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Abstract. We present an approach for automated generation of proac-
tive aggregation protocols using Genetic Programming. First a short in-
troduction into aggregation and proactive protocols is given. We then
show how proactive aggregation protocols can be specified abstractly.
To be able to use Genetic Programming to derive such protocol specifi-
cations, we describe a simulation based fitness assignment method. We
have applied our approach successfully to the derivation of aggregation
protocols. Experimental results are presented that were obtained using
our own Distributed Genetic Programming Framework. The results are
very encouraging and demonstrate clearly the utility of our approach.

1 Introduction

Determine the highest temperature measured by a sensor in a given area. Find
the average load of all computers in a grid. Aggregation functions with their
ability to summarize information in a certain, user-specified way are a very im-
portant building block for distributed applications [1]. As a standard service of
databases, SQL-queries allow the user to aggregate locally available data in one
or multiple tables. Performing aggregation in a sensor network [2], as done in the
introductive examples, however is more complicated. Only data obtained from
the local sensors is available on a node. In order to determine the desired aggre-
gate, a node needs to exchange messages with other nodes in its neighborhood.
Therefore, reactive and proactive protocols can be distinguished. Reactive pro-
tocols are used to compute queries issued by a single node and offer the result
of the query to this node only. Proactive protocols update aggregation values
continuously and make them globally available.
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In this paper we demonstrate that Genetic Programming is an effective tech-
nique to derive proactive aggregation protocols. We describe how such protocols
can be specified in an abstract manner and introduce a simulation-based fitness
assignment method used to evaluate these specifications.

2 Related Work

In our work we strongly refer to Jelasity et al. who have defined and evalu-
ated many proactive aggregation protocols for large-scale overlay networks [3].
Although their communication model is gossip-based, our abstract protocol spec-
ifications will work with epidemic [4] or SPIN-based [5] communication as well.

Protocol generation has been a field of application for Genetic Algorithms
in the past ten years. Genetic Algorithms have been used to optimize different
aspects of protocols like communication, implementation costs, and performance
[6–9]. While these approaches separate the application logic itself from the pro-
tocol generation and focus on the communication, we introduced in our previous
work [10] a versatile Genetic Programming technique for simple distributed al-
gorithms combining both of these aspects. In this paper we shift the emphasis
towards the application logic (i.e. the formulas needed to compute aggregation
values) while using an implicit communication pattern.

As we will show in the next sections, this mathematical application logic is
based on a form of symbolic regression [11, 12] but exceeds its scope in many
ways.

3 Basic Model and Protocol Specification

For our studies we use a system model similar to the one introduced by Jelasity
et al. [3]. A distributed system is regarded as a large collection of nodes that
communicate through message exchange. These nodes are assumed to be con-
nected by a routed network allowing all nodes to exchange messages with each
other.

In order to compute an aggregate value (see target in Figure 1), each node
owns a local storage, consisting of n variables vi : i ∈ 1..n named a, b, c, . . . and
so on. It furthermore knows one value, for example a sensor measurement, needed
to compute the aggregate. With this provided value, 0 < m ≤ n of the variables
will be initialized while the others have constant numerical initial values.

To perform the aggregation, data exchange and variable updates are needed
to be carried out iteratively in a loop. The data exchange in the network is
performed as follows: 0 < p < n of the variables are marked as output and also p
variables are marked as input. At the beginning of each iteration step, a partner
node y is selected for each node x in the network. This could, for example, be a
node in transmission range chosen from the direct neighborhood. The values of
the output variables of node x will then be stored in the input variables of node
y, and vice versa. After this is done, the variables are updated by computing
the formulas fj : j = 1..q on every node, where each formula fj assigns a new
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value to one of the variables vi. Formulas are expressions built with operators
such as +, −, ∗, /, ^ (power), | ∗ | (absolute value), min, max, constants, and
with variables.

Figure 1 displays such a protocol specification, able to compute the aggregate
Average. This optimal protocol, which was found using our own Distributed
Genetic Programming Framework [13–15], is exactly the same as the solution
proposed by Jelasity et al. [3].

a = (0.5*(a+b))

variables: a..b

initial  : 2.0 0.5

target   : a

provided : a

output   : a

input    : b
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Protocol Specification

Fig. 1. A protocol specification for the distributed average, found using GP.

The algorithms in this format can be regarded as platform-independent mod-
els. They can easily be applied to any given target platform, either by imple-
menting them automatically or by hand. The target platform then determines
the underlying transmission protocol, the programming language of choice, and
the intervals in which the data exchange specified by the protocol will occur.

4 The Fitness Assignment Method

In principle, the evolution of protocol specifications is a complex extension of
symbolic regression [11]. Instead of trying to evaluate a single formula with a
single input parameter one time for each test set [12], multiple formulas with
multiple inputs are evaluated T times in a loop on multiple nodes in a simulated
network.

When performing symbolic regression, the functionality of a formula can be
determined by computing its result for a number of test sets. The difference
between the values computed and the expected results then clearly indicates the
fitness.

In case of engineering an aggregation protocol P , each test set is an n-
dimensional vector where n is the number of simulated nodes. Running the
protocol yields an aggregate value ay for each one of the nodes (y = 1..n) in
a network. To decrease the inaccuracy as well as to reward protocols with at
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least one good approximation, we compute the sum δ of the average and the
maximum deviation of these aggregates from the correct result A. As shown in
equation 1, δx(t) is the deviation sum of the aggregate values ay computed by
the nodes y for a single test set x. This value should be minimized.

δx(t) = max
∀nodes y

{|ay(t) − Ax|} + avg
∀nodes y

{|ay(t) − Ax|} (1)

Instead of calculating this value at the end of each simulation, we integrate
it for each of the T iterations of the protocols loop (equation 2). Therefore we
do not only measure protocol accuracy but also convergence speed: If a protocol
converges faster than another one of the same accuracy, the deviation sums will
begin to shrink sooner.

This approach has a minor drawback: Protocols which simply “guess” a con-
stant value for the aggregates may be rewarded with a better fitness (smaller
δ values) in most of the iteration steps – if they guess well. Weighting the last
iteration with the square root of the total iteration count T has proven to be a
useful countermeasure to prevent this phenomenon.

The formula for the functional fitness f of the protocol P computed using
all test sets x is presented in equation 2. This value is subject to minimization.

f(P ) =
∑

∀ testsets x

1

|Ax|
1

|T +
√

T |

[

T−1
∑

1

δx(t) +
√

Tδx(T )

]

(2)

Other quality aspects of an aggregation protocol are the size of the messages
exchanged, the number of variables needed and the complexity of the formula
expressions. Introducing a second fitness function, we use a weighted multi-
objective approach to optimize these aspects too.

5 Example

Trivial basic aggregation functions like Minimum, Maximum and Average can
be evolved by using the fitness assignment method of the previous section within
only a few generations using Genetic Algorithms with less than 2000 individuals.
To prove that our approach is also suitable for more complex aggregates, we chose
the following function to be approximated: Each node owns one sensor producing
one measured value. We are interested in the average of the square roots of the
absolute values of these measurements.

The most trivial solution would be that the nodes compute initially the square
roots of their sensor measures and then execute the Average protocol of figure 1.
In a real application, the sensor measurements will change over time forcing the
protocol to incorporate new values (see figure 2). This is not possible with the
trivial solution discussed, which therefore is not a valid protocol specification.

Since the search algorithm implementations of the Distributed Genetic Pro-
gramming Framework, which we use for our studies, are intended for maxi-
mization only, the functional fitness (see equation 2) was inverted. A Genetic
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Fig. 2. A Protocol sensitive to input data change.

Algorithm with a bigger population of 8192 individuals was applied, yielding
the solution depicted in figure 3. This figure shows the functionally best pareto-
optimal protocol, which produces approximation values differing only by a very
small error from the correct aggregate. The diagram in the right part of figure 3
shows the convergence of the protocol. 50 nodes were initialized with values uni-
formly distributed over the interval [−1, 9] and quickly converged to a constant
shared by all nodes, only deviating less than 1% from the real solution. These
deviations rise considerably if the measured input values change, as mentioned
at the beginning of this section. The protocol is however able to adapt to bigger
changes – it is also the source of figure 2.

b = (b/a)

a = |c|

c = max((a*b),(a-(b*a)))

a = ((a*b)^0.5000000022)

variables: a..c

initial  : 3.14 0.11 154

target   : a

provided : c

output   : a

input    : b

Protocol Specification
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Fig. 3. A protocol evolved for the example problem and its convergence behavior.
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It is important to mention here that genetically evolved protocol specifica-
tions have a strong affinity to memorize test sets. Symbolic regression often does
not yield the “original” formula which was used to create the test sets but a func-
tion which only resembles this formula closely. In symbolic regression this effect
is wanted in many cases – for protocol generation it is devastating. Sometimes
generated protocols which seem to be excellent solutions for a given aggregation
problem turn out to be disguised decision tables. In our work we use two simple
means to circumvent this problem:

1. We use many test sets (empirically determined ≥ 240).
2. The values contained in the test sets differ in scale, sign, and generating

distribution function (uniform, normal, many zeros/few ones).

Another interesting phenomenon concerns the fitness of the protocol specifi-
cations. Plotting the maximum and the median of the functional fitness of each
generation exhibits an interesting behavior (see figure 4): while the fitness of the
best individuals becomes significantly better step by step, the fitness of most
of the population degenerates at the same rate. A possible explanation for this
phenomenon would be that the more accurate protocol specifications get, the
more destruction can be done by genetic operators. This effect is increased by
the non-functional fitness function applied which adds pressure towards compact
protocol design – and therefore tends to shrink those parts of the specification
that have smaller impact on the total results.
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Fig. 4. The maximum and median fitness of the whole population of the Genetic Al-
gorithm for the average-of-square-roots problem, plotted against the generations.
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6 Conclusion and Future Work

In our research we were able to demonstrate the utility of Genetic Programming
for deriving proactive aggregation protocols. Thus, after having shown its use-
fulness for breeding assembler-like distributed algorithms in [14], in this paper
we have presented our second successful application of GP to create emergent
phenomena: A global property of a whole (network) has been transformed into
behavior rules for an individual (node). In our future work we will go on eval-
uating different fields of application of GP as a means for creating distributed
algorithms. Our DGPF [13] will be improved further with the ultimate goal to
provide a comprehensive platform for automated software creation for sensor
networks.
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