LETTER

Communicated by Nigel Goddard

Advancing the Boundaries of High-Connectivity Network
Simulation with Distributed Computing

Abigail Morrison

abigail@biologie.uni-freiburg.de

Computational Neurophysics, Institute of Biology III and Bernstein Center for
Computational Neuroscience, Albert-Ludwigs-University, 79104 Freiburg, Germany

Carsten Mehring

Carsten.Mehring@biologie.uni-freiburg.de

Department of Zoology, Institute of Biology I and Berstein Center for Computational
Neuroscience, Albert-Ludwigs-University, 79104 Freiburg, Germany

Theo Geisel

geisel@chaos.gwdg.de

Department of Nonlinear Dynamics, Max-Planck-Institute for Dynamics and Self
Organization, 37018 Gottingen, Germany

Ad Aertsen

aertsen@biologie.uni-freiburg.de

Neurobiology and Biophysics, Institute of Biology III and Bernstein Center for
Computational Neuroscience, Albert-Ludwigs-University, 79104 Freiburg, Germany

Markus Diesmann

diesmann@biologie.uni-freiburg.de

Computational Neurophysics, Institute of Biology III and Bernstein Center for
Computational Neuroscience, Albert-Ludwigs-University, 79104 Freiburg, Germany

The availability of efficient and reliable simulation tools is one of the
mission-critical technologies in the fast-moving field of computational
neuroscience. Research indicates that higher brain functions emerge from
large and complex cortical networks and their interactions. The large
number of elements (neurons) combined with the high connectivity
(synapses) of the biological network and the specific type of interactions
impose severe constraints on the explorable system size that previously
have been hard to overcome. Here we present a collection of new tech-
niques combined to a coherent simulation tool removing the fundamen-
tal obstacle in the computational study of biological neural networks:
the enormous number of synaptic contacts per neuron. Distributing an
individual simulation over multiple computers enables the investigation
of networks orders of magnitude larger than previously possible. The
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software scales excellently on a wide range of tested hardware, so it can be
used in an interactive and iterative fashion for the development of ideas,
and results can be produced quickly even for very large networks. In con-
trast to earlier approaches, a wide class of neuron models and synaptic
dynamics can be represented.

1 Introduction

It has long been pointed out (Hebb, 1949; Braitenberg, 1978) that cortical pro-
cessing is most likely carried out by large ensembles (assemblies) of nerve
cells, whereby the membership of neurons in various assemblies is exhib-
ited through the complex correlation structure of their spike trains (von
der Malsburg, 1981, 1986; Abeles, 1982, 1991; Palm, 1990; Aertsen, Gerstein,
Habib, & Palm, 1989; Gerstein, Bedenbaugh, & Aertsen, 1989; Singer, 1993,
1999). Theoretical studies (Shadlen & Newsome, 1998; Diesmann, Gewaltig,
& Aertsen, 1999; Salinas & Sejnowski, 2000; Kuhn, Aertsen, & Rotter, 2003)
have demonstrated that the cortical neuron is indeed sensitive to the higher-
order correlation structure of their input. With the experimental technology
for multiple-single unit recordings becoming routinely available for ani-
mals involved in behavioral tasks, appropriate network models need to be
constructed to interpret the results.

Due to the nonlinear and stochastic nature of neural systems, simulations
have become a research tool of major importance in the developing field of
computational neuroscience (Dayan & Abbott, 2001; Koch, 1999; Koch &
Segev, 1989). A number of simulation tools have been developed (Genesis:
Bower & Beeman, 1997; Neuron: Hines & Carnevale, 1997; XPP: Ermentrout,
2002) and are in widespread use. They are general purpose in the sense
that they maintain a layer of abstraction between the neuron model to be
simulated and the machinery implementing the network interaction; that
is, they are not neuron or network model specific. The primary focus of
these tools is small networks of detailed neuron models. One exception is
SpikeNET (Delorme & Thorpe, 2003), which is specialized for a specific class
of large networks of spiking neurons.

A major barrier in the simulation of mammalian cortical networks has
been the large number of inputs (afferents) a single neuron receives. As-
suming a biologically realistic level of connectivity, each neuron should
have of the order of 10* afferents. In order to ensure that the network is
sufficiently sparse, a connection probability of 0.1 should be assumed, re-
sulting in a minimal network size of 10° neurons, corresponding to roughly
a cubic millimeter of cortex (Braitenberg & Schiiz, 1998). Such a network
contains of the order of 10° synapses and has proved to be beyond the
memory capacity of the computers available to many researchers. Fur-
thermore, even given a computer with sufficient memory resources, the
amount of time required to construct and simulate such networks and
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perform reasonable parameter scans is not conducive to rapid scientific
progress.

Faced with these problems, many researchers have opted to use scaled
networks, in which the connection probability remains constant and the
synaptic weights are scaled in some manner with the inverse of the total
number of connections a neuron receives. This approach is not without
its risks; although the mean or, alternatively, the standard deviation of the
subthreshold activity can be held constant, this is not true for correlations
and combinatorial measures. Furthermore, in such networks, the memory
requirement increases quadratically with the number of neurons. Clearly,
these disadvantages hold only until the minimal network size is attained,
at which point synaptic scaling need no longer be applied and memory
requirements increase only linearly with increasing network size.

In this letter, we describe without reference to a particular implemen-
tation language how distributed computing (i.e., simultaneous execution
on multiple processors, where the addressable memory of one processor is
not visible to the others) can be used to acquire the memory resources to
surpass the threshold of 10° neurons and reach a simulation speed suitable
for practical work.

To our knowledge, this is the first description of a general-purpose sim-
ulation scheme that allows the routine investigation of networks of spiking
neurons with biologically realistic levels of connectivity. Our design consists
of a highly efficient distributed algorithm, based on the serial (i.e., running
on one processor) simulation kernel first described in Diesmann, Gewaltig,
and Aertsen (1995). Despite the use of a distributed algorithm, a serial inter-
faceis presented to the researcher. In addition to the increases in network size
and simulation speed enabled by our approach, a key feature of our design
is its flexibility due to object orientation (the implementation language be-
ing C++; Stroustrup, 1997). Recent advances in simulation technique have
tended to focus on current-based integrate-and-fire point neurons (Mattia &
Del Giudice, 2000; Lee & Farhat, 2001; Reutimann, Giugliano, & Fusi, 2003);
using our technology, the researcher is not bound by any of these restrictions
and can just as easily use conductance-based neurons (e.g., Chance, Abbott,
& Reyes, 2002; Destexhe, Rudolph, & Pare, 2003; Kuhn, Aertsen, & Rotter,
2004), non-integrate-and-fire models (Hawkes, 1971), simple compartment-
based models (Larkum, Zhu, & Sakmann, 2001; Kumar, Kremkow, Rotter,
& Aertsen, 2004), or implement a neuron model of his or her own. Whereas
complex compartmental models could theoretically be implemented, there
is no support for generating them as in Neuron (Hines & Carnevale, 1997)
or Genesis (Bower & Beeman, 1997), and so such models remain out of
the reach of the current version. The main constraint is the restriction to the
class of neuron models where the interaction between neurons is noninstan-
taneous (finite delays) and mediated by point events (spikes). Similarly, a
large range of synaptic dynamics can be employed, and a network may be
entirely heterogeneous in terms of the neuron and synapse models used.
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In section 2, we describe the representation and construction of a net-
work, including compression techniques. On this basis, we explain the
distributed algorithm for solving the dynamics in section 3. After a brief
discussion of the treatment of pseudorandom numbers in section 4, we pro-
vide benchmarks for our simulation technology in section 5 using relevant
simulation examples and hardware, demonstrating its excellent scalability
with respect to number of processors, network activity, and network size
on computer clusters and parallel computers (for the purpose of this arti-
cle, we reserve the term parallel computer for shared memory architectures).
Section 6 summarizes the key concepts of our simulation scheme and dis-
cusses our approach in the light of future directions of neuroscience research
and upcoming computer architectures.

Source code detail is out of the scope of this letter, as is simulation in-
frastructure such as writing data to files. In the following, the term machine
refers to one processor, addressing memory that is assumed to be invisi-
ble by other machines. Thus, a computer with two processors and shared
memory would be regarded as two machines. The term Iist is taken in its
intuitive meaning of a sequential ordering, which need not necessarily be
implemented as the data structure known as list (Aho, Hopcroft, & Ullman,
1983).

The research on a distributed simulation kernel described in this article is
a module in our long-term collaborative project to provide the technology
for neural systems simulations (Diesmann & Gewaltig, 2002). The appli-
cation of the technology described here has already enabled interesting in-
sights into the nature of cortical dynamics (Mehring, Hehl, Kubo, Diesmann,
& Aertsen, 2003; Aviel, Mehring, Abeles, & Horn, 2003; Tetzlaff, Morrison,
Geisel, & Diesmann, 2004).

Preliminary results have been presented in abstract form (Morrison etal.,
2003).

2 Representation of Network Structure

2.1 A Generic Network. Consider a generic network of spiking point
model neurons. In order to represent this, it is helpful to consider the
synapses as being separate entities from the neurons. If a synapse is trig-
gered by a spike from its presynaptic neuron, it transmits this information in
the form of an event with weight w and delay d to its postsynaptic neuron.
Each neuron is assigned a unique index, and we say that the synapse that
transmits a spike from neuron i to neuron j is an axonal synapse of i but a
dendritic synapse of j. Thus, for a serial algorithm, a list of neurons, each
possessing a list of its axonal synapses, whereby each synapse contains the
index of its postsynaptic neuron, would suffice to represent the network
structure completely. This is analogous to the adjacency lists commonly
used to represent graphs (Gross & Yellen, 1999) and is illustrated in Figure 1.
Inorder to allow maximum flexibility in the structure and heterogeneity of
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Neurons Synapses

Index: 12 Index: 7

Figure 1: Data structures for a serial simulation scheme. The network comprises
N uniquely indexed neurons (left column), and each neuron is assigned a list of
axonal synapses (right column). Each neuron contains its own state variables, as
does each synapse (illustrated by close-up). In addition, each synapse contains
the index of its postsynaptic neuron.

the networks that can be simulated, an object-oriented approach is highly
advantageous, in which each individual neuron and synapse maintains its
own parameters, as depicted in the close-up in Figure 1, and performs its
own dynamics rather than being subject to a global algorithm.

For a distributed algorithm, matters are somewhat more complicated.
The most obvious requirement for distributing a simulation is that the neu-
rons are distributed. The simplest possible load balancing is to assign an
equal number of neurons to each machine. As there may be different neu-
ron models with different associated computational costs in the network,
this assignment is performed using a modulo operation, so that contiguous
blocks of neurons (the most intuitive way of defining neuron populations)
are dealt out among all the machines, resulting in a good estimate of the
fairest load distribution. For simplicity, here and in the remainder of the ar-
ticle, we ignore this assignment and assume that neurons 1 to N/m, where
m is the number of machines, are located on the first machine, neurons
N/m + 1 to 2N/m on the second machine, and so on. Clearly, the synapses
must also be distributed. We distribute the axonal synapses of each neuron
as follows: on each machine, there are N lists of synapses, one for each neu-
ron in the network. A synapse from neuron i to neuron j is stored in the ith
list on the machine owning neuron j. Alternatively, from a biological point
of view, we say the axon of a neuron is distributed, but its dendrite is local,
as anticipated in Mattia and Del Giudice (2000). This seems less intuitive
than distributing the dendrite and keeping the axon local, but confers a
considerable advantage in communication costs, as discussed in section 3.
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Figure 2: Data structures for a distributed simulation scheme. As an example,
the network shown in Figure 1 is distributed (top) over two machines. Each
machine (bottom panels) contains N/2 neurons (center column) and N lists of
synapses (left column), one list for each neuron in the network. All synapses
in the ith list are synapses from neuron i to neurons on the local machine. The
dashed arrows indicate connections that cross machine boundaries. In addition
to the data structures required for the serial algorithm (see Figure 1), each neuron
is assigned a list of machines (right column). The machine list for neuron i
specifies all the machines on which neuron i has targets (i.e., all machines where
the ith synapse list is not empty).

Instead of a list of axonal synapses, each neuron is assigned a list of the ma-
chines on which it has targets; that is, the machine list for i contains exactly
those machines on which the ith synapse list is not empty. This scheme is
depicted in Figure 2.

Further network elements not shown in Figure 2 include neuron input
devices such as current generators and observation devices such as mem-
brane potential recorders and spike detectors, which interact with any or
all of the local neurons.
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2.2 Network Construction. Asthesynapses arerepresented on the same
machine as their postsynaptic neuron, the network must also be connected
from the postsynaptic side: for each neuron, its afferent neurons must be
specified and a synapse added to the local synapse list of each of those neu-
rons. Once the inputs for each neuron have been established, one complete
exchange between the machines (see section 3.4) suffices to propagate the
connectivity information necessary to construct the machine list for each
neuron. Constructing the network is therefore a fully parallelizable activity
that results in a near-linear speed-up (see Figure 7). This is an important
feature of our technology, as without parallelization, the wiring of a net-
work can account for a large fraction of the total run time, especially as
biological levels of connectivity are approached. Despite the highly parallel
nature of the construction, the user needs no knowledge about the location
of the neurons and can specify connections as if it were a serial applica-
tion. On the most basic level, a command Connect(i, j) is ignored almost
instantaneously on all machines except the one owning neuron j. For higher-
level connection commands, such as one for connecting a random network,
we make use of the fact that a machine can determine at the beginning of
such a routine which neurons belong to it. The desired method can then
be applied to all neurons within the appropriate bounds without having to
check ownership of each neuron, thus achieving an even higher degree of
code parallelization.

2.3 Network Compression. Simulations of large biological neural net-
works are by their very nature highly consumptive of memory. Although
the emphasis of this article is on the use of distributed computing to provide
the necessary memory resources, it is clear that any compression of the net-
work structures will be beneficial, as it increases the size of network that can
be investigated on any given hardware and decreases the simulation time
for any given network. We therefore explain briefly the general principles of
how redundancy can be reduced without special knowledge of the network
structure in order to reduce the memory demands of a simulation.

We will consider the simplest synapse possible, a static synapse con-
sisting of a constant weight w, a constant delay d, and the index of the
postsynaptic neuron i. Ignoring for simplicity the memory overhead in-
volved in creating the synapse object, a naive representation of a synapse
would therefore require a number of bytes M; = M, + My + M;, and a
network of N neurons with K synapses each would require NKM; bytes
purely for the synapses. To give some idea of the scale of the problem, typ-
ical values for My, My, and M; on a 32-bit system are 8, 4, and 4 bytes, re-
spectively, and a network containing N = 10° neurons with a connectivity of
K = 10* synapses each would require 16 GB. However, instead of storing the
postsynaptic index for each synapse in a list, we keep the list sorted in order
of increasing index and store just the differences between them. If this dif-
ference is less than 255, it can be stored in 1 byte. If the difference happens
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to be too large, an appropriate entry is made in an overflow list. In fact,
in most applications, this is a rare occurrence. In the network mentioned
above, if connected using a uniform distribution, the average difference be-
tween neurons is 10. If networks of orders of magnitude larger than this
were to be investigated, spatial structure would have to be taken into con-
sideration to avoid obtaining a biologically unrealistic sparseness. It should
be noted that the requirement of keeping the target lists sorted is fulfilled
without extra costs if, given indices ji, j» of neurons located on a particu-
lar machine with j; < j;, the commands establishing the connections are
issued in the sequence . .., Connect(iy, j1), ..., Connect(iz, j2), ... the order
and location of the presynaptic neurons being irrelevant. This technique
reduces the amount of memory for each synapse to M >~ M, + My + 1.

Further compression can be achieved by considering the distributions of
the synaptic delays and weights. In the best-case scenario, as far as memory
is concerned, each neuron makes only one kind of axonal synapse: w;; = w;
and d; = d;. In this case, the parameters have to be stored only once per list
rather than once per synapse, resulting in M; ~ 1 and reducing the memory
requirements for the above example network to approximately 1 GB. In the
next best case, each neuron makes axonal synapses with weights and delays
that take on only a few possible values (see, e.g., Brunel, 2000). Here, several
synaptic lists will be initialized, one for each combination encountered. This
produces compression almost as good as in the ideal case. However, there is
anon-negligible memory overhead associated with the construction of each
list, so for a broad distribution of delays, it is more efficient to represent them
in terms of their difference from a reference value. For many applications,
this difference can be expressed in 1 byte, resulting in M; ~ M, +1+1.
Similar to the representation of the postsynaptic neurons, a value too far
away from the reference value can be stored in an overflow list. This kind of
compression is applicable only to discrete-valued variables such as delay.
There is currently no way to compress a continuous distribution.

These methods can be easily extended to more complicated synapse ob-
jects, but the onus is on the user to be aware of the redundancies in the
network to be investigated and choose the appropriate kind of compres-
sion. As illustrated above, depending on the heterogeneity of the network,
eliminating redundancy can reduce the memory requirements significantly,
so that even large networks can be simulated on hardware available to mod-
est budgets. Conversely, with access to large clusters or parallel machines,
it is possible to investigate networks orders of magnitude larger than pre-
viously possible.

3 Simulation Dynamics

3.1 Time Driven or Event Driven? A Hybrid Approach to Simulation.
The two classic approaches to simulation are time driven and event driven,
also known as synchronous and asynchronous algorithms. We pursue a
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hybrid strategy whereby the neurons are updated at every time step, but
a synapse is updated only if its presynaptic neuron produces a spike. A
purely event-driven algorithm such as that proposed by Mattia and Del
Giudice (2000) is unsuitable for our purposes because it places too many
restrictions on the classes of neurons that can be simulated. For exam-
ple, any neuron class in which a spike induces a continuous postsynap-
tic current would be very difficult to implement if a neuron is updated
only on the arrival of a spike event. Furthermore, the motivation for these
algorithms is the fact that the state of a current-based integrate-and-fire
(IAF) neuron can be directly interpolated between events, where events
are assumed to be rare. This perceived computational advantage dwindles
rapidly as the frequency of events increases: a neuron with 10* afferent
connections firing at just 1 Hz receives events at a rate of 10,000 Hz and
is therefore at least as expensive to simulate event driven as on a time
grid with a step size of 0.1 ms. In Reutimann et al. (2003), a solution to
the problems of rise times and event saturation is presented for IAF neu-
rons at the cost of large look-up tables and restrictions on the type of back-
ground population activity. By updating the neurons in fixed time steps
and applying exact integration techniques where possible (Rotter & Dies-
mann, 1999), we maintain a highly flexible simulation environment at no
grave computational cost. As a consequence of this scheme, spike times are
constrained to the time grid and are expressed as multiples of /, the time
step or computational resolution. It should, however, be noted that a neu-
ron can perform arbitary dynamics within this time step, including using
an internal resolution much finer than the one the spikes are constrained
to.

Conversely, a purely time-driven algorithm is equally unsuitable.
Synapses are by far the most numerous elements in a network. This is
the case even when synaptic scaling is employed (i.e., using fewer but
stronger synapses), but particularly so if biologically realistic connectiv-
ity is assumed. Clearly, updating 10° synapses every time step would have
catastrophic consequences for simulation times. Fortunately, although the
above consideration that events are rare is not valid for neurons, it is valid
for individual synapses—in the situation described above, a synapse pro-
cesses events at just 1 Hz. Assuming that the synaptic state can be calculated
from its previous state, the time since its last update, and information avail-
able from the postsynaptic neuron, a synapse need be updated only when
it transfers a spike event. In fact, a wide range of synaptic dynamics falls
into this category, including synaptic depression (Thomson & Deuchars,
1994), synaptic redistribution (Markram & Tsodyks, 1996), and spike-time-
dependent plasticity (Bi & Poo, 1998, 2001), for a review see Abbott and
Nelson (2000).

By combining the flexibility of a time-driven algorithm with the speed
of an event-driven algorithm, a highly functional and fast simulation envi-
ronment is achieved.
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Figure 3: Update of neuron state. The flowchart (left) defines the sequence of
operations required to propagate the state y of an individual neuron by one
time step h. Operator F;, performs the subthreshold dynamics, and operator G
modifies the state according to the incoming events. Event buffers (only one is
shown, right) contain incoming events for the neuron. They are rotated at the
end of each time step so that for any simulation time t, the current read position
(indicated by the black read head symbol) always provides the input scheduled
to arrive at simulation time ¢ + /.

(&

3.2 Neuron Update. At each time step, each neuron is updated from
its state at time t, y; = (y1, 12, - - ., Yn)t, to its state at time t + /1, where h is
the temporal resolution of the simulation. This update is performed on the
basis of y; and w;,,, the summed weight of all events arriving at time t + h.

A flowchart of the update is shown in Figure 3, a concrete example is
given in Diesmann, Gewaltig, Rotter, and Aertsen (2001), and the theory for
grid-based simulation is developed in Rotter and Diesmann (1999). First,
the subthreshold dynamics of the system is applied to the state vector; that
is, the state of the neuron is calculated without taking new events into con-
sideration. Next, w;,, is read out of the neuron’s event buffer, also shown
in Figure 3. The event buffer can be thought of as a primitive looped tape
device; at each time step, the current value can be read off and erased. At
the end of a time step, all event buffers are rotated one segment so that the
next value is available to be read in the next time step. Only one such buffer
is depicted; in fact, the number of buffers is dependent on the dynamics of
the neuron model. The provisional new state of the neuron is then updated
on the basis of w;;,. Now the provisional state of the neuron reflects the
values valid at time ¢ + h with respect to the neuron’s subthreshold dynam-
ics. If at this point the state of the neuron fulfills its spiking criteria (e.g.,
passing a threshold potential), the state is updated once again according to
the appropriate spike generation dynamics (such as resetting the membrane
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potential). The emitted spike is assigned to the time ¢ + /1, and the informa-
tion that it has occurred must be transmitted to the neuron’s distributed
axonal synapses. This calculation of the new state of the neuron is defined
by the individual neuron model rather than by a global algorithm. In many
cases, it is possible to avoid using computationally expensive differential
equation solvers by applying a propagator matrix to the neuron state to
integrate exactly (Rotter & Diesmann, 1999).

Clearly, the use of event buffers, already present in the original serial
version (Diesmann et al., 1995; Gewaltig, 2000), obviates the requirement
for a centralized event queuing system; an event of weight w due to arrive at
the neuron d time steps in the future can be added to the event buffer d steps
upstream from the current reading position. Obviously, causality requires a
nonzero transmission delay, thatis,d > 1.Itis important to note the implicit
assumption made here that the weights of incoming events can be summed,
as each ring buffer segment contains just one value, which is incremented
by the weights of successive incoming events. It does not, however, imply
that an incoming event may only cause a discontinuous jump in a state
variable of the neuron. The interpretation of the weights is left up to the
individual neuron model. For example, one model may interpret the weights
as the magnitude of a jump in the membrane potential and another as the
maximum value of an alpha function (Jack, Noble, & Tsien, 1983; Bernard,
Ge, Stockley, Willis, & Wheal, 1994) describing the change of conductance.
Nor does it imply that all the events received by a neuron necessarily induce
identical dynamics. Models with different time constants for excitatory and
inhibitory input, for example, or with several compartments (Kumar et al.,
2004) are implemented by giving the neuron access to several such event
buffers.

3.3 Index Buffering. At first glance it seems as if communication be-
tween machines should take place after every time step in order to convey
the information of which neurons spiked during that time step. Fortunately,
this is not so. If the minimum synaptic delay is dmin - 11, then a neuron spik-
ing at time t cannot have an effect on any postsynaptic neuron at a time
earlier than t + dmin - h. Therefore, if the spikes can be stored maintaining
their temporal order, it is sufficient to communicate in intervals of dpmi, time
steps. This also represents the maximum possible communication interval;
any greater communication interval would result in events arriving with
delays longer than those specified by the user. This communication scheme
is completely independent of the temporal resolution; simulating on a finer
time grid does not increase the frequency of communication. Maintaining
the temporal ordering is easily done. In each time step, the indices of all
spiking neurons can be stored in a buffer as illustrated in Figure 4, and at
the end of the time step, a marker is inserted into the buffer to separate
the spikes of successive time steps. Note that if the axonal synapses were
local and the dendritic synapses distributed, the synaptic weight, delay,
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Figure 4: Target machine-specific buffering of local events. In this example,
neuron 6 located on machine a (see Figure 2) produces a spike. Its list of target
machines contains the identifiers for machines a and b. The index 6 is appended
to the index buffers for these machines.

and index of every target neuron would have to be communicated, at a
cost of M, = K- (My, + My + M;) per spike. Using a representation of the
network structure where the postsynaptic neuron maintains the informa-
tion about the weights and delays of incoming connections, as is the case
in several simulators (e.g., Bower & Beeman, 1997), would reduce this cost
to M. = K- M;. Assuming the same sizes of the synaptic parameters as in
section 2.3, this amounts to a reduction factor of 4. However, in our represen-
tation, the entire synaptic structure, including the index of the postsynaptic
neuron, is stored physically on the postsynaptic side but logically on the
presynaptic side (see section 2.1). This means that it suffices to send merely
the index of the source neuron to every machine on which it has a target,
so the communication cost is no longer proportional to the connectivity of
the neuron but to the number of machines: M, = m - M;. This is a reduction
factor of K /m, which for biologically realistic levels of connectivity can be
of the order of 10* and so adequately justifies the otherwise counterintuitive
decision to distribute the axonal rather than dendritic synapses.

A further reduction in communication bulk results from sending spike
information only to where it is needed. In Figure 4, each neuron is shown to
have a list of the machines on which it has target neurons. This information
can be used to filter the indices into machine-specific buffers. At the end
of the dmi, interval, these buffers can be exchanged with the corresponding
machines. By distributing axonal synapses, communicating in intervals of
dmin, and sending spike information only to where it is needed, a commu-
nication scheme is achieved with both minimal bulk and frequency.

3.4 Buffer Exchange. The communication itself is performed using rou-
tines from the Message Passing Interface (MPI) library (Pacheco, 1997). The
two basic communication types are blocking and nonblocking. In blocking
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communication, a Send (b) on machine a requires a corresponding call of
Receive () on machine b, and both machines wait until these calls have
been successfully completed. In nonblocking communication, the data to
be sent from machine a to machine b are written into a buffer that can be
picked up by b when it is ready, and a continues with its next instruction
without waiting. The latter paradigm is potentially more efficient; we use
the former as it is more robust: the MPI library definition does not fully
specify how data that have not yet been retrieved are to be buffered. Fur-
thermore, as each of the machines needs to receive event buffers from every
other machine before it can continue and the amount of time spent in com-
munication is small compared to the amount of time required to update the
neurons (see section 5), using nonblocking communication could result in
only a minimal increase in performance.

Given m machines, there are consequently m(m — 1)/2 individual bidi-
rectional exchanges that need to be ordered carefully in order to prevent
deadlock (for example, if a tries to send to b, while b tries to send to ¢ and ¢
tries to send toa). This is equivalent to an edge coloring problem, where each
machine is a vertex of a fully connected graph, and each edge represents
the exchange of buffers between the two machines it connects. Each vertex
may have only one edge of each color, and edges that are the same color
correspond to exchanges that can be carried out in parallel without caus-
ing deadlock. The Complete Pairwise EXchange (CPEX) algorithm (Tam &
Wang, 2000; Gross & Yellen, 1999) is a simple constructive process that pro-
duces sets of edges to enable the graph to be colored with the minimum
of colors or, equivalently, the order of exchanges for maximally efficient
communication with no deadlock.

In Figure 5A, the ordering of exchanges is illustrated for a network with
five machines. It should be noted that the algorithm is more efficient if an
even number of machines is involved (see Figure 5B), resulting in m — 1
communication steps (colors) rather than m steps for odd m, where in every
step, one machine is idle.

3.5 EventDelivery. Thereceived buffersare then sequentially processed
by reading off the indices one by one and activating the corresponding
synapses, as illustrated in Figure 6. If the index of neuron i is read off before
the first marker has been read, this means that neuron i spiked dpmin time
steps ago. The synapses of i are activated, and for each postsynaptic neuron
j,an event of weight w;; with synaptic delay d;; - h is produced. This weight
is then written to the appropriate event buffer of neuron j, djj — dmin time
steps on from the current reading position, thus maintaining the correct
temporal ordering of events. Indices between the first and second markers
correspond to neurons that spiked in the second time step following the last
buffer exchange; accordingly, the resulting events have their synaptic delays
decremented by dmin — 1. This process continues until all indices from the
buffer have been read off, at which point the next buffer can be processed in
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Wty

B

Figure 5: Illustration of the complete pairwise exchange (CPEX) algorithm as
an edge coloring problem. Machines correspond to the nodes of the graph (filled
circles) and communication routes to the edges (lines). (A) The five communica-
tion steps required for a computer cluster with m = 5 machines are represented
by the sequence of graphs. In each step (from left to right), two pairs of machines
(connecting edges highlighted by thick lines) exchange their messages. In the
edge coloring terminology, this corresponds to the application of a different
color. Using this odd number of machines, the progress of the algorithm can be
visualized by the clockwise rotation of the highlighted parallel edges. (B) The
m — 1 communication steps required for m = 6 machines. Same display as in A.

Machine: b

Synapses Neurons

Figure 6: Delivery of received events. In this example, dmin = 3, and so as the
index 6 is read out of the section of the buffer received from machine a (left)
before the first marker (hatched block), neuron 6 spiked three time steps ago. This
information is passed to the synapse list of neuron 6 on this machine (center).
This list contains a synapse with the postsynaptic neuron 7. It produces an event
of weight w and delay d, which is placed in the event buffer (cf. Figure 3) of
neuron 7 (right) not d, but d — 3 segments on from the current reading position,
to take account of the communication lag of three time steps.
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the same way. Once all buffers have been processed, the next dmin - /1 period
in the life of the network is simulated, and the cycle begins again.

4 Random Numbers

Many networks require a massive amount of random numbers for their sim-
ulation and construction. In addition to the usual pitfalls of pseudorandom
number generation, this presents extra problems in a distributed environ-
ment. The ideal solution should be able to produce sequences of random
numbers for each machine such that each sequence is itself uncorrelated,
and each sequence is uncorrelated to any other sequence. Furthermore,
it should be possible to perform a simulation on a different hardware or
with a different number of machines, and obtain identical results. A central
random number server is not an appropriate solution for this application,
as this would result in a bottleneck due to the sheer volume of numbers
required. A partial solution is provided by the use of random number gen-
erators (RNGs), which produce independent trajectories for different seeds
(Knuth, 1997). Such RNGs are available from the GNU Scientific Library
(Galassi, Gough, & Jungman, 2001), which, moreover, ensures platform in-
dependence.

The solution is completed by the introduction of pseudoprocesses. The
number of pseudoprocesses Npp, is specified at run time, when the number
of machines used m is also known. They are assigned to the machines such
that pseudoprocess p is on machine p mod m, and each machine has an equal
number of pseudoprocesses, thereby constraining m to be a factor of N,p.
Each pseudoprocessis assigned one RNG with a unique seed. Each neuron is
assigned to a pseudoprocess such that neuron  is assigned to pseudoprocess
nmod Npp, and all the random numbers required for that neuron are drawn
from the corresponding RNG. As the algorithm to assign the neurons to the
pseudoprocesses depends solely on N,,;,, identical simulation results will be
obtained for any m fulfilling the constraint. In this way, we ensure a fast,
safe production of random numbers, independent of both the platform and
the number of machines used.

5 Performance

We tested the software on four architectures, chosen to reflect the kind of
hardware currently available:

¢ Elderly PC cluster (8 x 2 processors, 100 MBit Ethernet, Intel Pentium
0.8 GHz, 256 kB cache)

® Recent PC cluster (20 x 2 processors, Dolphin/Scali network, Intel
Xeon, 2.8 GHz, 512 kB cache)

® Compaq GS5160 (16 processors, Alpha 0.7 GHz, 8 MB cache)
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Figure 7: Scalability of wiring with respect to number of processors: elderly
PC cluster, solid line; recent PC cluster, dashed line; GS160, dash-dotted
line; GS51280, dotted line. See the text for architecture and simulation details.
(A) Wiring time for the 10* network against number of processors, log-log rep-
resentation. The gray line indicates slope for a linear speed-up. (B) As in Abut
for the 10° network.

® Compaq GS1280 (8 processors, Alpha 1.15 GHz, 1.75 MB associative
cache)

The following simulations were performed on the three different architec-
tures for several different numbers of processors:

e 10* low rate network: 10,000 neurons with 1000 random afferent con-
nections each and an average spike rate of around 2.5 Hz (dynamics
as described in Brunel, 2000) was simulated for 10 biological seconds.

* 10* high rate network: as above, but with an unrealistically high aver-
age spike rate of around 250 Hz.

® 10° low rate network: 100,000 neurons with 10,000 random afferent
connections each and an average spike rate of around 2.5 Hz (dynamics
as described in Brunel, 2000) was simulated for 1 biological second.

These simulations were chosen to demonstrate the scalability of the soft-
ware with respect to the number of processors for networks of significantly
different sizes and activities.

In Figure 7 the wiring times for the two different network sizes are plotted
against the number of machines used. The double logarithmic representa-
tion reveals the exponent of the dependence. In both cases, the wiring time
scales linearly with the number of machines. For the smaller network (see
Figure 7A), a saturation for large numbers of machines seems to be visible;
however, the times measured are close to the resolution of measurement
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Figure 8: Scalability of simulation time with respect to number of processors:
elderly PC cluster, solid line; recent PC cluster, dashed line; G5160, dash-dotted
line; GS1280, dotted line. See the text for architecture and simulation details.
(A) Simulation time for the 10° network against number of processors, log-
log representation. The gray line indicates the slope for a linear speed-up.
(B) Corresponding speed-up factor against number of processors. The diago-
nal (broad gray line) corresponds to linear speed-up.

(1 second). For the larger network (see Figure 7B), no saturation is observed.
In fact, no saturation is visible even when using 40 machines of the modern
PC cluster (not shown). In contrast to the other architectures, the elderly PC
cluster slows when increasing from 8 to 10 machines. This is due to the fact
that the two processors on each board share a memory bus. For 8 or fewer
machines, the application can be distributed such that only one processor
on each board is running it. Above this point, both processors are in use
on at least one board, which leads to a significant reduction in efficiency.
If the application is distributed such that both processors are in use on all
contributing boards, then a supralinear behavior is seen for all numbers of
machines, but at the cost of larger absolute run times.

In Figure 8A the simulation time of the 10° network is plotted against
the number of machines used. All tested architectures show a steeper slope
than that expected for a linear speed-up (gray line), commonly considered
to be the maximum speed-up possible for a distributed application. This
surprising result is due to the fact that the amount of fast cache memory
available increases linearly with the number of processors. For our nondeter-
ministic algorithm, the exploitation of this memory more than compensates
for the memory and communication overheads that accrue as a result of
distributing the simulation. In particular, in the range of machines tested,
the communication overheads are negligible. Even when simulating the 10*
high rate network on the elderly PC cluster (i.e., the maximimum amount
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Figure 9: Comparison of architectures. Total time to run the three different
types of simulation on four different architectures using eight processors. See
the text for architecture and simulation details. In each block, the black bar refers
to the elderly PC cluster, the dark gray bar to the recent PC cluster, the light gray
bar to the GS160, and the white bar to the GS1280. The left block shows the
run times of the 10* low-rate network, the middle block the run times of the
10* high-rate network, and the right block the run times of the 10° network.
For the 10° network, the lower part of each bar shows the construction time of
the network and the upper part the simulation time. For the 10* networks, the
construction time is negligible.

of communication with respect to the number of neurons, with the slow-
est communication hardware), the time spent communicating amounted
to less than 0.5% of the total runtime. The corresponding speed-up curves
(see Wilkinson & Allen, 2004), that is, how many times faster the applica-
tion runs with m processors than with 1 processor as a function of m, are
plotted in Figure 8B. In the case of the PC clusters, the application is too
large to be addressed by one 32-bit processor; therefore, the curves have
been normalized appropriately. In this representation, the supralinear scal-
ing is indicated by the fact that all the curves lie above the gray diagonal,
indicating a linear speed-up, except for the elderly PC cluster for large n,
as explained above. Similar results (not shown) were obtained for the 10*
networks with low and high spike rates, whereby the supralinear behavior
is more pronounced at high rates. At high rates, the efficiency of writing
to the event buffers becomes an increasingly crucial factor, so the exploita-
tion of the cache resource plays a much more important role than for low
rate simulations. In the case of the recent PC cluster, we have been able to
test up to 40 processors, and even at this high number, no saturation of the
speed-up was observed, resulting in total run times for the 10° network of
less than 2 minutes. In both panels, the reduction in efficiency of the elderly
PC cluster caused by two processes competing for memory access is clearly
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Figure 10: Scalability with respect to activity and network size. (A) Simulation
time (diamonds) on eight processors of the GS1280 for 1 biological second of a
10* network plotted against average spike rate A. The gray line is a linear fit to
the data. (B) Simulation time (diamonds) on eight processors of the G51280 for
1 biological second of low-rate networks (3.9 Hz) against number of neurons,
log-log representation. The number of synapses per neuron increases linearly
with the number of neurons (i.e., constant connection probability) until a bio-
logically realistic connectivity is reached (at 13 x 10%), after which the number
of synapses per neuron remains constant. The gray lines are linear fits to the two
regimes, with slopes of 1.88 and 1.05, respectively. The lower dashed gray line
indicates the expected run time increase assuming a linear dependence of the
run time on the number of neurons; the upper dashed gray line indicates the
expected run-time increase assuming a quadratic dependence on the number of
neurons.

visible. Again, supralinear behavior is observed for the entire series if the
application is redistributed as described above, but at the cost of higher
absolute run times.

A comparison of the run times for the different types of simulation is
given in Figure 9. The total run time for all combinations of simulations and
architectures is depicted for the case that eight processors are used. In all
cases, the simulation finishes in less than 20 minutes. The recent PC cluster
with its high-speed, low-latency network, and rapid clock speed has a clear
advantage over both the elderly PC cluster and parallel computer and is at
this number of processors comparable to the modern parallel computer.

To demonstrate the scalability of the software with respect to network
activity and size, we varied one parameter while holding the others constant.
Figure 10A shows that the software scales linearly with the average spike
rate 1. An excellent scaling behavior is also seen with respect to the number
of neurons in the network with constant rate and connection probability
(see Figure 10B). It lies between the linear scaling due to the increase in
the number of neurons and the quadratic scaling due to the increase in the
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Figure 11: Scalability with respect to problem size. The ratio of serial simulation
time and parallel simulation time (vertical) is shown as a function of network size
(horizontal, bottom) and number of machines (horizontal, top) for the GS1280.
The network size is increased from 110,500 to 884,000, keeping the number of
neurons per machine and the number of synapses per neuron constant. The gray
line represents a linear fit exhibiting a slope of —0.0057.

number of synapses. For increases in network size above 10°, a near-linear
increase is observed; having reached biological levels of complexity, the
total number of synapses in the network increases only linearly.

We have discussed how simulation time scales with number of processors
for a fixed network size (see Figure 8) and how the simulation time scales
with the network size for a fixed number of machines (see Figure 10B).
Another useful performance measure is the scaled speed-up (Wilkinson &
Allen, 2004), where the network size is increased linearly with the number
of machines. The motivation is that with a larger number of machines avail-
able, it should be possible to address a proportionally larger problem in the
same time as the original problem on one machine. The scaled speed-up
characterizes to what extent this assumption holds. Figure 11 shows that
for the number of processors available on the parallel computer tested, the
scaled speed-up remains close to 1, indicating excellent scalability of the
software and the problem. The small, systematic linear decline of scaled
speed-up presumably originates from the increased absolute amount of
memory access and communication load.

6 Discussion

We described a scheme for the efficient distributed simulation of large
heterogeneous spiking neural networks. In contrast to earlier approaches,
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the simulation technology enables the investigation of recurrent networks
with levels of connectivity and sparseness characteristic for the mammalian
brain. A network of 100,000 neurons permits a biologically realistic number
of synapses per neuron (of the order of 10*) while simultaneously adhering
to a biologically realistic constraint on the connection probability between
two neurons (of the order of 0.1 in the local volume). In this sense, such
a network constitutes a threshold size for realistic simulations of cortical
networks. The technology described in this article easily overcomes this
threshold on available hardware, requiring wall clock times suitable for
routine use. For larger neural systems, the required computer memory and
wall clock time scale merely linearly (as opposed to quadratically) with the
number of neurons.

The neural network to be simulated can be distributed over many com-
puters. Execution time and the computer memory required on an individual
machine scale excellently with the number of machines used. As a conse-
quence of the considerations above, larger networks can be simulated, or
a reduction in execution time achieved, simply by adding a proportionate
number of computers to the system. In addition to the distributed simula-
tion of the dynamics, an important feature of our technology is the parallel
generation of the network structure. A serial construction of the network
would severely limit the speed-up, as the time required to construct the
network can constitute a considerable fraction of the total execution time
(see Figure 9). A similar argument holds for the generation of random num-
bers, which can also easily become the component limiting the speed-up.
Consequently, the generation of random number is parallelized, and care
is taken that simulation results are independent of the number of machines
used to carry out the simulation.

The efficiency of the simulation scheme results from exploiting the fact
that the interaction of network elements is noninstantaneous and mediated
by point events (spikes). The frequency and bulk of the communication
between machines are independent of the computation step size (precision
of the simulation). The simulation scheme profits from the fact that the
fast cache memory increases proportionally with the number of machines,
reducing the ratio between the locally required working memory and the
locally available cache (Wilkinson & Allen, 2004). Surprisingly, the increase
in simulation speed gained more than compensates the overhead due to the
communication in a distributed environment. Overall, a supralinear speed-
up is observed, justifying the use of large clusters of computers. A detailed
quantitative investigation of cache effects is outside the scope of this study.
However, it is evident from the results presented that when deciding on
hardware for a simulation project using our scheme, not only the clock
speed of the processors but also the amount of cache memory should be
considered.

We pointed out in section 3.1 that neither of the textbook simulation
schemes, discrete time and event-driven algorithms, is optimal for the
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simulation of biological neural networks. Instead, only a carefully adjusted
hybrid of both leads to a satisfactory run-time behavior. A similar obser-
vation is made with respect to the class design of the software compo-
nents (cf. the comment on this observation in Gamma, Helm, Johnson, &
Vlissides, 1994). Only a well-balanced mixture of objects from the problem
domain (neurobiology) and from the machine-oriented domain of paral-
lel algorithms leads to a design that appropriately compromises between
the heterogeneity of biological structure, usability of the software, and the
efficiency of the simulation on today’s computer hardware. Both obser-
vations argue for a pragmatic and undogmatic usage of software design
principles and the selection of an implementation language supporting
multiple paradigms (Stroustrup, 1994). Ideally, the interface with which
the researcher, attempting to implement a new neuron model, is confronted
would be expressed in terms of neuroscience concepts and objects, while the
objects of the software layer below are optimized for cache exploitation and
efficient communication. We have made some first steps in this direction, but
further research is required to work out how this approach can consistently
be applied to the different components of the simulation scheme.

Future work on this topic falls broadly into two categories: optimization
and functionality. With respect to the former, the clearly observable cache ef-
fects suggest that much could be gained by optimizing the data structures ac-
cordingly. We are currently testing various alternative representations of the
network structure and update schemes in order to enhance the cache usage,
particularly for low numbers of machines. Furthermore, the load balancing
currently carried out by the simulation kernel is minimal and relies on the
static uniform distribution of network elements and their types over the
available machines. Thus, efficient use of the hardware resources requires
homogeneous computer clusters. While in the context of high-performance
computing this does not represent a major constraint, the limitation be-
comes relevant when more structured networks are investigated with large
differences in the communication load between and within subnetworks.
The next step in addressing the problem of load balancing would be to pro-
vide user-level control over the mapping of network elements to machines.
Finally, the results presented in this article demonstrate that it is possible
and efficient to execute our code on computers with multiple processors.
However, the use of a communication protocol developed under the con-
straints of distributed computing (Pacheco, 1997) does not fully exploit the
existence of a working memory addressable by all processors. In the frame-
work of the NEST initiative (www.nest-initiative.org) we are developing
the simulation technology for computers with multiple processors. Current
trends in computer hardware toward clusters of multiprocessor machines,
whereby each machine has a small number of processors and support for
multithreading (Butenhof, 1997) in the individual processors, makes a hy-
brid simulation kernel using multithreading locally and message passing
between computers increasingly interesting.
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One factor limiting the usability of the software described here is that
the protocol for a particular simulation experiment must be specified by a
C++ program. In a parallel line of work, we are developing a simulation
language interpreter enabling the interactive specification and manipula-
tion of neural systems simulations (Diesmann & Gewaltig, 2002). It remains
to be investigated how the distributed simulation kernel can be combined
with this interpreter. Other current work (Morrison, Hake, Straube, Plesser,
& Diesmann, 2005) focuses on extending the functional range of the technol-
ogy through the incorporation of precise (off-grid) spike times (see Hansel,
Mato, Meunier, & Neltner, 1998; Rotter & Diesmann, 1999; Shelley & Tao,
2001, for discussion) and spike-time-dependent plasticity (Morrison, Aert-
sen, & Diesmann, 2004) into the simulation scheme. In future projects, struc-
tural plasticity and the interaction of spiking neural networks with modu-
latory chemical subsystems will also be addressed.
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