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Abstract

The correlation structure of �tness landscapesis a much usedmeasureto characterize and classify
various typesof landscapes. However, analyzing the correlation structure of �tness landscapeshas so
far beenrestricted to static landscapesonly. Here, we investigate the correlation structure of coupled,
or dynamic, �tness landscapes. Using the NK C model of coevolution, we apply a correlation analysis
on various instancesof this model and present the results. One of the main goalsof this paper is thus
to show that a previously intro duced correlation analysis can be successfully extended to coupled
�tness landscapes. Furthermore, our analysis shows that this provides meaningful and interesting
results that can contribute to a better understanding of coevolution in general.

1 In tro duction
In 1932 Sewall Wright intro duced the concept of �tness landscapes into evolutionary biology [1]. In
a simplest version of this concept, one pictures a space of genotypes, with each genotype a single
mutant distance away from its neighbors (i.e., neighboring genotypes di�er at only one locus). This
createsa high dimensional spaceof genotypes. To each point in this spacea �tness value is assigned,
assuming the limiting case that a species is isogenetic, occupying a single point in the space. This
�tness value can be de�ned as one wishes, for example the propensity to have o�spring, the abilit y
to solve a certain given \problem", or any other scalar measure. If the �tness distribution over the
spaceof genotypesis considered,one obtains, in general, the picture of a more or less\moun tainous"
�tness landscape.

In a constant environment (static landscape), a speciesevolving by itself under mutation, recom-
bination, and selection, explores this landscape in search of the highest peaks(or �tness values). For
appropriate low rates of mutation and recombination, the population climbs to a nearby �tness peak
and then remains trapp ed in the absenceof outside perturbations.

One can measurea number of features of such more or lessrugged landscapes,such as the number
and distribution of local peaks, the distribution of their heights, the number of local peaks that can
be accessedfrom a given initial condition, and other features. Imp ortant among such features is the
correlation length of the landscape. Here one takesa random walk on the landscape, noting the �tness
at each step, then computes the autocorrelation function of this seriesof �tness values, which gives
the (average) correlation in �tness between two points a certain number of steps t apart. In general,
smooth landscapes have long correlation lengths (there is still a signi�can t amount of correlation
for large values of t), random landscapes have zero correlation length, and rugged landscapes have
correlation lengths that decreaseas ruggednessincreases. A complete correlation analysis of �tness
landscapes, basedon this random walk method, is brie
y reviewed in section 3.

Contrary to the above (static) case,real evolution involves interactions between di�eren t species.
Adaptiv e movesby membersof onespeciesdeform the �tness landscape(s) of other specieswith which
it is coevolving. Thus, a coevolutionary system is a general dynamical system without a potential
function. The coevolutionary dynamics can exhibit the analogueof Nash equilibria where each species
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is located on a peak consistent with the peaks of other species. Or oscillations may occur, where a
move of one speciescausesthe �tness peak of another speciesto move, so this secondspecieshas to
move to this new location, causing the peak of the �rst species to move, so now this specieshas to
move to this new location, causing the peak of the secondspeciesto move back to its former location,
etc. The coevolutionary system may even exhibit chaotic behavior, when all specieskeepcoevolving
without settling down (the peaks are moving faster than the speciescan evolve).

So far, �tness landscapesof such coevolving systems,or coupled landscapes,have not beenstudied
very much or very well. The purp oseof this paper is to analyze the correlation structure of tunably
rugged coupled �tness landscapes in an attempt to �ll this lacune. In the next section, a general
model for generating coupled landscapes (the NK C model) is brie
y reviewed �rst. Section 3 then
gives an short overview of a complete �tness landscape analysis that is extended and used here to
study thesecoupled landscapes. In section 4 the generalsetup and model parameters we have usedare
summarized, while section 5 presents the results of our analysis. Theseresults provide meaningful and
interesting insights, summarized in the �nal section, that can contribute to a better understanding
of coevolution in general.

2 Mo dels of Fitness Landscap es
The tunably rugged landscape model we adopt is the NK model [2, 3, 4]. Here each gene in the
genotype makes an independent �tness contribution f i that depends upon the allele of that gene i
itself and on the alleles of K other genesin the genotype. There are N total genes,and for simplicit y
it is assumedthat the genotype is haploid and that there are only two possible alleles (0 and 1, i.e.,
the genotypesare bit strings). In the NK model, the K inputs to each gene(or epistatic interactions)
can be chosenat random, or as the K/2 nearest geneson either side of the given gene(assuming the
genotype is \circular"). This creates 2K +1 combinations of alleles for the K+1 genesthat determine
each gene's �tness contribution f i . These �tness contributions are simply assigned at random out
of some statistical distribution as follows. For each gene i , each of the 2K +1 allele combinations is
assigneda random value from the uniform distribution between 0.0 and 1.0. This creates a table of
size N � 2K +1 with i.i.d. random values, from which the �tness contribution f i of each genecan be
determined for a given genotype. The overall �tness of this genotype is then simply the averageover
all �tness contributions, i.e., f = 1=N

P N
i =1 f i . For a detailed overview of the NK model, see the

referencesgiven above.
The general properties of NK landscapes are as follows. When K=0, the landscape has a single

peak, smooth sidesand a long correlation length. When K=N-1, the landscape is completely random
with nearly exponentially many peaks and zero correlation length. In between, the ruggednessof
the landscapes increasesand the correlation length decreasesas K increases. Thus, by changing K
(relativ e to N), we can tune the ruggednessof these �tness landscapes.

Coevolution among two species is now modeled by assigning to each gene in the genotype of
species1 \external" inputs from C genesin species2, and vica versa, in addition to the K \in ternal"
inputs. This raises the total number of allele combinations for each gene to 2K + C +1 . Again, �tness
values are assignedto each combination at random from the uniform distribution between 0.0 and
1.0. The additional C inputs from the other species for each gene are also chosen at random. This
coevolutionary model, known as the NK C model [5, 4], gives rise to tunably rugged coupled �tness
landscapes. In general, if C> 0, a move by one specieson its landscape will deform the landscapes of
its coevolutionary partners.

The next section will give an overview of a method for analyzing the correlation structure of
(static) �tness landscapes, and how it can be extended to study coupled landscapes.

3 Fitness Landscap e Analysis
In [6] a new statistical �tness landscape analysis method was intro duced. This analysis is based
on an earlier random walk method of [7], but additionally usesa time seriesanalysis known as the
Box-Jenkins approach [8, 9]. The advantage of this new method is that it provides a more detailed
analysis of the landscape data, resulting in a complete stochastic model that expressesthe correlation
structure of the landscape, whereasprevious methods generally only return one single number (being
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somesort of averagecorrelation or correlation length; seee.g. [7, 10, 11]) that summarizes the entire
landscape structure. In [6] this landscape analysis was applied to the NK model, showing that the
results have both explanatory and predictiv e value. In [12] it was subsequently applied to \less well-
behaved" �tness landscapes,once more showing the usefulnessand advantages of this more complete
method over simpler methods. For a detailed intro duction of the analysis we refer to the original
paper. Here, we will give a brief overview of the main ingredients of the method, and describe how
it can be extended to coupled �tness landscapes.

First, the analysis starts by generating a time seriesf t ; t = 1; : : : ; T of �tness valuesby performing
a random walk on the �tness landscape. Starting with a random genotype, its �tness f 1 is calculated
and recorded. Then a neighboring genotype in the landscape is chosenat random and its �tness f 2 is
calculated and recorded, and so on up to some time step T . Note that the notion of a \neigh boring
genotype" depends on the move set that is considered (e.g., some sort of mutation or crossover).
Here, we will only be concernedwith point mutation (i.e., simply 
ipping one bit at a time).

Next, the Box-Jenkins approach [8, 9] is applied to this time series f t . Brie
y , this method �rst
calculates the autocorrelations r i and the partial autocorrelations ai from the given time series. The
autocorrelation r i givesthe (average)amount of correlation betweentwo points in the time seriesthat
are i steps (called time lags in the languageof time seriesanalysis) apart. A value closeto 1 meansa
high correlation, and a value closeto 0 meanshardly any correlation. The partial autocorrelation ai

can be interpreted asthe averagecorrelation betweentwo points i time lagsapart after the e�ect of the
intermediate points on this correlation are taken out. Once the (partial) autocorrelations have been
calculated, they are then used to identify and estimate an ARMA (autoregressive moving-average)
model that adequately represents the stochastic processthat generated the original time series. An
ARMA( p,q) model is of the form

x t = � 1x t � 1 + : : : + � p x t � p + � t + � 1 � t � 1 + : : : + � q � t � q ;

i.e., the current value in the time series depends on a weighted sum of p previous values plus a
weighted sum of q + 1 white-noise terms. One could interpret p as the amount of \memory" that is
in the system. Again, we refer to [6] for a detailed intro duction and application of the method.

The above correlation analysis for �tness landscapes can be extended to coupled landscapes with
only a slight modi�cation. Suppose we have two coevolving species who's landscapes are coupled.
First, a time seriesf t of �tness valuesis generatedas follows. Perform a random walk on the landscape
of the �rst species, just as in the original analysis, and record the �tness value f t at each time step.
However, starting from a random genotype on the secondlandscape, move this second(or coevolving)
genotype to a neighboring one in its landscape every m steps during the random walk on the �rst
landscape. In other words, perform m steps of the random walk on the �rst landscape, recording
the �tness values, then make a random move in the second landscape, perform m steps on the �rst
landscape again, contin uing to record the �tness values,make a random move in the secondlandscape
again, and so on until T steps on the �rst landscape have been made. Once a time seriesof �tness
values has been generated this way, the Box-Jenkins approach can be applied again, just as in the
original landscape analysis.

This way a correlation analysis can be performed on coupled landscapes, intro ducing only one
additional parameter, m, which can be interpreted as the relativ e rate of (co)evolution of the second
speciescompared to that of the �rst species. If m=0, the secondspeciesdoesnot evolve at all, and the
analysis degeneratesto that of a static (uncoupled) �tness landscape, which is useful for comparing
the coevolutionary caseagainst.

4 Exp erimen tal Setup
Using the NK C model as explained in section 2, and the extended �tness landscape analysis as ex-
plained in the previous section, we performed a correlation analysis of coupled �tness landscapes for
di�eren t levels of couplings and rates of coevolution. This section provides details of the implemen-
tation and model parameters used, while the next section will present the results of the analysis.

For the implementation of the NK C model, we used a method of calculating �tness values similar
to that described in section B2.7.2.4 of [13], and basedon a previous implementation of the NK model
by Terry Jones(personalcommunication). In this method, �tness valuesare not explicitly stored, but
recalculated in an e�cien t way each time they are needed. This method has been tested extensively
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in the previous implementation just mentioned. Furthermore, only nearest neighbor interactions are
consideredfor the K (in ternal) epistatic interactions (where the genomeis consideredto be circular, so
the �rst and last genesare each others direct neighbors). Finally , the C external epistatic interactions
are chosenat random for each gene.

The parameter values we used for the NK C landscapes are as follows: N=100, K=0,2,10,20,50,
and C=0,2,10,20,50. We did not consider values for K (or C) larger than 50, as previous results on
regular NK landscapeshave already shown that in these casesthe landscapesbecomeso rugged that
there is hardly any correlation left, and they were not considered interesting for the present study.
So, all in all we considered 25 di�eren t combinations of K and C, giving rise to as many di�eren t
coupled landscapes.

For the random walks to generate time series of �tness values we used the following parameter
values: m=0,100,10,5,1 and T=100000 (=10 5). We included the (degenerate) caseof m=0 for com-
parison (and veri�cation) with results on regular NK landscapes. So, on each of the 25 (coupled)
landscapes we generated 5 random walks, each with a di�eren t value for the rate of coevolution m,
and each walk consisting of 105 steps.

Finally , a simple C program was written to calculate the autocorrelations and partial autocorre-
lations of the time seriesof �tness values.

5 Results
In this section we present the main results of the correlation analysis as applied to the NK C model.
If not explicitly mentioned, values for the model parameters as given in the previous section are
assumed.

5.1 Comparison with regular NK landscap es
To verify the results on the NK C landscapes, they are �rst compared to those on regular (static)
NK landscapes. Obviously, NK C landscapes with C=0 or with m=0 (regardless of the value of C)
should generate the same results as regular NK landscapes with similar values for N and K. In the
caseof C=0, there is no coupling between the di�eren t species, so each species just evolves on its
own landscape as if it was a regular, static landscape. When m=0, regardless of the value of C,
there is a coupling between the di�eren t species,but the secondspeciesis not evolving (no updates
or mutations). So, even though the secondspeciesdoes in
uence the �tness of the �rst species,this
in
uence is not changing over time, and thus the landscape degeneratesto a static one.

Figure 1 shows the autocorrelations r i , ascalculated from the time seriesof �tness valuesgenerated
by the random walks, up to time lag i = 50 for regular NK landscapes for the various values of K.
Clearly, the amount and length of the correlation decreaseswith increasing K. These results agree
with results reported previously in [6], where it was also shown that in most casesthe appropriate
model to describe the correlation structure of these landscapes is an ARMA(1,0), or simply AR(1),
model.
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Figure 1: The autocorrelations r i on regular NK landscapesfor various valuesof K.
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For comparison, �gure 2 shows the same results, but this time together with those as calculated
for the NK C landscapes for C=0 (left) and for m=0 (righ t). In both plots, the solid lines show
the autocorrelations for the regular NK landscapes for the various values of K. In the plot on the
left, the di�eren t dashed lines show the autocorrelations for the corresponding K values on the NK C
landscapes with C=0 and di�eren t values of m. In the plot on the right, the dashed lines show the
correlations for the corresponding K values for m=0 and di�eren t values of C. As the plots clearly
show, they all agree very well with the regular NK landscapes, indicating that these casesindeed
degenerateto a static landscape and thus form a basecasefor comparing coevolution with.
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Figure 2: The measuredautocorrelations on NKC landscapes for C=0 and di�eren t values of m (left,
dashedlines) and for m=0 and di�eren t valuesof C (right, dashedlines). For comparisonthe correlations
on regular NK landscapesfor the various valuesof K are shown in solid lines in both plots.

5.2 Correlation on coupled landscap es
Next, we will look at the correlation structure of coupled landscapes. The analysis is split up in
three cases:(1) a slow rate of coevolution (large valuesof m), (2) an intermediate rate of coevolution
(in termediate values of m), and (3) a fast rate of coevolution (small values of m). The results are
presented in the next three subsections.

5.2.1 Slow rate of coevolution

First, consider the casewhere the secondspeciesis evolving slowly compared to the �rst species,i.e.,
the value of m in our coevolution model is high. Figure 3 shows the main autocorrelation value (i.e.,
r 1 , or the correlation between neighboring points in the landscape) for the di�eren t combinations of
K and C in a grey-scaleplot for m=100.

As the plot shows, the value of C doesnot haveany signi�can t in
uence on the �rst autocorrelation.
The color within oneparticular column (i.e., for oneparticular value of K) doesnot changefor di�eren t
values of C, and the main correlation value depends only on the value of K.

To have a more detailed view, �gure 4 shows the autocorrelation plots for m=100 for K=2 (left)
and K=10 (righ t) for the di�eren t valuesof C. Here, a subtle but surprising e�ect shows up for K=2.
All the dashedlines (i.e., autocorrelations for C> 0) are clearly above the solid line (C=0). It appears
that for small valuesof K, a slow rate of coevolution actually increasesthe overall correlation length of
the landscape as compared to the static case! To con�rm this behavior, someadditional experiments
were performed with m=50 and K=2 (results not shown). The same situation occurs here as well
(increase in correlation), except for the C=50 case,for which the autocorrelation curve is now below
that of C=0. Thus, this increase in correlation seemsto be a real phenomenon for low K and a slow
rate of coevolution.

Indeed, it is known from several studies using genetic algorithms to solve some given problem,
that intro ducing some form of coevolution can actually lead to a slight increase in the qualit y of
the obtained solutions (seee.g. [14, 15]). In these models there was no direct gene-to-genecoupling
between coevolving species,but the �rst speciesconsisted of a population of candidate solutions to
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Figure 3: A grey-scaleplot of r 1 for the di�eren t K and C combinations for m=100. The scaleon the
right shows the grey-scalevalues.
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Figure 4: The autocorrelations for m=100 for K=2 (left) and K=10 (right).

the problem, and the secondspeciesof a population of test cases. The �tness of the individuals in
the �rst population (the solutions) was then determined by the number of test casesfrom the second
population they are able to solve correctly, and the �tness of the test caseswas determined by the
number of solutions they are able to \mislead" (i.e., make the solutions perform poorly). In other
words, the two species formed each others (changing) environment, and are thus environmentally
coupled but not epistatically (sometimes referred to as \host-parasite" coevolution).

Although there is evidencethat in somecasesit is not only, or not even largely, the coevolutionary
aspect that gave rise to an increasein the qualit y of the solutions found [16], it is clear that this type
of coevolution can give an advantage over evolution in a static environment. Perhaps this more
\lo ose" form of coupling (i.e., environmentally instead of epistatically) somehow corresponds to the
above situation of low K and slow coevolutionary rate, thus increasing the overall correlation length
of the landscape, enabling evolution to �nd slightly better solutions. It would certainly be worth
investigating this question in more detail.

As the plot on the right (K=10) shows, for larger values of K this e�ect has disappeared again
though, and indeed, for intermediate and large values of K a slow coevolutionary rate does not have
any e�ect at all on the correlation structure of the �tness landscape.

5.2.2 In termediate rate of coevolution

Next, consider the caseof an intermediate rate of coevolution, or intermediate values of m. Figure 5
shows grey-scaleplots of the main autocorrelation values (r 1) for m=10 (left) and m=5 (righ t).

Theseplots show that there is only a minor e�ect on the main autocorrelation values, and only for
smaller values of K. In the �rst two or three columns, the grey-scalefor higher values of C becomes
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Figure 5: A grey-scaleplot of r 1 for the di�eren t K and C combinations for m=10 (left) and m=5 (right).
The scaleon the right again shows the grey-scalevalues.

slightly lighter. To have a more detailed view again, �gure 6 shows the autocorrelations for m=10
for K=2 (left) and K=10 (righ t).
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Figure 6: The autocorrelations for m=10 for K=2 (left) and K=10 (right).

From these plots, it is clear that an intermediate rate of coevolution causesthe overall correlation
length to decreasecompared to the static case,but only signi�can tly so for values of C> K. In other
words, for an intermediate rate of coevolution the internal epistatic interactions are the dominant
ones,and only when the level of external epistasisexceedsthe internal level doesthe coupling start to
have an in
uence on the overall correlation structure of the landscape. To illustrate this point even
more, �gure 7 shows the autocorrelations for K=20 for m=10 (left) and m=5 (righ t). As the plot on
the left (m=10) shows, there is hardly any appreciable di�erence at all for the di�eren t values of C,
and indeed, for larger values of K the rate of coevolution has to become increasingly faster (m=5,
right plot) to have any e�ect on the overall correlation structure, and then again only signi�can tly
so for C> K.

5.2.3 Fast rate of coevolution

Finally , consider a fast rate of coevolution, in particular when the coevolving speciesevolve equally
fast. Figure 8 shows a grey-scale plot for the main autocorrelations (r 1) for m=1. Here, it is clear
that the main autocorrelation value decreasesquickly with an increasing value of C, and there is a
major e�ect on the correlation of the landscape in all cases.

To show this e�ect even more clearly, �gure 9 shows the autocorrelations for m=1 for K=2 (left)
and K=20 (righ t). The correlation length decreasessigni�can tly and ever more drastically with larger
values of C, in this casealso for C< K. In other words, any level of coupling directly in
uences the

7



-0.1

 0

 0.1

 0.2

 0.3

 0.4

 0.5

 0.6

 0.7

 0.8

 0.9

 1

 0  5  10  15  20  25  30  35  40  45  50

A
ut

oc
or

re
la

tio
n

Time lag

C=0
C=2

C=10
C=20
C=50

-0.1

 0

 0.1

 0.2

 0.3

 0.4

 0.5

 0.6

 0.7

 0.8

 0.9

 1

 0  5  10  15  20  25  30  35  40  45  50

A
ut

oc
or

re
la

tio
n

Time lag

C=0
C=2

C=10
C=20
C=50

Figure 7: The autocorrelations for K=20 for m=10 (left) and m=5 (right).
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Figure 8: A grey-scaleplot of r 1 for the di�eren t K and C combinations for m=1. The scaleon the right
again shows the grey-scalevalues.

correlation structure of the landscape with a fast rate of coevolution, regardless of the amount of
internal epistasis.

To conclude this part of the analysis, we note that for larger values of K (e.g. K=50; results not
shown), there is no appreciable e�ect, not even for a fast rate of coevolution. This is largely due
to the fact that for larger values of K the correlation of the landscape is already so low (see �gures
1 and 2), coevolution has very little room left to change this amount of correlation, neither in a
positive nor in a negative way. In other words, for a high amount of internal epistasis, the landscapes
are already highly rugged and uncorrelated. Adding external couplings is not going to make any
signi�can t di�erence.

5.3 Partial auto correlations on coupled landscap es
As with regular NK landscapes, in almost all casesconsideredhere only the �rst partial autocorrela-
tions a1 were signi�can t, indicating that an AR(1) model is the most appropriate for expressing the
correlation structure of thesecoupled landscapes(see[6] for a detailed explanation of this argument).
However, there were a few interesting exceptions.

Figure 10 shows the partial autocorrelations for three di�eren t cases:a regular NK landscape with
K=0, and two NK C landscapes with m=5 and K=20, C=10 and K=2, C=50, respectively. As the
plot shows, in the �rst two casesindeed only the �rst partial autocorrelation is signi�can t (although
o� the scale on this plot), and the others all fall well within the plus or minus two times standard
error range (indicated by the horizontal dashed lines). However, for the third case(K=2, C=50), an
interesting pattern can be observed, where every �fth partial autocorrelation seemsto be signi�can tly
larger than the rest, with the e�ect slowly tapering o� for larger time lags. Clearly, this re
ects the
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Figure 9: The autocorrelations for m=1 for K=2 (left) and K=20 (right).

fact that m=5 was used in this case,i.e., the second(coevolving) specieswas mutated every �v e time
steps. Several other low to intermediate K and high C casesshow a similar pattern in the partial
autocorrelations.
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Figure 10: The partial autocorrelations for somelandscapesfor m=5 and various valuesof K and C (see
legend).

This observation seemsto indicate that for highly coupled specieswith low to intermediate inter-
nal epistasis, the partial autocorrelations can say something about their relativ e rates of evolution.
Suppose, for example, that the partial autocorrelations of the landscape of the �rst speciesshow a
period three pattern (similar to the period �v e pattern observed above), then this could indicate
that the rate of (accepted) mutations in the second species is three times slower than that of the
�rst species. In other words, there is only one step (accepted mutation) in the second species for
every three steps (accepted mutations) in the �rst species. Perhaps this could indicate the di�erence
betweena \y ounger" (recently evolved) and an \older" species,where the younger speciesstill evolves
at a faster rate than the older species in which fewer and fewer mutations will lead to an increase
in �tness. This forms an interesting hypothesis that could, for example, be tested in other simple
models of coevolution.

As the results in this section clearly show, the correlation structure of coupled �tness landscapes
depends very much on the relativ e rate of evolution of the coevolving species. In other words, there
are multiple time scales involved, as is the case in most evolutionary processes. However, in the
caseof static �tness landscapes, these di�eren t time scalesare often \ignored", and it is argued that
whenever a species makes an adaptiv e move, the whole population convergesvery quickly towards
the new location in the �tness landscape, and everything contin ues as usual again on a larger time
scale. This is the equivalent of a slow rate of coevolution in our analysis. But, obviously, the situation
becomesdi�eren t when we consider an intermediate or fast rate of coevolution, and thus our method
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and analysis provide at least one way of distinguishing di�eren t time scalesin evolution, taking them
into account explicitly .

6 Conclusions and Future Directions
The main conclusions of our analysis can be summarized as follows:

� First of all, the correlation analysis for �tness landscapes as intro duced in [6] can be extended
to coupled (i.e., dynamic) �tness landscapes in a simple and meaningful way.

� For a slow rate of coevolution, there is no e�ect on the correlation structure of the landscape,
except for small values of K where the correlation length of the landscape actually increases.
This could indicate that a \lo ose" coupling betweenspeciescan be mutually bene�cial. This was
indeed shown in several genetic algorithm studies with environmentally (but not epistatically)
coupled species.

� For an intermediate rate of coevolution, there is only an e�ect when C> K, in which casethe
correlation length of the landscape decreasessigni�can tly , with a minor decreasein the main
autocorrelation value r 1 . When the level of external epistasis is lower than the level of internal
epistasis, it will not have an e�ect on the overall correlation structure of the landscape.

� For a fast rate of coevolution, any level of external coupling will have a signi�can t negative
e�ect on the correlation length and the main autocorrelation value, except for very large values
of K (high level of internal epistasis), in which casethe landscape already is highly rugged and
uncorrelated anyway.

� In coevolving specieswith a low level of internal but a high level of external epistasis, the partial
autocorrelations can possibly provide insight into the relativ e rates of evolution of the di�eren t
species. This provides yet another advantage of the extended correlation analysis as intro duced
in [6] over the more restricted analysesused elsewhere.

� Finally , the correlation analysis of coupled �tness landscapesas presented here producesmean-
ingful and interesting results that can provide a better understanding of, and lead to testable
hypothesis about, coevolution in general.

Several directions for future research and testing of hypotheseswere already indicated in previous
sections. For example, it would be interesting to investigate whether the landscapes of the environ-
mentally coupled species in some of the genetic algorithm studies mentioned [14, 15] indeed show
similarities to the low K, slow rate of coevolution landscapes analyzed here, where the correlation
length actually increasescompared to the static case. Furthermore, the hypothesis about the partial
autocorrelations indicating relativ e rates of evolution in low K, high C landscapes should be tested
in other coupled landscape models. Obviously, it will also be useful to apply to correlation analysis
for coupled �tness landscapes presented here to other coevolutionary models, and relate the results
to, for example, observations from studies on (co)evolutionary dynamics on those landscapes. And
�nally , similar to the static case,where much theoretical work is done on the (correlation) structure
of �tness landscapes (see e.g. [17, 18, 19, 20, 21]) an actual theory of the correlation structure of
coupled �tness landscapes should be developed.
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