
a few mesh elements such that the search for intersections
during ray marching can in turn be limited to the current
and neighboring SSVs. The running time for searching scales
as O(N), where N is the number of diffusing molecules.
Whenever a molecule passes through an SSV boundary, ray
marching simply continues in the adjacent SSV. Since SSVs
influence only the simulation’s execution speed and do not
affect the random number stream, net molecule displacements,
or reaction decisions, simulation results are identical regardless
of the partitioning [11], [5].

III. SCALABLE IMPLEMENTATION

Using the serial MCell simulator it is reasonable to run
moderate size simulations of about 105 diffusing molecule
on a single processor workstation. The most costly portions
of MCell’s computations are the Brownian-dynamics random
walk and binding events. These complicate the parallelization
process owing to the spatial and temporal dynamics of realistic
microphysiological simulations, which cause molecules to
become distributed unevenly in space and time, and give rise
to a termination detection problem described below.

To enable MCell to scale to larger cell models, we im-
plemented a parallel version, MCell-K [6]. We used the the
KeLP infrastructure [7], [8], a C++ class library that manages
distributed pointer-based data structures, including molecule
migration among processors. The philosophy behind KeLP
is to separate concerns surrounding code correctness from
optimizations that affect performance. KeLP enabled us to
work with a production application code while confining most
changes to small regions of the code. We used existing data
structures whenever possible and limited ourselves to a single
parallel data type. This data type provided an impedance
match between the data representation used in the MCell
simulation algorithms, which was hidden from KeLP, and
the representation required by KeLP, which was hidden from
MCell. Given sufficient time, one might make more extensive
and comprehensive changes to MCell, but such an approach
is rarely realistic with a legacy code.

MCell-K splits the problem space into regions, assigning
one region to each processor. Each region contains many
spatial subvolumes, including surface and release site infor-
mation and the parts of the simulation geometry lying at least
partially with the region of space defined by the set of SSVs
owned. (A surface triangle which crosses processor boundaries
is instantiated on all processors containing at least part of the
triangle’s surface.) The regions can have non-uniform sizes
according to to the spatial distribution of diffusion molecules,
but the geometry of the regions is restricted to tensor products
of orthogonal cutting planes (Figure IIIc).

As the simulation progresses, each processor releases
molecules within its spatial subvolumes, updates their po-
sitions, checks for interactions between molecules and sur-
faces, and performs reactions as necessary. Any molecules
that reach a processor boundary are communicated by KeLP.
Since molecules are fine grained entities (roughly 50 bytes
each), it is not feasible communicate individual molecules

as they cross a boundary. Thus, KeLP aggregates molecules
and transmits them in toto at synchronization points called
sub-iterations.While aggregation amortizes communication
overheads, it has the side effect of introducing potential non-
causal behavior. This non-causal behavior is eliminated by a
termination detection protocol described below.

The inner loop of MCell-K is the diffusion step, which
is called once per time-step. The parallel algorithm for the
diffusion step appears in Figure III, where each pass through
the do until loop corresponds to a sub-iteration. Every
molecule needs to completely traverse its path during each
time-step. As a result, if any molecules cross processor bound-
aries, all processors need to pass through the “do until
...” loop at least twice: once for molecules originating on
the processor and a second time for any incoming molecules.
Since molecules may bounce off surfaces and return to their
original processor or continue to a third processor, the number
of sub-iterations is unpredictable and can be determined only
at run time.

We detect termination of the “do until ...” loop using
a collective reduction call (all-reduce), to see if any processor
is holding any molecules for any other processor. If there are
none, we exit the “do until ...” loop. A more efficient
approach might use nearest neighbors only, however, the
global call is currently not a bottleneck and is simple to
implement.

Communication events in MCell are intermittent, with
message lengths on the order of tens of kilobytes. Under
KeLP’s control, migrating molecules are linearized into mes-
sage buffers. The buffers are uniform in size over all processors
for a single communication event, but sizes are adaptively
adjusted according to run-time dynamics. We found that our
adaptive technique was faster than any fixed buffer size. We
combine communication buffer adjustment with termination
detection, which was previously described.

IV. RESULTS

We obtained results from DataStar, an IBM SP system lo-
cated at the San Diego Supercomputer Center. We used DataS-
tar’s 8-way p655+ nodes, which contain 1.5GHz Power4+
CPUs and 16 Gigabytes of shared memory. We ran with
KeLP version 1.43 and used the installed IBM C++ compiler,
mpCC. C++ code was compiled with compiler options -O2
-qarch=pwr4 -qtune=pwr4.

We ran a problem obtained from a realistic structure re-
constructed from serial electron microscopic tomography of
a chick ciliary ganglion. The simulations ran for 2500 time-
steps, or 2.5 ms of real time. Molecules are dispersed in groups
of 5000 from the release sites, and gradually disperse into
the outlying space, reacting and possibly becoming absorbed.
During the time periods immediately after the release, the
workload is concentrated near the release site. (Figure IIIa-d).
The number of release sites effectively determines the maxi-
mum amount of parallelism that can be effectively realized in

3http://www-cse.ucsd.edu/groups/hpcl/scg/kelp



Fig. 2. Irregular partitionings in two dimensions, rendered with (a-b) Recursive coordinate bisection, (c) Rectilinear partitioning, and (d) and an Inverse
Spacefilling Curve.

foreach timestep t
do until there are no more molecules to update

do while there are molecules to update on this processor
update the next molecule
if the molecule crosses a processor boundary:

add the molecule to the communication list
end do while
communicate molecules in the communication list,

exchanging with other processors
end do until

end foreach

Fig. 3. The MCell timestepping loop.

Fig. 4. (a)Three dimensional plot of the workload distribution at the end of the first 20 iterations. (b) A Cross Section of the workload to display the irregular
density distribution. Figures courtesy U. Rao[16].

a simulation. Thus, when we perform scaling studies, we vary
the number of processors and release sites together.

The running time of an MCell simulation is a function of
the geometry and characteristics of the surface membranes,
the chemical reactions, and the number of released molecules.
In the chick ciliary ganglia simulation, molecules diffuse,
react with receptors on the membrane, and are destroyed by
enzymes on the membrane. With normal enzyme activity,
diffusing molecules are destroyed fairly rapidly. For our test
case, we reduce the rate at which molecules are destroyed
by the enzyme. We are thus able to simulate the effect of
experimentally applied drugs that inhibit the enzyme, thereby
allowing molecules to remain active for much longer periods

of time. When the function of enzymes within the chick ciliary
ganglion is inhibited, most molecules survive for the 2500
time-steps of our simulation. The total number of molecules
in existence is nearly identical throughout the course of the
runs.

The chick ciliary ganglia model has a total of 550 molecule
release sites, distributed non-uniformly throughout the simu-
lation volume. Our earlier results were obtained using static
uniform partitioning [6], [17]. To mitigate the effects of the
non-uniform distribution on load imbalance, we randomly
sampled 384 of the 550 release sites. This strategy reduces the
load imbalance, and enables us to obtain useful information
about communication overheads which would otherwise be



obscured by processor idleness due to severely imbalanced
workloads. (We’ll return to the subject of load balancing
shortly.)

Table I summarizes results obtained on 48, 96, and 192
processors. The parallel efficiency in is 89% going from 48
to 192 processors. Beyond 192 processors, load imbalances
hampers scalability.

We have obtained recent results with non-uniform partition-
ing by taking an advantage of a feature of the original serial
MCell code. This feature enables us to partition the simulation
volume by taking the tensor product of sets of orthogonal cut-
ting planes, each set spaced non-uniformly along its respective
axis (Figure IIIc). This partitioning is known as rectilinear
partitioning[18] and has enabled us to reduce load imbalance
significantly. However this strategy is not sufficient to scale to
the petaflop level, owing to the geometric restrictions on how
the partitions are constructed.

To scale to the petaflop level, we need a finer grained parti-
tioning strategy which has more flexibility in accommodating
unevenly concentrated loads. U. Rao [16] performed trace
driven simulations and found that dynamic decomposition
based on spacefilling curves [19], [20], [21], [22] (Figure
IIId) can improve load imbalance significantly for a reasonable
cost. However, she also found that communication costs would
increase significantly, perhaps as much as a factor of 4 or 5.
This comes as the side effect of improved load balancing. In
order to better balance the workloads, processors must evenly
share regions of space that are heavily populated by molecules
in transition, and this implies that some cuts will pass directly
through the heavily populated regions, disrupting locality. The
net effect is to increase the frequency that molecules move
across processor boundaries, and hence raise communication
overheads.

We had previously estimated that communication costs
account for between 7% to 17% of the overall running time in
the chick ciliary ganglion problem [17]. However, these results
were obtained with uniform static partitionings. Recent results
with rectilinear partitionings obtained by Jose Garcia Moreno-
Torres have validated our projections of significant increases
in communication overhead, as a side effect of load balancing.

At this point the calculation becomes communication bound.
A strategy for tolerating communication delays is vital to
scaling performance to thousands of processors.

Reformulating an algorithm to tolerate communication de-
lays generally involves a split phase design using asyn-
chronous, non-blocking communication. Policy decisions such
as scheduling tend to be embedded in the application software,
with the result that correctness and performance concerns
become intertwined. The decisions depend on the hardware,
resulting in non-robust performance. Software development
will tax even the expert programmer.

To this end we are investigating a graph-based execution
model inspired by dataflow, called Tarragon. Tarragon is
a programming model and C++ class library implementing
the model [9]. As in classic data flow [23], [24], [25], the
Tarragon model captures parallelism among independent tasks,

with interdependent tasks enabled according to the flow of
data among them. The effect is to couple data motion with
computation —a model that matches the behavior of migrating
molecules in MCell simulations. Run time services manage
the data flow semantics and task scheduling, freeing the user
from having to manage the low level details. In studies with
a synthetic benchmark that mimics the essential behavior of
MCell, we have successfully overlapped significant fractions
of communication overhead, thus enhancing scalability[26],
[9]. Tarragon supports slackness, also known virtualization
or overdecomposition [27], [28], [29], [30], whereby each
processor is assigned many pieces of work. There are two
benefits obtained by using slackness. Slackness increases the
amount of potential concurrency of computation and data
motion, improving the ability to pipeline the two activities.
It also facilitates load balancing by reducing the granularity
of work units.

V. DISCUSSION

Using current technology we can simulate realistic cell
structures on up to about 200 processors, perhaps as many
as a thousand with improved load balancing. Load balancing
will remain a challenge in problems that generate concentrated
workloads impulsively. The best we can hope for is that the
workloads disperse if given sufficient time. Efforts to improve
load imbalance will inevitably impact communication bottle-
necks, but the effect of load imbalance and communication
overheads will be heavily problem dependent.

Alternative programming models such as Tarragon provide
the support for latency tolerance that will be vital to scaling
to Petascale class systems with many thousands of processors.
Most production programming on scalable systems tends to be
done with MPI, but research is needed to explore alternatives
that support latency tolerant formulation and deep parallel
memory hierarchies based on multicore processor building
blocks interconnected in novel ways.

What we can accomplish now is to examine a single
synapse out of thousands on a single cell. There are hundreds
of synapses on a single branch of a dendrite and single
axons make hundreds of synapses on neighboring neurons.
By scaling up to petascale performance levels we will be able
to explore the interactions between these structures in a larger
volume of the neuropil, including the glial cells that ensheath
the axons, dendrites and synapses.

The MCell simulator is computationally intensive but owing
to the complex dynamics of chemical reactions, performance
may not be linear in the number of computational elements.
Thus, petaflop rates are not as meaningful as quantities such
as: the rate at molecular chemical reactions can be updated
or how large a cellular volume can be updated in a given
amount of time. We have found that while performance
can be modeled approximately, precise estimates are elusive:
chemical reactions varying running times, and there can can
be many types of reactions in a given simulation.

We are currently running on about 1/1000 the number
of processors anticipated on a Petaflops-scale system. We




