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Abstract the failures for which we are interested in acquiring feed-
back. The final example presented uses a domain — Rock-

The task of monitoring success and failure in coevolu- . = . .
9 Paper-Scissors — that possesses no objective metric. While

tion is inherently difficult, as domains need not have

any external metric to measure performance. Past met- the results drawn cannot be corroborated by such a metric,
rics and visualizations for coevolution have been lim- they are consistent with the cyclic nature of the game. We
ited to identification and measurement safccess but present this set of examples after reviewing existmgo-
not failure. We suggest circumventing this limitation by based techniques and presentingpac-based alternative.

switching from “best-of-generation”-based techniques
to “all-of-generation”-based techniques. Using “all-of-

generation” data, we demonstrate one such techique — Best-of-Generation Technlques

a population-differentiatechnique — that allows us to Analysis based on generation tables was first proposed in
profile and distinguish an assortment of coevolutionary coevolution by (Cliff & Miller 1995) based oriA0 data,
successes and failures, including arms-race dynamics, and this work has subsequently been explored and built upon

disengagement, cycling, forgetting, and relativism. in several ways, including the Masters Tournament (Flore-

_ ano & Nolfi 1997), the Dominance Tournament (Stanley &
Introduction Miikkulainen 2002), and the Hall of Fame (Rosin & Belew

Coevolution requires no domain-specific notion of objetiy ~ 1997). In two-population coevolution, generation table
fitness, enabling coevolutionary algorithms to learn in do- 2ssigns the table rows to the first population’s sequence of
mains for which no objective metric is known or for which ~ 9enerations, and assigns table columns to successive-gener
known metrics are too expensive. But this benefit comes at ations of the second population. Internal table entries con
the expense of accountability, as there is consequently no t&in the results of evaluating the combination of the corre-
external metric with which to measure an algorithm’s per- SPonding row and column generations. For data visualiza-
formance. Responses to this feedback void have come in thetion, Cliff and Miller turn their tables into bitmap images
form of propositions for dynamics-based progress metrics. (0ne pixel per table entry), and this paper employs a skghtl
The most frequently used metrics have all been based upon Modified version of that pixel-per-entry approch.
Current Individual versus Ancestral OpponeatA0) plots This organization of data is valuable in making apparent
(Cliff & Miller 1995). The ciao plot offers useful feedback  the Red Queen effect: values drawn from evaluations along
on performance, but does have limitations. In this paper, the table’s diagondlare simply incomparable to one an-
we focus primarily on one such limitation: the inability to ~ Oother. Graphs displaying thisstantaneous fitnesser time
provide feedback on coevolutionary failures. We present a are excellent illustrations of the Red Queen effect (see Fig
related alternative, which could be called a Current Popula 1.) Generation table values are only comparable if eitheer th
tion versus Ancestral Opponert®a0) plot. We then offer candidate or the test is kept constant. For.example, if one
one metric based upon the data in this plot. knows how a candidate at tintgperforms against some test
One inherent difficulty in proposing metrics for processes 7' and one knows how the candidate at time 1 performs
lacking objective fitness valuations is that such metrics ca ~ @gainst that same test, comparing the results may provide
not be proved accurate. In order to address this, we examine @n indication of progress over time. If the second candidate
a simple coevolutionary domain that is measurable, and look Were evaluated against something other thahowever, the.
for corroborating results. The simple domains used for-algo comparison of results could no longer claim to be a valid in-
rithmic auditing in this paper are the Numbers Games, intro- ———
duced in (Watson & Pollack 2001). This is particularly rele- __‘The figures included in this work are oriented differently from
vant, as that work focused on addressing counter-productiv Cliff and Miller, however. In this paper, the initial generation is

behaviors in coevolutionary systems, often responsibie fo placed in th_e upper-left. Additionally, the data for the entire gener-
! ation table is calculated here.

Copyright © 2005, American Association for Atrtificial Intelli- 23pecifically, the diagonal for which th&" candidate genera-
gence (www.aaai.org). All rights reserved. tion is evaluated using th&" test generation.
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Figure 1. These three generation tables were constructel@rtmnstrate that dramatically different simulations casidy
identical Instantaneous Fitness data. The instantangoassiof each simulation is based only on the 10 cells alandadtted
diagonal line. Note that in all figures including generatiables in this paper, candidate generations increment fopnto
bottom, and test generations increment from left to riglatclecell in the table represents an evaluation of the coorepg

row (candidate) and column (test).

dicator of progres3.

As noted in (Ficici & Pollack 2003), because of the his-
tory of single-objective fithess measurements, almostall a
proaches in the literature (including those cited above} co
cern themselves solely with the “best-of-generation” (BOG
member of each population. No other individuals are re-
tained for analysis. This BOG approach appears partic-
ularly problematic for two reasons. First, results of an
analysis can vary with the definition of “best” population
member. (Cliff & Miller 1995; Floreano & Nolfi 1997;
Stanley & Miikkulainen 2002) all adopt the Last Elite Op-
ponent criterion proposed in (Sims 1994), but it should
be noted that any number of alternate definitions may be
equally plausible. Indeed, the coevolutionary algorithm u
der examination may itself define “best” differently. Paret
coevolution, for example, would define “best” as the subset
of individuals along the Pareto front. Second, while BOG-
based analysis may give insight into algorithmic dynamics
of the highly-successful individuals, it provides littlbaut

lations and to single-population simulations (via paotiti
ing.) Adopting terminology from (Bucci & Pollack 2003b),
we refer to these as populations cdindidatesand tests
This choice is meant to draw attention to the type of feed-
back resulting from evaluating a pair of elements. In order
to minimize domain-specificity, the result ofandidate-
test evaluation is simply one element of the ordered set
R = {candidateFailedTest < candidateTiedTest <
candidate PassedTest}, as in (Bucci & Pollack 2003b).

Population-Grained Evaluation

Where an entry in Cliff and Miller’s generation table is the
result of evaluating the “best” candidate against the “best
test for the specified generations, an entry in an AOG-based
generation table must somehow represent the result of eval-
uatingall candidates againatl tests for the specified gener-
ations. Where individual-grained evaluation is well-define
population-grained evaluation must be introduced. We sim-
ply average the numeric results of evaluating all candglate

the population as a whole. While no claims were made about against all testé:

these monitors regarding sensitivity to failure, it oughbe

noted that these BOG techniques are not sufficient to detect

the common coevolutionary failures detailed in (Watson &
Pollack 2001).

All-of-Generation Techniques

We introduce an alternative that addresses the shortcom-

ings of BOG-based methods in monitoring failure based
upon “all-of-generation” (AOG) data evaluation. For the
sake of generality, the technique presented here is dakigne
for simulations involving two asymmetric populations, but
it is equally applicable to symmetric two-population simu-

3Note that the Master Tournament (Floreano & Nolfi 1997) re-
spects value comparability by restricting aggregations to within
rows and or within columns. The Master Tournament attributes
the summation of each row and column of a given generation as
that generation’s subjective fitness.

“An individual is defined to be the “best” of its generation if it
outperforms its peers when pitted against the “best” member of the
previous opponent generation.

> > eval(c,t)

ceC; tETj

PopEval(C;,T;) = CAllT|
il

where(C; is thei*"-generation candidate population and
T; is thej'"-generation test population. Numeric values re-
sult from implementing the ordered set R=1 < 0 < 1}.
This results in scalar values between -1 (if all candidaés f
all tests) to 1 (if all candidates pass all tests.) In the égur
in this paper that include AOG data graphically, we map this
scalar value to a grayscale value (where -1 is pure black, 0
is 50% gray, and 1 is pure white.)

Example: ClAO vs. CPAO

The difference between BOG and AOG data can now be elu-
cidated with a simple example. Consider a two-population
coevolutionary process that progresses for 10 generations

SAveraging may not be appropriate for all applications. We use
it here for simplicity.
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Figure 2: BOG datdleft) and AOG datgright) can offer notably conflicting views of the same coevolutigriarocess. These
generation tables were generated from a coevolutionamgegeodescribed in the section entitled “Exameto vs. CPAQ’.
Each table cell is shaded based on the percentage of cagsli@iatthe corresponding row) passing/failing the testsh@
corresponding column.)

which each population contains 10 individuals. In this sim- based analysis requirgg|C||T| evaluations. While AOG-
ulation, let each individual be represented an integerjeind  based analysis may not be feasible for domains in which
all individuals initially start at 0. Candidate/test evatiion evaluations are computationally intensive, much of the ad-
is as follows: If a candidate is a larger integer than the test ditional computational burden of switching from BOG to
the candidate “passes” that test. If a candidate is the same AOG can be alleviated by implementingreemory policy
integer as the test, the candidate “ties” that test. If aicand

date is a smaller integer than the test, the candidate “fails Memory Policies

that test. (Since all individuals are initialized at 0, akm-
bers of the candidate population initially “tie” all member
of the test population.) Suppose the coevolutionary p®XCes ¢ oniries. and base analysis on only this data. While we will
proceeds as follows: Over the course of the 10 generations, not address the issue of optimally specifying “represerat
one candidate and one test each mutate at a rate of +1 per,

i hile the other nine individuals i h | subset” here, we do provide examples of simple example
generation, while the other nine individuals In éach popula - ¢ nsets, Populating a generation table, as described above
tion mutate at a rate of -1 per generation. When the BOG

. . . involves evaluating all previous generations of one popula
a_nd AOG data is plotted_ for this coevolut_lonary process, the tion against the current generation of the other population
pictures that emerge (Fig. 2) are dramatically different.

and vice versa. This can be recast aseanory-maintenance

This simulation, drawn from one-dimensional variation  gneration: At each generation, add the new test population
of the Numbers Game domain (Watson & Pollack 2001), is g 5 “test-memory”, add the new candidate population to a

provided as an example of how different the two sets of data “candidate-memory,” and remove nothing from either mem-
may be. The BOG data suggests that the process exhibitedy Then evaluate the new candidate population against ev-
and sustained some positive progression throughout the sim erything in the test-memory and evaluate the new test popu-
ulation, while the AOG data offers a different perspectine, lation against everything in the candidate-memory.

which most of the change in the two populations was nega-  \jewed as a “lossless” memory policy, the full generation

tive, and only a small fraction of the populations exhibited i5pie is defined simply: add each new generation and never

any positive progression. The value — and drawbacks — of e moye any old generations. Two simple memory policies
both approaches are apparent here. While BOG data is not _ pnih originally suggested in (Cliff & Miller 1995) — are

appropriate for all applications, neither is AOG data. Ups  resented below and illustrated in Fig. 3. The coevolution-
to the experimenter to select an approag:h that is apprepriat ary simulation examined in this figure is from a Pareto hill-
to the task at hand. AOG-based techniques expand the set;|imping algorithm attempting the Compare-on-One variant
of available progress monitoring approaches, allowing for ¢ the Numbers Game, introduced in (de Jong & Pollack
feedback that had previously been ignored or suppressed. 2003). In this game, a hill-climber is used in which can-

didate selection is based on Pareto Dominance and test se-
Computational Complexity lection is based omformativenessas defined in (Bucci &
Pollack 2003b). The simulation was run for 400 generations
with a fixed population size of 25 in both populatidhs.

Rather than computing every table entry in the generation
table, one can restrict computation tee@resentative subset

Clearly this change from BOG- to AOG-analysis increases
the computational complexity of evaluation. Assuming pop-
ulation sizes remain constant (&t candidates an{’| tests 6The mutation rate in all examples in this paper is 1.0. Num-

per population), g-generation simulation can be described  pers Game representation is integer-based, with mutation operating

as f0||0YVS3 asimple BOG analysis requi@!?sw\C\ +9|T)| as follows: A pseudorandom, Gaussian distributed number (with
evaluations (where the second and third terms are the cost of mean 0.0 and standard deviation 1.0) is scaled by 4 (fixed mutation

computing the Last Elite Opponent), while a simple AOG- size), rounded to the nearest integer, and added to the current value.
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Figure 3: lllustration of three memory maintenance poliopiementations. The upper images display all collected ihethe
generation table, and the lower images display evaluabassd only on these memory contents followingfthal generation
of the simulation. Note on subsequent AOG figures: The grayscale percentagacbfpéxel is set to the percentage of all

corresponding evaluations for which the candidate faiks tibst.

Lossless Memory The AOG techniques described above
can be considered “lossless”. All generations in a simarhati

are added to the generation table and never removed, and
are actively evaluated for every generation of the simohati
This is implemented as a list, to which each new generations
is appended, in turn. This memory policy, as stated above,
requiresy?|C||T| evaluations for the analysis.

Sliding-Window Memory By implementing the memory

as a fixed-size FIFO queue, the size of the memory can be
easily bounded. A sliding-window memory, given window
boundb < g, requires(2bg — b?)|C||T| evaluations. At
one extreme, when the queue-size is set to the number of
generations in the simulation, this memory is equivalent to
the lossless memory policy described above. At the other
extreme, a queue of size 1 effectively eliminates the notion
of memory entirely, and the computation required is limited
to that of the algorithm itself. In between lies a spectrum of
tradeoff between accuracy and efficiency.

When the period of some cyclic behavior exceeds the
memory window size, that cycle will not be discernible in
the resulting AOG data. Similarly, other behaviors that ex-
ceed the memory window size may also yield misleading
data. An example of one such behavior is illustrated in Fig.
4. A single coevolutionary process is plotted twice. In this
process, a fithess-proportional coevolutionary algorithm
used on the Intransitive Numbers Game, with 15 individu-
als in each population and 600 generations computed. In the
left-hand image, a 50-generation memory window is used,
and in the right-hand image, a 300-generation window is
used. The discrepancy between these two images sugges
that the 50-generation memory offers an incomplete, mis-
leading view of the process. The contents of this memory

cannot be considered a representative subset of the memory.
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Figure 4: Increasing the sliding-window sizemay reveal
behavior that was not apparent with the shallower memory.

Sampled Memory Dramatic computational savings can
be achieved by selectively adding populations to memory.
If only every j!"generation is added to the memory, com-
putation is reduced by a factor gf. For further savings,
sampling can be used in conjunction with a sliding-window,
requiring only(2b(g/j) — v*)|C||T| evaluations.
Concept-Specific Memory The population-differential
monitor can simulate a Dominance Tournament (Stanley &
Miikkulainen 2002) simply by implementing the following
memory policy: If the best individual (according to the Last
Elite Opponent) of the current generation beats all members
of the other population in memory, add that individual to the

emory. The individuals in memory are then the generated

equence of dominant strategies. This ability to easily sim
ulate the Dominance Tournament may lead to better under-
standing the similarities and differences between these tw
approaches.



Population-Differential Analysis way with respect to the memory) to 1 (when the current pop-

Next we construct a perfomance measure based on the datalation outperforms the eldest population in every possibl
available in the memory. Nolfi and Floreano addressed this Way with respect to the memory).

by averaging data per generation (Floreano & Nolfi 1997), By restricting attention to only the current state and the
but this can make certain trends less apparent. cjiing oldest recorded state, a population-differential analgisies
problemassociated with games with intransitivities, is an ex- Notreward or penalize for localized variability. Additeify,
ample of one such trend. As an alternative, we propose a this reduces the computational complexity of performance
comparison between the population in question and the old- calculation. (For a memory of siz only 2n comparisons

est population in memory as a better indicator. The method Need to be calculated.) These performance measures reflect
presented below is appropriate for two-outcome evaluation thedirectionality of chang@ver available memory.

(e.g.R = {loss < win}), and certain three-outcome evalu-

ations (e.g.R = {loss < tie < win}). To begin, we define Results
apopulation comparatofPC) conditionally: In order to demonstrate the value of the population-
differential performance monitor, the first four examples
PCr, (Ci,Cj) = presented usdumbers Gameariants as a domain (Watson
1, if PopEval(Ci,Ty) > PopEval(C;, T) & Pollack _2001).In thesc_e games, tests and qandidates_ are
07 i PopEval(C?Tk) _ PopEval(C’]"Tk.) egch a point on a tqu—dlmen3|onal integer 'grld. Mutation
_1: i PopEval(sz ) < PopEval(Cj-: T simply moves an individual to a nearby location. Evaluation

of candidate-test pairs is done as follows: In the Compare-
wherei > j, C; and C; are thei®" and j*" candidate on-One game, individuals are compared according to the in-

generations, respectively, aff§l is thekt" test population. teger value of the dimension in which the test is larger. In
Candidate-based comparators are defined similarly: the Intransitive game, individuals are compared accortting
the integer value of the dimension in which they are closer.
PCc, (T;,T;) = These domains are used here because they are simple and
. they offer an acceptable external metiicat can be used to
1, if PopEwal(Cy, T;) < PopEval(Cy, Ty) support or challenge thep monitor. The fifth example uses
0, }f PopEval(Cy, T;) = PopEval(Cy, T}) the Rock-Paper-Scissors game as a domain, showing that the
—1, it PopEval(Cy, T;) > PopEval(Cy, Tj) performance monitor can provide useful insight into games
wherei > j, T; and T} are thei'* and j'" test gener- ~ With no such external metric. _ _
ations,respectively, and; is thek™" candidate population. We examine five known coevolutionary behaviors here,
Intuitively, a population comparator refleasectionalityof which are labeled as follows in the figures beloarms-
change over time. race dynamics, lock-in failure, variations, disengagetnen
The candidate-population performanee generatior is andcycling. For each of the five, we describe what an ideal-
defined to be the average of the population comparators be- 12€dPD profile of each behavior ought to be, then we exam-
tween the newest candidate populatigh)(and the oldest ~ iN€ actual sample runs to see how they compare. For each
candidate population currently in the memory, with respect Sample, @b chartis presented along with the corresponding
to all test populations currently in memory: Objective Fitness chart and AOG-based grayscale map. All
three graphs share the same scale along the x-axis, allowing
Y. PCr,(Ci, Coldest) the reader to visually align the data from all three images fo
CandPerf; = 27 i simple visual analysis.

. . . Behavior Profiles
Similarly, thetest-population performancat generation ) ,
i is defined to be the average of thepulation compara- Interpretation of such performance graphs with respect to

tors between the current test population and the oldest test coevplutionary success and failure can be profiled as fol-
population in the memory, with respect to all candidate pop- '0Ws: An arms-race dynamievould yield a sustaineed

ulations currently in memory: value at or near 1, as both populations consistently do bet-
ter later in time than they did earlier in timd.ock-in fail-
> PCc,(Ti, Toidest) ure would yield a sustained value near -1, as the opposite
TestPerf; = CreC is generally true, with the exception of localized progress
IC| Variationis merely meant to describe a simulation for which

the objective fithess graph switches direction severalgime
We would expect the performance monitor to register above
zero on the inclines and below zero on the declir2isen-
CandPerf; + TestPerf; gagementill yield a sustained value at zero once gradient
2 is lost. Cyclingwill be visually apparent in the grayscale

. _memory map. Note that in all cases, the monitor will
ThepPD method generates one scalar value per generation

for each population, ranging from -1 (when the eldest pop- ~ "The objective fitness of a population is defined to be the aver-
ulation outperforms the current population in every pdssib  age sum of individuals’ x- and y-coordinates.

The population-differential metri@p, is simply the aver-
age of these two performance levels:

PDPerf; =



Generation (Test 0 Generation (Test)

Generation (Candidate)
Generation (Candidate)

400

Average objective fitness values
400 = r r r T T
Candidates
Tests

Average objective fitness values
200 T T T T T

-200+
200+ -400+
-600
—e | -800+

-1000+| Candidates

0 n L L L L L L Tests

0 50 100 150 200 250 300 350 400 -1200 . L L L
" 0 50 100 150 200 250 300
Generation .
Generation

Population-differential performance . 3 .
Population-differential performance

Cand-Performance -+
Test-Performance  x
PD-Performance

05 0.5

-0.5[ Cand-Performance  +
Test-Performance  x
1 PD-Performance ) ) ) ) )

0 50 100 150 200 250 300 350 400 -1

Generation

0 50 100 150 200 250 300
Generation

Figure 5: Arms-race dynamicsPareto hill-climbing algo-

. ! Figure 6:Lock-in failure. Fitness-proportional coevolution-
rithm on Compare-on-One Numbers Game domain. g prop

ary algorithm on Intransitive Numbers Game domain.

lag behind behaviors in the simulation by a fixed distance,

determined by the size of the sliding memory-window. the monitor. The AOG memory map reveals a remarkably

smooth gradient. Note that progress in the two populations

Discussion looks si_milar to Fhe _monitor, despite the varying rates re-
vealed in the objective fithess graph. They appear equally

Each of the above theoretic performance profiles can now be good to the monitor becaus® suggests thdirection— and

compared to corresponding empirical samples. notrate — of change over time.

For thearms-race dynamiexample in Fig. 5, we in- The lock-in failure of Fig. 6 was from a fithess-

clude a 400-generation run (with fixed-sized populations of proportional coevolutionary algorithm attempting the

25) from a Pareto hill-climbing algorithm (Bucci & Pollack  transitiveNumbers Game. The population sizes were fixed

2003a) attempting theompare-on-Ond&lumbers Game (de at 20 individuals, and the simulation ran for 300 generation

Jong & Pollack 2003). Objective fitness in both populations A short run of initial progress is recognized by the monitor,

steadily improves, and this is accurately characterized by which is gradually replaced by a near-bottom value as the
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Figure 7:Variation. Fitness-proportional coevolutionary al-
gorithm on Intransitive Numbers Game domain.

two populations settle in to a locally-improving but glolyal
detrimental pattern. Note how this pattern visually restsun
in the grayscale map. Also, note how the 100-generation
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Figure 8:Disengagementitness-proportional coevolution-
ary algorithm on Intransitive Numbers Game domain.

swing was characterized bgarning-and-forgettingrather
than a truerms race The memory map image supports this,
showing that only one of the two populations could retain its

bounded-memory size causes a 100-generation lag betweernbehavior over time.

activity in the simulation (visible in the objective fitngssd
the values in the performance monitor.

Thevariationevident in Fig. 7 was generated by a fithess-
proportional coevolutionary algorithm again attemptihg t
Intransitive Numbers Game. The population sizes were
fixed at 20 individuals, and the simulation ran for 400 gener-
ations. Note that the mid-level value (settling betweend an
1) of the monitor at the conclusion suggests that the final up-

The disengagemerthat occurs in Fig. 8 was generated
by a fithess-proportional coevolutionary algorithm agdin a
tempting the Intransitive Numbers Game. The population
sizes were fixed at 20 individuals, and the simulation ran for
300 generations. The disengagement is recognized once the
memory-window slides beyond it, leaving a continuous trail
at zero, with no progress beyond that. The notiotoe$-of-
gradientis visually apparent in the grayscale AOG data.
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Figure 9: Cycling. Coevolutionary hill-climbing algorithm
on Rock-Paper-Scissors domain. Note that no objective fit-

icy. The population-differential monitor then builds onsth
AOG-based data, just as the Masters and Dominance Tour-
naments build on BOG-based data. The richness of the re-
sults is significant, expanding the set of coevolutionary be
haviors that can be effectively recorded and visualized& Th
ability to identify and track arms-races, Red Queen effects
and various anomalies discussed in this paper may lead to
an ability to adaptively control coevolution while maintai

ing continuous learning.
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