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    Motivated by the ability of living cells to form specific shapes 
and structures, we present a new approach to shape modeling 
based on self-organizing primitives whose behaviors are derived 
by genetic programming.  
    The key concept of our approach is that local interactions 
between the primitives direct them to come together into a 
macroscopic shape. Given a predefined shape as a goal, what is 
the local interaction rules that direct the primitives to form an 
aggregation similar to the target shape? 
    The interactions of the primitives, called Morphogenic 
Primitives (MP), are based on chemotaxis-driven aggregation 
behaviors exhibited by actual living cells. Here, cells emit a 
chemical into their environment. Each cell responds to the 
stimulus by moving in the direction of the gradient of the 
cumulative chemical field detected at the surface.  MPs do not 
completely mimic the behavior of real cells. Their chemical fields 
are explicitly defined as mathematical functions and are not 
necessarily physically accurate.  
    Genetic Programming (GP), an evolutionary computing 
process, is employed to discover the local interaction rules 
between the primitives. 

Morphogenic Primitives (MP) 

A macroscopic, user-defined shape emerges from the combined 
actions of the individual primitives. The design principles of the 
primitives are: 
 MPs are autonomous agents.  
 Actions are based on local information. 
 MPs respond to information with prescribed behaviors. 
 MPs have no representation of the final, macroscopic shape.  
 The shape emerges from the aggregation of local interactions 

and behaviors. 

Figure 1. A set of randomly placed MPs (left) aggregate to form a “gear” (right). 

Cell Aggregation Simulation 

Steady-State Master-Slave model for Genetic 
Programming (GP) 

Other unexpected results 
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   Figure 2. Overview of the genetic programming process that produces the behaviors of              
 morphogenic primitives 

 Each MP simulation process begins by randomly placing a 
number of MPs (500 for our examples) in the computational 
environment. A morphogenic primitive is represented by a small 
disk existing in a toroidal 2D environment. 
 We assume that MPs travel at a terminal velocity through a 
viscous fluid environment, therefore an MP's velocity is directly 
proportional to the chemical field gradient (   C). When an MP 
moves in the direction of the chemical gradient, its velocity is 
calculated as 
                                   Velocity = λ*   C,                (1) 
 Where λ (1 for our example) is a constant that determines the 
magnitude of a cell’s response to the gradient. At each simulation 
time step (Δt) the displacement of the MP is 
                                     Δx = Velocity*Δt .                             (2)
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 Genetic programming (GP) is an automated approach to software 
and function development based on genetics, evolution and natural 
selection, which evolves a computer program or mathematical 
function based on its ability to perform a specified computational task, 
as evaluated by a fitness function. 
 The underlying concept of evolutionary computation is: given a 
population of individuals and provided an evolutionary process of 
variation based on the fitness of the individuals, produce a new 
population with higher fitness values than the previous population. 
 An individual is a representation in the form of a solution to the 
problem. Therefore, a population of individuals, which are going to 
evolve in the evolutionary process, represents a number of candidate 
solutions to the problem.  

 We start with a population of expressions, which is initially 
randomly generated. Each individual is compiled into a chemotaxis-
based cell aggregation simulation, as the chemical field that 
surrounds the individual cells.  
  A cell aggregation simulation is computed for each field function, 
usually producing some kind of aggregated structure. The resulting 
structure is compared to the user-desired shape, and a scalar fitness 
value is calculated that quantifies how well the input shape matches 
the desired shape.   
 A subset of the top candidates are then used to create the next 
generation of field functions.  The process continues until a field 
function produces the desired shape or the maximum number of 
generations is reached. 

     We have developed a steady-state, fine-grained, master-slave, 
distributed computing system that parallelizes the cell simulation and 
fitness evaluation components of our GP-based shape composition 
method.  
     We have implemented an N-slave, 1-master model, with the 
master process adaptively distributing individuals among the slave 
processes, based on Unix shell scripting. Open Beagle, a C++ 
evolutionary computing framework, has been utilized and altered 
to function as the distributed genetic programming framework.  

  A new approach to shape modeling based on self-organizing 
primitives whose behaviors are derived via genetic programming.  
  MPs are based on the chemotaxis behavior of real cells.  "
  The chemical fields that direct MPs are explicitly defined as 
mathematical functions and are not necessarily physically accurate.   
  The mathematical functions are derived via genetic programming 
(GP), an evolutionary computing process that evolves a population of 
functions.  
 MPs may be used to define field functions that produce a number of 
simple shapes. 
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 Robustness, scalability and self-repairability of MPs 
 More complex cell behavior 
 Three dimension cell aggregation model 

In the future , we would like to explore: 


