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Introduction

Two research projects:

1. Learning complex phrase-structure grammar with connectionist networks (lin-
guistics)

2. Modeling sentence-processing with self-organizing constituent attachment net-
works (psycholinguistics)

Common themes: recurrent connectionist networks, attractor landscapes, self-
organization
Conclusion: it is not so much probabilities as activations that fill in the ”continuum between
the absolutes”

Project 1. Phrase structure grammar learning (linguistics)

(1) ...this moocow that was coming down along the road met a nicens little boy named
baby tuckoo. .. (Joyce, 1917)

(2) IP — NP VP
NP — Det N’
N’ — N CP
CP — Comp IP

(3) Motivations:
(1) The phrase structure base is fundamental to all current syntactic theories and yet
there is no effective formal theory of how we know what it is.
(2) Many of the most challenging and interesting problems in linguistics are constituency
problems.

(4) Simple Recurrent Networks (SRNs) and variants on them can represent and even learn
recursive structures (Wiles & Elman, 1995; Rodriguez, Wiles, & Elman, 1999; Bodén &
Wiles, 2000, 2002; Gers & Schmidhuber, 2001)

Pace Pinker (1999), Steedman (1999), Marcus (2001), Jackendoff (2002) who have sug-
gested that these kinds of networks are incapable of learning recursive structures.
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Language | Sample sentences
(5) a™b" ab,aabb,aaabbb

a™b"c" abc,aabbcc,aaabbbccec
a"A"B"a" | ab,aABb,aaABbb,aAABBD

(6) Learning exponential state-growth languages is much more difficult (Elman, 1991, 1993,;
Rohde & Plaut, 1999; Rodriguez, 2001)
1.0S—ABC
1.0A —a(S)
1.0 B— b (S)
1.0C — ¢ (9)

(7) Visited states in the hidden unit space of the FLNN:
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(8) How the FLNN works:
1. Attactors exert "pulses” of influence on the system state, coloring it with its history.
2. Fractal set organizes computation: analogous to recursive rules.

3. Self-organizing in the sense that the interactions of autonomous lexical entities give
rise to the syntactic structure.

4. The learning is a kind of tuning of probabilities, but every finite word-sequence has
positive probability (so the learning is not equivalent to tuning the probabilities on a
restrictive phrase-structure grammar).

Project 2: Sentence processing (psycholinguistics)

(9) Self-organized parsing: Kempen & Vosse (1989), Stevenson (1994, 1997a, 1997b, 1998),
Vosse & Kempen (2000):

(10) Self Organizing Tree Fragments:

D‘et D‘et
the a
N N N/
[COACH] [PLAYER] [FRISBEE]
/\ / /\ / /\ /
Det [COACH] Det [PLAYER] Det [FRISBEE]
| | \
N N N
[COACH] [PLAYER] [FRISBEE]
| | \
coach player frisbee
Vl/ Nl
[+active] [TOSS—BEN]
/\ /\
N// Vl N V/l
[TOSS—AGT] [+active] [TOSS—BEN] [—active]
T \
V NH V/
[+active] [TOSS—THM] [—active]
\ T
tossed v N
[—active] [TOSS—THM]
|
tossed

(11) How the self-organizing parser works:

1. Links grow at rates proportional to the feature match between their nodes.
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2. Multiple senses (syntactic and semantic) of ambiguous words compete.
3. The attractors are the stable states that the system ”gravitates toward”
4. Reading time is stabilization time.

5. The system is, again, self-organizing: syntactic structures are built up out of a
collection of lexical entities vying to form combinations with one another (there is no
global well-formedness requirement,)

6. Lexical biases are implemented as initial activation differences.

(12) Processing a simple garden path sentence:

While the-emperor ate the-guavas picked-yesterday rotted

o
~
T

o
[=2)
T

o
~
T

Tree Fragment Activation
o o
w o1
T T

o
N
T

—A—  ate[Trans]
0.1h —e— ate[Intrans]

ate 100 200 300

quavas Timestep

2.1 Coverage of well-known sentence-processing results

(13) Center-embedding difficulty (Vosse & Kempen, 2000)
a. The cat the rat chased died. (100% successfully parsed)
b. The cat the rat the dog bit chased died. (0% successfully parsed)

(14) Reason: the number of distracting potential attachments grows exponentially with the
number of embeddings.
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(15)

(16)

(17)

(18)

Lexical biases (McRae, Spivey-Knowlton, & Tanenhaus, 1998):

a. The cop arrested by the detective was chagrined.
FAST SLOW

b. The crook arrested by the detective was chagrined.
SLOW  FAST

Reason: Felicitous semantic combinations favor some links over others.

Complexity effects (Grodner, Gibson, & Tunstall, 2002):
The witness who the evidence examined...

a. ...by the prosecutor offended made a complaint. (HARD)
b. ...made a complaint. (EASIER)

Reason: Complex trees are outcompeted by simple trees.

2.2 Distinguishing predictions of the self-organizing model.

(19)

(22)

Lexical biases interact with center-embedding (King & Just, 1991; Weckerly, 1995;
Traxler, Morris, & Seeley, 2002):

a. The doorman that the chauffeur greeted called to the dog. (HARD at ”called”)

b. The limousine that the chauffeur drove needed extensive work. (EASY at "needed”)

Self-organizing model: semantic biases support appropriate link-growth in the subor-
dinate clause, easing the stress at the main verb.
Statistical models based on grammatical parses: no difference.

Distracting local coherence (Tabor & Galantucci, 2000; Tabor, 2002b):

a. The coach chided the player tossed the frisbee by the opposing team.
(AMBIGUOUS, REDUCED)

b. The coach chided the player who was tossed the frisbee by the opposing team.
(AMBIGUOUS, UNREDUCED)

¢. The coach chided the player thrown the frisbee by the opposing team.
(UNAMBIGUOUS, REDUCED)

d. The coach chided the player who was thrown the frisbee by the opposing team.
(UNAMBIGUOUS, UNREDUCED)

Interaction between Ambiguity and Reduction indicates formation of local agentive struc-
ture corresponding to ”the player tossed the frisbee” in (21a):
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Self-organizing model: because of self-organization, locally coherent combinations
form and temporarily compete with the globally optimal parse.

Statistical models based on grammatical parses: Reduction effect due to con-
straining information of ”who was”. Possible ambiguity effect. No interaction.

Length effects (Warner & Glass, 1987; Ferreira & Henderson, 1991, 1993, 1998; Tabor,
2002a):

a. While the boy scratched the dog yawned. (EASIER)

b. While the boy scratched the dog sleeping peacefully yawned. (HARDER)

Self-organizing model: length effect due to decay (Stevenson, 1998) or bond entrench-
ment (as in the self-organizing model outlined above).
Statistical models based on grammatical parses: No difference.

3. Conclusions

The language processor is a lexically-based, self-organizing system.

A major advantage of the self-organizing approach is that it allows a number of process-
ing results (hitherto handled by diverse processing-specific mechanisms) to stem from
interaction between linguistic structures and general dynamical constraints.

Activations, which are approximated by, but are not equivalent to probabilities fill in the
”continuum between the absolutes”.
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