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Abstract. When faced with a complex scenario, how does utatelisg arise in one’s
mind? How does one integrate disparate cues irgtohal, meaningful whole? Consider
the chess game: how do humans avoid the combiah&xplosion? How are abstract
ideas represented? The purpose of this paperpsdpose a new computational model of
human chess intuition and intelligence. We sugtpedtanalogies and abstract roles are
crucial to solving these landmark problems. Wespre a proof-of-concept model, in the
form of a computational architecture, which may di#e to account for many crucial
aspects of human intuition, such as (i) concertratf attention to relevant aspects, (ii)
how humans may avoid the combinatorial explosiai, derception of similarity at a

strategic level, and (iv) a state of meaningfuligipaition over how a global scenario
may evolve.
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|. Introduction

When faced with a complex scenario, how does utalaisg arise in one’s mind? How does one integrate
disparate cues into a global, meaningful, wholehsitter the chess game: how do humans avoid the
combinatorial explosion? How can strategically samsituations be perceived as such? What about the
problem of intuition? What type of information-gessing is involved behind our subcognitive, inmeit
sense of a position? Could a computer ever actpisegenuine, intuitive, understanding of a chesst}?
Could it have a meaningful state of intuitive aiptition over how a particular scenario may develdpits

last question has perhaps been best posed by Atk{i993):

“The master’s superior play is due to ‘sense aofipon’, an intuitive form of knowledge gained
from experiencing a great variety of chess situmtidntuitive knowledge is perhaps the most
important component of expertise in any human dise, yet intuition has been one of our least
understood phenomena. Intuition is an automaticonscious part of every act of perception. It is
often associated with emotion: an intuitive redlaa can ‘feel right' and evoke a sense of
satisfaction or, equally, can elicit that sinkingeling of impending frustration. Intuition is
nonverbal, yet trainable. Intuition is not partppésent-day machine chess”.

This meaningful ‘sense of a position’ comes fraimstract analogical perceptionConsider the chess
positions shown in Figure 1. In the eyes of a clegeert, positions 6 and 10 are similar (Linhared a
Brum 2007). Yet, to “the eyes” of a computer pragrahese positions are remarkably different. These
positions display (i) different numbers of piec@8,different types of pieces; (iii) different teedepth; (iv)
different tree breadth, (v) different locationspaéces, and (v) different distances between pigesition

10 is solvable within a brief tree expansion, wigitesition 6, which demands a computation of 20ebf

the rapidly expanding game tree before any impramnin the evaluation function can be achieved,
demands substantial tree expansion. However, wieaimaerstandhese positions and see the checkmate,
a remarkable similarity at a strategic-vision legalerges (Linhares and Brum, 200How can strategic
similarity be perceived? Where is the similarityb® found?

Similarity at an abstract, strategic, level, isqgéved not only in “calm” positions, but also ingittons in
which exchanges take place (8 and 20), and evarhéskmates (A and B). This is the first issue we
consider: to intuitively understand a position,canputational model needs to be able to accounbdor
ability to perceive abstract, strategic, similarity

A second issue is: How can combinatorial explosimmsivoided? Position 6 demands over 20 pliegéefo
any increase in the evaluation function, so howadlbe processed in few clock cycles?

Finally, there is the issue of how to measure difieprogress in developing cognitive models oésh. Is
move quality still the standard to look forward when we do not want to construct a world champirt,
rather to understand and model human intuitionthénappendix, we propose a number of constraints to
illuminate this issue.

This paper proposes a new framework with which way mpproach these landmark problems. A new
cognitive theory of decision-making in chess, ire thorm of an evolving computer architecture, is
proposed—which perhaps may lead to innovative rekeavenues in problems of understanding and
semantics beyond the domain of chess.

In the next section, we will propose, following dtddter and FARG (1995), a new computational model
for chess that is centered in analogy-making.
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Figure 1. Analogy enables the application of familiar straegto new, unforeseen, situations. To
demonstrate this, Linhares and Brum (2007) condlete experiment to study “strategically similar”
pairs of positions: In this display, pairs (A,B%,10), and (8,20) are shown. Here we can obsena¢ t
analogy plays a significant role in chess cognitieexperts report that these pairs are ‘very similar’
despite the large number of superficial differenc@be positions in each pair differ in piece setsnber

of pieces, position of pieces, and the underlyeaych tree (from the point of view of the previplg, so
how can they be similar to each othéf®w can a computational model perceive such absstaategic
similarity? For readers less familiar with chesketsolutions to these positions follow. Positionandl B
present the fastest possible mate and its “mosh@wmical” representation (Ban, 1997, p.12). White t
move and win in the remaining positions: In posii® and 10, black cannot defend from the simutiase
attack of white’s passed pawn and king. Note thgidsition 6 the white king will move across tharoo

to eventually threaten the E5 pawn. These movenmnaxpand the game tree, involving over 20 plies. Ye
the strategic similarity to the situation in positi 10 is remarkable, even with such large diffeesnm
search tree size. Positions 8 and 20 involve exgbsnin position 8—a variant of a position used in
(Charness et al., 2001)—, white moves rook to g&lchblack rook captures white rook, white knight
captures black pawn at f7 checkmate. In positiOnvhite moves knight to a6 check (by knight and by
gueen), black king escapes to a8, white moves cele8 check, black rook captures white queen,ewhit
knight returns to ¢7 checkmate. These variatidri®bilidor's mate” display high strategic similaty and

no similarity at a surface appearance level. Anaday mechanisms enable humans to perceive such
strategic similarities.



ll. Capyblanca: an example architecture

What are the elements of an architecture that coisiolay understanding of a chess position? Havulsh
it process information? What does the processli@@R The following sections present our propssal

2.1 Architectural elements
The architecture consists of the following elements

Pressing urges and codelets — The computationabpses constructing the representations on shaort-te
memory are subcognitive processes naroedelets The system perceives a great number of
subtle pressures that immediately invoke subcognitirges to handle them. These urges will
eventually be executed. Some of these processedaolayor particular objects, some may look
for particular relations between objects and créateds between them, some may group objects
into chunks, or associate descriptions to objeets, The collective computation of these
impulsive processes, at any given time, standstfferworking memory of the model. These
processes are involuntary, as there is no consdegssion required for their triggering. (As
George Lakoff puts it, if one asks you “not to thiof an elephant”, it is too late, you already have
done so, in an involuntary way.) They are also mattic, as they know how to do their job
without asking for help. They are fast, with onlfeav operations carried out. They accomplish
direct connections between their micro-perceptimmd micro-actions. Processing is also granular
and fragmented — as opposed to a linearly struttsexjuence of operations that cannot be
interrupted (Hofstadter and FARG 1995; Linhares3)0@inally, they are functional, associated
with a subpattern, and operate on a subsymboliel Iout not restricted to the manipulation of
internal numerical parameters as opposed to mostemionist systems).

Coderack: a list of parallel priorities—Each cadedxecutes a local, incremental change to the ginger
representation, but the philosophy of the systemthat all pressing urges are perceived
simultaneously, in parallel. So there is, at amnyegipoint in time, a list of subcognitive urges
ready to execute, fighting for the attention of flystem and waiting probabilistically to fire as a
codelet. This list of parallel priorities is callélte coderack in Hofstadter and FARG (1995). The
name is due to an analogy with a coatrack in whic} coat may be taken out of at any point in
time.

A workspace that interacts with external memory—sTiki the working short-term memory of the model.
The workspace is where the representations aretrooted, with pressing urges waiting for
attention and their corresponding processes swarroiver the representation, independently
perceiving and creating many types of subpatte@mnmon examples of such subpatterns are
relations between objects, awareness of abstris ptayed by objects, and so on.

A semantic associative network undergoing consfamt—The long-term memory of the system is
embedded into a network of nodes representing giscgith links between nodes associating
related concepts. This network is a crucial parttie formation of a chain reaction of conceptual
activation: any specific concept, when activatethppgates activation to its related concepts,
which will in turn launch top-down expectation-driv urges to look for additional information
relevant to each active concept (Linhares 2005). éxample, if a bishop is found at a certain
position, this perception will trigger associatezhcepts (and codelets) to look at the diagonals,
and to construct a chess relationship structueepfece is found. This mode of computation not
only enforces a context-sensitive search but asthé basis of a chain reaction of activation
spreading — hence the term ‘active symbols’ (Holtetn1979, 1985). This network is called the
slipnet in Copycat. One of the most original featuof the slipnet is the ability to “slip one
concept into another”, in which distances betweancepts change through time (for details see
Hofstadter 1995, Mitchell 1993).



All of these architectural elements operate on ndiffgrent levels of organization, some more ‘catet,
tied to the specifics of a position (i.percept}, and others more ‘vague’, abstractions of theeuof a
position (i.e.concepts This is our next subject.

2.2 Multiple-leveled analysis
The architecture employs many different levelsralgsis, notably:

Squares—this is the most basic information processed l®y shistem. Capyblanca is able to
‘saccade eyes’ to empty squares, to recognize fdiees may be present in its’ “peripheral
vision”, and to register that a particular piecs haen found at a particular square;

Pieces—After a piece is found, codelets may trigger agged codelets to search for the possible
trajectories that the piece may go to on the nextes; other codelets will attempt to gather an
estimate of the initial “spheres of influence” bétpiece, leading to another level of mobilities;

Piece mobilities-This level of information processing is mainly cemed with each piece’s
possible influence across the board. An initiapnoh movement is developed from the starting
piece square. This map may be modified in due seolay other codelets gathering additional
information;

Trajectories—If a piece A is found (randomly at first) to hamsepotential trajectory towards a
piece B, then a codelet may create a data struttuencompass the trajectory between both
pieces. Trajectories eventually created will leathe creation of chess relations;

Chess relations-If attack or defense relations are found, thee&ystegisters them in a proper
structure, beyond the mere trajectory involved €nthiat multiple-steps attacks and defenses are
registered, just as immediate, single step, reigjio These relations will be measured by an
intensity functionwhich takes the following form:

| =10 "V (p)V(P,)d (P, P,).

wherep; represents the origin pieq®,the destination piece of a chess relatigp;) is the current
system value of piece andv' its inverse functiond™ is the inverse function of the minimum
distance, in number of squares, tpaimust travel to reach,. Intensity might be lowered by a
codelet after this initial estimate, by increasmgor the converse may be true, given the proper
circumstances). Intensities are established biphéivalue of the pieces involved in a relationship;
(i) the distance between pieces; and (iii) the itityl(or lack thereof) a piece. For example, if a
low-value pawn attacks a high-value queen in 1 mdkis role of attacker receives a greater
priority over the relation of a high-value queetaeking over 3 moves a low value pawn. If an
attack can be intercepted, the relation also lodessity (by other codelets manipulating-note
that any of the functions can be changed by coslateainy time).

Abstract roles—Chess relations with the highest intensities faitin a set ofabstract rolesthe
current interpretation of the system about whatjgsortant in a chess position, and which pieces
are involved. An example of information processatdhe ‘abstract role’ level might be: if there
is a double check, the only possible response éstape with the king. This inference might thus
trigger codelets, at the piece mobility level, toeck whether the king has an escape route.
Reasoning at the abstract role level, we propaseyhat enables chess players to intuitively
understand a position and to perceive abstradegitasimilarity to positions that are different in
all superficial aspects (Linhares and Brum 2007).



2.3 A summary of the Code

In this subsection we will provide more details atitne code and the underlying architecture of the
project.

The code for the current version of Capyblancgesnmesourced under a GPL license. It is hosted at
capyblanca.googlecode.com. Capyblanca has be&toped using object-oriented pascal and compiles
with the (freely downloadable) Turbo Delphi 2008Vith this initiative, we hope to contribute to the
scientific community by letting those interested anoly replicate the results in detail, but alspiove the
architecture and explore different design decisighi&h we have not been able to. (A major task,
discussed in the conclusion, concerns the integratf learning algorithms.)

A major point concerning FARG architectures is fhisitgrams do not rely on procedure calling; they do
instead, launch tasks which are to be handled asgnously (Hofstadter and FARG, 1995). As
mentioned, the task scheduler is known as the aeclefor processes may be triggered from any dart o
the task queue. It is impossible to detail thaigamds of lines of the whole code here, but bydimguon
some of the units involved, we may have a bettasgiof how the system is developed, how it workd, a
how one might be able to further develop it anéedtthe architecture.

Pascal code is divided over units. The major unitslved in the current implementation of Capyldan
are detailed below.

MainUnit: Creates the graphical user interface; loads pdaticihhess positions into memory;
initializes working memory, external memory, and tlipnet; lets the user test the system;
includes some basic tests.

Slipnet Unit: Creates basic semantic nodes and their associgt@rexample, a piece can be a
guardian or an attacker--each of these roles lcasrasponding node)

ExternalMemoryUnit: Creates a chess position; includes basic codedoe pnovement,

potential trajectories that each piece might accasd the piece's "spheres of influence”. Includes

code that will attach abstract roles to piecesléach them, eventually--see fig. 8)

WorkingMemoryUnit: Creates the representation for the "ImaginedBoahdt,is, the board in
the system's "mind's eye". Notice that this isemptivalent to external memory. For example,
external memory starts with a complete positiorhwit pieces, while working memory is
gradually filled with bottom-up, data-driven infoation glanced from external memory, or
"imagined”, top-down, expectation-driven trajecésrand roles.

SpecialFunctions Unit:GUI-related; displays only parts of graphics ass@ed with the current
representation of trajectories.

Basicimpulse Unit:Implementation of an abstract class "TImpulse",cuttias the basic data
structures and associated methods for use on rpecifis subclasses.

ImpulseSquareAndPiece UnifThe impulses implemented here work at a low lellebking" at
squares in the board, creating structures in STa/pilece is found, and finding trajectories and
relations between a piece and either a squargiaca.

Abstractimpulses UnitHandles the processing of abstract roles, sucheasote of attacker, or
guardian, or, in the case of a pawn, of a poteptiamotion, etc. Creates the corresponding roles
for further processing.

ImpulseConsiderations UnitThis is the most abstract level of processing ipy®tanca. This
unit attempts to model "abstract thoughts", i.ensiderations which are NOT tied to an specific



piece or square, and are in their most general.fdbme example is: "the only solution to a double
check is to escape with the king". In this examptihing is said about the types of pieces
attacking the king, their positions, the color tisatinder check, etc. Another example, that of a
piece that finds itself having to juggle betweew @ifferent, incompatible roles, are presented in
the sample run detailed below (in the case of thekiking of position 6).

2.4 An example execution

In this section we describe an actual executio@ayyblanca in position 6, a variation of Wilkin1980)
position. This is a much harder position, in félegn that used by Wilkins, with increased seamftid and
breadth. How could a computer understand the ipasitnd escape from searching the tree in ordéndo
white’s advantage? Figures 2—11 provide a catefilt into the intertwined perception and interptieta
processes carried out by the model.

Figure 2. State 11 of an execution of Capyblanew do experts rapidly perceive what is relevantin
position? How can they immediately zoom in theomagmt areas of the board? In Capyblanca, the
mechanisms that enable such behavior are not ébplipre-programmed, but emerge from the
interactions of small, micro-perceptions of codeléit start, the idea is to model the process akithe

first seconds of perceiving a position: the systems only 64 codelets, one for each board square, to
eventually ‘saccade eyes’ (i.e., invest computatfi@ffort, or attention) to it. Since codelets a@awn at
random from the coderack, one might expect thasytstem would randomly scan the board. That is not
the case: the board is usually scanned in a wayd¢bacentrates priority to the “most important” as. If

a piece is found by a codelet, that codelet witkéase the priority given to codelets looking & sguares
that the piece can move to in subsequent momethe glame. To model an ability of peripheral visid
there exists a piece in one of the (at most 8) ruaurrounding a saccaded square, then a ‘shadsw’
perceived (i.e., a representation that somethinmp ithere, but the system is unable at that panstate
exactly what). In figure 4, for example, after cledd 1, we can see some random squares which reare b
saccaded to, and also, a first piece is found, timcreases the urgencies to look at that piecetemtial
trajectories. Two shadows are also found, and tteewurgency to ‘look at those squares’ is increagesd
with humans, unexpected perceptions in peripheisibw bring an urge to focus on them, and this is
reflected in the system by an increased urgentyotoat that square.



Figure 3. Some codelets afterwards, at state 55, all pidngsexcept bishop have been registered. The
system has also perceived a first chess relativan eéf a large empty region of the board—qgiven hmy t
odd-colored squares—remains still unattended. Mg stage, the system is processing information at
different levels, notably five: squares, shadowsces, piece mobilities, and immediate chess piati
Each one of those types of information may triggebsequent codelets and significantly affect the
upcoming processing. This shows how attention iskfuthrown into the ‘relevant’ areas of the board
Herein lies an interesting first point concerninigetsystem: a key mechanism in low-level perception
(pieces on squares) starts from a random ordeegé ‘saccading’, to non-random attention shifts tolsa
the most important areas of the board (as has lde@sumented by Charness et al, 2001). It is an gamgr
effect, a consequence of subtle shifts in urgen@nghe system’s acquisition of information. slhot pre-
programmed a priori and at each run the process$ bel different—there is no efficient algorithm aata
structure to rapidly register the pieces. It idually possible, in principle, that the architectumight find

the pieces only after saccading to all remainingpgnsquares. This theoretical possibility, howewkres
not arise in simulations, and the large-scale, istatally emergent, effect of attention placingasust. In
this run, merely 24 out of the 64 squares have besecaded to’, but these tend to be the most itapor

ones.



Figure 4. State 160: note that the Bishop’s “moves” are naves in the tree-searching sense (with plies
followed by the opponent). Instead, they are iéehto model subcognitive pressures: the firsttifige
seconds one perceives this chessboard and the Bssleonstrained areaAfter duly recognizing the
pieces, but before fully scanning the board, Cagybh has found that the bishop, the most powerédep

in the position, is “trying to get out”, but thatsi mobility is restricted. One information thatdsplayed
on the figure are the trajectories leading to thiagkand to the unprotected pawns. But there are tw
additional types of representational structure aetat this point. mobility and roles. After a géehas
been recognized and (some of) its potential trajges discovered, a ‘mobility matrix’ is construdtéo
account for that piece’s ‘spheres of influence’ @gs the board. This information will enable many
upcoming events, and, more importantly, will restrdne possibilities for consideration (not only that
piece, but also, globally across the board). Ttieeptype of representation structure active asthdint is
that of an ‘abstract role’. For example, the bighig seen to play the role of ‘guardian’ of the wstpcted
pawns and of the king’s square. The current iritgnsf these roles is displayed by the thicknesthef
arrows.



Figure 5. After codelet 220, the white king is found, throughdom chance, to be able to attack the pawn
at E5, and proper trajectories and roles are crehtéNote that the pawn at d4 might also have hahtze
possible candidate, for, at that stage, Capyblahad yet to find that square d4 was protected byl
pieces. The system is yet to find that this nejedtory is not sustainable. In this point, alffdient
hierarchical levels are simultaneously being praesb by the architecture. There are codelets still
‘waiting’ to saccade to square c6, codelets ‘waitino look for a piece’s potential trajectories, aalets
‘waiting’ to create the ‘spheres of influence’ matiof a certain piece, codelets ‘waiting’ to create
trajectory for a certain chess relation, codeletitimg to create a role for a certain type of chesktion,
among others.

Figure 6. After codelet 320, the black king, again throughdam chance, is found to be able to attack the
white bishop. Trajectories and roles are createdote the different boldness in the arrows, indiaat
what Capyblanca perceives to be intensity of theats and defenses. This configuration remains
relatively stable (under slight changes) until clede384, when a furiously fast restructuring of the
perception is triggered by a “local event”.



Figure 7. After codelet 384, the white king’s attack on efoisnd to be easily blocked by the black king,
thus the system has destroyed that role (and assalcirajectory). In the next codelet, though, $lgetem
perceives the potential passed pawn promotion, @aal event” which triggers a fast, global, chain
reaction of repercussions across the entire boafthese repercussions follow very rapidly, so wetmus
“slow down” this narrative to account for rapid ents in between the execution of a mere 5 (or less)
codelets in the following figures.

Figure 8. After codelet 388, the discovery of the major thi@a terms of intensity) emanating from the
passed pawn triggers a search for black’'s potentigérceptions to the promotion. Those triggered
codelets have high urgency and rapidly discovet tha black king is able to intercept the trajegt@nd
defend from the promotion. Again, trajectories aolks are created. But, in this case, the proessdso
perceive that the black king is the only piece dbleestrain the pawn from promoting, and hencedress
the black king’s mobility from squares in whichwibuld be unable to respond to that threat: the klac



king’s spheres of influence are reduced, thereftmea subset of the squares in the rectangle deftme
[c5, h8].

Figure 9. Since the black king, and by consequence the Isigel can no longer attack the white side’s
unprotected pawn, two states later, after code®, 3he roles of ‘guardians’ of the white piecearisto
lose intensity: the black king, now restrained, matn‘go there” anymore, and neither can any othdmdi
piece. In the absence of need, the ‘guardian’satethe white side lose intensity. This triggarsearch
for other relevant roles those pieces might haveteNhat this inference concerning intensity of the
guardian relations is achieved by information presi@g at the abstract role level (the black kinghés
longer a threat). The reader may notice that preaes at these later stages has been triggered gnogtl
‘expectation-driven,’ top-down, codelets: to fineMnroles for the white side’s pieces, for instarnelelets

at the trajectory level and piece mobility leveédriggered.

Figure 10. After codelet 396, all white pieces’ ‘guardian’ esl have very low intensity. For example,
intensity of white bishop’s defense of the g4 peiess than 1/10000 of the intensity of the péaépawn
promotion—the reader should note that an arrow’igkhess display is affected by orders of magnitude.



Hence, the bishop is seen at this point as a pt#dew consequence, with its constrained mobilitg a
nothing to attack in its ‘spheres of influence’.

Figure 11.Nine codelets afterwards, at state 405, the whitg-kfinally free from having to guard from
any impending attacker—rediscovers the potenti@ckttowards the D5 pawn. This time, however,gher
is knowledge of the black king’s attachment tordle of guardian from the promotion, and the piece
cannot assume a second simultaneous role of priegetite white king’s attack. It is at this poinaththe
architecture registers the fact that the joint attaby the white king and the passed pawn cannot be
defended single-handedly by the black king. Intgnsi the white king’s attack soars to a previously
unforeseen level. Hence white’'s advantage becomees, @nd a strategy to secure that advantage has
emerged. The system has achieved, in a mere 4@%ets, an understanding of the global scenaribhe(
execution continues for 300 codelets with this igométion firmly stable—the system stops after stime
with no improvement.) During the process, someomilocal perceptions have triggered global
repercussions which rapidly rearrange the wholewie

Significant conclusions may be drawn here:

0] The architecture is rapidly drawn into the ‘relevgrarts of the situation, and attention to
irrelevant parts is scarce;

(i) The emergent process negotiates between top-dowmedttion-driven) and bottom-up
(data-driven) processes, and does not fall preydombinatorial explosion;

(iii) Strategically similar chess positions can be exgldirom the point of view of sets of abstract
roles

(iv) For deep understanding of a scenario, the abgiraistthe most efficient level of description

The following section elaborates on some of thasetg’ implications.

I1l. Discussion

This paper has presented the Capyblanca projettess model based on the idea that analogy ligeat
core of human cognition (Hofstadter 2001). Capytéais a psychologically plausible, multi-leveled,
(simulated) parallel computational architecturearfdtg from isolated pieces found in random squaites
gradually converges towards a context-sensitiverfmetation of the global scenario. The architectur
displays (i) a high degree of ‘entropy’, continyatbnstructing and destroying structures; (ii) ghhilegree
of parallelism, with both bottom-up and top-downogesses running concurrently; (i) concurrent
processing distributed over multiple levels (piepesceived, distance relations, chess relationstradti



roles, etc); (iv) and “vagueness” brought by cambins degrees of intensity of abstract roles. dtgally
builds an abstract representation, based on tles mérceived, which gather knowledge about what may
happen in the position. We have presented a deétaie of the system in position 6, which is
combinatorially demanding. This initial project & step towards a long-term understanding of four
landmark problems:

(i) How do chess players concentrate attentionelevant aspects of a situation?

We propose that players are primed to find relevaiormation very rapidly, as they perceive the rgdoa
Capyblanca models this by placing higher urgentegi) processes triggered from new bottom-up
information, and (ii) top-down processes with highmputed intensity. The architecture is rapidlgvan
into the ‘relevant’ parts of the situation, anceatton to irrelevant parts is minimum. There iswBver, a
constant exploration of alternative “counterfactugathways. We believe this wasted effort is
psychologically plausible, as a part of the primgrngcess itself.

(i) How do humans avoid the combinatorial explosio chess?

Capyblanca does not compute the chess tree. thdtea system gradually builds an interpretatiora of
position, based on various types of informatiore¢ps, trajectories, mobilities, roles, etc.). ttempts to
synthesize information into abstract form: “ThadX king is not able to defend simultaneously fribre
passed pawn and the upcoming white king threathis Type of information encoded as “roles” is
generalizable, by changing the pieces involvedheeidoes it concern the accidental trajectorigslired.
The system, therefore, attempts to find the essehtlee strategic situation—exactly what enablesans
to play without facing the combinatorial explosidmstead of a tree-search process, in Capyblaticagd
cues lead to proper responses, by activating césieeql top-down expectations likely to be relevarthe
situation at hand.

(iii) How do humans perceive similarity at a strgielevel?

Strategically similar chess positions may be exgdiby looking at the configuratiofiom the point of
view of sets of abstract rolesor deep understanding, that abstractiorthis most efficient level of
description While a skeptical reader might consider that phecessing of botlrajectoriesand ofroles
may be redundantly inefficient, that is really tlod case. It is crucial to processthtrajectories and roles.
The distinction is an important one. Because &qudar trajectory is bound to a set of squareis ot an
adequate structure to either perceive the situatiombstract terms or to generalize to other sipalty
different but strategically similar scenarios. j€rories lead to chess relations, but are diffiefeam
them. Chess relations are independent of locatmsof particular squares of a trajectory. Anéssh
relations are subtly different from abstract rolesCapyblanca’s evolving interpretation of a piasit roles
emerge gradually from the set of chess relatiopghe process of continuous re-evaluation of thenisity
of each relation.

This is a distinction, not an argument. By struciy information in terms of abstract roles it issgible to
obtainabstract representational invarianceConsider, for example, the notion that, “undeloable check,
the only response is to escape with the king”.sTution is generalizable to an immense set o&sdns.
It would be unthinkable—or at least computationafiyactable—to try to describe it in terms of pautar
pieces, particular squares, and particular trajeeto The most efficient level of description iset
abstraction “piece A has a role of attacker towaidse X", “piece B also has a role of attacker dods
piece X", and “X is a king”. It is irrelevant famderstanding, and inefficient for processing, wigpe of
piece A and B are, what their mobilities are like,even which squares they occupy. Therefores it i
imperative, for an architecture with the ambitiomntodel human understanding of a chess positions¢o
different representational structures to accounttie trajectories involved in chess relations, aeparate
structures for the abstract roles that are foundetoelevant in a particular position. Deep uniderding
arises by recognizing a familiar, previously seeonfiguration of abstract roles. For understanding
scenario, the most efficient level of descriptisrgiven by a combination of abstract relations esenting
the most important roles objects play. By reasorinhthis level, the system is able to perceive agiak
between dramatically different scenarios (Linh&@88). This enables the eventual emergence ajtzag!



meaningful, understanding of the constraints andiksues underlying the strategic situation onedae
and leads us to our final claim concerning the itgcture.

(iv) Finally, how does the system acquire a stdteneaningful anticipation on how the global scepari
may evolve?

Capyblanca acquires, during a run, a large numbeorstraints concerning the situation at handm&of
these constraints concern, for example, mobilita giece. Mobility of any given piece is not stet the
current chess position. It dynamically changeg ttunew information. For example, the black kisg
constrained to a small area of the board aftesyiséem perceives that it is the only piece withrible of
intercepting the passed pawn. This triggers ndarimation on the other side of the board. Sineeltlack
side lost its only piece with the abstract roleaopotential threat, all of white’s pieces that aeen as
guardians (from such potential attack) lose thesesr This eventually leads to a new role for hgte
king: to move across the board and threaten blagiisn. With this multiple-leveled processing, the
system is able to grasp the affordances that eiacl,por a combination of pieces, may have. Iblsthe
system to anticipate moves that may follow.

3.1 Generality of the model, and how to measure pelgological plausibility.

If Capyblanca were aad-hocsystem tied exclusively to the chess domain, iildde hardly interesting as
a cognitive model. However, it should be noted @apyblanca is one project out of a family of citiga
architectures (Mitchell 1993, Foundalis 2006, Hadser and FARG 1995, McGraw 1995, Marshall 1999,
Rehling 2001, French 1995). Perhaps these architesctmay enable us to propose a definition of
“understanding”, and, as such, refrain from usingtgs with the term. An analogy may be of use .here
Consider, for example, a light cone in physicsdéfines a clear boundary, as there can be no ¢amisat
between an observer and events outside the ligie.cdVe may define understandingraevance within

an information-processing congiven a representational state at any pointnretithe relevance of the set
of possible future states of a cognitive systemingefthe understanding, the level of meaningful
anticipation, of the system (this notion is closahte memory-prediction framework sketched by Haski
2005). Understanding is not a property of a paldicstate, of a particular representation. It gg@perty of
aprocessIn Capyblanca, at any point in time, there ardways the system can follow and pathways the
system cannot follow; the more relevant the stateiss trajectory cone, the better understandinghef
scenario at hand.

In the appendix, we propose that the criteria f@asuring advances in cognitive chess models sHmuld
process-orientedas opposed to solelgutput-oriented Instead of measuring scientific progress by
studying moves proposed and quality of play, we mapt to study the particular processing pathwhsgs t
architectures go through, and compare those tonsahis. Careful manipulations enable us to keep the
models constantly close to the goal of psycholdgidausibility. Processing pathways change rapidly
under such manipulations, and those changes,dfraffected on human players, can teach us a lmtitab
the nature of our own cognition. We thus propastake ‘output’ from its prominent current standimng
favor of information-processing trajectories. Thfrmation-processing pathways, tinajectories are the
major results.

In this family of architectures, there is a higlgee of parallelism, some of which is bottom-up dath-
driven. Registration of bottom-up data leads tpeetations and hypothesis (i.e., a bishop primglayger

to hypothesize about the contents of the diagondt®nce, there is a number of simultaneous toprjow
hypothesis-driven, processes attempting to gatlwee mmeaningful information concerning the scenatio
hand, and to constrain the plausible courses adracA result of this is that the representatioefisergent,

and cannot be traced to any single, or even toa set of, individual processes. Another consegads

that of improved robustness of the system: if, gt @oint, a process has not gathered a meaningfoé f
information, which should radically alter the hypeses and expectations (and therefore all subsequen
processing), the architecture may still be ablsuddenly obtain such piece of information and &igipe
necessary chain reaction. Erroneous, irrelevantiriterfactual” pathways are always being explongd b



some codelets, but generally self-correct rapi@lgnsider, as an example, the white king’'s attaddr fio
the architecture’s perception that no black piemddintercept it (Fig. 5).

3.2 Current limitations of the architecture

As of this writing, the system is, like the origir@opycat project, unable to learn (Linhares, 2008%
objective is solely to model human perception amiiiive understanding of a chess scenario “in an
individual agent at a particular time” (Chalmersakt1992). If one were to ask how the system rwde
chess expertise, the answer is: it does not.

Currently, top-down expectations need to be expligirogrammed. The system is unable to acquive ne
strategies; therefore it cannot play a full gameluéss. A full rewrite of the system is underwapijch
should in theory enable Capyblanca to acquire,ndua game, new types of roles, new sets of roles in
combinations, and use them in upcoming games. Memy¢éhe mechanisms for such an architecture have
numerous design decisions, and are daunting réspasblems in their own right.

Yet, despite its current limitations, it would beemature to dismiss the current model as not woothy
scientific interest. José Raoul Capablanca regbriearned to play chess by watching his fatheyplHe
won his very first game, against his father; andwen to become world champion. While we do not
intend to have a world class chess engine, we teabétter understand human cognition using chess as
domain. Four years in development, the Capyblgrogect may be, we hope, a starting point in fully
addressing this goal. The general theoretical gpies given here should be able to account for eigme

as the higher the skill, the more relevant theestan the trajectory cone, and the greater undetstg
exhibited by the system. Capyblanca accounts fimeraspects of human thought in chess than any othe
model we are aware of, for we propose that, afterdpening of a game, analogy lies at the cordhess
thought.



Appendix. Why a cognitive chess model should not bevaluated by the quality of proposed moves,
but by the psychological plausibility of the proces.

If our objective were to create a world chess cHamgomputer player—as it has been for 50 years—,
how could we evaluate progress towards that gda¢®v could we know whether a new proposal was a
scientific advance? The historical answer has bekwiously, to look at the results obtained, intg of
quality of play. How well does the new evaluatfanction play in comparison to the old one? Howcinu
performance can be gained by a parallel implemiemat How much can be gained by specific hardware,
by a new pruning strategy, and so on? By lookintha results obtained, it has been possible topeoen
alternative approaches. Coupled with Moore’s (39@%/, the comparisons between different outputs
stemming from different pruning techniques, evaarafunctions, parallelization strategies, and oost
designed hardware led, after decades of effordep Blue's stunning success. Most research haxs, be
up to now, “results-oriented”.

That, in itself, is not problematic—what is probkic is the idea that output can tell the wholerysto
Some methods for analyzing the outputs of cognitiaglels have been proposed by Hofstadter and FARG
(1995, p. 363—364). Here we adapt those for tlse od chess-playing programs, and propose some new
ones. Consider, for example, comparing a set afegiies obtained by the program in a particulaitioos

with those obtained by humans of comparable ELDgat

0] The strategies that the program comes up with @alhethose with high frequency) should
almost always seem plausible to people of a spdeifiel of play;

(i) The program should occasionally come up with in$iglor creative strategies;

(iii) If a given strategy seems obvious to most peopk it should be obvious to the program
(and crop up with high frequency);

(iv) If a given strategy seems far-fetched to most pedpkn in the model it should crop up with
low frequency;

(v) If a given strategy seems elegant but subtle tot jpesple, then in the model it should crop

up with low frequency;

(vi) If a strategy is considered ugly by most peoplentiis quality should be rated low by the
program;

(vii) If a strategy is considered elegant by most pedbpé its quality should be rated high by the
program;

What if, instead of striving to devise a world ch@am, what we strive for is a computer that “thihkke

a human player, that “understands” a position withebmputing its search tree? In this case, whad tf
data should we look for as a guide to serious $fieprogress? Output comparison remains importauat

it may not tell us much, since that output, in foem of a move (or a longer-term strategy), coudtvén
been obtained by an information-processing methfierent from that of a human. Deep Blue couldgas
tests (i)—(vii); but there are tests of psycholadjiglausibility that it could not pass. How can exaluate
psychological plausibility? If a computational laitecture is aimed at genuine intelligence, how waen
evaluate it as such?

An answer is to studthe process We can focus on the process through which tbgram acquires and
transforms information. We should not only looktla¢ final output, but at the steps through whicé t
system passes to obtain that output. The prooe#ise trajectory of information-processinghould be the
key data to be compared to human beingdnstead of beingesults-orientedor output-orientedwe may
be process-orientedfocusing on thénformation-processing trajectories

! Note that processing time is not an issue herehaps a realistic computational model of the hummémd may be
much faster than a human, perhaps much slowerce Qirocessing times have been, and will probahfyicoe to be,
increasing exponentially, it is almost a tautolagistatement that, one day, humans and machineshe; have, or
will have, comparable speeds when undergoing the gaocess. In the proposed architecture neitredspor quality
of play should be an issue. The real issue shbeidioes the system realistically model how hunthimk, given a
specific level of play?



Architecture’s trajectory Architecture’s trajecjo

Human Positive/positive Negative/positive
trajectory (viii) The pathways taken to a given
strategy should seem plausible frgqm  in positions that humans usually blunder,
a human point of view; the reasons for such errors could |be
(ix) The spectrum of strategies that studied, and the program’s trajectories

people come up with should in large  could be evaluated: do the program’s

part be accessible to the program (in  trajectories also misjudge some sultle

the sense that there should be sgme pressure? Do they also ignore important

theoretical pathway that could lead information? Was the process (or could it

to it). be) led astray for similar reasons than
(X) As a situation is gradually tweaked those under human processing?

in a series of stages that, to people,

clearly strengthen the pressures for

certain strategies and weaken those

for others, the program’s frequencigs

and quality judgments should reflect

this tendency;

Human Positive/negative Negative/negative
trajectory
(xi) When various key features of the  the architecture should not spend effort
architecture are disabled (or considering moves of “completely
“lesioned”) by taking them one by irrelevant” pieces;

one out of the program, the behavior  the architecture should be able to go
should degrade in ways that reflgct  through the same information-processing
the theoretical role that each featyre  trajectory, and “ignore” a “completely
was intended to play; irrelevant” piece, if it is deleted from a

A certain trajectory, which the particular position;

computer could not, in principlg
have processed, is said to have
occurred to chess players. Humgan
players should then evaluate
whether or not that seemed an idea
which they themselves had (or codld
ever have) subscribed to, when
processing the position;

There are four possible cases for analyzing thermétion-processing trajectories: We can eithke t@
“positive sample” (i.e., data) from either a hun@ma program; or a “negative sample” (i.e., a oaljitr
manipulations from humans or programs. This leéadeur cases:

Positive/positive criteria are those cases in whitless players study the trajectory of information-
processing of the architecture and mention thatglezess seems plausible and sensible. The same
sequence of perceptions and concept activatioesb@ew) should lead to a process in which pressare
registered, then vaguely and gradually sorted oithich pressures are crucial? Which are irrelevant?
Which pressures stand in between high and low itapoe? Do humans agree with the computers’
assessment of those pressures? Do these judgseemntspsychologically plausible?

We know, for example, that humans do not searcly#ime tree, and “think ahead” rather sporadicaléy (
Groot 1965, Gobet 1998, Gobet et al 2001, Klein99Strong evidence points to the fact that higrele
chess playing comes from a deep, meaningful, pgacepf a position (Chase and Simon 1973, Gobet
1998, Linhares 2005, Linhares and Brum 2007). Phixess of understanding of a scenario is extiemel
fast and robust, to the point of making delibersiténking ahead” processes unnecessary: Consider,
example, the case of Ron "Suki" King, a world clegskchampion, which played in 1998 a simultaneous
game against 385 opponents. He beat them all (M26@2). Suppose he had an average of 2 seconds for
each position. A mere two seconds; barely enough td look at the board, have an initial idea, thretke



a movement. That would give each of his opponeBtmihutes and 30 seconds to consider the reply. In
Chess, José Raoul Capablaneace said: “I see only one move. The best one”cofputer architecture
should model the intuitive perception process tmpaaot for these facts.

In the positive/negative test, a manipulationttd computer procesis made. A particular trajectory,
which the computer could not, in principle, havegassed, is said to have occurred to chess players.
example, in position 6, players could be told tha&t program moved the bishop to protect the g4 paan
movement which the program, after perceiving trelassness of the bishop, should not only disredmard,
never really entertain in the first place (seeisacB.3 below). Chess players should then evavhither

or not that seemed an idea which they themselvdsshhascribed to, or could ever, when processing the
position. Moreover, as proposed by Hofstadter BARG (1995) a computational architecture may be
‘lesioned’ in order to probe whether its parts ied@re responsible for some particular behavior.

In the negative/positive test a manipulatiortted human process made. How can that be done? First, by
selecting positions in which humans usually falbrshof responding adequately. Suppose, for example,
that, for a particular level of play, a large numb&human players ‘fall’ for a certain blunderancertain
situation. Let us consider a specific example iguFé A1—which may or may not be representative of a
large number of expert players, yet, is an undedsthle mistake (for humans).

Figure Al. Batuyev versus Simagin, in Riga, 1954. Simagiplager of extraordinary skill, playing
black, committed a blunder which no tree-searchimgchine ever could. With material advantage of a
passed pawn, it seemed that Simagin could handl@aing endgame. However, in rush to promote, he
played pawn to e2. Since his material advantagesisted on the passed pawn, one can only resoritite w
Simagin’s attempt to promote. This led to a matéhmee: white queen to gl check, king escapes to d2
white queen to c1 check, king escapes to d3, qoeehcheckmate.

Vladimir Simagin fell for the blunder (as do manther students of the game) because his trajectbory o
information processing is, at one point or otheisguided by some erroneous distraction or judgmemt—
this particular case, an overconfident rush towgsdsmotion. Note what we mean by information-
processing trajectories: could a tree-searchingpeen ever fall for this blunder? Since this ishallow
mate in three, there is no computer program ofctimeent tree-search paradigm that would ever il f
such mistake; a small tree search leads to pepfagt In the negative/positive quadrant, the raasor
specific human blunders could be studied, and tbgram’s information-processing trajectories colbéd
evaluated taking this data into account: do thepatars’ trajectories also misjudge some subtlegures?
Do they also ignore important information? Was phecess (or could it be) led astray for reasomslai

to those underlying human information-processingvéSand Linhares 2007)? Only by carefully
comparing human information processing trajectonith those trajectories obtained by computers wél
be able to evaluate significant advances towardsige intelligence (Linhares 2000).

Finally, there are negative/negative cases. Thi®igghly, the situation that we have at this histd point

of research, as computers exhibit trajectoriesIhigdifferent from those of people. Here we cantskar
manipulating people’s processes. Suppose, for pkeanthat chess players are asked which pieces are
irrelevant in a given position, and they agree s@mhe pieces are completely irrelevant; and thaseh

2 For this and for other remarks, we have namedanchitecture as Capyblanca, a blend of Capablandatte
Copycat Project (Hofstadter and FARG 1995, Mitclaeltl Hofstadter, 1990, Mitchell 1993), from whit¢hborrows
key ideas.



pieces are never considered in their thought pseses How can we test that? This task is easyely t
mention that a piece is “completely irrelevant”, ean take the piece out of the position, and askthow
they would deal with this “new” position—does ariyihh change? For example, suppose that a program
from the traditional tree-searching paradigm ad¢yuspends computational effort considering moves of
those “completely irrelevant” pieces—that would be blatant failure of this test. To pass the
negative/negative type of test, a computationdligecture should not (i) spend effort consideringves of
“completely irrelevant” pieces, and (ii) should pesd in the same way, with the same information-
processing trajectory, if a “completely irrelevaptéce is deleted from a position.

To summarize our methodological standpoint, if waentvto understand genuine intelligence and human
understanding, instead of being solebytput-oriented we should beprocess-oriented Table Al
summarizes these arguments for studying the infbomgrocessing trajectories. The bulleted points a
original arguments developed here, and points nomebévii)—(xi) are adapted from Hofstadter and
FARG (1995).
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OUTLINE OF CHANGES IN RESPONSE TO THE REFEREES QHET
“SPECIAL ISSUE ON ANALOGIES” OFCOGNITIVE SYSTEMS RESEARCH

A previous version of this paper has been submittethe “special issue on analogies” of the Cougaiti
System Research Journal. Though one referee reended publication without revision, unfortunately,
the previous piece did not provide enough detadiscerning the architecture’s implementation, which
were deemed essential in order to reproduce thétsgsresented here. Hence, by freely distributimg
source code of the project, we expect researchdre tble to not only reproduce these resultsalset to
attempt design decisions which have not been eggloiThe code is available under a GPL licensechvhi
means that improvements and forks must be pubbeigilable. We hope these steps, alongside the
inclusion of subsection 2.3, will satisfy the referthat declined the manuscript for publication.



