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Abstract

This thesis presents a computational model of working mgntmad in human sentence
processing that attempts to explain a number of well-eistadxdl linguistic performance ef-
fects that are associated with processing difficulty ofaiarsyntactic structures. The com-
putational model presented here is based on recent assumsipfiworking memory in com-
putational cognitive modeling. In particular the assuimptihat there are working memory
demands in on-line sentence comprehension associatetatttistorage of incomplete syn-
tactic structure and integration of new lexical input irtte structure built thus far. The model
has been realized as an implemented system for parsing mdragf English into depen-
dency representations. The implementation provideslddtguantitative predictions of the
time course of sentence comprehension and processingutliffi¢ hese predictions afford
comparison with empirical evidence such as reading time.datcontrast to current sen-
tence processing theories which rely on phrase structpresentations, we implement an
algorithm for parsing where the basic syntactic relatiomsassary for interpretation are es-
tablished directly as asymmetrical dependency relati@taden lexical nodes. In addition
to accounting for well-established processing contréis¢ésdependency-based parsing model
detailed here reflects important principles of real-tim&eece processing, such as incremen-
tality and predictivity.
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1 Introduction

In order to understand a sentence in natural language it is hecessasgamble

its syntactic structure and recover the semantic and referential ref@agésemassoci-

ated with it. Syntactic structure assembly in human sentence comprehensioaseq
some immediate memory of the past so that incomplete structure can be retained
and integrated with new lexical input. Although words are input in successio
processed serially, linguistic dependencies may span several wasds.fifst ex-
ample, consider the sentence in (1). This sentence involves a nonhjetisverb
dependency spanning several words. The embedded relative glhiasey sister

met by the sea last niglniterrupts the dependency between the sulifeegirl and

the main verlwore Thus, when processing this sentence, some representation of the
initial subject must be retained in memory before it can be syntactically anchsema
tically integrated with the main verb in the structure.

(1) The girl who my sister met by the sea last night wore a yellow raincoat.

Experimental research has provided substantial evidence that semarsing
requires processing resources in the form of working memory ressufthe ev-
idence suggests that the efficiency of processing is constrained neirtheork-
ing memory limitations. One recent theory of the influence of working memory in
sentence processing - the dependency locality theory (Gibson, 1888) 2makes
precise, quantitative predictions of processing load and hence pnogaetdifficulty
during on-line sentence comprehension. According to the dependeradityjche-
ory, processing resources are required for two aspects of laaguagprehension:
storageof the structure built thus far; anidtegrationof new lexical input into the
structure built thus far. Based on integration and storage, the depmrideality the-
ory defines a structural metric over syntactic structures which can acfmna rich
variety of behavioral processing data across a range of languages.

In this thesis, we draw on the distinction between these two different fursction
of working memory in sentence processing. The aim of this work is to prawide
computational model of working memory load in sentence processing, reakizan
implemented model for parsing a fragment of English into dependencytivape
resentations. The implemented model provides detailed quantitative predictions
word-by-word processing difficulty and on-line reading times. Thesdiptions af-
ford comparison with behavioral data frasalf-paced reading time studigs which

1Research in cognitive psychology has justified a distinction between lomgrtemory, in which
a large number of facts and autobiographical events are storedhartdesm memory, in which very
limited amounts of information are kept active for very brief periods oétiShort-term memory is gen-
erally referred to as a kind of working memory system: “...a shorédilon limited-capacity memory
system capable of simultaneously storing and manipulating information iethies of accomplishing
a task” (Caplan and Waters, 1999).



participants are presented with sentences one word at a time and meadsarefnen
the time taken for the participant to request the next word are recorded

In contrast to current sentence processing theories which rely asg@btructure
representations, we implement a model for parsing where the basic synttatiions
necessary for interpretation are established directly as asymmetricalddemy re-
lations between lexical nodes. In addition to accounting for performdfegtin a
number of structures, the computational parsing model detailed hereséfigmor-
tant principles of real-time human sentence processing, such as incrétyeme
predictivity®.

1.1 Cognitive modeling and language engineering

The computational mechanisms which support human language processmntné
central area of research in experimental and computational psychislicguUn-
derstanding the mechanisms underlying language use and how they relaretalg
cognition is of critical importance to cognitive science in general. In additian, w
argue that various aspects of linguistic performance also have implicatiornisef
engineering of natural language processing systems. In this view, ¢atigmal the-
ories and behavioral evidence can serve to inform research ordgegechnologies.
By way of illustration, consider the incremental nature of human sentencessing.
Extensive experimental evidence has shown that language comgmhenicre-
mental: each incoming word is processed immediatley and integrated without delay
into a partial sentence interpretation (e.g., Marslen-Wilson 1973; Justr@e@ter
1980; Frazier 1987). Many real-time NLP systems engaged in human communica
tion must be able to reflect the immediacy of human sentence processing-For e
ample, in order to build dialogue systems which can afford a natural dialbgue
reaction times need to be reduced close to the order of that of humanshiéweac
this, words need to be recognized and integrated into some structuregeegation
as soon as they are encountered.

Turning to the matter at hand, any kind of information processing task makes ¢
nitive demands on human processing capabilit@gnitive loadgenerally refers to
the amount of information which must be retained in working memory in order to
perform a given task. Information processing systems must respebimiketions
of human working memory. If a system requires the user to process too imuch
formation at once, and thus to hold too many items in working memory, it will fail.
This applies to NLP systems as well. Thus, a computational model which tgrrec
predicts which kind of linguistic structures are associated with much cogmtive
fort in terms of processing load has a number of potential applicationexaonple,
natural language generation systems, e.g., dialogue and machine trarstatemns,

2 The typical procedure of a self-paced reading experiment is as fllBach sentence is presented
on a computer screen as a series of dashes which indicate the lengtiostohpof each word in
the sentence. Participants press the spacebar to reveal each wordsenteece. Each subsequent
press reveals the next word and removes the preceding word. Tawenaof time a participant spends
reading each word is recorded as the time (in milliseconds) betweenrkeggs. After the final word
of each sentence, a comprehension question appears which promptetibipant to answer a yes or
no question about the information in the previous sentence.

3This does not mean, however, that the implemented model should bileoed a cognitive model
in the strongly equivalent sense of Pylyshyn (1984). The procest#pg in the implementation are not
held to correspond to the processing steps of the human sentencegmgcsy/stem.



should preferably not produce output which people fail to understarve diffi-
culty in understanding. Filtering of sentences that are hard or difficultdogss can
be a useful component in such systems. A metric of processing load carealsed

in such systems to select the syntactic structure associated with the leastsproc
ing effort, so that the resulting sentence is easier to understand tharpotkatial
alternatives. Further applications include text readability, grammar andctgtk-
ing software, and in general any computational linguistic application in whieh th
comprehensibility of language is important. In addition, understanding theenattu
working memory capacity limits have applications in any area concerned with-cog
tive overload in humans, such as aphasiology, attention-related dispnaeititask
performance (e.g., driving while talking on the phone), the design of tintieadr
systems, user interface design etc.

However, before we consider efficient methods for reducing theimgrkemory
load in those NLP systems where the comprehensibility of language is patticular
important, it is necessary to have basic computational models which make the acc
rate predictions with respect to well-established behavioral evidenggisTthe task
we address here.

1.2 Structure of the thesis

Throughout this thesis, we focus on those properties of the model thaelavant
for understanding it as a computational model of sentence processiung, the the-
sis does not address technical details of the implementatidre remainder of this
thesis is structured as follows. In chapter 2 we review some well-estabkstpead-
imental evidence for inherent working memory constraints in sentencessing.
We also present a brief overview of the dependency locality theoryhépter 3
we first consider general properties of dependency-basedseyadions of syntactic
structure and then detail an incremental and predictive strategy fangardrag-
ment of English into such representations. A simple metric of working memory load
the number of open syntactic predictions, affords an account of a muhperfor-
mance effects. In chapter 4 we focus on retrieval processes in serencessing
and the working memory resources required for performing structuiegrations.
We present a discourse-based activation decay model which compeetlicts a va-
riety of performance phenomena. In Chapter 5 we provide some uséjuhiation
about the implemented system. Chapter 6 provides a summary of the worktprbse
in this thesis.

4The reader is referred to Chapter 5 for additional details on the impletimnta
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2 Working memory constraints in sentence
processing

Research over the past forty years has provided important insights antaathre

of working memory and its influence on language processing. In this ahagte
introduce a small set of linguistic structures for which there are substamiielri-
mental evidence of particular processing effects arising as a comsagjoeworking
memory limitations. We also review some influential accounts of these perfoemanc
effects. We will restrict our attention here, as well as in subsequeptetsa to un-
ambiguous sentence processing difficulty. Thus, we will not be coadewith the
processing difficulty associated with misinterpretation of local structuraiguriles,

e.g. garden path effedts

2.1 Center-embedding

One of the first clearly identified phenomenon associated with computatigpedis

of language in use was the difficulty in comprehending multiply center-embledde
structures (Miller and Chomsky, 1963). A syntactic categirys center-embedded
within another category, if there is some constituent i both to the left and to

the right ofX. Most native speakers of English find a sentence with a single center-
embedded relative clause such as in (3) unproblematic to compreheBj. thme(rel-

ative clausehat the cat bitis center-embedded within the sentetite mouse. . . ate

the cheese

(3) The mouse that the cat bit ate the cheese.

There is a sharp drop in acceptability, however, from one to two or moetsief
embedding in such structures. Thus, increasing the depth of embedolingifre to
two center-embedded relative clauses makes the sentence in (3) extrédfioelly th
process. This fact has been documented extensively in a large nufaegoages
apart from English. The difficulty in processing English multiply center-esdiveys
is illustrated in (4) and (5) beloty

(4) # The mouse that the cat that the dog chased bit ate the cheese.

1A garden path effect arises as a consequence of a local struanijuity which is resolved in
favour of an incorrect reading. The sentence in 2 provides a welldkrexample:

2) The horse raced past the barn fell.

In (2) people usually misinterpreacedas a simple past tense verb, leading to processing breakdown,
instead of as a passive participle, which is the correct interpretatierhorse, which was raced past
the barn, fell.

2Following notational conventions we indgxammaticalbut unacceptableentences with #.

4



(5) # The mouse that the cat that the dog that the elephant admired clizested b
the cheese.

In (4), there is one relative clause embedded inside another relativaeclBue rela-
tive clausethat the dog chased embedded between the subjdwt catand the verb
bit of the first relative clause. In (5), there are two relative clauses edelgeidside
another relative clause.

In contrast to center-embedded structures such as (4) and (5justaithat are
right- or left-branching can be embedded essentially without limit. For exartinae,
sentence in (6) is the right-branching counterpart of (4), and (7) example of a
left-branching structure. Both of these sentence constructions axptabte.

(6) The dog chased the cat that bit the mouse that ate the cheese.
(7) John’s sister’s doctor’s cat hates mice.

The structural difference between these three constructions ammatbally illus-
trated below:

(8) Right-branching{q...[a---]]
(9) Left-branching{[q...]a---]
(10) Center-embeddindy...[q...]...]

Itis generally assumed that the difficulty associated with center-embeddiagssd
by an inherent constraint on working memory resources. Although thergeneral
agreement that working memory limitations play a fundmental role in explaining the
difficulty, it is much less clear why exactly the processing system fails totaamis
a representation for such constructions. One general explanatiosn oalithe num-
ber of nominal arguments which must be temporarily retained in working memory
before either argument can be integrated with its associated verb. Tihbdatu-
man working memory is bounded suggests that the processing systemodbesa
access to the memory resources required in order to retain the nominaieartgu
in memory, and as a result it fails in representing the associated syntactitusttu
This kind of processing breakdown associated with center-embeddedusés is
generally referred to as@ocessing overloaéffect.

However, much research on embedded structures since the early yvivtiex
and Chomsky (1963) has shown that the issue of embedding is consyderate
complex than initially assumed. For example, not all multiply center-embedded stru
tures are unacceptable, and contrary to common assumptions, some multtply cen
embedded structures occur surprisingly frequently in language (Rudetdk 1982).
Roeck et al. (1982) collected examples of naturally occuring center-gutiriges from
English and German newspaper texts and showed that such structigEsasion-
ally produced. Thus, besides right-branching and left-branchingtaastions, there
are a variety of acceptable center-embedded constructions (Cov@Fér, Gibson,
1991; Lewis, 1993). For example, consider the sentences in (11)1&)dThese
sentences are acceptable even though both involve multiply center-endpeddin

(11) That the food that John ordered tasted good pleased him.

(12) The possibility that the man who | hired is incompetent worries me.



In (11), two sentencedhe food tasted good, John ordejesre center-embedded
within the main clauseThat. .. pleased hinin (12), a relative clausaenvho | hired

is embedded inside a complement clausat(the man is incompetgntAlthough
both of these sentences involve two levels of center-embedding they aeestit-
able and do not cause the processing difficulty associated with the esnberdded
structure in (4).

Increasing the number of embeddings in a center-embedded structuwrasesr
processing difficulty. However, increasing thienilarity of the embedded arguments
causes additional difficulty, and making the arguments more distinct in some way
facilitates processing (Miller and Chomsky, 1963; Lewis, 1993, 1996nster the
Japanese construction in (13) below (Lewis, 1993).

(13) John-wa Bill-ni Mary-ga Sue-ni Bob-0 syookai sita to it-ta
John-Top Bill-Dat Mary-Nom Sue-Dat Bob-Acc introduces say
“John said to Bill that Mary introduced Bob to Sue.”

This sentence contains five nominal arguments before any verb ogetigsjch
constructions are acceptable in Japanse. The crucial differencedretive Japanese
construction and the English double center-embedded structure in (4) tisehreom-
inal arguments in the Japanese sentence are marked for case. iRgpitesdapanese
sentence requires retaining no more than two nominal arguments of anyulaartic
syntactic function in memory: at most two subjects, two indirect objects, aivdet d
object. In contrast, processing the center-embedded structure ie@djras retain-
ing three nominal arguments of the same syntactic function (subject) befpree
occurs. Lewis (1993, 1996) showed that a range of cross-linguiatec @h center-
embeddings can be explained sisvilarity-based interferenceffects in a capacity
limited working memory. The central assumption here is that retaining incomplete
syntactic constituents with the same syntactic function causes interferdacts ef
in working memory during processing, resulting in increased proces#iingyty.
Based on behavioral data, Lewis suggested that the working memorynsgstdd
store no more than two items under the same syntactic relation at any point during
the course of processing a sentehce

2.2 Relative clause asymmetry

There is considerable experimental evidence showing that it is hardendess an
an object relative clause sentence such as (14) than a subject relatise sentence
such as (15) (e.qg., Ford, 1983; King & Just, 1991).

(14) The reporter who the senator attacked admitted the error.
(15) The reporter who attacked the senator admitted the error.

Even though people generally are able to comprehend object relativees|aauch
structures are processed more slowly than subject relatives. Thiasbhas been

SLewis original model has since been substantially revised. Lewis anidh¢ag2005) provides
a detailed sentence processing theory based on activation decay dladitgimased interference in
working memory.



established in several studies, using a variety of experimental techn&gesself-
paced reading time and event-related potertiite critical differentiating region
occurs at the verb of the relative clausétécked which is associated with increased
reading time in object relative clause sentences. Moreover, it has bperied that
aphasic patients have great difficulty in comprehending object relatiuseta(e.g.,
Grodzinsky, 1989).

In a transformational grammar framework that assumes the existence of empty
categories, the syntactic structure of these different structures everded for as
follows. The relative pronounyhg, in an embedded object relative clause, is initially
extracted from the object position of the embedded clause. This empty oatego
sition is then co-indexed with the extracted relative pronoun:

(16) The reportefg whg; [sthe senator attacked]eadmitted the error.

Correspondingly, in an embedded subject relative clause the relatimeynn is ex-
tracted from the subject position of the embedded clause:

(17) The reportefg whg; [s g attacked the senator]] admitted the error.

These structures are often referred to as object-extracted relatisesland subject-
extracted relative clauses, respectively.

The processing asymmetry between the two different structures, e.g.aasnmee
by reading-times, has been given different explanations. Under acitgftimited
view, when processing the object-relative clause, two nominal argumestdme-
tained in working memory before any verbal information clarifies the seatstinac-
ture. By contrast, in the subject relative clause only one nominal argumeceges
the embedded verb. Thus, processing load at the embedded verb isihigieob-
ject relative clause, and as a result reading times increase at this walitferent
influential account which will be reviewed in section 2.5 relies on the grdiatsar
distance between the embedded verb and the extracted relative pronoworé pre-
cisely, between the empty category positiparmd the relative pronoun) in the object
relative clause. This account explains the observed contrast uredesshmption that
it is harder to integrate new lexical input with distant linguistic material than more
recent material.

2.3 Algorithms and acceptability bounds

While there is no severe bound on the number of acceptable embeddinghktin rig
or left-branching structures, center embedded relative clause stsce critically
restricted, as previously discussed. There have been attempts totetiaessuman
memory limitations in syntactic processing by considering these acceptabilitddoun
relative to the computational memory requirements of particular parsing algsrith
for context free grammars (Miller and Chomsky, 1963; Johnson-La883; Abney
and Johnson, 1991; Resnik, 1992). These accounts have relied statk size, i.e.
the number of incomplete nodes at each point in the parsing processasoaable
metric for working memory load.

4Event-related potentials (ERPX measurement of brain activity which indicates the presence of
syntactic (P-600) and semantic anomaly (N-400) during languageretwpsion.



2.3.1 Top-down and bottom-up parsing

In a strict top-down parsing algorithm for context free grammars the staciain-
tained in order to keep track of syntactic categories that have beentectthas far
and therefore still need to be found. A top-down algorithm may requirembownded
amount of stack space in order to parse left-branching and centeddetbstruc-
tures (Miller and Chomsky, 1963; Abney and Johnson, 1991). Teymgwocessing
associates bounded (constant) space with right-branching structugesrbus, a
structural metric of processing load based on the memory requirements pf a to
down algorithm suggests that left-branching structures should be asaptable as
center-embedded structures and harder to process than rightibgusttuctures.
Since left-branching structures such as (18) are acceptable, suessamption is
incorrect with respect to behavioral data (Chomsky and Miller, 1963; Méted
Chomsky, 1963; Johnson-Laird, 1983; Abney and Johnson, 1991)

(18) John’s sister’s doctor’s cat hates mice.

A similar analysis holds for a bottom-up algorithm. In bottom-up parsing the
stack is maintained in order to keep track of categories that have beed fious
far, and still need to be structured together. A bottom-up algorithm may eeguir
unbounded amount of stack space in order to process right-branghthgenter-
embedded structures (Chomsky & Miller, 1963; Abney and Johnsor,)1B8ttom-
up processing associates constant space only with left-branchingustsidHence,
a metric based on the memory requirements of a bottom-up algorithm suggests that
right-branching structures should be as unacceptable as centerdadistlctures
and harder to process than left-branching structures. Since rightHirg structures
such as (19) are acceptable, such an assumption is also incorrect syttiréo
performance data (Chomsky and Miller, 1963; Miller and Chomsky, 19@#)sbn-
Laird, 1983; Abney and Johnson, 1991).

(19) The dog chased the cat that bit the mouse that ate the cheese.

Taken together, these results suggest that the human sentenceipgpsgstem
does not function entirely top-down or entirely bottom-up.

2.3.2 The left corner algorithm

Neither standard top-down or bottom-up algorithms associate unboundedrynemo
with center-embedded structures only. It has been shown, howeakagrthnstance
of the left corner algorithm do require unbounded stack space faercembedded
structures while retaining bounded space for both left- and right-biagskructures
(Aho and Ullman, 1973; Johnson-Laird, 1983; Abney and Johns@®l;1Resnik,
1992). A left corner algorithm proceeds partially top-down and partiadigtdon-
up by identifying the left most corner of the right hand side of a conted-fule
bottom-up, and predicting the remaining categories on the right hand side rfi¢h
top-down. Thus, when given a context free rule such as (20) behalhasstructure
of categoryR; is found bottom-up, a structure of categdrys built aboveR; and
the categorie®, to R, are predicted to the right. Categdryis complete when the
categoried?; to R, have been found. At that point, categdrynay cause left-corner
prediction for all those rules in the grammar in whiclis the leftmost category of
the right hand side.



(20) L - R Ry...R,

Left-Corner parsing defines a range of possible parsers depgndninvhich
arc-enumeratiohstrategy that is employed. For example a@o-eagerstrategy enu-
merates the arc between two nodes as soon as both nodes are pretersn adc-
standardstrategy enumerates the arc between two nodes only after all the nodes
dominated by the child have been enumerated. While an arc-eager left @ars-
ing algorithm requires only constant space on left- or right-branchingtstres it
may require an unbounded amount of memory in order to process cembedded
structures. Thus, the memory requirements of the arc-eager left calgmithm
correspond appropriately to acceptability bounds on processing wiihaet® left-,
right- and center-embedded structures. However, it is clear that teesdimature of
human sentence processing difficulty can not be accounted for wittenefeto the
memory requirements of the left corner algorithm alone.

2.4 Storage and computation

Most theories of the influence of working memory in language processiveielied
on the conception of working memory as a limited-capacity buffer reseoreshbrt-
term storage of incomplete structure. For example, the algorithmic-baseokapp
previously reviewed quantified processing load in terms of the numbedestem-
porarily retained on the stack during parsing. However, much experilantznce
in more recent memory research has motivated a different conceptioor&fing
memory. Thus, it is currently assumed that memory resources are reqoiredly
for short-term storage of the intermediate products of computations, louoalsup-
porting the actual computations themselves. Working memory is better conagued
both a storage space and an arena for computation (Just and Carpear For
example, when performing a task such as keeping track of a list of urdeleatels
or numbers for a short period of time it is necessary to hold information in teanpo
storage to complete the task. However, when performing a task such atharetic
calculation, such as adding two three digit numbers, additional procegsiagrces
are required in order to compute the answer. Just and Carpente) EL@gsted that
sentence processing relies on both of these functions of working memory:

Working memory plays a critical role in storing the intermediate and
final products of a reader’s or listener's computations as she or ke con
structs and integrates ideas from the stream of successive words tn a tex
or spoken discourse. In addition to its role in storage, working memory
can also be viewed as the pool of operational resources that petferm
symbolic computations and thereby generate the intermediate and final
products.

The distinction between storage and computational resources has litien pa
ularly influential in one recent theory of working memory in sentence [ing.
Next, we present a brief overview of this theory.

5The order in which the nodes and arcs of the parse tree is enumerateel(and Johnson, 1991).



2.5 The dependency locality theory

The dependency locality theory (DLT, Gibson, 1998, 2000) instantiatedigtinc-
tion between different functions for storage and computational ressimcsentence
comprehension. According to the DLT, working memory resources apgresl for
two aspects of sentence comprehensgiarageof the structure built thus far; and
structural integrationof new lexical input into the structure built thus far. Based on
these two components, the DLT defines a structural metric over syntactitus&si
which predicts a wide range of processing effects in both unambiguousnalnigu-
ous structures. Storage is associated with a cost measuméniory unitgMUs),
and structural integration is associated with a cost measumteirgy unit{EUS).

2.5.1 Storage cost

The processing resources required for storing a partially processexdure are pro-
portional to the number of incomplete syntactic dependencies at that ponoicegs-

ing the structure. As a result, processing load increases when the nafiibeom-
plete dependencies increases. More specifically, storage cost is teahggufollows.
Each syntactic head required to complete the current input string as a gtiaaima
sentence is associated with a storage cost of 1 MU. It is assumed that the Iminima
number of syntactic heads needed to complete a grammatical sentence isown: an
for the subject, and a verb for the predicate. If words are encowhdeming process-

ing that necessitate other syntactic heads to form a grammatical sentendhetbe
heads are also predicted and additional storage cost is incurredxdrople, after
processing the partial input stririge girl who ... in (21) below, there is a storage
cost associated with syntactic expectations for two verbs, which are minimally re
quired in order to form a grammatical sentence. The sultiecgirl requires a verb
and the relative pronouwho also requires a verb. Thus, for example, the sentence
can be completed grammatically the girl who sleeps shivers

(21) The girl who sleeps shivers

Consider the simple sentence in (22) and its storage cost profile presetatold 2.1.

(22) The reporter attacked the senator.

Table 2.1: Word-by-word predictions of DLT storage cost for the sentence in (22)

Syntactic Input word
prediction

The reporter attacked the senat

Matrix verb 1 R

Subject 1 R

Object NP 1 R
Total cost 2 1 1 1 0

For the first word, the determindgre, two syntactic heads are needed to complete
a grammatical sentence, a noun for the subject and a verb for the geedibas the
storage cost is 2 MUs at this point. At the next worehorter, the prediction of a
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noun is realized and thus only a verb is required to complete the sentename Hen
the storage cost is 1 MU at this point. At the third woattacked a direct object is
needed to complete the sentence grammatically, so the cost at this word is 1 MU.
The following determinethedoes not satisfy the prediction for an object, but it does
not add any additional predictions either, so the storage cost remaindldttire.

The last wordsenatorrealizes the prediction of an object and completes the sentence
grammatically.

The DLT Storage cost component can account for processing adeglfects in
multiply center embedded structures, as well as for the processing ¢drgtagen
object relative clauses and subject relative clauses. In particulbe point of having
processed the partial input stritige man who the ., .in the previously discussed
object relative clause structure, repeated here in (23), there anerfmlictions which
must be satisfied in order to complete the sentence grammatically.

(23) The man who the senator attacked admitted the error

These predictions correspond to a main verb for the sentence, a vehe fieel-
ative clause, an empty category position in the RC (relative clause) to beiatssl
with the relative pronoumwha, and a noun for the determingre In contrast, when
processing the subject relative clause in (15) there are never mordéwbaopen
predictions at any given point.

Both storage cost and integration cost provide explanations for a widge raf
performance effects. According to the DLT, however, integrationregiscts reading
time effects most directly.

2.5.2 Integration cost

The structural integration cost associated with integrating a new word intmthent
syntactic structure increases as the linear distance increases betwwerdthad the
most local head or dependent to which it attaches in the structure. Marisely, the
cost of integrating the current wovdwith a previous syntactic item is proportional to
the number of discourse refere¢hthat separates and the associated syntactic item
in the structure built thus far. The motivation for quantifying head-depetdistance
in terms of discourse referents is based on experimental evidence whigesis that
the difficulty of processing a nominal argument depends on the accessilbitite
nominal referent in the discourse. It is harder to access or mentallyraoneferents
which refer to new discourse referents than entities or individuals whiehleeady
in focus in the discourse. Focused entities or individuals, which ardlusaterred
to with pronouns, are highly accessible. Nonfocused entities or indigdusually
referred to with proper names and definite descriptions, and indefinite ploases
are less accessible and require the most memory resources:

The less accessible the referent of an NP is in the discourse, the more
resources are required to find or construct it. ... In particular, itis as

6 A discourse referent, according to the DLT, is defined as follows:

“A discourse referent is an entity that has a spatiotemporal location sat tten
later be referred to with an anaphoric expression, such as a proaoitPfs, or tense
on a verb for events” (Gibson, 2000, 103).
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Table 2.2: Word-by-word predictions of DLT integration cost for the subject-extracted RC struc-
ture in (24)

Input word
Cost type The reporter who attacked the senator admitted éneor
New discourse referent 0 1 0 1 0 1 1 0 1
Structural integration 0 0 0 0 0O O 2 0 O
Total 0 1 0 1 0o 1 3 0 1

sumed that processing the head noun of an NP that refers to a new dis-
course object consumes substantial resources, and processirgathe h
verb of a VP that refers to a new discourse event (also a discoudese re
ent) consumes substantial resources, but processing other weslsato
consume substantial resources in the discourse processing compbnent
structure building. (Gibson, 2000, 103).

The total integration cost at a word is the sum of all structural integratidarsgta
place at that word. Consider the structural integration cost metric witrece$p
the subject-object relative clause asymmetry. The subject relative dantence is
repeated here in (24) and its associated structural integration co$ s @iesented
in table 2.2.

(24) The reportelfg whg; [s g attacked the senator]] admitted the error.

In the subject-relative clause, all integrations taking place are local uatih#in
verbadmittedis processed. Each of the previous worglsorter, attackedandsena-
tor are associated with a discourse cost of 1 EU, since each of theseintvodisice
new referents in the discourse. The wadinittedis attached as the main verb for the
subjectthe reporter There is a discourse cost of 1 EU at the main verb corresponding
to the referenadmitted In addition, there is a structural integration cost associated
with integrating the main verb with the previous subject. The integration crosses
discourse referentattackedandsenator Thus, the structural integration cost at the
main verb word is 2 EUs.

Consider now the object relative clause sentence, repeated heré,imr@5ts
associated integration cost profile given in table 2.3.

(25) The reportefwho; [the senator attacked]padmitted the error.

The structural integration cost in the object relative clause differ froenstib-
ject relative clause only at the embedded vattlacked At this word, there are three
structural integrations taking place. The waitthckeds attached locally as the verb
for the subjecthe senator(0 EUs). An empty category, is integrated locally as
the object ofattacked(0 EUs). The empty catgory, is co-indexed with the pro-
nounwho. This is a non-local integration. There are two discourse refersamstor
andattacked in the intervening region. Hence, the structural integration cost at the
embedded verb is 2 EUs. The total integration costtt@ickedis 3 EUs.

In sum, structural integration cost predicts the well-established increasadn
ing time at the embedded verb in an object relative clause. Processing thisevo
guires more integration resources in an object relative clause than ijegtsgbative
clause.
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Table 2.3: Word-by-word predictions of DLT integration cost for the object-extracted RC struc-
ture in (25)

Input word
Cost type The reporter who the senator attacked admitted éneor
New discourse referent 0 1 0 0 1 1 1 0 1
Structural integration 0 0 0 0O O 2 2 0 O
Total 0 1 0 0 1 3 3 0 1

In addition to accounting for the lower complexity of subject-embedded rela-
tive clauses compared to object-extracted relative clauses, the DLTrdscfor
various processing overload effects, including the difficulty with multipleteren
embeddings, the acceptability of right- and left-branching structureghiévegaviness
effectd, various ambiguity effects and a number of other performance effettisio
cussed here.

2.5.3 The relationship between integration and storage cost

The DLT assumptions regarding the relationship between syntactic integaattbn
syntactic storage are as follows: (i) structural integration and storagssithe same
pool of memory resources; (i) there is a fixed capacity of processswurees; (iii)
each predicted syntactic head takes up a fixed quantity of resourakgivarthe
overall acceptability of a sentence is reflected by the maximal integratiort@nadjs
cost incurred during the parsing process.

Apart from storage cost and integration cost, there are additionat$sagsumed
to influence the comprehensibility of a sentence: (i) the frequency of tiealétems
being integrated, i.e processing high-frequency lexical items requirer f@sources
than the processing of low-frequency lexical items; and (ii) the conteptaakibil-
ity of the resulting structure, i.e structures representing plausible meamiqyse
fewer resources than structures representing implausible meaningsepéedency
locality theory, however, makes no further assumptions with respect te thetors.

7 Length/heaviness effects refer to the fact that linguistic constructiangiemerally easier to
process if the longer or “heavier” items occur later in the sentence.
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3 A dependency-based model for syntactic
processing

In this chapter, we detail a model for parsing a fragment of English intert#gncy-
based representations. The parsing model presented here invothekadmm-up
processing and top-down prediction of expected syntactic relations &etwerds
already seen and yet unseen words. A simple metric of working memorytload,
number of syntactic predictions associated with incomplete dependend@ssaf
an account of a number of well-established performance contrasteBsE turn
to a description of the parsing model, we first consider some generatntiexpof
dependency representations and dependency parsing.

3.1 Dependency representations and dependency
parsing

Dependency-based theories of syntax define the syntactic structaeminces in
terms of binary asymmetrical dependencies between the words of a sénfEmes,
in contrast to syntactic representations based on constituency or rastire,
there are no higher nodes (i.e. phrasal nodes) in dependency strucdudepen-
dency relation holds between two terminal nodes, of which one is the hekithan
other is the dependent. Every lexical node in a dependency structuepésident
on at most one other lexical node. There is only one node which is nendept
on any other node. The node which is not dependent on any other ésatjgrre-
ferred to as the root of the sentence. A dependency structure caefibeddas a
directed graph, where the set of nodes is given by the set of lexicatals, and the
set of arcs represent dependency relations from heads to depeidere, 2005).
Figure 3.1 shows a dependency structure for an English senteneseaf®d as a
directed graph, where each word of the sentence is labeled with its leaiegjary
and each arc labeled with a syntactic function.

Given that dependency structures can be represented as direapdd,grondi-
tions governing the well-formedness of such structures can be statedpsapn-
straintg. Thus, for example a dependency graph mustdreectedn order to pro-
vide a complete syntactic analysis of a sentence. This constraint ensatremdh
node is related to at least one other node. In addition, there are two nsicecba-
straints generally imposed on dependency graphssititgge-headconstraint and the

1For a short review of modern dependency grammar and depenpersing, the reader is referred
to Nivre (2005).

2For a more detailed discussion of dependency graphs and graphainiss the reader is referred
to Nivre (2003).
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the black cat chased a rat yesterday
Figure 3.1: Dependency graph for an English sentence

acyclicity constraint. The single-head constraint ensures that each node rxldepe
on at most one other node, while the acyclicity constraint ensures thatzple does
not contain cycles In addition to these constraints, a dependency graph mpyobe
jectivewith respect to the linear order of the words in the sentence. Informally, the
projectivity constraint ensures that if a nduis the head of another nodethen each
wordw, which occurs betwedmandd in the linear order, is a direct or indirect depen-
dent ofh. By assuming the projectivity constraint, dependency graphs with cgpssin
branches are rejected. Thus, there is a general acceptance in pastidecy-based
theories to recognize non-projective structures in order to accoudtdcontinuous
constructions, and the syntactic structure of languages with free obleamard
order.

It should be noted that although not explicitly expressed, phrase steumtaon-
stituency is still recognized in dependency representations. A phrasmstituent
in a dependency representation consists of any head and all its dickatdirect
dependents. Thus, phrase structure can be derived from the bieendency rela-
tions. The basic syntactic primitives in dependency representationsyéwee the
asymmetrical dependencies that hold between lexical items. These relatiassimp
hierarchically organized structure on the words of a sentence, sudghéhaomplete
syntactic structure can be defined as a directed graph (or rooted tree).

In order to account for syntactic structure in terms of dependency neatitois
necessary to establish criteria which distinguishes the head from dependeich
relations. Dependency relations are generally motivated by both semashsgratac-
tic criteria. Some of the criteria which have been proposed for identifyirygpiastic
dependency relation between a hd&dnd a dependerd in a constructionC is
presented below (Nivre, 2005).

1. H determines the syntactic category®and can often replade.

2. H determines the semantic category®D gives semantic specification.
3. His obligatory;D may be optional.

4. H selectdD and determines wheth@ris obligatory or optional.

5. The form ofD depends o (agreement or government).

6. The linear position ob is specified with reference td.

Mel’ Cuk (1988) makes a distinction between different linguistic levels of deperyd
relations. In particular, he recognizes three different types of adkpeesmorpho-

3There are, however, dependency frameworks that do not impessingle-head or acyclicity
constraint on the syntactic structures, &\prd GrammarHudson, 1984).
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logical, syntacticandsemantic According to MelEuk, these three different kinds of
dependencies are distinct in the structure of sentences and shoukl cmifised.

Dependency representations are generally more constrained arellassi@x-
pressive with respect to certain aspects of syntactic structure thatiteensy-based
representations (Nivre, 2005). However, while constituency reptatons are more
expressive, the more constrained dependency representatiorstgpetential ad-
vantages with respect to the parsing of natural language into suclseapsdons
(Nivre, 2005). Below, we summarize some of the arguments which have fnge
forward in support of parsing with dependency-based represemgtiased on Cov-
ington (2001) and Nivre (2005)).

e Constrained parsing problem
In contrast to constituency-based representations, the number of iode
dependency structure is fixed by the input string itself. Thus, there i®go p
tulation of additional nodes in dependency parsing. This affords ceunaigp
simpler methods for parsing.

e Correspondence to semantic interpretation
While being more constrained (and hence less expressive) than constituen
based representations, dependency representations provide\a&ehelditiect
encoding of predicate-argument structure. Thus, there is generatkych cbr-
respondence of dependency relations to the structural relations ¢haeees-
sary for semantic interpretation.

¢ Immediacy of processing
Parsing with dependency-based representations affords immediamcesp-
ing, that is, each word can (generally) be immediately integrated into the evolv-
ing representation after its occurrence in the input stream.

e Accounting for discontinuity
Given that non-projective dependency structures are allowedndepey-based
parsing affords a satisfactory treatment of languages with variable evdet,
where discontinuous syntactic constructions are more common than in lan-
guages like English.

Covington (2001) presents variations on what is referred to as aruemtal al-
gorithm for parsing natural language into dependency representati@approach
is based on a parsing algorithm originally formulated for discontinuousndkgmey
parsing. Here, free word order is considered the most generaboaseestrictions
on word order are realized by imposing additional constraints on the pessiat-
egy. The basic strategy is similar to bottom-up shift-reduce parsing forxadnee
grammars. The parsing strategy presented in Covington (2001) is deteitniinis
the sense that once a dependency relation has been established inéddsibe
part of the final structure and can not be removed. However, in dodeandle lo-
cal ambiguity, Covington recognizes a limited backtracking mechanism. The time
complexity of the deterministic parsing algorithm@$n?). The fundamental parsing
strategy assumes only a dependency grammar defined in terms of binanddapy
rules. Given any two words, the grammar should be able to determine wlaether
dependency relation can be established between these words and toy itk
is the head and which is the dependent. The fundamental left-to-rightgstiatas
follows (Covington, 2001):
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Accept words one by one starting at the beginning of the sentence, and
try linking each word as head or dependent of every previous word.

This strategy does not explicitly state in which order a head or dependsgdrnshed
for. Thus, when searching for a previous head or dependent @iutihent wordw;,

it is possible to start either from the most recently processed worg or from the
beginning of the input string. However, given that syntactic relationstiebe local,
itis concluded that the former strategy is likely to be more efficient. The maosftite
first search strategy is subsequently refined by imposing differestrednts on the
linking operation. Thus, the single-head (uniqueness) and projectiityt@int are
built into the parsing algorithm. The single-head constraint is implemented as fol-
lows: (i) when looking for dependents of the current word, do notseT words
that are already dependents of something else; (ii) when looking for #bdfehe
current word, stop after finding one head, there will not be another.projectivity
constraint is implemented as follows: (i) do not skip a potential predepéifiéme
current word, that is, either attach every consecutive precedind that is still in-
dependent, or stop searching; (ii) when searching for the head ofithent word,
consider only the previous word, its head, that word’s head, and so thie root of
the tree. In summary, the algorithm for dependency parsing presentexvingBon
(2001) provides a way to accept free word order while at the same time linéigta
a recency preference for syntactic attachments. In addition, by modifiggngnk-
ing operation, this parsing strategy can be implemented so as to produceldepg
structures which satisfy the constraintssaigle-headandprojectivity.

3.2 Predictive processing

Recent psycholinguistic evidence suggests that language comprehsraiticipa-

tory or predictive People not only process language incrementally, but also make
continuous predictions about what they expect to follow next (e.g., Kaetice,
2003a; Kamideet al, 2003b). Thus, in addition to providing sufficient information
for attaching the word being processed into the existing structure withtay, gee-
viously processed input also provides cues to linguistic properties segulent in-

put. As previously shown, retaining predictions for incomplete depengeirasso-
ciated with processing load in the storage cost component of the degrideal-

ity theory*. Accordingly, the DLT predicts that processing difficulty should inceeas
when the number of syntactic predictions increases in the structure.

Most current approaches to dependency parsing do not involvepettoy or
predictive fop-dowr) processing. For example, the parsing algorithm in Covington
(2001) reviewed above, proceeds by accepting words from left i, figst trying to
attach the current word as the head of previous words and then to ateactrtbnt
word as a dependent of a previous word. There is, however, no dtterppedict
any syntactic properties of subsequent heads or dependents folltvangurrent
word. Thus, if there is no previous node to which the current werdan attach
as dependent, no further attempt is made to identify a subsequent heatbnacl
although the possible syntactic identities of such a head may be constraitieel by
lexical properties ofv. Correspondingly, there is no attempt to identify a subsequent

4More precisely, each predicted syntactic head required to complete temcinput string as a
grammatical sentence is associated with increased working memory |daelDiT.
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dependent node for the current wavdalthough the dependent may be required and
its syntactic properties constrained by the properties.of

Here, we will detail a preliminary attempt at a parsing strategy which involves
top-down prediction of expected syntactic relations between words alsegyand
yet unseen words. We present a parsing algorithm based on Covi2§@t) which
embodies both bottom-up and top-down processing. Although the parsitgggtra
has been realized as an implemented parser, it must be emphasized thdbits per
mance has been assessed only with respect to the particular syntactigresruic
was designed to account for. Additional functions will need to be addedder to
parse a larger fragment of English appropriately.

3.2.1 Lexical constraints

The syntactic attachments considered by the parser are restricted byitiaé dex-
straints associated with each lexical item. These constraints apply duringptesg-

ing of a sentence as lexically-based predictions about the categoriesthallow

the current lexical itemv, which are in a head-dependent relationship witliven
that a dependent node generally presupposes the presence daddrenldghat a head
may require the presence of the dependent, anticipated nodes may totigmeaf
either head nodes or dependent nodes. Parsing, as construeds leepgocess of
looking up the lexical features of the current word and trying to match tleedares

to the predictions in the dependency structure built thus far. We will assulapen-
dency grammar formalism similar to Covington (2001). The formalism employed
here differs, however, from Covington (2001) in that it defidescteddependency
rules (Nivre, 2003) and distinguishes betweemplementandmodifiersof a head.

A directed dependency rule identifies the relative position, in the linear,oofle
the dependent with respect to the head. Thus, a dependency relatidricim tive
dependent precedes its head in surface syntéeftislirected while a dependency
relation in which the dependent follows its headright-directed The distinction
between complements and modifiers (or adjuncts) is central to syntactic.tideory
lexical head may imposealencyrequirements on its syntactic dependents. In partic-
ular, the lexical properties of a verbal head identiiemplementsf the verb which
are either required or syntactically permitted by the verb. Thus, complements a
valency-bound by their head. By contrast, dependents that areleatysbound by
their head are modifiers. Modifiers are generally optional dependetiie bead.

In the current formalism, each word is defined by a lexical emigythat speci-
fies the orthographic form of the word, lexical category information agréement
features of the wo&(e.g.,person, number, gender case, ténge addition, lexical
entries are anchored to lexical constraints, which are defined in termsedfod de-
pendency rules.

We define a dependency grammar as a quinttpdeC, D, F, R, where

e W is a vocabulary; a finite set of word forms;
e Cis afinite set of lexical categories;

¢ D is afinite set of dependency relations, esgbject, object, adverbial

5For expository purposes, the internal agreement features of aoedsot explictly defined in the
subsequent definition of the formalism.
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e Fis an assignment function (F : W C);

e Ris a set of dependency rules of the following form:

([HEAD, COMPLEMENT, MODIFIER, DIRECTION]), where

HEAD is the head of the rule; a lexical categ@y € C;

COMPLEMENT identifies complements ofEAD in terms of a set of fea-
ture structures of the fornffunct: Funct, cat: G], whereFuncte D and
CqeC;

MoDIFIER identifies a modifier oHEAD in terms of a feature structure
of the form:[funct: Funct, cat: G], whereFuncte D andCy € C;

DIRECTION identifies the linear position cfOMPLEMENT and MODI -
FIER with respect ttHEAD, i.e., eitheideft or right;

Thus, left-directed rules identify valency-bound and optional dependents to the
left of the head, whileight-directed rules identify valency-bound and optional de-
pendents to the right of the head.

3.2.2 A predictive strategy
The general principle which drives the parsing process is as follows:

Accept words one by one from left to right, and try attaching each word
as head or dependent of every previous word by matching the lexical
features of the current word to nodes in the dependency structure that
have been predicted but not yet lexically instantiated.

This strategy implements two main procedur&sSTACH AS HEAD andATTACH AS
DEPENDENT, respectively. Thus, for each woxd, it first tries to attachw as the
head of words read earlier and then to attacds the dependent of a previous word.
The main control procedure of the parsing algorithm is thus the same as in Cov
ington (2001). Like the strategy in Covington (2001), processing is immediat
that parsing proceeds by accepting words and attaching each word éntiepien-
dency structure as soon as there is a previous head or dependenattazzh to. In
addition, processing is predictive, such that the parser strives ticpsetbsequent
heads and dependerttsp-downas it successively encounters each word in a sen-
tence. As a result, any intermediate representation of the dependendyrstmeay
contain nodes which have been predicted but still lack lexical realizativenGhat
dependency structures lack phrasal nodes, a predicted node onlyesma syntactic
function and a lexical category (i.e., a pre-terminal category in constijuenas)
which can realize the associated function. Syntactic predictions areddrom the
lexical constraints of each succesive word encountered duringpgai$iese predic-
tions represent lexical heads or dependents that will need to be integnédethe
dependency structure at some point in the parse. When all words in thiestning
have been processed, each prediction must be resolved, which mattiheth must
be no lexically uninstantiated nodes left in the dependency structure.

To enable parsing, at least two list-based data structures are recuipedfer,
referred to as th&/M (working memory buffer, where temporary representations
of predicted nodes are retained, and a representation of the depgrstarcture
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built thus far, referred to as tHeS (dependency structureSyntactic predictions are
retained in th&VM buffer until they can be lexically instantiated and attached into the
dependency structure. In order to attach the current woad head or dependent of
a previous word, the lexical features of the current warare first matched against

a syntactic predictiorP that is part of theWM buffer. Such a match results in a
retrieval of the previously processed word which fired the predictida dthen, the
current word attaches into the dependency structure as head ordéepef this
word. Nodes in th&VM buffer are encoded as eithpredicted head nodg$HN9

or predicted dependent nodéBDNS. Each such node is a feature structure with
feature values for a syntactic relation and a lexical category which cdizedhe
syntactic relation. In addition, each such node has a featlireghose value is an
integer which identifies the linear position in the input string for the lexical item
which fired the current prediction.

3.2.3 ATTACH AS HEAD

As each word is accepted from the input its associated lexical featsrdsfiaed by
Lw, are looked up in the lexicon. The lexical category of the current wdis then
matched against the syntactic predictions that are part of the WM bufier, that
each successive occurence of a preditteddnode in the buffer that matche&,

is dropped from the buffer and lexically instantiated with the current ward;he
current word then attaches in the dependency structure as the headefitial item
identified by the value foid in the prediction. Next, the parser attempts to derive top-
down predictions about forthcoming dependents bfased on the lexical constraints
associated with the word. If the current word requires a complement tolits tigen
this prediction is shifted to the buffer. In addition, an incomplete dependstgy is
built, in which the current word is attached as the head of a dependeatwiddh is
not yet lexically realized.

Consider this procedure with respect to the processing of the gt@skdn the
sentencé¢he black cat chased a rat yesterd#@fter having processetht, there is one
node in the buffer, corresponding to a prediction of a verb as the loedlde subject
cat When the worathasedoccurs, this prediction is realized and thus dropped from
the buffer andchasedis attached as the head céit in the dependency structure.
Furthermore, the lexical constraints associated with the eleaisedicenses a hew
prediction because the verb chased requires a complement. Thus, apestaton
that corresponds to an object and a noun for realizing the object fanistighifted
to the buffer. Furthermore, an incomplete edge is built in the dependencjust,
in which chasedattaches as the lexical head of a dependent node not yet lexically
instantiated. Next, control is passed to the procedure which attempts to fimglex s
head for the word being processed.

3.2.4 ATTACH AS DEPENDENT

This procedure attempts to attach the current word as a dependentafftbeevords
previously processed. Given the restriction that every lexical nodedepandency
structure is dependent on at most one other lexical node, this precesdtomplete

as soon as a potential head for the current word is found. The lexigalres of the
current word,w, is first matched against the predictions that are part of the buffer,
such that the first occurence of a predictieghendennode in the buffer that matches
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Cw is dropped from the buffer and lexically instantiated with the current wbinis
word then attaches in the dependency structure as the dependent ofichkitem
identified by the value foid in the prediction. However, if there is no prediction
that matche<,, it may only imply that the current word is a word which has not
been predicted, e.g. a modifier. Thus it is still possible that the headi®part of
the previously processed input. In this case, a search process is inibatgdning
with the most recent iterw; _1, moving backwards through previously constructed
dependencies. Assuming that the parser only builds projective strecthesparser
utilizes the search strategy defined by Covington (2001). Thus, spesckeds by
first considering the previous word as a head, then that words’ lisatead etc,
until either a potential head is found or a node which does not dependyootizer

is found. If a head is found, then the current wards attached into the dependency
structure as a dependent of this word. This procedure is then comptétheanext
word is read from the input. If, however, no head is found in the sgamatess, the
parser attempts to predict a forthcoming head node for the current Bemuse
we are predicting &aeadnode for the current word, only left-directed dependencies
should be considered. If such a prediction is licensed by grammar, thigcpoa

is shifted to the buffer, causing an incomplete edge to be built in the depgnden
structure in which the current word attaches as the dependent of anbdadhot yet
lexically realized. However, if the grammar does not sanction such a giredithe
next word is read from the input.

Consider this procedure with respect to the processing of the btaok in the
sentencehe black cat chased a rat yesterd&yhenblackis accepted, there is only
one node in the buffer corresponding to a prediction of a head noutihdodeter-
minerthe Furthermore, search can not be initiated since no complete dependencies
have been established thus far in the dependency structure. Thuardke gittempts
to predict an upcoming head for the adjectblack Such a prediction is licensed
by the grammar, given the rule that adjectives are attributive premodifieicuns.
Consequently this prediction is shifted to the buffer and an incomplete depeynd
edge is built in whichblack attaches as dependent of a head node which has yet
to be lexically realized. When the following wort is processed, this prediction
is realized andat is instantiated as the head lofack (and also as the head of the
determinetthe) in the structure.

Now, consider this procedure with respect to the processing of thetadeod-
ifier yesterdayin the same sentence. After having processedthe buffer is empty
since all predictions associated with the words in the sentence have lsedrede
and the input stringhe black cat chased a ratonstitutes a complete grammatical
sentence. When the modifigesterdayoccurs, a most-recent-first search for its head
begins at the previous wordt. Since adverbs do not modify houns, search continues
for the head ofat. The head ofat has been established@sasedn the structure, and
because adverbs do modify vergesterdays attached as the dependentbhased
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3.2.5 Parsing algorithm

Given a list of words to be parsed, and two working ligt®ndDS

(Initialize)
M:=[; (List of syntactic predictions)
DS:=1]; (List of dependency edges)

whilethere are words remaining in the input list:
(Accept word from input)
W := the word to be processed,;
Cw := the lexical category of W,

(ATTACH AS HEAD)
for PHN := each successive predicted head nodd,n
if [funct: Funct, head: G, id: D] then
removePHN from M;
attachW as the head db; in DS
ese
terminatefor loop

(PREDICT DEPENDENTJ

if (Cw, [funct: Funct, cat: G], Mod, right) € R then
PDN := [funct: Funct, dep: G, id: Wi];
addPDN to M;
add incomplete edge to D8N, Gy, Funct, W)

end if

(ATTACH AS DEPENDENT)
for PDN := each successive predicted dependent nodig in
if [funct: Funct, dep: G, id: H;] then
removePDN from M;
attachW as dependent df;;
terminatefor loop

else (Search for the head &% in DS)
H := the word immediately precediny in the input string;
Ch := the lexical category of H;
loop
if (Cn, Comp, [funct: F, cat: G], right) € R then
attachW as dependent dfl in DS;
terminate the loop
if H is independenthen
terminate the loop;
elseH :=the head oH
end loop;

(PREDICT HEAD)
dseif
(Ch, Comp, [funct: Funct, cat: ], left) € R
or
(Ch, [funct: Funct, cat: G], Mod, left) e R
then
PHN := [funct: Funct, head: G, id: W;];
addPHN to M;
add incomplete edge to D&y, W, Funct, W);
end while
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3.2.6 Parsing illustration

Figure 3.2 illustrates the word-by-word parse sequence for the sertemndlack
cat chased the rat yesterdaVhe figure illustrates the partial syntactic dependency
structure built after each respective word has been input and gexteds shown,
parsing proceeds incrementally, i.e. each new word is integrated into théngvo
dependency representation as soon as it occurs in the input streamerfmantd,
the parser attempts to establish as much structure as possible at eachatarsg s
predicting, top-down, expected syntactic relations and lexical categehies can
realize the associated syntactic relation. In the figure below, we use adrarades
that are predicted but not yet found.

SPEC
SPEC ATT
det nn det adj nn
1) the (2)  the black
SPEC SPEC
ATT | SUB IATTMSUBHB_BT]
det adj nn vb det adi nn vb nn
(3) the black cat 4) the black cat chased
SPEC OBJ SPEC OBJ
ATT | SUB ?EET ATT | SUB ?ng
det adj nn vb det nn det adf nn vb det nn
(5) the black cat chased a (6) the black cat chased a rat
ADVMOD
SPEC OBJ

det adj nn vb det nn adv
(7) the black cat chased a rat yesterday

Figure 3.2: lllustration of the word-by-word parse sequence for an English sentence

3.3 Storage profiles

The assumption that working memory load increases for each syntactictmed
associated with an incomplete dependency relation affords a simple exphefwatio
many processing contrasts in human sentence parsing. In this sectioowvthah(i)
the parsing algorithm presented above is asymmetrical with respect to ragitHing
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and center-embedded structures, and that (ii) the parsing algorithmatesa higher
storage cost with object-relative clause structures than subject-redtdivee struc-
tures. Given that center-embedded structures require more stossgeaes than
right-branching structures, it follows that object-relative clause strastvequire
more resources than subject-relative clause structures. Howe\es,®ith pairs of
syntactic structures are fregently discussed in the literature, we prdoigee pro-
files for each of the respective structures.

A few things should be noted about the structural dependency anadgsimad
here. Syntactic dependencies take precedence over semantic depesn@del’ cuk,
1988). With respect to relative clauses this means that a relative pratepends
on the main verb of the relative clause rather than on the subject of the magecla
The embedded verb is the head of the relative clause, which in turn departte
nominal element it modifies. Sentence processing, however, also indotkasy
pronouns to their appropriate antecedents during the incremental simgovéithe
input. Thus, there is also a semantic dependency relation between a ngtatieein
and its antecedent not taken into account here. Furthermore, we @sswhe that
there are any empty category positions to be associated with extractederelativ
nouns in the syntactic representations. Instead, we follow Pickering amy @991)
and assume a processing account according to which thedrechassociatiorbe-
tween an extracted pronominal element and its verbalhead

3.3.1 Right-branching structures

Table 3.1: Word-by-word predictions of storage cost for a right-branching structure

Syntactic Input word
Prediction

The senator met the man who attacked the reporter who ¢

Subject 1 R

Object 1 R

Spec 1 R 1 R 1 R

RC; verb 1 R

RC; object 1 R

RGC; verb 1 R

Total cost 1 1 1 2 0 1 1 2 0 1 0

Consider the storage cost profile for the right-branching sentence Ian 3ab
The storage cost upon processing the first wheds 1, corresponding to the predic-
tion of a head noun for the determiner. This prediction is realized when Ktevoed
senatoris processed. At this parse state a new prediction is built, corresponding to
verb for the subjectenator Thus, the storage costis 1 also at the second word. Next,
the verbmetis processed and attached as head for the suddeeitor Since the verb
metrequires a complement, a new prediction is stored at this point. Processing the
next wordtheresults in an additional prediction corresponding to a head noun for the
determiner. Thus, there is a storage cost of 2 at this point. At the followdng,rboth
predictions are resolved and storage cost is reduced to 0. When thelfitive pro-
nounwhooccurs, a new prediction corresponding to a verb is stored. The roegt w

6See Pickering and Barry (1991) for a sentence processing acabiott does not rely on empty
categories. See also Pickering and Barry (1991) for initial evidendesthpty category positions do
not have any psychologically real status.
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Table 3.2: Word-by-word predictions of storage cost for a double center-embedded structure

Syntactic Input word
Prediction

The reporter who the man who the senator met attacked

Subject 1 R
Spec 1 R 1 R 1 R

RC; verb 1 R

RC; subject 1 R

RC; verb 1 R

RGC; subject 1 R

Total cost 1 1 2 3 3 4 5 5 3 1 0

attackedrealizes this prediction. However, the vexttackedrequires a complement.
When the following two wordsheandreporterhave been processed storage cost is
reduced to 0 again. The following pronoun requires a verb. This gredis realized
upon processing the last wostept The total storage load remains very low during
the course of processing the right-branching structure. There aee mere than two
open predictions at any point in processing the structure.

3.3.2 Double center-embedding

The corresponding center-embedded structure of the right-branstnirgjure above
is presented in table 3.2. As this table illustrates, there is a considerably bigher
age cost associated with processing the center-embedded struchasidualar, after
processing each noun and relative pronoun there are correpguraidigtions for (i)
a verb for a subject and (ii) a verb for the relative pronoun. Thislt®Bsuan increase
of verbal predictions which are not beginning to be resolved until thevierh met
is encountered. The maximal point of storage cost occurs at the mostidathsub-
jectsenatorand its preceding specifigne After having processed the wosénator
there are five verbal predictions corresponding to three verbs ¢hr@aceding sub-
ject, and two verbs for each of the preceding relative pronouns.

3.3.3 Subject- and object-relative clauses

The syntactic dependency representations for the subject- and aliggoter clause
sentences in (26) and (27) are presented in figure 3.3 and 3.4, tieslyec

(26) The reporter who attacked the senator admitted the error

(27) The reporter who the senator attacked admitted the error

The storage cost profile for the subject relative clause is presentedlen3a.
At the point of processing the first relative pronowmo, storage cost is incremented
to 2 because here not only must the parser store the prediction of a maiforére
subjectreporter, but also the prediction of a verb for the relative clause. When the
verbattackedoccurs next, the most recent of these predictions are realized. However
at this point an additional prediction corresponding to an object for theedddu
verb attackedis stored, resulting in a total storage cost of 2. When the determiner
the occurs next, the parser stores an additional prediction of a head nouhef
determiner. When the worgknatoris processed next, it resolves the predictions of a
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SUB
REL OBJ OBJ
P
SPEC

s | I O

the reporterwho attackedthe senatoradmitted theerror
Figure 3.3: Dependency graph for the subject RC sentence in (26)

SUB
REL
OBJ OBJ
SPEC J SPEC SUB SPEC
[ I ﬁ!

the reporterwho the senatorattackedadmitted theerror
Figure 3.4: Dependency graph for the object RC sentence in (27)

Table 3.3: Word-by-word predictions of storage cost for the subject RC structure in (26)

Syntactic Input word
Prediction

The reporter who attacked the senator admitted the €

Subject (verb) 1 R

Object (noun) 1 R
Det (noun) 1 R 1 R 1 R
RC verb 1 R

RC object (noun) 1 R

Total cost 1 1 2 2 3 1 1 2 0

complement for the embedded verb and a head noun for the specifiey.stdnage
cost is reduced to 1 aenatorsince there is only one prediction left at this point.
The remaining prediction corresponds to a main verb for the sulgpotter. This
prediction is realized upon processing the next wadinitted The verbadmitted
requires an object. This prediction is resolved at the point of procegsirigst word.

The predictions associated with processing the object relative clausé)iar@
presented in table 3.4. The computations differ from the subject relativeeclanly
with repect to the relative clause. When the determiherof the relative clause is
processed, the parser makes a prediction corresponding to a heafibntiis word.

In addition, the parser already maintains two predictions correspondingeidodor
the relative pronoun and a main verb for the subject. Thus, there is gestooat of
3 at the point of processing this word. When the next wsedatoroccurs, the most
recently stored prediction is resolved. However, a new predictiongmoraling to a
verb is now stored. The storage cost thus remains at 3 here.

There is a relatively low storage cost associated with processing bojgcsub
and object-relative clause sentences. However, processing thetsggdive clause
in (26) requires maintaining one less incomplete prediction than the processing
the object-relative clause sentence in (27).
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Table 3.4: Word-by-word predictions of storage cost for the object RC structure in (27)

Syntactic Input word
Prediction
The reporter who the senator attacked admitted the e
Subject (verb) 1 R
Object (noun) 1 R
Det (noun) 1 R 1 R 1 R
RC verb 1 R
RC subject (verb) R
Total cost 1 1 2 3 3 1 2 0
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4 WWorking memory retrieval

Thus far, we have only considered working memory load as a functioreafumber
of syntactic predictions retained at each word in the processing of a sentéfe
have not associated any processing effort with performing struétuegjrations, i.e.
we have not associated any working memory resources with what thedkpzy
locality theory refers to as structural integration cost. To perform an riatieg in

the current parsing model, it is generally necessary to first match theocatfghe

current word with a syntactic prediction that is part of the predictions helgiking

memory. This match then reactivates the lexical head/dependent assodthtéte

syntactic prediction. In this chapter we turn to consider how structuralrimieg

cost is realized in the current model of sentence parsing.

4.1 Discourse-based activation decay

According to the dependency locality theory, processing resoureaquired not
only for maintaining temporary predictions associated with incomplete dependen
cies, but also for integrating new words into the structure built thus famated
previously, reading times are assumed to be reflected most directly by theistfu
integration processes involved in sentence parsing. The DLT strudhbegration
cost is adistance-based casThe greater the distance between the current word
and a previous head or dependent to whichttaches in the structure, the greater
the integration cost. The reading time at a particular weid assumed to increase
with the linear distance betweanand an associated head or dependent previously
processed. In particular, the difficulty of integrating a new wagdas head or de-
pendent of a previous wongh is proportional to the number of discourse referents
introduced sinc&v; was last processed. The total integration cost at a word is the sum
of all structural integrations taking place at that word. Distance effedaniguage
comprehension, according to Gibson (2000), could be a reflectionnafrglecogni-
tive constraints on serialized information processing. In particular, distaffects in
sentence parsing might be explained in termaativation decayGibson, 2000).

In an activation-driven model of sentence comprehension, eacksenation of
a lexical element in working memory has an associated activation level tbaysle
over time as additional words are input and integrated into the syntactic s&uctu
The activation level of a word at a particular point in the processing @&gesce
determines its accessability for retrieval. Integrating a new lexical item ak drea
dependent of a previous item necessitates a working memory retrievainaf iep-
resentation of the item which occurred first in the linear order of the dkyay
relation. In an activation-driven framework, retrieving a previouslycessed item
requires reactivating that item to a target threshold of activation. Sinserdegnt
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words will generally be less highly activated than more recent wordsuseaa de-
cay, less recent words will be more difficult to reactivate and thus haodetrieve
for additional attachments in the syntactic structure. As noted before, peeadency
locality theory assumes that considerable cognitive effort is involved iidibg a

representation for a new discourse referent. Because of the limitedtgudmctiva-

tion in the system, it is assumed that expending this effort causes subsiactai
in the activations associated with preceding lexical items (Gibson, 1998).

The structural integration cost metric, however, is a general chazatten of
the demands different sentence structures place on memory resalaiesd with-
out reference to activation decay of working memory representatiomsce{ the
structural integration cost metric is defined without reference to the morerajen
memory process which is potentially the primary cause for distance effecenin s
tence parsing. In the computational model presented here, we provickplanatory
account of structural integration cost which instead relies directly odise-based
activation decay in accounting for distance effects in human sentensigafrhe
simplified assumptions we make with respect to dicourse-based activatayides
follows. We assume that the activation level of a wakdat the point of processing
any subsequent wong . 1. ..Wp, is in part a function of the number of discourse ref-
erents that have been introduced singgvas processed, such that for each discourse
referent followingw; in the input string, there is an associated decrement of activation
at wordw;. The motivation for this assumption is, again, that building a structure for
a new discourse referemt, requires the allocation of substantial memory resources,
resulting in decreased activations for the lexical items preceding thentwoedw;.
Furthermore, we assume that the lexical activation of a wodgcays as new words
are introduced and integrated into the dependency structolesshe new words are
also involved in a head-dependent relation witHf some intermediate word is also
involved in a head-dependent relation with then the lexical activation of/ will
be reactivated to its target threshold, so that a subsequent retrievakitifbe less
difficult than if the intermediate word were not involved in a head-depeneéation
with w. The difficulty of retrieving a previous head or dependent is determipdiadb
amount of processing resources needed to reactivate the item-ttribeeekfrom its
current level of activation to the target level of activation. In the aurreodel, this
processing effort is simply a reflection of the number of discourseanfethat have
been processed since the item was last highly activated. As a new disceterent
is introduced in the input, it is given an initial level of activation set to 1.0, Whic
also serves as the target threshold of activation in the current modeiiditioa,
the introduction of a new discourse referent results in a correspoddicrgment of
activation set to 0.1 at each preceding verb, nominal and pronominal ret.efoe
simplicity, we will initially associate activation decay only with verbs, arguments of
verbs and pronominal elements. Thus, activation decay will not be tedlet any
other words in the model.

Now, construed in this way, we can consider the discourse-basedtamtidecay
process as a lower level realization of the DLT structural integrationroestic. In
subsequent sections we shall see how the above assumptions apply omiheta-
tional model so as to provide predictions of processing difficulty in acuord with
experimental data.
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Table 4.1: Word-by-word predictions of retrieval cost for the subject RC structure in (28)

Reactivation

0.1 error
the
0.3 admitted 0.9
0.1 senator 0.9 0.8
the
0.1 attacked 0.9 0.8 0.7
0.0 who 0.9 0.8 0.7 0.6
reporter 1.0 0.9 0.8 0.7 0.6
The
Decay
Retrieval 0.0 0.0 0.0 0.1 0.0 0.1 0.3 0.0 0.1

cost

4.2 Retrieval profiles

In this section we show how discourse-based activation decay canradooa num-
ber of sentence processing contrasts. Our first example concerperfioemance
asymmetry between subject- and object-relative clauses. In this first &xawg
also establish the retrieval cost notation to be used in all examples in thisichapte

4.2.1 Subject- and object-relative clauses

Consider the retrieval cost profile for the subject RC sentence in ((2&8ented in
table 4.1.

(28) The reporter who attacked the senator admitted the error

The numbers below the words in the sentence illustrate the activation decay
process for each word (except determiners) in a given row read let to right.
Here, we read off the level of activation of some word at the point of@ssing any
subsequent word. For example, the current level of activation of thd ieporterat
the point of processing the woatimittedis 0.7. This assumption is accounted for
as follows. The first discourse referent followingporter in the input string isat-
tacked Thus there is a corresponding decrement of activatioepairterat the point
of processingattacked The next discourse referent followirggtackedis senator
Hence, there is an additional decrement of activatiorepbrter also at this point.
Next, the wordadmittedoccurs. Since verbs are also discourse referents according
to the DLT, processing this word causes an additional decrement ch@atiatre-
porter. Now, given that the initial level of activation for a word is set to 1.0 and tha
each decrement of activation is set to 0.1, the activation lewalpafrter at the point
of processingadmittedis 0.7. The numbers above the words in the sentence reveal
the amount of activation needed to reactivate the word inabltmnfrom its cur-
rent level of activation to the target threshold, at the words/ where the parser
establishes dependency relations. For example, at the point of pracéss word
admitted the parser must establish a dependency relation between the verb and the
subjectreporter. Thus, processing the woedimittedrequires retrieving the previous
word reporter. The retrieval cost associated with reactivatiagorteris easily read
off from the table. The activation level aéporterat the point of processirgdmitted
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Table 4.2: Word-by-word predictions of retrieval cost for the object RC structure in (29)

Reactivation

0.1 error
the
0.3 admitted 0.9
0.2 0.1 attacked 0.9 0.8
senator 0.9 0.8 0.7
the
0.0 who 0.9 0.8 0.7 0.6
reporter 1.0 0.9 0.8 0.7 0.6
The
Decay
Retrieval 0.0 0.0 0.0 0.0 0.0 0.3 0.3 0.0 0.1

cost

is established as 0.7. Thus, the retrieval cost for reactivaéipgrter to the target
threshold is 0.3, given that the target threshold level is set to 1.0. Thevedtcosts
at each word in the sentence are presented in the last row of the tablesUveeathat
the total retrieval cost at any word is the sum of all retrievals that takes @athat
word. The maximal retrieval cost in processing the subject relative elsestence
occurs at the processing of the main veudmitted The total retrieval cost at this
word is 0.3.

Now consider the retrieval cost profile for the object RC sentence i) (26-
sented in table 4.2.

(29) The reporter who the senator attacked admitted the error

There are no retrieval costs associated with processing the first figks wbhis
does not imply, however, that there is no processing effort involvedigipg this
region of the sentence. Instead, it is a consequence of the fact tratrtipitational
model has separated the processing resources needed for retagungplete de-
pendencies in working memory, from the processing resources néadestrieval
of previously processed items. For example, at the point of processenfpnth
word, the, the parser maintains three predictions. These predictions correspand to
verb for the subjecteporter, a verb for the relative pronowwho and a head noun
for the determinethe Now, however, we focus on the retrieval resources needed for
integration of new words into the dependency structure built thus far. é\ptint
of processing the embedded vettacked both the previous relative pronouvho
and the most recent wosgnatormust be retrieved and attached into the dependency
representation. At the point of processing the embedded attaloked the activa-
tion level ofwhois 0.8. Thus, there is a cost of 0.2 for reactivatimigo to the target
threshold. The current level of activation of the waghatorwhen processing the
embedded verhttackedis 0.9. Thus, retrievingenatoris associated with a cost of
0.1. Adding both retrievals taking place at the embedded a#drkedgives a to-
tal retrieval cost of 0.3. at this word. The retrieval cost associated intiggrating
the main vertadmittedinto the dependency structure is the same as for the subject
relative clause, i.e. 0.3.

In summary, the discourse-based decay model detailed here makes tiae follo
ing predictions with respect to actual reading times for subject- and olgkative
clause structures. Reading times for the subject relative clause seaterfest and
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Table 4.3: Word-by-word predictions of retrieval cost for the right-branching structure in (30)

Reactivation

0.1 died
0.0 who 0.9
0.1 reporter 1.0 0.9

the
0.1 attacked 0.9 0.8
0.0 who 0.9 0.8 0.7
0.1 senator 1.0 0.9 0.8 0.7

the

0.1 met 0.9 0.8 0.7 0.6
John 0.9 0.8 0.7 0.6 0.5
Decay
Retrieval 0.0 0.1 00 0.1 0.0 0.1 0.0 0.1 0.0 0.1

cost

do not increase much except at the main wegiorter. In contrast, reading times for
the object relative clause are relatively fast for the first five wordsy tlow both
on the embedded verdittackedand the main verladmittedand then fast again on
the last word. These predictions fit the available on-line experimental datad
processing of both kinds of structures (see e.g. Gibson (1998), G{2600), Just
and Carpenter (1992)). In addition, Nilsson (2005) compared DLT&tral integra-
tion costs to actual reading times in a self-paced reading study of Swethshiee
clause processing. The results of this study are also consistent withettlietppms
above, thus lending additional cross-linguistic support for the disecbamsed acti-
vation decay model presented here.

4.2.2 Right-branching structures

Any computational model that attempts to account for reading times in syntactically
complex structures must also account for the processing efficiencacaegtability

of simple sentence structures such as deep right-branching strutttisresucial that

the model does not predict any dramatic increase in reading times fortsuctuees.

We confirm that there are no such increases predicted for righttiranstructures

in the current model. The retrieval cost profile for the right-branchemgence in

(30) is presented in table 4.3 above.

(30) John met the senator who attacked the reporter who died

The acceptability of right-branching structures such as (30) is acabimtde-
cause the retrieval costs remain very low at each word in the proceskitig o
sentence. Retrieval costs do not exceed 0.1. at any parse state.tAdasirrent
activation-driven parsing model provides the following explanation ferabcept-
ability of right branching structures. Building a structural representdtioa right-
branching structure requires reactivating lexical items whose leveltivh&on has
decayed minimally by the time they are retrieved and integrated into the depgndenc
representation.
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Table 4.4: Word-by-word predictions of retrieval cost for the double center-embedded struc-
ture in (31)

Reactivation

0.5 died

0.4 0.3 attacked 0.9

0.2 0.1 met 0.9 0.8

John 0.9 0.8 0.7

0.0 who 0.9 0.8 0.7 0.6

senator 0.9 0.8 0.7 0.6

the
0.0 who 0.9 0.8 0.7 0.6 0.5
reporter 0.9 0.8 0.7 0.6 0.5
The

Decay
Retrieval 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.3 0.7 0.5

cost

4.2.3 Double center-embedding

We now consider the severe processing difficulty of double center-daeldeaelative
clause structures. The retrieval cost profile for the double centerdaabesentence
in (31) is presented in table 4.4.

(31) # The reporter who the senator who John met attacked died

The profile reveals that the retrieval costs at the verbs are exceptidigttlyin
particular, the total retrieval cost at the vaatiackedis 0.7. Thus, it is extremely
difficult to perform the necessary structural integrations at this wdnd. associated
working memory retrievals taking place at this word are as follows. The senator
must be established as the subject of the adtdicked The activation level ofenator
at the point of processirggtackeds 0.7. Thus, reactivatingenatoris associated with
a cost of 0.3. In addition, the relative pronowho of the first embedded clause must
also be retrieved and integrated into the dependency structureattétked The
lexical activation of the wordvhoat the point of processing the vealtackedis 0.6.
Thus, there is an additional retrieval cost at the verb of 4.0. Addingfedtievals at
attackedresults in a total retrieval cost of 0.7.

In short, the model predicts the unaccaptability of these structures. Tieeaje
explanation provided here is as follows. Building a complete structurag¢septa-
tion for a double center embedded structure requires reactivating |éeice whose
activation level has decayed substantially by the time they must be retriedad-an
tegrated into the dependency structure.

4.2.4 Embedded pronominal subject in double center
embedding

One interesting processing contrast with respect to double center eetbstidc-
tures is the relative lack of complexity in sentences such as (32) andd¢88)aced
to sentences such as (34).

(32) A book that some Italian thathave never heard of wrote will be published
soon by MIT Press. (Frank, 1992)
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Table 4.5: Word-by-word predictions of retrieval cost for the double center-embedded struc-
ture in (35)

Reactivation

0.4 died
0.3 0.2 attacked 0.9
0.1 0.1 met 0.9 0.8
| 09 0.8 0.7
0.0 who 0.9 0.8 0.7
senator 1.0 0.9 0.8 0.7
the
0.0 who 0.9 0.8 0.7 0.6
reporter 1.0 0.9 0.8 0.7 0.6
The
Decay
Retrieval 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.2 0.5 0.4

cost

(33) The reporter who the senator wiaumet attacked died.

(34) # The reporter who the senator whmhnmet attacked died.

When the most embedded subject of a nested relative clause structureois a p
noun, the structure is somewhat easier to process. A study by WarceGian
son (2000) confirmed that double center embedded structures contaifinsty or
second-person pronoun as the most embedded subject are peasesigdificantly
easier to comprehend than the same structures containing a proper ndmsssuc
John or a definite desciption such #w professagras the most embedded subject.
It should be noted that this contrast can not not explained by the nurfberoon-
plete dependencies or predictions retained in working memory. The seniar{88)
and (34) have the same syntactic dependency representation and titais toe
same number of incomplete dependencies at any point. Yet, the senten&g is (3
percieved as easier to process.

This processing contrast, however, is accounted for by the DLT stalatbegra-
tion cost metric and the discourse-based activation decay metric detaiteEivere
first- and second-person pronouns, according to the DLT, denetengs which are
already implicitly present in the current discourse, less resourcesguied in order
to perform structural integrations across such pronouns.

Consider the retrieval cost profile for the double center embeddednsenie
(35) presented in table 4.5.

(35) The reporter who the senator who | met attacked died

During the course of processing this sentence it is necessary torpghfersame
working memory retrievals as in processing the previous center embeddthee
in (31). For instance, when the vealtackedoccurs, both the nousenatorand the
pronounwho of the first embedded relative clause must be reactivated to the target
threshold level. However, these memory retrievals are less difficult in thtercem-
bedded structure which contains a pronoun as the most embedded sobjecise
the wordssenatorandwho have decayed less than at the same point in processing
(31). The maximal retrieval cost in (35) is 0.5 and occurs at the attdrked The
maximal retrieval cost in (31) occurs at the same word but instead atievedtrost
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Table 4.6: Word-by-word predictions of retrieval cost for the sentence in (36). Local attachment
reading

Reactivation

0.1 yesterday
0.1 country 0.9
the
0.2 0.1 left 0.9 0.9
detective 0.9 0.8 0.7
the
0.1 said 0.9 0.8 0.9 0.8
reporter 0.9 0.8 0.7 0.6 0.5
The

Decay

Retrieval 0.0 0.0 0.1 0.0 0.0 0.3 0.0 01 0.1

cost

of 0.7. Hence, it takes less resources to reactivate the vgertstorandwhoin (35)
compared to (31).

In sum, the current model accounts for the processing contrast aggoRoocess-
ing a double center embedded structure containing a first- or secosé¢ngaonoun
as the most embedded subject requires reactivating items whose activatioinde
decayed to a less extent by the time they must be retrieved, compared tola doub
center embedded structure which does not contain any first- or s@&vadn pro-
nouns. Thus center embedded structures with an embedded prononhijeat sue
perceived as easier to comprehend.

4.2.5 Recency effects in structural ambiguity resolution

Distance effects are reflected not only in the processing of unambigiuesures,
but also in the processing of ambiguous structures. In this section we tconsaler
the predictions that the discourse-based activation decay model makasiséd as
part of a metric in structural ambiguity resolution.

All other things being equal, the human sentence processing systemspefe
attach an ambiguous modifier to the most recent possible site in the structure (e.g
Frazier 1978). Thus, for example the sentence in (36) below is assbeidte a
strongly preferred local reading.

(36) The bartender said the detective left the country yesterday.

In (36), the adverbial modifigresterdaycan attach either to the most local verb
left or to the more distant verbaid There is a strong preference, however, to at-
tach yesterdayto the most recent verleft. According to the dependency locality
theory, such locality preferences occur because they keep the distmibfiworking
memory resources at a minimum during each stage in processing. Thugnike s
mechanisms that determine the processing difficulty of a sentence also deflinen
resolution of structural ambiguities:

Ambiguity resolution hypothegi&ibson, 2000, 115)
In choosing among ambiguous structures, two of the factors that the
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Table 4.7: Word-by-word predictions of retrieval cost for the sentence in (36). Non-local at-
tachment reading

Reactivation

0.2 yesterday
0.1 country 0.9
the
0.2 0.1 left 0.9 0.9
detective 0.9 0.8 0.7
the
0.1 said 0.9 0.8 0.9 0.8
reporter 0.9 0.8 0.7 0.6 0.5
The

Decay

Retrieval 0.0 0.0 0.1 0.0 0.0 0.3 0.0 01 0.2

cost

processor uses to evaluate its choises are DLT storage and structural in
tegration cost (in addition to informational constraints, such as lexical
frequencies, plausibility, and context.).

Locality preferences in ambiguous structures are accounted for in theibder
the assumption that the human sentence processing system follows thenigdsxco
structure in terms of structural integration and storage cost. Discoasssacti-
vation decay provides an explanation for the preferred reading in (28)sider the
retrieval cost profiles for each reading of (36), presented in tablenti@l.7. The two
profiles differ only with respect to the retrieval cost at the last wasterdayIn the
local attachment reading wheyesterdaymodifiesleft, the cost for retrievindeft is
0.1. In the non-local attachment reading wheesterdaymodifiessaid, the cost for
retrievingsaidis 0.2. In this discourse-based activation decay framework, the local
attachment is preferred because it takes less resources to reactvateleft since
it occurred more locally in the input string and its activation level has detbyss
than that of the verkaid

36



5 Implementation

The computational model of working memory load in sentence processiagniesl

in this thesis has been realized as an implemented system which is freely aviailable
research and educational purpds@se system is designed to recover dependency-
based representations of sentence structure and to provide detaitictipns of
working memory load at each word as a sentence is incrementally procéssesl

the general task of the system is to map the linguistic complexity of sentence struc
ture to relative comprehension times in reading. Each sentence is assigleed a
pendency representation and a profile which details the processing demsso-
ciated with building a structure for it. This profile can be compared to empirical
data such as reading-time data. The system implements the parsing algoritlom in se
tion 3.2.5 above. In addition, each structure building parser operatiorhwiaices-
sitates a retrieval of a previous lexical node is associated with a retriesal The
retrieval process is implemented in accordance with the discourse-basedian-
decay principles reviewed in chapter 4.

A fully functional parser must specify mechanisms for handling local léxica
and structural ambiguity. We have not detailed any specific strategy &indevith
ambiguity, in part due to the fact that our focus is on working memory peases
in sentences independent of ambiguity. In the present implementation werrely o
backtracking in order to resolve local ambiguities.

The system has been implemented in such a way as to facilitate the understand-
ing of the procedures involved. This means that there is a relatively higteeef
transparency between the computational model presented here antutiledatails
of the implementation.

IURL: http://stp.lingfil.uu. se/"tias
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6 Summary

This work presented a computational model of working memory load in real-time
sentence processing that accounts for a number of well-establishetiogerfor-
mance effects. The model is based upon the assumption that there aiegwoeim-
ory demands in on-line comprehension associated with both storage of iletemp
syntactic structure and integration of new lexical input into the structure thui
far. This assumption is in accordance with a recent sentence proctssony - the
dependency locality theory -, as well as with recent conceptions ofingprkemory
load in other cognitive information processing tasks. The model presbetechas
been realized as an implemented system for sentence parsing which yieldisdde
predictions of word-by-word processing difficulty and on-line readinges. We re-
stricted ourselves to consider a small set of linguistic structures, for whesk are
substantial experimental evidence of particular processing effecthiawée shown
that the model is successful in accounting for the processing effesisiated with
these structures. In particular, the implementation accounts for the followeirigrp
mance effects:

1. The processing asymmetry between subject- and object- relative slause
tures

2. The unacceptabilty of multiply center-embedded relative clause stracture

3. The lower complexity of multiply embedded structures with pronominals in
the most embedded subject position

4. The acceptability of right- and left-branching structures
5. Recency effects in ambiguous structures.

In contrast to current sentence processing theories which rely asg@btructure
representations, we presented a parsing model where the basic syrdktians
necessary for interpretation are established directly as asymmetricalddemmy re-
lations between lexical nodes. Thus, the parser produces depgriuBsed repre-
sentations of syntactic structure. These representations can be dafimccted
acyclic graphs. We presented a parsing algorithm for parsing a fragrh&mglish
into such representations. The algorithm was motivated by a concern tpanate
a predictive component into the parsing procedure. The resulting algoistdriven
by both bottom-up and top-down processing and reflects both the incrdraedta
predictive nature of human sentence processing. A simple metric of wonhémg-
ory load, the number of predicted heads and dependents associatedowitiplate
dependencies, were shown to account for a number of performéfietese Thus,
in accordance with the dependency locality theory, the parsing modatiw dlaat
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processing difficulty increases when the number of syntactic predictiamed in
working memory increases.

Structural integration cost is of particular relevance to a computational Imode
that aims to make strong testable predictions of processing load, as it isssaioo
reflect reading times most directly. The sentence processing modehfgeésere im-
plements a novel formulation of structural integration cost which affondscaount
of the retrieval processes which give rise to integration costs in senpeacessing.
This account is defined in terms of activation-decay, a cognitive pringgherally
assumed to influence any serialized information processing task. Theltffi re-
trieving a previously processed head or dependent ngde order to attach it in the
structure with the current lexical node, depends on the current level of activation
of n;. The current level of activation of; is a decreasing function of the number of
discourse referents which have been processed since it was ldstditirated. The
more discourse referents which have been introduced in the interim, thiethoac-
tivation level ofn;, and as a result, the higher the cost for retrieving it and attaching
it into the structure with the current node.

In addition to accounting for behavioral data on the linguistic structuresid¢on
ered in this thesis, the implemented model lends an opportunity to further intestiga
its predictions with respect to other linguistic structures. If these predictemain
consistent with experimental evidence such as reading time data, then thetaemp
tional model presented here may provide additional support in articulatingdlys
in which working memory constrains the efficiency of sentence proces&isguch,
it will have implications for psycholinguistic research as well as for natargguage
engineering.
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