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1. Introduction: How to Build a Talking Robot

1.1 Universals

1.1.1 Universals of natural language communication

1. The cycle of natural language communication is based ®hdér, thethink, and thespeakmodes of cogni-
tive agents.

2. In communication, expressions of natural language &eeareted relative to an agent-intergahtextof use.
3. All natural languages havetime-linearstructure, i.e., linear like time and in the direction of&m

4. All natural languages use the three kinds of ggmbol, indexandname each with its own mechanism of
reference.

5. All natural languages ussoordinationand functor-argumento compose content at tredementary the
phrasal and theclausallevel.

6. All natural languages distinguish parts of speech, eaun(object, argumentyerb (relation, functor), and
adjective(property, modifier).
7. All natural languages have the sentential madeidarative, interrogativeandimperative

CLUE (©2011 Roland Hausser
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1.1.2 Requirements of a grounded artificial agent

In order to be grounded, a cognitive agent requires a body wit

1. interfaces
for recognition and action, based on

2. adata structure
for representing content,

3. adatabase
for storing and retrieving content,

4. analgorithm
for reading content into and out of the database as well gsrémessing content, and combined into

5. asoftware program
which models the cycle of natural language communicatiamedlsas language and nonlanguage inferencing.

CLUE (©2011 Roland Hausser
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1.1.3 The Conversion Universals of DBS

1. From the agent'speakmode to itshearmode and back,

2. from amodality-freeto amodality-dependemepresentation of the surface in the speak mode and back in th
hear mode, in word form production (synthesis) and recagmit

3. fromorder-free contento ordered surfaces the speak mode and back in the hear mode, and

4. from the STAR-0 to the STAR-1 perspective in the speak nadkfrom the STAR-1 to the STAR-2 per-
spective in the hear mode.

1.1.4 Internal structure of the DBS Conversion Universals

speak mode = hear mode

______________________________________

. mod-free— mod-dep:
order-free—» orderedé

 STAR-0—» STAR-1

. mod-dep— mod-free
ordered— order—freeé

 STAR-1—» STAR-2

L UE

(©2011 Roland Hausser
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1.2 Declarative Specification

1.2.1 Advantages of proplets

1. Flat ordered feature structures are easier to read angdutationally more efficient than recursive feature
structures with unordered attributes.

2. Flat ordered feature structures provide for easy schameation and for easy pattern matching.
3. The combination of a proplet’s core apih value provides a natural primary key for storage in andeeali
from memory.

4. Coding the semantic relations between proplets as asklemakes proplets order-free and therefore
amenable to the needs of one’s database.

5. The semantic relations between proplets enable tineadinavigation along those relations, reintroducing
order and serving as the selective activation of contenieadged in language production and inferencing.

CLUE (©2011 Roland Hausser
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1.2.2 Comparison of language, content, and pattern proplst

German proplet French proplet content proplet pattern pedp
sur: Hund sur: chien [sur: i [sur: ]
noun: dog noun: dog noun: dog noun: o
cat: m-g cat: snm cat: sn cat: sn
sem: sg sem: sg sem: sg sem: sg
fnc: bark fnc: bark fnc: bark fnc:
mod: old mod: old mod: old mod:
 prn: 23  prn: 24 | prn: 25  prn: K|
L LIE
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1.3 Comparison with Other Systems

1.3.1 Summary of differences between DBS and other systems

1. Derivation Order:
The parsing algorithm of DBS, i.e., LA-grammar, uses a syritme-linear derivation order to compute
possible continuations he derivations of Phrase Structure Grammars and Cag@inammars, in contrast,
are partially ordered and compuiessible substitutionsAs a consequence, the application of LA-grammar
to natural language has been shown to be of linear compjexitje the complexity of the other grammar
formalisms is either polynomial but empirically inadecudétontext-free), or computationally intractable
ranging from context-sensitive (exponential) to reclelsivenumerable (undecidable).

2. Ontology:
In DBS, the model of natural language communication is ledahside the speaker-hearer as a software
machine attached to the agent’s external and internafates. In Truth-Conditional Semantics, in contrast,
the speaker-hearer is part of a set-theoretic model, anpracadural metalanguage definitions are used to
connect the language expressions directly to referenteeimiodel. As a consequence, DBS is designed for
a talking robot, while Truth-Conditional Semantics is not.

CLUE (©2011 Roland Hausser
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3.

Elementary Meaning:

In DBS, the agent’s basic recognition and action procedareseused as the elementary meanings of lan-
guage. In Truth-Conditional Semantics, in contrast, elglary meanings are defined in terms of their truth-
conditions relative to a set-theoretic model. As a consecgeiethe meanings in DBS have concrete realiza-
tions in terms of software and hardware procedures, whdsdlof Truth-Conditional Semantics do not.

Database:

In DBS, the content derived in the hear mode or by inferen@rggored in acontent-addressabl@memory,
called Word Bank. Most current applications, in contrasg acoordinate-addressabi@atabase, for exam-
ple, an RDBMS, if they use a database at all. The crucial ptp¢ content-addressable memories is that
they are good for content which is written once and never gednGiven that a cognitive agent is constantly
changing, this seems to be a paradoxical quality. It turnshmuwever, that it is the no-rewrite property which
allows for a simple, powerful definition of inferences in DBS

Data Structure:

DBS uses flat (non-recursive) feature structures with ediexttributes. Current systems of Nativism, in
contrast, use recursive feature structures with unordatteidbutes to model “constituent structure” trees.
Flat feature structures with ordered attributes are of sapeomputational efficiency for a wide range of
operations, such as pattern matching, which is ubiquitolZatabase Semantics.

CLUE (©2011 Roland Hausser
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6. Intention
DBS reconstructs the phenomenon of intention as part of sonamous control designed to maintain the
agent in a state of balance. This is in contrast to other dshafdinguistics and philosophy who refer
eclectically to Grice whenever the need arises, but areiobb to the fact that Grice’s elementary, atomic,
presupposed notion is of little use for the computationabnstruction of intention and, by Grice’s own
definition, of meaning in a cognitive agent.

7. Perspective
The speak and the hear modes in the agent-oriented approB@&Soprovide the foundation for modeling
the perspectives of the speaker/writer and the hearedraadlialogue/text. They are (i) the perspective
of an agent recording a current situation as a content, §pemaker’s perspective on a stored content, anc
(i) the hearer’s perspective on a content transmittedddyiral language. In DBS, the computation of these
perspectives is based on (i) suitable inferences and @iyatues of the agent's STAR parameters 3pace,
Time, Agent,Recipient.

CLUE (©2011 Roland Hausser
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Part I.
Five Mysteries of Natural Language Communication
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2. Mystery Number One: Using Unanalyzed External Surfaces

2.1 Structure of Words

2.1.1 Informal examples showing basic word structure

surface: water eau
convention
meaning: % %
English French

2.1.2 Tasks of learning the words of a foreign language

e learning to recognize and produce the foreign surfacesimibdalities of spoken and written language,
and

e learning the conventional connections between the forgigfaces and meanings familiar from one’s
first language.

CLUE (©2011 Roland Hausser
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2.2 Modality-Dependent Unanalyzed External Surfaces

2.2.1 Production and recognition of a word

cogitive agent B

match
water = --

lexical lookup:
Y

P

" water

|
|
|
|
|
|
|
_____

hear mode

cognitive agent A

surfac realizs
---------- water |=-------

unanalyzed
external
surface

external world

b surface
------ water

A copy surface

_____

speak mode

L UE

(©2011 Roland Hausser
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2.2.2 The First Mechanism of Communication (MoC-1)

MoC-1 Natural language communication relies on modalgpehdenexternal surfacesvhich are lin-
guistically unanalyzed in that they have neither meaningamy grammatical property.

2.2.3 Functional model of natural language communication

A functional model of natural language communication reegi

1. a set of cognitive agents each with (i) a body, (ii) extenmi@rfaces for recognition and action, and (iii) a
memory for the storage and processing of content,

2. aset of external language surfaces which can be recabamproduced by these agents by means of theil
external interfaces using pattern matching,

3. a set of agent-internal (cognitive) surface-meaningspastablished by convention and stored in memory,
whereby the internal surfaces correspond to the exterred,@nd

4. an agent-internal algorithm which constructs complexamggs from elementary ones by establishing se-
mantic relations between them.

CLUE (©2011 Roland Hausser
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2.2.4 Forms of communication without natural language

e endocrinic messaging by means of hormones,
e exocrinic messaging by means of pheromones, for exampla# and
e the use of samples, for example in bees communicating aesofipolien.

2.2.5 Advantages following from MoC-1

1. The modality-free internal meanings attached to themalesurfaces are not restricted by the modality of the
external surfaces.

2. The modality-dependent external surfaces are muctriseited for (i) content transfer and (ii) agent-external
long-term storage than the associated agent-internal imeff@e meanings.

CLUE (©2011 Roland Hausser
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2.3 Modality Conversion in the Speak and Hear Modes

2.3.1INTER-AGENT COMMUNICATION USING SPEECH

agent B in hear mode

unanalyzed
external surface

agent A in speak mo

surface auditory
template modality
type

modality free
internal coding

token

external world

surface
template

type

modality free
internal coding

L UE
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2.3.2 Two kinds of modality conversion

agent reading aloud  external world agent taking dictation  external worlc
auditory auditory
—> . 4— .
modality modality
modality free modality free
internal coding internal coding
visual visual
4— . —> .
modality modality

CLUE (©2011 Roland Hausser
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2.4 Automatic Word Form Recognition

2.4.1 Matching an unanalyzed surface onto a key
unanalyzed word form surface: learns

matching

morphosyntactic analysis:[learn/s, categorization, lemmatization]

CLUE (©2011 Roland Hausser
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2.5 Backbone of the Communication Cycle

2.5.1 Backbone of surface-based information transfer

recognition synthesis
unanalyzed | surface external surface | unanalyzed
surface | template surface template surface
: E A : L
pattern matching (lookup) : . pattern matching (realization)
,’___ R ,’___:___—\
'|internal | | '|internal ||
| surface |, | surface |,
analyzed | | | analyzed
surface | | | surface
| . | .
(word form) . |lexical |  [lexical | (word form)
' |analysis | ' |analysis |
\ I \ |
hear mode speak mode

CLUE (©2011 Roland Hausser
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2.5.2 Interface Equivalence Principle

For unrestricted human-machine communication, the aaiftognitive agent with language (DBS robot)
must be equipped with the same interfaces to the externabament as the human prototype.

2.5.3 Input/Output Equivalence Principle

In natural language interpretation, the artificial agenstamnalyze the
modality-dependent unanalyzed external surface by

(i) segmenting it in the same way into parts (i.e., word forarsd

(i) ordering the parts in the same way (i.e., in a time-lingaguence)

as the human prototype; and accordingly for language ptamuc

CLUE (©2011 Roland Hausser
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3. Mystery Number Two: Natural Language Communication Cycle

3.1 Choosing the Data Structure
3.1.1 Development of the proplet format

211 —= 26.1 — lexical proplet

surface level: eau (— \ sur:eau | surface
: | internal || noun: water| meanin
convention | surf | ' J |
| surtace |, cat: sn f > morpho-syntactic
. ST I : . rO ertleS
meaning level:—ox | — I >eMm. Mass Prop
llexical | fnc: | |
| analysis | mdr: syntactic-semantic
\ - - _-_-_. ! pcC: connections
analyzed nc: to other proplets
word form | prn. B

CLUE (©2011 Roland Hausser
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3.2 Representing Content

3.2.1 Functor-argument ofJulia knows John.
noun: Juli verb: know noun: Joh
fnc: know arg: Julia Joh fnc: know
prn: 625 prn: 625 prn: 625

3.2.2 Turning 3.2.1 into a schema

noun: « verb: 3 noun: -y
fnc: B arg: a -y fnc: B
prn: K prn: K prn: K

3.2.3 Pattern matching between schema 3.2.2 and content 3.2

noun: o [verb: 3 [ noun: -~y
schema level |fnc: 3 arg: a -y fnc: B

| prn: K ] | prn: K ] | prn: K ]
nternal matching
noun: Juli7 [verb: know % [ noun: Joh}

content level |fnc: know arg: Julia John [ fnc: know
| prn: 625 | prn: 625 | prn: 625

CLUE (©2011 Roland Hausser
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3.2.4 Maintaining semantic relations regardless of order

abc

noun: Jul

fnc: know

prn: 625

bca

verb: know

arg: Julia
rn:62

noun: J

J

nQun>~John
fncX know
r: 625
El

fnc: know

prn: 625

acb
noun: Juli
fnc: know
prn: 62
noun: John
fnc: kriow
25
verb: kno
arg: Julia John
r:625
cab
noun: John
fnc: know
rn: 62
noun;dulia
now
n: 625
verb: k

arg: Julia John
rn:625

noun:/John
fnc: know

rn: 625

cha

noun: Joh

L UE
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3.2.5 Coordination structure of Julia sang. Sue slept. John read.

27

[verb: sing ]| [verb: sleep | [verb: read
noun: Juli arg: Julia noun: Su arg: Sue noun: Joh arg: John
fnc: sing nc: (sleep 11) [fnc: sleep nc: (read 12) |fnc: read nc:
prn: 10 pc: prn: 11 pc: (sing 10) | prn: 12 pc: (sleep 11)

| prn: 10 i | prn: 11 i | prn: 12

3.2.6 Turning 3.2.5 into a schema

[verb: 8 ] [verb: § i [verb:
noun: o arg: o noun:-y arg: -y noun: ¢ arg: ¢
fnc: 8 nc: (0 K+1) fnc: 6 nc: (Y K+2) fnc: ¢ nc:
prn: K pc: prn: K+1 pc: (B K) prn: K+2 pc: (6 K+1)
prn: K | | prn: K+1 | | prn: K+2
CLiE
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3.2.7 Functions based on the order-free nature of proplets

1. Hear mode: storage of proplets in the content-addressiathbase of a Word Bank.

2. Think mode: selective activation of proplets stored i@ Yhord Bank by means of a navigation along the
semantic relations between them, reintroducing a timealirorder.

3. Speak mode: production of natural language as a timeflisequence of surfaces based on the selective
activation of a navigation.

4. Query answering: retrieval of content correspondinggoleema.

CLUE (©2011 Roland Hausser



Computational Linguistics and Talking Robots 29

3.3 Hear, Think, and Speak Modes

3.3.1 DBS hear mode derivation oflulia knows John.

Julia knows John ]
lexical lookup | | | |
noun: Julia verb: know noun: John| | verb: .
cat: nm cat: s3' a’ v| | cat: nm cat: v’ decl
fnc: arg: fnc: arg:
prn: prn: prn: prn:

syntactic-semantic parsing

noun: Juliat\>\'ier{<\now_
cat: nm - 83 a v
1 Nom+FV | fno: «+— | arg:
prn: 625 prn:
"noun: Julia | [ verb: knowz\;;xogjohn
cat: nm cat: a’ v .nm
2 FV+Nom | fnc: know arg: Julia 47| fnc:
prn: 625 prn: 625 prn:
"noun: Julia | [verb: know | [noun: John F/erb: .
3 S+|P cat: nm cat: V- cat—Am cat-v' decl
fnc: know arg: Julia John| | fnc: know arg:
prn: 625 prn: 625 prn: 625 prn:
result of syntactic—semantic parsing
noun: Julia verb: know noun: John
cat: nm cat: decl cat: nm
fnc: know arg: Julia John | fnc: know
prn: 625 prn: 625 prn: 625

CLUE (©2011 Roland Hausser
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3.3.2 DBS think mode navigation

1 3
verb: know “potidulia | | nour~John
cat: de ; cat: nm
arg: Julia : fnc: know

me: 625 |

3.3.3 DBS speak mode realization

Julia knows John ‘

4

cat: nm
fnc: know

me: 625 |

CLUE (©2011 Roland Hausser
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3.4 Algorithm of LA-Grammar

3.4.1 LA-hear rule application

I. rule name ii. rule package
Nom+FV {FV+Nom}

lii. ss-pattern iv. nw-pattern

v. resulting s&-pattern

Ule  noun: o [verb: 3 noun: o verb: 3

cat: NP catt NP XVT| = |cat: NP| |cat: XVT
level : :

| fnc:  arg: fnc: 8 arg: o

matching and binding of variables{} output |

‘noun: Julid [verb: know| noun: Juli verb: know,
language |cat: nm cat: s3’a’'v cat: nm cat: a’'v
level fnc: arg: fnc: know arg: Julia

prn: 1 | prn: prn: 1 prn:1
CLiE
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3.4.2 LA-think rule application

I. rule name ii. rule package
VNs {NVs}
lii. current proplet iv. next proplet
rule level [verb: 3 [ noun: o
arg: Xa 'Y = |fnc: B
| prn: K | prn: K
matching and binding of variables 1 U
[verb: know noun: Juli
cat: decl cat: nm
Word Bank level arg: Julia Joh fnc: know
| prn: 625 | prn: 625

CLUE (©2011 Roland Hausser
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3.4.3 LA-speak rule application

I. rule name ii. rule package
NVs {VNs}
lii. current proplet iv. next proplet output
[ noun: o« [verb: 8
rule level know+s
cat: y _ sem:f) 0
fnc: 3 arg:a'Y
| prn: K | prn: K = lex(B )
matching and binding of variables 1 )
[ noun: Juli [verb: know
cat: nm sem. pres
Word Bank level fnc: know arg: Julia Joh
| prn: 625  prn: 625

L UE
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3.4.4THE SECONDMECHANISM OF COMMUNICATION (M0OC-2)

The external time-linear surface order is used for codiragrgnatical relations proplet-internally (hear
mode), while the grammatical relations coded propletrivally are used for coding a time-linear surface
order externally (speak mode).

CLUE (©2011 Roland Hausser
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3.5 Relating Kinds of Proplets to Traditional Parts of Speehb

3.5.1 Traditional parts of speech

1. verb
Includes finite forms likesang and non-finite forms likeinging or sung of main verbs, as well as auxiliaries
like was or had and modals likeeould andshould. Some traditional grammars treat non-finite verb forms
as a separate class calleatticiple.

2. noun
Includes common nouns likable and proper names likiulia. Also, count nouns likbook and mass nouns
like wine are distinguished.

3. adjective

Includes determiners lika(n), the, some, all, andmy as well as adnominals likétle, black, andbeautiful.
Some traditional grammars treat determiners as a sepdasate c

4. adverb
Includes adverbial modifiers likeeautifully and intensifiers likeery.

5. pronoun
Includes nouns with an indexical meaning component su¢hmas, mine, you, yours, he, him, his, she,
her, hers, etc.

CLUE (©2011 Roland Hausser
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6. preposition
Function words which combine with a noun into an adjectivehsason in [the book] on [the table].
7. conjunction
Includes coordinating conjunctions (parataxis) lée and subordinating conjunctions (hypotaxis) ltkat
(introducing subject or object sentence)dren (introducing adverbial sentence).
8. interjection
Includes exclamations likeuch!, greetings likehi!, and answers likges.
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3.5.2 Analyzing different kinds of nouns as lexical proplet

common noun pronoun proper name determiner
[sur: books [sur: they [sur: Julia | [sur: every |
noun: book noun: ¢a noun: Julia noun: n.1
cat: pn cat: pnp cat: nm cat: snp
sem: count p sem: count p sem: sg sem: pl exh
fnc: fnc: fnc: fnc:
mdr: mdr: mdr: mdr:
 prn: |  prn: i  prn: |  prn: |
3.5.3 Anlyazing different adjectives as lexical proplets
adnominal adverbial indexical adjective preposition
[sur: beautiful sur: beautifully] [sur: here [sur:on
adj: beautiful adj: beautiful adj: idx_loc adj:onn_2
cat: adn cat: adv cat: adnv cat: adnv
sem: psv sem: psv sem: sem:
mdd: mdd: mdd: mdd:
 prn: |  prn: |  prn: |  prn:
L LIE
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3.5.4 Relation between theadnv, adn, and adv values in English

adjective [cat: adnv]

on the table
here, fast,

adnominal [cat: adn] adverbial [cat: adv]
beautiful beautifully
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3.5.5 Analyzing different verb forms as lexical proplets

finite main verb finite auxiliary non-finite main verb
"sur: knows ] sur:is i sur: knowing]
verb: know verb: v_1 verb: know
cat: ns3d v cat: ns3béd v cat: d be
sem: ind pre$ sem: ind pres sem: prog
mdr: mdr: mdr:
arg: arg: arg:
 prn: i | prn: i | prn: i

3.5.6 Parts of speech and levels of complexity

elementary phrasal clausal
noun Julia, she the beautiful girl that Fido barked
verb barked could have barked Fido barked.
adj  here, beautiful in the garden When Fido barked

L UE
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3.6 Linguistic Relativism vs. Universal Grammar

3.6.1 Equivalent clauses with different constructions

English: 1don't care.
German: Es ist mir egal. (It is me equal.
Italian:  Mi lascia indifferente. (Me leaves-it indiffereny.
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4. Mystery Number Three: Memory Structure
4.1 Database Schema of a Word Bank

4.1.1 Storing the proplets of 3.2.1 in a Word Bank
member proplets now front  owner proplets

‘noun: Johnd [noun: Johr

cat: nm cat: nm _
fnc: ... fnc: know [Core. JOhﬂ1
|prn: 610 | | prn: 625 |
‘noun: Julid [noun: Julid
cat: nm cat: nm .
fnc: ... fnc: know [core. Juha}
| prn: 605 | | prn: 625 |

verb: know] [verb: know ]|

cat: decl cat: decl [core' knovq

arg. ... arg: Julia Johnp '

prn: 608  prn: 625
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4.2 Retrieving Answers to Questions

4.2.1 Example of a token line

member proplets

noun: girl noun: girl noun: girl noun: girl
fnc: walk fnc: sleep fnc: eat fnc: read
mdr: young| | mdr: blond| | mdr: small| | mdr: smar
prn: 10 prn: 12 prn: 15 prn: 19

4.2.2 Applying a query pattern

noungirl
uery pattern fnc: walk
query mdr: o
prn: K
matching (?)
noun: girl noun: girl noun: girl noun: girl
fnc: walk fnc: sleep fnc: eat fnc: read
mdr: young| | mdr: blond mdr: small mdr: smar
prn: 10 prn: 12 prn: 15 prn: 19

now front owner proplet

[core: girl |

[core:girl |

L UE
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4.3 Reference as a Purely Cognitive Procedure

4.3.1 Model-theoretic reconstruction of reference

natural language expression \
reference / meta—-language

set—theoretic model of the world
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4.3.2 Interfaces and components of an agent with language

sign recognition -
sign synthesiss '

context recognitioh——»|
context action : :

External Reality peripheral cognition

------- Cognitive Agent

...... theory of grammar

-------- theory of language

L UE
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4.3.3 Reference as language-context pattern matching

types
' sur: der Hwﬂ‘d _surzgellte_
| level noun: dog verb: bark
anguage leve e bark arg: dog
prn: 23 prn: 23
reference
sur: sur:
context level | houn: dog verb: bark
fnc: bark . arg: dog
prn: c16 ‘ prn: c16
tokens
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4.4 Coreference-by-Address

4.4.1 Symbolic addresses resulting from copying

 noun: Juliai\:\c/?r%iow_ noun: Julia | [ verb: know |
cat: nm - s3 a v cat: nm cat: a’ v
1Nom+FV | fnc: =« | | arg: result | the’ know arg: Julia
prn: 625 prn: prn: 625 prn: 625
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4.4.2 Coreferential coordination in a Word Bank

noun: Juli ‘noun: (Julia 675
fnc: sleep | ... |fnc: wake ... [core: Julig
prn: 675 | prn: 702
[verb: wake
arg: (Julia 675) ... [core: wake
| prn: 702
verb: slee
arg: Julia | ... ... [core: sleep
prn: 675

4.4.3 Coreferential navigation

verb: slee noun: Juli noun: (Julia 675 3 verb: wake
arg: Julia o fnc: sleep o fnc: wake o |9 (Julia 675
prn: 675 prn: 675 prn: 702 prn: 702
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4.5 Component Structure and Functional Flow

4.5.1 Pattern matching based on the type-token relation

a. Recognition
matching between concept types and raw input

b. Action
matching between concept tokens and concept types

c. Reference
matching between language and context proplets

L UE
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4.5.2 Pattern matching based on restricted variables

a. Natural Language Interpretation
matching between LA-hear rules and language propletsl(3.4.

b. Navigation
matching between LA-think rules and content proplets £3.4.

c. Production from Stored Content
matching between LA-speak rules and content proplets3g.4.

d. Querying
matching between query patterns and content proplet}4.2.

e. Inferencing
matching between inference rules and content proplets3(arid 5.3.4)
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4.5.3 Refined component structure of a cognitive agent

cognitive agent

peripheral
cognition  :  central cognition '
§ : 1 = external recognition
= 5 rule component 5 2 = external action
—= O = : . ..
1 9 5 ; 3 = internal recognition
3 ' T 3 l 7 § 4 = internal action
_§ . ‘ 5 = input to rule component
- , % -~ Word Bank 6 = output of Word Bank |
; : 7 = rule-Word Bank interaction
E 5 8 = Word_Bank-rule interaction
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4.5.4 Integrating diagram 4.3.2 into diagram 4.5.3

cognitive agent

peripheral .- ;
cognition  :  central cognition |
= 5 rule component
1 ) S
O : - - -n -u
= | 7|l T8| 7||l T8||
o .
= 5
- @ ~=— 1883 (88 |
2 - 6 33 g |Ba :
: S o = |@ S S TR Word Bank
o xX| @® |@ D
=% 3 38
Ty [EEE
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4.5.5 The Third Mechanism of Communication (MoC-3)

The operations of cognition in general and of natural laggueommunication in particular require a
memory with a storage and retrieval mechanism supportingx{ensive data coverage, (ii) functional
completeness, and (iii) efficiency which enables real-jpmdormance.
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4.6 Embedding the Cycle of Communication into the Agent

4.6.1 Mapping incoming surfaces into content (hear mode)

surfacess. 1 — Jylia —> knows —> John —>

lexical lookup ¢ ¢ ¢ S, 7

' noun: Julia| .. | verb: know|..| noun: John|

content level: fnc: = |argiom a [ fnci o~ lexical proplets
prn: | [ pm: | [ pmn: B

matching and binding 7
noun: o —| verb-B—_| | noun:y

rulelevel: | fnc: a1 | arga <+ TOC: pattern proplets

prn: | [ prmn: | [ prmn:
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4.6.2 Mapping stored content into surfaces (speak mode)

noun:
rulelevel: | fnc: pattern proplets
rn:
matching and binding 7
content level: 8|
Y
noun: Julia
fnc: know E content proplets
prn: 625 Y
verp~know
arg: Julia Joh
prn: 625
synthesis Y ¢ ' 6
surfaces: Julia knows John
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4.6.3 Inference producing outgoing surfaces

antecedent consequent
rule noun: f3 - hungry noun: (B K)
level fnc: hungry arg: B cm | fnc: eat
prn: K prn: K prn: K+M

matching new content (output
and binding ? ? 8 W (output) /
content | noun: moi verb: hungry noun: moi verb: eat noun: food
level fnc: hungry arg: moi fnc: eat arg: moi food fnc: eat

m: 211 rn: 211 m: 220 m: 220 rn: 220

trigger situation (input :

99 (input) synthesis ¢ ¢ ¢ 6

3,57
surfaces. | would like to eat some food
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5. Mystery Number Four: Autonomous Control

5.1 Pinball Machine Model of Cognition

5.1.1 Definition of meaning by Grice

Definiendum: U meant something by uttering x.

Definiens: For some audience A, U intends his utterance ofpxdduce in A some effect (response) E,
by means of A's recognition of the intention.
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5.1.2 The Fourth Mechanism of Communication (MoC-4)

The language as well as the nonlanguage behavior of a cagadent is driven by the goal of autonomous
control to maintain a continuous state of balance vis a visstantly changing external and internal
environments. The success of autonomous control, shoid-, and long-term, is defined in terms of

survival in the agent’s ecological niche.
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5.2 DBS Inferences for Maintaining Balance

5.2.1 Chaining R, D, and E inferences

1. R:gbehungry K cm 3 eatfood K+1
2. D: 3 eat food K+1 pre [ getfood K+2
3. D: B get food K+2 down S get «, K+3 where « € {apple, pear, salad, steak}
4. E: B get « K+3 exec S locate o at~y K+4
5. E: B locate o at v K+4 exec p take « K+5
6. E: 3 take « K+5 exec [ eat « K+6
7. D: B eat o K+6 up (3 eat food K+7

5.2.2 One-step chain based on an R/E inference

R/E: o feel full K cm/exec « stop eating K+1
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5.2.3 Formal definition and application of a DBS inference

antecedent

[ noun: 3
fnc: hungry
| prn: K

rule
level

 noun: moi |
fnc: hungry
| prn: 211
input

Word
Bank

matching and binding 1

[verb: hungry

arg: 8
 prn: K

[verb: hungny
arg: moi

| prn: 211

cm

consequent

noun: (3 K)
fnc: eat
| prn: K+1

U

[ noun: Moi
fnc: eat
| prn: 211+

output

5.2.4 Sequential Inferencing Principle (SIP)

|

[verb: eat
arg: (8 K) food
| prn: K+1

arg: moi foo

[verb: eat
d

| prn: 211+1

noun: food
fnc: eat

prn: K+1

fnc: eat

[noun: food

prn: 211+1

Any two inferences x and y may be applied in sequence if, amg ibrthe consequent of x equals the

antecedent of y.
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5.2.5 New content derived by the inference chain 5.2.1

rulelevel: B behungry K cm S eatfood K+1 pre
Word Bank: moi be hungry 211 moi eat food 212

B get(food K+1) K+2 down (B geta K+3 exec

moi get (food 212) 213 moi get apple 214

B locate « at-~ K+4 exec p take « K+5 exec
moi locate (apple 214) at cupboard 215 moi take (apple 214) 21

B (eatK+l) « K+6 up [ (eatK+1) (food K+1) K+7

moi (eat 212) (apple 214) 217 moi (eat 212) (food 212) 218

The four double lines should be read as one, i.e., as

rule level: plcm p2pre p3 down p4 exec p5 exec p6 exec p7 up p8
Word Bank:ql g2 g3 g4 g5 g6 q’7 g8.
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5.3 DBS Inferences for Meaning and Event Relations

5.3.1 Inference rule implementing a synonymy

noun: abstradt noun: summar
fnc: o impl | fnc: « wherea e {write, read, discuss, ...}

prn: K prn: K+M

5.3.2 Inference rule implementing an antonymy

adj: goo adj: not ba
mdd: o« | impl | mdd: «

prn: K prn: K+M

5.3.3 Inference rule implementing a cause and effect relain

If a car has no fuel then it does not start

noun: cal |verb: have noun: no fue noun: (car K)| [verb: no star
fnc: have| |arg: carnofue| |fnc: have impl | fnc: no start arg: (car K)

prn: K prn: K prn: K prn: K+M prn: K+M
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5.3.4 Relating summarycar accident to text
The heavy old car hit a beautiful tree. The car had been spgedifarmer gave the driver a lift.

member proplets owner proplets

mdr: (car 1)
| prn: 67

‘noun: acciden
. [core: accidenjt

noun: ca noun: (car 1 [ noun: (car 1)
fnc: hit ] [fnc: speed ] mdd: acciden} . [core: caf
prn: 1 prn: 2 | prn: 67
[verb: hit
arg: car tre% . ... [core: hif
prn: 1
verb: spee
[arg: (car 1)7 ... [core: speefl
prn: 2
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5.3.5 Summary-creating D inference

antecedent consequent
rule noun: o verb: hit noun: 8 noun: (@ K) noun: acciden
level fnc: hit arg.a 8 fnc: hit | sum | mdd: accident | mdr: (o K)
prn: K prn: K prn: K prn: K+M prn: K+M
where« e {car, truck, boat, ship, plane, ...} angl ¢ {tree, rock, wall, mountain, ...}J «
matching and binding M U
noun: ca verb: hit noun: tre noun: (car 1) noun: acciden
Word L _ L _ : _
Bank fnc: hit arg: car tree |fnc: hit mdd: accident | mdr: (car 1)
prn: 1 prn: 1 prn: 1 prn: 67 prn: 67
input output
CLiE
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5.4 Subactivation and Intersection

5.4.1 Trigger concept subactivating corresponding tokenihe

member proplets owner proplet

prn: 20 prn: 32 prn: 55 prn: 79

trigger concept

adj: hot adj: hot adj: hot adj: hot
mdd: potat mdd: wate mdd: potat mdd: day] ... [core: ho] < hot
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5.4.2 Intersecting token lines forhotand potato

member proplets owner proplets
[adj: hot [adj: hot [adj: hot [adj: hot
mdd: potato | [mdd: wate mdd: potato [ [ mdd: da [core:hot]
| prn: 20 | prn: 32 | prn: 55 | prn: 79

‘noun: potato| [noun: potatd [noun: potato] [noun: potat

fnc: look_for | | fnc: cook fnc: find fnc: eat [core' otato]
mdr: hot mdr: big mdr: hot mdd: small P
| prn: 20 | prn: 35 | prn: 55 | prn: 88

5.4.3 Completing an intersection by spreading activation

[verb: look for

noun: John arg: John, potatp nOL_m: potato adj: hot
fnc: look_for
fnc: look_for pc: cook 19 mdr hot mdd: potato

nc: eat 21
| prn: 20

prn: 20 prn: 20

prn: 20
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5.5 Analogical Models for Problem Solving

5.5.1 Two Mary eat intersections

_ verb: eat _ verb: eat
nogn. (Mary 25 arg: (Mary 25)apple 46) nogn. (Mary 25 arg: (Mary 25) (misli 80
fnc: eat : fnc: eat :
m: 48 pc: take 47 - 82 pc: prepare 81
b prn: 48 pri- prn: 82

5.5.2 Subactivation spreading fromMary eatto Mary eat apple

_ verb: eat noun: (apple 4
”0”_'”' (Mary 25 arg: (Mary 25)(apple 46)| [fnc: eat
fnc: eat _ _
m: 48 pc: take 47 eval: attract
prh. prn: 48 prn: 48
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5.5.3 Stored content matching consequent in inference chai

rule level: 3 be hungry Kcm 3 eat food K+1 pre
Word Bank # #

B getfood K+2 down 3 geta K+3  exec
# #

B locatea aty K+4 exec 3 take o K+5 exec
# #

B eat « K+6 up g eatfood K+7
(Mary 25) eat (apple 46) 48 #

L UE
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5.5.4 Extending matching content by secondary subactivain

rule level: S be hungry Kcm S eatfood K+1 pre
Word Bank: # #

B getfood K+2down 3 geta K+3  exec
# #

B locate o at~y K+4 exec
(Mary 25) locate apple atcupboard 46

B take « K+5 exec
(Mary 25) take (apple 46) 47

B eat « K+6 up g eatfood K+7
(Mary 25) eat (apple 46) 48 #
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5.5.5 Transfer and completion

rule level: S be hungry Kcm S eatfood K+1 pre
Word Bank: # #

B getfood K+2down 3 geta K+3  exec
# #

B locate o at~ K+4 exec
moi locate apple atcupboard 91

B take « K+5 exec
moi take (apple 91) 92
B eat « K+6 up B eat food K+7

moi eat (apple 91) 93 moi eat food 94
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5.6 Subjunctive Transfer and Managing the Data Stream

5.6.1 Inference changing subjunctive to imperative conten

[verb: o [verb: o
sem: XshjvY mc sem: Ximpv Y
prn: K i | prn: K+M

~—

fnc: take arg: (apple 91 fnc: take fnc: (take 92 arg: (apple 91 fnc: (take 92

prn: 92 sem:sbjv prn: 92 prn: 95 SEm.Impy prn: 95

[noun: mo] verb: take {noun: (a. 91] {noun: moi % verb: (take 92 [noun: (a. 91%
 prn: 92 | prn: 95
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6. Mystery Number Five: Learning

6.1 Fixed Behavior Agents

6.1.1 Motion patterns of a fixed behavior agent

red green blue
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6.1.2 Coding motion triggered byred as set of proplets

rec: red act: strghi [act: left act: right act: strght| [act: right act: left
prev: prev: red | | prev: strghf [ prev: left prev: right| [prev: strght | prev: right
next: strght | next: left next: right | | next: strghty | next: right| | next: left next:

prn: x; prn: Xo prn: xs prn: X4 prn: xs prn: Xg prn: X;

6.1.3 Coding motion triggered bygreen as set of proplets

rec: green act: strght | [act: left act: strght [act: left act: strght [act: left
prev: prev: greer} | prev: strght [ prev: left | | prev: strghl |prev: left | | prev: strgh
next: strgh next: left next: strght | next: left next: strghf [ next: left next:
prn:yp prn: ys prn:ys prn: ya prn:ys prn: Ye prn:yz

6.1.4 Coding motion triggered byblue as set of proplets

rec: blue act: strght| [act: right act: strght| |[act: right act: strght | [act: right
prev: prev: blue| | prev: strght |prev: right| | prev: strght | prev: right | | prev: strgh
next: strght | next: right| | next: strghtf | next: right| | next: strght | next: strghf{ | next:

prn: z; prn: z prn: z3 prn: z4 prn: z; prn: zg prn: z;
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6.1.5 Variable definition of the LA-actl grammar

T, e{red, green, blue}and €¢{1, 2, 3, ...}
M1 e {strght, left, right}

M2 e {strght, left, right}

K e{x;, Vi z,..;}andi e {1, 2, 3, ...}
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6.1.6 Rule system of the LA-actl grammar

STg =qef{ ( [rec: T,] {Rule_0, Rule-1}) }

Rule_0 {Rule_0, Rule 1}
rec: T, rec: Tp41
next: T,41 prev: T, output position nw
prn: K; prn: K; 1

Rule_1 {Rule_2}
rec: Tp, act: M1
next: M1 prev: T, output position nw
prn: K; prn: K; 41

Rule_2 {Rule_2}
act: M1 act: M2
next: M2 prev: M1 output position nw
prn: K; prn: K; 41

STr =gef{( [next:] rprule_2)}
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6.1.7 Applying Rule_1 of LA-actl to ared trigger

Rule_1 {Rule_2}

rec: T, act: M1

rule level "
next: M1 prev: Tp output position nw
prn: K; prn: K;41

matching and binding

rec: red act: strgh
Word Bank level prev: prev: red

next: strgh next: left

prn: xy prn: X
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6.1.8 Applying Rule_2 of LA-actl to a strght motion

Rule_2 {Rule_2}

rule level act: M1 act: M2
next: M2 prev: M1 output position nw
prn: K; prn: K;41

matching and binding

act: strgh act: left
Word Bank level | PV red Prev. gtrgh

next: left next: right

prn: Xo prn: xs
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6.2 Guided Patterns to Expand a Fixed Behavior Repertoire

6.2.1 New pattern for a fixed behavior agent

red green

6.2.2 Coding motion triggered byred green as set of proplets

rec: red rec: green act: strght act: left act: left act: left act: left

prev: prev: red prev: gree prev: strgh{ | prev: left| |prev: left| [prev: left

next: gree next: strgh next: left next: left next: left| [next: left| |next:

prn: g prn: i prn: o3 prn: oy prn: o prn: o prn: o7
CLiE
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6.2.3 Lexical proplets of an extended fixed behavior agent

rec: re rec: gree rec: blug| [act: strgh{ |[act: left| [act: right

prev: prev: prev: prev: prev: prev:
next: next: next: next: next: next:
prn: prn: prn: prn: prn: prn:

6.2.4 Recognition and lexical lookup of motion pattern 6.2

rec: re rec: gree act: strght [act: left| [act: left] [act: left] [act: left
prev: prev: prev: prev: prev: prev: prev:
next: next: next: next: next: next: next:
prn: g prn: i prn: o3 prn: oy prn: o prn: o prn: o7
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6.2.5 Rule system of the LA-rec1l grammar

STg =qef{ ( [rec: T,] {Rule_0, Rule-1}) }
Rule_0 {Rule_0, Rule_1}

rec: Tp, rec: Tp41 rec: Tp, rec: T,41
next: prev: = [next: T,,4+1 prev: T,
prn: K; prn: K; 41 prn: K; prn: K; 1
Rule_1 {Rule_2}
rec: T, act: M1 rec: Tp, act: M1
next: prev: = | next: M1 prev: Tp
| prn: K; prn: K; 1 prn: K; prn: K; 414
Rule_2 {Rule_2}
act: M1 act: M2 act: M1 act: M2
next: prev: = [ next: M2 prev: M1
| prn: K; prn: K;41 prn: K; prn: K; 41

STr =def{( [next:] rprule_2)}
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6.3 Transition from Fixed to Adaptive Behavior

6.3.1 Extensions required by an adaptive behavior agent

1. Writable memory
In order to record individual recognition action episodés, agent’s non-writable memory must be comple-

mented with a writable memory.

2. Decoupling of recognition and action
The agent must be capable of recognition without having téopa the associated fixed behavior action
(recognition per sg just as there must be action triggered by reasoning rdtt@er by a fixed behavior

stimulus.

3. Unknowns
The agent must be able to recognize and store unknowns tingsi$ previously unencountered constella-

tions of available recognition elements.

4. Appraisal
In order to learn from past experiences, the agent must led@elaluate the implication of recognitions and

the outcome of actions.

5. Automatic schema derivation
In order to generalize over similar constellations, thendgeust be capable of automatic schema derivation.
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6.3.2 Arrangement of writable and non-writable memory

writable memory

non-writable memory

now front  owner proplets
‘rec: blue | [rec: blue [rec: blue ]| [rec: blue ]|
prev: prev: prev: . [blue] prev:
next: strghf | next: strght | next: strght next: strght
| prn: 21 prn: 37 | prn: 55  prn: 71
‘rec: green’| [rec: green| [rec: green] [rec: green]
prev: prev: prev: prev:
next: strght | next: strgh next: strght [greed next: strght
| prn: 14 prn: 38 L prn: 42 |  prn: yp
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6.3.3 Two simpleR/E one-step inference chains

R/E [rec: red square] K cm/exec]act: feed] K+1
R/E [rec: green circle] K cm/exec]act: hide] K+1

6.3.4 Decoupled recognitions and actions

rec: red act: hide
rec: green act: feed
rec: square

rec: circle

6.3.5 Possible constellations when faced with an unknown

1 rec: redcircle act: hide rec: good
2 rec: red circle act: hide rec: bad
3 rec: red circle act: feed rec: good
4 rec: red circle act: feed rec: bad

6.3.6 Consequence inference for negative experienc@l )

rec. « act: 8 rec:bad c¢sq rec:a act:nop

6.3.7 Consequence inference for positive experiencglP)

rec. « act: 8 rec:good csq rec:a act g
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6.4 Upscaling from Coordination to Functor-Argument

6.4.1 Use of propositional calculus in predicate calculus

[pAQ] = dXx[red(x)Acircle(x)]

6.4.2 Integrating functor-argumentin DBS

[adj: red  noun: circle
rec: red rec: circle cat: adn cat: sn
next: circle next: mdd: circle mdr: red
prev: prev: red nc: nc:
prn: 62 prn: 62 pc: pc:

| prn: 62 | prn: 62

Yo' 7 =
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6.4.3 Coding nonlanguage and language content alike

member proplets now front  owner proplets
[ sur: ] [ sur: circles ]
noun: circle noun: (circle 37)
cat: pnp cat: pnp
sem: pl sel sem: pl sel
fnc: fnc: [core: circlg
mdr: red mdr: (red 37)
nc: nc:
pc: pc:
prn: 37 prn: 62
sur: sur: red i
adj: red adj: (red 37)
cat: adn cat: adn
sem: psv sem: psv _
mdd: circle mdd: (circle 37) [core. re(j
nc: nc:
pc: pc:
 prn: 37  prn: 62
CLiE
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6.4.4 The Fifth Mechanism of Communication (MoC-5)

Exporting coordination and functor-argument from languagntent to nonlanguage (context) content,
coded uniformly as sets of proplets, allows us to meefErenceas a pattern matching between language
content and context content in the hear mode, and betwedaxtaontent and language content in the

speak mode.
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6.5 Schema Derivation and Hierarchy Inferencing

6.5.1 Converting a content into an equivalent schema

‘noun: child] [verb:sleep 7 [noun: Fido] [verb: snore 7
cat: snp cat: decl cat: nm cat: decl
sem: plexl] |sem: past sem: animal |sem: past
fnc: sleep arg: child fnc: snore arg: Fido
content
mdr: mdr: mdr: mdr:
nc: nc: (snore 27) |nc: nc:
pc: pc: pc: pc: (sleep 26)
 prn: 26 | prn: 26  prn: 27 | prn: 27 i
<
‘noun: « [verb: 5 7 [noun:y "verb: §
cat: snp cat: decl cat: nm cat: decl
serT1: pl exh sem: past serle anima sem: Past b ereq « {child}, 8 ¢ {sleep},
fnc: g arg: « fnc: 6 arg: v :
schema _ _ _ _ ~ € {Fido}, J e {snore}, and
mdr: mdr: mdr: mdr: K ¢ {26)
nc: nc: (6 K+1) nc: nc: €
pc: pc: pc: pc: (B K)
| prn: K | prn: K | prn: K+1 | prn: K+1
CLiE
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6.5.2 Converting a schema into equivalent contents

schema

<~

noun: «
cat: snp

fnc: B
mdr:
nc:

pC:

| prn: K

Every man slept.
content Every woman slept.
Every child slept.

sem: pl exh

verb: 3 ]
cat: decl
sem: pas
arg: «
mdr:

nc:

pc:

| prn: K

wherea € {man, woman, child},3 e {sleep, sing, dream}

and Ke N

Every man sang.

Every child sang.

Every man dreamed.
Every woman sang. Every woman dreamed.
Every child dreamed.
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6.5.3 Set of contents with partial overlap

Julia eats an apple John eats an apple Suzy eats an appleatBidireapple
Juliaeatsapear Johneatsapear Suzyeatsapear Billeas ape
Juliaeatsasalad Johneatsasalad Suzyeatsasalad Bdlsdisl
Julia eats a steak John eats asteak Suzy eats a steak Balstatk

6.5.4 Summarizing the set 6.5.3 as a schema

noun: o verb: ea noun: 3
fnc: eat arg:a g fnc: eat
prn: K prn: K prn: K

wherea e {Julia, John, Suzy, Bill} and3 e {apple, pear, salad, steak}

L UE
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6.5.5 Coding the subclass relation fofood
noun: foo
fnc: B

prn: K
wherefood e {apple, pear, salad, steak}

6.5.6 Representing the semantic hierarchy 6.5.5 as a tree

food

A

apple  pear salad ste;
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6.5.7 Meta-inference deriving down and up inferences

antecedent consequent 1 consequent 2
noun: HT noun: HT noun: « noun: o noun: HT
fnc: 8 — |[fnc: B down |fnc: (B K) fnc: B up |fnc: (B K)
prn: K prn: K prn: K+M prn: K prn: K+M
where HTe {A, B, C, D, ...} wherea € {A, B, C, D, ...} wherea € {A, B, C, D, ...}

6.5.8 Applying meta-inference 6.5.7 to derive down inferere

antecedent consequent

noun: HT noun: HT noun: o

fnc: B — fnc: B down |fnc: (B K)

prn: K prn: K prn: K+M
where HTe {A, B, C, D, ...} wherea € {A, B, C, D,...}

1+ matching and binding U

noun: foo noun: foo noun: o

fnc: eat fnc: 8 down |fnc: (B K)

prn: K prn: K prn: K+M
where foode {apple, pear, salad, steak} whetee {apple, pear, salad, steak}
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6.5.9 Applying inference for downward traversal

antecedent consequent
noun: foo noun: o
rule level fnc: B down [fnc: (6 K)
prn: K prn: K+M
wherea e {apple, pear, salad, steak}
matching and bindingy U
noun: Julia verb: look for | [noun: food noun: o
content level| fnc: look for arg: Julia food |fnc: look for verb: (look for 18)
prn: 18 prn: 18 prn: 18 prn: 25

6.5.10 Output disjunction of the downward inference 6.5.8

noun: appleor noun: pea noun: sala noun: stea
fnc: (look_for 18) pc: apple pc: pear pc: salad
nc: pear nc: salad nc: steak nc:
prn: 25 prn: 25 prn: 25 prn: 25
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6.5.11 Proposition resulting from downward inference 6.3

noun: (Julia 18) | [verb: (lookfor 18) nogn: appleor no.un: pea no.un: sala
_ _ ) fnc: (look_for 18)| | pc: apple pc: pear
fnc: (look_for 18)| [ arg: (Julia 18) appler _ _ _
- 25 - 25 nc: pear nc: salad nc: steak
prn. prn. prn: 25 prn: 25 prn: 25
6.5.12 Hierarchy-inference for upward traversal
antecedent consequent
noun: o noun: foo
rule level « e {apple, pear, salad, steak} & |fnc: 3 up |fnc: (B K)
prn: K | prn: K+M

matching and binding

noun: Julia verb: prepare noun: sala
content leve| fnc: prepar arg: Julia sala fnc: prepar

prn: 23 prn: 23 prn: 23

noun: food
fnc: (prepare 23

| prn: 29

noun: stea
pc: salad
nc:

prn: 25
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6.6 Natural vs. Artificial Language Learning

6.6.1 One proplet shell taking different core values

proplet shell

sur:
noun: o

cat: pn

sem: count p
fnc:

mdr:

prn:

context proplets

sur:
noun: dog
cat: pn
sem: count p
fnc:
mdr:

 prn:

sur:
noun: book
cat: pn

sem: count p
fnc:

mdr:

| prn: i

sur:
noun: child
cat: pn

sem. count p
fnc:

mdr:

| prn: i

6.6.2 Turning context proplets into language proplets

proplet shell

sur: o’+x
noun: o

cat: pn

sem: count p
fnc:

language proplets

noun: dog
cat: pn

sem: count p
fnc:

[sur: dog+s |

[sur: book+s 7]

noun: book
cat: pn

sem: count p
fnc:

sur: child+ren
noun: child
cat: pn

sem: count pl
fnc:

sur:

noun: apple
cat: pn

sem: count p
fnc:

mdr:

prn:

sur: apple+s]|
noun: apple
cat: pn

sem: count p
fnc:

mdr: mdr: mdr: mdr; mdr:
| prn: i | prn: 1 Lprn: 1 Lprn: | Lprn: i
& &7 =
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6.6.3 Taking sur values from different languages

proplet shell language proplets

sur: o’ i sur: dog 1 [sur:chien 7 [sur:Hund 7 [sur:cane
noun: o noun: dog noun: dog noun: dog noun: dog
cat: sn cat: sn cat: sn cat: sn cat: sn
sem: count sg =- | sem: counts¢ |sem: countsg |[sem: countsg |sem: countsg
fnc: fnc: fnc: fnc: fnc:
mdr: mdr: mdr: mdr: mdr:

 prn: |  prn: 1 Lprn: 1 L[prn: 1 L[prn: i
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6.6.4 Examples usindookin different parts of speech

Mary loves a goodbook(noun).
Mary boolked (verb) a flight to Paris.
Mary is a rathebooksh (ad)) girl.

6.6.5 Core valuebookin noun, verb, and adj proplets

sur: book sur: booked - | :
_ _ sur: bookisH
noun: book verb: book .
_ o adj: book
cat: sn cat: n"a’'v
cat: adn
book— sem: countsq |sem: past _
_ _ sem: psv
fnc: fnc: mdd:
mdr: mdr:
prn:
 prn: 1 L[prn: 1 - -
L LIE
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6.6.6 Examples usinged and squarein different parts of speech

Mary preferred the othaed (noun).
The rising surreddened (verb) the sky.
Mary drankred (adj) wine.

Mary’s house faces square(noun).
Mary squarel (verb) her account.
Mary bought asquare(ad)) table.
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6.6.7 Core values in syntactic-semantic composition

booky the red, square
booky the squarg reda
booky the squarg redy
square the redy, booky
square the book; reds
square the book, redy
redder; the squarg booky
redder; the book; squarg
redder; the book; square
etc.
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6.6.8 Cognitive procedures using placeholder core values

1. The time-linear syntactic-semaninterpretationin the hear mode,
2. thestorageof content provided by recognition and inferencing in theriMBank,
3. the navigation-based semantic-syntaptaductionin the speak mode,

4. the definition of sucmeaning relation®s synonymy, antonymy, hypernymy, hyponymy, meronymy, anc
holonymy as well as cause-effect,

5. the design and implementation of reactor, deductor, #rdterinferences

6. the design and implementation of language inferencesdjustingperspective
and

7. theinteractionbetween the context and language levels
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6.6.9 Learning a new word

stage 1 stage 2
| sur:, zébre |
//ﬁ:: zebra
fnc:
- : — language level
zebre ——» zebre cat: sg guag
mdr;
| prn: B
sur: ] sur: ]
noun: zebra noun: zebra
zebra —»| | INC: fnc: context level
cat: sg cat: sg
mdr; mdr;
 prn: 465 | prn: 465
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Part Il.
The Coding of Content
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/. Compositional Semantics
7.1 Forms of Graphical Representation

7.1.1 Comparing representations of the subject-verb reladn

Julia slept
Phrase Structure Grammar Dependency Grammar D
/S\ sleep /sleep
NP VP Julia Julia
Julia slept
CLiE
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7.1.2 Comparing determiner-adjective-noun constructios

The little girl slept.

Phrase Structure Grammar Dependency Grammar
sleep
girl

DET/A[‘)J\ N slept / \

| | | the little
the little girl

DBS

sleep

e

girl

little

L UE
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7.2 Absorption and Precipitation of Function Words

7.2.1 Function words with different lexical readings

la.Mary has a house by the lake.
1b. The book was read by Mary.

2a.Mary moved to Paris.
2b. Mary tried to sleep.

7.2.2 Correlating elementary/phrasal surfaces and contds

elementary surface phrasal surface phrasal surface
Julia the qirl the little girl
elementary content elementary content phrasal content
[ noun: Julig [ noun: girl | ‘noun: girl | [noun: little]
cat: nm cat: snp cat: snp cat: adn
sem: sg sem: def sq sem: defsg |sem: psv
fnc: sleep fnc: sleep fnc: sleep mdd: girl
mdr: mdr: mdr: little nc:
 prn: 1 i  prn: 2 i | prn: 3 1 Lprn:3
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7.2.3 Hear mode derivation ofThe little girl ate an apple.

the little girl ate an apple .
lexical lookup | | _ | [ | | [ _
noun: n_1| |adj: little ||noun: girl ||verb: eat | \noun: n_2 noun: apple| |verb: .
sem: def ||cat:adn ||cat: sn cat: n’ a’ v [sem: indef sg |cat: sn cat: v’ decl
fnc: sem: psv | |sem: count| [sem: past| |fnc: sem: count | |sem:
mdr: mdd: fnc: arg: mdr: fnc: arg:
prn: prn: prn: prn: prn: prn: prn:
syntactic—semantic parsing
noun: n_1 '
sem: def
1 |fnc: /
mdr:
prn: 7
noun: n_ 1 adj:-little —noun: girl
sem: defwecatadn—rrecat<Sg
2 |fnc: sem: psv | ,gem: count
mdr: little || mdd: n_#] |fnc:
prn: 7 prn: 7 prn:
noun: girl-{ladj: little verbreat

sem:def sg @dﬁx/ cat: n’ a’ \

3 |fnc: «—]sem: psv \ sem: past

mdr: little | |mdd: girl arg™~
prn: 7 prn: 7 prn:
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noun: girl | |adj: little verb: eat | [noun;n_2
sem:def sg |cat: adn cat: a' v %def sg
4 |fnc: eat sem: psv sem: past|+fnc:
mdr: little | |mdd: girl arg: girl A\ Imdr:
prn: 7 prn: 7 prn: 7 prn:
noun: girl | |adj: little verb: eat noun: n_2-<—+houp:apple
sem:def sg |cat: adn cat: v cat: snp /t{:s/n
5 |fnc: eat sem: psv sem: past W sem: sg
mdr: little | |mdd: girl arg: girl n_2|«mc. eat fnc:
prn: 7 prn: 7 prn: 7 prn: 7 prn:
noun: girl | |ad;j: little verb: eat noun: apple 'verb: . |
sem:def sg |cat: adn cat: v cat: snp eat: v’ decl
6 |fnc: eat sem: psv sem: past sem: indef sg sem:
mdr: little | |mdd: girl arg: girl apple | |fnc: eat arg:
prn: 7 prn: 7 prn: 7 prn: 7 prn:
resulting content - -
noun: girl | |adj: little verb: eat noun: apple
sem:def sg |cat: adn cat: decl cat: snp
fnc: eat sem: psv sem: past sem: indef sg
mdr: little | |mdd: girl arg: girl apple | |[fnc: eat
prn:7 || pm:7 | prn: 7 lpm: 7 B
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7.2.4 Comparing different function word absorptions

determiner—noun preposition—determiner—noun
the garden in the garden
lexical lookup | | | | |
noun: n_1/ | noun: garden adj:inn_2 noun: n_1 noun: garder
cat: np cat: sn cat: adnv cat: np cat: sn
sem: def sem: sg sem: sem: def | | sem: sg
fnc: fnc: mdd: fnc: fnc:
prn: prn: prn: prn: prn
syntactic—semantic parsing
noun: n_le+noun:-garden adj: in n_Zj-——neHn:—n_l
cat: np— eat: sn cat: adnv-——r+ecat—np
1| sem: def sem: sg 1 sem:. - sem:-def
fnc: fnc: mdd: fnc:
prn: 4 prn: prn: 5 prn:
result — . garden adj; inn_1- pouR: garder
cat: snp 2 cat: adn:/ NP gat: sn
sem: def sg sem: def= sem:-sg
fne: mdd: fnc:
prn: 4 prn: 5 B prn B
— - result _ _
adj: in_garden
cat: adnv snp
sem: def sg
mdd:
prn: 5
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7.2.5 Prepositional phrase as elementary adjective

sleep sleep

N/i 2 /

Julia  in_garden Julia there
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108

7.3.1 On relating proplet sets to DBS graphs

e What s the nature of the relation between the proplet reptesion of a content and the corresponding
SRG or signature?

e Can an SRG or a signature be derived automatically from afsptoplets representing a certain
content?
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7.3.2 Content corresponding tal he little girl ate an apple.

[ noun: girl |
sem: def sg
fnc: eat
mdr: little
 prn: 7

7.3.3 Schemata interpreting transparent intraprop. relaions

(1) nouryverb

fnc: B

(5) noun— noun

nc: g

[adj: little ]
cat: adn

sem: psv
mdd: girl

[verb: eat

 prn: 7

| prn: 7

cat: decl
sem: past

arg: girl apple

(2) nounverb
noun:«| |verb:g noun:«| |verb:g adj: «
arg:a X fnc: B arg:v X « mdd: 8

(6) verb-verb
noun: o noun: 3 verb:a| |verb: g
pc: o nc: g pc: o

‘noun: apple ]
cat: snp
sem: indef sg
fnc: eat

 prn: 7

(3) adjectivenoun

(7) adjective-adjective

s

noun: 3
mdr: Xa Y

adj: 8
pc: o

|

(4) adjectivpverb

I

adj: «
mdd: 3

I

verb: g
mdr: Xa Y

|
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7.3.4 DBS graph based on proplets (proplet graph)

‘noun: girl

sem: def sg
fnc: eat
mdr: little

prn: 7 B
adj: little
cat: adn
sem: pos
mdd: girl
prn: 7

'verb: eat
cat: decl
sem: past

arg: girl apple

prn: 7

N

noun: apple
cat: snp
sem: indef sg
fnc: eat

prn: 7

L UE
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7.3.5 Resulting SRG and signature

(i) semantic relations graph (SRG) (ii) signature

PaN PaN
girl apple |‘\| N
Iitt}e A

7.3.6 The seven transparent semantic relations of structar

subject-verb: 1. MV
object-verb: 2. NV
adjective-noun: 3. N
adjective-verb: 4. N/
conjunct-conjunct: 5. N-N
6. V-V
7. A—A
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7.4 Producing Natural Language Surfaces from Content

7.4.1 The four DBS views on a content and its surface

(i) semantic relations graph (SRG) (i) numbered arcs graph (NAG)
eat AN
/ \ /‘ 6
y/ /47 5\
girl apple gl “~apple
©2 |3
Iitt}e Aittle -

(i) signature

V
/ \ (iv) surface realization
N N
‘ 1 2 3 4 5 6
A The little  girl ate an__apple
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7.4.2 Numbered arcs graph based on proplets (proplet NAG)

fnc: eat
mdr: little

'noun: girl
sem: def sg

. |cat:adn | .
'sem: pos |

prn: 7 B
‘ 3
adj: little |

mdd: girl
prn: 7

proplet NAG

'verb: eat
cat: decl

arg: girl apple

e
v 4

prn: 7 |

5

sem: past ... .

AN

noun: apple
cat: snp
sem: indef sg
fnc: eat

prn: 7
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7.4.3 LA-speak grammar for the proplet NAG 7.4.2

0. START

rule level

content leve

[verb: o
arg: X
| prn: K

[verb: eat
cat: decl
sem: past

arg: girl apple

 prn: 7

1. DET-ADN

rule level

content leve

[verb: o
arg: XgY
prn: K

[verb: eat
cat: decl
sem: past

arg: girl apple

{ADN}

‘noun: 8]
sem:y
fnc: o
mdr: 6
 prn: K|
‘noun: girl |
sem: def s
fnc: eat
mdr: little

 prn: 7

 prn: 7

{DET-ADN, DET-CN }

the

= lex()

L UE
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2. ADN {CN}
- di little
noun: 3 a J: < 0
. cat: v
rule level mdr: Xa'Y \ = lex(a )
prn: K mdd: &
- | prn: K
‘noun: girl | [adj: little ]
sem: def sg |cat: adn
content leve| fnc: eat sem: psv
mdr: little mdd: girl
 prn: 7 | Lprn: 7
3.CN {FV, PNC}
- _ girl
[adj: o (r:lgﬁn.ﬁ 0
rule level | mdd: 3 T = lex(8 )
orn: K mdr: «
- prn: K

[adj: little] [noun: girl]
cat: adn | |cat: sn
content leve| sem: psv| |fnc: eat
mdd: girl| | mdr: little
 prn: 7  prn: 7
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4. FV

noun: 3
rule level fnc: o
| prn: K

‘noun: girl |
sem: def sg
content level fnc: eat

mdr: little

[verb: o
arg:8Y
sem:~y

| prn: K

[verb: eat
cat: decl
sem: past

arg: girl appl¢

 prn: 7

5. DET-CN

[verb: o
rule level arg: XgY
| prn: K

[verb: eat
cat: decl
content leve| sem: past

 prn: 7

 prn: 7

{FV, PNC}
[noun: 3 |
sem:~y
fnc: o
mdr: NIL
| prn: K

fnc: eat

arg: girl applg | mdr:

 prn: 7

[ noun: apple ]
sem: indef sg

{DET-ADJ, DET-CN}

ate

i
= lex(a )

an apple

1
= lex(y B)
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6. PNC

rule level

content leve

noun: 3
fnc:
| prn: K

‘noun: apple ]
sem: indef sg
fnc: eat
mdr:

{PNC-START}

[verb: o
cat: PNC
arg: X3
| prn: K

[verb: eat
cat: decl
sem: past

arg: girl apple

 prn: 7

 prn: 7

1
= lex(PNC)
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7.4.4 Representing an extrapropositional coordination

(i) semantic relations graph (SRG) (i) numbered arcs graph (NAG)
sleep——sing read

/ / / Q_,‘.\slee'pifsing"‘6 -:fread
1o AL T TG
Vﬁ' y 5. g8 .

Julia Susanne John

Julia Susanne John
(i) signature
V V V (iv) surface realization
/ / / 0-1 2 3-4 5 6-7 8
N N N Julia slept . Susanne sang . John read .
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7.4.5 Russian word order based on alternative traversals

() SRG
find
dog/ \bone

(ii) signature

N

(iii) NAGs
(@ ga
2—find L
dog *bone
)
dog "bone

(iv) surface realizations

(1) 0-1 2 3 4
dog find bone .

(2) 0-1 2-3 4
dog bone find__ -

3) O 1 2-3 4
find dog bone

4) O 1 2-3 4
find bone dog

B) 0-1 2 3 4
bone find dog -

6) 0-1 2-3 4
bone dog find -
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7.5 Transparent vs. Opaque Functor-Argument

7.5.1 Extra- vs. intrapropositional FA structures

sentential subject

V

V N

That Fido barked surprised Mary.

corresponding simple subject

Vv

7N

N N

The answer surprised Mary.

sentential object

Vv

Mary heard that Fido barked.

corresponding simple object

\

7N

N N

Mary heard the answer.

sentential adverbial

)

Mary smiled happily.

L UE
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7.5.2 Proplet representation ofThat Fido barked surprised Mary.

‘noun: Fidg] [verb: bark 1 [verb: surprise 1 [noun: Mary]
cat: nm cat: v cat: decl cat: nm
sem: sg sem: past sem: past sem: sg
fnc: bark arg: Fido arg: (bark 27) Mary [fnc: surprisg
mdr: fnc: (surprise 28) [ mdr: mdr:

prn: 27 | [ prn: 27 | Lprn: 28 | Lprn: 28
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7.5.3 Three-place verb with prepositional phrase as objectJulia put the flowers in a vase.

(i) semantic relations graph (SRG) (i) numbered arcs graph (NAC
put
Julia  flower in_vase Julia  flower “in_vase

(ii) signature

(iv) surface realization

V
/ \\ 1 2 3 4-5 6
N N A :

Julia  put the_flowers in_a_vase

7.5.4 Opaque intrapropositional object, content of 7.5.3

‘noun: Julid [verb: put 1 [noun: flowerl [adj: in.vase ]
cat: nm cat: decl cat: sn cat: adnv snp
sem: sg sem: past sem: def pl sem: indef sg
fnc: put arg: Julia flower invase| | fnc: put fnc: put

mdr: mdr: mdr: mdr:

prn: 26 | | prn: 26 | Lprn: 26 | |Lprn: 26
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7.5.5 Hear mode derivation ofJulia is a doctor.

Julia is a doctor .

lexical lookup | \ \ \ |

noun: Julia | |verb: v_1 noun: n_1 noun: doctor | |verb: .

cat: nm cat: ns3’ be’ v| |cat: snp cat: sn cat: v’ decl

fnc: sem: be pres | [sem: indef sg |sem: sg arg:

mdr: arg: fnc: fnc: mdr:

prn: prn: prn: prn: prn:
syntactic-semantic parsing

noun: Julia{ |verb:v_1

cat: nm >f%\SIS’ be’v

fnc: sem: be pres

mdr: arg:

prn: 38 prn:

noun: Julia | |verb: v_l<—-/Hneun: n_1

cat: nm cat; hev——|lcat: snp

fnc: v_1--—T sem: be preserrsem: indef sg

mdr: arg: Julia mdr:

prn: 38 prn: 38 prn:

noun: Julia | |verb: n_1- tredr-doctor

cat: nm cat: sn

fnc: n_1-=—T7 sem: sg

mdr: arg: Julia fnc:

prn: 38 prn: 38 prn:

noun: Julia | |verb: doctor verb: .

cat: nm cat: snp v -V’ decl

fnc: doctor | |[sem: be pres indef s arg:

mdr: arg: Julia mdr:

prn: 38 prn: 38 prn:
result B -

noun: Julia | |verb: doctor

cat: nm cat: snp decl

fnc: doctor | |[sem: be pres indef s

mdr: arg: Julia

prn: 38 prn: 38
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7.5.6 DBS graph analysis odulia is a doctor.

(i) semantic relations graph (SRG)
doctor

/

Julia

(ii) signature

V

/

N

(iii) numbered arcs graph (NAC
.- doctor

(iv) surface realization

1 2
Julia is_a doctor .
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7.6 Possible and Actual Semantic Relations of Structure

7.6.1 Transparent and opaque relations beginning with N

N/N ?
N/V subject/verb (transparent)
N/A ?
N\N 2
N\V object\verb (transparent)
N\A ?
NIN 2
N\
NJA ?

©Ooo~N OO0 WDNPR

10 N—N noun-noun conjunction (transparent)
11 N-V ?
12 N—A ?
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7.6.2 Transparent and opaque relations beginning with V

V/N ?

V/V infinitive_subjecyverb (opaque)

V/A ?

VAN ?

V\V infinitive_object\verb (opaque)

V\A ?

V|N progressiveverbnoun, infinitivgnoun (opaque)
VIV ?

VIA ?

10 V—-N ?
11 V—V verb—verb (transparent)
12 V-A ?

©Ooo~N OO0k WDNPR
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7.6.3 Transparent and opaque relations beginning with A

©Ooo~N OO0k WDNPR

10 A—N
11 A—V
12 A—A

A/N
A/V
A/A

A\N
A\V
A\A
AN
AV
AlA

repositionalobject\verb (opaque)

N T D N NN

adj|noun (transparent)

adj|verb (transparent)

?

?

?

adj-adj coordination (transparent)
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7.6.4 Transparent vs. opaque intrapropositional relatiors

transparent intrapropositional relations

N/V (subject/verb)
N\V (object\verb)
A|N (adjnoun)
A|V (adj|verb)
N—N (noun—noun)
V-V (verb—verb)
A—A (add-ad))

NOo kWD E

opaque intrapropositional relations

8. V/V (infinitive _subjecy/ verb)

9. V\V (infinitive _object\verb)

10. V|N (progressiveverb/noun, infinitivg noun)
11. A\V (prepositionalobject\verb)
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7.6.5 Extrapropositional relations of English

12 V/.,V sententialsubjecy,verb (opaque)

13 V\,V sententialobject .verb (opaque)

14 V|,N sententialadnominal,noun, a.k.a. relative clause (opaque)
15 V|,V sententialadverbial,.verb (opaque)

16 V—_,V extrapropositional,coordination (transparent)
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7.6.6 Content analysis corresponding to a 20-word sentence

(i) semantic relations graph (SRG) (ii) signature (iif) numbered arcs graph (NAG)

_ 0\
—— persuade \ —O persuade

find buy woman

\\ N ~-find .. '
SN e T
AT \23"
/‘ \ \ ‘ J 7d .& \14‘15
dog quickly bone collar pretty A og qwckly Bone \col ar pretty

N A N N
‘ ‘ .;' 3 6"' 19 22

(iv) surface realization

1 2 3 4 5-6 7 8 9-10 11-12
That the little black dog found the bone  quickly persuaded

13 14 15 16-17 18 19 20 21-22 23-24
the pretty woman  to_buy a nice new collar
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8. Simultaneous Amalgamation

8.1 Intuitive Outline of LA-Content

8.1.1 Simultaneous amalgamation of content correspondirtg English The little black dog found the bone
quickly.

1. dog 3. dog 5. find
N/V
AIN / \
little little -2=A hlack dog quickly bone
2. find 4., find little —— black
\N\V A|V‘ \

bone quickly bone
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8.1.2 Steps of an elementary amalgamation

132

1. Raw data provided by the agent’s visual, auditory, andmqlerception components are classified by concep
types provided by the agent's memory, based on the prinofddest match — as in a Rorschach test.

2. The instantiated concept tokens are embedded into N,A/pooplet shells (6.6.1, 6.6.6).

3. Selected pairs of nodes resulting from 2 are connectduthat they form one of the 16 elementary signa-
turesdefined in 7.6.4 and 7.6.5.
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8.1.3 Unambiguous and ambiguous input to signatures

Unambiguous match for {A, N}
3. A|N (e.g. little|dog)

Unambiguous match for {N, N}

5. N—N (e.g.,man—woman)

Unambiguous match for {A, A}

7. A—A (e.g.,little—black)

Ambiguous match for {A, V}

4. AV (e.g.,beautifully|sing)

11. A\V (e.g.,in_vase)\ put)
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Ambiguous match for {N, V}
1. N/V (e.g.,John/gave)
2. N\V (e.g.,Mary\gave)
10. V|N (e.g.,burning|fire, to_help|desire)
14. V|.N (e.g.,who_loves|Mary)

Ambiguous match for {V, V}

6. V-V (e.g.,walk—talk)

8. V/V (e.g.,to_err/is)

9. V\V (e.g.,to_read\try)

12. V/,V (e.g.,that_bark/surprise)
13. V\,V (e.g.,that_bark\ hear)
15. V|,V (e.g.,when_bark|smile)
16. V—,V (e.g.,sleep—read)
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8.1.4 Interaction of five cognitive procedures

(i) external language (iv) external language

surface (input) surface (output)
time-linear time-linear

order—free content

free—orde Utime—linear time-linear

(vi) external non-languagé (i) navigating (v) external non—-language
input (i) inferencing output
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8.2 Formal Definition of LA-Content

8.2.1 Definition of LA-content

STs =gef {([RA: o] {rules 1-16})}

noun: o verb: g noun: o verb: g
1. N/V: |[fnc: arg: = |fnc: B arg:« | {rules 2—-6 and 8-16}
prn: prn: prn: K prn: K

noun: o verb: g noun: o verb: g
2. N\V: |fnc: arg: X | = |[fnc: 3 arg: Xa | {rules 1-6, and 8-16}

prn: prn: prn: K prn: K

adj: « noun: 8 adj: « noun: 8
3. mdd: mdr: = | mdd:j3 mdr: o« | {rules 1-2,4-7,10-11, and 14}

prn: prn: prn: K prn: K

adj: o verb: 5 adj: o verb: 8
4. AlV: [mdd: mdr: = |mdd: g mdr: « | {rules 1-4 and 6-16}

prn: prn: prn: K prn: K
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noun: o noun: 3 noun: o noun: 3
5. N—N: [nc: pc: = |nc: g pC: o {rules 1-3, 5, 10, 14}
prn: prn: prn: K prn: K

verb: o verb: 8 verb: o verb: 3
6. V-V: [nc: pc: = |nc:g pc:a | {rules1-2, 4, 6, 8-16}
prn: prn: prn: K prn: K

adj: o adj: 8 adj: « adj: 8
7. A—A: |nc: pc: = |nc:p pc:a | {3-4,7, 11}
prn: prn: prn: K prn: K

verb: o verb: g \;?rp: . verb: 8
8. V/V: |arg: arg: = J arg:a | {rules 2, 4, 6, 9-16}

prn: prn: :)nr(r;1 i prn: K

verb: o verb: g \;?rp: . verb: 8
9. V\V: |arg: arg: X | = 9- arg: Xa | {rules 1-2, 4, 6, 8-16}

prn: prn: :)nr(r;1 i prn: K
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verb: o noun: 3 verb: « noun: 3
10. V|N: |arg: mdr: = |mdd: g mdr: o« | {rules 1-6 and 8-16}

prn: prn: prn: k prn: K

adj: o verb: 8 adj: « verb: 5
11. A\V: |mdd: arg: X | = |[fnc: B arg: Xa | {rules 1-4 and 6-16}
prn: prn: prn: K prn: K

verb: o verb: 3 verb:a verb: 3
12. V/;:V: |arg: arg: = arg.: arg: (« K) | {rules1-2, 4, 6, 8-11, 13-16}
fnc: (B K+1)
prn: prn: orm: K prn: K+1
verb: o verb: 8 verb: o verb: 3
13. V\zV: |arg: arg: = arg.: arg: X (a K) | {rules 1-2, 4, 6, 8-16}
fnc: (6 K+1)
prn: prn: orn: K prn: K+1
verb: « noun: 3 verb:a noun: 3
14. V|N: [arg: ] [mdr: ] = ;rgd (3 K) [mdr: (« K+1)] {rules 1-6 and 8-16}
prn: prn: orn: K+1 prn: K
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verb: o verb: 3 \r/r?c:l: . verb: 3
15. V|,V: |[mdr: mdr: X | = N mdr: X (a K) | {rules 1-2, 4, 6, 8-16}
[prn: ] [prn: ] mdd: (5 K+1) [prn: K+1 ]
prn: K
verb: o verb: 3 verb: o verb: 8
16. V—,V: |nc: pc: = | nc: (6 K+1) pc: (« K) | {rules 1-2, 4, 6, 8-16}
prn: prn: prn: K prn: K+1

STr =ges {([cat: X] 1P y1es1——16}

CLUE (©2011 Roland Hausser



Computational Linguistics and Talking Robots 140

8.3 Linear Complexity of LA-Content

8.3.1 Recursive structures in natural language

1. Intrapropositional coordination
Examples: (i)The man, the woman, the child, ..., and the cat (noun coordination); cf. rule 5 (NN) in
8.2.1. (ii) Peter bought, peeled, cooked, cut, spiced, served, ..., and ate the potatoes (verb coordi-
nation); cf. rule 6 (\=V). (iii) The fuzzy clever little black hungry ... dog (adnominal coordination); cf.
rule 7 (A—A).

2. Extrapropositional coordination
Example: Julia slept. Susanne sang. John read.; cf. rule 16 (V—_,V) in 8.2.1, 3.2.5 for a proplet
representation, and 7.4.4 for a DBS analysis.

3. lterated object sentences
Example: John said that Bill believes that Mary suspects that Suzy knows that Lucy loves Tom;
cf. rule 13 (W\,V) in 8.2.1, and 9.4.1 for a DBS analysis. Related are thetcoctsons ofunboundedr
long distance dependencsuch asVho did John say that Bill believes that Mary suspects that Suzy
knows that Lucy loves?, which are analyzed in 9.4.2. Iterated object sentencesaisayserve as a subject
sentence, as imhat Bill believes that Mary suspects that Suzy knows that Lucy loves Tom surprised
John.
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4.

Iterated relative clauses
Example:The man who loves the woman who feeds the child who has a cat is sleeping; cf. rule 14
(V|:N)in 8.2.1, and 9.3.3 for a DBS analysis.

Gapping constructions

Examples: (i)Bob ate an apple, walked the dog, read the paper, had a beer, called Mary, ..., and
took a nap. (subject gapping); cf. rule 1 (W) in 8.2.1 and 9.5.5 for a DBS analysis. (Bob ate an
apple, Jim a pear, Bill a peach, Suzy some grapes, ..., and Tom a tomato. (verb gapping); cf. rules
1 (N/V) and 2 (N\V), and 9.5.3 for a DBS analysis. (iiBob bought, Jim peeled, Bill sliced, Peter
served, and Suzy ate the peach (object gapping); cf. rule 2 (NV), and 9.6.3 for a DBS analysis. (iv)
Bob ate the red, the green, and the blue berries. (noun gapping); cf. rule 3 (IN), and 9.6.5 for a DBS
analysis.

Iterated prepositional phrases
Example:Julia ate the apple on the table behind the tree in the garden ...; cf. rule 3 (A|N) in 8.2.1,
and 7.2.4 for a partial DBS analysis.
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8.4 Infinitive Content Constructions

8.4.1 Hear mode derivation ofJohn tried to read a book

John tried to read a book .
lexical lookup | | | | | | |
noun: John| |verb: try ||verb:v_1||verb: read noun: n_1 | [noun: book] [pnc:
cat: nm cat: n’a’ v||cat: inf cat: n—s3’ a’ y|cat: sn’ snp | |cat: sn cat: v' decl
sem: sg arg: fnc: arg: sem: indef sg |sem: sg prn:
fnc: mdr: arg: mdr: fnc: fnc:
prn: prn: prn: prn: prn: prn:

syntactic—semantic parsing

'noun: John] verb; ry h
cat: nm nav
1 [sem: arg:

fnc: iy mdr:

prn: 32 prn:
noun: John{|verb: try_| |verb;v_1
cat: nm ﬁt\a’{m }@
2 |sem:sg arg: Johm#{fnc:
fnc: try mdr: arg:
prn: 32 prn: 32 prn:

P . 1 v . [\ . 1] _\IQI"I"\' r
noun: John| |verb: try verb:v_1 y,.ead

cat: nm cat: v ;W’ cat: n-s3’ a’
3 [sem: sg arg: John v_Isfnc: try arg:

fnc: try mdr: arg: John| |mdr:
prn: 32 prn: 32 prn: 32 prn:
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result

noun: John
cat: nm
sem: sg
fnc: try
prn: 32

noun: John
cat: nm
sem: sg
fnc: try
prn: 32

noun: John
cat: nm
sem: sg
fnc: try
prn: 32

noun: John
cat: nm
sem: sg
fnc: try

prn: 32

cat— decl

mdr:
prn: 32

verb: try
cat: decl
arg: John read
mdr:

prn: 32

arg: John book
prn: 32

verb: read

cat: inf
fnc: try
arg: John book

fnc: read
prn: 32

noun: book
cat: snp
sem: indef sg
fnc: read

prn: 32

prn: 32

verb: try 'verb: rea noun:n_1
cat: v cat: inf m" ;nfp
arg: John read |fnc: try em: Indet sg
mdr: arg: Joh \fgr%*
prn: 32 prn: 32 prn. ]
'verb:try | [verb: read | noun: n_l-] @n book ]
cat: v cat: inf cat: sn<snp—teat-sn
arg: John read |fnc: try /m;‘rsg sem:
mdr: arg: John n_1- fnc: fnc:
prn: 32 prn: 32 prn: 32 prn:
verb: try | [verb: read ] 'noun: book | _pnc:
cat: v - cat:inf cat: snp
arg: John read |fnc: try sem: indef sg prn:
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8.4.2 Content representation of an infinitive construction

cat: nm
sem: sg
fnc: try
 prn: 32

8.4.3 Schema characterizing an elementary W signature

noun: Johr

[verb: try
cat: decl
arg: John rea
mdr:

| prn: 32

[verb: read
cat: inf

fnc: try

arg: John bool

7\

| prn: 32

noun: book ]
cat: snp
sem: indef sg
fnc: read

| prn: 32

(9) verb\verb

;‘/r?(:'b;ﬁ {verb: o) ]

arg:v X arg:y Y

toread try (examples of matching proplets for illustration only)
CLiE
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8.4.4 DBS graph analysis of a content corresponding tdohn tried to read a book

(i) semantic relations graph (SRG)
try

N

read

N

John book

(ii) signature

Vv

/\V
N\

N N

(i) numbered arcs graph (NAG)

(iv) surface realization

1 2 3 4 5—¢

John tried to _read a_ book
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8.5 Selectional Constellations of Elementary Signatures

8.5.1Try class infinitive constructions

nominal objectJohn tried a cookie.

one-place infinitive objectlohn tried to sleep.

two-place inf. objectJohn tried to read a book.

three-place inf. objectlohn tried to give Mary a kiss.

inf. with prepositional objectiulia tried to put the flower in a vase.

inf. with object sentence recursiodulia tried to say that Bill believes that Mary suspects that Susy
knows that Lucy loves Tom. ...

o gk wwbdE
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8.5.2 Definition oftry class infinitives

verb\verb nounyverb
ver.b: g verb: o noun: S| |verb: o
fnc: o arg:v 3 fnc: « arg:v
arg:v X 9-7 ' al
to read try cookie try (examples of matching proplets, for illustration only)

wherea e {begin, can afford, choose, decide, expect, forget, |dé&@, manage, need, offer, plan, prepare, refuse, stgrivant}

Selectional constellations

matrix verba.  subjecty infinitival object
begin 18992  people 204, men 55, government 54, number 49feel 528, be 492, take 371, ...
can afford 1841 ...

matrix verba.  subjecty nominal object3
begin 6 642 government 32, people 26, commission 24, . .. BO068 career 141, life 113, ...
can afford 1542 ...
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8.5.3 Sorting nominaldecide objects into a Corpus Word Bank

member proplets owner proplets
[ noun: cas
fnc: decid% [noun: casg
| frg: 65
verb: decidd [verb: decide | [verb: decidd [verb: decid verb: decid
{arg: X gam% arg: X disput% {arg: X fate i arg: X casei {arg: X issuei [verb: decidﬁa
frg: 4 | frg: 7 frq: 47 | frg: 65 frg: 74
[ noun: disput
. | fnc: decide i [noun: disputé
| frg: 7
noun: fate
[fnc: decid% [noun: fate
frq: 47
noun: gam
[fnc: decidei . [noun: game
frg: 4
noun: issu
{fnc: decide] [noun: issug
frq: 74
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8.5.4 Formal query and answer 1

query result
verb: decid verb: decid
arg. X case arg. X case
frg: ? frq: 65

8.5.5 Formal query and answer 2

query result
noun: cas noun: cas
fnc: decid fnc: decid
frq: ? frq: 65

8.5.6 Formal query and answer 3

query result
verb: decid noun: issu noun: cas noun: fate noun: disput noun: gam
arg: ? fnc: decide| |fnc: decid fnc: decid fnc: decide fnc: decide
frq: ? frq: 74 frq: 65 frq: 57 frq: 7 frq: 4

CLUE (©2011 Roland Hausser



Computational Linguistics and Talking Robots 150

8.6 Appear, Promise, and Persuade Class Infinitives

8.6.1 Content structures corresponding to infinitives

Infinitive as subjectio err is human, to forgive divine.
Infinitive as objectJohn tried to read a book.
Infinitive as adnominal modifiethe desire to help

A

Bare infinitivePeter saw the accident happen.
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8.6.2 Bare infinitive: Peter saw the accident happen.

(i) semantic relations graph (SRG) (i) numbered arcs graph (NAG)

see

N

happen

Peter accident

(if) signature

V
AN (iv) surface realization
/V 1 2 3-4 5 6
N N -

Peter saw the__accident happen
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8.6.3Appear class infinitive constructions

1. nominal object: 3ohn appeared a cookie.

2. one-place infinitive objectlohn appeared to sleep.
(asin 8.5.1)

8.6.4 Definition ofappear class infinitives

verb\verb
verb: 5 {verb o ]
fnc: « ) 3
arg:v X 9-7

to sleep appear (examples of matching proplets for illustration only)

wherea e {agree, appear, be able, seem, tend}

Selectional constellatiorf@mitted]
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8.6.5Promise class infinitive constructions

1. nominal objectJohn promised Mary a cookie.

2. one-place infinitive objectlohn promised Mary to sleep.
(asin 8.5.1)

8.6.6 Definition ofpromise class infinitives

noun:é ver.b: p verb: o noun:d | |noun: S| |verb: o
fnc: fnc: o arg:v4é g8 fnc. o | [fnc: « arg:vé g8
; arg: ~ X : ; : :
Mary to sleep promise Mary cookie promise (examples of matching proplets for illustration only)

where« e {offer, promise, threaten}

Selectional constellatiorf@mitted]
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8.6.7Persuade class infinitive constructions

1. nominal object*John persuaded Mary a cookie.

2. one-place infinitive objectlohn persuaded Mary to sleep.
(asin 8.5.1)

8.6.8 Definition of persuade class infinitives

noun:d verp: p verb: o
fnc: fnc: o arg:v 89
' arg:o X '

Mary to sleep persuade (examples of matching contents, for illustration only)

wherea e {advise, allow, appoint, ask, beg, choose, convince, eragm) expect, forbid, force, invite, need, permit, pergiaelect,
teach, tell, urge, want, would like}.

Selectional constellatiorf@mitted]
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8.6.9 Object control inJohn persuaded Mary to read a book.

(i) semantic relations graph (SRG) (i) signature (i) numbered arcs graph (NAG)
persuade persuade -
RN
read *read‘ .
L
book Mary book Mary

(iv) surface realization
1 2 3 4-5 6 7-8
John persuaded Mary to read a_book

8.6.10 Corresponding proplet representation

‘noun: John | [verb: persuade 7| [noun: Mary] [verb:read 7| [noun: book ]
cat: nm cat: decl cat: nm cat: inf cat: snp
sem: sg sem: past sem: sg fnc: persuade sem: indef sg
fnc: persuad¢ |arg: Johnread Mary |fnc: read arg: Mary booK |fnc: read
 prn: 36 | [prn: 36 | [pm:36 | |prn: 36 1 [prn: 36
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8.6.11 Subject control inJohn promised Mary to sleep.

(i) semantic relations graph (SRG) (i) numbered arcs graph (NAG)
promised proLnise
Sl T NG Ne

John Mary sleep John ‘Mary‘sleep

(i) signature

(iv) surface realization

V
/\\ 1 2 3 4-5 6
N N V :

John promised Mary to_ sleep

8.6.12 Proplet representation oflohn promised Mary to sleep.

‘noun: John| [verb: promise 1 [noun: Mary| [verb: sleep]
cat: nm cat: decl cat: nm cat: inf
sem: sg sem: past sem: sg fnc: promise
fnc: promisgq |[arg: John Mary sleep |fnc: promisg |arg: John

| prn: 35 | [prn: 35 | [prn: 35 | [prn: 35
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9. Graph Theory

9.1 Content Analysis as Undirected and Directed Graphs

9.1.1 The “complete” n=4 graph K,

K1 K2

K3 K4

CLUE (©2011 Roland Hausser



Computational Linguistics and Talking Robots

158

9.1.2 Same number of nodes but different degrees

The little girl ate an apple.
(i) semantic relations graph (SRG)

eat

RN

girl apple
Iitt}e

(ii) signature
/ V\
w N

A

2211

The man gave the child an apple

(i) semantic relations graph (SRG)
give

/NN

man child apple

(ii) signature

2

3111

L UE
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9.1.3 DBS graph analysis of a contentThe dog found a bone.

(i) semantic relations graph (SRG) (iif) numbered arcs graph (NAG)
find %ﬁnd
A AN
dog bone dog~~ “abone

(if) signature
(iv) surface realization

/ \ 1 2 3 4
N N '

The_dog found a_bone
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9.1.4 Graph-theoretical constraints on wellformed NAGs

1. The signature must lsmple i.e., there must be no loops or multiple lines.

2. The NAG must beymmetrigi.e., for every arc connecting some nodes A and B,there bauah arc from B
to A.

3. The traversal of arcs must bentinuousi.e., combining the traversal of arc x from A to B and of arcgm
C to D is permitted only if B = C.

4. The numbering of arcs must bghaustivei.e., there must exist a navigation which traverses each ar
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9.1.5 Possible NAGs for an n=3 semantic relations graph

NAG 1 NAG 2 NAG 3 NAG 4
f|ncll‘_.. flnd‘\ find ~find
1N S3 N A o
B Z3EP\VE 7RV L 3 - N
y : y . O\ Y 1 - 2 - Y 3-' 4 Y A Bt
dog’ Sbone dog’ Sbone ' dog~  ~bone dog’~  ~bone 0

9.1.6 Linguistic constraints on wellformed NAGs

1. An intrapropositional traversal must begin and end vithriode which acts as the verb.

2. The initial verbal node must be entered either by arc 0 @ tyrresponding arc from a preceding proposition
(7.4.4).

3. The only lines permitted in a NAG are’™ (subject-verb), \” (object-verb), 4" (modifier-modified), and
“—" (conjunct-conjunct).

4. The only nodes permitted in a NAG based on a signature anetih], V (verb), and A (adjective).
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9.1.7 Deriving English passive from content 9.1.3

(i) semantic relations graph (SRG) (iif) numbered arcs graph (NAG
find

/N

dog bone ,"'

(i) signature

—V (iv) surface realization
/ \ 1 2 3 4
N N '

A _bone was_found by the dog
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9.2 Extrapropositional Coordination

9.2.1 Extrapropositional coordination of two propositions

leave

Cross

SN N

John house John street
9.2.2 Bidirectional pointering in the proplet representaton
[verb: leave [verb: cross
noun: Joh arg: John house | noun: hous noun: Joh arg: John stregt | noun: stree
fnc: leave nc: (cross 2) fnc: leave fnc: cross nc: fnc: cross
prn: 1 pc: prn: 1 prn: 2 pc: (leave 1) prn: 2
prn: 1 |  prn: 2 i
CLiE
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9.2.3 NAG for forward navigation through 9.2.1

08, 5 A
leave Cross

AN T AN
o Y AN

John ‘house  John street

9.2.4 NAG for backward navigation through 9.2.1

leave |-

4{\9"‘_

a : AN
house John stree
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9.2.5 Intrapropositional noun coordination (subject)

(i) semantic relations graph (SRG) (iii) numbered arcs graph (NAG)

sleep o\

———sleep
V5 5

man— woman— child 5 - 44

man— woman—= child
2.9 3.7

(ii) signature

—V (iv) surface realization
1 2 3 4-5-6
N—N-—N The man the woman and _the child slept .
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9.2.6 Extrapropositional functor-argument

(i) semantic relations graph (SRG)

amuse
bark Mary
Fido
(i) signature
—V

/N

V N

/

(i) numbered arcs graph (NAG)

(iv) surface realization

1 2 3 4 5 6
That Fido barked amused Mary .

L UE
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9.2.7 Graph-theoretical alternatives for coordination

1. unidirectional

— NAG-1—"""" NAG-2— NAG-:

2. bidirectional, symmetric

o~ S PR

_— NAG—f— NAG-2 ——— NAG-3

3. bidirectional, asymmetric

—— NAG-1——— NAG-2—— NAG-2
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9.3 Sharing in Relative Clauses
9.3.1 Main clauses and equivalent relative clauses
main clause
sleep love love give give
11 / \ 211 / \ 211 / \\ 3111 / \\ 3111
man man woman woman man man  woman flower woman man kiss
The man sleeps. The man loves a woman. A woman loves the man. The man gives the woman a flower. The woman gives the man a kiss.
relative clause
man man
man man man
11 211 211 . ;
sleep love love give gve
The man who sleeps \ / \\y 3111
woman flower woman kiss si1l

woman

The man who loves a woman

woman

The man whom a woman loves

The man who gives the woman a flower

The man whom the woman gives a kiss.

L UE
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9.3.2 Relative clause center embedding

German: Der Mann

Trans-
literation:

der die Frau

singt
liebt

die das Kind futtert

the man who the woman who the child

9.3.3 Graph analysis of center-embedded relative clauses

(i) semantic relations graph (SRG) (i) signature

sing

man

love

woman

feed

N

child

N

)
N

N

(iv) surface realization (German, center-embedded)

1

Der_Mann

2
der

3

die_Frau

4 5 6
die das_Kind fuettert

feeds loveg)si

(iii) numbered arcs graph (NAG)

~..Sing
A

y, 10

man---~

7-8 9-10
liebt  singt .

L UE
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9.3.4 English realization of content 9.3.3

The man who loves the woman who feeds the child sings.

9.3.5 English surface realization of relative clauses

surface realization (English, unmarked)

1 2 3 4 5 6-7-8-9-10
The man who loves the woman who feeds the child sings .

9.3.6 Surface realization with extraposed relative clause

surface realization (English, extraposed, marked)

1 10 1-2 3 4 5 6-7-8-9-10
The man sings who loves the woman who feeds the child
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9.3.7 Constraint on multiple visits, variant |

In content navigation without language realization, a mpldtvisit is

1. permittedif there are still untraversed arcs in the graph,
2. prohibitedif all arcs in the graph have been traversed.

9.3.8 Constraint on multiple visits, variant I

In content navigation with language realization, a mudtnaisit is

1. permittedif a required function word has not yet been realized,
2. prohibitedif there is no value remaining in the current proplet set Wwheas not already been used
exhaustively for realization.
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9.4 Unbounded Dependencies

9.4.1 DBS graph analysis fordohn said that Bill believes that Mary loves Tom.

(i) semantic relations graph (SRG) (ii) signature (i) numbered arcs graph (NAG)

K —/& r
John ;Iie{ N /\ ' ‘
Bill love N A

Mary Tom N N

(iv) surface realization

1 2 3 4 5 6 7 8 9 10-11-12
John said that Bill believes that Mary loves Tom
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9.4.2 NAG and surface realization oMWhom did John say that Bill believes that Mary loves?

(i) numbered arcs graph (NAG) (iv) surface realization
R 3-6-9 10-11-12 1 2 3 4 5 6 7 8 11-
S_?‘y Whom did John say that Bill believes that Mary loves ?

9.4.3 Proplet representation of 9.4.2

verb: say noun: Joh verl.:): l?elleve noun: Bill verl.:): love noun: Mary| |[noun: WH
_ : _ arg: Bill (love 8) L arg: Mary WH _ _
arg: John (believe 7) |fnc: say _ fnc: believe _ , fnc: love fnc: love
m- 6 m: 6 fnc: (say 6) m: 7 fnc: (believe 7 m- 8 m- 8
prh. prh. prn: 7 prh. prn: 8 prh. prh.
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9.5 Subject Gapping and Verb Gapping

9.5.1 Subject gapping

Bob ate an apple, # walked the dog, and # read the paper.

9.5.2 Verb gapping

Bob ate an apple, Jim # a pear, and Bill # a peach.
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9.5.3 DBS graph analysis of verb gapping in 9.5.2

(i) semantic relations graph (SRG) (i) signature (i) numbered arcs graph (NAG)
wead Ild S N N yoead g =
\// \// N\a1 004 78 =
eat \/ .12 Y "9 v 7
Bob e < °
(0] a = :
PPIE N N > NE
Law)
(iv) surface realiztion
1 2 3 4-5 6-7 8 9 10-11 12
Bob ate an_apple Jim a pear and Bill a_peach
9.5.4 Verb gapping content as a set of proplets
[verb: eat
‘noun: Bol| |cat: decl ‘noun: apple] [noun: Jim [noun: pear | [noun: Bill] [noun: peach]
cat: nm sem: past cat: snp cat: nm cat: snp cat: nm cat: snp
sem: sg arg: Bob apple | sem: indef sg | sem: sg sem: indef sg | sem: sg sem: indef sg
fnc: eat Jim pear fnc: eat fnc: eat fnc: eat fnc: eat fnc: eat
[ prn: 31 | Bill peach | | prn: 31 | Lpm:31 | |prn: 31 1 Lprm: 31 | [prn: 31
| prn: 31
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9.5.5 DBS graph analysis of subject gapping in 9.5.1

(i) semantic relations graph (SRG)  (iii) signature (iif) numbered arcs graph (NAG)

read -

NER
. walk ‘k
.' N “~paper
eat _

NG dog

read

o VV\N

Bob apple N uapp‘le
(iv) surface realization
2 3 4-1-5 6 7-8-9 10 11-12-2
Bob ate an_apple walked the dog and read the paper
9.5.6 Proplet representation of subject gapping
‘noun: Bol
cat: nm [verb: eat 1 [noun: apple| [verb: walk | [noun: dog] [verb: read | [noun: pape}
sem: sg cat: decl cat: snp cat: decl cat: snp cat: decl cat: snp
fnc: eat sem: past sem: indef sg [ sem: past sem: def sg | sem: past sem: def sg
walk arg: Bob apple | fnc: eat arg: Bob dogd | fnc: walk arg: Bob paper | fnc: read
read  prn: 32 | Lprn: 32 | Lprn: 32 | Lpm:32 | [prn: 32 | [prn: 32
 prn: 32
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9.6 Object Gapping and Noun Gapping

9.6.1 Object gapping:

Bob bought #, Jim peeled #, and Bill ate the apple.

9.6.2 Noun gapping:

Bob ate the red #, the green #, and the blue berries.
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9.6.3 DBS graph analysis of object gapping in 9.6.1

(i) semantic relations graph (SRG) (ii) signature (iif) numbered arcs graph (NAG)
bu v
y
peel V
/ eat\ //\/\
Bob Jim  Bill apple N N N N Bob Jim  Bill

(iv) surface realization

1 2 3-4-5 6 7-8 9 10 11 12
Bob bought Jim peeled and Bill ate the apple

9.6.4 Proplet representation of object gapping

[ noun: applé
'noun: Bob| [verb: buy 7 [noun: Jim| [verb: peel | [noun:Bill] [verb:eat 7] |cat:snp
cat: nm cat: decl cat: nm cat: decl cat: nm cat: decl sem: def sg
sem: sg sem: past sem: sg sem: past sem: sg sem: past fnc: buy
fnc: buy arg: Bob apple [fnc: peel arg: Jim apple |fnc: eat arg: Bill apple peel
prn: 33 | [prn: 33 | Lpm: 33 | | prn: 33 | Lpm: 33 | [prn: 33 i eat
| prn: 33
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9.6.5 DBS graph analysis of noun gapping in 9.6.2

(i) semantic relations graph (SRG)

(ii) signature

(iif) numbered arcs graph (NAG)

V )_eat -
eat 1 L 4N0
N N Bob" Berry
Bob berry ‘ ‘ ‘ F T 4\
415:6/ 789
‘ ‘ AAA red g\reen\'blue
red green blue
(iv) surface realization
1 2 3 4 5 6 7 8 9 10
Bob ate the red the green and_ the blue berries
9.6.6 Proplet representation of noun gapping
‘noun: berry
‘noun: Bob| [verb: eat cat _Snp [adj: red [adj: green] [adj: blue 7
_ _ sem: def pl _ _ _
cat: nm cat: decl mdr- red cat: adn cat: adn cat: adn
sem: sg sem: past .reen sem: pos sem: pos sem: pos
fnc: eat arg: Bob berry J mdd: berryl | mdd: berry] | mdd: berry
rn: 34 rn: 34 blue rn: 34 r: 34 rn: 34
P P - | fnc: eat P P PR
 prn: 34
L LIE
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9.6.7 DBS graph analysis of adnominal coordinationBob ate the red, green, and blue berries.

(i) semantic relations graph (SRG) (i) signature (i) numbered arcs graph (NAG)
V . eat -
eat 4 N0

Bob Berry

Bob berry N N ™
‘ 49, L,
A —A—A red—2 green: ’ plue
red— green— blue 5/ -6«

(iv) surface realization

1 2 3 4 5 6 7-8-9 10
Bob ate the red green and_ blue berries

9.6.8 Proplet representation of adnominal coordination

Fnoun: berrd [adj: red | [ad: greefl [adj: blue]
‘noun: Bob| [verb: eat o N |cat: adn cat: adn cat: adn
: : cat: pnp : : :
cat: nm cat: decl : sem: pos sem: pos| |[sem: pos
_ _ sem: def pl _ _ _
sem: sg sem: past mdr red mdd: berry] | mdr: mdr:
fnc: eat arg: Bob berry N nc: green nc: blue nc:
_ _ fnc: eat _ : :
prn: 35 | [prn: 35 m: 35 pc: pc: red pc: green
P  prn:35 | |prn:35 | |prn:35
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9.6.9 Combination of object gapping and noun gapping

Bob bought #, Jim peeled #, and Bill ate the red #, the green #, and the yellow apple.
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10. Computing Perspective in Dialogue
10.1 Agent’'s STAR-0 Perspective on Current Content
10.1.1 Anchored nonlanguage content

| am writing you a letter.5TAR =0

10.1.2 Coding unanchored content as a proplet set

noun: mot verb: write noun: toi noun: lette
fnc: write arg: moi toi lette fnc: write fnc: write

prn: 659 prn: 659 prn: 659 prn: 659

10.1.3 Specification of a STAR

S = Paris

T =1930-07-03

A = Jean-Paul Sartre

R = Simone de Beauvoir

L UE
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10.1.4 STAR-0 content with 1st and 2nd person indexicals

[S: Paris
noun: moli [ verb: write noun: toi noun: lette T:1930-07-03
fnc: write arg: moi toi lette fnc: write fnc: write A: J.-P. Sartre
prn: 659 prn: 659 prn: 659 prn: 659 R: S. de Beauvoiy
| prn: 659 i

10.1.5 STAR-0 content without indexicals

. _ S: Paris

noun: Fido| |[verb: par T: 1930-07-03
fnc: bark arg: Fido A: S. de Beauvoi
prn: 572 prn: 572 N

prn: 572

10.1.6 STAR-0 content with a 3rd person indexical

[S: Paris
noun: ¢a| |verb: bar T:1930-07-03
fnc: bark| [arg: ca A: S. de Beauvoif
prn: 572 prn: 572 3rd: Fido

| prn: 572
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10.2 Speaker’'s STAR-1 Perspective on Stored Content

10.2.1 STAR-1 expression with 1st and 2nd person indexicals

| wrote you a letter yesterday.

10.2.2 STAR-1.1 inference for temporal specification

verb: o
prn: K

S:L S.
T:D T:
A: N A:
R: O R:
prn: K

~

—

~

Q

Q<

L prn: K+M |

STAR—-1

'S: L
‘;2:1’;‘ adj: v T: D/
= mdr: mdd: « A:N
orn: Kam | LP™: K+tM| |R:O
| prn: K+M |

If D < D/, theng = past, and if D diff D’ = 1 day, theny = yesterday; and similarly for all the
other possible temporal relations between a STAR-0 and &RSTAiffering in their T value.

10.2.3 STAR-1 contentMoi wrote toi a letter yesterday.

[verb: write [S: Paris
noun: moi | | arg: moi toi lettel | noun: toi noun: letten [adj: yesterday | T: 1930-07-04
fnc: write sem: past fnc: write fnc: write mdd: write A: J.-P. Sartre
prn: 659+7| | mdr: yesterday prn: 659+7 | prn: 659+7| | prn: 659+7 R: S. de Beauvoir
| prn: 659+7 | prn: 659+7 i
CLiE
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10.2.4 STAR-1.3 inference for specification of recipient

S:L ] [S:Y T EA
verb: o noun: toil [T:D T: D verb: o noun: O | |T: D’
arg: {Xtoi} | |fnc: « A:N A:N = |arg: {XO} | |fnC: « A:N
prn: K prn: K R: O R: O prn: K+M prn: K+M| |R: O
| prn: K| | prn: K+M | L prn: K+M |
10.2.5 STAR-1 contentMoi wrote Simone a letter yesterday.
[verb: write i [S: Paris
noun: moi | | arg: moi Simone lettgr | noun: Simone [ noun: letteq |adj: yesterday | T: 1930-07-04
fnc: write sem: past fnc: write fnc: write mdd: write A: J.-P. Sartre
prn: 659+7| | mdr: yesterday prn: 659+7 prn: 659+7| [ prn: 659+7 R: Juliette
| prn: 659+7 i | prn: 659+7
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10.3 Hearer's STAR-2 Perspective on Language Content

186

10.3.1 Result of analyzing 10.2.1 in the hear mode

[verb: write

noun: molf [arg: moitoiletten | noun: toi noun: lette adj: yesterda
fnc: write sem: past fnc: write fnc: write mdd: write
prn: 623 mdr: yesterday prn: 623 prn: 623 prn: 623

 prn: 623

10.3.2 Main hear mode perspectives on language content

1. The perspective of the hearer as the partner in faceemdammunication.
2. The perspective of someone overhearing a conversattarebe others.
3. The reader’s perspective onto the content of a writteh(@xap. 11.).
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10.3.3 STAR-2.1 inference for deriving hearer perspective

S:L
noun: molif [verb: « noun: tol T.D
fnc: o arg: {X moi toi} fnc: A:N =
prn: K prn: K prn: K R: O
| prn: K|
[S:L ]
noun: tol verb: « noun: mol T:D
fnc: « arg: {X toi moi} fnc: « A:O
prn: K prn: K prn: K R:N
prn: K

10.3.4 STAR-2 contenfloi wrote moi a letter yesterday.

[verb: write ] [S: Paris
noun: toi | |arg: toi moilettenn [ noun: moi| | noun: lette adj: yesterday | T: 1930-07-04
fnc: write| | sem: past fnc: write | | fnc: write mdd: write A: Simone de B
prn: 623 mdr: yesterday prn: 623 prn: 623 prn: 623 R: J.-P. Sartre
 prn: 623 i  prn: 623
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10.3.5 STAR-1 content without indexicals

Fido barked.5TAR—1

10.3.6 STAR-2.2 inference for content without indexicals

prn: K

10.3.7 STAR-2 contenf¥ido barked.

b b 'S: Paris
noun: Fidg | o" 'F.;“ T: 1930-07-03
[fnc: bark 2;%1_ pIJa(;t A: J.-P. Sartre
prn: 572 orh: '572 R: Simone de B}
'  prn: 572
CLiE

S:L
verb: o D
{ ] A: N
R: O

{verb: «

prn: K

[S: L
T.D
A: O
R: N

 prn: K|
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10.3.8 Operations of STAR-2 inferences

1. TheS value of the STAR-1 in the input (matching the antecedentpégtheS value of the STAR-2 in the
output (derived by the consequent).

TheT value of the STAR-1 in the input equals thevalue of the STAR-2 in the output.
TheA value of the STAR-1 in the input equals tRevalue of the STAR-2 in the output.
TheR value of the STAR-1 in the input equals tAevalue of the STAR-2 in the output.

a bk~ WD

Theprn value of the input equals th@n value of the output.
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10.4 Dialogue with a WH Question and Its Answer

10.4.1 Nonlanguage content in the interrogative mood

What did you write?5TAR=0

10.4.2 Anchored STAR-0 content of WH interrogative

[verb: write | [S: Paris
noun: toi cat: interrog noun: wha T: 1930-07-04
fnc: write sem: past fnc: write A: Simone de B
prn: 625 arg: toiwhatf | prn: 625 R: J.-P. Sartre

prn: 625 | prn: 625
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10.4.3 Questioner as speaker: DBS graph analysis of 10.4.1

(i) semantic relations graph (SRG)
write

/N

toi what

(ii) signature
(iv) surface realization

Vv
/\ 1 2 3 4
N N

What did you  write ?
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10.4.4 Answerer as hearer parsing 10.4.1

What

lexical lookup \

cat: np3
fnc:
mdr:
prn:

did

[noun: what| [verb:v_1 |[n

syntactic—sgemantic pa?sing

result

[noun: what|
cat: np3
fnc: /
mdr:
prn: 668

fnc:v_1
mdr:
prn: 668

noun: what
cat: np3
fnc: v_1-=—
mdr:

prn: 668

noun: what

cat: np3

fnc: write
mdr:

prn: 668

noun: what
cat: np3
fnc: write
mdr:

sem: past

yo‘u

oun: toi

noun: what| |verb: v_1 noun; toi
cat: np3 cat: n" do’ vi %pz
nc
arg: wh? mdr:
prn: 668 prn:

write ?

verb: write pnc: ?

cat: n’ do’ v| |cat: sp2 cat: n—s3’ a’ y|cat: vi’ interrog
sem: past ||fnc: sem: pres prn:

arg: mdr: arg:

prn: prn: prn:

prn: 668

verb: v_lw noun: toi verbwrite

cat: do'vi _|teatspZ | edf n-s3' &
’W fnc: v_1/ sem: pres

arg: toi wh? | |mdr: arg:

prn: 668 prn: 668 | |prn:

verb: write noun: toi pnc: ?

cat: vi = cat: sp2 eat—vi' interrog

sem: past fnc: write Lprn:

arg: toi wh? mdr:

prn: 668 prn: 668

verb: write noun: toi

cat: interrog | |cat: sp2

sem; past fnc: write

arg: toi wh? || mdr:

prn: 668 prn: 668
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10.4.5 STAR-2.3 inference for deriving hearer perspective

verb: Sk
noun: toi o ‘noun: wh| [T:D
_ cat: interrog _ _
fnc: o arg: {X toi wh} fnc: o A: N =
prn: K g: prn: K R: O
prn: K - _
| prn: K]
- [S:L ]
verb: « -
noun: mol . noun: wh T.D
_ cat: interrog _ _
fnc: o arg: { X moi wh fnc: A:O
prn: K g: prn: K R: N
prn: K - _
- | prn: K|

10.4.6 Result of applying the STAR-2.3 inference to 10.4.4

[verb: write ] [S: Paris
noun: mol| |cat: interrog [ noun: wha T: 1930-07-04
fnc: write sem: past fnc: write A: J.-P. Sartre
prn: 668 arg: moi wh prn: 668 R: Simone de B}
| prn: 668 | prn: 668 i
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10.4.7 Answerer as speaker

A little poem.

10.4.8 Answer to a WH question as a set of STAR-0 proplets

STAR-1

noun: poem St Paris
o 'irﬁ’ ol Tadi: litte T: 1930-07-03
o mdd: poe A: J.-P. Sartre
mdr: little .
m: 655 prn: 655 R: Simone de B
b | prn: 655 |
e
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10.4.9 Questioner as hearer parsing 10.4.7

A
lexical lookup ‘

little

‘noun: n_1 | [adj: little

T

noun: poemi |pnc: .

cat: sn’ snp | |cat: adn cat: sn cat: v’ decl
fnc: sem: pos fnc: prn:
mdr: mdd: mdr:
prn: prn: prn:
syntactic—semantic parsing 3

noun: n_1 J;

L cat: sn’ snp
fnc:
mdr: /
prn: 626
noun: n_Jle+rad AeuR;- poe
cat: sn’ snp | |cat: adn %

2 fnc: sem: pos nc:
mdr: little mdd: n_ mdr:
prn: 626 prn: 626 prn:
noun: poem| |adj: little
cat: snp cat: adn

3 lfnc: <—[SEM; pOS |
mdr: little mdd: poem
prn: 626 prn: 626

result noun: poem| |adj: little

cat: snp cat: adn
fnc: decl sem: pos
mdr: little mdd: poem
prn: 626 prn: 626
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10.4.10 STAR-2.4 connecting WH interrogative with answer

verb: i Sk noun: 3
_ - noun: wha T:D o adj:
cat: interrog _ _ fnc: decl _
_ , fnc: A:N + _ mdd: 8 =
arg: { X toi what} _ mdr: ~ _
_ prn: K R: O _ prn: K+M
prn: K _ prn: K+M
- - | prn: K|
_ - [S: L
verb: « noun: :
_ B adj: v T:D
cat: decl mdr: ~y _
_ : _ mdd: 38 A:N
arg: { X toi g} fnc: _
rn: K+1 rn: K+M prn: K+M R:0
P P | prn: K+1]

10.4.11 Questioner’'s STAR-2 content for regaining balance

[verb: write ] NOUN: DOE [S: Paris
noun: toi cat: decl o P adj: little T: 1930-07-04
fnc: write sem: past fnc: write mdd: poe A: Simone de B
i o mdr: little N ]
prn: 625+2 | arg: toi poemn orn: 62542 prn: 625+2 R: J.-P. Sartre
| prn: 625+2 | ' | prn: 625+2
CLiE
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10.5 Dialogue with a Yes/No Question and Its Answer

10.5.1 STAR-0 content underlying language countermeasure

s the poem about me?5TAR=0
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10.5.2 Answerer as hearer parsing a yes/no interrogative

lexical Is the poem about me ?
lookup | ] | | | |
verb: v_1 noun: n_1| noun: poem| adj: about n_2||noun: moi ||pnc: ?
cat: sn3’ be’ vj|cat: np cat: sn cat: adn cat: s1 cat: vi’ interrog
sem: pres sem: def |[sem: sg sem: pos fnc: prn:
arg: fnc: fnc: arg: mdr:
prn: prn: prn: prn: prn:
syntactic—-semantic parsing
verb: v_1
cat: sn3’ m
1 sem:‘pV
arg:
prn: 669
verb:v_1
cat: be'vi
2 sem: pres
arg: n_1-
prn: 669
verb: v_l- oun:
3 |cat: be’vi cat: snp
sem: pres sem: def sg
arg: poem fnc:
prn: 669 prn: 669
verb: about n_2—noun:
4 |cat: be'vi cat: snp
sem: pres sem: def sg
arg: poem fnc: about n_2+
prn: 669 prn: 669
verb: about moi| | noun: poem (pnc: ?
5 |cat: be’ vi cat-snp cat-vi' interrog
sem: pres sem: def sg Lprn:
arg: poem fnc: about moi
prn: 669 prn: 669
result [verb: about moi| [ noun: poem
cat: be’ interrog| | cat: snp
sem: pres sem: def sg
arg: poem fnc: about moi
prn: 669 prn: 669

L UE
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10.5.3 Answerer as hearer: revised perspective of 10.5.2

'noun: poem] [verb: abouttoi| [S: Paris

cat: snp cat: be’interrod | T: 1930-07-04
sem: indefsg |sem: pres A: J.-P. Sartre
fnc: abouttoll |arg: poem R: Simone de B
| prn: 669 | | prn: 669 | [prn: 669 i

10.5.4 Answerer J.-P. as speaker

YeS STAR—1

CLUE (©2011 Roland Hausser



Computational Linguistics and Talking Robots 200

10.6 Dialogue with Request and Its Fulfillment

10.6.1 Anchored nonlanguage request content

(Please)? pass the ashtray!>TAR~0

10.6.2 Request STAR-0 content as a set of proplets

'verb: pass | [noun: ashtray [S: Paris

cat: impv cat: snp T: 1930-07-04
sem: pres sem: def sg A: Simone de B
arg: # ashtray |fnc: pass R: J.-P. Sartre
prn: 630 | |prn: 630 [ |prn: 630
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10.6.3 Graph structure used by requestor as speaker

semantic relations
pass

ashtray

signature

—V

N

N

numbered arcs graph (NAG)

! Q
ashtray

surface realization

0 1 2
Pass the ashtray !

L UE
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10.6.4 Requestee as hearer parsirigpass the ashtray!

lexical Pass the ashtray !
lookup | | | |
verb: pass noun: n_1 || noun: ashtray||pnc: !
cat: n—s3’ a’ Vj|cat: np cat: sn cat: vimp’ impv
sem: pres sem: def |[sem: sg prn:
arg: fnc: fnc:
prn: prn: prn:
syntactic-semantic parsing
verb: pas
cat: n—s3’ a’
1 |sem: pres
arg:
prn: 671
verb: pass noun: n_1wneun=ashtray
cat: sn’ vimp ||cat: np ’c{s/n
2 sem: pres M sem: sg
arg: # n_1-|[fnc: pass || fnc:
prn: 671 prn: 671 ||prn:
verb: pass  |[noun: ashtray (pnc: !
3 |cat: vimp—e cat: snp eat-vimp’ impv
sem: pres sem: def sg prn:
arg: # ashtray|| fnc: pass
prn: 671 prn: 671
result [verb: pass noun: ashtray
cat: impv cat: snp
sem: pres sem: def sg
arg: # ashtray|| fnc: pass
prn: 671 prn: 671

L UE
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10.6.5 Request STAR-2 content as a set of proplets

[verb: pass | [noun: ashtray [S: Paris

cat: impv cat: snp T: 1930-07-04
sem: pres sem: def sg A: J.-P. Sartre
arg: # ashtray |fnc: pass R: Simone de B}
prn: 671 | |prn: 671  prn: 671
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10.6.6 Sequence of elementary dialogues

J.-P. Sartre: | wrote you a letter yesterday.
S. de Beauvoir:What did you write?

J.-P. Sartre: A little poem.

S. de Beauvoir:ls the poem about me?

J.-P. Sartre:  Yes.

S. de Beauvoir:(Please) pass the ashtray!
J.-P. Sartre: fullfils request

(statement, Sect. 10.1-10.3)
(WH question, Sect. 10.4)
(WH answer, Sect. 10.4)
(Yes/No question, Sect. 10.5)
(Yes/No answer, Sect. 10.5)
(request, Sect. 10.6)
(fullfilment, Sect. 10.6)

L UE
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10.6.7 Perspective conversions as time-linear sequences

1. Statement
STAR-0: emergence of a nonlanguage content in agent A ($ecit)
STAR-1: production of a statement by agent A as the spealeet.($0.2)
STAR-2: interpretation of statement by agent B as the h€&esat. 10.3)

2. Question Dialogue (WH (Sect. 10.4) and Yes/No (Sect.10.5) questions)
STAR-0: emergence of a nonlang. content in agent A as thdiques
STAR-1: production of a question by agent A as the speaker
STAR-2: interpretation of the question by agent B as thedrear
STAR-1: production of an answer by agent B as the speaker
STAR-2: interpretation of the answer by agent A as the hearer

3. Request Dialogue (Sect. 10.6)
STAR-0: emergence of a nonlanguage content in agent A agtjuestor
STAR-1: production of a request by agent A as the speaker
STAR-2: interpretation of the request by agent B as the hheare
STAR-1: nonlang. or lang. fulfillment action by agent B asitbguestee
STAR-2: nonlanguage or language fulfilment recognitioralggnt A as the requestor
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11. Computing Perspective in Text

11.1 Coding the STAR-1 in Written Text

11.1.1 Text with a dispersed coding of the STAR-1

Jan. 16th, 1832 — The neighbourhood of Porto Praya, viewed from the sea,snea@esolate aspect. The volcanic fire of
past ages, and the scorching heat of the tropical sun, haweshplaces rendered the soil steril and unfit for vegetatldre
country rises in successive steps of table land, interedesgth some truncate conical hills, and the horizon is beainioly
an irregular chain of more lofty mountains. The scene, agldehrough the hazy atmosphere of this climate, is one ddtgre

interest; if, indeed, a person, fresh from the sea, and whgusawalked, for the first time, in a grove of cocoa-nut treas
be a judge of anything but his own happiness.

Charles Darwin 1839/oyage of the Beag|@. 41
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11.2 Direct Speech in Statement Dialogue

11.2.1 Direct speech in a statement content

John said to Mary: moilove toi. Mary said to John: moilove toi.

11.2.2 Representing the content of 11.2.1 as a set of proset

- _ verb: say . -
nogn. Joh arg: John taMary (love 24) adjj ta-Mary
fnc: say : fnc: say

rn: 23 nc: (say 25) rn: 23

PR prn: 23 prh. -

- _ verb: say . -
nogn. Mary arg: Mary ta.John (love 26 adj: ta_John
fnc: say _ fnc: say

rn: 25 b: (say 23) rn: 25

P prn: 25 pr.

noun: mol|
fnc: love
| prn: 24

[ noun: moll
fnc: love

| prn: 26

STAR—-1

[verb: love ]
arg: moi toi
fnc: (say 23)
 prn: 24 1
[verb: love ]
arg: moi toi
fnc: (say 25)
 prn: 26

11.2.3 STAR-2.5 inference interpretingmofi/toi in quoted speech

noun: toll
fnc: love
 prn: 24 |

[ noun: tol]
fnc: love

| prn: 26 |

if U= NIL, then § = moi

otherwisep =toi

verb: ~ nouna] [ ver
arg: Us Z(BK)| |fnc: ?rf?f (X Of<Y1) g:; rea{gim?;’lltm}}
prn: K-1 prn: K Y TR
prn: K
L UE
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11.2.4 nonlanguage inferences for maintaining balance

R(eactor) inferences for recognizing an imbalance anglidg a countermeasure (5.2.1-5.2.3).
D(eductor) inferences for establishing meaning andtaations (5.3.1-5.3.3).

D inferences for creating summaries (5.3.5, 6.5.4, 5.5.5

Consequence inferenc€fN andCIP (6.3.6, 6.3.7).

Meta-inference for derivingp anddown inferences for hierarchies (6.5.7).

The resulting inferences for performing upward and doamatraversal in a hierarchy (6.5.9, 6.5.12).
E(ffector) inferences for deriving blueprints for acti(v.2.1, 5.2.5, 5.5.5).

E inference for changing subjunctive to imperative con(s.6.1).

© NOo O0bh WDhE
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11.2.5 Language inferences for adjusting perspective

1. STAR-1 inferences deriving the speaker’s perspectivBmatial, Temporal (10.2.2), anRecipient (10.2.4)
aspects of STAR-0 contents.

2. STAR-2 inferences deriving the hearer’'s perspectiveaneants with (10.3.4, 10.4.5) and without (10.3.6)
1st and 2nd person indexicals.

3. STAR-2 inference combining question with answer cont&dt4.10).
4. STAR-2 inference interpretingoi/toiin quoted speech (11.2.3).
5. STAR-2 inference interpretinga coreferentially (11.3.6)
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11.3 Indexical vs. Coreferential Uses oBrd Pronouns

11.3.1 Ambiguous hear mode content

Mary knew that shewas happy.5 4R ~2

11.3.2 Indexical use okhe

Mary knew that %e was happy

Mary knewthat she was happ

e

11.3.3 Coreferential use othe
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11.3.4 Indexical STAR-O representation as a proplet set

[ noun: Mary]
cat: nm
sem: sg f
fnc: know

| prn: 89

11.3.5 Coreferential STAR-O representation as a proplet $e

[ noun: Mary]
cat: nm
sem: sqg f
fnc: know

[verb: know
cat: decl

sem:. past
arg: Mary (happy 90

N

| prn: 93

| prn: 89

[verb: know
cat: decl
sem: past
arg: Mary (happy 94

N

| prn: 93

[noun: ca |
cat: s3
sem: sg f
fnc: happy,

| prn: 90

noun: ¢ca |
cat: s3
sem: sqg f
fnc: happy,

[verb: happy ]

cat: v

sem: past
arg: ca

fnc: (know 89)

| prn: 94

| prn: 90

[verb: happy ]

cat: v

sem: past
arg: ca

fnc: (know 93)

| prn: 94

11.3.6 Inference for the coreferential interpretation ofca

noun: «
prn: K | °°

noun: Qa} . [noun: Y K)}

prn: K+M

prn: K+M

[S: Austin

T: 1974-09-12
A: Peter

3rd: Suzy

| prn: 89

S: Austin
T:1974-09-1
A: Peter

prn: 93

L UE
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11.4 Langacker-Ross Constraint for Sentential Arguments

11.4.1 Pronoun in subject sentence constructions

1. LH’ Coreferent noun in lower clause (L) precedes pronoumatrix (H’)
That Mary was happy surprised her.

2. H'L Pronoun in matrix (H’) precedes non-coref. noun in @velause (L)
% Shewas surprised that Mary was happy.

3. LU'H Pronoun in lower clause (L) precedes coreferent noumatrix (H)
That shewas happy surprised Mary.

4. HL' Coreferent noun in matrix (H) precedes pronoun in loslause (L)
Mary was surprised that shewas happy.
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11.4.2 Subject sentence: Pronoun in higher clause (matrix)
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1.LH’: That Mary was happy surprised her.
2.H'L: % Shewas surprised that Mary was happy.

(i) semantic relations graph (SRG) (i) numbered arcs graphs (NAG
surprise a. surpris‘e b. surprlse
V4705 N\
happy (Mary)/ca _happy  S(Mary)/ca | happy \
2 L7 : 4 !
Mary Me;ry Ma!ry
(i) signature
V (iv) surface realization
/ \ a. 1 2 3 4 5 6
V N That Mary was_happy surprised her .
/ b. 1 2 3 4 5 6
N % She was surprised that Mary was_ happy
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11.4.3 Subject sentence: Pronoun in lower clause

3. L'H: That shewas happy surprised Mary.

4. HL: Mary was surprised that shewas happy.
(i) semantic relations graph (SRG) (iii)s numbered arcs graphs (NAG)
surprise a. surprlse b. surprlse
happy Mary happy * Mary _ happy * Mary
(Mary)/ca (M'ary)fga (I\Xary)](;a
(i) signature
V (iv) surface realization
/ \ a. 1 2 3 4 5 6
V N That she was _happy surprised Mary
/ b. 1 2 3 4 5 6
(N) Mary was_surprised that she was_happy
CLUE (©2011 Roland Hausser
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11.4.4 Pronoun in object sentence constructions

1. LH’ Coreferent noun in lower clause (L) precedes pronoumatrix (H’)
That Mary was happy was known to her.

2. H'L Pronoun in matrix (H’) precedes non-coref. noun in @velause (L)
% Sheknew that Mary was happy.

3. LU'H Pronoun in lower clause (L) precedes coreferent noumatrix (H)
That shewas happy was known to Mary.

4. HL' Coreferent noun in matrix (H) precedes pronoun in loslause (L)
Mary knew that shewas happy.
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1.LH’: That Mary was happy was known to her,
2.H'L: % Sheknew that Mary was happy.

(i) semantic relations graph (SRG) (iii) numbered arcs graph (NAG)
/k n& /k n& /k n&
(Mary)/ca  happy (Mary)/(;a ~ happy *happy

B 2 .' B 4 ;
Mary Mz;ry Mz;ry

(i) signature

(iv) surface realization

AN e

That Mary was _happy was_known to_her

/ b. 1 2 3 4 5 6

(|\|) % She knew that Mary was happy
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11.4.6 Object sentence: Pronoun in lower clause

3.L'H: That shewas happy was known to Mary.
4. HL: Mary knew that shewas happy.

(i) semantic relations graph (SRG) (iif) numbered arcs graph (NAG)
/k no& /k nO{ /k no&
Mary happy Mary ~ happy Mary A happy
(Mary)/ca (I\Xary)]ga (M!ary)/k;a

(i) signature
(iv) surface realization

V
/\ a. 1 2 3 4 5 6
N V '

That she was happy was_known to_Mary

/b.1234 5 6

(|\|) Mary knew that she was happy
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11.5 Coreference in Adnominal Sentential Modifiers

11.5.1 Pronoun in Adnominal Modifier Constructions

1. LH' Coreferent noun in lower clause (L) precedes pronoumatrix (H’)
The man who loves the womarkissed her.

2. H'L Pronoun in matrix (H’) precedes non-coref. noun in &velause (L)
% Shewas kissed by the man who loves the woman

3. LU'H Pronoun in lower clause (L) precedes coreferent noumatrix (H)
The man who loves herkissed the woman

4. HL' Coreferent noun in matrix (H) precedes pronoun in loalause (L)
The womarwas kissed by the man who loves her.

L UE
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11.5.2 Adnominal modifier sentence: Pronoun in higher claws
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1. LH’: The man who loves the womarkissed her.
2.H'L: % Shewas kissed by the man who loves the woman

(i) semantic relations graph (SRG) (i) numbered arcs graph (NAG)

kiss a. Kisso..
""" [}
VA
man (woman)/ca maQ (wd?nan‘)/(;a ) |
2|5 L 4T
A
love love = ove =
\ ‘y : 1& :
.3 :‘ 5 ".
woman Awoman Awoman
(i) signature
/ V\\
N (N)
(iv) surface realization
a. 1 2 3 4-5-6 7 8
\ .
\ The_man who loves the woman kissed her
b. 1 2 3 4 5  6-7-¢

% She was_kissed by the man who_loves the woman
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11.5.3 Adnominal modifier sentence: Pronoun in lower clause

3.L'H: The man who loves her kissed the woman
4. HL: The womarwas kissed by the man who loves her.

(i) semantic relations graph (SRG)

(i) numbered arcs graph (NAG)

kiss a. Kisso..
‘ 8 “2
Y/ LN
man woman r_na\ ~woman
"21]5 " : :
love one - \
N4 NG
(woman)/ca X(woman)/ca - =(woman)/ca
(i) signature
/ V\
N N
‘ ( ) (iv) surface realization
a. 1 2 3 4-5-6 7 8
V The_man who_loves her kissed the_woman
\ b. 1 2 3 4 5  6-7-¢
N The _woman was _kissed by the man who loves her
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11.5.4 The Donkey sentence
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Every farmer who owns a donkey beats it.

11.5.5 Quantifier structure attributed to a Donkey sentence

VX [[farmer(x) A 3y [donkey(y) A own(X,y)] — beat(x,y)]
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11.5.6 DBS graph analysis of the Donkey sentence

(i) semantic relations graph (SRG) (i) signature
/b t\ '
farmer (donkey)/ca N/ \(N)
own
\ Vv
donkey \
N

(iv) surface realization

1 2 3 4-5-6 7 8
Every farmer who_owns a _donkey beats it .

11.5.7 Representing the Donkey content as a set of proplets

(iii) numbered arcs graph (NAG)

LA N8
CLe :

4farm\'érl '~ (donkey)/ca

‘205"

‘OWH’"-\_‘
4

3 |
Sdonkey

”0‘?”' farmer verp. own noun: donkey [verb: beat noun: (donkey 17)
cat: snp cat: v _ _ _
_ _ cat: snp cat: decl cat: snp
sem: pl exh sem: pres . _ .
_ _ sem: indef sgd | sem: pres sem: indef sg
fnc: beat arg: # donkey _ _ _
_ _ fnc: own arg: farmer (donkey 17) | fnc: beat
mdr: (own 17)| [ mdd: (beat 16) m- 17 m- 16 m- 16
| prn: 16 | [prn: 17 P 4 Lbm: 4 Lpm: -
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11.5.8 The Bach-Peters sentence

The man who deserves it will get the prize he wants.
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11.5.9 DBS graph analysis of the Bach-Peters sentence

(i) semantic relations graph (SRG) (i) signature (i) numbered arcs graph (NAG)
get V - get=.
- P60 TN
man prize N N man-“' "prize\
‘ ‘ 215 8 11}
deserve want V ‘desérve ‘Wa t"'
N4 9 }
(prize)/ca (man)/ca (N) (N) (prize)lca '(r‘héh)/c;a

(iv) surface realization

1 2 3 4-5-6 7 8-9 10 11-12
The_man who_deserves it will_get the_prize he wants

11.5.10 Proplet representation of the Bach-Peters sentemc

noun: man verb: deserve - o N r ) - [noun: prize - . verb: want

i ) noun: (prize 56) [verb: get i noun: (man 56] )
cat: snp cat: v _ _ cat: snp _ cat: v

) . cat: snp cat: decl ) cat: snp )

sem: def sg sem: ind pres ) ) sem: def sg ) sem: pres

) ) . sem: def sg sem: pres ) sem: def sg ) |
fnc: get arg: # (prize 56 ) ) : fnc: get ) arg: (man 56) 4

. . fnc: deserve arg: man prize ) fnc: want S
mdr: (deserve 57)) | mdd: (man 56) M- 57 m- 56 mdr: (want 58 M- 58 mdd: (prize 56
| prn: 56 1 Lprn: 57 ] Lprh 4L | prn: 56 P | prn: 58
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11.6 Coreference in Adverbial Sentential Modifiers

11.6.1LANGACKER-ROSS CONSTRAINT IN ADVERBIAL SUBCLAUSES

1. LH' Coreferent noun in lower clause (L) precedes pronoumatrix (H’)
When Mary returned shekissed John.

2. H'L Pronoun in matrix (H’) precedes non-coref. noun in &velause (L)
% Shekissed John when Mary returned.

3. LU'H Pronoun in lower clause (L) precedes coreferent noumatrix (H)
When shereturned Mary kissed John.

4. HL' Coreferent noun in matrix (H) precedes pronoun in loalause (L)
Mary kissed John when shereturned.
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11.6.2 Adverbial modifier sentence: Pronoun in higher claus

1. LH: When Mary returned shekissed John.

2.HL:

(i) semantic relations graph (SRG)
kiss

/N

(Mary)/ca return John

Mary

(iv) surface realization

a. 1 2 3 4-5
When Mary returned  she

b. 1 2 3 4-5
% She kissed John when

6

Mary

% Shekissed John when Mary returned.

(i) signature

/\

(N) N

N

6 7 8
kissed John

7 8
returned

11.6.3 Representing variant 1 as a set of proplets

(iii) numbered arcs graph (NAG)

kISS kISS
(Mary)/(;a re}urn John Qa re klm John

[noun: Mary] ver-b: return [noun: (Mary 39)/ca ver-b: Kiss noun: John
cat: v cat: decl
cat: nm _ cat: nm _ cat: nm
sem: sqg f sem: past sem: sg f sem: past sem: sg m
o arg: Mary o arg: (Mary 39)/ca Johp o
fnc: return . fnc: kiss fnc: kiss
m- 39 mdd: (kiss 40 m- 40 mdr: (return 39) m- 40

P | prn: 39 P | prn: 40 ] P
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11.6.4 Adverbial modifier sentence: Pronoun in lower clause

3. LU'H: When shereturned Mary kissed John.
4. HL: Mary kissed John when shereturned.

(i) semantic relations graph (SRG) (i) numbered arcs graph (NAG)
kiss a. kISS kISS
Mary/return John Mary re}urn ~John ary re un ™ John
(Mary)/ca

(i) signature

/V\ (iv) surface realization
‘ a 1 2 3 4-5 6 7 8

(N) V N When she returned Mary kissed John
b. 1 2 3 4-5 6 7 8
N Mary kissed John when she returned
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11.6.5 Proplet NAGs of an H'L and an L'H construction

H'L:

verb: know

verb: know
arg: Mary (happy 18)

6 AVE
noun: (Mary 18)/ca adj: happy noun: Mary adj: happy
fnc: know fnc: (know 17) fnc: know fnc: (know 17)
mn: 17 arg. Mary rn: 17 arg: (Mary 17)/ca
| prn: 18 B | prn: 18 B
4, 2
noun: Mary noun: (Mary 17)/ca
fnc: happy fnc: happy
rn: 18 r: 18
1 2 3 4 5 6
(iv) surface realization That she was happy was__known to_ Mary
1 2 3 4 5 6

% She knew that Mary was_happy
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Part Ill.
Final Chapter
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12.1 Level of Abstraction

12.1.1 The Equation Principle of Database Semantics

1. The more realistic the reconstruction of natural cognitthe better the functioning of the artificial model.

2. The better the functioning of the artificial model, the mogalistic the reconstruction of natural cognition.
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12.2 Evolution

12.2.1 Consecutive vs. Concurrent Hypothesis

a. Consecutive hypothesis:

language ability evolves from non-language abilities

non-language language

abilities ability

» time line

transition to language

b. Concurreh‘t hypothesis:

language ability evolves from communication ability

communication\  language

ability ™ ability
non—communication
abilites

» time line
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12.3 Semantics

12.3.1 Predicate calculus analysis dvery man loves a woman.

reading 1: Vx[mar((x) — Jy[womari(y) & love’(x, y)]]
reading 2: 3Jy[womari(y) & [ Vx[mar(x) — love'(x, y)]]

12.3.2 DBS analysis oEvery man loves a woman.

‘noun: man| [verb: love 1 [woman

cat: snp cat: decl cat: snp
sem: exh p| [sem: pres sem: indef sg
fnc: love arg: man woman | fnc: love
prn: 23 | | prn: 23 1 Lprn: 23
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