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CHAPTERNINE

ARTIFICIAL INTELLIGENCE
AND EVOLUTIONARY THEORY:
HERBERTSIMON’ S UNIFYING FRAMEWORK

ROBERTOCORDESCHI

SUMMARY A number of contributions are been given in recgsdrs to
illustrate Herbert Simon’s multidisciplinary appobato the study of
behaviour. In this chapter, | give a brief pictafethe origins of Simon’s
bounded rationality in the framework of rising Al.show then how
seminal it was Simon'’s insight on the unifying rolebounded rationality
in different fields, from evolutionary theory to mhains traditionally
difficult for Al decision-making, such as those refl-life and real-world
problems.

KEYWORDS bounded rationality, heuristics, ill structured olplems,
evolutionary theory, Artificial Intelligence, rokios

1. Introduction. Bounded rationality between human
and machine decision making

As Herbert Simon once said, “Artificial IntelligemdAl) was born in the
basement of the Graduate School of Industrial Adstriation at Carnegie
Mellon University, and for the first five years aftits birth, applications to
business decision making (that is, operation rekeapplications) alternated
with applications to cognitive psychology” (Simo®9F7, p. 5). Simon’s
view of the origins of Al (see Cordeschi 2007) seslg the role of
disciplines, such as Al and psychology, not usualylved in the study of
decision-making processes before the early 1950s.

Briefly, the prevailing model of the decision maker economics and
classical game theory, was that of an agent whoesdke best choice
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using an evaluation function based on the minima)x:epxjurel. Chess game
was the common metaphor for this, but it was alkmd of Drosophilafor
the rising Al, as Simon was used to saying. Witthia field of machine
intelligence of the early 1950s, it was evident tih& use of an exhaustive
or brute-force strategy for playing chess on computwould have
encountered an insurmountable obstacle in the cuatdrial explosion of
possible moves, which Claude Shannon calculateldetof the order of
10! In cases such as chess, minimax procedure carmaiskd in
practice. Thus Shannon raised the issue of howd&eelop a tolerably
good strategy for selecting the move to be madethat a machine could
play “a skilful game, perhaps comparable to thah good human player”
(Shannon 1950, p. 260). “We might be satisfied—berctuded—with a
machine that designed good filters even though these not always the
best possible” (p. 256).

Notice that Shannon’s conclusion seems to touctihehmits of both a
human and a computer decision maker dealing withblpms of such
computational complexity as that of chess. Whicbhsa “tolerably good
strategy” might that be, selectivestrategy good enough albeit “not always
the best possible”? Shannon suggested embodyirg @hess program
selection strategies such as those analyzed byDtiteh psychologist
Adrian de Groot in chess masters, who made theityaes by “thinking
aloud” during the game. His reference to de Greetss to call attention to
the choice processes of an actual problem solmeorder to improve the
performance of a computer program.

Shannon did not develop this point further. Theioh@rocesses of the
actual problem solver were instead a primary irstefer Simon in the
1950s. He had already rejected the normative approé classical game
theory, i.e. the analysis of choices or procedthasa rational agershould
adopt in order to gain the optimal solution to &egi problem (Simon
1946). He introduced psychology into the study lodice in management
sciences and economics, and his concern centeréaieamhecision-making
behavior that characterizes actual agent in his relationship with the
environment. Such an agent is conditioned both sy dwn internal
cognitive limits (concerning, for example, memorydainformation-

! See Sent (2004) on the development of game thisorglation to Simon’s
legacy. Gintis (2007) proposes game theory, imdtentevolutionarykind, as a
ground for unifying behavioral sciences. | don’u¢b on this issue here, but it
seems to me that Gintis’ main claim that currenbliionary) game theory “has
shed its static and hyperrationalistic character”§, and see p. 9) might be in
agreement with Simon’s viewpoint.
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processing ability) and by the complexity of thekieenvironment. The
chess player’'s behavior was still the metaphor tfer rational agent’s
behavior, but in Simon’s view such a metaphor sthdag referred to the
“bounded rationality” of an actual problem solver‘administrative man,”
as he put it, rather than to the perfect-ratiopalitf the idealized,
omniscientHomo oeconomicusf classical economics. Internal limits and
the complexity of the external environment, vividiyemplified by chess,
force an actual agent to use not the ideally biategy in the choice of
moves, but different strategies, loeuristics which are fairly “satisficing,”
to use Simon’s well-known term (see Simon 2000 afoecent statement).

Heuristics are thus shared by humans and compiitetise extent they
both displayefficient problem solving behavior and can be considered as
Information Processing Systems (IPSs), or, equiible as Physical
Symbol Systems (PSSs)—see Newell and Simon (19926)1 Briefly,
such systems are endowed with a receptor/effegparatus, and with a
fairly limited capacity of both long-term and shtetm memory and of
information processiné.

Newell and Simon always described those systenheiag adaptive—
a primary feature of a problem solving system. Bonon (1980, p. 36),
there are ‘“three different forms of adaptation.” eTHirst one is
characterised by changes in the system’s behavier @ short timescale;
i.e. the behavior constantly changes as the systmwes towards the
solution to a problem in the external (or task) iesvment. This is
adaptationin a strict sense. Many systems of this kind dse able to
adapt over a somewhat longer timescale, meaningate ableto learn—
in that learning consists of keeping and succelgsfelusing on different
occasions certain strategies in adaptation or prokdolving, i.e. certain
heuristics. Finally, over the longest timescalenyaystems are able to
evolveor, as biological systems, to transmit changesuiin mutations and
natural selection, as in Darwin’s theory.

The latter point introduces a topic of interestehe®imon’s claims on
bounded rationality might be dealt with also withime framework of
Darwinian evolution. A number of contributions haween given in recent
years to illustrate Simon’s multidisciplinary appoh to the study of

2 See Cordeschi (2006) on the double-faceted featfireeuristics in Al and
Cognitive Science, and see Cordeschi (2008) foinaastigation on Newell and
Simon’s IPS/PSS.
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behavior® In the sequel of this chapter, | will attempt tow how seminal
Simon’s insight was on the unifying role of boundationality in different
fields, from evolutionary theory to domains traaiitally difficult for Al
decision-making, such as those of real-life anthneald problems.

2. A world with its history: bounded rationality
and evolutionary theory

Simon’s aforementioned adaptation taxonomy basedifferent timescales
has not always been presented in the same termexgmple, Newell and
Simon (1972, p. 3) considere@velopmentot evolution, the third form of
adaptation. Furthermore, the question of diffetenescales has been left
out in many cases. For example, Simon soon edtablidhis analogy
between Darwinian processes of natural selectiah the processes of
adaptive problem solving—based on bounded ratityrain one of his
classic articles, “Rational choice and the strietof the environment”
(Simon 1956). Later, Simon would recall how he @sgd to elaborate on
a kind of Darwinian model of bounded rationalitythat article. He said:
“Bracketing satisficing with Darwinism may appear contradictory, for
evolutionists sometimes talk about survival of fiitéest. But, in fact,
natural selection only predicts that survivors v “fit enough,” that is,
fitter than their losing competitors; it postulatesatisficing, not
optimizing.” (Simon 1991, p. 166)

At the end of this section | shall return to thesfion of “survival of the
fittest.” Meanwhile we can ask: what exactly doeschketing satisficing, or
bounded rationality, with Darwinian evolution meahkfdw is it that
adaptive systems abte evolveare organized? Surely the best answer to
these questions can be found by reference to anacthssic article by
Simon published in 1962, “The architecture of coemfil” (now reprinted
in Simon 1996).

In this case Simon obviously takes the timescale @onsideration, but
here to justify the speed of evolution. For Simoommplex systems such as
biological organisms evolve more quickly towardashe states if they are
organized on different levels, i.e. in a way thatilitates the formation of
intermediate steady states. This means that comgystems share a
peculiar hierarchical structure in which the int#i@ns of subsystems are
weak but not negligible, i.e. those systems haeediltinctive feature of

3 See at least Augier and March (2004), and sevefaMie Augier's later
contributions.
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being “nearly-decomposablé.I’n such systems “the short-run behavior of
each of the component subsystems is approximabelgpiendent of the
short-run behavior of the other components; [...]the long run the
behavior of any one of the components depends lynamaggregate way
on the behavior of the other components” (p. 198)sum up, a complex,
hierarchically organized system is (in the mostriesting cases) a system
which interacts with the environment and is composiea number of parts
or subsystems, so-called “intermediate stable forons‘configurations.”
Biological systems are precisely of this type. lasthbe noted that it is
near-decomposability which allows such systems l&ce themselves
within all three timescales mentioned above. A djginon nearly-
decomposable, hierarchy would not allow for anyhefse.

This particular internal organization of systemseato evolve in line
with Darwinian theory is exemplified by Simon thghuhuman problem
solving—actually neglecting different timescalestio cases, fairly slow
in the case of evolution, and fairly fast in thathoman problem solving.
Consider the task of discovering the proof for eotlem. As Simon puts it,
this task can be described as a search-processggthra maze. Such a
process involves much trial-and-error, but thisas completely random or
“blind"—actually, it is selective. The formulae ormbtains by applying
rules are cues which direct further search. Thus,

Indications of progress spur further search indhme direction; lack of
progress signals the abandonment of a line of Bed&wmblem solving
requires selectivetrial and error. A little reflection reveals thaties
signaling progress play the same role in the profdelving process that
stable intermediate forms in the biological evantry process. (Simon
1996, p. 194)

Beyond the already notable ambiguity regardingedéfit timescales
in natural selection and in problem solving (andeos to which we
shall return in the next section) the message sedse. In the
previous section we saw that it is heuristic prared which reduce
computational complexity to a reasonable size. Neow see that
something similar also applies to Nature. Natuke, the administrative
agent, does not optimize. Neither of them follows/thing like a
strategy of optimization. Different historical corgencies influence
both. As Simon pointed out:

4 See Callebaut and Rasskin-Gutman (2005), a colfeaif essays on near-
decomposability and related topics.
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Evolutionary theory [...] resembles most closely the] model [of
bounded rationality]. In both theories, searchinglaage space of
possibilities and evaluating the products of thearsh are the central
mechanism of adaptation. Both theories are mydpuch optimization as
they achieve is only local. (Simon 1983a, p. 73)

In conclusion, both evolutionary theory and the rmbad-rationality
claim are best described “not as optimization psees, but as mechanisms
capable of discovering new possibilities that amprovements’ over those
attained earlier” (p. 74). This particularly exjistatement was in full
agreement with certain now well-known claims by lationary biologists
such as Stephen J. Gould and Richard C. Lewonitiffic8 it to mention

the following passage by Gould, where the simiksitwith Simon are
clear:

Our world is not an optimal place. [...] It is a dgir mass of

imperfections, working well enough (often admirgbly jury-rigged set of
adaptations built of curious parts made availabjeplst histories in

different contexts. [...] A world optimally adaptedl ¢urrent environments
is a world without history, and a world without taigy might have been
created as we find it. History matters; it confosinerfection and proves
that current life transformed its own past. (Gol@®5, p. 54)

This criticism of naive versions of adaptationissnréminiscent of
Simon’s criticism of optimizing classical ratiortgli It is not surprising
that Gould, in a letter to Simon of October 10, @4%ou have been
one of my intellectual heroes,” he said), maintditieat “the general
ideas in the paper with Lewontin, and the concepexaptation in
particular (in the paper with Vrba) will indeed at# strongly to your
‘docility’ proposal.’5 This allows us to introduce another important
topic.

The papers mentioned by Gould in his letter are m@ known, and
were immediately at the centre of heated discuss@mong biologists as
well as philosophers (see Gould and Lewontin 1938uld and Vrba
1982). Briefly, and without entering into the meritf these discussions,
the authors proposed (and would continue to proposaumerous later
publications) a view of evolution which contrastedth that based on
selective optimization, which they attributed toethmaive, strictly
adaptationist, version of Darwinism. They insistedthe presence and role

5 This letter can be found in the Herbert Simon &zilbn at Carnegie-Mellon,
URL: http://diva.library.cmu.edu/Simon/
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of characters which are not immediately recogneadé adaptive, and
considered the organisms as subjects which ar@assive nor pliable in
an optimal way by selection, as is maintained eyview they attributed to
so-called panselectionism.

Beside adaptation, which is present when a charactelected for the
function which it currently carries out, they indteced the notion of
“exaptation” (which, besides, was already knownDarwin at least in
certain forms). In a first case, exaptation actemnvh characteristic selected
previously by natural selection for a certain fimwetis co-opted or
“exapted” to a new function or use (as is the cagth birds’ feathers,
which originally served for heat regulation and fligiht). In a second case,
exaptation acts when the characteristic is seled®d reasons of
development, architecture or more generally fotohnisal contingencies,
and is later co-opted or “exapted” to the functighich we currently see
(this is the case with the spandrels in the cupb&an Marco in Venice in
the article Gould referred to in his letter to Simpoln both the cases, the
role of natural selection remains crucial in fixitige (new) function within
the species.

The general picture that Gould and others propesesiconsistent with
Simon’s claim, whereby a world in which an optinaaptation would
prevail would be a world without history, and thee@ varieties of
strategies for survival in complex environmentsdubg organisms would
have no explanation. But what relationship is tHezveen exaptation and
Simon’s “docility,” to which Gould refers in histter?

The notion of docility is for Simon linked to that altruism. Altruism
has been a difficulty in social sciences and ctatsiconomics as well as in
evolutionary biology at least since Darwin’s tim@a. both cases, it is
difficult to explain how certain individuals manstebehaviors which are of
no immediate profit (neither of social or econorgan nor survival). As
Simon put it, we speak of altruism “when an indivadl sacrifices fitness in
the short run but receives indirect long-run rewattiat more than
compensate for the immediate sacrifice” (Simon H&3 58). Now, on the
one hand altruism raises difficulties only if wesase a naively
adaptationist view of natural selection, with tleeatlary of survival of the
fittest. On the other hand, altruistic behaviora ba observed both in the
social sphere and in biological evolution. At timésgether with
opportunistic behaviors, forms of altruism can lxseyved even in very
simple organisms, such as bacteria (see, for malriteview, West et al.
2007).

Docility is also connected to bounded rationalitydaparticularly in
humans, has strong social consequences linkedetdath that it controls
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and guides individual behaviors through sociallyaaged channels.
Competition is also abated here and survival cthédeby be advantaged:

The theory accounts for altruism on the basis eftttman tendency (here
called docility) [...] to accept social influence—whiis itself a product of
natural selection. Because of the limits of hunationality, fithess can be
enhanced by docility that induces individuals oftenadopt culturally
transmitted behaviors without independent evalmatibtheir contribution
to personal fitness. (Simon 1990a, p. 1665)

As with altruism, docility would not find place ia world without
history, a simple and predictable world where artstesm advantage
always becomes a long-term advantage. This ceytagriees not only with
Gould and Lewontin’s view, but also with every ngimplistic view of
Darwinian evolution. There might be something maire:his letter to
Simon, Gould might have seen a form of social eatagn in docility.
Docility, as conceived by Simon, actually could $een as a behavior
exapted by constraints later triggered by the ojmity for social
advancement. The notion of near-decomposabilitg fit with this
possibility. If this is true, the very idea of adiap systems in the world of
economic competition (as in a company or a firmjldde broadened—
which currently is justified in proposals to coreigntrepreneurial firms as
exaptivemore than adaptive systelzns.

Within this framework of a complex and unpredic&ahlorld where the
survival strategies adopted by organisms multifiynon elaborated on a

5 “Bounded rationality with docility produces altsmi”, as Simon briefly summed
up (2004, p. 96). As he pointed out, his conceris wat “the extension of an
evolutionary metaphor to economics”, but “the diieduence of the processes of
neo-Darwinian biological evolution upon the chaesistics of the individual
human actors in the economy, and, through thesexctesistics, the influence of
biological evolution upon the operation of the emmy” (p. 89).

" See Dew et al. (2008). More generally, exaptatias been introduced in regard
to the evolution of technology in recent time: “taong focus on the adaptation of
technology products and processes to user needsefiictency criteria has
generally obscured the phenomenon of exaptatiorichvpoints to thenon
adaptive origins of many technologies, and the ggsdy which they are later co-
opted for other roles” (Dew et al. 2004, p. 70). &ample by the authors is CD-
ROM, which was patented in 1970 as a digital-tdegptrecording and playback
system, and subsequently it was co-oftedanother use—a data storage medium
for computers. A kind of exaptation in nervous eyss could be found in the
“neural reuse” introduced by Anderson (2010).
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view of the notion of ecological niche which, asli€zaut (2007, p. 79)
well noted, competes with that developed by Lewoirithe same years.
They both criticize the concept of an ecologicalhei where an organism
would easily adapt, but which is too simple (or @listic) to represent a
model for actual adaptation. It must be added ¢hah before this, Simon
(1980), whilst rejecting the claim of “survival tife fittest’quaoptimization
criterion, was already referring to the niche. Hatt claim refers to the
outcome of competition between species in seelongctupy a particular
ecological niche, then there should be as manyegichs there are
species—an obviously absurd consequence. Instead,

The niches themselvemre not determined by some inflexible, invariant
environment, but are defined in considerable meashy the whole
constellation of organisms themselvgs.] Hence, it is not obvious what
optimization problem, if any, is being solved by throcess of evolution.
At most, the occupancy of each niche is being lgcaptimized’ relative

to the entire configuration of niches. (Simon 198044, my italics)

In this case, too, organisms are considered agasbjvhich are not
passive nor pliable in an optimal way by naturdéation. Organisms, as
systems endowed with bounded rationality, changesiternal environment
and are changed by it reciprocally. This justifgésion’s famous metaphor
of bounded rationality theory as a theory which tves blades, like a pair
of scissors (Simon 1990b, p. 7).

3. lll-structured domains as an issue
of bounded rationality

In the previous section we saw how Simon, in inmetipg natural selection
processes as problem-solving processes, gave thmpdx of theorem
proving. He was referring to LOGIC THEORIST (LThetautomatic logic
theorem proving which began to run on a computdri9is6 (see Cordeschi
2002, ch. 5). LT proved a number of theorems ofeg@ral logic, and did
so using selective heuristics similar to those usgdtudents who were
given the same type of task. These heuristics iméeered via the thinking-
aloud-protocols method (see section 1). Now, ifleak at how LT works,
we see how Simon’s analogy between problem sohang natural
selection (or, rather, between formulae generatedng a proof and
intermediate stable forms) risks being misleading.

One of the heuristics originally used successfldly LT was the
“similarity test.” Beginning with the formula giveas a theorem, the proof
consisted of generating a succession of formulaEhmesembledmore
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and more closely the formula which was known taHesolution. LT was
programmed to do what verbal protocols suggestetl skudents were
doing when making certain proofs: from amongstthé legal rules of
sentential logic, they were trying to apply onlpsk that could seem useful
in eliminating the differencebetween what had been given as a theorem,
or starting point of the proof, and what they weseking, the problem
solution. This example does not seem to be a hasisstablishing a well-
founded analogy between natural selection and enolsiolving within the
framework of bounded rationality. | shall attempetxplain why.

Problems like those faced by the LT are typicald'esf chapter”
problems—they are textbook exercises for studerigse problems are
“well-structured,” i.e. their definition leaves moom for ambiguity, the
existing state and desired state are clearly ifigbke, the rules firmly
established, and there are no exceptions. Theddepne are usually set
against “ill-structured” problems which concern Ifif@ or real-world
domains. lll-structured problems have differentidees: the problem itself
may not be easy to identify, the starting data ttagg the goal not well
defined, there are hardly ever any explicit fixades, there may be
different viewpoints to evaluate and maybe evefediht criteria

Now it is true that defining a logical problenn¢bother games, puzzles,
and toy-problems of early Al) as well-structurediulcbrelegate to second
place thedifficulty such a problenraises in any case to the bounded-
rationality problem solver. Simon always insistedtbis point, underlining
that there is a continuum of problem types and adtrict dichotomy
between well- and ill-structured problems. In domsdlike logic or chess,
there is a risk of confusing the idealized (lins8ey powerful) problem
solver with the actual problem solver, who has timi computational
capacities (Simon 1973, pp. 185-186). From ahtual problem solver’'s
point of view, the problem is always fairly ill-sittured, given the
combinatorial explosion of alternative paths whattaracterizes tasks like
logic.

This is true, but not what | am discussing hetee Point is that it is one
thing to find a path from among the many possibé¢he between the
starting state and end state, i.e. the solutiognwhese are both known and
well-defined, and it is another thing to find thetip when they are not well-
defined, and particularly when the solution isrhiey not known. In the

8 For a review and a case study, see Shin et @3j2@ho touch upon the issue of
the different skills shown by students in solvihg two different kinds of problem
above.
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first case, which is the case of Simon’s exampdeha solution is knowa
priori, it strongly guides the search, i.e. it leads tasahe generation of
certainwell-formed strings of symbols or formulae rathaart others. This
happens through continual pattern-matching betwekat with time is
obtained through the similarity-test heuristic ahd problem solution. As
regards Darwinian selection, here one has a gujgeeration ofcertain
intermediate stable forms rather than others wéterence to a pattern
known as the final outcomef the evolutionary process. Nothing less
Darwinian than this, one could say.

Simon insists time and again on defining the psecef generating
intermediate stable forms as “random” and “nonetielgical” (Simon
1996, pp. 191-192). Yet he recognizes that thieiggion, to the extent
that it is heuristic is due to “not completely random or blind” triahd
error (pp. 193-194). How do we resolve this apparesntradiction
between heuristic problem-solving and random pmobk$elving in
Darwinian selection?

Examples like those of LT ought to be abandonad,we should look
to considering heuristics used in ill-structuredndins. Scientific research
could be a case in point. According to Simon (seg, Langley et al. 1987,
p. 3, and pp. 15-16) the processes of creativeodksy, like scientific
discovery, are not completely “random” and, what ni®re, are not
qualitatively different from those of ordinary ptem solving, usually used
in solving more or less complex toy-problems. Yaestific discovery is a
problem which cannot in any way be defined as w#lictured, and
certainly not in the sense of LT's end-of-chapterppems. On the contrary,
scientific discovery is a typically ill-structuregroblem in terms of the
definition above. In this case, we can do away wligh strict teleological
component of knowledge-of-the-end-state that we ineend-of-chapter
tasks. But the problem of generating intermeditdble forms remains: is
it entirely random? What precisely is the role etihistics if one wants to
keep the analogy with Darwinian evolution?

In classical Al, | believe that these problems evéackled best by
Douglas Lenaf. His theory of heuristics suggests a hypothesige&aring

9 An excellent survey of machine-discovery prograrhthe time was carried out
by Rowe and Partridge (1993). A harsh criticisnLefat’'s programs comes from
Koza (1992). He insisted on greater plausibilitytioé analogy with Darwinian
selection based on genetic programming than onedbas Lenat’s heuristic
programming—a issue that | shall not deal with hgér@m uniquely interested in
the analogy within classical Al). Pennock (200@Ked at a similar question to the
one | have posed above regarding Simon (“can wewshwat Darwinian
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the difficulties in the analogy above, and indisag possible solution
within the field of heuristic programming of theng. The starting point is
the well-known one from the pioneering time of Also considered by
Simon: a completely randogeneratorof potential solutions together with
a rigoroustesteris not an efficient procedure. Applying orthyis “random
generate and test” procedure would not producetisobiin a reasonable
time in the case of automatic problem solving noything like survival of
the fittest in biological evolution. Lenat's hedits theory and the
EURISKO program that implemented it foresaw that kreuristics could
themselve®volve from the weakest to the most domain-specificfaksas
natural selection is concerned, these heuristicelved by random
mutations, whose effects are in primitive organisand then extended to
higher organisms. For Lenat, natural selection rsegvith primitive
organisms and a weak method (random generatidowfedl by more rigid
tests) for improving them. It is in this way thhetfirst primitive heuristics
accidentally came into being, and then overcamdethe efficient random-
mutation mechanism. Thus,

By now the evolution of most higher animals andchfdanay be under the
guidance of a large corpus of heuristics, judgmentkes abstracting a
billion years of experience into prescriptions afmuch more rarely)
proscriptions regulating and coordinating clustes§ simultaneous
mutations. Random mutation would be still presentit in higher
organisms its effect might be mere background n¢ismat 1983, p. 288)

Lenat's theory of heuristics seems to be dealirith vpohenomena
connected to forms of exaptation. Lenat mentionalé&on the possibility
of considering the “ ontogeny recapitulating phyoyg” claim. Moreover,
the above quotation suggests that the increasdfiofeat heuristics in
higher animals and humans can increment theirtalilisolving problems
which caused major difficulties for their ancestdrBus, the process which
began with Darwinian “random generate and testldewuolve into a more
efficacious process, a kind of “plausible generate test” which at this
point channelsthe evolutionary process. The intertwining of ramd
mutation and plausible adjustment allows evolut@me channeled along
one of the many possible paths. From a certaintpointhere are certain

processes—that is to say, natural selection actipgn undirected heritable
variations—really areapableof making non-trivial novel discoveries?” (p. 231)
On this point, also Pennock holds a point of viewngathetic to evolutionary
computation.
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heuristic constraints according to which certaiargdes can have increasing
success and so make evolutionthis senseguided. Heuristics sum up and
incorporate past history and different kinds of tamgency: “there is no
inherent ‘direction’ [...]; rather, it is simply a raBanism for avoiding what
seems, empirically or historically, to be deletaspand for seeking what
seems empirically to be advantageous” (p. é%S).

Simon’s near-decomposability also has its rolehis case, but here
within the framework of the evolution of heuristiaghich is now the key
point for maintaining the analogy with the probleplver on a Darwinian
basis. Heuristics evolve like species: “incorreetifistics die out with the
organisms that contain them. [...] Otherwise, as alsrget more and more
sophisticated, they would begin to evolve more ame slowly. Random
mutations, or those guided by a fixed set of héiasswould become less
and less frequently beneficial to the complex oigranless frequently able
even to form part of a new stable subassembly,ie®rssuggests” (p.
294).

The case of scientific discovery is certainly tlo¢ only unequivocal
case of ill-structured domain for the bounded-raldy problem solver.
Scientific discovery is among cases which, difféisefrom problems like
games, puzzles and logic, require the problem stbvhave a more or less
ample quantity of specialized knowledge. This is ttase with medical
diagnosis, design, management and so on. In Aketl@oblems were
initially considered within the field of expert s*.yms.“

10| wish to point out that this claim is differembf others, which aim at setting
the two “tests” above against each other, rathan tintegrating them. For
example, Johnson-Laird (1983) set a completely gand‘Neo-Darwinian”
procedure against a “Neo-Lamarckian” proceduredemiiby certain constraints,
adding a third, or “multi-stage” procedure, whichih a sense an intermediate
procedure. Lenat’s claim, stemming from Simon’saidé heuristics whiclyuide
evolution, could be seen as the appreciation ofldBim effect” on Darwinian
evolution—that is to say, James M. Baldwin’s 18%ina that offspring tends to
have an increased ability in learning skills, amhis twould suggest theight
direction, as it were, of evolution. Baldwin effect has hadevival in a context
different from Lenat's, i.e. in Artificial Life (& e.g., Mitchell and Forrest 1994).
11| enat and Feigenbaum (1991) critically dealt wiik difficult issues regarding
expert systems of the time. At least two topicsfd out by Lenat in EURISKO
have been developed in expert systems (see Coid2806) and in the more
recent field of data mining (Brazdil et. al. 200%zat of the trade-off between
universality and performance and that of metahtosis
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An Al ill-structured domain which is different, turn, from the expert
system domain is that of real-world problems. Héeenotion of bounded
rationality must be further extended, since it @ns artificialagents like
robots which are able to interact with the worldwant to highlight
something that in my opinion has been overlookeé:h@imon considered
this issue regarding robotics from a novel viewpbieforethe birth of the
so-called “new” or “behavioral” robotics of the mil®80s (see Simon
1973; 1983b).

As Simon explicitly recognizes, traditional Al sgsis, such as his own
UNDERSTAND system or ISAAC system, not to mentionam simpler
puzzle-solving systems of early Al (such as thesimisaries-and-cannibals
puzzle), are simulated systems: all lack a feedbmelchanism which
receives sensory information from the world. Nelwelgss, it is just such a
mechanism that enables a system such as a rohdirfgally to adjust its
expectations to the unfolding reality” (Simon 1988b 28). Furthermore,
“what distinguishes robotics [...] from other aredsAd [...] is that the
robot is embedded in an external environment thaiah sense and act
upori’ (p. 26, my italics). And notice that the robotffserformance is
evaluated by its actual behavior in the real wohhdt by its self-imagined
behavior in a toy problem spacdbid.), i.e. in a simulated and simplified
world.

The robot can adapt the complexity and other pt@seiof its internal
problem space to its own computational capabilitidspending upon
feedback to eliminate the discrepancies betweeeaapons and reality.
[...] For this reasontobotics appears to be the most promising arealin A
in which to study everyday problem solvir{@imon 1983b, p. 27, my
italics)

In this framework one important question—which Wbwften be a
cause for debate in Al up to present time—concetims role of
representations or “models” of external world. Tehase built by the agent
in this feedback-based relationship with the woitd which it is
“embedded.” As Simon puts it, these representatiamsnever be meant as
completemodels of reality, according to the unrealististamsptions of the
planning. | wish to point out two consequenceshi tlaim.

First, accurate information, and so a complete ehaxf reality, is
possible only within microworlds, “represented desithe computer” and
populated bysimulatedrobots (Simon mentioned Terry Winograd's then
famous SHRDLU). These simulated robots “do not fimeissue that is
critical to a robot when dealing with a real exdranvironment—the issue
of continually revising its internal representatiaf the problem situation
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to conform to the facts of the world” (Simon 1978,195n., my italics).
Second, “the unrealism of planning models needahetys be remedied
by making them more realistic, hence more complé8ihon 1983b, p.
26). When the real world is the case in point, @mnsncases it is better to
start with ‘an over-simple modehbnd to depend on feedback to provide
second-order approximationlbfd., my italics). To conclude, a feedback
mechanism is essential in producing adequate rept@son of the
environment—and this is a matter of empirical krexige about the world
itself. Such knowledge is the “critical componerft lmuman bounded
rationality” (p. 27).

If I have stressed these quotes from Simon, lhidsause they come
from the decade immediately before Rodney Broofstsposal of agents
which are “embodied,” or “embedded” (Simon’s terim)the world with
which they interact by means of different feedbsgg&tems (Brooks 1991).
Simon’s claims brought to the fore the need fooloticsdifferentfrom
that which was prevalent at his own time—a robotigsed on pure
planning or PLANNER-like systems. On the one hamd, claims show
how situated cognition and embodiment, issues ofi&sed contraSimon
by various critics of so-called classical or diseadiled Al, are in fact
problemsraised bySimon, within the framework of bounded rationality.
On the other hand, few Al researchers now doulatsatificial agents that
interact with the external world like robots musténdowed not only with
on-going feedback from the environment, but alsth wif-line mechanisms
for planning, reasoning, anticipation, and so oa, for abilities which
greatly increase agemz‘amtonomyl.2

Therefore, it was Simon who raised the problerhaf real agents like
robots could develop representations or modelshef énvironment in
which they are embedded which are more and morguade. They do this
notwithstanding their internallimits, usually starting from simple
representational systems. What Simon thus rejeggedthe false image of
a world given once and for all, i.e. a world wild hocrepresentations.
This is the world without history, without except® and without failed
expectations which, as we have seen, is the ifusardel of reality Simon
always rejected.

When Simon many years later revisited the prolémhat a PSS is in
the light of important developments in behaviordzhsobotics, what he
proposed was not an opportunistic adaptation ofdl¥ notion of PSS to

12 presently, autonomy is a central notion as regagesit’'s behavior, also beyond
the robotics domain: see Bibel (2010).
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the context of the (then) “new” robotics. On thaittary, Simon again took
up issues that he himself had raised years befierelévelopment of such
robotics. Here is the conclusion:

A complex task is much more difficult to accomplishen assisted only

by direct feedback from the environment. [.Qf course, pure planning,

with no situational feedback, is equally ineffeetivout it is unfortunate

that failures of pure planning schemes have mat/atsearchers to argue
for the opposite extreme instead of a more sophisd intermediate

strategy. (Vera and Simon 1993, pp. 15-16)

If one considers the evolution of robotics frome ttB90s to the present
time, one concludes that things have gone largelyhe direction that
Simon had hoped for. Something like an “intermesdistrategy” is what
has prevailed in much robotic reseatth.

4. Conclusion

In this chapter | have discussed the reason whyelie\® bounded

rationality has become a key notion for unifying ttudy of both natural

and artificial systems when dealing with complewlpem-solving tasks

via adaptation and evolution strategies. Preserityinded rationality

seems to be the theoretical ground for various \ietel and evolutionary

disciplines. Different researchers in such disogdi shared it as a basic
assumption, albeit from different viewpoints—e.Baniel Kahneman on

the one side and Gerhard Gigerenzen on the othey:kioth share such an
assumption, while maintaining different viewpoint&é the nature and

origins of human mistakes in reasoning and chogee (at least their

contributions in Augier and March 2004).

13 See Carlucci Aiello et al. (2001) on “hybrid” (i.entermediate reactive/
deliberative) robotics. Siciliano and Khatib (2008¢ludes chapters relevant for
the issues touched on here: see at least the chaptdehavioral robotics by M.J.
Mataric and F. Michaud, on biologically inspirecbatics by J.-A. Meyer and A.
Guillot, and on evolutionary robotics by D. Florear?. Husbands and S. Nolfi.
More generally, a well balanced view on the issti®ll” and “new” Al has been
stated by Paul Verschure (see, e.g.: “One motimdto trying to unify these two
views is that they both seem to capture differespieats of intelligence. [...]
Traditional Al failed to ground its solutions inethieal-world, while new Al faces
the challenge to scale up to non-trivial cognitipeocesses”, Verschure and
Althaus 2003, p. 562).
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In such cases one should always remember, as Siorauded (1985,
p. 297), that the departure from the classical viéwationality “should not
be mistaken for a claim that people are generalhational.’” [...] They
usually have reasons for what they do.”

References

Anderson M.L. (2010). Neural Reuse: A FundamentafjaDizational
Principle of the BrainBehavioral and Brain Science33: 245-313
Augier M. and March J.G., eds. (200#odels of a Man Cambridge,

MA: MIT Press.

Bibel W. (2010). General Aspects of Intelligent smbmous Systems.
Intelligent Autonomous Systen235: 5-27.

Brazdil P., Giraud-Carrier C., Soares C. and \dlalR. (2009).
Metalearning: Applications to Data Mining Berlin-Heidelberg:
Springer.

Brooks R.A. (1991). Intelligence Without Represéinta Artificial
Intelligence 47: 139-159.

Callebaut W. (2007). Herbert Simon’s Silent Reviolnt Biological
Theory 2: 76-86.

Callebaut W. and Rasskin-Gutman D., eds. (2008jodularity:
Understanding the Development and Evolution of Ndt€omplex
SystemsCambridge, MA: MIT Press.

Carlucci Aiello L., Nardi D. and Pirri F. (2001)a€e Studies in Cognitive
Robotics. In: Cantoni V., Di Gesu V., Setti A. affégolo D., eds.
Human and Machine Perception 3: Thinking, Decidiagd Acting
Dordrecht: Kluwer.

Cordeschi R. (2002)he Discovery of the Artificial: Behavior, Mind and
Machines Before and Beyond Cybernetigsrdrecht: Kluwer.

—. (2006). Searching in a Maze, in Search of Knolgés Lecture Notes
in Computer Sciencd155: 1-23.

—. (2007). Al Turns Fifty: Reuvisiting Its OriginsApplied Atrtificial
Intelligence 21: 259-279.

—. (2008). Steps Toward the Synthetic Method. lasbands P., Holland
0. and Wheeler M., ed$he Mechanical Mind in HistoryCambridge,
MA: MIT Press.

Dew N., Read S., Sarasvathy S.D. and Wiltbank BO&2 Outlines of a
Behavioral Theory of the Entrepreneurial Firdournal of Economic
Behavior and Organizatiqré6: 37-59.



214 Chapter Nine

Dew N. and Sarasvathy S.D. and Venkataraman S4§20Ge Economic
Implications of ExaptationJournal of Evolutionary Economic4d4:
69-84.

Gintis H. (2007). A Framework for the Unificatiorf the Behavioral
SciencesBehavioral and Brain Science30: 1-61.

Gould S.J. (1985)The Flamingo’s Smile: Reflections in Natural Higto
New York: Norton.

Gould S.J. and Lewontin R.C. (1979). The SpandvélSan Marco and
the Panglossion Paradigm: A Critique of the Adapiast Programme.
Proceedings of the Royal Society of Londo2®5: 581-598.

Gould S.J. and Vrba E.S. (1982). Exaptation—A MigsiTerm in the
Science of FornPaleobiology 8: 4-15.

Johnson-Laird P.N. (1983Human and Machine Thinkingdillsdale, NJ:
Erlbaum.

Koza J.R. (1992).Genetic Programming: On the Programming of
Computers by Means of Natural Selectiddambridge, MA: MIT
Press.

Langley P., Simon H.A., Bradshaw G.L. and Zytkowl.J.(1987).
Scientific Discovery: Computational Exploration ¢ifie Creative
ProcessesCambridge, MA: MIT Press.

Lenat D.B. (1983). Learning by Discovery: Three €&Studies. In:
Michalski R.S., Carbonell J.G. and Mitchell T.M.dse Machine
Learning: An Artificial Intelligence ApproactPalo Alto, CA: Tioga
Press.

Lenat D.B. and Feigenbaum E.A. (1991). On the Thukls of
Knowledge Artificial Intelligence 47: 185-250.

Mitchell M. and Forrest S. (1994). Genetic Algonith and Artificial Life.
Artificial Life, 1: 267-289.

Newell A. and Simon H.A. (1972Human Problem Solvingenglewood
Cliffs, NJ: Prentice-Hall.

Newell A. and Simon H.A. (1976). Computer Sciensdcanpirical Inquiry:
Symbols and Searc@ommunications of the AGNI9: 113-126.

Pennock R.T. (2000). Can Darwinian Mechanisms Médegel Discoveries?
Learning from Discoveries Made by Evolving NeuraktNorks.
Foundation of Scien¢®: 225-238.

Rowe J. and Partridge D. (1993). Creativity: A Syrof Al Approaches.
Artificial Intelligence Review7: 43—70.

Sent E.M. (2004). The Legacy of Herbert Simon im®al heoryJournal
of Economic Behavior and OrganizatidsB: 303-317.

Shannon C.E. (1950). Programming a Computer folyifRla Chess.
Philosophical Magazine4l: 256—-275.



Artificial Intelligence and Evolutionary Theory 215

Shin N., Jonassen D.H. and McGee S. (2003). Predicdf Well-
Structured and 1ll-Structured Problem Solving in &stronomy
Simulation.Journal of Research in Science Teachi@. 6—33.

Siciliano B. and Khatib O., eds. (2008jJandbook of RoboticsBerlin-
Heidelberg: Springer.

Simon H.A. (1946)Administrative BehavioMNew York: Macmillan.

—. (1956). Rational Choice and the Structure of thevironment.
Psychological Review63: 129-138.

—. (1973). The Structure of Il Structured ProblemaArtificial
Intelligence 4: 181-201.

—. (1980). Cognitive Science: The Newest Sciencethef Artificial.
Cognitive Sciencet: 33—46.

—. (1983a).Reason in Human Affair$Stanford, CA: Stanford University
Press.

—. (1983b). Search and Reasoning in Problem Salviagificial
Intelligence 21: 7-29.

—. (1985). Human Nature in Politics: The DialogueRsychology and
Political ScienceThe American Political Science Revjewd: 293—
304.

—. (1990a). A Mechanism for Social Selection and@cessful Altruism.
Science250(4988): 1665—-1668.

—. (1990b). Invariants of Human Behavidinnual Review of Psychology
41: 1-19.

—. (1991).Models of My LifeNew York: Basic Books.

—. (1996).The Sciences of the ArtificiaCambridge, MA: MIT Press {8
edition).

—. (1997). The Future of Information Systenfnals of Operation
Research71: 3-14.

—. (2000). Barriers and Bounds to RationaliStructural Change and
Economic Dynamigsll: 243—-253.

—. (2005). Darwinism, Altruism and Economics. Inofder K., ed.The
Evolutionary Foundations of Economic€ambridge: Cambridge
University Press.

Vera A.H. and Simon H.A. (1993). Situated Action: 8ymbolic
InterpretationCognitive Sciencel7: 7-48.

Verschure P.F.M.J. and Althaus P. (2003). A ReaHW/Bational Agent:
Unifying Old and New AlCognitive Science27: 561-590.

West S.A., Griffin A.S and GardnerA. (2007). Social Semantics:
Altruism, Cooperation, Mutualism, Strong Reciprgciand Group
SelectionJournal of Evolutionary Biology20: 415-432.





