-gated conductance is responding to a spike of a
presynaptic cell. It is de®ned as

Mchem = WMgual (10)

where the synaptic weight w = '\(']" (ﬁ roughly corresponds

to average synaptic density in billions of channels per cm? of
the membrane, and My, 1S de®ned in equation (8).

Following interface allows to set the time constants and the

source of the projection, as well as the parameters for synaptic
modi®cation.



Voltage Block Implementation
and Interface

NMDA channels have voltage dependent M g** block, which
IS implemented by a dlightly generalized version of the
equation used by Zador et al. (1990):

1
Mpyock = Vo V (11)
er +1

where represents the extracellular concentration of the ion,
Vo and F are parameters.

Setting = 0:33; Vo= Oand F = 1 = 16:67mV providesthe
original formula (Zador et al. 1990).
Parameters are set through the following interface:




Modulation of Synaptic
Transmission

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

Mmod = 1 Maua (12)
where my,a 1S de®ned in equation (8). Therefore, Mg = 1las
long as there is no modulatory activity, and follows the
dual-exponential time course after the modulatory cell spikes.
Multiplying any of the other gating variables by this one will
lead to atemporary decrease in the original current in response
to modulatory spike.

For example, here is the settings for modulation of recurrent
transmission in CAS3:



Example 1:
Spatial Navigation

| nteraction between the knowledge about desired destination
and knowledge about current location is used to determine the
next step of the animal.

Thisinteraction isimplemented based on two ows of
neuronal activity:

From the cells representing the goal location along
recurrent connections within Entorhinal Cortex layer 111
(ECIII) + “Reverse’ spread.

From the cells corresponding to the current location along
recurrent connections within CA3 £ “Forward” spread.

These two different directions of spread then converge in the
hippocampal region CA 1. The convergence allows selection of
the next move, which corresponds to the next step along the
shortest path to the nearest goal.

Numerical simulations showed that this mechanism allows the model to
navigate successfully toward a known reward location, or visit several reward
locations sequentially (Gorchetchnikov and Hasselmo 2002a;

Gorchetchnikov and Hasselmo 2002b; Cannon et al. 2003; Koene et al. 2003).



Example 1:
Model Structure

The genera structure of the model issimilar to the
structure used in previous studies (e.g.
Gorchetchnikov and Hasselmo, 2002a).

PPC * posterior parietal cortex, PFC * prefrontal cortex,
ATN = anterior thalamic nucleus, which relays the output
to the cingulate motor area, shown to control reward
driven movements (Shima and Tanji 1998). Another
possibility isto control the animal by output through
deep layers of EC. Split arrowheads represent diffuse
projections.

Several of the brain areas depicted above are further split
Into multiple neuronal populations with different
functions.



Example 1:
Some Results

The ®gure shows the environment, color coding for
locations, place ®elds before and after learning and

activity in ECII, CA3, and CA1



Example 2:
Cell Physiology

This example illustrates how KINnNeSS can replicate some response
properties of thalamic relay cells. These cells respond to excitatory
Inputs in one of two different response modes. tonic and burst
(Sherman and Guillery 2002). Bursts are likely to be an important
temporal feature of neural signals (Lisman 1999).

The choice between these two response modes, tonic and burst, is
controlled by the presence in these cells of voltage-dependent low
threshold Ca™* spikesthat are based on T (for transient) type Ca*™*
channels. The voltage dependency of these channelsisillustrated
below

Ca'* current isinactivated when the cell isrelatively depolarized,
and the response is given by atonic ®ring rate. With relative
hyperpolarization, the Ca** isde-inactivated. A burst of four action
potentials is generated on top of alow-threshold spike. (Modi®ed
from Sherman and Guillery, 2002).



Example 2:
Cell Model

Thethalamic relay cell modeled in the experiment. The
two-compartments cell has active HH channelsin the
soma (see ®gure below), aswell asCa™™ channelsin
both the soma and the dendrite. In the experiment,
hyperpolarizing currents were injected in the soma and
depolarizing currents were injected in the dendrite.

All cell compartments are physically identical (Axial
Resistance = 20 kOm cm; Length = 0.05 mm; Diameter
= 0.010 mm, leskage conductance = 0.1 3, Ejeax = 70
mV). Low-Threshold Ca** channels are located both in
the soma and in the dendrite. External depolarizing
current is provided to the dendrite, whereas the
hyperpolarizing input is administered to the soma.

The soma compartment has K , N a channels, and the
Ca"* channels (all these currents using the model of
Desthexe et al. (1996)), and the injected current. The
dendrite hasonly Ca** channels and the injected current:



Example 2:
Results

Tonic ®ing Is generated in response to a depolarizing
current (average ®ring rate: 66 Hz).

A high-frequency burst of action potential isinstead
generated asthe cell isreleased from a hyperpolarizing
current. This high frequency burst (average ®ring rate:
105 Hz) of 6 action exhibitsthe typical
acclererando-decel erando pattern seen in physiological
recording (Sherman and Guillery 2002).
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