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Abstract

This paper addresses the problem of how and when learn-
ing is an aid to evolutionary search in hierarchical modu-
lar tasks. It brings together two major areas of research in
evolutionary computation, the performance of evolution-
ary algorithms on hierarchical modular tasks, and the role
of learning in evolutionary search, known as the Bald-
win effect. A new task called the jester’s cap is pro-
posed, formed by adding learning to Watson, Hornby
and Pollack’s Hierarchical-If-and-only-If, function, using
the simple guessing framework of Hinton and Nowlan’s
Baldwin effect simulations. Whereas Hinton and Nowlan
used a task with a single fitness peak, ideally suited to
learning, the jester’s cap is a hierarchical task that has
two major fitness peaks and multiple sub-peaks. We con-
ducted a series of simulations to explore the effect of dif-
ferent amounts of learning on the jester’s cap. The sim-
ulations demonstrate that learning aids evolution only in
search spaces in which the simplest level of modules are
difficult to find. The learning mechanism explores lo-
cal regions of the search space, while crossover explores
neighborhoods in higher-order modular spaces.

populations as a whole, reflecting their original motiva-
tions as models (albeit abstract ones) of real evolutionary
processes.

Some of the oldest and most popular techniques for
evolutionary search are genetic algorithms (GAs), which
use crossover as their major search technique. Originally
developed by Holland (1992), their efficacy is thought
to be based on groups of genes acting together as mod-
ules (orbuilding blocks to use Holland’s original ter-
minology), and have been studied extensively since (for
general introductions see Goldberg, 1989 and Mitchell,
1996).

A variety of modular tasks have been proposed to
study the conditions under which GAs outperform com-
parable search techniques. The most widely known of
these are the Royal Road (RR) problems introduced by
Mitchell et al. (1992). However, some forms of hill-
climbers were found to easily outperform the GA, and a
variety of tasks that incorporate deceptive elements have

been defined (s.a., RR4 by Mitchell et al., 1994; HDF by
. Pelikan and Goldberg, 2000; hdf by Holland, 2000).
Introduction An alternative approach to incorporating deceptive
This paper addresses the problem of how and when learelements is to define a fitness function with two or
ing is an aid to evolutionary search in hierarchical mod-more conflicting maxima. Watson et al. (1998) defined
ular tasks. It brings together two major areas of researciierarchical-If-and-only-If H-IFF) as such a function.
in evolutionary computation (EC), the performance of H-IFF is a simple function that is hierarchical, modular,
evolutionary algorithms (EAs) on hierarchical modular is not searchable by mutation, but is amenable to search
tasks, and computational models of the role of learningdy crossover. Its defining characteristics are two fitness
in evolutionary search, known as the Baldwin effect. ~ peaks at opposing ends of the search space. Combina-
We begin with a brief review of modular tasks that tions of the sub-components that comprise each level of
have been proposed to explore the performance of evdhe competing hierarchies cause many sub-optimal peaks
lutionary algorithms, and then briefly describe the Bald-and consequently many local minima (see below for the
win effect. We then describe a specific task, jgwter's  complete definition).
cap, that incorporates learning into a hierarchical mod- Before proceeding further with the computational as-
ular task. In many simulation tasks, learning is costlypects, it is worthwhile considering the relevance of mod-
and does not improve the performance of an evolutionaryle building to many areas of cognitive science. The
algorithm (French and Messinger, 1994; Mayley, 1996;role of modules in evolution has long been recognized
Pereira et al., 2000). This study is as much an investigate.g., Dawkins, 1986). In evolutionary psychology there
tion of things that don’t learn, as of ones that do. is a particularly strong interest in modules, in part due
There are many types of EAs, and the field of evolu-to Tooby and Cosmides (1994) claims that humans have
tionary computation is still determining features of prob- behavioral modules analogous to other mental functions.
lems that are easy or hard for a particular class of EA, andy studying building block problems, we are consider-
the conditions under which such algorithms will perform ing the types of processes that allow species to evolve
better than other search techniques. In evolutionary comwarieties of modules, and their combination into com-
putation, characterization of an EA's performance con-plex mental organs. For example, echolocation in bats
cerns not just optimization per se, but the behaviors ofequires both the ability to emit and to receive high fre-



guency sounds. Each of these abilities has utility as a Hinton and Nowlan’s original simulations have stim-
module in its own right, but the combination provides anulated a considerable body of literature, which is only
additional capacity that goes beyond the cumulative benbriefly mentioned here: Belew (1990) replicated and ex-

efit of the independent components. tended the original study, adding changing environments

and cultural advantage; Harvey (1993) showed how
The Baldwin effect: How learning can guide remnants of residual learning are due to genetic drift;
evolution French and Messinger (1994) investigated under what

conditions learning supplements genetic search; May-

Under Darwinian inheritance, the things that an animaley (1996) demonstrated how learning is first selected
learns during its life cannot be passed directly to its off-for, then against as evolution progresses; and Mitchell
spring via the genotype. However, researchers in the latend Belew (1996) discuss issues arising from the orig-
19th century (Baldwin, 1896; Morgan, 1896), proposedinal study. A useful reference is the edited volume of
a way in which learned behaviors could be incorporatechapers relating to learning and evolution by Mitchell and
into a genome over many generations (i.e., become inBelew (1996), which includes reprints of the original pa-
stinctual). The mechanism is purely Darwinian, and re-pers by Baldwin (1896), Morgan (1896), and Hinton and
lies on gradual changes in the distribution of genes in aJowlan (1987) as well as many other related studies.
population, as the following rationale explains.

Consider a population of agents comprising a variety S .
of search strategies with initially random starting points -€&mMing in hierarchical modular spaces
and a range of search radii. The starting point and search
radius of an agent is its “bias”. An evolutionary algo- The issues in this study follows from French and
rithm that selected for speed in finding a point in the Messinger’s (1994): Consideration of the circumstances
search landscape over many generations would evolve ander which is it reasonable to expect that learned be-
population of individuals that had starting points closehaviors will firstly enhance evolutionary search, and
to the fithess maximum and small search radii. That issecondly be gradually replaced by genetically specified
behaviors that were initially interpreted as general learn4raits. However, we take an alternative approach and
ing abilities would, over time, become innate. No in- investigate whether learning aids evolution in search
formation about the content of learning is passed fromspaces that contain competing modules. One way of
parent to offspring, but in the general variation acrosshinking about this issue is in terms of the difficulty of
the population, some individuals would by chance havethe search task compared to the operators that are avail-
starting points closer to the fitness maximum and smalleable. In Hinton and Nowlan’s NIAH task, the set of
search radii (i.e., slightly stronger biases). These individtwenty ones can be considered as one module, with no
uals would have more offspring than those with weakelintermediate fitness levels for partial results. The search
biases, and in environments with fixed fitness functionstask for the genome is too large to find by populations of
innate behaviors would gradually replace learned ones.size substantially smaller than that of the search space. In

This process is often called the Baldwin effect and haghis case, learning performs the function of a local search
two interesting components. The first is the explanatiorthrough points close together in Hamming distance. The
of how learned behaviors can become innate as describddcal search supplements the genetic search, effectively
above. The other is the power of learning to augmensmoothing the search landscape (see top, Figure 1).

genetic search to build complex modules. Agents that The NIAH task is a particularly pathological as it con-

can search their local environmentwill be able to exploreizins no partial information to guide a search process.
whole regions of search space in their lifetimes, rathefrhe majority of tasks of interest in EC and cognitive sci-

than the single point of their own genotype. In this way, gnce have some internal structure, or distinct modules.
learning can enable an evolutionary algorithm 0 SOlVerpe most tractable problems that have modular structure
problems that are too costly for genetic search alone. 5.6 those in which the genes that comprise modules can

The first Computational simulations of the Baldwin ef- be selected independenﬂy of the Settings or g|oba| struc-
fect were by Hinton and Nowlan (1987). They usedtyre of other genes.

a needle-in-a-haystack (NIAH) problem, in which the
maximum fitness of an agent corresponded to a geno-
type comprising all ones. Each gene could be one, zer

or question mark. The ones and zeroes were fixed val:- .
ues that did not change during an individual’s lifetime. Mitchell et al., 1994). The Royal Road problems had

The question marks were learnable genes, which coul@"y One fitness peak, and hence hill climbing strategies
change during a lifetime. Hinton and Nowlan showedWOrked well (see Mitchell, 1996 for a summary of the

that the zero alleles quickly dropped out of the popu_reasons).

lation and the number of question marks reduced over The H-IFF problem has the interesting property of
time. Hinton and Nowlan’s study is a landmark in EC be-symmetry around diametrically opposed fithess peaks
cause it was the first computational demonstration showwith many sub-optimal peaks and consequently many lo-
ing how learning can guide evolution. cal minima (see bottom, Figure 1).

As described above, a variety of such tasks have been
roposed to explore the functionality of GAs, including
the Royal Road problems (Forrest and Mitchell, 1993;
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Combinatons of Aleles Figure 2: Evaluation of H-IFF for the bit-string

00101111 showing hierarchical decomposition. For this
bit-string, H-IFF evaluates to 8 6+ 4+ 0= 18. Note
that the maximum obtainable value for each level of the
hierarchy is 8, so the maximum value for H-IFF on bit-
strings of length 8 is 32. In general, there will be- 1
levels of building blocks. Within these levels there will
be 2'/k building blocks of sizé, each of which has value

k. The optimal bit-strings of length"2herefore have

Figure 1: Fitness landscapes in different search taské’.al_ue(”+1)-2k- The minimum value for H-IFF on bit-
(top) The needle-in-a-haystack task has a single fitnesglfings of length = 2"is|. Such a bit-string contains all
peak, and learning smoothes the search landscape arouRlilding blocks of size 1 but no higher-level blocks.
the peak (adapted from Hinton and Nowlan, 1987, Fig-
ure 1). (bottom) A slice through the fitness landscape of V. w nsider nome of 32 gen h of which
H-IFF, showing the multiple fithess peaks and the ol 2Y: WE considera genome o genes, each o ¢

. may be a 0, 1 or ?. During its lifetime, an individual
maxima at all ones and all zeros (adapted from WatsoRyias 1o ‘learn’ the best setting of the ? genes. Each of

and Pollack, 1999, Figure 1). the ? genes can be set to either 0 or 1, and the resulting
bit-string, comprising all 1s and 0s is evaluated with the
, H-IFF fitness function, described above. We take a very
Tasks: H-IFF and the Jester’s Cap simplistic view of learning (as in Hinton and Nowlan’s

H-IFF (Watson and Pollack, 1999) is a function defined®riginal simulations), and give the ageNtattempts at

on bit-strings of length® The fitness value of a par- 9Uessing the best setting. The agent tistsplacements
ticular string is defined in terms of hierarchical ‘building ©f all of the question marks with random choices of 1s
blocks’ which are sub-strings of the main bit-string. The @d 0s. AfteN guesses, the best guess (i.e., that which
building block at the highest level of the hierarchy is the Maximizes fitness) is taken and the fitness of the agent
entire bit-string (i.e., all 2 bits). Each building block S the H-IFF fitness of that guess. (Unlike Hinton and
is recursively divided into two equally-sized blocks, ex- Nowlan's simulations, there is no scaling of the fitness
cept for blocks of size one, which cannot be divided. FofPased on the number of guesses required.) For example,
a building block to be correctly set, it must consist of &1 agentwith the genome 02?1 may generate the guesses
either all 1s or all Os. The value of a correctly set build-9101, 0111 and 0011 which evaluate to 4, 6 and 8 respec-
ing block of sizen is 2" plusthe sum of the values of {Vely. The highest scoring guess (0011) is taken as the
its two sub-blocks (whose values depend on the sub-subleamed’ setting. However, this ‘learned’ setting is not
blocks). Thus, the overall value of a bit-string of length Passed on during reproduction, it is the initial genome,
2" is the sum of values for the building blocks of sizes 97?1 thatis used in reproduction.

1,2,4,...,2". The optimum bit-strings consist of either ) ) ,

all Os or all 1s so that they are rewarded for building Simulation 1: The Jester’s Cap

blocks of every size. In the simulations in this paper,e consider the jester's cap task with three variations
we use 2 = 32. The evaluation of the H-IFF function is of the amount of learning time available to the agents:
more easily understood by way of example, shown for arhg earning (replicating the H-IFF task), a small amount
8-bit string in Figure 2. o of learning (N = 10) and a moderate amount of learning
As described above, the major difference between H(N = 100). A population comprising 500 individuals is
IFF and the more well known Royal Road (RR) func- embedded within a genetic algorithm. In this initial pop-
tion is that RR has a single optimal bit-string (all 1s) andylation, 50% of the genes are ?s, 25% are 1s and 25% are
significantly,no local optimaother than the global opti- (s, except in the case without learning, where there are
mum (although there are local plateaus). By comparisonyo ?s and equal proportions of 1s and Os. In each genera-
H-IFF has two optimal bit-strings and, for bit-strings of tjon, the fitness of each of the agents is determined, after
lengthl = 2", there are 22 local optima. learning when appropriate. These fithess values are used
In this paper, we apply the learning-based approach ofo determine the parents for the next generation, those
Hinton and Nowlan’s simulations to the H-IFF function. agents with higher fithess being (probabilistically) more
We call this modified version the jester’s cap. Specifi-likely to be selected as parents than those with lower fit-

Fitness
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nesses. (We used a sigma-scaled roulette algorithm fc Jester's Cap
choosing the parents, see Wiles et al. for further details. 195 \ ‘ ‘
Each pair of parents is used to generate two new off 1901 T ot 1
spring using single point crossover (zero mutation). In g5 T e ]
this recombination technique a ‘cut-point’ is selected at gijg R 1
a random position on the genome. One offspringis gen .. | |
erated by joining the genes to the left of the cut-point 34,
in parent 1 to the genes to the right of the cut-point in %160 L N g x J
parent 2. The second offspring is formed by the reverse 21ss} R
combination. F1s0- ® 1
The idea behind this evolutionary approach is that in “ 145 + B q
the initial population some agents Wi”, by chance, hap' 140 No Le‘arning 10 Learn‘ing Steps 100 Learn‘ing Steps
pen to have lower-level modules (or the ability to learn
them). These agents will have a slightly higher fithess
than the rest of the population, and will be selected adrigure 3: Performance of populations on the jester’s cap
parents more often. When two such agents are paired tdask under three conditions. Each point represents the
gether for reproduction, it is quite likely that one of the final mean fitness of a population. Error bars show first
offspring will have two modules, one from each parent.and third quartile and the medians are linked. Note thatin

These modules may also combine to form a higher-levejhe no learning (left) and moderate learning (right) con-

][nodule. trlln tlatf(:r genef[fqt_ionts, evebn Iarfger modtyles fﬁﬂitions, the error bars are obscured because first, second
orm, So that alter a sutticient numoer of generations e(median) and third quartiles are all equal. Note also that

low-level modules that were initially scattered randomly lati h identical fit d tend
throughout the population have combined in single in-many populations have igentical mean ntness and ten

dividuals. The genes of these individuals then begin tdo cluster around a set of discrete values because of the
dominate the population due to an enhanced fitness, geature of the H-IFF function.
that every individual has the high-level modules.

These simulations were repeated 100 times for eacneeded to search module space. not Hammind space. As
condition, varying the initial random seed. During the pace, g space.

course of a simulation, the mean fitness of the popuIatiorgfjfﬁ\;i;?%%itgr ?N‘;aﬁei?sctéwgzérzt Slogrézvs(lagigiué‘?s
is monitored. Simulations were run for a maximum of ’ P

2000 generations, or until the population converged.  the sk in which they are not so readily revealed.
Results Simulation 2: The Sparse Jester’s Cap

In all three conditions, a sizeable proportion of the 100In the jester’s cap simulations, rewards were given for
populations converged on genotypes of maximum fit-modules of all levels (i.e, 1, 2, 4, 8, 16 and 32). In the
ness. On average, trials in which agents were allowed eisparse jester’s cap, we consider rewarding only a subset
ther no learning or a moderate amount of learning outperof the levels. For example, in Figure 2 the blocks of size
formed those where less learning was allowed, as showa may not contribute to the overall fitness of the solution.

in Figure 3. This modification allows us to vary the nature of the task
_ _ from the maximally hierarchical H-IFF function (where
Discussion all levels rewarded) to the NIAH function (where only

The genetic operators of crossover are maximally suitedne highest level rewarded). Varying the rewarded levels
to the hierarchical structure of the H-IFF problem. Un- Of the H-IFF function changes both the ease with which

Surprising'y, crossover works well on this prob'em_ the initial modules can be found, as well as the e(_:lse with
Learning, which one might expect to perform as well or Which the lower-level modules may be combined into the
better, does not match the performance of the genetic og?€xt higher-level of module. In the simulations in this
erators alone. This result can be explained by considsection, only the building blocks of size 1, 16 and 32
ering the way that learning searches the space. Learr@'e rewarded. With these choices of building-block and
ing in the jester’s cap is a mechanism for Searching th@op.ulauon S|ZeS. the Smal!est non.'tr|V|a| modules (those
neighborhood as determined by Hamming distance. Thi§f size 16) are difficult to finddf. Hinton and Nowlan’s
search is only effective for the lowest level of building Simulations where the module is of size 20). Itis thus ex-
blocks. At subsequent levels, local and global minimaPected that learning will substantially assist for the low-
are close in recombination space, but not in Hammind€evel modules. We repeated the first series of simulations
space. At these higher levels, learning merely adds disusing this alternative fitness function.
tractions to an otherwise successful algorithm, althoug
adding a sufficient amount of learning can negate anyX€SUlts
detrimental effects. Not surprisingly, the populations evolved using the
In conclusion, learning in this type of hierarchical task sparse jester’s cap fithess function fared substantially
is no more effective than genetic search because a way isorse than those evolved with the (standard) jester’s cap,



Sparse Jester’s Cap: Levels 1, 16, 32 formance on H-IFF relate to maintaining a diversity of
100 T T w modules at intermediate levels. The population size of
% 8 500 in these simulations was clearly adequate for main-
taining this diversity. Adding learnable alleles increases
80 E . i > o
the search space, without a reciprocal benefit in assisting
4 search.

Simulation 2 showed that the sparse jester's cap
(1,16,32), a problem intermediate between H-IFF and
NIAH, was not amenable to evolutionary search by the
GA. The majority of populations only found a single

. module (fitness level 48). The smallest module involved
30 o Learning 10 Learning Steps 100 Leaming Steps 16 bits, and the likelihood of finding two such modules
in any one population before convergence was minimal.
In contrast to Simulation 1, in Simulation 2 a small
Figure 4. Performance of populations on the sparseamount of learning (ten steps) marginally improved the
jester’s cap task under three learning conditions. EaclBuccess with which populations discovered modules. Ten
point represents the final mean fithess of one populatioriearning steps is sufficient to effectively search four to
Error bars show first and third quartile which are againfive learnable genes, and in this case, learning clearly did
obscured in some cases. Most populations with no learnProvide a reciprocal benefit that more than compensated
ing (left) converged on a final fitness of 48, correspond-for the increase in the search space.

ing to one module. Populations in the moderate learn-, Ncréasing the learing from ten to 100 steps substan-
ing case converged on genomes giving a variety of fity T OS2 SEEES B DR CERT, AL PR
Ness values, indiqating some amount of residual Ieamin%Ies, and at least 25% reached opiimal performance. One
in the genome (right). With a small amount of leam- ,,nqred learning steps is sufficient to search six to seven
ing (center), performance was marginally improved overieamable genes. Although this is only two more than
the no-learning case, although again residual learning researched by ten learning steps, it had a demonstrable ef-
mained. fect on performance.
Simulation 2 demonstrated that in the sparse version of

N ) the jester’s cap, learning is required to discover the mod-
as shown in Figure 4 (note that the y-axes differ bé-jeg a5 in NIAH. As in Hinton and Nowlan’s simula-
tween Figure 3 and Figure 4). In the condition of N0 i5ng populations are unlikely to find high-level modules
learning, most populations (83 of 100) found a singlepy crossover alone. Learning is able to guide the popu-
module. With a small amount of learning, populations|agion towards finding the low level modules, and then

converged on marginally better solutions on average. Inossover combines them. However, the performance is
this condition, many residual question marks remaineqy;|| not optimal, and room for improvement remains.
in the final populations. As a result, the individuals from

; . ; In conclusion, there appears to be arole for learning in
these populations could only find modules with some de- PP g

X ; Situations where crossover is an ineffective search tech-
gree of chance, causing the observed scattering of resulify e ~ Crossover searches module space whereas learn-
in Figure 4. With moderate learning, some populations,

d h imal h d g searches Hamming space. In tasks such as the jester’s
converged on the optimal genomes, others converged Ofly, there js very little need for searching Hamming space

genomes that gave agents the potential of finding the op5¢ the majority of optimization can be effectively per-

timal solutions (i.e., there was again residual learning)¢yrmed in module space. In this task, Hamming search

while others converged on poor genomes. However, thesse| only at the lowest-level of module. For higher-
populations with a moderate degree of learning, on averye, 6| modules crossover searches through combinations
age, outperformed the populations in the other leaming,t heaks, rather than traversing the troughs between them
conditions. (Figure 1). Local search provides the wrong operator for
. . . preserving and improving fithess because it spends too
Discussion and Conclusions much time in the troughs of fitness space. In the sparse
This paper addressed the problem of how and whefester’s cap, modules must be discovered before search-
learning is an aid to evolutionary search in the jester’sing module space becomes a viable approach. The diffi-
cap, a hierarchical modular task. Simulation 1 showedtulty in finding these modules necessitates local search.
that evolutionary search could efficiently find the opti- NIAH and H-IFF may be viewed as being on alter-
mal solution with no learning. The addition of a small native ends of a spectrum. In the former, the (single)
amount of learning detracted from this performance. Amodule is difficult to find as there is no partial feedback
moderate amount of learning had no benefit, but did noto guide search. Learning is required to act as a proxy
detract either. It turns out that H-IFF is not a difficult task for this partial feedback. In the latter, modules abound
for a GA at the levels of complexity studied in this paper. so the important factor is not finding the modules, but
The main issues in reaching the highest levels of perdiscovering how to put them together. Consequently, the
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best search process is one that searches through combditchell, M. and Belew, R. K. (1996). Preface to ‘How
nations of modules rather than searching for the modules learning guides evolution’ by G. E. Hinton & S. J.
themselves. In this case, learning is merely a hindrance. Nowlan. InAdaptive Individuals in Evolving Popula-
The sparse jester’'s cap represents an intermediate point tions: Models and Algorithmsolume XXVI of Santa

on the spectrum. Modules are sufficiently difficult to find
so that learning is required to give partial feedback in the

Fe Institute Studies in the Science of Complepiiges
443-446. Addison-Wesley.

search for the lowest-level modules. Once the modulesitchell, M., Forrest, S., and Holland, J. H. (1992). The

have been found, recombination can function.
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