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Abstract

Since their inception, active interactive genetic algorithms have successfully combat user
evaluation fatigue induced by repetitive evaluation. Their success originates on building mod-
els of the user preferences based on partial-order graphs tocreate a numeric synthetic �tness.
Active interactive genetic algorithms can easily reduce upto seven times the number of eval-
uations required from the user by optimizing such a synthetic �tness. However, despite basic
understanding of the underlying mechanisms, active interactive genetic algorithms still lack of
principled understanding of what properties make a partial ordering graph a successful model
of user preferences. Also, there has been little research conducted about how to integrate to-
gether the contribution of di�erent users to successfully capitalize on parallelized evaluation
schemes. This paper addresses both issues describing (1) what properties make a partial-order
graph a success, and (2) how partial-order graphs obtained from di�erent users can be merged
meaningfully.

1 Introduction

Traditional interactive genetic algorithms (iGA) (Caldwe ll and Johnston, 1991) require the user to
provide a large number of evaluations to achieve good quality solutions. Due to the repetitiveness
of the tasks, interactive sessions may last for hours usually inducing fatigue and frustration making
harder for the user to maintain the evaluation criteria duri ng the whole evolutionary process. A key
contribution of active interactive genetic algorithms (ai GAs) (Llor�a et al., 2005) is their capacity
to build models of user preferences to generateeducated guesses|promising solutions. Presenting
educated guessesfor user evaluation helps reducing the interaction fatigue|the user can obtain
high-quality solutions faster|and the frustration|gener ating high-quality solutions allows aiGA
to avoid the repetitive display of poor solutions that may discourage the user. Such an approach
has shown that user evaluation can be reduced the number of user evaluation from 3 to 7 times.

A key element to the success of the aiGA paradigm, as shown in Llor�a et al. (2005), is its ability
to reconstruct a global ordering out of the partial-order graph built using the user evaluations.
However, there is little knowledge about what make a partial-order graph G = < V; E > a good
candidate to generate an accurate enough global ordering, or ranking, of the solutions contained
in V . Moreover, when facing the design of aiGA there are three variables that need to be taken
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into account: the length of the solutions (̀ ), the growth ratio of nodes (�( V )), and the growth
ratio of edges (�( E)). Usually, given a certain problem to solve ` is �xed, but we still need to
decide how often we need to generate a new node or show a new comparison to the user. In this
paper we present a �rst analytic study based on graph-theoretic measures to separate accurate
partial-ordering graphs (the ones that can provide an accurate ranking that will lead to accurate
solutions) from the inaccurate ones. As a result, we have identi�ed a lower bound based on the
density of the partial-order graph. If the partial-order gr aph density is below that boundary, the
algorithm will not be able to provide high quality solutions |as empirically shown in Llor�a et al.
(2006).

Another daunting challenge for any interactive genetic algorithm is how to integrate the results
obtained from di�erent runs. If you are trying to solve a prob lem by means of an iGA, you may end
having multiple run results that you need to combine. Moreover, those results may also be coming
from di�erent users and, thus, it is highly likely that resul ts may di�er|or even contradict. aiGAs
can help mitigate this problem by assembling multiple partial-order graphs together. Contradictory
evaluations may be introduced by user mistakes, perceptually indistinguishable solutions, contra-
dictory targets, and criteria shifts . In this paper we start addressing the �rst category of such
assembling contradictions: user mistakes. We show that such mistakes can be probabilistically
modeled as binomial distributions and, thus, simple contradiction resolution policies can be put in
place to maximize the quality of the resulting ensemble.

The rest of this paper is organized as follows. Section 2 presents relevant background about
active interactive genetic algorithms. It provides an overview of its mechanisms and how they relate
to the work presented in this paper. Then, section 3 presentsa �rst analysis of the partial-order
graphs. It also shows a lower bound for the partial-order graph density that needs to be satis�ed
to be able to compute an accurate synthetic �tness. We also present in section 4 a �rst approach to
assembling partial-order graph obtained from di�erent int eractive session to create a �nal solution
for the problem addressed using active interactive geneticalgorithms. Finally, section 5 presents
the conclusions for the work presented in this paper.

2 Active Interactive Genetic
Algorithms

Dawkin's Blind Watchmaker program (Dawkins, 1986) and the Faceprints system developed at
New Mexico State University (Caldwell and Johnston, 1991) are two early examples of iGAs. For
example, in Faceprints, the system replaces the role of a human sketch artist in evolving the faces
of criminal suspects from witness recollection. Faces are encoded as binary strings where subcodes
represent di�erent facial features (nose type, mouth type, hair type, etc.). Each full chromosome
maps to a face and the population of chromosome is presented to the human critic who is asked
to determine how close the face resembles that of the criminal. This subjective ten-point scale is
used to drive the evolution of subsequent generations of faces, and in a relatively short time, the
GA arrives at a reasonable facsimile of the correct face.

The use of interactive genetic algorithms allow the fusion of human and computer e�orts for
problem solving (Takagi, 2001). However, putting the evaluation process into the hands of a user
sets up a di�erent scenario when compared to normal optimization. Takagi (2001) presented a
review of research e�orts related to the iGAs challenges. These research areas included: (1) dis-
crete �tness value input method, (2) prediction of �tness va lues, (3) interface for dynamic tasks,
(4) acceleration of iGAs convergence, (5) combination of evolutionary and non-evolutionary com-
putation, (6) active intervention, and (7) theoretical res earch. A detail description of these topics
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is beyond the scope of this paper and detailed descriptions can be found elsewhere (Takagi, 2001;
Llor�a et al., 2005).

Unlike in traditional evolutionary algorithms with object ive �tness measures, one of the daunt-
ing challenges of iGAs is e�ective methods of combating userfatigue. Even for moderately-sized
problems, iGAs may require a few hundred to a few thousand �tness evaluations, which is highly
improbable|oftentimes even impossible|for users to evalu ate. This places a premium on a variety
of e�ciency-enhancement techniques (Goldberg, 2002), particularly evaluation relaxation (Sastry,
2001). In evaluation relaxation schemes, the computationally costly, but accurate function evalu-
ation is replaced by a cheap, but less accurate surrogate function. A serious stumbling block in
developing surrogate �tness functions in iGAs is the absence of computable �tness function. Addi-
tionally, the user evaluation is relative and user preference might change over time. Hence, existing
evaluation-relaxation methods fall short and cannot e�ectively model user �tness function.

2.1 Key Components

Active interactive genetic algorithms (aiGAs) (Llor�a et a l., 2005) proposed to model user prefer-
ences in order to create a relaxation scheme. aiGAs propose amethod which consists of three major
components:

1. Partial ordering: The qualitative decisions made by the user about relative solution quality
is used to generate partial ordering of solutions.

2. Induced complete order: The concepts of non-domination and domination count from multi-
objective evolutionary algorithms (Goldberg, 1989) to induce a complete order of the solutions
in the population based on their partial ordering.

3. Surrogate function via support vector machine:The induced order is used to assign ranks to
the solutions and use them in a support vector machine (SVM) to create a surrogate �tness
function that e�ectively models user �tness.

The key element of an aiGA is its synthetic �tness function. The minimal scenario for collecting
meaningful domain-independent information from the user is provided by a binary tournament
scheme (s = 2) (Goldberg et al., 1989). User evaluations introduce a partial order among the
solutions presented so far|in this paper, the synthetic rep resentation of the weights con�gurations.
This partial order can be made explicit by using a partial-ordering graph ensembleG = < V; E > |as
�rstly suggested in Llor�a et al. (2005). A vertex in V represents the solutions presented to the user,
whereas the edges inE represent the partial-ordering evaluations provided by the user. Given two
solutions f s1; s2g 2 V the user is able to provide three possible outcomes:i ) s1 > s 2, ii ) s1 < s 2, and
iii ) s1 = s2|or equal/don't know/don't care . Such a graphG can be transformed into a normalized
graph G0 containing only bigger than relations. A global ordering measure may be computed using
a heuristic based on two dominance measures,� and � , inspired by multiobjective optimization
(Coello-Coello, 1998; Deb et al., 2000). Let� (v) be the number of di�erent nodes present on the
paths departing from vertex v. Analogously, � (v) is de�ned as the number of di�erent nodes
present on the paths arriving to v. The estimated �tness of a given solution v may be computed
as f̂ (v) = � (v) � � (v). Intuitively, the more solutions a vertex v dominates (is greater than), the
greater the �tness. Otherwise, the more solutions dominate(are greater than) a solution v, the
smaller the �tness. The �nal global estimated ranking r̂ (v) is obtained sorting the vertex v 2 V
by f̂ (v). This global estimate is used to train a "-SVM for creating the synthetic surrogate �tness
(Llor�a et al., 2005). By optimizing such a synthetic �tness we can obtain educated guessesabout
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Table 1: Algorithmic description of the aiGA model proposed by Llor�a et al (2005).

1. Create an empty directed graph G = < V; E > .
2. Create 2h random initial solutions ( V set).
3. Create the hierarchical tournament set T using

the available solutions in V.
4. Present the tournaments in T to the user and

update the partialordering in E.
5. Estimate r̂ (v) for each v 2 V .
6. Train the surrogate " -SVM surrogate synthetic

�tness based on G and r̂ (v).
7. Optimize the " -SVM synthetic �tness using the

cGA.
8. Create a S0 set with 2h � 1 new di�erent solutions,

where V
T

V0 = ; , sampling out of the probabilistic
model evolved by cGA.

9. Create hierarchical tournament set T 0 with 2 h � 1
tournaments using 2h � 1 solutions in S and 2h � 1

solutions in V0.
10. V  V [ V 0

11. T  T [ T 0

12. Go to 4 while not converged.

the user preferences. The optimization step is conducted byusing the compact genetic algorithm
(cGA) (Harik et al., 1998) obtaining a probabilistic model of the user preferences.

2.2 Interesting properties

Llor�a et al. (2005) pointed out that partial-ordering grap hs have an interesting property: given a
normalized partial-ordering graph G0, if a vertex v appears more than once in a path of� (v) or � (v),
then a cycle in such graph exists, i.e., it represents an inconsistency in the user evaluations. Thus,
due to the greater than relations, the consistency of the user evaluations can be identi�ed. This
property is the basis of the consistency metric. In order to compute such a measure the authors
need two components: i ) cycle detection capabilities for a given graphG0 at time t (G0t ), and
ii ) an heuristic to quantify how much inconsistency the detected cycle is introducing. A detailed
explanation of this property can be found elsewhere (Llor�aet al., 2006).

The estimated �tness is a key component of aiGA. It assigns a numeric estimate to each so-
lution presented to the user and, hence, it allows the creation of synthetic �tness surrogates that
allow estimating the quality of unevaluated|a key componen t to the probabilistic model building
component mentioned below. It also allows measuring the error of the synthetic �tness surrogate
when compared to the original estimated values. Such error measuring acts as a sanity check of
the surrogate, since an erroneous surrogate will lead to unreliable models of the user preferences.

The original aiGA proposed by Llor�a et al. (2005) used the cGA (Harik et al., 1998) to obtain a
probabilistic model of the user preferences by optimizing the surrogate �tness function constructed.
This process is repeated every generation|as shown in table1. Hence, during interaction between
the user and the aiGA several probabilistic models are obtained. The original aiGA discards the
previous model when a new one is obtained. However, the sequence of models provides interesting
insides about the evolution of the user preferences along the run. For instance, sustained criteria
on the evaluation process by the user will be re
ected by slowly changing sequences of models.
However, drastic changes on the user criteria may show up as sequences of highly di�erent model
sequences.
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Figure 1: Hierarchical tournament selection scheme used byaiGA. The parameter h de�nes the
height of the tournament tree. The �rst 2 h� 1 solutions are drawn at random without replacement
from the set of already available solutions. Solution 2h is the best ranked solution so far, Finally,
the rest of the solutions are promising solutions obtained after optimizing the synthetic �tness built
on the previous iteration.
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2.3 Problematic Incremental Usage

The original aiGA model proposed by Llor�a et al. (2005) assumes a generational approach to the
interactive process|as show in table 1. Later on, Llor�a et a l. (2006) proposed an incremental
approach to the collection of user evaluations. Their approach was based on maintaining the steady-
state approach of the original aiGA, at each evaluation step, a tournament is performed between two
previously evaluated solutions that were not compared directly, or between a previoulsy evaluated
solution and a solution sampled from the probabilistic model of the user preferences.

Such a tournament may result in three possible outcomes:greater than, lesser than, and equal
to. However, the authors also introduced a key di�erence that, as we will show later, it became
problematic. When two solutions were evaluated to be equal,aiGA required a normalization step to
transform the graph into another that only includes strict c omparison relations; however that step
was eliminated reducing the amount of comparisons stored bythe partial ordering graph. That is,
if two solutions are evaluated asequal, no edge between the solution vertex was introduced, which
lead as we will show later to graphs not dense enough to provide an accurate enough reconstruction
of the global order|as presented in section 2.1.

Results using this approach were worst and more unstable that the ones using the original
steady-state scheme (Llor�a et al., 2006). Next section presents introduce graph-theoretic analysis
helps explaining why the incremental approach was condemned to fail whereas the original steady-
state approach was able to reconstruct, accurately enough,the global order required to build the
synthetic �tness.

3 Interaction Sizing in aiGAs

A key element to the success of the aiGA, as shown in Llor�a et al. (2006), is its ability to reconstruct
a global ordering out of the partial-order graph built using the user evaluations. However, there is
little knowledge about what make a partial-order graph G = < V; E > a good candidate to generate
an accurate enough global ordering, or ranking, of the solutions contained in V . Moreover, when
facing the design of aiGA there are three variables that needto be taken into account: the length of
the solutions (̀ ), the growth ratio of nodes (�( V )), and the growth ratio of edges (�( E)). Usually,
given a certain problem to solve` is �xed, but we then need to decide how often we need to generate
a new node or show a new comparison to the user.

To illustrate the interaction-sizing dilemma, we will revi ew two basic strategies. Two opposite
strategies could be (1) to generate a new vertex (solution) every time we require a comparison from
the user, and (2) only generate a new vertex (solution) when there is no comparison left between
the one already present inG. From the user perspective, the �rst one will always provide new
elements to compare alleviating the burden of repetitiveness problem, but would provide a poor
global ranking. On the other hand, the second one will increase the repetitiveness perception and
fatigue of the user, but completely connected graph providea perfect estimate to reconstruct the
global ranking of the solutions.

Also, these strategies will lead to graph with very di�erent structural properties. Whereas the
�rst one will form graph with a large number of unconnected components (each of them form by 2
vertexes), the second one will eventually lead to fully connected graphs|structurally similar to the
proposed incremental method in Llor�a et al. (2005). It is important to mention here, that there is a
lower bound on the number of initial vertexes required1. However, satisfying that lower bound does

1As shown elsewhere (Cristianini and Shawe-Taylor, 2000; Shawe-Taylor and Cristianini, 2004; Llor�a et al., 2005),
the number of initial nodes is proportional to the number of t raining example required to properly train the � -SVM
regressor used to construct the synthetics �tness. A detail ed explanation is beyond of this paper, been explained
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still not guaranty that resulting graph G will be useful, since that is the results of the interactive
policy selected.

For the above-mentioned reasons, we focused on identifyinga graph-theoretic measure (Harary,
1971; Clark and Holton, 1991) that could shed some light on what is a good graph structure for the
purposes of computing the global ranking. Since there seamsto be a tradeo� between the number
of nodes (jV j) and the number of edges (jE j), the graph density provides a proper uni�ed measure
across di�erent graphs.

De�nition 1 The graph density for a directed graph is de�ned as:

D (G) =
jE j

jV j(jV j � 1)
(1)

Whereas the density for a non-directed graph is de�ned as:

D (G) =
2jE j

jV j(jV j � 1)
(2)

Following the theoretical framework setup in Llor�a et al. ( 2005), we also used aperfect user,
as de�ned below, to conduct the analysis of the right graph structure required for the aiGA. This
assumption will then be revisited in the next section.

De�nition 2 A perfect user � is a function that given 2 solutionsu, v de�ned as:

�( u; v) =

8
><

>:

< v; u > if f (u) < f (v)

< u; v > if f (u) > f (v)

� if f (u) = f (v)

(3)

where f is the ideal target function, and � stands for the null edge.

The rest of this section assumes thatf is the OneMax function (Goldberg, 1989) following the
original aiGA facet-wise analysis (Llor�a et al., 2005). Also, assuming the usage of aperfect user,
the density de�nition presented in De�nition 1 for a partial -order graph can be reformulated as:

De�nition 3 The graph density for a partial-order graph given a perfect user � is de�ned as:

D (G� ) =
2jE j

jV j(jV j � 1)
(4)

When using a perfect user �, De�nition 3 presents the same density form of 2. This is the
result of the � behavior. Given 2 nodes u and v the will only return one of the two possible edges
f < u; v >; < v; u > g.

The density of the graph generated by the hierarchical tournament method used by the original
aiGA|see �gure 1|requires computing the number of vertxes a nd edges after each roundi of
tournaments. The number of nodesnn in a partial-order graph at a given tournament round i of
height h can be computed as:

nn(i; h ) = 2 h + i �
�

2h� 1 � 1
�

(5)

Whereas the number of edgesne at a given tournament round i of height h can be computed
as:

nn(i; h ) = ( i + 1)(2 h � 1) (6)

elsewhere (Llor�a et al., 2005).
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Figure 2: Density of the partial-order graph create by a hierarchical tournament scheme given the
height h and the tournament round i . The �gure plots the densities for h = f 2; 3; 4g and i 2 [0; 32].
Figure highlights the quick drop on density on the incremental approach.

Hence, the density of the partial-order graph at a given tournament round i of height h can be
expressed as:

D (Gi;h ) =
2 � ne(i; h )

nn(i; h )(nn(i; h ) � 1)
(7)

Figure 2 presents the density across di�erent heights and iterations for the hierarchical tour-
nament in the original aiGA. Using the same density measure,we revised the incremental policy
proposed in Llor�a et al. (2006). Figure shows a clear changein slope and drop in density, providing
inaccurate global rankings. It also does not allow to scale based on the problem sizè , violating the
requirements of the � -SVM regressor, which may lead to inaccurate regressions. Using the density
measure we were able to explain why the incremental tournament approach proposed in Llor�a et al.
(2006) did not work. However, this does not answer why the hierarchical tournament scheme is
able to ensemble partial-order graphs that provide accurate global rankings. In order to be able to
answer such a question, we prepared a controlled experimentin order to characterize the boundary
separating accurate and inaccurate partial-order graphs.

We can label a partial-order graph as an accurate one if and only if, after optimizing the
synthetic �tness produced, the best solution obtained has correctly �xed at least m � 1 building
blocks (Goldberg, 2002). In the particular case of solving OneMax, the best solution generated has
at least all but one bit set to 1, otherwise, we will label sucha partial-order graph as inaccurate. In
order to determine where that boundary existed, we proceed as follows. Given a certain problem
length `, we generate 75 random graph for each of the possible number of nodes and edges. That is,
for ` = 2 we would generate random graph containingf 1; 2; 3; 4g nodes, and for each node number
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Figure 3: Figures presents the density required to hit the optima using a randomly generated
graph with the given number of nodes. Each point represents the average density of 75 successful
independent trials|all random graphs induced a solution af ter the synthetic �tness optimization
which had correctly �xed at least m � 1 building blocks.
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we would generate random graphs for all the possible number of edges 1! fg ; 2 ! f 1g; 3 !
f 1; 2; 3g; 4 ! f 1; 2; 3; 4; 5; 6g. Hence, for ` = 2 we generated 75� (1 + 1 + 3 + 6) = 825 random
graphs. For each of them we computed their density and the probability of success (proportion
of accurate partial-order graphs). Figure 3 shows given a number of nodes what was the required
density to achieve for the �rst time an accurate partial-ord er graph|all the 75 graphs for that
density were accurate. After achieving an accurate graph for the �rst time given a certain number
of nodes, increasing the density just keeps generating accurate graphs.

Figure 3 describes a lower bound on the required density of the partial-order graph required
to ensemble accurate partial-order graphs based on the userevaluations. Figure 3 and 2 needs to
be carefully compared. There is only one case that is directly comparable, the case wherè = 4|
Figure 3(b)|and we use a hierarchical tournament of height h = 2|worst case scenario. The
densities of the hierarchical tournament scheme of the aiGA(Llor�a et al., 2005) and the boundary
obtained align nicely, following the same power law| D (GHT S ) � D (Grnd ). The tail between ` = 4
and h = 2 eventually reverse the balance, but on an interactive GA session that would happen
far after the user has �nished the experiment exhausted. If we increase the height by 1, then the
produced partial-order graph densities are higher than required but will guaranty the creation of an
accurate partial-order graph. Hence, the hierarchical tournament (Llor�a et al., 2005) unexpectedly
turned out to be closer to the density boundary required to produce accurate partial-order graphs,
and that is also explains why the incremental approach (Llor�a et al., 2006) did not work|it did
not satisfy the lower density boundary.

4 Parallel Evaluation Ensemble in aiGAs

Another challenge for any interactive genetic algorithm is how to integrate the results obtained
from di�erent runs. If you are trying to solve a problem by means of an iGA, you may end having
multiple run results that you need to combine. Moreover, those results may also be coming from
di�erent users and, thus, it is highly likely that results ma y di�er. Traditional approaches try
to combine (for instance averaging) the solutions obtain from the di�erent interactive sessions.
Formiga and Al��as (2007) have mostly focused on combining the end products of the interactive
evolution, because that was what was left after the execution. However, aiGAs beside providing
a handful of good candidate solutions at the end of the run, they also provides the partial-order
graph. Such information can be of great value. As shown in Al��as et al. (2006), partial-order graphs
can help eliminate user contradictions by guided reevaluation of cycles|a sign of user contradictory
evaluation criteria.

Thus, our approach to generate a �nal answer to the problem tobe solved aftern interactive
session will involve assembling then partial-order graphs to create a �nal synthetic �tness func tion.
The promising candidates resulting from the synthetic �tness function will form the answers to the
overall problem. The goal is to bene�t from all the embedded knowledge in those partial-order
graphs looking for a robust methodology|combining �nal sol utions has been shown to produce av-
erage solution of poor quality (Formiga and Al��as, 2007). Figure 4 illustrates how such an ensemble
may be constructed.

The process of building the ensemblêG from a set of partial-order graphsf G0; G1; : : : Gn g has to
consider di�erent sources of possible contradictions. In another words, what could be the di�erent
causes of having edges such as< u; v > and < v; u > competing to enter the �nal ensemble Ĝ. A
set of possible, but not all, causes is listed below.

� User mistakes: During the interactive process the user just got distractedand provided the
wrong tournament evaluation adding a contradictory evaluation.
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Figure 4: Creating a new partial-order graph by combining the graphs obtained in interactive
sessions using aiGA. Con
icts may arise because of contradictory evaluations|see edge between b
and c. Those con
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� Perceptually indistinguishable: The interface of the interactive process is not re�ned
enough. Hence, given two solutionsu and v, the user is not able to perceptually distinguish
the di�erence between them. This situation increases the risk of providing contradictory
evaluations.

� Contradictory targets: When dealing with aesthetic evaluations, the objective target that
each user may have in mind can clearly di�er. A simple analogywould be a multimodal
problem where two radically di�erent solutions provide the same �tness. In such situations,
blindly enabling the partial-order graph will lead to medio cre average solutions.

� Criteria shifts: The interactive nature of the process can also shift the usercriteria. Such
criteria shifts tend to appear in long lasting interactive sessions (Alm and Llor�a, 2006). Users
can change their desired target based on the interactive process itself. That is, user may �nd
a new point of interest that suddenly became much more interesting than the original one,
producing the criteria shift.

Addressing all these possible sources of user evaluation contradictions is beyond the reach of
this paper, and will require further research. However, therest of this section will focus only on
the �rst source of possible evaluation contradictions: user mistakes. As mentioned earlier, during
the interactive aiGA process the user just got distracted and provided the wrong tournament
evaluation adding a contradictory evaluation. Such kind of mistakes can be easily modeled as a
binomial distribution. Let per be the probability of edge reversal due to a user mistake in the
evaluation process. Thus, for each pair of adjacent solutions (vertext) u and v, we can model
the probability of edge reversal (e = < u; v > and e = < v; u > the reversed edge) as a binomial
distribution Be(n; p), where n is the number of graphGi that contain e or e and p the probability
of user mistake|usually p is small thanks to the users e�orts (p < 0:05). Thus, the expected
number of reversed edges can be written asnp. Since p is a small number, in order to maximize
the probability of choosing betweene and e the right edge, a simple strategy would be to pick the
one with larger support|usually know as majority rule (Mitc hell, 1997; Witten and Frank, 2000).
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5 Conclusion

This paper has shown a �rst analytic study based on graph-theoretic measures to separate accurate
partial-ordering graphs (the ones that can provide an accurate ranking that will lead to accurate
solutions) from the inaccurate ones. As a result, we have identi�ed a lower bound based on the
density of the partial-order graph. If the partial-order gr aph density is below that boundary, the
algorithm will not be able to provide high quality solutions . Previous failed e�orts conducted
by researchers to replace the original hierarchical steady-state tournament evaluation proposed by
aiGAs with incremental versions, can now be explained. In order to be able to create an accurate
global ranking using a partial-order graph, such a graph requires a density above the lower bound
identi�ed.

In this paper have also addressed the problem of addressing the creation of partial-order graph
ensembles based on graph provided from previous aiGA sessions. We have focused on how we
can model user mistakes and provide a strategy to build accurate partial-order ensembles. We
showed that such mistakes can be probabilistically modeledas binomial distributions and, thus,
simple contradiction resolution policies can be put in place to maximize the quality of the resulting
ensemble based on the majority rule.
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