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Abstract: The Cellular Potts Model (CPM) is a very important algorithm in systems biology to
simulate cell sorting and the formation of organ structures. However its computational intensity
has limited the size and scope of its applicability. Parallel computing techniques using traditional
cluster computing have been marginally successful in addressing scalability of CPMs. In this
paper, we explore data-parallel computing architectures such as graphics processing units (GPUs)
for simulating large-scale CPMs. Our preliminary results indicate that our techniques running
on a single desktop are up to 30x faster than previous methods executing on computing clusters
consisting of upto 25 nodes.
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1. Introduction

The Cellular Potts Model(CPM) introduced by Glazier
and Graner 2) is an extension of the extended large-q
Potts model. This lattice based model has traditionally
been used for the simulation of phenomenon as diverse
as formation of metallic grains4), soap bubbles, and
foam; however in recent years there has been a lot of
interest into its application in the simulation of the
collective behavior of cellular structures. In the CPM, a
biological cell is represented as an internally structure-
less collection of pixels, where each pixel is one point
of the lattice. The CPM is evolved by updating pixels
according to a series of probabilistic rules, based on
the cell properties in our simulation. A CPM typically
includes such properties as cell-cell adhesion energy,
constrains for the volume and surface of our cells, man-
aging different type of cells to see how they interact, etc.

Due to the emergent nature of CPMs, useful sim-
ulations typically have very large sizes. In biological
simulations, each lattice site must represent 2-5 µm

with lattice sizes reaching 107−109 lattice points. This
makes these simulations expensive both in memory re-
quirements and computation time. Typically the re-
sources required are much beyond what is available on
a computer containing a single CPU. Consequently, re-
searchers have used parallel computing using a cluster
of CPUs to scale CPM simulations.

2. Previous Work

One of the first attempts at parallelizing the CPM was
that of Wright et al.4). Since they only considered local
rules, parallelization using computing clusters enabled
them to simulate extremely large lattice sizes. Chen et
al. 1) solved many of the limitations of Wright et al’s
work by dividing up the lattice into blocks to be pro-
cessed by different nodes in a cluster. A checkboard

execution scheme was introduced to minimize commu-
nication due to synchronization between nodes. They
also showed that due to the stochastic nature of the
simulation, model accuracy does not suffer much if syn-
chronization does not takes place at every time step.
This analysis is based on the assumption that lattice
sites updates are rare occurrences more so at the bound-
aries between regions. However, for large-scale simula-
tions, this assumption may not hold true. The Ran-
dom Walker algorithm by Gussatto et al.3) tracks cell
boundary sites and therefore only valid spin flips are
tested. However, their implementation contains several
downfalls, one of the biggest being that they require a
complete lattice copy to be in each of their nodes, which
limits scalability.

3. Approach

Our approach differs significantly from previous efforts
because we use a completely new computing model,
namely, stream computing which is optimized for
high throughput devices such as graphics processing
units(GPUs) for implementing the CPM. GPUs achieve
high through put computation by using thousands of
lightweight execution threads. For a given processing
step, all threads simultaneously execute the same
program called a kernel on different parts of the
input data. This means data-interdependencies and
branching have to be limited as they cause significant
degradation of performance. Threads are grouped into
thread-blocks and threads in a block have access to
16kB of register space called shared memory. The other
memory types include global memory which is similar
to CPU random access memory(RAM), and texture
memory. Global memory reads and writes can be made
very efficient if they can be coalesced. Texture memory
is read-only and very efficient for data-structures that
have spatial components.



Figure 1: Example of how the spatial subdivision works.
Each color represents a section analyzed by a different
thread.

Figure 2: Data structures

We parallelize the simulation of the CPM by dividing
up the lattice into blocks that will be processed by
different thread blocks. Each block is further divided
into sub-blocks that are to be processed by individual
threads. A checkerboard scheme similar to Chen et
al. is used to avoid conflicts between threads as they
update lattice sites. Figure 1 illustrates this subdi-
vision. Throughout the simulation, we keep track of
lattice data and cell data. Every lattice holds a cell ID.
Each cell contains the cell ID and cell volume, a global
property. Figure 2 illustrates cell and lattice data
storage. A double buffering scheme is used to avoid
data corruption due to simultaneous read and write.
Since lattice update involves spatially coherent but
un-coalesced memory reads, we use texture memory
to store lattice data. The output of the processing is
written to global memory. At the end of each update
step, the updated lattice data in global memory is
efficiently block copied to texture memory. We also
use atomic operations to enforce the condition that no
more than one lattice site is updated per cell during a
single update.

Figure 3: Cell sorting

4. Results

We implemented our algorithms on a desktop running
Ubuntu 7.0 OS. The graphics card used was a NVIDIA
280 GTX with 1GB of main memory. Figure 3 shows
the graphical output of cell sorting. We benchmarked
against parallel implementation on a computing cluster
consisting of 25 nodes by Chen et al.1) as well as an
implementation of the random walk algorithm 3). The
results are shown in Table 1. The timing results are the
average of 40 runs with random simulation parameters.

5. Discussion

In this paper, we have demonstrated how the GPU is an
ideal architecture for scaling the Cellular Potts Model.
With speedups of nearly 30x, combined with the much
lower economical cost of acquiring a standard computer
with a high-end graphics card, when compared to the
cost of acquiring and maintaining a computer cluster,
the advantages of our parallel implementation over tra-
ditional approaches are clear. The performance advan-
tages are due to the special architecture of the GPUs.
By far the most significant advantage the GPUs have is
the memory bandwidth. A simple GFLOPS comparison
between a 25 node cluster and the NVIDIA 280 GTX
would indicate that our implementation should be no
more than 9x faster than the cluster implementation.
The main disadvantage with GPUs is the programming
model for which entirely new sets of algorithms have to
be developed. We are working towards developing new
data-parallel algorithms and interfaces to enable easy
access to this powerful platform.
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Table 1: Comparison benchmark
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