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Abstract

Kugele Sean ChristophePhD., The University of MemphisMay 2023. Embodied,
SimulationBased Cognition: A Hybrid ApproacMajor Professor: Stanlely. Franklin

Embodied cognition is paradigm in cognitive scientkat emphasizes the fundamental role of
bodies, environmental interactiorsgtuational contextsand sensory and motor systems in
cognitive processing. Much of the research in embodied cognition has focuselthen

cognitive activities (such as reactive, overt behaviors) thataeetly coupled te@nvironmental
stimuli. Such research fails &xplainoffline cognitiveactivities(such as planningleliberation,
andmentali magery) that are spatially or temporall
experiencesEmbodied, simulatiofbased theories of cogniti@attempt tcaddresshis

shortcoming by proposing mechanisi® modal simulationd by whichsensory and motor
systemgandirectly supportoffline cognitive activitiesHowever, while purely modal,
simulationbased theories, such as perceptual symbol systems, have more explanatory power
than their purely online counterparts, they also suffer from their own shortcofmimese
includelargely untenablexplanatios of abstract concepts and a conspicuous lack of well
specified and weltleveloped computational models. To address these challenges, | develop a
hybrid (modal/amodal) account embodied, simulaticibased cognitinbased on aeure
symbolicimplementation of the LIDA cognitive architecture. lityplementatiorfocuses on (1)
groundedmultimodalperception and perceptual learniigg) action selectioand procedural
learning and(3) mental imagergnd simulatiorbasedeasoningThisaccountadvances | DA O s
conceptuatommitmens to embodied principles and grounded cognitmmtributes to the

ongoing scientific discourse on embodied, simulabased cognition; and advanees

Vi



computationaframeworkfor realizing simiation-basedautonomousagential software

systems.
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Chapter 1

Introduction

| date the moment of conception of cognitive science as 11 September, 1956, the second
day of a symposium organized by the &édSpeci
[ MIT] ... The morning began with a paper by

(Miller, 2003, p. 142)

From its inceptiongognitive scienceandartificial intelligence (Al) hae existed in a symbiotic
relationship Practicalapproachgin Al haveinspired newcognitive theoriege.qg., the
computational theory of mind and connectionis8ijnilarly, scientific discoveriesbout the
mechanisms of natural mintiaveinspired new engineering practis¢e.g., convolutional neural
networks and reinforcement learninghis dissertatiorexemplifiesthe mutually beneficial
relationship between cognitive science andlAlesignintelligentsystemsased on cognitive
theories and | attempt to understatieé principles and mechanisms governiagural minds by

engineeringandstudyingartificial minds

Cognitive theoriesreattemps to explicatehow mindswork. They make claims about
the existence and properties of mental representations; the innate or experiential basis of
knowledge; the relationship between mind, body, and environ@r@hthe nature of thought
and cognitive processes (among other thinfss manuscripfocuses on a specific class of

cognitive theorieshat| refer to aembodied, simulaticbased cognitiorisee Barsalou, 1999,

1 Cognitive sciencés an interdisciplinaryscientific effort that seeks to understand minds and cognitive processes.
Cognitive scientists have traditionally come from psychology, computer science, neuroscience, philosophy,
linguistics, and anthropologgee Miller, 2003)



2008, 2010; Bergen, 2012, 2015; Gallese, 2005, 2007; Goldman, 1992, 2012, 20132@4ish,
Jeannerod, 2006; Rizzolatti et al., 1996; Rizzolatti & Sinigaglia, 2016; Shanton & Goldman,
2010; Zwaan, 2004Embodied, simulatiofvased theories of cognitidall within the broader
paradigm oembodiedcognition(EC), which emphasizeminterdependence between minds,
bodies, environmental interactiorasd situational contexté central tenet oEC is that
Acogni ti on (M Wisoh,002, p. 633) thee pverriding purpose abgnitionis the
production (i.e., selection and execution) of acti@granklin, 1995, Chapter 1@&nd answering

the question AiWhat do | do next ?o0

Researctwithin the ECparadigmhas focused oaxplaining mindsisingonline control
processesThese processes are said talbectlyic oupl edd t o an environme
world). Online controprocesses operate by mappthg current and immediate sensory inputs
(environmental stimuligvailable tca cognitive systento motor outputs (overt behavior3hese
ibehavi or gen(@ndakg 1990gp. Ire chardcterizadl as being situdted
reactive, and requiring little cognitive processimpey arealsooften describeds beinghon
representationgkee Chapter 2While these perspectives are importamngws of cognition that
only includeonline control processéail to explan cognitive activitieghatseem to be
fidetached from immediate sensory inputs and motor activityeseactivities includgbut are

not limited to)planning, reasoning, introspection, problsoiving, andnental imageryas well

2 Situated cognitioms a school of thought associated with the embodied cognition paradigm. Roth anq2iBgt

stated that the central hypothesis of situated cognition is that intelligent behavior arises from a dynamic coupling
between individuals and their environments rather than from thagtsi{e.g., brains) only. According to this view,
information does not exist in minds prior to environment interactions, but, instead, emerges from those interactions.

2



as more pedestrian ones like the recall of {targn memories and daydreenm. In these cases,

offline control processes appear to be needed

Embodied, simulatiofbased theories of cogniti@itempt toaddresshis shortcoming by
proposinga mechanis by whichoffline controlprocesses can take on an embodied and
fisituat e drbatmeschanism sangorimotosimulations mental simulationsbased on
the (re-)activationof sensorimotor systenand theirgrounded(see Chapters 2 ai@)l
representational derivatives other words, the cognitive subsystems most directly responsible

for interfacing with the worldwre recruited when reasoning about the world.

Perceptual Symbol Systems

B ar s a(1969y2D@8, 201Gheowy of grounded cognitiod known asPerceptualSymbol
Systems(PSSP is arguablythe most influential and wetleveloped theory admbodied,
simulationbased cognitionAccording tathis theory the patterns dineural)activation that
occur in sens@motor systems during perception and action can be learned inttelong
memory (alb# in a partial and attenuated fornif) later recalledrom longterm memorythe
associatedre-)activationsof sensorimotor systentan functiorasperceptual symbols

groundedmentalproxiesfor entities objects, and events the world

Barsalou(1999)characterized perceptual symbatsbeinganalogicalandmodal® They

are analogical because they share properties aiitin some way resembligeir originating

SConsciously accessed men tmartalimadgead | an idrtivetprecesses r ef err ed
associated with them are col [seeKosslyn,eld; Kosadyhetal.r20@) t o as
Mental imagery and imagistic processes the topics of Chapter 7.

4 Theserepresentationglropertiesare discussed idetail inthe Appendix.

3

=13



sensory and perceptuahental)statesTh ey ar e modal because fAthey a
same systems as the per c(BastlaualD99,p.t5a&8)@ewvert hat pr
they are oftemultimodal accounting for content originating in multiple sensamg motor

modalities.

Perceptual symbolthat correspond tmstances of the same concefa.g., categoes of
things)caneventuallypecome integrated in®mulators Smulatorsare described by Barsalou
as combinatiosiof generative processesmpirical knowledge, and genetic predisposititras
allow an individual to adequatelgpresent conceptiuring offline cognition(Barsalou, 299,
sec. 2.4.3)Specifically, simulatorgeneratdmodal)mentalsimulationsof the conceptghey
representThesemental simulationsanthenbe integratedvith othermentalsimulationsto form
rich, contextualized, virtual scen@se., situated conceptualizations; Barsalou, 2016hjically,
the same perceptualqeesses that operate externalenvironmental stimuli must be able to

operate orthesenternalvirtual scenes

According to Barsalad £1999)theory, groundedepresentations andentalsimulations
are sufficient to i mplement a Aful |l gmoflabnct i on
(ungrounded) symbols, such as thosedus classical symbolic Adnd related cognitive theories
(e.g.,the computational theory of mind [CTMhdlanguage of thought hypothesis [LOT e
Chapter 2) Specifically, Barsalo(1999)claimed that gerceptual symbol systegan, in theory,
supportthe following cognitive functionghe distinction betweetypes(i.e., categories) and
tokeng(i.e., instances of categoriesptegorical inferencéi.e., assigning categorical
membership to instancegpmbinatorial and recursive productivifye., binding and nesting

concepts within cacepts to generate new conceptual structupeepositions andabstract

4



conceptsWhile Barsaloy1999)provided an intriguing, albeit extremely hi¢gdvel argument to
support each of these, his account of abstract concepts is arguably the weakest hispect of

theory. Consequentlyit has been the subject of a great deal ofatsith and controversy.

On Abstract Concepts

Abstract concepts are notoriously difficult to explain in terms of embodied prindjuasrete

concept{ such as chairs, cats, and bicycles) have
perceived with oures n s @arghi et al., 2017, p. 1)n contrastabstract concep{such as

truth, time, and transfinite numbers) lack bounded, perceivable refetaves. these definitions

B ar s a(1969)parsly perceptual and empirical accoohtibstract conceptaeets immediate

resistance

Briefly, Barsaloucontendedhat abstract concepase alwaygroundedsee Barsalou,
1999, p. 577andcanbelearned via threeognitivemechanismd framing, selectivity, anthe
use ofintrospective perceptual symbdiee Barsalou,999, p. 60Q)He describedhis empirical
learning procesas follows First, abstract concepts are framed agasstnulated background
event sequenc&econd, selective attentiatentifiesthe contentorresponding tthoseabstract
conceps aganstther simulatedoackground. Finally, introspective states and proprioceptive
eventsare incorporated with thegerceptual symbeifor thoseabstract concegteventually

culminating in simulatafor those concepts.

Unfortunately, his idea seemiBawed in principle, regardless of the specific perceptual
mechanisms involved. one peecommentatoobservedita b st r act concepts ar
associated with any particular event sequences or introspeati@nisson, 1999, p. 631n

another peer commentaripomelastated,



[ Bar s pdroepiual shory of knowledge is not very convincing regarding abstract

C 0 n c e [pecauseihere exists a kind of knowledge that must be amodadsence:

the knowledge about a world which is qualitatively out of reach of our séhseans

do not possess perceptual mechanisms for perceiving electromagnetjdftields

exampleg How such knowledge is construrgted is

(Toomela, 1999, p. 633)

Other peer commentaries such as one by Adams and Campbell
account of abstract concepts fdilscausé by definitiord there are no perceivabdxemplars

for abstract conceptBor example, how does one simulate and perceive the differences between
fichiliagon® (1000-sided polygonsandfimyriagon® (10,000sided polygon® How does one
simulate or peceiveit he i nfinity of parall éAddamk&nes i n a |
Campbell, 1999, p. 618)These concepts appear to depemdmodal definitionsSimilar

arguments have leathersto contendhat abstract and concrete conceptsd#ferent in kind

requiring diferent representational framewoi{rutch & Warrington, 2005; Dove, 20Q$nd

there issomeneuroscientific evidenchat has been interpretedsupportof this claim(e.g., see

Binder et al., 2005; Desai et al., 2018; Wang et al., 2010)

Barsal ouds more r ecent foousaway fronséhe corctete e mpt e d
versusabstract concepal dichotomyFor example, Barsalou et §2018)stated five
increasingly doubt whether terms | ike 6éconcre
i nformative i n (Baesalauetialh20h8gp.,Bnd they sugdesemacing this
distinction with other conceptual dichotomiee . g . , Aexternal 6 versus fi

elementsands i t uat i onal el ement s 0 )Wleletiseseddeas mdyu at i 0 n e

6



prove to beuseful,they do not obviate the needearplainthe nature o€oncrete andbstract

conceptsor the need to understatiekir acquisition and processing within cognitive systems.

Arguably, Lakoff and Johnsqri999, 1980/2008)rovided the most compelling
embodied account of abstract concepts. They sugstt we think about abstract concepts
through metaphors and analogies with concrete concepts. Thinking of time in terms of motion
(At fleslei ke an arrowo), or simil ari tgloserim ter ms
col or t o r ecdategofieaintering ghgsicdic,o narai ner s ( Aihimmans ar

the genus Homoo) are examples of this metapho

While Lakoff and Johnson atsdoubtedlycorrecd humans often use analogical
thinking when grappling with abstractidrthis isstill not the whole story. Humans also have
capacityto learn, use, and communicate abstract concepts in the abseelexaftconcrete
metaphors. This frequently happensabstracdomains such as mathematias$ere many
concepts can only edequately expressed by their relationship with other abstract concepts. If
analogies between abstract and concrete concepts do emerge, they often reflect deep insights that
only come from rare genius or following extensive experience (such as thosefdssipnal

mathematician)A more expansive explanation of abstract concepts is needed

On the Need for Computational Accounts of Embodied, Simulation -Based Cognition
Abstract concepts asi de, B ar s adagualdythe moste or y o f
comprehensive and compelling simulatiossed cognitive theory to da#nd yet, despite its

conceptual appeal aide growing neuroscientific and experimental supportmany of its

assertiongsee Barsalou,2008) t he computati onal mechani sms f o

vision have remained elusivBarsalou2009)stated,
7



Perhaps the most pressing issue surrounding this area of work is the lack of well
specified computational accounts. Our understanding of simulators, simulations,
situated conceptualizations and pattern completion inference would be much
deeper if computational accounts specified the underlying mechariansalou,

2009, p. 1287)
Pezzulo et al2013)reiterated this urgent need for computational accounts when they stated,

Despite its growing popularity, the full potential of [modal, grounded cognition] ¢tas n
yet been demonstrated; and this is not only a matter of obtaining new empirical
demonstrations of the importance of grounding for cognition. The framework is
empirically wellestablished, but the theories are relatively underspeciiegial
breakthrogh might result from the realization of explicit computational models that
implement grounding in sensory, motor and affective processes as intrinsic to cognition

[emphasis added]Pezzulo et al., 2013, p. 2)

Unlike the computationaheory of mind, which has wedlstablished mechanisms in classical
symbolic Al and connectionist systems (see Chapter 2), theoreshafdied, simulatictvased

cognitionare still searching for their computational footing.

A New Hybrid Account of Embodied, Simulation -Based Cognition

To address these challenges, | develop amgwid (modal/amodal) account eimbodied,
simulationbased cognitiobbased on aeurcsymbolicimplementation of the LIDA cognitive
architecturgFranklin et al., 2016Neurcsymbolic systems combine neural networks and

symbolic Al. A sentiment shared by many researchers (including myself) is that these systems



have the potential to be more robust, transparent, interpresatleapabléhan techniques
based solely on connectionist or symbolic Al alng., see Garcez & Lamb, 2020; Mao et al.,

2019; Marcus, 2020; Sarker et al., 2021)

Onecommonneuratsymbolicdesign pattern uses neural networks to transform non
symbolic inputs (e.g., images) into symbakpresentationg.g., wordswhich are then
manipulated by a symbolic reasoning syst&autz (2022)referred to this asi@Neuro |
Symbolic systend®. The neuresymbolic implementatiopresented hereould be seen as a
variantof this basic desigrhowever, it also deviates from that design by emplogingn
symbolic(imagistic) reasoning syste(eee Chapter 7anda combinedgymbolicandnon
symbolicassociative memorthat is grounded ia multrdimensioml latent vector spce(see

Chapter 5)

Throughout the remainder of thisanuwscript, | will refer to the cognitive theory
developedhereaseES-Hybrid (Embodied Simulatiofdybrid). ES-Hybrid draws a great deal of
inspirationfromB ar s al o u &PerceptiaBymbolySystemEPSS) Indeedjt developed
out of an initial effort to implemera perceptuabymbol system within the LIDA(Learning
Intelligent Decision Agent; Franklin et al., 20I@)gnitive architecture; however, in doing so, it
became c | e ar theory etld oBlyasersaa dpartial Gcsountof cognition.In
particular P SS6s i nability to provide asindieattivegfaat e ac

deepetheoretcal limitation. Unfortunately, hisissuecannot beaddresseavithin the confines of

5K a u tckafasterization ofleuro | Symbolicsystemss consistent with the hybrid (symbolic/connectionist)
architecture suggested by Harr{@990)as a solution to the symbol grounding problem. Both this architecture and
the symbol grounding problem are discussed in Chapter 2.
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that theorybecausdarsalou expressly eliminatédsat which is neede@modalrepresentations
Addressing thisssuerequires anybrid (modal/amodalpccount otognition.Furthermoremany
researcher@ther than Barsalodjave made important contributiottsembodiedsimulation
based cognitiofboth experimentally and theoretically). For exampégnnerod &theory of
motor cognitiol (see Jeannerod, 1995, 2001, 2008&%particularlyinfluential in the
implementatios of action selectiomnd actiorbased mental imagedeveloped herésee

Chapters 6 and 7)

While there are many aspecdisES-Hybrid that need to be addressed work here

focuses on several foundational conceptual and computational:issues

(1) groundedmultimodalrepresentatios andbottomup perception

(2) an implementation of action selection and procedural meroonypatiblewith
simulationbased theories of cognitipn

(3) thefundamental operations of mental imagery and imagistimitive processesand

(4) amore complete accounf abstract concepts

Other contributionsinclude d vanci ng LI DA édprdacaedyrdl leammeygnt at i on
motivational learningaction selection, grounded and ungrounded representafwespiscious

and never conscious) mentaisilations, and (conscious) mental imagery. Many of these
contributionsarecurrentlylimited to high- or mid-level designs; however, sevelal-level

designs angoftware implementatiorarealso developed-or example, software

implementatios thatutilizef -variational autoencode(Higgins et al., 2017anda modified

ver si on o {99D3%ckema Meeharosm
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The remainder of thimanuscriphasthe following structue: Chapter Zurveysthe
cognitive theoriesindthe fisymbol grounding problea(Harnad, 1990)hatmotivatedthe
developmenbf embodied, simulatiobasedcognition Chapter 3 provides an overview of ES
Hybrid, including its mental representations and cognitive processes. Chapter 4 provides
background on the LIDA cognitive architectFfeanklin et al., 2016)ncluding its cognitive
cycle, modules and processes, modes obladtlection, and the conscious learning hypothesis.
The next three chaptedgvelop specific E&lybrid functionality withina neuresymbolic
implementation of. IDA : Multimodal perceptionmental simulationand grounded, modal
representationaredevelopedn Chapter Saction-based mental simulation and motor cognition
is developed in Chapter 8nhd mental imagery and imagistic procesaesthe topic of Chapter

7. Chapte concludeghe manuscripwith closing remarks and directions for fueuwork.
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Chapter 2

Background

if the meanings of symbols in a symbol system are extrinsic, rather than intrinsic like the
meanings in our heads, then they are not a viable model for the meanings in our heads:

Cognition cannot be just symbol manipulati@darnad, 1990, p. 339)

While this manuscripfocuseson a class of cognitive theories that | refer tembodied,
simulationbased cognitionthese theories did not develop in a vaculimfully appreciate the
significancetheyneed tabe examined with respect tioe historical contexdthatshaped and
motivatedtheir developmentMoreover sincecognitive theoriesftendevelopin response to the
perceived failings of thepredecessorshey areoftenbest understooith contrast tatheir

predecessors.

With this in mind, Idevote this chapter tutlining the cognitive theories and challenges
(e.g., symbol groundinghat gave rise tembodied, simulatictvasedheories ottognition In
sodoing, lintroduceterminology anctonceptghat will be used throughothis manuscript
Moreover, nany oftheideaspresented in this chapteavebeenincorporated intccS-Hybridd
the hybrid account of embodied, simulatioaised cognition developdéaroughout this text
Thereforea basic familiarity with theeideas willbe beneficiafor understandinghe chaters
thatfollow. Whenever possibleognitivetheoriesare presented alongsigertinentengineering

approachethat illustrate aspects of those theories in practice.

12



What is Cognitive Science?

Cognitive sciencemergedn the 1950s in response to the perceived failingsebfviorism
Behaviorism attemptdto establish psychology as ampirical natural sciencéakin tophysics
and chemistryby focusing exclusively othe relationship between observabéhavios and
their antecedent environment stimbfiinds and nental phenomenauch as consciousness and
mental stateswvere largely treateds pseudacientific conceptslohnWatson one of thechief
architects of psychological behaviorisemvisionedexperimentapsychologyas a sciencthat
shunnederms such asonsciousness, mental states, mméntalcontentand mentalmagery
(Watson, 1913, p. 166andwas insteadocused on explicating animal behawaor terms such

asstimulus and respoashabit formationandhabitintegrationgdWatson, 1913p. 167)

Behaviorismdominatedpsychological thought fahe first half of the twentieth centyry
but this approach proved to be too restrictive and eventually gave wayftmtative
revolutiono Miller (2003)describedhe cognitive revolutiom s cauntdirevolutioro that
Abrought the mind back (Mier2003gx1g2This imernt al psyc
disciplinary movemengventuallygave risdo thefield of study known asognitive sciena@ an
approach to understandingndsandbehaviorsan terms thatncludementalphenomenian

additional toenvironmental stimulandsituational(e.g., physical, social, culturatpntexts

Mental Representations and Cognitive Processes

Thagard2020)s t at e te cenbrad lypotidsis of cognitive science is that thinking can best

be understood in terms of representational structures in the mind and computational procedures
that operate on those structutds. my opinion, this baracterization isnly partially accurate

While these concepts are fundamental to many cognitive thesoiestheories ar@on
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representationa(see Braitenberg, 1986; Brooks, 1991b; Dreyfus, 2002; Gallagher, 2008, 2017)
and others intentionally avoid computational analofffest & Van Gelder, 1995; see Thelen &
Smith, 1994)That said a cognitive thegr 6ascountof mental representations and cognitive
processes even if that accountltimately demestheir existencé is a usefuldimensionfor
understanding anchtegorizingmost, if not all,cognitivetheories Thereforeunderstanding

what is meant byimental representatiodandiicognitive processess requisite knowledge for

understanding cognitivecience and its theories

According tomary cognitive theoriegincludingthe computational theory of mind and
connectionismwhich are described latar this chapte; mental representationarethe means
by whichinformation andknowledgearerepresenteavithin a cognitive systente.g.,anervais
systen). Mental representations anétensaid to benternal(mental)stateshat arefiaboud the
objectssituations, anagventsetc)t hat oned6s thoughts are directe
mental representations staimdfor the thinggthey refe (i.e.,their referent$, andtheycanserve
asproxiesfor thosereferentsvhen thinking abouthemin theirabsere (e.g., during offline
cognition). Mental representatiorsse commonly compared the data structures (graphs, trees,

linked lists, arrayspixel mapsegtc.)that areused toarrangeand depictlata within a computer.

Cognitive processesn the other handyrefi ¢ o n't rtoul r (BestéHl, 10¢3)that
implement and/orugport the mental capabilities hypothesized to exist in natural minds; these
might include perception, attention, action selection, motor control, and mental simulation.

Collectively, these control processes govern hunds operate within a given situational

1 1n the philosophical literature, this capacity for a mental state to be about, or stand in for, something is referred to
as i ts ni ndeeBrentano,1874/2012yJacdb20; Searle, 1980)
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context.Newell (1973)explained the idea of a control structure through a computer
programming analogySpecifically, he described thessinput-dependensequencgof
computational instructions (such as function caiid input/output operations) thareused to
implement mental competerzélore generallycontrol structures can be defined as those
mechanisms that enaldetonomous agenfsee Franklin & Graesser, 199@)answer the
gusst i on, A Wh a tGiveh this broadedefinitienxmin@soan beconceptualizeasthe

Acontrolofautrarcdmo €Rsankding E985 ps 412)

Mental representations cannotdmequatelyinderstoodn isolation ofthe cognitive
processethat operate on theirBy analogy records require record players, Ci2guire CD
players, and MP3s require media play@gh an MP3 codec While records, CDs, and MP3s
are capable of representing the sametent® for examplethe same sordgther
representationdbrmatsarelargelydifferentand incompatible with other devicés.other
words, t is onlythe rightcombinationof representational madn (e.g., a recordjnd consuming
device(e.g., a record playethatwill producethe intended resulin this casemusic.Similarly,
in the absence @&n appropriateognitive process to operate on them, mental representations are
inert and incomprehensible withircagnitivesystem.Therefore, cognitive theories that posit the
existence of mental representations are obligated to detasbgnitive processes that operate on

them.

2 See Andersof1978)for a more detailed discussion about the interdependence between representations and
processes, and its significance in evaluating cognitive theories.
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Icons, Indexes, and Symbols

Semioticsis the study of signsign processeandthe production ofmneaning Loosely speaking,
asignis anything(e.g., wordseventsyisualdepictions, physical object#)at convegthe

fimeanin@ of something (other than itself) smmeonedninterpreter of hatsign). Therefore

semiotics broadlgncompassebe study of anything thatentionally or unintentionallji st a nd s
f or 0 s o mathdmimdepfae ihtarpretésee Chandler, 2022yonsequentlysemiotics

can beused to characterizaeertal representatiorsnd cognitive processesental

representations are (internal) signs that sigim@r (external and internal) referefids the

benefit ofan interpreting cognitive procedadeed, Peira@ a founder of the field of semiotids
believedthat all thoughts could be understanderms ofmental signgsee Peirce, 1893

1913/1998, p. 10)

Peirceds t heor ythredtypssedignshitonsdnsiexas and symlmble s
(Peirce, 186i71893/1992, pp. 22228). Iconssignify theirreferentdy resemblanceThat is,
they areflikenesses of their referents, sharing onerore distinctive qualities with theror
example, a drawing of a chaanbeused asn iconfor theconceptof i ¢ hsa(or some
particular chaly. Geometric diagrams and topographical mapstrercomnoniconic signs.
Crucially,a n i forommaésgonvey enough informational content to an obsefwethem to

recognizethe thingbeingsignified.

Indexessignify theirreferentghrough observabler inferable connections with their
referents; in other word&dexes imply the existence of their referents by Wiy presence.

Smokecan be an indeaf fire, yelling can be an index of anger, and pain can be an index of an
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injury.| ndexes Apoint®® tkaxdsthkaicre, r @fr ecikedimégs at t ent i o

pointing to objects in a scene.

Finally, symbolssignify theirreferentghroughsocial or culturatonventiors. For
examplemathematicians in the eighteenth century established the convention ofhasing
symbol“ torefertother at i o of a circlebds circumference 1t
inherentin“6 s  ttoondicate its relationship to that concegatd any other symbol could have
served this purposés anothee x amp |l e, consi der ThewordEOMdgRIS sh wo
a symbol that couldefertofan obj ect designed to be sat ono
particuarposi ti on of authoritylortprestiage,i hhanso
ambiguous in the absence of an appropriate litiguos situational context. Furthermo®iLLA

(Spanish) STOL (Danish), and (Chinese) are linguistic symbols tlaat alsaused to refer

to chairlike objects, butheyare based on differeiinguistic) conventions.

Symbolic Al and the Symbol Groundi ng Problem

Symbolic Al refers tanyapproacho engineeringntelligent systems thasg primarilybased on
the explicit, rulebased manipulation aymbolic representationi their most basic form,
symbolic representatiorfsuch as tokens and variablesg atomici(e.,irreducible)
representationthat can be used to signié@ynyimaginable concepbbject, entiy, or situation.
However,symbolic representationsanalsobe organized into composite (or structured)
representations that contain two or more distinct symbols. Simple examples include
mathematical relationsy ¢J, logicalstatements)(© 0), and predicates

() 33) 349%2) ® % " 8More complex examples includersantic networkgseeSowa,

1991/2014) frameg(seeMinsky, 1975) and ontologie¢seeGruber, 1995)
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By applying various rukbased computations toanipulatehesesymbolic
representationfsuchas, mathematicalr logical operabns), symbolic Al systems are able to
make inferences, answer queries, and solve a variety of prolBeitisin symbolicknowledgé
can be represented using propositionstatements ifirst-order logic. Andsymbolicreasoning
can be implemented using search algorglamdcleverheuristics (e.g., see Coulom, 2006
[Monte Carlo Tree Search]; Hart et al., 1968 [A*]; Newell & Simon, 1961 [meads

analysis])

Based on the initial succes$es$these approachéparticularlyin abstracproblem
domains such as strategy games, logic, and theorem pyaVimgell and Simor§1976)
conjectured thaanys y st em ex hi bi t i n gwillfingcessagieblasedont el | i gen
symbol manipulationThis hypothesiss known as théiphysical symbol system hypothesis
(PSSH) Note that thd®SSH is not merely a statement about engineering intelligent safttvare
is a claim that artificiahnd natural systems exhilniig general intelligencenustbe based on
symbolic manipulationThe PSSH, along with the language of thought hizpsis(LOTH;

Fodor, 19%, 2008) helped establish treomputationatheory of mind[CTM; see Rescorla,

3 The Cyc project, started in 1984 a longrunning attemptatharen gi neeri ng fcommon senseao
facilitate the construction of symbokxpert systems As of this writing, Cycbs knowl
10, 000 predicates, mill imarse otfhaml|d% crCytdlniskKm onayd eargteieqn
Basel Cycorp Inc, n.d.) According to Cycorp, it has taken ovemillion hoursto develop this knowledge store

and its associated inference engine.

4 ThesesuccessemcludedthefiLogic Theorisb (Newell et al., 1957and thefiGeneral Problem Solve(Ernst &
Newell, 1969) whichwere the basis for the Soar cognitive architecfuaérd, 2012)

5 Newelland Simon(1976)characterizedi g e n e r a | asrthte ahlility o geeforne aetions that show the same
Afscope of intelligenced as humasiwyatcea modmsandarar é afppd aptri
demands of the environmenté wi t fpilh6)Gtremdefiniionsmofigensralof spee
intelligent include one fron®oertzel and Pennach{@007)wh o st at ed that fA[ a] gener al i
carry out a variety of different tasks in a variety of different contexts, generalizing knowledge from one context to
another,ad buil ding up a context and task indepgpnient pragi
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2020)as a dominat cognitive theory This theory holdshat minds reason and effect the
execution of intelligenbehaviorghrough the ruldbased manipulation of symboligental

representations

The Symbol Grounding Problem

Anissuethat can occuwith purely symbolic approachés Al andrelatedtheories of mind is
that it is notobvioushow (internal)symbolscanbe meaningfully connected to the objects,
entities, and events in a nggmbolic (external) environmebtsed solely on their relationship
with other(internal)symbols.Recall thathe connection betweeaymbolsand their referents are
based ompre-assignedonventionsandtheir associated, boundimgntexts Unless those

conventions and contexts are built into a system a prior caothey be established?

This issue is often glossed over in practi
interpret the symbolicresuls of a machineds computational ef
symbols with their meaningsxogenoushand after the factiarnad(1990)illustrates this
symbol grounding probleily offering, as an example, the formidable task of trying to learn
Chinese as a second language (or more appropriately, a first language) when the only
information at your disposalisa ChinaseChi nese di ctionary: AJusi ng]
amountbamerrygor ound, passing endlessly from one me

never coming to a ha(Hanadpl®90wh383) anyt hi ng meant

Harnadds ar gume 8Searldifd80yChimsanamshocughtexperinéng
which heused taargue againghe possibility ofStrong Al(artificial general intelligencegnd
machine understanding based on symbolic manipula@iana rthoeght @xperimerdasks ugo

imagine Searléocked in dittle roomwith severalstacks of Chinesedocumentand a book
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written in EnglishSearle isunable to rea€hinese, sthe Chineselocumentsare completely
incomprehensible to hinHowever, haloes knowEnglish, so hean readcand comprehenthe
contents of thé&ook.The bookf whi ch corresponds t o dortlamsa oo mo s
set of instructions that describe how to ntfag characters in thHéhinesedocumentgi.e., the

roomo6s focomrgspohdsgesponse While Searle does not understand Chinese, he can
recognize théormsof the Chinese characters in the documermt$ enough to find the

appropriate entry in the English rule book. Therefore, using this rule book, Segpi®dace

the correcfioutpub symbols(alsoin Chinese) based on whatever the rule book was intended to

do by its author (i.e., a programmer).

From the perspective of an outside observer, it appealike the room understands
ChineseHowever, @spite this outward appearance of un@deding Searle argukthatit is an
illusion sincethe processes responsible for thegenbolc manipulationdack intentionality:
Thatiswi t h respect to the fAmindod of t theChineseom (i
symbolsare notdirected towardéi.e., about)the objects and states of the wotlht they
represen{Searle, 1980, p. 424nstead, they are only directed internally to more symbols, and

this disconnect cannot be resolved intrinsically by the system.

According to Searle, the Chinese Room described above operates on the same principles
ascomputers runing symbolic Al programsTherefore, Searle concluded thiaiderstanding
wasextrinsicto purely symbolic system3hemeaning iptentionality) of thar symbols(inputs
and outputsandthe purposgbehindtheir symbolic manipulationsxistentirely outside ofthose
systemsin particulartheir meaning dependsn theinterpretations provided by thesers of

those systems aride intentionsof hose t hat programmed t hem. I n

20



Aparasitic on the fact ufHatmadt1998, p.339Folviagtlss h av e
disconnect between symbols and their referetmsically rather than extrinsically is the

essence of the symbol grounding problem.

Nativism andThe Language of Thought Hypdiesis

Thelanguage of thought hypothe¢l<OTH; Fodor, 1975, 2008¥ a cognitive theory that falls

within the computational theory of mind gy extensionsymbolic Al. The LOTH argues that
thoughts are represented usingrarate, private mental language often referred to as Mentalese.
Fodor(1975, 2008rompared Mentaleseto a btiiltn i machi ne | anguageo t ha
symbolic primitives necessary for thought. Like acquired, natural (i.e., spoken and written)
languages, Mentaleseassumed to have syntax and compositional semantics. Mentalese
Awordso correspond to worldly concepts (such
structured into complex expressions that depend on the semantic properties of their parts. Fod
(1975,2008)further suggested that theselearnedconceptual symbols could be connected to

worldly experiences using a compilation/decompiladika translation process. The purpose of

this process is to map to and from Mentalese and the concepts, anétes, situations, and

events that Mentalese symbols and expressions refer in thé itwdLOTH advocates for the

view that it is possible, in theory and in practice, to create a formal symbol sygtean

intrinsic understanding ofvorldly conceps by virtue of afixed built-in set of symboland a

translation processAnd it is the role of the translation processtmnect internal Mentalese

symbolsto theircorresponding referents in the external woddfortunately, implementinguch

5 Proponents of the LOTH are careful to note that Mentalese does not incltdelariapping between the
apparently unlimid variety of possible worldly concepts and Mentalese symbols. Instead, Mentalese consists of a
static, finite set of internal symbols that canpbeductively combinetb represent all worldly phenomena.
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a builtin translation procedsr a complex or realistic environment seemidoutimpossible,
since this procesnustbe able to expreshew o r | @ssemyceoii everyconceivableconceptn
Mentaleseand simultaneously recognize their sensignatures in the worldll of this

without the benefit of worldly experiencés suchjts existence in natural systems seems both
implausible and unverifiablés a result, the LOTHiasbeen widely criticizedRescora, 2019)
and by Fodor 0lisaoccount ofc@hcept scguisiiam js underdeveldped Fodor,

2008, sec. 5.4)

In general purely symbolic approachégbke LOTH) tend to beexcellentat implementing
offline cognitive processesich as problem solving, planning, and deliberatoon perform
poorly on complexperceptual tasks (e.g., object recognition) t@séts requiring finenotor
control. Symbolic Al requires separate trategtion (transductionprocess to map nesymbolic
inputs(environmental stimulijo internal symbolsandinternal symbols to neaymbdic outputs
(motor commandskExplicating the cognitive processimt existat the interface between

symbolic reasoning systeyandtheirenvironmens i s ar guably symbolic Al

Non-Representationalism

One strategyor solving the symblagrounding problem is tdo away with representations
entirely.In suchsystens, thesymbol grounding problens irrelevantsince there are no symbols.
However, thanore generabsues of explicatingintrinsic meaningtill apply. This nor
representationafpproactwas championef(from a computational perspectivey Rodney

Brooks in the 1980s and 1990s.

Brooks(1990)argued thathe fiphysical symbol system hypothas{®ewell & Simon,

1976p which bases intelligence on the explicit Hbl@sed manipulation of symbolic
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representatiorsisii f un da me nt @lodky, 1900, @ Iresteawlhe proposedhe

fiphysical grounding hypothesiSPGH), whichstood indirect oppositiorio mental

representations artde computational theory of minBrooks argued thdt xplicit

representations and modelsthe world simplyg e t i n (Brdoks, 1994aby p 139jithe

world is its own best modleéthe trick isto senseitppr opr i at el y 4dBrabks,of t en e
1990, p. 5)Specifically, he PGH statgthat intelligent systems must have their representations
grounded in the physical worl@hysical grounding, for Brooks, is not simply the linkage

between mental representations and the things they signify, but something much more

fundamental to the waynaagent interacts with its environmeAtcording to this way of

thinking, knowledge andinderstandings inseparable frorenvironmental interactiorend the

situational contexts in which they océur

Brooksd §1990)approach was also inspired Bynsky, who claimed that intelligence is
the product of a collection of simple, hierarchically organized, individually uhigeat, mental
agentgMinsky, 1986) Each of these agenlise., cognitive procgses) s only capabl e o
simple thing that ne gMiskyn®d6, milrd whemjoitehhought at
together in Asocietieso they are capable of p
accordance with this view, Brook991a)statedfi we h 'y p o t dil Busmandehaviorh a t
[emphasis added$ simply the external expression of a seething mass of rather independent
[behavior generating modules]ji t hout any centr al control or re

(Brooks, 1991a, p. 226)

This viewpoint is ofoegmi(deeM &isone2002tpp. 6P8X). fisi t uat ed
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Thesedeasled to the development of tiisubsumption architectus¢seeBrooks, 1986)
and its implementation inmumber ofsimple autonomous robotsee Brooks, 1990The
Subsumption architectur eds (Brookk,il986pteu a l itask a
implemented usingaugmented finite state machidg8FSMsY thatoperateasynchronously
and without the need for centralized contiidhese behaviors are connected together in a fixed,
| ayered architecture, wher e e a(Brboks, 186 heser epr e s
competences become progressively more sophisticated as one progresses higher in its vertical
stack oflayersThe name MAsubsumpt i onadc h sl ayaesre dc aom fi shueb :
is, inhibit or suppress) the inputs and outputgfonnectedower layerswhen it wishes to
send actuator commandssignalsto other layers. In this way, subsumption provides a

mechanism for decentralized conflict resolution.

The subsumption architecture siskeps the symbol grounding problem by implementing
minds using reactive, stimudlriven behavior generating modulés Ther e ar e no vari
There are no rulesé There are no choices to b
determines [anaget 6 s n e XBropks,4991bj pol45)n other words, the subsumption
architecture i9ased exclusivelgn online control processehbat are directly coupled to the
physical world theytake environmental stimuli as inputs and produce motor commands as

outputs withoutthe use ofntervening mental representatiomsinternal models of the world

8Brooks(1990)d e f i ned an AFSM as a si mmglme nftierdiot evi &tha tae sma c hoif n &
(memory buffers for message passing) and a set of timers (that function as alarm clocks).
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While the subsumption architectusecapable oproduéng someseeminglygoat
directed behdors’, it is notclearhow purely online control processemémplementoffline
cognitiveactivities(e.g.,deliberation, planningnental imageryreminiscing,anddreaming.
The direct coupling oénvironmental stimulio overt behaviorseems tg@redude introspectable
mental statesr any cognitive process that is spatially or temporally decoupled from immediate
sensory stimuliln many ways, the physical grounding hypothesis and its subsumption
architecture embodyehaviorisideals: mental phmmera seemingly vanish under this

conceptualization of mind.

Apart from the subsumption architecture, there are other engineering approaches and
cognitive theories that could be categorized asmepresentationaFor example, mdelfree
reinforcement learnin¢RL) algorithms(e.g, Q-learning; Watkins & Dayan, 1992mploy
machine learning techniques to optimize behavioral pofcies, functionghatmap
environmental states to acti@svithout the use of internal environmental modélse
intelligent systemgroducedy modelfree RLare consistent witB r o o koBoda sfphysical
grounding!® Dynamical systemtheory (DST)approacheso cognition whichare based on
modeling minds usingystems of differential equations, duetherexample of non
representationalognitive theoriege.g., see Chemero, 2013; Port & Van Gelder, 1995; Thelen &

Smith, 1994)

9 For example, Herbewas an autonomous robot built using the subsumption architecture that could wander through
busy office areagick up (i.e., steal) soda cans from cluttered desks, and carry théorbefideposited in a trash
can near (Brdolks, 189 destebedHerbert along with many other such robot examples.)

10The more recent and capable versiofimodeifree RLemploy function approximators (e.g., neural networks);
therefore, t he yepesertationd Exangplesirclude Deep GiNetvorfBQN; Mnih et al., 2015)
and Proximal Policy Optinzation(PPO; Schulman et al., 2017)
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Connectioni sm

Connectionist Al (or Connectionismgfers to approa@sto buildingcognitivesystemsor
explaining mental processdbat arebased primarily omrtificial neural network§ANNS).
ANNSs are computational systenmspired bythebiological neural networkihatoccur in brains
And some of thesame principlege.qg.,distributed representationgarallel processingand
empiricallearning and mechanisms (e.@gtivation activation propagatigrand

inhibitory/excitatory connectionspply to both artificial and biological neural networks.

ANNSs aretypically composedf layered sets of computational urgtdledartificial
neurons Artificial neuronsare highly simplifiegdmathematicdy idealized versions of their
natural counterpart&ach artificial neuron functions as a computational unit that performs a
calculation(e.g.,weightedsummationver its input{ A a i @il f is ¢.A thEeshadsvalye
(called a bias) igypically added to this intermediate valand the result is thgmassednto a
nortlinearactivation functiorto determinema r t i f i c ioatput(i.e.dtsactivatiod).s
Theseactivationsmay then propagate (spread) owaightedconnectiong nar t i f itoi al ax
other artificial neurons/Vhile numerous computationalementave been added to this basic
desig® such agooling(see Boureaet al., 201Q)dropout(see Hinton et al., 2012)
convolutiongsee Fukushima, 1980; LeCun & Bengio, 19%@#)dattention(Vaswani et al.,

20179 thecomponentsiescribed abovappear in mosif not all, modermeural network

architectures.

In theory, ANNs (with various architectures) have been shown tmiversal
approximatorgor many classes of functioff€ybenko, 1988, 1989; Hanin, 2019; Hornik, 1991;
Leshno et al., 1993; Lu et al., 201MApwever, h practice, there is no singhetwork architecture
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that performs well on all task&s a result, many specipurposenetworkarchitectures have
been devised that are optimized for particinaut modalities €.g.,visual, auditorypr text) and
tasks(e.g., categorization or semantic segmentatiGahvolutionalneural network§CNNSs;
Fukushima, 1980; Krizhevsky et al., 2012; LeCun & Bengio, 189hich wereinspiredby
Hubel and Wi esel s work on receptived fields i
typically work well for visual inputs (e.g., images and videW@#ile recurrentneural networks
(e.g., LSTM; Hochreiter & Schmidhuber, 19%f)dtransformergVaswani et al., 201@re
often used with sequential (or time series) datg.,written languagespeech, and mugic
Residual network§ResNets; He et al., 2018)eoptimizedfor image classificatiognJ-Nets
(Ronneberger et al., 201fe)r the semantic segmentation of medical imayé¢sveNetgOord et
al., 2016)for generating speech and muysiadGenerativePre-trained Transformer3 (GPT-3;
Brown et al., 2020for textbased natural language processing (Naf) language

comprehension tasks

Connectionist approachkéypically requirecomputationally intensiveaining processes
thatoptimizean ANN for a given task. During training, ANNs are repeatedly expisidining
exampleginputs) which are often randomly selectiedm carefully procured (i.ecleansed)
dataset An A Npdramseterge.g., weights and biasea)e then updateolased orthe
net wor k 6s opthosé ioputsnaith r2gpect to a given tdiskcognitive science terms,

ANNSs learn from experienceandthe goal of these learning messes is tonproveanANNO s
overall performance withowverfittingto theirtrainingd at a. That i s, the netyv
shouldgeneralizérom alimited set of experiencgsi . e . , 0 t ¢he braadei populations )

from which they were sampldi.e., fineverbeforeseem inputs)
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ANN training can be broadly classified as eiteepervisedr unsupervisedSupervised
learningusedabeledtrainingdata For exampleMNIST (see LeCun et al., 1998) a welt
knowndataset for supervised learnitigit pairamagesof handwritten digits (inputs) with their
correspondingiumerical valueddbel9. Labels (desiredutputs)provide atraining signalthat
ANNs can use t o depafemantemnagvénhask. Newvorkvyerfoknanse is
guantified using doss functiofl such as, fimean squarwhérel@asdr or 0 or
theloss unct i od ié the basisfopupdatingiaddNNO6 s p a r (eemlearnang)Both a
network architecturanda loss function are needtemifullys p e c i f y openatioA &b 6 s

intent

Unsupervised learningn the other handises datasetontainingunlabeledraining
exampled thatis, onlyt h e  Ailpiid.LConsequently hie primary challengi
unsupervised learningpproaches is in defining a useful training sigtiat is,how daesone
specifyan e t w dearkir@abjectivein the absence of axplicitly provided,target output
value(such as a category labet)the training dataCustom loss functions and network

architectures are needed to support this style of learning.

Autoencoderare one type oANN architecture that can learn in an unsupervised fashion.
While there are mantypesof autoencodet$d such as, sparse autoencad&AES, denoising
autoencoderDAES), and variational autoencoddk$AESs)d all of them can be described as the

combination of (1) aencodemetwork, (2) alecodemetwork, and (3) a loss function based, in

1n an autonomous agential system, these inputs might correspondtgamnt 6 s sensory experienc
environment (e.g., visual, tactile, auditory, gustatory, olfactory, proprioceptive, nociceptive, etc.).

12 SeeBank et al(2021)for a survey of different types of autoencoders.
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part, onreconstruction errorThe encodenetwork transformsts inputs into (typically) lower
dimensional representatiahsalledlatent representatiortdor embeddingsAnd the decoder
network therattempts taeconstructhea u t o e n arigirthlenpuésom theseatent
representationd n a ut o dogscfundaienrericeurages gacoder and decodeetworks to
work together towards the shared goal of minimizing the differences betiesanginal and
reconstructed inpudsthat is, to minimizéhea u t o e n reamsteuctionserrokHow well
autoencoderachieve thisobjectiveis a function of (1) how effectively the encoaetwork
learrs generativdfeatures(e.g., shape, size, position, orientation, color) that charactarize
autoencodér mputs, and (2) how effectively the decodeetworkcan transform those

generative features (i.datent representatiopsito likenesse®f thoseoriginal inputs.

Unsupervised learningchniquesan be usetbr feature learningBengio et al., 2012)
data compressioearningenvironmentamodels(Eslami et al., 2018)pr training generative
processegamong other thingsysenerative processes &actional componenthat can render
Al i k e mfdearsed soncepts in various modalitiegy(,images, speech, and text).
Variational autoencodef(¥AEs; Kingma & Welling, 2013and generative adversarial networks

(GANSs; Goodfellow et al., 2014re two types ofienerativeANNSs thatare trainedisng

unsupervised learning.

Blatentrepresentationsy pi cal ly refer to vector ealedatenbbecauseof an AN
they are usually associated wilmetworlés hidden layers, rather thés inputs or outpus. For example, the latent
representations of autoencoder ANNs are generatechin aut o éntecna)d b d s | enleaterlt 0 | ayer .
representationsarel osely related to fiword embeddingso; however,
inputs. Latent representations can be thought pbagsin alatent (vector) spacevhere points that are close in this

latent space tend to corresponditmilar input values.
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Having introducedartificial neural networksANNS), the questiomemainsiiCan they be
used to solve the symbol grounding problemh e answer to this questio
Internally, ANNs can learrdistributed,nonsymbolicrepresentationshat bear a nearbitrary
relationship to their inpufs' As a result ANNs canpotentiallyavoidtheinfinite regression of
symbolc associationd i . e . , (EQQ)Annaedigirsyo u d thab can occur in purely
symbol i c syst e ms .nongyonboicaepresentaticmsciumdctibN adfsature
detectorghat are sensitive tobjects,events, properties, and contextual cues occurring in an
environmentThecollectivepatterns of activatiolmccurring ovethese feature detectors can be
used to establish conceggferent connections (i.e., grounding connectiowkjchcanlaterbe
used to identifithe concept instanceas whichthose patterns of activati@morrespondThese
representationgdroperties of AINs can be exploited to implement grounded cogajirocesses

and system (I examine two strategider doing sdaterin this chaptej

Despite these useful properti@sANNSs are trained exclusively @ymbolic inputsand
outputs(such as wordsthenthar learnedinternal representationgill beungroundedThat is
not to saythat these representatios®iimeaningless.There is often a great deal of information
in symbolic contexts (e.g., language) that can be exploited by AAiNElarge langage models
(LLMs), such as BERTDevVlin et al., 2018and GPT3 (Brown et al., 202Q)offer compelling
evidencehat contextual informatimalone can produdatelligent behaviorsThat said, in such

cases the net wo r flakbsdthiasespmbolsand ther use indt their keferents

“I'n Peirceds ter minol omnfunctionas icans brandexe&.e pr esanat atahoABNOG s
representations preserve some of the properties of their inputs (i.e., their features). This can be used, for example, to
supportc at egori zati on and categori cal inference. As indexe
objects, entities, and events in the environment. This can be used to support predictions about the environment

(among other things).
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Therefore, the connections between those symbols and their referents will be extrinsic to the
system(cf. Searle, 1980} discussungroundedgontextuaimeaningn more detailater in ths

chapter(see the section on Distributional Semantics)

ANNSs excel aimplementingwhathas beemeferredto (in dual process theorgs
System IcognitiveprocessegKahneman, 2011; Stanovich & West, 200Bystem 1 processes
have beercharacterized dseing fastautomaticheuristicbasedprimarily unconscious, and
relatively undemanding of computational capa8tanovich & West, 2000, pp. 65659)
Percepion and intuitive/associative reasoniageSystem Icognitive processg&ahneman,
2011) On the other hand3NNs areless adept amplementingSystem 2 processes, whichve
beencharacterized dseingslower, analytial, rule-based, primarilyonscious, andffortful
(Stanovich & West, 2000, pp. 68&59) Algorithmic problemsolving am deliberative
reasoning are System 2 cognitive procegkabneman, 2011While, in principle ANNs
shouldbeable to implement both System 1 and System 2 proGgesgstem 2 processes remain

morechallengingto implemenin practice.

ANNshave been criticizedfdrei ng uni nt er prtbeatregqbeneassiieo | ac k b
amounts of datand computatioal powerto train, andfor beingslow to adapt to nonstationary
environmentgsee Marcus, 2018 for a summary of these issuBls@y alsasuffering from other
issues, such dgatastrophic forgettinig(see Goodfellow et al., 2015; McCloskey & Cohen,

1989; Ratcliff, 1990)thatfrustratetheir progress towards general intelligends.a final note:
even ifgenerally intelligentognitive systemare developed based entirely BNNs, it is likely

that their operations W belargelyincomprehensible to yandtheywill almost certainly
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A t h iindiktiactly nonhumanlike ways Consequently,ichintelligent systemsnaybe of

limited useto cogrnitive science

Hybrid Systems

Harnad(1990)suggested a possible solutimnthe symbol grounding problebased on the
creation othybrid symbolic/nonsymbolic systeméseeFigurel). Harnad reasoned that symbolic
andnonsymbolic(e.g.,connectionigtapproaches have complementary strengths and
weaknases, and that, rather than considering them competing theories of mind, we should
combine themAccording to Harnad, symbolic systems are incapable of connecting symbols
with their referents in the world (i.eestablishinggrounding, while connectionissystems lack

the compositionality productivity, andsystematicityf symbolic systemgsee Harnad, 1990, p.
344) By combining the twohe argued that we notly solve the symbol grounding problem but
alsoretain the benefits of these respective subsyst@mse o f (@200)cematrdl6 s
conjectures was that symbaoiaist be groundefilom the bottorup, by first learning non
symbolic repreentations from sensory experiences of objects in the world, and then creating and

associating symbolic representations with them.

According to Harna@1990) symbolic representations must be grounded/mkindsof
nonsymbolic representations: iconic and categoticidonic representationare norsymbolic
representations thaerve as nt er nal tfAhasanasdrypmjectordddf objectsin the

world. These analogselectivelyencodemany of thedistinctivefeaturege.g, aspects of shape,

Ha r n aahid and éategorical representations are both speciesnsf(Peirce, 18671893/1992, p. 22&hat
are distinguished only by their degrees of selectivity and invariance.

®Thetras ducti on of 1ight i n an segserymojectienSensorg projectierls besur i s
when sensory stimuli (from an environment) impinge on a sensor.
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color, or brightnes} of worldly objects, allowing them to be compared with one another based
on thesimilarity of their corresponding iconic representatioGategorical representationsn

the other handarenonsymbolic representatioribatcapture the most importamvariant
featurescorresponding teategories of object#n particular, hey encode the relatiweeighting

of features based on thieimportancein determining category membershior example, color
may be irrelevant for determining that an object is a chair but highly relevant for determining
that a banana is ripelarnad(1990)argued that while iconic representations are useful for
discriminatingbetween sensory inputsey areinsufficientfor identifying categories (i.e., types)
from category instances (i.e., tokens). In other words, Hdf#80)contendedhat categorical

representations are needed to supgategorical inference

Harnad(1990)suggested thatdbh iconic and categoricakpresentationshouldbe
encodedvithint he ar c hi t eoaist (ANN) subsystemidhileahede representations
areuseful foridentifying and discriminating between sensory stirtdérnad(1990)argued that,
by themselvesheyar e an A i n @.r343)thatalesnatfmeaw anythingl n Har nadds
view, meaningrequiresthata symbol be assigned to each categorical represen{agoving as
i ts fAname o) symmwlaltk cdmposdd into symlsgEopositions for example,
symbolstringss u ¢ hAn X s a Yi that is 28 (p. 343) These symbolic representaticmild
thento be manipulated bad®n symbolic rules, as well as the mymbolic features encoded in

iconic and categorical representations.

Harnaddés hybrid archit easpgectsobsynsbelieand t o al | o
connectionist approachdxy we v e r Har nad 0 s interpraetatianmany efasv e s o p e

details, such athe nature of noigsymbolic cognitive operationBpw the symbolic and
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connectionist components interact, the mechanisms by which iconic and categorical
representations influence symbol manipulatimmdthe functional relationship between iconic
and categorical representatidiesy., do categorical representatiaisgor functionallydepend on

iconic representations in some way?)

| K active ! rule-based |
! representations |  offline ]

Propositions L~ .
cognition

L)

{f composition
|

Symbols

I symbolic

{}o association

Categorical
Representations

conceptual system

bottom-up

&’ genera‘ization gl" ouUn di n g

Iconic
Representations

Legend

non-symbolic ¢ processes

+A representations

Figurel. High-level depiction oH a r n lydrié architectureSymbolic representatiorsregrounded
(bottomup)in two kindsof nonsymbolic represntations: iconic and categoricBlach categorical
representation is assigned a symbol that serves as its identifier. These symbolic representations ¢
composed into symbolic propositiotigatcan be manipulated by rub&sed processes to generate new
knowledge.
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Distributional Semantics
Distributional semanticss a family of approaches that bases the meaning of words on the
contexts of their use. This idea manifests itself as a cognitive theory call@idttititional

hypothesigDH; Harris, 1954; Lenci, 2008)

Latent sematic analys{ESA; Landauer & Dumais, 19973 perhaps the ls& known and
most influential DH theoryn cognitive scienceAccording to the LSA theory, it is the
relationships between wortisat createverbal meaningLandaue(2007)argued that it is
primarily these abstract relations between words that make thinking, reasoning, and interpersonal
communication possible. As sudtgndaue(2007)believed that LSA was a candidate theory for

explaining howverbal meanings learned, used, and communicated by human minds.

Computationally, LSA descri lvecows @anf mnngtomeé t h
(words) anddocumentgsequences of words) incarpus(a set of documents). These vectors can
be thought of as specifying locations iseanantic (vector) spacAnd by usingsimilarity

measurege.g., cosine similarity), same/difference judgments can be made about these vectors.

Lenci (2008)characterized the semantic vectors learned by LSA (and Dtther
algorithms) agontextbased, distributed, quantitative, and gradiibky arecontextbased
because the context of their occurrence determines their semantic interpretation. They are
distributedbecause the global distribution of word intelations @termines their meaning.
They arequantitativebecause their semantic interpretation is derived from a statistical analysis
over a corpus of language data, rather than a set of qualitative properties. And gragwaee
because their locations in semardpace gradually update as the global distribution of word

contexts in a corpus change.
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The mechanics of the LSA algorithm, as describetdndauer and Duma{4997) are
relativelysimple. First, dermdocument matrixs constructed, where eaobw corresponds to a
term in a corpus and eachlumncorresponds to a documenttiratcorpus. The number of
ti mes each term appears i n as Dbhanantmare therefoset e r mi
encoded as unor @efleetidg ofiytha mumberoof ocowrcemcesof each word
in a document, not their surrounding lingidsontextFor exampl e, i f the wor
17 times in a document, thén  p xwhere'Gs the row corresponding fo ¢ a’@s thé
column corresponding to that document, and thetermdocument matrixThe singular value
decompositio{SVD; see Strang, 2016 then calculated for the matrix resulting in the
factorization ofo into three maices:0 "¥ & 8The matrix"Ycontains thesemantic (singular)
vectorsfor terms, the matrixo contains thesemantic (singular) vectofsr documentsandt
containssingularvalues hat determine the relative weights
dimensions that account for the most variance in the data have the largest singular values.
Typically, the resulting matrices aireincatedoy selecting only a subset of each semantic
vector 6s di me mdimensioss withahe @rgest singnlarwas). Thigruncated
SVDcaptures the most important aspects of the

simultaneously removing noise from the dataset.

Landauer and Duma{d997)were able to show that, givenlarge enough corpus, LSA
can often determine tlemantic similarityof words from contextual statistics alone. Thus, they

were able to convincingly demonstrate that there is a great deal of information contained within

" The truncated SVD is also the basis for Principal Component Analysis (PCA), which is widely used in statistics
and machine learning for multivariate data analysis and visualization.
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thecontextof language usageadle When t hought of as a cognitiywv
infer semantic relationships from contextual statistics raises questions about how humans learn

linguistic (and perhaps ndmguistic) conceptsLandauer and Duma{4997)stated,

the model employs a means of inducéiodimension optimizatio® that greatly
amplifies its learning abilityallowing it to correctly infer indirect similarity relations
only implicit in the temporal@relations of experienc&he model exhibits humanlike
gener al i zdoasinai nelgon priméitte perceptual or conceptual relations or

representationfemphasis added{p. 212)

This idea appears to be in direct opposition to Ha(h880Y s ntention that learning must
proceed in d@ottomup fashion from sensory and motor experiences. It also casts doubt on the
primacy of norsymbolic, perceptual representations in the learning of verbal meaaimdauer

(2007)addressed these points directly, stating

Some assert that meanings are abstract concepts or properties of the world that exist prior

to and independently of any languedgpendentrepsee nt at i onsé A sort of
this postulate is that what we commonly think of as the meaning of a word has to be
derived from, 6grounded in, 6 already meani
course, strings of words must somehow be ablefgmesent and convey both veridical

and hypothetical i nformation atloocathe our i nn
mappinggbetween words and worldly conceplslve been obtained through the cultural

evolution of a languagemphasis added], there is necessity that most of the

knowledge of meaning cannot be learned from exposure to languag€lisedfauer,

2007, p. 7)
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Thisline of thought led_.andawer to conclude that sensory and perceptual experiences might be

attached to word meaning$ter the factor as hestated it,

This puts the causal situation [i.e., regarding the formation of semantic representations] in
a different light. We may often fir¢earn relations of most words and passages to each
other from our matrices of verbal experiences and then attach them to perceptual

experience by embedding them in the abstract word sflaedauer, 2007, p. 7)

In Landaue 6 s v iabstact worth Space (i.e., semanticspace) t he Apri mitive
that gives words meaning. He goes on to suggest that semantic spaces could also be constructed
forpercepts, and that, after fAonly a comparatiyv
l inguistic experiences, al/l of the connection

cl ose appfancauemaddr, m 24P

To sum up, the distributional hypothesis (DH) is a cognitive theory based on the idea that
contextual relationships are the primary mechanisms by which we acquire verbal nfeading
perhaps other types of meaning; see Landauer, 286d)latent semantic analysis (LSA) is one
of thebestknown and influential of thegeories. As a computational approach, LSA has
conclusively demonstrated that theaaxurrence patterns of words in a corpus can be used to
infer the semantic similarities between those words given a large enough structured corpus. As a
cognitive theory.SA predicts that concept and word acquisition is largely a function of learning
the semantic relations between words through repeated exposure to language. In this view,
language is seen as already containing most of the necessary information fog leasen
conceptsLandaue(2007)hypothesized thaierceptual experiences could then be associated

with these linguistic forms, once the underlying semantic spaces have been learned.
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| conterd thatDH-based algorithmsuch adSA,| e ar n aasdo@ativenmeaifiidg fi
that captures thiater-connectedness of thingsot the things themselvds. particular, | believe
that hese approaches demonstrate that it is possildatohowandwhento use word without
knowingwhattheyreferto in the world A similar phenomenon has been seen with recent
massivescalé®, neural networlbased, language modéldike GenerativePre-trained
Transformer3 (GPT-3; Brown et al., 202@) that have demonstrated hurdanel performance

on various language comprehension tasks without the useuwfdgd representations.

While distributional semantics will likely have some @agerhaps a large pértto play
in explaining how humans learn language, it does not solve the symbol grounding problem. And,
in my opinion, it does not obviate the need to ddis@articular, LSA and distributional
semantics say very little about the naturaeaflinguistic thought (e.g., nosymbolic
perception and action, and cognitive processes like mental simulation). Consequently,
distributional semantics, by itself, doest explain the thought processes of imuman animals
and preverbal humans. That said, the combination of distributional semantics with grounded
approaches to cognition is a promising research direction worth exploring. And numerous
researchers have aatwed theories of cognition that suggest that humans may use a combination
of grounded representations and distributional semafatigs Barsalou et al., 2008; Landauer,

2007; Louwerse, 2018; Louwerse & Jeuniaux, 2008)

18 GPT-3 has 175 billiormodelparameters, and was trained on +zaffillion encoded linguistitokens.It received a

great deal of media attention because it has been claimed tisghthetiocnews articles generated by the model are

practically indistinguishable fromeal news articles. For example, Brown et(@020)n ot ed, fAmean human
accuracy at detecting articles that were produced by the-g5PT 1 75B par ameter model was b
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Embodied, Simulation -Based Cognition

Embodied cognition (EC) refers to a setehtedthough distincideas that emphasizes the
fundamental role of bodiemnd environmental interactioms shaping minds. Rather than
conceptualizing minds as abstract information processing machines that are distinct from bodies,
EC theories contend that mental activities are inseparable from the sensory and motor
mechanisms of the bodi general, many ahe fundamental characteristics of E&h be seen

asemergng in responseo, and in opposition gthe computationaorigins of cognitive science.

Margaret Wilson(2002)identified sixdistinctperspectiveshat characterizembodied

cognition

(1) ACognition is Situated, 0

(2) ACognition is Time Pressured, 0O

( 3) AAMead @fnitive Worlontot he Envi ronment , O

The BBnvPiarrannentt he Cognitive System, 0

=1}

(4)

(5) ACognition is for Action, o0 and

( 6) -Ln®Cofnitionis Body Based. o

| will focus hereon the first andixth of theseperspectivesasthey motivate the development of
embodiedsimulationbased cognitotrdHowever , the fifth of these p:
f or A c alsowofrcrtigal impsrtance to thigork, and it appears both explicitly and

implicitly throughout.
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A C o g n i Situatedo refers tothe ideahat cognitive activity takes place with respect
to thetaskspecificandcontextsensitivedemands of an environment. Situated agargsaid to
betightly coupledto their environmentsand their cognitive processes are continually influenced
by incoming sensory stimuli and the effects of their actions on their environments. Proponents of
situated cognition tend towards a view of #otion-perception cycléCutsuridis et al., 2011; T.
M. H. Dijkstra et al., 1994; Fuster, 20G#pt is rapid and reactive, minimizing or eliminating
many notions obffline cognition, such as inference, planning, and @efibve thought. Sensory
stimuli (inputs) are more or less directly connected to corresponding behavior producing
modul es (outputs) that allow agents to act on
t akes plliancee, 66 o fnf t hetevaatingugshandoutput[s], ts Bydéfinition not
s i t u@tWilsbn, 2002, p. 626)By contrast, situated activityccursonline
Computationally, situated cognitioniswellx e mp |l i fi ed by Rodney Br ooks

architecture (sethe section oNon-Representationalisqresentecearlier in this chapter).

While situated cognition is an importaperspectivevithin embodied cognitiopit fails to
provide a convincing explanation for thenycognitive activities that appear to ocaifline,
decoupled from immediate sensory inputs and motor actifline cognitiveactivities, such as
planning deliberation prediction, inference, imaginatipandevenmore pedestriaactivities
like therecall of longterm memoriesaredecoupled r o m a nimnaediaempu and
out puts that ar .eEvendhough thesenggitivéactivitigshate cammenplace
and seemingly indispensable for humans (and likely other animals), much of the embodied
literature has chosen to deny them, ignore them, or downplay their importance. This is likely

due, at least ingnt, to the antagonistic relationship that exists between embodied views and
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more traditional cognitive theories (e.the CTM and the LOTH) that have focused almost

exclusively on offline activities using ungroundsgimbolicrepresentations. However gth

difficulty of explaining these processes in a way that is grounded and consistent with embodied
principles is almost certainly a contributing factor to their relative neglect in the embodied

cognition literatureMargaretWi | sonds si xtiimer Cogntiitve,n i Gf fBo
corresponds tan effort within embodied cognitioto explainh ow agenand 6 bodi es

environmental interactionsan be integral tthese offline cognitive processes.

Researchers in cognitive science, linguistics, neurosejeme philosophy (including
Lawrence Barsalou, Benjamin Berg&fittorio Gallese Arthur GlenbergAlvin Goldman
GermundHesslow Marc Jeannerodlesse Prinz, andiacomoRizzolatt) have advanced various
theories about how embodiment can be extendetfline cognition through the use of some
form of mental simulationl generically label these efforts with the teembodied, simulation
based cognitionwhich is the central topic of thmanuscript According to this view,
sensoimotor mental simulations, and the processes that operate on them, can be viewed as
mechani sms for r eal i(Baisalog, 200&nrnaturah athe adtificalonindsi t i on o

MargaretWilson (2002)summarizedhisidea stating that the

[m]ental structures that originally evolved for perception or action appear todyeaxd

and rdnnéoHBf decoupled from the phygnalcal i n
purpose, to assist in thinkingandknowénhg | n general, the functi
sensorimotor resources is to run a simulation of some aspect of the physical world, as a

means of representing information or drawing inferen@désWilson, 2002, p. 633)
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In other words, these theories propose a view of tiogribased on grounded, negmbolic
representations, mental simulations, andgistic processgg.g., image generation,

transformation, anchtrospectionsee Chapter).

Many theories have been advanced within this tradition. Some focus on speaiftoreog
functions, such as language comprehen@anrgen & Chang, 2005; Bergen & Wheeler, 2010;
Zwaan, 2004; Zwaan & T&yr, 2006) action and motor cognitio@deannerod, 1995, 2006;
Jeannerod & Frak, 1999) a nd fnti hnd@alieye, 2003, 2007; lacoboni et al., 2005;
Rizzolatti & Sinigaglia, 2016; Shanton & Goldman, 2Q10)her theories are more
comprehensive, proposing thmaental simulation underpins most, if not all, cognitive functions
(Barsalou, 1999, 2008, 2009; Grush, 2004; Hesslow, 2002, 2012; Prinz, Ra@dUprimarily
f ocus on (1BMW)theoaylofpercéptuabymbolsystemsa nd J e a(h994 1995¢d O s
2001)theory of motor cognitiohere, as thefieavily influenced the theory and computational

implementations developed in later chapters.

Perceptual Symbol Systems

According tothetheory ofperceptual symbol systerfBSSs)the patterns of activation that
occur in sensory and motor systems duriagepption and action can be stored into kergn
memory and, if later recalled, function as groundgatesentations @hntities and concepts in the
physical world. Barsalou referred to thesenstantiations obensorimotor patterns attivation
asperceptual symboléor modal symbols)Despite their name, perceptual symbols are actually

nonsymbolicrepresentations.
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Barsalou(1999)outlined numerous properties that he believed would characterize
perceptual symbofs.Perceptual symbolsameodal because fAthey are repr
systems as the per cept(Basshlousldog, p.&Bnd, gotarttialyp r od u c e
multimoda) accounting for content originating in multiple sensory modalities. They are
analogicalbecause they share properties with, and likely beme structural resemblance to,
their originating perceptual states. In contrastpdalsymbols typically have an arbitrary

relationship with the phenomena to which they refer.

Perceptual symbols arnot completéi r e ¢ o r @fi nagrs 0i ndi ventdlstatd 6 s ent
during perception, but instead capture salient aspects of their corresponding sensory and motor
experiences. Barsalou characterizes the information represented in perceptual symbols as
Arel atively qualitati v eorabsente df edges, vertices, aolors,( e. g . ,
spati al rel at i on s (Barsalouy 199 epn5828ndhes eareful to pbird @ut ) 0
that perceptual symbols should not be thought
this are that perceptual symbols may contain aspects theardigd and indeterminatefor

example, the perceptual symbol for a bicycle wheel may have an unspecified number of spokes.

The same perceptual symbol can be usetksignate multiple referensince
resemblance, by itself, is not enough to estalititdntionaity (i.e., the aboutness of a mental
representationRather, nechanisms external to perceptual symsibalistbe used t@stablish
their relationships to specifieferens (e.g., contextual informationYo illustrate this, consider

attending a dinner party where all of the guests have wine glasses of identicalldesigh.a

1 The Appendix contains a much more detaileview and analysis of various representational properties ascribed
to perceptual symbols.
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scenario, lie designation dimy wine glassis established both by its appearance ancbitéext

(for example, its placemenn the table), not resemblance alone.

Perceptual symbols adynamic that is, they are sensitive to differences in external and
internal (i.e., mental) contexts, as well as changes in nearby regions of associative memory. As a
result, the reactivation @af perceptual symbol has dynamical properties that resalti@gree of
variability in their reconstructionfrom longterm memory. Barsalou stated that perceptual
symbol s can be v(seeNarmom 1985 p.56pn ta acdmmes®t i oni st |
the networkc h a n g e s éctohcleangad. Asitha context varies, activation of the attractor

c 0 v a (Barsakwg 1999, p. 584)

Barsalou(1999)equated th capacity to mentally simulate a concept with an
understanding f t hat concept: @AOnce individuals can
acceptable degree, they h¢BarsalogP9apdsBiuat e unde
particular, he argued thahce an agent has enough conscious experience with some entity,
object, or event, the set of perceptual symbols corresponding to that concept can become
integrated into aimulator Thesee mul at or s constitute fAthe knowl
processestha | | ow an i ndividual to represent some ki
(Barsalou, 1999, p. 587andtheir purpose is to produceental simulationghat are non

symbolic instantiations of .$hesssensarimatoc e pt ual At
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simulations are typicallpreconsciou® representations that occasionally become conscious.

When they do become conscious, they are referredrieatal images

~

Just as fAda pil e of bi (Murphyge@aOd)a seeos perdeptaat n ot
symbols does not define a concept. To solve this problem, Barsalou suggested that simulators
muststructure their perceptual symbolihin (background or referencégames®t. The role of
such a frame is to arrange a simulatoros perc
relationships to one another (in the context of a particular concept) are adequately specified and
constained.For example, a frame fdine conceptof a stationary bicyclenight include the
spati al relationships between each of its sub
frame, seat, and handlebairsyelation to itsoverall volumetric extent. To represent dynamic
concepts, such as a bicycle in motion or a saagyés may also need to include a temporal
di mension. Barsaloubs frames have ¢2006e funct.
calledobject mapgor spatial imageshoweverB a r s affares inctude additional properties,
such as fApredicateéedvataprdt odn §OBPedt Kbasiveael g

simple conceptualization of object maps.

20| use the convention established by Franklin and B@4xg0)of referring to unconscious representations that
have thegpotentialt 0 become conscious as fipreconscrs ®usws .amd t hose

2’Barsal ouds frames are similar (9)fs@maimeist, Whetr ed Mi hes kgt
are amodal, symbolic representations, Barsalou envisions frames as modaimbaric representations.
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Barsalou(1999)was adamantly opposedamodalsymbolg?, even if theycould be
grounded as Harngd990)proposed using a hybrid symbolic/aeypmbolic architecture.

Barsalou criticizedd a r n apgréash saying

One solution [to the symbol grounding problemagostulate mediating perceptual
representations. According to this account, every amodal symbol is associated with
corresponding perceptual statesinktng r m me mor yé During symbol
activation of the amodal symbol in turn activates asgediperceptual memories, which

ground comprehensioRroblematicallyjemphasis added], though, perceptual memories

are doing all of the work, and the amodal symbols arereduntfémyy coul dndt t he
system simply wuse its penngaatpgorizationande pr esent

reasoningemphasis added]?

Consequently, Barsaldd999)has argued that modal representations and mental simulations are
sufficientto implementéa f ul | 'y f unct i o n withoutcthee neecfgamadal(ile., sy st e m
ungrounded¥yymbols such as those used in classical symbolic Al and C3pécifically,
Barsalou(1999)attempted to demonstrate that a PSS csufiport types and teks categorical

inference productivity, propositionsand abstract concepts.

Barsalou(1999)furtherc r i t i ci zed amodal approaches sayi

provide a satisfactory account of tinensduction procesbat maps perceptual states into amodal

22 Goldstone and Barsald@998)characterized perce@ud sy mbol systems as an fiel i mine
uniting of perception, action, and cognition, that att
perceptual approach is sufficient for establishingafuly nct i onal s (fodstone & Barsalou,s1998, mo

p. 235) They argued thatf this position is determined to be w&unded it is grounds for eliminating amodal

symbols as unnecessahgeoreticabaggage
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symb¢@l580 (2) Ahave not faredtempodbr ahn Pmpwleemeqo
580}, (3) are not supported by negcientific and cognitive evidence; and ¢ only provide
post hoaexplanations of mental phenomena (such as timing effects in mental rotation and

scanning) that modal theories predict a priori.

Moreover,Barsaloucontendedhatlinguistic symbols araota modal sy mbol s, i
an amodal symbaverdevelop in conjunction witfthem]o (Barsalou, 1999, p. 592nstead, he
viewed linguistic symbols asodal corresponding to sensory experiences of word forms (e.qg.,
how they look and sound). These become associated with othaaters corresponding to their
referents (i.e., what these linguistic elements correspond to in the world), and it is this
combination of word form and referent simul at
construction of simulationgBarsalou, 1999, p. 58Zinally, he stated that while it isften
argued that amodal symbols acquire meaning by associations with other amodal sgimbols (

DistributionalSemantics), this approach ultimately fails without groungiagminalsymbols

Conceptually, the theory of PSSs makes several importanetle@binnovations:

(1) It suggests an operational definition(ofoda) understandingpased on an
individual 6s capacity and facility at sin
(2) It provides a mechanism by which new knowledge can be prodiitied using
modal representations, mtal simulation, and imagistic thought processes.
(3) It pushes the boundary on what can be accomplished with modal, analogical
representations, suggesting that4symbolic, imagistic thought could be the

backbone of naturghnd perhaps one daytificial, intelligent systems.
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Unfortunately, to date, the theory of PSSs has failed to compellingly demonstrate that modal,
nonsymbolic representations alone can accounalffiazognitive phenomeng.g., abstract
concepts; see Dove, 2009 such, the onus still falls on Barsalou to demonstrate the
redundancy of amodal symboRurthermore,il k e H aX990hybiddsarchitecture, PSS is a
high-level theory that is intuitively appealing but underspecified, and it requires more
computational accounts to determthe feasibility of implementing this theory in practice

(Barsalou, 2009; Pezzulo et al., 2013)

Motor Cognition

Jeannero@1994, 1995, 20013dvanced a simulatieibased theory of cognition that attempts to

unify the production of actions and actioriented thought. According to this theory, action

production involves both an overt stage, in which actions are executed, and a covert stage, i

which actions are mentally simulated. Jeannerod claimed that covert actions (motor simulations)
are the cognitive precursors of overt actions, and that motoric mental imagery occurs through the
enactment o€overt actionsvithout a subsequent overt actiexecution stag&eannerod, 2001,

p. S103%2. Jeannerod hypothesized that the convert stages of action production generate mental
representations that include an actionds goal

anactm pl an), and the actionds environmental <co

There is a wealth of psychological and neurophysiological evidence suggesting that

thinking about actingi.e., imaging oneself performing external activities) aotially acting

23 This raises the question of the mechanism by which action execution is prevented during motoric mental imagery.
Recent evidence suggests that biological systems have neural circuits that directly inhibit motor activity during
motor simulation, thus activwepreventing overt action executi¢gangelini et al., 2015; Rieger et al., 2017; Scheil

& Liefooghe, 2018)An alternate hypothesisvhich argedthat covert actions lack sufficient activation to engage

motor executionhas beetargely discredited.
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(i.e., performing external activities) engage similar cognitive mechanisms and utilize shared
neural pathways. For example, wharbjects were asked to imagine themselves perfgramn
action (e.g., walking), they typically required an amount of time that is proportional to the time
required to physically perform that acti(@akker et al., 2007; Decety et al., 1989; Frak et al.,
2001) Furthermore, neuroimaging studdebased oriMRI, PET, andnearinfrared

spectroscopic (NIRS) topographyhave demonstrated that similar patteshaeural activity
occur i n subj e-motw éortiges whemanragining and performed activities such
as moving oneds f (Decgteetd.,h 199; &lesson etaln 2003t Lotregtiak,
1999; Porro et al., 1996; Sharma & Baron, 20T3ken together, these results suggest that
motoric mental imagery and physical activity operate usimgja cognitive processes and a

shared neural substrate.

Building on these findings, researchers have noted that swbpbrvingthe actions of
others can elicit a pattern of neur al activit
actions(Buccino et &, 2013; CalveMerino et al., 2005, 2006; Gallese et al., 1996; Rizzolatti et
al., 1996; Rizzolatti & Sinigaglia, 2016)he neurons that perform this dual function are often
referred t o a(Rizzdlatii&rCraighero,2@4)md chairsassociated cognitive
processes as 0 fRizzolath & Singagtah2816)Rizzalaticand Sinigaglia

stated,

The functional properties of the mirror mechanism indicatettigatotor processes and
representations that are primarily involved in generating and controlling a given
behaviour can also be recruited in an individual who is observing someone else

displaying that behaviour. By means of this recruitment, the individagltake

50



advantage of his or her own processes and
and emotions, as well as their corresponding vitality fo(Rizolatti & Sinigaglia,

2016, p. 7)

It has been shown that these fAmirror mechanis
understand thatentiors of others(lacoboni et al., 2005and during the comprehension of

motoric, actiororientedlanguageJirak et al., 2010; Zwaan & Taylor, 2006)
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Chapter 3

A Hybrid Approach to Embodied, Simulation-BasedCognition

Symbols grow. They come into being by development out of other signs, particularly
froml i kenesses or from mixed signs partaking

These mental signs aremixed nature(Peirce, 18981913/1998, p. 10)

This chapters an overview ofES-Hybrid (Embodied Simulation-Hybrid) 8 ahybrid
(symbolidnonsymbolig approactio embodied, simulaticitvased cognitiofES) It is intended

to serve as roadmap for contextualizing the warksubsequent chapters.

A fundamental assumption shared byEdl theoriess that individuals conceptualize
understandand act upotheir environmentsising representatior@d processebat are
grounded irtheir sensory and motor systendat is, he mental representatiommdcognitive
processes used to interact with the worklracruited to reason about the woi@bnsequently
offline cognitionin ESlargely entails the renactment and transformationpfor sensoimotor
statesand theirepresentationalerivatives Given this,all ES theoies shouldminimally specify
(1) how knowledgecan begroundedn sensory and motor systen(2) how knowledgecan be
acquiredboth empiricallyandthroughreason (3) how knowledge can be brought to bear in
support of simulatiofbasedffline cognitiort and (4) howsimulatiortbased cognitiogan
support the production (i.e., the selection and execution) of achensloping ESHy br i d 6 s

perspective on thedmsic questions is tecusof this manuscript.

In this chapter, dliscuss the circumstances that led to and motivated g r i d 6 s

creation acknowledge the theories and ideas that influenced its develgmnddiscuss some
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of its limitationswhich will be addressed in subsequent chaptesowing this, | provide a

high-level overview of the theody a narrative thaintroduceESHy br i ddés ment al
representations and cognitive processeddescriles how theycollaborateto realize ahybrid
conceptualization of E®4any of ESHY br i d 6 s ¢ o mpndivideallytdscussedandt h e n
elaboratedn. | conclude the chaptevith brief discussionsn intentionality, intrinsic meaning,

and language the context of ESlybrid.

Preliminaries

Origins and Motivations

ESHybrid developedrom aninitial attemptto implemenB ar s al o u épsrceptdale or y o f
symbol systens within the LIDA cognitive architecturée.g., see Kugele & Franklin, 2020@)s

aresult of thatexercise I came t o thedrgas bothded&plyinsgirad andu 6 s
conspicuouslylawed. Thefundamentaprinciplesof embodied, simulatiochased cognitiothat
developed out of that theoayeintuitively appealing and wekupported empiricallysee

Barsalou, 2008, pp. 62831) NeverthelesB a r s afkliminafive position (see Goldstone &

Barsalou, 1998)egardingamodalandungroundedepresentationseemdargelyindefensiblet

As Toomela1999)observed, there is knowledge about the wtirlt is qualitatively out
of the reach of our sens&&/e will neverdirectly observehefi s t r from gtsng theory

gravitationd singularities transfinite numberor consciousnes3hese concepts are

1 A strictimplementatiorof a perceptual symbol systémalso largely incompatible with LIDA, whidis a hybrid
(symbolic/nonrsymbolic) cognitive echitecture Moreover Stan Franklinthe creator of LIDA thought it likelythat
someconceptge.g., transfinite numbersyeungroundedthoughhe regarded themsfar less common than their
grounded counterparts (S. Franklin, personal communications; ZU22A).
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permanently ungrounded by the nature of their conteaxteNhelesshis does noimply that

suchthings are beyond the reach of our thoughts.

Moreover,we can think aboutbjects entities, and eventer which grounding is
possiblein principle, but it has yet to be established engaillywi t hi n o neThese own mi I
are hypothetical§.e., predicted objects, entitiesituationsand events Theyhave yet to be
directly observedtherefore, they lack grounding content. And yetang capable akasoimg

about temas well

Considerfor examplethemental representatisrior eventsthat haveunknown causes
(e.g.,idiopathic diseas@swords thathaveunknown meanirgye.g.,
fifloccinaucinihilipilificationo ,)Jandobjectsthat haveno known propertieé e . g. , fAdar k matt
The existenceof theseunknown referentsan be inferred in the absence of any direct
observationd from theirindexical relationships with other thing3iseases have causes, words
have meanings, and objects have propetrtiesefore, we assumeade same principleaust
also apply inthesenstancesWhile thesanferredmentalrepresentationsiitially lack speific
identitiesandtangible propertiesve can neverthelesghink aboutsuchthings. Therefore,

distinctmental representatiomsust exisin our mindsfor these referents.

According to the theory of perceptual symbol syst@A&Ss) all mentalrepresentations
are modal, analogical, and groundBarsalou, 1999)But what s@sorimotorexperiences can be
constitutive of these unknown referents? What propestisgructuregxist in their
corresponding perceptual states that could be used to establish an analogical (resérabda)ce
relationshipwith those referenfsHow might these representatiobe groundect the time of

their creatiorwhen th& existence wereinferred, not observed2ontrary tothe theory oPSSs
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| contend thatwchrepresentations are n@malogical, amodal, anditially ungroundedin

other wordsthey aresymbolic(in the Peircian senseee Chapter)2

Furthermore| contend thathese initially ungrounded, amodal symbols are not fringe
phenomena. They atke pervasive byproducts of tegiown, predictive processingmodal
symbolsarecreatedor otherwiseallocated by a cognitive systeiwhenever the existence of an
object, entity, or eventisinferrc hese amodal representations ca

pl acehol derso within that systembés associatiyv

Suchungroundedgymbols a not functionally inertTher very existencecaninfluence
0 n eadtisns, demanding answers to épéstemicquestions theposé e . gwhatdods
floccinaucinihilipilification mear?o More specifically ungrounded representatiomanexert
pressure on a cognitive system that encourages the seleciigpisiEmicaction® (see Kirsh &
Maglio, 1994)hatare intendedo ground themAnd, in most casesheseamodal,symbolic

representationsaneventudly begroundedvia activeexplorationandspeculativereasoning.

ESHy bri dés appr oa cisadmple extersibrrofitliekeasTheonlye pt s
difference being thahtrepresentations for abstract concegresungroundablelt is not simply
a matter of acquiring the right sensorimotor experiehagsunding experiencafo not exisfor
these concept3.herefore, their meanings must be established througiyrmamding

associations.

2] also suspect that amodal representations may more generally supfiortodalbinding( si mi | ar t o Damas
convergence zones or habdspoke representational models; see Damasio, 1989; Patterson et al., 2007; Ralph et
al., 2010, 2017)
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| contend thaamodal(symbolic)representations are ubiquitansconcept
representatiorHoweveB perhapsounterintuitivelyd | also contend that thegrealways
associateavith supportingmodal(nonsymbolic)representationd his necessitates @nceptual
shift. Rather thathinking aboutconcepts in terms @tomicrepresentationsve need to think in
termsof compositaepresentations. Rather than asking whetheioan ¢ eepréséngation is
symbolicor nonsymbolic,we should assuntbatall conceptrepresentationsontainelements

of both?

Usingcombinations omodalandamoda representations, EBybrid canrepresent
concrete and abstract concepigyportunknown referents, performultimodalsensorimotor
bindings, and implement contextual disambiguaien, solve the designation problem; see
Barsalou, 1999, sec. 2.2.Burthermorethese hybrid representationgturallys u ppor t fAact i
perceptionodo and .fiknally, ESH yi bvr eimdicadsepraseations icam serve

as fAscaf fitsaarodhlireprgsentatioms, and vice versa

As a further motivation for ESlybrid, the actiororiented aspects of cognitiane
generally glossed over by Barsaléuwcording to the tenets of embodiedgnition cogniton is
ultimately in service of actio(Franklin, 1995, Gapter 16; M. Wilson, 2002, pp. 6332),

thereforethis aspect of cognition should be addressed. Moremaaty offlinecognitive

3 Michel (2021)made a similacasewhen he arguethatthe modal/amodal dichotomshould be
reconceptualizations agradedrepresentational propertfin particular, see Michel, 2021, sec. 6.2 for a good
discussion of this idea.)

41 definecognitive indirectiorasthe ability to rapidly adjust a mental represestatio s r ef er-ent i al and |
referential associations, while maintaining any dependent associations (i.e., the other representations that refer to it).

I n this way, a representationés properties, tampousiundi ng,
maintaining other previously established associative relationsbgumitive indirectioris usdul for consideing

alternate explanations for unknown refereatsong other thinggl discussedhis again in the context of an

exampldater in ths chapter.)
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processesanbe modeled as th@mulatedexecution of internalizedvertbehaviors and their
environmentatonsequencg$allese et al., 1996; Jeannerod, 2001; Rizzolatti et al., 1887)

this sense, cognitiois action and thinking can be modeled as a giglartlett, 1958)

Influe nces

ESHybrid incorporatesdeasfrom B a r s attheoryofpsrceptuabymbol systems(Barsalou,
1999)H a r n @@P0)Isybrid grounded architecturandJ e a n n €00a)théory of motor
cognitonL ak of f a n (999, aa80i2008mboslied theory of analogical thought
inspired portions oES-Hybrid, and situated, onlineontrd processegBrooks, 1986, 1990,

1991b)also figure into this theoryMany of these ideas were covered in Chapter 2.)

Finally, it i s HR&ankinetab, 2@l6nduersce caESelyblidIES-A 6 s
Hybrid wasconceivedf and developedith respecto an eventual implementation withihe
LIDA cognitive architectureAs a result, ESHybrid can be viewed a&n abstraction over LIDA,
anditnaturally reflects LI DAGs conceptual commi t

cognition.

Limitations

ESHybrid is asa high-levelhybrid account oémbodied, simulatiotvased cognition (ESIt is
intended to serve @i med rac h i tthatinfonnstlee anodeling and implementation of
specificaspects oES. As such, i leavesmany detailainspecifiedfor example, attention and
learning mechanisms)nd othersinderspecifiedfor example, motivational systems and action
selection) It makes no strong commitments to any modular organization of mind (e.g-,ashobrt

long-term memory module®r perceptal systemp Nor does it mandate specific
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implementations for many of its cognitive proces§€amsequently, ESlybrid is too abstract to

serve as aunified theory of cognition(see Newell, 1994)

Ungrounded new knowledge
Concnte ﬁ
‘ . .
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external actions

This partly reflects the fact thd&S-Hybrid was alwaysntendedo be implemented
within a cognitive architecturespecificallyLIDA .> However, this alsoeflects a desire to avoid
overly constrainingts implementationshrough unnecessary design choidegyeneral, ES
Hybrid is intended to be a mininistic system specificatiom orderto maximize the flexibility

and extensibility ofts future applications.

5 The primary focus of the remainder of this manuscript will be the conceptual and computatfealentatios
of fundamentaES-Hybrid componentsvithin the LIDA cognitive architecture
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Overview
Figure2 shows the major componentsks-Hybrid, including itsbasicmentalrepresentations,
cognitiveprocesses, and their hidgvel relationships to one anoth®tany of these will be

described in the text below.

Sensory stimulioriginating from arag e n (exesial)environmentare transduced by an
a g e nt 6 sactwaing monlalitgspecificfeaturedetectorsThe resultingpatterns of
activationare encoded agensorimotor representatiotisatcanserve asisensory signaturesgor
thoseenvironmentastimuli. Resemblancéasedyeneralization processesanthenoperate on

these sensorimotor representationsdostruct increasingly invariagtoundedrepresentations

Grounded representatioagnify senseableobjects entitesand si tuati ons
(external or internalgnvironment These representans carvary in their perceptual/conceptual
specificity, from viewpoinspecific, contexsensitive sensory experiencés.g., a sunset viewed
in a particular moment from the window of a plane) to more generarete concepi®.g.,
sunsets at largeHowever, they aralwaysgroundedn sets of modalityspecific, sensorimotor

representations.

Ungroundedepresentationarecreatedvhenpredictive processeasfer the existence of
funknown referersdd hypothesizeabjects entities situations and eventthathave yet to be
directly observedWhile these representatioaseinitially ungroundedtheyarealways
associateavith supportingmodalcontent(via nonreferential associations, which are described
later). This modal content serves an indexical relationship thoseungroundecimodal
componentspointing to their existencather than depicting their contetlit most caseghese

ungrounded sticturesareeventuallygroundedhrough direct observation or speculative
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reasoningHowever, inaminority of casesa structure may b@herentlyungroundablethat is,
the thinggo which these representations refan benferredbut not directlysersedin an

environmentThis is how ESHybrid modelsabstract concepts

An important aspect of EBybrid is its distinction between referential and fion
referential associationReferential associatiorare grounding associations that establish links
between representations and the things to which they Ndeireferential associationsare non
grounding associations that represent-onomespondenebased relationships such as causality,
co-occurrence, and sequential ordering. Neferential associations between concrete and

abstract concepepresentationsan enabl@nalogcal (e.g., metaphorical) reasoning

Simulationbased offline cognitive processasanipulateactive representatiofigor the
purpose ofjeneratinghew knowledgandthe representationgtecursorof action(e.g., beliefs,
desiresintentions andsituational conted. A fundamental assumption tifis theory is that
offline cognition isprimarily based on imagistic, epistemic (knowledggnerating) processes
and the execution of internal (covert) actidgdsannerod, 2001These cognitive processes are
not based on explicit, ridease&, symbolic computations, but on the generation, transformation,
and inspectiorisee Kosslyn, 1994; Kosslyn et al., 2006)nternally perceivable, sensotlike

content(i.e., mental simulations).

An action selectioomechanism selegexternal or internahctionsbased on thaction

precursorgresulting from offline cognitionJeannero@2001)referred toexternally directed

5 Active representatioraresituationally relevantepresentations h at ar ed ife.ancatld avadable ait more

salient to cognitive processeb ased on the situational el ements embeddec
environmentWhile | generly assume that perception, memory recall, and mental simulation contribute to these

activations, the details are left unspecified here
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actionsas fAover t oternaflytdireotedsctiaasd fi c o v e Cdveértacdions | on s .
generate actiochased mental simulations that can be used to pribdiconsequencesf an

agent 6 sThey can alsm hesusénunderstand the actions and intentions of ot(sss

Gallese et al., 1996; lacoboni et al., 2005; Rizzolatti et al., 1988 generally, this capability

to executecovertactionsis the basis fofimotor cognitio (see Jeannerod, 2001, 20@édthe

volitional aspect®f mental imagerysee Chapter 7Covertactions can be thgint of as

effecting chaimegnalenvironmedta &dgaeansodosent, internal m

current situatior.

The executiorf overt(external)actions occurs tlough a process aituated, online
control (cf. Brooks, 1990, 1991bThese aline cognitiveprocesses directly receive the patterns
of activation induced in sensorystgms by environmental stimuli, and they send appropriate
low-l ev el mot or commands to an agentodés actuator
directly coupled to an agentds enwWnceannment th
action isselected, online cognitive processes continue to fulfill the execution of that aetibn
changesima n a gnéemal stadeesult in the selection @ differentaction.In generalpffline
cognitioncan be seen as orientingdisposinga cognitivesystem towards fulfillinga proximal

intention while online cognitionfulfills that proximalintentionthroughovertbehaviors

While an agentdés internal environment can be spatially
ofen mirrors and augments the recently observed portion
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Figure.ESHy br i dds r e pr eRepreséntations@ane brbadlysdyided mtmcept
representations arggnsorimotorepresentations. Several labeled examples are given in the diagran
described below(a) containsanungrounded concept representation (é¢hg ,unknown meaning of a
word) with anonreferentialassociatiorio a grounded representation (e.g., a word fofbj)containsan
ungroundedconceptrepresentatiowith areferentialassociationio another uigroundedepresentation
and anonreferentialassociation to a grounded representation (which may support analogical thinki
(c) containsa groundecdconceptrepresentationorresponding ta generalizatioroverseveralgrounded
conceptd (d) and (edepicttheseconceptsNote that(d) has a nomeferential connection to (gndthat
(e) ismultimodal (Not all grounding referentialassociationare depictedh the diagran).

Mental Representations

Sensorimotor Representations

Sensorimotor representatioaenon-symbolicrepresentations that emerge from the collective
activity of a set omodality-specifig often hierarchically organizetkature detectorsThese

feature detectorsae s el ect i v el ya brleecoe patsipveec ttsqfoofifs eanns ee n v i |
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example olfactory or gustatory chemical signatures, acoustic vibrations, visible patterns of

electromagnetic radiation, joint pressures, or nociceptive (i.e., pain) stimuli.

Each sensory modality may have drastically different characteristics and representational
needs. For example, vision may require topographically organized photoreceptors, while
olfaction may require combinations of highly specific chemoreceptors. Thersémsorimotor
representations are typically segregated by sensory mad#tigt is, they will be primarily
unimodal However multimodalrepresentations can be formed from them through later

associative bindings.

Sensorimotor representatioaiee summaries dhe patterns of activatiothat occur in
sets ofmodality-specificfeature detectorahile sensing environmental stimuli. The resulting
modal summaries characterize the most importaniéoel features of enkonmental stimuli.
As such, sensorimotor representations are fundamental for many perceptual and simulation
related capabilities. They can also serve as the grounding constitugrasimdecconcept
representationsSensorimotor representations combingasc t s o f(1999\conica d 6 s

representat i o(b999)parceptualBanbasal ou 6 s

ESHy bri dés sensori motor representations poss

(1) They aremodal composed from the activity originating in sensory and/or motor systems
(2) They areanalogical bearing a resemblance to the things they signify.
(3) They aregenerative supportingnodal mental simulations

(4) They areperceptual capable of activatg and being interpreted by perceptual systems.
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GroundedConcept Representations

Sensorimotor representations are like the syllables or phonemesdal meaningwhile

groundedconcept representatiorase its words, phrases, and sentences. Like syllables and
phonemes, sensorimotor representations are not directly meaningful, but they can become
meaningful as thenodalconstituents ofroundedconceptrepresentationgElementarygrounded
conceptsare famed when sensorimotor representations are bound together into (potentially)
multimodalr e pr es ent at i oinnso spébdarsensonaaxperiesceBading occus

through the association of one or more modafigcific sensorimotor representatowith a
coordinatingamodalr e pr esent ati on t hat f unRamaso,rl%89)! i ke a
These basigroundedconcepts are viewpomand contexspecific. They érm the basis for

resemblancdased discrimination (e.g., same/different judgmentsyaodhl simulations

Through the coordination gfeneralizatiorandpredictivepr ocesses, t hese s
of experience can lead to increasingly invariant and rpalti, groundedepresentationthat
correspond to particular objects, entities, situations, and eyerdsontinued generalization
canresultin a hierarchy of categical representation€onsequentlygroundedconcept
representations exist inspectrumof generalitythat extends from viewpoirgpecific,sensory
experienceso highly generalizedategorical representatiariSrounded concepepresentations
canalsogrow intohighly complex,hybrid representatiai structured for examplestructured,

composite representatiolise K 0 s s | y n(20@6)fobjedt mapés ( Fgered).

64



—

time (t)
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Figure4. Groundectoncept representations as object maps. A spatial object map (Left Panel) de
the spatialextent of a bicycle witheferential connections grounded representations that correspol
to itsparts. A temporabbjectmap (Right Panel) depicts a portioha song withreferential
connections to grounded representations that correspamdivimual notes.

All groundedcconcept representations are capable of being compared (e.g., by
resemblance) and associated with otireundedconcept representationsde via referential
and norreferential associations). They can alsartantally simulatediue to their (direct or
indirect) grounding in sensorimotor representations, which allows the partiahogment of
these sensory experiences (e.g., lagrarticlars uns et Al oo k egtaunded Addi t i or
representationfunctioning as concrete conceptgpportcategorical inferencef.e., identifying
types from tokens) and the abilityittsstantiatg(e.g., mentally simulatejpecific instancesf a
category Groundedconcept representations reside within an associative network of referential

and nonreferential links (se€igure3).
ESHybridd groundedconcept representatiopsssesshe following properties:

(1) They areanalogical bearing a resemblance to the things they signify.
(2) They aregenerative supportingnodal mental simulations

(3) Theyaregrounded either directly or indirectlyin sensorimotorepresentations.
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(4) Theyareperceptuaf capable of activating and being interpreted by percepyisaéms.
Thesepropertiesare discussed in more detailtire Appendix

UngroundedConcept Representations

Ungroundedconcept representatior@serepresentational structures that,areleastnitially,
ungroundedTheyare symboliadepresentationsvhichenableghem to refer to any imaginable
concept (concrete or abstrad¢fpwever, taken as a whole, ungrounded concept representations

are mnbit A artheibassdciaed indexical (contextualiziggpundedcontent.

Ungroundecdtoncept representations result when predictive processes infer the existence of
something that cannot, as yet, be identified wighandedconcept. For exampleessing a blur
of motion out of intidaesthat @methimgexists that cansedatsat visuale
blur, but it is not clear what that something may have been. Based on the hypothesized existence

of this unidentified entity or event, predictipeocesses will

(1) create aramodal symboland
(2) create aonreferentialassociatiorbetween the newly created amodal symbol and a
groundedconcept representation that corresponds to the sensory experience that initiated

the causal speculation (e.g., theebglimpse of an unidentified object in motion).

These amodalymbok serve as associative anchtinate x er t A pressureodo on a c

to establish their grounding. Their influence manifesthénselection of actions that saek

8 Perceptual 0 gr ostdperceptualandocenpeptsal systapshang(i.e., operate on) the

same representations, and this terminology often appears in the grounded cognition l{E2fgee Barsalou,

1999, 2016a; Goldstone & Barsalou, 1998; Haimovici, 2018)T her ef or e, I use the term fAs
this representational property in the Appendix.
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ascertain the identity of these unknownhise resulting actions mdgcusa n  a uientiondrs
re-orientits body towards sensory stimuli of interest (etgwards a perceived motiarip other

words, the awareness of these unknoearscompelagentdowards active exploration.

Theidentity of these unknowns can often be determined eéhmgirically (e.g.,via
exploratory external actions) or througpeculativeeasoning (e.gvia exploratory internal
actions). In either case, if a real or hypothesized causal entity or event is determined, then offline
cognitive processes will createeferential associatioto that causal entity or event. Crucially,
without these initially ungrounded amodal symbols, we would have nothing to organize our
empirical evidence and speculative reasoning ardumd. ot her words, they ser

that support the eventuatquisition of modal meaning.

In most casesjngrounded concepepresentationareeventudly grounded This occurs
whenreferential associatiorage established (learnedjth groundedconceptrepresentations
However, if an amodal symbol refers to antedag concept, it will remaipermanentlydetached
from an agentds sensory systems. |In some case
Il i ke an ar rmometelential assotiaionto begreated betwedneseungroundable

concept repreentationandgroundedconceptepresentations

Though permanently ungrounded, the amodal symbobbistract concepts caloy non
referential associations witithermodaland amodal representatioesyry contextuaand
relationalinformation(e.g., spportingdistributional semanticseeChapter2). They can also
establish referential associations with otherodalsymbols(e.g.,X IS A Y ). However, they will
always lackiimodal meaning s theyarencapable obeinggrounded,and by extension

they cannot supportornrmetaphorical, modal simulations.
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ESHy bri dés ungrounded concept representation

(1) They aresymboli¢ bearing no resemblance to the things they signify.

(2) They areungrounded having no diect or indirect referential associations with
sensorimotor representations.

(3) They arenon-generativeunable tosupportmodal mental simulations

(4) They arenon-perceptual incapable of activating and being directly interpreted by

perceptual systems.

Noticethat most of these properties are negatidiney arenot groundefdThey arenot
generative They arenot perceptualConsequentlytheir referents are also largelgconstrained
This makes ungrounded concept representations incredibly powikéylcarrepresenalmost

anything.

Referential and NorReferential Associations

Associationg i . e . ,betfeden repkesentgtions are broadly characterized asrefitrential

or non-referential Note that while it is often convenient to discuss thesecéstsons in terms of
graphtheoretic concepts (i.e., nodes and links), this should not be interpreted as a constraint on
implementations. Any mechanisms by which two representations can be assofoated

example, synaptic connections or crregjuency (., thetagamma) coupling is fair game.

Referential associatiorsse thus named because they directly suppoedtablisiment
of arepresentatiadns r ethaeis tieey d@stablishvhat it correspond® or signifiesin the
world. For e x a mlpcdoresponfisttdpn a rs| isend o rcorréspomds &p afi enedl ionrg

At hi s mat he oignifiestchad rsaytmboolof a circl e®&® cir cumf
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elementarygroundedepresentationghisrelationshiptakes the form of aonstitutive

association with sensorimotmpresentationghat is, sensorimotor representations directly

comprise those representaoRor categoricatoncepts, referential associations can take the

form of Ai s asohi(pi). er.e,| asteito nnsehmbpesrijsaP @me rxmimph @& ,
or fNa Posmeypei ah“isladga@nasrcemdent al number . 0 Her
instance (i .e., At okeno) bothcagen,thé repeesentationalat egor y

naure of the referential associations is identical. However, their semantic interprétatibic

depend orthe cognitive processes that use tBemay subtly differ.

Non-referential associatiorimoadlyencompasall non-groundingassociative
relationshis. These coul d i ncl udusedchaeu saaplpiltey t(oe .fga.l,l of)
correl at i onidicated .hge. ,prfessmecnkcee of f i r eadgeceurssequent
beforeei n t he Engli sh al phabeto0lg) reetac.i olnmlgemper
association that does not establish an iconic or symbolic signifier/signified relationship between
two representations can functionasa-noef er ent i al association, and
offline cognitive processes willigely determine which nereferential associations are needed

and how they are established.

Non-referential associatiorisetween abstract and concrete concepts allow nebulous
(abstract) ideas to be conceptualized throargdiogywith more tangible concremnceptsThis
contrasts withreferential associatiorisetween concepepresentationghich canallow

ungroundedepresentationmbecomee oncr et e concepts through fiinc
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Symbolic

Representations ;F;ii‘::;;jf,d *ﬁ'% - Cha I r
¥ Chair

Direct
Non-Symbolic Grounding
Representation

Indirect
Grounding

Figureb. Intuitive depiction oflirect and indirect groundinéurrows indicate referential associations.
Referential associations between purely symbolic representations are not sufficient to establish gr
Only referential associations that are terminateal morsymbolic representation can ground a symbol
representation. Symbolic representations can be indirectly grounded if a chain of referential assoc
connects the symbolic representation to asymbolic representation.

Grounding

A conceptrepresentation isninimallygrounded if and only ifthere exists ahainof referential
associations frort to a sensorimotor representation. A concept representatimecsly
groundedf and only if there exists singlelink referential chain (i.e., a direct association) from
it to one or moresensorimotor representat®mnd a concejrepresentation imdirectly
groundedf and only if it isnot directly grounded, andraferential chain exis{®f length two or
more)betweenit andone or moresensorimotor representat®frigure5 attempts to illustrate
these grounding relationships using the more intuitive notions of symbolic argymiolic
representationgzigure3 depicts these relationships within the contextofHEg b r i d 6 s

conceptual system.

*AMi ni mally groundedgroumiacdo cthm sreei nfnesrnt ea dt lnd rMoti on that
singul ar fAgr oundiegrgdiabsablsimment aketerertial assotidii@ietwdentonceptual
representations and sensorimotor representations
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Grounding is often portrayed as a Boolé¢ane or falseproperty of representatios
like establishinga groundingconnectionin an electrical circuitin this view, arepresentation is
either groundegr it is not. However, sich metaphors are misleadirigstead,) contend that
grounding is aontinualactivity that involvesncrementallyestablishing referential connections
between concept representati@msitheir correspondingensorimotor representatioi$e nore
referential connectiong.e., referential chaingd sensorimotor represeritats themore
grounded a concept representation loarsaid to bel-or example, a concept representation that
is grounded in visual, auditory, and tactile sensorimotor representations can be sabte be

groundedthan one that isnly grounded in visuasensorimotor representatiofteteris paribus)

Cognitive Processes

Generalization

Automatic, bottorrup generalization processease the similaries betweersensorimotor
representationandgrounded oncept representations clusterrelated representationghis can
support thdormation of more general concept representatiyngdistilling the commonalities

over those exemplarBor example, generalization processegght organize theviewpoint
specificsensory experiences of a dmgat into aviewpointinvariant representation for that cat.
Similarly, groundedepresentations corresponding to many individual cats can be generalized

into concreteconcepts for cats at large.

10The generalization processea®ferto in this section are unconscious, bottop and resemblandsased. This

contrasts with consous and deliberative generalization processes that can construct more general concepts based on
conscious feature inspection and categorization. The taxonomic classification of organisms into kingdoms, phyla,
families, genera, and species by phylogendtaracteristics is an example of the latter (which will not be covered).
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Gradually therepresentationgenerated by these processanbecomeselectively
sensitive to the activity of songgoundedconcept representatiobsit not other¢cf. Har nad 6 s
categorical representation#) this way,groundedconceps for subordinateg(e.g., apple)basic
(e.g., fruit) andsuperordinatde.g, food)categoriexan beformed(seeCognition and
Categorization 1978) The specifics of these generalization processes and the conceptual depth
of the learned ontology will depend on the needs o&tjent and the tasks it endeavors to
complete Generalizatiorprocessesanwork in conjunction with perceptual and predictive
processes to identify pantholerelationshipsn order to form structured representations, such as

flobject maps (Kosslyn et al., 2006)

Prediction

ESHy bri dés predi ct i vaadapsocate gracaesses thahmake inferelacgsi st i ¢
about the objects, entities, situations, and eventaittiae representatiorsgnify. For example,

they may be used to infer causal relationships (e.g., a spilledaddwisedhe puddle on the

kitchen table) or predi@ction consequences (e.g., neglecting to water a houseEgrdausé

to wilt and die). These predictive processes support the creation of referential enefenential
associations, and they can be used to identify unknown referents. More gettezgiiymary

function of mental simulation may be the generation of experibased predictiondoulton &

Kosslyn, 209) And numerous researchers have noted a relationship between prediction,

perception, and mental simulatiofarsalou, 2009; Clark, 2013; Jeannerod, 2001)

Mental Simulation
Mental simulatiorproceeddy iteratively reactivatinggrounded representatioimsa topdown
fashion This processerminates when modal sensorimotor representations have been reactivated
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and used by generative processes to create modal simul&emarative processes create modal
simulations by inducing patterns ofth@activatio
correspond to grounded concepiibese simulations are then integrated ivictual scened

within an agentds internal environment .

Mental simulation is a largely learned capability that is directly supported by the
acquisition of sensorimotor repsggations and referential (groundiragsociationsLoosely
speaking, the more referentadsociationgxist between a concept representation and its
corresponding sensorimotor representations, t
those concept Furthermore, since grounded representations are required for mental simulation,
the extent of oneds | earning about a (concret
capacity to mentally simulate(Barsalou, 1999, sec. 2.4.&onversely, the failure to
adequatelyismul at e an object, event, or the consequ
failure that can be exploited by a cognitive sysieimor exampl e, to orient o

t owar ds fesvironmental stimottg 0

Action Selection

Offline cognitive activities culminate in the activatiamd/orgeneration otherepresentatioal

precursor®f action selection. These representatiola/c or r espondcutrent an agent
beliefs,desiresandintentions(Bratman, 1987)elements of its ongoing plans, aspects of its

currentsituation(among other thing).

"This idea is exploited in Chapter 5 to direct an agent
could be used to support procedural learning as well.
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ESHybrid is generally agnostic to the details of this action selection mechanism; however, it
is crucial that selected actions should servieigislevel, goatorienteddirectives(e.g., hitting a
tennis ball with a forehand swinggther than lowevel, actuatocommandge.g.,the excitation
of collections of muscle fibersThese actions shoufghredisposeacognitive system towards a
particular mode o$ituated online contrglsee the next section), rather than dictate the execution
of individualmotor commandsThat is, selected actions should spewrfyatshould be done

rather tharhowit should be done.

Actions can baelected foimternal(covert)or externalovert) execution Internal actions
affecta n  a gnéemal énsironmenthile external actions affedts external environment.
Internal environmestarecomposed of affectable and introspectable mental statesgnal
environmenrg arecomposed of sensable objects and events tlaae assumed texist beyond an

a gent desmemal statesa

Action Execution

Onceanaction is selected, isvertexecution is fulfilled through a processsituated online
control. This control mechanism proceadgaralleland largelyindependentf offline cognitive
processesand itcontinuesuntil another action is selectethis situated control subsystem is
envisioned as beingrgely nonrepresentational and reactifaf. the subsumption architecture;
Brooks, 1986, 1990}t is tightly coupledto the envirament, continually influenced by

incoming sensory stimuli and the environmental effects of ongoing action execution.

In dynamic, rapidly changing environments, such a parallel and largely independent
mechanism of situated online control is essential. @&ftiognitive processes are often too slow

to react to the changing demands of such environments. TherefelrydEi8 incorporates
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multiple control loops The offline control loogs raison d'étrés to periodically (réorient the

onl i ne ¢ o nuatedadttivity tonarndsdssnpeeximal intention

One final note: it has been hypothesized thabtitdowingmotor signalsent to
actuatorslur i ng action execut i onCrapsekdansmer,2008;0r ol | ar
Jeannerod et al., 1979; Sperry, 19%8rollary discharges can resultinflowing copies of
outflowing motor signalthatcan beusedton f | uence anandmaeeptuald s sensor
systems? In particular, they can be used to predict the anticipated sensory consequences of
motor command executige.g., using a forward model; see D. M. Wolpert et al., 1888)
adjust the patterns of activation in sensory systems accordiigtypredictivesensory
feedback is a form of lovevel motor simulation; therefore, it has been included iHBSb r i d 6 s

conceptuaframeworkfor completeness.

Amodal Representations for Grounded Cognition
Amodal representations have been mischaracterized by focabmast exclusively, on a single
class of amodal representations, namely those that appear in formal symbolic systems like

mathematics, logic, and human languages. For example, Barsalou stated

[a]modal symbols bear an important relation to words and lgggddneorists typically
use |l inguistic forms to represent amodal s
be analogous in many important ways to language. Just as language processing involves

the sequential processing of words in a sentendensodd] conceptual processing is

2Depending on the context, corol |l ar ¢onHblst,d9b4thogghs ar e r ef
theseconceptaresubtlydifferent
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assumed to involve the sequential processing of amodal symbolslikelist sentence

like structures(Barsalou, 1999, p. 579)

This characterization assumes that amodal representations requivasete symbolic
manipulations for them to serve a purpose withoognitivesystem However, | contend that
this assumption is fallacious, and it is largely based on their historical uses rather than their

potential.

While humans may acquire amodal representations in support of activities such as
mathematics andnguage, | contend that such hurtamtric use cases are derivative of a more
fundamental class of amodal representattbasare shared with ndrumananimals
Specifically, Icontendthat amodal representations are generatealby a g e-doivi@ s t o p
predictive processewhen the existence ahunknownentity, object, concept, or event is
inferred These amodal representatiaasmfacilitate numerous cognitive functions without
resorting to classical rileased symbolic manipulation. Moreover, these ahogpresentations
can directly support grounded cognition, rather than standing in oppositiomtthi.
subsections that follow, | review some of the use cases for amodal representations that do not

require rulebased symbolic manipulation.

Unknown Referents

Consider the following scenario: Alice, our agent, is taking a stroll through the woods, when she
hears the sound of leaves rustling behind her. Startled by the unexpected sound, she turns in the
direction of its source in search of aisa. One plausible cognitive account of these events is the

following:
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(1) Alice heard a sound behind her, which she recognized as the sound of leaves rustling.

(2) Alice predicted that this rustling of leaves had a cause, though this cause is initially

unknown (lut presumably knowable).

(3) As a result of this prediction, Aliceq1@iented her body to acquire additional
evidence (i.e., sensory stimuli) in an attempt to identify the cause of the rustling

leaves.

Figure6 depicts a knowledge structure (in two different formats) that could support these
activities by representing the existence of a hypothesized, but initially unknown, cause of the

rustling leaves.

Figure6, Panel (a) shows a purely symbolic (amodal) representation of this knowledge
structure. The variabl@ is introduced to represent the unknown cause of the leaves rustling. A
#A O OrAi&ionassociates) to what it causedl i.e., the leaves to rustle, which is depicted using
the atomic symbgl %! 6 %3 ., 2 5 Bhd# A O Gelaffon when combined with these
specific arguments, i s intendeavdswasausedbyyvey t he

some currently unknown (but I ikely knowabl e)
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(@)
Caused(Cause = ¢, Effect = LEAVES_RUSTLING)

(b)
unknown leaves
entity causality rustling
(concept) (concept) (percept)

? O=()

simulation simulation

N e e - rd
unknown “unknown entity”
entity caused
(token) “leaves to rustle”

(token)

Figure6. Depiction of ahypothesized unknown entity. Panel (a) depicts a purely symbolic
representation corresponding to an unknown entity that is hypothesized to have caused the ey
leaves rustling. Paah (b) depicts the same knowledge using a simuldiased knowledge structure.
(Rectangular regions with doubliee borders represent simulators, rectangular regions with dasl
borders represent simulations, and rectangular regions with thick bonolerser modal percepts
corresponding to incoming sensory stimuli.)

Figure6, Panel (b) shows the same knowledge encoded using an integrated set of
simuations and modal representatibh#A simulator( s e e  C h Bmbadied, Sirulatiofi

Based Cognition and Perceptual Symbol Systeins cor r esponding to Al i ce:¢

Aunknown entityo generates a si muluaknowon capab

1B The depictive style used Figures, Panel ( b) wa s(19p9%figueed depiating B integradidn ofu 6 s
perceptual symbols into composite representaiferts, see Barsalou, 1999, fig. 5)
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entity (or force). Another simulator, corresp
the simulation of a causal event representing
Note that this causal event simulation is itselfcosmpod of t he previously <co
entityo simulation (i.e., the cause) and a mo
the effect). lts function is to associate the

via a causiity relationship.

Question: I s the simulation generated for
Figure6, Panel (b), a modal or an amodal representation? Let us consider the necessary

properties of modal representations (discussed earlier in this chapter).

(1) Is it composed ofmodalityspecificcatent( i . e. , content originat

sensory or motor system)?

(2) Does it bear aanalogicalrelationship with its referergt.e., does it resemble, share

observable properties, or a structural correspondence with its referent)?

(3) Is it grounded(i.e., are there informational conduits in place that could establish a

correspondence between it and some observable, environmental stimuli)?

(4)Isitsharableb et ween t he agentds perceptual and
Answering Ayeso t o aeedinglpdfficthese questions i s
The concept of an fAunknown entityo is char

the absence of tangible properties. These characteristics make it challenging to deteymine

modal (sensory or motor) content that could destitutive of this concept or one of its
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simulations. Furthermore, the lack of known properties undermines its analogical relationship

with its referent, whicldoes in fact, have properties. Alice simply does not know what they are.

Given that Alice haget to observe the entity that caused the leaves to rustle, she has yet to learn
any correspondence between the fAunknown entit
which it refers. In other words, the representation appearsundreundedNotethat the
Arustling of the | eaveso percept that resulte
representation does not refer to (i.e., it is
the leaves to rustle. Rather, the rustling leavesndexicalof t he unknown entity
the same way that smoke indicates the | ikely
somet hing behind you. (I wildl return to this
referentBionalhloy tltyhe Aunknown entityo represet
content that would be usable by a perceptual system, in that it seems devoid of perceivable

content, components, and properties. In summary, this simulation appears to be amodal.

One possible objection to the representatioRigures6, Panel (b) is that
entityo0 isbeterumodeledsseamfmunboundothgiicratuisard idfy o si mul a
idea being that thabsencef a specific causal element in thienulationcouldbe interpreted by
Al i ceds c o0nc e ExisteacHf semethingaonwhieh Alice kKmaavs nothing about.

There are several problems with this interpretatiorst, the meaning of a missing element in a
coordinating simulation isambg u o u s . I't could mean Anothing, O
Second, the agentodés perceptual system shoul d
number of such entities) in the absence of a mediating composite simulation; however, without a

coord nating si mul at (Barsaloupl999 seto2diere is morwayrtoedeépict
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this absence. Third, Aliceds representation f
associative anchor (i.e., a container, scaffold, or binding agent) that supports the gradual

acqusition of information about that entity. A coordinating simulation can provide the necessary
context, but a void in a coordinating simulation is insufficient to serve as the necessary
associative anchor. Finally, ncéableformamg Aunknow
number of coordinating simulations and contexts, even in the absence of known properties or
contextual clues. If the only mechanism available to the system is the absence of content, then

there i s no way to ierdd ctad et heh asta mid hti lsi mag saes cf

For all of the reasons given above, | contend that coordinathuglalrepresentations are
needed toepresentinknown referents’hese amodal symbols serve as cognitive placeholders
thati poi nt t o Oindéxical ef).the existeneeysbraethiag of interest without initially
groundingit or specifying itaneaning This leads to a critical observatiadgheseamodal
representationgenerallyexist in conjunction wittanindexicalrepresentationlhat is, they are
composite, hybrid (modal/amodal) representations. In effect, these two representations are pair
bonded. The indexical representation enables an agent to orient its body and cognitive processes
in order to gather additionaiformation about the unknown referent; it serves as a
contextualized clue indicating the conditions under which the unknown entity may be observable
(e.g., when the leaves are rustling). The amodal representation scaffolds the gathering of that
information and serves as an opaque reference to the unknown entity wherever referential
consistency is needed. Neither of these representations could stand alone without undermining

the intent of the representational structure.
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Cognitive Indirection

Consider thedllowing exampleSupposéhat our agent, Alice, is confronted by a man, named
Bob, that asks whether she has heard abowthePrusLPHAPRIME Uncertain, Alice speculates
about the possible nature of weIMPuUsSLPHAPRIME(based on linguistic similagi). Perhaps
WUMPUSLPHAPRIMErefers to a star system (similarAtphaCentaur), or the first prime)
planetary body in that star system; or the first derivativerfme notation) of a variable called

7 5 - 0 5@ a character in a video game designg@&regory Yod*?

Deciding that these explanations are unlikéljce interrogate Bobfor more details.
Bob tells Alice that he lastawthe WUMPUSLPHAPRIMEON arecentexpedition to the atic
circle.He goes on to sapatthe WUMPUSLPHAPRIMEIS a massive creature, nearly twice the
height of an average persahen standing on its hind ledss skin is covered by thick, white
fur; it has huge, sharp claws; and a distinbtyarlike body. After a series ofjuesses, and some
creative mental imagery, Alice believes she t@asvergé onthe identityfor the WuMPUSLPHA
PRIME it must be golar bear However, before Alice can inform Bob of his terminological
mistake, he continueBob tellsAlice that thewumMPUSLPHAPRIMEhashine tentacles growing
out of its back, which it uses to catch its prey. And that it speaks fluent Hungarian, but with a

slightly British accent.

14 Gregory Yobis the software developer whweatedhe textbased adventure garieint The Wumpusvhich
subsequently inspired the classical grid world agent
Nor vi g drtficidd lmtelligent: A Modern ApproacliRussell & Norvig, 1995/2010)
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The ment al gymnastics that occurred in Ali
of thewUMPUSLPHAPRIMEIS an examplef what | am referring to asognitive indirectiof®. It is
the ability to rapidly adj ust -referemi@ assoaidtions,e pr e s
while maintaining any dependent associations (i.e., the other reprasenthaat refer to it). In
this way, a representationds properties, grou
while simultaneously maintaining other previously established associative relationships. | will

elaborate on this further in the contex the previous example.

| contend that upon learning of the existence oftb®PUSLPHAPRIME an initially
ungrounded, amodal representatwa s cr eat ed (or ot herwise alloc
represent this unknown refereiihe need for this presentation was inferred (predicted) from
the initial situational and linguistic context. This amodal representatiemally symbolizethe
WUMPUSLPHAPRIME(an initially unspecified and ungroundedncept) allowing it to be
associated with a speigfsituational context, as well as a modal representation for an auditory
word-form (wAm pos  “ piprian) thatexternallysymbolizesvhatever object, entity, or event
thewumMPUSLPHAPRIMErefers.This auditory woreform is a separate concept in its own right: a
linguistic token grounded in a sequence of modafgcific sensorimotor representations
(auditory stimuli). Critically, this wordorm isindexicalof thewumMPuUSLPHAPRIMECONCEpL.
Whenever Alice hears this wortbrm in the future, th&vuMPuUBLPHAPRIMECONCepi N Al i ce 0 s

mind will likely be actiated.

15 Indirectionrefers to a concept in computer programming where a variable is used as a reference to another
variablethat contains a value, rather than referring to that value directly.
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Following the creation of this hybrid (amodal/modal) composite representation, a brief
period of speculation occurred during which Alingernally explored possible referents for the
WUMPUSBLPHAPRIME For each of these, a referential association was established between the
mental representation for that hypothesized referent and the amodal representation for the
WUMPUSLPHAPRIME Thesetransient associations were then discarded (i.e., the associative
bounds between these mental representations were dissolved). Despite these structural changes,
the association between the wdadm for thewuMpPusLPHAPRIMEand the amodal
representatiocorresponding to that conceimainunscathedl. contendthaA |l i ceds abi | it
engage is such speculative reasoning requires a form of cognitive indirection that is facilitated by

a mediating amodal representation. This situation is depicteidume?7.

Speculation via Cognitive Indirection

3 Celestial Body?
WUMPUS-ALPHA-PRINE O/O e Body
3 Mathematical Symbol?
? ! (wumpus,,)
?\O Video Game Character?
”, R : (Wumpus)

Word Form : 3
WUMPUS—-ALPHA-PRIME ‘
: Polar Bear?
. . / Legend \
wampas ‘®lfo  praim . L.
representations associations

Q amodal conceptual == referential

O modal conceptual - == p non-referential

/

A sensorimotor

Figure?. lllustration of cognitive indirection.

84



Finally, Alice abandoned thiaternal exploration in favor oéxternalexploration. She
interrogated Bob for additional information, resulting in a transitory belief that she had identified
theWUMPUSLPH- PRIMEaS a polar bear. Then, she immediately discarded this unfounded belief
when contadictory information emerged (e.g., tentacles and such). Notice that even though
Alice dismissed her belief that tieuMPUSLPH- PRIMEwasidentical to gpolar bear, theew
property attributionshe learned about it (e.qg., itéck, white fur huge, shrp clawsandbear
like body) mustremain.In fact, it is entirely reasonable to suspect that Alice might use the
concept of polar bears as the basis for analogical reasoning abouwiNIP&ISLPH- PRIMESINCE
it is unlikely thatshe(or anyone elgewill directly observe thevyUMPUSLPHAPRIMEIN its natural

habitat.

Multimodal Representations

Amodal representations provide a simple and flexible way of binding multnaldality-specific
representations into compositeultimodalrepresentations-or exanple, elementary grounded
conceptial representations (described earlier in this chapter) can be formed by binding together
multiple sensorimotor representations via referential associations. Once bound, these composite

represent at-i odospdciicaemsory expeaemats.

This mechanism i s | ar-anées pyo kceoon smosct eeln to fwinmehn t
representationsee Patterson et al., 2007; Ralph et al., 2010, 20bh model states that wail
concepts are largely represented in modaiggcific cortical regions of the brain, the inter
modal interactions between those regions must be at least partially mediated byreottahs

Afhubs. 0O
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These amodal hubs could also be conceptualized asdastahDamasid £1989)
convergence zongshich are coordinating neural assemblies shgiport the routing of
information, the binding of neural pattemisactivation and thecrossmodalre-activation of
sensorimotor representatiomxamasiod e s cr i bed convergence zones a:
not map sensory or motor activity in a way that preserves febased, topographic and
topological relationsaf he ext ernal environment as they app
[and] they are uninformed as to the content of the representations they assist in attempting to
recons(989upca6)Convergence zones have Hheggseechar ac
Lallee & Dominey, 2013; Tyler et al., 200dince they indicate ere information is stored,

rather than representing it directly.

Designationand Disambiguation

Frequently resemblana® e.g., what an object looks likee sounds lik8 is insufficient to

establissanobj ect 6s (or eventodos, situat Figured(efti et c. )
panel ) t frentabdireawhedlsagpaar to be idesdl (in isolation) and they are

associated with the same conceptual representatevertheless, they hadéstinctidentities

despite having identical appearances

Designating(see Barsalou, 1999, sec. 2.2I8t a mental representation refers to a
specific instance amorayclass of identical objects requires additional informatsod that
information carincludehighly fluidd andrelatively arbitrarg contextualand historial details.
For example, returning to the bicyclekigure4 (left panel), thdront wheel andear wheelcan
beeasilyidentified as suchvhile they arestill attached to its framélowever, ifboth wheelsare

removed from the bicycl@ncillary detds areneeded to establish their identiti&hey continue
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to bethiswheel andhatwheel(i.e., distinct wheels)and if someone were to @k Vésthis
wheel the front wheel or the back whed it may be possible to answer that question.
However,onemust e me mber details such as Athe front w

Athe rear wheel was placed on the floor.o

Trackinga n 0 bpgersistentddenty® despite ever changing contextaald
resemblancéetail® requires that somethinmgpresentor thatspecific object, and that the
appropriate ancillary, disambiguating detaiteassociated with ite.g., last known location)
Moreover, even if thosassociatedletailsarelost e. g. , t he obj ewtabs curre
still recognize thaa distinctobjectwith that identity existgor did exist regardless of whether

we canascertaints identity.

Amodalrepresentationexcel atrepresenting distinct objects, entities, situations, and
events A unique amodal symbol can be allocated to aifipeéestance of a class of objects, and,
even ifall details associated with that instance chaegg, resemblance, context, histoiyan
still function asthat object.Moreover, the details associated with two objecisid be identical
(e.g.,sameappearance, context, history, etanythey can still be identified as being distinct. As
a corollary to thigproperty amodal symbolsanserve as marke(se., designatordpr
Awhat ever thing happ e, cagnitveanaflrelman,d948)ar obyectt hi n a

map(Kosslyn, 1994; Kosslyn et al., 2006)

Active Perception
Initially ungrounded, amodal symbols are not fringe phenomena. They are the pervasive
byproducts of toglown, predictive, cognitive processing. These ungrounded representations

exert fpr e sitvegystem thatencauragedtige selection of actions that seek to
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ground them. These actions focus our attention. They orient our bodies towards the unknown.
And they compel us towards active exploration and speculation in order to ascertain the sources
of these unknowns. In most cases, these initially ungrounded amodal symbolsganthally

groundedthrough learned associations with the tangible.

Eventual Grounding

Implicit in most definitions of grounding is the idea that grounding is establishmagthn
bottomup generalization over nesymbolic representatior{sf. Barsalou, 1999; Harnad, 1990)
However, | contend that grounding can also be initiatetbpylownprocessedn these cases,
aninitially ungroundedamodal representatiéncorresponding to an unknown, hypothesized
referend is generated by a predictive process. This ungrounded refaésercan be later
grounded by establishing a referential association between it and a grounded concept

representation.

A common example of this occurs during language acquisition (or other modes of formal
education) when a learner is presented withrdarailiar word. The student knows that the word
must refer to something, but its referent is initially unknown (and the set of possible referents
may be |l argely unbounded). Through continued
hopefully be asertained by the student. In the case of concrete concepts, this initially
ungrounded amodal symbol may eventually be grounded by creating a referential link to a
corresponding grounded concept representation. However, if the word signifies an abstract

conept, groundingnay not be possible.
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On Language

Language comprehension and productdogcomplex cognitivdunctionsthatl cannot do
justice to here. However, | contend tiel&ements of the theogdvanced hereould be
elaborated on to support a theofjlanguage acquisitiorzor example, upon hearimy seeing
an unknown word, a predictive process can create an asydhblfor thatinferred underlying
concept. This initially ungrounded representation can then be associated (usingterential
association) with the (visual or auditory) word form for that concept. The word formssarve
indexical function(in the Peircean sensi@y the underlying concept, indicating thikuational
contexs in which that concept may lpertinent After repeate@xposurdo that word form and
its associatedituational elements, an individuaiuwdd distill the invariant environment

componentshatcharacterizeéhat concept.

ESHybrid is consistent with the notion that language comprehesigidemploy a
combination of perceptual/conceptual knowledge, embodied simulationsrauge statistics
(Barsalou et al., 2008; Louwerse, 2011, 2018; Louwerse & Jeuniaux, 2O@3Yticular, non
referential associations between word forms could support cerdsgt sources of meaning
(e.g., distributional semanticd)hat saidthe decision to avoid languageecific processes is not
only a practical consideratipbut it refleds my belief thata full account of no#inguistic
processes is a prerequisite to understanding the relatively heengac experiences entailed by
language useéAs Barsalou et al(2008)stated, it is likely thatonceptual systenes/olved
primarily to process nefinguistic stimuli(e.g.,perceptual, motor, and introspefeti
experiencs), and thesenonlinguistic experiences arikely morefundamental tduman

cognition than the processing of wortisgeneral, | agree with Newell when \weote,
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ALanguage should be approached with caution a

to be approached [Nawek 1994, mi6her than sooner oo
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Chapter 4

Learning Intelligent Decision Agent (LIDA)

There is nothing so practical as a good the(rgwin, 1951 p. 169)

Much of the current researagmhembodied, simulatichbased cognitiogES)is limited to high
level theoriesClassical cognitive theories, on the other hand, possess-&ehjtiheory as well
as more detailed cognitive models and computatiorechanisms. In order to compete with
classical cognitive theories, ES must implement complete agential sysetnsake manifest

the consequences and predictions of those theories in software.

ESHybridd the hybrid ES theory developed in this manysériis too underspecified
and abstract to be used directly for implementing complete agential systems. It needs to be
conceptualized within a cognitive archite@tw fill in its missing details. Towards this end, |
will integrate many of the fundamentdkias from ESHybrid into the Learning Intelligent

Decision Agen{LIDA; Franklin et al., 2016ognitive architecture

| will beginthis enterprise witla brief introduction to theIDA cognitive architecture
Subsequent chapters will describe how speé&ifseHybrid functionality can be conceptualized
within LIDA. Chapter5 will focus on implementing grounded representationsdal

simulations andmultimodalperception Chaptet6 will focus onactionbasedmental simulation

I Many thought leaders, includingewell (1973) Brooks(1991b) and S. Wilsor{1991) haveargued thait is

essential to model complete agential systems rather than isolated competencethe/ehiteplexity of

understanding and building intelligent systems might compel us to focus on more managephdblsabs (e.g.,

vision or natural language processing), the danger is that the resulting specialized models may be irrelevant in the
context d a fully functional, autonomous agential system. By modeling complete systems (from sensing to acting),

we reduce the risk that a systembés individual compet en.
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and motor cognitionAnd Chapter7 will describe the fundamental operations of mental imagery

and simulatiorbasedepistemiqdknowledgegeneratingprocesses

Overview

LIDA (Learning Intelligent Decision Agent; see Franklin et al., 2@d&)biologically inspired

cognitive architecturt hat strives to be a fAuni fthateid t heory
capable of modeling many, if not all, cognitive activities and processes. Cognition, in this sense,
broadly encompasses every mechanismiof], including (but not limited to) perception,

motivations, action selection, motor control, attention, legrmmetacognition, language, sense

of body and self, and mental simulation. In addition to supporting the analytical modeling of

cognitive processespgnitive architecturealsofacilitate the creation afompleteagential
softwaresystemstherefore, cogtive architectures are usefidr both analytical and synthetic

approaches to understanding mifsise Franklin, 1995, ppi 20).

While LIDA is abiologically inspired cognitive architectu@®ICA), it does not attempt
to model brain® it modelsminds(see Chapter 2Minds, in this context, are defined as
ficontrol structures for autonomous agerfiganklin, 1995, p. 412Where a autonomous agent
is any natural or engineered systemthaliis i t uat ed within and a part
senses that environment and acts on it, over time, in pofdts own agenda and so as to effect

what it senses in the futureo (Franklin & Gra

2 See Kotseruba and Tsotg@918)for an excellent survey of many of thegnitive architectures that have been
developed from the early 1980s to present.

SL1 DA6s modul ar organization is not directly based on t
on the functional relationships that appear to exisvéen various cognitive processes (e.g., inferred from

psychological experiments and functional analysis) and the mental representations they support. LIDA does not

make any assertions about the modular organization of brains.
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autonomous software agents differentiate themselvesdtandardi pr ogr ams o by t hei
and embedded relationshipth an environmen&nd their selection of actions that further their

own agenda.

LIDA differentiates itself fronothercognitive architectures in several wakiat make it

ideal for implementing a hybrid accountE®

1. LIDA is a hybridcognitivearchitecturgsee Kotseruba & Tsotsos, 2018, se¢haj
featuressymbolic and notsymbolic representationas wellasnonrepresentational

processes.

2. LIDA has a conceptual commitment to use grounded representations and to follow the
principles of embodied and situated cognitfsee Franklin, Strain, et al., 2013, sec. 4.3)
This manuscripexpands on this commitment, makingiitgplementations and

ramifications more precisei t er ms of LI DAG6s representatio

3. LIDA is a biologically inspired cognitive architecture that incorporaredelaborates on
numerous psychological theories, includmgny important aspects thfe Global
Workspace Theorgf conscousnes§GWT; Baars, 1988). | DAG6s model ing of
Af uncti onal ispastioutartyiretevast forttisavorlgs the phenomena of
mental gmulation, mental imagery (i.e., consciously accessed mental simulations), and
simulationbased cognition are best understood with respect to a model of consciousness.
While the scientific study of consciousness has become more acceptable in recent years,

research ito machine consciousnessslimited,and the construction of conscious
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artifacts (Franklin, 2003)asrarely beenattemptedLIDA is one of only a few cognitive

architectures that attempt to model consciousness.

LIDA attempts to model both humamd norhuman cognition. Many cognitive
architectures are more narrowly focused on huspatific cognition and modeling
humanspecific activities. As a result, these architectures tend to focus more on
declarative memory angropositional, gmbolicthouht . By contr ast,
perceptual, and behavigenerating modules can function independently of declarative

memory. Consequently, na@ymbolic, norpropositional, imagistic processes can be

LI

i mpl emented more nat ur a ltifgynodalss arel procesges.i o n s

4By

o

comparison, Soar d6s i mpl e-symboticeeasoning requifethenadditionafl i magery
severakpecialpurpose, adén modulegWintermute, 2012)
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The LIDA Cognitive Cycle

LIDA is composed of many shernd longterm memory modulesnd supporting cognitive

processes (e.g), ¢ 0 d edoresdlidation, cueing, learning, and deéayjany of these are

depicted inFigure8.

Al

of

L | D Wti@ssare cangepiualized aseoccareng within,

or emerging as the result of, a continual series of potentially overlappgmitive cycles

L I D Adgsitiveecycles aresub-divided into three phases: (1) perception and understanding, (2)

attention, and3) action and learning. High@rder cognitive processes such as planning,

deliberation, and problem solving typically require many cognitive cycles.

5The cognitivecyc e corresponper ¢copttihen iaxcli ed referred t
neurosciensts(see Dijkstra et al., 1994; Freeman, 2002; Fuster, 2004; Neis3&), 19
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Dur i ng perteptibnbasd understandingphase sensory stimuli fro
environment activatw-level feature detectora L | D ASénsory Memorynodule Thesejn
turn, activate highelevel perceptual representations in Perceptual Associative Memory (PAM).
Perceptual representations receiving sufficient activaiiore instantatedasperceptsnto
L I D ACareent Situational ModdlCSM)d asubmo dul e of L1 Dedssery Wor kspac
representations,goceptsrecalled (cuedong-term memoriege.g., episodespandthe
representations generateddigucture building codele{g.g., mental simulationganco-exist in
L | D AC&MA for example, withintsc u r r PemeptuaiiScenéMcCall, Snaider, et al.,
2010) ThesepreconsciousnentalrepresentationsaninfluenceL | D Andemal dynamicsand

theyreflectan agent 6s Aunderstandingo of its current

Dur i ng attentibrAphaseattention codeletattemptto identify preconscious
representations ithe CSM that are of interest to thénbased on theindividual selection
criteria(e.g., novelty, surprise, or urgency). If found, attention coslelditbring that contento
acoalitionforming processwhich may createne or moreoalitions that includethat content.
These oalitionsthencompete in a winnetake-all competition inL | D AGfokal Workspace
and te content of the winning coalitioeg | obal |y broadcast to all of

i's said to b emeita epreseniatmms gswlobalforoaddasts.

Dur i ng attibnaAddesrning phaseontent fronits global broadcast is received

by all of its modules. Procedural Memory uses tii@anscious conteato activate guationally

5 LIDA currently makes no claims regarding phenomenal consciousness. Rather, LIDA attempts to model the
functional aspects of consciousness without reference taque., what it is like to experience conscious content).
This notion of consciousness is similar to what BIGt#95)d e f i nes as fiaccess consciousne

96



relevantschems. Schemesrementalrepresentations thahcodeobservecdtorrelations between
situationalcontexts actions and thepredictedresultsof those actions. Each scheme additionally
has abaselevel activatiorthat estimates thekielihoodt h at t h ectienoevil grodecdts
expected resuligiven a similar situational contgxSchemes receixg sufficient activation
(following a conscious broadcast) are instantiateoefimviors Procedural Memoryhensends

these behavioso LI DA6s Action Selection modul e.

Action Selection chooses at most one behavior from its ssieftabldehaviors per
cognitive cycle’ This chosen behavior is referred to asftbelected behaviorfor that cycle
Action Selectionthes ends t hi s behavior t o(SMS;dd@Doeg&sSensor
Franklin, 2015¥or execution. The SMS is composed of two modules: Sensory Motor Memory
(SMM) and Motor Plan ExecutioMPE). SMM is a longgerm memory module that instantiates
motor plan templatesto motor plansbased orthe currenselected behavior. MPtGen
executeshosemotor plans through a processstiated, online controDuring thisonline
controlprocessmotor commandss r e sent t o an agentds actuator

Asituatedod concerns.

LI DAOGs nleamiagrnechanismsee Kugele & Franklin, 202Than also be
invoked during its action and learning ph@&sas a direct result of a conscious broadcast. These
mechanisms support the learning of new representations and the reinforcement of previously
learned representations. The former is referred finatructionist learningand the latteas

fiselectionist larning (see Edelman, 1987)

7 Selectable behaviors may include raecayed behaviors from a previous cognitive cycle in addition to recently
instantiated schemes (behaviors) from the current cycle.
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For a more comprehensive introductiorLIDA, see Franklin et a(2016) A summary
of LI DAdndshorterm gnemory modules and codelets is givemable6 of the

Appendix.

Modes of Action Selection

LIDA supports four modes of action selection: consciously mediatéitlpmal, automatized,

and alarmsConsciouslymediated action selectiaa a nondeliberativerelativelyreactive form

of action selection that requires little cognitive effort, andy pi cal |y occur s with
awareness of the intention to pue some gogMaes, 1989)In contrastyolitional action

selectionis often deliberative and effortful, and agents are at lgartly conscious of the action
selection process. During volitional action s
(usually over many cognitive cycles). If Action Selection chooses one of these options for

execution, the agent will typically beane consci ousl y aw@e,¢theof t hat
intention behind that option to actio®utomatized action selecti@mly occurs when an agent

is highly skilled at some activityt requireshat the results of its actions are very predictable

sud that theycan follow, one after anothewith little or no conscious oversight. Finally,

alaoms r ef er to the unconscious selection and e>
selection occurs under exceptional circumstancesehatre extremely rapid responses (for
example, reactively turning the wheel of a ca

avoid hitting a car that has suddenly cut in front of you).
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The Conscious Learning Hypothesis

LIDA adheres to the Consciougérning Hypothesis of Global Workspace The@WT,;

Baars, 1988whi ch st ates that all fi susrpsELIDAaocant | ear r
GWT further contend that learning occurs as a direct resaltomscious broadcaghough

learning may not occur with every conscious broadddmss. causal relationship between

conscious broadcasts and learning does not preclugesisaility of a substantial delay

between the onset of a conscious broadcast and subsequent learning based on that conscious
content Such delays occur, for examptieiring offline consolidationwhich suppors declarative

learning.

Activation

Activationr el at ed parameters are pervasive ipsropert:i
codeletgsee Kugele & Franklin, 2020d)IDA has historically classified its activatis@as either

baselevel activationscurrent activationsor total activationsBaselevel activatiod is used to
describegparametersvith relatively $sow decay rates thaire reinforcedased on content in the

global broadcasBaselevel activations typically represeleiarned historical measures of

frequency, recency, and/or utilit@urrent activatiorrefers toparametersvith relatively rapid

decay rates that generally reflect transitory, modplecific notions o$ituationalrelevance

And total activation or simply activation is used to describe all other activation parameters.

8 For example, Wile LIDA acknowledges thapriming effects may occur unconsciouslyeyhare notonsidered
fisignificant learning because they at&nited in scope and duration.

°L | DA 0 slevdd activation is roughly (conceptually) analogous to ARS (&nderson et al., 2004)pncept of
baselevel activation, but its meaning is far more varied and modulefgpdtalso has a very different activation
source, which is based on LI DA®&s conscious broadcasts.
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Total activation i®ften calculated uisg activation functionshat combinatiorbaselevel and

current activations.

Motivations in LIDA

LI DAG6s mot i v(aee MaCallatal., 802@ greaumded irfeeling noded PAM nodes

with a special parameter callaffective valence Af f ecti ve val ence quant.
immediate hedonic response to events (e.g., eating ice crearogtimgliiking (positive

affective valence) or disliking (negative affective valence). The magnitude of the affective

valence is conveyed by theatal activationof a feeling nodgandits direction (like or dislike) is

conveyed by its valence sign (eitheior ). Feeling nodesan be activated either by feature

detectors in Sensory Memory (e.g., the presence of sugars in foodju@ihgfrom the CSM

(e.g., recognizing that you havetaaight flush in poker)All LIDA agents must be endowed

with a set obuilt-in feeling nodes that serve as the basis for their value systems.

Kringelbach and Berridg€009)suggestedhatfiiking 0 andidislikingd should be
distinguished froniwantingd andfidreadingd andthattheyare implemented in brains using
distinct neural pathwaysiking/disliking indicates an immediate hedonic response to an event
while wanting/dreadings an attractive or repulsive force associated with an event. Wanting and
dreading are quantified in LWby an additional parameter call@centive saliencewvhichis
further divided into daselevel and current incentive salieiscBaselevel incentive saliencis
a contexdinvariant attraction or repulsion to an event, which is learned from repeated exposure
to that eventCurrent incentive saliends a contexsensitive attraction or repulsion associated

with an event that is modulated Bga g e n t 0 situatian!Current incergive salience is
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based on learnethcentive salience link&@s opposed to standard links that only propagate

activatior.

Motivational learningdsee Kugele & Franklin, 2021)volves updatindgpaselevel
incentive saliences and creating incentive salience Iiftksse learned motivational constructs
candirecta LI DA a g e nirflgesce action selaction, and modulate learnBage
level incentive saliencis updatedby PAM) when a conscious broaakt containgn eventwith
one or morassociated feeling nodes. For example, suppose that our agent is eating vanilla ice
cream. The agentdés tongue receives incoming s
Based on thessensory stimuliSensory Mmorymayactivatea fi s \(ireeeptetativefeeling
node in PAM, which PAMmay theninstantiate into the CSM. Structure building codelets
(SBCs) monitoring the CSM may create an event
and an fAanti baettiweredn It he i nstantiated fAsweet o
event node. I f this event node structure (whi
feeling node) comes to consciousness, PAM will receive it and update thievrlsacetive
salience associated with the fAeating ice crea
associated with the event; however, in general,-lms incentive salience updates will be a

function of the affective valences of all feeling nodssociated with an event.

Current incentive salience, which quantifies the corgexisitive attraction or repulsion
associated with an event in a given situation, is transmitted from feeling nodes to event nodes
over incentive salience linkd1cCall et al., 2020, p. 17Yhe current incentive salien¢®)
contributed by a feeling node to a linked event (over an incentive salience link) is defitsed as
incentivesaliencelink-weightedaffective valence.
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A feeling nodé affective valencés given byd & O Cb , where® is the total
activation of theieeling node at timéandOCD denot es its valence sign
of like or dislike).Therefore, currerincentive saliences defineda&d) 00 ©@ OCD U,

where0 is the weight of a given incentive salience link and

. . PEWE M
ocd MEVE mh
PEVE 18

A structure building codeleSBC) cancreateanincentive salience linketween a feeling

node and an event node if changes inthate | i ng n o ¥ aréastribitec! toithe at i on
occurrence of thatevelior exampl e, an SBC may notice that
correlated with a decrease in the activation

negative valence sign). In this case, the&€SHll create gositivdy weighted incentive salience
l ink between the Athirsto feeling nodeanand th
SBCnotices hat an event, say fAexercising,0 correla
agent 6s At hi thenthe SBC enaylcreatemgativelydaighted incentive salience

l ink between the Athirsto feeling node and th

In general, for any incentive salience linktween a feeling node and an event nise
weight0 will be givenbyd O CD Q3@ , wherea® & ® is the change ithat
f e el i n gctivationdbetdegn conscious broadcasts atéiamdo p, O Cb is the feeling

nodeds v ahd&da € eripsid agumction that scalesd(for example, a sigmoid

10 Conscious broadcasts are stored temporarily In D ACorscious Contents Queu@GQd a data structure in the
preconscious workspace that is accessib&rtacture building codelets. SBCs can detect changes in the activation
of feeling nodes by comparing their activations between subsequent broadcasts in the CCQ.
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function). Inuitively, the weights will be positive for events that lead to beneficial changes in an
agent 6s homeostatic state and Wieeganodewstaicturef t he
containing a new incentive salience link is consciously broadcastethéncentive salience link

can be learned into PAM and later influencedbeentincentive salience associated with the

linked to event node.

4EA . AOOOA T &£ ,)%$!80 2APOAOGAT OAGEI T O

LIDA is committed to the principles of embodiaddsituated cognition, which is interpreted as
afstructural coupling between autonomous agents and their environnfErasklin, Strain, et

a., 2013) Grounded representations halsob e en advocated for through:
developmen{Agrawal et al., 2018; Franklin, Madl, et al., 2013; Kugele & Franklin, 2020b;

Ramamurthy et al., 2006Apart from these commitmentsiDA is representation agnostic, and

individual implementations are free to explore different representationahept

Hi storically, LI DAGs pr i imeemgde dtrocturedl edge r ep
directed graphs containing one or mooelesand zero or morknks. Nodesare symbolic
representations thatfer to objects, entities, events, concépts), and linksindicatesemantic
relationships betweemodes( e . gisgY ,fXas XY, 0 acaukediX) . Acti vati on
said to propagate over links, from source nodes to sink (or target) nodes. While nodes structures
are, themselves, symbolic representati@imilar to semantic networks; see Sowa, 1991/2014)
it has been proposed that these data structur

content or i gi nSensaryrvigmorymodule.L | DA G s

Node structures are conceptually appealing (particularly from an analytical modeling or

pedagogical perspective) because they are easily visualized and interpreted by humans.
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Unfortunately, they suffer from some computational limitatitihvag have inspired exploration
into more scalable representational optifeg., modur composite representation vectors; see
Snaider & Franklin, 2014alror the purposes of thimanuscript! will generally use node
structures for illustténg conceptual detaijhoweverpother representatiomsay be used, as

necessaryfor computatioal purposes.

The LIDA Conceptual Model and Its Implementations

L I D Adnseptual modgFranklin et al., 20163pecifiesa set ohigh-level componentée.g.,

modules and processes)d their interactiondAn d L1 DA&ds ¢ o0 n c e (Fianklan)| cCommi
Strain, et al., 2013)onstrain how these componenigsto per at e . LI DA6s comput
instantiations (i.e., LIDA agents) are required to abide by bdthD Acédnseptual model and its
commitments; howevewithin those confines, thers a considerable amount of flexibility

related to implementation details, and some of these details are necessarily unspetifed

LIDA model. | sayfinecessarilyunspecified for at least two reasons. First, an agent may

situated in any of an enormous variety of environments, each with its own character and relative
complexity. This environmental sensitivity will likely flavor most, if not all, module

implementations. This is a direct consequence of embodiment anedifuanciplesall aspects

of cogniti on ar ebodyhna psituhtedrgiatianship with gsemvitobnsent
Secondsome details are necessarily unspecified due to our imperfect knowledge of minds.
Biological minds providetheonk nown exampl es that Agenerally
agents are constructible; however, our knowledge of how they accomplish this feat is far from

complete.
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The LIDA conceptual model and its commitments are a testament to what we believe we
know about nnds based oour current interpretation of tlavailable evidence; however, the
computational implementations of those conceptual constructs are subject to change without
invalidating the LIDA conceptual model. Therefore, any computational implementditéon
module should be consideradimplementation notheimplementation of a module, and it is
entirely consistent (and eminently useful) to admainyimplementations, so long as they are

consistent with LIDAGS conceptual foundations

Finally, note thanot every LIDA module and process must be implemented in a LIDA
agent for it to be considered a LIDA agent. Depending on the nature of the agent one is trying to
implement (e.g., reactive, deliberative, etc.) or the research question one is tryinigte exp
(e.g., replicating hippocampal lesion studies), it may be beneficial to focus on a subset of
modules or processes, so long as the resulting system remains an autonomous agent consistent

with LIDA and its conceptual commitments.
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Chapter 5

Grounded Representations, Mental Simulations, anMulti modal Perception

It is unlikely that grounded cognition will be fully accepted until classic research
paradigms can be understood within its framework. In cognitive psychology, for
example, how would aa&ssic paradigm such as recognition memory be

understood as grounde(®arsalou, 2008, p. 635)

This is the first of three chaptedstailingLIDA -basedmplementatios for ES-Hybridd s
fundamentatomponerg. This chaptefocuseson sensorimotor representatioiggpunded
conceps, andthe generative processist supportmental simulatiorfsee Chapter 3A
conceptual model and computatioapbroacho multimodalperception angerceptual learning

is then developeldased orthis foundation

The computational implementatidnievelop herean be described asaurosymbolic
systemt It combines generative artificial neural networks (see Chapter 2) with symbolic data
structures (i.ementalrepresentations). Specificallyjcombinebetavariational autoencode(s -
VAES) with acontentaddressable activation grafdontainingboth modl andamodalnodes.

Thesecomponents and their functionsthin LIDA will be described in detailelow.

Background: Variational Autoencoders (VAES)
Recall fromChapter 2 thatatoencodergaregenerativaartificial neuralnetworls that learn in an

unsupervised fashigfne., fromunlabeledraining data)They combire anencoder(or

1 Kautz(2022)referred to this type of newsymbolic architecture adeuro | Symbolic
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recognition)network, adecoder(or generativepetwork, and a loss functidhat isbased, in
part, onreconstruction errorThe encodenetworktransformsts inputs nto (typically) lower
dimensional representatiagh®ften calledatent representatiodsand the decoderetwork

attempts taeconstruct h e e nimpotsdfremti@oselatent representations.

mean
g
-
S :
« sampled
std. dev. latent

= vector 3
Recognition Generative
99 (21%) Network Bottleneck Network Po (x12)

Figure9. Depiction of avariational autoencoder (VAE(Note thate and » are vectors.)

Variational autoencoderf/AEs; Kingma & Welling, 2013)earnlatent representations
thatareinterpreibleas multidimensionaprobability distributiongseeFigure9). Specifically,
for each inputa VAE G recognitionnetworkoutputsa vector oimeangH andstandard
deviationgd t hat <c har act generative featutege.g.t itssize) mptationd s
brightness, location, and so M stochasticamplercanthenbeused to sample individual

latent vectors fronthese probability distributions

Sampled latent vectar(») correspond tgingle poinsin a VAE® learnedatent(vector)

spacé that is, theyfunctionlike theoutpus from a traditional autoencod&rsecognition

21n general, the generative features learned by a SEot so easily interpreted bymars. This limitation has
been partially addressed in more recent VAE architectures, sticiVAEs (Higgins et al., 2017which will be
discussed later in this section.
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network These amplediatentvectors cathenb e f e d i n peoerativianetwoykAOE 6 s
createreconstructionsft h e e n c o dTdeydasalsobeadpractty sompared using a

similarity measured.g.,cosine similarity) Crucially, vectorsthat areficlos&® i n a | at ent
will typically have similar generative feature®nsequentlythe inputse that generated those

latent vectors wilbftenresembleone anothe¢as will their reconstructions).

One of the benefits of using variational autoencedeer traditional autoencodsis that
theytendto producefismootlero latent space Small perturbation#n latent vectorsypically
correspond toimilar input mappingsi.e., similar sensory stimuliYheywill alsotend to
producesimilar reconstruction.e., mental simulations}jurthermorea VAE®&Gs | at ent
typically has fewef g a pblsat is,they contain feweregionswith incoherenteconstructionsr
that lack useful input mappingghis follows from the fact that VAEs map their inputs to a
distribution of pointsn their latent spaces rather thasiragle point As a result, their latent

spaces tend t®w be more Afilled in.

Betavariational autoencoderé /AEs; Higgins et al., 2017gugment the standard VAE
loss functionwith aregularizingcoefficient { ) that encourageher networksto learn
fidisentangled latent representatiofidiggins et al., 2018Higgins et al(2018)defineda vector
representation as beingsentangledf it can befidecomposed into a number of subspaces, each
one of which is compatible with, and can be transformed independently by a syngomeetry
transformation (Higgins et al., 2018, p. 2pymmetry transformationare vector operati@that
selectively modifyindividual generative features while preserving othérerefore, sentangled

latentrepresentationare desirable because thmyntaingenerativdeatures (e.ghrightness
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position, and sizethat carbe individually inspected andanipulated to selectively control

aspects of the generative procé3therwisel -6 | %€@identical tostandardVAEs.

Thel -6 ! ®éss function f]) appears below:

fi —Fespron M e liiCe» 10 n UGB nsrs |

wheree represents a sample of input data (encoder inputspresentsampledatent vectors

(decoder inputsj; is a configurable parameter that controlsdaheountofi di sent angl i ng
pressurg; O the KullbackLeibler divergence; ah—and%.correspond to the paramei@rs

weights and bias@sassociated with the encoder and decoder neural networks, respectively.

(The first term in thé -VAE loss function corresponds tioe reconstruction erroy.

Note that p corresponds to a classical variational autoencbderp constrains the
capacity of the learned latent vectors, encouraging disentangling at the cost afuatgr
reconstructions-or more details othe] -V A E fss function and its derivatigee Hggins et

al. (2017)

Implementation

This sectiorcontainamy implementatiors of foundational ESHybrid components in LIDAI

implement the requisiteodules representationgnd processeand therillustrate how they can

be combined tgsupportmultimodalperception mental simulationrandgrounded concept

learning.l assume readers are familiar wittb A6 s cogni ti ve cycl e, mo d u |
representational formats (i.e., node structures), and basic conceptual commitments (e.qg.,

conscious learning). These wénéroduced in Chaptet. L | D Anbdules andodeletsare also

summarized imable6 of the Appendix.
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Figurel10. SensorfMemory andbattom-up perception. Modalityspecific recognition networks in

LI DA6s Sensor ygehmmmadgl probabdity distributiofie., sensory
representationghatare used tactivatemodalnodesn PAM. Activationcans pr ead t hr o
activation graph over directed links.g., referential associationgctivatingamodalnodeshat
symbolizegrounded conceptén elementangrounded concept (see Chapter 3) is depicted above.
Node structures receiving sufficient activateme instantieed intoL | DAG s p r Warkspasss |
percepts

Sensory Memory an&ensoryRepresentations

Sensory Memory is a shetdrm memory rodule that encodes modakigpecific sensory content
aspatterns ofctivationoverlow-levelfeature detectors Environmentalstimuli activate these
feature detectorsesuling in the generation densory representatiorisf. ESHy br i d 6 s
sensorimotor representations; ChaptelL®e their originatingow-level feature detectors,

sensory representatioase modalityspeeificd theyencode features from a single sensory

3 The feature detectors learned by ANN architectures, such as ctomalneural networks (see Chapter 2), are

typically hierarchically organized. In their earliest layers, they might encode feature maps that are receptive to edges
(in various orientations) or colored regions. In their later layers, they might encode fiewsips that are receptive to

more elaborate shapésg., eyes; see Mahendranv&daldi, 2016; Z. Qin et al., 2018.)
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modality (e.g., visual, auditory, somatosensb8gnsory representatiosan be characterized as
nonsymbolicrepresentations that ameodal analogical andgenerativg(see Chapter 3 for a

review of these properties).

Sensory Memory cabeimplemented using setof modality-specifict -6 ! & one per
sensory modality (seigure10).’> Thel -6 | $4ecognitionnetworksimplement Sensory
Me mo rlowéesel feature detectordind the(moda) probability distributions generated by

t hese net wor ks sansop temasantationsL | DA 6 s

Sensory representations are arguably the most important representations for
implementingembodiedstimulatiorbasedgrounded cognition in LIDA. They directly support

the following functions:

(1)Sensory representations characterize the
therefore, they can serve as sensory signathaesupport theentification of, and
discriminatonbetweent hose sensory stimuli wlloren pres
external) environmerft.

(2) Sensory representations are used to actpateeptual representationsn L1 DAOG s

PAM module thus, theydirectly support bottorup perception.

4 LIDA does not require feature detectors or sensory representations to be rrgkadific. This is an additional
constraint imposed by EBybrid.

5 The specifics of thie-6 ! $edetwork architectures (e.g., feéalward, recurrent, convolutional) will depend on
the representational needs of each sensory modality. The flexibility to varynttes®k architecturelsy sensory
modality is one benefit of thenplementation used irnis chapter.

8 Harnad(1990, sec. 3.1defineddiscriminationas the ability to judge the extent to which two representations are
the same or different (i.e., their degree of similarity), and he defilegdificationas the ability to assign a unique
(symbolic) identifier (i.eofjppus. Ainamed) or category | ab
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B3)Sensory representations are sent to LI

they contribute to an agentds understandi

4)Sensory representations are sent to LI
supportsituated, online control processgse Chapter 2).

(5) Sensory representations are gineundingconstituents of grounded concept
representationsee Chapter 3).

(6) Sensory representations arsed by generative processesonstrucimental

simulations.
Many of thesdunctionswill be expandedn below.

Perceptual Associative Memory and Grounded Concepts

Perceptual Associative Memory (PAM)s L IfrBcAghison memony (Franklin et al., 2016,
sec. 5.2.1)lt is a longterm memory module thatupports the identification abjects, entities,
situationsevents and their properties t i s a | s-termumerotydos grduraledg

concepts.

| implement PAM as aontentaddressale activation graph It is composedf a set of
nodesthatcan beconnectedisingdirectedactivation links’ It is anactivation graphbecause
current activatior(see Chapter 4anpropagate betweeats nodes along activation linkénd it
is acontentaddressablelata structurbecauséts representatioraretypically activatedusing

resemblancdased comparisorfand spreading activatiomther than nambased lookups.

”Nodes can also be connected using incentive salience links (see Chapter 4). In this chapter, | omit this and other

details of LI DAG6s motivational system to simplify and
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Sensory Memory Perceptual Associative Memory (PAM)

sensory representations )
categories /<2<\ nodes

objects and entities =~ [} >
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multi-modal events
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(connectionist networks)
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(from environment)
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modal nodes
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Figurell Groundedepresentations armbnceptualeneralization.

PAMO modesrepresengrounded conceptind instance of thosmnceptge.g., objec,

entiies situatiors, evens, featurey These can range in specificity frondividual experierces

to highly generalized category representatidtsssuchP AM6 s act i vigpicalpn gr aph

hierarchically structure(seeFigurell, Right Panel)

My implementatiorsubdividsP AM6 s nodes into two types:

nodes are modalitgpecific nodesvith associatedensory representatiofs.g, -VAE
generateanodal probability distributionsgnd a modality indicatde.g., visual, auditory,
tactile) Modal nodes receiveucrentactivationexclusivelyfrom Sensory Memorytherefore,

t hey f unct ipamitivedesturddétbtiosgsed McCall, Snaider, et alQ20) Sensory

Memory activates modal nodbg comparingheir sensory representatiosusd those for
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incoming environmental stimulModal nodes receiveurrent activatiorin proportion to the

degree of similarityfe.g., cosine similarityfetween thossensory representatians

In contrast, amodal nodée® nothave associated sensory representations or modality
indicators.They aresymbolicrepresentations thatceive activatiomxclusivelyfrom other PAM
nodes theyare neve(directly) activated by Sensory Memoryherefore amodal nodefunction
as P A Mépsmitivenfeature detectoogsee McCall, Snaider, et al.,, 20lB)AM6é s a mo d a |
nodes never occur in isolation, as such representations would be functionallimaestnodal

nodesultimatelydepend on modal representations for actorati

| implementelementarygrounded concep{see Chapter 3h LIDA using acombination
of modal and amodal nodeSpecifically, | use dhub-andspoke (Patterson et al., 2007; Ralph
et al., 2010, 201 Aepresentational formatoordinating amodailodess er ve as fAhubso
holistically symbolize distinct, potentialiyultimodal experiencedModal nodeserve as
Aspokesod t hanmodagymbalsinsensorjcamtentModal nodesareconnected to
theiramodalhubu si ng Ar ef er e kstdesaribed latardntthis chapteflaren | i n
elaborate grounded concept representafjerts, for objects and categoriesh becreatedby
bindingthesedlementarygroundedconceps together into morgenerakedand complex
structured supported byi r er teir &1 0 a ¢ and wbanhdisppkestyletopologiessee

Figurell, Right Panel)

All PAM nodeshave acurrent activationrepresenting its current situational relevance)
and abaselevel activation(representing its historical frequency, recency, sadgkrcein
Aconsci ous & ndudsm@aldaiatsonissa)function (e.g., summation) thfese

parametersPAM nodes with sufficientotal activatiorar e i nst anti ated i nto
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Situational Model (CSM) as percepts ($egurel10). Note that # activations decay over time,
with current activationgypically decayingmuch more rapidly than ba$evel activations (see

Chapter 4, Activation).

Referential and Mn-Referential Associations

Recall from Chapter 3 that B3ybrid specifieswo kinds ofrepresentationassociatins
referential and nomeferential. Referential associations estaldisbrrespondenceetweertwo
things For examplethey canspecify constitutivegart-of), identity {s-a), andmembership
(kind-of) relationshipsReferential associations ageoundingassociationdNon-referential
associationson the other hana@haracterizéon-correspondencbased relationship3hese
include causality, ceoccurrence, temporal orderingpatial relationships, etlon-referential

associations are neggrounding associations.

Referenti al associations hol-dylaringds vil ege
conception of grounded cognitiamd ths LIDA-based implementatiomas they are used to
groundits conceptual representatioh8s such, referential associations depend, at least in part,
on innate (buikin) cognitive processdsr their creation and interpretatiohheseprocesses
might overseanultimodalsensory binding, conceptual generalization, liedgenerative
processes that govemmental simulatiofamong othes In contrast, nowreferential associations

may largely depend on learnednceptuatelationships thatre themselvegroundedconcepts

8 Referential associations amecessaryor grourding concept representations, but they aresnoftcient
Referential associations can connect ungrounded concepts.
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Referential and nomneferential associatiormnbe implemented in LIDA atypes of
activation links® Like standard activation linksgferential and nomneferentialactivationlinks
are created by structure building code(see Chapter 4andthey can be learned into lotgrm
memoryif they are icluded in a global broadcast. In the current implementation, the distinction
between these two typespemarily of concernto structure building codelet$SBCs;see
Chapter4) f or exampl e, Asi mul atoro SBCs, which wi
Specifically,SBCscreate these associations anay interpretthe representatiosicontaining
themdifferently depending on the link type.g., as grounded vs ungrounded concepisk
typescouldalsodifferentially affect the activatiodynamics in longerm memory modules, such

as PAM though | will not elaborate on this idea further hére.

Theideaof fityped activation links haprecedent ilMcCall, Franklin, and Friedland&rs
(2010)proposl to addwhat they callediprimitivel i n k  dol LEDA.$enstide link classes
were intended to serve as semantic lafiFlssemantic networks; Sowa, 1991/201¥gt
characterizedhe associativeelationships denoted lactivation links Ther proposalincluded
many types ofink classesincludingthosefor featuresig-a-featureof), parts {s-a-part-of),
spatial relationshipge.qg.,is-left-of or is-above, causal relationshigg.g.,is-causedby),
thematic roles (g., is-an-agent is-a-location, is-an-objec), and category membership (eig-,
a-kind-of). As such, eferential and noneferential links could be conceptualizechagherorder

categorie®f link classeghatgroupthese classaato more basigypes.

9 Referential and nereferential associatiordonotapply to LI DA6s incentive salienc
links specify the currémmotivational significance of an object, entity, or edenbt what it is, or how it relates to
other things in an environment.

Ysee link Atypesodo and il a(boed)Copycal architétre fideas ot hew thisscautd Mi t ¢ h e
beaccomplisied in LIDA.
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Simulator Structure Building Codelets

Barsaloudefineda fisimulatoo asthe knowledgeandgenerative processesat supportconcept
representation anuentalsimulation(Barsalou, 1999, sec.23). Thatis,inBarsalod s t heor vy,
simulatorsareboth mental representatioasdgenerative processady implementation

separate these concerns. Specificallgy implementationusés mul at or 6 structur e
codelets (SBC$) generative processehatconstructmental simulationgor grounded concept
representationsSimulator SBCarenot equatedvith individual concepts; they merely support
theirmentalsimulation.And asingle simulator SBC can support the simulation of many

grounded concepts.

“simulator” SBC
Y

A
- ngn ...zg’l") — y £ —-’%
= o
2 A A
> (my) (mp)__ . - i
> §*—>zm7‘ ..znTz > r»mm
< NN
wn P
> M) ma) Y > —+
Z n3 H r ﬁ
grounded A A
concept latent generative simulations
representation vectors networks

Figurel2. Simulator structure building codelet (SBC).

Conceptually, simulator SBGs-activatep o r t i 0 n s Semdory MémbmTbey do
this in atop-downfashion proceethg from grounded concepts their grounding sensory

representationgvera chain ofreferentiallinks. Simulator SBCs generateodality-specific

117



mental simulations for thosensory representatioasdintegratetheminto multimodal

structuresi. | DAds Current (CSMfluati onal Model

Computationally, snulator SBG can beémplementedisinga set of modalityspecificf -
VAE generative networkanda stochastisampler(seeFigure12). Mertal simulationinvolves
first samplinglatent vectorgor eachsensoryrepresentatioassociated with a grounded concept
and thendeding those sampled latent vecton® thel -VAEsGgenerative networkS he
outputsfrom thesegenerativenetworks arenodality-specific, sensorike representatiords that
is, internal reconstructions of (internal or external) environmental stifrhdise nodality-
specific simulationganthen bentegrated intanore complexmultimodalsensory scenes that
are accessibledmL | D A 6 s. PditiBnd of these sensory scenes may cue relevant percepts
(from Perceptual Associative Memory)loe operated on by structure buildicgdelets This
sensorycontentmightal so be i ncl uded i nifseldctBddy ane andreo b a | br

attention codelets.

In summary, simulator SBCs construct mental simulationgebgtively re-activaing
portions of Sensory Memoriediatingamodalnodesand referential linkprovide a bridge
from groundedconceps to their grounding sensory regentationsOnce constructedimulator
SBGCs associateher mentalsimulations with thie originatinggroundingconcept representatisn
in the preconscious workspadée resultingcombinationofivi rt ual 0 s@mdnsory cor

groundedhode structuress reflected inL | D APérceptualScene(see Chapter 7)

“"More precisely, mentally simul ati oResepuaSeenegMtCah,d t o t he
Snaider, et al., 2010and their originating grounded concepts are added to its nodeGagended concepts and

their mental simulations are then linked togettiarreferential associationshe smulation of more complex,

multi-part concepinstancesequires a process ofequential elaboratiothatwor ks i n concert with a
introspectiveprocessesl hese detailsvill be discussed in Chapter 7.
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Simulation-BasedAttention

Barsalou(1999, sec. 2.4.3)haracterized learning as the establishmestroiilatos. Moreover,

he equatedsimulators withconceptando n e 6 s u n d e r s dorcepts with ¢he abiflity t h o s e
to simulate themThesehypothesesif correct,lead to twanteresting corollarieg-irst,
conceptualinderstandingan beoperationalizecy o n eodest and covergenerative

capabilities Secondconceptual learning can lgtimizedby biasingoned s a t toweamld i o n
objects, entities, and everftso r  w h i neehtal @mulatimrsare inadequaté hat is,

generative deficiteanserve asuesthatmoreexperientialearningis neededwith respect to a

concept).

These observains suggesn attentional proces§&or examplethef -V AE 06 s

reconstruction error
C PR M e 1T e

couldbeusedog ui d e aattendog ®watd$ salient environmental stimimiparticular, a

high reconstruction error cotl d be considered

This reconstructiorerrorbased attentional process is primarily useful dubotjomup
perceptionsincereconstruction err@rcan only be determined in the presence of a concurrent,
veridical sensory sigri@ error calculation requireskasis for comparisoihis suggestshat
simulationbasedautonomousgentsontinuallyattempt tasimulatetheir sensoryexperiences

whichmayseem counteintuitive. Whyc onst ruct Avirtual 6 sensory <c

2ALIDAagent could become consciously aware of those fisur |
an activation source for a fAsurpriseo feeling node.
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sensory content (environmental stimugiyeadily availabl@ And, if mental simulation is

continually occurring, howlo mental simulations so frequentgcape our notice?

This idea of ontinual mental simulatiohecomes less absurd whea make the
connection betweemental simulatiorand predictionMental simulations a form of
experiencebased prediction, and Moulton and Koss{2009)argued thathis predictive

function of mental imagery is ifgrimary function.

Albright (2012)referred tahe idea thahonvolitional mental imagerysee Chapter)
caninfluenceand supporperceptiorastheimplicit (or automatic) imagery hypothesihis
hypothesistateghato n epéreeptual experienséypically dependnbothii r estirhub and
A v i r dtimud (i.e, mental simulationsJhe degree to which perception reliesome or the
other depends aimequality of thefi r e a | 0 stimdi,rarsdo n gkidos/ledge otheir
environmen{e.g., their ability to generate mental simulations of those concépisight
arguedthat, ordinarily, mental simulatiorservefito augment sensory data wdtkelyd
interpretationgi.e., predictionsd (Albright, 2012, p. 235 order tocompensate fanoisy,
ambigwus andpartialsensory informationThough controversial, there is a wealth of empirical
and theortical support for the idea thperceptioris based on a complex interplay betwélea
bottomup signals resulting froamcoming sensory stimuli and internally gerteth topdown
signals(e.g., resulting from mental simulations; Bar, 2009; Bruner et al., 1951; Cope et al., 2017;
N. Dijkstra et al., 2017; Farah, 1985, 1989; Hansen et al., 2006; Mast et al., 2001; Moulton &

Kosslyn,2009;@ Cal | aghan et al ., 2017, Powers |11

According to this viewmental simulations fundamental to perceptioVhen there are

no discrepancies betweeanr perceptios andcorrespondingnental simulations, we are
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typically unawarethat theseontinualbackground mental simulatioegist However, when
there are discrepanci@acorrect predictionswe maybecome conscious of thesind
experiencassociatedeelings ofconfusion oisurprie. Thesediscrepanciemayalsoindicate
thatanagent 6 s i nt e r,gendrative prpcesses@predicivie madelsof the world

need updating.

Cognitive fAObjectodo Maps

PreviousLIDA researcl{e.g., Madl et al., 2018)as explored allocentrit, topographically
organizedficognitive map8 (Schiller et al., 2015; Tolman, 1948}hese hybrid (symbolic/nen

symbolic) data structuresncode the spial locations of objectand placesvithinan agent 6s
environmentand supporagent localization and route planning, among other thindsD A 6 s
implementation of cognitive mapslieson place node8 PAM nodeghatrepresentlistinct

locationswithin atopographicor volumetric extent* Cognitive mapslepictthe spatial

dimension® within an environment e . g. , they may depiantipatche | ay ¢
nodesareoverlaid onthose depictiond like pins in a map to symbolize specifitocationswith

that spatial extent

An objects locationcan be specifiedithin a cognitive majy associatinga PAM node

that symbolizeshat objectwith one or moref its place nodegseeFigure13). Note that

13 Allocentric representationely on agenexternal landmarks andwordle nt ri ¢ (or godo6s eye) p
represent the locations of thinigsan environmentThis contrasts witkgocentric representatioribat represent
| ocations relative t o specttathes individial poisbfviewp.osi ti on or wit h |

14 Place nodes are inspired frgimippocampal place cefishat occur in animal brains, which are believed to encode
an animal és belief about its current spatial | ocation.

15 Temporal cognitive maps are also possitieugh they have yet to be explored in the context of LIDA.
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cognitive maps are typically hierarchically organized: a sisgkgialregion may be represented

by many cognitive maps (concurrently) with different scales and resolutions.

[ Cognitive Map ]

. Q self (PAM node) . table (PAM node) Q door (PAM node)
¢~ non-referential : :
“___associations _ /’/ /
T ~a i ; //_’{\ ’,'l

7 4 T
Z%MCE nadeQ

Spatial Memory

Figurel3. Spatial cognitive map.

Objectcentric ognitive mag thatencode the relationships between object parts or scene
elementgfrom egocentric or objeatenteredeference fran® could also be implementeHor
example, his typeof cognitive magpcould be retinotopically organizegthere locations on the
cognitive map correspond t Alterhately, sheyicauldkscode n an
thetactile relationships between object pasts;h as would occur when someonpleres an
object with their hand<Or they could be uset coordinateana g e samatesensory (tactile,

temperatureproprioceptive nociceptive)nputswith respected tids bodyd s e(B.d.,@n t

somatosensory homuncutfis These cognitivéiobjecbmaps ar e si mi fobject t o Ko's

¥Somatosensory cognitive (or perceptual) maps such as

schemgsee Neemeh et al., 2021)
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map® (Kosslyn, 1994; Kosslyn et al., 200&) simplified versionsof Bags o u 6 s mo d a | nfr

(Barsalou, 1999, fig. 3)

}C//

Figurel4. A schematic diagram depictingcagnitivefiobject map.

Cognitivefiobjecb mapscouldbe implemented in LIDA by combining A M tiade
structures with topographicetinotopic,or volumetric extents that occur withils various short
term(e.g., Sensory Memory and the Current Situational Modeljarggterm(e.g., Spatial
Memory) memory moduled-or example, the bicycle Figure14 combinesa topographic
extentcorresponding ta bicycle with a set of node structures that desdhleeletailsand
locations ofeachof its part(i.e., subregions of interest)Thesedescriptivenode structures are
anchored to t he objectcentadiptaéenodesthat epactfy distiadt lacgtions
alongthatextent. i ke al |l ocentric cogniti vehiemachiclly cogni

organized concurrently supportinguultiple scales and resolutions.

Multi modal Perception
Perception involves the recognition (identification) of objects, entities, situations, and events

within environmental stimuliDuring perception,itesestimuli are mappedtb learned or innate

123



mental repesentationge.g., grounded conceptiat provide the most plausible explanations for
those stimuliandt he resul ting fAperceptso are integrate

currentsituation(i.e., itsCurrentSituationalModel).

In practice, perception is an active process, supported by predictions, exploration, and
speculative reasoningnd it can be viewed dbe resultob ot h flbpd t aoAldo wintoo p
processind e. g., see N. Dijkstra et al ., .Battont 7; Il nt a
up processings characterized by tHferward flow of information. With respect to LIDA, this
beginswith the arrival of sensory stimuli in Sensory Memand ends with a global (conscious)
broadcastTop-downperceptualprocessingon the other hand, is characterizedhsbackvard
(or recurrentflow of informationand internally generated signal$is can take théorm of
mental simulationgyredictive processinfClark, 2013) andsituationalexpectations’ With
respect to LIDAtop-down processing igefleding inthe dynamic® f L | ([Dekanscious)
Workspace, including the activity @t structure building codele{ge.g., simulator SBgsand the
cueing of longterm memorymodules (e.g., Declarative Memory and Perceptual Associative

Memory).

In this section, | willprimarily focus ondevelopinggna c c ou nt [leoftomupl DA G s
perceptual processing. Tipartialaccounbo f L1 DAds per sbapedaondHle pr ocess
module, representation, and process implementations described earlier in this Chapter. Chapters

6 and 7 delve into more agitabout topdowncognitiveprocesss

17 Recall from Chapter 3 tharediction and mental simulation are not necessarily digtiecttalphenomena

Moulton and Kosslyr§2009)posited that mental simulation is primarily used to create experiential predictions, and
numerous researchers have noted a deepeaction between prediction, perception, and mental simulation
(Barsalou, 2009; Clark, 2013; Jeannerod, 200pugh | did not mention theexplicitly earlier,expectations are
clearly a related idea.
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L1 DAOG s -up petcéptughrocessings partially depicted ifrigure10; it involves the

following steps:

(1) Perception begins whesnvironmentaktimuli activateSensory Memory s mo-dal i t vy
specifig low-levelfeature detector@.e.,; -VAE recognition networKs Their patterns of
activation resultn the generation of a sef modality-specificsensoryrepresentations
(i.e., modal probability distributions)

(2) Sensory Memoryipdate the current activationsssociated witfPerceptual Associative
Memory PAM)6 modal nodeg i . e . primRive katere detectoysThis is
accomplished by a resemblardz&sel comparison between the sensory representations
generated in step (1) atlie learned(or built-in) sensory representations grounding
P A M @nedal nodesThe greatethe similarity between these sensory representations
thegreatetthe increase ih h e i r  m o airaehtactivatidnd-6r somputational
purposes, current activation is calculated as a function aioiae similariy between
two sensory representations

(3) In parallel to step(2), the sensoryrepresentationgenerated in stefl) areintegrated into
LI DAG6s Curr ent .Miltimodakbindingsruture Mitdidgeodeles
constructelementangroundedconcept representatidrom eachsuchset of ce
occurring modality-specific sensory epresentations'hese new elementary grounded
conceptharacterizea n a g e nt 0sensorynerperiensa u a |

(4) Current activationpropagaten Perceptual Associative Memorlp AM) activation graph
overreferential linksfrom modal nodes (i.eprimitive feature detectoyso their

connected groundezbnceps (i.e., norprimitive feature detectorsjVhencurrent
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activation propagates from multiple (source) nodes to a sisigle) (hode, their current
activations can combine jointly activate that target notfe A portion of thiscurrent
activationcan therpropagate to othgrerceptual/conceptuetpresentationgver
activation links.

Baselevel and current activations combineHAM to determinea  n otodtad 0 s
activation PAM node structurewith total activations over amstantiation threshol@re
instantiated intd. | D Apesonscious Workspagd.e., itsCurrent Situational Modél
as percepts

(5) A simulator structure building codelet (SBC) continually scan€ilmeent Situational
Modellooking for perceptawithout associatethentalsimulations For each suchercept
the simulator SBC construatmodalsimulation It then associatekis modal simulation
with its correspondingg e r ¢ e pt Henceptual Sa&(@sing a referential
associaton) This Avirtual o (internally sourced)
(externally sourced) sensory content within the Perceptual Scene (see Chapter 7).
(6) Attention codelets scathepreconscious represg at i o0 n s Currant SituatDmalé s
Model andselect among thedmsed on their own interegis., theirmatching criteria)
Selected representations are sent to a coalition forming process, which constructs

coalitionsfrom themand sends them to ti@&obal Workspace.

When aPAM nodeis activated from multiple sourcgfosesource nodefinctionlike a heterogeneous,
multimodalfi s t ae rk £ a nfaime &Balzer, 2018; Sesmero et al., 2015; D. H. Wolpert, 19823t is, the
current activatiorof the target (sink) nodis calculated as weightedcombination oimultiple sources of
resemblancd a s e d fA.@Sudh énaultincodalensemble of nodesould be used to providemorerobust
predictorofanode 6s situational relevance
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(7) The Global Workspace conducts an activati@sed, winnetake-all competition among

tscoal itions and globally broadcasts the wi

Perceptual(Conceptua) Learning

LI DAOGs p(eoncemyaljearranh can belaracterized as both instructionist and
selectionis{see Edelman, BY). Instructionist learning involves the learning of new knowledge
representation&.g.,sensory representations agrdunded concepjsSelectionist learning
involves updating/finguning parameters associated with existing knowledgeesentations

(e.g., basdevel activations)

Instructionist PerceptualLearning. A multimodatbindingstructure building codelet (SBC)

cancreate nevelementay grounded concepepresentaton n LI DAG6s Current Sit
Model by binding together coccurringsensory representatiansfirst createsa newmodal

nodefor eachunboundsensory representati@amd assigns a value to its modality indicalbor.

then binds thesmodal nodeso an amodahodeusing referential linksThis new amodal node

holistically symbolizes that experiené@t her el ements of tfe, agent 6s
background contextshay also be associated with these sensory experiencesiosing

referential links If thesenewelementarygrounded cocept representatioasd their associated
contextsareattended to by attention codeldisey may be&onsciously broadcaandlearned

into Perceptual Associative Memori AM).

More elaborate and generalized node structtwefdbe createtha n agC&MMhy 6
otherstructure building codelets. For examg@structure building codeleouldspecializ in
creatingpc ogni t i ve (seefigurele)t Thesercayidde created using a prosesdar

tothei schemat i ¢ sy mb odescfibedrbyarsaloul909)forrearnirgfsaseas.
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This proces$egins byfirst constructinglor allocating)a coordinatingnonsymbolic

representatiofe.g., a patial extentt hat c¢c har act everall shapandgpropexids] ect 6 s
For example, thepatial extentor an objectould be induced into the sensory portions of

LI DA6s Perceptual S Thes prago-cdgpitivei o D ij rmawcdbabd tleema pS B C
serve as an objecentered reference frame within which specific-sedfionscouldbe

elaborated? In particular,groundedconceptrepresentatiogie.g., object pasj could be

associateavith objectcentric place nodethat specify distinctdcations within an object overall

extent?® These object maps could then be incrementally learned over multiple cognitive cycles.

Finally, ageneralizatiorstructure building codelet could identify and construct
categories of objects, entities, or evegets.)by (1) identifying clusters of related itenis the
CSM, (2) creatingnew amodatategory nodegs necessarydr those related items, ai(8)
linking identified category membeit® those category nodéssing referential links)Each of

these structures could then be learned into PAM, if they are included in a conscious broadcast.

Selectionist Perceptual Learninglf PAM receives a conscious broaddhsit contains

previously learned PAM nodgs increases the badevel activation of eachkuchPAM node.

The magnitude of this increase is based on th
activation ofthe winning coalition)Additionally, the parameters (weights and biases) associated

withSensory Memoryds r ecogn icduldbeupdatedrom theeontent at i v e

9 Kosslyn suggested that the creation of mpidit (visual) mental images may begin witfiglobal imaged (1994,
p. 292)whose parts are elaborated on, as needed. The process advocated for here follows a similar idea: incremental
elaboration of an initially low fidelity coordinating nesymbolic representation.

2The idea of objeetentricplacm o des was described in the section on Cocg
chapter.
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in a conscious broadcésbasedn theg -VAE loss functionandstochastic gradient descent.

This update require€l) environmentastimuli( i . e. , @Ar e al, (@)theirsimgalony cont
(Avirtual o ,;amif3xheirsgnsocy oeprésentatiofraodal probability

distributions) Thisrequiredcontentis availablein. | DA6s Per ceptual; Scene (

therefore, it could be included incanscious broadcast.

Evaluation

This chapter detailed conceptual and computational implementations for grounded
representations, mental simulation, amaltimodalperception in LIDAWhile these
implementations were developed in accordance with the gugdedipecified in Chapter i8s
propertiesshouldbe confirmed by experimentation and analysis. SpecifidaBtlybrid

requires that grounded concept representation satisfy the following four properties:

(1) They must benalogical bearing a resemblance teetthings they signify.

(2) They must bgenerative supportingnodal mental simulations

(3) They must bgrounded either directly or indirectly, in sensorimot@se., sensory)
representations.

(4) They must bgerceptual capable of activating and being interpceby perceptual

systems.

In this section, | will demonstrate that my computational implementatibsfies these

requirements.
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Analogical

Analogical representations anensymbolicrepresentations thhear an iconic relationshipith

the things they signify AssueheheyRaniserve asiproxiesfermi ot i
their referents (e.g., environmental stimiiyesemblancéased comparisonswb analogical
representations should be judged sinfilay a n  @&rgeptuat pdosesspband only ifthar

referents resemble one anothéth respecttdhata gent 6 s sensory system

| contend that themplementationsof | DAG s S e n saodPgrcepmlmo r y
Associative MemoryPAM) modules detailed in this chaptaan s#sfy this analogical
requirementTo testthis claim af -6 ! %ith a convolutional architectutewas trained on
Fashion MNIST(Xiao et al., 2014@ a welkknown data set containirf,000grayscale images
(28x28pi xel s each) from ten di f f(eshiksntousarsat egor i e s
pullovers, dresses, coats, sandals, shirts, sneakers, bags, and ankl& l®oésulting -6 ! %
had 538,529 parameters (i.e., weights and biasespmpledatent vectors®@ had64
dimensions, ands! valuewasl.2. Trainirg was fully unsupervised (see Chapter 2) and
consisted offivée r ai ni ng epochs otramingimagesTheldata s set 6 s 60 .

10,000testimages were withheld during trainiegdused exclusively for experimentation.

To test thé -6 ! B4ability to capture the resemblanbased characteristics of its inputs
(i.e., whether its sensory representations are analogical), 25 images were randomly sampled from

each of the dat assultingzb0imagesseasbre girouliwe® ssedtal h e

21 Alternating convolutional, max pooling layers (2 of each) were used to implemégnittHe®osncoder network.
Transpose convolutional layers were used to implemeit-th ! 8odecoder network. Rectifielihear (RELU)
activation functions were used throughout.
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generate sensory representatidbsrrent activations were then calculatedeach pair of
sensory representations to determine thpparenperceptuasimilarity. The resulting values

were used to generate the heatmap shovagure15 (Left Panel).

This experimental setup was i ntenndodal t o i m
nodesn PAM from sensory representations for incomemyironmentaktimuli. Each rowof the
heatmap irFigurel5 (Left Panel)can be viewed as patternobd i vati on i nduced oV

modal nodegiven some sensory input (in this case, an image).

Current activatioawerebased on theosine similarites (| ) calculatedover pairs of
sensory representationse(, modal probability distributions)rhesecosinesimilaritieswere then

used as inputs tosigmoidal current activation () function??

Note that arrent activatiosimmediately decayed to zero following each calculation; therefore,

current activations were unaffected by earlier trfals.

22While not strictly necessary, it was beneficial to scale cosine similarities ingsngpn-linear activation function

to reduce noise. A sigmoidal scaling &tion such as this will be particularly useful in a LIDA agent, where current
activation can gradually accumulate over time because current activation does not immediately decay to zero
between subsequent environmental stimuli.

2 Asaside note:residualur r ent activation in PAM6s activation graph
priming.

131



o

0 % 0.97 0.96 0.94
o =4 - . -
—_ 4 A : | \
E 2 ~ 2 ~ J ‘ L s 1
:‘é 3 _E - 0.99 0.97 0.94 s 0.93 0.92 091
8 4 g 2 2
o < -
2. s 3 S i s
5 <
8 6 E B 0.87 0.87 0.86 0.94 0.85 0.84
2 S % ol ™ " T
.2 7 — b4 2 ; " J \
: 5 3 gl I -4
8 Q © @
9 B 0.0 - 0.94 0.91 0.86 & ] oo 0.88 0.82
01234567289 é’ §
Object Classes O] o] _"
rimitive feature detectors T : ; T g ;
® ) stimuli objects with stimuli objects with

the greatest a, the greatest a,

Figurel5. Current activations and resemblait@sed best matches] AVAE was trained orthe
Fashion MNIST dataset and used to generate a heatmap of current activations (left) for 250 re
sampled images. Objeatgeregrouped in the heatmap by their objeetssleg25 imagesper class
Gridlines were added to help with visualizing category bounddtiesnplesensorystimuli and the
objectsreceiving the most current activation { from those stimuli are also shown (right).

The heatmapHigurel5, Left Panel) shows thattra-category activations wegdways
greater (on averag&)aninter-category activations. Furthermore, categories containing items
thatresemble one anoth@&for example, pullovers (category 2), coats (category 4), and shirts
(category 6) generated higher int@ategory current activations than categories containing
dissimilar items. In fact, sensory representations corresponding to thssiategories generated
very little current activation; for example, the only sensory representations receiving current

activations for images of ankle boots were those corresponding to other items of footwear.

Figurel5, Right Panel shows a set of images functioning as incoming sensory .stimuli
These sensory stimuli were encoded using tie! 8s r ecogni ti on networ k a
modal nodesn PAM (i.e., prevously learned sensory representapii he set of images
associated with the most highly activataddal nodesire shown alongside the sensory stimuli

that activated thenkigure 15, Right Panel demonstrates that the most highly activated sensory
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representations correspondedhpectsthat shared similar shapes, textural features, and

luminance(i.e., they resemble the sensory stimuli that activated them)

Based orthe above observationsgontend thaal -6 ! ased implementation of
LI DAG6s Sensor ycaMeamsensyry repesentdtians that are analogical.
Furthermore, since these sensory regrourdecent at i
corceptrepresentationsheir analogical propertwill apply toall grounded representations in

PAM.

Grounded

Sensory representations are reymbolic representations generabgdlSe ns ory ™Me mor y 0 s
VAE recognition networksThey encod¢he modality-specific, lowlevel features of

environmental stimuliThey are analogical (shown earl@&mapable of serving as proxies for

the environmental stimuli they represent. Ahéyt can be used to activate otf@milar) sensory
representations usingr@esemblancdased comparisoe.g., cosine similarity)rherefore,

sensory representations are grounding representat{olsf . Harnadds iconic re

Chapter 2).

Elementary grounded concept representatammbineone or morenodalnodesg(with
asociatedsensory representatigreanda coordinatingamodalnodeusingreferential(activatior)
links. Referential links support the spread of activation froodal nodeso their connected
amodal symbda This allows the activations associated witbseamodal symbols to covary
with the patterns of activatioof their constituent sensory representatidx&sumingSensory
Memoryd sensory representations refléfoe featuresof environmental stimuliandSensory

Memoryusesthose sensory representations to activawelal nodes in PAMthenelementary
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grounded concept representations aido reflect those featurestheir patterns of activation
As such, elementary grounded concept representationsoansdgd in their sensory
representations; furthermomementary grounded concept representations are grounding
representationsThroughinduction one ouldnowshow thatall o f L Igibéndesl concept
representationaregrounded (viachains ofreferental links from elementary grounded concept

representabns).

Generative

| claim that an implementation has learned generative representations (e.g., sensory
representations) if and only if those allow the creation of modal simulations tmatagaizable
by the implementatidns  s.y@& example, given a mentally simulatédts shoe, or bag, it
should be recognizabl e as s uddhderopstratetratithiss y st em
property holds for the -VAE-basedmplementation described here, | generated mental
simulations for the same 250 randomly selected is#ug were used to generate the heatmap
in Figure15 (Left Panel). | then used these mental simulations to activatehe %O
recognition networlas if they were icoming sensory stimuli generated corresponding sensory
representations and calculated the pairwasas before. The resulting heatmap (not shown)
looked very similar to the heatmap showrFigure 15 with only slightly more intecclass noise.
This demonstrates that the mental simulations produced byW#&ESs generative networks
(and, by extension, simulator structure building codeetssufficient to gpport the correct

perception of those fAvirtual o sti mul.

Analytically, it is seltevidentthat this property should hold fof aVAE-based

implementationf. -VAEO ktent representations allesignedo begenerativevith respect tats
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generative netwotk® This is a consequence of its encedecoder architecture and its loss

function that attempts to minimize reconstruction erfdrile the quality ofts reconstructions
(simulations)will vary (e.g., depending otief -V A E &ayeredtopology and thg value used)

its latent representationsill almost certainlype generativeafter sufficient training® Therefore,

LI DA6s sensory representations, which are bas

generative.

Figure1l6 demonstrates this propentisually with respect to the -VAE trained earlier
on Fashion MNIST.ls hows a set of 0 rtleerdomesporelingsnemtay st i mul
simul ati onsa(io. se nNNolice tiyat tleeseisimulatiang resemble their
correspondi ng fotice that these simulatiank fail to cAptuse onany of the
details present in the original images; for example, the buttons on shirts and stripesscareho
completelymissing i . e., they are Apartial 06 .&nally, ii ndet e
natice that some of theimulated objects have slightly different shapes and orientdtians
their real counterpadsfor example, the shape of handbag and the orientation of the pant legs
Therefore, there is some evidence th&] -VAE has generalizedver its inputs rather than

simply memorizing those details.

24This is a further example that mental representations must be understood with respect to the cognitive processes
that are intended to interpret them. A I av/tAeErdts repr eseni
generative network will likelyproduce incomprehensible, incoherent reconstructions using a diffekéit E 6 s

generative network.

25The only caveat to this is that a bad random initializatiorf oMAES parameters could cause a gradaagcent
basedoptimizer tobecomeprematurely stucin alocal optimumfor which this property fails; therefore, it is always
best to experimentally verify these properties.
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“Real” Stimuli

“Virtual” Stimuli
(Simulations)

Figurel16. Stimuli and theimentalsmulations (Fashion MNIST).

Perceptual

Grounded concept representations are perceptual represedatenthey aréearned into
Perceptual Associative Memory in support of recognitidrerefore, there is no disconnect
between & IDA a g e sensorgperceptual systems aitd conceptual representations
Grounded concept representas@ancuegrounded concepts in PABIther directly(using
sensoryrepresentationandstructural comparisop®r indirectly (through mediating mental

simulation$. The latter(simulationbased mechanignshould be preferred in most cases.

Discussion

This chapter detailed implementatsdfor many of ESHybrid foundational components in

LIDA. These included sensory representations (cf. sensorimotor representgtionsjled
conceptrepresentationseferential and nomeferential associationt)egenerative processes

supporting mental simuii@n (i.e., simulator SBCs)nultimodalperception and Aconsci ou
perceptual/conceptual learning/hile thereare many ways of computationalgalizingthis

functionality within LIDA, the combination of modalitgpecificf -6 ! $anda content

addressablactivation graptprovides a powerful and flexibility way of satisfyingSHy br i d 6 s

representational requirements that should work well for many environments.
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PreviousLIDA researchhasattempted to implemeigirounded cognitionin LIDA usinga
combination oModularCompositeRepresentation (MCR) vectofSnaider & Franklin, 2014a,
2014b)and aHierarchical Temporal Memo§HTM; Hawkins et al., 2010basedSensory
Memory modulgsee Agrawal et al., 2018)Vhile MCR vectors can be analogical and
perceptual, theare not generative; therefore, it is unclear how to use them as the
representational basis forodalmental simulationand, by extensiorembodiedsimulation

based_IDA agents

Many aspectsdf he account presented here accord we
Perceptual Symbol Syster(Barsalou, 1999; Barsalou etal.,, 2003) Sensory Memoryos
collection off -6 ! $6ombined with Perceptual Associative Menory s pr eadi ng act i\
graphcan be viewed as t he @adalau 192D, pasythad Barsaoui ve ne
suggests as a possible implementation strategyei@eptual symbols The wuse of fAsim
structure building codelets to support the generation of mental simuldtens further
inspiration from Barsalolknd t he cognitive Aobjecto maps des:s
functionally similar tosimplified versions oB a r s a(1989)ndal frameskFurthermore,
many ofthe properties Barsalou ascribes to his perceptual syrfdesaLChapter 2, Perceptual
Symbol Systemd)old forgrourded concept representations presented Bgecifically,they

areanalogical not complete recordingpartial and indeterminateapable of designating

multiple referentsanddynamic

However, there areumeroudifferences as welMost notaby, B a r s atteoryod s
Perceptual Symbol Systethsas been descri bed a(see@aidstéghed i mi nat
Barsalou, 1998bhat argues thahodalrepresentationand the cognitive processes that operate
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on them are sufficient taccount for all of cognitiorBy contrast, the conceptual and
computationalmplementations described here make extensive usmoflalrepresentations.

contend thathese amodal representati@esve manyritical functionsthat are difficult(and
perhapsmpossiblg to accommodate with purely modal representatiBeplacing amodal

representations witmodal representations, suchcagssmodal conjunctive representations

(CCRs; see Binder, 2016), which storefthe t at i sti cally 1 ikely featur
exemplars or multimodal compressed representations (Barsalou, 2016a, pwbLBB)

undermine many of those benefits.

A second differencbetween the current account and Perceptual Symbol Syst¢inasg
Barsalod £1999)fisimulator® are defined athe combinationof knowledge andenerative
processes needed to represesingleconcept. Theurrentimplementation separates iee
concerngsee the earlier section on Simulator Structure Building @ts}el do this for several
reasonschief among these is computatiomsald conceptuaimplicity. Coordinating the activity
of the myriad of largely independent, generative processes needed to support a rich conceptual
system would be extraordinarily clalging in software. Moreovea oneto-many relationship
between generative processes and the concepts they simubaie onsistent with Kosslyn et
a | (1988)experimental observations that simulation appears to use sequential generation
processes. If the generation of each constituent part of apauitobject were handled by
separate processes operating in parallel, then additional synchronization woektibd to
produce those observed experimental results. Theréfeieplementatiordescribed here

provides anoreparsimoniougxplanation fothoseexperimentatesults(ceteris paribus
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Chapter 6

Action-Based Mental Simulation and Motor Cognition

The overriding task of Mind is to produce the next aéiomhe variouscognitive
function® recognizing, categorizing, recalling, inferencing, plandiradj

ultimately serve what to do neXEranklin, 1995, p. 412)

Chapter 5 focused on perception, the representation of grounded concepts, and the generative
processes that support mental simulatidms chaptebuilds on that earlier groundworkadding

aspects omotor cognitionsee Chapter ap LIDA. Specifically, this chapter focuses on
developingactionbasedmental simulations and othactonor i ent ed aspects of |

cognitive cycle.

Procedural Memory and Action Selection #remodules that most directly answbe
guestiomm Wh at do (Franklim etiale2016?p010@) LIDA. Procedural Memory
contains a internd modelof thepredictedconsequences af n  a cpetions. &red Action

Selection uses situationally relevant portion

Historicaly t he knowl edge in LI DAO on§iderecctebddur al |
Anewv c o n(see Franklis &Baars, 201@nhowledge It supported the selectiaf actions,
but itsknowledgerepresentationg.e., schemesyereneverconsciously accessibte an

agendt hat i1 s, they were inaccessible from LI DAG

Bui |l di ng o theody efanotor eogritidfdeannerod, 2001, 2006)suggest
how ficovert o act ia Qognition cewd sippodcponieasedriental Mo t
simulations Action-basedmentalsimulationsaregenerated from the predicted consequences of
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internally executedehaviors Specifically, hesemental simulationsipdateL | DA 6 sto CS M
reflectthe expected ut comes of an a g €lrhigcépacitydsomterealyt ed behav
executed behaviors and generate mental simulations fromisheanned byinternalizingthe

consequences efkternallyexecutedehaviors

Action-basedmnentalsimulations are thbasis for volitional/intentional mental imagery
(see Chapter 7and they are likely pervasive in cognitive activities such as deliberation and
planning.As such consciouseasoninde.g., volitional and consciously mediated offline
cognition) could be viewed as a skill that is developed over time through relevant environmental

interactiongBartlett, 1958)

In support of actiofbased mental simulatisand the internal execution oflseted
behaviorsthis chaptedetailsanewimplementatioforL 1| DAds Pr ocedur al Me mo r
Selection modulesn addition to laying the foundation for motor cognition in LIDA, it advances
LI DA6s procedur al | e ar ni nngactiorbseldct#ont algorsuggests e a ms
a possible implementation fautomatizedction selection (see Chapter 4) based the

Aoverl earnedo components of reliable behavior

My implementatioris based oran enhancedIDA -compatibleextension of Dresched s
(1991)schema mechanistWhere Drescher was primarily focused on explicating the very early,
sensorimotor stagesPi aget 6 s constructi vi st (Piaghtel®5e,y of ch
1954) | expand thascopeto include thementalsimulation of actionsnd their environmental
consequencedhecapaity to perform actiorbased mental simulatioms believed to emerge

later in childhood developme(#.g., see Molina et al., 2008; Spruijt et al., 2015)
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Background: The Schema Mechanism

Dreschel(1991)describe his schema mechanisas asymbolicci ge ner al |l earning a
building mechani smo i cosspuctivien(Piadety 1952j185f)et 6 s t heo
According tothis theory, human infants initially conceive of their workkclusivelyin terms of

sensofnnotor activity However, hrough continued interactiomgth the wortl, childrenlearn

that some of their actions affect their sensatiansl graduallgheycanconstructmore

sophisticated representations of redlitst are grounded ithese sensorimotor primitives.

Piaget described thesarlylearning agprogressing through a series of developmental
stagesDr escher 6s schema mechanism is primarily f
fisensorimotor staggwh i ch corresponds to t heAnfimportant t wo vy
aspectofthistheoy , and Dr escher 6s s c h e aldsongrehoastyi s m, i
learned knowledgd. n t he subsections that foll ow, I wi |
knowledge structuregs.e., mental representationgjstion selectionand procedural leaing

algorithm.

Knowledge Representations
The schema pmaacymentalirepres@rdatiaa theschemalt is a threepartdata
structure composed ofcantext anaction andaresult Taken togethethese components

predictwhatmightoccurif an agent were texecution aractionin a given environmental state

IWhilelampr i marily interested in the schemaledgedtshoddbe s mds c a
noted that Drescher intended for the schema mechanism tmbeear-lesscomplete cognitive ardtecture,
featuing procedural and declarative knowledge, as well as action selection.
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Contexs and result makeassertions abotlhe world (,e.an agent 6s)0 envi ronn
specifically, the state of the worlaefore and after an action is tak&hey are not compte
descriptions onenvironment. Rathetheyonly specifythose state elements that are
statistically correlated with agctionand its reliable executiod s chemaédés cont ext a

are encodedsing a set aferoor moreitemassertions

Itemsare binary state elements tisgmbolizeaspecto f an agent.dh®ey envi r ol
can be thought of as propositions or binary feature detectorsoitespond tepecific
environmental condition®nitemd s  sOn artO# indicates whethethatconditionis
satisfiedina n  a geevimonndeatAnd an item assertion stipulates a specific value for an

itembs state.

Aschena® s ¢ o nt e xontainasatof iteraassertionghat describe relevant
aspects oehviremmenpgieot 60 and foll owing t.he exec.
For example, given three itemsr,andi, a schemads cont Ry Thisi ght b
indicatesthat itemn should be Offfy should be On, and it makes no claims about the state
itemi ; that is,i can be On or Off, and this context would stilldadisfiedA s chemads cont
said to besatisfiedwhen all of its positive item assertions correspond to itiasareOn in an
agent 6s environment pegaed)demaassertionsfcorresposd tmnitengsdhiati v e

are Off in an agentdés environment.

The schema mechanism define® types of itemsprimitive items and synthetic items.
Primitive itemsarebuilt-in symbolic representations that are toggled On or Off by innate
cognitive processgbased om n  a g@rentedvgonmental stajeln simple casegqrimitive

items could beviredd i r ectly to an agent 0s tosettheisvdues (e. g. ,
142



On or Offt More generallyprimitive itemsfunction as Booleafunctions (predicateghat
characterizethe b s er vabl e pr o mrvironmeetastatelh corrastsymtpetian t 6 s

itemsarelearnedadditionst o t he schema mdmregedone smdéds conceptu

The schema mechanism createyiathetic itemwhenever a schema is found to be
unreliable bufiocally consisterti (Drescher, 1991, p. 82prescher referred ®uch a schemas
thes y nt h e t host schemanditbesesultings y nt het i ¢ it emreafier. t he hos
Conceptually, aynthetic item represessomeunknown previouslyunconceiveebf,

environmental condition thatfluences the reliability ofits host schema

To makethese ideamore concrete,ansiderthe schemalepicted inFigurel7. It
specifiesanactionof movingo n ehanslto theleft (MOVEHANDLEFT) andaresultof o n ehansl
touching somethintp theleft (HANBTOUCH.EFT). This schema iBkely unreliable because it
fails to specifyany conditions thatonstrain its applicabilitylts context is empt{i.e., itasserts
nothing) so it is assumed to apply in all situasodowever, ifthere are no objectston asggent 6
left, that agenshouldnot expect to touch something i$ ihandvere moved tdts left. On the
other hangif on some occaside agentdid touch somdting after movingdts hando theleft,
thenthat resulis morelikely to occuragainwhenrepeating th sameaction(at leastovera short

duration oftime).® Such a schema is said tolbeally consistentAnd when the schema

2 Synthetic items are examplesfifitially ungrounded symbols that signiffif unk nown referentso (se
They are hypothesizezhvironmentatonditions that arinferred from otherenvironmental regularities. The schema
mechanism works backwards from a previously conceived manifestation (e.g., a tactile sensation) and postulates a
previouslyunconceiveef thing(e.g., a physical object). This new synthetic item (i.e., concept) is allocated by the
schema mechanism and grounded t hr ou dDreschdr,1991,p.80)f i cati on

3 The assumption being that objects generally remain in approximately the same place over short periods of time.
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mechanism detects tH@cal consistency, it creates a new synthiggio (labelledPALPABLE

OBJECTLEFTIN Figurel7?) with thisunreliableschema as its host schema.

Host Schema
action
@ hand-touch-left
move-hand-left
context result
\ J
Y
]

palpable-object-left

Synthetic Item
(reifier)

Figurel7. A synthetic item and its host schema. A schema with an empty context (top) specifies

an agentdés hand wWMOVERBIANDLEFTIMOivte woou ltdh er d seufltt (i
touching an object to its lefHANDTOUCH_EFT). This schema was identified as an unreliable, but

locally consistent schema, resulting in the creation of a synthetic item (bottom). This synthetic it
be interpreted as corresponding to tdfte con

(PALPABLEOBJECTLEFT).

Unlike primitive item® which are considered On or Off based on the state of a sensor or
a perceptual proce3¢ he schema mechanism determines a sy
on a s et vedficatidn eoaditioné (dee Brescher, 1991, sec. 4.2Me simplest of
thesesbasedowh et her a slymgthedclte md @snorsess thlots t o salthrean
actionistakenl f t h e h o s t dossactuewhendtssactioreisstakdthen the synthetic
itemisturnedOn;ift he host s failste oteutaiter its @todsltaken then the

synthetic item is turned Off
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The schema mechanism supports two types of actmomsitive actions and composite
actions Primitive actiors are builtin actions that argypically fihardwiredo to actuators or
controllersthatexecutehoseactiors. Composite aetionsare learned actions thiainction like
subroutinesspecifically,each composite actiaontainsa controller that learnchainsof

(componentschemagseeFigure18) thatleadto a specifiggoal stde.

Once learned,amposite actionprovide amabstradon overthe details of howhesegoal
statesare reachedllowing the schema mechanismlearnfurther resultghat follow from
achieving thosgoal statesFor exampleconsidera composite actiowith agoal state of
ONSWITCH, thatis,ia s wi t c hon positiomodhisimight iedulinit he | i ght s bei
0 NGO ON(LIGHTSY in the context of &itchen, that iSIN(KITCHEN ; however, but it mightesult
infl & an b edi ONGAND ndahe context of bedroom, that isN(BEDROOM The schema
mechanism could learn these regularities as two different schveithate same composite

action: IN(KITCHEN)/ON(SWITCH)/ON(LIGHTS)andIN(BEDROOM)/ON(SWITCH)/ON(FAK)

4 Drescher(1991)often depictedchemassfiCONTEXT/ACTION/RESULTo with forward slashes separating each
componentl follow that convention here.
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Chain of Schemas

Schema 1 Schema i Schema n

action
Aq

context result context result context result

action action

where C; S R;_;for2 <i<n
t =1 == goal state

Figurel8. An illustration of a single chain of schemas. One or more schemas can chain together (
within a composite@ion's controller) when one schema's context is a proper subset of another sct
result, forming a link in the chain. For composite actions, the terminal link in a schema chain will h

the composite actionds ¢ o dtactonsfypioally eostaimultige r e
chains of schemas that terminate in a single goal state.

Schemasaveseveral associated propertiés. s ¢ h eslralailiby sracks the probability
with which a schemads resul tr aolc,c usrcsh emhaedns i masy
arbitrarily unreliable; however, even unreliable schemas are useful because they serve as points
of departure for learning more reliable schemas. (Exactly how the schema mechanism achieves
this will be discussed later in this chapt@ther parameters associated with each schema
include its (averageajuration, (averagetost andoverriding conditiongsee Drescher, 1991, p.

55).

Action Selection

The schema mechanism selects a siagfdicableschema at each discrete time step. A schema
is said to be applicable when its contextasisfiedandnone of its overriding conditiorsccur.
Schema selection sased on anulti-faceted appraisal of each applicable schérha criteria

used to evaluateachschema can be broadly characterizetdeasgin service ofgoalpursuitor
exploraton (cf. exploration and exploitation in reinforcement learning; see Sutton & Barto,
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2018) The schema mechanism adjustsrelative importance of theseiteriaover timein order

to maintainaicyclic balanceé betweergoatpursuit and exploratiosee Drescher, 1991, p. 66)

A's ¢ h e ma-pussuitgngpartances primarily determined by tharimitive, delegated,
and instrumental values of the itemstgwresult.Primitive valueis abuilt-in®> measure of the
(positive or negative) desirability of an itePelegated valués anacquiredmeasure of the
(positive or negative) desirability ohatem.And instrumental valués atransient, goaspecific

measure of the current utility of an itém.

The primary criteria infl uencwhatdresches c he maod
called hysteresis and habituati@®e Drescher, 1991, p. 66lysteresiss thetendency to re
select recently selected schagrwhich provides atemporaryfocus of attentiormround a small
set of schemasiabituationis a temporary devaluation (partial suppressiorgobfemashat
have been recently selected many tinhegddition to hysteresis and habituatidre schema
mechansm also includes other exploratory mechanisms that encourage the selection of schemas

with underrepresented actions.

The selection o§chemas witltomposite actionsmtroduces additional complications
While theinitial selection of &ompositeactionschana proceeds exactly like a schema with a
primitive action theyaretreateddifferently after their selectiorf-or example, immediatebfter

theselectionof a schema with a composite actitine schema mechanism withooseone ofits

5Since primitive valuearei b uiind val ues, they are only associated wit!l
which are learned).

5 An item is said to havimstrumental valu@ with respect to a specific chain of schemas leading to a goa sfate
turning that item On woultelp satisfythe context of the next schema in that schema chain.
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c omp o s i t applieabldcampomentsscheméar execution Applicable component schemas

are selected based on thgioximityt o t he ¢ o mp o s i tratheatltahtheirgodls g o al
pursuit or exploratory valudf the selecteccomponent schema itself acompositeaction

schemathenthe schema mechanismill continue to recurse in this way until a schema with a

primitive action is found.

On subsequent selection evemtpreviously selected composite action schéma
referred to ashe pending shema& muststill compete for reselection like any other schema;

however, it is given additional importance that encourages-#islection Drescher stated,

The mechanism grants a pending schema enhanced importance for selection, so
that the schema willkely be reselected until its completion, unless some far

more important opportunity arises. Hence, there is a kind of focus of attention that
deters wild thrashing from one nevampleted action to another, while still

allowing interruption for a gooceason. (Drescher, 1991, p. 62)

The currenpending schemi aborted if iffails to make progress towarits goal statafter a
maximum expected execution time, or, if at any time following its initial selection, the pending

schema has no applicable compot schemas.

ProceduralLearning

The schema mechanidearrs newschemasgy marginal attributior® an empirical learning
algorithm thais designedo incrementallylearnchains ofreliableschemasA fundamental
feature of marginal attribution is that new knowletygéddson prior knowledgeThat is, new

schemas armcrementdly construced from existing schemaisrough a process callsgin-off.
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The schema mechanism is initializedh a set of pmnitive actions angbrimitive items.
Foreach of its primitive actionshe schema mechanism construdisiee schema anaction
only schemahatservesaségp oi nt of depar t uactoocorfsequenceshoen di s c o
this set of bare schemabest e ma mechani smbés marginal attri bu
identify thestatistically significane f f ect s of an agentds actions.
likely to turn On when an agent executes an action, tmesudt spiroff schemas created
containing thatelevantitemin its result.Thisspino f f schemads action wil |l
originating bare schemas  a, antd ts@antext will be emptgimilarly, if anitem is
significantly more likely to turn Off when an agent extas an action, then a result spifi

schemas creaéd containing thenegationof thatrelevantitem.

Oncethe schema mechanism leaome or more result spioffs, it thenattemps to
identify context conditions that will makbeseresult spiroffs more reliable. I f a schemad
result is significantly more likely to occur when a particular item igo@uor to its action
execution then acontext spiroff is created containing theglevantitem in its contek This new
spinoffs ¢ h e atdodadr esul t  wi | | be the s adtimamaasulti t s or |
Similarly, if a s ¢ hresoliss @ignificantly more likelyto occurwhen a particulaitem is Off
prior to it s,therctheisahema smeclkrarismomll treate a contextaspsthema

with a negated assertion for that item.

For each context spioff created in this wayadditional context spioffs can be created
from those schemésnew knowledge builds on previous knowledd@s supports the

construction of schemas wittomposite contextthat function likeconjunctiors (logical ANDs)
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of items! Once a conjunction oklevantitems has been identifigglia a context spiroff), it is

eligible forinclusionin aresult spiroff (but not befored

Schemas require two addiica | fiext ended o c loendpntificagionbfs t o s u
relevant itemsanextendectontextand arextendedesult These componentabulateitemlevel
correlation statistics with respect to each schéfmgended contexdtatistics which support
context spiroffs, areeligible to beupdated whenever a schema is expliaymplicitly
activated A schema iexplicitly activatedvhen it is selected faxecution. A schema is
implicitly activatedwhenever it shares the same action as the explicitly activated sceits

context is satisfied.

The schema mechanism updatesrétiability associated witlall implicitly or explicitly
activated schemas lebon the environmental state that follows action executiore ifebulting
state satisfiesmaactivateds ¢ h e ma §then itseediabilitytis increased; otherwise, its

reliability is decreased.

The schema mechanismaintainsnumerousther(learned)parameterghat are

periodically updatethcludnga s ¢ hoestaadulwationn a n generalitg,ascessibility

" The schema mechanism does exyplicitly support disjunctions of items (logical ORs over sets of items); however,
when multiple schemas contain the same cdrated action, but different results, these schemaficitly function

as a disjunction over their results. Similar, when two or more schemas have the same action and result, but different
contexts, these sets of schemas function as implicit disjunetitimsespect to their contexts.

8 This is a subtle, but important point. The schema mechathi&®s nosupport the incremental learning of

composite resultdike it does forcomposite contextrescheexplainedfit o prevent the é&xpl osi v
such combinations éonly a schema with an empty rediiké., a bare schemahpn spin off a schema with a new

result iemd (1991, pp. 7879). While composite resultare possible, they are limitédthoseconjunctions of

conditions thadippear irknown composite context$hat is, he schema mechanidiocuses orcompositeresuls

that when obtainedyill satisfy the context ai known contexspinoff. This encourages the learning of schema

chains.
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anddelegatedvalue and a ¢ o mppooRiraigwi tsic hreemsaPesct t o it s cc
goal stateThesedetails have been omitted for brevity. | have gsgosefullyglossed over the
specific processes that govern the | earning o

overriding conditios.

Implementation

This sectiordetailsan enhancedersion ofD r e s c(h981)séhema mechanisiwhich | use to

implementL | Ds#®Péocedural MemorgndAction Selection modulesn addition to supporting
simulationbased cognitiorthisimplementation solves e v e r a | openresedrcB A 6 s

problems It implemens instructionistprocedural learning that is,whenandhownew

procedural knowledgis acquired® It implemens behavior streamé i . e . , nfsadc;t isoere pl a
Ramamurthy etal., 2001) whi ch have |l ong existed in LIDAG6s
concrete implementatioAnd it implementsexploratoryaction selectiolf, which hasyet tobe

consideredn the LIDA literature.

WhileD r e s c(h981L)s6hema mechanismas intendedo be acompletecognitive
systend supportingnotions ofproceduramemory,declarativememory action and
perceptiod the version proposed here only implensensmallportion of LIDA; specifically,
its Procedural Merory and Action Selection module&s a resultsome of the representations

usedby thisimplementation are managed byDA modulesand processdbat are external tio

9 Recall thainstructionist learningnvolves learning new representations, aatkctionist learningnvolves

reinforcing existing representatiofe.g., their associated parameters; see Edelman,.188&uctionist procedural

learning has never been computationally implemented in iID&A. g. , i n LI DAds software fra
al., 2011) and its conceptual implementation is still underdeveloped.

10The exploration vs. exploitation problem, which is oftiéscussed in the reinforcement learning literafsee
Sutton & Barto, 2018put has nevebeen addressed in the LIDA literature.
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and outside of itsontrol In other cases, the&lsema mechanisim representation®.g., synthetic
items) and processes (e.g., conceptual learning) néededreplaced bl IDA counterpartghat

are often quitalifferent(both conceptually and functionally)

As such| beginthis sectiorby detaingh ow LI DAGS represeant ati ons
be reconciled with the schema mechanism. Whileigiegzgely a mapping exercise, soaeep
analyses andccasionatompromisesvere neededlablel lists the terminology that is roughly
analogous between the two cognitive med@l alsoindicates termghathaveno clear

correspondenck.

Next | detailmy schemamechanisribased implem&ationofL | DA6s Acti on Sel
and Procedural Memory modules.i¥hmplementatioris enhanced to support simulatibased
cognition specifically,the internalcovert)execution of behaviors and amttbased mental
simulationg(i.e., motor cognitionsee Chapter 2¥hese nevcapabilitesareused in Chapter 7

to implement volitional/intentional mental imagery in LIDA.
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Tablel. Ter mi nol ogi c al comparison of Drescherés
the same rowra roughlyanalogouswhile asterisks (*) indicate teswithout correspondingoncepts.

LIDA SCHEMA MECHANISM
schems schema

baselevel activation (of schemes) reliability (of schemas)
* extended context / extended result (of scherr
amodalnodes items

amodal nodg(learned) synthetic iters

node structure sesof items

affective valence primitive value

incentive salience delegated value

& instrumental value
behavior stream composite action
sensory representation *

modal node feeling node *

templatized schemes *

selectable behaviors applicable scheas
internal actions *

Reconciling LIDA with the Schema Mechanism

Schemes and SchemaSchemearethe primarydata structurgused inL | D APéosedural
Memorymodule(see Chapter 4LConceptually,lieyaresimilartoD r e s csehema&isce
theywerei nspi red by DY Botharke eomgosed acfapriest amaction and a
result and the meaning of these components is essentially the ldamever,despitethese

surface similaritiesheir detailsoftendiffer.

Traditionally, LIDAG s s cemceodabes contexts and resulésnode structuregsee

Chapter 4). de structurge aredirected graphs containing one or moogles andzeroor more

me LI DAS&s units of procedut
king that LI DAbcedureler si on o
declarative and conceptual

The decision was made to
mi sl eading readers into t
knowl edge (such as for ms
formulation (S. Franklin, personal communication, Jul{, ZD22).
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directedlinks. Nodes represent conceptanstances of conceptand Inks representhe
relationshipetween themNode structurearestructuredcompositeepresentatiors i.e., their

links carryadditionalsemantic information thatan influenceheir interpretation.

In contrastD r e s cskhemadepresentheir contexts and resulssets of item
assertios. Item assertiogindicate the presence or absencenvironmental conditiongnd
eachitem assertiois logicaly independent obne anotherConsequentlythe contexts and

resutse ncoded i n Dr @aeucstiuetureccompesitehreprasestatians

Unfortunately, it is impossible to map structurepresentatiosto unstructured
representations without losing information. Therefore, a pragmatic comprismiseded to
reconcile LIDAGs node structures with the sch

learning processes

Individually, L I D Aadalal nodessee Chapter Hresimilarto the schema
me c¢ h a nitenssrAddgher inclusionin, or omission froma conscious broadcastnbe used
to determine an it enbissuggeststh@nocetiat al (Memory &
contexs and result could be encoded a&t of node assertionthatare activated based time
presencer absencef amodal nodgin a conscious broadcasthis, in turn, could support the

instantiation ofituationally relevant schemé&.

2while this differs f rFoanklinletlalD2086ssecc oBwndiehpassumeboth the abibty

to structurally compareode structures arttie ability to perfornstructurebased, instructionist procedural learning

(i.e., adding or deleting structurésimilar simplifications have been employedchiallof L1 DA6s comput ati on:
implementationsFor examplel. | D Aldva Frameworkses a nodeased comparison to activate schemes (links

are ignored).
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BaselLevel Activation and Reliability. L | D Adhameshavbaselevelactivations Franklin

et al.(2016, p. 119¥escribed & ¢ h e me -fegel abtimatioeas ameasuref the likelihood

that the executona@ds c heme 6s acti on wi | | achi eBasedont s r es
this descriptionbaselevel activationis analogous t@ s ¢ hreligbdit§y. $~urthermore, the

selectionist procedural learniadgorithmthat LIDA uses to updatiés schemegbaselevel

activatiorsissimilart o t he schema mechani®smés reliability

That said, bselevel activatios (LIDA) and reliabilites (schema mechanisrhave
subtly differentmechanicgluetoL | DAGs compr e h e n JSeesrFeankiineetal,y pr o0 C €
2016,sec. 4651 nce a s delebartwabicn ddrays(albeit slowly)jmcorporates
notions of frequency and recency that are not presénhie c | assi cal sschema me
reliabilities. As suchan otherwisaeliable schemé@n LIDA) maybeinterpretecasbeing

unreliable if its action is rarely executeal it has been a while since its last execution

Thesedifferencsd o not negatively i mpact .tOhttke s c he ma
contrary, the additional functionality afforded by bdeeel activationsan be seensaan
enhancement over the original shadelevelactivatierc hani s

can beusedas afdrop-in replacementfort he s c he ma me c hehabilitys m6s noti o

Extended Contexts and Extended Resuli®r e s c her 6 s segtdndechestextsnach c | u d e
extended resulés data structures that tabulate itdewel statistics in suppt of marginal

attribution. Theyhaveno counterparts in LIB. My implementation of Procedural Mem@ryn

B Wwith important differences that will bkdiscussedater in this chaptefsee Procedural Memar$elecionist
Procedural Learning
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particular, instructionist procedural learningequires that they be addesl@mponents of

LI DA6s schemes

Amodal Nodes and Items] previously mentioned that I D Aadadal nodeare similar tahe

s c hema meitemsa(thatstaeneris only partially true.) Representationallygmodal

nodes and itemserve the same functiotheysymbolizeit hi ngs o6 i n an agentos
(objeds, entities, situations, eventtc). However,amodal nodef.IDA) and itemgschema

mechanismare learned anprocessedh very different ways.

Recall that the schema mechanisastwo types oftems: primitive and synthetic.
Primitive items areneve learned. They are innate (buiff) concepts that are havdred to
feature detectors and perceptual processgshetic items, on the other hand, @ ned
conceptghatrely on their hosschemador activation They aredetached frormn agent 0 s
sensory angerceptual processes (efgature detectorand other conceptsand theimeaning
depends entirely on their hagthemasThus,synthetic itemsre largely incompatible with

L I D Adrrentnotions of(grounded)oncept representah (see Chapter 5).

Reconciling the poraylsgnbdic meckpbhuambésystem wi
more capablehybrid conceptual systerfsee Chapter 5) requiresumdamentathange to the
s c hema meamimcephrepsesedtations and representatiearningprocesses

Specifically,

(1) newprimitive items must be supported,
(2) synthetic itemsnustbe removedand

(3) concept learning must be externalized from the schema mechanism.
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Supporting new primitive itemsould have beeanimpossihlity for the clasgal schema

mechanismit lacked avayto experientialyc onnect new it enmsandt o an age
perceptuabkystemsthereforeit had no means afpdating their internal stat@d.e., turning

them On or O based orana g e murréntenvironmentFortunately, LIDA has solved this

problem(see Chapter 5)

Structure building codelets create new amodal nodes based on incoming sensory stimuli.
These nodes are (referentially or referentially; see Chapter 3) connected to modal nodes in
LIl DAGs Perceptual As dUpanreeeiving\aeonddieusitroagcasmo d ul e .
containing nevebeforeseemamodalnodess, L1 DAG6s Pr ocedur atpante mor y n
extended contexts and extended results to include a new slot fausiichmodahode.
Procedural Memory will then begin tabulating correlation statistics for these new nodes.
Procedural memorglsomaintairs a reference to ea@modalnode, whichwill be used to

support instructionist procedural learninge., context and resupinoffs.

Sensory Representations, Modal Nodes, and Feeling Nodest DAGs sensory repre
modalnodes and feeling nodefsinction asnon-symbolicrepresentationg heysupport the

grounding and activation @modalnodesandthe learning omotivationrelatedparameters

(i.e., incentive saliencegssociated with thosemodalnodes The schema mechanism was not

designed to worklirectly with nonsymbolic representations, and, in genesahsory stimuli

sensory representatio(esg., modal pbability distributions; see Chapter, anhd the modal

nodes that encapsulate thehouldbeexcludedromL | DAG6s schemes.
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For similar reasons, feeling nodasge Chapter Hhould be excluded from Procedural
Memoryds schemes. F e erépiesentation¥ Theysio mtrs&rvetbot conc e
identify environmental stimuliThey quantifyaagendb s i mme d i @spenssh feelingsn i ¢
of liking or dislikingd elicited bythosestimuli.'® Feeling nodes function likeodalnodes, and,
in many cases, thegould be implemented as suche@rate perceptual/concept(ainoda)
nodes must be instantiated f@anagent tarecognizethe external stimulthat provoked those
feelings(e.g.,sweetfoods).And it is thoseconceptial representatiagithat should be included in

schemes (not feeling nodes).

InsummaryL | DASGshemesd contexts andexclugvelyromm s s h ot
amodalnodeassertionsModal nodes, feeling nodesgnsory representatioras)d sensory
stimuli should be limitd tothe data structureand processes that suppottier long and shor

termmemory moduleg¢e.g., Perceptual Associative Memory and the Current Situational Model)

Affective Valence and Primitive ValueL | DAS6s moti vati onadffectvg st em i !
valenced parametsa s soci at ed wi t h (ded hdptesdAf ekl nggnodédes
total activation determines the magnitude of its affective valence, and its valence sign (positive

or negative) determines whether that sensation is interpreted as pleasant or unplifastve.

valencerepresenta n  a g e nt 0 ponset@edviranmentastineuld for examplethe

4 This is an important point. While feeling nodes are differentially activated in response to particular stiohuli
as sweets, they do not serve as percepts that identify the sweetness of substances. Instead, feeling nodes quantify an

a g e tiking @& disliking of that stimuludt hat i s, how the agent fifeelsd in res
(perceptual)nde must be instantiated for the agent to recogni
substance. 6 It is this percept that should be included

15 The same experience calicit different hedonic responsés.g., themagnitude of those feelings may change)
depending on the dynamics in Perceptual Associative Memory (PAM) and the situationalssantexinding that
event.
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Aliking o or Adislikingo of bodily sensations (e.g., hungerd satietyandevents (e.g., eating
sweetor bitter food$. However, feeling nodes do nidentifythe environmental stimuli that
evoked those aftgive responsegffective valence isnerelyelicitedby them Consequently
feeling nodesre typicallyco-activatedwith thegrounded concepepresentationsee Chapter
5) that identify ttoseenvironmentaktimuli. (This fact enables associative learning between

concept representations atheir co-occurring feelingsn a conscious broadcast

By comparisont e s c he ma maiatioaahsyssem & groundedpnmitive
valuesd parametesassociated with the sehma me c hpanmmtivesitemis(Ssee Background:
The Schema MechanisnBrimitive valuegepresentheintrinsic desirabilityagents associate
with their primitive items énvironmentateferentsUn | i ke LI DAGs affective \
attached tdeeling nodes), pmitive values arattached toepresentations thaymbolizethose

environmental referen{sather thara N a ca#entiveGesponses to them)

Consequentlyprimitive valuescan be includedscomponents of contexts and results
and hey candirectly support goabirected action selectioithis differs fromL | D Ae&lsgs
nodes, whictareexcluded from contexts and resulisid,as a resultcan onlyindirectly support

goaldirected action selectigivia their role in incentive saliee learning)

Thesedifferences betweeaffective valenc€LIDA) and primitive valuegschema
mechanismare largely irrelevanh the context of motivational learninBoth affective valence
and primitive value functioas builti n A r e w a (cfdrevsrdggimreinfoscément learning;
Sutton & Barto, 2018hatenable concept representations to acquire their derived motivational

value® incentive saliences (LIB) and delegated values (schema mechanishgt is with
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respect tonotivational learningL | D Aafiestive valenceare analogous tihe schema

me ¢ h a nprimsitimédvalues and they can replace them as motivational primitives.

Incentive Salience and Dalgated Value Both LIDAG and the schema mechantsm
conceptial representationsupportiearnedmotivational valuesThese arealledincentive

salienceanddelegated valugrespectively.

Incentive salienc@.IDA) quantifesthe current value an agent placesaorevent
occurringin theenvironmentlt functions as a measuretbbti want i ngo or dAdreadi |
associated witthat eventincentive salience o mb i n e s hitarica¢ degrabiitgbase
level incentive saliengavitht he r eal i ti es of n&uarrerdigcemiied s cur r e
saliencg. For example, while the thought of drinking water may generally havédenoderate
desirability (basdevel incentive salience), intense feelings of theestgreatly incrasewat er 6 s

desirability (current incentive salience).

By comparison, Dresch¢t991)d escr i bed an i tas ac&uisgtasealee gat ed
that generally facilitate the acquisition of other things of value. That is, items acquire delegated
value from the things they help to achieve rather than from any intrinsic (primitive) value that
those items may posse3$is measure of dgrability (or utility) is not goakpecific; it is a
general facet of that item with respect to all of the goals it facilitdlesa similar way, one

might say that.IDA 6 baselevelincentive saliencaccruegso nodes that frequently lead to

18 Drescher(1991)gaveanexampleinvolving ayoungchild and its parertbo illustrate delegated valu€he parent
acquires delegated valuéor thatchild becauséaving its parent iclose proximity has general utility. Regardless of
t he c¢ hi | mkeédsits parricthefe itodacilitate their satisfaction.
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eventsanagentiikes.0'” As such baselevelincentive salience and delegated value are
analogougthough slightly differentfoncepts. The primarfynctionaldifferencebeingthat
incentive salience iacontextsensitie measure of desirabilityyhereaslelegated value is

contextagnostic.

While incentive salience (LIDA) and delegated value (schema mechanism) as subtly
different conceptuallyand functionallythey are effectively identical with respect to their support
of goatdirectedaction selectionMoreover, they arbothderived from more basic motivational
constructgi.e., affective valence and primitive valué) short, without delving into other
irrelevant computational differences hdtel, DA 6 s i n ccescanirepladhesahemae n

mechani smdés del egated values without i1introduc

A general enhancemefrelated to motivational learningf)at | havancludedin my
computationalmplementation ishe useof temporaldifference (TD) learningvith fireplacing
eligibility traces(Singh & Sutton, 1996 updatebase-level incentive saliencé® Specifically,
whenever one or more feeling nodes are glghabadcast, Perceptually Associative Memory
(PAM) updates thbaselevelincentive salience associated wéth amodal nodg that
contributed to thafi f e eelventr(McCall et al., 2020, sec. 5.Zlhemagnitude and direction of
theirupdae is based ofil) the combined affective valenoger those broadcast feeling nodes

and (2) howrecertly eachamodal nodevasincluded in a conscious broadcaihtis requiresan

7 This characterization is based, in part, on the fact that temgifience (TD) learning(Sutton & Barto, 2018,

Chapter 6)s used taipdatethe bas-level incentive saliences associated vith D Aédses(see McCall et al.,

2020, sec. 5.3)As such, the badevel incentive saliences associated with nodes for objects, entities, situations,

events that contribute to acquiring t-lewlsneenttivehsédnog.s an ag ¢

8 McCall et al. listeceligibility tracesasa n fiav e nue o f(MdCdl etalr, 20201 pe 62)etla respdttdo
LI DA6s motivational | ear niagpgrtoftiiswiork. avenue has been exp!
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additional parameter (i.e., an eligibility trace) be added to each PABItotrdick the recency of
its broadcastt also requires th& AM decayghese valueslightly following eachglobal

broadcast.

Behavior Streamsand Composite Actions.Ramamurthyet al.(2001, p. 7definedabehavior
stream(inLIDA)as a fApartially ordered plan whasch gui
to effect the required transition from the initial state to the goalgtatsC o mpar e t hi s wi t
Drescherds definition of a composite action a
goal stateit is the action of bringing about that sgateThe means are given by chains of

schemas that lead to the goal steden various other stateg1991,p. 59) Based on these

descriptions, behavior streamgefunctionally analogous to composite actions.

Given that behavior streams have never been fully implemented in LIDA, an added
benefit of this schemmechanisirbased implementation is that behanstreams would have a
clearconceptual andomputational implementation (both in termstefrepresentation,
procedural learningand action selection). Thisiplementatiormay also pave the way fona
i mpl ement at automatizednode of BcAod selectiafibased on composite actigns

which is currently missing.

Instrumental Value. Drescher(1991)describe instrumental valuasa transient, context
sensitive,andgod peci fi ¢ measure of an i1 temds utility.
theycurrentlyfacilitate the acquisition of other things of valuwith respect t@ specifically

foreseen chainfevents(Drescher, 1991, p. 63)
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Instrumental value could be assigned.by D AAGtisn Selectiormoduleto component
behaviors in a behavior stream. Selectable be
can be given instrumental value based on their proximity to that goal&tatamount of
instrumental value tise behaviorseceivecouldbe based, in part, on thesirability of the
results that behavior streé@msomposite action is intended to effect (i.e., within a containing

scheme)

Templatized SchemesThe LIDA conceptual model suppotmplatizedschemeshat contain

one or more unboundhriablesin their contexts, actions, and results. For example, the

templatized scheme_FRONTOF(OBJECT=7) PICKUP(OBJECT=7)HOLDING(OBJECT=%)0ntains an

unbound (aspecified)oBJECWVariable. Templatized schemes represeanaly of schemes from

which specific instances can be created thrdahglp r o ¢ e igstantiatibn Gi Dur i ng
instantiation, Procedural Memory createsrestanceof a templatized schenvéth its variables

bound tocontentin a conscious broadcast. the example abové he t empl ati zed sch
OBJECWariable could be bounduring instantiationjo acOFFEE_Mutwde in aglobalbroadcast,

resulting intheinstantiatedschemei.e., behavior)N_FRONTOF(OBJECTEOFFEE_MYG

PICKUP(OBJECTGOFFEE_MYEHOLDING(OBJECTOFFEE_MYG

Templatizedschemes are powerful additions to the LIDA conceptual model that have no
direct counterparts in DresclhlebAd@gpusatohad ma mec h
implementatiorof templatized schemes and their instantiation operatistill poorly
understood. While the learning of templatized schemes will likely require the development of a
generalization process that learns templates frumafs, there is no reason to suspect that such
a generalization process will be incompatible with the implementation outlined here. To the
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contrary, it is likely that this generalization process could be largely agnostic of the processes
responsible fokearning individual, nosiemplatized, schemes (e.g., marginal attributiémy it
will almost certainlydependon processes external to Procedural Medigr example, concept

learning and conceptual generalization.

Procedural Memory

This section detés my schemamechanistb ased 1 mpl ement ati on of LI D/
Memory module. Itombines details from the classical schema mechanism with the

modifications and enhancements discussed in the previous saetbteconciling LIDA with

the Schema Mechamg. This implementation preserveenyas pect s of Drescherd
mechanisnwithout modification thereforereaders may wish to review the backgrosedtion

on Drescher 0s (@rovwdedearliemmetlusiclzapler s m

Basic ComponentsSchemesar e Pr ocedur al Me mor y 0 bavepthreemar y d
maincomponentsa context, an action, and a result. Traditionally, D Acdntexts andesults

were encoded as node structuieese Chapter 4however, thismplementation encodesdin as

sets of node assertisrA node assertiostipulateghe presencer absencef anamodalnodein

LI DA6s gl obal broadcast

In addition to contexts, actions, and results, schemes alsdasslkevel activatiors,
extended contexts, and extended msslxtended contexts and extended results support

instructionist procedural learning via marginal attribution.
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Instantiation. A s ¢ h e me @ancomtanpeto ®mmoraode assertionor each global
broadcasProcedural Memoryeceives, icomparestie contents of thatbroadcastgainst the

node assertions IiAmscheméss scoome neexssatisfietvinetats xdidest o b e
assertiongire satisfied® Such schemes are situationally releyantithey aretypicaly

instantiated abehaviors Pr ocedur al Memory then sends thes:

Selection moduléo compete for selecticand execution

Primitive and Composite ActionsA s c h e me 6 s  @ramitive ¢ouilt-ir) action,orea a
composite @garned) actioimplemented by behavior streamPrimitive actions areypically

hardwi r ed t o mot or plans i n LI BCAndpssiteaetionsare y Mot o
created when Procedural Memory identifdbsiins of schemehbat lead to specifigoal states A

collection of nstantiated chains of schemsgseferred to ag behavior stream

Procedural Memory createsxawbare scheme (actieonly schemejor each learned
composite actiorSpin-off schemes can then be created containing those comaosaes(via

instructionist procedural learning)

Instructionist Procedural Learning. Procedural Memory must be initialized with a sebafe

schenes (actiononly schemes) hat e nc o d e -incaationaBpee scheinss ateu i | t

19 This implementation dProcedural Memory ignoresodal nodes, feeling nodes, sensory representatiads,
sensory content in the global broadcast. Schémes o nt e x t &e oalywcomposedsfrorh dnmodal node
assertionsand schemesre only activated/instantiated the presence or absenceanfiodalnodes(in the global
broadcast)

2This differs from LIDAG6s conceptual i mpl ement ation of
activate its schemes. Schemes are given current activation in proportion to the degree of semantic simiégaity betw

the contents of a gl obal broadcast and a schemeds cont
(e.g., if the conscious broadcast contains an fioptiono
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typically hardwired o built-in motorplangi n LI DA6s Se n s)thatylfiliNhet or Sys
execution of thosprimitive actions.From this set of bare schesjinstructionist procedural
learning(based on marginal attributionqn begin to construoesult spinoff schemedased on

the statistically signifi canspincfechemeganthenc es of
be used to construcbntext spiroffsd based orthe incremental addition @modalnodes that

are statistically correlated with tiseiccessful execution of those scheniéss process of
incrementatefinement continues, creating new context syfs from previous schemes

Schemes withampound contexts (i.e., contextsntainingmultiple node assertions) enable the

learning of resulspinoffs containing thoseompoundcontexts, thus encouraging the

identification of chains of schemésee Background: The Schema Mechanism, Procedural
Learning).Unlike context spiroffs, marginal attribution does not creasult spiroffs

incrementdy.??

New amodal nodes can be learned using the grounded perceptual/conceptual learning
mechanisms outlined in Chapter 5. These nodes functiofetikeableprimitive items?2
Whenever Procedural Memory encounters previously unseen amodal nodes in a global
(corscious) broadcast, will expandits extended contexts and extended results to include a new
slot for eacrsuch amodahode. Procedural Memory will then begin tabulating correlation

statistics for these new nodes.

21 This is acomputationabptimization(see Drescher, 1991, pp.i7®).

22 The synthetic items used by the classical schema mischdo support concept learning are not used in this
implementation.
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Selectionist Procedural Learning.Procediral Memoryupdates théaselevel activations

associated withits schemegollowing the execution of selected behaviorstha traditional

implementation of Procedural Memory, onlgiaglescheme is updated per executed aétion

specifically, the scheme corresponding&elected behaviolf the consequences of that

selected behaviors e x enatehtt h @ nbehavi or 6s predicted result
s ¢ h e me -tewel abtimatioa s increased?rocedural Memory makes this determination based

on the contents of subsequent conscious broadcasts.

A more efficientway toperformselectionist procedural learningto updatell schemes
that(1) share the same action as the selected l@tevd(2) were instantiated as behaviors
duringthe sameognitive cyclegas the selected behavioBince a scheme is onlystantiated
when its contexis satisfied?, its results can be compartmsubsequent conscious broadcasts
if it were the sadcted behaviolT hi s enhancement was i1 nspired by

mechanisrff.

Action Selection
The standard i mpl ement at i o n(see Negdiul&Frarikig, 2@8D)c t i o n
has been described as (289behavoranetc ed | DAOBSi behat i

selectsat mostonebehavior per cognitive cycleased onthe activation/inhibitionstyle

2 This is a property ofhe current implementatiaghat does not hold in the LIDA conceptual modehdTIDA
conceptual modedupports the instantiation of schemes basedpartéal context match.)

24 Instantiated behaviors that share the same action as the selected behavior are analogous to what Drescher referred
to as #fi mpl i ci t(Dngschergc1991ypasdjhalclassicahsehmraasnechanism updated the
reliabilities ofall such schemas following action execution.

®*MaesOs behavior network is alternat(ANAyMaesel®H)y red t o as
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dynamicsbetween its behaviors. Activation spreads between behaviors over
Asuccessor/ predecessoro | inks, and(seaMaes, vati on
1989) This behavior nebased implementation of Action Selection was also presentli | DA 6 s

predecessor IDAIntelligent Distribution Agent, see Franklin, 2003)

The schemanechanisrbased Action Selection implementation presented here is an
alternatve to the standard implementation, which is also consistent WwitbIAG s concept ual
modeland its commitments. In particular, the proposed Action Selection implementation
chooses at most one behayer cognitive cycle from a set of relevant behaviorstéintiated
schemes); it is compatible with all four mode
selection criteria, including those based onréimbility (baselevel activation)desirability
(total incentive saliencef expected resultsapgdicability (contextsatisfaction), and the

consequenceg®.g., instrumental value) of those behaviors.

| made the decision to use a schemechanisrbased implementation of Action
Selectionherebecausénstructionistprocedural learning is extremely difficult to reconcile with
Maesbs beha(kl DAOG s e p ) ddth@ suppersi@aming; therefore, it was easier
to coordinatehe operations dProcedural Memgrand Action Selection, even though they were
notexpressly designed to work togethéfhile it may be possibléo implement a procedural
l earning algorithm t hat,itwilloeguirsa Herculeln efibetthat 6 s b e h
merits its own dissertatioithat is well beyond the scope of this wankgreover, the benefits of

doing so are unclear.

As a final note, there are several additional benefits to the implementation proposed here

beyond its direct compatibility with the instructionist learning of schemes. First, the proposed
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implementation intvduces psychologically plausible exploratory criteria into the action selection
process based drysteresi@andhabituation(see Drescher, 1991, sec. 3.4)is tradeoff

between exploration and gedirected behavior has never been explored in the LIDA literature.
Second, the proposed schemachanisrbased implemeation suggests a possible
implementationfo | DA6s aut omati zed mode of action sel
implementeé. Finally, the proposed implementation is highly extensible, easily supporting new
selection criteria or the weighting of existiogteria according to their relative selection

importance.

Internal and External Behaviors. The LIDA conceptual model includes both external and

internal action¥. More generally] propose thakIDA 6 Action Selection modulshould

supportthe selectio of behaviordor external or internal execution. The external execution of
behaviors is fulfilled &egChhpteDdvbich ty@oally esulisy Mot o
inchangesoa n a gextarhafleavironmentWhereasa b e h anternab exdécustion is

carried out by structure building codelets an

SituationalMode( i . e. , an agendgndresnmennt ernal or ment al

26 While out of the scope of this thesis, a computational implementation of automatized action selection could be

based on the schema mechani s moémlogous topahaviortsteeanasscTheicbams , whi
of schemes within a composite actionbés controller coul
execution history and the reliability of the component schemes. If a single chain of schemes within a give

composite actionbés controller becomes the dominant chali

becomes an automatized action. The selection of component schemes within such an automatized action could
proceed in exactly the same way asgbkection of components of a pending (composite action) scheme in the
current implementation.

Hi storically, LI DA86s internal actions have been pri mat
whichisbased on Wil | i artheodyaSpexificllganintetnal@ctianthabeen used to start a timer

in LI DAG&s Cur r e rotlowigithe setection@mindaliberakibobdhavior Thiswork greatlyexpands

on that previous use cada particular, | argue that most behagi@an be internally executed. And thz

consequencef theirinternal executions is the mental simulatoi t hose behaviorsd expected
Current Situational Model.
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There are considerable paralhals @Métsween L
1995, 2001)xheory of motor cognitioisee Chapter 2, Motor Cognitiorip particular, when a

LI DA agentdés behaviors are selected for exter

Afoverto actions, and those kel denedefoddosnfiep
actions. Furthermore, the fAcovert (B0Dlgagee 0 r epr
anal ogous to LIDAG6s instantiated schemes, whi

LI DA6s selected behaviors. Hawiaddyg, ( ¢fl DADsan me
covert actions) support its implementatioraofionbased mental imagegee Chapter 7)

which i s analogous to Jeannerodoés hygwd hesi s
199shows these parallels between LI DA and Jeann

of LI DAG6s cognitive cycle.

Drescherd6s schema mechani sm doet®nsorot i ncl u
mental simulations; therefore, an enhancement is needed to support this functionality in the
schemamechanisrrbased implementation described in this chapter. Specifically, whenever
LI DAGs Action Selection moduhknee)far bxecot®re smuat b e h a

also decide whether to execute that behavior internally or externally.

170



i WORKSPACE

Ventral
~ O, Stream |

Add Coalitions
Sensory

Current Situational Model m
Memory

Form Coalitions

Add Content
(e.g., mental
simulations)

Sensory
Stimulus

Global
Workspace

Percepts

Structure
Building
Codelets

Perceptual
Environment | Ul Associative

Stream
Memory

Attention
Codelets

Selected
(Internal)
Behavior ' Conscious
Broadcast

Actuator
Execution

\ 4

| Instantiated

Selected

Motor i . !
Pl (External) u Action KL Procedural
Exec:ltlion Behavior 11 Selection (Behaviors) | Memory
P i :
i 5 i
\ . 1y . :
\ Overt Action Stage /\ Covert Action Stage

Figurel9. J e a ncovert anddotest action stages in LIDA. External (overt) behaviors are execu
via LI DAGs Sensory Motor System (i.e., Sens
(covert) behaviors are executed by structure building codelets (e.g., singB&tsy, resulting in action
based mental simulations. All overtly executed behaviors have an initial covert stage characterize
instantiation of a set of schemes.

In some cases, this decision is trivial since not all behaviors are capable oéxesoted
bothinternally and externally. For exampilts typically impossible to internally execute (i.e.,
mentally simulatepehaviordbased on bare (actianly) schemes because those behaviors have
no associated expected results (i.e., they make woipet i ons) . I n other <case
situational context may dictate that a behamaoistbe executed internally. For example, when
an agent is deliberating about a distal intention (i.e., options for achieving goals for which
external Aoverto behavior cannot be i mmedi at e
ti me tr av aésdhe éxteraal exqrutien ofthose behaviors. An example of this occurs
when one is deliberating on what route to take when driving to work. One does not physically

take those potential routes to make this decision, but rather, mentally traversestthopéiqras
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and weighs the pros and cons of each. Similarly, agents may mentally manipulate objects that are
not physically present in their environment (e.g., if an agent were playing a game of blindfolded
chess). In these cases, agents engage inafdinme nt al t e krequkasmeenally s 0 t hat

executed behaviors.

Nevertheless, in many cases, behaviors can be executed either internally or externally,
and LI DAGs Action Sel ect i anoreapmaopriate er advantageousl et e r
basedomn agentds current situation and the expec
factors can influence this decision, including (but not limited tojithe sensitivityof a
situation, perceived situationask, perceivedsituationaluncertainty and the estimated

reliability of a(m@wiatglke nt @sp e aitt ermal agn@emteds curr

Naturalistic environments often place riahe demands on agents that preclude
Aof flined activities s uc-triticalsircum&amdes(é.g.,.si mul ati o
predator/prey interactions) may force agentsnimediatelye x e c ut e -attivervbelaviotss r e
(lest they be eaten or starve). In LIDA, the most extreme example of this wouldlaeran
situation (see Chaptdr Modes of Action Seld@mn), which wouldnecessitatéhat a reactive
behavior ismmediatelyselected for external execution, even if that behavior could have been
executed internally. In other words, alarms are generally incompatible with the selection of

behaviors for interdaxecution.

While it is certainly true that time pressure can be a powerful motivator for external

=]

overt o behavi oggien the bppartuityanhterad agents (eg., hurhaad) often
Athink abouto their ac théno They mayeabsess theirsitdtians nal | y

before acting, consciously weighing the pros and cons of potential actions, and develop action
172



plans that extend into places and times that are not externally perceivable. Many of these
activities require internally ecuted behaviors (e.g., actibased mental simulations).

Therefore, while it is clearly the case that time sensitivity influences whether Action Selection
chooses a behavior for external or internal execution, it is not the only factor. For instance, it i
typically ill-advised to rush to action in risky situations when there is time for additional
contemplation. Similarly, if an agent is uncertain of their current situation, additional speculation
and (internal or external) exploratory actions may beamded. And, in general, any time an

agent enters into a deliberative or volitional mode of action selection, internally executed

behaviors, such as actitmased mental simulations, are likely to occur.

As a final noteit is often the case thagents maylevelop or have innater built-in,
proclivities that bias themctionselection towards internal or external execution. More impulsive
or reactive agents may favor externally executed behaviors, while more introspeudtivisk
aversedeliberative agnts may tend towards additional, preliminary contemplation (i.e., action

based mental simulation via internally executed actions).

Evaluation

A software implementatidiwas developed based tre enhancedLIDA -compatible version
of Drescher 0s desctibedmthis anapterhliaorderdonevaluate this
implementationamodified QA O 1 BaAdit environment (explained belowhsimplemented

along witha set ofsoftwareagent that operated within that environmdut.overview of this

28 hitps://githup.com/skugele/scherraechanism
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agentits environmentand an analysis dhe generatedxperimentatesults appear in the sub

sections that follow.

Environment

A standardQA O | Bahdit environmenfsee Sutton & Barto, 2018, sec. 2cbntainsOfievers
thatanagent can pull. Each lever hafixed probability of winning that an agent must infer by
observing thenvironmentatonsequences of pullingoselevers.If the agent pulls a lever and
wins, it receives some payout (e.g., amatary reward). If the agent pulls a lever and loses, it
receives nothingAgentsoperating in this environmeatetypically given a fixed budgei(g., a
limited number of lever pulls), al@ha g e nt 6 s o0 naxienizd its praditoyicancemtrating

its actiongpulls) on levers with thénighestexpected valuécumulative payout)
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Figure20. Statetransition diagranfor a modified, karmed bandit environment. In this ca$g, ¢.
White nodes depict environmental states. Black nodes depict actions. Links going from white (st
nodes into black (action) nodeslicate that an action is taken from that stateks leaving action
nodes are labelled with the probabilities of trapsitig to various environmental states if the agent
were to execute those actions from those states.

One shortcoming ahis standard@A O 1 Bafdit environment is th#tterelationship
betweera N a g e n taddstheinconseaquencasetoo simplisticto adequately test many
fundamental agential capabilities. For example, each action (lever pull) is completely
independent of the ones that preceded it, and only a single action is required to achieve
something of value. More realistic environments tyycadquire a series of coordinated actions

to acquire something of value, and executing the wrong aétiontghe right actions at the

wrongtmé& can under mine an agentds progress towarc
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QA O Bahdit environment des not test whether an agent can as§igmtial credib to actions
that facilitate or enable the acquisition of something of value.addgional environmental

challenges oftenreferred to aa credit assignment proble(see Minsky, 1961)

To addresshis shortcoming, alightly more complicate®armed bandienvironment

was developedn this environmena n agent muantachindand&te posiit ® anton e
intoitbef ore it can dpl ay o tlfrafeetplayimgantachimes an@gente . , p L
wishes tafiplayd the same machine again, it shonce agairiideposidb money ino thatmachine

before pulling its leverlf, on the other hand, the agent wisheBaiayo a different machine, it

must fiosandstlend Asito at the new machine. Al
time; however,it will lose any moneyihasd eposi ted i f it stands up b
machine containing the deposited morféigure20 depicts this modified@A O | BaAdit

environmen{with 'Q ¢) as a state transition diagram

As a final notethe Qarmed bandit environment used here for evaluation purposes was
configuredso thattheii d e p 0 s i dosian agerp credit®, while fwinningd rewarded an

agent withg credits.

Agent
A set ofagens wasimplementeased on the modified schema mechanism described in this

chapterThese implementations were focused primarily on Procedural Memory and Action

®This cost was only incurred when the agent executed t|
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Selection modules; however, a simple implementation of Perceptual Associative Memory was

also required.

Eachagent was initialized witf) o bare schemesvhere Qwas the numbeof
machines in A O Bafdit environment. This included bare scheme§$tand/ ],
[/play/ ],[/ deposit /], as well asQadditionalbareschemes for sitting at each macldine
[/sitt 0 ) ],forp "Q "QThree feeling nodesereused to specifanagents builtin
motivations associated with winning, losing, and depositing money in a mathamevent of
fwinningod produced a p8t affective valencet, h e e Viosingb produced & p8taffective

valence, and h e e vdepodiing mdneyiproduced a T@ affective valence.

An amodahode was generated for each state elenvbenever it occurred in the
environmentFor example, if an agent were in the statéw , this wouldgeneratéwo amodal
noded one activated by (the event obeing seatedtthe firstmachine) and anothéy w
(the event of having just wor)lote that thecomposite event aj fto would alsocorrespond to

its ownamodalnode

All nodes had the potential to accrue positive or negatselevel incentive salience
based on their temporal proximity to states that generated affective vBasedevel incentive
salienceupdatesverecalculatedusingatemporal difference (TD) learning algorithm that used
Ar e pl aigihility gaces (see Singh &utton, 1996)Current incentive salienand

incentive salience link&erenot implemented.
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Action Selection was based arweighted® combination ofyoaldirectedand
exploratoryevaluationcriteria Goaldirectedevaluationcriteria included (1) theincentive
saliences of schemmefesults(i.e., their desirability)(2)t h e s ¢ h elene activatibngi®.e
their reliability), @) theinstrumental values f s ¢ h e m@.&s, vhether scheméesdelp
achieve the agtedgbabsstate) and (dpendinglfogus (see, b selected
behavi o penhnde amdxTanponenteséhemes are given additional selection
importance). Exploratory criteria includgd:) habituation(i.e., recently or frequently selected
schemes have decreased importance; see Drescher, 1991, sear®l22fit e mper at ur e

basedo randaonit. zed expl orat

Results

Twosetsoe x peri ments wer e conduc capabilitiesiBotitusesithe t h e
modified QA O i Bahdit environment described earlier in this section, but with different
configurationsThea g e munhtisnéparameterg¢seeTable? in the Appendix)were tunedising
Optuna(Akiba et al., 2019based oran eight machiné® ¢ environment with randomly
generatedvin probabilities. Thesparametevaluesremained fixed thoughout allevaluation

trials (regardless oX).

30 The weightsassociated witthese gal-directed and exploratory criteria varied cyclically, so tmeaay e nt 6 s
actions oscillated between being more gtisécted or more exploratofgee Drescher, 1991, sec. 3.4.2)

SA it emper at uBte D p8a wasusad toeantro{ the probability that Action Selectieould
randomly choose singleschemeo receive donusto its selection importanaduring a selection evenhitially, T
was setlose top8tto encourage exploration. However, its value was decreasedmee reducing the degree of
random exploration. This idea is similar to the temperature used in simulated an(i€akipatrick et al., 1983pr
the epsilon parameter usedrire i n f o r ¢ e mepsitongieedy politEs (seg Sudton & Barto, 2018, sec. 5.4)
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Experiment 1. In the first set of experimentsiodified Qarmed bandienvironmers were
configuredwheretherange(min = 0.0 max = 1.0) anéverage(0.5 over t heir machin
probabilitiesremairedthe samebutthe number of machines varie®( ¢hrhyip ¢o ¢ T .

Note that the differences betweedividualma c hi ne6és win probabilities

number of machines( increasedseeTable 2).

This set of experimestvas intended to testthemp | e me rability toprefer thes
machines withthe highestvin probabilities Agents were given fixed budget of 25,000 actions
30 trials were executddr each environment configuratiomsing different random seedihe

results are summarized Figure21.

Table 2. Percentage ofitls in which agents focused on the best machine (experiment 1). The
approximate difference between best and 2nd best machin€ispalso showi.

Trials Focused on Best| Approximate Difference in Win Probabilities

2 100.00% 1.00
4 96.66% 0.25
8 63.33% 0.08
16 53.33% 0.04
32 23.33% 0.02
64 16.66% 0.01

2For'Q ththe differences in the win probabilities between the best two machines and worst two machines were
half the difference between other consecutive machines. For example, the complete win probabiltieg)foere
[0.0,0.083 0.25 0.417,0.583 0.75 0.917, 1.0]. The best (and worst) two machines differed in their probabilities by
0.083, while other consecutive probabilities differed by 0.167.
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Figure2l. Boxpl ot of ex p &armedéandi ervitosment was cohfigused veith h
variablenumber of machine®) ¢hrhiip o & T, butthe same min (0.0), max (1.0), and average
(0.5) machine wirprobabilities. 30 trials were run for each valu&pOver all experiments (i.e., fail Q
values), agents achieved a median win percentage of approximatelyi8@%ptimalwin percentage
wasl00%ifagent s knew the best machine to play i
trial is shown using a solid, orange horizontal lidegray, dashed, horizontal line shows the expected
average win percentage given completely random machine choices.

Agents achieved median win percentageover all trials regardless & of around
80% A win percentage of 50% would have been at chance and 100% would have been
optimaB though this is unattainable in practite.the majority of trials withQ p @agents
preferredthe bestmachineover other machinesiowever this preferencelropped considably
asthe number of machinésscreasednd the differences in probabilities decreasegTable 2).
Doubling the agent sd budg dhepercentagemfQrial®i@wWhiconl y s

agents selected the best machine most ¢ftem 23.33% to 31.25%r 'Q o . Therefore, the
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limiting factor may be the relative closeness in the expected payouts between the best machines

as'Qincreases (differing by less than 286°Q o 4.

Single k-Armed Bandit Trial (First 1500 Steps)

20

50

25 A

Known Schemes Cumulative Winnings

0.5 1

0.0 -

Goal-Pursuit Weight

200 400 600 800 1000 1200 1400
Time Step

= 4

Figure22. Plots of the firsp v Tsteps from a singl@armed banditrial (Q . This trial was chosen
because its final cumulative winnings (after 25000 steps) was close to the median value fram the
earlier karmed bandit trials (whef® () from experiment 1. The firstsybl ot s hows t |
cumulative winnings(Recall that the agent must spgndredit to play a machine, and it is awarded 2
credits on a winning pull). The second qulbt shows the number of known (learned + innate) schem
Thefinalsubp | ot s hows Act ipursuit weight as a tiation of time. (Rpcakthat the
balance between geplrsuit and exploration is cyclically updated.)

Figure22showsh e first 1500 st ep® yoThistmalwas ypi cal 0
chosen because its final cumulative winnings (afted@bstepsyvereclosestto the median
valueSubpl ot s show the agentds cumul at i-ivamd wi nni ng

learned), and the gealrsuit weight® as functions of timeNotice that starting at time step 1459

33 The weight given to exploratory scheme selection criteria is 1.0 minus thpwsait weight.
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thisagent began tsinglemindedlypreferthe best machire playing it almost exclusivelyT his
resulted in an overall winning trend that continued for the remainder of the trial (with small
osdllations when the weight of the exploratory selection critetianglydominatedhat of the

goaldirected selection critefja

After 25,000 steps, thisgenthadlearned69 schemesn addition to its 11 buitn
schemegseeTable8 in the Appendix) The majority of these were learned by step 150@
amodalnodedearnedandtheir baselevel incentive salience valuase shown imable9 of the
Appendix.The most important thing to note is that the numerical ordering of thddase
incentive saliences associated with the events of sitting at a magh)ren¢l those for sitting at
a machine with money deposited in that machinéi{) are correctly ordered based on the win
probabilities of those machin€Bhat is, the agenwascapable of correctly evaluating the

Adesirabilityd of sitting at, and deposity money in, those machines.

Experiment 2. In asecond set of experimentspdified Qarmed bandienvironmeng wereonce
again configured with a variable number of machinasging from 2 to 64Q

chrhyip §o €p T ; however, this time only a sirgimachine was given a high win probability

(0.9). All other machines had a low win probability (0.1). As a result, the average probability of
winning decreased 8@increasedT hi s set of experi ments was int.
to find and exploitthe nvi r oe magt é s fi g omhah the payoathbecaree sparse
As in experiment lagents were given a fixed budget of 25,000 actions, and 30 trials were

executedising different random seeds for each environment configuration.
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Figure23. Boxpl ot of exp VéQarmedé)amdit er®itosmemt eas oohfigused vaitt
variablenumber of machine®) ¢hthifp §o €p 180nly a single machine had a high probability

of winning (0.9). All other machines had a low probability of winning (0A%)a result, thehance
win percentage decreased with the number of machines: 80% (; 30% (Q 1 ;20% [Q y;
15% (Q p @ 125% Q 0 ¢ 11.25% 1Q ¢ 1. 30 trials were conducted for eachlue of Q

Over all experiments (i.e., for advalues), the optimal win percentage was 90%; however, achie
this wouldrequire thabgents kaw the best machine to play in advance. The median win percen

per trial is shown using a solid, orange horizontal line.
The results oéxperiment Zare simmarized irFigure23. A win percentage dd0%
would have beenptimal. The chance of randomly winning decreased with incre&3i50%

(Q ¢);30% @ 1);200Q U);15%Q p F125%Q 0§ 11.25%Q o 3.

Figure23 shows that agents wegenerallyable to identify and explothe singlehigh
probabilitymachirewhenQ o ¢however, variability in the trials increased dramaticédiy

Q p gand he mediarwin probability for th€Q @ Ttrials wasat chanceDoublingthe
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agent§budges to 50,00alid little to correct this issu@hissuggests thattrege nt 6 s
exploratory selection criteria need to be adjugtedarger, spargeenvironments. In particular,
the] temperaturdasedexploratoy criteriareache its minimum value at step BB70
effectively eliminating most exploratiénsincethe influence of the habituatidrased criterion

appears to be too weak to promsignificantexplorabry actions in its current form.

Discussion

In thischaptey | describedh newconceptual andomputatiomal implementatiorof L1 DA 6 s

Procedural Memory and Action Selection modulHsis implementation ibased on aeavily

modifiedande nhanced version of DIiTeexpdimen@lsesutsc he ma me
suggesthat, starting fromonly a modicum of knovedge(i.e., primitive actions andbuilt-in

feeling node} this implementatiorran construcaninternal model of its environmental

interactions Moreover, it canuse thatinternalmodel to seleagoatdirected or exploratory

behaviorsWhile these resultsave only been demonstrated on a simple stochastic environment,

the results are promising.

This i mplementation significantly advances
provides a computational mechanism for behavior stresuggesten implemerdtion for
automatized action selection, expatiasuse cases for internal actiaiesincludeaction-based
mental simulations, and proposes an enhanceme
controls the selection of behaviors for external or internal execttisthermoreanexplicit
connectiorwas madd et ween Jeanner odos t hleDoAdys oafc tnmootno rp h
An additional benefit of this implementation is that its operationsransparent and easily
interpreed. For examplédt is straightforwardo ascertainvhyan agent selected a particular
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behavior from the conscious content thatultied in the instantiation of a set of selectable

behaviors, to the selection importance assigned to each.

The internal modelearned by tls implementations the foundation of actiehased
mental simulation in LIDAFurthermore, | contend thdte selection of behaviors for internal
execution is the backbone of simulatibased cognitiod working in conjunction with
multimodalperceptionsee Chaptes) to implement imagistic, epistemic procesga=e Chapter

7).
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Chapter 7

Mental Imagery and Simulation-Based Epistemic Processes

perceptual experience falls at varying positions along a continuum between the
extremes of pure stimulus and pureimgger i magery i s not simply &
apart, an internal representation distinct from the scene befoeyesirbut rather

it is partandparcel of perceptior{(Albright, 2012, p. 235)

This chapter explores mental imagery and its implementation in LUBAgthe foundations
established in Chapters 5 and Bnplement thefour fundamentalmagisticoperations
underpinningsimulatiorbasedcognitiord image generation, image transformation, image
inspection, and image maintenariseeKosslyn, 1994; Kosslyn et al., 200&@enerative

processes produce mental simulations; transformative processes alter the properties and parts of
those simulationgntrospective processes selectively orient attention towards situationally

relevant prperties and parts; and maintenance processes ensure that mental simulations persist
long enough to be manipulated and perceiVedten together, these operatidnsombined with
multi-modal perceptiod provide a mechanism for generating new knowleaieoutrule-

based symbolic manipulatidn.

The chaptebegirs with background on mental imagery: its nature, its properties, and the

four fundamental imagistic operations that are believed to suppedliatwing this,| describe

1 Recall from Chapter 2 thatassical symbolic cognitive theories hypothedtz natural cognitive systems employ
epistemic processeisat are primarily basd onsymbolic manipulation§ e . g. , see fithe physical
hypot hesi s, 0, 19%&Mrecbntrast&emBodietpsimulatidrased theories of cognitimontend that

natural systems internally construct new knowledge throlugltoordinatedctivity of imagistic and perceptual

processes.
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Kossliypm-am® @d e |l 0 |in&geryandspereeptiofKosslyn, 1994)which inspired
portions of theLIDA -based implementatigescribechere Next, | detail myLIDA -based
conceptual implementation of menialageryandthe desigrand partiacomputational
implementatiorof asimulationbased.IDA agent The chapteconclude with a comparisonfo
my implementation to those that appear in sevettadr cognitive architectuseas well asa brief

discussion.

Mental Imagery

Most humans report the ability to have sendikg experiences in the absence of external
stimuli. This has | ed to expressionssgstuckch as
in your head, 06 and #fAlistening to your inner Vv
in the literature amental image$i.e., consciously accessed mental simulatiomsleed many
humansarecapable of using mental imagery to creaamplex,multimodal virtual scenes, and

theydo so both spontaneousky.g, when daydreamingdr intentionally to facilitate a variety of

cognitive processeg (g, planning and mental rehearsal).

In its most basic form, mental imagery enables thenscaction of prior experiences in
a way that conveys sensdile qualities on those remembrancdsweverme nt a | i mager y¢
utility extends well beyond the simple reconstruction of past experieviegsal images often
function asexperienceébased preditons (see Moulton & Kosslyn, 2009hatallow us to
anticipatewhat we mighencounter, or imagine what we might have encountered if
circumstances had been different (i.e., counterfactuals)e s e ment al si mul ati on
d e v i (Eigher,d2006jhat generate (or make availabtew knowledgeMoulton and Kosslyn
(2009)stated,
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[mental imagery] allows us to simulate reality at will, and, because of this, allows us to
predict what we would experience in a specificaitun or after we perform a specific
action. This ability not only allows us to reconstruct the past, but also to anticipate what

may occur in the near and distant futpe.1273)

In other words, mental imagery not only supports the recreation of prior experiences, but the
productive elaboration, transformation, and recombinaifahose experiences as a way of
understanding the world. This ability to generate and manipulate imbgsegl simulations may
underlie many higheorder cognitive processes suclhpasblem solvindClement, 1994; Y. Qin

& Simon, 1992; Shaver et al., 197#)ental rehearsa|Driskell et al., 1994; Keller, 2012and
languagecomprehensiofBergen et al., 2007; Bergen & Chang, 2005; Zwaan, 2004, 2014;
Zwaan & Taylor, 2006)Moreover, these conscious mental images are indicative of a more
ubiquitous cognitive phenomedanental simulatiod that may directly support the majority of
our cognitive processes, baikertly and covertlyBarsalou, 199, 2016b; Grush, 2004;

Hesslow, 2002, 2012)

Properties of Mental Images

Mental images can be described as having the following basic properties

1 consciously accessible

=

analogous to stimuli from sensory modalities

1 interacs with externally sourced (i.ereal) sensory representations

=

rapid decay

Each of these propertiesbriefly discussed in the subsections that follow.
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Conscious AccessibilityBy definition, mental images ao®nsciously accessihlandthey are
consciously experiencedihis is not b say that preconscious precursors of mental images do not
exist or that those precursors do not serve a functionalrolggnitive systemdn fact,a major

goal of thiswork is to elaborate otthe preconscious precursors of mental imagerytand
explicatetheir functional roles in support of cognitive tasdswever, he fact that mental

images are consciously accessible is a tremendous boon. It affords us a glimpse into many
aspects of mentaimulations that we would be unable to discern other(fiseexample,

throughintrospectiorand selreport)

Ideally, many of thepropertiesattributed tamental imagesvould alsoapply to their
preconscious counterpaftsental simulationshowever, there ia possibility that their
properties may diffeff-or exampleBarsalou1999)suggested that unconsciqg.,
preconscious and neveonsciousyimulationsmightviolate certain constraints that are
compulsory for their conscious counterpaviéhile amental imagef a cup must minimally
have an orientation, a shape, and subtend some angle in the (internal) visua field
unconscious mental simulation of a cup may relax these requirements, such that, one or more of
these aspects may Bi@actived atany given time. Assuming this hypothesis is correct, it leads to

many interesting questions and challenges in modeling such phenomena.

Analogous toStimuli from Sensory M odalities. Mental images and their preconscious

counterparts (i.e., mental simulat®)mppear to bbasedat least in pajton depictive
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topographically organizednonsymbolic representatior{seeKosslyn et al., 2006, Chapter. 4)
And many ofthe same brain regiomisat support mental imagery also support the perception
(Chen et al., 1998; Ganis et,&004; Klein et al., 2004; Kosslyn et al., 1995, 1997, 1999;

Slotnick et al., 2012)

Interaction between External and Internal Sensory Representation8ased on psychological
and neuroimaging studies, it appears that real and virtual sensory aanténteract in various
memory systems. In particular, it seems that imagination has the abdith¢ointerfere with or
prime perceptions of real phenomena, and vice versa. The earliest and most famous study
demonstrating this interaction was by Pefk910) and the results she descdi@@e now
referred t o af@Ndiertehak, 2022 Nuikngrousestudies hatvedfollowed in

P e r K@XDRradition and establishedcamplexset of interactions between real antgined

stimuli (CraverLemley & Reeves, 1992; Farah, 1985, 1989; Pearsah, &008)

Albright (2012)contended thatur perceptions are based on a mixture of external stimuli
(from sensory organg)ndinternal stimuli (frommental simulations The relative contribubin
of each is largely based on the strength and qualitiyosiestimuli. These, in turn, may be based
on the fidelity of our exter naadtheglevansepr y i nput

reliability, and precisiomf our internal modelof the world.

This idea makes a certain amount of intuitive sense. When the external environment

provides you a clear and unambiguous sensory signal, it should be preferred over internally

2 Topographical organization entails that azat locations can be used to represent locations in space (e.qg., points
within the visual field) and that the distances between those cortical locations are roughly proportional to the
distances between the locations they are intended to represent.
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generatecindmorespeculative representations. On the other hand, whemeksensory
stimuli are highly ambiguous or degraded, then internal predictions should take over to supply
missing details. In between these extremes, real and virtual sensory content should collaborate to

realize a coherent and plausible perceptualpnetation ob n ecérrent situation.

Rapid Decay.Without continual maintenance, mental images rapidly lose clarity and become
inaccessible to conscious experier¢asslyn et al(2006)argued that this rapid fading of

mental images is a consequence of shared sensory cortical regions (e.g., topographically
organized areas of the primary visual cortex) that are used to redretiemrtal am imagined
sensory content. They further argue that this decay is necessary to prevergpaod

imaginedsensory content from interfering with incoming sensory content.

Fundamental Operations
Kosslyn(1994)defined four fundamental cognitive operations that support mental imagery:
generation, transformation, inspection, and maintendamsh of theseperationsre described

below.

Image Generation. Mental images cabe formedn numerousvays.They carbe generated
spontaneous (i.e., through involuntary unconscious processesg)tentionaly (i.e., through

volitional or consciously mediated processé&seir generations may lsengle-part (constructed

in a single operatigror multi-part (requiring sequential elaboratip\nd their contentan be
sensory(e.g., the simulated experience of a sensory event, such as the smell obgartitr

(e.g., thesimulated execution of an action and its environmental consequences, such as turning a

doorknob)
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Spontaneougeneratiod also referred to as involuntaBrewin et al., 2010pr implicit
(Albright, 2012)imageng is initiatedi a u t 0 maviaiurcascious cognitive processes. For
example, spontaneous mental images can aeagesponse to cued memormsthrough the
efforts of predictive processé#/e engage in this form of mental simulation when we
preconsci mws lay fsdng telails Gos example, when part of an object is
occluded), or when we conjure plausible sensory interpretations of nebulous shapes or indistinct
noises. We maglsoexperience spontaneous imagery during language comprehéBsrgen,

2012) Albright (2012)argued thaspontaneoumentalimageryi s ff undament al and
ubi g u i(pt 235)seryiny to augment noisy, ambiguous, or otherwise incomplete sensory data
based on probable predictiortsoat their sourcesn the extreme, spontaneous imagery can also
become intrusive and pathological, and is linked to numerous psychological disorders, such as
posttraumatic stress disorder, social anxiety disorders, eating and body perception disadders, a

schizophrenigBrewin et al., 2010)

Intentionalgeneratiod also referred to as voluntafrewin et al., 201Q)volitional
(Kreiman et al., 2000)r explicit (Albright, 2012)imagery requires consciousiediation adis
often accompanied by axplicit intentionto engage in imagistic thoughthis type of mental
i magery i s 0cdmgeniceefd perci demamcadgni t i (Alerighd,r beha
2012, p. 234)Players of strategy board games (sucthass or Go) may engage in intentional
mental imagery when they try to imagine what the board would look like if their pieces were
arranged differently. Tasks that requthe recognition of spatial or temporal relationships
between objects (or their parts), or judgments about their sensory qualities, may also initiate

volitional processes that utilize intentional mental imagery.
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Image generation exhikipredictable timing effects based on the complexity of the
generated mental images. More complex, npdiit images require more time to genethts
less complex or singlpart imagesConsequentiallyimage generatiois believed to be
governed by sequéial, rather than paralletognitiveprocessegKosslyn et al., 1988Kosslyn
(1994, p. 292proposed that mulpart, visual images could be formed by first generating a
global( iskel et al 0; imagethaKdemsthe gverall extet 8f@r) object.
Representations fondividual object parts could then be sequentiallyvatéd to generate
images othoseparts at specific locations @he globatopographical extenas neededlhe
specific order of this sequential elaboration depends, at least in part, on image inspection

(describd later).

Image Transformation. Imagetransformations include any operation thtarts froman

existing mentasimulationand manipulates it in some way to change its seramyotor
characteristics. Operations such as mental rotations, scanning, and zooming are frequently given
examples. Howver,other visual and newisualtransformationssuch asuditory pitch and

tactile pressureglso apply

Chronometriqreaction timeytudiesare frequently citeds evidenc¢hat braingerform
image transformations, particularly smpport ofperceptial tasksParticipants in these studies
are typically requird to make samedifferencejudgmentsvhen showrtwo objects with varying
orientations, sizes, et€heir reaction times are then recordiedmost caseghesereaction times
are described aslmear function of the degree of perturbatibatween the presented objects.
For examplethe time subjects require to make sadifeerence judgements abouttated2D and
3D objectss alinearfunction of the angle of presentati@ooper, 1975, 1976; Metzler &
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Shepard, 1974; Shepard & Metzler, 19%hg greater the degree of rotatimetween presented
objects t he great er a Fomihgseresultd, seseeeehizacehypothasizédi me .
that thér subjects are performirgseriesof incrementaimentaltransformations that enable them

to perform these perceptudikcriminationtasks.

Georgopoulos et a(1989)generated further support fitnis hypothesis bylirectly
recordng the patters of activity in the motor cortex ad rhesis monkeywhile it performed a
task requiring physical rotation§his monkeywvas tr ai ned t o move its ar |
was perpendicular to and counterclockwise from the direction of a target light that changed in
position f r @eorgbpouloadtalt1889,tpr283@orgopoulos et abbserve a
sequence gbreparatorycounterclockwisemental rotatiosinthemo n k éymw@ s r on a |
popul at iiothe momeants mrior o the monkey moving its afimey interpreted this as

direct support for the mental rotation hypothesis.

Finally, Zacks(2008)madeseveral additional observations about mental rotdtased
onametaanalysisof 32 high-quality, neuroimagingPET or fMRI) studies His first observation
wasthatthere is subtantial evidence supporting the hypothesis tiental rotatiorappears to be
based on theequentiatransformationofa nal og s pat i aradthertrmpabstrace nt at i o
descriptive representatiorns.secondbservatiorwas that motor simulationgereoften
involved in performing these transformatipti®ough the degree of involvematgpeneédon the
speci fics ofs RotlexammgekKdsslya et al@@1)foundtikat PET showed
primary motor cortex involvement when subjects imagitiemselvesotating an object, butot
when they imaginednexternal forceotating that object. However, tipeemotorcortex was

involved in bothcasesAs a result, it appears that some motor processesrgryedwhenever
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we imagine objects rotating, but that the processing remains at a relatively high level unless
subjects imagine themselves physically manipulating those oljsatsover,Zacksnoted that
there appears to be an interactfeither interference or facilitatiofetween mental rotation and
manual rotation taskslepending on the task configuratiéior exampleWexler et al(1998)
found that physicallyotatingajoystick handlen the same direction asquired bya

simultaneous mental rotation task decreased reaction éintesrror rateswhile physical

rotation in opposite direction increased reaction tiareserror rates

Image Inspection.Imageinspection refers to the ability tmlitionally explore, perceive, and
attend to portions of mental imagé®r example,tte fimental scanningof visual images ia
frequentlyused &perimenal paradigm folinvestigaing the properties dafnage inspectiorin

one such experimeriKosslynet al.(1978)had subjects memorize the mapdictionalisland
that contained seven obje¢tait, tree, rock, well, lake, sand, and grass) situattedrious
locations.Once subjects had demonstrated that they had learned the map (by accurately drawing
it from memory), they were askednwentally pictureheentiremap Theywere then asked to
focus on one of the objects depicted on the.rRafjowing a brief pauseheywere givera
second named object, and asked to scan to that new locatilbaioraginedmap. Subjects were
instructed to perform this scanning operation by imaginisgpalldot traversing the shortest,
straightline path between the two objectieywere alsoinstructed tgress a buttowhentheir
mental dohadreached the destination objeébsslynet al.(1978)reported a linear increase in
s u b j reacttorstiine with thenapdistance scanne@heyhypothesized that subjects were
utilizing a form of image transformatid fi i he same class as mental rotation and size

al t er (Kesslynetralg 1978, p. 60)to performthis scanning operation.
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Finke and Pinke(Finke & Pinker, 1982, 198 Pinker et al., 1984ater conducted a
series okexperimentshat addressds e v e r a | critici@an®experdimeab s sl yn e
procedure. In particular,n Fi nke and P isubjectswéresnewwnxinstecteadtoe nt s,
conjure mental imagesor were theyexplicitly told to perform mental scanninigpstead,
subjects were instructed to remember a pattern of four dots on a display. The dots were
subsequently removednd an arrow was displagt Subjects were required to report whether the
arrow pointed to any of thgreviously displayedlots, where the distance between the arrow and
the dots varied between trial8nce again,gaction times were found to increase lingarith

distane.

After completingthesetrials, subjects were askeddescribenow they mentally
performedthesetasks. Most participants reportethentally scanimg aremembered dot pattern
starting from the location of the arrows, andhe directions indicated bydkearrows.Pinker et
al. (1984)hypothesized thahis scanning operation was performedrbgntallyshifting an
attentional locugPinker et al., 1984, p. 216 small increments, along an imagined visual
field. Notably, this mechanisndiffers from thetransformatio-based scanning operation

postulated by Kosslyn et §11978)

Borst et al(2006)investigated the possiity that different cognitive processes were
being usedo perform mental scanning, depending on the specifics of theTtasidid this by
repeaing the earlieexperimens, subjectingeach oftheir participants tbbothexperimentsand
analyzingthar reaction timesBorst et al. hypothesized that if the same underlying cognitive
proceseswerebeing used in both cases, then they would expect to see highly correlated reaction

time/distance slopes between the two experiments for the same subjectssélgnialifferent
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cognitive processes were being employed, they surmised thdofeeorrelations between
experiments would be weakgor a given participantNot only wereBorst et al(2006)able to
replicate the findings of the earlier experimebts,they observed no significant correlations
between the reaction time skxpfor individualparticipants As a result, thegoncluded thatat

least)two differentcognitive processes were being used to perform mecaaining

Image inspectioalsoseems to engage some of the same neural areas as image
generatior(Kosslyn et al., 2004)This is not surprising, asspectionoften drives theequential
elaboratiorof mental imags, addingparts and propertiess needefsee Kosslyn, 1994, Chapter
9). That said, the processes of image generation and inspection are distinct. Fde,examp
Kosslyn et al(2004)foundthatnumerougorain regions weragdependentlyi.e., not jointly)

activatedduringimage generation and image inspection tasks

All of this to say that image inspectionasomplex process that seems to enlist cognitive
mechanisms associated with many of the other imagistic operations, as well as attentional
processed-urthermore, it is welestablished that image inspection and percejstiame
cognitiveprocesseand nerral substrate@Ganis et al., 2004; Kosslyn et al., 1997; Slotnick et al.,

2012)

Image Maintenance.Kosslyn stated thatingpe mai nt enance dlies at the
i magery i ifKosslgnal994,mpi384Fherapid decay of mental images requires the

ability to actively maintain mental images in working memory. While not as glamorous as the

other functions, offlineognitive processes (e.g., reasoning and planning) require the retention of
images irshorttermmemory working memory and sensory memoficonic/echoiomemory)

long enougho manipulate and insped¢tedm Therefore, this capability may be a basic
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prerequisite for any meaningful use of mental images in a cognitive system. KA€8yn
argued that image maintenance involves the repeattivation of representations by selectively
attending to portions of mental images through the repeated engagement of attentional

processethat operateoiit he same | oci (Kosslynt 19%, pv325 u a l buffer

+1 001 U1 8MddebotMisdal Perception and Mental Imagery

This section describdsosslyrdo €1994)A p r-mo @ e | visuafp@raeption and mental
imagery which irspired portions ofhe LIDA -basedmplementation dscribed later in this
chapterK o s s | y nrmosleligocomptised of sevetomponents (i.esubsysters, which are
depicted inFigure24). Eachsubsystenwill be briefly described irthe sections that follow,
alongwith theirrelevant representations and processes. Kogs88%)and Kosslyn et a[2006)
provide neurophysiological and experimermaidence supporting each bielse subsystemBor

brevity, those details will not be repdwetre
Visual Buffer

The Visual Buffer corresponds to topographically organized areas of the occipitdidbbe
Adepict o t he g e o me {ornenta)drojeationsTheiVisuallBufferdusctione t i n a |
as anonsymbolicspatial extent in which cortical regioage used toepresentetinotopic

extents According to Kosslyn et a(2006) thelow-level propertiesof environmental stimuli

(such as color, intensity, depth, and mijicanthenbe encodedat locations within the Visual

Buffer using asymbolic(propositional) codeAs suchtheVisualBufferis ahybrid
(symbolic/norsymbolic)representatiod a norsymbolic topographicdl organized extent

overlaid with symbolically encodeshapeproperties.
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Figure24. Kosslyn's protamodel of visual perception and mental imagédiye protomodel contains
seven subsystems, which are depicted above. The brain regions believed to correspond to each ¢
are shown in red font next to their subsystems.

Kosslyn et al(2006)c har act eri zed the Visual Buf fer as
images could be depicted. Furthermoheytassunthatthe proo-mo d eothérsubsystems
could operate on mental imagasssentially the same way as they would extgrisalurced

environmental stimil

Attention Window

The Attention Window supportsthey st e mo sselectndlylf oty st on ficonti guol
pointso i n t(Kosslyny19%84upa70)hB fodalfregionfothe Attention Window

can be shifted (e.gspontaneously orolitionally) to center on different areas of the Visual
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Buffer. This shifting might occur, for example, during image inspection. Kosslyn argued that the

Attention Window supports both mentalagery and perceptigiiKosslyn, 1994, p. 101)
ObjectProperties Subsystem

Kosslyn et al(2006)assertedhat object propertie®.g., color, texture, and shapasg¢encoded
in brainsusingpopulation codesor feature vectors; Fujita et al., 199Zhey referred to the
subsystem responsiblerfencodinghese propertieas the ObjeeProperties Subsysterhe
population codeproduced by this subsysteane based on sets méurons (within the
inferotemporal cortexthat selectively respond to differemsitjectproperty dimension®ifferent

combinations of these neurooan beused to specifyandlaterrecognizean obj ect 6s pr o

Kosslyn et al(2006)argued that these representatiars notidepictve 6 nor ar e t h
topographically organized on the corté&ke function othe ObjectPropertiesSubsystemis to
recognizeobjects in the Attention Window by comparing th@seomingsensory stimuli against
previouslystored object properti€kosslyn(1994)stated thatHis subsystem corresponds to the
ventral streanf i w h @athway otthetwo-streans hypothesigGoodale & Milner, 1992;

Mishkin et al., 1983)
SpatiatProperties Subsystem

While K 0 s s 1(1@94)®BkjectPropertiesSubsystem (described earlier) is capable of
recognizing objects, it discards information about locatstere, and orientationndividual

points in the Attention Window axnly important to theObjectPropertiesSubsystem insofaas

SContpare this with LI DAOs sensory representations from C
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they are arranged into particular shapes or patterngluedo theitocaions inspaceKosslyn et
al. (2006)argued that a separate subsysteralled the SpatiaProperties Subsystéhnwas
needed to explicitly encode information about location, size, and orientatiorsubbystem
(which corresponds to neurons in the et lobesencodest least some of thespatial
representationastopographically organized, depictive representations. Individual points are
encoded within spatial representations relative to some designated originthdtineference
frame(e.g., bodycentric, objeccentric, or sceneentric) This allows the systeto represent
the locations of objects, and parts of objeeithin a topographicél organizedarea The

objects at each of ¢locationsencoded by the SpatiBlroperties Subsysteoould then be
specified using th@®bjectPropertiesSubsystemKosslyn & al. (2006)referred to thistyle of

hybrid representation aanobjectmag.

Kosslyn et al(2006)hypothesized thdhe SpatialPropertiesSubsystenencods the
locations of objects and object pargsross the entire visual fieldhis is in contrast to the
ObjectPropertiesSubsystem that they argued was generally limiteehtmodingthe portions of
the visual field that wereurrentlyattended tdoy the Attention WindowT heir rationale for
supporting a wider encoder field for the SpaRabperties Subsystewas to support attentional

shifts tothe locations oturrently unattendedbgects within the visual fieldThe Spatiat

“Compare this with the cognitive fiobjecto maps (Chapter
perceptual system.
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PropertiesSubsystem corresposdb the dorsal stream pathway of an eafligi wh at 0 v s

Mishkin et al., 1983jormulation of the twestreams hypothesis
Associative Memory

Theoutputs ¢bject maps and feature vecfogeneratedby theObjectProperties Subsysteamnd
SpatialPropertiesSubsystem are combingdgether to form encoded objexrtd scene
representationg.hese encodefdbject and spatiaproperty)representationare then compared
againstepresentations ishort and longtermassociativememory.If anencoded representation
matches a representation in associative memory thieerbjectit representss said to be
identifiecf. In the event thaan objectcamot be unambiguously identified, the besatching
representation is treated as a hypoth@ses Kaslyn et al., 2006, Chapter thiat will guide later

information gathering activitie&ee Information Shunting Subsystem)

Kosslyn(1994)stated that associative memory contains perceppatsentations and
more abstract conceptuapresentations (e.g., semantic knowled@eke final note is that
Kosslyn et al(2006)assumed that the outpatoducedrom associative memory would be a

propositional description of an object or scene

5 Kosslyn(1994)explicitly identifiedthe ObjectPropertiesSubsystenand SpatialPropertiesSubsystem as
corresponding to the ventral and dongalial pathwayshowever this characterization wdaterdiscardedy
Kosslyn et al(2006)

8Kosslynetal(2006)d i st i ngui shed hosvhiok & penforniied ey the QhjeBroperties Subsystem
and fi dedwhichfisiperfarined bynassociative memorhey stated thaecognitionmerely indicates that a
stimulus is familiar, whereadéntificationentails the ability to name an object and access other associated
knowledge about that object (such as the categdo which the object belongs).
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Information Shunting Subsystem

Whereverassociative memory fails to clearly identify an objéuot, bestmatchinghypothesiss

sent to arinformationShunting SubsystemThis subsystem orchestrates a-timpvn search to
confirm or refuteanearlier hypohesis(e.g., from an ambiguous associative memory loakup)
According to Kosslyn et a(2006) the Information Shunting Subsystem serves two primary
functions. First, it sends information to the Attention Shifting Subsystem. This information may
then be used to adjust the focus of attention towards distinctive object psrénerelements.
Second, isends information back to the Objtoperties Subsystem in ordemptome various
representations. This may, for example, facilitate the later encoding of various parts or

characteristics.
Attention Shifting Subsystem

AnAttent i on Shifting Subsystem updates the syste
shift can include changes to the location of the Attention Window, as walleading eye, head,

and body movements. After attention is shifi@dew object oobject pars may be encoded in

the Visual Buffer. Ithosenewstimuli match previously primed representasan the Object

Properties Subsysteitiney maybe recognizedvioreover, f the recognizeabjects or object

parts clearly implicate associated representai¢in associative memorythenthoseobject are

said to badentified. Otherwise, the tegpown search may continue based on new hypotheses,

and additionally primed object parts and properties.

"Kosslyn(1994)referred to thisa i n f or ma toiKasslyn etal@08)penamed it to dAinfor ma
shunting. o
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Implementation: Mental Imagery in LIDA

In this section | developa conceptual model ahultimodalmental imagerand imagistic
epistemigprocesses LIDA. Whenever possiblel, comparethis LIDA -based modekith

Ko s s I(23)preto-model ofvisualimagery and perceptiowhich was described earlier in
this chapter At the end othis chapter] alsocompae thisimplementatiorof mental imageryo

those foundn other cognitive architectures

Components
Ment al i magery wutilizes the majorisdvgral of LI DAGS
componentstand out as beingarticularlysignificant. Thesaredescribd in the sulsectiors

below.

Sensory Scene L | D ASénsory Memorynodulemay containone or moranodality-specific
sensoryscenes A sensory scene is a data structure that preserves thevelhdetails of sensory
stimuli, while simultaneously supporting the representation of more processel&velw
features. erepresentationalontentwithin L | DA 6 s s e nistypicajlyinegrated imte

multimodalrepresentationslsewherefor examplewi t hi n LI DA6s ®lodelr ent Si

A visualsensoryscene(seeFigure25) couldbe represented adayered, topographically
organized data structurgachlayerwithin this data structurean represerfeaturesassociated
with activevisualstimulid real or virtuad as well aghelocations in which those features occu
wi t hin an a g.érafertoshis represen@tionalffarneatai@ature magcf. LeCun

et al., 1989; LeCun & Bengio, 1995)
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Figure25. Visual £nsory scene arftlerceptual Scend&he visual sensory sceha@ modalityspecific,
topographically organized data structire x i st s in LI DAO6s Sensory
sensory scene are integrated i neportiohslaEséciated wrh
current percepts. The Perceptual Scenensiéimodaldata structure containing symbolic (nodes) ar

norntsymbolic (depictive) representations. This figure originally appeared in McCall(2040, fig. 3)
(ABl ank nodesd are coordi nagdrny aanotdeardt niord ¢
|l ayero of the visual sensory scene; see Mc!

For software agents, the lowest lagéa visualsensoryscenemightbeaf p i OXxaget
(McCall, Snaider, et al., 2010, p. &ntainng raw (unprocessedensory stimulfrom an

a g esrvisual sensore.g., @ RGB ordepthcamera)For naturalagentge.g., humans)jt might

contain a retinotopic madpasedos ensory pr oj ect iey@sVsuawrentahi n an

simulations (i.e., virtual sensory stimuli) could alsadgresented in thlayer.

Higher layers in the visual sensory scemght contain feature mapderived fromone or

moreof its lower layer® for examplecolor maps omotionfields (e.g., optic flow fields; Lee,

1980) Thesdayersmight, in turn,be useds the basis favenmore processeldyers highen
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the visual sensory scerfeor examplean edge boundary feature map could be derived finem
vi sual s e cadoobandgnotisndagensevidich werethemselvegjerived fromits pixel

layer.

L I D A#nsoryscene arepurelynonsymbolicdata structure As suchtheyare
representationalld i f f er ent {{109d)wmisukl @fsr lWwhyich éomtain symbolic
(propositiond) features overlaid onnonsymbolic spatial extentd~urthermoresensoryscenes
are notdirectyaccessi bl e t o LI DAldesfora, @ireetanalogdon a | proces
Ko s s I(p3)@Atention Windowisi mpossi bl e to i mplement withi.:
Memory module. However, portions of thesmsoryscenes are accessible to attentional
processes WerteptuallSceh&pEchidally, those portions with sensory
representations atthed to node structures in tRerceptual Scedefnode layed (described

below).

Perceptual ScenelL | D APéreseptual Scens amultimodaldata structurevithi n L1 DAOG s

Current Situational Model. It contaipsrtions ofL | D A@nsoryscenes combined with node

structures thatharacterize or identifihat sensorgontent.These node structwsare said tde

part ofthe Perceptual Scedesode layer(McCall, Snaider, et al., 2010, p.. Flodal nodes

withinthenodd ayer are grounded i n tdermsoryscenpsNaetessent at i o
that sensoryantentcorresponding tonultiple modality-specificsensoryscenes can be

associated with a single node structuréhePerceptual Scedes n o ds=eFiguaepa. This

is implemented using coordinating amodal nodes that suppdtimodalbinding (see Chapter

5),
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Figure26. Real and virtual sensory contentmd n g | e iParcehtdalBréné Real sensory

content, from Sensory sisorpoengs,dsintegrates inta the sensaty
port i ons Perckptudl Bdemddarcept, corresponding to the most likely interpretation of

that £nsorycontent (in this case a horses)jmstantiated into the Current Situational Modéttual

sensory content (i.e., a mental simulaticojresponding to this percept is generated and integrat:
intoL | D APéreseptual Sceraongside real sensory content, which happens to be obscured an

occluded.This virtual sensorycontentmight serve t@mbellish thdeaturesof indistinct scene
elements (among other things)

The Perceptual Scerman simultaneously contafineab andfvirtuald sensorycontent

Real sensory content originates from an

agent o

generated internally by niqseen@QndptertSpuringordifaryuct ur e

perception, wrtual sensory content (tegpown signalspugmenteal sensory content (botteap
signals) These togdown signaldelpwith theinterprettion ofthat content, filling in missing

detailsbased on the most plausible explanations of that sensory stduthlireal and virtual
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sensory content can be assaaiatvith perceptual/conceptual node structures in the Perceptual

Scenebs node | ayer.

Figure26 illustratestheintegration of bottorrup (real) and tolown (virtual) sensory
signals.In the depicted situatiomn agent encountea partially occluded, guine creature of
unknown variety atdusdk. he fr eal 0 sensory content correspo
occluded and contains indistinct features due telighting conditionsVisual and auditory
sensory stimuli resulting from this encounter
sensoryscenesThis sensory content then activapesceptual rneresentationg Perceptual
Associative MemoryseeChapter SMultimodal Perceptiopresulting in the instantiation af
percept corresponding to a ha¥sthe mostplausibleexplanatiofi for tha scene elemenf
simulator structure building codelet ménenuse this percept to construcsontaneous.e.,
nonvolitional) mental simulation of that horse, and integrate it intcémsory portions of the
Perceptual Scen&his combined(bottomup and topdown)signal could then be used to support

active eploration or offline cognitive activities (e.g., generating action plans).

ThePerceptual Sceris LIDAG slosest analog th 0 s s 1(193%)¥isual Buffer. Like
t he Vi sual Bewépfua Bcerie & HylDidrémesentation. Its node layer coistain
symbolic or hybrid representatior{se., node structures cognitive mapsthatcharacterizehe
norntsymbolic representations ane or moreensoryscene. Furthermore, th®erceptual Scene

canbeoper ated on by LI DA{atientioracodes)nwhichoan setvea pr oc es s e

8 Percepts) instantiated from ambiguous sensory stimuli will typically depend obabelevel activatiors
associated with node structures (i.e., recency and frequency efééaig) with any residual current activation
(priming) induced byecentsituational catexs.
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similarf unct i on (994)Atensiondl WindoveHowever, unlike the Visual Buffer,
thePereptual Scenés intended to serve aa mtegration point for sensory content from all
sensory modalitiesThis introduces a degree of complegitynultimodal scene integratiénthat

i's not accountedmddae.,r i n Kosslynds proto

Perceptual Associative MemoryPer cept ual Associative Memory (
recognition memoryPAM is alsothe primarylong-term memory modula which grounde,
conceptual/perceptual representatiarepersistedMore elaborate forms of representational

content (e.g.scenes, episodes, cognitive maps, and narratives) will typically depend on node
structures from PAMPAM may, in turn, depend on representations from othertemy

memory moduless=or exampl e, cog,niwhiveeh fiaorbg ean &l amp@pws t
object maps, are formed through the association of PAM node®bjihtcenteredspatial

extentsfrom Spatial Memorysee Chapter5,ogni t i ve §.Obj ect o Maps

Perceptual Associative Memory ( RFAdgdrtiex ombi n
Subsystem and gsociative MemoryP AM i s | i ke Kwmpedi¢syubsystemine ] e c t
following ways:First, the activation of itsepresentationsan bebased on object properties (e.g.,
color, texture, and shape&urthermoreP A M depresentationg.g., node stictures)are not
topographically organizeégndt hey do not di r ect Howevdr,dheopghct 0 t he
their associations witbtherforms of longterm memories (e.g., representations in Spatial
Memory) they carfiorm spatially arranged, depictiveybrid representations (e.g., cognitive
iobj ec tRnalmBA A B resundedchode structures could be described as population
codes theiractivationsare based on set of nodeandaset of sensory representatidhat
characterize sensory stimuli.
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There isonenotabledifferenceb e t we e n K o s-Bropgried Subsgtern and t
PAM: attention modulates thedperationgifferently. According to Kosslynhis Object
Properties Subsysteis constrained to theecogntion of objectswithin anAttention Window In
contrast, he bottoraup activation of PAM is unaffected lthy | D Aatbestional processes.
However, attentional processes (attention codelets) that functiod ke s |Agentidrs
Window can beappliedafter theactivation of PAM nodg(from Sensory Memory}hat is,once
perceptsareinstantiatedn the Current Situational Modsdt is very likely that this difference
couldlead to testable predictionsor example, even if preconscious percepts outside of the
focus of attention areaver brought to consciousness, they may alter Workspace dynamics,

leading to priming effects and other secondary indicators.

Finally, note that PAMnodel s some, but not all, el ement
Memory. I n particular, Kosslyndés Associative
to perceptual knowledgé LIDA, semantic knowledge is encoded in a sepdbaelarative
Memory module Also, Kosslyn assumed that the output of Associative Memory was symbolic
propositions. PAMO6s o ut gonosists ohgbrd (dyrbelic’eoh her hand

symbolic)representationthat can be said to characterize scene elements, but not poopolsit

Action SelectionL | DAG6 s Ac t imodule Bayd agivatal ralenin supportingany

forms ofmental imagery. For examplegvgaw in Chapter 6 thamotor imagerg (Grush, 2004;
Jeannerod, 994, 1995, 2001; Pfurtscheller & Neuper, 1997; Sharma & Baron, 20b8sedn

the selection dbehaviors for internal executigni . e. , Acovert actionso; J

S103) Furthermore, there & sizeable body aksearch suppoanty the hypothesis that image
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transformation (e.g., mental rotation) relies on inteawionbased motor process@sanis et

al., 2000; Georgopoulos et al., 1989; Kosslyn et al., 2001; Wexler et al., 1998)

More generallyAction Selectiororchestrateall actionbasedmental imagerywhich
includesnot onlymotor imagerybutall forms ofvoluntaryor intentional mental imagerfsee
Albright, 2012; Brewin et al., 2010; Kreiman et al., 2000)is mayevenincludesome forms of
mental imagery thareconstruedasspontaneous or involuntariy particular mental imagery
thatrelies onautomatized and consciously mediated modes of action seletdiypnot be
perceived as intentional adby an agat. ConsequentlyAction Selectiormay frequently
participate ireveryfundamental operation of mental imag&rgeneration, transformation,

inspection, and maintenan@€osslyn, 1994; Kosslyn et al., 2006)

ABmul at or o Str uct umelDAalliprecdrisaiogsnettal sirsulationssare

generated by simulator structure building codg|8BCs)(seeChapter 6 Simulator Structure

Building Codelets This applies to mental simulations generated spontaneously (e.g., following

the recall of longerm memories), as well as volitional or intentional mental simulations based

on covert (internal) actions. Howevegver conscioumental simulations, sucks those

produced byifforward modelé (D. M. Wolpertetal.,1995) n LI DAds Sensory Mot
arenotbased on simulat@BCs® SBCsonly operate on representations in the (preconscious)

Workspace.

°Dong et al(2015)i mpl emented a simple forward model in LI DAG6s S
filter-based approach.
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Simulator structure building codelets (SBCs) generate modal simulationgfoamded
concept representations i (CSM)THaAS) efor€asimulatort Si t
SBC can create a modal simulation, some cognitive processmtrosilice a grounded node
structure into the SM. Cognitive processesapable of thisnclude perceptioisee Chapter 5,

Multimodal PerceptionXhe cueingof longterm memory modules from the CS8ke Chapter
4, TheLIDA Cognitive Cycle) theinternalexeation of behaviorgsee Chapter 6andother

structure building codelets.

I -6 ! oidiggins et al., 2017provide one computational implementation for simulator
SBCs(described in Chapter) BHlowever, this is by no means the only implementation.
Regardless of the implementation used, the act of mental simulation shdnalgdakeon the re
activation of LI DA &iacoerdinatmgpnode stiuctupes ie Receptual t i on s
Associative Memory (PAM)Moreover, this ractivation should be performed in a tdpwn
fashior® for example, from PAM nodes with higher conceptlgpbth, to those with lower
conceptual depth, eventually-aetivatingsensoryepresentations (see ChapteSinulator

Structure Building Codelexs

Attention Codelets. At t ent i on codel ets are LI DAGs attent.i
preconscious represations within the Current Situational Model and bring any content of
interest to them t o(vidalcalignsorn prdcesdf sudhoconktesst s a ¢ e
included in a winning coalition, it is consci

processes (see Chapter 4, The LIDA Cognitive Cycle).

A multimodal version of Kosslynbés Attentio

more attention codel et s t hPerceptaat Scenéondxample,st ed i
212



specific regions withirthe visual sensory scéffeould be attending to by one or more attention
codelets. However, a fundamental question is, what representations and/or cognitive processes
specify ormodulate these focal parameters (e.g., the size and shape of the areasifimtbe

visual sensory scene)? Furthermore, some of these parameters appear to be amenable to
volitional control (i.e.pased on intentionahternal actions). These topics will ddressethter

inthechaptef e. g., with respationoobll PA@magemphement i

Fundamental Operations of Mental Imagery

This sectiordescribed IDA -based implementatiorss imagegenerationimagetransformation,
imageinspection, animagemaintenancg K o s s (194 )doar fundamental mental imagery
operationsThese implementatioregebased on the assumption tktae linear timing #ects
observed during manynagery-based chronometric studiissa direct consequence roflti-

cydic offline cognitiveprocesse¢see Chapter 4, The LIDA Cognitive Cycl&)oreover, |

assume that thesegnitiveprocesseare dependent dnternally exeated behaviors

Image Generation Image generation refers to thgpontaneousor fintentional formation of
mentalsimulations Spontaneous image generation is characterized as fiievnduntaryd

(Brewin et al., 2010pr fimplicito (Albright, 2012) While intentional image generation is
characterized a8voluntaryd (Brewin et al., 201Q)iwolitionalo (Kreiman et al., 2000)r

fiexplicito (Albright, 2012) In both cases, the corresponding (preconscious) mental simulations

are generated by simulator structure building codésets Chapter 5, Simulator Structure

10 Note that the representational content in sensory scenes is only accessible to processes (e.g., codelets) operating
on the CSM if that antent that been associated with a node structpoeifdedconcept representation) in the
Perceptual Scebes n o d(seeFiguaep®. r
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Building Codeletsa nd i nt e gr a tecdptual ScermBoth $pdhfardesus and

voluntary forms of image generation are depictedigure27.

Spontaneous mental simulatsoran occur in LIDA whenever a perceptcued memory
enters the Current Situational Mod€ISM) and is subsequently acted upon by a simulaR(C.
Contentgenerated in the CSM frorheconsciously mediatear automatizedelection of
internaly executedehaviors may also support spontaneoestalsimulationsin these cases,

the results of behaviorsselected for internal execution function like cued k@gnmemories.

In contrast, mtentional meral simulation isalwaysinitiated by an internally executed,
covert behavior. Furthermore, these behawaoe selected, at least in pattie to an explicit
intention to engage in mental simulatidiis suggestthat the mode of action selection that
supports intentional mental simulation is volitional (i.e., gdakcted), but not necessarily
deliberativé? In both casessimulator structure building codelets are directly responsible for

orchestrating the creation of these preconscious mental sinmglatio

Single-part mental simulations can generatedn a single cognitive cycle. This form of
image generation can occur completely preconsciously (e.g., from percepts orectnede$,

or it can begenerated followinghe execution of covert behavidiesg., motor simulations)

11 Recall from Chapters 4 aridthat behaviors are instantiated schemes. Schemes are data structures that are learned
into Procedural Memory that contain three primary components: a context, an action, and a resulba&etion
ment al simulation reli etateddresulissnsi vely on schemesdé (inst.

2The LIDA literature currently does not make a distinction between volitional action selectiorldedation

(Franklin etal., 2016, sec. 6.2However, in mangase of intentionalmental imageryindividualsappear tdhave

explicit intentiors to perform mental imagery, buteltorresponding o p 80i am act do not iinitiat
context.Furthermore, the seléoh of such actiosappears t@ccur in a single cognitive cycle. This suggests that

t hese 0 daciorsshouldatmeebé modeled in LIDA as consciously mediated actions,brat L1 DAOG s
volitional mode of action selection needs to be updated bodadhe nordeliberativebut intentionakelection of

actions.
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Multi-part mental simulatiws,on the other handikely requireone or moresupportingnternal
actions In these casetheincorporationof additionalparts and propertiesccurs largely through
a process ao$equential elaborationn which parts and properties are added ondiata(see
Kosslyn et al., 1983, 1988puring sequential elaboratiotihhe cognitive processes responsible
for inspection, transformatioand generationollaborateto constructparts and propertiesn

demand
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Figure27. Mental imagenand the Perceptual Scene. Spontaneous forms of mental imagery can oc
during bottormup perception, and following the cueing of letegm memory. Intentional forms of ment:
imagery are always actidmased, using covert behaviors (with internal actibtm&)itiate changes within
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simul ator o str uct §tha gebhevate mdntainsignulatiansl and itdgrate thegBy
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Image Transformation. The mechanisms proposed here for implementing image

transformations are largely the same as those used for motor imagery (described in Chapter 6);

that is, image transformatie are modeled ationbasedmagistic processeSpecifically,
image transformations (e.g., mental rotatidgp)cally involve the serial execution of
consciously mediateok volitionally selected internal actisnThese covert actions cémen
initiate the generative activities ohconsciouprocesses (e.g., simulator structure building

codelets).

Thehypothesis that image transformations are adb@sed is supported by

neurophysiological research that shows the engagement of motor processesdntaig

transformationgCohen et al., 1996; Georgopoulos et al., 1989; Kosslyn et al., 2001; Wexler et

al., 1998; Zacks, 2008n particular the premotor cortex, whids believed to be involved in the
high-level selectionandpreparatiorof voluntary movements$ (Passingham, 1988; Scott &
Kalaska, 2021)s typically activated duringnagetransformations, such as mentatatiors

(e.g., see Cadn et al., 1996; Kosslyn et al., 200Ihe premotor cortess functionallyanalogous
to LI DAGs Action Sel ect i o;nheraforgd mddelimgomageu r a |

transformations as being actibased is consistent with current experimental rebea

If imagetransformationsre,indeed actionbasedthen one might expect that their
developmenand usevould besimilarto that ofmotorskillsd and this seems to be the caBer

example, amerous studies have shown improvements in mental imagery abilities with age

13 The premotor cortex is also believed to supporuthgerstandingfo t h actionsfBuccino et al., 2013; Gallese

Me m

etal., 1996; Rizzolattietal.,1996) Thi s suggest s t (laaobonifetal, 200% Rizzalagi&h ani s ms 0

Craighero, 2004; Rizzolatti & Sinigaglia, 201&)uld also be implemented in LIDA using intelgaxeated
behaviors.
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(Caeyenberghs et al., 2009; Kosslyn et al., 1990; Sam¢gelsman & Wilson, 2013; Souto et al.,
2020) and training(Spruijt et al., 2015)And motor imagery training appears to improve motor

performancegsee Driskell et al., 1994 for a medaalysis)

In general, the view advocated for here is that mental imagery represents the
internalization of an i ndRiaget&loheldeg $971Fort er act i o
example, the conscious awareness of the conse
consequences to be internalized as schemes in Procedural M&hrorygh repeated usdese
learnedbehaviors can be internally (covertly) execdtadstead of their wert counterparts in

service of perception araffline cognition

Frick et ald6 £009)findings support this gradual trsition from overt to coverctivity.
Theyfound that young children gearolds) relied on concurrent, overtly executed movements
when trying tosimulatethe consequences of imagined evdatg., changes in the orientation
and position ofmaginarywate when tilting an empty glassjowever, older children (e.g.; 9
yearolds) were less dependent on these overt behatinck. et al.(2009)suggested thatne
explanation for these resulssthat older individuals may be able to mentally simulate their hand
movements, whereas children required overt hand movements to facilitate their mental
simulations. As individuals become more experienced, lleegmenorecapable ofising

covertly executed behavioia place ofovertbehaviors.

Theinternalization of overt behaviors can be observed in players of strategy board
games, like chess or Go.Fexample, beginning chess players will often physically move pieces
on the board to visualize the consequences of their moves and assess board ptsimres,

as they gain experiencand begin playing in moreonstrainedettingswhere those overt
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behaviors are prohibitedheyoftendevelop the ability to perform these mowesntally (i.e.,

covertly).

Recall that LIDA has four modes of action selection: volitional, consciously mediated,
automatized, and alarnfsee Chapter 4T hroughout this work, havegenerallyassumed that
volitional and consciously mediat@ctionselectionis compatible with the internal execution of
behaviorsFor examplejntentional and spontaneoimsage generation (described earlier in this
chapter)seens to require these odes of action selection contrast] arguedin Chapter @hat
alarmsareincompatiblewith the internal execution of behavipdue to the timesensitive nature
of thesituationsin which they ariseHowever, i to this point, | have not made aeyplicit
declarationgbout whetheautomatizedautonomous; Fitts & Posner, 19@&tion selection

could occur with mental imagery.

L | D Audtmnatiaed action selectiaos characterized as being largely unconsciadere
one selected behavior seems to directly call the (ive#t steamof behavior} without the need
for intervening conscious conteiithis mode of action selection is typically only available after
an individualhasmasteeda skill, and even thengnly in predictablesituationsthat do not

require conscious intervean.

The model of mental imagery developed in thenuscrippredicts that internal
behaviorsshouldbe compatible with automatized action selectldnlike alarms, these is no
criteriato exclude automatized behaviors from being internally executed. Furthermore, this
capabilitymaybe highlyadvantageous e.g.,expeditinga n  a go#linetc@gsitiveprocesses

by reducing thie dependence on conscious content during action selection.
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Figure28. Response times in mental rotation across age groups. All age groups exhibited respons
that had a linear relationship with respect to stimulus angle; however, the slopes associated with t
corresponding regressionés decreased noticeably with increased age. Figure reprinted from Koss
al. (1990, fig. 4)with permission.

Some support for this fAinternal automati za
Kosslyn et al(1990) who performedano di f i ed ver si on oI971phepard a
mental rotation experimenincluding a chronometric study of the mental rotation abilities of 5
yearolds, 8yearolds, 14yearolds, and adultdVhile their results showed@edictablejinear
relationship betwees u b | respdnsedimes and the angle of stimulus presentation for all age
groups theslopesof thar corresponding regression lindscreased consideralmyth age(see

Figure28). It is unclear what form of learning or development accounts for ihgg®vements
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in efficiency; however, onpossibilityis thatthere arainderlyingiibehavior streaso (see
Chapter 6supporting mental rotatiaimat areprogressing from consaisly mediatedo
automatized forms of action selecti@f. cognitive, associative, and autonomous stages of skill

acquisition; Fitts & Posner, 59).

Madl et al.(2011)estimatedhatthe time required for a single cognitive cyde
approximately 266890 millisecondsThe linear regression line for adult subjects in this
experiment showed a slope of 245 millisecopelis36 degrees of stimulus rotation. Unless
subjects were performingeert mental rotations in incremerts36 degrees or more, e
results suggest that parts of these operations may be occurring unconsciously (i.e., without

conscious mediation).argeted experiments are needed to explore this possfhiiiber.

One finalimplementation detathat | will consider hereelates to the manner in which
behaviors with composite actiahs.e., behaviorsvhose actions alienplemented usingehavior
stream@& arementally simulatedRecall thatheinternal execution dbehaviorswith primitive
actions involves thanmediatesimulation of thoséehavioré r e Ehat Is,tblfowing the
selection of such a behavior for internal execution, a structure building cailelgpdate
LI DA6s Current Si athal averpadted fdsulfl gnhulataristtutturet h
building codelemight thengenerate a mental simulation of that reamidintegrate itinto

L I D APérseptual Scene

In contrast, the internal executionlm#haviors witrcompositeactionscould be modeled
in one of two ways(1) their predicted resultsould besimulateddirectly (bypassing their
underlying behavior stream®r (2) thecomponent behaviors in theinderlying behavior

streans could besimulatedteratively (and potentially recursivelyYhe dironometric studies
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consideredhroughout thichapter(e.g., Borst et al., 2006; Cooper, 1975, 1976; Finke & Pinker,

1982; Kosslyn et al., 1978; Metzler & Shepard, 1974; Pinker et al., 1984ar@h&Metzler,

1971)suggest that the latter is occurr@ngeaction time increases with angle of rotation,

scanning distancepject complexity (i.e., the number of parts in a mpétit image)etc. These

timing effects would not be predediftheaub mat i zed behaviordés expect ¢

simulated.

Furthermore, this annerof internalexecution is predicted by the implementation
developed in Chapter 6. In particulahienever a behavior with a composite action is selected,
Action Selectiorimmediatelychooses a component behavimm its underlying behavior
streamAndi t i s this component roheathllgsimulaedorst a elsluDA G &

Current Situational Modghot the higHd e v e | behaviordos resul t.

Image Inspection Image inspectioentailsthe exploratiorand examinationf thesensory
conteni n LI DAOGs P eltreliespibathanagisicomerateonsand perceptual
processes/Vhile image inspection often coincides with image transforma{eyg., during
mental scanning; Kosslyn et al., 1988 imagegeneratio (e.g., during e sequential
elaboration of multpart images; Kosslyn, 1994, Chapteri®js functionally and neurologically

distinct(Kosslyn et al., 2004)

In this sectionl propose an implementan of image inspection in LIDA based on
actionmediatedattentionprocesses i.e., attentional processes modulated byithentional
execution obrienting behaviorsPosne definedforientingd asthe alignmentof attentionto a
sourceof sensorystimuli or internalrepresentatios(Posner, 1980, p. 4Drientingis distinct

from the cognitive processeagsponsible for the conscious awarenegbadestimuli and
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representations, whidhosner ef er r ed t qPosner, 1880, .t4fpocetampieg 0
someonanay move their eyes towards a stimulus, and yet be unawar&lef/értheless

orientingtowards somethingften precedethe conscious awarenes$that thing

I n LI DA, ndet e c tyatiegtion codelets ampthe SlotalnNEpack. In
contrast , o thé exectutionrofgoehaviotsat mddwatethe operations and
concerns of attention codelefhis may involve spawning new attention codeletdi@cting

theirinterestdowards specific portions f L | PBréeptsal Scene (types of contentvithin
it).

Orienting behavigcan eithebeovert or covertEye and head movements are examples
of overtorienting behaviors. Howeveaitention can also be oriented through pucelyert
means, using internal mechams alonelFor example, an individual may be looking directly at
an object, and yet attending to something in their peripfiefdlof vision (e.g., see Posner et al.,

1978)

Recal | t h@994)ptabosnedelynaudles an Attention Windatlvat is used to
delineateana g e wisual kcus of attention. Kosslyn described the Attention Window as a
contiguous set of points that could be overlaid on portiotisedfisual Buffer. As such, the
Attention Windowenableghe separation of tHecusof visual attention from foveaensory

content, which would presumably be in the center of the Visual Buffer during normal perception.

¥ Though norvisual modalities have received far less research, orienting mechanisms have been demonstrated for
other sensory modalities, including audit@®jondor & Zatorre, 1995; Spence & Driver, 19%4)d tactile(Spence
& Gallace, 2007)nodalities.
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MoreoverKos sl ynés Attention Shi ftiexeuti®overtsagdst em pr

covert orienting behaviothat adjust the position and shape of the Attention Window.

Hoffman and Subramania(®995)conducted series of experimenits which they
investigated the relationship between saccadic eye movements and the covert orienting of
visuospatial attention. They interpreted the results of their study to suggestdhatrienting
behaviors (e.gsaccadic eye movementgpendon preliminary, covertorienting behaviors
This view is broadly consistent witizzolattd Bpremotor theory of attentiar(Rizzolatti et al.,
1987) which posits that overt and covert orientivghaviors are controlled lepmmon
underying mechanismd n bot h cases, a fAmot orphpsicadgr amo i s
movements (e.g., eye movements) are blocked by the nervous slystegipurely covert
executionsThe premotor theory of attention is suppotgthumerousieuroimagingoasel
(e.g., fMRI)studies that showubstantiabverlap inneuralactivations when subjects perfoeth
covert and overt orienting behavidBeauchamp et al., 2001; de Haan et241Q8; Nobre et al.,
2000) Thist heory al so ac c @o0d)theory dof mator dognationnwdhichovdsd s

introducedn Chapter2.

Finally, aienting behaviors cabe either reflexive or volitional. For example, eye
movement can be driven unintentionally (reflexiyedased on environmental stimuli (e.g.,
unexpected moment in the peripheral visual field), or intentionally (volitionally) based on a pre
meditatedoculomotortrajectory. Reflexive forms of orienting are often referred to as
Aexogenous, 0 omhmsl eo fv odriite notnianig far €Carrascb,er r ed t @
2011) These two modes of attention seem to follow different time co(Bssse et al., 2008)

and appear to be based on different cognitive processes and neural §gstemst al., 2013)
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Furthermore, éflexive (exogenous) forms of attentional shifts are believed to be unavailable

during mental imagergKosslyn, 1994, p. 102jherefore, the focus of this section will be on

endogenouattentional shifts.

There are several options for implementamglogenou§.e., intentional)covert

orienting behaviors in LIDAAII of these options depend amternally executed behaviots

initiate covertattentionakhifts andtheassociateg¢hanges within the precarieus Workspace

modul at e L | Dpdaresses(iet, atantion codetelch optionconsideregroposes

a different mechanism faffecting the necessary attentional bigse., howattentionis

focuzdonspecificc ont ent wi t hi alSceneDAG6s Perceptu

The first option involves spawnirg activatingattention codeletthat arefocusedon

specificrepresentationin L | DA6s Cur r e nt ;fd® example,theyomnae |
concerned witlvisualsensory conterdontained in a boundedgionof L 1 DA 6 s

Scenq c f . Kos sl yn o s.Thesetateemtioni cadeledsé¢reatet thaggd on

Mo d el
Perceptua

internally

executed orienting behaviolB.hi s mechani sm i s fexpeciatiomoodeled® L1 DA

(D6 Mel | o ethiasattention tdvards @nticipated action consequences

A second option involves the creationti@Ensient preconscious representatiqesy.,

fiattentiond i r e mddesp p@at modul at e L1 DABosexanple euctirea o n a l p

building codeletgould bespawnedor activatedld via internally executed behavid@shat

augment specific preconscious representationsastbciated (tikedto) attentiondirecting

representationgorrespondingttention codelets could thestan the Workspagckoking for

structures containing thatlecorated ¢ o.rCoaétians containing these structures could then

bebroughtto the Global Workspade compete for inclusion in a global broadcast
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A third, andfinal, optionrequires the introductioof a persistent data structure within the
Perceptual Scertbat speciesan agent 6 s ¢ ur Thesdata steuttureemouldi onal f ¢
functionlike amultimodalv er si on of Kosslynés Attention Win
activities of a set of attention codeletsvards content demarcated by those attentional Ttis
data structure could be viewed as an enbae me nt  Pearcepiubl Sceidhat allows an
agent és attentional c 0 nwatlerespest totthe cobtentstbiex p | i ci t | vy
Perceptual Sceniternally executedrienting behaviorsould then be used to adjust the

parameters (e.g., thecation and extent) of those attentional foci.

At this point, it is unclear which of these options (if any) is prefer&ypbtion three (i.e.,
a mul ti modal A adouldenost daglyaupport theiinoreimentad, attentional shifts
observed irmany experiments based on visual modali{i€ave & Kosslyn, 1989; Eriksen &
Murphy, 1987; Eriksen & St. James, 1986; Kosslyn, 1994, pHilyever, Posner et also
argued that or i ent(Poangretial, 1984)at recaices dontirmal pr oc e s s 0
mai ntenance, rather than a pas(®asneel980ip.8ner t ha
contrast, options one and two are fiactisve pro
less clear how they could support incremental attertsm#sd e.g.,what internal state is being
maintained and shiftédAs such, i is possible thatome combination of these option should be
used. What is clear is thaa@hof theseoptiors makes different predictions that require

additional scrutinyhowever, that exercises beyond the scope of this manuscript.

Image Maintenance A | | of LI DA 0 sandcodetetsaee subjected tactivatiors
decay(see Franklin, Strain, et al., 2013, sec. i, in the absence of sufficient reinforcement,
they are eventually purgetbima n  a g e n or fosgtesnimennoty moduledmage
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maintenance jghereforerequired to ensure thtie sensoryand perceptuakpresentations
associated with mental simulatiéns n L1 DAG6 s P @ mremainsbvailabdleo Scene

imagistic and perceptual processes

Kosslyn hypothesized that the maintenance of (visual) mental images is basedeon the
activatiorsof fAcompr essed i andajtentionabppocessgkmssiynaliod4d,qpn s o
325) He alsoargued that image maintenarti@es notlepend on image generation, at least not
the processes fithat are used toer at(kogstymt e par
1994, p. 321)This position was based, in part, on the findings of neuroirgagjudies that

show a lack of activation ibrainareas associated with image generafeg., Uhl et al., 1990)

Additionalargumens against fullblown image generation could be mddesed on the
variability inherent in mental simulatioRecall thatmental simulation is a dynamic process (see
Chapter 5)where each generative event typically produces diffesemgory contenWith
respect to the current computational implementation, this variability can occur as the result of
several factors. The most direct cause is the use of a probakdistalerto implement the
simulator structure building codel@tee Chapter 5, SimutatStructure Building Codelets)
Depending on the magnitude of the standard devigtfiassociated with a sensory
representation.g., modal probability distributions), even singdart reconstructions can vary
considerably (seBigure34). Multi-part reconstructions would compound this issue. Therefore,
if image generation were involved in image maintenance, there would likplgrbeptible

alterations irmnunderling mental simulatiofollowing each generativevent

5 Recall from Chapter 5 thatVAES produce sensory representations that are composed freatoof means
(') and avectorof standard deviationsg}.
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A more significant source of variabilitan occur due tohanges in the activations within
PAM. Recall that the simulation gfoundedconcept representatis(see Chapter)gequires
top-down iteraiond from nodes with higher to lower conceptual déptimtil modal nodes
containing sensory representations are activ@iedending on thactivationdynamics witin
PAM, the specific tokens (i.e., category members) that are selected for simulation nggy chan

along with their properties (e.g., colors and textures).

Given the above, | proposesempleimplementation of image maintenance basethen
direct reinforcement of preconsciolsrkspace activatiaIn particular, conceptual/perceptual
nodes and theassociated mental simulations in the Perceptual Scene can be reiifftraed
content is included in a gl obal broadcast. Th
modules, including the preconscious Workspace; therefore, the Workspace cablat esatent
to increase the activations associated with its preconscious representations (including mental
simulations).This is supported by the executionimternalfi o r i e behaviorsgdpaibiasan
a g e mtterdtien towardspecificrepresentationand their mental simulatioésthus,increasing

the likelihood that they will come to consciousness and be reinforced.

As a direction of future work, the relationship between image maintenance and working
memory(Baddeley, 1992; Baddeley & Hitch, 1974, 1994puld be exploredn particular,
modalty-specific forms of working memorfe.g., visual weking memory; Eng et al., 2005;
Fougnie et al., 2012; Luck & Vogel, 1997; Vogel et al., 2G01 their relationship to mental

imagery should bexaminednore deeply.
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A LIDA-Based Agent

A simulationbased.IDA agent was designeid bea fiparticipand in aperceptual experiment
inspiredby Kosslyn et al(1990) While this agent was only partially implemented in w@ite,
its design and preliminary results provide a useful demonstratioe obtitcepts developed

throughout this manuscript.

The intent of this agent and its environment washimwvhowd through theovert
execution oepistemicdbehaviord® t he consequencescoddbe an agentds
internalized enabing the generation aéxperiencebased predictiong(g, actionbasedmental
simulation$ thatsupport perception. It was also intendedliowhow the various perceptual,
procedural, antmagistic processes detailed throughout this manuscript could be combined to

implement a complete autonomous software agent.

Environment

Kosslynetal(1990)d escr i bed a mental rotation experi mer
participants were shown two paneisach panetontairedasymmetrical, connected shapes

formed from randomly selecting five cells in a & xegular grid (i.e., pentomingeseeFigure

29). The shape in the left panel was always displayed upaighserved as a reference image.

The shape in the right panel was always rotated from its upright pdsitioultiples ofo ¢).J

18 Kirsh and Maglio(1994)definedepistemic actionas actions that aggimarily intended to discover informaii
or simplify problemsolving. Temporarily moving a chess piece to a new positica @resboard to visualiz the
consequences ofandidatenoved is an example of this. In contrast, they defipegigmatic actionss actions
that are intended tdirectly bring an agentloser toits goals.
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Figure29. Materials and procedures used in mental rotation experikesslyn et al(1990)referred to
this experiment asask 4.

On half of the trials, participants were shown a shape in the right panel that was a rotated
copy of the shape in the left panel. On the other half of the trials, they were shown a rotated,
mirror imageof the shapeAsterisks were placed at tkerresponding tops of both stimuli, to

minimize the difficulty of discovering the relative orientations of the two shapes.

Figure29 shows an examplepright shapesuch as would appear in the left panel) along
with several combinations of rotatedreflectedandrotated shapes (such as those that would
appear in the right panePRarticipants were asked to decide whether the shapes shown in both
panels were identitaregardless of their orientation. However, they were instructed that only
two-di mensi onal rotations were all owed, ifas woul

a table top and one (Kosslyhelal.n®90, p.l1007)t it of f t he
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A software environment (séggure30) was devel oped b@%86d on Kc
e X per i me n.iThis(eriviroansekgenkratstwo p ¢ Yp ¢ gdixel, blackandwhite
imagesone foreachpangl) and an agentdés task is to determ
panel are the same. However, onceganahas made its guefise environment providao
feedbacko the agenas to the correctnessitd shape classificati@lt merely cycles to the next
pair of shapedMoreovera f ew modi fi cati ons WwW&Iexpenmetdd t o Ko

procedurdo maketheseperceptual task moiateresting anahallengingfor a software agent

@ Polyomino Ima... — L] X

/- Fixed Position and Orientation Variable Position and Orientation

-
128 pixels ~< ...

\ Left Panel (Reference Object) Right Panel (Query Object)
256 pixels
Figure30.Scr eenshot of the ment al rotation e

The first changevas to suppor29 polyomin@sd rather than the 1gentominoes

supported by Kosslyn et L990) These wereomposedy selectingfive or fewercontiguous

17 Kosslyn et al. stated that they usgde different stimulus shapg2990, p. 1007)but it is unclear how they

arrived at this number. There are 18 pentominoes, in total, but only 12 of them are asymmetrical underdeflection
i.e., their reflections pragte distinct shapes. This leads to six stimulus shapes and six mirror images of those shapes.
Therefore, | report thenumber ofstimulusshapes as 12 hefather than ning)but this does not necessarily mean

Ko s s | y n(1980)repearting i®verond only that its derivation is uncertain.
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cellsfromav v grid (18 pentominoes? tetromines, 2 tromin@s, 1 domino, 1 monomino; see
Figure4lin the Appendix)® Furthermore, any combinatitiof those shapes could be
presented in the envir ofgore3l)frdiher tharebkeing lirmiteddto r i g ht
reflected or nowreflected versions of treameshape. The rationale for thihangewvas to assess

whether the software agent (described in the sestion) could distinguish between shapes that

highly resemble each other, but are, in fact, different shapes. For example, polyominos 2, 3, 9,

and 24(seeFigure4lin the Appendixjare very similarthey only differ in their number of

components, not in tiveoverall shape or the relationshipstweenrtheir parts.

Same Shape (MeReflected) Same Shape (Reflected) Different Shapes

# Polyomine Ima.. — O X 8 Polyomino Ima... — O X % Polyomino Ima...  — O X

Figure31. Categories of sensory stimuli pairs. Haneshapemay be presented in both panels
(rotations, vertical and horizontal translations, and scaling allowed)sarhe shapand its reflection
may be presented (rotations, verticadidnorizontal translations, and scaling allowéjferent shapes
may be presented in each panel (rotations, vertical and horizontal translations, scaling, and refls
allowed).

In addition to increasing the number of supported shapes (fBdm29), new shape
transformationd vertical and horizontal translations, armbming in and odt were added to

further perturb the shapésthe right panel from their reference (upright) shapes in the left

BTechnically, these couqitdedde fpeadfthe mimit imegesoflapdyeminoof hdone
cannot be rotated onto one anotheo that they completely overldghen they are considered distinct esided
polyominges.

®While the environment could present angonspanedrsucof shape:
that half of those pairs would show the same {redlected) shape in both panels and the other half a different
shape.
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panel In total, the environment suppotte followingshape perturbationsotaions? in five-
degrea@ncrementshorizontal and vertical shiftsin four-pixel incrementsandnine different
scalesTherefore, a (conservative) lower bound on the number of possible environmental states
is over 40million, with the right panel displaying any of approximately 1.4 million possible

pixel patterns.

Agent
A LIDA -basedagent waslesigned and partially implementtt the environment presented in
the previous section. A higlevel overview of its modules and processes is depictEgyure

32 Each is summarized in the ssbctons below.

An important aspect of thiss DA agent is that its capacity to perform mental imagery
operations is developed through environmental interactions. The perceptual and procedural
knowledge resulting from these interactions is used as the basitefoial reenactments that
allow the agent to mentally simulate the effects of its actions on the world. This sintblasied
LI DA agent is also intended to demenhanted at e
via mental imagery. In other wordsiental simulation can be &apistemic procesghat

supports the nesymbolic generation of new knowledge.

20 Note that he number of distinct rotations that are possible for each shape differs due to object symmetries. For
example, shape 13 has 72 distinct rotational orientationsHigere42 in the Appendix), while shape 1 only has 18.

21 The number of possible vertical and horizontal translations supported for each shape is different depending on
their size and compositidnranging from 3 to 28 shifts in each direction); however, the majority of shapes support
at least10 translations inach direction, with many supporting over 20.
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Figure32. Cognitive cycle diagram for a LIDAased agent. Both internally and externally executed
behaviors are depicted. Theeagt 6 s Pr ocedur al Memory and Act
schemamechanisrbased implementations described in Chapter 6.

To imitate a developmental period, the LIDA agent described in this section begins its
l'ife with an i nit i alisalfgtoldiaeygtlp maniputate the shapesinithe g wh i

right panel. During this phase, the ageascapable of

(1) rotatingshapes (clockwise @mounterclockwisg

(2) translating shapes (vertically or horizontally),

(3) moving shapes (closer or further away), and

(4) advancing tdhe next shape.
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Following the play phase, the agéwgtthe ability to move the piecas the right panelits only
available (external) actions weteedecid® based on mental simulation and perceptual
processe® whether the shapes presented intheenvime nt 6 s | ef tweethaed r i ght

same or different.

Sensory Memory Sensory Memory waisnplemented using convolutionalneural network

(CNN; see Krizhevsky et al., 2012; LeCun & Bengio, 199¥8ed -VAE (Higgins et al.,

2017)?? Recall(from Chapteb) thatvariationalautoencoderéVAEs; Kingma & Welling, 2013)

are generative connectionist architectures composedari@der( or fir e cnetwonki t i on 0)
andadecode( or i g e nedworll The eneodey network was used to implement Sensory

Me mo r y éesel visuaMieature detectors. The decoder network was used to support the

generation of mental simulatisfseeChapter 6, Simulatdstructure Building Codelets)

Onreceiving visual senspistimuli (i.e.,twop ¢ Yp ¢ gixel, blackandwhite image¥
those images were integrated into a sinyBeal sensoryscene containing pixel layer
segregated into two panelEh e  V ArEddef® networkwas then used teeparatelygenerate
sensory representatiorige(, modal probability distributionscorrespondingo the content in
each panelithin the pixel layer These sensory representatiomsre thers e nt t o t he age

Current Situational Model (ovér | DAGvsent ral streamo) .

2Thef 6! @s overall ar chi fFigue88ofithe Agpendix andits ancoder &d decoder
network archigctures are summarizedhigure39 andFigure40, respectively.

2Thel -6 | &8s e metwodkésedrigure39in the Appendix)vas composed of four alternating convolutional
and max pooling layerg: o filters were used for atonvolutioral layers, with the number of filters per layer
varying fromo ¢o ¢ v.@
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Percepual Associative Memory Perceptual Associative Memofly AM) was implemented as
acontentaddressablactivation grapl{see Chapter 5This graph containegarnedyrounded

concept representatiof shapes in various orientatigrs well aseverabuilt-in feature

detectorsBuilt-in feature detectof$includediisamedii d i f f @lr.@fthn @ ameodalg ht 0
nodesandafeeling node that quantifiedl n a giecretrdsai ntyo (pdmlei ti ve val
Acert ai ntagctivated byd elasfigrassucture building codelédescribed later) based

on content in the Current Situational Model.

Learnedgementarygroundedconcept representatiofsee Chapter Sorresponding to
encounteredhapes were activatéide., received current activan) via their modal constituents
(i.e., grounding modal node§g.peci f i c al | ycurreat achivatidns lbased arldee 06 s
scaled®, cosine similariy betweerits associated sensory representation and those&bor
imagined sensory stimu(lin thePerceptual ScefeThis currentactivationcanthen spread from
modal nodes ttheir connected amodal nodesnlbdes receive sufficient activatioareference
to these node structures wadto the Current Situational Model (CS#).e., they were

instantiated into LI DAGS Workspace

Structure Building Codelets Several structure building codelets (SBCs) were implemented in
support of perception and mental simulation. These included a sentagsation SBC, a

simulator SBC, a classifier SBC, aadimekeeper SBC.

%' deally, the concepts of fsame, o fAdifferent,o fAleft, o
level of conceptual generalization is well beyond the currentimplant at i o n & As arespltasbructurée t i e s .
building codelets were used t edowndashofrom the Gurrent®ituationalt (i . e
Model).

25 A sigmoidal activation function (seigure43in the Appendix) was used to scale thessine similarities to
der i ve t hecummtdetivatiovaludse s 0
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The sensomntegration SBQcf. i mu | t Fbm ondd&B& ,gChapter Shound sensory
representatiolsg e ner at ed by Sensor ydtdeoordimaynganodaln c oder
nodes. The resiitig node structures were then integrated into the an Rezeptual Scedein
associatiorwith either the left or rightisualsensory scene elemen@onceptuallythis can be
viewed as linking amodal node structures hei r corresponding | ocati ol

field usingfiplace nodsd (Madl et al., 2016§°

Thesimulator SBCfor this agent was limited to fulfillingction-basedmental
simulationg(i.e., spontaneous/involuntary mental simulations were not implemek&enever
a behavior was selected for internal execution by Action Seledsaesult was mentally
simulatel (via thg -6 | %@nerative network) thePerceptual Scedes r i ght panel . I
particular, the simulator SBC located the grounding sensory represei(tatidal probability
distribution)for this node structure by iterating backwangr (referentia) adivationlinks in a
top-down fashionOnce located, the modal probability distribution was first passed through a
sampler which selected asinglep gdimensional latent vector from that probability distribution.
This latent representation was then paskesligh thé -6 ! %l€coder network to generate a
mental simulation of that scene eleméhtgure34 demonstrates the quality and variability of
simulations for several shape$he simulator SBC then integrated this node structure and its

associated mental simulation into herceptual Seee This operation was performed by adding

26 Even if bottomup perception resulted in the instantiation of a PAM node (i.e., the sensory dortenvisual
sensory scen@a s fir e c thepareat andivityial sensory representaticerestill associated with a unique

amodalnode that characteed that sensory experienddis suppodt he agent 6s ability to dif
multiple, identical objects in the same sensory s¢am®ng other thingsjThis operation corresponds to Step (3)
of the Amulti modal perChaptgrb) ondo process described in
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the node structure to thierceptual Scedes node | ayer in association

mental simulationwasaddt o t he vi sual sensory sceneds rigl

The classifier SBC monitored the nodglar o f tPéreeptumldSeend tites
sensory content in the left and right panels were associated with thelsapese(based on a
comparison of their associated sensory contémh the classifier SBC created s ame 0 node |
the Current Situatical Model which was theffinked tothe elementargroundedconcept
representationfor those shapes thePerceptual Scend he fAcertaintyo feelin
activated (given current activation), based on the scaled, cosine similarities between those

shapeds sensofy representations.

Finally, a timekeeper SBC was used in suppodabberation. In particular, ea¢ime
the agent executed an action to advance to the next set of shapes in the environment, it entered
into a deliberative mode of action selection.
immediately generated on advancing the environment toekteshape, and a deliberatitmer
was started by a timekeeper SBC. I'f the timer
the classifierSB@whi ch i s functioning as an (b ector f
Franklin et al., 2016, sec. on Volitional decision makintf)en the agent decided that the shapes
were different. Otherwise, the Aisameo node mi

instantiatean apprepriateovertbehaviorfor indicating that the shapesethe same.

Attention Codelets Two attention codelets were implemented. The first was a gemenadse,

activationbased attention codeletr ef erred t o as a fidefault atter

27 |deally, this operation would have been based on orienting behaviors and image introspection.
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2016, p. 118)This attention codelet sought content in the Current Situational IMdithethe
highest total activations. The second was a reconstruetirorbased attention codelet, that

sought content associated with mental simulations that had high reconstruction errors.

Procedural Memory and Action Selection Procedural Memory anélction Selection were
implemented based on an enhanced, LibA mpat i bl e version of Dresch
(see Chapter 6). Procedural Memory was initialized with it b a scleemegsee Chapter 6)

for each of t he aclpekwise and copnteiclotkwise rotationazodmingin s

and out, vertical and hori zoandiandita atnishn@tf dinfsf
shape)Fr om t hese, all other schemes were | earned
behavior determinain logic was simplified to a simple toggle: rotations, zooming, and

transl ations were externally executed in Apl a

Same/different shape actions were always externally executed.

Results

As | previously stated, thidesign was only partially implemented. Sensory Memory and
Perceptual Associated Memory were largely implemented, along with a classifier structure
building codelet and a simulator structure building codelet; however, these were never fully
integrated witlthe schemamechanisrbased Procedural Memory and Action Selection

implementations developed in ChapteCémplicating factors included:

(1) the lack of a generalization process combined with a missing comprehensive decay
strategy made learning too prolifichbe scalable,
(2) an unclear strategy for integratimgoming sensory stimuli with imagined sensory

stimuli,
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(3)thel i mi ted scalability of Procedur al Me mor yo

Each of these item®uald be addresseith the future but they require a prohibitive amount of

additional conceptual and computational work to be included in this manuscript.
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Figure33. Perceptual variance. Polyominos surrounded by blue bounding boxes depict the refe
image that other images are compared. The numbers above polyominos depict the cosine simi
of their corresponding sensory representationsi(i-9’/AE generatd modal probability distributions)

One interesting finding was that thenvolutional neural network (CNN) based
implementation of Sensory Memory is relatively sensitive to changes in the scale, rotation, and
position of objectg¢seeFigure33). For example, a rotation difference of 10 degreas
sufficienttodrog h at s h a pugehtsactivatod leeldvs theerceptual Associative

Memory PAM) instantiation theshold. That is, it would no longer be recognized as the same
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shape. Consequently, mental simulations (specifically, ab@sed mental transformations)

appear to berucialfor enaling this agent to perform its perceptual task.

In general, the -VAE basedsimulator SBCs worked well for this environment. Mental
simulations also exhibited tlexpectederceptibility(i.e., ability to be recognized by PAMNd
variability (seeFigure34). The activation of PAM using sensory representations also generally
worked well (sed-igure44in the Appendix)Furthermoremodal nodes (see Chapter 5) for
shapes that resembled one another received some degree of joint activation when those shapes
occurredn the Perceptual Scedidor examplenotice the joint activation®r shapes 3, 9, and
24 inFigure44in the AppendiX® This suggests that more sophisticated recognition tasks may

require gpartby-part inspectiorof similar objects to determine their identities

Simulation Quality and Variability

s =

IEI .!. C!I l!. ..& .‘.
IEI -il I!’ .il Is. IEI
ELOL L

originals simulations

ilu Isl 1+
Han

Figure34. Simulation quality and variability. Mental simulations were generated for learned sen
representations correspondingtofhe r i gi nal 6 i mages on the | e

28 Figure41 of the Appendix contains all polyomino shapes and their identifying numbers, for reference.
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As a final note,the-VAEOGs | atent space appears to have
Adi sent an gGhaptrere) thaugh (t sae @nly be used in a very limited way to
extrapolate beyond seen shapgagure45 shows the simulations corresponding to sensory
representations that lie on the same hyperplane as two reference shapes. Stepping between those
shapes on the hyperplane (i.e., interpolatioojked fairly welb i.e., the expected perturbations
(zooming, rotation, and translation) were apparent. However, the integrity of the shapes was
eventually compromised when moving further away from those points on a hyperplane (i.e.,

extrapolation).

Related Work

There have been several attempts at implementing mental imagery within cognitive architectures.

|l review two of these bel ow. Shislikeythaanly s ar c hi
other Global Workspace Theory (GWT) basednitive archtiecture that implements mental

simulations. Soar was chosen because it provides a nice counterpoint to the implementation

developed here.

Shanahanés Architecture

Shanahair2006)proposed drain-inspiredcognitive architecture that implememtsernal

simulations analogical representatiofida topographically organized maps of neujpasad

portions ofGlobal Workspace TheofsWT; Baars, 1988Shanahandés architectu
low-level, reactive behavioral system with agherlevel,predictives y st em t hat @Asi mul
action outcomes. These si mul aemotomes) caannd egluiicdiet

action selection.
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S h a n a Icteom slectioa is based on thigalience of is actions where possible
actionsare recommended hits low-level, reactivesystem. Ifone of tle recommendedctionsis
sufficiently salient, theit will be directly executed bits low-level system; otherwise, the
higherlevel predictivesystemwill intercept its executiosimulateits outcome If the predicted
outcomeproducesa sufficiently high affective respongée., emotional responsdhe salience of
its corresponding actiomay be sufficient foenough to be executed. If not, alternate actions will

be simulated until one hasfBoient saliencdor execution

Shanahandés architectur e -lased mpesnenyatioai mi | ar it

proposed hereSome of these are listed below:

1. It is based on th&lobal Workspace TheolfGWT) of consciousness.

2. It featuresnternal (nenta) simulations.

3. It usesanalogical (iconic) representations.

4. Itimplements affective appraisalsat can be used tvaluae the desirability of

simulatedoutcomes.

5. It has a lowlevel reactive systemthats r oughly anal ogous to L

System

6. It has ahigh-level predictive systenthat resemblethe iterative execution af | DA G s
internal behaviorsombined withperceptual cueintpr affective appraisals aheir

expectedesults

However, here are also many differenqasgeTable3).
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Table3.Compari son bet ween

Shanahanods Arc

Shanahands cognitive

LIDA

purely connectionisarchitecture, based on
Awei ghtl ess (Areksandel et al. e
2009)

learning issupervised e.g.,based on a
predefined training scrigBhanahan, 2006, p.
445)

utilizesanalogical, norsymbolic repreentations

single sensory modality (i.e., vision)

potential actions are recommended by a reacti
onlinesystend based on current sensory inputs

ie., Areal 06 inputs)

mental simulations aralways directly related to
current action possibilities (i.e., proximal
intentions)

does not distinguish between unconscious and
conscious mentaimulations

learning is based on direct associations betwee

neural areas, bypassing the global broadécast,
learning is largely (exclusively?) unconscious

Shanahanos

hybrid, neurosymbolicarchitecture

learning isunsupervised

utilizesanalogical, norsymbolic representations
andnortanalogical symbolic representations

multi-modal

potential actions (i.e., behaviors) are
recommended by aoffline cognitive system (via
Procedural Memory) based on an internal mod:
of the current situation that containsthfi r e a
and A vsensorywcantend

mental simulations can be arbitrarily detached
(spatially and tempor
immediate concerns

models preconscious, never conscious, and
conscious mental simulations

all learning in basedrothe global broadcasti.e.,
learning requires consciousness

a r c,butitiereatively lienited is theecbgnitiva phénomena

is can modelMental simulatiorcan be seen asminimal, predictive (offline) extension to a

reactive (online) behavioral cqrand this capability is only employed when the consequences of

its current actions lack sufficient salience (i.e., desirability).

particular, Shanah

implementation of rantal simulation igonfinedto the predictiorof action consequencesd

those predictions ar

e |l argely tetheredisto an
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current place andtimeAs such, Shanahands architecture hac:c
counterfactuals or to anticipate distal egentental simulations adistant placsor points in

time areimpossible. Moreover, Shanahan does not attempt to utilize mental imagery for

perceptual discrimination or creative tadksagery is solely used to assess the salience

(desirability) of actiorconsequences

S h a n a &wchitecéiwsehasa very basic internal environmenith a single sensory
modality, and it makesmattempt to integratéreald sensory content witfivirtualo sensory
content.ts implementations of lorterm memory (via a lorgem visual buffer) and learning
(based on a predefined script) are also very limitéd.i | e Shanahandés i nfor malt
features a gl obal br o a (1888)&lobaltWorkspacenaedry,aiorss pi r e d
not appear talistinguish betweennconsciouspreconscious, and never conscious

representations and mental simulations

The LIDA-based implementation developdtoughout this manuscript does not suffer
from these limitationsTherefore, it can be used to model a much larger s®stson of
cognitive phenomena t hat ,SDAasasdexceedirgly ar chi t ect

complicated, and its computationalplamentation igar from complete.

Soar

The Soar cognitive architectufieaird, 2012)has its roots in the early work of Allen Newetich
Herbert Simon, particularly the Logic Theoristewell & Simon, 1956and the General
Problem Solve(Ernst & Newell, 1969)Subsequent work by John LamddPaul Rosenbloom
expanded on these methods to creajergeralpurposecognitive architecture that is less

problem specific than itsredecessors.
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For much of its historySoarwas a purelysymboliccognitive architecturg-owever,
more recentlynonsymbolicproceseshave beemdded(Lathrop & Laird, 2007; Wintermute,
2012) Lai rd dermoresymbolie@moceSsg®gg., inental imagerygsico-symbolid
(Laird, 2012, p. 21)that is,they areprocesseshatmanipulatenon-symbolicrepresentationis
serviceofSo ar 60 s degsmtn@aking and reasoning algorithrifesg., meanends aalysis,

backward chaining, and operator subgoaling; see Laird, 2012)

Wintermute(2012)detailedS o a mastsecentimplementation ofmental imageryLike
Shanahanos awocklocusederciusivelyeonthe interinad simulation of action
consequencesvhi ch Wi ntermute ref er (Wandermute, 2043 p.8)si mul a
Wintermutewasalso primarily concerned with imagery for spatial tashsugh the same basic

design could be extended to other probamains.

Soarsupportsseveraimagery operations that afienctionallya nal ogous t o Koss
image generation and image transformataescribed earlier in this chapteltfhage generation
is implementedisingi me mor y angfi pr ediad ah gseepNintejmeate, 201 p.
12). Image transformatiois implementedisingspecialpurposecontinuous action controllers
(e.g., navigaon planners)These controllers oftesupportboththe executon and simulation of
actions(see Wintermute, 2012, p.12)Soar does not support functioc

image introspection or image maintenance.)

One Soar 6s i maaperateyandmmipulatehsiri@rsymbolic
representationsigh-level perceptionthenmaps themto symbolicrepresentations (e.g.,
predicates)Prior toWi n t e r (2012)impementation of mental imagery, there was no need

to distinguish betweefiow-levelo andfhigh-leveld perceptiorin Soar Environmental stimuli
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were transduced directly into symbolic representations, without intervenirgynaolic
representations. Afteniroducing mental imageryhere was a need to specify both {wwvel
and highlevel perceptual operatioms Soar Low-level perception transforms raw
environmental states (sensory stimuli) into symbolic representations. Higével perception
then traasforms norsymbolic representations into symbolic representationgHigeee 35, Left

Panel ). Soar 6s act i onlevelaukhigeleval acionsl ar |y spl it i

Figure35 containsa sideby-side comparison ddoar(left panel)and LIDA (right panel)
using thefunctional and representatiortakminology established by Wintermy@012) As this
diagramdemonstratesoth architecturesupportroughly comparabldunctional components
however theinteractionsbetween these componeatgoften quitedifferent Soar and LIDA
asouse different representational formats. Whe)
(symbolic/norsymbolic) and fully integrated (depicted™¥sfY), Soar 6s represent a

segregated into symboli¢&¥() or nonsymbolic {Y ) representation

To delve deeper intthesearchitecturaddl i f f er ences, Wi nter mut eds
designationsveremapped to theiclosestcorresponding LIDA modules and processesese
are depicted ifrigure36. Low-levelperceptioncorrespondto the activation ofow-level feature
detectors n L1 DAOs S eamdthesulyseqiveat menerations#nsory representatians
High-levelperceptioncorresponds téhe bottomup activation and cueing &ferceptual
Associative Memory (PAM)and the instantiation of any resulting percepts\w-level action
corresponds to the execution of motor plans by Action Executi@n, sending motor

commandstoanaget 6 s a And high-tevelacsion corresponds to thastantiation and
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selection of behavior@nstantiated schemeby L | D APéosedural Memory anéction

Selectionmodules, respectively

Soar LIDA
Soar Agent LIDA Agent
(= (r
R, Decision Ra/R¢ Decision ]
A\
1 v ‘

High-Level

High-Level

rHigh—Level] {High—Level

Perception Action Perception Action
| i f
R. Ra/Rc
1 !
Low-Level Low-Level Low-Level Low-Level
. . . R¢ .
|_Perception Action Perception Action
| —=
v
Environment | | Environment

Legend

D cognitive function
representations (concrete/abstract)

— interactions

Figure35.High-l evel comparison of Soar 0s andThéléftpanél«
shows Soar 6s i mpFige e from &Vinterouné20iz) s eTcheomr i ght pa
implementation in a similar style& andY denote fabstractodo and Aco
respectively. These ternase used byintermute(2012)instead of symbolic and nesymbolic
representations, though their usages appear to be functionally equivalent.

Decisioni s t he most chall enging functi-onal C 0 mj
making processes are more diffuse and subtl e
decisionprocesses likely correspond to the following components in LIDA: (1) preconscious
activity in LIDAG6s Current Si-termaénony madules ha d e | (

the creation of preconscious content by structure building codelets), (2) the attentional processes
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that operate on those preconscious representations (i.eticatteodelets, the competition in the

Gl obal

i nternal or

Wor kspace,

simulationbased offline cgnition.

and

external

LIDA Agent

f N
Kol Decisio

- T l J

( PM )
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[:] cognitive function
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Ricaj] representations (concrete/abstract)
— interactions
ACRONYMS:
AE = Action Execution
AS = Action Selection
GW = Global Workspace
PAM = Perceptual Associative Memory
PM = Procedural Memory
SBCs = Structure Building Codelets
SM = Sensory Memory

Figure36. Functional mapping of LIDA's module and processes for comparison with ezl

thatY andY st and

for

ffabstracto

by

-$ymlyolisrepitesemntdtions n d

respectively.Y 7Y stands for a hybrid representation that integrates both.

t

he

While some of the differences between LIDA and Soar are quite subtle, there are some

fundamendl differences between these architectures that manifest in their implementations of

mental imageryTable4 summarizes many of these differences.

29 Epistemic behavioré ¢ f .

emepiatti onso;

s e enighKinctudelinteallyweaeguted o |,

1994)

epistemic behaviors (e.g., image transformations) or externally executed epistemic behaviors (e.g., moving a chess
piece on the board to visualize that new position).
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Table4. Comparison between Soar and LIDA.

Soar LIDA
Decision processes are based on-balsed Decision processes are based on imagistic and
symbolic manipulation. perceptual processes that operate on hybrid

(symbolic/nonsymbolic) representations.

Imagery is auilt-in capability based on the Imagery is dearnedcapability based on the
execution of specigburpose continuous action internal (covert) execution of behaviors thare
controllers i n @i mage acquiredthrough theternaliationof external

(overt)actionconsequences.

Imagery isinitiated by the execution of higlevel Volitional mental imagery is based on the
(abstract) actions, but subsequent imagistic iterative, often multicyclic, execution of internal
operations (e.g., transformations) are fulfilled b' behaviors.

built-in continuous aion controllers.

Supports a single sensory modality (i.e., spatial Supports multimodal mental simulations

Imagery is based on purely negmbolic Imagery is based on hybrid (symbolic/ron
representations. symbolic) representations.

Supports the simulation of action consequence Supports the simulation of action consequence

(i .e., Asi mul ati ve i mandnonactionbased mental simulations (e.tpe
mental simulation of objects, events, situations,
etc.)

Imagery is optional. It is only needed when age Imagery is pervasive. Perception is continually

are faced with tasks that require highly detailed supported by mentaimulations. Conscious

representations. thought is largely imagistic.

| mageryds pri mary f un Imageryisa core function of simulatirased

(symbolic) representations with additional detai cognition. It supports offline cognition via
experiecebased predictions, image
transformations, and introspection (among othe
things).

As with Shanahandéds architecture, Soar i
engineering problems, whereas LIDA is more focused on cognitive modeling. As a resAlt, LID
can conceptually model more menrialageryrelated cognitive phenomettaan Soad e.g.,
spontaneous and intentional mental imagery, image inspection and image maintenance,

conscious vs. unconscious mental simulations, mubtal perception and simulation, etc. LIDA
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also models and implements how procedural and perceptual learniraytshppcapacity to
mentally simulate oneds action and their cons

imagistic operations to builb continuousaction controllers.

Perhaps th&argest difference between these architectures relates tovtbeis on the
role and importance of mental imagery in supporting offline cognitdintermute(2012)
contended that imagery is primarily needed to compensate for the informationahdgtere
between norsymbolic and symbolic representations. According to Wintermute, environments
must be internally represented at variable levels of @etalancing precision vs. abstraction
and he viewed imagery as the mechanism by which the more detgledentations are
manipulated. In contrast, the implementation of LIDA proposed here uses mental imagery as the
primary mechanism for generated new knowledge, ratherti@basedsymbolic
manipulations. Thought and decisioraking inthe LIDA implemenation developed heie
inherently imagistic and perceptual, not symbdhd, in this view, mental simulation is

foundational taffline cognition.

As a final note, supporting Asimulativeo m
architectural changes in &o Perception and action had to be split into eyl and lowlevel
components, and a completely new class of representations (i-symbolic representations)
needed to be s uppo morefdifeatBgdmmemantation af mentalL | DA O s

imagery was largely enabled by expandingxisting architectural components.

Discussion
Embodied, snulation-basedcognitiondepends on theoordinatedapplicationof imagistic and

perceptual processeb.h e s e @ e pi s (Fisherj 2006k eevaicandrske available,
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new knowledgey al |l owi ng i ndi vi du a(Msultan & Kasstyn, B8009) at e
Past events can be recreated, future events anticipatbcrrent eversaugmentd(e.g., based

on their most probableaases; Albright, 2012 heseepistemigprocessesperate both

consciously (mental imagery) and unconsciously (mental simulatiaipport of offline and

online cognition

Mental imagery is an exceedingly complex and rrfalteted cognitive ability,red many
of its aspects remain poorly understoddwever, a core theme has emerged throughout this
thesisis thatcognitive is not only in service of actighranklin, 1995; M. Wilson, 2, it is
substantiallyaction-based that is, cognitions action.Simulation-based reasoning,iBy and
large, aractiveprocess, based on the internal (covert) execution of behavlassnternal
execution of behaviors controls mygtiart image generation, image transformation, image

inspection, and modulates the attentional components of image maintenance.

The LIDA implementation presented hgneedict that mental imagerymental
simulation, and active percepti@nucially depends on consciously mediated, volitional, and
perhaps even automatized forms of action selection. Furthermore, mental imagery develops as a
skill, based on the internalization of environmeimédractionghat maifest through the

acquisition of procedural and perceptual knowledge.
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Chapter 8

Closing Remarks

Theories of mbodied, simulatiosbased cognitiosolvewhatPezzulo and Castelfrancgt#007)

called thesymbol detachment probleithese theorieexplain

(1) how representations and processes can be decoupled (temporally, spatially, or otherwise)
from a cognitive systemO6s i mmediate inputs
commands)and

(2) how thesdidetached representations and processes can retaingrminding,

intentionality, and embodiment.

ESHybridd the cognitive theorgevelopedhroughouthis manuscrig falls within this

tradition

Contributions

Like most cognitive theorie§S-Hybrid developed in response to specific shortcomings in its
predecessar(e.g., perceptual symbol systems; Barsalou, 1989articular, ESHybrid

attempts to provide anified account o€oncrete and abstract concept representagiod to be
more amenable to computational implentations and lowdevel conceptual mode(such as

those that were developed within the LIDA cognitive architegture

While ESHybrid modelshothgroundedandungroundectognition, it is by and largea
theory ofgroundedcognition.However rather than assuming that grounding apulsory
property ofmentalrepresentation&f. perceptual symbol system#)assumsthatgroundingis

a desirable property that needs taebtablished through experience and speculatiothis
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conceptiongrounding is not a singular event but, rather, the gradual acquisition of information
beari ng as s oc(in@ral a externagmvirohmeontBoené representatiodsn
particular, those created by predictive processes to represent hypothekinalyo referents

areinitially ungrounded. And yet, those representations are almost adwagtiallygroundecf?

A fundamental assumption of Bybrid is that cognitive systenmake extensive use of
amodal representatiofiise., symbolic representation3hese amodaymbolshave their closest
bi ol ogi cal an §b89)gosvergemce Poaes ansl theotéams d a | Ahubso tha
used in hukandspoke nodels. That is, they amoordinatingr e pr esent ati ons t hat
where information is located, without directly encoding that corftetucially, the use of
amodal representation®es not necessitate the usexyplicit, rule-basedsymbolic

manipulations.

According to E&Hybrid, all mental epresentationare besviewed as composite
modal/amodal structurek thisview, | am in agreement with Mich¢2021)who argued that
the modal/amodal dichotomy best viewed as a graded propértye., representational
structures can beharacterize@s points on a spectrum between purely modal and purely

amodal.

30While | did not discuss this possibility earlier in the manuscript, it is likely that representations could lose their
grounding for example, as a result of interference, decay, or damage to the nervous Shstesfore, grounding
may be an impermanent propertyrepresentations that must be actively maintained.

3Compar e t hinso dwailt hc ofincjruonscst i(®CGRs; Biedpry2816enndt afit ci oonmpsroe s sed mul
repr es e(Bdrsaloui 20¥6anbich do encode modal information.
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In addition to developing new hybrid theory of embodied, simulatioased cognition
this work made numerous contributions to the LIDA cognitive architedieay of theseare

listed inTableb.

Table5. Contributions to the LIDA cognitive architecture.

Contribution Chapter
multimodal perception 5
multimodal perceptual learning 5
sensory representations 5
grounded concept representations 5
multimodal mentasimulation 5
simulationbased attention 5
cognitive fiobjectch
finstructionisb pr ocedur al 6
6
6
6
7
7
7
7

O©CoOoO~NOOUTh,WN R

motor cognition

behavior streams

action selectio® internal vs. external
mental imagery image generation
mental imagerp image transformation
mental imagery image inspection
mental imager® image maintenance

e
= O

el
a b~ wbdN

Onestrength ofmy implementatioris thatit did not requireany majormodificationsto
LI DA6s conceptual model . | added no afeew modul
modificationsé X p a n s i 0 n gxisting moduleb, Arocesses, andresentatical system

The most significanipdatesncluded

(1) subtypingnodes intanodalandamodalnodes(see Chapter 5)
(2) subtypingactivation links intaeferentialandnon-referentiallinks (see Chapter )
(3) adding new structure building codelets (e.g., simulator and multirtdoiding

SBCs see Chapter)s
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(4) adding new attention codelets (e.gcamstructionloss attention codelets; see
Chapter 5)and
(5) updating Action Selectioto support thegeneraljnternal(covert)execution of

behaviors (see Chapter.6)

These minor alterations are especially striking when comparedvatta imglesnentation of
Asi mul at i ve o(Wntermtteg 2012)whichgesultegt ina major overhaul of its
perception and actiomodules into newhigh-level and lowlevel module$, new
representaticdlf or mat s (i . esymbolit Eepreseantatons)e new praresses to
manipulate them (i.e., continucastion controllers), and new modes of action execution (i.e.,

Afexecuti ofi madeoy vshodeo) .

Another strength of mymplementation is that it is largebased onwell-developed and
welllanal y zthess hfed fffo t echni ques Ti-WAEsn@ondequendy, | ear ni n
thereis a large community of researchers, developers, and spec@ise tools that facilitate
their useln general, the computational techniques used here were chosen because they were
relatively wellunderstood and met the minimum requirements demanded-blyE&l and
LIDA. As more efficienbr appropriateomputational implementatiose identifed, they can

and shouldeplace the implementations used here.

Related Work
Embodied, snulation-based cognitiofES) has rarely been attemptedaognitive architecture.
S h a n a (2G6)drchitecture imrguablythe closesto an ES cognitive architecturésee

Chapter 7)Othercogniive architecturéncludeaspects omental simulation or mentahagery
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(e.g., see Chella et al., 1997; Rosenbloom et al., 2016; Wintermute, RB0tl®)eyalso depend

onsynbolic offline reasoning systems; therefore, they aree@basedcognitivesystems

There have been numerous attempts at implemepgrigonsof a perceptual symbol
system(PSS; Barsalou, 1999)ithin software; howevefew havetried to systematically build a
PSS from the ground upased on first principle®.g., perceptual symbols and simulators)
Many implementationattempt to address topics of high theoretical interest, such as abstract

concepts and language, without afiirmimmphe nt ati on of PSSO6s basic co

Arguably the best example wasyceet al6 €003)attempt to create a PSS starting from
basicfoundational components (e.g., perceptual symbols). Fhplemented a connectionist,
computational model based on a reeat neural network architectufgee Chapter 2hat they
call the Connectionist Perceptual Symbol System Network (CPSSN), and they applied it to
labelled video sequences. The authors claimed that CPSSN is a mechanism for implementing
perceptual symbolgs nd t hat it contains fAcategorical i nf
e v ent / eThd nstwodkalsothas some rudimentary simulation like capabilities.
Unfortunately their analysis makes no mention of concept representasiomglators frames, or
simulationbased cognitive processem it is difficult to assedbe future prospects this
approach. Moreoverhel -VAE basedmplementation of sensory representations and
elementary grounded conceptesented in Chapter 5pseferable in almost every wégr
implemented generative, modal representations. The primary advantage the CPSSN has over the
I -VAE used here is that it captures a temporal dimension; however, that could easily be

addressed by using a differérdVAE architecture (e.g., a recurréntVAE architecture).
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As another exampl®erlovsky and lllin (2012) argued that computational accounts of
PSS require new mat hematical frameworks that
intelligence, pattern r ecotheyiproposetheuswof connect
Dynamic Logic (DL) for that purpose. They experimentally show that DL can implement
object/situation representations and recognition and may be capable of supporting multiple

modal i ties; however, t heonganhRtSacchighlyspeculaive.t we e n

Finally, Stramandinoli et a({2011)attempted to develop a mechanism for learning
abstract concepts through sensorimotor experiences using a huifi@nbidobot. This work
built on priorwork by Cangelosi and Rig&006)by extendingtsi hi gher or der grour
phaseso to include mor e ab sphasetberobat Rarnedkasets . I n
of action primitives (e.g., PUSH, PULL, GRASP, STOP, and RELEASE) by observing and
imitating a teacher along with their corresponding linguistic labels. In the first Fogtier
grounding phase, linguistic descriptions tbamtained multiple action primitives were presented
totherobot,suchdak EEP [ i s] GRA §SRranjaadmali pt al$S200Ppo47@)nd
in the last higheorder grounding phase, meaning was transferred to abstract fmept
exampleR ACCEPT [ 1 s] KEEP [ a (Stagmang8inoli dt &., 2D14,p.d4T1l) STOPO
Unfortunately, this work suffers from several issues. First, what is learned seems to be a form of
analogical reasoning rathérain the generalization of sensorimotor experiences into abstract
concepts. Second, the control structures implemented for the iCub do not seem to be based on
any of the fundamental components of a perceptual symbol system (e.g., perceptual symbols and
simuators). Finally,| am skeptical that tleecombinations o&ctionprimitives (e.g., keep,

smile, and stop) adequately capture the meanings of more abstract words (e.g., accept).
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Leavingimplementations gberceptual symbol systems beharttl looking to the
broader embodied, simulatidrased cognition (ES) literature, Barsalou e{2008)proposed
the Language and Situated Simulation (LASS) cognitive theory. This theory suggests that
multiple systems support conceptual representation and processing. They focus on linguistic and
simulationbased systemshough they allowor other systems, such as those based on
distributional semantics (see ChapterRh ey ar gued that fAdeepod conce
simulation, while the processing of linguistic systems tendsiy supporsuperficial
conceptualizationHowever depending on the type of task an individual is performing, one

system may dominate the other in conceptual processing.

LASS i s very g1986/199@dual codngtheay(DCT)onmnish proposes
that cognitive systems acemposed of two specialized subsystems for handling verbal and
nonverbal information. Each subsystem is structurally and functionally distinct, allowing it to
operate independently; however, they are also functionally interconnected, allowing activity in

one system to initiate activity in the other.

The verbal subsystem is responsible for the perceptual and motor activities associated
with verbal and written language. The nonverbal subsystem is responsible for handling the
Asensory pr opdrattiiesn sofanmomigngsh,enr, and their be
1990), and is inherently Aimagistico (that is
subsystems are further divided into modasipecific components, which can process
informaton separately (unimodal representations), or integrated together (multimodal
representations), depending on the needs of a task. There are no mediatingagyst&in)

representations that coordinate communication between the verbal and nonverbal. system
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The mental representations within each subsystem are referrelbgmgengverbal)
andimagenyf nonverbal ). Logogens are fAisequential st
phonemes (or letters) to syllables, conventional words, fixed phrases, idemtexces, and
longer discourseundsanyt hi ng | earned and remembered as :
|l magens are representations of HAnatural objec
objectso from whi ch rmBetmlbgagens anchinggerscaalbbee gener at
mul ti modal and hierarchical. Paivio notes tha
They are directly &édmeaningfuldéd only in that t
involved in the original formatin of the corresponding logogeér(®aivio, 2014, pp. 146.47).
In contrast,inagensare intrinsically meaningful and when t heymagimae acti va

memory traces resemble the per(Pavio,2@d p.d4Y) ect s

Referentiaconnectiongcf. ESHy br i d6s r e f e rbetwden sygskemsatiown e ct i «
crosssystem activation and provide a mechanism f
i mages that represent wor-logbgekandinmdinagege o ( Pai vi
associative connectiorfsf. ESHY b r i dréferenttaloconnectionsyithin each subsystem

provide additional relational/contextual information about representational units.

DCT assumes that all ment al representation
affectivedo experience and that those represen
characteristics so that representational structures and processes are maddiityrafher than
a mo d(Rdivid, 1986/1990, p. 55urthermore DCTdés ment al representat
compl et el y ab s {spedficity of logodehs and magks dxdlutleg abstract mental

represatations such as propositions. Thus the functional domains associated with stimulus
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meaning and cognitive abilities are conceptualized entirely in terms of modality specific

| ogogens a(Raio,i20h4, g. 446)s O

Barsalou et ali2008)contend thatwvhile LASS is similar to DCT, it places less emphasis
on its linguistic systerand more emhasis on its simulation systgBarsalou et al., 2008, p.
253). ES-Hybrid diverges even further from DC3ince ESHybrid uses coordinating amodal
representations, and it allows for completely
difference between EBybrid and DCT &nd LASS) is that its hybrid (modal/amodal)
representations are processed Byngle systemather than multiple, complementary, special
purpose systemdlever t hel ess, DCTO6s referential and as

ESHy br i d 0 sl amdedrreferentmk associations.

Finally, Louwersg2018)detaileda funifying accour of symbolic and embodied
cognition that combines the meaning derived from perceptual experiencdésenitieaning
derived from linguistic contexts (e.g., distributional semantics; see Cigpltis theoryis
basedinparton i deas f {A9WAN MDieercarmnd® which is based, gnriusnpon

P e i rsendodics (se€hapter 2)

Deacon proposeithat language processing could be explained wsimgrarchy of
iconic, indexical, and symbolic processesereindexical associatiorsan be used to give
symbolic relationships meaning/ordsderive their meaning through iexiical relationshipshat
are grounded in iconic relationships. Furthermore, Deacon argued that not all symbols need to be
grounded in perceptual experience, but can, instead, get their meanings exclusively through

indexical relationships witbther symbd (cf. distributional semanti¢hapter 2

260



A critical aspect of Louwerseb6s theory 1is
both rely on the same underlying mechanisms. Specifically, he stated that both rely on indexical
rel ati on s, tofivbiahtbsttadt @d @mxctete cohcept words rely on language statistics

or perceptual (kouwerse, 2008, m384) di f fer so

While ESHybrid does not make any explicit claims about language processing or the use
of distributional semantics,its not i n o p p o &018)ideasn EStybrid hlsbu wer s e 0
suggests that indexical associations are important for the derivation of meaning, but rather than
using them as the basis for contextual statistics, it suggesisditatsare used to drive
grounding through active ploration and speculatioiihat is,indicesprovide clues to where to
search for grounded meanirighuwerse also acknowledges that symbols can be ungrounded,
and that abstract concepts are ungroundalolewerse, 2018, p. 584yhich is consistent with

ESHybridbs account .(see Chapter 3)

Directions for Future Work

A conscious decision was made at the onset oktidgeavoto favor breadth over depthly

objective was nobnly to addsupport formental imagery and mental simulationLIDA, but to

show how embodied, simulatidrased cognition could be used dardamentabrganizing

principle within LIDA. As such, aoherent and relativelyomprehensivé mil ce vtleebrétical
pictureseemed prefrable to aletailed treatment of some specific cognifivecess

Consequently, there are more open issues, and opportunities for future work, than | could hope to

enumerate here. Nevertheless, | will highlight a iemediatedirections for further reseeh.
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Referential and NorReferential Associations

The theory of grounding presented here depends on the establigtiireferential
associations ( s e e .Refargntiakassocktjons establghrespondenebased
relationships between representations anul teé&erentswhereas nomeferential associations
broadly encompass all other typesasfociationge.g.,causaljndexical analogical, and
relationa). Whethematuralmindslearn how to represent these asmtions through experience,

or whether they arnaterepresentational capabilities is a topic that needs to be explored.

As acomputationakimplification, one could assume thahate,cognitive processes
existfor implementingtheseassociativeelationshipsandthis has beem tacit simplificatiorthat
| haveemployed throughout thimanuscripti t h L1 DA6s structure build
this functior). However, this iclearlyan oversimplificationMany non-referentialassocations
appear tdegrounded concepia their own right(e.g.,spatial and temporal relationships)
Thereforethey should have their own grounding sensorimotor representaiathshey should
be simulatableReferential associations, on the other hamaly bemore fundamentahnd
perhapdifferentin-kind, from nonreferential association€onsequentlyit is possible that the

cognitiveprocessethat support the creation of referential associatevasecessarily innate.

Abstract Thought

A basicassumptiorof the theory developed here is thétine cognition is based on imagistic
and perceptual procesgenot explicit,rule-based, symbolic manipulatioriBhis is not a denial
of the existence of abstract thought, but rather a beliefibatame cognitive processes involved

in simulationbased offline cognition cdme used toealize more abstrgcand algorithmic,
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modes of reasoningubstantiating this beli@omputationallyshould be a priority of future

research.

Analogical/metaphor@ thought(Lakoff & Jomson, 1980/2008} clearly part of the

solution. It is undoubtedly true that individuals often think about abstract concepts using deep or

shall ow metaphors with concrete concepts (At

whole picture. Prely abstract thought (e.g., pure mathematics and formal symbolic logic) exists.

What form does simulatiebased thought take when modal simulations are impossible?

One intriguing possibilityis hat abstract thought may rely,

modal simulation where thenode structurefor ungrounded representatiocen be deployed in
service of offline cognition. The mechanisms for these degenerate simulations may be largely
identical to those used for fullown modal simulations, but the tojown activationof concept
representationduring simulatiomecessarilyerminate before reaching modal content. Such
amodal mental simulatiorare not only possible, but the LIDBased implementation developed
here essentially predicts their existence. &@mple, many of the imagistic (epistemic)
operations described in Chapter 7 will continue to function in the absence loibfut
simulationsln particular, internal (covert) actionsuldbe used to volitionally control the
introduction of amodalrepe s ent at i ons i nt o LI DMAceint@duced, e nt
nonreferential associations betwetliatamodal representatiand other representations in
long-term memorycould be used to cue losigrm memory and activate oth&tuationally

relevant representational structures.
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Contextand Contextual Semantics

Mental simulatios arecontextsensitive(Barsalou, 2003, 2016lahd mntextcan be

instrumentain determining theneaning of thing¢e.g., distributional seantics; Baroni &

Lenci, 2010; Erk, 2012; Landauer & Dumais, 1997; Lenci, 2008; Lund & Burgess,. 1996)

Moreover, symbolic and nesymbolic representations are often ambiguous in the absence of
context.For example, the Englistordii c h ai r 0 anabjectroreafpersph h ® wor d A gi !
means something quite different in German than in Englisti specifiobjects (e.g., t@o

mugs at a coffee shop), events (e.g., commutes to work), and locations (e.g., parking spaces in a
parking lot)are often tosimilar todesignatdas a specificnstancewithout accompanying

context(see Chapter 3, Designation and Disambiguation)

Of particular interestio the present woris determininghow physical and situational
contexts can be encodadingconceptual representations, and how this encoded context can
guide ancconstrainactive perceptioand conceptual learninRecall that aentralcomponenbf
the theory presented here is thmdtially ungroundedepresentations are often generated by top
down, predictive processebhese ungrounded (amodal) representations areafierentially
associateavith grounded hoda) representations that serve as contextual ¢hresontextual
cues; Chun & Jiang, 1998) the identity othoseunknown refererst These contextual clues can
guide the selection of groundingistemicactions And, in general, | view contextual semantics
as a means of facilitating grounding and extirey the most information from each grounded

representation.

The mechanisms by which physical and situation context is represented, and its influence

on various cognitive processes (e.g., perception, simulation, and action selection) need to be
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explored.Furthermore, developing these theoretical elements is a prerequisite for modeling
episodes and episodic memory systems, which are currently unspecifiedHybE® and its

LIDA implementations.

ConceptualGeneralization

The currentmplementation lacks a mechanism for generalizing from elementary concept
representations tmore abstract representations (e.g., for objects and categories of objects).

El ementary grounded concept @M¥@Qiconicent ati ons f
representatiosy and an additional generalization process is needed to learn the equivalent of

Ha r n @@B0)categorical rpresentations.

Recall from Chapter 2 th&tonic representatiorare nonasymbolic epresentations that
encodehedistinctivefeaturesof concept instances, whitategorical representatioagenon
symbolic representatiortbatcapture thig most importantnvariant feature$ i.e.,the relative
weightingof features based on theimportancein determining category membershifor
example, color may be irrelevant for determining that an object is a chair but highly relevant for
determining that a banana is ripeonic representatiorsipport thaliscriminaton between
sensory inputswhile categorical representatiosigpport the identification afategories (i.e.,
types) from category instances (i.e., tokeBs)pporting categorical representations in LIDA
may require the addition of weightsreferential actiation linksand the development of a new

learning rule for updating those weights.
ES( U A O Pradictibns
All theorie® cognitive or otherwis@ should make testable predictions. While | have no

experience in experimental psychojog seems reasonablegappose that the phenomena of
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eventual grounding may be testable (e.g., using neuroimaging). This may largely involve
comparing the patterns of neural activation that occur when subjects first infer the existence of
an unknown referent (e.g., when they fr® presented a novel word form) to later patterns of
activation that occur once grounding is established (e.g., when subjects are shown a depiction of
that thing). The largest confounding factor would be the presence aéferential (indexical)

modd representations, which need to be separated from the referential (grounding) modal
representations. Using separate sensory modalities for each may be one solution to this issue.

Automatized internal behaviors (see Chapter 7) may be another testabitiqgmedi
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Appendix

Representational Properties

This sectiorreviews and attempts to analyze representatigpnaperties thaare referenced
throughout this manuscript. Many of these waseribedby Barsalou (and others) to describe the
flavor of nonsymbolicrepresentationgsed in perceptual symbol syste(Bsrsalou, 1999and

other conceptualizations of grounded cognition.

Modal

Barsalou1999)st at ed, fithe divergence between cognitdi
widespread assumption that cognitive representations are inherently nonperceptual, or what | will
callamodab (Barsalou, 1999, p. 57.7n contrast, Barsalou definenbdal representationas

beingir epresented in the same prycdwamsBasEHbug me per
1999, p. 578) aperdepthial statésas beingcomposed fronthe patterns of activation

occurring in sensory and motor systems during perception and action.

Barsalouargued that partial and attenuated versions of these perceptual states
(comprising only their most salient featureshuld be learned into loAgrm memoryfrom
conscious experiences. Once learrkedy could be recalled from lorgerm memory and
function aggroundedeferents to entities, objects, and situations, allowing one to think about
them in their absence (i.e., during offline cognitive activitieg) réferred to these-enacted

perceptual states as modal (or perceptual) syris#sFigure37, Left Panel). This modal or

!1Barsalouds characterization of these mintditwé, astheyareesent at
not symbolic in the Peircian sen@ee Peirce, 1861893/1992, pp. 22228). | will try to avoid this terminology
whenever possible, using the term modal (or perceptual) representations instead.
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perceptual account of cognition contrasts with traditional amodal epaeptual accounts,
which typically suggest that perceptual states are first transdueedr{@pped) into symbolic
descriptions of those states, and it is those symbolic representations that support offline cognitive

processes (sddgure37, RightPanel).

Perceptual Analogue Modal Perceptual Arbitrary Amaodal
States Symhbols States Symbols

Memory

Transduction

((CHAIR=C1)

(back=b1)
(seat=s1)
(egs=11))

Extraction

Language

Reference Reference

Thought

Neural Activation Images, Neural Activation Feature Lists,
(Gonscious Experience) Image Schemas, (Conscious Experience) Semantic Networks,
Perceptual Symbols Frames, Schemata,
Predicate Calculus Sentences
Modal Representations Amodal Representations

Figure37. Conceptual depictions of modal and amodal representations. In both acperoeptual
statesarise from the activity in sensory and motor systems during perception and action. Accordit
modal account (Left Panel), the most salient aspects of these perceptual seateacesto form mods
representations. These can later serve as dealreferents to objects, entities, or situations during ¢
cognition. According to the traditional amodal account (Right Panel), perceptual statasstaced
into amodal (nofperceptual) representations. These are manipulated usiFigasdd syrnolic
operations during offline cognition to generate new knowledgeasrdapped back to perceptual sta
(using conventional associations) to establish their refer@idgires reproduced, without modificatior
from Barsalou, 1999.)

The adjective fAimodal 6 that characterizes
these representations originatamndalityspecificsensory and motor systems. Pria@04)
argued that the modaligpecific nature of modal representations suggests that they may employ
many disparate representational schemes that are proprietary to each modality. For example, he
argued that visual and auditory sensory representations aredifelgnt in kind He argued this
on the grounds that (1) sensory modalities have distinctartpat may require different kinds of
information processing, (2) sensory modalities are relatively independent of one another, (3) the
phenomenal character of cognitive content originating in different sensory modalities is different

(e.g., auditory, visal, and tactile sensations correspond to qualitatively different subjective
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experiences), and (4) it is more fipredictive
timing effects in mental imagery tasks) to assume that sensory modalities eliffigiant
representational formatéSee Prinz, 2004, Chapter 5 for a more detailed treatment of these

arguments)

This modalspecificity has led some to conclude that modal representations must respond
to (be activated by) one, and only one, class of inputs. According to this view, representations
capable of responding to inputs from multiple sensory or motor mesaditeamodalby
definition (e.g., see Dove, 2009; Machery, 2016; Reilly et al., 2@B#&)salou2016a)disagreed.
|l nstead, he contended that #d@Amulti modal abstra

from multiple modalities while retaining the character of exemplars from indilvidodalities.

He gives two possible implementations. The first is basedassmodal conjunctive
representation§CCRs; see Binder, 2016)hat st ore the Astatisticall
from category exemplatsThe second is multiodal compressed representatioresulting from
the transformation of fAexemplar information t
and s o(Bdrsalout 2006@, p. 1133Barsalou included neural network models that use
dimensonal transformations to represent knowledge (e.g., autoencode@haeter 5)n this

latter group. Barsalo(2016a)characterized these multimodal compressioma@dalbecause

2While Barsalou(2016a)does not mention it explicitly, these cpmessed multimodal abstractionsuld also be
needed fosinglemultimodalexperiences (i.e., one exemplar) to bind together activity from multiple modalities. |
will argue | ater that the use of medi totasimpler amodal

repr
i mpl ementation that i s sstpielcli fdams ipsgtogretrtwi.th this fAmod:
3 Barsalou(2016a)suggested thahis could be accomplished usifignu | t i mo d a | tlaonigipt existdins | on s 0
convergence zongéDamasio, 1989in brains.
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they contain information about modak$pecific exemplars, allowing them tetain their

modality-specific characteristics.

In summary, while modadpecificity implies that modal representations are responsive to
inputs from a given modality, it does not rule out their responsivity to multiple modalities.
However, since amodal reggentations may also be responsive to multiple modalitiest
responsivity cannot be used to differentiate modal from amodal representdiomesuseful, in
my opinion, is the view that modapecificity simply implies that the activity in sensory and
motor areas isonstitutiveof modal representation8s Barsaloy1999)stated, modal
representations are formed from a subset of the sensadfyranotor activity corresponding to

conscious experiences.

Therefore, | contend that modal representations are modaltgific because they are
necessaril}composed from the activity originating in sensory and/or motor systems. This
criterion permitghe inclusion of activity from oner moresensory and motor modalities.
Representations that are not composed from sensory and/or motor patterns of activation are
therefore amodal. Note that | am not claimingghé#iciencyof this condition for declaripa
representation modal. It is theoretically possible for an amodal representation to be partially
composed of modalitgpecific content while violating other necessary conditions of modal

representation@s outlined by Barsalou and others)
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Analogical

Barsalou(1999)stated that being modal implies that a representation isuaddogical He

defined this as a partial structural correspondebetveen a modal representation and the

perceptual states that produce(kée Barsalou, 1999, p. 578)nterpret this to loosely imply

t hatesemblafioe exi sts between modal ingsensoeygrelnt at i on.
motor states that allows them to retaome of the propertigsplicit in those perceptual states.

In other words, modal representations meeessarilynon-symbolic and more specifically, they

areiconic epresentations in Pei2rcebs terminology (

Kugele and Frankliii2020b)further suggested that analogical representations must be
capable of serving as Apr oxi esitybetweeenytwoel i abl y
perceptual stateMore specifically two analogical representations should be judged sinblar (
an agentos per cept uthekaligmnaymodutatedaiwatjon patternaohtdeir o n | y
correspondingerceptual states arerslar. Critically, this propertyenables a modal cognitive
system tadiscriminak (see Harnad, 1990, sec. 3bBtween patterns of sensory and motor
activity based on their correspondimgpdal representationslotice that analogical
representations thus concei v éadnicepresentatonsst r ong
which he defined as fAanalogs of the proxi mal
(Harnad, 1990, p. 335Furthermore, contextualized abstractions over these analogical

representations could generate more general and invariant analogical representations that

4 Onesubtletythat bears mentioning is that Bama{1999)is not claiming with this property that a correspondence
exists betwen modal representatioasdtheir worldly referentsHe is only asserting that a structural
correspondence must exist between modal representatidtiseir originating perceptual statgge., sensory and
motor activity). Specifically, he mentioned thhe structure of perceptual symbols may correspond to the physical
world in some cases, but not in othéee Barsalou, 1999, n..1)
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correspond r o oategolical representhBor(sh alsbdossmodal conjunctive

representationsliscussed earlier).

One remaining question is: fAAre there amod

property F2006)dairoed they gan, stating

[there is a] large body of behavioral and neuropsychological evidence that

humans have in fae@modal, analogic representations of the approximate
cardinality of chsseof entitest obj ect s, sounds, events)é Ad
some extent, babies are able to estimate the approximate cardinality of classes of

objects and to compare classes according to their cardinality, suggesting that they
represent the approxant e car dinal ity of c¢classesé. Alth
models of these representations, these models concur in regarding the

representations of cardinality asmodalandanalogic (Machery, 2006, p. 406)

FurthermorePrinz (2004)argued that if there wereflhanguage of Thougbt(see Fodor, 1975,
2008)it could (at leastheoretically exhibit an isomorphic relationship to the things it represents
(see Prinz, 2004, p. 11Berhaps these amodal representations could be described as having the
analogical propertyRather than further engage in this controversy Hevéd| simply assumen

this manuscripthat analogical, amodal repeggations could exist.

Grounded
Barsal ou stated that whindtoesystemsentarto coscegualout si d
knowledge, perceptual symbabvays] e mphasi s added] remain groun:

(Barsalou, 1999, p. 583Jherefore, according to Barsalou, modal representatiomeaessalty
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grounded. But what does fAgr oun-dymomoicandmean i n t
perceptual account of cognition? And what is its relationship with the intentionality (i.e., the

Aaboutnesso) of a representation, and its int

A brief tour of the literature shows a multitude of, often contradictory, opinions and
assumptions about grounding. For example, Harnad argued, with respect to his hybrid

(symbolic/norsymbolic) architecture, that

[slymbolic representations must geunded bottorup in nonsymbolic representations
[emphasis added] of two kinds: (itpnic representationswvhich are analogs of the
proximal sensory projections of distal objects and events, amat@jorical
representationswhich are learned and innate feature clets that pick out the invariant
features of object and event categories from their sensory proje¢ti@mead, 1990, p.

335)

For Harnad, establishing groundingeiguivalent o est abl i shing a symbol i
Al ntrinsic mean(seefarnad 1990, sea 2EurtheérmmoneaHalnad yargued

that nonsymbolic representations lack intrinsic meaning. He stated,

[ijlconicr epr esentati ons no more fimeano the obje
than the image in a camera does. Both icons and camera images can of course be

interpreted as meaning or standing for something, but the interpretation would clearly be
derivativer at her than intrinsicé. Nor can catego
as fAmeaningo anythingeé. [they] do not have

They are just an inert taxonon(ydarnad, 1990, p. 343)
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Since Harna@1990)equated grounding with intentionality (i.e., intrinsic meaning), and
he considered nesymbolic representations meaningless, does that imply that he considered
nonsymbol i c representati ons ikety, thowgh district groundedn d e d 0 °
or ungrounded representational dichotomy would compel him to accept this designation. Instead,
Harnad might argue that the term simply does not apply in @yrbolic context, or that nen
symbolic representations are partoit he ground. 06 Support for thi

Harnadds statements regarding his iconic and

[t]here is no problem about [iconic and categorical representations] connection to the
objects they pick out: It is a pely causal connection, based on the relation between
distal objects, proximal sensory projections and the acquired internal changes that result

from a history of behavioral interactions with thgidarnad, 1990, p. 343)

Therefore, Harnad is not suggesting a disconnect between thesgmbalic representations

and their world referents, only thiiese causal connections are insufficient for intrinsic

meaning.
Now that | have summari zed Harnadés positdi
lookatanor epr esentational account . Recall Br ookso@é

Chapter 2), which entailed building systems thaigaoeinded in the physicalorld. Brooks

stated,

[a]ccepting the physical grounding hypothesis as a basis for research entails building
systems in dottom up manngemphasis added]. High level abstractions have to be

made concrete. The constructed system eventually has to ealbresgoals and desires
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as physical action, andust extract all its knowledge from physical senfemgphasis
added] é. The -fewlintesfaces havetcbnsequerceas which ripple through

the entire systen{Brooks, 1990, p. 5)

For Brooks, this principle manifested itself in the building of intelligent systems whose

(re)actions were directlglugged into their sensory inputs without intervening representations

That said, he was not arguing that grounded systems are necessargprasentational, only

that Ait i s necessary t o inhthephgsicil wandemptasis r epr es e

a d d gRBrdoks, 1990, p. 5Physical grounding, according to Brooks, requires connecting a

systemtotheworldvi a a set of sensors and actuators. H
and output[s] are no |l onger of interest, o0 as

Finally, | et me circle back and comgl ete m
RecallthaBar sal oubés modal representat itgpessfnofri . e. , t
symbolic representations per Peirceds semioti

or modal)isymbolso Furthermore, Barsalou stated thaidal representations ageoundedn

sensory and motor systerm@tnons y mb ol i ¢ representations (1li ke
and not the physical world (like Brooksdés phy
an implementation, Barsal gave the example ofsharedassociativd neur al ) net wor k:
sameassociative network represents information in both perception and cognition, it grounds
knowl edge i(Barsplar1898,pt5719%9 n;m ot her wor ds, Barsal o
groundingis focused on eliminating potential disconnects between perception and cognition

through representational (e.g., neural) relibat said, Barsalou does not deny the existence of
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other grounding mechanisms and grounding contexts, such as physical, sddialdian

grounding(Barsalou2020, sec. 1.1)

Unlike Harnad, Barsalou distinguishes between grounding and intentionality. For
example, he stated that (1) the content of a representation does not specify its intentionality, (2)
the degree to which a representation resembles iten¢fis neither sufficient nor necessary for
establishing reference, and (3) factors exter
role in establishing its intentionalifgee Barsalou, 1999, p. 59Bjiven that modal
representations are always grounded, initially ciiareed only by their content, and that
content alone does not fully specify a representations intentionality, it follows that, according to
Barsalou, modal representations can be grounded, yet lack intrinsic meaning. That is,
intentionality mustbe distmt f r om grounding in Barsaloub6s th
that modal representations have an advantage over symbolic representastabklishing their
intentionality, agheir content caheuristicallyassist in establishing referensee Baralou,

1999, sec. 3.2.8)

It is remarkable that in the three accounts of grounding described above nearly everything

about the specifics of these accounts differ. Let us review.

What is being ground?

1 symbolic representations (Harnad)
1 nonsymbolic represgtations (Barsalou)

1 intelligent systems (Brooks)

What are they grounded in?
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1 two kinds of norsymbolic representations (Harnad)
1 sensory and motor systems (Barsalou)

1 the physical world (Brooks)

Furthermore, they all embrace different notions of the relationship between grounding and
intentionality. Harnaq1990)suggested an equivalence between grounding and intentionality.
Barsalou(1999)argued that they were distinct. And Brooks seems to have dismissed the

problem. The one commonality thatall of these researchers explicitly state or imply that

grounding requirebottomup constructiorof representations and systemich | disagee

withde. g., fAeventual groundingo (see Chapter 3)

concept or concept instance prior to its grounding.

How do we reconcile these differences? My contention is that the only way to unify these
accounts is totart by separating intentionality from grounding as Barsalou dag®rding to

the Stanford Encyclopedia of Philosophy, intentionality is defined as

the power of minds and mental states to be about, to represent, or to stand for, things,
propertiesandatt es of affairs. To say of an indivi
intentionality is to say that they are mental representations or that they have contents.

(Jacob, 2020, para. 1)

Consequentially, conflating grounding and intentionality immediately threatens to alienate non
representationaltac ount s of cognition (e. g.Secolfifooksds s
establishing intrinsic meanir(ge., intentionality) is synonymous with establishing grounding,

then any representation or thing that isthetthing being grounde(e., being mbued with
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intrinsic meaning) seems to deserve the chara
Harnaddés decisygmbtoilor trlrptresemt ati ons are fAmea
label them as ungrounded in his theory. Barsalou would signhawe to label modal

representations that | ack intentionality as i

that they aralwaysgrounded.

Rather than appealing to vagoEntuitive notiors of grounding, it will be beneficidbr
the purposef this thesigo provide a working definition of what | mean by groundifigis
definition is intended to serve as a means of quiniithe presence of representational or
systemic grounding ianengineered system, and toibelusiveof thepertinent aspects of all
three notions of grounding previously-describ
symbolic representations (whdasthebasssformygar ded a

working definition. Namely] propose the follomg working definition:

grounding is the establishment afiformationbearing associatiorsetween sensory and

motor stimulj andthe representations and/or processes that use them.

These informational conduitdlow the states of the former to induced @ovary with, thestates
(e.g., patterns of activation) of thater. For examplethe proximal sensoryprojectionge.g.,
retinal projectionsjesulting from worldly objectsaninduce, and covary with, internal mental

states.

5 This working definition is inclusive of internally derived sensory and motor stimuli (e.g., mental simulations), as
well as both inna and acquirethformationalconnections.
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While distinct fromintet i onal ity, these informat-i onal
gradual, lifelong acquisition of intrinsic meéng. In other wordsgrounding is the means by
which intentionality can be experientially discovergd. e m KkL898)mterpretatiorof the
grounding problenprovides an nice example of how my conception of groundidgtamone

typically assumed in the literature relate. He stated,

[tjhe grounding problem is, generally speaking, the problem of how to causally connect
an artificial agent with its environment s
mechanisms, repsentations, etc. underlying it, can be intrinsic and meaningful to itself,

rather than dependent on an external designer or obs@enke, 1999, p. 177)

The version of the grounding problem | adopt
an artificial agent wirtalctiers zenvihrrommenat na el

definition as concerning the problem of intentionality or intrinsic meaning.

In summary, modal representation aezessarilygrounded, where grounding involves
the establishment of causal connections between an agent and its (external or internal)
environment. The existence of these causal connections does not imply the intentionality of
internal states. Intentionality and graling are distinct. However, grounding is instrumental of
the acquisition of intrinsic meaning through
architecturephysical groundingnvolves thehardwiringof (innate/builtin) causal connections
betweera N a gomxinmaldsensory projections (via its sensors) and the internal states of its
behavior modules. Note that this assumes that the proximal sensory projectongg in the
agentd6ds sensors are ground e dorswouldbk aeselass antd d ; ot

the system would not be sgndoymtorgradndinghzvolyasther nd e d .
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establi shment of causal connections between a
(typically learned) modal representations. Thesenections allow modal representations to

covary with the patterns of activation in sensory and motor systems. Note that this assumes some
degree of grounding between the agentdés senso
(potentially mediated by proi mal sensory projections). Final/l
architecturesymbol groundingnvolves the establishment of causal connections between two

kinds of nonsymbolic representations and the symbolic representations to which they are

conneted. These connections take the fornasgociationshat allow symbolic representations

to acquire theovariancegoroperties of their associated rgymbolic representations (e.g., being

activated when their associated raymbolic representations areigated). However, this

assumes t hat -synbdic repyesentaiond are almeady grounded in proximal

sensory projections, which are, in turn, grounded in the world.

In the above descriptions, | have taken for grantedr#msitivity of groundirg operations
(i.e., if @is grounded iy, and®is grounded in, thenwis grounded k). For example, this
transitivity of grounding is whatgroantediothes Har n
world via associations with nesymbolic epresentations that ageounded in sensory

projections that are grounded in the world.

Shared

Perhaps the most distinctive characteristic of modal theories of cognitiornreutesf
modality-specificsensory and motaesources for conceptual procegsinlaimovici stated,

Awhi chever properties modal representations e
amodal approaches is a commitment to the constitutive involvement of sensorimotor systems in
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concept yHaimovicia2€l g, p. @) Barsalou2016a)supportedhis characterization,
statingthattherepresentational formased by sensory and motor systasiargelyirrelevant.

What matters is that conceptual processes depembdality-specificrepresentations and the
perceptuaprocessethat operate on tine Furthermore,lie conceptual representations resulting

from these processevaysh ave fHa-smed¢alfitcy char act(Barsalouhot an
20164, p. 1131 Recall that Barsalou consideredlaaredneural network that supportstho

perceptual and conceptual processes to be a natural implementation of theidaickadcu,

1999, p. 579)

By contrast, mmodal theories of cognition often limit the involvement of perceptual
systems to the transduction of sensory stimuli into symbolic representafioreover,
conceptual knowledgesiconceived of as being largely independent of sensory and motor
systems. Consequently, perceptual processes and representations are not considered to be
directly constitutive of conceptual processing. Furthermore, any conceptual representations

resultingf r om amod al At hought O processes are consi

In summarymodalrepresentations areecessarilyshareable between, usable by, and
constitutive of both perceptual and conceptual systems in modal approaches. As Barsalou stated
over20years ago, a unifying idea of modal approa

i nher ent | yBarpatou, £999 p. bi7@ hevefore, representations incompatible with, or

segregated from, a systembs perceptual system
Embodied
The i dea that modal representations are fembo

Adi sembodi edo has been wibabedlcognitiemiterata(e.g,deei n t he
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Barsalou, 1999, sec. 3.3; De Vega et al., 2012; Dove, 2011, 2016; Gallese, 2018; Goldman,

2012, 2013; Mahon & Caramazza, 2008; Mahon & Hickok, 2016; Prinz & Barsalou, 2000;
Pulvermiiller, 2018)Unfortunately, the broader embodied cognition (EC) community has been

less receptive. The first complication arises from a strong@ptesentational sentiment that

exists within the EC community. Consequently, claim8 & mb ordd perde s ewilt at i ons o
naturdly seem foreign and unpalatable to many. The second complication results from an

ongoing identity crisis within the EC literature: the basic terminology and core tenets are still in
flux. The 4E9embodied, embedded, enacted, and extended; see Newen et a., 218 e @A Si x
Vi e yseeoM. Wilson, 2002ecological cognition, situated cognition, and grounded cognition

are all broadly aligned with EC, and yet they are distinct from it.

One might presume thdeclaringa species of menta¢presetationsi e mbodi ed o wou
entail providing an account of how bodies and bodily experiences shape the format, content, and
systemic function of those representations. However, | think this accounting has been broadly
achieved by the proponents of simulatlmased theories of cognition. Simulatibased
cognition offers a representational account of cognition based onémacement of patterns of
activation in sensory and motor systems. These patterns of activation directly reflect the
idiosyncrasies of theody, and the content of those systems necessarily reflect bodily
experiences. Any generalizations and abstractions over those perceptual states are constrained by
these theories to maintain a modal character. And in its pure form, simitdagsed cognite
theories eschew all things amodal. It is hard to imagine how a representational account of

cognition could be more bodyased.
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Barsalou and other proponents of simulati@sed theories of cognition have devoted a
great deal of energy to differentiagj simulatiorbased cognition from traditional cognitivist
theorieqe.g., the computational theory of mind; see Chaptad@yeverthose attempts have
not convincedeveryone. For example, Gallagl{g015)characterized simulatiebased theories
(e.g., Barsalou, 1999, 2008; Goldman, 20&3)well as theories based on metaphorical thought

(e.g., Lakoff & Johnson, 1980/2008) s 1 b o d y.0 Gallagherstates r s

| t 6 s cthedadyof this emston of embodied cognition is entireiythe heag i t 6 s
the fibody in the braino. In this respect I
cognition, at best. A form of embodied cognition without the body a®sy&allagher,

2015, p. 99)

Being fiabout the bodyod and havi nagreinadgguates ent at

justificati ons atcordingio&allaghed.i ed o st at us

In defense of the embodiment of simulatizeised theories of cognition, Barsalou
proposed the ided wariable embodiment whi ch asserts that a repre:
the idiosyncrasies of the physical system that represeBevieral examples of variable
embodiment were given by Zwaan et(dP99)in the context of language comprehension. They

stated,

it might be that a [l arge] basketball pl ay
picked up t he ba s-kaaded) moimla emalker peréoe fhanded). y ( on e

One would also assume that women who have given birth construct different mental
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representations of a story about childbirth than other women or thar{fZneran et al.,

1999, p. 636)

Barsalouaterexpanded othese ideas, coanding that modal cognitive systenisize the

environment and the body &sxternal informational structures that complement internal

representation8 He also stated that these internal representations také sniat uat ed char a

when simulated in sesory and motor systenisee Barsalou, 2010, p. 71As suchmodal
mental simulations have been variously referred &naisodied simulation&allese, 2005,
2007, 2018)situated simulationgBarsalou, 2009)andsituated conceptualizatiorfBarsalou,

2009, 2016h)

I n other words, Barsal ou ar gmbedeétd t hamatt me d al

sense that the idiosyncr asi eosf oafn aang eangtednst 6cso nbc

representations, and, as a result, if two agents experience the world differently, these experiential
differences manifest as representational differences in their respective conceptual systems (i.e.,
variable embodiment). Howevanodal representations are not embodied in the stricter sense
used by Gal | ag h ebrain bodyaparts must ba directly terdgagedrdoring

cognitive activities.

Assuming one agrees that modal accounts of cognition feature embodied (and potentiall
situated) representations, does that preclude embodied amodal representatioBsPsRatiit
(1999)and Zwaan et a{1999)argued thavariable embodimens impossiblen amodal
cognitive system®Barsalou's argument appealstotheaoma | ogi cal -hakepbe of
symbolic representations. For example, he argued thaethantic interpretation of the word

ACUPO is identical regar dhtiemlconterftt any vari abi
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Making ACUPO | arger does not mean that its
458counterclockwise does not imply that its
structural relations to their referents, structural changes in a word have no implications

for analogous changes in reference. As long as the conventional link betweenamevord

its referent remains intact, the word refers to the referent discretely in exactly the same

way across transformation®arsalou, 1999, p. 598)

Barsalou argued that modal representations are fundamentally different. For example, increasing
the fAisizeo of a modal r e mighe im@yrthiatats environmentalr r e s p o
referent appears |l arger in an individual s vi
agent moves closer to the cup. This transformed modal representation of that cup is not

functionally equivalent to its untnaformed counterpart.

However, Bar s al ou 0 saganstdmodalwepresedtationa exighitinge nt s
variable embodiment are not entirely convincing. For exansplesideranamodalcognitive
system based on distributional semantics (see Chapteuch cognitive systemsterprettheir
i nt er ndl lsy@nbasbaded on theontexts in which thereferents occued These
contexts are based anagend experiencesandthose experiences are influenced by its body.
Therefore, the meanings assted with thosénternal representationgith inevitably differ
between agents with different bodies and life experier®esond, this argument neglects to
consider composite symbolic representations that are capable of further qualifying sensory
experimce® for exampl e, #Athe tiny cup, 0 Evehnihoee | ar ge

assumes that an agentds conceptual system i s
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semantic knowledge of such agent sbhodpust ,

Therefore, | contend that amodal representations could exhibit variable embodiment.
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Learning Intelligent Decision Agent (LIDA)

Table6. LIDA's shorttermand longtermmemory (STM/LTM)modules and codelets.

Module / Process

Description

ACTION SELECTION (AS)

ATTENTION CODELETS(ACS)

CONSCIOUSCONTENTSQUEUE (CCQ)

CURRENTSITUATIONAL MODEL (CSM)

GLOBAL WORKSPACE(GW)

STM module supporting the selection of behay
(i.e., instantiated scheme&)r execution by tk
SMS. Action Selection, in conjunction with ott
LIDA modules and processes, supports four m
of action selection: consciously media
volitional, automatized, and alarms.

Specialized processors that monitor the CSN
content & interest based on their own spec
concerns, such as importance, urgency, no
etc. If such content is found, the codelet takes
a coalition forming process, which may crea
coalition that includes that codelet and the col
it promotes.

Attention codelets vary in the kinds of content 1
consider salient. Specific attention codele
advocate for a narrow range afontent, for
example, specific types of objects or events
contrast, thelefault attention codeletdvocates fc
a wide ange of content: its selection criteria
based sol el y totahactivaliomanc
total incentive salienceExpectation codeletare
attention codeletgreated in response to sele«
behavios that advocate for content in the C
correspondig to the expected results (or R
results) of that selected behavior.

STM submodule of the Workspace that cont
recent conscious broadcasts.

STM submodule of the Workspace thapresen
an agent 6s (preconsc
current situation.

STM module that directs a winntakeall
competition amongoalitions and broadcasts t
content of the winning coalition in the glo
(conscious) broazhst.
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MOTORPLAN EXECUTION (MPE)

PERCEPTUALASSOCIATIVEMEMORY (PAM)

PROCEDURALMEMORY (PM)

SENSORYMEMORY (SM)

SENSORYMOTORMEMORY (SMM)

SENSORYMOTORSYSTEM (SMS)

STRUCTUREBUILDING CODELETS(SBCS)

WORKSPACE

See SMS.

LTM modul e t hat supft
recognize objects, events, entities, concepts,
and the relationships between them. The
activated representations in PAM are instant
into the CSM agerceptsafter being activated |
incoming sensgrcontent (or cueing)

LTM module containing representations ca
schemedhat each encode a context, action,
expected result. When schemes are instan
(that is, when their free variables are boun
specific values base on the contents of
conscious broadcast) they are referred t
(candidateehaviors

STM module that encodes modalgpecific
sensory content (from the environment) as
activation of lowlevel features detectors. These
turn, activate perceptual representations in F
SM also sends sensory representations, bas
the activation of its lowevel feature detectors,
the CSM.

See SMS.

Composed of two modules: Sensory Mot
Memory and Motor Plan Execution. The S
selects and instantiates motor plan templates
SMM into concrete motor plans, and sends the
the Motor Plan Execution module for executior

Specialied processors that create or mo
content in the CSM i
thought o and situatio

STM module supporting preconscious, situati
understanding. At any given moment it r
contain cued longerm memories, percepts
sensory content (both real and simulated), trar
representations created by structure buil
codelets. It contains two submod@ethe CSM
and CCQ.
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L-Armed Bandit Agent Implementation: Parameters and their Values

Table7. Implementatiorparameters and their valué@4& O I BaAditagen).

Parameter Value Description

learning rate 0.001 | Controlsthe rate obaselevel incentive saliencend
reliability updates (among other things).

composite actions chain mexumlength 3 | Specifies the maximum length afiyachain of schemes
in a composite actionds

composite actions mimumbaseline 0.4 | Specifies the minimurnombined affective valence ani

advantage incentive saliencéover alearnedbaseline value)
necessary to consider a node as a goal state for a n
composite actiofi.

composite action update frequency 0.01 | The probability (per broadcast) theacomposite
actionbés controller wil/

epsilon decay rate 0.9999| The (geometric) decay rate used for the random
exploratory temperature.

epsilon initial 0.9999| The initial random exploratory temperature.

epsilon minimum 0.025| Theminimum random exploratory temperature.

baselevel incentive salience eligibility 0.5 | The(geometric)value reduction applied for each time

trace discount factor step betweethe occurrence of modein a conscious
broadcastnd alaterbroadcast containing affective
valence(Thiswasused to modulate basevel
incentive salience updatgs.

baselevel incentive salience eligibility 0.5 | The (geometric) decay rate applidthe eligibility

trace decay rate trace value of eachonroccuring node ina conscious
broadcast(Thiswasused to modulate basevel
incentive salience updatgs.

positive correlation threshold 0.9 | The positive correlation value used to determine whe
spinoff occurred.

pending focus decay rate 0.4 | The (geometric) decay rate used for the pending
schemes focus bonus in Action Selection.

pending focus max. value 0.9 | The maximum additional selection importance given
components of pending schemes.

reliability max. penalty 0.6 | The maximum reductiomithe selection importance of
unreliable schemes.

reliability threshold 0.8 | The minimum baséevel activation for inclusion in a

5 Drescher (1991, p. 90) suggested defining a composite action for every novel result; that is, every combination of

composite action.

known items would correspond to a goal state. However, for most environments this will be tiomgliya
intractable. In practicegoal states must be limited to avoid a proliferation of composite actions.
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Table8. Learned and buiin schemes folQarmed bandit agenkY (). Schemes are
listed in the order in which they were added to Procedural Memory:|8ase

activations are provided for each roare scheme. Composite actions are shown in bold

font.

©Oo~NOOOTr~,WNES

40

Schemes
/stand/
/sit(MO)/
[sit(M3)/
[sit(M1)/
[sit(M2)/
[sit(M6)/
[sit(M4)/
Iplay/
[sit(M5)/
[sit(M7)/
/deposit/
/sit(M0)/MO
/stand/S
[sit(M3)/M3
[sit(M5)/M5
/deposit/P
Isit(M1)/M1
S/sit(M5)/M5
[sit  (M2)/M2
M5/sit(M5)/M5
[sit(M7)/M7
S/sit(M1)/M1
[sit(M6)/M6
Iplay/W
/W
M1/sit(M1)/M1
S/sit(M0)/MO
Iplay/L
S/sit(M3)/M3
P/play/L
M3/play/W
MO/sit(M0)/MO
M3/sit(M3)/M3
S/sit(M6)/M6
P/play/W
S/sit(M7)/M7
MO,P/play/L
M7/sit(M7)/M7
M6/sit(M6)/M6
M6,P/play/W

BaselLevel Act.

nan
nan
nan
nan
nan
nan
nan
nan
nan
nan
nan
0.20
1.00
0.25
0.33
0.99
0.25
1.00
0.15
1.00
0.62
1.00
0.55
0.64
nan
1.00
1.00
0.17
1.00
0.21
0.20
1.00
1.00
1.00
0.79
1.00
1.00
1.00
1.00
0.91

n
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
77
78
79
80
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Schemes
/deposit/M6,P
M1,P/play/L
M7,P/play/W
/deposit/M7,P
/deposit/M0,P
M5,P/play/W
/deposit/M5,P
M6/deposit/M6,P
/deposit/M1,P
MO/deposit/MO,P
S/sit(M2)/M2
M2,P/play/L
/deposit/M2,P
M2,P/play/W
M5/deposit/M5,P
M7/deposit/M7,P
M5,P/play/L
M2/sit(M2)/M2
/ WwW
M2/deposit/M2,P
M1/deposit/M1,P
M3,P/play/W
/deposit/M3,P
[sit(M4)/M4
M3/deposit/M3,P
M3,P/play/L
S/sit(M4)/M4
M6,P/play/L
M4/sit(M4)/M4
M4,P/play/L
/deposit/M4,P
M4/deposit/M4,P
/ WL
M3/ WwW
P/ WwW
M4,P/play/W
M1,P/play/W
M3,P/ WW
/ WM7
M7/WM7

Baselevel Act.
0.26
0.91
1.00
0.46
0.08
0.73
0.03
1.00
0.03
1.00
1.00
0.76
0.04
0.24
1.00
1.00
0.27
1.00
0.75
1.00
1.00
0.43
0.03
0.27
1.00
0.57
1.00
0.10
1.00
0.42
0.06
1.00
0.00
0.75
0.93
0.59
0.08
0.92
0.47
1.00



Table9. Learned baskevel incentives saliences f@armed bandit agent

Baselevel Incentive Salience Node
0.253 M7,P
0.187 M6,P
0.111 M7
0.107 P
0.077 M6
0.024 M5,P
0.009 M4,P
-0.001 S
- 0.005 M5
-0.007 W
-0.030 M3,P
-0.044 M4
- 0.056 M3
-0.101 M2,P
-0.107 M1,P
-0.114 M2
-0.124 M1
-0.174 L
-0.240 MO,P
-0.247 MO
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Smulation -Based Agent Implementation: -6 ! %etwork Architecture

Layer (type) Output Shape Param # Connected to
input_1 (InputLayer) [(None, 128, 128, 1) 0
encoder (Encoder) ((None, 16), (None , 912160  input_1[0][0]
sampler (Sampler) (None, 16) 0 encoder[0][0]

encoder[0][2]
decoder (Decoder) (None, 128, 128, 1) 1256193 s ampler[0][0]
recon_loss (ReconstructionLoss) () 0 encoder[0][3]

decoder[0][0]
kl_loss (KLLoss) 0 1 encoder[0][0]

encoder[0][1]
Total params: 2,168,354
Trainable params: 2,168,353

Non- trainable params: 1

Figure38. Overview off -VAE neural networlarchitecture.
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Layer (type) Output Shape Param# Connected to

input_2 (InputLayer) (None, 128, 128, 1) 0

preprocessor (Preprocessor) (None, 128,128, 1) 0 input_2[0][0]

encoder/convl (Conv2D) (None, 128, 128, 32) 320 preprocessor[0][0]
encoder/maxpooll (MaxPooling2D) (None, 64, 64, 32) 0 encoder/conv1[0][0]
encoder/conv2 (Conv2D) (None, 64, 64, 64) 18496 encoder/maxpool1[0][0]
encoder/maxpool2 (MaxPooling2D) (None, 32, 32, 64) 0 encoder/conv2[0][0]

encoder/conv3 (Conv2D) (None, 32, 32, 128) 73856 encoder/maxpool2[0][0]

encoder/maxpool3 (MaxPooling2D) (None, 16, 16, 128) 0 encoder/conv3[0][0]

encoder/ conv4 (Conv2D) (None, 16, 16, 256) 295168 encoder/maxpool3[0][0]

encoder/maxpool4 (MaxPooling2D) (None, 8, 8,256) 0 e ncoder/conv4[0][0]
encoder/flatten (Flatten) (None, 16384) 0 encoder/maxpool4[0][0]
encoder/logvar (Dense) (None, 16) 262160 encoder/flatten[0][0]

encoder/flatten[0] [0]
encoder/mu (Dense) (None, 16) 262160 encoder/flatten[0][0]
encoder/sigma (Lambda) (None, 16) 0 encoder/logvar[1][0]

Total params: 912,160
Trainable params: 912,160
Non- trainable params: 0

Figure39. Overview of -6 ! etcoder.

Layer (type) Output Shape Param #

input_18 (InputLayer) [(None, None, 16)] 0

decoder/densel (Dense) multiple 278528

decoder/reshapel (Reshape) (None, 8, 8, 256) 0

decoder/deconvl (Conv2DTrans (None, 16, 16, 256) 590080

decoder/deconv2 (Conv2DTrans (None, 32, 32, 128) 295040

decoder/deconv3 (Conv2DTrans (None, 64, 64, 64) 73792

decoder/deconv4 (Conv2DTrans (None, 128, 128, 32) 18464

decoder/deconv5 (Conv2DTrans (None, 128, 128, 1) 289

Total params: 1,256,193
Trainable params: 1,256,193
Non- trainable params: 0

Figure40. Overview of -6 ! @ecoder.
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Figure43. A sigmoidalcurrentactivationf uncti on. The magnitude ¢

current activatioris based on the scaled (cosine) similarity between the modal probability
distributions for incoming sensory stimuli and the previously learned modal probability distribu
asse i ated with primitive feature detector.
corresponds to the amounttofal activation(current + baséevel activation) that is needed for a
percept to be instanti at atbnaiModeb(CSMhe LI DA ¢
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Figure44. A heatmap showing current activations.
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Figure45. Interpolation and extrapolation from latent representations. Numbers above the shapi
indicate a step size. The step direction was determined by subtracting the latent representation
the shapes in the blue bounding boxes (for each row).
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