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Abstract

Genetic programming is known to provide good solu-
tions for many problems like the evolution of network pro-
tocols and distributed algorithms. Then, it is most likely a
hardwired module of a design framework where it assists
the engineer in optimizing specific aspects in system devel-
opment. In this paper we show how the utility of genetic
programming can be increased remarkably by isolating it
as a component and integrating it into the model-driven
software development process. Our genetic programming
framework produces XMI-encoded UML models that can
easily be loaded into widely available modeling tools, which
in turn offer code generation as well as additional analysis
and test capabilities. We use the evolution of a distributed
election algorithm as an example to illustrate how genetic
programming can be combined with model-driven develop-
ment.

1 Introduction

Genetic programming is the automated generation of
computer programs by artificial evolution. Among many
other applications, it has successfully been applied in the
area of distributed computing for evolving proactive aggre-
gation protocols [1] and in transforming global to local be-
havior [2]. In that research, it was integrated as a fixed
component into a software system, as is the case in most
of the other current projects. As a hardwired module, it
provides its results through an application-internal interface
or at least in a format that usually can only be used by ex-
actly this system. Especially for the evolution of algorithms,

such a restriction makes no sense. Algorithms are general,
platform-independent descriptions of processes. It would
be more reasonable if they were returned in an independent
format.

In this paper we discuss how the results of genetic
programming can be represented in a standardized format
which allows them to be analyzed, transformed, and tested.

2 Genetic Programming and MDD

In genetic programming, the genome and often even the
phenotypic representations of the solution candidates dif-
fers from the format in which the results will be deliv-
ered. Algorithms for example are often evolved in a tree-
like form. They do not need to be compiled but can be
interpreted directly, since the instructions in the AST can
be executed on simple virtual machines. Delivered are the
algorithms however in C code for instance.

Such a translation of the internal representation into the
desired output format takes place in many applications of
genetic programming. The disadvantage of this direct trans-
formation is the fixed binding of the phenotypes to one sin-
gle applicable representation. Translating the results into
an intermediate format which can be processed by different
tools would add great flexibility while only requiring little
additional work.

2.1 Model-Driven Development

Model-Driven Development (MDD) [3] and the Model-
Driven Architecture (MDA) [4] guided by the Object Man-
agement Group (OMG) are key technologies for software
and system design. Developing applications starts with an
elaborate modeling phase. Although the times of writing
programs from scratch have long been gone, there are few
software engineering methodologies that impose such clear
and formal guidelines like MDD. The model is a simple and
intuitive specification of the application and can be trans-
formed into program code step-by-step. At the beginning,
a platform-independent model (PIM) is created which only
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describes the semantics, abstracting from a specific tech-
nology. The PIM is transformed into a more fine-grained,
platform-specific model (PSM) bound to a certain target
system. Finally, the PSM is transformed to source code in
a programming language. These steps can be performed by
automated tools which reduces programming errors and de-
creases development costs.

MDA recommends using the Unified Modeling Lan-
guage (UML) [5] for model specification, the most popu-
lar and wide-spread modeling language in software tech-
nology. The syntax of UML is defined by the UML meta-
model which in turn is an instance of the Meta-Object Fa-
cility (MOF) [6]. MOF models can be exchanged between
different MDD tools in the standardized XML Metadata In-
terchange format (XMI) [7]. For UML models a special
schema exists, allowing them to be serialized as XMI.

2.2 Combining MDD and GP

After translating the results of genetic programming into
XMI-encoded UML models, they can be imported into a
wide range of MDD tools and we can use their code genera-
tion and transformation abilities to translate the models into
implementations for a variety of target platforms. We addi-
tionally can perform further optimizations, tests, and anal-
yses on the algorithms using standard software engineering
methods.

Genetic programming will most often not create whole
applications. Instead, it will just evolve certain function-
ality which can be encapsulated in a module. It is quite
possible that the application which will include this module
is modeled in UML. Then the algorithms can be integrated
directly into its model, achieving a consistent view of the
whole system in one common specification.

It also becomes much easier to combine different
(evolved) algorithms. One example for such a situation
would be that an algorithm is needed which transmits mes-
sages along the spanning tree of a sensor network a specific
event is detected. It is very unlikely that one could genet-
ically evolve an algorithm that is able to perform this task
as a whole. Thus, a divide-and-conquer strategy should be
applied. An algorithm could be evolved that automatically
finds and maintains a spanning tree and another algorithm
can be grown that optimizes the detection of the event. If
both results are returned as XMI, they can be combined in a
software design tool with very little effort.

3 Evolving Distributed Algorithms

Today we experience a growing demand forsensor net-
works. Sensor networks are composed of a large number of
sensor nodes, small devices that gather information about

their environment and transmit it wirelessly. They are re-
stricted in resources like memory size, processing speed,
and – most importantly – battery power. Distributed algo-
rithms for sensor nodes should thus be as energy-efficient
as possible.

Simulating a single node does not suffice to evaluate the
fitness of such algorithms, hence we simulate whole sen-
sor networks. In our simulation, sensor nodes are repre-
sented as virtual machines. As in reality, many nodes run
asynchronously in the simulation at approximately the same
speed, which may differ from node to node and cannot be
assumed to be constant. Transmissions are broadcasted like
radio waves that spread into all directions and are received
by any node in range.

We apply multi-objective genetic programming since it
allows us to optimize the algorithms for different aspects.
As functional objective, we perform a comparison of the
observed behavior of the simulated network (running the
evolved algorithms) with the desired global behavior. The
evolutionary algorithm hence transforms global behavior of
a network into local behavior of single nodes, thus effec-
tively creating emergence. Non-functional objective func-
tions foster the economical use of resources, especially for
minimizing energy-expensive communication.

3.1 Evolving an Election Algorithm

Election means to select one node out of a group of nodes
whereby at the end all nodes should have knowledge of the
ID of this special node. In distributed systems, an election
is performed when e.g. a node is needed to act as a commu-
nication relay or as a coordinator. For the purpose of this
example, we assume that the active node with the maximum
ID shall be selected.

In the simulations, we initialize all virtual machines with
their own ID in the first memory cell. If an algorithm makes
progress, the nodes should have assumed greater (valid) IDs
after some time. A fully functional algorithm would ac-
complish that the first memory cells of all nodes contain the
maximum ID.

One simple result obtained is displayed in Figure 1.
It lets nodes broadcast the greatest ID encountered in a
loop, reducing network traffic by performing dummy work.
The algorithm consists of two parts: a procedure that is
called when the node starts up (procedure_0) and an asyn-
chronously called, interrupt-like routine which receivesin-
coming messages (procedure_1).

4 Creating a PIM

The example algorithm introduced in the previous sec-
tion has been evolved as a tree of instructions. The next
step is to transform it into a suitable UML model and to
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procedure_1called asynchronously when
a message comes in

compare the known and
the received value

if no improvement then exit
exchange values

0: zf = (params[0] < mem[0])

1: if zf then goto 3
2: xchg params[0], mem[0]

// exit?

procedure_0called on startup

store 1st variable into
output buffer

send output buffer

go back to start

0: push mem[0]

5: send
6: goto 0

1: some useless operations used
2: to delay and, as a consequence,
3: reduce transmissions in the
4: simulated/evaluated time span

Figure 1. One of the non-dominated solu-
tions.

create XMI-formatted output subsequently used as input for
source code creation.

We have to analyze which entities must be specified in
order to describe an algorithm completely. In principle,
each algorithm is constituted by three parts:
1. the data structures the algorithm uses,
2. the primitive instructions that work on these data struc-
tures, and
3. the control flow (i.e. the sequence of primitive instruc-
tions).

4.1 Control Flow Model

The control flow of an algorithm can easily be repre-
sented using an activity diagram. In general, the single pro-
cedures of an algorithm are modeled as compound activities
including a set of simple actions. Each of them corresponds
either to the execution of a single instruction or to a branch
to another procedure. Transitions define the sequence of the
instructions inside the procedures and denote unconditional
jumps whereas conditional jumps are represented by deci-
sion nodes.

Since we evolve distributed algorithms, we also need
means for modeling transmissions. Broadcasting a mes-
sage corresponds to sending a signal and the asynchronous
mechanism of receiving messages is modeled as a parallel
thread. This thread contains an infinite loop of a receive
event action followed by a call to the message handler. Fig-
ure 2 illustrates the control flow of the example algorithm
from Section 3.1.

4.2 Data Model

The nodes of a distributed system as well as the virtual
machines used for simulation can be regarded as instances
of a class and are therefore modeled in a class diagram.
They have a fixed-size memorymem, a stackstack and a

procedure_1

procedure_0

start

push(mem[0])

send

zf mem[0] params[0]= >

(useless)

zf mem[0] params[0]= >

(useless)

zf mem[0] params[0]= >

(useless)
params[0] mem[0]=

(useless)

callInterrupt :

procedure_1MessageReceived

end

callMain :

procedure_0

start

start

end

zf params[0] mem[0]= <

xchg(params[0],mem[0])

[zf true]==[zf false]==

conditional
jump

Figure 2. The control flow of the evolved elec-
tion algorithm.

flag registerzf. Parameters for procedures are stored in an
additional parameter listparams. The interrupt-like proce-
dure invoked whenever a message comes in finds the mes-
sage stored in this array. These data structures are member
variables of the node class.

4.3 Modeling the Primitive Operations

Finally, the primitive operations used by the algorithms
must be specified. The pseudo code used in Figure 1 con-
tains three different types of operations:
1. Operations that modify the control flow likegoto or pro-
cedure calls are already defined in the activity diagrams
(see Figure 2) – as transitions, decision nodes, or behavior-
invoking actions.
2. Operations with obvious semantics like value assign-
ments or arithmetic operations require no additional spec-
ification.
3. The semantics of operations like pushing something onto
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the stack (push) or transmitting all data currently on the
stack as message (send) need to be defined more precisely.
They can be specified as post-conditions using the Object
Constraint Language OCL [8].

5 Transforming the UML Models

In our work, we support such automatic source code
generation using theMOFScript language, a model-to-text
transformation language obtained from the MODELWARE
project [9]. At present, MOFScript supports transforming
UML models created using an Eclipse Modeling Frame-
work implementation of a subset of OMG UML 2.x meta-
model, obtained from theEclipse UML2 Project[10].

In the following, we show a C source code fragment
generated solely using MOFScript transformations. Due to
page limitations we cannot show the MOF script sources.
The code below corresponds to the model ofprocedure_1

in Figure 2,procedure_0 has been omitted.

1 int[] mem, stack, params;
2 bool zf; int stackPtr;
3 ...
4 void procedure_0() {
5 a0: push(mem[0]); goto a1;
6 a1: zf = mem[0] > params[0]; goto a2;
7 a2: zf = mem[0] > params[0]; goto a3;
8 a3: zf = mem[0] > params[0]; goto a4;
9 a4: params[0] = mem[0]; goto a5;

10 a5: send(); goto a0;
11 a6:; }
12

13 void procedure_1() {
14 a0: zf = params[0] < mem[0]; goto a1;
15 a1: if(zf) goto a3; else goto a2;
16 a2: xchg(params, 0, mem, 0); goto a3;
17 a3:; }

The MOFScript transformation to Java is slightly more
complex since we need to emulate absolute jumps.

1 public class Node {
2 private final int[] mem;
3 private int[] params;
4 private boolean zf;
5 ...
6 public void procedure_1() {
7 int ip;
8 for (ip = 0; ip < 3;) {
9 switch (ip) {

10 case 0: { zf = params[0] < mem[0];
11 ip = 1; break; }
12 case 1: { if (zf) ip = 3;
13 else ip = 2;
14 break; }
15 case 2: { xchg(params, 0, mem, 0);
16 ip = 3; break; }
17 } }
18 } }

6 Conclusions

The goal of our work is to prove the utility of genetic pro-
gramming as a tool for developing distributed algorithms.

Finding cases where genetic programming can assist in
creating distributed systems is, however, only a first step.
It is likewise important to incorporate its results into the
application development.

In this paper we have shown that the utility of genetic
programming can considerably be enhanced by integrating
it into the model-driven development process. Furthermore,
we have demonstrated that such integration can be accom-
plished using existing and widely available tools. We will
now asses the performance of the output of the tool chain
introduced here on a real sensor network platform.

A more elaborate discussion of the topic of this paper
can be found in [11].
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