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. The cat saw the mouse.
. The cat heard a mouse.
. The mouse heard.

. A mouse saw.

. A cat saw.

A cat heard the mouse.

(Langley & Stromsten, 2000)

Plan of the talk

[N

. Introduction: how can we characterise and compare the structure and
structural complexity of human and non-human communication?

N

. Automata & grammars as models of structure

w

The (extended) Chomsky Hierarchy

4. Locating human language(s) on the CH

o

. Locating learning abilities of monkeys and birds on the CH

6. A Bayesian approach to nding the most probable grammar given the
data (be it speaker-based or hearer-based)
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(Okanoya & Yamaguchi, 1997)




0! thel
o al
1! cat2
1! mouse 2

Shannon, 1948

Approximations of English based on word transition probabilities:

1st-order: REPRESENTING AND SPEEDILY IS AN GOOD APT OR COME
CAN DIFFERENT NATURAL HERE HE THE A IN CAME THE TO OF
TO EXPERT GRAY COME TO FURNISHES THE LINE MESSAGE HAD
BE THESE

2nd-order: THE HEAD AND IN FRONTAL ATTACK ON AN ENGLISH WRITER
THAT THE CHARACTER OF THIS POINT IS THEREFORE ANOTHER
METHOD FOR THE LETTERS THAT THE TIME OF WHO EVER TOLD
THE PROBLEM FOR AN UNEXPECTED

0! thel
o a1l

1! cat2
1! mouse 2
2! saw
2! heard
2! saw 3
2! heard 3
3! the 4
3l a4

4! cat

4! mouse

Finite-state Automata are inadequate
(Chomsky, 1957)

Let Sy, Sy, S3, S4 be simple declarative sentences in English.
2) If S, then S,.
®3) Either Sz or Sy.

(@] The man who said that Sg, is arriving today

0! thel

1! cat2
1! mouse 2
2! saw
2! heard
2! saw 3
2! heard 3
3! the 4

4! cat
4! mouse

(Context-Free) Phrase Structure Grammars

Sentence ! NP + VP

NP! T+N
VP! Verb+ NP
T! the

N! man, ball, etc.
Verb ! hit, took, etc.

Shannon, 1948

Approximations of English based on character transition probabilities:

0-order: XFOML RXKHRJFFJUJ ZLPWCFWKCYJ FFJEYVKCQSGHYD
QPAAMKBZAACIBZLHJIQD

1st-order: OCRO HLI RGWR NMIELWIS EU LL NBNESEBYA TH EEI
ALHENHTTPA OOBTTVA NAH BRL

2nd-order: ON IE ANTSOUTINYS ARE T INCTORE ST BE S DEAMY
ACHIN D ILONASIVE TUCOOWE AT TEASONARE FUSO TIZIN ANDY
TOBE SEACE CTISBE

3d-order: IN NO IST LAT WHEY CRATICT FROURE BIRS GROCID PON-
DENOME OF DEMONSTURES OF THE REPTAGIN IS REGOACTIONA
OF CRE

(Context-Free) Phrase Structure Grammars

Sentence! NP + VP 1. Sentence
NP! T+N 2. NP + VP
VP! Verb+ NP 3. T+N+VP
T! the 4. T+ N+ Verb + NP
N! man, ball, etc. 5. the + N + Verb + NP
Verb ! hit, took, etc. 6. the + man + Verb + NP
7. the + man + hit + NP
8. the + man + hit + NP
9. the + man + hit+ T+ N
10. the + man + hit + the + N
11. the + man + hit + the + ball
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1950 Categorial Grammar
Transtormational Generative Grammar

1960
P . . . . Standard Theor
(1) a. Gilligan claims that Blair deceived the public. i
b. Gilligan claims that Campbell helped Blair deceive the public. 1970
. . . . . " Extended Standard Theory
c. Gilligan claims that Kelly saw Campbell help Blair deceive the public.
(tail recursion)
Generative
1og0  Sementics Government & Binding
(2) a. Gilligan behaupte dass Kelly Campbell Blair das Publikum beliigen + Principles & Parameters TAG  Combraoy GG TypeLagica Grammar
helfen sah. (center embedding) Consrucion aPse
b. Gilligan beweert dat Kelly Campbell Blair het publiek zag helpen 1990 Grammar HPS: \LFG
bedriegen. (crossing dependencies) Minimalism
2000
Berkeley MmIT Sanford  Sanford  Philadelphia  Edinburgh Utrecht
Fillmore & Kay Chomsky  Pollard & Sag Bresnan & Kaplan Joshi  Steedmman Moortgat
25 29
S(0)
/\ 1950 Categorial Grammar
Transtormational Generative Grammar
NP(3sg) VP(3s0)
PN /\
Gilligan  V(350) NP{3s) 1960 Sandard Theory
behaupte /\
« 1
0 1970 Extended Standard Theory
dass
/\ Mildly Context Sensitive
neGn) VP(3sg) o0 g;‘::‘;e Government & Binding
P‘N Principles & Parameters
Kelly Combinatory CG  Type Logical Grammar
(3 Vi
2 o Constucion Py
/\ h 1990 Grammar
Nm‘:agw VP(3sg) Minimalism
o /\ Unificatjon
Campbell s(3) V{inf) 2000
/\ helfen
NeEs R Berkeley mIT Sanford  Sanford  Philadelphia  Edinburgh Utrecht
pG Vi Fillmore & Kay Chomsky  Pollard & Sag Bresnan & Kaplan Joshi  Steedman Moortgat

PN

|

Blair |
Ari{n)  Nln)  belegen
|
das Publikum

Lexicalisation

The Chomsky Hierarchy

So, what is special about syntax?

Humans are able to process language with hierarchical, recursive phrase-
structure;

Humans have sophisticated (innate) learning abilities for discovering
such structure in sequences of (meaningful) noises;

This ability is probably uniquely human and might be uniquely linguistic,
but the evidence is inconclusive;

There exists no complete (or even approximate) formal theory about
how children learn to master the grammar of their native language.

They might be innately equipped with a number of universal principles
for syntactic combination, but the evidence is inconclusive;

Universal Grammar
The set of possible natural languages;
The innate contribution to everyone's “knowledge of language”.
The initial state of the “language acquisition device”;

The universal blueprint underlying all language + the “language acquisi-
tion device”.

Is center-embedding uniquely linguistic?

Many intuit, and Steedman (2002) and Stenning & Van Lambalgen (2004)
argue formally, that the computational requirements for processing lan-
guage are very similar to those for planning and reasoning.

Pollack (1990), Elman (1991) and Gers & Schmidhuber (2001) present
general-purpose neural network models that can process hierarchical,
recursive phrase-structure.




Is center-embedding uniquely human?
Arti cial grammar learning, Fitch & Hauser, 2004

Samples from two formal languages, one (AB)" nite-state and one
ANB" context-free;

Using @preferential looking paradigm® to test whether tamarin monkeys
notice difference when switching from nite-state to context-free or vice
versa;

A's and B's are syllables from a set of 8 each, pronounced by a male
and female speaker respectively.

Problems
Test languages were (ab)" and a"b", withn = 2,n = 3.
n too small to exclude many alternative hypotheses;

Finite-state language a"b™ would allow tamarins do discriminate. Why
don't they?

How can we be sure humans don't use a"b™?

Evidence thus inconclusive, but a very interesting new research ®eld
has emerged (*Experimental Formal Language Theory®).

@nite-state | context-free @nite-state | context-free
n (ag" ap" n (ap" ap"
1 ab ab 1 ab ab
2 abab aabb 2 abab aabb
3 ababab aaabbb 3 ababab aaabbb
4 abababab | aaaabbbb 4 abababab | aaaabbbb
1 1
@nite-state | context-free
n (ab)" ap"
1 ab ab
2 abab aabb
3 ababab aaabbb
4 abababab | aaaabbbb
1

40




Gentner et al, Nature, 2006
11 European starlings (Sturnus vulgaris);
go/nogo operant conditioning;
trained to classify samples from (AB)" and A"B" languages;

A's and B's are motifs from the species' own song (8 rattle, 8 warble);

41

Chomsky not convinced

aThe article is based on an elementary mathematical error? said Chomsky,
professor of linguistics at Massachusetts Institute of Technology. @They are
overlooking the fact that there are many intermediate systems that are ig-
nored in mathematical linguistics because their properties are empirically
irrelevant?®

3t has nothing remotely to do with language; probably just with short-term
memory? Chomsky told LiveScience.

(LiveScience.com)

45
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The Chomsky Hierarchy

Type 0

Type 1
Type 2
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mirror-language

wwM (ABBA, ABCCBA)
or even:

XABCC'B'A

(Gilligan behaupte dass Kelly
sah.)

Blair das Publikum beltigen

a7
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In practice, however, the stimulus sets used to test such claims must be

nite. Thus, the theoretical possibility remains that a nite-state grammar,
however heavily contrived, may account for the observed behaviour (see
Supplementary Information).

Of course, theoretical dif culties in proving the use of context-free rather
than nite-state grammars extend to studies of grammatical competence in
humans as well, and therefore call into question the falsi ability of claims
regarding CFGs in humans compared to non-humans.

(Gentner et al., 2006:1206)
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Identi ability in the Limit

For every in@nite languages there exists an in@nite sequence of @nite lan-
guages that are indistinguishable for any amount of training samples.

in@nite Ianguage\@ﬂte languages

SV Sa SV a
S7 a ST aa
SV aaa
SV aaaa
SV aaaaa
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Solution: model explicitly both the a priori probability of the grammar under-
lying the data, and the degree to which the grammar is able to model the
data.

(Okanoya & Yamaguchi, 1997)

Trade-off between complexity-of-the-model and @&-with-the-data.

Minimum Description Length: Data-Description Length + Model-Description
Length

Bayesian Inference: Prior Probability — Data Likelihood

Bayesian Model Merging (Stolcke & Omohundro, 1994)

Maximum Likelihood (ML) Hypothesis:

argmax;, P(hypothesisjdata) — argmax, P(datajhypothesis)

Bayesian Maximum A Posteriori (MAP) Hypothesis:

P(datajhypothesis) P(hypothesis)
h

argmax;, P(hypothesisjdata) = argmax P(data

(5) a. The cat saw the mouse.
b. The cat heard a mouse.
c. The mouse heard.
d. A mouse saw.
e. Acatsaw.

f. A cat heard the mouse.

(Langley & Stromsten, 2000)




mouse




Context-free Grammar

S I NPVP VP! V
NP! ArtN VvV ! saw

Art! the V ! heard
Art! a VP! V NP
N ! cat

N ! mouse

Data Description Length: 30
Data Likelihood: 2 30
Grammar Description Length: 21

Grammar Prior: 2 21

0! thel

o a1l

1! cat2

1! mouse 2 Grammar Description Length: 32 symbols
2! saw Prior Probability Grammar: 2 32
2! heard

2! saw3

2! heard 3

3! the 4

3l a4

4! cat

4! mouse

Speaker-based
argmax P(Gjhfi) = argmax P(G)P(hfi jG)
G G

Hearer-based

argmax P(Gjhfi,hji) = argmax O P(G) & (P(iiips)P(psifi, )
G G Psi

(6) a. The catsaw the mouse. 1=2 1=2 1=4 1=2 1=2= 1=64
b. The cat heard a mouse. 1=64
c. The mouse heard. 1=2 1=2 1=4= 1=16
d. A mouse saw. 1=16
e. Acatsaw. 1=16
f. A cat heard the mouse. 1=64

Data Likelihood = 2 30

(Langley & Stromsten, 2000)

Conclusions

Theoretical Linguistics can offer useful tools for characterising structure
and structural complexity of sequences learnt and used by non-human
animals;

However, there are a great number of pitfalls when applying formal lan-
guage theory to experimental data;

Bayesian Inference offers a coherent framework to @d the 2best® gram-
mar to describe the observed data, whether speaker-based or hearer-
based.

Data Description Length: 11

Data Likelihood: 2 11
Grammar Description Length: 54

Grammar Prior: 2 54




