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Abstract
Parallel computers have the computing power needed to simulate biologically accurate neuronal network models. Partitioning is the
process of cutting a model in pieces and assigning each piece to a CPU. Automatic partitioning algorithms for large models are difﬁcult
to design for two fundamental reasons. First, the algorithms must track the intrinsic asymmetries in the models and the dynamical
behavior of the simulation. Second, the procedural nature of current modeling languages makes it difﬁcult to extract the information
needed by the algorithms.
From the start, the Neurospaces modeling system has been designed to deal with large and complicated neuronal models. The
declarative nature of the software system allows to extract any kind of information from the model. In this work, we ﬁrst show how to
extract the information needed to partition a large model for simulation on parallel computers. Next, we use this information to compute
a possible partitioning for a small and a large network model.
r 2007 Elsevier B.V. All rights reserved.
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1. Introduction
It is well known that the simulation of biologically
accurate neuronal models requires an enormous amount of
computing power. With the recent technological advancements, nowadays CPUs have sufﬁcient performance to
meet the requirements of some single cell neuronal
modeling and simulation. Nevertheless these single cell
models must be put in the context of large scale neuronal
networks to get realistic biological behavior [18]. As a
result, to get adequate performance, the model must be run
on parallel computers. Since some neurons are more
complicated than others, biologically realistic neuronal
network models have an intrinsic nature of heterogeneity.
Hence, parallelizing a large and complicated neuronal
network model becomes a difﬁcult programming process
and the need for automatic partitioning algorithms arises.
Until today, no one has ever published a general automatic
partitioning algorithm for biological accurate neuronal
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models. This work embodies the ﬁrst necessary steps for
such an algorithm.

2. The problem of deﬁning models
Building complex and large neuronal models is a tedious
process. Many biological components and physical parameters are involved and the relationships between them
must be deﬁned by the modeler. The number of, as well as
the relationships between the biological components are
the guiding entities for partitioning a large model over a
parallel computer [22].
Neuron and Genesis share the idea that models covering
various levels of complexity, are best described with a
dedicated language for each level [2,15]. When using the
Genesis neural simulator, an object-oriented scripting
language deﬁnes models at the subcellular and network level, while a declarative language deﬁnes a cell’s
morphology. The Neuron simulator uses Hoc and Nmodl
to deﬁne models. Hoc is an object-oriented scripting
language for deﬁnition of network models. Nmodl has a
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semi-procedural nature and is used for intracellular
mechanisms. As a result, there is no universal language
for the descriptions of neuroscience models, that covers
from the subcellular level up to the network level.
Moreover, the languages are procedural or object-oriented
in nature. This makes it very hard to extract any kind of
data from a model description [14]. Automatic partitioning
for parallel simulations of large models described in these
languages, is very difﬁcult, if not impossible.

inspects the data stream generated by a traversal. The
callback performs several operations on the data:




3. Essentials of the neurospaces data model
Neurospaces is a modeling environment, designed with a
focus on large and complicated models [7]. By leaving the
simulation to a simulator, Neurospaces can be optimized
for efﬁcient memory handling, interaction with modelers
and interaction with user interfaces [8]. As an identiﬁcation
service for neuronal simulators, Neurospaces is currently a
unique middle-ware software component, comparable to a
naming service for large software projects (e.g. JNDI [17]).
Neurospaces uses an abstract linked tree as a data
model. The most important feature of this data model is
that it is a natural abstraction of a neuroscience network
model, because it easily accommodates tree shaped data
with links between nodes at the same height of the tree. The
nodes of the tree represent biological components, while
the links between the nodes represent axonal connections.
Neurospaces implements the abstract linked tree in a
memory efﬁcient way, and allows to restructure the model
tree internally in anticipation of certain queries [5].
The used methodology allows automatic extraction of
any kind of model information: ﬁrstly, all parameter
speciﬁcations are enforced to be declarative. Secondly,
parameterized algorithms are used instead of procedures.
The parameterized algorithms accommodate both the
layout of populations (see Fig. 2), as the connectivity of
networks. Thirdly, when using a traditional object-oriented
metaphor, it is often impossible to extract certain
information from the classes. Therefore, Neurospaces does
not make a distinction between objects and classes, but
instead implements a template-instantiation pattern to
allow parameter extraction from the templates as well as
from the instances. This last process has the advantage that
many parameters are stored only once, with possibly an
encoding of a small deviation per instantiation.
The complexity of the core of Neurospaces and the
internal data structures are hidden by traversal interfaces
that allow to inspect a stored model in various ways.
During the traversal, application callbacks see a sequence
of small consistent model pieces and extract the required
information for subsequent use.
4. Partitioning for parallel simulations
The implementation of the partitioning algorithm in
Neurospaces consists of a single application callback that



The types of the modeling components are checked and
candidate partitioning elements are tagged (the candidate partitioning types are currently ﬁbers and cells, yet
this is conﬁgurable). The candidate partitioning elements cluster the individual model pieces into candidate
partitions.
Each individual modeling piece is assigned a ﬁxed actual
workload. This allows the callback to compute the
actual cumulative workload for each candidate partition.
The expected workload per partition, deﬁned as the
total cumulative workload divided by the number of
partitions, is compared with the actual cumulative
workload of a candidate partition. As soon as the
actual cumulative workload for a candidate partition
gets greater than the expected workload per partition,
the partition is sliced off from the model and deﬁnes a
physical partition. The physical partition is assigned to a
node of the parallel computer.

This algorithm deﬁnes a unique partitioning of a model.

5. An example
The granular layer of the cerebellar cortex contains
granule cells and Golgi cells [21]. The ﬁrst example we
discuss contains 25 granule cells and two Golgi cells in a
2D grid layout. An outline picture using an abstract linked
tree is shown in Fig. 1.
The granule cell and Golgi cell models are taken from
[19]. Both models consist of a single compartment with a
number of Hodgkin–Huxley alike channels and an
exponentially decaying calcium pool. The granule cell
population speciﬁcation is shown in Fig. 2. By putting the
cells in a 5 X 5 grid, 25 model cells are created. The Golgi
cell population is speciﬁed in an analogue way.

Fig. 1. Structure of the example network: at the right a Golgi cell
population with two cells. At the left a granule cell population with 25
cells, in an evenly spaced rectangular grid of 5  5 with as center the
midpoint of the two Golgi cells. The forward and backward projections
are present at the level of the granular layer. The forward projection
contains a set of connections between the granule cells and the Golgi cells.
The backward projection goes from the Golgi cells to the granule cells.
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Fig. 2. Granule cell population speciﬁcation. An algorithm is looked up from a library using a named reference. Next the algorithm is instantiated by
providing the necessary parameters to run it. In this case the algorithm puts a template granule cell in a 5 X 5 grid in 3D space.

6. Workload computation
Hsolve is a compartmental solver that uses byte codes to
encode the equations in a compartmental model [6]. Based
on the experience obtained with these byte codes, each
compartment in the model stored by Neurospaces can be
assigned a load of 4 points, each channel a load of 6 points
and a calcium pool a load of 3 points. A spike generating
element as well as a synapse have a workload of 1 point.
The total workload for a single granule cell model comes to
72 and for a single Golgi cell model to 51. The example
network has a load of 1675 þ 110 ¼ 1785.
In [19] the ratio between granule cells and Golgi cells is
about 1000. In Neurospaces, scaling up this small model to
a more realistic size, is a matter of changing a couple of
parameters. Scaling up this 2D network to 30 000 Granule
cells and 30 Golgi cells [19] is accomplished by changing
the population parameters in Fig. 2. If the network
connectivity is speciﬁed using the right parameterization
of connection algorithms, it automatically follows this
scaling process. The memory efﬁciency of the data
structures used in Neurospaces allow to store the large
network model in little memory.
For the large network, the load for the granule cell
population is 2160000 points while the load for the Golgi
cell population is 1530 points, totaling 2161530 points. To
partition this network model over many CPUs, the load
has to be divided by the number of CPUs and rounded to a
multiple of Golgi and granule cells. For 10 CPUs, we get an
expected workload per CPU of 216153 points which is
easily covered by assigning 3003 granule cells to the ﬁrst 9
CPUs and have the last CPU compute 2973 granule cells
and all the Golgi cells.
For 13 CPUs, we get a workload of 166271.5 points per
CPU. The ﬁrst 12 CPUs are assigned 2310 granule cells,
while the last one is assigned 2280 granule cells and all the
Golgi cells.

Fig. 3. GUI for partitioning: a network of 30 000 granule cells and 30
Golgi cells over 10 partitions.

model described with Neurospaces into a parallel simulation involves two separate steps:
1. Apply the partitioning algorithm to compute the
partitions and assign the partitions to the nodes of the
parallel computer. In Neurospaces, the partitioning
algorithm can be activated from a low-level command
line interface or a high-level GUI (Fig. 3).
2. Initialize solvers on each node according to the assigned
pieces of the model. This involves compilation of the
model from the biological domain into the mathematical
domain. This is explained in more detail in [6]. In
Genesis/Neurospaces, this is done by invoking the
Genesis action SETUP on the Neurospaces element
(Fig. 4, a full explanation of the compilation is beyond
the scope of this paper, for more information see [6]
and [4]).

8. Related work
Partitioning of neuronal models is becoming increasingly
popular. The following projects are closely related to this
work or to Neurospaces as a software component:


7. Compiling the model to a parallel simulation
Embedding Neurospaces in parallel Genesis [13] will
allow to partition large models with Neurospaces and
simulate them with parallel Genesis. Translating a large

Neosim2 is a parallel discrete event simulator [16] and is
based on the ﬁrst Neosim project [12]. Neosim2 does not
address the problem of heterogeneous models, but
implicitly assumes homogeneous cell models. It therefore does not incorporate sophisticated partitioning
algorithms as explained here.
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Fig. 4. Using Neurospaces with Genesis to simulate a part of the granular layer network. To instantiate the solvers, the SETUP action is invoked for every
individual solver instance. In the last line, the Neurospaces element and the created solver instance are listed. All the other details like setting up
connections according to the projections in the model, will be handled automatically.









Other simulators like Topographica [1] and NEST [10]
deal with more abstract neuron types like integrate-andﬁre neurons. Due to the lower degree of heterogeneity
for such systems, the problem of partitioning a large
model has different characteristics.
Catacomb is a simulator that deals with a range of
simulation principles, and covers many biological levels.
A notable feature of this simulator is that it, like
Neurospaces, comes with a documented and wellthought out data model [3]. To the authors knowledge,
the Catacomb simulator does not allow parallel simulations.
The Neuron simulator has recently been expanded with
a parallelization algorithm. The algorithm deals with
conductance based neurons but does not address the
problem of heterogeneity, yet the parallelization of the
simulation is completely transparent [20].
Neuroconstruct is a modeling environment that interfaces with the Neuron and Genesis simulators [11]. After
creation of a network model, scripts for the appropriate
simulator are generated. Neuroconstruct has been
designed to allow the construction of networks and to
make them more accessible. Therefore, it comes with a
rich GUI and a nice rendering engine. How well the
approach scales, is currently an open question. The
interface with the simulator is not interactive, which
might be a problem for large simulations. Neurospaces
targets large heterogeneous models. Scaling problems
have been avoided by choosing carefully designed
algorithms and datastructures, that allow to optimize
the performance of Neurospaces [8]. Neurospaces has
been embedded in Genesis for maximum interfacing
capabilities with the core of the simulator.

Many things are moving in the software that is guiding
theoretical computational neuroscience through its activities. Yet, from the above comparison, it is clear that
parallelization of simulations remains a hard to understand
problem.
9. Conclusion and future work
Neurospaces automatically assembles all descriptive
parameters of neuronal models. This allows to compute
the CPU load of a simulation and to partition a model such
that it is ready for parallel simulations.

The single compartment granule and Golgi cells are only
moderately asymmetric. Introducing computationally
more intensive Purkinje cell models (e.g. [9]) in the network
will result in huge asymmetries in the network model. A
logical next step is to evaluate and improve the algorithm
performance when dealing with such asymmetrical network
models.
It is important to emphasize that this paper is only the
ﬁrst step towards extended partitioning algorithms.
Further steps will include the following:







The network connectivity is currently ignored. Although
including the connectivity in the algorithm is a necessary
step, it transforms the nature of the complexity of the
problem from that of a searching problem (with linear
scaling) to the complexity from a matching problem
(with exponential scaling). Then, after including the
connectivity in the problem, we are dealing with an
optimization problem that cannot be solved deterministically, such that heuristics need to be applied. The result
of the algorithm proposed in this paper provides a
reliable data set for heuristic partitioning algorithms.
The communication load via the connections between
different partitions of the model must be included in any
partitioning algorithm, thereby further complicating the
problem.
The proposed algorithm determines a ﬁxed workload,
and runs before the actual simulation. To enable
dynamic load balancing and allow computing nodes to
join and leave a simulation, the algorithm needs to
monitor the current load of all CPUs and adapt the
partitioning dynamically.

Each of these steps requires more research work.
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