SELECTION AND INFORMATION:

ACLASS-BASEDAPPROACHTO LEXICAL RELATIONSHIPS

Philip Stuart Resnik

Adissertation in ComputerandInformationScience

PresentedtotheFacultiesoftheUniversityofPennsylvaniainPartialFul�llmentoftheRequirementsfor theDegreeofDoctorofPhilosophy

1993

AravindJoshi SupervisorofDissertation

MarkSteedman GraduateGroupChairperson cflCopyright 1993 by Philip Stuart Resnik

For MichaelResnik

Abstract

SelectionandInformation:

AClass-BasedApproachtoLexicalRelationships

PhilipStuartResnik

Supervisor:AravindJoshi

Selectionalconstraintsarelimitationsontheapplicabilityofpredicatestoarguments. Forexample,the statement�Thenumbertwoisblue�maybesyntacticallywellformed,butatsomelevelitisanomalous� BLUEisnotapredicatethatcanbeappliedtonumbers.

Accordingtothein�uentialtheoryof(KatzandFodor,1964),apredicateassociatesasetofde�ning featureswitheachargument,expressedwithinarestrictedsemanticvocabulary. Despitethepersistenceof thistheory,however, thereiswidespreadagreement aboutitsempiricalshortcomings(McCawley, 1968; Fodor,1977). Asanalternative,somecriticsoftheKatz-Fodortheory(e.g.(Johnson-Laird,1983))have abandonedthetreatmentofselectionalconstraintsassemantic, insteadtreatingthemasindistinguishable frominferencesmade onthebasisoffactual knowledge. Thisprovidesa bettermatch fortheempirical phenomena,butitopensupadifferentproblem:ifselectionalconstraintsarethesameasinferencesingeneral, thenaccountingforthemwillrequirea muchmorecompleteunderstandingofknowledgerepresentation andinferencethanwehaveatpresent.

Theproblem,then,isthis:howcanatheoryofselectionalconstraintsbeelaboratedwithout�rsthaving eitheranempiricallyadequatetheoryofde�ningfeaturesoracomprehensivetheoryofinference? In thisdissertation, I suggestthatan answer to thisquestionlies in therepresentation ofconceptual knowledge. FollowingMiller(1990b),Iadopta �differential�approachtoconceptualrepresentation, in whichaconceptualtaxonomyisde�nedintermsofinferentialrelationshipsratherthande�nitionalfeatures. Crucially,however,theinferencesunderlyingthestoredknowledgearenotmadeexplicit.Myhypothesisis thatatheoryofselectionalconstraintsneedmakereferenceonlytoknowledgestoredinsuchataxonomy, withoutever referring overtlyto inferential processes. I propose such a theory, formalizingselectional relationshipsinprobabilisticterms: theselectionalbehaviorofapredicateismodeledasitsdistributional effectontheconceptualclassesofitsarguments. Thisisexpressedusingtheinformation-theoreticmeasure of relative entropy (Kullback and Leibler, 1951), which leads to an illuminatinginterpretationof what selectional constraintsare: the strength of a predicate’s selection for an argument is identi�edwiththe quantityofinformationitcarriesaboutthatargument.

Inadditiontoarguingthatthemodelisempiricallyadequate,Iexploreitsapplicationtotwoproblems. The �rstconcerns a linguisticquestion: whysome transitiveverbs permitimplicitdirectobjects(�John ate ∅⪰⇒ ⊣\⌈ ≀⊔⟨⌉∇∫ ⌈≀ \≀⊔ ⇐⊖⇑J≀⟨\ ⌊∇≀⊓}⟨⊔ ∅⪰⇒↙ I⊔ ⟨⊣∫ ≀{⊔⌉\ ⌊⌉⌉\ ≀⌊∫⌉∇⊑⌉⌈ ⟩\{≀∇⇕⊣↕↕† ⊔⟨⊣⊔ ⊔⟨⌉ ≀⇕⟩∫∫⟩≀\ ≀{ ≀⌊|⌉⌋⊔∫ ⟩∫ ⌋≀\\⌉⌋⊔⌉⌈ ⊔≀ ⊔⟨⌉ ⌉⊣∫⌉ ⊒⟩⊔⟨ ⊒⟨⟩⌋⟨ ⊔⟨⌉ ≀⌊|⌉⌋⊔ ⌋⊣\ ⌊⌉ ⟩\{⌉∇∇⌉⌈↙ I ⟨⊣⊑⌉ ⇕⊣⌈⌉ ⊔⟨⟩∫ ≀⌊∫⌉∇⊑⊣⊔⟩≀\ ⇕≀∇⌉ {≀∇⇕⊣↕ ⌊† √≀∫⟩⊔⟩\} ⊣ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√ ⌊⌉⊔⊒⌉⌉\ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫ ⊣\⌈ ⟩\{⌉∇⊣⌊⟩↕⟩⊔†↙ T⟨⟩∫ √∇⌉⌈⟩⌋⊔∫ ⇐⟩⇒ ⊔⟨⊣⊔ ⊑⌉∇⌊∫ √⌉∇⇕⟩⊔⊔⟩\} ⟩⇕√↕⟩⌋⟩⊔ ≀⌊|⌉⌋⊔∫ ∫⌉↕⌉⌋⊔ ⇕≀∇⌉ ∫⊔∇≀\}↕† {≀∇ ⇐⟩↙⌉↙ ⌋⊣∇∇† ⇕≀∇⌉ ⟩\{≀∇⇕⊣⊔⟩≀\ ⊣⌊≀⊓⊔⇒ ⊔⟨⊣⊔ ⊣∇}⊓⇕⌉\⊔ ⊔⟨⊣\ ⊑⌉∇⌊∫ ⊔⟨⊣⊔ ⌈≀ \≀⊔⇔ ⊣\⌈ ⇐⟩⟩⇒ ⊔⟨⊣⊔ ∫⊔∇⌉\}⊔⟨ ≀{ ∫⌉↕⌉⌋⊔⟩≀\ ⟩∫ ⊣ √∇⌉⌈⟩⌋⊔≀∇ ≀{ ⟨≀⊒ ≀{⊔⌉\ ⊑⌉∇⌊∫ ≀⇕⟩⊔ ⊔⟨⌉⟩∇ ≀⌊|⌉⌋⊔∫ ⟩\ \⊣⊔⊓∇⊣↕↕† ≀⌋⌋⊓∇∇⟩\} ⊓⊔⊔⌉∇⊣\⌋⌉∫↙ C≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ ⌉§√⌉∇⟩⇕⌉\⊔∫ ⌋≀\⊘∇⇕ ⊔⟨⌉∫⌉ √∇⌉⌈⟩⌋⊔⟩≀\∫↙ S⌉⌋≀\⌈⇔ I ⟨⊣⊑⌉ ⌉§√↕≀∇⌉⌈ ⊔⟨⌉ √∇⊣⌋⊔⟩⌋⊣↕ ⊣√√↕⟩⌋⊣⊔⟩≀\∫ ≀{ ⊔⟨⌉ ⇕≀⌈⌉↕ ⟩\ ∇⌉∫≀↕⊑⟩\} ∫†\⊔⊣⌋⊔⟩⌋ ⊣⇕⌊⟩}⊓⟩⊔†↙ A \⊓⇕⌊⌉∇ ≀{ ⊣⊓⊔⟨≀∇∫ ⟨⊣⊑⌉ ∇⌉⌋⌉\⊔↕† ⌊⌉}⊓\ ⟩\⊑⌉∫⊔⟩}⊣⊔⟩\} ⊔⟨⌉ ⊓∫⌉ ≀{ ⌋≀∇√⊓∫↖⌊⊣∫⌉⌈ ↕⌉§⟩⌋⊣↕ ∫⊔⊣⊔⟩∫⊔⟩⌋∫ ⟩\ ⊣⊓⊔≀⇕⊣⊔⟩⌋ ⟩⊑

√⊣∇∫⟩\}∅ ⊔⟨⌉ ∇⌉∫⊓↕⊔∫ ≀{ ⌋≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ ⌉§√⌉∇⟩⇕⌉\⊔∫ ⊓∫⟩\} ⊔⟨⌉ √∇⌉∫⌉\⊔ ⇕≀⌈⌉↕ ∫⊓}}⌉∫⊔ ⊔⟨⊣⊔ ⇕⊣\† ↕⌉§⟩⌋⊣↕ ∇⌉↕⊣↖ ⊔⟩≀\∫⟨⟩√∫ ⊣∇⌉ ⌊⌉⊔⊔⌉∇ ⊑⟩⌉⊒⌉⌈ ⟩\ ⊔⌉∇⇕∫ ≀{ ⊓\⌈⌉∇↕†⟩\} ⌋≀\⌋⌉√⊔⊓⊣↕ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√∫↙ T⟨⊓∫ ⊔⟨⌉ ⟩\{≀∇⇕⊣⊔⟩≀\↖⊔⟨⌉≀∇⌉⊔⟩⌋ ⇕⌉⊣∫⊓∇⌉∫ √∇≀√≀∫⌉⌈ ⟨⌉∇⌉ ⌋⊣\ ∫⌉∇⊑⌉ \≀⊔ ≀\↕† ⊣∫ ⌋≀⇕√≀\⌉\⊔∫ ⟩\ ⊣ ⊔⟨⌉≀∇† ≀{ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫⇔ ⌊⊓⊔ ⊣↕∫≀ ⊣∫ ⊔≀≀↕∫ {≀∇ √∇⊣⌋⊔⟩⌋⊣↕ \⊣⊔⊓∇⊣↕ ↕⊣\}⊓⊣}⌉ √∇≀⌋⌉∫∫⟩\}↙

⊑

A⌋‖\≀⊒↕⌉⌈}⌉⇕⌉\⊔∫

I\ ⊔⟨⌉ √⊣∫⊔⇔ I ⟨⊣⊑⌉ ≀⌋⌋⊣∫⟩≀\⊣↕↕† ∇⌉⊣⌈ ⊔⟨⌉ ⊣⌋‖\≀⊒↕⌉⌈}⌉⇕⌉\⊔∫ ⟩\ ≀⊔⟨⌉∇ √⌉≀√↕⌉≃∫ √⊣√⌉∇∫ ⊣\⌈ ⌈⟩∫∫⌉∇⊔⊣⊔⟩≀\∫ ⊣\⌈ ⊔⟨≀⊓}⟨⊔⇔ ⊒⌉↕↕⇔ ⊔⟨⌉† ∇⌉⊣↕↕† ⌈≀ ∫⌉⌉⇕ ⊔≀ ⟨⊣⊑⌉ ⊔⟨∇≀⊒\ ⟩\ ⊔⟨⌉ ‖⟩⊔⌋⟨⌉\ ∫⟩\‖⇔ ⟨⊣⊑⌉\≃⊔ ⊔⟨⌉†⊥ W⟨⟩⌋⟨ ≀{ ⊔⟨≀∫⌉ √⌉≀√↕⌉ ∇⌉⊣↕↕† ⟨⊣⌈ ∫≀⇕⌉⊔⟨⟩\} ∫⟩}\⟩⊘⌋⊣\⊔ ⊔≀ ⌈≀ ⊒⟩⊔⟨ ⊔⟨⟩∫ ⊒≀∇‖⊥ I ⊒⟩↕↕ \⌉⊑⌉∇ ⊔⟨⟩\‖ ⊔⟨⊣⊔ ⊔⟨≀⊓}⟨⊔ ⊣}⊣⟩\↙ H⊣⊑⟩\} ∫⊣⊔ ⌈≀⊒\ ⊔≀ ⊣⌋‖\≀⊒↕⌉⌈}⌉ ⇕† ⌈⌉⌊⊔ ⊔≀ ⊔⟨⌉ √⌉≀√↕⌉ ⊣∇≀⊓\⌈ ⇕⌉ ⟩\ ⇕⊣‖⟩\} ⊔⟨⟩∫ ⌈⟩∫∫⌉∇⊔⊣⊔⟩≀\ ⟨⊣√√⌉\⇔ I ∇⌉⊣↕⟩‡⌉ ⊔⟨⊣⊔ ⊔⟨⌉ \⊓⇕⌊⌉∇ ≀{ √⌉≀√↕⌉ ⊒⟨≀ ⟨⊣⊑⌉ ⟨⊣⌈ ⊣ ∇⌉⊣↕ ⟩\⊙⊓⌉\⌋⌉ ⟩∫ ⌉\≀∇⇕≀⊓∫⇔ ⊣\⌈ ⊔⟨⊣⊔ ∫⟩⇕√↕† ↕⟩∫⊔⟩\} ⊔⟨⌉⟩∇ \⊣⇕⌉∫ ⟩∫ ⊣\ ⌉§√⌉⌈⟩⌉\⊔ ⌊⊓⊔ ⌋∇⟩⇕⟩\⊣↕↕† ⊓\⌈⌉∇∫⊔⊣⊔⌉⌈ ⊒⊣† ≀{ ∇⌉⌋≀}\⟩‡⟩\} ⊔⟨⌉⟩∇ ⌋≀\⊔∇⟩⌊⊓⊔⟩≀\↙

I ⊣⇕ ⊑⌉∇† }∇⊣⊔⌉{⊓↕ ⊔≀ ⇕† ⊣⌈⊑⟩∫≀∇⇔ A∇⊣⊑⟩\⌈ J≀∫⟨⟩⇔ {≀∇ ⟨⟩∫ ∫⊓√√≀∇⊔⇔ {≀∇ ⟨⟩∫ }⊓⟩⌈⊣\⌋⌉⇔ ⊣\⌈ {≀∇ ⟨⟩∫ ∇≀↕⌉ ⇐⊔≀}⌉⊔⟨⌉∇ ⊒⟩⊔⟨ ⟨⟩∫ ⌋≀↖⌈⟩∇⌉⌋⊔≀∇⇔ L⟩↕⊣ G↕⌉⟩⊔⇕⊣\⇒ ⟩\ ⌋∇⌉⊣⊔⟩\} ⊔⟨⌉ I\∫⊔⟩⊔⊓⊔⌉ {≀∇ R⌉∫⌉⊣∇⌋⟨ ⟩\ C≀}\⟩⊔⟩⊑⌉ S⌋⟩⌉\⌋⌉↙ I≃⇕ {≀∇⊔⊓\⊣⊔⌉ ⊔≀ ⟨⊣⊑⌉ ⌊⌉⌉\ ⊣ √⊣∇⊔ ≀{ IRCS ⊣⊔ ∫⊓⌋⟨ ⊣\ ⌉§⌋⟩⊔⟩\} ⊔⟩⇕⌉↙ I ⊒≀⊓↕⌈ ↕⟩‖⌉ ⊔≀ ⊔⟨⊣\‖ ⊔⟨⌉ ⇕⌉⇕⌊⌉∇∫ ≀{ ⇕† ⌈⟩∫∫⌉∇⊔⊣⊔⟩≀\ ⌋≀⇕⇕⟩⊔⊔⌉⌉¬ S⊔⌉⊑⌉ A⌊\⌉†⇔ L⟩↕⊣ G↕⌉⟩⊔⇕⊣\⇔ M⊣∇‖ L⟩⌊⌉∇⇕⊣\⇔ ⊣\⌈ M⟩⊔⌋⟨ M⊣∇⌋⊓∫↙ T⟨⌉† ⊣∇⌉ ⟩\⌈⟩⊑⟩⌈⊓⊣↕↕† ⌉§⊔∇⊣≀∇⌈⟩\⊣∇†⇔ ⊣\⌈ ⊔≀}⌉⊔⟨⌉∇ ⊔⟨⌉† {≀∇⇕ ⊣ ⌋≀⇕⇕⟩⊔⊔⌉⌉ ⊒⟩⊔⟨ ⌉\≀∇⇕≀⊓∫ √⌉∇∫≀\⊣↕⟩⊔† ⊣\⌈ ⟩\⊔⌉↕↕⌉⌋⊔↙ I ⊒≀⊓↕⌈ ↕⟩‖⌉ ⊔≀ ⊔⟨⊣\‖ ⊔⟨⌉ √⊣∇⊔⟩⌋⟩√⊣\⊔∫ ⟩\ P⌉\\≃∫ C≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ L⟩\}⊓⟩∫⊔⟩⌋∫ F⌉⌉⌈⌊⊣⌋‖ F≀∇⊓⇕ ⇐CL⟩FF }∇≀⊓√⇒ � ⊒⟨⟩⌋⟨ ⟩∫ ⊔≀ ∫⊣† ⇕† {⌉↕↕≀⊒ }∇⊣⌈ ∫⊔⊓⌈⌉\⊔∫⇔ ⊔⟨⌉ IRCS √≀∫⊔⌈≀⌋∫⇔ ⊣\⌈ ⊔⟨⌉ \⊣⊔⊓∇⊣↕ ↕⊣\}⊓⊣}⌉ {⊣⌋⊓↕⊔† ⊣⊔ P⌉\\ � {≀∇ ⊔⟨⌉⟩∇ ∫⊓√√≀∇⊔ ⊣\⌈ ⌋≀\∫⊔∇⊓⌋⊔⟩⊑⌉ ⌋∇⟩⊔⟩⌋⟩∫⇕↙ I\ √⊣∇⊔⟩⌋⊓↕⊣∇⇔ ⊔⟨⟩∫ ⊒≀∇‖ ⟨⊣∫ √∇≀⊘⊔⌉⌈ {∇≀⇕ ⌈⟩∫⌋⊓∫∫⟩≀\∫ ⊒⟩⊔⟨ E∇⟩⌋ B∇⟩↕↕⇔ B⊣∇⌊⊣∇⊣ D⟩E⊓}⌉\⟩≀⇔ B≀⌊ F∇⊣\‖⇔ M⟩⌋⟨⊣⌉↕ H⌉}⊣∇⊔†⇔ J⊣⇕⟩⌉ H⌉\⌈⌉∇∫≀\⇔ S⟨†⊣⇕ K⊣√⊓∇⇔ L⟩⌊⌊† L⌉⊑⟩∫≀\⇔ D⊣⊑⌉ M⊣}⌉∇⇕⊣\⇔ M⟩⌋⟨⊣⌉↕ N⟩⊑⇔ S⊣\⌈⌉⌉√ P∇⊣∫⊣⌈⊣⇔ O⊒⌉\ R⊣⇕⌊≀⊒⇔ R≀⌊⌉∇⊔ R⊓⌊⟩\≀{{⇔ G⟩≀∇}⟩≀ S⊣⊔⊔⊣⇔ J⌉{{ S⟩∫‖⟩\⌈⇔ M⊣∇‖ S⊔⌉⌉⌈⇕⊣\⇔ L†\ W⊣↕‖⌉∇⇔ M⟩‖⌉ W⟨⟩⊔⌉⇔ B≀\\⟩⌉ W⌉⌊⌊⌉∇⇔ ⊣\⌈ D⊣⊑⟩⌈ Y⊣∇≀⊒∫‖†↙ I ⟨⊣⊑⌉ ⊣↕∫≀ ⟨⊣⌈ ⌉§⊔∇⌉⇕⌉↕† ⟨⌉↕√{⊓↕ ⌈⟩∫⌋⊓∫∫⟩≀\∫ ⊒⟩⊔⟨ K⌉⊑⟩\ A⊔⊔⌉∫≀\⇔ K⌉\ C⟨⊓∇⌋⟨⇔ I⌈≀ D⊣}⊣\⇔ C⟨∇⟩∫⊔⟩⊣\⌉ F⌉↕↕⌊⊣⊓⇕⇔ J⊣\⌉ G∇⟩⇕∫⟨⊣⊒⇔ M⊣∇⊔⟩ H⌉⊣∇∫⊔⇔ D≀\⊣↕⌈ H⟩\⌈↕⌉⇔ T≀\† K∇≀⌋⟨⇔ A\\⟩⌉ L⌉⌈⌉∇⌉∇⇔ R≀⌊⌊⟩⌉ M⊣\⌈⌉↕⌊⊣⊓⇕⇔ G⊣⟩↕ M⊣⊓\⌉∇⇔ G⌉≀∇}⌉ M⟩↕↕⌉∇⇔ M⊣§ M⟩\⊔‡⇔ F⌉∇\⊣\⌈≀ P⌉∇⌉⟩∇⊣⇔ ⊣\⌈ S⊔⊓⊣∇⊔ S⟨⟩⌉⌊⌉∇↙ I ‖\≀⊒ ⟩⊔≃∫ ⊣ ↕≀\} ↕⟩∫⊔⇔ ⌊⊓⊔ ⌉⊣⌋⟨ \⊣⇕⌉ I ↕≀≀‖ ⊣⊔ ⌋⊣↕↕∫ ⊔≀ ⇕⟩\⌈ ⊣\ ⟩⇕√≀∇⊔⊣\⊔ ⌈⟩∫⌋⊓∫∫⟩≀\⇔ ⊣ ∫⟨⊣∇⌉⌈ ⟩\∫⟩}⟨⊔⇔ ≀∇⇔ ⇕≀∇⌉ ≀{⊔⌉\ ⊔⟨⌉\ \≀⊔⇔ ⊣ ⊒⟨≀↕⌉ ⌊↕⊓∇ ≀{ ⟩⇕⊣}⌉∫ ⊣\⌈ ⌋≀\⊑⌉∇∫⊣⊔⟩≀\∫ ≀⊑⌉∇ ⊔⟩⇕⌉↙ I≃⇕ }∇⊣⊔⌉{⊓↕ ⊔≀ ⟨⊣⊑⌉ ⌊⌉⌉\ ⊣ √⊣∇⊔ ≀{ ⊔⟨⌉ G↕⌉⟩⊔⇕⊣\∫≃ ⊖⌋⟨⌉⌉∫⌉⪰ ∫⌉⇕⟩\⊣∇⇔ ⊒⟩⊔⟨ ⊔⟨⊣\‖∫ ⌉∫√⌉⌋⟩⊣↕↕† ⊔≀ H⌉\∇† G↕⌉⟩⊔⇕⊣\⇔ L⟩↕⊣ G↕⌉⟩⊔⇕⊣\⇔ M⟩‖⌉ K⌉↕↕†⇔ ⊣\⌈ B⊣∇⌊⊣∇⊣ L⊣\⌈⊣⊓↙ T⟨≀∫⌉ ⇕⌉⌉⊔⟩\}∫ ⊣∇⌉⇔ I ⊔⟨⟩\‖⇔ ⊔⟨⌉ ⊑⌉∇† ⌉∫∫⌉\⌋⌉ ≀{ ⊒⟨⊣⊔ ∇⌉∫⌉⊣∇⌋⟨ ⟩∫ ⊣⌊≀⊓⊔↙ I ⟨≀√⌉ ⊔⟨⊣⊔ ∫≀⇕⌉⌈⊣† I ⌋⊣\ ⇕⊣\⊣}⌉ ⊔≀ ⌋≀⇕⌉ ⌋↕≀∫⌉ ⊔≀ ∇⌉⌋∇⌉⊣⊔⟩\} ∫≀⇕⌉⊔⟨⟩\} ↕⟩‖⌉ ⟩⊔ {≀∇ ≀⊔⟨⌉∇ }⌉\⌉∇⊣⊔⟩≀\∫ ≀{ ∫⊔⊓⌈⌉\⊔∫↙ I ≀⊒⌉ ⊣ ⌈⌉⌊⊔ ≀{ }∇⊣⊔⟩⊔⊓⌈⌉ ⊔≀ N⊣\ B⟩↕⊔‡⇔ C⊣∇≀↕†\ E↕‖⌉\⇔ D⊣⊒\ G∇⌉⟩∫⌊⊣⌋⟨⇔ C⟨∇⟩∫ S⊣\⌈†⇔ E∫⊔⌉↕↕⌉ T⊣†↕≀∇⇔ ⊣\⌈ T∇⟩∫⟨⊣ Y⊣\\⊓‡‡⟩ {≀∇ ⊣↕↕ ⊔⟨⌉⟩∇ ⟨⌉↕√ ⊒⟩⊔⟨ ⊔⟨⌉ ⟩\∫ ⊣\⌈ ≀⊓⊔∫ ≀{ ⊔⟨⌉ ⌈⌉√⊣∇⊔⇕⌉\⊔ ⊣\⌈ ⊔⟨⌉ ⊓\⟩⊑⌉∇∫⟩⊔†↙ D⟩⊔⊔≀ {≀∇ ⊔⟨⌉ ⌋≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ ∫⊓√√≀∇⊔ ≀{ M⊣∇‖↖J⊣∫≀\ D≀⇕⟩\⊓∫⇔ M⊣∇‖ F≀∫⊔⌉∇⇔ I∇⊣ W⟩\∫⊔≀\⇔ ⊣\⌈ M⊣∇⊔⟩\ Z⊣⟩⌈⌉↕↙ ⊑⟩

I ⊒≀⊓↕⌈ ↕⟩‖⌉ ⊔≀ ⊔⟨⊣\‖ G⌉≀∇}⌉ M⟩↕↕⌉∇ ⊣\⌈ ⊔⟨⌉ W≀∇⌈N⌉⊔ ⊖↕⌉§⟩}⊣\}⪰ {≀∇ ⊔⟨⌉⟩∇ ⌋≀\⊔⟩\⊓⌉⌈ ⟩\⊔⌉∇⌉∫⊔ ⊣\⌈ {≀∇ ⇕⊣‖⟩\} W≀∇⌈N⌉⊔ {∇⌉⌉↕† ⊣⊑⊣⟩↕⊣⌊↕⌉↙ I ⊒≀⊓↕⌈ ↕⟩‖⌉ ⊔≀ ⊣⌋‖\≀⊒↕⌉⌈}⌉ ⟨⌉↕√{⊓↕ ⌋≀\⊑⌉∇∫⊣⊔⟩≀\∫ ⊒⟩⊔⟨ ⇕† IBM {⌉↕↕≀⊒∫⟨⟩√ ⊔⌉⌋⟨\⟩⌋⊣↕ ↕⟩⊣⟩∫≀\⇔ W↕≀⌈⌉‖ Z⊣⌈∇≀‡\†⇔ ⊣\⌈ ⊔≀ ⌉§√∇⌉∫∫ ⇕† }∇⊣⊔⟩⊔⊓⌈⌉ ⊔≀ P⌉⊔⌉∇ B∇≀⊒\⇔ S⊔⌉√⟨⌉\ D⌉↕↕⊣ P⟩⌉⊔∇⊣⇔ V⟩\⌋⌉\⊔ D⌉↕↕⊣ P⟩⌉⊔∇⊣⇔ F∇⌉⌈ J⌉↕⟩\⌉‖⇔ ⊣\⌈ B≀⌊ M⌉∇⌋⌉∇ {≀∇ ⊔⟨⌉ ⌉\≀∇⇕≀⊓∫ ⊣⇕≀⊓\⊔ I ↕⌉⊣∇\⌉⌈ ⊒≀∇‖⟩\} ⊒⟩⊔⟨ ⊔⟨⌉⇕ ⊣⊔ ⊔⟨⌉ IBM T↙ J↙ W⊣⊔∫≀\ R⌉∫⌉⊣∇⌋⟨ C⌉\⊔⌉∇↙

T⟨⊣⊔≃∫ |⊓∫⊔ ⊔⟨⌉ ⌈⌉⌊⊔∫ I≃⊑⌉ ⟩\⌋⊓∇∇⌉⌈ ⌈⊓∇⟩\} {≀⊓∇ †⌉⊣∇∫ ⊣⊔ P⌉\\↙ I ⊣↕∫≀ ≀⊒⌉ ⊣ }∇⌉⊣⊔ ⇕⊣\† ⊔⟨⊣\‖∫ ⊔≀ ⊔⟨⌉ √⌉≀√↕⌉ ⊒⟨≀ ⟨⌉↕√⌉⌈ ⇕⌉ }⌉⊔ ∫⊔⊣∇⊔⌉⌈ ⟩\ ∇⌉∫⌉⊣∇⌋⟨ ⊣∫ ⊣\ ⊓\⌈⌉∇}∇⊣⌈⊓⊣⊔⌉ � ⟩\ √⊣∇⊔⟩⌋⊓↕⊣∇⇔ B⊣∇⌊⊣∇⊣ G∇≀∫‡⇔ J≀⟨\ W⟨⟩⊔⇕⊣\⇔ ⊣\⌈ B⟩↕↕ W≀≀⌈∫↙ ⇐T⟨⊣\‖∫⇔ ⊔≀≀⇔ ⊔≀ L⊣⊓∇⌉\⌋⌉ B≀⊓⊑⊣∇⌈⇔ {≀∇ ⟨⌉↕√⟩\} ⊔≀ ⟩\∫√⟩∇⌉ ⇕† ⟩\⊔⌉∇⌉∫⊔ ⟩\ ↕⟩\}⊓⟩∫⊔⟩⌋∫↙⇒ A\⌈ ⊔⟨⊣\‖∫ ⊔≀ ⊔⟨≀∫⌉ I ⊒≀∇‖⌉⌈ ⊒⟩⊔⟨ ⊣\⌈ ↕⌉⊣∇\⌉⌈ {∇≀⇕ ⊣⊔ B≀↕⊔ B⌉∇⊣\⌉‖ ⊣\⌈ N⌉⊒⇕⊣\ � ⟩\ √⊣∇⊔⟩⌋⊓↕⊣∇⇔ R⊓∫⊔† B≀⌊∇≀⊒⇔ B≀⌊ I\}∇⟩⊣⇔ L⊣\⌋⌉ R⊣⇕∫⟨⊣⊒⇔ ⊣\⌈ R⊣↕√⟨ W⌉⟩∫⌋⟨⌉⌈⌉↕↙

A∫ {≀∇ ⊔⟨⌉ √⌉∇∫≀\⊣↕ ⌈⌉⌊⊔∫⇔ ⊒≀∇⌈∫ ≀\ √⊣√⌉∇ ∫⌉⌉⇕ ⌉∫√⌉⌋⟩⊣↕↕† ⟩\⊣⌈⌉∐⊓⊣⊔⌉↙ T⟨⌉ ∫⊓√√≀∇⊔ ⊣\⌈ ↕≀⊑⌉ ≀{ ⇕† √⊣∇⌉\⊔∫ ⊣∇⌉ ⌋≀\∫⊔⊣\⊔∫ ⊔⟨⊣⊔ I ⌋≀⊓↕⌈ \≀⊔ ⟨⊣⊑⌉ ⌈≀\⌉ ⊒⟩⊔⟨≀⊓⊔↙ A\⌈ ⟩⊔ {⌉⌉↕∫ ⊔≀ ⇕⌉ ⊣∫ ⟩{ ⇕† ≀↕⌈ {∇⟩⌉\⌈∫ ⇐⌉∫√⌉⌋⟩⊣↕↕† D⌉⌊⌊⟩⌉ C≀⇔ D⊣\ J≀∫⌉↕↕⇔ ⊣\⌈ L†\\ S⊔⌉⟩\⇒ ⊣\⌈ \⌉⊒ {∇⟩⌉\⌈∫ ⇐⌉∫√⌉⌋⟩⊣↕↕† H≀⊒⊣∇⌈ L⊣\}⇔ L⟩⌊⌊† L⌉⊑⟩∫≀\⇔ R≀⌊⌊⟩⌉ M⊣\⌈⌉↕⌊⊣⊓⇕⇔ ⊣\⌈ O⊒⌉\ R⊣⇕⌊≀⊒⇒ ⟨⊣⊑⌉ ∫⊣⊑⌉⌈ ⇕† ↕⟩{⌉ ⇕≀∇⌉ ⊔⟩⇕⌉∫ ⊔⟨⊣\ I ⌋⊣\ ⌋≀⊓\⊔↙

F⟩\⊣↕↕†¬ T∇⊣⌋† ⊣\⌈ B⌉\|⊣⇕⟩\↙ W≀∇⌈∫ ⌋≀⊓↕⌈ \≀⊔ √≀∫∫⟩⌊↕† ∫⊣†↙

O⟨ †⌉∫⇔ ⊣\⌈ ⊔⟨⌉\ ⊔⟨⌉∇⌉≃∫ ⇕≀\⌉†↙ T⟨⟩∫ ⊒≀∇‖ ⊒⊣∫ √⊣∇⊔⟩⊣↕↕† ∫⊓√√≀∇⊔⌉⌈ ⌊† ⊔⟨⌉ {≀↕↕≀⊒⟩\} }∇⊣\⊔∫¬ ARO DAAL ′∋↖∀∃↖C↖′′∋∞⇔ DARPA N′′′∞△↖∃′↖J↖∞∀∌⇔ NSF IRI ∃′↖∞▽̸∃∈⇔ ⊣\⌈ B⌉\ F∇⊣\‖↕⟩\ ∃∞S↙∋′∀C↖∞⇔ ⊣\⌈ ⌊† ⊣\ IBM G∇⊣⌈⊓⊣⊔⌉ F⌉↕↕≀⊒∫⟨⟩√↙

⊑⟩⟩

C≀\⊔⌉\⊔∫

A⌊∫⊔∇⊣⌋⊔ ⟩⊑ A⌋‖\≀⊒↕⌉⌈}⌉⇕⌉\⊔∫ ⊑⟩ ∞ I\⊔∇≀⌈⊓⌋⊔⟩≀\ ∞ ∞↙∞ S⌉⊔⊔⟩\} . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1 1▷2 Argument . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2 1▷3 Chapter Summaries . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3 2 Word Classes in CorpusBased Research 5 2▷1 Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5 2▷2 Lexical Statistics and their Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6 2▷3 Word Classes Based on Lexical Distributions . . . . . . . . . . . . . . . . . . . . . . . . 9 2▷3▷1 Smoothing methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10 2▷3▷2 Proximity methods and clustering . . . . . . . . . . . . . . . . . . . . . . . . . . 12 2▷3▷3 Vector representations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14 2▷3▷4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16 2▷4 Word Classes Based on a Taxonomy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21 2▷4▷1 The WordNet noun taxonomy and its semantics . . . . . . . . . . . . . . . . . . . 22 2▷4▷2 Estimation of class probabilities . . . . . . . . . . . . . . . . . . . . . . . . . . . 27 2▷4▷3 Comparison with distributional methods . . . . . . . . . . . . . . . . . . . . . . . 29 3 An InformationTheoretic Account of Selectional Constraints 34 3▷1 Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34 3▷2 Category Mistakes . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36 3▷2▷1 Entailment . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36 3▷2▷2 Presupposition and meaninglessness . . . . . . . . . . . . . . . . . . . . . . . . . 37 3▷2▷3 Implicatures pragmatics and metalinguistic negation . . . . . . . . . . . . . . . . 38 3▷3 Selection Restrictions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42 3▷3▷1 Selection restrictions as lexical features . . . . . . . . . . . . . . . . . . . . . . . 42 3▷3▷2 Selection restrictions as syntactic features . . . . . . . . . . . . . . . . . . . . . . 43 3▷3▷3 Selection restrictions as semantic constraints . . . . . . . . . . . . . . . . . . . . . 44 3▷3▷4 Selection restrictions and inference . . . . . . . . . . . . . . . . . . . . . . . . . 45 3▷4 Summary and Prospects . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48

3▷4▷1 Properties of selectional constraints . . . . . . . . . . . . . . . . . . . . . . . . . 48 3▷4▷2 A dilemma . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49 3▷4▷3 A proposal . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51 3▷5 Selection as Information . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53 3▷5▷1 Intuitions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53 3▷5▷2 Formalization . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54 3▷6 Predicted Behavior . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59 3▷7 Empirical Behavior . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61 3▷7▷1 Computational apparatus . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61 3▷7▷2 Traditional examples . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63 3▷7▷3 Argument plausibility . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68 3▷8 Other Computational Approaches . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72 3▷9 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75 4 Selectional Preference and Implicit Objects 76 4▷1 Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 76 4▷2 Implicit Object Alternations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 77 4▷2▷1 Nonlexically conditioned object omission . . . . . . . . . . . . . . . . . . . . . . 78 4▷2▷2 Lexicallyconditioned object omission . . . . . . . . . . . . . . . . . . . . . . . . 78 4▷2▷3 Diagnostics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 80 4▷2▷4 Properties of implicit objects . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 81 4▷3 Experiment 1. Selection and Optionality . . . . . . . . . . . . . . . . . . . . . . . . . . . 84 4▷3▷1 Procedure . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 84 4▷3▷2 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 85 4▷3▷3 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 86 4▷4 Experiment 2. Selection and Frequency of Omission . . . . . . . . . . . . . . . . . . . . 87 4▷4▷1 Procedure . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 88 4▷4▷2 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 88 4▷5 Experiment 3. Distinguishing Subclasses of Objectdrop Verbs . . . . . . . . . . . . . . . 88 4▷6 General Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 90 4▷6▷1 Aspectual constraints . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 91 4▷6▷2 Taxonomic relationships . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 94 4▷6▷3 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 97 4▷7 Thoughts on verb acquisition . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 98 4▷7▷1 Plausibility considerations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 98 4▷7▷2 Relation to bootstrapping . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 99 5 Semantic Classes and Syntactic Ambiguity 103 5▷1 Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 103 5▷2 Parsing Preference Strategies . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 104 5▷3 Coordination . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 105 5▷3▷1 Cues to the correct analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 105 5▷3▷2 Approximating the cues . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 106 5▷3▷3 Experiment 1 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 111

5▷3▷4 Experiment 2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 113 5▷4 Prepositional Phrase Attachment . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 114 5▷4▷1 Lexical association . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 115 5▷4▷2 Prepositional objects . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 116 5▷4▷3 Conceptual association . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 116 5▷4▷4 Experimental results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 120 5▷4▷5 Relation to other work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 123 5▷5 Nominal Compounds . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 126 5▷5▷1 Syntactic bias and semantic preferences . . . . . . . . . . . . . . . . . . . . . . . 126 5▷5▷2 Implementation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 127 5▷5▷3 Quantitative Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 127 5▷5▷4 Qualitative Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 128 6 Conclusions 132 6▷1 Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 132 6▷2 Thoughts on Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 133 A Notes on Probability Estimation 134 A▷1 Unit Credit Assignment . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 134 A▷2 GoodTuring Estimates . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 134 A▷3 Frequency Estimates Using the Taxonomy . . . . . . . . . . . . . . . . . . . . . . . . . . 136 B Experimental Data from Chapter 4 138 B▷1 Experiment 1 Brown Corpus . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 138 B▷2 Experiment 1 CHILDES . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 139 B▷3 Experiment 1 Norms . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 139 B▷4 Experiment 2 Brown Corpus . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 140 B▷5 Experiment 2 CHILDES Corpus . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 140 B▷6 Experiment 2 Norms . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 141 B▷7 Experiment 3 Verbs from Lehrerφs ↼1970↽ Verb Classiαcation . . . . . . . . . . . . . . . . 141 B▷8 Experiment 3 Brown Corpus . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 142 B▷9 Experiment 3 CHILDES . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 143 C Word Similarity Data from Chapter 5 144 Bibliography 146 Name Index 158

List of Tables

2▷1 Verbobject pairs for drink ↼with count > 1↽ . . . . . . . . . . . . . . . . . . . . . . . . . 8 2▷2 Verbobject pairs for open ↼with count > 1↽ . . . . . . . . . . . . . . . . . . . . . . . . . 8 2▷3 Schematic representation of a lexical matrix . . . . . . . . . . . . . . . . . . . . . . . . . 24 2▷4 Brown corpus nouns missing from WordNet . . . . . . . . . . . . . . . . . . . . . . . . . 27 3▷1 Selectional association for NPbias verbs . . . . . . . . . . . . . . . . . . . . . . . . . . 70 3▷2 Selectional association for clausalbias verbs . . . . . . . . . . . . . . . . . . . . . . . . 71 4▷1 Subclassiαcation of objectdrop verbs . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89 4▷2 Some verbs and their associated classes of direct objects . . . . . . . . . . . . . . . . . . 96 5▷1 Sufαx rules for reducing nouns to root form▷ . . . . . . . . . . . . . . . . . . . . . . . . 107 5▷2 Superclasses for ⟨nickel, 3567117⟩ ⊣\⌈ ⟨dime, 3567068⟩ . . . . . . . . . . . . . . . . . . 108 5▷3 Similarity with tobacco computed by maximizing information . . . . . . . . . . . . . . . 109 5▷4 Incorrect bracketings of ♭n1 ♭n2 n3♯♯ . . . . . . . . . . . . . . . . . . . . . . . . . . . . 129 5▷5 Incorrect bracketings of ♭♭n1 n2♯ n3♯ . . . . . . . . . . . . . . . . . . . . . . . . . . . . 130

List of Figures

2▷1 Relationship between mutual information and entropy . . . . . . . . . . . . . . . . . . . 7 3▷1 Example of a prior distribution and a posterior distribution . . . . . . . . . . . . . . . . . 55 3▷2 Simple distributions to illustrate relative entropy . . . . . . . . . . . . . . . . . . . . . . 57 4▷1 Selectional behavior of need and eat . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 83 4▷2 Correlation between selection and implicit objects . . . . . . . . . . . . . . . . . . . . . 89 4▷3 Schematic view of the verb mapping problem . . . . . . . . . . . . . . . . . . . . . . . . 99 5▷1 Noun classes in prepositional phrase attachment . . . . . . . . . . . . . . . . . . . . . . . 117 A▷1 Example of smoothing in GoodTuring probability estimation . . . . . . . . . . . . . . . . 135 A▷2 A simple taxonomy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 136

Introduction

1▷1 Setting This thesis is about lexical relationships▷ Its underlying premise is that the informationtheoretic view of language as a stochastic phenomenon and the linguistic view of language as a cognitive phenomenon though often characterized as being in opposition to each other are not fundamentally incompatible▷ Although this premise is accepted in principle by many it seems only rarely to have found its way into actual research▷ I demonstrate the compatibility of the two viewpoints by showing that selectional constraints � long discussed by linguists and philosophers of language � can be expressed as an informationtheoretic rela tionship in a way that respects those discussions rather than ignoring them▷ I argue that this formalization has value both for linguistic analysis and for practical work in natural language processing ↼NLP↽▷ In the process of doing this work a priority of mine has been that the ideas be coherent both to researchers in statistical NLP methods and also to linguists and psycholinguists interested in language from a cognitive perspective▷ Walking this line has not always been easy especially with regard to methodology � I expect that some cognitive scientists will remain unconvinced by experiments that use online text corpora rather than human subjects and that some applicationsoriented NLP researchers will question the value of building introspective knowledge into a system without regard to what the actual training and test data are going to be▷ Nonetheless I hope even those people will αnd the result relevant and interesting if not ultimately persuasive▷ The proposals in this thesis are I think consistent with directions in which research on language from both practical and theoretical perspectives appears to be evolving▷ I will mention just a few examples of what I mean by this▷ First it is becoming clear that statistical methods in natural language processing are moving toward the integration of more linguistic information into probabilistic models � as an indication of how much so consider that the Penn Treebank is moving in the direction of annotating not only surface linguistic structure but predicateargument structure as well ↼Marcus Santorini and Marcinkiewicz 1993↽▷ This makes perfect sense since the value of a probabilistic model is ultimately constrained by how well its underlying structure � that is the event space over which it is deαned � matches the underlying structure of the phenomenon it is modeling▷ Despite references to Ψpurely statisticalν models of language there is no such thing. even the simple ngram model has underlying it a αnitestate model entailing a commitment to the view of linguistic structure criticized to such great effect by Chomsky in Syntactic Structures▷

Second in studies of human sentence processing there is an increasing interest in models based on the satisfaction of probabilistic constraints rather than the application of rules or strategies, see for example ↼MacDonald in press, Tabossi et al▷ in press↽▷ Such studies share many of the same concerns that are central in constructing stochastic language models. how plausible is this lexical combination as compared to that one and given this context what is expected next⋆ In addition I think work in language learning is beginning to pay increasing attention to large quantities of realistic data▷ This is reβected in empirical studies that use the CHILDES data collection to conαrm or refute hypotheses ↼e▷g▷ ↼Xu and Pinker 1992↽↽ and in theoretical work on language learning that takes the messy nature of real data into account ↼e▷g▷ ↼Siskind 1993a, Kapur 1992↽↽▷

1▷2 Argument Selectional constraints are limitations on the applicability of predicates to arguments▷ For example the statement ΨThe number two is blueν may be syntactically well formed but at some level it is anomalous � BLUE is not a predicate that can be applied to numbers▷ Philosophers have called examples like this one Ψcategory mistakesν and generative linguists have called them Ψselectional violations▷ν The most inβuential theory of selectional constraints has been the one proposed by Katz and Fodor ↼1964↽ according to which a predicate associates a set of deαning features with each argument expressed within a restricted semantic vocabulary▷ Despite the persistence of this theory however there is widespread agreement about its empirical shortcomings ↼McCawley 1968, Fodor 1977↽▷ As an alternative some critics of the KatzFodor theory ↼e▷g▷ ↼JohnsonLaird 1983↽↽ have abandoned the treatment of selectional constraints as semantic instead treating them as indistinguishable from inferences made on the basis of factual knowledge▷ This provides a better match for the empirical phenomena but it opens up a different problem. if selectional constraints are the same as inferences in general then accounting for them will require a much more complete understanding of knowledge representation and inference than we have at present▷ The problem then is this. how can a theory of selectional constraints be elaborated without αrst having either an empirically adequate theory of semantic features or a comprehensive theory of conceptual knowledge and inference⋆ I will suggest that an answer to this question lies in the representation of conceptual knowledge▷ Fol lowing Miller ↼1990b↽ I adopt a Ψdifferentialν approach to conceptual representation in which a conceptual taxonomy is deαned in terms of inferential relationships rather than deαnitional features▷ Speciαcally knowledge about words is represented in terms of other words whose meanings they share▷ I characterize the notion of Ψsharingν a meaning in terms of plausible entailments. two words share a meaning if there is a representative context in which they are mutually substitutable without changing the inferences one would ordinarily be licensed to draw▷ Crucially however the inferences themselves are not made explicit in the knowledge representation▷ The role of inferences is indirect � they determine what the structure of the taxonomy will be but otherwise are not a part of the knowledge stored there▷ My hypothesis is that a theory of selectional constraints need make reference only to knowledge stored in a taxonomy of this kind without ever referring overtly to inferential processes or to other forms of factual knowledge▷ I propose such a theory formalizing selectional relationships in probabilistic terms▷ The selectional behavior of a predicate is modeled as its distributional effect on the conceptual classes of its arguments expressed using the relative entropy between the prior distribution of argument concepts and the posterior distribution of argument concepts given the predicate▷ Using this informationtheoretic measure leads to an illuminating interpretation of what selectional constraints are. the strength of a predicateφs selection for an argument is identiαed with the quantity of information it carries about that argument▷ In the computational implementation of this model WordNet ↼Miller 1990b↽ serves as a proxy for the conceptual taxonomy and online corpora provide linguistic input▷ Thus unlike previous theories the present model demonstrates the capacity to acquire selectional constraints and it has been tested using large quantities of naturally occurring data▷ The performance of the implementation supports the empirical adequacy of the theoretical model. without additional specialpurpose algorithms the implemented model shows appropriate behavior when confronted with traditional examples considered by Katz and Fodor and their critics▷ The remainder of the thesis concerns the application of the theory to two problems▷ First I consider a linguistic question. why some transitive verbs permit implicit direct objects ↼ΨJohn ate ∅⪰⇒ ⊣\⌈ ≀⊔⟨⌉∇∫ ⌈≀ \≀⊔ ⇐⊖⇑J≀⟨\ ⌊∇≀⊓}⟨⊔ ∅⪰⇒↙ I⊔ ⟨⊣∫ ≀{⊔⌉\ ⌊⌉⌉\ ≀⌊∫⌉∇⊑⌉⌈ ⟩\{≀∇⇕⊣↕↕† ⊔⟨⊣⊔ ⊔⟨⌉ ≀⇕⟩∫∫⟩≀\ ≀{ ≀⌊|⌉⌋⊔∫ ⟩∫ ⌋≀\\⌉⌋⊔⌉⌈ ⊔≀ ⊔⟨⌉ ⌉⊣∫⌉ ⊒⟩⊔⟨ ⊒⟨⟩⌋⟨ ⊔⟨⌉ ≀⌊|⌉⌋⊔ ⌋⊣\ ⌊⌉ ⟩\{⌉∇∇⌉⌈↙ I ⟨⊣⊑⌉ ⇕⊣⌈⌉ ⊔⟨⟩∫ ⟩\{≀∇⇕⊣↕ ≀⌊∫⌉∇⊑⊣⊔⟩≀\ ⇕≀∇⌉ √∇⌉⌋⟩∫⌉ ⌊† √≀∫⟩⊔⟩\} ⊣ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√ ⌊⌉⊔⊒⌉⌉\ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫ ⊣\⌈ ⟩\{⌉∇⊣⌊⟩↕⟩⊔†↙ T⟨⟩∫ ⊒≀⊓↕⌈ √∇⌉⌈⟩⌋⊔ ⇐⟩⇒ ⊔⟨⊣⊔ ⊑⌉∇⌊∫ √⌉∇⇕⟩⊔⊔⟩\} ⟩⇕√↕⟩⌋⟩⊔ ≀⌊|⌉⌋⊔∫ ∫⌉↕⌉⌋⊔ ⇕≀∇⌉ ∫⊔∇≀\}↕† {≀∇ ⇐⟩↙⌉↙ ⌋⊣∇∇† ⇕≀∇⌉ ⟩\{≀∇⇕⊣⊔⟩≀\ ⊣⌊≀⊓⊔⇒ ⊔⟨⊣⊔ ⊣∇}⊓⇕⌉\⊔ ⊔⟨⊣\ ⊑⌉∇⌊∫ ⊔⟨⊣⊔ ⌈≀ \≀⊔⇔ ⊣\⌈ ⇐⟩⟩⇒ ⊔⟨⊣⊔ ∫⊔∇⌉\}⊔⟨ ≀{ ∫⌉↕⌉⌋⊔⟩≀\ ⟩∫ ⊣ √∇⌉⌈⟩⌋⊔≀∇ ≀{ ⟨≀⊒ ≀{⊔⌉\ ⊑⌉∇⌊∫ ≀⇕⟩⊔ ⊔⟨⌉⟩∇ ≀⌊|⌉⌋⊔∫ ⟩\ \⊣⊔⊓∇⊣↕↕† ≀⌋⌋⊓∇∇⟩\} ⊓⊔⊔⌉∇⊣\⌋⌉∫↙ C≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ ⌉§√⌉∇⟩⇕⌉\⊔∫ ⌋≀\⊘∇⇕ ⊔⟨⌉∫⌉ √∇⌉⌈⟩⌋⊔⟩≀\∫↙ S⌉⌋≀\⌈⇔ I ⌉§√↕≀∇⌉ ⊔⟨⌉ √∇⊣⌋⊔⟩⌋⊣↕ ⊣√√↕⟩⌋⊣⊔⟩≀\∫ ≀{ ⊔⟨⌉ ⇕≀⌈⌉↕ ⟩\ ∇⌉∫≀↕⊑⟩\} ∫†\⊔⊣⌋⊔⟩⌋ ⊣⇕⌊⟩}⊓⟩⊔†⇔ {≀↕↕≀⊒⟩\} ⊣ \⊓⇕⌊⌉∇ ≀{ ⊣⊓⊔⟨≀∇∫ ⇐⌉↙}↙ H⟩\⌈↕⌉ ⊣\⌈ R≀≀⊔⟨ ⇐∞∃∃∞∅ ∞∃∃∋⇒⇒ ⊒⟨≀ ⟨⊣⊑⌉ ∇⌉⌋⌉\⊔↕† ⌊⌉}⊓\ ⟩\⊑⌉∫⊔⟩}⊣⊔⟩\} ⊔⟨⌉ ⊓∫⌉ ≀{ ⌋≀∇√⊓∫↖⌊⊣∫⌉⌈ ↕⌉§⟩⌋⊣↕ ∫⊔⊣⊔⟩∫⊔⟩⌋∫ ⟩\ √⊣∇∫⟩\}↙ T⟨⌉ ⟨†√≀⊔⟨⌉∫⟩∫ ⌋≀\∫⟩⌈⌉∇⌉⌈ ⟨⌉∇⌉ ⟩∫ ⊔⟨⊣⊔ ⇕⊣\† ↕⌉§⟩⌋⊣↕ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√∫ ∇⌉⊙⌉⌋⊔ ⊓\⌈⌉∇↕†⟩\} ⌋≀\⌋⌉√⊔⊓⊣↕ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√∫⇔ ⊣\⌈ ⊔⟨⊣⊔ ∫⊔⊣⊔⟩∫⊔⟩⌋⊣↕ ⌈⟩∫⊣⇕⌊⟩}⊓⊣⊔⟩≀\ ∫⊔∇⊣⊔⌉}⟩⌉∫ ∫⟨≀⊓↕⌈ ⊔⊣‖⌉ ⊔⟨≀∫⌉ ⟩\⊔≀ ⊣⌋⌋≀⊓\⊔↙ L⟩‖⌉ ⊣√√∇≀⊣⌋⟨⌉∫ ⊔⟨⊣⊔ ⌋∇⌉⊣⊔⌉ ⊣\⌈ ⊓∫⌉ ⊒≀∇⌈ ⌋↕⊣∫∫⌉∫ ≀\ ⊔⟨⌉ ⌊⊣∫⟩∫ ≀{ ⌈⟩∫⊔∇⟩⌊⊓⊔⟩≀\⊣↕ ⌊⌉⟨⊣⊑⟩≀∇ ⟩\ ⊔⌉§⊔ ⌋≀∇√≀∇⊣⇔ ⊔⟨⟩∫ √∇≀⊑⟩⌈⌉∫ ∫≀⇕⌉ ⇕⌉⊣∫⊓∇⌉ ≀{ ∇⌉∫⟩∫⊔⊣\⌋⌉ ⊔≀ ⊔⟨⌉ √∇≀⌊↕⌉⇕ ≀{ ⌈⊣⊔⊣ ∫√⊣∇∫⌉\⌉∫∫↙ U\↕⟩‖⌉ ⊔⟨≀∫⌉ ⊣√√∇≀⊣⌋⟨⌉∫⇔ ⟨≀⊒⌉⊑⌉∇⇔ ⊔⟨⌉ ⊓∫⌉ ≀{ ‖\≀⊒↕⌉⌈}⌉↖⌊⊣∫⌉⌈ ∇⊣⊔⟨⌉∇ ⊔⟨⊣\ ⌈⟩∫⊔∇⟩⌊⊓⊔⟩≀\⊣↕ ⌋↕⊣∫∫⌉∫ √∇≀⊑⟩⌈⌉∫ ⊣ ⌋↕⌉⊣∇ ⟩\⊔⌉∇√∇⌉⊔⊣⊔⟩≀\ {≀∇ ⊒⟨⊣⊔ ⟩∫ ⟩\ ⊣ ⌋↕⊣∫∫⇔ ⊣\⌈ ⊔⊣‖⌉∫ ⊣⌈⊑⊣\⊔⊣}⌉ ≀{ ⌉§⟩∫⊔⟩\} ≀\↖↕⟩\⌉ ‖\≀⊒↕⌉⌈}⌉ ∫≀⊓∇⌋⌉∫↙ A↕⊔⟨≀⊓}⟨ ⊔⟨⌉ ⊓∫⌉ ≀{ ∫⌉⇕⊣\⊔⟩⌋ ≀∇ ⌋≀\⌋⌉√⊔⊓⊣↕ ⊒≀∇⌈ ⌋↕⊣∫∫⌉∫ ⟩\ ⌈⟩∫⊣⇕⌊⟩}⊓⊣⊔⟩≀\ ⟨⊣∫ ⌊⌉⌉\ ⟩\⊑⌉∫⊔⟩}⊣⊔⌉⌈ ⊓∫⟩\} ⊣ ∫⇕⊣↕↕ ∫⌉⊔ ≀{ ∫⌉⇕⊣\⊔⟩⌋ √∇⟩⇕⟩⊔⟩⊑⌉∫ ≀∇ ⊔⌉§⊔ {∇≀⇕ ⊣ ∇⌉∫⊔∇⟩⌋⊔⌉⌈ ⌈≀⇕⊣⟩\ ⇐B⊣∫⟩↕⟩⇔ P⊣‡⟩⌉\‡⊣⇔ ⊣\⌈ V⌉↕⊣∇⌈⟩⇔ ∞∃∃∞∅ C⟨⊣\}⇔ L⊓≀⇔ ⊣\⌈ S⊓⇔ ∞∃∃∈∅ G∇⟩∫⟨⇕⊣\ ⊣\⌈ S⊔⌉∇↕⟩\}⇔ ∞∃∃∈∅ W⌉⟩∫⌋⟨⌉⌈⌉↕ ⌉⊔ ⊣↕↙⇔ ∞∃∃∞⇒⇔ ⊔≀ ⇕† ‖\≀⊒↕⌉⌈}⌉ ⊔⟨⌉ √∇⌉∫⌉\⊔ ⊒≀∇‖ ⟩∫ ⊔⟨⌉ ⊘∇∫⊔ ⊔≀ ⊣√√↕† ∫⊔⊣⊔⟩∫⊔⟩⌋⊣↕ ⌈⟩∫⊣⇕⌊⟩}⊓⊣⊔⟩≀\ ⊔⌉⌋⟨\⟩∐⊓⌉∫ ⊓∫⟩\} ⊣ ↕⊣∇}⌉↖∫⌋⊣↕⌉ ⌋≀\⌋⌉√⊔⊓⊣↕ ⊔⊣§≀\≀⇕† ⊔≀ ⊓\∇⌉∫⊔∇⟩⌋⊔⌉⌈ ⊔⌉§⊔ ⌋≀∇√≀∇⊣↙ T⟨⌉ ∇⌉∫⊓↕⊔∫ ∫⊓}}⌉∫⊔ ⊔⟨⊣⊔ ⊔⟨⌉ ⟩\{≀∇⇕⊣⊔⟩≀\↖⊔⟨⌉≀∇⌉⊔⟩⌋ ⇕⌉⊣∫⊓∇⌉∫ √∇≀√≀∫⌉⌈ ⟨⌉∇⌉ ⌋⊣\ ∫⌉∇⊑⌉ \≀⊔ ≀\↕† ⊣∫ ⌋≀⇕√≀\⌉\⊔∫ ⟩\ ⊣ ⊔⟨⌉≀∇† ≀{ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫⇔ ⌊⊓⊔ ⊣↕∫≀ ⊣∫ ⊔≀≀↕∫ {≀∇ √∇⊣⌋⊔⟩⌋⊣↕ \⊣⊔⊓∇⊣↕ ↕⊣\}⊓⊣}⌉ √∇≀⌋⌉∫∫⟩\}↙

∞↙∋ C⟨⊣√⊔⌉∇ S⊓⇕⇕⊣∇⟩⌉∫ C⟨⊣√⊔⌉∇ ∈↙ I\ ⊔⟨⟩∫ ⌋⟨⊣√⊔⌉∇⇔ I ⌈⟩∫⌋⊓∫∫ ⊔⟨⌉ ⊓∫⌉ ≀{ ⌋≀∇√⊓∫↖⌊⊣∫⌉⌈ ∫⊔⊣⊔⟩∫⊔⟩⌋∫ ⊔≀ ⌋⊣√⊔⊓∇⌉ ↕⌉§⟩⌋⊣↕ √∇≀√⌉∇⊔⟩⌉∫↙ A{⊔⌉∇ ⟩↕↕⊓∫⊔∇⊣⊔⟩\} ⟨≀⊒ ∫≀⇕⌉ ↕⟩⇕⟩⊔⊣⊔⟩≀\∫ ≀{ ∫⊔⊣⊔⟩∫⊔⟩⌋∫ ⌊⊣∫⌉⌈ ∫≀↕⌉↕† ≀\ ⊒≀∇⌈ ⌋≀↖≀⌋⌋⊓∇∇⌉\⌋⌉ ∫⊓}}⌉∫⊔ }⌉\⌉∇⊣↕⟩‡⟩\} {∇≀⇕ ⊒≀∇⌈∫ ⊔≀ ⊒≀∇⌈ ⌋↕⊣∫∫⌉∫⇔ I ⌈⟩∫⌋⊓∫∫ ⊔⟨⌉ ⊣↕⊔⌉∇\⊣⊔⟩⊑⌉∫ ≀{ ⊓∫⟩\} ⌋↕⊣∫∫⌉∫ ⌊⊣∫⌉⌈ ≀\ ⌈⟩∫⊔∇⟩⌊⊓⊔⟩≀\⊣↕ ∫⟩⇕⟩↕⊣∇⟩⊔† ⊣\⌈ ⊓∫⟩\} ⌋↕⊣∫∫⌉∫ ⌊⊣∫⌉⌈ ≀\ ⊔⊣§≀\≀⇕⟩⌋ ‖\≀⊒↕⌉⌈}⌉↙ I ⊔⟨⌉\ √∇≀√≀∫⌉ ⊔≀ ⌋≀⇕√⊓⊔⌉ ⌋↕⊣∫∫↖⌊⊣∫⌉⌈ ∫⊔⊣⊔⟩∫⊔⟩⌋∫ ⊓∫⟩\} ⊣ ‖\≀⊒↕⌉⌈}⌉↖ ⌊⊣∫⌉⌈⇔ ⌋≀\⌋⌉√⊔⊓⊣↕ ⊔⊣§≀\≀⇕†⇔ ⌈⌉⊔⊣⟩↕⟩\} ⊔⟨⌉ ∫⌉⇕⊣\⊔⟩⌋∫ ≀{ ∫⊓⌋⟨ ⊣ ⊔⊣§≀\≀⇕† ⊣\⌈ ⌈⟩∫⌋⊓∫∫⟩\} ⟨≀⊒ ⌋↕⊣∫∫↖⌊⊣∫⌉⌈ √∇≀⌊⊣⌊⟩↕⟩⊔⟩⌉∫ ⊣∇⌉ ⌉∫⊔⟩⇕⊣⊔⌉⌈↙

△ C⟨⊣√⊔⌉∇ ∋↙ T⟨⟩∫ ⌋⟨⊣√⊔⌉∇ ∇⌉√∇⌉∫⌉\⊔∫ ⊔⟨⌉ ⌋≀∇⌉ ≀{ ⊔⟨⌉ ⊔⟨⌉∫⟩∫↙ L⟩⇕⟩⊔∫ ≀\ ⊔⟨⌉ ⊣√√↕⟩⌋⊣⌊⟩↕⟩⊔† ≀{ √∇⌉⌈⟩⌋⊣⊔⌉∫ ⊔≀ ⊣∇}⊓⇕⌉\⊔∫ ⟨⊣⊑⌉ ⊑⊣∇⟩≀⊓∫↕† ⌊⌉⌉\ ⌋⊣↕↕⌉⌈ ∫≀∇⊔⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫⇔ ∫⌉↕⌉⌋⊔⟩≀\ ⇐≀∇ ∫⌉↕⌉⌋⊔⟩≀\⊣↕⇒ ∇⌉∫⊔∇⟩⌋⊔⟩≀\∫ ≀∇ ⌋≀\∫⊔∇⊣⟩\⊔∫⇔ ⊣\⌈ ⊔†√⌉ ∇⊓↕⌉∫↙ A ∇⌉⊑⟩⌉⊒ ≀{ ⊔⟨⌉ ↕⟩⊔⌉∇⊣⊔⊓∇⌉ ≀\ ∫⊓⌋⟨ ⌋≀\∫⊔∇⊣⟩\⊔∫ ∫⊓}}⌉∫⊔∫ ⊔⊒≀ ⌈⟩{{⌉∇⌉\⊔ ⊒⊣†∫ ⟩\ ⊒⟨⟩⌋⟨ ⊔⟨⌉† ⌋⊣\ ⌊⌉ ⌋⟨⊣∇⊣⌋⊔⌉∇⟩‡⌉⌈¬ ⊣ ⊖∫⌉⇕⊣\⊔⟩⌋⪰ ⊣√√∇≀⊣⌋⟨⇔ ⊒⟨⟩⌋⟨ ⟨⊣∫ ⌊⌉⌉\ ∐⊓⌉∫⊔⟩≀\⌉⌈ ≀\ ⌉⇕√⟩∇⟩⌋⊣↕ }∇≀⊓\⌈∫⇔ ⊣\⌈ ⊣\ ⊖⟩\{⌉∇⌉\⊔⟩⊣↕⪰ ⊣√√∇≀⊣⌋⟨⇔ {≀∇ ⊒⟨⟩⌋⟨ ⊔⟨⌉ ⊔⟨⌉≀∇⌉⊔⟩⌋⊣↕ ⟩∫∫⊓⌉∫ ⊣∇⌉ ⊣⊔ √∇⌉∫⌉\⊔ √≀≀∇↕† ⊓\⌈⌉∇∫⊔≀≀⌈↙ I\ ⊔⟨⟩∫ ⌋⟨⊣√⊔⌉∇⇔ I √∇≀√≀∫⌉ ⊣ \⌉⊒⇔ ⟩\{≀∇⇕⊣⊔⟩≀\↖⊔⟨⌉≀∇⌉⊔⟩⌋ {≀∇⇕⊣↕⟩‡⊣⊔⟩≀\ ≀{ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫ ⌊⊣∫⌉⌈ ≀\ ⊔⟨⌉ ⊔⊣§≀\≀⇕⟩⌋ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\ ⟩\⊔∇≀⌈⊓⌋⌉⌈ ⟩\ C⟨⊣√⊔⌉∇ ∈⇔ ⊣\⌈ ⊣∇}⊓⌉ ⊔⟨⊣⊔ ⟩⊔ ⊣⌈⌈∇⌉∫∫⌉∫ ⌊≀⊔⟨ ⊔⟨⌉≀∇⌉⊔⟩⌋⊣↕ ⊣\⌈ ⌉⇕√⟩∇⟩⌋⊣↕ ⌋≀\⌋⌉∇\∫↙ C⟨⊣√⊔⌉∇ △↙ I\ ⊔⟨⟩∫ ⌋⟨⊣√⊔⌉∇⇔ I ⟩\⊑⌉∫⊔⟩}⊣⊔⌉ ≀\⌉ ⊣√√↕⟩⌋⊣⊔⟩≀\ ≀{ ⊔⟨⌉ ⇕≀⌈⌉↕ √∇≀√≀∫⌉⌈ ⟩\ C⟨⊣√⊔⌉∇ ∋⇔ ⌉§√↕≀∇⟩\} ⊔⟨⌉ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√ ⌊⌉⊔⊒⌉⌉\ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫ ⊣\⌈ ⊣∇}⊓⇕⌉\⊔ ≀⇕⟩∫∫⟩⌊⟩↕⟩⊔† {≀∇ ⊑⌉∇⌊∫ ⟩\ E\}↕⟩∫⟨↙ I⊔ ⟨⊣∫ ⌊⌉⌉\ ≀⌊∫⌉∇⊑⌉⌈ ⊔⟨⊣⊔ ⊔⟨⌉ ⊣⌊⟩↕⟩⊔† ≀{ ∫≀⇕⌉ ⊑⌉∇⌊∫ ⊔≀ ≀⇕⟩⊔ ⊔⟨⌉⟩∇ ≀⌊|⌉⌋⊔∫ ⟩∫ ⌋≀\\⌉⌋⊔⌉⌈ ⊒⟩⊔⟨ ⊔⟨⌉ ⟩\{⌉∇⊣⌊⟩↕⟩⊔† ≀{ √∇≀√⌉∇⊔⟩⌉∫ {≀∇ ⊔⟨⊣⊔ ⊣∇}⊓⇕⌉\⊔⇔ ⊣\⌈ ⊔⟨⊣⊔ ⟩\{⌉∇⊣⌊⟩↕⟩⊔† ⌋⊣\ ⊔≀ ⊣ }∇⌉⊣⊔ ⌉§⊔⌉\⊔ ⌊⌉ ⟩⌈⌉\⊔⟩⊘⌉⌈ ⊒⟩⊔⟨ ⊔⟨⌉ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⟩\{≀∇⇕⊣⊔⟩≀\ ⌋⊣∇∇⟩⌉⌈ ⌊† ⊔⟨⌉ ⊑⌉∇⌊↙ T⟨⟩∫ ⟨†√≀⊔⟨⌉∫⟩∫ ⟩∫ ∫⊓√√≀∇⊔⌉⌈ ⌊† ⊣ ⌋≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ ∫⊔⊓⌈†¬ ⊔⟨⌉ ⊘∇∫⊔ ⌉§√⌉∇⟩⇕⌉\⊔ ⌈⌉⇕≀\∫⊔∇⊣⊔⌉∫ ⊔⟨⊣⊔ ⊑⌉∇⌊∫ √⌉∇⇕⟩⊔⊔⟩\} ⟩⇕√↕⟩⌋⟩⊔ ≀⌊|⌉⌋⊔∫ ⊔⌉\⌈ ⊣∫ ⊣ }∇≀⊓√ ⊔≀ ∫⌉↕⌉⌋⊔ ⇕≀∇⌉ ∫⊔∇≀\}↕† {≀∇ ⊔⟨⊣⊔ ⊣∇}⊓⇕⌉\⊔ ⊔⟨⊣\ ≀⌊↕⟩}⊣⊔≀∇⟩↕† ⊔∇⊣\∫⟩⊔⟩⊑⌉ ⊑⌉∇⌊∫∅ ⊔⟨⌉ ∫⌉⌋≀\⌈ ⌉§√⌉∇⟩⇕⌉\⊔ ⌈⌉⇕≀\∫⊔∇⊣⊔⌉∫ ⊔⟨⊣⊔ ⊔⟨⌉ ⊔⌉\⌈⌉\⌋† ⟩\ √∇⊣⌋⊔⟩⌋⌉ ⊔≀ ⌈∇≀√ ⊔⟨⌉ ≀⌊|⌉⌋⊔ ≀{ ⊑⌉∇⌊∫ ⌋≀∇∇⌉↕⊣⊔⌉∫ ⊒⟩⊔⟨ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ √∇⌉{⌉∇⌉\⌋⌉ ∫⊔∇⌉\}⊔⟨∅ ⊣\⌈ ⊣ ⊔⟨⟩∇⌈ ⌉§√⌉∇⟩⇕⌉\⊔ ⟩\⊑⌉∫⊔⟩}⊣⊔⌉∫ ⊔⟨⌉ ⟩\{⌉∇⊣⌊⟩↕⟩⊔† ≀{ ⌈⟩∇⌉⌋⊔ ≀⌊|⌉⌋⊔∫ {≀∇ ⊑⌉∇⌊∫ ⊔⟨⊣⊔ ⌈≀ ⊣\⌈ ⌈≀ \≀⊔ ∇⌉∐⊓⟩∇⌉ ⊣ ∫⊣↕⟩⌉\⊔ ⊣\⊔⌉⌋⌉⌈⌉\⊔ {≀∇ ⊔⟨⊣⊔ ⊣∇}⊓⇕⌉\⊔ ⟩\ ≀∇⌈⌉∇ {≀∇ ⟩⊔ ⊔≀ ⌊⌉ ≀⇕⟩⊔⊔⌉⌈↙ I ⌋≀\⌋↕⊓⌈⌉ ⊔⟨⌉ ⌋⟨⊣√⊔⌉∇ ⊒⟩⊔⟨ ⊣ ⌈⟩∫⌋⊓∫∫⟩≀\ ≀{ ∫≀⇕⌉ √≀∫∫⟩⌊↕⌉ ⟩⇕√↕⟩⌋⊣⊔⟩≀\∫ ≀{ ⊔⟨⟩∫ ∫⊔⊓⌈† {≀∇ ⊣⌋⌋≀⊓\⊔∫ ≀{ ⊑⌉∇⌊ ⊣⌋∐⊓⟩∫⟩⊔⟩≀\ ⌊† ⌋⟨⟩↕⌈∇⌉\↙ C⟨⊣√⊔⌉∇ ▽↙ I\ ⊔⟨⟩∫ ⌋⟨⊣√⊔⌉∇⇔ I ⟩\⊑⌉∫⊔⟩}⊣⊔⌉ ⊣ ∫⌉⌋≀\⌈ ⊣√√↕⟩⌋⊣⊔⟩≀\ ≀{ ⊔⟨⌉ ⇕≀⌈⌉↕ √∇≀√≀∫⌉⌈ ⟩\ C⟨⊣√⊔⌉∇ ∋⇔ ⌉§√↕≀∇⟩\} ⊔⟨⌉ ⊓∫⌉ ≀{ ⊔⟨⌉ ⟩⇕√↕⌉⇕⌉\⊔⌉⌈ ⇕≀⌈⌉↕ ⊣∫ ⊣ ∫⊔⊣⊔⟩∫⊔⟩⌋⊣↕ ⇕⌉⊔⟨≀⌈ {≀∇ ∇⌉∫≀↕⊑⟩\} ∫†\⊔⊣⌋⊔⟩⌋ ⊣⇕⌊⟩}⊓⟩⊔† ⟩\ √∇≀⌋⌉∫∫↖ ⟩\} ⊓\⌋≀\∫⊔∇⊣⟩\⌉⌈ ⊔⌉§⊔↙ I ⊣∇}⊓⌉ ⊔⟨⊣⊔ ⊣ \⊓⇕⌊⌉∇ ≀{ ⊖⌉⊑⌉∇† ⊒⊣† ⊣⇕⌊⟩}⊓≀⊓∫⪰ ⌋≀\∫⊔∇⊓⌋⊔⟩≀\∫ � ⟩\ √⊣∇⊔⟩⌋⊓↕⊣∇⇔ √∇⌉√≀∫⟩⊔⟩≀\⊣↕ √⟨∇⊣∫⌉ ⊣⊔⊔⊣⌋⟨⇕⌉\⊔⇔ ⌋≀≀∇⌈⟩\⊣⊔⟩≀\⇔ ⊣\⌈ \≀⇕⟩\⊣↕ ⌋≀⇕√≀⊓\⌈∫ � ⌋⊣\ ⌊⌉ ∇⌉∫≀↕⊑⌉⌈ ⌊† ⊣√√⌉⊣↕⟩\} ⊔≀ ⌋≀\⌋⌉√⊔⊓⊣↕ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√∫ ∫⊓⌋⟨ ⊣∫ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ √∇⌉{⌉∇⌉\⌋⌉ ⊣\⌈ ∫⌉⇕⊣\⊔⟩⌋ ∫⟩⇕⟩↕⊣∇⟩⊔†⇔ ⊣\⌈ ⊔⟨⊣⊔ ⌋↕⊣∫∫↖⌊⊣∫⌉⌈⇔ ⟩\{≀∇⇕⊣⊔⟩≀\↖⊔⟨⌉≀∇⌉⊔⟩⌋ {≀∇⇕⊣↕⟩‡⊣⊔⟩≀\∫ ≀{ ⊔⟨⌉∫⌉ \≀⊔⟩≀\∫ √∇≀⊑⟩⌈⌉ ⊣ √∇⊣⌋⊔⟩⌋⊣↕ ⊒⊣† ⊔≀ ⌈≀ ∫≀↙ C⟨⊣√⊔⌉∇ ↙̸ I ∫⊓⇕⇕⊣∇⟩‡⌉ ⊔⟨⌉ ⌋≀\⊔∇⟩⌊⊓⊔⟩≀\∫ ≀{ ⊔⟨⌉ ⌈⟩∫∫⌉∇⊔⊣⊔⟩≀\⇔ ⊣\⌈ √∇⌉∫⌉\⊔ ∫≀⇕⌉ ⊔⟨≀⊓}⟨⊔∫ ≀\ {⊓⊔⊓∇⌉ ⊒≀∇‖↙

C⟨⊣√⊔⌉∇ ∈

W≀∇⌈ C↕⊣∫∫⌉∫ ⟩\ C≀∇√⊓∫↖B⊣∫⌉⌈

R⌉∫⌉⊣∇⌋⟨

I\ ⊔⟨⟩∫ ⌋⟨⊣√⊔⌉∇⇔ I ⌈⟩∫⌋⊓∫∫ ⊔⟨⌉ ⊓∫⌉ ≀{ ⌋≀∇√⊓∫↖⌊⊣∫⌉⌈ ∫⊔⊣⊔⟩∫⊔⟩⌋∫ ⊔≀ ⌋⊣√⊔⊓∇⌉ ↕⌉§⟩⌋⊣↕ √∇≀√⌉∇⊔⟩⌉∫↙ A{⊔⌉∇ ⟩↕↕⊓∫⊔∇⊣⊔⟩\} ⟨≀⊒ ∫≀⇕⌉ ↕⟩⇕⟩⊔⊣⊔⟩≀\∫ ≀{ ∫⊔⊣⊔⟩∫⊔⟩⌋∫ ⌊⊣∫⌉⌈ ∫≀↕⌉↕† ≀\ ⊒≀∇⌈ ⌋≀↖≀⌋⌋⊓∇∇⌉\⌋⌉ ∫⊓}}⌉∫⊔ }⌉\⌉∇⊣↕⟩‡⟩\} {∇≀⇕ ⊒≀∇⌈∫ ⊔≀ ⊒≀∇⌈ ⌋↕⊣∫∫⌉∫⇔ I ⌈⟩∫⌋⊓∫∫ ⊔⟨⌉ ⊣↕⊔⌉∇\⊣⊔⟩⊑⌉∫ ≀{ ⊓∫⟩\} ⌋↕⊣∫∫⌉∫ ⌊⊣∫⌉⌈ ≀\ ⌈⟩∫⊔∇⟩⌊⊓⊔⟩≀\⊣↕ ∫⟩⇕⟩↕⊣∇⟩⊔† ⊣\⌈ ⊓∫⟩\} ⌋↕⊣∫∫⌉∫ ⌊⊣∫⌉⌈ ≀\ ⊔⊣§≀\≀⇕⟩⌋ ‖\≀⊒↕⌉⌈}⌉↙ I ⊔⟨⌉\ √∇≀√≀∫⌉ ⊔≀ ⌋≀⇕√⊓⊔⌉ ⌋↕⊣∫∫↖⌊⊣∫⌉⌈ ∫⊔⊣⊔⟩∫⊔⟩⌋∫ ⊓∫⟩\} ⊣ ‖\≀⊒↕⌉⌈}⌉↖⌊⊣∫⌉⌈⇔ ⌋≀\⌋⌉√⊔⊓⊣↕ ⊔⊣§≀\≀⇕†⇔ ⌈⌉⊔⊣⟩↕⟩\} ⊔⟨⌉ ∫⌉⇕⊣\⊔⟩⌋∫ ≀{ ∫⊓⌋⟨ ⊣ ⊔⊣§≀\≀⇕† ⊣\⌈ ⌈⟩∫⌋⊓∫∫⟩\} ⟨≀⊒ ⌋↕⊣∫∫↖⌊⊣∫⌉⌈ √∇≀⌊⊣⌊⟩↕⟩⊔⟩⌉∫ ⊣∇⌉ ⌉∫⊔⟩⇕⊣⊔⌉⌈↙

∈↙∞ O⊑⌉∇⊑⟩⌉⊒ I⊔ ⟨⊣∫ ⌊⌉⌋≀⇕⌉ ⌋≀⇕⇕≀\ ⟩\ ∫⊔⊣⊔⟩∫⊔⟩⌋⊣↕ ∫⊔⊓⌈⟩⌉∫ ≀{ \⊣⊔⊓∇⊣↕ ↕⊣\}⊓⊣}⌉ ⌈⊣⊔⊣ ⊔≀ ⊓∫⌉ ⇕⌉⊣∫⊓∇⌉∫ ≀{ ↕⌉§⟩⌋⊣↕ ⊣∫∫≀⌋⟩⊣⊔⟩≀\ ⊔≀ ⌉§⊔∇⊣⌋⊔ ⊓∫⌉{⊓↕ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√∫ ⌊⌉⊔⊒⌉⌉\ ⊒≀∇⌈∫↙ T≀ ⊔⊣‖⌉ ⊣ {⌉⊒ ⌉§⊣⇕√↕⌉∫⇔ ⇐S⇕⊣⌈|⊣⇔ ∞∃∃∞⇒ ⊓∫⌉∫ ↕⌉§⟩⌋⊣↕ ⊣∫∫≀⌋⟩⊣⊔⟩≀\ ⇕⌉⊣∫⊓∇⌉∫ ⊔≀ ⌉§⊔∇⊣⌋⊔ ⌋≀↕↕≀⌋⊣⊔⟩≀\ ⟩\{≀∇⇕⊣⊔⟩≀\ {∇≀⇕ ↕⊣∇}⌉ ⌋≀∇√≀∇⊣ {≀∇ ⊓∫⌉ ⟩\ ↕⊣\}⊓⊣}⌉ }⌉\⌉∇⊣⊔⟩≀\⇔ ⇐C⟨⊓∇⌋⟨ ⊣\⌈ H⊣\‖∫⇔ ∞∃∀∃⇒ √∇≀√≀∫⌉ ⊔⟨⌉ ⊓∫⌉ ≀{ ⇕⊓⊔⊓⊣↕ ⟩\{≀∇⇕⊣⊔⟩≀\ ⊔≀ ⌉∫⊔⟩⇕⊣⊔⌉ ⊒≀∇⌈ ⊣∫∫≀⌋⟩⊣⊔⟩≀\ \≀∇⇕∫ ≀\ ⊔⟨⌉ ⌊⊣∫⟩∫ ≀{ ↕⌉§⟩⌋⊣↕ ⌋≀↖≀⌋⌋⊓∇∇⌉\⌋⌉⇔ ⊣\⌈ ⇐Y⊣∇≀⊒∫‖†⇔ ∞∃∃∋⇒ ∫⟨≀⊒∫ ⊔⟨⊣⊔ ↕≀⌋⊣↕ ⊒≀∇⌈ ⌋≀↖≀⌋⌋⊓∇∇⌉\⌋⌉∫ √∇≀⊑⟩⌈⌉ ∇⌉↕⟩⊣⌊↕⌉ ⌋⊓⌉∫ {≀∇ ∫⌉\∫⌉ ⌈⟩∫⊣⇕⌊⟩}⊓⊣⊔⟩≀\↙ ⇐S⌉⌉ ⇐C⟨⊓∇⌋⟨ ⌉⊔ ⊣↕↙⇔ ∞∃∃∞⇒ {≀∇ ⊣ ⊓∫⌉{⊓↕ ≀⊑⌉∇⊑⟩⌉⊒ ≀{ ∫⊔⊣⊔⟩∫⊔⟩⌋⊣↕ ⊔⌉⌋⟨\⟩∐⊓⌉∫ {≀∇ ↕⌉§⟩⌋⊣↕ ⊣\⊣↕†∫⟩∫↙⇒ L⌉§⟩⌋⊣↕ ⊣∫∫≀⌋⟩⊣⊔⟩≀\ ⟨⊣∫ ⟩⊔∫ ↕⟩⇕⟩⊔∫⇔ ⟨≀⊒⌉⊑⌉∇⇔ ∫⟩\⌋⌉ ≀{⊔⌉\ ⌉⟩⊔⟨⌉∇ ⊔⟨⌉ ⌈⊣⊔⊣ ⊣∇⌉ ⟩\∫⊓{⊘⌋⟩⌉\⊔ ⊔≀ √∇≀⊑⟩⌈⌉ ∇⌉↕⟩⊣⌊↕⌉ ↕⌉§⟩⌋⊣↕ ⌋≀∇∇⌉∫√≀\⌈⌉\⌋⌉∫⇔ ≀∇ ⊣ ⊔⊣∫‖ ∇⌉∐⊓⟩∇⌉∫ ⇕≀∇⌉ ⊣⌊∫⊔∇⊣⌋⊔⟩≀\ ⊔⟨⊣\ ∫≀↕⌉↕† ↕⌉§⟩⌋⊣↕ ⌋≀∇∇⌉∫√≀\⌈⌉\⌋⌉∫ √⌉∇⇕⟩⊔↙ I\ ⊔⟨⌉ \⌉§⊔ ∫⌉⌋⊔⟩≀\ I ⟩↕↕⊓∫⊔∇⊣⊔⌉ ⊔⟨⌉∫⌉ √≀⟩\⊔∫ ⌊† ↕≀≀‖⟩\} ⊣⊔ ≀\⌉ ⊣√√↕⟩⌋⊣⊔⟩≀\ ≀{ ↕⌉§⟩⌋⊣↕ ⊣∫∫≀⌋⟩⊣⊔⟩≀\ � ⊣ √∇≀√≀∫⊣↕ ⌊† ⇐H⟩\⌈↕⌉⇔ ∞∃∃′⇒ ⊔≀ ⊓∫⌉ ⇕⊓⊔⊓⊣↕ ⟩\{≀∇⇕⊣⊔⟩≀\ ⟩\ ⌋⊣√⊔⊓∇⟩\} √∇⌉⌈⟩⌋⊣⊔⌉↖⊣∇}⊓⇕⌉\⊔ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√∫↙ I\ ⊔⟨⌉ ∫⌉⌋⊔⟩≀\∫ ⊔⟨⊣⊔ {≀↕↕≀⊒⇔ I ⌈⟩∫⌋⊓∫∫ ⊔⟨⌉ ⌉§⊔⌉\∫⟩≀\ ≀{ ↕⌉§⟩⌋⊣↕ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√∫ ⊔≀ ⌋↕⊣∫∫↖⌊⊣∫⌉⌈ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√∫⇔ ⊣\⌈ ⌋≀\∫⟩⌈⌉∇ ⊔⟨⌉ ⊣⌈⊑⊣\⊔⊣}⌉∫ ⊣\⌈ ⌈⟩∫⊣⌈⊑⊣\⊔⊣}⌉∫ ≀{ ⌋≀\∫⊔∇⊓⌋⊔⟩\} ⊒≀∇⌈ ⌋↕⊣∫∫⌉∫ ≀\ ⊔⟨⌉ ⌊⊣∫⟩∫ ≀{ ↕⌉§⟩⌋⊣↕ ⌈⟩∫⊔∇⟩⌊⊓⊔⟩≀\∫ ⟩\ ⌋≀∇√≀∇⊣↙ I ⊔⟨⌉\ ⊔⊓∇\ ⊔≀ ⊔⟨⌉ √≀∫∫⟩⌊⟩↕⟩⊔† ≀{ ⊓∫⟩\} ⊒≀∇⌈ ⌋↕⊣∫∫⌉∫ ⌈⌉⊘\⌉⌈ ⟩\ ⊔⌉∇⇕∫ ≀{ ⊣ ‖\≀⊒↕⌉⌈}⌉↖⌊⊣∫⌉⌈ ⊔⊣§≀\≀⇕†↙ I\ √⊣∇⊔⟩⌋⊓↕⊣∇⇔ I ⌋≀\∫⟩⌈⌉∇ ⊔⟨⌉ ⊔⟨⌉≀∇† ≀{ ↕⌉§⟩⌋⊣↕ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\ ⟩⇕√↕⌉⇕⌉\⊔⌉⌈ ⟩\ W≀∇⌈N⌉⊔ ⇐B⌉⌋‖⊒⟩⊔⟨ ⌉⊔ ⊣↕↙⇔ ∞∃∃∞⇒⇔ ⊒⟨⟩⌋⟨ ⟩∫ ⌋↕≀∫⌉↕† ∇⌉↕⊣⊔⌉⌈ ⊔≀ ⊣ √∇≀√≀∫⊣↕ ⌊† S√⊣∇⌋‖ J≀\⌉∫ ⇐∞∃△̸⇒↙ T⟨⌉ ⌋⟨⊣√⊔⌉∇ ⌋≀\⌋↕⊓⌈⌉∫ ⊒⟩⊔⟨ ⊣ ∫⊔∇⊣⟩}⟨⊔{≀∇⊒⊣∇⌈ ⇕⌉⊔⟨≀⌈ {≀∇ ⌉∫⊔⟩⇕⊣⊔⟩\} √∇≀⌊⊣⌊⟩↕⟩⊔⟩⌉∫ ⟩\ ∫⊓⌋⟨ ⊣ \≀⊓\↖⌋↕⊣∫∫ ⊔⊣§≀\≀⇕† ≀\ ⊔⟨⌉ ⌊⊣∫⟩∫ ≀{ ↕⌉§⟩⌋⊣↕ ⌋≀↖≀⌋⌋⊓∇∇⌉\⌋⌉ ⟩\ ▽

⊣ ⌋≀∇√⊓∫∅ ⊔⟨⟩∫ ⊒⟩↕↕ ↕⊣† ⊔⟨⌉ }∇≀⊓\⌈⊒≀∇‖ {≀∇ ⊔⟨⌉ ⟩\{≀∇⇕⊣⊔⟩≀\↖⊔⟨⌉≀∇⌉⊔⟩⌋ ⇕≀⌈⌉↕ ≀{ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫ ⊔≀ ⌊⌉ √∇≀√≀∫⌉⌈ ⟩\ C⟨⊣√⊔⌉∇ ∋↙

∈↙∈ L⌉§⟩⌋⊣↕ S⊔⊣⊔⟩∫⊔⟩⌋∫ ⊣\⌈ ⊔⟨⌉⟩∇ L⟩⇕⟩⊔⊣⊔⟩≀\∫ R⌉⌋⌉\⊔ ⌈⟩∫⌋⊓∫∫⟩≀\∫ ≀{ ↕⌉§⟩⌋⊣↕ ∫⊔⊣⊔⟩∫⊔⟩⌋∫ ≀{⊔⌉\ ⌊⌉}⟩\ ⊒⟩⊔⟨ ⇕⊓⊔⊓⊣↕ ⟩\{≀∇⇕⊣⊔⟩≀\⇔ ⊣\ ⟩\{≀∇⇕⊣⊔⟩≀\↖⊔⟨⌉≀∇⌉⊔⟩⌋ ⇕⌉⊣∫⊓∇⌉ ≀{ ⊣∫∫≀⌋⟩⊣⊔⟩≀\ ⊓∫⌉⌈ ⊒⟩⊔⟨ \⊣⊔⊓∇⊣↕ ↕⊣\}⊓⊣}⌉ ⌈⊣⊔⊣ ⊔≀ }⊣⊓}⌉ ⊔⟨⌉ ⊖∇⌉↕⊣⊔⌉⌈\⌉∫∫⪰ ⌊⌉⊔⊒⌉⌉\ ⊔⊒≀ ⊒≀∇⌈∫↙ T⟨⌉ ⇕⊓⊔⊓⊣↕ ⟩\{≀∇⇕⊣⊔⟩≀\ ⌊⌉⊔⊒⌉⌉\ ⊔⊒≀ ⊒≀∇⌈∫ x and y is deαned as follows. I(x, y) = log p(x, y) p(x)p(y) . ↼2▷1↽ Intuitively the probability of seeing x and y together p(x, y), gives some idea as to how related they are. However, if x and y are both very common then it is likely that they appear together frequently simply by chance and not as a result of any relationship between them▷ In order to correct for this possibility p(x, y) is divided by p(x)p(y), which is the probability that x and y would have of appearing together by chance if they were independent▷ Taking the logarithm of this ratio gives mutual information some desirable properties, for example its value is respectively positive zero or negative according to whether x and y appear together more frequently as frequently or less frequently than one would expect if they were independent▷ Another quite useful interpretation of mutual information can be derived by looking at the information theoretic notion of entropy▷ The entropy of a random variable X is deαned as the expected value of − ↕≀} √(x). That is,

H(X) = E [ − ↕≀} √(x) ] = − ∑ x p(x) log p(x), ↼2▷2↽ where the summation is over all possible values of X▷ The quantity H(X) is, roughly speaking, a measure of how uncertain we are about the value that X will have▷ The conditional entropy of X given another random variable Y measures the uncertainty of X given that the value of Y is known. H(X|Y ) = E [ − ↕≀} √(x|y) ] = − ∑ x,y p(x, y) log p(x|y). ↼2▷3↽

Clearly H(X|Y ), the uncertainty about X given that you know the value of Y is always less than or equal to H(X), since any additional knowledge about Y can only decrease ↼or at worst have no effect on↽ our uncertainty about X▷ Now the mutual information of random variables X and Y is. I(X, Y ) = E [ ⌈}~ √(x, y) p(x)p(y) ]

= H(X) − H(X|Y ). ↼2▷4↽ Notice that this is just the expected value for the quantity deαned in equation ↼2▷1↽ which is also known more precisely as Ψpointwise mutual information▷ν

H(X)

I(X;Y)

H(X | Y)

Uncertainty about X

Uncertainty about X, if you know Y

Amount of information Y gives you about X

Figure 2▷1. Relationship between mutual information and entropy As equation ↼2▷4↽ shows mutual information is a measure of how much information Y provides about X � that is how much it decreases uncertainty▷1 This relationship between mutual information and entropy is depicted in Figure 2▷1▷ As an example of how mutual information has been used in corpusbased work consider Hindleφs ↼1990↽ application of mutual information to the discovery of predicateargument relations▷ Unlike some researchers who restrict themselves to surface distributions of words Hindle investigates word cooccurrences as mediated by syntactic structure � that is words x and y are counted as appearing together whenever they stand in a certain syntactic relationship to each other ↼e▷g▷ subject object↽ within a sentence▷ A sixmillionword sample of Associated Press news stories was parsed in order to construct a collection of subjectverbobject instances▷ On the basis of these data Hindle calculated a cooccurrence score ↼an estimate of mutual information↽ for verbobject pairs and verbsubject pairs▷ Table 2▷1 shows the verbobject pairs for the verb drink that occurred more than once ranked by cooccurrence score Ψin effect giving the answer to the question ℓwhat can you drink⋆νφ ↼Hindle 1990 p▷ 270↽▷

Hindleφs proposal illustrates two limitations of using mutual information between words as a measure of predicateargument association. • S√⊣∇∫⌉\⌉∫∫ ≀{ ⌈⊣⊔⊣¬ ⊔⟨⌉ ⌋≀∇√⊓∫ ⇕⊣† {⊣⟩↕ ⊔≀ √∇≀⊑⟩⌈⌉ ∫⊓{⊘⌋⟩⌉\⊔ ⟩\{≀∇⇕⊣⊔⟩≀\ ⊣⌊≀⊓⊔ ∇⌉↕⌉⊑⊣\⊔ ⊒≀∇⌈↖⊒≀∇⌈ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√∫ • L⊣⌋‖ ≀{ ⊣⌊∫⊔∇⊣⌋⊔⟩≀\¬ ⊒≀∇⌈↖⊒≀∇⌈ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√∫⇔ ⌉⊑⌉\ ⊔⟨≀∫⌉ ∫⊓√√≀∇⊔⌉⌈ ⌊† ⊔⟨⌉ ⌈⊣⊔⊣⇔ ⇕⊣† \≀⊔ ⌊⌉ ⊔⟨⌉ ⊣√√∇≀√∇⟩⊣⊔⌉ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√∫ ⊔≀ ↕≀≀‖ ⊣⊔ {≀∇ ∫≀⇕⌉ ⊔⊣∫‖∫↙ I\⌈⌉⌉⌈⇔ ⊣\† ≀{ ⊣ {⊣⇕⟩↕† ≀{ ∫⊔⊣⊔⟩∫⊔⟩⌋∫ ⌊⊣∫⌉⌈ ∫≀↕⌉↕† ≀\ ↕⌉§⟩⌋⊣↕ ⌋≀↖≀⌋⌋⊓∇∇⌉\⌋⌉∫ � ⟩\⌋↕⊓⌈⟩\} ⇕⊓⊔⊓⊣↕ ⟩\{≀∇⇕⊣⊔⟩≀\⇔ ⊔↖∫⌋≀∇⌉ ⇐C⟨⊓∇⌋⟨ ⌉⊔ ⊣↕↙⇔ ∞∃∃′⇒⇔ χ2 and so forth � suffers from these limitations▷ Let us consider them in turn▷ 1Being symmetrical it also measures how much information_{X provides about Y ▷ See ↼Cover and Thomas 1991↽ for a clear} discussion of mutual information and related topics▷ score verb object 12▷34 drink bunch ↼of↽ beer 11▷75 drink tea 11▷75 drink Pepsi 11▷75 drink champagne 10▷53 drink liquid 10▷20 drink beer 9▷34 drink wine 7▷65 drink water 5▷15 drink anything 2▷54 drink much 1▷25 drink it 1▷22 drink SOME AMOUNT Table 2▷1. Verbobject pairs for drink ↼with count > 1↽

score verb object count 7▷76 open closet 2 6▷93 open mouth 9 6▷79 open door 32 6▷14 open window 5 5▷88 open store 2 5▷76 open season 2 4▷54 open church 2 4▷49 open heart 2 4▷24 open eye 7 2▷38 open way 4 Table 2▷2. Verbobject pairs for open ↼with count > 1↽

First as in all statistical applications it must be possible to estimate probabilities accurately▷ Although larger and larger corpora are increasingly available the speciαc task under consideration often can restrict the choice of corpus to one that provides a smaller sample than necessary to discover all the lexical relationships of interest▷ This can lead some lexical relationships to go unnoticed▷ For example the Brown Corpus of American English ↼Francis and Ku�cera 1982↽ has the attractive ↼and for some tasks necessary↽ property of providing a sample that is balanced across many genres▷ In an experiment using the Brown Corpus modeled after Hindleφs ↼1990↽ investigation of predicateargument relationships I calculated the mutual information between verbs and the nouns that appeared as their objects▷2 Table 2▷2 shows objects of the verb open▷ As in Table 2▷1 the listing includes only verbobject pairs that were encountered more than once▷ Attention to the verbobject pairs that occurred only once however led to an interesting observation▷ Included among the Ψdiscardedν object nouns was the following set. discourse engagement reply program and session▷ Although each of these appeared as the object of open only once � too infrequently to provide reliable probability estimates � this set considered as a whole reveals an interesting fact about some kinds of things that can be opened roughly captured by the notion of communications▷ More generally several 2Direct objects in this experiment were identiαed using the parsed version of the Brown corpus found in the Penn Treebank▷ pieces of statistically unreliable information at the lexical level may nonetheless capture a useful statistical regularity when combined▷ This observation motivates an approach to lexical association that makes such combinations possible▷ The second limitation of wordword associations is simply this. some tasks are not amenable to treatment using lexical relationships alone▷ An example is the automatic discovery of verb argument preferences for natural language systems▷ Here the relationship of interest holds not between a verb and a noun but between the verb and a class of nouns ↼e▷g▷ between eat and nouns representing things that are edible↽▷ Given a table built using lexical statistics such as Table 2▷1 or 2▷2 no single lexical item necessarily stands out as the Ψpreferredν object of the verb � the selectional restriction on the object of drink would typically be something like Ψbeveragesν or Ψliquidsν not tea▷ Once again the limitation seems to be one that can be addressed by considering sets or classes of nouns rather than individual lexical items▷

2▷3 Word Classes Based on Lexical Distributions The limitations discussed in the previous section suggest a shift from looking at words to looking at groups or classes of words▷ A class of words will have attributed to it the accumulated properties of its members even if observations of the individual members are sparse, in addition word classes can be used to capture higher level abstractions such as syntactic or semantic features▷ A great deal of recent work addresses the creation and use of word classes using lexical distributions in text corpora▷ The premise behind this approach is that the relatedness of words is reβected by similarities in their distributional contexts as observed in large collections of naturally occurring text▷ Church et al▷ ↼1990 p▷ 159↽ discussing statistical methods and linguistic performance sum up this idea as follows. Our approach has much in common with a position that was popular in the 1950s▷ It was common practice to classify words not only on the basis of their meanings but also on the basis of their cooccurrence with other words▷ Running through the whole Firthian tradition for example is the theme that ΨYou shall know a word by the company it keepsν ♭Firth 1957♯▷ Harrisφs Ψdistributional hypothesisν dates from about the same period▷ He hypothesized that Ψthe meaning of entities and the meaning of grammatical relations among them is related to the restriction of combinations of these entities relative to other entitiesν ↼♭Harris 1968♯ p▷ 12↽▷ In this section I will review a number of computational proposals for deriving word classes on the basis of distributional behavior in corpora▷ These can be broken up according to the following rough classiαcation. • S⇕≀≀⊔⟨⟩\} ⇕⌉⊔⟨≀⌈∫ T⟨⌉∫⌉ ⇕⌉⊔⟨≀⌈∫ ⇕⊣‖⌉ ⟩⇕√↕⟩⌋⟩⊔ ⊓∫⌉ ≀{ ⊒≀∇⌈ ⌋↕⊣∫∫⌉∫⇔ ⌊⊓⊔ ⌈≀ \≀⊔ ∇⌉√∇⌉∫⌉\⊔ ⊔⟨⌉⇕ ⌉§√↕⟩⌋⟩⊔↕†↙ • P∇≀§⟩⇕⟩⊔† ⇕⌉⊔⟨≀⌈∫ ⊣\⌈ ⌋↕⊓∫⊔⌉∇⟩\} P∇≀§⟩⇕⟩⊔† ⇕⌉⊔⟨≀⌈∫ ⌈⌉⊘\⌉ ⇕⌉⊣∫⊓∇⌉∫ ≀{ ⊒≀∇⌈ ∫⟩⇕⟩↕⊣∇⟩⊔†↙ C↕⊓∫⊔⌉∇⟩\} ⇕⌉⊔⟨≀⌈∫ ⊓∫⌉ √∇≀§⟩⇕⟩⊔† ∇⌉↕⊣⊔⟩≀\∫⟨⟩√∫ ⊔≀ {≀∇⇕ ⌉§√↕⟩⌋⟩⊔ ⊒≀∇⌈ ⌋↕⊣∫∫⌉∫⇔ ⌊⊓⊔ ⌈≀ \≀⊔ ⌈⌉⌋≀⇕√≀∫⌉ ⊒≀∇⌈ ⊔≀‖⌉\∫ ⟩\⊔≀ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\∫ ⊔⟨⊣⊔ ⊣∇⌉ ∇⌉↕⊣⊔⌉⌈ ⊔≀ ⌋↕⊣∫∫ ⇕⌉⇕⌊⌉∇∫⟨⟩√↙ • V⌉⌋⊔≀∇ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\∫ T⟨⌉∫⌉ ⇕⌉⊔⟨≀⌈∫ {≀∇⇕ ⌈⌉⌋≀⇕√≀∫⟩⊔⟩≀\⊣↕ ⊒≀∇⌈ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\∫⇔ ⌊⊓⊔ ⇕⊣† ≀∇ ⇕⊣† \≀⊔ ⊓∫⌉ ⊔⟨⌉∫⌉ ∇⌉√∇⌉∫⌉\⊔⊣↖ ⊔⟩≀\∫ ⊔≀ ⌈⌉∇⟩⊑⌉ ⌉§√↕⟩⌋⟩⊔ ⊒≀∇⌈ ⌋↕⊣∫∫⌉∫↙

∞′ D⟩⊑⟩⌈⟩\} ⊔⟨⌉ ⌈⟩∫⊔∇⟩⌊⊓⊔⟩≀\⊣↕ ⊔⌉⌋⟨\⟩∐⊓⌉∫ ⟩\ ⊔⟨⟩∫ ⊒⊣† ⟩∫ ∫≀⇕⌉⊒⟨⊣⊔ ⊣∇⊔⟩⊘⌋⟩⊣↕⇔ ∫⟩\⌋⌉ ⇕⊣\† ⇕⌉⊔⟨≀⌈∫ ⊣∇⌉ ⌋↕≀∫⌉↕† ∇⌉↕⊣⊔⌉⌈↙ F≀∇ ⌉§⊣⇕√↕⌉⇔ }⟩⊑⌉\ ⊣ ⊑⌉⌋⊔≀∇ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\⇔ ⟩⊔ ⟩∫ ⊣↕⊒⊣†∫ √≀∫∫⟩⌊↕⌉ ⊔≀ ⌈⌉∇⟩⊑⌉ ⊣ √∇≀§⟩⇕⟩⊔† ⇕⌉⊣∫⊓∇⌉ ∫⊓⌋⟨ ⊣∫ E⊓⌋↕⟩⌈⌉⊣\ ⌈⟩∫⊔⊣\⌋⌉↙ S⟩⇕⟩↕⊣∇↕†⇔ }⟩⊑⌉\ ⊣ ⇕⌉⊣∫⊓∇⌉ ≀{ ⊒≀∇⌈ √∇≀§⟩⇕⟩⊔†⇔ ⟩⊔ ⟩∫ ⊣↕⊒⊣†∫ √≀∫∫⟩⌊↕⌉ ⊔≀ √⌉∇{≀∇⇕ ⊣ ⌋↕⊓∫⊔⌉∇ ⊣\⊣↕†∫⟩∫ ⊔≀ ⌈⌉∇⟩⊑⌉ ⌉§√↕⟩⌋⟩⊔ ⌋↕⊣∫∫⌉∫⇔ ⊣\⌈ }⟩⊑⌉\ ⊣ ⟨⟩⌉∇⊣∇⌋⟨⟩⌋⊣↕ ⌋↕⊓∫⊔⌉∇⟩\}⇔ ⟩⊔ ⟩∫ ⊣↕⊒⊣†∫ √≀∫∫⟩⌊↕⌉ ⊔≀ ⌈⌉⊘\⌉ ⊣ ∫⟩⇕⟩↕⊣∇⟩⊔† ⇕⌉⊣∫⊓∇⌉ ⌊⊣∫⌉⌈ ≀\ ∫≀⇕⌉ \≀⊔⟩≀\ ≀{ √∇≀§⟩⇕⟩⊔† ⟩\ ⊔⟨⌉ ⟨⟩⌉∇⊣∇⌋⟨†↙ N≀\⌉⊔⟨⌉↕⌉∫∫⇔ ⊔⟨⟩∫ ⌋↕⊣∫∫⟩⊘⌋⊣⊔⟩≀\ √∇≀⊑⟩⌈⌉∫ ⊣ ⊒⊣† ⊔≀ ⇕⊣‖⌉ ∫≀⇕⌉ ⟨⌉↕√{⊓↕ ⌈⟩∫⊔⟩\⌋⊔⟩≀\∫ ⊣⇕≀\} ⊔⟨⌉ ⌋⊓∇∇⌉\⊔ ⊣√√∇≀⊣⌋⟨⌉∫ ∇⌉⊑⟩⌉⊒⌉⌈ ⟩\ ⊔⟨⌉ ∫⊓⌊∫⌉⌋⊔⟩≀\∫ ⊔⟨⊣⊔ {≀↕↕≀⊒↙ ∈↙∋↙∞ S⇕≀≀⊔⟨⟩\} ⇕⌉⊔⟨≀⌈∫ S⇕≀≀⊔⟨⟩\} ⟩∫ ⊣ }⌉\⌉∇⊣↕ ⊔⌉∇⇕ {≀∇ ⊔⟨⌉ ⌋≀⇕⌊⟩\⊣⊔⟩≀\ ≀{ ⇕⊓↕⊔⟩√↕⌉ ∫≀⊓∇⌋⌉∫ ≀{ ⟩\{≀∇⇕⊣⊔⟩≀\⇔ ≀{⊔⌉\ ⊓\⌈⌉∇ ⌋⟩∇⌋⊓⇕∫⊔⊣\⌋⌉∫ ⟩\ ⊒⟨⟩⌋⟨ ⊓∫⟩\} ⊔⟨⌉ ⟩\{≀∇⇕⊣⊔⟩≀\ ⊣⊔ ⊣ ∫⟩\}↕⌉ ⌈⊣⊔⊣ √≀⟩\⊔ ⇕⟩}⟨⊔ ⌊⌉ ⊓\⌈⌉∫⟩∇⊣⌊↕⌉ ≀∇ ⇕⟩∫↕⌉⊣⌈⟩\}↙ F≀∇ ⌉§⊣⇕√↕⌉⇔ }⟩⊑⌉\ ⊣ ∫⌉⊔ ≀{ ⌈⊣⊔⊣ √≀⟩\⊔∫ √↕≀⊔⊔⌉⌈ ⟩\ ⊔⊒≀ ⌈⟩⇕⌉\∫⟩≀\∫⇔ ⟩⊔ ⇕⊣† ⌊⌉ ⊓\⟩\{≀∇⇕⊣⊔⟩⊑⌉ ⊔≀ ∫⟩⇕√↕† ⌈∇⊣⊒ ⊣ ⌋⊓∇⊑⌉ ⊔⟨⊣⊔ }≀⌉∫ ⊔⟨∇≀⊓}⟨ ⌉⊣⌋⟨ ⟩\⌈⟩⊑⟩⌈⊓⊣↕ ⌈⊣⊔⊣ √≀⟩\⊔ (x, y); such a curve might be jagged and hard to interpret, as opposed to a smooth curve that misses some points but reveals a general trend in the data. In the absence of some parametric model (e.g. őnding the parabola that best őts the data), a smooth curve can be obtained by łaveragingž each data point together with the nearby points.3 Thus in a sense a point together with its nearby points constitutes a class, and the properties of the class are derived from the properties of its individual members.

For purposes of language processing, the łpointsž of interest are typically words or sequences of words. For example, the language model in a speech recognition system generates hypotheses about what the next word will be, on the basis of a previous word sequence. Hypotheses take the form of a conditional probability distribution p(W_k|w1, . . . , w_{k−∞}), where random variable W_k ranges over possible words to be predicted and word sequence w 1, . . . , wk−∞ ⟩∫ ⊔⟨⌉ √∇⟩≀∇ ⌋≀\⊔⌉§⊔↙ I\ ⇕⊣\† ∫√⌉⌉⌋⟨ ∫†∫⊔⌉⇕∫⇔ ⟩⊔ ⟩∫ ⊣∫∫⊓⇕⌉⌈ ⊔⟨⊣⊔ ⊒≀∇⌈∫ ⊣∇⌉ √∇≀⌈⊓⌋⌉⌈ ⊣⌋⌋≀∇⌈⟩\} ⊔≀ ⊣\ ⊓\⌈⌉∇↕†⟩\} M⊣∇‖≀⊑ ⇕≀⌈⌉↕⇔ ∫≀ ⊔⟨⊣⊔ ⊔⟨⌉ ⌈⟩∫⊔∇⟩⌊⊓⊔⟩≀\ ⟩∫ ⊒⌉↕↕ ⊣√√∇≀§⟩⇕⊣⊔⌉⌈ ⌊† √(W_k|w1, . . . , w_{k−∞}) ≈ √(W_k|w_{k−n}, . . . , w_{k−∞}), ↼2▷5↽ where n is the order of the Markov model▷ Notice that this approximation implicitly represents a grouping of word sequences into classes since all sequences for which w_{k−n}, . . . , w_{k−∞} ⟩∫ ⊔⟨⌉ ∫⊣⇕⌉ ⊣∇⌉ ⊔∇⌉⊣⊔⌉⌈ ⟩⌈⌉\⊔⟩⌋⊣↕↕†↙ F≀∇ ⊔∇⟩}∇⊣⇕ ⇕≀⌈⌉↕∫⇔ ⊒⟨⌉∇⌉ n = 2, this means that the sequences (I’ll,see,him,after) and (She,met,him,after)

are equivalent Ð in both cases dinner and the are each reasonable hypothesis about the word that will follow. However, often even this equivalence classiőcation of prior word sequences is insufőcient, because the data are too sparse to estimate probabilities accurately: even for a corpus of reasonable size, many trigrams do not occur at all.

One method proposed for solving this problem is the technique of interpolated estimation (Jelinek and Mercer, 1980; Bahl, Jelinek, and Mercer, 1983), in which several probability estimators are smoothed together. The central idea behind interpolated estimation is to take a linear combination of several estimates, weighting each according to how reliable it is. That is, ~√(w|σ) = ∑ i λ_i(φ_i(σ))p(w|φ_i(σ)), ↼2▷6↽ where w is a possible word to be predicted σ is the prior context each φ_i is a different equivalence class function and λ i(φi(σ)) must always sum to 1. As an example, consider the case where σ = w1, . . . , wk−∞⇔ ∋S⌉⌉ ⌈⟩∫⌋⊓∫∫⟩≀\ ⊣\⌈ ∇⌉{⌉∇⌉\⌋⌉∫ ⟩\ ⇐P∇⌉∫∫ ⌉⊔ ⊣↕↙⇔ ∞∃∀∀⇒↙

∞∞

⊣\⌈ φ1(σ) = w_{k−∈}, w_{k−∞} φ2(σ) = w_{k−∞}. Here the αrst estimator uses two previous words of context and the second estimator uses just one word of context▷ Clearly it is better to use more information when it is available so λ_{φ1(σ)} will be high relative to λ_{φ2(σ)} when φ 1(σ) occurs frequently; when it does not, λ_{φ2(σ)} will be accordingly higher. Jelinek et al. discuss methods for estimating the λ i using heldout data in order to achieve this behavior▷ ↼Bahl et al▷ 1989↽ discuss a related approach to combining estimators in which the equivalence classes are determined not simply by applying an nthorder Markov assumption for varying n but by classifying prior contexts using a decision tree▷ The process of classifying a context sequence w1, . . . , w_{k−∞} ⟩\⊑≀↕⊑⌉∫ ∫⊔⊣∇⊔⟩\} ⊣⊔ ⊔⟨⌉ ⊔≀√ \≀⌈⌉ ≀{ ⊔⟨⌉ ⊔∇⌉⌉ ⊣\⌈ ⌈⌉∫⌋⌉\⌈⟩\} ⊣↕≀\} ⊣ √⊣⊔⟨ ⊓\⊔⟩↕ ⊣ ↕⌉⊣{ ⟩∫ ∇⌉⊣⌋⟨⌉⌈↙ A⊔ ⌉⊣⌋⟨ \≀⌈⌉⇔ ⊔⟨⌉ ⌋⟨≀⟩⌋⌉ ≀{ ⊒⟨⟩⌋⟨ ⌊∇⊣\⌋⟨ ⊔≀ ⌈⌉∫⌋⌉\⌈ ⟩∫ ⇕⊣⌈⌉ ≀\ ⊔⟨⌉ ⌊⊣∫⟩∫ ≀{ ⊣ ∐⊓⌉∫⊔⟩≀\ ⊣⊔ ⊔⟨⊣⊔ \≀⌈⌉ ⇐⌉↙}↙⇔ ⟩∫ w k−∞ ⊣ ⌈⌉⊔⌉∇⇕⟩\⌉∇⊥⇒↙ T⟨⊓∫ ⊔⟨⌉ ⊔≀√ \≀⌈⌉ ≀{ ⊔⟨⌉ ⊔∇⌉⌉ ⌋⊣\ ⌊⌉ ⊑⟩⌉⊒⌉⌈ ⊣∫ ⟩⇕√↕⟩⌋⟩⊔↕† ∇⌉√∇⌉∫⌉\⊔⟩\} ⊣\ ⌉§⟨⊣⊓∫⊔⟩⊑⌉ ⌉∐⊓⟩⊑⊣↕⌉\⌋⌉ ⌋↕⊣∫∫⇔ ⊣\⌈ ⊔⟨⌉ \≀⌈⌉∫ ⊣↕≀\} ⊣ √⊣⊔⟨ ∇⌉√∇⌉∫⌉\⊔ √∇≀}∇⌉∫∫⟩⊑⌉↕† \⊣∇∇≀⊒⌉∇ ⌉∐⊓⟩⊑⊣↕⌉\⌋⌉ ⌋↕⊣∫∫⌉∫⇔ ⌋≀⇕√∇⟩∫⟩\} ⊔⟨≀∫⌉ ⌋≀\⊔⌉§⊔ ∫⌉∐⊓⌉\⌋⌉∫ {≀∇ ⊒⟨⟩⌋⟨ ⊣↕↕ ⊔⟨⌉ ∐⊓⌉∫⊔⟩≀\∫ ⊓√ ⊔≀ ⊔⟨⟩∫ √≀⟩\⊔ ⟨⊣⊑⌉ ⌊⌉⌉\ ⊣\∫⊒⌉∇⌉⌈ ⊔⟨⌉ ∫⊣⇕⌉ ⊒⊣†↙ T⟨⌉∇⌉ ⊣∇⌉ ⇕⊣\† ⊒⊣†∫ ⊔≀ ⌋≀\∫⊔∇⊓⌋⊔ ⌈⌉⌋⟩∫⟩≀\ ⊔∇⌉⌉ ⌋↕⊣∫∫⟩⊘⌉∇∫⇔ ⊔⟨⌉ ⇕≀∫⊔ ⌋≀⇕⇕≀\ ≀{ ⊒⟨⟩⌋⟨ ⟩∫ ⊔≀ ∫⊔⊣∇⊔ ⊒⟩⊔⟨ ⊔⟨⌉ {⊓↕↕ ∫⌉⊔ ≀{ ⊔∇⊣⟩\⟩\} ⌈⊣⊔⊣ ⊣⊔ ⊔⟨⌉ ∇≀≀⊔⇔ ⊣\⌈ ⊔≀ √∇≀⌋⌉⌉⌈ ⊔≀√ ⌈≀⊒\⇔ ∇⌉⌋⊓∇∫⟩⊑⌉↕† √⊣∇⊔⟩⊔⟩≀\⟩\} \≀⌈⌉∫ ⊣⌋⌋≀∇⌈⟩\} ⊔≀ ⊔⟨⌉ √⊣∇⊔⟩⊔⟩≀\ ⊔⟨⊣⊔ ≀√⊔⟩⇕⟩‡⌉∫ ∫≀⇕⌉ ⇕⌉⊣∫⊓∇⌉ ∫⊓⌋⟨ ⊣∫ ⟩\{≀∇⇕⊣⊔⟩≀\ }⊣⟩\ ⇐Q⊓⟩\↕⊣\⇔ ∞∃∃′⇒↙ I\ ⇐B⊣⟨↕ ⌉⊔ ⊣↕↙⇔ ∞∃∀∃⇒ ⊔⟨⌉ ⌊⌉∫⊔ √⊣∇⊔⟩⊔⟩≀\ � ⊣\⌈ ⟨⌉\⌋⌉ ⊔⟨⌉ ⌋⟨≀⟩⌋⌉ ≀{ ⌉∐⊓⟩⊑⊣↕⌉\⌋⌉ ⌋↕⊣∫∫⌉∫ ⌋∇⌉⊣⊔⌉⌈ ⊣⊔ ⊔⟨⟩∫ ⌊∇⊣\⌋⟨ � ⟩∫ ⌋⟨≀∫⌉\ ⌊† ⇕⟩\⟩⇕⟩‡⟩\} ⊔⟨⌉ ⊣⊑⌉∇⊣}⌉ ⌋≀\⌈⟩⊔⟩≀\⊣↕ ⌉\⊔∇≀√† H(W k|ci) over the equivalence classes {ci} ⟩\ ⊔⟨⌉ √⊣∇⊔⟩⊔⟩≀\↙ T⟨⌉ ⌋≀\⌈⟩⊔⟩≀\⊣↕ ⌉\⊔∇≀√† ⊣⊔ ⊣ ↕⌉⊣{ ⇕⌉⊣∫⊓∇⌉∫ ⊔⟨⌉ ⊓\⌋⌉∇⊔⊣⟩\⊔† ≀{ ⊔⟨⌉ √∇⌉⌈⟩⌋⊔⟩≀\ ⇕⊣⌈⌉ ⊣⊔ ⊔⟨⊣⊔ ↕⌉⊣{⇔ ⌊⊣∫⌉⌈ ≀\ ⊔⟨⌉ ⊔∇⊣⟩\⟩\} ⌈⊣⊔⊣↙ B⌉⌋⊣⊓∫⌉ ⊔⟨⌉ ⊔∇⊣⟩\⟩\} ⌈⊣⊔⊣ ⊣∇⌉ √⊣∇⊔⟩⊔⟩≀\⌉⌈ ⊣⊔ ⌉⊣⌋⟨ ⌊∇⊣\⌋⟨⟩\} √≀⟩\⊔⇔ ⌊† ⊔⟨⌉ ⊔⟩⇕⌉ ⊣ ↕⌉⊣{ ⟩∫ ∇⌉⊣⌋⟨⌉⌈ ⊔⟨⌉ ⌋↕⊣∫∫ ⟩⊔ ∇⌉√∇⌉∫⌉\⊔∫ ⇕⊣† ⌊⌉ ⊔≀≀ ∫⇕⊣↕↕ ⊔≀ ∫⊓√√≀∇⊔ ∫⊔⊣⊔⟩∫⊔⟩⌋⊣↕↕† ∇⌉↕⟩⊣⌊↕⌉ √∇⌉⌈⟩⌋⊔⟩≀\∫↙ A⌋⌋≀∇⌈⟩\}↕†⇔ ⇕⊣\† ⌈⌉⌋⟩∫⟩≀\ ⊔∇⌉⌉ ⌋≀\∫⊔∇⊓⌋⊔⟩≀\ ⊣↕}≀∇⟩⊔⟨⇕∫ √∇⊓\⌉ √⊣⊔⟨∫ ⌊⌉↕≀⊒ ⊣ ⌋⌉∇⊔⊣⟩\ √≀⟩\⊔ ⇐⌉↙}↙⇔ ⇐B∇⌉⟩⇕⊣\ ⌉⊔ ⊣↕↙⇔ ∞∃∀△⇒⇒⇔ ⟩\⌋∇⌉⊣∫⟩\} ⊔⟨⌉ ∫⟩‡⌉ ≀{ ⊔⟨⌉ ⌋↕⊣∫∫⌉∫ ∇⌉√∇⌉∫⌉\⊔⌉⌈ ⌊† ⊔⟨⌉ ↕⌉⊣⊑⌉∫ ≀{ ⊔⟨⌉ ⊔∇⌉⌉↙ B⊣⟨↕ ⌉⊔ ⊣↕↙ ⊔⊣‖⌉ ⊣ ⌈⟩{{⌉∇⌉\⊔ ⊣√√∇≀⊣⌋⟨¬ ⊔⟨⌉† ⊣√√↕† ⟩\⊔⌉∇√≀↕⊣⊔⌉⌈ ⌉∫⊔⟩⇕⊣⊔⟩≀\⇔ ⊓∫⟩\} ⌉∫⊔⟩⇕⊣⊔≀∇∫ ⌊⊣∫⌉⌈ ≀\ ⊔⟨⌉ ⌉∐⊓⟩⊑⊣↕⌉\⌋⌉ ⌋↕⊣∫∫ ∇⌉√∇⌉∫⌉\⊔⌉⌈ ⊣⊔ ⌉⊣⌋⟨ \≀⌈⌉↙ S√⌉⌋⟩⊘⌋⊣↕↕†⇔ √(w|σ) is calculated by classifying σ in the tree and then computing ~√(w|σ) = λ_r p(w|φ_r(σ)) + · · · + λ_lp(w|φ_l(σ)), ↼2▷7↽ where n_r, . . . , n_l are the nodes on the path that was taken from root to leaf and φ_r , . . . , φ_l are the equivalence classes associated with those nodes▷ As before the λ i are estimated on the basis of heldout data with the end result being that the nodes in a path contribute according to how reliably the prediction at that node can be estimated▷ In summary both ngram and decision tree word prediction methods make implicit use of equivalence classes of word sequences, in the case of decisiontree techniques a constructed tree implicitly represents a set of equivalence classes derived according to lexical distributions in the training data▷ Interpolated estimation is one way to combine predictions made on the basis of different equivalence classes▷ ↼Grishman and Sterling 1993↽ investigating the automated acquisition of selectional constraints apply cooccurrence smoothing ↼Essen and Steinbiss 1992↽ a technique in which prediction information for distinct words is combined on the basis of their distributional similarity▷ A matrix P_C of confusion probabilities is constructed on the basis of lexical distributions. P C(wj |wi) indicates the probability on average that word

w_j will occur in a context in which w_i occurs▷ Using this matrix the likelihood of a word w given some context can be estimated robustly by combining the likelihoods of all other words w^′ }⟩⊑⌉\ ⊔⟨⊣⊔ ∫⊣⇕⌉ ⌋≀\⊔⌉§⊔⇔ ⊒⌉⟩}⟨⊔⟩\} ⊔⟨⌉ ⌋≀\⊔∇⟩⌊⊓⊔⟩≀\ ≀{ ⌉⊣⌋⟨ w ′ ⌊† ⟩⊔∫ ⌋≀\{⊓∫⊣⌊⟩↕⟩⊔† ⊒⟩⊔⟨ w▷ For example a smoothed trigram model would be computed as follows. ~√(w_n|w_{n−∈}, w_{n−∞}) = ∑ w^0_n P_C(w^′_n|w_n)p(w^′_n|w_{n−∈}, w_{n−∞}). ↼2▷8↽ In general any property of interest can be smoothed in this fashion. if f is some value based on w then ⁀f(w) = ∑ w^0 P_C(w^′|w)f(w^′). ↼2▷9↽ Grishman and Sterling smooth frequencies of relational triples ↼e▷g▷ ♭likesubjectMary♯↽ and demonstrate that the smoothed frequencies yield improved performance over unsmoothed frequencies in constraining the output of a robust parser▷ Cooccurrence smoothing and interpolated estimation are similar in the sense that each computes a smoothed value by weighting the contributions of multiple estimators▷ However in the applications of interpolated estimation described above each estimator is associated with a set of words ↼or word sequences↽ that are treated as equivalent▷ In contrast cooccurrence smoothing utilizes not equivalence classes but a continuous measure of relatedness among the words for which estimated values are combined, in this respect it strongly resembles proximity methods▷

2▷3▷2 Proximity methods and clustering Since a number of techniques for measuring the similarity ↼or dissimilarity↽ of words can be viewed as representing proximity in some semantic space I will group such techniques under the label of Ψproximity methods▷ν Generally these methods work by using the frequency with which two words appear in the same contexts together with their frequencies in other contexts to compute a single value representing their proximity▷ Proximity need not be symmetric � for example in ↼Grishman and Sterling 1993↽ the confusion probability P_C(w_j|w_i) need not be the same as P_C(w_i|w_j). In addition to its intuitive plausibility, the idea that shared contexts indicate semantic similarity appears to have some psychological validity: (Miller and Charles, 1991) show that the discriminability of word contexts correlates inversely with semantic similarity ratings.4

Given a measure of proximity, clustering techniques are used to organize data into groupings of similar entities. It is important to note that traditional applications of data clustering are used for exploratory analysis of existing data. Jain and Dubes (1988, p. 1) write:

The objective of cluster analysis is simply to őnd a convenient and valid organization of the data, not to establish rules for separating future data into categories. Clustering algorithms are geared toward őnding structure in the data.

This must be distinguished from the automatic learning of classiőers based on training data. Weiss and Kulikowski (1991, p. 17) write:

4Miller and Charles determined contextual similarity by having subjects sort sentential contexts (sentences with the target word blanked out) for pairs of target words. In one experiment the sentences came from the Brown corpus, and, in a replication, a separate group of subjects generated sentences containing the target words. They discuss the comparative advantages and disadvantages of contextual similarity measures based on substitutability versus overlap of co-occurring words.

The objective of learning classiőcations from sample data is to classify and predict successfully on new data.

Despite the apparent opposition, of course, there are important relationships between cluster analysis and statistical pattern classiőcation. For example, knearest neighbor classiαers in effect make use of proximity to form clusters. a new pattern is classiαed by αrst seeking an exact match in the training data and then if one is not found choosing the class that appears most frequently among the k training items that are closest ↼or most similar↽ to the new pattern ↼Weiss and Kulikowski 1991 p▷ 70↽▷ Most of the work to be described here is intended to be used by αrst αxing a training corpus and then applying the resulting word classes to new data so in general these techniques seem closer to classiαer learning than to traditional exploratory data analysis▷ However experimental results are often evaluated by inspecting the cohesiveness of the clusters that result from training▷ One useful way to organize a discussion of word proximity methods is according to the way they determine that two words occur in similar contexts▷ Perhaps the simplest interpretation of context is string cooccurrence. one word is said to appear in the context of another if the two words are adjacent or more generally if the context word appears within some αxed distance to the left or right▷ ↼Church and Hanks 1989↽ observe that this form of context may help lexicographers identify useful semantic classes. they suggest that by ranking the words occurring to the right of a word ↼in their example the verb save↽ by mutual information useful patterns may emerge▷ In effect their suggestion amounts to computing a word proximity measure using the word save some distance to the left as the shared context although no explicit measure of similarity is ever computed▷ ↼Brown et al▷ 1992↽ make more direct use of mutual information in determining word classes. they create a hierarchical clustering of words in a vocabulary by αrst assigning each word to its own cluster and then merging clusters bottom up at each point choosing to merge the pairs of clusters for which the loss of average mutual information is least▷ Here mutual information between clusters is calculated using string adjacency▷ That is two clusters c1 and c2 cooccur when a pair w1w2 occurs in the training text where w1 ∈ c1 and w2 ∈ c2 � thus the model underlying the clustering criterion is a bigram model▷ Brill ↼1990, 1991↽ has also investigated bigrambased word clustering, however his methods operate by specifying a parameterized measure of word proximity based on similarity of bigram distributions rather than maximizing mutual information▷ By varying the strictness of the similarity criterion from more to less stringent a hierarchical clustering results▷ Along similar lines ↼Bensch and Savitch 1992↽ use string adjacency to determine word cooccurrence representing the context of each word instance as the pair comprising the preceding and following word▷ However unlike most distributionalapproaches to word clustering they ignore frequencies of cooccurrence and compute a score the Tanimoto coefαcient based simply on the number of shared and unshared contexts▷ Thus what is relevant is not how often two words occur in a shared context but whether that context is shared at all▷ Given a word proximity measure based on the Tanimoto coefαcient Bensch and Savitch create a clustering by αrst creating a fully connected graph of the words in the vocabulary with proximities on the arcs and then constructing the minimum spanning tree for the graph▷ ↼In this respect the technique is a specialization of the Pathαnder algorithm ↼Schvaneveldt Durso and Dearholt 1989↽ which also begins with a fully connected graph and produces a network structure▷ Pathαnder permits two userset parameters to vary and at one extreme value of the parameters the Ψminimalν network is produced consisting of the unique minimal spanning tree if there is one and the union of all edges in any minimal spanning tree otherwise▷↽

String cooccurrence within a window is a very coarsegrained way to capture linguistic relationships and as the size of the window increases the amount of noise � that is the frequency of irrelevant co occurrences � increases▷ Given a syntactic analysis however it is possible to deαne word contexts using relationships that are more constrained and linguistically well motivated▷ For example ↼Hindle 1990↽ proposes a method for classifying nouns on the basis of the verbs for which they appear as arguments as determined using a robust parser▷ The similarity of two nouns n1 and n2 with respect to a single verb is deαned using mutual information. the Ψobject similarityν ↼similarity relative to the direct object position↽ is taken to be zero if one noun has positive mutual information and the other negative mutual information with the verb, otherwise this verb can be considered a shared context and the strength of similarity in this context is quantiαed by minimizing the magnitude of the two mutual information values▷ ΨSubject similarityν is deαned analogously and overall similarity is deαned as the sum of subject and object similarity for the two nouns summed up over all verbs▷ Grefenstette ↼1992↽ has taken a similar approach though using a broader set of syntactic relationships and using the Jaccard measure rather than mutual information▷ Both Hindle and Grefenstette produce a similaritybased ranking of words for a given noun though an explicit clustering is never constructed▷ ↼McKeown and Hatzivassiloglou 1993↽ apply a distributional method not unlike Grefenstetteφs to the clustering of adjectives on the basis of the nouns they modify▷ For purposes of measuring similarity they employ Kendallφs τ coefαcient a nonparametric statistic▷ Unlike the other distributionallybased clustering methods described here McKeown and Hatzivassiloglou provide their algorithm with negative evidence derived from the corpus using linguistic knowledge. essentially they assume that two adjectives modifying the same instance of a noun cannot be modiαers on the same scale and therefore should not be grouped together▷ ↼For example the phrase the tall dark man provides evidence that tall and dark belong in different classes▷↽ ↼Pereira Tishby and Lee 1993↽ also use argument relationships to determine similarity producing a clustering of nouns based on the verbs for which they appear as direct objects▷ Words and clusters are represented using the probability distribution for cooccurrence with verbs and similarity ↼really dissimi larity↽ is measured using the relative entropy between distributions▷ The use of relative entropy yields a useful informationtheoretic interpretation of the relationship between a word and a cluster. it measures how costly it would be in bits of information to use the distribution associated with the cluster rather than the distribution associated with the noun itself▷ It is important to note that this method unlike many of the others produces clusters that are not discrete. cluster membership is a matter of degree▷

2▷3▷3 Vector representations In most of the techniques described above the set of contexts in which a word appears can be thought of as a representation for that word in a Ψsemanticν space the dimensions of which are identiαed with the set of words in the vocabulary▷ For instance if there are k words in the vocabulary then the frequency distribution of words appearing to immediately to the left of a word can be represented as a kary vector of integers▷ In ↼Bensch and Savitch 1992↽ where cooccurrence is relevant but frequency of cooccurrence is not a wordφs context can be interpreted as a vector of binary features▷ Under the heading of Ψvector representationν methods I will describe a set of techniques that construct word representations on the basis of lexical distributions▷ In most cases the resulting representations arise by means of a reduction in the dimensionality of the semantic space determined by the full vocabulary▷

To begin with an exception however the mutual information clustering method of Brown et al▷ de scribed above can be seen as producing not only a hierarchy of discrete clusters but also a bitvector representation for each word in the vocabulary▷ The derivation of representations from the cluster hierarchy is straightforward. if M is the height of the hierarchy � that is the length of the longest path from the top of the hierarchy to a word at the bottom � then one need only label each connecting branch in the hierarchy with either a 0 or a 1 according to the direction of the branch▷ The resulting bitvector representation of each word is the sequence of bits encountered on the path from the top of the hierarchy to that word where any sequence of length less than M is padded on the right with sufαciently many 0 bits to make its length exactly M ▷ Notice that the Ψmeaningν of each bit in the representation will depend on the sequence of bits preceding it so the vector does not really identify a point in an M dimensional space▷ Nonetheless such a representation is useful in contexts where the orderdependence of the bits can be exploited � for example in a binary decision tree where classiαcation is accomplished by asking questions one bit at a time▷ In the connectionist community a fair amount of work has taken place under the rubric of Ψdistributed representationsν � that is representing a word ↼or anything else of interest for that matter↽ as a pattern of activity across a set of nodes in a neural network▷ In many cases these representations are Ψsubsymbolicν in the sense that no individual node constitutes the representation for a single concept or semantic feature▷ A thorough description of the connectionist literature on this topic is beyond the scope of this discussion, however see ↼Smolensky 1988↽ on the Ψsubsymbolic paradigmν and ↼Smolensky Legendre and Miyata 1992↽ for an illuminating discussion on the relationship between connectionism and the study of language as well as pointers to the connectionist literature▷ One interesting and inβuential example of connectionist work on lexical representation is a study by Elman ↼1990↽ on the automatic discovery of syntactic◁semantic features for words▷ Elman proposes an extension of the ubiquitous Ψfeedforwardν network architecture � comprising a layer of input units one or more layers of hidden units and a layer of output units � in which the input at any time step includes the activations of the hidden units from the previous time step▷5 This Ψrecurrentν network model is trained on ↼artiαcially constructed↽ sentences in which each word is represented as a bit vector with a single bit active▷ Its task is to predict the next word at each time step on the basis of the information at the input units▷ Since these encode previous context training the network is not unlike automatically constructing a kind of Markov model▷ What is of interest here however is not performance on the prediction task but rather the generalizations the network has been forced to make in order to learn to make its predictions▷ Elman writes. ♭The♯ network seems to have learned to approximate the likelihood ratios of potential successors▷ How has this been accomplished⋆ The input representations give no information ↼such as form class↽ that could be used for prediction▷ The word vectors are orthogonal to each other▷ Whatever generalizations are true of classes of words must be learned from the cooccurrence statistics and the composition of those classes must itself be learned▷ ▷ ▷ ▷ ♭One♯ might expect to see these patterns emerge in the internal representations which the network develops in the course of learning the task▷ These internal representations are captured by the pattern of hidden unit activations which are evoked in response to each word and its context▷ Elman studies these internal representations by constructing for each word a single vector representation computed by averaging the vectors of hiddenunit activity for the word in each context in which it appears▷ These vector representations are subjected to a hierarchical cluster analysis▷ The resulting hierarchy shows 5This architecture is a variation on a proposal by Jordan ↼1986↽▷ A similar architecture to Elmanφs is proposed in ↼Allen 1990↽▷ that the similarity structure of representations accords with the syntactic and semantic character of the words they represent � for example the major distinction is between verbs and nouns within the verb cluster there are subclusters corresponding to different subcategorizations and within the noun cluster there are divisions and subdivisions according to animacy humanness and so forth▷ It is important to note that Elmanφs model appears to depend to a great extent on the orthogonality of the input representations since if these representations do not start out as equally dissimilar spuri ous representational similarities between unrelated words could dominate discovered similarities based on distributional evidence▷ ↼In a small study investigating this problem I found that representing words by nonorthogonal bitvectors did in fact lead to this problem of spurious similarity ↼Resnik 1991↽▷ Initial experiments indicated that the problem could be overcome by making the hierarchical clustering sensitive not to the distance between internal representations but to the relative movement of word representations in representational space over the course of training▷↽ It is also important to note that Elmanφs method requires multiple cooccurrences in the training data and perhaps depends on these to a greater extent than statistical methods where low counts can nonetheless be used to compute reasonable probability estimates▷ It is this concern in fact that motivated Bensch and Savitch to explore a frequencyindependent method for word classiαcation▷ ↼Sch�utze to appear↽ has investigated the acquisition of distributed representations on a far larger scale than Elman▷ The heart of his method is a reduction of dimensionality in a semantic space using singularvalue decomposition▷ Sch�utze αrst constructs a large matrix containing frequencies of lexical cooccurrence in a string, a singularvalue decomposition is then performed on this matrix and 97 singular values extracted resulting in vector representations that constitute points in a 97dimensional Ψsemantic space▷ν6 Since the singularvalue decomposition of a matrix provides the best possible leastsquares approximation to the original matrix using the reduced number of dimensions the resulting 97dimension vectors will be similar if the original 5000dimension vectors were▷7

2▷3▷4 Discussion There has clearly been a great deal of interesting research on the automated acquisition of word classes based on lexical distributions � the discussion above illustrates some real variety among approaches and it is not exhaustive▷ The results thus far are promising. in most of the works just described the authors present automatically derived word classes that on inspection seem entirely plausible▷ However despite their obvious potential it is difαcult to assess the value of these distributional class methods at present and even when there are clear successes it is particularly difαcult to compare the advantages and disadvantages of alternative proposals▷ For example Brown et al▷ ↼1992↽ succeed in using classes to reduce the space required for storing a language model but are less successful in their ultimate goal of increasing the modelφs predictive power on unseen data▷ Most of the other methods discussed pursue other goals with ensuing difαculties in drawing comparisons, for example although Grishman and Sterling ↼1993↽ achieve an improvement in performance according to their evaluation metric � essentially success at identifying unlikely relational triples � those results are not evaluated against any other statistical smoothing method or indeed any of the other techniques for making use of lexical class information▷ Among the other authors presenting formal evaluations of their proposals we αnd still other methods for assessment. Pereira 6For reasons of practicality cooccurrences were taken with respect to fourletter subsequences rather than entire words in some of Sch�utzeφs work, however his most recent work makes direct use of word cooccurrences e▷g▷ ↼Sch�utze 1993↽▷ 7See ↼Deerwester et al▷ 1990↽ for a related application of singularvalue decomposition in information retrieval et al▷ ↼1993↽ measure the relative entropy of heldout test data against the trained cluster models as well as performance on an artiαcial verbchoice task and Sch�utze ↼to appear↽ applies his statisticallyderived lexical representations to the task of resolving word sense ambiguity▷ This difαculty in evaluating alternative methods is by no means isolated to the problem of deriving and using word classes and undoubtedly more systematic comparisons will be undertaken as further progress is made▷ However in addition to the question of evaluation several other issues are worth noting▷

Computational expense▷ The derivation of word classes based on lexical distributions can be extremely expensive in computational terms▷ Brown et al▷ ↼1992↽ note that they have no practical method for αnding an optimal solution to partitioning words into classes and that even the suboptimal greedy algorithm they use takes O(V5) time (where V is the size of the vocabulary↽ if implemented straightforwardly and O(V3) if implemented cleverly. For vocabularies that are still too large to handle, they present a further approximation according to which the assignment of words to classes proceeds incrementally, holding the total number of classes constant as new words are added. Computations of this kind can take anywhere from days to weeks of real time, and runs of several months are not unheard of.8

Although there is in principle nothing wrong with algorithms that require long-term computation Ð especially given rapid increases in computational power Ð increased computing power may not succeed in catching up with the time complexity of statistical algorithms. More important, it may be that the computationally intensive nature of statistical approaches slows down the rate of progress. Since training a statistical model requires a global computation relative to the entire corpus, and since statistics based on a subset of the corpus may not adequately reŕect the whole, testing each new idea requires computation on a large scale. On the other hand, it may be that the automated discovery of information by statistical means is worth the wait, when compared to the even longer time-course of knowledge acquisition by hand. For example, (Magerman, 1993) reports parsing results obtained by statistical methods, trained in weeks or months, that are comparable to the performance of a grammar developed for the same domain by a grammarian over the course of a decade.

Class identiőers. A potential problem with distributionally derived word classes is the fact that, in general, the classes that emerge are not identiőed with symbolic labels of any kind. If classes are viewed as a means for reducing data sparseness, as in the language model of (Brown et al., 1992) or the selectional constraints of (Grishman and Sterling, 1993), this is not a problem Ð similarity measures or classiőcations are simply a means for improving the probability estimates for a given word. When a symbolic component is also involved, though, some method is needed for relating clusters to other information. For example, (SchÈutze, to appear) manually labels clusters of word representations in order to identify word senses, and in (SchÈutze, 1993) he takes a similar approach for the identiőcation of part-of-speech tags. The choice of classes to label is made on the basis of a relatively small test set, and it is not clear how such an approach would be applied in a more general setting.

The problem is compounded in cases where the classes themselves are not discrete. Pereira et al. (1993), describing some results of their hierarchical clustering, present the nouns that are closest to the centroid of 8A quote from (Dagan, 1990) seems fairly representative of the prevailing attitude toward computational time among researchers pursuing statistical approaches: łAlthough the construction of the full size database [of co-occurrence statistics] is not feasible for us, it is clearly feasible for a large scale project. This is shown by a similar database that was implemented as part of the language model of the IBM speech recognition system. . . . Parsing time depends upon the speciőc parser that is used, but with current technologies it is reasonable to parse a fairly large corpus within several monthsž (emphasis added).

each cluster Ð for instance, one cluster of direct objects for the verb őre is described by the set {⇕⟩∫∫⟩↕⌉⇔ ∇≀⌋‖⌉⊔⇔ ⌊⊓↕↕⌉⊔⇔ }⊓\}↙ H≀⊒⌉⊑⌉∇⇔ ⌉⊑⌉∇† \≀⊓\ ⟩\ ⊔⟨⌉ ⊑≀⌋⊣⌊⊓↕⊣∇† ⟩∫ ⊣ ⇕⌉⇕⌊⌉∇ ≀{ ⊔⟨⟩∫ ⌋↕⊓∫⊔⌉∇ ⊔≀ ∫≀⇕⌉ ⌈⌉}∇⌉⌉↙ I{⇔ ⊣∫ P⌉∇⌉⟩∇⊣ ⌉⊔ ⊣↕↙ ∫⊓}}⌉∫⊔⇔ ⊔⟨⌉∫⌉ ⌋↕⊓∫⊔⌉∇∫ ⊣∇⌉ ⊔≀ ⌊⌉ ⊓∫⌉⌈ ⟩\ ⊣⊓⊔≀⇕⊣⊔⟩⌋⊣↕↕† ⌋≀\∫⊔∇⊓⌋⊔⟩\} }∇⊣⇕⇕⊣∇∫⇔ ∫≀⇕⌉ ⇕⌉⊔⟨≀⌈ {≀∇ ⌈∇⊣⊒⟩\} ∫⟨⊣∇√ ∇⊣⊔⟨⌉∇ ⊔⟨⊣\ {⊓‡‡† ⌋↕⊣∫∫ ⌊≀⊓\⌈⊣∇⟩⌉∫ ∫⌉⌉⇕∫ \⌉⌋⌉∫∫⊣∇†⇔ ⊣\⌈ ⊓↕⊔⟩⇕⊣⊔⌉↕† ∫≀⇕⌉ ⊒⊣† ≀{ ⟩⌈⌉\⊔⟩{†⟩\} ⌋↕⊣∫∫⌉∫ ∫†⇕⌊≀↕⟩⌋⊣↕↕† ⊣∫ ⌋≀⇕√≀\⌉\⊔∫ ⟩\ ⊣ }∇⊣⇕⇕⊣∇ ⊒⟩↕↕ ⌊⌉ \⌉⌉⌈⌉⌈↙

T⟨⌉ ∫⌉⇕⊣\⊔⟩⌋∫ ≀{ ⊒≀∇⌈ ⌋↕⊣∫∫⌉∫↙ A↕⊔⟨≀⊓}⟨ ⊔⟨⌉ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\∫ ≀∇ ⌋↕⊣∫∫⌉∫ ⌈⟩∫⌋≀⊑⌉∇⌉⌈ ⊓∫⟩\} ⌈⟩∫⊔∇⟩⌊⊓⊔⟩≀\⊣↕ ⇕⌉⊔⟨≀⌈∫ ⊣∇⌉ ≀{⊔⌉\ ⌈⌉∫⌋∇⟩⌊⌉⌈ ⊣∫ ⊖∫⌉⇕⊣\⊔⟩⌋⇔⪰ ⊔⟨⌉ ⟩\{≀∇⇕⊣⊔⟩≀\ ⌋⊣√⊔⊓∇⌉⌈ ⌊† ⇕⌉⊣\∫ ≀{ ∫⊔⊣⊔⟩∫⊔⟩⌋⊣↕ ⌈⟩∫⊔∇⟩⌊⊓⊔⟩≀\∫ ≀{⊔⌉\ ⌈⌉⊘⌉∫ ∫⟩⇕√↕⌉ ⌈⌉∫⌋∇⟩√⊔⟩≀\↙ F≀∇ ⌉§⊣⇕√↕⌉⇔ ⌋↕⊓∫⊔⌉∇∫ ⟨⊣\⌈↖∫⌉↕⌉⌋⊔⌉⌈ ⌊† B∇≀⊒\ ⌉⊔ ⊣↕↙ ⊣∫ √⊣∇⊔⟩⌋⊓↕⊣∇↕† ⊖⟩\⊔⌉∇⌉∫⊔⟩\}⪰ ⟩\⌋↕⊓⌈⌉ ⊔⟨⌉ {≀↕↕≀⊒⟩\} ⇐⊔⟨⌉† ↕⟩∫⊔ |⊓∫⊔ ⊔⟨⌉ ⊔⌉\ ⇕≀∫⊔ {∇⌉∐⊓⌉\⊔ ⟩⊔⌉⇕∫⇒¬ • {⌉⌉⊔ ⇕⟩↕⌉∫ √≀⊓\⌈∫ ⌈⌉}∇⌉⌉∫ ⟩\⌋⟨⌉∫ ⌊⊣∇∇⌉↕∫ ⊔≀\∫ ⊣⌋∇⌉∫ ⇕⌉⊔⌉∇∫ ⌊†⊔⌉∫ ↙ ↙ ↙ • ⊣∫‖⟩\} ⊔⌉↕↕⟩\} ⊒≀\⌈⌉∇⟩\} ⟩\∫⊔∇⊓⌋⊔⟩\} ⟩\{≀∇⇕⟩\} ‖⟩⌈⌈⟩\} ∇⌉⇕⟩\⌈⟩\} ⌊≀⊔⟨⌉∇⟩\} ⊔⟨⊣\‖⟩\} ⌈⌉√≀∫⟩\} ↙ ↙ ↙ T⟨⌉∫⌉ }∇≀⊓√∫ ⊣∇⌉ ⌉\⌋≀⊓∇⊣}⟩\}↕† ⌋≀⟨⌉∇⌉\⊔ ⊣\⌈ ⌉⊑⌉\ ⊖∫⌉⇕⊣\⊔⟩⌋⪰ ⟩\ ∫≀⇕⌉ ∫⌉\∫⌉ � ⌊⊓⊔ \≀⊔⟩⌋⌉ ⊔⟨⊣⊔ ≀⊔⟨⌉∇ ⟩\{≀∇⇕⊣⊔⟩≀\ ⟩∫ ⌉\⌋≀⌈⌉⌈⇔ ⊣∫ ⊒⌉↕↕⇔ ∫⊓⌋⟨ ⊣∫ \⊓⇕⌊⌉∇ ⇐√↕⊓∇⊣↕ ⊓\⟩⊔∫ ≀{ ⇕⌉⊣∫⊓∇⌉⇕⌉\⊔⇒ ⊣\⌈ ⟩\⊙⌉⌋⊔⟩≀\ ⇐⊑⌉∇⌊∫ ≀{ ⌋≀⇕⇕⊓\⟩⌋⊣⊔⟩≀\ ⟩\ ⊔⟨⌉ √∇≀}∇⌉∫∫⟩⊑⌉⇒↙ A⇕≀\} ⊔⟨⌉⟩∇ ∇⊣\⌈≀⇕↕† ∫⌉↕⌉⌋⊔⌉⌈ ∇⊣⊔⟨⌉∇ ⊔⟨⊣\ ⟨⊣\⌈↖√⟩⌋‖⌉⌈ ⌋↕⊣∫∫⌉∫⇔ ⟩⊔ ⟩∫ \≀⊔ ⌋↕⌉⊣∇ ⌉§⊣⌋⊔↕† ⊒⟨⊣⊔ ⟩\{≀∇⇕⊣⊔⟩≀\ ⟩∫ ⌊⌉⟩\} ⌋⊣√⊔⊓∇⌉⌈ ⌉⊑⌉\ ⟩\ ⊔⟨⌉ ⇕≀∇⌉ ⌋≀⟨⌉∇⌉\⊔ ⌋⊣∫⌉∫¬ • ∇⟩∫⌉ {≀⌋⊓∫ ⌈⌉√⌉\⌈ ∇⌉↕† ⌋≀\⌋⌉\⊔∇⊣⊔⌉ ⌈⊒⌉↕↕ ⌋⊣√⟩⊔⊣↕⟩‡⌉ ⌉⇕⌊⊣∇‖ ⟩\⊔∇⊓⌈⌉ ⊔†√⌉⊒∇⟩⊔⟩\} ↙ ↙ ↙ • ⊣⊒⊣∇⌉ ⊓\⊣⊒⊣∇⌉ ⊓\∫⊓∇⌉ ⌋≀}\⟩‡⊣\⊔ ⊣√√∇⟩∫⌉⌈ ⇕⟩\⌈{⊓↕ √⊣∇⊔⊣‖⌉∇∫ ↙ ↙ ↙ F≀∇ ⌉§⊣⇕√↕⌉⇔ ⊒⟩⊔⟨ ⊔⟨⌉ ⌉§⌋⌉√⊔⟩≀\ ≀{ ∇⟩∫⌉ ⊣\⌈ ⊔†√⌉⊒∇⟩⊔⟩\}⇔ ⊔⟨⌉ ⌋↕⊓∫⊔⌉∇⟩\} ≀{ {≀⌋⊓∫⇔ ⌈⌉√⌉\⌈⇔ ⊣\⌈ ∫≀ {≀∇⊔⟨ ∫⌉⌉⇕∫ √∇⟩⇕⊣∇⟩↕† ⊔≀ ⌋⊣√⊔⊓∇⌉ ⊣ ∫⌉⊔ ≀{ ⊑⌉∇⌊∫ ⊔⟨⊣⊔ ⊔⌉\⌈ ⊔≀ ⌊⌉ {≀↕↕≀⊒⌉⌈ ⌊† ≀\↙ T⟨⌉ ⌈⟩∫⊔∇⟩⌊⊓⊔⟩≀\⊣↕ √∇≀√⌉∇⊔† ≀{ ⌊⌉⟩\} {≀↕↕≀⊒⌉⌈ ⌊† ≀{ ∫⌉⌉⇕∫ ⟨⟩}⟨↕† ∇⌉↕⌉⊑⊣\⊔ {≀∇ ⊔⟨⌉ ∇⊣⊔⟨⌉∇ ⇕≀∇⌉ ∇⌉↕⊣⊔⌉⌈ }∇≀⊓√ ⌋≀\⊔⊣⟩\⟩\} ⊣⊒⊣∇⌉⇔ ⊓\⊣⊒⊣∇⌉⇔ ⊣\⌈ ∫≀ {≀∇⊔⟨⇔ ⌊⊓⊔ ⊣↕∫≀ ⊣√√⌉⊣∇∫ ⊔≀ √⊓↕↕ ⟩\ ⊔⟨⌉ ⟩\⌋≀\}∇⊓≀⊓∫ √⊣∇⊔⊣‖⌉∇∫↙ M⊣\† ≀{ ⊔⟨⌉ ≀⊔⟨⌉∇ ∇⊣\⌈≀⇕↕† ∫⌉↕⌉⌋⊔⌉⌈ ⌋↕⊣∫∫⌉∫ ⊣√√⌉⊣∇ ⊔≀ ⟨⊣⊑⌉ ∫≀⇕⌉ ⌋≀\\⌉⌋⊔⟩\} ↕⟩\‖ ⊣⇕≀\} ⊔⟨⌉ ⇕≀∫⊔ {∇⌉∐⊓⌉\⊔ ⟩⊔⌉⇕∫⇔ ⌊⊓⊔ ⌊⌉⌋≀⇕⌉ ⟩\⌋∇⌉⊣∫⟩\}↕† ≀√⊣∐⊓⌉ ⌊⌉†≀\⌈ ⊔⟨⌉ ⊘∇∫⊔ {⌉⊒¬ • ⌋≀∫⊔ ⌉§√⌉\∫⌉ ∇⟩∫‖ √∇≀⊘⊔⊣⌊⟩↕⟩⊔† ⌈⌉{⌉∇∇⊣↕ ⌉⊣∇⇕⊣∇‖∫ ⌋⊣√∫⊔≀\⌉ ⌋⊣∇⌈⟩\⊣↕⟩⊔† ⇕⟩\⊔⊣}⌉ ∇⌉∫⌉↕↕⌉∇ ↙ ↙ ↙ • {≀∇⌋⌉ ⌉⊔⟨⟩⌋ ∫⊔≀√√⊣}⌉ {≀∇⌋⌉≃∫ ⌋≀\⌈⟩⊔⟩≀\⌉∇ ∫⊔≀√√⊣}⌉∫ ⌋≀\⌈⟩⊔⟩≀\⌉∇∫ ⊒⊣†⌊⟩↕↕ {≀∇⊒⊣∇⌈⌉∇ A⊔≀\⊣⌊⌉⌉ ↙ ↙ ↙ • ⟩\⌈⊓∫⊔∇† √∇≀⌈⊓⌋⌉∇∫ ⇕⊣‖⌉∇∫ ⊘∫⟨⌉∇† A∇⊣⌊⟩⊣ }∇≀⊒⌉∇∫ ⊣⌈⌈⟩⊔⟩≀\ ⇕⌉⌈⊣↕⟩∫⊔ ⟩\⟨⊣↕⊣⊔⟩≀\ ⊣⌈⌈⟩⌋⊔ ↙ ↙ ↙ M⊣\† ≀{ ⊔⟨⌉ ⌉§⊣⇕√↕⌉∫ ∫⌉↕⌉⌋⊔⌉⌈ ⊣⊔ ∇⊣\⌈≀⇕ ⌊† S⌋⟨�⊓⊔‡⌉ ⇐⊔≀ ⊣√√⌉⊣∇⇒ ⊔≀ ⟩↕↕⊓∫⊔∇⊣⊔⌉ ⟨⟩∫ ∇⌉∫⊓↕⊔∫ ⟨⊣⊑⌉ ⊣ ∫⟩⇕⟩↕⊣∇ ⌋⟨⊣∇⊣⌋⊔⌉∇¬ • ⌈⟩∫⊣⌊↕⌉¬ ⌈⌉⊔⌉∇ ⟩\⊔⌉∇⌋⌉√⊔ ∇⌉√⌉↕ ⟨⊣↕⊔⟩\} ∫⊓∇⊑⌉⟩↕↕⊣\⌋⌉ ∫⟨⟩⌉↕⌈ ⇕⊣\⌉⊓⊑⌉∇∫ • ‖⟩⌈¬ ⌈⊣⌈ ‖⟩⌈⌈⟩\} ⇕≀⇕ ≀‖ ⌊⊓⌈⌈⟩⌉∫ M≀⇕ O⟨ H⌉† ⟨⌉† ⇕⊣⇕⊣ I⊔ ⊒≀⊓↕⌈ ∫⌉⌉⇕ ⊔⟨⊣⊔ ⊔⟨⌉ ⟩\{≀∇⇕⊣⊔⟩≀\ ⌋⊣√⊔⊓∇⌉⌈ ⊓∫⟩\} ⊔⟨⌉∫⌉ ⊔⌉⌋⟨\⟩∐⊓⌉∫ ⟩∫ \≀⊔ √∇⌉⌋⟩∫⌉↕† ∫†\⊔⊣⌋⊔⟩⌋⇔ \≀∇ √⊓∇⌉↕† ∫⌉⇕⊣\⊔⟩⌋ � ⟩\ ∫≀⇕⌉ ∫⌉\∫⌉ ⊔⟨⌉ ≀\↕† ⊒≀∇⌈ ⊔⟨⊣⊔ ⊣√√⌉⊣∇∫ ⊔≀ ⊘⊔ ⟩∫ ⌈⟩∫⊔∇⟩⌊⊓⊔⟩≀\⊣↕↙ O{ ⌋≀⊓∇∫⌉⇔ B∇≀⊒\ ⌉⊔ ⊣↕↙ ⌈≀ \≀⊔ ⇕⊣‖⌉ ⊣\† ⌋↕⊣⟩⇕∫ ⊔≀ ⊔⟨⌉ ⌋≀\⊔∇⊣∇† {≀∇ ⊔⟨⌉ ⊣⌊≀⊑⌉ ⌈⊣⊔⊣↙ T⟨⌉† ⌈≀⇔ ⟨≀⊒⌉⊑⌉∇⇔ √∇≀√≀∫⌉ ⊣\≀⊔⟨⌉∇ ⊔⌉⌋⟨\⟩∐⊓⌉ ∫√⌉⌋⟩⊘⌋⊣↕↕† {≀∇ ⊔⟨⌉ √⊓∇√≀∫⌉ ≀{ ⟩⌈⌉\⊔⟩{†⟩\} ⊖∫⌉⇕⊣\⊔⟩⌋⊣↕↕† ∫⊔⟩⌋‖†⪰ }∇≀⊓√∫ ≀{ ⊒≀∇⌈∫↙ A}⊣⟩\⇔ ⊔⟨⌉ ⟨⊣\⌈↖∫⌉↕⌉⌋⊔⌉⌈ ∫⌉⊔ ≀{ ⌋↕⊣∫∫⌉∫ ⊔⟨⌉† √∇⌉∫⌉\⊔ ⊣∇⌉ ⌉\⌋≀⊓∇⊣}⟩\}∅ {≀∇ ⌉§⊣⇕√↕⌉⇔ ⊔⟨⌉ {≀↕↕≀⊒⟩\}¬

∞∃ • ⊒⌉ ≀⊓∇ ≀⊓∇∫⌉↕⊑⌉∫ ≀⊓∇∫ • ∐⊓⌉∫⊔⟩≀\ ∐⊓⌉∫⊔⟩≀\∫ ⊣∫‖⟩\} ⊣\∫⊒⌉∇ ⊣\∫⊒⌉∇∫ ⊣\∫⊒⌉∇⟩\} • ⊒∇⟩⊔⌉ ⊒∇⟩⊔⌉∫ ⊒∇⟩⊔⟩\} ⊒∇⟩⊔⊔⌉\ ⊒∇≀⊔⌉ √⌉\ • ∫⌋⟨≀≀↕ ⌋↕⊣∫∫∇≀≀⇕ ⊔⌉⊣⌋⟨⟩\} }∇⊣⌈⌉ ⇕⊣⊔⟨ • ⊣⊔⊔≀∇\⌉† ⌋≀⊓\∫⌉↕ ⊔∇⟩⊣↕ ⌋≀⊓∇⊔ |⊓⌈}⌉ B⊓⊔ ⊣}⊣⟩\ ⟩⊔ ⟩∫ \≀⊔ ⌋↕⌉⊣∇ ⊒⟨⊣⊔ ↕⟩\‖∫ ⊔⟨⌉ ⇕⌉⇕⌊⌉∇∫ ≀{ ⊔⟨⌉∫⌉ ⌋↕⊣∫∫⌉∫ � √⌉\ ⊣\⌈ ⊒∇⟩⊔⟩\} ⊣∇⌉ ⊓\⌈≀⊓⌊⊔⌉⌈↕†⊣∫∫≀⌋⟩⊣⊔⌉⌈ ⟩\ ∫≀⇕⌉ ∫⌉\∫⌉⇔ ⊣∫ ⊣∇⌉ |⊓⌈}⌉ ⊣\⌈ ⊔∇⟩⊣↕ ≀∇ ⇕⊣⊔⟨ ⊣\⌈ ⌋↕⊣∫∫∇≀≀⇕⇔ ⌊⊓⊔ ⟩⊔ ⟩∫ ⌈⟩{⊘⌋⊓↕⊔ ⊔≀ }≀ ⌊⌉†≀\⌈ ⊔⟨⊣⊔ ⊔≀ ⊣ ⌈⟩∫⌋⊓∫∫⟩≀\ ≀{ ⊒⟨⊣⊔ }⌉\⌉∇⊣↕ √∇≀√⌉∇⊔⟩⌉∫ ⟨≀↕⌈ ≀{ ⌋↕⊣∫∫⌉∫ ⌈⟩∫⌋≀⊑⌉∇⌉⌈ ⌊† ⊔⟨⟩∫ √∇≀⌋⌉⌈⊓∇⌉↙ T⟨⌉ ⌊⌉∫⊔ ⌈⌉∫⌋∇⟩√⊔⟩≀\ ∫⌉⌉⇕∫ ⊔≀ ⌊⌉ ⊖⊒≀∇⌈∫ ⊔⟨⊣⊔ ⊔⌉\⌈ ⊔≀ ⊣√√⌉⊣∇ ⟩\ ∫⟩⇕⟩↕⊣∇ ⌋≀\⊔⌉§⊔∫⇔⪰ ⊒⟨⟩⌋⟨ ⟩∫ \≀ ⇕≀∇⌉ ⊔⟨⊣\ ⊣ ∇⌉∫⊔⊣⊔⌉⇕⌉\⊔ ≀{ ⊔⟨⌉ ⇕⌉⊔⟨≀⌈ ⌊† ⊒⟨⟩⌋⟨ ⊔⟨⌉ ⌋↕⊣∫∫⌉∫ ⊒⌉∇⌉ ⌈⌉∇⟩⊑⌉⌈↙ T≀ ⌊⌉ {⊣⟩∇⇔ ⟩⊔ ⟩∫ {⊣∇ {∇≀⇕ ⌋↕⌉⊣∇ ⌉§⊣⌋⊔↕† ⊒⟨⊣⊔ ⊔⟨⌉ ⌋∇⟩⊔⌉∇⟩⊣ ≀{ ∫⊓⌋⌋⌉∫∫ ∫⟨≀⊓↕⌈ ⌊⌉ {≀∇ ⊣\ ⊣⊓⊔≀⇕⊣⊔⟩⌋ ⌈⟩∫⌋≀⊑⌉∇† √∇≀⌋⌉⌈⊓∇⌉ ⊣⟩⇕⌉⌈ ⊣⊔ ⟩⌈⌉\⊔⟩{†⟩\} ⊖∫⌉⇕⊣\⊔⟩⌋⪰ ⌋↕⊣∫∫⌉∫↙ ⇐M⟩↕↕⌉∇⇔ ∞∃∞⇒ ⌈⌉∫⌋∇⟩⌊⌉∫ {≀⊓∇ ⌈⟩{{⌉∇⌉\⊔ }⌉\⌉∇⊣↕ ⇕⌉⊔⟨≀⌈∫ ⊓∫⌉⌈ ⌊† √∫†⌋⟨≀↕≀}⟩∫⊔∫ ⊔≀ ⟩\⊑⌉∫⊔⟩}⊣⊔⌉ ∫⌉⇕⊣\⊔⟩⌋ ∫⟩⇕⟩↕⊣∇⟩⊔† ⊣⇕≀\} ↕⌉§⟩⌋⊣↕ ⟩⊔⌉⇕∫⇔ ⊣\⌈ ⊔⟨⌉ √∫†⌋⟨≀↕≀}⟩∫⊔∫≃ ⌋∇⟩⊔⌉∇⟩⊣ ∇⊣\}⌉ {∇≀⇕ {∇⌉∐⊓⌉\⌋† ≀{ ⊣∫∫≀⌋⟩⊣⊔⟩≀\ ⊔≀ ∫⊓⌊∫⊔⟩⊔⊓⊔⊣⌊⟩↕⟩⊔† ⊔≀ ⌋≀↖≀⌋⌋⊓∇∇⌉\⌋⌉↙ T⟨⌉ ↕⊣∫⊔ ≀{ ⊔⟨⌉∫⌉ ⟩∫ ⌉∫∫⌉\⊔⟩⊣↕↕† ⊔⟨⌉ ↕⟩\⌉ ⊔⊣‖⌉\ ⌊† B∇≀⊒\ ⌉⊔ ⊣↕↙ ⟩\ ⊔⟨⌉ ∫⌉⇕⊣\⊔⟩⌋⊣↕↕† ⊖∫⊔⟩⌋‖†⪰ ⌉§⊣⇕√↕⌉∫ |⊓∫⊔ √∇⌉∫⌉\⊔⌉⌈↙

C≀\⊙⊣⊔⟩≀\ ≀{ ⊒≀∇⌈ ∫⌉\∫⌉∫↙ S⌋⟨�⊓⊔‡⌉ ⇐⊔≀ ⊣√√⌉⊣∇⇒⇔ ⌈⌉∫⌋∇⟩⌊⟩\} ⊔⟨⌉ ∇⌉∫⊓↕⊔∫ ≀{ ⟨⟩∫ ⌉§√⌉∇⟩⇕⌉\⊔ ≀\ ⊑⌉⌋⊔≀∇ ∇⌉√∇⌉↖ ∫⌉\⊔⊣⊔⟩≀\∫⇔ ⌋≀⇕⇕⌉\⊔∫ ⊔⟨⊣⊔ ⊖⊑⌉⌋⊔≀∇ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\∫ ≀{ ⊒≀∇⌈∫ ⊔⟨⊣⊔ ⌋⊣\ ⌊⌉ ⊓∫⌉⌈ ⟩\ ⊣ ⊒⟩⌈⌉ ⊑⊣∇⟩⌉⊔† ≀{ ⌋≀\⊔⌉§⊔∫ ⊣∇⌉ \≀⊔ ⟩\⊔⌉∇⌉∫⊔⟩\}↙⪰ H⌉ ⟩↕↕⊓∫⊔∇⊣⊔⌉∫ ⌊† ∫⟨≀⊒⟩\} ⊔⟨⊣⊔ ⊔⟨⌉ \⌉⊣∇⌉∫⊔ ⊖∫⌉⇕⊣\⊔⟩⌋⪰ \⌉⟩}⟨⌊≀∇∫ ≀{ ⊔⟨⌉ ⊑⌉∇⌊ ‖⌉⌉√⟩\}⇔ ⊣⌋⌋≀∇⌈⟩\} ⊔≀ ⟨⟩∫ ⇕⌉⊔⟨≀⌈⇔ ⌈≀ \≀⊔ {≀∇⇕ ⊣ ⌋≀⟨⌉∇⌉\⊔ ⌋↕⊣∫∫ ≀\ ⊣\† ≀⌊⊑⟩≀⊓∫ ⟩\⊔⌉∇√∇⌉⊔⊣⊔⟩≀\ ≀{ ∫⌉⇕⊣\⊔⟩⌋ ∇⌉↕⊣⊔⌉⌈\⌉∫∫↙ N≀⊒⇔ ‖⌉⌉√⟩\} ⟩∫ \≀⊔ ⊣ ∫⌉⇕⊣\⊔⟩⌋⊣↕↕† ⊑⊣⌋⊓≀⊓∫ ⊒≀∇⌈⇔ ⊣\⌈ ⟩⊔∫ ⌈⟩∫⊔∇⟩⌊⊓⊔⟩≀\ ⟩∫ {⊣∇ {∇≀⇕ ⊣∇⌊⟩⊔∇⊣∇†↙ I⊔ ⟩∫ ↕⟩‖⌉↕† ⊔⟨⊣⊔ ‖⌉⌉√⟩\} ⊣√√⌉⊣∇∫ ⟩\ ∫⟩⇕⟩↕⊣∇ ⌋≀\⊔⌉§⊔∫ ⊔≀ √⊓⊔⊔⟩\} ⇕≀∇⌉ ≀{⊔⌉\ ⊔⟨⊣\ ⟩⊔ ⌈≀⌉∫ ⊔≀⇔ ∫⊣†⇔ ∫√⌉⊣‖⟩\}¬ ⇐∞⇒ ⊣↙ ‖⌉⌉√⟩\}∝√⊓⊔⊔⟩\}∝⇑∫√⌉⊣‖⟩\} ⊔⟨⌉⇕ ⊔≀}⌉⊔⟨⌉∇ ⌊↙ ‖⌉⌉√⟩\}∝√⊓⊔⊔⟩\}∝⇑∫√⌉⊣‖⟩\} ⟨⟩∫ ⟨⊣\⌈∫ ≀\ ⟨⟩∫ ⟨⌉⊣⌈ O\ ⊔⟨⌉ ≀⊔⟨⌉∇ ⟨⊣\⌈⇔ ⊓\↕⟩‖⌉ √⊓⊔⊔⟩\}⇔ ⟩⊔ ⟩∫ ⊣↕∫≀ ↕⟩‖⌉↕† ⊔≀ ⊣√√⌉⊣∇ ⟩\ ∫⟩⇕⟩↕⊣∇ ⌋≀\⊔⌉§⊔∫ ⊔≀ ∇⌉⊔⊣⟩\⟩\}¬ ⇐∈⇒ ⊣↙ ‖⌉⌉√⟩\}∝∇⌉⊔⊣⟩\⟩\}∝⇑√⊓⊔⊔⟩\} √≀∫∫⌉∫∫⟩≀\ ≀{ ⊔⟨⌉ {≀≀⊔⌊⊣↕↕ ⌊↙ ‖⌉⌉√⟩\}∝∇⌉⊔⊣⟩\⟩\}∝⇑√⊓⊔⊔⟩\} ⊣ √⌉∇⇕⊣\⌉\⊔ ∇⌉⌋≀∇⌈ ≀{ ⊔⟨⌉ ⊔∇⊣\∫⊣⌋⊔⟩≀\ T⟨⌉ ∇⌉⊣↕ ⟩∫∫⊓⌉ ∫⌉⌉⇕∫ ⊔≀ ⌊⌉ \≀⊔ ⊔⟨⊣⊔ ⊔⟨⌉ ⊒≀∇⌈ ⊣√√⌉⊣∇∫ ⟩\ ⊣ ⊒⟩⌈⌉ ⊑⊣∇⟩⌉⊔† ≀{ ⌋≀\⊔⌉§⊔∫⇔ ⌊⊓⊔ ⊔⟨⊣⊔ ⌈⟩∫⊔∇⟩⌊⊓⊔⟩≀\⊣↕ ⊣\⊣↕†∫⟩∫ ⟩∫ ⌊⌉⟩\} ⌈≀\⌉ ⊒⟩⊔⟨ ∇⌉∫√⌉⌋⊔ ⊔≀ ⊔⟨⌉ ⊒≀∇⌈ ⊔≀‖⌉\ ⊣\⌈ \≀⊔ ⊔⟨⌉ ⌈⟩{{⌉∇⌉\⊔ ∫⌉\∫⌉∫ ⊣∫∫≀⌋⟩⊣⊔⌉⌈ ⊒⟩⊔⟨ ⊔⟨⊣⊔ ⊔≀‖⌉\↙ T⟨⌉ ∫⊣⇕⌉ ⌋≀\⌋⌉∇\ ⊣∇⟩∫⌉∫ ⟩\ ⇕⊣\† ≀⊔⟨⌉∇ ∫⊔⊓⌈⟩⌉∫ ≀{ ⊣⊓⊔≀⇕⊣⊔⟩⌋ ⊒≀∇⌈ ⌋↕⊣∫∫⟩⊘⌋⊣⊔⟩≀\ ⌊⊣∫⌉⌈ ≀\ ↕⌉§⟩⌋⊣↕ ⌈⟩∫⊔∇⟩↖ ⌊⊓⊔⟩≀\∫↙ W⟨⌉\ B∇≀⊒\ ⌉⊔ ⊣↕↙ √∇⌉∫⌉\⊔ ⊣ ∫⌉⇕⊣\⊔⟩⌋ ⌋↕⊣∫∫ ⌋≀\⊔⊣⟩\⟩\} ⌊≀⊔⟨ ∫⌋⟨≀≀↕ ⊣\⌈ }∇⊣⌈⌉⇔ ⊣∫ ⌈⌉∫⌋∇⟩⌊⌉⌈ ⊣⌊≀⊑⌉⇔ ⊔⟨⌉ }∇≀⊓√⟩\} ⟩∫ √⌉∇⌋⌉⟩⊑⌉⌈ ⊣∫ ∫⌉⇕⊣\⊔⟩⌋⊣↕↕† ⌋≀⟨⌉∇⌉\⊔ ⌊⌉⌋⊣⊓∫⌉ ⊔⟨⌉ ∇⌉⊣⌈⌉∇ ⊣∫∫⟩}\∫ ⊣\ ⊣√√∇≀√∇⟩⊣⊔⌉ ⟩\⊔⌉∇√∇⌉⊔⊣⊔⟩≀\ ⊔≀ ⌉⊣⌋⟨ ⊒≀∇⌈ ≀\ ⊔⟨⌉ ⌊⊣∫⟩∫ ≀{ ⊔⟨⌉ ≀⊔⟨⌉∇ ⊒≀∇⌈∫↙ H≀⊒⌉⊑⌉∇⇔ ⟩⊔ ⟩∫ ⟨⊣∇⌈ ⊔≀ ∫⌉⌉ ⟨≀⊒ ⊔⟨⌉⟩∇ ⌈⟩∫⌋∇⌉⊔⌉ ⌋↕⊣∫∫⟩⊘⌋⊣⊔⟩≀\ ⌋≀⊓↕⌈ ∫⊓⌋⌋⌉⌉⌈ ⟩\ }∇≀⊓√⟩\} ⊔⟨≀∫⌉ ⊔⊒≀ ⊔⌉∇⇕∫⇔ ⊣\⌈ ⊣⊔ ⊔⟨⌉ ∫⊣⇕⌉ ⊔⟩⇕⌉ ⊣↕∫≀ ⇕⊣\⊣}⌉ ⊔≀ ⌉\⌋≀⌈⌉ ⊔⟨⌉ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√ ⌊⌉⊔⊒⌉⌉\ ∫↕≀√⌉ ⊣\⌈ }∇⊣⌈⌉⇔ ≀∇ ⊔⟨⌉ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√ ⌊⌉⊔⊒⌉⌉\ ∫⌋⟨≀≀↕ ⊣\⌈ ⟨≀∫√⟩⊔⊣↕⇔ ⊒⟩⊔⟨≀⊓⊔ ⟩\⌈⊓⌋⟩\} ∫√⊓∇⟩≀⊓∫ ∫⟩⇕⟩↕⊣∇⟩⊔⟩⌉∫↙ I{ ⌉⊣⌋⟨ ⊔≀‖⌉\ ⟩∫ ⊣∫∫≀⌋⟩⊣⊔⌉⌈ ⊒⟩⊔⟨ ⊣ ∫⟩\}↕⌉ √≀⟩\⊔ ⟩\ ∫⌉⇕⊣\⊔⟩⌋ ∫√⊣⌋⌉⇔ ⊔⟨⌉\ ⊒≀∇⌈∫ ⟨⊣⊑⟩\} ⇕⊓↕⊔⟩√↕⌉ ∫⌉\∫⌉∫ ⊒⟩↕↕ ≀⌋⌋⊓√† ⊣ √≀⟩\⊔ ⌈⌉⊔⌉∇⇕⟩\⌉⌈ ⌊† ⊔⟨⌉ ∇⌉↕⊣⊔⟩⊑⌉ {∇⌉∐⊓⌉\⌋⟩⌉∫ ≀{ ⊔⟨⌉ ⟩\⌈⟩⊑⟩⌈⊓⊣↕ ∫⌉\∫⌉∫↙ A↕⊔⟨≀⊓}⟨ ⟩\ ⇕⊣\† ⌋⊣∫⌉∫ ⇕⊓↕⊔⟩√↕⌉ ⊒≀∇⌈ ∫⌉\∫⌉∫ ∫⟨⊣∇⌉ ∇⌉↕⌉⊑⊣\⊔ √∇≀√⌉∇⊔⟩⌉∫ � {≀∇ ⌉§⊣⇕√↕⌉ ⊔⟨⌉ \⌉⊒∫√⊣√⌉∇ ⊣\⌈ ⊔⌉∇⇕ √⊣√⌉∇ ∫⌉\∫⌉∫ ≀{ √⊣√⌉∇ � ⟩\

∈′ ≀⊔⟨⌉∇ ⟩\∫⊔⊣\⌋⌉∫ ⊔⟨⌉ ∫⟩\}↕⌉ √≀⟩\⊔ ⟩\ ∫⌉⇕⊣\⊔⟩⌋ ∫√⊣⌋⌉ ∇⌉√∇⌉∫⌉\⊔∫ ⊣\ ⊣⇕⊣↕}⊣⇕ ≀{ √∇≀√⌉∇⊔⟩⌉∫ ⊔⟨⊣⊔ ⇕⊣† \≀⊔ √∇⌉∫⌉∇⊑⌉ ⊔⟨⌉ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√∫ ⊣∫∫≀⌋⟩⊣⊔⌉⌈ ⊒⟩⊔⟨ ⌋≀⇕√≀\⌉\⊔ ⊒≀∇⌈ ∫⌉\∫⌉∫↙ T⟨⌉ √∇≀⌊↕⌉⇕ ⟩∫ ∇⌉⌈⊓⌋⌉⌈ ⊔≀ ∫≀⇕⌉ ⌉§⊔⌉\⊔ ⟩\ ⇐P⌉∇⌉⟩∇⊣⇔ T⟩∫⟨⌊†⇔ ⊣\⌈ L⌉⌉⇔ ∞∃∃∋⇒⇔ ⊒⟨⌉∇⌉ ⊣ \≀⊓\ ⌋⊣\ ⌊⌉ ⊣ ⇕⌉⇕⌊⌉∇ ≀{ ⊣\† \⊓⇕⌊⌉∇ ≀{ ⌋↕⊓∫⊔⌉∇∫⇔ ⌉⊣⌋⟨ ≀{ ⊒⟨⟩⌋⟨ ⊔≀ ∫≀⇕⌉ ⌉§⊔⌉\⊔ ⌉\⌋≀⌈⌉∫ ⊣ ⌈⟩{{⌉∇⌉\⊔ ∫⌉\∫⌉↙ T⟨⊓∫ ⊔⟨⌉ ⊣√√⌉⊣∇⊣\⌋⌉ ≀{ ⊔⟨⌉ \≀⊓\ ∇≀⌋‖⌉⊔ ⟩\ ⊣ ⌋↕⊓∫⊔⌉∇ ⊒⟩⊔⟨ }⊓\ ⊣\⌈ ⊒⌉⊣√≀\ ⇐⊔⟨⟩\}∫ ⊔⟨⊣⊔ ⊘∇⌉ √∇≀|⌉⌋⊔⟩↕⌉∫⇒ ⌈≀⌉∫ \≀⊔ √∇⌉⌋↕⊓⌈⌉ ⟩⊔ {∇≀⇕ ⊣↕∫≀ ⊣√√⌉⊣∇⟩\} ⟩\ ⊣ ⌋↕⊓∫⊔⌉∇ ⊒⟩⊔⟨ ∫⟨≀⊔ ⊣\⌈ ⌊⊓↕↕⌉⊔ ⇐⊔⟨⌉ √∇≀|⌉⌋⊔⟩↕⌉∫ ⊔⟨⌉⇕∫⌉↕⊑⌉∫⇒↙ N≀\⌉⊔⟨⌉↕⌉∫∫⇔ ⊔⟨⌉∇⌉ ∫⊔⟩↕↕ ⊣√√⌉⊣∇∫ ⊔≀ ⌊⌉ ∫≀⇕⌉ ⊖↕⌉⊣‖⊣}⌉⪰ ⊣⌋∇≀∫∫ ⊔⟨⌉ ⊒≀∇⌈ ∫⌉\∫⌉∫ ≀{ ⊣ ∫⟩\}↕⌉ ⊒≀∇⌈ ⊔≀‖⌉\↙ T⟨⌉ ⊖⌈⟩∫⊔⊣\⌋⌉⪰ ⌊⌉⊔⊒⌉⌉\ \≀⊓\ n and cluster c is calculated by using relative entropy to compare the verb distribution given n and the verb distribution given c.9 d(n, c) = D(p_n ‖ p_c) = ∑ v p(v|n) log p(v|c) p(v|n) . ↼2▷10↽ Here each term measuring the contribution of each verb to the total divergence between the two distributions is calculated using the probability of the verb given the noun token regardless of the sense in which the noun was being used▷ This means that frequently used senses of the noun will inβuence cluster membership potentially overwhelming the distributional characteristics of less frequent senses▷ To be speciαc consider a noun that has two senses s1 and s2 for which sense s2 is much more frequent than sense s1▷ Suppose that cluster c is on intuitive grounds closely related to s1 but not s2 and that verb v tends to cooccur with s1 but not with s2▷ For example n might be back in its senses as a football player ↼s1↽ and a body part ↼s2↽ cluster c might represent the portion of the semantic space shared by appropriate senses of quarterback kicker receiver and so forth and verb v might be tackle▷ Even if p(v|s1) is high, the contribution corresponding to tackle in equation (2.10) will be low, since p(v|n) ≈ √(v|s2); conversely, the contribution corresponding to the verb arch may be high. As a result, it is likely that n will be judged an unlikely member of c▷ Now a more informed model might resolve this problem by including the relationship between nouns and noun senses as part of the distance calculation, for example calculating class membership by replacing equation ↼2▷10↽ with d(n, c) = ∑ v ∑ i p(s_i|n, v)p(v|s_i) log p(v|c) p(v|s_i) . ↼2▷11↽ Such a solution is unfortunately circular for Pereira et al▷ since identifying the senses {s_i} {≀∇ ⊣ }⟩⊑⌉\ \≀⊓\ ⟩∫ √⊣∇⊔ ≀{ ⊔⟨⌉⟩∇ ⊔⊣∫‖↙ A ∇⊣⊔⟨⌉∇ ⇕≀∇⌉ ∇⊣⌈⟩⌋⊣↕ ∫≀↕⊓⊔⟩≀\ ⟩∫ ∫⊓}}⌉∫⊔⌉⌈ ⌊† E↕⇕⊣\¬ ⊣⌊⊣\⌈≀\⟩\} ⊔⟨⌉ ⟩⌈⌉⊣ ≀{ ⌋≀\⊔⌉§⊔↖⟩\⌈⌉√⌉\⌈⌉\⊔ ⊒≀∇⌈ ⊔≀‖⌉\∫ ⊣↕⊔≀}⌉⊔⟨⌉∇↙ H⌉ ⌋≀⇕⇕⌉\⊔∫¬ C≀\⊑⌉\⊔⟩≀\⊣↕ ⊒⟩∫⌈≀⇕ ⟨≀↕⌈∫ ⊔⟨⊣⊔ ⊣∫ ⊒≀∇⌈∫ ⊣∇⌉ ⟨⌉⊣∇⌈⇔ ↕⟩∫⊔⌉\⌉∇∫ ∇⌉⊔∇⟩⌉⊑⌉ ↕⌉§⟩⌋⊣↕ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\∫↙ A↕⊔⟨≀⊓}⟨ ⊔⟨⌉∫⌉ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\∫ ⇕⊣† ⟩\⌈⟩⌋⊣⊔⌉ ⊔⟨⌉ ⌋≀\⊔⌉§⊔∫ ⟩\ ⊒⟨⟩⌋⟨ ⊔⟨⌉ ⊒≀∇⌈∫ ⊣⌋⌋⌉√⊔⊣⌊↕† ≀⌋⌋⊓∇⇔ ⊔⟨⌉ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\∫ ⊣∇⌉ ⊔⟨⌉⇕∫⌉↕⊑⌉∫ ⌋≀\⊔⌉§⊔↖{∇⌉⌉↙ T⟨⌉† ⌉§⟩∫⊔ ⟩\ ∫≀⇕⌉ ⌋⊣\≀\⟩⌋⊣↕ {≀∇⇕ ⊒⟨⟩⌋⟨ ⟩∫ ⌋≀\∫⟩∫⊔⌉\⊔ ⊣⌋∇≀∫∫ ⊣↕↕ ⊓⊔⊔⌉∇⊣\⌋⌉∫↙ ↙ ↙ ↙ A ⌈⟩{{⌉∇⌉\⊔ ⟩⇕⊣}⌉ ⟩∫ ∫⊓}}⌉∫⊔⌉⌈ ⟩\ ⊔⟨⌉ ⊣√√∇≀⊣⌋⟨ ⊔⊣‖⌉\ ⟨⌉∇⌉↙ A∫ ⊒≀∇⌈∫ ⊣∇⌉ √∇≀⌋⌉∫∫⌉⌈ ⊔⟨⌉∇⌉ ⟩∫ \≀ ∫⌉√⊣∇⊣⊔⌉ ∫⊔⊣}⌉ ≀{ ↕⌉§⟩⌋⊣↕ ∇⌉⊔∇⟩⌉⊑⊣↕↙ T⟨⌉ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\∫ ≀{ ⊒≀∇⌈∫ ⇐⊔⟨⌉ ⟩\⊔⌉∇\⊣↕ ∫⊔⊣⊔⌉∫ {≀↕↕≀⊒⟩\} ⟩\√⊓⊔ ≀{ ⊣ ⊒≀∇⌈⇒ ⊣↕⊒⊣†∫ ∇⌉⊙⌉⌋⊔ ⊔⟨⌉ ⟩\√⊓⊔ ⊔⊣‖⌉\ ⊔≀}⌉⊔⟨⌉∇ ⊒⟩⊔⟨ ⊔⟨⌉ √∇⟩≀∇ ∫⊔⊣⊔⌉↙ I\ ⊔⟨⟩∫ ∫⌋⌉\⊣∇⟩≀⇔ ∃T⟨⌉ ∇⌉↕⊣⊔⟩⊑⌉ ⌉\⊔∇≀√† ⊣↕≀\⌉ ⌈≀⌉∫ \≀⊔ ⇕⌉⊣∫⊓∇⌉ ⌉§⊔⌉\⊔ ≀{ ⌋↕⊣∫∫ ⇕⌉⇕⌊⌉∇∫⟨⟩√¬ √∇≀⌊⊣⌊⟩↕⟩⊔† ≀{ ⇕⌉⇕⌊⌉∇∫⟨⟩√ ⟩∫ ⊣ {⊓\⌋⊔⟩≀\ ≀{ ⊔⟨⟩∫ ⊑⊣↕⊓⌉↙

∈∞ ⊒≀∇⌈∫ ⊣∇⌉ \≀⊔ ⌊⊓⟩↕⌈⟩\} ⌊↕≀⌋‖∫ ⊣∫ ⇕⊓⌋⟨ ⊣∫ ⊔⟨⌉† ⊣∇⌉ ⌋⊓⌉∫ ⊒⟨⟩⌋⟨ }⊓⟩⌈⌉ ⊔⟨⌉ \⌉⊔⊒≀∇‖ ⊔⟨∇≀⊓}⟨ ⌈⟩{{⌉∇⌉\⊔ }∇⊣⇕⇕⊣⊔⟩⌋⊣↕ ∫⊔⊣⊔⌉∫↙ W≀∇⌈∫ ⊣∇⌉ ⌈⟩∫⊔⟩\⌋⊔ {∇≀⇕ ⌉⊣⌋⟨ ≀⊔⟨⌉∇ ⌊† ⊑⟩∇⊔⊓⌉ ≀{ ⟨⊣⊑⟩\} ⌈⟩{{⌉∇⌉\⊔ ⌋⊣⊓∫⊣↕ √∇≀√⌉∇⊔⟩⌉∫↙ ⇐E↕⇕⊣\⇔ ∞∃∀∃⇔ √↙ ∈∋⇒ O\ ⊔⟨⟩∫ ∫⊔≀∇† � I ⊔⟨⟩\‖ ≀{ ⟩⊔ ⊣∫ ⊖∇⊣⌈⟩⌋⊣↕ √≀↕†∫⌉⇕†⪰ � ⟩⊔ ⟩∫ \≀⊔ ⊒≀∇⌈∫ ⊔⟨⊣⊔ ≀⌋⌋⊓√† √≀⟩\⊔∫ ⟩\ ∫⌉⇕⊣\⊔⟩⌋ ∫√⊣⌋⌉⇔ \≀∇ ⌉⊑⌉\ ⊒≀∇⌈ ∫⌉\∫⌉∫⇔ ⌊⊓⊔ ⊒≀∇⌈ ⟩\∫⊔⊣\⌋⌉∫ ⊔⊣‖⌉\ ⟩\ ⌋≀\⊔⌉§⊔↙ T⟨⌉ ⟩⌈⌉⊣ ⟩∫ \≀⊔ ⟩\⌋≀\∫⟩∫⊔⌉\⊔ ⊒⟩⊔⟨ ⊔⟨⌉ √⟨⟩↕≀∫≀√⟨† ⌊⌉⟨⟩\⌈ ⌈⟩∫⊔∇⟩⌊⊓⊔⟩≀\⊣↕ ⌋↕⊓∫⊔⌉∇⟩\} ⇕⌉⊔⟨≀⌈∫↙ A∫ ⟩\ ⊔⟨⌉ ⊒≀∇‖ ≀{ P⌉∇⌉⟩∇⊣ ⌉⊔ ⊣↕↙⇔ ⊣ ∫⌉\∫⌉ ⌋≀⊓↕⌈ ⌊⌉ ⌋≀\⌋⌉⟩⊑⌉⌈ ≀{ ⊣∫ ⊣ √≀⟩\⊔ ⟩\ ∫⌉⇕⊣\⊔⟩⌋ ∫√⊣⌋⌉⇔ ⊔⟨⌉ ⌋⌉\⊔⌉∇ ≀{ ⇕⊣∫∫ {≀∇ ⊣ ∫⌉⊔ ≀{ ⟩⊔⌉⇕∫ ⌈⌉⊔⌉∇⇕⟩\⌉⌈ ⊣⌋⌋≀∇⌈⟩\} ⊔≀ ∫⟩⇕⟩↕⊣∇⟩⊔† ≀{ ⌋≀\⊔⌉§⊔↙ I\ ∫⊓⇕⇔ ⌈⟩∫⊔∇⟩⌊⊓⊔⟩≀\⊣↕ ⇕⌉⊔⟨≀⌈∫ ∫⟨≀⊒ ⊣ }∇⌉⊣⊔ ⌈⌉⊣↕ ≀{ √∇≀⇕⟩∫⌉ {≀∇ ⌈⌉⊔⌉∇⇕⟩\⟩\} ⊒≀∇⌈ ⌋↕⊣∫∫⌉∫ ⊣⊓⊔≀⇕⊣⊔⟩⌋⊣↕↕†↙ H≀⊒⌉⊑⌉∇⇔ ⊔⟨⌉† ⊔⌉\⌈ ⊔≀ ⌋≀\⊙⊣⊔⌉ ⊒≀∇⌈∫ ⊒⟩⊔⟨ ⊒≀∇⌈ ∫⌉\∫⌉∫⇔ ∫⟩\⌋⌉ ⌋≀∇√≀∇⊣ ⌋≀\⊔⊣⟩\ ⊔⟨⌉ {≀∇⇕⌉∇ ⊣\⌈ \≀⊔ ⊔⟨⌉ ↕⊣⊔⊔⌉∇↙ I\ ⊣⌈⌈⟩⊔⟩≀\⇔ ↕⟩⊔⊔↕⌉ ⊣⊔⊔⌉\⊔⟩≀\ ⟨⊣∫ ⌊⌉⌉\ √⊣⟩⌈ ⊔≀ ⊔⟨⌉ ∫⌉⇕⊣\⊔⟩⌋∫ ≀{ ⊔⟨⌉ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\∫ ⊔⟨⊣⊔ ∇⌉∫⊓↕⊔↙ I\ ⊔⟨⌉ \⌉§⊔ ∫⌉⌋⊔⟩≀\ I ⌋≀\∫⟩⌈⌉∇ ∇⌉∫≀↕⊑⟩\} ⊔⟨⌉∫⌉ √∇≀⌊↕⌉⇕∫ ⌊† ⊣⌈≀√⊔⟩\} ⊣ ⊖‖\≀⊒↕⌉⌈}⌉ ⌊⊣∫⌉⌈⪰ ⊣√√∇≀⊣⌋⟨ ⊔≀ ⌈⟩∫⊔∇⟩⌊⊓⊔⟩≀\⊣↕ ∫⊔⊣⊔⟩∫⊔⟩⌋∫↙

∈↙△ W≀∇⌈ C↕⊣∫∫⌉∫ B⊣∫⌉⌈ ≀\ ⊣ T⊣§≀\≀⇕† A \⊣⊔⊓∇⊣↕ ⊣↕⊔⌉∇\⊣⊔⟩⊑⌉ ⊔≀ ∫⊔∇⟩⌋⊔↕† ⌈⟩∫⊔∇⟩⌊⊓⊔⟩≀\⊣↕ ⊔⌉⌋⟨\⟩∐⊓⌉∫ {≀∇ ⊣⌋∐⊓⟩∫⟩⊔⟩≀\ ≀{ ↕⌉§⟩⌋⊣↕ ⟩\{≀∇⇕⊣⊔⟩≀\⇔ ∫⊓⌋⟨ ⊣∫ ⊒≀∇⌈ ⌋↕⊣∫∫⌉∫⇔ ⟩∫ ⊔⟨⌉ ⊓∫⌉ ≀{ ⌉§⟩∫⊔⟩\} ∇⌉√≀∫⟩⊔≀∇⟩⌉∫ ≀{ ↕⌉§⟩⌋⊣↕ ‖\≀⊒↕⌉⌈}⌉⇔ ∫⊓⌋⟨ ⊣∫ ‖\≀⊒↕⌉⌈}⌉ ⌊⊣∫⌉∫⇔ ↕⌉§⟩⌋⊣↕ ⌈⊣⊔⊣⌊⊣∫⌉∫⇔ ⌈⟩⌋⊔⟩≀\⊣∇⟩⌉∫⇔ ⊣\⌈ ⊔⟨⌉∫⊣⊓∇⊓∫⌉∫↙ H≀⊒⌉⊑⌉∇⇔ ⟩⊔ ⟩∫ \≀⊔ ⊣↕⊒⊣†∫ ⌉\⊔⟩∇⌉↕† ⌋↕⌉⊣∇ ⟨≀⊒ ⊔≀ ⇕⊣‖⌉ ⊓∫⌉ ≀{ ⟩\{≀∇⇕⊣⊔⟩≀\ {∇≀⇕ ∫⊓⌋⟨ ∫≀⊓∇⌋⌉∫ ⟩\ ⊣ ∫⊔⊣⊔⟩∫⊔⟩⌋⊣↕ ∫⌉⊔⊔⟩\}↙ T⟨⌉∇⌉ ⊣∇⌉ ∫⌉⊑⌉∇⊣↕ ⟩∫∫⊓⌉∫ ⟩\ √⊣∇⊔⟩⌋⊓↕⊣∇ ⊔⟨⊣⊔ ⊣∇⌉ ⊒≀∇⊔⟨ ⇕⌉\⊔⟩≀\⟩\}↙ • C≀⊑⌉∇⊣}⌉↙ I\ ≀∇⌈⌉∇ ⊔≀ √⌉∇{≀∇⇕ ⌋≀∇√⊓∫↖⌊⊣∫⌉⌈ ⊣\⊣↕†∫⌉∫⇔ ⊣⌈⌉∐⊓⊣⊔⌉ ⌋≀⊑⌉∇⊣}⌉ ≀{ ⊔⟨⌉ ⌋≀∇√⊓∫ ⊑≀⌋⊣⌊⊓↕⊣∇† ⟩∫ \⌉⌋⌉∫∫⊣∇†↙ T∇⊣⌈⟩⊔⟩≀\⊣↕ ‖\≀⊒↕⌉⌈}⌉↖⌊⊣∫⌉⌈ {≀∇⇕∫ ≀{ ⊖⌈⌉⌉√⪰ ↕⌉§⟩⌋⊣↕↖⌋≀\⌋⌉√⊔⊓⊣↕ ‖\≀⊒↕⌉⌈}⌉ � {≀∇ ⌉§⊣⇕√↕⌉⇔ ⊔⟨⌉ ⌈≀⇕⊣⟩\ ⇕≀⌈⌉↕∫ ⟩\ \⊣⊔⊓∇⊣↕ ↕⊣\}⊓⊣}⌉ ∫†∫⊔⌉⇕∫ ↕⟩‖⌉ BBN≃∫ IRUS ⇐A†⊓∫≀ ⌉⊔ ⊣↕↙⇔ ∞∃∀∃⇒ � ⊒⟩↕↕ ∇⌉∐⊓⟩∇⌉ ⊣ }∇⌉⊣⊔ ⌈⌉⊣↕ ≀{ ⌉{{≀∇⊔ ⟩{ ⊔⟨⌉† ⊣∇⌉ ⊔≀ ∫⌋⊣↕⌉ ⊓√ ⊔≀ ↕⊣∇}⌉ ∐⊓⊣\⊔⟩⊔⟩⌉∫ ≀{ ⊔⌉§⊔⇔ ⊓\↕⌉∫∫ ⊔⟨⌉ ⌈≀⇕⊣⟩\ ⟩∫ ⟨⟩}⟨↕† ⌋≀\∫⊔∇⊣⟩\⌉⌈↙ T⌉§⊔ ⊔⟨⊣⊔ ⟩∫ \≀⊔ ⌋≀\∫⊔∇⊣⟩\⌉⌈ ⊣⌋⌋≀∇⌈⟩\} ⊔≀ ⊔≀√⟩⌋ ∇⌉∐⊓⟩∇⌉∫ ⊑≀⌋⊣⌊⊓↕⊣∇† ⌋≀⊑⌉∇⊣}⌉ ⇕≀∇⌉ ≀\ ⊔⟨⌉ ≀∇⌈⌉∇ ≀{ ⊔⟨⊣⊔ {≀⊓\⌈ ⟩\ ⇕⊣⌋⟨⟩\⌉↖∇⌉⊣⌈⊣⌊↕⌉ ⌈⟩⌋⊔⟩≀\⊣∇⟩⌉∫ ⇐MRD∫⇒↙ • R⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\↙ O\ ⊔⟨⌉ ≀⊔⟨⌉∇ ⟨⊣\⌈⇔ ∫⟩⇕√↕† √⊓⊔⊔⟩\} ⊣ ⌈⟩⌋⊔⟩≀\⊣∇† ⟩\⊔≀ ⇕⊣⌋⟨⟩\⌉↖∇⌉⊣⌈⊣⌊↕⌉ {≀∇⇕ ⌈≀⌉∫ \≀⊔ }⊓⊣∇⊣\⊔⌉⌉ ⊔⟨⊣⊔ ⟩⊔ ⌋⊣\ ⌊⌉ √⊓⊔ ⊔≀ √∇⊣⌋⊔⟩⌋⊣↕ ⊓∫⌉ ⊣∫ ⊣ ⌋≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ ⊔≀≀↕↙ N⊓⇕⌉∇≀⊓∫ ∇⌉∫⌉⊣∇⌋⟨⌉∇∫ ⟨⊣⊑⌉ ⇕⊣⌈⌉ √∇≀}∇⌉∫∫ ⟩\ ⌉§⊔∇⊣⌋⊔⟩\} ⌋≀⇕√⊓⊔⊣⊔⟩≀\⊣↕↕† ⊓∫⌉{⊓↕ ↕⌉§⟩⌋⊣↕ ⟩\{≀∇⇕⊣⊔⟩≀\ {∇≀⇕ MRD∫ ⊣\⌈ ⊔⊓∇\⟩\} ⟩⊔ ⟩\⊔≀ {≀∇⇕⊣↕ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\∫ � ⌉↙}↙ ⇐A↕∫⟨⊣⊒⟩⇔ ∞∃∀∅ B†∇⌈ ⌉⊔ ⊣↕↙⇔ ∞∃∀∅ J⌉\∫⌉\ ⊣\⌈ B⟩\≀⊔⇔ ∞∃∀∅ B∇⊣⌈⌉\↖H⊣∇⌈⌉∇ ⊣\⌈ Z⊣⌈∇≀‡\†⇔ ∞∃∃∞⇒ � ⌊⊓⊔ ∫≀⇕⌉ {≀∇⇕∫ ≀{ ⟩\{≀∇⇕⊣⊔⟩≀\ ⊣∇⌉ ⌉⊣∫⟩⌉∇ ⊔≀ ∇⌉↕⟩⊣⌊↕† ⌉§⊔∇⊣⌋⊔ ⊔⟨⊣\ ≀⊔⟨⌉∇∫↙ IS↖A ∇⌉↕⊣⊔⟩≀\∫⟨⟩√∫ ⌊⌉⊔⊒⌉⌉\ ∫⊓√⌉∇≀∇⌈⟩\⊣⊔⌉ ⊔⌉∇⇕∫ ⇐⟨†√⌉∇\†⇕∫⇒ ⊣\⌈ ∫⊓⌊≀∇⌈⟩\⊣⊔⌉ ⊔⌉∇⇕∫ ⇐⟨†√≀\†⇕∫⇒ ⊣√√⌉⊣∇ ∇⌉↕⊣⊔⟩⊑⌉↕† ⌉⊣∫† ⊔≀ ⌈⟩∫⌋≀⊑⌉∇ ⇐B†∇⌈ ⌉⊔ ⊣↕↙ ∇⌉√≀∇⊔ ∃∀↗ ⊣⌋⌋⊓∇⊣⌋† ⟩\ ⊘\⌈⟩\} ⊔⟨⌉ ⟨⌉⊣⌈ ⊒≀∇⌈ ⟩\ \≀⊓\ ⌉\⊔∇⟩⌉∫⇔ ⊔⊣‖⌉\ ⊔≀ ∇⌉√∇⌉∫⌉\⊔ ⊔⟨⌉ \≀⊓\≃∫ ∫⊓√⌉∇≀∇⌈⟩\⊣⊔⌉ ⌋⊣⊔⌉}≀∇†⇒⇔ ⊒⟨⌉∇⌉⊣∫ ≀⊔⟨⌉∇ ⟩\{≀∇⇕⊣⊔⟩≀\ ⇕⊣† \≀⊔ ⌊⌉↙ A↕∫⟨⊣⊒⟩ ⌋≀⇕⇕⌉\⊔∫ ⊔⟨⊣⊔ ⊖⊔⟨⌉ {⊣⌋⊔ ⊔⟨⊣⊔ ⌈⌉⊘\⟩⊔⟩≀\ ⊔⌉§⊔∫ ⊣∇⌉ ≀{⊔⌉\ \≀⊔ ⊣\⊣↕†‡⌉⌈ ⌋≀⇕√↕⌉⊔⌉↕† ⇕⌉⊣\∫ ⊔⟨⊣⊔ ⟩\{≀∇⇕⊣⊔⟩≀\ ⊔⟨⊣⊔ ⟩∫ ⌋⌉\⊔∇⊣↕ ⊔≀ ⊣ ⌈⌉⊘\⟩⊔⟩≀\ ⟩∫ ∫≀⇕⌉⊔⟩⇕⌉∫ \≀⊔ ⊔⊣‖⌉\ ⟩\⊔≀ ⊣⌋⌋≀⊓\⊔⪰ ⇐√↙ ∞∃∀⇒↙ • A⇕⌊⟩}⊓⟩⊔†↙ B⌉⌋⊣⊓∫⌉ ⇕≀∫⊔ ⌈⟩⌋⊔⟩≀\⊣∇⟩⌉∫ ⊣\⌈ ⊔⟨⌉∫⊣⊓∇⊓∫⌉∫ ∇⌉↕⊣⊔⌉ ⊒≀∇⌈∫ ⊔≀ ≀⊔⟨⌉∇ ⊒≀∇⌈∫⇔ ⊔⟨⌉ ⊣⊓⊔≀⇕⊣⊔⟩⌋ ⌉§⊔∇⊣⌋⊔⟩≀\ ≀{ ↕⌉§⟩⌋⊣↕ ⟩\{≀∇⇕⊣⊔⟩≀\ ⟩∫ ⊔≀ ∫≀⇕⌉ ⌉§⊔⌉\⊔ ⌋≀\{≀⊓\⌈⌉⌈ ⌊† ↕⌉§⟩⌋⊣↕ ⊣⇕⌊⟩}⊓⟩⊔†↙ B†∇⌈ ⌉⊔ ⊣↕↙ ⌋≀⇕⇕⌉\⊔ ⊔⟨⊣⊔⇔ ⊣⌊∫⌉\⊔ ⊣\ ⌉§√↕⟩⌋⟩⊔ ⟩\⌈⟩⌋⊣⊔⟩≀\ ≀{ ⟩\⊔⌉\⌈⌉⌈ ∫⌉\∫⌉⇔ ∫≀⇕⌉ ≀{ ⊔⟨⌉⟩∇ ⌉§⊔∇⊣⌋⊔⟩≀\ ⇕⌉⊔⟨≀⌈∫ ⊣∇⌉ ⊖∇⌉↕⌉}⊣⊔⌉⌈ ⊔≀ ⊔⟨⌉ ∫⊔⊣⊔⊓∫ ≀{ ⊣ ∫⌉⇕⟩↖⊣⊓⊔≀⇕⊣⊔⟩⌋ ⇐∇⊣⊔⟨⌉∇ ⊔⟨⊣\ ⊣ {⊓↕↕† ⊣⊓⊔≀⇕⊣⊔⟩⌋⇒ √∇≀⌋⌉∫∫⟩\} ⊔≀≀↕⪰ ⇐√↙ ∈∋△⇒↙ G⟩⊑⌉\ ⊔⟨⌉∫⌉ ⌋≀\∫⟩⌈⌉∇⊣⊔⟩≀\∫⇔ ⟩⊔ ∫⌉⌉⇕∫ ∫⌉\∫⟩⌊↕⌉ {∇≀⇕ ⊣ √∇⊣⌋⊔⟩⌋⊣↕ ∫⊔⊣\⌈√≀⟩\⊔ ⊔≀ ⌊⌉}⟩\ ⌊† ⟩\⊑⌉∫⊔⟩}⊣⊔⟩\} ⊔⟨⌉ ∫⊔⊣⊔⟩∫⊔⟩⌋⊣↕ ⊓∫⌉∫ ≀{ ⊒≀∇⌈ ⌋↕⊣∫∫ ⟩\{≀∇⇕⊣⊔⟩≀\ ≀∇}⊣\⟩‡⌉⌈ ⟩\ ⊔⟨⌉ {≀∇⇕ ≀{ ⊣\ IS↖A ⊔⊣§≀\≀⇕†⇔ ∫√⌉⌋⟩⊘⌋⊣↕↕†⇔ ⊣ \≀⊓\

∈∈ ⊔⊣§≀\≀⇕†↙ F≀∇ √⊓∇√≀∫⌉∫ ≀{ ⟩⇕√↕⌉⇕⌉\⊔⊣⊔⟩≀\⇔ I ⊒⟩↕↕ ⌊⌉ ⊓∫⟩\} W≀∇⌈N⌉⊔ ⇐B⌉⌋‖⊒⟩⊔⟨ ⌉⊔ ⊣↕↙⇔ ∞∃∃∞⇒⇔ ⊣ ⌈⟩⌋⊔⟩≀\⊣∇†↖ ∫⟩‡⌉⌈⇔ ⟨⊣\⌈↖⌋≀\∫⊔∇⊓⌋⊔⌉⌈ ⊔⊣§≀\≀⇕† ≀{ \≀⊓\∫ ⟩\ E\}↕⟩∫⟨↙ T⟨⌉ ⊓∫⌉ ≀{ W≀∇⌈N⌉⊔≃∫ \≀⊓\ ⊔⊣§≀\≀⇕† ⊣⌈⌈∇⌉∫∫⌉∫ ⊔⟨⌉ ⟩∫∫⊓⌉∫ ≀{ ⌋≀⊑⌉∇⊣}⌉ ⊣\⌈ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\⇔ ⊣\⌈ ∫⌉\∫⌉ ⊣⇕⌊⟩}⊓⟩⊔† ⟩∫ \≀⊔ ⊣ √∇≀⌊↕⌉⇕ ⌊⌉⌋⊣⊓∫⌉ ⟩⊔ ⟩∫ ≀∇}⊣\⟩‡⌉⌈ ⊣⌋⌋≀∇⌈⟩\} ⊔≀ \≀⊓\ ∫⌉\∫⌉∫ ⊔⟨⊣⊔ ⟨⊣⊑⌉ ⌊⌉⌉\ ⇕⊣\⊓⊣↕↕† ⌈⟩∫⊣⇕⌊⟩}⊓⊣⊔⌉⌈↙ B⌉⌋⊣⊓∫⌉ ∇⌉↕⟩⊣⌊↕⌉ ⌉§⊔∇⊣⌋⊔⟩≀\ ≀{ \≀⊓\ ∫⌉\∫⌉ ⊔⊣§≀\≀⇕⟩⌉∫ {∇≀⇕ MRD∫ ⟩∫ ∐⊓⟩⌋‖↕† ⌊⌉⌋≀⇕⟩\} ⊣ ∇⌉⊣↕⟩∫⊔⟩⌋ }≀⊣↕⇔ ∇⌉∫⊓↕⊔∫ ⊣⌋⟨⟩⌉⊑⌉⌈ ⊓∫⟩\} W≀∇⌈N⌉⊔ ⊒⟩↕↕ ∫≀≀\ ⌊⌉ ⇕≀∇⌉ }⌉\⌉∇⊣↕↕† ⊣√√↕⟩⌋⊣⌊↕⌉↙ A∫ ⊔⌉⌋⟨\⟩∐⊓⌉∫ {≀∇ ⌉§⊔∇⊣⌋⊔⟩\} ⟩\{≀∇⇕⊣⊔⟩≀\ {∇≀⇕ ⌈⟩⌋⊔⟩≀\⊣∇⟩⌉∫ ⌋≀\⊔⟩\⊓⌉ ⊔≀ ⟩⇕√∇≀⊑⌉ � ⊣\⌈ ⊣∇⌉ ⊣√√↕⟩⌉⌈ ⊔≀ ↕⊣\}⊓⊣}⌉∫ ≀⊔⟨⌉∇ ⊔⟨⊣\ E\}↕⟩∫⟨ � ∫⊔⊣⊔⟩∫⊔⟩⌋⊣↕ ⇕⌉⊔⟨≀⌈∫ ⌈⌉⊑⌉↕≀√⌉⌈ ⊓∫⟩\} W≀∇⌈N⌉⊔ ⌋⊣\ ⌊⌉ ⊣√√↕⟩⌉⌈ ⊔≀ ⊔⟨⌉ ⊔⊣§≀\≀⇕⟩⌉∫ ⊔⟨⊣⊔ ∇⌉∫⊓↕⊔↙ I\ ⊣⌈⌈⟩⊔⟩≀\ ⊔≀ ⟩⊔∫ √∇⊣⌋⊔⟩⌋⊣↕ ⊣⌈⊑⊣\⊔⊣}⌉∫⇔ W≀∇⌈N⌉⊔ ⟩∫ ⊓\↕⟩‖⌉ ⇕≀∫⊔ ⌈⟩⌋⊔⟩≀\⊣∇⟩⌉∫ ⌊† ⊑⟩∇⊔⊓⌉ ≀{ ⊔⟨⌉ }≀⊣↕∫ ⊒⟩⊔⟨ ⊒⟨⟩⌋⟨ ⟩⊔ ⊒⊣∫ ⌈⌉∫⟩}\⌉⌈¬ ⊣∫ ⊣ ⊔⌉∫⊔⌊⌉⌈ {≀∇ √∫†⌋⟨≀↕⟩\}⊓⟩∫⊔⟩⌋ √∇⟩\⌋⟩√↕⌉∫ ≀{ ↕⌉§⟩⌋⊣↕ ≀∇}⊣\⟩‡⊣⊔⟩≀\↙ T⟨⌉ ⊔⟨⌉≀∇⌉⊔⟩⌋⊣↕ {≀⊓\⌈⊣⊔⟩≀\∫ {≀∇ W≀∇⌈N⌉⊔⇔ ⊒⟨⟩⌋⟨ I \≀⊒ ⌈⟩∫⌋⊓∫∫ ⟩\ ∫≀⇕⌉ ⌈⌉⊔⊣⟩↕⇔ ⊒⟩↕↕ ⌊⌉⌋≀⇕⌉ ∇⌉↕⌉⊑⊣\⊔ ⟩\ C⟨⊣√⊔⌉∇∫ ∋ ⊣\⌈ △↙ ∈↙△↙∞ T⟨⌉ W≀∇⌈N⌉⊔ \≀⊓\ ⊔⊣§≀\≀⇕† ⊣\⌈ ⟩⊔∫ ∫⌉⇕⊣\⊔⟩⌋∫ W≀∇⌈N⌉⊔ ⇐M⟩↕↕⌉∇⇔ ∞∃∃′⌊∅ B⌉⌋‖⊒⟩⊔⟨ ⌉⊔ ⊣↕↙⇔ ∞∃∃∞⇒ ⟩∫ ⊣ ↕⊣∇}⌉↖∫⌋⊣↕⌉ ∇⌉∫≀⊓∇⌋⌉ {≀∇ ↕⌉§⟩⌋⊣↕ ⟩\{≀∇⇕⊣⊔⟩≀\ ⟩\ E\}↕⟩∫⟨⇔ ⌋≀\∫⊔∇⊓⌋⊔⌉⌈ ⌊† G⌉≀∇}⌉ M⟩↕↕⌉∇ ⊣\⌈ ⌋≀↕↕⌉⊣}⊓⌉∫ ⊣⊔ P∇⟩\⌋⌉⊔≀\ U\⟩⊑⌉∇∫⟩⊔†↙ I⊔ ⟩∫ ⌊∇≀⊣⌈↕† ≀∇}⊣\⟩‡⌉⌈ ⊣⌋⌋≀∇⌈⟩\} ⊔≀ √⊣∇⊔∫ ≀{ ∫√⌉⌉⌋⟨ � ⊑⌉∇⌊∫⇔ \≀⊓\∫⇔ ⊣⌈|⌉⌋⊔⟩⊑⌉∫⇔ ⊣\⌈ ⊣⌈⊑⌉∇⌊∫ � ⊣\⌈ ⊔⟨⌉ ⟩\{≀∇⇕⊣⊔⟩≀\ {≀∇ ⊒≀∇⌈∫ ⌊⌉↕≀\}⟩\} ⊔≀ ⌉⊣⌋⟨ ≀{ ⊔⟨⌉∫⌉ ∫†\⊔⊣⌋⊔⟩⌋ ⌋↕⊣∫∫⌉∫ ⟩∫ ⌉\⌋≀⌈⌉⌈ ⟩\ ⊔⟨⌉ {≀∇⇕ ≀{ ⊣ ∫⌉⇕⊣\⊔⟩⌋ \⌉⊔⊒≀∇‖↙ E⊣⌋⟨ \⌉⊔⊒≀∇‖ ⌉\⌋≀⌈⌉∫ ⌈⟩{{⌉∇⌉\⊔ ‖⟩\⌈∫ ≀{ ⟩\{≀∇⇕⊣⊔⟩≀\∅ {≀∇ ⌉§⊣⇕√↕⌉⇔ ⊔⟨⌉ \≀⊓\ \⌉⊔⊒≀∇‖ ⌋≀\⊔⊣⟩\∫ ↕⟩\‖∫ ⌉\⌋≀⌈⟩\} ∇⌉↕⊣⊔⟩≀\∫⟨⟩√∫ ∫⊓⌋⟨ ⊣∫ ⊖√⊣∇⊔ ≀{⪰ ⇐CARBURETOR ⟩∫ ⊣ √⊣∇⊔ ≀{ GASOLINE ENGINE⇒ ⊣\⌈ ⊣\⊔≀\†⇕† ⇐EVIL ⟩∫ ⊣\ ⊣\⊔≀\†⇕ ≀{ GOOD⇒⇔ ⊣\⌈ ⊔⟨⌉ ⊑⌉∇⌊ \⌉⊔⊒≀∇‖ ⌉\⌋≀⌈⌉∫ ⌋⊣⊓∫⊣↕ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√∫ ⇐DISCLOSE ⌋⊣⊓∫⌉∫ BECOME KNOWN⇒ ⊣\⌈ ⇕⊣\\⌉∇ ⌈⟩∫⊔⟩\⌋⊔⟩≀\∫ ⇐STRANGLE ⟩∫ ⊣ ∫√⌉⌋⟩⊣↕⟩‡⊣⊔⟩≀\ ≀{ KILL⇒↙∞′ I\ ⊔⟨⟩∫ ∇⌉∫⌉⊣∇⌋⟨⇔ I ⟨⊣⊑⌉ ⊓∫⌉⌈ ≀\↕† ⊔⟨⌉ \≀⊓\ ⊔⊣§≀\≀⇕†⇔ ⊣\⌈ ⊒⟩⊔⟨⟩\ ⊔⟨⊣⊔ ⊔⊣§≀\≀⇕†⇔ ≀\↕† ⊔⊒≀ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√∫¬ ⟨†√≀\†⇕† ⊣\⌈ ∫†\≀\†⇕†↙ H†√≀\†⇕† ⊣∫ ⊓∫⌉⌈ ⌊† M⟩↕↕⌉∇ ⌉⊔ ⊣↕↙ ⟩∫ ⟩\⊔⌉\⌈⌉⌈ ⊔≀ ⌋⊣√⊔⊓∇⌉ ⌋↕⊣∫∫ ⟩\⌋↕⊓∫⟩≀\⇔ ⊣∫ ⟩\ ⊔⟨⌉ ⌋↕⊣∫∫⟩⌋ ⌉§⊣⇕√↕⌉ ELEPHANT IS↖A MAMMAL↙ T⟨⌉† ⊒∇⟩⊔⌉ ⇐B⌉⌋‖⊒⟩⊔⟨ ⌉⊔ ⊣↕↙⇔ ∞∃∃∞⇔ √↙ ∈∞▽⇒¬ A \≀⊓\ X ⟩∫ ∫⊣⟩⌈ ⊔≀ ⌊⌉ ∪⊣⊎ ⟨†√≀\†⇕ ≀{ ⊣ \≀⊓\ Y ⟩{ ⊒⌉ ⌋⊣\ ∫⊣† ⊔⟨⊣⊔ X ⟩∫ ⊣ ‖⟩\⌈ ≀{ Y↙ T⟨⟩∫ ∇⌉↕⊣⊔⟩≀\ }⌉\⌉∇⊣⊔⌉∫ ⊣ ⟨⟩⌉∇⊣∇⌋⟨⟩⌋⊣↕ ⊔∇⌉⌉ ∫⊔∇⊓⌋⊔⊓∇⌉⇔ ⟩↙⌉↙⇔ ⊣ ⊔⊣§≀\≀⇕†↙ ↙ ↙ ↙ A ⟨†√≀\†⇕ ⊣\†⊒⟨⌉∇⌉ ⟩\ ⊔⟨⌉ ⟨⟩⌉∇⊣∇⌋⟨† ⌋⊣\ ⌊⌉ ∫⊣⟩⌈ ⊔≀ ⌊⌉ ⊖⊣ ‖⟩\⌈ ≀{⪰ ⊣↕↕ ≀{ ⟩⊔∫ ∫⊓√⌉∇≀∇⌈⟩\⊣⊔⌉∫↙ R⌉∫⌉⊣∇⌋⟨⌉∇∫ ⟩\ ⊣∇⊔⟩⊘⌋⟩⊣↕ ⟩\⊔⌉↕↕⟩}⌉\⌋⌉ ⟨⊣⊑⌉ ↕≀\} \≀⊔⌉⌈ ⊔⟨⊣⊔ ⊣ ⊔⊣§≀\≀⇕⟩⌋ ≀∇}⊣\⟩‡⊣⊔⟩≀\ ⟩∫ ⊣ ⟨⟩}⟨↕† ⌉{⊘⌋⟩⌉\⊔ ⊣\⌈ ⌉⌋≀\≀⇕⟩⌋ ∫⊔≀∇⊣}⌉ ∫†∫⊔⌉⇕¬ ⊣↕↕ ≀{ ⊔⟨⌉ √∇≀√⌉∇⊔⟩⌉∫ ⊣⊔⊔∇⟩⌊⊓⊔⌉⌈ ⊔≀ ⊣ ∫⊓√⌉∇≀∇⌈⟩\⊣⊔⌉ \≀⌈⌉ ⊣∇⌉ ⟩\⟨⌉∇⟩⊔⌉⌈ ⌊† ⟩⊔∫ ⟨†√≀\†⇕∫∅ ⌋≀\∫⌉∐⊓⌉\⊔↕†⇔ ⊔⟨⌉ √∇≀√⌉∇⊔⟩⌉∫ \⌉⌉⌈ ⊔≀ ⌊⌉ ∫⊔≀∇⌉⌈ ≀\↕† ≀\⌋⌉ ∇⊣⊔⟨⌉∇ ⊔⟨⊣\ ∫⌉√⊣∇⊣⊔⌉↕† ⊒⟩⊔⟨ ⌉⊣⌋⟨ ⟨†√≀\†⇕↙ A ⌈⟩∫⌋⊓∫∫⟩≀\ ⟩\ ⇐S√⊣∇⌋‖ J≀\⌉∫⇔ ∞∃△̸⇒ ≀\ ⊔⟨⌉ ⌈⌉⊘\⟩⊔⟩≀\ ≀{ ∫⌉⇕⊣\⊔⟩⌋ ∇⌉↕⊣⊔⟩≀\∫ √≀⟩\⊔∫ ⊔≀ ⊣ √≀⊔⌉\⊔⟩⊣↕ √∇≀⌊↕⌉⇕ ⊒⟩⊔⟨ ⟨†√≀\†⇕† ⊣∫ M⟩↕↕⌉∇ ⌉⊔ ⊣↕↙ ⊣∇⌉ ⊓∫⟩\} ⟩⊔↙ S√⊣∇⌋‖ J≀\⌉∫ ⊣⊔⊔⌉⇕√⊔∫ ⊔≀ ⌈∇⊣⊒ ⊣ ⌈⟩∫⊔⟩\⌋⊔⟩≀\ ⌊⌉⊔⊒⌉⌉\ ⊖↕⟩\}⊓⟩∫⊔⟩⌋⪰ ∇⌉↕⊣⊔⟩≀\∫⇔ ≀\ ⊔⟨⌉ ≀\⌉ ⟨⊣\⌈⇔ ⊣\⌈ ⊖{⊣⌋⊔⊓⊣↕⪰ ∇⌉↕⊣⊔⟩≀\∫⇔ ≀\ ⊔⟨⌉ ≀⊔⟨⌉∇ � ⊔⟨⊣⊔ ⟩∫⇔ ↕⌉§⟩⌋⊣↕ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√∫ ⌊⊣∫⌉⌈ ≀\ ⟩\⊔⌉∇√∇⌉⊔⊣⊔⟩≀\∫ ≀{ ⇕⌉⊣\⟩\} ⊣∫ ≀√√≀∫⌉⌈ ⊔≀ ‖\≀⊒↕⌉⌈}⌉ ⊣⌊≀⊓⊔ ⊔⟨⌉ ⊒≀∇↕⌈↙∞∞ T⟨⌉ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√∫ ⌊⌉⊔⊒⌉⌉\ ⊒≀⇕⊣\ ⊣\⌈ {⌉⇕⊣↕⌉ ⊒≀⊓↕⌈ ∫⌉⌉⇕ ⊔≀ {⊣↕↕ ⟩\⊔≀ ⊔⟨⌉ {≀∇⇕⌉∇ ⌋⊣⊔⌉}≀∇†∅ ⊔⟨⌉ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√ ⌊⌉⊔⊒⌉⌉\ ⊒≀⇕⊣\ ⊣\⌈ ⌊↕≀⊓∫⌉ ⊒≀⊓↕⌈ ∫⌉⌉⇕ ⊔≀ {⊣↕↕ ⟩\⊔≀ ⊔⟨⌉ ↕⊣⊔⊔⌉∇⇔ ∫⟩\⌋⌉ ⊔⟨⌉∇⌉ ⟩∫ ⊣⊔ ⇕≀∫⊔ ⊣ ⌋≀\⊔⟩\}⌉\⊔ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√ ⟨⊣⊑⟩\} ⊔≀ ⌈≀ ⊒⟩⊔⟨ ⊔⟨⌉ {⊣⌋⊔⇔ ⟩\ ⊔⟨⌉ ⊒≀∇↕⌈⇔ ⊔⟨⊣⊔ ⊒≀⇕⌉\ ∫≀⇕⌉⊔⟩⇕⌉∫ ⊒⌉⊣∇ ⌊↕≀⊓∫⌉∫↙ S√⊣∇⌋‖ J≀\⌉∫ ⊣∇}⊓⌉∫ ⊔⟨⊣⊔ ⊔⟨⌉ ⌈⟩∫⊔⟩\⌋⊔⟩≀\ ⟩∫ \⌉⌋⌉∫∫⊣∇† ⟩\ ≀∇⌈⌉∇ ⊔≀ ⌋≀\∫⊔∇⊣⟩\ ⊔⟨⌉ ⌈≀⇕⊣⟩\ ≀{ ↕⌉§⟩⌋⊣↕ ⌈⌉∫⌋∇⟩√⊔⟩≀\¬ ∫⟨⌉ ⌋≀⇕⇕⌉\⊔∫ ⇐√↙ △∀⇒ ⊔⟨⊣⊔ ⊓\↕⌉∫∫ ⊒⌉ ⌈≀ ∫≀⇔ ∞′F≀∇ √⊓∇√≀∫⌉∫ ≀{ \≀⊔⊣⊔⟩≀\⇔ I ⊓∫⌉ ⟩⊔⊣↕⟩⌋∫ ⊒⟨⌉\ ∇⌉{⌉∇∇⟩\} ⊔≀ ⊣ ⊒≀∇⌈ ∇⌉}⊣∇⌈↕⌉∫∫ ≀{ ⟩⊔∫ ∫⌉\∫⌉⇔ ⊣\⌈ ⊓√√⌉∇⌋⊣∫⌉ ⊒⟨⌉\ ⊔⊣↕‖⟩\} ⊣⌊≀⊓⊔ ⊣ ⊒≀∇⌈ ⟩\ ∫≀⇕⌉ ∫√⌉⌋⟩⊘⌋ ∫⌉\∫⌉↙ F≀∇ ⌉§⊣⇕√↕⌉⇔ ≀\⌉ ∫⌉\∫⌉ ≀{ ⊒≀∇⌈ ⟩∫ ⟩\ ⊔⟨⌉ ∫⌉\∫⌉ ≀{ WORD ≀∇ TIDINGS⇔ ⊣∫ ⟩\ ⊖H⊣⊑⌉ †≀⊓ ∇⌉⌋⌉⟩⊑⌉⌈ ⊒≀∇⌈⊥⪰ ∞∞C{↙ D≀⊒⊔†≃∫ ⊔⌉∇⇕ ↕⌉§⟩⌋⊣↕ ⌉\⊔⊣⟩↕⇕⌉\⊔⇔ {≀∇ ⊒⟨⟩⌋⟨ ⊖⊔⟨⌉ ⟩⇕√↕⟩⌋⊣⊔⟩≀\ {≀↕↕≀⊒∫ {∇≀⇕ ⊔⟨⌉ ⇕⌉⊣\⟩\} ≀{ ⊔⟨⌉ √∇⌉⌈⟩⌋⊣⊔⌉ ⟩\ ∐⊓⌉∫⊔⟩≀\ ⊣↕≀\⌉⪰ ⇐D≀⊒⊔†⇔ ∞∃∃∞⇔ √↙ ▽▽∈⇒↙

∈∋ ↙ ↙ ↙ ⊒⌉ ⊒≀⊓↕⌈ ⊘\⟩∫⟨ ⊓√ ⊔∇†⟩\} ⊔≀ }⟩⊑⌉ ⊣ ⌈⌉∫⌋∇⟩√⊔⟩≀\ ≀{ ⊔⟨⌉ ⊒⟨≀↕⌉ √⟨†∫⟩⌋⊣↕ ⊒≀∇↕⌈⇔ ⟩\ ⊔⟨⌉ ⊒⟩⌈⌉∫⊔ ∫⌉\∫⌉ ≀{ ⊖√⟨†∫⟩⌋⊣↕ ⊒≀∇↕⌈↙⪰ W⌉ ⊒≀⊓↕⌈ ⌊⌉ ⌋≀\∫⊔∇⊓⌋⊔⟩\} ⊣\ ⌉\⌋†⌋↕≀√⌉⌈⟩⊣⇔ ⊒⟨⟩⌋⟨ ⟩∫ \≀⊔ ⊒⟨⊣⊔ ⊒⌉ ⊒⊣\⊔∅ ⊣\⌈ ⊒⌉ ⌋≀⊓↕⌈⇔ ⇕≀∇⌉≀⊑⌉∇⇔ \⌉⊑⌉∇ ⊘\⟩∫⟨ ⟩⊔ ⇐⌉⟩⊔⟨⌉∇ ⇕⌉⌈⟩⌋⊣↕↕† ≀∇ ↕≀}⟩⌋⊣↕↕†⇒↙ O\⌉ ⌈⌉⊘\⟩⊔⟩≀\ ≀{ ⟨†√≀\†⇕† ⊔⟨⊣⊔ S√⊣∇⌋‖ J≀\⌉∫ ⌋≀\∫⟩⌈⌉∇∫ ⟩∫ {∇≀⇕ ⇐L†≀\∫⇔ ∞∃∞̸⇒⇔ ⊒⟨⌉∇⌉ ⊔⟨⌉ ↕⌉§⟩⌋⊣↕ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√ ⟩∫ ⌈⌉⊘\⌉⌈ ⟩\ ⊔⌉∇⇕∫ ≀{ ⟩⇕√↕⟩⌋⊣⊔⟩≀\ ⌊⌉⊔⊒⌉⌉\ ∫⌉\⊔⌉\⌋⌉∫↙ I\ ≀∇⌈⌉∇ {≀∇ A ⊔≀ ⌊⌉ ⊣ ⟨†√≀\†⇕ ≀{ B⇔ ⟩⊔ ⇕⊓∫⊔ ⌊⌉ ⊔⟨⌉ ⌋⊣∫⌉ ⊔⟨⊣⊔ ⊣ ∫⌉\⊔⌉\⌋⌉ ⌋≀\⊔⊣⟩\⟩\} A ⟩∫ ⊓\⌈⌉∇∫⊔≀≀⌈ ⟩\ }⌉\⌉∇⊣↕ ⊔≀ ⟩⇕√↕† ⊔⟨⌉ ∫⊣⇕⌉ ∫⌉\⊔⌉\⌋⌉ ⊒⟩⊔⟨ B ∫⊓⌊∫⊔⟩⊔⊓⊔⌉⌈ {≀∇ A⇔ ⌊⊓⊔ \≀⊔ ⌋≀\⊑⌉∇∫⌉↕†↙ S≀⇔ {≀∇ ⌉§⊣⇕√↕⌉⇔ ⊖§ ⟩∫ ∫⌋⊣∇↕⌉⊔⪰ ⟩∫ }⌉\⌉∇⊣↕↕† ⊓\⌈⌉∇∫⊔≀≀⌈ ⊣∫ ⟩⇕√↕†⟩\} ⊖§ ⟩∫ ∇⌉⌈⇔⪰ ⊔⟨≀⊓}⟨ \≀⊔ ⌋≀\⊑⌉∇∫⌉↕†⇔ ⊣\⌈ ⊔⟨⌉∇⌉{≀∇⌉ ∫⌋⊣∇↕⌉⊔ ⟩∫ ⊣ ⟨†√≀\†⇕ ≀{ ∇⌉⌈↙ I⇕√↕⟩⌋⊣⊔⟩≀\ ⟩∫ \≀⊔ ⊓∫⌉⌈ ⌊† L†≀\∫ ⊣∫ ⟩⊔ ⟩∫ ⟩\ {≀∇⇕⊣↕ ↕≀}⟩⌋∅ ∇⊣⊔⟨⌉∇⇔ ⟩⊔ ⟩∫ ⟩\⊔⌉\⌈⌉⌈ ⊔≀ ∇⌉√∇⌉∫⌉\⊔ ⊔⟨⌉ |⊓⌈}⌉⇕⌉\⊔∫ ≀{ ⊔⟨⌉ ↕⊣\}⊓⊣}⌉ ⊓∫⌉∇↙ A∫ S√⊣∇⌋‖ J≀\⌉∫ ⌈⌉∫⌋∇⟩⌊⌉∫ ⟩⊔⇔ ⊖⊔⊒≀ ∫⌉\⊔⌉\⌋⌉∫ ⊣∇⌉ ⌉∐⊓⟩⊑⊣↕⌉\⊔ ⟩{ ⊔⟨⌉ ≀∇⌈⟩\⊣∇† ↕⊣\}⊓⊣}⌉ ⊓∫⌉∇ ⊒≀⊓↕⌈ ⊣}∇⌉⌉ ⊔⟨⊣⊔ ⟩\ ⊣∫∫⌉∇⊔⟩\} ⊔⟨⌉ ≀\⌉ ⊒⌉ ⊣∇⌉ ⊣∫∫⌉∇⊔⟩\} ⊔⟨⌉ ≀⊔⟨⌉∇∅ ⊣\⌈ ≀\⌉ ∫⌉\⊔⌉\⌋⌉ ⟩⇕√↕⟩⌉∫ ⊣\≀⊔⟨⌉∇ ⟩{ ⟩\ ∫⊣†⟩\} ⊔⟨⌉ ≀\⌉ ⊒⌉ ⊣∇⌉ √∇⌉√⊣∇⌉⌈ ⊔≀ ∫⊣† ⊔⟨⌉ ≀⊔⟨⌉∇⪰ ⇐√↙ ▽△⇒↙ I ⊒⟩↕↕ ⌈⟩∫⊔⟩\}⊓⟩∫⟨ ⟩⇕√↕⟩⌋⊣⊔⟩≀\ ≀{ ⊔⟨⟩∫ ‖⟩\⌈ {∇≀⇕ ⊔⟨⌉ \≀∇⇕⊣↕ ⊓∫⌉ ≀{ ⟩⇕√↕⟩⌋⊣⊔⟩≀\ ⟩\ ↕≀}⟩⌋ ⌊† ⌋⊣↕↕⟩\} ⟩⊔ ⊖√↕⊣⊓∫⟩⌊↕⌉ ⌉\⊔⊣⟩↕⇕⌉\⊔↙⪰ A √≀∫∫⟩⌊↕⌉ ⌈⟩{⊘⌋⊓↕⊔† ⊒⟩⊔⟨ ⊓∫⟩\} ⊔⟨⟩∫ ⌈⌉⊘\⟩⊔⟩≀\ ⟩\ ⊣ ⊔⟨⌉≀∇† ≀{ ↕⌉§⟩⌋⊣↕ ∫⌉⇕⊣\⊔⟩⌋∫ ⟩∫ ⊔⟨⊣⊔ ⟩⊔ {⊣⟩↕∫ ⊔≀ ⊓\⌉∐⊓⟩⊑↖ ≀⌋⊣↕↕† ∇⊓↕⌉ ≀⊓⊔ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√∫ ⊔⟨⊣⊔ ⇕⊣† ⌊⌉ {⊣⌋⊔⊓⊣↕⇔ ⊣∫ ≀√√≀∫⌉⌈ ⊔≀ ↕⟩\}⊓⟩∫⊔⟩⌋ ⟩\ ⊔⟨⌉ ∫⌉\∫⌉ ⌈⌉∫⌋∇⟩⌊⌉⌈ ⊣⌊≀⊑⌉↙ S≀⇔ {≀∇ ⌉§⊣⇕√↕⌉⇔ ⌉⊑⌉\ ⟩{ ⟩⊔ ⊒⌉∇⌉ ⊔∇⊓⌉ ⊔⟨⊣⊔ ⊣\†⊔⟨⟩\} ⊒⟨⟩⌋⟨ ⟩∫ ⊣ ⌈≀} ⟩∫ ⟨⊣⟩∇†⇔ ⊣\⌈ ⊔⟨⊣⊔ ⊔⟨⌉ ≀∇⌈⟩\⊣∇† ↕⊣\}⊓⊣}⌉ ⊓∫⌉∇ ⊒≀⊓↕⌈ ⌊⌉ √∇⌉√⊣∇⌉⌈ ⊔≀ ∫⊣† ⊖§ ⟩∫ ⟨⊣⟩∇†⪰ }⟩⊑⌉\ ⊔⟨⊣⊔ ⊖§ ⟩∫ ⊣ ⌈≀}⇔⪰ ≀\⌉ ⇕⟩}⟨⊔ \≀⊔ ⊒⊣\⊔ ⊔≀ ∫⊣† ⊔⟨⊣⊔ ⊔⟨⊣⊔ ⊔⟨⌉∇⌉ ⟩∫ ⊣ ⟨†√≀\†⇕⟩⌋ ∇⌉↕⊣⊔⟩≀\ ⌊⌉⊔⊒⌉⌉\ ⊔⟨⌉ ⊒≀∇⌈∫ ⌋⊣\⟩\⌉ ⊣\⌈ ⟨⊣⟩∇†↙ O\⌉ ⊔⟨⌉ ≀\⌉ ⟨⊣\⌈⇔ ≀\⌉ ⌋≀⊓↕⌈ ⊣∇}⊓⌉ ⊔⟨⊣⊔ ⌊⌉⟩\} ⟨⊣⟩∇† ⟩∫ ⊣ ⌈⌉⊘\⟩⊔⟩≀\⊣↕ ⊣∫√⌉⌋⊔ ≀{ ⌊⌉⟩\} ⊣ ⌈≀}⇔ ⟩\ ⊒⟨⟩⌋⟨ ⌋⊣∫⌉ ⊔⟨⌉ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√ ⌈≀⌉∫ ⌊⌉↕≀\} ⊒⟩⊔⟨⟩\ ⊔⟨⌉ ⌈≀⇕⊣⟩\ ≀{ ↕⌉§⟩⌋⊣↕ ∫⌉⇕⊣\⊔⟩⌋∫∅ ⌊⊓⊔ ≀\ ⊔⟨⌉ ≀⊔⟨⌉∇ ⟨⊣\⌈⇔ ≀\⌉ ⌋≀⊓↕⌈ ⊣∇}⊓⌉ ⊣}⊣⟩\∫⊔ ⊔⟨⟩∫ √≀∫⟩⊔⟩≀\⇔ ∫⊣†⟩\} ⊔⟨⊣⊔ ⊔⟨⌉ ⟨⊣⟩∇⟩\⌉∫∫ ≀{ ⌈≀}∫ ⟩∫ ⊣⌋⌋⟩⌈⌉\⊔⊣↕ ⊣\⌈ ⊔⟨⌉∇⌉{≀∇⌉ ⊣ ⇕⊣⊔⊔⌉∇ ≀{ {⊣⌋⊔⊓⊣↕ ‖\≀⊒↕⌉⌈}⌉ ⊣\⌈ \≀⊔ ⌈⌉⊘\⟩⊔⟩≀\↙ T⟨⌉ ⊣\∫⊒⌉∇ ⟩∫ \≀⊔ ⌋↕⌉⊣∇⇔ ⊣\⌈ ⊔⟨⟩∫⇔ S√⊣∇⌋‖ J≀\⌉∫ ⊣∇}⊓⌉∫⇔ ⟩∫ ⊔⟨⌉ √∇≀⌊↕⌉⇕ ⊒⟩⊔⟨ ⊔∇†⟩\} ⊔≀ ⊔∇⌉⊣⊔ ⟩⇕√↕⟩⌋⊣⊔⟩≀\ ⇐√↕⊣⊓∫⟩⌊↕⌉ ⌉\⊔⊣⟩↕⇕⌉\⊔⇒ ⊣∫ ⊣ ⊖↕⟩\}⊓⟩∫⊔⟩⌋⪰ ∇⌉↕⊣⊔⟩≀\↙ S⟨⌉ ⊣∇}⊓⌉∫ ⟩\∫⊔⌉⊣⌈ {≀∇ ⇕⊣‖⟩\} ∫†\≀\†⇕† ⊔⟨⌉ ⌋⌉\⊔∇⊣↕ ∫⌉⇕⊣\⊔⟩⌋ ∇⌉↕⊣⊔⟩≀\ ⟩\ ⟨⌉∇ ↕⌉§⟩⌋⊣↕ ⊔⟨⌉≀∇†⇔ ⊣ √∇≀√≀∫⊣↕ ⊔⟨⊣⊔ I ⊒⟩↕↕ ⌈⟩∫⌋⊓∫∫ ⇕≀⇕⌉\⊔⊣∇⟩↕†↙ G⟩⊑⌉\ ⊔⟨⟩∫ ⌈⟩∫⌋⊓∫∫⟩≀\⇔ ≀\⌉ ⌋≀⊓↕⌈ ⊣↕∫≀ ⌋≀\⌋↕⊓⌈⌉ ⊔⟨⊣⊔ ⊔⟨⌉ ⌈⌉⊘\⟩⊔⟩≀\ ⊓∫⌉⌈ ⌊† M⟩↕↕⌉∇ ⌉⊔ ⊣↕↙ ⟩∫ \≀⊔ ⊣ ↕⟩\}⊓⟩∫⊔⟩⌋ ⌋⟨⊣∇⊣⌋⊔⌉∇⟩‡⊣⊔⟩≀\↙ S√⊣∇⌋‖ J≀\⌉∫ ∫⊣†∫ ⊣∫ ⇕⊓⌋⟨¬ ∪W⌉⊎ ⇕⟩}⟨⊔ ∫⊣† ⊔⟨⊣⊔ A ⊣\⌈ B ⊣∇⌉ ∇⌉↕⊣⊔⌉⌈ ∪⌊† ⟨†√≀\†⇕† ∘PSR⊎ ⟩{ ⊣\ ⊣ ⟩∫ ⊣ ‖⟩\⌈ ≀{ ⌊↙ B⊓⊔ ⟩\ ⊔⟨⟩∫ ⌋⊣∫⌉ ⊒⌉ ⊣∇⌉ ≀⌊↕⟩}⌉⌈ ⊔≀ ∫⊣† ⊔⟨⊣⊔ ⊒⌉ ⊣∇⌉ \≀ ↕≀\}⌉∇ ⌋≀\⌋⌉∇\⌉⌈ ⊒⟩⊔⟨ ↕⟩\}⊓⟩∫⊔⟩⌋ ∇⌉↕⊣⊔⟩≀\∫↙ ⇐√↙ ∌⇒ I⊔ ⟩∫ \≀⊔ ⌉\⊔⟩∇⌉↕† ⌋↕⌉⊣∇ ⊔≀ ⇕⌉ ⊔⟨⊣⊔ ⊔⟨⌉ ⊖‖⟩\⌈ ≀{⪰ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√ ⟩∫ ⟩\ √∇⟩\⌋⟩√↕⌉ \≀\↖↕⟩\}⊓⟩∫⊔⟩⌋ � ⊣{⊔⌉∇ ⊣↕↕⇔ ⊔⟨⌉ ⌋⌉\⊔∇⊣↕ {⊣⌋⊔ ⌋⊣√⊔⊓∇⌉⌈ ⌊† ∫⊓⌋⟨ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√∫ ⟩∫ ⟩\⟨⌉∇⟩⊔⊣\⌋⌉ ≀{ √∇≀√⌉∇⊔⟩⌉∫⇔ ⊣\⌈ ⌉⊑⌉\ S√⊣∇⌋‖ J≀\⌉∫ ⊒≀⊓↕⌈ ⇕≀∫⊔ ↕⟩‖⌉↕† ⌊⌉ ⊒⟩↕↕⟩\} ⊔≀ ⌋≀\⌋⌉⌈⌉ ⊔⟨⊣⊔ ⊔⟨⌉ ⟩\⟨⌉∇⟩⊔⊣\⌋⌉ ≀{ }⌉\⌈⌉∇ {∇≀⇕ WOMAN ⇐{⌉⇕⊣↕⌉ ⊣⌈⊓↕⊔⇒ ⊔≀ QUEEN ⇐{⌉⇕⊣↕⌉ ⇕≀\⊣∇⌋⟨⇒ ⟩∫ ⟩\⌉§⊔∇⟩⌋⊣⌊↕† ⊒∇⊣√√⌉⌈ ⊓√ ⟩\ ⊔⟨⌉ ⇕⌉⊣\⟩\}∫ ≀{ ⊔⟨⌉ ↕⌉§⟩⌋⊣↕ ⟩⊔⌉⇕∫ ⊣\⌈ \≀⊔ |⊓∫⊔ ⊣⌋⌋⟩⌈⌉\⊔⊣↕ {⊣⌋⊔∫ ⊣⌊≀⊓⊔ ⊔⟨⌉ ⊒≀∇↕⌈↙ O\ ⊔⟨⌉ ≀⊔⟨⌉∇ ⟨⊣\⌈⇔ M⟩↕↕⌉∇ ⌉⊔ ⊣↕↙ ⌈≀ \≀⊔ √∇≀⊑⟩⌈⌉ ⊣\† ∇⟩}≀∇≀⊓∫ ⌈⌉⊘\⟩⊔⟩≀\ ≀{ ⊒⟨⊣⊔ ⊔⟨⌉† ⇕⌉⊣\ ⌊† ⊖⊣ ‖⟩\⌈ ≀{⪰ � ⊣\⌈⇔ ⟩\ {⊣⌋⊔⇔ ⊔⟨⌉ ⌋≀\⊔⌉\⊔∫ ≀{ ⊔⟨⌉ \≀⊓\ ⊔⊣§≀\≀⇕† ∫⊓}}⌉∫⊔ ⊔⟨⊣⊔ ⊔⟨⌉⟩∇ ⌋∇⟩⊔⌉∇⟩⊣ {≀∇ ∫⊓√⌉∇≀∇⌈⟩\⊣⊔⌉↖∫⊓⌊≀∇⌈⟩\⊣⊔⌉ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√∫ ⊣∇⌉ ⇕≀∇⌉ }⌉\⌉∇≀⊓∫ ⊔⟨⊣\ ⊣ ∫⊔∇⟩⌋⊔↕† ↕⟩\}⊓⟩∫⊔⟩⌋ ⌈⌉⊘\⟩⊔⟩≀\ ⊒≀⊓↕⌈ ⊣↕↕≀⊒↙∞∈F≀∇ ⌉§⊣⇕√↕⌉⇔ ⊔⟨⌉ ⌋↕⊣∫∫⟩⊘⌋⊣⊔⟩≀\ ≀{ FRUIT ⇐⟩\ ⟩⊔∫ ∫⌉\∫⌉ ⊣∫ {≀≀⌈∫⊔⊓{{ ≀∇ √∇≀⌈⊓⌋⌉⇔ \≀⊔ √⊣∇⊔ ≀{ ⊣ √↕⊣\⊔⇒ ⊣∫ ∫⊓⌊≀∇⌈⟩\⊣⊔⌉ ⊔≀ GROCERIES ⇐⌋≀⇕⇕≀⌈⟩⊔⟩⌉∫ ∫≀↕⌈ ⌊† ⊣ }∇≀⌋⌉∇⇒ ∫⊓∇⌉↕† ∇⌉⊙⌉⌋⊔∫ ⊒≀∇↕⌈ ≀∇ √⌉∇⟨⊣√∫ ⌉⊑⌉\ ⌋⊓↕⊔⊓∇⊣↕↕† ∫√⌉⌋⟩⊘⌋ ∇⊣⊔⟨⌉∇ ⊔⟨⊣\ ↕⟩\}⊓⟩∫⊔⟩⌋ ‖\≀⊒↕⌉⌈}⌉↙∞∋ ∞∈A↕↕ ⌉§⊣⇕√↕⌉∫ ⊣∇⌉ {∇≀⇕ W≀∇⌈N⌉⊔ V⌉∇∫⟩≀\ ∞↙∈↙ ∞∋W⟨⌉⊔⟨⌉∇ ⊔⟨⟩∫ ⟩∫ }≀≀⌈ ≀∇ ⌊⊣⌈ ⌈⌉√⌉\⌈∫ ≀\ †≀⊓∇ √≀⟩\⊔ ≀{ ⊑⟩⌉⊒↙ ⇐N⟩∇⌉\⌊⊓∇} ⊣\⌈ R⊣∫‖⟩\⇔ ∞∃∀⇒ ⊣∇}⊓⌉ ⊔⟨⊣⊔ ⌋∇⌉⊣⊔⟩\} ⊣ ⌋≀\⌋⌉√⊔⊓⊣↕ ⇕≀⌈⌉↕ ⌉\⌋≀⌈⟩\} ⊖⊣↕↕ ⊔⟨⌉ ⊒≀∇↕⌈≃∫ ‖\≀⊒↕⌉⌈}⌉ ⌈≀⊒\ ⊔≀ ∫≀⇕⌉ ↕⌉⊑⌉↕ ≀{ ⌈⌉⊔⊣⟩↕⪰ � ⊒⟨⊣⊔ ⊔⟨⌉† ⌋⊣↕↕ ⊣ W≀∇↕⌈ C≀\⌋⌉√⊔ L⌉§⟩⌋≀\ � ⟩∫ ⟩\ {⊣⌋⊔ ⊣ \⌉⌋⌉∫∫⊣∇† √∇⌉↕⟩⇕⟩\⊣∇† ⊔≀ ⊣\† ⌋≀\∫⊔∇⊓⌋⊔⟩≀\ ≀{ ⊣ ↕⌉§⟩⌋≀\ {≀∇ ⊣\⊣↕†∫⟩∫ ≀∇ }⌉\⌉∇⊣⊔⟩≀\↙ H≀⊒⌉⊑⌉∇⇔ ⊔⟨⌉† ⌉§√↕⟩⌋⟩⊔↕† ⌋≀⇕⇕⟩⊔ ⊔⟨⌉⇕∫⌉↕⊑⌉∫ ⊔≀ ⌋≀\∫⊔∇⊣⟩\⌉⌈ ⌈≀⇕⊣⟩\∫⇔ ∇⊣⊔⟨⌉∇ ⊔⟨⊣\ ⊔⟨⌉ ⊒≀∇↕⌈ ⟩\ }⌉\⌉∇⊣↕⇔ ⌈⟩∫⊔⟩\}⊓⟩∫⟨⟩\} ⊔⟨⌉⇕∫⌉↕⊑⌉∫ {∇≀⇕ ⌊∇≀⊣⌈↖⌋≀⊑⌉∇⊣}⌉ ‖\≀⊒↕⌉⌈}⌉ ⊣⌋∐⊓⟩∫⟩⊔⟩≀\ ⌉\⌈⌉⊣⊑≀∇∫ ∫⊓⌋⟨ ⊣∫ CYC ⇐L⌉\⊣⊔⇔ P∇⊣‖⊣∫⟨⇔ ⊣\⌈ S⟨⌉√⟨⌉∇⌈⇔ ∞∃∀⇏↙

∈△

W≀∇⌈ W≀∇⌈ F≀∇⇕∫ M⌉⊣\⟩\}∫ f1 f2 f3 . . . f_n m1 × m2 × × ↙ ↙ m_k × T⊣⌊↕⌉ ∈↙∋¬ S⌋⟨⌉⇕⊣⊔⟩⌋ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\ ≀{ ⊣ ↕⌉§⟩⌋⊣↕ ⇕⊣⊔∇⟩§

T⟨⌉ ⌈⟩∫⊔⟩\⌋⊔⟩≀\ ⌊⌉⊔⊒⌉⌉\ ⊖↕⟩\}⊓⟩∫⊔⟩⌋⪰ ⊣\⌈ ⊖{⊣⌋⊔⊓⊣↕⪰ ‖\≀⊒↕⌉⌈}⌉ ⟩∫ ⊔⟨⌉ ∫≀⊓∇⌋⌉ ≀{ ∐⊓⟩⊔⌉ ⊣ ⌊⟩⊔ ≀{ ⌈⟩{⊘⌋⊓↕⊔†∅ ⟩⊔ ⟩∫ ⊣\ ⟩∫∫⊓⌉ ⊔⟨⊣⊔ ⊒⟩↕↕ ⊣∇⟩∫⌉ ⊣}⊣⟩\ ⟩\ C⟨⊣√⊔⌉∇ ∋↙ B⊓⊔ ⊣∫∫⊓⇕⟩\} ⊔⟨⌉ ⌈⟩∫⊔⟩\⌋⊔⟩≀\ ⟩∫ ⊣√√↕⟩⌋⊣⌊↕⌉ ⟨⌉∇⌉⇔ I ⊒⟩↕↕ ⟩\⊔⌉∇√∇⌉⊔ ⟨†√≀\†⇕† ⟩\ ⊔⟨⌉ W≀∇⌈N⌉⊔ \≀⊓\ ⊔⊣§≀\≀⇕† ⊣∫ ⊣ ↕⌉§⟩⌋⊣↕↖⌋≀\⌋⌉√⊔⊓⊣↕ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√ ∇⊣⊔⟨⌉∇ ⊔⟨⊣\ ⊣∫ ∫⊔∇⟩⌋⊔↕† ⊖↕⟩\}⊓⟩∫⊔⟩⌋⪰ � ⊔⟨≀⊓}⟨ ⊔⟨⌉ ⟩\{≀∇⇕⊣⊔⟩≀\ ⟩∫ ⊣∫ ∫⊔∇⟩⌋⊔↕† ↕⌉§⟩⌋⊣↕ ⊣∫ ⊣\† ≀\⌉ ⟩∫ ↕⟩‖⌉↕† ⊔≀ ⊘\⌈ ⟩\ ⊣ ⌈⟩⌋⊔⟩≀\⊣∇†⇔ ⊣∫ ⌈⟩∫⊔⟩\}⊓⟩∫⟨⌉⌈ {∇≀⇕ ⊣\ ⌉\⌋†⌋↕≀√⌉⌈⟩⊣↙∞△F∇≀⇕ ⊣ {≀∇⇕⊣↕ √≀⟩\⊔ ≀{ ⊑⟩⌉⊒⇔ ⊔⟨⌉ ⊔⊣§≀\≀⇕† ⌈≀⌉∫ ⊣√√⌉⊣∇ ⊔≀ ∇⌉∫√⌉⌋⊔ ⟩⇕√↕⟩⌋⊣⊔⟩≀\ ⟩\ ⊔⟨⌉ ∫⌉\∫⌉ ⊓∫⌉⌈ ⌊† L†≀\∫¬ ⟨⊣⊑⟩\} ∫⊣⟩⌈ ⊖§ ⟩∫ ⊣ √⟩⌉⌋⌉ ≀{ {∇⊓⟩⊔⇔⪰ ⊔⟨⌉ ≀∇⌈⟩\⊣∇† ∫√⌉⊣‖⌉∇ ≀{ E\}↕⟩∫⟨ ⌋⊣\ ∇⌉⊣∫≀\⊣⌊↕† ⌊⌉ ⌉§√⌉⌋⊔⌉⌈ ⊔≀ ⊣}∇⌉⌉ ⊔⟨⊣⊔ ⊖§ ⟩∫ ⊣\ ⟩⊔⌉⇕ ≀{ }∇≀⌋⌉∇⟩⌉∫ ≀∇ {≀≀⌈∫⊔⊓{{∫⪰ ⟩∫ ⊣↕∫≀ ⊔∇⊓⌉⇔ ⊣∫ ⊒⌉↕↕ ⊣∫ ⊣\† ⊣⌈⌈⟩⊔⟩≀\⊣↕ {⊣⌋⊔∫ √↕⊣⊓∫⟩⌊↕† ⌉\⊔⊣⟩↕⌉⌈ ⌊† ⊔⟨⊣⊔ ∫⊔⊣⊔⌉⇕⌉\⊔ ≀\ ⌉⟩⊔⟨⌉∇ ↕⟩\}⊓⟩∫⊔⟩⌋ ≀∇ \≀\↖↕⟩\}⊓⟩∫⊔⟩⌋ }∇≀⊓\⌈∫↙ T⟨⊓∫⇔ {≀∇ ⊔⟨⌉ ∫⊣‖⌉ ≀{ ⇕⊣‖⟩\} ⊔⟨⟩\}∫ ⌋≀\⌋∇⌉⊔⌉⇔ I ⊒⟩↕↕ {≀∇⇕⊣↕⟩‡⌉ ⟨†√≀\†⇕† ⟩\ W≀∇⌈N⌉⊔ ⟩\ ⊔⟨⌉ {≀↕↕≀⊒⟩\} ⊒⊣†¬ ⟩{ a and b are distinct hyponyms of c and α β and γ are the sets of plausible entailments generated by virtue of membership in each respective class then γ ⊂ α γ ⊂ β and α ≠ β▷15

The second organizing relationship within the WordNet noun taxonomy is synonymy▷ Miller et al▷ ↼1990↽ characterize synonymy in terms of a lexical matrix relating Ψword formsν to Ψword meaningsν � such a matrix is represented schematically in Table 2▷3▷ Word forms correspond to what I have earlier called Ψword tokensν and what Sparck Jones calls Ψwordsignsν � essentially an atom or symbol in written text typically a sequence of characters delimited by spaces▷16 Word meanings refer to Ψthe lexicalized concept that a form can be used to expressν ↼Miller et al▷ 1990 p▷ 4↽▷ However an important facet of WordNetφs formalization of word meaning is the absence � in both theoretical and practical terms � of a complete conceptual representation▷ Miller et al▷ distinguish between constructive theories and differential theories. the former requires representations that provide enough information to support accurate construction of the concept by person or machine but the latter requires only that the representations of meaning are sufαcient for someone to identify concepts that are already known▷ WordNet instantiates a differential theory by representing meanings in terms of synonym sets ↼sometimes shortened to synsets↽ so that m2 for example is identiαed by {f2, f_n}⇔ ⊔⟨⌉ ⇕⌉⇕⌊⌉∇∫ ≀{ ⟩⊔∫ ∇≀⊒ ⟩\ T⊣⌊↕⌉ ∈↙∋↙ I\ ⊔⟨⟩∫ ⌉§⊣⇕√↕⌉⇔ m2 might correspond to the 14Miller et al▷ comment that Ψsomewhere a line must be drawn between lexical concepts and general knowledge and WordNet is designed on the assumption that the standard lexicographic line is probably as distinct as any could beν ↼Miller et al▷ 1990 p▷ 15↽▷ See ↼Jackendoff 1983 chapter 6↽ for an argument against taking the purported distinction between Ψsemanticν and Ψconceptualν structure too seriously, Jackendoffφs ISINCLUDEDIN relation seems like it may also be a reasonable basis for hyponymy▷ 15It may ultimately be necessary to sort out the semantic issues here a bit more clearly distinguishing implication entailment presupposition and conventional implicature ↼see e▷g▷ discussion in ↼Dowty Wall and Peters 1981↽↽▷ Also see discussion of taxonomies and further references in Chapter 6 of ↼Cruse 1986↽, in particular Cruse makes a distinction between hyponymy and taxonymy the latter being a subspecies of the former▷ A number of these issues arise in Chapter 3▷ 16In general of course some provision must be made for multiword lexical items▷ That complication is ignored here▷ concept BOARD in its sense as Ψa long βat slab of sawed lumberν ↼AHD 1991↽ with synonym set {f2, f_n} ⌊⌉⟩\} {board, plank }↙ M⟩↕↕⌉∇ ⌉⊔ ⊣↕↙ ⇐∞∃∃′⇔ √↙ △⇒ ⌋≀⇕⇕⌉\⊔¬ T⟨⌉∫⌉ ∫†\≀\†⇕ ∫⌉⊔∫ ⇐∫†\∫⌉⊔∫⇒ ⌈≀ \≀⊔ ⌉§√↕⊣⟩\ ⊒⟨⊣⊔ ⊔⟨⌉ ⌋≀\⌋⌉√⊔∫ ⊣∇⌉∅ ⊔⟨⌉† ⇕⌉∇⌉↕† ∫⟩}\⟩{† ⊔⟨⊣⊔ ⊔⟨⌉ ⌋≀\⌋⌉√⊔∫ ⌉§⟩∫⊔↙ P⌉≀√↕⌉ ⊒⟨≀ ‖\≀⊒ E\}↕⟩∫⟨ ⊣∇⌉ ⊣∫∫⊓⇕⌉⌈ ⊔≀ ⟨⊣⊑⌉ ⊣↕∇⌉⊣⌈† ⊣⌋∐⊓⟩∇⌉⌈ ⊔⟨⌉ ⌋≀\⌋⌉√⊔∫⇔ ⊣\⌈ ⊣∇⌉ ⌉§√⌉⌋⊔⌉⌈ ⊔≀ ∇⌉⌋≀}\⟩‡⌉ ⊔⟨⌉⇕ {∇≀⇕ ⊔⟨⌉ ⊒≀∇⌈∫ ↕⟩∫⊔⌉⌈ ⟩\ ⊔⟨⌉ ∫†\∫⌉⊔↙ A∫ ⟩⊔ ⊔⊓∇\∫ ≀⊓⊔⇔ ⊣\ ⊣√√∇≀⊣⌋⟨ ⊔≀ ∫†\≀\†⇕† ≀{ ⊑⌉∇† ⇕⊓⌋⟨ ⊔⟨⌉ ∫⊣⇕⌉ ‖⟩\⌈ ⟩∫ ⊣∇}⊓⌉⌈ {≀∇ ⊣⊔ ↕⌉\}⊔⟨ ⌊† S√⊣∇⌋‖ J≀\⌉∫⇔ ⟩\ ⊔⟨⌉ ⌋≀\⊔⌉§⊔ ≀{ ∫√⌉⌋⟩{†⟩\} ⊒⟨⟩⌋⟨ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√∫ ⊣∇⌉ ⊔≀ ⌊⌉ ⌋⊣√⊔⊓∇⌉⌈ ⌊† ⊣\ ⊣⊓⊔≀⇕⊣⊔⟩⌋⊣↕↕† ⌋≀\∫⊔∇⊓⌋⊔⌉⌈ ⊔⟨⌉∫⊣⊓∇⊓∫↙ S⟨⌉ ⇕⊣‖⌉∫ ⊣ ⌈⟩∫⊔⟩\⌋⊔⟩≀\ ∫⟩⇕⟩↕⊣∇ ⊔≀ ⊔⟨⌉ ≀\⌉ |⊓∫⊔ ⌈⌉∫⌋∇⟩⌊⌉⌈⇔ ⊣\⌈ ⌋≀\⌋↕⊓⌈⌉∫ ⇐S√⊣∇⌋‖ J≀\⌉∫⇔ ∞∃△̸⇔ √↙ ∈∀⇒¬ T⟨⌉ ⌈⟩∫⊔⟩\⌋⊔⟩≀\ ⌊⌉⊔⊒⌉⌉\ ⊔⟨⌉ ⊔⊒≀ ⌈⟩{{⌉∇⌉\⊔ ⊒⊣†∫ ≀{ ↕≀≀‖⟩\} ⊣⊔ ⊣ ⊔⟨⌉∫⊣⊓∇⊓∫ ⟨⌉⊣⌈ ∪⟩↙⌉↙⇔ ⊣ ↕⌉§⟩⌋⊣↕ }∇≀⊓√⟩\} ≀∇ ⌋↕⊣∫∫ ∘PSR⊎ ⟩∫ ⊔⟨⌉∇⌉{≀∇⌉ ⊣ ⊓∫⌉{⊓↕ ≀\⌉⇔ ⌊⌉⌋⊣⊓∫⌉ ⟩⊔ ∫⊓}}⌉∫⊔∫ ⊣ \⌉⊒ ⊣√√∇≀⊣⌋⟨ ⊔≀ ⊔⟨⌉ √∇≀⌊↕⌉⇕ ≀{ ⌋≀\∫⊔∇⊓⌋⊔⟩\} ⊣ ⊔⟨⌉∫⊣⊓∇⊓∫∅ ⟩⊔ ∫⊓}}⌉∫⊔∫ ⊔⟨⊣⊔ ⊒⌉ ∫⟨≀⊓↕⌈ ⊔∇⌉⊣⊔ ⊣ ⊔⟨⌉∫⊣⊓∇⊓∫ ⟨⌉⊣⌈ √∇⟩⇕⊣∇⟩↕† ⊣∫ ⊣ ∫⌉⊔ ≀{ ⊒≀∇⌈∫ ⊒⟨⟩⌋⟨ ⊣∇⌉ ∇⌉↕⊣⊔⌉⌈ ⊔≀ ≀\⌉ ⊣\≀⊔⟨⌉∇⇔ ⊣\⌈ ≀\↕† ∫⌉⌋≀\⌈⊣∇⟩↕† ⊣∫ ⊣ ∫⌉⊔ ≀{ ⊒≀∇⌈∫ ⊒⟨⟩⌋⟨ ⌉§√∇⌉∫∫ ⊣\ ⟩⌈⌉⊣↙ T⟨⟩∫ ⇕⌉⊣\∫ ⊔⟨⊣⊔ ⊒⌉ ⌋⊣\ ∫⌉⊔ ⊣⌊≀⊓⊔ ⊔⟨⌉ ⌊⊓∫⟩\⌉∫∫ ≀{ ⊘\⌈⟩\} ⟨⌉⊣⌈∫ ⌊† ↕≀≀‖⟩\} {≀∇ ∫⌉⊔∫ ≀{ ⊒≀∇⌈∫ ⊒⟨⟩⌋⟨ ⊣∇⌉ ∇⌉↕⊣⊔⌉⌈ ⟩\ ⊣ ∫⊓⟩⊔⊣⌊↕⌉ ⊒⊣†⇔ ⊣\⌈ ⊔⟨⌉\ ↕⊣⌊⌉↕↕⟩\} ⊔⟨⌉⇕⇔ ∇⊣⊔⟨⌉∇ ⊔⟨⊣\ ⌊† ⟩\⊑⌉\⊔⟩\} ⟩⌈⌉⊣∫⇔ ⊣\⌈ ⊔⟨⌉\ ∫⌉⊣∇⌋⟨⟩\} {≀∇ ⊒≀∇⌈∫ ⊒⟨⟩⌋⟨ ⌉§√∇⌉∫∫ ⊔⟨⌉⇕↙ T⟨⟩∫ ⊣√√∇≀⊣⌋⟨ ⟨⊣∫ ⊔⊒≀ ⊣⌈⊑⊣\⊔⊣}⌉∫¬ ⊔⟨⌉ ⊘∇∫⊔ ⟩∫ ⊔⟨⊣⊔ ⊔⟨⌉ ⟨⌉⊣⌈∫ ⌋⊣\ ⌊⌉ {≀⊓\⌈ ⇕≀∇⌉ ⌉⊣∫⟩↕†⇔ ⊣\⌈ ⊔⟨⌉ ∫⌉⌋≀\⌈ ⟩∫ ⊔⟨⊣⊔ ⊔⟨⌉† ⌋⊣\ ⌊⌉ {≀⊓\⌈ ⊒⟩⊔⟨≀⊓⊔ ⊣\† ∇⌉{⌉∇⌉\⌋⌉ ⊔≀ ⊣\ ⊣ √∇⟩≀∇⟩ ∫⌉⊔ ≀{ ⟩⌈⌉⊣∫↙ S√⊣∇⌋‖ J≀\⌉∫ ⌋⟨⊣∇⊣⌋⊔⌉∇⟩‡⌉∫ ∫†\≀\†⇕† ⊣∫ {≀↕↕≀⊒∫↙ F⟩∇∫⊔⇔ ⊣∫ ⊣ ⌊⊣⌋‖}∇≀⊓\⌈ ⊣∫∫⊓⇕√⊔⟩≀\ ∫⌉\⊔⌉\⌋⌉∫ ⊣∇⌉ ⊔⊣‖⌉\ ⊔≀ ⟨⊣⊑⌉ ⊣ √∇≀√⌉∇⊔† ∫⟨⌉ ⌋⊣↕↕∫ ⊣ √↕≀† ⇐⟩↙⌉↙ ⊔⟨⌉ ⊒⊣† ⟩\ ⊒⟨⟩⌋⟨ ⟩⊔ ⟩∫ ⌉⇕√↕≀†⌉⌈⇒ � {≀∇ ⌉§⊣⇕√↕⌉⇔ S⟨⊓⊔ ⊓√ ⊣\⌈ K⌉⌉√ ∐⊓⟩⌉⊔ ⟨⊣⊑⌉ ⊔⟨⌉ ∫⊣⇕⌉ √↕≀†↙ G⟩⊑⌉\ ⊣ ∫⌉\⊔⌉\⌋⌉ S ⊣\⌈ ≀\⌉ ≀{ ⊔⟨⌉ ⊒≀∇⌈ √≀∫⟩⊔⟩≀\∫ ⟩\ S⇔ ⊣ ∇≀⊒ ⟩∫ ⌈⌉⊘\⌉⌈ ⊣∫ ⊣ ∫⌉⊔ ≀{ ⊒≀∇⌈∫ ⊔⟨⊣⊔ ⌋⊣\ ⊣√√⌉⊣∇ ⟩\ ⊔⟨⊣⊔ √≀∫⟩⊔⟩≀\ ⊒⟩⊔⟨≀⊓⊔ ⌋⟨⊣\}⟩\} ⊔⟨⌉ √↕≀† ≀{ S↙ S≀⇔ {≀∇ ⌉§⊣⇕√↕⌉⇔ ⊔⟨⌉ ∫⌉\⊔⌉\⌋⌉∫ ⟩\ ⇐∋⇒ }⟩⊑⌉ ∇⟩∫⌉ ⊔≀ ⊔⟨⌉ ∇≀⊒ {signal, sign} ⊣\⌈ ⇐△⇒ }⟩⊑⌉∫ ∇⟩∫⌉ ⊔≀ ⊔⟨⌉ ∇≀⊒ {shouted, cried, called}↙ ⇐∋⇒ ⊣↙ H⌉ }⊣⊑⌉ ⊔⟨⌉ ∫⟩}\⊣↕ {≀∇ ⊔⟨⌉ ⊣⌈⊑⊣\⌋⌉↙ ⌊↙ H⌉ }⊣⊑⌉ ⊔⟨⌉ ∫⟩}\ {≀∇ ⊔⟨⌉ ⊣⌈⊑⊣\⌋⌉↙ ⇐△⇒ ⊣↙ H⌉ ∫⟨≀⊓⊔⌉⌈ {≀∇ ⟨⌉↕√↙ ⌊↙ H⌉ ⌋∇⟩⌉⌈ {≀∇ ⟨⌉↕√↙ ⌋↙ H⌉ ⌋⊣↕↕⌉⌈ {≀∇ ⟨⌉↕√↙ O\⌉ ⇕⟩}⟨⊔ ⊣∇}⊓⌉ ⊔⟨⊣⊔⇔ ⌉⊑⌉\ ⟩{ √↕≀† ⌋⊣\ ⌊⌉ }⟩⊑⌉\ ∫≀⇕⌉ √∇⌉⌋⟩∫⌉ ⟩\⊔⌉∇√∇⌉⊔⊣⊔⟩≀\⇔ \≀ ⊔⊒≀ ⊒≀∇⌈∫ ⊣∇⌉ ⌉⊑⌉∇ ⊔∇⊓↕† ∫⊓⌊∫⊔⟩⊔⊓⊔⊣⌊↕⌉ ⌉⊑⌉\ ⟩\ ⊣ √⊣∇⊔⟩⌋⊓↕⊣∇ ⌋≀\⊔⌉§⊔⇔ ∫⟩\⌋⌉ ⌉⊣⌋⟨ ⌋⊣∇∇⟩⌉∫ ⌈⟩{{⌉∇⌉\⊔ ⊣∫∫≀⌋⟩⊣⊔⟩≀\∫ ≀∇ ≀⊑⌉∇⊔≀\⌉∫↙ S√⊣∇⌋‖ J≀\⌉∫ ∇⌉∫√≀\⌈∫ ⊔≀ ⊔⟨⟩∫ ≀⌊|⌉⌋⊔⟩≀\ ⊣∫ {≀↕↕≀⊒∫ ⇐√↙ ∀△⇒¬ I\ ∫√⟩⊔⌉ ≀{ ⊔⟨⟩∫ ⊣∇}⊓⇕⌉\⊔⇔ ⟩⊔ ⟩∫ ⊣\ ⌉⇕√⟩∇⟩⌋⊣↕ {⊣⌋⊔ ⊔⟨⊣⊔ ⊒⌉ ⌈≀ ⌉§√↕⊣⟩\ ⊔⟨⌉ ⇕⌉⊣\⟩\} ≀{ ⊣ ⊒≀∇⌈ ⟩\ ⊣ ⌋≀\⊔⌉§⊔ ⌊† }⟩⊑⟩\} ≀⊔⟨⌉∇ ⊒≀∇⌈∫ ⊒⟨⟩⌋⟨ ⊒⌉ ∫⊣† ⌋⊣\ ⌊⌉ ⊓∫⌉⌈ ⟩\ ⊔⟨⌉ ∫⊣⇕⌉ ⊒⊣†∅ ⊒⌉ ⌈≀ ⟩\ √∇⊣⌋⊔⟩⌋⌉ ∫⊣† ⊔⟨⊣⊔ ⊒≀∇⌈∫ ⇕⊣† ⌊⌉ ⊓∫⌉⌈ ∫†\≀\†⇕≀⊓∫↕†↙ T⟨⟩∫ ∫⊓}}⌉∫⊔∫ ⊔⟨⊣⊔ ⊒⌉ ⌋⊣\ ⇕⊣‖⌉ ⊣ ⌈⟩∫⊔⟩\⌋⊔⟩≀\ ⌊⌉⊔⊒⌉⌉\ ⊣ √⊣∇⊔⟩⌋⊓↕⊣∇ ⊓∫⌉ ⊣\⌈ ⊔⟨⌉ ⊒⟨≀↕⌉ ∇⊣\}⌉ ≀{ ⊓∫⌉∫ ≀{ ⊣ ⊒≀∇⌈↙ W⌉ ⌋⊣\ ⊣\⌈ ⌈≀ ∫⊣† ⊔⟨⊣⊔ ⊔⟨≀⊓}⟨ ⊔⟨⌉ ≀⊑⌉∇⊔≀\⌉∫ ≀{ ⊔⊒≀ ⊒≀∇⌈∫⇔ ∇⌉√∇⌉∫⌉\⊔⟩\} ⊔⟨⌉⟩∇ ⊒⟨≀↕⌉ ∇⊣\}⌉∫ ≀{ ⊓∫⌉∫ ⇕⊣† ⌊⌉ ⌈⟩{{⌉∇⌉\⊔⇔ ⊔⟨⌉⟩∇ ⊓∫⌉∫ ⟩\ ⊣ √⊣∇⊔⟩⌋⊓↕⊣∇ ⌋≀\⊔⌉§⊔ ⇕⊣†⇔ {≀∇ ⊣↕↕ √∇⊣⌋⊔⟩⌋⊣↕ √⊓∇√≀∫⌉∫⇔ ⌊⌉ ⊔∇⌉⊣⊔⌉⌈ ⊣∫ ⟩\⌈⟩∫⊔⟩\}⊓⟩∫⟨⊣⌊↕⌉↙ G⟩⊑⌉\ ⊔⟨⟩∫ ⌈⟩∫⌋⊓∫∫⟩≀\⇔ ⟩⊔ ∫⌉⌉⇕∫ ⌋↕⌉⊣∇ ⊔⟨⊣⊔ T⊣⌊↕⌉ ∈↙∋ ⟩∫ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩⊑⌉ ≀{ ⊔⟨⌉ ⊔⟨⌉≀∇⟩⌉∫ ≀{ ⌊≀⊔⟨ M⟩↕↕⌉∇ ⌉⊔ ⊣↕↙ ⊣\⌈ S√⊣∇⌋‖ J≀\⌉∫↙ I\ ⌊≀⊔⟨ ⌋⊣∫⌉∫⇔ ⊔⟨⌉ }≀⊣↕ ⟩∫ \≀⊔ ⊔≀ √∇≀⊑⟩⌈⌉ ⊣ ⊔⟨⌉∫⊣⊓∇⊓∫ ⌈⌉⊘\⌉⌈ ⟩\ ⊔⌉∇⇕∫ ≀{ ⊒≀∇⌈ ∫†\≀\†⇕†∅∞∇⊣⊔⟨⌉∇⇔ ∞I\⌈⌉⌉⌈⇔S√⊣∇⌋‖ J≀\⌉∫ ⌉§√⌉\⌈∫⌋≀\∫⟩⌈⌉∇⊣⌊↕⌉⌉{{≀∇⊔ ⌈⌉⊔⊣⟩↕⟩\} ⊔⟨⌉ ⊣∇}⊓⇕⌉\⊔∫⊣}⊣⟩\∫⊔ ⊔⟨⟩∫ ⊑⟩⌉⊒⇔ ⊣\⌈↕⊣⊔⌉∇ √∇≀√≀∫⌉∫⊔⟨⊣⊔ ⊖⊔≀⊔⊣↕⪰ ∫†\≀\†⇕† ⌊⌉ ⌈⌉∇⟩⊑⌉⌈ {∇≀⇕ ∫†\≀\†⇕† ≀{ ⊒≀∇⌈ ⊓∫⌉∫↙

∈ ⊔⊣§≀\≀⇕⟩⌋ ⌋↕⊣∫∫⌉∫ ⌋≀⇕√∇⟩∫⌉ ⌈⟩{{⌉∇⌉\⊔⟩⊣↕ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\∫ ⌋≀∇∇⌉∫√≀\⌈⟩\} ⊔≀ ⊒≀∇⌈ ⊓∫⌉∫ ⊔⟨⊣⊔ ⊣∇⌉ ∫†\≀\†⇕≀⊓∫ ⟩\ √⊣∇⊔⟩⌋⊓↕⊣∇ ⌋≀\⊔⌉§⊔∫↙ A↕⊔⟨≀⊓}⟨ W≀∇⌈N⌉⊔ ⌋↕⊣∫∫⌉∫ ∇⌉√∇⌉∫⌉\⊔ ⊣ ⟨⟩}⟨⌉∇ ↕⌉⊑⌉↕ ≀{ ⊣⌊∫⊔∇⊣⌋⊔⟩≀\ ⊔⟨⊣\ S√⊣∇⌋‖ J≀\⌉∫≃∫ ∇≀⊒∫ � ∫≀⇕⌉⊔⟨⟩\} ↕⟩‖⌉ ⊒⟨⊣⊔ ∫⟨⌉ ⌋⊣↕↕∫ ⊣ }∇≀⊓√ � ⊔⟨⌉ ⌋≀∇⌉ ⟩⌈⌉⊣ ⟩∫ ⊔⟨⌉ ∫⊣⇕⌉↙ L⌉§⟩⌋⊣↕ ⌋↕⊣∫∫⌉∫ ⌋≀⇕√∇⟩∫⌉ ∫⌉⊔∫ ≀{ ⊒≀∇⌈∫ ⊔⟨⊣⊔ ⟩\ ∫≀⇕⌉ ⌋≀\⊔⌉§⊔∫ ⊣∇⌉ ⇕⊓⊔⊓⊣↕↕† ∫⊓⌊∫⊔⟩⊔⊓⊔⊣⌊↕⌉ ⊒⟨⟩↕⌉ √∇⌉∫⌉∇⊑⟩\} ⊔⟨⌉ ⌉∫∫⌉\⊔⟩⊣↕ ⌋≀⇕√≀\⌉\⊔∫ ≀{ ⇕⌉⊣\⟩\} ⊣\⌈ ⊓∫⌉↙ T≀ ∫⊓⇕⇕⊣∇⟩‡⌉⇔ ≀\⌉ ⊒⊣† ⊔≀ ⌋⟨⊣∇⊣⌋⊔⌉∇⟩‡⌉ ∫†\≀\†⇕† ⟩\ W≀∇⌈N⌉⊔ ⟩∫ ⊣∫ {≀↕↕≀⊒∫↙ L⌉⊔ s be a WordNet synset containing synonyms ↼word forms↽ {w_i}↙ T⟨⌉\ ⊔⟨⌉∇⌉ ⟩∫ ⊣ ⊖∇⌉√∇⌉∫⌉\⊔⊣⊔⟩⊑⌉⪰ ∫⌉⊔ ≀{ ∫⌉\⊔⌉\⌋⌉∫ {S_j} ∫⊓⌋⟨ ⊔⟨⊣⊔ ⟩{ S_j entails σ then S_j [n = w] also entails σ for all w ∈ s where S_j [n = w] denotes sentence S_j with word w substituted at position n, furthermore s contains all such w▷ So for example suppose s is the synset {board, plank}¬ {≀∇ ⊣↕↕ √∇⊣⌋⊔⟩⌋⊣↕ √⊓∇√≀∫⌉∫ ⊔⟨⌉ ∫⌉\⊔⌉\⌋⌉∫ ⟩\ ⇐▽⇒ ⊣∇⌉ ⟩\⊔⌉∇⌋⟨⊣\}⌉⊣⌊↕⌉⇔ ⟩\ ⊔⟨⊣⊔ ⊔⟨⌉ ⌋≀\⌋↕⊓∫⟩≀\∫ ≀\⌉ ⌋⊣\ ⌈∇⊣⊒ � ∫⊓⌋⟨ ⊣∫ σ 1and σ2� are the same▷ ↼5↽ a▷ John sawed the board in two▷ b▷ John sawed the plank in two▷ ↼6↽ a▷ [σ1] The thing John sawed is used for construction.

b. [σ2] The thing John sawed is ŕat.

Furthermore, some entailment serves to exclude other similar words from the set; for example, brick and shingle are closely related to this sense of board, but substituting brick for board in (5a) would violate σ2 and substituting shingle would introduce a new entailment σ3 not shared by board and plank▷ ↼7↽ [σ3] The thing John sawed is used for covering roofs.

Again, it should be noted that the notion of entailment that is operative here is concerned not with logical necessity, but with implication in the sense used by (Lyons, 1961) Ð that is, entailed properties consist in conclusions that one would be willing to draw. It is not difőcult to elicit such properties from human subjects; for example, (McRae, de Sa, and Seidenberg, 1992) describe a norming study in which subjects produced properties like requires a driver and used for transportation (e.g., given bus). Although I have characterized relationships in WordNet in terms of such properties, however, it is important to remember that this is done solely in the interest of providing a well-founded interpretation for an existing taxonomy Ð such relationships are not explicitly represented in WordNet, nor were they explicitly used in its construction.

Computationally, these two taxonomic relationships in WordNet, hyponymy and synonymy, form the basis for what is essentially an inheritance system. Each word token w is mapped to senses↼w↽ a set of synonym sets that in effect represent all of its word senses▷ For the sake of notational convenience such synonym sets will be represented not by listing each included word but by pairing a single descriptive word with a unique identiαer � for example ⟨⌊≀⊣∇⌈⇔△′∞∈△′⟩ ∇⊣⊔⟨⌉∇ ⊔⟨⊣\ {board, plank}↙∞∀ E⊣⌋⟨ ∫†\∫⌉⊔ s in the taxonomy may have hyponyms ↼subordinates↽ and hypernyms ↼superordinates↽, these correspond to both directions of an ISA link▷ Because WordNet permits multiple inheritance hyponymy and hypernymy are onetomany relationships and the structure of the taxonomy is a directed acyclic graph rather than a tree▷ 18The numerical identiαers are derived from WordNetφs internal data representation and can be thought of as arbitrary, hence this is equivalent to providing traditional sense labels like BOARD1 BOARD2 etc▷ I will sometimes omit the unique identiαer when it is not particularly relevant e▷g▷ writing ⟨⌊≀⊣∇⌈⟩ ∇⊣⊔⟨⌉∇ ⊔⟨⊣\ ⟨⌊≀⊣∇⌈⇔△′∞∈△′⟩↙ I⌈⌉\⊔⟩⊘⌉∇∫ ⊓∫⌉⌈ ⟨⌉∇⌉ ⊣∇⌉ {∇≀⇕ W≀∇⌈N⌉⊔ ⊑⌉∇∫⟩≀\ ∞↙∈↙

∈

D⌉∫⌋∇⟩√⊔⟩≀\ E§⊣⇕√↕⌉ C≀⊓\⊔ H†√⟨⌉\⊣⊔⌉⌈ ⊔⌉∇⇕ }∇⌉⊣∫⌉↖∇⌉⇕≀⊑⊣↕ ∞ O⌋⌋⊓∇∇⌉⌈ ≀\⌋⌉ ⟩\ ⌋≀∇√⊓∫ ⌋⊣∇≀⊓∫⟩\} ∞ N⊓⇕⌊⌉∇ ↙′▽↗ △ N≀⊔ ⟩\ ⌈⟩⌋⊔⟩≀\⊣∇† {⌉↕↕⊣ ∋ U\⊓∫⊓⊣↕ ≀∇ ⊒∇≀\} ∫√⌉↕↕⟩\} ⊔⟨∇⌉∫⟨⟨≀↕⌈ ∈ A⌋∇≀\†⇕ USP ∞ O⊔⟨⌉∇ ⊣↕‖⊣↕⟩

T⊣⌊↕⌉ ∈↙△¬ B∇≀⊒\ ⌋≀∇√⊓∫ \≀⊓\∫ ⇕⟩∫∫⟩\} {∇≀⇕ W≀∇⌈N⌉⊔

E⊣⌋⟨ ∫†\∫⌉⊔ ⟩\ W≀∇⌈N⌉⊔ ⌋⊣\ ⌊⌉ ⊑⟩⌉⊒⌉⌈ ⊣∫ ⊣ ⌋↕⊣∫∫ ⌋≀\⊔⊣⟩\⟩\} ⊣↕↕ ⊔⟨⌉ ⊒≀∇⌈∫ ⟩\ ⊣↕↕ ⌈⟩∇⌉⌋⊔↕† ≀∇ ⟩\⌈⟩∇⌉⌋⊔↕† ∫⊓⌊≀∇⌈⟩\⊣⊔⌉ ∫†\∫⌉⊔∫ � ⊔⟨⊣⊔ ⟩∫⇔ ⊣↕↕ ∫†\≀\†⇕ ∫⌉⊔∫ ⊔⟨⊣⊔ ⟩\⟨⌉∇⟩⊔ ⟩⊔∫ √↕⊣⊓∫⟩⌊↕⌉ ⌉\⊔⊣⟩↕⇕⌉\⊔∫↙ T⟨⌉ ⌉§⊔⌉\∫⟩≀\⊣↕ ⟩\⊔⌉∇↖ √∇⌉⊔⊣⊔⟩≀\ ≀{ ⊣ ⌋↕⊣∫∫ c will be written using the notation words↼c↽, for example synset ⟨↕⊓⇕⌊⌉∇⇔△′∞∈▽′̸⟩⇔ ⟩\⊔⌉∇√∇⌉⊔⌉⌈ ⊣∫ ⊣\ ⌉§⊔⌉\∫⟩≀\⊣↕ ⌋↕⊣∫∫⇔ ⌋≀\⊔⊣⟩\∫ ⌊⊣⊔⊔⌉\⇔ ⌊≀⊣∇⌈⇔ ⌈⌉⊣↕⇔ ⊘\⇔ {⊓∇∇⟩\}⇔ ↕⊣⊔⟨⇔ ↕≀⊓⊑⌉∇⇔ ↕≀⊓⊑∇⌉⇔ ↕⊓⇕⌊⌉∇⇔ √⊣↕⌉⇔ √⟩⌋‖⌉⊔⇔ √↕⊣\‖⇔ ∫↕⊣⊔⇔ ∫√↕⟩\⌉⇔ ∫⊔⊣⊑⌉⇔ ∫⊔∇⟩√⇔ ⊣\⌈ ⊔⟩⇕⌊⌉∇↙∞∃ C≀\⊑⌉∇∫⌉↕†⇔ ⌋↕⊣∫∫⌉∫⇐w↽ will represent the set {c|w ∈ ⊒≀∇⌈∫(c)} � \≀⊔⟩⌋⌉ ⊔⟨⊣⊔ ⊔⟨⟩∫ ⟩\⌋↕⊓⌈⌉∫ ⊣↕↕ ⊔⟨⌉ ⌋↕⊣∫∫⌉∫ ⟩\ ⊒⟨⟩⌋⟨ ⊒≀∇⌈ ⊔≀‖⌉\ w is contained regardless of whether a particular sense of w was intended▷ From this point on notation that is ambiguous between synonym sets and classes � e▷g▷ ⟨↕⊓⇕⌊⌉∇⇔△′∞∈▽′̸⟩ � ∫⟨≀⊓↕⌈ ⌊⌉ ⟩\⊔⌉∇√∇⌉⊔⌉⌈ ⊣∫ ∇⌉{⌉∇∇⟩\} ⊔≀ ⊔⟨⌉ ⌋↕⊣∫∫⇔ ⊓\↕⌉∫∫ ≀⊔⟨⌉∇⊒⟩∫⌉ \≀⊔⌉⌈↙ I\ ⊔⌉∇⇕∫ ≀{ ∫⟩‡⌉⇔ ⊔⟨⌉ W≀∇⌈N⌉⊔ \≀⊓\ ⊔⊣§≀\≀⇕† ⇐⊑⌉∇∫⟩≀\ ∞↙∈⇒ ⌋≀\⊔⊣⟩\∫ ≀\ ⊔⟨⌉ ≀∇⌈⌉∇ ≀{ ∋▽⇔′′′ ∫†\≀\†⇕ ∫⌉⊔∫⇔ ⊣\⌈ ⊣ ⊑≀⌋⊣⌊⊓↕⊣∇† ≀{ ≀\ ⊔⟨⌉ ≀∇⌈⌉∇ ≀{ △⇔′′′ \≀⊓\∫ ⇐⊣√√∇≀§⟩⇕⊣⊔⌉↕† ∋′⇔′′′ ⟩{ ⌋≀⇕√≀⊓\⌈∫ ⊣∇⌉ ⌉§⌋↕⊓⌈⌉⌈⇒↙ U∫⟩\} ⊔⟨⌉ B∇≀⊒\ ⌋≀∇√⊓∫ ⊣∫ ⊣ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩⊑⌉ ∫⊣⇕√↕⌉ ≀{ E\}↕⟩∫⟨⇔ W≀∇⌈N⌉⊔≃∫ ⌋≀⊑⌉∇⊣}⌉ ⊣⌋⌋≀⊓\⊔∫ {≀∇ ⊣√√∇≀§⟩⇕⊣⊔⌉↕† ∃▽↗ ≀{ ⊔⟨⌉ ⊔≀‖⌉\∫ ⊔⊣}}⌉⌈ ⊣∫ ⌋≀⇕⇕≀\ \≀⊓\∫ ⇐∫⟩\}⊓↕⊣∇ ≀∇ √↕⊓∇⊣↕⇒↙ T⊣⌊↕⌉ ∈↙△ ∫⟨≀⊒∫ ⊣ ⌊∇⌉⊣‖⌈≀⊒\ ⟩\⊔≀ ⌋⊣⊔⌉}≀∇⟩⌉∫ {≀∇ △∃ \≀⊓\∫ ∇⊣\⌈≀⇕↕† ⌋⟨≀∫⌉\ {∇≀⇕ ⊔⟨⌉ ∫⌉⊔ ≀{ \≀⊓\∫ ⟩\ ⊔⟨⌉ B∇≀⊒\ C≀∇√⊓∫ ⊔⟨⊣⊔ ⌈≀ \≀⊔ ⊣√√⌉⊣∇ ⟩\ ⊔⟨⌉ W≀∇⌈N⌉⊔ ⊔⊣§≀\≀⇕†↙ T⟨⌉ ∇⌉{⌉∇⌉\⌋⌉ ⌈⟩⌋⊔⟩≀\⊣∇† {≀∇ ⊔⟨⌉ ⊖\≀⊔ ⟩\ ⌈⟩⌋⊔⟩≀\⊣∇†⪰ ⌋⊣⊔⌉}≀∇† ⊒⊣∫ ⇐AHD⇔ ∞∃∃∞⇒⇔ ⊣\⌈ ⊔⟨⌉ ≀\⌉ ⊣⌋∇≀\†⇕ ≀\ ⊔⟨⌉ ↕⟩∫⊔⇔ USP⇔ ⌈⌉∇⟩⊑⌉∫ {∇≀⇕ ⊔⟨⌉ U\⟩⊔⌉⌈ S⊔⊣⊔⌉∫ P⟨⊣∇⇕⊣⌋≀√≀⌉⟩⊣ ∇⌉{⌉∇⌉\⌋⌉ ∫⊔⊣\⌈⊣∇⌈↙ O{ ⊔⟨⌉ ⟨†√⟨⌉\⊣⊔⌉⌈ ⊔⌉∇⇕∫⇔ |⊓∫⊔ ≀\⌉⇔ ⊑⟩⌋⌉↖√∇⌉∫⟩⌈⌉\⊔⇔ ⊣√√⌉⊣∇∫ ⟩\ W≀∇⌈N⌉⊔ ⊣∫ ⊣ ⌋≀⇕√≀⊓\⌈↙ T⟨⟩∫ ⌋≀⊑⌉∇⊣}⌉ ⌉∫⊔⟩⇕⊣⊔⌉ ⊒⟩↕↕ ⇕≀∫⊔ ↕⟩‖⌉↕† ∇⌉⇕⊣⟩\ {⊣⟩∇↕† ∫⊔⊣⌊↕⌉ ⊣∫ W≀∇⌈N⌉⊔ ⌋⟨⊣\}⌉∫¬ ≀{ ⊔⟨⌉ ∫⟩§ \≀⊓\∫ ⟩\ ⊔⟨⌉ ⊖≀⊔⟨⌉∇⪰ ⌋⊣⊔⌉}≀∇† � ⊣↕‖⊣↕⟩⇔ }↕†⌋≀↕⇔ }∇≀⊒↕⇔ ⟨⊣\⌈∫√⟩‖⌉⇔ ∐⊓⟩⌋‖∫⟩↕⊑⌉∇⇔ ⊣\⌈ ∫↕⊣⇕ � ≀\↕† ≀\⌉⇔ ⊣↕‖⊣↕⟩⇔ ⊣√√⌉⊣∇∫ ⟩\ ⊔⟨⌉ ⇕≀∇⌉ ∇⌉⌋⌉\⊔ W≀∇⌈N⌉⊔ V⌉∇∫⟩≀\ ∞↙∋↙

∈↙△↙∈ E∫⊔⟩⇕⊣⊔⟩≀\ ≀{ ⌋↕⊣∫∫ √∇≀⌊⊣⌊⟩↕⟩⊔⟩⌉∫ A↕⊔⟨≀⊓}⟨ ⊔⟨⌉ ⌈⟩∫⌋⊓∫∫⟩≀\ ⟩\ S⌉⌋⊔⟩≀\ ∈↙△↙∞ ⌈⌉∫⌋∇⟩⌊⌉∫ ⊣ ∫⊔∇⊓⌋⊔⊓∇⌉⌈ ⊔⊣§≀\≀⇕†⇔ ⊔⟨⌉ √∇≀⌊⊣⌊⟩↕⟩∫⊔⟩⌋ {≀∇⇕⊣↕⟩‡⊣⊔⟩≀\ √∇⌉∫⌉\⊔⌉⌈ ⟨⌉∇⌉ ⊒⟩↕↕ ⌊⌉ ⌊⊣∫⌉⌈ ≀\ ⊣ ∫⊣⇕√↕⌉ ∫√⊣⌋⌉ ⌋≀\∫⟩∫⊔⟩\} ≀{ ⌋↕⊣∫∫ ↕⊣⌊⌉↕∫↙ I\ ⌉∫∫⌉\⌋⌉⇔ ⊔⟨⌉ ⊔⟨⌉≀∇⌉⊔⟩⌋⊣↕ {≀∇⇕⊓↕⊣⊔⟩≀\ ≀{ ⊔⟨⌉ ∫⊣⇕√↕⌉ ∫√⊣⌋⌉ ⊒⟩↕↕ ∫⊓√√≀∫⌉ ⊔⟨⊣⊔ √⌉≀√↕⌉ ∫⊣† ⊔⟨⟩\}∫ ↕⟩‖⌉ ⊖I ⌈∇⊣\‖ ∫≀⇕⌉ ⟨⌊⌉⊑⌉∇⊣}⌉⟩⪰ ∇⊣⊔⟨⌉∇ ⊔⟨⊣\ ⊖I ⌈∇⊣\‖ ∫≀⇕⌉ ⊒⟩\⌉↙⪰ T⟨⌉ ∫⊔∇⊓⌋⊔⊓∇⌉ ≀{ ⊔⟨⌉ ⊔⊣§≀\≀⇕† ⊒⟩↕↕ √↕⊣† ⊣ ∇≀↕⌉ \≀⊔ ⟩\ ⌈⌉⊘\⟩\} ⊔⟨⌉ ∫⊣⇕√↕⌉ ∫√⊣⌋⌉⇔ ⌊⊓⊔ ⟩\ ⌉∫⊔⟩⇕⊣⊔⟩\} √∇≀⌊⊣⌊⟩↕⟩⊔⟩⌉∫↙ ∞∃A⌋⊔⊓⊣↕↕†⇔ ⟩⊔ ⊣↕∫≀ ⌋≀\⊔⊣⟩\∫ ⊔⟨⌉ ⌋≀⇕√≀⊓\⌈\≀⊓\ {⊓∇∇⟩\} ∫⊔∇⟩√∅ ⟨≀⊒⌉⊑⌉∇⇔ I ⊔∇⌉⊣⊔ ⊣↕↕ ⌋≀⇕√≀⊓\⌈\≀⊓\∫ ⟩\ W≀∇⌈N⌉⊔ ⊣∫ ⟩{ ⊔⟨⌉† ⌈⟩⌈ \≀⊔ ⌉§⟩∫⊔↙ A↕⊔⟨≀⊓}⟨ ⊔⟨⟩∫ √≀⊔⌉\⊔⟩⊣↕↕† ↕≀∫⌉∫ ⊓∫⌉{⊓↕ ⟩\{≀∇⇕⊣⊔⟩≀\⇔ ⟩⊔ ⌈≀⌉∫ ⊣⊒⊣† ⊒⟩⊔⟨ ⊔⟨⌉ √∇≀⌊↕⌉⇕ ≀{ ⌈⌉⊔⌉∇⇕⟩\⟩\} ⊒⟨⌉⊔⟨⌉∇ ≀∇ \≀⊔ ⊣ \≀⇕⟩\⊣↕ ⌋≀⇕√≀⊓\⌈ ∫⟨≀⊓↕⌈ ⌊⌉ ⊔∇⌉⊣⊔⌉⌈ ⊣∫ ⊣ ⊓\⟩⊔↙

∈∀ T≀ ⌊⌉ ∫√⌉⌋⟩⊘⌋⇔ ↕⌉⊔ ⊔⟨⌉ √∇≀⌊⊣⌊⟩↕⟩⊔† ∫√⊣⌋⌉ ⟨W, F, p⟩ ⌋≀\∫⟩∫⊔ ≀{¬ W = {c1, c2, . . . , c_k} F = P(W) p : F → [0, 1], where W is the complete set of unique class identiαers in the taxonomy▷ F ⟩∫ ∫⟩⇕√↕† ⊔⟨⌉ ⇕⊣§⟩⇕⊣↕↕† ⊘\⌉↖ }∇⊣⟩\⌉⌈ ⌉⊑⌉\⊔ ∫√⊣⌋⌉ ⌊⊣∫⌉⌈ ≀\ ∫⊓⌋⟨ ⊣ ∫⊣⇕√↕⌉ ∫√⊣⌋⌉⇔ ⊣\⌈ √ ⟩∫ ⊣ √∇≀⌊⊣⌊⟩↕⟩⊔† {⊓\⌋⊔⟩≀\↙ T⟨⊓∫ ⊔⟨⌉ √∇≀⌊⊣⌊⟩↕⟩⊔† ∫√⊣⌋⌉ ⟨⌉∇⌉ ⟩∫ |⊓∫⊔ ↕⟩‖⌉ ⊔⟨⌉ ∫√⊣⌋⌉ {≀∇ ∇≀↕↕⟩\} ⊣ ⌈⟩⌉∅ ⟩\ ⊔⟨⟩∫ ⌋⊣∫⌉ ⟩⊔ |⊓∫⊔ ⟨⊣√√⌉\∫ ⊔⟨⊣⊔ ⊔⟨⌉ ⌈⟩⌉ ⟨⊣∫ k sides▷ Since real observations contain not class labels but words the frequency of a class c will be estimated as freq(c) = ∑ w∈words(c) 1 |classes(w)| {∇⌉∐(w). ↼2▷12↽ Whenever word w is observed credit must be assigned to some of the classes in the sample space▷ So for example if the actual observation is drink wine the frequency of cooccurrence with drink will be incremented for ⟨⊒⟩\⌉⇔∈▽̸′▽▽⟩⇔ ⟨⊣↕⌋≀⟨≀↕⟩⌋ ⌊⌉⊑⌉∇⊣}⌉⇔∈▽̸△∀′∀⟩⇔ ⟨⌊⌉⊑⌉∇⊣}⌉⇔∈▽̸∋△▽̸⟩⇔ ⊣\⌈ ⟨▽∃△∞⇔∫⊓⌊∫⊔⊣\⌋⌉⟩⇔ ⊣⇕≀\} ≀⊔⟨⌉∇∫↙ A⊔ ⊔⟨⌉ ⇕≀⇕⌉\⊔ ⊔⟨⌉† ⊣∇⌉ ⟩\⌋∇⌉⇕⌉\⊔⌉⌈ ⌊† ⌉∐⊓⊣↕ ⊣⇕≀⊓\⊔∫⇔ ∫≀⇕⌉⊔⟨⟩\} I ⊒⟩↕↕ ⌈⟩∫⌋⊓∫∫ {⊓∇⊔⟨⌉∇ ⟩\ ⌈⌉⊔⊣⟩↕ ⟩\ ⊣ ⇕≀⇕⌉\⊔↙ T⟨⌉∇⌉ ⊣∇⌉ ⇕⊣\† ⊒⊣†∫ ⊔≀ ⌉∫⊔⟩⇕⊣⊔⌉ ⌋↕⊣∫∫ √∇≀⌊⊣⌊⟩↕⟩⊔⟩⌉∫ p(c) on the basis of such a frequency distribution, of which the maximum likelihood estimate (MLE) is the simplest. Although there are known problems with maximum likelihood estimates of probability (see discussion in (Church and Gale, 19xx)), MLE seems a reasonable starting point, especially since one of its main problems Ð the assignment of zero probability to all unseen data Ð is in fact one of the problems this work is attempting to resolve. A similar point is made by Pereira et al. (1993), who write, łWe could [smooth zero frequencies] . . . However, this is not very satisfactory because one of the goals of our work is precisely to avoid the problems of data sparseness.ž Results obtained using MLE should be further improved by using improved probability estimates.20 The estimation of probabilities using MLE is straightforward: Ãp_{MLE}(c) = freq(c) N , ↼2▷13↽ where N = ∑ c^{0 freq}(c

′). The calculation of joint probabilities is similarly straightforward: if the sample contains co-occurrences (x, w), where x is an element of some set X ≀{ ⊔≀‖⌉\∫⇔ ≀\⌉ \⌉⌉⌈ ≀\↕† ∇⌉√↕⊣⌋⌉ ⌉∐⊓⊣⊔⟩≀\ ⇐∈↙∞∈⇒ ⊒⟩⊔⟨ {∇⌉∐(x, c) = ∑ w∈words(c) 1 |classes(w)| {∇⌉∐(x, w). ↼2▷14↽ For example such a sample might contain pairs consisting of a verb and its direct object in which case ψp_{MLE}(v, c) would represent the estimated probability of a member of c appearing as the direct object of v▷ Let us return to the fact that in equation ↼2▷12↽ the observation of a word w has an equal effect on every class to which w belongs▷ This is clearly an oversimpliαcation▷ However absent a solution to the problem of word sense disambiguation distributing the Ψcreditν for a word uniformly over its possible classes seems the most sensible solution▷ This bruteforce approach works because related words tend to be ambiguous in different ways▷ For example consider the observation of two verbobject combinations drink wine and drink water▷ On the basis 20In earlier work I used GoodTuring estimates rather than MLE, for discussion of this and further notes on probability estimation see Appendix A▷ of these observations the joint frequency will be incremented for each class containing wine in any sense � including for example ⟨⌋⟨∇≀⇕⊣⊔⟩⌋ ⌋≀↕≀∇⇔∞∃∈▽∋′⟩↙ S⟩⇕⟩↕⊣∇↕†⇔ ⊔⟨⌉ ∫⌉⌋≀\⌈ √⊣⟩∇ ⊒⟩↕↕ ⌊⌉ ∇⌉⌋≀∇⌈⌉⌈ ⊣∫ ⊣ ⌋≀↖≀⌋⌋⊓∇∇⌉\⌋⌉ ⌊⌉⊔⊒⌉⌉\ ⌈∇⟩\‖ ⊣\⌈ ⟩\⊣√√∇≀√∇⟩⊣⊔⌉ ⌋⊣⊔⌉}≀∇⟩‡⊣⊔⟩≀\∫ ∫⊓⌋⟨ ⊣∫ ⟨⌊≀⌈† ≀{ ⊒⊣⊔⌉∇⇔∈∃∃▽∋′⟩↙ H≀⊒⌉⊑⌉∇⇔ ⌉⊑⟩⌈⌉\⌋⌉ {≀∇ ⌋≀↖≀⌋⌋⊓∇∇⌉\⌋⌉ ⊒⟩↕↕ ⊣⌋⌋⊓⇕⊓↕⊣⊔⌉ ≀\↕† {≀∇ ⌋↕⊣∫∫⌉∫ ⌋≀\⊔⊣⟩\⟩\} ⌊≀⊔⟨ ⊒⊣⊔⌉∇ ⊣\⌈ ⊒⟩\⌉⇔ ∫⊓⌋⟨ ⊣∫ ⟨⌊⌉⊑⌉∇⊣}⌉⇔∈▽̸∋△▽̸⟩↙ T⟨⌉ ⌋⊓⇕⊓↕⊣⊔⟩⊑⌉ ⌉⊑⟩⌈⌉\⌋⌉ ⊔⟨⊓∫ ⊒⟩↕↕ ⊔⌉\⌈ ⊔≀ ∫⊓√√≀∇⊔ ⊣√√∇≀√∇⟩⊣⊔⌉ ⟩\⊔⌉∇√∇⌉⊔⊣⊔⟩≀\∫⇔ ⊣\⌈ ⌋≀⊓\⊔∫ ⊒⟩⊔⟨ ⟩\⊣√√∇≀√∇⟩⊣⊔⌉ ∫⌉\∫⌉∫ ⊒⟩↕↕ ⊣√√⌉⊣∇ ≀\↕† ⊣∫ ⊑⌉∇† ↕≀⊒ {∇⌉∐⊓⌉\⌋⟩⌉∫ ⌈⟩∫√⌉∇∫⌉⌈ ⊔⟨∇≀⊓}⟨≀⊓⊔ ⊔⟨⌉ ⊔⊣§≀\≀⇕†↙ A ∫⟩⇕⟩↕⊣∇ √≀⟩\⊔ ⟩∫ ⇕⊣⌈⌉ ⌊† Y⊣∇≀⊒∫‖† ⇐∞∃∃∈⇒⇔ ⌋≀⇕⇕⌉\⊔⟩\} ≀\ ⊔⟨⌉ ⌋⊣↕⌋⊓↕⊣⊔⟩≀\ ≀{ ∫⊔⊣⊔⟩∫⊔⟩⌋∫ ⊓∫⟩\} ⊔⟨⌉ \⊓⇕⌊⌉∇⌉⌈ ⌋⊣⊔⌉}≀∇⟩⌉∫ ⟩\ R≀}⌉⊔≃∫ T⟨⌉∫⊣⊓∇⊓∫¬ W⟨⟩↕⌉ ⊔⟨⌉ ↕⌉⊑⌉↕ ≀{ \≀⟩∫⌉ ⟩\⊔∇≀⌈⊓⌋⌉⌈ ⊔⟨∇≀⊓}⟨ √≀↕†∫⌉⇕† ⟩∫ ∫⊓⌊∫⊔⊣\⊔⟩⊣↕⇔ ⟩⊔ ⌋⊣\ ⊓∫⊓⊣↕↕† ⌊⌉ ⊔≀↕⌉∇⊣⊔⌉⌈ ⌊⌉⌋⊣⊓∫⌉ ⊔⟨⌉ ∫√⊓∇⟩≀⊓∫ ∫⌉\∫⌉∫ ⊣∇⌉ ⌈⟩∫⊔∇⟩⌊⊓⊔⌉⌈ ⊔⟨∇≀⊓}⟨ ⊔⟨⌉ ∞′△∞ ≀⊔⟨⌉∇ ⌋⊣⊔⌉}≀∇⟩⌉∫⇔ ⊒⟨⌉∇⌉⊣∫ ⊔⟨⌉ ∫⟩}\⊣↕ ⟩∫ ⌋≀\⌋⌉\⊔∇⊣⊔⌉⌈ ⟩\ |⊓∫⊔ ≀\⌉↙ ⇐√↙ △▽▽⇒ G⟩⊑⌉\ ⊔⟨⌉ ⇕⊓⌋⟨ ↕⊣∇}⌉∇ ∫⌉⊔ ≀{ ⌋⊣⊔⌉}≀∇⟩⌉∫ ⟩\ W≀∇⌈N⌉⊔⇔ ⊔⟨⌉ ⌈⟩∫√⌉∇∫⊣↕ ≀{ ⟩\⊣√√∇≀√∇⟩⊣⊔⌉ ∫⌉\∫⌉∫ ∫⟨≀⊓↕⌈ ⌊⌉ ⌉⊑⌉\ ⇕≀∇⌉ ⌉{{⌉⌋⊔⟩⊑⌉↙ H≀⊒⌉⊑⌉∇⇔ ⊓∫⟩\} ⌋↕⊣∫∫⌉∫ ⊣⊔ ⊣↕↕ ↕⌉⊑⌉↕∫ ≀{ ⊔⟨⌉ W≀∇⌈N⌉⊔ ⊔⊣§≀\≀⇕† ⟨⊣∫ ⟩⊔∫ ⌈⟩∫⊣⌈⊑⊣\⊔⊣}⌉∫⇔ ∇⌉↕⊣⊔⟩⊑⌉ ⊔≀ ⊔⟨⌉ ⊙⊣⊔ ∫⌉⊔ ≀{ R≀}⌉⊔≃∫ ⌋⊣⊔⌉}≀∇⟩⌉∫ ⊓∫⌉⌈ ⌊† Y⊣∇≀⊒∫‖†¬ ⌋↕⊣∫∫⌉∫ ↕≀⊒ ⟩\ ⊔⟨⌉ ⊔⊣§≀\≀⇕† ⊣⌋⌋⊓⇕⊓↕⊣⊔⌉ ↕⌉∫∫ ⌉⊑⟩⌈⌉\⌋⌉ ⊔⟨⊣\ ⌋↕⊣∫∫⌉∫ ⟨⟩}⟨⌉∇ ⊓√↙ A∫ ⊣ ∇⌉∫⊓↕⊔⇔ ⊣⇕≀\} ∫⇕⊣↕↕ ⌋↕⊣∫∫⌉∫ ⟩⊔ ⌋⊣\ ⌊⌉ ⇕≀∇⌉ ⌈⟩{⊘⌋⊓↕⊔ ⌈⟩∫⊔⟩\}⊓⟩∫⟨ ⊒⟨⟩⌋⟨ ⌋≀∇∇⌉↕⊣⊔⟩≀\∫ ⊣∇⌉ ∫⟩}\⊣↕ ⊣\⌈ ⊒⟨⟩⌋⟨ ⊣∇⌉ \≀⟩∫⌉↙ F≀∇ ⌉§⊣⇕√↕⌉⇔ }⟩⊑⌉\ \⊓⇕⌉∇≀⊓∫ ≀⌊∫⌉∇⊑⊣⊔⟩≀\∫ ≀{ ⊑⌉∇⌊ ⌊↕≀⊒ ⊒⟩⊔⟨ ≀⌊|⌉⌋⊔ \≀∫⌉⇔ ⊔⟨⌉∇⌉ ⟩∫ \≀⊔ ⌉\≀⊓}⟨ ⊣⌋⌋⊓⇕⊓↕⊣⊔⟩≀\ ≀{ ⌉⊑⟩⌈⌉\⌋⌉ ⊔≀ ⌈⌉⊔⌉∇⇕⟩\⌉ ⊔⟨⊣⊔ ⊔⟨⌉ ⟨⟩}⟨ {∇⌉∐⊓⌉\⌋† ⊒⟩⊔⟨ ⟨\≀∫⌉⇔∈′∀∀′∋∈⟩ ⇐⊔⟨⌉ ⌊≀⌈† √⊣∇⊔⇒ ⟩∫ ⊣√√∇≀√∇⟩⊣⊔⌉ ⌊⊓⊔ ⊔⟨⌉ ⟨⟩}⟨ {∇⌉∐⊓⌉\⌋† {≀∇ ⟨\≀∫⌉⇔∞∞∈∋∈′⟩ ⇐⌉↙}↙ ⊔⟨⌉ {∇≀\⊔ √⊣∇⊔ ≀{ ⊣\ ⊣⟩∇⌋∇⊣{⊔⇒ ⟩∫ \≀⊔↙

∈↙△↙∋ C≀⇕√⊣∇⟩∫≀\ ⊒⟩⊔⟨ ⌈⟩∫⊔∇⟩⌊⊓⊔⟩≀\⊣↕ ⇕⌉⊔⟨≀⌈∫ T⟨⌉ {≀↕↕≀⊒⟩\} ⌈⟩∫⌋⊓∫∫⟩≀\ ⟩∫ ≀∇}⊣\⟩‡⌉⌈ ⊣∇≀⊓\⌈ ∫⌉⊑⌉∇⊣↕ ≀{ ⊔⟨⌉ ⟩∫∫⊓⌉∫ ⊔⟨⊣⊔ ⟨⊣⊑⌉ ⌊⌉⌉\ ∇⊣⟩∫⌉⌈ ⟩\ ⊔⟨⟩∫ ∫⌉⌋⊔⟩≀\↙

S√⊣∇∫⌉\⌉∫∫↙ K\≀⊒↕⌉⌈}⌉↖⌊⊣∫⌉⌈ ⊔⊣§≀\≀⇕⟩⌉∫ ⊣\⌈ ⌈⟩∫⊔∇⟩⌊⊓⊔⟩≀\⊣↕ ⇕⌉⊔⟨≀⌈∫ ⌊≀⊔⟨ ⊣⌈⌈∇⌉∫∫ ⊔⟨⌉ √∇≀⌊↕⌉⇕ ≀{ ∫√⊣∇∫⌉ ⌈⊣⊔⊣↙ K\≀⊒↕⌉⌈}⌉↖⌊⊣∫⌉⌈ ⇕⌉⊔⟨≀⌈∫ ⟨⊣⊑⌉ ⊔⟨⌉ ⊣⌈⊑⊣\⊔⊣}⌉ ≀{ ⌋↕⊣∫∫⟩{†⟩\} ⊒≀∇⌈∫ ⊔⟨⊣⊔ ⟨⊣⊑⌉ \≀⊔ ⌊⌉⌉\ ⌉\⌋≀⊓\⊔⌉∇⌉⌈ ⊣⊔ ⊣↕↕⇔ ≀∇ ⊒≀∇⌈∫ ⊔⟨⊣⊔ ⊣∇⌉ ⌈⟩{⊘⌋⊓↕⊔ ⊔≀ ⌋↕⊣∫∫⟩{† ⌈⟩∫⊔∇⟩⌊⊓⊔⟩≀\⊣↕↕† ≀⊒⟩\} ⊔≀ ↕⊣⌋‖ ≀{ ⌉⊑⟩⌈⌉\⌋⌉↙ H≀⊒⌉⊑⌉∇⇔ ⌉⊑⌉∇† ⌈⟩⌋⊔⟩≀\⊣∇† ⟨⊣∫ }⊣√∫⇔ ⊣\⌈ ⊓\↕⟩‖⌉ ⌈⟩∫⊔∇⟩⌊⊓⊔⟩≀\⊣↕ ⇕⌉⊔⟨≀⌈∫⇔ ‖\≀⊒↕⌉⌈}⌉↖⌊⊣∫⌉⌈ ⊔⊣§≀\≀⇕⟩⌉∫ ⊣∇⌉ \≀⊔ ⊒⌉↕↕↖∫⊓⟩⊔⌉⌈ ⊔≀ ‖⌉⌉√⟩\} ⊓√ ⊒⟩⊔⟨ ⌋⟨⊣\}⟩\} ⊔⌉∇⇕⟩\≀↕≀}†⇔ √∇≀√⌉∇ \⊣⇕⌉∫⇔ ⊣\⌈ √∇≀⌈⊓⌋⊔⟩⊑⌉ ⊑⊣∇⟩⊣⊔⟩≀\∫ ⟩\ ⊓∫⊣}⌉↙ H⌉⊣∇∫⊔ ⊣\⌈ S⌋⟨ �⊓⊔‡⌉ ⇐∞∃∃∋⇒ √∇⌉∫⌉\⊔ ⊣ √∇≀⇕⟩∫⟩\} ⊣√√∇≀⊣⌋⟨ ⊔≀ ⊔⟨⟩∫ √∇≀⌊↕⌉⇕∅ ⊔⟨⌉⟩∇ ⊒≀∇‖ ∫⊓}}⌉∫⊔∫ ⊔⟨⊣⊔ ⌈⟩∫⊔∇⟩⌊⊓⊔⟩≀\⊣↕ ⇕⌉⊔⟨≀⌈∫ ⌋⊣\ ⌊⌉ ⊓∫⌉⌈ ⊔≀ ⌋↕⊣∫∫⟩{† \⌉⊒ ⊒≀∇⌈∫ ⊣\⌈ √∇≀√⌉∇ \⊣⇕⌉∫ ⊒⟩⊔⟨⟩\ ⊔⟨⌉ W≀∇⌈N⌉⊔ ⊔⊣§≀\≀⇕†↙

A⌊∫⊔∇⊣⌋⊔⟩≀\↙ T⊣§≀\≀⇕⟩⌉∫ ≀{ ⊔⟨⌉ ‖⟩\⌈ ⌈⌉⊘\⌉⌈ ⟩\ S⌉⌋⊔⟩≀\ ∈↙△↙∞ √∇≀⊑⟩⌈⌉ ⊣ ∇⟩⌋⟨ ∫≀⊓∇⌋⌉ ≀{ ⟩\{≀∇⇕⊣⊔⟩≀\ ⊣⌊≀⊓⊔ ↕⌉§⟩⌋⊣↕ ⟩⊔⌉⇕∫⇔ ⌉§√∇⌉∫∫⌉⌈ ⊣⊔ ⊣ ↕⌉⊑⌉↕ ≀{ ⊣⌊∫⊔∇⊣⌋⊔⟩≀\ ⊔⟨⊣⊔ ∫⌉⌉⇕∫ ∫⊓⟩⊔⊣⌊↕⌉ {≀∇ ⌋⊣√⊔⊓∇⟩\} ⌋≀\⌋⌉√⊔⊓⊣↕ ⟩\ ⊣⌈⌈⟩⊔⟩≀\ ⊔≀ ∫⟩⇕√↕† ↕⌉§⟩⌋⊣↕ ⟩\{≀∇⇕⊣⊔⟩≀\↙ H≀⊒⌉⊑⌉∇⇔ ∫≀⇕⌉ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√∫ ⇕⊣† ⌊⌉ ⇕≀∇⌉ }⌉\⊓⟩\⌉↕† ↕⌉§⟩⌋⊣↕ ⊔⟨⊣\ ⌋≀\⌋⌉√⊔⊓⊣↕ � {≀∇ ⌉§⊣⇕√↕⌉⇔ ⇐S⇕⊣⌈|⊣⇔ ∞∃∃∞⇒ ⊣∇}⊓⌉∫ ⊔⟨⊣⊔ ⊔⟨⌉ ⌈⟩∫⊔⟩\⌋⊔⟩≀\ ⌊⌉⊔⊒⌉⌉\ ∫⊔∇≀\} ⊔⌉⊣ ⊣\⌈ √≀⊒⌉∇{⊓↕ ⊔⌉⊣ ⌋⊣\\≀⊔ ⌊⌉ ⊣⌋⌋≀⊓\⊔⌉⌈ {≀∇ ≀\ √⊓∇⌉↕† ∫†\⊔⊣⌋⊔⟩⌋ ≀∇ ∫⌉⇕⊣\⊔⟩⌋ }∇≀⊓\⌈∫⇔ ⊣\⌈ ⊔⟨⊓∫ ∫⟨≀⊓↕⌈ ⌊⌉ ⌋≀\∫⟩⌈⌉∇⌉⌈ ⊣\ ⟩\∫⊔⊣\⌋⌉ ≀{ ↕⌉§⟩⌋⊣↕ ⟩⌈⟩≀∫†\⌋∇⊣⌋†↙ C⊣√⊔⊓∇⟩\} ∫⊓⌋⟨ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√∫ ⇕⊣† ⌊⌉ ⇕≀∇⌉ ⌈⟩{⊘⌋⊓↕⊔ ⊓∫⟩\} ⊣ ⊔⊣§≀\≀⇕† ↕⟩‖⌉ W≀∇⌈N⌉⊔ ⊣∫ ⊣\ ⟩\⊔⌉∇⇕⌉⌈⟩⊣∇†↙ T⟨⌉∇⌉{≀∇⌉⇔ ⌋≀\∫⟩∫⊔⌉\⊔ ⊒⟩⊔⟨ ⊔⟨⌉ ⊣√√∇≀⊣⌋⟨ ⊔⊣‖⌉\ ⌊† H⌉⊣∇∫⊔ ⊣\⌈ S⌋⟨�⊓⊔‡⌉⇔ ⊔⟨⌉ ⊓∫⌉ ≀{ ⊣ ⊒≀∇⌈ ∫⌉\∫⌉ ⊔⊣§≀\≀⇕† ∫⟨≀⊓↕⌈ ⌊⌉ ⊑⟩⌉⊒⌉⌈ ⊣∫ ⊣ ⊒⊣† ⊔≀ ⌉§⊔⌉\⌈⇔ \≀⊔ ∇⌉√↕⊣⌋⌉⇔ √⊓∇⌉↕† ↕⌉§⟩⌋⊣↕ ⇕⌉⊔⟨≀⌈∫↙∈∞ ∈∞O\⌉ ⌋≀⊓↕⌈ ⊣∇}⊓⌉ ⊔⟨⊣⊔ ∫≀⇕⌉ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√∫ ∫⌉⌉⇕ ⊖√⊓∇⌉↕†⪰ ↕⌉§⟩⌋⊣↕ ∫⟩⇕√↕† ⌊⌉⌋⊣⊓∫⌉⊔⟨⌉ ⊣√√∇≀√∇⟩⊣⊔⌉∫†\⊔⊣⌋⊔⟩⌋ ≀∇ ∫⌉⇕⊣\⊔⟩⌋ ⌋⟨⊣∇⊣⌋⊔⌉∇⟩‡⊣⊔⟩≀\ ⟨⊣∫ \≀⊔ †⌉⊔ ⌊⌉⌉\ {≀⊓\⌈ � {≀∇ ⌉§⊣⇕√↕⌉⇔ P⊣⊔∇⟩⌋‖ H⊣\‖∫ ⟨⊣∫ ⌋≀\|⌉⌋⊔⊓∇⌉⌈ ⊔⟨⊣⊔ ∫⊔∇≀\} ⌈⌉∫⌋∇⟩⌊⌉∫ ⊣\ ⟩\⊔∇⟩\∫⟩⌋ √∇≀√⌉∇⊔† ⊒⟨⌉∇⌉⊣∫ √≀⊒⌉∇{⊓↕

∋′ C≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ ⌉§√⌉\∫⌉↙ T⟨⌉ ⌈⟩∫⊔∇⟩⌊⊓⊔⟩≀\⊣↕ ⌈⌉∇⟩⊑⊣⊔⟩≀\ ≀{ ⌋↕⊣∫∫⌉∫ ⌋↕⌉⊣∇↕† ⌉\⊔⊣⟩↕∫ ⊣ }∇⌉⊣⊔ ⌈⌉⊣↕ ≀{ ⌋≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ ⌉§√⌉\∫⌉↙ S⊓⌋⟨ ⌉§√⌉\∫⌉ ⌋⊣\ ⌊⌉ |⊓∫⊔⟩⊘⌉⌈ ≀\ ⊔⟨⌉ }∇≀⊓\⌈∫ ⊔⟨⊣⊔ ⊔⟨⌉ ⌋≀∫⊔ ⊒⟩↕↕ ⊑⊣\⟩∫⟨ ⟩\ ⊔⟨⌉ ↕⟩⇕⟩⊔ ⊣∫ ⌋≀⇕√⊓⊔⌉∇∫ ⌊⌉⌋≀⇕⌉ ⇕≀∇⌉ ⊣\⌈ ⇕≀∇⌉ √≀⊒⌉∇{⊓↕∅ ⟨≀⊒⌉⊑⌉∇⇔ ⊔⟨⌉ ∫⟨⌉⌉∇ ⌋≀⇕⌊⟩\⊣⊔≀∇⟩⌋∫ ≀{ ↕⌉§⟩⌋⊣↕ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√∫ ∫⊓}}⌉∫⊔∫ ⊔⟨⊣⊔ ∫≀⇕⌉ {≀∇⇕∫ ≀{ ⌈⟩∫⊔∇⟩⌊⊓⊔⟩≀\⊣↕ ⊣\⊣↕†∫⟩∫ ⇕⊣† \⌉⊑⌉∇ ⌊⌉ ⊔∇⊣⌋⊔⊣⌊↕⌉↙ F≀∇ ⊔⟨⌉ ⊔⟩⇕⌉ ⌊⌉⟩\}⇔ ⌉⊑⌉\ ⟨⟩}⟨↕† ≀√⊔⟩⇕⟩‡⌉⌈ ⊣↕}≀∇⟩⊔⟨⇕∫⇔ ∫⊓⌋⟨ ⊣∫ ⊔⟨≀∫⌉ √∇⌉∫⌉\⊔⌉⌈ ⌊† ⇐B∇≀⊒\ ⌉⊔ ⊣↕↙⇔ ∞∃∃∈⇒⇔ ∇⌉∐⊓⟩∇⌉ ⊣ }∇⌉⊣⊔ ⌈⌉⊣↕ ≀{ ⌋≀⇕√⊓⊔⊣⊔⟩≀\↙ O\ ⊔⟨⌉ ≀⊔⟨⌉∇ ⟨⊣\⌈⇔ ⌈⟩⌋⊔⟩≀\⊣∇† ⌊⊓⟩↕⌈⟩\} ∇⌉∐⊓⟩∇⌉∫ ⊣\ ⌉\≀∇⇕≀⊓∫ ⊣⇕≀⊓\⊔ ≀{ ⌉{{≀∇⊔ � ⊒≀∇‖ ⊓\⌈⌉∇⊔⊣‖⌉\ ⌊† √⌉≀√↕⌉⇔ \≀⊔ ⇕⊣⌋⟨⟩\⌉∫↙ A↕⊔⟨≀⊓}⟨ ⟩⊔ ⟩∫ ⟩\⌋∇⌉⊣∫⟩\}↕† √≀∫∫⟩⌊↕⌉ ⊔≀ ⊔⊣‖⌉ ⊣⌈⊑⊣\⊔⊣}⌉ ≀{ ⌉§⟩∫⊔⟩\} ⌈⟩⌋⊔⟩≀\⊣∇† ∇⌉∫≀⊓∇⌋⌉∫ ⊔⟨⊣⊔ ⊣√√⌉⊣∇ ⟩\ ⇕⊣⌋⟨⟩\⌉↖∇⌉⊣⌈⊣⌊↕⌉ {≀∇⇕⇔ ⊔⟨⌉ ⌉§⊔∇⊣⌋⊔⟩≀\ ≀{ ⊓∫⌉{⊓↕ ⟩\{≀∇⇕⊣⊔⟩≀\ {∇≀⇕ ∫⊓⌋⟨ ∫≀⊓∇⌋⌉∫ � {≀∇ ⌉§⊣⇕√↕⌉⇔ ⌊† √⊣∇∫⟩\} ⌈⟩⌋⊔⟩≀\⊣∇† ⌉\⊔∇⟩⌉∫ � ⌋⊣\ ⟩⊔∫⌉↕{ ∇⌉∐⊓⟩∇⌉ ∫⟩}\⟩⊘⌋⊣\⊔ ⌋≀⇕√⊓⊔⊣⊔⟩≀\↙ M≀∇⌉≀⊑⌉∇⇔ ⊔⟨⌉∇⌉ ⟩∫ \≀ }⊓⊣∇⊣\⊔⌉⌉ ⊔⟨⊣⊔ ⌉§⟩∫⊔⟩\} ∫≀⊓∇⌋⌉∫ ≀{ ⟩\{≀∇⇕⊣⊔⟩≀\⇔ ⌋≀\∫⊔∇⊓⌋⊔⌉⌈ ⊣∫ ⊔⟨⌉† ⊣∇⌉ {≀∇ ≀⊔⟨⌉∇ √⊓∇√≀∫⌉∫⇔ ⌋⊣\ ⌊⌉ ⊓∫⌉⌈ {≀∇ ⌋≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ √⊓∇√≀∫⌉∫ ⊒⟩⊔⟨≀⊓⊔ ∫⊓⌊∫⊔⊣\⊔⟩⊣↕ ⇕≀⌈⟩⊘⌋⊣⊔⟩≀\⇔ ⟩{ ⊣⊔ ⊣↕↕↙ P⌉∇⟨⊣√∫ ⊣ ⇕≀∇⌉ ⟩\⊔⌉∇⌉∫⊔⟩\} ⟩∫∫⊓⌉ ⟩∫ ⊔⟨⌉ ⌋≀∫⊔ ≀{ ‖⌉⌉√⟩\} ⊓√ ⊒⟩⊔⟨ ↕⊣\}⊓⊣}⌉ ⊓∫⌉ ⊣∫ ⟩⊔ ⌋⟨⊣\}⌉∫ ≀⊑⌉∇ ⊔⟩⇕⌉↙ M≀∫⊔ ⌈⟩∫⊔∇⟩⌊⊓⊔⟩≀\⊣↕ ⇕⌉⊔⟨≀⌈∫ ⟩\⊑≀↕⊑⌉ }↕≀⌊⊣↕ ⌋≀⇕√⊓⊔⊣⊔⟩≀\∫⇔ ∇⌉∐⊓⟩∇⟩\} ⊣ ⌋≀⇕√↕⌉⊔⌉ ∇⌉⌋≀⇕√⊓⊔⊣⊔⟩≀\ ≀{ ⊔⟨⌉ ⇕≀⌈⌉↕ ⌉⊑⌉\ ⟩{ ⊔⟨⌉ \⌉⊒ ⊑⌉∇∫⟩≀\ ⊒⟩↕↕ ⌈⟩{{⌉∇ ∫⟩}\⟩⊘⌋⊣\⊔↕† {∇≀⇕ ⊔⟨⌉ ≀↕⌈ ≀\↕† ⟩\ ⊣ ∫⇕⊣↕↕ {∇⊣⌋⊔⟩≀\ ≀{ ⌋⊣∫⌉∫↙ I\ ⌋≀\⊔∇⊣∫⊔⇔ ≀\↖↕⟩\⌉ ‖\≀⊒↕⌉⌈}⌉ ∫≀⊓∇⌋⌉∫ ⌋⊣\ ⌊⌉ ⇕≀⌈⟩⊘⌉⌈ ⟩\⌋∇⌉⇕⌉\⊔⊣↕↕† ⊒⟩⊔⟨≀⊓⊔ ⊣{{⌉⌋⊔⟩\} ⌋≀∇⌉ ⟩\{≀∇⇕⊣⊔⟩≀\ ⊔⟨⊣⊔ ⟩∫ ∇⌉⊔⊣⟩\⌉⌈ ≀⊑⌉∇ ⊔⟩⇕⌉↙

C↕⊣∫∫ ⟩⌈⌉\⊔⟩⊘⌉∇∫↙ T⟨⌉∇⌉ ⊣∇⌉ ⊔⊒≀ ∇⌉⊣∫≀\∫ {≀∇ ⊣∫∫≀⌋⟩⊣⊔⟩\} ∫†⇕⌊≀↕⟩⌋ ⌈⌉∫⌋∇⟩√⊔⟩≀\∫ ⊒⟩⊔⟨ ⊒≀∇⌈ ⌋↕⊣∫∫⌉∫¬ ⟨⊓⇕⊣\ ∇⌉⊣⌈⊣⌊⟩↕⟩⊔†⇔ ⊣\⌈ ⟩\⊔⌉}∇⊣⊔⟩≀\ ⊒⟩⊔⟨ ≀⊔⟨⌉∇ ∫†⇕⌊≀↕↖⌊⊣∫⌉⌈ ∫†∫⊔⌉⇕ ⌋≀⇕√≀\⌉\⊔∫↙ T≀ ∫≀⇕⌉ ⌉§⊔⌉\⊔⇔ W≀∇⌈N⌉⊔ ⌋≀⇕⌉∫ ⊒⟩⊔⟨ ⟨⊓⇕⊣\↖∇⌉⊣⌈⊣⌊↕⌉ ⌋↕⊣∫∫ ↕⊣⌊⌉↕∫ ⌊⊓⟩↕⊔ ⟩\ � ⊔⟨⟩∫ √∇≀√⌉∇⊔† ⊒⟩↕↕ ⌊⌉ ∫⟨⊣∇⌉⌈ ⌊† ⊣\† ‖\≀⊒↕⌉⌈}⌉ ⌊⊣∫⌉ ⌋≀\∫⊔∇⊓⌋⊔⌉⌈ ⊣⌋⌋≀∇⌈⟩\} ⊔≀ ⊒⟨⊣⊔ M⟩↕↕⌉∇ ⊔⌉∇⇕∫ ⊣ ⌈⟩{{⌉∇⌉\⊔⟩⊣↕ ⊔⟨⌉≀∇† ≀{ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\ ⇐∫⌉⌉ ⌈⟩∫⌋⊓∫∫⟩≀\ ⟩\ S⌉⌋⊔⟩≀\ ∈↙△↙∞⇒↙∈∈ D⟩∫⊔∇⟩⌊⊓⊔⟩≀\⊣↕↕†↖⌈⌉∇⟩⊑⌉⌈ ⌋↕⊣∫∫⌉∫ ⇕⊣† ≀∇ ⇕⊣† \≀⊔ ⌊⌉ ∫⟩⇕⟩↕⊣∇↕† ⟩\⊔⌉∇√∇⌉⊔⊣⌊↕⌉∅ {≀∇ ⌉§⊣⇕√↕⌉⇔ ∫⟨≀⊒⟩\} ⊔⟨⌉ ⊔⟨∇⌉⌉ ≀∇ {≀⊓∇ ⊒≀∇⌈∫ ⌋↕≀∫⌉∫⊔ ⊔≀ ⊔⟨⌉ ⌋↕⊓∫⊔⌉∇ ⌋⌉\⊔∇≀⟩⌈⇔ ⊣∫ ⌈≀\⌉ ⌊† P⌉∇⌉⟩∇⊣ ⌉⊔ ⊣↕↙ ⇐∞∃∃∋⇒⇔ ↕⌉⊣⌈∫ ⊔≀ ∫≀⇕⌉ ⌉⊣∫† ⟩\⊔⌉∇√∇⌉⊔⊣⊔⟩≀\∫ ⇐⌉↙}↙ ⊔⟨⌉ ⌋⌉\⊔∇≀⟩⌈ {≀∇ ∇⌉⌋≀}\⟩⊔⟩≀\⇔ ⊣⌋⌋↕⊣⟩⇕⇔ ∇⌉\≀⊒\⇔ ⊣\⌈ \≀⇕⟩\⊣⊔⟩≀\⇒ ⊣\⌈ ∫≀⇕⌉ ⊔⟨⊣⊔ ⊣∇⌉ ∇⊣⊔⟨⌉∇ ⇕≀∇⌉ ≀√⊣∐⊓⌉ ⇐⌉↙}↙ √≀↕↕⊓⊔⟩≀\⇔ {⊣⟩↕⊓∇⌉⇔ ⟩\⌋∇⌉⊣∫⌉⇔ ⊣\⌈ ⟩\{⌉⌋⊔⟩≀\⇒↙ S†⇕⌊≀↕⟩⌋ ⌋↕⊣∫∫ ↕⊣⌊⌉↕∫ ⌋⊣\ ⊣↕∫≀ ⌊⌉ \⌉⌋⌉∫∫⊣∇† ⟩\ ≀∇⌈⌉∇ ⊔≀ ⟩\⊔⌉}∇⊣⊔⌉ ⊒≀∇⌈ ⌋↕⊣∫∫⌉∫ ⊒⟩⊔⟨ ≀⊔⟨⌉∇ ⌋≀⇕√≀\⌉\⊔∫ ≀{ ⊣ ↕⊣\}⊓⊣}⌉↖√∇≀⌋⌉∫∫⟩\} ∫†∫⊔⌉⇕ � {≀∇ ⌉§⊣⇕√↕⌉⇔ ≀\⌋⌉ ⊣ ∫⌉\∫⌉ ⌈⟩∫⊣⇕⌊⟩}⊓⊣⊔⟩≀\ ⊣↕}≀∇⟩⊔⟨⇕ ⟨⊣∫ ∫⌉↕⌉⌋⊔⌉⌈ ⊔⟨⌉ ⇕≀∫⊔ ↕⟩‖⌉↕† ⌋⊣⊔⌉}≀∇† {≀∇ ⊣ ⊒≀∇⌈ ⟩\ ⌋≀\⊔⌉§⊔⇔ ⊔⟨⌉ ∇⌉∫⊔ ≀{ ⊣ ↕⊣\}⊓⊣}⌉↖√∇≀⌋⌉∫∫⟩\} ∫†∫⊔⌉⇕ ⊒⟩↕↕ \⌉⌉⌈ ⊔≀ ⇕⊣‖⌉ ⊓∫⌉ ≀{ ≀⊔⟨⌉∇ ⟩\{≀∇⇕⊣⊔⟩≀\ ⟩\⌈⌉§⌉⌈ ⌊† ⊔⟨⊣⊔ ⌋⊣⊔⌉}≀∇†↙ S⊓⌋⟨ ⊣\ ⟩\⊔⌉}∇⊣⊔⟩≀\ ⇕⊣† ⌊⌉ ⇕≀∇⌉ ⌈⟩{⊘⌋⊓↕⊔ ⊒⟨⌉\ ⊔⟨⌉ ≀\↕† ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\ ≀{ ⌋↕⊣∫∫⌉∫ ⟩∫ ⌉§⊔⌉\∫⟩≀\⊣↕↙ O\ ⊔⟨⌉ ≀⊔⟨⌉∇ ⟨⊣\⌈⇔ ⌋↕⊣∫∫ ↕⊣⌊⌉↕∫ ⊣↕≀\⌉ ⌈≀ \≀⊔ ∫⊓{⊘⌋⌉¬ ⟩⊔ ⟩∫ ⊣↕∫≀ \⌉⌋⌉∫∫⊣∇† ⊔≀ ⌈⌉⊘\⌉ ⊣ ⇕⊣√√⟩\} ⌊⌉⊔⊒⌉⌉\ ⊔⟨⌉ ∫⌉⊔ ≀{ ⌋↕⊣∫∫ ↕⊣⌊⌉↕∫ ⊣\⌈ ⊔⟨⌉ ∫⌉⊔ ≀{ ∫†⇕⌊≀↕∫ ⊓∫⌉⌈ ⌊† ≀⊔⟨⌉∇ ⌋≀⇕√≀\⌉\⊔∫ ≀{ ⊔⟨⌉ ∫†∫⊔⌉⇕↙ A⊔ ≀\⌉ ⌉§⊔∇⌉⇕⌉⇔ ⊔⟨⌉ ≀⊔⟨⌉∇ ⌋≀⇕√≀\⌉\⊔∫ ⊓∫⌉ ⊔⟨⌉ ⌋↕⊣∫∫ ⊔⊣§≀\≀⇕† ⊣∫ ⊣ ∇⌉{⌉∇⌉\⌋⌉ √≀⟩\⊔ ⊣\⌈ ⊔⟨⟩∫ ⊔⊣∫‖ ⟩∫ ⊔∇⟩⊑⟩⊣↕∅ ⊣⊔ ⊔⟨⌉ ≀⊔⟨⌉∇ ⌉§⊔∇⌉⇕⌉⇔ ⊔⟨⌉ ≀⊔⟨⌉∇ ⌋≀⇕√≀\⌉\⊔∫ ⟨⊣⊑⌉ ⊔⟨⌉⟩∇ ≀⊒\ ⌈⟩∫⊔⟩\⌋⊔ ⌋⟨⊣∇⊣⌋⊔⌉∇⟩‡⊣⊔⟩≀\ ≀{ ⊒≀∇⌈ ⌋⊣⊔⌉}≀∇⟩‡⊣⊔⟩≀\ ⊣\⌈ ⊔⟨⌉ √∇≀⌊↕⌉⇕ ⌉{{⌉⌋⊔⟩⊑⌉↕† ⌊⌉⌋≀⇕⌉∫ ≀\⌉ ≀{ ⇕⌉∇}⟩\} ≀\⊔≀↕≀}⟩⌉∫ ⇐K\⟩}⟨⊔⇔ ∞∃∃∋⇒↙ I\ ∫≀⇕⌉ ⌋⊣∫⌉∫⇔ \⌉⟩⊔⟨⌉∇ ⟨⊓⇕⊣\ ∇⌉⊣⌈⊣⌊⟩↕⟩⊔† \≀∇ ∫†∫⊔⌉⇕ ⟩\⊔⌉}∇⊣⊔⟩≀\ ⟩∫ ⊣\ ⟩∫∫⊓⌉ ⊣\⌈ ⊒≀∇⌈ ⌉∐⊓⟩⊑⊣↕⌉\⌋⌉ ⌋↕⊣∫∫⌉∫ ⌋⊣\ ⌊⌉ ⊓∫⌉⌈ ⊣∫ ∫⊓⌋⟨ ⊒⟩⊔⟨≀⊓⊔ {⊓∇⊔⟨⌉∇ ⟩\⊔⌉∇√∇⌉⊔⊣⊔⟩≀\↙ T⟨⟩∫ ⟩∫ ⇕≀∫⊔ \≀⊔⊣⌊↕† ⊔⟨⌉ ⌋⊣∫⌉ {≀∇ ⌋↕⊣∫∫↖⌊⊣∫⌉⌈ ↕⊣\}⊓⊣}⌉ ⇕≀⌈⌉↕∫ � ⊣↕⊔⟨≀⊓}⟨ ⌉⊑⌉\ ⟩\ ∫⊓⌋⟨ ⌋⊣∫⌉∫ ⊔⟨⌉ ⊣⌊⟩↕⟩⊔† ⊔≀ ⌈⌉∫⌋∇⟩⌊⌉ ⌋↕⊣∫∫⌉∫ ⌋≀\⌋⟩∫⌉↕† ⇕⊣† ⟨⌉↕√⇔ {≀∇ ⌉§⊣⇕√↕⌉ ⟩\ ⟩\⊔⌉∇√∇⌉⊔⟩\} ⊒⟨⊣⊔ ⌉§⊣⌋⊔↕† ⊔⟨⌉ ↕⊣\}⊓⊣}⌉ ⇕≀⌈⌉↕ ⟨⊣∫ ⌈≀\⌉ ⊒⟨⌉\ ⟩⊔ ⇕⊣‖⌉∫ ⊣\ ⌉∇∇≀∇↙ ⌈⌉∫⌋∇⟩⌊⌉∫ ⊣\ ⌉§⊔∇⟩\∫⟩⌋ √∇≀√⌉∇⊔† ⇐C⟨⊓∇⌋⟨ ⊣\⌈ M⌉∇⌋⌉∇⇔ ∞∃∃∋⇔ √↙ ∈′⇒↙ T⟨⟩∫ ⟩∫∫⊓⌉ ⟩∫ \≀⊔ ↕⟩‖⌉↕† ⊔≀ ⌊⌉ ∇⌉∫≀↕⊑⌉⌈ ⊣\† ⊔⟩⇕⌉ ∫≀≀\⇔ }⟩⊑⌉\ ≀⊓∇ ⌋⊓∇∇⌉\⊔ ↕⟩⇕⟩⊔⌉⌈ ⊓\⌈⌉∇∫⊔⊣\⌈⟩\} ≀{ ↕⌉§⟩⌋⊣↕ ∫⌉⇕⊣\⊔⟩⌋∫⇔ ∫≀ ⇕⊣⟩\⊔⊣⟩\⟩\} S⇕⊣⌈|⊣≃∫ ⌈⟩∫⊔⟩\⌋⊔⟩≀\ ∫⌉⌉⇕∫ ∇⌉⊣∫≀\⊣⌊↕⌉↙ ∈∈E⊑⌉\ W≀∇⌈N⌉⊔ ⟨⊣∫ ⌉§⌋⌉√⊔⟩≀\∫⇔ ≀{ ⌋≀⊓∇∫⌉∅ {≀∇ ⌉§⊣⇕√↕⌉⇔ ∫†\≀\†⇕ ∫⌉⊔∫ ⌋≀\⊔⊣⟩\⟩\} ≀\↕† ⊣ ∫⟩\}↕⌉ ∫†\≀\†⇕↙ P⌉⊔⌉∇ N≀∇⊑⟩} ⇐√⌉∇∫≀\⊣↕ ⌋≀⇕⇕⊓\⟩⌋⊣⊔⟩≀\⇒ ⟨⊣∫ ⌉§√↕≀∇⌉⌈ ⇕⌉⊔⟨≀⌈∫ {≀∇ ∇⌉\⌈⌉∇⟩\} ∫†\∫⌉⊔∫ ⟩\ ⟨⊓⇕⊣\↖∇⌉⊣⌈⊣⌊↕⌉ {≀∇⇕ � {≀∇ ⌉§⊣⇕√↕⌉⇔ ⊣⊓}⇕⌉\⊔⟩\} ⊣ ∫⟩\}↕⌉⊔≀\ ∫†\≀\†⇕ ∫⌉⊔ ⊒⟩⊔⟨ ⊔⌉∇⇕∫ {∇≀⇕ ⟩⊔∫ ⟩⇕⇕⌉⌈⟩⊣⊔⌉ ∫⊓√⌉∇⌋↕⊣∫∫⇔ ⌉↙}↙ ⌈⟩∫⊔⟩\}⊓⟩∫⟨⟩\} FILE∝RECORD ⊑∫↙ FILE∝HAND TOOL↙

∋∞ T⟨⌉ ∫⌉⇕⊣\⊔⟩⌋∫ ≀{ ⊒≀∇⌈ ⌋↕⊣∫∫⌉∫↙ A↕⊔⟨≀⊓}⟨⇔ ⊣∫ ⌈⟩∫⌋⊓∫∫⌉⌈ ⟩\ S⌉⌋⊔⟩≀\ ∈↙△↙∞⇔ ⟩⊔ ⟩∫ ⌈⟩{⊘⌋⊓↕⊔ ⊔≀ }∇≀⊓\⌈ ⊔⊣§≀\≀⇕⟩⌋ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\∫ ∫⊓⌋⟨ ⊣∫ W≀∇⌈N⌉⊔ ⟩\ √∇⌉⌋⟩∫⌉ {≀∇⇕⊣↕ ⊔⌉∇⇕∫⇔ ⊔⟨⌉ ⊓∫⌉ ≀{ ⊔⟨⌉ W≀∇⌈N⌉⊔ ⊔⊣§≀\≀⇕† ⇕⊣‖⌉∫ ∇⌉⊣∫≀\⊣⌊↕† ⌋↕⌉⊣∇ ⊔⟨⌉ \⊣⊔⊓∇⌉ ≀{ ⊔⟨⌉ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√∫ ⌊⌉⟩\} ∇⌉√∇⌉∫⌉\⊔⌉⌈↙ ⇐T⟨⌉ ∫⊣⇕⌉ ⇕⊣† \≀⊔ ⌊⌉ ⊔∇⊓⌉ ≀{ ≀⊔⟨⌉∇ ⊔⊣§≀\≀⇕⟩⌉∫ � ∫⌉⌉ {≀∇ ⟩\∫⊔⊣\⌋⌉ S√⊣∇⌋‖ J≀\⌉∫≃∫ ⌈⟩∫⌋⊓∫∫⟩≀\ ≀{ ⊔⟨⌉ ⊑⊣∇⟩≀⊓∫ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√∫ ⊔⟨⊣⊔ ∇⌉↕⊣⊔⌉ ⊒≀∇⌈∫ ⟩\ R≀}⌉⊔≃∫ T⟨⌉∫⊣⊓∇⊓∫↙⇒ H≀⊒⌉⊑⌉∇⇔ ↕⟩‖⌉ ⊔⟨⌉ \⌉⌉⌈ {≀∇ ⌋↕⊣∫∫ ⟩⌈⌉\⊔⟩⊘⌉∇∫⇔ ⊔⟨⌉ ⌉§⊔⌉\⊔ ⊔≀ ⊒⟨⟩⌋⟨ ⊔⟨⌉ ⌋≀\⊔⌉\⊔∫ ≀{ ⊣ ⌋↕⊣∫∫ \⌉⌉⌈ ⊔≀ ⌊⌉ ⌋↕⌉⊣∇↕† ⌈⌉∫⌋∇⟩⌊⊣⌊↕⌉ ⊒⟩↕↕ ⊑⊣∇† ⌈⌉√⌉\⌈⟩\} ≀\ ⊔⟨⌉ √∇≀⌊↕⌉⇕ ⌊⌉⟩\} ∫≀↕⊑⌉⌈↙ F≀∇ ⊔⊣∫‖∫ ∫⊓⌋⟨ ⊣∫ ⊔≀√⟩⌋ ↕⊣⌊⌉↕↕⟩\}⇔ ⊣ }∇≀⊓√ ≀{ ⊒≀∇⌈∫ ⊔⟨⊣⊔ ⊣∇⌉ ⊣∫∫≀⌋⟩⊣⊔⌉⌈ ⊣⌋⌋≀∇⌈⟩\} ⊔≀ ⊔≀√⟩⌋ ⇕⊣† ∫⊓{⊘⌋⌉ ⇐H⌉⊣∇∫⊔ ⊣\⌈ S⌋⟨�⊓⊔‡⌉⇔ ∞∃∃∋⇒∅ {≀∇ ⟩\⊔⌉}∇⊣⊔⟩≀\ ≀{ ⌋↕⊣∫∫⌉∫ ⊒⟩⊔⟨⟩\ ⊣ ↕⊣\}⊓⊣}⌉ ⊓\⌈⌉∇∫⊔⊣\⌈⟩\} ∫†∫⊔⌉⇕ {∇⊣⇕⌉⊒≀∇‖⇔ ⊔⟨⌉ ⊣⌊⟩↕⟩⊔† ⊔≀ ⇕≀∇⌉ ⌋↕⌉⊣∇↕† ⟩⌈⌉\⊔⟩{† ⊒⟨⊣⊔ ⊣ ⌋↕⊣∫∫ ⌋≀\⊔⊣⟩\∫ ⇕⊣† ⌊⌉ ⟩⇕√≀∇⊔⊣\⊔↙

C≀\⊙⊣⊔⟩≀\ ≀{ ⊒≀∇⌈ ∫⌉\∫⌉∫↙ T⟨⌉ ⌈⟩∫⊔∇⟩⌊⊓⊔⟩≀\⊣↕ ⟨†√≀⊔⟨⌉∫⟩∫ � ⊔⟨⊣⊔ ⊒≀∇⌈∫ ∫⟨⊣∇⟩\} ⌈⟩∫⊔∇⟩⌊⊓⊔⟩≀\⊣↕ ⌋≀\⊔⌉§⊔∫ ⊒⟩↕↕ ⌊⌉ ∫⟩⇕⟩↕⊣∇ ⊔≀ ∫≀⇕⌉ ⌈⌉}∇⌉⌉ � ⇕⊣‖⌉∫ ⊔⟨⌉ ⇕≀∫⊔ ∫⌉\∫⌉ ⊒⟨⌉\ ⊔⊣‖⌉\ ⊣⊔ ⊔⟨⌉ ↕⌉⊑⌉↕ ≀{ ⊒≀∇⌈ ⇕⌉⊣\⟩\}∫ ≀∇ ⊓∫⌉∫ ∇⊣⊔⟨⌉∇ ⊔⟨⊣\ ⊒≀∇⌈ ⊔≀‖⌉\∫↙ C≀\∫⟩⌈⌉∇ ⊣ ∫⟩\}↕⌉ √≀↕†∫⌉⇕≀⊓∫ ⊒≀∇⌈ ⊔≀‖⌉\¬ ⟩⊔∫ ⌈⟩∫⊔∇⟩⌊⊓⊔⟩≀\⊣↕ ∫⟩}\⊣⊔⊓∇⌉ ⇕⊣† ⌋⊣√⊔⊓∇⌉ ⊔⟨⌉ ⌉∫∫⌉\⊔⟩⊣↕ ⌋≀\\⌉⌋⊔⟩≀\ ⌊⌉⊔⊒⌉⌉\ ⊣ ⊒≀∇⌈≃∫ ⌈⟩{{⌉∇⌉\⊔ ⊓∫⌉∫ ⇐⌉↙}↙ ⊣ ⌈≀≀∇ ⊣∫ ⊣\ ⌉\⊔∇⊣\⌋⌉⊒⊣† ⊣∫ ⊒⌉↕↕ ⊣∫ ⊔⟨⌉ ⌊⊣∇∇⟩⌉∇ ⊔⟨⊣⊔ ≀⌋⌋⊓√⟩⌉∫ ⊔⟨⌉ ⌉\⊔∇⊣\⌋⌉⊒⊣†⇒⇔ ≀∇ ⊔⟨⌉ ⌈⟩∫⊔∇⟩⌊⊓⊔⟩≀\ ⇕⊣† ∫⊓⇕ ⊔≀}⌉⊔⟨⌉∇ ∐⊓⟩⊔⌉ ⟩\⌈⌉√⌉\⌈⌉\⊔ ⊓∫⌉∫ ⇐⌉↙}↙ ⌋∇⊣\⌉ ⊣∫ ⌊⟩∇⌈ ⊑⌉∇∫⊓∫ ⇕⊣⌋⟨⟩\⌉⇒⇔ ≀∇ ⟩⊔ ⇕⊣† {⊣↕↕ ∫≀⇕⌉⊒⟨⌉∇⌉ ⟩\ ⌊⌉⊔⊒⌉⌉\↙ I\ ⊔⟨⌉ ⊘∇∫⊔ ⌋⊣∫⌉⇔ ⊔⟨⌉ ⌈⟩∫⊔∇⟩⌊⊓⊔⟩≀\⊣↕ ⟨†√≀⊔⟨⌉∫⟩∫ ⌋↕⌉⊣∇↕† ⟨≀↕⌈∫↙ I\ ⊔⟨⌉ ∫⌉⌋≀\⌈ ⌋⊣∫⌉⇔ ⊔⟨⌉ ⟨†√≀⊔⟨⌉∫⟩∫ ∇⊓\∫ ⟩\⊔≀ ⊔∇≀⊓⌊↕⌉⇔ ⊣↕⊔⟨≀⊓}⟨ √⌉∇⟨⊣√∫ ⊔⟨⌉ ⌈⟩∫⊔∇⟩⌊⊓⊔⟩≀\ ⌋⊣\ ∫≀⇕⌉⟨≀⊒ ⌊⌉ ⊣\⊣↕†‡⌉⌈ ⟩\⊔≀ ⟩⊔∫ ⟩\⌈⌉√⌉\⌈⌉\⊔ ⌋≀⇕√≀\⌉\⊔∫⇔ ⊣\⌈ ⊔⟨≀∫⌉ ⊓∫⌉⌈ ⊣∫ ⊔⟨⌉ ⌊⊣∫⟩∫ {≀∇ |⊓⌈}⟩\} ∫⟩⇕⟩↕⊣∇⟩⊔†↙ ⇐T⟨⟩∫ ⊒≀⊓↕⌈ ⊣⇕≀⊓\⊔ ⊔≀ ⌉§⊔∇⊣⌋⊔⟩\} ⌉⊣∫⟩↕† ⌈⟩∫⊔⟩\}⊓⟩∫⟨⌉⌈ ⊒≀∇⌈ ∫⌉\∫⌉∫ {∇≀⇕ ⊔⟨⌉ ⌈⟩∫⊔∇⟩⌊⊓⊔⟩≀\ ≀{ ⊔⟨⌉ ⊒≀∇⌈ ⊔≀‖⌉\↙⇒ T⟨⌉ ⊔⟨⟩∇⌈ ⌋⊣∫⌉ ⟩∫ ⊔⟨⌉ ⇕≀∫⊔ √∇≀⌊↕⌉⇕⊣⊔⟩⌋¬ ⊔⊒≀ ⊒≀∇⌈ ∫⌉\∫⌉∫ ⊔⟨⊣⊔ ⟩\⊔⊓⟩⊔⟩⊑⌉↕† ⊣∇⌉ ⌈⟩∫⊔⟩\⌋⊔ ⊒⟩↕↕ ⌊⌉ ⊔∇⌉⊣⊔⌉⌈ ⊣∫ ≀\⌉ ≀\ ⊔⟨⌉ ⌊⊣∫⟩∫ ≀{ ⊔⟨⌉ ⊒≀∇⌈ ⊔≀‖⌉\≃∫ ⌈⟩∫⊔∇⟩⌊⊓⊔⟩≀\↙ A↕⊔⟨≀⊓}⟨ ⟩⊔ ⟩∫ √≀∫∫⟩⌊↕⌉ ⊔≀ ⟩\⌈⊓⌋⌉ ⊒≀∇⌈ ∫⌉\∫⌉∫ ⊣∫ ⌉\⊔⟩⊔⟩⌉∫ ⟩\ ⊔⟨⌉⟩∇ ≀⊒\ ∇⟩}⟨⊔ ≀\ ⊔⟨⌉ ⌊⊣∫⟩∫ ≀{ ⊒≀∇⌈ ⊔≀‖⌉\ ≀⌊∫⌉∇⊑⊣⊔⟩≀\∫⇔ ⊣∫ ⟩\ ⇐P⌉∇⌉⟩∇⊣⇔ T⟩∫⟨⌊†⇔ ⊣\⌈ L⌉⌉⇔ ∞∃∃∋⇒⇔ ⊔⟨⌉ ⌈⟩∫⌋⊓∫∫⟩≀\ ⟩\ S⌉⌋⊔⟩≀\ ∈↙∋↙△ ∫⊓}}⌉∫⊔∫ ⊔⟨⊣⊔ ⌋⊣√⊔⊓∇⟩\} ⊒≀∇⌈ ∫⟩⇕⟩↕⊣∇⟩⊔† ⊒⟩↕↕ ⊓↕⊔⟩⇕⊣⊔⌉↕† ∇⌉∐⊓⟩∇⌉ ⊣ ⌈⟩∫⊔∇⟩⌊⊓⊔⟩≀\⊣↕ ⊣\⊣↕†∫⟩∫ ≀{ ⊒≀∇⌈ ∫⌉\∫⌉∫ ∇⊣⊔⟨⌉∇ ⊔⟨⊣\ ⊒≀∇⌈ ⊔≀‖⌉\∫↙∈∋ S⊓⌋⟨ ⊣ ∫≀↕⊓⊔⟩≀\ ⟩∫ ⌋⟩∇⌋⊓↕⊣∇⇔ ⟨≀⊒⌉⊑⌉∇⇔ ⊓\⌈⌉∇ ⊔⟨⌉ ⊣∫∫⊓⇕√⊔⟩≀\ ⊔⟨⊣⊔ ⊔⟨⌉ ∫⌉⊔ ≀{ ⊒≀∇⌈ ∫⌉\∫⌉∫ ⟩∫ ⟩⊔∫⌉↕{ ⌈⌉⊘\⌉⌈ ⌊† ⊣\⊣↕†‡⟩\} ⟨≀⊒ ⊒≀∇⌈ ⊔≀‖⌉\∫ ⊣∇⌉ ⌈⟩∫⊔∇⟩⌊⊓⊔⌉⌈↙ T⟨⌉ √∇≀√≀∫⊣↕ ⟨⌉∇⌉ ⊔≀ ⊓∫⌉ ⌉§⊔⌉∇\⊣↕↕†↖⌈⌉⊘\⌉⌈ ⊒≀∇⌈ ∫⌉\∫⌉∫ ⌋⊣\ ⌊⌉ ∫⌉⌉\ ⊣∫ ≀\⌉ ⊒⊣† ≀{ ⌊∇⌉⊣‖⟩\} ⊔⟨⊣⊔ ⌋⟩∇⌋⊓↕⊣∇⟩⊔†¬ }⟩⊑⌉\ ⊣ ⌈⟩∫⊔∇⟩⌊⊓⊔⟩≀\⊣↕ ⊣\⊣↕†∫⟩∫ ≀{ ⌋↕⊣∫∫⌉∫ ⊓∫⟩\} ⊔⟨⌉ ⇕≀⌈⌉↕ ≀{ S⌉⌋⊔⟩≀\ ∈↙△↙∈⇔ ⟩⊔ ⌊⌉⌋≀⇕⌉∫ √≀∫∫⟩⌊↕⌉ ⊔≀ ⌋≀\∫⟩⌈⌉∇ ⌊≀⊔⟨ ⊔⟨⌉ ⌈⟩∫⊔∇⟩⌊⊓⊔⟩≀\⊣↕ ⌊⌉⟨⊣⊑⟩≀∇ ≀{ ⊒≀∇⌈∫ ⊣\⌈ ⊔⟨⌉ ⌈⟩∫⊔∇⟩⌊⊓⊔⟩≀\⊣↕ ⌊⌉⟨⊣⊑⟩≀∇ ≀{ ⊔⟨⌉ ⌋↕⊣∫∫⌉∫ ⊔≀ ⊒⟨⟩⌋⟨ ⊔⟨⌉† ⌊⌉↕≀\}↙∈△

D⟩∫⊔⟩\⌋⊔⟩≀\ ⌊⌉⊔⊒⌉⌉\ ⌈≀⇕⊣⟩\↖⌈⌉√⌉\⌈⌉\⊔ ⊣\⌈ ⌈≀⇕⊣⟩\↖⟩\⌈⌉√⌉\⌈⌉\⊔ ‖\≀⊒↕⌉⌈}⌉↙ I\{≀∇⇕⊣⊔⟩≀\ ⌉§⊔∇⊣⌋⊔⌉⌈ {∇≀⇕ ⊣ ⌋≀∇√⊓∫ ⟩∫ ⊣↕⊒⊣†∫ ⌈≀⇕⊣⟩\ ⌈⌉√⌉\⌈⌉\⊔ ⊔≀ ∫≀⇕⌉ ⌉§⊔⌉\⊔⇔ ⌉⊑⌉\ {≀∇ ⌋≀∇√≀∇⊣ ⊔⟨⊣⊔ ⊣∫√⟩∇⌉ ⊔≀ ⌊⊣↕⊣\⌋⌉⌈ ⌋≀⊑⌉∇⊣}⌉↙ C⟨⊓∇⌋⟨ ⊣\⌈ M⌉∇⌋⌉∇ ⇐∞∃∃∋⇔ √↙ ∞∃⇒ ⊣∇}⊓⌉ ⊔⟨⊣⊔ ⟩{ ⌋≀∇√≀∇⊣ ⊣∇⌉ ⌋≀⇕⌊⟩\⌉⌈ ⊔≀ ≀⌊⊔⊣⟩\ ↕⊣∇}⌉∇ ∐⊓⊣\⊔⟩⊔⟩⌉∫ ≀{ ⌈⊣⊔⊣⇔ ⊔⟨⌉ ∐⊓⟩∇‖∫ ≀{ ⟩\⌈⟩⊑⟩⌈⊓⊣↕ ∫⊓⌊⌋≀∇√≀∇⊣ ⌋⊣\ ⌉∫∫⌉\⊔⟩⊣↕↕† ⌊⌉ ⊔∇⌉⊣⊔⌉⌈ ⊣∫ \≀⟩∫⌉¬ F≀∇⊔⊓\⊣⊔⌉↕†⇔ ⊔⟨≀⊓}⟨⇔ ⟩⊔ ⟩∫ ⌉§⊔∇⌉⇕⌉↕† ⊓\↕⟩‖⌉↕† ⊔⟨⊣⊔ ∪√⟨∇⊣∫⌉∫ ∫√⌉⌋⟩⊘⌋ ⊔≀ ⊣\ ⟩\⌈⟩⊑⟩⌈⊓⊣↕ ⌋≀∇√⊓∫⊎ ⊒⟩↕↕ ⊣√√⌉⊣∇ ⇕⊓⌋⟨ ⇕≀∇⌉ ≀{⊔⌉\ ⊔⟨⊣\ ⌋⟨⊣\⌋⌉ ⊣⌋∇≀∫∫ ⊣ ∇⊣\}⌉ ≀{ ≀⊔⟨⌉∇ ⌋≀∇√≀∇⊣ ↙ ↙ ↙ I{ ∫⊓⌋⟨ ⊣ √⟨∇⊣∫⌉ ⊒⌉∇⌉ ⊔≀ ⊣√√⌉⊣∇ ∇⌉↕⊣⊔⟩⊑⌉↕† ≀{⊔⌉\ ⊣⌋∇≀∫∫ ⊣ ∇⊣\}⌉ ≀{ ∫⊓⌋⟨ ⌈⟩⊑⌉∇∫⌉ ⌋≀∇√≀∇⊣⇔ ⊔⟨⌉\ ⟩⊔ ⟩∫ √∇≀⌊⊣⌊↕† ⊒≀∇⊔⟨† ≀{ {⊓∇⊔⟨⌉∇ ⟩\⊑⌉∫⊔⟩}⊣⊔⟩≀\↙ T⟨⊓∫⇔ ⟩⊔ ⟩∫ \≀⊔ ∇⌉∐⊓⟩∇⌉⌈ ⊔⟨⊣⊔ ⊔⟨⌉ ⌋≀∇√≀∇⊣ ⌊⌉ ⌊⊣↕⊣\⌋⌉⌈⇔ ⌊⊓⊔ ∇⊣⊔⟨⌉∇ ⊔⟨⊣⊔ ⊔⟨⌉⟩∇ ∐⊓⟩∇‖∫ ⌊⌉ ⊓\⌋≀∇∇⌉↕⊣⊔⌉⌈ ⊣⌋∇≀∫∫ ⊣ ∇⊣\}⌉ ≀{ ⌈⟩{{⌉∇⌉\⊔ ⌋≀∇√≀∇⊣↙ T⟨⟩∫ ⟩∫ ⊣ ⇕⊓⌋⟨ ⊒⌉⊣‖⌉∇ ⊣\⌈ ∈∋S⌉⌉ ⌉∫√⌉⌋⟩⊣↕↕† ⌉∐⊓⊣⊔⟩≀\∫ ⇐∈↙∞′⇒ ⊣\⌈ ⇐∈↙∞∞⇒ ⟩\ S⌉⌋⊔⟩≀\ ∈↙∋↙△↙ ∈△R⌉↖⌉∫⊔⟩⇕⊣⊔⟩≀\ ⟩∫ ⊣\≀⊔⟨⌉∇ √≀∫∫⟩⌊↕⌉ ⊒⊣† ≀⊓⊔ ≀{ ⊔⟨⟩∫ ⌋⟩∇⌋⊓↕⊣∇⟩⊔†⇔ ⊔⟨≀⊓}⟨ I ⊒⟩↕↕ \≀⊔ √⊓∇∫⊓⌉ ⊔⟨⊣⊔ ⟩⌈⌉⊣ {⊓∇⊔⟨⌉∇ ⟨⌉∇⌉↙

∋∈ ⇕≀∇⌉ ∇⌉⊣↕⟩∫⊔⟩⌋ ∇⌉∐⊓⟩∇⌉⇕⌉\⊔ ⊔⟨⊣\ ⊔⟨⌉ ⇕≀∇⌉ ∫⊔⊣\⌈⊣∇⌈ ⇐⊣\⌈ ⇕≀∇⌉ ⟩⌈⌉⊣↕⟩∫⊔⟩⌋⇒ √∇⊣⌋⊔⟩⌋⌉ ≀{ ⌊⊣↕⊣\⌋⟩\} ⊣\⌈ √⊓∇}⟩\} ∐⊓⟩∇‖∫↙ I\ √∇⊣⌋⊔⟩⌋⌉⇔ ⟨≀⊒⌉⊑⌉∇⇔ ∫⊔⊣⊔⟩∫⊔⟩⌋⊣↕ ⇕⌉⊔⟨≀⌈∫ ⊣∇⌉ ≀{⊔⌉\ ⊓∫⌉{⊓↕ {≀∇ ⌋⊣√⊔⊓∇⟩\} ↕⊣\}⊓⊣}⌉ ⊣∫ ⟩⊔ ⟩∫ {≀⊓\⌈ ⊒⟩⊔⟨⟩\ ⊣ √⊣∇⊔⟩⌋⊓↕⊣∇ ⌋≀\⊔⌉§⊔ � ⊣⊓⊔≀⇕⊣⊔⌉⌈ ⊔⊣⟩↕≀∇⟩\} ⊔≀ ⊣ √⊣∇⊔⟩⌋⊓↕⊣∇ ⌈≀⇕⊣⟩\ ⟩∫⇔ ⟩\ {⊣⌋⊔⇔ ≀\⌉ ≀{ ⊔⟨⌉ ⌊⟩}}⌉∫⊔ ⊣⌈⊑⊣\⊔⊣}⌉∫ ≀{ ⌋≀∇√⊓∫↖⌊⊣∫⌉⌈ ⊔⌉⌋⟨\⟩∐⊓⌉∫↙ I{ ⊔⟨⌉ }≀⊣↕ ⟩∫ ⊔≀ √⊣∇∫⌉ IBM ⇕⊣\⊓⊣↕∫⇔ {≀∇ ⌉§⊣⇕√↕⌉⇔ ⊔⟨⌉\ ⇕≀∇⌉ }⌉\⌉∇⊣↕ ↕⊣\}⊓⊣}⌉ ⊓∫⊣}⌉ ⟩\ ∫≀⊓∇⌋⌉∫ ↕⟩‖⌉ ⊔⟨⌉ B∇≀⊒\ ⌋≀∇√⊓∫ ⇕⊣† ⌊⌉ ⇕⟩∫↕⌉⊣⌈⟩\}¬ ⊔⟨⟩\}∫ ⊔⟨⊣⊔ }⌉⊔ ⟩\∫⊔⊣↕↕⌉⌈ ⟩\ }⌉\⌉∇⊣↕ ⇐∀⌊⇒ ⇕⊣† \≀⊔ ⌊⌉ ⊔⟨⌉ ‖⟩\⌈∫ ≀{ ⊔⟨⟩\}∫ ⊔⟨⊣⊔ }⌉⊔ ⟩\∫⊔⊣↕↕⌉⌈ ⊒⟨⌉\ ⌈⌉⊣↕⟩\} ⊒⟩⊔⟨ ⌋≀⇕√⊓⊔⌉∇∫ ⇐∀⊣⇒↙ ⇐∀⇒ ⊣↙ A{⊔⌉∇ ⟩\∫⊔⊣↕↕⊣⊔⟩≀\ ≀{ ⊔⟨⌉ ≀√⊔⟩≀\⇔ ⊔⟨⌉ ⌊⊣⌋‖⊓√ ⌋≀√† ≀{ ⊔⟨⌉ R⌉{⌉∇⌉\⌋⌉ D⟩∫‖⌉⊔⊔⌉ ⊒⊣∫ ∫⊔⊣∇⊔⌉⌈ {≀∇ ⊔⟨⌉ ⌋≀⇕√⊓⊔⌉∇ ⊔≀ ⊣⊓⊔≀⇕⊣⊔⟩⌋⊣↕↕† ⌋≀\⊘}⊓∇⌉ ⟩⊔∫⌉↕{↙ ⌊↙ M⊣‖⌉∫ \⌉⌋⌉∫∫⊣∇† √⊓∇⌋⟨⊣∫⌉∫⇔ √↕⊣⌋⌉∫ ⌋≀\⊔∇⊣⌋⊔∫⇔ ∫⊓√⌉∇⊑⟩∫⌉∫ ⌋≀\∫⊔∇⊓⌋⊔⟩≀\⇔ ⟩\∫⊔⊣↕↕⊣⊔⟩≀\⇔ ⊘\⟩∫⟨⟩\} ⊣\⌈ √↕⊣⌋⌉⇕⌉\⊔ ≀{ {⊓∇\⟩⊔⊓∇⌉⇔ ⊘§⊔⊓∇⌉∫ ⊣\⌈ ≀⊔⟨⌉∇ ⌋≀∇∇⌉↕⊣⊔⌉⌈ {⊓∇\⟩∫⟨⟩\}∫ ↙ ↙ ↙ K\≀⊒↕⌉⌈}⌉↖⌊⊣∫⌉⌈ ∫≀⊓∇⌋⌉∫ ≀{ ⟩\{≀∇⇕⊣⊔⟩≀\ ⊣↕∫≀ ⟨⊣⊑⌉ ⊔⟨⌉⟩∇ ∐⊓⟩∇‖∫↙ H≀⊒⌉⊑⌉∇⇔ ⌊† ⊓∫⟩\} ⊔⊣§≀\≀⇕⟩⌋ ⌋↕⊣∫∫⌉∫ ∇⊣⊔⟨⌉∇ ⊔⟨⊣\ ⌈⟩∫⊔∇⟩⌊⊓⊔⟩≀\⊣↕↕† ⌈⌉∇⟩⊑⌉⌈ ⌋↕⊣∫∫⌉∫⇔ ⟩⊔ ⟩∫ √≀∫∫⟩⌊↕⌉ ⊔≀ ⟩∫≀↕⊣⊔⌉ ⊒≀∇⌈ ⌋↕⊣∫∫⟩⊘⌋⊣⊔⟩≀\ {∇≀⇕ ≀⊔⟨⌉∇ ⌈⟩∫⊔∇⟩⌊⊓⊔⟩≀\⊣↕ ⟩∫∫⊓⌉∫↙ A∫ ⊣ ∇⌉∫⊓↕⊔⇔ ⊔⟨⌉ ⌊⌉⟨⊣⊑⟩≀∇ ≀{ ⌋↕⊣∫∫↖⌊⊣∫⌉⌈ ∫⊔⊣⊔⟩∫⊔⟩⌋⊣↕ ⇕⌉⊔⟨≀⌈∫ ⌋⊣\ ⌊⌉ ⌊∇≀‖⌉\ ⌈≀⊒\ ⊣⌋⌋≀∇⌈⟩\} ⊔≀ ⌋≀∇√⊓∫↖ ⌈⌉√⌉\⌈⌉\⊔ ⊣\⌈ ⌋≀∇√⊓∫↖⟩\⌈⌉√⌉\⌈⌉\⊔ {⊣⌋⊔≀∇∫↙ T⟨⟩∫ ∫⟨≀⊓↕⌈ ⌊⌉ ⊓∫⌉{⊓↕ {≀∇ ⟩⌈⌉\⊔⟩{†⟩\}⌈⟩{{⌉∇⌉\⌋⌉∫ ⌊⌉⊔⊒⌉⌉\ ⌋≀∇√≀∇⊣ ⊣∫ ⊒⌉↕↕ ⊣∫ {≀∇ ⌉⊑⊣↕⊓⊣⊔⟩\} ⊔⟨⌉ ∐⊓⊣↕⟩⊔† ≀{ ⊔⟨⌉ ⊔⊣§≀\≀⇕† ⟩⊔∫⌉↕{↙

I\ ⌋≀\⌋↕⊓∫⟩≀\⇔ ⌈⟩∫⊔∇⟩⌊⊓⊔⟩≀\⊣↕ ⇕⌉⊔⟨≀⌈∫ ⊣\⌈ ‖\≀⊒↕⌉⌈}⌉↖⌊⊣∫⌉⌈ ⇕⌉⊔⟨≀⌈∫ {≀∇ ⊓∫⟩\} ⊒≀∇⌈ ⌋↕⊣∫∫⌉∫ ⌉⊣⌋⟨ ⟨⊣⊑⌉ ⊣⌈⊑⊣\⊔⊣}⌉∫ ⊣\⌈ ⌈⟩∫⊣⌈⊑⊣\⊔⊣}⌉∫↙ Q⊓⟩⊔⌉ ⊣ {⌉⊒ ∇⌉∫⌉⊣∇⌋⟨⌉∇∫ ⟨⊣⊑⌉ ∫⊔⊣∇⊔⌉⌈ ⟩\⊑⌉∫⊔⟩}⊣⊔⟩\} ⊔⟨⌉ ⌈⌉∇⟩⊑⊣⊔⟩≀\ ≀{ ⊒≀∇⌈ ⌋↕⊣∫∫⌉∫ ≀\ ⊔⟨⌉ ⌊⊣∫⟩∫ ≀{ ⌈⟩∫⊔∇⟩⌊⊓⊔⟩≀\⊣↕ ∫⟩⇕⟩↕⊣∇⟩⊔†∅ ⟩\ ⊔⟨⟩∫ ⌋⟨⊣√⊔⌉∇ I ⟨⊣⊑⌉ ⊣⊔⊔⌉⇕√⊔⌉⌈ ⊔≀ √∇≀⊑⟩⌈⌉ ⊣ ⌊⊣↕⊣\⌋⌉⌈ ⌈⌉∫⌋∇⟩√⊔⟩≀\ ≀{ ⊔⟨⌉⟩∇ ⊣√√∇≀⊣⌋⟨⌉∫↙ T⟨⌉ √∇⌉∫⌉\⊔ ⊒≀∇‖ ⌈⟩{{⌉∇∫ {∇≀⇕ ⊔⟨≀∫⌉ ⟩\⊑⌉∫⊔⟩}⊣⊔⟩≀\∫⇔ ⌊⌉}⟩\\⟩\} ⟩\∫⊔⌉⊣⌈ ⊒⟩⊔⟨ ⌉§⟩∫⊔⟩\} ↕⊣∇}⌉↖∫⌋⊣↕⌉ ‖\≀⊒↕⌉⌈}⌉ ∫≀⊓∇⌋⌉∫ ⊣∫ ⊣ ∫≀⊓∇⌋⌉ ≀{ ↕⌉§⟩⌋⊣↕ ⟩\{≀∇⇕⊣⊔⟩≀\↙ I⊔ ∫⌉⌉⇕∫ ⌋↕⌉⊣∇ ⊔⟨⊣⊔ ⊣↕⊔⟨≀⊓}⟨ ↕⌉§⟩⌋⊣↕ ⊔⊣§≀\≀⇕⟩⌉∫ ⌋⊣\\≀⊔ √∇≀⊑⟩⌈⌉ ⊣↕↕ ⊔⟨⌉ ‖\≀⊒↕⌉⌈}⌉ ≀\⌉ ⌋≀⊓↕⌈ ⟨≀√⌉ ⊔≀ ⌉§⊔∇⊣⌋⊔ {∇≀⇕ ⊣ ⌋≀∇√⊓∫⇔ \⌉⟩⊔⟨⌉∇ ⊣∇⌉ ⌈⟩∫⊔∇⟩⌊⊓⊔⟩≀\⊣↕ ⇕⌉⊔⟨≀⌈∫ ↕⟩‖⌉↕† ⊔≀ ⌋⊣√⊔⊓∇⌉ ⊣↕↕ ⊔⟨⌉ ⟩\{≀∇⇕⊣⊔⟩≀\ {≀⊓\⌈ ⟩\ ⊣ ∇⌉∫≀⊓∇⌋⌉ ↕⟩‖⌉ W≀∇⌈N⌉⊔⇔ ⌉⊑⌉\ ⟩\ √∇⟩\⌋⟩√↕⌉↙ M⌉⊔⟨≀⌈≀↕≀}⟩⌋⊣↕↕†⇔ ⊔⟨⌉ ⊓∫⌉ ≀{ ⌋↕⊣∫∫⌉∫ {∇≀⇕ ⊣ ⊔⊣§≀\≀⇕† ⇕⊣‖⌉∫ ⟩⊔ √≀∫∫⟩⌊↕⌉ ⊔≀ ⌊⌉ ⌋↕⌉⊣∇ ⊣⌊≀⊓⊔ ⊒⟨⊣⊔ ‖⟩\⌈ ≀{ ‖\≀⊒↕⌉⌈}⌉ ⟩∫ ∇⌉√∇⌉∫⌉\⊔⌉⌈⇔ ⊔≀ ‖⌉⌉√ ∫⌉√⊣∇⊣⊔⌉ ⊒⟨⊣⊔ ⟩\{≀∇⇕⊣⊔⟩≀\ ⟩∫ √∇≀⊑⟩⌈⌉⌈ ⌊† ⊔⟨⌉ ⌋↕⊣∫∫⌉∫ ⊣\⌈ ⊒⟨⊣⊔ ⌊† ⊔⟨⌉ ↕⌉§⟩⌋⊣↕ ∫⊔⊣⊔⟩∫⊔⟩⌋∫⇔ ⊣\⌈ ⊔≀ ⊔⊣‖⌉ ⊣⌈⊑⊣\⊔⊣}⌉ ≀{ ⌉§⟩∫⊔⟩\} ∇⌉∫≀⊓∇⌋⌉∫↙ F⟩\⊣↕↕†⇔ ⊣\ ⊓\⌈⌉∇↕†⟩\} }≀⊣↕ ≀{ ⊔⟨⟩∫ ⊒≀∇‖ ⟨⊣∫ ⌊⌉⌉\ ⊔≀ ⟩\⌋≀∇√≀∇⊣⊔⌉ ‖\≀⊒↕⌉⌈}⌉↖⌊⊣∫⌉⌈ ⟩\{≀∇⇕⊣⊔⟩≀\ ⟩\ ⊔≀ ∫⊔⊣⊔⟩∫⊔⟩⌋⊣↕ ⇕⌉⊔⟨≀⌈∫ ⟩\ ⊔⟨⌉ ⇕≀∫⊔ ⌋≀\∫⌉∇⊑⊣⊔⟩⊑⌉ {⊣∫⟨⟩≀\ √≀∫∫⟩⌊↕⌉↙ A↕⊔⟨≀⊓}⟨ ⊔⟨⌉∇⌉ ⟩∫ ⊣↕⊒⊣†∫ ∫≀⇕⌉ ∇⌉∫⟩⌈⊓⊣↕ ⊓\⌋⌉∇⊔⊣⟩\⊔† ⊣∫ ⊔≀ ⟨≀⊒ ⊔≀ ⟩\⊔⌉∇√∇⌉⊔ \≀⊔⟩≀\∫ ↕⟩‖⌉ ∫†\≀\†⇕† ⊣\⌈ ⟨†√≀\†⇕† � ⊣⊔ ↕⌉⊣∫⊔ ⟩\ ⊔⌉∇⇕∫ ≀{ {≀∇⇕⊣↕ ∫⌉⇕⊣\⊔⟩⌋∫ � ⊔⟨⌉ ∫†\≀\†⇕ ⊣\⌈ IS↖A ∇⌉↕⊣⊔⟩≀\∫⟨⟩√∫ ⌋⊣√⊔⊓∇⌉⌈ ⊒⟩⊔⟨⟩\ ⊔⟨⌉ W≀∇⌈N⌉⊔ ⊔⊣§≀\≀⇕† ⊣∇⌉ ⟩\⊔⊓⟩⊔⟩⊑⌉↕† ∇⌉⊣∫≀\⊣⌊↕⌉ ⊣\⌈ ⊣∫ ⊒⟩⌈⌉↕† ⊣⌋⌋⌉√⊔⌉⌈ ⊣∫ ⊣\† ≀⊔⟨⌉∇ {≀∇⇕ ≀{ ‖\≀⊒↕⌉⌈}⌉ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\↙ F⊓∇⊔⟨⌉∇⇕≀∇⌉⇔ ⌉⊑⌉\ ⊔⟨≀∫⌉ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\⊣↕ ⌈⌉⊔⊣⟩↕∫ ⌋⊣\ ⌊⌉ ∫⌉√⊣∇⊣⊔⌉⌈ {∇≀⇕ ⊔⟨⌉ ⊒⊣† ⊔⟨⌉ ⊔⊣§≀\≀⇕† ⟩∫ ⊓∫⌉⌈ ⟩\ ⌈⌉⊔⌉∇⇕⟩\⟩\} √∇≀⌊⊣⌊⟩↕⟩⊔⟩⌉∫ ⌊⊣∫⌉⌈ ≀\ ⌋↕⊣∫∫⌉∫¬ ⊔⟨⌉ ⌋↕⊣∫∫ {∇⌉∐⊓⌉\⌋† ⌉∫⊔⟩⇕⊣⊔⌉ √∇≀√≀∫⌉⌈ ⟨⌉∇⌉ ⊣∫∫⊓⇕⌉∫ ≀\↕† ⊣\ ⌉§⊔⌉\∫⟩≀\⊣↕ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\ ≀{ ⌋↕⊣∫∫⌉∫ ⊣∫ ∫⌉⊔∫ ≀{ ⊒≀∇⌈∫⇔ ⊒⟩⊔⟨≀⊓⊔ ∇⌉∐⊓⟩∇⟩\} ⊣\† {⊓∇⊔⟨⌉∇ ⟩\⊔⌉∇√∇⌉⊔⊣⊔⟩≀\↙ T⟨⌉ ⇕⌉⊔⟨≀⌈∫ ⌈⌉⊑⌉↕≀√⌉⌈ ⟨⌉∇⌉ ⌋⊣\ ⊔⟨⌉∇⌉{≀∇⌉ ⌊⌉ ⊣√√↕⟩⌉⌈ ⟩\ ≀⊔⟨⌉∇ ∫⌉⊔⊔⟩\}∫⇔ ⊒⟨⌉∇⌉ ∫≀⇕⌉ ≀⊔⟨⌉∇ ⇕≀⌈⌉↕ ⌈⌉⊔⌉∇⇕⟩\⌉∫ ⊔⟨⌉ ⌋∇⟩⊔⌉∇⟩≀\ {≀∇ ⌋≀⟨⌉∇⌉\⊔ ∫⌉⊔∫ ≀{ ⊒≀∇⌈∫↙ I\ ⊔⟨⌉ \⌉§⊔ ⌋⟨⊣√⊔⌉∇ I ⊔⊓∇\ ⊔≀ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫↙ A{⊔⌉∇ √∇≀⊑⟩⌈⟩\} ⊣ ∇⌉⊑⟩⌉⊒ ≀{ ⊔⟨⌉ √⟨⟩↕≀∫≀√⟨⟩⌋⊣↕ ⊣\⌈ ↕⟩\}⊓⟩∫⊔⟩⌋ ⟩∫∫⊓⌉∫⇔ I ⊒⟩↕↕ ⊣∇}⊓⌉ ⊔⟨⊣⊔ √∇⌉⊑⟩≀⊓∫ ⊣√√∇≀⊣⌋⟨⌉∫ ↕⌉⊣⊑⌉ ⊓\∇⌉∫≀↕⊑⌉⌈ √∇≀⌊↕⌉⇕∫ ⌋≀\⌋⌉∇\⟩\} ⟨≀⊒ ∫⊓⌋⟨ ⌋≀\∫⊔∇⊣⟩\⊔∫ ⊣∇⌉ ⊔≀ ⌊⌉ {≀∇⇕⊣↕⟩‡⌉⌈↙ T⟨⌉∫⌉ √∇≀⌊↕⌉⇕∫⇔ I ⊒⟩↕↕ ∫⊓}}⌉∫⊔⇔ ⌋⊣\ ⌊⌉ ∇⌉∫≀↕⊑⌉⌈ ⟩\ √⊣∇⊔ ⌊† ⇕⊣‖⟩\} ⊓∫⌉ ≀{

∋∋ ⊔⟨⌉ ⊔⊣§≀\≀⇕⟩⌋ ↕⌉§⟩⌋⊣↕ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\ ⌈⟩∫⌋⊓∫∫⌉⌈ ⟨⌉∇⌉⇔ ⊣\⌈ ⟩\ √⊣∇⊔ ⌊† {≀∇⇕⊣↕⟩‡⟩\} ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫ ⊓∫⟩\} ⊣ ⇕≀⌈⌉↕ ⊒⟩⊔⟨⟩\ ⊒⟨⟩⌋⟨ ⌋↕⊣∫∫↖⌊⊣∫⌉⌈ √∇≀⌊⊣⌊⟩↕⟩⊔⟩⌉∫ √↕⊣† ⊣ ⊑⟩⊔⊣↕ ∇≀↕⌉↙

C⟨⊣√⊔⌉∇ ∋

A\ I\{≀∇⇕⊣⊔⟩≀\↖T⟨⌉≀∇⌉⊔⟩⌋ A⌋⌋≀⊓\⊔ ≀{

S⌉↕⌉⌋⊔⟩≀\⊣↕ C≀\∫⊔∇⊣⟩\⊔∫

L⟩⇕⟩⊔∫ ≀\ ⊔⟨⌉ ⊣√√↕⟩⌋⊣⌊⟩↕⟩⊔† ≀{ √∇⌉⌈⟩⌋⊣⊔⌉∫ ⊔≀ ⊣∇}⊓⇕⌉\⊔∫ ⟨⊣⊑⌉ ⊑⊣∇⟩≀⊓∫↕† ⌊⌉⌉\ ⌋⊣↕↕⌉⌈ ∫≀∇⊔⊣↕ ⌋≀\↖ ∫⊔∇⊣⟩\⊔∫⇔ ∫⌉↕⌉⌋⊔⟩≀\ ⇐≀∇ ∫⌉↕⌉⌋⊔⟩≀\⊣↕⇒ ∇⌉∫⊔∇⟩⌋⊔⟩≀\∫ ≀∇ ⌋≀\∫⊔∇⊣⟩\⊔∫⇔ ⊣\⌈ ⊔†√⌉ ∇⊓↕⌉∫↙ A ∇⌉⊑⟩⌉⊒ ≀{ ⊔⟨⌉ ↕⟩⊔⌉∇⊣⊔⊓∇⌉ ≀\ ∫⊓⌋⟨ ⌋≀\∫⊔∇⊣⟩\⊔∫ ∫⊓}}⌉∫⊔∫ ⊔⊒≀ ⌈⟩{{⌉∇⌉\⊔ ⊒⊣†∫ ⟩\ ⊒⟨⟩⌋⟨ ⊔⟨⌉† ⌋⊣\ ⌊⌉ ⌋⟨⊣∇⊣⌋⊔⌉∇⟩‡⌉⌈¬ ⊣ ⊖∫⌉⇕⊣\⊔⟩⌋⪰ ⊣√√∇≀⊣⌋⟨⇔ ⊒⟨⟩⌋⟨ ⟨⊣∫ ⌊⌉⌉\ ∐⊓⌉∫⊔⟩≀\⌉⌈ ≀\ ⌉⇕√⟩∇⟩⌋⊣↕ }∇≀⊓\⌈∫⇔ ⊣\⌈ ⊣\ ⊖⟩\{⌉∇⌉\⊔⟩⊣↕⪰ ⊣√√∇≀⊣⌋⟨⇔ {≀∇ ⊒⟨⟩⌋⟨ ⊔⟨⌉ ⊔⟨⌉≀∇⌉⊔⟩⌋⊣↕ ⟩∫∫⊓⌉∫ ⊣∇⌉ ⊣⊔ √∇⌉∫⌉\⊔ √≀≀∇↕† ⊓\⌈⌉∇∫⊔≀≀⌈↙ I\ ⊔⟨⟩∫ ⌋⟨⊣√⊔⌉∇⇔ I √∇≀√≀∫⌉ ⊣ \⌉⊒⇔ ⟩\{≀∇⇕⊣⊔⟩≀\↖⊔⟨⌉≀∇⌉⊔⟩⌋ {≀∇⇕⊣↕⟩‡⊣⊔⟩≀\ ≀{ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫⇔ ⊣\⌈ ⊣∇}⊓⌉ ⊔⟨⊣⊔ ⟩⊔ ⊣⌈⌈∇⌉∫∫⌉∫ ⌊≀⊔⟨ ⊔⟨⌉≀∇⌉⊔⟩⌋⊣↕ ⊣\⌈ ⌉⇕√⟩∇⟩⌋⊣↕ ⌋≀\⌋⌉∇\∫↙

∋↙∞ O⊑⌉∇⊑⟩⌉⊒ T⟨⌉ ⊔≀√⟩⌋ ≀{ ⊔⟨⟩∫ ⌋⟨⊣√⊔⌉∇ ⌋⊣\ ⌊⌉ ⊔∇⊣⌋⌉⌈ ⌊⊣⌋‖ ⊔≀ A∇⟩∫⊔≀⊔↕⌉↙∞ H⌉ ⌋≀\∫⟩⌈⌉∇⌉⌈ ⊔⟨⌉ ⌋⊣∫⌉ ≀{ ∫⌉\⊔⌉\⌋⌉∫ ↕⟩‖⌉ ⇐∃⇒ ⊣↙ α is even▷ b▷ α is not even▷ when α is not a number � for example when α is Socrates▷ Intuitively ΨSocrates is evenν is certainly not true but neither is it clearly false, rather it seems to be a case where α is simply not the sort of thing to which the predicate can be applied▷ More recent examples of this phenomenon include Chomskyφs predications concerning ideas and sincerity. ↼10↽ a▷ Colorless green ideas sleep furiously▷ b▷ Sincerity may admire the boy▷ Limitations on the applicability of a predicate have variously been called sortal constraints selection ↼or selectional↽ restrictions or constraints and type rules, expressions violating constraints of this kind have been discussed in terms of category mistakes selectional violations type crossings and semantic anomaly▷ Whatever the guise phenomena of this kind raise a number of difαcult issues▷ 1I regret that I am not nearly as erudite as this opening statement might suggest. in this section and the one that follows I draw heavily on the deep and insightful discussion found in ↼Horn 1989↽ especially chapters 2 and 6▷

First examples like ↼9↽ pose a problem for straightforward truththeoretic semantics. the axiom that every proposition is either true or false ↼Aristotleφs Ψlaw of the excluded middleν↽ confronts the widelyheld intuition that sentences like ΨSocrates is evenν are neither true nor false but instead nonsensical absurd or meaningless▷ Second in addition to the philosophical problems posed by anomalous sentences of this kind it is nec essary to consider the positive application of predicateargument constraints in the process of interpretation▷ Someone reading ↼9↽ � under the mathematical interpretation of even � will infer that α is an integer▷ Similarly to take an example from ↼Fodor 1977 p▷ 195↽ the pronoun in ↼11↽ This one admires John▷ will have attributed to it properties consistent with its use as the subject of admire such as animacy and the possession of higher psychological functions▷ A third closely related point concerns the interpretation of ambiguous lexical items▷ To take an example from ↼McCawley 1968 p▷ 131↽ ↼12↽ a▷ John has memorized the score of the Ninth Symphony▷ b▷ The score of the Ninth Symphony is lying on the piano▷ lexical items that denote works of art or scholarship can also denote the physical embodiment of those works, example ↼12↽ suggests that the correct interpretation of score may in part derive from constraints provided by the verb▷

I consider the αrst of these issues in Section 3▷2 where I review some of the philosophical approaches to sentences like ΨSocrates is ↼not↽ evenν and recapitulate Hornφs ↼1989↽ argument for a pragmatic rather than semantic treatment of ↼negative↽ category mistakes▷ In Section 3▷3 I turn to the characterization of selection restrictions in generative linguistics particularly the discussions of Katz and Fodor ↼1964↽ and McCawley ↼1968↽ who concern themselves not only with selectional violations but also with the role of selection restrictions in constraining the interpretation of nonanomalous sentences ↼issues two and three↽▷ At this point I will suggest that the discussion has reached something of an impasse ↼Section 3▷4↽▷ On the one hand it will have become evident that the truththeoretic approaches to selection restrictions � that is most of the voluminous literature reviewed by Horn � rest on the assumption that such restrictions are phrased in terms of necessary and sufαcient semantic conditions on the applicability of a predicate▷ I will observe that this approach is equivalent to the Ψdeαning propertiesν approach to mental categories and thus inherits some substantial empirical problems associated with that approach▷ On the other hand I will argue that the Ψpragmaticν or Ψinferentialν approach proposed by Horn ↼aspects of which can be found in McCawley and in ↼Drange 1966↽ and ↼JohnsonLaird 1983↽↽ is too openended potentially requiring a theory that encompasses all the inferences a person might make on the basis of factual knowledge▷ The rest of the chapter naturally enough will be devoted to a proposal for going beyond the impasse▷ In Section 3▷5 I will focus on the inferential view but argue that rather than incorporating all kinds of knowledge and inference a characterization of selectional phenomena can be formulated in terms of an extremely restrictive knowledge representation together with an appropriate informationtheoretic characterization of predicateargument relationships▷ By replacing selectional restrictions with an informationtheoretic proposal for selectional preference I provide a precise model that is nonetheless consistent with the inferential view of the veriαcation and transfer of properties in anomalous and nonanomalous utterances▷ In Section 3▷7 I describe a computational implementation of this model and illustrate its behavior on examples from throughout the chapter▷ In addition I consider the possibility that this account might provide the groundwork for a psycholinguistic model of Ψlocal semantic αtν and thus contribute to the study of online plausibility effects in sentence processing▷ I conclude in Section 3▷8 with a brief consideration of the present approach in relation to other computational proposals for capturing selectional constraints▷

3▷2 Category Mistakes In this section I rely to a great extent on the discussion in ↼Horn 1989↽ who describes utterances such as ↼13↽ as category mistakes ↼CMs↽. ↼13↽ a▷ The number two is blue▷ b▷ The number two is not blue▷ The latter sentence is an instance of a negative category mistake ↼NCM↽▷ These and closely related expressions have generated a formidable quantity of philosophical discussion � at one point Horn refers to Ψstandard approaches of dualnegation logicsν in which ↼13b↽ can be read as Ψsimply false a priori false neither true nor false false and insecure or meaningless depending on whether the assessor is respectively an Aristotelian a Drangean a Bochvarian a Bergmannian or a Russellianν ↼p▷ 139↽▷ On the following page he presents a chart in which no fewer than twentytwo other philosophers join the αve just cited▷ Rather than attempting the hopeless task of improving on Hornφs review of the literature I will restrict myself to a summary of the major issues that are relevant to the present study▷ These are the questions of whether category mistakes are best analyzed in terms of entailments or presuppositions whether they should be considered meaningful or meaningless and whether they should be treated within a theory of ↼truthconditional↽ meaning or from a broader pragmatic perspective▷

3▷2▷1 Entailment If predicate P does not Ψnaturallyν apply to argument x as is the case with blue and the number two what can be said about the truth value of P↼x↽⋆ One might begin by supposing that any predicate has associated with it a domain of applicability and that applicability is an entailment of the predication▷ On this view introduced by Aristotle the predication ↼13a↽ entails that the number two be something that can be described as having a color and since this entailment is false ↼13a↽ simply is false as well▷2 Sentence ↼13b↽ could be described as generating the same entailment and therefore also false▷ At αrst glance this would seem to be problematic since it suggests that both a proposition and its negation could be simultaneously false▷ However it is not necessarily the case that ↼13b↽ is the negation of ↼13a↽▷ Aristotleφs analysis of ↼13b↽ posits two different readings. in one the entire predicate is negated and in the other what is negated is the term blue itself▷ These interpretations can respectively be phrased as follows. ↼14↽ a▷ The number two isnot blue▷ 2For the moment nouns are to be interpreted literally � so although Ψthe number twoν might be used to refer to say a sheet of paper cut out in the appropriate shape here it should be interpreted as referring to the abstract mathematical concept▷ The ability to construe arguments on other than their intended readings will be discussed in Section 3▷5▷ b▷ The number two is notblue▷ On this analysis the former interpretation does not ascribe a color to the number two but merely negates the predication ↼13a↽ that does so � therefore applicability of the predicate is not entailed and the statement is simply true ↼since the number two is not among the set of blue things↽▷ The latter reading is an instance of term negation in this case ascribing the property not blue to the number two▷ Unlike predicate negation term negation requires that the applicability of a property be considered, in essence not blue is to be interpreted as equivalent to red or green or yellow or▷▷▷▷ As a result ↼13b↽ does entail the applicability of color terms to the argument and is therefore false▷ Horn points out that this analysis of category mistakes is closely tied to the analysis of sentences containing empty ↼i▷e▷ nondenoting↽ subjects such as ↼15↽. ↼15↽ a▷ The king of France is bald▷ b▷ The king of France is not bald▷ Taking Aristotleφs view sentence ↼15b↽ can be treated as an instance of term negation � afαrmation of the predicate not bald of the king of France � which entails that the king of France exist▷ Alternatively it can be treated as an instance of predicate negation which does not generate such an entailment▷ 3▷2▷2 Presupposition and meaninglessness A widely discussed alternative to the entailment approach associated in particular with Strawson is that statements do not entail the applicability of predicates to subjects ↼or the existence of subjects↽ but rather that applicability ↼and existence↽ are presupposed▷ On this view someone uttering ↼15a↽ has not asserted that a unique king of France exists but rather has acted on the presupposition that such a person exists▷ If the presupposition is not true then the truth value of ↼15a↽ is simply not at issue, it is neither true nor false▷ It is important to distinguish between a proposition being neither true nor false and its being meaningless▷ An uncontroversially meaningless expression is ↼16↽. ↼16↽ Boy girl of picture saw the and▷ ΨWord saladν sentences like this result in more word salad when embedded in a matrix sentence. ↼17↽ I dreamed that boy girl of picture saw the and▷ and there is no intuition that the import of ↼17↽ if there were one could be distinguished from another instance of the same kind of anomaly. ↼18↽ I dreamed that the saw picture of girl boy and▷ Sentences that appear more normal on the surface can nonetheless exhibit behavior similar to this, for example violations of Grimshawφs ↼1979↽ sselection. ↼19↽ a▷ John believed if the train left on time▷ b▷ Mary reported that John believed if the train left on time▷ In contrast category mistakes can be felicitously embedded ↼20↽ and distinguished from each other since in ↼21ab↽ Mary is clearly making two different claims. ↼20↽ I dreamed that the number two was blue▷

↼21↽ a▷ Mary claims that colorless green ideas sleep furiously▷ b▷ Mary claims that sincerity may admire John▷ Furthermore category mistakes can be entailed by and entail other propositions▷ For example ↼22↽ Quadratic equations do not go to race meetings▷ entails ↼23↽ Quadratic equations do not watch the Newmarket horse races▷ and is entailed by ↼24↽ Quadratic equations do not move in space▷ Similar observations hold of Ψempty subjectν cases like those involving the king of France▷ Propositions that generate entailments can certainly not be viewed as meaningless▷ One way of describing the truthconditional status of category mistakes then is to say that they are meaningful but in some sense insigniαcant▷ ΨPresuppositionalistν accounts generally accomplish this by relaxing the assumption that the truth function be complete instead characterizing it as a partial function and permitting category mistakes to fall into a Ψtruth value gapν or by using a multivalued logic with category mistakes taking an intermediate value expressing something like Ψnot true▷ν Crucially in such a system the nontruth of a proposition will not entail the truth of its negation▷3 3▷2▷3 Implicatures pragmatics and metalinguistic negation To summarize thus far one treatment of anomalous expressions involving inappropriate or empty subjects retains a truththeoretic analysis in which every proposition is either true or false, on this view the existence and appropriateness of the subject amounts to an entailment of the proposition▷ Another widely held view analyzes these not as entailments but as presuppositions requiring some semantic status other than truth or falsity▷ Presuppositional treatments are complicated by the fact that negative category mistakes and negative existentiallypresupposing expressions have a reading in which the presupposition appears to be Ψcan celledν. ↼25↽ a▷ The king of France isnφt bald � there is no king of Franceω b▷ Ideas arenφt green � theyφre only in your headω4 In these cases it is evident that the speaker is asserting the truth of the αrst statement and justifying the assertion by explicitly rejecting a presupposition▷ 3For a presuppositional treatment of category mistakes within the framework of Montague semantics see ↼Waldo 1979↽ who follows van Fraasenφs ↼1968↽ method of supervaluations in treating truth as a partial function▷ Interestingly Waldoφs method succeeds in evaluating ΨThe theory of relativity is shinyν as neither true nor false while still managing to evaluate ΨEvery shiny theory of relativity is shinyν as a tautology, however no account is given for category mistakes that appear as the embedded clause in embedded contexts▷ 4This example is adapted from an exchange between Barbara Landau and a blind αveyearold subject brought to my attention by Lila Gleitman. ↼a↽ Barbara. Could an idea be green⋆ ↼b↽ Blind child. No sillyω Theyφre only in your head▷

An alternative that is still very much in the spirit of presuppositionalist approaches proposed by Karttunen and Peters ↼1979↽ distinguishes between the truthconditionalsemantics of a propositionand its conventional implicatures▷ Conventional implicatures are distinguished from conversational implicatures in that in the former case Ψthe conventional meaning of the wordsν as opposed to general conversational principles will determine what is implicated ↼Grice 1975 p▷ 66↽▷ Karttunen and Peters focus on cases like the following. ↼26↽ a▷ John managed to solve the problem▷ b▷ John didnφt manage to solve the problem▷ ↼27↽ It was difαcult for John to solve the problem▷ ↼28↽ John solved the problem▷ Here the implicatum ↼27↽ is part of the meaning of both the positive and the negative statements in ↼26↽ but not part of the truthconditional meaning since ↼26a↽ and ↼28↽ are truthconditionally equivalent▷ The distinction is formalized by breaking down the meaning φ of an utterance into a pair ⟨φ^e, φ^i⟩⇔ ∇⌉∫√⌉⌋⊔⟩⊑⌉↕† ∇⌉√∇⌉∫⌉\⊔⟩\} ⊔⟨⌉ ⊓⊔⊔⌉∇⊣\⌋⌉≃∫ ⊔∇⊓⊔⟨↖⌋≀\⌈⟩⊔⟩≀\⊣↕ ⇕⌉⊣\⟩\} ⊣\⌈ ⟩⊔∫ ⌋≀\⊑⌉\⊔⟩≀\⊣↕ ⟩⇕√↕⟩⌋⊣⊔⊣↙ T⟨⌉ ⊣⇕⌊⟩}⊓⟩⊔† ⌊⌉⊔⊒⌉⌉\ √∇⌉∫⊓√√≀∫⟩⊔⟩≀\↖√∇⌉∫⌉∇⊑⟩\} ⊣\⌈ √∇⌉∫⊓√√≀∫⟩⊔⟩≀\↖⌋⊣\⌋⌉↕↕⟩\} \⌉}⊣⊔⟩≀\ ⟩∫ ⊔⟨⌉\ ⊣⌋↖ ⌋≀⊓\⊔⌉⌈ {≀∇ ⌊† ⊔⟨⌉ ⌉§⟩∫⊔⌉\⌋⌉ ≀{ ⊔⊒≀ \⌉}⊣⊔⟩≀\ ≀√⌉∇⊣⊔≀∇∫¬ ⟨¬φ^e, φ^i⟩ ∪O∇⌈⟩\⊣∇† \⌉}⊣⊔⟩≀\ ≀{ φ♯ ⟨¬(φ^e ∧ φ^i), (φ^i ∨ ¬φ^i)⟩ ∪C≀\⊔∇⊣⌈⟩⌋⊔⟩≀\ \⌉}⊣⊔⟩≀\ ≀{ φ♯ Ordinary negation affects only the truthconditional meaning preserving implicatures ↼roughly equivalent to presuppositions↽ so that Johnφs not managing to solve the problem still implicates that the problem was difαcult▷ In contrast the meaning of the Ψcontradictionν negation leaves unspeciαed whether the negation is based on the truthconditional meaning or the conventional implicata, and crucially the implicata of the contradictory negation are vacuous thus in effect cancelled▷ Although Karttunen and Peters do not discuss category mistakes explicitly it is not difαcult to see how directly this approach would adapt to such cases. applicability conditions of predicates ↼e▷g▷ having a physical surface for color predicates like green↽ can be taken as conventional implicatures▷ As a result the utterance ΨIdeas are not greenν has an interpretation as an ordinary negation in which case it suffers from the same presupposition failure as ΨIdeas are greenν or as a contradiction negation as in example ↼25b↽▷ Notice the analogy between this approach and the term vs▷ predicatenegation ambiguity discussed earlier▷

Horn ↼p▷ 146↽ comments that Ψas part of the meaning of an expression and yet not part of its literal meaning ↼that aspect of meaning which affects truth and satisfaction↽ conventional implicata are located simultaneously within semantics ▷ ▷ ▷ and pragmatics▷ν However the ambiguity of negation is still a semantic ambiguity since it concerns only meaning albeit construed slightly more broadly▷ Having gone this far he argues in favor of going still further proposing an analysis according to which the ambiguity of negation unashamedly involves pragmatics▷ At the core of Hornφs argument is a distinction between descriptive negation which concerns semantic or logical status and metalinguistic negation which concerns assertability▷ Crucially descriptive negation is an operator over propositions but metalinguistic negation relates to utterances▷

Horn justiαes the shift from semantic to pragmatic issues by presenting an array of data showing that the Ψpresuppositioncancellingν variety of negative category mistakes and empty subjects � illustrated in ↼25↽ � is just one case of a more general phenomenon that is not restricted to the domain of semantics▷ For example what is rejected in ↼29↽ ↼29↽ Chris didnφt manage to solve some of the problems he managed to solve all of them▷ is not a conventional implicature but the conversational implicature that leads the typical listener to infer that Ψsomeν implies Ψnot all▷ν Other conversational implicatures are handled along similar lines▷ For example Grice ↼1975 p▷ 73↽ suggested that a reviewer might choose to write ↼30a↽ in order to imply that writing ↼30b↽ would have left out crucial information such as a hideous defect in Miss Xφs performance▷ ↼30↽ a▷ Miss X produced a series of sounds which corresponded closely with the score of ℓHome Sweet Home▷φ b▷ Miss X sang ℓHome Sweet Home▷φ According to Grice the implication that the performance was terrible arises because the speaker has violated the submaxim of Brevity▷ Horn notes that the conversational implicature here can be rejected by negation just as in ↼29↽. ↼31↽ Miss X didnφt produce a series of sounds which corresponded closely with the score of ℓHome Sweet Homeφ dammit she sang ℓHome Sweet Homeφ and a lovely rendition it was tooω Implicatures associated with the order of conjunction ↼i▷e▷ the correspondence of order to a time sequence or to importance↽ can be cancelled as well. ↼32↽ a▷ They didnφt have a baby and get married they got married and had a baby▷ b▷ Mozartφs sonatas werenφt for violin and piano they were for piano and violin▷ Other examples show that the phenomenon is still more general permitting the rejection even of phonetic morphological and stylistic aspects of utterances or the focus or connotation implicated by a particular utterance▷ ↼33↽ a▷ He didnφt call the ♭pχolis♯ he called the ♭polχis♯▷ b▷ I didnφt manage to trap two mongeese I managed to trap two mongooses▷ ↼34↽ a▷ Now Cindy dear Grandma would like you to remember that youφre a young lady. Phydeaux didnφt shit the rug he soiled the carpet▷ b▷ Itφs not stewed bunny dear itφs civet de lapin▷ ↼35↽ a▷ Iφm not his daughter heφs my father▷ b▷ Ben Ward is not a black Police Commissioner but a Police Commissioner who is black▷ Metalinguistic negation then constitutes Ψa formally negative utterance which is used to object to a previous utterance on any grounds whateverν ↼p▷ 374↽▷5 Unifying all these examples is a typical prosodic 5Hornφs later analysis appears to weaken this statement somewhat, he isolates a class of implicata that cannot be cancelled by negation▷ contour � Ψcontrastive intonation with a αnal rise within the negative clauseν � together with a continuation in which the faulty implicatum whether lexical morphological or phonetic is rectiαed▷ Horn strengthens his case for this analysis by showing that other logical operators have metalinguistic interpretations as in. ↼36↽ a▷ I can only very brieβy set forth my own views or rather my general attitudes▷ ↼From Sapir Language↽ b▷ If youφre thirsty thereφs some beer in the fridge▷ and that his analysis also applies to scalar implicatures where metalinguistic negation is used Ψfor discon necting the implicated upper bound of relatively weak scalar predicatesν ↼p▷ 382↽. ↼37↽ a▷ Around here we donφt like coffee we love it▷ b▷ That wasnφt a bad year it was a horrible year▷ Finally Horn describes a set of diagnostics for distinguishing descriptive from metalinguistic negation including the inability of incorporated negation to license a metalinguistic reading the ability of metalin guistic negation to permit positive polarity items and the Ψarchetypalν not X but Y frame for metalinguistic negation▷ ↼38↽ a▷ The king of France is not happy▷ b▷ The king of France is unhappy▷ ↼39↽ a▷ Chlamydia is not Ψsometimesν misdiagnosed it is frequently misdiagnosed▷ b▷ ϑChlamydia is not ever misdiagnosed it is frequently misdiagnosed▷ ↼40↽ a▷ It isnφt hot but scalding▷ b▷ Negation is ambiguous not semantically but pragmatically▷ In positing a distinction between the logical and the implicated aspects of an utterance Hornφs analysis is very much in the same spirit as that of Karttunen and Peters▷ However Horn argues that unlike their account his metalinguistic analysis is capable of handling not only objections to propositional content and conventional implicatures but also objections based on improper grammar choice of register phonetics and so forth▷ A similar point holds for analyses in which one reading of negation is taken to be a general operator more or less equivalent to Ψit is not true that S▷ν Horn comments Metalinguistic negation as we have seen is used to deny or object to any aspect of a previous utterance � from the conventional or conversational implicata that may be associated with it to its syntactic morphological or phonetic form▷ There can be no justiαcation for inserting an operator TRUE into the logical form for a certain subclass of marked negative sentences in order for negation to be able to focus on it if metalinguistic negation does not in principle have to do with truth conditions▷ ↼p▷ 414↽ Horn acknowledges that establishing a dichotomy between descriptive and metalinguistic negation opens up an enormous formal problem. One important question which I did not and will not directly address here is just how met alinguistic negation is to be represented within a formal theory of natural language discourse ▷ ▷ ▷ We must be content for now with the negative fact extracted from this chapter. some instances of negation in natural language are not formally representable in an interpreted propo sitional language▷ ↼p▷ 444↽ Since category mistakes and metalinguistic negation are so closely related this last comment of Hornφs might lead a cynic to consign them to a black hole ↼the one containing all those Ψpragmaticν phenomena that are deemed to be beyond formal treatment at least for the next few centuries↽▷ In Section 3▷4 I will argue for a more optimistic view to be developed in the remainder of the chapter▷ First however I will brieβy review the treatment of category mistakes in generative linguistic theory▷

3▷3 Selection Restrictions 3▷3▷1 Selection restrictions as lexical features The phenomena discussed in the previous section appeared in the guise of Ψselection restrictionsν in ↼Katz and Fodor 1964↽▷ Katz and Fodor proposed a decompositional theory of word meaning in which lexical entries speciαed the features applicable to a particular lexical item▷ The classic example is the noun bachelor decomposed into four lexical entries of the following form. ↼41↽ a▷ ↼Human↽ ↼Male↽ ♭who has never married♯ b▷ ↼Human↽ ↼Male↽ ♭young knight serving under another knightφs standard♯ c▷ ↼Human↽ ↼Male↽ ♭who has the αrst or lowest academic degree♯ d▷ ↼Animal↽ ↼Male↽ ♭young fur seal when without a mate during the breeding time♯ Features not encoded directly in the lexical entry were also taken to be part of a wordφs meaning � for example something HUMAN is also ANIMATE � though speciαc mechanisms for accomplishing this ↼inheritance redundancy rules↽ are not relevant here▷ ↼The items in parentheses are semantic markers and elements in square brackets are Ψdistinguishers▷ν Semantic markers are intended to be primary with distinguishers not constituting components of meaning per se, however see ↼Fodor 1977 Chapter 5↽ for a critical discussion of this view▷ Kastovsky ↼1980↽ comments that Fodor and Katzφs distinction between markers and distinguishers Ψwas completely rejected later as untenable both on theoretical and empirical groundsν ↼p▷ 86↽▷↽ For words that denote predicates Katz and Fodor proposed that the arguments in their lexical entries ↼properly variables in argument position↽ be annotated with selection restrictions � that is speciαcations identifying the necessary and sufαcient condition for a semantically acceptable argument▷ Such conditions were represented as Boolean functions of semantic markers, for example ↼42↽ gives their selection restrictions on the arguments for the verb hit when used as in ΨThe man hits the ground with a rock▷ν ↼42↽ a▷ ♭SUBJECT♯ ↼Human↽ ∨ ⇐H⟩}⟨⌉∇ A\⟩⇕⊣↕⇒ ⌊↙ ∪OBJECT⊎ ⇐P⟨†∫⟩⌋⊣↕ O⌊|⌉⌋⊔⇒ ⌋↙ ∪INSTRUMENTAL⊎ ⇐P⟨†∫⟩⌋⊣↕ O⌊|⌉⌋⊔⇒ G⟩⊑⌉\ ⊣ ⌋⟨⊣∇⊣⌋⊔⌉∇⟩‡⊣⊔⟩≀\ ≀{ ⊣∇}⊓⇕⌉\⊔∫ ⊣∫ ⟩\ ⇐△∞⇒ ⊣\⌈ ≀{ ∫⌉↕⌉⌋⊔⟩≀\ ∇⌉∫⊔∇⟩⌋⊔⟩≀\∫ ⊣∫ ⟩\ ⇐△∈⇒⇔ ⊔⟨⌉ √∇⌉⌈⟩⌋⊣⊔⌉∫ ⊣\⌈ ⊣∇}⊓⇕⌉\⊔∫ ⊒⌉∇⌉ ⌋≀⇕⌊⟩\⌉⌈ ∫⊔∇⊣⟩}⟨⊔{≀∇⊒⊣∇⌈↕†¬ ⊔⟨⌉ ⌋∇≀∫∫↖√∇≀⌈⊓⌋⊔ ≀{ ⊣↕↕ √≀∫∫⟩⌊↕⌉ ⌋≀⇕⌊⟩\⊣⊔⟩≀\∫ ⊒≀⊓↕⌈ ⌊⌉ ⊔⊣‖⌉\ ≀⊑⌉∇ ⊔⟨⌉ ∫⌉\∫⌉∫ ⊣∫∫≀⌋⟩⊣⊔⌉⌈ ⊒⟩⊔⟨ ⊔⟨⌉ ⌋≀⇕√≀\⌉\⊔ ⊒≀∇⌈∫ ⟩\ ⊣\ ⌉§√∇⌉∫∫⟩≀\⇔ ⊣\⌈ ∫⌉↕⌉⌋⊔⟩≀\ ∇⌉∫⊔∇⟩⌋⊔⟩≀\∫ ⊒≀⊓↕⌈ ∇⊓↕⌉ ≀⊓⊔ ⟩\⊣√√∇≀√∇⟩⊣⊔⌉ ∇⌉⊣⌈⟩\}∫ {∇≀⇕ ⊔⟨⌉ ∇⌉∫⊓↕⊔⟩\} ∫⌉⊔↙ F≀∇ ⌉§⊣⇕√↕⌉⇔ ∫⊓√√≀∫⌉ ⌊⊣⌋⟨⌉↕≀∇ ⟨⊣⌈ ⊔⟨⌉ {≀⊓∇ ∇⌉⊣⌈⟩\}∫ }⟩⊑⌉\ ⊣⌊≀⊑⌉⇔ ⟨⟩⊔ ⟨⊣⌈ ⊔⟨⌉ ∇⌉⊣⌈⟩\} ⟩\ ⇐△∈⇒ √↕⊓∫ ≀\⌉ ≀⊔⟨⌉∇ ⇐⌉↙}↙ ⊔⟨⌉ ∇⌉⊣⌈⟩\} ⟩\ ⊖⊔⟨⌉ ∇≀⌋‖ ⟨⟩⊔ ⊔⟨⌉ }∇≀⊓\⌈ ⊒⟩⊔⟨

△∋ ⊣ ⊔⟨⊓⌈⪰⇒⇔ ⊣\⌈ ⌊⊣∫⌉⌊⊣↕↕ ⟨⊣⌈ ⊔⊒≀ ∫⌉\∫⌉∫ ⇐⌉↙}↙ ⊣∫ ⊣ √⟨†∫⟩⌋⊣↕ ≀⌊|⌉⌋⊔ ⊣\⌈ ⊣ }⊣⇕⌉⇒↙ U\⌈⌉∇ ⊔⟨⌉∫⌉ ⌋⟩∇⌋⊓⇕∫⊔⊣\⌋⌉∫⇔ ⊖T⟨⌉ ⌊⊣⌋⟨⌉↕≀∇ ⟨⟩⊔ ⊔⟨⌉ ⌊⊣∫⌉⌊⊣↕↕⪰ ⊒≀⊓↕⌈ ⌊⌉}⟩\ ⊒⟩⊔⟨ ∫⟩§⊔⌉⌉\ ⇐= 4 × ∈ × ∈⇒ √≀∫∫⟩⌊↕⌉ ∇⌉⊣⌈⟩\}∫↙ H≀⊒⌉⊑⌉∇⇔ ∫≀⇕⌉ ≀{ ⊔⟨≀∫⌉ ∇⌉⊣⌈⟩\}∫ ⊒≀⊓↕⌈ ⌊⌉ ∇⊓↕⌉⌈ ≀⊓⊔¬ ⊣∫∫⊓⇕⟩\} ⊔⟨⊣⊔ ∫⌉⊣↕∫ ⊣∇⌉ \≀⊔ ⟨⟩}⟨⌉∇ ⊣\⟩⇕⊣↕∫⇔ ⊔⟨⌉ ∫⌉↕⌉⌋⊔⟩≀\ ∇⌉∫⊔∇⟩⌋⊔⟩≀\ ≀\ ⊔⟨⌉ ∫⊓⌊|⌉⌋⊔ ⟩\ ⇐△∈⇒ ⌉↕⟩⇕⟩\⊣⊔⌉∫ ⊣↕↕ ∇⌉⊣⌈⟩\}∫ ⟩\ ⊒⟨⟩⌋⟨ ⊔⟨⊣⊔ ∫⌉\∫⌉ ≀{ ⟨⟩⊔ ⊔⊣‖⌉∫ ⇐△∞⌈⇒ ⊣∫ ⟩⊔∫ ∫⊓⌊|⌉⌋⊔↙ S⟩⇕⟩↕⊣∇↕†⇔ ⊔⟨⌉ ⟩\⊔⌉∇√∇⌉⊔⟩⊑⌉ √∇≀⌋⌉⌈⊓∇⌉ ⊒≀⊓↕⌈ ⌈⟩∫⌋⊣∇⌈ ⊣↕↕ ∇⌉⊣⌈⟩\}∫ ⌋≀\∫⊔∇⊓⟩\} ⌊⊣∫⌉⌊⊣↕↕ ⊣∫ ⊣ }⊣⇕⌉↙ T⟨⌉ ⊔⟨⌉≀∇† √∇⌉∫⌉\⊔⌉⌈ ⌊† K⊣⊔‡ ⊣\⌈ F≀⌈≀∇ ⇐∞∃△̸⇒ ⟨⊣∫ ⊣ \⊓⇕⌊⌉∇ ≀{ ⟩⇕√≀∇⊔⊣\⊔ {⌉⊣⊔⊓∇⌉∫↙ F⟩∇∫⊔⇔ ⟩⊔ ⊣⌋⌋≀⊓\⊔∫ {≀∇ ⊔⟨⌉ ∫⌉⇕⊣\⊔⟩⌋⊣↕↕† ⊣\≀⇕⊣↕≀⊓∫ ⌋⟨⊣∇⊣⌋⊔⌉∇ ≀{ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⊑⟩≀↕⊣⊔⟩≀\∫ ⇐⟩↙⌉↙ ⌋⊣⊔⌉}≀∇† ⇕⟩∫⊔⊣‖⌉∫⇒¬ ⟩{ \≀ ∫⌉\∫⌉ ≀{ ⊣\ ⊣∇}⊓⇕⌉\⊔ ⇕⌉⌉⊔∫ ⊔⟨⌉ ⌋≀\⌈⟩⊔⟩≀\∫ ≀\ ⊣\ ⊣∇}⊓⇕⌉\⊔ ≀{ ⊔⟨⌉ √∇⌉⌈⟩⌋⊣⊔⌉⇔ ⊔⟨⌉\ ⊔⟨⌉ ∫⌉⊔ ≀{ ∇⌉⊣⌈⟩\}∫ {≀∇ ⊣\ ⌉§√∇⌉∫∫⟩≀\ ⊒⟩↕↕ ⌊⌉ ⌉⇕√⊔†↙ S⌉⌋≀\⌈⇔ ⟩⊔ ∫⟨≀⊒∫ ⟨≀⊒ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ √∇≀√⌉∇⊔⟩⌉∫ ⌋⊣\ ⌊⌉ ⊓∫⌉⌈ ⟩\ ⊣ √≀∫⟩⊔⟩⊑⌉ ⊒⊣† ⊔≀ ⌋≀\∫⊔∇⊣⟩\ ⊣⇕⌊⟩}⊓⟩⊔†⇔ ∫⟩\⌋⌉ ⊔⟨⌉ ⌋∇≀∫∫↖√∇≀⌈⊓⌋⊔ ≀{ ⊣↕↕ √≀∫∫⟩⌊↕⌉ ∇⌉⊣⌈⟩\}∫ ⟩∫ ∇⌉⌈⊓⌋⌉⌈ ⌊† ⊔⟨≀∫⌉ ⊔⟨⊣⊔ ⊣∇⌉ ∫⌉↕⌉⌋⊔⟩≀\⊣↕↕† ⟩\⊣√√∇≀√∇⟩⊣⊔⌉↙ A\⌈ ⊔⟨⟩∇⌈⇔ ⟩⊔ ⊣⌋⌋≀⊓\⊔∫⇔ ⊑⟩⊣ ⌈⌉⌋≀⇕√≀∫⟩⊔⟩≀\⊣↕ ↕⌉§⟩⌋⊣↕ ∫⌉⇕⊣\⊔⟩⌋∫⇔ {≀∇ ⊔⟨⌉ ⟩\⊔⊓⟩⊔⟩≀\ ⊔⟨⊣⊔ ⌋⌉∇⊔⊣⟩\ ↕⌉§⟩⌋⊣↕ ⌋≀⇕⌊⟩\⊣⊔⟩≀\∫ ⊣∇⌉ ∇⌉⌈⊓\⌈⊣\⊔ ≀∇ ⊔⊣⊓⊔≀↕≀}≀⊓∫ � {≀∇ ⌉§⊣⇕√↕⌉⇔ ⊔⟨⌉ ↕⌉§⟩⌋⊣↕ ⌈⌉⌋≀⇕√≀∫⟩⊔⟩≀\ ≀{ ⌊⊣⌋⟨⌉↕≀∇ ∫√⌉⌋⟩⊘⌉∫ ⊔⟨⊣⊔ ⌊⊣⌋⟨⌉↕≀∇∫ ⊣∇⌉ ⊓\⇕⊣∇∇⟩⌉⌈⇔ ∫≀ ⊔⟨⌉ ⇕≀⌈⟩⊘⌉∇ ⟩\ ⊓\⇕⊣∇∇⟩⌉⌈ ⌊⊣⌋⟨⌉↕≀∇ ⊣⌈⌈∫ \≀ \⌉⊒ ⟩\{≀∇⇕⊣⊔⟩≀\ ⊒⟨⌉\ ⊔⟨⌉ ⊔⊒≀ ↕⌉§⟩⌋⊣↕ ⌉\⊔∇⟩⌉∫ ⊣∇⌉ ⌋≀⇕⌊⟩\⌉⌈↙

∋↙∋↙∈ S⌉↕⌉⌋⊔⟩≀\ ∇⌉∫⊔∇⟩⌋⊔⟩≀\∫ ⊣∫ ∫†\⊔⊣⌋⊔⟩⌋ {⌉⊣⊔⊓∇⌉∫ C⟨≀⇕∫‖† ⇐∞∃▽̸⇒ ⊣⌈≀√⊔⌉⌈ ⊣ ⊔⟨⌉≀∇† ≀{ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ∇⌉∫⊔∇⟩⌋⊔⟩≀\∫ ⊔⟨⊣⊔ ⊒⊣∫ ⟩\ ⇕⊣\† ⊒⊣†∫ ∫⟩⇕⟩↕⊣∇ ⊔≀ K⊣⊔‡ ⊣\⌈ F≀⌈≀∇≃∫⇔ ⌊⊓⊔ ⟨⌉ ↕≀⌋⊣⊔⌉⌈ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ {⌉⊣⊔⊓∇⌉∫ ⟩\ ⊔⟨⌉ ∫†\⊔⊣⌋⊔⟩⌋ ∇⊣⊔⟨⌉∇ ⊔⟨⊣\ ⊔⟨⌉ ∫⌉⇕⊣\⊔⟩⌋↖⟩\⊔⌉∇√∇⌉⊔⟩⊑⌉ ⌋≀⇕√≀\⌉\⊔↙ S⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫ ⊣√√↕⟩⌉⌈ ⊔≀ ↕⌉§⟩⌋⊣↕ ⟩\∫⌉∇⊔⟩≀\⇔ √∇⌉⊑⌉\⊔⟩\} ⊣\≀⇕⊣↕≀⊓∫ √∇⌉⌈⟩⌋⊣⊔⌉↖⊣∇}⊓⇕⌉\⊔ ⌋≀⇕⌊⟩\⊣⊔⟩≀\∫ {∇≀⇕ ⌊⌉⟩\} ⟩\∫⌉∇⊔⌉⌈ ⟩\⊔≀ ⌈⌉⌉√ ∫⊔∇⊓⌋⊔⊓∇⌉∫↙ T⟨⌉ √∇⌉∫⌉\⌋⌉ ≀{ ⊔⊒≀ ⌋≀\⊔⌉⇕√≀∇⊣∇† {≀∇⇕⊣↕ ⇕⌉⌋⟨⊣\⟩∫⇕∫⇔ ≀\⌉ ∫†\↖ ⊔⊣⌋⊔⟩⌋ ⊣\⌈ ⊔⟨⌉ ≀⊔⟨⌉∇ ∫⌉⇕⊣\⊔⟩⌋⇔ ⊒⊣∫ ⌋≀⇕√↕⟩⌋⊣⊔⌉⌈ ⌉⊑⌉\ {⊓∇⊔⟨⌉∇ ⌊† ⊔⟨⌉ {⊣⌋⊔ ⊔⟨⊣⊔ C⟨≀⇕∫‖†≃∫ ∫†\⊔⊣⌋⊔⟩⌋ ⊑⟩⌉⊒ ≀{ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ √⟨⌉\≀⇕⌉\⊣ ∇⌉√∇⌉∫⌉\⊔⌉⌈ ⊣ ∫⟨⟩{⊔ {∇≀⇕ ⟨⟩∫ ∫⌉⇕⊣\⊔⟩⌋ ⌋⟨⊣∇⊣⌋⊔⌉∇⟩‡⊣⊔⟩≀\ ⟩\ S†\⊔⊣⌋⊔⟩⌋ S⊔∇⊓⌋⊔⊓∇⌉∫ ⇐C⟨≀⇕↖ ∫‖†⇔ ∞∃▽⇒↙ F≀⌈≀∇ ⇐∞∃⇔ √↙ ∃⇒ ⌋≀⇕⇕⌉\⊔∫ ⊔⟨⊣⊔ ⊖⊔⟨⌉ ⊔∇⌉⊣⊔⇕⌉\⊔ ≀{ ∫⌉↕⌉⌋⊔⟩≀\ ⊣⊔ ⊔⟨⟩∫ ∫⊔⊣}⌉ ⊒⊣∫ ∫⌋⟨⟩‡≀√⟨∇⌉\⟩⌋↙⪰ C⟨≀⇕∫‖† ⌈⟩⌈ \≀⊔ ⌉§√∇⌉∫∫ ⊣ √⊣∇⊔⟩⌋⊓↕⊣∇↕† ∫⊔∇≀\} ⌋≀⇕⇕⟩⊔⇕⌉\⊔ ⊔≀ ⊔⟨⌉ ∫†\⊔⊣⌋⊔⟩⌋ ⊔∇⌉⊣⊔⇕⌉\⊔ ≀{ ∫⌉↕⌉⌋⊔⟩≀\ ∇⌉∫⊔∇⟩⌋⊔⟩≀\∫∅ {≀∇ ⌉§⊣⇕√↕⌉⇔ ⟨⌉ ⊒∇≀⊔⌉¬ S⌉↕⌉⌋⊔⟩≀\⊣↕ ∇⊓↕⌉∫ √↕⊣† ⊣ ∇⊣⊔⟨⌉∇ ⇕⊣∇}⟩\⊣↕ ∇≀↕⌉ ⟩\ ⊔⟨⌉ }∇⊣⇕⇕⊣∇⇔ ⊣↕⊔⟨≀⊓}⟨ ⊔⟨⌉ {⌉⊣⊔⊓∇⌉∫ ⊔⟨⊣⊔ ⊔⟨⌉† ⌈⌉⊣↕ ⊒⟩⊔⟨ ⇕⊣† ⌊⌉ ⟩\⊑≀↕⊑⌉⌈ ⟩\ ⇕⊣\† √⊓∇⌉↕† ∫†\⊔⊣⌋⊔⟩⌋ √∇≀⌋⌉∫∫⌉∫ ↙ ↙ ↙ O\⌉ ⇕⟩}⟨⊔ √∇≀√≀∫⌉⇔ ⊔⟨⌉∇⌉{≀∇⌉⇔ ⊔⟨⊣⊔ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ∇⊓↕⌉∫ ⌊⌉ ⌈∇≀√√⌉⌈ {∇≀⇕ ⊔⟨⌉ ∫†\⊔⊣§ ⊣\⌈ ⊔⟨⊣⊔ ⊔⟨⌉⟩∇ {⊓\⌋⊔⟩≀\ ⌊⌉ ⊔⊣‖⌉\ ≀⊑⌉∇ ⌊† ⊔⟨⌉ ∫⌉⇕⊣\⊔⟩⌋ ⌋≀⇕√≀\⌉\⊔↙ S⊓⌋⟨ ⊣ ⌋⟨⊣\}⌉ ⊒≀⊓↕⌈ ⌈≀ ↕⟩⊔⊔↕⌉ ⊑⟩≀↕⌉\⌋⌉ ⊔≀ ⊔⟨⌉ ∫⊔∇⊓⌋⊔⊓∇⌉ ≀{ }∇⊣⇕⇕⊣∇ ⊣∫ ⌈⌉∫⌋∇⟩⌊⌉⌈ ⌉⊣∇↕⟩⌉∇↙ ⇐C⟨≀⇕∫‖†⇔ ∞∃▽̸⇔ √↙ ∞▽∋⇒ H≀⊒⌉⊑⌉∇⇔ ⟨⌉ ⌈⟩⌈ ⊣∇}⊓⌉ {≀∇⌋⌉{⊓↕↕† ⊔⟨⊣⊔ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ {⌉⊣⊔⊓∇⌉∫ ∫⊓⌋⟨ ⊣∫ ∪H⊓⇕⊣\⊎ ⊣\⌈ ∪A⌊∫⊔∇⊣⌋⊔⊎ ⌋≀⊓↕⌈ \≀⊔ ⌊⌉ ⌉§⌋↕⊓⌈⌉⌈ {∇≀⇕ ⊔⟨⌉ ∫†\⊔⊣⌋⊔⟩⌋ ⌋≀⇕√≀\⌉\⊔⇔ ⊓\⌈⌉∇ ⊔⟨⌉ ⊣∫∫⊓⇕√⊔⟩≀\ ⊔⟨⊣⊔ ⌉§√∇⌉∫∫⟩≀\∫ ↕⟩‖⌉ ⊖⊔⟨⌉ ⌊≀≀‖ ⊒⟨≀ †≀⊓ ∇⌉⊣⌈⪰ ⊣∇⌉ ⌈⌉⊑⟩⊣\⊔ ≀\ ∫†\⊔⊣⌋⊔⟩⌋ }∇≀⊓\⌈∫↙ A∫ {≀∇ ⊔⟨⌉ ∫⊔⊣⊔⊓∫ ≀{ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ∇⊓↕⌉∫ ⊔⟨⌉⇕∫⌉↕⊑⌉∫⇔ C⟨≀⇕∫‖†≃∫ ⊣∇}⊓⇕⌉\⊔∫ ⊣∇⌉ \⌉⟩⊔⟨⌉∇ √⊣∇⊔⟩⌋⊓↕⊣∇↕† ⊑⌉⟨⌉⇕⌉\⊔ \≀∇ √⊣∇⊔⟩⌋⊓↕⊣∇↕† ⌋≀\⊑⟩\⌋⟩\}↙ T⟨⌉ ⇕⊣⟩\ √≀⟩\⊔ ⟨⌉ ⇕⊣‖⌉∫ ∫⌉⌉⇕∫ ⊔≀ ⌊⌉ ⊣ ∇⌉∫√≀\∫⌉ ⊔≀ ⊔⟨⌉ ≀⌊∫⌉∇⊑⊣⊔⟩≀\ ⊔⟨⊣⊔ ∫⌉⇕⊣\⊔⟩⌋ ⌊⊓⊔ \≀⊔ ∫†\⊔⊣⌋⊔⟩⌋ ⊣\≀⇕⊣↕† ⟩∫ ⊣⌋⌋⌉√⊔⊣⌊↕⌉ ⟩\ ⌉⇕⌊⌉⌈⌈⌉⌈ ⌋≀\⊔⌉§⊔∫↙ H⌉ ⌋≀⇕⇕⌉\⊔∫ ⊔⟨⊣⊔ ⊣↕⊔⟨≀⊓}⟨ √↕⊣⌋⟩\} ∫⌉↕⌉⌋⊔⟩≀\ ⟩\ ⊔⟨⌉ ∫†\⊔⊣⌋⊔⟩⌋ ⌋≀⇕√≀\⌉\⊔ ⊒≀⊓↕⌈ ∇⌉∐⊓⟩∇⌉ ⊣\ ⊣⌋⌋≀⊓\⊔ {≀∇ ∫⊓⌋⟨ ⌋⊣∫⌉∫ ⊣∫ ⇐△∋⊣⇒⇔ ∫≀⇕⌉ ∫⊓⌋⟨ ⌉§√↕⊣\⊣⊔⟩≀\ ⊒≀⊓↕⌈ ⌊⌉ \⌉⌋⌉∫∫⊣∇† ⊣\†⊒⊣†⇔ ⟩\ ≀∇⌈⌉∇ ⊔≀ ⊣⌋⌋≀⊓\⊔ {≀∇ ⊔⟨⌉ ⊣⌋⌋⌉√⊔⊣⌊⟩↕⟩⊔† ≀{ ⌉⇕⌊⌉⌈⌈⌉⌈ ∫⊓⌊⌋⊣⊔⌉}≀∇⟩‡⊣⊔⟩≀\ ⊑⟩≀↕⊣⊔⟩≀\∫ ⊣∫ ⟩\ ⇐△∋⌊⇒¬ ⇐△∋⇒ ⊣↙ I⊔ ⟩∫ \≀\∫⌉\∫⌉ ⊔≀ ∫√⌉⊣‖ ≀{ {∇⟩}⟨⊔⌉\⟩\} ∫⟩\⌋⌉∇⟩⊔†↙ ⌊↙ I⊔ ⟩∫ \≀\∫⌉\∫⌉ ⊔≀ ∫√⌉⊣‖ ≀{ ⌉↕⊣√∫⟩\} ⊣ ⌊≀≀‖↙

△△ T⟨⊓∫ ⊣⊔ ↕⌉⊣∫⊔ ≀\⌉ ⇕≀⊔⟩⊑⊣⊔⟩≀\ {≀∇ ∇⌉⇕≀⊑⟩\} ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ∇⊓↕⌉∫ {∇≀⇕ ⊔⟨⌉ ∫†\⊔⊣⌋⊔⟩⌋ ⌋≀⇕√≀\⌉\⊔ ⟩∫ \≀⊔ ⊣∫ ∫⊔∇≀\} ⊣∫ ⟩⊔ ⇕⟩}⟨⊔ ⌊⌉↙ ⇐A↕⊔⟨≀⊓}⟨ ⇐△∋⌊⇒ ⌋⌉∇⊔⊣⟩\↕† ∇⌉∐⊓⟩∇⌉∫ ⊣\ ⌉§√↕⊣\⊣⊔⟩≀\⇔ ⟩⊔ ∫⌉⌉⇕∫ ⊔≀ ⇕⌉ ⊔⟨⊣⊔ ⌉⇕⌊⌉⌈⌈⌉⌈ ⌋≀\⊔⌉§⊔∫ ⊣∇⌉ ⟩∇∇⌉↕⌉⊑⊣\⊔ ⟨⌉∇⌉↙ R⊣⊔⟨⌉∇ ⊔⟨⌉ √⟨⌉\≀⇕⌉\≀\ ∫⌉⌉⇕∫ ⊔≀ ⌋≀\⌋⌉∇\ ⊔⟨⌉ ∐⊓⌉∫⊔⟩≀\ ≀{ ⟨≀⊒ ⊑⌉∇⌊ ⇕⌉⊣\⟩\}∫ ⊣\⌈ ∫†\⊔⊣⌋⊔⟩⌋ {∇⊣⇕⌉∫ √∇≀⌈⊓⌋⊔⟩⊑⌉↕† ⟩\⊔⌉∇⊣⌋⊔ � ⊣∫⇔ {≀∇ ⌉§⊣⇕√↕⌉⇔ ⟩\¬ ⇐△△⇒ ⊣↙ G⌉√⌉⊔⊔≀ ⌈⊣\⌋⌉⌈ P⟩\\≀⌋⟨⟩≀ ⇐⊣⌋∇≀∫∫ ⊔⟨⌉ ⊔⊣⌊↕⌉⇒↙ ⌊↙ T⟨⌉ ∫⟨≀∇⊔∫⊔≀√ ↕≀≀‖⌉⌈ ⊔⟨⌉ ∇⊓\\⌉∇ ⌊⊣⌋‖ ⊔≀ ∫⌉⌋≀\⌈ ⌊⊣∫⌉↙ S⌉⌉ ⇐F⟩∫⟨⌉∇⇔ G↕⌉⟩⊔⇕⊣\⇔ ⊣\⌈ G↕⌉⟩⊔⇕⊣\⇔ ∞∃∃∞⇒ {≀∇ ⌈⟩∫⌋⊓∫∫⟩≀\⇔ ⊣\⌈ ⌋{↙ G∇⟩⇕∫⟨⊣⊒≃∫ ⇐∞∃∃∋⇒ ∫⊓}}⌉∫⊔⟩≀\ ⊔⟨⊣⊔ ⌈⟩⊣⊔⟨⌉∫⟩∫ ⊣↕⊔⌉∇\⊣⊔⟩≀\∫ ⊣∇⌉ ⊔⟨⌉ ∇⌉∫⊓↕⊔ ≀{ ⌋≀∇⌉ ⊑⌉∇⌊ ⇕⌉⊣\⟩\}∫ ⟩\⊔⌉∇⊣⌋⊔⟩\} ⊒⟩⊔⟨ ⌋↕⊣⊓∫⊣↕ ∫⊔∇⊓⌋⊔⊓∇⌉↙⇒ ∋↙∋↙∋ S⌉↕⌉⌋⊔⟩≀\ ∇⌉∫⊔∇⟩⌋⊔⟩≀\∫ ⊣∫ ∫⌉⇕⊣\⊔⟩⌋ ⌋≀\∫⊔∇⊣⟩\⊔∫ T⟨⌉ ⌈⟩∫⌋⊓∫∫⟩≀\ ≀{ ∫⌉↕⌉⌋⊔⟩≀\ ∇⌉∫⊔∇⟩⌋⊔⟩≀\∫ ⟩\ ∫†\⊔⊣⌋⊔⟩⌋ ⊔⌉∇⇕∫ ∫⌉⌉⇕∫ {≀∇ ⊔⟨⌉ ⇕≀∫⊔ √⊣∇⊔ ⊔≀ ⟨⊣⊑⌉ ⌉\⌈⌉⌈ ⟩\ ⊔⟨⌉ ∞∃′∫⇔ ≀⊒⟩\} ⊣⊔ ↕⌉⊣∫⊔ ⟩\ √⊣∇⊔ ⊔≀ ⊔⟨⌉ ⟩\⊙⊓⌉\⌋⌉ ≀{ ⌋∇⟩⊔⟩∐⊓⌉∫ ⌊† M⌋C⊣⊒↕⌉† ⇐∞∃∀̸⇒ {∇≀⇕ ⊔⟨⌉ √⌉∇∫√⌉⌋⊔⟩⊑⌉ ≀{ }⌉\⌉∇⊣⊔⟩⊑⌉ ∫⌉⇕⊣\⊔⟩⌋∫↙ M⌋C⊣⊒↕⌉† √∇≀⊑⟩⌈⌉∫ ⌋≀\⊑⟩\⌋⟩\} ⌉⊑⟩⌈⌉\⌋⌉ ⊔⟨⊣⊔ ∫⌉↕⌉⌋⊔⟩≀\ ⟩\⊑≀↕⊑⌉∫ ⊣⊔ ↕⌉⊣∫⊔ ∫⌉⇕⊣\⊔⟩⌋∫⇔ ⌋≀\⊔∇⊣ C⟨≀⇕∫‖† ⇐∞∃▽̸⇒∅ ⊣\⌈ ⌋≀\⊔∇⊣ K⊣⊔‡ ⊣\⌈ F≀⌈≀∇ ⇐∞∃△̸⇒ ⟨⌉ ⊘\⌈∫ ∫⌉⊑⌉∇⌉ √∇≀⌊↕⌉⇕∫ ⊒⟩⊔⟨ ⊔⟨⌉⟩∇ ⊣\⊣↕†∫⟩∫ ≀{ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ √⟨⌉\≀⇕⌉\⊣ ⌊⊣∫⌉⌈ ≀\ ⊣ ↕⌉§⟩⌋⊣↕ ⌈⌉⌋≀⇕√≀∫⟩⊔⟩≀\ ⊔⟨⌉≀∇† ≀{ ⇕⌉⊣\⟩\}↙ A∫ ⊣ ⊘∇∫⊔ √≀⟩\⊔ ⊣}⊣⟩\∫⊔ ⊔⟨⌉ ↕⌉§⟩⌋⊣↕↖{⌉⊣⊔⊓∇⌉∫ ⊣\⊣↕†∫⟩∫ ≀{ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ √⟨⌉\≀⇕⌉\⊣⇔ M⌋C⊣⊒↕⌉† ≀⌊∫⌉∇⊑⌉∫ ⊔⟨⊣⊔ ∫⌉↕⌉⌋⊔⟩≀\ ∇⌉∫⊔∇⟩⌋⊔⟩≀\∫ ⇕⊓∫⊔ ⌊⌉ ⌋≀\∫⊔∇⊓⌉⌈ ⊣∫ ⊣√√↕†⟩\} \≀⊔ ⊔≀ ↕⌉§⟩⌋⊣↕ ⟩⊔⌉⇕∫⇔ ⌊⊓⊔ ⊔≀ ⌉\⊔⟩∇⌉ ⌋≀\∫⊔⟩⊔⊓⌉\⊔∫↙ H⌉ √≀⟩\⊔∫ ≀⊓⊔ ⊔⟨⊣⊔ ⊔⟨⌉ ⊣\≀⇕⊣↕† ≀{ ⇐△▽⊣⇒ ⌋⊣\\≀⊔ ⌊⌉ ⊣⊔⊔∇⟩⌊⊓⊔⌉⌈ ⊔≀ ⊔⟨⌉ ⟨⌉⊣⌈ \≀⊓\ ≀{ ⊔⟨⌉ ∫⊓⌊|⌉⌋⊔⇔ ∫⟩\⌋⌉ ⇐△▽⌊⇒ ⟩∫ √⌉∇{⌉⌋⊔↕† ⊘\⌉↙ ⇐△▽⇒ ⊣↙ M† ⌊⊓§≀⇕ \⌉⟩}⟨⌊≀∇ ⟩∫ ⊔⟨⌉ {⊣⊔⟨⌉∇ ≀{ ⊔⊒≀↙ ⌊↙ M† \⌉⟩}⟨⌊≀∇ ⟩∫ ⊔⟨⌉ {⊣⊔⟨⌉∇ ≀{ ⊔⊒≀↙ F⊓∇⊔⟨⌉∇⇕≀∇⌉⇔ M⌋C⊣⊒↕⌉† ⊣∇}⊓⌉∫⇔ ∫⌉↕⌉⌋⊔⟩≀\ ∇⌉∫⊔∇⟩⌋⊔⟩≀\∫ ⌋⊣\ ⊔⊣‖⌉ ⟩\⊔≀ ⊣⌋⌋≀⊓\⊔ ⊣\† √⟩⌉⌋⌉ ≀{ ∫⌉⇕⊣\⊔⟩⌋ ⟩\{≀∇⇕⊣⊔⟩≀\ ⊣⌊≀⊓⊔ ⊣ ↕⌉§⟩⌋⊣↕ ⟩⊔⌉⇕⇔ ⊣\⌈ \≀⊔ |⊓∫⊔ ∫≀⇕⌉ ∇⌉∫⊔∇⟩⌋⊔⌉⌈ ∫⌉⊔ � ⟨⌉ √≀⟩\⊔∫ ≀⊓⊔ ⊔⟨⊣⊔ ⇕⊣\† ⊒≀∇⌈∫ ⟨⊣⊑⌉ ⌉§⊔∇⌉⇕⌉↕† ∫√⌉⌋⟩⊘⌋ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ∇⌉∫⊔∇⟩⌋⊔⟩≀\∫⇔ ∫⊓⌋⟨ ⊣∫ ⌈⌉⊑⌉⟩\ ⇐⊣ ∫⟨∇⟩⇕√ ≀∇ √∇⊣⊒\⇒⇔ ⌈⟩⊣}≀\⊣↕⟩‡⌉ ⇐⊣ ⇕⊣⊔∇⟩§⇒⇔ ⊣\⌈ ⌊⌉\⟩}\ ⇐⊣ ⊔⊓⇕≀∇⇔ ⟩\ ⇕⌉⌈⟩⌋⊣↕ ⊓∫⊣}⌉⇒↙ I\ ⊣⌈⌈⟩⊔⟩≀\⇔ ⟨⌉ ⌋↕⊣⟩⇕∫ ⊔⟨⊣⊔ ≀\↕† ∫⌉⇕⊣\⊔⟩⌋ √∇≀√⌉∇⊔⟩⌉∫ ⌋⊣\ ∫⌉∇⊑⌉ ⊣∫ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ {⌉⊣⊔⊓∇⌉∫⇔ ∫≀ ⊔⟨⊣⊔ ⊣√√⊣∇⌉\⊔ ⌋⊣∫⌉∫ ≀{ ∫⌉↕⌉⌋⊔⟩≀\ {≀∇ ∫†\⊔⊣⌋⊔⟩⌋ {⌉⊣⊔⊓∇⌉∫ ⇐⌉↙}↙ ⇕⊣∫∫ ⊑∫↙ ⌋≀⊓\⊔ \≀⊓\∫⇒ ⊣∇⌉ ∇⌉⊣↕↕† ⌋⊣∫⌉∫ ≀{ ∫⌉↕⌉⌋⊔⟩≀\ {≀∇ ⊔⟨⌉ ∫⌉⇕⊣\⊔⟩⌋ {⌉⊣⊔⊓∇⌉∫ ⊒⟩⊔⟨ ⊒⟨⟩⌋⟨ ⊔⟨⌉† ⊣∇⌉ ⌋≀∇∇⌉↕⊣⊔⌉⌈ ⇐⌉↙}↙ ⊒⟨⌉⊔⟨⌉∇ ≀∇ \≀⊔ ⊔⟨⌉ ⟩⊔⌉⇕∫ ∇⌉{⌉∇∇⌉⌈ ⊔≀ ⊣∇⌉ ⟩\⌈⟩⊑⟩⌈⊓⊣⊔⌉⌈⇒↙ N≀⊔⟩⌋⌉⇔ {≀∇ ⌉§⊣⇕√↕⌉⇔ ⊔⟨⊣⊔ ⊔⟨⌉∇⌉ ⊣∇⌉ \≀ ⊑⌉∇⌊∫ ⊔⟨⊣⊔ ∫⌉↕⌉⌋⊔ |⊓∫⊔ ∫†\⊔⊣⌋⊔⟩⌋⊣↕↕† {⌉⇕⟩\⟩\⌉ ∫⊓⌊|⌉⌋⊔∫ ⇐⌉↙}↙ ⟩\ E\}↕⟩∫⟨⇔ ⊒≀⇕⌉\ ⊣\⌈ ∫⟨⟩√∫⇒⇔ ⌊⊓⊔ ⌋⌉∇⊔⊣⟩\↕† ∫≀⇕⌉ ⊔⟨⊣⊔ ∫⌉↕⌉⌋⊔ {≀∇ ⊔⟨⌉ ∫⌉⇕⊣\⊔⟩⌋ {⌉⊣⊔⊓∇⌉ FEMALE↙ T⊣‖⌉\ ⊔≀}⌉⊔⟨⌉∇⇔ ⊔⟨⌉∫⌉ √≀⟩\⊔∫ ∫⟨≀⊒ ⊔⟨⊣⊔ ⊣⌋⌋≀⊓\⊔⟩\} {≀∇ ∫⌉↕⌉⌋⊔⟩≀\ ∇⌉∫⊔∇⟩⌋⊔⟩≀\∫ ∫†\⊔⊣⌋⊔⟩⌋⊣↕↕† ⊒≀⊓↕⌈ ⌈⊓√↕⟩⌋⊣⊔⌉ ⇕⊓⌋⟨ ≀{ ⊔⟨⌉ ⊒≀∇‖ ⊣↕∇⌉⊣⌈† ⌊⌉⟩\} ⌈≀\⌉ ⌊† ⊔⟨⌉ ∫⌉⇕⊣\⊔⟩⌋ ⌋≀⇕√≀\⌉\⊔↙ T⟨⟩∫ ⟩∫ \⟩⌋⌉↕† ⟩↕↕⊓∫⊔∇⊣⊔⌉⌈ ⌊† ⊔⟨⌉ {≀↕↕≀⊒⟩\} ⌉§⊣⇕√↕⌉ ⇐}⟩⊑⌉\ ⟩\ ⇐F≀⌈≀∇⇔ ∞∃⇔ √↙ ∃∀⇒⇒¬ ⇐△⇏ ⊣↙ T⟨⟩∫ ⌋≀∇√∫⌉ ⊣⌈⇕⟩∇⌉∫ ∫⟩\⌋⌉∇⟩⊔†↙ ⌊↙ T⟨⟩∫ ⌈⌉⊣⌈ ⇕⊣\ ⊣⌈⇕⟩∇⌉∫ ∫⟩\⌋⌉∇⟩⊔†↙ ⌋↙ T⟨⟩∫ ⇕⊣\ ⊔⟨⊣⊔ I √∇≀⊑⌉⌈ ⊔⟨⊣⊔ J≀⟨\ ⊒⊣∫ ⇕⟩∫⊔⊣‖⌉\ ⟩\ ⌊⌉↕⟩⌉⊑⟩\} ⊔≀ ⌊⌉ ⊣↕⟩⊑⌉ ⊣⌈⇕⟩∇⌉∫ ∫⟩\⌋⌉∇⟩⊔†↙ F≀⌈≀∇ \≀⊔⌉∫ ⊔⟨⊣⊔ ⊖⊔⟨⌉ {⊣⌋⊔ ⊔⟨⊣⊔ ⊔⟨⌉ ∫⊓⌊|⌉⌋⊔ √⟨∇⊣∫⌉ ≀{ ∪△⌋̸⊎ ∇⌉{⌉∇∫ ⊔≀ ⊣ ⌈⌉⊣⌈ ⇕⊣\ ⟩∫ ⌈⌉⊔⌉∇⇕⟩\⌉⌈ ⌊† ⊔⟨⌉ ⇕⌉⊣\⟩\}∫ ≀{ √∇≀⊑⌉⇔ ⇕⟩∫⊔⊣‖⌉\⇔ ⌊⌉↕⟩⌉⊑⌉⇔ ⊣\⌈ ⊣↕⟩⊑⌉ ⊣\⌈ ⌊† ⊔⟨⌉ ⊒⊣† ⟩\ ⊒⟨⟩⌋⟨ ⊔⟨⌉∫⌉ ⊒≀∇⌈∫ ⊣∇⌉ ⌋≀⇕⌊⟩\⌉⌈ ↙ ↙ ↙ ⟩\ ≀⊔⟨⌉∇ ⊒≀∇⌈∫⇔ ⌊† ⊔⟨⌉ SEMANTIC ⌋≀\⊔⌉\⊔ ≀{ ⊔⟨⌉ ⊒⟨≀↕⌉ \≀⊓\ √⟨∇⊣∫⌉↙⪰ ̸F≀∇ {⊓∇⊔⟨⌉∇ ⌈⌉⌊⊣⊔⌉⇔ ∫⌉⌉ ⇐K⊣⊔‡⇔ ∞∃′∅ M⌋C⊣⊒↕⌉†⇔ ∞∃∞⇒↙

△▽ R⌉}⊣∇⌈⟩\} K⊣⊔‡ ⊣\⌈ F≀⌈≀∇≃∫ ⊓∫⌉ ≀{ ∫⌉↕⌉⌋⊔⟩≀\ ∇⌉∫⊔∇⟩⌋⊔⟩≀\∫ ⟩\ ⌈⟩∫⊣⇕⌊⟩}⊓⊣⊔⟩≀\⇔ M⌋C⊣⊒↕⌉† ⊣∇}⊓⌉∫ ⌋≀\↖ ⊑⟩\⌋⟩\}↕† ⊔⟨⊣⊔ ∫⌉↕⌉⌋⊔⟩≀\⊣↕↕† ⊣\≀⇕⊣↕≀⊓∫ ∫⌉\⊔⌉\⌋⌉∫ ⇕⊓∫⊔ ⌊⌉ ⊣∫∫⟩}\⌉⌈ ∫⌉⇕⊣\⊔⟩⌋ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\∫⇔ ∫⟩\⌋⌉⇔ ⊣∫ \≀⊔⌉⌈ ⌉⊣∇↕⟩⌉∇⇔ ⊣\≀⇕⊣↕≀⊓∫ ⌋≀\∫⊔⟩⊔⊓⌉\⊔∫ ⌋⊣\ ⌊⌉ √⊣∇⊔ ≀{ \≀\↖⊣\≀⇕⊣↕≀⊓∫ ∫⌉\⊔⌉\⌋⌉∫↙ A∫ ⊣ ∇⌉∫⊓↕⊔⇔ K⊣⊔‡ ⊣\⌈ F≀⌈≀∇≃∫ ⇕⌉⌋⟨⊣\⟩∫⇕ ≀{ ⟩⌈⌉\⊔⟩{†⟩\} ∫⌉⇕⊣\⊔⟩⌋ ⊣\≀⇕⊣↕† ⊒⟩⊔⟨ ⊣\ ⌉⇕√⊔† ∫⌉⊔ ≀{ ∇⌉⊣⌈⟩\}∫ ⟩∫ ⊓\⊔⌉\⊣⌊↕⌉↙ M⌋C⊣⊒↕⌉† ⊣↕∫≀ ∫⟨≀⊒∫ ⊔⟨⊣⊔ ⊔⟨⌉ ⌈⟩∫⊣⇕⌊⟩}⊓⊣⊔⟩≀\ ⇕⌉⌋⟨⊣\⟩∫⇕ √∇≀√≀∫⌉⌈ ⌊† K⊣⊔‡ ⊣\⌈ F≀⌈≀∇ ↕⌉⊣⌈∫ ⊔≀ ⊓\⊣⌋⌋⌉√⊔⊣⌊↕⌉ ∇⌉∫⊓↕⊔∫↙ H⌉ \≀⊔⌉∫ ⊔⟨⊣⊔ ⟩{ ‖⟩\} ⟨⊣∫ |⊓∫⊔ ⊔⊒≀ ∇⌉⊣⌈⟩\}∫⇔ ≀\⌉ ∇⌉↕⊣⊔⌉⌈ ⊔≀ ⇕≀\⊣∇⌋⟨† ⊣\⌈ ⊔⟨⌉ ≀⊔⟨⌉∇ ⊔≀ ⌋⟨⌉∫∫⇔ ⊔⟨⌉\ ⊒⟨⌉\ ⇐△⇒ ⟩∫ ⟩\⊔⌉∇√∇⌉⊔⌉⌈⇔ ⇐△⇒ I⊔ ⟩∫ \≀\∫⌉\∫⌉ ⊔≀ ∫√⌉⊣‖ ≀{ ⊣ ‖⟩\} ⊣∫ ⇕⊣⌈⌉ ≀{ √↕⊣∫⊔⟩⌋↙ ⊔⟨⌉ ⇕≀\⊣∇⌋⟨ ∇⌉⊣⌈⟩\} ⊒⟩↕↕ ⌊⌉ ∇⊓↕⌉⌈ ≀⊓⊔⇔ ↕⌉⊣⊑⟩\} ≀\↕† ⊔⟨⌉ ⊓\⟩\⊔⌉\⌈⌉⌈ ∇⌉⊣⌈⟩\}⇔ ⊖I⊔ ⟩∫ \≀\∫⌉\∫⌉ ⊔≀ ∫√⌉⊣‖ ≀{ ⊣ ⌋⟨⌉∫∫ √⟩⌉⌋⌉ ‖⟩\} ⊣∫ ⇕⊣⌈⌉ ≀{ √↕⊣∫⊔⟩⌋↙⪰ I\ }⌉\⌉∇⊣↕⇔ M⌋C⊣⊒↕⌉† ⊔⊣‖⌉∫ ⟩∫∫⊓⌉ ⊒⟩⊔⟨ ⌈⟩∫⊣⇕⌊⟩}⊓⊣⊔⟩≀\ ⌊⊣∫⌉⌈ ≀\↕† ≀\ ⊣ √∇⟩⊑⟩↕⌉}⌉⌈ ∫⌉⊔ ≀{ ∫⌉⇕⊣\⊔⟩⌋ ⇕⊣∇‖⌉∇∫ ⟩⌈⌉\⊔⟩⊘⌉⌈ ⊒⟩⊔⟨ ⊔⟨⌉ ⇕⌉⊣\⟩\}∫ ≀{ ⊒≀∇⌈∫↙ H⌉ √≀⟩\⊔∫ ≀⊓⊔ ⊔⟨⊣⊔ ⊔⟨⌉ ⊒≀∇⌈ √∇⟩⌉∫⊔ ⟨⊣∫ ⊔⟨⌉ ∫⌉⇕⊣\⊔⟩⌋ {⌉⊣⊔⊓∇⌉ MALE ⊣∫∫≀⌋⟩⊣⊔⌉⌈ ⊒⟩⊔⟨ ⟩⊔ \≀⊔ ⊣∫ ⊣\ ⌉↕⌉⇕⌉\⊔ ≀{ ⇕⌉⊣\⟩\}⇔ ⌊⊓⊔ ⊣∫ ⊣ {⊣⌋⊔ ⊣⌊≀⊓⊔ ⊔⟨⌉ ⌋⊓∇∇⌉\⊔ ∫⊔⊣⊔⌉ ≀{ ⊔⟨⌉ ⊒≀∇↕⌈⇔ ∫⟩\⌋⌉ ≀⊔⟨⌉∇⊒⟩∫⌉ ⌈⟩∫⌋⊓∫∫⟩≀\∫ ⊣⌊≀⊓⊔ ⊣↕↕≀⊒⟩\} ⊒≀⇕⌉\ ⊔≀ ⌊⌉⌋≀⇕⌉ √∇⟩⌉∫⊔∫ ⊒≀⊓↕⌈ \⌉⌋⌉∫∫⊣∇⟩↕† ⌋≀\⌋⌉∇\ ∫⌉§↖⌋⟨⊣\}⌉ ∫⊓∇}⌉∇† ⇐⌋{↙ ⊣↕↕≀⊒⟩\} ⊣⊓\⊔∫ ⊔≀ ⌊⌉⌋≀⇕⌉ ⊓\⌋↕⌉∫⇒↙ O\ K⊣⊔‡ ⊣\⌈ F≀⌈≀∇≃∫ ⊔⟨⌉≀∇†⇔ MALE ⊔⟨⌉∇⌉{≀∇⌉ ⌋⊣\\≀⊔ ⌊⌉ ⊣ ∫⌉⇕⊣\⊔⟩⌋ ⇕⊣∇‖⌉∇ {≀∇ ⊔⟨⌉ ⊒≀∇⌈⇔ ⊣\⌈ ⊔⟨⊓∫ ⌋⊣\ √↕⊣† \≀ ∇≀↕⌉ ⟩\ ⌈⟩∫⊣⇕⌊⟩}⊓⊣⊔⟩≀\↙ H≀⊒⌉⊑⌉∇⇔ ⊔⟨⟩∫ ⟩∫ ⌋≀\⊔∇⊣∇† ⊔≀ ⊔⟨⌉ ⟩\⊔⊓⟩⊔⟩≀\ ⊔⟨⊣⊔ ⇐△∀⇒ T⟨⌉ ↕⊣\⌈↕≀∇⌈ ‖\≀⌋‖⌉⌈ ⊔⟨⌉ √∇⟩⌉∫⊔ ⊓√↙ ⟩∫ ⌉⊣∫⟩↕† ⌈⟩∫⊣⇕⌊⟩}⊓⊣⊔⌉⌈⇔ ∇⌉|⌉⌋⊔⟩\} ⊔⟨⌉ ⊖⌋⊣⊓∫⌉⌈ ⊔≀ ⌊⌉⌋≀⇕⌉ √∇⌉}\⊣\⊔⪰ ∇⌉⊣⌈⟩\} ⟩\ {⊣⊑≀∇ ≀{ ⊔⟨⌉ ∇⌉⊣⌈⟩\} ⊖T⟨⌉ ↕⊣\⌈↕≀∇⌈ ⊣⊒⊣‖⌉\⌉⌈ ⊔⟨⌉ √∇⟩⌉∫⊔ ⌊† ‖\≀⌋‖⟩\} ≀\ ⟨⟩∫ ⌈≀≀∇↙⪰

∋↙∋↙△ S⌉↕⌉⌋⊔⟩≀\ ∇⌉∫⊔∇⟩⌋⊔⟩≀\∫ ⊣\⌈ ⟩\{⌉∇⌉\⌋⌉ M⌋C⊣⊒↕⌉†≃∫ √≀∫⟩⊔⟩≀\ ≀\ ⇐△∀⇒ ∇⊣⟩∫⌉∫ ⊣ ⌈⟩{⊘⌋⊓↕⊔ ⟩∫∫⊓⌉ ⌋≀\⌋⌉∇\⟩\} ⊔⟨⌉ ∫⊔⊣⊔⊓∫ ≀{ ∫⌉↕⌉⌋⊔⟩≀\ ∇⌉∫⊔∇⟩⌋⊔⟩≀\∫ ⟩\ ↕⟩\}⊓⟩∫⊔⟩⌋ ⊔⟨⌉≀∇†↙ A↕⊔⟨≀⊓}⟨ ⟨⌉ ⌈≀⌉∫ \≀⊔ ∫⊣† ∫≀ ⌉§√↕⟩⌋⟩⊔↕†⇔ ⟩⊔ ⊣√√⌉⊣∇∫ ⊔⟨⊣⊔ ⟨⌉ ⊔⊣‖⌉∫ ⊔⟨⌉ ⌈⟩∫⊣⇕⌊⟩}⊓⊣⊔⟩≀\ ≀{ ⊔⟨⟩∫ ∫⌉\⊔⌉\⌋⌉ ⊔≀ ⌊⌉ ⊣\ ⊣√√↕⟩⌋⊣⊔⟩≀\ ≀{ ∫⌉↕⌉⌋⊔⟩≀\ ∇⌉∫⊔∇⟩⌋⊔⟩≀\∫ � ⟩\ ⊔⟨⟩∫ ⌋⊣∫⌉⇔ ⊣ ∫⌉↕⌉⌋⊔⟩≀\ ∇⌉∫⊔∇⟩⌋⊔⟩≀\ ⌊⊣∫⌉⌈ ≀\ ⊣ √∇≀√⌉∇⊔† ⊔⟨⊣⊔ ⟨⌉ ⟨⊣∫ |⊓∫⊔ ⟩⌈⌉\⊔⟩⊘⌉⌈ ⊣∫ ⊖⌊⊣∫⌉⌈ ≀\ {⊣⌋⊔⊓⊣↕ ⟩\{≀∇⇕⊣⊔⟩≀\ ∇⊣⊔⟨⌉∇ ⊔⟨⊣\ √⊓∇⌉↕† ≀\ ⇕⌉⊣\⟩\}⪰ ⇐M⌋C⊣⊒↕⌉†⇔ ∞∃∀̸⇔ √↙ ∞∋′⇒↙ K⊣∫⊔≀⊑∫‖† ⇐∞∃∀′⇒⇔ ⌈⟩∫⌋⊓∫∫⟩\} M⌋C⊣⊒↕⌉†≃∫ √≀∫⟩⊔⟩≀\⇔ ⊣∇}⊓⌉∫ ⊔⟨⊣⊔ ⊔⟨⟩∫ ⟩∫ ⟩\⌈⌉⌉⌈ ⊔⟨⌉ ⌋⊣∫⌉↙ H⌉ ⊣⊔⊔∇⟩⌊⊓⊔⌉∫ ⊔≀ M⌋C⊣⊒↕⌉† ⊔⟨⌉ {≀↕↕≀⊒⟩\} ⌋≀\⊔∇⊣∫⊔¬ ⇐△∃⇒ ⊣↙ M† ⊣∇⇕ ⟩∫ ⌊↕⌉⌉⌈⟩\}↙ ⌊↙ T⟨⌉ ⊣∇⇕ ≀{ ⊔⟨⌉ ∫⊔⊣⊔⊓⌉ ⟩∫ ⌊↕⌉⌉⌈⟩\}↙ ⊣\⌈ ⊣∫∫⌉∇⊔∫ ⊔⟨⊣⊔⇔ ∫⟩⇕⟩↕⊣∇ ⊔≀ ⊔⟨⌉ √∇⟩⌉∫⊔ ⌉§⊣⇕√↕⌉⇔ ⊔⟨⌉ ≀⌈⌈\⌉∫∫ ≀{ ⇐△∃⌊⇒ ⟩∫ ⌊⊣∫⌉⌈ \≀⊔ ⇕⌉⊣\⟩\}↖∇⌉↕⊣⊔⌉⌈ √∇≀√⌉∇⊔⟩⌉∫ ⌊⊓⊔ ≀\ ⊖⌉§⊔∇⊣↕⟩\}⊓⟩∫⊔⟩⌋ √∇≀⌊⊣⌊⟩↕⟩⊔⟩⌉∫↙⪰ I\ √⊣∇⊔⟩⌋⊓↕⊣∇⇔ ⟨⌉ ∫⊣†∫⇔ ⊖∪∘BLOOD⊎ ⟩∫ \≀⊔ √⊣∇⊔ ≀{ ⊔⟨⌉ ⟩\⟨⌉∇⌉\⊔ {⌉⊣⊔⊓∇⌉ ∫√⌉⌋⟩⊘⌋⊣⊔⟩≀\ ≀{ ∫⊔⊣⊔⊓⌉⪰ ⇐√↙ △⇒↙ O\ ⊔⟨⌉ ≀\⌉ ⟨⊣\⌈⇔ ⟩⊔ ∫⌉⌉⇕∫ ⊔≀ ⇕⌉ ⊔⟨⊣⊔ K⊣∫⊔≀⊑∫‖† ⟩∫ \≀⊔ }⟩⊑⟩\} ⌉\≀⊓}⟨ ⌋∇⌉⌈⟩⊔ ⊔≀ ⊔⟨⌉ ⌋≀⇕√≀∫⟩⊔⟩≀\⊣↕⟩⊔† ≀{ ⇕⌉⊣\⟩\} ⊣\⌈ ⊔≀ ⟩\⊔⌉∇↖{⌉⊣⊔⊓∇⌉ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√∫¬ ∪∘ANIMATE⊎ ⟩∫ ⊓\⌋≀\⊔∇≀⊑⌉∇∫⟩⊣↕↕† ⊣\ ⊖⟩\⟨⌉∇⌉\⊔⪰ {⌉⊣⊔⊓∇⌉ ≀{ T⟨⟩∫ ⟩∫ ⊣ B∇⟩⊔⟩∫⟨ ⊓∫⊣}⌉¬ ⊖I{ †≀⊓ ‖\≀⌋‖ ∫≀⇕⌉≀\⌉ ⊓√⇔ †≀⊓ ‖\≀⌋‖ ≀\ ⊔⟨⌉ ⌈≀≀∇ ≀{ ⊔⟨⌉⟩∇ ⌊⌉⌈∇≀≀⇕ ≀∇ ≀{ ⊔⟨⌉⟩∇ ⟨≀⊓∫⌉ ⌈⊓∇⟩\} ⊔⟨⌉ \⟩}⟨⊔ ⟩\ ≀∇⌈⌉∇ ⊔≀ ⊒⊣‖⌉ ⊔⟨⌉⇕⪰ ⇐S⟩\⌋↕⊣⟩∇ ⇐⌉⌈↙⇒⇔ ∞∃∀⇒↙ T⟨⌉ √≀⟩\⊔ ∫⊔⟩↕↕ ∫⊔⊣\⌈∫ {≀∇ A⇕⌉∇⟩⌋⊣\ E\}↕⟩∫⟨⇔ ≀{ ⌋≀⊓∇∫⌉¬ ⊒⟩⊔⟨ ⊔⟨⌉ {⌉⊣⊔⊓∇⌉ MALE ⊓\⊣⊑⊣⟩↕⊣⌊↕⌉ ⊣∫ ⊣ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ {⌉⊣⊔⊓∇⌉ ≀{ √∇⟩⌉∫⊔⇔ ⟩⊔ ⊒≀⊓↕⌈ \≀⊔ ⌊⌉ √≀∫∫⟩⌊↕⌉ ⊔≀ ⊣⌋⌋≀⊓\⊔ {≀∇ ⊔⟨⌉ ⟩\⊔⊓⟩⊔⟩≀\ ⊔⟨⊣⊔ ∫√⌉⊣‖⌉∇∫ ≀{ A⇕⌉∇⟩⌋⊣\ E\}↕⟩∫⟨ ⊘\⌈ ⊔⟨⌉ ∫⌉\⊔⌉\⌋⌉ ⊣\≀⇕⊣↕≀⊓∫↙

△ ∫⊔⊣⊔⊓⌉∫⇔ ⊣\⌈ ⟩\{⌉∇∇⟩\} ⊔⟨⌉ ⊣⌊∫⌉\⌋⌉ ≀{ ⌊↕≀≀⌈ {∇≀⇕ ⊔⟨⌉ ⊣⌊∫⌉\⌋⌉ ≀{ ⊣\⟩⇕⊣⌋† {⊣↕↕∫ ⊒⟩⊔⟨⟩\ ⊔⟨⌉ ∫⌋≀√⌉ ≀{ ⊒⟨⊣⊔⌉⊑⌉∇ ⇕⌉⌋⟨⊣\⟩∫⇕ √⌉∇⇕⟩⊔∫ ⊔⟨⌉ ⟩\{⌉∇⌉\⌋⌉ ≀{ ANIMATE {∇≀⇕ HUMAN⇔ ∫⟩\⌋⌉ ⌊↕≀≀⌈ ⟩∫ ⌈⌉⊘\⟩⊔⟩≀\⊣↕↕† ⊣∫∫≀⌋⟩⊣⊔⌉⌈ ⊒⟩⊔⟨ ⊑⌉∇⊔⌉⌊∇⊣⊔⌉∫ ⊣\⌈ ⟩\⊑⌉∇⊔⌉⌊∇⊣⊔⌉∫⇔ ⟨⌉\⌋⌉ ↕⟩⊑⟩\} ⊔⟨⟩\}∫⇔ ⊣⊔ ↕⌉⊣∫⊔ ⊣⌋⌋≀∇⌈⟩\} ⊔≀ ⊔⟨⌉ A⇕⌉∇⟩⌋⊣\ H⌉∇⟩⊔⊣}⌉ D⟩⌋⊔⟩≀\⊣∇†↙ T⟨⊓∫ ⊣\ ⊣√√∇≀√∇⟩⊣⊔⌉ ⌋≀⇕√≀∫⟩⊔⟩≀\⊣↕ ⟩\⊔⌉∇√∇⌉⊔⊣⊔⟩≀\ ≀{ ⊔⟨⌉ ⊣∇⇕ ≀{ ⊔⟨⌉ ∫⊔⊣⊔⊓⌉ ⊒≀⊓↕⌈ ↕⌉⊣⌈ ⊔≀ ⊣ ⊔∇⊓⌉ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⊑⟩≀↕⊣⊔⟩≀\ ⟩\ ⇐△∃⌊⇒↙ O\ ⊔⟨⌉ ≀⊔⟨⌉∇ ⟨⊣\⌈⇔ ⊣∫ K⊣∫⊔≀⊑∫‖† √≀⟩\⊔∫ ≀⊓⊔⇔ ⊔⟨⟩∫ ⇕⊣† \≀⊔ ⌊⌉ ⊔⟨⌉ ⌈⌉∫⟩∇⌉⌈ ∇⌉∫⊓↕⊔↙ A ⊖⇕⟩\≀∇ ⌉§⊔∇⊣↕⟩\}⊓⟩∫⊔⟩⌋ ⇕⟩∇⊣⌋↕⌉⪰ ⌋≀⊓↕⌈ ∇⌉\⌈⌉∇ ⊔⟨⌉ ∫⌉\⊔⌉\⌋⌉ √⌉∇{⌉⌋⊔↕† ⊣⌋⌋⌉√⊔⊣⌊↕⌉∅ ⟩\⌈⌉⌉⌈⇔ √⌉≀√↕⌉ ⟨⊣⊑⌉ ⌊⌉⌉\ ‖\≀⊒\ ⊔≀ ⌉∫⊔⊣⌊↕⟩∫⟨ ∫⟨∇⟩\⌉∫ ⊣∇≀⊓\⌈ ∫⊔⊣⊔⊓⌉∫ ≀{ ∇⌉↕⟩}⟩≀⊓∫ ⊘}⊓∇⌉∫ ⌊⌉⌋⊣⊓∫⌉ ⊔⟨⌉† ⌊⌉↕⟩⌉⊑⌉⌈ ⊔⟨≀∫⌉ ∫⊔⊣⊔⊓⌉∫⇔ ⊔⟨≀⊓}⟨ ⟩\⊣\⟩⇕⊣⊔⌉⇔ ⊒⌉∇⌉ ↕⟩⊔⌉∇⊣↕↕† ⌊↕⌉⌉⌈⟩\}↙ K⊣∫⊔≀⊑∫‖†≃∫ √≀∫⟩⊔⟩≀\ ↕⌉⊣⌈∫ ⊔≀ ⊣ {⊣⟩∇↕† ⌋≀⇕√↕⟩⌋⊣⊔⌉⌈ ∫⊔⊣⊔⌉ ≀{ ⊣{{⊣⟩∇∫¬ ⟨≀⊒ ⟩∫ ≀\⌉ ⊔≀ ⌈⌉⊔⌉∇⇕⟩\⌉ ⊒⟨⟩⌋⟨ {⌉⊣⊔⊓∇⌉∫ ≀{ ⇕⌉⊣\⟩\} ⊣∇⌉ ⊖⟩\⟨⌉∇⌉\⊔⪰ ⊣\⌈ ⊒⟨⟩⌋⟨ ⊣∇⌉ \≀⊔⊥ F≀∇ ⌉§⊣⇕√↕⌉⇔ ⊣⌋⌋≀∇⌈⟩\} ⊔≀ K⊣∫⊔≀⊑∫‖†⇔ ⇐△▽⌊⇒ ∫⊔⊣\⌈∫ ⟩\ ⌋≀\⊔∇⊣∫⊔ ⊔≀ ⇐△▽⊣⇒ ⌊⌉⌋⊣⊓∫⌉ ⊔⟨⌉ {⌉⊣⊔⊓∇⌉ MALE ⟩∫ ⟩\⟨⌉∇⌉\⊔↕† ⊣ √⊣∇⊔ ≀{ {⊣⊔⟨⌉∇ ⊣\⌈ √∇⌉∫⊓⇕⊣⌊↕† ⊣↕∫≀ ⌊⌉⌋⊣⊓∫⌉ ⊔⟨⌉ {⌉⊣⊔⊓∇⌉ FEMALE ⟩∫ ⟩\⟨⌉∇⌉\⊔↕† ⊣ √⊣∇⊔ ≀{ ⌊⊓§≀⇕↙ Y⌉⊔ ≀\⌉ ⌋≀⊓↕⌈ ⟩⇕⊣}⟩\⌉ ⊔⊣↕‖↖∫⟨≀⊒ ⟨≀∫⊔ G⌉∇⊣↕⌈≀ R⟩⊑⌉∇⊣ ⟩\⊔∇≀⌈⊓⌋⟩\} ⊣ }⊓⌉∫⊔ ⟩\ ⊔⟨⌉ {≀↕↕≀⊒⟩\} ⊒⊣†¬ ⇐▽′⇒ N≀⊒ ⟩\⊔∇≀⌈⊓⌋⟩\} J≀⟨\ S⇕⟩⊔⟨⇔ ↕≀≀‖⟩\} ↕≀⊑⌉↕† ⊣{⊔⌉∇ ⟨⟩∫ ⌊∇⌉⊣∫⊔↖⊣⊓}⇕⌉\⊔⊣⊔⟩≀\ ∫⊓∇}⌉∇†↙ T⟨⟩∫ ⌊⊓§≀⇕ {⊣⊔⟨⌉∇ ≀{ ⊔⊒≀ ⇕⊣‖⌉∫ ⟨⟩∫ ↕⟩⊑⟩\} ⟩\ L⊣∫ V⌉}⊣∫ ⊣∫ ⊣ {⌉⇕⊣↕⌉ ⟩⇕√⌉∇∫≀\⊣⊔≀∇↙↙↙ S⟩⇕⟩↕⊣∇↕†⇔ ⟩{ ⊣\≀⊔⟨⌉∇ ⊖⇕⟩\≀∇ ⌉§⊔∇⊣↕⟩\}⊓⟩∫⊔⟩⌋ ⇕⟩∇⊣⌋↕⌉⪰ ≀{ ⊔⟨⌉ ⇕⌉⌈⟩⌋⊣↕ ⊑⊣∇⟩⌉⊔† √⌉∇⇕⟩⊔⊔⌉⌈ J⊣\⌉ J≀\⌉∫ ⊔≀ √∇≀⌈⊓⌋⌉ ∫√⌉∇⇕ ⌋⌉↕↕∫⇔ G⌉∇⊣↕⌈≀ ⊒≀⊓↕⌈ ⊣↕⇕≀∫⊔ ⌋⌉∇⊔⊣⟩\↕† ∫⌉⌉‖ ⊔≀ ⟨⊣⊑⌉ ⟨⌉∇ ≀\ ⊔⟨⌉ ∫⟨≀⊒⇔ ⊣\⌈ ⟨⌉ ⇕⟩}⟨⊔ |⊓∫⊔⟩⊘⊣⌊↕† ⇕⊣‖⌉ ⊔⟨⌉ {≀↕↕≀⊒⟩\} ⟩\⊔∇≀⌈⊓⌋⊔⟩≀\¬ ⇐▽∞⇒ J⊣\⌉ J≀\⌉∫⇔ {≀∇⇕⌉∇ ∫⊓√⌉∇⇕≀⌈⌉↕⇔ ⟩∫ \≀⊒ ⊣ ⌊⊓§≀⇕ {⊣⊔⟨⌉∇ ≀{ ⊔⊒≀↙ E§⊣⇕√↕⌉∫ ↕⟩‖⌉ ⊔⟨⌉∫⌉ ⊒≀⊓↕⌈ ∫⌉⌉⇕ ⊔≀ ∫⊓}}⌉∫⊔ ⊔⟨⊣⊔ \≀⊔⟩≀\ ≀{ ⊖⟩\⟨⌉∇⌉\⊔⪰ {⌉⊣⊔⊓∇⌉∫ ⟩∫ \≀⊔ ⌋↕⌉⊣∇ ⌋⊓⊔ � ⊣\⌈ ⟩\ {⊣⌋⊔ ⇕≀∫⊔ √∇⌉⌈⟩⌋⊣⊔⌉∫ ⊣∇⌉ ↕⟩‖⌉↕† ⊔≀ ⌊⌉ ⌉⊑⌉\ ↕⌉∫∫ ⌋↕⌉⊣∇ ⊔⟨⊣\ ⊔⟨≀∫⌉ ⟩\⊑≀↕⊑⟩\} {⌉⊣⊔⊓∇⌉∫ MALE ⊣\⌈ FEMALE↙ T⟨⌉ √∇≀⌊↕⌉⇕ ⟩∫ \≀⊔ ∇⌉∫⊔∇⟩⌋⊔⌉⌈ ⊔≀ ⌋⊣∫⌉∫ ⟩\⊑≀↕⊑⟩\} ⇕⟩∇⊣⌋↕⌉∫ ≀{ ≀\⌉ ‖⟩\⌈ ≀∇ ⊣\≀⊔⟨⌉∇↙ D∇⊣\}⌉ ⇐∞∄⇒ ⟩↕↕⊓∫⊔∇⊣⊔⌉∫ ⊔⟨⌉ ⌈⟩{⊘⌋⊓↕⊔† ⟩\ ⌈⟩∫⊔⟩\}⊓⟩∫⟨⟩\} ≀∇⌈⟩\⊣∇† {⊣↕∫⌉ ∫⌉\⊔⌉\⌋⌉∫ {∇≀⇕ ∫⌉⇕⊣\⊔⟩⌋ ⊣\≀⇕⊣↕⟩⌉∫ ⊒⟩⊔⟨ ⊔⟨⌉ {≀↕↕≀⊒⟩\} ∫⌉∇⟩⌉∫ ≀{ ∫⌉\⊔⌉\⌋⌉∫¬ ⇐▽∈⇒ ⊣↙ E\}↕⟩∫⟨⇕⌉\ ↕⟩‖⌉ ⌋≀{{⌉⌉ ⌊⌉⊔⊔⌉∇ ⊔⟨⊣\ ⊔⌉⊣↙ ⌊↙ S∐⊓⟩∇∇⌉↕∫ ↕⟩‖⌉ ⌋≀{{⌉⌉ ⌊⌉⊔⊔⌉∇ ⊔⟨⊣\ ⊔⌉⊣↙ ⌋↙ P∇≀⊔≀‡≀⊣ ↕⟩‖⌉ ⌋≀{{⌉⌉ ⌊⌉⊔⊔⌉∇ ⊔⟨⊣\ ⊔⌉⊣↙ ⌈↙ B⊣⌋⊔⌉∇⟩⊣ ↕⟩‖⌉ ⌋≀{{⌉⌉ ⌊⌉⊔⊔⌉∇ ⊔⟨⊣\ ⊔⌉⊣↙ ⌉↙ M⟩↕‖⊒⌉⌉⌈ √↕⊣\⊔∫ ↕⟩‖⌉ ⌋≀{{⌉⌉ ⌊⌉⊔⊔⌉∇ ⊔⟨⊣\ ⊔⌉⊣↙ {↙ S⊔≀\⌉∫ ↕⟩‖⌉ ⌋≀{{⌉⌉ ⌊⌉⊔⊔⌉∇ ⊔⟨⊣\ ⊔⌉⊣↙ }↙ E↕⌉⌋⊔∇≀\∫ ↕⟩‖⌉ ⌋≀{{⌉⌉ ⌊⌉⊔⊔⌉∇ ⊔⟨⊣\ ⊔⌉⊣↙ ⟨↙ Q⊓⊣⌈∇⊣⊔⟩⌋ ⌉∐⊓⊣⊔⟩≀\∫ ↕⟩‖⌉ ⌋≀{{⌉⌉ ⌊⌉⊔⊔⌉∇ ⊔⟨⊣\ ⊔⌉⊣↙ H⌉ ⌋≀⇕⇕⌉\⊔∫⇔ ∪P⌉∇⟨⊣√∫⊎ ⊔⟨⟩∫ ⌈⟩{{⌉∇⌉\⌋⌉ ⟩∫ \≀⊔ ∫≀ ⇕⊓⌋⟨ ⊣ ⌈⟩{{⌉∇⌉\⌋⌉ ⟩\ ‖⟩\⌈ ⊣∫ ⊣ ⌈⟩{{⌉∇⌉\⌋⌉ ⟩\ ⌈⌉}∇⌉⌉↙ S⌉\⊔⌉\⌋⌉∫ ⇐⊣⇒∘⇐⟨⇒ ∫⌉⌉⇕ ⊔≀ ⌊⌉ ⊣∇∇⊣\}⌉⌈ ⟩\ ⊣ }∇⊣⌈⌉⌈ ∫⌉∇⟩⌉∫ ⟩\ ∫⊓⌋⟨ ⊣ ⊒⊣† ⊔⟨⊣⊔ ⟩⊔ ⟩∫ \≀⊔ ⊣⊔ ⊣↕↕ ⌋↕⌉⊣∇ ⊒⟨⌉∇⌉ ⊣ ↕⟩\⌉ ⟩∫ ⊔≀ ⌊⌉ ⌈∇⊣⊒\ ⊔≀ ⌈⟩∫⊔⟩\}⊓⟩∫⟨ ⊔⟨⌉ ⊖{⊣⌋⊔⊓⊣↕↕† ⟩\⌋≀∇∇⌉⌋⊔⪰ ∫⌉\⊔⌉\⌋⌉∫ {∇≀⇕ ⊔⟨⌉ ⊖∫⌉⇕⊣\⊔⟩⌋⊣↕↕† ⟩\⌋≀∇∇⌉⌋⊔⪰ ∫⌉\⊔⌉\⌋⌉∫ ⇐≀∇ ⊔⟨⌉ {⊣↕∫⌉ {∇≀⇕ ⊔⟨⌉ ⇕⌉⊣\⟩\}↕⌉∫∫⇒↙ ⇐√↙ ∞⇏ U↕⊔⟩⇕⊣⊔⌉↕† D∇⊣\}⌉ ⊣∇}⊓⌉∫ ⊔⟨⊣⊔ ⊔⟨⌉ ⌈⟩{{⌉∇⌉\⌋⌉ ⟩∫ ⟩\ {⊣⌋⊔ ⊣ ⇕⊣⊔⊔⌉∇ ≀{ ‖⟩\⌈ � ⟩↙⌉↙ ⊔⟨⊣⊔ ≀\⌉ ⌋⊣\ ⌈∇⊣⊒ ⊣ ⌋↕⌉⊣∇ ↕⟩\⌉ ⌈⟩∫⊔⟩\}⊓⟩∫⟨⟩\} {⊣↕∫⌉ ⌉§√∇⌉∫∫⟩≀\∫ {∇≀⇕ ⊔†√⌉ ⌋∇≀∫∫⟩\}∫ ⟩\ ⇐▽∈⇒↙ H≀⊒⌉⊑⌉∇⇔ ⟨⟩∫ ⌋∇⟩⊔⌉∇⟩≀\ {≀∇ ⊒⟨⌉∇⌉ ⊔≀ ⌈∇⊣⊒ ⊔⟨⌉ ↕⟩\⌉ ⊣√√⌉⊣↕∫ ⊔≀ ⊣ \≀⊔⟩≀\ ⟨⌉ ⌋⊣↕↕∫ ⊖⊓\⊔⟨⟩\‖⊣⌊⟩↕⟩⊔†⇔⪰ {≀∇ ⊒⟨⟩⌋⟨ I ⊘\⌈ ⟨⟩∫ ⊣∇}⊓⇕⌉\⊔∫ ⊓\⌋≀\⊑⟩\⌋⟩\}↙

△ D∇⊣\}⌉ ⊣⌋‖\≀⊒↕⌉⌈}⌉∫ ⊔⟨⊣⊔ ⌉⊑⌉\ ⟩{ ⇐▽∈⇒ ⌈≀⌉∫ ⟩↕↕⊓∫⊔∇⊣⊔⌉ ⊣ ⌈⟩{{⌉∇⌉\⌋⌉ ⟩\ ‖⟩\⌈⇔ ⟩⊔ ⇕⊣† ⊣↕∫≀ ⟩↕↕⊓∫⊔∇⊣⊔⌉ ⊣ ⌈⟩{{⌉∇⌉\⌋⌉ ⟩\ ⌈⌉}∇⌉⌉↙ H⌉ ⌋≀⇕⇕⌉\⊔∫⇔ T⟨⌉∇⌉ ⊣∇⌉ ⇕⊣\† √∇≀√⌉∇⊔⟩⌉∫ ⊒⟨⟩⌋⟨ E\}↕⟩∫⟨⇕⌉\ ∫⟨⊣∇⌉ ⊒⟩⊔⟨ ⊔⟨⟩\}∫ ⊒⟨⟩⌋⟨ ↕⟩‖⌉ ⌋≀{{⌉⌉ ⌊⌉⊔⊔⌉∇ ⊔⟨⊣\ ⊔⌉⊣ ⊔⟨⊣⊔ ⊣∇⌉ \≀⊔ √≀∫∫⌉∫∫⌉⌈ ⌊† ∐⊓⊣⌈∇⊣⊔⟩⌋ ⌉∐⊓⊣⊔⟩≀\∫⇔ ∫⊓⌋⟨ ⊣∫ ⌊⌉⟩\} ⊣ √⟨†∫⟩⌋⊣↕ ≀⌊|⌉⌋⊔⇔ ⌊⌉⟩\} ⊣↕⟩⊑⌉⇔ ⟨⊣⊑⟩\} ≀∇}⊣\∫ ≀{ ⊔⊣∫⊔⌉⇔ ⊣\⌈ ∫≀ ≀\↙ O\ ⊔⟨⌉ ≀⊔⟨⌉∇ ⟨⊣\⌈⇔ ⊔⟨⌉∇⌉ ⊣∇⌉ ⊑⌉∇† {⌉⊒ √∇≀√⌉∇⊔⟩⌉∫ ⊒⟨⟩⌋⟨ ∐⊓⊣⌈∇⊣⊔⟩⌋ ⌉∐⊓⊣⊔⟩≀\∫ ∫⟨⊣∇⌉ ⊒⟩⊔⟨ ⊔⟨⟩\}∫ ⊒⟨⟩⌋⟨ ↕⟩‖⌉ ⌋≀{{⌉⌉ ⌊⌉⊔⊔⌉∇ ⊔⟨⊣\ ⊔⌉⊣⇔ ⊣\⌈ ⟩⊔ ∫⌉⌉⇕∫ ⊔⟨⊣⊔ E\}↕⟩∫⟨⇕⌉\ ⟨⊣⊑⌉ ⊣↕↕ ≀{ ⊔⟨⌉⇕ ⊣↕∫≀↙ I⊔ ⟩∫ ⟩\ ⊔⟨⟩∫ ∫⌉\∫⌉ ⊔⟨⊣⊔ ⊔⟨⌉ ⌈⟩{{⌉∇⌉\⌋⌉ ⌊⌉⊔⊒⌉⌉\ ⇐⊣⇒ ⊣\⌈ ⇐⟨⇒ ⇕⟩}⟨⊔ ⌊⌉ ∫⊣⟩⌈ ⊔≀ ⌊⌉ ≀\⌉ ≀{ ⌈⌉}∇⌉⌉↙ ⇐√↙ ∞⇒ T⟨⌉∇⌉ ⊣∇⌉ ⊔⊒≀ ⊔⟨⟩\}∫ ⊔≀ \≀⊔⌉ ⊣⌊≀⊓⊔ ⊔⟨⟩∫ ∫⊔⊣⊔⌉⇕⌉\⊔↙ T⟨⌉ ⊘∇∫⊔ ⟩∫ ⊔⟨⊣⊔ √∇≀√⌉∇⊔† ⌋≀⇕√⊣∇⟩∫≀\∫ ≀{ ⊔⟨⌉ ‖⟩\⌈ D∇⊣\}⌉ ⟩∫ ⌈⟩∫⌋⊓∫∫⟩\} \⌉⌉⌈ \≀⊔ ⟩\⊑≀↕⊑⌉ ⟩\⟨⌉∇⌉\⊔ ≀∇ ⌈⌉⊘\⟩⊔⟩≀\⊣↕ √∇≀√⌉∇⊔⟩⌉∫ � ⟨⊣⊑⟩\} ≀∇}⊣\∫ ≀{ ⊔⊣∫⊔⌉ ⟩∫ \⌉⟩⊔⟨⌉∇ ⊣ ⌈⌉⊘\⟩⊔⟩≀\⊣↕ ⊣∫√⌉⌋⊔ ≀{ ⟨⊓⇕⊣\ ⌊⌉⟩\}∫⇔ ⊣\⟩⇕⊣↕∫⇔ ⌉⊔⌋↙ \≀∇ ⊣ \⌉⌋⌉∫∫⊣∇† ⌋≀⇕√≀\⌉\⊔ ≀{ ⊔⟨⌉ ⊑⌉∇⌊ ↕⟩‖⌉∫↙ I\⌈⌉⌉⌈⇔ ⊒⟨⌉\ D∇⊣\}⌉ ⟩\⌋↕⊓⌈⌉∫ ⊔⊣∫⊔⌉⌊⊓⌈∫ ⟩\ ⊔⟨⌉ ⌈⟩∫⌋⊓∫∫⟩≀\ ⟨⌉ ⟩∫ ⊣⌋⊔⟩\} ≀\ ⊣ {⊣⌋⊔ ⊣⌊≀⊓⊔ ⊔⟨⌉ ⊒≀∇↕⌈⇔ \⊣⇕⌉↕† ⊔⟨⊣⊔ ⊣ √∇⌉{⌉∇⌉\⌋⌉ {≀∇ ⌋≀{{⌉⌉ ≀⊑⌉∇ ⊔⌉⊣ ⊒⟩↕↕ ⌊⌉ ⌈⌉⊔⌉∇⇕⟩\⌉⌈ ≀\ ⊔⟨⌉ ⌊⊣∫⟩∫ ≀{ ⊔⊣∫⊔⌉ ⊣\⌈ \≀⊔⇔ ∫⊣†⇔ ⌋≀↕≀∇↙ T⟨⌉ ∫⌉⌋≀\⌈ ⊔⟨⟩\} ⊔≀ \≀⊔⌉ ⟩∫ ⊔⟨⊣⊔ ⊔⟨⌉ ‖⟩\⌈ ≀{ √∇≀√⌉∇⊔† ⌋≀⇕√⊣∇⟩∫≀\ D∇⊣\}⌉ ∫⊓}}⌉∫⊔∫⇔ ⊔⊣‖⌉\ ⟩\ ⟩⊔∫ ∫⟩⇕√↕⌉∫⊔ {≀∇⇕⇔ ⊒⟩↕↕ ⌊⌉ ⊓\⟩↕↕⊓⇕⟩\⊣⊔⟩\}↙ H⌉ √≀⟩\⊔∫ ≀⊓⊔ ⊔⟨⊣⊔ ⊣\† ⌋≀\⌋⌉√⊔ √≀∫∫⌉∫∫⌉∫ ⊣\ ⟩\⊘\⟩⊔⌉ \⊓⇕⌊⌉∇ ≀{ ⟩∇∇⌉↕⌉⊑⊣\⊔ √∇≀√⌉∇⊔† ⌈⌉∫⌋∇⟩√⊔⟩≀\∫ ≀{ ⊔⟨⌉ {≀↕↕≀⊒⟩\} ‖⟩\⌈¬ ⇐▽∋⇒ ⊣↙ T⟨⌉ √∇≀√⌉∇⊔† ≀{ \≀⊔ ⌊⌉⟩\} ⌋≀⇕√≀∫⌉⌈ ≀{ ⌉§⊣⌋⊔↕† ≀\⌉ ∫⊔≀\⌉↙ ⌊↙ T⟨⌉ √∇≀√⌉∇⊔† ≀{ \≀⊔ ⌊⌉⟩\} ⌋≀⇕√≀∫⌉⌈ ≀{ ⌉§⊣⌋⊔↕† ⊔⊒≀ ∫⊔≀\⌉∫↙ ⌋↙ T⟨⌉ √∇≀√⌉∇⊔† ≀{ \≀⊔ ⌊⌉⟩\} ⌋≀⇕√≀∫⌉⌈ ≀{ ⌉§⊣⌋⊔↕† ⊔⟨∇⌉⌉ ∫⊔≀\⌉∫↙ S⟩\⌋⌉ ⊣\† ⊔⊒≀ ⌋≀\⌋⌉√⊔∫ ∫⟨⊣∇⌉ ⊣\ ⊣∇⌊⟩⊔∇⊣∇⟩↕† ↕⊣∇}⌉ \⊓⇕⌊⌉∇ ≀{ √∇≀√⌉∇⊔⟩⌉∫⇔ ⊔⟨⌉ \≀⊔⟩≀\ ≀{ ⊖{⌉⊒⌉∇⪰ ≀∇ ⊖⇕≀∇⌉⪰ √∇≀√⌉∇⊔⟩⌉∫ ⟩\ ⌋≀⇕⇕≀\ ⊒⟩↕↕ \≀⊔ ∫⊓{⊘⌋⌉↙

T⟨⌉ ⌈⟩∫⌋⊓∫∫⟩≀\ ⊔⟨⊓∫ {⊣∇ ∫⌉⌉⇕∫ ⊔≀ ∫⊓}}⌉∫⊔ ⊔⟨⊣⊔ ∫⌉↕⌉⌋⊔⟩≀\ ∇⌉∫⊔∇⟩⌋⊔⟩≀\∫ ⇕⊣† ⟩\⊑≀↕⊑⌉ ⟩\{⌉∇⌉\⌋⌉ ⊣⌊≀⊓⊔ {⊣⌋⊔⊓⊣↕ ‖\≀⊒↕⌉⌈}⌉ ⊣⊔ ↕⌉⊣∫⊔ ⊔≀ ∫≀⇕⌉ ⌉§⊔⌉\⊔↙ A ⇕≀∇⌉ {≀∇⌋⌉{⊓↕ ⊣∇}⊓⇕⌉\⊔⇔ ⟩\ {⊣⊑≀∇ ≀{ ⊑⟩⌉⊒⟩\} ∫⌉↕⌉⌋⊔⟩≀\ ∇⌉∫⊔∇⟩⌋⊔⟩≀\∫ ⊣∫ ⊓\⌉∐⊓⟩⊑≀⌋⊣↕↕† ⟩\{⌉∇⌉\⊔⟩⊣↕⇔ ⟩∫ ⇕⊣⌈⌉ ⌊† J≀⟨\∫≀\↖L⊣⟩∇⌈ ⇐∞∃∀∋⇒⇔ ⊒⟨≀ ⊒∇⟩⊔⌉∫ ⊔⟨⊣⊔ ⊖⊔⟨⌉ \≀⊔⟩≀\ ⊔⟨⊣⊔ ⟩⊔ ⟩∫ √≀∫∫⟩⌊↕⌉ ⊔≀ {≀∇⇕⊓↕⊣⊔⌉ ⌉§⟨⊣⊓∫⊔⟩⊑⌉ ⊣\⌈ ⌈⌉⊘\⟩⊔⟩⊑⌉ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ∇⌉∫⊔∇⟩⌋⊔⟩≀\∫ ≀\ ⊔⟨⌉ ⌈⟩{{⌉∇⌉\⊔ ∫⌉\∫⌉∫ ≀{ ⊒≀∇⌈∫ ⊔⊓∇\∫ ≀⊓⊔ ⊔≀ ⌊⌉ ⊣ ⊘⌋⊔⟩≀\⪰ ⇐√↙ ∈∋△⇒↙ H⌉ ∫⊓√√≀∇⊔∫ ⊔⟨⟩∫ ⊑⟩⌉⊒ ⊓∫⟩\} ⊔⟨⌉ {≀↕↕≀⊒⟩\} ⌉§⊣⇕√↕⌉¬ ⇐▽△⇒ A↕⌋≀⌋‖ ⊣\⌈ B∇≀⊒\ ⊒⌉∇⌉ ⊔⟨⌉ ⊘∇∫⊔ ⊔≀ ⊙† X {∇≀⇕ ⊔⟨⌉ USA ⊔≀ I∇⌉↕⊣\⌈↙ ⇐▽▽⇒ ⊣↙ A↕⌋≀⌋‖ ⊣\⌈ B∇≀⊒\ ⊒⌉∇⌉ ⊔⟨⌉ ⊘∇∫⊔ ⊔≀ ⊙† ⊣\ ⊣⌉∇≀√↕⊣\⌉ {∇≀⇕ ⊔⟨⌉ USA ⊔≀ I∇⌉↕⊣\⌈↙ ⌊↙ A↕⌋≀⌋‖ ⊣\⌈ B∇≀⊒\ ⊒⌉∇⌉ ⊔⟨⌉ ⊘∇∫⊔ ⊔≀ ⊙† ⊣ ⌊⟩⌋†⌋↕⌉ {∇≀⇕ ⊔⟨⌉ USA ⊔≀ I∇⌉↕⊣\⌈↙ ⌋↙ A↕⌋≀⌋‖ ⊣\⌈ B∇≀⊒\ ⊒⌉∇⌉ ⊔⟨⌉ ⊘∇∫⊔ ⊔≀ ⊙† ⊔⟨⌉ A⊔↕⊣\⊔⟩⌋ {∇≀⇕ ⊔⟨⌉ USA ⊔≀ I∇⌉↕⊣\⌈↙ J≀⟨\∫≀\↖L⊣⟩∇⌈ \≀⊔⌉∫ ⊔⟨⊣⊔ ⟩⊔ ⟩∫ \⌉⌋⌉∫∫⊣∇† ⊔≀ ⌋⊣√⊔⊓∇⌉ ⊣⊔ ↕⌉⊣∫⊔ ⊔⟨⌉ ⊔⟨∇⌉⌉ ∫⌉\∫⌉∫ ≀{ ⊙† ⟩↕↕⊓∫⊔∇⊣⊔⌉⌈ ⟨⌉∇⌉⇔ ⊒⟨⟩⌋⟨ ∫⊓}}⌉∫⊔ ⊣∇}⊓⇕⌉\⊔ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ∇⌉∫⊔∇⟩⌋⊔⟩≀\∫ ⊣↕≀\} ⊔⟨⌉ {≀↕↕≀⊒⟩\} ↕⟩\⌉∫¬ ⇐▽⇏ ⊣↙ § ⇐⟨⊓⇕⊣\⇔ ⊣\⟩⇕⊣↕⇔ ≀∇ ⇕⊣⌋⟨⟩\⌉⇒ ⌋≀\⊔∇≀↕∫ ⊔⟨⌉ √⊣⊔⟨ ⊔⟨∇≀⊓}⟨ ⊔⟨⌉ ⊣⟩∇ ≀{ † ⇐⊑⌉⟨⟩⌋↕⌉⇒ ⌊↙ § ⇐⟨⊓⇕⊣\⇒ ⊔⊣‖⌉∫ † ⇐√⟨†∫⟩⌋⊣↕ ≀⌊|⌉⌋⊔⇒ ⟩\ ⊣\ ⊣⟩∇⌋∇⊣{⊔↙ ⌋↙ § ⇐√⟨†∫⟩⌋⊣↕ ≀⌊|⌉⌋⊔⇒ ⊔∇⊣⊑⌉↕∫ ⟩\ ⊔⟨⌉ ⊣⟩∇ ≀⊑⌉∇ † ⇐}⌉≀}∇⊣√⟨⟩⌋⊣↕ ∇⌉}⟩≀\⇒ T⟨⌉ √∇≀⌊↕⌉⇕⇔ ⟨⌉ √≀⟩\⊔∫ ≀⊓⊔⇔ ⟩∫ ⊔⟨⊣⊔ ⊔⟨⌉∫⌉ ∇⌉∫⊔∇⟩⌋⊔⟩≀\∫ {⊣⟩↕ ⊔≀ ⌋≀\∫⊔∇⊣⟩\ ⊔⟨⌉ ⊣∇}⊓⇕⌉\⊔∫ √∇≀√⌉∇↕†⇔ √⌉∇⇕⟩⊔⊔⟩\} ⊣ ∫⌉\⊔⌉\⌋⌉ ↕⟩‖⌉ ⇐▽⊣⇒ ⊔≀ ⟨⊣⊑⌉ ⟩\⊔⌉∇√∇⌉⊔⊣⊔⟩≀\ ⇐▽⌊⇒¬

△∀ ⇐▽⇒ ⊣↙ I ∫⊣⊒ ⊔⟨⌉ A‡≀∇⌉∫⇔ ⊙†⟩\} ⊔⟨⌉ A⊔↕⊣\⊔⟩⌋↙ ⌊↙ I ∫⊣⊒ ⊔⟨⌉ A‡≀∇⌉∫ ⊣∫ ⊔⟨⌉† ⊒⌉∇⌉ ⊙†⟩\} ≀⊑⌉∇ ⊔⟨⌉ A⊔↕⊣\⊔⟩⌋↙ I⊔ ∫⌉⌉⇕∫ ⌋↕⌉⊣∇ ⊔⟨⊣⊔ ∇⊓↕⟩\} ≀⊓⊔ ⊙†⟩\} ⟩∫↕⊣\⌈∫ ⌊† ⊣√√⌉⊣↕⟩\} ⊔≀ ⊣ ⇕≀∇⌉ ∫√⌉⌋⟩⊘⌋ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔ ⟩\ ⇐▽⌋̸⇒ ⊒⟩↕↕ ⌊⌉ ⌈⟩{⊘⌋⊓↕⊔↙ A\⌈⇔ ⇕≀∇⌉ ⊔≀ ⊔⟨⌉ √≀⟩\⊔⇔ ⌈≀⟩\} ∫≀ ↕⌉⊣⌈∫ ⊔≀ ⊣ ⌋≀\⊑⌉∇∫⌉ √∇≀⌊↕⌉⇕ ⊒⟨⌉\ ⊔⟨⌉ ⌋≀\⊔⌉§⊔ ∫⊓√√≀∇⊔∫ ∫⊓⌋⟨ ⊣\ ⟩\⊔⌉∇√∇⌉⊔⊣⊔⟩≀\⇔ ⊣∫⇔ {≀∇ ⌉§⊣⇕√↕⌉⇔ ⟩\ ⊣ ∫⌋⟩⌉\⌋⌉ ⊘⌋⊔⟩≀\ ∫⊔≀∇† ⊣⌊≀⊓⊔ ⟨≀⊒ ⊔⟨⌉ ⌉⊣∇⊔⟨ ⌉§√↕≀⌈⌉∫↙ T⟨⌉ ⊣↕⊔⌉∇\⊣⊔⟩⊑⌉ ⊔⟨⊣⊔ J≀⟨\∫≀\↖L⊣⟩∇⌈ √∇≀√≀∫⌉∫ ∇⌉↕⟩⌉∫ ≀\ ⟩\{⌉∇⌉\⊔⟩⊣↕ √∇≀⌋⌉∫∫⌉∫ ⟩\⊑≀↕⊑⟩\} {⊣⌋⊔⊓⊣↕ ‖\≀⊒↕⌉⌈}⌉↙ H⌉ ⊣∇}⊓⌉∫ ⊔⟨⊣⊔ ⊔⟨⌉ ⌋∇⊓⌋⟩⊣↕ ∐⊓⌉∫⊔⟩≀\ ⟩\ ⟩\⊔⌉∇√∇⌉⊔⟩\} ⇐▽⊣⇒ ⟩∫ ⊒⟨⌉⊔⟨⌉∇ ⟩⊔ ⟩∫ √≀∫∫⟩⌊↕⌉ {≀∇ ⊔⟨⌉ A‡≀∇⌉∫ ⊔≀ ⊔∇⊣⊑⌉↕ ⌊† ⊣⟩∇ ≀⊑⌉∇ ⊔⟨⌉ A⊔↕⊣\⊔⟩⌋ ≀⌋⌉⊣\⇔ ⊣ ∐⊓⌉∫⊔⟩≀\ ⊔⟨⊣⊔ ⊖⌋⊣\ ≀\↕† ⌊⌉ ⌈⌉⌋⟩⌈⌉⌈ ⌊† ⇕⊣‖⟩\} ⊣\ ⟩⇕√↕⟩⌋⟩⊔ ⟩\{⌉∇⌉\⌋⌉ ⌊⊣∫⌉⌈ ≀\ }⌉\⌉∇⊣↕ ‖\≀⊒↕⌉⌈}⌉↙⪰ T⟨⊣⊔ ⟩∫⇔ ⊔⟨⌉ ∐⊓⌉∫⊔⟩≀\ ⊖⟨⟩\}⌉∫ ≀\ ∐⊓⌉∫⊔⟩≀\∫ ≀{ {⊣⌋⊔⇔ ⊣∫ ⊒⌉↕↕ ⊣∫ ≀\ ⊣ ‖\≀⊒↕⌉⌈}⌉ ≀{ ⊔⟨⌉ ⇕⌉⊣\⟩\}∫ ≀{ ⊒≀∇⌈∫⪰ ⇐√↙ ∈∋▽⇒↙ T⟨⌉ ⟩\{≀∇⇕⊣⊔⟩≀\ J≀⟨\∫≀\↖L⊣⟩∇⌈ ⟨⊣∫ ⟩\ ⇕⟩\⌈ ⟩∫ ⊔⟨⌉ {≀↕↕≀⊒⟩\}¬ ⇐▽∀⇒ ⊣↙ A\ ⟩∫↕⊣\⌈ ⟩∫ ⊣ ↕⊣\⌈ ⇕⊣∫∫ ⌉\⊔⟩∇⌉↕† ∫⊓∇∇≀⊓\⌈⌉⌈ ⌊† ⊒⊣⊔⌉∇↙ ⌊↙ L⊣\⌈ ⇕⊣∫∫⌉∫ ⊣∇⌉ √⊣∇⊔∫ ≀{ ⊔⟨⌉ ⌉⊣∇⊔⟨≃∫ ∫⊓∇{⊣⌋⌉ ⊔⟨⊣⊔ ⊣∇⌉ ⊘§⌉⌈ ∇⌉↕⊣⊔⟩⊑⌉ ⊔≀ ≀⊔⟨⌉∇ ∫⊓⌋⟨ √⊣∇⊔∫ ⇐⌊⊣∇∇⟩\} ⌉⊣∇⊔⟨∐⊓⊣‖⌉∫⇒↙ ⌋↙ A\ ≀⌋⌉⊣\ ⟩∫ ⊣ ⌊≀⌈† ≀{ ∫⊣↕⊔ ⊒⊣⊔⌉∇ ⊔⟨⊣⊔ ⌋≀⊑⌉∇∫ ⊣ ↕⊣∇}⌉ ⊣\⌈ ∇⌉↕⊣⊔⟩⊑⌉↕† ⊘§⌉⌈ √⊣∇⊔ ≀{ ⊔⟨⌉ ⌉⊣∇⊔⟨≃∫ ∫⊓∇{⊣⌋⌉↙ ⌈↙ I{ § ⟩∫ ⊣ ⊘§⌉⌈ √⊣∇⊔ ≀{ † ⊔⟨⌉\ § ⊔∇⊣⊑⌉↕∫ ⊒⟨⌉\ † ⊔∇⊣⊑⌉↕∫⇔ ⌊⊓⊔ § ⌈≀⌉∫ \≀⊔ ⊔∇⊣⊑⌉↕ ⊒⟩⊔⟨ ∇⌉∫√⌉⌋⊔ ⊔≀ †↙ ⌉↙ T⟨⌉ A‡≀∇⌉∫ ⊣∇⌉ ⟩∫↕⊣\⌈∫ ⟩\ ⊔⟨⌉ A⊔↕⊣\⊔⟩⌋ O⌋⌉⊣\↙ N≀⊔⟩⌋⌉ ⊔⟨⊣⊔ ⟩\{≀∇⇕⊣⊔⟩≀\ ⊣⌊≀⊓⊔ ⊒≀∇⌈ ⇕⌉⊣\⟩\} ⟩∫ \≀⊔ {≀∇⇕⊣↕↕† ⌈⟩∫⊔⟩\}⊓⟩∫⟨⌉⌈ {∇≀⇕ {⊣⌋⊔⊓⊣↕ ‖\≀⊒↕⌉⌈}⌉∅ ⊣↕∫≀ \≀⊔⌉ ⟨≀⊒ \⊓↕↕⟩{†⟩\} ⊔⟨⌉ ∫⌉⌋≀\⌈ √⟩⌉⌋⌉ ≀{ ⟩\{≀∇⇕⊣⊔⟩≀\ � ⌉↙}↙ ⟩\ ⊔⟨⌉ ⌋≀\⊔⌉§⊔ ≀{ ⊣ ∫⌋⟩⌉\⌋⌉ ⊘⌋⊔⟩≀\ ∫⊔≀∇† � ⊒≀⊓↕⌈ ⌋⟨⊣\}⌉ ⊔⟨⌉ ⟩\⊔⌉∇√∇⌉⊔⊣⊔⟩≀\ ≀{ ⇐▽⌊⇒↙ A↕⊔⟨≀⊓}⟨ ∫⊔∇⟩⌋⊔↕† ∫⌉⇕⊣\⊔⟩⌋ ⟩\{≀∇⇕⊣⊔⟩≀\ ⟩∫ \≀⊔ {≀∇⇕⊣↕↕† ⌈⟩∫⊔⟩\}⊓⟩∫⟨⌉⌈ {∇≀⇕ }⌉\⌉∇⊣↕ ⊒≀∇↕⌈ ‖\≀⊒↕⌉⌈}⌉⇔ ≀\⌉ ⌋≀⊓↕⌈ ⊣∇}⊓⌉ ⊔⟨⊣⊔ ∫≀⇕⌉ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ∇⌉∫⊔∇⟩⌋⊔⟩≀\∫ ⇕⊣‖⌉ ∇⌉{⌉∇⌉\⌋⌉ ≀\↕† ⊔≀ ∫⌉\∫⌉∫ ≀{ ⌉§√∇⌉∫∫⟩≀\∫ � {≀∇ ⌉§⊣⇕√↕⌉⇔ ⊔⟨⌉ ∫⊓⌊|⌉⌋⊔ ≀{ ↕≀⊑⌉ ⊣∫ ⟨⊓⇕⊣\ ≀∇ ⊣\⟩⇕⊣↕↙ J≀⟨\∫≀\↖L⊣⟩∇⌈ ⌉§√∇⌉∫∫⌉∫ ∫‖⌉√⊔⟩⌋⟩∫⇕ ⊣⌊≀⊓⊔ ⊔⟨⟩∫ ⌋↕⊣⟩⇕⇔ \≀⊔⟩\} ⊔⟨⊣⊔ ⊖⟩\ ⊣ ⌋≀\⊔⌉§⊔ ⊒⟨⌉∇⌉ ⊔⟨⌉ ⌈⟩∫⟨ ∇⊣\ ⊣⊒⊣† ⊒⟩⊔⟨ ⊔⟨⌉ ∫√≀≀\⇔ ⊔⟨⌉∇⌉ ⇕⊣† ⌊⌉ \≀⊔⟨⟩\} ⊣\≀⇕⊣↕≀⊓∫ ⊣⌊≀⊓⊔ ⊣ ⌋⟨⊣⟩∇≃∫ {⊣↕↕⟩\} ⟩\ ↕≀⊑⌉ ⊒⟩⊔⟨ ⊣ ⊔⊣⌊↕⌉⪰ ⇐√↙ ∈∋⇏↙ H⌉ ∫⊓}}⌉∫⊔∫ ⊔⟨⊣⊔ ⊒⟨⊣⊔ ⊣√√⌉⊣∇ ⊔≀ ⌊⌉ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫ ⌊⊣∫⌉⌈ ≀\ ∫⌉⇕⊣\⊔⟩⌋ ‖\≀⊒↕⌉⌈}⌉ ⊣∇⌉⇔ ⟩\ {⊣⌋⊔⇔ |⊓∫⊔ ⌋⊣∫⌉∫ ≀{ ⊔⟨⌉ ⇕≀∇⌉ }⌉\⌉∇⊣↕ √∇≀⌋⌉∫∫⇔ ⊒⟩⊔⟨ ∫≀⇕⌉ ⟩\{⌉∇⌉\⌋⌉∫ ⌋≀\⊑⌉\⊔⟩≀\⊣↕⟩‡⌉⌈ ⌊⌉⌋⊣⊓∫⌉ ≀{ ⊔⟨⌉⟩∇ {∇⌉∐⊓⌉\⌋† ⊣\⌈ √∇⌉⌈⟩⌋⊔⊣⌊⟩↕⟩⊔†↙ T⟨⌉ ⟩\{⌉∇⌉\⊔⟩⊣↕ ⇕⌉⌋⟨⊣\⟩∫⇕ ⟩∫ ⊔⟨⌉ ∫⊣⇕⌉⇔ ⟨⌉ ⌋≀\⌋↕⊓⌈⌉∫⇔ ⊒⟨⌉⊔⟨⌉∇ ⊔⟨⌉ √∇⌉⇕⟩∫⌉∫ ⟩\⊑≀↕⊑⌉⌈ ⌋≀\⌋⌉∇\ ↕⟩\}⊓⟩∫⊔⟩⌋ ≀∇ {⊣⌋⊔⊓⊣↕ ‖\≀⊒↕⌉⌈}⌉↙

∋↙△ S⊓⇕⇕⊣∇† ⊣\⌈ P∇≀∫√⌉⌋⊔∫ ∋↙△↙∞ P∇≀√⌉∇⊔⟩⌉∫ ≀{ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫ O\ ⊔⟨⌉ ⌊⊣∫⟩∫ ≀{ ⊔⟨⌉ ⌈⟩∫⌋⊓∫∫⟩≀\ ⟩\ ⊔⟨⌉ √∇⌉⌋⌉⌈⟩\} ⊔⊒≀ ∫⌉⌋⊔⟩≀\∫⇔ I ⊒⟩↕↕ ⌋⟨⊣∇⊣⌋⊔⌉∇⟩‡⌉ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫ ⌊† ⌉\⊓⇕⌉∇⊣⊔⟩\} ⊣ \⊓⇕⌊⌉∇ ≀{ √∇≀√⌉∇⊔⟩⌉∫ {≀∇ ⊒⟨⟩⌋⟨ I ⊘\⌈ ⊔⟨⌉ ⌉⊑⟩⌈⌉\⌋⌉ ⌋≀\⊑⟩\⌋⟩\}⇔ ⊣\⌈ \≀⊔⟩\} ⟩∫∫⊓⌉∫ ⊔⟨⊣⊔ ∫⌉⌉⇕ ⊔≀ ⇕⌉ ⊔≀ ∇⌉⇕⊣⟩\ ⊓\∇⌉∫≀↕⊑⌉⌈↙ T⟨⌉ {≀↕↕≀⊒⟩\} √∇≀√⌉∇⊔⟩⌉∫ ∫⌉⌉⇕ ⊣⌈⌉∐⊓⊣⊔⌉↕† ⌈⌉⇕≀\∫⊔∇⊣⊔⌉⌈¬ ∞↙ S⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫ ⟨≀↕⌈ ≀{ ⌋≀\∫⊔⟩⊔⊓⌉\⊔∫ ⊣\⌈ \≀⊔ ∫⟩⇕√↕† ↕⌉§⟩⌋⊣↕ ⟩⊔⌉⇕∫↙ T⟨⟩∫ ⟩∫ ⌈⌉⇕≀\∫⊔∇⊣⊔⌉⌈ ⌊† ⊔⟨⌉ ⌋≀\⊔∇⊣∫⊔ ⌊⌉⊔⊒⌉⌉\ \⌉⟩}⟨⌊≀∇ ⊣\⌈ ⌊⊓§≀⇕ \⌉⟩}⟨⌊≀∇⇔ ≀\↕† ⊔⟨⌉ ∫⌉⌋≀\⌈ ≀{ ⊒⟨⟩⌋⟨ ⊒≀⊓↕⌈ ⊑⟩≀↕⊣⊔⌉ ⊣ ∇⌉∐⊓⟩∇⌉⇕⌉\⊔ {≀∇ ⊔⟨⌉ {⌉⊣⊔⊓∇⌉ MALE↙

△∃ ∈↙ S⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫ ⊣∇⌉ \≀⊔ ∫⊔∇⟩⌋⊔↕† ∫†\⊔⊣⌋⊔⟩⌋↙ T⟨⟩∫ ⟩∫ ⌈⌉⇕≀\∫⊔∇⊣⊔⌉⌈⇔ ⌉↙}↙⇔ ⌊† ⊔⟨⌉ ⌉§⟩∫⊔⌉\⌋⌉ ≀{ √∇⌉⌈⟩⌋⊣⊔⌉∫ ∫⌉↕⌉⌋⊔⟩\} {≀∇ ∫⌉⇕⊣\⊔⟩⌋ {⌉⊣⊔⊓∇⌉∫ ⇐⌉↙}↙ ∫⌉⇕⊣\⊔⟩⌋ ∇⊣⊔⟨⌉∇ ⊔⟨⊣\ ∫†\⊔⊣⌋⊔⟩⌋ }⌉\⌈⌉∇⇒⇔ ⊣\⌈ ≀{ ⊑⌉∇⌊∫ ↕⟩‖⌉ ⌈⌉⊑⌉⟩\ ⊔⟨⊣⊔ ∇⌉{⌉∇ ⊔≀ ∫⌉⇕⊣\⊔⟩⌋ ⌋↕⊣∫∫⌉∫ ⇐⌉↙}↙ ∫⟨∇⟩⇕√ ⊣\⌈ √∇⊣⊒\∫⇒↙ ∋↙ S⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫ ⊣∇⌉ \≀⊔ ∇⌉∫⊔∇⟩⌋⊔⌉⌈ ⊔≀ ⊣ ∫⇕⊣↕↕⇔ √∇⟩⊑⟩↕⌉}⌉⌈ {⌉⊣⊔⊓∇⌉ ⊑≀⌋⊣⌊⊓↕⊣∇†↙ E§⊣⇕√↕⌉∫ ↕⟩‖⌉ ⌈⌉⊑⌉⟩\ ⊣\⌈ ⌈⟩⊣}≀\⊣↕⟩‡⌉ ⌈⌉⇕≀\∫⊔∇⊣⊔⌉ ⊔⟨⊣⊔ ⊑⌉∇⌊∫ ⌋⊣\ ∫⌉↕⌉⌋⊔ {≀∇ ∫⇕⊣↕↕⇔ ∫√⌉⌋⟩⊘⌋ ∫⌉⇕⊣\⊔⟩⌋ ⌋↕⊣∫∫⌉∫ ∇⊣⊔⟨⌉∇ ⊔⟨⊣\ ↕⊣∇}⌉⇔ ⊣⌊∫⊔∇⊣⌋⊔ ≀\⌉∫↙ △↙ S⌉↕⌉⌋⊔⟩≀\⊣↕ ⊑⟩≀↕⊣⊔⟩≀\∫ ⌋⊣\\≀⊔ ⌊⌉ ⟩\⊔⌉∇√∇⌉⊔⌉⌈ ⊣∫ ⇕⌉⊣\⟩\}↕⌉∫∫ ⟩\ ⊔⟨⌉ ∫⊔∇⟩⌋⊔ ∫⌉\∫⌉ ≀{ ⊣ ⊔≀⊔⊣↕ ⊣⌊∫⌉\⌋⌉ ≀{ ∇⌉⊣⌈⟩\}∫∅ ⊘∇∫⊔⇔ ⌊⌉⌋⊣⊓∫⌉ ⌉⊑⌉\ ∫⌉↕⌉⌋⊔⟩≀\⊣↕↕† ⌈⌉⊑⟩⊣\⊔ ∫⌉\⊔⌉\⌋⌉∫ }⌉\⌉∇⊣⊔⌉ ⌉\⊔⊣⟩↕⇕⌉\⊔∫⇔ ⊣\⌈ ∫⌉⌋≀\⌈⇔ ⌊⌉⌋⊣⊓∫⌉ ⌈⟩∫⊔⟩\⌋⊔ ⊣\≀⇕⊣↕≀⊓∫ ⌋≀\∫⊔⟩⊔⊓⌉\⊔∫ ⟩\ ⌉⇕⌊⌉⌈⌈⌉⌈ ⇐⌉∫√⌉⌋⟩⊣↕↕† ∇⌉√≀∇⊔ ⊣\⌈ ⌊⌉↕⟩⌉{⇒ ⌋≀\⊔⌉§⊔∫ ↕⌉⊣⌈ ⊔≀ ⌈⟩∫⊔⟩\⌋⊔ ⟩\⊔⌉∇√∇⌉⊔⊣⊔⟩≀\∫ ≀{ ⊔⟨⌉ {⊓↕↕ ∫⌉\⊔⌉\⌋⌉↙ ▽↙ S⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫ ⊣∇⌉ ⊣√√↕⟩⌉⌈ ⟩\ ⊣ √≀∫⟩⊔⟩⊑⌉ ⊒⊣† ⊔≀ ⊣∫∫⟩∫⊔ ↕⌉§⟩⌋⊣↕ ⌈⟩∫⊣⇕⌊⟩}⊓⊣⊔⟩≀\↙ T⟨⟩∫ ∫⌉⌉⇕∫ ⊔≀ ⌊⌉ ⌋≀\⊑⟩\⌋⟩\}↕† ⌈⌉⇕≀\∫⊔∇⊣⊔⌉⌈ ⌊† K⊣⊔‡ ⊣\⌈ F≀⌈≀∇⇔ ⌈⌉∫√⟩⊔⌉ ⊔⟨⌉ ⊙⊣⊒∫ ⟩\ ⊔⟨⌉⟩∇ √⊣∇⊔⟩⌋⊓↕⊣∇ ⌈⟩∫⊣⇕⌊⟩}⊓⊣⊔⟩≀\ ⇕⌉⌋⟨⊣\⟩∫⇕ ⊣∫ \≀⊔⌉⌈ ⌊† M⌋C⊣⊒↕⌉†↙ O⊔⟨⌉∇ √∇≀√⌉∇⊔⟩⌉∫ ≀{ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫ ∫⌉⌉⇕ ⊓\∇⌉∫≀↕⊑⌉⌈↙ I\ √⊣∇⊔⟩⌋⊓↕⊣∇¬ ∞↙ A∇⌉ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫ ∇⌉∫⊔∇⟩⌋⊔⌉⌈ ⊔≀ ⊖∫⌉⇕⊣\⊔⟩⌋⪰ √∇≀√⌉∇⊔⟩⌉∫⊥ K⊣⊔‡ ⊣\⌈ F≀⌈≀∇≃∫ ⊔∇⌉⊣⊔⇕⌉\⊔⇔ C⟨≀⇕↖ ∫‖†≃∫ ∫†\⊔⊣⌋⊔⟩⌋ ⊑⊣∇⟩⊣\⊔⇔ ⊔⟨⌉ ⊣∇}⊓⇕⌉\⊔∫ ≀{ D∇⊣\}⌉ ⊣\⌈ K⊣∫⊔≀⊑∫‖†⇔ ⊣\⌈ ⊔⟨⌉ ⌊⊓↕‖ ≀{ ⊔⟨⌉ √⟨⟩↕≀∫≀√⟨⟩⌋⊣↕ ↕⟩⊔⌉∇⊣⊔⊓∇⌉ ∇⌉⊑⟩⌉⊒⌉⌈ ⌊† H≀∇\ ⊣↕↕ ⊒≀⊓↕⌈ ∫⌉⌉⇕ ⊔≀ ⊣}∇⌉⌉ ⊔⟨⊣⊔ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫ ⟨⊣⊑⌉ ⊔≀ ⌈≀ ⊒⟩⊔⟨ ⇐⊣⊔ ⇕≀∫⊔⇒ ⌉↕⌉⇕⌉\⊔∫ ≀{ ⇕⌉⊣\⟩\}⇔ ⊣\⌈ \≀⊔ }⌉\⌉∇⊣↕ ‖\≀⊒↕⌉⌈}⌉↙ M⌋C⊣⊒↕⌉† ∫⌉⌉⇕∫ ⊔≀ ⊣⌈⇕⟩⊔ {⊣⌋⊔⊓⊣↕ ‖\≀⊒↕↖ ⌉⌈}⌉ ⊣⊔ ↕⌉⊣∫⊔ ⟩\⊔≀ ⊔⟨⌉ ⌈⟩∫⌋⊓∫∫⟩≀\ ≀{ ⌈⟩∫⊣⇕⌊⟩}⊓⊣⊔⟩≀\ ⇐⌉↙}↙ ⊔⟨⌉ √∇≀⌊⊣⌊↕⌉ ⌊⊓⊔ \≀⊔ ⌈⌉⊘\⟩⊔⟩≀\⊣↕ ⇕⊣↕⌉\⌉∫∫ ≀{ √∇⟩⌉∫⊔∫⇒⇔ ⊣\⌈ √⌉∇⟨⊣√∫ ⊣↕∫≀ ⟩\⊔≀ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫ ⇐⊔⟨⟩∫ ⟩∫ K⊣∫⊔≀⊑∫‖†≃∫ ⟩\⊔⌉∇√∇⌉⊔⊣⊔⟩≀\⇔ ⊣⊔ ↕⌉⊣∫⊔⇒∅ H≀∇\ }∇≀⊓√∫ \⌉}⊣⊔⟩⊑⌉ ⌋⊣⊔⌉}≀∇† ⇕⟩∫⊔⊣‖⌉∫ ⟩\ ⊒⟩⊔⟨ ⊣ √∇⊣}⇕⊣⊔⟩⌋ ⌋↕⊣∫∫ ≀{ ⇕⌉⊔⊣↕⟩\}⊓⟩∫⊔⟩⌋ \⌉}⊣⊔⟩≀\∫⇔ ⌊⊓⊔ ⌈≀⟩\} ∫≀ ⌈≀⌉∫ \≀⊔ √∇⌉⌋↕⊓⌈⌉ ⊔⟨⌉ √≀∫∫⟩⌊⟩↕⟩⊔† ⊔⟨⊣⊔ ⊔⟨⌉ ⌋⊣⊔⌉}≀∇⟩⌉∫ ⟩\⊑≀↕⊑⌉⌈ ⟩\ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ √⟨⌉\≀⇕⌉\⊣ ⇕⊣† ∇⌉{⌉∇ ≀\↕† ⊔≀ ⌉↕⌉⇕⌉\⊔∫ ≀{ ⇕⌉⊣\⟩\}↙ J≀⟨\∫≀\↖L⊣⟩∇⌈ ⊣∇}⊓⌉∫ ⊔⟨⊣⊔ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫ ∫⟨≀⊓↕⌈ ⌊⌉ ⊑⟩⌉⊒⌉⌈ ⊣∫ √⊣∇⊔ ≀{ ⊣ }⌉\⌉∇⊣↕ ⟩\{⌉∇⌉\⊔⟩⊣↕ {∇⊣⇕⌉⊒≀∇‖⇔ ⊣\⌈ ⊔⟨⊣⊔ √⊓⊔⊣⊔⟩⊑⌉↕† ∫⌉⇕⊣\⊔⟩⌋ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ √∇≀√⌉∇⊔⟩⌉∫ ⌋⊣\\≀⊔ ⊓↕⊔⟩⇕⊣⊔⌉↕† ⌊⌉ ⌈⟩∫⊔⟩\}⊓⟩∫⟨⌉⌈ {∇≀⇕ {⊣⌋⊔⊓⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫↙ ∈↙ A∇⌉ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫ ⌋⊣⊔⌉}≀∇⟩⌋⊣↕ ≀∇ }∇⊣⌈⌉⌈⊥ F⌉⊒ ≀{ ⊔⟨⌉ ⊣⊓⊔⟨≀∇∫ ⌉§√↕⟩⌋⟩⊔↕† ⌈⟩∫⌋⊓∫∫ ⊒⟨⌉⊔⟨⌉∇ ≀∇ \≀⊔ ⊔⟨⌉ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ∫⊔⊣⊔⊓∫ ≀{ ⊣\ ⊣∇}⊓⇕⌉\⊔ ⟩∫ ⊣\ ⊣↕↕↖≀∇↖\≀⊔⟨⟩\} ⇕⊣⊔⊔⌉∇↙ W⟨⌉\ ∫⌉↕⌉⌋⊔⟩≀\ ⟩∫ ⊔⊣‖⌉\ ⊔≀ ∇⌉{⌉∇ ⌉§⌋↕⊓∫⟩⊑⌉↕† ⊔≀ ∫⌉⇕⊣\⊔⟩⌋ √∇≀√⌉∇⊔⟩⌉∫⇔ ⊔⟨⌉ ⌋≀\∫⊔∇⊣⟩\⊔ ⊓∫⊓⊣↕↕† ⊔⊣‖⌉∫ ⊔⟨⌉ {≀∇⇕ ≀{ ⊣ ⌋⊣⊔⌉}≀∇⟩⌋⊣↕⇔ \⌉⌋⌉∫∫⊣∇† ⊣\⌈ ∫⊓{⊘⌋⟩⌉\⊔ ⌋≀\⌈⟩⊔⟩≀\ ⊣\⌈ \≀ ≀⊔⟨⌉∇ ⊣↕⊔⌉∇\⊣⊔⟩⊑⌉ ⟩∫ ⌋≀\∫⟩⌈⌉∇⌉⌈↙ W⟨⌉\ {⊣⌋⊔⊓⊣↕ √∇≀√⌉∇⊔⟩⌉∫ ⊣∇⌉ ⌈⟩∫⌋⊓∫∫⌉⌈⇔ ⊔⟨⌉∇⌉ ⊣∇⌉ ∫≀⇕⌉ √⊣∫∫⟩\} ∇⌉{⌉∇⌉\⌋⌉∫ ⊔≀ ⊔⟨⌉ √∇≀⌊⊣⌊⟩↕⟩∫⊔⟩⌋ \⊣⊔⊓∇⌉ ≀{ ∫⊓⌋⟨ {⊣⌋⊔∫ ⇐⌉↙}↙ K⊣∫⊔≀⊑∫‖†≃∫ ⇕⌉\⊔⟩≀\ ≀{ ⊖⌉§⊔∇⊣↕⟩\}⊓⟩∫⊔⟩⌋ √∇≀⌊⊣⌊⟩↕⟩⊔⟩⌉∫⪰⇒⇔ ⌊⊓⊔ ⟩⊔ ⟩∫ \≀⊔ ⌋↕⌉⊣∇ ⊒⟨⌉⊔⟨⌉∇ ⊓\⌋⌉∇⊔⊣⟩\⊔†⇔ ⟩\{⌉∇⌉\⊔⟩⊣↕ ∫⊓√√≀∇⊔⇔ ≀∇ ≀⊔⟨⌉∇ ⊣∫√⌉⌋⊔∫ ≀{ ⌉§⊔∇⊣↕⟩\}⊓⟩∫⊔⟩⌋ √∇≀⌋⌉∫∫⟩\} ⊣∇⌉ ⟩\⊔⌉\⌈⌉⌈ ⊔≀ ∇⌉∫⊓↕⊔ ⟩\ √⊣∇⊔⟩⊣↕ ≀∇ }∇⊣⌈⌉⌈ ∫⊣⊔⟩∫{⊣⌋⊔⟩≀\ ≀{ ⌋≀\∫⊔∇⊣⟩\⊔∫↙ O{ ⊔⟨⌉ ⊣⊓⊔⟨≀∇∫ ⌋≀\∫⟩⌈⌉∇⌉⌈ ⟨⌉∇⌉⇔ ≀\↕† D∇⊣\}⌉ ⌉§√↕⟩⌋⟩⊔↕† ⌈⟩∫⌋⊓∫∫⌉∫ ⊔⟨⌉ ⊣√√⊣∇⌉\⊔ }∇⊣⌈⌉⌈\⌉∫∫ ≀{ ⊣\≀⇕⊣↕† |⊓⌈}⌉⇕⌉\⊔∫↙ W⟨⌉⊔⟨⌉∇ ≀∇ \≀⊔ ⊔⟨⌉ ∫⊣⊔⟩∫{⊣⌋⊔⟩≀\ ≀{ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫ ⟩∫ ⊣ ⇕⊣⊔⊔⌉∇ ≀{ ⌈⌉}∇⌉⌉⇔ ⊔⟨⌉ √≀∫⟩⊔⟩⊑⌉ ⊣√√↕⟩⌋⊣⊔⟩≀\ ≀{ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫ ⟩\ ⟩\⊔⌉∇√∇⌉⊔⊣⊔⟩≀\ ⇐⟩⊔⌉⇕∫ △∘▽⇔ ⊣⌊≀⊑⌉⇒ ∫⊓}}⌉∫⊔∫ ⊔⟨⊣⊔ ⊣∇}⊓⇕⌉\⊔∫ ⇕⊣† ⟩\⊔⌉∇⊣⌋⊔ ⊒⟩⊔⟨ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫ ⟩\ ⊣ ⇕≀∇⌉ ⊙⌉§⟩⌊↕⌉ ⊒⊣† ⊔⟨⊣\ ⟩∫ ⊓∫⊓⊣↕↕† ∫⊓√√≀∫⌉⌈↙ ∋↙△↙∈ A ⌈⟩↕⌉⇕⇕⊣ T⟨⌉ ⊓\∇⌉∫≀↕⊑⌉⌈ ⟩∫∫⊓⌉∫ √∇⌉∫⌉\⊔ ⊣ ⌈⟩↕⌉⇕⇕⊣ ⊔≀ ∫≀⇕⌉≀\⌉ ⟩\⊔⌉∇⌉∫⊔⌉⌈ ⟩\ ⌉↕⊣⌊≀∇⊣⊔⟩\} ⊣\ ⌉⇕√⟩∇⟩⌋⊣↕↕† ⊣⌈⌉∐⊓⊣⊔⌉ ⊔⟨⌉≀∇† ≀{ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫↙ S⊓√√≀∫⌉⇔ {≀∇ ⊔⟨⌉ ∫⊣‖⌉ ≀{ ⊣∇}⊓⇕⌉\⊔⇔ ⊔⟨⊣⊔ ≀\⌉ ⊒⌉∇⌉ ⊔≀ ⊣⌋⌋⌉√⊔ ⊔⟨⌉ ⊑⟩⌉⊒ ⊔⟨⊣⊔ ∫⌉↕⌉⌋⊔⟩≀\⊣↕

▽′ ⌋≀\∫⊔∇⊣⟩\⊔∫ ∇⌉√∇⌉∫⌉\⊔ \⌉⌋⌉∫∫⊣∇† ⊣\⌈ ∫⊓{⊘⌋⟩⌉\⊔ ⌋≀\⌈⟩⊔⟩≀\∫⇔ √⟨∇⊣∫⌉⌈ ≀\↕† ⊒⟩⊔⟨⟩\ ⊣ ∫⌉⇕⊣\⊔⟩⌋ ⊑≀⌋⊣⌊⊓↕⊣∇†∅ ⊔⟨⊣⊔ ⟩∫⇔ ⊔⟨⊣⊔ ⊔⟨⌉† ⌋≀\⌋⌉∇\ ≀\↕† ∫⌉\∫⌉∫ ≀{ ⌉§√∇⌉∫∫⟩≀\∫ ⊣\⌈ \≀⊔ ⊣\† ⊣⌋⌋≀⇕√⊣\†⟩\} {⊣⌋⊔⊓⊣↕ ‖\≀⊒↕⌉⌈}⌉↙ S⊓⌋⟨ ⊣\ ⊣√√∇≀⊣⌋⟨ ∫⌉⌉⇕∫ ⌋↕⌉⊣∇↕† ⊔≀ ⌊⌉ ⌉∐⊓⟩⊑⊣↕⌉\⊔ ⊔≀ ⊣⌈≀√⊔⟩\} ⊣ ⌈⌉⌋≀⇕√≀∫⟩⊔⟩≀\⊣↕⇔ ⌈⌉⊘\⟩⊔⟩≀\⊣↕ ⊔⟨⌉≀∇† ≀{ ⌈⌉∫⌋∇⟩√⊔⟩≀\ {≀∇ ⇕⌉\⊔⊣↕ ⌋⊣⊔⌉}≀∇⟩⌉∫↙ O\ ∫⊓⌋⟨ ⊣ ⊔⟨⌉≀∇†⇔ ⊣ ⌋⊣⊔⌉}≀∇† ⟩∫ ⌋≀⇕√↕⌉⊔⌉↕† ⌈⌉⊘\⌉⌈ ⟩\ ⊔⌉∇⇕∫ ≀{ ⇐⊣ B≀≀↕⌉⊣\ ⌋≀⇕⌊⟩\⊣⊔⟩≀\ ≀{⇒ {⌉⊣⊔⊓∇⌉∫ ∫⊓⌋⟨ ⊣∫ ANIMAL⇔ FLIES⇔ HAS WINGS⇔ ⊣\⌈ ∫≀ {≀∇⊔⟨ � ⊔⟨⌉ ≀\↕† ⌈⟩{{⌉∇⌉\⌋⌉ ⟩∫ ⊔⟨⊣⊔ ⟩\ ⊔⟨⌉ ⌋⊣∫⌉ ≀{ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫ ⊔⟨⌉ ⌈⌉⊘\⟩⊔⟩≀\ ∇⌉{⌉∇∫ \≀⊔ ⊔≀ ⊣\ ⟩\⌈⌉√⌉\⌈⌉\⊔ ⌋⊣⊔⌉}≀∇† ↕⊣⌊⌉↕ ⇐⌉↙}↙ BIRD⇒ ⌊⊓⊔ ⊔≀ ⊣√√↕⟩⌋⊣⌊⟩↕⟩⊔† ⌋≀\⌈⟩⊔⟩≀\∫ {≀∇ ⊔⟨⌉ ⊣∇}⊓⇕⌉\⊔ √≀∫⟩⊔⟩≀\ ≀{ ⊣ √∇⌉⌈⟩⌋⊣⊔⌉ ⇐⌉↙}↙ § ⟩\ ⌊↕⊓⌉⇐§⇒⇒↙ D⌉⊘\⟩⊔⟩≀\⊣↕ ⊔⟨⌉≀∇⟩⌉∫⇔ ⟨≀⊒⌉⊑⌉∇⇔ ∫⊓{{⌉∇ {∇≀⇕ ∫≀⇕⌉ ⊒⌉↕↕ ‖\≀⊒\ √∇≀⌊↕⌉⇕∫↙ A∇⇕∫⊔∇≀\} ⌉⊔ ⊣↕↙ ⇐∞∃∀∋⇔ √↙ ∈∀̸⇒ ∇⌉√≀∇⊔¬ ∪T⟨⌉⊎ ⌈⌉⊘\⟩⊔⟩≀\⊣↕ ⊔⟨⌉≀∇† ⟩∫ ⌈⟩{⊘⌋⊓↕⊔ ⊔≀ ⊒≀∇‖ ≀⊓⊔ ⟩\ ⊔⟨⌉ ∇⌉∐⊓⟩∇⌉⌈ ⌈⌉⊔⊣⟩↕↙ N≀ ≀\⌉ ⟨⊣∫ ∫⊓⌋⌋⌉⌉⌈⌉⌈ ⟩\ ⊘\⌈⟩\} ⊔⟨⌉ ∫⊓√√≀∫⌉⌈ ∫⟩⇕√↕⌉∫⊔ ⌋⊣⊔⌉}≀∇⟩⌉∫ ⇐⊔⟨⌉ {⌉⊣⊔⊓∇⌉∫⇒↙ I⊔ ∇⊣∇⌉↕† ∫⌉⌉⇕∫ ⊔≀ ⌊⌉ ⊔⟨⌉ ⌋⊣∫⌉ ⊔⟨⊣⊔ ⊣↕↕ ⊣\⌈ ≀\↕† ⊔⟨⌉ ⌋↕⊣∫∫ ⇕⌉⇕⌊⌉∇∫ ⌋⊣\ ⌊⌉ √⟩⌋‖⌉⌈ ≀⊓⊔ ⟩\ ⊔⌉∇⇕∫ ≀{ ∫⊓{⊘⌋⟩⌉\⊔ ↕⟩∫⊔∫ ≀{ ⌋≀\|⌉⌋⊔⊓∇⌉⌈ ⌉↕⌉⇕⌉\⊔⊣↕ ⌋⊣⊔⌉}≀∇⟩⌉∫↙ A\⌈ ⌉↕⟩⇕⟩\⊣⊔⟩\} ∫≀⇕⌉ ≀{ ⊔⟨⌉ ⊣√√⊣∇⌉\⊔↕† \⌉⌋⌉∫∫⊣∇† √∇≀√⌉∇⊔⟩⌉∫ ⇐⌉↙}↙⇔ ⌈⌉↕⌉⊔⟩\} {⌉⊣⊔⟨⌉∇∫⇔ ⊙⟩⌉∫⇔ ⊣\⌈ ⌉}}∫ ∫≀ ⊣∫ ⊔≀ ⟩\⌋↕⊓⌈⌉ ⊔⟨⌉ ⌈≀⊒\↖⌋≀⊑⌉∇⌉⌈ ⌊⊣⌊† ⇕⊣↕⌉ ≀∫⊔∇⟩⌋⟨⌉∫ ⊣⇕≀\} ⊔⟨⌉ ⌊⟩∇⌈∫⇒ ∫⌉⌉⇕∫ \≀⊔ ⊔≀ ⊣{{⌉⌋⊔ ⌋⊣⊔⌉}≀∇† ⇕⌉⇕⌊⌉∇∫⟨⟩√↙ G⌉\⌉∇⊣↕↕† ∫√⌉⊣‖⟩\}⇔ ⟩⊔ ⟩∫ ⊒⟩⌈⌉↕† ⊣}∇⌉⌉⌈ ⊔≀⌈⊣† ⟩\ √⟨⟩↕≀∫≀√⟨†⇔ ↕⟩\}⊓⟩∫⊔⟩⌋∫⇔ ⊣\⌈ √∫†⌋⟨≀↕≀}†⇔ ⊔⟨⊣⊔ ⊔⟨⌉ ⌈⌉⊘\⟩⊔⟩≀\⊣↕ √∇≀}∇⊣⇕ {≀∇ ⌉⊑⌉∇†⌈⊣† ↕⌉§⟩⌋⊣↕ ⌋⊣⊔⌉}≀∇⟩⌉∫ ⟨⊣∫ ⌊⌉⌉\ ⌈⌉{⌉⊣⊔⌉⌈ � ⊣⊔ ↕⌉⊣∫⊔ ⟩\ ⟩⊔∫ √∇⟩∫⊔⟩\⌉ {≀∇⇕↙ J≀⟨\∫≀\↖L⊣⟩∇⌈≃∫ ⇐∞∃∀∋⇔ ⌋⟨⊣√⊔⌉∇ ∞′⇒ ⌈⟩∫⌋⊓∫∫⟩≀\ ≀{ ∫⌉↕⌉⌋⊔⟩≀\ ∇⌉∫⊔∇⟩⌋⊔⟩≀\∫⇔ ⌈⌉∫⌋∇⟩⌊⌉⌈ ⌊∇⟩⌉⊙† ⊣⌊≀⊑⌉⇔ ⟩∫ ≀{ ⌋≀⊓∇∫⌉ ⊣↕∫≀ ⊣ ⌋∇⟩⊔⟩∐⊓⌉ ≀{ ⊔⟨⌉ ⌈⌉⊘\⟩⊔⟩≀\⊣↕ ⊣√√∇≀⊣⌋⟨↙ I⊔ ⟩∫ √≀∫∫⟩⌊↕⌉ ⊔≀ ⊣⌈≀√⊔ ⊣ ⌈⌉⌋≀⇕√≀∫⟩⊔⟩≀\⊣↕ ⊔⟨⌉≀∇† ⊒⟩⊔⟨≀⊓⊔ ∇⌉∐⊓⟩∇⟩\} \⌉⌋⌉∫∫⊣∇† ⊣\⌈ ∫⊓{⊘⌋⟩⌉\⊔ ⌋≀\⌈⟩⊔⟩≀\∫∅ ⊔⟨⟩∫ ⟩∫ ⊔⟨⌉ ⊓∫⊓⊣↕ ⟩\⊔⌉∇√∇⌉⊔⊣⊔⟩≀\ ≀{ √∇≀⊔≀⊔†√⌉ ⊔⟨⌉≀∇† ⇐R≀∫⌋⟨ ⌉⊔ ⊣↕↙⇔ ∞∃⇏↙ H≀⊒⌉⊑⌉∇⇔ A∇⇕∫⊔∇≀\} ⌉⊔ ⊣↕↙ ⇐∞∃∀∋⇒ √≀⟩\⊔ ≀⊓⊔ ⊔⟨⊣⊔⇔ ⊔≀ ⊔⟨⌉ ⌉§⊔⌉\⊔ ⊔⟨⊣⊔ ⊣ √∇≀⊔≀⊔†√⌉ ⊔⟨⌉≀∇† ⇕⊣‖⌉∫ ⊓∫⌉ ≀{ {⌉⊣⊔⊓∇⌉∫⇔ ⟩⊔ ⊒⟩↕↕ ⟨⊣⊑⌉ ⇕⊣\† ≀{ ⊔⟨⌉ ∫⊣⇕⌉ √∇≀⌊↕⌉⇕∫ ⊣∫ ⊣ ⌈⌉⊘\⟩⊔⟩≀\⊣↕ ⊔⟨⌉≀∇†¬ ⊖⟩⊔ ⟩∫ \≀⊔ \≀⊔⊣⌊↕† ⌉⊣∫⟩⌉∇ ⊔≀ ⊘\⌈ ⊔⟨⌉ √∇≀⊔≀⊔†√⟩⌋ {⌉⊣⊔⊓∇⌉∫ ≀{ ⊣ ⌋≀\⌋⌉√⊔ ⊔⟨⊣\ ⊔≀ ⊘\⌈ ⊔⟨⌉ \⌉⌋⌉∫∫⊣∇† ⊣\⌈ ∫⊓{⊘⌋⟩⌉\⊔ ≀\⌉∫⪰ ⇐√↙ ∈∈⇒↙ F⊓∇⊔⟨⌉∇⇕≀∇⌉⇔ ⟩\ ⌋≀\⊔∇⊣∫⊔ ⊔≀ ≀\⌉ ≀{ ⊔⟨⌉ ⇕⊣⟩\ ⊣⌈⊑⊣\⊔⊣}⌉∫ ≀{ ⌈⌉⊘\⟩⊔⟩≀\⊣↕ ⊔⟨⌉≀∇⟩⌉∫⇔ ⊣⌈≀√⊔⟩\} ⊣ ⊔⟨⌉≀∇† ≀{ √∇≀⊔≀⊔†√⌉∫ ⇕⊣‖⌉∫ ⌈⟩{⊘⌋⊓↕⊔ ⇐A∇⇕∫⊔∇≀\} ⌉⊔ ⊣↕↙¬ ⊖⊣↕⊔≀}⌉⊔⟨⌉∇ ⟨≀√⌉↕⌉∫∫⪰⇒ ⊣ ⌋≀⇕√≀∫⟩⊔⟩≀\⊣↕ ⊣⌋⌋≀⊓\⊔ ≀{ √⟨∇⊣∫⌉ ⊣\⌈ ∫⌉\⊔⌉\⌋⌉ ⇕⌉⊣\⟩\}∫ ⇐O∫⟨⌉∇∫≀\ ⊣\⌈ S⇕⟩⊔⟨⇔ ∞∃∀∞⇒↙∀ A ∇⌉⊑⟩⌉⊒ ≀{ ⊔⟨⌉ ↕⟩⊔⌉∇⊣⊔⊓∇⌉ ⟨⌉∇⌉ ⊒≀⊓↕⌈ ⌋≀\∫⊔⟩⊔⊓⊔⌉ ⊔≀≀ ⇕⊓⌋⟨ ≀{ ⊣ ∫⟩⌈⌉↖⊔∇⟩√⇔ ⊓\{≀∇⊔⊓\⊣⊔⌉↕†∅ {≀∇ ⊣ ∫⊔⊣∇⊔ ∫⌉⌉ ⇐F≀⌈≀∇ ⌉⊔ ⊣↕↙⇔ ∞∃∀′∅ S⇕⟩⊔⟨ ⊣\⌈ M⌉⌈⟩\⇔ ∞∃∀∞∅ A∇⇕∫⊔∇≀\}⇔ G↕⌉⟩⊔⇕⊣\⇔ ⊣\⌈ G↕⌉⟩⊔⇕⊣\⇔ ∞∃∀∋∅ S⇕⟩⊔⟨ ⊣\⌈ O∫⟨⌉∇∫≀\⇔ ∞∃∀∀⇒⇔↙ T⟨⌉ ⇕⊣⟩\ √≀⟩\⊔ ⟨⌉∇⌉ ⟩∫ ⊔⟨⊣⊔ ⌉⊑⌉\ ⟩{ ⌋≀\∫⊔∇⊣⟩\⊔∫ ⊣∇⌉ \≀⊔ ⊑⟩⌉⊒⌉⌈ ⊣∫ \⌉⌋⌉∫∫⊣∇† ⊣\⌈ ∫⊓{⊘⌋⟩⌉\⊔⇔ ⊔⟨⌉ ⟩⌈⌉\⊔⟩⊘⌋⊣⊔⟩≀\ ≀{ ⊣\ ⊣⌈⌉∐⊓⊣⊔⌉⇔ ⌉§⟨⊣⊓∫⊔⟩⊑⌉ ∫⌉⊔ ≀{ √∇⟩⇕⟩⊔⟩⊑⌉ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⇐⇕≀∇⌉ }⌉\⌉∇⊣↕↕†⇔ ∫⌉⇕⊣\⊔⟩⌋⇒ {⌉⊣⊔⊓∇⌉∫ ∫⌉⌉⇕∫ ≀\ ⌉⇕√⟩∇⟩⌋⊣↕ }∇≀⊓\⌈∫ ⊔≀ ⌊⌉ ⌈⟩{⊘⌋⊓↕⊔ ⟩{ \≀⊔ ⟩⇕√≀∫∫⟩⌊↕⌉ ⊔≀ ∫⊓∫⊔⊣⟩\↙ N≀⊒ ⌋≀\∫⟩⌈⌉∇ ⊔⟨⌉ ⊣↕⊔⌉∇\⊣⊔⟩⊑⌉ ⊑⟩⌉⊒⇔ ⊔⟨⌉ √≀∫⟩⊔⟩≀\ ⊔⟨⊣⊔ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫ ⊣∇⌉ ⌋≀\\⌉⌋⊔⌉⌈ \≀⊔ ⊒⟩⊔⟨ ∫⌉⇕⊣\⊔⟩⌋ √∇⟩⇕⟩⊔⟩⊑⌉∫ ⊣\⌈ ⇕⌉⊣\⟩\} ⌊⊓⊔ ⊒⟩⊔⟨ ⟩\{⌉∇⌉\⌋⌉∫ ⊣\⌈ {⊣⌋⊔⊓⊣↕ ‖\≀⊒↕⌉⌈}⌉↙ T⟨⟩∫ ⟩∫ ⊔⟨⌉ ↕⟩\⌉ ∫⊓}}⌉∫⊔⌉⌈ ⌊† J≀⟨\∫≀\↖L⊣⟩∇⌈⇔ ⊣\⌈ ⟩⊔ ∫⌉⌉⇕∫ ⌋≀\∫⟩∫⊔⌉\⊔ ⊒⟩⊔⟨ H≀∇\≃∫ ⌋↕⊣∫∫⟩⊘⌋⊣⊔⟩≀\ ≀{ \⌉}⊣⊔⟩⊑⌉ ⌋⊣⊔⌉}≀∇† ⇕⟩∫⊔⊣‖⌉∫ ⊒⟩⊔⟨⟩\ ⊣ ⇕⊓⌋⟨ ⌊∇≀⊣⌈⌉∇ ∫⌉⊔ ≀{ √∇⊣}⇕⊣⊔⟩⌋ ⟩∫∫⊓⌉∫↙ A ⊔⟨⌉≀∇† ≀{ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫ ≀\ ⊔⟨⟩∫ ⊑⟩⌉⊒ ⌊⌉⌋≀⇕⌉∫ ⌉∐⊓⊣↕↕† √∇≀⌊↕⌉⇕⊣⊔⟩⌋⇔ ⊣↕⌊⌉⟩⊔ {≀∇ ⌉\⊔⟩∇⌉↕† ⌈⟩{{⌉∇⌉\⊔ ∇⌉⊣∫≀\∫↙ W⟨⌉∇⌉ {≀∇ ⊣ ⌈⌉⊘\⟩⊔⟩≀\⊣↕ ⊔⟨⌉≀∇† ⊔⟨⌉ √∇≀⌊↕⌉⇕ ⟩∫ \≀⊔ ⌊⌉⟩\} ⊣⌊↕⌉ ⊔≀ ⊘\⌈ ⊣ ⌋≀⇕√↕⌉⊔⌉ ⊣\⌈ ⊣⌈⌉∐⊓⊣⊔⌉ ∫⌉⊔ ≀{ {⌉⊣⊔⊓∇⌉∫ ⊒⟩⊔⟨⟩\ ⊔⟨⌉ ⌋≀\⊘\⌉∫ ≀{ ⊔⟨⌉ ∫⌉⇕⊣\⊔⟩⌋ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\⇔ {≀∇ ⊣ √∇⊣}⇕⊣⊔⟩⌋ ≀∇ ⟩\{⌉∇⌉\⊔⟩⊣↕ ⊔⟨⌉≀∇† ⊔⟨⌉ √∇≀⌊↕⌉⇕ ⟩∫ ⊔⟨⊣⊔ ⊣\†⊔⟨⟩\} }≀⌉∫¬ ⟩⊔ ⊒⟩↕↕ ⌊⌉ \⌉⌋⌉∫∫⊣∇† ⊔≀ ∇⌉√∇⌉∫⌉\⊔ ⊣\⌈ ⇕⊣‖⌉ ⟩\{⌉∇⌉\⌋⌉∫ ⊣⌊≀⊓⊔ \≀⊔ ≀\↕† ⊒≀∇⌈ ⇕⌉⊣\⟩\} √∇≀√⌉∇ ⌊⊓⊔ ⊣↕∫≀ ≀⊔⟨⌉∇ {⊣⌋⊔∫ ∇⊣\}⟩\} {∇≀⇕ ∫≀⌋⟩⊣↕ ⇕≀∇⌉∫ ⊔≀ \⊣⟩⊑⌉ ∀H≀⊒⌉⊑⌉∇⇔ ∫⌉⌉ ⇐K⊣⇕√ ⊣\⌈ P⊣∇⊔⌉⌉⇔ ⟩\ √∇≀}∇⌉∫∫⇒ {≀∇ ⊣ ⌈⌉{⌉\∫⌉ ≀{ ⊔⟨⌉ √∇≀⊔≀⊔†√⌉ ⊔⟨⌉≀∇†↙ T⟨⌉† ⊣∫⌋∇⟩⌊⌉ ⇕⊣\† ≀{ O∫⟨⌉∇∫≀\ ⊣\⌈ S⇕⟩⊔⟨≃∫ ⌋∇⟩⊔⟩⌋⟩∫⇕∫ ⌋≀\⌋⌉∇\⟩\} ⌋≀⇕√≀∫⟩⊔⟩≀\⊣↕⟩⊔† \≀⊔ ⊔≀ √∇≀⊔≀⊔†√⌉ ⊔⟨⌉≀∇† √⌉∇ ∫⌉ ⌊⊓⊔ ⊔≀ ⊔⟨⌉ ⌋⟨≀⟩⌋⌉ ≀{ {⊓‡‡† ↕≀}⟩⌋ ⊣∫ ⊣ ∫⊓√√≀∇⊔⟩\} ⇕⌉⌋⟨⊣\⟩∫⇕⇔ ⊣\⌈ ⊔⟨⌉† √∇≀√≀∫⌉ ⊣\ ⊣↕⊔⌉∇\⊣⊔⟩⊑⌉ {≀∇⇕⊓↕⊣⊔⟩≀\ ≀{ √∇≀⊔≀⊔†√⌉ ⊔⟨⌉≀∇† ⟨⊣⊑⟩\} ⊣ ⌈⟩{{⌉∇⌉\⊔ √∇≀⌊⊣⌊⟩↕⟩∫⊔⟩⌋∝∫⌉⇕⊣\⊔⟩⌋ ∫⊓⌊∫⊔∇⊣⊔⌉ ⊔⟨⊣⊔ ⊣√√⌉⊣∇∫ ⊔≀ ∇⌉∫≀↕⊑⌉ ⇕⊣\† ≀{ ⊔⟨⌉ √∇≀⌊↕⌉⇕∫↙

▽∞ √⟨†∫⟩⌋∫↙ T≀ ∫⊣† ⊔⟨⊣⊔ ∫⊓⌋⟨ ⊣ ⊔⟨⌉≀∇† ⟩∫ \≀⊔ ⊒⟩⊔⟨⟩\ ≀⊓∇ ⌋⊓∇∇⌉\⊔ ∇⌉⊣⌋⟨ ⊒≀⊓↕⌈ ⌊⌉ ⊣\ ⌉§⌉∇⌋⟩∫⌉ ⟩\ ⊓\⌈⌉∇∫⊔⊣⊔⌉⇕⌉\⊔¬ ∇⌉∫⌉⊣∇⌋⟨⌉∇∫ ⟩\ ⊣∇⊔⟩⊘⌋⟩⊣↕ ⟩\⊔⌉↕↕⟩}⌉\⌋⌉ ∫≀⇕⌉⊔⟩⇕⌉∫ ⌋⊣↕↕ √∇≀⌊↕⌉⇕∫ ↕⟩‖⌉ ⊔⟨⟩∫ ⊖AI↖⌋≀⇕√↕⌉⊔⌉⇔⪰ ∫⟩}\⟩{†⟩\} ⊔⟨⊣⊔ ⊣ ∫≀↕⊓⊔⟩≀\ ⊒≀⊓↕⌈ ⌊⌉ ⊔⊣\⊔⊣⇕≀⊓\⊔ ⊔≀ ∫≀↕⊑⟩\} ⊔⟨⌉ AI √∇≀⌊↕⌉⇕ ⟩⊔∫⌉↕{↙

∋↙△↙∋ A √∇≀√≀∫⊣↕ T⟨⌉ ⌈⟩↕⌉⇕⇕⊣ I ⟨⊣⊑⌉ |⊓∫⊔ ⌈⌉∫⌋∇⟩⌊⌉⌈ ⟨⊣∫ ⊔≀ ⌈≀ ⊒⟩⊔⟨ ⊔⟨⌉ ⊑≀⌋⊣⌊⊓↕⊣∇† ⟩\ ⊒⟨⟩⌋⟨ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫ ⊣∇⌉ ⌉§√∇⌉∫∫⌉⌈¬ ⊣⊔ ≀\⌉ ⌉§⊔∇⌉⇕⌉ ⊔⟨⌉ ⊑≀⌋⊣⌊⊓↕⊣∇† ⌋≀\∫⟩∫⊔∫ ≀{ ⊣ ∇⌉↕⊣⊔⟩⊑⌉↕† ∫⇕⊣↕↕ ∫⌉⊔ ≀{ ∫⌉⇕⊣\⊔⟩⌋ √∇⟩⇕⟩⊔⟩⊑⌉∫⇔ ⊣\⌈ ⊣⊔ ⊔⟨⌉ ≀⊔⟨⌉∇ ⌉§⊔∇⌉⇕⌉ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫ ⌋⊣\ ⌊∇⟩\} ⟩\ √∇⊣⌋⊔⟩⌋⊣↕↕† ⊔⟨⌉ ⌉\⊔⟩∇⌉ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\⊣↕ ⊣∇∫⌉\⊣↕ ≀{ ⟨⊓⇕⊣\ ∇⌉⊣∫≀\⟩\}↙ I ∫⌉⌉ \≀ ⊒⊣† ⊔≀ ∇⌉⌋≀\⌋⟩↕⌉ ⊔⟨⌉ ⊔⊒≀ √≀∫⟩⊔⟩≀\∫ � ⟩{ ⊒⌉ ⊓\↕≀⌋‖ ⊔⟨⌉ ⌈≀≀∇ ⊔≀ ⌋≀\⌋⌉√⊔⊓⊣↕ ∇⊣⊔⟨⌉∇ ⊔⟨⊣\ ⊔⟨⊣\ ∫⊔∇⟩⌋⊔↕† ∫⌉⇕⊣\⊔⟩⌋ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\∫ ⊣\⌈ √∇≀⌋⌉∫∫⌉∫⇔ I ∫⌉⌉ \≀ √∇⟩\⌋⟩√↕⌉⌈ ⊒⊣† ⊔≀ ⊣⊑≀⟩⌈ ≀√⌉\⟩\} ⟩⊔ ⊔≀ ⟩⊔∫ ⊒⟩⌈⌉∫⊔ ⌉§⊔⌉\⊔↙ I\∫⊔⌉⊣⌈⇔ I ⊣⇕ }≀⟩\} ⊔≀ √∇≀√≀∫⌉ ⊣ ∫≀↕⊓⊔⟩≀\ ⊔⟨⊣⊔ ⊣⊑≀⟩⌈∫ ⊔⟨⟩∫ ⌈⟩{⊘⌋⊓↕⊔ ⟩∫∫⊓⌉⇔ ⊣\⌈ ⊣⊔ ⊔⟨⌉ ∫⊣⇕⌉ ⊔⟩⇕⌉ ∇⌉⇕⊣⟩\∫ ⊒⌉↕↕ ⇕≀⊔⟩⊑⊣⊔⌉⌈ ⊣\⌈ ⌉⇕√⟩∇⟩⌋⊣↕↕† ∫≀⊓\⌈↙ S⟩\⌋⌉ ⊔⟨⌉∇⌉ ⟩∫ \≀ ⟩\↖⌊⌉⊔⊒⌉⌉\ √≀∫⟩⊔⟩≀\⇔ I ⊒⟩↕↕ ⊣⌋⌋⌉√⊔ ⊣ ⌈⟩⌋⟨≀⊔≀⇕† ⌊⌉⊔⊒⌉⌉\ ⊔⟨⌉ ∫⌉⇕⊣\⊔⟩⌋ ⊣\⌈ ⟩\{⌉∇⌉\⊔⟩⊣↕ ⊑⟩⌉⊒√≀⟩\⊔∫ ⊣\⌈ {≀⌋⊓∫ ≀\ ⊔⟨⌉ ↕⊣⊔⊔⌉∇↙ A↕⊔⟨≀⊓}⟨ ⊔⟨⟩∫ ⇕⊣† ∫⌉⌉⇕ ⌈⟩∫⇕⟩∫∫⟩⊑⌉ ≀\ ⊔⟨⌉ ∫⌉⇕⊣\⊔⟩⌋ ∫⟩⌈⌉⇔ I √∇⌉{⌉∇ ⊔≀ ⊔⟨⟩\‖ ≀{ ⊔⟨⌉ ⌈⟩∫⊔⟩\⌋⊔⟩≀\⊣∫ ⊣\⊣↕≀}≀⊓∫ ⊔≀ ⊔⟨⌉ ⌈⟩⌋⟨≀⊔≀⇕† H≀∇\ ⌈∇⊣⊒∫ ⌊⌉⊔⊒⌉⌉\ ⌈⌉∫⌋∇⟩√⊔⟩⊑⌉ ⊣\⌈ ⇕⌉⊔⊣↕⟩\}⊓⟩∫⊔⟩⌋ \⌉}⊣⊔⟩≀\¬ ⊣ ⌋⊣⊔⌉}≀∇† ⇕⟩∫⊔⊣‖⌉ ⇕⊣† ⌊⌉ ⊔⊣‖⌉\ ⊔≀ ⟨⊣⊑⌉ ⊣ ∫⟩⇕√↕⌉ ⊔∇⊓⊔⟨ ⊑⊣↕⊓⌉ ⟩\ ⌈⌉∫⌋∇⟩√⊔⟩⊑⌉ ⊔⌉∇⇕∫⇔ ⌊⊓⊔ ⊔⟨⌉ ⟩\⊔⌉∇⌉∫⊔⟩\} √⊣∇⊔ ≀{ ⊔⟨⌉ ⊣⌋⊔⟩≀\ ⟩∫ ≀⊓⊔∫⟩⌈⌉ ⊔⟨⌉ {≀∇⇕⊣↕ ∫⌉⇕⊣\⊔⟩⌋∫↙∃ T⟨⌉ √∇≀√≀∫⊣↕ ⟨⊣∫ ⊔⊒≀ ⌋≀⇕√≀\⌉\⊔∫↙ ∞↙ T⟨⌉ ⊘∇∫⊔ ⌋≀⇕√≀\⌉\⊔ ⟩∫ ⊣ ⊔⊣§≀\≀⇕⟩⌋ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\ ≀{ \≀⊓\ ⌋≀\⌋⌉√⊔∫ ≀{ ⊔⟨⌉ ‖⟩\⌈ ⌈⟩∫⌋⊓∫∫⌉⌈ ⟩\ S⌉⌋↖ ⊔⟩≀\ ∈↙△↙∞⇔ ⟩\ ⊒⟨⟩⌋⟨ ⊔⟨⌉ ⌋⌉\⊔∇⊣↕ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√∫ ⊣∇⌉ ⟨†√≀\†⇕† ⇐IS↖A⇒ ⊣\⌈ ∫†\≀\†⇕†↙ A↕⊔⟨≀⊓}⟨ ⊣\ IS↖A ⊔⊣§≀\≀⇕† ⌋⊣\ ⌊⌉ ⟩\⊔⌉∇√∇⌉⊔⌉⌈ ⟩\ ⇕⊣\† ⌈⟩{{⌉∇⌉\⊔ ⊒⊣†∫⇔ ∇⌉⌋⊣↕↕ ⊔⟨⊣⊔ I }∇≀⊓\⌈⌉⌈ ⊔⟨⌉ {≀∇⇕⊣↕⟩‡⊣⊔⟩≀\ ⟩\ ⊣ ∇⌉↕⊣↖ ⊔⟩≀\∫⟨⟩√ ⊔⟨⊣⊔ ⇕⟩}⟨⊔ ⌊⌉ ⌋⊣↕↕⌉⌈ ⊖√↕⊣⊓∫⟩⌊↕⌉ ⌉\⊔⊣⟩↕⇕⌉\⊔⪰¬ {≀↕↕≀⊒⟩\} ⇐L†≀\∫⇔ ∞∃∞̸⇒⇔ ⊔⟨⌉ ⌉\⊔⊣⟩↕⇕⌉\⊔ ∇⌉↕⊣⊔⟩≀\ ⟩∫ ⌊⊣∫⌉⌈ ≀\ ⊔⟨⌉ ≀∇⌈⟩\⊣∇† |⊓⌈}⌉⇕⌉\⊔∫ ≀{ ⊔⟨⌉ ↕⊣\}⊓⊣}⌉ ⊓∫⌉∇⇔ ∫⊓⌋⟨ ⊔⟨⊣⊔ ⊖≀\⌉ ∫⌉\⊔⌉\⌋⌉ ⟩⇕√↕⟩⌉∫ ⊣\≀⊔⟨⌉∇ ⟩{ ⟩\ ∫⊣†⟩\} ⊔⟨⌉ ≀\⌉ ⊒⌉ ⊣∇⌉ √∇⌉√⊣∇⌉⌈ ⊔≀ ∫⊣† ⊔⟨⌉ ≀⊔⟨⌉∇⪰ ⇐S√⊣∇⌋‖ J≀\⌉∫⇔ ∞∃△̸⇔ √↙ ▽△⇒↙ T⟨⌉ ∫†\≀\†⇕† ≀{ ⊔⊒≀ ⊒≀∇⌈∫ � √∇≀√⌉∇↕†⇔ ⊒≀∇⌈ ∫⌉\∫⌉∫ � ⟨⟩\}⌉∫ ≀\ ⊔⟨⌉ ⌉§⟩∫⊔⌉\⌋⌉ ≀{ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩⊑⌉ ∫⌉\⊔⌉\⌋⌉∫ ⟩\ ⊒⟨⟩⌋⟨ ⊔⟨⌉ ⊒≀∇⌈∫ ⌋⊣\ ⌊⌉ ∫⊓⌊∫⊔⟩⊔⊓⊔⌉⌈ ⊒⟨⟩↕⌉ ∫⊔⟩↕↕ √∇⌉∫⌉∇⊑⟩\} ⌉§⊣⌋⊔↕† ⊔⟨⌉ ∫⊣⇕⌉ ∫⌉⊔ ≀{ √↕⊣⊓∫⟩⌊↕⌉ ⌉\⊔⊣⟩↕⇕⌉\⊔∫↙∞′ T⟨⟩∫ ⌋⟨≀⟩⌋⌉ ≀{ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\ ⊒⟩↕↕ ⊣↕↕≀⊒ ⇕⌉ ⊔≀ ⌊†√⊣∫∫ ⊔⟨⌉ ⇕≀∫⊔ ∫⌉∇⟩≀⊓∫ ⊓\∇⌉∫≀↕⊑⌉⌈ ⟩∫∫⊓⌉⇔ \⊣⇕⌉↕† ⊔⟨⌉ √∇≀⌊↕⌉⇕ ≀{ ⟨≀⊒ ⊔≀ ⌋≀⟨⌉∇⌉\⊔↕† ⌈⟩∫⌋⊓∫∫ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫ ⟩\ ⊔⌉∇⇕∫ ≀{ }⌉\⌉∇⊣↕ ⟩\{⌉∇⌉\⌋⌉ ⊒⟩⊔⟨≀⊓⊔ ⊘∇∫⊔ ⊓\⌈⌉∇∫⊔⊣\⌈⟩\} ⟨≀⊒ ⊔≀ ∇⌉√∇⌉∫⌉\⊔ ⊔⟨⌉ ‖\≀⊒↕⌉⌈}⌉ ⌊⌉⟨⟩\⌈ ∫⊓⌋⟨ ⟩\{⌉∇⌉\⌋⌉∫↙ T⟨⌉ \≀⊔⟩≀\∫ ≀{ ⊖{⌉⊣⊔⊓∇⌉∫⪰ ≀∇ ⊖√∇≀√⌉∇⊔⟩⌉∫⪰ ⟨⊣⊑⌉ \≀ √↕⊣⌋⌉ ⊣⊔ ⊣↕↕ ⟩\ ⊔⟨⌉ ⊔⊣§≀\≀⇕†¬ ⟩{ ⊔⊒≀ ⊒≀∇⌈∫ ⊣∇⌉ ⌋≀⇕√⊣\⟩≀\∫ ⟩\ ⊣ ∫†\≀\†⇕ ∫⌉⊔⇔ ⊔⟨⌉\ ⌊† ⌈⌉⊘\⟩⊔⟩≀\ ⊔⟨⌉∇⌉ ⟩∫ ∫≀⇕⌉ ∫⌉⊔ ≀{ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩⊑⌉ ∫⌉\⊔⌉\⌋⌉∫ ⟩\ ⊒⟨⟩⌋⟨ ⊔⟨⌉† ⊣∇⌉ ⇕⊓⊔⊓⊣↕↕† ∫⊓⌊∫⊔⟩⊔⊓⊔⊣⌊↕⌉ ⊣⌋⌋≀∇⌈⟩\} ⊔≀ ≀∇⌈⟩\⊣∇† |⊓⌈}⌉⇕⌉\⊔∫↙ H≀⊒⌉⊑⌉∇⇔ ⊣\⌈ ⊔⟨⟩∫ ⟩∫ ⊔⟨⌉ ⌋∇⊓⌋⟩⊣↕ √≀⟩\⊔⇔ ⊔⟨⌉ ⇕⌉⌋⟨⊣\⟩∫⇕ {≀∇ ⇕⊣‖⟩\} ⊔⟨≀∫⌉ |⊓⌈}⌉⇕⌉\⊔∫ ⟩∫ ⌉\⊔⟩∇⌉↕† ⟩∇∇⌉↕⌉⊑⊣\⊔↙ W⟨⊣⊔ ⇕⊣⊔⊔⌉∇∫ ⟩∫ ⊔⟨⊣⊔ ⊔⟨⌉ ⊔⊣§≀\≀⇕† ⌉§⟩∫⊔⇔ \≀⊔ ⊔⟨⊣⊔ ⊔⟨⌉ ⌋∇⟩⊔⌉∇⟩⊣ {≀∇ ⟩\⌈⟩⊑⟩⌈⊓⊣↕ ⌋↕⊣∫∫⟩⊘⌋⊣⊔⟩≀\∫ ⌊⌉ {⊓↕↕† ∫√⌉⌋⟩⊘⌉⌈↙ G⌉\⌉∇⊣↕ ⟩\{⌉∇⌉\⊔⟩⊣↕ ⇕⌉⌋⟨⊣\⟩∫⇕∫ ⇕⊣† ⊓↕⊔⟩⇕⊣⊔⌉↕† ⊣⌋⌋≀⊓\⊔ {≀∇ ⊔⟨⌉ ⊔⊣§≀\≀⇕†⇔ ⌊⊓⊔ ⊔⟨⌉ ⊔⟨⌉≀∇† ≀{ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫ I √∇≀√≀∫⌉ \⌉⌉⌈ \≀⊔ ⌉§√↕⊣⟩\ ⟨≀⊒↙ ∃T⟨⌉∇⌉ ⇕⊣† ⊣↕∫≀ ⌊⌉ ⊣\ ⊣\⊣↕≀}† ⟨⌉∇⌉ ⊔≀ K⊣⇕√ ⊣\⌈ P⊣∇⊔⌉⌉≃∫ ⇐⟩\ √∇≀}∇⌉∫∫⇒ √∇≀√≀∫⊣↕ {≀∇ ⟩\⊔⌉}∇⊣⊔⟩\} √∇≀⊔≀⊔†√⌉ ⊔⟨⌉≀∇† ⊒⟩⊔⟨ ⊔∇⊓⊔⟨↖⊔⟨⌉≀∇⌉⊔⟩⌋ ∫⌉⇕⊣\⊔⟩⌋∫¬ ⊔⟨⌉∇⌉⇔ ∇⌉⊣↕↖⊑⊣↕⊓⌉⌈ ⌋⟨⊣∇⊣⌋⊔⌉∇⟩∫⊔⟩⌋ {⊓\⌋⊔⟩≀\∫ ∇⌉√∇⌉∫⌉\⊔ ⊖⌋≀\∫⊔∇⊣⟩\⊔∫ ≀\ ⊔⟨⌉ √≀∫∫⟩⌊↕⌉ ⌋≀⇕√↕⌉⊔⟩≀\∫ ≀{ ⊣ ⊔⊒≀↖⊑⊣↕⊓⌉⌈ √⊣∇⊔⟩⊣↕ ⇕≀⌈⌉↕⪰ ⇐√↙ ∈⇒↙ I\ ⊒⟨⊣⊔ {≀↕↕≀⊒∫⇔ ∫⌉↕⌉⌋⊔⟩≀\ ⊒⟩↕↕ ⌋≀\∫⊔⟩⊔⊓⊔⌉ ⊣ √∇≀⌊⊣⌊⟩↕⟩∫⊔⟩⌋ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√ ≀⊑⌉∇ ⊣ ∫√⊣⌋⌉ ≀{ ⌋≀\⌋⌉√⊔⊓⊣↕ ⌋↕⊣∫∫⌉∫∅ √⌉∇⟨⊣√∫ K⊣⇕√ ⊣\⌈ P⊣∇⊔⌉⌉≃∫ √∇≀√≀∫⊣↕ ⌋≀⊓↕⌈ ⌊⌉ ⌉§⊔⌉\⌈⌉⌈ ∫≀ ⊔⟨⊣⊔ ⊔⟨⟩∫ √∇≀⌊⊣⌊⟩↕⟩∫⊔⟩⌋ {∇⊣⇕⌉⊒≀∇‖ ⊣↕∫≀ ∫⌉∇⊑⌉∫ ⊣∫ ⊣ ⌋≀\∫⊔∇⊣⟩\⊔ ≀\ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√∫ ⊒⟩⊔⟨⟩\ ⊣ ⊔∇⊓⊔⟨↖⊔⟨⌉≀∇⌉⊔⟩⌋ ⇕≀⌈⌉↕↙ ∞′I ⟨⊣⊑⌉ ⌊⌉⌉\ ⌈⌉↕⟩⌊⌉∇⊣⊔⌉↕† ⊑⊣}⊓⌉ ⊣⌊≀⊓⊔ ⊒⟨⊣⊔ I ⇕⌉⊣\ ⌊† ⊖∇⌉√∇⌉∫⌉\⊔⊣⊔⟩⊑⌉↙⪰ T⟨⌉ ⌊⌉∫⊔ ⌋⟨⊣∇⊣⌋⊔⌉∇⟩‡⊣⊔⟩≀\ I ⌋⊣\ ⌋≀⇕⌉ ⊓√ ⊒⟩⊔⟨ ⟩∫ ⊣\≀⊔⟨⌉∇ ⊣√√⌉⊣↕ ⊔≀ ≀∇⌈⟩\⊣∇† |⊓⌈}⌉⇕⌉\⊔∫¬ ⊣ ⌋≀\⊔⌉§⊔ ⟩∫ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩⊑⌉ ⟩{ ⊣\ ≀∇⌈⟩\⊣∇† ∫√⌉⊣‖⌉∇ ⊒≀⊓↕⌈ ⊣}∇⌉⌉ ⊔⟨⊣⊔ ⊔⟨⌉ ⊓∫⊣}⌉ ⟩∫ \≀⊔ √⊣∇⊔⟩⌋⊓↕⊣∇↕† ⌋∇⌉⊣⊔⟩⊑⌉ ≀∇ ⊓\⊓∫⊓⊣↕↙ A↕⊔⟨≀⊓}⟨ ⊔⟨⟩∫ ⟩∫ ⊓\∫⊣⊔⟩∫{†⟩\}⇔ ⟩⊔ ⟩∫ \≀ ⊒≀∇∫⌉ ⊔⟨⊣\ ⊔⟨⌉ ⊣⌈⇕≀\⟩⊔⟩≀\ ⊔≀ ⟩\⊔⌉∇√∇⌉⊔ ⊣ ∫⌉\⊔⌉\⌋⌉ ⊖↕⟩⊔⌉∇⊣↕↕†⪰ ⟩\ ≀∇⌈⌉∇ ⊔≀ ⟩⌈⌉\⊔⟩{† ⊔⟨⌉ ∇⌉⊣⌈⟩\} ≀\ ⊒⟨⟩⌋⟨ ⟩⊔ ⟩∫ ⊣\≀⇕⊣↕≀⊓∫ ⇐D∇⊣\}⌉⇔ ∞∄⇔ √↙ ∞∈⇒↙

▽∈ S⟩⇕√↕† ∫⊔⊣⊔⌉⌈⇔ ⊔⟨⌉\⇔ ⇕† ⟨†√≀⊔⟨⌉∫⟩∫ ⟩∫ ⊔⟨⊣⊔ ⊣ ⌋≀\⌋⌉√⊔⊓⊣↕ ⊔⊣§≀\≀⇕† ≀{ ⊔⟨⟩∫ ‖⟩\⌈ ⟩⇕√↕⟩⌋⟩⊔↕† ⌉\⌋≀⌈⌉∫ ⇐⇕≀∫⊔ ≀{⇒ ⊔⟨⌉ ⟩\{⌉∇⌉\⌋⌉∫ \⌉⌉⌈⌉⌈ ⊔≀ ⊣⌋⌋≀⊓\⊔ {≀∇ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫↙ T⟨⟩∫ ↕⌉⊣⊑⌉∫ ≀√⌉\ ⊔⟨⌉ √≀∫∫⟩⌊⟩↕⟩⊔† ⊔⟨⊣⊔⇔ ⊣↕⊔⟨≀⊓}⟨ ⊔⟨⌉ ⊔⊣§≀\≀⇕† ⟩∫ ⊣ ⊓∫⌉{⊓↕ ⌋≀\∫⊔∇⊓⌋⊔ {≀∇ √∇⌉∫⌉\⊔ √⊓∇√≀∫⌉∫ ⇐⟩↙⌉↙ ⊓\⊔⟩↕ ⊣ ⌋≀∇∇⌉⌋⊔ ⊔⟨⌉≀∇† ≀{ ⟩\{⌉∇⌉\⌋⌉ ⟩∫ ⊣⊑⊣⟩↕⊣⌊↕⌉⇒⇔ √⌉≀√↕⌉ ∇⌉⊣↕↕† ⌈≀ ⊣√√↕† ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫ ⟩\ ⊔⟨⌉ {≀∇⇕ ≀{ ⟩\{⌉∇⌉\⌋⌉∫ ⌋≀⇕√⊓⊔⌉⌈ ⊓∫⟩\} {⊣⌋⊔⊓⊣↕ ‖\≀⊒↕⌉⌈}⌉↙ A ∫⊔∇≀\}⌉∇ ⊑⌉∇∫⟩≀\ ≀{ ⊔⟨⌉ ⟨†√≀⊔⟨⌉∫⟩∫ ⟩∫ ⊔⟨⊣⊔ ⊣ ⊔⊣§≀\≀⇕† ≀{ ⊔⟨⟩∫ ‖⟩\⌈ ⟩∫ √∫†⌋⟨≀↕≀}⟩⌋⊣↕↕† ∇⌉⊣↕⇔ ⊣\⌈ ⊔⟨⊣⊔ ⊔⟨⌉ ⊖⊔∇⊓⌉⪰ ⊔⟨⌉≀∇† ≀{ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫ ∇⌉⊣↕↕† ⌈≀⌉∫ ⟩\⊑≀↕⊑⌉ ∫⊔≀∇⌉⌈ ⌋≀\⌋⌉√⊔⊓⊣↕ ‖\≀⊒↕⌉⌈}⌉ ∇⊣⊔⟨⌉∇ ⊔⟨⊣\ ≀\↖↕⟩\⌉ ⟩\{⌉∇⌉\⌋⌉∫↙

N≀⊔⟩⌋⌉ ⊔⟨⊣⊔ ⊔⟨⟩∫ ∫⊔∇⊣⊔⌉}† ⊣⌋⌋≀⇕⇕≀⌈⊣⊔⌉∫ D∇⊣\}⌉≃∫ ≀⌊|⌉⌋⊔⟩≀\ ⊔≀ √∇≀√⌉∇⊔† ⌋≀⇕√⊣∇⟩∫≀\∫ ⇐D∇⊣\}⌉⇔ ∞∄⇔ √↙ ∞⇒↙ H⌉ ∐⊓⟩⊔⌉ ⌋≀∇∇⌉⌋⊔↕† ≀⌊∫⌉∇⊑⌉∫ ⊔⟨⊣⊔ ⊣\† ⊔⊒≀ ⌋≀\⌋⌉√⊔∫ ⊒⟩↕↕ ∫⟨⊣∇⌉ ⊣\ ⟩\⊘\⟩⊔⌉ \⊓⇕⌊⌉∇ ≀{ √∇≀√⌉∇⊔⟩⌉∫ ⟩\ ⌋≀⇕⇕≀\↙ A ⌈⌉⊘\⟩⊔⟩≀\⊣↕ ⊔⟨⌉≀∇† √∇≀⊑⟩⌈⌉∫ ≀\⌉ ⊒⊣† ≀⊓⊔⇔ ⌊† ∇⌉∫⊔∇⟩⌋⊔⟩\} ⊔⟨⌉ ∇⌉↕⌉⊑⊣\⊔ √∇≀√⌉∇⊔⟩⌉∫ ⊔≀ ⊣\ ⌉§⟨⊣⊓∫⊔⟩⊑⌉⇔ ⊘\⟩⊔⌉ ∫⌉⊔ ≀{ {⌉⊣⊔⊓∇⌉∫↙ T⟨⌉ ∫⊔∇⊣⊔⌉}† ⊣⌈≀√⊔⌉⌈ ⟨⌉∇⌉ √∇≀⊑⟩⌈⌉∫ ⊣ ⌈⟩{{⌉∇⌉\⊔ ⊒⊣† ≀⊓⊔⇔ ⊑⟩⊣ ⊔⟨⌉ }⌉\⌉∇⊣↕↕† ⊓∫⌉{⊓↕ ⊔⊣⌋⊔⟩⌋ ≀{ ∇⌉⌈⊓⌋⟩\} ⟩\⊘\⟩⊔⌉∫ ⊔≀ ⊣ ⊘\⟩⊔⌉ ∫⌉⊔ ≀{ ⌉∐⊓⟩⊑⊣↕⌉\⌋⌉ ⌋↕⊣∫∫⌉∫↙∞∞ N≀⊔⟩⌋⌉ ⊣↕∫≀ ⊔⟨⊣⊔ ⊣↕⊔⟨≀⊓}⟨ ⊔⟨⌉ ⊔⊣§≀\≀⇕† ∇⌉√∇⌉∫⌉\⊔∫ \≀⊔ ⊖↕⟩\}⊓⟩∫⊔⟩⌋⪰ ⌊⊓⊔ ⊖{⊣⌋⊔⊓⊣↕⪰ ∇⌉↕⊣⊔⟩≀\∫ ⌊⌉⊔⊒⌉⌉\ ⊒≀∇⌈∫⇔ ⟩⊔ ⌈≀⌉∫ ∫≀ ⟩\ ⊣ ⇕⟩\⟩⇕⊣↕ ⊒⊣†⇔ ⊣⌈⟨⌉∇⟩\} ⊔≀ ⊒⟨⊣⊔ M⟩↕↕⌉∇ ⌋⊣↕↕∫ ⊔⟨⌉ ⊖∫⊔⊣\⌈⊣∇⌈ ↕⌉§⟩⌋≀}∇⊣√⟨⟩⌋ ↕⟩\⌉⪰ ⟩\ ⌈⟩∫⊔⟩\}⊓⟩∫⟨⟩\} ⌊⌉⊔⊒⌉⌉\ ↕⌉§⟩⌋⊣↕ ⌋≀\⌋⌉√⊔∫ ⊣\⌈ }⌉\⌉∇⊣↕ ‖\≀⊒↕⌉⌈}⌉ ⇐∫⌉⌉ {≀≀⊔\≀⊔⌉ ∞△ ⟩\ C⟨⊣√⊔⌉∇ ∈⇒↙ A∫ I ⟨⊣⊑⌉ \≀⊔⌉⌈⇔ ⊔⟨⊣⊔ ∫⊓⌋⟨ ⊣ ⇕⟩\⟩⇕⊣↕ ⌉§⊔⌉\∫⟩≀\ ⊒⟩↕↕ ∫⊓{⊘⌋⌉ ⟩∫ ⊣⌈⇕⟩⊔⊔⌉⌈↕† \≀ ⇕≀∇⌉ ⊔⟨⊣\ ⊣ ⟨†√≀⊔⟨⌉∫⟩∫⇔ ⌊⊓⊔ I ⟨≀√⌉ ⊔⟨⌉ ∇⌉⇕⊣⟩\⌈⌉∇ ≀{ ⊔⟨⟩∫ ⌋⟨⊣√⊔⌉∇ ⊒⟩↕↕ ∫⟨≀⊒ ⟩⊔ ⊔≀ ⌊⌉ ⊣ √↕⊣⊓∫⟩⌊↕⌉ ≀\⌉↙

∈↙ T⟨⌉ ∫⌉⌋≀\⌈ ⌋≀⇕√≀\⌉\⊔ ≀{ ⇕† √∇≀√≀∫⊣↕ ⌋≀\⌋⌉∇\∫ ⊔⟨⌉ {≀∇⇕⊣↕⟩‡⊣⊔⟩≀\ ≀{ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√∫ ⊒⟩⊔⟨⟩\ ⊔⟨⌉ ⊑≀⌋⊣⌊⊓↕⊣∇† ≀{ ⊔⟨⌉ ⊔⊣§≀\≀⇕† I ⟨⊣⊑⌉ |⊓∫⊔ ⌈⌉∫⌋∇⟩⌊⌉⌈↙ O\⌉ ∫⊔∇⊣⟩}⟨⊔{≀∇⊒⊣∇⌈ ⊣√√∇≀⊣⌋⟨ ⊒≀⊓↕⌈ ⌊⌉ ∫⟩⇕√↕† ⊔≀ ∇⌉{≀∇⇕⊓↕⊣⊔⌉ K⊣⊔‡ ⊣\⌈ F≀⌈≀∇≃∫ ⊔⟨⌉≀∇† ⊓∫⟩\} ⊔⟨⌉ ⌋≀\⌋⌉√⊔⊓⊣↕ ⌋↕⊣∫∫⌉∫ ⊔⟨⌉⇕∫⌉↕⊑⌉∫ ⊣∫ {⌉⊣⊔⊓∇⌉∫↙ T⟨⟩∫ ≀√⊔⟩≀\ ⊒≀⊓↕⌈ ⟩⇕√∇≀⊑⌉ ≀\ ⊔⟨⌉⟩∇ ⊣⌋⌋≀⊓\⊔ ≀{ ∫⌉↕⌉⌋⊔⟩≀\ ∇⌉∫⊔∇⟩⌋⊔⟩≀\∫ ⌊† }∇⌉⊣⊔↕† ⌉§√⊣\⌈⟩\} ⊔⟨⌉ ⌊⊣∫⌉ ≀{ √∇⟩⇕⟩⊔⟩⊑⌉∫⇔ ⟩\ ⊣⌋⌋≀∇⌈ ⊒⟩⊔⟨ M⌋C⊣⊒↕⌉†≃∫ ⊣∇}⊓⇕⌉\⊔∫ ⇐∫⌉⌉ √∇≀√⌉∇⊔⟩⌉∫ ∈ ⊣\⌈ ∋⇔ ⊣⌊≀⊑⌉⇒↙ H≀⊒⌉⊑⌉∇ ⟩⊔ ⇕⊓∫⊔ ⌊⌉ ∇⌉|⌉⌋⊔⌉⌈⇔ I ⊔⟨⟩\‖⇔ ∫⟩\⌋⌉ ↕⟩‖⌉ ⊔⟨⌉ ∫⌉⇕⊣\⊔⟩⌋ ⊔⟨⌉≀∇† ⟩⊔ {⊣⟩↕∫ ⊔≀ ⊣⌋⌋≀⊓\⊔ {≀∇ ⊔⟨⌉ ⇕⌉⊣\⟩\}{⊓↕ ⟩\⊔⌉∇√∇⌉⊔⊣⊔⟩≀\ ≀{ ∫⌉↕⌉⌋⊔⟩≀\⊣↕↕† ⌈⌉⊑⟩⊣\⊔ ⊓⊔⊔⌉∇⊣\⌋⌉∫ ⟩\ ⌉⇕⌊⌉⌈⌈⌉⌈ ⌋≀\⊔⌉§⊔∫⇔ ⊔⟨⌉ √⊣∇⊔⟩⊣↕ ⇕⌉⊣\⟩\}∫ ⊣∫⌋∇⟩⌊⌉⌈ ⊔≀ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⊑⟩≀↕⊣⊔⟩≀\∫ ⌉⊑⌉\ ⟩\ ⇕⊣⊔∇⟩§ ⊓⊔⊔⌉∇⊣\⌋⌉∫⇔ ⊣\⌈ ⊔⟨⌉ ∫⊓⌊⊔↕⌉ ⌉{{⌉⌋⊔∫ ≀{ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫ ≀\ ↕⌉§⟩⌋⊣↕ ⌈⟩∫⊣⇕⌊⟩}⊓⊣⊔⟩≀\ ⇐∫⌉⌉ √∇≀√⌉∇⊔⟩⌉∫ △∘▽⇒↙

T⟨⌉ ⊣↕⊔⌉∇\⊣⊔⟩⊑⌉⇔ ⊒⟨⟩⌋⟨ I ⊒⟩↕↕ ⌉↕⊣⌊≀∇⊣⊔⌉ ⟩\ ⊔⟨⌉ \⌉§⊔ ∫⌉⌋⊔⟩≀\⇔ ⇕≀⊑⌉∫ ⊣⊒⊣† {∇≀⇕ ⟩⌈⌉⊣ ≀{ ∇⌉∫⊔∇⟩⌋⊔⟩≀\∫⇔ ⊣\⌈ ⊔≀⊒⊣∇⌈ ⊣ ⌋⟨⊣∇⊣⌋⊔⌉∇⟩‡⊣⊔⟩≀\ ≀{ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ √⟨⌉\≀⇕⌉\⊣ ⟩\ ⊔⌉∇⇕∫ ≀{ √∇⌉{⌉∇∇⌉⌈ ⊣∫∫≀⌋⟩⊣⊔⟩≀\↙∞∈T⟨⌉ ⊒⊣† ⟩\ ⊒⟨⟩⌋⟨ ⊣\ ⊣∇}⊓⇕⌉\⊔ ∫⊣⊔⟩∫⊘⌉∫ ⊣\⌈ {⊣⟩↕∫ ⊔≀ ∫⊣⊔⟩∫{† ⊔⟨⌉ √∇⌉{⌉∇⌉\⌋⌉∫ ≀{ ⊣ √∇⌉⌈⟩⌋⊣⊔⌉ ⊒⟩↕↕ ⊣⌋⌋≀⊓\⊔ {≀∇ ⟨≀⊒ ⟩⊔ ⟩∫ ⟩\⊔⌉∇√∇⌉⊔⌉⌈⇔ ⊒⟨⌉⊔⟨⌉∇ ≀∇ \≀⊔ ⊔⟨⌉ ⌋≀⇕⌊⟩\⌉⌈ ⌉§√∇⌉∫∫⟩≀\ ⌋≀\∫⊔⟩⊔⊓⊔⌉∫ ⊒⟨⊣⊔ ⊒≀⊓↕⌈ ⊔∇⊣⌈⟩⊔⟩≀\⊣↕↕† ⌊⌉ ⌋⊣↕↕⌉⌈ ⊣ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⊑⟩≀↕⊣⊔⟩≀\↙ I\ ≀∇⌈⌉∇ ⊔≀ ⊣⌋⌋≀⇕√↕⟩∫⟨ ⊔⟨⟩∫⇔ ∫≀⇕⌉ {≀∇⇕⊣↕ ⇕⌉⊣\∫ ≀{ ∇⌉√∇⌉∫⌉\⊔⟩\} √∇⌉{⌉∇⌉\⌋⌉∫ ⊒⟩↕↕ ⌊⌉ \⌉⌋⌉∫∫⊣∇†↙ H⊣⊑⟩\} ⊣↕∇⌉⊣⌈† ⇕≀⊑⌉⌈ ⊣⊒⊣† {∇≀⇕ ⊔∇⊣⌈⟩⊔⟩≀\⊣↕ ⊣\⊣↕†∫⌉∫ ⌊† ⌉↕⟩⇕⟩\⊣⊔⟩\} ∫⌉⇕⊣\⊔⟩⌋ {⌉⊣⊔⊓∇⌉∫⇔ I ⊒⟩↕↕ ⌈⟩⊑⌉∇}⌉ ∫⊔⟩↕↕ {⊓∇⊔⟨⌉∇ ⟩\ ⊔⟨⌉ \⌉§⊔ ∫⌉⌋⊔⟩≀\ ⌊† {≀∇⇕⊣↕⟩‡⟩\} ⊔⟨⌉ √∇⌉{⌉∇⌉\⌋⌉ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√ √∇≀⌊⊣⌊⟩↕⟩∫⊔⟩⌋⊣↕↕† ⊓∫⟩\} ⊔⟨⌉ ⊔≀≀↕∫ ≀{ ⟩\{≀∇⇕⊣⊔⟩≀\ ⊔⟨⌉≀∇†↙

∞∞T≀ ∫⊔⊣⊔⌉ ⊔⟨⟩∫ ⇕≀∇⌉ √∇⌉⌋⟩∫⌉↕†⇔ ↕⌉⊔ W ⌊⌉ ⊔⟨⌉ ∫⌉⊔ ≀{ ⊒≀∇⌈ {≀∇⇕∫↙ O\ ⊔⟨⌉ ⊔⟨⌉≀∇† √∇≀√≀∫⌉⌈ ⟨⌉∇⌉⇔ ⊔⟨⌉ ∫⌉⊔ ≀{ √∇≀√⌉∇⊔⟩⌉∫ ⇕⊣† ⌊⌉ ⟩\⊘\⟩⊔⌉⇔ ⌊⊓⊔ ⊔⟨⌉ ∫⌉⊔ ≀{ ⌉∐⊓⟩⊑⊣↕⌉\⌋⌉ ⌋↕⊣∫∫⌉∫ ≀{ √∇≀√⌉∇⊔⟩⌉∫ ⟩∫ ⟩\⌈⌉§⌉⌈ ⌊† P(W) and therefore ↑nite. (See Table 2.3.) 12This may parallel the relationship between selectional restrictions and Ψlexical solidarities˚ discussed by Kastovsky (1980).

3.5 Selection as Information

3.5.1 Intuitions

The alternative view of selectional constraints I am proposing can be phrased as follows: rather than restrictions or hard constraints on applicability, a predicate preferentially associates with certain kinds of arguments, and these preferences constitute the effect that the predicate has on what appears in an argument position. For example, the predicate blue does not restrict itself to arguments having a tangible surface � the sky is blue, and so is ocean water even deep below any apparent surface � but its arguments are still far from arbitrary. The effect of the predicate is that its arguments tend to be physical entities and to have surfaces. Similarly, the verb admire, interpreted in the particular sense Ψto have a high opinion of,˚ has an effect on what appears as its subject; these tend to be physical, animate, human, capable of the higher psychological functions, and so forth, though it may well be that no Boolean combination of these properties is both necessary and suf↑cient. In some cases the effect a predicate has on its argument is quite strong: one is unlikely to ↑nd the (numerical) predicate even applied to anything but positive integers, though zero and the negative integers are also fairly likely. In other cases � e.g. the predicate smooth � the effect is less dramatic.

Expressions that fail to observe preferences are nonetheless interpreted in accordance with them. For example, if someone told you in all seriousness that

(59) Milkweed plants like coffee better than tea,

you might think they were uttering something absurd, but you could legitimately expect them to believe that milkweed plants are capable of feeling pleasure, expressing a preference, or some other property typically expected of the subjects of like. Similarly, as McCawley (1968) points out,

(60) My aunt is a bachelor.

may raise an eyebrow, but it will nonetheless typically be interpreted as meaning that the aunt is unmarried. Thus the violation of one expectation does not necessarily imply that others are not met. Incidentally, if the speaker were just beginning to learn English, one might plausibly adjust one’s belief according to a different preference if the context supported it; e.g., concluding that aunt was mistakenly used in place of uncle. This is the kind of context dependence stressed by Johnson-Laird (1983).

Katz and Fodor’s (1964) use of selection restrictions in disambiguation can be recast as an inferential process based on preferences. In the straightforward cases, its behavior is very much the same; for example, in (61) John hit the baseball.

the reading of baseball as a physical object will be a better match for the preferences of hit than its reading as a kind of game. In addition, though, the inferential view makes sense of some of the problematic cases that McCawley noted, such as (60), above, and

(62) It is nonsense to speak of a king as made of plastic.

In the latter case, what is crucial is that the applicability of the predicate MADE-OF-PLASTIC to king is ruled out not locally by compositional semantics � leading erroneously to the interpretation ΨIt is nonsense to speak of a chess piece king as made of plastic˚ � but as part of a global inferential process, which takes into account the embedding of the proposition within the matrix predication ΨIt is nonsense that S.˚

I am not going to attempt a formal characterization of the inferential process I have been discussing, though see (Johnson-Laird, 1983, chapter 11) for a theory of comprehension that is a good match for the views presented here. The point I wish to stress is that the issues under consideration here are prerequisite to any theory of interpretation. All the theories of category mistakes reviewed by Horn (1989) presuppose that the question Ψcan predicate P apply to argument x?˚ has a yes-or-no answer, and any theory consistent with the discussion of examples (59) through (62) will require some way of answering the more general question Ψwhat could P(x) mean?˚

3.5.2 Formalization

Prior and posterior distributions

Rephrasing the problem in terms of preferences naturally suggests a probabilistic treatment. As a prerequisite, however, it is important to be clear about two distinctions concerning the status of probabilities.

The ↑rst distinction concerns the Ψlogical˚ versus the Ψempirical˚ view of probability. The theoretical treatment here is based on the former conception � something like the probabilities one would ↑nd by peering into the head of the language user. This stands in contrast to empirical view, in which probabilities are de↑ned in terms of what one would observe as the experimental sample grew in↑nitely large. 13 Second, one must always distinguish probabilities from statistical probability estimates based on observed samples. If a fair coin comes up heads six times and tails four times, the probability p(heads) is still exactly 12 even

though the usual probability estimate in this case would be35. Formally, let P be a random variable ranging over the set {p1, . . . , p_m} ≀{ √∇⌉⌈⟩⌋⊣⊔⌉∫ ⊓\⌈⌉∇ ⌋≀\∫⟩⌈⌉∇⊣⊔⟩≀\⇔ ⊣\⌈ ↕⌉⊔ C be a random variable ranging over the set {c1, . . . , c_k} ≀{ ⌋↕⊣∫∫⌉∫ ⟩\ ⊔⟨⌉ ⊔⊣§≀\≀⇕†⇔ ⊒⟩⊔⟨ C be related to P by a particular predicateargument relationship such as subjectverb verbobject or adjectivenoun▷14 Given this probabilistic framework the intuitive notion of Ψpreferenceν can now be phrased more precisely as the following question. what effect does the choice of a particular predicate p_i have on the distribution of C⋆ Figure 3▷1 illustrates how this might work for a particular verb grow with respect to classes of direct objects▷ The top of the αgure represents what the distribution of argument classes might be regardless of the particular predicate▷ As the αgure shows some classes are a priori simply more likely to be referred to in direct object position and some less likely, for example absent any other information animals might be more likely to be mentioned in direct object position than legumes▷ However given the particular verb grow this distribution changes to the one shown at the bottom of the αgure. some classes ↼e▷g▷ animals↽ become much less likely and others ↼e▷g▷ legumes↽ become much more likely▷ It is this relationship the change between the prior distribution p(c), and the posterior distribution, p(c|p_i), that constitutes selectional preference. On this account, the features or properties that govern selectional constraints remain entirely hidden. Selectional relationships are characterized entirely by the 13There is a long history of debate concerning the inductive (or logical) view of probability as distinguished from empirical probability.

The őrst chapter of (Bulmer, 1967) contains one extremely brief but useful introduction to the distinction. See also (Bar-Hillel, 1964, chapters 15 and 16) for discussion speciőcally with regard to information theory.

14I will only be considering predicates corresponding to surface syntactic relationships, but this is easily generalized. I will also consider only one argument of a predicate at a time, which will lead to empirical difőculty in some cases. For example łThe dinosaur devoured the villagež and łThe mouse devoured the villagež will differ in selectional status with regard to the direct object, owing to the nature of the subject.

Figure 3.1: Example of a prior distribution and a posterior distribution

probabilistic relationship between a predicate and the classes of its arguments. Since classes in the taxonomy are deőned in terms of łplausible entailment,ž general inferential processes play a role in this characterization. However, this role is an indirect one, and there is no need to presuppose that those processes are represented or even representable.

Constraints and Information

The probabilistic characterization of selectional relationships just described relies on the notion of a łdifferencež between two probability distributions. This idea can be formalized using the tools of information theory (Shannon and Weaver, 1949), providing not only a precise deőnition but also an illuminating interpretation of what it means for a predicate to constrain an argument łweaklyž or łstrongly.ž

Recall from the discussion in Section 2.2 that in information theory the entropy of a random variable is a measure of how uncertain the outcome is, on average. For example, if X represents the possible outcome of a fair coin βip then its entropy H(X) will be high. If the coin is unfair Ð having, say, a 90% to 10% bias in favor of coming up heads Ð then the entropy of X will be quite low▷ To take a more relevant example suppose W ranges over nouns in English and that it corresponds to the next word given the introduction ↼63↽ The cook basted the The entropy of W in this case will be relatively low since it is overwhelmingly likely that the next word will be one of a small set of words such as turkey or roast▷ On the other hand if W is introduced by ↼64↽ The cook enjoyed the then its entropy will be much higher since any of an enormous number of completions is reasonably likely � the chef might enjoy a book the opera or the company of the butler▷ ↼The use of entropy to measure the predictiveness of contexts like these is discussed in ↼Treisman 1965, van Rooij and Plomp 1991↽▷↽

In information theory entropy or uncertainty is generally identiαed with quantity of information▷ To understand why this correspondence makes sense consider how the informational state changes when an actual event occurs if you already knew the underlying probability distribution▷ In the case of the heavily biased coin actual βips tell you little more than you already knew. it will tend to come up heads which is unsurprising given the distribution and therefore conveys very little information▷ On the other hand the fairer the coin the less information you begin with. since you donφt have any idea what to expect every βip of a completely fair coin will be maximally informative▷ Examples ↼63↽ and ↼64↽ are analogous▷ Formally entropy ↼information↽ is deαned as. H(X) = ∑ x p(x) log 1 p(x) , ↼3▷1↽ and the quantity of information obtained by observing a single x is equated with log1p_{(x)}. Notice that, consistent with the intuitive description just given, the more surprising (less probable) something is, the

more informative it will be. 15 With that in mind, entropy can be seen as informativeness Ψon average˚:

H(X) is a weighted average of information taken over all possible values for X▷ Since the logarithm is conventionally taken to the base 2 the standard unit of information is the bit short for Ψbinary digit▷ν ↼I will not elaborate on the reasoning behind the particular mathematical form in ↼3▷1↽, see ↼Khinchin 1957 pages 9δ12↽ for a nice exposition of this point and ↼Cover and Thomas 1991↽ for a very readable introduction to information theory as a whole▷↽ Relative entropy is an informationtheoretic measure of how two probability distributions differ which is precisely the question under consideration here▷ Given two probability distributions p and q their relative entropy is deαned as D(p ‖ q) = ∑ x p(x) log p(x) q(x) . ↼3▷2↽ Like entropy the relative entropy is a weighted average, moreover rewriting equation ↼3▷2↽ as D(p ‖ q) = ∑ x p(x)[log 1 q(x) − ↕≀} ∞ p(x) ] (3.3)

makes it clear that what is being averaged is the difference at each point between information according to distribution q and information according to distribution p▷ A useful interpretation of the deαnition comes from thinking of probabilitydistributions as models. relative entropy can be interpreted as the cost measured in bits of information of using q as a model when the true distribution is p▷

Notice that under this interpretation it would not make sense for relative entropy to ever be negative. any model q that is not exactly correct should incur a positive cost relative to the perfect model of p namely p itself▷ And this is in fact the case. an important theorem of information theory is that D(p ‖ q) is always greater than or equal to zero, and equal to zero if and only if p = q ↼Cover and Thomas 1991 p▷ 26↽▷ This fact can seem counterintuitive since equation ↼3▷2↽ shows that relative entropy is the sum of many terms of the form [p(x) log^{p(x)}_{q(x)} ], each of which may be positive (when p(x) > q(x)), negative (when q(x) > p(x)), or zero. Although it might seem as if the positives and negatives could balance out even when p and q are different this turns out not to be the case▷ Consider two simple examples supposing 15Since log1p_{(x) = − ↕≀} √(x), this is the same as the de↑nition given in Chapter 2.}

Figure 3.2: Simple distributions to illustrate relative entropy

that x can take on only two values x1 or x2▷ First consider the case where p(x1) = 34, p(x2) = 14, and where q(x1) = 14, q(x2) = 34 (see Figure 3.2(a)). Here, the probability of x1 is lower in q than in p and the probability of x2 is higher by exactly the same amount▷ Although the two might therefore seem to balance each other out the relative entropy between the two distributions is positive, speciαcally D(p ‖ q) = ∑ x p(x) log p(x) q(x) = 3 4 log 3 + 1 4 log 1 3 = 3 4 log 3 − ∞ △ ↕≀} ∋ = 1 2 log 3. As a second example suppose that x1and x2have the same probability in p and differ from that value in the model q by equal but opposite amounts ↼see Figure 3▷2↼b↽↽▷ In this case although both x1and x2have equal weight in the Ψtrueν distribution and their values in q change in equal and opposite directions the relative entropy nonetheless turns out to be positive. D(p ‖ q) = 1 2 log 2 + 1 2 log 2 3 = 1 2 (log 2 + log 2 − ↕≀} ∋) = 1 2 (log 4 − ↕≀} ∋) = 1 2 log 4 3 . Working through further examples like these it should become clear that despite oneφs intuitions it is impossible to Ψtrickν the deαnition into balancing out for nonidentical distributionsω

Relative entropy can be applied straightforwardly to the probabilistic treatment of selectional constraints▷ The prior distribution of classes p(c), represents an łuninformedž model of what the distribution of arguments looks like, one that does not take the predicate into account at all. The posterior, p(c|p_i), is the true distribution of argument classes for a particular predicate p_i▷ So treating the former as q and the latter as p in equation ↼3▷2↽ the difference between the two distributions is quantiαed as. D(p(c|p_i) ‖ √(c)) = ∑ c p(c|p_i) log p(c|p_i) p(c) . ↼3▷4↽ In informationtheoretic terms equation ↼3▷4↽ measures the information provided about a random variable ↼C the class of the argument↽ by an event ↼P = p_i i▷e▷ observing the predicate↽▷ Smyth and Goodman ↼1992↽ discuss why this measure which they call the jmeasure is the appropriate one to use for that purpose▷ At this point I will try to heed the admonition of BarHillel ↼1964 chapter 15↽ against confusing various ideas of what information is▷ Although Shannon and Weaver ↼1949↽ explicitly tried to avoid interpreting Ψinformationν in terms of semantic content BarHillel notes that their use of the term has often not been carefully distinguished from the notion of meaning with undesirable results▷ In the present work I have followed BarHillel in adopting the logical view of probabilities for theoretical purposes though for computational purposes the theory is of necessity implemented using statistical probability estimates▷ I think this succeeds in addressing one of BarHillelφs concerns▷ The other major concern is to adequately distinguish between the quantity of information and semantic content▷ To be perfectly clear I am identifying the selectional preference of a predicate with the overall difference ↼or Ψchangeν↽ between the prior distribution of argument classes and the posterior distribution conditioned on the predicate▷ Although quantitative the deαnition preserves content � this is what I hope to have conveyed visually in Figure 3▷1▷ Equation ↼3▷4↽ concerns quantity rather than content. it encapsulates the difference between the distributions as a scalar measured in bits of information that I will call selectional preference strength▷ Selectional preference strength is very much like the idea of selectional range � intuitively some predicates are selectionally more restrictive than others▷ However since I have dispensed with explicit features it is no longer possible to identify selectional range extensionally as the set of arguments for which a Boolean combination of features is true▷ Instead on the model just proposed the intuition that a predicateφs selectional constraints can be narrow or wide strong or weak has an informationtheoretic interpretation▷ Consider a predicate that strongly constrains the nature of its arguments i▷e▷ one that would intuitively be said to have a narrow selectional range▷ In this case the posterior distribution � the distribution of argument classes conditioned on the predicate � will be very different from the prior distribution with those classes that satisfy the predicateφs preferences increasing their share and classes that fail to satisfy it decreasing in probability▷ As a result the relative entropy will be high and the predicate will have a high selectional preference strength▷ For a different predicate that places weaker constraints on its arguments the overall difference between the two distributions will not be as great▷ As a result the selectional preference strength will be low▷ Perhaps most interesting in this model the selectional preference strength of a predicate is not just a number but a number with a precisely speciαed meaning▷ As discussed above relative entropy is measured in bits of information and can be interpreted as the cost of assuming that the distribution is q when the real distribution is p▷ When p and q are assigned as in equation ↼3▷4↽ this translates into the cost of assuming the distribution is p(c) when it is really p(c|p_i) Ð that is, the cost of not taking the predicate into account. Therefore in a very direct way, the selectional preference strength of a predicate can be understood as the amount of information that it carries about its argument. I will explore this interpretation further in Chapter 4.

3.6 Predicted Behavior

Since selectional preference is now in some sense a relationship between a predicate and the entire conceptual space of arguments, it is no longer clear what it would mean for a particular argument to satisfy a selectional preference, or to violate one. This is not surprising given the inferential view that being taken here, since, as Johnson-Laird (1983) argues, the ability of an argument to appear with a predicate is less a yes-or-no decision and more a function of how easily the predication can be accommodated given information about word meanings and context. In addition, it is consistent with the intuition, noted by Drange (1966), that judgements of selectional őt are a matter of degree rather than categorical. In accord with this view, rather than attempting to deőne the notion of an argument satisfying a predicate, I will consider in the probabilistic setting what the consequences are for interpretation when a predicate is applied to an argument.

I will assume, or rather continue assuming, that in the lexicon each noun is mapped to a set of concepts in the taxonomy, corresponding to its different senses. For example, the noun baseball might be mapped to two concepts, one which is a hyponym of the concept ⟨⌊⊣↕↕⟩ ⇐⟩\ ⊔⟨⌉ ∫⌉\∫⌉ ≀{ ⊣ ⊖∇≀⊓\⌈ ≀⌊|⌉⌋⊔ ⊔⟨⊣⊔ ⟩∫ ⟨⟩⊔ ≀∇ ⊔⟨∇≀⊒\ ≀∇ ‖⟩⌋‖⌉⌈ ⟩\ }⊣⇕⌉∫⪰⇒⇔ ⊣\⌈ ⊔⟨⌉ ≀⊔⟨⌉∇ ≀{ ⊒⟨⟩⌋⟨ ⟩∫ ⊣ ⟨†√≀\†⇕ ≀{ ⊔⟨⌉ ⌋≀\⌋⌉√⊔ ⟨{⟩⌉↕⌈ }⊣⇕⌉⟩↙∞ A \≀⊓\ ⊒⟩↕↕ ⌊⌉ ∫⊣⟩⌈ ⊔≀ ⊖⌊⌉↕≀\} ⊔≀⪰ ⊣\† ⌋↕⊣∫∫ ⟩\ ⊔⟨⌉ ⊔⊣§≀\≀⇕† ⟨⊣⊑⟩\} ≀\⌉ ≀{ ⟩⊔∫ ⌋≀\⌋⌉√⊔∫ ⊣∫ ⊣ ⟨†√≀\†⇕⇔ ⌈⟩∇⌉⌋⊔↕† ≀∇ ⟩\⌈⟩∇⌉⌋⊔↕†↙ T⟨⊓∫ ⌊⊣∫⌉⌊⊣↕↕ ⌊⌉↕≀\}∫ ⊔≀ \≀⊔ ≀\↕† ⊔⟨⌉ ⌋↕⊣∫∫ ⟨⌊⊣↕↕⟩ ⌊⊓⊔ ⊣↕∫≀ ⊔≀ ≀⊔⟨⌉∇∫ ∫⊓⌋⟨ ⊣∫ ⟨}⊣⇕⌉ ⌉∐⊓⟩√⇕⌉\⊔⟩⇔ ⟨⊣∇⊔⟩{⊣⌋⊔⟩⇔ ⊣\⌈ ⟨⌉\⊔⟩⊔†⟩⇔ ⌊† ⊑⟩∇⊔⊓⌉ ≀{ ⟩⊔∫ ⊘∇∫⊔ ∫⌉\∫⌉∅ ⊣\⌈ ⌊† ⊑⟩∇⊔⊓⌉ ≀{ ⟩⊔∫ ∫⌉⌋≀\⌈ ∫⌉\∫⌉ ⟩⊔ ⌊⌉↕≀\}∫ ⊔≀ ⟨≀⊓⊔⌈≀≀∇ }⊣⇕⌉⟩⇔ ⟨∫√≀∇⊔⟩⇔ ⊣\⌈ ⟨⟨⊓⇕⊣\ ⊣⌋⊔⟩⊑⟩⊔†⟩⇔ ⊣⇕≀\} ≀⊔⟨⌉∇∫↙ I\ ⊣⌈⌈⟩⊔⟩≀\⇔ I ⊒⟩↕↕ ⊣∫∫⊓⇕⌉ ⊔⟨⊣⊔ ⊣ ⌋≀⇕√≀∫⟩⊔⟩≀\⊣↕ √∇≀⌋⌉⌈⊓∇⌉ ⌉§⟩∫⊔∫ {≀∇ ⇕⊣√√⟩\} \≀⊓\ √⟨∇⊣∫⌉ ⊣∇}⊓⇕⌉\⊔∫ ⊔≀ ∫⌉⊔∫ ≀{ ⌋≀\⌋⌉√⊔∫ ⟩\ ⊔⟨⌉ ⊔⊣§≀\≀⇕† � ∫⊓⌋⟨ ⊣ √∇≀⌋⌉⌈⊓∇⌉ ⊒≀⊓↕⌈⇔ {≀∇ ⌉§⊣⇕√↕⌉⇔ †⟩⌉↕⌈ ⌈⟩{{⌉∇⌉\⊔ ⇕⊣√√⟩\}∫ {≀∇ ⊔⟨⌉ ⊣∇}⊓⇕⌉\⊔∫ ⇕† ⊣∇⇕ ⊣\⌈ ⊔⟨⌉ ⊣∇⇕ ≀{ ⊔⟨⌉ ∫⊔⊣⊔⊓⌉↙ U\↕⟩‖⌉ ⊣∇}⊓⇕⌉\⊔∫⇔ √∇⌉⌈⟩⌋⊣⊔⌉∫ ⊒⟩↕↕ ⌊⌉ ⊔∇⌉⊣⊔⌉⌈ ∫⟩⇕√↕† ⊣∫ ∫†⇕⌊≀↕∫↙ O\⌉ ⇕⟩}⟨⊔ ⊣∇}⊓⌉ ⊔⟨⊣⊔ ⊔⟨⌉†⇔ ⊔≀≀⇔ ⊘⊔ ⊒⟩⊔⟨⟩\ ⊣ ⊔⊣§≀\≀⇕†⇔ ⌊⊓⊔ ⊔⟨⟩∫ ⟩∫ \≀⊔ ⊣ √≀⟩\⊔ I ⊒⟩↕↕ √⊓∇∫⊓⌉ {⊓∇⊔⟨⌉∇↙ I ⊒⟩↕↕ ⊔⊣‖⌉ {≀∇ }∇⊣\⊔⌉⌈ ⊔⟨⌉ ⌉§⟩∫⊔⌉\⌋⌉ ≀{ ⊔⟨⌉ √∇⟩≀∇ ⊣\⌈ √≀∫⊔⌉∇⟩≀∇ √∇≀⌊⊣⌊⟩↕⟩⊔† ⌈⟩∫⊔∇⟩⌊⊓⊔⟩≀\∫ ⌈⌉∫⌋∇⟩⌊⌉⌈ ⊣⌊≀⊑⌉⇔ ∇⌉⇕⟩\⌈⟩\} ⊔⟨⌉ ∇⌉⊣⌈⌉∇ ⊔⟨⊣⊔ ⊔⟨⌉∫⌉ ⊣∇⌉ ⊔⟨⌉≀∇⌉⊔⟩⌋⊣↕ ⇐⊣⌊∫⊔∇⊣⌋⊔⇔ ↕≀}⟩⌋⊣↕⇒ √∇≀⌊⊣⌊⟩↕⟩⊔⟩⌉∫ ∇⊣⊔⟨⌉∇ ⊔⟨⊣\ ⌉⇕√⟩∇⟩⌋⊣↕ √∇≀⌊⊣⌊⟩↕⟩⊔† ⌉∫⊔⟩⇕⊣⊔⌉∫↙ ⇐I ⇕⟩}⟨⊔ ⊣↕∫≀ √≀⟩\⊔ ≀⊓⊔ ⊔⟨⊣⊔ ⊔⟨⌉ √∇⟩≀∇ ⌈⟩∫⊔∇⟩⌊⊓⊔⟩≀\ ⟩∫ ⊔⟨⌉ ∫⊣⇕⌉ {≀∇ ⊣↕↕ √∇⌉⌈⟩⌋⊣⊔⌉∫⇔ ⊔⟨≀⊓}⟨ {≀∇ ⊔⟨⌉ ∫⊣‖⌉ ≀{ ⌈⟩∫⌋⊓∫∫⟩≀\ ⟩⊔ ⟩∫ ⊓∫⌉{⊓↕ ⊔≀ ⊔⊣↕‖ ⊣⌊≀⊓⊔ ⌉⊣⌋⟨ √∇⌉⌈⟩⌋⊣⊔⌉ ⊣∫ ⟨⊣⊑⟩\} ⌊≀⊔⟨ ⊣ √∇⟩≀∇ ⊣\⌈ ⊣ √≀∫⊔⌉∇⟩≀∇↙⇒ G⟩⊑⌉\ ⊔⟨⌉∫⌉ ⌈⟩∫⊔∇⟩⌊⊓⊔⟩≀\∫⇔ ⊔⟨⌉ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ √∇⌉{⌉∇⌉\⌋⌉ ≀{ ⊔⟨⌉ √∇⌉⌈⟩⌋⊣⊔⌉ � ⊔⟨⊣⊔ ⟩∫⇔ ⊔⟨⌉ ⌈⟩{{⌉∇⌉\⌋⌉ ⌊⌉⊔⊒⌉⌉\ ⊔⟨⌉ ⊔⊒≀ ⌈⟩∫⊔∇⟩⌊⊓⊔⟩≀\∫ � ⌋⊣\ ⌊⌉ ∫⌉⌉\ ⊣∫ ⌋≀\∫⟩∫⊔⟩\} ≀{ ⊣ ⌈⊣⊔⊣ √≀⟩\⊔ {≀∇ ⌉⊣⌋⟨ ⌋↕⊣∫∫ ⟩\ ⊔⟨⌉ ⊔⊣§≀\≀⇕†⇔ ⌋≀∇∇⌉∫√≀\⌈⟩\} ⊔≀ ⌉⊣⌋⟨ ⊔⌉∇⇕ ≀{ ⊔⟨⌉ ∫⊓⇕ ⟩\ ⌉∐⊓⊣⊔⟩≀\ ⇐∋↙△⇒↙ ⇐T⟨⌉ ∫⊔∇⌉\}⊔⟨ ≀{ √∇⌉{⌉∇⌉\⌋⌉ ⟩∫ ⊔⟨⌉∇⌉{≀∇⌉ ⇕⌉∇⌉↕† ⊔⟨⌉ ∇⌉∫⊓↕⊔ ≀{ ⊣⌈⌈⟩\} ⊣↕↕ ⊔⟨⌉∫⌉ √≀⟩\⊔∫ ⊔≀}⌉⊔⟨⌉∇↙⇒ F≀∇ ⌉§⊣⇕√↕⌉⇔ ⊓∫⟩\} F⟩}⊓∇⌉ ∋↙∞ ⊣∫ ⊣ ⇕≀⌈⌉↕ {≀∇ ⊔⟨⌉ ⌈⟩∫⊔∇⟩⌊⊓⊔⟩≀\∫ {≀∇ }∇≀⊒⇔ ⊔⟨∇⌉⌉ ≀{ ⊔⟨≀∫⌉ ⌈⊣⊔⊣ √≀⟩\⊔∫ ⊣∇⌉¬ ⇐▽̸⇒ ⊣↙ √(⟨↕⌉}⊓⇕⌉⟩|}∇≀⊒) logp^(⟨↕⌉}⊓⇕⌉⟩^{|}∇≀⊒)} p(⟨↕⌉}⊓⇕⌉⟩) b. p(⟨⊣\⟩⇕⊣↕⟩|}∇≀⊒) log p (⟨⊣\⟩⇕⊣↕⟩|}∇≀⊒) p(⟨⊣\⟩⇕⊣↕⟩) c. p(⟨⊔∇⊣⟩⊔⟩|}∇≀⊒) log p (⟨⊔∇⊣⟩⊔⟩|}∇≀⊒) p(⟨⊔∇⊣⟩⊔⟩) Given a particular predicate and its distributions, I will call the data point corresponding to a class c the selectional behavior of the class with respect to the predicate▷ This forms the basis for a measure that I will 16For the remainder of this discussion I am adopting labels from the WordNet taxonomy as indicated by angle brackets▷ call selectional association. A(p_i, c) = 1 η_i^p (c|p_i) log p(c|p_i) p(c) . ↼3▷5↽ The selectional association of a predicate for an argument class is simply the Ψdata pointν just under discussion with the additional complication of a divisor that is constant given the particular predicate▷ The divisor will simply be the selectional preference strength of the predicate as deαned in equation ↼3▷4↽, that is η_i = ∑ c p(c|p_i) log p(c|p_i) p(c) . ↼3▷6↽ It is included in the deαnition in order to obtain a measure of predicateargument association on a scale that is in some sense independent of how strongly or weakly the predicate selects overall▷17 When a noun appears as the argument of a predicate the relevant question is now clear. what is the selectional behavior of the classes to which the noun belongs⋆ For some of those classes the predicate determines little or no change between the prior and posterior distribution, in those cases A(p_i, c) will be relatively small.18 For some classes, the posterior probability leaps up compared to the prior probability; in those cases, the value of A(p_i, c) will be positive and the class can be said to be łselected forž (to a greater or lesser extent). Finally, a third set of classes will exhibit a marked drop between the prior and the posterior probability; in those cases the class can be described as łselected against.ž It should be noted that since changes are weighted by the posterior probability, classes that are selected against will have less of an overall inŕuence on selectional preference strength than classes that are selected for.

What is particularly important here is that the selectional behavior must be considered not for any particular class to which an argument belongs, but for each of those classes. This provides the basis for some important observations about selectional behavior in cases that would traditionally be construed in terms of an argument łsatisfyingž or łviolatingž the selection restriction of a predicate.

First, consider what happens when the argument satisőes the selectional restriction for a predicate with intuitively strong selectional constraints (e.g., eat turkey). In such a case, there will clearly be some class or set of classes that the predicate łselects for,ž in the probabilistic sense just described. The good őt of the argument to the predicate can be determined by its membership in a class for which the selectional association is high.

Second, consider what happens when the argument satisőes the selection restriction for a predicate with intuitively weak selectional constraints (e.g. enjoy movie). Here, the probabilistic behavior is similar to the previous case, except that the selected-for classes are not marked as clearly by dramatic shifts between the prior and posterior distribution. In this case, the noun is a member of at least one of the selected-for classes, but the value of selectional association is comparatively low, though positive, for even the strongest of them.

Third, consider what happens when the argument violates the selection restriction of a predicate. If the argument is selectionally inappropriate in the intended sense, but appropriate in another, unintended sense, then it is the latter sense that will emerge on the basis of selectional association. For example, consider the interpretation of

(66) The music is brown. 17Note that including_{ηi does not result in 0 ≤ A(p i, c) ≤ ∞⇔ ∫⟩\⌋⌉ ⊔⟨⌉ ⌋≀\⊔∇⟩⌊⊓⊔⟩≀\ ≀{ ⊣ ⌋↕⊣∫∫ ⊔≀ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ √∇⌉{⌉∇⌉\⌋⌉ ∫⊔∇⌉\}⊔⟨ ⇕⊣†} ⌊⌉ ⌉⟩⊔⟨⌉∇ √≀∫⟩⊔⟩⊑⌉ ≀∇ \⌉}⊣⊔⟩⊑⌉↙ C↕⌉⊣∇↕†⇔ ⟨≀⊒⌉⊑⌉∇⇔ ∑ c A(p i, c) = 1 for all pi▷ 18This is not perfectly accurate since the change is weighted by the conditional probability p(c|p i). For classes that are strongly predicted given the verb, even relatively small differences between the prior and posterior may be magni↑ed signi↑cantly.

On the expected interpretation of music as a member of classes ⟨∫≀⊓\⌈⟩⇔ ⟨∫⌉\∫⌉ ⌉§√⌉∇⟩⌉\⌋⌉⟩⇔ ⊣\⌈ ∫≀ ≀\⇔ ⊔⟨⟩∫ ⟩∫ ⊣ ∫⊔⊣\⌈⊣∇⌈ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⊑⟩≀↕⊣⊔⟩≀\⇔ ⊣ {⊣⌋⊔ ⊔⟨⊣⊔ ⊒⟩↕↕ ⌊⌉ ∇⌉⊙⌉⌋⊔⌉⌈ ⟩\ ‡⌉∇≀ ≀∇ \⌉}⊣⊔⟩⊑⌉ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⊣∫∫≀⌋⟩⊣⊔⟩≀\ ⌊⌉⊔⊒⌉⌉\ ⌊∇≀⊒\ ⊣\⌈ ⊔⟨≀∫⌉ ⌋↕⊣∫∫⌉∫↙ H≀⊒⌉⊑⌉∇⇔ ⇕⊓∫⟩⌋ ⌋⊣\ ⊣↕∫≀ ⌊⌉ ⟩\⊔⌉∇√∇⌉⊔⌉⌈ ⊣∫ ⊣ √⟨†∫⟩⌋⊣↕ ≀⌊|⌉⌋⊔⇔ ⌉↙}↙ ⊣ ⟨⌋∇⌉⊣⊔⟩≀\⟩ ≀∇ ⟨⊣∇⊔⟩{⊣⌋⊔⟩↙ T⟨⌉∫⌉ ⌋↕⊣∫∫⌉∫ ⊘⊔ ⊔⟨⌉ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ∇⌉∫⊔∇⟩⌋⊔⟩≀\ ≀{ ⊔⟨⌉ √∇⌉⌈⟩⌋⊣⊔⌉⇔ ⊣\⌈ ⊔⟨⊓∫ ⊔⟨⌉† ⊒⟩↕↕ ⌉⇕⌉∇}⌉ ⊣∫ ⊔⟨⌉ ⌋↕⊣∫∫⌉∫ {≀∇ ⊒⟨⟩⌋⟨ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⊣∫∫≀⌋⟩⊣⊔⟩≀\ ⟩∫ √≀∫⟩⊔⟩⊑⌉⇔ ⊒⟩⊔⟨ ⊔⟨⌉ ⇕⊣}\⟩⊔⊓⌈⌉ ⌊⌉⟩\} }∇⌉⊣⊔⌉∇ ≀∇ ↕⌉∫∫ ⊣⌋⌋≀∇⌈⟩\} ⊔≀ ⟨≀⊒ ∫⊔∇≀\} ≀∇ ⊒⌉⊣‖ ⊔⟨⌉ ⌋≀\∫⊔∇⊣⟩\⊔∫ ⊣∇⌉↙ A∫ ⊣ ∇⌉∫⊓↕⊔⇔ ⊔⟨⌉ ∫⌉↕⌉⌋⊔⟩≀\⊣↕↕† ⊣√√∇≀√∇⟩⊣⊔⌉ ⟩\⊔⌉∇√∇⌉⊔⊣⊔⟩≀\ ≀{ ⇕⊓∫⟩⌋ ⊣∫ ⊣\ ⊣∇}⊓⇕⌉\⊔ {≀∇ ⌊∇≀⊒\ � ⟩⊔∫ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ √∇≀⊘↕⌉⇔ ⟩{ †≀⊓ ⊒⟩↕↕ � ⌉⇕⌉∇}⌉∫ {∇≀⇕ ⊔⟨⌉ √∇⌉⌈⟩⌋⊣⊔⌉≃∫ ⊣∫∫≀⌋⟩⊣⊔⟩≀\ ⊒⟩⊔⟨ ∫⌉↕⌉⌋⊔⌉⌈↖{≀∇ ⌋↕⊣∫∫⌉∫ ⊔≀ ⊒⟨⟩⌋⟨ ⊔⟨⌉ ⊒≀∇⌈ ⌊⌉↕≀\}∫↙ ⇐C{↙ ⌉§⊣⇕√↕⌉ ⇐∞∈⇒ ⟩\ S⌉⌋⊔⟩≀\ ∋↙∞↙⇒ A⊔ ⊘∇∫⊔ }↕⊣\⌋⌉⇔ ⊔⟨⌉∇⌉ ⊒≀⊓↕⌈ ∫⌉⌉⇕ ⊔≀ ⌊⌉ ⊣ {⊣⟩∇↕† ⌈⟩∇⌉⌋⊔ ⊣\⊣↕≀}† ⌊⌉⊔⊒⌉⌉\ ⊔⟨⌉ √∇≀⌋⌉∫∫ |⊓∫⊔ ⌈⌉∫⌋∇⟩⌊⌉⌈ ⊣\⌈ ⊔⟨⌉ K⊣⊔‡↖F≀⌈≀∇ ⊣⌋⌋≀⊓\⊔ ≀{ ⌈⟩∫⊣⇕⌊⟩}⊓⊣⊔⟩≀\ ⌊⊣∫⌉⌈ ≀\ ∫⌉↕⌉⌋⊔⟩≀\ ∇⌉∫⊔∇⟩⌋⊔⟩≀\∫↙ H≀⊒⌉⊑⌉∇⇔ ⟩⊔ ⇕⊓∫⊔ ⌊⌉ ∫⊔∇⌉∫∫⌉⌈ ⊔⟨⊣⊔ ⊔⟨⌉ √∇⌉∫⌉\⊔ ⊣⌋⌋≀⊓\⊔ ↕≀⌋⊣⊔⌉∫ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ √∇⌉{⌉∇⌉\⌋⌉ ⊒⟩⊔⟨⟩\ ⊔⟨⌉ ⟩\{⌉∇⌉\⊔⟩⊣↕ ⌋≀⇕√≀\⌉\⊔ ∇⊣⊔⟨⌉∇ ⊔⟨⊣\ ⊒⟩⊔⟨⟩\ ↕≀⌋⊣↕ ⊣\⌈ ∫⊔∇⟩⌋⊔↕† ∫⌉⇕⊣\⊔⟩⌋ ⟩\⊔⌉∇√∇⌉⊔⊣⊔⟩≀\↙ T⟨⊓∫ ≀⊔⟨⌉∇ {⊣⌋⊔≀∇∫⇔ ∫⊓⌋⟨ ⊣∫ ⊔⟨⌉ ⌋≀\⊔⌉§⊔⊓⊣↕ ⊣√√∇≀√∇⟩⊣⊔⌉\⌉∫∫ ≀{ ⊣↕⊔⌉∇\⊣⊔⟩⊑⌉ ∫⌉\∫⌉∫ ≀{ ⊔⟨⌉ ⊣∇}⊓⇕⌉\⊔⇔ ⇕⊣† ⌋⌉∇⊔⊣⟩\↕† √↕⊣† ⊣ ∇≀↕⌉↙ I{ ⊔⟨⌉ ⌈⟩∫⌋≀⊓∇∫⌉ ≀∇ ∫⟩⊔⊓⊣⊔⟩≀\⊣↕ ⌋≀\⊔⌉§⊔ √∇⌉{⌉∇⌉\⊔⟩⊣↕↕† ∫⊓√√≀∇⊔∫ ⊔⟨⌉ ⟩\⊔⌉∇√∇⌉⊔⊣⊔⟩≀\ ≀{ ⇕⊓∫⟩⌋ ⟩\ ⟩⊔∫ √⟨†∫⟩⌋⊣↕↖≀⌊|⌉⌋⊔ ∫⌉\∫⌉ � {≀∇ ⌉§⊣⇕√↕⌉⇔ ⟩{ ⇕† {∇⟩⌉\⌈ ⟨⊣∫ {≀⊓\⌈ ⊔⟨⌉ ↕⟩⌊∇⌉⊔⊔≀ ≀{ T⟨⌉ M⟩‖⊣⌈≀ ≀\ ⇕† ∫⟨⌉↕{ ⊣\⌈ ⟩∫ \≀⊒ ↕≀≀‖⟩\} {≀∇ ⊔⟨⌉ ∫⌋≀∇⌉ � I ⌋⊣\ ⊓⊔⊔⌉∇ ⇍⇒ ⊣\⌈ ⟩⊔ ⊒⟩↕↕ ⌊⌉ ∫⌉↕⌉⌋⊔⟩≀\⊣↕↕† √⌉∇{⌉⌋⊔↕† ⊣√√∇≀√∇⟩⊣⊔⌉ ⟩\ ⟩⊔∫ ⟩\⊔⌉\⌈⌉⌈ ∫⌉\∫⌉↙ A\⌈ ⟩{ ⊔⟨⌉ ⌋≀\⊔⌉§⊔ ⇕⊣‖⌉∫ ⊓\⊣⊑⊣⟩↕⊣⌊↕⌉ ⊔⟨⌉ ⊣↕⊔⌉∇\⊣⊔⟩⊑⌉ ∇⌉⊣⌈⟩\} ≀{ ⇕⊓∫⟩⌋ � {≀∇ ⌉§⊣⇕√↕⌉⇔ ⟩{ I ⊣⇕ ↕⟩∫⊔⌉\⟩\} ⊔≀ ⌋↕⊣∫∫⟩⌋⊣↕ ⇕⊓∫⟩⌋ ≀\ ⊔⟨⌉ ∇⊣⌈⟩≀ � ⊔⟨⌉\ ⇍⇒ ⊒⟩↕↕ ∫≀⊓\⌈ ⊣\≀⇕⊣↕≀⊓∫↙∞∃ I\ ⊣⌈⌈⟩⊔⟩≀\⇔ ⌋≀\∫⟩⌈⌉∇⟩\} ⊣\≀⊔⟨⌉∇ ⌉§⊣⇕√↕⌉ ⇕⊣‖⌉∫ ⟩⊔ ⌋↕⌉⊣∇ ⊔⟨⊣⊔ ⊒⟨⊣⊔ ⟩∫ }≀⟩\} ≀\ ⟩∫ ⌋↕≀∫⌉∇ ⊔≀ ⊔⟨⌉ ⊙⌉§⟩⌊↕⌉ ⊣⌋⌋≀⇕⇕≀⌈⊣⊔⟩≀\ ⊔⟨⊣⊔ M⌋C⊣⊒↕⌉† ⌈⌉∫⌋∇⟩⌊⌉∫ ⟩\ ⟩\⊔⌉∇√∇⌉⊔⟩\} ⇐⇏ M† ⊣⊓\⊔ ⟩∫ ⊣ ⌊⊣⌋⟨⌉↕≀∇↙ ⊔⟨⊣\ ⊔≀ ⊣ ⌈⟩∫⊣⇕⌊⟩}⊓⊣⊔⟩≀\ √∇≀⌋⌉⌈⊓∇⌉ ⌊⊣∫⌉⌈ ≀\ ⊔⟨⌉ ∫⊔∇⟩⌋⊔ ⇕⊣⊔⌋⟨⟩\} ≀{ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ {⌉⊣⊔⊓∇⌉∫↙ A↕⊔⟨≀⊓}⟨ ⊔⟨⌉ ⊒≀∇⌈ ⊣⊓\⊔ ⌈≀⌉∫ \≀⊔ ⌊⌉↕≀\} ⊔≀ ⊔⟨⌉ ⌋↕⊣∫∫ ⟨⇕⊣↕⌉⟩⇔ ⟩⊔ ⌋⌉∇⊔⊣⟩\↕† ⌊⌉↕≀\}∫ ⊔≀ ⟨√⌉∇∫≀\⟩⇔ ⊒⟩⊔⟨ ⊒⟨⟩⌋⟨ ⌊⊣⌋⟨⌉↕≀∇ ⊒⟩↕↕ ⊣↕∫≀ ⌊⌉ ⊣∫∫≀⌋⟩⊣⊔⌉⌈↙ T⟨⊓∫ ⊔⟨⌉ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ √∇≀⊘↕⌉ ≀{ ⊣⊓\⊔ ⟩\ ⊔⟨⌉ ⌋≀\⊔⌉§⊔ ≀{ ⌊⊣⌋⟨⌉↕≀∇ ⇕⊣† ∫⊓√√≀∇⊔ ⊔⟨⌉ ∫⊓⌋⌋⌉∫∫{⊓↕ ⟩\⊔⌉∇√∇⌉⊔⊣⊔⟩≀\ ≀{ ⇐⇏⇔ ⊣↕⌊⌉⟩⊔ \≀⊔ ⊣∫ ∫⊔∇≀\}↕† ⊣∫ ⊓\⌋↕⌉ ⊒≀⊓↕⌈ ⟨⊣⊑⌉↙ N≀⊔⌉⇔ ⊔≀≀⇔ ⊔⟨⊣⊔ ⊣⌈≀√⊔⟩\} ⊔⟨⌉ ⊣⌋⌋≀⊓\⊔ ≀{ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ √∇⌉{⌉∇⌉\⌋⌉ √∇≀√≀∫⌉⌈ ⟨⌉∇⌉ ⌈≀⌉∫ \≀⊔ √∇⌉⌋↕⊓⌈⌉ ⊔⟨⌉ ⌉\⌋≀⌈⟩\} ≀{ \⌉⌋⌉∫∫⊣∇† ⇐≀∇ ⌉⊑⌉\ ⌈⌉⊘\⟩⊔⟩≀\⊣↕⇒ ⌈⌉∫⌋∇⟩√⊔⟩≀\∫ ≀{ √∇⌉⌈⟩⌋⊣⊔⌉∫ ⊒⟨⌉\ ⊔⟨⌉† ⊣∇⌉ ⊣⊑⊣⟩↕⊣⌊↕⌉∅ ⊔⟨⊓∫ ⇐⇏ ⇕⟩}⟨⊔ ⌊⌉ ⇐⊔≀ ∫≀⇕⌉ ⌉§⊔⌉\⊔⇒ ⊣⌋⌋⌉√⊔⊣⌊↕⌉ ⊣⊔ ⊔⟨⌉ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ≀∇ ⟩\{⌉∇⌉\⊔⟩⊣↕ ↕⌉⊑⌉↕⇔ ⌊⊓⊔ ⊣⊔ ∫≀⇕⌉ ≀⊔⟨⌉∇ ↕⌉⊑⌉↕ ∇⊓↕⌉⌈ ⊣\≀⇕⊣↕≀⊓∫↙

∋↙ E⇕√⟩∇⟩⌋⊣↕ B⌉⟨⊣⊑⟩≀∇ ∋↙↙∞ C≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ ⊣√√⊣∇⊣⊔⊓∫ I ⟨⊣⊑⌉ ⌉§√↕≀∇⌉⌈ ⊔⟨⌉ ⌉⇕√⟩∇⟩⌋⊣↕ ⌊⌉⟨⊣⊑⟩≀∇ ≀{ ⊔⟨⌉ ⇕≀⌈⌉↕ ⌊† ⇕⌉⊣\∫ ≀{ ⊣ ⌋≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ ⟩⇕√↕⌉⇕⌉\⊔⊣⊔⟩≀\↙ T⟨⌉ ⟩⇕√↕⌉⇕⌉\⊔⊣⊔⟩≀\ ⟩∫ {⊣⟩∇↕† {⊣⟩⊔⟨{⊓↕ ⊔≀ ⊔⟨⌉ ⊔⟨⌉≀∇⌉⊔⟩⌋⊣↕ ⇕≀⌈⌉↕⇔ ⊒⟩⊔⟨ ⊔⟨⌉ ⌉§⌋⌉√⊔⟩≀\ ≀{ ∫⌉⊑⌉∇⊣↕ ∫⟩⇕√↕⟩⊘⌋⊣⊔⟩≀\∫ ⊔⟨⊣⊔ ⊣∇⌉ {≀∇ ⊔⟨⌉ ⇕≀∫⊔ √⊣∇⊔ ⊓\√∇≀⌊↕⌉⇕⊣⊔⟩⌋↙ T⟨⌉ ⇕≀∫⊔ ∫⟩}\⟩⊘⌋⊣\⊔ ⇕≀⌈⟩⊘⌋⊣⊔⟩≀\⇔ ≀{ ⌋≀⊓∇∫⌉⇔ ⟩∫ ⟩\ ⊔⟨⌉ \⊣⊔⊓∇⌉ ≀{ ⊔⟨⌉ √∇≀⌊⊣⌊⟩↕⟩⊔⟩⌉∫ ⊓∫⌉⌈↙ I⊔ ⟩∫ √≀∫∫⟩⌊↕⌉ ⊔≀ ⌋≀\∫⊔∇⊓⌋⊔ ⊔⟨⌉ ⊔⟨⌉≀∇⌉⊔⟩⌋⊣↕ {≀⊓\⌈⊣⊔⟩≀\∫ ≀{ ⊣ ⇕≀⌈⌉↕ ⊣⌋⌋≀∇⌈⟩\} ⊔≀ ⊔⟨⌉ ↕≀}⟩⌋⊣↕ ⊑⟩⌉⊒ ≀{ √∇≀⌊⊣⌊⟩↕⟩⊔⟩⌉∫⇔ ⌊⊓⊔ ⟩\ √∇⊣⌋⊔⟩⌋⊣↕ ⊔⌉∇⇕∫ ⊔⟨⌉ √∇≀⌊⊣⌊⟩↕⟩⊔⟩⌉∫ ≀{ ⊔⟨⌉ ⇕≀⌈⌉↕ ⇕⊓∫⊔ ⌊⌉ ⌉∫⊔⟩⇕⊣⊔⌉⌈ ∫⊔⊣⊔⟩∫⊔⟩⌋⊣↕↕† ≀\ ⊔⟨⌉ ⌊⊣∫⟩∫ ≀{ ∫≀⇕⌉ ∫≀⊓∇⌋⌉ ≀{ ⌉⊑⟩⌈⌉\⌋⌉↙ A∫ ⌈⟩∫⌋⊓∫∫⌉⌈ ⟩\ S⌉⌋⊔⟩≀\ ∈↙∈⇔ I ⟨⊣⊑⌉ ⊣⌈≀√⊔⌉⌈ ⊔⟨⌉ ∫⊔⊣⊔⟩∫⊔⟩⌋⊣↕ ⊔⌉⌋⟨\⟩∐⊓⌉ ≀{ ⇕⊣§⟩⇕⊓⇕ ↕⟩‖⌉↕⟩⟨≀≀⌈ ⌉∫⊔⟩⇕⊣⊔⟩≀\⇔ \≀⊔ ∞∃I ⟨⊣⊑⌉ \≀⊔ ⊒≀∇‖⌉⌈ ≀⊓⊔ ⊔⟨⌉ ⟩\⊔⌉∇⊣⌋⊔⟩≀\ ≀{ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ √∇⌉{⌉∇⌉\⌋⌉ ⊒⟩⊔⟨ ⌋≀\⊔⌉§⊔↙ T⟨⌉ ⇕≀∫⊔ ∫⊔∇⊣⟩}⟨⊔{≀∇⊒⊣∇⌈ ⊣√√∇≀⊣⌋⟨⇔ I ⊔⟨⟩\‖⇔ ⊒≀⊓↕⌈ ⌊⌉ ⊔≀ ⊣∫∫⊓⇕⌉ ⊔⟨⊣⊔ ⊔⟨⌉∇⌉ ⟩∫ ∫≀⇕⌉ ⊘\⟩⊔⌉ ∫⌉⊔ G ≀{ ∇⌉↕⌉⊑⊣\⊔ ⌋≀\⊔⌉§⊔⊓⊣↕ {⌉⊣⊔⊓∇⌉∫ ⊣\⌈ ⊔≀ ⌋≀\⌈⟩⊔⟩≀\ ⊣↕↕ ⊔⟨⌉ √∇≀⌊⊣⌊⟩↕⟩⊔⟩⌉∫ ≀\ γ ∈ G∅ ⌉↙}↙ ⊔≀ ⌋⊣↕⌋⊓↕⊣⊔⌉ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ √∇⌉{⌉∇⌉\⌋⌉ ∫⊔∇⌉\}⊔⟨ ⊣∫ D(p(c|p i, γ) ‖ √(c|γ)).

only for its simplicity, but also to avoid presupposing a solution to the problem of estimation from sparse data; however, that concern is not relevant here. I am convinced that the behavior of this model is not particularly sensitive to the estimation technique used, at least at a general level, since in earlier versions of this work I computed probabilities using the Good-Turing estimate (Good, 1953) and obtained entirely comparable results. (See Appendix A.)

The selectional relationship I have explored most thoroughly is the one that holds between verbs and their direct objects. In the work I will describe here, estimates of verb-object co-occurrence probability were arrived at by constructing a large combined sample from the following sources:

1. Associated Press (AP) news stories (1989)

2. The Brown corpus (Francis and Ku�cera, 1982), speci↑cally the parsed version of the corpus appearing in the Penn Treebank (Marcus, Santorini, and Marcinkiewicz, 1993)

3. The Wall Street Journal (1988-89), which can also be found in parsed form in the Penn Treebank.

4. Transcribed parental speech from the Child Language Data Exchange (CHILDES) database (MacWhinney and Snow, 1985; Sokolov and Snow, to appear)

5. Verb-object norms collected from human subjects. 20

In addition to verb-object relations, I have to some extent explored subject-verb relationships, using the Brown corpus and the Associated Press samples; adjective-noun combinations, using the Brown corpus and the Wall Street Journal; noun-noun modi↑cation, also using the Brown and Wall Street Journal corpora; and preposition-object relationships, using the Brown and CHILDES corpora.

Using samples of naturally occurring text as the basis for probability estimates required two additional simpli↑cations. First, since I have no procedure for compositionally interpreting noun phrases, probabilities were estimated from a sample containing verbs together with the head of the direct object noun phrase. Although in principle this could lead to misleading results (you don’t buy soldiers, although you might buy a toy soldier), modi↑ers rarely seem to have such a radical effect on the classes of the head noun. Second, since text corpora are not lexically disambiguated in advance, I have treated predicates as atomic symbols, which often con↓ates the selectional behavior of multiple senses. For example, the selectional behavior of the verb play is in↓uenced in this model by the fact that it appears not only with direct objects like baseball and game, but also with piano and violin, and with role and part.

This second simpli↑cation is not as troublesome as it might ↑rst appear. When a verb has several very different senses, its distribution of argument classes tends to have distinct Ψclumps,˚ that is, to appear multimodal. However, the existence of several strongly preferred categories is not necessarily a problem, since the interpretation of a single predicate-argument combination takes into account only those classes within which the argument appears. So, for example, the classes ⟨⇕⊓∫⟩⌋⊣↕ ⟩\∫⊔∇⊓⇕⌉\⊔⟩⇔ ⟨⊣∇⊔⟩{⊣⌋⊔⟩⇔ ⊣\⌈ ∫≀ {≀∇⊔⟨ ⊒⟩↕↕ ⟨⊣⊑⌉ ↕⟩⊔⊔↕⌉ ⌊⌉⊣∇⟩\} ≀\ ⊔⟨⌉ ⟩\⊔⌉∇√∇⌉⊔⊣⊔⟩≀\ ≀{ √↕⊣† ⌊⊣∫⌉⌊⊣↕↕⇔ ⊣\⌈ ⊔⟨⌉ ⌋↕⊣∫∫⌉∫ ⟨∫√≀∇⊔⟩⇔ ⟨⊣⌋⊔⟩⊑⟩⊔†⟩⇔ ⊣\⌈ ∫≀ {≀∇⊔⟨ ⊒⟩↕↕ ⟨⊣⊑⌉ ↕⟩⊔⊔↕⌉ ⌊⌉⊣∇⟩\} ≀\ ⊔⟨⌉ ⟩\⊔⌉∇√∇⌉⊔⊣⊔⟩≀\ ≀{ √↕⊣† √⟩⊣\≀↙ F⊓∇⊔⟨⌉∇⇕≀∇⌉⇔ ⊔⟨⌉ ⌋∇⟩⊔⌉∇⟩⊣ {≀∇ ⌈⟩∫⊔⟩\}⊓⟩∫⟨⟩\} ⊑⌉∇⌊ ∫⌉\∫⌉∫ ⊣∇⌉ ⊣⊔ √∇⌉∫⌉\⊔ ∫≀ √≀≀∇↕† ⊓\⌈⌉∇∫⊔≀≀⌈ ⊔⟨⊣⊔ ⊣⊑≀⟩⌈⟩\} ⊔⌉∇⇕∫ ↕⟩‖⌉ ⊖⟨≀⇕≀\†⇕†⇔⪰ ⊖√≀↕†∫⌉⇕†⇔⪰ ⊣\⌈ ∫≀ {≀∇⊔⟨ ⌋≀⊓↕⌈ ⌊⌉ ⊑⟩⌉⊒⌉⌈ ⊣∫ ⊣√√∇≀√∇⟩⊣⊔⌉↕† ⌋⊣⊓⊔⟩≀⊓∫ ∇⊣⊔⟨⌉∇ ⊔⟨⊣\ ⟩\⊣√√∇≀√∇⟩⊣⊔⌉↕† ∫⟩⇕√↕⟩∫⊔⟩⌋↙∈∞F⟩\⊣↕↕†⇔ ⊣∫∫⊓⇕⟩\} ∈′I ⊣⇕ ⌉§⊔∇⌉⇕⌉↕† }∇⊣⊔⌉{⊓↕ ⊔≀ D≀\⊣↕⌈ H⟩\⌈↕⌉ {≀∇ ⇕⊣‖⟩\} ⊔⟨⌉ AP ⌈⊣⊔⊣ ⊣⊑⊣⟩↕⊣⌊↕⌉ ⊔≀ ⇕⌉⇔ ⊣\⌈ ⊔≀ A\\⟩⌉ L⌉⌈⌉∇⌉∇ {≀∇ ⇕⊣‖⟩\} ⊣⊑⊣⟩↕⊣⌊↕⌉ ⊔⟨⌉ ⊑⌉∇⌊↖≀⌊|⌉⌋⊔ \≀∇⇕∫↙ N≀⊔⟩⌋⌉ ⊔⟨⊣⊔ ⊣↕↕ ∫⊓⌊⌋≀∇√≀∇⊣ ⌉§⌋⌉√⊔ ⊔⟨⌉ ↕⊣∫⊔ ≀\⌉ ⌋≀\⊔⊣⟩\ \⊣⊔⊓∇⊣↕↕† ≀⌋⌋⊓∇∇⟩\} ⌈⊣⊔⊣↙ ∈∞T⟨⟩∫ ⇕⊣† ⌊⌉ ⊣ ⌋↕⊣∫∫⟩⌋ ⟩\∫⊔⊣\⌋⌉ ≀{ ⊔⟨⌉ ⌋≀⇕√⊓⊔⌉∇ √∇≀}∇⊣⇕⇕⌉∇≃∫ ⌋↕⊣⟩⇕⇔ ⊖I⊔≃∫ \≀⊔ ⊣ ⌊⊓}⇔ ⟩⊔≃∫ ⊣ {⌉⊣⊔⊓∇⌉→⪰ � ⌊⊓⊔ ∫≀⇕⌉⊔⟩⇕⌉∫ ⊔⟨⌉ √∇≀}∇⊣⇕⇕⌉∇ ⟩∫ ⌋≀∇∇⌉⌋⊔↙

∌ ⊔⟨⊣⊔ √∇⌉⌈⟩⌋⊣⊔⌉∫ ⊒⌉∇⌉ ⌈⟩∫⊔⟩\}⊓⟩∫⟨⌉⌈ ⟩\ ⊣⌈⊑⊣\⌋⌉ ⊒≀⊓↕⌈ ↕⌉⊣⌈ ⊔≀ ⊣ ⌋⟨⟩⌋‖⌉\↖⊣\⌈↖⌉}} √∇≀⌊↕⌉⇕ ⊒⟩⊔⟨ ∇⌉∫√⌉⌋⊔ ⊔≀ ↕⊣\}⊓⊣}⌉ ⊣⌋∐⊓⟩∫⟩⊔⟩≀\ � {≀∇ ⌉§⊣⇕√↕⌉⇔ ∫⌉⌉ ⇐G∇≀√⌉\⇔ ∞∃∃∋⇒ {≀∇ ⊣\ ⊣∇}⊓⇕⌉\⊔ ⊔⟨⊣⊔ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫ ⊣∇⌉ ⊣ \⌉⌋⌉∫∫⊣∇† ⌋≀⇕√≀\⌉\⊔ ⟩\ ⌋⟨⟩↕⌈∇⌉\≃∫ ⊣⌋∐⊓⟩∫⟩⊔⟩≀\ ≀{ ⇕⊓↕⊔⟩√↕⌉ ∫⌉\∫⌉∫ {≀∇ ⊣ ∫⟩\}↕⌉ ⊑⌉∇⌊↙ ⇐A↕∫≀ ∫⌉⌉ C⟨⊣√⊔⌉∇ △↙⇒ I ⟨⊣⊑⌉ ⊣⌈≀√⊔⌉⌈ W≀∇⌈N⌉⊔ ⇐B⌉⌋‖⊒⟩⊔⟨ ⌉⊔ ⊣↕↙⇔ ∞∃∃∞⇒ ⊣∫ ⊣ ⌋≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ ⇕≀⌈⌉↕ ≀{ ⊔⟨⌉ \≀⊓\ ⊔⊣§≀\≀⇕†⇔ ⊣∫ ⌈⟩∫⌋⊓∫∫⌉⌈ ⟩\ C⟨⊣√⊔⌉∇ ∈↙ A↕⊔⟨≀⊓}⟨ ↕⟩‖⌉ ⊣\† ≀⊔⟨⌉∇ ⌈⟩⌋⊔⟩≀\⊣∇† W≀∇⌈N⌉⊔ ⟨⊣∫ ⟩⊔∫ ⟩⌈⟩≀∫†\⌋∇⊣⌋⟩⌉∫⇔ ⟩\ √∇⟩\⌋⟩√↕⌉ ⟩⊔ ⟨⊣∫ ⌊⌉⌉\ ⌋≀\∫⊔∇⊓⌋⊔⌉⌈ ⊣⌋⌋≀∇⌈⟩\} ⊔≀ ⊔⟨⌉ ⊔⟨⌉≀∇⌉⊔⟩⌋⊣↕ ⊔⊣§≀\≀⇕⟩⌋ ⇕≀⌈⌉↕ ⊣∇}⊓⌉⌈ {≀∇ ⟨⌉∇⌉↙ I ⌊⌉↕⟩⌉⊑⌉ ⊔⟨⟩∫ ⇕⊣‖⌉∫ ⟩⊔ ⊓\⟩∐⊓⌉ ⊣⇕≀\} ≀⊔⟨⌉∇ ⌈⟩⌋⊔⟩≀\⊣∇⟩⌉∫⇔ ⌋⌉∇⊔⊣⟩\↕† ⌈⟩⌋⊔⟩≀\⊣∇⟩⌉∫ ⊔⟨⊣⊔ ⊣∇⌉ ⊣⊑⊣⟩↕⊣⌊↕⌉ ≀\ ↕⟩\⌉ {≀∇ ⌋≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ √⊓∇√≀∫⌉∫↙

∋↙↙∈ T∇⊣⌈⟩⊔⟩≀\⊣↕ ⌉§⊣⇕√↕⌉∫ I ⊒⟩↕↕ ≀∇}⊣\⟩‡⌉ ⊔⟨⟩∫ ⌈⟩∫⌋⊓∫∫⟩≀\ ⊣∇≀⊓\⌈ ⌉§⊣⇕√↕⌉∫ ⊔⟨⊣⊔ ⟨⊣⊑⌉ ≀⌋⌋⊓∇∇⌉⌈ ≀⊑⌉∇ ⊔⟨⌉ ⌋≀⊓∇∫⌉ ≀{ ⊔⟨⌉ √∇⌉⌋⌉⌈⟩\} ∫⌉⌋⊔⟩≀\∫↙∈∈ T≀ ⌊⌉}⟩\ ⊒⟩⊔⟨⇔ ⌋≀\∫⟩⌈⌉∇ ∫≀⇕⌉ ≀{ ⊔⟨⌉ ⌋↕⊣∫∫⟩⌋ ⌉§⊣⇕√↕⌉∫ ≀{ ⌋⊣⊔⌉}≀∇† ⇕⟩∫⊔⊣‖⌉∫⇔ ∫⊓⌋⟨ ⊣∫¬ ⇐∀̸⇒ ⊣↙ T⟨⌉ \⊓⇕⌊⌉∇ ⊔⊒≀ ⟩∫ ⌊↕⊓⌉↙ ⌊↙ S≀⌋∇⊣⊔⌉∫ ⟩∫ ⌉⊑⌉\↙ A∫ ⟩⊔ ⟨⊣√√⌉\∫⇔ ⌊≀⊔⟨ ⊔⊒≀ ⊣\⌈ S≀⌋∇⊣⊔⌉∫ ⊣∇⌉ ⟩\⌋↕⊓⌈⌉⌈ ⟩\ ⊔⟨⌉ W≀∇⌈N⌉⊔ ⊔⊣§≀\≀⇕†⇔ ⌈⌉∫√⟩⊔⌉ ⟩⊔∫ ⊓\⌈⌉∇∫⊔⊣\⌈⊣⌊↕† ↕⟩⇕⟩⊔⌉⌈ ⌋≀⊑⌉∇⊣}⌉ ≀{ \⊓⇕⌊⌉∇∫ ⊣\⌈ √∇≀√⌉∇ \⊣⇕⌉∫↙ S√⊣⌋⌉ √∇⌉⌋↕⊓⌈⌉∫ ⊣ ⌈⌉⊔⊣⟩↕⌉⌈ √∇⌉∫⌉\⊔⊣⊔⟩≀\ ≀{ ⊔⟨⌉ ⌉\⊔⟩∇⌉ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ √∇≀⊘↕⌉ {≀∇ ⊣\† √∇⌉⌈⟩⌋⊣⊔⌉↖⊣∇}⊓⇕⌉\⊔ ⌋≀⇕⌊⟩\⊣⊔⟩≀\⇔ ⌊⊓⊔ ⟩\ }⌉\⌉∇⊣↕ ↕≀≀‖⟩\} ⊣⊔ ⊔⟨⌉ ∫⟩\}↕⌉ ⌋↕⊣∫∫ ⊔⟨⊣⊔ ⇕⊣§⟩⇕⟩‡⌉∫ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⊣∫∫≀⌋⟩⊣⊔⟩≀\ ⊒⟩↕↕ √∇≀⊑⟩⌈⌉ ⊣ }≀≀⌈ ⟩⌈⌉⊣ ≀{ ⟨≀⊒ ⊔⟨⌉ ⇕≀⌈⌉↕ ⟩∫ ⌊⌉⟨⊣⊑⟩\}↙ T⟨⟩∫ ⟩∫ ⊒⟨⊣⊔ ⟩∫ ∫⟨≀⊒\ ⟩\ ⊔⟨⌉ {≀↕↕≀⊒⟩\} ⊔⊣⌊↕⌉¬ ⇐∄⇒ P∇⌉⌈⟩⌋⊣⊔⌉ A∇}⊓⇕⌉\⊔ M⊣§⟩⇕⊓⇕ C↕⊣∫∫ ⌊↕⊓⌉ ⊔⊒≀ ↖′↙∞ ̸⟨⇕⌉⊣∫⊓∇⌉⟩ ⌉⊑⌉\ ⊔⊒≀ ∋↙∃∃ ⟨\⊓⇕⌊⌉∇⟩ ⌊↕⊓⌉ S≀⌋∇⊣⊔⌉∫ ∈↙̸ ⟨⌉\⊔⟩⊔†⟩ ⌉⊑⌉\ S≀⌋∇⊣⊔⌉∫ ′↙′∋ ⟨√⌉∇∫≀\⟩ C↕⌉⊣∇↕† ⊔⊒≀ ⟩∫ ⊣\ ⟩\⊣√√∇≀√∇⟩⊣⊔⌉ ⊣∇}⊓⇕⌉\⊔ {≀∇ ⌊↕⊓⌉⇔ ∫⟩\⌋⌉ ⌉⊑⌉\ ⊔⟨⌉ ⇕≀∫⊔ ∫⊔∇≀\}↕† ⊣∫∫≀⌋⟩⊣⊔⌉⌈ ⌋↕⊣∫∫ ⊔≀ ⊒⟨⟩⌋⟨ ⟩⊔ ⌊⌉↕≀\}∫ ⟩∫ ∫⌉↕⌉⌋⊔⌉⌈ ⊣}⊣⟩\∫⊔ ⇐⟩↙⌉↙ ⟨⊣∫ ⊣ \⌉}⊣⊔⟩⊑⌉ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⊣∫∫≀⌋⟩⊣⊔⟩≀\ ⊒⟩⊔⟨ ⊔⟨⌉ √∇⌉⌈⟩⌋⊣⊔⌉⇒↙ O\ ⊔⟨⌉ ≀⊔⟨⌉∇ ⟨⊣\⌈⇔ ⊔⟨⌉ ⊣√√↕⟩⌋⊣⊔⟩≀\ ≀{ ⌉⊑⌉\ ⊔≀ ⊔⊒≀ ⟩∫ ⊘\⌉↙ C≀\⊑⌉∇∫⌉↕†⇔ S≀⌋∇⊣⊔⌉∫ ⟩∫ ⟩\ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⊔⌉∇⇕∫ ⊣\ ⊣√√∇≀√∇⟩⊣⊔⌉ ⊣∇}⊓⇕⌉\⊔ {≀∇ ⌊↕⊓⌉⇔ ⌊† ⊑⟩∇⊔⊓⌉ ≀{ ⌊⌉⟩\} ⊣ √⟨†∫⟩⌋⊣↕ ⌉\⊔⟩⊔†⇔ ⊔⟨≀⊓}⟨ \≀⊔⌉ ⊔⟨⌉ ⌋↕⊣∫∫ ⟨√⌉∇∫≀\⟩ ⟨⊣∫ ⊣ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⊣∫∫≀⌋⟩⊣⊔⟩≀\ ≀{ ↖′↙∞∋ ⇐\≀⊔ ∫⟨≀⊒\ ⟩\ ⊔⟨⌉ ⊔⊣⌊↕⌉⇒↙ W⟨⌉\ ⌉⊑⌉\ ⟩∫ ⊣√√↕⟩⌉⌈ ⊔≀ S≀⌋∇⊣⊔⌉∫⇔ ⊔⟨⌉ ∇⌉∫⊓↕⊔⟩\} ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⊣∫∫≀⌋⟩⊣⊔⟩≀\ ⟩∫ ∇⌉↕⊣⊔⟩⊑⌉↕† ⟩\⌈⌉⊔⌉∇⇕⟩\⊣⊔⌉∅ I ∫⊓∫√⌉⌋⊔ ⊔⟨⊣⊔ ⊔⟨⌉ ⇕⊣∇}⟩\⊣↕↕† √≀∫⟩⊔⟩⊑⌉ ⊑⊣↕⊓⌉ ∇⌉∫⊓↕⊔∫ {∇≀⇕ \≀⟩∫⌉ ⟩\ ⊔⟨⌉ ∫⊣⇕√↕⌉ {∇≀⇕ ⊒⟨⟩⌋⟨ √∇≀⌊⊣⌊⟩↕⟩⊔⟩⌉∫ ⊒⌉∇⌉ ⌉∫⊔⟩⇕⊣⊔⌉⌈↙ T≀ ⊔⊣‖⌉ ⊔⊒≀ ≀{ C⟨≀⇕∫‖†≃∫ ⌊⌉∫⊔ ‖\≀⊒\ ⌉§⊣⇕√↕⌉∫⇔ ⇐′⇒ ⊣↙ C≀↕≀∇↕⌉∫∫ }∇⌉⌉\ ⟩⌈⌉⊣∫ ∫↕⌉⌉√ {⊓∇⟩≀⊓∫↕†↙ ⌊↙ S⟩\⌋⌉∇⟩⊔† ⇕⊣† ⊣⌈⇕⟩∇⌉ ⊔⟨⌉ ⌊≀†↙ ⊔⟨⌉ ∇⌉∫⊓↕⊔⟩\} ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌊⌉⟨⊣⊑⟩≀∇ ⟩∫ ∫⊓⇕⇕⊣∇⟩‡⌉⌈ ⊣∫ {≀↕↕≀⊒∫¬ ∈∈I\ ⊔⟨⟩∫ ∫⌉⌋⊔⟩≀\⇔ I ⟨⊣⊑⌉ ⇕⊓↕⊔⟩√↕⟩⌉⌈ ⊣↕↕ ⊑⊣↕⊓⌉∫ ≀{ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⊣∫∫≀⌋⟩⊣⊔⟩≀\ ⌊† ∞′′ ⟩\ ≀∇⌈⌉∇ ⊔≀ ⊣⊑≀⟩⌈ ⊣ \⌉⌉⌈↕⌉∫∫ √∇≀↕⟩{⌉∇⊣⊔⟩≀\ ≀{ ⌈⌉⌋⟩⇕⊣↕ √↕⊣⌋⌉∫⇔ ⊣\⌈ ⊣∫ ⊣ ⇕⊣⊔⊔⌉∇ ≀{ \≀⊔⊣⊔⟩≀\ I ⊒⟩↕↕ ∇⌉√∇⌉∫⌉\⊔ ⊔⟨⌉ ⊣√√↕⟩⌋⊣⊔⟩≀\ ≀{ √∇⌉⌈⟩⌋⊣⊔⌉ P ⊔≀ ⊣∇}⊓⇕⌉\⊔ § ⊣∫ P §↙ P∇≀⌊⊣⌊⟩↕⟩⊔⟩⌉∫ {≀∇ ⊔⟨⌉ ⊣⌈|⌉⌋⊔⟩⊑⌉↖\≀⊓\ ⊣\⌈ ∫⊓⌊|⌉⌋⊔↖⊑⌉∇⌊ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√∫ ⌈⌉∫⌋∇⟩⌊⌉⌈ ⟩\ ⊔⟨⟩∫ ∫⌉⌋⊔⟩≀\ ⊒⌉∇⌉ ⌉∫⊔⟩⇕⊣⊔⌉⌈ ⊓∫⟩\} ⊔⟨⌉ B∇≀⊒\ ⌋≀∇√⊓∫∅ {≀∇ ⊑⌉∇⌊↖≀⌊|⌉⌋⊔ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√∫ I ⊓∫⌉⌈ ⊔⟨⌉ ⌋≀↕↕⌉⌋⊔⟩≀\ ≀{ ∫⊣⇕√↕⌉∫ ⌈⌉∫⌋∇⟩⌊⌉⌈ ⊣⌊≀⊑⌉↙

△̸ ⇐∞⇒ P∇⌉⌈⟩⌋⊣⊔⌉ A∇}⊓⇕⌉\⊔ M⊣§⟩⇕⊓⇕ C↕⊣∫∫ ∫↕⌉⌉√ ⟩⌈⌉⊣ ↖′↙∈ ̸⟨√∫†⌋⟨≀↕≀}⟩⌋⊣↕ {⌉⊣⊔⊓∇⌉⟩ ⊣⌈⇕⟩∇⌉ ∫⟩\⌋⌉∇⟩⊔† � � I\ ⌊≀⊔⟨ ⌋⊣∫⌉∫⇔ ⊔⟨⌉ ∫⊓⌊|⌉⌋⊔↖⊑⌉∇⌊ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√ {⊣⟩↕∫ ⊔≀ †⟩⌉↕⌈ ⊣ √≀∫⟩⊔⟩⊑⌉ ⊑⊣↕⊓⌉ {≀∇ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⊣∫∫≀⌋⟩⊣⊔⟩≀\↙ T⟨⌉ ⌈⊣∫⟨⌉∫ ⊣∇⟩∫⟩\} {∇≀⇕ ⊔⟨⌉ √∇⌉⌈⟩⌋⊣⊔⟩≀\ ⊣⌈⇕⟩∇⌉ ∫⟩\⌋⌉∇⟩⊔† ⟩\⌈⟩⌋⊣⊔⌉ ⊔⟨⊣⊔ ⊔⟨⌉ √∇⌉⌈⟩⌋⊣⊔⌉ \⌉⊑⌉∇ ⟨⊣⌈ ⊣∫ ⟩⊔∫ ∫⊓⌊|⌉⌋⊔ ⊣\† ⇕⌉⇕⌊⌉∇ ≀{ ⊣\† ⌋↕⊣∫∫ ⊔≀ ⊒⟨⟩⌋⟨ ∫⟩\⌋⌉∇⟩⊔† ⌊⌉↕≀\}∫∅ I ∇⌉}⊣∇⌈ ∫⊓⌋⟨ ⌋⊣∫⌉∫ ⊣∫ ⟩\⌈⟩⌋⊣⊔⟩\} ⊣ ∫⌉↕⌉⌋⊔⟩≀\⊣↕↕† ⟩\⊣√√∇≀√∇⟩⊣⊔⌉ √∇⌉⌈⟩⌋⊣⊔⟩≀\↙ T⟨⌉ ⌊⌉⟨⊣⊑⟩≀∇ ≀{ ⊔⟨⌉ ∫⊓⌊|⌉⌋⊔↖⊑⌉∇⌊ ⇕≀⌈⌉↕ {≀∇ ⇐∈⇒ ⊣↙ Q⊓⊣⌈∇⊣⊔⟩⌋ ⌉∐⊓⊣⊔⟩≀\∫ ⌈≀ \≀⊔ ⇕≀⊑⌉ ⟩\ ∫√⊣⌋⌉↙ ⌊↙ Q⊓⊣⌈∇⊣⊔⟩⌋ ⌉∐⊓⊣⊔⟩≀\∫ ⌈≀ \≀⊔ ⊒⊣⊔⌋⟨ ⊔⟨⌉ N⌉⊒⇕⊣∇‖⌉⊔ ⟨≀∇∫⌉ ∇⊣⌋⌉∫↙ ⌋↙ Q⊓⊣⌈∇⊣⊔⟩⌋ ⌉∐⊓⊣⊔⟩≀\∫ ⌈≀ \≀⊔ }≀ ⊔≀ ∇⊣⌋⌉ ⇕⌉⌉⊔⟩\}∫↙ ⟩∫ ⌋⊣√⊔⊓∇⌉⌈ ⟩\ ⊔⟨⌉ {≀↕↕≀⊒⟩\} ⊔⊣⌊↕⌉¬ ⇐∋⇒ P∇⌉⌈⟩⌋⊣⊔⌉ A∇}⊓⇕⌉\⊔ M⊣§⟩⇕⊓⇕ C↕⊣∫∫ ⇕≀⊑⌉ ⌉∐⊓⊣⊔⟩≀\ ↖′↙′ ⟨⌈⌉⌉⌈⟩ ⊒⊣⊔⌋⟨ ⌉∐⊓⊣⊔⟩≀\ � � }≀ ⌉∐⊓⊣⊔⟩≀\ ′↙∞′ ⟨⌋≀⇕⇕⊓\⟩⌋⊣⊔⟩≀\⟩ A∫ √∇⌉⌈⟩⌋⊔⌉⌈⇔ ⊣ ⌈⌉∫⌋∇⟩√⊔⟩≀\ ≀{ ⌉∐⊓⊣⊔⟩≀\∫ ⊣∫ ⇕≀⊑⟩\} ≀∇ ⊒⊣⊔⌋⟨⟩\} ⊒⟩↕↕ ⌊⌉ ∫⌉↕⌉⌋⊔⟩≀\⊣↕↕† ⊓\⊣⌋⌋⌉√⊔⊣⌊↕⌉↙ ∈∋H≀⊒↖ ⌉⊑⌉∇⇔ ⊔⟨⌉ ⌊⌉⟨⊣⊑⟩≀∇ ≀{ ⊔⟨⌉ √∇⌉⌈⟩⌋⊣⊔⟩≀\ }≀ ⌉∐⊓⊣⊔⟩≀\ ↕⌉⊣⌈∫ ⊔≀ ⊣\ ⟩\⊔⌉∇⌉∫⊔⟩\} ≀⌊∫⌉∇⊑⊣⊔⟩≀\↙ T∇⌉⊣⊔⟩\} ⊔⟨⌉ ∫⊓⌊|⌉⌋⊔ ≀{ ⊣ ⊑⌉∇⌊ ⊣∫ ⟩\⌈⌉√⌉\⌈⌉\⊔ ≀{ ⊔⟨⌉ ⌋≀⇕√↕⌉⇕⌉\⊔ ⟨⊣∫ ↕⌉⌈ ⟩\ ⊔⟨⟩∫ ⌋⊣∫⌉ ⊔≀ ⊣\ ⊓\⌉§√⌉⌋⊔⌉⌈ ∇⌉∫⊓↕⊔⇔ {≀∇ ⊣↕⊔⟨≀⊓}⟨ ⌉∐⊓⊣⊔⟩≀\∫ ⌋⊣\\≀⊔ }≀ ⊔≀ ∇⊣⌋⌉ ⇕⌉⌉⊔⟩\}∫⇔ ≀\⌉ ∫⟨≀⊓↕⌈ \≀⊔ ⌋≀\⌋↕⊓⌈⌉ ⊔⟨⊣⊔ ⊔⟨⌉† ⌋⊣\\≀⊔ }≀↙ F≀∇ ⌉§⊣⇕√↕⌉⇔ ⟩⊔ ⇕⊣‖⌉∫ √⌉∇{⌉⌋⊔ ∫⌉\∫⌉ ⊔≀ ∫⊣† ⊔⟨⊣⊔ ⊣\ ⌉∐⊓⊣⊔⟩≀\ ∫⟨≀⊓↕⌈ }≀ ⊣⊔ ⊔⟨⌉ ⊔≀√ ≀{ ⊔⟨⌉ √⊣}⌉↙ T⟨⊓∫⇔ }⟩⊑⌉\ ≀\↕† ⊔⟨⌉ ↕⟩⇕⟩⊔⌉⌈ ⟩\{≀∇⇕⊣⊔⟩≀\ ⊣⊑⊣⟩↕⊣⌊↕⌉ ⊔≀ ⊔⟨⌉ ⇕≀⌈⌉↕⇔ ⟩⊔∫ ⊣∫∫⟩}\⇕⌉\⊔ ≀{ ⇐⊒⌉⊣‖⇒ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ √↕⊣⊓∫⟩⌊⟩↕⟩⊔† ⊔≀ ⊔⟨⌉ √∇⌉⌈⟩⌋⊣⊔⟩≀\ ⟩\ ⇐∈⌋⇒ ⟩∫ \≀⊔ ⟩\⊣√√∇≀√∇⟩⊣⊔⌉↙ H⊣⊑⟩\} ⌋≀\∫⟩⌈⌉∇⌉⌈ ∫≀⇕⌉ ⌉§⊣⇕√↕⌉∫ ≀{ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⊑⟩≀↕⊣⊔⟩≀\∫⇔ I ⊒⟩↕↕ ⊔⊓∇\ ⊔≀ ∫≀⇕⌉ ≀{ ⊔⟨⌉ ≀⊔⟨⌉∇ ⌉{{⌉⌋⊔∫ ≀{ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫↙ F⟩∇∫⊔⇔ ⟩⊔ ⇕⊓∫⊔ ⌊⌉ ∇⌉⟩⊔⌉∇⊣⊔⌉⌈ ⊔⟨⊣⊔ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫ ⊣∇⌉ ⊑⟩⌉⊒⌉⌈ ⟨⌉∇⌉ ⊣∫ √⊣∇⊔ ≀{ ⊣ ⇕≀∇⌉ }⌉\⌉∇⊣↕ ⟩\{⌉∇⌉\⊔⟩⊣↕ ∫†∫⊔⌉⇕⇔ ⟩\ ⌋≀\⊔∇⊣∫⊔ ⊔≀ ⊔⟨⌉ K⊣⊔‡↖F≀⌈≀∇ ⊔∇⌉⊣⊔⇕⌉\⊔ ≀{ ∫⌉↕⌉⌋⊔⟩≀\ ∇⌉∫⊔∇⟩⌋⊔⟩≀\∫ ⊣∫ ∫⌉⇕⊣\⊔⟩⌋ ⌋≀\∫⊔∇⊣⟩\⊔∫ ≀\ ⌋≀⇕√≀∫⟩⊔⟩≀\⊣↕ ⟩\⊔⌉∇√∇⌉⊔⊣⊔⟩≀\↙ T≀ ⊔⊣‖⌉ ⊣ ⌋≀\⌋∇⌉⊔⌉ ⌉§⊣⇕√↕⌉ ≀{ ⊔⟨⟩∫⇔ ⊔⟨⌉ ⊑⌉∇⌊↖≀⌊|⌉⌋⊔ ⌋≀⇕⌊⟩\⊣⊔⟩≀\ {∇⟩}⟨⊔⌉\ ∫⟩\⌋⌉∇⟩⊔† ⟩∫ ∇⊓↕⌉⌈ ∫⌉↕⌉⌋⊔⟩≀\⊣↕↕† ⟩\⊣√√∇≀√∇⟩⊣⊔⌉ ⌊† ⊔⟨⌉ ⟩⇕√↕⌉⇕⌉\⊔⌉⌈ ⇕≀⌈⌉↕ ⇐⟩↙⌉↙ \≀ ⌋↕⊣∫∫ ⊔≀ ⊒⟨⟩⌋⟨ ∫⟩\⌋⌉∇⟩⊔† ⌊⌉↕≀\}∫ ⟨⊣∫ ⊣ √≀∫⟩⊔⟩⊑⌉ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⊣∫∫≀⌋⟩⊣⊔⟩≀\ ⊒⟩⊔⟨ {∇⟩}⟨⊔⌉\⇒⇔ ⌊⊓⊔ ⊔⟨⟩∫ ⌈≀⌉∫ \≀⊔ ⇕⊣‖⌉ ⇐△⇒ ⊣↙ I⊔ ⟩∫ \≀\∫⌉\∫⌉ ⊔≀ ∫√⌉⊣‖ ≀{ {∇⟩}⟨⊔⌉\⟩\} ∫⟩\⌋⌉∇⟩⊔†↙ ⊣ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⊑⟩≀↕⊣⊔⟩≀\↙ I ⊣∫∫⊓⇕⌉ ⊔⟨⊣⊔ ⊔⟨⌉ ⌉⇕⌊⌉⌈⌈⌉⌈ √∇⌉⌈⟩⌋⊣⊔⟩≀\ ⊒≀⊓↕⌈ ⌊⌉ ⌉⊑⊣↕⊓⊣⊔⌉⌈ ⟩\ ⊔⟨⌉ ⌋≀\⊔⌉§⊔ ≀{ ⊔⟨⌉ ⇕⊣⊔∇⟩§ ⌋↕⊣⊓∫⌉⇔ ⌋≀\⊘∇⇕⟩\} � ⊣⊔ ↕⌉⊣∫⊔ ⟩\ √⊣∇⊔ ≀\ ⊔⟨⌉ ⌊⊣∫⟩∫ ≀{ ⊔⟨⌉ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√ � ⊔⟨⊣⊔ ⊖\≀\∫⌉\∫⌉⪰ ⟩∫ ⊣\ ⊣√√∇≀√∇⟩⊣⊔⌉ ⌈⌉∫⌋∇⟩√⊔⟩≀\↙ A ∫⟩⇕⟩↕⊣∇ √≀⟩\⊔ ⟨≀↕⌈∫ ⊔∇⊓⌉ {≀∇ ⊣ ∇⌉↕⊣⊔⌉⌈ ⌉§⊣⇕√↕⌉ ⌈⟩∫⌋⊓∫∫⌉⌈ ⌉⊣∇↕⟩⌉∇¬ ⇐▽⇒ I⊔ ⟩∫ \≀\∫⌉\∫⌉ ⊔≀ ∫√⌉⊣‖ ≀{ ⊣ ‖⟩\} ⊣∫ ⇕⊣⌈⌉ ≀{ √↕⊣∫⊔⟩⌋↙ ∈∋T⟨⌉ ⊖⌊⌉∫⊔⪰ ⌋↕⊣∫∫ ⟩∫ ≀{⊔⌉\ \≀⊔ √⊣∇⊔⟩⌋⊓↕⊣∇↕† ⇕⌉⊣\⟩\}{⊓↕ ⟩{ ⊔⟨⌉ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⊣∫∫≀⌋⟩⊣⊔⟩≀\ ⟩∫ \⌉}⊣⊔⟩⊑⌉↙ C↕⊣∫∫_{⟨⌈⌉⌉⌈⟩ ⌋≀\⊔⊣⟩\∫ ⊒≀∇⌈∫ ⊔⟨⊣⊔} ⌈⌉\≀⊔⌉ ⌋≀⇕√↕⌉⊔⌉⌈ ⊣⌋⊔⟩≀\∫∅ ⊔⟨⟩∫ ⟩\⌋↕⊓⌈⌉∫ ⌉∐⊓⊣⊔⟩≀\ ⟩\ ⟩⊔∫ ∫⌉\∫⌉ ⊣∫ ⊔⟨⌉ ⊣⌋⊔ ≀{ ⇕⊣‖⟩\} ⊔⊒≀ ⊔⟨⟩\}∫ ⌉∐⊓⊣↕↙

▽̸

A↕⊔⟨≀⊓}⟨ ⊣⌋⌋≀∇⌈⟩\} ⊔≀ ⊔⟨⌉ ⟩⇕√↕⌉⇕⌉\⊔⌉⌈ ⇕≀⌈⌉↕ ⊔⟨⌉ √∇⌉⌈⟩⌋⊣⊔⟩≀\ √↕⊣∫⊔⟩⌋ ‖⟩\} ⌈≀⌉∫ ⟩\⌈⌉⌉⌈ {⊣⊑≀∇ ⟩\⊔⌉∇√∇⌉⊔⟩\} ‖⟩\} ⊣∫ ⊣ ⌋⟨⌉∫∫ √⟩⌉⌋⌉ ⇐⟩↙⌉↙⇔ ⟨⊣∇⊔⟩{⊣⌋⊔⟩⇒⇔ ⊔⟨⌉ ⇕⊣⊔∇⟩§ ⌋↕⊣⊓∫⌉ ⟩\ ⊣ ∫⌉\∫⌉ ∇⌉⊑⌉∇∫⌉∫ ⊔⟨⌉ ⟩\⊔⌉∇√∇⌉⊔⟩⊑⌉ √∇≀⌋⌉∫∫↙ I\ √⊣∇⊔⟩⌋⊓↕⊣∇⇔ ⊣\ ⟩\⊔⌉∇√∇⌉⊔⟩⊑⌉ √∇≀⌋⌉⌈⊓∇⌉⇔ ⟩⌈⌉\⊔⟩{†⟩\} ⌋≀\⌈⟩⊔⟩≀\∫ ⊓\⌈⌉∇ ⊒⟨⟩⌋⟨ ⊔⟨⌉ ∫⌉\⊔⌉\⌋⌉ ⊒≀⊓↕⌈ ⌊⌉ ⊔∇⊓⌉⇔ ⊒≀⊓↕⌈ √∇⌉∫⊓⇕⊣⌊↕† ∇⊓↕⌉ ⊔⟨⌉ ⊖⌋⟨⌉∫∫ √⟩⌉⌋⌉⪰ ⟩\⊔⌉∇√∇⌉⊔⊣⊔⟩≀\ ≀⊓⊔ ⌊⌉⌋⊣⊓∫⌉ ⟩⊔ ⟩∫ ∫⌉↕⌉⌋⊔⟩≀\⊣↕↕† ⊣√√∇≀√∇⟩⊣⊔⌉ ⊣\⌈ ⊔⟨⌉∇⌉{≀∇⌉ \≀⊔ \≀\∫⌉\∫⌉⇔ ⊣⊔ ↕⌉⊣∫⊔ ≀\ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋∇⟩⊔⌉∇⟩⊣↙ O\ ⊔⟨≀∫⌉ ∫⊣⇕⌉ ⌋∇⟩⊔⌉∇⟩⊣⇔ ⇐⇏ I⊔ ⟩∫ \≀\∫⌉\∫⌉ ⊔≀ ∫√⌉⊣‖ ≀{ ⊣ ‖⟩\} ⊣∫ ⌊⌉⟩\} ⊣ ⇕≀\⊣∇⌋⟨↙ ⊒≀⊓↕⌈ ⌊⌉ |⊓⌈}⌉⌈ ≀⌈⌈⇔ ∫⟩\⌋⌉ ⊔⟨⌉ ⊣⌋⌋⌉√⊔⊣⌊⟩↕⟩⊔† ≀{ ⊔⟨⌉ √∇⌉⌈⟩⌋⊣⊔⟩≀\ ⟩\ ⊔⟨⌉ ⌉⇕⌊⌉⌈⌈⌉⌈ ⌋↕⊣⊓∫⌉ ⟩∫ ⟩\⌋≀\∫⟩∫⊔⌉\⊔ ⊒⟩⊔⟨ ⊒⟨⊣⊔ ⟩∫ ⌊⌉⟩\} ⊣∫∫⌉∇⊔⌉⌈ ⊣⌊≀⊓⊔ ⟩⊔ ⟩\ ⊔⟨⌉ ⇕⊣⊔∇⟩§ ∫⌉\⊔⌉\⌋⌉↙ T⊓∇\⟩\} ⊔≀ ≀⊔⟨⌉∇ ⌋⊣∫⌉∫ ≀{ ⌈⟩∫⊣⇕⌊⟩}⊓⊣⊔⟩≀\⇔ ⌋≀\∫⟩⌈⌉∇ ⊔⟨⌉ ⟩\⊔⌉∇√∇⌉⊔⊣⊔⟩≀\∫ ≀{ ⌊⊣∫⌉⌊⊣↕↕ ⊣∫ ⌊≀⊔⟨ ⊣ √⟨†∫⟩⌋⊣↕ ≀⌊|⌉⌋⊔ ⊣\⌈ ⊣∫ ⊣ }⊣⇕⌉↙ ⇐⇒ ⊣↙ I ⟨⟩⊔ ⊣ ⌊⊣∫⌉⌊⊣↕↕ ⊔≀ J≀⟨\ ⊣\⌈ ⟨⌉ ⌋⊣⊓}⟨⊔ ⟩⊔↙ ⌊↙ I √↕⊣†⌉⌈ ∫≀⇕⌉ ⌊⊣∫⌉⌊⊣↕↕ †⌉∫⊔⌉∇⌈⊣† ⊣{⊔⌉∇\≀≀\↙ ⌋↙ I ⊒⊣⊔⌋⟨⌉⌈ ∫≀⇕⌉ ⌊⊣∫⌉⌊⊣↕↕ †⌉∫⊔⌉∇⌈⊣† ⊣{⊔⌉∇\≀≀\↙ T⟨⌉ ⊑⌉∇⌊↖≀⌊|⌉⌋⊔ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√∫ ⟩\ ⊔⟨⌉∫⌉ ⌉§⊣⇕√↕⌉∫ †⟩⌉↕⌈ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√∫ ∫⊓⇕⇕⊣∇⟩‡⌉⌈ ⟩\ ⊔⟨⌉ {≀↕↕≀⊒⟩\} ⊔⊣⌊↕⌉¬ ⇐∀⇒ P∇⌉⌈⟩⌋⊣⊔⌉ A∇}⊓⇕⌉\⊔ M⊣§⟩⇕⊓⇕ C↕⊣∫∫ ⟨⟩⊔ ⌊⊣∫⌉⌊⊣↕↕ △↙△∀ ⟨≀⌊|⌉⌋⊔⟩ √↕⊣† ⌊⊣∫⌉⌊⊣↕↕ ∈↙∋ ⟨}⊣⇕⌉⟩ ⊒⊣⊔⌋⟨ ⌊⊣∫⌉⌊⊣↕↕ ∞↙∃′ ⟨⌈⟩⊑⌉∇∫⟩≀\⟩ A∫ ⊣ ⌈⟩∇⌉⌋⊔ ≀⌊|⌉⌋⊔ {≀∇ ⊔⟨⌉ ⊑⌉∇⌊ ⟨⟩⊔⇔ ⊔⟨⌉ ⟩\⊔⌉∇√∇⌉⊔⊣⊔⟩≀\ ≀{ ⌊⊣∫⌉⌊⊣↕↕ ⊣∫ ⊣ √⟨†∫⟩⌋⊣↕ ≀⌊|⌉⌋⊔ ∇⊣⊔⟨⌉∇ ⊔⟨⊣\ ⊣ }⊣⇕⌉ ⌉⇕⌉∇}⌉∫ ∐⊓⟩⊔⌉ ⌋↕⌉⊣∇↕†↙ T⟨⟩∫ ⌊⌉⌋≀⇕⌉∫ ⌉⊑⌉\ ⇕≀∇⌉ ⊣√√⊣∇⌉\⊔ ⟩\ ↕≀≀‖⟩\} ⊣⊔ ⊔⟨⌉ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ √∇≀⊘↕⌉ {≀∇ ⊔⟨⟩∫ √∇⌉⌈⟩⌋⊣⊔⟩≀\∅ ⊔⟨⊣⊔ ⟩∫⇔ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⊣∫∫≀⌋⟩⊣⊔⟩≀\ ≀{ ⊔⟨⌉ ⊑⌉∇⌊ ⊒⟩⊔⟨ ⊣↕↕ ⊔⟨⌉ ⌋↕⊣∫∫⌉∫ ⊔≀ ⊒⟨⟩⌋⟨ ⊔⟨⌉ ⊣∇}⊓⇕⌉\⊔ ⌊⌉↕≀\}∫¬ ⇐∃⇒ V⊣↕⊓⌉ C↕⊣∫∫ ⌋≀\⊔⊣⟩\⟩\} ⌊⊣∫⌉⌊⊣↕↕ △↙△∀ ⟨≀⌊|⌉⌋⊔⟩ △↙∈ ⟨⊣∇⊔⟩{⊣⌋⊔⟩ ∈↙∈▽ ⟨⌉\⊔⟩⊔†⟩ ′↙∞∋ ⟨⌊⊣↕↕⟩ ′↙∞∞ ⟨}⊣⇕⌉ ⌉∐⊓⟩√⇕⌉\⊔⟩ ′↙′ ⟨⌉∐⊓⟩√⇕⌉\⊔⟩ ↙ ↙ ↙ ↙ ↖′↙′′ ⟨∫√≀∇⊔⟩ ↖′↙′′ ⟨}⊣⇕⌉⟩ ↖′↙′∞ ⟨⌈⟩⊑⌉∇∫⟩≀\⟩ ↖′↙′∞ ⟨⌋≀\⊔⌉∫⊔⟩ ↖′↙′∞ ⟨⌋≀⇕√⌉⊔⟩⊔⟩≀\⟩ ↖′↙∈ ⟨}∇≀⊓√ ⊣⌋⊔⟩≀\⟩ ↖′↙∋△ ⟨⊣⌋⊔⟩⊑⟩⊔†⟩ ↖′↙∀▽ ⟨⊣⌋⊔⟩

̸ W⟨⌉\ ⊔⟨⌉ ⊑⌉∇⌊ ⟩∫ √↕⊣†⇔ ⊔⟨⌉ √∇≀⊘↕⌉ ⟩∫ ⇕≀∇⌉ ≀∇ ↕⌉∫∫ ⟩\⊑⌉∇⊔⌉⌈⇔ ⊒⟩⊔⟨ ⊔⟨⌉ ⌋↕⊣∫∫⟩⊘⌋⊣⊔⟩≀\ ≀{ ⌊⊣∫⌉⌊⊣↕↕ ⊣∫ ⊣ }⊣⇕⌉ ≀∇ ⌋≀⇕√⌉⊔⟩⊔⟩≀\ ⌉⇕⌉∇}⟩\} ⊣∫ ⊔⟨⌉ ⇕≀∫⊔ ∫⊔∇≀\}↕† ∫⌉↕⌉⌋⊔⌉⌈ {≀∇ ⌊† ⊔⟨⌉ ⊑⌉∇⌊↙ I\⊔⌉∇⌉∫⊔⟩\}↕†⇔ ⊒⟨⌉\ ⊔⟨⌉ ⊑⌉∇⌊ ⟩∫ ⊒⊣⊔⌋⟨⇔ ⊔⟨⌉ ⇕≀∫⊔ ∫⊔∇≀\}↕† ⊣∫∫≀⌋⟩⊣⊔⌉⌈ ⌋↕⊣∫∫ ⊔⊓∇\∫ ≀⊓⊔ ⊔≀ ⌊⌉ ⟨⌈⟩⊑⌉∇∫⟩≀\⟩¬ ⇐∀′⇒ V⊣↕⊓⌉ C↕⊣∫∫ ⌋≀\⊔⊣⟩\⟩\} ⌊⊣∫⌉⌊⊣↕↕ ∞↙∃′ ⟨⌈⟩⊑⌉∇∫⟩≀\⟩ ∞↙∋∋ ⟨≀⌊|⌉⌋⊔⟩ ∞↙∈ ̸⟨⊣∇⊔⟩{⊣⌋⊔⟩ ∞↙∈∋ ⟨⌉∐⊓⟩√⇕⌉\⊔⟩ ′↙∃ ⟨⌋≀⇕√⌉⊔⟩⊔⟩≀\⟩ ′↙̸ ⟨⌋≀\⊔⌉∫⊔⟩ ′↙▽̸ ⟨⊣⌋⊔⟩ ↙ ↙ ↙ ↙ I\⊔⌉∇⌉∫⊔⟩\}↕†⇔ ⟨≀⊒⌉⊑⌉∇⇔ ⊔⟨⌉ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌊⌉⟨⊣⊑⟩≀∇ ≀{ ⊔⟨⌉ √∇⌉⌈⟩⌋⊣⊔⟩≀\⇔ ⊔⊣‖⌉\ ⊣∫ ⊣ ⊒⟨≀↕⌉⇔ ∫⟨≀⊒∫ ∐⊓⟩⊔⌉ ⊣ ⌊⟩⊔ ≀{ ⊣⇕⌊⟩}⊓⟩⊔†⇔ ∫⟩\⌋⌉ ⊔⟨⌉ ⊖√⟨†∫⟩⌋⊣↕ ≀⌊|⌉⌋⊔⪰ ⟩\⊔⌉∇√∇⌉⊔⊣⊔⟩≀\ ≀{ ⌊⊣∫⌉⌊⊣↕↕ ⟩∫ ⊣↕∫≀ ∫⊓√√≀∇⊔⌉⌈ ⌊† ∫⊔∇≀\}↕† ⊣∫∫≀⌋⟩⊣⊔⌉⌈ ⌋↕⊣∫∫⌉∫ ∫⊓⌋⟨ ⊣∫ ⟨≀⌊|⌉⌋⊔⟩ ⊣\⌈ ⟨⊣∇⊔⟩{⊣⌋⊔⟩↙ T⟨⟩∫ ⊣⌋⌋≀∇⌈∫ ⊒⟩⊔⟨ ⇕† ⟩\⊔⊓⟩⊔⟩≀\∫⇔ ∫⟩\⌋⌉ I ⌋⊣\ ⟩⇕⊣}⟩\⌉ ⊔⊣‖⟩\} ⇕† ∫≀\ ⊔≀ ⊣ √⊣∇‖ ⊔≀ ⊒⊣⊔⌋⟨ ⌊⊣∫⌉⌊⊣↕↕ ⊔⟨⌉∇⌉⇔ ≀∇ ⇐⊣ {⌉⊒ †⌉⊣∇∫ {∇≀⇕ \≀⊒⇒ ⊔⌉↕↕⟩\} ⟨⟩⇕ ⊔≀ ⊒⊣⊔⌋⟨ ⊔⟨⌉ ⌊⊣∫⌉⌊⊣↕↕ ⌋⊣∇⌉{⊓↕↕† ⊣∫ ⟨⌉≃∫ ⊔∇†⟩\} ⊔≀ ⌋⊣⊔⌋⟨ ⟩⊔↙∈△ T⟨⌉ ⊣⇕⌊⟩}⊓⟩⊔† ≀{ ∫⌋≀∇⌉⇔ {∇≀⇕ ⊔⟨⌉ ⌈⟩∫⌋⊓∫∫⟩≀\ ≀{ M⌋C⊣⊒↕⌉† ⇐∞∃∀̸⇒ ⌉⊣∇↕⟩⌉∇⇔ ∫⟨≀⊒∫ ∫⟩⇕⟩↕⊣∇ ⌊⌉⟨⊣⊑⟩≀∇ ⟩\ ⊔⟨⌉ ⟩⇕√↕⌉⇕⌉\⊔⌉⌈ ⇕≀⌈⌉↕↙ ⇐∀∞⇒ ⊣↙ J≀⟨\ ⟨⊣∫ ⇕⌉⇕≀∇⟩‡⌉⌈ ⊔⟨⌉ ∫⌋≀∇⌉ ≀{ ⊔⟨⌉ N⟩\⊔⟨ S†⇕√⟨≀\†↙ ⌊↙ T⟨⌉ ∫⌋≀∇⌉ ≀{ ⊔⟨⌉ N⟩\⊔⟨ S†⇕√⟨≀\† ⟩∫ ↕†⟩\} ≀\ ⊔⟨⌉ √⟩⊣\≀↙ T⟨⌉ ⊒≀∇⌈ ∫⌋≀∇⌉ ⟩∫ ⟨⟩}⟨↕† ⊣⇕⌊⟩}⊓≀⊓∫¬ ⟩⊔ ⟨⊣∫ ∫⟩§ ∫⌉\∫⌉∫ ⟩\ W≀∇⌈N⌉⊔ ≀⊔⟨⌉∇ ⊔⟨⊣\ ⟩⊔∫ ⇕⊓∫⟩⌋⊣↕ ⟩\⊔⌉∇√∇⌉⊔⊣⊔⟩≀\⇔ ⟩\⌋↕⊓⌈⟩\} ⊣⇕≀\} ⊔⟨⌉⇕ ⊣ }∇≀⊓√ ≀{ ⊔⊒⌉\⊔† ⊔⟨⟩\}∫⇔ ⊣ ⇕⌉⊣∫⊓∇⌉ ≀∇ ⊣⌊∫⊔∇⊣⌋⊔⟩≀\ ⇐⊖⊔⟨⌉ ∫⌋≀∇⌉ ⟩∫ ∈ ⊔≀ ∞ ⟩\ ≀⊓∇ {⊣⊑≀∇⪰⇒⇔ ⊣ √∫†⌋⟨≀↕≀}⟩⌋⊣↕ {⌉⊣⊔⊓∇⌉ ⇐∫⌋≀∇⌉ ⊣∫ ⊣ ‖⟩\⌈ ≀{ ⌉⊑⊣↕⊓⊣⊔⟩≀\ ≀∇ ⊣∫∫⌉∫∫⇕⌉\⊔∅ ⊣↕∫≀ ⊖{⊣⌋⊔∫ ⊣⌊≀⊓⊔ ⊔⟨⌉ ⊣⌋⊔⊓⊣↕ ∫⟩⊔⊓⊣⊔⟩≀\⇔⪰ ⊣∫ ⟩\ ⊖H⌉ ⌈⟩⌈\≃⊔ ‖\≀⊒ ⊔⟨⌉ ∫⌋≀∇⌉⪰⇒⇔ ⊣\⌈ ⊣\ ⊣⌋⊔ ≀∇ ⊣⌋⌋≀⇕√↕⟩∫⟨⇕⌉\⊔ ⇐⊖H⌉ ⊔⊓∇\∫⇔ ∫⟨≀≀⊔∫↙↙↙∫⌋≀∇⌉→⪰⇒↙ D⌉∫√⟩⊔⌉ ⊣↕↕ ⊔⟨≀∫⌉ ∫⌉\∫⌉∫⇔ ⊔⟨⌉ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ √∇≀⊘↕⌉ ≀{ ⊔⟨⌉ √∇⌉⌈⟩⌋⊣⊔⟩≀\ ⇕⌉⇕≀∇⟩‡⌉ ∫⌋≀∇⌉ ⌋↕⌉⊣∇↕† {⊣⊑≀∇∫ ⊔⟨⌉ ⟩\⊔⌉\⌈⌉⌈ ⟩\⊔⌉∇√∇⌉⊔⊣⊔⟩≀\¬ ⇐∀∈⇒ V⊣↕⊓⌉ C↕⊣∫∫ ⌋≀\⊔⊣⟩\⟩\} ∫⌋≀∇⌉ ∞↙∈∃ ⟨⇕⊓∫⟩⌋⊣↕ ⌋≀⇕√≀∫⟩⊔⟩≀\⟩ ∞↙′△ ⟨⌋∇⌉⊣⊔⟩≀\⟩ ′↙∀∃ ⟨⇕⊓∫⟩⌋⟩ ′↙∞ ⟨⊣∇⊔⟩ ↙ ↙ ↙ ↙ ↖′↙∞∋ ⟨⇕⌉⊣∫⊓∇⌉⟩ ↖′↙∞▽ ⟨⊣⌊∫⊔∇⊣⌋⊔⟩≀\⟩ ↖′↙∞▽ ⟨√∫†⌋⟨≀↕≀}⟩⌋⊣↕ {⌉⊣⊔⊓∇⌉⟩ ↖′↙∞ ⟨}∇≀⊓√⟩ ↖′↙∞∃ ⟨⊣⌋⊔⟩ ↖′↙△ ⟨⌉\⊔⟩⊔†⟩ ∈△C↕⌉⊣∇↕† ⊔⟨⌉ ⌈⌉⊔⌉∇⇕⟩\⌉∇ ⊣↕∫≀ √↕⊣†∫ ⊣\ ⟩⇕√≀∇⊔⊣\⊔ ∇≀↕⌉ ⟩\ ⌈⟩∫⊣⇕⌊⟩}⊓⊣⊔⟩≀\� ⊖⟨⟩⊔ ⊔⟨⌉ ⌊⊣∫⌉⌊⊣↕↕⪰ ⊑∫↙ ⊖√↕⊣† ∫≀⇕⌉ ⌊⊣∫⌉⌊⊣↕↕⪰ � ⌊⊓⊔ ⊔⟨⌉ ⇕⊣⟩\ √≀⟩\⊔ ∇⌉}⊣∇⌈⟩\} ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫ ∫⊔⊣\⌈∫ ∇⌉}⊣∇⌈↕⌉∫∫ ≀{ ⊒⟨⌉⊔⟨⌉∇ ⊣⌈⌈⟩⊔⟩≀\⊣↕ ⌉⊑⟩⌈⌉\⌋⌉ {≀∇ ∇⌉∫≀↕⊑⟩\} ⊔⟨⌉ ⊣⇕⌊⟩}⊓⟩⊔† ⟩∫ ⊣↕∫≀ ⊣⊑⊣⟩↕⊣⌊↕⌉↙

I\ ⌋≀\⊔∇⊣∫⊔⇔ ⊒⟨⌉\ ∫⌋≀∇⌉ ⊣√√⌉⊣∇∫ ⊣∫ ⊔⟨⌉ ∫⊓⌊|⌉⌋⊔ ≀{ ↕⟩⌉ ⟩\ ⇐∀∞⌊⇒⇔ ⊔⟨⌉ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫ {⊣⊑≀∇ ⊒⟨⊣⊔ ⊒≀⊓↕⌈ ⊣√√⌉⊣∇ ⊔≀ ⌊⌉ ⌉\⊔⟩∇⌉↕† ⌉§⊔∇⊣\⌉≀⊓∫ ∫⌉\∫⌉∫ ≀{ ⊔⟨⌉ ⊒≀∇⌈↙ ⇐∀∋⇒ V⊣↕⊓⌉ C↕⊣∫∫ ⌋≀\⊔⊣⟩\⟩\} ∫⌋≀∇⌉ ′↙ ̸⟨√∫†⌋⟨≀↕≀}⟩⌋⊣↕ {⌉⊣⊔⊓∇⌉⟩ ′↙▽̸ ⟨⊣⌊∫⊔∇⊣⌋⊔⟩≀\⟩ ↙ ↙ ↙ ↙ ′↙∞△ ⟨≀⌊|⌉⌋⊔⟩ ′↙′ ⟨⇕⊓∫⟩⌋⟩ ′↙′ ⟨⇕⊓∫⟩⌋⊣↕ ⌋≀⇕√≀∫⟩⊔⟩≀\⟩ ↙ ↙ ↙ ↙ L≀≀‖⟩\} ⊣⊔ ⊔⟨⌉ ∫⊣⇕√↕⌉ ≀{ ⊑⌉∇⌊↖≀⌊|⌉⌋⊔ ⌋≀↖≀⌋⌋⊓∇∇⌉\⌋⌉∫ {∇≀⇕ ⊒⟨⟩⌋⟨ ⊔⟨⌉ ⇕≀⌈⌉↕ ⊒⊣∫ ⌋≀\∫⊔∇⊓⌋⊔⌉⌈⇔ ⊔⟨⟩∫ ⟩∫ ⌉⊣∫⟩↕† ⌉§√↕⊣⟩\⌉⌈↙ L⟩⌉⇔ ⊒⟨⌉\ ⊓∫⌉⌈ ⟩\ ∫⊓⌊|⌉⌋⊔ √≀∫⟩⊔⟩≀\⇔ ⊑⌉∇† ≀{⊔⌉\ ⌋≀\⌋⌉∇\∫ {⌉⊣⊔⊓∇⌉∫ ≀{ ⇕⌉\⊔⊣↕ ↕⟩{⌉ ⇐∀△⇒ ⊣\⌈ ⊣⌊∫⊔∇⊣⌋⊔ ⌋≀\⌋⌉√⊔∫ ⇐∀▽⇒¬ ⇐∀△⇒ ⊣↙ T⟨⌉ ≀\↕† ⟨≀√⌉ {≀∇ W⌉∫⊔ B⌉∇↕⟩\ ↕⟩⌉∫ ⟩\ ⊣ ⌋≀⇕√∇≀⇕⟩∫⌉ ⊒⟨⟩⌋⟨ ⊒⟩↕↕ ⌊∇⟩\} ⌈≀⊒\ ⊔⟨⌉ ⊒⊣↕↕ ⊣\⌈ ∇⌉⊓\⟩⊔⌉ ⊔⟨⌉ ⌋⟩⊔†↙ ⌊↙ T⟨⌉ ⊣∇⊔⟩∫⊔⟩⌋ ⟩\⊔⌉∇⌉∫⊔⇔ ⊔⟨⌉\⇔ ↕⟩⌉∫ ⟩\ ⊒⟨⊣⊔ ⊔⟨⌉ ⌉\⌋≀⊓\⊔⌉∇ ⇕⊣† ⌊⌉ ⇕⊣⌈⌉ ⊔≀ ∇⌉√∇⌉∫⌉\⊔↙↙↙ ⌋↙ R⌉}⊣∇⌈↕⌉∫∫ ≀{ ⊒⟨⌉∇⌉ √⌉∇∫≀\⊣↕ ∫†⇕√⊣⊔⟨⟩⌉∫ ⇕⊣† ↕⟩⌉ ⊣∫ ⌊⌉⊔⊒⌉⌉\ ⊔⟨⌉ √⊣∇⊔⟩⌉∫⇔ {⊣⟩↕⊓∇⌉ ⊔≀ ∇⌉⌋≀}\⟩‡⌉ ⊔⟨⌉∫⌉ ⌋⟨⊣\}⌉⌈ ⌋≀\⌈⟩⊔⟩≀\∫ ⊒≀⊓↕⌈ ⌊⌉ ⊔≀ ⟩}\≀∇⌉ ⊔⟨⌉ {⊣⌋⊔∫ ≀{ ↕⟩{⌉↙ ⇐∀▽⇒ ⊣↙ T⟨⌉ ⌈⊣\}⌉∇ ↕⊣† ⟩\ ⊔⟨⌉ A⇕⌉∇⟩⌋⊣\ ⌈⌉↕⊓∫⟩≀\ ⊔⟨⊣⊔ \⊓⌋↕⌉⊣∇ ⌈⌉⊔⌉∇∇⌉\⌋⌉ ⊒⊣∫ ⌉\≀⊓}⟨↙ ⌊↙ T⟨⌉ ⌋⌉⇕⌉⊔⌉∇† ∫↕⊓⇕⌊⌉∇⌉⌈ |⊓∫⊔ ⌊⌉⟨⟩\⌈ ⟩⊔⇔ ⊣\⌈ ⊔⟨⌉ ⊒⊣† ↕⊣† ⊔⟨∇≀⊓}⟨ ⊔⟨⌉ ⊑⟩↕↕⊣}⌉ ⊣\⌈ ⌋↕≀∫⌉ ⊔≀ ⊔⟨⌉ ∫⌉⊣↙ ⌋↙ A↕⊔⟨≀⊓}⟨ ⟨⌉ ∫⊔⟩↕↕ ⌈⟩⌈\≃⊔ ∫√⌉⊣‖ ⊔≀ ⊣\†≀\⌉⇔ ⟨⌉ }∇⌉⊒ {≀\⌈ ≀{ ∫⊣†⟩\}⇔ ⊖ T⟨⌉ {⊓⊔⊓∇⌉ ↕⟩⌉∫ ⟩\ A∫⟩⊣⇔⪰ ⊒⟨⌉\ ⊔⟨⌉ ≀√√≀∇⊔⊓\⟩⊔† ⊣∇≀∫⌉↙↙↙ T⟨⌉ ∫⟩⊔⊓⊣⊔⟩≀\ ⟩∫ {⊓∇⊔⟨⌉∇ ⌋≀⇕√↕⟩⌋⊣⊔⌉⌈ ⌊† ⊔⟨⌉ ⊖⊔⌉↕↕ ⊣ {⊣↕∫⌉⟨≀≀⌈⪰ ∫⌉\∫⌉ ≀{ ↕⟩⌉⇔ ⊣\⌈ ⊔⟨⌉ {⊣⌋⊔ ⊔⟨⊣⊔ √⌉≀√↕⌉ ⌋⊣\ ⊣√√⌉⊣∇ ⊣∫ ⊔⟨⌉ ∫⊓⌊|⌉⌋⊔ {≀∇ ⌉⟩⊔⟨⌉∇ ∫⌉\∫⌉↙ A↕↕ ⊔⟨⟩\}∫ ⌋≀\∫⟩⌈⌉∇⌉⌈⇔ ⟩⊔ ⟩∫ ∫⊔⟩↕↕ ⊒≀∇⊔⟨ \≀⊔⟩\} ⊔⟨⊣⊔ ⊔⟨⌉ ∫⌉\∫⌉ ≀{ ∫⌋≀∇⌉ ⊣∫ ⊣ √⟨†∫⟩⌋⊣↕ ≀⌊|⌉⌋⊔ ⌈≀⌉∫ \≀\⌉⊔⟨⌉↕⌉∫∫ ⊒⟩\ ≀⊓⊔ ≀⊑⌉∇ ⟩⊔∫ ∫⌉\∫⌉ ⊣∫ ⊣ ⇕⊓∫⟩⌋⊣↕ ⌋≀⇕√≀∫⟩⊔⟩≀\ ⟩\ ⇐∀∋⇒↙ I\ ⊣⌈⌈⟩⊔⟩≀\⇔ ⊔⟨⌉ ∫⊔≀∇† ⌋⟨⊣\}⌉∫ ⌋≀\∫⟩⌈⌉∇⊣⌊↕† ⟩{ ∫⌋≀∇⌉ ⟩∫ ⊔⊣‖⌉\ ⊔≀ ⌊⌉ ⊔⟨⌉ ≀⌊|⌉⌋⊔ ≀{ ⌉⟩⊔⟨⌉∇ ↕⟩⌉ ≀∇ ↕⊣† ⇐⟩\ ∫≀⇕⌉ ⌈⟩⊣↕⌉⌋⊔∫ ⊔⟨⌉ {≀∇⇕⌉∇ ⌋⊣\ ⌊⌉ ⊓∫⌉⌈ ⊔∇⊣\∫⟩⊔⟩⊑⌉↕† ⊔≀ ⇕⌉⊣\ ⊔⟨⌉ ↕⊣⊔⊔⌉∇⇒¬ ⇐∀⇏ P∇⌉⌈⟩⌋⊣⊔⌉ A∇}⊓⇕⌉\⊔ M⊣§⟩⇕⊓⇕ C↕⊣∫∫ ↕⟩⌉ ∫⌋≀∇⌉ △↙′ ̸⟨≀⌊|⌉⌋⊔⟩ ↕⊣† ∫⌋≀∇⌉ ∈↙∀ ⟨≀⌊|⌉⌋⊔⟩ I{ J≀⟨\ ⊒⌉∇⌉ ⊔≀ ⟨⊣⊑⌉ ↕⊣⟩⌈ ⊔⟨⌉ ∫⌋≀∇⌉ ≀{ ⊔⟨⌉ N⟩\⊔⟨ S†⇕√⟨≀\† ≀\ ⊔⟨⌉ √⟩⊣\≀⇔ ⇕† ⌉§⊣⇕√↕⌉ ⊒≀⊓↕⌈ ⟨⊣⊑⌉ ⌊⌉⌉\ ⇕⊓⌋⟨ ⌋↕⌉⊣\⌉∇⇔ ⌊⊓⊔ ≀⊑⌉∇⊣↕↕ I ⌊⌉↕⟩⌉⊑⌉ ⊔⟨⌉ √∇⌉⌋⌉⌈⟩\} ⌈⟩∫⌋⊓∫∫⟩≀\ ∫⊓√√≀∇⊔∫ ⊔⟨⌉ √≀⟩\⊔ ≀{ ⊑⟩⌉⊒ {≀∇ ⊒⟨⟩⌋⟨ I ⟨⊣⊑⌉ ⌊⌉⌉\ ⊣∇}⊓⟩\}↙ T≀ ⊔⊣‖⌉ ⊣ ⊘\⊣↕ ⌉§⊣⇕√↕⌉⇔ ∇⌉⌋⊣↕↕ D∇⊣\}⌉≃∫ ⇐∞∄⇒ ∫⌉∇⟩⌉∫ ≀{ ⌉§⊣⇕√↕⌉∫⇔ ⊒⟨⟩⌋⟨ ∫⌉⌉⇕ ⊔≀ ∫⊓}}⌉∫⊔ ⊣ }∇⊣⌈⌉⌈ ∇⊣⊔⟨⌉∇ ⊔⟨⊣\ ⌋⊣⊔⌉}≀∇⟩⌋⊣↕ ⌈⟩∫⊔⟩\⌋⊔⟩≀\ ⌊⌉⊔⊒⌉⌉\ ⌉⇕√⟩∇⟩⌋⊣↕ {⊣↕∫⌉⟨≀≀⌈∫ ⊣\⌈ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⊑⟩≀↕⊣⊔⟩≀\∫↙

∀̸ ⇐∀⇒ ⊣↙ E\}↕⟩∫⟨⇕⌉\ ↕⟩‖⌉ ⌋≀{{⌉⌉ ⌊⌉⊔⊔⌉∇ ⊔⟨⊣\ ⊔⌉⊣↙ ⌊↙ S∐⊓⟩∇∇⌉↕∫ ↕⟩‖⌉ ⌋≀{{⌉⌉ ⌊⌉⊔⊔⌉∇ ⊔⟨⊣\ ⊔⌉⊣↙ ⌋↙ P∇≀⊔≀‡≀⊣ ↕⟩‖⌉ ⌋≀{{⌉⌉ ⌊⌉⊔⊔⌉∇ ⊔⟨⊣\ ⊔⌉⊣↙ ⌈↙ B⊣⌋⊔⌉∇⟩⊣ ↕⟩‖⌉ ⌋≀{{⌉⌉ ⌊⌉⊔⊔⌉∇ ⊔⟨⊣\ ⊔⌉⊣↙ ⌉↙ M⟩↕‖⊒⌉⌉⌈ √↕⊣\⊔∫ ↕⟩‖⌉ ⌋≀{{⌉⌉ ⌊⌉⊔⊔⌉∇ ⊔⟨⊣\ ⊔⌉⊣↙ {↙ S⊔≀\⌉∫ ↕⟩‖⌉ ⌋≀{{⌉⌉ ⌊⌉⊔⊔⌉∇ ⊔⟨⊣\ ⊔⌉⊣↙ }↙ E↕⌉⌋⊔∇≀\∫ ↕⟩‖⌉ ⌋≀{{⌉⌉ ⌊⌉⊔⊔⌉∇ ⊔⟨⊣\ ⊔⌉⊣↙ ⟨↙ Q⊓⊣⌈∇⊣⊔⟩⌋ ⌉∐⊓⊣⊔⟩≀\∫ ↕⟩‖⌉ ⌋≀{{⌉⌉ ⌊⌉⊔⊔⌉∇ ⊔⟨⊣\ ⊔⌉⊣↙ ⇐I ∇⌉⌋≀⇕⇕⌉\⌈ ⊔⟨⊣⊔ ⌊⌉{≀∇⌉ ⌋≀\⊔⟩\⊓⟩\}⇔ ⊔⟨⌉ ∇⌉⊣⌈⌉∇ ⌈⌉⌋⟩⌈⌉ {≀∇ ⟨⟩⇕∫⌉↕{ ≀∇ ⟨⌉∇∫⌉↕{ ⊔⟨⌉ ⊣\∫⊒⌉∇ ⊔≀ ⊔⟨⌉ {≀↕↕≀⊒⟩\} ∐⊓⌉∫⊔⟩≀\¬ ⟩{ †≀⊓ ⊒⌉∇⌉ ⊣∫‖⌉⌈ ⊔≀ ⌈⟩⊑⟩⌈⌉ ⊔⟨⌉∫⌉ ⌉⟩}⟨⊔ ∫⌉\⊔⌉\⌋⌉∫ ⟩\⊔≀ }∇≀⊓√∫ ⌊† ⌈∇⊣⊒⟩\} ⟨≀∇⟩‡≀\⊔⊣↕ ↕⟩\⌉∫ ⊒⟨⌉∇⌉⊑⌉∇ †≀⊓ ⊒⊣\⊔⌉⌈ ⊔≀⇔ ⊒⟨⌉∇⌉ ⊒≀⊓↕⌈ †≀⊓ ⌈∇⊣⊒ ⊔⟨⌉ ↕⟩\⌉∫⊥⇒

T⟨⌉ ∇⌉∫⊓↕⊔∫ ⟩\ ⊔⟨⌉ ⊑⌉∇⌊↖≀⌊|⌉⌋⊔ ⇕≀⌈⌉↕ ⊣∇⌉ ⊣∫ {≀↕↕≀⊒∫¬ ⇐∀∀⇒ P∇⌉⌈⟩⌋⊣⊔⌉ A∇}⊓⇕⌉\⊔ M⊣§⟩⇕⊓⇕ C↕⊣∫∫ ↕⟩‖⌉ E\}↕⟩∫⟨⇕⊣\ ▽↙∋▽ ⟨√⌉∇∫≀\⟩ ↕⟩‖⌉ ∫∐⊓⟩∇∇⌉↕ ▽↙∞ ̸⟨↕⟩{⌉ {≀∇⇕⟩ ↕⟩‖⌉ √∇≀⊔≀‡≀⊣ ▽↙∞ ̸⟨↕⟩{⌉ {≀∇⇕⟩ ↕⟩‖⌉ ⌊⊣⌋⊔⌉∇⟩⊣ ▽↙∞ ̸⟨↕⟩{⌉ {≀∇⇕⟩ ↕⟩‖⌉ ⇕⟩↕‖⊒⌉⌉⌈ ▽↙∞ ̸⟨↕⟩{⌉ {≀∇⇕⟩ ↕⟩‖⌉ ∫⊔≀\⌉ ∋↙∈ ̸⟨⌉\⊔⟩⊔†⟩ ↕⟩‖⌉ ⌉↕⌉⌋⊔∇≀\ ∋↙∈ ̸⟨⌉\⊔⟩⊔†⟩ ↕⟩‖⌉ ⌉∐⊓⊣⊔⟩≀\ ↖′↙∋′ ⟨⌋≀⇕⇕⊓\⟩⌋⊣⊔⟩≀\⟩ L≀≀‖⟩\} ⊣⊔ ∫√⌉⌋⟩⊘⌋ \⊓⇕⌊⌉∇∫⇔ I ⊣⇕ ∫⊓∇√∇⟩∫⌉⌈ ⌊† ⊔⟨⌉ ∫⊔∇⌉\}⊔⟨ ≀{ ⊣∫∫≀⌋⟩⊣⊔⟩≀\ ⌊⌉⊔⊒⌉⌉\ ↕⟩‖⌉ ⊣\⌈ ⟨⌉\⊔⟩⊔†⟩ ⊣∫ ⟩⊔∫ ∫⊓⌊|⌉⌋⊔∅ ⊣⊔ √∇⌉∫⌉\⊔ I ⟨⊣⊑⌉ \≀ ⌉§√↕⊣\⊣⊔⟩≀\ {≀∇ ⊔⟨⟩∫↙ O\ ⊔⟨⌉ ≀⊔⟨⌉∇ ⟨⊣\⌈⇔ ↕≀≀‖⟩\} ≀\↕† ⊣⊔ ⊔⟨⌉ }∇≀⊓√⟩\}∫⇔ ⊔⟨⌉ √∇≀}∇⌉∫∫⟩≀\ {∇≀⇕ √⌉≀√↕⌉ ⊔≀ ↕⟩{⌉ {≀∇⇕∫ ⊔≀ ⌉\⊔⟩⊔⟩⌉∫ ⊔≀ ⇕≀∇⌉ ⊣⌊∫⊔∇⊣⌋⊔ ⌋≀\⌋⌉√⊔∫ ∫⊔∇⟩‖⌉∫ ⇕⌉ ⊣∫ ⌉\⊔⟩∇⌉↕† ∇⌉⊣∫≀\⊣⌊↕⌉⇔ ⊔⟨≀⊓}⟨ }⟩⊑⌉\ ⊔⟨⌉ ⌋⟨≀⟩⌋⌉ I ⇕⟩}⟨⊔ ⊔⊣‖⌉ ⊣ ⇕≀∇⌉ ⊣\⊔⟨∇≀√≀⇕≀∇√⟨⟩⌋ ⊑⟩⌉⊒ ≀{ ∫∐⊓⟩∇∇⌉↕∫ ⊣\⌈ ⊣ ↕⌉∫∫ ⊣\⊔⟨∇≀√≀⇕≀∇√⟨⟩⌋ ⊑⟩⌉⊒ ≀{ ⇕⟩↕‖⊒⌉⌉⌈ √↕⊣\⊔∫↙ I⊔ ∫⌉⌉⇕∫ ⊔≀ ⇕⌉ ⊔⟨⊣⊔ ⇐∀∀⇒ ⟩∫ ⊣ ⊔⟨≀∇≀⊓}⟨ ⟩↕↕⊓∫⊔∇⊣⊔⟩≀\ ≀{ ⊒⟨⊣⊔ I ⟨⊣⊑⌉ ⌊⌉⌉\ ⌈∇⟩⊑⟩\} ⊣⊔¬ ⊣ ⌈⌉⊘\⟩⊔⟩≀\⊣↕ ⇕≀⌈⌉↕ ≀{ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫ ⌋≀⊓↕⌈ ⌈∇⊣⊒ ≀\↕† ⊣ ∫⟩\}↕⌉ ⌈⟩∫⊔⟩\⌋⊔⟩≀\ ⟩\ ⊔⟨⌉ ⊣⌊≀⊑⌉ ⊔⊣⌊↕⌉⇔ ⌋≀\⊔∇⊣∇† ⊔≀ ⇕† ⟩\⊔⊓⟩⊔⟩≀\ ⇐⊣\⌈⇔ I ⟨≀√⌉⇔ ⊔⟨⌉ ∇⌉⊣⌈⌉∇≃∫ ⊣∫ ⊒⌉↕↕⇒∅ {⊓∇⊔⟨⌉∇⇕≀∇⌉⇔ ⊔≀ ⇕† ‖\≀⊒↕⌉⌈}⌉ \≀ ⟩\{⌉∇⌉\⊔⟩⊣↕ ⇕≀⌈⌉↕ ⌋⊣√⊣⌊↕⌉ ≀{ ⇕⊣‖⟩\} ⊣\† ⇕≀∇⌉ ⌈⟩∫⊔⟩\⌋⊔⟩≀\∫ ⊔⟨⊣\ ⊔⟨⊣⊔ ⟨⊣∫ ⌊⌉⌉\ ⊒≀∇‖⌉⌈ ≀⊓⊔ ⟩\ ⊔⟨⌉ \⌉⌋⌉∫∫⊣∇† ⌈⌉⊔⊣⟩↕↙ ∋↙↙∋ A∇}⊓⇕⌉\⊔ √↕⊣⊓∫⟩⌊⟩↕⟩⊔† A\≀⊔⟨⌉∇ ⌉⇕√⟩∇⟩⌋⊣↕ ⊔⌉∫⊔ {≀∇ ⊔⟨⌉ ⟩\{≀∇⇕⊣⊔⟩≀\↖⊔⟨⌉≀∇⌉⊔⟩⌋ ⇕≀⌈⌉↕ ≀{ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫ ⊣∇⟩∫⌉∫ ⟩\ ⊔⟨⌉ ⌋≀\⊔⌉§⊔ ≀{ ∇⌉∫⌉⊣∇⌋⟨ ⟩\⊔≀ ≀\↖↕⟩\⌉ √∇≀⌋⌉∫∫⌉∫ ⌈⊓∇⟩\} ∫⌉\⊔⌉\⌋⌉ ⌋≀⇕√∇⌉⟨⌉\∫⟩≀\↙ A }∇⌉⊣⊔ ⌈⌉⊣↕ ≀{ ∇⌉⌋⌉\⊔ ⊒≀∇‖ ∫⊓}}⌉∫⊔∫ ⊔⟨⊣⊔ ⊔⟨⌉ √↕⊣⊓∫⟩⌊⟩↕⟩⊔† ≀{ ⊣∇}⊓⇕⌉\⊔∫ √↕⊣†∫ ⊣ ∇≀↕⌉ ⟩\ ↕≀⌋⊣↕ ∫†\⊔⊣⌋⊔⟩⌋ ⌈⟩∫⊣⇕⌊⟩}⊓⊣⊔⟩≀\ ⌈⌉⌋⟩∫⟩≀\∫¬ ∫⊓⇕⇕⊣∇⟩‡⟩\} ⊣ ∇⌉⊑⟩⌉⊒ ≀{ ∇⌉↕⌉⊑⊣\⊔ √∫†⌋⟨≀↕⟩\}⊓⟩∫⊔⟩⌋ ∫⊔⊓⌈⟩⌉∫⇔ F⌉∇∫⊔↕ ⇐∞∃∃∋⇔ √↙ ∋∞⇒ ⌋≀\⌋↕⊓⌈⌉∫ ⊔⟨⊣⊔ ⊖∫⌉↕⌉⌋⊔⟩≀\ ∇⌉∫⊔∇⟩⌋⊔⟩≀\∫ ∫⌉⌉⇕ ⊔≀ ⟨⊣⊑⌉ ⊣\ ⟩⇕⇕⌉⌈⟩⊣⊔⌉ ⌉{{⌉⌋⊔ ⟩\ ∫⌉\⊔⌉\⌋⌉ √∇≀⌋⌉∫∫⟩\}↙⪰ T⟨⌉∫⌉ ⌉{{⌉⌋⊔∫ ⊣∇⌉ ⌈⌉⇕≀\∫⊔∇⊣⊔⌉⌈ ⊓∫⟩\} ∫⊔⟩⇕⊓↕⟩ ↕⟩‖⌉ ⊔⟨⌉ {≀↕↕≀⊒⟩\}⇔ ⊔⊣‖⌉\ {∇≀⇕ ⇐H≀↕⇕⌉∫⇔ S⊔≀⊒⌉⇔ ⊣\⌈ C⊓√√↕⌉∫⇔ ∞∃∀∃⇒¬

∄ ⇐∀∃⇒ ⊣↙ T⟨⌉ ∫⌉⌋∇⌉⊔⊣∇† ∇⌉⊣⌈ ⊔⟨⌉ ⊣∇⊔⟩⌋↕⌉ ⊒⊣∫ ⊣↕∇⌉⊣⌈† ≀⊓⊔ ≀{ ⌈⊣⊔⌉↙ ⌊↙ T⟨⌉ ∫⌉⌋∇⌉⊔⊣∇† ∇⌉⊣⌈ ⊔⟨⌉ {⊣∫⟨⟩≀\ ⊒⊣∫ ⊣↕∇⌉⊣⌈† ≀⊓⊔ ≀{ ⌈⊣⊔⌉↙ ⇐∃′⇒ ⊣↙ T⟨⌉ ∫⌋⟩⌉\⊔⟩∫⊔ ∫⟨≀⊒⌉⌈ ⊔⟨⌉ ∫⊣⇕√↕⌉ ⊒⊣∫ \⌉⌋⌉∫∫⊣∇† {≀∇ ⟨⌉∇ √∇≀|⌉⌋⊔ ⊔≀ ∫⊓⌋⌋⌉⌉⌈↙ ⌊↙ T⟨⌉ ∫⌋⟩⌉\⊔⟩∫⊔ ∫⟨≀⊒⌉⌈ ⊔⟨⌉ ⊔∇⊣⊑⌉↕ ⊒⊣∫ \⌉⌋⌉∫∫⊣∇† {≀∇ ⟨⌉∇ √∇≀|⌉⌋⊔ ⊔≀ ∫⊓⌋⌋⌉⌉⌈↙ ⇐∃∞⇒ ⊣↙ T⟨⌉ ⇕⊣†≀∇ ∇⌉⌋≀}\⟩‡⌉⌈ ⊔⟨⌉ ⊣⊓⊔⟨≀∇ ⊒⊣∫ ⊒≀∇\ ≀⊓⊔↙ ⌊↙ T⟨⌉ ⇕⊣†≀∇ ∇⌉⌋≀}\⟩‡⌉⌈ ⊔⟨⌉ √≀⌋‖⌉⊔ ⊒⊣∫ ⊒≀∇\ ≀⊓⊔↙ H≀↕⇕⌉∫ ⌉⊔ ⊣↕↙ ⌈⌉∫⌋∇⟩⌊⌉ ⊔⟨⌉ ⌈⟩∫⊔⟩\⌋⊔⟩≀\∫ ⟩\ ⊔⌉∇⇕∫ ≀{ ⇐⊣⇒ ⊖√↕⊣⊓∫⟩⌊↕⌉⪰ ⊑⌉∇∫⊓∫ ⇐⌊⇒ ⊖⟩⇕√↕⊣⊓∫⟩⌊↕⌉⪰ ≀⌊|⌉⌋⊔∫⇔ ⊣\⌈ ⟩\ }⌉\⌉∇⊣↕ √∫†⌋⟨≀↕⟩\}⊓⟩∫⊔⟩⌋ ∇⌉∫⌉⊣∇⌋⟨⌉∇∫ ∫⌉⌉⇕ ⊔≀ ⌋≀⇕⇕⟩⊔ ≀\↕† ⊔≀ ⊣ \≀⊔⟩≀\ ⊔⟨⊣⊔ ⇕⟩}⟨⊔ ⌊⌉ ⌋⊣↕↕⌉⌈ ⊖√∇⊣}⇕⊣⊔⟩⌋ √↕⊣⊓∫⟩⌊⟩↕⟩⊔†⇔⪰ ⊖⊣∇}⊓⇕⌉\⊔ ⊔†√⟩⌋⊣↕⟩⊔†⇔⪰ ≀∇ ⊖↕≀⌋⊣↕ ∫⌉⇕⊣\⊔⟩⌋ ⊘⊔⇔⪰ ∇⊣⊔⟨⌉∇ ⊔⟨⊣\ ∫⌉↕⌉⌋⊔⟩≀\ ∇⌉∫⊔∇⟩⌋⊔⟩≀\∫ ⊣∫ ⊔∇⊣⌈⟩⊔⟩≀\⊣↕↕† ⌋≀\∫⊔∇⊓⌉⌈ ⌊† ↕⟩\}⊓⟩∫⊔∫ ⇐∫⌉⌉⇔ ⌉↙}↙⇔ ⇐B≀↕⊣\⌈ ⌉⊔ ⊣↕↙⇔ ∞∃∀∃∅ T⊣\⌉\⟨⊣⊓∫⇔ G⊣∇\∫⌉†⇔ ⊣\⌈ B≀↕⊣\⌈⇔ ∞∃∃∞∅ P⌉⊣∇↕⇕⊓⊔⊔⌉∇ ⊣\⌈ M⊣⌋D≀\⊣↕⌈⇔ ∞∃∃∋∅ M⊣⌋D≀\⊣↕⌈⇔ ⟩\ √∇⌉∫∫∅ M⊣⌋D≀\⊣↕⌈⇔ ⟩\ ∇⌉⊑⟩∫⟩≀\∅ T⊣⌊≀∫∫⟩ ⌉⊔ ⊣↕↙⇔ ⟩\ √∇⌉∫∫⇒⇒↙ I\ }⌉\⌉∇⊣↕⇔ ⊔⟨⌉ √∫†⌋⟨≀↕⟩\}⊓⟩∫⊔∫ ⌈⌉⊔⌉∇⇕⟩\⌉ ⊔⟨⌉ √↕⊣⊓∫⟩⌊⟩↕⟩⊔† ≀∇ ⊔†√⟩⌋⊣↕⟩⊔† ≀{ ⊑⌉∇⌊↖⊣∇}⊓⇕⌉\⊔ ⌋≀⇕⌊⟩\⊣⊔⟩≀\∫ ⌊† √∇⌉↖⊔⌉∫⊔⟩\}↙ F≀∇ ⌉§⊣⇕√↕⌉⇔ H≀↕⇕⌉∫ ⌉⊔ ⊣↕↙ ⊣∫‖⌉⌈ ∫⊓⌊|⌉⌋⊔∫ ⊔≀ ∇⊣⊔⌉ ∫⌉\⊔⌉\⌋⌉∫ ↕⟩‖⌉ ⇐∃∈⇒ ⊣↙ T⟨⌉ ⊔⌉\⊣\⊔ ∇⌉⇕⌉⇕⌊⌉∇⌉⌈ ⊔⟨⌉ ∇⌉√↕†↙ ⌊↙ T⟨⌉ ⊔⌉\⊣\⊔ ∇⌉⇕⌉⇕⌊⌉∇⌉⌈ ⊔⟨⌉ ∫⇕≀‖⌉↙ ≀\ ⊣ ∞↖⊔≀↖▽ ∫⌋⊣↕⌉⇔ ⊣\⌈ T⊣⌊≀∫∫⟩ ⌉⊔ ⊣↕↙ ⇐⟩\ √∇⌉∫∫⇒ ⌉⊑⊣↕⊓⊣⊔⌉⌈ ⊖⊣}⌉\⊔⟨≀≀⌈⪰ ⊣\⌈ ⊖√⊣⊔⟩⌉\⊔⟨≀≀⌈⪰ ⌊† ⊣∫‖⟩\} ∫⊓⌊|⌉⌋⊔∫ ⊔≀ ⊣\∫⊒⌉∇ ∐⊓⌉∫⊔⟩≀\∫ ↕⟩‖⌉ ⇐∃∋⇒ ⊣↙ H≀⊒ ⌋≀⇕⇕≀\ ⟩∫ ⟩⊔ {≀∇ ⊣ ∇⌉√≀∇⊔⌉∇ ⊔≀ ⟩\⊔⌉∇⊑⟩⌉⊒ ∫≀⇕⌉≀\⌉⊥ ⌊↙ H≀⊒ ⌋≀⇕⇕≀\ ⟩∫ ⟩⊔ {≀∇ ∫≀⇕⌉≀\⌉ ⊔≀ ⟩\⊔⌉∇⊑⟩⌉⊒ ⊣ ∇⌉√≀∇⊔⌉∇⊥ ≀\ ⊣ ∫⌋⊣↕⌉ {∇≀⇕ ∞ ⊔≀ ↙ T⟨⌉∫⌉ ∇⊣⊔⟩\}∫ ⌋⊣\ ⌊⌉ ⊓∫⌉⌈ ∫⟩⇕√↕† ⊔≀ ⌋≀\⊘∇⇕ ⊔⟨⊣⊔ ⊔⟨⌉ ⌈⊣⊔⊣ ⟩\ √↕⊣⊓∫⟩⌊↕⌉↖⊣∇}⊓⇕⌉\⊔ ⊣\⌈ ⟩⇕√↕⊣⊓∫⟩⌊↕⌉↖⊣∇}⊓⇕⌉\⊔ ⌋≀\⌈⟩⊔⟩≀\∫ ⊣∇⌉ ⟩\ {⊣⌋⊔ ⊣⌈⌉∐⊓⊣⊔⌉↕† ⌈⟩∫⊔⟩\}⊓⟩∫⟨⌉⌈⇔ ≀∇ ⊔⟨⌉† ⌋⊣\ ⌊⌉ ⊓∫⌉⌈ ⊣∫ √∇⌉⌈⟩⌋⊔≀∇∫ ≀{ ∫≀⇕⌉ ⊣∫√⌉⌋⊔ ≀{ ≀\↖↕⟩\⌉ √∇≀⌋⌉∫∫⟩\}⇔ ∫⊓⌋⟨ ⊣∫ ∇⌉⊣⌈⟩\} ⊔⟩⇕⌉ ⟩\ ⊣ ∫⌉↕{↖√⊣⌋⌉⌈ ∇⌉⊣⌈⟩\} ⊔⊣∫‖↙ P∫†⌋⟨≀↕⟩\}⊓⟩∫⊔⟩⌋ ∫⊔⊓⌈⟩⌉∫ ≀{ ⊔⟨⟩∫ ‖⟩\⌈ ⊣∇⌉ ⌋↕⌉⊣∇↕† ∇⌉↕⌉⊑⊣\⊔ ⊔≀ ⊔⟨⌉ ⇕≀⌈⌉↕ ≀{ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫ I ⟨⊣⊑⌉ √∇≀√≀∫⌉⌈↙ T≀ ⊔⟨⌉ ⌉§⊔⌉\⊔ ⊔⟨⊣⊔ √↕⊣⊓∫⟩⌊⟩↕⟩⊔† ≀∇ ⊔†√⟩⌋⊣↕⟩⊔† ∇⊣⊔⟩\}∫ ∇⌉⊙⌉⌋⊔ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫ ∇⊣⊔⟨⌉∇ ⊔⟨⊣\ ≀\↖↕⟩\⌉ ⟩\{⌉∇⌉\⊔⟩⊣↕ √∇≀⌋⌉∫∫⌉∫ � ⊣\⌈ I ⊔⟨⟩\‖ ⊔⟨⟩∫ ⇕⊣† ⌊⌉ ⊔≀ ⊣ }∇⌉⊣⊔ ⌉§⊔⌉\⊔ � |⊓⌈}⌉⇕⌉\⊔∫ ⇕⊣⌈⌉ ⌊† ⟨⊓⇕⊣\ ∫⊓⌊|⌉⌋⊔∫ ∇⌉√∇⌉∫⌉\⊔ ⌉⇕√⟩∇⟩⌋⊣↕ ⌈⊣⊔⊣ ⊣}⊣⟩\∫⊔ ⊒⟨⟩⌋⟨ ⊔⟨⌉ ⇕≀⌈⌉↕ ⌋⊣\ ⌊⌉ ⌉⊑⊣↕⊓⊣⊔⌉⌈↙ F⊓∇⊔⟨⌉∇⇕≀∇⌉⇔ ⊔≀ ⊔⟨⌉ ⌉§⊔⌉\⊔ ⊔⟨⊣⊔ ⊔⟨⟩∫ ⇕≀⌈⌉↕ ⊣⌋⌋⊓∇⊣⊔⌉↕† ∇⌉⊙⌉⌋⊔∫ ∫≀⇕⌉ ⊣∫√⌉⌋⊔ ≀{ ⟨⊓⇕⊣\ √⌉∇{≀∇⇕⊣\⌋⌉⇔ ⟩⊔ √∇≀⊑⟩⌈⌉∫ ⊣\ ⟩⇕√≀∇⊔⊣\⊔ ⇐⊣\⌈⇔ I ⊔⟨⟩\‖⇔ √∇⌉⊑⟩≀⊓∫↕† ⊓\⊣⊑⊣⟩↕⊣⌊↕⌉⇒ ⇕⌉⊔⟨≀⌈≀↕≀}⟩⌋⊣↕ ⊔≀≀↕⇔ \≀⊔ ≀\↕† {≀∇ ⌉§√⌉∇⟩⇕⌉\⊔⊣↕ ⌈⌉∫⟩}\ ⌊⊓⊔ ⊣↕∫≀ {≀∇ ⊔⟨⌉ ⟩⇕√↕⌉⇕⌉\⊔⊣⊔⟩≀\ ≀{ {⊓↕↕↖ ∫⌋⊣↕⌉ ⌋≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ ⇕≀⌈⌉↕∫ ≀{ ⊔⟨⌉ √∫†⌋⟨≀↕⟩\}⊓⟩∫⊔⟩⌋ ⊔⟨⌉≀∇⟩⌉∫ ⌊⌉⟩\} √∇≀√≀∫⌉⌈ ⊣\⌈ ⌈⌉⌊⊣⊔⌉⌈↙ I\ ⊔⟨⟩∫ ∫⌉⌋⊔⟩≀\ I ⊒⟩↕↕ ⌉§√↕≀∇⌉ ⊔⟨⌉ ⊘∇∫⊔ ≀{ ⊔⟨⌉∫⌉ ⟩∫∫⊓⌉∫⇔ \⊣⇕⌉↕† ⊔⟨⌉ ⌉⊑⊣↕⊓⊣⊔⟩≀\ ≀{ ⊔⟨⌉ ⇕≀⌈⌉↕ ⊣}⊣⟩\∫⊔ ⟨⊓⇕⊣\ ∇⊣⊔⟩\}∫∅ I ⌋≀\∫⟩⌈⌉∇ ⊔⟨⌉ ∫⌉⌋≀\⌈ ⟩\ ⇕≀∇⌉ ⌈⌉⊔⊣⟩↕ ⊔≀⊒⊣∇⌈ ⊔⟨⌉ ⌉\⌈ ≀{ C⟨⊣√⊔⌉∇ △↙ A∫ ⊣ ⊘∇∫⊔ ∫⊔⌉√⇔ I ⟩\⊑⌉∫⊔⟩}⊣⊔⌉⌈ ⊔⟨⌉ ⌊⌉⟨⊣⊑⟩≀∇ ≀{ ⊔⟨⌉ ⟩⇕√↕⌉⇕⌉\⊔⌉⌈ ⇕≀⌈⌉↕ ⊓∫⟩\} ⌈⊣⊔⊣ {∇≀⇕ ⇐H≀↕⇕⌉∫⇔ S⊔≀⊒⌉⇔ ⊣\⌈ C⊓√√↕⌉∫⇔ ∞∃∀∃⇔ A√√⌉\⌈⟩§ ∈⇒ ⌋≀\⌋⌉∇\⟩\} ⊑⌉∇⌊∫ ⊔⟨⊣⊔ ⟨⊣⊑⌉ ⊣ ⌊⟩⊣∫ ⟩\ {⊣⊑≀∇ ≀{ ⊔⊣‖⟩\} NP ⌋≀⇕√↕⌉⇕⌉\⊔∫↙ T⟨⌉∫⌉ ⌋≀\∫⟩∫⊔⌉⌈ ≀{ ∫⟩§⊔⌉⌉\ √⊣⟩∇∫ ≀{ ∫⌉\⊔⌉\⌋⌉∫⇔ ⊔⟨∇⌉⌉ ≀{ ⊒⟨⟩⌋⟨ I ⟨⊣⊑⌉ ∫⟨≀⊒\ ⟩\ ⌉§⊣⇕√↕⌉∫ ⇐∀∃⇒∘⇐∃∞⇒↙ T⟨⌉ ⊑⌉∇⌊↖≀⌊|⌉⌋⊔ ⌋≀⇕⌊⟩\⊣⊔⟩≀\∫ ⊒⌉∇⌉ ⌋≀\∫⊔∇⊓⌋⊔⌉⌈ ⊣⌋⌋≀∇⌈⟩\} ⊔≀ ⊔⟨⌉ ⌉§√⌉∇⟩⇕⌉\⊔⌉∇∫≃ ⟩\⊔⊓⟩⊔⟩≀\∫⇔ ⊣\⌈⇔ ⊣∫ |⊓∫⊔ ⇕⌉\⊔⟩≀\⌉⌈⇔ ∫⌉\⊔⌉\⌋⌉∫ ↕⟩‖⌉ ⇐∃∈⇒ ⊒⌉∇⌉ ⊔⟨⌉\ ∇⊣⊔⌉⌈ {≀∇ √↕⊣⊓∫⟩⌊⟩↕⟩⊔† ≀\ ⊣ ∫⌋⊣↕⌉ ≀{ ∞ ⇐↕≀⊒ √↕⊣⊓∫⟩⌊⟩↕⟩⊔†⇒ ⊔≀ ▽ ⇐⟨⟩}⟨ √↕⊣⊓∫⟩⌊⟩↕⟩⊔†⇒ ⌊† ⟨⊓⇕⊣\ ∫⊓⌊|⌉⌋⊔∫↙ H≀↕⇕⌉∫ ⌉⊔ ⊣↕↙ ∇⌉√≀∇⊔ ⊣ ⇕⌉⊣\ ∇⊣⊔⟩\} ≀{ △↙▽ {≀∇ ⊔⟨⌉ ∫⌉\⊔⌉\⌋⌉∫ ⌋≀\⊔⊣⟩\⟩\} √↕⊣⊓∫⟩⌊↕⌉ ≀⌊|⌉⌋⊔∫⇔ ⊣\⌈ ⊣ ⇕⌉⊣\ ∇⊣⊔⟩\} ≀{ ∈↙∈ {≀∇ ⟩⇕√↕⊣⊓∫⟩⌊↕⌉ ≀⌊|⌉⌋⊔∫↙ I\ T⊣⌊↕⌉ ∋↙∞ I ∫⟨≀⊒ ⊔⟨⌉ ∫⟩§⊔⌉⌉\ ⊑⌉∇⌊↖≀⌊|⌉⌋⊔ ⌋≀⇕⌊⟩\⊣⊔⟩≀\∫⇔ ⊔≀}⌉⊔⟨⌉∇ ⊒⟩⊔⟨ ⊔⟨⌉ ⇕⊣§⟩⇕⊓⇕ ⊑⊣↕⊓⌉ {≀∇ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⊣∫∫≀⌋⟩⊣⊔⟩≀\ ⟩\ ⇕† ⟩⇕√↕⌉⇕⌉\⊔⌉⌈ ⇕≀⌈⌉↕ ⊣\⌈ ⊔⟨⌉ ⌋↕⊣∫∫ ⊔⟨⊣⊔ ⊣⌋⟨⟩⌉⊑⌉⌈ ⊔⟨⊣⊔ ⇕⊣§⟩⇕⊓⇕↙ A∫ I \≀⊔⌉⌈ ⌉⊣∇↕⟩⌉∇⇔ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ }≀≀⌈\⌉∫∫ ≀{ ⊘⊔ ⌊⌉⊔⊒⌉⌉\ ⊣ ⊑⌉∇⌊ ⊣\⌈ ⊣\ ⊣∇}⊓⇕⌉\⊔ ⟩∫ ⟩\ √∇⟩\⌋⟩√↕⌉ ⊣ {⊓\⌋⊔⟩≀\ ≀{ ⊔⟨⌉ ⌉\⊔⟩∇⌉ ∫⌉↕⌉⌋⊔⟩≀\⊣↕

′

P↕⊣⊓∫⟩⌊↕⌉ I⇕√↕⊣⊓∫⟩⌊↕⌉ V⌉∇⌊ O⌊|⌉⌋⊔ M⊣§ C↕⊣∫∫ O⌊|⌉⌋⊔ M⊣§ C↕⊣∫∫ ∫⌉⌉ {∇⟩⌉\⌈ △↙△∈ ⟨⌉\⊔⟩⊔†⟩ ⇕⌉⊔⟨≀⌈ ↖′↙′∈ ⟨⇕⌉⊔⟨≀⌈⟩ ∇⌉⊣⌈ ⊣∇⊔⟩⌋↕⌉ ↙̸∈ ̸⟨⊒∇⟩⊔⊔⌉\ ⌋≀⇕⇕↙⟩ {⊣∫⟨⟩≀\ ↖′↙′′ ⟨{⊣∫⟨⟩≀\⟩ ⊘\⌈ ↕⊣⌊⌉↕ ′↙′ ̸⟨⌋≀⇕⇕⊓\⟩⌋⊣⊔⟩≀\⟩ {⌉⊑⌉∇ ∈↙∋▽ ⟨⌉⊑⟩⌈⌉\⌋⌉⟩ ⟨⌉⊣∇ ∫⊔≀∇† △↙∌ ⟨⌋≀⇕⇕⊓\⟩⌋⊣⊔⟩≀\⟩ ⟩∫∫⊓⌉ △↙∌ ⟨⌋≀⇕⇕⊓\⟩⌋⊣⊔⟩≀\⟩ ⊒∇⟩⊔⌉ ↕⌉⊔⊔⌉∇ ↙∀▽ ⟨⊒∇⟩⊔⟩\}⟩ ⇕⊣∇‖⌉⊔ ′↙∋∞ ⟨⊣∇⊔⟩{⊣⌋⊔⟩ ⊓∇}⌉ ⌈⊣⊓}⟨⊔⌉∇ ∞′↙∋∞ ⟨⊣}⌉\⊔⟩ ⌋≀\⊔∇⊣∫⊔ ′↙∋∞ ⟨∇⌉↕⊣⊔⟩≀\⟩ ⊒⊣∇\ ⌈∇⟩⊑⌉∇ ∞′↙̸ ⟨⊣}⌉\⊔⟩ ⌉\}⟩\⌉ ↙∈▽ ⟨⌉\⊔⟩⊔†⟩ |⊓⌈}⌉ ⌋≀\⊔⌉∫⊔ ∞↙▽∀ ⟨⌋≀\⊔⌉∫⊔⟩ ⌋↕⟩⇕⊣⊔⌉ ′↙∈∈ ⟨∫⊔⊣⊔⌉⟩ ⊔⌉⊣⌋⟨ ↕⊣\}⊓⊣}⌉ ∞↙∃ ̸⟨⌋≀}\⟩⊔⟩≀\⟩ ⌈⟩∫⊔⊣\⌋⌉ ∞↙ ̸⟨√∫†⌋⟨↙ {⌉⊣⊔⊓∇⌉⟩ ∫⟨≀⊒ ∫⊣⇕√↕⌉ ∈↙′ ⟨√∫†⌋⟨↙ {⌉⊣⊔⊓∇⌉⟩ ⊔∇⊣⊑⌉↕ ′↙∃∈ ⟨⟨⊣√√⌉\⟩\}⟩ ⌉§√⌉⌋⊔ ⊑⟩∫⟩⊔ ∈↙▽△ ⟨⊣⌋⊔⟩ ⇕≀⊓⊔⟨ ′↙′ ̸⟨∇⌉√↕†⟩ ⊣\∫⊒⌉∇ ∇⌉∐⊓⌉∫⊔ ▽↙∞△ ⟨∫√⌉⌉⌋⟨ ⊣⌋⊔⟩ ⊔∇⊣}⌉⌈† ∋↙′ ⟨⌋≀⇕⇕⊓\⟩⌋⊣⊔⟩≀\⟩ ∇⌉⌋≀}\⟩‡⌉ ⊣⊓⊔⟨≀∇ ′↙∉ ⟨⊣}⌉\⊔⟩ √≀⌋‖⌉⊔ ↖′↙′′ ⟨⌋≀\⌋⊣⊑⌉ ∫⟨⊣√⌉⟩ ∇⌉√⌉⊣⊔ ⌋≀⇕⇕⌉\⊔ ↙̸′∈ ⟨∫≀⌋⟩⊣↕ ∇⌉↕⊣⊔⟩≀\⟩ |≀⊓∇\⊣↕ ↙̸′∈ ⟨∫≀⌋⟩⊣↕ ∇⌉↕⊣⊔⟩≀\⟩ ⊓\⌈⌉∇∫⊔⊣\⌈ ⌋≀\⌋⌉√⊔ △↙∞∋ ⟨√∫†⌋⟨↙ {⌉⊣⊔⊓∇⌉⟩ ∫⌉∫∫⟩≀\ ∈↙∄ ⟨∫≀⌋⟩⊣↕ ∇⌉↕⊣⊔⟩≀\⟩ ∇⌉⇕⌉⇕⌊⌉∇ ∇⌉√↕† ′↙′′ ⟨⊣\∫⊒⌉∇⟩ ∫⇕≀‖⌉ ↙△∃ ⟨⌉\⊔⟩⊔†⟩

T⊣⌊↕⌉ ∋↙∞¬ S⌉↕⌉⌋⊔⟩≀\⊣↕ ⊣∫∫≀⌋⟩⊣⊔⟩≀\ {≀∇ NP↖⌊⟩⊣∫ ⊑⌉∇⌊∫

√∇≀⊘↕⌉⇔ \≀⊔ |⊓∫⊔ ⊔⟨⌉ ∫⟩\}↕⌉ ⊖⌊⌉∫⊔⪰ ⌋↕⊣∫∫⇔ ⌊⊓⊔ ⊔⊣‖⟩\} ⊔⟨⌉ ⇕⊣§⟩⇕⊓⇕ √∇≀⊑⟩⌈⌉∫ ⊣ ⊓∫⌉{⊓↕ ⊣\⌈ {∇⌉∐⊓⌉\⊔↕† ⊣⌋⌋⊓∇⊣⊔⌉ ⊓√√⌉∇ ⌊≀⊓\⌈↙ T⟨⌉ ⊑⊣↕⊓⌉∫ ⟩\ ⊔⟨⌉ ⊔⊣⌊↕⌉ ⊣∇⌉ ⌉\⌋≀⊓∇⊣}⟩\}¬ ⇕⌉⊣\ ⇕⊣§⟩⇕⊓⇕ ⊑⊣↕⊓⌉∫ {≀∇ √↕⊣⊓∫⟩⌊↕⌉ ⊣\⌈ ⟩⇕√↕⊣⊓∫⟩⌊↕⌉ ≀⌊|⌉⌋⊔∫ ⊣∇⌉ ∇⌉∫√⌉⌋⊔⟩⊑⌉↕† △↙∋ ⊣\⌈ ∈↙△⇔ ⊣\⌈ ⊔⟨⌉ ⌈⟩{{⌉∇⌉\⌋⌉ ⟩∫ ∫⟩}\⟩⊘⌋⊣\⊔ ⇐⊔⇐∞▽⇒ ℑ ∞↙∃⇔ √ < ▷08↽▷25In general the most strongly selectedfor class of a plausible argument represents an entirely reasonable interpretation among a typically large number of classes � for example the object in read article is interpreted as written communication rather than as a grammatical term and the object in warn driver is interpreted as a person rather than as a golf club▷ Most of the mistakes in the table arise when an intuitively implausible object turns out to have some unanticipated plausible use with respect to the verb▷ For example fever is classiαed as a symptom and therefore as a form of evidence and therefore plausible as the object of αnd � e▷g▷ ↼94↽ We brought Johnny to the doctor to αnd out why heφs been so cranky and the doctor found a fever together with a mild ear infection▷ The word distance as an object for teach is being interpreted as a psychological feature in the sense of emotional distance▷ Although one can construct sentences where this interpretation is not implausible ↼95↽ At the αnishing school the girls were taught not only the αne points of etiquette but also distance and aloofness▷ what is going on might be viewed as an undesirable overgeneralization▷ It arises because in Word Net 1▷2 anything that is an instance of ⟨‖\≀⊒↕⌉⌈}⌉⟩ ⇐⌉↙}↙ ⟨⟩∫⊔≀∇†⇔ ∫⌋⟩⌉\⌋⌉⇒ ⟩∫ ⊣↕∫≀ ⊣\ ⟩\∫⊔⊣\⌋⌉ ≀{ ⟨√∫†⌋⟨≀↕≀}⟩⌋⊣↕ {⌉⊣⊔⊓∇⌉⟩↙ ∈▽T⟨⌉ ∫⟩⇕⟩↕⊣∇⟩⊔† ≀{ ⊔⟨⌉∫⌉ \⊓⇕⌊⌉∇∫ ⊔≀ ⊔⟨⌉ ⇕⌉⊣\∫ ≀⌊⊔⊣⟩\⌉⌈ ⌊† H≀↕⇕⌉∫ ⌉⊔ ⊣↕↙ ⟩∫ √⊓∇⌉↕† ⊣⌋⌋⟩⌈⌉\⊔⊣↕⇔ ≀{ ⌋≀⊓∇∫⌉∅ ⊔⟨⌉∇⌉ ⟩∫ \≀ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√ ⌊⌉⊔⊒⌉⌉\ ⊔⟨⌉⟩∇ ∇⊣⊔⟩\}∫ ∫⌋⊣↕⌉ ⊣\⌈ ⊔⟨⌉ ∫⌋⊣↕⌉ ⊓∫⌉⌈ ⟨⌉∇⌉↙

∞

P↕⊣⊓∫⟩⌊↕⌉ I⇕√↕⊣⊓∫⟩⌊↕⌉ V⌉∇⌊ O⌊|⌉⌋⊔ M⊣§ C↕⊣∫∫ O⌊|⌉⌋⊔ M⊣§ C↕⊣∫∫ ∫⊣† √⟨∇⊣∫⌉ ↖′↙′′ ⟨√⟨∇⊣∫⌉⟩ √⌉\⌋⟩↕ ∈↙̸∈▽ ⟨⌉\⊔⟩⊔†⟩ ‖\≀⊒ ⊔⌉⊣⌋⟨⌉∇ ∞′↙∋∞ ⟨⌉\⊔⟩⊔†⟩ ⊔∇⊣{⊘⌋ ∈↙∈ ⟨}∇≀⊓√⟩ ∫⊒⌉⊣∇ ≀⊣⊔⟨ ′↙∞̸ ⟨⌋⊓∇∫⌉⟩ ⌉§⟩⊔ ∞∈↙∞∞ ⟨⌉\⊔⟩⊔†⟩ ⊣∇}⊓⌉ √≀⟩\⊔ ′↙∀̸ ⟨⌋≀\⊔⌉\⊔⟩ ≀∇⌈⌉∇ ∞↙′′ ⟨⊣⌋⊔⟩ √∇≀⊑⌉ ⊔⟨⌉≀∇⌉⇕ ∞↙△ ⟨√∫†⌋⟨↙ {⌉⊣⊔⊓∇⌉⟩ ⌊⊣⊔⊔⌉∇† ∞↙∈∀ ⟨⊣⌊∫⊔∇⊣⌋⊔⟩≀\⟩ {≀∇}⌉⊔ ≀⊓⊔⌋≀⇕⌉ ∞↙△ ̸⟨√∫†⌋⟨↙ {⌉⊣⊔⊓∇⌉⟩ ⊒⌉⌉‖⌉\⌈ ′↙∃∋ ⟨⊔⟩⇕⌉⟩ ⌈⌉\† ⌋⟨⊣∇}⌉ ▽↙▽ ⟨∫√⌉⌉⌋⟨ ⊣⌋⊔⟩ ∫⊓⇕⇕⌉∇ ↖′↙′∀ ⟨⊔⟩⇕⌉ √⌉∇⟩≀⌈⟩ ⌋↕⊣⟩⇕ ⊑⟩⌋⊔≀∇† ∞↙∃∃ ⟨⊒⟩\\⟩\}⟩ ↕⟩⌊∇⊣∇† ↖′↙′′ ⟨⌋≀↕↕⌉⌋⊔⟩≀\⟩ ⌈≀⊓⌊⊔ ∫⟩\⌋⌉∇⟩⊔† ∞↙ ̸⟨⊣⊔⊔∇⟩⌊⊓⊔⌉⟩ ⌋⟨⊣⇕√⊣}\⌉ ′↙′∋ ⟨⊣↕⌋≀⟨≀↕⟩ ⌈⌉⌋⟩⌈⌉ ⇕⊣⊔⌋⟨ ∈↙∃ ̸⟨⌉⊑⌉\⊔⟩ ⊣⊒⊣∇⌈ ′↙∞∃ ⟨⊔∇⊣\∫{⌉∇∇⌉⌈ √∇≀√⌉∇⊔†⟩ ↕⌉⊣∇\ ⊔∇⊓⊔⟨ ∞↙▽▽ ⟨⌋≀}\⟩⊔⟩≀\⟩ ⊔∇⟩⊣↕ ∞↙▽▽ ⟨⌋≀}\⟩⊔⟩≀\⟩ ∇⌉⊣↕⟩‡⌉ ⇕⟩∫⊔⊣‖⌉ ∋↙∈∈ ⟨√∫†⌋⟨↙ {⌉⊣⊔⊓∇⌉⟩ ⊑⌉⟨⟩⌋↕⌉ ′↙′∋ ⟨⌋≀\⊑⌉†⊣\⌋⌉⟩ ⌋≀\{⌉∫∫ {⊣⊓↕⊔ ∞↙△∀ ⟨⊣⌋⊔⟩ ⌊∇⊣‖⌉ ↖′↙∈∋ ⟨⊣∇⊔⟩{⊣⌋⊔⟩ ⌊⌉↕⟩⌉⊑⌉ ⊒⟩⊔\⌉∫∫ ∞∋↙∞∞ ⟨↕⟩{⌉ {≀∇⇕⟩ |≀⊓∇\⌉† ′↙∈∋ ⟨⌋⟨⊣\}⌉⟩ ⌉§√↕⊣⟩\ ⌈⌉⌋⟩∫⟩≀\ ▽↙∞△ ⟨√∫†⌋⟨↙ {⌉⊣⊔⊓∇⌉⟩ ⊣⊓⌈⟩⌉\⌋⌉ ′↙∃′ ⟨∫≀⌋⟩⊣↕ ∇⌉↕⊣⊔⟩≀\⟩ ⌈⟩∫⌋≀⊑⌉∇ ∇≀⊓⊔⌉ △↙▽∀ ⟨≀⌊|⌉⌋⊔⟩ ≀√⌉∇⊣ △↙▽∀ ⟨≀⌊|⌉⌋⊔⟩

T⊣⌊↕⌉ ∋↙∈¬ S⌉↕⌉⌋⊔⟩≀\⊣↕ ⊣∫∫≀⌋⟩⊣⊔⟩≀\ {≀∇ ⌋↕⊣⊓∫⊣↕↖⌊⟩⊣∫ ⊑⌉∇⌊∫

I\ ≀⊔⟨⌉∇ ⌋⊣∫⌉∫⇔ ⊔⟨⌉ ⊒≀∇⌈ ⊔∇⊣}⌉⌈† ⟩∫ ∐⊓⟩⊔⌉ ⊓\⌉§√⌉⌋⊔⌉⌈↕† ⟩\⊔⌉∇√∇⌉⊔⌉⌈ ⟩\ ⟩⊔∫ ∫⌉\∫⌉ ⊣∫ ⊣ ⌈∇⊣⇕⊣⊔⟩⌋ ⌋≀⇕√≀∫⟩⊔⟩≀\⇔ ⊣\⌈ ⊔⟨⊓∫ ⊣ {≀∇⇕ ≀{ ⌋≀⇕⇕⊓\⟩⌋⊣⊔⟩≀\⇔ ⊣\⌈⇔ ⌉⊑⌉\ ⇕≀∇⌉ ⊓\⊓∫⊓⊣↕⇔ ∫⇕≀‖⌉ ⟩∫ ⌊⌉⟩\} ⟩\⊔⌉∇√∇⌉⊔⌉⌈ ⊣∫ ⊣ √⟨†∫⟩⌋⊣↕ ≀⌊|⌉⌋⊔ ⇕⌉⊣\⟩\} ⌋⟩}⊣∇⌉⊔⊔⌉↙ T⟨⟩∫ ↕⌉⊣⌈∫ ⊔≀ ⊔⟨⌉ ⌋≀⊓\⊔⌉∇⟩\⊔⊓⟩⊔⟩⊑⌉ ∇⊣⊔⟩\}∫ ⟩\ ⊔⟨⌉ ↕⊣∫⊔ ↕⟩\⌉ ≀{ ⊔⟨⌉ ⊔⊣⌊↕⌉⇔ ∫⟩\⌋⌉ ⟩\ ⊔⟨⌉ ∫⊣⇕√↕⌉ {∇≀⇕ ⊒⟨⟩⌋⟨ √∇≀⌊⊣⌊⟩↕⟩⊔⟩⌉∫ ⊒⌉∇⌉ ⌉∫⊔⟩⇕⊣⊔⌉⌈⇔ ⊔⟨⌉ ⌈⟩∇⌉⌋⊔ ≀⌊|⌉⌋⊔∫ ≀{ ∇⌉⇕⌉⇕⌊⌉∇ ⊔⌉\⌈ ⊔≀ ⌊⌉ ⊔⟨⟩\}∫ ⟨⊣⊑⟩\} √⟨†∫⟩⌋⊣↕ ∇⌉⊣↕⟩⊔† ⇐⌉∫√⌉⌋⟩⊣↕↕† √⌉≀√↕⌉⇒ ∇⊣⊔⟨⌉∇ ⊔⟨⊣\ {≀∇⇕∫ ≀{ ⌋≀⇕⇕⊓\⟩⌋⊣⊔⟩≀\↙ A∫ ⊣ ∫⌉⌋≀\⌈ ⊔⌉∫⊔⇔ I ⊓∫⌉⌈ ⊔⟨⌉ ⌈⊣⊔⊣ ≀\ ⌋↕⊣⊓∫⊣↕↖⌊⟩⊣∫ ⊑⌉∇⌊∫ {∇≀⇕ ⇐H≀↕⇕⌉∫⇔ S⊔≀⊒⌉⇔ ⊣\⌈ C⊓√√↕⌉∫⇔ ∞∃∀∃⇒ � ⊔⟨⊣⊔ ⟩∫⇔ ⊑⌉∇⌊∫ ⊔⟨⊣⊔ √∇⌉{⌉∇ ⊣ ⌋↕⊣⊓∫⊣↕ ∇⊣⊔⟨⌉∇ ⊔⟨⊣\ ⊣\ NP ⌋≀⇕√↕⌉⇕⌉\⊔↙ T⊣⌊↕⌉ ∋↙∈ ∫⟨≀⊒∫ ⊔⟨⌉ ∇⌉∫⊓↕⊔∫¬ ≀⊔⟨⌉∇ ⊔⟨⊣\ ⊔⊒≀ ⊒⟨≀√√⟩\}↕† ⊒∇≀\} ⌈⌉⌋⟩∫⟩≀\∫ ⇐{≀∇ ∫⊣† ⊣\⌈ ∫⊒⌉⊣∇⇒⇔ ⊔⟨⌉ ⊔∇⌉\⌈ ⟩∫ ⌋↕⌉⊣∇↕† {≀∇ ⊔⟨⌉ ⇕≀⌈⌉↕ ⊔≀ ⊣∫∫⟩}\ }∇⌉⊣⊔⌉∇ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ √↕⊣⊓∫⟩⌊⟩↕⟩⊔† ⊔≀ ⊔⟨≀∫⌉ ⊑⌉∇⌊↖≀⌊|⌉⌋⊔ ⌋≀⇕⌊⟩\⊣⊔⟩≀\∫ ⊔⟨⊣⊔ ⊒⌉∇⌉ |⊓⌈}⌉⌈ ⇕≀∇⌉ √↕⊣⊓∫⟩⌊↕⌉ ≀\ ⟩\⊔⊓⟩⊔⟩⊑⌉ }∇≀⊓\⌈∫↙ O\ ⟩\∫√⌉⌋⊔⟩≀\ ≀{ ⊔⟨⌉ ⌋≀∇√≀∇⊣ ⊓∫⌉⌈ ⊔≀ ⌉∫⊔⟩⇕⊣⊔⌉ √∇≀⌊⊣⌊⟩↕⟩⊔⟩⌉∫⇔ ⟩⊔ ⌊⌉⌋≀⇕⌉∫ ⊣√√⊣∇⌉\⊔ ⊒⟨† ⊔⟨⌉ ⇕≀⌈⌉↕ ⟩∫ ∫≀ ∫⌉∇⟩≀⊓∫↕† ⇕⟩∫}⊓⟩⌈⌉⌈ ⟩\ ⊔⟨≀∫⌉ ⊔⊒≀ ⌋⊣∫⌉∫↙ T⟨⌉ AP ∫⊣⇕√↕⌉ ≀{ ⊑⌉∇⌊↖≀⌊|⌉⌋⊔ ⌋≀↖≀⌋⌋⊓∇∇⌉\⌋⌉∫ ⟩∫⇔ ⟩⊔ ⊣√√⌉⊣∇∫⇔ ⟨⌉⊣⊑⟩↕† ⌋≀\⊔⊣⇕⟩\⊣⊔⌉⌈ ⌊† ⊒⟨⊣⊔ ⟩∫ √∇≀⌊⊣⌊↕† ⊣ ∫†∫⊔⌉⇕⊣⊔⟩⌋ ⇕⟩∫⊣\⊣↕†∫⟩∫ {≀∇ ⊑⌉∇⌊∫ ↕⟩‖⌉ ∫⊣†⇔ ∇⌉√≀∇⊔⇔ ∫⊒⌉⊣∇⇔ ⌋≀\⌋↕⊓⌈⌉⇔ ⌉⊔⌋↙⇔ ⇕≀∫⊔ ↕⟩‖⌉↕† ⊒⟨⌉\ ⊔⟨⌉† ⊣√√⌉⊣∇ ⟩\⊑⌉∇⊔⌉⌈ ⊣⊔ ⊔⟨⌉ ⌉\⌈ ≀{ ⊣ ⌋↕⊣⊓∫⌉⇔ ⊣\⌈ √⌉∇⟨⊣√∫ ⊣↕∫≀ ⌊⌉⌋⊣⊓∫⌉ ⊔⟨⌉† ⌋⊣\ ⟩\⊔∇≀⌈⊓⌋⌉ ⌉⇕⌊⌉⌈⌈⌉⌈ ⌋↕⊣⊓∫⌉∫ ⊒⟩⊔⟨≀⊓⊔ ⊣\ ⟩\⊔⌉∇⊑⌉\⟩\} ⌋≀⇕√↕⌉⇕⌉\⊔⟩‡⌉∇↙ F≀∇ ⌉§⊣⇕√↕⌉¬ ⇐∃⇏ ⊣↙ ⊖I≃⇕ ⟩\\≀⌋⌉\⊔⇔⪰ ∫⊒≀∇⌉ ⊔⟨⌉ √∇⟩∫≀\⌉∇ ⊣∫ ⟨⌉ ⊒⊣∫ ↕⌉⌈ ⊔≀ |⊣⟩↕↙ ⌊↙ ⊖AAAARRRRGGGH→⪰ ∫⊣⟩⌈ C⟨⊣∇↕⟩⌉ B∇≀⊒\↙ ⇐∃⇒ ⊣↙ T⟨⌉ ⊒⊣∇⌈⌉\ ∫⊒≀∇⌉ ⊔⟨⌉ √∇⟩∫≀\⌉∇ ⊒⊣∫ }⊓⟩↕⊔† ⊣∫ ∫⟩\↙ ⌊↙ S\≀≀√† ∫⊣†∫ C⟨⊣∇↕⟩⌉ B∇≀⊒\ \⌉⌉⌈∫ ⊔≀ ↕⟩}⟨⊔⌉\ ⊓√↙ O{ ⊔⟨⌉ ⊔⊒⌉\⊔† ⇕≀∫⊔ {∇⌉∐⊓⌉\⊔ ≀⌊|⌉⌋⊔∫ {≀∇ ∫⊣† ⟩\ ⊔⟨⊣⊔ ∫⊣⇕√↕⌉⇔ ⊔⟨⟩∇⊔⌉⌉\ ⊣∇⌉ ⇕⌉⇕⌊⌉∇∫ ≀{ ⊔⟨⌉ ⌋↕⊣∫∫ ⟨⌉\⊔⟩⊔†⟩∅ ⊔⟨⌉ ⌈⟩∫⊔∇⟩⌊⊓⊔⟩≀\ ⟩∫ ⌉\≀∇⇕≀⊓∫↕† ∫‖⌉⊒⌉⌈ ⊔≀⊒⊣∇⌈ ⊔⟨⌉ ⇕≀∫⊔ {∇⌉∐⊓⌉\⊔ ≀⌊|⌉⌋⊔⇔ ⊒⟨⟩⌋⟨ ⟩∫ ⊣ ∫√⌉⌋⟩⊣↕ ⊔≀‖⌉\ ⌈⌉\≀⊔⟩\} √∇≀√⌉∇ \⊣⇕⌉∫ ⇐⇕⊣√√⌉⌈ ⊔≀ ⌋↕⊣∫∫ ⟨√⌉∇∫≀\⟩ ⟩\ ⊔⟨⌉ W≀∇⌈N⌉⊔ ⊔⊣§≀\≀⇕†⇔ ⊣\⌈ ⊔⟨⌉∇⌉{≀∇⌉ ⊣↕∫≀ ⊣ ⇕⌉⇕⌊⌉∇ ≀{ ⟨⌉\⊔⟩⊔†⟩⇒↙ F≀∇ ∫⊒⌉⊣∇ ⊘{⊔⌉⌉\ ≀{ ⊔⟨⌉ ⊔≀√ ⊔⊒⌉\⊔† ≀⌊|⌉⌋⊔∫ ⊣∇⌉ ⇕⌉⇕⌊⌉∇∫ ≀{ ⟨⌉\⊔⟩⊔†⟩↙ I⊔ ⊣↕∫≀ ⌋⊣\\≀⊔ ⟨⌉↕√ ⊔⟨⊣⊔ ⊔⟨⌉ ⊒≀∇⌈ ⊔⟨⟩\}⇔ ⊣↕∫≀ ⊣ {∇⌉∐⊓⌉\⊔ ≀⌊|⌉⌋⊔ ≀{ ∫⊣†⇔ ⟩∫ ⌋↕⊣∫∫⟩⊘⌉⌈ ≀\↕† ⊣∫ ⊣ √⟨†∫⟩⌋⊣↕ ⌉\⊔⟩⊔† ⟩\ W≀∇⌈N⌉⊔ V⌉∇∫⟩≀\ ∞↙∈ ⇐I ⌊⌉↕⟩⌉⊑⌉

∈ ⊔⟨⟩∫ ⟩∫ ⌋≀∇∇⌉⌋⊔⌉⌈ ⟩\ ↕⊣⊔⌉∇ ⊑⌉∇∫⟩≀\∫⇒∅ ⊣∫ ⊣ ∇⌉∫⊓↕⊔ ⊔⟨⌉ ⌋↕⊣∫∫ ⟨⌉\⊔⟩⊔†⟩ }⌉⊔∫ ⌉∇∇≀\⌉≀⊓∫ ∫⊓√√≀∇⊔ {∇≀⇕ ⌉§⊣⇕√↕⌉∫ ↕⟩‖⌉ ⊔⟨⌉ {≀↕↕≀⊒⟩\}¬ ⇐∃∀⇒ ⊣↙ T⟨⌉ ⊣√≀∫⊔↕⌉ P⊣⊓↕ ∫⊣⟩⌈ ⊔⟨⌉ ∫⊣⇕⌉ ⊔⟨⟩\}↙↙↙ ⌊↙ O\⌉ ⌋⊣\ ⇕⊣‖⌉ ⊔⟨⌉⇕ ∫⊣† ⊔⟨⌉ ∫⊣⇕⌉ ⊔⟨⟩\} ≀\↕† ⌊† \≀⊔ ↕⟩∫⊔⌉\⟩\} ⊔≀ ⊔⟨⌉⇕ ⊑⌉∇† ⌋⊣∇⌉{⊓↕↕† ⊣\⌈ ⟨⌉⊣∇⟩\} ≀\↕† ⊒⟨⊣⊔ ≀\⌉ ⊒⊣\⊔∫ ⊔≀ ⟨⌉⊣∇↙ ⌋↙ H≀⊒ ⌋⊣\ †≀⊓ ∫⊣† ∫⊓⌋⟨ ⊣ ⊔⟨⟩\}⊥ O⊔⟨⌉∇ ⊔⟨⊣\ ⊔⟨≀∫⌉ ⇕≀∫⊔ ≀⌊⊑⟩≀⊓∫ √∇≀⌊↕⌉⇕∫⇔ I ⊘\⌈ ⊔⟨⌉ ∇⌉∫⊓↕⊔∫ {≀∇ ⊔⟨⟩∫ ∫⌉⌋≀\⌈ }∇≀⊓√ ≀{ ⌉§⊣⇕√↕⌉∫ ⊣\⊣↕≀}≀⊓∫ ⊔≀ ⊔⟨⌉ ⊘∇∫⊔ ⌉§√⌉∇⟩⇕⌉\⊔ ⊣\⌈ ⊔⟨⌉∇⌉{≀∇⌉ ⊑⌉∇† ⌉\⌋≀⊓∇⊣}⟩\}↙ A ∫⊔∇≀\}⌉∇ ∇⌉∫⊓↕⊔ ⊔⟨⊣\ ⊒⟨⊣⊔ I ⟨⊣⊑⌉ |⊓∫⊔ ⌈⌉∫⌋∇⟩⌊⌉⌈ ⊒≀⊓↕⌈ ⌊⌉ ⊣ ⌋≀∇∇⌉↕⊣⊔⟩≀\ ⌊⌉⊔⊒⌉⌉\ √↕⊣⊓∫⟩⌊⟩↕⟩⊔† ∇⊣⊔⟩\}∫ ⊣∫∫⟩}\⌉⌈ ⌊† ⟨⊓⇕⊣\ ∫⊓⌊|⌉⌋⊔∫ ⊣\⌈ ⊔⟨⌉ ⊑⊣↕⊓⌉∫ ⊣∫∫⟩}\⌉⌈ ⌊† ⊔⟨⌉ ⟩⇕√↕⌉⇕⌉\⊔⌉⌈ ⇕≀⌈⌉↕↙ T⟨⟩∫ ⊒⊣∫ \≀⊔ √≀∫∫⟩⌊↕⌉ ⊔≀ ⊔⌉∫⊔ ⊓∫⟩\} ⊔⟨⌉ ∫⊔⟩⇕⊓↕⟩ |⊓∫⊔ ⌈⌉∫⌋∇⟩⌊⌉⌈⇔ ∫⟩\⌋⌉ H≀↕⇕⌉∫ ⌉⊔ ⊣↕↙ ∇⌉√≀∇⊔⌉⌈ ≀\↕† ⊔⟨⌉ ⊣⊑⌉∇⊣}⌉ ∇⊣⊔⟩\}∫ {≀∇ √↕⊣⊓∫⟩⌊↕⌉ ⊣\⌈ ⟩⇕√↕⊣⊓∫⟩⌊↕⌉ ⌋≀⇕⌊⟩\⊣⊔⟩≀\∫↙ H≀⊒⌉⊑⌉∇⇔ ≀⊔⟨⌉∇ ⊣⊓⊔⟨≀∇∫ ∫⊓⌋⟨ ⊣∫ T⊣⌊≀∫∫⟩ ⌉⊔ ⊣↕↙ ⇐⟩\ √∇⌉∫∫⇒ ⊣\⌈ T∇⊓⌉∫⊒⌉↕↕ ⇐∞∃∃∋⇒ ∇⌉√≀∇⊔ ⊔⟨⌉ ⇕⌉⊣\ ⊔†√⟩⌋⊣↕⟩⊔† ∇⊣⊔⟩\} {≀∇ ⌉⊣⌋⟨ ≀{ ⊔⟨⌉⟩∇ ⊔⌉∫⊔ ⟩⊔⌉⇕∫⇔ ⊣\⌈ I ⟨≀√⌉ ⊔≀ ⊓∫⌉ ⊔⟨⌉∫⌉ ⌈⊣⊔⊣ ⟩\ {⊓⊔⊓∇⌉ ⊒≀∇‖↙

∋↙∀ O⊔⟨⌉∇ C≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ A√√∇≀⊣⌋⟨⌉∫ M⊣\† ⌋≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ ⊣√√∇≀⊣⌋⟨⌉∫ ⊔≀ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫ ⟨⊣⊑⌉ ⊣√√⌉⊣∇⌉⌈ ⟩\ ⊣ {≀∇⇕ ⊔⟨⊣⊔ ⟩∫ ⇕≀∇⌉ ≀∇ ↕⌉∫∫ ∫⟩⇕⟩↕⊣∇ ⊔≀ ⊔⟨⌉ ⊑⟩⌉⊒ √∇≀√≀∫⌉⌈ ⟩\ ⇐K⊣⊔‡ ⊣\⌈ F≀⌈≀∇⇔ ∞∃△̸⇒¬ ⟩\ ⟩⇕√↕⌉⇕⌉\⊔⌉⌈ ∫†∫⊔⌉⇕∫⇔ ∫≀⇕⌉⊔⟨⟩\} ⊣\⊣↕≀}≀⊓∫ ⊔≀ B≀≀↕⌉⊣\ ⊣√√↕⟩⌋⊣⌊⟩↕⟩⊔† ⌋≀\⌈⟩⊔⟩≀\∫ ⟩∫ ≀{⊔⌉\ ⊣∫∫≀⌋⟩⊣⊔⌉⌈ ⊒⟩⊔⟨ ⌉⊣⌋⟨ ⊣∇}⊓⇕⌉\⊔ ≀{ ⊣ √∇⌉⌈⟩⌋⊣⊔⌉↙∈ ̸F≀∇ ⌉§⊣⇕√↕⌉⇔ S⌋⟨⊣\‖ ⇐∞∃∀⇎ √↙ ∞∈⇒ ⌈⌉∫⌋∇⟩⌊⌉∫ ⊓∫⟩\} ⊖∫⟩⇕√↕⌉ ⊒≀∇↕⌈ ‖\≀⊒↕⌉⌈}⌉ ∇⊓↕⌉∫⪰ ⊔⟩⌉⌈ ⊔≀ ⌋≀\⌋⌉√⊔⊓⊣↕ ∇⊓↕⌉∫⇔ ∫≀ ⊔⟨⊣⊔ ⊖⊔⟨⌉ ⌋≀\⌋⌉√⊔⊓⊣↕ ∇⊓↕⌉ ⊔⟨⊣⊔ ⊣⌋⊔≀∇∫ ⌋⊣\ ⊣⌋⊔ ⊒≀⊓↕⌈ ⌊⌉ ⇕≀⌈⟩⊘⌉⌈ ⌊† ↕⟩∫⊔∫ ≀{ ⊒⟨⊣⊔ ⌋≀⊓↕⌈ ⌈≀ ⊒⟨⊣⊔ ⊣⌋⌋≀∇⌈⟩\} ⊔≀ ∫⌉⇕⊣\⊔⟩⌋ ⌋⊣⊔⌉}≀∇⟩⌉∫⇔ ∫⊓⌋⟨ ⊣∫ ⊢⊣\⟩⇕⊣↕∫ ⌋⊣\ ⌉⊣⊔⇔≃ ⊢√↕⊣\⌉∫ ⌋⊣\ ⊙†⇔≃ ⊣\⌈ ∫≀ ≀\↙⪰ S⟩⇕⟩↕⊣∇↕†⇔ ∫⌉⊑⌉∇⊣↕ ≀{ ⊔⟨⌉ \⊣⊔⊓∇⊣↕ ↕⊣\}⊓⊣}⌉ ⟩\⊔⌉∇{⊣⌋⌉∫ ⌈⌉⊑⌉↕≀√⌉⌈ ⊣⊔ BBN ⇐⌉↙}↙ ∫⌉⌉ ⇐A†⊓∫≀ ⌉⊔ ⊣↕↙⇔ ∞∃∀∃⇒⇒ ⟨⊣⊑⌉ ⊓∫⌉⌈ ⊑⊣∇⟩⊣\⊔∫ ≀{ ⊔⟨⌉ KL↖ONE {≀∇⇕⊣↕⟩∫⇕ ⊔≀ ⊔⊣§≀\≀⇕⟩⌋⊣↕↕† ∇⌉√∇⌉∫⌉\⊔ ⊒≀∇↕⌈ ‖\≀⊒↕⌉⌈}⌉⇔ ⟩⇕√↕⌉⇕⌉\⊔⟩\} ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫ ⊓∫⟩\} ⊔⟨⊣⊔ {≀∇⇕⊣↕⟩∫⇕≃∫ \≀⊔⟩≀\ ≀{ ⊖∇≀↕⌉ ∇⌉∫⊔∇⟩⌋⊔⟩≀\∫⪰ ⇐W≀≀⌈∫ ⊣\⌈ S⌋⟨⇕≀↕‡⌉⇔ ∞∃∃∞⇒↙ I⊔ ∫⌉⌉⇕∫ {⊣⟩∇ ⊔≀ ∫⊣† ⊔⟨⊣⊔ ⊣ ∇⌉⊑⟩⌉⊒ ≀{ ⊔⟨⟩∫ ⊣√√∇≀⊣⌋⟨ ⊔≀ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫ ⟩\ ⊣ ⌋≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ ∫⌉⊔⊔⟩\} ⊒≀⊓↕⌈ ⟩\ {⊣⌋⊔ ⊣⇕≀⊓\⊔ ⊔≀ ⊣ ∇⌉⊑⟩⌉⊒ ≀{ ⇕≀∫⊔ ≀{ ⊔⟨⌉ \⊣⊔⊓∇⊣↕ ↕⊣\}⊓⊣}⌉ √∇≀⌋⌉∫∫⟩\} ↕⟩⊔⌉∇⊣⊔⊓∇⌉ � ⊔⟨⟩∫ ⊒≀⊓↕⌈ \≀ ⌈≀⊓⌊⊔ ∇⊣⟩∫⌉ ⊣ }∇⌉⊣⊔ ⇕⊣\† ⟩\⊔⌉∇⌉∫⊔⟩\} ⟩∫∫⊓⌉∫ ⇐{≀∇ ⌉§⊣⇕√↕⌉⇔ ⌋≀≀√⌉∇⊣⊔⟩⊑⌉ ∇⌉∫√≀\∫⌉∫ ⊒⟨⌉\ ⊣ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔ ⟩∫ ⊑⟩≀↕⊣⊔⌉⌈⇒⇔ ⌊⊓⊔ ⟩⊔ ⟩∫ ⊣\ ⌉\⊔⌉∇√∇⟩∫⌉ I ⊔⟨⟩\‖ ⟩⊔ ⌊⌉∫⊔ ⊔≀ ⊣⊑≀⟩⌈ ⟨⌉∇⌉↙ O{ ⊣↕↕ ⊔⟨⌉ ⌋≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ ⊣√√∇≀⊣⌋⟨⌉∫ ⊒⟩⊔⟨ ⊒⟨⟩⌋⟨ I ⊣⇕ {⊣⇕⟩↕⟩⊣∇⇔ P∇⌉{⌉∇⌉\⌋⌉ S⌉⇕⊣\⊔⟩⌋∫ ⇐W⟩↕‖∫⇔ ∞∃∀∅̸ W⟩↕‖∫ ⊣\⌈ F⊣∫∫⇔ ∞∃∃∈⇒ ⟩∫ ⊔⟨⌉ ≀\⌉ ⊔≀ ⊒⟨⟩⌋⟨ ⊔⟨⌉ √∇⌉∫⌉\⊔ √∇≀√≀∫⊣↕ ∫⌉⌉⇕∫ ⇕≀∫⊔ ∫⟩⇕⟩↕⊣∇↙ P∇⌉{⌉∇⌉\⌋⌉ S⌉⇕⊣\⊔⟩⌋∫ ⊣⌊⊣\⌈≀\∫ ⊔⟨⌉ {≀∇⇕⊣↕⟩‡⊣⊔⟩≀\ ≀{ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫ ⊣∫ ∇⌉∫⊔∇⟩⌋⊔⟩≀\∫ � ⊔≀ ⊓∫⌉ W⟩↕‖∫≃∫ ⇐∞∃∀⇏ ⊔⌉∇⇕⇔ ⊖∫⊔⟩√⊓↕⊣⊔⟩≀\∫⪰ � ⊣\⌈ ⟩\∫⊔⌉⊣⌈ ⟩\⊔⌉∇√∇⌉⊔∫ ⊣√√↕⟩⌋⊣⌊⟩↕⟩⊔† ⌋≀\⌈⟩⊔⟩≀\∫ ⊣∫ √∇⌉{⌉∇⌉\⌋⌉∫ ⊔⟨⊣⊔ ⌋⊣\ ⌊⌉ ∫⊣⊔⟩∫⊘⌉⌈ ≀∇ \≀⊔ ∫⊣⊔⟩∫⊘⌉⌈ ⊣\⌈ ∫⊔⟩↕↕ †⟩⌉↕⌈ ∫≀⇕⌉ ⟩\⊔⌉∇√∇⌉⊔⊣⊔⟩≀\↙ W⟩↕‖∫ ⇐∞∃∀⇎ √↙ ∞∃∃⇒ ⊒∇⟩⊔⌉∫¬ I⊔ ⟩∫ ⊑⌉∇† ⟩⇕√≀∇⊔⊣\⊔ ⊔≀ \≀⊔⌉ ⊔⟨⊣⊔ ⊣ √∇⌉{⌉∇⌉\⌋⌉ ⟩∫ ⌊⌉⊔⊒⌉⌉\ ⊣↕⊔⌉∇\⊣⊔⟩⊑⌉∫↙ I{ ⊔⟨⌉ ≀\↕† ∫⊔∇⊓⌋⊔⊓∇⌉ ⌈⌉∇⟩⊑⊣⌊↕⌉ ⌈≀⌉∫ \≀⊔ ∫⊣⊔⟩∫{† ⊣ ⌈⌉⌋↕⊣∇⌉⌈ √∇⌉{⌉∇⌉\⌋⌉⇔ ⊔⟨⌉\ ⟩⊔ ⟩∫ ⊣⌋⌋⌉√⊔⌉⌈ ⊣\†⊒⊣†↙ A ⌋∇⊓⌋⟩⊣↕ ⌋≀⇕√≀\⌉\⊔ ≀{ √∇⌉{⌉∇⌉\⌋⌉ ∫⌉⇕⊣\⊔⟩⌋∫ ⟩∫ ⊔⟨⌉ \≀⊔⟩≀\ ≀{ ⊖∫⌉⇕⊣\⊔⟩⌋ ⌈⌉\∫⟩⊔†⪰¬ ⊔⟨⌉ ⇕≀∇⌉ √∇⌉{⌉∇⌉\⌋⌉∫ ⊔⟨⊣⊔ ⊣∇⌉ ∫⊣⊔⟩∫⊘⌉⌈⇔ ⊔⟨⌉ ⇕≀∇⌉ √∇⌉{⌉∇∇⌉⌈ ⟩∫ ⊔⟨⌉ ≀⊑⌉∇⊣↕↕ ⟩\⊔⌉∇√∇⌉⊔⊣⊔⟩≀\↙ F≀∇ ⌉§⊣⇕√↕⌉⇔ ⊔⟨⌉ ∫⌉\⊔⌉\⌋⌉ ∈O̸{⊔⌉\ ⊔⟨⌉ √∇⊣⌋⊔⟩⌋⊣↕ ⊣√√∇≀⊣⌋⟨⊔≀ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫⊣⌈≀√⊔⌉⌈⟩\ ⊔⟨⌉∫⌉ ∫†∫⊔⌉⇕∫ ⟩∫ ⌈⟩{⊘⌋⊓↕⊔ ⊔≀ ∇⌉↕⊣⊔⌉ ⊔≀ {≀∇⇕⊣↕ ∫⌉⇕⊣\⊔⟩⌋ ⌋≀\∫⟩⌈⌉∇⊣⊔⟩≀\∫ ≀{ ⊔⟨⌉ ‖⟩\⌈ ⌈⟩∫⌋⊓∫∫⌉⌈ ⟩\ S⌉⌋⊔⟩≀\∫ ∋↙∈ ⊣\⌈ ∋↙∋⇔ ⊔⟨≀⊓}⟨ {≀∇ ⊣\ ⟩\⊔⌉∇⌉∫⊔⟩\} ⌉§⌋⌉√⊔⟩≀\ ∫⌉⌉ ⊔⟨⌉ ⌋≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ ⊣√√∇≀⊣⌋⟨ ⊔≀ √∇⌉∫⊓√√≀∫⟩⊔⟩≀\ ⊣\⌈ ⌉\⊔⊣⟩↕⇕⌉\⊔ ⌈⌉∫⌋∇⟩⌊⌉⌈ ⟩\ ⇐W⌉⟩∫⌋⟨⌉⌈⌉↕⇔ ∞∃∀⇏↙

∋ ⇐∃∃⇒ T⟨⌉ ⌊⟩} √≀↕⟩⌋⌉⇕⊣\ ⟩\⊔⌉∇∇≀}⊣⊔⌉∫ ⊔⟨⌉ ⌋∇≀≀‖↙

⇕⟩}⟨⊔ ⟨⊣⊑⌉ ⊔⊒≀ √≀∫∫⟩⌊↕⌉ ⟩\⊔⌉∇√∇⌉⊔⊣⊔⟩≀\∫ ⟩\⟩⊔⟩⊣↕↕†⇔ ≀\⌉ ⟩\ ⊒⟨⟩⌋⟨ ⌋∇≀≀‖ ⟩∫ ⟩\⊔⌉∇√∇⌉⊔⌉⌈ ⊔≀ ⇕⌉⊣\ ⊣ ⌋∇⟩⇕⟩\⊣↕⇔ ⊣\⌈ ⊔⟨⌉ ≀⊔⟨⌉∇ ⟩\ ⊒⟨⟩⌋⟨ ⟩⊔ ⌈⌉\≀⊔⌉∫ ⊣ ∫⟨⌉√⟨⌉∇⌈≃∫ ∫⊔⊣{{↙ I\ ⌊≀⊔⟨ ⌋⊣∫⌉∫⇔ ⊔⟨⌉∇⌉ ⊣∇⌉ ∫⊣⊔⟩∫⊘⌉⌈ √∇⌉{⌉∇⌉\⌋⌉∫ ⌊⌉⊔⊒⌉⌉\ ⌊⟩} ⊣\⌈ √≀↕⟩⌋⌉⇕⊣\⇔ ⊣\⌈ ⌊⌉⊔⊒⌉⌉\ √≀↕⟩⌋⌉⇕⊣\ ⊣\⌈ ⟩\⊔⌉∇∇≀}⊣⊔⌉∫⇔ ⌊⊓⊔ ⊔⟨⌉ ↕⊣⊔⊔⌉∇ ⟩\⊔⌉∇√∇⌉⊔⊣⊔⟩≀\ ⟨⊣∫ ≀\⌉ {⌉⊒⌉∇ ∫⊣⊔⟩∫⊘⌉⌈ √∇⌉{⌉∇⌉\⌋⌉ ⊔⟨⊣\ ⊔⟨⌉ {≀∇⇕⌉∇ ∫⟩\⌋⌉ ⟩\⊔⌉∇∇≀}⊣⊔⌉ √∇⌉{⌉∇⊣⌊↕† ⌈⌉∫⌋∇⟩⌊⌉∫ ∫≀⇕⌉⊔⟨⟩\} ⌈≀\⌉ ⌊† ⟨⊓⇕⊣\∫ ⊔≀ ⟨⊓⇕⊣\∫↙ I⊔ ⟩∫ ⟩⇕√≀∇⊔⊣\⊔ ⊔≀ \≀⊔⌉ ⊔⟨⊣⊔ ⊔⟨⌉∫⌉ √∇⌉{⌉∇⌉\⌋⌉∫ ⊣∇⌉ ⌉\⌋≀⌈⌉⌈ ⟩\ ↕⌉§⟩⌋⊣↕ ⌉\⊔∇⟩⌉∫ ⊔⟨⊣⊔ ⊣∇⌉ ⌉∫∫⌉\⊔⟩⊣↕↕† ⌈⌉⌋≀⇕√≀↖ ∫⟩⊔⟩≀\⊣↕⇔ ⌉§√∇⌉∫∫⌉⌈ ⟩\ ⊣ ⊑≀⌋⊣⌊⊓↕⊣∇† ≀{ ∀′∘∞′′ √∇⟩⇕⟩⊔⟩⊑⌉ ∫⌉⇕⊣\⊔⟩⌋ ⊓\⟩⊔∫↙ F≀∇ ⌉§⊣⇕√↕⌉⇔ W⟩↕‖∫ ⇐∞∃∀⇏ }⟩⊑⌉∫ ⊔⟨⌉ {≀↕↕≀⊒⟩\} ⊖∫⌉⇕⊣\⊔⟩⌋ {≀∇⇕⊓↕⊣⪰ {≀∇ ⟩\⊔⌉∇∇≀}⊣⊔⌉¬

⇐∞′′⇒ ⇐⇐MAN SUBJ⇒ ⇐⇐MAN OBJE⇒⇐TELL FORCE⇒⇒⇒

T⟨⟩∫ ⟩\⌈⟩⌋⊣⊔⌉∫ ⊣ √∇⌉{⌉∇⌉\⌋⌉ {≀∇ ⟨⊓⇕⊣\∫ ⊣∫ ∫⊓⌊|⌉⌋⊔ ⊣\⌈ ≀⌊|⌉⌋⊔⇔ ⊣\⌈ ⊣↕∫≀ ⟩\⌈⟩⌋⊣⊔⌉∫ ⊔⟨⊣⊔ ⊔⟨⌉ ⌈⌉\≀⊔⌉⌈ ⊣⌋⊔⟩≀\ ⟩∫ ≀\⌉ ≀{ {≀∇⌋⟩\}⇔ ⟩\ ⊔⟨⟩∫ ⌋⊣∫⌉ {≀∇⌋⟩\} ⊔≀ ⊔⌉↕↕ ∫≀⇕⌉⊔⟨⟩\}↙ I⊔ ⟩∫ ⊣↕∫≀ ⟩⇕√≀∇⊔⊣\⊔ ⊔≀ \≀⊔⌉ ⊔⟨⊣⊔ ⊔⟨⌉ ⟩\⊔⌉∇√∇⌉⊔⊣⊔⟩≀\ ≀{ ∫⌉\⊔⌉\⌋⌉∫ ⟩∫ ⊣⌋⌋≀⇕√↕⟩∫⟨⌉⌈ ⌊† ⇕⊣⊔⌋⟨⟩\} √≀∫∫⟩⌊↕⌉ ⟩\⊔⌉∇√∇⌉⊔⊣⊔⟩≀\ ⊣}⊣⟩\∫⊔ ⊣⌊∫⊔∇⊣⌋⊔ ⊖∫⌉⇕⊣\⊔⟩⌋ ⊔⌉⇕√↕⊣⊔⌉∫⪰ ⊔⟨⊣⊔ ⌉\⌋≀⌈⌉ ⊔⟨⌉ √≀∫∫⟩⌊↕⌉ ∫⊔∇⊓⌋⊔⊓∇⌉∫ ⊔⟨⊣⊔ ⇕⌉∫∫⊣}⌉∫ ⌋⊣\ ⊔⊣‖⌉∅ {≀∇ ⌉§⊣⇕√↕⌉⇔ MAN FORCE MAN↙ I\⊔⌉∇√∇⌉⊔⊣⊔⟩≀\∫ {≀∇ ⊒⟨⟩⌋⟨ \≀ ⇕⊣⊔⌋⟨⟩\} ⊔⌉⇕√↕⊣⊔⌉ ⌋⊣\ ⌊⌉ {≀⊓\⌈ ⊣∇⌉ ⌈⟩∫⌋⊣∇⌈⌉⌈ � ⊣\⌈ ⊣∫ W⟩↕‖∫ ⇐∞∃∀⇎ √↙ ∞∃⇒ √≀⟩\⊔∫ ≀⊓⊔⇔ ⊔⟨⟩∫ ⌋≀⇕⇕⟩⊔∫ P∇⌉{⌉∇⌉\⌋⌉ S⌉⇕⊣\⊔⟩⌋∫ ⊔≀ ⊔⟨⌉ ⟨†√≀⊔⟨⌉∫⟩∫ ⊔⟨⊣⊔ ⊔⟨⌉∇⌉ ⟩∫ ⊣ ⊖⊘\⟩⊔⌉ ⌊⊓⊔ ⊓∫⌉{⊓↕ ⟩\⊑⌉\⊔≀∇† ≀{ ⌊⊣∇⌉ ⊔⌉⇕√↕⊣⊔⌉∫ ⊣⌈⌉∐⊓⊣⊔⌉ {≀∇ ⊔⟨⌉ ⊣\⊣↕†∫⟩∫ ≀{ ≀∇⌈⟩\⊣∇† ↕⊣\}⊓⊣}⌉∅ ⊣ ↕⟩∫⊔ ⊔⟨⊣⊔ ⌋⊣\ ⌊⌉ ⟩\⊔⌉∇√∇⌉⊔⌉⌈ ⊣∫ ⊔⟨⌉ ⇕⌉∫∫⊣}⌉∫ ⊔⟨⊣⊔ √⌉≀√↕⌉ ⊒⊣\⊔ ⊔≀ ⌋≀\⊑⌉† ⊣⊔ ∫≀⇕⌉ {⊣⟩∇↕† ⟨⟩}⟨ ↕⌉⊑⌉↕ ≀{ }⌉\⌉∇⊣↕⟩⊔†↙⪰ T⟨⌉ ⌊∇⟩⌉{ ∫⊓⇕⇕⊣∇† I ⟨⊣⊑⌉ |⊓∫⊔ }⟩⊑⌉\ {⊣↕↕∫ {⊣∇ ∫⟨≀∇⊔ ≀{ ⊣\ ⊣⌈⌉∐⊓⊣⊔⌉ ⌈⌉∫⌋∇⟩√⊔⟩≀\ ≀{ P∇⌉{⌉∇⌉\⌋⌉ S⌉⇕⊣\⊔⟩⌋∫⇔ ⌊⊓⊔ I ⟨≀√⌉ ⟩⊔ ⊒⟩↕↕ ∫⊓{⊘⌋⌉ ⟩\ ≀∇⌈⌉∇ ⊔≀ ⟩⌈⌉\⊔⟩{† ⊔⟨⌉ ⇕⊣|≀∇ √≀⟩\⊔∫ ≀{ ∫⟩⇕⟩↕⊣∇⟩⊔† ⊣\⌈ ⌈⟩∫∫⟩⇕⟩↕⊣∇⟩⊔† ⊒⟩⊔⟨ ⊔⟨⌉ √∇≀√≀∫⊣↕ I ⟨⊣⊑⌉ ⇕⊣⌈⌉ ⟩\ ⊔⟨⟩∫ ⌋⟨⊣√⊔⌉∇↙ T⟨⌉ √≀⟩\⊔ ≀{ ⊑⟩⌉⊒ I ⟨⊣⊑⌉ ⊣⌈≀√⊔⌉⌈ ⟩∫ ⊔≀ ⊣ ⊑⌉∇† }∇⌉⊣⊔ ⌉§⊔⌉\⊔ ⌋≀\∫⟩∫⊔⌉\⊔ ⊒⟩⊔⟨ ⊔⟨⌉ P∇⌉{⌉∇⌉\⌋⌉ S⌉⇕⊣\⊔⟩⌋∫ ⌉\⊔⌉∇√∇⟩∫⌉∅ ⟩\ √⊣∇⊔⟩⌋⊓↕⊣∇⇔ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫ ⊣∇⌉ ⌈⟩∫⌋⊓∫∫⌉⌈ ⟩\ ⊔⌉∇⇕∫ ≀{ √∇⌉{⌉∇⌉\⌋⌉ ∇⊣⊔⟨⌉∇ ⊔⟨⊣\ ∇⌉∫⊔∇⟩⌋⊔⟩≀\⇔ ⊣\⌈ ⟩\ P∇⌉{⌉∇⌉\⌋⌉ S⌉⇕⊣\⊔⟩⌋∫ ⊔⟨⌉† ⊣∇⌉ ⟩\⊔⌉∇√∇⌉⊔⊣⌊↕⌉ ⟩\ ∐⊓⊣\⊔⟩⊔⊣⊔⟩⊑⌉ ⊔⌉∇⇕∫ ⊑⟩⊣ ⊔⟨⌉ \≀⊔⟩≀\ ≀{ ⊖∫⌉⇕⊣\⊔⟩⌋ ⌈⌉\∫⟩⊔†⪰ ⇐⊔⟨≀⊓}⟨ W⟩↕‖∫ ⇐∞∃∀⇏ ⌈⟩∫⊔⊣\⌋⌉∫ ⟨⟩⇕∫⌉↕{ {∇≀⇕ ⊣ √∇≀⌊⊣⌊⟩↕⟩∫⊔⟩⌋ ⊑⟩⌉⊒√≀⟩\⊔⇒↙ A⊔ ⊣ ⇕≀∇⌉ }⌉\⌉∇⊣↕ ↕⌉⊑⌉↕⇔ ⊔⟨⌉ √∇⌉∫⌉\⊔ √∇≀√≀∫⊣↕ ⟩∫ ⟩\ ⊣}∇⌉⌉⇕⌉\⊔ ⊒⟩⊔⟨ ⊔⟨⌉ ∫⊔∇⌉∫∫ ⟩\ P∇⌉{⌉∇⌉\⌋⌉ S⌉⇕⊣\⊔⟩⌋∫ ≀\ √⊣†⟩\} ⊣⊔⊔⌉\⊔⟩≀\ ⊔≀ ⊖⊒≀∇⌈∫ ≀{ ⊣ \≀∇⇕⊣↕ ⊑≀⌋⊣⌊⊓↕⊣∇†⇔ ⊣\⌈ ⊒⟩⊔⟨ ⇕⊣\† ∫⌉\∫⌉∫ ≀{ ⊔⟨⌉⇕⇔ ∇⊣⊔⟨⌉∇ ⊔⟨⊣\ ⊒⟩⊔⟨ ∫⟩\}↕⌉ ∫⌉\∫⌉∫ ≀{ ∫⟩⇕√↕⌉ ≀⌊|⌉⌋⊔ ⊒≀∇⌈∫ ⊣\⌈ ⊣⌋⊔⟩≀\∫⪰ ⇐W⟩↕‖∫⇔ ∞∃∀⇎ √↙ ∞∃△⇒↙ T⟨⌉∇⌉ ⊣∇⌉ ⊣↕∫≀ ∫≀⇕⌉ ⟩⇕√≀∇⊔⊣\⊔ ⌈⟩{{⌉∇⌉\⌋⌉∫ ⌊⌉⊔⊒⌉⌉\ ⊔⟨⌉ ⊔⊒≀ ⊣√√∇≀⊣⌋⟨⌉∫⇔ ⇕≀∫⊔ \≀⊔⊣⌊↕† ⊔⟨⌉ ∐⊓⌉∫⊔⟩≀\ ≀{ ↕⌉§⟩⌋⊣↕ ⌈⌉⌋≀⇕√≀∫⟩⊔⟩≀\↙ A↕⊔⟨≀⊓}⟨ I ∇⌉⌋≀}\⟩‡⌉ ⊔⟨⊣⊔ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫ ⊣∇⌉ ≀\↕† ≀\⌉ √⊣∇⊔ ≀{ ⊣ ⇕≀∇⌉ }⌉\⌉∇⊣↕ ⟩\⊔⌉∇√∇⌉⊔⟩⊑⌉ √∇≀⌋⌉∫∫⇔ ⊣\⌈ ⊔⟨⌉∇⌉{≀∇⌉ ⊔⟨⊣⊔ ∫≀⇕⌉ ⇕≀∇⌉ ⌉↕⊣⌊≀∇⊣⊔⌉⌈ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\ ≀{ ⊣⌋⊔⟩≀\∫ ⊣\⌈ √⊣∇⊔⟩⌋⟩√⊣\⊔∫ ⊒⟩↕↕ ⊓↕⊔⟩⇕⊣⊔⌉↕† ⌊⌉ \⌉⌋⌉∫∫⊣∇†⇔ I ⊣⇕ ⌈⟩∫⊔∇⊓∫⊔{⊓↕≀{ ⊣⊔⊔⌉⇕√⊔∫ ⊔≀ ∇⌉√∇⌉∫⌉\⊔ ⇕⌉⊣\⟩\} ⌉§⟨⊣⊓∫⊔⟩⊑⌉↕† ⊣\⌈ ⌈⌉⌋≀⇕√≀∫⟩⊔⟩≀\⊣↕↕† ⊓∫⟩\} ⊣ ∫⇕⊣↕↕⇐⟩∫⟨⇒ ∫⌉⊔ ≀{ √∇⟩⇕⟩⊔⟩⊑⌉∫↙ A↕⊔⟨≀⊓}⟨ I ≀{{⌉∇ \≀ ⊣↕⊔⌉∇\⊣⊔⟩⊑⌉ ∫≀↕⊓⊔⟩≀\ ⊣⊔ √∇⌉∫⌉\⊔⇔ I ⊣⇕ ⌉\⌋≀⊓∇⊣}⌉⌈ ⟩\ ⊔⟨⟩\‖⟩\} ⊔⟨⊣⊔ ∫⊓⌋⟨ ⊣ ∫≀↕⊓⊔⟩≀\ ⇕⊣† ⌊⌉ √≀∫∫⟩⌊↕⌉ ⌊† ⊔⟨⌉ {⊣⌋⊔ ⊔⟨⊣⊔ ⊔⟨⌉ ⌋⊓∇∇⌉\⊔ ⇕≀⌈⌉↕ ⌋≀\⊔⊣⟩\∫ \≀ ⌉§√↕⟩⌋⟩⊔ ⊖⌉\⊓⇕⌉∇⊣⊔⟩≀\⪰ ≀{ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ √∇≀√⌉∇⊔⟩⌉∫↙ F≀∇ ⌉§⊣⇕√↕⌉⇔ ⊔⟨⌉ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ √∇≀⊘↕⌉ ≀{ ⟩\⊔⌉∇∇≀}⊣⊔⌉ ⌋∇≀≀‖ ⟩∫¬

△ ⇐∞′∞⇒ V⊣↕⊓⌉ C↕⊣∫∫ ⌋≀\⊔⊣⟩\⟩\} ∫⌋≀∇⌉ ∃↙∋∀ ⟨√⌉∇∫≀\⟩ ∃↙∋▽ ⟨⊣}⌉\⊔⟩ ∃↙∈∞ ⟨↕⟩{⌉ {≀∇⇕⟩ ↙̸∋∋ ⟨⌉\⊔⟩⊔†⟩ ′↙∃ ̸⟨⊒∇≀\}⌈≀⌉∇⟩ ′↙∃▽ ⟨⌊⊣⌈ √⌉∇∫≀\⟩ ′↙△△ ⟨⌋∇⟩⇕⟩\⊣↕⟩ ′↙′∃ ⟨⟩⇕√↕⌉⇕⌉\⊔⟩ ↖′↙′∈ ⟨⊣∇⊔⟩⌋↕⌉ ≀{ ⌋≀⇕⇕⌉∇⌋⌉⟩ ↖′↙∈ ̸⟨⊣∇⊔⟩{⊣⌋⊔⟩ ↖′↙∋ ⟨≀⌊|⌉⌋⊔⟩ ⊒⟨⟩⌋⟨ ⇕⊣‖⌉∫ ⟩⇕⇕⌉⌈⟩⊣⊔⌉↕† ⊣√√⊣∇⌉\⊔ ⊔⟨⌉ ⌋≀∇∇⌉⌋⊔ ∇⌉⊣⌈⟩\} ≀{ ⊔⟨⌉ ⌈⟩∇⌉⌋⊔ ≀⌊|⌉⌋⊔ ⟩\ ⇐∃∃⇒↙ A↕⊔⟨≀⊓}⟨ ⊔⟨⌉ ⌈⟩∫⊣⇕⌊⟩}⊓⊣↖ ⊔⟩≀\ ⟨⌉∇⌉ ⟩∫ ⊣⌋⌋≀⇕√↕⟩∫⟨⌉⌈ ⊓∫⟩\} ⊣ ⊔⊣§≀\≀⇕⟩⌋ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\ ≀{ \≀⊓\ ⇕⌉⊣\⟩\}⇔ ⊔⟨⌉ √∇⌉{⌉∇⌉\⌋⌉ ≀{ ⟩\⊔⌉∇∇≀}⊣⊔⌉ {≀∇ ⟩⊔∫ ⌈⟩∇⌉⌋⊔ ≀⌊|⌉⌋⊔ ⊣∇}⊓⇕⌉\⊔ ⟩∫ \≀⊔ ⊣\ ⌉\⊓⇕⌉∇⊣⊔⌉⌈ ∫⌉⊔ ≀{ √∇≀√⌉∇⊔⟩⌉∫ ⌉§⌋⌉√⊔ ⟩\ ⊔⟨⌉ ∫⌉\∫⌉ ⊔⟨⊣⊔ ⊔⟨⌉ √∇⟩≀∇ ⊣\⌈ √≀∫⊔⌉∇⟩≀∇ √∇≀⌊⊣⌊⟩↕⟩⊔† ⌈⟩∫⊔∇⟩⌊⊓⊔⟩≀\∫ ∇⊣\}⌉ ≀⊑⌉∇ ⊔⟨⌉ ⌉\⊔⟩∇⌉ ⌋≀\⌋⌉√⊔⊓⊣↕ ∫√⊣⌋⌉↙ T⊓∇\⟩\} ⊔≀ ⌋≀∇√⊓∫↖⌊⊣∫⌉⌈ ⇕≀⌈⌉↕∫⇔ ⇕⊓⌋⟨ ≀{ ⊔⟨⌉ ∇⌉⌋⌉\⊔ ⊣⌋⊔⟩⊑⟩⊔† ⟩\ ∫⊔⊣⊔⟩∫⊔⟩⌋⊣↕ ⇕⌉⊔⟨≀⌈∫ {≀∇ \⊣⊔⊓∇⊣↕ ↕⊣\}⊓⊣}⌉ √∇≀⌋⌉∫∫⟩\} ⟩∫ ∇⌉↕⊣⊔⌉⌈ ⊔≀ ⊔⟨⌉ ⊣√√∇≀⊣⌋⟨ I ⟨⊣⊑⌉ ⌊⌉⌉\ √⊓∇∫⊓⟩\}⇔ ⟩\ ⊔⟨⌉ ∫⌉\∫⌉ ⊔⟨⊣⊔ ⊣\† ⇕≀⌈⌉↕ ⟩\⊑≀↕⊑⟩\} ↕⌉§⟩⌋⊣↕ ⌋≀↖≀⌋⌋⊓∇∇⌉\⌋⌉ √∇≀⌊⊣⌊⟩↕⟩⊔⟩⌉∫ ⟩∫⇔ ⊣√√∇≀√∇⟩⊣⊔⌉↕† ⌋≀\∫⊔∇⊓⌉⌈⇔ ⊣ ⇕≀⌈⌉↕ ≀{ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫↙ A ⇕≀∇⌉ ⌋↕⌉⊣∇↕† ∇⌉↕⌉⊑⊣\⊔ ∫⊓⌊∫⌉⊔ ⟩∫ ⊔⟨⌉ ∫⌉⊔ ≀{ √∇≀⌊⊣⌊⟩↕⟩∫⊔⟩⌋ ⇕≀⌈⌉↕∫ ⟩\⊑≀↕⊑⟩\} ⊒≀∇⌈ ⌋↕⊣∫∫⌉∫∅ ⊔⟨⌉∫⌉ ⊒⌉∇⌉ ⊔⟨⌉ ∫⊓⌊|⌉⌋⊔ ≀{ ⊔⟨⌉ ↕⟩⊔⌉∇⊣⊔⊓∇⌉ ∇⌉⊑⟩⌉⊒ ⟩\ S⌉⌋⊔⟩≀\∫ ∈↙∋ ⊣\⌈ ∈↙△↙ H≀⊒⌉⊑⌉∇⇔ ≀\↕† ⊣ {⌉⊒ ∇⌉⌋⌉\⊔ √∇≀√≀∫⊣↕∫ ⇕⊣‖⌉ ⌉§√↕⟩⌋⟩⊔ ∇⌉{⌉∇⌉\⌋⌉ ⊔≀ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫↙ G∇⟩∫⟨⇕⊣\ ⊣\⌈ S⊔⌉∇↕⟩\} ⇐∞∃∃∈∅ ∞∃∃∋⇒ ⟨⊣⊑⌉ ⊣⌈≀√⊔⌉⌈ ⊣ {∇⌉∐⊓⌉\⌋†↖⌊⊣∫⌉⌈ ⊣√√∇≀⊣⌋⟨¬ ⊣ ∇⌉↕⊣⊔⟩≀\⊣↕ ⊔∇⟩√↕⌉ ⇐⌉↙}↙ ∪⌉⊣⊔⇔∫⊓⌊|⌉⌋⊔⇔F∇⌉⌈⊎⇒ ⟩∫ ∇⊓↕⌉⌈ ≀⊓⊔ ≀\ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ }∇≀⊓\⌈∫ ⟩{ ⟩⊔ ⌈⟩⌈ \≀⊔ ⊣√√⌉⊣∇ ⟩\ ⊔⟨⌉ ⊔∇⊣⟩\⟩\} ⌈⊣⊔⊣ ∫≀⇕⌉ ⇕⟩\⟩⇕⊣↕ \⊓⇕⌊⌉∇ ≀{ ⊔⟩⇕⌉∫↙ I\ ⊔⟨⌉⟩∇ ⌉⊣∇↕⟩⌉∇ √⊣√⌉∇⇔ G∇⟩∫⟨⇕⊣\ ⊣\⌈ S⊔⌉∇↕⟩\} ⊓∫⌉⌈ ⊣ ⇕⊣\⊓⊣↕↕†↖⌋≀\∫⊔∇⊓⌋⊔⌉⌈ \≀⊓\ ⌋↕⊣∫∫⟩⊘⌋⊣⊔⟩≀\ ⟨⟩⌉∇⊣∇⌋⟨† ⊔≀ }⌉\⌉∇⊣↕⟩‡⌉ ⊔⟨⌉ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ √⊣⊔⊔⌉∇\∫ ⟩\ ⊔⟨⌉ ⊔∇⊣⟩\⟩\} ⌋≀∇√⊓∫∅ ⟨≀⊒⌉⊑⌉∇ ⟩\ ⇕≀∇⌉ ∇⌉⌋⌉\⊔ ⊒≀∇‖ ⊔⟨⌉† ⟨⊣⊑⌉ ∫⟨⟩{⊔⌉⌈ ⊔≀ ⊣ ∫⇕≀≀⊔⟨⟩\} ⊔⌉⌋⟨\⟩∐⊓⌉ ⌊⊣∫⌉⌈ ≀\ ⊣ ⌈⟩∫⊔∇⟩⌊⊓⊔⟩≀\⊣↕ ⇕⌉⊣∫⊓∇⌉ ≀{ \≀⊓\ ∫⟩⇕⟩↕⊣∇⟩⊔† ⇐∫⌉⌉ ⌈⟩∫⌋⊓∫∫⟩≀\ ⟩\ S⌉⌋⊔⟩≀\ ∈↙∋⇒↙ A ∫⟩⇕⟩↕⊣∇ ⊣√√∇≀⊣⌋⟨ ⟩∫ ⊔⊣‖⌉\ ⌊† S⌉‖⟩\⌉ ⌉⊔ ⊣↕↙ ⇐∞∃∃∈⇒⇔ ⊒⟨≀ ⌋↕⊓∫⊔⌉∇ ⊒≀∇⌈∫ ≀\ ⊔⟨⌉ ⌊⊣∫⟩∫ ≀{ ⌈⟩∫⊔∇⟩⌊⊓⊔⟩≀\⊣↕ ∫⟩⇕⟩↕⊣∇⟩⊔† ⊣\⌈ ⊓∫⌉ ⊔⟨⌉ ⌋↕⊓∫⊔⌉∇∫ ⟩\ ⟩⌈⌉\⊔⟩{†⟩\} ∫⌉↕⌉⌋⊔⟩≀\⊣↕ √⊣⊔⊔⌉∇\∫↙ A ⊔⟨⟩∇⌈ ⊣√√∇≀⊣⌋⟨ ≀{ ⊔⟨⟩∫ ‖⟩\⌈ ⟩∫ ∫⌉⌉\ ⟩\ ⊔⟨⌉ ⊒≀∇‖ ≀{ V⌉↕⊣∇⌈⟩ ⊣\⌈ ⌋≀↕↕⌉⊣}⊓⌉∫ ⇐V⌉↕⊣∇⌈⟩⇔ ∞∃∃∞∅ V⌉↕⊣∇⌈⟩⇔ P⊣‡⟩⌉\‡⊣⇔ ⊣\⌈ F⊣∫≀↕≀⇔ ∞∃∃∞∅ B⊣∫⟩↕⟩⇔ P⊣‡⟩⌉\‡⊣⇔ ⊣\⌈ V⌉↕⊣∇⌈⟩⇔ ∞∃∃∞∅ B⊣∫⟩↕⟩⇔ P⊣‡⟩⌉\‡⊣⇔ ⊣\⌈ V⌉↕⊣∇⌈⟩⇔ ∞∃∃∈⇒ � ⊔⟨⌉†⇔ ⊔≀≀⇔ {≀⌋⊓∫ ≀\ ⊔⟨⌉ ⊣⌋∐⊓⟩∫⟩⊔⟩≀\ ≀{ ∇⌉↕⊣⊔⟩≀\⊣↕ ⊔∇⟩√↕⌉∫⇔ ⌉§√∇⌉∫∫⌉⌈ ⊓∫⟩\} ⊣ ∇⌉↕⊣⊔⟩⊑⌉↕† ∫⇕⊣↕↕ ∫⌉⊔ ≀{ ∫⌉⇕⊣\⊔⟩⌋ ⊔⊣}∫ ⊒⟩⊔⟨⟩\ ⊣ ∇⌉∫⊔∇⟩⌋⊔⌉⌈ ⌈≀⇕⊣⟩\↙ I ⊔⟨⟩\‖ ⊔⟨⌉ √∇≀√≀∫⊣↕ I ⟨⊣⊑⌉ ⇕⊣⌈⌉ ⟩\ ⊔⟨⟩∫ ⌋⟨⊣√⊔⌉∇ ⌈⟩{{⌉∇∫ {∇≀⇕ √∇⌉⊑⟩≀⊓∫ ⌋≀∇√⊓∫↖⌊⊣∫⌉⌈ ⊣√√∇≀⊣⌋⟨⌉∫ ⟩\ ⊣ \⊓⇕⌊⌉∇ ≀{ ⟩⇕√≀∇⊔⊣\⊔ ⊒⊣†∫↙ F⟩∇∫⊔⇔ ⊓\↕⟩‖⌉ ⇕≀∫⊔ ⌉§⟩∫⊔⟩\} ⊒≀∇‖ ≀\ ⌉§⊔∇⊣⌋⊔⟩\} ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫ {∇≀⇕ ⌋≀∇√≀∇⊣⇔ I ⟨⊣⊑⌉ ⌋≀⇕⇕⟩⊔⊔⌉⌈ {∇≀⇕ ⊔⟨⌉ ≀⊓⊔∫⌉⊔ ⊔≀ ⊒≀∇‖⟩\} ⊒⟩⊔⟨ ⊓\⌋≀\∫⊔∇⊣⟩\⌉⌈ ⌈⊣⊔⊣ ∇⊣⊔⟨⌉∇ ⊔⟨⊣\ ↕⟩⇕⟩⊔⌉⌈ ∫⊓⌊⌈≀⇕⊣⟩\∫∅ ⊣∫ ⊣ ∇⌉∫⊓↕⊔⇔ ⊔⟨⌉ ∐⊓⌉∫⊔⟩≀\∫ ≀{ ⟨≀⊒ ⊔⟨⌉ √∇≀√≀∫⊣↕ ⊒⟩↕↕ ⊖∫⌋⊣↕⌉ ⊓√⪰ ≀∇ ⟨≀⊒ ⊖⊔∇⊣\∫√≀∇⊔⊣⌊↕⌉⪰ ⟩⊔ ⟩∫ ⊣∇⌉ ⇕⊓⌋⟨ ↕⌉∫∫ ≀{ ⊣ ⌋≀\⌋⌉∇\↙ S⌉⌋≀\⌈⇔ ⇕† ⌉⇕√⟨⊣∫⟩∫ ⟨⊣∫ ⌊⌉⌉\ ≀\ ∇⌉⌈⌉⊘\⟩\} ⊔⟨⌉ \≀⊔⟩≀\ ≀{ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ √∇⌉{⌉∇⌉\⌋⌉⇔ \≀⊔ ⌉§⊔∇⊣⌋⊔⟩\} ⊣ ⌋⊣⊔⊣↕≀}⊓⌉ ≀{ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ √⊣⊔⊔⌉∇\∫ {∇≀⇕ ⌋≀∇√≀∇⊣↙ T⟨⌉ ↕⊣⊔⊔⌉∇⇔ ⊔⟨≀⊓}⟨ ⊣\ ⟩⇕√≀∇⊔⊣\⊔ √∇≀⌊↕⌉⇕⇔ ⟩∫ ⇕≀∇⌉ ⌋↕≀∫⌉↕† ∇⌉↕⊣⊔⌉⌈ ⊔≀ ⊔⟨⌉ ⊖⊔∇⊣⌈⟩⊔⟩≀\⊣↕⪰ ⊑⟩⌉⊒ ≀{ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫⇔ ∫⟩\⌋⌉ ⊣∫∫≀⌋⟩⊣⊔⟩\} ⊣ ∫⌉⊔ ≀{ ⌋↕⊣∫∫⌉∫ ⊒⟩⊔⟨ ⊔⟨⌉ ⊣∇}⊓⇕⌉\⊔ ≀{ ⊣ √∇⌉⌈⟩⌋⊣⊔⌉ ⟩∫ ⌉∐⊓⟩⊑⊣↕⌉\⊔ ⊔≀ ∫√⌉⌋⟩{†⟩\} ⊣ ⌈⟩∫|⊓\⌋⊔⟩⊑⌉ ⇐⟨⌉\⌋⌉ B≀≀↕⌉⊣\⇒ ⊣√√↕⟩⌋⊣⌊⟩↕⟩⊔† ⌋≀\⌈⟩⊔⟩≀\ ≀\ ⊔⟨⊣⊔ ⊣∇}⊓⇕⌉\⊔↙ A ⊔⟨⟩∇⌈ ⌋↕≀∫⌉↕† ∇⌉↕⊣⊔⌉⌈ √≀⟩\⊔ ⟩∫ ⊔⟨⊣⊔ I ⟨⊣⊑⌉ ⊣⊔⊔⌉⇕√⊔⌉⌈ ⊔≀ ⇕⊣‖⌉ ∫⊓∇⌉ ⊔⟨⊣⊔ ⊔⟨⌉ ⇕≀⌈⌉↕ ≀{ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫ ⟨⊣∫ ⊣ ∇⌉⊣∫≀\⊣⌊↕† ⊒⌉↕↕↖∫√⌉⌋⟩⊘⌉⌈ ∫⌉⇕⊣\⊔⟩⌋∫⇔ ∫≀⇕⌉⊔⟨⟩\} ⊔⟨⊣⊔ ⟩∫ \≀⊔ ⌈≀\⌉ ⟩\ ⇕≀∫⊔ ⌋≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ √∇≀√≀∫⊣↕∫ ⇐⊔⟨≀⊓}⟨ ∫⌉⌉ ⇐V⌉↕⊣∇⌈⟩⇔ ∞∃∃∞⇒ {≀∇ ⊣\ ⟩\⊔⌉∇⌉∫⊔⟩\} ⌈⟩∫⌋⊓∫∫⟩≀\ ≀\ ⊔⟨⌉ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√ ⌊⌉⊔⊒⌉⌉\ ⌋≀∇√≀∇⊣ ⊣\⌈ ⊑⊣∇⟩≀⊓∫ {≀∇⇕∫ ≀{

▽ ∫⌉⇕⊣\⊔⟩⌋ ‖\≀⊒↕⌉⌈}⌉⇒↙ I\ √⊣∇⊔⟩⌋⊓↕⊣∇⇔ I ⟨⊣⊑⌉ }∇≀⊓\⌈⌉⌈ ⊔⟨⌉ IS↖A ∇⌉↕⊣⊔⟩≀\∫⟨⟩√ ⟩\ ⊔⟨⌉ ⊖√↕⊣⊓∫⟩⌊↕⌉ ⌉\⊔⊣⟩↕⇕⌉\⊔⪰ ⌈⌉⊘\⟩⊔⟩≀\ ≀{ ∫†\≀\†⇕† ⊣\⌈ ⟨†√≀\†⇕†⇔ ⌋⊣∇⌉{⊓↕↕† ⌈⟩∫⊔⟩\}⊓⟩∫⟨⌉⌈ ⊔⟨⌉ ∫⌉⇕⊣\⊔⟩⌋ ⌋⟨⊣∇⊣⌋⊔⌉∇⟩‡⊣⊔⟩≀\ ≀{ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫ {∇≀⇕ ⊔⟨⌉ ⟩\{⌉∇⌉\⊔⟩⊣↕ ⌋⟨⊣∇⊣⌋⊔⌉∇⟩‡⊣⊔⟩≀\⇔ ⊣\⌈ ⌈⌉⊘\⌉⌈ ⊔⟨⌉ ⌋⌉\⊔∇⊣↕ ⟩⌈⌉⊣∫ ≀{ ⊔⟨⌉ √∇≀√≀∫⊣↕ � ∫⌉↕⌉⌋⊔⟩≀\⊣↕ √∇⌉{⌉∇⌉\⌋⌉ ∫⊔∇⌉\}⊔⟨ ⊣\⌈ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⊣∫∫≀⌋⟩⊣⊔⟩≀\ � ⟩\ ⊔⌉∇⇕∫ ≀{ ∇⌉↕⊣⊔⟩⊑⌉ ⌉\⊔∇≀√†⇔ ⊣\ ⟩\{≀∇⇕⊣⊔⟩≀\↖⊔⟨⌉≀∇⌉⊔⟩⌋ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√ ⊔⟨⊣⊔ ⟩∫ ⊒⌉↕↕ ⊓\⌈⌉∇∫⊔≀≀⌈ ⊣\⌈ ⟨⊣∫ ⊣ ⌋↕⌉⊣∇⇔ ⟩\⊔⊓⟩⊔⟩⊑⌉ ⟩\⊔⌉∇√∇⌉⊔⊣⊔⟩≀\↙

∋↙∃ S⊓⇕⇕⊣∇† T≀ ∫⊓⇕ ⊓√ ⊔⟨⌉ ⇕⊣⟩\ √≀⟩\⊔∫ ≀{ ⊔⟨⟩∫ ⌋⟨⊣√⊔⌉∇⇔ I ∇⌉⊑⟩⌉⊒⌉⌈ ⊔⟨⌉ ⊖∫⌉⇕⊣\⊔⟩⌋⪰ ⊣\⌈ ⊖⟩\{⌉∇⌉\⊔⟩⊣↕⪰ ⊑⟩⌉⊒∫ ≀{ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫⇔ ⊘\⌈⟩\} ⌉⇕√⟩∇⟩⌋⊣↕ √∇≀⌊↕⌉⇕∫ ⊒⟩⊔⟨ ⊔⟨⌉ {≀∇⇕⌉∇ ⊣\⌈ √∇⊣⌋⊔⟩⌋⊣↕ √∇≀⌊↕⌉⇕∫ ⟩\ {≀∇⇕⊣↕⟩‡⟩\} ⊔⟨⌉ ↕⊣⊔⊔⌉∇↙ A∫ ⊣\ ⊣↕⊔⌉∇\⊣⊔⟩⊑⌉⇔ I √∇≀√≀∫⌉⌈ {≀∇⇕⊣↕⟩‡⟩\} ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫ ⟩\ ⟩\{⌉∇⌉\⊔⟩⊣↕ ⊔⌉∇⇕∫⇔ ⌊⊓⊔ ⊖⟨⟩⌈⟩\}⪰ ⊔⟨⌉ ⊣⌋⊔⊓⊣↕ ⟩\{⌉∇⌉\⊔⟩⊣↕ √∇≀⌋⌉∫∫⌉∫ ⊒⟩⊔⟨⟩\ ⊔⟨⌉ ⌈⌉⊘\⟩⊔⟩≀\ ≀{ ⊣ ⌋≀\⌋⌉√⊔⊓⊣↕ ⊔⊣§≀\≀⇕† ⌊† }∇≀⊓\⌈⟩\} ⊔⟨⌉ ⊔⊣§≀\≀⇕† ⟩\ ⊔⟨⌉ \≀⊔⟩≀\ ≀{ ⊖√↕⊣⊓∫⟩⌊↕⌉ ⌉\⊔⊣⟩↕⇕⌉\⊔↙⪰ I ⊔⟨⌉\ ⌈⌉⊘\⌉⌈ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫ ⟩\ ⊔⌉∇⇕∫ ≀{ √∇⌉{⌉∇⌉\⌋⌉⇔ ⊓∫⟩\} ⊣\ ⟩\{≀∇⇕⊣⊔⟩≀\↖⊔⟨⌉≀∇⌉⊔⟩⌋ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√ ⌊⌉⊔⊒⌉⌉\ √∇⌉⌈⟩⌋⊣⊔⌉∫ ⊣\⌈ ⊔⟨⌉ ⊔⊣§≀\≀⇕⟩⌋ ⌋↕⊣∫∫⌉∫ ≀{ ⊣∇}⊓⇕⌉\⊔∫↙ T⟨⌉ ∇⌉∫⊔ ≀{ ⊔⟨⌉ ⌋⟨⊣√⊔⌉∇ ⊒⊣∫ ⌈⌉⊑≀⊔⌉⌈ ⊔≀ ⊣ ⌈⟩∫⌋⊓∫∫⟩≀\ ≀{ ⊔⟨⌉ ⌉§√⌉⌋⊔⌉⌈ ⌊⌉⟨⊣⊑⟩≀∇ ≀{ ⊔⟨⌉ ⇕≀⌈⌉↕⇔ ⊣\⌈ ⊣ ⌈⌉⇕≀\∫⊔∇⊣⊔⟩≀\ ≀{ ⊣⌋⊔⊓⊣↕ ⌊⌉⟨⊣⊑⟩≀∇ ⌊† ⇕⌉⊣\∫ ≀{ ⊣ ⌋≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ ⟩⇕√↕⌉⇕⌉\⊔⊣⊔⟩≀\↙ T⊒≀ ∫⌉⊔∫ ≀{ ⌉⇕√⟩∇⟩⌋⊣↕ ⌈⊣⊔⊣ ⊒⌉∇⌉ ⌋≀\∫⟩⌈⌉∇⌉⌈¬ ⊔⟨⌉ ∫⌉⊔ ≀{ ⊖⊔∇⊣⌈⟩⊔⟩≀\⊣↕⪰ ⌉§⊣⇕√↕⌉∫ {∇≀⇕ ⊔⟨⌉ ↕⟩⊔⌉∇⊣⊔⊓∇⌉ ⊔⟨⊣⊔ ⊒⌉∇⌉ ⟩\⊔∇≀⌈⊓⌋⌉⌈ ≀⊑⌉∇ ⊔⟨⌉ ⌋≀⊓∇∫⌉ ≀{ ⊔⟨⌉ ⌈⟩∫⌋⊓∫∫⟩≀\⇔ ⊣\⌈ ∫⊔⟩⇕⊓↕⟩ ⌋≀\⊔⊣⟩\⟩\} ⊖√↕⊣⊓∫⟩⌊↕⌉⪰ ⊣\⌈ ⊖⟩⇕√↕⊣⊓∫⟩⌊↕⌉⪰ √∇⌉⌈⟩⌋⊣⊔⌉↖⊣∇}⊓⇕⌉\⊔ ⌋≀⇕⌊⟩\⊣⊔⟩≀\∫ ⊣∫ ⌈⌉⊔⌉∇⇕⟩\⌉⌈ ⊓∫⟩\} ∇⊣⊔⟩\}∫ ⊔⊣∫‖∫ ⊒⟩⊔⟨ ⟨⊓⇕⊣\ ∫⊓⌊|⌉⌋⊔∫↙ I\ ⊔⟨⌉ ⌋⟨⊣√⊔⌉∇∫ ⊔⟨⊣⊔ {≀↕↕≀⊒⇔ I ⊒⟩↕↕ ⌋≀\∫⟩⌈⌉∇ ⊣√√↕⟩⌋⊣⊔⟩≀\∫ ≀{ ⊔⟨⟩∫ ⇕≀⌈⌉↕↙ I\ C⟨⊣√⊔⌉∇ △⇔ I ⌈⌉⇕≀\∫⊔∇⊣⊔⌉ ⊣ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√ ⌊⌉⊔⊒⌉⌉\ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ √∇⌉{⌉∇⌉\⌋⌉ ∫⊔∇⌉\}⊔⟨ ⊣\⌈ ⊔⟨⌉ ⊣∇}⊓⇕⌉\⊔ ∇⌉⊣↕⟩‡⊣⊔⟩≀\ √∇≀√⌉∇⊔⟩⌉∫ ≀{ ⊣ ⌋↕⊣∫∫ ≀{ ⊑⌉∇⌊∫ ⟩\ E\}↕⟩∫⟨⇔ ⊣\⌈ ∫‖⌉⊔⌋⟨ ⟨≀⊒ ⊔⟨⌉ ⌋≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ ⇕≀⌈⌉↕ I ⟨⊣⊑⌉ √∇≀√≀∫⌉⌈ ⇕⟩}⟨⊔ ⊘⊔ ⟩\⊔≀ ⊣ ⇕≀⌈⌉↕ ≀{ ⊑⌉∇⌊ ⊣⌋∐⊓⟩∫⟩⊔⟩≀\↙ I\ C⟨⊣√⊔⌉∇ ▽⇔ I ⌉§√↕≀∇⌉ ⊔⟨⌉ ⊣√√↕⟩⌋⊣⊔⟩≀\ ≀{ ⊔⟨⌉ ⟩⇕√↕⌉⇕⌉\⊔⌉⌈ ⇕≀⌈⌉↕ ⊔≀ ⊔⟨⌉ √∇⊣⌋⊔⟩⌋⊣↕ √∇≀⌊↕⌉⇕ ≀{ ∫†\⊔⊣⌋⊔⟩⌋ ⌈⟩∫⊣⇕⌊⟩}⊓⊣⊔⟩≀\ ⟩\ ⊓\⌋≀\∫⊔∇⊣⟩\⌉⌈ ⊔⌉§⊔↙

C⟨⊣√⊔⌉∇ △

S⌉↕⌉⌋⊔⟩≀\⊣↕ P∇⌉{⌉∇⌉\⌋⌉ ⊣\⌈ I⇕√↕⟩⌋⟩⊔

O⌊|⌉⌋⊔∫

I\ ⊔⟨⟩∫ ⌋⟨⊣√⊔⌉∇⇔ I ⟩\⊑⌉∫⊔⟩}⊣⊔⌉ ≀\⌉ ⊣√√↕⟩⌋⊣⊔⟩≀\ ≀{ ⊔⟨⌉ ⇕≀⌈⌉↕ √∇≀√≀∫⌉⌈ ⟩\ C⟨⊣√⊔⌉∇ ∋⇔ ⌉§√↕≀∇⟩\} ⊔⟨⌉ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√ ⌊⌉⊔⊒⌉⌉\ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫ ⊣\⌈ ⊣∇}⊓⇕⌉\⊔ ≀⇕⟩∫∫⟩⌊⟩↕⟩⊔† {≀∇ ⊑⌉∇⌊∫ ⟩\ E\}↕⟩∫⟨↙ I⊔ ⟨⊣∫ ⌊⌉⌉\ ≀⌊∫⌉∇⊑⌉⌈ ⊔⟨⊣⊔ ⊔⟨⌉ ⊣⌊⟩↕⟩⊔† ≀{ ∫≀⇕⌉ ⊑⌉∇⌊∫ ⊔≀ ≀⇕⟩⊔ ⊔⟨⌉⟩∇ ≀⌊|⌉⌋⊔∫ ⟩∫ ⌋≀\\⌉⌋⊔⌉⌈ ⊒⟩⊔⟨ ⊔⟨⌉ ⟩\{⌉∇⊣⌊⟩↕⟩⊔† ≀{ √∇≀√⌉∇⊔⟩⌉∫ {≀∇ ⊔⟨⊣⊔ ⊣∇}⊓⇕⌉\⊔∅ I ⊣∇}⊓⌉ ⟩\{⌉∇⊣⌊⟩↕⟩⊔† ⌋⊣\ ⊔≀ ⊣ }∇⌉⊣⊔ ⌉§⊔⌉\⊔ ⌊⌉ ⟩⌈⌉\⊔⟩⊘⌉⌈ ⊒⟩⊔⟨ ⊔⟨⌉ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⟩\{≀∇⇕⊣⊔⟩≀\ ⌋⊣∇∇⟩⌉⌈ ⌊† ⊔⟨⌉ ⊑⌉∇⌊↙ T⟨⟩∫ ⟨†√≀⊔⟨⌉∫⟩∫ ⟩∫ ∫⊓√√≀∇⊔⌉⌈ ⌊† ⊣ ⌋≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ ∫⊔⊓⌈†¬ ⊔⟨⌉ ⊘∇∫⊔ ⌉§√⌉∇⟩⇕⌉\⊔ ⌈⌉⇕≀\∫⊔∇⊣⊔⌉∫ ⊔⟨⊣⊔ ⊑⌉∇⌊∫ √⌉∇⇕⟩⊔⊔⟩\} ⟩⇕√↕⟩⌋⟩⊔ ≀⌊|⌉⌋⊔∫ ⊔⌉\⌈ ⊣∫ ⊣ }∇≀⊓√ ⊔≀ ∫⌉↕⌉⌋⊔ ⇕≀∇⌉ ∫⊔∇≀\}↕† {≀∇ ⊔⟨⊣⊔ ⊣∇}⊓⇕⌉\⊔ ⊔⟨⊣\ ≀⌊↕⟩}⊣⊔≀∇⟩↕† ⊔∇⊣\∫⟩⊔⟩⊑⌉ ⊑⌉∇⌊∫∅ ⊔⟨⌉ ∫⌉⌋≀\⌈ ⌉§√⌉∇⟩⇕⌉\⊔ ⌈⌉⇕≀\∫⊔∇⊣⊔⌉∫ ⊔⟨⊣⊔ ⊔⟨⌉ ⊔⌉\⌈⌉\⌋† ⟩\ √∇⊣⌋⊔⟩⌋⌉ ⊔≀ ⌈∇≀√ ⊔⟨⌉ ≀⌊|⌉⌋⊔ ≀{ ⊑⌉∇⌊∫ ⌋≀∇∇⌉↕⊣⊔⌉∫ ⊒⟩⊔⟨ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ √∇⌉{⌉∇⌉\⌋⌉ ∫⊔∇⌉\}⊔⟨∅ ⊣\⌈ ⊣ ⊔⟨⟩∇⌈ ⌉§√⌉∇⟩⇕⌉\⊔ ⟩\⊑⌉∫⊔⟩}⊣⊔⌉∫ ⊔⟨⌉ ⟩\{⌉∇⊣⌊⟩↕⟩⊔† ≀{ ⌈⟩∇⌉⌋⊔ ≀⌊|⌉⌋⊔∫ {≀∇ ⊑⌉∇⌊∫ ⊔⟨⊣⊔ ⌈≀ ⊣\⌈ ⌈≀ \≀⊔ ∇⌉∐⊓⟩∇⌉ ⊣ ∫⊣↕⟩⌉\⊔ ⊣\⊔⌉⌋⌉⌈⌉\⊔ {≀∇ ⊔⟨⊣⊔ ⊣∇}⊓⇕⌉\⊔ ⟩\ ≀∇⌈⌉∇ {≀∇ ⟩⊔ ⊔≀ ⌊⌉ ≀⇕⟩⊔⊔⌉⌈↙ I ⌋≀\⌋↕⊓⌈⌉ ⊔⟨⌉ ⌋⟨⊣√⊔⌉∇ ⊒⟩⊔⟨ ⊣ ⌈⟩∫⌋⊓∫∫⟩≀\ ≀{ ∫≀⇕⌉ √≀∫∫⟩⌊↕⌉ ⟩⇕√↕⟩⌋⊣⊔⟩≀\∫ ≀{ ⊔⟨⟩∫ ∫⊔⊓⌈† {≀∇ ⊣⌋⌋≀⊓\⊔∫ ≀{ ⊑⌉∇⌊ ⊣⌋∐⊓⟩∫⟩⊔⟩≀\ ⌊† ⌋⟨⟩↕⌈∇⌉\↙

△↙∞ O⊑⌉∇⊑⟩⌉⊒

I\ ⊔⟨⟩∫ ⌋⟨⊣√⊔⌉∇⇔ I ⊣√√↕† ⊔⟨⌉ ⌈⌉⊘\⟩⊔⟩≀\ ≀{ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ √∇⌉{⌉∇⌉\⌋⌉ √∇≀√≀∫⌉⌈ ⟩\ C⟨⊣√⊔⌉∇ ∋ ⊔≀ ⊣ ↕⟩\}⊓⟩∫⊔⟩⌋ √∇≀⌊↕⌉⇕⇔ \⊣⇕⌉↕† ⊔⟨⌉ ∐⊓⌉∫⊔⟩≀\ ≀{ ⟨≀⊒ ⟩⊔ ⊣∇⟩∫⌉∫ ⊔⟨⊣⊔ ⌈⟩∇⌉⌋⊔ ≀⌊|⌉⌋⊔∫ ⊣∇⌉ ≀√⊔⟩≀\⊣↕ {≀∇ ∫≀⇕⌉ ⊔∇⊣\∫⟩⊔⟩⊑⌉ ⊑⌉∇⌊∫ ⟩\ E\}↕⟩∫⟨ ⊣\⌈ \≀⊔ {≀∇ ≀⊔⟨⌉∇∫↙ I ⌊⌉}⟩\ ⌊† ⌈⌉⊘\⟩\} ⊔⟨⌉ ∫†\⊔⊣⌋⊔⟩⌋ √⟨⌉\≀⇕⌉\≀\ ≀{ ⟩\⊔⌉∇⌉∫⊔⇔ ⊒⟨⟩⌋⟨ ⟨⊣∫ ∫≀⇕⌉⊔⟩⇕⌉∫ ⌊⌉⌉\ ∇⌉{⌉∇∇⌉⌈ ⊔≀ ⊣∫ ⟩\⊔∇⊣\∫⟩⊔⟩⊑⟩‡⊣⊔⟩≀\ ≀∇ ≀⌊|⌉⌋⊔ ⌈⌉↕⌉⊔⟩≀\↙ I ∇⌉∫⊔∇⟩⌋⊔ ⇕† ⊣⊔⊔⌉\⊔⟩≀\ ⊔≀ |⊓∫⊔ ⊔⟨≀∫⌉ ≀⇕⟩∫∫⟩≀\∫ ⊔⟨⊣⊔ ⊣∇⌉ ↕⟩⌋⌉\∫⌉⌈ ≀\ ⊔⟨⌉ ⌊⊣∫⟩∫ ≀{ ↕⌉§⟩⌋⊣↕ √∇≀√⌉∇⊔⟩⌉∫ ≀{ ⊔⟨⌉ ⊑⌉∇⌊ � ⊔⟨⊣⊔ ⟩∫⇔ I ⊣⇕ ⌋≀\⌋⌉∇\⌉⌈ ⊒⟩⊔⟨ ≀⌊|⌉⌋⊔ ≀⇕⟩∫∫⟩≀\ ⊣∫ ⊣ ⌋⊣∫⌉ ≀{ ⌈⟩⊣⊔⟨⌉∫⟩∫ ⊣↕⊔⌉∇\⊣⊔⟩≀\ ⇐L⌉⊑⟩\⇔ ∞∃∀∃⇒↙ A{⊔⌉∇ ⌈⟩∫⌋⊓∫∫⟩\} ⊔⟨⌉ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√ ⌊⌉⊔⊒⌉⌉\ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫ ⊣\⌈ √∇≀√⌉∇⊔⟩⌉∫ ≀{ ⟩⇕√↕⟩⌋⟩⊔ ≀⌊|⌉⌋⊔∫⇔ I ⌈⌉⊑⌉↕≀√ ⊔⟨⌉ ⟨†√≀⊔⟨⌉∫⟩∫ ⊔⟨⊣⊔ ∫⊔∇≀\} ∫⌉↕⌉⌋⊔⟩≀\⊣↕ √∇⌉{⌉∇⌉\⌋⌉ ⟩∫ ⟩\ {⊣⌋⊔ ⊣ ∇⌉∐⊓⟩∇⌉⇕⌉\⊔ {≀∇ ⊑⌉∇⌊∫ ⊔⟨⊣⊔ √⊣∇⊔⟩⌋⟩√⊣⊔⌉ ⟩\ ⟩⇕√↕⟩⌋⟩⊔ ≀⌊|⌉⌋⊔ ⊣↕⊔⌉∇\⊣⊔⟩≀\∫⇔ ⊣\⌈ ⊔⟨⊣⊔ ∫⊔∇⌉\}⊔⟨ ≀{ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ √∇⌉{⌉∇⌉\⌋⌉ ⟩∫ ⌋≀\\⌉⌋⊔⌉⌈ ⊒⟩⊔⟨ ⟨≀⊒ ⌉⊣∫⟩↕† √∇≀√⌉∇⊔⟩⌉∫ ≀{ ⊣∇}⊓⇕⌉\⊔∫ ⌋⊣\ ⌊⌉ ⟩\{⌉∇∇⌉⌈↙

△↙∈ I⇕√↕⟩⌋⟩⊔ O⌊|⌉⌋⊔ A↕⊔⌉∇\⊣⊔⟩≀\∫ D⟩⊣⊔⟨⌉∫⟩∫ ⊣↕⊔⌉∇\⊣⊔⟩≀\∫ ⊣∇⌉ ⊑⊣∇⟩⊣⊔⟩≀\∫ ⟩\ ⊔⟨⌉ ⊒⊣†∫ ⊔⟨⊣⊔ ⊑⌉∇⌊∫ ∫†\⊔⊣⌋⊔⟩⌋⊣↕↕† ∇⌉⊣↕⟩‡⌉ ⊔⟨⌉⟩∇ ⊣∇}⊓⇕⌉\⊔∫↙ F≀∇ ⌉§⊣⇕√↕⌉⇔ ⇐∞′∈⇒ ∫⟨≀⊒∫ ⊣\ ⟩\∫⊔⊣\⌋⌉ ≀{ ⊔⟨⌉ ⊒⌉↕↕↖‖\≀⊒\ ⌈⊣⊔⟩⊑⌉ ⊣↕⊔⌉∇\⊣⊔⟩≀\⇔ ⊣\⌈ ⇐∞′∋⇒ ∫⟨≀⊒∫ ⊣\ ⟩\∫⊔⊣\⌋⌉ ≀{ ⊔⟨⌉ ⌋⊣⊓∫⊣⊔⟩⊑⌉↖ ⟩\⌋⟨≀⊣⊔⟩⊑⌉ ⊣↕⊔⌉∇\⊣⊔⟩≀\ ⇐L⌉⊑⟩\⇔ ∞∃∀∃⇒¬ ⇐∞′∈⇒ ⊣↙ J≀⟨\ }⊣⊑⌉ ⊔⟨⌉ ⌊≀≀‖ ⊔≀ M⊣∇†↙ ⌊↙ J≀⟨\ }⊣⊑⌉ M⊣∇† ⊔⟨⌉ ⌊≀≀‖↙ ⇐∞′∋⇒ ⊣↙ J≀⟨\ ≀√⌉\⌉⌈ ⊔⟨⌉ ⌈≀≀∇↙ ⌊↙ T⟨⌉ ⌈≀≀∇ ≀√⌉\⌉⌈↙ S⊓⌋⟨ √⟨⌉\≀⇕⌉\⊣ ⊣∇⌉ ≀{ ⟩\⊔⌉∇⌉∫⊔ ⌊⌉⌋⊣⊓∫⌉ ⊔⟨⌉† ∫⊔⊣\⌈ ⊣⊔ ⊔⟨⌉ ⌊≀∇⌈⌉∇ ≀{ ∫†\⊔⊣§ ⊣\⌈ ↕⌉§⟩⌋⊣↕ ∫⌉⇕⊣\⊔⟩⌋∫¬ ⌉§√↕⊣⟩\⟩\} ⊒⟨† ⊣ ⊑⌉∇⌊ ⌉§√∇⌉∫∫⌉∫ ⟩⊔∫ ∫⌉⇕⊣\⊔⟩⌋ ⌋≀\⊔⌉\⊔ ⟩\ ⊣ √⊣∇⊔⟩⌋⊓↕⊣∇ ∫†\⊔⊣⌋⊔⟩⌋ {≀∇⇕ ⟩∫ √⊣∇⊔ ≀{ ⊓\⌈⌉∇∫⊔⊣\⌈⟩\} ⊔⟨⌉ \⊣⊔⊓∇⌉ ≀{ ⟩⊔∫ ↕⌉§⟩⌋⊣↕ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\↙ I\ ⊔⟨⟩∫ ⌋⟨⊣√⊔⌉∇⇔ I {≀⌋⊓∫ ≀\ ⊣ √⊣∇⊔⟩⌋⊓↕⊣∇ ∫⌉⊔ ≀{ ⌈⟩⊣⊔⟨⌉∫⟩∫ ⊣↕⊔⌉∇\⊣⊔⟩≀\∫ ⟨⊣⊑⟩\} ⊔≀ ⌈≀ ⊒⟩⊔⟨ ⊔⟨⌉ ≀√⊔⟩≀\⊣↕⟩⊔† ≀{ ⌈⟩∇⌉⌋⊔ ≀⌊|⌉⌋⊔∫ ⟩\ E\}↕⟩∫⟨↙ R⌉↕⊣⊔⌉⌈ ⊔⌉∇⇕∫ ⟩\ ⊔⟨⌉ ↕⟩⊔⌉∇⊣⊔⊓∇⌉ ⟩\⌋↕⊓⌈⌉ ≀⌊|⌉⌋⊔ ⌈⌉↕⌉⊔⟩≀\⇔ ⟩\⊔∇⊣\∫⟩⊔⟩⊑⟩‡⊣⊔⟩≀\∫⇔ \⊓↕↕ ⌋≀⇕√↕⌉⇕⌉\⊔∫⇔ ⟩⇕√↕⟩⌋⟩⊔ ≀⌊|⌉⌋⊔∫⇔ ⊣\⌈ ≀√⊔⟩≀\⊣↕ ⊣∇}⊓⇕⌉\⊔∫ ⇐\≀⊔ ⊔≀ ⌊⌉ ⌋≀\{⊓∫⌉⌈ ⊒⟩⊔⟨ ⊔⟨⌉ ⟩⇕√↕⟩⌋⟩⊔ ⊣∇}⊓⇕⌉\⊔∫ ≀{ ⇐R≀⌉√⌉∇⇔ ∞∃∀⇒⇒↙ T⟨⌉ }≀⊣↕ ≀{ ⊔⟨⟩∫ ∫⌉⌋⊔⟩≀\ ⟩∫ ⊔≀ ⌈⌉⊘\⌉ √∇⌉⌋⟩∫⌉↕† ⊔⟨⌉ √⟨⌉\≀⇕⌉\⊣ ⊒⟩⊔⟨ ⊒⟨⟩⌋⟨ I ⊣⇕ ⌋≀\⌋⌉∇\⌉⌈↙ I\⊔⊓⟩⊔⟩⊑⌉↕†⇔ ⊔⟨⌉ {≀⌋⊓∫ ⟩∫ ≀\ ⊔∇⊣\∫⟩⊔⟩⊑⌉ ⊑⌉∇⌊∫ {≀∇ ⊒⟨⟩⌋⟨ ⊔⟨⌉ ⌈⟩∇⌉⌋⊔ ≀⌊|⌉⌋⊔⇔ ⊒⟨⌉\ ≀⇕⟩⊔⊔⌉⌈⇔ ⟩∫ \≀\⌉⊔⟨⌉↕⌉∫∫ ⊓\⌈⌉∇∫⊔≀≀⌈↙ I ⊒⟩↕↕ ⌋⊣↕↕ ∫⊓⌋⟨ ≀⇕⟩∫∫⟩≀\∫ ≀⌊|⌉⌋⊔↖⌈∇≀√ √⟨⌉\≀⇕⌉\⊣⇔ ⊣\⌈ ⊔⟨⌉ ⊑⌉∇⌊∫ {≀∇ ⊒⟨⟩⌋⟨ ⊔⟨⌉† ⊣∇⌉ √≀∫∫⟩⌊↕⌉ ≀⌊|⌉⌋⊔↖⌈∇≀√ ⊑⌉∇⌊∫↙ I ⊒⟩↕↕ ∇⌉{⌉∇ ⊔≀ ≀⇕⟩⊔⊔⌉⌈ ⇐\⊓↕↕⇔ ⟩⇕√↕⟩⌋⟩⊔⇒ ≀⌊|⌉⌋⊔∫ ≀{ ∫⊓⌋⟨ ⊑⌉∇⌊∫ ⊣∫ ⌈∇≀√√⌉⌈ ≀∇ ⟩⇕√↕⟩⌋⟩⊔ ≀⌊|⌉⌋⊔∫↙ I\ ⊔⌉∇⇕∫ ≀{ ⊔∇⊣⌈⟩⊔⟩≀\⊣↕ ∫†\⊔⊣⌋⊔⟩⌋ ∫⊓⌊⌋⊣⊔⌉}≀∇⟩‡⊣⊔⟩≀\ ⇐∫⌉⌉⇔ ⌉↙}↙⇔ ⇐A‖⇕⊣|⟩⊣\ ⊣\⌈ H⌉\†⇔ ∞∃▽⇔ √↙ ▽{̸{⇒⇒⇔ ⊔⟨⌉∫⌉ ⊣∇⌉ ⊔⟨⌉ ⊑⌉∇⌊∫ ⊒⟨≀∫⌉ ∫⊓⌊⌋⊣⊔⌉}≀∇⟩‡⊣⊔⟩≀\ {∇⊣⇕⌉∫ ∫√⌉⌋⟩{† ⊣\ ≀√⊔⟩≀\⊣↕ NP ⌈⟩∇⌉⌋⊔ ≀⌊|⌉⌋⊔¬ ⇐∞′△⇒ [ ⟩⋀ ⟩⋃ {⨂∑}⊎ ] . In descriptions based purely on phrase structure these are verbs having both a transitive and an intransitive expansion as is the case for sing in the following fragment from ↼Gazdar et al▷ 1985 p▷ 110↽. ↼105↽ a▷ VP → H[1] b. die, eat, sing, run, . . . c▷ runs ↼106↽ a▷ VP → H[2], NP b▷ sing love close prove . . . c▷ prove the theorem Crucially it is the lexical representation of such verbs that is taken to license the omission of the direct object▷ That is it is important to distinguish between lexically conditioned phenomena which are relevant to this investigation and nonlexically conditioned phenomena which are not▷ This distinction is inspired by the distinction that Fellbaum and Kegl ↼1989↽ draw between discourseconditioned and lexically conditioned intransitivity▷ Their class of lexicallyconditioned intransitivizations is essentially equivalent to Levinφs ↼1989↽ indeαnite object alternation and I have extended it to include what Cote ↼1992↽ calls the speciαed object alternation▷ The latter also appears to be lexically speciαed but additionally requires that the context provide a salient antecedent for the null object▷ ↼See Section 4▷2▷3 for details▷↽ Since the speciαed object alternation interacts so strongly with discourse context I have chosen to identify Fellbaum and Keglφs discourseconditioned cases using the more neutral term nonlexically conditioned▷ 4▷2▷1 Nonlexically conditioned object omission Let us consider the difference in more detail beginning with nonlexically conditioned object omissions▷ Although English is not noted for its ability to drop the arguments of verbs � as contrasted with Japanese for example in which subjectdrop and objectdrop are both quite frequent � there are in fact many circumstances in which a transitive verb in English may appear without its direct object▷ Nonlexically conditioned intransitivizations frequently involve habitual characteristic or repeated activities or properties of the subject. ↼107↽ a▷ I thought you said your dog doesnφt biteω b▷ That is not my dog▷ ↼108↽ Pussycats eat but tigers devour▷ ↼109↽ Religion integrates and uniαes▷ ♭From the Brown Corpus♯ Contrasts or progressions also appear to license the omission of direct objects. ↼110↽ a▷ You wash Iφll dry▷ b▷ It slicesω It dicesω ♭From a TV commercial for the VegOMatic♯1 c▷ ▷▷▷the order to load prepare for action and be on the alert▷ ♭From the Collins COBUILD Dictionary♯ ↼111↽ a▷ Driver to police ofαcer. If I give you ϖ50 will you ignore this trafαc violation⋆ b▷ Police ofαcer to driver. You pay Iφll ignore▷ Instructions also license this behavior. ↼112↽ a▷ Lather▷ Rinse▷ Repeat▷ b▷ Bake for an hour at 350^∘↙ P⟨⌉\≀⇕⌉\⊣ ≀{ ⊔⟨⟩∫ ‖⟩\⌈ ⌈≀ \≀⊔ ⊣√√⌉⊣∇ ≀⊑⌉∇↕† ∫⌉\∫⟩⊔⟩⊑⌉ ⊔≀ ⊔⟨⌉ √⊣∇⊔⟩⌋⊓↕⊣∇ ⊑⌉∇⌊¬ ⊣ ⌋≀\⊔⌉§⊔ ⟩\ ⊒⟨⟩⌋⟨ ⊔⟨⌉ ⌈⟩∇⌉⌋⊔ ≀⌊|⌉⌋⊔ ⟩∫ ≀⇕⟩∫∫⟩⌊↕⌉ ⌋⊣\ ⌊⌉ ⌋≀\∫⊔∇⊓⌋⊔⌉⌈ {≀∇ |⊓∫⊔ ⊣⌊≀⊓⊔ ⊣\† ⊔∇⊣\∫⟩⊔⟩⊑⌉ ⊑⌉∇⌊⇔ ⌊† ⌋∇⌉⊣⊔⟩\} ⊣ ∫⟩⊔⊓⊣⊔⟩≀\ ⟩\ ⊒⟨⟩⌋⟨ ⊔⟨⌉ ⊑⌉∇⌊ ⟩∫ ⟩\⊔⌉∇√∇⌉⊔⌉⌈ ⊒⟩⊔⟨⟩\ ≀\⌉ ≀{ ⊔⟨⌉ ⊣⌊≀⊑⌉ ↕⟩⌋⌉\∫⟩\} ⌋≀\⊔⌉§⊔∫↙ T⟨⟩∫ ⟩∫ ⊒⟨⊣⊔ ↕⌉⊣⌈∫ ⊔≀ ⊔⟨⌉ ⌋≀\⌋↕⊓∫⟩≀\ ⊔⟨⊣⊔ \≀\↖↕⌉§⟩⌋⊣↕↕† ⌋≀\⌈⟩⊔⟩≀\⌉⌈ √⟨⌉\≀⇕⌉\⊣ ⊣∇⌉ ⊣\ ⟩∫∫⊓⌉ ≀{ }∇⊣⇕⇕⊣∇ ⇐⊣\⌈ ⌈⟩∫⌋≀⊓∇∫⌉⇒⇔ ⊣\⌈ \≀⊔ ⊣ ⇕⊣⊔⊔⌉∇ ≀{ ↕⌉§⟩⌋⊣↕ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\↙

△↙∈↙∈ L⌉§⟩⌋⊣↕↕†↖⌋≀\⌈⟩⊔⟩≀\⌉⌈ ≀⌊|⌉⌋⊔ ≀⇕⟩∫∫⟩≀\ E⊑⌉\ ⊒⟨⌉\ ↕⌉§⟩⌋⊣↕↕† ⊓\⌋≀\∫⊔∇⊣⟩\⌉⌈ ∫†\⊔⊣⌋⊔⟩⌋ ≀∇ ⌈⟩∫⌋≀⊓∇∫⌉ √∇≀⌋⌉∫∫⌉∫ ⊣∇⌉ ⌉§⌋↕⊓⌈⌉⌈ {∇≀⇕ ⌋≀\∫⟩⌈⌉∇⊣⊔⟩≀\⇔ ⊔⟨⌉∇⌉ ⊣∇⌉ ∫⊔⟩↕↕ \⊓⇕⌉∇≀⊓∫ ⊒⊣†∫ ⟩\ ⊒⟨⟩⌋⟨ ⊔∇⊣\∫⟩⊔⟩⊑⌉ ⊑⌉∇⌊∫ ⟩\ E\}↕⟩∫⟨ ⌋⊣\ ∫√⌉⌋⟩{† ⊔⟨⌉ ≀√⊔⟩≀\⊣↕⟩⊔† ≀{ ⊔⟨⌉⟩∇ ⌋≀⇕√↕⌉⇕⌉\⊔∫↙ T⟨⌉∫⌉ ⌋⊣\ ⌊⌉ ⌈⟩∫⊔⟩\}⊓⟩∫⟨⌉⌈ ⊣↕≀\} ⊔⟨∇⌉⌉ ⌈⟩⇕⌉\∫⟩≀\∫ ≀{ ⊔⟨⌉ ≀⇕⟩⊔⊔⌉⌈ ⊣∇}⊓⇕⌉\⊔¬ ∫†\⊔⊣⌋⊔⟩⌋ ⌋⊣⊔⌉}≀∇†⇔ ⌈⌉⊘\⟩⊔⌉\⌉∫∫⇔ ⊣\⌈ ∫⌉⇕⊣\⊔⟩⌋ ⊔†√⌉↙ ∈ ∞I\{≀∇⇕⊣\⊔∫ ⌋≀⇕⇕⌉\⊔ ⊔⟨⊣⊔ ⊖I⊔ ∫↕⟩⌋⌉∫→ I⊔ ⌈⟩⌋⌉∫→ I⊔ ⌈⌉⊑≀⊓∇∫→⪰ ⊒≀⊓↕⌈ ⌊⌉ ⌉∐⊓⊣↕↕† }≀≀⌈↙ ∈U\↕⟩‖⌉ ⇐G∇⟩⇕∫⟨⊣⊒⇔ ∞∃∃∅ P⌉∫⌉⊔∫‖†⇔ ∞∃∀∈⇒⇔ I ⊒⟩↕↕ \≀⊔ ⌊⌉ ⌋≀\∫⟩⌈⌉∇⟩\} ⊣⊔ ⊣↕↕ ⊔⟨⌉ ⇕≀∇⌉ }⌉\⌉∇⊣↕ ⌋⊣∫⌉ ≀{ √∇⌉⌈⟩⌋⊣⊔⌉∫ ⊣√√⌉⊣∇⟩\} ⊒⟩⊔⟨≀⊓⊔ ⊔⟨⌉⟩∇ ⌋≀⇕√↕⌉⇕⌉\⊔∫⇔ ⊣∫ ⟩\

∃

T⟨⌉ ⊘∇∫⊔ ⌈⟩⇕⌉\∫⟩≀\ ⟩∫ ∫†\⊔⊣⌋⊔⟩⌋¬ ↕⌉§⟩⌋⊣↕↕†↖⌋≀\⌈⟩⊔⟩≀\⌉⌈ ≀⌊|⌉⌋⊔↖⌈∇≀√ √⟨⌉\≀⇕⌉\⊣ ⇕⊣† ⟩\⊑≀↕⊑⌉ ⊔⟨⌉ ≀⇕⟩∫∫⟩≀\ ≀{ ⊣ ∫⌉\⊔⌉\⊔⟩⊣↕ ⊣∇}⊓⇕⌉\⊔ ⇐∞∞∋⇒⇔ ⊣\ NP ⊣∇}⊓⇕⌉\⊔ ⇐∞∞△⇒⇔ ≀∇ ⊣ PP ⊣∇}⊓⇕⌉\⊔ ⇐∞∞▽⇒¬ ⇐∞∞∋⇒ ⊣↙ I ‖\⌉⊒ ⊔⟨⊣⊔ ⊔⟨⌉ ⇕≀\⌉† ⟨⊣⌈ ⌊⌉⌉\ ∫⊔≀↕⌉\↙ ⌊↙ I ‖\⌉⊒↙ ⇐∞∞△⇒ ⊣↙ I ⌋⊣↕↕⌉⌈ ⇕† ⇕≀⊔⟨⌉∇↙ ⌊↙ I ⌋⊣↕↕⌉⌈↙ ⇐∞∞▽⇒ ⊣↙ I ⌋≀\⊔∇⟩⌊⊓⊔⌉⌈ ⊔⌉\ ⌈≀↕↕⊣∇∫ ⊔≀ ⊔⟨⌉ ⌉⇕⌉∇}⌉\⌋† {⊓\⌈↙ ⌊↙ I ⌋≀\⊔∇⟩⌊⊓⊔⌉⌈ ⊔⌉\ ⌈≀↕↕⊣∇∫↙ F⟩↕↕⇕≀∇⌉ ⇐∞∃∀⇏ ⌈⟩∫⊔⟩\}⊓⟩∫⟨⌉∫ ⊘\⌉∇ }∇⊣⇕⇕⊣⊔⟩⌋⊣↕ ⊔†√⌉∫ ∫⊓⌋⟨ ⊣∫ ⟩\⌈⟩⌋⊣⊔⟩⊑⌉ ⊔⟨⊣⊔↖⌋↕⊣⊓∫⌉ ⌈⟩∇⌉⌋⊔ ≀⌊|⌉⌋⊔∫ ⊣\⌈ ∫⊓⌊|⊓\⌋⊔⟩⊑⌉ ⊔⟨⊣⊔↖⌋↕⊣⊓∫⌉ ⌈⟩∇⌉⌋⊔ ≀⌊|⌉⌋⊔∫ � ⌉↙}↙ ⌋≀⇕√↕⌉⇕⌉\⊔∫ ≀{ ‖\≀⊒ ⊔⟨⊣⊔↙↙↙ ⊑⌉∇∫⊓∫ ⟩\∫⟩∫⊔ ⊔⟨⊣⊔↙↙↙ � ⌊⊓⊔ ⊔⟨⌉ ⌋≀⊣∇∫⌉ ⊔⟨∇⌉⌉↖⊒⊣† ⌈⟩∫⊔⟩\⌋⊔⟩≀\ ⊣⌋⌋≀∇⌈⟩\} ⊔≀ ⌋≀\∫⊔⟩⊔⊓⌉\⊔ ⊔†√⌉ ∫⊓{⊘⌋⌉∫ {≀∇ √∇⌉∫⌉\⊔ √⊓∇√≀∫⌉∫↙ S⌉⌋≀\⌈⇔ ⊔⟨⌉ ⌈∇≀√√⌉⌈ ≀⌊|⌉⌋⊔ ⇕⊣† ⟨⊣⊑⌉ ⊣\ ⟩\⌈⌉⊘\⟩⊔⌉ ⟩\⊔⌉∇√∇⌉⊔⊣⊔⟩≀\ ⇐∞∞⊣⇒ ≀∇ ⊣ ⌈⌉⊘\⟩⊔⌉ ⟩\⊔⌉∇√∇⌉⊔⊣⊔⟩≀\ ⇐∞∞⌊⇒↙ I\ F⟩↕↕⇕≀∇⌉≃∫ ⊔⌉∇⇕∫⇔ ⊔⟨⟩∫ ⟩∫ ⊔⟨⌉ ⌈⟩∫⊔⟩\⌋⊔⟩≀\ ⌊⌉⊔⊒⌉⌉\ ⟩\⌈⌉⊘\⟩⊔⌉ \⊓↕↕ ⌋≀⇕√↕⌉⇕⌉\⊔∫ ⊣\⌈ ⌈⌉⊘\⟩⊔⌉ \⊓↕↕ ⌋≀⇕√↕⌉⇕⌉\⊔∫↙ ⇐∞∞⇏ W⟨⊣⊔ ⌈⟩⌈ J≀⟨\ ⌈≀ ⊣⊔ \≀≀\⊥ ⇐∞∞⇒ ⊣↙ H⌉ ⊣⊔⌉ ⇐⊔⟨≀⊓}⟨ I≃⇕ \≀⊔ ∫⊓∇⌉ ⊒⟨⊣⊔ ⟨⌉ ⊣⊔⌉⇒↙ ⌊↙ H⌉ ⌋⊣↕↕⌉⌈ ⇐↓⊔⟨≀⊓}⟨ I≃⇕ \≀⊔ ∫⊓∇⌉ ⊒⟨≀ ⟨⌉ ⌋⊣↕↕⌉⌈⇒↙ F⟩↕↕⇕≀∇⌉ ⌋≀⇕⇕⌉\⊔∫ ⊔⟨⊣⊔ ⊣ ⊓∫⌉{⊓↕ ⊔⌉∫⊔ {≀∇ ⊔⟨⌉ ⌈⟩∫⊔⟩\⌋⊔⟩≀\ ⟩∫ ⊖⊒⟨⌉⊔⟨⌉∇ ⟩⊔ ⊒≀⊓↕⌈ ∫≀⊓\⌈ ≀⌈⌈ {≀∇ ⊣ ∫√⌉⊣‖⌉∇ ⊔≀ ⊣⌈⇕⟩⊔ ⟩}\≀∇⊣\⌋⌉ ≀{ ⊔⟨⌉ ⟩⌈⌉\⊔⟩⊔† ≀{ ⊔⟨⌉ ∇⌉{⌉∇⌉\⊔ ≀{ ⊔⟨⌉ ⇕⟩∫∫⟩\} √⟨∇⊣∫⌉⇔⪰ ⊣∫ ⟩∫ √∇⌉∫⊓⇕⊣⌊↕† ⊔⟨⌉ ⌋⊣∫⌉ {≀∇ ⊔⟨⌉ ∐⊓⌉∫⊔⟩≀\⊣⌊↕⌉ ⌋≀\⊔⟩\⊓⊣⊔⟩≀\ ⟩\ ⇐∞∞⌊⇒↙ T⟨⟩∇⌈⇔ ⊔⟨⌉ ∫⌉⇕⊣\⊔⟩⌋ ⊔†√⌉ ≀{ ⊔⟨⌉ ≀⌊|⌉⌋⊔ ⌋⊣\ ⟩\⊑≀↕⊑⌉ ⊔∇⊓⊔⟨ ⌋≀\⌈⟩⊔⟩≀\∫⇔ ≀∇ ⟩⊔ ⌋⊣\ ⟩\⊑≀↕⊑⌉ ⊣\ ⌉\⊔⟩⊔† ≀∇ ⌉\⊔⟩⊔⟩⌉∫↙ ⇐R≀⊓}⟨↕† ∫√⌉⊣‖⟩\}⇔ ⊔⟨⌉∫⌉ ⌋≀∇∇⌉∫√≀\⌈ ⊔≀ ⊔⟨⌉ ⊔†√⌉∫ t and e respectively found in modeltheoretic semantics � see e▷g▷ ↼Dowty Wall and Peters 1981↽▷↽ Arguments involving truth conditions may be interrogative ↼118↽ exclamatory ↼119↽ or propositional ↼120↽ ↼Grimshaw 1979↽. ↼118↽ a▷ I wonder how fast Bill can run▷ b▷ I wonder▷ ↼119↽ a▷ I know how very fast Bill can run▷ b▷ I know▷ ↼120↽ a▷ I forgot that Bill is a runner▷ b▷ I forgot▷ Arguments involving entities are usually expressed syntactically using noun phrases as one would expect. ↼121↽ a▷ Bill read a magazine▷ b▷ Bill read▷ Although the syntax and semantics of the dropped object seem closely related Grimshaw argues con vincingly that they must be distinguished when specifying the selectional properties of a verb▷ She supports her claim using the phenomenon of control by concealed questions▷ The decisive example is reproduced here as ↼122↽ ↼from Grimshawφs ↼113 114↽↽. ↼a↽ Itφs amazing how quickly Bill can run▷ ↼b↽ Itφs amazing▷ Nor will I be considering a possible fourth dimension of variation namely whether or not the null argument is projected at the level of syntactic structure ↼see ↼Rizzi 1986↽↽▷

↼122↽ a▷ Bill asked me the time so I inquired▷ b▷ Bill asked me the time so I inquired what the time was▷ c▷ ⇀Bill asked me the time so I inquired the time▷ The concealed question in the αrst clause of ↼122a↽ controls the interpretation of the implicit argument in the second clause▷ The contrast between ↼122b↽ and ↼122c↽ shows clearly that the control relationship holds at the level of semantic type and not syntactic form. the direct objects of ask and inquire in ↼122c↽ are identical with respect to syntactic form and therefore since the sentence is ungrammatical it cannot be the case that inquire selects its direct object on purely syntactic grounds▷ Within this threedimensional space only a subset of the phenomena will be considered here▷ In terms of the dimensions just deαned the behavior I will describe as Ψoptionalityof direct objectsν can be characterized as follows. • ∫†\⊔⊣⌋⊔⟩⌋ ⊔†√⌉ NP • ⌉⟩⊔⟨⌉∇ ⌈⌉⊘\⟩⊔⌉ ≀∇ ⟩\⌈⌉⊘\⟩⊔⌉ • ∫⌉⇕⊣\⊔⟩⌋ ⊔†√⌉ e ↼entity or entities↽▷ Though only a subset of the full range of null complements this description still leaves a fair amount of ground to cover, in addition any progress made toward accounting for this subset of phenomena can serve as a starting point in efforts to account for the rest▷3 From this point on then the term objectdrop phenomena will refer only to those ↼lexicallyconditioned↽ phenomena that αt within the dimensions just given and objectdrop verb and nonobjectdrop verb should be understood accordingly▷ The remainder of this section is concerned with diagnostics that determine whether or not a particular verb should be considered an objectdrop verb▷ 4▷2▷3 Diagnostics The class of objectdrop phenomena corresponds to the union of two diathesis alternations. the indeαnite object alternation ↼IOA↽ of ↼Levin 1989↽ and the speciαed object alternation ↼SOA↽ proposed by ↼Cote 1992↽▷ For present purposes therefore the linguistic diagnostics used by those authors to characterize the alternations can be used to demarcate the boundary between objectdrop verbs and nonobjectdrop verbs▷ Cote suggests three diagnostics to determine when a verb participates in the indeαnite object alternation▷ First the verb cannot have a null object when a salient antecedent is present▷ ↼123↽ a▷ Did Cheetah eat all the bananas⋆ b▷ ϑYes he ate▷ Second the verbφs appearance with a null object can cancel apparent equivalence with an antecedent▷ ↼124↽ a▷ Did Cheetah eat the bananas⋆ b▷ He ate but not the bananas▷ He had mangos instead▷ Third the verbφs appearance with a null object can introduce a new entity into the discourse context▷ 3Pustejovsky ↼1991 footnote 13↽ brieβy considers the case of dative PP omission conjecturing that the omission of PP arguments ↼as in Cordelia told the story↽ is related to the semantic Ψconnectednessν of the verbobject combination accounting for the contrast between Cordelia told the story and ⇀Cordelia told the secret▷ It may be possible to develop Pustejovskyφs conjecture further using the argument presented here▷

↼125↽ a▷ Did you cook today⋆ b▷ Yes and it came out delicious▷ As noted above Fillmore ↼1986↽ suggests a diagnostic ↼also adopted by ↼Rispoli 1992↽↽ to distinguish the indeαnite object cases from the deαnite ↼speciαed↽ object cases. for the former the speaker must be understood to have a speciαc antecedent in mind and it is infelicitous to indicate otherwise▷ ↼126↽ a▷ When I peeked into Johnφs room he was reading, b▷ now I wonder what he was reading▷ ↼127↽ a▷ When I peeked into Johnφs room he was winning, b▷ ϑnow I wonder what he was winning▷ A corresponding diagnostic for picking out verbs that can take speciαc null objects is to construct a discourse context where the antecedent is clearly salient▷ ↼128↽ a▷ Remember that game we were discussing⋆ b▷ Well John won and he bragged about it all night▷ ↼129↽ a▷ Remember that door we were having trouble with⋆ b▷ ⇀Well John unlocked and he promised to make me a copy of the key▷ Such a context must be constructed with care however in order to avoid creating a discourse context that supports nonlexically conditioned objectdrop phenomena such as those discussed in Section 4▷2▷1▷ For example ↼130↽ should not be considered evidence that lift participates in the speciαed object alternation. ↼130↽ a▷ John and Bill will go from bedroom to bedroom looking under mattresses for hidden money▷ b▷ John will lift and Bill will look▷ Because the judgements are sometimes subtle it is helpful to use a dictionary as a point of reference▷ I have used the Collins COBUILD English Language Dictionary ↼Sinclair ↼ed▷↽ 1987↽ which has the convenient property of organizing verb subcategorization information according to verb sense▷ Thus it is possible to identify a verb as a likely participant in implicit object alternations simply by seeing whether some ↼nonmarginal↽ sense of the verb is annotated with both V and V⇁O, after which of course one can apply further diagnostics▷ If no sense of a verb permits both the V and V⇁O frames in this dictionary it can reliably be excluded from consideration▷ 4▷2▷4 Properties of implicit objects Although the participation of a verb in implicit object alternations is usually encoded simply as a set of structural alternatives � as illustrated by ↼104↽ and ↼105↽ � it is clear that the alternation has implications for interpretation as well▷ In particular when a verbφs object is dropped the missing argument is taken to have the properties of Ψprototypicalν objects of the verb▷ For example Levin ↼1989 p▷ 7↽ gives the following example in characterizing the indeαnite object alternation ↼her examples ↼17ab↽↽. ↼131↽ a▷ Mike ate the cake▷ b▷ Mike ate▷ ↼→ M⟩‖⌉ ⊣⊔⌉ ∫≀⇕⌉⊔⟨⟩\} ≀\⌉ ⊔†√⟩⌋⊣↕↕† ⌉⊣⊔∫⇒⇔ ⊣\⌈ E↕↕⌉\ P∇⟩\⌋⌉ √≀⟩\⊔∫ ≀⊓⊔ ⊔⟨⊣⊔ {≀∇ ⇕⊣\† √⌉≀√↕⌉⇔ ⇐∞∋∈⇒ ⟩∫ \⊣⊔⊓∇⊣↕ ⊓\⌈⌉∇ ⊣ ⊖⊒⊣∫⟨⟩\} ⌈⟩∫⟨⌉∫⪰ ⟩\⊔⌉∇√∇⌉⊔⊣⊔⟩≀\⇔ ⇐∞∋∈⇒ Y≀⊓ ⊒⊣∫⟨ ⊣\⌈ I≃↕↕ ⌈∇†→

∀∈ ⌊⊓⊔ ⟨⊓⇕≀∇≀⊓∫ ⟩\ ⊣ ∫⟩⊔⊓⊣⊔⟩≀\ ⊒⟨⌉∇⌉ ⊔⟨⌉ ∫√⌉⊣‖⌉∇ ⊣\⌈ ↕⟩∫⊔⌉\⌉∇ ⊣∇⌉ }⟩⊑⟩\} ⊔⟨⌉ ⌊⊣⌊† ⊣ ⌊⊣⊔⟨↙△ T⟨⌉∫⌉ √∇≀√⌉∇⊔† ⟩\{⌉∇⌉\⌋⌉∫ ⊣∇⌉⇔ ⟩\ {⊣⌋⊔⇔ ⊑⌉∇† ⇕⊓⌋⟨ ↕⟩‖⌉ ⊔⟨⌉ ⟩\{⌉∇⌉\⌋⌉∫ ⌈∇⊣⊒\ ⊒⟨⌉\ ⊔⟨⌉ ⊣∇}⊓⇕⌉\⊔ √≀∫⟩⊔⟩≀\ ⟩∫ ≀⌋⌋⊓√⟩⌉⌈ ⌊⊓⊔ ⊓\∫√⌉⌋⟩⊘⌋↙ F≀⌈≀∇ ⇐∞∃⇒ ⌋≀⇕⇕⌉\⊔∫ ⊔⟨⊣⊔ ∫⌉↕⌉⌋⊔⟩≀\ ∇⌉∫⊔∇⟩⌋⊔⟩≀\∫ ⟨⊣⊑⌉ ⌊⌉⌉\ ⊓∫⌉⌈ \≀⊔ ≀\↕† ⊔≀ √∇⌉⌈⟩⌋⊔ ∫⌉⇕⊣\⊔⟩⌋ ⊣\≀⇕⊣↕†⇔ ⌊⊓⊔ ⊣↕∫≀ ⊔≀ √∇≀⊑⟩⌈⌉ ⟩\{⌉∇⌉\⌋⌉∫ ≀{ ⊔⟨⟩∫ ‖⟩\⌈⇔ ⊘↕↕⟩\} ≀⊓⊔ ⊔⟨⌉ ⇕⌉⊣\⟩\} ≀{ ∫⌉\⊔⌉\⌋⌉∫ ⌋≀\⊔⊣⟩\⟩\} ⊣ √∇≀\≀⊓\ ⟩\ ⊣∇}⊓⇕⌉\⊔ √≀∫⟩⊔⟩≀\↙ ⇐∞∋∋⇒ ⊣↙ S⟩\⌋⌉∇⟩⊔† ⊣⌈⇕⟩∇⌉∫ J≀⟨\↙ ⌊↙ T⟨⟩∫ ≀\⌉ ⊣⌈⇕⟩∇⌉∫ J≀⟨\↙ S⟨⌉ ⊒∇⟩⊔⌉∫¬ I\ ∪⇐∞∋∋⌊⇒⊎⇔ ⊔⟨⌉ ∫⊓⌊|⌉⌋⊔ \≀⊓\ √⟨∇⊣∫⌉ ⟩∫ \≀⊔ ∫√⌉⌋⟩⊘⌉⌈ {≀∇ ⊣\⟩⇕⊣⊔⌉\⌉∫∫⇔ ∫≀ ⊔⟨⌉∇⌉ ⟩∫ \≀ ⌈⟩∇⌉⌋⊔ ⌋≀\⊙⟩⌋⊔ ⊒⟩⊔⟨ ⊔⟨⌉ ∫⌉↕⌉⌋⊔⟩≀\ ∇⌉∫⊔∇⟩⌋⊔⟩≀\ ≀\ ⊔⟨⌉ ⊑⌉∇⌊ ⊣⌈⇕⟩∇⌉ ⊒⟨⟩⌋⟨ ∇⌉∐⊓⟩∇⌉∫ ⟩⊔∫ ∫⊓⌊|⌉⌋⊔ ⊔≀ ⌊⌉ ⊣\⟩⇕⊣⊔⌉ ⇐≀∇ ⇕≀∇⌉ √∇⌉⌋⟩∫⌉↕†⇔ ⊔≀ ⌊⌉ ⌋⊣√⊣⌊↕⌉ ≀{ ⟨⟩}⟨⌉∇ √∫†⌋⟨≀↕≀}⟩⌋⊣↕ {⊓\⌋⊔⟩≀\∫⇒↙ B⊓⊔ ⊔⟨⌉ ∫⌉↕⌉⌋⊔⟩≀\ ∇⌉∫⊔∇⟩⌋⊔⟩≀\ ≀\ ⊔⟨⌉ ⊑⌉∇⌊ ⟩\⌈⊓⌋⌉∫ ⊣\ ⟩\⊔⌉∇√∇⌉⊔⊣⊔⟩≀\ ≀{ ⊔⟨⌉ ∫⊓⌊|⌉⌋⊔ ⊣∫ ⟩{ ⟩⊔ WERE ⊣\ ⊣\⟩⇕⊣⊔⌉ \≀⊓\ √⟨∇⊣∫⌉↙ ⇐√↙ ∞∃▽⇒ T⟨⟩∫ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√ ⌊⌉⊔⊒⌉⌉\ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫ ⊣\⌈ ≀⇕⟩⊔⊔⌉⌈ ⇐≀∇ ⊓\⌈⌉∇∫√⌉⌋⟩⊘⌉⌈⇒ ⊣∇}⊓⇕⌉\⊔∫ ⊣√√⌉⊣∇∫ ⟩\ ⊔⟨⌉ ⌈⟩∫⌋⊓∫∫⟩≀\∫ ≀{ ⊣ \⊓⇕⌊⌉∇ ≀{ ⊣⊓⊔⟨≀∇∫ ⊣⌊≀⊓⊔ ↕⌉§⟩⌋⊣↕ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\∫ ⊣\⌈ ⟨≀⊒ ⊔⟨⌉† ⇕⟩}⟨⊔ ⌊⌉ ⊓∫⌉⌈ ⟩\ √∇≀⌋⌉∫∫⟩\}↙ J⊣⌋‖⌉\⌈≀{{≃∫ ⇐∞∃∃′⇔ √↙ ▽∈⇒ ⌈⟩∫⌋⊓∫∫⟩≀\ ≀{ ≀√⊔⟩≀\⊣↕ ⌋≀⇕√↕⌉⇕⌉\⊔∫ ⟩∫ ≀\⌉ ∫⊓⌋⟨ ⟩\∫⊔⊣\⌋⌉↙ W⟩⊔⟨⟩\ ⟨⟩∫ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\⊣↕ ∫⌋⟨⌉⇕⌉⇔ ⊔⟨⌉ ↕⌉§⟩⌋⊣↕ ⌉\⊔∇† {≀∇ ⊣ ⊑⌉∇⌊ ∫√⌉⌋⟩⊘⌉∫ ⇐⟩⇒ ⊔⟨⌉ ∫†\⊔⊣⌋⊔⟩⌋ {≀∇⇕ ≀{ ⟩⊔∫ ⌋≀⇕√↕⌉⇕⌉\⊔ � {≀∇ ⌉§⊣⇕√↕⌉⇔ ⊣ ∫⊓⌊⌋⊣⊔⌉}≀∇⟩‡⊣⊔⟩≀\ {∇⊣⇕⌉ � ⊔≀}⌉⊔⟨⌉∇ ⊒⟩⊔⟨ ⇐⟩⟩⇒ ∫≀⇕⌉ ⌉§√∇⌉∫∫⟩≀\ ≀{ ∫⌉⇕⊣\⊔⟩⌋ ∫⌉↕⌉⌋⊔⟩≀\ {≀∇ ⊔⟨⊣⊔ ⌋≀⇕√↕⌉⇕⌉\⊔⇔ ⇐⟩⟩⟩⇒ ⊣ ↕⌉§⟩⌋⊣↕ ⌋≀\⌋⌉√⊔⊓⊣↕ ∫⊔∇⊓⌋⊔⊓∇⌉ ⟨⊣⊑⟩\} ≀√⌉\ ⊣∇}⊓⇕⌉\⊔ √≀∫⟩⊔⟩≀\∫⇔ ⊣\⌈ ⇐⟩⊑⇒ ⊣\ ⊣\\≀⊔⊣⊔⌉⌈ ⌈⟩∫⊔⟩\⌋⊔⟩≀\ ⌊⌉⊔⊒⌉⌉\ ≀⌊↕⟩}⊣⊔≀∇† ⊣∇}⊓⇕⌉\⊔∫ ⊣\⌈ ⊔⟨≀∫⌉ ⊔⟨⊣⊔ ⊣∇⌉ ≀√⊔⟩≀\⊣↕↙ A ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ∇⌉∫⊔∇⟩⌋⊔⟩≀\ ⟩∫ ⌋≀\∫⟩⌈⌉∇⌉⌈ ⊔≀ ⌊⌉ ⊣ √⊣∇⊔ ≀{ ⊔⟨⌉ ⊑⌉∇⌊≃∫ ↕⌉§⟩⌋⊣↕ ⌋≀\⌋⌉√⊔⊓⊣↕ ∫⊔∇⊓⌋⊔⊓∇⌉↙ F≀∇ ⌉§⊣⇕√↕⌉⇔ ⊔⟨⌉ ↕⌉§⟩⌋⊣↕ ⌉\⊔∇† {≀∇ ⌈∇⟩\‖ ⟩\⌋↕⊓⌈⌉∫ ⊣ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ∇⌉∫⊔∇⟩⌋⊔⟩≀\ ≀\ ⊔⟨⌉ ⌈⟩∇⌉⌋⊔ ≀⌊|⌉⌋⊔ ⇐⇕≀∇⌉ √∇⌉⌋⟩∫⌉↕†⇔ ≀\ ⊔⟨⌉ ⊣∇}⊓⇕⌉\⊔ √≀∫⟩⊔⟩≀\ ⊒⟩⊔⟨⟩\ ⊔⟨⌉ ↕⌉§⟩⌋⊣↕ ⌋≀\⌋⌉√⊔⊓⊣↕ ∫⊔∇⊓⌋⊔⊓∇⌉⇒ ⟩\ ⊔⟨⌉ {≀∇⇕ ≀{ ⊔⟨⌉ ⌋≀\⌋⌉√⊔⊓⊣↕ ⊣\\≀⊔⊣⊔⟩≀\ LIQUID↙ J⊣⌋‖⌉\⌈≀{{ ∫⊓}}⌉∫⊔∫ ⊔⟨⊣⊔ ⟩\ √∇≀⌋⌉∫∫⟩\}⇔ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ∇⌉∫⊔∇⟩⌋⊔⟩≀\∫ ⊣∇⌉ ⌉\{≀∇⌋⌉⌈ \≀⊔ ⌊† ⇕⌉⊣\∫ ≀{ ⊣\ ⟩\⌈⌉↖ √⌉\⌈⌉\⊔ ⊘↕⊔⌉∇⇔ ⌊⊓⊔ ∇⊣⊔⟨⌉∇ ⊑⟩⊣ ⊣ ⇕⌉⌋⟨⊣\⟩∫⇕ ⟨⌉ ⌋⊣↕↕∫ ⊣∇}⊓⇕⌉\⊔ {⊓∫⟩≀\¬ ⊒⟨⌉\ ⊔⟨⌉ ↕⌉§⟩⌋⊣↕ ⌋≀\⌋⌉√⊔⊓⊣↕ ∫⊔∇⊓⌋⊔⊓∇⌉ ⊣∫∫≀⌋⟩⊣⊔⌉⌈ ⊒⟩⊔⟨ ⊔⟨⌉ ⊑⌉∇⌊ ⟩∫ ⌋≀⇕⌊⟩\⌉⌈ ⊒⟩⊔⟨ ⊣\ ≀⊑⌉∇⊔ ⊣∇}⊓⇕⌉\⊔⇔ ⊔⟨⌉ ⌋≀\⌋⌉√⊔⊓⊣↕ ⌋≀\⊔⌉\⊔ ≀{ ⊔⟨⌉ ⊣∇}⊓⇕⌉\⊔ ⟩∫ ⌋≀⇕⌊⟩\⌉⌈ ⊒⟩⊔⟨ ⊔⟨⌉ ⇐√⊣∇⊔⟩⊣↕⇒ ⌋≀\⌋⌉√⊔⊓⊣↕ ⌋≀\⊔⌉\⊔ ⊣↕∇⌉⊣⌈† {≀⊓\⌈ ⟩\ ⊔⟨⌉ ⊣∇}⊓⇕⌉\⊔ √≀∫⟩⊔⟩≀\↙ S⟨≀⊓↕⌈ ⊔⟨⌉∇⌉ ⌊⌉ ⊣ ⌋↕⊣∫⟨ ≀{ ⊔†√⌉∫ � {≀∇ ⌉§⊣⇕√↕⌉⇔ ⊣ \≀\↖↕⟩∐⊓⟩⌈ ⌈⟩∇⌉⌋⊔ ≀⌊|⌉⌋⊔ {≀∇ ⌈∇⟩\‖ � ⊔⟨⟩∫ {⊓∫⟩≀\ ⌋⊣\\≀⊔ ⊔⊣‖⌉ √↕⊣⌋⌉⇔ ⊣\⌈ ⊣ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⊑⟩≀↕⊣⊔⟩≀\ ∇⌉∫⊓↕⊔∫↙ S⟨≀⊓↕⌈ ⊣\ ≀√⊔⟩≀\⊣↕ ⊣∇}⊓⇕⌉\⊔ \≀⊔ ⌊⌉ ≀⊑⌉∇⊔↕† ∫√⌉⌋⟩⊘⌉⌈⇔ ⊔⟨⌉ ⌉⇕√⊔† ⊣∇}⊓⇕⌉\⊔ ≀{ ⊔⟨⌉ ⊑⌉∇⌊ ⊒⟩↕↕ \≀\⌉⊔⟨⌉↕⌉∫∫ ⌊⌉ ⊣⊔⊔∇⟩⌊⊓⊔⌉⌈ ⊒⟩⊔⟨ ⊣√√∇≀√∇⟩⊣⊔⌉ ⊖⌈⌉{⊣⊓↕⊔⪰ {⌉⊣⊔⊓∇⌉∫ ⌊† ⊑⟩∇⊔⊓⌉ ≀{ ⊔⟨⌉ √⊣∇⊔⟩⊣↕ ⌋≀\⌋⌉√⊔⊓⊣↕ ⟩\{≀∇⇕⊣⊔⟩≀\ ⊒⟩⊔⟨⟩\ ⊔⟨⌉ ⊑⌉∇⌊≃∫ ↕⌉§⟩⌋⊣↕ ⌉\⊔∇†↙ R⟩‡‡⟩ ⇐∞∃∀⇎ {≀≀⊔\≀⊔⌉ ⇏⇔ ⟩\ ⊣ ∫⟩⇕⟩↕⊣∇ ⊑⌉⟩\⇔ ∫⊓}}⌉∫⊔∫ ⊔⟨⊣⊔ ≀√⊔⟩≀\⊣↕ ⊣∇}⊓⇕⌉\⊔∫ ⌋≀∇∇⌉∫√≀\⌈ ⊔≀ ⊔⟨⌉⇕⊣⊔⟩⌋ ∇≀↕⌉∫ ⊔⟨⊣⊔ ⊣∇⌉ ⊖∫⊣⊔⊓∇⊣⊔⌉⌈⪰ ⟩\ ⊔⟨⌉ ↕⌉§⟩⌋≀\ ∇⊣⊔⟨⌉∇ ⊔⟨⊣\ ∫†\⊔⊣⌋⊔⟩⌋⊣↕↕†↙ C≀⇕⇕≀\ ⊔≀ ⊔⟨⌉∫⌉ ⌈⟩∫⌋⊓∫∫⟩≀\∫ ⟩∫ ⊔⟨⌉ ⟩⌈⌉⊣ ⊔⟨⊣⊔ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⟩\{≀∇⇕⊣⊔⟩≀\ ∫√⌉⌋⟩⊘⌉⌈ ⟩\ ⊣ ⊑⌉∇⌊≃∫ ↕⌉§⟩⌋⊣↕ ⌉\⊔∇† ⟩∫ ⌋≀⇕⌊⟩\⌉⌈ ⊒⟩⊔⟨ ≀⌊|⌉⌋⊔∫ ⊒⟨⌉\ ⊔⟨⌉† ⊣∇⌉ ≀⊑⌉∇⊔⇔ ⊣\⌈ ⟩∫ ⊣∫⌋∇⟩⌊⌉⌈ ⊔≀ ⊔⟨≀∫⌉ ⊣∇}⊓⇕⌉\⊔∫ ⊒⟨⌉\ ⊔⟨⌉† ⊣∇⌉ ≀⇕⟩⊔⊔⌉⌈↙ T⟨⌉ ⌉⊑⟩⌈⌉\⊔ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√ ⌊⌉⊔⊒⌉⌉\ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫ ⊣\⌈ √∇≀√⌉∇⊔† ⟩\{⌉∇⌉\⌋⌉∫ ∫⊓}}⌉∫⊔∫ ⊔⟨⌉ {≀↕↕≀⊒⟩\} ⟨†√≀⊔⟨⌉∫⟩∫¬ ⊑⌉∇⌊∫ ⊔⟨⊣⊔ √⌉∇⇕⟩⊔ ⟩⇕√↕⟩⌋⟩⊔ ≀⌊|⌉⌋⊔∫ ∫⌉↕⌉⌋⊔ ∫⊔∇≀\}↕† {≀∇ ⊔⟨⊣⊔ ⊣∇}⊓⇕⌉\⊔↙ T⟨⟩∫ ⇕⊣‖⌉∫ ∫⌉\∫⌉ ≀\ ⟩\⊔⊓⟩⊔⟩⊑⌉ }∇≀⊓\⌈∫ � ∇⌉↕⌉⊑⊣\⊔ √∇≀√⌉∇⊔⟩⌉∫ ≀{ ≀⇕⟩⊔⊔⌉⌈ ⊣∇}⊓⇕⌉\⊔∫ ⊣∇⌉ ⌋↕⌉⊣∇↕† ⟩\{⌉∇∇⌉⌈ ∫≀⇕⌉⟨≀⊒⇔ ⊣\⌈ ⊔⟨⌉ ⊑⌉∇⌊ ∫⌉⌉⇕∫ ⊔⟨⌉ ⇕≀∫⊔ ↕⟩‖⌉↕† √↕⊣⌋⌉ ⊔≀ ↕≀≀‖ {≀∇ ⊔⟨⌉ ∇⌉↕⌉⊑⊣\⊔ ⟩\{≀∇⇕⊣⊔⟩≀\↙ T≀ ∫⊔⊣⊔⌉ ⊔⟨⌉ ⟨†√≀⊔⟨⌉∫⟩∫ ⊣\≀⊔⟨⌉∇ ⊒⊣†⇔ ⟩{ ⊣ ⊑⌉∇⌊ ⌈≀⌉∫ \≀⊔ ⌋⊣∇∇† ∫⊓{⊘⌋⟩⌉\⊔ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⟩\{≀∇⇕⊣⊔⟩≀\ ⊔≀ √⌉∇⇕⟩⊔ ⊔⟨⌉ ∇⌉↕⌉⊑⊣\⊔ ≀⌊|⌉⌋⊔ √∇≀√⌉∇⊔⟩⌉∫ ⊔≀ ⌊⌉ ⟩\{⌉∇∇⌉⌈⇔ ⊔⟨⌉\ ⟩⊔ ∫⟨≀⊓↕⌈ \≀⊔ √⌉∇⇕⟩⊔ ⊔⟨⊣⊔ ⊣∇}⊓⇕⌉\⊔ ⊔≀ ⌊⌉ ≀⇕⟩⊔⊔⌉⌈↙ T⟨⌉ {≀↕↕≀⊒⟩\} ⌉§⊣⇕√↕⌉∫ ⇕⊣‖⌉ ⊔⟨⌉ ⟩\⊔⊓⟩⊔⟩≀\ ⌊⌉⟨⟩\⌈ ⊔⟨⟩∫ ⟨†√≀⊔⟨⌉∫⟩∫ ∐⊓⟩⊔⌉ ⌋↕⌉⊣∇↙ △P⌉∇∫≀\⊣↕ ⌋≀⇕⇕⊓\⟩⌋⊣⊔⟩≀\∅ ∫⟨⌉ ⊣⊔⊔∇⟩⌊⊓⊔⌉∫ ⊔⟨⌉ ⌉§⊣⇕√↕⌉ ⊔≀ G∇⌉}≀∇† W⊣∇⌈↙

∀∋

F⟩}⊓∇⌉ △↙∞¬ S⌉↕⌉⌋⊔⟩≀\⊣↕ ⌊⌉⟨⊣⊑⟩≀∇ ≀{ \⌉⌉⌈ ⊣\⌈ ⌉⊣⊔

⇐∞∋△⇒ ⊣↙ J≀⟨\ ⊣⊔⌉ ∫≀⇕⌉⊔⟨⟩\}↙ ⌊↙ J≀⟨\ ⊣⊔⌉ {≀≀⌈↙ ⌋↙ J≀⟨\ ⊣⊔⌉ ⌋⌉∇⌉⊣↕↙ ⇐∞∋▽⇒ ⊣↙ J≀⟨\ \⌉⌉⌈⌉⌈ ∫≀⇕⌉⊔⟨⟩\}↙ ⌊↙ J≀⟨\ \⌉⌉⌈⌉⌈ ⊣∫∫⟩∫⊔⊣\⌋⌉↙ ⌋↙ J≀⟨\ \⌉⌉⌈⌉⌈ ⟨⌉↕√ ⊒⟩⊔⟨ ⟨⟩∫ ⟨≀⇕⌉⊒≀∇‖↙ I\ ⇐∞∋△⌊⇒⇔ ⊔⟨⌉ ⌈⟩∇⌉⌋⊔ ≀⌊|⌉⌋⊔ ∫⌉⌉⇕∫ ⊔≀ ⌋≀\⊔∇⟩⌊⊓⊔⌉ ⊑⌉∇† ↕⟩⊔⊔↕⌉ ⊣⌈⌈⟩⊔⟩≀\⊣↕ ⟩\{≀∇⇕⊣⊔⟩≀\ ≀⊑⌉∇ ⊣\⌈ ⊣⌊≀⊑⌉ ⇐∞∋△⊣⇒↙ I\ ⌉§⊣⇕√↕⌉ ⇐∞∋▽⌊⇒⇔ ⊔⟨⌉ ⌈⟩∇⌉⌋⊔ ≀⌊|⌉⌋⊔ ∫⌉⌉⇕∫ ⊔≀ ⌋≀\⊔∇⟩⌊⊓⊔⌉ ⇕≀∇⌉ ⟩\{≀∇⇕⊣⊔⟩≀\∅ ⊣{⊔⌉∇ ⊣↕↕⇔ J≀⟨\ ⇕⟩}⟨⊔ \⌉⌉⌈ ⊣\† \⊓⇕⌊⌉∇ ≀{ ⊔⟨⟩\}∫ ⇐⊣ ∇⟩⌈⌉ ⊔≀ ⊒≀∇‖⇔ ⊣ ⟨⊣⟩∇⌋⊓⊔⇔ ⊣ \⌉⊒ ⌋≀⇕√⊓⊔⌉∇ √⊣∫∫⊒≀∇⌈⇒⇔ ≀\↕† ∫≀⇕⌉ ≀{ ⊒⟨⟩⌋⟨ ⊣∇⌉ ‖⟩\⌈∫ ≀{ ⊣∫∫⟩∫⊔⊣\⌋⌉↙ O\⌉ ⌋⊣\ ⟩⇕⊣}⟩\⌉ ⟨≀⊒ ⊣ ↕⊣\}⊓⊣}⌉ ⇕⟩}⟨⊔ ⟩\⌋≀∇√≀∇⊣⊔⌉ ∫⊓⌋⟨ ⟩\{≀∇⇕⊣⊔⟩≀\⊣↕ ⌈⟩{{⌉∇⌉\⌋⌉∫ ⟩\⊔≀ ⟩⊔∫ ∫†\⊔⊣⌋⊔⟩⌋ ⌊⌉⟨⊣⊑⟩≀∇↙ I\ ⌋⊣∫⌉∫ ↕⟩‖⌉ ⇐∞∋△⌊⇒⇔ ⌊⊓⊔ \≀⊔ ⇐∞∋▽⌊⇒⇔ ⊔⟨⌉ ⌈⟩∇⌉⌋⊔ ≀⌊|⌉⌋⊔ ⌋≀\⊔∇⟩⌊⊓⊔⌉∫ ∫≀ ↕⟩⊔⊔↕⌉ ⟩\{≀∇⇕⊣⊔⟩≀\ ⊔⟨⊣⊔ ≀{⊔⌉\ ⟩⊔ ⇕⟩}⟨⊔ ⊣∫ ⊒⌉↕↕ ⌊⌉ ≀⇕⟩⊔⊔⌉⌈ ⌉\⊔⟩∇⌉↕†⇔ ⊣\⌈ ⊔⟨⟩∫ ⌊⌉⟨⊣⊑⟩≀∇ ⊓↕⊔⟩⇕⊣⊔⌉↕† ⌊⌉⌋≀⇕⌉∫ ⟩\⌋≀∇√≀∇⊣⊔⌉⌈ ⟩\⊔≀ ⊔⟨⌉ ∫⊓⌊⌋⊣⊔⌉}≀∇⟩‡⊣⊔⟩≀\ ≀{ ⊔⟨⌉ ⊑⌉∇⌊↙ T⟨⌉ ⌋≀\\⌉⌋⊔⟩≀\ ⌊⌉⊔⊒⌉⌉\ ⟩\{⌉∇⊣⌊⟩↕⟩⊔† ≀{ ⊔⟨⌉ ⌈⟩∇⌉⌋⊔ ≀⌊|⌉⌋⊔ ⊣\⌈ ⟩⊔∫ ≀⇕⟩∫∫⟩⌊⟩↕⟩⊔† ⟩∫ \≀⊔ ⊣ \⌉⊒ ≀\⌉ � ∫⟩⇕⟩↕⊣∇ ≀⌊∫⌉∇⊑⊣⊔⟩≀\∫ ⟨⊣⊑⌉ ⌊⌉⌉\ ⇕⊣⌈⌉ ⌊† ⇐L⌉⟨∇⌉∇⇔ ∞∃′∅ R⟩⌋⌉⇔ ∞∃∀∀∅ F⌉↕↕⌊⊣⊓⇕ ⊣\⌈ K⌉}↕⇔ ∞∃∀∃⇒↙ H≀⊒⌉⊑⌉∇⇔ ⊔⟨⌉ {≀∇⇕⊣↕⟩‡⊣⊔⟩≀\ ≀{ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ √∇⌉{⌉∇⌉\⌋⌉ √∇≀√≀∫⌉⌈ ⟩\ C⟨⊣√⊔⌉∇ ∋ √∇≀⊑⟩⌈⌉∫ ⊣ \⌉⌋⌉∫∫⊣∇† ↕⟩\‖ ⌊⌉⊔⊒⌉⌉\ ⟩\{⌉∇∇⌉⌈ ⟩\{≀∇⇕⊣⊔⟩≀\ ⊣\⌈ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ √∇≀√⌉∇⊔⟩⌉∫ ≀{ ⊔⟨⌉ ⊑⌉∇⌊⇔ ⊣\⌈ √∇≀⊑⟩⌈⌉∫ ⊣ \⌉⊒ ⊣\⌈ {≀∇⇕⊣↕ ⟩\⊔⌉∇√∇⌉⊔⊣⊔⟩≀\ ≀{ ⊒⟨⊣⊔ ⟩\{≀∇⇕⊣⊔⟩≀\ ⟩∫↙ F⊓∇⊔⟨⌉∇⇕≀∇⌉⇔ ⊓\↕⟩‖⌉ ⊔∇⊣⌈⟩⊔⟩≀\⊣↕ ⌋⟨⊣∇⊣⌋⊔⌉∇⟩‡⊣⊔⟩≀\∫ ≀{ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫ ⊣∫ ∫≀∇⊔⊣↕ ∇⌉∫⊔∇⟩⌋↖ ⊔⟩≀\∫⇔ ⊔⟨⌉ ⟩\{≀∇⇕⊣⊔⟩≀\↖⊔⟨⌉≀∇⌉⊔⟩⌋ √∇≀√≀∫⊣↕ ⇕⊣‖⌉∫ ⟩⊔ √≀∫∫⟩⌊↕⌉ ⊔≀ ⌈⟩∫⌋⊓∫∫ ∫⌉↕⌉⌋⊔⟩≀\ ∐⊓⊣\⊔⟩⊔⊣⊔⟩⊑⌉↕† ∇⊣⊔⟨⌉∇ ⊔⟨⊣\ ⟩\ ⊣↕↕↖≀∇↖\≀⊔⟨⟩\} ⊔⌉∇⇕∫↙ R⊣⊔⟨⌉∇ ⊔⟨⊣\ ∫⊓}}⌉∫⊔⟩\} ⊔⟨⊣⊔ \⌉⌉⌈ √∇≀⊑⟩⌈⌉∫ \≀ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⟩\{≀∇⇕⊣⊔⟩≀\ ⊣⊔ ⊣↕↕ ⊣⌊≀⊓⊔ ⟩⊔∫ ⌈⟩∇⌉⌋⊔ ≀⌊|⌉⌋⊔∫⇔ ≀\⌉ \⌉⌉⌈ ≀\↕† ⌋↕⊣⟩⇕ ⊔⟨⊣⊔ ⊔⟨⌉ ⟩\{≀∇⇕⊣⊔⟩≀\ √∇≀⊑⟩⌈⌉⌈ ⟩∫ ⌋≀⇕√⊣∇⊣⊔⟩⊑⌉↕† ↕⌉∫∫ ⊔⟨⊣\ {≀∇ ∫≀⇕⌉ ≀⊔⟨⌉∇ ⊑⌉∇⌊∫↙ T⟨⟩∫ ⟩∫ ⟩↕↕⊓∫⊔∇⊣⊔⌉⌈ ⟩\ F⟩}⊓∇⌉ △↙∞⇔ ⊒⟨⟩⌋⟨ ∫⟨≀⊒∫ ⊔⟨⌉ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌊⌉⟨⊣⊑⟩≀∇ ≀{ ⊔⟨⌉ ⊑⌉∇⌊∫ \⌉⌉⌈ ⊣\⌈ ⌉⊣⊔ ⊣∫ ⌈⌉⊔⌉∇⇕⟩\⌉⌈ ⌉§√⌉∇⟩⇕⌉\⊔⊣↕↕† {∇≀⇕ ⊔⟨⌉ B∇≀⊒\ ⌋≀∇√⊓∫⇔ ⊓∫⟩\} ⊔⟨⌉ ⌋≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ ⇕≀⌈⌉↕ √∇≀√≀∫⌉⌈ ⟩\ C⟨⊣√⊔⌉∇ ∋↙

∀△ T⟨⌉ ⊔⊣§≀\≀⇕⟩⌋ ⌋↕⊣∫∫⌉∫ {∇≀⇕ W≀∇⌈N⌉⊔ ⟨⊣⊑⌉ ⌊⌉⌉\ ↕⊣⟩⌈ ≀⊓⊔ ∫⌉∐⊓⌉\⊔⟩⊣↕↕† ⊣↕≀\} ⊔⟨⌉ ⟨≀∇⟩‡≀\⊔⊣↕ ⊣§⟩∫⇔ ⊒⟩⊔⟨ ⌉⊣⌋⟨ ⌋↕⊣∫∫ ⊔⊣‖⟩\} ⊔⟨⌉ xvalue corresponding to its unique numerical identiαer in WordNet▷5 The vertical axis indicates the magnitude of selectional association between the verb and each concept▷6 As the αgure shows the verb need ↼proαle at left↽ does constrain its direct object to some extent having a stronger selectional association with some concepts than others although the overall effect is relatively small in magnitude and not conceptually speciαc▷ However the selectional behavior of eat ↼proαle at right↽ is markedly different. qualitatively its pattern of selectional association is far more speciαc ↼the highest peak corresponds to the WordNet class ⟨{≀≀⌈⟩⇒⇔ ⊣\⌈ ∐⊓⊣\⊔⟩⊔⊣⊔⟩⊑⌉↕† ⟩⊔∫ ≀⊑⌉∇⊣↕↕ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ √∇⌉{⌉∇⌉\⌋⌉ ∫⊔∇⌉\}⊔⟨ ⟩∫ ⇕⊓⌋⟨ }∇⌉⊣⊔⌉∇↙ T⟨⌉ ⊣⌊⟩↕⟩⊔† ⊔≀ ∐⊓⊣\⊔⟩{† ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫ ⟩\ ⊔⟨⟩∫ ⊒⊣† ⇕⊣‖⌉∫ ⟩⊔ √≀∫∫⟩⌊↕⌉ ⊔≀ √⊓⊔ ⊣ √∇⌉⌋⟩∫⌉ {≀∇⇕⊓↕⊣⊔⟩≀\ ≀{ ⊔⟨⌉ ⟨†√≀⊔⟨⌉∫⟩∫ ⊓\⌈⌉∇ ⌈⟩∫⌋⊓∫∫⟩≀\ ⊔≀ ⊣\ ⌉⇕√⟩∇⟩⌋⊣↕ ⊔⌉∫⊔↙

△↙∋ E§√⌉∇⟩⇕⌉\⊔ ∞¬ S⌉↕⌉⌋⊔⟩≀\ ⊣\⌈ O√⊔⟩≀\⊣↕⟩⊔† △↙∋↙∞ P∇≀⌋⌉⌈⊓∇⌉ S⌉⊑⌉∇⊣↕ ⌋≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ ⌉§√⌉∇⟩⇕⌉\⊔∫ ⊒⌉∇⌉ ⌋⊣∇∇⟩⌉⌈ ≀⊓⊔ ⟩\ ≀∇⌈⌉∇ ⊔≀ ⊔⌉∫⊔ ⊔⟨⌉ ⟨†√≀⊔⟨⌉∫⟩∫ ⊔⟨⊣⊔ ≀⌊|⌉⌋⊔↖⌈∇≀√ ⊑⌉∇⌊∫ ⌋⊣\ ⌊⌉ ⌈⟩∫⊔⟩\}⊓⟩∫⟨⌉⌈ {∇≀⇕ \≀\↖≀⌊|⌉⌋⊔↖⌈∇≀√ ⊑⌉∇⌊∫ ≀\ ⊔⟨⌉ ⌊⊣∫⟩∫ ≀{ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ √∇⌉{⌉∇⌉\⌋⌉ ∫⊔∇⌉\}⊔⟨↙ T⟨⌉ }⌉\⌉∇⊣↕ √∇≀⌋⌉⌈⊓∇⌉ ⊒⊣∫ ⊣∫ {≀↕↕≀⊒∫¬ • A ∫⊣⇕√↕⌉ ≀{ ⊑⌉∇⌊∫ ⊒⊣∫ ⌋⟨≀∫⌉\⇔ ⌋≀⇕√∇⟩∫⟩\} ⊣ ∫⌉⊔ ≀{ ∋△ ⊑⌉∇⌊∫ ⊔⟨⊣⊔ ≀⌋⌋⊓∇ {∇⌉∐⊓⌉\⊔↕† ⟩\ √⊣∇⌉\⊔⊣↕ ∫√⌉⌉⌋⟨ ⊔≀ ⌋⟨⟩↕⌈∇⌉\↙ • E⊣⌋⟨ ⊑⌉∇⌊ ⊒⊣∫ ⌋↕⊣∫∫⟩⊘⌉⌈ ⊣∫ ≀⌊|⌉⌋⊔↖⌈∇≀√ ≀∇ \≀\↖≀⌊|⌉⌋⊔↖⌈∇≀√↙ A ⊑⌉∇⌊ ⊒⊣∫ ⌋↕⊣∫∫⟩⊘⌉⌈ ⊣∫ ≀⌊|⌉⌋⊔↖⌈∇≀√ ≀\↕† ⟩{ ⇐⊣⇒ ∫≀⇕⌉ ∫⌉\∫⌉ ≀{ ⊔⟨⌉ ⊑⌉∇⌊ ⟩∫ ⊣\\≀⊔⊣⊔⌉⌈ ⊒⟩⊔⟨ ⌊≀⊔⟨ V ⊣\⌈ V⇓O ⟩\ ⇐S⟩\⌋↕⊣⟩∇ ⇐⌉⌈↙⇒⇔ ∞∃∀⇒⇔ ⊣\⌈ ⇐⌊⇒ ⊔⟨⊣⊔ ∫⌉\∫⌉ ⟩∫ ⊖⌋↕≀∫⌉ ⌉\≀⊓}⟨⪰ ⊔≀ ⊔⟨⌉ ⌋⌉\⊔∇⊣↕ ⇕⌉⊣\⟩\} ≀{ ⊔⟨⌉ ⊑⌉∇⌊⇔ ⊣∫ ≀√√≀∫⌉⌈ ⊔≀ ⊣\ ⌉§⊔∇⌉⇕⌉↕† ∫√⌉⌋⟩⊣↕⟩‡⌉⌈ ∫⌉\∫⌉↙ T⟨⌉ ↕⊣⊔⊔⌉∇ ⌋∇⟩⊔⌉∇⟩≀\ ⟩∫ ⊣ ∐⊓⌉∫⊔⟩≀\ ≀{ √⌉∇∫≀\⊣↕ |⊓⌈}⌉⇕⌉\⊔¬ ∫≀⇕⌉ ∫⌉\∫⌉ ≀{ ⌉⊣⌋⟨ ⊑⌉∇⌊ ⟩\ ⇐∞∋⇏ ⊣\⌈ ⇐∞∋⇒ √⌉∇⇕⟩⊔∫ ⌊≀⊔⟨ ∫⊓⌊⌋⊣⊔⌉}≀∇⟩‡⊣⊔⟩≀\∫⇔ ⌊⊓⊔ ⟩\ ⌋⊣∫⌉∫ ↕⟩‖⌉ ⇐∞∋⇒ I ⌈⌉⌋⟩⌈⌉⌈ ⊔⟨⌉ ∫⌉\∫⌉∫ √⌉∇⇕⟩⊔⊔⟩\} ⊔⟨⌉ ⊣↕⊔⌉∇\⊣⊔⟩≀\ ⊒⌉∇⌉ ⊔≀≀ ∫√⌉⌋⟩⊣↕⟩‡⌉⌈ ⊔≀ ⊒⊣∇∇⊣\⊔ ⌋⊣⊔⌉}≀∇⟩‡⟩\} ⊔⟨⌉ ⊑⌉∇⌊∫ ⊣∫ ≀⌊|⌉⌋⊔↖⌈∇≀√↙ ⇐∞∋⇏ ⊣↙ J≀⟨\ ⌋⊣↕↕⌉⌈ ⇐∫≀⇕⌉≀\⌉⇒ ⊣⊔ ∋√⇕↙ ⌊↙ J≀⟨\ √⊣⌋‖⌉⌈ ⇐⊣ ∫⊓⟩⊔⌋⊣∫⌉⇒ ∐⊓⟩⌋‖↕† ⌊⌉{≀∇⌉ ↕⌉⊣⊑⟩\}↙ ⌋↙ J≀⟨\ ∫⊔≀↕⌉ ⇐∫≀⇕⌉ ⇕≀\⌉†⇒ ⊣\⌈ ⊒⊣∫ ⌋⊣⊓}⟨⊔↙ ⇐∞∋⇒ ⊣↙ J≀⟨\ ≀√⌉\⌉⌈ ⇐⊣ ⌈⟩∫⌋⊓∫∫⟩≀\⇒ ⊒⟩⊔⟨ ⊣ ∐⊓⌉∫⊔⟩≀\↙ ⌊↙ J≀⟨\ ∫⟨≀⊒⌉⌈ ⇐⊣ ⊒≀∇‖ ≀{ ⊣∇⊔⇒ ⟩\ N⌉⊒ Y≀∇‖↙ ⌋↙ T⟨⌉ ⇕⟩∫∫⟩↕⌉ ⟨⟩⊔ ⇐⊣ ⊔⊣∇}⌉⊔⇒ ⊣\⌈ ⌉§√↕≀⌈⌉⌈↙ • F≀∇ ⌉⊣⌋⟨ ⊑⌉∇⌊⇔ ⊔⟨⌉ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ √∇⌉{⌉∇⌉\⌋⌉ ∫⊔∇⌉\}⊔⟨ ⊒⊣∫ ⌋⊣↕⌋⊓↕⊣⊔⌉⌈ ⊣∫ ⌈⌉∫⌋∇⟩⌊⌉⌈ ⟩\ C⟨⊣√⊔⌉∇ ∋↙ T⟨⌉ ⌉§√⌉∇⟩⇕⌉\⊔ ⊒⊣∫ ∇⌉√↕⟩⌋⊣⊔⌉⌈ ⊓∫⟩\} ∫⌉⊑⌉∇⊣↕ ⌈⟩{{⌉∇⌉\⊔ ∫≀⊓∇⌋⌉∫ {≀∇ ⊑⌉∇⌊↖≀⌊|⌉⌋⊔ ⌋≀↖≀⌋⌋⊓∇∇⌉\⌋⌉ {∇⌉∐⊓⌉\⌋⟩⌉∫∅ ∫⌉⌉ ⌈⌉⊔⊣⟩↕∫ ⌊⌉↕≀⊒↙∀ • S⊔⊣⊔⟩∫⊔⟩⌋⊣↕ ⊔⌉∫⊔∫ ⊒⌉∇⌉ ⌋⊣∇∇⟩⌉⌈ ≀⊓⊔ ⊔≀ ∫⌉⌉ ⟩{ ⊔⟨⌉ ≀⌊|⌉⌋⊔↖⌈∇≀√ ⊑⌉∇⌊∫ ⌈⟩⌈ ⟩\ {⊣⌋⊔ ⟨⊣⊑⌉ ⟨⟩}⟨⌉∇ ∫⊔∇⌉\}⊔⟨∫ ≀{ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ √∇⌉{⌉∇⌉\⌋⌉ ⊔⟨⊣\ ⊔⟨⌉⟩∇ \≀\↖≀⌊|⌉⌋⊔↖⌈∇≀√ ⌋≀⊓\⊔⌉∇√⊣∇⊔∫⇔ ⊣∫ √∇⌉⌈⟩⌋⊔⌉⌈ ⌊† ⊔⟨⌉ ⟨†√≀⊔⟨⌉∫⟩∫↙ ▽T⟨⌉∫⌉ ⊓\⟩∐⊓⌉ ⟩⌈⌉\⊔⟩⊘⌉∇∫ ⌋≀∇∇⌉∫√≀\⌈ ⊔≀ √≀∫⟩⊔⟩≀\∫ ⊒⟩⊔⟨⟩\ ⊣ W≀∇⌈N⌉⊔ ∞↙∈ ⌈⊣⊔⊣ ⊘↕⌉∅ ⟩⊔∫ ∫⟩‡⌉ ⟩∫ ⊣⌊≀⊓⊔ △ ⇕⌉}⊣⌊†⊔⌉∫↙ ̸V⊣↕⊓⌉∫ ≀{ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⊣∫∫≀⌋⟩⊣⊔⟩≀\ ⟨⊣⊑⌉ ⌊⌉⌉\ ⇕⊓↕⊔⟩√↕⟩⌉⌈ ⌊† ∞′′↙ I ⊣⇕ }∇⊣⊔⌉{⊓↕ ⊔≀ A\\⟩⌉ L⌉⌈⌉∇⌉∇ {≀∇ √∇≀⊑⟩⌈⟩\} ⊔⟨⟩∫ ↕⟩∫⊔↙ ∀R⌉⌋⊣↕↕ {∇≀⇕ S⌉⌋⊔⟩≀\ ∋↙↙∞ ⊔⟨⊣⊔ ⊑⌉∇⌊ ∫⌉\∫⌉∫ ⊒⌉∇⌉ \≀⊔ ⌈⟩∫⊔⟩\}⊓⟩∫⟨⌉⌈⇔ ⊣↕⊔⟨≀⊓}⟨ ∫⌉\∫⌉ ⌈⟩∫⊔⟩\⌋⊔⟩≀\∫ ⇕⊣† ⌊⌉ ∇⌉↕⌉⊑⊣\⊔ ⇐∫⌉⌉ ⌈⟩∫⌋⊓∫∫⟩≀\ ⟩\ ⇐F⟩↕↕⇕≀∇⌉⇔ ∞∃∀⇏⇒↙

∀▽ I\ ⊓∫⟩\} ⊔⟨⟩∫ √∇≀⌋⌉⌈⊓∇⌉ ⊔≀ ⊔⌉∫⊔ ⊔⟨⌉ ⟨†√≀⊔⟨⌉∫⟩∫⇔ ⊔⟨⌉ W≀∇⌈N⌉⊔ \≀⊓\ ⊔⊣§≀\≀⇕† ⟩∫ ⊣∫∫⊓⇕⌉⌈ ⊔≀ ⌊⌉ ⊣ ∇⌉⊣∫≀\⊣⌊↕⌉ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\ ≀{ ⊔⟨⌉ ⌋≀\⌋⌉√⊔⊓⊣↕ ⊔⊣§≀\≀⇕† ⊣⊑⊣⟩↕⊣⌊↕⌉ ⊔≀ ⊣ ↕⊣\}⊓⊣}⌉ ⊓∫⌉∇↙ T⟨⌉ √∫†⌋⟨≀↕⟩\}⊓⟩∫⊔⟩⌋ ⌋≀\∫⟩⌈⌉∇⊣⊔⟩≀\∫ ⊓\⌈⌉∇↕†⟩\} ⊔⟨⌉ ⊔⊣§≀\≀⇕† ⊣∇⌉ √∇⌉∫⌉\⊔⌉⌈ ⌊† M⟩↕↕⌉∇ ⇐∞∃∃′⊣⇒∅ ⊣⇕≀\} ≀⊔⟨⌉∇∫⇔ ⟨⌉ ⟩\⌋↕⊓⌈⌉∫ ⊔⟨⌉ {≀↕↕≀⊒⟩\}¬ ∞↙ C↕⟩\⟩⌋⊣↕ ≀⌊∫⌉∇⊑⊣⊔⟩≀\∫ ≀{ √⊣⊔⟩⌉\⊔∫ ⊒⟩⊔⟨ ⊣\≀⇕⟩⌋ ⊣√⟨⊣∫⟩⊣ ↕⌉\⌈ ∫⊓√√≀∇⊔ ⊔≀ ⊔⟨⌉ ⟩∫≀↕⊣⊔⟩≀\ ≀{ \≀⊓\∫ ⟩\⊔≀ ⊣ ∫⌉√⊣∇⊣⊔⌉ ↕⌉§⟩⌋⊣↕ ∫⊓⌊∫†∫⊔⌉⇕↙ ∈↙ A ⟨⟩⌉∇⊣∇⌋⟨⟩⌋⊣↕ ≀∇}⊣\⟩‡⊣⊔⟩≀\ ≀{ ⊔⟨⌉ \≀⊓\ ↕⌉§⟩⌋≀\ ⟩∫ ∫⊓√√≀∇⊔⌉⌈ ⌊† √∫†⌋⟨≀↕⟩\}⊓⟩∫⊔⟩⌋ ⌉⊑⟩⌈⌉\⌋⌉ ⌋≀\⌋⌉∇\⟩\} ⊣\⊣√⟨≀∇⟩⌋ \≀⊓\∫ ⊣\⌈ ⌋≀⇕√⊣∇⊣⊔⟩⊑⌉ ⌋≀\∫⊔∇⊓⌋⊔⟩≀\∫↙ ⇐E↙}↙⇔ H⌉ ≀⊒\⌉⌈ ⊣ ∇⟩⊙⌉⇔ ⌊⊓⊔ ⊔⟨⌉ }⊓\ ⟨⊣⌈ \≀⊔ ⌊⌉⌉\ ⊘∇⌉⌈∅ ↓A ∇⟩⊙⌉ ⟩∫ ∫⊣{⌉∇ ⊔⟨⊣\ ⊣ }⊓\∝↓A }⊓\ ⟩∫ ∫⊣{⌉∇ ⊔⟨⊣\ ⊣ ∇⟩⊙⌉↙⇒ ∋↙ T⟨⌉ \≀⊓\ ⟨⟩⌉∇⊣∇⌋⟨† ∫⊔∇≀\}↕† ∇⌉⊙⌉⌋⊔∫ {⊓\⌋⊔⟩≀\↙ ⇐M⟩↕↕⌉∇ ⌋≀⇕⇕⌉\⊔∫⇔ ⊖A⊔ ↕⌉⊣∫⊔ ∫⟩\⌋⌉ D⊓\‖⌉∇ ⇐∞∃△▽⇒ ⌈⌉∫⌋∇⟩⌊⌉⌈ {⊓\⌋⊔⟩≀\⊣↕ ⊘§⌉⌈\⌉∫∫⇔ √∫†⌋⟨≀↕≀}⟩∫⊔∫ ⟨⊣⊑⌉ ⌊⌉⌉\ ⊣⊒⊣∇⌉ ⊔⟨⊣⊔ ⊓∫⌉∫ ⊔≀ ⊒⟨⟩⌋⟨ ⊣ ⊔⟨⟩\} ⟩∫ \≀∇⇕⊣↕↕† √⊓⊔ ⊣∇⌉ ⊣ ⌋⌉\⊔∇⊣↕ √⊣∇⊔ ≀{ ⊣ √⌉∇∫≀\≃∫ ⌋≀\⌋⌉√⊔⟩≀\ ≀{ ⊔⟨⊣⊔ ⊔⟨⟩\}↙⪰⇒ I\ ⇐M⟩↕↕⌉∇ ⌉⊔ ⊣↕↙⇔ ∞∃∃′⇒⇔ M⟩↕↕⌉∇ ⇕⊣‖⌉∫ ⊔⟨⌉ {≀↕↕≀⊒⟩\} }⌉\⌉∇⊣↕ ⌋≀⇕⇕⌉\⊔¬ B⌉}⟩\\⟩\} ⊒⟩⊔⟨ ⊒≀∇⌈ ⊣∫∫≀⌋⟩⊣⊔⟩≀\ ∫⊔⊓⌈⟩⌉∫ ⊣⊔ ⊔⟨⌉ ⊔⊓∇\ ≀{ ⊔⟨⌉ ⌋⌉\⊔⊓∇† ⊣\⌈ ⌋≀\⊔⟩\⊓⟩\} ⌈≀⊒\ ⊔≀ ⊔⟨⌉ ∫≀√⟨⟩∫⊔⟩⌋⊣⊔⌉⌈ ⌉§√⌉∇⟩⇕⌉\⊔⊣↕ ⊔⊣∫‖∫ ≀{ ⊔⟨⌉ ↕⊣∫⊔ ⊔⊒⌉\⊔† †⌉⊣∇∫⇔ √∫†⌋⟨≀↕⟩\}⊓⟩∫⊔∫ ⟨⊣⊑⌉ ⌈⟩∫⌋≀⊑⌉∇⌉⌈ ⇕⊣\† ∫†\⌋⟨∇≀\⟩⌋ √∇≀√⌉∇⊔⟩⌉∫ ≀{ ⊔⟨⌉ ⇕⌉\⊔⊣↕ ↕⌉§⟩⌋≀\ ⊔⟨⊣⊔ ⌋⊣\ ⌊⌉ ⌉§√↕≀⟩⊔⌉⌈ ⟩\ ↕⌉§⟩⌋≀}∇⊣√⟨† ↙ ↙ ↙ I\⊣∫⇕⊓⌋⟨ ⊣∫ ⟩⊔ ⟩\∫⊔⊣\⊔⟩⊣⊔⌉∫ ⟨†√≀⊔⟨⌉∫⌉∫ ⌊⊣∫⌉⌈ ≀\ ∇⌉∫⊓↕⊔∫ ≀{ √∫†⌋⟨≀↕⟩\}⊓⟩∫⊔⟩⌋ ∇⌉∫⌉⊣∇⌋⟨⇔ W≀∇⌈N⌉⊔ ⌋⊣\ ⌊⌉ ∫⊣⟩⌈ ⊔≀ ⌊⌉ ⊣ ⌈⟩⌋⊔⟩≀\⊣∇† ⌊⊣∫⌉⌈ ≀\ √∫†⌋⟨≀↕⟩\}⊓⟩∫⊔⟩⌋ √∇⟩\⌋⟩√↕⌉∫↙ A∫ ⊣ ∫⌉⌋≀\⌈ ⊣∫∫⊓⇕√⊔⟩≀\⇔ ⊔⟨⌉ ⊑⌉∇⌊↖≀⌊|⌉⌋⊔ ∫⊣⇕√↕⌉∫ ⊓∫⌉⌈ ⟩\ ⊔⟨⌉ ⌉§√⌉∇⟩⇕⌉\⊔ ⊣∇⌉ ⊔⊣‖⌉\ ⊔≀ ⌊⌉ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩⊑⌉ ≀{ ⊣⌋⊔⊓⊣↕ ⊓∫⊣}⌉↙ I\ ≀∇⌈⌉∇ ⊔≀ ⌉\∫⊓∇⌉ ⊔⟨⊣⊔ ⊔⟨⟩∫ ⟩∫ ⊔⟨⌉ ⌋⊣∫⌉⇔ ⊔⟨⌉ ⌋≀∇√≀∇⊣ ⊓∫⌉⌈ ⊒⌉∇⌉ ⊣∫ ⌊⊣↕⊣\⌋⌉⌈ ⊣∫ √≀∫∫⟩⌊↕⌉↙ O\⌉ ⌉§√⌉∇⟩⇕⌉\⊔ ⊓∫⌉⌈ ⊔⟨⌉ B∇≀⊒\ C≀∇√⊓∫ ⇐F∇⊣\⌋⟩∫ ⊣\⌈ K⊓�⌋⌉∇⊣⇔ ∞∃∀∈⇒⇔ ⊒⟨⟩⌋⟨⇔ ⊔⟨≀⊓}⟨ ∫⇕⊣↕↕⌉∇ ⊔⟨⊣\ ∫≀⇕⌉ ≀{ ⊔⟨⌉ ⊔⌉§⊔ ⌋≀∇√≀∇⊣ \≀⊒ ⊣⊑⊣⟩↕⊣⌊↕⌉ ⇐⊣⌊≀⊓⊔ ⊣ ⇕⟩↕↕⟩≀\ ⊒≀∇⌈∫⇔ ⊔≀⊔⊣↕⇒⇔ ⟩∫ ⊔⟨⌉ ↕⊣∇}⌉∫⊔ ∇⌉⊣⌈⟩↕† ⊣⊑⊣⟩↕⊣⌊↕⌉ ∫⊣⇕√↕⌉ ≀{ E\}↕⟩∫⟨ ⊔⌉§⊔ ⌉§√↕⟩⌋⟩⊔↕† ⌈⌉∫⟩}\⌉⌈ ⊔≀ ⌊⌉ ⌊⊣↕⊣\⌋⌉⌈ ⊣⌋∇≀∫∫ }⌉\∇⌉∫↙ A ∫⌉⌋≀\⌈ ⌉§√⌉∇⟩⇕⌉\⊔ ⊓∫⌉⌈ √⊣∇⌉\⊔⊣↕ ∫√⌉⌉⌋⟨ {∇≀⇕ ⊔⟨⌉ CHILDES ⌋≀∇√⊓∫ ⇐M⊣⌋W⟨⟩\\⌉†⇔ ∞∃∃∞⇒⇔ ⊒⟨⟩⌋⟨ ⟩∫ ⊔≀ ⇕† ‖\≀⊒↕⌉⌈}⌉ ⊔⟨⌉ ↕⊣∇}⌉∫⊔ ⊣\⌈ ⌊∇≀⊣⌈⌉∫⊔ ∫⊣⇕√↕⌉ ≀{ √⊣∇⌉\⊔∝⌋⟨⟩↕⌈ ⟩\⊔⌉∇⊣⌋⊔⟩≀\ ⊣⊑⊣⟩↕⊣⌊↕⌉↙ A ⊔⟨⟩∇⌈ ⌉§√⌉∇⟩⇕⌉\⊔ ⊓∫⌉⌈ ⌈⊣⊔⊣ ⌋≀↕↕⌉⌋⊔⌉⌈ ⌊† A\\⟩⌉ L⌉⌈⌉∇⌉∇ ⟩\ ⊣\ ⊓\√⊓⌊↕⟩∫⟨⌉⌈ ∫⊔⊓⌈† ≀{ ⊑⌉∇⌊↖≀⌊|⌉⌋⊔ \≀∇⇕∫↙ I⊔ ⟩∫ ⊑⌉∇† ⟩⇕√≀∇⊔⊣\⊔ ⊔≀ \≀⊔⌉ ⊔⟨⊣⊔ \≀ ∫⊔⊣⊔⟩∫⊔⟩⌋∫ ⊣⊔ ⊣↕↕ ⊒⌉∇⌉ ⌋≀↕↕⌉⌋⊔⌉⌈ ⌋≀\⌋⌉∇\⟩\} ⊔⟨⌉ {∇⌉∐⊓⌉\⌋† ⊒⟩⊔⟨ ⊒⟨⟩⌋⟨ ⊑⌉∇⌊∫ ⟩\ ⊔⟨⌉ ∫⊔⊓⌈† ⌈≀ ≀∇ ⌈≀ \≀⊔ ⊣√√⌉⊣∇ ⊒⟩⊔⟨ ≀⇕⟩⊔⊔⌉⌈ ⊣∇}⊓⇕⌉\⊔∫↙ O\↕† ≀⊑⌉∇⊔ ⊑⌉∇⌊↖≀⌊|⌉⌋⊔ ⌋≀↖≀⌋⌋⊓∇∇⌉\⌋⌉∫ }≀ ⟩\⊔≀ ⊔⟨⌉ ⌉∫⊔⟩⇕⊣⊔⟩≀\ ≀{ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ √∇⌉{⌉∇⌉\⌋⌉ ∫⊔∇⌉\}⊔⟨∅ ⊔⟨⌉∇⌉{≀∇⌉ ⊔⟨⌉ ⟩\⌈⌉√⌉\⌈⌉\⊔ ⇕⌉⊣∫⊓∇⌉ ⟩∫ \≀⊔ ⊔⊣⟩\⊔⌉⌈ ⌊† ⟩\{≀∇⇕⊣⊔⟩≀\ ⊣⌊≀⊓⊔ ⊔⟨⌉ √∇≀√⌉∇⊔† ⟩⊔ ⟩∫ ⌊⌉⟩\} ⊓∫⌉⌈ ⊔≀ √∇⌉⌈⟩⌋⊔↙

△↙∋↙∈ R⌉∫⊓↕⊔∫ B∇≀⊒\ C≀∇√⊓∫↙ T⟨⌉ ⊘∇∫⊔ ⊑⌉∇∫⟩≀\ ≀{ ⊔⟨⌉ ⌉§√⌉∇⟩⇕⌉\⊔ ⊓∫⌉⌈ ⊣ ∫⊣⇕√↕⌉ ≀{ ∋∋⇔∞∋ ̸⊑⌉∇⌊↖≀⌊|⌉⌋⊔ ⌋≀↖≀⌋⌋⊓∇∇⌉\⌋⌉∫ ⌉§⊔∇⊣⌋⊔⌉⌈ {∇≀⇕ ⊔⟨⌉ √⊣∇∫⌉⌈ ⊑⌉∇∫⟩≀\ ≀{ ⊔⟨⌉ B∇≀⊒\ C≀∇√⊓∫ ⟩\ ⊔⟨⌉ P⌉\\ T∇⌉⌉⌊⊣\‖ ⇐M⊣∇⌋⊓∫⇔ S⊣\⊔≀∇⟩\⟩⇔ ⊣\⌈ M⊣∇⌋⟩\‖⟩⌉⊒⟩⌋‡⇔ ∞∃∃∋⇒↙ T⟨⌉ T∇⌉⌉⌊⊣\‖ √⊣∇∫⌉∫ ⌉\⌋≀⌈⌉ ≀\↕† ∫⊓∇{⊣⌋⌉ ≀⌊|⌉⌋⊔∫⇔ ⊣\⌈ ∫⟩\⌋⌉ √∇≀\≀⊓\↖⊣\⊔⌉⌋⌉⌈⌉\⊔ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√∫ ⊣∇⌉ \≀⊔ ⌉\⌋≀⌈⌉⌈⇔ √∇≀\≀⊓\∫ ⟩\ ≀⌊|⌉⌋⊔ √≀∫⟩⊔⟩≀\ ⊒⌉∇⌉ ⟩}\≀∇⌉⌈↙ I\ ⇕⊓↕⊔⟩√↕⌉↖\≀⊓\ ⌋≀⇕√≀⊓\⌈∫⇔ ⊔⟨⌉ ↕⊣∫⊔ \≀⊓\ ⇐∇⌉↕⟩⊣⌊↕† ⊔⟨⌉ ⟨⌉⊣⌈ ≀{ ⊔⟨⌉ NP⇒ ⊒⊣∫ ⊔⊣‖⌉\ ⊔≀ ⌊⌉ ⊔⟨⌉ ⌈⟩∇⌉⌋⊔ ≀⌊|⌉⌋⊔↙∃ ∃I ⊣⇕ ⊑⌉∇† }∇⊣⊔⌉{⊓↕ ⊔≀ R⟩⌋⟨ P⟩⊔≀ {≀∇ ⟨⟩∫ TGREP ⊓⊔⟩↕⟩⊔†⇔ ⊒⟨⟩⌋⟨ ⇕⊣⌈⌉ ⟩⊔ √≀∫∫⟩⌊↕⌉ ⊔≀ ∫⌉⊣∇⌋⟨ {≀∇ ⊣\⌈ ⊣\⌈ ⌉§⊔∇⊣⌋⊔ ∫√⌉⌋⟩⊘⌋ ∫⊔∇⊓⌋⊔⊓∇⊣↕ √⊣⊔⊔⌉∇\∫ {∇≀⇕ ⊔⟨⌉ P⌉\\ T∇⌉⌉⌊⊣\‖↙

∀ I\ ⊔⟨⟩∫ ⊑⌉∇∫⟩≀\ ≀{ ⊔⟨⌉ ⌉§√⌉∇⟩⇕⌉\⊔ ⊔⟨⌉ ≀⌊|⌉⌋⊔↖⌈∇≀√ ⊑⌉∇⌊∫ ⟨⊣⊑⌉ ∫⟩}\⟩⊘⌋⊣\⊔↕† ∫⊔∇≀\}⌉∇ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ √∇⌉{⌉∇⌉\⌋⌉ ∫⊔∇⌉\}⊔⟨ ⊔⟨⊣\ ⊔⟨⌉ \≀\↖≀⌊|⌉⌋⊔↖⌈∇≀√ ⊑⌉∇⌊∫ ⊣⌋⌋≀∇⌈⟩\} ⊔≀ ⊣ M⊣\\↖W⟨⟩⊔\⌉† U ⊔⌉∫⊔ ⇐M⟩↕⊔≀\⇔ ∞∃△̸⇒ ⇐N∞ℑ∞▽⇔ ⇕⌉⊣\∞ℑ∈↙∃⇔ ∫⊔⌈⌉⊑∞ℑ′↙∃∀⇔ N∈ℑ∞∃⇔ ⇕⌉⊣\∈ℑ∞↙∋⇔ ∫⊔⌈⌉⊑∈ℑ′↙∃∋⇔ Uℑ▽▽⇔ p = .001↽▷

CHILDES▷ The second version of the experiment used a sample of 34710 verbobject cooccurrences extracted from parental speech in the CHILDES ↼Child Language Data Exchange System↽ collection of parentchild interactions ↼MacWhinney and Snow 1985, Sokolov and Snow to appear↽▷ The CHILDES data are not parsed so in order to identify the direct objects of verbs the parental turns from the CHILDES data were extracted and run through a probabilistic partofspeech tagger and direct objects identiαed using a simple heuristic procedure▷ Essentially the procedure looked to the right of the verb for either a noun a sequence of nouns ↼in which case the last one was identiαed as the head↽ or another part of speech such as a preposition or adverb that would suggest terminating the search without identifying an object▷ Although this procedure led to a noisy sample I inspected a subsample by hand and judged the results to be reasonable, in addition an earlier version of the experiment applied the same heuristic to the Brown Corpus ↼before it was available in parsed form↽ and the results were essentially the same as those just described▷10 In this second version of the experiment the objectdrop verbs again have signiαcantly stronger selec tional preference strength than the nonobjectdrop verbs according to a MannWhitney U test ↼N1/15 mean1/2▷25 stdev1/0▷94 N2/17 mean2/1▷13 stdev2/0▷64 U/37 p < .0005↽▷ ↼Verbs do and have were excluded from the heuristic objectαnding procedure owing to their use as both verbs and auxiliaries hence the experiment included 32 rather than 34 verbs▷↽

Human subject data▷ The third version of the experiment used a sample of 2655 verbobject cooccurrences collected in an unpublished norming experiment by Annie Lederer▷ Ten subjects were instructed to name Ψthe top ten things that you▷▷▷ν for each of the 34 verbs � something very much along the lines of the ΨFamily Feudν television game show▷ They were told to restrict themselves to oneword answers and to list fewer items if ten did not come to mind easily▷ In some cases subjects gave twoword responses despite the instructions ↼e▷g▷ pour orange juice open car door↽, in adapting the norms to the experiment reported here those responses were excluded▷ In this third version of the experiment the objectdrop verbs once again have signiαcantly stronger selectional preference strength than the nonobjectdrop verbs according to a MannWhitney U test ↼N1/15 mean1/2▷17 stdev1/0▷42 N2/19 mean2/1▷66 stdev/0▷42 U/57 p < .0025↽▷

4▷3▷3 Discussion The results of Experiment 1 conαrm the hypothesis that verbs participating in the implicit object alternation select more strongly for their direct objects than verbs that do not▷ Replications using several different corpora to estimate verbobject cooccurrences lend the result additional credibility. the difference is apparently not the result of some quirky statistical behavior in a particular corpus▷ It is important to note however that there is no clear threshold separating the two groups of verbs▷ For example using the Brown Corpus data the three Ψweakestν objectdrop verbs are call hear and watch 10All parental data available in CHILDES were merged, these included data gathered by the following researchers. Bates Bernstein Bloom Bohannon Braine Brown Clark Evans Garvey Gathercole Gleason Hall Higginson Howe Kuczaj MacWhinney Sachs Snow Suppes Vanhouten and Warren▷ See ↼MacWhinney and Snow 1985↽ for details▷ I am grateful to Eric Brill for his assistance in tagging the CHILDES data▷ with selectional preference strengths ranging from 1▷52 to 1▷97, the three Ψstrongestν nonobject drop verbs are hang wear and open with selectional preference strengths ranging from 2▷93 to 3▷35▷ The results using other corpora show similar behavior▷ This might mean that selectional preference strength is being poorly estimated in some cases or it might mean that there are other factors involved in determining whether the direct object is optional▷ There is some evidence to suggest that usage biases may be leading to inaccurate models of verb selection in some cases▷ For example in the Penn Treebank parses for the Brown Corpus the direct object distribution for the verb say is systematically contaminated by time adverbials as in the following. ↼138↽ a▷ He still ♭VP says ♭NP every day♯ again. ΨLet there be lightν♯ω b▷ Governor Notte ♭VP said ♭NP last night♯▷▷▷♯ This is one likely explanation for the selectional preference strength of 2▷82 for say as estimated from this corpus▷ In addition inappropriate word senses appear to be having undue inβuence for some low frequency verbs▷ For example governor head ofαcial and tool together account for 6 of the 11 direct object instances observed for the verb hang, these can all be grouped together under the heading ⟨√⌉∇∫≀\⇔∋∞△⟩ ⟩{ ⟨⌉⊣⌈ ⟩∫ ⟩\⊔⌉∇√∇⌉⊔⌉⌈ ⟩\ ⟩⊔∫ ∫⌉\∫⌉ ⊣∫ CHIEF ⊣\⌈ ⊔≀≀↕ ⟩∫ ⟩\⊔⌉∇√∇⌉⊔⌉⌈ ⊣∫ PUPPET ≀∇ SLAVE↙ I{ ⊒≀∇⌈ ∫⌉\∫⌉∫ ⊒⌉∇⌉ ⌈⟩∫⊣⇕⌊⟩}⊓⊣⊔⌉⌈⇔ ⊔⟨⌉ ⌋≀↖≀⌋⌋⊓∇∇⌉\⌋⌉ ⟨⊣\} ⟨⌉⊣⌈ ⊒≀⊓↕⌈ ⌋≀\⊔∇⟩⌊⊓⊔⌉ √∇≀⌊⊣⌊⟩↕⟩⊔† ⊔≀ ∫⌉\∫⌉∫ ∫⊓⌋⟨ ⊣∫ BODY PART ⊣\⌈ ⊔≀≀↕ ⊒≀⊓↕⌈ ⌊⌉ ⊣∫∫≀⌋⟩⊣⊔⌉⌈ ⊒⟩⊔⟨ IMPLEMENT ⊣\⌈ ⊔⟨⌉ ↕⟩‖⌉⇔ ⊣\⌈ ⊔⟨⌉ ≀⊑⌉∇⊣↕↕ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ √∇⌉{⌉∇⌉\⌋⌉ ∫⊔∇⌉\}⊔⟨ ⊒≀⊓↕⌈ ⌊⌉ ↕≀⊒⌉∇↙ D⌉∫√⟩⊔⌉ ⊔⟨⌉∫⌉ ⌊⟩⊣∫⌉∫⇔ I ⊣⇕ ⟩\⌋↕⟩\⌉⌈ ⊔≀ ⊔⊣‖⌉ ⊔⟨⌉ ↕⊣⊔⊔⌉∇ √≀∫⟩⊔⟩≀\⇔ \⊣⇕⌉↕† ⊔⟨⊣⊔⇔ ⌉⊑⌉\ ⟩{ ⊔⟨⌉ ⌉∫⊔⟩⇕⊣⊔⌉⌈ ⊑⊣↕⊓⌉∫ {≀∇ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ √∇⌉{⌉∇⌉\⌋⌉ ∫⊔∇⌉\}⊔⟨ ⊒⌉∇⌉ ⌋≀⇕√↕⌉⊔⌉↕† ⊣⌋⌋⊓∇⊣⊔⌉⇔ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ √∇⌉{⌉∇⌉\⌋⌉ ⊒≀⊓↕⌈ \≀⊔ ⌋≀⇕√↕⌉⊔⌉↕† ⊣⌋⌋≀⊓\⊔ {≀∇ ≀⇕⟩∫∫⟩⌊⟩↕⟩⊔† ≀{ ≀⌊|⌉⌋⊔∫↙ I ⊔⊣‖⌉ ⊓√ ≀⊔⟨⌉∇ {⊣⌋⊔≀∇∫ ⊔⟨⊣⊔ ⇕⟩}⟨⊔ ⌊⌉ ⟩\⊑≀↕⊑⌉⌈ ⟩\ ⊔⟨⌉ }⌉\⌉∇⊣↕ ⌈⟩∫⌋⊓∫∫⟩≀\↙

△↙△ E§√⌉∇⟩⇕⌉\⊔ ∈¬ S⌉↕⌉⌋⊔⟩≀\ ⊣\⌈ F∇⌉∐⊓⌉\⌋† ≀{ O⇕⟩∫∫⟩≀\ T⟨⌉ √∇⌉⊑⟩≀⊓∫ ⌉§√⌉∇⟩⇕⌉\⊔ ⟩\⊑⌉∫⊔⟩}⊣⊔⌉⌈ ⊔⟨⌉ ⟨†√≀⊔⟨⌉∫⟩∫ ⊔⟨⊣⊔ ≀√⊔⟩≀\⊣↕⟩⊔† ≀{ ⊔⟨⌉ ⌈⟩∇⌉⌋⊔ ≀⌊|⌉⌋⊔ ⟩∫ ⌋≀\\⌉⌋⊔⌉⌈ ⊔≀ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ √∇⌉{⌉∇⌉\⌋⌉⇔ ⊔⟨⌉ ∇⊣⊔⟩≀\⊣↕⌉ ⌊⌉⟩\} ⊔⟨⊣⊔ ∫⊔∇⌉\}⊔⟨ ≀{ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ √∇⌉{⌉∇⌉\⌋⌉ ⟩∫⇔ ⊣∫ {≀∇⇕⊣↕⟩‡⌉⌈ ⟨⌉∇⌉⇔ ⊣ ⇕⌉⊣∫⊓∇⌉ ≀{ ⟨≀⊒ ⌉⊣∫† ⟩⊔ ⟩∫ ⊔≀ ⟩\{⌉∇ ≀∇ ∇⌉⌋≀\∫⊔∇⊓⌋⊔ \⌉⌋⌉∫∫⊣∇† √∇≀√⌉∇⊔⟩⌉∫ ≀{ ⊔⟨⌉ ≀⇕⟩⊔⊔⌉⌈ ≀⌊|⌉⌋⊔↙ A↕⊔⟨≀⊓}⟨ ⊔⟨⌉ ∇⌉∫⊓↕⊔∫ ⌈≀ \≀⊔ ∫⊓√√≀∇⊔ ⊣ ⌋⊣⊔⌉}≀∇⟩⌋⊣↕ ⌈⟩∫⊔⟩\⌋⊔⟩≀\ ∫≀↕⌉↕† ≀\ ⊔⟨⌉ ⌊⊣∫⟩∫ ≀{ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ √∇≀√⌉∇⊔⟩⌉∫⇔ ⊔⟨⌉† ⌈≀ ∫⟨≀⊒ ⊔⟨⊣⊔ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ √∇≀√⌉∇⊔⟩⌉∫ ⊣∇⌉ ∇⌉↕⌉⊑⊣\⊔ ⊔≀ ↕⌉§⟩⌋⊣↕↕†↖∫√⌉⌋⟩⊘⌋ ∫†\⊔⊣⌋⊔⟩⌋ ⌊⌉⟨⊣⊑⟩≀∇↙ G⟩⊑⌉\ ⊔⟨⊣⊔ ∫⌉↕⌉⌋⊔⟩≀\ ⟩∫ ∇⌉↕⌉⊑⊣\⊔ ⊔≀ ↕⌉§⟩⌋⊣↕↖∫†\⊔⊣⌋⊔⟩⌋ √∇≀√⌉∇⊔⟩⌉∫ � ⊔⟨⊣⊔ ⟩∫⇔ ↕⌉§⟩⌋⊣↕ ‖\≀⊒↕⌉⌈}⌉ ⌊⌉⊣∇⟩\} ≀\ ∫†\⊔⊣⌋⊔⟩⌋ ⌋≀⇕√⌉⊔⌉\⌋⌉ � ⊣ \⊣⊔⊓∇⊣↕ ∐⊓⌉∫⊔⟩≀\ ⊔≀ ⊣∫‖ ⟩∫ ⊒⟨⌉⊔⟨⌉∇ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ √∇⌉{⌉∇⌉\⌋⌉ ⊣{{⌉⌋⊔∫ ∫†\⊔⊣⌋⊔⟩⌋ √⌉∇{≀∇⇕⊣\⌋⌉⇔ ⊣∫ ⊒⌉↕↕↙ I\ √⊣∇⊔⟩⌋⊓↕⊣∇⇔ ⟩{ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ √∇⌉{⌉∇⌉\⌋⌉ ∫⊔∇⌉\}⊔⟨ ⇕⌉⊣∫⊓∇⌉∫ ⟨≀⊒ ⇕⊓⌋⟨ ⟩\{≀∇⇕⊣⊔⟩≀\ ⊣ ⊑⌉∇⌊ ⌋⊣∇∇⟩⌉∫ ⊣⌊≀⊓⊔ ⟩⊔∫ ≀⌊|⌉⌋⊔⇔ ⊔⟨⌉\ √∇≀√⌉∇⊔⟩⌉∫ ≀{ ≀⇕⟩⊔⊔⌉⌈ ≀⌊|⌉⌋⊔∫ ∫⟨≀⊓↕⌈ ⟩\ ∫≀⇕⌉ ∫⌉\∫⌉ ⌊⌉ ⇕≀∇⌉ ⌉⊣∫⟩↕† ⟩\{⌉∇∇⌉⌈ {≀∇ ∫⊔∇≀\}↕† ∇⊣⊔⟨⌉∇ ⊔⟨⊣\ ⊒⌉⊣‖↕† ∫⌉↕⌉⌋⊔⟩\} ⊑⌉∇⌊∫↙ E⊣∫⌉ ≀{ ⟩\{⌉∇⌉\⌋⌉ ⟩∫ ⊣ ∫⊓⌊|⌉⌋⊔ {≀∇ ⟩\⊑⌉∫⊔⟩}⊣⊔⟩≀\ ⌊† √∫†⌋⟨≀↕⟩\}⊓⟩∫⊔⟩⌋ ∇⊣⊔⟨⌉∇ ⊔⟨⊣\ ⌋≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ ⇕⌉⊔⟨≀⌈∫↙ H≀⊒⌉⊑⌉∇⇔ ⟩\ √⌉∇{≀∇⇕⊣\⌋⌉⇔ ⊣ ∫√⌉⊣‖⌉∇ ≀∇ ⊒∇⟩⊔⌉∇ ⟩∫ ↕⟩‖⌉↕† ⊔≀ ⌊⌉ ⟩\⊙⊓⌉\⌋⌉⌈ ⌊† ⟨≀⊒ ⌉⊣∫† ⟩⊔ ⊒⟩↕↕ ⌊⌉ {≀∇ ⊔⟨⌉ ↕⟩∫⊔⌉\⌉∇ ≀∇ ∇⌉⊣⌈⌉∇ ⊔≀ ⊣∇∇⟩⊑⌉ ⊣⊔ ⊔⟨⌉ ⌋≀∇∇⌉⌋⊔ ⟩\⊔⌉∇√∇⌉⊔⊣⊔⟩≀\↙ I\ √⊣∇⊔⟩⌋⊓↕⊣∇⇔ ≀\⌉ ⊒≀⊓↕⌈ ⌉§√⌉⌋⊔ ⊔⟨⊣⊔ ⊑⌉∇⌊∫ {≀∇ ⊒⟨⟩⌋⟨ ⊔⟨⌉ ≀⌊|⌉⌋⊔ ⟩∫ ∇⌉⊣⌈⟩↕† ⟩\{⌉∇⊣⌊↕⌉ ⊒⟩↕↕ ≀⇕⟩⊔ ⊔⟨⊣⊔ ⊣∇}⊓⇕⌉\⊔ ⌋≀∇∇⌉∫√≀\⌈⟩\}↕† ⇕≀∇⌉ {∇⌉∐⊓⌉\⊔↕† ⊔⟨⊣\ ⊑⌉∇⌊∫ {≀∇ ⊒⟨⟩⌋⟨ ⊔⟨⌉ ≀⌊|⌉⌋⊔ ⟩∫ \≀⊔ ⌉⊣∫⟩↕† ⟩\{⌉∇∇⌉⌈↙ I\ ⊣ ∫⌉⌋≀\⌈ ⌉§√⌉∇⟩⇕⌉\⊔⇔ ⊔⟨⌉∇⌉{≀∇⌉⇔ I ⟨⊣⊑⌉ ⊣}⊣⟩\ ⊣∫∫≀⌋⟩⊣⊔⌉⌈ ⌉⊣∫⌉ ≀{ ⟩\{⌉∇⌉\⌋⌉ ⊒⟩⊔⟨ ∫⊔∇⌉\}⊔⟨ ≀{ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ √∇⌉{⌉∇⌉\⌋⌉⇔ ⊔⟨⟩∫ ⊔⟩⇕⌉ ⌉§√↕≀∇⟩\} ⊔⟨⌉ ⌋≀\\⌉⌋⊔⟩≀\ ⌊⌉⊔⊒⌉⌉\ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ √∇⌉{⌉∇⌉\⌋⌉ ⊣\⌈ ⊔⟨⌉ ≀⇕⟩∫∫⟩≀\ ≀{ ⌈⟩∇⌉⌋⊔ ≀⌊|⌉⌋⊔∫ ⟩\ ⊣⌋⊔⊓⊣↕ √⌉∇{≀∇⇕⊣\⌋⌉↙

∀∀ △↙△↙∞ P∇≀⌋⌉⌈⊓∇⌉ I\ ≀∇⌈⌉∇ ⊔≀ ⌈⌉⊔⌉∇⇕⟩\⌉ ⊔⟨⌉ {∇⌉∐⊓⌉\⌋† ⊒⟩⊔⟨ ⊒⟨⟩⌋⟨ ⊑⌉∇⌊∫ ≀⇕⟩⊔ ⊔⟨⌉⟩∇ ≀⌊|⌉⌋⊔∫⇔ I ⌉§⊔∇⊣⌋⊔⌉⌈ {∇≀⇕ ⊔⟨⌉ B∇≀⊒\ C≀∇√⊓∫ ⊣ ∫⊣⇕√↕⌉ ≀{ ∞′′ ⟩\∫⊔⊣\⌋⌉∫ ≀{ ⌉⊣⌋⟨ ⊑⌉∇⌊ ⊓∫⌉⌈ ⟩\ ⊔⟨⌉ √∇⌉⌋⌉⌈⟩\} ⌉§√⌉∇⟩⇕⌉\⊔ ⇐≀∇ ⊣∫ ⇕⊣\† ⟩\∫⊔⊣\⌋⌉∫ ⊣∫ ⊒⌉∇⌉ ⊣⊑⊣⟩↕⊣⌊↕⌉⇔ ⟩{ {⌉⊒⌉∇⇒↙ F≀∇ ⌉⊣⌋⟨ ⟩\∫⊔⊣\⌋⌉⇔ I ⊓∫⌉⌈ ⊔⟨⌉ {⊓↕↕ ∫⌉\⊔⌉\⌋⌉ ⟩\ ⊒⟨⟩⌋⟨ ⊔⟨⌉ ⊑⌉∇⌊ ⊣√√⌉⊣∇⌉⌈⇔ ⊔≀}⌉⊔⟨⌉∇ ⊒⟩⊔⟨ ⊔⟨⌉ {⊓↕↕ √∇⌉⌋⌉⌈⟩\} ∫⌉\⊔⌉\⌋⌉⇔ ⊔≀ ⌈⌉⌋⟩⌈⌉ ⊒⟨⌉⊔⟨⌉∇ ≀∇ \≀⊔ ⊔⟨⟩∫ ⟩\∫⊔⊣\⌋⌉ ⊒⊣∫ ⊣\ ⌉§⊣⇕√↕⌉ ≀{ ⊣\ ⟩⇕√↕⟩⌋⟩⊔ ≀⌊|⌉⌋⊔ ⌋≀\∫⊔∇⊓⌋⊔⟩≀\↙ T⟨⌉ |⊓⌈}⌉⇕⌉\⊔∫ ⊒⌉∇⌉ ⇕⊣⌈⌉ ≀\ ⊔⟨⌉ ⌊⊣∫⟩∫ ≀{ ⟩\⊔⊓⟩⊔⟩≀\⇔ ⊔≀}⌉⊔⟨⌉∇ ⊒⟩⊔⟨ ⊔⟨⌉ ↕⟩\}⊓⟩∫⊔⟩⌋ ⌈⟩⊣}\≀∫⊔⟩⌋∫ ⌈⟩∫⌋⊓∫∫⌉⌈ ⟩\ S⌉⌋⊔⟩≀\ △↙∈↙∋↙ ⇐∞∋∃⇒ ⊣↙ I\ ⊔⟨⌉ {⊓↕↕\⌉∫∫ ≀{ ⟨⌉∇ ⊑≀⌋⊣↕ ∫√↕⌉\⌈≀∇⇔ ⟨≀⊒⌉⊑⌉∇⇔ ∫⟨⌉ ⌋≀⊓↕⌈ ∫⟩\} ⊔⟨⌉ {⊣⇕≀⊓∫ ∫⌋⌉\⌉ ⇕⊣}\⟩⊘⌋⌉\⊔↕†↙ ⌊↙ A↕⊔≀}⌉⊔⟨⌉∇ ⊘{⊔⌉⌉\ ⊑⟩∇⊔⊓⊣↕↕† ⊓\‖\≀⊒\ R≀⌈}⌉∇∫ ⊣\⌈ H⊣∇⊔ ∫≀\}∫ ⊣∇⌉ ∫⊓\} ⌊† ⊣ ∐⊓⟩\⊔⌉⊔ ≀{ ⊣⌊↕⌉ ⊑≀⌋⊣↕⟩∫⊔∫↙ ⌋↙ R≀⊓⌊⌉\ T⌉∇↖A∇⊓⊔⊓\⟩⊣\⇔ ⟩\ ⟨⟩∫ ∫⊔⊣}⌉ ∫⌉⊔⊔⟩\}∫⇔ ≀{⊔⌉\ ⊓∫⌉∫ ⊔⟨⌉ ∫⌋∇⟩⇕ ⌋⊓∇⊔⊣⟩\ ⌊⌉⟨⟩\⌈ ⊒⟨⟩⌋⟨ M∇↙ C≀↕⌉ ⟨⊣∫ √↕⊣⌋⌉⌈ ⌋≀⊓√↕⌉∫ ≀∇ }∇≀⊓√∫ ⊒⟨≀ ∫⟩\} ⊣\⌈ ∫⌉⊔ ⊔⟨⌉ ⇕≀≀⌈ {≀∇ ⊔⟨⌉ ∫⌋⌉\⌉∫ ⊒⟨⟩⌋⟨ ⊣∇⌉ ⊔≀ {≀↕↕≀⊒↙ F≀∇ ⌉§⊣⇕√↕⌉⇔ ⇐∞∋∃⌋⇒ ⊒⊣∫ ⌋≀⊓\⊔⌉⌈ ⊣∫ ⌋≀\⊔⊣⟩\⟩\} ⊣\ ⟩⇕√↕⟩⌋⟩⊔ ⊣∇}⊓⇕⌉\⊔ ⟩\∫⊔⊣\⌋⌉ {≀∇ ∫⟩\}⇔ ⊣\⌈ ⇐∞∋∃⊣⇒ ⊣\⌈ ⇐∞∋∃⌊⇒ ⊒⌉∇⌉ \≀⊔↙ I\ ⊔⟨⟩∫ √∇≀⌋⌉∫∫⇔ ⟩⊔ ⊒⊣∫ ⇕≀∇⌉ ⌋≀\⊑⌉\⟩⌉\⊔ ⊔≀ ⊓∫⌉ ⊔⟨⌉ ≀∇⟩}⟩\⊣↕ √⊣∇⊔↖≀{↖∫√⌉⌉⌋⟨ ⊔⊣}}⌉⌈ B∇≀⊒\ C≀∇√⊓∫ ∇⊣⊔⟨⌉∇ ⊔⟨⊣\ ⊔⟨⌉ √⊣∇∫⌉⌈ ⊑⌉∇∫⟩≀\ {≀⊓\⌈ ⟩\ ⊔⟨⌉ P⌉\\ T∇⌉⌉⌊⊣\‖⇔ ⊔⟨≀⊓}⟨ ⊔⟨⌉ ↕⊣⊔⊔⌉∇ ⊒⊣∫ ∫⊔⟩↕↕ ⊓∫⌉⌈ {≀∇ ⌉∫⊔⟩⇕⊣⊔⟩\} ∫⌉↕⌉⌋⊔⟩≀\⊣↕ √∇⌉{⌉∇⌉\⌋⌉ ∫⊔∇⌉\}⊔⟨↙ S⟩\⌋⌉ ⟩\ ⊔⟨⌉ ≀∇⟩}⟩\⊣↕ B∇≀⊒\ C≀∇√⊓∫ ⊔⟨⌉ ⊓∫⌉∫ ≀{ ⟨⊣⊑⌉ ⊣∫ ⊣⊓§⟩↕⟩⊣∇† ⊣\⌈ ⊑⌉∇⌊ ⊣∇⌉ \≀⊔ ⌈⟩∫⊔⟩\}⊓⟩∫⟨⌉⌈⇔ ⊔⟨⊣⊔ ⊑⌉∇⌊ ⊒⊣∫ ⌉§⌋↕⊓⌈⌉⌈ {∇≀⇕ ⊔⟨⌉ ∫⊣⇕√↕⌉⇔ ↕⌉⊣⊑⟩\} ⊔⟨⌉ ≀⊔⟨⌉∇ ∋∋ ⊑⌉∇⌊∫ {∇≀⇕ E§√⌉∇⟩⇕⌉\⊔ ∞↙ S⌉↕⌉⌋⊔⟩≀\⊣↕ √∇⌉{⌉∇⌉\⌋⌉ ∫⊔∇⌉\}⊔⟨ ⊒⊣∫ ⌈⌉⊔⌉∇⇕⟩\⌉⌈ {≀∇ ⌉⊣⌋⟨ ⊑⌉∇⌊ ⟩\ ⌉§⊣⌋⊔↕† ⊔⟨⌉ ∫⊣⇕⌉ {⊣∫⟨⟩≀\ ⌈⌉∫⌋∇⟩⌊⌉⌈ ⌉⊣∇↕⟩⌉∇⇔ {≀∇ ⌉⊣⌋⟨ ≀{ ⊔⟨⌉ ∫⊣⇕⌉ ⊔⟨∇⌉⌉ ⌋≀∇√≀∇⊣↙ △↙△↙∈ R⌉∫⊓↕⊔∫ A ⌋≀∇∇⌉↕⊣⊔⟩≀\ ⌊⌉⊔⊒⌉⌉\ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ √∇⌉{⌉∇⌉\⌋⌉ ∫⊔∇⌉\}⊔⟨ ⊣\⌈ ≀⌊|⌉⌋⊔ ≀⇕⟩∫∫⟩≀\∫ ⌉⇕⌉∇}⌉⌈ ⟩\ ⌉⊣⌋⟨ ≀{ ⊔⟨⌉ ⊔⟨∇⌉⌉ ⊑⌉∇∫⟩≀\∫ ≀{ ⊔⟨⌉ ⌉§√⌉∇⟩⇕⌉\⊔¬ B∇≀⊒\ C≀∇√⊓∫ ⇐Nℑ∋∋⇔ ∇ℑ↙△∀⇔ F⇐∞⇔∋∞⇒ℑ∃↙▽∋⇔ p < .01 p(F ) < .005↽ CHILDES ↼N/32 r/▷36 p < .05 F↼130↽/4▷33 p(F ) < .05↽ human subject data ↼N/33 r/▷58 p < .001 F↼131↽/15▷74 p(F ) < .0005↽▷ Figure 4▷2 shows a plot of the relationship using the human subject data � Strength refers to selectional preference strength and Implicit is the proportion ↼between 0▷0 and 1▷0↽ of instances appearing with an implicit object▷ Although some verbs deviate by failing to omit their objects despite very strong selection for the direct object it is interesting to notice that the converse does not hold. verbs do not omit their objects frequently unless they possess a high selectional preference strength▷ I would argue that this pattern reβects an underlying hard requirement namely that strong selection is a necessary condition for object omission▷ Whatever other sources of information may be available for inferring properties of implicit objects selectional information carried by the verb is a prerequisite▷

4▷5 Experiment 3. Distinguishing Subclasses of Objectdrop Verbs In Experiment 1 verbs participating in the indeαnite object alternation ↼IOA↽ and the speciαed object alternation ↼SOA↽ were combined into a single group▷ One might predict however that the selectional properties of verbs in the two subclasses might differ � if a verb requires that an antecedent be available

Figure 4▷2. Correlation between selection and implicit objects

IOA SOA drink call eat explain pack hear read play sing pour steal pull write push watch Table 4▷1. Subclassiαcation of objectdrop verbs

in the discourse context the verb itself might not contribute as much information about the omitted object▷ This prediction can be tested using the same procedure as in Experiment 1 replacing the objectdrop and nonobjectdrop groups with groups of verbs participating in the indeαnite and speciαed object alternations respectively▷ Table 4▷1 shows the division of the objectdrop verbs from the sample into those two subclasses▷ Testing the predicted difference in selectional preference strength between the two classes yielded the following results organized as before according to the corpus according to which selectional preference strength was estimated▷ ↼Group 1. IOA, group 2. SOA▷↽ Brown Corpus. N1/7 mean1/3▷43 stdev1/0▷75 N2/8 mean2/2▷57 stdev2/1▷02 U/13 p = .05▷ CHILDES. N1/7 mean1/2▷51 stdev1/0▷80 N2/8 mean2/2▷03 stdev2/1▷05 U/14 p = .1▷ Human subject data. N1/7 mean1/2▷14 stdev1/0▷54 N2/8 mean2/2▷20 stdev2/0▷33 U/26 n▷s▷

Although these results might optimistically be interpreted as supporting the hypothesis the difference between the two groups has not been convincingly demonstrated▷ One likely explanation is that the the two groups � respectively containing 7 and 8 verbs � are too small▷ In the interest of obtaining results from a larger sample of verbs I repeated the experiment using the verb classiαcation in ↼Lehrer 1970↽▷ Lehrer divides verbs permitting Ψobject deletionν into four types. I▷ Verbs that imply highly speciαc semantic objects with the identity of the object not affected by discourse context ↼e▷g▷ eat read↽▷ II▷ Verbs that imply two or more fairly speciαc objects, for these the discourse might have an effect on how the missing object is interpreted▷ III▷ Verbs that allow the object to be deleted in certain discourse contexts ↼i▷e▷ when an antecedent is easily identiαed↽ without loss of meaning▷ This group is mutually exclusive with type I and overlaps with type II▷ IV▷ All remaining verbs that permit object deletion ↼e▷g▷ steal interrupt↽▷ These tend not to be associated with a highly speciαc object and Ψsometimes behave as type III verbs do but less regularly▷ν There seems to be a fairly clear correspondence between Lehrerφs Type I and the implicit object alternation and between Type III and the speciαed object alternation ↼see Appendix B▷7↽▷ Lehrer writes. ♭Type III verbs♯ allow their objects to be deleted when the object has appeared in the preceding discourse▷ Or looking at the matter from an analytic point of view the following verbs tend to ℓpick upφ objects from the preceding discourse▷ Her types II and IV were excluded since their status with regard to the indeαnite◁speciαed distinction is unclear▷ Using the Brown Corpus to estimate selectional preference strength Lehrerφs Type I verbs select more strongly for their objects than the Type III verbs according to a Mann Whitney U test ↼N1/34 mean1/4▷46 stdev1/1▷75 N2/42 mean2/3▷04 stdev2/1▷29 U/356 p < .0001↽▷ However although there is a difference when the experiment is done using the CHILDES corpus it is not signiαcant ↼N1/27 mean1/3▷32 stdev/1▷73 N2/31 mean2/2▷86 stdev/1▷49 U/359 n▷s▷↽▷ The empirical evidence is therefore suggestive but not conclusive▷ The difference between the behavior of the Brown Corpus and CHILDES samples may result from the fact that they respectively contain edited text and spontaneous speech but I have not yet investigated this possibility in detail▷

4▷6 General Discussion The experimental results conαrm that there is an interaction between strength of selectional preference and the optionality of direct objects▷ Experiment 1 shows that verbs permitting the omission of their direct objects select for that argument more strongly than do verbs for which the object is obligatory▷ Experiment 2 lends support to the claim that this relationship is a causal one showing that in actual performance there is a correlation between selectional information and the frequency with which the reader or listener is expected to infer an omitted object in practice▷ Finally Experiment 3 investigated the claim that selectional information is connected to ease of inference▷ It suggests that verbs with external sources of information � salient antecedents in the discourse � may select less strongly than verbs for which that information is unavailable▷

As I pointed out earlier however selectional preference information alone is not enough to provide a categorical distinction between verbs that do and do not drop their objects▷ In the remainder of this section I discuss several other factors that may be connected with the indeαnite object alternation among them aspectual constraints and taxonomic relationships in the lexicon▷ 4▷6▷1 Aspectual constraints The account of implicit object alternations presented here stands in contrast to the more common view of diathesis alternations as being closely tied to some speciαc aspect of the verbφs semantic content▷ For example the dative alternation is related to the element of transfer▷ ↼140↽ a▷ John gave the book to Mary▷ b▷ John gave Mary the book▷ ↼141↽ a▷ John told the story to Mary▷ b▷ John told Mary the story▷ As Pinker ↼1989↽ puts it Dativizable verbs have a semantic property in common. they must be capable of denoting prospective possession of the referent of the second object by the referent of the αrst object ▷ ▷ ▷ verbs of communication are treated as denoting the transfer of messages or stimuli which the recipient metaphorically possesses▷ ↼p▷ 48↽ Pinker goes on to discuss semantic constraints on a range of other argument structure alternations including causatives locatives ↼spray◁load↽ and passives▷ Although verbs permitting implicit objects do not appear to be linked by any factor so tightly bound to their semantics there are some factors connected to aspect that are relevant▷ These are most easily described in terms of Vendlerφs ↼1967↽ aspectual classes and their related time schemata▷ To describe these aspectual distinctions very brieβy activities and accomplishments admit continuous tenses whereas achievements and states do not � the former but not the latter are processes in the sense of Ψsuccessive phases following one another in timeν ↼p▷ 99↽▷ Activities and accomplishments are distinguished by the notion of an end or climax, achievements and states are distinguished by the determinacy of the time period involved▷ A fuller discussion can be found in ↼Vendler 1967↽, for present purposes the following diagnostics for distinguishing the four classes will sufαce. • A⌋⊔⟩⊑⟩⊔† {∇≀⇕ ⊣⌋⌋≀⇕√↕⟩∫⟨⇕⌉\⊔¬ ⇐∞△∈⇒ ⊣↙ F≀∇ ⟨≀⊒ ↕≀\} ⌈⟩⌈ ⟨⌉ √⊓∫⟨ ⊔⟨⌉ ⌋⊣∇⊔⊥ ∪⊣⌋⊔⟩⊑⟩⊔†⊎ ⌊↙ H≀⊒ ↕≀\} ⌈⟩⌈ ⟩⊔ ⊔⊣‖⌉ ⟨⟩⇕ ⊔≀ ⊒∇⟩⊔⌉ ⊔⟨⌉ ↕⌉⊔⊔⌉∇⊥ ∪⊣⌋⌋≀⇕√↕⟩∫⟨⇕⌉\⊔⊎ • A⌋⌋≀⇕√↕⟩∫⟨⇕⌉\⊔ {∇≀⇕ ∫⊔⊣⊔⌉¬ ⇐∞△∋⇒ ⊣↙ I ⊣⇕ ⊒∇⟩⊔⟩\} ⊔⟨⌉ ↕⌉⊔⊔⌉∇↙ ∪⊣⌋⌋≀⇕√↕⟩∫⟨⇕⌉\⊔⊎ ⌊↙ ⇑I ⊣⇕ ‖\≀⊒⟩\} ⊔⟨⌉ ⊣\∫⊒⌉∇↙ ∪∫⊔⊣⊔⌉⊎ • S⊔⊣⊔⌉ {∇≀⇕ ⊣⌋⟨⟩⌉⊑⌉⇕⌉\⊔¬ ⇐∞△△⇒ ⊣↙ H≀⊒ ↕≀\} ⌈⟩⌈ ⟩⊔ ⊔⊣‖⌉ ⊔≀ ∇⌉⌋≀}\⟩‡⌉ ⊔⟨⌉ √⊣⟩\⊔⟩\}⊥ ∪⊣⌋⟨⟩⌉⊑⌉⇕⌉\⊔⊎

∃∈ ⌊↙ ⇑H≀⊒ ↕≀\} ⌈⟩⌈ ⟩⊔ ⊔⊣‖⌉ ⊔≀ ‖\≀⊒ ⊔⟨⌉ ⊣\∫⊒⌉∇⊥ ∪∫⊔⊣⊔⌉⊎ • A⌋⟨⟩⌉⊑⌉⇕⌉\⊔ {∇≀⇕ ⊣⌋⊔⟩⊑⟩⊔†¬ ⇐∞△▽⇒ ⊣↙ F≀∇ ⟨≀⊒ ↕≀\} ⌈⟩⌈ ⟨⌉ √⊓∫⟨ ⊔⟨⌉ ⌋⊣∇⊔⊥ ∪⊣⌋⊔⟩⊑⟩⊔†⊎ ⌊↙ A⊔ ⊒⟨⊣⊔ ⊔⟩⇕⌉ ⌈⟩⌈ ⟨⌉ ∇⌉⌋≀}\⟩‡⌉ ⊔⟨⌉ √⊣⟩\⊔⟩\}⊥ ∪⊣⌋⟨⟩⌉⊑⌉⇕⌉\⊔⊎ • A⌋⊔⟩⊑⟩⊔† {∇≀⇕ ∫⊔⊣⊔⌉¬ ⇐∞△⇏ ⊣↙ I ⊣⇕ √⊓∫⟨⟩\} ⊔⟨⌉ ⌋⊣∇⊔↙ ∪⊣⌋⊔⟩⊑⟩⊔†⊎ ⌊↙ ⇑I ⊣⇕ ‖\≀⊒⟩\} ⊔⟨⌉ ⊣\∫⊒⌉∇↙ ∪∫⊔⊣⊔⌉⊎ • A⌋⟨⟩⌉⊑⌉⇕⌉\⊔ {∇≀⇕ ⊣⌋⌋≀⇕√↕⟩∫⟨⇕⌉\⊔¬∞∞ ⇐∞△⇒ ⊣↙ I ⊒∇≀⊔⌉ ⊔⟨⌉ ↕⌉⊔⊔⌉∇ ⊒⟩⊔⟨≀⊓⊔ ⟩\⊔⌉∇∇⊓√⊔⟩≀\↙ ∪⊣⌋⌋≀⇕√↕⟩∫⟨⇕⌉\⊔⊎ ⌊↙ ⇑I ∇⌉⌋≀}\⟩‡⌉⌈ ⊔⟨⌉ √⊣⟩\⊔⟩\} ⊒⟩⊔⟨≀⊓⊔ ⟩\⊔⌉∇∇⊓√⊔⟩≀\↙ ∪⊣⌋⟨⟩⌉⊑⌉⇕⌉\⊔⊎ A }⌉\⌉∇⊣↕⟩‡⊣⊔⟩≀\ ⊔⟨⊣⊔ ⊣√√⌉⊣∇∫ ⊔≀ ⟨≀↕⌈ {≀∇ ⊑⌉∇⌊∫ √⊣∇⊔⟩⌋⟩√⊣⊔⟩\} ⟩\ ⊔⟨⌉ ⟩\⌈⌉⊘\⟩⊔⌉ ≀⌊|⌉⌋⊔ ⊣↕⊔⌉∇\⊣⊔⟩≀\ ⟩∫ ⊔⟨⊣⊔ ⊔⟨⌉† ⌈⌉∫⌋∇⟩⌊⌉ √∇≀⌋⌉∫∫⌉∫⇔ ∫√⌉⌋⟩⊘⌋⊣↕↕† ⊣⌋⌋≀⇕√↕⟩∫⟨⇕⌉\⊔∫⇔ ⊒⟨⌉\ ⊓∫⌉⌈ ⊔∇⊣\∫⟩⊔⟩⊑⌉↕†↙ M≀∫⊔ ≀{ V⌉\⌈↕⌉∇≃∫ ⌈⟩⊣}\≀∫⊔⟩⌋∫ {≀∇ ⊣⌋⌋≀⇕√↕⟩∫⟨⇕⌉\⊔ ⊑⌉∇⌊∫ ⊣∇⌉ ⌋⊣√⊔⊓∇⌉⌈ ⌋≀\⌋⟩∫⌉↕† ⟩\ ⇐∞△∀⇒¬ ⇐∞△∀⇒ ⊣↙ W⟨⊣⊔ ⊒⊣∫ J≀⟨\ ⌈≀⟩\}⊥ ⌊↙ J≀⟨\ ⊒⊣∫ ⌈∇⟩\‖⟩\} ⟨⟩∫ ⌋≀{{⌉⌉↙ ⌋↙ I⊔ ⊔≀≀‖ J≀⟨\ ⊔⌉\ ⇕⟩\⊓⊔⌉∫ ⊔≀ ⌈∇⟩\‖ ⟨⟩∫ ⌋≀{{⌉⌉⇔ ⌈↙ ⊣\⌈ ⟨⌉ ⌈∇⊣\‖ ⟩⊔ ⊒⟩⊔⟨≀⊓⊔ ⟩\⊔⌉∇∇⊓√⊔⟩≀\↙ F⊓∇⊔⟨⌉∇⇕≀∇⌉⇔ M⟩⊔⊔⊒≀⌋⟨ ⇐∞∃∞∅ ∞∃∀∈⇒ ⊣∇}⊓⌉∫ ⊔⟨⊣⊔ ⊑⌉∇⌊∫ ⊒⟩⊔⟨ ≀⇕⟩⊔⊔⌉⌈ ⟩\⌈⌉⊘\⟩⊔⌉ ≀⌊|⌉⌋⊔∫ ⊣∇⌉ ⟩\⊔⌉∇√∇⌉⊔⌉⌈ ⊣∫ ⊣⌋⊔⟩⊑⟩⊔⟩⌉∫↙ I\ ⇐M⟩⊔⊔⊒≀⌋⟨⇔ ∞∃∞⇒ ∫⟨⌉ ∫⟨≀⊒∫ ⊔⟨⊣⊔ ⊒⟨⌉\ ⌈∇⟩\‖ ⊣√√⌉⊣∇∫ ⊒⟩⊔⟨≀⊓⊔ ⊣ ∫√⌉⌋⟩⊘⌉⌈ ≀⌊|⌉⌋⊔⇔ ≀∇ ⊒⟩⊔⟨ ⊣\ ≀⌊|⌉⌋⊔ ≀{ ⟩\⌈⌉⊘\⟩⊔⌉ ∐⊓⊣\⊔⟩⊔†⇔ ⊣∫ ⟩\ ⌈∇⊣\‖ ⌊⌉⌉∇⇔ ⊔⟨⌉ VP ⇕⊓∫⊔ ⌊⌉ ⟩\⊔⌉∇√∇⌉⊔⌉⌈ ⊣∫ ⌈⌉∫⌋∇⟩⌊⟩\} ⊣\ ⌉⊑⌉\⊔ ⊔⟨⊣⊔ ⟨⊣∫ \≀⊔ \⌉⌋⌉∫∫⊣∇⟩↕† ⌊⌉⌉\ ⌋≀⇕√↕⌉⊔⌉⌈↙ ⇐∞△∃⇒ ⊣↙ J≀⟨\ ⌈∇⊣\‖ ⇐⌊⌉⌉∇⇒↙ ⌊↙ ⇑J≀⟨\ ⌈∇⊣\‖ ⊓√ ⇐⌊⌉⌉∇⇒↙ ⌋↙ J≀⟨\ ⌈∇⊣\‖ ⊓√ ⊔⟨⌉ }↕⊣∫∫ ≀{ ⌊⌉⌉∇↙ ⇐∞▽′⇒ ⊣↙ J≀⟨\ ⌈∇⊣\‖ ⇐⌊⌉⌉∇⇒ {≀∇ ⊔⊒≀ ⟨≀⊓∇∫↙ ⌊↙ ⇑J≀⟨\ ⌈∇⊣\‖ ⇐⌊⌉⌉∇⇒ ⟩\ ⊔⊒≀ ⟨≀⊓∇∫↙ T⟨⟩∫ ≀⌊∫⌉∇⊑⊣⊔⟩≀\ ⊣⌋⌋≀⊓\⊔∫ {≀∇ ⊔⟨⌉ ⌉§⌋↕⊓∫⟩≀\ {∇≀⇕ ⊔⟨⌉ ⊣↕⊔⌉∇\⊣⊔⟩≀\ ≀{ ⊑⌉∇⌊ √⟨∇⊣∫⌉∫ ⊔⟨⊣⊔ ⟨⊣⊑⌉ ≀\↕† ⊣ ⌋≀⇕√↕⌉⊔⌉⌈↖ ⌉⊑⌉\⊔ ∇⌉⊣⌈⟩\}↙ S⟩\⌋⌉ ⊔⟨⌉ √⊣∇⊔⟩⌋↕⌉ ⊓√ ⟩\ √⟨∇⊣∫⌉∫ ↕⟩‖⌉ ⌈∇⟩\‖ ⊓√ ⊣\⌈ ⌉⊣⊔ ⊓√ ⌋≀\⊔∇⟩⌊⊓⊔⌉∫ ⊔⟨⌉ ∫⌉⇕⊣\⊔⟩⌋ {⌉⊣⊔⊓∇⌉ ∪⇓⌋≀⇕√↕⌉⊔⟩⊑⌉⊎⇔ ⟩⊔ ⟩∫ ⟩\⌋≀⇕√⊣⊔⟩⌊↕⌉ ⊒⟩⊔⟨ ⊣\ ⊓\∫√⌉⌋⟩⊘⌉⌈ ⟩\⊔⌉∇√∇⌉⊔⊣⊔⟩≀\ ≀{ ⊔⟨⌉ ⊖⌈⌉↕⌉⊔⌉⌈⪰ NP↙ M⟩⊔⊔⊒≀⌋⟨≃∫ ⊣∇}⊓⇕⌉\⊔ ∫⊓}}⌉∫⊔∫ ⊣ ⌋≀\∫⊔∇⊣⟩\⊔ ⌉§⌋↕⊓⌈⟩\} \≀⊔ ≀\↕† ⊑⌉∇⌊∫ ⊣√√⌉⊣∇⟩\} ⊒⟩⊔⟨ ⌋≀⇕√↕⌉⊔⟩⊑⌉ √⊣∇⊔⟩⌋↕⌉∫⇔ ⌊⊓⊔ ⊣↕∫≀ ⊑⌉∇⌊∫ ⊔⟨⊣⊔ ⌋⊣∇∇† ⊔⟨⌉ ∪⇓⌋≀⇕√↕⌉⊔⟩⊑⌉⊎ {⌉⊣⊔⊓∇⌉ ⊔⟨⌉⇕∫⌉↕⊑⌉∫↙ B∇≀⊒\⌉ ⇐∞∃∞⇒ ⇕⊣‖⌉∫ ⊣ ∫⟩⇕⟩↕⊣∇ √≀⟩\⊔⇔ √⟨∇⊣∫⌉⌈ ⟩\ ⊔⌉∇⇕∫ ≀{ }≀⊣↕↖⌈⟩∇⌉⌋⊔\⌉∫∫↙ H⌉ √≀⟩\⊔∫ ≀⊓⊔ ⊔⟨⊣⊔ ⊣ ⌋≀⇕⇕≀\ {⌉⊣⊔⊓∇⌉ ≀{ ⊔⟨⌉ ⊑⌉∇⌊∫ ⟩\ ⇐∞▽∞⇒⇔ ⊒⟨⟩⌋⟨ ⊣∇⌉ √∇≀⟨⟩⌊⟩⊔⌉⌈ {∇≀⇕ ≀⇕⟩⊔⊔⟩\} ⊔⟨⌉⟩∇ ≀⌊|⌉⌋⊔∫⇔ ⇐∞▽∞⇒ ⊣↙ ⇑B⟩↕↕ ⌈⌉⊑⟩∫⌉⌈↙ ∞∞V⌉\⌈↕⌉∇ ⌈≀⌉∫ \≀⊔ ⟨⟩⇕∫⌉↕{ √∇≀√≀∫⌉ ⊔⟨⟩∫ ⌈⟩⊣}\≀∫⊔⟩⌋⇔ ⌊⊓⊔ ⊒⟩⊔⟨≀⊓⊔ ⟩\⊔⌉∇∇⊓√⊔⟩≀\ ⌋≀\⊔⌉§⊔∫ ⌈≀ ∫⌉⌉⇕ ⊔≀ ⌋⊣√⊔⊓∇⌉ ⊒⟨⊣⊔ ⟨⌉ ⟨⊣∫ ⟩\ ⇕⟩\⌈↙ T⟨⌉ ⌋∇⊓⌋⟩⊣↕ √≀⟩\⊔ ⟩∫ ⌉⊑⌉\ ⊔⟨≀⊓}⟨ ⊣\ ⊣⌋⟨⟩⌉⊑⌉⇕⌉\⊔ ⌋⊣\ ⌊⌉ ⌈⌉∫⌋∇⟩⌊⌉⌈ ⊣∫ ⊔⊣‖⟩\} ⊣ ⌋⌉∇⊔⊣⟩\ ⊣⇕≀⊓\⊔ ≀{ ⊔⟩⇕⌉ ⇐⊖I⊔ ⊔≀≀‖ ⊔⟨∇⌉⌉ ⟨≀⊓∇∫ ⊔≀ ∇⌉⊣⌋⟨ ⊔⟨⌉ ∫⊓⇕⇕⟩⊔⪰⇒⇔ ⟩⊔ ⌈≀⌉∫ \≀⊔ ⟩⇕√↕† ⊔⟨⊣⊔ ⊔⟨⌉ ⌈⌉∫⌋∇⟩⌊⌉⌈ ⊣⌋⊔⟩≀\ ⇐∇⌉⊣⌋⟨⟩\} ⊔⟨⌉ ∫⊓⇕⇕⟩⊔⇒ ⊔≀≀‖ √↕⊣⌋⌉ ⊣⊔ ⌉⊣⌋⟨ ⇕≀⇕⌉\⊔ ⌈⊓∇⟩\} ⊔⟨⊣⊔ √⌉∇⟩≀⌈↙

∃∋ ⌊↙ ⇑J≀⟨\ ⌋≀\∫⊓⇕⌉⌈∝⌈⌉⊑≀⊓∇⌉⌈↙∞∈ ⌋↙ ⇑F∇⌉⌈ ⌈⌉⌊⟩⊔⊔⌉⌈↙ ⌈↙ ⇑M⊣§ ⟨⊣↕⊑⌉⌈ ⇐⟩↙⌉↙ ⌋⊓⊔ ∫≀⇕⌉⊔⟨⟩\} ⟩\ ⊔⊒≀⇒ ⌉↙ ⇑T⟨⌉ FBI ⌈⌉⊔⌉⌋⊔⌉⌈↙ {↙ ⇑S⌉↕⇕⊣ ⟩}\⟩⊔⌉⌈ ⇐⟩↙⌉↙ ∫⌉⊔ ∫≀⇕⌉⊔⟨⟩\} ≀\ ⊘∇⌉⇒ }↙ ⇑M≀⟩∫⟨⌉ ⌉§√↕≀⟩⊔⌉⌈↙ ⟩∫ ⊔⟨⊣⊔ ⊔⟨⌉† ⊣↕↕ √∇⌉∫⊓√√≀∫⌉ ⊖√∇≀}∇⌉∫∫ ⊔≀⊒⊣∇⌈ ⊣\ ⌉\⌈ √≀⟩\⊔ ⊣⊔ ⊒⟨⟩⌋⟨ ⊣\ ⟩⌈⌉⊣ ⟩∫ ⌉§⟩∫⊔⌉\⊔⇔ ⊔⟨⌉ ⌈∇⟩\‖ ⟩∫ ⌋≀⇕√↕⌉⊔⌉↕† }≀\⌉⇔ ⊔⟨⌉ ≀⌊|⌉⌋⊔ ↕⟩⌉∫ ⌋↕⌉{⊔⇔ ⊔⟨⌉ FBI ⟩∫ ⟩\ √≀∫∫⌉∫∫⟩≀\ ≀{ ⟩\{≀∇⇕⊣⊔⟩≀\⇔ ⌉⊔⌋↙⪰ T≀ ∫⊓⇕⇕⊣∇⟩‡⌉⇔ ⟩⊔ ⊣√√⌉⊣∇∫ ⊔⟨⊣⊔ ⊑⌉∇⌊∫ ⊒⟩⊔⟨ ⟩\⌈⌉⊘\⟩⊔⌉ ⟩⇕√↕⟩⌋⟩⊔ ≀⌊|⌉⌋⊔∫ ⊣∇⌉ ⊣⌋⌋≀⇕√↕⟩∫⟨⇕⌉\⊔∫ ⊒⟨⌉\ ⊣\ ≀⌊|⌉⌋⊔ ⟩∫ ⟩\⌋↕⊓⌈⌉⌈ ⊣\⌈ ⊣⌋⊔⟩⊑⟩⊔⟩⌉∫ ⊒⟨⌉\ ⟩⊔ ⟩∫ ≀⇕⟩⊔⊔⌉⌈∅ {⊓∇⊔⟨⌉∇⇕≀∇⌉⇔ ⊔⟨⌉ ⟩\⌈⌉⊘\⟩⊔⌉ ≀⌊|⌉⌋⊔ ⊣↕⊔⌉∇\⊣⊔⟩≀\ ⇕⊓∫⊔ \≀⊔ ∇⌉∫⊓↕⊔ ⟩\ ⊣ ⊑⌉∇⌊ √⟨∇⊣∫⌉ ⊔⟨⊣⊔ \⌉⌋⌉∫∫⊣∇⟩↕† ⌈⌉∫⌋∇⟩⌊⌉∫ ⊣\ ⊣⌋⟨⟩⌉⊑⌉⇕⌉\⊔ ⇐⌋≀⇕√↕⌉⊔⌉⌈ ⊣⌋⊔⟩≀\⇔ ⌉\⌈ ∫⊔⊣⊔⌉⇒↙∞∋H≀⊒⌉⊑⌉∇⇔ \≀⊔ ⌉⊑⌉∇† ⊑⌉∇⌊ ⇕⌉⌉⊔⟩\} ⊔⟨⌉∫⌉ ⌋∇⟩⊔⌉∇⟩⊣ √⌉∇⇕⟩⊔∫ ⟩\⌈⌉⊘\⟩⊔⌉ ≀⌊|⌉⌋⊔∫ ⊔≀ ⌊⌉ ≀⇕⟩⊔⊔⌉⌈↙ F≀∇ ⌉§⊣⇕√↕⌉⇔ ∇⌉⌋≀∇⌈ ⇐⟩\ ⊔⟨⌉ ∫⌉\∫⌉ ≀{ ∇⌉⌋≀∇⌈⟩\} ∫≀⊓\⌈∫ ≀\ ⊔⊣√⌉⇒ ⊘⊔∫ ⊔⟨⌉ ⊣∫√⌉⌋⊔⊓⊣↕ ⌋∇⟩⊔⌉∇⟩⊣⇔ ⌊⊓⊔ {⊣⟩↕∫ ⊔≀ ≀⇕⟩⊔ ⟩\⌈⌉⊘\⟩⊔⌉ ≀⌊|⌉⌋⊔∫↙ W⟩⊔⟨ ⊑⌉∇⌊∫ √⌉∇⇕⟩⊔⊔⟩\} ⊔⟨⌉ ≀⇕⟩∫∫⟩≀\ ≀{ ∫√⌉⌋⟩⊘⌉⌈ ∇⊣⊔⟨⌉∇ ⊔⟨⊣\ ⟩\⌈⌉⊘\⟩⊔⌉ ≀⌊|⌉⌋⊔∫⇔ ⊔⟨⌉ ⌋≀\\⌉⌋⊔⟩≀\∫ ⊔≀ ⊣∫√⌉⌋⊔ ⌊⌉⌋≀⇕⌉ ↕⌉∫∫ ⌋↕⌉⊣∇↙ ⇐∞▽∈⇒ ⊣↙ B⟩↕↕ ⟨⊣⌈ ⊣⌊∫≀↕⊓⊔⌉↕† \≀ ⟩⌈⌉⊣ ⊒⟨⊣⊔ ⊔⟨⌉ ⊣\∫⊒⌉∇ ⊒⊣∫↙ ⌊↙ J≀⟨\ ‖\⌉⊒⇔ ⌊⌉⌋⊣⊓∫⌉ ⟨⌉≃⌈ |⊓∫⊔ ↕≀≀‖⌉⌈ ⟩⊔ ⊓√↙ ⇐∞▽∋⇒ ⊣↙ T⟨⌉ ACL ⌋≀\{⌉∇⌉\⌋⌉ ⊒⊣∫ ⟩\ O⟨⟩≀ ⊔⟨⟩∫ †⌉⊣∇↙ ⌊↙ A⌊≀⊓⊔ {≀⊓∇ ⟨⊓\⌈∇⌉⌈ √⌉≀√↕⌉ ⊣⊔⊔⌉\⌈⌉⌈↙ F≀∇ ⌉§⊣⇕√↕⌉⇔ ‖\≀⊒ ⟩∫ ↕⟩⌋⌉\∫⌉⌈ ⟩\ ⇐∞▽∈⌊⇒ ⌈⌉∫√⟩⊔⌉ ⊔⟨⌉ {⊣⌋⊔ ⊔⟨⊣⊔ ⟩⊔ ⌈⌉\≀⊔⌉∫ ⊣ ∫⊔⊣⊔⌉⇔ ⟩∫ \≀\↖⌋≀⇕√↕⌉⊔⟩⊑⌉⇔ ⊣\⌈ ⟩∫ \≀⊔ ⟩\ ⊣\† ∫⌉\∫⌉ }≀⊣↕↖⌈⟩∇⌉⌋⊔⌉⌈↙ I\ ⇐∞▽∋⌊⇒⇔ ⊣⊔⊔⌉\⌈ ⟩∫⇔ ⊣⌋⌋≀∇⌈⟩\} ⊔≀ ⊔⟨⌉ ⌈⟩⊣}\≀∫⊔⟩⌋∫⇔ ⊣\ ⊣⌋⊔⟩⊑⟩⊔†↙ H≀⊒⌉⊑⌉∇⇔ F⟩↕↕⇕≀∇⌉ ⇐∞∃∀⇏ ⌋≀⇕⇕⌉\⊔∫ ⊔⟨⊣⊔ ∪I⊔⊎ ⟩∫ √⊣∇⊔⟩⌋⊓↕⊣∇↕† ∫⊔∇⟩‖⟩\} ⊔⟨⊣⊔ ⊔⟨⌉ ∫⌉⇕⊣\⊔⟩⌋ ∇≀↕⌉ ≀{ P⊣⊔⟩⌉\⊔ ⇐≀∇ T⟨⌉⇕⌉⇒ ⊣√√⌉⊣∇∫ \≀⊔ ⊔≀ ≀⌋⌋⊓∇ ⊣⇕≀\} ⊔⟨⌉ ⌈⌉⊘\⟩⊔⌉ ≀⇕⟩∫∫⟩⌊↕⌉∫↙ T⟨⊣⊔ ⟩∫⇔ ⊒⌉ {≀⊓\⌈ \≀ ⌋⊣∫⌉∫ ≀{ ∪⌈⌉⊘\⟩⊔⌉ \⊓↕↕ ⌋≀⇕√↕⌉⇕⌉\⊔∫⊎ ⊒⟩⊔⟨ ⌋⟨⊣\}⌉↖≀{↖∫⊔⊣⊔⌉ ⊑⌉∇⌊∫ ↕⟩‖⌉ BREAK⇔ BEND⇔ CREATE⇔ DESTROY⇔ MOVE⇔ LIFT⇔ ⊣\⌈ ⊔⟨⌉ ↕⟩‖⌉↙ ⇐√↙ ∞′△⇒ ⊣\⌈ ⟩⊔ ⟩∫ ⟩\⊔⌉∇⌉∫⊔⟩\} ⊔≀ \≀⊔⌉ ⊔⟨⊣⊔⇔ ⟩\ ⊣⌈⌈⟩⊔⟩≀\ ⊔≀ ⊔⟨⌉ ⌋≀⇕⇕≀\ ⊔⟨⌉⇕⊣⊔⟩⌋ ∇≀↕⌉ ⟩\⊑≀↕⊑⌉⌈⇔ ⊣↕↕ ⊔⟨⌉∫⌉ ⊑⌉∇⌊∫ ⊣∇⌉ ⟩\⟨⌉∇⌉\⊔↕† ⌋≀⇕√↕⌉⊔⟩⊑⌉↙ A∫ ⊣ ⊘\⊣↕ ⊔⟨≀⊓}⟨⊔ ⊣↕≀\} ⊔⟨⌉∫⌉ ↕⟩\⌉∫⇔ ⊣∫√⌉⌋⊔ ⟩∫ ≀\↕† ≀\⌉ ≀{ ⊣ \⊓⇕⌊⌉∇ ≀{ ⊔⟨⌉ √∇≀√⌉∇⊔⟩⌉∫ ⊣∫∫≀⌋⟩⊣⊔⌉⌈ ⊒⟩⊔⟨ ⟨⟩}⟨ ⊔∇⊣\∫⟩⊔⟩⊑⟩⊔† ⊔⟨⊣⊔ ⇕⊣† ⌊⌉ ⊣∫∫≀⌋⟩⊣⊔⌉⌈ ⊒⟩⊔⟨ {⊣⟩↕⊓∇⌉ ⊔≀ ≀⇕⟩⊔ ≀⌊|⌉⌋⊔∫↙ H≀√√⌉∇ ⊣\⌈ T⟨≀⇕√∫≀\ ⇐∞∃∀′⇒ ⟩⌈⌉\⊔⟩{† ⌈⌉}∇⌉⌉ ≀{ ⊔∇⊣\∫⟩⊔⟩⊑⟩⊔† ⊒⟩⊔⟨ ∫⌉⊔ ≀{ √⊣∇⊣⇕⌉⊔⌉∇∫ ⊔⟨⊣⊔ ⟩\⌋↕⊓⌈⌉∫ ⊣∫√⌉⌋⊔ ⇐⊔⌉↕⟩⌋ ≀∇ ⊣⊔⌉↕⟩⌋⇒⇔ √⊓\⌋⊔⊓⊣↕⟩⊔† ⇐⊒⟨⌉⊔⟨⌉∇ ≀∇ \≀⊔ ⊣\ ⊣⌋⊔⟩≀\ ⟩∫ ⟩\⟨⌉∇⌉\⊔↕† ≀\↖}≀⟩\}⇒⇔ ⊑≀↕⟩⊔⟩≀\⊣↕⟩⊔† ≀{ ⊔⟨⌉ ⊣}⌉\⊔⇔ ⊣{⊘∇⇕⊣⊔⟩≀\ ⇐√≀∫⟩⊔⟩⊑⌉ ≀∇ \⌉}⊣⊔⟩⊑⌉⇒⇔ ⇕≀⌈⌉ ⇐⌋≀∇∇⌉∫√≀\⌈⌉\⌋⌉ ⊔≀ ⊣\ ⊣⌋⊔⊓⊣↕ ⌉⊑⌉\⊔⇒⇔ ⊣}⌉\⌋†⇔ ⊣\⌈ ⊣{{⌉⌋⊔⌉⌈\⌉∫∫ ⊣\⌈ ⟩\⌈⟩⊑⟩⌈⊓⊣⊔⟩≀\ ≀{ ⊔⟨⌉ ≀⌊|⌉⌋⊔↙ T⟨⌉⟩∇ ⊣\⊣↕†∫⟩∫ ⇕⊣† ⌊⌉ ⊣ ⊓∫⌉{⊓↕ ∫⊔⊣∇⊔⟩\} √≀⟩\⊔ {≀∇ ⊣\ ⊣⌋⌋≀⊓\⊔ ≀{ ⟩⇕√↕⟩⌋⟩⊔ ≀⌊|⌉⌋⊔ ⊣↕⊔⌉∇\⊣⊔⟩≀\∫ ⊔⟨⊣⊔ ⊔⊣‖⌉∫ ⟩\⊔≀ ⊣⌋⌋≀⊓\⊔ \≀⊔ ≀\↕† ↕⌉§⟩⌋⊣↕ √∇≀√⌉∇⊔⟩⌉∫ ⌊⊓⊔ ⊣↕∫≀ {⌉⊣⊔⊓∇⌉∫ ≀{ ⊔⟨⌉ ⌈⟩∫⌋≀⊓∇∫⌉ ⌋≀\⊔⌉§⊔↙ ∞∈A∫ ⟩⊔ ⟨⊣√√⌉\∫⇔ ⊔⟨⌉ √≀⟩\⊔∫ ⊣⌊≀⊓⊔ ⊣∫√⌉⌋⊔ ⇕⊣⌈⌉ ⟨⌉∇⌉ ⊒≀⊓↕⌈ ⊣⌋⌋≀⊓\⊔ {≀∇ ⊔⟨⌉ ⌋↕⊣∫∫⟩⌋ ⌋≀\⊔∇⊣∫⊔ ⌊⌉⊔⊒⌉⌉\ ⌉⊣⊔ ⊣\⌈ ⌈⌉⊑≀⊓∇¬ ⊔⟨⌉ ↕⊣⊔⊔⌉∇⇔ ⌊⊓⊔ \≀⊔ ⊔⟨⌉ {≀∇⇕⌉∇⇔ ⌉\⊔⊣⟩↕∫ ⊣ ⌋≀⇕√↕⌉⊔⌉⌈ ⌉⊑⌉\⊔ ≀{ ⌋≀\∫⊓⇕⟩\} ⊔⟨⌉ ≀⌊|⌉⌋⊔↙ T⟨⌉ ⊘∇∫⊔ ⌈⌉⊘\⟩⊔⟩≀\ {≀∇ ⌈⌉⊑≀⊓∇ ⟩\ ⊔⟨⌉ A⇕⌉∇⟩⌋⊣\ H⌉∇⟩⊔⊣}⌉ D⟩⌋⊔⟩≀\⊣∇†⇔ ⊖⊔≀ ⌉⊣⊔ ⊓√ }∇⌉⌉⌈⟩↕†⇔⪰ ⌊∇⟩\}∫ ⟩\ \≀⊔ |⊓∫⊔ ⇕⊣\\⌉∇ ⌊⊓⊔ ⊣↕∫≀ ⊔⟨⌉ ⌋≀⇕√↕⌉⊔⟩⊑⌉ √⊣∇⊔⟩⌋↕⌉↙ H≀⊒⌉⊑⌉∇⇔ ⟩⊔ ⊒≀∇⊔⟨ \≀⊔⟩\} ⊔⟨⊣⊔ ⊔⟨⌉ ⌋↕⊣⟩⇕ ⇕⊣⌈⌉ ⟩\ ⊔⟨⟩∫ ⌋⟨⊣√⊔⌉∇ ⊣↕∫≀ ⊣√√↕⟩⌉∫↙ I\ ⊣\ ⟩\{≀∇⇕⊣↕ ⌉§√⌉∇⟩⇕⌉\⊔⇔ ∫⊓⌊|⌉⌋⊔∫ ⊒⟨≀ ⊒⌉∇⌉ ⊣∫‖⌉⌈ ⊔≀ √∇≀⌈⊓⌋⌉ ∫⌉\⊔⌉\⌋⌉∫ ⌋≀\⊔⊣⟩\⟩\} ⊔⟨⌉ ⊑⌉∇⌊ ⌈⌉⊑≀⊓∇ {∇⌉∐⊓⌉\⊔↕† ∇⌉∫√≀\⌈⌉⌈ ⊒⟩⊔⟨ \≀\↖{≀≀⌈ ≀⌊|⌉⌋⊔∫ ↕⟩‖⌉ ⌊≀≀‖⇔ ≀√√≀\⌉\⊔⇔ ⊣\⌈ ∫⊣⊑⟩\}∫↙ I{ ⊔⟨≀∫⌉ ⟩\{≀∇⇕⊣↕↕† }⊣⊔⟨⌉∇⌉⌈ ⊑⌉∇⌊↖≀⌊|⌉⌋⊔ ⌋≀↖≀⌋⌋⊓∇∇⌉\⌋⌉ ⌋≀⊓\⊔∫ ⊣∇⌉ ⊣⌈⌈⌉⌈ ⊔≀ ⊔⟨⌉ ⊑⌉∇⌊↖≀⌊|⌉⌋⊔ \≀∇⇕∫⇔ ⊔⟨⌉\ ⌈⌉⊑≀⊓∇ ⊔⊓∇\∫ ≀⊓⊔ ⊔≀ ⟨⊣⊑⌉ ⊣ ⇕⊓⌋⟨ ⊒⌉⊣‖⌉∇ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ √∇⌉{⌉∇⌉\⌋⌉ ∫⊔∇⌉\}⊔⟨ {≀∇ ⟩⊔∫ ≀⌊|⌉⌋⊔ ⊔⟨⊣\ ⌉⊣⊔↙ ∞∋T⟨⟩∫ ↕⊣∫⊔ ⌋≀\∫⊔∇⊣⟩\⊔ ⇕⊣† ∫⊓}}⌉∫⊔ ⊔⟨⊣⊔ ∫⊔⌉⊣↕⇔ ⊒⟨⟩⌋⟨ I ⌋⊣⊔⌉}≀∇⟩‡⌉⌈ ⊒⟩⊔⟨ ⊔⟨⌉ IOA ⊑⌉∇⌊∫⇔ ∫⟨≀⊓↕⌈ ⌊⌉ ⌉§⌋↕⊓⌈⌉⌈ {∇≀⇕ ⊔⟨⌉ IOA ⊑⌉∇⌊∫↙ A↕⊔⟨≀⊓}⟨ ⇐S⟩\⌋↕⊣⟩∇ ⇐⌉⌈↙⇒⇔ ∞∃∀⇒ ↕⟩∫⊔∫ ∫⊔⌉⊣↕ ⊣∫ √⌉∇⇕⟩⊔⊔⟩\} {∇⊣⇕⌉∫ V ≀∇ V⇓O ⟩\ ⟩⊔∫ ⌋≀∇⌉ ∫⌉\∫⌉⇔ ⊔⟨⌉ ⌉§⊣⇕√↕⌉ ⊔⟨⌉† }⟩⊑⌉ ⇐C⟨⟩↕⌈∇⌉\ ≀{⊔⌉\ ∫⊔⌉⊣↕⇒ ⌋↕⌉⊣∇↕† {⊣↕↕∫ ⟩\⊔≀ ⊔⟨⌉ ⌋⊣⊔⌉}≀∇† ≀{ \≀\↖↕⌉§⟩⌋⊣↕↕†↖⌋≀\⌈⟩⊔⟩≀\⌉⌈ ≀⌊|⌉⌋⊔ ≀⇕⟩∫∫⟩≀\↙

∃△ △↙↙̸∈ T⊣§≀\≀⇕⟩⌋ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√∫ F⌉↕↕⌊⊣⊓⇕ ⊣\⌈ K⌉}↕ ⇐∞∃∀∃⇒ ⊣⌈≀√⊔ ⊔⟨⌉ ⊣∫√⌉⌋⊔⊓⊣↕ ⊣\⊣↕†∫⟩∫ ⇕⊣⌈⌉ ⌊† M⟩⊔⊔⊒≀⌋⟨⇔ ⌈⌉∫⌋∇⟩⌊⟩\} ⟨⌉∇ ⌈⟩∫⊔⟩\⌋⊔⟩≀\ ⊣∫ ≀\⌉ ⌊⌉⊔⊒⌉⌉\ ⊔⌉↕⟩⌋ ⊣\⌈ ⊣⊔⌉↕⟩⌋ ⟩\⊔⌉∇√∇⌉⊔⊣⊔⟩≀\∫↙ T⟨⌉† }≀ ⌊⌉†≀\⌈ ⊣∫√⌉⌋⊔⇔ ⟨≀⊒⌉⊑⌉∇⇔ ⊔≀ √∇≀√≀∫⌉ ⊣\ ⊣⌋⌋≀⊓\⊔ ≀{ ⊔⟨⌉ ⟩\⌈⌉⊘\⟩⊔⌉ ≀⌊|⌉⌋⊔ ⊣↕⊔⌉∇\⊣⊔⟩≀\ √⟨∇⊣∫⌉⌈ ⟩\ ⊔⌉∇⇕∫ ≀{ ⊣ ⊔⊣§≀\≀⇕⟩⌋ ≀∇}⊣\⟩‡⊣⊔⟩≀\ ≀{ ⊑⌉∇⌊∫ ⊔⟨⊣⊔ ⟩∫ ⊣\⊣↕≀}≀⊓∫ ⊔≀ ⊣\ IS↖A ⊔⊣§≀\≀⇕† ≀{ \≀⊓\∫↙ C⌉\⊔∇⊣↕ ⊔≀ F⌉↕↕⌊⊣⊓⇕ ⊣\⌈ K⌉}↕≃∫ ⊣⌋⌋≀⊓\⊔ ⟩∫ ⊣ ⌈⟩∫⊔⟩\⌋⊔⟩≀\ ⌊⌉⊔⊒⌉⌉\ ⊔⊒≀ ⌈⟩{{⌉∇⌉\⊔ ‖⟩\⌈∫ ≀{ IS↖A ∇⌉↕⊣⊔⟩≀\∫⟨⟩√∫ ⌊⌉⊔⊒⌉⌉\ ⊑⌉∇⌊∫↙ T⟨⌉† √≀⟩\⊔ ≀⊓⊔ ⊔⟨⊣⊔ ⊣↕⊔⟨≀⊓}⟨ ⊖\⟩⌊⌊↕⟩\} ⟩∫ ⊣ ‖⟩\⌈ ≀{ ⌉⊣⊔⟩\}⪰ ⊣\⌈ ⊖⌈⟩\⟩\} ⟩∫ ⊣ ‖⟩\⌈ ≀{ ⌉⊣⊔⟩\}⇔⪰ ⊔⟨⌉ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√ ⟩\ ⊔⟨⌉ {≀∇⇕⌉∇ ⌊⊓⊔ \≀⊔ ⊔⟨⌉ ↕⊣⊔⊔⌉∇ ⌋⊣∫⌉ ⟩\⊑≀↕⊑⌉∫ ⇕⊣\\⌉∇↙ A\ ⊣\⊣↕†∫⟩∫ ≀{ ⊔⟨⌉ ∫⌉⊔ ≀{ ⊑⌉∇⌊∫ ∇⌉↕⊣⊔⌉⌈ ⊔≀ ⌉⊣⊔ ↕⌉⊣⌈∫ ⊔⟨⌉⇕ ⊔≀ ⌋≀\⌋↕⊓⌈⌉ ⊔⟨⊣⊔ ⊔⟨⌉∇⌉ ⊣∇⌉⇔ ⟩\ {⊣⌋⊔⇔ ⊔⊒≀ ⌈⟩{{⌉∇⌉\⊔ ∫⌉\∫⌉∫ ≀{ ⌉⊣⊔ ⟩\ E\}↕⟩∫⟨↙ O\⌉ ≀{ ⊔⟨⌉∫⌉⇔ ⟨⊣∫ ∇≀⊓}⟨↕† ⊔⟨⌉ ∫⌉\∫⌉ ≀{ ⊖⟩\}⌉∫⊔ {≀≀⌈ ⟩\ ∫≀⇕⌉ ⇕⊣\\⌉∇⪰ ⊣\⌈ ⊔⟨⌉ ≀⊔⟨⌉∇⇔ ∇≀⊓}⟨↕†⇔ ⊖⌉⊣⊔ ⊣ ⇕⌉⊣↕↙⪰ N⟩⌊⌊↕⌉ ⊣\⌈ ⌈⟩\⌉ ⊣∇⌉ ∇⌉∫√⌉⌋⊔⟩⊑⌉↕† ⟨†√≀\†⇕∫ ≀{ ⇐⟩↙⌉↙ ∫⊓⌊≀∇⌈⟩\⊣⊔⌉ ⊔≀⇒ ⊔⟨⌉∫⌉ ⊔⊒≀ ⌈⟩{{⌉∇⌉\⊔ ∫⌉\∫⌉∫↙ F⊓∇⊔⟨⌉∇⇕≀∇⌉⇔ ⊔⟨⌉† ⌋↕⊣⟩⇕ ⊔⟨⊣⊔ ≀\↕† ⊔⟨⌉ ⊖⌉⊣⊔ ⊣ ⇕⌉⊣↕⪰ ∫⌉\∫⌉ ≀{ ⌉⊣⊔ √⌉∇⇕⟩⊔∫ ⟩\⌈⌉⊘\⟩⊔⌉ ≀⌊|⌉⌋⊔∫ ⊔≀ ⌊⌉ ≀⇕⟩⊔⊔⌉⌈↙ F≀∇ ⊔⟨⌉ ⇕⊣\\⌉∇↖⟩\⌋≀∇√≀∇⊣⊔⟩\} ∫⌉\∫⌉ ≀{ ⌉⊣⊔⇔ ⊔⟨⌉ ⌈⟩∇⌉⌋⊔ ⊣∇}⊓⇕⌉\⊔ ⇕⊓∫⊔ ⌊⌉ ≀⊑⌉∇⊔↕† ∇⌉⊣↕⟩‡⌉⌈↙ T⟨⌉† ⊒∇⟩⊔⌉¬ A∫ K⌉}↕ ⊣\⌈ F⌉↕↕⌊⊣⊓⇕ ⇐∞∃∀∀⇒ ⟨⊣⊑⌉ ⊣∇}⊓⌉⌈⇔ ⊔⟨⌉ √∇⌉∫⌉\⌋⌉ ≀{ ⊣\ ≀⌊↕⟩}⊣⊔≀∇† ⊣⌈|⊓\⌋⊔ ⊣↕⊒⊣†∫ ∇⌉∐⊓⟩∇⌉∫ ⊔⟨⌉ √∇⌉∫⌉\⌋⌉ ≀{ ⊣ ⌈⟩∇⌉⌋⊔ ⊣∇}⊓⇕⌉\⊔↙ T⟨⟩∫ ⟩∫ ⊔⟨⌉ ∇⌉⊣∫≀\ ⊔⟨⊣⊔ ⊔⟨⌉∫⌉ ⇕⊣\\⌉∇ ⊑⌉∇⌊∫⇔ ⊒⟨⟩⌋⟨ ⟨⊣⊑⌉ ⊣⌊∫≀∇⌊⌉⌈ ⊔⟨⌉ ⊣⌈|⊓\⌋⊔ ⇕⊣\\⌉∇ √⟨∇⊣∫⌉⇔ ⇕⊓∫⊔ ⟨⊣⊑⌉ ⊣ ⌈↖∫⊔∇⊓⌋⊔⊓∇⌉ ⌈⟩∇⌉⌋⊔ ⊣∇}⊓⇕⌉\⊔ ⊔⟨⊣⊔ ⟩∫ ≀⊑⌉∇⊔↕† ∇⌉⊣↕⟩‡⌉⌈ ⊣⊔ ∫↖∫⊔∇⊓⌋⊔⊓∇⌉↙ G⟩⊑⌉\ ⊔⟨⟩∫ ∫⌉\∫⌉ ⌈⟩∫⊔⟩\⌋⊔⟩≀\⇔ ⊔⟨⌉† ⊣∇}⊓⌉⇔ ⊔⟨⌉ ⌊⌉⟨⊣⊑⟩≀∇ ≀{ ⊑⌉∇⌊∫ ∇⌉↕⊣⊔⌉⌈ ⊔≀ ⌉⊣⊔ {⊣↕↕∫ ≀⊓⊔ ≀{ ⊒⟨⟩⌋⟨ ∫⌉\∫⌉ ⊔⟨⌉† ⊣∇⌉ ∫⊓⌊≀∇⌈⟩\⊣⊔⌉ ⊔≀↙ V⌉∇⌊∫ ⊔⟨⊣⊔ ∇⌉{⌉∇ ⊔≀ ⇕⊣\\⌉∇ ≀{ ⌉⊣⊔⟩\}⇔ ↕⟩‖⌉ }≀⌊⌊↕⌉⇔ }⊓↕√⇔ ⊣\⌈ ⌈⌉⊑≀⊓∇⇔ ∇⌉∐⊓⟩∇⌉ ≀⊑⌉∇⊔ ⌈⟩∇⌉⌋⊔ ≀⌊|⌉⌋⊔∫↙ V⌉∇⌊∫ ↕⟩‖⌉ ⊔≀ ⌊∇⌉⊣‖{⊣∫⊔⇔ ⊔≀ ⌈⟩\⌉⇔ ⊣\⌈ ⊔≀ ∫\⊣⌋‖ ⊣∇⌉ ⟩\⊔∇⊣\∫⟩⊔⟩⊑⌉ ⌊⌉⌋⊣⊓∫⌉ ⊔⟨⌉† ⟨⊣⊑⌉ ⟩\⌋≀∇√≀∇⊣⊔⌉⌈ ⊔⟨⌉ ⌈⟩∇⌉⌋⊔ ≀⌊|⌉⌋⊔⇔ ⊣ ‖⟩\⌈ ≀{ ⇕⌉⊣↕⇔ ⟩\⊔≀ ⊔⟨⌉ ⊑⌉∇⌊ ⟩⊔∫⌉↕{↙ T⟨⌉ ⊖⌋∇≀∫∫↖⌋⊣⊔⌉}≀∇† ↕⟩\‖⟩\}⪰ ≀{ ⊔⟨⌉ √⊣√⌉∇≃∫ ⊔⟩⊔↕⌉ ∇⌉{⌉∇∫ ⊔≀ ⊔⟨⌉ √⊣∇⊣↕↕⌉↕ ⌊⌉⊔⊒⌉⌉\ ⊔⟨⌉ ⟨†√≀\†⇕∫ ≀{ ⊔⟨⌉ ⌋⊣\≀\⟩⌋⊣↕ ⌈⟩∇⌉⌋⊔ ≀⌊|⌉⌋⊔ ⇕⌉⊣↕ � \≀⊓\∫ ⌊∇⌉⊣‖{⊣∫⊔⇔ √⟩⌋\⟩⌋⇔ ⊣\⌈ ∫≀ {≀∇⊔⟨ � ⊣\⌈ ⊔⟨⌉ ⌋≀∇∇⌉∫√≀\⌈⟩\} ⌈⌉\≀⇕⟩\⊣↕∫ ⊔⟨⊣⊔ ⊣∇⌉ ⟨†√≀\†⇕∫ ≀{ ⊔⟨⌉ ⊑⌉∇⌊↙ T⟨⟩∫ ⊣⌋⌋≀⊓\⊔ ⟩∫ ⊣√√⌉⊣↕⟩\} ⌊⌉⌋⊣⊓∫⌉ ⟩⊔ ≀{{⌉∇∫ ⊣ ⌋↕⌉⊣\⇔ ∫⌉⇕⊣\⊔⟩⌋⊣↕↕†↖⌈∇⟩⊑⌉\ ⊣⌋⌋≀⊓\⊔ {≀∇ ⊣\ ⟩\⊔⌉∇⌉∫⊔⟩\} ∇⊣\}⌉ ≀{ ⌈⊣⊔⊣ � \≀⊔ |⊓∫⊔ ⌉⊣⊔ ⊣\⌈ ⟩⊔∫ ∇⌉↕⊣⊔⟩⊑⌉∫⇔ ⌊⊓⊔ ⊣↕∫≀ ⌈∇⟩\‖ ⇐⟩\⊔∇⊣\∫⟩⊔⟩⊑⌉ ⊔≀ ⌊≀≀‡⌉ ⊑∫↙ ⊔∇⊣\∫⟩⊔⟩⊑⌉ ⊔≀ }⊓‡‡↕⌉⇒⇔ √↕⊣† ⇐⟩\⊔∇⊣\∫⟩⊔⟩⊑⌉ ⊔≀ ⌈∇⊓⇕ ⊑∫↙ ⊔∇⊣\∫⟩⊔⟩⊑⌉ ⊔≀ ∫⊔∇⊓⇕⇒⇔ ⊣\⌈ ⊔⟨⌉ ↕⟩‖⌉↙ H≀⊒⌉⊑⌉∇⇔ ⟩⊔ ⌈≀⌉∫ ⊣√√⌉⊣∇ ⊔≀ ⟨⊣⊑⌉ ⊣ ⌋⌉\⊔∇⊣↕ √∇≀⌊↕⌉⇕↙ D⌉∫√⟩⊔⌉ F⌉↕↕⌊⊣⊓⇕ ⊣\⌈ K⌉}↕≃∫ ⊣∇}⊓⇕⌉\⊔ ⊔≀ ⊔⟨⌉ ⌋≀\⊔∇⊣∇†⇔ ⌉⊣⊔ ⌈≀⌉∫ √⌉∇⇕⟩⊔ ⊔⟨⌉ ≀⇕⟩∫∫⟩≀\ ≀{ ⟩\⌈⌉⊘\⟩⊔⌉ ≀⌊|⌉⌋⊔∫ ⌉⊑⌉\ ⊒⟨⌉\ ⊔⟨⌉† ⊣∇⌉ \≀⊔ ⊖⊓\⌈⌉∇∫⊔≀≀⌈ ⊣∫ ⌋≀\∫⊔⟩⊔⊓⊔⟩\} ∫≀⇕⌉ ⊓\⟩⊔ ≀{ {≀≀⌈⇔ ⟩↙⌉↙ ⊣ ⇕⌉⊣↕⪰ ⇐√↙ ∃⇒↙ F≀∇ ⌉§⊣⇕√↕⌉⇔ ⊔⟨⌉† ⊣∇}⊓⌉ ⊔⟨⊣⊔ ⇐∞▽△⌊⇒ ⟩∫ \≀⊔ ⊣\ ⊣√√∇≀√∇⟩⊣⊔⌉ ⊣\∫⊒⌉∇ ⊔≀ ⇐∞▽△⊣⇒ ⌊⌉⌋⊣⊓∫⌉ \⟩⌊⌊↕⟩\} ⊣↕↕ ⌈⊣† ⌋⊣\\≀⊔ ⌊⌉ ⌋≀\∫⊔∇⊓⌉⌈ ⊣∫ ⇕⊣‖⟩\} ⊓√ ⊣ ⇕⌉⊣↕↙ ⇐∞▽△⇒ ⊣↙ H⊣⊑⌉ †≀⊓ ⌉⊣⊔⌉\⊥ ⌊↙ Y⌉∫⇔ I≃⊑⌉ ⌊⌉⌉\ \⟩⌊⌊↕⟩\} ⊣↕↕ ⌈⊣†↙ H≀⊒⌉⊑⌉∇⇔ I ⊒≀⊓↕⌈ ⊣∇}⊓⌉ ⊔⟨⊣⊔ ⊔⟨⌉ ≀⌈⌈\⌉∫∫ ≀{ ⇐∞▽△⌊⇒ ⊣∇⟩∫⌉∫ ↕⌉∫∫ {∇≀⇕ ⊔⟨⟩∫ {⊣⌋⊔⇔ ⊣\⌈ ⇕≀∇⌉ {∇≀⇕ ⊔⟨⌉ ∐⊓⌉∫⊔⟩≀\ ⟩⊔ ⌋⊓∫⊔≀⇕⊣∇⟩↕† ⟩⇕√↕⟩⌉∫ � ⊓∫⊓⊣↕↕† ∫≀⇕⌉⊔⟨⟩\} ⊔≀ ⊔⟨⌉ ⌉{{⌉⌋⊔ ≀{ ⊖D≀ †≀⊓ ⊒⊣\⊔ ⊔≀ }≀ }⌉⊔ ↕⊓\⌋⟨⊥⪰ C⟨⊣\}⟩\} ⊔⟨⌉ ⌋≀\⊔⌉§⊔ ⇕⊣‖⌉∫ ⟩⊔ ⌋↕⌉⊣∇ ⊔⟨⊣⊔ ⊔⟨⌉ ⇕⌉⊣↕ ⟩\⊔⌉∇√∇⌉⊔⊣⊔⟩≀\ ≀{ ⊔⟨⌉ ≀⇕⟩⊔⊔⌉⌈ ≀⌊|⌉⌋⊔ ⟩∫ ⟩\ {⊣⌋⊔ ⌋⊓∫⊔≀⇕⊣∇† ∇⊣⊔⟨⌉∇ ⊔⟨⊣\ ≀⌊↕⟩}⊣⊔≀∇†¬ ⊣∫ ⊣\ ⌉§⌋⟨⊣\}⌉ ⌊⌉⊔⊒⌉⌉\ ⊣ ⌈≀⌋⊔≀∇ ⊣\⌈ ⊣ √⊣⊔⟩⌉\⊔⇔ ⌉§⊣⇕√↕⌉ ⇐∞▽△⇒ ⟩∫ √⌉∇{⌉⌋⊔↕† \⊣⊔⊓∇⊣↕↙∞△S⟩⇕⟩↕⊣∇↕†⇔ ⟩{ †≀⊓∇ {∇⟩⌉\⌈ ⊓⊔⊔⌉∇∫ ⇐∞▽▽⊣⇒ ⊣⊔ ⊣\ ⊣⇕⊓∫⌉⇕⌉\⊔ √⊣∇‖ |⊓∫⊔ ⊣∫ †≀⊓ }⌉⊔ ≀\ ⊔⟨⌉ ∇≀↕↕⌉∇ ⌋≀⊣∫⊔⌉∇⇔ ⇐∞▽▽⌊⇒ ∫⌉⌉⇕∫ ⊔≀ ⌊⌉ ⊣ ⇕⊓⌋⟨ ⇕≀∇⌉ \⊣⊔⊓∇⊣↕ ∇⌉∫√≀\∫⌉ ⊔⟨⊣\ ⇐∞▽▽⌋⇒↙ ⇐∞▽▽⇒ ⊣↙ I⊔≃∫ ⊣ ⌊⊣⌈ ⟩⌈⌉⊣ ⊔≀ ⌉⊣⊔ ⌊⌉{≀∇⌉ ⌈≀⟩\} ⊔⟨⟩∫→ ∞△I ⊣⇕ ⟩\⌈⌉⌊⊔⌉⌈ ⊔≀ D⊣\ H⊣∇⌈⊔ ⊣\⌈ J⊣⇕⟩⌉ H⌉\⌈⌉∇∫≀\ {≀∇ ⊔⟨⟩∫ ≀⌊∫⌉∇⊑⊣⊔⟩≀\↙ A∫ ⟩⊔ ⊔⊓∇\∫ ≀⊓⊔⇔ ⊔⟨⌉ ⊑⌉∇† ∫⊣⇕⌉ ≀⌊∫⌉∇⊑⊣⊔⟩≀\ ⌋⊣\ ⌊⌉ {≀⊓\⌈ ⟩\ ⇐R⟩‡‡⟩⇔ ∞∃∀⇎ {≀≀⊔\≀⊔⌉ ⇏↙

∃▽ ⌊↙ U⟨ ≀⟨⇔ I≃⊑⌉ ⌊⌉⌉\ ⇕⊓\⌋⟨⟩\} √∇⌉⊔‡⌉↕∫ ⊣↕↕ ⌈⊣†↙ ⌋↙ N≀ √∇≀⌊↕⌉⇕⇔ I≃⊑⌉ ⌊⌉⌉\ ⇕⊓\⌋⟨⟩\} √∇⌉⊔‡⌉↕∫ ⊣↕↕ ⌈⊣†↙ S⊣↕⊑⊣}⟩\} ⊔⟨⌉ ⊣∇}⊓⇕⌉\⊔ ⊒≀⊓↕⌈ ∇⌉∐⊓⟩∇⌉ ⊔⟨⊣⊔ ⊔⟨⌉ {≀≀⌈ ∇⌉{⌉∇∇⌉⌈ ⊔≀ ⟩\ ⇐∞▽▽⌊⇒ ⌊⌉ ⌋≀\∫⊔∇⊓⌉⌈ ⊣∫ ⊣ ⇕⌉⊣↕⇔ ⊣ ⌋↕⊣⟩⇕ ⊔⟨⊣⊔ ∫⌉⌉⇕∫ ⊓\⊔⌉\⊣⌊↕⌉↙ S≀⇔ ⊣↕⊔⟨≀⊓}⟨ ⟩⊔ ⟩∫ ⊔∇⊓⌉ ⊔⟨⊣⊔ ⊑⌉∇⌊∫ ⟩\⌋≀∇√≀∇⊣⊔⟩\} ⇕⊣\\⌉∇ ⌈≀ \≀⊔ √⌉∇⇕⟩⊔ ⟩⇕√↕⟩⌋⟩⊔ ⟩\⌈⌉⊘\⟩⊔⌉ ≀⌊|⌉⌋⊔∫⇔ ⟩⊔ ⟩∫ \≀⊔ ⊣⊔ ⊣↕↕ ⌋↕⌉⊣∇ ⊔⟨⊣⊔ ⊔⟨⌉ ∇⌉∫⊔ ≀{ F⌉↕↕⌊⊣⊓⇕ ⊣\⌈ K⌉}↕≃∫ ⊣⌋⌋≀⊓\⊔ ⌋⊣\ ⌊⌉ ⇕⊣⌈⌉ ⊔≀ ⊒≀∇‖↙ I\ √⊣∇⊔⟩⌋⊓↕⊣∇⇔ ⌋∇≀∫∫↖⌋⊣⊔⌉}≀∇† ↕⟩\‖⟩\} ⌊⌉⊔⊒⌉⌉\ ⊑⌉∇⌊∫ ⊣\⌈ \≀⊓\∫ ⟩\ ⊔⟨⌉ ⊔⊣§≀\≀⇕† ⌋⊣\\≀⊔ ⌊⌉ ⊔⟨⌉ ⊒⟨≀↕⌉ ∫⊔≀∇†⇔ ∫⟩\⌋⌉ ⌉⊣⊔ ⊣⌋⌋⌉√⊔∫ ⟩⇕√↕⟩⌋⟩⊔ ⟩\⌈⌉⊘\⟩⊔⌉ ≀⌊|⌉⌋⊔∫ ⌉⊑⌉\ ⊒⟨⌉\ ⊔⟨⌉† ⊣∇⌉ \≀⊔ ⌋≀\∫⊔∇⊓⌉⌈ ⊣∫ ⇕⌉⊣↕∫↙

W⟨⌉∇⌉ K⌉}↕ ⊣\⌈ F⌉↕↕⌊⊣⊓⇕ ⊣⊔⊔⌉⇕√⊔ ⊔≀ ⊔∇⊣⌋⌉ ⊔⟨⌉ ⟩\⌈⌉⊘\⟩⊔⌉ ≀⌊|⌉⌋⊔ ⊣↕⊔⌉∇\⊣⊔⟩≀\ ⊔≀ ⊣ ⌈⟩∫⊔⟩\⌋⊔⟩≀\ ⌊⌉⊔⊒⌉⌉\ ⊑⌉∇⌊ ∫⌉\∫⌉∫ ⟩\ ⊔⟨⌉ ↕⌉§⟩⌋≀\⇔ R⟩⌋⌉ ⇐∞∃∀∀⇒ ⊒≀⊓↕⌈ ↕⟩‖⌉ ⊔≀ ⌈≀ ⊣⊒⊣† ⊒⟩⊔⟨ ⊔⟨⌉ ⊔∇⊣⌈⟩⊔⟩≀\⊣↕ ↕⌉§⟩⌋≀\ ⌉\⊔⟩∇⌉↕†↙ S⟨⌉ ⊒∇⟩⊔⌉∫¬ T⟨⌉∫⌉ ⌈⟩{{⌉∇⌉\⊔⟩⊣↕ ⊓∫⊣}⌉∫ ∪⟩↙⌉↙⇔ ⊣↕⊔⌉∇\⊣⊔⟩≀\ ⌊⌉⊔⊒⌉⌉\ ⊔∇⊣\∫⟩⊔⟩⊑⌉ ⊣\⌈ ⟩\⊔∇⊣\∫⟩⊔⟩⊑⌉ ∘PSR⊎ ⌈≀ \≀⊔ ⊣∇⟩∫⌉ {∇≀⇕ ∫⌉√⊣∇⊣⊔⌉ ↕⌉§⟩⌋⊣↕ ⌉\⊔∇⟩⌉∫ {≀∇ √≀↕†∫⌉⇕≀⊓∫ ⊑⌉∇⌊∫↙ I ⊒⟩↕↕ ∫⊓}}⌉∫⊔⇔ ⟩\∫⊔⌉⊣⌈⇔ ⊔⟨⊣⊔ ⌉↕⌉⇕⌉\⊔∫ ⟩\ ⊔⟨⌉ ↕⌉§⟩⌋≀\⇔ ⟩{ ⊔⟨⌉∇⌉ ⟩∫ ∫⊓⌋⟨ ⊣ ∫⌉√⊣∇⊣⊔⌉ ⌋≀⇕√≀\⌉\⊔ ≀{ }∇⊣⇕⇕⊣∇⇔ {≀∇⇕ \⊣⊔⊓∇⊣↕ ⌋⊣⊔⌉}≀∇⟩⌉∫ ⊔⟨⊣⊔ ⊣∇⌉ ∫⊓⌊|⌉⌋⊔ ⊔≀ √∇≀⊔≀⊔†√⌉ ⌉{{⌉⌋⊔∫ ⊣\⌈ ⊔⟨⊣⊔ ⇕⊣\† {⊣⌋⊔≀∇∫ ≀⊔⟨⌉∇ ⊔⟨⊣\ ⟩\⊔∇⟩\∫⟩⌋ ⇕⌉⊣\⟩\} ⟩\⊙⊓⌉\⌋⌉ ↕⌉§⟩⌋⊣↕ ⟩\∫⌉∇⊔⟩≀\↙ ⇐√↙ ∈′∈⇒ L⊣⊔⌉∇ ∫⟨⌉ ⊣∫∫⌉∇⊔∫¬ I\ ∫⟨≀∇⊔⇔ ⊒⟨⌉⊔⟨⌉∇ ≀∇ \≀⊔ ⊣ ⊔∇⊣\∫⟩⊔⟩⊑⌉ ⊑⌉∇⌊ ⌋⊣\ ≀⇕⟩⊔ ⟩⊔∫ ≀⌊|⌉⌋⊔ ↙ ↙ ↙ ⌋⊣\\≀⊔ √≀∫∫⟩⌊↕† ∇⌉∫⟩⌈⌉ ⟩\ ⊔⟨⌉ ↕⌉§⟩⌋≀\ ⊣∫ ⊣ √∇≀√⌉∇⊔† ≀{ ⌋⌉∇⊔⊣⟩\ ⊑⌉∇⌊∫ ⌊⌉⌋⊣⊓∫⌉ ⊣ ↕⌉§⟩⌋≀\ ⊒⟩⊔⟨ ⊘§⌉⌈ ↕⌉§⟩⌋⊣↕ ⌉\⊔∇⟩⌉∫ ⌈≀⌉∫ \≀⊔ ∇⌉⊣↕↕† ⌉§⟩∫⊔↙ T⟨⌉ ↕⌉§⟩⌋≀\ ⟩∫ ⊔∇⊓↕† ⊣ ⌋≀\⊑⌉\⟩⌉\⊔ ⊘⌋⊔⟩≀\ ↙ ↙ ↙ ∪L⌉§⟩⌋⊣↕⊎ ‖\≀⊒↕⌉⌈}⌉ ⟩∫ ⌊⌉∫⊔ ⊔⟨≀⊓}⟨⊔ ≀{ ⊣∫ √⊣∇⊔ ≀{ ⊣ ⌈†\⊣⇕⟩⌋ ⟩\⊔⌉∇⌋≀\\⌉⌋⊔⌉⌈ \⌉⊔⊒≀∇‖ ⊔⟨⊣⊔ ⌋⊣\ ⊣⌋⌋⌉∫∫ ∫≀⊓\⌈⇔ ⇕⌉⊣\⟩\}⇔ ⌋≀\⊔⌉§⊔⇔ ⊣\⌈ ∫√⌉⊣‖⌉∇ ⟩\⊔⌉\⊔ ∫⟩⇕⊓↕⊔⊣\⌉≀⊓∫↕†↙ ⇐√↙ ∈∞∞⇒ I⊔ ⟩∫ \≀⊔ ⌋↕⌉⊣∇ ⊒⟨⌉⊔⟨⌉∇ ⊔⟨⌉ ∫⊔∇≀\} {≀∇⇕ ≀{ ⊔⟨⟩∫ ⊣∇}⊓⇕⌉\⊔ ⌋⊣\ ⌊⌉ ∫⊓√√≀∇⊔⌉⌈¬ ⊔⟨⌉ ⇕≀∫⊔ ∫⊓}}⌉∫⊔⟩⊑⌉ ⌉⊑⟩⌈⌉\⌋⌉ √∇⌉∫⌉\⊔⌉⌈ ⌊† R⟩⌋⌉ � ⌋⊣∫⌉∫ ⊒⟨⌉∇⌉ ⌋≀\⊔⌉§⊔⊓⊣↕ ⟩\⊙⊓⌉\⌋⌉∫ ↕⟩⌋⌉\∫⌉ ≀⊔⟨⌉∇⊒⟩∫⌉ ⟩↕↕⟩⌋⟩⊔ ≀⇕⟩∫∫⟩≀\∫ ≀{ ⊔⟨⌉ ⌈⟩∇⌉⌋⊔ ≀⌊|⌉⌋⊔ � ↕⊣∇}⌉↕† ⌋≀⟩\⌋⟩⌈⌉∫ ⊒⟩⊔⟨ K⌉}↕ ⊣\⌈ F⌉↕↕⌊⊣⊓⇕≃∫ ⊖⌈⟩∫⌋≀⊓∇∫⌉↖⌋≀\⌈⟩⊔⟩≀\⌉⌈⪰ ⟩\⊔∇⊣\∫⟩⊔⟩⊑⟩‡⊣⊔⟩≀\∫↙ O\⌉ ⌋≀⊓↕⌈ ⌋↕⊣⟩⇕ ⊔⟨⊣⊔ ⊔⟨⌉∫⌉ ⟩\⊑≀↕⊑⌉ ⊔∇⊣⌈⟩⊔⟩≀\⊣↕ ↕⌉§⟩⌋⊣↕ ⌉\⊔∇⟩⌉∫ ⊔≀}⌉⊔⟨⌉∇ ⊒⟩⊔⟨ √∇⊣}⇕⊣⊔⟩⌋⊣↕↕†↖⌋≀\⊔∇≀↕↕⌉⌈ ∇⊓↕⌉∫ ∇⊣⊔⟨⌉∇ ⊔⟨⊣\ ⊣ ⇕≀∇⌉ ⟨≀↕⟩∫⊔⟩⌋ ∫†∫⊔⌉⇕↙ R⌉}⊣∇⌈↕⌉∫∫ ≀{ ⟨≀⊒ ⊔⟨⌉ ↕⌉§⟩⌋≀\ ⟩∫ ⌋≀\∫⊔∇⊓⌉⌈⇔ ⟨≀⊒⌉⊑⌉∇⇔ R⟩⌋⌉ √≀∫⟩⊔∫ ⊣ ⟨†√≀⊔⟨⌉∫⟩∫ ⊣⌊≀⊓⊔ ⌋≀\⌈⟩⊔⟩≀\∫ {≀∇ ⟩\⊔∇⊣\∫⟩⊔⟩⊑⟩‡⊣⊔⟩≀\ ⊔⟨⊣⊔ ⟩∫ √⊣∇⊔⟩⌋⊓↕⊣∇↕† ⟩\⊔⌉∇⌉∫⊔⟩\} ⊒⟩⊔⟨ ∇⌉}⊣∇⌈ ⊔≀ ⊔⟨⌉ ⟨†√≀⊔⟨⌉∫⟩∫ √⊓∇∫⊓⌉⌈ ⟩\ ⊔⟨⟩∫ ⌋⟨⊣√⊔⌉∇↙ I\ ⊣⌈⌈⟩⊔⟩≀\ ⊔≀ ∫⊓}}⌉∫⊔⟩\} ⊔⟨⊣⊔ ⊣ ⊑⌉∇⌊ ⇕⊓∫⊔ ⟨⊣⊑⌉ ⊣ ⊖∫⌉⇕⊣\⊔⟩⌋⊣↕↕† \⌉⊓⊔∇⊣↕⪰ ≀∇ ⊖⌊⊣∫⟩⌋↖↕⌉⊑⌉↕⪰ ∫⊔⊣⊔⊓∫ ⟩\ ≀∇⌈⌉∇ ⊔≀ ↕⟩⌋⌉\∫⌉ ⊣\ ≀⇕⟩⊔⊔⌉⌈ ≀⌊|⌉⌋⊔ ⇐⌉⌋⟨≀⟩\} K⌉}↕ ⊣\⌈ F⌉↕↕⌊⊣⊓⇕≃∫ ≀⌊∫⌉∇⊑⊣⊔⟩≀\∫ ⊣⌊≀⊓⊔ ⇕⊣\\⌉∇ ⟩\⌋≀∇√≀∇⊣⊔⟩≀\⇒⇔ ∫⟨⌉ ⌋≀⇕⇕⌉\⊔∫ ⊔⟨⊣⊔ ⊔⟨⌉ ≀⇕⟩⊔⊔⌉⌈ ≀⌊|⌉⌋⊔∫ ⊔⟨⌉⇕∫⌉↕⊑⌉∫ ⊔⌉\⌈ ⊔≀ ⌊⌉ ⟩\⊔⌉∇√∇⌉⊔⌉⌈ ⊣∫ ⌊⊣∫⟩⌋↖↕⌉⊑⌉↕ ⌉\⊔⟩⊔⟩⌉∫⇔ ⟩↕↕⊓∫⊔∇⊣⊔⟩\} ⊒⟩⊔⟨ ⌉§⊣⇕√↕⌉∫ ↕⟩‖⌉ ⇐∞▽⇏¬ ⇐∞▽⇏ ⊣↙ J≀⟨\ ∫⇕≀‖⌉∫ ⇐⇑M⊣∇↕⌊≀∇≀∫∝⌋⟩}⊣∇⌉⊔⊔⌉∫∝⇑∫⇕≀‖⟩\} ⇕⊣⊔⌉∇⟩⊣↕∫⇒↙ ⌊↙ W⟨⌉\ ⟨⌉ }≀⌉∫ ⊔≀ B≀∫⊔≀\⇔ J≀⟨\ ⌈∇⟩⊑⌉∫ ⇐⇑⊣ T≀†≀⊔⊣∝⊣ ⌋⊣∇∝⇑⊣ ⊑⌉⟨⟩⌋↕⌉⇒↙ A ∫⟩⇕⟩↕⊣∇ ≀⌊∫⌉∇⊑⊣⊔⟩≀\ ⟩∫ ⇕⊣⌈⌉ ⌊† L⌉⟨∇⌉∇ ⇐∞∃′⇒⇔ ⊒⟨≀ ⌈⟩∫⊔⟩\}⊓⟩∫⟨⌉∫ ⊔⟨⌉ ⊖⌈⌉↕⌉⊔⊣⌊↕⌉ ≀⌊|⌉⌋⊔⪰ {∇≀⇕ ⊔⟨⌉ ∫⌉↕⌉⌋⊔⟩≀\ ∇⌉∫⊔∇⟩⌋⊔⟩≀\ � {≀∇ ⌉§⊣⇕√↕⌉⇔ ⟩⌈⌉\⊔⟩{†⟩\} ⊔⟨⌉ ⌈⌉↕⌉⊔⊣⌊↕⌉ ≀⌊|⌉⌋⊔ ≀{ ⌈∇⟩⊑⌉ ⊣∫ ⌋⊣∇ ⊣\⌈ ⟩⊔∫ ∫⌉↕⌉⌋⊔⟩≀\ ∇⌉∫⊔∇⟩⌋⊔⟩≀\ ⊣∫ VEHICLE↙ H≀⊒⌉⊑⌉∇⇔ ⊔⟨⟩∫ ⌋⟨⊣∇⊣⌋⊔⌉∇⟩‡⊣⊔⟩≀\ ∫⌉⌉⇕∫ ⊔≀ ⇕⌉ ⊔≀ ⌊⌉ ⊔≀≀ ∫⊔∇≀\}↙ E§⊣⇕√↕⌉∫ ⇐∞▽⇒ ⊣\⌈ ⇐∞▽∀⇒ ⇕⊣‖⌉ ⟩⊔ ⌋↕⌉⊣∇ ⊔⟨⊣⊔ ⊒⟨⌉\ ⊔⟨⌉∫⌉ ⊑⌉∇⌊∫ ≀⇕⟩⊔ ⊔⟨⌉⟩∇ ⌈⟩∇⌉⌋⊔ ≀⌊|⌉⌋⊔∫⇔ ⊔⟨⌉ ⟩\{⌉∇⌉\⌋⌉∫ ⊣∇⌉ ⌊⌉⊔⊔⌉∇ ⌈⌉∫⌋∇⟩⌊⌉⌈ ⊣⊔ ⊣ ⟨⟩}⟨⌉∇ ↕⌉⊑⌉↕↙

∃

V⌉∇⌊ C↕⊣∫∫ ⌈∇⟩\‖ ⟨⌊⌉⊑⌉∇⊣}⌉⟩ ⌈∇⟩⊑⌉ ⟨⊑⌉⟨⟩⌋↕⌉⟩ ⌉⊣⊔ ⟨{≀≀⌈⟩ ∇⌉⊣⌈ ⟨⊒∇⟩⊔⟩\}⟩ ∫⇕≀‖⌉ ⟨∇≀↕↕ ≀{ ⊔≀⌊⊣⌋⌋≀⟩ T⊣⌊↕⌉ △↙∈¬ S≀⇕⌉ ⊑⌉∇⌊∫ ⊣\⌈ ⊔⟨⌉⟩∇ ⊣∫∫≀⌋⟩⊣⊔⌉⌈ ⌋↕⊣∫∫⌉∫ ≀{ ⌈⟩∇⌉⌋⊔ ≀⌊|⌉⌋⊔∫

⇐∞▽⇒ ⊣↙ J≀⟨\ ∫⇕≀‖⌉∫↙ ⌊↙ A⟨→ T⟨⌉∇⌉{≀∇⌉⇔ J≀⟨\ ∫⇕≀‖⌉∫ ⌋⟩}⊣∇⌉⊔⊔⌉∫→ ⌋↙ N≀ � ⟨⌉ ∫⇕≀‖⌉∫ ⌋⟩}⊣∇∫↙ ⇐∞▽∀⇒ ⊣↙ W⟨⌉\ ⟨⌉ }≀⌉∫ ⊔≀ B≀∫⊔≀\⇔ J≀⟨\ ⌈∇⟩⊑⌉∫↙ ⌊↙ A⟨→ T⟨⌉∇⌉{≀∇⌉⇔ ⊒⟨⌉\ ⟨⌉ }≀⌉∫ ⊔≀ B≀∫⊔≀\⇔ J≀⟨\ ⌈∇⟩⊑⌉∫ ⊣ ⌋⊣∇↙ ⌋↙ N≀ � ⟨⌉ ⌈∇⟩⊑⌉∫ ⊣ ⊑⊣\↙ T⟨⌉ ⌋≀\{⊓∫⟩≀\ ⊣∇⟩∫⌉∫⇔ I ⊔⟨⟩\‖⇔ ⌊⌉⌋⊣⊓∫⌉ ⟩⊔ ⟩∫ ≀⌈⌈ ⊔≀ ⊓∫⌉ ⊔⟨⌉ ↕⊣⌊⌉↕ {≀∇ ⊣ ∫⊓√⌉∇≀∇⌈⟩\⊣⊔⌉ ⌋⊣⊔⌉}≀∇† ⟩\ ⌋≀\⊔⌉§⊔∫ ↕⟩‖⌉ ⇐∞▽⇏ � ⊣ {⊣⌋⊔ ⊔⟨⊣⊔ ⊣∇⟩∫⌉∫ ⇕≀∇⌉ {∇≀⇕ ⌋≀\⊑⌉∇∫⊣⊔⟩≀\⊣↕ √∇⟩\⌋⟩√↕⌉∫ ⇐G∇⟩⌋⌉⇔ ∞∃▽⇒ ⊔⟨⊣\ {∇≀⇕ ⟩\⌋≀\∫⟩∫⊔⌉\⌋† ⊒⟩⊔⟨ ⊔⟨⌉ ⌉§√⌉⌋⊔⊣⊔⟩≀\∫ ≀{ ⊔⟨⌉ ⊑⌉∇⌊↙ ⇐F≀∇ ⌉§⊣⇕√↕⌉⇔ ∫⊣†⟩\} ⊖J≀⟨\ ⌈∇⊣\‖ ⊣ ⌊⌉⊑⌉∇⊣}⌉⇔⪰ ⟩⇕√↕⟩⌉∫ ⊔⟨⊣⊔ ⊔⟨⌉∇⌉ ⟩∫ ∫≀⇕⌉ ∇⌉⊣∫≀\ {≀∇ ⌊⌉⟩\} ↕⌉∫∫ ⟩\{≀∇⇕⊣⊔⟩⊑⌉ ⊔⟨⊣\ ⟩∫ ⌋⊓∫⊔≀⇕⊣∇† ⊣⌊≀⊓⊔ ⊒⟨⊣⊔ ⟨⌉ ⌈∇⊣\‖↙⇒ W⟨⊣⊔ ⟩∫ ⟩⇕√≀∇⊔⊣\⊔ ⟩∫ \≀⊔ ⊔⟨⊣⊔ ⊔⟨⌉ ⊒≀∇⌈∫ ⊖∫⇕≀‖⟩\} ⇕⊣⊔⌉∇⟩⊣↕∫⪰ ⌊⌉ \⊣⊔⊓∇⊣↕ ⟩\ ⇐∞▽⊣̸⇒⇔ ⌊⊓⊔ ∇⊣⊔⟨⌉∇ ⊔⟨⊣⊔ ⊣↕↕ ⊔⟨⌉ ⌈⟩∇⌉⌋⊔ ≀⌊|⌉⌋⊔∫ ⊔⟨⊣⊔ ⊣∇⌉ \⊣⊔⊓∇⊣↕ ⊔⟨⌉∇⌉ ⌊⌉ ⊣ ⇕⌉⇕⌊⌉∇ ≀{ ⊔⟨⊣⊔ ⌋≀\⌋⌉√⊔⊓⊣↕ ⌋⊣⊔⌉}≀∇†↙ ⇐T⟨⌉ ⊔∇⊣⌈⟩⊔⟩≀\⊣↕ ∫⊓√⌉∇≀∇⌈⟩\⊣⊔⌉ ⌋⊣⊔⌉}≀∇⟩⌉∫ ⇕⊣† ⌊⌉ ⊔≀≀ ⌊∇≀⊣⌈ {≀∇ ⊔⟨⟩∫ √⊓∇√≀∫⌉ � ⟩⊔ ⇕⟩}⟨⊔ ⌊⌉ ≀⌈⌈ ⊔≀ ⊓⊔⊔⌉∇ ⇐∞▽⌊̸⇒ ⟩{ ⊒⟨⊣⊔ J≀⟨\ ⌈∇⟩⊑⌉∫ ⊔≀ B≀∫⊔≀\ ⟩∫ ⊣ ∫\≀⊒√↕≀⊒⇔ ∫≀ √⌉∇⟨⊣√∫ ⊔⟨⌉ ≀⌊|⌉⌋⊔ ⌋⊣⊔⌉}≀∇† ⟩\{⌉∇∇⌉⌈ {∇≀⇕ ⌈∇⟩⊑⌉ ⟩∫ ⇕≀∇⌉ ⊣↕≀\} ⊔⟨⌉ ↕⟩\⌉∫ ≀{ ⊖{≀⊓∇↖⊒⟨⌉⌉↕⌉⌈ √⊣∫∫⌉\}⌉∇ ⊑⌉⟨⟩⌋↕⌉↙⪰⇒ S≀⇔ ⊣↕⊔⟨≀⊓}⟨ I ⊒≀⊓↕⌈ ⊣∇}⊓⌉ ⊔⟨⊣⊔ ⌊⊣∫⟩⌋↖↕⌉⊑⌉↕ ⌋⊣⊔⌉}≀∇⟩⌉∫ ⊣∇⌉ \≀⊔ ⊔⟨⌉ ⊣√√∇≀√∇⟩⊣⊔⌉ ↕⌉⊑⌉↕ ≀{ ⌈⌉∫⌋∇⟩√⊔⟩≀\⇔ I ⊣}∇⌉⌉ ⊔⟨⊣⊔ ⟩\⌈⌉⊘\⟩⊔⌉ ≀⌊|⌉⌋⊔∫ ⌋⊣\ ≀\↕† ⌊⌉ ≀⇕⟩⊔⊔⌉⌈ ⊒⟨⌉\ ⊔⟨⌉ ⟩\⊔⌉\⌈⌉⌈ ⟩\{⌉∇⌉\⌋⌉∫ ⊣⌊≀⊓⊔ ⊔⟨⌉⇕ ⌋⊣\ ⌊⌉ ⌋⊣√⊔⊓∇⌉⌈ ⊣⊔ ⊣\ ⊣√√∇≀√∇⟩⊣⊔⌉ ⊖⇕⌉⌈⟩⊓⇕⪰ ↕⌉⊑⌉↕ ≀{ ⊣⌊∫⊔∇⊣⌋⊔⟩≀\↙ N≀⊒⇔ ⊣↕⊔⟨≀⊓}⟨ ⊔⟨⌉ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ √∇⌉{⌉∇⌉\⌋⌉ ⌋∇⟩⊔⌉∇⟩≀\ √∇≀√≀∫⌉⌈ ⟩\ ⊔⟨⟩∫ ⌋⟨⊣√⊔⌉∇ ⟩∫ ⌉§√∇⌉∫∫⌉⌈ ⟩\ ⊔⌉∇⇕∫ ≀{ ⌈⟩∫⊔∇⟩⌊⊓⊔⟩≀\∫ ≀⊑⌉∇ ⌋↕⊣∫∫⌉∫⇔ ∇⊣⊔⟨⌉∇ ⊔⟨⊣\ ∫⟩\}↕⌉ ⌋⊣⊔⌉}≀∇⟩⌉∫⇔ ⊔⟨⌉ ⇕⌉⊣∫⊓∇⌉ ≀{ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⊣∫∫≀⌋⟩⊣⊔⟩≀\ ⌈⌉⊘\⌉⌈ ⟩\ C⟨⊣√⊔⌉∇ ∋ √∇≀⌈⊓⌋⌉∫ ⊔⟨⌉ ‖⟩\⌈ ≀{ ⌊⌉⟨⊣⊑⟩≀∇ ⊔⟨⊣⊔ ⟨⊣∫ |⊓∫⊔ ⌊⌉⌉\ ⌈⌉∫⌋∇⟩⌊⌉⌈↙ T⊣⌊↕⌉ △↙∈ ∫⟨≀⊒∫ ∫⌉⊑⌉∇⊣↕ ≀⌊|⌉⌋⊔↖⌈∇≀√ ⊑⌉∇⌊∫⇔ ⌉⊣⌋⟨ ⊔≀}⌉⊔⟨⌉∇ ⊒⟩⊔⟨ ⟩⊔∫ ∫⟩\}↕⌉ ⇕≀∫⊔ ∫⊔∇≀\}↕† ⊣∫∫≀⌋⟩⊣⊔⌉⌈ W≀∇⌈N⌉⊔ ⌋↕⊣∫∫↙∞▽ I\ ⌉⊣⌋⟨ ⌋⊣∫⌉⇔ ⊔⟨⌉ ⇕≀∫⊔ ∫⊔∇≀\}↕† ⊣∫∫≀⌋⟩⊣⊔⌉⌈ ⌋↕⊣∫∫ ⊘⊔∫ ⟩\⊔⊓⟩⊔⟩⊑⌉↕† ⊣∫ ⊔⟨⌉ ⊖∇⟩}⟨⊔ ↕⌉⊑⌉↕⪰ ≀{ ⌈⟩∇⌉⌋⊔ ≀⌊|⌉⌋⊔∫ {≀∇ ⊔⟨⌉ ⊑⌉∇⌊ � ⊣ ⌋⊣⊔⌉}≀∇† ⊔⟨⊣⊔ ⊒≀⊓↕⌈ ∫⌉⌉⇕ ⊔≀ ⌋≀\⊔⊣⟩\ ⊣↕↕ ⊔⟨⌉ ⌈⟩∇⌉⌋⊔ ≀⌊|⌉⌋⊔∫ ≀\⌉ ⌋≀⊓↕⌈ {⌉↕⟩⌋⟩⊔≀⊓∫↕† ≀⇕⟩⊔⇔ ⊒⟨⟩↕⌉ ⌉§⌋↕⊓⌈⟩\} ⇕≀∫⊔ ≀⊔⟨⌉∇∫↙ F≀∇ ⌉§⊣⇕√↕⌉⇔ ⊒∇⟩⊔⌉ ⟩∫ ⇕≀∇⌉ ⌋↕≀∫⌉↕† ⊣∫∫≀⌋⟩⊣⊔⌉⌈ ⊒⟩⊔⟨ ⊔⟨⌉ ⌋↕⊣∫∫ ≀{ ⊒∇⟩⊔⊔⌉\ ⇕⊣⊔⌉∇⟩⊣↕∫ ⊔⟨⊣\ ∫⊓⌊≀∇⌈⟩\⊣⊔⌉∫ ↕⟩‖⌉ ⟨⌉∫∫⊣†⟩ ≀∇ ∫⊓√⌉∇≀∇⌈⟩\⊣⊔⌉∫ ↕⟩‖⌉ ⟨⌋≀⇕⇕⊓\⟩⌋⊣⊔⟩≀\⟩⇔ ⌈∇⟩⊑⌉ ⟩∫ ⊣∫∫≀⌋⟩⊣⊔⌉⌈ ⊒⟩⊔⟨ ⊑⌉⟨⟩⌋↕⌉∫ ∇⊣⊔⟨⌉∇ ⊔⟨⊣\ ⊒⟩⊔⟨ ⌋⊣∇∫ ≀∇ }⌉\⌉∇⊣↕ ⌋≀\⊑⌉†⊣\⌋⌉∫ ⇐⊒⟨⟩⌋⟨ ⊒≀⊓↕⌈ ⟩\⌋↕⊓⌈⌉ ⊔∇⊣⟩\∫ ⊣\⌈ ⌋⊣∇}≀ ∫⟨⟩√∫⇒⇔ ⊣\⌈ ∫⇕≀‖⌉ ⟩∫ ⊣∫∫≀⌋⟩⊣⊔⌉⌈ ⊒⟩⊔⟨ ⊣ ⌋↕⊣∫∫ ⊔⟨⊣⊔ ⟩\⌋↕⊓⌈⌉∫ ⊔⟨⌉ ⇕≀∇⌉ ∫√⌉⌋⟩⊘⌋ ⌋⟩}⊣∇⌉⊔⊔⌉∫ ⊣\⌈ ⌋⟩}⊣∇∫ ⌊⊓⊔ \≀⊔ ∫⊓⌋⟨ \≀\↖⊔≀⌊⊣⌋⌋≀ \⊣∇⌋≀⊔⟩⌋∫ ⊣∫ ≀√⟩⊓⇕↙ T⟨⟩∫ ⌊⌉⟨⊣⊑⟩≀∇ ⊣∇⟩∫⌉∫ \⊣⊔⊓∇⊣↕↕† {∇≀⇕ ⊔⟨⌉ ⌈⌉⊘\⟩⊔⟩≀\ ≀{ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⊣∫∫≀⌋⟩⊣⊔⟩≀\ ⌊⌉⊔⊒⌉⌉\ ⊣ ⊑⌉∇⌊ v and a class c ↼originally given in Chapter 3 equation 3▷5↽. A(v, c) = 1 η p(c|v) log p(c|v) p(c) . 15These examples were constructed using cooccurrence statistics from the Brown Corpus▷

Consider a single path through the taxonomy from a very speciαc class like ⟨{⌉⊔⊔⊓⌋⌋⟩\⌉⟩ ⊓√⊒⊣∇⌈ ⊔⟨∇≀⊓}⟨ ⟨⊔⟨⟩\}⟩↙ A∫ †≀⊓ ⇕≀⊑⌉ ⟨⟩}⟨⌉∇ ⟩\ ⊔⟨⌉ ⊔⊣§≀\≀⇕†⇔ ⊔≀ ⟨√⊣∫⊔⊣⟩⇔ ⊔⟨⌉ ∫⊓√⌉∇⌋↕⊣∫∫ ⌊∇⟩\}∫ ⟩\ ⊣⌈⌈⟩⊔⟩≀\⊣↕ ≀⌊|⌉⌋⊔∫ ≀{ ⌉⊣⊔⇔ ∫⊓⌋⟨ ⊣∫ ∫√⊣}⟨⌉⊔⊔⟩ ⊣\⌈ ∇⊣⊑⟩≀↕⟩⇔ ⊣\⌈ ∫⊔⟩↕↕ ⇕≀∇⌉ ≀⌊|⌉⌋⊔∫ ≀{ ⌉⊣⊔ ⊣∇⌉ ⌊∇≀⊓}⟨⊔ ⟩\ ⌊† ⌋≀\⊔⟩\⊓⟩\} ≀\ ⊔≀ ⟨{≀≀⌈⟩↙ A∫ ⊣ ∇⌉∫⊓↕⊔⇔ ⇕≀⊑⟩\} ⊓√⊒⊣∇⌈ ⟩\ ⊔⟨⌉ ⊔⊣§≀\≀⇕† ⟩\⌋∇⌉⊣∫⌉∫ ⊔⟨⌉ ⌋≀\⌈⟩⊔⟩≀\⊣↕ √∇≀⌊⊣⌊⟩↕⟩⊔† √(c|v) and hence the selectional association with the verb. However, continuing further upward in the taxonomy, for instance from ⟨{≀≀⌈⟩ ⊓√ ⊔≀ ⟨∫⊓⌊∫⊔⊣\⌋⌉⟩⇔ ⌊∇⟩\}∫ ⟩\ ⇕⊣\† ⊒≀∇⌈∫ ↕⟩‖⌉ {⊓⌉↕ ⊣\⌈ √≀⟩∫≀\ ⊔⟨⊣⊔ ⌈≀ \≀⊔ ⊣√√⌉⊣∇ ⊒⟩⊔⟨ ⌉⊣⊔↙ A∫ ⊣ ∇⌉∫⊓↕⊔⇔ √∇≀⌊⊣⌊⟩↕⟩⊔† √(c) increases without a corresponding increase in p(c|v) and the score is driven back down. Thus, as this example illustrates, the measure of selectional association tends to prefer classes in the taxonomy that are general, but not too general.16

4.6.3 Summary

To summarize, a number of authors have investigated factors other than object inferability that might help determine whether a verb permits its objects to be omitted. These to a great extent revolve around features of meaning that may or may not be incorporated in to the verb, such as aspectual distinctions (whether or not a verb phrase can be interpreted as an activity, whether or not it is inherently completive) and manner. In several cases (Fellbaum and Kegl, 1989; Rice, 1988) underlying taxonomic relationships have been hypothesized among verbs and categories of their arguments in order to account for differences in behavior.

These semantic factors appear to account for much of the variability not captured by strength of selectional preference. For example, the strongest counterexamples to the selectional preference hypothesis Ð verbs that select strongly but cannot omit their objects Ð appear to be verbs like catch, wear and say that are difőcult to interpret as activities when appearing intransitively. On inspection, at least, these aspectual distinctions, taken together with inferability on the basis of selectional preference, appear to provide a categorical distinction between verbs that do and do not permit implicit objects of the indeőnite variety.

It makes sense that object realization depends on how much information is available. The proposal made here is consistent with intuitive notions about explicit mention, brevity, and clarity, such as Grice’s (1975) maxims of Quantity.17In addition, the results, particularly in performance, are consistent with what we already know about other arguments. For instance, psycholinguistic experiments show that instruments (e.g. John stabbed Bill with a knife) are mentioned less frequently when typical for the given action (Brown and Dell, 1987), and łplausibilityž of verb-argument relationships, often construed in probabilistic terms, is gaining increased attention in studies of on-line syntactic processing (Carlson and Tanenhaus, 1988; Mac- Donald, in revision; Mauner, Tanenhaus, and Carlson, 1992; Pearlmutter and MacDonald, 1993; Tanenhaus, Garnsey, and Boland, 1991; Trueswell, Tanenhaus, and Garnsey, 1993).

In contrast, although observations regarding aspect, manner, and taxonomy capture predictive generalizations about which verbs will and will not participate in implicit object alternations, they do so without providing an explanatory link between the relevant feature of meaning and the particular syntactic behavior it is connected to. Whatever deep relationship there may be between these factors and argument realization, an explanation of that connection will have to wait a better understanding of lexical semantics as a whole.18

16For a discussion of other probabilistic measures and their relationship to basic levels, see (Hanson, 1990). 17łMake your contribution as informative as is required (for the current purposes of the exchange)ž and łDo not make your contribution more informative than is required.ž

18I would conjecture that Grimshaw’s (1990) notion of aspectual prominence might be a useful place to start, since it provides a direct link between aspect and argument realization.

4.7 Thoughts on verb acquisition

4.7.1 Plausibility considerations

The results in this chapter show that two aspects of lexical representation Ð selectional constraints and optionality of an argument Ð can to a large extent be predicted on the basis of a corpus of text or transcribed speech, together with a simple taxonomic organization of noun concepts. Given the simplicity of the methods used here, a natural question to ask is whether the same ideas can contribute to a model of how lexical representations of verbs are acquired by children.

A őrst point in favor of such an approach is the relatively small number of assumptions that are required, and the psychological plausibility of those that are indispensible. To begin with the taxonomy, it is generally agreed that noun acquisition precedes verb acquisition (Nelson, 1973), and there is evidence to suggest that observation provides reliable evidence for learning how to map noun forms to noun concepts (Gillette and Gleitman, forthcoming). Furthermore, children at least as young as three years old can classify pictures of objects in the same manner as adults, at least for basic level categories such as TABLE and FISH, and sorting objects into superordinate categories such as FURNITURE and ANIMAL reaches adult competence by around the third grade (Rosch et al., 1976). So, although children’s taxonomic criteria may not match those of adult taxonomies (much less the speciőcs of WordNet!), it is plausible to assume that they distinguish some form of category membership for observed instances Ð for example, permitting a red apple and a green apple (or a bunch of green beans, or a cookie) to be counted as instances of some class.19

The second element of the approach pursued here was observation of a sample of verb-argument cooccurrences, which would seem to require a procedure for identifying the argument. There is an accumulating body of evidence suggesting that children may be able to construct a skeletal parse on the basis of prosodic information (Gleitman et al., 1988; Kemler Nelson et al., 1989; Kemler Nelson, 1989; Lederer and Kelly, 1991), which could provide the basis for such a procedure, and it appears that the statistical methods demonstrated here are tolerant enough of noise to make do with very little parse information. For example, in the experiments done using data from CHILDES (and in earlier pilot experiments using the tagged Brown Corpus, done before the parses in the Penn Treebank became available), I found that a very unsophisticated object-őnding procedure Ð little more than łselect the őrst noun to the rightž Ð yielded a noisy sample, but one for which the estimates of selectional preference and selectional association nonetheless yielded sensible results.

Given these assumptions Ð that the child can map noun forms to noun concepts, organizes noun concepts taxonomically, and can identify co-occurrences of verbs with noun arguments Ð the formalization of selectional preference proposed in Chapter 3 can be interpreted as a psycholinguistic model, and the algorithms involved in computing selectional preference from distributional evidence can be viewed as constituting a model of how such preferences are acquired. Furthermore, the central linguistic result of this chapter Ð that selectional preference is a predictor of object omissibility Ð represents a starting point for investigating how that aspect of lexical representation is acquired. The present study demonstrated that the predictive information is present in the child’s input (represented using parental speech in CHILDES); the next necessary steps would be, őrst, to show that children attend to this information, and, second, to show that they actually make use of it.

19Care is needed to avoid circularity here, since in identifying class relationships to a verb like eat the relevant generalization of apples and cookies might turn out to be łthings that you eat.ž Crucially, however, that characterization rests on the concept of eating, i.e. something like łthings that you put in your mouth, chew, and swallow, etc.ž and not łthings that co-occur with the word-form /eat/.ž

               ?

ZZ
  ZZ

           ?

/eat/

HOLD

EAT APPLE

/apple/

SOUP

CRAYON

/soup/

Figure 4.3: Schematic view of the verb mapping problem

4.7.2 Relation to bootstrapping

In addition to addressing the question of optional arguments, the model of selectional preference proposed here may be able to provide a necessary element in the general discussion of how verb meanings are acquired. Figure 4.3 illustrates one interpretation of the scenario confronting the language learner. At the top are word forms (represented simply as words within slashes) and at the bottom are word meanings or concepts (represented as words in uppercase). The child is assumed to possess a reliable mapping from familiar nouns to the concepts they represent, hence the arrows from noun forms to noun meanings. Dashed boxes represent higher-level concept classes Ð such as FOOD or SMALL SOLID OBJECT Ð which the child has acquired on the basis of observed similarities of form, function, or behavior. Finally, solid lines represent observed argument co-occurrences: at the top of the őgure are observed co-occurrences between verb forms and nominal arguments (with respect to a particular argument position), and at the bottom are links between verb concepts and the classes containing noun concepts that have participated in the event (in a particular thematic role). Of course, syntactic arguments must somehow be mapped to thematic roles, but this is an issue that I will not attempt to address in detail. For the moment let us simply assume that the connection can be made via (universal) linking rules of the kind discussed in (Pinker, 1989).

Notably missing from the diagram is a connection between verb forms and verb meanings Ð őlling in this link is one of the major problems the learner must solve.20In fact, there are really two distinct problems that need to be considered. The őrst concerns the identiőcation of a particular verb with a łsyntactically relevant semantic subclassž of verbs (Pinker, 1989, p. 107); that is, identifying aspects of a verb’s meaning that concern its argument-taking properties and the kinds of syntactic alternations in which it can participate. The second problem has to do with identifying aspects of verb meaning that do not concern argument realization Ð for example, acquiring distinct meanings for verbs like melt and boil, or slide and roll, which are indistinguishable from the perspective of grammatical behavior. Pinker separates the two using the 20Assuming that the verb concepts already exist (corresponding to a process Pinker (1989)describes as łevent-category labelingž) is undoubtedly too simplistic; a more complete model would also have to provide for the generation of hypotheses about what event concepts to include in the lower left-hand corner of the őgure.

evocative term łcolor-blind conservatismž: the real-world color of a verb’s argument will not be relevant for the őrst problem, though such cognitive distinctions may be crucial in solving the second one.

The őrst problem has been a source of some controversy, primarily concerning the sources of evidence available to the child language learner. One plausible hypothesis is that the grammatically relevant features of verb meaning can be learned by observing the co-occurrence of verb forms and events in the world; for example, an utterance containing /eat/ coinciding with the activity of eating something. Such a process is limited, however, by ambiguity in the interpretation of events: a child hearing the word form /pour/ as a glass is being őlled with water from a pitcher will not know whether to associate /pour/ with pouring or with őlling (or with holding the glass, tilting the pitcher, etc.). Pinker suggests that cross-situational analysis can be used to resolve the ambiguity:

The ambiguity of what a verb means in a single situation, however, is eliminated by the behavior across situations. Though a given instance of őlling a cup may be ambiguous between pouring and őlling, pour but not őll will eventually be used when water is put in a glass up to the halfway mark, and őll but not pour will eventually be used when a glass is left on a windowsill in a rainstorm long enough to make it full. (p. 254)

Such a solution is intuitively appealing, and gains credibility from empirical evidence (see references cited in (Pinker, 1989)) and from computational experiments showing that cross-situational learning can be efőciently implemented and successfully applied in restricted computational settings (Siskind, 1992; Siskind, 1993b). However, Lila Gleitman and colleagues (Landau and Gleitman, 1985; Gleitman et al., 1988; Lederer, 1993) have argued that observation alone does not provide enough evidence to map verb forms to verb meanings, especially in cases where the described event is closed to observation (i.e. events described by mental verbs such as know and believe), or where an event supports hypothesized interpretations from multiple perspectives, as is the case with chasing events (which also contain ŕeeing), buying events (which also contain selling), and so forth. They take this to mean that learning via observation must be supported by additional constraints, and suggest that such constraints are provided by evidence about syntactic subcategorization available in the utterance. Evidence for this view comes from experiments showing that adults perform poorly on tasks of guessing the verb given an observed scene (Lederer, Gleitman, and Gleitman, forthcoming), that the syntactic context in which a novel verb is őrst presented inŕuences children’s interpretation of a scene described using that verb (Fisher et al., 1994), and that prosodic information in utterances can provide some phrase structure information and that children attend to such cues (Lederer and Kelly, 1991; Jusczyk et al., 1992).

An unresolved difőculty in these discussions is the absence of a precise characterization of what it means for a form of context to constrain hypotheses about verb meaning. For example, a useful indication of how constraining a context is, utilized by Lederer et al. (forthcoming) and Gillete and Gleitman (forthcoming), is the percentage of łcorrectž responses given by subjects Ð that is, responses matching the verb uttered during the scene.21 Of course, simply measuring percent correct can be misleading: if the target verb was call and most of the incorrect responses to a scene were talk, surely the context should be judged more informative than a case where the error rate is the same but the incorrect responses are evenly distributed over a wide variety of other verbs. One way to avoid this difőculty, employed by the above-cited authors, is to consider not the absolute percent correct, but the frequency with which incorrect guesses are in the

21Scenes were presented as videotape clips with the sound turned off.

łsemantic neighborhoodž of the target verb. (See (Fisher, Gleitman, and Gleitman, 1991) for detailed discussion of how semantic neighborhoods are determined.)

The methods applied in this chapter suggest an alternative (or better, additional) measure of contextual predictiveness, namely the information-theoretic measure of relative entropy. That is, if Y is a random variable ranging over possible instances of a particular kind of context and X ranges over events being predicted then the predictability of that form of context can be measured by D(p(x|y)||√(x)) = ∑ x,y p(x|y) log p(x|y) p(x) . Applied to the situation just described Y might range over videotaped scenes and X over subjectsφ verb responses▷ As discussed in Chapter 3 the relative entropy between a prior distribution p(x) and a posterior distribution p(x|y) can be interpreted as how costly it would be, on average, to ignore the conditioning context y▷ This would seem to be precisely the kind of measure needed in order to evaluate the extent to which a form of context reduces the space of hypotheses about verb meanings▷ Furthermore using relative entropy makes it possible to consider different forms of context and com binations of contexts in a single uniαed framework where predictability is measured in bits of information▷ The sole requirement of such a framework is that it be possible to arrive at probability estimates for the con texts of interest▷ Where those are observed scenes estimates can come from responses generated by human subjects as in ↼Gillette and Gleitman forthcoming, Fisher et al▷ 1994↽, where they are syntactic contexts such as subcategorization frames large corpus resources such as the Penn Treebank are an alternative to experimental data▷ Other forms of context can be considered as well▷ In particular the model in Figure 4▷3 suggests that constraints on hypotheses about an unknown verbφs meaning can be derived from knowledge about characteristic participants in events described by the verb � even if those events themselves are not witnessed by the learner▷ To consider an example suppose that a learner is attempting to αgure out what events the verb form ◁eat◁ denotes▷ Many events involving eating also involve biting � a situation analogous to the overlap between pour and αll discussed earlier▷ Crosssituational analysis offers one solution. ◁bite◁ will be uttered in some observed situations involving biting but not eating▷ However argument◁participant relationships reduce the reliance of such a strategy on the observation of scenes involving these actions. a learner who hears references to biting such as ↼159↽ will have received evidence that it is possible to bite things you donφt typically eat even if the correct mapping of ◁bite◁ is is still a mystery▷ ↼159↽ a▷ Betcha I bite your nose off if you keep screaming at me▷ b▷ ΨWhy do you want to bite that cat⋆ν ♭Read from a book♯ Such predictive information is known to be useful. Lederer et al▷ ↼forthcoming↽ have shown that in adult verbguessing tasks identifying the participants in an event provides useful predictive information even if the roles are obscured by listing the participants in alphabetical order▷ Furthermore Gropen ↼1992, 1993↽ has argued that childrenφs categorization of objects in the world plays an important role in acquiring the meanings of polysemous verbs ↼i▷e▷ verbs with multiple related meanings such as spread. spreading pots and pans on the βoor vs▷ spreading butter on toast↽▷ Gropen points out that distinguishing such meanings is crucial for models of crosssituational analysis since otherwise critical elements of meaning � e▷g▷ forceful contact for the spreading butter sense of spread � will be true in some events and false in others leading to their exclusion as core properties of the verb▷

The model of selectional relationships proposed in Chapter 3 and applied here represents one component in an acquisition model that takes such information into account▷ Although such a model is not yet fully developed most of the necessary pieces are in place. corpus resources like the Penn Treebank and CHILDES provide links between the word forms for verbs and their nominal arguments and WordNet provides a mapping from noun forms to noun meanings and the superordinate concepts of which they are a part▷

Another possible role for the present model of selectional relationships concerns elements of verb meaning that are not grammatically relevant elements that are are usually set aside under the heading of cognitive distinctions by Pinker Gleitman Grimshaw and others▷ For example Pinker ↼p▷ 259↽ suggests a way in which a child might infer from ↼160↽ that the meaning of the verb encodes the manner of motion of the ball ↼160↽ The ball glipped into the room▷ but is careful to distinguish this from inferring what the relevant manner of motion is▷ He writes. A grammar can Ψseeν the difference between smearing and pouring or between shouting and telling ▷ ▷ ▷ because all of these distinctions can be stated in terms of the privileged semantic vocabulary that is available to it▷ ▷ ▷ ▷ However a grammar cannot Ψseeν the difference between smearing and smudging between shouting and whispering between sliding and rolling or between coating and covering▷ ↼p▷ 277↽ In many cases elements of meaning such as manner of motion involve properties of participants in the event � for example rolling is associated with roundness▷ Therefore one could imagine that selectional relationships might help reduce the space of hypotheses about what particular dimension of meaning a verb encodes▷ Although the experiments done here are not particularly well suited to demonstrating this since neither WordNet nor the corpora used make it easy to isolate the relevant properties the data gathered so far provide one or two suggestive examples▷ Using cooccurrence frequencies from the CHILDES data the class of objects most strongly selected for by roll is ⟨∇≀⊓\⌈ ∫⟨⊣√⌉⟩∅ ≀\ ⟩\∫√⌉⌋⊔⟩≀\ ≀{ ⊔⟨⌉ ↕⌉§⟩⌋⊣↕ ⌋≀↖≀⌋⌋⊓∇∇⌉\⌋⌉ ⌈⊣⊔⊣⇔ ⟩⊔ ⊔⊓∇\∫ ≀⊓⊔ ⊔⟨⊣⊔ ⊔⟨⌉ ⊔⊒≀ ⇕≀∫⊔ {∇⌉∐⊓⌉\⊔ ⌈⟩∇⌉⌋⊔ ≀⌊|⌉⌋⊔∫ ≀{ ∇≀↕↕ ⊣∇⌉ ⌊⊣↕↕ ⊣\⌈ ⌊⊣∇∇⌉↕↙ R⌉}⊣∇⌈⟩\} ⊒⟨⟩∫√⌉∇⟩\} ⊣\⌈ ∫⟨≀⊓⊔⟩\}⇔ ≀⌊|⌉⌋⊔∫ ≀{ ∫⟨≀⊓⊔ ⟩\ ⊔⟨⌉ B∇≀⊒\ C≀∇√⊓∫ ⟩\⌋↕⊓⌈⌉ ⊣⌊⊓∫⌉⇔ ⌊⌉↕↕⟩⌋≀∫⟩⊔†⇔ ⊣\⌈ ⌋∇†∅ ≀⌊|⌉⌋⊔∫ ≀{ ⊒⟨⟩∫√⌉∇ ⟩\⌋↕⊓⌈⌉ ∫⌉⌋∇⌉⊔ ⊣\⌈ ⌉§√↕⊣\⊣⊔⟩≀\↙ B∇≀⊒∫⟩\} R≀}⌉⊔≃∫ ⊔⟨⌉∫⊣⊓∇⊓∫ ↕⌉⊣⌈∫ ∐⊓⟩⌋‖↕† ⊔≀ ⊔⟨⌉ ⌈⟩∫⌋≀⊑⌉∇† ⊔⟨⊣⊔ ∫⌉⌋∇⌉⊔ ⟩∫ ⊣ ⇕⌉⇕⌊⌉∇ ≀{ ⌋⊣⊔⌉}≀∇⟩⌉∫ ▽∈∀ ⇐C≀\⌋⌉⊣↕⇕⌉\⊔⇒ ⊣\⌈ ▽∈∈ ⇐I\⊔⌉∇√∇⌉⊔⊣⊔⟩≀\⇒⇔ ≀{ ⊒⟨⟩⌋⟨ ⊒⟨⟩∫√⌉∇ ⊣\⌈ ⌉§√↕⊣\⊣⊔⟩≀\ ∇⌉∫√⌉⌋⊔⟩⊑⌉↕† ⊣∇⌉ ⇕⌉⇕⌊⌉∇∫∅ ∫⟨≀⊓⊔ ⊣\⌈ ⌋∇† ⊣∇⌉ ⌊≀⊔⟨ ⇕⌉⇕⌊⌉∇∫ ≀{ ⌋⊣⊔⌉}≀∇† △∞∞ ⇐C∇†∅ ⊑≀⌋⟩{⌉∇⊣⊔⟩≀\⇒↙ S≀⇔ ⊣↕⊔⟨≀⊓}⟨ ≀⌊∫⌉∇⊑⊣⊔⟩≀\ ≀{ ⇕⊣\\⌉∇ ⟩∫ ∫⊔⟩↕↕ ⊔⟨⌉ ⇕≀∫⊔ ↕⟩‖⌉↕† ⌋↕⊓⌉ ⊔≀ ⊔⟨⌉ ⌈⟩∫⊔⟩\⌋⊔⟩≀\ ⌊⌉⊔⊒⌉⌉\ ∫⟨≀⊓⊔⟩\} ⊣\⌈ ⊒⟨⟩∫√⌉∇⟩\}⇔ ⊔⟨⌉ \⊣⊔⊓∇⌉ ≀{ ⊔⟨⌉⟩∇ ≀⌊|⌉⌋⊔∫ ⇐≀⌊∫⌉∇⊑⌉⌈ ⌋∇≀∫∫↖∫⟩⊔⊓⊣⊔⟩≀\⊣↕↕†⇒ ⊣↕∫≀ ⊣√√⌉⊣∇∫ ⊔≀ √∇≀⊑⟩⌈⌉ ∫≀⇕⌉ ⌋≀↕↕⊣⊔⌉∇⊣↕ ⌉⊑⟩⌈⌉\⌋⌉↙ I\ ∫⊓⇕⇔ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√∫ ∇⌉√∇⌉∫⌉\⊔ ⊣ ∫≀⊓∇⌋⌉ ≀{ ⟩\{≀∇⇕⊣⊔⟩≀\ ↕⟩‖⌉↕† ⊔≀ ⌊⌉ ⊓∫⌉⌈ ⌊† ⌋⟨⟩↕⌈∇⌉\ ⟩\ ⊣⌋∐⊓⟩∇⟩\} ⌊≀⊔⟨ ∫⌉⇕⊣\⊔⟩⌋⊣↕↕† ∇⌉↕⌉⊑⊣\⊔ ⊣\⌈ ⌋≀}\⟩⊔⟩⊑⌉↕† ∇⌉↕⌉⊑⊣\⊔ ⊣∫√⌉⌋⊔∫ ≀{ ⊑⌉∇⌊ ⇕⌉⊣\⟩\}↙ A↕⊔⟨≀⊓}⟨ ⊓↕⊔⟩⇕⊣⊔⌉↕† √∫†⌋⟨≀↕⟩\}⊓⟩∫⊔⟩⌋ ⇕⌉⊔⟨≀⌈∫ ⇕⊓∫⊔ ⌊⌉⊣∇ ⊔⟨⌉ ⌊⊓∇⌈⌉\ ≀{ ⌈⌉⇕≀\∫⊔∇⊣⊔⟩\} ⊒⟨⊣⊔ {≀∇⇕∫ ≀{ ⌉⊑⟩⌈⌉\⌋⌉ ⌋⟨⟩↕⌈∇⌉\ ⌈≀ ⊣\⌈ ⌈≀ \≀⊔ ⊓∫⌉⇔ ⇕⊣⊔⟨⌉⇕⊣⊔⟩⌋⊣↕ ⇕≀⌈⌉↕∫ ≀{ ⊔⟨⌉ ‖⟩\⌈ √∇≀√≀∫⌉⌈ ⟨⌉∇⌉ ∫⌉∇⊑⌉ ⊣\ ⟩⇕√≀∇⊔⊣\⊔ √⊓∇√≀∫⌉¬ ⊔⟨⌉† ∫⌉∇⊑⌉ ⊣∫ ⊔⌉∫⊔⟩\} }∇≀⊓\⌈ {≀∇ ⌉§⟩∫⊔⟩\} √∇≀√≀∫⊣↕∫⇔ ⊣\⌈ √∇≀⊑⟩⌈⌉ ⟩\∫⟩}⟨⊔∫ ⊔⟨⊣⊔ ⇕⟩}⟨⊔ \≀⊔ ⌊⌉ ⊣⊑⊣⟩↕⊣⌊↕⌉ ⊒⟩⊔⟨≀⊓⊔ ⊘∇∫⊔ ⊣⌈≀√⊔⟩\} ⊣ ⌋≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ {∇⊣⇕⌉ ≀{ ⇕⟩\⌈↙

C⟨⊣√⊔⌉∇ ▽

S⌉⇕⊣\⊔⟩⌋ C↕⊣∫∫⌉∫ ⊣\⌈ S†\⊔⊣⌋⊔⟩⌋

A⇕⌊⟩}⊓⟩⊔†

I\ ⊔⟨⟩∫ ⌋⟨⊣√⊔⌉∇⇔ I ⟩\⊑⌉∫⊔⟩}⊣⊔⌉ ⊣ ∫⌉⌋≀\⌈ ⊣√√↕⟩⌋⊣⊔⟩≀\ ≀{ ⊔⟨⌉ ⇕≀⌈⌉↕ √∇≀√≀∫⌉⌈ ⟩\ C⟨⊣√⊔⌉∇ ∋⇔ ⌉§√↕≀∇⟩\} ⊔⟨⌉ ⊓∫⌉ ≀{ ⊔⟨⌉ ⟩⇕√↕⌉⇕⌉\⊔⌉⌈ ⇕≀⌈⌉↕ ⊣∫ ⊣ ∫⊔⊣⊔⟩∫⊔⟩⌋⊣↕ ⇕⌉⊔⟨≀⌈ {≀∇ ∇⌉∫≀↕⊑⟩\} ∫†\⊔⊣⌋⊔⟩⌋ ⊣⇕⌊⟩}⊓⟩⊔† ⟩\ √∇≀⌋⌉∫∫⟩\} ⊓\⌋≀\∫⊔∇⊣⟩\⌉⌈ ⊔⌉§⊔↙ I ⊣∇}⊓⌉ ⊔⟨⊣⊔ ⊣ \⊓⇕⌊⌉∇ ≀{ ⊖⌉⊑⌉∇† ⊒⊣† ⊣⇕⌊⟩}⊓≀⊓∫⪰ ⌋≀\∫⊔∇⊓⌋⊔⟩≀\∫ � ⟩\ √⊣∇⊔⟩⌋⊓↕⊣∇⇔ √∇⌉√≀∫⟩⊔⟩≀\⊣↕ √⟨∇⊣∫⌉ ⊣⊔⊔⊣⌋⟨⇕⌉\⊔⇔ ⌋≀≀∇⌈⟩\⊣⊔⟩≀\⇔ ⊣\⌈ \≀⇕⟩\⊣↕ ⌋≀⇕√≀⊓\⌈∫ � ⌋⊣\ ⌊⌉ ∇⌉∫≀↕⊑⌉⌈ ⌊† ⊣√√⌉⊣↕⟩\} ⊔≀ ⌋≀\⌋⌉√⊔⊓⊣↕ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√∫ ∫⊓⌋⟨ ⊣∫ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ √∇⌉{⌉∇⌉\⌋⌉ ⊣\⌈ ∫⌉⇕⊣\⊔⟩⌋ ∫⟩⇕⟩↕⊣∇⟩⊔†⇔ ⊣\⌈ ⊔⟨⊣⊔ ⌋↕⊣∫∫↖⌊⊣∫⌉⌈⇔ ⟩\{≀∇⇕⊣⊔⟩≀\↖⊔⟨⌉≀∇⌉⊔⟩⌋ {≀∇⇕⊣↕⟩‡⊣⊔⟩≀\∫ ≀{ ⊔⟨⌉∫⌉ \≀⊔⟩≀\∫ √∇≀⊑⟩⌈⌉ ⊣ √∇⊣⌋⊔⟩⌋⊣↕ ⊒⊣† ⊔≀ ⌈≀ ∫≀↙

▽↙∞ O⊑⌉∇⊑⟩⌉⊒ O\⌉ ≀{ ⊔⟨⌉ ⇕≀∫⊔ √∇⌉∫∫⟩\} √∇≀⌊↕⌉⇕∫ {⊣⌋⟩\} ↕⊣∇}⌉↖∫⌋⊣↕⌉ \⊣⊔⊓∇⊣↕ ↕⊣\}⊓⊣}⌉ ⊣√√↕⟩⌋⊣⊔⟩≀\∫ ⟩∫ ⊔⟨⌉ ⌉§√↕≀∫⟩≀\ ≀{ ⊣\⊣↕†∫⌉∫ √⌉∇⇕⟩⊔⊔⌉⌈ ⌊† ⊔⟨⌉ }∇⊣⇕⇕⊣∇↙ M≀∫⊔ √⊣∇∫⌉∇∫ ⌈⌉∫⟩}\⌉⌈ ⊔≀ ⌋≀⊑⌉∇ ↕⊣∇}⌉ ∫⊓⌊∫⌉⊔∫ ≀{ E\}↕⟩∫⟨ √∇≀⌈⊓⌋⌉ ⊣\ ⊓\⌋≀⇕{≀∇⊔⊣⌊↕† ↕⊣∇}⌉ \⊓⇕⌊⌉∇ ≀{ ⊣\⊣↕†∫⌉∫ {≀∇ ⌉⊑⌉\ ∫⟩⇕√↕⌉ ∫⌉\⊔⌉\⌋⌉∫∅ {≀∇ ⌉§⊣⇕√↕⌉⇔ ⊓∫⟩\} ⊔⟨⌉ X⊔⊣} ∫†∫⊔⌉⇕ ⇐P⊣∇≀⊓⌊⌉‖⇔ S⌋⟨⊣⌊⌉∫⇔ ⊣\⌈ J≀∫⟨⟩⇔ ∞∃∃∈⇒⇔ ⊣ ∫⌉\⊔⌉\⌋⌉ ↕⟩‖⌉ ⇐∞∞̸⊣⇒ ⊒⟩↕↕ ⟨⊣⊑⌉ ≀\ ⊔⟨⌉ ≀∇⌈⌉∇ ≀{ ⊔⌉\ ⊔≀ ⊘{⊔⌉⌉\ √⊣∇∫⌉∫⇔ ⟩\⌋↕⊓⌈⟩\} ⊔⊒≀ ⊣\⊣↕†∫⌉∫ ⟩\ ⊒⟨⟩⌋⟨ M⊣§ ⇕⌉⌉⊔⟩\} E⌈ ⟩∫ ⟩\⊔⌉∇√∇⌉⊔⌉⌈ ⊣∫ ⊣ \≀⇕⟩\⊣↕ ⌋≀⇕√≀⊓\⌈↙∞ ⇐∞∞̸⇒ ⊣↙ I ∫⊣⊒ ⊔⟨⌉ √⌉∇∫≀\ ⊔⟨⊣⊔ ⊒⊣∫ ⊣\\≀†⌉⌈ ⌊† M⊣§ ⇕⌉⌉⊔⟩\} E⌈↙ ⌊↙ E⌈ ⟩⌈⌉\⊔⟩⊘⌉∫ ⟨⟩⇕∫⌉↕{ ⟩\ ⊔⌉∇⇕∫ ≀{ ⊒⟨≀ ⟨⌉≃∫ ⇕⌉⊔ ⊒⟩⊔⟨ ⊔≀⌈⊣†↙ H⌉ ⟨⊣⌈ ⊣ ⇕⌉⌉⊔⟩\} ⊒⟩⊔⟨ M⊣§ ⊔⟨⟩∫ ⇕≀∇\⟩\} ∫≀ ∇⟩}⟨⊔ \≀⊒ ⟨⌉≃∫ ⌋⊣↕↕⟩\} ⟨⟩⇕∫⌉↕{ M⊣§ ⇕⌉⌉⊔⟩\} E⌈↙ G⟩⊑⌉\ ≀\↕† ⊔⟨⌉ }∇⊣⇕⇕⊣∇⇔ ∫⊓⌋⟨ ⊣\ ⊣\⊣↕†∫⟩∫ ⟨⊣∫ ⊔≀ ⌊⌉ √⌉∇⇕⟩⊔⊔⌉⌈ ⟩\ ≀∇⌈⌉∇ ⊔≀ ⌋≀⊑⌉∇ ⌋⊣∫⌉∫ ↕⟩‖⌉ ⇐∞∞̸⌊⇒⇔ ⊒⟨⟩⌋⟨⇔ ⌋≀\⊔∇⟩⊑⌉⌈ ⊔⟨≀⊓}⟨ ⟩⊔ ⇕⊣† ⌊⌉⇔ ⟩↕↕⊓∫⊔∇⊣⊔⌉∫ ⊣ √≀∫∫⟩⌊↕⌉ ⊒⊣† ⟩\ ⊒⟨⟩⌋⟨ M⊣§ ⇕⌉⌉⊔⟩\} E⌈ ⌋≀⊓↕⌈ ⌊⌉ ⟩\⊔⌉∇√∇⌉⊔⌉⌈ ⊣∫ ⊣ ⌋≀⇕√≀⊓\⌈ ≀{ ⊔⟨∇⌉⌉ \≀⊓\∫↙ C⟨⊓∇⌋⟨ ⊣\⌈ P⊣⊔⟩↕ ⇐∞∃∀∈⇒ √≀⟩\⊔ ≀⊓⊔ ⊔⟨⊣⊔ √⌉∇{⌉⌋⊔↕† \⊣⊔⊓∇⊣↕ ∫⌉\⊔⌉\⌋⌉∫ ⌋⊣\ †⟩⌉↕⌈ ⊖⟨⊓\⌈∇⌉⌈∫⇔ √⌉∇⟨⊣√∫ ⊔⟨≀⊓∫⊣\⌈∫⪰ ≀{ √⊣∇∫⌉ ⊔∇⌉⌉∫↙ F⊓∇⊔⟨⌉∇⇕≀∇⌉⇔ ⊔⟨⌉† ∫⟨≀⊒ ⊔⟨⊣⊔ ⊔⟨⌉ ⇕≀∫⊔ ∫⌉∇⟩≀⊓∫ ⊣⇕⌊⟩}⊓⟩⊔† √∇≀⌊↕⌉⇕∫ ⊣∇⌉ ⊣∫∫≀⌋⟩⊣⊔⌉⌈ ⊒⟩⊔⟨ ∫≀⇕⌉ ≀{ ⊔⟨⌉ ⇕≀∫⊔ √⌉∇⊑⊣∫⟩⊑⌉ ⌋≀\∫⊔∇⊓⌋⊔⟩≀\∫ ⟩\ \⊣⊔⊓∇⊣↕ ↕⊣\}⊓⊣}⌉⇔ ⟩\⌋↕⊓⌈⟩\} ⌋≀≀∇⌈⟩\⊣⊔⟩≀\∫⇔ √∇⌉√≀∫⟩⊔⟩≀\⊣↕ √⟨∇⊣∫⌉ ⊣⊔⊔⊣⌋⟨⇕⌉\⊔⇔ ⊣\⌈ \≀⇕⟩\⊣↕ ⌋≀⇕√≀⊓\⌈∫↙ ∞T⟨⟩∫ ⟩∫ ⊔∇⊓⌉ ⌉⊑⌉\ ⊒⟨⌉\ √⊣∇⊔↖≀{↖∫√⌉⌉⌋⟨ ⊔⊣}}⟩\} ⟩∫ ⌈≀\⌉ ⊘∇∫⊔⇔ ∫⟩\⌋⌉ ⊔⟨⌉∇⌉ ⟩∫ ⊣ ∫⊔∇≀\} ⊔⌉\⌈⌉\⌋† ⊔≀ √∇⌉{⌉∇ \≀⊓\ ∇⊣⊔⟨⌉∇ ⊔⟨⊣\ ⊑⌉∇⌊ ⊔⊣}∫ {≀∇ }⌉∇⊓\⌈∫↙ I ⊣⇕ }∇⊣⊔⌉{⊓↕ ⊔≀ B⌉⊔⟨ A\\⌉ H≀⌋‖⌉† ⊣\⌈ C⟨∇⟩∫⊔† D≀∇⊣\ {≀∇ √≀⟩\⊔⟩\} ≀⊓⊔ ⊔⟨⟩∫ ⌉§⊣⇕√↕⌉↙ ∞′∋

∞′△ C⟨⊓∇⌋⟨ ⊣\⌈ P⊣⊔⟩↕ ∫⊓}}⌉∫⊔ ⊔⟨⊣⊔ ⊓\⊔⟩↕ ⟩⊔ ⟨⊣∫ ⇕≀∇⌉ ⊓∫⌉{⊓↕ ⌋≀\∫⊔∇⊣⟩\⊔∫ ⊔≀ ∇⌉∫≀↕⊑⌉ ⊣⇕⌊⟩}⊓⟩⊔⟩⌉∫⇔ ⊣ √⊣∇∫⌉∇ ⌋⊣\ ⌈≀ ↕⟩⊔⊔↕⌉ ⌊⌉⊔⊔⌉∇ ⊔⟨⊣\ ⊔≀ ⌉{⊘⌋⟩⌉\⊔↕† ∇⌉⌋≀∇⌈ ⊣↕↕ ⊔⟨⌉ √≀∫∫⟩⌊↕⌉ ⊣⊔⊔⊣⌋⟨⇕⌉\⊔∫ ⊣\⌈ ⇕≀⊑⌉ ≀\↙ A⌋∐⊓⟩∇⟩\} ∫⊓⌋⟨ ⌋≀\∫⊔∇⊣⟩\⊔∫ ⊣\⌈ ⊓∫⟩\} ⊔⟨⌉⇕ ⟩∫ ⊔⟨⌉ ∫⊓⌊|⌉⌋⊔ ≀{ ⊔⟨⟩∫ ⌋⟨⊣√⊔⌉∇¬ I ⊣∇}⊓⌉ ⊔⟨⊣⊔ ∫†\⊔⊣⌋⊔⟩⌋ ⌋⟨≀⟩⌋⌉∫ ⌋⊣\ ⊔≀ ⊣ }∇⌉⊣⊔ ⌉§⊔⌉\⊔ ⌊⌉ ⌋≀\∫⊔∇⊣⟩\⌉⌈ ⌊† ∫⊓⌋⟨ ∫⌉⇕⊣\⊔⟩⌋∝⌋≀\⌋⌉√⊔⊓⊣↕ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√∫ ⊣∫ ↕⌉§⟩⌋⊣↕ ⇐∫⌉↕⌉⌋⊔⟩≀\⊣↕⇒ √∇⌉{⌉∇⌉\⌋⌉ ⊣\⌈ ∫⌉⇕⊣\⊔⟩⌋ ∫⟩⇕⟩↕⊣∇⟩⊔†↙ I ∫⊓⌊∫⊔⊣\⊔⟩⊣⊔⌉ ⊔⟨⌉ ⌋↕⊣⟩⇕ ⌊† ∫⟨≀⊒⟩\} ⊔⟨⊣⊔ ⌋↕⊣∫∫↖⌊⊣∫⌉⌈⇔ ⟩\{≀∇⇕⊣⊔⟩≀\↖⊔⟨⌉≀∇⌉⊔⟩⌋ {≀∇⇕⊣↕⟩‡⊣⊔⟩≀\∫ ≀{ ⊔⟨⌉∫⌉ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√∫ ⟨⌉↕√ ⟩\ ⇕⊣‖⟩\} ⊣⌋⌋⊓∇⊣⊔⌉ ⌈⟩∫⊣⇕⌊⟩}⊓⊣⊔⟩≀\ ⌈⌉⌋⟩∫⟩≀\∫↙ T⟨⌉ ⌋⟨⊣√⊔⌉∇ ⟩∫ ∫⊔∇⊓⌋⊔⊓∇⌉⌈ ⊣∫ {≀↕↕≀⊒∫¬ I ⌊⌉}⟩\ ⟩\ S⌉⌋⊔⟩≀\ ▽↙∈ ⊒⟩⊔⟨ ⊣ ⌊∇⟩⌉{ ∫⊓⇕⇕⊣∇† ≀{ ⊔⟨⌉ ⇕⊣|≀∇ {⊣⇕⟩↕⟩⌉∫ ≀{ ∫⊔∇⊣⊔⌉}⟩⌉∫ ⊔⟨⊣⊔ ⟨⊣⊑⌉ ⌊⌉⌉\ √∇≀√≀∫⌉⌈ {≀∇ ∇⌉∫≀↕⊑⟩\} ∫†\⊔⊣⌋⊔⟩⌋ ⊣⇕⌊⟩}⊓⟩⊔†↙ I\ S⌉⌋⊔⟩≀\ ▽↙∋⇔ I ⌋≀\∫⟩⌈⌉∇ ⊣ √⊣∇⊔⟩⌋⊓↕⊣∇ ⟩\∫⊔⊣\⌋⌉ ≀{ ∫†\⊔⊣⌋⊔⟩⌋ ⊣⇕⌊⟩}⊓⟩⊔† ⟩\⊑≀↕⊑⟩\} ⌋≀≀∇⌈⟩\⊣⊔⟩≀\ ⊣\⌈ \≀⇕⟩\⊣↕ ⌋≀⇕√≀⊓\⌈∫⇔ ⌈⌉⊑⌉↕≀√⟩\} ⊣ ⌋≀↕↕⌉⌋⊔⟩≀\ ≀{ ⌈⟩∫⊣⇕⌊⟩}⊓⊣⊔⟩≀\ ∫⊔∇⊣⊔⌉}⟩⌉∫ ⊔⟨⊣⊔ ⊔⊣‖⌉ ⊣⌈⊑⊣\⊔⊣}⌉ ≀{ ⌈⟩{{⌉∇⌉\⊔ ⌋⊓⌉∫ ⊔≀ ⊔⟨⌉ ⌋≀∇∇⌉⌋⊔ ∫⊔∇⊓⌋⊔⊓∇⌉↙ T⟨⌉ ∫⊔∇⊣⊔⌉}⟩⌉∫ ⊣∇⌉ ⌉⊑⊣↕⊓⊣⊔⌉⌈ ⟩\ ⊣ ⌈⟩∫⊣⇕⌊⟩}⊓⊣⊔⟩≀\ ⌉§√⌉∇⟩⇕⌉\⊔ ⊓∫⟩\} ⊔∇⊣⟩\⟩\} ⊣\⌈ ⊔⌉∫⊔ ⇕⊣⊔⌉∇⟩⊣↕ {∇≀⇕ ⊔⟨⌉ P⌉\\ T∇⌉⌉⌊⊣\‖↙ I\ S⌉⌋⊔⟩≀\ ▽↙△⇔ I ⊔⊣‖⌉ ⊣ ∫⟩⇕⟩↕⊣∇ ⊣√√∇≀⊣⌋⟨ ⊔≀ ⊔⟨⌉ √∇≀⌊↕⌉⇕ ≀{ √∇⌉√≀∫⟩⊔⟩≀\⊣↕ √⟨∇⊣∫⌉ ⊣⊔⊔⊣⌋⟨⇕⌉\⊔ ⊣⇕⌊⟩}⊓⟩⊔†⇔ ⌉⊑⊣↕⊓⊣⊔⟩\} ⊔⟨⌉ ∇⌉∫⊓↕⊔∫ ⟩\ ⊣ ⌋≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ ⌉§√⌉∇⟩⇕⌉\⊔ ⊣\⌈ ⌋≀⇕√⊣∇⟩\} ⊔⟨⌉ ⇕⌉⊔⟨≀⌈ ⊔≀ ≀⊔⟨⌉∇ ∫⟩⇕⟩↕⊣∇ ⇕⌉⊔⟨≀⌈∫ ⊔⟨⊣⊔ ⟨⊣⊑⌉ ⌊⌉⌉\ √∇≀√≀∫⌉⌈↙∈ F⟩\⊣↕↕†⇔ ⟩\ S⌉⌋⊔⟩≀\ ▽↙▽⇔ I ⌊∇⟩⌉⊙† ⌋≀\∫⟩⌈⌉∇ ⟨≀⊒ ⊔⌉⌋⟨\⟩∐⊓⌉∫ ≀{ ⊔⟨⟩∫ ‖⟩\⌈ ⇕⟩}⟨⊔ ⌊⌉ ⊣√√↕⟩⌉⌈ ⊔≀ ⊔⟨⌉ √∇≀⌊↕⌉⇕ ≀{ ⌈⟩∫⊣⇕⌊⟩}⊓⊣⊔⟩\} \≀⇕⟩\⊣↕ ⌋≀⇕√≀⊓\⌈∫↙

▽↙∈ P⊣∇∫⟩\} P∇⌉{⌉∇⌉\⌋⌉ S⊔∇⊣⊔⌉}⟩⌉∫ T⟨⌉∇⌉ ⟩∫ ⊣ ↕≀\} ⟨⟩∫⊔≀∇† ≀{ ∇⌉∫⌉⊣∇⌋⟨ ≀\ ⊔⟨⌉ ⊓∫⌉ ≀{ √⊣∇∫⌉ √∇⌉{⌉∇⌉\⌋⌉ ∫⊔∇⊣⊔⌉}⟩⌉∫ {≀∇ ∇⌉∫≀↕⊑⟩\} ∫†\⊔⊣⌋⊔⟩⌋ ⊣⇕⌊⟩}⊓⟩⊔†⇔ ⊣ ↕⟩⊔⌉∇⊣⊔⊓∇⌉ ⊔≀≀ ↕⊣∇}⌉ ⊔≀ ∇⌉⊑⟩⌉⊒ ⟨⌉∇⌉↙ T⟨⌉ ⇕⊣|≀∇ ⊣√√∇≀⊣⌋⟨⌉∫ ⌋⊣\ ⌊∇⟩⌉⊙† ⌊⌉ ∫⊓⇕⇕⊣∇⟩‡⌉⌈ ⊣∫ {≀↕↕≀⊒∫¬ • S⊔∇⊓⌋⊔⊓∇⊣↕ ∫⊔∇⊣⊔⌉}⟩⌉∫↙ T⟨⌉ ↕⟩⊔⌉∇⊣⊔⊓∇⌉ ≀\ √⊣∇∫⟩\} ⟩\⌋↕⊓⌈⌉∫ ⊣ \⊓⇕⌊⌉∇ ≀{ ∫⊔∇⊣⊔⌉}⟩⌉∫ ⌊⊣∫⌉⌈ ≀\ ∫†\⊔⊣⌋⊔⟩⌋ ∫⊔∇⊓⌋⊔⊓∇⌉ ⊔⟨⊣⊔ ⟨⊣⊑⌉ ⌊⌉⌉\ ⊣∇}⊓⌉⌈ ⊔≀ ⊣⌋⌋≀⊓\⊔ {≀∇ ⟨⊓⇕⊣\ √⌉∇{≀∇⇕⊣\⌋⌉ � ⊣\⌈ ⟨⊓⇕⊣\ ⌉∇∇≀∇∫ � ≀\ ⊑⊣∇⟩≀⊓∫ {≀∇⇕∫ ≀{ ⊣⇕⌊⟩}⊓⟩⊔†↙ A⇕≀\} ⊔⟨⌉ ⇕≀∫⊔ {∇⌉∐⊓⌉\⊔↕† ⌋⟩⊔⌉⌈ ⊣∇⌉ ∇⟩}⟨⊔ ⊣∫∫≀⌋⟩⊣⊔⟩≀\ ⇐K⟩⇕⌊⊣↕↕⇔ ∞∃∋⇒⇔ ⊣ √∇⌉{⌉∇⌉\⌋⌉ {≀∇ ⌋≀\∫⊔⟩⊔⊓⌉\⊔∫ ⊔≀ ⊣⊔⊔⊣⌋⟨ ⊔≀ ⊔⟨⌉ ↕≀⊒⌉∫⊔ \≀⌈⌉ ⊔≀ ⊔⟨⌉ ∇⟩}⟨⊔ ⟩\ ⊔⟨⌉ √⊣∇⊔⟩⊣↕ √⊣∇∫⌉ ⊔∇⌉⌉⇔ ⊣\⌈ ⇕⟩\⟩⇕⊣↕ ⊣⊔⊔⊣⌋⟨⇕⌉\⊔ ⇐F∇⊣‡⟩⌉∇⇔ ∞∃∃⇒⇔ ⊣ √∇⌉{⌉∇⌉\⌋⌉ {≀∇ ⌋⟨≀≀∫⟩\} ⊔⟨⌉ ⊣⊔⊔⊣⌋⟨⇕⌉\⊔ ⊔⟨⊣⊔ ⊒≀⊓↕⌈ ∇⌉∫⊓↕⊔ ⟩\ ⊣ √⊣∇∫⌉ ⊔∇⌉⌉ ⊒⟩⊔⟨ ⊔⟨⌉ {⌉⊒⌉∫⊔ \≀⌈⌉∫↙ C∇⊓⌋⟩⊣↕↕†⇔ ∫⊓⌋⟨ ∫⊔∇⊣⊔⌉}⟩⌉∫ ⌈⌉√⌉\⌈ ≀\↕† ≀\ ⌋≀\⊘}⊓∇⊣⊔⟩≀\∫ ⊒⟩⊔⟨⟩\ √⊣∇∫⌉ ⊔∇⌉⌉∫⇔ ⊣\⌈ \≀⊔ ≀\ ⌉§⊔∇⊣↖∫†\⊔⊣⌋⊔⟩⌋ {⊣⌋⊔≀∇∫ ≀∇ ⌉⊑⌉\ ⊔⟨⌉ ⟩⌈⌉\⊔⟩⊔† ≀{ ⊔⟨⌉ ↕⌉§⟩⌋⊣↕ ⟩⊔⌉⇕∫ ⟩\⊑≀↕⊑⌉⌈↙ • R⌉{⌉∇⌉\⊔⟩⊣↕ ∫⊔∇⊣⊔⌉}⟩⌉∫↙ M⊣∇‖ S⊔⌉⌉⌈⇕⊣\ ⊣\⌈ ⌋≀↕↕⌉⊣}⊓⌉∫ ⇐C∇⊣⟩\ ⊣\⌈ S⊔⌉⌉⌈⇕⊣\⇔ ∞∃∀▽∅ A↕⊔⇕⊣\\ ⊣\⌈ S⊔⌉⌉⌈⇕⊣\⇔ ∞∃∀∀⇒ ⟨⊣⊑⌉ ⌈⌉⇕≀\∫⊔∇⊣⊔⌉⌈ ⌉{{⌉⌋⊔∫ ≀{ ∇⌉{⌉∇⌉\⊔⟩⊣↕ ⌋≀\⊔⌉§⊔ ≀\ ⟨⊓⇕⊣\ √⌉∇{≀∇⇕⊣\⌋⌉ ⟩\ ∇⌉∫≀↕⊑⟩\} ∫†\⊔⊣⌋⊔⟩⌋ ⊣⇕⌊⟩}⊓⟩⊔⟩⌉∫↙ T⟨⌉† ∫⟨≀⊒ ⊔⟨⊣⊔ ∫⌉\⊔⌉\⌋⌉∫ ⊓∫⊓⊣↕↕† ⟩\⌈⊓⌋⟩\} }⊣∇⌈⌉\↖√⊣⊔⟨ ⌉{{⌉⌋⊔∫ ⌋⊣\ ≀{⊔⌉\ ⌊⌉ ⟩\⊔⌉∇√∇⌉⊔⌉⌈ \⊣⊔⊓∇⊣↕↕† ⟩\ ⌋≀\⊔⌉§⊔∫ ∫⊓√√≀∇⊔⟩\} ⊔⟨⌉ \≀\↖≀⌊⊑⟩≀⊓∫ ∇⌉⊣⌈⟩\}⇔ ⊣\⌈ ⊔⟨⊣⊔ ∫⌉\⊔⌉\⌋⌉∫ ⊓∫⊓⊣↕↕† ⟩\⊔⌉∇√∇⌉⊔⌉⌈ ⊒⟩⊔⟨≀⊓⊔ ⌈⟩{⊘⌋⊓↕⊔† ⌋⊣\ ⌊⌉ ⊔⊓∇\⌉⌈ ⟩\⊔≀ }⊣∇⌈⌉\ √⊣⊔⟨∫ ⌊† ⊣√√∇≀√∇⟩⊣⊔⌉ ⇕⊣\⟩√⊓↕⊣⊔⟩≀\∫ ≀{ ⌋≀\⊔⌉§⊔↙ F≀∇ ⌉§⊣⇕√↕⌉⇔ ⊔⟨⌉ ⌋≀\⊔⌉§⊔ ∫⌉⊔ ⊓√ ⌊† ⇐∞∉⊣⇒ ⟨⌉↕√∫ ≀⊑⌉∇∇⟩⌈⌉ ⊔⟨⌉ ⊔⟨⌉ ⊓∫⊓⊣↕ }⊣∇⌈⌉\↖√⊣⊔⟨ ⌉{{⌉⌋⊔ ⌋∇⌉⊣⊔⌉⌈ ⌊† ⇐∞∉⌊⇒↙ ⇐∞∉⇒ ⊣↙ T⊒≀ ⇕⌉\ ≀\ ⟨≀∇∫⌉⌊⊣⌋‖ ⌈⌉⌋⟩⌈⌉⌈ ⊔≀ ⟨⊣⊑⌉ ⊣ ∇⊣⌋⌉↙ O\⌉ ⇕⊣\ ⊔≀≀‖ ⟨⟩∫ ⟨≀∇∫⌉ ⊔⟨∇≀⊓}⟨ ⊔⟨⌉ ⇕⌉⊣⌈≀⊒⇔ ⊣\⌈ ⊔⟨⌉ ≀⊔⟨⌉∇ ⌋⟨≀∫⌉ ⊣ ∫⟨≀∇⊔⌉∇ ∇≀⊓⊔⌉ \⌉⊣∇ ⊔⟨⌉ ⌊⊣∇\↙ ⌊↙ T⟨⌉ ⟨≀∇∫⌉ ∇⊣⌋⌉⌈ √⊣∫⊔ ⊔⟨⌉ ⌊⊣∇\ {⌉↕↕↙ • L⌉§⟩⌋⊣↕ √∇⌉{⌉∇⌉\⌋⌉ ∫⊔∇⊣⊔⌉}⟩⌉∫↙ L⌉§⟩⌋⊣↕ ⟩⊔⌉⇕∫ ≀{⊔⌉\ ⟨⊣⊑⌉ ⊔†√⟩⌋⊣↕ ‖⟩\⌈∫ ≀{ √⟨∇⊣∫⌉∫ ⊒⟩⊔⟨ ⊒⟨⟩⌋⟨ ⊔⟨⌉† ⊣∫∫≀⌋⟩⊣⊔⌉ � {≀∇ ⌉§⊣⇕√↕⌉⇔ ⊔⟨⌉ {≀↕↕≀⊒⟩\} ⌈⟩⌋⊔⟩≀\⊣∇† ⌉\⊔∇⟩⌉∫ ⟩↕↕⊓∫⊔∇⊣⊔⌉ ⊣ ↕⌉§⟩⌋⊣↕ ⊣∫∫≀⌋⟩⊣⊔⟩≀\ ⌊⌉⊔⊒⌉⌉\ ⊔⟨⌉ ∈T⟨⌉ ⊒≀∇‖ ⟩\ ⊔⟨⟩∫ ⌋⟨⊣√⊔⌉∇ ≀\ √∇⌉√≀∫⟩⊔⟩≀\⊣↕ √⟨∇⊣∫⌉ ⊣⊔⊔⊣⌋⟨⇕⌉\⊔ ⊒⊣∫ ⌈≀\⌉ ⟩\ ⌋≀↕↕⊣⌊≀∇⊣⊔⟩≀\ ⊒⟩⊔⟨ M⊣∇⊔⟩ H⌉⊣∇∫⊔↙

∞′▽ ⊑⌉∇⌊ ⊣∫‖ ⊣\⌈ √∇⌉√≀∫⟩⊔⟩≀\⊣↕ √⟨∇⊣∫⌉∫ ⟩\⊑≀↕⊑⟩\} ≀{ ≀∇ {≀∇⇔ ⌊⌉⊔⊒⌉⌉\ √⊓⊔ ⊣\⌈ ↕≀⌋⊣⊔⟩⊑⌉ √∇⌉√≀∫⟩⊔⟩≀\⊣↕ √⟨∇⊣∫⌉∫⇔ ⊣\⌈ ⌊⌉⊔⊒⌉⌉\ ⊒⟩\ ⊣\⌈ √∇⌉√≀∫⟩⊔⟩≀\⊣↕ √⟨∇⊣∫⌉∫ ⟩\⊑≀↕⊑⟩\} {≀∇↙ ⊣∫‖¬ T≀ ∇⌉∐⊓⌉∫⊔ ≀{ ≀∇ {≀∇∅ ∫≀↕⟩⌋⟩⊔↙ √⊓⊔¬ T≀ √↕⊣⌋⌉ ⟩\ ⊣ ∫√⌉⌋⟩⊘⌉⌈ ↕≀⌋⊣⊔⟩≀\∅ ∫⌉⊔↙ ⊒⟩\¬ T≀ ∇⌉⌋⌉⟩⊑⌉ ⊣∫ ⊣ ∇⌉⊒⊣∇⌈ {≀∇ √⌉∇{≀∇⇕⊣\⌋⌉↙ L⌉§⟩⌋⊣↕ √∇⌉{⌉∇⌉\⌋⌉∫ ≀{ ⊔⟨⟩∫ ‖⟩\⌈ ⌋⊣\ ⌊⌉ ⊓∫⌉⌈ ⟩\ ∇⌉∫≀↕⊑⟩\} ⊣⇕⌊⟩}⊓≀⊓∫ ⊣⊔⊔⊣⌋⟨⇕⌉\⊔∫⇔ ⌊† ⌋⟨≀≀∫⟩\} ⊔≀ ⊣⊔⊔⊣⌋⟨ ⊣ ⌋≀\∫⊔⟩⊔⊓⌉\⊔ ⊣⊔ ⊔⟨⌉ ∫⟩⊔⌉ ⊒⟨⌉∇⌉ √∇⌉{⌉∇⌉\⌋⌉∫ ⊣∇⌉ ⌊⌉∫⊔ ∫⊣⊔⟩∫⊘⌉⌈↙ A√√∇≀⊣⌋⟨⌉∫ ⊣↕≀\} ⊔⟨⌉∫⌉ ↕⟩\⌉∫ ⟨⊣⊑⌉ ⌊⌉⌉\ ∫⊓}}⌉∫⊔⌉⌈ ⌊† ⇐F≀∇⌈⇔ B∇⌉∫\⊣\⇔ ⊣\⌈ K⊣√↕⊣\⇔ ∞∃∀∈∅ W⟩↕‖∫⇔ H⊓⊣\}⇔ ⊣\⌈ F⊣∫∫⇔ ∞∃∀▽∅ D⊣⟨↕}∇⌉\ ⊣\⌈ M⌋D≀⊒⌉↕↕⇔ ∞∃∀∅̸ J⌉\∫⌉\ ⊣\⌈ B⟩\≀⊔⇔ ∞∃∀⇒↙ A\ ⌉⇕√⟩∇⟩⌋⊣↕ ∫⊔⊓⌈† ≀{ ⊔⟨⌉∫⌉ ∫⊔∇⊣⊔⌉}⟩⌉∫ ⌊† ⇐W⟨⟩⊔⊔⌉⇕≀∇⌉⇔ F⌉∇∇⊣∇⊣⇔ ⊣\⌈ B∇⊓\\⌉∇⇔ ∞∃∃′⇒ ∫⟨≀⊒∫ ⊔⟨⊣⊔ ↕⌉§⟩⌋⊣↕ √∇⌉{⌉∇⌉\⌋⌉ √↕⊣†∫ ⊣ √∇⌉⌈≀⇕⟩\⊣\⊔ ∇≀↕⌉ ⟩\ √∇⌉⌈⟩⌋⊔⟩\} √∇⌉√≀∫⟩⊔⟩≀\⊣↕ √⟨∇⊣∫⌉ ⊣⊔⊔⊣⌋⟨⇕⌉\⊔∫¬ ⊔⟨⌉† ≀⌊∫⌉∇⊑⌉ ⊔⟨⊣⊔ ⟩\ \⊣⊔⊓∇⊣↕↕†↖≀⌋⌋⊓∇∇⟩\} ⌈⊣⊔⊣⇔ ↕⌉§⟩⌋⊣↕ √∇⌉{⌉∇⌉\⌋⌉∫ ⇐⌉↙}↙⇔ ⊣∇∇⟩⊑⌉ ⊣⊔⇔ ⊙⟩}⟨⊔ ⊔≀⇒ √∇≀⊑⟩⌈⌉ ⇕≀∇⌉ ∇⌉↕⟩⊣⌊↕⌉ ⊣⊔⊔⊣⌋⟨⇕⌉\⊔ √∇⌉⌈⟩⌋⊔⟩≀\∫ ⊔⟨⊣\ ∫⊔∇⊓⌋⊔⊓∇⊣↕ ∫⊔∇⊣⊔⌉}⟩⌉∫⇔ ⊔⟨≀⊓}⟨ ∇⌉{⌉∇⌉\⊔⟩⊣↕ ∫⊓⌋⌋⌉∫∫ ⟩∫ ⊣↕∫≀ ⊣ ⌋≀\⊔∇⟩⌊⊓⊔⟩\} {⊣⌋⊔≀∇↙ U\{≀∇⊔⊓\⊣⊔⌉↕†⇔ ⟩⊔ ∫⌉⌉⇕∫ ⌋↕⌉⊣∇ ⊔⟨⊣⊔⇔ ≀⊓⊔∫⟩⌈⌉ ≀{ ∇⌉∫⊔∇⟩⌋⊔⌉⌈ ⌈≀⇕⊣⟩\∫⇔ ⟨⊣\⌈↖⌉\⌋≀⌈⟩\} ≀{ √∇⌉{⌉∇⌉\⌋⌉ ∇⊓↕⌉∫ ⊒⟩↕↕ \≀⊔ ∫⊓{⊘⌋⌉ {≀∇ ⊓\⌋≀\∫⊔∇⊣⟩\⌉⌈ ⊔⌉§⊔↙ I\{≀∇⇕⊣⊔⟩≀\ }↕⌉⊣\⌉⌈ {∇≀⇕ ⌈⟩⌋⊔⟩≀\⊣∇⟩⌉∫ ⇕⊣† √∇≀⊑⟩⌈⌉ ⊣ ∫≀↕⊓⊔⟩≀\⇔ ⌊⊓⊔ ⊔⟨⌉ √∇≀⌊↕⌉⇕ ≀{ ⟨≀⊒ ⊔≀ ⊒⌉⟩}⟨⊔ ⊣\⌈ ⌋≀⇕⌊⟩\⌉ √∇⌉{⌉∇⌉\⌋⌉∫ ∇⌉⇕⊣⟩\∫ ⊓\∫≀↕⊑⌉⌈↙ A ⇕≀∇⌉ √∇⊣⌋⊔⟩⌋⊣↕ ⊣↕⊔⌉∇\⊣⊔⟩⊑⌉ ⇕⊣† ⌊⌉ ⊔⟨⌉ ⊣⊓⊔≀⇕⊣⊔⌉⌈ ⊣⌋∐⊓⟩∫⟩⊔⟩≀\ ≀{ ↕⌉§⟩⌋⊣↕ √∇⌉{⌉∇⌉\⌋⌉ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√∫ ⊓∫⟩\} ↕⊣∇}⌉ ⌋≀∇√≀∇⊣⇔ ⊣ ⊔≀√⟩⌋ ⟩\⊑⌉∫⊔⟩}⊣⊔⌉⌈ ⌊† ⇐H⟩\⌈↕⌉ ⊣\⌈ R≀≀⊔⟨⇔ ∞∃∃∞∅ H⟩\⌈↕⌉ ⊣\⌈ R≀≀⊔⟨⇔ ∞∃∃∋∅ W⌉⟩∫⌋⟨⌉⌈⌉↕ ⌉⊔ ⊣↕↙⇔ ∞∃∀∃∅ W⌉⟩∫⌋⟨⌉⌈⌉↕ ⌉⊔ ⊣↕↙⇔ ∞∃∃∞∅ B⊣∫⟩↕⟩⇔ P⊣‡⟩⌉\‡⊣⇔ ⊣\⌈ V⌉↕⊣∇⌈⟩⇔ ∞∃∃∞∅ G∇⟩∫⟨⇕⊣\ ⊣\⌈ S⊔⌉∇↕⟩\}⇔ ∞∃∃∈⇒↙ C≀⇕⇕≀\ ⊔≀ ⊔⟨⌉∫⌉ ⊣⌋∐⊓⟩∫⟩⊔⟩≀\ ⇕⌉⊔⟨≀⌈∫ ⟩∫ ⊔⟨⌉ ⊓∫⌉ ≀{ ⊣ ∇≀⌊⊓∫⊔ ∫†\⊔⊣⌋⊔⟩⌋ ⊣\⊣↕†‡⌉∇ ⊔≀ ≀⌊⊔⊣⟩\ ↕⌉§⟩⌋⊣↕ ⌋≀↖≀⌋⌋⊓∇∇⌉\⌋⌉∫ ≀{ ⟩\⊔⌉∇⌉∫⊔⇔ ⊔≀}⌉⊔⟨⌉∇ ⊒⟩⊔⟨ ∫≀⇕⌉ ∐⊓⊣\⊔⟩⊔⊣⊔⟩⊑⌉ ⇕⌉⊣∫⊓∇⌉ ≀{ ⊣∫∫≀⌋⟩⊣⊔⟩≀\↙ S⌉⊑⌉∇⊣↕ ≀{ ⊔⟨⌉∫⌉ ⟩\⊑⌉∫⊔⟩}⊣⊔⟩≀\∫ ⟨⊣⊑⌉ ⊣↕∫≀ ⇕⊣⌈⌉ ⊓∫⌉ ≀{ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√∫ ⌊⊣∫⌉⌈ ≀\ ∫⌉⇕⊣\⊔⟩⌋ ⊒≀∇⌈ ⌋↕⊣∫∫⌉∫↙ S⟩\⌋⌉ ⇕⊣\† ≀{ ⊔⟨⌉∫⌉ ⊣√√∇≀⊣⌋⟨⌉∫ ⟨⊣⊑⌉ ⌊⌉⌉\ ⊣√√↕⟩⌉⌈ ⊔≀ ⊔⟨⌉ √∇≀⌊↕⌉⇕ ≀{ √∇⌉√≀∫⟩⊔⟩≀\⊣↕ √⟨∇⊣∫⌉ ⊣⊔⊔⊣⌋⟨⇕⌉\⊔⇔ I ⊒⟩↕↕ ⌈⌉{⌉∇ ⊣ ⇕≀∇⌉ ⌈⌉⊔⊣⟩↕⌉⌈ ⌈⟩∫⌋⊓∫∫⟩≀\ ⊓\⊔⟩↕ ⊔⟨⌉ ⌉\⌈ ≀{ S⌉⌋⊔⟩≀\ ▽↙△↙

▽↙∋ C≀≀∇⌈⟩\⊣⊔⟩≀\ ▽↙∋↙∞ C⊓⌉∫ ⊔≀ ⊔⟨⌉ ⌋≀∇∇⌉⌋⊔ ⊣\⊣↕†∫⟩∫ C≀≀∇⌈⟩\⊣⊔⟩≀\⟩∫ ≀\⌉ ≀{ ⊔⟨⌉ ⇕≀∫⊔ {∇⌉∐⊓⌉\⊔↕† ≀⌋⌋⊓∇∇⟩\} √⟨⌉\≀⇕⌉\⊣ ⟩\ \⊣⊔⊓∇⊣↕ ⊔⌉§⊔⇔ ⊣\⌈ ⊣⇕⌊⟩}⊓≀⊓∫ ⌋≀≀∇⌈⟩\⊣⊔⟩≀\∫ ⊣∇⌉ ⊣ ⌋≀⇕⇕≀\ ∫≀⊓∇⌋⌉ ≀{ √⊣∇∫⟩\} ⌈⟩{⊘⌋⊓↕⊔†↙ I\ ⊔⟨⟩∫ ∫⊔⊓⌈†⇔ I ⟩\⊑⌉∫⊔⟩}⊣⊔⌉⌈ ⊣ √⊣∇⊔⟩⌋⊓↕⊣∇ ∫⊓⌊∫⌉⊔ ≀{ ⌋≀≀∇⌈⟩\⊣⊔⟩≀\∫⇔ \≀⊓\ √⟨∇⊣∫⌉ ⌋≀\|⊓\⌋⊔⟩≀\∫ ≀{ ⊔⟨⌉ {≀∇⇕ \≀⊓\∞ ⊣\⌈ \≀⊓\∈ \≀⊓\∋↙∋ E§⊣⇕√↕⌉∫ ≀{ ⊔⟨⌉∫⌉ ⟩\⌋↕⊓⌈⌉ ⊔⟨⌉ {≀↕↕≀⊒⟩\}¬ ⇐∞∌⇒ ⊣↙ ⊣ ⇐⌊⊣\‖ ⊣\⌈ ⊒⊣∇⌉⟨≀⊓∫⌉⇒ }⊓⊣∇⌈ ⌊↙ ⊣ ⇐√≀↕⟩⌋⌉⇕⊣\⇒ ⊣\⌈ ⇐√⊣∇‖ }⊓⊣∇⌈⇒ ⇐∞△̸⇒ ⊣↙ J≀⟨\ ⟩∫ ⊣ ⇐⌊⊓∫⟩\⌉∫∫ ⊣\⌈ ⇕⊣∇‖⌉⊔⟩\}⇒ ⇕⊣|≀∇ ⌊↙ J≀⟨\ ⟩∫ ⊣\ ⇐⊣⊔⟨↕⌉⊔⌉⇒ ⊣\⌈ ⇐⌉⌋≀\≀⇕⟩⌋∫ ⇕⊣|≀∇⇒ S⊓⌋⟨ ∫⊔∇⊓⌋⊔⊓∇⌉∫ ⊣⌈⇕⟩⊔ ⊔⊒≀ ⊣\⊣↕†∫⌉∫⇔ ≀\⌉ ⟩\ ⊒⟨⟩⌋⟨ \≀⊓\∞ ⊣\⌈ \≀⊓\∈ ⊣∇⌉ ⊔⟨⌉ ⊔⊒≀ ⟨⌉⊣⌈∫ ⌊⌉⟩\} ⌋≀\|≀⟩\⌉⌈ ⇐∞∌⊣⇒ ⊣\⌈ ≀\⌉ ⟩\ ⊒⟨⟩⌋⟨ ⊔⟨⌉ ⌋≀\|≀⟩\⌉⌈ ⟨⌉⊣⌈∫ ⊣∇⌉ \≀⊓\∞ ⊣\⌈ \≀⊓\∋ ⇐∞∌⌊⇒↙ A \⊣⊔⊓∇⊣↕ ↕⊣\}⊓⊣}⌉ ∫†∫⊔⌉⇕ ⊔⟨⊣⊔ ∋A↕↕ ⌋≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ ⌉§√⌉∇⟩⇕⌉\⊔∫ ⟩\ ⊔⟨⟩∫ ⌋⟨⊣√⊔⌉∇ ⊒⌉∇⌉ √⌉∇{≀∇⇕⌉⌈ ⊓∫⟩\} ⊔⟨⌉ ⌉⊣∇↕⟩⌉∇ ⇕⌉⊔⟨≀⌈ {≀∇ {∇⌉∐⊓⌉\⌋† ⌉∫⊔⟩⇕⊣⊔⟩≀\ ⌈⌉∫⌋∇⟩⌊⌉⌈ ⟩\ A√√⌉\⌈⟩§ A↙

∞′ ⊣\⊣↕†‡⌉⌈ ⇐∞∌⌊⇒ ⊣⌋⌋≀∇⌈⟩\} ⊔⟨⌉ ∫⊔∇⊓⌋⊔⊓∇⌉ ⟩\ ⇐∞∌⊣⇒ ⊒≀⊓↕⌈ ⌊⌉ ↕⌉⌈ ⊔≀ ⌋≀\⌋↕⊓⌈⌉ ⊔⟨⊣⊔ ⊔⟨⌉ \≀⊓\ √⟨∇⊣∫⌉ ∇⌉{⌉∇∇⌉⌈ ⊔≀ ∫≀⇕⌉≀\⌉ ⊒⟨≀ }⊓⊣∇⌈∫ √⊣∇‖∫ ⊣\⌈ √≀↕⟩⌋⌉⇕⌉\∅ ∫⟩⇕⟩↕⊣∇↕†⇔ ⊣\⊣↕†‡⟩\} ⇐∞△̸⊣⇒ ⊣⌋⌋≀∇⌈⟩\} ⊔≀ ⊔⟨⌉ ⇕≀⌈⌉↕ ⟩\ ⇐∞△̸⌊⇒ ⊒≀⊓↕⌈ ↕⌉⊣⌈ ≀\⌉ ⊔≀ ⌋≀\⌋↕⊓⌈⌉ ⊔⟨⊣⊔ J≀⟨\ ⟩∫ ⊣ ⌊⊓∫⟩\⌉∫∫↙ I\ ⌉⊣⌋⟨ ⌋⊣∫⌉⇔ ⊔⟨⌉ ⊖⟩\⌋≀∇∇⌉⌋⊔⪰ ⊣\⊣↕†∫⟩∫ ⟩∫ ≀\⌉ ⊔⟨⊣⊔ ⟩∫ ↕⟩⌋⌉\∫⌉⌈ ⌊† ⊔⟨⌉ }∇⊣⇕⇕⊣∇ ⊣\⌈ √⌉∇⟨⊣√∫ ⌉⊑⌉\ ⌊† ‖\≀⊒↕⌉⌈}⌉ ⊣⌊≀⊓⊔ ⊒⟨⊣⊔ ⟩∫ √≀∫∫⟩⌊↕⌉ ⟩\ ⊔⟨⌉ ⊒≀∇↕⌈⇔ ⌊⊓⊔ ⌋≀\∫⊔⟩⊔⊓⊔⌉∫ ⊣⊔ ⌊⌉∫⊔ ⊣ ∫⌉⌋≀\⌈⊣∇† ∇⌉⊣⌈⟩\}↙ A∫ √≀⟩\⊔⌉⌈ ≀⊓⊔ ⌊† K⊓∇≀⟨⊣∫⟨⟩ ⊣\⌈ N⊣}⊣≀ ⇐∞∃∃∈⇒⇔ ∫⟩⇕⟩↕⊣∇⟩⊔† ≀{ {≀∇⇕ ⊣\⌈ ∫⟩⇕⟩↕⊣∇⟩⊔† ≀{ ⇕⌉⊣\⟩\} ⊣∇⌉ ⟩⇕√≀∇⊔⊣\⊔ ⌋⊓⌉∫ ⊔≀ ⌋≀\|≀⟩\⊣⌊⟩↕⟩⊔†↙ I\ E\}↕⟩∫⟨⇔ ∫⟩⇕⟩↕⊣∇⟩⊔† ≀{ {≀∇⇕ ⟩∫ ⊔≀ ⊣ }∇⌉⊣⊔ ⌉§⊔⌉\⊔ ⌋⊣√⊔⊓∇⌉⌈ ⌊† ⊣}∇⌉⌉⇕⌉\⊔ ⟩\ \⊓⇕⌊⌉∇¬ ⇐∞▽̸⇒ ⊣↙ ∫⌉⊑⌉∇⊣↕ ⌊⊓∫⟩\⌉∫∫ ⊣\⌈ ⊓\⟩⊑⌉∇∫⟩⊔† }∇≀⊓√∫ ⌊↙ ∫⌉⊑⌉∇⊣↕ ⌊⊓∫⟩\⌉∫∫⌉∫ ⊣\⌈ ⊓\⟩⊑⌉∇∫⟩⊔† }∇≀⊓√∫ S⌉⇕⊣\⊔⟩⌋ ∫⟩⇕⟩↕⊣∇⟩⊔† ≀{ ⊔⟨⌉ ⌋≀\|≀⟩\⌉⌈ ⟨⌉⊣⌈∫ ⊣↕∫≀ ⊣√√⌉⊣∇∫ ⊔≀ √↕⊣† ⊣\ ⟩⇕√≀∇⊔⊣\⊔ ∇≀↕⌉¬ ⇐∞̸⇒ ⊣↙ ⊣ ⊔⌉↕⌉⊑⟩∫⟩≀\ ⊣\⌈ ∇⊣⌈⟩≀ √⌉∇∫≀\⊣↕⟩⊔† ⌊↙ ⊣ √∫†⌋⟨≀↕≀}⟩∫⊔ ⊣\⌈ ∫⌉§ ∇⌉∫⌉⊣∇⌋⟨⌉∇ H⌉∇⌉⇔ ⟩⊔ ⟩∫ ⟩\⊔⊓⟩⊔⟩⊑⌉↕† ≀⌊⊑⟩≀⊓∫ ⊔⟨⊣⊔ ⊔⟨⌉ ⌋≀∇∇⌉⌋⊔ ∫⊔∇⊓⌋⊔⊓∇⌉ ⟩∫ ⌋≀\\⌉⌋⊔⌉⌈ ⊒⟩⊔⟨ ⊔⟨⌉ {⊣⌋⊔ ⊔⟨⊣⊔ ⊔⌉↕⌉⊑⟩∫⟩≀\∫ ⊣\⌈ ∇⊣⌈⟩≀∫ ⟨⊣⊑⌉ ⇕≀∇⌉ ⟩\ ⌋≀⇕⇕≀\ ⊔⟨⊣\ ⊔⌉↕⌉⊑⟩∫⟩≀\∫ ⊣\⌈ √⌉∇∫≀\⊣↕⟩⊔⟩⌉∫⇔ ⊣\⌈ ⊔⟨⊣⊔ √∫†⌋⟨≀↕≀}⟩∫⊔∫ ⊣\⌈ ∇⌉∫⌉⊣∇⌋⟨⌉∇∫ {≀∇⇕ ⊣ ⇕≀∇⌉ \⊣⊔⊓∇⊣↕ ⌋⊣⊔⌉}≀∇† ⊔⟨⊣\ √∫†⌋⟨≀↕≀}⟩∫⊔∫ ⊣\⌈ ∫⌉§↙ F⟩\⊣↕↕†⇔ {≀∇ ⊔⟨⟩∫ √⊣∇⊔⟩⌋⊓↕⊣∇ ⌋≀\∫⊔∇⊓⌋⊔⟩≀\⇔ ⊔⟨⌉ ⊣√√∇≀√∇⟩⊣⊔⌉\⌉∫∫ ≀{ \≀⊓\↖\≀⊓\ ⇕≀⌈⟩⊘⌋⊣⊔⟩≀\ {≀∇ \≀⊓\∞ ⊣\⌈ \≀⊓\∋ ⟩∫ ∇⌉↕⌉⊑⊣\⊔¬ ⇐∞⇏ ⊣↙ ⇕⊣⟩↕ ⊣\⌈ ∫⌉⌋⊓∇⟩⊔⟩⌉∫ {∇⊣⊓⌈ ⌊↙ ⌋≀∇\ ⊣\⌈ √⌉⊣\⊓⊔ ⌊⊓⊔⊔⌉∇ I\ }⌉\⌉∇⊣↕⇔ √⟨∇⊣∫⌉∫ ⌋≀\|≀⟩\⟩\} \≀⊓\∞ ⊣\⌈ \≀⊓\∈ ⊣∇⌉ ⊣\⊣↕†‡⌉⌈ ⌈⟩∫⊔∇⟩⌊⊓⊔⟩⊑⌉↕†⇔ ∫≀ ⊔⟨⊣⊔ ⌊≀⊔⟨ ⊣∇⌉ ⟩\⊔⌉∇√∇⌉⊔⌉⌈ ⊣∫ ⇕≀⌈⟩{†⟩\} \≀⊓\∋↙ I\ ⇐∞⌊̸⇒ ⊔⟨⌉ \≀⊓\↖\≀⊓\ ⌋≀⇕√≀⊓\⌈ ⌋≀∇\ ⌊⊓⊔⊔⌉∇ ⟩∫ ∇⊣⊔⟨⌉∇ ≀⌈⌈⇔ √∇≀⊑⟩⌈⟩\} ⊣ ⌋⊓⌉ ⊔⟨⊣⊔ ⊔⟨⊣⊔ ∫⊔∇⊓⌋⊔⊓∇⌉ ⟩∫ ⟩\⊣√√∇≀√∇⟩⊣⊔⌉ ⟨⌉∇⌉↙ ▽↙∋↙∈ A√√∇≀§⟩⇕⊣⊔⟩\} ⊔⟨⌉ ⌋⊓⌉∫ S⟩⇕⟩↕⊣∇⟩⊔† ≀{ F≀∇⇕ I\ ≀∇⌈⌉∇ ⊔≀ ⊔⊣‖⌉ ⊣⌈⊑⊣\⊔⊣}⌉ ≀{ ⊔⟨⌉ ⌋⊓⌉∫ |⊓∫⊔ ⌈⌉∫⌋∇⟩⌊⌉⌈⇔ ⟩⊔ ⟩∫ \⌉⌋⌉∫∫⊣∇† ⊔≀ ⊣√√∇≀§⟩⇕⊣⊔⌉ ⊔⟨⌉⇕ ⟩\ ∫≀⇕⌉ ⌋≀⇕√⊓⊔⊣↖ ⊔⟩≀\⊣↕↕† ⊔∇⊣⌋⊔⊣⌊↕⌉ ⊒⊣†↙ T⟨⌉ ⊘∇∫⊔ ⌋⊓⌉⇔ ∫⟩⇕⟩↕⊣∇⟩⊔† ≀{ {≀∇⇕⇔ ⟩∫ \≀⊔ ⌈⟩{⊘⌋⊓↕⊔ ⊔≀ ⊣√√∇≀§⟩⇕⊣⊔⌉⇔ ∫⟩\⌋⌉ ⊣⌋⌋⊓∇⊣⊔⌉ ∇⌉⌈⊓⌋⊔⟩≀\ ≀{ \≀⊓\∫ ⊔≀ ⊔⟨⌉⟩∇ ∇≀≀⊔ {≀∇⇕ ⟩∫ ⊒⌉↕↕ ⊒⟩⊔⟨⟩\ ⊔⟨⌉ ∇⌉⊣⌋⟨ ≀{ ⊣⊓⊔≀⇕⊣⊔⌉⌈ ⇕⌉⊔⟨≀⌈∫↙ I ∇⌉⌈⊓⌋⌉⌈ \≀⊓\∫ ⊔≀ ⊔⟨⌉⟩∇ ∇≀≀⊔ {≀∇⇕∫ ⌊† ⌈≀⟩\} ⊣ ∫⟩⇕√↕⌉ ⇕≀∇√⟨≀↕≀}⟩⌋⊣↕ ⊣\⊣↕†∫⟩∫ ≀{ ∫⊓{⊘§⌉∫ ⟩\ ⌋≀\|⊓\⌋⊔⟩≀\ ⊒⟩⊔⟨ ↕⌉§⟩⌋⊣↕ ⟩\{≀∇⇕⊣⊔⟩≀\ {∇≀⇕ W≀∇⌈N⌉⊔↙ G⟩⊑⌉\ \≀⊓\⇔ ⊔⟨⌉ ∇⌉⌈⊓⌋⊔⟩≀\ √∇≀⌋⌉⌈⊓∇⌉ ⟨⊣⌈ ⊔⟨⌉ {≀↕↕≀⊒⟩\} ∫⊔⌉√∫¬ ∞↙ S⌉⌉ ⟩{ \≀⊓\ ⟩∫ ⊣ √↕⊓∇⊣↕ ≀\ W≀∇⌈N⌉⊔≃∫ ↕⟩∫⊔ ≀{ ⌉§⌋⌉√⊔⟩≀\⊣↕ ⌋⊣∫⌉∫ {≀∇ \≀⊓\ √↕⊓∇⊣↕⟩‡⊣⊔⟩≀\ ⇐⌉↙}↙ ≀§⌉\⇔ ≀§⇒∅ ⟩{ ∫≀⇔ ∇⌉⊔⊓∇\ ⊔⟨⌉ ⌋≀∇∇⌉∫√≀\⌈⟩\} ∫⟩\}⊓↕⊣∇ {≀∇⇕↙ ∈↙ F≀∇ ⌉⊣⌋⟨ ∫⊓{⊘§ ∇⌉√↕⊣⌋⌉⇕⌉\⊔ ∇⊓↕⌉ ≀↕⌈ → \⌉⊒⇔ ⇐⊣⇒ I{ ≀↕⌈ ⟩∫ ⊣ ∫⊓{⊘§ ≀{ \≀⊓\⇔ ∫⊔∇⟩√ ⟩⊔ ≀{{ ⊣\⌈ ∇⌉√↕⊣⌋⌉ ⟩⊔ ⊒⟩⊔⟨ \⌉⊒ ⊔≀ }⌉⊔ \≀⊓\^′ ⇐⌊⇒ I{ \≀⊓\ ′ ⟩∫ ⊣ \≀⊓\ ⟩\ W≀∇⌈N⌉⊔⇔ ⟨⊣↕⊔ ⊣\⌈ ∇⌉⊔⊓∇\ ⟩⊔ ⊣∫ ⊔⟨⌉ ∇≀≀⊔ {≀∇⇕↙ ∋↙ I{ \≀ ∫⊓{⊘§↖∇⌉√↕⊣⌋⌉⇕⌉\⊔ ∇⊓↕⌉ ⊣√√↕⟩⌉⌈⇔ ∇⌉⊔⊓∇\ \≀⊓\ ⟩⊔∫⌉↕{ ⊣∫ ⊔⟨⌉ ∇≀≀⊔ {≀∇⇕↙

∞′

O↕⌈ N⌉⊒ E§⊣⇕√↕⌉ ∫∫ ∫∫ }↕⊣∫∫ }↕⊣∫∫ ∫ ϵ bucks buck ses s glasses glass xes x boxes box zes z quizzes quiz ches ch matches match shes sh wishes wish ies y bodies body es e vases vase es ϵ tomatoes tomato Table 5▷1. Sufαx rules for reducing nouns to root form▷

Table 5▷1 lists the sufαx replacement rules ↼taken from WordNet 1▷2 source code and included here with permission of the author↽, ϵ indicates the empty string▷ Given the algorithm just described a noun can be considered plural if it differs from its root form and singular otherwise▷ Naturally there are some unclear cases ↼e▷g▷ sheep will unconditionally be labelled singular↽ but in general the simple sufαx mappings together with WordNetφs large vocabulary and exceptions list yield excellent results▷ Similarity of Meaning Many factors inβuence judgements of semantic similarity between two nouns, see for example ↼Cruse 1986 Chapter 12↽ for an extensive discussion of considerations entering into judgements of synonymy▷ In addition as discussed in Chapter 2 a great many researchers are investigating techniques for deriving measures of word similarity on the basis of distributional behavior▷ In the present investigation I have opted to use taxonomic relationships in WordNet as the basis for an informationtheoretic similarity measure▷ Like the formalization of selectional preference proposed in Chapter 3 this has the advantage of combining inductive quantitative methods with an existing broadcoverage source of lexical knowledge▷ Furthermore to the extent that relationships in WordNet can be given a formal semantic interpretation ↼see Chapter 2 Section 2▷4▷1↽ the similarity measure proposed here can be viewed as both mathematically and semantically well founded▷ Before considering word similarity it is helpful to consider the notion of class similarity in a taxonomy like WordNet▷ Intuitively two noun classes in an ISA taxonomy should be considered similar when there is a speciαc class that subsumes them both � if you have to travel very high in the taxonomy to αnd a class that subsumes both classes in the extreme case all the way to the top then they cannot have all that much in common▷ For example ⟨\⟩⌋‖⌉↕⟩ ⊣\⌈ ⟨⌈⟩⇕⌉⟩ ⊣∇⌉ ⌊≀⊔⟨ ⟩⇕⇕⌉⌈⟩⊣⊔⌉↕† ∫⊓⌊∫⊓⇕⌉⌈ ⌊† ⟨⌋≀⟩\⟩⇔ ⊒⟨⌉∇⌉⊣∫ ⊔⟨⌉ ⇕≀∫⊔ ∫√⌉⌋⟩⊘⌋ ∫⊓√⌉∇⌋↕⊣∫∫ ⊔⟨⊣⊔ ⟨\⟩⌋‖⌉↕⟩ ⊣\⌈ ⟨⇕≀∇⊔}⊣}⌉⟩ ∫⟨⊣∇⌉ ⟩∫ ⟨√≀∫∫⌉∫∫⟩≀\⟩↙ T⟨⌉ ⌈⟩{⊘⌋⊓↕⊔†⇔ ≀{ ⌋≀⊓∇∫⌉⇔ ⟩∫ ⟨≀⊒ ⊔≀ ⇕⌉⊣∫⊓∇⌉ ⊖∫√⌉⌋⟩⊘⌋↙⪰ S⟩⇕√↕† ⌋≀⊓\⊔⟩\} IS↖A ↕⟩\‖∫ ⟩\ ⊔⟨⌉ ⊔⊣§≀\≀⇕† ⌋⊣\ ⌊⌉ ⇕⟩∫↕⌉⊣⌈⟩\}⇔ ∫⟩\⌋⌉ ⊣ ∫⟩\}↕⌉ ↕⟩\‖ ⌋⊣\ ∇⌉√∇⌉∫⌉\⊔ ⊣ ⊘\⌉↖}∇⊣⟩\⌉⌈ ⌈⟩∫⊔⟩\⌋⊔⟩≀\ ⟩\ ≀\⌉ √⊣∇⊔ ≀{ ⊔⟨⌉ ⊔⊣§≀\≀⇕† ⇐⌉↙}↙ ⟨‡⌉⌊∇⊣⟩ IS↖A ⟨⌉∐⊓⟩\⌉⟩⇒ ⊣\⌈ ⊣ ⊑⌉∇† ↕⊣∇}⌉ ⌈⟩∫⊔⟩\⌋⊔⟩≀\ ⌉↕∫⌉⊒⟨⌉∇⌉ ⇐⌉↙}↙ ⟨⌋⊣∇⌋⟩\≀}⌉\⟩ IS↖A ⟨∫⊓⌊∫⊔⊣\⌋⌉⟩⇒↙ C≀⊓\⊔⟩\} ≀⊔⟨⌉∇ ‖⟩\⌈∫ ≀{ ⊔⊣§≀\≀⇕⟩⌋ ↕⟩\‖∫ ⌋⊣\ ⌊⌉ ⌉⊑⌉\ ⇕≀∇⌉ √∇≀⌊↕⌉⇕⊣⊔⟩⌋∅ {≀∇ ⌉§⊣⇕√↕⌉⇔ ⇐M≀∇∇⟩∫ ⊣\⌈ H⟩∇∫⊔⇔ ∞∃∃∞⇒ √≀⟩\⊔ ≀⊓⊔ ⊔⟨⊣⊔ ⊓\⌊∇⟩⌈↕⌉⌈ ⊔∇⊣\∫⟩⊔⟩⊑⟩⊔† ↕⌉⊣⌈∫ ⊔≀ ∫√⊓∇⟩≀⊓∫ ∇⌉↕⊣⊔⌉⌈\⌉∫∫ |⊓⌈}⌉⇕⌉\⊔∫ ⊔⟨∇≀⊓}⟨ ⌋⟨⊣⟩\∫ ↕⟩‖⌉ {⌋≀⊒⇔∫⟨⌉⌉√⇔⊒≀≀↕⇔∫⌋⊣∇{⇔⌊≀≀⊔∫⇔⟨⊣⊔⇔∫\≀⊒}↙

∞′∀

C↕⊣∫∫ c log 1p_{(c)} ⟨⌋≀⟩\⇔∋▽̸∄⟩ ∞∋↙▽∞ ⟨⌋≀⟩\⇔∋▽̸△⟩ ∞∈↙▽∈ ⟨⌋⊣∫⟨⇔∋▽̸∞△△⟩ ∞∈↙△▽ ⟨⌋⊓∇∇⌉\⌋†⇔∋▽▽̸∀′⟩ ∞∞↙∄ ⟨⇕≀\⌉†⇔∋▽▽̸△∋∃⟩ ∞∞↙∈ ⟨⊔⌉\⌈⌉∇⇔∋▽∉∞∞∃⟩ ∞∞↙∈ ⟨⇕⌉⌈⟩⊓⇕ ≀{ ⌉§⌋⟨⊣\}⌉⇔∋▽∞̸′∈⟩ ∞∞↙∈∞ ⟨⊣∫∫⌉⊔⇔∋▽▽∈∀▽∈⟩ ∃↙∞ ⟨√≀∫∫⌉∫∫⟩≀\⇔∞∞▽∈⟩ ∀↙∞

T⊣⌊↕⌉ ▽↙∈¬ S⊓√⌉∇⌋↕⊣∫∫⌉∫ {≀∇ ⟨nickel, 3567117⟩ ⊣\⌈ ⟨dime, 3567068⟩ A\ ⊣↕⊔⌉∇\⊣⊔⟩⊑⌉ ⊔≀ ⌋≀⊓\⊔⟩\} ↕⟩\‖∫ ⟩∫ ⊔≀ ⌋≀\∫⟩⌈⌉∇ ⊔⟨⌉ ⟩\{≀∇⇕⊣⊔⟩≀\ ⌋≀\⊔⌉\⊔ ≀{ ⊣ ⌋↕⊣∫∫ ⊣∫ ⊣ ⊒⊣† ⊔≀ ⇕⌉⊣∫⊓∇⌉ ⟩⊔∫ ∫√⌉⌋⟩⊘⌋⟩⊔†↙ I\{≀∇⇕⊣⊔⟩≀\ ⌋≀\⊔⌉\⊔ ≀{ ⊣ ⌋↕⊣∫∫ ⟩∫ ⌈⌉⊘\⌉⌈ ⟩\ ⊔⟨⌉ ∫⊔⊣\⌈⊣∇⌈ ⊒⊣† ⊣∫ \⌉}⊣⊔⟩⊑⌉ ⊔⟨⌉ ↕≀} ↕⟩‖⌉↕⟩⟨≀≀⌈⇔ ≀∇ ↕≀} ∞√_{(c)}. The simplest way to compute similarity of two classes using this value would be to ↑nd the

superclass that maximizes information content; that is, to de↑ne a similarity measure as follows:

sim(c 1, c2) = max ci [log 1 p(c_i) ], ↼5▷1↽ where {c_i} ⟩∫ ⊔⟨⌉ ∫⌉⊔ ≀{ ⌋↕⊣∫∫⌉∫ ⌈≀⇕⟩\⊣⊔⟩\} ⌊≀⊔⟨ c1 and c2 and the similarity is set to zero if that set is empty▷ For example classes ⟨\⟩⌋‖⌉↕⟩ ⇐⟩\ ⊔⟨⌉ ∫⌉\∫⌉ ≀{ ⊣ ⌋≀⟩\⇒ ⊣\⌈ ⟨⇕≀∇⊔}⊣}⌉⟩ ⟨⊣⊑⌉ ≀\↕† ⊔⟨⌉ ∫⊓√⌉∇⌋↕⊣∫∫ ⟨√≀∫∫⌉∫∫⟩≀\⟩ ⟩\ ⌋≀⇕⇕≀\⇔ ⊒⟩⊔⟨ ⊣\ ⟩\{≀∇⇕⊣⊔⟩≀\ ⌋≀\⊔⌉\⊔ ≀{ ∀↙∞∅ ⌋↕⊣∫∫⌉∫ ⟨\⟩⌋‖⌉↕⟩ ⊣\⌈ ⟨⌈⟩⇕⌉⟩ ⟨⊣⊑⌉ ⊣↕↕ ⊔⟨⌉ ⌋≀⇕⇕≀\ ∫⊓√⌉∇⌋↕⊣∫∫⌉∫ ↕⟩∫⊔⌉⌈ ⟩\ T⊣⌊↕⌉ ▽↙∈⇔ ⊔⟨⌉ ⇕≀∫⊔ ∫√⌉⌋⟩⊘⌋ ≀{ ⊒⟨⟩⌋⟨ †⟩⌉↕⌈∫ ⊣ ∫⟩⇕⟩↕⊣∇⟩⊔† ∫⌋≀∇⌉ ≀{ ∞∋↙▽∞↙△ O\⌉ \⊣⊔⊓∇⊣↕ ⊒⊣† ⊔≀ ⇕⌉⊣∫⊓∇⌉ ⊒≀∇⌈ ∫⟩⇕⟩↕⊣∇⟩⊔† ⟩∫ ⊔≀ ⌋≀\∫⟩⌈⌉∇ ⊣↕↕ ⊔⟨⌉ ⌋↕⊣∫∫⌉∫ ⊔≀ ⊒⟨⟩⌋⟨ ⊣ ⊒≀∇⌈ ⌊⌉↕≀\}∫ � ⊔⟨⊣⊔ ⟩∫⇔ }⟩⊑⌉\ ⊔⊒≀ \≀⊓\∫ n1 and n2 to compute their similarity as sim(n1, n2) = max ci [log 1 p(c_i) ], ↼5▷2↽ where {c_i} ⟩∫ ⊔⟨⌉ ∫⌉⊔ ≀{ ⊣↕↕ ⌋↕⊣∫∫⌉∫ ⌋≀\⊔⊣⟩\⟩\} ⌊≀⊔⟨ n1 and n2▷

Although there is not yet a standard way to evaluate computational measures of semantic similarity one reasonable way to judge would seem to be agreement with human subjects on some relevant task▷ In a ratings task used by Miller and Charles ↼1991↽ subjects were given 30 pairs of nouns that were chosen to cover high intermediate and low levels of similarity ↼as determined using a previous study↽ and asked to rate Ψsimilarity of meaningν for each pair on a scale from 0 ↼no similarity↽ to 4 ↼perfect synonymy↽▷ In order to get a baseline against which to evaluate the performance of the informationtheoretic similarity measure I replicated Miller and Charlesφs experiment giving ten subjects the same 30 noun pairs αve in a random order and the other αve in the same random order reversed▷ The subjects were all computer science graduate students or postdocs and the instructions were exactly the same as used by Miller and Charles the main difference being that in this replication the subjects completed the questionnaire by electronic mail ↼though they were instructed to complete the whole thing in a single uninterrupted sitting↽▷ 4Class probabilities in this case were estimated using a sample of nouns from AP newswire▷ n1 n2 sim↼n1n2↽ class tobacco alcohol 10▷84 ⟨⌈∇⊓}⇔∞′∉∀∞∋⟩ ⊔≀⌊⊣⌋⌋≀ ∫⊓}⊣∇ ↙ ̸⟨∫⊓⌊∫⊔⊣\⌋⌉⇔▽∃△∞⟩ ⊔≀⌊⊣⌋⌋≀ ⟨≀∇∫⌉ ∞∞↙∀▽ ⟨\⊣∇⌋≀⊔⟩⌋⇔∞▽▽△∈∈⟩ T⊣⌊↕⌉ ▽↙∋¬ S⟩⇕⟩↕⊣∇⟩⊔† ⊒⟩⊔⟨ ⊔≀⌊⊣⌋⌋≀ ⌋≀⇕√⊓⊔⌉⌈ ⌊† ⇕⊣§⟩⇕⟩‡⟩\} ⟩\{≀∇⇕⊣⊔⟩≀\

T⟨⌉ ⌈⊣⊔⊣ {∇≀⇕ ⊔⟨⌉ ⌉§√⌉∇⟩⇕⌉\⊔ ⊣∇⌉ }⟩⊑⌉\ ⟩\ A√√⌉\⌈⟩§ C↙ O\ ⊣⊑⌉∇⊣}⌉⇔ ⊔⟨⌉ ⌋≀∇∇⌉↕⊣⊔⟩≀\ ⌊⌉⊔⊒⌉⌉\ ⊔⟨⌉ ⇕⌉⊣\ ∇⊣⊔⟩\}∫ ⟩\ M⟩↕↕⌉∇ ⊣\⌈ C⟨⊣∇↕⌉∫≃∫ ∫⊔⊓⌈† ⊣\⌈ ⊔⟨⌉ ⊔⟨⌉ ∇⊣⊔⟩\}∫ ≀{ ⊣ ∫⊓⌊|⌉⌋⊔ ⟩\ ⇕† ∇⌉√↕⟩⌋⊣⊔⟩≀\ ⊒⊣∫ r = 0.88 with a standard deviation of 0▷08 ↼intersubject correlation in the replication estimated using leavingone out resampling ↼Weiss and Kulikowski 1991↽ was r = .90, stdev = 0.07↽▷ I evaluated the measure in equation ↼5▷2↽ by treating it as if it were a subject in the same experiment▷ Owing to nouns missing from WordNet 1▷2 it was possible to arrive at a rating for only 28 of the 30 pairs ↼93▷3ϱ↽, for that subset there was a correlation of r = .77 with Miller and Charlesφs means▷5 The average human subject correlation for those 28 stimuli was r = 0.88▷ As compared against that baseline it seems clear that although there is certainly room for improvement the informationbased similarity measure is an entirely reasonable αrst approximation for human similarity judgements▷

A problem with the similarity measure in equation ↼5▷2↽ is that it sometimes produces spuriously high similarity measures for words on the basis of inappropriate word senses▷ For example Table 5▷3 shows the word similarity for several words with tobacco▷ Tobacco and alcohol are similar both being drugs and tobacco and sugar are similar though less so since both can be classiαed as substances▷ The problem arises however in the similarity rating for tobacco with horse. the word horse can be used as a slang term for heroin and so the similarity rating is maximized when the two words are both categorized as narcotics▷ This is contrary to intuition▷ The experimental evaluation using Miller and Charlesφs study suggests that cases like this are relatively rare▷ However the example illustrates a more general concern. in measuring similarity between words it is really the relationship among word senses that matters and a similarity measure should be able to take this into account▷ The most straightforward way to do so is to consider all classes to which both nouns belong rather than taking just the single maximally informative class▷ This suggests redeαning class similarity as follows. sim(c1, c2) = ∑ i α(c_i)[log 1 p(c_i) ], ↼5▷3↽

where {c_i} ⟩∫ ⊔⟨⌉ ∫⌉⊔ ≀{ ⌋↕⊣∫∫⌉∫ ⌈≀⇕⟩\⊣⊔⟩\} ⌊≀⊔⟨ c1 and c2 as before and ∑ i α(c_i) = 1. This measure of similarity takes more information into account than the previous one: rather than relying on the single class with maximum information content, it allows each class to contribute information content according to the value of α(c_i). Intuitively, these α values measure relevance � for example α(⟨\⊣∇⌋≀⊔⟩⌋⟩) might be low in general usage but high in the context of a newspaper article about drug dealers.

5Class probabilities in this experiment were estimated using noun frequencies in the Brown corpus.

Equation (5.3) leaves α to be speciαed externally � by a word sense disambiguation algorithm perhaps or by whatever other means are available▷ Notice that if α(c_i) is őxed at 1 for the single c_i maximizing log 1p(c_i) and at 0 for c j, j ≠ i then equation ↼5▷3↽ simply reduces to the Ψglobalν measure in equation ↼5▷1↽▷

Appropriateness of nounnoun modiαcation Judging the Ψgoodness of αtν between a modiαer ↼n_m↽ and a head ↼n_h↽ is not unlike judging the goodness of αt between a verb and its object � in both cases the judgement can be made in terms of selectional association between a selecting word and a class of nouns being selected for▷ In the case of nominal modiαcation since both head and modiαer are nouns there are two selectional relationships that can be considered. selection of the modiαer for the head and selection of the head for the modiαer▷ That is for a particular class c h containing the head we can deαne

A(n_m → c_h) = p(c_h|n_m) log p^{(ch|nm)}_{p(ch)} ∑ c p(c|n_m) log p^{(c|nm)}_{p(c)} . ↼5▷4↽

Correspondingly for a particular class c_m containing the nominal modiαer

A(c_m ← n_h) = p(c_m|n_h) log p^{(cm|nh)}_{p(cm)} ∑ c p(c|n_h) log p^{(c|nh)}_{p(c)} . ↼5▷5↽

The Ψgoodnessν of a particular nounnoun compound n_m n_h can be evaluated by examining the strength of selectional association between modiαer and head and vice versa▷ The simplest way to do so is to see whether in either case selectional association exceeds a threshold τ ▷ By inspection τ = 2.0 seems to be a reasonable value for this threshold▷ Consider for example the ambiguous coordinations in ↼168↽. ↼168↽ a▷ They bought a new computer and telephone network for the ofαce▷ b▷ They bought a new computer and water cooler for the ofαce▷ Selectional association indicates that computer network is a reasonable nominal compound since A(⟨⌋≀⇕√⊓⊔⌉∇⇔∞∈∄′⟩ ← \⌉⊔⊒≀∇‖) = 2.2 A(computer → ⟨∫†∫⊔⌉⇕⇔∈∀∞∞∀⟩) = 2.56, network ∈ ⟨∫†∫⊔⌉⇕⇔∈∀∞∞∀⟩⇔ ⌊⊓⊔ ⊔⟨⊣⊔ ⌋≀⇕↖ √⊓⊔⌉∇ ⌋≀≀↕⌉∇ ⟩∫ \≀⊔⇔ ∫⟩\⌋⌉ A(c ← ⌋≀≀↕⌉∇) < 2.0 for all classes c containing computer, A(computer → c) < 2.0 for all c containing cooler▷ It is worth repeating the observation from Chapter 3 that selectional association between modiαers and heads accomplishes a limited form of wordsense disambiguation▷ For example consider the con straints that the modiαer places on the head in the compound newspaper article. the selectional association A(newspaper → ⟨\⌉⊒∫⇔∈∈∃∀′△∋⟩) = 2.08 whereas A(newspaper → ⟨{⊓\⌋⊔⟩≀\ ⊒≀∇⌈⇔∈∈∞∄′′⟩) = 0.55 in effect showing that in the context of being modiαed by newspaper the Ψnewsν sense of ar ticle is more relevant than its grammatical sense▷ Headmodiαer constraints behave the same way. A(⟨⇕⊣⊔⌉∇⟩⊣↕⇔∋∀∀′̸∞∈⟩ ← ⊣∇⊔⟩⌋↕⌉) = 0.95 and A(⟨√∇⌉∫∫⇔∈∈′′∈′△⟩ ← ⊣∇⊔⟩⌋↕⌉) = 2.27 where ⟨√∇⌉∫∫⇔∈∈′′∈′△⟩ ⟩∫ ⊔⟨⌉ W≀∇⌈N⌉⊔ ⌋↕⊣∫∫ }↕≀∫∫⌉⌈ ⊣∫ ⊖√∇⟩\⊔⌉⌈ ⇕⊣⊔⊔⌉∇ ⟩\ ⊔⟨⌉ {≀∇⇕ ≀{ \⌉⊒∫√⊣√⌉∇∫ ≀∇ ⇕⊣}↖ ⊣‡⟩\⌉∫↙⪰ T⟨⊓∫ ⊣∫ ⊣ \≀⇕⟩\⊣↕ ⇕≀⌈⟩⊘⌉∇ {≀∇ ⊣∇⊔⟩⌋↕⌉⇔ ⊔⟨⌉ ⊒≀∇⌈ \⌉⊒∫√⊣√⌉∇ ⟩∫ ⌊⌉⊔⊔⌉∇ ⌋≀\∫⊔∇⊓⌉⌈ ⊣∫ √∇⟩\⊔⌉⌈ ⇕⊣⊔⊔⌉∇ ⊔⟨⊣\ ⊣∫ ⊣ ‖⟩\⌈ ≀{ √⟨†∫⟩⌋⊣↕ ⇕⊣⊔⌉∇⟩⊣↕↙

∞∞∞ ▽↙∋↙∋ E§√⌉∇⟩⇕⌉\⊔ ∞ I ⟩\⊑⌉∫⊔⟩}⊣⊔⌉⌈ ⊔⟨⌉ ∇≀↕⌉∫ ≀{ ⊔⟨⌉ ⊑⊣∇⟩≀⊓∫ ⌋⊓⌉∫ ⊔≀ ⌋≀≀∇⌈⟩\⊣⊔⟩≀\ ⌊† ⌋≀\⌈⊓⌋⊔⟩\} ⊣ ⌈⟩∫⊣⇕⌊⟩}⊓⊣⊔⟩≀\ ⌉§√⌉∇⟩⇕⌉\⊔ ⊓∫⟩\} ⊔⟨⌉ ⌈⌉⊘\⟩⊔⟩≀\∫ |⊓∫⊔ ⌈⟩∫⌋⊓∫∫⌉⌈↙ T⊒≀ ∫⌉⊔∫ ≀{ ∞′′ \≀⊓\ √⟨∇⊣∫⌉∫ ≀{ ⊔⟨⌉ {≀∇⇕ ∪NP \≀⊓\∞ ⊣\⌈ \≀⊓\∈ \≀⊓\∋⊎ ⊒⌉∇⌉ ⌉§⊔∇⊣⌋⊔⌉⌈ {∇≀⇕ ⊔⟨⌉ W⊣↕↕ S⊔∇⌉⌉⊔ J≀⊓∇\⊣↕ ⇐WSJ⇒ ⌋≀∇√⊓∫ ⟩\ ⊔⟨⌉ P⌉\\ T∇⌉⌉⌊⊣\‖ ⊣\⌈ ⌈⟩∫⊣⇕⌊⟩}⊓⊣⊔⌉⌈ ⌊† ⟨⊣\⌈⇔ ⊒⟩⊔⟨ ≀\⌉ ∫⌉⊔ ⊔≀ ⌊⌉ ⊓∫⌉⌈ {≀∇ ⌈⌉⊑⌉↕≀√⇕⌉\⊔ ⊣\⌈ ⊔⟨⌉ ≀⊔⟨⌉∇ {≀∇ ⊔⌉∫⊔⟩\}↙ ̸A ∫⌉⊔ ≀{ ∫⟩⇕√↕⌉ ⊔∇⊣\∫{≀∇⇕⊣⊔⟩≀\∫ ⊒⊣∫ ⊣√√↕⟩⌉⌈ ⊔≀ ⊣↕↕ WSJ ⌈⊣⊔⊣⇔ ⟩\⌋↕⊓⌈⟩\} ⊔⟨⌉ ⇕⊣√√⟩\} ≀{ ⊣↕↕ √∇≀√⌉∇ \⊣⇕⌉∫ ⊔≀ ⊔⟨⌉ ⊔≀‖⌉\ ∫≀⇕⌉≀\⌉⇔ ⊔⟨⌉ ⌉§√⊣\∫⟩≀\ ≀{ ⇕≀\⊔⟨ ⊣⌊⌊∇⌉⊑⟩⊣⊔⟩≀\∫⇔ ⊣\⌈ ⊔⟨⌉ ∇⌉⌈⊓⌋⊔⟩≀\ ≀{ ⊣↕↕ \≀⊓\∫ ⊔≀ ⊔⟨⌉⟩∇ ∇≀≀⊔ {≀∇⇕∫↙ S⟩⇕⟩↕⊣∇⟩⊔† ≀{ {≀∇⇕ ⊒⊣∫ ⌈⌉⊔⌉∇⇕⟩\⌉⌈ ⊣∫ ⌈⌉∫⌋∇⟩⌊⌉⌈ ⊣⌊≀⊑⌉⇔ ⊣\⌈ ∫⟩⇕⟩↕⊣∇⟩⊔† ≀{ ⇕⌉⊣\⟩\} ⊒⊣∫ ⌈⌉⊔⌉∇⇕⟩\⌉⌈ ⊖}↕≀⌊⊣↕↕†⪰ ⊣∫ ⟩\ ⌉∐⊓⊣⊔⟩≀\ ⇐▽↙∈⇒ ⊓∫⟩\} \≀⊓\ ⌋↕⊣∫∫ √∇≀⌊⊣⌊⟩↕⟩⊔⟩⌉∫ ⌉∫⊔⟩⇕⊣⊔⌉⌈ {∇≀⇕ ⊣ ∫⊣⇕√↕⌉ ≀{ ⊣√√∇≀§⟩⇕⊣⊔⌉↕† ∀′′⇔′′′ \≀⊓\ ≀⌋⌋⊓∇∇⌉\⌋⌉∫ ⟩\ A∫∫≀⌋⟩⊣⊔⌉⌈ P∇⌉∫∫ \⌉⊒∫⊒⟩∇⌉ ∫⊔≀∇⟩⌉∫↙ F≀∇ ⊔⟨⌉ √⊓∇√≀∫⌉ ≀{ ⌈⌉⊔⌉∇⇕⟩\⟩\} ∫⌉⇕⊣\⊔⟩⌋ ∫⟩⇕⟩↕⊣∇⟩⊔†⇔ \≀⊓\∫ \≀⊔ ⟩\ W≀∇⌈N⌉⊔ ⊒⌉∇⌉ ⊔∇⌉⊣⊔⌉⌈ ⊣∫ ⟩\∫⊔⊣\⌋⌉∫ ≀{ ⊔⟨⌉ ⌋↕⊣∫∫ ⟨⊔⟨⟩\}⟩↙ A√√∇≀√∇⟩⊣⊔⌉\⌉∫∫ ≀{ \≀⊓\↖ \≀⊓\ ⇕≀⌈⟩⊘⌋⊣⊔⟩≀\ ⊒⊣∫ ⌈⌉⊔⌉∇⇕⟩\⌉⌈ ⊣∫ ⌈⌉∫⌋∇⟩⌊⌉⌈ ⊣⌊≀⊑⌉ ⟩\ ⌉∐⊓⊣⊔⟩≀\∫ ⇐▽↙△⇒ ⊣\⌈ ⇐▽↙▽⇒⇔ ⊒⟩⊔⟨ ⌋≀↖≀⌋⌋⊓∇∇⌉\⌋⌉ {∇⌉∐⊓⌉\⌋⟩⌉∫ ⌋⊣↕⌋⊓↕⊣⊔⌉⌈ ⊓∫⟩\} ⊣ ∫⊣⇕√↕⌉ ≀{ ⊣√√∇≀§⟩⇕⊣⊔⌉↕† ∞▽⇔′′′ \≀⊓\↖\≀⊓\ ⌋≀⇕√≀⊓\⌈∫ ⌉§⊔∇⊣⌋⊔⌉⌈ {∇≀⇕ ⊔⟨⌉ WSJ ⌋≀∇√⊓∫↙ ⇐T⟨⟩∫ ∫⊣⇕√↕⌉ ⌈⟩⌈ \≀⊔ ⟩\⌋↕⊓⌈⌉ ⊔⟨⌉ ⊔⌉∫⊔ ⌈⊣⊔⊣↙⇒ E⊣⌋⟨ ≀{ ⊔⟨⌉ ⊔⟨∇⌉⌉ ∫≀⊓∇⌋⌉∫ ≀{ ⟩\{≀∇⇕⊣⊔⟩≀\ � {≀∇⇕ ∫⟩⇕⟩↕⊣∇⟩⊔†⇔ ⇕⌉⊣\⟩\} ∫⟩⇕⟩↕⊣∇⟩⊔†⇔ ⊣\⌈ ⇕≀⌈⟩⊘⌋⊣⊔⟩≀\ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√∫ � ⊒⊣∫ ⊓∫⌉⌈ ⊣↕≀\⌉ ⊣∫ ⊣ ⌈⟩∫⊣⇕⌊⟩}⊓⊣⊔⟩≀\ ∫⊔∇⊣⊔⌉}†⇔ ⊣∫ {≀↕↕≀⊒∫¬ • F≀∇⇕¬ ∘ I{ \≀⊓\∞ ⊣\⌈ \≀⊓\∈ ⇕⊣⊔⌋⟨ ⟩\ \⊓⇕⌊⌉∇ ⊣\⌈ \≀⊓\∞ ⊣\⌈ \≀⊓\∋ ⌈≀ \≀⊔ ⊔⟨⌉\ ⌋≀\|≀⟩\ \≀⊓\∞ ⊣\⌈ \≀⊓\∈∅ ∘ ⟩{ \≀⊓\∞ ⊣\⌈ \≀⊓\∋ ⇕⊣⊔⌋⟨ ⟩\ \⊓⇕⌊⌉∇ ⊣\⌈ \≀⊓\∞ ⊣\⌈ \≀⊓\∈ ⌈≀ \≀⊔ ⊔⟨⌉\ ⌋≀\|≀⟩\ \≀⊓\∞ ⊣\⌈ \≀⊓\∋∅ ∘ ≀⊔⟨⌉∇⊒⟩∫⌉ ∇⌉⇕⊣⟩\ ⊓\⌈⌉⌋⟩⌈⌉⌈↙ • M⌉⊣\⟩\}¬ ∘ I{ ∫⟩⇕⇐\≀⊓\∞⇔\≀⊓\∈⇒ > sim↼noun1noun3↽ then conjoin noun1 and noun2, δ if sim↼noun1noun3↽ > sim↼noun1noun2↽ then conjoin noun1 and noun3, δ otherwise remain undecided▷ • M≀⌈⟩⊘⌋⊣⊔⟩≀\¬ ∘ I{ A(noun1 → noun3) > τ a threshold or if A(noun1 ← noun3) > τ then conjoin noun1 and noun3, δ If A(noun1 → noun3) < σ and A(noun1 ← noun3) < σ then conjoin noun1 and noun2, 6Hand disambiguation was necessary because the Penn Treebank does not encode NPinternal structure▷ These phrases were disambiguated using the full sentence in which they occurred plus the previous and following sentence as context▷ 7I am grateful to Donald Hindle for making these data available▷ δ otherwise remain undecided▷8 In addition I investigated several methods for combining the three sources of information▷ These included. • ⊖B⊣⌋‖⟩\} ≀{{⪰ U∫⌉ ⊔⟨⌉ {≀∇⇕ ∫⊔∇⊣⊔⌉}† ⟩{ \≀⊔ ⊓\⌈⌉⌋⟩⌈⌉⌈∅ ≀⊔⟨⌉∇⊒⟩∫⌉ ⊓∫⌉ ⊔⟨⌉ ⇕≀⌈⟩⊘⌋⊣⊔⟩≀\ ∫⊔∇⊣⊔⌉}† ⟩{ \≀⊔ ⊓\⌈⌉⌋⟩⌈⌉⌈∅ ≀⊔⟨⌉∇⊒⟩∫⌉ ⊓∫⌉ ⊔⟨⌉ ⇕⌉⊣\⟩\} ∫⊔∇⊣⊔⌉}† ⟩{ \≀⊔ ⊓\⌈⌉⌋⟩⌈⌉⌈∅ ≀⊔⟨⌉∇⊒⟩∫⌉ ∇⌉⇕⊣⟩\ ⊓\⌈⌉⌋⟩⌈⌉⌈↙ • V≀⊔⟩\} T⊣↕↕† ⊔⟨⌉ ⊑≀⊔⌉∫ ≀{ ⊔⟨⌉ ⊔⟨∇⌉⌉ ⟩\⌈⟩⊑⟩⌈⊓⊣↕ ∫⊔∇⊣⊔⌉}⟩⌉∫∅ ⊓∫⌉ ⊔⟨⌉ ⇕⊣|≀∇⟩⊔†⇔ ⟩{ ⊔⟨⌉∇⌉ ⟩∫ ≀\⌉∅ ≀⊔⟨⌉∇⊒⟩∫⌉ ∇⌉⇕⊣⟩\ ⊓\⌈⌉⌋⟩⌈⌉⌈↙ • R⌉}∇⌉∫∫⟩≀\ R⌉√∇⌉∫⌉\⊔ ⊔∇⊣⟩\⟩\} ⟩\∫⊔⊣\⌋⌉∫ ⊣∫ ⊑⌉⌋⊔≀∇∫ ≀{ ⊣⊔⊔∇⟩⌊⊓⊔⌉∫∅ ∇⌉√∇⌉∫⌉\⊔ ⊔⟨⌉ ⊔⊒≀ ⌊∇⊣⌋‖⌉⊔⟩\}∫ ⊣∫ ↖∞ ⊣\⌈ ∞∅ √⌉∇{≀∇⇕ ⊣ ↕⟩\⌉⊣∇ ∇⌉}∇⌉∫∫⟩≀\∅ ⌋↕⊣∫∫⟩{† ⊔⌉∫⊔ ⟩\∫⊔⊣\⌋⌉∫ ⊓∫⟩\} ⊔⟨⌉ ∇⌉}∇⌉∫∫⟩≀\ ⌉∐⊓⊣⊔⟩≀\↙ • D⌉⌋⟩∫⟩≀\ ⊔∇⌉⌉ R⌉√∇⌉∫⌉\⊔ ⊔∇⊣⟩\⟩\} ⟩\∫⊔⊣\⌋⌉∫ ⊣∫ ⊑⌉⌋⊔≀∇∫ ≀{ ⊣⊔⊔∇⟩⌊⊓⊔⌉∫∅ ∇⌉√∇⌉∫⌉\⊔ ⊔⟨⌉ ⊔⊒≀ ⌊∇⊣⌋‖⌉⊔⟩\}∫ ⊣∫ ⌋↕⊣∫∫⌉∫∅ ⌋≀\∫⊔∇⊓⌋⊔ ⊣ ⌈⌉⌋⟩∫⟩≀\ ⊔∇⌉⌉ ⌋↕⊣∫∫⟩⊘⌉∇∅ ⌋↕⊣∫∫⟩{† ⊔⌉∫⊔ ⟩\∫⊔⊣\⌋⌉∫ ⊓∫⟩\} ⊔⟨⌉ ⊔∇⌉⌉↙ T⟨⌉ ⊔∇⊣⟩\⟩\} ∫⌉⊔ ⌋≀\⊔⊣⟩\⌉⌈ ⊣ ⌊⟩⊣∫ ⟩\ {⊣⊑≀∇ ≀{ ⌋≀\|≀⟩\⟩\} \≀⊓\∞ ⊣\⌈ \≀⊓\∈⇔ ∫≀ ⊣ ∫⊔∇⊓⌋⊔⊓∇⊣↕ ⊖⌈⌉{⊣⊓↕⊔⪰ ∫⊔∇⊣⊔⌉}† � ⊣↕⊒⊣†∫ ⌋⟨≀≀∫⟩\} ⊔⟨⊣⊔ ⌊∇⊣⌋‖⌉⊔⟩\} � ⊒⊣∫ ⊓∫⌉⌈ ⊣∫ ⊣ ⌊⊣∫⌉↕⟩\⌉↙ T⟨⌉ ∇⌉∫⊓↕⊔∫ ⊒⌉∇⌉ ⊣∫ {≀↕↕≀⊒∫¬ STRATEGY COVERAGE ⇐↗⇒ ACCURACY ⇐↗⇒ D⌉{⊣⊓↕⊔ ∞′′↙′ ̸↙′ F≀∇⇕ ▽∋↙′ ∃′↙ M≀⌈⟩⊘⌋⊣⊔⟩≀\ ▽↙′ ∄↙∋ M⌉⊣\⟩\} ̸↙′ ∞↙∈ B⊣⌋‖⟩\} ≀{{ ∃▽↙′ ∀∞↙∞ V≀⊔⟩\} ∀∃↙′ ∀↙ R⌉}∇⌉∫∫⟩≀\ ∞′′↙′ ∃↙′ ID∋ T∇⌉⌉ ∞′′↙′ ∀′↙′ N≀⊔ ∫⊓∇√∇⟩∫⟩\}↕†⇔ ⊔⟨⌉ ⟩\⌈⟩⊑⟩⌈⊓⊣↕ ∫⊔∇⊣⊔⌉}⟩⌉∫ √⌉∇{≀∇⇕ ∇⌉⊣∫≀\⊣⌊↕† ⊒⌉↕↕ ≀\ ⊔⟨⌉ ⟩\∫⊔⊣\⌋⌉∫ ⊔⟨⌉† ⌋⊣\ ⌋↕⊣∫∫⟩{†⇔ ⌊⊓⊔ ⌋≀⊑⌉∇⊣}⌉ ⟩∫ √≀≀∇∅ ⊔⟨⌉ ∫⊔∇⊣⊔⌉}† ⌊⊣∫⌉⌈ ≀\ ∫⟩⇕⟩↕⊣∇⟩⊔† ≀{ {≀∇⇕ ⟩∫ ⟨⟩}⟨↕† ⊣⌋⌋⊓∇⊣⊔⌉⇔ ⌊⊓⊔ ⊣∇∇⟩⊑⌉∫ ⊣⊔ ⊣\ ⊣\∫⊒⌉∇ ≀\↕† ⟨⊣↕{ ⊔⟨⌉ ⊔⟩⇕⌉↙ O{ ⊔⟨⌉ ⌋≀⇕⌊⟩\⌉⌈ ∫⊔∇⊣⊔⌉}⟩⌉∫⇔ ⊔⟨⌉ ⊖⌊⊣⌋‖⟩\} ≀{{⪰ ⊣√√∇≀⊣⌋⟨ ∫⊓⌋⌋⌉⌉⌈∫ ⟩\ ⊣\∫⊒⌉∇⟩\} ∃▽↗ ≀{ ⊔⟨⌉ ⊔⟩⇕⌉ ⊣\⌈ ⊣⌋⟨⟩⌉⊑⟩\} ∀∞↙∞↗ ⊣⌋⌋⊓∇⊣⌋† � ⊣ ∇⌉⌈⊓⌋⊔⟩≀\ ≀{ △△↙△↗ ⟩\ ⊔⟨⌉ ⌊⊣∫⌉↕⟩\⌉ ⌉∇∇≀∇ ∇⊣⊔⌉↙ A↕⊔⟨≀⊓}⟨ ⊔⟨⟩∫ ⌋≀\⊘∇⇕∫ ⊔⟨⊣⊔ ⊔⟨⌉∇⌉ ⟩∫ ⊓∫⌉{⊓↕ √∇⌉⌈⟩⌋⊔⟩⊑⌉ √≀⊒⌉∇ ⟩\ ⊔⟨⌉ ⇕⌉⊣\⟩\} ⊣\⌈ ⇕≀⌈⟩⊘⌋⊣⊔⟩≀\ ∫⊔∇⊣⊔⌉}⟩⌉∫⇔ ⊣ ⌋⊣⊑⌉⊣⊔ ⟩∫ ⟩\ ≀∇⌈⌉∇¬ ⊔⟨⟩∫ ∀T⟨∇⌉∫⟨≀↕⌈∫_{τ and σ were αxed before evaluating the test data▷}

reduction in error may not be a thoroughly convincing demonstration of effectiveness since on the basis of the above numbers backing off from form to the default strategy could theoretically be expected to have an 84ϱ accuracy at 100ϱ coverage▷ This concern was addressed by the experiment that follows▷

5▷3▷4 Experiment 2 In order to better evaluate bottomline performance I investigated the disambiguation of more complex coordinations of the form ♭NP noun1 noun2 and noun3 noun4♯ which permit αve possible bracketings. ↼169↽ a▷ freshman ↼↼business and marketing↽ major↽ b▷ ↼food ↼handling and storage↽↽ procedures c▷ ↼↼mail fraud↽ and bribery↽ charges d▷ Clorets ↼gum and ↼breath mints↽↽ e▷ ↼baby food↽ and ↼puppy chow↽ These bracketings comprise two groups those in which the conjoined heads noun2 and noun3 ↼aδc↽ and those in which the conjoined heads are noun2 and noun4 ↼dδe↽▷ Rather than tackling the αveway disambiguation problem immediately I used an experimental task of classifying a noun phrase as belonging to one of these two groups thus providing a closer parallel to Experiment 1▷ I examined three classiαcation strategies▷ First I used the formbased strategy described above▷ Second as before I used a strategy based on semantic similarity, this time however selectional association was used to determine the α i in equation ↼5▷3↽ incorporating modiαerhead relationships into the semantic similarity strategy▷ That is given noun1 noun2 and noun3 noun4 the similarity of noun2 and noun3 was calculated as sim(noun2, noun3) = ∑ i α(c_i)[log 1 p(c_i) ], ↼5▷6↽ where {c_i} ⟩∫ ⊔⟨⌉ ∫⌉⊔ ≀{ ⊣↕↕ ⌋↕⊣∫∫⌉∫ ⌋≀\⊔⊣⟩\⟩\} ⌊≀⊔⟨ \≀⊓\∈ ⊣\⌈ \≀⊓\∋⇔ ⊣\⌈ α(c_i) = A(c_i ← \≀⊓\△) ∑ j A(c_j ← \≀⊓\△) . ↼5▷7↽ Notice that this similarity calculation takes advantage of more information than the Ψglobalν similarity▷ Intuitively equation ↼5▷6↽ computes the similarity of the two nouns in the context of being modiαers to noun4 where the role of context is determined in equation ↼5▷7↽ on the basis of selectional association▷ Similarly in calculating the similarity between noun2 and noun4 it was possible to take advantage of the additional information provided by noun3. sim(noun2, noun4) = ∑ i α(c_i)[log 1 p(c_i) ], ↼5▷8↽ α(c_i) =

A(noun3 → c_i) ∑ j A(noun3 → c_j ) . ↼5▷9↽ Here the similarity of noun2 and noun4 must be considered in light of the fact that noun4 is modiαed by noun3▷ As a third strategy I used Ψbacking offν ↼from form similarity to semantic similarity↽ to combine the two individual strategies▷ As before one set of items was used for development and another set ↼89 items↽ was set aside for testing▷ As a baseline results were evaluated against a simple default strategy of always choosing the group that was more common in the development set▷

STRATEGY COVERAGE ↼ϱ↽ ACCURACY ↼ϱ↽ Default 100▷0 44▷9 Form 40▷4 80▷6 Meaning 69▷7 77▷4 Backing off 85▷4 81▷6 In this case the default strategy deαned using the development set was misleading leading to worse than chance accuracy▷ However even if default choices were made using the bias found in the test set accuracy would be only 55▷1ϱ▷ The results in the above table make it clear that the strategies using form and meaning are far more accurate and that combining them leads to coverage and accuracy that would not have been possible using similarity of form alone▷ The pattern of results in these two experiments demonstrates a signiαcant reduction in syntactic mis analyses for this construction as compared to the simple baseline and it conαrms that form meaning and modiαcation relationships all play a role in disambiguation▷ In addition these results conαrm the practical effectiveness of the proposed deαnitions of selectional preference and semantic similarity▷

5▷4 Prepositional Phrase Attachment Prepositional phrase attachment is the paradigm case for discussions of syntactic ambiguity▷ Exam ples ↼170171 172↽ from ↼Church and Patil 1982↽ illustrate both the explosion of analyses as the number of prepositional phrases grows and the need for extrasyntactic constraints to select among them▷ ↼170↽ Put the block ♭on the table♯▷ ↼171↽ a▷ Put the block ♭in the box on the table♯▷ b▷ Put ♭the block in the box♯ on the table▷ ↼172↽ a▷ Put the block ♭♭in the box on the table♯ in the kitchen♯▷ b▷ Put the block ♭in the box ♭on the table♯ in the kitchen♯♯▷ c▷ Put ♭♭the block in the box♯ on the table♯ in the kitchen▷ d▷ Put ♭the block ♭in the box on the table♯♯ in the kitchen▷ e▷ Put ♭the block in the box♯ ♭on the table in the kitchen♯▷ Resolving the ambiguity in this example seems to require information and inferences about the situation since nothing about the lexical items provides constraints on their possible relationships▷ If all attachment ambiguities required that level of knowledge life would indeed be difαcult � Hindle and Rooth ↼1993 p▷ 103↽ comment. ♭One♯ recent proposal suggests that resolving attachment ambiguity requires the construction of a discourse model in which the entities referred to in a text are represented and reasoned about ▷ ▷ ▷ We take this argument to show that reasoning essentially involving reference in a discourse model is implicated in resolving attachment ambiguities in a certain class of cases▷ If this phenomenon is typical there is little hope in the near term for building computational models capable of resolving such ambiguities in unrestricted text▷

Fortunately however lexical relationships can provide a great deal of guidance in attachment decisions even in the absence of discourse context▷ As discussed earlier a study by Whittemore et al▷ ↼1990↽ found lexical preferences to be a strong predictor of attachment as illustrated in ↼173↽ ↼their ↼4↽↽. ↼173↽ a▷ What is the round trip fare for Aer Lingus and for British Airlines from JFK on August 30 to Dublin returning September 21⋆ b▷ What is the round trip ♭fare ▷▷▷ ♭from JFK♯ ♭to Dublin♯ ▷▷▷♯ The example shows that knowledge about preferred prepositions � in this domain relationships like fare from X and fare to Y � sufαces to predict the correct attachments solely on the basis of the lexical items involved▷ 5▷4▷1 Lexical association As mentioned earlier a critical obstacle to using this kind of information on a large scale is the difαculty in acquiring a collection of lexical preference relationships▷ Hindle and Rooth ↼1991, 1993↽ propose to overcome this obstacle using corpusbased lexical cooccurrence statistics▷ The problem setting adopted by Hindle and Rooth is a subcase of the general attachment problem involving a choice between just two attachment sites▷ An Ψinstanceν of ambiguous prepositional phrase attachment in this setting consists of a verb its direct object a preposition and the object of the preposition▷ Furthermore only the heads of the respective phrases are considered, so for example the ambiguous attachment in ↼170↽ would be construed as the 4tuple ↼putblockontable↽▷ Its elements will be called v n1 p and n2 respectively▷ The attachment strategy is based on an assessment of how likely the preposition is given each potential attachment site, that is a comparison of the values p(p|n1) and p(p|v). For (170), one would expect p(on|put) to be greater than p(on|block), reŕecting the intuition that put X on Y is more plausible as a verb phrase than block on Z is as a noun phrase.

Hindle and Rooth extracted their training data from a corpus of Associated Press news stories. A robust parser (Hindle, 1983) was used to construct a table in which each row contains the head noun of each noun phrase, the preceding verb (if the noun phrase was the verb’s direct object), and the following preposition, if any occurred. Attachment decisions for the training data in the table were then made using a heuristic procedure Ð for example, given spare it from, the procedure would count this row as an instance of spare from rather than it from, since a prepositional phrase cannot be attached to a pronoun. Not all the data can be assigned with such certainty: ambiguous cases in the training data were handled either by using statistics collected from the unambiguous cases, by splitting the attachment between the noun and the verb, or by defaulting to attachment to the noun.

Given an instance of ambiguous prepositional phrase attachment from the test set, Hindle and Rooth used a statistical test to assess the direction and signiőcance of the difference between p(p|n1) and p(p|v), a procedure they call lexical association. In (Hindle and Rooth, 1991) they used the t-score (Church et al., 1991) as their test, and in (Hindle and Rooth, 1993) they shifted to a log likelihood ratio. In both the earlier and later versions of the work, the value produced by their test is positive, zero, or negative according to whether p(p|v) is greater, equal to, or less than p(p|n1), respectively, and its magnitude indicates a level of conődence in the signiőcance of this difference.

On a set of test sentences held out from the training data, the lexical association procedure used in (Hindle and Rooth, 1991) (t-score) made the correct attachment 78.3% of the time. For choices with a high level of conődence (magnitude of t greater than 2.1, about 70% of the time), correct attachments were made 84.5% of the time. Using the log likelihood ratio in (Hindle and Rooth, 1993), they obtained a correct decision 79.7% of the time; for high conődence choices (log likelihood ratio greater than 2.0) they obtained 88.7% accuracy at 70.6% coverage.

5.4.2 Prepositional objects

The lexical association strategy performs quite well, despite the fact that the object of the preposition is ignored. However, Hindle and Rooth note that neglecting this information can hurt in some cases. For instance, the lexical association strategy is presented with exactly the same information in (174a) and (174b), and is therefore unable to distinguish them.

(174) a. Britain reopened its embassy in December.

b. Britain reopened its embassy in Teheran.

Furthermore, (Hearst and Church, in preparation) have conducted a pilot study in which human subjects are asked to guess prepositional phrase attachments despite the omission of the direct object, the object of the preposition, or both. The results of this study, though preliminary, suggest that the object of the preposition contributes an amount of information comparable to that contributed by the direct object; more important, for some prepositions, the object of the preposition appears to be more informative.

Thus, there appears to be good reason to incorporate the object of the preposition in lexical association calculations. The difőculty, of course, is that the data are far too sparse to permit the most obvious extension. Attempts to simply compare p(p, n2|n1) against p(p, n2|v) using the t-score fail dismally, and there is no reason to think the log likelihood ratio would fare any better.9

We are faced with a well-known tradeoff: increasing the number of words attended to by a statistical language model will in general tend to increase its accuracy, but doing so increases the number of probabilities to be estimated, leading to the need for larger (and often impractically larger) sets of training data in order to obtain accurate estimates. One option is simply to pay attention to fewer words, as do Hindle and Rooth. Another possibility, however, is to reduce the number of parameters by grouping words into equivalence classes, as discussed, for example, by (Brown et al., 1990). Figure 5.1 illustrates the intuition behind such an approach. Resolving the attachment ambiguity in the őgure, it does not really matter that the particular city is Dallas Ð it could just as easily be any other city, and the attachment decision would be the same. Similarly, the speciőc word staff is not crucial since a number of other related words would produce exactly the same result. These intuitions suggest that the use of classes may be more than a useful engineering solution to the problem of data sparseness Ð the relevant relationships really do seem to obtain not at the lexical level, but at the level of classes or concepts.

5.4.3 Conceptual association

The preceding discussion suggests that class-based statistical relationships of the kind exploited in Section 5.3 may also be useful for prepositional phrase attachment. One might call such a proposal conceptual association: calculating a measure of association using the classes to which the direct object and object of the preposition belong, and selecting the attachment site for which the evidence of association is strongest.

9I attempted this experiment using expected likelihood estimates, as in (Hindle and Rooth, 1991), with data extracted from the Penn Treebank as described below.

a. He ŕies two personal secretaries in from Little Rock to augment his staff in Dallas.

b. ...augment his

√~√√}{{~⌈ ~∐⌉ ^√~ ~√}√ }√~∐{]∐]}{ √~}√⌈~ / /

]{ ∑]√^√~[ ~√⌋~⌈~ ⨂~∐√⌋ }⌈⌉^√ / / /

⨆]~√~ / ⨂}{ ^⌈∐√√~√ ]{ √√~√}√]]}{∐⌈ √[√∐√~ ∐∐^[⌉~{

⋂[~ √~ }~ ^⌈∐√√~√ ]{√}^^~√ } √}√^~√ }~ ∐⌉^]~]/ ⋂[~ ⟩√√/ √[∐√~^ ^ ⌈~]^∐⌈ ∐√√}^]∐]}{/ ]√ }√^ √~{√~ ∐⌉^]~] ⌊√ ∐√ ⌈~]^∐⌈⌈\^∐√~^ ⌉~[}^√ ^}{|∐~ ⌉⌈]√⌈~ √~{√~√ }~ ∐ }√^ ]{} [~ ^}{ }~ ∐ √]{~⌈~ }⌋~{/ [~√~ ~∐^[ }√^ ⌉∐ ^~ ⌉∐√√~^ } ⌉∐{ ^]~~~√~{ ^⌈∐√√~√ ]{ [~ ⋁}√^⨂~ ∐}{}⌉/ ⋃~^}{^/ ~~{ ~}√ ∐ √]{~⌈~ √~{√~/ ∐ }√^ ⌉∐ ^~ ^⌈∐√√]⟩~^ ∐ ⌉∐{ ⌈~~⌈√ }~ ∐^√√∐^]}{ � ~}√ ~∐⌉√⌈~/ ~~{ ]{~√√√~~^ √}⌈~⌈ ∐√ ∐ √[√]^∐⌈ }^⌊~^ {√∐[~√ [∐{ ∐ ⌉}{~∐√ {]}/ √~{{ ⌉∐ ^~ ^∐~~}√]~^ ∐√ ∐ ⟨⌋≀⟩\⇔∋▽̸∄⟩⇔ ⟨⌋⊣∫⟨⇔∋▽̸∞△△⟩⇔ ⟨⇕≀\⌉†⇔∋▽▽̸△∋∃⟩⇔ ⊣\⌈ ∫≀ {≀∇⊔⟨ ≀\ ⊓√ ⊔≀ ⟨√≀∫∫⌉∫∫⟩≀\⇔∞∞▽∈⟩↙ I\ ⊔⟨⌉ ⊣↕}≀∇⟩⊔⟨⇕ ⊔⟨⊣⊔ {≀↕↕≀⊒∫⇔ ⊔⟨⌉ ∫⟩⇕√↕⌉∫⊔ √≀∫∫⟩⌊↕⌉ ⊣√√∇≀⊣⌋⟨ ⊔≀ ⊔⟨⌉∫⌉ ⊣⇕⌊⟩}⊓⟩⊔⟩⌉∫ ⊒⊣∫ ⊔⊣‖⌉\¬ ⌉⊣⌋⟨ ⌋↕⊣∫∫⟩⊘⌋⊣⊔⟩≀\ ≀{ ⊔⟨⌉ \≀⊓\∫ ⟩∫ ⌋≀\∫⟩⌈⌉∇⌉⌈ ⊣∫ ⊣ ∫≀⊓∇⌋⌉ ≀{ ⌉⊑⟩⌈⌉\⌋⌉ ⊣⌊≀⊓⊔ ⊣∫∫≀⌋⟩⊣⊔⟩≀\⇔ ⊣\⌈ ⊔⟨⌉∫⌉ ∫≀⊓∇⌋⌉∫ ≀{ ⌉⊑⟩⌈⌉\⌋⌉ ⌋≀⇕⌊⟩\⌉⌈ ⊔≀ ∇⌉⊣⌋⟨ ⊣ ∫⟩\}↕⌉ ⊣⊔⊔⊣⌋⟨⇕⌉\⊔ ⌈⌉⌋⟩∫⟩≀\↙ A↕}≀∇⟩⊔⟨⇕ ∞↙ G⟩⊑⌉\ (v, n1, p, n2), 1. Let C1 = {c | n1 ∈ ⊒≀∇⌈∫(c)} L⌉⊔ C∈ ℑ {c | n2 ∈ ⊒≀∇⌈∫(c)} = {c2_{,1}, . . . , c2_{,N}} ∈↙ F≀∇ i from 1 to N c1_{,i} = argmax c ∈ C∞ I(c, p, c2_{,i}) 3. For i from 1 to N I^v_i = I(v, p, c2_{,i}) S^v_i = freq(v, p, c2_{,i}) I^v_i

I^n_i = I(c1_{,i}, p, c2_{,i}) S^n_i = freq(c1_{,i}, p, c2_{,i}) I^n_i 4▷ Compute a paired samples ttest for a difference of the means of S n and S v▷ Let Ψconαdenceν be the signiαcance of the test with N − ∞ ⌈⌉}∇⌉⌉∫ ≀{ {∇⌉⌉⌈≀⇕↙ ▽↙ S⌉↕⌉⌋⊔ ⊣⊔⊔⊣⌋⟨⇕⌉\⊔ ⊔≀ \∞ ≀∇ ⊑ ⊣⌋⌋≀∇⌈⟩\} ⊔≀ ⊒⟨⌉⊔⟨⌉∇ ⊔ ⟩∫ √≀∫⟩⊔⟩⊑⌉ ≀∇ \⌉}⊣⊔⟩⊑⌉⇔ ∇⌉∫√⌉⌋⊔⟩⊑⌉↕†↙

∞∞∀ S⊔⌉√ ∞ ≀{ ⊔⟨⌉ ⊣↕}≀∇⟩⊔⟨⇕ ⌉∫⊔⊣⌊↕⟩∫⟨⌉∫ ⊔⟨⌉ ∇⊣\}⌉ ≀{ √≀∫∫⟩⌊↕⌉ ⌋↕⊣∫∫⟩⊘⌋⊣⊔⟩≀\∫ {≀∇ \∞ ⊣\⌈ \∈↙ F≀∇ ⌉§⊣⇕√↕⌉⇔ ⟩{ ⊔⟨⌉ ⊣↕}≀∇⟩⊔⟨⇕ ⟩∫ ⊔∇†⟩\} ⊔≀ ⌈⟩∫⊣⇕⌊⟩}⊓⊣⊔⌉ ⊔⟨⌉ ⌉§⊣⇕√↕⌉ ⟩\ F⟩}⊓∇⌉ ⇐▽↙∞⇒⇔ ⊔⟨⌉ ⊑⌉∇⌊ ⊣⊔⊔⊣⌋⟨⇕⌉\⊔ ⊣⊓}⇕⌉\⊔ ⟩\ D⊣↕↕⊣∫ ⌋⊣\ ⌊⌉ ⌋≀\∫⊔∇⊓⌉⌈ ⊣⌋⌋≀∇⌈⟩\} ⊔≀ ⊔⟨⌉ {≀↕↕≀⊒⟩\} ⊑⊣∇⟩≀⊓∫ ⌋↕⊣∫∫⟩⊘⌋⊣⊔⟩≀\∫ ≀{ D⊣↕↕⊣∫¬ ⊑ √ ⌋∈ ⊣⊓}⇕⌉\⊔ ⟩\ D⊣↕↕⊣∫ ⟨D⊣↕↕⊣∫⟩ ⟨⊓∇⌊⊣\ ⊣∇⌉⊣⟩ ⟨∇⌉}⟩≀\⟩ ⟨}⌉≀}∇⊣√⟨⟩⌋⊣↕ ⊣∇⌉⊣⟩ ⟨⌋⟩⊔†⟩ ⟨↕≀⌋⊣⊔⟩≀\⟩ I\ ∫⊔⌉√ ∈⇔ ⌉⊣⌋⟨ ⌋⊣\⌈⟩⌈⊣⊔⌉ ⌋↕⊣∫∫⟩⊘⌋⊣⊔⟩≀\ {≀∇ \∈ ⟩∫ ⟨⌉↕⌈ ⊘§⌉⌈⇔ ⊣\⌈ ⊣ ⌋↕⊣∫∫⟩⊘⌋⊣⊔⟩≀\ {≀∇ \∞ ⟩∫ ⌋⟨≀∫⌉\ ⊔⟨⊣⊔ ⇕⊣§⟩⇕⟩‡⌉∫ ⊔⟨⌉ ⊣∫∫≀⌋⟩⊣⊔⟩≀\ ⇐⊣∫ ⇕⌉⊣∫⊓∇⌉⌈ ⌊† ⇕⊓⊔⊓⊣↕ ⟩\{≀∇⇕⊣⊔⟩≀\⇒ ⌊⌉⊔⊒⌉⌉\ ⊔⟨⌉ \≀⊓\↖⊣⊔⊔⊣⌋⟨⇕⌉\⊔ ∫⟩⊔⌉ ⊣\⌈ ⊔⟨⌉ √∇⌉√≀∫⟩⊔⟩≀\⊣↕ √⟨∇⊣∫⌉↙ I\ ⌉{{⌉⌋⊔⇔ ⊔⟨⟩∫ ⊣\∫⊒⌉∇∫ ⊔⟨⌉ ∐⊓⌉∫⊔⟩≀\⇔ ⊖I{ ⊒⌉ ⊒⌉∇⌉ ⊔≀ ⌋⊣⊔⌉}≀∇⟩‡⌉ \∈ ⟩\ ⊔⟨⟩∫ ⊒⊣†⇔ ⊒⟨⊣⊔ ⊒≀⊓↕⌈ ⌊⌉ ⊔⟨⌉ ⌊⌉∫⊔ ⌋↕⊣∫∫ ⊔≀ ⊓∫⌉ {≀∇ \∞⊥⪰ ⌋∞ √ ⌋∈ ∫⊔⊣{{ ⟩\ D⊣↕↕⊣∫ ↙ ↙ ⟨∫≀⌋⟩⊣↕ }∇≀⊓√⟩ ⟨{⊣⌋⊓↕⊔†⟩ ⟨⟩⇕√↕⌉⇕⌉\⊔⟩ ⟨∫†⇕⌊≀↕⟩ ⟩\ ⟨∇⌉}⟩≀\⟩ ⟨⌊≀⌈†⟩ ⟨⇕⊓∫⟩⌋⊣↕ \≀⊔⊣⊔⟩≀\⟩ ⟨√⌉∇∫≀\\⌉↕⟩ ⟨⊣∫∫⌉⇕⌊↕⊣}⌉⟩ ↙ ↙ F≀∇ ⌉§⊣⇕√↕⌉⇔ ⟩{ D⊣↕↕⊣∫ ⟩∫ ⌋⊣⊔⌉}≀∇⟩‡⌉⌈ ⟩\ ⌋↕⊣∫∫ ⟨∇⌉}⟩≀\⟩⇔ ⊔⟨⌉\⇔ ≀{ ⊣↕↕ ⊔⟨⌉ ⌋↕⊣∫∫⌉∫ ⊔≀ ⊒⟨⟩⌋⟨ ∫⊔⊣{{ ⌊⌉↕≀\}∫⇔ ⊔⟨⌉ ≀\⌉ ⇕⊣§⟩⇕⟩‡⟩\} ⇕⊓⊔⊓⊣↕ ⟩\{≀∇⇕⊣⊔⟩≀\ ⊒≀⊓↕⌈ ⌊⌉ ⌋⟨≀∫⌉\ � ⟩\ ⊔⟨⟩∫ ⌋⊣∫⌉⇔ ⟨√⌉∇∫≀\\⌉↕⟩↙ T⟨⟩∫ ⟩∫ ⌈≀\⌉ {≀∇ ⌉⊣⌋⟨ ⌋↕⊣∫∫⟩⊘⌋⊣⊔⟩≀\ ≀{ \∈⇔ †⟩⌉↕⌈⟩\} N different classbased interpretations for ↼n1pn2↽. c1 p c2 staff in Dallas ⟨}⊣⊔⟨⌉∇⟩\}⟩ ⟩\ ⟨⌈⊣↕↕⊣∫⟩ ⟨√⌉≀√↕⌉⟩ ⟩\ ⟨⊓∇⌊⊣\ ⊣∇⌉⊣⟩ ⟨√⌉∇∫≀\\⌉↕⟩ ⟩\ ⟨∇⌉}⟩≀\⟩ ⟨√⌉∇∫≀\\⌉↕⟩ ⟩\ ⟨}⌉≀}∇⊣√⟨⟩⌋⊣↕ ⊣∇⌉⊣⟩ ⟨√⌉≀√↕⌉⟩ ⟩\ ⟨⌋⟩⊔†⟩ ⟨√⌉∇∫≀\\⌉↕⟩ ⟩\ ⟨↕≀⌋⊣⊔⟩≀\⟩

∞∞∃ S⊔⌉√∫ ∞ ⊣\⌈ ∈ ∇⌉∫⊓↕⊔ ⟩\ N different classiαcations of the 4tuple according to WordNet classes▷ In Step 3 each of these is given a score evaluating attachment to the verb and a score evaluating attachment to the noun producing a table like the following.10 Classiαcation S^v S^n augment ⟨}⊣⊔⟨⌉∇⟩\}⟩ ⟩\ ⟨⌈⊣↕↕⊣∫⟩ △▽↙▽△ ∋∀↙∞∀ ⊣⊓}⇕⌉\⊔ ⟨√⌉≀√↕⌉⟩ ⟩\ ⟨⊓∇⌊⊣\ ⊣∇⌉⊣⟩ ∈∀↙△ ̸∞∈′′↙∈∞ ⊣⊓}⇕⌉\⊔ ⟨√⌉∇∫≀\\⌉↕⟩ ⟩\ ⟨∇⌉}⟩≀\⟩ ∈∋↙∋∀ ∋∞△↙∉ ⊣⊓}⇕⌉\⊔ ⟨√⌉∇∫≀\\⌉↕⟩ ⟩\ ⟨}⌉≀↙ ⊣∇⌉⊣⟩ ∈↙̸∀′ ∞′↙̸′▽ ⊣⊓}⇕⌉\⊔ ⟨√⌉≀√↕⌉⟩ ⟩\ ⟨⌋⟩⊔†⟩ ∈∀↙∞̸ ∞∞∞̸↙∈∈ ⊣⊓}⇕⌉\⊔ ⟨√⌉∇∫≀\\⌉↕⟩ ⟩\ ⟨↕≀⌋⊣⊔⟩≀\⟩ ∈∈↙∀∋ ∋∈′↙∀▽ I\ ⊔⟨⌉ ⊣⌊∫⌉\⌋⌉ ≀{ ∫⌉\∫⌉ ⌈⟩∫⊣⇕⌊⟩}⊓⊣⊔⟩≀\⇔ ⊔⟨⌉∇⌉ ⟩∫ \≀ ⊒⊣† ⊔≀ ⊔⌉↕↕ ⊒⟨⟩⌋⟨ ⌋↕⊣∫∫⟩⊘⌋⊣⊔⟩≀\ ≀{ ⊔⟨⌉ \≀⊓\∫ ⟩∫ ⇕≀∫⊔ ⊣√√∇≀√∇⟩⊣⊔⌉¬ ⊔⟨⌉ ⌊⌉∫⊔ ≀\⌉ ⌋⊣\ ⌈≀ ⊓\⌈⌉∇ ⊔⟨⌉ ⌋⟩∇⌋⊓⇕∫⊔⊣\⌋⌉∫ ⟩∫ ⊔≀ ⊣∫‖ ⊒⟨⌉⊔⟨⌉∇ ≀\⌉ ⊣⊔⊔⊣⌋⟨⇕⌉\⊔ ⊔⌉\⌈∫ ⊔≀ ∫⌋≀∇⌉ ⟨⟩}⟨⌉∇ ⊔⟨⊣\ ⊔⟨⌉ ≀⊔⟨⌉∇ ⊣⌋∇≀∫∫ ⊔⟨⌉ ⌈⟩{{⌉∇⌉\⊔ ⌋↕⊣∫∫⟩⊘⌋⊣⊔⟩≀\∫↙ S⊔⌉√ △ ⟩⇕√↕⌉⇕⌉\⊔∫ ⊣\ ⌉§⊔∇⌉⇕⌉↕† ⌊∇⊓⊔⌉↖{≀∇⌋⌉ ⊒⊣† ≀{ ⊣∫‖⟩\} ⊔⟨⟩∫ ∐⊓⌉∫⊔⟩≀\¬ ⊣ ⊔↖⊔⌉∫⊔ {≀∇ ⊔⟨⌉ ⌈⟩{{⌉∇⌉\⌋⌉ ≀{ ⊔⟨⌉ ⇕⌉⊣\∫ ⟩∫ √⌉∇{≀∇⇕⌉⌈⇔ ⊔∇⌉⊣⊔⟩\} S^n and S^v as paired samples ↼see e▷g▷ ↼Woods Fletcher and Hughes 1986↽↽▷ In step 5 the resulting value of t determines the choice of attachment site as well as an estimate of how signiαcant the difference is between the two alternatives▷ ↼For this example t(3) = 3.57, p < 0.05 yielding the correct choice of attachment▷↽

In addition to evaluating the performance of the conceptual association strategy in isolation it is natural to combine the predictions of the lexical and conceptual association strategies to make a single prediction▷ Although bettermotivated strategies for combining the predictions of multiple models do exist ↼e▷g▷ ↼Jelinek and Mercer 1980, Katz 1987↽↽ a simpler Ψbacking offν style procedure has been pursued here▷ The central idea behind backing off is to use the model making the most accurate predictions αrst even if its coverage is poor, in cases where the more accurate model fails to apply ↼or makes a lowconαdence decision↽ the less accurate model can be used▷ Algorithm 2▷ Given (v, n1, p, n2), 1. Calculate an attachment decision using lexical association (t-score). 2. If conődent (|t| > 2.1↽ use this decision▷ 3▷ Otherwise calculate an attachment using conceptual association 10The score used here is quite similar though not identical to selectional association of the verb and noun for the prepositional phrase▷ That would be computed as A(c1, p, c2) = freq(p, c2|c1)I(c1, p, c2) ∑ p^0,c2^{0 freq}(p^0, c2^0|c1)I(c1, p^0, c2^0) ,

whereas this score weights mutual information by the joint rather than the conditional probability ↼frequency↽ and does not normalize. Sn = freq(c1, p, c2)I(c1, p, c2). I used weighted mutual information primarily because it was more straightforward to implement and because it can be viewed simply as using mutual information together with an added factor to give more weight to higherfrequency ↼and hence more reliable↽ co occurrences▷ However using selectional association would be more consistent with the rest of the dissertation and is a topic for future study▷

4▷ If conαdent ↼p < 0.1↽ use this decision, 5▷ Otherwise ↼a↽ If conαdent decisions only are required make no decision▷ ↼b↽ If a decision is needed in every case use the choice made in step 3▷ ↼Note. in earlier work ↼Resnik and Hearst 1993, Resnik 1993↽ backing off was done from conceptual association to lexical association rather than vice versa by analogy with backing off from bigrams to trigrams▷ The poorer results reported in that work reβect the fact that although conceptual association gains information by paying attention to the object of the preposition it sacriαces accuracy by abstracting to classes▷↽

5▷4▷4 Experimental results Quantitative evaluation An experiment was conducted to evaluate the performance of the lexical association conceptual association and backing off strategies▷ The corpus used was a collection of parses from articles in the 1988δ89 Wall Street Journal found as part of the Penn Treebank▷ This corpus is an order of magnitude smaller than the one used by Hindle and Rooth in their experiments but it provides considerably less noisy data since parse trees have been produced automatically by the Fidditch parser ↼Hindle 1983↽ and then corrected by hand▷ A test set of 201 ambiguous prepositional phrase attachment instances was set aside▷ After acquiring attachment choices on these instances from a separate judge ↼who used the full sentence context in each case↽ the test set was reduced by eliminating sentences for which the separate judge disagreed with the Treebank leaving a test set of 174 instances▷11 Lexical counts for relevant prepositional phrase attachments ↼vpn2 and n1pn2↽ were extracted from the parse trees in the corpus, in addition by analogy with Hindle and Roothφs training procedure instances of verbs and nouns that did not have a prepositional phrase attached were counted as occurring with the Ψnull prepositional phrase▷ν A set of cleanup steps included reducing verbs and nouns to their root forms mapping to lowercase substituting the word someone for nouns not in WordNet that were partofspeechtagged as proper names substituting the word amount for the token ϱ ↼this appeared as a head noun in phrases such as rose 10 ϱ↽ and expanding month abbreviations such as Jan▷ to the full month name▷ When each strategy was required to make a choice regardless of level of conαdence the results were as follows. STRATEGY ACCURACY ↼ϱ↽ COVERAGE ↼ϱ↽ LA 81▷6 100▷0 CA 79▷3 100▷0 COMBINED 83▷9 100▷0 When each strategy was permitted to make a choice only when conαdent the results were as follows. 11Of the 348 nouns appearing as part of the test set 12 were not covered by WordNet , these were classiαed by default as members of the WordNet class ⟨⌉\⊔⟩⊔†⇔∈∋∀∋⟩↙

∞∈∞ STRATEGY ACCURACY ⇐↗⇒ COVERAGE ⇐↗⇒ LA ∃∈↙∋ ▽∈↙∋ CA ∀∋↙∃ ↙̸∀ BACKING OFF ∀∀↙▽ ∃↙∃ T⟨⌉ ∇⌉∫⊓↕⊔∫ ⊣⊔ ∞′′↗ ⌋≀⊑⌉∇⊣}⌉ ∫⊓}}⌉∫⊔ ⊔⟨⊣⊔ ⌋≀\⌋⌉√⊔⊓⊣↕ ⊣∫∫≀⌋⟩⊣⊔⟩≀\ ⊣↕≀\⌉ ⟩∫ \≀⊔ ⊔⊣‖⟩\} {⊓↕↕ ⊣⌈⊑⊣\⊔⊣}⌉ ≀{ ⊔⟨⌉ ⊣⌈⌈⟩⊔⟩≀\⊣↕ ⟩\{≀∇⇕⊣⊔⟩≀\ ⟩⊔ ⟨⊣∫ ⊣∫ ⌋≀⇕√⊣∇⌉⌈ ⊔≀ ↕⌉§⟩⌋⊣↕ ⊣∫∫≀⌋⟩⊣⊔⟩≀\∅ ∇⌉⊣∫≀\∫ {≀∇ ⊔⟨⟩∫ ⊣∇⌉ ⌈⟩∫⌋⊓∫∫⌉⌈ ⌊⌉↕≀⊒↙ W⟨⌉\ ↕⌉⊑⌉↕∫ ≀{ ⌋≀\⊘⌈⌉\⌋⌉ ⊣∇⌉ ⊔⊣‖⌉\ ⟩\⊔≀ ⊣⌋⌋≀⊓\⊔⇔ ⟩⊔ ⟩∫ ⌉⊑⟩⌈⌉\⊔ ⊔⟨⊣⊔ ⌋≀\⌋⌉√⊔⊓⊣↕ ⊣∫∫≀⌋⟩⊣⊔⟩≀\ ⟩\⌋∇⌉⊣∫⌉∫ ⌋≀⊑⌉∇⊣}⌉ ⇐⌊† ⊣⌊≀⊓⊔ ∋′↗⇒ ⊣⊔ ∫≀⇕⌉ ⌋≀∫⊔ ⊔≀ ⊣⌋⌋⊓∇⊣⌋† ⇐⊣⌊≀⊓⊔ ∃↗⇒↙ C≀⇕⌊⟩\⟩\} ⊔⟨⌉ ⊔⊒≀ ∫⊔∇⊣⊔⌉}⟩⌉∫ ⊣√√⌉⊣∇∫ ⊔≀ ⌊⌉ ⊣ ∫⊓⌋⌋⌉∫∫{⊓↕ ⊒⊣† ⊔≀ ≀{{∫⌉⊔ ⊔⟨⌉ ↕≀∫∫⌉∫ ⟩\ ⊔⟨⟩∫ ⊔∇⊣⌈⌉≀{{¬ ⊔⟨⌉ ↕≀∫∫ ≀{ ⊣⌋⌋⊓∇⊣⌋† ⇐⊣⌊≀⊓⊔ △↗⇒ ⟩∫ ⊣ ∇⌉↕⊣⊔⟩⊑⌉↕† ∫⇕⊣↕↕ √∇⟩⌋⌉ ⊔≀ √⊣† {≀∇ ⟩\⌋∇⌉⊣∫⟩\} ⌋≀⊑⌉∇⊣}⌉ ⌊† ⇕≀∇⌉ ⊔⟨⊣\ ⟨⊣↕{ ⇐▽∋↗⇒↙ A↕⊔⟨≀⊓}⟨ ⟩⊔ ⟩∫ ⌈⟩{⊘⌋⊓↕⊔ ⊔≀ ⇕⊣‖⌉ ⌋≀⇕√⊣∇⟩∫≀\∫ ⌊⌉⊔⊒⌉⌉\ ⌉§√⌉∇⟩⇕⌉\⊔∫ ⊓∫⟩\} ⌈⟩{{⌉∇⌉\⊔ ∫⌉⊔∫ ≀{ ⊔∇⊣⟩\⟩\} ⊣\⌈ ⊔⌉∫⊔ ⌈⊣⊔⊣⇔ ⟩⊔ ⟩∫ ⊒≀∇⊔⟨ \≀⊔⟩\} ⊔⟨⊣⊔ ⊔⟨⌉ √⌉∇{≀∇⇕⊣\⌋⌉ ≀{ ↕⌉§⟩⌋⊣↕ ⊣∫∫≀⌋⟩⊣⊔⟩≀\ ⟩\ ⊔⟨⟩∫ ⌉§√⌉∇⟩⇕⌉\⊔ ⟩∫ ⌋≀⇕√⊣∇⊣⌊↕⌉ ⊒⟩⊔⟨ ⊔⟨⌉ ∇⌉⌋⌉\⊔ ∇⌉∫⊓↕⊔∫ ∇⌉√≀∇⊔⌉⌈ ⟩\ ⇐H⟩\⌈↕⌉ ⊣\⌈ R≀≀⊔⟨⇔ ∞∃∃∋⇒ � ⟩\ √⊣∇⊔⟩⌋⊓↕⊣∇⇔ ⊔⟨⌉† ∇⌉√≀∇⊔ ∃∈↙∋↗ ⊣⌋⌋⊓∇⊣⌋† ⊒⟩⊔⟨ ▽△↙∋↗ ≀{ ⊔⟨⌉ ⊔⌉∫⊔ ⌋⊣∫⌉∫ ⌋≀⊑⌉∇⌉⌈↙ O\ ⊔⟨⌉⟩∇ √∇⌉⌋⟩∫⟩≀\↖∇⌉⌋⊣↕↕ ⌋⊓∇⊑⌉⇔ ⊔⟨⌉⟩∇ ⌋≀⊑⌉∇⊣}⌉ ⊣⊔ ∀∀↙↗ ⊣⌋⌋⊓∇⊣⌋† ⟩∫ ′↙↗̸↙

Q⊓⊣↕⟩⊔⊣⊔⟩⊑⌉ ⌉⊑⊣↕⊓⊣⊔⟩≀\ T⟨⌉ ∐⊓⊣\⊔⟩⊔⊣⊔⟩⊑⌉ ∇⌉∫⊓↕⊔∫ ∇⌉√≀∇⊔⌉⌈ ⟨⌉∇⌉ ⌋≀⊓↕⌈ ⌊⌉ ⌋≀\∫⟩⌈⌉∇⌉⌈ ⌉∐⊓⟩⊑≀⌋⊣↕¬ ⊓∫⟩\} ⌋↕⊣∫∫↖⌊⊣∫⌉⌈ ∫⊔⊣⊔⟩∫⊔⟩⌋∫ ⊣√√⌉⊣∇∫ ⊔≀ √∇≀⊑⟩⌈⌉ ∫⟩}\⟩⊘⌋⊣\⊔ ⟩⇕√∇≀⊑⌉⇕⌉\⊔∫ ⟩\ ⊔⟨⌉ ⌋≀⊑⌉∇⊣}⌉∝⊣⌋⌋⊓∇⊣⌋† ⊔∇⊣⌈⌉≀{{⇔ ⌊⊓⊔ ≀\↕† ⊣ ⇕⊣∇}⟩\⊣↕ ⟩\⌋∇⌉⊣∫⌉ ⊣⊔ ∞′′↗ ⌋≀⊑⌉∇⊣}⌉⇔ ⊣⊔ ⊔⟨⌉ ⌋≀∫⊔ ≀{ ⊣ {⊣⟩∇ ⊣⇕≀⊓\⊔ ≀{ ⌉§⊔∇⊣ ⇕⊣⌋⟨⟩\⌉∇†↙ T⟨⌉∇⌉ ⊣∇⌉ ∫⌉⊑⌉∇⊣↕ ∇⌉⊣∫≀\∫ ⊔⟨⟩∫ ⇕⊣† ⌊⌉ ⊔⟨⌉ ⌋⊣∫⌉↙ T⟨⌉ ⇕≀∫⊔ ≀⌊⊑⟩≀⊓∫ √∇≀⌊↕⌉⇕ ⊒⟩⊔⟨ ⌋≀\⌋⌉√⊔⊓⊣↕ ⊣∫∫≀⌋⟩⊣⊔⟩≀\ ⊣∫ ⟩⇕√↕⌉⇕⌉\⊔⌉⌈ ⟨⌉∇⌉ ⟩∫ ⊔⟨⌉ ⌋⊣⊑⊣↕⟩⌉∇ ⊒⊣† ⟩⊔ ⟨⊣\⌈↕⌉∫ ⇕⊓↕⊔⟩√↕⌉ ⌋↕⊣∫∫ ⇕⌉⇕⌊⌉∇∫⟨⟩√↙ A↕⊔⟨≀⊓}⟨ ⊔⟨⌉ ⌋↕⊣∫∫ {≀∇ \∞ ⟩∫ ⌋⟨≀∫⌉\ ⊒⟩⊔⟨ ⊣⊔⊔⌉\⊔⟩≀\ ⊔≀ ⊔⟨⌉ √∇⌉√≀∫⟩⊔⟩≀\⊣↕ √⟨∇⊣∫⌉ ⇐∫⊔⌉√ ∈ ≀{ A↕}≀∇⟩⊔⟨⇕ ∞⇒⇔ ⊣↕↕ √≀∫∫⟩⌊↕⌉ ⌋↕⊣∫∫⌉∫ ⊔≀ ⊒⟨⟩⌋⟨ \∈ ⇕⟩}⟨⊔ ⌊⌉↕≀\} ⊣∇⌉ ⌋≀\∫⟩⌈⌉∇⌉⌈⇔ ⊣\⌈ ⊒≀∇∫⌉⇔ ⊒⌉⟩}⟨⊔⌉⌈ ⊔≀}⌉⊔⟨⌉∇ ⌉∐⊓⊣↕↕† ⊓∫⟩\} ⊔⟨⌉ √⊣⟩∇⌉⌈ ⊔↖⊔⌉∫⊔↙ A∫ ⊣ ∇⌉∫⊓↕⊔⇔ ⊣↕⊔⟨≀⊓}⟨ ⊣⌊∫⊔∇⊣⌋⊔⟩≀\ ⊔≀ ⌋↕⊣∫∫⌉∫ ⇕⊣† ⌊⌉ ⟨⌉↕√⟩\} ⊒⟩⊔⟨ ⌈⊣⊔⊣ ∫√⊣∇∫⌉\⌉∫∫⇔ ⟩⊔ ⟩∫ ⊣↕∫≀ ⊔⟨∇≀⊒⟩\} ⟩\ ⊣ ⊑⊣∫⊔ ⊣⇕≀⊓\⊔ ≀{ \≀⟩∫⌉⇔ ≀{⊔⌉\ ∫≀ ⇕⊓⌋⟨ ⊔⟨⊣⊔ ⊔⟨⌉ ∇⌉↕⌉⊑⊣\⊔ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√∫ ⊣∇⌉ ≀⊑⌉∇⊒⟨⌉↕⇕⌉⌈↙ ⇐∞▽⇒ ⊣↙ A\≀⊔⟨⌉∇ ⇕⊣|≀∇ ⊔∇⟩⌋‖ ⟩\ ⇕⊣‖⟩\} ⊣ √≀∇⊔{≀↕⟩≀ ∇⌉⌋⌉∫∫⟩≀\↖∇⌉∫⟩∫⊔⊣\⊔ ⟩∫ ⌋⟨≀≀∫⟩\} ∫⊔≀⌋‖∫ ⟩\ ⊖⌈⌉{⌉\∫⟩⊑⌉⪰ ⟩\⌈⊓∫⊔∇⟩⌉∫↙ ⌊↙ B⟩} ⟩\⊑⌉∫⊔⇕⌉\⊔∫ ⟩\ ⊖⌈≀⇕⌉∫⊔⟩⌋⪰ ⟩\⌈⊓∫⊔∇⟩⌉∫ ∫⊓⌋⟨ ⊣∫ ⌊⌉⌉∇ ⊒⟩↕↕ ⇕⊣‖⌉ ⟩⊔ ⌉⊑⌉\ ⊔≀⊓}⟨⌉∇ {≀∇ {≀∇⌉⟩}\ ⌋≀⇕√⌉⊔⟩⊔≀∇∫ ⊔≀ ⌋∇⊣⌋‖ ⊔⟨⌉ J⊣√⊣\⌉∫⌉ ⇕⊣∇‖⌉⊔↙ ⌋↙ T⟨⌉ √⌉≀√↕⌉ ⊒⟩⊔⟨ ⊣ ∫⊔⊣‖⌉ ⟩\ N⌉⊑⊣⌈⊣≃∫ }⊣⇕⌊↕⟩\} ⟩\⌈⊓∫⊔∇† ⌊⌉↕⟩⌉⊑⌉ ⊔⟨⊣⊔ ⊔⟨⌉† ⟨⊣⊑⌉ ⌊⊣∇⌉↕† ⊔⊣√√⌉⌈ ⊔⟨⌉ √≀⊔⌉\⊔⟩⊣↕↕† ⟨⊓}⌉ {⊣⇕⟩↕† ⊔∇⊣⌈⌉↙ C≀\∫⟩⌈⌉∇ ⌉§⊣⇕√↕⌉ ⇐∞▽⊣⇒↙ A↕⊔⟨≀⊓}⟨ ⊔⟨⌉ √∇⌉√≀∫⟩⊔⟩≀\⊣↕ √⟨∇⊣∫⌉ ⟩\ ⟩\⌈⊓∫⊔∇† \⌉⊑⌉∇ ≀⌋⌋⊓∇∫ ⊣⊔⊔⊣⌋⟨⌉⌈ ⊔≀ ⌉⟩⊔⟨⌉∇ ⌋⟨≀≀∫⌉ ≀∇ ∫⊔≀⌋‖ ⟩\ ⊔⟨⌉ WSJ ⊔∇⊣⟩\⟩\} ⌈⊣⊔⊣⇔ ⌉⊑⟩⌈⌉\⌋⌉ {∇≀⇕ ∫⌉\⊔⌉\⌋⌉∫ ↕⟩‖⌉ ⇐∞▽⌊⇒ ⊣\⌈ ⇐∞▽⌋⇒ √∇≀⊑⟩⌈⌉ ⌉⊑⟩⌈⌉\⌋⌉ ⊔⟨⊣⊔ ⟩⊔ ⌋⊣\ ⌊⌉ ⊣⊔⊔⊣⌋⟨⌉⌈ ⊔≀ ≀⊔⟨⌉∇ \≀⊓\∫ ↕⟩‖⌉ ⟩\⊑⌉∫⊔⇕⌉\⊔ ⊣\⌈ ∫⊔⊣‖⌉ ⟨⊣⊑⟩\} ∫≀⇕⌉⊔⟨⟩\} ⟩\ ⌋≀⇕⇕≀\ ⊒⟩⊔⟨ ∫⊔≀⌋‖ � ∫≀⇕⌉⊔⟨⟩\} ⊔⟨⊣⊔ ⟩∫ ⌋⊣√⊔⊓∇⌉⌈ ⌊† ⊔⟨⌉ {≀↕↕≀⊒⟩\} ∫⌋≀∇⌉∫¬ ⊑ ⌋∞ √ ⌋∈ S^v S^n choose ⟨⊣∫∫⌉⊔⟩ ⟩\ ⟨⌉\⊔⌉∇√∇⟩∫⌉⟩ ∞∃↙∀▽ ∀∋∃↙△△ ⌋⟨≀≀∫⌉ ⟨⊣∫∫⌉⊔⟩ ⟩\ ⟨≀∇}⊣\⟩‡⊣⊔⟩≀\⟩ ∞↙̸∋ ̸∞′∀△↙▽ ⌋⟨≀≀∫⌉ ⟨⊣∫∫⌉⊔⟩ ⟩\ ⟨∫≀⌋⟩⊣↕ }∇≀⊓√⟩ ∞▽↙′∈ ∞∞∀△↙∉

∞∈∈ U\{≀∇⊔⊓\⊣⊔⌉↕†⇔ ⊔⟨⌉ ⌋⟨≀⟩⌋⌉ ≀{ ⊣⊔⊔⊣⌋⟨⇕⌉\⊔ ⟩\ ⊔⟨⟩∫ ⟩\∫⊔⊣\⌋⌉ ⊣↕∫≀ ⌉\⌈∫ ⊓√ ⌊⌉⟩\} ⟩\⊙⊓⌉\⌋⌉⌈ ⌊† ⊣ ⟨≀∫⊔ ≀{ ≀⊔⟨⌉∇ ⌋≀⇕√↕⌉⊔⌉↕† ⟩∇∇⌉↕⌉⊑⊣\⊔ ∫⌉\∫⌉∫ ≀{ ⟩\⌈⊓∫⊔∇†↙ T⟨⌉∫⌉ ⟩\⌋↕⊓⌈⌉ ⟩\⊔⌉∇√∇⌉⊔⊣⊔⟩≀\∫ ∫†\≀\†⇕≀⊓∫ ⊒⟩⊔⟨ ⊔⟨⌉ ∐⊓⊣↕⟩⊔† ≀{ ⟩\⌈⊓∫⊔∇⟩≀⊓∫\⌉∫∫⇔ ≀∇ ⊒⟩⊔⟨ ⊔⟨⌉ ⊣⌋⊔⟩⊑⟩⊔† ≀{ ⇕⊣‖⟩\} }≀≀⌈∫ ∇⊣⊔⟨⌉∇ ⊔⟨⊣\ ⊔⟨⌉ ≀∇}⊣\⟩‡⊣⊔⟩≀\∫ ⊔⟨⊣⊔ ⌉\}⊣}⌉ ⟩\ ⊔⟨⊣⊔ ⊣⌋⊔⟩⊑⟩⊔†↙

⌋∞ √ ⌋∈ S^v S^n ⟨⊣⌋⌋⊓⇕⊓↕⊣⊔⟩≀\⟩ ⟩\ ⟨⟩\⌈⊓∫⊔∇⟩≀⊓∫\⌉∫∫⟩ ∋∈↙△′ ▽↙′△ ⟨⊣∫∫⌉⊔⟩ ⟩\ ⟨⊔∇⊣⟩⊔⟩ ∈∞↙′△ ∞∃∋↙∃ ⟨⌋⟨⊣\}⌉ ≀{ ⇕⊣}\⟩⊔⊓⌈⌉⟩ ⟩\ ⟨}∇≀⊓√ ⊣⌋⊔⟩≀\⟩ ▽▽′↙▽▽ ▽∋△↙∃∃ ⟨⌋⟨⊣\}⌉ ≀{ ⇕⊣}\⟩⊔⊓⌈⌉⟩ ⟩\ ⟨⊣⊔⊔∇⟩⌊⊓⊔⌉⟩ ∞′∀↙▽ ∞′∈↙̸ ⟨⟩\⌋∇⌉⊣∫⌉⟩ ⟩\ ⟨⊣⌊∫⊔∇⊣⌋⊔⟩≀\⟩ ∞∋′∈↙∞∋ ∞∈∃∞↙∀̸

A↕⊔⟨≀⊓}⟨ ⟩\ ⊔⟨⟩∫ ⌋⊣∫⌉ ⌋≀\⌋⌉√⊔⊓⊣↕ ⊣∫∫≀⌋⟩⊣⊔⟩≀\ ⇕⊣‖⌉∫ ⊔⟨⌉ ⌋≀∇∇⌉⌋⊔ ⌋⟨≀⟩⌋⌉ ⌈⌉∫√⟩⊔⌉ ∫⊓⌋⟨ ⟩\⊔⌉∇{⌉∇⌉\⌋⌉⇔ ⟩∇∇⌉↕⌉⊑⊣\⊔ ⌋↕⊣∫∫⌉∫ ⊣∇⌉ ⟨⊣⊑⟩\} ⊣ ∫⟩}\⟩⊘⌋⊣\⊔ ⟩⇕√⊣⌋⊔ ≀\ ⊔⟨⌉ ⌉§√⌉∇⟩⇕⌉\⊔⊣↕ ∇⌉∫⊓↕⊔∫↙ A ∫⌉⌋≀\⌈ ⊓\⌈⌉∫⟩∇⊣⌊↕⌉ ⌉{{⌉⌋⊔ ≀{ ⊔⟨⌉ √⊣⟩∇⌉⌈ ⊔↖⊔⌉∫⊔ ⟩∫ ⊔⟨⌉ ⟩⇕√⊣⌋⊔ ⊔⟨⊣⊔ ⊔⟨⌉ \⊓⇕⌊⌉∇ ≀{ ⌈⟩{{⌉∇⌉\⊔ ⌋↕⊣∫∫ ⇕⌉⇕⌊⌉∇∫⟨⟩√∫ {≀∇ \∈ ⟨⊣∫ ≀\ ⌋≀\⊘⌈⌉\⌋⌉↙ T⟨⌉ ∫⟩}\⟩⊘⌋⊣\⌋⌉ ≀{ ⊣ }⟩⊑⌉\ ⊑⊣↕⊓⌉ ≀{ t is calculated according to the number of degrees of freedom in the data � the larger the sample the more degrees of freedom and the lower t has to be in order to achieve signiαcance▷ As the previous example illustrates irrelevant class memberships already bring noise to the comparison between the two attachment sites, simply by virtue of their number they also tend to inβate conαdence▷ Finally the use of mutual information as an association measure and the weighting of the mutual information score in order to bias the computation in favor of large counts warrant further consideration � mutual information has been criticized for among other things its poor behavior given low frequencies and alternative measures of association may prove better▷

On the positive side it is clear that class information is providing some measure of resistance to sparseness of data▷ As mentioned earlier adding the object of the preposition without using noun classes leads to hopelessly sparse data � yet the performance of the conceptual association strategy is far from hopeless▷ In addition examination of what the conceptual association strategy actually did shows that the relationships being discovered are intuitively plausible � as for example in ↼175a↽ above where stock stake and investment could all reasonably be viewed as assets or resources▷ Similarly although staff belongs to 25 classes in WordNet � including ⟨⇕⊓∫⟩⌋⊣↕ \≀⊔⊣⊔⟩≀\⇔∈∋∋∈▽∈∀⟩ ⊣\⌈ ⟨∇≀⌈⇔∞∞̸∋∈∃⟩⇔ {≀∇ ⟩\∫⊔⊣\⌋⌉ � ⊣ ∫⊔⊣{{ ⟩\ D⊣↕↕⊣∫ ⟩∫ ⌋≀\∫⟩∫⊔⌉\⊔↕† ⟩\⊔⌉∇√∇⌉⊔⌉⌈ ⊣∫ ⌈⌉∫⌋∇⟩⌊⟩\} ⊣ }∇≀⊓√ ≀{ √⌉∇∫≀\\⌉↕ ≀∇ √⌉≀√↕⌉↙ I ⊒≀⊓↕⌈ ⊣∇}⊓⌉ ⊔⟨⊣⊔ ⊔⟨⌉ ∐⊓⊣\⊔⟩⊔⊣⊔⟩⊑⌉ ⊣\⌈ ∐⊓⊣↕⟩⊔⊣⊔⟩⊑⌉ {⊣⌋⊔∫⇔ ⊔⊣‖⌉\ ⊔≀}⌉⊔⟨⌉∇⇔ ∫⟨≀⊒ ⊔⟨⊣⊔ ⌋≀\⌋⌉√⊔⊓⊣↕ ⊣∫∫≀⌋⟩⊣⊔⟩≀\ ⟩∫ ⊣ }≀≀⌈ ∫⊔⊣∇⊔⟩\} √≀⟩\⊔ {≀∇ {⊓∇⊔⟨⌉∇ ⊒≀∇‖ ≀\ ⌊∇≀⊣⌈↖⌋≀⊑⌉∇⊣}⌉ ⊣√√↕⟩⌋⊣⊔⟩≀\ ≀{ ⌋↕⊣∫∫↖⌊⊣∫⌉⌈ ∫⊔⊣⊔⟩∫⊔⟩⌋⊣↕ ⌈⟩∫⊣⇕⌊⟩}⊓⊣⊔⟩≀\ ∫⊔∇⊣⊔⌉}⟩⌉∫↙ T⟨⌉ ⌋⌉\⊔∇⊣↕ ≀⌊∫⊔⊣⌋↕⌉ ⊔≀ ⟩⇕√∇≀⊑⌉⌈ √⌉∇{≀∇⇕⊣\⌋⌉ ⊣√√⌉⊣∇∫ ⊔≀ ⌊⌉ ⊣⇕⌊⟩}⊓⟩⊔† ≀{ ⌋↕⊣∫∫ ⇕⌉⇕⌊⌉∇∫⟨⟩√⇔ ⊣\⌈ ⌈⌉⊔⌉∇⇕⟩\⊣⊔⟩≀\ ≀{ ⌋↕⊣∫∫ ⇕⌉⇕⌊⌉∇∫⟨⟩√ ⟩∫ ⊣ ⊔≀√⟩⌋ ⊔⟨⊣⊔ ∫⟨≀⊒∫ ∫⟩}\∫ ≀{ †⟩⌉↕⌈⟩\} ⊔≀ ⌊∇≀⊣⌈↖⌋≀⊑⌉∇⊣}⌉ ∫⊔⊣⊔⟩∫⊔⟩⌋⊣↕ ⊔⌉⌋⟨\⟩∐⊓⌉∫ ⇐G⊣↕⌉⇔ C⟨⊓∇⌋⟨⇔ ⊣\⌈ Y⊣∇≀⊒∫‖†⇔ ∞∃∃∈⊣∅ Y⊣∇≀⊒∫‖†⇔ ∞∃∃∈∅ Y⊣∇≀⊒∫‖†⇔ ∞∃∃∋∅ D⊣}⊣\ ⊣\⌈ I⊔⊣⟩⇔ ⊔≀ ⊣√√⌉⊣∇⇒↙

∞∈∋ ▽↙△↙▽ R⌉↕⊣⊔⟩≀\ ⊔≀ ≀⊔⟨⌉∇ ⊒≀∇‖ A \⊓⇕⌊⌉∇ ≀{ ≀⊔⟨⌉∇ ∇⌉∫⌉⊣∇⌋⟨⌉∇∫ ⟨⊣⊑⌉ ∇⌉⊣⌋⟨⌉⌈ ⇕⊓⌋⟨ ⊔⟨⌉ ∫⊣⇕⌉ ⌋≀\⌋↕⊓∫⟩≀\∫ √∇⌉∫⌉\⊔⌉⌈ ⟨⌉∇⌉¬ ⊔⟨⌉∇⌉ ⟩∫ ⊣ }∇⌉⊣⊔ ⌈⌉⊣↕ ≀{ ⊣⌈⊑⊣\⊔⊣}⌉ ⊔≀ ⌊⌉ }⊣⟩\⌉⌈ {∇≀⇕ ⌋≀⇕⌊⟩\⟩\} ⌋≀∇√⊓∫↖⌊⊣∫⌉⌈ ↕⌉§⟩⌋⊣↕ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√∫ ⊒⟩⊔⟨ ⊣ ⇕≀⌈⌉↕ ≀{ ⊒≀∇⌈ ⌋↕⊣∫∫ ⇕⌉⇕⌊⌉∇∫⟨⟩√↙ I\ ⊔⟨⌉ ⌋≀\⌋↕⊓⌈⟩\} √⊣∇⊔ ≀{ ⊔⟨⟩∫ ∫⌉⌋⊔⟩≀\ I ⌈⟩∫⌋⊓∫∫ ∫⌉⊑⌉∇⊣↕ ⌉§⊣⇕√↕⌉∫ ≀{ ∫⊓⌋⟨ ⊒≀∇‖ ⌊⌉⟩\} ⊣√√↕⟩⌉⌈ ⊔≀ √∇≀⌊↕⌉⇕∫ ⟩\ ⊣⇕⌊⟩}⊓⟩⊔† ∇⌉∫≀↕⊓⊔⟩≀\↙ W⌉⟩∫⌋⟨⌉⌈⌉↕ ⌉⊔ ⊣↕↙ ⇐∞∃∀∃∅ ∞∃∃∞⇒ ⟨⊣⊑⌉ ⟩\⊑⌉∫⊔⟩}⊣⊔⌉⌈ ⊔⟨⌉ ⊓∫⌉ ≀{ ⊣ ⟨⊣\⌈↖⌋≀\∫⊔∇⊓⌋⊔⌉⌈⇔ ⌈≀⇕⊣⟩\↖∫√⌉⌋⟩⊘⌋ ⊔⊣§↖ ≀\≀⇕† ⊔≀}⌉⊔⟨⌉∇ ⊒⟩⊔⟨ ⌋≀∇√⊓∫ ⌈⊣⊔⊣ {∇≀⇕ ⊔⟨⌉ MUC ⇐M⌉∫∫⊣}⌉ U\⌈⌉∇∫⊔⊣\⌈⟩\} C≀\{⌉∇⌉\⌋⌉⇒ ⌉⊑⊣↕⊓⊣⊔⟩≀\∫ {≀∇ ∇⌉∫≀↕⊓⊔⟩≀\ ≀{ √∇⌉√≀∫⟩⊔⟩≀\⊣↕ √⟨∇⊣∫⌉ ⊣⊔⊔⊣⌋⟨⇕⌉\⊔ ⊣⇕⌊⟩}⊓⟩⊔†↙ T⟨⌉⟩∇ ⇕⌉⊔⟨≀⌈≀↕≀}† ⟨⊣∫ ⌊⌉⌉\ ⊔≀ ⇕⊣\⊓⊣↕↕† ⊣\\≀↖ ⊔⊣⊔⌉ \≀⊓\∫ ⊣\⌈ ⊑⌉∇⌊∫ ⟩\ ⊣ ⊔∇⊣⟩\⟩\} ∫⊣⇕√↕⌉ ⊒⟩⊔⟨ ∫⌉⇕⊣\⊔⟩⌋ ⊔⊣}∫ {∇≀⇕ ⊔⟨⌉ ⊔⊣§≀\≀⇕† � {≀∇ ⌉§⊣⇕√↕⌉⇔ }⟩⊑⌉\ ⊖⌉§√↕≀⌈⌉⌈ ⊣⊔ ⌈⊣⊒\⇔⪰ ⊔≀ ⊣\\≀⊔⊣⊔⌉ ⌈⊣⊒\ ⊒⟩⊔⟨ ⟨⊔⟩⇕⌉⟩ ⊣\⌈ ⌉§√↕≀⌈⌉ ⊒⟩⊔⟨ ⟨⌉§√↕≀∫⟩≀\ ⌉⊑⌉\⊔⟩↙ F∇⌉∐⊓⌉\⌋⟩⌉∫ ≀{ ∫†\⊔⊣⌋⊔⟩⌋⊣↕↕†↖⇕⌉⌈⟩⊣⊔⌉⌈ ↕⌉§⟩⌋⊣↕ ⌋≀↖≀⌋⌋⊓∇∇⌉\⌋⌉∫⇔ ⌉§√∇⌉∫∫⌉⌈ ⊣∫ ∇⌉↕⊣⊔⟩≀\⊣↕ ⊔∇⟩√↕⌉∫⇔ ⊣∇⌉ ⊔⟨⌉\ ⌉∫⊔⟩⇕⊣⊔⌉⌈ ⌉⟩⊔⟨⌉∇ ⊓∫⟩\} √⊣∇∫⌉∫ ⟩\ ⊔⟨⌉ P⌉\\ T∇⌉⌉⌊⊣\‖ ⇐W⌉⟩∫⌋⟨⌉⌈⌉↕ ⌉⊔ ⊣↕↙⇔ ∞∃∀∃⇒ ≀∇ ⊓∫⟩\} √⊣∇⊔⟩⊣↕ √⊣∇∫⌉∫ √∇≀⌈⊓⌋⌉⌈ ⌊† ⊔⟨⌉ MIT F⊣∫⊔ P⊣∇∫⌉∇ ⇐W⌉⟩∫⌋⟨⌉⌈⌉↕ ⌉⊔ ⊣↕↙⇔ ∞∃∃∞⇒↙ G⟩⊑⌉\ ↕⌉§⟩⌋⊣↕ {∇⌉∐⊓⌉\⌋⟩⌉∫⇔ ∫⌉⇕⊣\⊔⟩⌋ ⊣\\≀⊔⊣⊔⟩≀\∫⇔ ⊣\⌈ ⊣ ⌈≀⇕⊣⟩\ ⊔⊣§≀\↖ ≀⇕†⇔ ⌋≀\⌈⟩⊔⟩≀\⊣↕ √∇≀⌊⊣⌊⟩↕⟩⊔⟩⌉∫ ⊣∇⌉ ⌋⊣↕⌋⊓↕⊣⊔⌉⌈ ⊓∫⟩\} ⊣ ⊖⌊⊣⌋‖⟩\} ≀{{⪰ √∇≀⌋⌉⌈⊓∇⌉¬ ⊔⟨⌉ √∇≀⌊⊣⌊⟩↕⟩⊔† ≀{ ⊣⊔⊔⊣⌋⟨⟩\} ⊣ √∇⌉√≀∫⟩⊔⟩≀\⊣↕ √⟨∇⊣∫⌉ P⇔O ⊔≀ ⊣⊔⊔⊣⌋⟨⇕⌉\⊔ ∫⟩⊔⌉ X ⟩∫ ⌋⊣↕⌋⊓↕⊣⊔⌉⌈ ⌈⟩∇⌉⌋⊔↕† {∇≀⇕ ⊔⟨⌉ ↕⌉§⟩⌋⊣↕ {∇⌉∐⊓⌉\⌋⟩⌉∫⇔ ⟩{ ⊣\† {X⇔P⇔O} ⌋≀↖≀⌋⌋⊓∇∇⌉\⌋⌉∫ ⊣∇⌉ ⊣⊑⊣⟩↕⊣⌊↕⌉ ⟩\ ⊔⟨⌉ ⊔∇⊣⟩\⟩\} ∫⊣⇕√↕⌉⇔ ⊣\⌈ ≀⊔⟨⌉∇⊒⟩∫⌉ }⌉\⌉∇⊣↕⟩‡⊣⊔⟩≀\∫ ≀{ X ⊣\⌈ O ⟩\ ⊔⟨⌉ ⊔⊣§≀\≀⇕† ⊣∇⌉ ⌋≀\∫⟩⌈⌉∇⌉⌈⇔ ⊒⟩⊔⟨ ⌉⊣⌋⟨ }⌉\⌉∇⊣↕⟩‡⊣⊔⟩≀\ ⟩\⌋⊓∇∇⟩\} ⊣ √⌉\⊣↕⊔†↙ I\ ⊣⌈⌈⟩⊔⟩≀\⇔ ⊣ √∇≀⌊⊣⌊⟩↕⟩∫⊔⟩⌋ ⊖⌋↕≀∫⌉∫⊔ ⊣⊔⊔⊣⌋⟨⇕⌉\⊔⪰ ⟨⌉⊓∇⟩∫⊔⟩⌋ ⟩∫ ⟩⇕√↕⌉⇕⌉\⊔⌉⌈ ⌊† ⌋≀⇕√⊓⊔⟩\} ⊔⟨⌉ √∇≀⌊⊣⌊⟩↕⟩⊔† √(d) that d words separate the head word X from the phrase to be attached▷ On a test set of prepositional attachments not made by the partial parser Weischedel et al▷ report an accuracy of of 66ϱ for the semantic model alone 75ϱ for the closest attachment model alone and 82ϱ for the two combined ↼by simply multiplying probabilities of the two models↽▷ No αgures on the coverageaccuracy tradeoff are reported▷ Although the work described by Weischedel et al▷ is very similar in spirit to the work described here there are a number of important differences in the details▷ First the conceptual model used is one that was designed speciαcally for the domain and though its size is not reported is almost certain to be smaller and probably less αnegrained than the WordNet noun taxonomy▷ A second difference is the method by which words are mapped to classes in the taxonomy. manual annotation of each word with a unique semantic tag effectively solves the word sense disambiguation problem in advance▷ This may be important though there is some reason to believe that within such a restrictive context the word sense problem would be signiαcantly more constrained in any case ↼Gale Church and Yarowsky 1992b↽▷ A third difference is the combination in their work of a lexical or conceptual preference strategy with a purely structural strategy a choice that appeared to have a signiαcant effect on the results▷ This is something that should be considered in future work on conceptual association since even ↼Whittemore Ferrara and Brunner 1990↽ found right association to be useful as a fallback strategy when lexical preference was inconclusive▷ Finally and perhaps most interesting is the question of αnding appropriate levels of generalization within the taxonomy▷ Weischedel et al▷ ↼1989↽ comment that given their manual annotation of concepts Ψthe critical issue is selecting the right level of generalization given the set of examples in the supervised training setν ↼p▷ 30↽▷ As discussed brieβy in Chapter 4 Section 4▷6▷2 the use of mutual information in the context of an ISA taxonomy has the interesting behavior of seeking a class that is general ↼increasing p(c|x)) but not too general (or else p(c) will dominate). Thus using the measures proposed here, generalization to an appropriate level of abstraction may be happening as a side-effect rather than as the result of an explicit procedure designed for that purpose Ð notice, for example, the tendency to classify stock as ⟨⊣∫∫⌉⊔⟩ }⟩⊑⌉\ ⊔⟨⌉ ⌉⊑⟩⌈⌉\⌋⌉ ⟩\ ⌉§⊣⇕√↕⌉ ⇐∞▽⇒ ∇⊣⊔⟨⌉∇ ⊔⟨⊣\ ⟩⊔∫ ∫⊓⌊≀∇⌈⟩\⊣⊔⌉ ⟨⊒≀∇‖⟩\} ⌋⊣√⟩⊔⊣↕⟩ ≀∇ ⊔⟨⌉ ∫⊓√⌉∇≀∇⌈⟩\⊣⊔⌉

∞∈△ ⟨√≀∫∫⌉∫∫⟩≀\⟩↙ I⊔ ⊒≀⊓↕⌈ ⌊⌉ ⟩\⊔⌉∇⌉∫⊔⟩\} ⊔≀ ⌋≀⇕√⊣∇⌉ ⊔⟨⌉ ∇⌉∫⊓↕⊔∫ ≀{ ∫⊓⌋⟨ ⊣\ ⊖⊣⊓⊔≀⇕⊣⊔⟩⌋⪰ }⌉\⌉∇⊣↕⟩‡⊣⊔⟩≀\ √∇≀⌋⌉∫∫ ⊒⟩⊔⟨ ⊔⟨⌉ ⊣⌈⊣√⊔⊣⊔⟩≀\ ≀{ K⊣⊔‡≃∫ ⇐∞∃∀⇒ ⌊⊣⌋‖⟩\} ≀{{ √∇≀⌋⌉⌈⊓∇⌉ ⊔⟨⊣⊔ ⊒⊣∫ ⊓∫⌉⌈ ⌊† W⌉⟩∫⌋⟨⌉⌈⌉↕ ⌉⊔ ⊣↕↙

G∇⟩∫⟨⇕⊣\ ⊣\⌈ S⊔⌉∇↕⟩\} ⇐∞∃∃∈⇒ ∇⌉√≀∇⊔ ≀\ ⊔⟨⌉ ⊣⌋∐⊓⟩∫⟩⊔⟩≀\ ≀{ ⊖∫⌉⇕⊣\⊔⟩⌋ √⊣⊔⊔⌉∇\∫⪰ ⊓∫⟩\} ⇕⌉⊔⟨≀⌈∫ ∐⊓⟩⊔⌉ ∫⟩⇕⟩↕⊣∇ ⊔≀ W⌉⟩∫⌋⟨⌉⌈⌉↕ ⌉⊔ ⊣↕↙¬ ⊔⟨⌉† ⌉⇕√↕≀†⌉⌈ ⊣ ∇≀⌊⊓∫⊔ √⊣∇∫⌉∇ ⊔≀ ⌉§⊔∇⊣⌋⊔ ∇⌉↕⊣⊔⟩≀\⊣↕ ⊔∇⟩√↕⌉∫⇔ ⊣\⌈ ⊓∫⌉⌈ ⊣ ∫⌉⊔ ≀{ ⇕⊣\⊓⊣↕↕† √∇⌉√⊣∇⌉⌈⇔ ⌋≀∇√⊓∫↖∫√⌉⌋⟩⊘⌋ ⊒≀∇⌈ ⌋↕⊣∫∫⌉∫ ⊔≀ }⌉\⌉∇⊣↕⟩‡⌉ ⊔⟨≀∫⌉ ⊔∇⟩√↕⌉∫ ⊓\⌈⌉∇ ⊔⟨⌉ ⊣∫∫⊓⇕√⊔⟩≀\ ⊔⟨⊣⊔ ⌉⊣⌋⟨ ⊒≀∇⌈ ⟩∫ ⇕⊣√√⌉⌈ ⊔≀ ⊣ ⊓\⟩∐⊓⌉⇔ ⇕≀∫⊔ ∫√⌉⌋⟩⊘⌋ ⌋↕⊣∫∫↙ A ⌈⟩∇⌉⌋⊔ ⌋≀⇕√⊣∇⟩∫≀\ ⊒⟩⊔⟨ ⇐W⌉⟩∫⌋⟨⌉⌈⌉↕ ⌉⊔ ⊣↕↙⇔ ∞∃∃∞⇒ ⊣\⌈ ⊔⟨⌉ ⊒≀∇‖ ∇⌉√≀∇⊔⌉⌈ ⟨⌉∇⌉ ⟩∫ ⌈⟩{⊘⌋⊓↕⊔⇔ ⟨≀⊒⌉⊑⌉∇⇔ ∫⟩\⌋⌉ G∇⟩∫⟨⇕⊣\ ⊣\⌈ S⊔⌉∇↕⟩\} ⊣⌈≀√⊔⌉⌈ ⌈⟩{{⌉∇⌉\⊔ ⌉⊑⊣↕⊓⊣⊔⟩≀\ ⌋∇⟩⊔⌉∇⟩⊣↙ I\ ≀\⌉ ⌉⊑⊣↕⊓⊣⊔⟩≀\⇔ ⊔⟨⌉† ⊓∫⌉⌈ ∇⌉↕⊣⊔⟩≀\⊣↕ ⊔∇⟩√↕⌉∫ ⌉§⊔∇⊣⌋⊔⌉⌈ {∇≀⇕ ⊔∇⊣⟩\⟩\} ⌈⊣⊔⊣ ⊣∫ ⊣ ⊘↕⊔⌉∇ ≀\ ⊔∇⟩√↕⌉∫ {∇≀⇕ ⊔⌉∫⊔ ⌈⊣⊔⊣∅ ⊔⟨⟩∫ √⌉∇⇕⟩⊔⊔⌉⌈ ⊔⟨⌉ ⌋≀⇕√⊓⊔⊣⊔⟩≀\ ≀{ √∇⌉⌋⟩∫⟩≀\ ⊣\⌈ ∇⌉⌋⊣↕↕ {≀∇ ⊔⟨⌉ ⊘↕⊔⌉∇⌉⌈ ∫⌉⊔ ⊣∫ ⌉⊑⊣↕⊓⊣⊔⌉⌈ ⊣}⊣⟩\∫⊔ ⟨⊓⇕⊣\ |⊓⌈}⌉⇕⌉\⊔∫ ≀\ ⊔⟨⌉ ∫⊣⇕⌉ ⌈⊣⊔⊣↙ I\ ⊣\≀⊔⟨⌉∇ ⌉⊑⊣↕⊓⊣⊔⟩≀\⇔ ⊔⟨⌉† ⊓∫⌉⌈ ⊔⟨⌉ ⌉§⊔∇⊣⌋⊔⌉⌈ ∇⌉↕⊣⊔⟩≀\⊣↕ ⊔∇⟩√↕⌉∫ ⊔≀ ⊘↕⊔⌉∇ √⊣∇∫⌉∇ ≀⊓⊔√⊓⊔⇔ ⊣\⌈ ⌋≀⇕√⊣∇⌉⌈ ⊔⟨⌉ ∇⌉∫⊓↕⊔⟩\} √⊣∇∫⌉∫ ⊣}⊣⟩\∫⊔ ⊖⌋≀∇∇⌉⌋⊔⪰ √⊣∇∫⌉∫ ⟩\ ⊔⟨⌉ P⌉\\ T∇⌉⌉⌊⊣\‖↙ I⊔ ⟩∫ ⟩\⊔⌉∇⌉∫⊔⟩\} ⊔≀ \≀⊔⌉ ≀\⌉ ∐⊓⊣↕⟩⊔⊣⊔⟩⊑⌉ ∫⟩⇕⟩↕⊣∇⟩⊔† ⌊⌉⊔⊒⌉⌉\ G∇⟩∫⟨⇕⊣\ ⊣\⌈ S⊔⌉∇↕⟩\}≃∫ ∇⌉∫⊓↕⊔∫ ⊣\⌈ ⊔⟨⌉ ∇⌉∫⊓↕⊔∫ ∇⌉√≀∇⊔⌉⌈ ⟩\ ⊔⟨⟩∫ ⌋⟨⊣√⊔⌉∇¬ ⊔⟨⌉† ∇⌉√≀∇⊔ ⊔⟨⊣⊔ }⌉\⌉∇⊣↕⟩‡⟩\} ⊔≀ ⌋↕⊣∫∫⌉∫ †⟩⌉↕⌈∫ ⟨⟩}⟨⌉∇ ∇⌉⌋⊣↕↕⇔ ⌊⊓⊔ ⌈⌉⌋∇⌉⊣∫⌉∫ ⊣⌋⌋⊓∇⊣⌋†↙ I\ ↕⊣⊔⌉∇ ⊒≀∇‖⇔ G∇⟩∫⟨⇕⊣\ ⊣\⌈ S⊔⌉∇↕⟩\} ⇐∞∃∃∋⇒ ⟨⊣⊑⌉ ∫⟨⟩{⊔⌉⌈ ⊔⟨⌉⟩∇ ⇕⌉⊔⟨≀⌈ ≀{ }⌉\⌉∇⊣↕⟩‡⊣⊔⟩≀\ {∇≀⇕ ⟨⊣\⌈↖ ⌋≀\∫⊔∇⊓⌋⊔⌉⌈ ∫⌉⇕⊣\⊔⟩⌋ ⌋↕⊣∫∫⌉∫ ⊔≀ ⊣ ∫⇕≀≀⊔⟨⟩\} ⊔⌉⌋⟨\⟩∐⊓⌉↙ ⇐T⟨⟩∫ ⊒⊣∫ ⌈⟩∫⌋⊓∫∫⌉⌈ ⟩\ C⟨⊣√⊔⌉∇ ∈⇔ S⌉⌋⊔⟩≀\ ∈↙∋↙∞↙⇒ T⟨⌉⟩∇ ⌋≀⇕√⊣∇⟩∫≀\ ≀{ ⊔⟨⌉ \⌉⊒ ⇐∫⇕≀≀⊔⟨⟩\}⇒ ⇕⌉⊔⟨≀⌈ ⊒⟩⊔⟨ ⊔⟨⌉ ≀↕⌈ ⇐⌋↕⊣∫∫↖⌊⊣∫⌉⌈⇒ ⌈≀⌉∫ \≀⊔ ∫⟨≀⊒ ⊣\† ⌋≀\⌋↕⊓∫⟩⊑⌉ ⌈⟩{{⌉∇⌉\⌋⌉∫ ⌊⌉⊔⊒⌉⌉\ ⊔⟨⌉ ⊔⊒≀↙

⇐C⟨⊣\}⇔ L⊓≀⇔ ⊣\⌈ S⊓⇔ ∞∃∃∈⇒ ∇⌉√≀∇⊔ ≀\ ⊣ ⇕≀⌈⌉↕ ⊔⟨⊣⊔ ⌋≀⇕⌊⟩\⌉∫ ∫⌉⇕⊣\⊔⟩⌋⊣↕↕† ⌊⊣∫⌉⌈ ⌋≀↖≀⌋⌋⊓∇∇⌉\⌋⌉ √∇≀⌊⊣↖ ⌊⟩↕⟩⊔⟩⌉∫ ⊒⟩⊔⟨ ∫†\⊔⊣⌋⊔⟩⌋ ⊣\⌈ ↕⌉§⟩⌋⊣↕ √∇≀⌊⊣⌊⟩↕⟩⊔⟩⌉∫ ⟩\ ⊣ ∫⟩\}↕⌉ ⊓\⟩⊘⌉⌈ {∇⊣⇕⌉⊒≀∇‖↙ U\↕⟩‖⌉ G∇⟩∫⟨⇕⊣\ ⊣\⌈ S⊔⌉∇↕⟩\}⇔ ⊔⟨⌉† ⌈≀ \≀⊔ ↕≀⌋⊣↕⟩‡⌉ ∇⌉↕⌉⊑⊣\⊔ ⌋≀↖≀⌋⌋⊓∇∇⌉\⌋⌉∫ ⌊† ⌉§⊔∇⊣⌋⊔⟩\} ⊣ ∫⌉⊔ ≀{ ∇⌉↕⊣⊔⟩≀\⊣↕ ⊔∇⟩√↕⌉∫∅ ⟩\∫⊔⌉⊣⌈⇔ ⊔⟨⌉† ⊣⌈≀√⊔ ⊣\ ⊣\\≀⊔⊣⊔⌉⌈ ⌋≀\⊔⌉§⊔↖{∇⌉⌉ {≀∇⇕⊣↕⟩∫⇕ ⟩\ ⊒⟨⟩⌋⟨ ∫⌉⇕⊣\⊔⟩⌋ ⌋≀↖≀⌋⌋⊓∇∇⌉\⌋⌉∫ ⊣∇⌉ ⇕⊣⌈⌉ ↕≀⌋⊣↕ ⌊† √⌉∇⌋≀↕⊣⊔⟩\} ∫⌉⇕⊣\⊔⟩⌋ {⌉⊣⊔⊓∇⌉∫ ⊓√ ⊔⟨⌉ ⊔∇⌉⌉↙ ⇐∞⇏ ⊣↙ ∪VP⇐∫⊔⊣⇔⊣\⟩⇕⇒ ∫⊣⊒⇐∫⊔⊣⇒ ∪NP⇐⊣\⟩⇕⇒ ⊔⟨⌉ ⌊≀† ∪PP⇐↕≀⌋⇒ ⟩\ ⊔⟨⌉ √⊣∇‖⊎⊎⊎ ⌊↙ ∪VP⇐∫⊔⊣⇔↕≀⌋⇒ ∫⊣⊒⇐∫⊔⊣⇒ ∪NP⇐⊣\⟩⇕⇒ ⊔⟨⌉ ⌊≀†⊎ ∪PP⇐↕≀⌋⇒ ⟩\ ⊔⟨⌉ √⊣∇‖⊎⊎ S≀⇔ {≀∇ ⌉§⊣⇕√↕⌉⇔ ⊔⟨⌉ ∫⊔∇⊓⌋⊔⊓∇⌉ ⟩\ ⇐∞⊣̸⇒ ⊒≀⊓↕⌈ ∇⌉∫⊓↕⊔ ⟩\ ∫⌉⇕⊣\⊔⟩⌋ {⌉⊣⊔⊓∇⌉∫ STA ⇐√∇⌉∫⊓⇕⊣⌊↕† ⊖∫⊔⊣⊔⟩⊑⌉⪰⇒ ⊣\⌈ ANIM ⇐⊖⊣\⟩⇕⊣⊔⌉⪰⇒ ⌋≀↖≀⌋⌋⊓∇∇⟩\} ⊣⊔ ⊔⟨⌉ VP \≀⌈⌉⇔ ⊒⟨⌉∇⌉⊣∫ ⊔⟨⌉ VP ⟩\ ∫⊔∇⊓⌋⊔⊓∇⌉ ⟩\ ⇐∞⌊̸⇒ ⊒≀⊓↕⌈ ⌊⌉ ⊣\\≀⊔⊣⊔⌉⌈ ⊒⟩⊔⟨ ⊣ ⌋≀↖≀⌋⌋⊓∇∇⌉\⌋⌉ ≀{ ∫⊔⊣⊔⟩⊑⌉ ⊣\⌈ ↕≀⌋⊣⊔⟩⊑⌉↙ I\ ⊣⌈⌈⟩⊔⟩≀\⇔ ⊔⟨⌉ √∇≀⌊⊣⌊⟩↕⟩∫⊔⟩⌋ ⇕≀⌈⌉↕ ≀{ ⟩\{≀∇⇕⊣⊔⟩≀\ ⊣⊔ ⊣ \≀⌈⌉ ⟩∫ \≀⊔ ∫⊔∇⟩⌋⊔↕† ⌋≀\⊔⌉§⊔↖{∇⌉⌉¬ ⟩⊔ ⊔⊣‖⌉∫ ⟩\⊔≀ ⊣⌋⌋≀⊓\⊔ ⊣ ↕⟩⇕⟩⊔⌉⌈ ⊣⇕≀⊓\⊔ ≀{ ∫⊓∇∇≀⊓\⌈⟩\} ⌋≀\⊔⌉§⊔⇔ ⊣∫ ⊒⌉↕↕↙ ⇐T⟨⟩∫ ⊣√√⌉⊣∇∫ ⊔≀ ⌊⌉ ∫⟩⇕⟩↕⊣∇ ⊔≀ ⊔⟨⌉ √∇≀⌊⊣⌊⟩↕⟩∫⊔⟩⌋ ⇕≀⌈⌉↕ √∇≀√≀∫⌉⌈ ⟩\ ⇐M⊣}⌉∇⇕⊣\⇔ ∞∃∃∋⇒↙⇒ S⌉⇕⊣\⊔⟩⌋ {⌉⊣⊔⊓∇⌉∫ ⊣∇⌉ ⊔⊣‖⌉\ {∇≀⇕ ⊣ ∫⌉⊔ ≀{ ∞′△ ∫⌉⇕⊣\⊔⟩⌋ ⊔⊣}∫ ⇐∈∈ ≀{ ⊔⟨⌉⇕ {≀∇ \≀⊓\∫⇒⇔ ⊣\⌈ ⌉⊣⌋⟨ ⊒≀∇⌈ ⊒⊣∫ ⊣√√⊣∇⌉\⊔↕† }⟩⊑⌉\ ⊣ ∫⟩\}↕⌉ ⊓\⟩∐⊓⌉ ⊔⊣} ⊣∫ √⊣∇⊔ ≀{ ⟩⊔∫ ↕⌉§⟩⌋⊣↕ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\↙ C⟨⊣\} ⌉⊔ ⊣↕↙ ⌉⊑⊣↕⊓⊣⊔⌉⌈ ⊔⟨⌉ ⌋≀\⊔∇⟩⌊⊓⊔⟩≀\ ≀{ ∫⌉⇕⊣\⊔⟩⌋ ⌋≀↖≀⌋⌋⊓∇∇⌉\⌋⌉∫ ⊔≀ ⊣⇕⌊⟩}⊓⟩⊔† ∇⌉∫≀↕⊓⊔⟩≀\ ⌊† ⊔⌉∫⊔⟩\} ⊔⟨⌉⟩∇ ⇕≀⌈⌉↕ ⊒⟩⊔⟨ ⊣\⌈ ⊒⟩⊔⟨≀⊓⊔ ⊔⟨⌉ ∫⌉⇕⊣\⊔⟩⌋ ∫⌋≀∇⌉⇔ ⊒⟩⊔⟨ ⊔⟨⌉ ⌉⊑⊣↕⊓⊣⊔⟩≀\ ⌋∇⟩⊔⌉∇⟩≀\ ⌊⌉⟩\} ⊔⟨⌉ {∇⌉∐⊓⌉\⌋† ⊒⟩⊔⟨ ⊒⟨⟩⌋⟨ ⊔⟨⌉ ⌋≀∇∇⌉⌋⊔ √⊣∇∫⌉ ⟨⊣∫ ⊔⟨⌉ ⟨⟩}⟨⌉∫⊔ √∇≀⌊⊣⌊⟩↕⟩⊔†↙ A⌈⌈⟩\} ∫⌉⇕⊣\⊔⟩⌋ ∫⌋≀∇⌉∫ ⊔≀ ⊔⟨⌉ ∫†\⊔⊣⌋⊔⟩⌋ ⇕≀⌈⌉↕ ⟩\⌋∇⌉⊣∫⌉⌈ ⊔⟨⌉ √⌉∇⌋⌉\⊔⊣}⌉ ⌋≀∇∇⌉⌋⊔ {∇≀⇕ △∋↗ ⊔≀ ▽∀↗⇔ ⊣⌊≀⊓⊔ ⊣ ∋▽↗ ⟩⇕√∇≀⊑⌉⇕⌉\⊔↙ I⊔ ⟩∫ ⊒≀∇⊔⟨ \≀⊔⟩\} ⊔⟨⊣⊔ ⊔⟨⟩∫ ⊔⌉∫⊔ ⊒⊣∫ ⌋≀\⌈⊓⌋⊔⌉⌈ ≀\ ⊣\ ⌉§⊔∇⌉⇕⌉↕† ∫⇕⊣↕↕ ∫⊣⇕√↕⌉⇔ }⟩⊑⌉\ ⊔⟨⌉ \⊓⇕⌊⌉∇ ≀{ √⊣∇⊣⇕⌉⊔⌉∇∫ ⟩\ ⊔⟨⌉ ⇕≀⌈⌉↕ � ⊔⟨⌉† ⊓∫⌉⌈ ∞′↖{≀↕⌈ ⌋∇≀∫∫↖⊑⊣↕⟩⌈⊣⊔⟩≀\ ≀\ ⊣ ∫⊣⇕√↕⌉ ≀{ ∞′′′ ∫⌉\⊔⌉\⌋⌉∫↙

∞∈▽ ⇐B⊣∫⟩↕⟩⇔ P⊣‡⟩⌉\‡⊣⇔ ⊣\⌈ V⌉↕⊣∇⌈⟩⇔ ∞∃∃∞⇒ ⌈⌉∫⌋∇⟩⌊⌉ ⊣\ ⟩\⊑⌉∫⊔⟩}⊣⊔⟩≀\ ≀{ √∇⌉√≀∫⟩⊔⟩≀\⊣↕ √⟨∇⊣∫⌉ ⊣⊔⊔⊣⌋⟨⇕⌉\⊔ ⟩\ ⊔⟨⌉ ⌋≀\⊔⌉§⊔ ≀{ ⊣ ⇕≀∇⌉ }⌉\⌉∇⊣↕ ∇⌉∫⌉⊣∇⌋⟨ √∇≀}∇⊣⇕ ≀\ ⊔⟨⌉ ⌋≀⇕⌊⟩\⊣⊔⟩≀\ ≀{ \⊣⊔⊓∇⊣↕ ↕⊣\}⊓⊣}⌉ √∇≀⌋⌉∫∫⟩\} ⊣\⌈ ∫⊔⊣⊔⟩∫⊔⟩⌋⊣↕ ⇕⌉⊔⟨≀⌈∫ {≀∇ ↕⌉§⟩⌋⊣↕ ⊣⌋∐⊓⟩∫⟩⊔⟩≀\⇔ ⊣\ ⌉{{≀∇⊔ ∫⟨⊣∇⟩\} ⇕⊣\† ≀{ ⊔⟨⌉ ⇕≀⊔⟩⊑⊣⊔⟩≀\∫ ≀{ ⊔⟨⌉ √∇⌉∫⌉\⊔ ⊒≀∇‖ ⇐V⌉↕⊣∇⌈⟩⇔ ∞∃∃∞∅ V⌉↕⊣∇⌈⟩⇔ P⊣‡⟩⌉\‡⊣⇔ ⊣\⌈ F⊣∫≀↕≀⇔ ∞∃∃∞∅ B⊣∫⟩↕⟩⇔ P⊣‡⟩⌉\‡⊣⇔ ⊣\⌈ V⌉↕⊣∇⌈⟩⇔ ∞∃∃∈⇒↙ L⟩‖⌉ W⌉⟩∫⌋⟨⌉⌈⌉↕ ⌉⊔ ⊣↕↙⇔ ⊔⟨⌉⟩∇ ⇕⌉⊔⟨≀⌈ ∇⌉∐⊓⟩∇⌉∫ ⟨⊓⇕⊣\ ⟩\⊔⌉∇⊑⌉\⊔⟩≀\ ⟩\ ≀∇⌈⌉∇ ⊔≀ ⊣⊓}⇕⌉\⊔ ⊣ ⊔∇⊣⟩\⟩\} ⌋≀∇√⊓∫ ⊒⟩⊔⟨ ⊣\\≀⊔⊣⊔⟩≀\∫ {∇≀⇕ ⊣ ∫⇕⊣↕↕⇔ ↕⊣∇}⌉↕† ⌈≀⇕⊣⟩\↖⌈⌉√⌉\⌈⌉\⊔ ∫⌉⊔ ≀{ ∫⌉⇕⊣\⊔⟩⌋ ⊔⊣}∫⇔ ⊣\⌈⇔ ↕⟩‖⌉ G∇⟩∫⟨⇕⊣\ ⊣\⌈ S⊔⌉∇↕⟩\}⇔ ⊣ ∇≀⌊⊓∫⊔ ∫†\⊔⊣⌋⊔⟩⌋ ⊣\⊣↕†‡⌉∇ ⟩∫ ⊓∫⌉⌈ ⊔≀ ⌉§⊔∇⊣⌋⊔ ⊔⊓√↕⌉∫ ≀{ ↕⌉§⟩⌋⊣↕ ⟩⊔⌉⇕∫ ⌋≀↖≀⌋⌋⊓∇∇⟩\} ⟩\ ⊣ ⊑⊣∇⟩⌉⊔† ≀{ ∫†\⊔⊣⌋⊔⟩⌋ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√∫↙ J⊓⌈}⌉⇕⌉\⊔∫ ≀{ √∇⌉√≀∫⟩⊔⟩≀\⊣↕ √⟨∇⊣∫⌉ ⊣⊔⊔⊣⌋⟨⇕⌉\⊔ ⊣∇⌉ ⇕⊣⌈⌉ ⊓∫⟩\} ⊣ ⇕⌉⊣∫⊓∇⌉ ⊔⟨⊣⊔ B⊣∫⟩↕⟩ ⌉⊔ ⊣↕↙ ⌋⊣↕↕ ⊖⌋≀\⌈⟩↖ ⊔⟩≀\⌉⌈ ⇕⊓⊔⊓⊣↕ ⟩\{≀∇⇕⊣⊔⟩≀\⪰¬ I(X/prep, C) = ρ freq(X, prep, C) freq(prep, C)freq(prep, X) . ↼5▷10↽ ↼A comparison of this score with the standard informationtheoretic deαnition of conditional mutual infor mation ↼Cover and Thomas 1991 p▷ 22↽ makes it clear that ρ = freq(prep), which is constant for any given disambiguation decision.) Intuitively, the score measures the association of the attachment site X and the class C, given that they are related by prep. This differs somewhat from the intuition followed in Section 5.4.3, where the mutual information I(X, prep, C2) measures the association between an attachment site and the prepositional phrase as a whole (not taking the preposition as given); more signiőcantly, Basili et al. do not generalize from words to classes for nouns serving as the potential attachment site, only for the object of the preposition. Despite these differences in detail, the idea behind the association measure is quite similar to the one that was developed independently here.

Results are reported for experiments in two different text genres, one in the commercial domain and the other in the legal domain. Lexical association was adopted as a basis for comparison using a training sample extracted from the Italian text by their shallow parsing method.12 The results indicate that their word-class association strategy is a useful one: in the commercial domain, an accuracy of 84% was achieved as compared to 74% for lexical association, and in the legal domain, an accuracy of 68% was achieved compared to only 49% for lexical association. There is no discussion on assessment of conődence or the coverage-accuracy tradeoff.

To summarize, the work reported in this chapter bears some important similarities to its predecessors, as well as a number of interesting differences. From a practical or methodological perspective, all the related work described in this section is predicated on the idea that class-based (semantic) relationships can provide a measure of robustness against sparse data, and, furthermore, that surface-structure parsing provides an adequate level of analysis for collecting data about semantic co-occurrences. In addition, from a linguistic standpoint, the authors discussed here seem to agree that the utility of lexical preference as a disambiguation strategy arises not strictly from lexical relationships, but from the underlying semantic relationships they encode. Finally, Basili et al. make use of an association measure quite similar to the one proposed here.

The investigation in this chapter differs from most related work in its commitment to broad-coverage knowledge sources and its avoidance of restricted domains. Although WordNet is an imperfect knowledge 12Basili et al. do not say how they resolved ambiguous cases in the training data. However, on p. 7 they comment that the t-score method łrequires a domain-dependent morphologic lexicon augmented with syntactic expectations (complement structure of verbs)ž; this suggests that they viewed Hindle and Rooth’s disambiguation heuristics as part of the strategy and used them on the training data in their own experiments.

source, it does provide a great deal of useful word class information, and the techniques developed here make use of them without requiring manual encoding in the lexicon (Chang, Luo, and Su, 1992; Grishman and Sterling, 1992) or, worse, manual annotation of the training corpus (Basili, Pazienza, and Velardi, 1991; Weischedel et al., 1991). Furthermore, unlike most of the related methods, the mapping from words to classes need not be a unique one, in terms of either word senses or levels in the taxonomy. Instead, as noted earlier, the association score appears to accomplish something resembling sense disambiguation and appropriate generalization in the taxonomy as a side-effect (though this requires further study). Finally, I have attempted to provide a clear sense of how a class-based strategy affects the tradeoff between coverage and accuracy, rather than simply reporting the percentage of correct responses. The conceptual association strategy makes this possible by providing a measure of conődence along with its guess as to the correct choice.

5.5 Nominal Compounds

5.5.1 Syntactic bias and semantic preferences

Nominal compounds are another kind of łevery way ambiguousž construction that appears repeatedly in most samples of unconstrained text. The phrase water meter cover adjustment screw has 14 possible bracketings, and it is not difőcult to come up with enough additional modiőers (Penn engineering building basement water meter cover adjustment screw) to produce a not-unnatural phrase with an entirely staggering number of analyses (1430, in this case!). Furthermore, it is often difőcult to make conődent judgements about what analysis is correct for compound nominals Ð the Penn Treebank avoids the problem by not encoding NP-internal structure.

In this last section I will brieŕy develop a proposal from (Marcus, 1980) for resolving complex nominal compounds using a combined syntactic and semantic strategy. At the heart of Marcus’s proposal are two hypotheses: őrst, that there is a syntactic bias in favor of immediately combining adjacent nouns, and second, that complex compounds can be handled iteratively looking at no more than three nouns at a time. The algorithm he proposes is quite simple; I reproduce it here in its entirety. • G⟩⊑⌉\ ⊣ \≀⊓\ √⟨∇⊣∫⌉ ⌋≀\∫⟩∫⊔⟩\} ≀{ ⊔⊒≀ \≀⊓\∫ \∞ ⊣\⌈ \∈¬ ∘ I{ ∪\∞ \∈⊎ ⟩∫ ∫⌉⇕⊣\⊔⟩⌋⊣↕↕† ⊣⌋⌋⌉√⊔⊣⌊↕⌉⇔ ⊔⟨⌉\ ⌊⊓⟩↕⌈ ∪\∞ \∈⊎ • G⟩⊑⌉\ ⊔⟨∇⌉⌉ \≀⊓\∫ \∞⇔ \∈⇔ ⊣\⌈ \∋¬ ∘ I{ ⌉⟩⊔⟨⌉∇ ∪\∞ \∈⊎ ≀∇ ∪\∈ \∋⊎ ⟩∫ \≀⊔ ⊣⌋⌋⌉√⊔⊣⌊↕⌉⇔ ⊔⟨⌉\ ⌊⊓⟩↕⌈ ⊔⟨⌉ ⊣↕⊔⌉∇\⊣⊔⟩⊑⌉ ∫⊔∇⊓⌋⊔⊓∇⌉∅ ∘ O⊔⟨⌉∇⊒⟩∫⌉⇔ ⟩{ ∪\∈ \∋⊎ ⟩∫ ∫⌉⇕⊣\⊔⟩⌋⊣↕↕† √∇⌉{⌉∇⊣⌊↕⌉ ⊔≀ ∪\∞ \∈⊎⇔ ⊔⟨⌉\ ⌊⊓⟩↕⌈ ∪\∈ \∋⊎∅ ∘ O⊔⟨⌉∇⊒⟩∫⌉⇔ ⌊⊓⟩↕⌈ ∪\∞ \∈⊎↙ T⟨⌉ ⟩\⊔⊓⟩⊔⟩≀\ ⌊⌉⟨⟩\⌈ ⊔⟨⌉ ⊣↕}≀∇⟩⊔⟨⇕ ⟩∫ ⊔≀ ⌋≀⇕⌊⟩\⌉ \≀⊓\∫ ⊣⌋⌋≀∇⌈⟩\} ⊔≀ ∫⌉⇕⊣\⊔⟩⌋ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√∫ ⊒⟨⌉\ √≀∫∫⟩⌊↕⌉⇔ ⌊⊓⊔ ⊔≀ ⊓∫⌉ ⊔⟨⌉ ∫†\⊔⊣⌋⊔⟩⌋ ⌊⟩⊣∫ ⊒⟨⌉\ ⊔⟨⌉ ∫⌉⇕⊣\⊔⟩⌋ √∇⌉{⌉∇⌉\⌋⌉∫ ⊣∇⌉ ⟩\⌋≀\⌋↕⊓∫⟩⊑⌉↙ E§⊣⇕√↕⌉∫ ⊒≀∇‖⌉⌈ ⊔⟨∇≀⊓}⟨ ⌊† ⟨⊣\⌈ ∫⌉⌉⇕⌉⌈ ⊔≀ ∫⊓√√≀∇⊔ ⊔⟨⟩∫ ⟩\⊔⊓⟩⊔⟩≀\⇔ ⌊⊓⊔ M⊣∇⌋⊓∫ ⊒⊣∫ ⊓\⊣⌊↕⌉ ⊔≀ }≀ ⊣\† {⊓∇⊔⟨⌉∇¬ ⊣⊔ ⊔⟨⌉ ⊔⟩⇕⌉ ⟨⌉ √∇≀√≀∫⌉⌈ ⊔⟨⌉ ⊣↕}≀∇⟩⊔⟨⇕⇔ ⊔⟨⌉∇⌉ ⊒⊣∫ \≀ ⊒⊣† ⊔≀ ⇕⌉⊣∫⊓∇⌉ ⊔⟨⌉ ∇⌉↕⌉⊑⊣\⊔ ∫⌉⇕⊣\⊔⟩⌋ √∇⌉{⌉∇⌉\⌋⌉∫↙ H⌉ ⊒∇≀⊔⌉⇔ ⊖B⌉⌋⊣⊓∫⌉ I ‖\≀⊒ ≀{

∞∈ \≀ ⊔⌉⌋⟨\⟩∐⊓⌉ ⊒⟨⟩⌋⟨ ⌋⊣\ ⊣\∫⊒⌉∇ ⊔⟨⌉ \⌉⌋⌉∫∫⊣∇† ∫⌉⇕⊣\⊔⟩⌋ ∐⊓⌉∫⊔⟩≀\∫⇔ ⊔⟨⟩∫ √∇≀⌋⌉⌈⊓∇⌉ ⟨⊣∫ \≀⊔ ⌊⌉⌉\ ⟩⇕√↕⌉⇕⌉\⊔⌉⌈⪰ ⇐√↙ ∈▽∞⇒↙

▽↙▽↙∈ I⇕√↕⌉⇕⌉\⊔⊣⊔⟩≀\ T⟨⌉ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⊣∫∫≀⌋⟩⊣⊔⟩≀\ ⌊⌉⊔⊒⌉⌉\ \≀⇕⟩\⊣↕ ⇕≀⌈⟩⊘⌉∇∫ ⊣\⌈ ⊔⟨⌉⟩∇ ⟨⌉⊣⌈∫⇔ ⊓∫⌉⌈ ⟩\ S⌉⌋⊔⟩≀\ ▽↙∋⇔ √∇≀⊑⟩⌈⌉∫ ⊣ √≀∫∫⟩⌊↕⌉ ∫≀↕⊓⊔⟩≀\ ⊔≀ ⊔⟨⌉ √∇≀⌊↕⌉⇕ M⊣∇⌋⊓∫ ⌉\⌋≀⊓\⊔⌉∇⌉⌈↙ E∐⊓⊣⊔⟩≀\∫ ⇐▽↙△⇒ ⊣\⌈ ⇐▽↙▽⇒⇔ ∇⌉√⌉⊣⊔⌉⌈ ⟨⌉∇⌉ {≀∇ ⌋≀\⊑⌉\⟩⌉\⌋⌉⇔ ⊣∇⌉ ⟩\⊔⌉\⌈⌉⌈ √∇⌉⌋⟩∫⌉↕† ⊔≀ ⊣\∫⊒⌉∇ ⊔⟨⌉ ∫⌉⇕⊣\⊔⟩⌋ ∐⊓⌉∫⊔⟩≀\∫ ⊣∫‖⌉⌈ ⟩\ M⊣∇⌋⊓∫≃∫ ⊣↕}≀∇⟩⊔⟨⇕↙ A(n_m → c_h) = p(c_h|n_m) log p^{(ch|nm)}_{p(ch)} ∑ c p(c|n_m) log p^{(c|nm)}_{p(c)} . ↼5▷11↽

A(c_m ← n_h) = p(c_m|n_h) log p^{(cm|nh)}_{p(cm)} ∑ c p(c|n_h) log p^{(c|nh)}_{p(c)} . ↼5▷12↽ The following auxiliary deαnitions are also helpful. A(n1 → n2) = max ci^A (n1 → c_i) (5.13) A(n1 ← n2) = max cj^A (c_j ← n2) A(n1, n2) = max {A(n1 → n2), A(n1 ← n2)} T⟨⊣⊔ ⟩∫⇔ ⊔⟨⌉ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⊣∫∫≀⌋⟩⊣⊔⟩≀\ ⌊⌉⊔⊒⌉⌉\ ⊔⊒≀ \≀⊓\∫ ⟩∫ ⌊⊣∫⌉⌈ ≀\ ⊔⟨⌉ ⇕⊣§⟩⇕⊓⇕ ⊒≀∇⌈↖⊔≀↖⌋↕⊣∫∫ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⊣∫∫≀⌋⟩⊣⊔⟩≀\⇔ ⊔⊣‖⌉\ ⟩\ ⌉⟩⊔⟨⌉∇ ⌈⟩∇⌉⌋⊔⟩≀\ ≀⊑⌉∇ ⊣↕↕ √≀∫∫⟩⌊↕⌉ ⌋↕⊣∫∫⌉∫↙ G⟩⊑⌉\ ⊔⟨⟩∫ ⌈⌉⊘\⟩⊔⟩≀\⇔ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⊣∫∫≀⌋⟩⊣⊔⟩≀\ √∇≀⊑⟩⌈⌉∫ ⊖∫⊓⌊∇≀⊓⊔⟩\⌉∫⪰ {≀∇ M⊣∇⌋⊓∫≃∫ ⊣↕}≀∇⟩⊔⟨⇕¬ • A √⟨∇⊣∫⌉ ∪\ ⇕⊎ ⟩∫ ∫⌉⇕⊣\⊔⟩⌋⊣↕↕† \≀⊔ ⊣⌋⌋⌉√⊔⊣⌊↕⌉ ⟩{ A(n, m) ≤ ′⇔ ⊣\⌈ ∫⌉⇕⊣\⊔⟩⌋⊣↕↕† ⊣⌋⌋⌉√⊔⊣⌊↕⌉ ≀⊔⟨⌉∇⊒⟩∫⌉↙ • A √⟨∇⊣∫⌉ ∪\ ⇕⊎ ⟩∫ ∫⌉⇕⊣\⊔⟩⌋⊣↕↕† √∇⌉{⌉∇⊣⌊↕⌉ ⊔≀ ∪⇕ ‖⊎ ⟩{ A(n, m) − A(m, k) > τ where τ is a parameter▷ With these subroutines serving to answer the semantic questions Marcusφs algorithm is easy to implement and evaluate▷

5▷5▷3 Quantitative Evaluation As a preliminary attempt at evaluating Marcusφs algorithm I extracted a sample of 200 nounnounnoun compounds from the Wall Street Journal corpus in the Penn Treebank and assigned one of the two possible bracketings to each using the sentence the compound appeared in and the previous and following sentences as context▷ I omitted αve of the cases either because I simply could not arrive at a judgement or because a threenoun compound was not the correct syntactic structure▷ The a priori bias in the test set was 64▷1ϱ in favor of combining the αrst two nouns▷ Selectional association was estimated using the same sample of nounnoun cooccurrences used in Section 5▷3, this sample is disjoint from the test set since nounnoun compounds were taken from noun phrases containing exactly two nouns and nounnounnoun compounds were taken from noun phrases containing exactly three▷ The results were as follows.

Coverage ↼ϱ↽ Accuracy ↼ϱ↽ τ = 0.0 80▷5 65▷6 τ = 1.0 80▷5 66▷2 τ = 2.0 80▷5 68▷2 τ = 3.0 80▷5 72▷6 τ = 4.0 80▷5 70▷1 The coverage αgure ↼157 of 195 examples↽ is constant because the algorithm in effect defaults to the syntactic strategy in the absence of other information, the only time there was no answer was when one of the nouns was unknown or when both bracketings were semantically unacceptable▷ Unknown words are by far the biggest culprit with 18▷5ϱ of the examples containing a noun not covered by WordNet Version 1▷2 � in general the unknown word is either a hyphenated compound ↼recall that I have restricted my attention to single nouns even though WordNet does include compounds↽ a gerund or a piece of specialized terminology▷ ↼177↽ a▷ collegebowl type competitions b▷ realestate loan portfolios ↼178↽ a▷ bank consulting αrm b▷ proprietary operating system ↼179↽ a▷ female hormone diethylstilbestrol b▷ retinoblastoma suppressor gene In order to provide a baseline against which to evaluate these results I had the test set ↼without contexts↽ bracketed by an independent judge and in each case had the judge include a measure κ of conαdence in the choice on a scale from 0 ↼not at all conαdent↽ to 4 ↼very conαdent↽▷ These compared to my judgements as follows. Coverage ↼ϱ↽ Agreement ↼ϱ↽ κ ≥ ′ ∞′′↙′ ∀′↙′ κ ≥ ∞ ∃↙̸△ ∀′↙∃ κ ≥ ∈ ∃′↙∀ ∀∞↙△ κ ≥ ∋ ▽̸↙ ̸∀∋↙ κ ≥ △ ∞▽↙∃ ∞′′↙′ A∫ ⟩\ ⊔⟨⌉ ⌋⊣∫⌉ ≀{ √∇⌉√≀∫⟩⊔⟩≀\⊣↕ √⟨∇⊣∫⌉ ⊣⊔⊔⊣⌋⟨⇕⌉\⊔⇔ ⊔⟨⌉ ∐⊓⊣\⊔⟩⊔⊣⊔⟩⊑⌉ ∇⌉∫⊓↕⊔∫ ⊣∇⌉ ⌉∐⊓⟩⊑≀⌋⊣↕↙ O\ ⊔⟨⌉ ≀\⌉ ⟨⊣\⌈⇔ ⊔⟨⌉ ⌊⌉∫⊔ √⌉∇{≀∇⇕⊣\⌋⌉ ≀{ ⊔⟨⌉ ⊣↕}≀∇⟩⊔⟨⇕ ⟩∫ ≀\↕† ⊣ ∞∋↗ ⟩⇕√∇≀⊑⌉⇕⌉\⊔ ≀⊑⌉∇ ∫⟩⇕√↕† }⊓⌉∫∫⟩\} ⊔⟨⌉ ⊘∇∫⊔ ⌊∇⊣⌋‖⌉⊔⟩\}↙ O\ ⊔⟨⌉ ≀⊔⟨⌉∇ ⟨⊣\⌈⇔ ⊔⟨⟩∫ ⟩∫ {⊓↕↕† ⟨⊣↕{ ⊔⟨⌉ ⊒⊣† ⊔≀ ⊔⟨⌉ ∈↗̸ ⟩⇕√∇≀⊑⌉⇕⌉\⊔ ∇⌉⊣↕⟩‡⌉⌈ ⌊† ⊔⟨⌉ ⟨⊓⇕⊣\ |⊓⌈}⌉⇔ ⟩{ ⊣ }⌉\⌉∇≀⊓∫ ⊣⊔⊔⟩⊔⊓⌈⌉ ⟩∫ ⊔⊣‖⌉\ ⊣⌊≀⊓⊔ ⊓\‖\≀⊒\ ⊒≀∇⌈∫↙

▽↙▽↙△ Q⊓⊣↕⟩⊔⊣⊔⟩⊑⌉ E⊑⊣↕⊓⊣⊔⟩≀\ A ∐⊓⊣↕⟩⊔⊣⊔⟩⊑⌉ ⌉⊑⊣↕⊓⊣⊔⟩≀\ ≀{ ⊔⟨⌉ ⊣↕}≀∇⟩⊔⟨⇕ ⟩∫ ∐⊓⟩⊔⌉ ⟩\{≀∇⇕⊣⊔⟩⊑⌉↙ T⊣⌊↕⌉ ▽↙△ ∫⟨≀⊒∫ ⊔⟨⌉ ⊔⌉∫⊔ ⌉§⊣⇕√↕⌉∫ ⊔⟨⊣⊔ ⊔⟨⌉ ⊣↕}≀∇⟩⊔⟨⇕ ⇕⟩∫⊔⊣‖⌉\↕† ⌊∇⊣⌋‖⌉⊔⌉⌈ ⊣∫ ∪\∞ \∈⊎ \∋ ⊒⟨⌉\ ⊔⟨⌉† ∫⟨≀⊓↕⌈ ⟨⊣⊑⌉ ⌊⌉⌉\ \∞ ∪\∈ \∋⊎∅ T⊣⌊↕⌉ ▽↙▽ ∫⟨≀⊒∫ ⊔⟨⌉ ⌋≀\⊑⌉∇∫⌉⇔ ⌉§⊣⇕√↕⌉∫ ⊔⟨⊣⊔ ⊒⌉∇⌉ ⇕⟩∫⊔⊣‖⌉\↕† ⌊∇⊣⌋‖⌉⊔⌉⌈ ⊣∫ \∞ ∪\∈ \∋⊎ ∇⊣⊔⟨⌉∇ ⊔⟨⊣\ ∪\∞ \∈⊎ \∋↙ ⇐T⟨⌉∫⌉ ⊣∇⌉ ⌉∇∇≀∇∫ ⊒⟨⌉\ τ = 3.0▷↽

Example A(n1, n2) A(n2, n3) D bankers acceptance rate 38.02 2.53 -35.49 state law enforcers 5.43 0.07 -5.36 sports cable channel 4.70 3.98 -0.71 winter ski season 3.42 2.72 -0.70 exchange trading practices 2.97 2.41 -0.56 estate investment trust 3.44 3.08 -0.36 management information system 2.63 2.32 -0.30 investment trust funds 3.08 2.82 -0.25 executive dining room 0.15 0.04 -0.11 world business competition 2.86 2.76 -0.10 adult trade books 2.45 2.51 0.06 oil maintenance schedule 2.49 2.55 0.06 merchandise trade deőcit 4.12 4.37 0.25 % sales tax 1.49 1.88 0.38 sample leave policies 2.27 2.95 0.67 college entrance examination 1.88 2.61 0.73 state housing prices 0.88 1.70 0.81 bank trade associations 1.69 2.51 0.81 takeover stock traders 1.58 2.44 0.85 farm price index 1.21 2.09 0.87 home őtness equipment 0.50 1.65 1.15 business trade groups 1.96 3.32 1.36 world oil markets 0.65 2.08 1.43 % sales boost 1.49 3.07 1.57 performance plastic materials 0.46 2.22 1.76 record trade deőcit 2.46 4.37 1.90 state securities group 1.81 4.65 2.83 market interest rates 5.35 8.22 2.86

Table 5.4: Incorrect bracketings of [n1 [n2 n3]]

Example A(n1, n2) A(n2, n3) D bone marrow transplants 0.00 3.19 3.19 beauty product line -0.06 3.16 3.23 shareholder rights plan 1.52 5.29 3.76 education services company 1.40 5.26 3.86 cash interest bill 1.59 5.61 4.01 motor vehicle maker 4.20 9.02 4.81 chief executive ofőcer 11.96 16.80 4.83 semiconductor marketing arm 2.95 7.84 4.89 insurance brokerage agency 5.22 10.21 4.98 restaurant franchise system 2.31 7.37 5.06 farm income records 1.21 7.58 6.36 golf club makers 1.69 9.02 7.32 printer marketing arm 0.00 7.84 7.84 commodity brokerage őrms 0.02 12.20 12.17 state loan guarantees 0.56 16.57 16.00

Table 5.5: Incorrect bracketings of [[n1 n2] n3]

The general pattern that emerges is one in which the general direction of the algorithm is correct, but subtleties are missed. For most of the cases in Table 5.4, there is in fact a semantic preference for [n2 n3], but the difference is not great enough to pass the threshold. For many of these, the [n1 n2] combination is entirely plausible Ð e.g. oil maintenance, farm price, home őtness. In Table 5.5, the pattern is strikingly different. In general the [n2 n3] combination overwhelms [n1 n2], and in many cases this appears to be justiőed Ð for example, loan guarantees, brokerage őrms, income records, marrow transplant, and product line are all tight collocations. The lesser association of the [n1 n2] combinations in these cases Ð state loan, commodity brokerage, farm income, bone marrow, beauty product Ð tends to arise because the collocations have low frequency in the corpus, even when class membership is taken into account. In some cases, inappropriate classes are coming into play: income and record associate so strongly because ⟨∇⌉⌋≀∇⌈⟩ IS↖A ⟨⌈≀⌋⊓⇕⌉\⊔⟩ IS↖A ⟨√≀∫∫⌉∫∫⟩≀\⟩⇔ ⊣\⌈ ⌋≀↕↕≀⌋⊣⊔⟩≀\∫ ↕⟩‖⌉ ⟩\⌋≀⇕⌉ ∇⌉⊔⊓∇\⇔ ⟩\⌋≀⇕⌉ ∫⌉⌋⊓∇⟩⊔†⇔ ⊣\⌈ ⟩\⌋≀⇕⌉ ⊔⊣§ ↕⌉⊣⌈ ⊔≀ ⊣ ⊑⌉∇† ⟨⟩}⟨ ⊑⊣↕⊓⌉ {≀∇ A(income → ⟨√≀∫∫⌉∫∫⟩≀\⟩). There is a good chance that many of these problems will disappear when larger corpora are used and when word senses are taken into account. However, inspection of the incorrect choices also exposes some deeper problems. Consider the phrase winter ski season. The training data contain a number of instances for which a nominal modiőer of season is a sporting activity Ð baseball season, hunting season, skiing season Ð and the association measure captures this generalization, since in each of these cases the highest scoring class for the modiőer is ⟨∫√≀∇⊔⟩↙ H≀⊒⌉⊑⌉∇⇔ ⟩\⊔⌉∇√∇⌉⊔⟩\} ∫‖⟩ ⊣∫ ⊣ ⇕≀⌈⟩⊘⌉∇ ⟩\ ⊔⟨⟩∫ ⌋⊣⊔⌉}≀∇† ∇⌉∐⊓⟩∇⌉∫ ⟩\{⌉∇∇⟩\} ⊔⟨⌉ ∇⌉↕⌉⊑⊣\⊔ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√ ⌊⌉⊔⊒⌉⌉\ ∫‖⟩ ⊣\⌈ ∫‖⟩⟩\}⇔ ∫≀⇕⌉⊔⟨⟩\} ⊔⟨⊣⊔ ⇕⊣† ⌊⌉ √≀∫∫⟩⌊↕⌉ ⟩\ ⊔⟨⟩∫ ⌋⊣∫⌉ ⇐√⌉∇⟨⊣√∫ ⊑⟩⊣ ⊔⟨⌉ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√ ⌊⌉⊔⊒⌉⌉\ ⊣ ∫√≀∇⊔ ⊣\⌈ ⟩⊔∫ ⌉∐⊓⟩√⇕⌉\⊔⊥⇒ ⌊⊓⊔ ⊒≀⊓↕⌈ √∇≀⌊⊣⌊↕† \≀⊔ ⌊⌉ ∫⊔∇⊣⟩}⟨⊔{≀∇⊒⊣∇⌈ ⊔≀ ⌈≀ ⟩\ }⌉\⌉∇⊣↕↙ A∫ ⊣ ∫⌉⌋≀\⌈ ⌉§⊣⇕√↕⌉⇔ ⌋≀\∫⟩⌈⌉∇ ⊔⟨⌉ ∫⌉⊔ ≀{ \≀⇕⟩\⊣↕ ⇕≀⌈⟩⊘⌉∇∫ {≀∇ ⊔⟨⌉ ⟨⌉⊣⌈ √∇≀⌈⊓⌋⊔↙ T⟨⌉ ⇕≀⌈⟩⊘⌉∇∫ ≀{ √∇≀⌈⊓⌋⊔ ⟩\ ⊔⟨⌉ ⊔∇⊣⟩\⟩\} ∫⌉⊔ {⊣↕↕⇔ ⊒⟩⊔⟨ {⌉⊒ ⌉§⌋⌉√⊔⟩≀\∫⇔ ⟩\⊔≀ ⊔⟨⌉ {≀↕↕≀⊒⟩\} ∇≀⊓}⟨ }∇≀⊓√⟩\}∫¬ • X √∇≀⌈⊓⌋⊔ ⇒ √∇≀⌈⊓⌋⊔ ⇕⊣⌈⌉ {∇≀⇕ ≀∇ ⌋≀\∫⟩∫⊔⟩\} ≀{ X¬ ⌊⊣∫‖⌉⊔ ⌋⊣∇⌊≀\ ⌋⟨⌉⇕⟩⌋⊣↕ ⌋≀⌋≀⊣ ⌋≀∫⇕⌉⊔⟩⌋ ⌈⊣⟩∇† ⌈∇⊓} ⌉}} ⊘↕⇕ {≀≀⌈ ⟨⊣∇⌈⊒⊣∇⌉ ⟩\∫⊓↕⟩\ ↕⟩{⌉↖⟩\∫⊓∇⊣\⌋⌉

∞∋∞ ⇕⊣⟩\{∇⊣⇕⌉ ≀⟩↕ √⊣√⌉∇ √⌉⊔∇≀↕⌉⊓⇕ √↕⊣∫⊔⟩⌋ √≀↕†∫⊔†∇⌉\⌉ ∫⌉⇕⟩⌋≀\⌈⊓⌋⊔≀∇ ∫⟨⌉⌉⊔ ∫≀{⊔⊒⊣∇⌉ ∫⊔⌉⌉↕ ∫⊔≀∇⊣}⌉↖⌋⊣∫⌉ ∫†∫⊔⌉⇕ ⊔⊣√⌉ ⊔⌉§⊔⟩↕⌉ ⊔⟩∫∫⊓⌉ ⊔≀⌊⊣⌋⌋≀ ⊓\⌈⌉∇⊒⌉⊣∇ • X √∇≀⌈⊓⌋⊔ ⇒ √∇≀⌈⊓⌋⊔ ⊓∫⌉⌈ ⟩\ ⊣⌋⊔⟩⊑⟩⊔† X¬ ⌊⟩≀⊔⌉⌋⟨\≀↕≀}† ⌊⊓⟩↕⌈⟩\} ⌊⊓∫⟩\⌉∫∫ ⌋≀⇕⇕⊓\⟩⌋⊣⊔⟩≀\ ⌋≀\⊔∇≀↕ ⌈⟩⊣↕†∫⟩∫ ⟨⌉⊣↕⊔⟨↖⌋⊣∇⌉ ⟨≀⇕⌉↖⟩⇕√∇≀⊑⌉⇕⌉\⊔ ⟩\{≀∇⇕⊣⊔⟩≀\↖ √∇≀⌋⌉∫∫⟩\} ⟩\⊑⌉∫⊔⇕⌉\⊔ √⊣⌋‖⊣}⟩\} √↕⊣\⊔↖∫⌋⟩⌉\⌋⌉ ∫‖⟩\↖⌋⊣∇⌉ ∫⊔≀∇⊣}⌉ ⊔⌉↕⌉⌋≀⇕⇕⊓\⟩⌋⊣⊔⟩≀\ • X √∇≀⌈⊓⌋⊔ ⇒ √∇≀⌈⊓⌋⊔ ⊓∫⌉⌈ ⊔≀ √∇≀⌈⊓⌋⌉ ⌋≀\⌈⟩⊔⟩≀\ X¬ ⊣\⟩⇕⊣↕↖⟨⌉⊣↕⊔⟨ ⊘⊔\⌉∫∫ • X √∇≀⌈⊓⌋⊔ ⇒ √∇≀⌈⊓⌋⊔ ⊓∫⌉⌈ ⟩\ ↕≀⌋⊣⊔⟩≀\ X¬ {⊣∇⇕ ⟨≀⇕⌉ ⟨≀⊓∫⌉⟨≀↕⌈ ⟨≀∫√⟩⊔⊣↕ ≀{⊘⌋⌉ A ⌈⟩{⊘⌋⊓↕⊔† ⊒⟩⊔⟨ ⊓∫⟩\} ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⊣∫∫≀⌋⟩⊣⊔⟩≀\ ⊔≀ ⊣∫∫⌉∫∫ ∫⌉⇕⊣\⊔⟩⌋ √∇⌉{⌉∇⌉\⌋⌉ ⟩∫ ⊔⟨⊣⊔ ⊔⟨⌉∇⌉ ⇕⊣† \≀⊔ ⌊⌉ ⊣ ⌈⟩∇⌉⌋⊔ ⇕⊣√√⟩\} ⌊⌉⊔⊒⌉⌉\ }∇≀⊓√⟩\}∫ ≀{ ⊔⟨⟩∫ ‖⟩\⌈ ⊣\⌈ ⌋↕⊣∫∫⌉∫ ⟩\ ⊔⟨⌉ ⊔⊣§≀\≀⇕†↙ U∫⟩\} ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⊣∫∫≀⌋⟩⊣⊔⟩≀\⇔ ⊔⟨⌉ ⊘∇∫⊔ }∇≀⊓√ ≀{ ⇕≀⌈⟩⊘⌉∇∫ ⊔⌉\⌈∫ ⊔≀ ⌊⌉ ⌋⊣⊔⌉}≀∇⟩‡⌉⌈ ⊣∫ ⟨≀⌊|⌉⌋⊔⟩⇔ ⊒⟨⟩⌋⟨ ∫⌉⌉⇕∫ ⊔≀ ⌊⌉ ⊣ ∇⌉⊣∫≀\⊣⌊↕⌉ ⊘⊔⇔ ⌊⊓⊔ \≀ ∫⟩\}↕⌉ ⌋↕⊣∫∫ √∇⌉⌈≀⇕⟩\⊣⊔⌉∫ ⟩\ ⊔⟨⟩∫ ⊒⊣† {≀∇ ⊔⟨⌉ ≀⊔⟨⌉∇ }∇≀⊓√∫↙ F≀∇ ⌉§⊣⇕√↕⌉⇔ ⟩\ ⊔⟨⌉ ∫⌉⌋≀\⌈ }∇≀⊓√ ⊒≀∇⌈∫ ⊔⟨⊣⊔ ⌋⊣\ ⌊⌉ ⟩\⊔⌉∇√∇⌉⊔⌉⌈ ⌊≀⊔⟨ ⊣∫ ⊣⌋⊔⟩⊑⟩⊔⟩⌉∫ ⊣\⌈ ⊣∫ ≀⌊|⌉⌋⊔∫ ⇐⌉↙}↙ ⌊⊓⟩↕⌈⟩\}⇔ ⌊⊓∫⟩\⌉∫∫⇔ ⌋≀\⊔∇≀↕⇒ }⌉⊔ ↕⊓⇕√⌉⌈ ⟩\ ⊒⟩⊔⟨ ⟨≀⌊|⌉⌋⊔⟩⇔ ⊣\⌈ ⊔⟨⌉ ∇⌉⇕⊣⟩\⌈⌉∇ ∫⌋⊣⊔⊔⌉∇⌉⌈ ⊣⇕≀\} ∇⌉↕⊣⊔⟩⊑⌉↕† ⊒⌉⊣‖↕† ∫⌋≀∇⟩\} ⌋↕⊣∫∫⌉∫ ↕⟩‖⌉ ⟨⌋≀⇕⇕⊓\⟩⌋⊣⊔⟩≀\⟩ ⊣\⌈ ⟨⊣⌋⊔⟩⊑⟩⊔†⟩↙ T⟨⌉ √∇≀⌊↕⌉⇕ ⟩∫ ∇⌉⊙⌉⌋⊔⌉⌈ ⟩\ ⊔⟨⌉ ⊣↕}≀∇⟩⊔⟨⇕≃∫ ⌉∇∇≀∇ ≀\ ⌊⌉⊣⊓⊔† √∇≀⌈⊓⌋⊔ ↕⟩\⌉↙ A↕⊔⟨≀⊓}⟨ ⊓\⌈⌉∇ ⊣ ∫⊓⟩⊔⊣⌊↕⌉ ⟩\⊔⌉∇√∇⌉⊔⊣⊔⟩≀\⇔ ⌊⌉⊣⊓⊔† ⌋≀⊓↕⌈ ⌊⌉ ⟩\⊔⌉∇√∇⌉⊔⌉⌈ ⊣∫ ⊣ ⇕⌉⇕⌊⌉∇ ≀{ ⊔⟨⌉ ⊔⟨⟩∇⌈ }∇≀⊓√ � ⊣ ⌋≀\⌈⟩⊔⟩≀\ ⌋⊣⊓∫⌉⌈ ⌊† ⊔⟨⌉ √∇≀⌈⊓⌋⊔ � \≀ ∫⊓⌋⟨ ⟩\⊔⌉∇√∇⌉⊔⊣⊔⟩≀\ ⟩∫ ⊣⊑⊣⟩↕⊣⌊↕⌉ ≀\ ⊔⟨⌉ ⌊⊣∫⟩∫ ≀{ ⊔⟨⌉ ⌋↕⊣∫∫⌉∫ ⊔≀ ⊒⟨⟩⌋⟨ ⌊⌉⊣⊓⊔† ⌊⌉↕≀\}∫↙ I\⌈⌉⌉⌈⇔ ⊔⟨⌉ ⌉∇∇≀∇ ⊒≀⊓↕⌈ ∇⌉⇕⊣⟩\ ⌉⊑⌉\ ⟩{ ⌊⌉⊣⊓⊔† ⊒⌉∇⌉ ⊣ ⇕⌉⇕⌊⌉∇ ≀{ ⌋↕⊣∫∫ ⟨⌋≀\⌈⟩⊔⟩≀\⟩¬ ⌉⊑⌉\ ⊔⟨≀⊓}⟨ ⟨⌉⊣↕⊔⟨ ⊣\⌈ ⊘⊔\⌉∫∫ ⊣∇⌉ ⌊≀⊔⟨ ⇕⌉⇕⌊⌉∇∫ ≀{ ⊔⟨⊣⊔ ⌋↕⊣∫∫⇔ ⊔⟨⌉ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⊣∫∫≀⌋⟩⊣⊔⟩≀\ A(⟨⌋≀\⌈⟩⊔⟩≀\⟩ ← √∇≀⌈⊓⌋⊔) is quite low. What appears to be needed here, then, is an understanding of the semantic connection underlying the modiőer-head relationship. This is something that it is difőcult to imagine ascertaining automatically (though see (Basili, Pazienza, and Velardi, 1991; Velardi, 1991) for some discussion of partially automating the process). To echo the quote from (Hindle and Rooth, 1993) at the beginning of Section 5.4, if deeper semantic relationships of this kind are necessary in general, then it is hard to see how computational models are going to be able to solve this problem in unrestricted text any time soon.

Fortunately, this may not be the case. In the current example, although beauty product line is bracketed incorrectly, three other items in the test set are bracketed correctly Ð cement products company, food products concern, and forest products company. Although further experimentation is necessary, these examples encourage me to believe that the syntactic head-modiőer relationship, mediated by conceptual classes, will sufőce more often than not.

Chapter 6

Conclusions

6.1 Contributions

The core of the dissertation, in Chapter 3, is a new formalization of selectional constraints in informationtheoretic terms. I think the proposal to treat selectional constraints from an inferential point of view, but to łhidež inference within the semantics of a taxonomic representation, is a novel one. In addition, I think that the time is right to have revived the question of how łinformation,ž in the sense of Shannon and Weaver (1949), is related to semantic content, as discussed by Bar-Hillel (1964), and to the process of interpretation.

The main contribution of Chapter 4 is a new account of one particular kind of diathesis alternation, an account that, unlike most discussions of verbal diathesis, focuses on the verb-argument relationship rather than on a particular semantic property of the verb. The computational experiments in that chapter suggest that the model of selectional preference proposed here captures important aspects of inferability for argument properties; in that sense I think it lays the groundwork for a new set of mathematical and computational proposals about on-line processing, consistent with discussions of processing in terms of probabilistic constraints. (See also the discussion of argument plausibility in Chapter 3.) I think this model may also shed new light on the process of verb acquisition, since bootstrapping proposals are increasingly coming to recognize the importance of argument properties in that process.

In Chapter 5, I think I have demonstrated the utility of using knowledge-based classes in syntactic disambiguation by statistical methods. Furthermore, unlike most statistical approaches, disambiguation relies not on just any statistical test, but on an association measure that was independently motivated and justiőed in the previous chapters. Admittedly this may not be of great concern in practical applications, but at the very least I have provided a starting point, and a set of initial results, for statistical approaches that make use of a broad-coverage taxonomy in unconstrained text.

Finally, the underlying premise of this work has been that the information-theoretic view of language as a stochastic phenomenon and the linguistic view of language as a cognitive phenomenon, though often characterized as being in opposition to each other, are not fundamentally incompatible. I believe that the results in the preceding chapters support this conclusion, and I hope the thesis as a whole will contribute to making it more widely accepted.

6.2 Thoughts on Future Work

Speculating about possible future directions is extremely easy, since I have done my best to relate this work to many different areas of intellectual pursuit. In this section, therefore, I will just brieŕy mention three directions that strike me as particularly interesting.

Word sense disambiguation. One issue that came up repeatedly throughout the thesis was word sense disambiguation Ð both with regard to the training data, and with regard to the use of selectional constraints as a way of identifying the most plausible reading of a word in its context as the argument of a predicate. One straightforward thing to do would be to abandon the uniform distribution of credit among noun classes Ð e.g., observing drink wine and incrementing ⟨⌋≀↕≀∇⟩ ⊣\⌈ ⟨⌊⌉⊑⌉∇⊣}⌉⟩ ⌊† ⌉∐⊓⊣↕ ⊣⇕≀⊓\⊔∫ � ⊣\⌈ ⟩\∫⊔⌉⊣⌈ ⊔≀ ⊓∫⌉ ⊣\ ⌉§⟩∫⊔⟩\} ⊒≀∇⌈↖∫⌉\∫⌉ ⌈⟩∫⊣⇕⌊⟩}⊓⊣⊔⟩≀\ ⊔⌉⌋⟨\⟩∐⊓⌉ ⊔≀ ≀⌊⊔⊣⟩\ ⊣ ⌊⌉⊔⊔⌉∇ ⊣√√∇≀§⟩⇕⊣⊔⟩≀\ ≀{ ⟨≀⊒ ⌋∇⌉⌈⟩⊔ ∫⟨≀⊓↕⌈ ⌊⌉ ⌈⟩∫⊔∇⟩⌊⊓⊔⌉⌈↙ A\ ⊣↕⊔⌉∇\⊣⊔⟩⊑⌉⇔ ∫⊓}}⌉∫⊔⌉⌈ ⊔≀ ⇕⌉ ⌊† D⊣⊑⟩⌈ M⊣}⌉∇⇕⊣\⇔ ⊒≀⊓↕⌈ ⌊⌉ ⊔≀ ⌋≀\∫⊔∇⊓⌋⊔ ⊣ ⟨⟩⌈⌈⌉\ ⇕≀⌈⌉↕ ⟩\ ⊒⟨⟩⌋⟨ ≀⌊∫⌉∇⊑⌉⌈ √∇⌉⌈⟩⌋⊣⊔⌉↖⊒≀∇⌈ ⌋≀↖≀⌋⌋⊓∇∇⌉\⌋⌉∫ √∇≀⊑⟩⌈⌉ ⊔⟨⌉ ⌈⊣⊔⊣ {≀∇ ∇⌉↖⌉∫⊔⟩⇕⊣⊔⟩≀\ ≀{ √∇⌉⌈⟩⌋⊣⊔⌉↖⌋↕⊣∫∫ √∇≀⌊⊣⌊⟩↕⟩⊔⟩⌉∫ ⊓∫⟩\} ⊔⟨⌉ EM ⊣↕}≀∇⟩⊔⟨⇕↙ T⟨⌉ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√ ⌊⌉⊔⊒⌉⌉\ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫ ⊣\⌈ ↕⌉§⟩⌋⊣↕ ⌈⟩∫⊣⇕⌊⟩}⊓⊣⊔⟩≀\ ⟨⊣∫ ⌊⌉⌉\ ⟩\ ⌉⊑⟩⌈⌉\⌋⌉ ⊣⊔ ↕⌉⊣∫⊔ ∫⟩\⌋⌉ ⇐K⊣⊔‡ ⊣\⌈ F≀⌈≀∇⇔ ∞∃△̸⇒⇔ ⊣\⌈ ⊔⟨⌉ ⌊⌉⟨⊣⊑⟩≀∇ ≀{ ⊔⟨⌉ ⟩⇕√↕⌉⇕⌉\⊔⌉⌈ ⇕≀⌈⌉↕ ∫⊓}}⌉∫⊔∫ ⊔⟨⊣⊔ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⊣∫∫≀⌋⟩⊣⊔⟩≀\ ⟩\ ⇕⊣\† ⌋⊣∫⌉∫ √∇≀⊑⟩⌈⌉∫ ∫⊔∇≀\} ⌉⊑⟩⌈⌉\⌋⌉ {≀∇ ⊣ √⊣∇⊔⟩⌋⊓↕⊣∇ ∫⌉\∫⌉↙ T⟨⟩∫ ⊘\⌈⟩\} ⟩∫ ⌋≀\∫⟩∫⊔⌉\⊔ ⊒⟩⊔⟨ Y⊣∇≀⊒∫‖†≃∫ ⇐∞∃∃∋⇒ ⌋↕⊣⟩⇕ ⊔⟨⊣⊔ ↕≀⌋⊣↕ ⌋≀↕↕≀⌋⊣⊔⟩≀\⊣↕ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√∫ √∇≀⊑⟩⌈⌉ ⊣ ∇⌉↕⟩⊣⌊↕⌉ ∫≀⊓∇⌋⌉ ≀{ ⌉⊑⟩⌈⌉\⌋⌉ {≀∇ ∫⌉\∫⌉ ⌈⟩∫⊣⇕⌊⟩}⊓⊣⊔⟩≀\ ⊒⟨⌉\ ∫⊓⌋⟨ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√∫ ⊣∇⌉ √∇⌉∫⌉\⊔↙ Y⊣∇≀⊒∫‖† ∫⊓}}⌉∫⊔∫ ⊔⟨⊣⊔ ⌋↕⊣∫∫↖⌊⊣∫⌉⌈ ⌋≀↕↕≀⌋⊣⊔⟩≀\∫ ⇕⊣† ⟨⌉↕√ ∇⌉∫≀↕⊑⌉ ∫≀⇕⌉ ≀{ ⊔⟨⌉ √∇≀⌊↕⌉⇕∫ ⟨⟩∫ ⇕⌉⊔⟨≀⌈ ⌉\⌋≀⊓\⊔⌉∇∫ ⊒⟩⊔⟨ ↕≀⊒ ∇⌉⌋⊣↕↕⇔ ⊣\⌈ ⊔⟨⌉ ⟩\⊔⌉}∇⊣⊔⟩≀\ ≀{ ⊔⟨⌉ √∇⌉∫⌉\⊔ ⊣√√∇≀⊣⌋⟨ ⊒⟩⊔⟨ ⟨⟩∫ ⊔⌉⌋⟨\⟩∐⊓⌉ ∫⌉⌉⇕∫ ⊒⌉↕↕ ⊒≀∇⊔⟨ √⊓∇∫⊓⟩\}↙ B⊣∫⟩⌋ ↕⌉⊑⌉↕∫↙ A ⌈⟩{{⌉∇⌉\⌋⌉ ⌊⌉⊔⊒⌉⌉\ ⊔†√⟩⌋⊣↕ ⊒≀∇⌈↖∫⌉\∫⌉ ⌈⟩∫⊣⇕⌊⟩}⊓⊣⊔⟩≀\ ⇕⌉⊔⟨≀⌈∫ ⊣\⌈ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⊣∫∫≀↖ ⌋⟩⊣⊔⟩≀\ ⟩∫ ⊔⟨⊣⊔⇔ ⊒⟨⌉∇⌉ ∫⌉\∫⌉∫ ⊣∇⌉ ⊔†√⟩⌋⊣↕↕† ∫⌉↕⌉⌋⊔⌉⌈ {∇≀⇕ ⊣ ⊖⊙⊣⊔⪰ ∫⌉⊔⇔ ⊔⟨⌉ ⌋↕⊣∫∫⌉∫ ⊓\⌈⌉∇ ⌋≀\∫⟩⌈⌉∇⊣⊔⟩≀\ ⟩\ ⊔⟨⌉ √∇⌉∫⌉\⊔ ⊒≀∇‖ ⊣∇⌉ √⊣∇⊔ ≀{ ⊣ ⇕⊓↕⊔⟩↖↕⌉⊑⌉↕ ⊔⊣§≀\≀⇕†↙ I⊔ ⟨⊣∫ ⌊⌉⌉\ ⊒⟩⌈⌉↕† \≀⊔⌉⌈ ⊔⟨⊣⊔ ⊔⟨⌉ ∫⌉↕⌉⌋⊔⟩≀\ ≀{ ⊣\ ⊣√√∇≀√∇⟩⊣⊔⌉ ↕⌉⊑⌉↕ ≀{ ⊣⌊∫⊔∇⊣⌋⊔⟩≀\ ⟩∫ ⊣ ⌈⟩{⊘⌋⊓↕⊔ √∇≀⌊↕⌉⇕ � {≀∇ ⌉§⊣⇕√↕⌉⇔ V⌉↕⊣∇⌈⟩ ⌉⊔ ⊣↕↙ ⇐∞∃∃∞⇔ √↙ ∞△̸⇒ ⌋≀⇕⇕⌉\⊔⇔ ⊖T⟨⌉ ⇕≀∫⊔ ⌈⟩{⊘⌋⊓↕⊔ ⊔⊣∫‖ ↙ ↙ ↙ ⟩∫ ⊔≀ ⌈⌉⊘\⌉ ⊣⊔ ⊔⟨⌉ ⊣√√∇≀√∇⟩⊣⊔⌉ ↕⌉⊑⌉↕ ≀{ }⌉\⌉∇⊣↕⟩⊔† ⊔⟨⌉ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ∇⌉∫⊔∇⟩⌋⊔⟩≀\∫ ≀\ ⌋≀\⌋⌉√⊔⊓⊣↕ ∇⌉↕⊣⊔⟩≀\∫↙⪰ A ∫⇕⊣↕↕ ⌊⊓⊔ ∫⟩}\⟩⊘⌋⊣\⊔ ⌋≀\⊔∇⟩⌊⊓⊔⟩≀\ ≀{ ⊔⟨⌉ ⊔⟨⌉∫⟩∫ ⟩∫ ⊔⟨⊣⊔ ⊔⟨⌉ ⇕⌉⊣∫⊓∇⌉ ≀{ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⊣∫∫≀⌋⟩⊣⊔⟩≀\ ↕≀⌋⊣⊔⌉∫ ⊣\ ⊖⊣√√∇≀√∇⟩⊣⊔⌉⪰ ↕⌉⊑⌉↕ ⊒⟩⊔⟨⟩\ ⊔⟨⌉ ⊔⊣§≀\≀⇕† ⊣⊓⊔≀⇕⊣⊔⟩⌋⊣↕↕†⇔ ⌊† ⊔∇⊣⌈⟩\} ≀{{ ⊣ ⇕⊣∇}⟩\⊣↕ ⌋↕⊣∫∫ √∇≀⌊⊣⌊⟩↕⟩⊔† ⇐⊒⟨⟩⌋⟨ }≀⌉∫ ⊓√ ⊣∫ †≀⊓ }≀ ⟨⟩}⟨⌉∇ ⟩\ ⊔⟨⌉ ⊔⊣§≀\≀⇕†⇒ ⊣}⊣⟩\∫⊔ ⊣ ⌋≀\⌈⟩⊔⟩≀\⊣↕ ⌋↕⊣∫∫ √∇≀⌊⊣⌊⟩↕⟩⊔† ⇐⊒⟨⟩⌋⟨ ⌈⌉⌋∇⌉⊣∫⌉∫ ⟩{ †≀⊓ }≀ ⊔≀≀ ⟨⟩}⟨⇒↙ I\ {⊓⊔⊓∇⌉ ⊒≀∇‖ I ⊒≀⊓↕⌈ ↕⟩‖⌉ ⊔≀ ⟩\⊑⌉∫⊔⟩}⊣⊔⌉ ⊔⟨⟩∫ √∇≀√⌉∇⊔† ≀{ ⊔⟨⌉ ⇕⌉⊣∫⊓∇⌉ {⊓∇⊔⟨⌉∇⇔ ⊣\⌈ ⊔≀ ⌉§√↕≀∇⌉ ⊔⟨⌉ √≀∫∫⟩⌊⟩↕⟩⊔† ⊔⟨⊣⊔ ⟩⊔ ⟩∫ ∇⌉↕⊣⊔⌉⌈ ⊔≀ ⊔⟨⌉ \≀⊔⟩≀\ ≀{ ⌊⊣∫⟩⌋ ↕⌉⊑⌉↕ ⌋⊣⊔⌉}≀∇⟩⌉∫↙ U\⌈⌉∇↕†⟩\} ∫⌉⇕⊣\⊔⟩⌋∫↙ A↕⊔⟨≀⊓}⟨ ⟩\ S⌉⌋⊔⟩≀\ ∈↙△↙∞ I ⊣⊔⊔⌉⇕√⊔⌉⌈ ⊔≀ √∇≀⊑⟩⌈⌉ ⊣ ∇⌉⊣∫≀\⊣⌊↕⌉ ⌈⟩∫⌋⊓∫∫⟩≀\ ≀{ ⊔⟨⌉ ∫⌉⇕⊣\⊔⟩⌋∫ ⌊⌉⟨⟩\⌈ ⊔⟨⌉ ⊔⊣§≀\≀⇕†⇔ ⊣\⌈ √⊣∇⊔⟩⌋⊓↕⊣∇↕† ⟩⊔∫ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√ ⊔≀ ⟩\{⌉∇⌉\⌋⌉⇔ {⊓∇⊔⟨⌉∇ ⊒≀∇‖ ≀\ ⊔⟨⟩∫ ⊔≀√⟩⌋ ⟩∫ \⌉⌉⌈⌉⌈↙ S⊔⌉⊑⌉ A⌊\⌉† √≀⟩\⊔∫ ≀⊓⊔ ∫≀⇕⌉ \⌉⌋⌉∫∫⊣∇† ⌉↕⊣⌊≀∇⊣⊔⟩≀\∫ ⊔≀ ⊔⟨⌉ \≀⊔⟩≀\∫ ≀{ ⊖√↕⊣⊓∫⟩⌊↕⌉ ⌉\⊔⊣⟩↕⇕⌉\⊔⪰ ⊣\⌈ ⊖∇⌉√∇⌉∫⌉\⊔⊣⊔⟩⊑⌉ ∫⌉\⊔⌉\⌋⌉⪰ � ⊣⊔ ⊣ ⇕⟩\⟩⇕⊓⇕⇔ ⊔⟨⌉ ⌈⟩∫⌋⊓∫∫⟩≀\ ∫⟨≀⊓↕⌈ ⌊⌉ ⌉§√∇⌉∫∫⌉⌈ ⟩\ ⊔⌉∇⇕∫ ≀{ ≀√⌉\ √∇≀√≀∫⟩⊔⟩≀\∫ ∇⊣⊔⟨⌉∇ ⊔⟨⊣\ ≀√⌉\ ∫⌉\⊔⌉\⌋⌉ {∇⊣⇕⌉∫ ⇐⌉↙}↙ λf[∃x(f(x)&sawed-in-two(j, x))] rather than łJohn sawed a in twož); the notion of łrepresentative sentencež needs to be formulated so as to exclude such cases as λf[member-of(f, {f1, f2})] (otherwise my criteria would let any pair of senses be synonyms); and there needs to be a clearer characterization of what would be excluded as a łplausible entailmentž of a proposition (to prevent the criterion for synonymy from being too strict). The challenge in this task is to make the deőnitions more formal while at the same time not requiring a complete formalization of human inference.

Appendix A

Notes on Probability Estimation

A.1 Unit Credit Assignment

Although equation (2.14) represents the correct formalization of joint class-based probabilities, in earlier versions of this work (Resnik, 1992a; Resnik, 1992c; Resnik, 1993; Resnik and Hearst, 1993) and in Chapter 5 I used the following frequency estimate:

freq(x, c) = ∑ w∈words(c) freq(x, w). ↼A▷1↽ That is the joint frequency with x was increased by a unit rather than a fractional amount for each class to which w belonged▷ This is technically incorrect as far as the probabilistic model is concerned since it leads to ψp_{MLE} (v, c) not being a probability function Ð notice how the marginal probability of x will be inβated for those x that tend to appear with nouns belonging to many different classes▷ In the next section I describe in detail how probability estimation was actually carried out in the work using that frequency estimate in particular the use of the GoodTuring estimate rather than MLE▷ In the section that follows I work through a simple example to illustrate how frequency and probability estimates are done now▷

A▷2 GoodTuring Estimates Together with the frequency estimate in ↼A▷1↽ in earlier experiments I used the GoodTuring ↼GT↽ estimator of probabilities ↼Good 1953↽▷ The GT estimate is calculated by organizing observations in the sample according to frequency so that bin n_r represents the number of items that were observed exactly r times, for example n2 is the number of items that were observed exactly twice▷ If k is the maximum number of times any item was observed then k∑ r=1 rn_r = N, ↼A▷2↽ where N is the total size of the sample▷ In order to estimate the probability of something that occurred r times the maximum likelihood estimator would simply use the normalized frequency i▷e▷ ψp_{MLE} = r N , ↼A▷3↽

Figure A▷1. Example of smoothing in GoodTuring probability estimation but in contrast the GoodTuring estimate is calculated by αrst computing an adjusted frequency r^∗¬ r^∗ = (r + 1) n_{r+1} n_r . ↼A▷4↽ It is this adjusted frequency that is then normalized in order to estimate the probability▷ That is the estimated probability for something that occurred r times in the sample is given by N^∗ = k∑ r=0 r^∗n_r ↼A▷5↽ ψp_{GT} = r^∗ N^∗ . ↼A▷6↽ In practice it is necessary to smooth the n_r � notice that if by chance no item in the sample had an observed frequency of exactly r the denominator in equation ↼A▷4↽ would be zero▷ Having observed that a plot of log n_r versus log r was very nearly linear I experimented with smoothing the n_r by αtting the observed data to the equation log n_r = −m(log r) + b. ↼A▷7↽ As it turns out this is equivalent to saying that n_r ∝ ∞ r^m , ↼A▷8↽ which is to say that the class distribution follows Zipfφs law▷1 Figure A▷1 shows an example of how frequency estimates were smoothed▷ In the interest of αdelity to a probabilistic framework I have redone most of the experiments in this thesis using the frequency estimate in equation ↼2▷14↽, this permits a true informationtheoretic interpretation of the proposal made in Chapter 3▷ ↼Maximum likelihood is used unless otherwise noted▷↽ In the next section I 1I am grateful to Ken Church for pointing this out, for further smoothing subtleties see ↼Church and Gale 19xx pp▷ 89↽▷

  ææZZ

ææZZ ææZZ

A D {a,b,c,f}

{a,b,c} {c,f} C F B {b} {c} {f}

E

Figure A.2: A simple taxonomy

work through a small example to illustrate exactly how the frequency estimation is carried out and how the probability estimates are related to the structure of the taxonomy.

In future work, I may shift from MLE to the Cat-Cal estimator proposed in (Church and Gale, 19xx), since it requires fewer statistical assumptions than Good-Turing and is better equipped to dealing with fractional counts. However, I should note that changes in probability estimates do not appear to lead to any great differences in the reported results. I have found that experiments produce comparable results regardless of the probability estimator used.

A.3 Frequency Estimates Using the Taxonomy

As mentioned in Section 2.4.2, the structure of the taxonomy plays a role not in the formalization of the sample space, but in the estimation of the probability function. In order to examine this in a bit more detail, I will work through a simple example.

Consider the taxonomy in Figure A.2. Capital letters represent the set of class labels, {A⇔B⇔C⇔D⇔E⇔F}⇔ ⊣\⌈ ⊔⟨⌉ ∫⌉⊔∫ ⌊⌉↕≀⊒ ⌉⊣⌋⟨ ↕⊣⌊⌉↕ ∇⌉√∇⌉∫⌉\⊔ ⊔⟨⌉ ⌉§⊔⌉\∫⟩≀\ ≀{ ⌉⊣⌋⟨ ⌋↕⊣∫∫⇔ ⊒≀∇⌈∫ ∇⌉√∇⌉∫⌉\⊔⌉⌈ ⟩\ ↕≀⊒⌉∇⌋⊣∫⌉↙ N≀⊔⟩⌋⌉ ⊔⟨⊣⊔ ⌉⊣⌋⟨ ↕⟩\‖ ⟩\ ⊔⟨⌉ ⊔⊣§≀\≀⇕† ⌋≀∇∇⌉∫√≀\⌈∫ ⊔≀ ⊣ ∫⊓⌊∫⌉⊔↖∫⊓√⌉∇∫⌉⊔ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√ ⌊⌉⊔⊒⌉⌉\ ⊔⟨≀∫⌉ ⌉§⊔⌉\∫⟩≀\∫↙ S⊓√√≀∫⌉ ⊔⟨⊣⊔ ⊒⟨⊣⊔ ⟩∫ ≀⌊∫⌉∇⊑⌉⌈ ⟩∫ ⊣ △↖⊒≀∇⌈ ∫⊣⇕√↕⌉¬ ⊣⇔ ⌊⇔ ⌋⇔ {↙ S⟩\⌋⌉ ⊒≀∇⌈ ⊣ ⌊⌉↕≀\}∫ ⊔≀ ⊔⊒≀ ⌋↕⊣∫∫⌉∫⇔ A ⊣\⌈ E⇔ ⌉⊣⌋⟨ ≀{ ⊔⟨≀∫⌉ ⊔⊒≀ ⌋↕⊣∫∫⌉∫ ⊒⟩↕↕ ⟨⊣⊑⌉ ⟩⊔∫ {∇⌉∐⊓⌉\⌋† ⟩\⌋∇⌉⇕⌉\⊔⌉⌈ ⌊†∞∈↙ S⟩⇕⟩↕⊣∇↕†⇔ ⊒⟨⌉\ ⌊ ⟩∫ ≀⌊∫⌉∇⊑⌉⌈⇔ ⌋↕⊣∫∫⌉∫ B⇔ A⇔ ⊣\⌈ E ⊒⟩↕↕ ⌉⊣⌋⟨ ⌊⌉ ⟩\⌋∇⌉⇕⌉\⊔⌉⌈ ⌊†∞∋↙ T⟨⌉ ⌉\⊔⟩∇⌉ ∫⌉∐⊓⌉\⌋⌉ ↕⌉⊣⌈∫ ⊔≀ ⊔⟨⌉ {≀↕↕≀⊒⟩\} ∫⊓⇕⇕⊣∇† ≀{ {∇⌉∐⊓⌉\⌋† ⊣∫∫⟩}\⇕⌉\⊔¬ ⊣ ⌊ ⌋ { A ∞∈ ∞∋ ∞△ B ∞∋ C ∞△ D ∞△ ∞∋ E ∞∈ ∞∋ ∞△ ∞∋ D ∞∋ T⟨⟩∫ ∇⌉∫⊓↕⊔∫ ⟩\ ⊔⟨⌉ {≀↕↕≀⊒⟩\} {∇⌉∐⊓⌉\⌋† ⊣\⌈ √∇≀⌊⊣⌊⟩↕⟩⊔† ⌉∫⊔⟩⇕⊣⊔⌉∫¬

∞∋ F∇⌉∐⊓⌉\⌋† MLE {⇐A⇒ ℑ∞∋∞∈ √⇐A⇒ ℑ ↙∈′∀ {⇐B⇒ ℑ∞∋ √⇐B⇒ ℑ ↙′∀∋∋ {⇐C⇒ ℑ∞△ √⇐C⇒ ℑ ↙′∉▽ {⇐D⇒ ℑ∞∈ √⇐D⇒ ℑ ↙∞△▽∀ {⇐E⇒ ℑ∞∈ √⇐E⇒ ℑ ↙∋▽△∈ {⇐F⇒ ℑ∞∋ √⇐F⇒ ℑ ↙′∀∋∋ A∫ ⌉§√⌉⌋⊔⌉⌈⇔ ∫⟩\⌋⌉ ⊔⟨⌉∇⌉ ⊣∇⌉ ∫⟩§ ⌋↕⊣∫∫⌉∫ ⟩\ ⊔⟨⌉ ⊔⊣§≀\≀⇕†⇔ ⊔⟨⌉ √∇≀⌊⊣⌊⟩↕⟩⊔† ∫√⊣⌋⌉ ⌋⊣\ ⌊⌉ ⊑⟩⌉⊒⌉⌈ ⊣∫ ⌈⌉∫⌋∇⟩⌊⟩\} ⊣ ∫⟩§↖∫⟩⌈⌉⌈ ⌈⟩⌉ � ≀\ ⊣\† ∇≀↕↕ ≀{ ⊔⟨⌉ ⌈⟩⌉⇔ ⊔⟨⌉∇⌉ ⟩∫ {≀∇ ⌉§⊣⇕√↕⌉ ⊣ ′↙∞△▽∀ √∇≀⌊⊣⌊⟩↕⟩⊔† ≀{ ⌋≀⇕⟩\} ⊓√ ⊒⟩⊔⟨ D↙ U\↕⟩‖⌉ ⊣ ⌈⟩⌉⇔ ⟨≀⊒⌉⊑⌉∇⇔ ⊔⟨⌉ √≀∫∫⟩⌊↕⌉ ≀⊓⊔⌋≀⇕⌉∫ ⊣∇⌉ ⟩\ {⊣⌋⊔ ∇⌉↕⊣⊔⌉⌈¬ ⊣∫ †≀⊓ ⇕≀⊑⌉ ⊓√ ⟩\ ⊔⟨⌉ ⊔⊣§≀\≀⇕† {∇≀⇕ ∫⊓⌊∫⌉⊔∫ ⊔≀ ∫⊓√⌉∇∫⌉⊔∫⇔ ⊔⟨⌉ √∇≀⌊⊣⌊⟩↕⟩⊔† \⌉⌋⌉∫∫⊣∇⟩↕† ⟩\⌋∇⌉⊣∫⌉∫↙ A⌈⇕⟩⊔⊔⌉⌈↕†⇔ ⊔⟨⌉∇⌉ ⟩∫ ∫≀⇕⌉⊔⟨⟩\} ⌋≀⊓\⊔⌉∇⟩\⊔⊓⟩⊔⟩⊑⌉ ⊣⌊≀⊓⊔ ⊣∫∫⟩}\⟩\} ⌋↕⊣∫∫ C ⊣ ⌈⟩{{⌉∇⌉\⊔ √∇≀⌊⊣⌊⟩↕⟩⊔† ⊔⟨⊣\ ⌋↕⊣∫∫⌉∫ B ⊣\⌈ F⇔ }⟩⊑⌉\ ⊔⟨⊣⊔ ⌊⇔ ⌋⇔ ⊣\⌈ { ⊒⌉∇⌉ ⌉⊣⌋⟨ ≀⌊∫⌉∇⊑⌉⌈ ≀\⌋⌉↙ T⟨⌉ ⊓\⟩{≀∇⇕ ⌈⟩∫⊔∇⟩⌊⊓⊔⟩≀\ ≀{ ⌋∇⌉⌈⟩⊔ ⊣⇕≀\} ⌋↕⊣∫∫⌉∫ {≀∇ ⊒≀∇⌈ ≀⌊∫⌉∇⊑⊣⊔⟩≀\∫ ⟩∫ ⊣⊔ ⌊⌉∫⊔ ⊣ ⌊∇⊓⊔⌉↖{≀∇⌋⌉ ⇕⌉⊔⟨≀⌈∅ ⟩\ }⌉\⌉∇⊣↕⇔ ⊔⟨⌉ ∐⊓⌉∫⊔⟩≀\ ≀{ ⟨≀⊒ √∇≀⌊⊣⌊⟩↕⟩⊔† ∫⟨≀⊓↕⌈ ⌊⌉ ⊣∫∫⟩}\⌉⌈ ⊔≀ ⌋↕⊣∫∫⌉∫ ⟩\ ⊣ ⊔⊣§≀\≀⇕† ⊒⊣∇∇⊣\⊔∫ {⊓∇⊔⟨⌉∇ ⊣⊔⊔⌉\⊔⟩≀\ ⊔⟨⊣\ ⟩⊔ ⟨⊣∫ ⌊⌉⌉\ }⟩⊑⌉\ ⟨⌉∇⌉↙

A√√⌉\⌈⟩§ B

E§√⌉∇⟩⇕⌉\⊔⊣↕ D⊣⊔⊣ {∇≀⇕ C⟨⊣√⊔⌉∇ △

B↙∞ E§√⌉∇⟩⇕⌉\⊔ ∞⇔ B∇≀⊒\ C≀∇√⊓∫ O⌊|⌉⌋⊔↖⌈∇≀√ ⊑⌉∇⌊∫ N≀\↖≀⌊|⌉⌋⊔↖⌈∇≀√ ⊑⌉∇⌊∫ V⌉∇⌊ S⊔∇⌉\}⊔⟨ V⌉∇⌊ S⊔∇⌉\}⊔⟨ √≀⊓∇ △↙∀′ ⟨⊣\} ∋↙∋▽ ⌈∇⟩\‖ △↙∋∀ ⊒⌉⊣∇ ∋↙∞∋ √⊣⌋‖ △↙∞∈ ≀√⌉\ ∈↙∃∋ ∫⟩\} ∋↙▽∀ ∫⊣† ∈↙∀∈ ∫⊔⌉⊣↕ ∋↙▽∈ ↕⟩‖⌉ ∈↙▽∃ ⌉⊣⊔ ∋↙▽∞ ⟨⟩⊔ ∈↙△∃ √⊓∫⟨ ∈↙∀ ⌋⊣⊔⌋⟨ ∈↙△ √⊓↕↕ ∈↙ ⌈≀ ∞↙∀△ ⊒∇⟩⊔⌉ ∈↙▽△ ⊒⊣\⊔ ∞↙▽∈ √↕⊣† ∈↙▽∞ ∫⟨≀⊒ ∞↙∋∃ ⌉§√↕⊣⟩\ ∈↙∋∃ ⌊∇⟩\} ∞↙∋∋ ∇⌉⊣⌈ ∈↙∋▽ √⊓⊔ ∞↙∈△ ⊒⊣⊔⌋⟨ ∞↙∃ ∫⌉⌉ ∞↙′ ⟨⌉⊣∇ ∞↙′ ⊘\⌈ ′↙∃ ⌋⊣↕↕ ∞↙▽∈ ⊔⊣‖⌉ ′↙∃∋ }⌉⊔ ′↙∀∈ }⟩⊑⌉ ′↙∃ ⇕⊣‖⌉ ′↙∈ ⟨⊣⊑⌉ ′↙△∋

∞∋∀

∞∋∃ B↙∈ E§√⌉∇⟩⇕⌉\⊔ ∞⇔ CHILDES O⌊|⌉⌋⊔↖⌈∇≀√ ⊑⌉∇⌊∫ N≀\↖≀⌊|⌉⌋⊔↖⌈∇≀√ ⊑⌉∇⌊∫ V⌉∇⌊ S⊔∇⌉\}⊔⟨ V⌉∇⌊ S⊔∇⌉\}⊔⟨ ⌉§√↕⊣⟩\ △↙△∞ ≀√⌉\ ∈↙△∞ √⊣⌋‖ ∋↙∞ ⟨⊣\} ∈↙′∋ ∫⟩\} ∋↙∞▽ ⊒⌉⊣∇ ∈↙′∈ ∇⌉⊣⌈ ∈↙▽∀ ∫⟨≀⊒ ∞↙∀∋ ⌈∇⟩\‖ ∈↙∋∀ ⌋⊣⊔⌋⟨ ∞↙ ⊒∇⟩⊔⌉ ∈↙∋∋ ⟨⟩⊔ ∞↙∋∞ √≀⊓∇ ∈↙∋′ }⟩⊑⌉ ∞↙∞∀ ∫⊔⌉⊣↕ ∈↙∈∀ ∫⊣† ′↙∃△ √↕⊣† ∈↙∞∋ ↕⟩‖⌉ ′↙∀∃ √⊓∫⟨ ∞↙ ⌊∇⟩\} ′↙∀∀ ⟨⌉⊣∇ ∞↙ ̸⇕⊣‖⌉ ′↙ √⊓↕↕ ∞↙▽▽ ⊔⊣‖⌉ ′↙△ ⊒⊣⊔⌋⟨ ∞↙△△ ⊘\⌈ ′↙∞ ⌉⊣⊔ ∞↙∞▽ ⊒⊣\⊔ ′↙′ ⌋⊣↕↕ ′↙∃▽ ∫⌉⌉ ′↙△∀ √⊓⊔ ′↙△′ }⌉⊔ ′↙∈∀ B↙∋ E§√⌉∇⟩⇕⌉\⊔ ∞⇔ N≀∇⇕∫ O⌊|⌉⌋⊔↖⌈∇≀√ ⊑⌉∇⌊∫ N≀\↖≀⌊|⌉⌋⊔↖⌈∇≀√ ⊑⌉∇⌊∫ V⌉∇⌊ S⊔∇⌉\}⊔⟨ V⌉∇⌊ S⊔∇⌉\}⊔⟨ ⌈∇⟩\‖ ∈↙∀∋ ∫⊣† ∈↙▽ √↕⊣† ∈↙△̸ ⊒⌉⊣∇ ∈↙∋′ ∫⟩\} ∈↙∌ ⌈≀ ∈↙∈∞ √≀⊓∇ ∈↙▽ ⟨⊣\} ∞↙∃ ⌉⊣⊔ ∈↙△ ⌋⊣⊔⌋⟨ ∞↙∃∈ ⌋⊣↕↕ ∈↙∋∃ ⟨⟩⊔ ∞↙∃∞ √⊓↕↕ ∈↙∈∈ ≀√⌉\ ∞↙∀∀ ⌉§√↕⊣⟩\ ∈↙∈′ }⟩⊑⌉ ∞↙∀∞ ⊒∇⟩⊔⌉ ∈↙∞∀ ⊒⊣\⊔ ∞↙∞ √⊓∫⟨ ∞↙∃∀ ⇕⊣‖⌉ ∞↙▽∀ ⊒⊣⊔⌋⟨ ∞↙∀ ̸∫⌉⌉ ∞↙▽△ ∇⌉⊣⌈ ∞↙∀∞ ∫⟨≀⊒ ∞↙△∈ √⊣⌋‖ ∞↙▽ √⊓⊔ ∞↙∋△ ⟨⌉⊣∇ ∞↙∞ ↕⟩‖⌉ ∞↙∋′ ∫⊔⌉⊣↕ ∞↙∋△ ⊘\⌈ ∞↙∋′ ⊔⊣‖⌉ ∞↙∈∀ ⟨⊣⊑⌉ ∞↙∈∋ }⌉⊔ ∞↙∞ ⌊∇⟩\} ∞↙′△

∞△′ B↙△ E§√⌉∇⟩⇕⌉\⊔ ∈⇔ B∇≀⊒\ C≀∇√⊓∫

B↙▽ E§√⌉∇⟩⇕⌉\⊔ ∈⇔ CHILDES C≀∇√⊓∫

∞△∞ B↙ ̸E§√⌉∇⟩⇕⌉\⊔ ∈⇔ N≀∇⇕∫

B↙ E§√⌉∇⟩⇕⌉\⊔ ∋⇔ V⌉∇⌊∫ {∇≀⇕ L⌉⟨∇⌉∇≃∫ ⇐∞∃′⇒ V⌉∇⌊ C↕⊣∫∫⟩⊘⌋⊣⊔⟩≀\ T†√⌉ I¬ ⌊⊣⌊†∫⟩⊔⇔ ⌊⊣↕⌉⇔ ⌊∇⌉⊣⊔⟨⌉⇔ ⌋≀\⌋⌉⟩⊑⌉⇔ ⌋≀≀‖⇔ ⌈⊣\⌋⌉⇔ ⌈⊣⊔⌉⇔ ⌈∇⊣⊒⇔ ⌈∇⌉⊣⇕⇔ ⌈∇⟩\‖⇔ ⌈∇⟩⊑⌉⇔ ⌉⊣⊔⇔ ⊙†⇔ ⟨⌉⊣∇⇔ ⟨⊓⇕⇔ ⟩∇≀\⇔ ‖⟩⌋‖⇔ ⇕⊣∇∇†⇔ \≀⌈⇔ √⊣⟩\⊔⇔ √↕≀⊒⇔ √∇⟩\⊔⇔ ∇⌉⊣⌈⇔ ∇⌉⊣√⇔ ∫⟨∇⊓}⇔ ∫⟩\}⇔ ∫⇕⌉↕↕⇔ ∫≀⊒⇔ ∫√⌉↕↕⇔ ∫√⟩⊔⇔ ∫⊒⊣↕↕≀⊒⇔ ⊔⟨⟩\‖⇔ ⊔†√⌉⇔ ⊒⊣⊑⌉⇔ ⊒⌉⊣⊑⌉⇔ ⊒∇⟩⊔⌉⇔ †⌉↕↕ T†√⌉ III¬ ⊣\∫⊒⌉∇⇔ ⊣√√∇≀⊣⌋⟨⇔ ⊣√√∇≀⊑⌉⇔ ⊣⊔⊔⌉\⌈⇔ ⌊⟩⌈⇔ ⌊⊓⟩↕⌈⇔ ⌋⊣↕↕⇔ ⌋⟨⊣\}⌉⇔ ⌋⟨≀≀∫⌉⇔ ⌋≀\⊔⟩\⊓⌉⇔ ⌈⟩∫⌋≀\⊔⟩\⊓⌉⇔ ⌋≀√†⇔ ⌋⊓⊔⇔ ⌉\⌈⊓∇⌉⇔ ⌉\⊔⌉∇⇔ {⊣⟩↕⇔ {≀↕↕≀⊒⇔ }⊣⟩\⇔ }≀⊑⌉∇\⇔ }∇⊣⌊⇔ }⊓⌉∫∫⇔ ⟨≀⊣∇⌈⇔ |⊓⌈}⌉⇔ ‖\≀⊒⇔ ↕⌉⊣⌈⇔ ↕⌉⊣⊑⌉⇔ ↕≀∫⌉⇔ ≀⌊⌉†⇔ ⌈⟩∫≀⌊⌉†⇔ ≀∇⌈⌉∇⇔ √⊣⌋‖⇔ √⊣∫∫⇔ √⊣†⇔ √↕⊣†⇔ √≀⊓∇⇔ √∇≀⇕⟩∫⌉⇔ ∇⌉⌋⊣↕↕⇔ ∇⌉{⊓∫⌉⇔ ∇⌉⇕⌉⇕⌊⌉∇⇔ ∇⌉∫⟩∫⊔⇔ ∫√⟩↕↕⇔ ⊒⊣∫⟨⇔ ⊒⊣∫⊔⌉⇔ ⊒⊣⊔⌋⟨

∞△∈ B↙∀ E§√⌉∇⟩⇕⌉\⊔ ∋⇔ B∇≀⊒\ C≀∇√⊓∫ T†√⌉ I ⊑⌉∇⌊∫ T†√⌉ III ⊑⌉∇⌊∫ V⌉∇⌊ S⊔∇⌉\}⊔⟨ V⌉∇⌊ S⊔∇⌉\}⊔⟨ ⌈⊣\⌋⌉ ∃↙∋ ̸}⊓⌉∫∫ ▽↙∀∃ ∫√⟩⊔ ∀↙▽′ ⌉\⌈⊓∇⌉ ▽↙△∞ †⌉↕↕ ↙△△ ⌈⟩∫≀⌊⌉† ▽↙′∃ ∫⟨∇⊓} ↙̸∀′ {⊣⟩↕ ▽↙′∈ ∇⌉⊣√ ▽↙∃∋ ⌈⟩∫⌋≀\⊔⟩\⊓⌉ △↙∃∀ ∫≀⊒ ▽↙∀ ̸⌊⟩⌈ △↙∀ ⌈⊣⊔⌉ ▽↙∀ ̸√≀⊓∇ △↙∀′ ⊒⌉⊣⊑⌉ ▽↙△∀ ∇⌉{⊓∫⌉ △↙△′ ⟨⊓⇕ ▽↙△ ̸≀⌊⌉† △↙∈′ ⊔†√⌉ ▽↙′∃ √⊣⌋‖ △↙∞∈ ∫√⌉↕↕ ▽↙′△ ⊒⊣∫⊔⌉ ∋↙∀∃ ⌊∇⌉⊣⊔⟨⌉ △↙∃∃ ⊣\∫⊒⌉∇ ∋↙′̸ √↕≀⊒ △↙∀ ⊒⊣∫⟨ ∋↙△ ⟩∇≀\ △↙∞ ∇⌉∫⟩∫⊔ ∋↙∋▽ ⌋≀≀‖ △↙△∀ }∇⊣⌊ ∋↙∋∈ ⌈∇⟩\‖ △↙∋∀ ∇⌉⌋⊣↕↕ ∋↙∋∞ ∫⊒⊣↕↕≀⊒ △↙′ |⊓⌈}⌉ ∋↙∋′ ⊙† ∋↙∃∃ ⊣⊔⊔⌉\⌈ ∋↙∈∈ \≀⌈ ∋↙ ̸√∇≀⇕⟩∫⌉ ∋↙∞∈ ⌋≀\⌋⌉⟩⊑⌉ ∋↙∈ ⊣√√∇≀⊑⌉ ∋↙′∀ ‖⟩⌋‖ ∋↙′ √⊣† ∈↙∀▽ ∫⇕⌉↕↕ ∋↙▽̸ ⌋⊓⊔ ∈↙∃ ⊒⊣⊑⌉ ∋↙△̸ }≀⊑⌉∇\ ∈↙ ∫⟩\} ∋↙▽∀ ↕⌉⊣⌈ ∈↙▽ ⌉⊣⊔ ∋↙▽∞ ⌋≀\⊔⟩\⊓⌉ ∈↙▽∈ ⇕⊣∇∇† ∋↙△△ √↕⊣† ∈↙▽∞ √∇⟩\⊔ ∋↙∈▽ ⌊⊓⟩↕⌈ ∈↙△∃ ⌈∇⟩⊑⌉ ∋↙∞∈ ∇⌉⇕⌉⇕⌊⌉∇ ∈↙∋ √⊣⟩\⊔ ∈↙∃△ ≀∇⌈⌉∇ ∈↙∋▽ ⊔⟨⟩\‖ ∈↙▽ ̸⌋⟨≀≀∫⌉ ∈↙∞∃ ⊒∇⟩⊔⌉ ∈↙▽△ }⊣⟩\ ∈↙∞ ∇⌉⊣⌈ ∈↙∋▽ ⊣√√∇≀⊣⌋⟨ ∈↙∞▽ ⌈∇⊣⊒ ∞↙∃▽ ⌋⟨⊣\}⌉ ∈↙′▽ ⟨⌉⊣∇ ∞↙′ √⊣∫∫ ∈↙′∞ ⊒⊣⊔⌋⟨ ∞↙∃ ⌉\⊔⌉∇ ∞↙∀∞ ‖\≀⊒ ∞↙∞̸ {≀↕↕≀⊒ ∞↙▽△ ⌋⊣↕↕ ∞↙▽∈ ↕⌉⊣⊑⌉ ∞↙△∀ ↕≀∫⌉ ∞↙△ ∫√⟩↕↕ ′↙′′

∞△∋ B↙∃ E§√⌉∇⟩⇕⌉\⊔ ∋⇔ CHILDES T†√⌉ I ⊑⌉∇⌊∫ T†√⌉ III ⊑⌉∇⌊∫ V⌉∇⌊ S⊔∇⌉\}⊔⟨ V⌉∇⌊ S⊔∇⌉\}⊔⟨ ⌈∇⌉⊣⇕ ∀↙△̸ ⌈⟩∫⌋≀\⊔⟩\⊓⌉ ↙̸∃ ∫⟨∇⊓} ↙̸∀▽ ⌋≀\⊔⟩\⊓⌉ ▽↙∀ √↕≀⊒ ▽↙∈△ }⊣⟩\ ▽↙∋ ⟩∇≀\ ▽↙′∃ ⊣√√∇≀⊣⌋⟨ ▽↙∋∈ ⊔†√⌉ △↙∃∈ ↕⌉⊣⌈ △↙△∈ ∫√⟩⊔ △↙△̸ ⊣\∫⊒⌉∇ ∋↙∃′ \≀⌈ △↙∋∃ √⊣⌋‖ ∋↙∞ ⊒⊣⊑⌉ ∋↙∀△ √⊣† ∋↙▽∀ ⊙† ∋↙∀∞ |⊓⌈}⌉ ∋↙∋▽ ∫⇕⌉↕↕ ∋↙∈ ⌋≀√† ∋↙′▽ ⌈∇⟩⊑⌉ ∋↙∈∋ ≀∇⌈⌉∇ ∋↙′∈ †⌉↕↕ ∋↙∈′ ⌋⟨≀≀∫⌉ ∈↙∃∃ ∫⟩\} ∋↙∞▽ ⊒⊣∫⊔⌉ ∈↙∃ ⇕⊣∇∇† ∈↙∀▽ √⊣∫∫ ∈↙∀̸ ∇⌉⊣⌈ ∈↙▽∀ ⌊⊓⟩↕⌈ ∈↙ ‖⟩⌋‖ ∈↙△′ √∇≀⇕⟩∫⌉ ∈↙▽ ⌈⊣\⌋⌉ ∈↙△′ }⊓⌉∫∫ ∈↙▽▽ ⌈∇⟩\‖ ∈↙∋∀ {≀↕↕≀⊒ ∈↙▽′ ⊒∇⟩⊔⌉ ∈↙∋∋ ∫√⟩↕↕ ∈↙∋ ∫√⌉↕↕ ∈↙∋∈ ⌋⟨⊣\}⌉ ∈↙∋▽ ∫⊒⊣↕↕≀⊒ ∈↙∈ √≀⊓∇ ∈↙∋′ √⊣⟩\⊔ ∈↙∈∈ √↕⊣† ∈↙∞∋ ⌋≀≀‖ ∈↙′∞ }∇⊣⌊ ∞↙∃′ ⟨⌉⊣∇ ∞↙ ̸⊒⊣∫⟨ ∞↙∀′ ⌈∇⊣⊒ ∞↙′̸ ⌋⊓⊔ ∞↙▽′ ⊔⟨⟩\‖ ∞↙∈ ̸⊒⊣⊔⌋⟨ ∞↙△△ ⌉⊣⊔ ∞↙∞▽ ↕≀∫⌉ ∞↙∋∋ ∇⌉⇕⌉⇕⌊⌉∇ ∞↙∈∋ ‖\≀⊒ ∞↙∞ ⌋⊣↕↕ ′↙∃▽ ↕⌉⊣⊑⌉ ′↙∀∞

A√√⌉\⌈⟩§ C

W≀∇⌈ S⟩⇕⟩↕⊣∇⟩⊔† D⊣⊔⊣ {∇≀⇕ C⟨⊣√⊔⌉∇ ▽

T⟨⌉ {≀↕↕≀⊒⟩\} ⊔⊣⌊↕⌉ }⟩⊑⌉∫ ⊔⟨⌉ ⌈⊣⊔⊣ {∇≀⇕ M⟩↕↕⌉∇ ⊣\⌈ C⟨⊣∇↕⌉∫≃∫ ⇐∞∃∃∞⇒ ∫⊔⊓⌈†⇔ {≀↕↕≀⊒⌉⌈ ⌊† ⊔⟨⌉⟩∇ ∫⊓⌊|⌉⌋⊔∫≃ ⇕⌉⊣\ ∇⊣⊔⟩\}⇔ ⊔⟨⌉ ⇕⌉⊣\ ∇⊣⊔⟩\} ⟩\ ⇕† ∇⌉√↕⟩⌋⊣⊔⟩≀\⇔ ⊣\⌈ ⊔⟨⌉ ∫⟩⇕⟩↕⊣∇⟩⊔† ⊑⊣↕⊓⌉ ⌋⊣↕⌋⊓↕⊣⊔⌉⌈ ⊓∫⟩\} ⌉∐⊓⊣⊔⟩≀\ ⇐▽↙∈⇒↙ W≀∇⌈ P⊣⟩∇ M⟩↕↕⌉∇ ⊣\⌈ C⟨⊣∇↕⌉∫ R⌉√↕⟩⌋⊣⊔⟩≀\ ∫⟩⇕ ⌋⊣∇ ⊣⊓⊔≀⇕≀⌊⟩↕⌉ ∋↙∃∈ ∋↙∃ ∞∞↙∃∀ }⌉⇕ |⌉⊒⌉↕ ∋↙∀△ ∋↙▽ ∞∀↙∋△ |≀⊓∇\⌉† ⊑≀†⊣}⌉ ∋↙∀△ ∋↙▽ ∞∈↙∈ ⌊≀† ↕⊣⌈ ∋↙ ̸∋↙▽ ∞∞↙∃ ⌋≀⊣∫⊔ ∫⟨≀∇⌉ ∋↙′ ∋↙▽ ∞▽↙′∃ ⊣∫†↕⊓⇕ ⇕⊣⌈⟨≀⊓∫⌉ ∋↙∞̸ ∋↙ ̸∈′↙′∀ ⇕⊣}⟩⌋⟩⊣\ ⊒⟩‡⊣∇⌈ ∋↙▽′ ∋↙▽ ∞↙△∃ ⇕⟩⌈⌈⊣† \≀≀\ ∋↙△∈ ∋↙ ̸∞↙̸∀′ {⊓∇\⊣⌋⌉ ∫⊔≀⊑⌉ ∋↙∞∞ ∈↙ ̸▽↙∃′ {≀≀⌈ {∇⊓⟩⊔ ∋↙′∀ ∈↙∞ ▽↙△ ⌊⟩∇⌈ ⌋≀⌋‖ ∋↙′▽ ∈↙∈ ∞∋↙′ ⌊⟩∇⌈ ⌋∇⊣\⌉ ∈↙∃ ∈↙∞ ∞∋↙′ ⊔≀≀↕ ⟩⇕√↕⌉⇕⌉\⊔ ∈↙∃▽ ∋↙△ ∃↙∃ ⌊∇≀⊔⟨⌉∇ ⇕≀\‖ ∈↙∀∈ ∈↙△ ▽↙△ ⌋∇⊣\⌉ ⟩⇕√↕⌉⇕⌉\⊔ ∞↙∀̸ ′↙∋ ▽↙△ ↕⊣⌈ ⌊∇≀⊔⟨⌉∇ ∞↙̸ ∞↙∈ ▽↙∃′ |≀⊓∇\⌉† ⌋⊣∇ ∞↙∞ ̸′↙ ′↙′′ ⇕≀\‖ ≀∇⊣⌋↕⌉ ∞↙∞′ ′↙∀ ▽↙△ ⌋⌉⇕⌉⊔⌉∇† ⊒≀≀⌈↕⊣\⌈ ′↙∃▽ ′↙ ̸\∝⊣ {≀≀⌈ ∇≀≀∫⊔⌉∇ ′↙∀∃ ∞↙∞ △↙▽̸ ⌋≀⊣∫⊔ ⟨⟩↕↕ ′↙∀ ′↙ ∞′↙∈ {≀∇⌉∫⊔ }∇⊣⊑⌉†⊣∇⌈ ′↙∀△ ′↙ ̸′↙′′ ∫⟨≀∇⌉ ⊒≀≀⌈↕⊣\⌈ ′↙∌ ′↙ \∝⊣ ⇕≀\‖ ∫↕⊣⊑⌉ ′↙▽▽ ′↙ ▽↙△ ⌋≀⊣∫⊔ {≀∇⌉∫⊔ ′↙△∈ ′↙ ̸′↙′′ ↕⊣⌈ ⊒⟩‡⊣∇⌈ ′↙△∈ ′↙ ▽↙△ ⌋⟨≀∇⌈ ∫⇕⟩↕⌉ ′↙∞∋ ′↙∞ ↙̸∈△ }↕⊣∫∫ ⇕⊣}⟩⌋⟩⊣\ ′↙∞∞ ′↙∞ △↙▽̸ \≀≀\ ∫⊔∇⟩\} ′↙′∀ ′↙′ ′↙′′ ∇≀≀∫⊔⌉∇ ⊑≀†⊣}⌉ ′↙′∀ ′↙′ ▽↙△∃

∞△△

∞△▽ T⟨⌉ {≀↕↕≀⊒⟩\} √↕≀⊔ ⟩↕↕⊓∫⊔∇⊣⊔⌉∫ ⊔⟨⌉ ∇⌉↕⊣⊔⟩≀\∫⟨⟩√ ⌊⌉⊔⊒⌉⌉\ ⊔⟨⌉ M⟩↕↕⌉∇ ⊣\⌈ C⟨⊣∇↕⌉∫ ⇕⌉⊣\∫ ⊣\⌈ ⊔⟨⌉ ⌋⊣↕⌋⊓↕⊣⊔⌉⌈ ∫⟩⇕⟩↕⊣∇⟩⊔† ⊑⊣↕⊓⌉¬

∞△ B⟩⌊↕⟩≀}∇⊣√⟨† AHD↙ ∞∃∃∞↙ A⇕⌉∇⟩⌋⊣\ H⌉∇⟩⊔⊣}⌉ D⟩⌋⊔⟩≀\⊣∇†↙ H≀⊓}⟨⊔≀\ M⟩{⊙⟩\↙ A⌈∇⟩⊣\ A‖⇕⊣|⟩⊣\ ⊣\⌈ F∇⊣\‖ H⌉\†↙ ∞∃▽↙ A\ ⟩\⊔∇≀⌈⊓⌋⊔⟩≀\ ⊔≀ ⊔⟨⌉ √∇⟩\⌋⟩√↕⌉∫ ≀{ ⊔∇⊣\∫{≀∇⇕⊣⊔⟩≀\⊣↕ ∫†\⊔⊣§↙ MIT P∇⌉∫∫↙ R≀⌊⌉∇⊔ B↙ A↕↕⌉\↙ ∞∃∃′↙ C≀\\⌉⌋⊔⟩≀\⟩∫⊔ ↕⊣\}⊓⊣}⌉ ⊓∫⌉∇∫↙ C≀\\⌉⌋⊔⟩≀\ S⌋⟩⌉\⌋⌉⇔ ∈⇐△⇒¬∈∃∘∋∞∞↙ H⟩†⊣\ A↕∫⟨⊣⊒⟩↙ ∞∃∀↙ P∇≀⌋⌉∫∫⟩\} ⌈⟩⌋⊔⟩≀\⊣∇† ⌈⌉⊘\⟩⊔⟩≀\∫ ⊒⟩⊔⟨ √⟨∇⊣∫⊣↕ √⊣⊔⊔⌉∇\ ⟨⟩⌉∇⊣∇⌋⟨⟩⌉∫↙ C≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ L⟩\}⊓⟩∫⊔⟩⌋∫⇔ ∞∋⇐∋↖△⇒¬∞∃▽∘∈′∈↙ G⌉∇∇† A↕⊔⇕⊣\\ ⊣\⌈ M⊣∇‖ S⊔⌉⌉⌈⇕⊣\↙ ∞∃∀∀↙ I\⊔⌉∇⊣⌋⊔⟩≀\ ⊒⟩⊔⟨ ⌋≀\⊔⌉§⊔ ⌈⊓∇⟩\} ⟨⊓⇕⊣\ ∫⌉\⊔⌉\⌋⌉ √∇≀⌋⌉∫∫⟩\}↙ C≀}\⟩⊔⟩≀\⇔ ∋′¬∞∃∞∘∈∋∀↙ S↙ A∇⇕∫⊔∇≀\}⇔ L↙ G↕⌉⟩⊔⇕⊣\⇔ ⊣\⌈ H↙ G↕⌉⟩⊔⇕⊣\↙ ∞∃∀∋↙ W⟨⊣⊔ ∫≀⇕⌉ ⌋≀\⌋⌉√⊔∫ ⇕⟩}⟨⊔ \≀⊔ ⌊⌉↙ C≀}\⟩⊔⟩≀\⇔ ∞∋¬∈∌∘∋′∀↙ D↙ A†⊓∫≀⇔ G↙ D≀\↕≀\⇔ D↙ M⊣⌋L⊣⊓}⟨↕⟩\⇔ L↙ R⊣⇕∫⟨⊣⊒⇔ P↙ R⌉∫\⟩‖⇔ V↙ S⟨⊣‖⌉⌈⇔ ⊣\⌈ R↙ W⌉⟩∫⌋⟨⌉⌈⌉↕↙ ∞∃∀∃↙ A }⊓⟩⌈⌉ ⊔≀ IRUS↖II ⊣√√↕⟩⌋⊣⊔⟩≀\ ⌈⌉⊑⌉↕≀√⇕⌉\⊔↙ BBN R⌉√≀∇⊔ ∞△△⇔ B≀↕⊔⇔ B⌉∇⊣\⌉‖ ⊣\⌈ N⌉⊒⇕⊣\↙ L⊣↕⟩⊔ R↙ B⊣⟨↕⇔ P⌉⊔⌉∇ F↙ B∇≀⊒\⇔ P⌉⊔⌉∇ V↙ ⌈⌉ S≀⊓‡⊣⇔ ⊣\⌈ R≀⌊⌉∇⊔ L↙ M⌉∇⌋⌉∇↙ ∞∃∀∃↙ A ⊔∇⌉⌉↖⌊⊣∫⌉⌈ ∫⊔⊣⊔⟩∫⊔⟩⌋⊣↕ ↕⊣\}⊓⊣}⌉ ⇕≀⌈⌉↕ {≀∇ \⊣⊔⊓∇⊣↕ ↕⊣\}⊓⊣}⌉ ∫√⌉⌉⌋⟨ ∇⌉⌋≀}\⟩⊔⟩≀\↙ IEEE T∇⊣\∫⊣⌋⊔⟩≀\∫ ≀\ A⌋≀⊓∫⊔⟩⌋∫⇔ S√⌉⌉⌋⟨ ⊣\⌈ S⟩}\⊣↕ P∇≀⌋⌉∫∫⟩\}⇔ ∋¬∞′′∞∘∞′′∀⇔ J⊓↕†↙ L↙R↙ B⊣⟨↕⇔ F↙ J⌉↕⟩\⌉‖⇔ ⊣\⌈ R↙L↙ M⌉∇⌋⌉∇↙ ∞∃∀∋↙ A ⇕⊣§⟩⇕⊓⇕ ↕⟩‖⌉↕⟩⟨≀≀⌈ ⊣√√∇≀⊣⌋⟨ ⊔≀ ⌋≀\⊔⟩\⊓≀⊓∫ ∫√⌉⌉⌋⟨ ∇⌉⌋≀}\⟩⊔⟩≀\↙ IEEE T∇⊣\∫↙ ≀\ P⊣⊔⊔⌉∇\ A\⊣↕†∫⟩∫ ⊣\⌈ M⊣⌋⟨⟩\⌉ I\⊔⌉↕↕⟩}⌉\⌋⌉⇔ PAMI↖▽¬∞∃∘∞∃′↙ Y⌉⟨≀∫⟨⊓⊣⟨ B⊣∇↖H⟩↕↕⌉↕↙ ∞∃△̸↙ L⊣\}⊓⊣}⌉ ⊣\⌈ I\{≀∇⇕⊣⊔⟩≀\↙ A⌈⌈⟩∫≀\↖W⌉∫↕⌉†↙ R≀⌊⌉∇⊔≀ B⊣∫⟩↕⟩⇔ M⊣∇⟩⊣ T⌉∇⌉∫⊣ P⊣‡⟩⌉\‡⊣⇔ ⊣\⌈ P⊣≀↕⊣ V⌉↕⊣∇⌈⟩↙ ∞∃∃∞↙ C≀⇕⌊⟩\⟩\} NLP ⊣\⌈ ∫⊔⊣⊔⟩∫⊔⟩⌋⊣↕ ⊔⌉⌋⟨\⟩∐⊓⌉∫ {≀∇ ↕⌉§⟩⌋⊣↕ ⊣⌋∐⊓⟩∫⟩⊔⟩≀\↙ I\ P∇≀⌋⌉⌉⌈⟩\}∫ ≀{ ⊔⟨⌉ AAAI F⊣↕↕ S†⇕√≀∫⟩⊓⇕ ≀\ P∇≀⌊⊣⌊⟩↕⟩∫⊔⟩⌋ A√√∇≀⊣⌋⟨⌉∫ ⊔≀ N⊣⊔⊓∇⊣↕ L⊣\}⊓⊣}⌉⇔ C⊣⇕⌊∇⟩⌈}⌉⇔ M⊣∫∫⊣⌋⟨⊓∫⌉⊔⊔∫⇔ O⌋⊔≀⌊⌉∇↙ R≀⌊⌉∇⊔≀ B⊣∫⟩↕⟩⇔ T⌉∇⌉∫⊣ P⊣‡⟩⌉\‡⊣⇔ ⊣\⌈ P⊣≀↕⊣ V⌉↕⊣∇⌈⟩↙ ∞∃∃∈↙ C≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ ↕⌉§⟩⌋≀\∫¬ ⊔⟨⌉ \⌉⊣⊔ ⌉§⊣⇕√↕⌉∫ ⊣\⌈ ⊔⟨⌉ ≀⌈⌈ ⌉§⌉⇕√↕⊣∇∫↙ I\ T⟨⟩∇⌈ C≀\{⌉∇⌉\⌋⌉ ≀\ A√√↕⟩⌉⌈ N⊣⊔⊓∇⊣↕ L⊣\}⊓⊣}⌉ P∇≀⌋⌉∫∫⟩\}⇔ √⊣}⌉∫ ∃∘̸∞′∋↙ A∫∫≀⌋⟩⊣⊔⟩≀\ {≀∇ C≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ L⟩\}⊓⟩∫⊔⟩⌋∫⇔ M⊣∇⌋⟨↙ R⟩⌋⟨⊣∇⌈ B⌉⌋‖⊒⟩⊔⟨⇔ C⟨∇⟩∫⊔⟩⊣\⌉ F⌉↕↕⌊⊣⊓⇕⇔ D⌉∇⌉‖ G∇≀∫∫⇔ ⊣\⌈ G⌉≀∇}⌉ M⟩↕↕⌉∇↙ ∞∃∃∞↙ W≀∇⌈N⌉⊔¬ A ↕⌉§⟩⌋⊣↕ ⌈⊣⊔⊣⌊⊣∫⌉ ≀∇}⊣\⟩‡⌉⌈ ≀\ √∫†⌋⟨≀↕⟩\}⊓⟩∫⊔⟩⌋ √∇⟩\⌋⟩√↕⌉∫↙ I\ U∇⟩ Z⌉∇\⟩‖⇔ ⌉⌈⟩⊔≀∇⇔ L⌉§⟩⌋⊣↕ A⌋∐⊓⟩∫⟩⊔⟩≀\¬ E§√↕≀⟩⊔⟩\} O\↖L⟩\⌉ R⌉∫≀⊓∇⌋⌉∫ ⊔≀ B⊓⟩↕⌈ ⊣ L⌉§⟩⌋≀\⇔ √⊣}⌉∫ ∈∞∞∘∈∋∈↙ E∇↕⌊⊣⊓⇕↙ P⌉⊔⌉∇ A↙ B⌉\∫⌋⟨ ⊣\⌈ W⊣↕⊔⌉∇ J↙ S⊣⊑⟩⊔⌋⟨↙ ∞∃∃∈↙ A\ ≀⌋⌋⊓∇∇⌉\⌋⌉↖⌊⊣∫⌉⌈ ⇕≀⌈⌉↕ ≀{ ⊒≀∇⌈ ⌋⊣⊔⌉}≀∇⟩‡⊣⊔⟩≀\↙ P∇⌉∫⌉\⊔⌉⌈ ⊣⊔ ∋∇⌈ M⌉⌉⊔⟩\} ≀\ M⊣⊔⟨⌉⇕⊣⊔⟩⌋∫ ≀{ L⊣\}⊓⊣}⌉ ⇐MOL∋⇒⇔ N≀⊑⌉⇕⌊⌉∇↙ L↙ B≀}}⌉∫∫⇔ R↙ A}⊣∇⊒⊣↕⇔ ⊣\⌈ R↙ D⊣⊑⟩∫↙ ∞∃∃∞↙ D⟩∫⊣⇕⌊⟩}⊓⊣⊔⟩≀\ ≀{ √∇⌉√≀∫⟩⊔⟩≀\⊣↕ √⟨∇⊣∫⌉∫ ⟩\ ⊣⊓⊔≀⇕⊣⊔⟩⌋⊣↕↕† ↕⊣⌊⌉↕⌉⌈ ⊔⌉⌋⟨\⟩⌋⊣↕ ⊔⌉§⊔∫↙ I\ P∇≀⌋⌉⌉⌈⟩\}∫ ≀{ AAAI↖∃∞↙ J⊓↕⟩⌉ B≀↕⊣\⌈⇔ M⟩⌋⟨⊣⌉↕ T⊣\⌉\⟨⊣⊓∫⇔ G∇⌉} C⊣∇↕∫≀\⇔ ⊣\⌈ S⊓∫⊣\ G⊣∇\∫⌉†↙ ∞∃∀∃↙ L⌉§⟩⌋⊣↕ √∇≀|⌉⌋⊔⟩≀\ ⊣\⌈ ⊔⟨⌉ ⟩\⊔⌉∇⊣⌋⊔⟩≀\ ≀{ ∫†\⊔⊣§ ⊣\⌈ ∫⌉⇕⊣\⊔⟩⌋∫ ⟩\ √⊣∇∫⟩\}↙ J≀⊓∇\⊣↕ ≀{ P∫†⌋⟨≀↕⟩\}⊓⟩∫⊔⟩⌋ R⌉∫⌉⊣∇⌋⟨⇔ ∞∀⇐⇏¬▽∌∘▽▽↙

∞△ L⟩∫⊣ B∇⊣⌈⌉\↖H⊣∇⌈⌉∇ ⊣\⌈ W↕≀⌈⌉‖ Z⊣⌈∇≀‡\†↙ ∞∃∃∞↙ L⌉§⟩⌋≀\∫ {≀∇ ⌊∇≀⊣⌈ ⌋≀⊑⌉∇⊣}⌉ ∫⌉⇕⊣\⊔⟩⌋∫↙ I\ U∇⟩ Z⌉∇\⟩‖⇔ ⌉⌈⟩⊔≀∇⇔ L⌉§⟩⌋⊣↕ A⌋∐⊓⟩∫⟩⊔⟩≀\¬ E§√↕≀⟩⊔⟩\} O\↖L⟩\⌉ R⌉∫≀⊓∇⌋⌉∫ ⊔≀ B⊓⟩↕⌈ ⊣ L⌉§⟩⌋≀\⇔ √⊣}⌉∫ ∋∄∘∋∀∀↙ E∇↕⌊⊣⊓⇕↙ L↙ B∇⌉⟩⇕⊣\⇔ J↙ F∇⟩⌉⌈⇕⊣\⇔ R↙ O↕∫⟨⌉\⇔ ⊣\⌈ C↙ S⊔≀\⌉↙ ∞∃∀△↙ C↕⊣∫∫⟩⊘⌋⊣⊔⟩≀\ ⊣\⌈ R⌉}∇⌉∫∫⟩≀\ T∇⌉⌉∫↙ W⊣⌈∫⊒≀∇⊔⟨ ⊣\⌈ B∇≀≀‖∫↙ E∇⟩⌋ B∇⟩↕↕⇔ D↙ M⊣}⌉∇⇕⊣\⇔ M↙ M⊣∇⌋⊓∫⇔ ⊣\⌈ B↙ S⊣\⊔≀∇⟩\⟩↙ ∞∃∃′↙ D⌉⌈⊓⌋⟩\} ↕⟩\}⊓⟩∫⊔⟩⌋ ∫⊔∇⊓⌋⊔⊓∇⌉ {∇≀⇕ ⊔⟨⌉ ∫⊔⊣⊔⟩∫⊔⟩⌋∫ ≀{ ↕⊣∇}⌉ ⌋≀∇√≀∇⊣↙ I\ DARPA S√⌉⌉⌋⟨ ⊣\⌈ N⊣⊔⊓∇⊣↕ L⊣\}⊓⊣}⌉ W≀∇‖∫⟨≀√⇔ √⊣}⌉∫ ∈▽∘∈∀∈↙ E∇⟩⌋ B∇⟩↕↕↙ ∞∃∃∞↙ D⟩∫⌋≀⊑⌉∇⟩\} ⊔⟨⌉ ↕⌉§⟩⌋⊣↕ {⌉⊣⊔⊓∇⌉∫ ≀{ ⊣ ↕⊣\}⊓⊣}⌉↙ I\ P∇≀⌋⌉⌉⌈⟩\}∫ ≀{ ⊔⟨⌉ ∈∃⊔⟨ A\\⊓⊣↕ M⌉⌉⊔⟩\} ≀{ ⊔⟨⌉ A∫∫≀⌋⟩⊣⊔⟩≀\ {≀∇ C≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ L⟩\}⊓⟩∫⊔⟩⌋∫⇔ B⌉∇‖⌉↕⌉†⇔ CA↙ P⊣⊓↕⊣ B∇≀⊒\ ⊣\⌈ G⊣∇† D⌉↕↕↙ ∞∃∀↙ A⌈⊣√⊔⟩\} √∇≀⌈⊓⌋⊔⟩≀\ ⊔≀ ⌋≀⇕√∇⌉⟨⌉\∫⟩≀\¬ ⊔⟨⌉ ⌉§√↕⟩⌋⟩⊔ ⇕⌉\⊔⟩≀\ ≀{ ⟩\∫⊔∇⊓⇕⌉\⊔∫↙ C≀}\⟩⊔⟩⊑⌉ P∫†⌋⟨≀↕≀}†⇔ ∞∃¬△△∞∘△∈↙ P⌉⊔⌉∇ F↙ B∇≀⊒\⇔ V⟩\⌋⌉\⊔ J↙ D⌉↕↕⊣ P⟩⌉⊔∇⊣⇔ P⌉⊔⌉∇ V↙ ⌈⌉S≀⊓‡⊣⇔ ⊣\⌈ R≀⌊⌉∇⊔ L↙ M⌉∇⌋⌉∇↙ ∞∃∃′↙ C↕⊣∫∫↖⌊⊣∫⌉⌈ \↖}∇⊣⇕ ⇕≀⌈⌉↕∫ ≀{ \⊣⊔⊓∇⊣↕ ↕⊣\}⊓⊣}⌉↙ I\ P∇≀⌋⌉⌉⌈⟩\}∫ ≀{ ⊔⟨⌉ IBM N⊣⊔⊓∇⊣↕ L⊣\}⊓⊣}⌉ ITL⇔ √⊣}⌉∫ ∈∀∋∘∈∃∀⇔ P⊣∇⟩∫⇔ F∇⊣\⌋⌉⇔ M⊣∇⌋⟨↙ P⌉⊔⌉∇ F↙ B∇≀⊒\⇔ V⟩\⌋⌉\⊔ J↙ D⌉↕↕⊣ P⟩⌉⊔∇⊣⇔ P⌉⊔⌉∇ V↙ ⌈⌉S≀⊓‡⊣⇔ J⌉\\⟩{⌉∇ C↙ L⊣⟩⇔ ⊣\⌈ R≀⌊⌉∇⊔ L↙ M⌉∇⌋⌉∇↙ ∞∃∃∈↙ C↕⊣∫∫↖⌊⊣∫⌉⌈ \↖}∇⊣⇕ ⇕≀⌈⌉↕∫ ≀{ \⊣⊔⊓∇⊣↕ ↕⊣\}⊓⊣}⌉↙ C≀⇕√⊓⊔⊣⊔⟩≀\⊣↕L⟩\}⊓⟩∫⊔⟩⌋∫⇔ ∞∀⇐△⇒¬△∘̸△∀′⇔ D⌉⌋⌉⇕⌊⌉∇↙ W⊣†↕⌉∫ B∇≀⊒\⌉↙ ∞∃∞↙ V⌉∇⌊∫ ⊣\⌈ U\∫√⌉⌋⟩⊘⌉⌈ NP D⌉↕⌉⊔⟩≀\↙ L⟩\}⊓⟩∫⊔⟩⌋ I\∐⊓⟩∇†⇔ ∈¬∈▽∃∘∈′̸↙ M↙ G↙ B⊓↕⇕⌉∇↙ ∞∃↙̸ P∇⟩\⌋⟩√↕⌉∫ ≀{ S⊔⊣⊔⟩∫⊔⟩⌋∫↙ D≀⊑⌉∇ P⊓⌊↕⟩⌋⊣⊔⟩≀\∫↙ R≀† B†∇⌈⇔ N⟩⌋≀↕⌉⊔⊔⊣ C⊣↕‡≀↕⊣∇⟩⇔ M⊣∇⊔⟩\ C⟨≀⌈≀∇≀⊒⇔ J⊓⌈⟩⊔⟨ K↕⊣⊑⊣\∫⇔ ⊣\⌈ M⊣∇† N⌉{{↙ ∞∃∀↙ T≀≀↕∫ ⊣\⌈ ⇕⌉⊔⟨≀⌈∫ {≀∇ ⌋≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ ↕⟩\}⊓⟩∫⊔⟩⌋∫↙ C≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ L⟩\}⊓⟩∫⊔⟩⌋∫⇔ ∞∋⇐∋↖△⇒¬∈∞∃∘∈△′↙ G∇⌉} C⊣∇↕∫≀\ ⊣\⌈ M⟩⌋⟨⊣⌉↕ T⊣\⌉\⟨⊣⊓∫↙ ∞∃∀∀↙ T⟨⌉⇕⊣⊔⟩⌋ ∇≀↕⌉∫ ⊣\⌈ ↕⊣\}⊓⊣}⌉ ⌋≀⇕√∇⌉⟨⌉\∫⟩≀\↙ I\ W↙ W⟩↕‖⟩\∫⇔ ⌉⌈⟩⊔≀∇⇔ T⟨⌉⇕⊣⊔⟩⌋ R⌉↕⊣⊔⟩≀\∫⇔ ⊑≀↕⊓⇕⌉ ∈∞ ≀{ S†\⊔⊣§ ⊣\⌈ S⌉⇕⊣\⊔⟩⌋∫⇔ √⊣}⌉∫ ∈∌∘∈∀∀↙ A⌋⊣⌈⌉⇕⟩⌋ P∇⌉∫∫↙ J⟩\}↖S⟨⟩\ C⟨⊣\}⇔ Y⟩⟨↖F⌉\ L⊓≀⇔ ⊣\⌈ K⌉⟨↖Y⟩⟨ S⊓↙ ∞∃∃∈↙ GPSM¬ A }⌉\⌉∇⊣↕⟩‡⌉⌈ √∇≀⌊⊣⌊⟩↕⟩∫⊔⟩⌋ ∫⌉⇕⊣\⊔⟩⌋ ⇕≀⌈⌉↕ {≀∇ ⊣⇕⌊⟩}⊓⟩⊔† ∇⌉∫≀↕⊓⊔⟩≀\↙ I\ P∇≀⌋⌉⌉⌈⟩\}∫ ≀{ ⊔⟨⌉ ∋′⊔⟨ A\\⊓⊣↕ M⌉⌉⊔⟩\} ≀{ ⊔⟨⌉ A∫∫≀⌋⟩⊣⊔⟩≀\ {≀∇ C≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ L⟩\}⊓⟩∫⊔⟩⌋∫⇔ √⊣}⌉∫ ∞∘∞∀△↙ ACL⇔ J⊓\⌉↙ N≀⊣⇕ C⟨≀⇕∫‖†↙ ∞∃▽↙ S†\⊔⊣⌋⊔⟩⌋ S⊔∇⊓⌋⊔⊓∇⌉∫↙ M≀⊓⊔≀\⇔ T⟨⌉ H⊣}⊓⌉↙ N≀⊣⇕ C⟨≀⇕∫‖†↙ ∞∃▽̸↙ A∫√⌉⌋⊔∫ ≀{ ⊔⟨⌉ T⟨⌉≀∇† ≀{ S†\⊔⊣§↙ MIT P∇⌉∫∫⇔ C⊣⇕⌊∇⟩⌈}⌉⇔ MA↙ K⌉\\⌉⊔⟨ C⟨⊓∇⌋⟨ ⊣\⌈ W⟩↕↕⟩⊣⇕ G⊣↕⌉↙ ∞∃§§↙ E\⟨⊣\⌋⌉⌈ G≀≀⌈↖T⊓∇⟩\} ⊣\⌈ C⊣⊔↖C⊣↕¬ T⊒≀ \⌉⊒ ⇕⌉⊔⟨≀⌈∫ {≀∇ ⌉∫⊔⟩⇕⊣⊔⟩\} √∇≀⌊⊣⌊⟩↕⟩⊔⟩⌉∫ ≀{ E\}↕⟩∫⟨ ⌊⟩}∇⊣⇕∫↙ ⇕∫↙ K↙ C⟨⊓∇⌋⟨ ⊣\⌈ P↙ H⊣\‖∫↙ ∞∃∀∃↙ W≀∇⌈ ⊣∫∫≀⌋⟩⊣⊔⟩≀\ \≀∇⇕∫⇔ ⇕⊓⊔⊓⊣↕ ⟩\{≀∇⇕⊣⊔⟩≀\⇔ ⊣\⌈ ↕⌉§⟩⌋≀}∇⊣√⟨†↙ I\ P∇≀⌋⌉⌉⌈⟩\}∫ ≀{ ⊔⟨⌉ ∈⊔⟨ M⌉⌉⊔⟩\} ≀{ ⊔⟨⌉ A∫∫≀⌋⟩⊣⊔⟩≀\ {≀∇ C≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ L⟩\}⊓⟩∫⊔⟩⌋∫↙ V⊣\⌋≀⊓⊑⌉∇⇔ B↙C↙ K⌉\\⌉⊔⟨ C⟨⊓∇⌋⟨ ⊣\⌈ R≀⌊⌉∇⊔ M⌉∇⌋⌉∇↙ ∞∃∃∋↙ I\⊔∇≀⌈⊓⌋⊔⟩≀\ ⊔≀ ⊔⟨⌉ ∫√⌉⌋⟩⊣↕ ⟩∫∫⊓⌉ ≀\ ⌋≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ ↕⟩\}⊓⟩∫⊔⟩⌋∫ ⊓∫⟩\} ↕⊣∇}⌉ ⌋≀∇√≀∇⊣↙ C≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ L⟩\}⊓⟩∫⊔⟩⌋∫⇔ ∞∃⇐∞⇒¬∞∘∈△↙ K⌉\\⌉⊔⟨ W↙ C⟨⊓∇⌋⟨ ⊣\⌈ R⊣⇕⌉∫⟨ P⊣⊔⟩↕↙ ∞∃∀∈↙ C≀√⟩\} ⊒⟩⊔⟨ ∫†\⊔⊣⌋⊔⟩⌋ ⊣⇕⌊⟩}⊓⟩⊔† ≀∇ ⟨≀⊒ ⊔≀ √⊓⊔ ⊔⟨⌉ ⌊↕≀⌋‖ ⟩\ ⊔⟨⌉ ⌊≀§ ≀\ ⊔⟨⌉ ⊔⊣⌊↕⌉↙ A⇕⌉∇⟩⌋⊣\ J≀⊓∇\⊣↕ ≀{ C≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ L⟩\}⊓⟩∫⊔⟩⌋∫⇔ ∀⇐∋↖△⇒¬∞∋∃∘∞△∃↙

∞△∀ K↙ C⟨⊓∇⌋⟨⇔ W↙ G⊣↕⌉⇔ P↙ H⊣\‖∫↙⇔ ⊣\⌈ D↙M↙ H⟩\⌈↕⌉↙ ∞∃∃′↙ U∫⟩\} ∫⊔⊣⊔⟩∫⊔⟩⌋∫ ⟩\ ↕⌉§⟩⌋⊣↕ ⊣\⊣↕†∫⟩∫↙ I\ U∇⟩ Z⌉∇\⟩‖⇔ ⌉⌈⟩⊔≀∇⇔ L⌉§⟩⌋⊣↕ A⌋∐⊓⟩∫⟩⊔⟩≀\¬ U∫⟩\} O\↖↕⟩\⌉ R⌉∫≀⊓∇⌋⌉∫ ⊔≀ B⊓⟩↕⌈ ⊣ L⌉§⟩⌋≀\↙ L⊣⊒∇⌉\⌋⌉ E∇↕⌊⊣⊓⇕↙ K⌉\\⌉⊔⟨ C⟨⊓∇⌋⟨⇔ W⟩↕↕⟩⊣⇕ G⊣↕⌉⇔ P⊣⊔∇⟩⌋‖ H⊣\‖∫⇔ ⊣\⌈ D≀\⊣↕⌈ H⟩\⌈↕⌉↙ ∞∃∃∞↙ U∫⟩\} ∫⊔⊣⊔⟩∫⊔⟩⌋∫ ⟩\ ↕⌉§⟩⌋⊣↕ ⊣\⊣↕†∫⟩∫↙ I\ U∇⟩ Z⌉∇\⟩‖⇔ ⌉⌈⟩⊔≀∇⇔ L⌉§⟩⌋⊣↕ A⌋∐⊓⟩∫⟩⊔⟩≀\¬ E§√↕≀⟩⊔⟩\} O\↖L⟩\⌉ R⌉∫≀⊓∇⌋⌉∫ ⊔≀ B⊓⟩↕⌈ ⊣ L⌉§⟩⌋≀\⇔ √⊣}⌉∫ ∞∞∘̸∞△̸↙ E∇↕⌊⊣⊓⇕↙ S⟨⊣∇≀\ C≀⊔⌉↙ ∞∃∃∈↙ D⟩∫⌋≀⊓∇∫⌉ {⊓\⌋⊔⟩≀\∫ ≀{ ⊔⊒≀ ⊔†√⌉∫ ≀{ \⊓↕↕ ≀⌊|⌉⌋⊔∫ ⟩\ E\}↕⟩∫⟨↙ P∇⌉∫⌉\⊔⌉⌈ ⊣⊔ ⊔⟨⌉ ̸⊔⟨ A\\⊓⊣↕ M⌉⌉⊔⟩\} ≀{ ⊔⟨⌉ L⟩\}⊓⟩∫⊔⟩⌋ S≀⌋⟩⌉⊔† ≀{ A⇕⌉∇⟩⌋⊣⇔ P⟨⟩↕⊣⌈⌉↕√⟨⟩⊣⇔ PA⇔ J⊣\⊓⊣∇†↙ T⟨≀⇕⊣∫ M↙ C≀⊑⌉∇ ⊣\⌈ J≀† A↙ T⟨≀⇕⊣∫↙ ∞∃∃∞↙ E↕⌉⇕⌉\⊔∫ ≀{ I\{≀∇⇕⊣⊔⟩≀\ T⟨⌉≀∇†↙ J≀⟨\ W⟩↕⌉†↙ S↙ C∇⊣⟩\ ⊣\⌈ M↙ S⊔⌉⌉⌈⇕⊣\↙ ∞∃∀▽↙ O\ \≀⊔ ⌊⌉⟩\} ↕⌉⌈ ⊓√ ⊔⟨⌉ }⊣∇⌈⌉\ √⊣⊔⟨¬ ⊔⟨⌉ ⊓∫⌉ ≀{ ⌋≀\⊔⌉§⊔ ⌊† ⊔⟨⌉ √∫†⌋⟨≀↕≀}⟩⌋⊣↕ ∫†\⊔⊣§ √∇≀⌋⌉∫∫≀∇↙ I\ D↙ D≀⊒⊔†⇔ L↙ K⊣∇⊔⊔⊓\⌉\⇔ ⊣\⌈ A↙ Z⊒⟩⌋‖†⇔ ⌉⌈⟩⊔≀∇∫⇔ N⊣⊔⊓∇⊣↕ L⊣\}⊓⊣}⌉ P∇≀⌋⌉∫∫⟩\}¬ P∫†⌋⟨≀↕≀}⟩⌋⊣↕⇔ C≀⇕√⊓⊔⊣⊔⟩≀\⊣↕⇔ ⊣\⌈ T⟨⌉≀∇⌉⊔⟩⌋⊣↕ P⌉∇∫√⌉⌋⊔⟩⊑⌉∫↙ C⊣⇕⌊∇⟩⌈}⌉ U\⟩⊑⌉∇∫⟩⊔† P∇⌉∫∫↙ D↙ A↙ C∇⊓∫⌉↙ ∞∃∀↙̸ L⌉§⟩⌋⊣↕ S⌉⇕⊣\⊔⟩⌋∫↙ C⊣⇕⌊∇⟩⌈}⌉ U\⟩⊑⌉∇∫⟩⊔† P∇⌉∫∫↙ I⌈≀ D⊣}⊣\ ⊣\⌈ A↕≀\ I⊔⊣⟩↙ ⇐⊔≀ ⊣√√⌉⊣∇⇒↙ W≀∇⌈ ∫⌉\∫⌉ ⌈⟩∫⊣⇕⌊⟩}⊓⊣⊔⟩≀\ ⊓∫⟩\} ⊣ ∫⌉⌋≀\⌈ ↕⊣\}⊓⊣}⌉ ⇕≀\≀↕⟩\}⊓⊣↕ ⌋≀∇√⊓∫↙ T≀ ⊣√√⌉⊣∇ ⟩\ C≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ L⟩\}⊓⟩∫⊔⟩⌋∫↙ I↙ D⊣}⊣\↙ ∞∃∃′↙ A ∫⊔⊣⊔⟩∫⊔⟩⌋⊣↕ ⊘↕⊔⌉∇ {≀∇ ∇⌉∫≀↕⊑⟩\} √∇≀\≀⊓\ ∇⌉{⌉∇⌉\⌋⌉∫↙ I\ P∇≀⌋⌉⌉⌈⟩\}∫ ≀{ ⊔⟨⌉ ⊔⟨ I∫∇⊣⌉↕⟩ S†⇕√≀∫⟩⊓⇕ ≀\ A∇⊔⟩⊘⌋⟩⊣↕ I\⊔⌉↕↕⟩}⌉\⌋⌉ ⊣\⌈ C≀⇕√⊓⊔⌉∇ V⟩∫⟩≀\↙ K↙ D⊣⟨↕}∇⌉\ ⊣\⌈ J↙ M⌋D≀⊒⌉↕↕↙ ∞∃∀↙̸ U∫⟩\} ⌋≀⇕⇕≀\∫⌉\∫⌉ ‖\≀⊒↕⌉⌈}⌉ ⊔≀ ⌈⟩∫⊣⇕⌊⟩}⊓⊣⊔⌉ √∇⌉√≀∫⟩⊔⟩≀\⊣↕ √⟨∇⊣∫⌉ ⇕≀⌈⟩⊘⌉∇∫↙ I\ AAAI↖∀⇎ √⊣}⌉∫ ▽∀∃∘▽∃∋↙ S⌋≀⊔⊔ D⌉⌉∇⊒⌉∫⊔⌉∇⇔ S⊓∫⊣\ D⊓⇕⊣⟩∫⇔ G≀⌉∇}⌉ F⊓∇\⊣∫⇔ T⟨≀⇕⊣∫ L⊣\⌈⊣⊓⌉∇⇔ ⊣\⌈ R⟩⌋⟨⊣∇⌈ H⊣∇∫⟨⇕⊣\↙ ∞∃∃′↙ I\⌈⌉§⟩\} ⌊† ↕⊣⊔⌉\⊔ ∫⌉⇕⊣\⊔⟩⌋ ⊣\⊣↕†∫⟩∫↙ J≀⊓∇\⊣↕ ≀{ ⊔⟨⌉ A⇕⌉∇⟩⌋⊣\ S≀⌋⟩⌉⊔† {≀∇ I\{≀∇⇕⊣⊔⟩≀\ S⌋⟩⌉\⌋⌉⇔ △∞⇐⇏¬∋∃∞∘△′↙ D↙ D≀⊒⊔†⇔ R↙ W⊣↕↕⇔ ⊣\⌈ S↙ P⌉⊔⌉∇∫↙ ∞∃∀∞↙ I\⊔∇≀⌈⊓⌋⊔⟩≀\ ⊔≀ M≀\⊔⊣}⊓⌉ S⌉⇕⊣\⊔⟩⌋∫↙ D↙ R⌉⟩⌈⌉↕ P⊓⌊↕⟩∫⟨⟩\} C≀↙⇔ B≀∫⊔≀\↙ D⊣⊑⟩⌈ D≀⊒⊔†↙ ∞∃∃∞↙ T⟨⌉⇕⊣⊔⟩⌋ √∇≀⊔≀↖∇≀↕⌉∫ ⊣\⌈ ⊣∇}⊓⇕⌉\⊔ ∫⌉↕⌉⌋⊔⟩≀\↙ L⊣\}⊓⊣}⌉⇔ ⇍∋⇒¬▽△∘∞̸▽↙ T⟨⌉≀⌈≀∇⌉ D∇⊣\}⌉↙ ∞∄↙ T†√⌉ C∇≀∫∫⟩\}∫¬ S⌉\⊔⌉\⊔⟩⊣↕ M⌉⊣\⟩\}↕⌉∫∫ ⟩\ ⊔⟨⌉ B≀∇⌈⌉∇ A∇⌉⊣ ≀{ L⟩\}⊓⟩∫⊔⟩⌋∫ ⊣\⌈ P⟨⟩↕≀∫≀√⟨†↙ M≀⊓⊔≀\↙ J⌉{{∇⌉† E↕⇕⊣\↙ ∞∃∀∃↙ R⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\ ⊣\⌈ ∫⊔∇⊓⌋⊔⊓∇⌉ ⟩\ ⌋≀\\⌉⌋⊔⟩≀\⟩∫⊔ ⇕≀⌈⌉↕∫↙ T⌉⌋⟨\⟩⌋⊣↕ R⌉√≀∇⊔ CRL TR↖∀∃′∋⇔ U\⟩⊑⌉∇∫⟩⊔† ≀{ C⊣↕⟩{≀∇\⟩⊣⇔ S⊣\ D⟩⌉}≀↙ J⌉{{∇⌉† E↕⇕⊣\↙ ∞∃∃′↙ F⟩\⌈⟩\} ∫⊔∇⊓⌋⊔⊓∇⌉ ⟩\ ⊔⟩⇕⌉↙ C≀}\⟩⊔⟩⊑⌉ S⌋⟩⌉\⌋⌉⇔ ∞△¬∞∃∘∈∞∞↙ U↙ E∫∫⌉\ ⊣\⌈ V↙ S⊔⌉⟩\⌊⟩∫∫↙ ∞∃∃∈↙ C≀≀⌋⌋⊓∇∇⌉\⌋⌉ ∫⇕≀≀⊔⟨⟩\} {≀∇ ∫⊔≀⌋⟨⊣∫⊔⟩⌋ ↕⊣\}⊓⊣}⌉ ⇕≀⌈⌉↕⟩\}↙ I\ ICASSP↖∃∈⇔ √⊣}⌉∫ I∘∞∞̸ ∘ I∘∞△̸⇔ S⊣\ F∇⊣\⌋⟩∫⌋≀↙ C⟨∇⟩∫⊔⟩⊣\⌉ F⌉↕↕⌊⊣⊓⇕ ⊣\⌈ J⊓⌈† K⌉}↕↙ ∞∃∀∃↙ T⊣§≀\≀⇕⟩⌋ ∫⊔∇⊓⌋⊔⊓∇⌉∫ ⊣\⌈ ⌋∇≀∫∫↖⌋⊣⊔⌉}≀∇† ↕⟩\‖⟩\} ⟩\ ⊔⟨⌉ ↕⌉§⟩⌋≀\↙ I\ P∇≀⌋⌉⌉⌈⟩\}∫ ≀{ ESCOL ≃∀∃⇔ √⊣}⌉∫ ∃∋∘∞′△↙ E⊑⌉↕†\ F⌉∇∫⊔↕↙ ∞∃∃∋↙ T⟨⌉ ∇≀↕⌉ ≀{ ↕⌉§⟩⌋⊣↕ ⟩\{≀∇⇕⊣⊔⟩≀\ ⊣\⌈ ⌈⟩∫⌋≀⊓∇∫⌉ ⌋≀\⊔⌉§⊔ ⟩\ ∫†\⊔⊣⌋⊔⟩⌋ √∇≀⌋⌉∫∫⟩\}¬ ⊣ ∇⌉⊑⟩⌉⊒ ≀{ √∫†⌋⟨≀↕⟩\}⊓⟩∫⊔⟩⌋ ∫⊔⊓⌈⟩⌉∫↙ T⌉⌋⟨\⟩⌋⊣↕ R⌉√≀∇⊔ ∃∋↖′∋⇔ U\⟩⊑⌉∇∫⟩⊔† ≀{ C≀↕≀∇⊣⌈≀ ⊣⊔ B≀⊓↕⌈⌉∇↙

∞△∃ C⟨⊣∇↕⌉∫ F⟩↕↕⇕≀∇⌉↙ ∞∃∀↙̸ P∇⊣}⇕⊣⊔⟩⌋⊣↕↕† ⌋≀\⊔∇≀↕↕⌉⌈ ‡⌉∇≀ ⊣\⊣√⟨≀∇⊣↙ I\ P∇≀⌋⌉⌉⌈⟩\}∫ ≀{ ⊔⟨⌉ B⌉∇‖⌉↕⌉† L⟩\}⊓⟩∫⊔⟩⌋∫ S≀⌋⟩⌉⊔†⇔ √⊣}⌉∫ ∃▽∘∞′↙ C†\⊔⟨⟩⊣ F⟩∫⟨⌉∇⇔ G⌉≀{{∇⌉† H⊣↕↕⇔ S⊓∫⊣\ R⊣‖≀⊒⟩⊔‡⇔ ⊣\⌈ L⟩↕⊣ G↕⌉⟩⊔⇕⊣\↙ ∞∃∃△↙ W⟨⌉\ ⟩⊔ ⟩∫ ⌊⌉⊔⊔⌉∇ ⊔≀ ∇⌉⌋⌉⟩⊑⌉ ⊔⟨⊣\ ⊔≀ }⟩⊑⌉¬ ∫†\⊔⊣⌋⊔⟩⌋ ⊣\⌈ ⌋≀\⌋⌉√⊔⊓⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫ ≀\ ⊑≀⌋⊣⌊⊓↕⊣∇† }∇≀⊒⊔⟨↙ L⟩\}⊓⊣⇔ ∃∈⇐∞⇒↙ C†\⊔⟨⟩⊣ F⟩∫⟨⌉∇⇔ L⟩↕⊣ G↕⌉⟩⊔⇕⊣\⇔ ⊣\⌈ H⌉\∇† G↕⌉⟩⊔⇕⊣\↙ ∞∃∃∞↙ O\ ⊔⟨⌉ ∫⌉⇕⊣\⊔⟩⌋ ⌋≀\⊔⌉\⊔ ≀{ ∫⊓⌊⌋⊣⊔⌉}≀∇⟩‡⊣⊔⟩≀\ {∇⊣⇕⌉∫↙ C≀}\⟩⊔⟩⊑⌉ P∫†⌋⟨≀↕≀}†⇔ ∈∋⇐∋⇒¬∋∋∞∘∋∃∈⇔ J⊓↕†↙ J↙ A↙ F≀⌈≀∇⇔ M↙ F↙ G⊣∇∇⌉⊔⊔⇔ E↙ T↙ W⊣↕‖⌉∇⇔ ⊣\⌈ C↙ P⊣∇‖⌉∫↙ ∞∃∀′↙ A}⊣⟩\∫⊔ ⌈⌉⊘\⟩⊔⟩≀\∫↙ C≀}\⟩⊔⟩≀\⇔ ∀⇐∋⇒¬∞∘∞′▽↙ J⊣\⌉⊔ D⌉⊣\ F≀⌈≀∇↙ ∞∃↙ S⌉⇕⊣\⊔⟩⌋∫¬ ⊔⟨⌉≀∇⟩⌉∫ ≀{ ⇕⌉⊣\⟩\} ⟩\ }⌉\⌉∇⊣⊔⟩⊑⌉ }∇⊣⇕⇕⊣∇↙ H⊣∇⊑⊣∇⌈ U\⟩⊑⌉∇∫⟩⊔† P∇⌉∫∫↙ M⊣∇⟩↕†\ F≀∇⌈⇔ J≀⊣\ B∇⌉∫\⊣\⇔ ⊣\⌈ R≀\⊣↕⌈ K⊣√↕⊣\↙ ∞∃∀∈↙ A ⌋≀⇕√⌉⊔⌉\⌋⌉↖⌊⊣∫⌉⌈ ⊔⟨⌉≀∇† ≀{ ∫†\⊔⊣⌋⊔⟩⌋ ⌋↕≀∫⊓∇⌉↙ I\ J≀⊣\ B∇⌉∫\⊣\⇔ ⌉⌈⟩⊔≀∇⇔ T⟨⌉ M⌉\⊔⊣↕ R⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\ ≀{ G∇⊣⇕⇕⊣⊔⟩⌋⊣↕ R⌉↕⊣⊔⟩≀\∫↙ MIT P∇⌉∫∫↙ W↙ F∇⊣\⌋⟩∫ ⊣\⌈ H↙ K⊓�⌋⌉∇⊣↙ ∞∃∀∈↙ F∇⌉∐⊓⌉\⌋† A\⊣↕†∫⟩∫ ≀{ E\}↕⟩∫⟨ U∫⊣}⌉↙ H≀⊓}⟨⊔≀\ M⟩{⊙⟩\ C≀↙¬ N⌉⊒ Y≀∇‖↙ L↙ F∇⊣‡⟩⌉∇↙ ∞∃∃↙ O\ C≀⇕√∇⌉⟨⌉\⌈⟩\} S⌉\⊔⌉\⌋⌉∫¬ S†\⊔⊣⌋⊔⟩⌋ P⊣∇∫⟩\} S⊔∇⊣⊔⌉}⟩⌉∫↙ P⟨↙D↙ ⊔⟨⌉∫⟩∫⇔ U\⟩⊑⌉∇∫⟩⊔† ≀{ M⊣∫∫⊣⌋⟨⊓∫⌉⊔⊔∫↙ W⟩↕↕⟩⊣⇕ G⊣↕⌉⇔ K⌉\\⌉⊔⟨ C⟨⊓∇⌋⟨⇔ ⊣\⌈ D⊣⊑⟩⌈ Y⊣∇≀⊒∫‖†↙ ∞∃∃∈⊣↙ A ⇕⌉⊔⟨≀⌈ {≀∇ ⌈⟩∫⊣⇕⌊⟩}⊓⊣⊔⟩\} ⊒≀∇⌈ ∫⌉\∫⌉∫ ⟩\ ⊣ ↕⊣∇}⌉ ⌋≀∇√⊓∫↙ S⊔⊣⊔⟩∫⊔⟩⌋⊣↕ R⌉∫⌉⊣∇⌋⟨ R⌉√≀∇⊔∫ ∞′△⇔ AT↘T B⌉↕↕ L⊣⌊≀∇⊣⊔≀∇⟩⌉∫⇔ M⊣∇⌋⟨↙ ⇐T≀ ⊣√√⌉⊣∇ ⟩\ C≀⇕√⊓⊔⌉∇∫ ⊣\⌈ H⊓⇕⊣\⟩⊔⟩⌉∫⇒↙ W⟩↕↕⟩⊣⇕ G⊣↕⌉⇔ K⌉\\⌉⊔⟨ C⟨⊓∇⌋⟨⇔ ⊣\⌈ D⊣⊑⟩⌈ Y⊣∇≀⊒∫‖†↙ ∞∃∃∈⌊↙ O\⌉ ∫⌉\∫⌉ √⌉∇ ⌈⟩∫⌋≀⊓∇∫⌉↙ P∇≀⌋⌉⌉⌈⟩\}∫ ≀{ ⊔⟨⌉ △⊔⟨ DARPA S√⌉⌉⌋⟨ ⊣\⌈ N⊣⊔⊓∇⊣↕ L⊣\}⊓⊣}⌉ W≀∇‖∫⟨≀√⇔ F⌉⌊∇⊓⊣∇†↙ G↙ G⊣‡⌈⊣∇⇔ E↙ K↕⌉⟩\⇔ G↙ P⊓↕↕⊓⇕⇔ ⊣\⌈ I↙ S⊣}↙ ∞∃∀▽↙ G⌉\⌉∇⊣↕⟩‡⌉⌈ P⟨∇⊣∫⌉ S⊔∇⊓⌋⊔⊓∇⌉ G∇⊣⇕⇕⊣∇↙ H⊣∇⊑⊣∇⌈ U\⟩⊑⌉∇∫⟩⊔† P∇⌉∫∫↙ J⊣\⌉ G⟩↕↕⌉⊔⊔⌉ ⊣\⌈ L⟩↕⊣ G↕⌉⟩⊔⇕⊣\↙ {≀∇⊔⟨⌋≀⇕⟩\}↙ E{{⌉⌋⊔∫ ≀{ ∫⟩⊔⊓⊣⊔⟩≀\⊣↕ ⌋⊓⌉∫ ≀\ ⊔⟨⌉ ⟩⌈⌉\⊔⟩⊘⌋⊣⊔⟩≀\ ≀{ \≀⊓\∫ ⊣\⌈ ⊑⌉∇⌊∫↙ ⇕∫↙ L⟩↕⊣ G↕⌉⟩⊔⇕⊣\⇔ H⌉\∇† G↕⌉⟩⊔⇕⊣\⇔ B⊣∇⌊⊣∇⊣ L⊣\⌈⊣⊓⇔ ⊣\⌈ E∇⟩⌋ W⊣\\⌉∇↙ ∞∃∀∀↙ W⟨⌉∇⌉ ↕⌉⊣∇\⟩\} ⌊⌉}⟩\∫¬ ⟩\⟩⊔⟩⊣↕ ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\∫ {≀∇ ↕⊣\}⊓⊣}⌉ ↕⌉⊣∇\⟩\}↙ I\ L⟩\}⊓⟩∫⊔⟩⌋∫¬ T⟨⌉ C⊣⇕⌊∇⟩⌈}⌉ S⊓∇⊑⌉†⇔ V≀↕⊓⇕⌉ III¬ L⊣\}⊓⊣}⌉¬ P∫†⌋⟨≀↕≀}⟩⌋⊣↕ ⊣\⌈ B⟩≀↕≀}⟩⌋⊣↕ A∫√⌉⌋⊔∫↙ C⊣⇕⌊∇⟩⌈}⌉ U\⟩⊑⌉∇∫⟩⊔† P∇⌉∫∫↙ I↙J↙ G≀≀⌈↙ ∞∃▽∋↙ T⟨⌉ √≀√⊓↕⊣⊔⟩≀\ {∇⌉∐⊓⌉\⌋⟩⌉∫ ≀{ ∫√⌉⌋⟩⌉∫ ⊣\⌈ ⊔⟨⌉ ⌉∫⊔⟩⇕⊣⊔⟩≀\ ≀{ √≀√⊓↕⊣⊔⟩≀\ √⊣∇⊣⇕⌉⊔⌉∇∫↙ B⟩≀⇕⌉⊔∇⟩‖⊣⇔ △′⇐∋ ⊣\⌈ △⇒¬∈∋∘∈△̸↙ G↙ G∇⌉{⌉\∫⊔⌉⊔⊔⌉↙ ∞∃∃∈↙ F⟩\⌈⟩\} ∫⌉⇕⊣\⊔⟩⌋ ∫⟩⇕⟩↕⊣∇⟩⊔† ⟩\ ∇⊣⊒ ⊔⌉§⊔¬ ⊔⟨⌉ D⌉⌉∫⌉ ⊣\⊔≀\†⇕∫↙ I\ F⊣↕↕ S†⇕√≀∫⟩⊓⇕ ≀\ P∇≀⌊⊣⌊⟩↕⟩⊔† ⊣\⌈ N⊣⊔⊓∇⊣↕ L⊣\}⊓⊣}⌉↙ AAAI⇔ O⌋⊔≀⌊⌉∇ ∈∋↖∈▽↙ H↙P↙ G∇⟩⌋⌉↙ ∞∃▽↙ L≀}⟩⌋ ⊣\⌈ ⌋≀\⊑⌉∇∫⊣⊔⟩≀\↙ I\ P↙ C≀↕⌉ ⊣\⌈ J↙ M≀∇}⊣\⇔ ⌉⌈⟩⊔≀∇∫⇔ S†\⊔⊣§ ⊣\⌈ S⌉⇕⊣\⊔⟩⌋∫ III ↖ S√⌉⌉⌋⟨ A⌋⊔∫⇔ √⊣}⌉∫ △∞∘▽∀↙ A⌋⊣⌈⌉⇕⟩⌋ P∇⌉∫∫⇔ N⌉⊒ Y≀∇‖↙ J⊣\⌉ G∇⟩⇕∫⟨⊣⊒↙ ∞∃∃↙ C≀⇕√↕⌉⇕⌉\⊔ ∫⌉↕⌉⌋⊔⟩≀\ ⊣\⌈ ⊔⟨⌉ ↕⌉§⟩⌋≀\↙ L⟩\}⊓⟩∫⊔⟩⌋ I\∐⊓⟩∇†⇔ ∞′⇐∈⇒¬∈∃∘∋∈↙̸ J⊣\⌉ G∇⟩⇕∫⟨⊣⊒↙ ∞∃∃′↙ A∇}⊓⇕⌉\⊔ S⊔∇⊓⌋⊔⊓∇⌉↙ MIT P∇⌉∫∫⇔ C⊣⇕⌊∇⟩⌈}⌉⇔ MA↙

∞▽′ J⊣\⌉ G∇⟩⇕∫⟨⊣⊒↙ ∞∃∃∋↙ T⟨⌉ ↕⌉⊣∫⊔ ↕⌉§⟩⌋≀\↙ C≀↕↕≀∐⊓⟩⊓⇕ ≀{ ⊔⟨⌉ I\∫⊔⟩⊔⊓⊔⌉ {≀∇ R⌉∫⌉⊣∇⌋⟨ ⟩\ C≀}\⟩⊔⟩⊑⌉ S⌋⟩⌉\⌋⌉⇔ U\⟩⊑⌉∇∫⟩⊔† ≀{ P⌉\\∫†↕⊑⊣\⟩⊣↙ R⊣↕√⟨ G∇⟩∫⟨⇕⊣\ ⊣\⌈ J≀⟨\ S⊔⌉∇↕⟩\}↙ ∞∃∃∈↙ A⌋∐⊓⟩∫⟩⊔⟩≀\ ≀{ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ √⊣⊔⊔⌉∇\∫↙ I\ P∇≀⌋⌉⌉⌈⟩\}∫ ≀{ ⊔⟨⌉ F≀⊓∇⊔⌉⌉\⊔⟨ I\⊔⌉∇\⊣⊔⟩≀\⊣↕ C≀\{⌉∇⌉\⌋⌉ ≀\ C≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ L⟩\}⊓⟩∫⊔⟩⌋∫ ⇐COLING ≃∃∈⇒⇔ √⊣}⌉∫ ▽̸∀∘̸△⇔ N⊣\⊔⌉∫⇔ F∇⊣\⌋⌉⇔ J⊓↕†↙ R⊣↕√⟨ G∇⟩∫⟨⇕⊣\ ⊣\⌈ J≀⟨\ S⊔⌉∇↕⟩\}↙ ∞∃∃∋↙ S⇕≀≀⊔⟨⟩\} ≀{ ⊣⊓⊔≀⇕⊣⊔⟩⌋⊣↕↕† }⌉\⌉∇⊣⊔⌉⌈ ∫⌉↕⌉⌋⊔⟩≀\⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫↙ I\ M⊣⌈⌉↕⌉⟩\⌉ B⊣⊔⌉∫⇔ ⌉⌈⟩⊔≀∇⇔ ARPA W≀∇‖∫⟨≀√ ≀\ H⊓⇕⊣\ L⊣\}⊓⊣}⌉ T⌉⌋⟨\≀↕≀}†⇔ M⊣∇⌋⟨↙ J⌉∫∫ G∇≀√⌉\↙ ∞∃∃∈↙ C≀\∫⊔∇⊣⟩\⊔∫ ≀\ ⊣ ⊔⟨⌉≀∇† ≀{ ⊑⌉∇⌊ ↕⌉⊣∇\⟩\}¬ ⟩\∫⟩}⟨⊔∫ {∇≀⇕ √≀↕†∫⌉⇕†↙ P∇⌉∫⌉\⊔⌉⌈ ⊣⊔ ⊔⟨⌉ ∞⊔⟨ B≀∫⊔≀\ U\⟩⊑⌉∇∫⟩⊔† C≀\{⌉∇⌉\⌋⌉ ≀\ L⊣\}⊓⊣}⌉ D⌉⊑⌉↕≀√⇕⌉\⊔↙ J⌉∫∫ G∇≀√⌉\↙ ∞∃∃∋↙ P⊣∇⊔⟩⌋⟩√⊣\⊔ ⊔†√⌉∫ ⊣\⌈ ⊔⟨⌉ ⊣⌋∐⊓⟩∫⟩⊔⟩≀\ ≀{ ⊑⌉∇⌊ √≀↕†∫⌉⇕†↙ ⇕∫↙⇔ M⊣†↙ S⊔⌉√⟨⌉\ J≀∫≻⌉ H⊣\∫≀\↙ ∞∃∃′↙ C≀\⌋⌉√⊔⊓⊣↕ ⌋↕⊓∫⊔⌉∇⟩\} ⊣\⌈ ⌋⊣⊔⌉}≀∇⟩‡⊣⊔⟩≀\¬ ⌊∇⟩⌈}⟩\} ⊔⟨⌉ }⊣√ ⌊⌉⊔⊒⌉⌉\ ⟩\⌈⊓⌋⊔⟩≀\ ⊣\⌈ ⌋⊣⊓∫⊣↕ ⇕≀⌈⌉↕∫↙ I\ Y⊑⌉∫ K≀⌈∇⊣⊔≀{{ ⊣\⌈ R†∫‡⊣∇⌈ S↙ M⟩⌋⟨⊣↕∫‖⟩⇔ ⌉⌈⟩⊔≀∇∫⇔ M⊣⌋⟨⟩\⌉ ↕⌉⊣∇\⟩\} ¬ ⊣\ ⊣∇⊔⟩⊘⌋⟩⊣↕ ⟩\⊔⌉↕↕⟩}⌉\⌋⌉ ⊣√√∇≀⊣⌋⟨⇔ ⊑≀↕⊓⇕⌉ ∋⇔ √⊣}⌉∫ ∈∋▽∘∈∀̸↙ M≀∇}⊣\ K⊣⊓{⇕⊣\\↙ M⊣∇⊔⟩ A↙ H⌉⊣∇∫⊔ ⊣\⌈ K⌉\\⌉⊔⟨ W↙ C⟨⊓∇⌋⟨↙ ⇐⟩\ √∇⌉√⊣∇⊣⊔⟩≀\⇒↙ A\ ⟩\⊑⌉∫⊔⟩}⊣⊔⟩≀\ ≀{ ⊔⟨⌉ ⊓∫⌉ ≀{ ↕⌉§⟩⌋⊣↕ ⊣∫∫≀⌋⟩⊣⊔⟩≀\∫ {≀∇ √∇⌉√≀∫⟩⊔⟩≀\⊣↕ √⟨∇⊣∫⌉ ⊣⊔⊔⊣⌋⟨⇕⌉\⊔↙ M⊣∇⊔⟩ H⌉⊣∇∫⊔ ⊣\⌈ H⟩\∇⟩⌋⟨ S⌋⟨�⊓⊔‡⌉↙ ∞∃∃∋↙ C⊓∫⊔≀⇕⟩‡⟩\} ⊣ ↕⌉§⟩⌋≀\ ⊔≀ ⌊⌉⊔⊔⌉∇ ∫⊓⟩⊔ ⊣ ⌋≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ ⊔⊣∫‖↙ I\ P∇≀⌋⌉⌉⌈⟩\}∫ ≀{ ⊔⟨⌉ ACL SIGLEX W≀∇‖∫⟨≀√⇔ C≀↕⊓⇕⌊⊓∫⇔ O⟨⟩≀⇔ J⊓\⌉↙ D↙ H⟩\⌈↕⌉ ⊣\⌈ M↙ R≀≀⊔⟨↙ ∞∃∃∞↙ S⊔∇⊓⌋⊔⊓∇⊣↕ ⊣⇕⌊⟩}⊓⟩⊔† ⊣\⌈ ↕⌉§⟩⌋⊣↕ ∇⌉↕⊣⊔⟩≀\∫↙ I\ P∇≀⌋⌉⌉⌈⟩\}∫ ≀{ ⊔⟨⌉ ∈∃⊔⟨ A\\⊓⊣↕ M⌉⌉⊔⟩\} ≀{ ⊔⟨⌉ A∫∫≀⌋⟩⊣⊔⟩≀\ {≀∇ C≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ L⟩\}⊓⟩∫⊔⟩⌋∫⇔ J⊓\⌉↙ B⌉∇‖⌉↕⌉†⇔ C⊣↕⟩{≀∇\⟩⊣↙ D↙ H⟩\⌈↕⌉ ⊣\⌈ M↙ R≀≀⊔⟨↙ ∞∃∃∋↙ S⊔∇⊓⌋⊔⊓∇⊣↕ ⊣⇕⌊⟩}⊓⟩⊔† ⊣\⌈ ↕⌉§⟩⌋⊣↕ ∇⌉↕⊣⊔⟩≀\∫↙ C≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ L⟩\}⊓⟩∫⊔⟩⌋∫⇔ ∞∃⇐∞⇒¬∞′∋∘∞∈′⇔ J⊓\⌉↙ D≀\⊣↕⌈ H⟩\⌈↕⌉↙ ∞∃∀∋↙ U∫⌉∇ ⇕⊣\⊓⊣↕ {≀∇ F⟩⌈⌈⟩⊔⌋⟨⇔ ⊣ ⌈⌉⊔⌉∇⇕⟩\⟩∫⊔⟩⌋ √⊣∇∫⌉∇↙ T⌉⌋⟨\⟩⌋⊣↕ ⇕⌉⇕≀∇⊣\⌈⊓⇕ ▽∃′↖∞△∈⇔ N⊣⊑⊣↕ R⌉∫⌉⊣∇⌋⟨ L⊣⌊≀∇⊣⊔≀∇†↙ D↙ H⟩\⌈↕⌉↙ ∞∃∃′↙ N≀⊓\ ⌋↕⊣∫∫⟩⊘⌋⊣⊔⟩≀\ {∇≀⇕ √∇⌉⌈⟩⌋⊣⊔⌉↖⊣∇}⊓⇕⌉\⊔ ∫⊔∇⊓⌋⊔⊓∇⌉∫↙ I\ P∇≀⌋⌉⌉⌈⟩\}∫ ≀{ ⊔⟨⌉ ∈∀⊔⟨ A\\⊓⊣↕ M⌉⌉⊔⟩\} ≀{ ⊔⟨⌉ A∫∫≀⌋⊣⊔⟩≀\ ≀{ C≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ L⟩\}⊓⟩∫⊔⟩⌋∫⇔ P⟩⊔⊔∫⌊⊓∇}⟨⇔ P⌉\\⊣↙⇔ √⊣}⌉∫ ∈∀̸∘∈▽↙ V↙ M↙ H≀↕⇕⌉∫⇔ L↙ S⊔≀⊒⌉⇔ ⊣\⌈ L↙ C⊓√√↕⌉∫↙ ∞∃∀∃↙ L⌉§⟩⌋⊣↕ ⌉§√⌉⌋⊔⊣⊔⟩≀\∫ ⟩\ √⊣∇∫⟩\} ⌋≀⇕√↕⌉⇕⌉\⊔↖⊑⌉∇⌊ ∫⌉\⊔⌉\⌋⌉∫↙ J≀⊓∇\⊣↕ ≀{ M⌉⇕≀∇† ⊣\⌈ L⊣\}⊓⊣}⌉⇔ ∈∀¬̸∀∘∀̸∃↙ P⊣⊓↕ H≀√√⌉∇ ⊣\⌈ S⊣\⌈∇⊣ T⟨≀⇕√∫≀\↙ ∞∃∀′↙ T∇⊣\∫⟩⊔⟩⊑⟩⊔† ⟩\ }∇⊣⇕⇕⊣∇ ⊣\⌈ ⌈⟩∫⌋≀⊓∇∫⌉↙ L⊣\}⊓⊣}⌉⇔ ▽⇍∈⇒¬∈▽∞∘ ∈∃∃↙ L⊣⊓∇⌉\⌋⌉ H≀∇\↙ ∞∃∀∃↙ A N⊣⊔⊓∇⊣↕ H⟩∫⊔≀∇† ≀{ N⌉}⊣⊔⟩≀\↙ U\⟩⊑⌉∇∫⟩⊔† ≀{ C⟨⟩⌋⊣}≀ P∇⌉∫∫↙ R⊣† J⊣⌋‖⌉\⌈≀{{↙ ∞∃∀∋↙ S⌉⇕⊣\⊔⟩⌋∫ ⊣\⌈ C≀}\⟩⊔⟩≀\↙ C⊓∇∇⌉\⊔ S⊔⊓⌈⟩⌉∫ ⟩\ L⟩\}⊓⟩∫⊔⟩⌋∫ S⌉∇⟩⌉∫↙ T⟨⌉ MIT P∇⌉∫∫↙ R⊣† J⊣⌋‖⌉\⌈≀{{↙ ∞∃∃′↙ S⌉⇕⊣\⊔⟩⌋ S⊔∇⊓⌋⊔⊓∇⌉∫↙ C⊓∇∇⌉\⊔ S⊔⊓⌈⟩⌉∫ ⟩\ L⟩\}⊓⟩∫⊔⟩⌋∫ S⌉∇⟩⌉∫↙ T⟨⌉ MIT P∇⌉∫∫↙ A\⟩↕ K↙ J⊣⟩\ ⊣\⌈ R⟩⌋⟨⊣∇⌈ C↙ D⊓⌊⌉∫↙ ∞∃∀∀↙ A↕}≀∇⟩⊔⟨⇕∫ {≀∇ C↕⊓∫⊔⌉∇⟩\} D⊣⊔⊣↙ P∇⌉\⊔⟩⌋⌉ H⊣↕↕↙

∞▽∞ F∇⌉⌈⌉∇⟩⌋‖ J⌉↕⟩\⌉‖ ⊣\⌈ R≀⌊⌉∇⊔ L↙ M⌉∇⌋⌉∇↙ ∞∃∀′↙ I\⊔⌉∇√≀↕⊣⊔⌉⌈ ⌉∫⊔⟩⇕⊣⊔⟩≀\ ≀{ M⊣∇‖≀⊑ ∫≀⊓∇⌋⌉ √⊣∇⊣⇕⌉⊔⌉∇∫ {∇≀⇕ ∫√⊣∇∫⌉ ⌈⊣⊔⊣↙ I\ P∇≀⌋⌉⌉⌈⟩\}∫ ≀{ ⊔⟨⌉ W≀∇‖∫⟨≀√ ≀\ P⊣⊔⊔⌉∇\ R⌉⌋≀}\⟩⊔⟩≀\ ⟩\ P∇⊣⌋⊔⟩⌋⌉⇔ A⇕∫⊔⌉∇⌈⊣⇕⇔ T⟨⌉ N⌉⊔⟨⌉∇↕⊣\⌈∫¬ N≀∇⊔⟨↖H≀↕↕⊣\⌈⇔ M⊣†↙ K⊣∇⌉\ J⌉\∫⌉\ ⊣\⌈ J⌉⊣\↖L≀⊓⟩∫ B⟩\≀⊔↙ ∞∃∀↙ D⟩∫⊣⇕⌊⟩}⊓⊣⊔⟩\} √∇⌉√≀∫⟩⊔⟩≀\⊣↕ √⟨∇⊣∫⌉ ⊣⊔⊔⊣⌋⟨⇕⌉\⊔∫ ⌊† ⊓∫⟩\} ≀\↖↕⟩\⌉ ⌈⟩⌋⊔⟩≀\⊣∇† ⌈⌉⊘\⟩⊔⟩≀\∫↙ C≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ L⟩\}⊓⟩∫⊔⟩⌋∫⇔ ∞∋⇐∋⇒¬∈▽∞∘∈′̸↙ P↙ N↙ J≀⟨\∫≀\↖L⊣⟩∇⌈↙ ∞∃∀∋↙ M⌉\⊔⊣↕ ⇕≀⌈⌉↕∫ ¬ ⊔≀⊒⊣∇⌈∫ ⊣ ⌋≀}\⟩⊔⟩⊑⌉ ∫⌋⟩⌉\⌋⌉ ≀{ ↕⊣\}⊓⊣}⌉⇔ ⟩\{⌉∇⌉\⌋⌉⇔ ⊣\⌈ ⌋≀\∫⌋⟩≀⊓∫\⌉∫∫↙ H⊣∇⊑⊣∇⌈ U\⟩⊑⌉∇∫⟩⊔† P∇⌉∫∫↙ M⟩⌋⟨⊣⌉↕ I↙ J≀∇⌈⊣\↙ ∞∃∀↙̸ S⌉∇⟩⊣↕ ≀∇⌈⌉∇¬ A √⊣∇⊣↕↕⌉↕ ⌈⟩∫⊔∇⟩⌊⊓⊔⌉⌈ √∇≀⌋⌉∫∫⟩\} ⊣√√∇≀⊣⌋⟨↙ T⌉⌋⟨\⟩⌋⊣↕ R⌉√≀∇⊔ ICS↖∀′̸△⇔ I\∫⊔⟩⊔⊓⊔⌉ {≀∇ C≀}\⟩⊔⟩⊑⌉ S⌋⟩⌉\⌋⌉⇔ U\⟩⊑⌉∇∫⟩⊔† ≀{ C⊣↕⟩{≀∇\⟩⊣ ⊣⊔ S⊣\ D⟩⌉}≀⇔ L⊣ J≀↕↕⊣⇔ CA↙ P↙ J⊓∫⌋‡†‖⇔ K↙ H⟩∇∫⟨↖P⊣∫⌉‖⇔ D↙ K⌉⇕↕⌉∇ N⌉↕∫≀\⇔ L↙ K⌉\\⌉⌈†⇔ A↙ W≀≀⌈⊒⊣∇⌈⇔ ⊣\⌈ J↙ P⟩⊒≀‡↙ ∞∃∃∈↙ P⌉∇⌋⌉√⊔⟩≀\ ≀{ ⊣⌋≀⊓∫⊔⟩⌋ ⌋≀∇∇⌉↕⊣⊔⌉∫ ≀{ ⇕⊣|≀∇ √⟨∇⊣∫⊣↕ ⊓\⟩⊔∫ ⌊† †≀⊓\} ⟩\{⊣\⊔∫↙ C≀}\⟩⊔⟩⊑⌉ P∫†⌋⟨≀↕≀}†⇔ ∈△¬∈▽∈∘∈∃∋↙ H⊣\∫ K⊣⇕√ ⊣\⌈ B⊣∇⌊⊣∇⊣ P⊣∇⊔⌉⌉↙ ⟩\ √∇≀}∇⌉∫∫↙ P∇≀⊔≀⊔†√⌉ ⊔⟨⌉≀∇† ⊣\⌈ ⌋≀⇕√≀∫⟩⊔⟩≀\⊣↕⟩⊔†↙ ⇕∫↙ S⟨†⊣⇕ K⊣√⊓∇↙ ∞∃∃∈↙ C≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ L⌉⊣∇\⟩\} ≀{ L⊣\}⊓⊣}⌉∫↙ P⟨↙D↙ ⊔⟨⌉∫⟩∫⇔ C≀∇\⌉↕↕ U\⟩⊑⌉∇∫⟩⊔†↙ A↕∫≀ ⊣√√⌉⊣∇∫ ⊣∫ C≀∇\⌉↕↕ CS T⌉⌋⟨\⟩⌋⊣↕ R⌉√≀∇⊔ ∃∞↖∞∈∋△⇔ S⌉√⊔⌉⇕⌊⌉∇ ∞∃∃∞↙ L⊣⊓∇⟩ K⊣∇⊔⊔⊓\⌉\ ⊣\⌈ S⊔⊣\↕⌉† P⌉⊔⌉∇∫↙ ∞∃∃↙ C≀\⊑⌉\⊔⟩≀\⊣↕ ⟩⇕√↕⟩⌋⊣⊔⊓∇⌉↙ S†\⊔⊣§ ⊣\⌈ S⌉⇕⊣\⊔⟩⌋∫⇔ ∞∞↙ D⟩⌉⊔⌉∇ K⊣∫⊔≀⊑∫‖†↙ ∞∃∀′↙ S⌉↕⌉⌋⊔⟩≀\⊣↕ ∇⌉∫⊔∇⟩⌋⊔⟩≀\∫ ⊣\⌈ ↕⌉§⟩⌋⊣↕ ∫≀↕⟩⌈⊣∇⟩⊔⟩⌉∫↙ I\ D⟩⌉⊔⌉∇ K⊣∫⊔≀⊑∫‖†⇔ ⌉⌈⟩⊔≀∇⇔ P⌉∇∫√⌉‖⊔⟩⊑⌉\ ⌈⌉∇ ↕⌉§⟩‖⊣↕⟩∫⌋⟨⌉\ S⌉⇕⊣\⊔⟩‖⇔ √⊣}⌉∫ ′∘∃∈↙ B≀\\¬ B≀⊓⊑⟩⌉∇ V⌉∇↕⊣} H⌉∇⌊⌉∇⊔ G∇⊓\⌈⇕⊣\\↙ J↙ J↙ K⊣⊔‡ ⊣\⌈ J↙ A↙ F≀⌈≀∇↙ ∞∃△̸↙ T⟨⌉ ∫⊔∇⊓⌋⊔⊓∇⌉ ≀{ ⊣ ∫⌉⇕⊣\⊔⟩⌋ ⊔⟨⌉≀∇†↙ I\ J↙ A↙ F≀⌈≀∇ ⊣\⌈ J↙ J↙ K⊣⊔‡⇔ ⌉⌈⟩⊔≀∇∫⇔ T⟨⌉ S⊔∇⊓⌋⊔⊓∇⌉ ≀{ L⊣\}⊓⊣}⌉⇔ ⌋⟨⊣√⊔⌉∇ ∞∃⇔ √⊣}⌉∫ △∃∘▽∞∀↙ P∇⌉\⊔⟩⌋⌉ H⊣↕↕↙ J↙ J↙ K⊣⊔‡↙ ∞∃′↙ I\⊔⌉∇√∇⌉⊔⊣⊔⟩⊑⌉ ∫⌉⇕⊣\⊔⟩⌋∫ ⊑∫↙ }⌉\⌉∇⊣⊔⟩⊑⌉ ∫⌉⇕⊣\⊔⟩⌋∫↙ F≀⊓\⌈⊣⊔⟩≀\∫ ≀{ L⊣\}⊓⊣}⌉⇔ ¬̸∈∈′∘∈▽∃↙ S↕⊣⊑⊣ M↙ K⊣⊔‡↙ ∞∃∀↙ E∫⊔⟩⇕⊣⊔⟩≀\ ≀{ √∇≀⌊⊣⌊⟩↕⟩⊔⟩⌉∫ {∇≀⇕ ∫√⊣∇∫⌉ ⌈⊣⊔⊣ {≀∇ ⊔⟨⌉ ↕⊣\}⊓⊣}⌉ ⇕≀⌈⌉↕ ⌋≀⇕√≀\⌉\⊔ ≀{ ⊣ ∫√⌉⌉⌋⟨ ∇⌉⌋≀}\⟩‡⌉∇↙ IEEE T∇⊣\∫⊣⌋⊔⟩≀\∫ ≀\ A⌋≀⊓∫⊔⟩⌋∫⇔ S√⌉⌉⌋⟨ ⊣\⌈ S⟩}\⊣↕ P∇≀⌋⌉∫∫⟩\}⇔ ASSP↖∋▽⇐∋⇒¬△′′∘ △′∞⇔ M⊣∇⌋⟨↙ D↙ K⌉⇕↕⌉∇ N⌉↕∫≀\⇔ K↙ H⟩∇∫⟨↖P⊣∫⌉‖⇔ P↙ J⊓∫⌋‡†‖⇔ ⊣\⌈ K↙ C⊣∫∫⟩⌈†↙ ∞∃∀∃↙ H≀⊒ ⊔⟨⌉ √∇≀∫≀⌈⟩⌋ ⌋⊓⌉∫ ⟩\ ⇕≀⊔⟨⌉∇⌉∫⌉ ⇕⟩}⟨⊔ ⊣∫∫⟩∫⊔ ↕⊣\}⊓⊣}⌉ ↕⌉⊣∇\⟩\}↙ J≀⊓∇\⊣↕ ≀{ C⟨⟩↕⌈ L⊣\}⊓⊣}⌉⇔ ∞¬̸▽▽∘∀̸↙ D↙ K⌉⇕↕⌉∇ N⌉↕∫≀\↙ ∞∃∀∃↙ D⌉⊑⌉↕≀√⇕⌉\⊔⊣↕ ⊔∇⌉\⌈∫ ⟩\ ⟩\{⊣\⊔∫≃ ∫⌉\∫⟩⊔⟩⊑⟩⊔† ⊔≀ √∇≀∫≀⌈⟩⌋ ⌋⊓⌉∫ ⌋≀∇∇⌉↕⊣⊔⌉⌈ ⊒⟩⊔⟨ ↕⟩\}⊓⟩∫⊔⟩⌋ ⊓\⟩⊔∫↙ P∇⌉∫⌉\⊔⌉⌈ ⊣⊔ ⊔⟨⌉ ⌊⟩⌉\\⟩⊣↕ ⇕⌉⌉⊔⟩\} ≀{ ⊔⟨⌉ S≀⌋⟩⌉⊔† {≀∇ R⌉∫⌉⊣∇⌋⟨ ⟩\ C⟨⟩↕⌈ D⌉⊑⌉↕≀√⇕⌉\⊔⇔ K⊣\∫⊣∫ C⟩⊔†⇔ A√∇⟩↕↙ ⇕⊣\⊓∫⌋∇⟩√⊔↙ A↙ I↙ K⟨⟩\⌋⟨⟩\↙ ∞∃▽↙ M⊣⊔⟨⌉⇕⊣⊔⟩⌋⊣↕ F≀⊓\⌈⊣⊔⟩≀\∫ ≀{ I\{≀∇⇕⊣⊔⟩≀\ T⟨⌉≀∇†↙ N⌉⊒ Y≀∇‖¬ D≀⊑⌉∇ P⊓⌊↕⟩⌋⊣⊔⟩≀\∫↙ T∇⊣\∫↕⊣⊔⌉⌈ ⌊† R↙ A↙ S⟩↕⊑⌉∇⇕⊣\ ⊣\⌈ M↙ D↙ F∇⟩⌉⌈⇕⊣\↙ J≀⟨\ K⟩⇕⌊⊣↕↕↙ ∞∃∋↙ S⌉⊑⌉\ √∇⟩\⌋⟩√↕⌉∫ ≀{ ∫⊓∇{⊣⌋⌉ ∫⊔∇⊓⌋⊔⊓∇⌉ √⊣∇∫⟩\} ⟩\ \⊣⊔⊓∇⊣↕ ↕⊣\}⊓⊣}⌉↙ C≀}\⟩⊔⟩≀\⇔ ∈¬∞▽∘△↙ K⌉⊑⟩\ K\⟩}⟨⊔↙ ∞∃∃∋↙ B⊓⟩↕⌈⟩\} ⊣ ↕⊣∇}⌉ ≀\⊔≀↕≀}† {≀∇ ⇕⊣⌋⟨⟩\⌉ ⊔∇⊣\∫↕⊣⊔⟩≀\↙ I\ M⊣⌈⌉↕⌉⟩\⌉ B⊣⊔⌉∫⇔ ⌉⌈⟩⊔≀∇⇔ ARPA W≀∇‖∫⟨≀√ ≀\ H⊓⇕⊣\ L⊣\}⊓⊣}⌉ T⌉⌋⟨\≀↕≀}†⇔ M⊣∇⌋⟨↙ S↙ K⊓↕↕⌊⊣⌋‖ ⊣\⌈ R↙ A↙ L⌉⟩⌊↕⌉∇↙ ∞∃▽∞↙ O\ ⟩\{≀∇⇕⊣⊔⟩≀\ ⊣\⌈ ∫⊓{⊘⌋⟩⌉\⌋†↙ A\\⊣↕∫ ≀{ M⊣⊔⟨⌉⇕⊣⊔⟩⌋⊣↕ S⊔⊣⊔⟩∫⊔⟩⌋∫⇔ ∈∈¬∃∘∀↙̸

∞▽∈ S↙ K⊓∇≀⟨⊣∫⟨⟩ ⊣\⌈ M↙ N⊣}⊣≀↙ ∞∃∃∈↙ D†\⊣⇕⟩⌋ √∇≀}∇⊣⇕⇕⟩\} ⇕⌉⊔⟨≀⌈ {≀∇ ⊣\⊣↕†‡⟩\} ⌋≀\|⊓\⌋⊔⟩⊑⌉ ∫⊔∇⊓⌋⊔⊓∇⌉∫ ⟩\ J⊣√⊣\⌉∫⌉↙ I\ P∇≀⌋⌉⌉⌈⟩\}∫ ≀{ COLING↖∃∈⇔ N⊣\⊔⌉∫⇔ F∇⊣\⌋⌉⇔ A⊓}⊓∫⊔↙ B⊣∇⌊⊣∇⊣ L⊣\⌈⊣⊓ ⊣\⌈ L⟩↕⊣ G↕⌉⟩⊔⇕⊣\↙ ∞∃∀▽↙ L⊣\}⊓⊣}⌉ ⊣\⌈ E§√⌉∇⟩⌉\⌋⌉↙ H⊣∇⊑⊣∇⌈ U\⟩⊑⌉∇∫⟩⊔† P∇⌉∫∫⇔ C⊣⇕⌊∇⟩⌈}⌉⇔ MA↙ A\\⌉ L⌉⌈⌉∇⌉∇ ⊣\⌈ M⟩⌋⟨⊣⌉↕ K⌉↕↕†↙ ∞∃∃∞↙ P∇≀∫≀⌈⟩⌋ ⌋≀∇∇⌉↕⊣⊔⌉∫ ⊔≀ ⊔⟨⌉ ⊣⌈|⊓\⌋⊔∝⌋≀⇕√↕⌉⇕⌉\⊔ ⌈⟩∫⊔⟩\⌋⊔⟩≀\ ⟩\ ⇕≀⊔⟨⌉∇⌉∫⌉↙ P⊣√⌉∇∫ ⊣\⌈ R⌉√≀∇⊔∫ ⟩\ C⟨⟩↕⌈ L⊣\}⊓⊣}⌉ D⌉⊑⌉↕≀√⇕⌉\⊔⇔ ∋′↙ A\\⌉ L⌉⌈⌉∇⌉∇⇔ H⌉\∇† G↕⌉⟩⊔⇕⊣\⇔ ⊣\⌈ L⟩↕⊣ G↕⌉⟩⊔⇕⊣\↙ {≀∇⊔⟨⌋≀⇕⟩\}↙ T⟨⌉ ∫†\⊔⊣⌋⊔⟩⌋ ⌋≀\⊔⌉§⊔∫ ≀{ ⇕⊣⊔⌉∇\⊣↕ ⊑⌉∇⌊ ⊓∫⌉↙ ⇕∫↙ A\\⌉ L⌉⌈⌉∇⌉∇↙ ∞∃∃∋↙ T⟩⊔↕⌉⊥ P⟨↙D↙ ⊔⟨⌉∫⟩∫⇔ U\⟩⊑⌉∇∫⟩⊔† ≀{ P⌉\\∫†↕⊑⊣\⟩⊣↙ A⌈∇⟩⌉\\⌉ L⌉⟨∇⌉∇↙ ∞∃′↙ V⌉∇⌊∫ ⊣\⌈ ⌈⌉↕⌉⊔⊣⌊↕⌉ ≀⌊|⌉⌋⊔∫↙ L⟩\}⊓⊣⇔ ∈▽¬∈∈∘∈▽△↙ D↙ L⌉\⊣⊔⇔ M↙ P∇⊣‖⊣∫⟨⇔ ⊣\⌈ M↙ S⟨⌉√⟨⌉∇⌈↙ ∞∃∀↙̸ CYC¬ ⊓∫⟩\} ⌋≀⇕⇕≀\ ∫⌉\∫⌉ ‖\≀⊒↕⌉⌈}⌉ ⊔≀ ≀⊑⌉∇⌋≀⇕⌉ ⌊∇⟩⊔⊔↕⌉\⌉∫∫ ⊣\⌈ ‖\≀⊒↕⌉⌈}⌉ ⊣⌋∐⊓⟩∫⟩⊔⟩≀\ ⌊≀⊔⊔↕⌉\⌉⌋‖∫↙ AI M⊣}⊣‡⟩\⌉⇔ VI¬▽̸∘∀▽↙ B⌉⊔⟨ L⌉⊑⟩\↙ ∞∃∀∃↙ T≀⊒⊣∇⌈∫ ⊣ ↕⌉§⟩⌋⊣↕ ≀∇}⊣\⟩‡⊣⊔⟩≀\ ≀{ E\}↕⟩∫⟨ ⊑⌉∇⌊∫↙ T⌉⌋⟨\⟩⌋⊣↕ ∇⌉√≀∇⊔⇔ D⌉√⊔↙ ≀{ L⟩\}⊓⟩∫⊔⟩⌋∫⇔ N≀∇⊔⟨⊒⌉∫⊔⌉∇\ U\⟩⊑⌉∇∫⟩⊔†⇔ N≀⊑⌉⇕⌊⌉∇↙ J↙ L†≀\∫↙ ∞∃∞̸↙ A ∫⊔∇⊓⌋⊔⊓∇⊣↕ ⊔⟨⌉≀∇† ≀{ ∫⌉⇕⊣\⊔⟩⌋∫ ⊣\⌈ ⟩⊔∫ ⊣√√↕⟩⌋⊣⊔⟩≀\ ⊔≀ ↕⌉§⟩⌋⊣↕ ∫⊓⌊↖∫†∫⊔⌉⇕∫ ⟩\ ⊔⟨⌉ ⊑≀⌋⊣⌊⊓↕⊣∇† ≀{ P↕⊣⊔≀↙ P⟨↙D↙ ⊔⟨⌉∫⟩∫⇔ U\⟩⊑⌉∇∫⟩⊔† ≀{ C⊣⇕⌊∇⟩⌈}⌉⇔ E\}↕⊣\⌈↙ P⊓⌊↕⟩∫⟨⌉⌈ ⊣∫ S⊔∇⊓⌋⊔⊓∇⊣↕ S⌉⇕⊣\⊔⟩⌋∫⇔ N≀↙ ∈′ ≀{ ⊔⟨⌉ P⊓⌊↕⟩⌋⊣⊔⟩≀\∫ ≀{ ⊔⟨⌉ P⟨⟩↕≀↕≀}⟩⌋⊣↕ S≀⌋⟩⌉⊔†⇔ O§{≀∇⌈⇔ ∞∃∌↙ M⊣∇†⌉↕↕⌉\ M⊣⌋D≀\⊣↕⌈↙ ⟩\ √∇⌉∫∫↙ T⟨⌉ ⟩\⊔⌉∇⊣⌋⊔⟩≀\ ≀{ ↕⌉§⟩⌋⊣↕ ⊣\⌈ ∫†\⊔⊣⌋⊔⟩⌋ ⊣⇕⌊⟩}⊓⟩⊔†↙ J≀⊓∇\⊣↕ ≀{ M⌉⇕≀∇† ⊣\⌈ L⊣\}⊓⊣}⌉↙ M⊣∇†⌉↕↕⌉\ M⊣⌋D≀\⊣↕⌈↙ ⟩\ ∇⌉⊑⟩∫⟩≀\↙ P∇≀⌊⊣⌊⟩↕⟩∫⊔⟩⌋ ⌋≀\∫⊔∇⊣⟩\⊔∫ ⊣\⌈ ∫†\⊔⊣⌋⊔⟩⌋ ⊣⇕⌊⟩}⊓⟩⊔† ∇⌉∫≀↕⊓⊔⟩≀\↙ ⇕∫↙ B∇⟩⊣\ M⊣⌋W⟨⟩\\⌉† ⊣\⌈ C⊣⊔⟨⌉∇⟩\⌉ S\≀⊒↙ ∞∃∀▽↙ T⟨⌉ C⟨⟩↕⌈ L⊣\}⊓⊣}⌉ D⊣⊔⊣ E§⌋⟨⊣\}⌉ S†∫⊔⌉⇕↙ J≀⊓∇\⊣↕ ≀{ C⟨⟩↕⌈ L⊣\}⊓⊣}⌉⇔ ∞∈↙ B∇⟩⊣\ M⊣⌋W⟨⟩\\⌉†↙ ∞∃∃∞↙ T⟨⌉ CHILDES √∇≀|⌉⌋⊔ ¬ ⊔≀≀↕∫ {≀∇ ⊣\⊣↕†‡⟩\} ⊔⊣↕‖↙ E∇↕⌊⊣⊓⇕↙ D⊣⊑⟩⌈ M⊣}⌉∇⇕⊣\↙ ∞∃∃∋↙ P⊣∇∫⟩\} ⊣∫ ∫⊔⊣⊔⟩∫⊔⟩⌋⊣↕ √⊣⊔⊔⌉∇\ ∇⌉⌋≀}\⟩⊔⟩≀\↙ ⇕∫↙⇔ M⊣†↙ M⟩⊔⌋⟨⌉↕↕ P↙ M⊣∇⌋⊓∫⇔ B⌉⊣⊔∇⟩⌋⌉ S⊣\⊔≀∇⟩\⟩⇔ ⊣\⌈ M⊣∇† A\\ M⊣∇⌋⟩\‖⟩⌉⊒⟩⌋‡↙ ∞∃∃∋↙ B⊓⟩↕⌈⟩\} ⊣ ↕⊣∇}⌉ ⊣\\≀⊔⊣⊔⌉⌈ ⌋≀∇√⊓∫ ≀{ E\}↕⟩∫⟨¬ ⊔⟨⌉ P⌉\\ T∇⌉⌉⌊⊣\‖↙ C≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ L⟩\}⊓⟩∫⊔⟩⌋∫⇔ ∞∃¬∋∞∋∘∋∋′↙ M⟩⊔⌋⟨⌉↕↕ M⊣∇⌋⊓∫↙ ∞∃∀′↙ A T⟨⌉≀∇† ≀{ S†\⊔⊣⌋⊔⟩⌋ R⌉⌋≀}\⟩⊔⟩≀\ {≀∇ N⊣⊔⊓∇⊣↕ L⊣\}⊓⊣}⌉↙ MIT P∇⌉∫∫⇔ C⊣⇕⌊∇⟩⌈}⌉⇔ MA↙ G⊣⟩↕ M⊣⊓\⌉∇⇔ M⟩⌋⟨⊣⌉↕ T⊣\⌉\⟨⊣⊓∫⇔ ⊣\⌈ G∇⌉} C⊣∇↕∫≀\↙ ∞∃∃∈↙ G⌉⊔⊔⟩\} ∫≀⇕⌉⊔⟨⟩\} {≀∇ \≀⊔⟨⟩\}¬ ⟩⇕√↕⟩⌋⟩⊔ ⊣∇}⊓⇕⌉\⊔∫ ⟩\ ∫⌉\⊔⌉\⌋⌉ √∇≀⌋⌉∫∫⟩\}↙ ⇕∫↙ J⊣⇕⌉∫ M⌋C⊣⊒↕⌉†↙ ∞∃∀̸↙ T⟨⌉ ∇≀↕⌉ ≀{ ∫⌉⇕⊣\⊔⟩⌋∫ ⟩\ ⊣ }∇⊣⇕⇕⊣∇↙ I\ E⇕⇕≀\ B⊣⌋⟨ ⊣\⌈ R≀⌊⌉∇⊔ H⊣∇⇕∫⇔ ⌉⌈⟩⊔≀∇∫⇔ U\⟩⊑⌉∇∫⊣↕∫ ⟩\ L⟩\}⊓⟩∫⊔⟩⌋ T⟨⌉≀∇†⇔ √⊣}⌉∫ ∞∈△∘∞∄↙ H≀↕⊔⇔ R⟩\⌉⟨⊣∇⊔ ⊣\⌈ W⟩\∫⊔≀\↙ J⊣⇕⌉∫ D↙ M⌋C⊣⊒↕⌉†↙ ∞∃∞↙ I\⊔⌉∇√∇⌉⊔⊣⊔⟩⊑⌉ ∫⌉⇕⊣\⊔⟩⌋∫ ⇕⌉⌉⊔∫ F∇⊣\‖⌉\∫⊔⌉⟩\↙ F≀⊓\⌈⊣⊔⟩≀\∫ ≀{ L⊣\}⊓⊣}⌉⇔ ¬∈∀▽∘∈∃↙̸

∞▽∋ K⊣⊔⟨↕⌉⌉\ M⌋K⌉≀⊒\ ⊣\⌈ V⊣∫⟩↕⌉⟩≀∫ H⊣⊔‡⟩⊑⊣∫∫⟩↕≀}↕≀⊓↙ ∞∃∃∋↙ A⊓}⇕⌉\⊔⟩\} ↕⌉§⟩⌋≀\∫ ⊣⊓⊔≀⇕⊣⊔⟩⌋⊣↕↕†¬ C↕⊓∫⊔⌉∇⟩\} ∫⌉⇕⊣\⊔⟩⌋⊣↕↕† ∇⌉↕⊣⊔⌉⌈ ⊣⌈|⌉⌋⊔⟩⊑⌉∫↙ I\ M⊣⌈⌉↕⌉⟩\⌉ B⊣⊔⌉∫⇔ ⌉⌈⟩⊔≀∇⇔ ARPA W≀∇‖∫⟨≀√ ≀\ H⊓⇕⊣\ L⊣\}⊓⊣}⌉ T⌉⌋⟨\≀↕≀}†⇔ M⊣∇⌋⟨↙ K⌉\ M⌋R⊣⌉⇔ V⟩∇}⟩\⟩⊣ ⌈⌉ S⊣⇔ ⊣\⌈ M⊣∇‖ S↙ S⌉⟩⌈⌉\⌊⌉∇}↙ ∞∃∃∈↙ T⟨⌉ ∇≀↕⌉ ≀{ ⌋≀∇∇⌉↕⊣⊔⌉⌈ √∇≀√⌉∇⊔⟩⌉∫ ⟩\ ⊣⌋⌋⌉∫∫⟩\} ⌋≀\⌋⌉√⊔⊓⊣↕ ⇕⌉⇕≀∇†↙ S⊓⌊⇕⟩⊔⊔⌉⌈ ⊔≀ C≀}\⟩⊔⟩⊑⌉ P∫†⌋⟨≀↕≀}†↙ G⌉≀∇}⌉ A↙ M⟩↕↕⌉∇ ⊣\⌈ W⊣↕⊔⌉∇ G↙ C⟨⊣∇↕⌉∫↙ ∞∃∃∞↙ C≀\⊔⌉§⊔⊓⊣↕ ⌋≀∇∇⌉↕⊣⊔⌉∫ ≀{ ∫⌉⇕⊣\⊔⟩⌋ ∫⟩⇕⟩↕⊣∇⟩⊔†↙ L⊣\}⊓⊣}⌉ ⊣\⌈ C≀}\⟩⊔⟩⊑⌉ P∇≀⌋⌉∫∫⌉∫⇔ ⇍∞⇒¬∞∘∈∀↙ G⌉≀∇}⌉ M⟩↕↕⌉∇⇔ R⟩⌋⟨⊣∇⌈ B⌉⌋‖⊒⟩⊔⟨⇔ C⟨∇⟩∫⊔⟩⊣\⌉ F⌉↕↕⌊⊣⊓⇕⇔ D⌉∇⌉‖ G∇≀∫∫⇔ ⊣\⌈ K⊣⊔⟨⌉∇⟩\⌉ M⟩↕↕⌉∇↙ ∞∃∃′↙ F⟩⊑⌉ √⊣√⌉∇∫ ≀\ W≀∇⌈N⌉⊔↙ CSL R⌉√≀∇⊔ △∋⇔ C≀}\⟩⊔⟩⊑⌉ S⌋⟩⌉\⌋⌉ L⊣⌊≀∇⊣⊔≀∇†⇔ P∇⟩\⌋⌉⊔≀\ U\⟩⊑⌉∇∫⟩⊔†⇔ J⊓↕†↙ G⌉≀∇}⌉ A↙ M⟩↕↕⌉∇↙ ∞∃∞↙ E⇕√⟩∇⟩⌋⊣↕ ⇕⌉⊔⟨≀⌈∫ ⟩\ ⊔⟨⌉ ∫⊔⊓⌈† ≀{ ∫⌉⇕⊣\⊔⟩⌋∫↙ I\ D↙ S⊔⌉⟩\⌊⌉∇} ⊣\⌈ L↙ J⊣‖≀⌊≀⊑⟩⊔∫⇔ ⌉⌈⟩⊔≀∇∫⇔ S⌉⇕⊣\⊔⟩⌋∫⇔ ⊣\ ⟩\⊔⌉∇⌈⟩∫⌋⟩√↕⟩\⊣∇† ∇⌉⊣⌈⌉∇ ⟩\ √⟨⟩↕≀∫≀√⟨†⇔ ↕⟩\}⊓⟩∫⊔⟩⌋∫⇔ ⊣\⌈ √∫†⌋⟨≀↕≀}†⇔ √⊣}⌉∫ ▽∄∘ ▽∀▽↙ C⊣⇕⌊∇⟩⌈}⌉ U\⟩⊑⌉∇∫⟩⊔† P∇⌉∫∫↙ G⌉≀∇}⌉ M⟩↕↕⌉∇↙ ∞∃∃′⊣↙ N≀⊓\∫ ⟩\ W≀∇⌈N⌉⊔¬ A ↕⌉§⟩⌋⊣↕ ⟩\⟨⌉∇⟩⊔⊣\⌋⌉ ∫†∫⊔⌉⇕⇔ J⊓↕†↙ CSL R⌉√≀∇⊔ △∋⇔ P∇⟩\⌋⌉⊔≀\ U\⟩⊑⌉∇∫⟩⊔†↙ A↕∫≀ ⊣√√⌉⊣∇∫ ⟩\ I\⊔⌉∇\⊣⊔⟩≀\⊣↕ J≀⊓∇\⊣↕ ≀{ L⌉§⟩⌋≀}∇⊣√⟨†⇔ ∋⇐△⇒⇔ ∞∃∃′↙ G⌉≀∇}⌉ M⟩↕↕⌉∇↙ ∞∃∃′⌊↙ W≀∇⌈\⌉⊔¬ A\ ≀\↖↕⟩\⌉ ↕⌉§⟩⌋⊣↕ ⌈⊣⊔⊣⌊⊣∫⌉↙ I\⊔⌉∇\⊣⊔⟩≀\⊣↕ J≀⊓∇\⊣↕ ≀{ L⌉§⟩⌋≀}∇⊣√⟨†⇔ ∋⇐△⇒↙ ⇐S√⌉⌋⟩⊣↕ I∫∫⊓⌉⇒↙ R≀† C↙ M⟩↕⊔≀\↙ ∞∃△̸↙ A\ ⌉§⊔⌉\⌈⌉⌈ ⊔⊣⌊↕⌉ ≀{ ⌋∇⟩⊔⟩⌋⊣↕ ⊑⊣↕⊓⌉∫ {≀∇ ⊔⟨⌉ M⊣\\↖W⟨⟩⊔\⌉† ⇐W⟩↕⌋≀§≀\⇒ ⊔⊒≀↖∫⊣⇕√↕⌉ ∫⊔⊣⊔⟩∫⊔⟩⌋↙ J≀⊓∇\⊣↕ ≀{ ⊔⟨⌉ A⇕⌉∇⟩⌋⊣\ S⊔⊣⊔⟩∫⊔⟩⌋⊣↕ A∫∫≀⌋⟩⊣⊔⟩≀\⇔ ▽∃¬∃∈▽∘∃∋△↙ A↙ M⟩⊔⊔⊒≀⌋⟨↙ ∞∃∞↙ I⌈⟩≀⇕∫ ⊣\⌈ U\∫√⌉⌋⟩⊘⌉⌈ NP D⌉↕⌉⊔⟩≀\↙ L⟩\}⊓⟩∫⊔⟩⌋ I\∐⊓⟩∇†⇔ ∈¬∈▽▽∘∈▽∃↙ A↙ M⟩⊔⊔⊒≀⌋⟨↙ ∞∃∀∈↙ O\ ⊔⟨⌉ ⌈⟩{{⌉∇⌉\⌋⌉ ⌊⌉⊔⊒⌉⌉\ ⌉⊣⊔⟩\} ⊣\⌈ ⌉⊣⊔⟩\} ∫≀⇕⌉⊔⟨⟩\}¬ ⊣⌋⊔⟩⊑⟩⊔⟩⌉∫ ⊑⌉∇∫⊓∫ ⊣⌋⌋≀⇕√↕⟩∫⟨↖ ⇕⌉\⊔∫↙ L⟩\}⊓⟩∫⊔⟩⌋ I\∐⊓⟩∇†⇔ ∞∋⇐∞⇒¬∞∞∋∘∞∈∈↙ J↙ M≀∇∇⟩∫ ⊣\⌈ G↙ H⟩∇∫⊔↙ ∞∃∃∞↙ L⌉§⟩⌋⊣↕ ⌋≀⟨⌉∫⟩≀\ ⌋≀⇕√⊓⊔⌉⌈ ⌊† ⊔⟨⌉∫⊣⊓∇⊣↕ ∇⌉↕⊣⊔⟩≀\∫ ⊣∫ ⊣\ ⟩\⌈⟩⌋⊣⊔≀∇ ≀{ ⊔⟨⌉ ∫⊔∇⊓⌋⊔⊓∇⌉ ≀{ ⊔⌉§⊔↙ C≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ L⟩\}⊓⟩∫⊔⟩⌋∫⇔ ∞⇐∞⇒¬∈∞∘△∀↙ K↙ N⌉↕∫≀\↙ ∞∃∋↙ S⊔∇⊓⌋⊔⊓∇⌉ ⊣\⌈ ∫⊔∇⊣⊔⌉}† ⟩\ ↕⌉⊣∇\⟩\} ⊔≀ ⊔⊣↕‖↙ M≀\≀}∇⊣√⟨∫ ≀{ ⊔⟨⌉ S≀⌋⟩⌉⊔† {≀∇ R⌉∫⌉⊣∇⌋⟨ ⟩\ C⟨⟩↕⌈ D⌉⊑⌉↕≀√⇕⌉\⊔⇔ ∋∀⇐∞↖∈⇒↙ S⌉∇⟩⊣↕ \≀↙ ∞△∃↙ S⌉∇}⌉⟩ N⟩∇⌉\⌊⊓∇} ⊣\⌈ V⟩⌋⊔≀∇ R⊣∫‖⟩\↙ ∞∃∀↙ T⟨⌉ ∫⊓⌊⊒≀∇↕⌈ ⌋≀\⌋⌉√⊔ ↕⌉§⟩⌋≀\ ⊣\⌈ ⊔⟨⌉ ↕⌉§⟩⌋≀\ ⇕⊣\⊣}⌉⇕⌉\⊔ ∫†∫⊔⌉⇕↙ C≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ L⟩\}⊓⟩∫⊔⟩⌋∫⇔ ∞∋⇐∋↖△⇒¬∈∘̸∈∀∃↙ D↙ N↙ O∫⟨⌉∇∫≀\ ⊣\⌈ E↙ E↙ S⇕⟩⊔⟨↙ ∞∃∀∞↙ O\ ⊔⟨⌉ ⊣⌈⌉∐⊓⊣⌋† ≀{ √∇≀⊔≀⊔†√⌉ ⊔⟨⌉≀∇† ⊣∫ ⊣ ⊔⟨⌉≀∇† ≀{ ⌋≀\⌋⌉√⊔∫↙ C≀}\⟩⊔⟩≀\⇔ ∃¬∋▽∘▽∀↙ P⊣⊔∇⟩⌋‖ P⊣∇≀⊓⌊⌉‖⇔ Y⊑⌉∫ S⌋⟨⊣⌊⌉∫⇔ ⊣\⌈ A∇⊣⊑⟩\⌈ K↙ J≀∫⟨⟩↙ ∞∃∃∈↙ XTAG ∘ ⊣ }∇⊣√⟨⟩⌋⊣↕ ⊒≀∇‖⌊⌉\⌋⟨ {≀∇ ⌈⌉⊑⌉↕≀√⟩\} ⊔∇⌉⌉↖⊣⌈|≀⟩\⟩\} }∇⊣⇕⇕⊣∇∫↙ I\ T⟨⟩∇⌈ C≀\{⌉∇⌉\⌋⌉ ≀\ A√√↕⟩⌉⌈ N⊣⊔⊓∇⊣↕ L⊣\}⊓⊣}⌉ P∇≀⌋⌉∫∫⟩\}⇔ T∇⌉\⊔≀⇔ I⊔⊣↕†↙ N⌉⟩↕ P⌉⊣∇↕⇕⊓⊔⊔⌉∇ ⊣\⌈ M⊣∇†⌉↕↕⌉\ M⊣⌋D≀\⊣↕⌈↙ ∞∃∃∋↙ P↕⊣⊓∫⟩⌊⟩↕⟩⊔† ⊣\⌈ ∫†\⊔⊣⌋⊔⟩⌋ ⊣⇕⌊⟩}⊓⟩⊔† ∇⌉∫≀↕⊓⊔⟩≀\↙ I\ P∇≀⌋⌉⌉⌈⟩\}∫ ≀{ ⊔⟨⌉ ∞△⊔⟨ A\\⊓⊣↕ C≀\{⌉∇⌉\⌋⌉ ≀{ ⊔⟨⌉ C≀}\⟩⊔⟩⊑⌉ S⌋⟩⌉\⌋⌉ S≀⌋⟩⌉⊔†⇔ √⊣}⌉∫ △∃∀∘▽′∋⇔ H⟩↕↕∫⌈⊣↕⌉⇔ NJ↙ E∇↕⌊⊣⊓⇕↙

∞▽△ F⌉∇\⊣\⌈≀ P⌉∇⌉⟩∇⊣⇔ N⊣{⊔⊣↕⟩ T⟩∫⟨⌊†⇔ ⊣\⌈ L⟩↕↕⟩⊣\ L⌉⌉↙ ∞∃∃∋↙ D⟩∫⊔∇⟩⌊⊓⊔⟩≀\⊣↕ ⌋↕⊓∫⊔⌉∇⟩\} ≀{ E\}↕⟩∫⟨ ⊒≀∇⌈∫↙ I\ P∇≀⌋⌉⌉⌈⟩\}∫ ≀{ ACL↖∃∋⇔ J⊓\⌉↙ D⊣⊑⟩⌈ P⌉∫⌉⊔∫‖†↙ ∞∃∀∈↙ P⊣⊔⟨∫ ⊣\⌈ C⊣⊔⌉}≀∇⟩⌉∫↙ P⟨↙D↙ ⊔⟨⌉∫⟩∫⇔ M⊣∫∫⊣⌋⟨⊓∫⌉⊔⊔∫ I\∫⊔⟩⊔⊓⊔⌉ ≀{ T⌉⌋⟨\≀↕≀}†↙ S⊔⌉⊑⌉\ P⟩\‖⌉∇↙ ∞∃∀∃↙ L⌉⊣∇\⊣⌊⟩↕⟩⊔† ⊣\⌈ C≀}\⟩⊔⟩≀\↙ MIT P∇⌉∫∫⇔ C⊣⇕⌊∇⟩⌈}⌉⇔ MA↙ W↙H↙ P∇⌉∫∫⇔ B↙P↙ F↕⊣\\⌉∇†⇔ S↙A↙ T⌉⊓‖≀↕∫‖†⇔ ⊣\⌈ W↙T↙ V⌉⊔⊔⌉∇↕⟩\}↙ ∞∃∀∀↙ N⊓⇕⌉∇⟩⌋⊣↕ R⌉⌋⟩√⌉∫ ⟩\ C↙ C⊣⇕⌊∇⟩⌈}⌉ U\⟩⊑⌉∇∫⟩⊔† P∇⌉∫∫↙ J⊣⇕⌉∫ P⊓∫⊔⌉|≀⊑∫‖†↙ ∞∃∃∞↙ T⟨⌉ }⌉\⌉∇⊣⊔⟩⊑⌉ ↕⌉§⟩⌋≀\↙ C≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ L⟩\}⊓⟩∫⊔⟩⌋∫⇔ ∞⇐△⇒↙ J↙ R↙ Q⊓⟩\↕⊣\↙ ∞∃∃′↙ I\⌈⊓⌋⊔⟩≀\ ≀{ ⌈⌉⌋⟩∫⟩≀\ ⊔∇⌉⌉∫↙ I\ J⊓⌈⌉ W↙ S⟨⊣⊑↕⟩‖ ⊣\⌈ T⟨≀⇕⊣∫ G↙ D⟩⌉⊔⊔⌉∇⟩⌋⟨⇔ ⌉⌈⟩⊔≀∇∫⇔ R⌉⊣⌈⟩\}∫ ⟩\ M⊣⌋⟨⟩\⌉ L⌉⊣∇\⟩\}↙ M≀∇}⊣\ K⊣⊓{⇕⊣\\↙ O∇⟩}⟩\⊣↕↕† √⊓⌊↕⟩∫⟨⌉⌈ ⟩\ M⊣⌋⟨⟩\⌉ L⌉⊣∇\⟩\} ∞¬∀∞∘ ∞′⇎ ∞∃∀↙̸ P⟨⟩↕⟩√ R⌉∫\⟩‖ ⊣\⌈ M⊣∇⊔⟩ H⌉⊣∇∫⊔↙ ∞∃∃∋↙ S†\⊔⊣⌋⊔⟩⌋ ⊣⇕⌊⟩}⊓⟩⊔† ⊣\⌈ ⌋≀\⌋⌉√⊔⊓⊣↕ ∇⌉↕⊣⊔⟩≀\∫↙ I\ K⌉\\⌉⊔⟨ C⟨⊓∇⌋⟨⇔ ⌉⌈⟩⊔≀∇⇔ P∇≀⌋⌉⌉⌈⟩\}∫ ≀{ ⊔⟨⌉ ACL W≀∇‖∫⟨≀√ ≀\ V⌉∇† L⊣∇}⌉ C≀∇√≀∇⊣⇔ √⊣}⌉∫ ▽∀∘△̸⇔ J⊓\⌉↙ P⟨⟩↕⟩√ R⌉∫\⟩‖↙ ∞∃∃∞↙ A\ ⟩\⊑⌉∫⊔⟩}⊣⊔⟩≀\ ≀{ ↕⌉§⟩⌋⊣↕ ⌋↕⊣∫∫ ⊣⌋∐⊓⟩∫⟩⊔⟩≀\ ⊓∫⟩\} ⊣ ∇⌉⌋⊓∇∇⌉\⊔ \⌉⊓∇⊣↕ \⌉⊔⊒≀∇‖↙ ⇕∫↙⇔ D⌉⌋⌉⇕⌊⌉∇↙ P⟨⟩↕⟩√ R⌉∫\⟩‖↙ ∞∃∃∈⊣↙ A ⌋↕⊣∫∫↖⌊⊣∫⌉⌈ ⊣√√∇≀⊣⌋⟨ ⊔≀ ↕⌉§⟩⌋⊣↕ ⌈⟩∫⌋≀⊑⌉∇†↙ I\ P∇≀⌋⌉⌉⌈⟩\}∫ ≀{ ⊔⟨⌉ ∋′⊔⟨ A\\⊓⊣↕ M⌉⌉⊔⟩\} ≀{ ⊔⟨⌉ A∫∫≀⌋⟩⊣⊔⟩≀\ {≀∇ C≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ L⟩\}⊓⟩∫⊔⟩⌋∫⇔ N⌉⊒⊣∇‖⇔ D⌉↕⊣⊒⊣∇⌉⇔ J⊓\⌉↙ ⇐S⊔⊓⌈⌉\⊔ ∫⌉∫∫⟩≀\⇒↙ P⟨⟩↕⟩√ R⌉∫\⟩‖↙ ∞∃∃∈⌊↙ P∇≀⌊⊣⌊⟩↕⟩∫⊔⟩⌋ ⊔∇⌉⌉↖⊣⌈|≀⟩\⟩\} }∇⊣⇕⇕⊣∇ ⊣∫ ⊣ {∇⊣⇕⌉⊒≀∇‖ {≀∇ ∫⊔⊣⊔⟩∫⊔⟩⌋⊣↕ \⊣⊔⊓∇⊣↕ ↕⊣\}⊓⊣}⌉ √∇≀⌋⌉∫∫⟩\}↙ I\ P∇≀⌋⌉⌉⌈⟩\}∫ ≀{ ⊔⟨⌉ F≀⊓∇⊔⌉⌉\⊔⟨ I\⊔⌉∇\⊣⊔⟩≀\⊣↕ C≀\{⌉∇⌉\⌋⌉ ≀\ C≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ L⟩\}⊓⟩∫⊔⟩⌋∫ ⇐COLING ≃∃∈⇒⇔ N⊣\⊔⌉∫⇔ F∇⊣\⌋⌉⇔ J⊓↕†↙ P⟨⟩↕⟩√ R⌉∫\⟩‖↙ ∞∃∃∈⌋↙ W≀∇⌈N⌉⊔ ⊣\⌈ ⌈⟩∫⊔∇⟩⌊⊓⊔⟩≀\⊣↕ ⊣\⊣↕†∫⟩∫¬ A ⌋↕⊣∫∫↖⌊⊣∫⌉⌈ ⊣√√∇≀⊣⌋⟨ ⊔≀ ↕⌉§⟩⌋⊣↕ ⌈⟩∫⌋≀⊑⌉∇†↙ I\ AAAI W≀∇‖∫⟨≀√ ≀\ S⊔⊣⊔⟩∫⊔⟩⌋⊣↕↕†↖⌊⊣∫⌉⌈ NLP T⌉⌋⟨\⟩∐⊓⌉∫⇔ S⊣\ J≀∫⌉⇔ C⊣↕⟩{≀∇\⟩⊣⇔ J⊓↕†↙ P⟨⟩↕⟩√ R⌉∫\⟩‖↙ ∞∃∃∋↙ S⌉⇕⊣\⊔⟩⌋ ⌋↕⊣∫∫⌉∫ ⊣\⌈ ∫†\⊔⊣⌋⊔⟩⌋ ⊣⇕⌊⟩}⊓⟩⊔†↙ ARPA W≀∇‖∫⟨≀√ ≀\ H⊓⇕⊣\ L⊣\}⊓⊣}⌉ T⌉⌋⟨\≀↕≀}†⇔ M⊣∇⌋⟨↙ P∇⟩\⌋⌉⊔≀\↙ S⊣↕↕† R⟩⌋⌉↙ ∞∃∀∀↙ U\↕⟩‖⌉↕† ↕⌉§⟩⌋⊣↕ ⌉\⊔∇⟩⌉∫↙ I\ P∇≀⌋⌉⌉⌈⟩\}∫ ≀{ ⊔⟨⌉ B⌉∇‖⌉↕⌉† L⟩\}⊓⟩∫⊔⟩⌋∫ S≀⌋⟩⌉⊔†⇔ √⊣}⌉∫ ∈′∈∘∈∞∈↙ M⊣⊔⊔⟨⌉⊒ R⟩∫√≀↕⟩↙ ∞∃∃∈↙ D⟩∫⌋≀⊓∇∫⌉ ⊣\⌈ ⊔⟨⌉ ⊣⌋∐⊓⟩∫⟩⊔⟩≀\ ≀{ ⌉⊣⊔↙ J≀⊓∇\⊣↕ ≀{ C⟨⟩↕⌈ L⊣\}⊓⊣}⌉↙ L⊓⟩}⟩ R⟩‡‡⟩↙ ∞∃∀↙̸ N⊓↕↕ ≀⌊|⌉⌋⊔∫ ⟩\ I⊔⊣↕⟩⊣\ ⊣\⌈ ⊔⟨⌉ ⊔⟨⌉≀∇† ≀{ √∇≀↙ L⟩\}⊓⟩∫⊔⟩⌋ I\∐⊓⟩∇†⇔ ∞⇐∋⇒¬▽′∞∘▽▽⇔ S⊓⇕⇕⌉∇↙ T⟨≀⇕⊣∫ R≀⌉√⌉∇↙ ∞∃∀↙ I⇕√↕⟩⌋⟩⊔ ⊣∇}⊓⇕⌉\⊔∫ ⊣\⌈ ⊔⟨⌉ ⟨⌉⊣⌈ ⌋≀⇕√↕⌉⇕⌉\⊔ ∇⌉↕⊣⊔⟩≀\↙ L⟩\}⊓⟩∫⊔⟩⌋ I\∐⊓⟩∇†↙ E↕⌉⊣\≀∇ R≀∫⌋⟨⇔ C⊣∇≀↕†\ M⌉∇⊑⟩∫⇔ W⊣†\⌉ G∇⊣†⇔ D⊣⊑⟩⌈ J≀⟨\∫≀\⇔ ⊣\⌈ P⌉\\† B≀†⌉∫↖B∇⊣⌉⇕↙ ∞∃↙̸ B⊣∫⟩⌋ ≀⌊|⌉⌋⊔∫ ⟩\ \⊣⊔⊓∇⊣↕ ⌋⊣⊔⌉}≀∇⟩⌉∫↙ C≀}\⟩⊔⟩⊑⌉ P∫†⌋⟨≀↕≀}†⇔ ∀¬∋∀∈∘△∋∃↙ R≀}⌉∇ S⌋⟨⊣\‖↙ ∞∃∀↙̸ L⊣\}⊓⊣}⌉ ⊣\⌈ ⇕⌉⇕≀∇†↙ I\ B↙ G∇≀∫‡⇔ K↙ S√⊣∇⌋‖ J≀\⌉∫⇔ ⊣\⌈ B↙ W⌉⌊⌊⌉∇⇔ ⌉⌈⟩⊔≀∇∫⇔ R⌉⊣⌈⟩\}∫ ⟩\ N⊣⊔⊓∇⊣↕ L⊣\}⊓⊣}⌉ P∇≀⌋⌉∫∫⟩\}⇔ √⊣}⌉∫ ∞∞∘∞∃∈↙ M≀∇}⊣\ K⊣⊓{⇕⊣\\↙ O∇⟩}⟩\⊣↕↕† ⊣√√⌉⊣∇⌉⌈ ⟩\ C≀}\⟩⊔⟩⊑⌉ S⌋⟩⌉\⌋⌉ △⇐∋⇒⇔ √√↙ ∈△∋∘∈∀△⇔ ∞∃∀′↙ H⟩\∇⟩⌋⟨ S⌋⟨�⊓⊔‡⌉↙ ∞∃∃∋↙ P⊣∇⊔↖≀{↖∫√⌉⌉⌋⟨ ⟩\⌈⊓⌋⊔⟩≀\ {∇≀⇕ ∫⌋∇⊣⊔⌋⟨↙ I\ ACL↖∃∋↙

∞▽▽ H⟩\∇⟩⌋⟨ S⌋⟨�⊓⊔‡⌉↙ ⇐⊔≀ ⊣√√⌉⊣∇⇒↙ W≀∇⌈ ∫√⊣⌋⌉↙ I\ S↙ J↙ H⊣\∫≀\⇔ J↙ D↙ C≀⊒⊣\⇔ ⊣\⌈ C↙ L↙ G⟩↕⌉∫⇔ ⌉⌈⟩⊔≀∇∫⇔ A⌈⊑⊣\⌋⌉∫ ⟩\ N⌉⊓∇⊣↕ I\{≀∇⇕⊣⊔⟩≀\ P∇≀⌋⌉∫∫⟩\} S†∫⊔⌉⇕∫ ▽⇔ S⊣\ M⊣⊔⌉≀ CA↙ M≀∇}⊣\ K⊣⊓{⇕⊣\\↙ R↙ W↙ S⌋⟨⊑⊣\⌉⊑⌉↕⌈⊔⇔ F↙ T↙ D⊓∇∫≀⇔ ⊣\⌈ D↙ W↙ D⌉⊣∇⟨≀↕⊔↙ ∞∃∀∃↙ N⌉⊔⊒≀∇‖ ∫⊔∇⊓⌋⊔⊓∇⌉∫ ⟩\ √∇≀§⟩⇕⟩⊔† ⌈⊣⊔⊣↙ I\ G↙ B≀⊒⌉∇⇔ ⌉⌈⟩⊔≀∇⇔ T⟨⌉ √∫†⌋⟨≀↕≀}† ≀{ ↕⌉⊣∇\⟩\} ⊣\⌈ ⇕≀⊔⟩⊑⊣⊔⟩≀\¬ ⊣⌈⊑⊣\⌋⌉∫ ⟩\ ∇⌉∫⌉⊣∇⌋⟨ ⊣\⌈ ⊔⟨⌉≀∇†⇔ ⊑≀↕⊓⇕⌉ ∈△⇔ √⊣}⌉∫ ∈△∃∘∈∀△↙ A⌋⊣⌈⌉⇕⟩⌋ P∇⌉∫∫⇔ N⌉⊒ Y≀∇‖↙ S⊣⊔≀∫⟨⟩ S⌉‖⟩\⌉⇔ S≀⊘⊣ A\⊣\⟩⊣⌈≀⊓⇔ J⌉∇⌉⇕† C⊣∇∇≀↕↕⇔ ⊣\⌈ J⊓\≃⟩⌋⟨⟩ T∫⊓|⟩⟩↙ ∞∃∃∈↙ L⟩\}⊓⟩∫⊔⟩⌋ ‖\≀⊒↕⌉⌈}⌉ }⌉\⌉∇⊣⊔≀∇↙ I\ P∇≀⌋⌉⌉⌈⟩\}∫ ≀{ COLING↖∃∈⇔ √⊣}⌉∫ ▽′̸∘▽̸⇔ N⊣\⊔⌉∫⇔ F∇⊣\⌋⌉⇔ A⊓}⊓∫⊔↙ C↕⊣⊓⌈⌉ E↙ S⟨⊣\\≀\ ⊣\⌈ W⊣∇∇⌉\ W⌉⊣⊑⌉∇↙ ∞∃△∃↙ T⟨⌉ M⊣⊔⟨⌉⇕⊣⊔⟩⌋⊣↕ T⟨⌉≀∇† ≀{ C≀⇕⇕⊓\⟩⌋⊣⊔⟩≀\↙ U\⟩⊑⌉∇∫⟩⊔† ≀{ I↕↕⟩\≀⟩∫ P∇⌉∫∫↙ J≀⟨\ S⟩\⌋↕⊣⟩∇ ⇐⌉⌈↙⇒↙ ∞∃∀↙ C≀↕↕⟩\∫ COBUILD E\}↕⟩∫⟨ L⊣\}⊓⊣}⌉ D⟩⌋⊔⟩≀\⊣∇†↙ C≀↕↕⟩\∫¬ L≀\⌈≀\↙ J⌉{{∇⌉† M⊣∇‖ S⟩∫‖⟩\⌈↙ ∞∃∃∈↙ N⊣⟩⊑⌉ P⟨†∫⟩⌋∫⇔ E⊑⌉\⊔ P⌉∇⌋⌉√⊔⟩≀\⇔ L⌉§⟩⌋⊣↕ S⌉⇕⊣\⊔⟩⌋∫⇔ ⊣\⌈ L⊣\}⊓⊣}⌉ A⌋∐⊓⟩∫⟩⊔⟩≀\↙ P⟨↙D↙ ⊔⟨⌉∫⟩∫⇔ MIT↙ J⌉{{∇⌉† M⊣∇‖ S⟩∫‖⟩\⌈↙ ∞∃∃∋⊣↙ L⌉§⟩⌋⊣↕ ⊣⌋∐⊓⟩∫⟩⊔⟩≀\ ⊣∫ ⌋≀\∫⊔∇⊣⟩\⊔ ∫⊣⊔⟩∫{⊣⌋⊔⟩≀\↙ ⇕∫↙ J⌉{{∇⌉† M⊣∇‖ S⟩∫‖⟩\⌈↙ ∞∃∃∋⌊↙ S≀↕⊑⟩\} ⊣ ↕⌉§⟩⌋⊣↕ ⊣⌋∐⊓⟩∫⟩⊔⟩≀\ ⊔⊣∫‖ ⊑⟩⊣ ⊣\ ⌉\⌋≀⌈⟩\} ⊣∫ ⊣ √∇≀√≀∫⟩⊔⟩≀\⊣↕ ∫⊣⊔⟩∫⊘⊣↖ ⌊⟩↕⟩⊔† √∇≀⌊↕⌉⇕↙ P≀∫⊔⌉∇ ⊣⊔ ⊔⟨⌉ ⊔̸⟨ A\\⊓⊣↕ CUNY S⌉\⊔⌉\⌋⌉ P∇≀⌋⌉∫∫⟩\} C≀\{⌉∇⌉\⌋⌉⇔ M⊣∇⌋⟨↙ F∇⊣\‖ S⇕⊣⌈|⊣↙ ∞∃∃∞↙ M⊣⌋∇≀⌋≀⌈⟩\} ⊔⟨⌉ ↕⌉§⟩⌋≀\ ⊒⟩⊔⟨ ⌋≀↖≀⌋⌋⊓∇∇⌉\⌋⌉ ‖\≀⊒↕⌉⌈}⌉↙ I\ U∇⟩ Z⌉∇\⟩‖⇔ ⌉⌈⟩⊔≀∇⇔ L⌉§⟩⌋⊣↕ A⌋∐⊓⟩∫⟩⊔⟩≀\¬ E§√↕≀⟩⊔⟩\} O\↖L⟩\⌉ R⌉∫≀⊓∇⌋⌉∫ ⊔≀ B⊓⟩↕⌈ ⊣ L⌉§⟩⌋≀\↙ L⊣⊒∇⌉\⌋⌉ E∇↕⌊⊣⊓⇕ A∫∫≀⌋⟩⊣⊔⌉∫↙ E↙ E↙ S⇕⟩⊔⟨ ⊣\⌈ D↙ L↙ M⌉⌈⟩\↙ ∞∃∀∞↙ C⊣⊔⌉}≀∇⟩⌉∫ ⊣\⌈ C≀\⌋⌉√⊔∫↙ H⊣∇⊑⊣∇⌈ U\⟩⊑⌉∇∫⟩⊔† P∇⌉∫∫↙ E⌈⊒⊣∇⌈ S⇕⟩⊔⟨ ⊣\⌈ D⊣\⟩⌉↕ O∫⟨⌉∇∫≀\↙ ∞∃∀∀↙ C≀⇕√≀∫⟩⊔⟩≀\⊣↕⟩⊔† ⊣\⌈ ⊔†√⟩⌋⊣↕⟩⊔†↙ I\ S↙ S⌋⟨⟩{{⌉∇ ⊣\⌈ S↙ S⊔⌉⌉↕⌉⇔ ⌉⌈⟩⊔≀∇∫⇔ C≀}\⟩⊔⟩≀\ ⊣\⌈ R⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\⇔ ⌋⟨⊣√⊔⌉∇ ∋⇔ √⊣}⌉∫ ∋∘▽∈↙ B≀⊓↕⌈⌉∇⇔ C≀↕≀∇⊣⌈≀¬ W⌉∫⊔⊑⟩⌉⊒ P∇⌉∫∫↙ P⊣⊓↕ S⇕≀↕⌉\∫‖†⇔ G⌉∇⊣↕⌈⟩\⌉ L⌉}⌉\⌈∇⌉⇔ ⊣\⌈ Y≀∫⟨⟩∇≀ M⟩†⊣⊔⊣↙ ∞∃∃∈↙ P∇⟩\⌋⟩√↕⌉∫ {≀∇ ⊣\ ⟩\⊔⌉}∇⊣⊔⌉⌈ ⌋≀\\⌉⌋⊔⟩≀\↖ ⟩∫⊔∝∫†⇕⌊≀↕⟩⌋ ⊔⟨⌉≀∇† ≀{ ⟨⟩}⟨⌉∇ ⌋≀}\⟩⊔⟩≀\↙ R⌉√≀∇⊔ CU↖CS↖′̸′↖∃∈⇔ C≀⇕√⊓⊔⌉∇ S⌋⟩⌉\⌋⌉ D⌉√⊔↙⇔ U\⟩⊑↙ ≀{ C≀↕≀∇⊣⌈≀ ⊣⊔ B≀⊓↕⌈⌉∇⇔ J⊓↕†↙ P⊣⊓↕ S⇕≀↕⌉\∫‖†↙ ∞∃∀∀↙ O\ ⊔⟨⌉ √∇≀√⌉∇ ⊔∇⌉⊣⊔⇕⌉\⊔ ≀{ ⌋≀\\⌉⌋⊔⟩≀\⟩∫⇕↙ B⌉⟨⊣⊑⟩≀∇⊣↕ ⊣\⌈ B∇⊣⟩\ S⌋⟩⌉\⌋⌉∫⇔ ∞∞¬∞∘△↙ P⊣⌈⟨∇⊣⟩⌋ S⇕†⊔⟨ ⊣\⌈ R≀⌈\⌉† G≀≀⌈⇕⊣\↙ ∞∃∃∈↙ A\ ⟩\{≀∇⇕⊣⊔⟩≀\ ⊔⟨⌉≀∇⌉⊔⟩⌋ ⊣√√∇≀⊣⌋⟨ ⊔≀ ∇⊓↕⌉ ⟩\⌈⊓⌋⊔⟩≀\ {∇≀⇕ ⌈⊣⊔⊣⌊⊣∫⌉∫↙ IEEE T∇⊣\∫⊣⌋⊔⟩≀\∫ ≀\ K\≀⊒↕⌉⌈}⌉ ⊣\⌈ D⊣⊔⊣ E\}⟩\⌉⌉∇⟩\}⇔ △⇐△⇒¬∋′∞∘∋∞⇎ A⊓}⊓∫⊔↙ J⌉{{∇⌉† L↙ S≀‖≀↕≀⊑ ⊣\⌈ C⊣⊔⟨⌉∇⟩\⌉ E↙ S\≀⊒⇔ ⌉⌈⟩⊔≀∇∫↙ ⇐⊔≀ ⊣√√⌉⊣∇⇒↙ H⊣\⌈⌊≀≀‖ ≀{ R⌉∫⌉⊣∇⌋⟨ ⟩\ L⊣\}⊓⊣}⌉ D⌉⊑⌉↕≀√⇕⌉\⊔ ⊓∫⟩\} CHILDES↙ E∇↕⌊⊣⊓⇕ A∫∫≀⌋⟩⊣⊔⌉∫↙ K⊣∇⌉\ S√⊣∇⌋‖ J≀\⌉∫↙ ∞∃△̸↙ S†\≀\†⇕† ⊣\⌈ S⌉⇕⊣\⊔⟩⌋ C↕⊣∫∫⟩⊘⌋⊣⊔⟩≀\↙ P⟨↙D↙ ⊔⟨⌉∫⟩∫⇔ U\⟩⊑⌉∇∫⟩⊔† ≀{ C⊣⇕⌊∇⟩⌈}⌉⇔ E\}↕⊣\⌈↙ P⊓⌊↕⟩∫⟨⌉⌈ ⟩\ ⊔⟨⌉ E⌈⟩\⌊⊓∇}⟨ I\{≀∇⇕⊣⊔⟩≀\ T⌉⌋⟨\≀↕≀}† S⌉∇⟩⌉∫ ⇐EDITS⇒⇔ S⟩⌈\⌉† M⟩⌋⟨⊣⌉↕∫≀\ ⊣\⌈ Y≀∇⟩⌋‖ W⟩↕‖∫ ⇐⌉⌈∫↙⇒⇔ E⌈⟩\⌊⊓∇}⟨ U\⟩⊑⌉∇∫⟩⊔† P∇⌉∫∫¬ E⌈⟩\⌊⊓∇}⟨⇔ S⌋≀⊔↕⊣\⌈⇔ ∞∃∀↙̸ P⊣⊔∇⟩‡⟩⊣ T⊣⌊≀∫∫⟩⇔ M⟩⌋⟨⊣⌉↕ S√⟩⊑⌉†↖K\≀⊒↕⊔≀\⇔ K⌉\ M⌋R⊣⌉⇔ ⊣\⌈ M⟩⌋⟨⊣⌉↕ T⊣\⌉\⟨⊣⊓∫↙ ⇐⟩\ √∇⌉∫∫⇒↙ S⌉⇕⊣\⊔⟩⌋ ⌉{{⌉⌋⊔∫ ≀\ ∫†\⊔⊣⌋⊔⟩⌋ ⊣⇕⌊⟩}⊓⟩⊔† ∇⌉∫≀↕⊓⊔⟩≀\¬ ⌉⊑⟩⌈⌉\⌋⌉ {≀∇ ⊣ ⌋≀\∫⊔∇⊣⟩\⊔↖⌊⊣∫⌉⌈ ∇⌉∫≀↕⊓⊔⟩≀\ √∇≀⌋⌉∫∫↙ A⊔⊔⌉\⊔⟩≀\ ⊣\⌈ P⌉∇{≀∇⇕⊣\⌋⌉⇔ XV↙

∞▽ M⟩⌋⟨⊣⌉↕ T⊣\⌉\⟨⊣⊓∫⇔ S⊓∫⊣\ G⊣∇\∫⌉†⇔ ⊣\⌈ J⊓↕⟩⌉ B≀↕⊣\⌈↙ ∞∃∃∞↙ C≀⇕⌊⟩\⊣⊔≀∇† ↕⌉§⟩⌋⊣↕ ⟩\{≀∇⇕⊣⊔⟩≀\ ⊣\⌈ ↕⊣\}⊓⊣}⌉ ⌋≀⇕√∇⌉⟨⌉\∫⟩≀\↙ I\ G↙ A↕⊔⇕⊣\\⇔ ⌉⌈⟩⊔≀∇⇔ C≀}\⟩⊔⟩⊑⌉ M≀⌈⌉↕∫ ≀{ S√⌉⌉⌋⟨ P∇≀⌋⌉∫∫⟩\}¬ P∫†⌋⟨≀↕⟩\}⊓⟩∫⊔⟩⌋ ⊣\⌈ C≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ P⌉∇∫√⌉⌋⊔⟩⊑⌉∫⇔ √⊣}⌉∫ ∋∀∋∘△′∀↙ MIT P∇⌉∫∫↙ A↙ M↙ T∇⌉⟩∫⇕⊣\↙ ∞∃▽̸↙ V⌉∇⌊⊣↕ ∇⌉∫√≀\∫⌉∫ ⊣\⌈ ⌋≀\⊔⌉§⊔⊓⊣↕ ⌋≀\∫⊔∇⊣⟩\⊔∫ ⟩\ ↕⊣\}⊓⊣}⌉↙ J≀⊓∇\⊣↕ ≀{ V⌉∇⌊⊣↕ L⌉⊣∇\⟩\} ⊣\⌈ V⌉∇⌊⊣↕ B⌉⟨⊣⊑⟩≀∇⇔ △¬∞∞∀∘∞∈∀↙ R⌉√∇⟩\⊔⌉⌈ ⟩\ O↕⌈⊘⌉↕⌈⇔ R↙ ⊣\⌈ M⊣∇∫⟨⊣↕↕⇔ J↙⇔ ⌉⌈∫↙⇔ L⊣\}⊓⊣}⌉⇔ P⌉\}⊓⟩\⇔ ∞∃∀̸↙ J≀⟨\ T∇⊓⌉∫⊒⌉↕↕⇔ M⟩⌋⟨⊣⌉↕ T⊣\⌉\⟨⊣⊓∫⇔ ⊣\⌈ S⊓∫⊣\ G⊣∇\∫⌉†↙ ∞∃∃∋↙ E⊑⟩⌈⌉\⌋⌉ {≀∇ ⊔⟨⌉ ⟩⇕⇕⌉⌈⊣⊔⌉ ⊓∫⌉ ≀{ ↕≀⌋⊣↕ ∫⌉⇕⊣\⊔⟩⌋ ⌋≀\∫⊔∇⊣⟩\⊔∫ ⟩\ ∫†\⊔⊣⌋⊔⟩⌋ ⊣⇕⌊⟩}⊓⟩⊔† ∇⌉∫≀↕⊓⊔⟩≀\↙ P∇⌉∫⌉\⊔⌉⌈ ⊣⊔ ⊔⟨⌉ ⊔̸⟨ A\\⊓⊣↕ CUNY S⌉\⊔⌉\⌋⌉ P∇≀⌋⌉∫∫⟩\} C≀\{⌉∇⌉\⌋⌉⇔ M⊣∇⌋⟨↙ J≀⟨\ T∇⊓⌉∫⊒⌉↕↕↙ ∞∃∃∋↙ T⟨⌉ U∫⌉ ≀{ V⌉∇⌊↖B⊣∫⌉⌈ S⊓⌊⌋⊣⊔⌉}≀∇⟩‡⊣⊔⟩≀\⊣\⌈ T⟨⌉⇕⊣⊔⟩⌋ R≀↕⌉ I\{≀∇⇕⊣⊔⟩≀\ ⟩\ S⌉\⊔⌉\⌋⌉ P∇≀⌋⌉∫∫⟩\}↙ P⟨↙D↙ ⊔⟨⌉∫⟩∫⇔ U\⟩⊑⌉∇∫⟩⊔† ≀{ R≀⌋⟨⌉∫⊔⌉∇↙ B↙ ⊑⊣\ F∇⊣⊣∫⌉\↙ ∞∃∀̸↙ P∇⌉∫⊓√√≀∫⟩⊔⟩≀\∫⇔ ⟩⇕√↕⟩⌋⊣⊔⟩≀\∫⇔ ⊣\⌈ ∫⌉↕{↖∇⌉{⌉∇⌉\⌋⌉↙ J≀⊓∇\⊣↕ ≀{ P⟨⟩↕≀∫≀√⟨†⇔ ▽̸¬∞∋∘̸ ∞▽∈↙ J≀⟨ ⊑⊣\ R≀≀⟩| ⊣\⌈ R⌉⟩\⟩⌉∇ P↕≀⇕√↙ ∞∃∃∞↙ T⟨⌉ ⌉{{⌉⌋⊔ ≀{ ↕⟩\}⊓⟩∫⊔⟩⌋ ⌉\⊔∇≀√† ≀\ ∫√⌉⌉⌋⟨ √⌉∇⌋⌉√⊔⟩≀\ ⟩\ \≀⟩∫⌉ ⟩\ †≀⊓\} ⊣\⌈ ⌉↕⌈⌉∇↕† ↕⟩∫⊔⌉\⌉∇∫↙ J≀⊓∇\⊣↕ ≀{ ⊔⟨⌉ A⌋≀⊓∫⊔⟩⌋⊣↕ S≀⌋⟩⌉⊔† ≀{ A⇕⌉∇⟩⌋⊣⇔ ∃′⇐⇏¬∈∃∀▽∘∈∃∃∞⇔ D⌉⌋⌉⇕⌊⌉∇↙ P⊣≀↕⊣ V⌉↕⊣∇⌈⟩⇔ M⊣∇⟩⊣ T⌉∇⌉∫⊣ P⊣‡⟩⌉\‡⊣⇔ ⊣\⌈ M⟩⌋⟨⌉↕⊣ F⊣∫≀↕≀↙ ∞∃∃∞↙ H≀⊒ ⊔≀ ⌉\⌋≀⌈⌉ ∫⌉⇕⊣\⊔⟩⌋ ‖\≀⊒↕⌉⌈}⌉¬ ⊣ ⇕⌉⊔⟨≀⌈ {≀∇ ⇕⌉⊣\⟩\} ∇⌉√∇⌉∫⌉\⊔⊣⊔⟩≀\ ⊣\⌈ ⌋≀⇕√⊓⊔⌉∇↖⊣⟩⌈⌉⌈ ⊣⌋∐⊓⟩∫⟩⊔⟩≀\↙ C≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ L⟩\}⊓⟩∫⊔⟩⌋∫⇔ ∞⇐∈⇒¬∞▽∋∘∞′↙ P⊣≀↕⊣ V⌉↕⊣∇⌈⟩↙ ∞∃∃∞↙ A⌋∐⊓⟩∇⟩\} ⊣ ∫⌉⇕⊣\⊔⟩⌋ ↕⌉§⟩⌋≀\ {≀∇ \⊣⊔⊓∇⊣↕ ↕⊣\}⊓⊣}⌉ √∇≀⌋⌉∫∫⟩\}↙ I\ U∇⟩ Z⌉∇\⟩‖⇔ ⌉⌈⟩⊔≀∇⇔ L⌉§⟩⌋⊣↕ A⌋∐⊓⟩∫⟩⊔⟩≀\¬ E§√↕≀⟩⊔⟩\} O\↖L⟩\⌉ R⌉∫≀⊓∇⌋⌉∫ ⊔≀ B⊓⟩↕⌈ ⊣ L⌉§⟩⌋≀\⇔ √⊣}⌉∫ ∋△∞∘∋∀̸↙ E∇↕⌊⊣⊓⇕↙ Z⌉\≀ V⌉\⌈↕⌉∇⇔ ∞∃↙̸ V⌉∇⌊∫ ⊣\⌈ T⟩⇕⌉∫⇔ √⊣}⌉∫ ∃∘∞∈∞↙ C≀∇\⌉↕↕ U\⟩⊑⌉∇∫⟩⊔† P∇⌉∫∫↙ J⊣⇕⌉∫ W⊣↕⌈≀↙ ∞∃∃↙ A PTQ ∫⌉⇕⊣\⊔⟩⌋∫ {≀∇ ∫≀∇⊔⊣↕ ⟩\⌋≀∇∇⌉⌋⊔\⌉∫∫↙ I\ L⟩\}⊓⟩∫⊔⟩⌋∫⇔ P⟨⟩↕≀∫≀√⟨†⇔ ⊣\⌈ M≀\⊔⊣}⊓⌉ G∇⊣⇕⇕⊣∇↙ U\⟩⊑⌉∇∫⟩⊔† ≀{ T⌉§⊣∫ P∇⌉∫∫↙ R⊣↕√⟨ W⌉⟩∫⌋⟨⌉⌈⌉↕⇔ M⊣∇⟩⌉ M⌉⊔⌉⌉∇⇔ R⟩⌋⟨⊣∇⌈ S⌋⟨⊒⊣∇⊔‡⇔ ⊣\⌈ J⌉{{ P⊣↕⇕⊓⌋⌋⟩↙ ∞∃∀∃↙ C≀√⟩\} ⊒⟩⊔⟨ ⊣⇕⌊⟩}⊓⟩⊔† ⊣\⌈ ⊓\‖\≀⊒\ ⊒≀∇⌈∫ ⊔⟨∇≀⊓}⟨ √∇≀⌊⊣⌊⟩↕⟩∫⊔⟩⌋ ⇕≀⌈⌉↕∫↙ ⇕∫↙ R⊣↕√⟨ W⌉⟩∫⌋⟨⌉⌈⌉↕⇔ D⊣⇕⊣∇⟩∫ A†⊓∫≀⇔ R↙ B≀⌊∇≀⊒⇔ S⌉⊣\ B≀⟩∫⌉\⇔ R≀⌊⌉∇⊔ I\}∇⟩⊣⇔ ⊣\⌈ J⌉{{ P⊣↕⇕⊓⌋⌋⟩↙ ∞∃∃∞↙ P⊣∇⊔⟩⊣↕ √⊣∇∫⟩\}¬ ⊣ ∇⌉√≀∇⊔ ≀{ ⊒≀∇‖ ⟩\ √∇≀}∇⌉∫∫↙ I\ P∇≀⌋⌉⌉⌈⟩\}∫ ≀{ ⊔⟨⌉ F≀⊓∇⊔⟨ DARPA S√⌉⌉⌋⟨ ⊣\⌈ N⊣⊔⊓∇⊣↕ L⊣\}⊓⊣}⌉ W≀∇‖∫⟨≀√⇔ F⌉⌊∇⊓⊣∇† ∞∃∃∞↙ R⊣↕√⟨ W⌉⟩∫⌋⟨⌉⌈⌉↕↙ ∞∃∀↙̸ A \⌉⊒ ∫⌉⇕⊣\⊔⟩⌋ ⌋≀⇕√⊓⊔⊣⊔⟩≀\ ⊒⟨⟩↕⌉ √⊣∇∫⟩\}¬ √∇⌉∫⊓√√≀∫⟩⊔⟩≀\ ⊣\⌈ ⌉\⊔⊣⟩↕⇕⌉\⊔↙ I\ B↙ G∇≀∫‡⇔ K↙ S√⊣∇⌋‖ J≀\⌉∫⇔ ⊣\⌈ B↙ W⌉⌊⌊⌉∇⇔ ⌉⌈⟩⊔≀∇∫⇔ R⌉⊣⌈⟩\}∫ ⟩\ N⊣⊔⊓∇⊣↕ L⊣\}⊓⊣}⌉ P∇≀⌋⌉∫∫⟩\}⇔ √⊣}⌉∫ ∋∞∋∘∋∈↙̸ M≀∇}⊣\ K⊣⊓{⇕⊣\\↙ O∇⟩}⟩\⊣↕↕† ⊣√√⌉⊣∇⌉⌈ ⟩\ C↙ O⟨ ⊣\⌈ D↙ D⟩\⌉⌉\⇔ ⌉⌈∫↙⇔ S†\⊔⊣§ ⊣\⌈ S⌉⇕⊣\⊔⟩⌋∫ II¬ P∇⌉∫⊓√√≀∫⟩⊔⟩≀\ ⊣\⌈ E\⊔⊣⟩↕⇕⌉\⊔⇔ √√↙ ∞▽▽∘∞∀∈⇔ A⌋⊣⌈⌉⇕⟩⌋ P∇⌉∫∫⇔ ∞∃∃↙ S⟨≀↕≀⇕ M↙ W⌉⟩∫∫ ⊣\⌈ C⊣∫⟩⇕⟩∇ A↙ K⊓↕⟩‖≀⊒∫‖⟩↙ ∞∃∃∞↙ C≀⇕√⊓⊔⌉∇ ∫†∫⊔⌉⇕∫ ⊔⟨⊣⊔ ↕⌉⊣∇\¬ ⌋↕⊣∫∫⟩⊘⌋⊣⊔⟩≀\ ⊣\⌈ √∇⌉↖ ⌈⟩⌋⊔⟩≀\ ⇕⌉⊔⟨≀⌈∫ {∇≀⇕ ∫⊔⊣⊔⟩∫⊔⟩⌋∫⇔ \⌉⊓∇⊣↕ \⌉⊔∫⇔ ⇕⊣⌋⟨⟩\⌉ ↕⌉⊣∇\⟩\}⇔ ⊣\⌈ ⌉§√⌉∇⊔ ∫†∫⊔⌉⇕∫↙ M≀∇}⊣\ K⊣⊓{⇕⊣\\⇔ S⊣\ M⊣⊔⌉≀⇔ CA↙

∞▽ G∇⌉} W⟨⟩⊔⊔⌉⇕≀∇⌉⇔ K⊣⊔⟨↕⌉⌉\ F⌉∇∇⊣∇⊣⇔ ⊣\⌈ H⊣\∫ B∇⊓\\⌉∇↙ ∞∃∃′↙ E⇕√⟩∇⟩⌋⊣↕ ∫⊔⊓⌈† ≀{ √∇⌉⌈⟩⌋⊔⟩⊑⌉ √≀⊒⌉∇∫ ≀{ ∫⟩⇕√↕⌉ ⊣⊔⊔⊣⌋⟨⇕⌉\⊔ ∫⌋⟨⌉⇕⌉∫ {≀∇ √≀∫⊔↖⇕≀⌈⟩⊘⌉∇ √∇⌉√≀∫⟩⊔⟩≀\⊣↕ √⟨∇⊣∫⌉∫↙ I\ P∇≀⌋⌉⌉⌈⟩\}∫ ≀{ ⊔⟨⌉ ∈∀⊔⟨ A\\⊓⊣↕ M⌉⌉⊔⟩\} ≀{ ⊔⟨⌉ A∫∫≀⌋⟩⊣⊔⟩≀\ {≀∇ C≀⇕√⊓⊔⊣⊔⟩≀\⊣↕ L⟩\}⊓⟩∫⊔⟩⌋∫⇔ √⊣}⌉∫ ∈∋∘∋′↙ P⟩⊔⊔∫⌊⊓∇}⟨⇔ P⌉\\∫†↕⊑⊣\⟩⊣↙ Y≀∇⟩⌋‖ W⟩↕‖∫ ⊣\⌈ D⊣\ F⊣∫∫↙ ∞∃∃∈↙ T⟨⌉ √∇⌉{⌉∇⌉\⌋⌉ ∫⌉⇕⊣\⊔⟩⌋∫ {⊣⇕⟩↕†↙ C≀⇕√⊓⊔⌉∇∫ ↘ M⊣⊔⟨⌉⇕⊣⊔⟩⌋∫ ⊒⟩⊔⟨ A√√↕⟩⌋⊣⊔⟩≀\∫⇔ ∈∋⇐∈∘▽⇒¬∈′▽∘∈∈∞↙ Y≀∇⟩⌋‖ W⟩↕‖∫⇔ X⟩⊓⇕⟩\} H⊓⊣\}⇔ ⊣\⌈ D⊣\ F⊣∫∫↙ ∞∃∀▽↙ S†\⊔⊣§⇔ √∇⌉{⌉∇⌉\⌋⌉ ⊣\⌈ ∇⟩}⟨⊔ ⊣⊔⊔⊣⌋⟨⇕⌉\⊔↙ I\ IJCAI↖∀▽⇔ √⊣}⌉∫ ∃∘∀△↙ Y≀∇⟩⌋‖ W⟩↕‖∫↙ ∞∃∀↙̸ A\ ⟩\⊔⌉↕↕⟩}⌉\⊔ ⊣\⊣↕†‡⌉∇ ⊣\⌈ ⊓\⌈⌉∇∫⊔⊣\⌈⌉∇ ≀{ E\}↕⟩∫⟨↙ I\ B↙ G∇≀∫‡⇔ K↙ S√⊣∇⌋‖ J≀\⌉∫⇔ ⊣\⌈ B↙ W⌉⌊⌊⌉∇⇔ ⌉⌈⟩⊔≀∇∫⇔ R⌉⊣⌈⟩\}∫ ⟩\ N⊣⊔⊓∇⊣↕ L⊣\}⊓⊣}⌉ P∇≀⌋⌉∫∫⟩\}⇔ √⊣}⌉∫ ∞∃∋∘∈′△↙ M≀∇}⊣\ K⊣⊓{⇕⊣\\↙ O∇⟩}⟩\⊣↕↕† ⊣√√⌉⊣∇⌉⌈ ⟩\ CACM ∞∀⇐▽⇒⇔ √√↙ ∈△̸∘∈△⇔ ∞∃▽↙ W⟩↕↕⟩⊣⇕ W≀≀⌈∫ ⊣\⌈ J⊣⇕⌉∫ S⌋⟨⇕≀↕‡⌉↙ ∞∃∃∞↙ T⟨⌉ KL↖ONE {⊣⇕⟩↕†↙ C≀⇕√⊓⊔⌉∇∫ ⊣\⌈ M⊣⊔⟨⌉⇕⊣⊔⟩⌋∫ ⊒⟩⊔⟨ A√√↕⟩⌋⊣⊔⟩≀\∫⇔ S√⌉⌋⟩⊣↕ I∫∫⊓⌉ ≀\ S⌉⇕⊣\⊔⟩⌋ N⌉⊔⊒≀∇‖∫ ⟩\ A∇⊔⟩⊘⌋⟩⊣↕ I\⊔⌉↕↕⟩}⌉\⌋⌉↙ A↕∫≀ ⊣⊑⊣⟩↕⊣⌊↕⌉ ⊣∫ T⌉⌋⟨\⟩⌋⊣↕ R⌉√≀∇⊔ TR↖∈′↖∃′⇔ A⟩‖⌉\ C≀⇕√⊓⊔⊣⊔⟩≀\ L⊣⌊≀∇⊣⊔≀∇†⇔ H⊣∇⊑⊣∇⌈ U\⟩⊑⌉∇∫⟩⊔†↙ A\⊔⟨≀\† W≀≀⌈∫⇔ P⊣⊓↕ F↕⌉⊔⌋⟨⌉∇⇔ ⊣\⌈ A∇⊔⟨⊓∇ H⊓}⟨⌉∫↙ ∞∃∀↙̸ S⊔⊣⊔⟩∫⊔⟩⌋∫ ⟩\ L⊣\}⊓⊣}⌉ S⊔⊓⌈⟩⌉∫↙ C⊣⇕⌊∇⟩⌈}⌉ T⌉§⊔⌊≀≀‖∫ ⟩\ L⟩\}⊓⟩∫⊔⟩⌋∫↙ C⊣⇕⌊∇⟩⌈}⌉ U\⟩⊑⌉∇∫⟩⊔† P∇⌉∫∫¬ C⊣⇕⌊∇⟩⌈}⌉⇔ E\}↕⊣\⌈↙ F⌉⟩ X⊓ ⊣\⌈ S⊔⌉⊑⌉\ P⟩\‖⌉∇↙ ∞∃∃∈↙ W⌉⟩∇⌈ √⊣∫⊔ ⊔⌉\∫⌉ {≀∇⇕∫↙ P∇⌉∫⌉\⊔⌉⌈ ⊣⊔ ⊔⟨⌉ ∞⊔⟨ B≀∫⊔≀\ U\⟩⊑⌉∇∫⟩⊔† C≀\{⌉∇⌉\⌋⌉ ≀\ L⊣\}⊓⊣}⌉ D⌉⊑⌉↕≀√⇕⌉\⊔↙ D⊣⊑⟩⌈ Y⊣∇≀⊒∫‖†↙ ∞∃∃∈↙ W≀∇⌈↖∫⌉\∫⌉ ⌈⟩∫⊣⇕⌊⟩}⊓⊣⊔⟩≀\ ⊓∫⟩\} ∫⊔⊣⊔⟩∫⊔⟩⌋⊣↕ ⇕≀⌈⌉↕∫ ≀{ R≀}⌉⊔≃∫ ⌋⊣⊔⌉}≀∇⟩⌉∫ ⊔∇⊣⟩\⌉⌈ ≀\ ↕⊣∇}⌉ ⌋≀∇√≀∇⊣↙ I\ P∇≀⌋⌉⌉⌈⟩\}∫ ≀{ COLING↖∃∈⇔ √⊣}⌉∫ △▽△∘△′̸⇔ N⊣\⊔⌉∫⇔ F∇⊣\⌋⌉⇔ J⊓↕†↙ D⊣⊑⟩⌈ Y⊣∇≀⊒∫‖†↙ ∞∃∃∋↙ O\⌉ ∫⌉\∫⌉ √⌉∇ ⌋≀↕↕≀⌋⊣⊔⟩≀\↙ DARPA W≀∇‖∫⟨≀√ ≀\ H⊓⇕⊣\ L⊣\}⊓⊣}⌉ T⌉⌋⟨\≀↕≀}†⇔ M⊣∇⌋⟨↙ P∇⟩\⌋⌉⊔≀\↙

N⊣⇕⌉ I\⌈⌉§

A‖⇕⊣|⟩⊣\⇔ A↙⇔ A↕↕⌉\⇔ R↙⇔ ∞▽ A↕∫⟨⊣⊒⟩⇔ H↙⇔ ∈∞ A↕⊔⇕⊣\\⇔ G↙⇔ ∞′△ A⇕⌉∇⟩⌋⊣\ H⌉∇⟩⊔⊣}⌉ D⟩⌋⊔⟩≀\⊣∇†⇔ ∈▽⇔ ∈ A\⊣\⟩⊣⌈≀⊓⇔ S↙⇔ △ A∇⇕∫⊔∇≀\}⇔ S⇔ ▽′ A†⊓∫≀⇔ D↙⇔ ∋⇔ ∈∞⇔ ∈⇔ ∞′▽⇔ ∞∈∋⇔ ∞∈△⇔ ∞∈ B⊣⟨↕⇔ L↙⇔ ∞′⇔ ∞∞ B⊣∇↖H⟩↕↕⌉↕⇔ Y↙⇔ ▽△⇔ ▽∀⇔ ∞∋∈ B⊣∫⟩↕⟩⇔ R↙⇔ ∋⇔ △⇔ ∞′▽⇔ ∞∈▽⇔ ∞∈⇎ ∞∋∞ B⌉⌋‖⊒⟩⊔⟨⇔ R↙⇔ ▽⇔ ∈∈⇔ ∌ B⌉\∫⌋⟨⇔ P↙⇔ ∞∋⇔ ∞△ B⟩\≀⊔⇔ J↙⇔ ∈∞⇔ ∞′▽ B≀⌊∇≀⊒⇔ R↙⇔ ∋⇔ ∞′▽⇔ ∞∈∋⇔ ∞∈△⇔ ∞∈ B≀⟩∫⌉\⇔ S↙⇔ ∋⇔ ∞′▽⇔ ∞∈∋⇔ ∞∈△⇔ ∞∈ B≀↕⊣\⌈⇔ J↙⇔ ∄⇔ ∃ B≀†⌉∫↖B∇⊣⌉⇕⇔ P↙⇔ ▽′⇔ ∃∀ B∇⊣⌈⌉\↖H⊣∇⌈⌉∇⇔ L↙⇔ ∈∞ B∇⌉⟩⇕⊣\⇔ L↙⇔ ∞∞ B∇⌉∫\⊣\⇔ J↙⇔ ∞′▽ B∇⟩↕↕⇔ E↙⇔ ∞∋ B∇≀⊒\⇔ P↙⇔ ∞∞⇔ ∞∋⇔ ∞▽∘∞∃⇔ ∋′⇔ ∃⇔ ∞∞ B∇≀⊒\⌉⇔ W↙⇔ ∃∈ B∇⊓\\⌉∇⇔ H↙⇔ ∞′▽⇔ ∞∞▽⇔ ∞∈∋ B⊓↕⇕⌉∇⇔ M↙⇔ ▽△ B†∇⌈⇔ R↙⇔ ∈∞ C⊣↕‡≀↕⊣∇⟩⇔ N↙⇔ ∈∞ C⊣∇↕∫≀\⇔ G↙⇔ ∄⇔ ∃ C⊣∇∇≀↕↕⇔ J↙⇔ △ C⊣∫∫⟩⌈†⇔ K↙⇔ ∃∀ C⟨⊣\}⇔ J↙⇔ ∋⇔ ∞∈△⇔ ∞∈ C⟨⊣∇↕⌉∫⇔ W↙⇔ ∞∈⇔ ∞′∀⇔ ∞△△ C⟨≀⌈≀∇≀⊒⇔ M↙⇔ ∈∞

C⟨≀⇕∫‖†⇔ N↙⇔ ∋△⇔ △∋⇔ △△⇔ △∃⇔ ∌ C⟨⊓∇⌋⟨⇔ K↙⇔ ▽⇔ ⇔ ∃⇔ ∞∋⇔ ∈∀⇔ ∋′⇔ ∋∞⇔ ∞′∋⇔ ∞∞△∘∞∞⇎ ∞∈∈⇔ ∞∈∋⇔ ∞∋▽⇔ ∞∋ C≀↕↕⟩\∫ COBUILD D⟩⌋⊔⟩≀\⊣∇†⇔ △▽⇔ ∀∞⇔ ∀△⇔ ∃∋ C≀⊔⌉⇔ S↙⇔ ⇔ ∀′ C≀⊑⌉∇⇔ T↙⇔ ⇔ ▽⇎ ∞∈▽ C∇⊣⟩\⇔ S↙⇔ ∞′△ C∇⊓∫⌉⇔ D↙⇔ ∈△⇔ ∞′ C⊓√√↕⌉∫⇔ L↙⇔ ∀̸⇔ ∄⇔ ∞ D⊣}⊣\⇔ I↙⇔ ∞⇔ ∞∈∈ D⊣⟨↕}∇⌉\⇔ K↙⇔ ∞′▽ ⌈⌉ S⊣⇔ V↙⇔ ∈ D⌉⊣∇⟨≀↕⊔⇔ D↙⇔ ∞∋ D⌉⌉∇⊒⌉∫⊔⌉∇⇔ S↙⇔ ∞ D⌉↕↕⇔ G↙⇔ ∃ D⌉↕↕⊣ P⟩⌉⊔∇⊣⇔ V↙⇔ ∞∋⇔ ∞▽∘∞∃⇔ ∋′⇔ ∞∞ ⌈⌉ S≀⊓‡⊣⇔ P↙⇔ ∞∞⇔ ∞∋⇔ ∞▽∘∞∃⇔ ∋′⇔ ∞∞ D≀\↕≀\⇔ G↙⇔ ∈∞⇔ ∈ D≀⊒⊔†⇔ D↙⇔ ∈∈⇔ ∈△⇔ ∃ D∇⊣\}⌉⇔ T↙⇔ ∋▽⇔ ∋⇎ △⇎ △⇔ △∃⇔ ▽∞⇔ ▽∈⇔ ▽∃⇔ D⊓⌊⌉∫⇔ R↙⇔ ∞∈ D⊓⇕⊣⟩∫⇔ S↙⇔ ∞ D⊓∇∫≀⇔ F↙⇔ ∞∋ E↕⇕⊣\⇔ J↙⇔ ∞▽⇔ ∈∞ E∫∫⌉\⇔ U↙⇔ ∞∞ F⊣∫≀↕≀⇔ M↙⇔ △⇔ ∞∈▽⇔ ∞∋∋ F⊣∫∫⇔ D↙⇔ ∈⇔ ∞′▽ F⌉↕↕⌊⊣⊓⇕⇔ C↙⇔ ▽⇔ ∈∈⇔ ∌⇔ ⇔ ∀∋⇔ ∃△⇔ ∃ F⌉∇∇⊣∇⊣⇔ K↙⇔ ∞′▽⇔ ∞∞▽⇔ ∞∈∋ F⌉∇∫⊔↕⇔ E↙⇔ ∀̸ F⟩↕↕⇕≀∇⌉⇔ C↙⇔ ∃⇔ ∀∞⇔ ∀△⇔ ∃∋ F⟩∫⟨⌉∇⇔ C↙⇔ △△⇔ ∞′′⇔ ∞′∞ F↕⊣\\⌉∇†⇔ B↙⇔ ∞′ F↕⌉⊔⌋⟨⌉∇⇔ P↙⇔ ∞∞∃ ∞▽∀

∞▽∃ F≀⌈≀∇⇔ J↙A↙⇔ ⟩⊑⇔ ∈⇔ ∋▽⇔ △∈∘△▽⇔ △∃⇔ ▽′⇔ ▽∈⇔ ▽∋⇔ ∞̸⇔ △̸⇔ ∈⇔ ∞∋∋ F≀⌈≀∇⇔ J↙D↙⇔ ⟩⊑⇔ ∈⇔ ∋▽⇔ △∈∘△△⇔ ∀∈ F≀∇⌈⇔ M↙⇔ ∞′▽ F∇⊣\⌋⟩∫⇔ W↙⇔ ∀⇔ ∉⇔ ∀▽ F∇⊣‡⟩⌉∇⇔ L↙⇔ ∞′△ F∇⟩⌉⌈⇕⊣\⇔ J↙⇔ ∞∞ F⊓∇\⊣∫⇔ G↙⇔ ∞ G⊣↕⌉⇔ W↙⇔ ▽⇔ ⇔ ∃⇔ ∈∀⇔ ∞∞▽⇔ ∞∈∈⇔ ∞∈∋⇔ ∞∋▽⇔ ∞∋ G⊣∇\∫⌉†⇔ S↙⇔ ∄⇔ ∃ G⊣∇∇⌉⊔⊔⇔ M↙⇔ ▽′ G⊣‡⌈⊣∇⇔ G↙⇔ G⟩↕↕⌉⊔⊔⌉⇔ J↙⇔ ∃∀⇔ ∞′′⇔ ∞′∞ G↕⌉⟩⊔⇕⊣\⇔ H↙⇔ △△⇔ ▽′⇔ ∃∀⇔ ∞′′⇔ ∞′∞ G↕⌉⟩⊔⇕⊣\⇔ L↙⇔ △△⇔ ▽′⇔ ∃∀⇔ ∞′′⇔ ∞′∞ G≀≀⌈⇔ I↙J↙⇔ ∉⇔ ∞∋△ G≀≀⌈⇕⊣\⇔ R↙⇔ ▽∀ G∇⊣†⇔ W↙⇔ ▽′⇔ ∃∀ G∇⌉{⌉\∫⊔⌉⊔⊔⌉⇔ G↙⇔ ∞△ G∇⟩⌋⌉⇔ H↙⇔ ∋∃⇔ △′⇔ ∃⇎ ∃ G∇⟩⇕∫⟨⊣⊒⇔ J↙⇔ ∋⇔ △△⇔ ∀⇔ ∃⇔ ∃ G∇⟩∫⟨⇕⊣\⇔ R↙⇔ ∋⇔ ∞∞⇔ ∞∈⇔ ∞⇎ ∞⇔ △⇔ ∞′▽⇔ ∞∈△⇔ ∞∈ G∇≀√⌉\⇔ J↙⇔ ∌⇔ ∞′∞ G∇≀∫∫⇔ D↙⇔ ▽⇔ ∈∈⇔ ∌ H⊣↕↕⇔ G↙⇔ ∞′′⇔ ∞′∞ H⊣\‖∫⇔ P↙⇔ ▽⇔ ⇔ ∃⇔ ∞∋⇔ ∞∞▽ H⊣\∫≀\⇔ S↙⇔ ∃ H⊣∇∫⟨⇕⊣\⇔ R↙⇔ ∞ H⊣⊔‡⟩⊑⊣∫∫⟩↕≀}↕≀⊓⇔ V↙⇔ ∞△ H⌉⊣∇∫⊔⇔ M↙⇔ ∈∃⇔ ∋∞⇔ ∞∞⇎ ∞∈′⇔ ∞∋△ H⌉\†⇔ F↙⇔ H⟩\⌈↕⌉⇔ D↙⇔ ∋⇔ ▽⇔ ∘∃⇔ ∞△⇔ ∞′▽⇔ ∞∞△∘∞∞⇎ ∞∈′⇔ ∞∈∞⇔ ∞∋∞ H⟩∇∫⟨↖P⊣∫⌉‖⇔ K↙⇔ ∃∀⇔ ∞′′ H⟩∇∫⊔⇔ G↙⇔ ∞′ H≀↕⇕⌉∫⇔ V↙⇔ ∀̸⇔ ∄⇔ ∞ H≀√√⌉∇⇔ P↙⇔ ∃∋ H≀∇\⇔ L↙⇔ ∋△⇔ ∋⇎ ∋⇔ ∋∃∘△∈⇔ △∃∘▽∞⇔ ▽△ H⊓⊣\}⇔ X↙⇔ ∞′▽ H⊓}⟨⌉∫⇔ A↙⇔ ∞∞∃ I\}∇⟩⊣⇔ R↙⇔ ∋⇔ ∞′▽⇔ ∞∈∋⇔ ∞∈△⇔ ∞∈

I⊔⊣⟩⇔ A↙⇔ ∞∈∈ J⊣⌋‖⌉\⌈≀{{⇔ R↙⇔ ∈△⇔ ∀∈ J⊣⟩\⇔ A↙⇔ ∞∈ J⌉↕⟩\⌉‖⇔ F↙⇔ ∞′⇔ ∞∞⇔ ∞∞∃ J⌉\∫⌉\⇔ K↙⇔ ∈∞⇔ ∞′▽ J≀⟨\∫≀\⇔ D↙⇔ ▽′⇔ ∃∀ J≀⟨\∫≀\↖L⊣⟩∇⌈⇔ P↙⇔ ⟩⊑⇔ ∈⇔ ∋▽⇔ △∘▽′⇔ ▽∋⇔ ▽△⇔ ▽∃ J≀∇⌈⊣\⇔ M↙⇔ ∞▽ J≀∫⟨⟩⇔ A↙⇔ ∞′∋ J⊓∫⌋‡†‖⇔ P↙⇔ ∃∀⇔ ∞′′ K⊣⇕√⇔ H↙⇔ ▽′⇔ ▽∞ K⊣√↕⊣\⇔ R↙⇔ ∞′▽ K⊣√⊓∇⇔ S↙⇔ ∈ K⊣∇⊔⊔⊓\⌉\⇔ L↙⇔ ∋∃ K⊣∫⊔≀⊑∫‖†⇔ D↙⇔ △∈⇔ △▽⇔ △⇎ △∃⇔ ▽∈ K⊣⊔‡⇔ J↙⇔ ⟩⊑⇔ ∈⇔ ∋▽⇔ △∈∘△▽⇔ △∃⇔ ▽∈⇔ ▽∋⇔ ∞̸⇔ △̸⇔ ∈⇔ ∞∋∋ K⊣⊔‡⇔ S↙⇔ ∞∞∃⇔ ∞∈△ K⌉}↕⇔ J↙⇔ ⇔ ∀∋⇔ ∃△⇔ ∃ K⌉↕↕†⇔ M↙⇔ ∃∀⇔ ∞′′ K⌉⇕↕⌉∇ N⌉↕∫≀\⇔ D↙⇔ ∃∀⇔ ∞′′ K⌉\\⌉⌈†⇔ L↙⇔ ∞′′ K⟨⟩\⌋⟨⟩\⇔ A↙⇔ ▽ K⟩⇕⌊⊣↕↕⇔ J↙⇔ ∞′△ K↕⊣⊑⊣\∫⇔ J↙⇔ ∈∞ K↕⌉⟩\⇔ E↙⇔ K\⟩}⟨⊔⇔ K↙⇔ ∋′ K⊓�⌋⌉∇⊣⇔ H↙⇔ ∀⇔ ∉⇔ ∀▽ K⊓↕⟩‖≀⊒∫‖⟩⇔ C↙⇔ ∞∈⇔ ∞∋⇔ ∞′∃ K⊓↕↕⌊⊣⌋‖⇔ S↙⇔ ⟩⊑ K⊓∇≀⟨⊣∫⟨⟩⇔ S↙⇔ ∞′ L⊣⟩⇔ J↙⇔ ∞∋⇔ ∞▽∘∞∃⇔ ∋′ L⊣\⌈⊣⊓⇔ B↙⇔ ∃∀⇔ ∞′′ L⊣\⌈⊣⊓⌉∇⇔ T↙⇔ ∞ L⌉⌈⌉∇⌉∇⇔ A↙⇔ ∀△∘∀⇎ ∃∀⇔ ∞′∞ L⌉⌉⇔ L↙⇔ ∞△⇔ ∞⇔ ∞∀⇔ ∈′⇔ ∈∞⇔ ∈∀⇔ ∋′⇔ ∋∞ L⌉}⌉\⌈∇⌉⇔ G↙⇔ ∞▽ L⌉⟨∇⌉∇⇔ A↙⇔ ∀∋⇔ ∃′⇔ ∃▽ L⌉⟩⌊↕⌉∇⇔ R↙⇔ ⟩⊑ L⌉\⊣⊔⇔ D↙⇔ ∈∋ L⌉⊑⟩\⇔ B↙⇔ ⇎ ⇔ ∀′⇔ ∀∞

∞′̸ L⊓≀⇔ Y↖F⇔ ∋⇔ ∞∈△⇔ ∞∈ L†≀\∫⇔ J↙⇔ ∈∋⇔ ∈⇎ ▽∞ M⊣⌋D≀\⊣↕⌈⇔ M↙⇔ ∈⇔ ∄⇔ ∃ M⊣⌋L⊣⊓}⟨↕⟩\⇔ D↙⇔ ∈∞⇔ ∈ M⊣⌋W⟨⟩\\⌉†⇔ B↙⇔ ∉⇔ ∀▽⇔ ∀ M⊣}⌉∇⇕⊣\⇔ D↙⇔ ∞∋⇔ ∞⇔ ∞∈△ M⊣∇⌋⟩\‖⟩⌉⊒⟩⌋‡⇔ M↙⇔ ∞⇔ ∉⇔ ∀▽ M⊣∇⌋⊓∫⇔ M↙⇔ ∞⇔ ∞∋⇔ ∉⇔ ∀▽⇔ ∞∈ M⊣⊓\⌉∇⇔ G↙⇔ ∃ M⌋C⊣⊒↕⌉†⇔ J↙⇔ ⟩⊑⇔ ∈⇔ ∋▽⇔ △△⇔ △▽⇔ △∃⇔ ▽∈⇔ ▽∋⇔ ∞̸⇔ ̸ M⌋D≀⊒⌉↕↕⇔ J↙⇔ ∞′▽ M⌋K⌉≀⊒\⇔ K↙⇔ ∞△ M⌋R⊣⌉⇔ K↙⇔ ∈⇔ ∈⇎ ∄⇔ ∈ M⌉⌈⟩\⇔ D↙⇔ ▽′ M⌉∇⌋⌉∇⇔ R↙⇔ ∞′⇔ ∞∞⇔ ∞∋⇔ ∞▽∘∞∃⇔ ∋′⇔ ∋∞⇔ ∞∞⇎ ∞∞∃ M⌉∇⊑⟩∫⇔ C↙⇔ ▽′⇔ ∃∀ M⌉⊔⌉⌉∇⇔ M↙⇔ ∞′▽⇔ ∞∈∋ M⟩↕↕⌉∇⇔ G↙A↙⇔ ⟩⊑⇔ ∈⇔ ∋⇔ ▽⇔ ∞∈⇔ ∞∃⇔ ∈∈∘∈▽⇔ ∌⇔ ∀▽⇔ ∞′∀⇔ ∞△△ M⟩↕⊔≀\⇔ R↙⇔ ∀ M⟩⊔⊔⊒≀⌋⟨⇔ A↙⇔ ∃∈ M⟩†⊣⊔⊣⇔ Y↙⇔ ∞▽ M≀∇∇⟩∫⇔ J↙⇔ ∞′ N⊣}⊣≀⇔ M↙⇔ ∞′ N⌉{{⇔ M↙⇔ ∈∞ N⌉↕∫≀\⇔ K↙⇔ ∃∀ N⟩∇⌉\⌊⊓∇}⇔ S↙⇔ ∈∋ O↕∫⟨⌉\⇔ R↙⇔ ∞∞ O∫⟨⌉∇∫≀\⇔ D↙⇔ ▽′ P⊣↕⇕⊓⌋⌋⟩⇔ J↙⇔ ∋⇔ ∞′▽⇔ ∞∈∋⇔ ∞∈△⇔ ∞∈ P⊣∇‖⌉∫⇔ C↙⇔ ▽′ P⊣∇≀⊓⌊⌉‖⇔ P↙⇔ ∞′∋ P⊣∇⊔⌉⌉⇔ B↙⇔ ▽′⇔ ▽∞ P⊣⊔⟩↕⇔ R↙⇔ ∞′∋⇔ ∞∞△ P⊣‡⟩⌉\‡⊣⇔ M↙⇔ ∋⇔ △⇔ ∞′▽⇔ ∞∈▽⇔ ∞∈⇎ ∞∋∞⇔ ∞∋∋ P⌉⊣∇↕⇕⊓⊔⊔⌉∇⇔ N⇔ ∄⇔ ∃ P⌉∇⌉⟩∇⊣⇔ F↙⇔ ∞△⇔ ∞⇔ ∞∀⇔ ∈′⇔ ∈∞⇔ ∈∀⇔ ∋′⇔ ∋∞ P⌉∫⌉⊔∫‖†⇔ D↙⇔ ∀ P⌉⊔⌉∇∫⇔ S↙⇔ ∈△⇔ ∋∃⇔ ∃ P⟩\‖⌉∇⇔ S↙⇔ ∈⇔ ∃∞⇔ ∃∃⇔ ∞′′ P⟩⊒≀‡⇔ J↙⇔ ∞′′

P↕≀⇕√⇔ R↙⇔ ▽▽ P∇⊣‖⊣∫⟨⇔ M↙⇔ ∈∋ P∇⌉∫∫⇔ W↙⇔ ∞′ P⊓↕↕⊓⇕⇔ G↙⇔ P⊓∫⊔⌉|≀⊑∫‖†⇔ J↙⇔ ∀′ Q⊓⟩\↕⊣\⇔ J↙R↙⇔ ∞∞ R⊣‖≀⊒⟩⊔‡⇔ S↙⇔ ∞′′⇔ ∞′∞ R⊣⇕∫⟨⊣⊒⇔ L↙⇔ ∈∞⇔ ∈ R⊣∫‖⟩\⇔ V↙⇔ ∈∋ R⌉∫\⟩‖⇔ P↙⇔ ∞⇔ ∞⇎ ∈∞⇔ ∈⇔ ∞∈′⇔ ∞∋△ R⟩⌋⌉⇔ S↙⇔ ∀∋⇔ ∃▽⇔ ∃ R⟩∫√≀↕⟩⇔ M↙⇔ ∀∞ R⟩‡‡⟩⇔ L↙⇔ ∃⇔ ∀∈⇔ ∃△ R≀⌉√⌉∇⇔ T↙⇔ R≀≀⊔⟨⇔ M↙⇔ ∋⇔ ∞′▽⇔ ∞∞△∘∞∞⇎ ∞∈∞⇔ ∞∋∞ R≀∫⌋⟨⇔ E↙⇔ ▽′⇔ ∃∀ S⊣}⇔ I↙⇔ S⊣\⊔≀∇⟩\⟩⇔ B↙⇔ ∞⇔ ∞∋⇔ ∉⇔ ∀▽ S⊣⊑⟩⊔⌋⟨⇔ W↙⇔ ∞∋⇔ ∞△ S⌋⟨ �⊓⊔‡⌉⇔ H↙⇔ ∞∘̸∞∃⇔ ∈∃⇔ ∋∞ S⌋⟨⊣⌊⌉∫⇔ Y↙⇔ ∞′∋ S⌋⟨⊣\‖⇔ R↙⇔ ∈ S⌋⟨⇕≀↕‡⌉⇔ J↙⇔ ∈ S⌋⟨⊑⊣\⌉⊑⌉↕⌈⊔⇔ R↙⇔ ∞∋ S⌋⟨⊒⊣∇⊔‡⇔ R↙⇔ ∞′▽⇔ ∞∈∋ S⌉⟩⌈⌉\⌊⌉∇}⇔ M↙⇔ ∈ S⌉‖⟩\⌉⇔ S↙⇔ △ S⟨⊣‖⌉⌈⇔ V↙⇔ ∈∞⇔ ∈ S⟨⊣\\≀\⇔ C↙⇔ ▽▽⇔ ▽∀⇔ ∞∋∈ S⟨⌉√⟨⌉∇⌈⇔ M↙⇔ ∈∋ S⟩\⌋↕⊣⟩∇⇔ J↙⇔ △▽⇔ ∀∞⇔ ∀△⇔ ∃∋ S⟩∫‖⟩\⌈⇔ J↙⇔ ∈⇔ ∞′′ S⇕⊣⌈|⊣⇔ F↙⇔ ▽⇔ ∈∃ S⇕⟩⊔⟨⇔ E↙⇔ ▽′ S⇕≀↕⌉\∫‖†⇔ P↙⇔ ∞▽ S⇕†⊔⟨⇔ P↙⇔ ▽∀ S\≀⊒⇔ C↙⇔ ∉⇔ ∀ S≀‖≀↕≀⊑⇔ J↙⇔ ∉⇔ ∀ S√⊣∇⌋‖ J≀\⌉∫⇔ K↙⇔ ▽⇔ ∈∈∘∈⇎ ∋∞⇔ ▽∞ S√⟩⊑⌉†↖K\≀⊒↕⊔≀\⇔ M↙⇔ ∈⇔ ∄⇔ ∈ S⊔⌉⌉⌈⇕⊣\⇔ M↙⇔ ∞′△

∞∞̸ S⊔⌉⟩\⌊⟩∫∫⇔ V↙⇔ ∞∞ S⊔⌉∇↕⟩\}⇔ J↙⇔ ∋⇔ ∞∞⇔ ∞∈⇔ ∞⇎ ∞⇔ △⇔ ∞′▽⇔ ∞∈△⇔ ∞∈ S⊔≀\⌉⇔ C↙⇔ ∞∞ S⊔≀⊒⌉⇔ L↙⇔ ∀̸⇔ ∄⇔ ∞ S⊓⇔ K↖Y↙⇔ ∋⇔ ∞∈△⇔ ∞∈ T⊣⌊≀∫∫⟩⇔ P↙⇔ ∈⇔ ∄⇔ ∈ T⊣\⌉\⟨⊣⊓∫⇔ M↙⇔ ∈⇔ ∄⇔ ∈⇔ ∃ T⌉⊓‖≀↕∫‖†⇔ S↙⇔ ∞′ T⟨≀⇕⊣∫⇔ J↙⇔ ⇔ ▽⇎ ∞∈▽ T⟨≀⇕√∫≀\⇔ S↙⇔ ∃∋ T⟩∫⟨⌊†⇔ N↙⇔ ∞△⇔ ∞∀⇔ ∈′⇔ ∈∞⇔ ∈∀⇔ ∋′⇔ ∋∞ T∇⌉⟩∫⇕⊣\⇔ A↙⇔ ▽▽ T∇⊓⌉∫⊒⌉↕↕⇔ J↙⇔ ∈⇔ ∃ T∫⊓|⟩⟩⇔ J↙⇔ △ ⊑⊣\ F∇⊣⊣∫⌉\⇔ B↙⇔ ∋∀ ⊑⊣\ R≀≀⟩|⇔ J↙⇔ ▽▽ V⌉↕⊣∇⌈⟩⇔ P↙⇔ ∋⇔ △⇔ ∞′▽⇔ ∞∈▽⇔ ∞∈⇎ ∞∋∞⇔ ∞∋∋ V⌉\⌈↕⌉∇⇔ Z↙⇔ ∃∞ V⌉⊔⊔⌉∇↕⟩\}⇔ W↙⇔ ∞′ W⊣↕⌈≀⇔ J↙⇔ ∋∀ W⊣↕‖⌉∇⇔ E↙⇔ ▽′ W⊣↕↕⇔ R↙⇔ ∈△⇔ ∃ W⊣\\⌉∇⇔ E↙⇔ ∃∀⇔ ∞′′ W⌉⊣⊑⌉∇⇔ W↙⇔ ▽▽⇔ ▽∀⇔ ∞∋∈ W⌉⟩∫⌋⟨⌉⌈⌉↕⇔ R↙⇔ ∋⇔ ∈∞⇔ ∈⇔ ∞′▽⇔ ∞∈∋⇔ ∞∈△⇔ ∞∈ W⌉⟩∫∫⇔ S↙⇔ ∞∈⇔ ∞∋⇔ ∞′∃ W⟨⟩⊔⊔⌉⇕≀∇⌉⇔ G↙⇔ ∞′▽⇔ ∞∞▽⇔ ∞∈∋ W⟩↕‖∫⇔ Y↙⇔ ∈⇔ ∋⇔ ∞′▽ W≀≀⌈∫⇔ A↙⇔ ∞∞∃ W≀≀⌈∫⇔ W↙⇔ ∈ W≀≀⌈⊒⊣∇⌈⇔ A↙⇔ ∞′′ X⊓⇔ F↙⇔ ∈ Y⊣∇≀⊒∫‖†⇔ D↙⇔ ▽⇔ ∈∃⇔ ∞∈∈⇔ ∞∈∋⇔ ∞∋∋ Z⊣⌈∇≀‡\†⇔ W↙⇔ ∈∞