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Abstract

This paperbuilds on the insight of Lashley (1951)and
Miller, Galanter, & Pribram(1960)thatactionandmo-
tor planningmechanismsprovide a basisfor all seri-
ally orderedcompositionalsystems,includinglanguage
andreasoning.It reinterpretsthis observation in terms
of modernAI formalismsfor planning, showing that
both thesyntacticapparatusthatprojectslexical mean-
ingsontosentencesandtheneuralmechanismsthatare
known to be implicatedin both languagebehavior and
motorplanningreflectexactly thesameprimitive com-
binatory operations. The paper then considerssome
neurocomputationalmechanismsthat canbe appliedto
modelingthis system,andthe relationof the composi-
tionality propertyto suchmechanisms.

Introduction
Compositionalityof thekind universallyassumedin natural
languagebehavior demandsanumberof propertiesof repre-
sentationsthat have beendifficult to reconcilewith neural-
computationalmechanisms.Oneis that compositioninher-
ently requiresrecursion.Another is the type-token distinc-
tion. Yet anotheris abstraction.The paperarguesthat the
originsof suchpropertiesshouldbesoughtin pre-linguistic
motor planningmechanisms,and that the two main mech-
anismsof neuralnetwork learning—multi-layerperceptrons
and associative nets—supportthe basicbuilding blocks of
compositionalsystems.

Planning with LDEC
Basic Dynamic Logic
DynamicLogic (Harel 1984)offers a perspicuousnotation
for reasoningaboutdynamicsystemssuchascomputerpro-
grams:

(1) n
�

0 ��� α��� y � F � n �	�
—in a statewheren is greaterthanor equalto 0, runningα
necessarilyresultsin astatewherey is setto avalueF � n�
(2) n

�
0 ��
 α �
� y � F � n �	�

—runningα in a statewheren is greaterthanor equalto 0
possiblyresultsin astatewherey is setto avalueF � n �
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Suchlogics typically include the following dynamicax-
iom, in whichtheoperator; is sequence, anoperationrelated
to functionalcompositionof functionsof type situation �
situation:

(3) � α��� β� P ��� α;β� P
Compositionis oneof themostprimitive combinators, or

operationscombiningfunctions,whichCurry& Feys(1958)
call B, writing theabove sequenceα;β asBαβ, where

(4) Bαβ � λs� α � β � s�
�
The Linear Dynamic Event Calculus
To adaptdynamiclogic for purposesof planning,in order
to avoid the representationaland inferential aspectsof the
frameproblem,we needto distinguishlinear logical impli-
cation( ��� Girard 1987)from standardintuitionistic impli-
cations( � ). Thusto expresssuch(oversimplified)factsas
thatif adooris shut,andyoupushit, yougetto astatewhere
it is open,or that if you areinside,andyou go through,you
areoutside,wewrite:

(5) a. shut� x ������� push� x ��� open� x �
b. in ����� go-through� x ��� out

This rule makesthefluentsshut� x � and in � y � resourcesthat
areconsumedby inference,in thesensethatthey necessarily
no longerhold in the statethat results,althoughany other
fluentsthathold in theoriginal statebut arenot involved in
thelinearinferencecontinueto hold.

By contrast,if we want to expressthe(again, oversimpli-
fied) factthat if somethingis a door, it is possibleto pushit,
or if somethingis adoorandits open,thenits possibleto go
throughit, wewrite:

(6) a. door� x ��� possible� push� x �
�
b. door� x ��� open� x �� possible� go-through� x �
�

The predicatepossibleis not the samenotion of possibility
asthedynamiclogicalmodality 
 α � . possible� α � meansthat
thepreconditionsof α arefulfilled. In factour rulesmakeno
useof 
 α � . For planningpurposes,all actionsareassumedto
bedeterministic.Of course,theworld is not like thatbut we
mustdealwith nondeterminismin adifferentway.

TheLinearDynamicEventCalculus(LDEC) madeup of
deterministiclinearruleslike theaboveexpressingthestate-



changingeffects of instantaneous1 actions,and intuitionis-
tic rulesexpressingthe preconditionson thoseactionstak-
ing placemakesavery transparentnotationfor STRIPS-like
knowledgefor constructingplans,via the following axiom
expressingthetransitivity propertyof thepossiblerelation:

(7) � � possible� α ����� α� possible� β ��� possible� α;β �
Thissaysthatif youarein astatewhereits possibleto α and
its a statein which actuallyα-ing getsyou to a statewhere
its possibleto β, you arein a statewhereit is possibleto α
thenβ.

It supportsa simple plannerin which starting from the
world (8) in which I am in, and the door is shut and stat-
ing the goal (9) meaning“find a possibleseriesof actions
thatwill getmeout,” canbemadeto automaticallydeliver a
constructive proof thatonesuchplanis (10):

(8) in � door� d ��� shut� d �
(9) possible� α ����� α� out

(10) α � push� d � ;go-through� d � .
Thesituationthatresultsfrom executingthisplanin thestart
situation(8) is one in which the following conjunctionof
factsis directly representedby thedatabase:

(11) out� me��� door� d ��� open� d �
Thiscalculusis exploredin Steedman(2002b).

Formalizing Affordance
Sucha calculusoffersa simpleway to formalizethenotion
of “affordance”. The affordancesof objectscanbe directly
definedin termsof STRIPS/LDECpreconditionslike (6).

Theaffordancesof doorsin ourrunningexamplearepush-
ing andgoingthrough:

(12) affordances� door��� push
go-through

This is what is neededto supportthe Reactive, Forward-
Chaining,Affordance-Basedplanningthat is characteristic
of primatesandotheranimals.

TheGibsonianaffordance-baseddoor-schemacanthenin
turn be definedas a function mappingdoorsinto (second-
order) functions from their affordanceslike pushing and
going-throughto their results:

(13) door !� λxdoor � λpaffordances" door# � px

Theoperationof turninganobjectof agiventypeinto afunc-
tion over thosefunctionsthatapplyto objectsof thattypeis
anotherprimitivecombinatorcalledT or typeraising, so(13)
canberewrittendoor � λxdoor � Tx, where

(14) Ta � λp� p � a �
Plans and the Structure of Language Behavior
Interestingly, thecombinatorsB andT alsoshow upasprim-
itivesin thetheoryof syntaxproposedasCombinatoryCat-
egorial Grammar(CCG,Steedman2000).Accordingto this

1Durativeor interval eventsarerepresentedby theinstantaneous
statechangesthatinitiateandterminatethem.

theory, all languagespecificinformationresidesin the lexi-
con. For example,the fact that theEnglishtransitive clause
exhibits SVO word-orderis capturedasfollows in the lexi-
calcategoryfor transitiveverbs,whichcomprisesasyntactic
type (to the left of the colon) anda semanticinterpretation
(to theright):

(15) like := � S$ NP�&% NP : like 
Thefollowing CombinatoryRulescombinesuchfunctorcat-
egorieswith arguments:2

X % Y : f Y : g

X : f � g � '
Y : g X $ Y : f

X : f � g � (
X % Y : f Y % Z : g

X % Z : λz� f � g � z�	� ' B
Y $ Z : g X $ Y : f

X $ Z : λz� f � g � z�	� ( B

X % Y : f Y $ Z : g

X $ Z : λz� f � g � z�	� ' B ) Y % Z : g X $ Y : f

X % Z : λz� f � g � z�	� ( B )
Crucially, all argumentsaretype-raisedvia thelexicon:

X : x
T %�� T $ X � : λ f � f � x � ' T X : x

T $�� T % X � : λ f � f � x � ( T

—whereT andX arevariablesoversyntactictypes.
Thecombinationof Type-raisingandCompositionallows

lexical categoriesto “project” semanticpredicate-argument
relationsonto “unbounded”constructionssuch as relative
clausesandcoordinatestructuresthat have appearedto re-
quire powerful grammaticalTransformationalRules,as in
(16)and(17).

Theseexamplesexemplify a numberof crosslinguistic
universalgeneralizationsthatthetheorycaptures(Steedman
2000;Baldridge2002),andit hasbeensuccessfullyapplied
to wide-coveragestatistical parsing using the Penn Wall
StreetJournal treebank(Hockenmaier& Steedman2002;
Clark& Curran2004).

Neural and Computational Theories
Quitealot is known aboutthissystemin neurocomputational
terms.

The primate cytoarchitectonichomolog of area 44 or
Broca’s areain humans,F5, hasbeenshown by singlecell
recordingto include“Mirror Neurons”that fire not only to
specificgoal orientedactionssuchas reachingand grasp-
ing, but also (with exquisitespecificity) to the sight of an-
otheranimalperformingthesamegoal-orientedaction(Riz-
zolatti, Fogassi,& Gallese2002). If the animalknows that
thegoalis notcontextually valid, or if theotheranimalsgaze
is not consistent,themeresightof appropriatemotionis not
enoughto fire themirror neuron.

Interestingly, otherneuronsin F5 fire only to theanimals
own actions,and/orfire to visual presentationof the object
involved(Rizzolatti,Fogassi,& Gallese2001;Miall 2003).

Thissystemhasusuallybeeninterpretedin termsof recog-
nition, understanding,and imitation of the actionsof other
animals(Galleseet al. 1996). However, it seemslikely that

2Combinationof categoriesby rules is further restrictedby a
systemof featuresdistinguishingslashtypesthatis omittedhere—
seeBaldridge(2002).



(16) a man who I think you like arrived

� T* 1 %�� T1 $ NP�
�&% N N � N $ N �&%�� S% NP� T2 %�� T2 $ NP�+� S$ NP��% S T3 %�� 3T $ NP�,� S$ NP�&% NP S$ NP- B - B
S% S S% NP - B

S% NP -
N $ N .

N -
T1 %�� T1 $ NP� -

S

(17) give a teacher anapple and apoliceman aflower.
T

.
T

.
T

.
T� VP% NP�&% NP T1 $�� T1 % NP� T2 $/� T2 % NP� CONJ T3 $/� T3 % NP� T4 $�� T4 % NP�.

B
.

B
T2 $��
� T2 % NP�&% NP� T4 $/�
� T4 % NP�&% NP�.

Φ -
T6 $��
� T6 % NP�&% NP� .

VP

suchunderstandingis foundedon anevenmorebasiccapa-
bility for planningtheanimal’sown actions,of thekind pro-
posedabove. In particular, it seemslikely that the purely
motor-sensitive neuronsof F5 are closely relatedto rules
of the LDEC type, aka TOTE units or operants,and that
the visual object-relatedneuronsare relatedto the appara-
tus that associatesobjectswith the actionsthat they afford
(Miall 2003:2135).Theinterestof themirror neuronsthem-
selvesis thenthat their generalizationover participantiden-
tities makesthemnecessarilysymbolicrepresentations,dis-
tinct from bothefferentmotoractivity andafferentpureper-
ception Theseunits also look as though they would map
very directly ontoverbs, whetherwe think of theseascase-
frames(Rizzolatti & Arbib 1998), dependency structures
(Pulvermüller 2002) or CCG lexical categories, as above.
In CCG, of course,suchlexical itemsconstitutethe entire
language-specificgrammar.

In termsof thetheoryof evolutionof thelanguagefaculty,
it is striking that this entire systemis prelinguistic, rather
thanlanguage-specific,andcanthereforebe investigatedin
primatesandotheranimalsotherthanhumans.We needto
know moreaboutF5 in primates,specificallyin relationto
tool use.Are there“affordance”neuronsthatfire bothto use
andappearanceof tools?Studyof theregionsadjacentto F5,
(e.g. F4 which hasspatiallylocatedactionunits Rizzolatti,
Fogassi,& Gallese2002)andpathwaysto andfrom thecere-
bellum(Miall 2003)which executesandmonitorsthem,are
likely to be important.We alsoneedto understandhow the
planningprocessexploitsunitsin F5,particularlytheroleof
the limbic system,andtheway in which repeatedconstruc-
tion of aplancanleadto compilationasalong-termmemory.

In addition, we needneurocomputationaland machine-
learningtheoriesof how symbolic units of the kind found
in F5 can be inducedfrom sensory-motorinput. Much of
thissystemseemsto behighly localized,ratherthanparallel-
distributed. (However, mechanismslike Simply Recurrent
Networks (SRN,Elman1990)may well be appropriatefor
theprocessof compilationof repeatedplansinto compound

actionsand episodicmemories,as opposedto novel plan
constructionandnaturallanguageunderstanding—cf.Steed-
man1999.)

The computationalcharacterof the cortico-cerebellar-
hippocampalsensorymotorsystemis fairly well understood
sinceMarr (1969)—seeGluck & Myers 2000. Perceptron-
like reinforcementlearningconditionalon theintendedgoal
stateof LDEC-like operantsseemsto offer a mechanismfor
the neocortex and cerebellum. Associative networks simi-
larly offer a mechanismfor the hippocampusin its latent
learningaspects,in neuralnetwork systemslike thosein .
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Figure1: The basicCerebellar-Hippocampo-Corticaldual-
pathcircuit.

Theneuralpathwaysto andfrom themotorcortex remain
lessclear(Daskalakisetal. 2004).It is likely thatseverallev-
elsof planrepresentationmediate(Wolpert,Doya,& Kawato
2003).Theprocessof abstractingover completeactionrep-
resentationsneededto specifytheverb/affordance-like units
of F5 seemsto beanopenproblemin neuralcomputational
terms.



Where Does Recursion Come From?
Theneurological,developmental,andevolutionaryconspir-
acy betweenserial orderingfor motor plansand language
suggeststhatthecompositionandtyperaisingareprelinguis-
tic primitives that we sharewith someanimals. Yet apes
show no sign of being able to acquireproductive syntax.
Whatmoreis neededto supportthelanguagefaculty?

One candidate is modal and propositional attitude
concepts—thatis, functionsover propositionalentities.(We
have so far glossedover the importantfact that planscom-
poseactionsof typestate� state, whereassyntaxcomposes
functionsof typeproposition � proposition.) Theseinduce
truerecursionin conceptualstructuresandgrammarvia the
groundedlexicon. Thereis no evidencethatapescanattain
the kind of theory of other minds that is requiredto sup-
port suchconcepts.Perhapsthis is all they lack (Premack&
Premack1983;Tomasello1999;Steedman2002a,b;Hauser,
Chomsky, & Fitch 2002).

This suggeststhatwe needto know muchmoreaboutthe
developmentof propositionalattitudeconceptsin humanin-
fants,andtheir relationto planningandtool usearoundPi-
agetiansensory-motordevelopmentalstage6.

Conclusion
Compositionalityappearson this accountto be a very gen-
eralpropertyof simplesensory-motorplanningsystems.The
units of compositionalsensorymotor plans appearto be
learnableby known neuralcomputationalmechanisms,and
canbe observed by single-cellrecording. While processes
of planformationandplanexecutionarewell understoodin
symbolicterms,their translationinto neurocomputationalar-
chitecturesremainsanexciting challenge.
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